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Chapter 1 

Introduction 

1.1 Research motivation 

Logistic activities and freight transport form the backbone of the trade in goods within the 

international economy. The performance of traffic networks determines the waiting times, 

handling times and travel times in the network and thus has a significant economic impact 

(Tavasszy and Reis, 2021, De Jong et al., 2014). There is a lack of research, however, regarding 

how logistics and freight transport activities interact with a highly dynamic traffic system, 

where travel times are continuously changing. This research aims to unravel this interaction by 

considering the spatial and temporal dynamics of both systems.  

 

This doctoral research is part of the ToGRIP-Grip on Freight Trips project. The project is 

funded by the Dutch Research Council (Nederlandse organisatie voor Wetenschappelijk 

Onderzoek or NWO)1 with as overall objective: “To develop a data-driven integrated traffic 

and logistics model that can be used to design interventions (executed by the Port, Road, and 

other authorities) to combat travel time unreliability and to improve logistics operations.”- 

Snelder (2016). ToGRIP is based on two pillars: pre-trip and on-trip decisions of carriers. These 

two pillars are spread over four work packages: empirical analysis; integrated traffic and 

logistics model; interventions and knowledge utilization; and project management. This 

research fits in the first pillar and concerns the pre-trip decisions of carriers. The second pillar 

is studied by Salil Sharma as a part of his doctoral research.  

 

This chapter provides an introduction to the research by first scoping the research area and 

background to identify research gaps. Then, we formulate our main research question followed 

by research methodology and subquestions. Next is an expression of our scientific and societal 

contributions and finally, we outline the structure of this book.   

  

                                                        
1 grant number 628.009.001 
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1.2 Scoping and background  

In a logistics system, ports play a vital role as linking pins within international and national 

supply chains. The port of Rotterdam as the largest port in Europe facilitates the needs of the 

hinterland to hundreds of millions of consumers all over Europe. Transporting containerized 

freight from port to hinterland and hinterland to port is the outcome of decisions of different 

decision-makers whose characteristics and activities change across time and space. Many of 

these decisions will have an impact on freight flow patterns. Subsequently, truck movements 

through transport networks represent these freight flow patterns. Whereas these trips can have 

a large impact on parts of the road network by contributing to congestion, road network 

performance can also affect trip-related logistics decisions (see Figure 1-1). The overall scope 

of our focus in this research will be on these decisions, in the context of freight flows, truck 

movement, and road network performance.  

 

 

Figure 1-1:Impact cycle from logistics decisions to road network performance 

Given the impact cycle represented in Figure 1-1, it is difficult to predict tactical-level logistics 

reorganization responses to changes in the performance of the road network. These 

reorganization responses are driven by many logistics decisions. A comprehensive framework 

for logistics decisions is presented by Langevin and Riopel (2005). Long-term structural 

decisions are related to investments physical facilities and communication networks while 

operational level decisions relate to demand forecasting, inventory management, production, 

supply management, transportation, product packaging, material handling, warehousing and 

order processing. Each of these decision categories consists of many sub-decisions, leading to 

an impressive number of 48 logistics decisions. The complexity of this set of decisions is 

daunting. The transportation category consists of 8 sub decisions: (1) transportation modes (2) 

types of carriers (3) carriers selection  (4) degree of consolidation (5) transportation fleet mix 

(6) assignment of the customer to vehicles (7) vehicle routing and scheduling and (8) vehicle 

load plans. 

 

In this thesis, we focus on one specific decision from this set. From the above, the routing and 

scheduling decisions (7) have the most direct and tractable impact on the contribution of freight 

to traffic flows. The reason is that these decisions mainly relate to the tour planning of carriers 

of goods who bundle several commodities into one pickup and delivery tour to maximize their 

capacity utilization and reduce their transport cost.Transport costs contain two key components 

with time-space variations. The first component relates to constraints imposed by firms in 

pickup and delivery locations. Examples of these logistic constraints are inventory of 

distribution centers, cargo handling of transshipment terminals, stock replenishment of retails, 

and certain characteristics of producer or consumer of goods. The time-space variation of this 

Logistics 
decisions 

Freight flow 
patterns 

Truck 
movements 

Road network 
performance 
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cost component relates to the industrial activity of firms and hence connects the routing (space) 

and scheduling (time) decisions to the logistics systems. The second component relates to the 

travel time between pickup and delivery locations. Congestion and unreliability of travel time 

on road networks affect the logistics system by imposing additional transportation costs and 

will thereby affect tour planning. The space-time variation of travel times on road networks 

connects the routing and scheduling decisions (tour planning in general) to the traffic system 

(see Figure 2-1).  
 

Traffic is also a dynamic system in which its state changes across time and space. The dynamic 

of the traffic mainly depends on the characteristics of the infrastructure (supply), the existence 

of vehicles (demand), and their behavior on the road networks. Trucks, which are a result of 

tour planning decisions, are part of this demand. Therefore, the tour planning decisions in time 

(when to depart tours) and space (where and to what order pick up or deliver a commodity) can 

change the percentage of trucks on road networks at a particular time of day and hence can 

contribute to changes in flows, speed, and travel times on road networks. Figure 1-2 illustrates 

how the time and space dimensions in these two systems are tied together.   

 

 

Figure 1-2: Time-space characteristics of logistics and traffic system 

 

In sum, our general area of work concerns the interactions between logistics systems and traffic 

systems, which encompass key logistics decisions (routing and scheduling) that affect traffic 

conditions on one hand, and traffic congestion (and the resulting delays) affecting these 

decisions on the other (Figure 1-3). 

 

 

Figure 1-3:Interactions between logistics and traffic systems 
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Although we know that there is such a mutual relationship between logistics and traffic systems, 

traffic and logistics systems have mostly been studied separately. The evidence presented thus 

far supports the need for integrated logistics and traffic modelling to unravel the complex 

relationship between these two systems (see Figure 1-4). Examples of this evidence are the 

highly congested road networks, especially around port cities like Rotterdam, which would lead 

to a major loss in logistics systems and society. For example, according to (TLN and 

EvoFenedex., 2020), in 2019, congestion on Dutch motorways led to a total economic loss of 

1.5 billion euros for freight transport.  

 

 

Figure 1-4: Integrated logistics and traffic models 

 

This need for an integrative approach to logistics and traffic modelling requires new research.  

Freight transport modelling has followed for decades a similar traditional approach as its 

counterpart the passenger transport system. This approach, which is known as four-step 

transportation modelling, includes four sub-models that are applied sequentially. These steps 

are trip generation, trip distribution, modal split, and trip assignment. Previous research in the 

field of freight transport modelling has identified the differences between these two systems 

and introduced several other components to freight transport modelling like freight generation, 

tour-scheduling, and tour formation (De Jong et al., 2014, Tavasszy and De Jong, 2013). In 

2012 Tavasszy et al. presented a review on freight demand modelling identifying research 

opportunities for incorporating logistics decisions in freight models. An earlier example of such 

incorporation was SMILE (see Tavasszy et al. (1998) which describes freight modelling in three 

levels production, inventory, and transportation. The framework proposed by Tavasszy (2008) 

also resembles the four-step framework of passenger transport but includes logistic operations 

and decisions which are specifically related to freight transport (e.g. storage). This framework 

consists of three layers: (1) exchange of goods, which is a representation of the freight economy 

and describes production, consumption and trading patterns; (2) a logistics behavior layer, 

which models the decisions that are being made to find a trade-off between transporting goods 

or storing them in a warehouse (inventory decisions); and (3) freight trips and transport 

organization. The last layer is related to those models that consider decisions about transport 

modes, vehicle type, shipment size, routing and scheduling decisions. Figure 1-5 summarizes 

the freight transport modelling from the generation of freight to the representation of vehicles 

on a congested road network. Here, the transport movements or trips are the central phenomena 

to observe, as they connect the logistics and traffic processes. The logistics process relates to 

the pre-trip characteristics, while the traffic process concerns phenomena that on-trip 

characteristics have been established.  
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Figure 1-5: The freight modelling framework 

 

The many trips made by trucks are not all independent as they are often structured in tours. 

Once these interdependencies can be observed or inferred from observations, the connection 

between the 2 subsystems can be made inside freight transport models. There are three major 

methods in the literature for modelling pre-trip tour characteristics. First is the tour growth 

approach, in which tours are constructed incrementally through an econometric approach by 

estimating conditional choices of the next destination, given previous stops (Hunt and Stefan 

(2007)). In this approach, trips are the unit of analysis and are considered independent. (2) 

Second is the commodity-based approach which is similar to the tour growth approach but the 

unit of analysis is commodities that are assigned to the vehicles incrementally e.g. in  Thoen et 

al. (2020). None of these two approaches, however, deals with the interdependencies of trips 

and scheduling of tours accurately and thus have difficulty connecting to the after-trip 

phenomena tangibly. The key issue with these approaches is the behavioural assumption of the 

tour formation process which is not the context in which tours are often formed. Tour planning,  

is much rather the end result of interdependent routing and scheduling optimization process 

than simply the result of sequential discrete choices of decision-makers. Finally, the third 

approach concerns normative models that apply the vehicle routing problem (VRP) like in 

Donnelly (2009). Opposed to the first two approaches, VRP models consider the 

interdependency of trips and scheduling of tours. However, the result of these models deviates 

from the real world, due to the heterogeneity in objectives and constraints of transport markets. 

This suggests a need for data-driven approaches that can deal with understanding the pre-trip 

characteristics and connect well to the after-trip traffic phenomena. 
 

Despite the general awareness of these systematic approaches, we still have a very poor 

understanding of the freight transport system and its interaction with the traffic system. This, to 

a great extent, is owing to the lack of data about this system (Holguín-Veras et al., 2014). As 
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shown in Figure 1-5, trips establish this important connection, and hence freight trip data can 

help to enrich our knowledge about pre-trip decisions i.e. routing and scheduling characteristics 

of logistic firms. It also can help us better understand the after-trip phenomena like the dynamics 

of traffic on road networks associated with these trips. This provides us with the opportunity to 

turn complex modern trip data into valuable knowledge that can support innovations in logistics 

and traffic models. These innovations require data-driven modelling of freight transport and 

traffic system which begins with monitoring and analyzing available data in these systems for 

identification, comprehension, prediction, optimization, and then tactical planning for 

(re)designing policies and services.  

 

The data-driven model building in this thesis is based on combining and analyzing different 

data sources that represent real-world spatial-temporal characteristics of logistics and traffic 

systems. Previous studies were limited to local surveys and expensive and yet aggregate data 

collected from different parts of these systems (Ben-Akiva et al., 2016). In recent years, more 

data from multiple sources have become available due to advanced automatic data collection 

technologies and data-sharing platforms. The main needs include the following data:  

 

(1) Freight transportation data that include micro-level information about tours, trips,  and 

shipments. An example of this data is the XML microdata that is collected by the 

Statistics Netherlands (CBS). Every record is tagged with an ID that can relate 

shipments to the tours and the trucks and includes details about the departure time, 

loading and unloading locations (GPS), distances, and commodity characteristics like 

weights and type.  

(2) Logistics data that include information about firms and their logistic activities. 

Examples are the Dutch Firm Establishment Survey dataset including information about 

all firms registered, their industrial classification, location, number of employees, and 

several other attributes, and the Portbase Port Community System dataset which 

contains container processes from vessel arrivals and unloading containers from vessels 

to loading them on trucks in chronological order. And finally,  

(3) traffic data that can present vehicle counts and speeds (both trucks and passenger cars) 

on road networks.  

 

As mentioned, these data come from various sources and have been collected by different 

organizations, at different times and by different standards. Utilizing these data for developing 

integrative freight transport and traffic modelling requires decent data preprocessing, gap 

filling, and data matching. The literature, however, also lacks systematic approaches to 

combining and using these data for understanding the connection between logistics and traffic. 

 

Finally, with the models and data described above, it becomes possible to develop prescriptive 

approaches to design transport policies that focus on logistics, aiming to reduce congestion.  

Earlier studies and simulation experiments like Mahmassani and Jayakrishnan (1991), Yoshii 

et al. (1998), and Thorhauge et al. (2016b) reported that temporal demand spreading like 

shifting departure time of commuters is a more effective traffic mitigation policy as compared 

to policies that steer drivers to choose alternative routes. As opposed to passenger transport, 

research on peak avoidance policies for freight transport through departure time shift is 

relatively few and limited to urban freight deliveries (Sánchez-Díaz et al., 2017). Until now, no 

single study exists that considers the impact of such policy around a logistic hub like container 

terminals taking into account multiple stakeholders' activities, logistics operations, and traffic 

systems. 
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1.3 Knowledge gaps  

Given the overview of the research background above, we identify 4 main research gaps that 

we highlight as follows:  

 the understanding of the logistics determinants of freight transport flows and their 

interaction with the traffic system; 

 integrative freight transport and traffic modelling with support from real world-data;  

 approaches for systematic logistics, freight transport, and traffic data matching and 

preprocessing, for their combined use in freight transport modelling; and  

 knowledge of the effectiveness of transport policies that target logistics decisions with 

the aim to reduce impacts on traffic flow.  

1.4 Main research question  

Following the knowledge gaps for understanding the interrelation between logistic and traffic 

systems and the need for developing data-driven freight transport models for integrating them, 

we can now highlight the main research question: 

 

How can we develop data-driven freight transport models that can predict and control the 

mutual impact of tour planning (vehicle routing and scheduling) and traffic states? 

 

In the next section, we explain the research methodology that helps us systematically find the 

answer to this key research question.  

1.5 Research methodology and sub-questions 

Our research method to develop data-driven freight transport models follows four sequential 

steps as illustrated in Figure 1-6. It begins with processing multiple raw data to acquire valuable 

knowledge that can describe pre-tour-planning decisions. These decisions are the type and 

departure time of tours. After identifying the type of tours, a data-driven routing and scheduling 

model can generate tours of each type and predict truck flows between zones. Next is a traffic 

model that can predict the impact of these time-dependent truck flows on the state of traffic on 

road networks. Finally, it includes some control mechanisms that can support decision-makers 

to define and assess policies. The following of these four steps breaks down the main research 

question into 7 sub-questions helping us to step by step reach our research objective.  

 

1) Preprocessing and data matching are prerequisites for modelling data-driven freight transport 

models. Therefore, we need to first develop a systematic and standard way of combining freight 

trip data with logistics and traffic data in order to enrich one from the other. This leads us to the 

first sub-research question. How can freight trip data sources be enriched with logistics and 

traffic data? [chapter 2] 
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Figure 1-6: Research methodology 

2) After data integration, we can use these data to develop models that help us understand and 

describe the characteristics of transport-related decisions before planning tours. These decisions 

describe the high-level characteristics of tours that are mainly made before planning a tour. We, 

therefore, need an approach that can extract empirical evidence/knowledge from the enriched 

freight tour data sources. How can patterns in departure time (scheduling) and space (type of 

tours) be understood from mining freight trip data sources? [chapter 2] 

 

3) Once we understand the high-level characteristics of tours, we can develop models to 

generate the general tour patterns, as close as possibly resembling and reproducing observed 

tours. How can we develop a generalized data-driven vehicle routing and scheduling model for 

the tour-based representation of time-dependent freight transport activities? [chapter 3] 

 

4) After modelling tours from trip data, it is important to predict the impact of tour schedules 

on the dynamics of traffic on the road network. To this end, we first need to look for empirical 

evidence from both traffic and trip data sources that proves the short-term relation between 

schedules of trips and dynamics of vehicle flows on the road network. How can we model the 

relation between freight trip scheduling and the volume of freight vehicles on a motorway? 

[chapter 4] 
 

5) Once the relation between freight trip schedules and the volume of freight vehicles is clear, 

we need to predict the propagation of this impact on traffic dynamics across the entire road 

network. To this end, it is important to integrate time and space dimensions in modelling the 

impact of freight activities on traffic networks. How can we incorporate spatial and temporal 

dependencies in predicting traffic dynamics from freight trip schedules? [chapter 5] 

 

6) Now that we have tools to predict the impact of freight trip schedules on traffic networks, 

we can design a policy evaluation mechanism using our method that is to shift the scheduling 

of freight trips and assess its impact on the traffic system. This leads us to the next research 

question. What are the impacts of truck departure times shift policy on traffic conditions on 

road networks? [chapter 5] 
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7) Shifting truck departure time, however, requires a design of an intelligent and context-aware 

mechanism that can control and manage truck arrival times at terminal gates. This system can 

mitigate congestion at terminal gates by assigning time-slots to trucks for their container 

pickups and drop-offs. For this, this system should consider scheduling preferences of trucks, 

terminal operation, and traffic on the road networks. How can we design a time slot management 

system for seaport terminals to mitigate congestion at terminals’ gates considering road 

networks conditions, scheduling of trucking companies, and terminal operations? [chapter 6] 

1.6 Contributions  

Our main contribution to the field of freight transport and traffic modelling is developing a data-

driven modelling approach that connects the pre-trip decisions of carriers to the traffic dynamics 

on road networks. We provide tools and modelling frameworks for using available freight trips, 

logistics, and traffic data for descriptive, predictive, and prescriptive analysis of these systems. 

This paves the way for the integration of logistics and traffic systems where the costs and 

benefits of both can be seen together. Our study offers the following contributions categorized 

under four perspectives: 

 

Freight trip data preprocessing 

 A new systematic data preprocessing approach for integrating logistics, freight 

transport, and traffic data. [chapter 2]  

 

Knowledge discovery from freight trip data 

 New empirical insights into the influence of congestion on the structure of tours and 

time of day dynamic tour features. [chapter 2] 

 A new decision tree modelling approach for the analysis of freight tour structures 

identifying tour type patterns. [Chapter 2] 

 New methods based on association rule mining for transport market segmentation with 

commodity pick-up and delivery analysis. [Chapter 2] 

 New insights into the impact of freight trips schedules on traffic intensities and its 

resulting delays. [chapter 4] 

 

Space-time tour patterns and traffic predictions 

 A new data-driven vehicle routing problem and parameter estimation method based on 

Bayesian optimization to capture preferences of planners in routing and scheduling of 

freight vehicles from partially observed tour information. [Chapter 3]  

 New insights into routing and scheduling decisions of carriers. [chapter 3] 

 A new analytical framework that makes use of an artificial neural network for prediction 

and NSGA-II for feature extraction to predict truck traffic from freight trip schedules in 

a container terminal. [Chapter 4] 

 Utilization of real-world container pick-up time schedules, for the first time, for a 

network-wide short-term prediction of traffic on truck-intensive motorways. [Chapter 5] 

 A new graph-based, modular deep neural network, using novel message passing and 

neighborhood aggregation rules that follows traffic flow theory to capture interpretable 

spatial and temporal patterns in traffic. [Chapter 5] 

 

Prescriptions on freight and traffic control 

 New modelling for an optimized truck departure time shifts policy that is linked to 

overall road network performance. [Chapter 5] 
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 New insights into the possible benefits of shifting trucks’ schedules from peak hours. 

[chapter 5] 

 A new method to develop a context-aware decision support system for a time slot 

management system that controls truck arrivals and departure to/from marine terminals 

considering multiple stakeholders' preferences and operations in the port and hinterland. 
[Chapter 6] 

 New insights into the costs and benefits of time slot management for port and hinterland 

operations. [chapter 6]  

1.7 Social relevance  

This research can be of interest to port authorities, container terminal operators, transport 

policy makers, and  logistics service providers. The result of this projects can also be 

beneficial to road authorities and traffic control centres who are responsible for congestions 

which is attributed to inefficiency in freight transport. 

1.8 Thesis outline 

We outline the chapters of this thesis in this section. These chapters are based on papers that 

are published or under review. The text in each chapter is identical to the publications. An 

overview of chapters is illustrated in Figure 1-7 with each chapter belonging to two or three of 

the Identifications, Prediction, and Prescription parts.  

 

 

Figure 1-7: The layout of the thesis 
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Part I - Identification provides empirical insights into the pre-trip decisions of carriers. Chapters 

two and three belong to this category. Chapter 2, presents a data-driven modelling pipeline and 

methods for knowledge extraction from a large set of planned tours. This chapter presents 

clusters of transport markets linking them to the industrial markets using their frequent 

associated pickups and deliveries. With this, we could increase homogeneity in tour patterns 

that would help further analysis of tours. This addresses a problem that is rarely discussed in 

the literature, which results in the poor performance of models due to the heterogeneity in 

transport markets. Furthermore, this chapter characterizes the structure of tours from time of 

the day and type of tour perspectives and specifically explores the correlation between the 

structure of tours with zonal congestion levels. Given the empirical insight into aggregate 

characteristics of planned tours, we can develop models that can reproduce observed pickup 

and delivery tours. In chapter 3, we present a data-driven vehicle routing and scheduling 

algorithm with learning parameters that can learn tour planning decisions from observations.   

 

Given the empirical insight into aggregate characteristics of planned tours, we can develop 

models that can mimic the pickup and delivery patterns close to observed tours. In chapter 3, 

we present a data-driven vehicle routing and scheduling algorithm with learning parameters 

that can learn tour planning decisions from observations.  

 

Part II – Prediction which provides predictions on collective tour patterns and dynamic traffic 

states. Chapters 3, 4, 5, and 6, are dedicated to this category predicting the pre-trip decisions 

and the impact of these decisions on road networks. This requires linking trip schedules to the 

dynamics of traffic. In chapter 3, the data-driven routing and scheduling model can predict 

collective truck flows between zones and link these flows to the overall tour planning decision. 

In Chapter 4 we explore the correlation between tour planning decisions and traffic dynamics 

finding delayed short-term patterns in truck volumes on road networks resulting from the 

schedules of trucks. Chapter 5 expands this method to a network-wide traffic prediction model 

that can predict short-term traffic states on a given road network based on given truck schedules. 

This chapter proposes a graph convolution deep neural network using a special attention 

mechanism that can capture meaningful spatial and temporal patterns on a congested road 

network and link these patterns to the trucks' schedules. Next, we use this method to predict the 

impact of a truck departure time shift policy on the traffic system and accordingly optimize the 

gain of this policy. Although chapter 5 provides insights into the possible societal gains from 

traffic systems due to an optimized time-shifted transport policy, shifting the time of trucks is 

not easy as it could have several consequences on several stakeholders.   

 

Insights from chapter 5 and further analysis in chapter 6 contribute to Part III – Prescription of 

this thesis where we propose a context-aware time slot management system that aims at 

controlling the arrival and departure of trucks to a logistic hub considering operations in the 

logistic hub, Truckers scheduling preferences, and traffic in port and hinterland. This chapter 

describes the application of integrated traffic and logistic models and finally helps to achieve 

the main aim of this thesis.  

 

Based on the mentioned studies in chapters 2 to 6, chapter 7 summarizes the main findings of 

this thesis, highlights our contributions, and gives recommendations for future research. 
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Chapter 2 

Spatial and temporal characteristics of freight tours   

 

This chapter presents a modelling approach to infer scheduling and routing patterns from digital 

freight transport activity data for different freight markets. The structure of tours for different 

submarkets, the interactions between industries, and the sensitivity to traffic conditions are 

important characteristics of freight transport that have not yet been analyzed in detail. This 

research aims to help fill this gap by developing a series of models that help explain the 

mechanisms, based on disaggregate shipment and trip observations. We provide a complete 

modelling framework including a new discrete-continuous decision tree approach for 

extracting rules from the freight transport data. We apply these models to collected tour data 

for the Netherlands to understand departure time patterns and tour strategies, also allowing us 

to evaluate the effectiveness of the proposed algorithm. To support the research community, 

an open-source implementation of all algorithms is made available. 

 

This chapter is based on the following papers: 

1. Nadi, A., Snelder, M., van Lint, J.W.C., & Tavasszy, L. (2022). Spatial and temporal 

characteristics of freight tours: A data-driven exploratory analysis - submitted to a 

journal. 
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2.1 Introduction 

Two key structural characteristics of tours in freight transportation are schedules for pick-

up/delivery and the routing patterns connecting the stops. Identifying the structure of tours is 

useful for freight transportation decision-makers and traffic managers, as they support the 

descriptive and predictive analysis of the freight transportation system. It is important for 

freight and traffic management, as these structures are conditioned upon and also determine 

the state of the traffic on motorways. From the demand management perspective, modelling 

time-of-day choices casts light on the scheduling of departures and modelling tours elucidates 

routing patterns of commercial vehicles. As opposed to passenger travel, researchers have 

devoted relatively little attention to modelling freight transport trips. The reason for this is the 

complexity of this part of the traffic system, particularly as freight transportation includes many 

submarkets (Khan and Machemehl, 2017a, Holguín-Veras and Patil, 2005). Previous research 

has addressed multiple dimensions of freight trips (Garrido and Mahmassani (2000), Nuzzolo 

and Comi (2014), Wisetjindawat et al. (2012), and Figliozzi (2010)). To the best of our 

knowledge, however, the structure of tours for different submarkets, the interactions between 

industries, and the sensitivity to traffic conditions have not yet been analyzed in detail. This 

research aims to help fill this gap by developing a series of models that help explain the 

mechanisms, based on disaggregate shipment and trip observations.  
 

The opportunity for this work arose from access to a large and rich database of micro-level 

observations of freight transport activities in the Netherlands. As the main direction of the 

work, we consider three dimensions of tour characteristics i.e. time, type, and size. These entail 

departure times of tours, the sequence of loading and unloading activities, and tour length. Most 

of the existing works of literature are used to model tour structure through behavioral modelling 

using micro-simulation of classic discrete choice methods. These choice models can be used 

to study the preferences of decision-makers when making a single (discrete) choice among a 

set of alternatives. In our study, however, we are more interested to identify patterns and the 

circumstances in which tours occur from a given dataset, without enforcing any theory or 

behavioural assumptions on this process ex-ante. We believe that viewed across a larger 

population of firms, the executed tours will display similarities under particular circumstances. 

Knowledge of these patterns is valuable for practitioners to know and exploit. Here, we aim to 

distill these patterns using a data-driven approach.  

 

In this chapter, we propose a machine learning approach to describe the structure and timing 

of freight tours, based on association rule mining and decision trees. We use rule mining to 

investigate relationships between different clusters of freight transport markets, and decision 

trees to discover tour and timing patterns from a large database of freight transport activities. 

We use the information extracted from 9 identified transport markets. Specifically, we ask the 

following questions: 

 

1. How do tour strategies and external circumstances affect the peak-hour occurrence of 

tours?  

2. How do the types of logistic nodes (e.g. distribution centers, transshipment terminals) 

influence departure times and tour structures?  

3. How do transport costs influence the structure of tours? 

4. How does the number of shipments (i.e. from empty containers to containers with 

many shipments) affect the scheduling of tours?   

5. How does the type of vehicle affect the routing and scheduling of shipments? 
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These research questions are answered using a two-step approach. In the first step, we use 

decision trees to explore patterns in departure times of tours. Earlier studies have identified that 

freight tours encompass multiple inter-related decision variables, such as the type of tour 

pattern and the number of stops in each selected tour type (Khan and Machemehl, 2017a). In 

the second step, we mine probabilistic rules that (a) describe the various pick-up and delivery 

strategies and (b) predict the average number of stops per tour for each strategy simultaneously. 

Prediction of a mixture of target variables is needed in the second modelling task. However, 

most machine learning techniques can only predict one type of target variable at a time. To 

deal with this problem, we introduce an enhanced decision tree algorithm that can predict joint 

mixed target variables.  
 

These two models together explain the anatomy of tours taking both scheduling and routing 

activity of various transport markets into account. The main contributions of this paper are the 

following:  

 

1. We introduce a new data processing framework to support the process of inferring patterns 

in big, disaggregate freight tour databases.  

2. We extract rules from observations to cluster the freight transport market and investigate 

the interaction of multiple industries, through an analysis of their tour activities.  

3. We propose a new decision tree algorithm that predicts mixed discrete and continuous 

target variables to classify tour structures and predict the number of stops per tour strategy. 

This innovative algorithm can be used for modelling similar cases with other mixed-type 

target variables.  

4. We provide new insights into how transport companies plan their tours in the presence of 

congestion.  

 

The chapter is organized as follows: Section 2.2 provides a brief overview of the existing 

studies on the topic of this paper. Section 2.3 presents the methodology with which we 

characterize freight activities, including the description of the data structure and the fusion of 

multiple data sources. Section 2.4 presents the findings from the descriptive analysis of the 

freight routing and scheduling patterns. Section 2.5 sets up a discussion about findings, 

provides validation against literature and suggests directions for further research. Section 2.6 

offers concluding insights. 

2.2 Literature review 

This section presents a brief review of the literature that concerns freight tour activity 

modelling. The literature reports several important factors to take into account. Primarily, it is 

the operational decisions of shippers, senders, receivers, and carriers that determine truck flows 

(Khan and Machemehl, 2017a). Logistics hubs (e.g. distribution centres and transshipment 

terminals) may add complexity to the tours due to their different functionalities for storage and 

cross-docking of freight. Tour generation is dependent on important dimensions that are often 

difficult to measure due to privacy issues. Examples are vehicle type, weight, capacity, 

container type and dimension, departure and arrival times, number of stops, and tour duration 

(Khan and Machemehl, 2017a). Besides, freight transportation demand is highly variable over 

time and space (Garrido and Mahmassani (2000)). The heterogeneity in transport markets and 

industrial sectors creates additional diversity in tour characteristics. 

 

To cover the above issues, disaggregate activity-based modelling has been developed in the 

literature capturing daily activity patterns of goods movements. Recently, more research is 
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focusing on agent-based micro simulation of multiple actors’ decisions in freight transport 

systems. Examples are MASS-GT which is an agent-based simulation system for urban goods 

transport. MASS-GT simulates the choices of suppliers and receivers, transport service 

providers and carriers (de Bok and Tavasszy, 2018). These choices include distribution channel 

selection, carrier selection, vehicle type, shipment size, and routing and scheduling decisions. 

Another example is SimMobility developed by Sakai (Sakai et al., 2020) which can simulate 

disaggregate interactions of multiple agents that are engaged in freight-related activities. These 

decisions include commodity contracts, overnight parking place choice, carrier selection, and 

vehicle operation choices. Lately, agent-based freight simulators are also integrated with agent-

based passenger simulators like MATSIM to model the impact of freight transport decisions 

on traffic system (Schröder and Liedtke, 2017). For example, Mommens et al. (2018) used 

TRABAM, which is a freight simulator linked to MATSIM, for the impact assessment of traffic 

management scenarios like night distribution.  

 

All in all, the common choice models that exist in the most agent based freight simulators 

include (a) tour purpose and vehicle type choice; (b) next stop destination choice; (c) next stop 

purpose choice; (d) joint tour-type and number-of-trip choice and (e) departure time choice. 

Among all, time-of-day (i.e. scheduling) and type-of-tour (i.e. routing) are the two main 

characteristics of freight transport activities that are believed to be conditioned upon the level 

of congestion on motorways (Khan and Machemehl, 2017b) and thus are of interest for traffic 

and transport managers.  

 

Time-of-day modelling is relevant as variations in departure time of freight flows may have 

large impacts on motorway congestion; whereas in turn, those congestion problems may also 

heavily affect logistics operations (Figliozzi, 2010). The application of a time-of-day model 

helps researchers to evaluate shifts between peak and off-peak periods for freight transport as 

a means to avoid congestion on roads. In spite of its significance, there exists little research on 

freight transport departure time policies. The earliest time-of-day modelling frameworks 

utilized Monte Carlo simulation in which departure times were averaged from a sample of 

(limited) observations (Hunt and Stefan, 2007). Probably, the study of Nuzzolo and Comi 

(2014) is one of the first studies that modeled the departure time as a part of the freight demand 

modelling framework. In this study, like most similar studies, a discrete choice model was 

estimated on urban freight trip survey data to calculate the probability of a delivery tour 

departure time from an origin. The results indicate that the departure time of a tour is strictly 

correlated with the number of stops per tour. A recent time-period choice model based on stated 

preferences for road freight transport can be found in (De Jong et al., 2016). They estimated a 

multinomial logit model on SP data of 158 receivers of the goods. This model captures the 

sensitivity of peak and off-peak delivery choices to changes in travel time and cost. It shows a 

stronger sensitivity to travel costs than to travel time. This study was followed up by Vegelien 

and Dugundji (2018) who used revealed preference data (GPS tracking data of trailers) to 

model time-of-day choice, with a nested logit model. This model includes trip duration and 

product type as explanatory variables. Khan and Machemehl (2017b) proposed a discrete-

continuous probit model to recognize trucks' time-of-day preferences and predict the vehicle-

mile traveled at a specific time of the day. This model was estimated on commercial vehicle 

survey data. It shows the contribution of spatial and temporal factors including vehicle type, 

commodity type, unloading weight, characteristics of intermediate stops speed, and service 

time. However, this study does not include the impact of traffic on time-of-day preferences 

which has our interest.  
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Similar to the time-of-day model, a small number of studies specifically investigate tours. An 

early study of commercial vehicle delivery strategy can be found in (Burns et al., 1985). They 

formulate transportation by truck and inventory costs of freight to evaluate the cost trade-off 

between the direct shipping and collection or distribution type of tour strategies, based on 

shipment size and the number of customers. They show that in the direct shipping strategy the 

optimal shipment size follows the economic order quantity (EOQ) rule while in collection or 

distribution, the shipment size is close to a full truckload. Ruan et al. (2012) followed this study 

further using mixed and multinomial logit models to model multiple types of tours. This model 

helps to understand decisions regarding distribution strategies and tour chaining. Zhou et al. 

(2014) studied tour patterns of urban commercial vehicles based on the number of trips made 

for delivery and pickup activities. They defined four tour-type alternatives bundling different 

ranges of the number of trips with different tour types. Then, they used multinomial and nested 

logit models to identify daily trip chaining behavior. Khan and Machemehl (2017a) considered 

the number of trips as a continuous dimension of tour activities. This is more appropriate since 

it refers to the size of tours and there is ordinal relation between tours with different sizes. They 

develop a multiple discrete-continuous choice method to model a joint distribution of the type 

of tour strategy and the number of trips for commercial vehicles. Based on their findings, the 

number of trips and type of tour are two inter-related joint decisions and unified discrete-

continuous modelling is a more appropriate modelling framework to capture commercial 

vehicle movement patterns. The results of this study also indicate the impact of trip features, 

commodity characteristics, and attributes of base and intermediate stop locations on choice of 

the type of tour and the number of stops per each tour chain strategy. Most recently Siripirote 

et al. (2020) proposed a statistical approach to estimate truck activities, commodity-related trip 

chains, and the status of legs (e.g. empty, full, or partially loaded trips) from collected GPS 

data. This class of demand modelling uses different units of analysis, either trips, as in Hunt 

and Stefan (2007) or shipments (as in  Thoen et al. (2020) and Nuzzolo and Comi (2014)) and 

utilizes choice models to explain daily tour patterns. 

 

In summary, the mentioned studies underpin the importance of modelling the time-of-day and 

type of tour strategies of commercial vehicles in urban areas. We note several gaps, however. 

Firstly, to the best of our knowledge, existing studies on time-of-day and type of tour analysis 

relate to urban logistics and do not consider freight transport activity between large suppliers, 

manufacturers, and logistics hubs. Secondly, all of these studies are built upon a limited sample 

of survey data from the sender or receiver of goods. The literature lacks a systematic data-

driven modelling pipeline that allows us to estimate models on large-scale real tour data. 

Thirdly, the interaction between multiple industries and their impact on time and type of tour 

analysis has not yet been presented in the literature. Finally, all existing studies used classical 

choice models to study the preferences of decision-makers, focusing on a choice between some 

discrete alternatives. The currently dominant approach to descriptive modelling of tours 

assumes discrete choices; either using a “tour growth approach” which assumes stop-by-stop 

discrete decisions for the next trip; or an enumeration approach suggesting that the planner has 

multiple full tours to choose from. In reality (i.e. overwhelming majority of cases) tours are not 

created this way. A data-driven approach allows extracting valuable knowledge without 

making such potentially problematic assumptions about the real-world decision process. 

 

To help fill these gaps in research, we develop a new modelling approach utilizing and 

enhancing rule-based machine learning techniques to explore the departure time, type of tour, 

and the number of stops per tour pattern, using an extensive freight transport tour database. 

The next section elaborates on the methodology of the research.   
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2.3 Modelling framework for knowledge extraction from tour data 

In this section, we explain the methods and data used for the analysis of the freight tour 

databases. Figure 2-1 shows the overall rule-based modelling framework that allows us to 

extract appropriate rules about departure time and type of tour strategies in freight transport 

activities. This framework includes 3 main steps from the preprocessing of data to the full 

analysis of the structure of tours.  

1. In the first step, data is collected from databases that include the trip survey data and 

contextual data relating to speeds as well as the locations of important hubs including 

distribution centers and transshipment terminals.  

2. In the preprocessing step, data is prepared through the fusion of databases and 

clustering of transport markets. Also, the proximity to congestion zones is modeled to 

prepare for the tour structure analysis.  

3. In this third step, an enhanced decision tree algorithm is used to model time-of-day 

patterns, type-of-tour strategies, and the number of stops.  

The next subsections describe the details of the approach in this order.  

 

 

Figure 2-1: Procedure for modelling and extracting knowledge from freight tour data 

2.3.1 Data sources 

In this study, We make use of a unique and detailed dataset of truck diaries provided by the 

Centraal Bureau voor de Statistiek (CBS), or Statistics Netherlands. In total CBS provides a 

set of digitally collected 2.7 million records of data related to freight tour activities from the 

year 2015. For each commodity in a tour, there is a record in this dataset that contains 

geographic information regarding (un)loading locations, commodity type, vehicle types used, 

and other tour characteristics. The data however lacks logistic activity of the visiting locations 

or the sender or receiver of the shipments. We require this information to understand how 

different types of logistics activity may change the structure of tours. To enrich the database, 

we fused it with two external data sources. The first dataset contains over 1600 registered 

distribution centers along with their 6-digit postcode, size, and sectors. This dataset was 

sourced from Directorate-General for Public Works and Water Management (Rijkswaterstaat) 

in the Netherlands. The second dataset contains transshipment terminals (TT) from the IDVV-

binnenvaart game (IDVV inland shipping game) containing information regarding 76 terminals 

and their postcode, size, and annual throughputs. Finally, we used national firm establishment 

data that includes firms’ registration dates, sizes, and business types. More information about 

these data and the use of it can be found in Zhang and Tavasszy (2012). As described in the 
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next section, we used a matching algorithm to match the pickup and delivery location of 

vehicles to the right logistic activities using these two data sources. 

2.3.2 Pre-processing 

Map matching and data fusion 

To impute the activity type of loading and unloading locations in CBS tour data we propose a 

hierarchical assignment approach on national geographical divisions based on both 6 (PC6) 

and 4 (PC4) digits postcodes. Having L ={l1,l2,…,ln} as a set of all geographical locations, we 

can define 𝐿 6−𝑑𝑖𝑔𝑖𝑡𝑠 ⊂   𝐿 4−𝑑𝑖𝑔𝑖𝑡𝑠  ⊂  𝐿 where L6-digit has the highest resolution in national 

geographical divisions. We give precedence to the PC6 because the divisions are smaller and 

thus the assignment takes place with higher certainty. We then aggregate the information at 

this level for use in PC4 where the imputations are more probabilistic.  

 

The algorithm, first, uses firms establishment data and available national statistics to calculate 

the probability 𝑃𝑠,𝑐
𝑎,𝑙

. This shows the probability that a shipment s that picks up or delivers 

commodity type c at its loading or unloading location l belongs to a firm with activity type a. 

 

6
6

6

/

,, ,

, /

,,

digit
digit

digit

make use

a ca l a l

s c make use

i ci li A

N P
P s

N P








 


   (2.1) 

 

Where Na,l is the number of firms with any of the activity types A={ distribution centres, 

transshipment terminal, producer, consumer } in each location l and  𝑃𝑎,𝑐
𝑚𝑎𝑘𝑒/𝑢𝑠𝑒

 denotes the 

probability that firms with activity type a are making (if l is loading location) or using (if l is 

unloading location) of the commodity type c. Then the algorithm uses the Monte Carlo 

simulation to  assign each activity type to the loading and unloading locations of a shipment 

based on 𝑃𝑠,𝑐
𝑎,𝑙

. 

 

Please note that in cases that the loading and unloading location of a shipment is reported in a 

higher resolution i.e. 6-digit, the 𝑃𝑠,𝑐
𝑎,𝑙

 is in many cases 1 or close to one as there is a lower 

chance of having multiple firms with different activity types in a 6-digit zip code. Therefore, 

the assignment process in these cases is more deterministic than probabilistic. However, this is 

the opposite when the reported locations are in 4-digits and the assignments would have a high 

level of uncertainty. To reduce this uncertainty level for 4-digits locations, the algorithm uses 

the results from assignments in 6-digit resolution. First, the probability that a shipment with 

commodity type c goes to a zone l6-digit inside the reported larger geographical division (4-digit) 

is calculated. 
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  (2.2) 

 

Where 𝑀𝑐,𝑙
𝑖𝑛/𝑜𝑢𝑡

 is the number of shipments with commodity type c that go inside or come out 

of the zone l. Then a Monte Carlo simulation is used to select and assign each shipment in a 

tour to an l6-digit location inside the reported l4-digit. Afterward, a similar approach as in 6-digit 

postcode zones (i.e. Equation (2.1)) is used to assign an activity type to the visited location.  
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There are cases where the commodity type is missing or not reported in the dataset. However, 

our algorithm calculates the assignment probabilities without considering the term 𝑃𝑎,𝑐
𝑚𝑎𝑘𝑒/𝑢𝑠𝑒

  

and indices c in Equations (2.1) and (2.2). In other words, the assignment probabilities only 

depend on Na,l. Please note that these cases are not considered for further analysis in this 

research. 

Zonal congestion level 

Besides logistics data, we also required traffic data to understand what the traffic conditions 

were at the shipment time. Below, we explain the methods used to obtain traffic conditions by 

making use of traffic speed data.  

 

Carriers usually use planning software to schedule the tours. This software uses the average 

travel time while making routing and scheduling tables. To understand how the congestion can 

affect tour characteristics, we require a perception of congestion at the time of deliveries. We 

make use of vehicle speed data derived from loop detectors to obtain congestion information 

for the pickup and delivery locations. We use the same method introduced by (Christidis and 

Rivas, 2012) to calculate the aggregate congestion level for each geographical zone. In this 

approach, a moving average of delays is determined as the congestion indicator. To calculate 

this delay, we first calculate the moving average speed of each loop detector on a road over a 

time filter T to smooth very short-term fluctuations. Note that the speed in Equation (2.3) is 

instantaneous.  

 

1 j T

i j
j i

v v
T





      (2.3) 

Where i is the start of the period, and vj is the average speed obtained from sensors on the link 

for the time step j. While we define vmin as the lowest average speed for the segment, the free 

flow speed vfree is the maximum measured average speed: 
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Where t0  and t are the start and end of a period P. Then the average maximum delay during 

period P for each segment is: 
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We use dP as an indicator to define the congestion level for period P measured in minutes per 

kilometre. For cases where vmin =0, we hard coded the value of the vmin to a very small number 

to prevent generating undefined delays. One can specify the P parameter to limit the delay 

estimation for a specific period. We set P =1 hour for each departure time specification i.e. 

morning peak , midday, evening peak hour, and rest of the day. Based on the average delay 

indicator, We calculate the 1-hour aggregate of the congestion level (CL) for every zone 

(zoning system is based on the 4 digits postcode): 
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Where lr is the length of segment r  in zone z. We consider 10 seconds delay for every kilometre 

in the peak period, as is recommended by Christidis and Rivas (2012) to identify if a zone is 

congested.  
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  (2.7) 

 

Where CIz,P is the congestion indicator which is 1 if the zone is congested and 0 otherwise.  In 

section 2.4.1, we explain how this indicator can come into use for analysing tour structure.  

2.3.3 Machine Learning 

Mining Commodity pickups for transport market segmentation 

Clustering the activity of carriers is an important preliminary step in understanding 

disaggregate patterns of tour structures, due to the heterogeneity of decision rules and 

conditions in different transport markets. In this section, we adopt a machine learning method 

that is used in the analysis of structured data collected from a sequence of activities of 

individuals such as in market basket analysis (Raeder and Chawla, 2011). We use this method 

for clustering transport markets considering their tour activities. To the best of our knowledge, 

this method, which we adapt in several ways for our purposes, has not been applied to 

transportation. The Classification of Products by Activity (i.e. CPA-classification) is an 

international standard that consists of a complete hierarchy of divisions, groups, and classes. 

This standard classifies companies based on their economic activity. The CPA-classification 

enables governments to describe companies according to the type of product that they produce. 

Since 1967, the standard goods classification for transport statistics (NST-R) has been used 

and linked to the CPA-classification at the European level (Liedtke and Schepperle, 2004). The 

NST-2007, for example, consists of 81 goods categories which are aggregated under 20 main 

commodity type chapters. Although NST-R gives a direct impression to the economic sectors, 

it is not clear how carriers can work with different sectors.  One carrier may just adopt his 

utilities to carry agricultural products while others may use other facilities to transport mineral 

products. These carriers may have different decision rules in planning their tours due to the 

sectors’ conditions and protocols. However, some carriers work with multiple sectors. This 

happens when there is an interaction between two or more sectors in the supply chain. 

Therefore, CPA-classification alone cannot be used to cluster transport markets accurately. To 

understand accurately how carriers’ tour planning rules differ, we need to cluster them based 

on the different sectors that they work with. In this section, we use an association rule mining 

technique to introduce a commodity pickup analysis. This analysis is to extract a set of frequent 

rules in pickup and delivery data to explain how carriers interact with multiple sectors. In this 

analysis, we have a set of Tours T={T1,T2,..,Tn} in the CBS freight transport diary database. 

Having a set of commodity items I={I1,I2,…,I3} which are the goods categories in NST-2007, 

each tour 𝑇𝑖 consists of a set of pickups with commodity types Ii (i.e. 𝑇𝑖 ⊆ 𝐼). We aim to extract 

strong rules like 𝐴 ⟹ 𝐵 which implies that carriers who transport commodity 𝐴 ⊂ 𝐼 are also 

willing to transport commodity 𝐵 ⊂ 𝐼 in their planned tours ( A and B are two disjoint subsets 

where 𝐴 ≠ 𝜙, 𝐵 ≠ 𝜙 , and 𝐴 ∩ 𝐵 = 𝜙). By definition, a rule is strong if the usefulness and 

certainty of that rule are higher than minimum thresholds. We can measure the usefulness and 

certainty of a rule using Support and Confidence indicators respectively.  

 

   Support A B P A B     (2.8) 
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Where Support is the probability that a carrier transports both commodity types A and B, and 

Confidence is the probability that a carrier works with sector B given that they also work with 

sector A. Although Confidence and Support can identify strong rules in data, some strong rules 

may happen randomly and thus we should not necessarily consider them as important rules. 

Therefore, another indicator that can capture the correlation between picking up commodity A 

and picking up B should be considered. This indicator is known as Lift.  
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   (2.10) 

The Lift indicator can get any value greater, equal, or less than 1. Lift equal to 1 means that the 

rule happened randomly while Lift greater than one implies that the occurrence of picking up 

commodities A and B has a higher chance than just a random occurrence. In other words, the 

Lift indicator considers the correlation between the occurrence of picking up commodity types 

A and B. Therefore, the greater the Lift is, the higher chance the rule has of occurring. 
 

The complexity of finding all strong and important rules is 2m − 1 for m items in the item set. 

This means that verifying all the possible rules in the database is, in some cases, impossible. 

However, algorithms like Apriori (Agrawal and Srikant, 1994) use the close-set and maximal-

set concepts to limit the search space and solve such complex problems. This algorithm 

iteratively uses a sequence of pruning and joining processes to capture the most prevalent rules 

with minimum Support and Confidence. Apriori algorithm is a non-parametric algorithm that 

can capture frequent patterns in a structured dataset. Despite other advanced machine learning 

algorithms like Bayesian networks, this algorithm makes no assumptions about the random 

variables and the dependencies among them. This makes it a good candidate for our analysis 

especially when the number of items in a set (here customers’ in a tour) is not too large. Based 

on the most important rules derived from this method, we can understand how carriers interact 

between different sectors and we can cluster transport markets into a number of submarkets 

with similar pickup and delivery patterns. We use the ‘arule’ package in R programing 

language (Hornik et al., 2005, Hahsler and Chelluboina, 2011) for implementation and discuss 

the result of this analysis in section 2.4.   

Multi-task decision tree for tour analysis 

Given all previous pre-processing steps, we can now take a step forward towards the 

development of a method for explaining the anatomy of tours for each of the submarkets. 

Several machine learning techniques can be used to classify or predict the characteristics of 

tours. There is a non-linear relation between feature space and dependent variables in this 

context. Therefore, we need a nonlinear method like kernel-based support vector machines or 

neural networks that can deal with such non-linearity. However, these methods usually suffer 

from a lack of interpretability. Among other machine learning techniques, there are two classes 

of methods that can deal simultaneously with non-linearity and interpretability. The first class 

is the generalized additive model (GAM) that was introduced by Hastie (1987). GAM is a sum 

of weighted smooth functions that apply transformations in the linear regression models. The 

focus of parameters in this approach is on the inference made by these smooth functions on the 

predictors. The second class is the Decision trees (DT) model which is a supervised learning 

method with a wide range of applications in both regression and classification problems 

(Breiman et al., 1984). This method obtains a set of rules by taking the interaction of covariates 
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and can explain the variability of the response variable by recursive partitioning of all the data 

according to the most significant covariate (Loh, 2014). In other words, a decision tree is a 

graphical representation of all paths to a decision under certain conditions.  These models are 

not only simple but also powerful to build descriptive models. They usually outperform other 

classic statistical models like linear regression (in regression problems) and logistic regression 

(in classification problems) if the relationship between covariates and response variables is 

highly non-linear. Compared to other black boxes non-linear machine learning predictors with 

high prediction accuracy, DT is fully explainable and descriptive. The other advantage of the 

Decision Tree method is that it makes no assumptions regarding the probability distribution of 

variables (as we do for instance in naive Bayesian classifiers) but is still able to identify 

explanatory variables and detect interactions among them. All these reasons made us choose 

to employ and enhance this methodology for our use. In the next section, we explain how and 

why this method is enhanced to be used for the structure of tour analysis.  
 

Most machine learning methods including decision trees usually support single target variables. 

However, In some use cases, it is important to model multiple target variables simultaneously.  

In the modelling terminology, if the target variables are categorical, then it is called multi-label 

or multi-target classification, and if the target variables are numerical, then we call it multi-

target regression (Borchani et al., 2015). Here, however, we want to construct a decision tree 

that can predict mixed discrete and integer target variables. The application of this problem is 

to predict the type of tour strategy (a categorical quantity), and its associated number of stops 

(an integer quantity) that take place within that strategy. There are some techniques to handle 

this problem:  

1) Create multiple single models each for one of the target variables. This method however 

does not consider the interaction and possible correlation between target variables.  

2) One can also create multiple single models each for one target variable with other target 

variables appended to the feature space. Although this method takes the interaction of target 

variables into account, there are some drawbacks. First, creating multiple models is difficult 

to interpret. Besides, in most of the statistical and machine learning models, we assume the 

attributes are independent. Therefore, putting target variables into the feature space may 

contradict this assumption. Also, this method can be interpreted as one target variable being 

conditioned on the others. It cannot be interpreted as a joint occurrence of them which is 

desired in our case.  

3) The third approach builds a single classification model that classes are a pairwise 

combination of the categorical variable with each level of an integer variable. This increase 

the number of class in the model and the model may not be tractable. A solution for this is 

to categorize the integer variable into a few classes. However, finding the right number of 

clusters for integer variables is still challenging.  

4) Using a multivariate distribution like Copula is another approach which in the case of 

integer-discrete variables may lead to a large number of classes with an imbalanced 

distribution which is challenging for most classification algorithms to search in such feature 

space.  

To handle the mentioned problems, we propose a new approach to build one single (unified) 

DT model with both integer and discrete target variables. In this case, a DT has to learn multiple 

tasks, i.e. regression and classification, simultaneously. Therefore we called this algorithm a 

Multi-Task Decision Tree (MTDT).  This approach neither requires discretizing target 

variables nor makes a large number of classes. It also does not make any assumption about the 

distribution of target variables and yet can take the dependency between them into account. To 

this end, we adopt the idea from ID4.5 algorithm proposed by Quinlan (2014) to introduce a 

new version of this algorithm, that can handle multiple mixed integers and categorical target 
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variables. We applied this algorithm to model the type-of-tour and the number of stops 

simultaneously. The ID4.5 algorithm starts splitting from the root node and continues on further 

nodes. The first step in a decision tree is to decide where to split. In other words, which feature 

should be used to split the data. For classification purposes, information gain (IG) is used to 

decide on a cut-point. Information gain is the measure of impurity or randomness and is the 

decrease in Shannon's entropy after the data set is split based on an attribute.  

( ) ( ) log( ( ))i i
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H C p C c p C c       (2.11) 

( | ) ( | ) log( ( | ))i i j t

j i

H C X p c x p c x     (2.12) 

( ) ( | )IG H C H C X     (2.13) 

 

Where xi is the possible levels in covariate X, and cj is the possible classes in target variable C.  
However, in regression models, the minimum sum of squared residuals (SSR) is used to reduce 

the variance in each of the subsets. In general, constructing a decision tree is all about 

successively finding the most significant attributes and splitting data in a way that returns the 

highest information gain (for classification) or minimum SSR (for regression). Since the 

measure of splitting in DT is different for discrete (information gain or IG) and continuous 

(variance reduction or SSR) variables, the node selection, and splitting phase becomes a multi-

objective decision-making process. In other words, we construct a tree finding attributes and 

splitting data in such a way that maximizes IG and minimizes the SSR at the same time, as in 

 

1min min ( )F SSR   (2.14) 

2max max ( )F IG   (2.15) 

These two decision-making criteria may contradict each other in some cases. For example, the 

attribute that increases information gain also may increase the sum of squared residuals. In this 

case, we may not be able to choose among some attributes since they have no priority against 

each other. To solve this problem, we used the non-dominated ranking approach proposed by 

(Deb et al., 2000). They introduced this approach to solve multi-objective optimization 

problems.  Here, we use the same line of thinking to rank attributes based on the number of 

times each attribute is dominated by the other attributes regarding both splitting criteria in 

modelling mixed target variables. We have a set of attributes A={x1,x2, …, xn} for which we 

have to determine their position as a node in the tree. By definition, dominance is  

 

' '
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Where d and d` represent dimensions of decision criteria F for attributes xi and xj.  

 

Algorithm 1: required steps to implement MTDT 

1. for each attribute in set A we calculate F1 and F2 

2. check the dominance of attributes  

3. rank attributes based on the number of times they are dominated and select Rank 1 set  

4. select the one attribute from the Rank 1 set based on a secondary criterion. 

5. split data based on the selected attribute 

6. check the pruning criteria to avoid overfitting 

7. repeat the process for each split  
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Although this algorithm can rank attributes based on multiple splitting criteria, still multiple 

attributes can be ranked similarly. To choose one of the attributes that are ranked 1, we need a 

secondary criterion. We introduce two approaches. 1) the modeler can give precedence to one 

of the criteria, i.e. either to the IG to prioritize classification or to the SSR to outweigh the 

regression. 2) the second approach is to select the attributes with the minimum distance to the 

ideal points. If there is one attribute in Rank 1, we select that one as the splitting criteria. If 

there are two attributes in the Rank 1 set, then we select the attributes with the closest distance 

to the zero points (0,0) which is the ideal point. In the case of more than two attributes in the 

Rank 1 set, we select the one with minimum distance to the middle point of the values of the 

objectives. Pseudo Code 1 gives a more systematic explanation of the entire process of 

including the ranking algorithm and selection of attributes. We implemented this algorithm in 

MATLAB R2019 using the statistics and Machine learning toolbox.  

 

Pseudo Code 1:Pseudo code Multi-task decision tree ( MTDT) 
A= list of attributes A={x1,x2, …, xn}  

F= calculate  information gain and  the minimum sum of squared error for all xi  

R=Rank(A,F) 

Rank1= R{1} 

Best_Node = use the secondary distance criterion to choose the best attribute from the Rank 1 set. 

Split  data on Best_Node and repeat the process for each split until the leaf node 

 

Function  R=Rank (A, F) 

             Sp=[]                           % is a list of attributes that are dominated by attribute p  

             np=0                            % is the number of times that attribute p is dominated by other attributes 

             R{1}= [] 

             for p in  A 

                      for q in A 

                              check if p dominates q 

                              then add p to the Sp list 

                              and np =np+1 

                              otherwise 

                              add q to the Sq list  

                              and nq=nq+1 

                     end 

                     check if np =0      % check which attributes are not dominated by any other attributes 

                     then R1=[R1  p] and Rank of p is 1 

            end 

            k=1 

            while true  

                    Q=[] 

                    for p in R1              % for all attribute that have rank 1  

                             for q in Sp  

                                      nq=nq-1 

                                      check if nq =0  

                                      then Q=[Q  q] and Rank of q is k+1 

                             end 

                     end 

                     check if Q is empty then Exit  

                      else 

                          Rk+1=Q 

                          k=k+1 

              end 

end 

 

Figure 2-2 clearly explains how we can select between attributes with similar ranks. F1 and F2 

are respectively the objective values for SSR and IG and d is the minimum distance to the 
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middle point (i.e. Fmid) of the values of the objective functions. Assume that we have i attributes 

that are ranked from 1 to 3. If we wanted to choose one attribute, the best would be the one 

with minimum 𝑑𝑖. The Fmid and d in Figure 2-2 are computed using formulas 2.17 and 2.18, 

where Fj
max and Fj

min are the maximum and minimum of the objective j. 
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Figure 2-2: Graphical representation of selecting attributes based on the secondary criterion 

 

We also used grid search with cross validation to control the depth of the tree and avoid 

overfitting. In summary, this algorithm is new in the following respects:  

 

1- It can simultaneously learn two tasks i.e. classification and regression  

2- It considers the correlation between discrete and continuous response variables and can 

predict a joint mixture 

3- It uses a non-dominant sorting approach to rank and select attributes under two splitting 

criteria  

 

As a measurement for the goodness-of-fit, we used the approach proposed by Arentze and 

Timmermans (2003) and (Kim et al., 2018). We list these measurements in Appendix A for 

presentation purposes.  

 

We used this algorithm for two use cases in this paper i.e. the time-of-day model and the type-

of-tour strategy model. In the next section, we present the result of the analysis based on the 

proposed rule-based modelling framework.  

2.4 Analysis and Results  

In the current section, we present the result of utilizing the zonal congestion level indicator. 

Secondly, we explain findings from the commodity pickup analysis and introduce 9 transport 

markets with their attributes. We also provide descriptive statistics of explanatory variables. 
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Finally, we explain results for the anatomy of tours for these transport markets through tour 

structure analysis.    

2.4.1 Preprocessing results 

Proximity to congested zones 

To use the congestion level indicator defined in Equation (2.7) in our analysis, first, we 

calculate the proximity of every zone to the congested zones, Because trucks may have to cross 

several congested zones to reach a destination that is close to or surrounded by congested zones. 

Proximity is defined as the Euclidean distance between the center of zones. We used the Jenks 

natural breaks classification method to identify different ranges of proximity to the congested 

PC4 zones. Figure 2-3 shows a heat map based on the proximity of the PC4 zones to congested 

zones for the morning peak period. Then we mark each zone as congested if it is close enough 

to a congested zone using a predefined threshold. It is important to keep this threshold small to 

only consider real congested zones and their surroundings. For this study, we selected the range 

5653-6423 (see Figure 2-3) as the threshold. That is all the zones with a proximity of fewer 

than 6423 meters to the center of congested zones are also considered congested. Decreasing 

this threshold to 0 means that there is no proximity considered and hence the effect of congested 

zones on their neighbors cannot be modeled. On the other hand, increasing the threshold would 

add more uncongested locations to the list of congested zones due to their proximity. This adds 

uncertainty to the model. The threshold, therefore, is selected in such a way that only 5% of 

uncongested locations will be added to the list of congested zones list due to their proximity. 

This way, there are relatively small to medium zones that are very close to the congested zones.  

Finally, we define two binary variables identifying if the first and later pick-up or delivery 

locations are in a congested zone at the time of arrival. This indicator gives us information on 

the variation of freight activity patterns based on the perception of the congestion.  

 

Figure 2-3: Zone clusters based on their proximity to congested zones (PC4 - postcodes) 
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Transport markets and their attributes 

In this section, we explain how we clustered transport markets into classes of homogeneous 

patterns, based on their tour activities. This leads to more accurate further modelling where 

specific patterns can be found inside each of these submarkets.  

 

We use the commodity pickup analysis proposed in section 2.3.3 to identify carriers that work 

with multiple sectors.  The minimum size of rules is set to 2 to exclude rules that identify 

carriers working with only one sector. Besides all these carriers that work with only one sector 

category (i.e. one NST-2007 categories), we find 57 important rules in the diary of carriers that 

work with multiple sectors based on the minimum support and confidence thresholds. Figure 

2-4 shows all these 57 rules with their support, confidence, and lift.  Although all these rules 

are considered as important, those with higher Lift, Confidence, and Support are the most 

important and certain rules.  

 

 

Figure 2-4: Specification of extracted rules from the diary of carriers 

 

Figure 2-5 provides a graphical representation of the extracted rules with more than 0.7 

confidence. There are a significant number of carriers that are active in both the food and 

agricultural industries. Although wood, rubber, grouped products, and fabricated metals are in 

different NST-R categories, we can see from the commodity pick-up analysis that these 

products have a high chance to be planned within the same tour of some carriers. This is 

because sometimes the raw material of industry belongs to a specific good category while the 

end product of it belongs to another class of goods. The extracted rules clearly show that 

carriers who are used to deliver raw materials to a firm also pick up the end products to deliver 

to a consumer or distribution center.  The same holds for chemical and petroleum products. For 

example, the basic organic chemical products are the raw material for pharmaceutical industries 

and we can see from Figure 2-5 that there is a high chance that these carriers who pick up basic 

organic chemical products also pick up pharmaceuticals.  
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Figure 2-5: Clusters of transport markets with inter-cluster and intra-cluster interactions 

In Figure 2-5, we can see the connections between Agricultural and Food products. This 

indicates how carriers connect industries between these two clusters as well as industries inside 

each of them. An example of the inter-cluster connection is substances of vegetable origins 

(e.g. seeds, stems, and roots) which are raw materials for potatoes, fresh fruit, vegetable, and 

flower industries. An example of an intra-cluster connection is the fact that fresh fruit and 

vegetables are resources for processed fruit/vegetables and food industries.  
 

We can use the results of this algorithm to explore the probability of occurrence for all 

significant rules that can explain activities regarding one selected good category. For instance, 

Figure 2-6 shows the industries that produce trips for empty pallets on their tours.  

 

 

 

Figure 2-6: Industries with a high probability to produce empty trips 
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Trips with empty pallets are an important part of tours. Some industries avoid having such 

empty trips on their tour while it may be indispensable for other industries. From a 

transportation management point of view, it is important to understand which industries have 

a higher chance to produce such trips. Figure 2-6 shows 7 significant rules that indicate sectors 

with a higher chance of having empty trips in their tours. For instance, trips with empty pallets 

have a higher chance to occur in transporting parcels and rubber or plastic products. The same 

holds for meat products, food industries, and processed and fresh fruits and vegetables.  

 

As we can see from the above analysis, analyzing the structure of tours requires an 

understanding of the interaction between multiple sectors. Even carriers that work with one 

category of goods type, may have interaction between multiple industries within that category. 

Having extracted these interactions from the tour database, we can now cluster the transport 

market into the 9 most frequently occurring transport categories in the Netherlands. For each 

of these, we can then analyze the structure of tours of carriers. Table 2-1 shows the frequency 

of each of these submarkets in the database after data cleaning and pre-processing. 

Table 2-1:  Number of observations in each transport market. 

Transport markets Number of observation 

Total number of tours 16891 
Tours with fresh fruit and vegetables 

Number of tours with flowers and live plants 

3304 

Tours with Flowers and live plants 

 

772 
Tours with Agricultural Products 

 

3768 

Tours with Food industries 

 

1172 
Tours with Agricultural-food 1290 

Tours with Chemical and petroleum   1977 

Tours with Construction materials 

 

1038 
Tours with Parcels & small packages 

 

1693 

Tours with Miscellaneous goods  1877 

2.4.2 Explanatory variables 

Table 2-2 indicates the sets of explanatory and response variables. They are classified into five 

categories including temporal variables, spatial variables, shipment characteristics, vehicle 

characteristics and operational attributes.  

 

Table 2-2: List of variables and their description 

Variable Type of 

variable 

Description 

Temporal variables    

Day of week 
Explanatory 0:Monday, 1:Tuesday, 2: Wednesday, 3: Thursday, 

4: Friday, 5: Saturday, 6: Sunday 

Departure time  Response 

1 : Morning (6:13-10:38), 

2: Midday [10:38-14:53), 

3:Afternoon  [14:53-19:32), 

4: Night [19:32-6:13) 

Spatial variables    

Visit distribution centers 
Explanatory 1: if any distribution center is visited within a tour, 

0: otherwise 

Visit transshipment terminals  
Explanatory 1: if any transshipment terminal is visited within a 

tour, 0: otherwise 

Congestion status of first intermediate 

stop  

Explanatory 1: if the visited location is marked as congested, 0: 

otherwise 

Congestion status of other intermediate 

stops 

Explanatory 1: if the visited location is marked as congested, 0: 

otherwise 
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Table 2-2 (continued)  

Shipment characteristics    

Weight factor of first loading location  Explanatory (0,1] 

The number of commodities Explanatory Min=1, max=825 

Empty container/pallets 
Explanatory 1: if the tour includes trips with empty pallets or 

empty container 

Vehicle characteristics    

Vehicle Type Explanatory 0: truck, 1 Trailer 

Trip/tour operational attributes     

The average tour length Explanatory Min= 0, max ≈150 

Type of Tour  Response Direct, collection, distribution 

Number of stops Response Min=1 Max= 33 

 

The temporal attributes include the day of the week as an explanatory variable and departure 

time of tours as a response variable. The departure time of the tour is a continuous variable 

reported in minutes (0 to 1440). To keep the model tractable and reasonably simple, we 

categorized this variable into four clusters. We used the distribution of observed departure 

times to systematically come up with these categories. For this, we used a density-based 

clustering technique that converts a continuous variable into factors using frequency and/or 

density of the variables ( for more information, see the discretize function in the arule package 

in R programming language  (Hahsler et al., 2021)). This way, the categories follow the 

observed pattern in the distribution of the data. This method suggested five categories: 

 

1- [0,373) minutes which is equal to [0:00, 6:13), labelled as Night 

2- [373,638) minutes which is equivalent to [6:13,10:38), labelled as Morning 

3- [638,893) minutes which is equivalent to [10:38,14:53) ,labelled as Midday  

4- [893,1172) minutes which is equivalent to [14:53,19:32), labelled as Afternoon, 

5- [1172,1439] minutes which is equivalent to [19:32,23:59) labelled as Night. 

 

For better presentation, we label these categorized times of the day departure time as Night, 

Morning, Midday, and Afternoon. Note that, we combined the first and the fifth category as 

we have very few observations in these categories and they both belong to the night or early 

morning transport when it is outside of the regular working hours.  

 

The spatial variables relate to the characteristics and land use of the visited location in a tour. 

This includes the activity type of the visited firm and the congestion state of the visited zone 

where a visited firm is located in. T the visited firm could have three types of activity i.e. 

transshipment terminal, distribution centre, or a producer/consumer of the goods. Dummy 

variables are created from the activity types of the visited firms.  The state of the congestion 

for the first and intermediate visiting locations are also coded as binary variables. In section 

2.3.2, we explained how the congestion state of each zone is calculated for each hour of the 

day. To make use of this variable, we calculated the arrival time to each visited zone based on 

the observed departure time of the tour assuming that trucks took the shortest path between two 

pairs of zones. The status of each visited zone is considered as 1 if the zone is congested at the 

time of arrival and 0 otherwise.   

 

The shipment characteristics relate to the size of the shipment. Shipment size can be explained 

by three aspects i.e. dimensions, weight, and the number of commodities. Among these three, 

the dimensions of the commodities are not observable to us from the available data. Therefore, 

we only used the last two for our analysis. We normalized the weight of shipments based on 

the maximum weight of similar commodities transported in a market. 
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This is a factor between (0,1] where the shipments with a weight factor (WF) closer to 0 are 

considered heavy weighted. This variable only accounts for the shipments loaded in the first 

loading location in a tour. Note that we are not modelling the trip sequences in a tour in this 

study. Therefore, the weight of shipment in all the pickup and delivery locations cannot be a 

factor in this analysis. Amongst all these visiting locations, however, the weight factor of the 

shipment in the first loading location can play a significant role in identifying the type of tours 

and the number of stops. 

 

The number of commodities varies between 1 and 825 depending on different transport 

markets.  We also considered shipments that are aimed at transporting empty containers or 

pallets to depots. This variable indicates whether or not such shipment is included in a tour.  

 

We considered vehicle type as a candidate explanatory variable for vehicle characteristics. 

Trucks and trailers are two reported vehicle types in the tour data. We created a dummy variable 

based on the type of vehicle.  

 

Tour/trip operational attributes relate to the operational characteristics of the trucking 

companies.  We define one explanatory and two response variables in this category. The 

explanatory variable is the average tour length and the response variables are the type of tours 

and number of stops respectively.  

 

Shipments represent the flow of goods between loading and unloading locations. In practice, 

shipments are transported with commercial vehicles in an optimum way. This makes vehicle 

operations more complex as compared to direct shipments between loading and unloading 

locations. Vehicle operations consist of trips and tours. Trips are the movement of a 

commercial vehicle between two logistic nodes and a tour is a sequence of multiple trips. In 

previous research (Ruan et al., 2012, Alho et al., 2019), tours were classified into various kind 

including (1) direct; (2) distribution, and (3) collection tours. Figure 2-7 shows the relationships 

between shipments and vehicle flows.   
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Figure 2-7: Shipments and vehicle operations for 3 types of tour 

 

Tours are of different sizes and their size can be related to the number of stops/visits that occur 

in a tour. The number of stops varies between 1 and 33 depending on the transport market. The 

average tour length is a variable that captures the relative distance of a group of consumers to 

the start location of a tour. This indicates how far or close a set of customers are to the carrier. 

This variable varies depending on different tour type categories, different trucking companies, 

and different transport markets and distinguishes between local and long haul transport 

patterns. Please note that this variable is not the average trip length for an observed tour since 

this quantity is not clear to the planners before planning the tour. Instead, this is a simple 

inference-based location of the costumers that indicates the relative spatial relationship 

between each carrier and its customers. For example, some companies have longer average 

tour length in each of the tour type categories and some other companies serve more local 

customers.  

 

Figure 2-8: Presentation of the average tour length 

 

Tour length is the distance between carrier and a hypothetical costumer �̃� representative of all 

the customers that have to be visited on a tour. The �̃�  is located in the geometric median of the 

customers. That is a place that has a minimum sum of the distance to all the customers ( see 

Figure 2-8).  
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Given the above variable descriptions, we propose a method to analyze the structure of tours 

for each of these submarkets in the next section. 

2.4.3 Extracted knowledge from tour structures 

In this section, first, we evaluate the performance of two decision tree models, developed to 

study the structure of tours in freight activity of the 9 freight transport markets segmented as 

described above. Then, we discuss the rules identified from these two models. The first model 

explains the patterns in departure times of tours, while the other model provides an 

understanding of the identification of the type of tours. Additionally, this latter model 

simultaneously predicts the average number of stops per tour type using the MTDT approach 

proposed in section 2.3.3.  

 

In this study, we used a random sample of 80% of the data to estimate the models and the rest 

to test the (predictive) performance of the models. For the training set, we used 10-fold cross-

validation with 10% validation set to control the depth of the trees as well as the bias-variance 

trade-off. Table 2-3 provides the performance and accuracy of the selected models with the 

global commodity type as the root node. The metrics are the average of 100 runs of the fitted 

trees on the test data.  

  

As we can see from this table, Cohen’s kappa statistics are within the substantial agreement 

range (0.6-0.8) for both models. The lower Macro-F1 than Micro-F1 scores suggest that the 

class distributions are slightly imbalanced for both models. This is a common problem for time-

of-day models since the departure time of vehicles are not equally distributed over different 

time slots. However, we used Synthetic Minority Over-sampling Technique (Chawla et al., 

2002) to reduce this effect as much as possible. With this technique, a synthetic tour departure 

time is generated for the minority class by randomly drawing from the existing tours and 

perturbing the attributes towards the average of the class attributes. The one-vs-all average 

accuracy (72 %) for the time-of-day model is relatively acceptable according to our application 

domain. The weighted random guess (WRG) accuracy indicates that both models perform far 

better than a model with predictions by chance. The results show the goodness-of-fit ρ=0.6 for 

time-of-day and ρ=0.78 for the type-of-tour model. It implies that the type of tour model is 

easier to predict as compared to the time-of-day model. Both models suggest a relatively high 

improvement in goodness-of-fit compared to that of the root models.  
 

Table 2-3:Models performance and accuracy for the out-of-sample validation set 

 Macro-F1 Micro-F1 One-vs-all kappa WRG ρ Ρroot ρincr R2 

Time-of-day 

model 
0.57 0.65 0.72 0.79 0.28 0.60 0.23 0.48 - 

Type-of-tour 

model 
0.73 0.81 0.92 0.68 0.41 0.78 0.55 0.51 0.71 
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Among the extracted rules with the two decision tree models, we can seek answers to questions 

like 1) how do external conditions affect peak-hour tour occurrence? 2) how do different 

logistics activities influence departure time and tour structure? 3) how do transport costs 

determine the structure of tours? 4) how does the number of commodities affects the scheduling 

of tours? and 5) how does vehicle type affect routing and scheduling of shipments?  In order to 

demonstrate how these questions can be addressed, we first discuss one example in detail: food 

industries and agricultural products. Next, the results for other transport markets are presented.  

 

Agricultural freight consists of products from farmlands to shops, markets and exports to other 

countries. Such freight encompasses a wide range of perishable goods such as vegetables, 

fruits, potatoes, tomatoes, cereals, livestock, raw milk, honey, and fish. The transportation of 

agricultural goods often faces challenges as it requires tight time schedules, high capacity and 

specialized equipment for loading, unloading and keeping products fresh. On the other hand, 

the quality, quantity and safety of food products rely on the efficiency of the food distribution 

system. This requires specialization not only in processing but also in transporting food 

products. For example, the food transportation market has adopted its functionality of keeping 

food fresh for an extended period through refrigerated containers. 

 

Agricultural farming and food industries are part of the food supply chain system which ranges 

from seeds, fertilizers and pesticides, farming, processing, and distribution to satisfy the 

demand for food. Therefore, understanding the significance of food supply chains requires 

comprehensive modelling since they include much more than a simple transport consideration, 

and involve coordinated activities. We focus here on movements from agricultural farming to 

the food industry. We build DT models to understand the main time-of-day patterns and tour 

patterns independently. Figure 2-9 and Figure 2-10 present the trees. Each DT model is 

composed of nodes, which are numbered from the root, e.g. the top-node 1 in Figure 2-9, via 

internal nodes to the so-called leaf nodes (the bottom row of nodes: 3, 5, 8, 9, etc.). Every leaf 

node consists of the probability distribution of target variables. This tree reveals the rules 

related to congestion, logistics nodes, transport costs, number of commodities per tour and 

empty trips, and type of vehicle used. As such it helps to answer our main questions. We discuss 

these in the remainder of this section.  
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Figure 2-9: Estimated tree structure for time-of-day modelling of Agricultural-Food transport. 

 

Figure 2-10:Estimated tree structure for type-of-tour modelling of Agricultural-Food 

transport. 
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Spatial variables: Congestion related Rules 

To comprehend the time of day strategies in this market, we look at nodes related to the 

congestion indicator of the first and later intermediate stops. Both models indicate that the 

congestion state of the first pickup or delivery locations does not significantly change the 

departure time of tours in this market. Significant rules that identify the structure of tours facing 

later congested zones in their tour are: 

 

 Comparing leaf node 5 with leaf nodes 8, 9, and 10 in Figure 2-9 indicates that the chance 

of scheduling a tour before morning peak hours (before 6:00 AM) increases if visiting pick-

up or delivery locations are located in congested zones. 

 In general, planners in this market schedule direct or collection tours (depending on the 

number of commodities) more often if there is no congestion (nodes 11 and 16, Figure 2-9). 

However, customers are served in distribution-type tours if they are located in congested 

zones (node 10, Figure 2-9). 

Spatial variables: Logistic Nodes specific rules 

In this study, we considered three types of logistics nodes that are often visited within 

scheduled tours: distribution centers (DC), transshipment terminals (TT), and 

producers/consumers. From model 1, we obtain two rules regarding the departure time of tours 

visiting distribution centers or terminals (Figure 2-9, nodes: 17, 19, 20, 25). 

 

 If DC is nearby (less than 22 km) →Tours have a higher chance to depart during the 

morning peak  

 If DC is far away (more than 22 km) → Tours have a higher chance to depart off-peak 

(Midday or Night) 

 If TT visited during a tour → Tours have a higher probability to depart off-peaks (Midday 

or Night) 

 

The second model does not show any significant rule for transshipment terminals. This is 

because of the diversity in types of tours for the export and import of agricultural-food products. 

It does identify tours visiting DC as ones that are usually planned in a collection tour, with 3 

stops on average.  

Shipment characteristics   

One of the most important features to predict time-of-day and type of tour activities is the 

shipment characteristics. In this study, shipment characteristics are translated into the number 

of commodities, weight factor, and transportation of empty pallets/containers. The following 

rules are obtained: 

 

 From Figure 2-9, nodes 1 and 6, we can see that planners generally plan tours with more 

commodities in the off-peak periods. One possible explanation for this rule is that the 

loading time is higher in this case and they must be scheduled in a way to avoid the peak 

periods and arrive on time. on the contrary, the chance of peak period departure time 

increases if the number of commodities decreases.  

 Tours between food manufacturers and agricultural producers are often planned in either 

distribution or collection types. However, the probability of planning direct tours between 

them slightly increases for loads of lighter weights (comparing nodes 6 and 7 with 8 and 14 

with 16). We elaborated on this rule further in the discussion section.  
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 Despite the time-of-day model, the type-of-tour model suggests that transporting empty 

pallets in a planned tour is more likely to take place in a collection tour with a relatively low 

number of stops (7 stops on average). 

Vehicle characteristics  

The type of vehicle is also one of the significant explanatory variables in both models. We have 

two kinds of vehicles, i.e. truck and trailer, in our sample data. The following rules are obtained 

from the models.  

Mode 1 (Figure 2-9): 

 

 Although tours are often planned in off-peak, trucks still have a high chance of starting a 

tour during the Afternoon peak depending on the Tour length.  

 However, trailer combinations usually start a tour off-peak either in Midday or Nights when 

there is no congestion. Planners also may plan a tour with a trailer in the morning period if 

the average tour length is relatively low (< 22 km). 

Model 2 also indicates that planned tours with trailers have fewer stops (2 on average) than 

trucks ( 9 on average) in distribution tours.  

Tour/Trip operational attributes  

In this study, we used the average trip length as a measurement to capture the relative adjutancy 

of customers to each other and the carrier. This variable distinguishes between local and long-

distance transport and its impact on the time of day and type of tour patterns. We obtain the 

following rules to address question 3. 

 In general, Figure 2-9 shows that tours with long average trip lengths are more likely to 

depart at night. Carriers should deliver commodities during working hours. Therefore, they 

commence the tour at night/early morning to both avoid congestion and arrive during 

working hours. 

 We can see from Figure 2-10– nodes 20, 22, and 23 that the shorter the average trip length, 

the shorter the number of stops in the collection type of tour. In other words, planners may 

serve fewer local customers in one tour in a short distance and more customers over long 

distances. 

All the transport markets 

Similar to this analysis for transport movements between the agricultural and food industries, 

we have applied the models to extract knowledge for all 9 transport markets. Although decision 

trees are self-explanatory and can be easily understood following the paths from the root of the 

tree to leaf nodes, it is of interest to evaluate the quantitative effect of each of the covariates on 

the response variables. This helps the researcher to get a more global understanding of the 

model’s parameters. As rule-based systems such as decision trees are non-parametric we cannot 

directly capture such quantitative effects. To cope with this problem, we utilized the measures 

proposed by Arentze and Timmermans (2003) and used in many applications such as Kim et 

al. (2018). These indicators quantify the magnitude and the direction of the impact of the 

covariates in the predicted response variable. These measures are calculated using a confusion 

table derived from the prediction results of each of the models. We calculate the magnitude of 

the impact (MI) of the covariates on the response variables as follows:  
 

'( , )vi vi viMI g f f    (2.22) 
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Where g is a function that measures the distance (e.g. Chi-square, likelihood, etc.) between two 

tables of quantities. We used Chi-square statistics in this study for the function  𝑔. 𝑓𝑣𝑖 is the 

predicted frequency table for covariate v on response variable i and the 𝑓𝑣𝑖
′  is the expected 

frequency table assuming that the covariates v has no impact on the response variable. The 

overall impact of the covariate v on the response variable is the sum of the impacts across all 

the alternatives in the response variable.  

v vi

i

MI MI    (2.23) 

 

Besides the magnitude of the impact, the direction of the impact is also important for the 

interpretation of the models.  The measure for the direction of the impact is as, 
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In this formulation the 𝑓𝑖,𝑗 is the frequency of the predicted alternative i  in the response variable 

given the jth alternative in covariate v.  This measurement can take any values between -1 and 

1. If one covariate has a monotonically increasing impact, the 𝐷𝐼𝑣𝑖 equals 1. It would be -1 

provided that the covariate v has a monotonically decreasing impact. The 𝐷𝐼𝑣𝑖 between -1 and 

1 indicates that the impact of the covariate on v on the alternative i in response variable is non-

monotonous regarding its positive or negative sign. This measurement, however, has no 

meaningful interpretation for covariates that are unordered (such as weekdays (S. Kim et al., 

2017). We calculated the magnitude and direction of the impact for all the significant covariates 

derived from time-of-day and type-of-tour models. These measures are normalized across all 

covariates and the complete results are presented in Tables B-1 and B-2 in Appendix B. These 

results indicate that the principles behind the structure of tours in freight activity can largely be 

understood under the contexts of time of day and type of tour and number of stops. The most 

salient findings however are discussed here. From Figure 2-11, we select a number of the most 

noticeable findings for further discussion.  weight factor turns out to be irrelevant in time-of-

day patterns for all sectors. Whereas it is an important factor with a relatively high magnitude 

of impact on type-of-day patterns in all the sectors except flowers and construction materials.  

The congestion level of the visiting locations is among the top three most important variables 

that have a high impact on both the time of day and type of tour activities. 
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Figure 2-11:The overall magnitude of the impact (MIv) of the covariates on the response 

variables across all sectors. 

Regarding the direction of the impacts on time of day, the sign of impact (DIvi), for the 

Agricultural, construction, and food industry transport markets (see Figure 2-12(a)), suggests 

a negative impact of visiting a congested zone on departure time slot (i.e. DI1: Morning) while 

the impact is positive for the night/early morning departure time (i.e. DI4). On contrary, the 

signs of impact for parcels and package markets are all positive with a high magnitude for the 

morning and afternoon peak periods. That is the chance of departure is high for these periods 

even if the locations are congested. This is mainly because the parcels and packages should 

often be delivered before or after working hours of households which matches the time slots  

DI1: Morning and DI3: Afternoon. Regarding the time of day patterns, visiting transshipment 

terminals (TT) is also one of the most important variables (see Figure 2-11). 

 

Figure 2-12(b) compares five different transport markets concerning visiting TT. Visiting TT 

has a negative impact on all the time slots for food and fresh fruit and vegetables with a larger 

impact on morning and night departures. This implies that there is a higher chance for departure 

at Midday and Afternoon for these industries. However, For the chemical and petroleum, and 

construction materials transport markets, visiting TT has a positive impact on the time slot 

Afternoon. 
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Figure 2-12: Time-of-day interpretation of sign and magnitude of impact for congestion and 

visiting transshipment terminals 

Regarding the impact of congestion on type-of-tour strategies, we can see from Table B-2 

(Appendix B) that in all markets, facing a congested location has a negative impact on direct 

tours. This can imply that carriers often avoid planning direct tours when their customers are 

in congested zones. In sum, these signs and magnitudes are in line with the findings from the 

structure of the decision trees and our expectations. We summarize all these findings in Table 

2-4. It provides a catalog of results for the different commodities (table rows), by summarizing 

the dependence structure of tours for the various contextual factors (columns), that result from 

the analysis. In the next section, we highlight the overall and most salient findings from the 

analysis.  
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Table 2-4: Comparison of the tour characteristics and strategies for the segmented transport markets. 

Transport market Dealing with congestion  Influence of logistic nodes Relation with tour length Size of shipments  Vehicle types 

Fresh Fruit and 

vegetables 

 Planners avoid planning tours in the 

morning if the zone is congested.  

 Tours are often planned off-peak. 

 Facing congested zones→ plan in 

collection or distribution type of 

tours.  

If DC visited, tours are often planned in 

the Afternoon.  
If  TT visited type of tour is often direct.  

Larger tour length > 64 km → type 

of tour: direct or collection  
 More shipments > 7 the 

higher chance for 

distribution type of tours. 

 lighter weights (higher 

weight factor) lead to a 

lower probability of direct 

tours.  
 

Trailers are less used for 

collection types of tours.  

Flowers and live 

plants 

 Tours depart morning even if the 

customers are in congested zones.  

 Congested zones→ collection or 

distribution type of tour  

 Uncongested zones → direct type of 

tours  

No significant rule.  Tour length > 107 → increases 

the chance for planning tours in 

early morning/night or daytime 

off-peak hours(midday). 

 Tour length < 107  → plan 

tours in the morning even if 
customers are in congested 

zones.  

 The more shipments the 

higher the chance for early 

morning/ night departure 

time.  

 The weight factor is not 

significant neither in time 
of day nor in the type of 

tour patterns.   

 Trucks are often 

scheduled for off-peak hours 

departure schemes.  

 Trailers usually 

depart in the early morning 

except on Sundays.  

Agricultural 

Products 

 congested zones→ Tours depart in 

the early morning or at night if the 

average Tour length visiting 
locations is more than 64 km. 

 congested zones→ tours with a 

lower number of commodities 
usually do not avoid the peak 

period. 

 congested zones→ tour type: 

collection or distribution. 

 not congested zone→ tour type: 

direct.  

 departure time→ 

{
Morning,                  Tourdist≤64 km

Afternoon,  64 km<Tourdist≤95 km
Night,                     Tourdist>95 km

 

 Tours visiting transshipment 

terminals are usually planned in a 

collection type of tour with four stops 
on average. 

 Long tour distances → 

night/early morning departure. 

 Short Tour lengths→ higher the 

number of stops. 

 

 Tours with more than 2 

shipments planned in the 

early morning or night 
delivery. 

 No rule for empty trip or 

collection of empty pallets  

 Tour type→ 

{
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛,   𝑁𝑐𝑜𝑚𝑚𝑜𝑑𝑖𝑡𝑦 > 7

𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛,   𝑁𝑐𝑜𝑚𝑚𝑜𝑑𝑖𝑡𝑦  ≤ 7
 

 lighter weights→ lower the 
probability of direct tours.  

 Trucks: start a tour in 

the afternoon. 

 Trailers: usually 

depart in the morning and also 

in the afternoon when there is 

no congestion. 

Food industries  congested zones→ before the 

morning peak departure. 

 Congested zones → collection or 

distribution tours 

 Uncongested zones → direct tours 

 If DC visited →  the chance 

for Morning departure time is higher.  

 If TT visited → the chance 

for Midday departure time is higher. 

 If TT and DC both visited → 

collection type of tour with a low 

number of stops.  

 Tour length > 44 km → early 

morning or night departure 

time.  

 Tour length < 64 km → the 

chance for direct tour increases  

 Tour length > 64 km → 

distribution type of tour 

 The higher the number of 

shipments the higher the 

chance for a morning 

departure time. 

 lighter weights→ lower the 

probability of direct tours. 

 Planners plan tours for a trailer 

in the early morning/night 

departure scheme. Whereas 

trucks are usually planned 
between 11:00 and 15:00. 

Agricultural-food  congested zones→ tours depart 

early morning. 

 congested zones→ tour type: direct 

or collection 

 not congested zone→ tour type: 

distribution 

 DC is nearby →Tours depart during 

the morning peak. 

 DC is far away → Tours depart off-

peak (midday or night). 

 TT is visited → Tours depart off-

peaks (midday or night). 

 DC has visited → the collection with 

3 stops. 

 Long Tour lengths → 

night/early morning departure. 

 Short Tour lengths→ lower the 

number of stops. 

 Long Tour lengths → more 

number of stops. 

 

 Tours with more  shipments 

are planned in the off-peak 

period 

 Empty pallets are planned 

in collection type of tours 

with a lower number of 
stops   

 Trucks: stating a tour during 

evening peak depending on the 

Tour length. 

 Trailers: usually start a tour 

off-peak. 

 Trucks: relatively higher 

number of stops.  
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Transport market Dealing with congestion  Influence of logistic nodes Relation with tour length Size of shipments  Vehicle types 

 lighter weights → higher 

the probability of direct 

tours. 

Chemical and 

petroleum  

products  

 The probability of departure 

schedule for morning is high even if 

the vising locations are congested 
for the local customers. 

 Tours are planned in off-peak early 

morning or night if the customer is 

in the congested zone and the Tour 

length is higher than 22 km  

 Congested zones→ type of tour 

distribution or collection based on 
other conditions.  

 Uncongested zones→ direct 

 Planners plan in the afternoon to visit 

Transshipment terminals with a direct 

type of tour.  

 If DC visited  → for local customers 

(distance < 22 km) tours depart in the 
morning and for Tour lengths > 22 

km but less than 107 km tours start at 

early morning/night time.  

 for  Tour length > 107 km→ 

tours starts between 11:00 and 

15:00 

 longer Tour lengths reduce the 

number of stops in distribution 
type of tours 

 More than 7 shipments → 

morning off-peak departure. 

 If empty container → 

morning off-peak departure 

in distribution type of tour 
with 2 stops on average. 

 lighter weights→ lower the 

probability of direct tours. 

 Trucks are more likely to 

depart in the morning or 

afternoon depending on the 
congestion level of the visiting 

zones.  

 Trailers are more likely to 

depart between night or early 

morning. 

 Trailers: tour type: direct 

 Trucks: direct tours, but the 

chance for distribution tours 

increases 

Construction 

materials 

 pick up point is congested → the 

chance for departure time schedules 

in Midday increases. 

 congested zones→ tour type: 

distribution or collection depending 
on the number of commodities and 

vehicle types 

 not congested → direct tours 

 If DC visited →The chance for 

morning peak departure decreases 

especially if the visiting locations are 
congested  

 If TT visited → planners typically 

schedule tours at midday.  

 If DC visited → tour type: direct with 

a slight increase in the chance of 

distribution tours.  

 Long Tour lengths greater than 

107 km→ night/early morning 

departure. 

 Short Tour length less than 42 

→ Morning departure. 
 

 more than 7 shipments → 

morning off-peak departure.  

 less than 7 shipments → 

type of tour: direct 

 more than 7 shipments → 

type of tour: distribution  

 The weight factor is not 

significant. 

 No significant rules for 

departure time.  

 Planners use trucks for trips 

with 14 stops on average 

whereas trailers are often used 
for tours with 4 stops on 

average.  

Parcels & small 

packages 

 The chance for morning or evening 

peak period departure is relatively 

high even if the visiting locations are 

in congested zones.  

 Congested → Type of tour: Delivery 

or collection  

 Uncongested → direct tours 

If DC visited → Although parcels were 
transported mostly in the evening peak 

period, the chance for night delivery 

increases.  
 

The longer the Tour length → The 
higher chance for night departure 

time. 

 Empty pallets are collected 

in tours with 4 stops on 

average.  

 The probability of 

collection tours increases 

for lighter weights.  
 

 Trailers have a higher chance 

of departing during the 

evening peak period as 

compared to trucks.  

 Trailers are used for direct and 

collection tours whereas trucks 
are used for distribution.  

Miscellaneous 

goods  

 Congested → although the chance 

for early morning departure 

increases, the majority of tours still 

depart in morning or evening peak 
hours.  

 Congested → type of tour: collection 

or distribution  

 Uncongested → type of tour: direct 

 If DC should be visited→ the chance 

for morning and evening peak period 

departure increases even if the 

location is congested. 

 If DC is not visited→ planners often 

schedule tours in midday or early 
morning/night period.    

 No significant rules for the type of 

tour strategies.  

 Long Tour lengths greater than 

107 km → night/early morning 

departure unless DC should be 

visited. 

 A short trip with less than 107 

km → tours are often scheduled 
within the morning or evening 

peak period.  

 Tours with longer than 64 km  

→ direct tours 

 The larger number of 

shipments (greater than 7) 

in the first pickup point 

makes dispatchers plan 
tours in the early 

morning/night scheme.  

 Empty pallets are carried 

mostly in the distribution 

type of tours.  

 The probability for direct 

tour decreases for lighter 
weight. 

 Despite trucks, the departure 

time of trailers is usually 

planned in midday or early 

morning.    

 Dispatchers plan distribution 

tours for trucks whereas direct 
tours are often planned for 

trailers.   
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2.5 Discussion 

In order to assess the ability of the proposed methods to extract meaningful and acceptable 

knowledge about the anatomy of tours, we summarize our main findings below and include an 

initial validation of outcomes against the existing literature.  

 

The case of analyzing the structure of tours demonstrated that the new method and model 

proposed is capable of distilling valuable knowledge from large freight tour databases. This is 

the first main finding from our research. The accuracy of the proposed model is better as 

compared to similar approaches in the literature. For example, Khan and Machemehl (2017a) 

reported Rho-Square and adjusted Rho-Square of 0.56 and 0.52 respectively for the type-of-

tour model using discrete-continues extreme value modelling. Whereas, the Rho and adjusted 

Rho for our model is 0.78 and 0.51 respectively. Similarly, for the time of day modelling 

reported Rho-Square and adjusted Rho-Square are 0.275 (our method reports 0.6) and  0.271 

(our method reports 0.48) using the multinomial Logit model (De Jong et al., 2016). One reason 

for these differences is the homogeneity in tour data made by successfully applying our 

proposed method for the segmentation of transport markets taking tours and the activity of 

carriers into account (results are presented in 2.4.1).  

   

The results of analyzing the structure of tours for all transport markets (see Table 2-4) shows 

that most of the transport markets are sensitive to congestion except carriers transporting 

miscellaneous goods, parcels and small packages or flowers and live plants. They still plan 

tours during morning peaks even if the visiting locations are congested. One possible reason for 

this is less demand flexibility and tight time windows in these industries. Another reason may 

be that these markets (especially parcels and small packages) often have high demand and hence 

not enough trucks to serve all demand in off-peak. This finding is in line with Holguín-Veras 

et al. (2008) who report that carriers transporting food, wood, metal, or construction materials 

are relatively responsive to off-peak period policies to avoid congestion or extra transport costs.  

 

Interestingly, our result showed that exclusive of the Agricultural-food markets, planners prefer 

direct tours if they face no congested zone, and they prefer distribution or collection otherwise. 

This result is intuitive since in most sectors direct tours are more efficient for large shipment 

sizes which require special facilities and more handling time for loading and unloading. In cases 

where customers are in congested areas, however, it would be more efficient for carriers to un 

consolidate shipments into a smaller size to reduce waiting time at congested areas, and instead, 

bundle multiple customers to maximize their capacity utilization. Nonetheless, for the 

Agricultural-Food markets, the evidence seems to suggest otherwise. Although Khan and 

Machemehl (2017a) did not consider the impact of congestion on the type of tour, they reported, 

in general, that distribution and collection is the most likely tour chain pattern to ship farm 

products and foods, which aligned well with our findings.  

 

The Chemical and petroleum transport markets are more sensitive to congestion for local 

customers (e.g. gas stations) than for long-distance trips. This is because the destinations of the 

long-distance trips are often factories or industries with tight time windows. Carriers avoid peak 

hours in all industries while visiting transshipment terminals. However, the rules for visiting 

DCs differ from one industry to another. Visits to DCs in most of the transport markets occur 

during morning or afternoon peak periods, even if the locations are congested. While some 

markets, like fresh fruits and vegetables, have tours in the afternoon, other markets, like food 

industries and agricultural-food markets, plan tours in the morning. A plausible explanation is 
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that fresh products are moved during the day before they are sold to be available for clients 

early in the morning, whereas food products can stay in distribution centers for a longer period. 

There are no freight time-of-day models in the literature that allow a systematic comparison for 

multiple products. The only relevant study is De Jong et al. (2016) who reported that the period 

19:00 to 05:00 (night delivery) is the most preferred delivery period for wholesaler receivers 

on long distances. This aligns well with our finding (see Table 2-4) that in all transport markets, 

except Miscellaneous goods, larger Tour lengths to visit distribution centers increase the chance 

for night/early morning departures.  

 

All the transport markets are sensitive to average tour length in all dimensions (i.e. time, type, 

and the number of stops). Tours with a higher average tour length are more likely to depart at 

night or early morning. One possible reason is that carriers have to deliver the shipments to the 

customers during working hours. Besides, they may want to decrease travel time costs by 

avoiding peak period transport. The result is that local tours with short Tour lengths often have 

a larger number of stops. Finally, planners plan direct tours for customers with high total 

transport costs. As we can observe, direct tours usually have large shipment sizes or volumes. 

For these, the unit transport costs become low, which drives planners to arrange for a direct 

shipment.  

 

The weight factor, as a shipment characteristic, is found to be insignificant for the time of the 

day models across all transport markets and hence is excluded from our analysis. One possible 

reason for this is the level of aggregation that we took into account for transport markets.  

Although carriers in each transport market are homogeneous, they transport goods between 

heterogeneous industries with different replenishment cycles and economic order quantities. In 

addition, our study is limited to a low resolution for the time of the day to make the model 

simple and tractable. For this level of resolution, the general pattern of replenishment of 

receivers overlaps and hence makes it difficult for the model to find a pattern.  If the impact of 

weights on the time of day transport operations is desired, we recommend considering a lower 

level of resolution both in transport market segmentation and time of the day discretization.  

 

Regardless of the time of the day, the weight factor is significant for the type of tour decisions 

in all transport segments except flower industries and construction materials (see Figure 2-11 

or Table B-2 in Appendix B). For the rest of the transport segments, shipments with light 

weights decrease the probability of direct transport except in Agricultural-food and parcel 

markets. For transporting goods between a producer of agricultural products and a food 

manufacturer, the shipment mainly consists of light-weighted vegetables which have to be 

directly transported to the manufacturer to keep them fresh. On the other hand, processed food 

in cans are relatively heavy and has to be distributed to multiple retailers or customers. For the 

parcel delivery market, lighter weights would lead to a higher probability of collection tours. 

Postal or delivery companies like DHL usually have several pickup points where packages are 

received from disaggregate senders. They will plan tours to collect separate shipments with 

relatively low weights and deliver them to a central parcel depot, where packages will be 

consolidated together (shipment weight increasing because of the bundling) and after possible 

transport to a next hub, re-sorted and delivered to the receivers by a distribution type tour. 

Therefore, this is logical that lighter weights are planned in collection tours whereas heavier 

weights are transported more in distribution type of tours. 
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2.6 Conclusion  

This paper investigates the anatomy of tours in freight transport and proposes a new modelling 

approach for understanding the complex process of transporting goods within different sectors 

of industry. We propose a new enhanced decision tree algorithm (Multi-Task Decision Tree) 

that predicts multiple discrete and continuous target variables. This algorithm can be used in 

transport modelling where both discrete and continuous decisions are relevant. This study also 

has produced new knowledge about the interaction between various markets through the 

analysis of the tour activities that take place between them. The measurement of these 

interactions allows for clustering transport markets. We explored the structure of tours in three 

dimensions i.e. time-of-day, tour type, and the number of stops. Based on these three features, 

we extracted rules from an extensive tour database to identify existing strategies for the routing 

and scheduling of freight vehicles, in different transport markets.  
 

The results provide important insights into the preference of transport markets for within-peak 

or off-peak travel, and for the type of tour applied when facing congested zones. We showed 

that some markets have strict rules regarding the time of day and type of tour when visiting 

logistic hubs like distribution centers or transshipment terminals. All transport markets are 

sensitive to transport costs, as tours are more likely to depart at night or early in the morning to 

avoid morning peak hours. In addition, tours serving local customers with short Tour lengths 

often have a larger number of stops. Finally, planners tend to plan direct tours more often for 

customers with large distances. From a congestion avoidance perspective, planners prefer direct 

tours if they visit the non-congested zones and rather plan distribution or collection tours 

otherwise. As could be expected, these rules differ from one market to another. Our paper brings 

these differences and similarities to the discussion by applying a generic model to different 

sectors.  

 

This research leads to the following recommendations for future work and applications in 

practice. From the research perspective, one can explore the application of the MTDT algorithm 

to model other desired mixtures of discrete and continuous target variables and capture more 

rules from big transport databases. Examples are the mixture of vehicle type and shipment size 

preferences, and the tour type and vehicle miles traveled per type of tour. we recommend also 

further exploration of the relationship between departure time of tours and structure of tours 

and number of stops since these dimensions are modeled independently in current research. 

This method gives a set of certain rules distilled from frequent activity patterns of transport 

markets but does not uncover the underlying reasons behind these rules. This topic could be 

investigated further through interviews with sectors or experts. Finally, transport policymakers 

can also benefit from this analysis, to get a better grip on the functioning of transport markets 

and create more effective strategies for freight demand or traffic management. Examples of 

such policies are controlling (shifting) the departure time of specific transport markets or 

changing the tour type pattern of the logistics segments under certain extreme road network 

conditions. From a methodological perspective, a comparative analysis between MTDT and 

other nonparametric machine learning methods like GAMs, random forests, and SVM on 

benchmark problems can provide more insights into the accuracy of the proposed MTDT 

method. Finally, a robust implementation of the MTDT method in open-source programming 

languages and statistical tools like python and R could be useful for practitioners and 

researchers.  
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Chapter 3 

Tour-based representation of freight transport 

activities 

 

 

In the previous chapter, we aimed to understand the underlying characteristics of planned tours. 

As a next step, we develop descriptive models that can regenerate observed tour patterns. In 

this chapter, we propose a Bayesian optimization method to estimate the parameters of a data-

driven vehicle routing and scheduling problem that can be used for simulating freight tour 

planning. This model seeks to capture the preferences of planners and replicate the tour-based 

activity of carriers and their tactical decisions. The model can learn and synthesize the most 

likely tour flows from shipment flow data, total transport cost and time per tour, and travel time 

information between origins and destinations per time interval. Thus the model allows for 

descriptive analysis of freight transport and, eventually, policy assessment. 

 

This chapter is based on the following papers:  

1. Nadi, A., Yorke-Smith, N., Tavasszy, L., van Lint, H., & Snelder, M. (2022). A Data-

Driven Routing and Scheduling Approach for Activity-Based Freight Transport 

Modelling. Accepted for presentation at TRISTAN XI.  

2. Nadi, A., Yorke-Smith, N., Snelder, M., van Lint, J.W.C., Tavasszy, L. (2022). Data-

Driven Preference-Based Routing and Scheduling for Activity-Based Freight Transport 

Modelling - submitted to a journal. 
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3.1 Introduction 

Truck flow patterns can best be understood through the study of freight activities on a 

transportation network. As opposed to passenger models, freight transport activities have been 

less researched and hence the literature in this field is relatively limited. There are various 

reasons for this, among which is that transport modellers often lack observations on firms' 

activities, whereas disaggregate tour data collection is very expensive. Additionally, modelling 

freight activities is very complex due to the heterogeneity in the transport markets (Khan and 

Machemehl, 2017a, Holguin-Veras and Patil, 2007), variety of objectives, its dynamic nature, 

and the ambiguity in the multi-actor decision-making environment (You et al., 2016, Gonzalez-

Calderon and Holguín-Veras, 2019). Researchers have long recognized that there should be 

distinctions between freight and passenger transport modelling due to the complexity associated 

with logistic decisions (Tavasszy and De Jong, 2013, Gonzalez-Calderon and Holguín-Veras, 

2019). Recently, there has been an increasing interest in descriptive agent-based freight 

simulation models to study these logistic decisions in the context of freight transport. Examples 

of this trend are TRABAM (Mommens et al., 2018), MASS-GT (de Bok and Tavasszy, 2018), 

and SimMobility (Sakai et al., 2020). 

 

Tour planning is a tactical operation that firms undertake to transport commodities from the 

point of production to the point of consumption. Therefore, it has become a crucial component 

in all the existing microscopic freight simulation models. Most research to date has tended to 

rely either on statistical/econometric methods (Hunt and Stefan, 2007, de Bok et al., 2020) or 

on normative operational research tools (Schröder and Liedtke, 2017, Sakai et al., 2020) to 

generate tours for simulation purposes. 

 

Models based on econometric methods provide statistical insights on tour formation through 

sequentially constructing tours based on choice models that predict the next trip destination 

given the current location of the vehicle until a decision is made to end the tour. The most 

important drawback with this (trip-based) approach is the ex-ante assumption that is required 

about the end result of the tours before being able to use the model to generate tours. Examples 

are the number of tours generated from zones and the number of stops. Recent research like 

Nuzzolo and Comi (2014), and Thoen et al. (2020) have addressed this issue by introducing a 

shipment-based tour modelling where the construction of tours is based on assigning shipments 

to a tour rather than focusing on trips. The choice of shipment assignment is based on a 

generalized cost that the next shipment adds to the tour. Although the shipment-based model is 

the most promising tour model so far, such a model is not combinatorial and cannot capture the 

interdependent routing and scheduling characteristics of tours. That is, the structure of tour and 

the way tours spatially and temporally form cannot be completely understood with such models.  

 

Normative combinatorial optimization models, on the other hand, are from a similar context to 

which the tours are planned in reality, and thus are able to find the optimal routing and 

scheduling of shipment pickups and deliveries considering real-world constraints. Two main 

drawbacks of such models are their computation time and lack of generalization. The first issue 

is more manageable due to the recent advances in both hardware technologies and soft 

computing algorithms. The latter, however, requires a new methodology development that can 

deal with heterogeneity in objectives, constraints, and preferences of tour planners in various 

logistic sectors. The main contribution of this research is to bring the advantage of data-driven 

modelling to the normative discrete optimization models capturing the preferences of 

planners/or even drivers in vehicle routing and scheduling of shipments. This leads to a more 

realistic tour model for use in freight simulators.  



Data-driven modelling of routing and scheduling in freight transport 49 

 

 
 

This paper is structured as follows. In the next section, we view related literature on tour 

modelling. Then we propose a methodology for a data-driven vehicle routing and scheduling 

model. Afterwards, the model is applied to the case of freight transport in the Netherlands. We 

conclude the paper by discussing the findings from the tour activities of various industries. 

3.2 Related research on tour modelling 

Previous research has developed several tour-based freight transport models. We identify three 

main classes of tour modelling approaches in the literature. The first class of freight tour 

modelling is based on the entropy maximization theory in which the most likely tour flow is 

estimated based on freight trip generation, truck counts on the road network, and total 

transportation cost or time. In this method, the Lagrangian multiplier associated with zones and 

transport cost and time can be used to interpret the aggregated tour flow pattern on a network 

(Sánchez-Díaz et al., 2015). Gonzalez-Calderon and Holguín-Veras (2017) extended this 

method by adding a heuristic to the model to identify the number and locations of the traffic 

counts that should be used in the estimation. They also tested the sensitivity of the model to the 

locations of the traffic counts under different scenarios. Although the entropy maximization 

method provides valuable insights into general time-dependent tour flow patterns on an 

aggregate level and bypasses the need for expensive surveys, the method is not able to generate 

disaggregate tour sequences (Gonzalez-Calderon and Holguín-Veras, 2017).  

 

The second class of tour models relies on the assumption that firms are rational profit 

maximizers whose behaviour can be predicted based on the theory of utility maximization. 

These approaches can focus on three units of analysis, either trip, as in (Hunt and Stefan, 2007), 

shipments as in (Thoen et al., 2020, Nuzzolo and Comi, 2014), or tours (Khan and Machemehl, 

2017a). Choice modelling is the basis for all these approaches helping to explain behavioural 

daily tour patterns.  

 

Of this second class of tour models, trip-based models are often estimated based on disaggregate 

trip data collected through surveys or GPS. In these models, tours are constructed through 

incremental trip chaining in such a way that the next destination in a tour is estimated based on 

the conditional probability of the current stop (Hunt and Stefan, 2007). These types of models 

are relatively easy to implement and provide transport modellers with descriptive statistics and 

insights into freight transport systems. However, there are several issues with these types of 

models. Discrete choice methods are not subject to constraints (like time windows) and 

therefore hardly can capture spatial-temporal characteristics of tours (Heinitz and Liedtke, 

2010). Additionally, trip chaining decisions are made once at the tactical level and hence 

incremental reconstruction of the tour at the operational level is not the context in which carriers 

plan tours in reality. 

 

Shipment-based tour models, similar to the trip-based models, stack a set of choice models to 

reconstruct tours. The difference is that these choice models consider whether or not assigning 

a shipment to a tour will maximize the utility of the planner based on a generalized cost. The 

most comprehensive shipment-based tour modelling is developed by Thoen et al. (2020). This 

model consists of two binary choice models. The first model is the choice of selecting a 

shipment to be added to a tour; the second model is the ‘end of tour’ choice model that makes 

sure if the tour should be ended due to duration constraints and or capacity limitations. For 

reconstructing tours, a nearest neighbour search algorithm is used to find the next stop. The 

shipment-based architecture allows inclusion of several logistical constraints, such as shipment 

size, in tour formation. In practice, tours are often the result of an optimization process where 
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optimal time and sequence of trips are treated interdependently. The shipment-based 

architecture, although promising, does not capture scheduling decisions and also does not take 

the combinatorial challenge of deciding the visiting order of locations into account. 

 

In order to deal with the issues mentioned regarding the second class of tour-based freight 

transport modelling, some researchers have proposed using a family of vehicle routing 

problems (VRP) and simulation in order to directly study the tours. These VRP formalisms 

model the pickup and delivery behaviour of carriers within a multi-agent micro-simulation 

framework (Donnelly, 2009, Van Heerden and Joubert, 2014, Wisetjindawat et al., 2012, Sakai 

et al., 2020, Siripirote et al., 2020). Although such normative VRP models can perfectly capture 

space-time constraints, their outcome could deviate from observed tours due to heterogeneity 

in the tour planning preferences of planners (Canoy and Guns, 2019) or other differences 

between the stylized model and reality. In some sectors, executed tours deviate from the planned 

tours because of tacit knowledge of truck drivers about the receivers’ conditions and/or 

externalities that are not recognizable to the planners or are not easy to put in the objective 

function of VRP models (Mandi et al., 2021). 

 

Only a few studies have touched upon this problem, introducing a new family of VRP which 

can be called preference-based routing. In this class of VRPs, the objective is to minimize the 

perceived costs or maximize the utility of planners and/or drivers (Mandi et al., 2021). From a 

methodological perspective, these studies can be divided into two groups. The first group of 

studies uses a matrix of transition probabilities between the stops instead of a matrix of distance 

or travel time in conventional VRPs. Canoy and Guns (2019) propose a maximum likelihood 

routing problem that maximizes the joint transition probabilities while planning tours. They use 

Markov chain models to estimate the transition probabilities. Mandi et al. (2021) propose a 

similar approach but adopt neural networks to estimate transition probabilities. Using neural 

networks allows adding contextual variables to the prediction of transition probabilities. Both 

these studies show that this maximum likelihood routing with Markov transition probabilities 

can learn tours from a set of historical solutions with the reasonable route and arc differences. 

A problem with these approaches is that they require a large history of complete tour solutions 

to learn from. Such information may be available in practice for individual firms, where such 

tools have already been implemented for firms to help planners plan tours. However, 

generalizable data is hardly accessible for scientific purposes and particularly so for freight 

simulation. This is mainly because individual firms are not willing to disclose their activities 

exhaustively due to their customers’ privacy.  

 

The second group of studies on preference-based routing in shipment-based tour models 

employs an inverse optimization approach to calibrate a family of multi-objective VRP models. 

You et al. (2016) use the method of successive averages to estimate the weights of a weighted 

sum of multiple objectives from a set of observed tour diaries. The calibrated VRP can be used 

in any micro-simulation framework to simulate the activity of the freight carriers. Similar to the 

first group, parameter estimation of these methods mostly requires fully observed truck 

movement patterns from GPS trajectories (Siripirote et al., 2020). However, tour data, if 

available, is often privately-owned and only partially available to traffic agencies and policy 

makers, if at all. As opposed to the maximum likelihood routing approach, the parameter 

estimation of the inverse optimization approach can be adapted in such a way that it can learn 

from partially observed tour information just for cases where full information is not available. 

Until now, the literature lacks an efficient parameter estimation method for these cases.   
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In summary, the mentioned studies underline the importance of data-driven routing in freight 

transport modelling. However, existing methods are mostly based on either the data collected 

from a limited and expensive survey or on fully observed truck movements with trip sequences 

and schedules, obtained from GPS. In either case, existing work has neglected the role of 

scheduling of tours. Here, a method to estimate disaggregate dynamic tour planning spatially 

and temporally based on partially observed tour data will be a requirement. The regular inverse 

optimization technique as proposed in You et al. (2016) cannot be adopted when the tour 

information is not fully available. To the best of our knowledge, the development of a method 

to calibrate a time-dependent VRP model based on shipment flows with partially observed tour 

data has not yet been explored and is therefore the subject of the current paper. To address this 

research gap, we propose an efficient parameter estimation method to build a data-driven time-

dependent VRP model based on partially-observed tour information. 

 

This study advances the state-of-the-art in literature in three ways:  

1- It designs a new freight routing and scheduling model for transport modelling that can 

accurately link freight tour activities to the truck flows per time of day in between firms 

or traffic analysis zones.  

2- It utilizes partially available tour information, to make sure that the model is as close as 

possible to reality, by generating the collective tour planning patterns of various carriers.  

3- It proposes a new and efficient parameter estimation method that combines the strength 

of both optimization and machine learning approaches, to provide statistical insights 

with a certain confidence about tour patterns learned from data.  

3.3 Method for data-driven routing and scheduling  

Recall that our objective is to infer from historical data the collective pattern of pre-trip routing 

and scheduling process of freight transport. In the tour planning process, planners often use 

optimization software that can produce pickup and delivery plans that minimize tour length and 

travel time. Such optimization problems are known as traveling salesman problems (TSP), for 

one vehicle, or vehicle routing problems for multiple vehicles. 

 

To explore the potential deviation of planners from TSP tour sequences, we use a large tour 

database collected by the Central Bureau for Statistics (CBS) in the Netherlands. After data pre-

processing, a set of 16,171 tour activities of the 720 vehicles from the largest carriers are 

selected for this study. We provide more information about this dataset in Section 3.4.  

 

We use the open-source Google OR-Tools solver to solve a benchmark TSP for all the tours in 

the dataset. Figure 3-1 compares the length of the observed tours with the TSP routes. From 

this experiment, we identify that tours are on average 18.5% longer than TSP solutions. This 

reveals that planners or drivers, in many cases, do not prefer the tours with the lowest travel 

times or costs. the data finds that humans are apparently not rational with respect to the TSP 

optimization model (Hofstede et al., 2019). 
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Figure 3-1: Deviations between TSP route and executed tour lengths 

In some cases, planners might use other objectives like fuel consumption and/or the cost of 

carbon emissions in the objective of the optimization problem. Further, our estimate of times 

and costs may differ from those used by the firms. However, such objectives and other real-

world constraints or their perception of time and costs are not observable to us. 

 

To deal with this problem and capture the preferences of planners and drivers in planning tours 

we propose a data-driven routing and scheduling problem where the preferences of the planners 

can be identified through a set of features associated with zones (or firms). To achieve this, we 

include a linear weighted sum of these features in the cost of routing and scheduling decisions. 

We use the Benders decomposition method (Castellucci et al., 2021) with an adaptive large 

neighbourhood search (ALNS) algorithm to find the optimal sequence of visited zones/firms, 

and utilize a Bayesian optimization algorithm to iteratively update the parameters associated 

with the zonal features. We next give details of the mathematical model and the decomposition-

based approach. 

 

3.3.1 Tour modelling formulation with learnable parameters 

We formulate tours as a time-dependent VRP with pickup and delivery and capacity constraints. 

In our data, tours are often starting from the base location of carriers or firms to visit consumers 

of goods, transshipment terminals, manufacturers, retailers, or distribution centres. For each 

firm in the area of study, this VRP is defined on a graph G={V, A} where V  is the set of all 

nodes and A is the arcs’ set. Vertices of this network consist of carriers’ depot {0}, pick-up 

points P and delivery points D. Each link is associated with 𝑐𝑖𝑗
𝑚

  which is a function of features 

related to the pickup or delivery points and the link between them in time interval m. The higher 

the 𝑐𝑖𝑗
𝑚 the lower the inclination of planners to visit j after i in the sequence. The order of visiting 

locations, however, depends on a combination of the planner’s tendency towards all other i and 

j, and hence can be identified through a combinatorial optimization. Each pick-up point i is also 

associated with demand quantity qi>0 and its corresponding delivery point qi+m=-qi. For better 

reference to the indices, parameters, and decision variables, we them as follows:  
 

V A set of pickup and delivery locations  

i,j Index of pick up or delivery locations i,j ∈ V 

K The set of available trucks at the firm/zone 
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M A set of time intervals 

cap Maximum capacity of vehicle k 

Li A load of a vehicle visiting location i 

𝑥𝑖𝑗
𝑚

  If a vehicle travels from i to j in interval m, then 𝑥𝑖𝑗
𝑚 = 1, otherwise 𝑥𝑖𝑗

𝑚 = 0 

β Vectors of parameters to be estimated for the cost of the links  

𝑐𝑖𝑗
𝑚

  Cost of the link between i and j in the interval m ∈ M (with learnable parameters) 

𝑡𝑖𝑗
𝑚

  Travel time between i and j in the interval m ∈ M  

ai Arrival time to location i 

si Loading/ unloading duration in location i  

qi Demand quantity in location i  

vi Index of the first node in the route that visits node i ∈ V 
 

We adopt a compact form of a standard two-index formulation of the time-dependent pickup 

and delivery problem from Castellucci et al. (2021) and Furtado et al. (2017). In this paper we 

are not proposing a new VRP formulation; rather, we propose a method that can be used to 

make any class of VRP learnable from a set of real-world historical tours. We choose the 

following formulation because it is aligned with the structure of tours that is observable to us. 

One can adapt this formulation based on the need and observability of real-world objectives 

and constraints.   
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The objective function presented in Equation (3.1) minimizes the perceived cost of routing and 

scheduling for planners/drivers. Equations (3.2) and (3.3) make sure that each node is visited 

exactly once. Equation (3.4) ensures the degree of balance for all nodes. Equation (3.5) 

represents the constraint for the total number of vehicles. The load and time consistency is 

guaranteed with constraints presented by Equations (3.6) and (3.7). The inequality constraint 

proposed in Equation (3.8) ensures the capacity limitation of vehicles. Equation (3.9) 

guarantees the precedence of pickup and delivery locations, as pick-up points always have to 

be before delivery points. Equations (3.10) to (3.14) reflect the pairing relation which makes 

sure that all related pick-up and delivery locations are on the same tour. We defined the lower 

and upper bound on departure times in equations (3.15) and (3.16) ensuring that departure time 

from each location is linked with its associated interval m. Finally, Equation (3.17) defines the 

domain of the decision variable. The above formulas represent in general how tours can be 

planned by firms based on a dataset. We did not include the time windows constraint. As 

mentioned previously, not all the tour information is available for transport modellers. Real-

world constraints like time windows, if available, can add to the accuracy of the model.  

 

To capture the spatial and temporal preferences of tour planners from a set of partially observed 

tours information, we define cij (presented in Equation (3.1)) to represent the cost of visiting j 

after i from the planner's perspective. We link this cost to a set of features that relate to the 

characteristics of visiting zones or firms and also the link between them.  
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In Equation (3.18) 𝛽𝑓
𝑚 represents the importance of feature f and 𝜒𝑓𝑖𝑗

𝑚  represents the value of 

each feature in time interval m from the planners’ perspective and 𝑏𝑚 is a bias term that captures 

the aggregate costs that planners may consider but is not observable to us. We introduce the 

features that can contribute to the planner's preferences. Note that with respect to the m, 

departure time of the tours, these features are alternative specific attributes. This implies that 

we estimate different parameters for similar features at different tour departure times. These 

introduced features are as follows:  
 

 𝜒1𝑖𝑗
𝑚 : travel time cost per hour between firm/zone i and j when the trip starts at time interval m. 

This can be derived by multiplying a fixed cost per hour by the travel time between i and j.  

 𝜒2𝑖𝑗
𝑚 : transport cost per kilometre between firm/zone i and j when the trip starts at time interval 

m. This can be derived by multiplying a fixed cost per kilometre by the distance between i and 

j.  

 𝜒3𝑖𝑗
𝑚 : vehicle load while traversing from i to j and the trip starts at time m.  

 𝜒4𝑖𝑗
𝑚 : ratio of the number of commodities for being picked up or delivered in j over i and the trip 

starts at time m. 

 𝜒5𝑖𝑗
𝑚 : ratio of the weight of commodities for being picked up or delivered in j over i when the 

trip starts at time m. 
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 𝜒6𝑖𝑗
𝑚 : transport cost per kilometre between depot and j over transport cost per kilometer between 

the depot and i when the trip starts at time m.  

 𝜒7𝑖𝑗
𝑚 : travel time cost per hour between depot and j over travel time cost per hour between the 

depot and i when the trip starts at time m.  

 𝜒8𝑖𝑗
𝑚 : transport cost per kilometre between j and depot over transport cost per kilometre between 

the depot and i when the trip starts at time m.  

 𝜒9𝑖𝑗
𝑚 : travel time cost per hour between j and depot over travel time cost per hour between i and 

depot when the trip starts at time m.  

 𝜒10𝑖𝑗
𝑚 : 1 if j is a producer/consumer of goods and i is the distribution center and 0 otherwise. 

 𝜒11𝑖𝑗
𝑚 : 1 if both i and j are distribution centers and 0 otherwise. 

 𝜒12𝑖𝑗
𝑚 : 1 if the commodity between any i and j is of type NSTR 0 (Agricultural products) and 0 

otherwise. 

 𝜒13𝑖𝑗
𝑚 : 1 if the commodity between any i and j is of type NSTR 1 (Food products) and 0 otherwise. 

 𝜒14𝑖𝑗
𝑚 : 1 if the commodity between any i and j is of type NSTR 6 (Construction materials) and 0 

otherwise. 

 𝜒15𝑖𝑗
𝑚 : 1 if the commodity between any i and j is of type NSTR 7 (Fertilizers) and 0 otherwise. 

 𝜒16𝑖𝑗
𝑚 : 1 if the commodity between any i and j is of type NSTR 8 (Chemical) and 0 otherwise. 

 𝜒17𝑖𝑗
𝑚 : 1 if the commodity between any i and j is of type NSTR 9 (Machinery and others) and 0 

otherwise. 

Together, these features help to identify the preferences of planners in the routing and 

scheduling of different commodities between different logistics firms. Besides feature 

parameters, there might be some other necessary but unknown parameters in the model which 

can be estimated from the observed data. In this study, for example, the loading and unloading 

duration of commodities, si, is not reported. We, therefore, assume that the loading and 

unloading of commodities is a random process that its service time has a cumulative exponential 

probability distribution with an unknown average service time μ. Hence, the probability that the 

service time in location i, will be less than or equal to t is:  

 

( ) 1 t

iP s t e      (3.19) 

The unknown average service time μ has to be estimated along with other parameters.  

 

3.3.2 Parameter Estimation of the tour model 

Having described the VRP model, we now describe how to estimate its parameters. In general, 

we begin with initializing the parameter of the models with some initial values. Then we use 

the ALNS search algorithm and Benders decomposition to generate route sequences and 

departure time schedules for the tours. We iteratively update the parameters of the model 

minimizing the deviation between generated and observed tour characteristics. This process 

requires repeatedly solving the VRP model after each update in parameters. Since VRP models 

are computationally expensive, we cannot easily adopt a complete optimization algorithm to 

search for a better set of parameters. Alternatives are local search algorithms, perturbation 

stochastic approximation methods, or gradient descent algorithms – all of which may stop in a 

local optimum and hence report inefficient results.  
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To deal with this problem, we adopt from artificial intelligence the model-based or Bayesian 

optimization technique that is successfully applied in hyper-parameter optimization of black-

box functions like deep learning. Model-based algorithms are a class of global optimization 

methods that can be used to find the minimum of functions that are expensive to evaluate, do 

not have derivatives available, and can only be measured under noisy environments or 

simulations. Examples of such algorithms are LineBO (Kirschner et al., 2019), DONE (Bliek 

et al., 2016), and SMAC (Hutter et al., 2011). These algorithms are mainly based on two 

principal goals, the first of which is to explore the search space sufficiently for a global 

minimum and the second of which is to obtain a good solution in as few function evaluations 

as possible. These methods use a surrogate surface fitted to the parameter space in order to 

reduce the number of function evaluations while searching for the global optimum. In this 

paper, we propose the same approach to estimate the parameters of the tour model.  

 

The parameter estimation algorithm has five steps as follows:   

 

Step 1: Prepare instances of observed tours with all the matrices of features related to visiting 

locations in different time intervals. Since we provide instances of observed tours one at a time 

to the parameter estimation process, K in Equation 3.5 is set to be equal to 1 during the 

estimation phase. This converts the tour model from VRP to TSP as we only have one vehicle 

to visit all the firms/zones presented by each input instance. After parameter estimation, this 

parameter can be set back to the actual number of vehicles available at each firm, if the 

application of the model is at the firm level, and to the number of truck trips started from each 

zone if the application is at the zone level.  

 

Step 2: Generate n initial parameters Θ={θ1,θ2,…,θn} for the tour model using Latin hypercube 

sampling. Each θn includes all β parameters, bias terms b, and the μ parameter. we started with 

15 initial samples of all parameters. 

 

Step 3: For each parameter setting, we solve the tour model for all instances prepared in step 

1. We employ ALNS using simulated annealing to provide approximate solutions for carriers 

having a large number of customers in the planning horizon, and branch-and-cut to provide the 

exact solution for carriers having fewer customers. Since our model is time-dependent and the 

tour-solving algorithm has to find actual departure time from each node considering traffic 

conditions, exact solutions for such problems require longer computation time. To help the 

algorithm search both time and space dimensions faster, we use a Benders decomposition 

method as presented in Castellucci et al. (2021). We thus decompose the time-dependent tour 

model into a master and sub-problems. In the master problem, we calculate the routes with 

constant travel time throughout the day. Once the optimum solution is found, we use a sub-

problem to compute all the arrival and departure times using time-dependent travel time 

matrices. Then we apply feasibility and optimality cuts inferred from the sub-problem to the 

master problem.  For more information about the method, we refer readers to Castellucci et al. 

(2021). For the implementation of the tour model, we use open-source Python packages, in 

particular the state-of-the-art Google OR-Tools.  
 
Step 4: Given the observed tour sequences and generating tours based on initial zone feature 

weights Θ, we can evaluate the tour model by comparing observed and generated tours.  

Previous research introduced arc and route deviation metrics to measure similarity or 

dissimilarity between two sequences. However, we cannot use these metrics as our observed 

tours do not reveal such information. In our case where the tour information is partially 

available, we compare available tour information using the following loss function:  
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where N denotes the number of observed tours, 𝑟𝑛 is the observed tour information, and �̃�𝑛 is 

the tour information generated by the tour model. The observed or generated tour information 

presented by 𝑟𝑛 or �̃�𝑛 are two vectors containing observed and generated tour length, tour 

duration, tour start time and end time.  

 
Step 5:  In this step, we iteratively update the initial parameters θ minimizing the loss function 

defined in equation (3.20). We adopt the following steps of the Bayesian optimization algorithm 

to find parameters θ.  
 

1- Surrogate construction: Fit a surrogate surface f to the evaluated Θ samples using a 

Multivariate Gaussian process with mean μ and covariance Σ (see Equations 3.21-3.23). 
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The kernel function k(θ,θ’) determines how smooth the surrogate surface could be and 

the length parameter d scales the correlation between parameters θ and θ’.  

2- Search for minimum: Find the minimum of the interpolated surface for the sample of 

parameters. This gives us the alternative point with the lowest mean sample values 

among the already evaluated points.  

 

min arg min ( )f    (3.24) 

 

3- Next evaluation point: the next evaluation point θ* in parameter space is where the 

expected improvement (EI) measure is maximum. This EI measurement is introduced 

in Equations 3.25 and 3.26 to balance exploration and exploitation. 

 
*

min

*( ) [max( ( ) ( ),0)]EI E f f      (3.25) 

 
*( ) ( ( ), ( ))f N f x     (3.26) 

 

Where 𝑓(̅𝜃) is the mean stochastic prediction at point θ and σ2(θ) is the estimate of 

prediction error.  
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4- Update the surrogate surface: With the new parameter θ*, we update the covariance 

matrix and consequently the surrogate surface (see Equations 3.27-3.31).  The process 

iteratively continues until the stopping criteria apply. 

 
* * *
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3.4 Empirical Validation 

Having described the proposed tour model, we now apply it to a real-world set of shipment data 

and imperfect tour information in the Netherlands. We first describe the databases used and the 

data preprocessing that was applied, before estimating the parameters of the tour model.  

3.4.1 Firms and carriers’ tour databases.  

For the development of this tour model, we use carriers’ tour data collected by the Statistics 

Netherlands (CBS). This data is available only with the permission of CBS. The data includes 

over 2.7 million records of shipments across the country for the years 2013-2015. In this data 

collection, the largest third-party carriers are legally obliged to fill in a form that collects one 

week of their activities. In most cases, The data has been exported directly from the firm’s 

transportation management system automatically through an XML data structure. The data 

includes the geographic locations of loading and unloading of shipments, their commodity type, 

and shipment size. It also provides information about the capacity of the vehicles and is enriched 

with other data sources (e.g. firm establishment data) to express locations of important activities 

including distribution centres, transshipment terminals, and producer/consumer of goods. The 

data provides aggregate information about each tour as well. This information is about the total 

tour costs and times, shipments that belong to one tour, the first and last visited locations, and 

the start and end time and location of the tour. Although the data includes very detailed 

information about the shipments, it does not provide us with the order of trips in a tour. The 

tour database only includes the total tour duration. However, the intermediate travel time 

between each visited customer is not provided. To impute these intermediate travel times and 

distances, we use the calibrated national Dutch regional traffic model. This model helped us to 

create skim matrixes of the morning, midday, and afternoon travel times between each traffic 

analysis zones in the Netherlands. For more information about the available data see de Bok 

and Tavasszy (2018) and Thoen et al. (2020). 

 

After preprocessing the data, we selected a subset of 16171 tour activities (107398 shipments) 

of the 720 vehicles from the largest carriers are selected for this study. This subset does not 

include direct tours. We excluded direct tours from our sample. Because such tours do not reveal 

the routing preferences of the planners. The proposed method after training can still generate 
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direct tours if the capacity of the vehicle is reached or the VRP cannot bundle a shipment with 

others due to the costs of other tours. Table 3-1 reports the descriptive statistics of the selected 

tours.  

 

Table 3-1: Descriptive statistics of tour data 

Tours characteristics  Number of tours  Percentage of tours  

Number of stops   

3-5 6734 44% 

6-10 7378 48% 

>10 1183 8% 

Tour length (km)   

0-50 649 4% 

50-100 1576 10% 

100-200 4020 26% 

200-400 7170 47% 

>400 1880 12% 

Tour Duration (hour)    

0-3 1651 11% 

4-6 2925 19% 

7-8 3171 21% 

9-10 3095 20% 

>10 4453 29% 

Commodity types   

0 1530 10% 

1 4457 29% 

6 183 1% 

7 41 0% 

8 98 1% 

9 8986 59% 

Logistics activities 
Number of shipments Percentage of shipments 

Intermediate Loading locations 

DC 17083 16% 

TT 1861 2% 

P/C 88454 82% 

Intermediate Loading locations   

DC 5128 5% 

TT 2277 2% 

P/C 99993 93% 

3.4.2 Results of the model estimation  

We hold out 20% of the tour data for validation, and train the tour model based on the rest of 

the tour data, using the Bayesian optimization algorithm of section 3.3.2. We draw the index of 

the training set from a random uniform distribution to avoid any bias on the selected data. We 

set the number of initial parameter samples in Bayesian optimization to 15. Parameters 

associated with features are bounded between -10 and 10. The parameter of the service time 

generator is assumed to be an integer between 20 to 120 minutes. We specify a 0.05 optimality 

gap as the stopping criteria meaning that if the model does not improve the solutions by at least 

5% in 5 consecutive iterations, the algorithm stops updating the parameters. We activate this 

criterion after 50 iterations. We also set the maximum number of iterations to 100. All the 

features are normalized between 0 and 1 using a min-max scaler. For tours with 10 or greater 

stops, the TSP solver automatically switches between exact and heuristic algorithms for solving 

the TSP models. In our experiment, the number of time intervals that the departure time of tours 
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may fall in is m=3. This indicate morning peak, afternoon peak, and off-peak periods. For 

feature selection, we started with features 1 to 6 from the list of features that are introduced in 

Section 3.3.1. These features can explain planners' preferences intuitively. Then we 

consecutively add/remove other features to the model only if they improve the final loss 

function value. Table 3.2 shows the estimated parameters of the tour model.   

 
Table 3-2:Estimated parameters of the model  

No features 

 Morning peak  Afternoon peak  Off-peak 

 Estimates std  Estimates std  Estimates std 

1 𝜒1𝑖𝑗
𝑚   1.12 1.8e-4  2.1 1.52e-05  1.064 2.18e-4 

2 𝜒2𝑖𝑗
𝑚   3.52 1.5e-3  4.8 0.014  4.15 2.87e-5 

3 𝜒3𝑖𝑗
𝑚   -2.39 1.42e-5  -3.89 1.7e-4  -1.66 1.3e-5 

4 𝜒4𝑖𝑗
𝑚   -0.251 1.4e-8  -0.312 3.29e-4  -0.107 1.3e-2 

5 𝜒5𝑖𝑗
𝑚   -0.097 1.2e-3  - -  -0.042 4.38e-2 

6 𝜒6𝑖𝑗
𝑚   -2.379 1.4e-8  -3.289 1.3e-2  -1.263 3.29e-9 

7 𝜒7𝑖𝑗
𝑚   -1.246 1.5e-6  -1.956 1.7e-4  -0.954 1.3e-5 

8 𝜒8𝑖𝑗
𝑚   -2.074 2.1e-2  3.173 3.7e-3  1.063 1.73e-5 

9 𝜒9𝑖𝑗
𝑚   -1.331 1.87e-3  1.212 2.7e-3  1.023 3.8e-5 

10 𝜒10𝑖𝑗
𝑚   -0.471 6.3e-7  -0.423 3.9e-3  -0.529 2.2e-8 

11 𝜒11𝑖𝑗
𝑚   0.516 2.5e-3  - -  0.294 4,1e-3 

12 𝜒12𝑖𝑗
𝑚   -0.170 1.6e-4  -0.289 1.7e-4  0.363 2.4e-6 

13 𝜒13𝑖𝑗
𝑚   0.055 2.3e-4  -0.181 1.2e-3  -0.541 3.1e-5 

14 𝜒14𝑖𝑗
𝑚   -0.134 1.7e-2  - -  - - 

15 𝜒15𝑖𝑗
𝑚   -0.041 1.3e-2  - -  - - 

16 𝜒16𝑖𝑗
𝑚   -0.314 1.83e-5  -0.155 3.96e-4  0.251 3.1e-3 

17 𝜒17𝑖𝑗
𝑚   0.268 6.5e-4  0.164 2.8e-3  -0.512 3.8e-6 

Service time estimate: 52 minutes 

 

In Table 2, each estimate is associated with the standard deviation of estimates around the 

surrogate surface (see Equation (26)). The columns ‘std’ shows how reliable estimates are in 

terms of the standard deviation. In general, we can see that the estimated parameters are less 

reliable for the afternoon as compared to morning and off-peak periods. This is probably 

because there are relatively lower trip legs in tours that fall in the afternoon period and therefore 

the algorithm has fewer observations that it can learn from. 

 

The result shows that both transport costs and travel time costs between i and j (𝜒1𝑖𝑗
𝑚  and 𝜒1𝑖𝑗

𝑚 ), 

increase the cost cij and therefore lower the preference of planners to keep j after i is the 

sequence of trips. The transport cost has a higher impact on the planner preferences as compared 

to travel time cost. The higher weight for travel time in the afternoon indicates that carriers 

value afternoon travel times more than morning or off-peak periods. This means that carriers 

are more likely to avoid including a link in a tour that has a larger travel time during the 

afternoon.  

 

Similarly, transport costs in the afternoon are more important than the morning and off-peak 

periods. This indicates that trips that are scheduled in the afternoon within a tour are more likely 

to be shorter than trips in the morning or noon. However, the standard deviations of estimates 



Data-driven modelling of routing and scheduling in freight transport 61 

 

 
 

for a time in the afternoon, although acceptable, are slightly higher than the morning and 

afternoon estimates. This is because of the lower number of tour samples in this category for 

parameter estimation.  

 

The load of vehicles 𝜒3𝑖𝑗
𝑚  has significant negative impacts on the planners’ cost cij and therefore, 

if the vehicle has a higher load on the link i-j then the cost of this link is less from the planners’ 

perspective. The ratio of the number of commodities in j over i (𝜒4𝑖𝑗
𝑚 ) also has a significant 

negative impact on the planners’ cost which implies that if there is a larger number of 

commodities in j as compared to i for pickup or delivery, the perceived cost of planners 

traversing the link i-j in a tour will become less. The same explanation emerges for the ratio of 

weights 𝜒4𝑖𝑗
𝑚 , however, the magnitude of the impact is relatively lower.  

 

Parameters associated with features 𝜒6𝑖𝑗
𝑚  and 𝜒7𝑖𝑗

𝑚  indicate how travel time and cost of the depot 

to i and j, can influence the planners’ inclination to keep link i-j in a tour. As the figures suggest, 

these features have negative impacts on the total cost (positive impact on planners' preferences). 

This intuitively shows that if j is further away from depot as compared to i or the travel time 

between depot and j is higher than the travel time between the depot and i, the planners would 

like to keep j after i in the tour.  

 

Parameters associated with features 𝜒8𝑖𝑗
𝑚  and 𝜒9𝑖𝑗

𝑚  indicates how travel time and cost of i and j 

to the depot, can influence the planners’ preferences to keep j after i in a tour. The sign of the 

parameters shows that, during off-peak and afternoon peak periods,  these features have positive 

impacts on the total cost of traversing from i to j, from the planners’ perspective.  This means 

that if the depot is further away from j as compared to i or the travel time between j and depot 

is higher than the travel time between i and depot, the planners do not prefer to keep j after i in 

the tour. For the morning peak period, however, the sign is counter-intuitively negative. One 

possible reason for this could be that planners do not value trips back to the depot in the morning 

as during this period trips in tours are more outgoing flows. The lower std for these parameters 

also shows relatively low confidence which means probably there are fewer observations to 

support this parameter.  

 

The negative sign of features 𝜒10𝑖𝑗
𝑚  indicates that the trips between distribution centers and 

producer-consumer have lower perceived costs from the planners' point of view. On contrary, 

if both i and j are distribution centers𝜒11𝑖𝑗
𝑚 , then planners prefer not to put j after i in the trip 

sequence of a tour. Given our dataset, the model cannot estimate a significant parameter for the 

afternoon due to a lack of observations.  
 

Feature 𝜒12𝑖𝑗
𝑚  to 𝜒17𝑖𝑗

𝑚  relates the planners' preferences for routing and scheduling of five 

different commodity types. Unlike other features that interdependently explain the preferences 

of planners towards routing and scheduling of trips inside a tour, these features mostly influence 

only the scheduling decisions. This is because the commodity type category does not change 

within a tour in 95% of our sample dataset. The positive sign of these commodity types within 

a particular time interval means that planners have less interest to schedule trips carrying the 

commodity type within that interval. For example  the weights of 𝜒12𝑖𝑗
𝑚  is positive for the off-

peak period and negative for morning and afternoon periods. This implies that planners prefer 

to schedule trips with agricultural products during off-peak periods.  

 

The model also suggests generating on average 52 minutes of service time using exponential 

distribution for (un)loading locations. The service time generator has a minimum bound of 20 
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minutes.  Drivers’ break times are estimated collectively with the service time. Our dataset does 

not report on when and where they stop to rest but reports on the actual tour duration, the model 

can only capture these extra times along with the service time of each zone.   

3.4.3 Model performance  

To study the performance of the model, we report on the mean absolute percentage error 

(MAPE) and the coefficient of determination (R-squared) regarding estimated and observed 

tours’ length and duration. To evaluate our model, we also compare the fit of the proposed data-

driven TSP model with the benchmark TSP model.   
 

Table 3-3: Performance of the model 

KPI 
 

Model 
  Train data   Test data 

   MAPE(%) R2   MAPE(%) R2 

Tour length (km)  Data-driven TSP   5.1 0.92   9.3 0.9 

 Benchmark TSP   18.6 0.81   17.9 0.82 

Tour duration (min)  Data-driven TSP   12.3 0.88   12.7 0.86 

 Benchmark TSP   23.2 0.68   21.8 0.71 

 

The high R2 measurement confirms the overall good performance of the data-driven TSP model. 

Table 3-3 shows that the purposed model can predict tour length with 5.1% error on the train 

and 9.3% error on the test datasets. This is higher than the benchmark TSP model with 18.6% 

and 17.9% errors on train and test data sets respectively. The data-driven model also 

outperforms the benchmark TSP model regarding tour duration. The lower performance of the 

model in predicting tour duration as compared to the tours’ length is because of the stochasticity 

in the service time of the visiting locations.  

3.4.4 Model evaluation   

The tour distance and number of stop distributions are two important aggregate features that 

should be captured well by tour models. To evaluate the performance of our model to reproduce 

aggregate tour characteristics for the purpose of freight modelling, we simulate the model on 

the available shipment data. This time, however, we do not specify the link between shipments 

and tours. In other words, only shipment origins and destinations (OD) is available to the firms. 

In this experiment, firms do the routing and scheduling for multiple vehicles to meet all the 

shipments on the planning day. Therefore, we set back the K parameters in equation (3.5) to the 

maximum number of trips started from a zone. This will convert the data-driven TSP model to 

a data-driven VRP model. All the estimated parameters remain the same. Note that shipment 

OD is available at 6-digit postcode level. Multiple firms may be active in a 6-digit postcode. 

We assume, however, that all the shipments that belong to a postcode belong to one single 

hypothetical firm. This assumption can be refined using advanced population and shipment 

synthesis models, if available. We also add 11265 direct tours to our sample for model 

evaluation. 

 

For each firm, we use benchmark VRP and the data-driven VRP model to route and schedule 

tours.  We group tour length into different clusters and compared the estimated tour distance 

distribution with the observations in Figure 3-2. The results show that the model is able to 



Data-driven modelling of routing and scheduling in freight transport 63 

 

 
 

approximate this feature reasonably well. Unlike the benchmark VRP model, the proposed data-

driven VRP model can re-produce tour length distribution.   
 

 
Figure 3-2: Estimated vs. observed tour distance distribution 

 

Similarly, in Figure 3-3 we can see that our data-driven VRP model captures the general pattern 

in the frequency of tours with different numbers of stops. In general, it can be concluded that 

tours with a smaller number of stops (3 and 4) are slightly overestimated.   

 

 
Figure 3-3: Estimated vs. observed tour number of stops distribution 

We also compare the coincidence rate of estimated and observed tours’ departure and end time 

in Figure 3-4. After estimating the departure time and the end time of tours using the proposed 

model, we count the number of tours that their departures and end times fall into the same time 

intervals as the observe tours. The figure shows that our model can correctly predict departure 

(up to 96%) and end (up to 95%) times of the tours.  
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Figure 3-4: Observed and estimated departure time and end time intervals 

3.4.5 Sensitivity analysis 

In addition to the model validation, we test the sensitivity of our model towards the increase or 

decrease of travel time. From the data, we identify the most frequent link (i-j) in all tours. We 

increase and then decrease travel time on this link for both morning and afternoon by 10%, 

20%, and 50%. The results in Figure 3-5 show that the model is sensitive to changes in travel 

time and assigns fewer trips to this link if we increase the travel time.   

 

 
Figure 3-5: Sensitivity analysis for travel time increase/decrease on the most frequent link i-j 

We also experiment with the sensitivity of the model to changes in travel costs per kilometre. 

Changes in transport costs can happen due to, for instance, tolling systems, increases in labour 

costs, fuel costs, or carriers' fixed costs. Figure 3-6 indicates that the proposed model responds 

logically to changes in travel costs.  
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Figure 3-6: Sensitivity analysis of the model on transport cost variations 

A comparison between the sensitivity of the tours to cost and time shows that carriers are more 

sensitive to transport costs than travel time. The sensitivity of this model towards time and cost, 

along with its ability to model tours spatially and temporally, makes this model a strong and 

more realistic tool, as compared to conventional models, for policy implications and impact 

assessment.   
 

3.5 Discussion and conclusion  

In this research, we investigated the possibility of developing a data-driven tour model to 

capture the activity of freight carriers from disaggregate and partially available tour data.  We 

parametrized a time-dependent VRP model to capture the aggregate spatial and temporal 

correlations between trip legs in a tour. We used Bayesian optimization to estimate the 

parameters of this model. The results from the model show that the estimated model not only 

fits the individual tour flow data with high accuracy but also it captures aggregate tour features 

like tour distance distributions and the number of stops. The model is sensitive to time and cost 

changes and can be used as a tool in traffic simulations for integrated traffic and freight transport 

modelling. 

 

The proposed model has practical capabilities, and also limitations. Estimating a general tour 

model which can represent the collective tour activities of large carriers can become an 

undetermined problem, especially when a limited imperfect amount of disaggregated data is 

available. Researchers have been dealing with these problems in transportation science for 

decades. The performance and accuracy of models in these cases depend largely on the amount 

of prior information used to help the model converge to the real behaviour of road users. Our 

proposed method shows that additional, although imperfect, tour information like tour duration, 

cost, start time, and end time can provide a robust and accurate estimation of a single tour model 

with meaningful parameters that can reproduce the preferences of carriers in planning tours.  

 

Although the model validation shows that the proposed model can accurately predict the routing 

and scheduling of carriers, the high accuracy of the model on the test data is not a surprise as 

the test data also come from the same sample distribution (but unseen data) on which we build 

the model. The ideal way of evaluating the model performance would be to use secondary data 
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such as truck counts on road networks to validate and calibrate our model. This, however, 

requires integrating this model into a more comprehensive freight transport model. 

 

To the best of our knowledge, there is no comparable study that we can compare our results 

with across all dimensions. De Jong et al. (2016) estimated models to explain the time-period 

preferences of receivers in road freight transport. They have applied this model to assess the 

impact of these preferences on the time-period choices of carriers. De Jong et al. show that road 

freight carriers are relatively insensitive to travel time changes. In contrast, carriers are more 

sensitive to peak hours if they realize an increase in transport costs. De Jong et al.’s model only 

considers the time dimension in freight transport without considering the impact of routing. 

Interestingly, our model, which treats both routing and scheduling of carriers, shows the same 

behaviour in tour planning. The spatial-temporal connection that trips have in our model makes 

this method a good candidate for spatial and temporal analysis. One can use this model, for 

instance, to study the impact of off-peak policies or to investigate the impact of an increase or 

decrease in transport cost (e.g., fuel cost, distance/shipment size-related costs) or cost of travel 

time (e.g., toll system), on the activities of carriers. These abilities make this an interesting tool 

for policy analysis with capabilities that go beyond current models. 

 

Seen as a tool for analysts, our work can also be used to understand the impact of freight 

activities on the traffic system. The activities resulting from this model can be easily translated 

into a time-dependent truck OD table, which can be coupled with a traffic simulation model to 

investigate the interconnection between freight and traffic. In this study, the model used the 

travel time matrices from a traffic simulation model to estimate tours. In return, the time-

dependent truck OD that resulted from this model can be also used as input to traffic simulation 

models. This could provide interesting insights into the inter-relation between freight transport 

operations and traffic systems. Auxiliary data such as truck counts on the road networks can 

also be used to enhance the accuracy of the VRP calibration and time-dependent truck OD 

matrix estimation. 
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Chapter 4 

Traffic prediction based on freight trip schedules 

 

 

After Modelling tours from trip data in the previous chapter, it is important to predict the impact 

of tour schedules on the dynamics of the traffic on roads. Short-term traffic prediction is a key 

component of traffic management systems. Around logistics hubs such as seaports, truck flows 

can have a major impact on the surrounding motorways. Hence, their prediction is important 

to help manage traffic operations. However, The link between short-term dynamics of logistics 

activities and the generation of truck traffic has not yet been properly explored. This chapter 

aims to develop a model that predicts short-term changes in truck volumes, generated from 

major container terminals in maritime ports. We develop, test, and demonstrate the model for 

the port of Rotterdam. Our input data are derived from exchanges of operational logistics 

messages between terminal operators, carriers and shippers, via the local Port Community 

System. We propose a feed-forward neural network to predict the next one hour of outbound 

truck traffic. To extract hidden features from the input data and select a model with appropriate 

features, we employ an evolutionary algorithm in accordance with the neural network model. 

Our model predicts outbound truck volumes with high accuracy. We formulate 2 scenarios to 

evaluate the forecasting abilities of the model. The model predicts lag and non-proportional 

responses of truck flows to changes in container turnover at terminals.  

 

This chapter is based on the following paper:  

Nadi, A., Sharma, S., Snelder, M., Bakri, T., van Lint, H., & Tavasszy, L. (2021). Short-term 

prediction of outbound truck traffic from the exchange of information in logistics hubs: A case 

study for the port of Rotterdam. Transportation Research Part C: Emerging Technologies, 127, 

103111. DOI: https://doi.org/10.1016/j.trc.2021.103111 
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4.1 Introduction 

Predicting Short-term traffic flow is indispensable for advanced traffic management systems. 

The truck flow around logistic hubs, which varies by time-of-day, has implications for the 

traffic on the surrounding motorways. Therefore, predicting the next hour of truck volumes is 

a precondition for traffic management systems for controlling the corresponding traffic. 

Nonetheless, short-term prediction of truck volumes has gained too little attention in contrast 

to short-term traffic flow prediction.  

 

The literature mostly addresses the daily truck generated at logistic hubs or traffic analysis 

zones rather than addressing the short-term truck demand on the road network. This implies 

that no literature specifically describes methods to predict short-term truck flows. A 

comprehensive view of the existing methods for long-term freight generation can be found in 

Holguín-Veras et al. (2014). Additionally, only a limited number of data collection methods 

(surveys, demographics) have been tested for this problem. Furthermore, these methods mostly 

use site-related characteristics, i.e. the number of employees; area; and capacity, which results 

in significant errors in the case of a relatively high number of trucks e.g. seaport’s terminal 

(Sarvareddy et al., 2005). Most importantly, however, these methods do not address the 

dynamics of within-day variations of truck flows. Currently, therefore, traffic managers lack 

the tools to make accurate short-term predictions of truck flows.   

 

As truck demand is a consequence of the logistics operations of multiple actors, it is worthwhile 

to explore the possibility to predict flows based on the exchange of information between them. 

Since the early 2000s, several studies have emphasized the importance of information exchange 

in freight transport and logistics chains (Giannopoulos, 2004, Di Febbraro et al., 2016, Banister 

and Stead, 2004). Cooperation between different logistics actors is important in intermodal 

hubs, such as seaport terminals, where a prompt exchange of information is needed for 

cooperative planning and execution of intermodal freight transport (Di Febbraro et al., 2016). 

Due to the advances in information and communication technologies, many ports around the 

world now use different systems to benefit from information transmission. In particular, Port 

Community Systems (PCS) are there to ensure that everyone in the hinterland transport chain 

(e.g. Port authority, terminals, careers, depots) can easily exchange information. These systems 

are generally built upon an integrated central database where all the information from clients 

of the port and government agencies, like customs, come together. PCS could align the vessel 

arrival time and container discharge time to the truck’s container pick up time. This information 

is mostly useful for optimizing terminals operations (Heilig and Voß, 2017). PCS also has the 

potential to provide other additional information services. For example, road carriers could be 

offered planning information services, to give terminals and empty depots a prior notification 

of the trucks' arrival times. Terminal operators, in return, could manage these arrivals and speed 

up the loading and unloading process of the containers at the terminal gates. One of these 

functions, that we will explore here, is the provision of timely warnings about truck flow 

dynamics to traffic managers.   

 

The main objective of this paper is to propose an approach to predict the next hour’s truck 

volume, based on PCS data and truck count data. The key contributions of this paper are as 

follows. 

1. We predict short-term truck volume with high accuracy on motorways with high truck 

demand;  

2. We propose an analytical framework making use of an artificial neural network (ANN) 

and NSGA-II to predict traffic, adding to existing approaches in two ways:  

a. It provides a robust feature extraction method 
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b. It uses a novel method to generate different NN topologies and heuristically 

select the best model.  

3. In this method, we combine PCS data, which comes from logistic activities, with class-

specific loop detector data. To the best of our knowledge, this paper is the first to utilize 

PCS data for the prediction of short-term truck volume on the road network.  

 

The remainder of this chapter is organized as follows: Section 4.2 provides a brief overview of 

the existing studies about the traffic flow prediction methods in general and truck volume 

prediction methods in particular. Section 4.3 presents the data collection outlines with which 

we describe the data characteristics and preparation challenges. Section 4.4 describes the ANN-

based methodology we proposed to model the data.  While section 4.5 denotes results and tests 

the prediction capability from a simulation of the model with some designed scenarios, section 

4.5 at the end, offers concluding insights. 

4.2 Literature review 

In this section, we provide a brief overview of categories of the existing methods covering 

short-term prediction of the traffic volume. Then more specifically, we review studies that take 

truck volume prediction into account.    

4.2.1 Short-term prediction of traffic volume 

Short-term traffic prediction has been an important subject in transport research since the 

1980s.  The term short-term usually refers to predictions made from a few minutes to a few 

hours into the future using historical data. The application of accurate short-term traffic 

prediction is usually input to intelligent transport systems in order to optimize the traffic 

performance in the coming hours. Readers can find a comprehensive overview of the methods 

and challenges in Vlahogianni et al. (2014), Van Lint and Van Hinsbergen (2012), and Poonia 

et al. (2018). In general, state-of-the-art traffic prediction can be classified into three types of 

models (Van Hinsbergen et al., 2007). The first class consists of naïve methods, where the 

models use no specific intelligence to predict the target values. An example of these methods 

is the historical average. However, these methods have relatively low performance in 

predictions; The second class is known as parametric methods, where the models use traffic 

flow theory to predict the traffic state., in an approach based on the traffic flow model, we have 

inputs (demand, route choice), parameters (e.g. capacity, critical speed) and internal state 

variables (e.g. density). One can update/estimate all three using data.;  Finally, nonparametric 

methods are another group of traffic prediction methods that use a flexible mathematical 

function approximation structure with adjustable parameters. These methods have the potential 

to learn a nonlinear model structure and parameters from the data. Examples of these methods 

are ARIMA (Kumar and Vanajakshi, 2015, Williams and Hoel, 2003), Spectral analysis 

(Nicholson and Swann, 1974), Kalman filter (Kumar, 2017), fuzzy logic (Zhang and Ye, 2008), 

support vector regression (Hong, 2011), stochastic differential equations (Rajabzadeh et al., 

2017), and, shallow or deep Neural networks (Polson and Sokolov, 2017, Tian and Pan, 2015, 

Do et al., 2019). Among all the mentioned methods, state-of-the-art deep neural networks have 

gained ample attention in recent years. Since the last decade, various types of deep architecture 

of neural networks have been developed for short term traffic predictions. Lv et al. (2014) 

proposed a stacked autoencoder model to predict traffic flow 15 to 60 minutes ahead. Wu et al. 

(2018) developed a hybrid convolutional recurrent deep neural network based on a traffic flow 

model to predict traffic states. Deep networks like long-short term memory (LSTM) and gated 

recurrent units (GRU) networks have also been successfully used to predict traffic flow (Fu et 
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al., 2016, Zheng et al., 2020, Cui et al., 2020b). Moreover, graph-based deep networks and 

generative adversarial networks are other types of deep learning networks that were 

successfully designed and applied to this field (Xu et al., 2020, Cui et al., 2020a). More details 

about these methods and their differences can be found in Lana et al. (2018).  

 

The difference between parametric (model-based) and nonparametric (black-box) approaches 

is that in black-box approaches such as e.g. a NN, there are typically many more parameters 

(with no physical interpretation) than in a model-based approach (in which most of the 

parameters have some physical interpretation).  

4.2.2 Prediction of truck volume 

Unlike traffic in general, the short-term truck volume prediction is not, at the present time, 

receiving sufficient attention. One of the reasons for the inattention to this transport sector is 

the absence of data. Besides, it is generally believed that truck volume is only a minor part of 

the traffic flow and its peak does not occur simultaneously with the passenger car peak. This is 

clearly not a proper assumption especially on motorways that connect logistic hubs (i.e. seaport 

terminals) and the hinterland.  The existing truck volume prediction methods fall under the 

same categories as the traffic flow prediction. However, in most cases, researchers have used 

parametric methods. For example, Liedtke (2009) introduced the INTERLOG simulation 

model prototype. This model is a simulation framework that takes into account logistics choices 

to assign commodity flow between companies to truck tours on the road network. Holguín-

Veras and Patil (2008) introduced a multi-commodity estimation model taking into account 

empty trips. This model is able to estimate truck OD table as well as link volumes. Other similar 

examples are Gonzalez-Calderon and Holguín-Veras (2017), Wisetjindawat et al. (2012), 

Sánchez-Díaz et al. (2015). Some studies also focused on the simulation of the traffic and 

congestion around cities with maritime container terminals. One of the earliest studies in this 

regard is Pope et al. (1995).  In this study, they used a traffic simulation model to examine the 

impact of container traffic at terminals on traffic congestion around the port. More recent work 

on a similar topic however is from Li et al. (2016). They made use of a combination of discrete-

event simulation and a traffic model. In this model, they used vessel arrival and terminal gate 

data to develop a queueing model. Then with making use of a traffic flow model, they evaluated 

traffic conditions for a number of what-if scenarios. 

 

For the nonparametric methods, on the other hand, Dhingra et al. (1993) proposed a time series 

analysis using ARIMA to predict weekly truck volume attracted by the Bombay metropolitan 

region. In the year 2000, Al-Deek et al. (2000) developed a linear regression model to predict 

daily outbound truck traffic from freight container data of the port of Miami. Then they used 

this daily prediction to forecast hourly truck volume using average hourly distribution.  Unlike 

the daily model, the hourly forecast is not validated in this model. In another study in 2002, Al-

Deek (2002) used vessel data to predict daily outbound truck volume using Backpropagation 

neural networks (BPNN) with 92% accuracy. The model was reported to be sensitive to the 

variation of terminal activities. Klodzinski and Al-Deek (2004) also used the ANN method to 

model daily truck generation from the vessel data. They used a scaling factor that predicts 

hourly truck volumes during peak hours. Another study from Sarvareddy et al. (2005) compares 

the fully recurrent neural network (FRNN) with the backpropagation neural network (BPNN) 

model to predict daily truck volume using vessel data. In contrast to the BPNN, the FRNN  was 

not sensitive to the variation of vessel data. Similarly, Xie and Huynh (2010) compared 

different machine learning algorithms (i.e. SVM, Gaussian process, and feed forward neural 

network ) to predict daily truck volume from seaport terminal operation data. They find SVM 

and GP outperforming the feed forward neural network despite they need less effort for model 
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fitting. Despite all the great research mentioned above, the question about short-term truck 

volume prediction arises where traffic management interventions are required on motorways 

with high truck traffic. Moniruzzaman et al. (2016) addressed this question by developing a 

feed-forward neural network to predict short-term truck volume on a bridge crossing the border 

from the US into Canada.  

 

A summary of the reviewed studies on truck volume prediction is shown in Table 4-1. All 

except one of the mentioned methods are directed at the aggregate level of traffic flows or 

intended for the planning of truck facilities over the long term: a week, a day, or years ahead. 

We conclude that an approach for short-term truck volume prediction for traffic management 

purposes is lacking. Therefore, our contribution focuses on the development of this approach. 

We employ logistics source data, that has not been used before for this purpose, and combine 

several available methods to achieve an accurate short term prediction of truck flows. The 

remainder of this paper sets out the modelling approach and the results.  
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Table 4-1: Examples of the existing studies on truck flow prediction 

Author and Date Area Methodology Horizon Data 

  Approach Model   

Liedtke (2009) Network-level parametric Micro-simulation Long-term Contract data 

Holguín-Veras and Patil (2008) Network-level parametric 
Trip simulation and OD 

synthesis model  
Long-term Survey data 

Gonzalez-Calderon and 

Holguín-Veras (2017) 
Network-level parametric 

Entropy maximization 

and tour synthesis model 
Long-term Truck counts 

Wisetjindawat et al. (2012) Network-level parametric simulation Long-term Survey data 

Sánchez-Díaz et al. (2015) Network level  parametric Model-simulation Long-term GPS data 

Pope et al. (1995) Port area  parametric 
Microscopic traffic 

model 
Long-term 

Survey-truck 

count 

Li et al. (2016) Port area parametric Discrete event Long-term Vessel data 

Dhingra et al. (1993) Port area 
Non-

parametric 
ARIMA weekly Truck counts 

Al-Deek et al. (2000) Port area  
Non-

parametric 
Linear regression Daily Vessel data 

Al-Deek (2002) Port area  
Non-

parametric 
BPNN Daily Vessel data 

Klodzinski and Al-Deek (2004) Port area 
Non-

parametric 
ANN Daily Vessel data 

Sarvareddy et al. (2005) Port area 
Non-

parametric 
FRNN & BPNN Daily Vessel data 

Xie and Huynh (2010) Port area 
Non-

parametric 
SVM & GP Daily Terminal data 

Moniruzzaman et al. (2016) Border 
Non-

parametric 
ANN Short-term RTMS 

Current study Port area 
Non-

parametric 
ANN 

Hour (short-

term) 
PCS 



Data-driven modelling of routing and scheduling in freight transport 73 

 

 
 

4.3 Data collection  

To develop and test our model, we use the case of the Port of Rotterdam in The Netherlands. 

The Port of Rotterdam is the largest in Europe. It has been growing at a yearly rate of 4.5% in 

terms of container throughput (Port-of-Rotterdam, 2019). Due to its growth expectations, it is 

likely to induce more truck traffic on the motorways in the Netherlands. We used container data 

of the port of Rotterdam to predict the next hour outbound truck traffic. Figure 4-1 shows the 

terminals located in the port area of Rotterdam and the location of the loop-detector that 

observes all relevant outbound truck traffic.  

 

 

Figure 4-1: Terminal and main loop-detector location considered in the port of Rotterdam 

4.3.1 Container schedule data 

Container schedule data for five terminals operating in the PCS Port of Rotterdam are managed 

by the company Portbase. Data were provided for the year 2017. This dataset contained 

necessary and relevant information about sea-side (i.e. vessel arrival times), yard-side (i.e. 

container discharge times) handling of containers by terminal operators, and hinterland-side 

operation (i.e. estimated container pickup times by trucks). While the first two belong to the 

terminal operations, the third is linked to the trucking companies. In other words, the whole 

container process from unloading from vessels and moving to the container yards to loading 

them on trucks is recorded in chronological order. Previous analysis has shown that this data 

was highly important for the generation of truck volumes (Nadi Najafabadi et al., 2019). The 

main field which we used as the input layer for neural networks was the Estimated Pick-Up 

Time for containers. After aggregating container-level data, we obtained expected road-side 

outbound volumes of containers in a given hour.   
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4.3.2 Truck volume 

In the Netherlands, a national repository named National Data Warehouse (NDW) provides a 

data stream of vehicle counts collected from loop-detectors installed on motorways, a subset of 

these loop-detectors can distinguish vehicle categories based on their lengths. Following the 

same classification, vehicles longer than 12 meters were labeled as trucks. To detect outbound 

truck traffic from the port area, we selected the first loop-detector located at the beginning of 

the A15 motorway, within the Port of Rotterdam area (see Figure 4-1 ). These data were 

available at a resolution level of 1 minute time periods. Truck traffic data was aggregated at an 

hourly resolution and was used for the output layer of our neural networks.  

 

Since we apply neural networks for time-series forecasting, the continuity of the data should be 

maintained. Therefore, we used the first 6 months of data for the year 2017. It provided us with 

4344 data points for both the input and output layers. Figure 4-2 shows hourly containers that 

are ready to be picked up and Figure 4-3 shows the truck traffic observed at the loop-detector 

on A15. Container data was complete; however, 3.84% of truck traffic data were not available. 

Missing traffic data is a common problem and can be caused by several factors such as 

malfunctioning of loop detectors or communication issues. In section 4.4, we provide our 

approach that we used to handle missing data before the neural networks were applied.  

 

 

Figure 4-2: Hourly containers ready to be picked up at the port of Rotterdam 

 

Figure 4-3: Hourly truck traffic counts observed at the loop-detector on the A15 
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4.3.3 Exploratory data analysis  

As far as the time series data was concerned, we first set up a descriptive analysis to look into 

the input/output trends. Altogether 6 months of data were collected for this study. We examine 

the trends from an hourly, day of the week, and monthly perspective. 

 

Figure 4-4 shows the average number of trucks versus the average number of containers at each 

time of day. It is obvious from the figure that, although they have a similar increasing and 

decreasing pattern in general, there are some differences, especially during peak periods. Truck 

flows peak from1:00 PM to 7:00 PM. By comparison, container pickup schedules show that 

containers are mostly scheduled to be picked up from 11 AM to 5 PM. This indicates that trucks 

likely face delays in picking up the containers, especially during peak periods. As we can see 

from the truck flow profile, unlike the container pickup schedules, the flow drops at  8:00 AM 

and 4:00 PM. This is due to the working shift change at terminals, which leads to fewer truck 

departures during these hours.  

 

 

Figure 4-4: Number of containers and number of trucks throughout the hours of the day 

Figure 4-5 compares the average truck flow and scheduled container pickups on every day of 

the week. This graph shows that the two trends are generally similar. As can be seen from the 

figure, the average truck volume on Wednesdays and Fridays is slightly higher than on the other 

days.  
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Figure 4-5: Comparison of truck flows and scheduled container pickups during the week. 

Finally, Figure 4-6 compares the number of trucks vs. scheduled container pickups during the 

first six months of the year 2017. Although the two trends have a similar pattern in general, the 

average volume varies from one month to another. As we can see, there is an abrupt drop in the 

average truck volume in April. Of course, we would expect a slight drop due to the same pattern 

in the container scheduled flow; the decrease however is sharper than expected. This could be 

due to an irregularity in the truck flow data. This irregularity is also observable in Figure 4-3 

for the first two weeks of April. We could impute these two weeks with the mean or median 

profile from historical data. However, we decided to keep the observed truck counts unchanged 

for two reasons. First, the container pickups may be scheduled days or weeks ahead and may 

not be updated for those two weeks. In other words, the abnormality could be in container 

schedules not in the truck count. Second, this abnormality is only for 8 percent of the data and 

not only may not have huge consequences on model prediction in general but also makes it 

more robust toward possible unexpected variations. 

 

 

Figure 4-6: Comparison of the truck flows and scheduled container pickups in the first six 

months of 2017. 
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4.4 Methodology 

We design and train an ANN model to predict hourly truck volumes on a specific section of 

motorway, directly connecting the container terminals with the main road networks. Figure 4-7 

shows the building blocks of this model.  

 

Figure 4-7: Building blocks of our truck traffic prediction model 

 

The container pickup schedules contain hourly expected pickup times for each individual 

container in the port of Rotterdam. In this model  𝐶𝑡 represents the number of containers that 

are expected to be picked up at time 𝑡 and  𝑇𝑡 denotes the ground truth outbound truck volumes 

on the selected section of the motorway. We formulate the problem as a way to map container 

demand time series to the supply truck flow time series, as follows:  

 

1 2( , , ,..., )t t t t t dT f C C C C     (4.1) 

 

where 𝑑  is the number of time lags. In this model, we intend to predict truck flow at time  𝑡 

given expected container pickups at time 𝑡, and 𝑑 previous time steps. The reason that we use 

the time series of container pickups is due to the problem that trucks do not always arrive at the 

expected pickup time, i.e. they could arrive later or earlier that day. We identified from our 

exploratory analysis that it is likely that trucks arrive slightly later. Therefore for prediction, the 

truck flow at time 𝑡 might be attributed to the container pickup demand in current and previous 

time steps. The estimated weight of our trained ANN accounts for the contribution of each time 

lag in container schedules to predict the current truck flow. Moreover, the truck flow at time t 

also includes the empty trucks which are not represented in the estimated pickup time of 

containers. As the ratio is relatively low the nonlinear characteristics of our trained ANN can 

capture the pattern of all truck flows including the empty trips.  

 

Missing data is a common problem to deal with in machine learning methods. Since we only 

have had 3.84% of missing truck volume data, we have used an imputation method; specifically, 

we have used historical hourly truck volume averages to fill missing data. As this concerned a 

very minor share of the counts, scattered across the time series, this had a negligible impact on 

the results.  
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4.4.1 Artificial neural network 

An artificial neural network is a machine learning technique that uses a learning mechanism 

similar to the human brain. It has found very successful applications in many disciplines, 

especially in modelling complex dynamic features in data. This method is believed to be 

technically superior to classical statistical methods where there is a nonlinear relationship 

between dependent and independent variables, due to its ability to map input space to a 

nonlinear feature space. In transportation research, in particular, one can formulate the traffic 

dynamics of the road network as a time series of speeds and flows. A neural network often 

demonstrates high performance in capturing such spatiotemporal complexities.   

 

As we have seen in the literature review section, there are many variants of neural networks 

that can deal with the prediction of traffic flow time series. Examples are feedforward networks, 

recurrent networks, and radial-based function (RBF) networks. In this study, we use a 

feedforward neural network to predict truck volumes. A typical feed-forward neural network 

consists of one input layer, one or more hidden layers, and one output layer. Every layer in an 

ANN contains a number of neurons. For the detail about the methodology of the artificial neural 

networks, we refer the interested readers to the fundamentals of neural networks textbook 

(Hassoun, 1995). The number of neurons in the output layer of an ANN depends on the 

designated problem. One, however, has to identify the number of neurons in the feature layers. 

In section 4.2.2, we outline an evolutionary optimization method to find the answer to this 

problem.  

 

Error backpropagation is an approach that is used to estimate the weight of each connection 

between neurons of one layer and another layer. Initiating with random weights and biases, the 

training process continues with successive updating weights and biases in a way to minimize 

the total error of the model. The MSE (mean square error) is the most commonly used error 

function for estimating the model weights. 
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Where 𝑁 is the number of observations, 𝑡𝑖is the 𝑖th  observed target value and 𝑦𝑖 is its 

corresponding predicted value.   

 

In order to evaluate the performance of the model, we use root mean square error (RMSE),  

mean absolute error (MAE), mean absolute percentage error (MAPE), and the probability of 

absolute percentage error (PAPE) as the indicators.  
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The RMSE represents the standard deviation of the residuals which indicates how the data are 

concentrated around the best fit. On the other hand,  the MAE, tells us how big an error could 

be on average. We also use the correlation coefficient between targets and predicted values to 

evaluate the prediction power of the model. In this model, we use two hidden layers because 

adding more layers does not improve the performance of our prediction.  However, this model 

requires three hyperparameters which we need to tune. That is the number of time lags as well 

as the number of neurons in each hidden layer of the ANN. In the next section, we outline an 

optimization method that deals with the model’s hyperparameters. 

 

For the optimization algorithm, we use the standard neural network toolbox of MATLAB which 

provides a flexible platform for training, validating, and testing. From a variety of optimization 

techniques, we chose to use the Levenberg-Marquardt algorithm, as it provided us with a high 

goodness of fit.  

4.4.2 Feature extraction and model selection 

In a neural network hidden layers generally extract a higher level of features from the input 

data. In fact, the number of neurons in each hidden layer represents the number of hidden 

features that we have to extract from input data to predict the target values accurately. Finding 

the required number of higher-level features in a model as well as identifying the activation 

function of hidden layers is a type of feature extraction problem. Besides, the number of time 

lag 𝑑 in the model also identifies the features that have a contribution to the prediction model. 

In this study, the parameter d is even more important as it helps us to interpret our model better. 

Therefore, we also defined the problem of finding the minimum number of input features (e.g. 

𝑑 in this study) as a feature selection problem (an approach known as model selection).  

4.4.3 Problem formulation 

We adapt the same methodology for our problem as used by Huang et al. (2010): we formulate 

feature extraction and feature selection for this model as a multi-objective optimization 

problem. The goal of this formulation is to obtain the number of time lags as well as the number 

of neurons in each hidden layer so that the model’s error is minimized. In other words, the aim 

is to find a tradeoff between the number of features, number of model parameters (i.e. weights 

and biases), and the sum of squared errors in the model. As the number of input features and 

the number of neurons increases, the number of the model’s parameters increases as well. 

However, it is likely that the error of the model decreases. Therefore, the best subset of features 

is a point in the Pareto front of the solution space. The objective function of this formulation 

makes sure that the minimum number of features and neurons is used in a way that the 

performance of the model does not decrease significantly.  
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Where |�⃗�|  and |�⃗⃗⃗⃗�|  are cardinality of the input feature vector and cardinality of the model’s 

parameters respectively. The aim is to minimize all these three objectives. Decomposition 

methods and direct methods are two types of algorithms that can solve a multi-objective 

optimization. From the decomposition point of view, one way is to use a weighted sum of all 

objectives and solve the problem as a single-objective optimization.  

 

1 2 3min( )z z z z      (4.10) 

 

However one has to tune 𝛼 and 𝛽 correctly to get accurate results. To cope with this problem, 

the Akaike information criterion (AIC) is used as defined by Hurvich and Tsai (1993). Bayesian 

Information Criterion (BIC) is also another indicator which is widely used in model selection 

problem. Both these methods use information theory to trade off model parsimony against 

goodness-of-fit.    
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where 𝑛 is the number of observations and 𝑚 is the number of model parameters.  

 

In order to use 𝐴𝐼𝐶𝑐 and BIC for the feature selection, there must be a set of candidate models 

to choose from. In our case, we have three decision variables: a time delay and the number of 

neurons in the first and the second hidden layer. In this study, we have no prior knowledge 

about the range of the effective time delay. Therefore, any combination of these decision 

variables can be a candidate model. This results in a huge set of candidate models. To cope with 

this problem, we can choose from either weighted sum or direct methods to solve the proposed 

multi-objective problem. However, there are two main drawbacks to using the weighted sum 

approach as discussed in several studies, e.g. Kim and De Weck (2006). The first drawback is 

that the obtained solutions on the Pareto front are not evenly distributed; the second is that no 

solutions can be found in non-convex regions. Therefore, for our case, we choose to use an 

NSGA-II setting which can directly trade-off model performance, time delay, and the feature 

extraction parameters. NSGA-II is a population-based evolutionary algorithm that uses a non-

dominated sorting technique and is able to heuristically find all the models located on the Pareto 

front (Deb et al. (2002). The algorithm starts with a random setting for the model and 

heuristically searches the solution space to find those models that cannot be dominated by other 

models. This provides us a small list of the best candidate models among which we can use the 

BIC or AIC to choose the best model. Accordingly, we call this method a multi-layer neural 

network with automatic feature extraction (MLP-AFE).  

4.4.4 Ensemble models 

The NSGA-II trains ANN with different settings (topology) at each iteration. However, ANNs 

with similar settings may produce multiple predictions. To reduce the uncertainty of the model’s 

error and thus have the most accurate model, we use the ensemble learning approach at each 
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iteration of the NSGA-II. There are different ensemble techniques such as averaging, bagging, 

boosting, stacking, and blending. We use the averaging technique as it works well for our 

problem. We trained the ANN 10 times with the same setting at each NSGA-II iteration and 

then used the average MSE as the relative objective of that setting. 

4.5  Results 

In this section, we describe the results of our analysis for the prediction of truck flows, given 

the container pickup schedules in the Port of Rotterdam. 

4.5.1 Model selection 

We used MATLAB R2018b to train the ANN for our forecasting model. The model uses a 

feedforward network architecture with two hidden layers (as extra layers did not improve the 

fitness of the model significantly). For the activation functions, we use logsig in each hidden 

layer and a linear regression function (i.e. purelin in MATLAB) for the output layer.  

 

In the previous section, we proposed a multi-objective optimization technique to find the 

optimum setting of our model. In this technique, we use NSGA-II to find models that have: the 

minimum number of delays; the minimum number of neurons in the first hidden layer (NH1); 

the minimum number of neurons in the second hidden layer; and the minimum MSE (see Figure 

4-8). As the MSE is in disagreement with the model parameters, the result of the NSGA-II will 

be a set of non-dominated models that cannot dominate each other as well. On the other hand, 

the NSGA-II selects a set of candidate models that are dominated by the other models. These 

models belong to the Pareto front of the objective space. Figure 4-8 shows the approximation 

of the Pareto front using the NSGA-II algorithm.  The dark blue points on the 3D graph are 

those on the Pareto frontier.   

  

 

 

Figure 4-8: Approximation of the models’ Pareto frontier using the NSGA-II algorithm. 
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Table 4-2: Comparison of candidate models using their  𝑩𝑰𝑪 and 𝑨𝑰𝑪𝒄. 

Models delay NH1 NH2 MSE 
cAIC
  

BIC   

Model 1 1 7 8 3694.127 28217.49 25734.17 

Model 2 2 6 8 3285.286 27841.07 25329.26 

Model 3 3 8 6 3147.437 27727.31 25287.1 

Model 4 4 7 4 2973.562 27498.84 24929.95 

Model 5 5 7 6 2948.125 27516.96 25096.3 

Model 6 7 8 4 2817.519 27380.84 25014.89 

Model 7 9 7 5 2739.393 27317.17 25009.73 

Model 8 13 8 8 2674.029 27382.66 25530 

 

From the AIC point of view, Table 4-2 says that model 7 with delay 9, has the lowest AIC. This 

model has 7 and 5 neurons in the first and the second hidden layer respectively. On the other 

hand, model 4 has a lower BIC. This model has 7 and 4 neutrons in its first and second hidden 

layers respectively. In general, the BIC uses a higher penalty for model parameters than AIC. 

This usually leads to a model with fewer parameters. However, in this study we choose model 

7 owing to the lower accuracy of model 4 in predicting the peaks in truck flow. With this model, 

we can use the previous 9 hours and the current schedules of the container pickups to predict 

outbound truck volumes on the A15 motorway. 

 

To prevent overfitting of the ANN, we used 70% of the input data for training, 15% for 

validation, and 15% for testing the performance of the model. We defined 100 epochs to train 

a feedforward neural network. MATLAB uses the validation set to test the model performance 

during training. Training will be stopped if the model fails in a number of successive iterations 

to improve the prediction accuracy for the validation set; this prevents overfitting of the model. 

In this paper, we set the number of maximum fails in the validation process to 10. 

4.5.2 In-sample validation 

Figure 4-9 compares the linear fit between the actual and the predicted truck flows for the three 

data splits and the whole data. The correlation coefficient between the actual and predicted 

truck flow is just around 0.92 (with P-value close to zero) for Train, Validation, Test, and All 

data. This indicates a high predictive capability of the model. As we can see from the figure, 

the model output fits the target values for both validation and test data with a slope close to 1 

(0.85 and 0.87 respectively) and a small intercept (25.81 and 22.77 respectively). We conclude 

that the model has a high generalization power to predict out-of-sample data.  
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Figure 4-9: Correlation coefficient and linear fit between modeled and observed volumes. 

Figure 4-10 compares the error histogram of the model for the three splits of the data. The closer 

the model error distribution lies to a normal distribution with zero means, the better the model 

performs. This figure indicates that the error for all partitions has a normal distribution with a 

mean close to 0 (range between -5.7 and - 2.9) and a standard deviation of around 55.  

 

 

Figure 4-10: Error histogram of the model for the three splits of the data 
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To examine the error associated with the model prediction, we use three performance indicators 

(MSE, RMSE, and MAE) to compare the results for all the data splits. Figure 4-11 shows the 

model residuals as well as the results of the model performance indicators for every data split. 

The RMSE for the test data remains in the range of 50 to 55 for all the data splits. This means 

that, from the two-sigma empirical rule, approximately 68 % of the predictions have less than 

about 55 absolute error Pr( ) 0.68RMSE e RMSE      . On the other hand, the MAE of 

all splits shows that the error does not exceed 31.52 on average. The mean absolute percentage 

error is 3.2 % for the test data and not more than 4.9 % for other splits, which is close to other 

similar studies. This shows that the model has high accuracy in predicting truck flows. Unlike 

the MSE, RMSE, and MAE, a model with higher PAPE has better performance. This indicator 

shows 0.92 and 0.94 probability of error less than 10% error for validation and test data 

respectively.  

 

 

Figure 4-11: Models residual and performance indicators for three splits of the data. 

 

All indicators show the high accuracy of the model despite the irregularities in the truck flow 

data. Figure 4-11 and Figure 4-12 show that most of the relatively large errors happen in one 

specific section of the time series. This period belongs to the first two weeks of April, where 

we indeed have irregularities in the truck counts (see Figure 4-3 - this could be because of a 

malfunctioning detector, for example). However, the model tries to generalize in that sense and 

that is why we get a higher error in that period. Having said that, the error profile of this model 

might also help us to detect irregularities in truck volumes.  
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Figure 4-12: Comparison of model fit with observed values for three splits of the data 

4.5.3 Out-of-sample validation 

To evaluate the capability of our model to extrapolate, we used the month of November for out-

of-sample validation as November is the month with the most complete data available in our 

out of sample data set.  Figure 4-13 shows that even though the model is trained for the months 

of January to July, it can accurately predict truck volumes in November. The correlation 

between target and output is relatively high with R=0.96. The indicator 𝑃𝐴𝑃𝐸 ≅ 0.94 indicates 

that only 6% of the predictions have more than 10% error. Finally, the absolute errors are 1.9 

percent on average. All these indicators prove the strong capability of our model for forecasting 

out-of-sample data. 

 

 

Figure 4-13: Out-of-sample truck traffic forecast for November 2017. 
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4.5.4 Temporal resolutions and methods comparison 

In this section, we compare our proposed MLP-AFE model with the naïve historical average 

(HA) model, Least square Error (LSE), BPNN, and state-of-the-art LSTM network. We also 

compare different temporal resolutions used to predict from 5-min to 60-min ahead of truck 

volume. Among these methods, HA is a baseline method that only considers the average of the 

number of scheduled trucks in previous timesteps to predict truck volumes. For the LSTM 

network, we used the ‘adam’ algorithm for training 100 hidden units (by trial and error). This 

comparison is based on the predictions on the out-of-sample validation set.  

 

Table 4-3: Prediction temporal resolutions and methods comparison 

method HA LSE BPNN MLP-AFE LSTM 
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1-hour 116.5 90.4 0.58 153.5 110.7 0.26 65.2 40.9 0.88 36.6 26.4 0.96 36 23.1 0.96 

45-min 76.74 57.8 0.71 58.21 40.1 0.83 49.4 30.2 0.88 37.3 21.9 0.96 21.3 14.9 0.98 

30-min 46.27 32.8 0.78 39.55 27.42 0.82 31.2 18.3 0.89 28.2 15.8 0.92 19.4 11.8 0.96 

15-min 21.88 14.7 0.81 20.67 14.40 0.81 18.7 11.8 0.85 15.5 9.2 0.90 9.1 6.23 0.96 

5-min 8.57 5.5 0.73 8.16 5.78 0.74 7.4 4.90 0.80 6.1 3.7 0.86 5.4 4.04 0.87 

 

The results in Table 4-3 shows that MLP-AFE has relatively higher goodness-of-fit as 

compared to the HA, LSE, and BPNN in all temporal resolutions. However, the goodness-of-

fit drops when the prediction time horizon decreases. This is because the level of non-linearity 

increases in finer resolutions for both truck volume profile and container schedules.  Moreover, 

in finer aggregation, the differences between the observed and predicted volumes cause larger 

relative errors which result in a drop in goodness of fit (Lv et al., 2014). Our model also proved 

to be as accurate as the state-of-the-art deep LSTM network, especially in 1-hour resolution. 

For finer temporal resolutions, however, LSTM performs slightly better which comes at the 

cost of a very complex structure and relatively long training phase. Nevertheless, MLP-AFE’s 

goodness-of-fit and errors for finer resolutions are also promising, robust, and comparable with 

the LSTM network.  

 

 

Figure 4-14: methods comparison in 1-hour resolution with CDF of absolute relative errors. 
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To compare for accuracy, Figure 4-14 visualizes the cumulative distribution function of the 

absolute relative errors for each model. It shows that, in our case, learning long-term 

dependencies with LSTM does not result in a measurable improvement in the predictive 

performance of the model.  

4.5.5 Feature importance  

As we saw in Table 4-2, our method proposes a model with 9 delays. This means that to predict 

truck volume at time t the best model requires container schedules with 0 to 9 delays (see 

Equation (4.1)). To see the relative importance of each of these delays in truck volume 

prediction, we used the permutation feature importance approach. In this technique, we used 

the trained model to predict on the dataset while one of the delays in the input layer is scrambled. 

We used the mean square error to calculate the relative score of the model with the scrambled 

delay. This process is repeated 10 times for each delay and then we used the average score of 

each delay as its final score. Figure 4-15 shows the average score of each delay.  

 

 

Figure 4-15: Global explanation of the relative importance of each delay on truck volume 

predictions 

We can see, from Figure 4-15, that Ct, Ct-1, Ct-2, Ct-9 are the most important features. Although 

Ct is in the same timestamp as Tt (see Equation (4.1)), Ct-1 has more contribution to the 

prediction of Tt. This also confirms the observed delays between container schedules and truck 

actual pickups explained in section 4.5.1. 

4.5.6 Scenarios  

We further examine the model’s ability to project changes in outbound truck volume by 

considering an increase in container throughput at the port of Rotterdam. An increase in 

container throughput can occur due to the arrival of large vessels. In addition, we have also 

analyzed the response of our model to inactivity at the port of Rotterdam, due to e.g. strikes or 

bad weather. As a consequence, we should observe different than normal truck volumes 

generated from the port area. Because of the strong underlying dynamics of the transshipment 

system, we cannot tell beforehand how the increase of truck flows will follow the growth of 

container volumes. We use the dataset for November 2017.  



88   Chapter 4 - Traffic prediction based on freight trip schedules 

 

 
 

Effect of increase in container throughput on truck flow patterns 

We consider five scenarios to forecast outbound truck volume, corresponding to a 5%, 10%, 

15%, 20%, and 25% increase in the container throughput. In these scenarios, the hourly 

container demand is increased uniformly and we apply our model to retrieve the outbound truck 

counts. We report both the mean and the median hourly increase in outbound truck traffic as a 

result of this growth. The base case refers to the truck counts and container traffic observed in 

November 2017. In Table 4-4 we present the results. We notice a monotonic but non-linear 

increase in the outbound truck volume with respect to an increase in the container throughput 

(see Figure 4-16). Interestingly, both mean and median hourly increases are less than 

proportional until a 20% increase. For changes in container throughput above 20%, the mean 

flow increases more than proportionally. For forecasting, the median hourly increase provides 

us with a more stable indication of an increase in the generation of truck traffic, where the 

median growth is again less than proportional, but this time across the entire range of changes. 

Knowing that the terminals have some inventory facilities and that the container volume 

increase may be buffered for a while and then released over an extended period, this may 

explain the observed pattern. As the model takes the 9-hour delay, we believe it has the ability 

to predict this effect. In any case, the application of this model provides an estimate of the 

impact on flows of a sudden increase in the container throughput, which is non-trivial and 

original.  

 

Table 4-4: Forecasted outbound truck in a growth scenario 

Mean hourly 

increase in 

container 

throughput (%) 

Mean hourly increase in outbound 

truck volume prediction (%) 

Median hourly increase in 

truck volume prediction(%) 

5 0.8 1.8 

10 1.9 4.3 

15 5.4 6.7 

20 17.9 11.4 

25 38.9 17.5 

 

 

 

Figure 4-16: Mean and median trends in the forecasted outbound truck in a growth scenario 
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Effect of a period of inactivity at seaport terminals 

Here we test the capabilities of our model to respond to random downward shocks in container 

throughput. Inactive container handling periods can occur due to unexpected circumstances 

such as strikes or bad weather. This may be relevant to spot traffic management opportunities 

in case of little expected freight activity, e.g. to free up road capacity that would otherwise be 

dedicated for trucks or to lift truck-specific bans on roads. We have considered two inactivity 

scenarios: weeklong and daylong events. For the former, we have assumed zero container 

throughput for the second week of November 2017. In the latter, we have assumed zero 

container throughput for the 8th day of November 2017. Figure 4-17 shows the performance of 

the model in terms of its sensitivity to respond to sudden stoppage of the container throughput. 

Despite the inactivity in terminals of 1 week, our model will still predict a movement of on 

average 21 trucks per hour. In the case when terminal activities are suspended for a day, the 

model has predicted 18 trucks on average generated by the port area during the inactive period. 

It implies that the model can identify some other minor necessary activities (i.e. existing 

distribution centers in port area) even if the terminals are inactive.  

  

  

Figure 4-17: Forecasted truck volume (a) weeklong inactivity and (b) day-long inactivity at 

seaport terminals 

In sum, the results of the two scenarios confirm the sensitivity of the model to different scales 

of variations in container schedules. Therefore, we believe that the model can be used for other 

seaports as well, as long as the schedule of containers for pick-up is available, for example via 

the port community system. We do recommend updating the parameters of the model through 

a transfer learning procedure for other ports. This will maintain the predictive ability of the 

model and reduce the risk of high errors. 

4.6 Conclusion  

In this paper, we explore the link between logistics activities at a seaport terminal and the truck 

traffic volume being generated by those activities. We use PCS data from five of the largest 

terminals in the port of Rotterdam for the first six months of 2017 to predict the next hour of 

outbound truck traffic volume, using a feed-forward neural network model. Our main 

conclusions are: 

 

- We developed an analytical framework that enables us to (a) identify relevant feature 

vectors from a range of input data sources (pickup schedules, truck counts); (b) rank the 

resulting (in our case neural network) models in terms of how well they predict the 

outbound truck traffic volume. 
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- The final (best) model from our experiments can be used for short-term predictions of 

truck volume with reasonable accuracy on out-of-sample data this model achieved a 

96% accuracy.  

- We found that the predictive models are sensitive to the logistics activities at the port of 

Rotterdam. It can predict changes in the generation of truck traffic volumes as an effect 

of the dynamics of the handling containers at seaport terminals. 

 

We believe these results are relevant for both science and practice. The main innovation of 

methodological nature is that we formulate the problem of feature selection and feature 

extraction as an optimization problem, and subsequently use NSGA-II -- not only to find the 

most important features, as commonly employed, but also to design the most appropriate 

topology for MLP. The model can be used to understand the consequences of logistics activities 

at the seaport terminal on the traffic system. The predictions can be useful for traffic 

management agencies to better manage traffic around major freight hubs.  

 

Given our findings, a promising future direction of research is the development of the model 

within a simulation-based framework, to evaluate the impacts of departure time shifts (i.e., by 

changing the container pick-up schedules) on the traffic system. Future work could investigate 

the extensions of the model for network-wide prediction of truck traffic. This will require a 

model that also includes spatial correlation in combination with loop-detector data. Fast and 

accurate network-wide prediction of truck traffic can be useful to design more advanced traffic 

management strategies to further improve network reliability.  
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Chapter 5 

Time-shifted operation for freight transport  

 

 

In the previous chapter, We identified that the schedules of carriers have a strong impact on 

truck volume on roads. This chapter proposes a data-driven transport modelling framework to 

assess the impact of freight departure time shift policies on road networks. We develop and 

apply the framework around the case of the port of Rotterdam. Container transport demand data 

and traffic data from the surrounding network are used as inputs. The model is based on a graph 

convolutional deep neural network that predicts traffic volume, speed, and vehicle loss hours 

in the system with high accuracy. The model allows us to quantify the benefits of different 

degrees of adjustment of truck departure times towards the off-peak hours. In our case, travel 

time reductions over the network are possible up to 10%. Freight demand management can 

build on the model to design departure time advisory schemes or incentive schemes for peak 

avoidance by freight traffic. These measures may improve the reliability of road freight 

operations as well as overall traffic conditions on the network. 

 

This chapter is based on the following paper:  

 

Nadi, A., Sharma, S., van Lint, H., & Tavasszy, L., Snelder, M. (2020). A data-driven traffic 

modelling framework for analyzing the impacts of a freight departure time shift policy. 

Transportation Research Part A: Policy and Practice, 161, 130-150, DOI: 

https://doi.org/10.1016/j.tra.2022.05.008 
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5.1 Introduction 

As heavy goods vehicles contribute significantly to congestion problems on inter-
urban motorways, it is important to understand the interrelations between traffic and 
logistics systems. Also, predicting the impact of freight activities on road traffic 
conditions is a necessary ingredient of the design of peak avoidance traffic 
management policies for freight transport. Previous research has shown the 
effectiveness of departure time shift policies for passenger traffic (Thorhauge et al., 
2016a, Thorhauge et al., 2016b) and urban freight deliveries (Sánchez-Díaz et al., 2017). 
Until now, however, optimization of freight departure time shift (FDTS) policies for 
inter-urban traffic impacts has not yet been presented in the literature. The main 
contribution of this paper is to help fill this gap, by developing a modelling framework 
that evaluates and optimizes the FDTS strategy using the prediction of short-term road 
traffic dynamics (i.e. flow, speed, and losses). To demonstrate the empirical working 
of the model we develop the case of container pickup in the port of Rotterdam.  

 

The main questions addressed are :  

1. Does FDTS lead to a significant gain for the traffic system?  

2. How large is the monetary gain/loss for all network users (i.e. passengers and trucks)? 

3. How large is the average contribution of every individual truck to this social gain? 

4. what is optimal FDTS’s from the perspective of overall traffic conditions? 
  

Candidate modelling approaches that can provide answers fall into two main categories: firstly, 

models that use traffic theory and are known as model-driven approaches; secondly, the data-

driven models, which use historical data to predict traffic conditions. In general, the methods 

each have arguments for and against and cannot outperform each other under all conditions 

(Calvert et al., 2015). The main difference between them is that the data-driven approach 

typically has parameters that have no physical interpretation, while a model-driven approach 

has fewer parameters where most do have a physical interpretation. For a comprehensive 

overview of these methods and their challenges for short-term traffic prediction, we refer to 

Vlahogianni et al. (2014), Van Lint and Van Hinsbergen (2012), and Poonia et al. (2018). In 

this paper, we propose a data-driven traffic model to predict short-term traffic states, taking the 

impact of freight demand into account. We choose data-driven models over model-driven 

approaches to reduce the calibration effort and to allow operation with short calculation times 

as well as lower computational complexity. The estimation of data-driven models can be 

performed offline and is easier than O-D estimation or calibration of road capacities. Data-

driven models can follow the actual traffic state correctly, whereas simulation model 

predictions typically deviate from the actual traffic state (Calvert et al., 2015).  

 

We build up the model around the case of port-related container transport, which marks the 

second contribution of the study to the literature. We use pickup schedules of containers in a 

seaport to predict short-term traffic dynamics on the surrounding road network, predicting 

volumes, speeds, and multi-class monetary losses in the traffic system. Besides the data-driven 

traffic model, we propose an approach to design optimal departure time shifts of container 

movements from the peak hours to off-peak periods. The shifts take place within the framework 

of a freight peak avoidance policy and concern the actual pickup time of containers from the 

Port of Rotterdam. We use the predictions from the data-driven model to optimize the scheme 

of shifts for the FDTS policy implication. A practical application of this framework can be a 

departure time advice system for road freight transport which can be useful both as a pre-trip 
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travel guidance tool for carriers and/or a policy assessment and decision support system for 

traffic managers. The main function that we will explore in this paper, is the social benefits that 

departure time shift as a freight peak avoidance policy may bring to the traffic system.  

 

In summary, the original contributions of this paper are as follows: 

1. We study the departure time shift for road freight and its consequences for an inter-urban 

freight corridor, complementing existing work on passenger traffic departure time shifts and 

on delivery time shifts for city logistics. Also, the empirical context of a maritime port is 

original. 

2. This is the first paper that uses data about logistics activities, in our case container pick-up 

times, for a network-wide, short-term prediction of truck-intensive motorway traffic.  

3. We introduce a graph-based, modular neural network, using novel message passing and 

neighborhood aggregation rules to capture spatial and temporal patterns in traffic. 

4. This is the first modelling study of an optimized FDTS scheme linked to overall road 

network traffic conditions.  

 

The remainder of this chapter is organized as follows: Section 5.2 provides a general overview 

of the existing studies about departure time shift policies and methods. Section 5.4 presents the 

model for short-term traffic prediction and the data-driven decision support system for FDTS. 

Section 5.5 denotes results, tests the predictive capabilities of the model, presents the designed 

scenarios, and discusses policy implications. Finally, section 5.6 offers the conclusions and 

recommendations of the paper. 

5.2 Literature review 

The departure time of commuters is believed to be one of the most important travel dimensions 

that play a significant role in reducing peak-hour congestion on road networks (Thorhauge et 

al., 2016a, Thorhauge et al., 2016b). Mahmassani and Jayakrishnan (1991) used a simulation 

model to assess the effects on the level of congestion in urban traffic under real-time in-vehicle 

information. Using this simulation, they implemented a choice of departure time. Based on their 

findings, peak spreading achieved by shifting vehicles’ departure time, has considerable 

potential to reduce travel times under peak avoidance policies. Similarly, Yoshii et al. (1998) 

examined an application for a part of Tokyo and reported that “shifting departure times is more 

effective to reduce traffic congestion than switching routes, and the short degree of shifting 

time is enough to eliminate heavy traffic congestion”. Based on these findings and similar 

studies, it became trivial that temporal demand spreading can improve traffic conditions. 

Therefore, researchers continued to offer different approaches to mitigate congestion on road 

networks concerning the departure time of travelers. Examples of such solutions are road 

pricing, parking pricing, departure time advice, and various incentives for behavioral change. 

Researchers mostly focused on passenger cars to assess impacts, rather than on trucks, probably 

because of their higher penetration rate. However, the impact of trucks can be major near 

logistic hubs where the percentage of trucks is high. For example, studies like Watling et al. 

(2019) show that fuel emissions and travel times of truck drivers are sensitive to their choice of 

departure time. Their findings indicate that certain departure time choices incur significantly 

longer travel times. Below, we review both passenger and freight transport DTS policies to 

cover the existing approaches. 

 

Generally, peak spreading policies range between charging-based schemes, incentive-based 

schemes, and intelligent transportation systems (ITS) in the literature (Sánchez-Díaz et al. 

(2017)). Peak avoidance strategies like road pricing have long been proposed for internalizing 
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the external cost of road network congestion. These schemes typically apply charges to penalize 

travelers who pass through a congested area. Studies generally found that road pricing can 

produce considerable economic benefits (Eliasson, 2008). For example, Holguín-Veras et al. 

(2006) studied the impact of road pricing specifically on the behavior of freight carriers and 

commercial vehicles. The results showed that except for 9% of carriers, who pass on the charges 

to their customers, the majority of carriers change their behavior because of the pricing 

initiatives. In subsequent research (Holguín-Veras, 2008), the finding was that receivers 

respond weakly to price signals, as the charges transferred by the minority of carriers are too 

small to force a change. Although this condition could hold for shifting urban deliveries off-

peak using prices, the case may be different for moving departures off-peak. From the departure 

time perspective, Zou et al. (2016) proposed an agent-based model for joint travel mode and 

departure time choice to evaluate congestion charging policies. They used a utility 

maximization approach along with a Bayesian learning process where agents can update their 

spatial and temporal knowledge and decide whether to search for alternative departure time and 

mode. They used this framework to assess the impact of congestion charging on travelers’ mode 

and departure time decisions. Their simulation results showed that travelers switch mode and 

departure time under various congestion charging schemes when demand increases. The 

findings indicated that congestion charging is an effective way to mitigate traffic congestion.  

 

Despite its reported benefits, there is public opposition to road pricing policies as taxes are an 

unpopular measure. Using rewards as a positive incentive to avoid peaks has been the subject 

of several experiments in the Netherlands (Ettema et al., 2010). In this experiment 

(“SpitsMijden”, or peak avoidance in Dutch), participants received 3 to 7 euros per day if they 

could avoid traveling by car during peak hours. To assess the potential of these peak avoidance 

policies on traffic congestion, Bliemer and van Amelsfort (2010) developed a departure time 

discrete-choice model and traffic simulations to investigate travel time savings for different 

reward and participant levels. Their findings indicated that the travel time gain was largest for 

a 3 euro reward level when  50% of the drivers participated in the experiment. Other studies 

also investigated the flexibility or acceptance of different participants and explored the 

significance of different attributes that can explain the departure time choice of commuters 

under such an incentive-based departure time shift policy (Arian et al., 2018, Knockaert et al., 

2012, Thorhauge et al., 2016a, Ben-Elia and Ettema, 2011). One of the challenges in the 

incentive-based departure time shift policies is the source of the funding. To cope with this 

problem,  Holguín-Veras and Aros-Vera (2015) propose a freight demand management system 

in the context of urban freight delivery that uses pricing schemes to generates an incentive 

budget for receivers. These incentives influence the behavior of receivers choosing off-peak 

delivery times which, in turn, affects the carriers. In this study, they used a microsimulation 

approach to simulate behavioral interaction between carriers and receivers under an urban off-

peak hour delivery policy. Further, they investigate the impact of this policy on the traffic 

system using a regional travel demand model and a mesoscopic traffic simulation model 

(Ukkusuri et al., 2016). Their results show significant improvements in congestion levels and 

overall network conditions. Although microsimulation and traffic models are promising tools 

to assess the impacts of given policies, their long runtimes make these tools impractical for 

optimizing policies, or for applications in a real-time traffic management context. In addition, 

simulation models are often calibrated on average traffic patterns and, therefore, predictions 

typically deviate from the actual day-to-day dynamics. Therefore, data-driven traffic models 

that are fast and accurate in capturing congestion patterns are often more practical for 

developing and applying ITS-based congestion alleviation policies.   
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De Boer et al. (2017) propose two data-driven methods to show the impact of having variable 

departure times on travel time reliability. A study for Amsterdam and surroundings in the 

Netherlands showed that large reliability improvements are possible after introducing variable 

departure time advice within the peak hours. Another example of an ITS-driven approach is a 

study by Calvert et al. (2015) that proposes a data-driven real-time travel time prediction 

framework for a departure time advice and route guidance system. Ma et al. (2009) propose a 

concept of departure time slot allocation to redistribute the demand over time slots at on-ramps 

to reduce congestion in the network. Minimizing system travel time and maximizing network 

utilization. They used non-linear programming and a genetic algorithm for this optimization 

problem. Findings from the simulation indicate that spreading demand optimally over time slots 

reduces the total travel time by 7.0% and reduces congestion by 8.9%.   

 

All the mentioned studies have shown the importance of the departure time shift of passenger 

cars in congestion reduction policies. However, these investigations are relatively rare for inter-

urban freight transport. Among the few existing studies that took truck activities into account, 

they consider the impact of travel time on the departure time choice of trucks - and not the 

reverse, which has our interest. Kleff et al. (2017) propose time-dependent route planning for 

truck drivers. They also consider the effects of departure time choice by incorporating time-

dependent travel times. De Jong et al. (2016) estimated models to explain the time-period 

choices of receivers (e.g., producers, retailers, and wholesalers) in road freight transport. They 

have applied this model to assess the changes in the time-period choices of carriers. Their 

findings show that road freight carriers are relatively insensitive to changes in travel time. In 

contrast, they are more prone to avoid peak-hours if they sense an increase in transport costs 

(i.e., fuel cost, wage cost, loading, or unloading cost) in peak hours. They also note that “One 

reason that, even with heavy congestion in the peaks, not all goods transport take place off-peak 

is that (road) haulage companies want to use their trucks all times of the day”. Beyond travel 

time and costs, Kourounioti and Polydoropoulou (2018) show that container characteristics and 

the receiver of goods are among the important factors affecting the time of day choice of trucks 

to pick up containers at terminals. Carriers, therefore, have multiple incentives for their choice 

of departure time. We will not go into this topic further but focus on the assessment of the 

impacts of changes in departure time choice.  

 

In summary, while departure time shifts in passenger transport have been well studied, the case 

is different for inter-urban freight transport. Research on freight transport has highlighted city 

logistics off-peak deliveries or has focused on the reverse impacts, of congestion on departure 

time choice. In addition, traffic was not modeled explicitly or in a way that would allow us to 

seek optimal schemes from a traffic perspective. Ultimately, it is not clear which shifts in the 

departure times of trucks contribute most to improve traffic conditions. To help fill these 

research gaps we develop a data-driven approach to study the impact of departure time shifts in 

container transport on the traffic system. The next sections describe the data that we start from, 

for the development of the model. 

5.3 Data 

We use data from a seaport that indicates departure schedules of individual containers, as well 

as the network traffic data surrounding the port. Container schedule data for five major 

terminals operating in the Maasvlakte 2 region in the Port of Rotterdam are managed by the 

company Portbase. Data were provided for the year 2017. This dataset contains information 

about the seaside (i.e. vessel arrival time) and landside (i.e. container discharge time) handling 

of containers by terminal operators. The main field which we used in this analysis is the 
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estimated container Pick-Up Time for trucks. We aggregated data provided for each of these 

five terminals as one demand node or so-called centroid. For more information about these data, 

we refer you to a comprehensive exploratory analysis that has been done by the same authors 

on these data (Nadi et al., 2021).  

 

In the Netherlands, the National Data Warehouse (NDW) provides a data stream of vehicle 

counts and traffic speeds collected from loop-detectors installed on motorways. The average 

distance between these loop detectors is 200 meters. A subset of these loop detectors can 

distinguish vehicle categories based on their lengths. These data are available at a resolution 

level of 1 minute time periods.  

 

We collected time series of volumes and speeds for five motorways near the port of Rotterdam. 

Table 5-1 and Figure 5-1 show the characteristics of this network. Data were collected for 6 

months (181 days) from January 1th to June 30th in the year 2017.  

 

 
Figure 5-1: The road network that provides accessibility for the Port of Rotterdam and 

Rotterdam city 

 

Table 5-1: Characteristics of the port-hinterland motorway network 

Link Direction Sensors Nodes Truck 

sensors 

Section 

length 

(m) 

Start 

point 

(km) 

End 

point 

(km)  

Length 

(km) 

A15 East 270 90 24 600 25 80 55 

A4 North 24 8 3 600 75.4 70.6 4.8 

A29 South 60 20 9 600 10.8 22.2 11.4 

A16 North 39 13 3 600 23.6 16.5 7.1 

A16 South 105 35 5 600 28.2 49 20.1 

 

To reduce the computational burden, we aggregated data somewhat in the space dimension 

from 3 consecutive loop detectors in such a way that the law of conservation of vehicles holds 

(i.e. number of nodes in Table 5-1 equals the number of sensors divided by 3). We also 
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aggregated in time to 5 minutes intervals (i.e. ∆t = 5). Besides loop detector nodes, we also 

have one truck demand node which is the port of Rotterdam. Altogether our data allows a model 

structure consisting of a graph of 166+1 nodes, to form a delayed feed-forward neural network, 

to jointly predict 3 characteristics of traffic: speed, flow, and monetary loss of all vehicles. To 

deal with the noisy speed and flow data, we used the adaptive smoothing method (ASM), as 

developed by Treiber and Helbing (2003) and further improved by Schreiter et al. (2010). After 

these measures, 35 of the 181 days were left with a high number of missing values; these were 

removed from the analysis to avoid risking bias from imputation. 

5.4 Methodology 

In this section, we describe the data-driven forecasting model and its application within the 

context of a freight peak avoidance policy, to help set the right parameters for a peak avoidance 

scheme. This decision support framework is pictured in Figure 5-2, and consists of two main 

modules: (1) a data-driven traffic forecasting model and (2) a predictive departure time control 

model.  

 

 

 
Figure 5-2: Data-driven decision support framework for freight departure time and peak 

avoidance policy 

 

In the following subsections, we formalize the data-driven traffic forecasting problem and 

describe in detail how to model the spatial-temporal dependency structure using a graph-based 

modular recurrent neural network. Then, we elaborate on the departure time shift control model 

which uses a search heuristic to solve the combinatorial assignment problem. 

5.4.1 Data-driven traffic forecasting model 

Short-term data-driven traffic models aim to predict traffic dynamics  (e.g. speed, volume, 

delays) a few minutes into the future given a set of past observed traffic features. The traffic 

nature is spatially correlated and highly depends on the structure of the road network. 
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Additionally, temporal interaction between various locations as well as the contribution of 

demand nodes (trip generation centroids) on a road network is, to a certain extent, very complex. 

To cope with this complexity and to make the model as close as possible to the physical 

properties and composition of a real traffic system, we use an artificial neural network with a 

graph representation. We represent the loop detectors as weighted directed graphs G(V, E, A) 

where V is a set of nodes ( 𝑉 ∈ ℕ) representing sensors on motorways, E is a set of edges 

representing road segments and 𝐴 ∈  ℝ𝑁×𝑁 is a weighted adjacency matrix that represents node 

connectivity as well as proximity. Let 𝑋 ∈  ℝ𝑁×𝑀 be the signal input of the graph G, where M 

is the number of features of each node (e.g. volume, speed) and N denotes the number of nodes. 

Also, let  𝐶 ∈  ℝ𝑛 represent the signal input of the truck demand generation centroids connected 

to 𝑛 ∈  𝑁  nodes in the graph G. Having 𝑋𝑡 and 𝐶𝑡 representing observed signals at time t, this 

model aims to learn a generalized non-linear approximation function 𝑓(. ) for each node in a 

given graph G that maps 𝑑 ∈  ℕ𝑁×(𝑁+𝑛)  historical input signals to the future signal 𝑋𝑡+∆𝑡 .  

 
2  (  , , ,    , , ,, .  |  )   ..,t t t t t t t t d t t t t t d tX f X X X X C GC C           (5.1) 

 

Figure 5-3 illustrates the graphical representation of a sample road network in this formulation. 

In a modular graph-based neural network scheme, each node in this graph can be a single layer 

or a fully connected feed-forward neural network where nodes can pass input and output to each 

other and predict the desired target variable.   

 

 
Figure 5-3: An example road network with one centroid in a graph representation. 

 

It’s important to mention that using the graph to model the structure of the road network helps 

to prevent violating the law of conservation. First, we made sure that all the three aggregated 

consecutive loop detectors are either before or after the on-ramps and off-ramps. Second, the 

off-ramps and on-ramps are all considered as a single node in the graph and are well connected 

to the other nodes to ensure that the inflow and outflow to the road network match well. Third, 

as Figure 5-4, shows, information and flow data from one node in a graph are aggregated and 

passed to its neighbor nodes via the adjacency matrix. The adjacency matrix keeps the 

conservation law valid in the graph because the output, i.e. the prediction of flow from one 

node, is an input to its neighbors. 

 

Spatial and Temporal dependencies 

We model the spatial dependencies by using graph convolution, message passing, and 

neighborhood aggregation techniques. Graph convolution filters have recently gained special 

attention for short-term traffic prediction (Li et al., 2021). These techniques compute the input 
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feature of each node as an aggregate of the features of its neighbors before passing it to a hidden 

layer of a fully connected neural network (Zhou et al., 2018). One of the best propagation rules 

for aggregating each node’s feature is proposed by Kipf and Welling (2016).  

 
0.5 0.5conv D AD XW      (5.2) 
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where D is the diagonal degree matrix, I is the identity matrix and �̃� is the adjacency matrix 

with added self-loops. These are added because we also need to consider the features of the 

node itself as well as its neighbors. Finally, W is a matrix of trainable weights. In other words, 

the convolution operator conv* in Equation (5.2) computes the aggregate (i.e. normalized 

weighted sum) of features for all nodes. With this symmetric normalization, we not only take 

into account the degree of the ith node, but also the degree of the jth node. We have added to this 

convolution rule in Equation (5.2) by introducing a new attention mechanism that produces a 

dynamic k-order weighted adjacency matrix. In this new formulation, some nodes can benefit 

from the information coming from their second or third-order neighbors. Therefore, we initially 

define a k-order adjacency for all sensors weighted by their distance. In other words, the closer 

nodes to the ith node get higher weight in the adjacency matrix. We assume that these distance-

related weights in the adjacency matrix are random variables with Gaussian distributions.  
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where p is the node proximity matrix and, for each node 𝑖, the parameter 𝜎𝑖

𝑛 needs to be 

estimated globally along with the local training process. We name this parameter 𝜎𝑛 as a spatial 

memory that helps the neural network remember the spatial dependency of various locations on 

the road network. This parameter also identifies the order of adjacency for each node. When 𝜎𝑖
𝑛 

for the ith node is small, the node 𝑖 gets information from its close-by nodes. In Equation (5.5), 

𝑆𝑖𝑗
𝑛  are elements of the matrix Sn that we name as the node attention matrix. This process is a 

new type of attention mechanism that can adaptively capture spatial correlations on the road 

network. This operator will be multiplied to the adjacency matrix �̃� (element-wise) and then 

will be fed to the convolution operator for aggregation of input features. Equation (5.6) shows 

graph convolution operator with node attention on �̅� input features. 

 
* 0.5 0.5( )n

X Xconv D S A D XW     (5.6) 

 

Where Wx is learnable parameter for convolution operator on x inputs. Since we use a directed 

multivariate graph, we can apply the aggregation rule on all or some specific features and in 

any desired direction. For instance, this operator can aggregate information of previous nodes 

(i.e. upstream) for the volume and aggregate information of the next nodes (i.e. downstream) 

for the speed features. This bidirectional aggregation helps us to capture spillback phenomena 

once we have congestion on a link (see Figure 5-4).  
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In addition to the input features �̅� in above equations, the truck demand input signal 𝐶 ∈  ℝ𝑛 

generated from each centroid should also be provided as input to the network. We introduce a 

similar Attention mechanism as in Equation (5.6) with spatial memory 𝜎𝑐 to force all the 

demand nodes to be the kth neighbor of all sensors. We also named this mechanism the centroid 

attention Sc with which we can adaptively capture correlations between centroids and nodes on 

the road network. 

 

 In the case of m ϵ{1,2,..M} demand nodes, We also added a softmax decision gate 𝐸𝑚𝑖 that can 

decide to what extend adding inputs cm from a demand node m can improve predictions in a 

specific node i on the road network. Then, we apply the estimated weights, explained in the 

previous paragraph, to the selected demand nodes.  
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Equation (5.8) shows the graph convolution operator with centroid attention on 𝐶̅ input features.  
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Where �̅� is a matrix of decision gates with elements of Emi, �̅� is a matrix of all ones (because 

centroids are initially considered as the neighbor of all nodes in the network), Sc  is centroid 

attention matrix, 𝐶̅ is the demand generated from centroids, and finally Wc is learnable 

parameter for convolution on centroids inputs. Please note that although the centroids are 

considered to be the neighbor of all the nodes in the road network, the decision gate matrix E 

will automatically decide the normalized contribution rate of input data from a specific centroid 

on the predictions of traffic at a given node on the road network. In other words, the centroid 

attention layer helps the network to predict the destinations of the demand generated at each 

specific centroid.  

 
Finally, the adjusted inputs are passed to g with is an activation function of a hidden layer or a 

fully connected feed-forward network.  In this formulation, both attention mechanisms let the 

network pay relatively more attention to the most valuable information coming from different 

nodes and centroids.  

 
* *
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Equation (5.9) indicates the final structure of a trainable block including all layers and a fully 

connected feedforward network where θ1 and θ2 are learnable parameters, b1 and b2 are bias 

terms, and 𝑓(�̅�, 𝐶̅|𝐺) is the output of the layer given input �̅� and 𝐶̅ on graph G.  

 

For the temporal dependency, we considered a delay matrix  𝑑 ∈ ℕ𝑁×(𝑁+𝑛) (see Equation (5.1)). 

For each node in the graph (i.e. row of the matrix d ), we initially fill each element with a 

random temporal delay related to each of the centroids and k-order neighbors. This delay needs 

to be estimated globally along with the internal training process of the neural network. The next 

section explains how these delays are considered to adjust the inputs before being fed to the 

attentions and then convolution layers.  



Data-driven modelling of routing and scheduling in freight transport 101 

 

 
 

Graph Neural network structure design and model specification  

The eventual structure of the graph-based modular neural network model depends on the 

topology of the road network. For this study, we aim to predict the impact of truck demand 

generated from the port of Rotterdam on the surrounding 5 motorways to a certain threshold 

distance (see Figure 5-4). Every loop detector in this network can measure the speed and flow 

of all vehicle types at every minute. We also have loop detectors that measure specifically truck 

volumes and speeds.  

 

Figure 5-4 shows how nodes in the convolutional graph are stacked together and how the output 

of one layer is incorporated into the inputs of the next layer.  

 

 
Figure 5-4: Graphical representation of the structure of the proposed graph-based modular 

convolutional neural network model 

 

The prediction in each node in this graph-based model is based on the following input signals:  

 𝑋𝑜: Adjusted demand input which is delayed container pickup demand generated in 

centroids. In the case of more than one centroid, all centroid input signals have to pass 

first through the centroid attention and then the convolution layers. Otherwise, it can be 

directly connected to other nodes in the graph.  

  
0 *( ( ))c cX conv C t d t      (5.10) 
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Where C is the container pickup demand generated in centroids and dc is the delay in the 

input signal.  

 

 𝑋1: Adjusted volume data which is a delayed weighted aggregation of predicted 

volumes in previous nodes calculated through an upstream forward spectral convolution 

layer 𝑐𝑜𝑛𝑣⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ 𝑋
∗ , 

 
*

1 ( ( ))all
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  𝑋2: Adjusted volumes of non-truck vehicles which is delayed and passed through a 

forward spectral convolution layer, 

 
*
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Xi X i i i i i iX conv q t d t conv q t d t q t d t           (5.12) 

 

 𝑋4: the adjusted speed data which is a delayed weighted aggregation of speeds in the 

next nodes in downstream passing through the backward spectral convolution layer 

𝑐𝑜𝑛𝑣⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ 𝑋
∗ . 

 
*

4 ( ( ))Xj jX conv v t k t     i j    (5.13) 

 

As far as monetary losses in the system are concerned, we design this model to be able to predict 

the monetary value of vehicle loss hours regarding variations in speed and flow.  As we can see 

in Figure 5-4, this model is designed in such a way as to learn multiple tasks at the same time. 

Therefore, the prediction of monetary losses in the system takes place regarding the joint 

features extracted to learn the dynamics of speeds and flows. In a conventional neural network 

scheme, the concatenated inputs in each hidden layer pass through a transition function g (e.g. 

logsig) that projects these inputs onto an m-dimensional space. This m-dimensional space is a 

representation of features learned from the input data to predict outputs. These dimensions 

depend on the size of the hidden layers (m=number of neurons in a layer). In our multi-task 

learning framework, we transfer these learned features of one target variable to predict two 

other target variables.  In this study, we used a heuristic trial and error to set the number of 

hidden layers (i.e. two layers for each node) and neurons (7 for the first layer and 6 for the 

second layer). The activation function for hidden layers is logsig and for the output layer is 

purelin. 

 

To calculate real-world vehicle loss hours, we use real-world speed and volume as is presented 

in Equations (5.14) to 15.22. Then the calculated monetary loss hours are added to the 

prediction model. We could predict speed and volume and then calculate the vehicle loss hours 

using the predicted speed and volume. However, we argue that prediction of speed and volume, 

even in the case of high accuracy, each comes with some errors. Calculating the vehicle loss 

hours using the predicted speeds and volumes will, in some cases, incorporate and consequently 

amplify the errors in loss hour prediction. That’s the reason why we decided to calculate the 

losses a priori from the real-world data and then provide it to the model so that we can have a 

better prediction.   
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Trucks and passengers are two classes of vehicles in this system. Loop detectors (i.e. nodes in 

the road network Graph) can measure traffic either for trucks or a mixture of vehicles (i.e. trucks 

and passengers together). Each node i in the road network graph measures traffic on a section 

of road with length l at each timestamp T={1,2,…,t}. To calculate vehicle loss hours, we need 

to compare the current situation of a section with that of its free-flow speed. Please note that 

vehicles, especially passengers, can drive at a wide range of speeds in free flow situations. 

Based on the Highway Capacity Manual, chapter 12, (Reilly, 1997) the practical definition of 

free-flow speed for a multilane highway is the average speed of vehicles in a free flow situation. 

The free flow situation is where a section is uncongested (low density) and when the flow rate 

is low to moderate (between 0 and 1400 passenger car/hour/lane). Based on the field 

measurements in our study area,  we estimate the free-flow speed for trucks and passengers 

equal to 80.983 and 101.9414 km/h respectively. These free-flow speeds are calculated based 

on the space mean speed of vehicles of each class in the free flow situation. As you see, these 

figures are slightly above the speed limits (80 km/h for trucks and 100km/h for passenger cars) 

of the study area. In this paper, we use free-flow speeds to calculate the costs and benefits of 

the time-shifted policy in the system. However, It is not acceptable for policymakers to use 

free-flow speeds above the legal speed limits as it's against the strict enforcement of police 

regulations. We, therefore, adjust free-flow speeds to the maximum legal speed to be used as 

the reference for the gain calculation. Please note that using this model in other applications 

may require the use of the free-flow speeds calculated from field measurements without this 

adjustment. Equations (5.14) to (5.22) show how we calculate the monetary loss for each node 

i at time t in this multi-class system.  
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Where 𝑞𝑖,𝑡
𝑎𝑙𝑙 are 𝑞𝑖,𝑡

𝑇𝑟𝑢𝑐𝑘𝑠 are the number of vehicles per hour passing the section (node) i at time 

t collected by loop detectors for each category of vehicles i.e. all vehicle types and trucks 

respectively. Please note that we calculate the number of vehicles per hour for passengers i.e. 

𝑞𝑖,𝑡
𝑃𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠

  using 𝑡𝑝𝑖,𝑡 which is the percentage of trucks in node i at time t  (see Equations 

(5.14) and (5.15)). For each timestamp and node in the road network graph, Equations 5.16 and 

5.17 compute vehicle hours for trucks 𝑉ℎ𝑖,𝑡
𝑇𝑟𝑢𝑐𝑘𝑠 and passengers 𝑉ℎ𝑖,𝑡

𝑃𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠
  respectively. 

Vehicle-hours is a flow-weighted travel time or, in other words, the number of vehicles 

multiplied by the number of hours they have driven to pass a section of a road. Consequently, 

Equations 5.18 and 5.19 calculate the vehicle hours for each class of vehicles under the free 

flow conditions. Then class-specific vehicle-loss-hours is the deviation between vehicle-hours 

in current and free flow conditions ( see Equations (5.20) and (5.21)). Finally, the Loss indicates 

the space-time monetary loss matrix. To calculate the monetary value of losses in the system, 

we use the value of time for each of the classes (i.e. 𝑉𝑜𝑇 𝑇𝑟𝑢𝑐𝑘 = 45 Euro for trucks and 

𝑉𝑜𝑇 𝑃𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠 = 10 Euro for passengers). The loss is then the summation of vehicle loss hours 

for passengers (𝑉𝐿𝐻𝑃𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠) multiplied by the value of time for passengers and vehicle loss 

hours for trucks (𝑉𝐿𝐻𝑇𝑟𝑢𝑐𝑘) multiplied by the value of time for trucks. 

 

Model estimation 

In the previous section, we presented a novel graph-based modular recurrent convolutional 

neural network for our data-driven traffic model. We used MATLAB 2019b academic to 

implement and configure the model. This model contains two types of internal and external 

parameters. The internal parameters θ, b are the weights and biases of each connection between 

neurons of one layer and another layer in fully connected feedforward networks. These 

parameters represent the features learned to map inputs to output space. The external parameters 

are those which are introduced in Equations (5.5) to (5.8) to control the temporal and spatial 

dependencies. Error backpropagation is an approach that is often used to estimate the internal 

parameter of neural networks. Initiating with random weights and biases, the training process 

continues with successive updating weights and biases in a way to minimize the total error of 

the model. To estimate the external parameters, one approach is to design a neural network 

layer to simultaneously predict external parameters and control the spatial and temporal gates 

along with estimating internal parameters. This approach is the core idea behind the design of 

deep LSTM neural networks. The advantage of this approach is that a built-in optimization 

algorithm can be utilized to estimate both external and internal parameters. However, this 

approach immensely increases the number of parameters in the model which brings new 

computational challenges. In this paper, we propose a bi-level model estimation approach.  In 

the lower level, we used the Levenberg-Marquardt (LM) algorithm to estimate internal 

parameters. This algorithm uses the Jacobian matrix, the first derivatives of the network error, 

to approximate the Hessian matrix. This algorithm is known to be the fastest method to train 

networks with not more than a few hundred weights (Hagan and Menhaj, 1994). It makes this 

algorithm a good candidate for our bi-level network parameter estimation. Additionally, LM 

uses a validation set to avoid overfitting. Validation sets are used to test the network during 
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training. The training process stops if the performance of the network fails to improve for a 

predefined number of successive tests. 

 

In the upper level, we estimate external parameters of the model e.g. spatial memory and delays. 

We used a GA algorithm to tune the external spatial and temporal memory gates. To see how 

the structure of a neural network can be optimized by the genetic algorithm we refer readers to 

Vlahogianni et al. (2007). Figure 5-5 shows how the model’s parameters are estimated in this 

bi-level parameter estimation.  

 

 
Figure 5-5: High-level presentation of network structure and parameter estimation procedure 

 

We used the mean square error (MSE), the most commonly used error function, for estimating 

the model weights and parameters. 
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    (5.23) 

 

Where 𝑁 is the number of observations, 𝑦𝑖 is the 𝑖th  observed value and �̂�𝑖 is its corresponding 

predicted value. 

Model evaluation 

Here we use a set of indicators like root mean square error (RMSE),  mean absolute error 

(MAE), mean absolute percentage error (MAPE), and probability of absolute percentage error 

(PAPE) to evaluate the performance of the model.  
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The RMSE demonstrates the standard deviation of the residuals which indicates how the data 

are concentrated around the best fit. The MAE represents how big an error could be on average. 

We also use the correlation coefficient between observed and predicted values to evaluate the 

predictability of the model. 

5.4.2 Departure time control  

After training the model, we need a procedure to control departure time shifts considering the 

most likely scenarios. This procedure helps us to systematically design FDTS scenarios. In this 

section, we formulate this procedure as an assignment problem to reschedule the departure time 

of candidate containers in such a way as to minimize the total loss in the system, while also 

minimizing the deviation between the scheduled departure time and the recommended 

departure time. 

 
Figure 5-6: A Graphical representation of departure time control procedure. 

 Through this formulation, we place a terminal capacity constraint on this FDTS shift to prevent 

possible queues at gates. This also prevents unexpected sharp increases in container flow which 

the model has never seen during the training process. The algorithm that we propose to solve 

this problem has the following steps: 

 

1. Split the time horizon into 𝑇 = {1,2, … , 𝑡} intervals each has 30 minutes of span.  

2. Assume CK×T be a matrix of container flow generated by K={1,2,..,k} truck generating 

centroids.  
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Where ckt is container volume generated by centroid k at time t. Please note that this 

matrix is used as an input signal in the GCN (see Equation (5.8)) for the loss hour 

predictions.  

3. Based on the predefined scenarios, λ is a matrix of shift rates where λkt denotes the 
shift rate for centroid k at time t. 

4. Determine the average capacity of each time interval  
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     (5.29) 

 
where 𝐶𝑚𝑎𝑥 denotes the maximum number of containers departed from terminals within 

a time interval in historical data and Ct is the number of containers scheduled for interval 

t.  

5. Split the number of containers computed in step 2 into 𝑀 = {1,2, … , 𝑚} groups of 

containers in which the number of containers in each group does not exceed the average 

capacity per interval of terminals. In other words, if the number of containers in an 

interval is greater than the 𝐶𝑎𝑣𝑒𝑟𝑎𝑔𝑒, we divide them into two groups of containers with 

equal cardinality, each of which has less than the average capacity. This way, we can 

assign more than or equal to one group of containers to an interval in the off-peak period.  

6. Given that 𝑌𝐾×𝑇
𝑚  is the shift matrix where its elements 𝑦𝑖𝑗

𝑚 is 1 if a group of container m 

is shifted from time slot i to j and 0 otherwise, we calculate the shifted profile for each 

centroid.  

 

ˆ ( ) m

K T K T K T K T K T K T K TC C O C Y              (5.30) 

 

Where O is an all-ones matrix, �̂�𝐾×𝑇 is the shifted container flow matrix and the signs ⨂ and × 

are element-wise and matrix multiplication respectively. Substituting the calculated shifted 

container flow matrix in Equation (5.10), we have  

 
0 * ˆˆ ( ( ))c cX conv C t d t     (5.31) 

 

7. To find the optimum shift matrix 𝑌𝐾×𝑇
𝑚  , we solve the following optimization problem 
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s.t. 
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In this problem, we want to assign m groups of containers selected from peak period i to j  

interval. This formulation lets the candidate containers take any of the time slots earlier or later 

than that is scheduled for them. The schedule of the containers can move back and forth in time 

while trying to stay as close as possible to the scheduled departure time. We want to minimize 

two objectives in this problem which minimizing one increases the value of the other one. The 

first objective in the cost function sums over all N locations (nodes) in the network to calculate 

the total losses predicted in the traffic system for all j intervals after the shift is applied. The 

second objective, on the other hand, is the cost of shift which keeps the shifts as close as possible 

to their initial schedules. The more we deviate from the peak period, i.e. the value of the second 

objective becomes larger, the less the predicted loss hours on the road network will be. This is 

while we want to keep the deviation small as the large deviation from the planned departure 

time is not applicable in practice. Therefore, this problem is multi-objective optimization in 

essence. The 𝑑𝑖𝑗 is the distance from the center of interval j to the center of the interval i in the 

peak period, that group 𝑚 initially belonged to. Equation (5.35) ensures that all the groups of 

containers are assigned to one interval. Equation (5.36) indicates that the number of containers 

generated at centroid k at time t i.e �̂�𝑘𝑡 does not exceed the capacity of the interval 𝑡 after 

applying the shift. Finally, Equation (5.37) is the time shift constraint that controls the 

maximum shift (D=2h) that can happen for all groups of containers. We used the NSGA-II 

algorithm to solve this multi-objective assignment problem.  

5.5 Results  

In this section, we describe the results of our data-driven decision support model for the 

departure time shift. This model aims to predict 5 minutes ahead of traffic dynamics (i.e., speed, 

volume, vehicle-loss hours) on the given network concerning changes in container demand in 

the port of Rotterdam. The model considers the surrounding passenger traffic as well as trucks. 

5.5.1 Model performance  

We divided the collected data into three subsets of training (70 %), validation (15%), and test 

(15%) data. We use the validation set to test the model performance during training. Training 

will be stopped if the model fails in a certain number of successive iterations to improve the 

prediction accuracy for the validation set; this prevents the overfitting of the model. Please note 

that all the results reported in this paper are based on the test data which is dropped out of the 

model in the training phase so that the results also show the high generalization power of the 

model to predict unseen data with high accuracy.  As mentioned in the methodology section, 

this model works in a graph structure in which each node in the graph can learn and predict 

observed variables related to a desired location on a transportation network. Therefore, the 

performance of the model varies from node to node. We report on the performance of 5 decisive 



Data-driven modelling of routing and scheduling in freight transport 109 

 

 
 

nodes which are located in the congestion part of the network. We have already seen that this 

model can simultaneously predict volumes, speed, and monetary social losses for a desired 

section on a given network. Figure 5-7 shows the performance of the model regarding the 

prediction of volumes of all vehicles for 5 selected locations on each of the motorways. The 

subfigures on the left demonstrate the linear fit between observed and predicted volumes and 

the figures on the right side compares predicted and observed time series. 

 

 
Figure 5-7: Linear fit between predicted and observed volumes 

 

Prediction of the speed for the congested location is crucial as we may see sharp drops in speed 

profile during peak periods. As we can see from Figure 5-8, relatively larger errors happen 

within congested times of the day where the speeds are low. The largest errors however belong 

to the nonrecurring traffic condition on the network. We can see predictions with a relatively 

large error (i.e. in nonrecurring congestion) are more likely to happen on A15 and A16S 

motorways.   
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Figure 5-8: Linear fit between observed and predicted speed 

This model takes into account the interaction of speed and flow from neighboring nodes and 

therefore can capture shockwaves moving upstream. To illustrate the performance of the model 

in capturing these kinds of traffic dynamics, we compare the space-time speed profiles for the 

observed and predicted values as well as their speed-flow fundamental diagrams in Figure 5-9. 

Also, visual inspection at this level of detail confirms a very satisfactory result.  

 

 
Figure 5-9: Observed versus predicted space-time speed profile and speed-flow fundamental 

diagram 

 

Besides volumes and speeds, our model can predict the monetary value of loss-hours for each 

node.  Figure 5-10 depicts the linear fit as well as time series for observed and predicted losses.  
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Figure 5-10: Correlation coefficient for loss prediction 

Losses in the system are often a result of lower speed and higher volume where we could see 

predictions are with larger errors. As a result, the errors are also relatively larger when the losses 

peak.  

 

Overall, the model provides satisfactory predictions for speed, volume, and losses. The network 

is generalizing well on predicting unseen test data. Table 5-2 illustrates the facts about the 

performance of the model under several indicators introduced in section 4.1.3. Table 5-2 shows 

the high accuracy of the model (i.e. in the worst case, R2 = 0.91 for the test data on A16N) in 

terms of the correlation coefficient between observed and predicted speed. The model can 

predict volumes of all vehicles with R2 = 0.91 for the A15 motorway, R2 = 0.89 for A4, R2 = 

0.95 for A29, R2 = 0.91 for A16N, and R2 = 0.95 for A16S. The prediction power of the model 

for losses also ranges from R2 = 0.95 for A16N to R2 = 0.98 for A29.  

 

Table 5-2: Evaluation results of the trained model on test data 

link Node Target AE MSE RMSE MAE MAPE PAPE R2 Observed vs. 

Predicted linear fit 

A15 88 

volume 6.9 10296.67 101.47 75.47 2.8% 95% 0.91 𝑦 ≈ 0.83𝑥 + 77 

speed -0.19 25.29 5.02 2.90 0.4% 98% 0.97 𝑦 ≈ 0.96𝑥 + 3.7 

losses 0.16 1209.81 34.78 10.90 3.2% 99% 0.96 𝑦 ≈ 0.92𝑥 + 3.7 

A4 94 

volume -0.2 15719.67 125.37 93.60 4.4% 99% 0.89 𝑦 ≈ 0.8𝑥 + 94.25 

speed 0.03 7.98 2.82 1.80 0.2% 96% 0.97 𝑦 ≈ 0.96𝑥 + 4.33 

losses 0.2 191.24 13.82 2.00 3.0% 98% 0.96 𝑦 ≈ 0.88𝑥 + 1.1 

A29 102 

volume -4.1 11565.83 107.54 71.16 2.0% 99% 0.95 𝑦 ≈ 0.93𝑥 + 41.67 

speed 0 5.69 2.39 1.57 0.2% 97% 0.96 𝑦 ≈ 0.94𝑥 + 5.83 

losses 0.34 110.79 10.53 2.15 4.2% 98% 0.98 𝑦 ≈ 0.95𝑥 + 1.1 

A16N 123 
volume -0.72 6837.60 82.69 57.14 1.4% 99% 0.94 𝑦 ≈ 0.92𝑥 + 44.2 

speed 0.01 3.67 1.92 1.02 0.8% 99% 0.91 𝑦 ≈ 0.93𝑥 + 6.18 
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Table 5-2 (continued) 
link Node Target AE MSE RMSE MAE MAPE PAPE R2 Observed vs. 

Predicted linear fit 

  losses 0.081 40.90 6.40 1.77 1.5% 99% 0.95 𝑦 ≈ 0.95𝑥 + 0.61 

A16S 139 

volume 5.66 14179.95 119.08 86.33 1.6% 99% 0.95 𝑦 ≈ 0.91𝑥 + 66.13 

speed -0.06 14.06 3.75 2.09 0.3% 99% 0.96 𝑦 ≈ 0.94𝑥 + 6.34 

losses 0.42 771.11 27.77 6.07 3.9% 98% 0.97 𝑦 ≈ 0.92𝑥 + 1.85 

 

The size of the error in percentage terms (i.e. MAPE) is relatively low in all cases. This means 

that if the model makes predictions with errors, the average size of the error would be between 

0.2% (for speed prediction on A4) and 4.4% (for losses on A29) of the actual values. The PAPE 

also indicates that from 95% to 99% of the predictions have less than 5% error.  

5.5.2 Sensitivity for truck volumes 

To evaluate the sensitivity of the model, we gradually increase/decrease the demand from 10 to 

40 percent during the peak period (i.e. between 15:00 to 18:00). The decrease in demand could 

mean a strike in the terminals and the increase in demand could mean growth in import/export 

of containers in the future. From the predicted speed profile for each link, we calculate the 

average percentage of travel time savings for the system. We use the filtered speed based (FSB) 

trajectory method proposed by Van Lint (2010) to calculate the travel time of a synthesized 

trajectory (i.e. heading toward each of the 5 motorways) of a vehicle departing from the port of 

Rotterdam in the second half of the afternoon peak period. Figure 5-11 shows that the model is 

sensitive to changes in demand, with the expected signs of impacts.  

 

  
Figure 5-11: Sensitivity of the model towards increasing or decreasing demand during the peak 

period. 

 

In the next section, we utilize this model to predict the impact of changes in freight transport 

departure times on the surrounding traffic.  

5.5.3 Departure time scenarios 

To assess the sensitivity of the model concerning changes in container departure time, we 

designed 4 scenarios for different magnitudes of shifts during the afternoon peak period. These 

scenarios shift 10 to 40 percent of the containers’ departure time to an earlier or later time. The 

time shift operator ranges from 30 minutes to 3 hours across all scenarios. The gain is calculated 

based on the differences between the base case and the scenario losses. Figure 5-12 shows the 

histogram of gains for A15 in all scenarios for the selected 146 days, indicating the diverse 
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results of FDTS schemes, depending on the unique circumstances of every single day. This 

figure is just based on an unoptimized shift process where we shift trucks just to the previous 

time intervals regardless of what could happen if we shift them to the next intervals. The aim is 

to get initial insight into the application of this policy and find the possibilities for optimizing 

the process.  

 
Figure 5-12: Histogram of gains for different scenarios on A15  

 

We can see from Figure 5-12 that these time shift scenarios may lead to negative or positive 

gains for various days. The distribution of gains is differing from 30 minutes to 3 hours and 

from 10% to 40% shift. All in all, it is likely to have positive gain across all days in the 

experiment for all ranges of shifts when the shift rate is 10%.  The probability of positive gain, 

however, decreases in higher shift rates and shift hours. This roughly shows the potentials for 

this policy which can lead to the highest gain with the lowest payoff. We should note that these 

distributions come from aggregated gains across all motorways in the network. While the gain 

for one motorway is negative for a given day, it could be positive on other motorways. For 

instance, Figure 5-13 points to a particular day on A15 with nonrecurring congestion. This 

congestion lasted almost 5 hours and spread over 30 km. Therefore, shifting departure times of 

trucks may, in this case, worsen the condition on this motorway. Although shifting departure 

times of containers may not lead to a positive gain on this motorway for this particular day, it 

still may lead to some gains on other motorways and thus a total positive gain on the system.  
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Figure 5-13: changes in truck percentages due to nonrecurring congestion on A15 

 

5.5.4 Social Benefits of an optimized FDTS policy 

In this section, we assess the possible monetary social gain from implementing the optimized 

FDTS policy. Our findings evaluate the potential of freight reward-based peak avoidance policy 

as an alternative congestion management strategy on motorways with high truck percentages. 

The incentives can be estimated using the proposed predictive model. Based on the number of 

trucks shifted and their associated social gains, we estimate the amount of monetary gain each 

truck contributes to the social benefits. We should note that the departure time shifts may put 

more pressure on terminals at one particular time slot. Slot management using the proposed 

predictive departure time control system could relax this burden. For the 10% participants 

scenario, as an example, Figure 5-14 shows the Pareto frontier and the optimum solution 

regarding the time shift constraint.  

 

 
Figure 5-14: Pareto frontier of the optimized FDTS for the 10% participation rate 
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Table 5-3 shows how the departure times of participants are distributed across different time 

slots. To assess the impact of the departure time shift on traffic dynamics, first, we used the 

filtered speed based (FSB) trajectory method to calculate the travel time of a synthesized 

trajectory (for all paths) of a vehicle departed during the afternoon peak period from the port of 

Rotterdam. Table 5-3 also indicates the average improvement of travel time during peak period 

on every 5 alternative paths after applying departure time shift policy.  

 

Table 5-3: Travel time improvement during peak hours for optimized departure time shift 

Scenario Recommended modification in 

departure time  

Links travel time improvement  

±30 min ±1 h ±1.5 h ±2 h A15 A4 A29 A16N A16S 

10 % 31% 18% 24% 27% 1.8% 0.35 % 2.0 % 2.2 % 1.6 % 

20 % 27% 17% 28% 28% 3.4% 0.38 % 2.2% 6.8 % 6.6 % 

30 % 21% 12% 33% 34% 5.8% 1.36 % 5.8% 7.2 % 8.3 % 

40 % 18% 8% 46% 28% 9.7% 2.12 % 10% 7.5 % 9.1 % 

 

We can see that the average improvement in travel time of one synthesized vehicle varies from 

0.35%  to 10.00% depending on the path it chooses and the time-shift scenarios.  

 

One of the outputs of the predictive departure time advice system is the prediction of the 

monetary social benefit in the system. These predictions are based on the changes in the 

departure time of the containers. Figure 5-15 shows the predicted social benefits based on the 

recommended departure time for any of the shifting scenarios.  

 

 
Figure 5-15: Predicted social benefits after application of DTS policy. 

 

We calculate the social benefits for the afternoon peak and off-peak period (from 12:00 to 

21:00). Table 5-4 shows that between 23144 to 69528 Euro can return to the carriers, depending 

on the percentage of participants, where the government can pay between 5.50 and 7.30 Euro 

per container to ask carriers to shift 10% to 40% of their pick up schedules to off-peak hours. 

Interestingly, total gains scale less than proportionally with the numbers of trucks shifted, and 
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thus the gain per container is largest for a 10% scenario. By adding more demand to previous 

time slots, we may worsen the situation for the off-peak period and thus vehicles may 

experience higher loss hours during those time slots.  

 

Table 5-4: Estimated incentives based on recommended departure time modification  

Share 

shifted 

Trucks 

shifted  

Social gain per corridor (Euro) Total Gain 

(Euro)* 

Gain/container 

(Euro) 

A15 A4 A29 A16N A16S   

10 % 3187 10644 2258 3440 2549 4253 
23144 

(3.2%) 
7.3 

20 % 6375 19485 3776 5642 4238 6537 
39678 

(5.5%) 
6.2 

30 % 9562 26816 5048 7529 5637 10112 
55141 

(7.6%) 
5.8 

40 % 12750 33170 5511 8876 6598 15373 
69528 

(9.6%) 
5.5 

* Total monetary loss for the base-case scenario is 720842 Euro. 

 

We note that these incentives would be in addition to the travel time savings that participants 

experience directly by traveling during the off-peak hours. These travel time gains are 

calculated based on the differences between the estimated travel time during the peak and the 

estimated travel time during the off-peak hours. As we can see from Figure 5-16, participants 

approximately experience travel time savings ranging from 4 to 10 minutes depending on every 

5 alternative paths after applying departure time shift policy. This can accordingly add to the 

FDTS benefits from 3 to 7.5 Euro per truck.  

 

 
Figure 5-16: Travel time savings for shifted trucks traveling during off-peak. 

 

We should underline the fact that our research is limited to a small local network around the 

port of Rotterdam because of the lack of origin and destination data. For this small network and 

with current traffic conditions on it, we believe that around 15 Euros of total gain per shifted 

truck is quite large and can suggest even a larger gain for a larger network. We should note that 

the relatively small network considered for this study is barely considered as highly congested. 
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Therefore, this gain can be considered large for the area of study. This means that the social 

gain could get to millions of Euros instead of thousands considering a larger and more congested 

network with full information of origins and destinations.  

 

In addition, other gains can be expected from the application of FDTS. One example is the gain 

related to the emission reduction during the peak period caused by less congestion on the 

network. Truck shift policy can also shave the peak at terminals and hence less waiting times 

at gates.   

 

All in all, this research emphasizes more on the method to design, implement, and evaluate 

FDTS policy. We believe that the results clearly show that there is potential for the application 

of such a policy from a traffic perspective. However, for a successful implementation of FDTS 

we recommend consideration of the gains and costs associated with a larger network and other 

aspects of the system i.e. logistics and emissions. 

5.6 Conclusions and recommendations 

In this section, we summarize our main findings and discuss the potential of the proposed 

framework regarding its use for practical FDTS policy, including the limitations of the model. 

Finally, we consider opportunities for further research. 

 

Our analysis shows that changing the departure time of road freight transport can lead to an 

overall measurable social benefit. These gains can get back to the logistic system by offering 

financial incentives to the carriers if they shift their departure time to the recommended time 

slot before or after the peak period – in a similar way as the Dutch Spitsmijden project. The 

results show that the gains on this network are significant. In addition, if one takes into account 

the potential additional benefits from a reduction in CO2 emissions or improved travel time 

reliability, total gains increase and may make shifting more attractive. Although there is no 

empirical evidence about FDTS prior to this study, the numbers in terms of total vehicle loss 

hours are quite in line with a recent report on the topic of the Dutch association of carriers 

(TLN, 2019). They report the economic cost of vehicle loss hours for trucks per road section. 

The road sections considered in our study are not in the top 50 list where the cost of vehicle 

loss hours for trucks is the highest. This indicates that the benefits may be higher if a larger 

network is considered and/or congestion will be larger in the future.  

 

We applied the model for one truck generation centroid in the port of Rotterdam, while a 

network-wide application would involve many more freight generation nodes. Adding more 

centroids to the model may lead to higher social benefits and consequently a more attractive 

compensation scheme for carriers. Although our model takes into account two user groups, only 

a part of the freights user group comes from a demand (seaport) zone. For the rest of the traffic, 

we only used the information coming from the loop detectors, assuming that this traffic is 

equally representative of demand. Moreover, companies that implement FTDS may need to 

change certain operation aspects, which may incur extra costs for them. These costs are not 

included in this framework and, therefore, further empirical work including carriers’ departure 

time choice would be needed to design a successful policy. 

 

In sum, this research provides a novel data-driven traffic modelling framework using a graph-

based modular convolutional neural network and an optimization model for departure time 

shifts. We utilized the complete framework of models to assess the effect of the truck’s 
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departure time shifts on the state of the traffic on motorways. From the modelling perspective, 

our main conclusions are :  

 

- The proposed data-driven decision support multi-class traffic model enables us to have an 

accurate prediction of short-term traffic dynamics (i.e. speed and flow) based on the 

variation of the container demand in freight hubs. 

- In a multi-task learning scheme, features learned to predict flow and speed are useful and 

should be transferred to predict vehicle loss hours if needed. 

- Using traffic flow knowledge to design the graph-based structure of neural networks makes 

AI traffic models not only more accurate but also more interpretable.  

In terms of implications for policy and management, the relevant findings are:  

- Optimized peak avoidance schemes for freight transport can lead to significantly reduced 

congestion on surrounding motorways and thus important social benefits. These benefits 

can be used to compensate the affected freight carriers or to incentivize autonomous 

departure time shifts.  

- The identified gains of shifts in our study probably underestimate the real gains, as we have 

only included one freight generating hub for the network and we haven’t accounted for 

reliability and emission benefits.   

- The modelling framework can be utilized to understand the consequences of changing the 

departure time of trucks at the seaport terminal on the traffic system. Also, it allows 

optimizing the shift schemes, such that they are adapted best to local congestion patterns. 

The network-wide predictions can be useful for traffic management agencies to better 

manage congestion on roads around major logistics hubs, in a real-time context. 

The above also leads to a number of research opportunities.  

- Firstly, one can explore the performance of (long-short term memory) LSTM networks to 

adaptively capture temporal dependencies not only from the previous time steps in the 

current day but also from similar days in previous weeks or months.  

- Secondly, integrating this model more strongly with traffic flow theory can turn the model 

from a correlation machine to a causality model, which adds to the model the advantages of 

physical interpretation.  

- Thirdly, this research provides a good starting point for further work on reward-based peak 

avoidance policies. Arguably the most urgent need is to understand the internal costs that 

logistics firms or carriers may meet in case of changes in their departure time schedules.  
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Chapter 6 

A decision support system for time slot management  

 

In the previous chapter, we established the importance of freight demand management on both 

the traffic and the logistics system, by controlling departure time of the trucks from a logistics 

hub. Controlling truck departure time, however, requires an intelligent decision support system 

which can control and manage truck arrival times at terminal gates. This chapter introduces an 

integrated model that can be used to understand, predict, and control logistics and traffic 

interactions in the port-hinterland ecosystem. This approach is context-aware and makes use 

of big historical data to predict system states and apply control policies accordingly, on truck 

inflow and outflow. The control policies ensure multiple stakeholders’ satisfaction including 

those of trucking companies, terminal operators, and road traffic agencies. The proposed 

method consists of five integrated modules orchestrated to systematically steer truckers toward 

choosing those time slots that are expected to result in lower gate waiting times and more cost-

effective schedules. The simulation is supported by real-world data and shows that significant 

gains can be obtained in the system.  

 

This chapter is based on the following papers:  

1. Nadi, A., Snelder, M., van Lint, J.W.C., Tavasszy, L. (2022). A Data-driven and multi-

actor decision support system for time slot management at container terminals: A case 

study for the Port of Rotterdam - Submitted to a journal. 

2. Nadi, A., Nugteren, A., Snelder, M., van Lint, J.W.C., Rezaei, J. (2022). Truck Arrival 

Shift: An Advisory-Based Time Slot Management System to Mitigate Waiting Time at 

Container Terminal gates. Transportation Research Record, 1-14. DOI: 

https://doi.org/10.1177/03611981221090940 
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6.1 Introduction 

The problem of high waiting times for trucks at seaport terminals is receiving increasing 

attention from practitioners and researchers. The growing volume of international trade has put 

ports and their ecosystem under pressure. Long queues of idling trucks at terminal gates waiting 

to pick up or deliver a container lead to congestion further upstream, and induce emissions, 

costs, and delays (van Asperen et al., 2013, Sharif et al., 2011). Therefore, effective traffic 

management policies at terminal gates and the surrounding areas are becoming an imperative 

task for most large container ports. The problem of congestion, high waiting time, and therefore 

non-optimal turnaround time for trucks at the terminal is often due to a lack of port-hinterland 

alignment (Notteboom, 2009). Establishing such alignment concerns various stakeholders, and 

is highly related to the connectivity between port and hinterland (Notteboom, 2009, Wan et al., 

2018). In general, the port-hinterland connection can be viewed from two perspectives. The 

first is the physical port-to-hinterland connectivity that can be improved through the expansion 

of physical infrastructure. Extending physical capacity takes considerable time and hence 

requires more long-term strategies.  

 

The second perspective is digital connectivity, where multiple stakeholders can communicate 

and exchange information for better cooperation and coordination. Digital connectivity 

facilitates short-term as well as medium-term policies to control the demand patterns. Various 

studies (Sharif et al., 2011, Wibowo and Fransoo, 2021, Chen and Yang, 2010) found that there 

is potential for digital-connectivity-based solutions to control truck traffic demand patterns. 

This form of connectivity is often relatively cheap and fast to implement. Despite its 

advantages, there are also some barriers against improving digital connectivity. For example, 

exchange of data and information has always been problematic due to privacy issues and fear 

of losing competitive advantages to other stakeholders. Recently, large ports around the world 

are developing safe and reliable data-sharing i.e. port community system (PCS) platforms to 

ease communication and facilitate digital connectivity. Even in the case of available safe data 

sharing platforms like PCS, the port community has not, in many cases, utilized these data 

properly due to the cumbersome process needed to transform big raw data into valuable 

information. These difficulties have led to relatively limited research towards digital 

connectivity as compared to physical connectivity. In this research, we contribute to the 

literature of enhancing digital connectivity by using shared data in port community systems 

and explore shorter-term solutions to solve day-to-day truck traffic issues at the terminals. 

 

To reduce congestion at terminal gates, terminals have to balance the arrival time of the demand 

inflow with the available terminal processing capacity. This can happen through accurate time 

slot management at terminals gates. There are roughly three means of time slot management 

controlling demand inflows in which digital information plays a role. The first one is to provide 

real-time traffic information to facilitate more self-organized (user) optimal scheduling 

behavior of truck drivers and companies (Sharif et al., 2011). The challenge is, however, that 

the situations at terminals’ gates may change rapidly due to the volatility of the demand. 

Therefore, providing real-time information may in some cases be counter-effective, even 

leading to trust deterioration in the system. The second approach is an incentive-based or 

charging-based scheme to spread demand across the day by providing monetary incentives to 

nudge scheduling behavior towards more (system) optimal decisions. Although charging-based 

policies like peak hour charges (Chen et al., 2011) can be, in many cases, effective for traffic 

mitigation, they may raise social objections. Incentive-based approaches also require sufficient 

funding sources for successful application. 
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The third approach towards more optimal scheduling is truck appointment systems (TAS) 

(Wibowo and Fransoo, 2021, Chen and Yang, 2010). A TAS typically uses a reservation system 

that allocates trucks to different time slots across the day based on the terminals’ capacity to 

improve terminal efficiency. In the past decade, several results have been published around 

designing TAS, increasing its importance for future port development (Huynh et al., 2016, 

Abdelmagid et al., 2021). However, its design intricacies justify a deeper analysis into several 

aspects of the port-hinterland system (see Figure 6-1). This system includes multiple 

stakeholders with conflicting interests in terms of costs and benefits. For example, transport 

companies aim to decrease the truck waiting times and the container rehandling time. However, 

for terminal operation, it is necessary to balance the workload of the yard cranes (Im et al., 

2021) and serve more customers. Also, the arrival of a large vessel may force the terminal 

operator to assign more cranes to the seaside and hence reduce the service rate in the hinterland 

side. 

 

In order to portray the direct impacts of TAS on different stakeholders, the system can be 

divided spatially into the port and hinterland areas of concern and functionally into the logistics 

and traffic subsystems. Their relations are summarized in Figure 6-1.  

 

 

Figure 6-1 Connections between port-hinterland and logistics-traffic ecosystems 

On the port side, the application of a TAS allows terminal operators to improve their 

operational efficiency. Because they can assign more cranes to the seaside operations due to 

reduced truck traffic at terminal gates (Chen and Yang, 2010, Zhang et al., 2013, Phan and 

Kim, 2015). On the hinterland side, it affects the operations of trucking companies as they may 

have to change their container pickup and delivery times. Additionally, changes in trucks 

inflow and outflow could be influenced by traffic on road networks. In some cases, the peak in 

truck arrivals happens in off-peak periods on the road network. This could happen because 

truckers would like to avoid facing congestion on road networks. Although a TAS can reduce 

congestion at the port by shifting a portion of trucks to off-peak time slots in the port, it may 

add more trucks to the peak periods in the hinterland side. This not only increases the costs of 

truckers as they have to drive in traffic jams but also adds to the cost of other road users by 

increasing the percentage of trucks on road networks during congested periods. However, much 
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of the research up to now has not treated these important traffic effects in the design of TAS. 

Therefore, designing a more effective TAS requires an integrated logistics and traffic 

modelling framework that coordinates between multiple stakeholders in port and hinterland. 

Previous studies predominantly ignore the hinterland side while designing time slot 

management systems, i.e. have neglected the roadside conditions from the users' perspective. 

Here, we argue that multiple stakeholders in the hinterland including, trucking companies and 

roadside traffic agencies can also benefit or lose from the application of TAS. In this paper, we 

address this knowledge gap by introducing a new decision-support approach for TAS that takes 

all these aspects of the system into account.  
 

The main scientific contribution of this research is the design of a comprehensive modelling 

framework for a TAS that integrates the different perspectives discussed above, using 

appropriate techniques for each problem:  

1. deep neural networks that predict truck demand at port and traffic states on road 

networks;  

2. discrete event simulation of the truck handling process at terminals’ gates; 

3. behavioral modelling of trucking companies' preferences for container pick-up times; 

4. mathematical optimization modelling of the time slot scheduling problem.  

 

The model provides users of the system with the following advanced capabilities;  

1. it allows priority to trucks to approach terminals’ gates, based on their market 

preferences; 

2. it provides accurate predictions of operation time at the planning horizon allowing 

truckers and terminals to make better decisions; 

3. it suggests appropriate time slots to drivers; 

4. it assures accurate coordination between multiple stakeholders in the port and the 

hinterland, and gives a comprehensive assessment of the potential gains/costs for the 

application of the proposed TAS. 
 

This chapter is structured as follows: First, we review the literature for TAS. Next, we explain 

the modelling framework and methodology. Afterward, we present the results, and finally, we 

conclude the paper by discussing the findings. 

6.2 Literature review 

The truck appointment system (TAS) is a solution to control truck arrivals to the container 

terminal and improve terminal efficiency. In this system, trucks are appointed to specific time 

slots to load and unload their cargo considering the constraints of terminals and trucking 

companies. A TAS system has two main components i.e. the quota and the appointment 

mechanism. The quota mechanism relates to the optimum number of time slots during working 

hours, the duration of time slots, and the maximum number of trucks are allowed per time slot 

(Lange et al., 2020). The appointment mechanism, on the other hand, relates to the process with 

which a time window is assigned to an import/export container to be picked up/delivered 

from/to a marine terminal. This could evenly distribute truck arrivals across the day and hence 

increase the efficiency of terminal operations and reduce truck waiting times at terminal gates. 

There is good evidence for the emergence and effectiveness of truck appointment systems to 

reduce congestion at seaport terminals (Giuliano and O’Brien, 2007). A recent comprehensive 

review of the research is given in (Abdelmagid et al., 2021). The earliest discussion on truck 

appointment systems emerged around early 1970 in Canada (Huynh, 2009) and soon after got 



Data-driven modelling of routing and scheduling in freight transport 123 

 

 
 

considerable attention from both practitioners and researchers. In this section, we summarize 

the advances on TAS research, discuss them from a methodological and a design perspective.  
 

From a methodological perspective, researchers use mathematical programming, queueing 

theory, simulation, or a combination of them (Abdelmagid et al., 2021, Guan and Liu, 2009a). 

The mathematical programming method computes the best match between truck arrival 

patterns and service availability according to particular objective functions (e.g. waiting time 

costs, terminal handling, emissions)  and constraints. Various types of mathematical 

programming such as binary (M. Abdelmagid et al., 2021) and mixed-integer programming 

(linear and nonlinear (Xu et al., 2021)) have been utilized to solve time slot scheduling 

problems in truck appointment systems. Queueing theory is very close to the physics of the 

system and can provide decision-makers a good approximation of truck queue length and truck 

waiting times even before the real-world application of TAS (Zhang et al., 2013). Finally, 

discrete event simulation mimics the real-world dynamics of terminal operations in response 

to the application of TAS. 

 

Building on the advantages of these methods, a large and growing body of literature has used 

a combination of these methods to develop a TAS.  For example, M. Abdelmagid et al. (2021) 

proposed a binary integer programming formulation to develop a TAS that maximizes the 

resource utilization of the terminal while minimizing the density of trucks inside the terminal. 

Their approach gives higher priority to the quayside operations as compared to the truck gate 

operations. Guan and Liu (2009b) proposed an optimization model that minimizes various gate 

system costs. The cost includes labour cost, terminal operation cost, and truck waiting cost. 

They used queuing modelling validated with field observations to approximate these costs. Li 

et al. (2020) proposed a bi-objective optimization formulation to balance the trade-off between 

trucks and terminal operation.  In their formulation, they minimize the total amount of cranes 

assigned to the hinterland yard blocks and the waiting time at blocks for trucks. Similarly, Mar-

Ortiz et al. (2020) designed a decision support system that balances capacity management 

(supply) and demand management (truck arrivals). Their research aims at determining the 

optimum quota considering crane productivity indicator and level of service for trucks. Besides 

operational costs, some authors have considered emission costs while optimizing slot 

assignments. Do et al. (2016) developed a simulation-based genetic algorithm approach aiming 

at minimizing total emissions produced from trucks and cranes at import yards. They utilized 

discrete event simulation to estimate total truck waiting times and the total moving distance of 

cranes, and then minimized the associated emissions from both truck and cranes. Fan et al. 

(2019) also considered reducing carbon emissions while determining the optimum number of 

truck arrivals in each appointment period. Zhao and Goodchild (2010) evaluated the impact of 

arrival information on terminal rehandling and later in 2013, they proposed a hybrid queue 

modelling and simulation technologies to improve terminal efficiency in terms of container 

retrieval operation, crane productivity, and truck turn-time (Zhao and Goodchild, 2013). One 

year later Zehendner and Feillet (2014) involved more stakeholders from the port side in the 

TAS modelling. Their model not only improves the quality of service for trucks at terminal 

gates but also considers the crane operation for trains and vessels in a multimodal terminal.   
 

All the above studies, although different in terms of their methodology and problem 

formulation, are similar in terms of the scope of the TAS design, in that they all focus on the 

operations of stakeholders in the port area and ignore those in the hinterland. The TAS belongs 

to the terminals, and trucking companies only can reserve a time slot if the slot is not fully 

occupied. All these methods determine the maximum number of trucks that can reserve a time 
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slot or identify the optimum number of time slots during working hours. In recent years, a few 

but growing number of studies have started expanding the design of TAS towards a multi-

stakeholder system. In such a design, TAS supports stakeholders to work together and optimize 

their objectives accordingly. (Phan and Kim, 2015) introduce a decentralized decision-making 

model to manage the negotiation between terminal operators and the dispatcher of trucking 

companies. They propose two sub-models. The first sub-model considers the scheduling of 

trucks based on the time window constraints posed by the terminal operator and the second 

sub-model approximates the waiting time based on the number of requests. This is an iterative 

process, which dynamically identifies the best truck schedules according to the current terminal 

operation. In this process, trucking companies apply for a time slot, the terminal operator 

approximates the waiting time for the requested time windows and sends this information to 

the carriers, carriers then reschedule their time slot based on the new constraint and propose a 

new time slot to the terminal operator. Yi et al. (2019) used a similar approach but added new 

constraints to the problem and proposed an efficient algorithm to solve this problem in a 

reasonable computation time. Torkjazi et al. (2018) expanded this collaborative method by 

considering tour scheduling of carriers accordingly. Here, the time slots imposed by the 

terminal operation influence the tour of the carrier as they are also constrained by other time 

windows imposed by customers. Their method helped to improve the truck tour scheduling by 

11.5% compared to the model without rescheduling. The idea of a decentralized collaborative 

TAS has made this system more realistic and efficient. However, the drawback of is that it 

requires a robust communications channel and a relatively long planning horizon, as trucking 

companies have to dynamically change their plan. This long replanning time may keep the 

carrier on pause as the situations at terminals can rapidly change.  
 

In summary, most existing studies assume that trucks can follow the optimum design of the 

appointment system at no cost. Such truck appointment systems usually enforces truckers to 

choose another time slot even though this shift in their arrival may have a domino effect on 

their operation schedules in the hinterland. In other words, these models consider the cost that 

truckers would have if they had to wait in a queue but not the cost that they would have if they 

had to shift their arrival time due to the lack of available spots in their preferred timeslot. Only 

a few recent works have considered this in designing a collaborative dynamic truck 

appointment system. However, this requires several backs-and-forth communication, as well 

as negotiation between carriers and terminal operator, which significantly increases planning 

time. Therefore, it is essential for terminal operators to consider truckers' scheduling 

preferences. This helps the collaborative TAS to minimize the communication need between 

stakeholders. In addition, previous research so far has neglected the role of road traffic in the 

design of the TAS. Traffic plays a key role in the scheduling of trucks and varies according to 

the variation of truck demands.  
 

In this research, we introduce a new centralized truck appointment system, integrated with a 

traffic model. This central TAS communicates with all stakeholders i.e. terminal operators, 

traffic agencies and trucking companies, and collects required information. Then, it gives 

accurate advice to each stakeholder according to their conditions or preferences. The focus of 

this research is not only on providing a normative solution for companies, as is usually the case 

in the literature of TAS, but also to provide a quantitative description of the system for 

managers and policymakers, helping them to understand the port-hinterland ecosystem better. 

One can think of this method as a combined logistics and traffic system where traffic at port 

and hinterland can be understood together and controlled simultaneously. With our method, 

the benefits and cost of the system can be realized and distributed in both logistics and traffic 
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systems. This system can also deal with heterogeneity in trucking operations of multiple 

industries. Previous TAS studies have assumed a first-reserve-first-serve policy, and make no 

distinction between different preferences of shippers, e.g. between perishable agricultural 

merchandise with a morning delivery window and fashion products destined to warehouses in 

the afternoon. With the power of data-driven models deployed, our proposed method gives 

priority to some industries for specific time slots according to their inferred scheduling 

preferences.  
 

To conclude the review, it appears that site managers at container ports require more 

disaggregate behavioural insights to have a better grip on demand. Data-driven methods allow 

exploring trucker behaviour at a disaggregated level but have, to our knowledge, never been 

applied to TAS. In this research, we aim to help fill this gap by introducing an optimal control 

policy derived from an analysis of a large historical sample of carriers and terminal gate 

operations. In addition, we use extensive traffic data to assure that control policies on logistics 

sites do not deteriorate traffic conditions on road networks. This also has never been considered 

in the literature.   

6.3 Methodology for design of the truck appointment system  

In this section, we propose a methodology for the design of a data-driven centralized time slot 

management system that takes multiple stakeholders into account. The building blocks of the 

proposed system are depicted in Figure 6-2.  
 

 

Figure 6-2: Centralized Multi-stakeholder truck appointment system 

 

The process begins with carriers (trucking companies) who send a request for a time slot to the 

truck appointment system once they receive an order from shippers. This request may be part 

of a planned tour, which may include several other pickups and deliveries in the hinterland. For 

the TAS however, this request is the only observable part of the tour. The TAS should learn 

from this partially observed tour planning information to infer the scheduling of carriers for 

different times of the day. On the other hand, the system looks into the terminal activities. 

Terminals can provide more information about their activities through the port community 
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system. Based on this information, the TAS system can predict the workload of the terminal at 

the requested time slot, and predict the truck waiting time cost at the terminal gate. 

Simultaneously, the system receives information from traffic agencies about the historical 

traffic conditions on road networks. This can provide an accurate prediction of delays on the 

surrounding road networks for trucking companies at the requested time slot. Based on this 

information, the system can give suggestions to each actor to help them keep their operations 

efficient, while controlling the congestion at terminal gates. For example, it could advise the 

terminal operator to balance the workload of cranes between the yard side and the hinterland 

side based on the number of trucks approaching the gates (see Figure 6-3). On the other hand, 

if the terminal is overloaded with containers discharged from a big vessel, it may advise the 

terminal operator to assign more cranes to the yard operation and, at the same time, propose 

new time slots to carriers based on their scheduling preferences and road traffic conditions. 

From the traffic agency perspective, the system also can notify a traffic manager beforehand 

about a surge of trucks heading into the hinterland at a particular time of the day, so that they 

can apply appropriate traffic control measures. Our system of interest is illustrated in Figure 

6-3. 

 

 

Figure 6-3: Logistics operations and traffic conditions in the study area 

We assume that the decision time in this system begins at the end of a pre-defined planning 

time window (e.g. 1 hour) which can be 3 days to 3 hours before the actual operation time. The 

width of the planning time window is flexible and can be set by a system administrator. During 

this time, the system collects all the information from multiple stakeholders, and at the end of 

this time windows reveals the expected system states and associated prescriptions. 

 

The objective is to minimize the total daily cost of the system which consists of  three categories 

of costs: 

 

1. Terminal gate operation cost 𝐶𝑡
𝑔

 which is a function of 𝐶𝑡
𝑆, the service cost of using a 

crane on the gate side during time slot t, and S, the number of cranes giving service to 

the trucks on the gate side.  
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2. Carriers’ costs (𝐶𝑡
𝐶) which  includes two components:  

a. 𝐶𝑡
𝑤: Total cost of waiting in a queue at the terminal gate during time slot t 

b. 𝐶𝑡
𝑝
: Planning or scheduling cost of visiting terminal during time slot t due to the 

hinterland operations  

3. Societal costs of traffic systems 𝐶𝑡
𝑡𝑟 due to the traffic intensity on the main roads from 

and to the port  

 

In this section, we propose a port-hinterland modelling framework considering all these costs. 

This framework requires 5 modules. The first module is a demand model which predicts 

(generates) truck demands along the day. The second is the container terminal gate module 

which includes queueing models to represent terminals gate operations. This module uses truck 

inflows (generated by the first module) as an input and generates truck outflows, terminal 

operation costs 𝐶𝑡
𝑔

 and waiting costs 𝐶𝑡
𝑤. The third module is a data-driven traffic module that 

can estimate the societal cost of traffic system 𝐶𝑡
𝑡𝑟 learning from day-to-day traffic patterns. 

This module uses the truck outflow generated by the second module to predict the monetary 

value of vehicle loss hours on the road network. The fourth module is the data-driven truck 

scheduling model which can predict the associated hinterland cost of trucks for picking up 

containers at the port in different time windows along the day i.e. 𝐶𝑡
𝑝
. The last module is an 

optimization model which minimizes the total system costs by assigning appropriate time slots 

to trucks. Figure 6-4 illustrates the complete modelling procedure and connection between 

these modules.  

 

In the next subsections, we explain the method used to develop each component as well as the 

data used for a case study in the port of Rotterdam.  
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Figure 6-4: Modelling procedure for time-slot management system 

6.3.1 Time slot demand prediction 

We first divide the time horizon of the system into the planning and operation days. Assume 

that on the planning day at time windows tp, the system receives requests for different time 

slots to in the operation day. The operation day could be the same as the planning day or one to 

two days after that. In either case, we assume that tp is at least 3 hours before to. To predict the 

waiting time for each time slot on the operation day, we are first required to predict the number 

of trucks that arrive at each terminal. This prediction takes place on the planning day and the 

only information we can use for this prediction belongs to the day of planning and the days 

before that. To understand what information can be a good predictor of the truck demand for a 

time slot, we should look at the process at terminals. In a seaport terminal, once a vessel arrives, 

the cranes discharge containers. Then straddle carriers take the containers to the stackyard 

where the yard-hinterland cranes stack the container on the lanes. A container can stay in the 

terminal for weeks until a truck comes to the port and pick it up. Figure 6-5 shows an example 

of a typical distribution of pickup latencies, based on data from the Port of Rotterdam. The 

average pickup latency is approximately  4488 minutes (74.8 hours). That means it takes more 
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than 3 days on average for containers to be picked up. We can see that the distribution is skewed 

and has a wide right-side tail. This buffer time depends on the container discharge time, 

administration time, stacking time, and carriers planning latency which may differ from 

container to container and firm to firm. Since not all this information is available to the system 

at the time of prediction, we bypass the detailed process and predict truck demands for each 

time slot using a time series model. 
 

 

Figure 6-5: Distribution of pickup time  planning latency 

 

 This requires a multivariate time series that can predict truck demand based on multiple input 

signals. The first input signal is the historical time series of the number of road freight 

containers arrived by vessels at the terminal and the second signal is the time series of trucks 

arrivals, which has autocorrelation and can deal with the recurrent daily pattern of truck 

arrivals.   
 

 

Figure 6-6: Comparison between deep-sea container arrival signal and truck arrival signal 

 

Looking at Figure 6-6, we can see that there is a clear distinction between container and truck 

arrival signals. the distinction relates to the fact that the hundreds of containers arrive at the 

terminal all at once at a particular time of day during the call of a vessel. In other words, the 

deep-sea container arrival signal is zero unless a vessel arrives at the port and then the signal 

spikes. These containers are then distributed across different time slots in the following days 

as trucks arrive gradually over the day to pick them up. Since several points in the deep-sea 

container arrival signal contribute to multiple points in the future truck arrival signal, it is not 

straightforward to use this signal regularly to predict only one point in time. Instead, we 
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formulate this problem as a multivariate multi-step time series prediction model. Equation (6.2) 

shows a general representation of this problem. 
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Our model aims at forecasting the next k values (e.g. k=24 hours) of truck arrivals time series 

in operation day to from two input time series (n=2) of deep-sea container arrivals and truck 

arrivals in the planning tp with history lookup size of l days before the planning day. To deal 

with this problem we propose a sequence to sequence deep recurrent neural network (RNN) 

for multivariate multi-step time series prediction, where we can predict the truck arrivals at all 

time slots of the operation day based on the combined information sequence (i.e. both deep-sea 

arrivals and truck arrivals) of the past days. Sequence-to-sequence deep neural network 

architectures have seen successful applications in various multivariate time series prediction 

problems (Du et al., 2020, Du et al., 2018), but not yet in our context. Figure 6-7 depicts a 

graphical illustration of the proposed model.   

 

 

Figure 6-7: Architecture of the sequence to sequence deep RNN for truck arrival prediction 



Data-driven modelling of routing and scheduling in freight transport 131 

 

 
 

This model consists of two-three layers: The first layer is the encoder with several long-short 

term memory (LSTM) units which takes the historical multivariate time series samples as input 

to capture the temporal representation (fixed-length vector)  of the past time series input. The 

second layer is an  LSTM  decoder, which generates the future time series as forecasting output. 

We used the fixed-length vector as the input and the encoder’s final state as the initial state of 

the decoder layer. Finally, we used a linear dense (fully connected neural network) layer on top 

of the decoder layer to predict the target values for each time slot in the target sequence. LSTM 

is a type of recurrent neural network which was first introduced by Hochreiter and Schmidhuber 

(1997) and is known for its good performance in sequence to sequence prediction. LSTM was 

developed to deal with the vanishing gradient problem of traditional recurrent neural networks. 

A unit of LSTM includes 4 components, an internal memory cell 𝑐𝑡, an input gate 𝑖𝑡 , a forget 

decision gate 𝑓𝑡, and the output decision gate 𝑜𝑡. Collaboration between these components 

enables the unit to learn and memorize long-term dependencies in a sequence. For example, in 

our case, the LSTM cell can learn when to consider or forget the impact of a spike in the deep-

sea container arrival signal occurring in the past and, also, how big this impact would be. The 

compact representation of the equations for an LSTM with a forget gate is 
 

1( )t g i t i t ii W x U h b      (6.3) 

 

1( )t g f t f t ff W x U h b      (6.4) 
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tanh( )t t th o c   (6.8) 

 

Where 𝑥𝑡 is the input vector to the LSTM unit, 𝜎𝑔 is the sigmoid activation function, W and U 

matrixes are the weights for input and recurrent links respectively.  b vector is the bias 

parameters and �̃� ∈ (−1,1) is the cell input activation vector. As we can see in Equation (6.7),  

𝑐𝑡 is the summation of two terms. First is the element-wise multiplication of self-recurrent state 

𝑐𝑡−1 and forget gate ft and the second term is element-wise multiplication of input gate it and 

input activation vector.  
 

In sum, the proposed model for demand prediction of time slots in the operation day is based 

on an encoder-decoder end-to-end sequence deep learning architecture that can predict the most 

probable future time series. In the next section, we explain how the predicted demand can be 

used as inputs to estimate truck outflows, waiting times, and costs at terminal gates. 

6.3.2 Container terminal gate module 

There are two sides to a marine container terminal gate system. On one hand, we have the 

supply side which relates to the operations and gates and can be determined by the number of 

productive lanes and service rates (number of trucks being served per unit of time). On the 
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other hand, we have the demand side which is the process of truck arrivals. Given the physics 

of the system, we can formulate the terminal gate as a multi-server queueing system with a 

non-stationary average truck arrival rate (λt), the average gate service time of trucks (μ), 

number of active cranes at the hinterland side (S), average truck waiting time (Tt), and average 

number of trucks waiting (Nt) at time slot t. According to the characteristics of terminal gates, 

we assume that both the inter-arrival time and the service time are independent and identically 

distributed random variables with an exponential distribution and gates serve trucks with an 

integer number of cranes i.e. servers. Therefore, our method is the M/M/S queueing model. To 

calculate the waiting time at each time of the day we can use discrete event simulation software 

or the approximation method in Equation (6.9) developed by Cosmetatos (1976) and used in 

several similar studies (Guan and Liu, 2009b). 
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where 𝑎𝑡 =
𝜆𝑡

𝜇𝑡
 denotes traffic intensity.  

To set up the queue model of a terminal gate, the mean service time μt and the number of servers 

St have to be known. In our case, this information is missing. Therefore, we estimate these two 

parameters from field measurements by iterative examination of different settings for the queue 

simulation while minimizing the mean squared differences between the simulated and observed 

departure profiles. After calibration, we can use the model with estimated parameters to 

approximate the waiting time of trucks, the number of trucks waiting at the queue, and the 

departure profile of trucks heading towards the hinterland all based on the predicted truck 

demand explained in the previous section. Using Equation (6.9) and Little’s law, we can 

calculate the number of trucks waiting in the queue (Nt = λt Tt). Given the average truck idling 

cost per hour 𝐶𝐼, Equation (6.10) calculates the total cost of waiting in a queue at the terminal 

gate during time slot t: 

 
w

t I tC C N    (6.10) 

 

As explained in section 6.3, another cost of truckers in this system is the cost of visiting the 

terminal at the timeslot t according to their tour planning in the hinterlands. In the next section, 

we explain how this cost can be inferred from observed data.  

6.3.3 Data-driven truck scheduling module 

For carriers, the cost of visiting container terminals is a part of the total cost of routing and 

scheduling tours along the day. Each tour may include several locations, one of which being 

the container terminal. The time at which a truck arrives at a container terminal depends on the 

sequence (in time and space) of the other pickup and drop-off locations in the hinterland. We 

could estimate the total hinterland operation cost of carriers for different terminal visit times if 

we had information about the daily activity of trucks in the hinterland. This information, 

however, is not observable to the system. The only observable characteristics are the containers 

and the arrival time of trucks to the terminal for each container. Carriers often solve a class of 

vehicle routing problems to plan their port and hinterland operation, minimizing their cost or 

maximizing their utility. Therefore, we can estimate the cost of visiting a time slot for each 

truck due to the relevant assumption that the utility of the truckers is maximized by their 

planned arrival time t.  
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where Unt is the utility of truck n if visiting terminal during time windows t,  Tnt is a binary 

variable which is 1 if the truck n visit terminal at time t and 0 otherwise. 

 

Equation (6.12) makes sure that each truck can only choose one arriving time window. We can 

assume that truckers use the above mathematical formulation to find the optimum visiting time 

Tnt that maximizes their utility. To our system, however, the inverse of this problem matters, 

where the optimum vising time Tnt is observable to the system and the system has to infer the 

utility of carriers Unt. We can use utility maximization theory to calculate the probability of 

choosing a timeslot alternative over the others. The utility of one particular time window 

depends on some observed and unobserved factors that are related to the characteristics of tours 

and hinterland operation. We can formulate the utility function as follows:  
 

t t tU V     (6.14) 

 

where Vt is the deterministic part of the utility, which includes the observable tour attributes 𝜒𝑖 

that influence the probability of visiting terminals in a particular time window t.  
 

t i iV ASC     (6.15) 

 

where 𝛽𝑖 are parameters of the model to be estimated from observations and capture the impact 

of each attribute on the utility of time windows and ASC is the alternative specific constant. 

The second part of the utility function contains an error term εt. This error term represents the 

unobserved factors that influence the utility of time windows alternatives.  
 

We can estimate the parameters 𝛽𝑖 using maximum log-likelihood estimation. In the maximum 

log-likelihood estimation, the model aims to estimate the parameters such that the model has 

the highest probability of fitting the observed data. Equation (6.11) can be transferred to 

Equation (6.16) which presents the maximum log-likelihood function. 
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where L indicates the log-likelihood and 𝑃𝑛(𝑡|𝜒) represents the probability that a trucker n 

visits terminal during time windows t given attributes χ. Using the logit function to calculate 

this probability will lead us to equation (6.17).  
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After estimating the parameters of this model, Equation (6.17) generates the probability 

distribution of time windows for an individual truck given its attributes. This probability can 

relate to the utility of this truck at different time windows. We can then translate this utility as 

the unitless planning cost of trucker 𝐶𝑡
𝑝
 due to its hinterland operation (see section 6.3). In other 

words, if the probability of visiting terminal for a given attribute is high, it means that the cost 

of carriers for visiting terminal at that time windows, 𝐶𝑡
𝑝
, is low. 
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where η is a factor to scale this cost component compared to the others presented in section 

6.3. In the next section, we explain the method to calculate the last cost component required 

for the design of the time slot management system.  
 

6.3.4 Demand responsive data-driven traffic module  

As explained in section 6.3, we also have to consider societal cost of traffic systems attributed 

to the dynamics of the port-hinterland activities. Here this cost relates to the delays per km that 

vehicles face under different conditions of the road network. Delays can be calculated as a 

deviation of travel times from free-flow speed conditions. To calculate the travel time of a 

particular path in a network, we require the average speed of vehicles along the path. The 

average speed of vehicles changes in time and space and can relate to the attributes of supply 

and demand on a road network. For our purposes, the model should be able to assess the impact 

of changes in truck inflow and outflow in the port area on the traffic system and estimate the 

traffic-related cost of these changes. Candidate approaches are (1) macroscopic traffic models 

(model-driven) that use traffic flow theory to describe the spatial and temporal dynamics of 

principal traffic flow variables and (2) data-driven methods that use historical data to predict 

traffic conditions in time and space. In general, each of these methods has advantages and 

disadvantages and cannot outperform the other under all conditions (Calvert et al., 2015). The 

main difference between them is that parameters of the data-driven approach typically have no 

physical interpretation, while the traffic flow approach has some parameters with physical 

interpretation. Additionally, data-driven models can follow the day-to-day variation of traffic 

states, whereas model-driven approaches typically deviate from the actual traffic states (Calvert 

et al., 2015). We refer to Vlahogianni et al. (2014) and Van Lint and Van Hinsbergen (2012) 

for a comprehensive overview of these methods. In this paper, we opt for data-driven 

approaches to reduce the calibration effort and to allow daily operations with short calculation 

times, as well as lower computational complexity. However, we integrate aspects of model-

driven approaches from traffic flow theory to add to its transparency and interpretability.   
 

A natural way of modelling traffic in a data-driven approach is through a non-linear mapping 

between demand and supply patterns. Demand concerns time-dependent inflows and outflows 

(summation of trucks and other vehicle classes) to the road network and supply concerns time-

dependent road network characteristics like flow and speed. The correlation between the 

demand and supply dynamics happens in a very short-term time horizon (up to an hour ahead) 
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(Nadi et al., 2021). However, neither demand nor supply information of operation day is 

observable at the planning day (often one or two days before the operation day). In sections 

6.3.1 and 6.3.2 we explained how we can predict the inflow and outflow of truck demand for 

the operation day given the available information in the planning day and history. To estimate 

the impact of this predicted demand on the traffic system and calculate the traffic-related costs 

associated with changes in the demand, we identify two required functionalities for a traffic 

model. First, it should be able to predict spatial-temporal traffic states for the operation day 

(one or two days ahead) based on available historical traffic data in the planning day. Second, 

it should be able to capture the evolution of truck demand and its impact on the road network 

in time and space. In this paper, we skipped the first component assuming that these long-term 

predictions are available for the system. We, therefore, use the observed spatial-temporal traffic 

states of the operation day. For the real application of the system, however, we recommend the 

use of advanced deep neural network methods proposed for spatial-temporal long-term traffic 

predictions which have shown high accuracy (Zang et al., 2018).  

 

For the second component, we need to consider temporal and spatial interaction between 

demand nodes (trip generation zones) and various locations on road networks. The complexity 

of this task is mainly there because traffic by nature is spatially correlated and highly dependent 

on the topology of the road network. To cope with this complexity, we use a similar method as 

we proposed in chapter 5 (section 5.4.1). For the convenience of the readers, we briefly explain 

how this method works in this chapter. This method is a graph-based convolutional recurrent 

neural network. Graph convolution filters have recently gained special attention for short-term 

traffic prediction (Li et al., 2021) due to their performance in extracting spatial and temporal 

patterns. The choice of this neural network architecture is also based on macroscopic traffic 

theory where the traffic state dynamics of a link can be described in state-space by considering 

the upstream link, the link under consideration, and the downstream link. In this way, the 

evolution of demand dynamics on the consecutive links’ properties can be modeled close to 

the physical properties and composition of a real traffic system. We represent the topology of 

the road network as a weighted directed graph G(V, E, A) where V is a set of nodes ( 𝑉 ∈ ℕ) 

representing loop detectors on motorways, E is a set of links representing road segments and 

𝐴 ∈  ℝ𝑁×𝑁 is a weighted adjacency matrix that represents node connectivity and proximity. 

For this study, we aim to predict the impact of truck demand generated from the port of 

Rotterdam on the surrounding 5 motorways up to the boundaries of our study area  (see Figure 

6-8). In this model, each node on the road network is a neuron or a hidden layer where the 

output of one layer is incorporated into the inputs of the next layer (node). Figure 6-8 shows 

how nodes in the graph are stacked together representing the topology of a road network.  
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Figure 6-8: Graphical representation of the proposed graph-based convolutional neural 

network model 

 

Let 𝑋 ∈  ℝ𝑁×𝑀 be the signal input to each node of the graph G, where M is the number of 

features of each node (e.g. volume, speed) and N denotes the number of nodes. Also, let  𝐶 ∈
 ℝ𝑛 represent the signal input of the truck demand generation centroids added to the passenger 

cars signal collected from loop detectors in the vicinity of the truck generating zones and 

connected to 𝑛 ∈  𝑁  nodes in the graph G. Having 𝑋𝑡 and 𝐶𝑡 representing observed signals at 

time t, this model aims to learn a generalized non-linear approximation function 𝑓(. ) for each 

node in a given graph G that maps 𝑑 ∈  ℕ𝑁×(𝑁+𝑛)  historical input signals to the future signal 

𝑋𝑡+∆𝑡 . It is important to mention that the off-ramps and on-ramps are well connected to the 

other nodes to ensure that the inflow and outflow to the road network match well. As Figure 

(6-8) shows, information from one node in a graph is passed to its neighbour nodes through the 

adjacency matrix. The adjacency matrix keeps the conservation law valid in the graph as the 

prediction of flow/speed from one node, is an input to its neighbours. To capture the spatial 

evolution of demand on the entire road network, we use the graph convolution (also known as 

message passing) technique. This elegant technique computes the spatial correlation of one link 

to its upstream or downstream links (Zhou et al., 2018). In this paper, we enhance the message 

passing rules proposed by Kipf and Welling (2016) by adding a new attention mechanism that 

produces a dynamic k-order weighted adjacency matrix for propagating each node’s feature to 

its neighbours. This is done as follows:  
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The convolution operator conv* in Equation (6.19) calculates the aggregate (i.e. normalized 

weighted sum) of features for all nodes where D is the diagonal degree matrix, I is the identity 

matrix and �̃� is the adjacency matrix with added self-loops. The self-loop considers the features 

of the node itself along with its neighbors. W is a matrix of trainable weights and Θn is the 

attention mechanism that produces a dynamic k-order weighted adjacency matrix. Θ𝑖𝑗
𝑛  are 

elements of the attention matrix Θn that can adaptively capture spatial correlations on the road 

network. With the attention mechanism introduced in equation (6.22), some nodes can benefit 

from the information coming from their second, third, or higher-order neighbors. Logically, 

these correlations fade out as nodes in the graph are getting away from each other. Therefore, 

we assume that these distance-related weights in the adjacency matrix are random variables 

with Gaussian distributions as presented in Equation (6.22), where p is the node proximity 

matrix. The parameter 𝜎𝑖
𝑛 needs to be estimated for each node 𝑖; 𝜎𝑛 works as an adaptive spatial 

memory that helps the model remember the spatial dependency of various locations on the road 

network. In other words, the node 𝑖 gets information from its close-by nodes when 𝜎𝑖
𝑛 for the 

ith node is small. This operator works in two directions in the graph. The forward pass is used 

to let the information of previous nodes (i.e. upstream) influence the prediction of the volume 

downstream and the backward pass sends the speed information of the next nodes (i.e. 

downstream) to the upstream for the speed prediction. This bi-directional aggregation helps the 

neural network to capture spillback phenomena, once we have congestion on a link (see Figure 

6-8). Since this model is demand-responsive (meaning that the graph is connected to some 

demand nodes generating inflows and outflows to the graph) we introduce a similar special 

attention mechanism as in Equation (6.22) with spatial memory 𝜎𝑐, to let the demand nodes be 

the kth neighbor of all sensors. This mechanism is centroid attention Θc with which the neural 

network can adaptively learn correlations between demand and different nodes on the road 

network. 

 

The neural network structure also includes a Softmax decision gate 𝐸𝑚𝑖 that can decide if 

adding inputs cm from a demand node m improves predictions in a specific node i on the road 

network. This decision gate is similar to that of forgetting gates in typical LSTM networks.  
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The resulted matrix �̅� filled with elements Emi is then applied to the inputs of the graph as a 

convolutional operator presented in Equation (6.24). 
 

* ( )c
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where �̅� is a matrix of all ones, as all demand nodes are initially considered as the neighbour 

of all nodes in the network and Wc is a trainable matrix of parameters for convolution on 

centroids inputs. Since the decision gate matrix E automatically decides the normalized 

contribution rate of input signals to the predictions of traffic at a given node on the road 

network, it is like helping the network to simultaneously predict the destinations of the demands 

generated at each specific centroid.  After the graph coevolution on the input signals, the 

adjusted inputs are transferred to g which is a linear activation function of a hidden layer as 

presented in Equation (6.25). 

 
* *

1 1 2 2( , | ) ( , )X Cf X C G g conv b conv b        (6.25) 

 

In sum, our proposed method lets the network pay relatively more attention to the most valuable 

information coming from different nodes and centroids and take care of the evolution of flows 

from demand nodes to the road network in time and space.  
 

As far as monetary costs in the traffic system are concerned, we design this model to be able 

to predict the monetary value of vehicle loss hours regarding variations in speed and flow. In 

other words, inputs to the model are expected inflows and outflows, speeds, and demand signals 

at timestamp t, and outputs are speeds, flows, and monetary losses on the graph at time stamps 

t+Δt. Flows and speeds of vehicles are measured directly from the sensors for each link. 

Monetary losses are calculated based on vehicle loss hours which is the number of hours that 

all vehicles lose passing a link during time t as compared to if they would have passed the 

similar link under free-flow condition. Equations (6.26) to (6.28) show how this monetary loss 

for each node i at time t is calculated.  
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where 𝑞𝑖,𝑡
𝑝𝑎𝑠𝑠𝑒𝑛𝑒𝑔𝑒𝑟𝑠

 and 𝑞𝑖,𝑡
𝑇𝑟𝑢𝑐𝑘𝑠 are the passenger and truck flow passing section i at time t 

derived directly from field measurements. Class-specific vehicle-loss-hours is the deviation 

between flow-weighted travel time of each vehicle class in current and free flow conditions ( 

see Equations (6.26) and (6.27)). Finally, the Loss denotes the space-time monetary loss matrix 

of all vehicles which its elements are the summation of vehicle loss hours for passengers 

(𝑉𝐿𝐻𝑃𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠) multiplied by the value of time for passengers (10 euros per hour) and vehicle 

loss hours for trucks (𝑉𝐿𝐻𝑇𝑟𝑢𝑐𝑘) multiplied by the value of time for trucks (45 euros per hour).   

 

The third cost component for time slot management introduced in section 6.3 was 𝐶𝑡
𝑡𝑟 which 

is the societal cost of the traffic system due to the changes in the arrival and departure of trucks 
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at terminals. Given the traffic mode introduced above, we can now compute this cost for each 

time slot as follows:  
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   (6.29) 

 

We use the mean square error (MSE), the most commonly used error function, and the 

Levenberg-Marquardt (LM) algorithm to estimate the model weights and parameters. For more 

detail about parameter estimation of this method, we refere readers to chapter 5, section 5.4.1.  
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Here 𝑁 is the number of observations, 𝑦𝑖 is the 𝑖th  observed value and �̂�𝑖 is its corresponding 

predicted value. We also use the root mean square error (RMSE) and mean absolute percentage 

error (MAPE), to evaluate the performance of the model.   

6.3.5 Mathematical formulation and simulation-based optimization 

Given all the models introduced in the above sections, we can compute all the costs in the 

system associated with changes in the demand and terminal service rates. In this section, we 

use simulation-based optimization to first simulate all these models and calculate costs and 

then formulate an optimization problem to manage time slots minimizing these costs. Figure 

(6-9) is a graphical representation of how this system is simulated and optimized. 

  

 
Figure 6-9: Simulation-based optimization framework for the time slot management system 

 

We expand Equation 6.1 to formulate the optimization process in this simulation experiment. 

For readability and content, we present the notation of variables used in this methodology as 

follows:  

 

𝑥𝑟𝑡 A binary decision variable equal to 1 if request r is assigned to time window 𝑡′ ∈ 𝑇′  

Optimization 

Request generator 

Data-driven 

truck scheduling 

Truck demand 

generator 
Terminal gate 

simulation 
Traffic model 

- 

+ 

𝐶𝑡
𝑔

 

𝐶𝑡
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𝐶𝑡
𝑝
 

𝐶𝑡
𝑡𝑟 

Expected 
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𝑥𝑟𝑡
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𝑆 An integer decision variable denoting the number of active cranes in the hinterland side 

𝐸𝑇𝐴𝑡 Expected number of truck arrivals at time slot t in the operation day  

𝐸𝑇𝐴𝑡

𝑡𝑝
 Adjusted expected number of truck arrivals at time slot t in the operation day at time 

𝑡𝑝 in the planning day 

𝐸𝑇𝐷𝑡 Expected number of truck departures at time t based on the output of the queueing 

models 

𝑅𝑡

𝑡𝑝
 A list of requests at 𝑡𝑝 in the planning day for time slot t in the operation day 

𝜆𝑡 Average truck arrival rate at time t in the operation day 

𝜇𝑡 Average service time for each lane at terminal gates  

𝐶𝑡
𝑝
 Planning cost of visiting terminal during time slot t due to the hinterland operations 

𝐶𝑡
𝑤 Truck waiting cost per hour at terminal gates  

𝐶𝑡
𝑆 The service cost of using a crane at time slot t 

𝐶𝑡
𝑡𝑟 The cost traffic system due to the intensities on road networks at time slot t 

  

This problem is a multi-objective optimization. For a given truck arrival rate (constant 

demand), an increasing number of active lanes (increasing supply) will increase the cost of 

terminal gate operation while decreasing the waiting time and vice versa. Therefore, there is a 

trade-off between demand and supply costs. A similar relations also hold for traffic systems 

where assigning trucks to times slots with less traffic at gates may coincide with peak hours on 

road networks. 
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In the above formulation, we have five objective functions. Equations (6.32) to (6.36) belong 

to the planning, waiting, service, and road network traffic costs respectively. Equation (6.37), 

updates the expected number of truck arrivals recursively based on the assigned trucks in the 

previous planning time window. This implies that the optimization problem should be solved 

for each planning time window to. Equation (6.38) concerns the conservation of flow. Equation 

(6.39) guarantees that the cumulative number of requests for each time slot does not exceed the 

expected number of truck arrivals. Finally, Equations (6.40) and (6.41) show the search space 

and boundaries of the decision variables.  

The problem presented above is a multi-objective non-linear mixed-integer optimization 

problem, in which the simulation optimization procedure presented in Figure 6-9 is used to 

obtain an optimal assignment of requests for each time slot, as well as an optimal value for the 

S (number servers) to minimize the total daily cost of the port and hinterland system. This 

procedure is as follows: 

 

1- First of all, a comparison between the container data and traffic data is used to convert 

the number of containers to the number of trucks for each time slot t in the planning 

day. For each planning, time window tp, a Monte Carlo simulation method is used to 

draw and generate requests for each time slot in the operation day. These requests are 

proportionally selected from the observed distribution of truck pick-up time reported in 

the PCS data. These requests have all the information about the requested time slot, 

container and commodity type, and the deep-sea arrival time of the container to the 

terminal.   

2- We use the requested time slots as the initial solution in the first iteration of the 

optimization process.  

3- We calibrate and validate the queueing models for each terminal based on field 

measurements. 

4- Next is estimating data-driven truck scheduling model and simulating this model to 

calculate the cost  (using equations (6.18) and (6.33)) of each time slot for each request 

generated in step 1 (attributes of requests are inputs to the truck scheduling model).  

5- Build and simulate the truck generator module to generate the expected number of truck 

arrivals for the operation day and adjust it based on the assignment solutions (using 

equation (6.37)).  

6- Use the adjusted truck arrivals and number of active container lanes as an input to the 

terminal models to calculate the waiting costs and expected number of truck departures.  

7- Train the traffic model as explained in section 6.3.4 and use the sum of time series of 

the expected number of truck departures of all terminals with time series of passenger 

cars. Use the result as an input to the traffic model to predict the loss hours of all 

vehicles on the network.  
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8- Finally, use a multi-objective optimization algorithm to find the Pareto frontier of 

solutions making a trade-off between all these costs. 

 

We use the optimization toolbox of MATLAB R2019b as a solver to solve this problem. This 

toolbox uses a controlled, elitist genetic algorithm, a variant of NSGA-II (Deb et al., 2002), to 

find the Pareto front of solutions.  

6.4 Experimental setup  

As explained in the previous section and illustrated in Figure 6-9, our method consists of five 

main modules. The first module is to predict time series of truck demand for each terminal; the 

second is the marine terminal gate model to use these predictions to estimate waiting times and 

trucks’ departure time series; the third the data-driven traffic model to predict traffic states 

(flow, speed, and vehicle loss hours) across the road network. We use the port of Rotterdam as 

our case study. The fourth is the data-driven truck scheduling module which estimates the cost 

of scheduling a truck to pick up a container at a particular time window within a day; and 

finally, In this section, we demonstrate and validate these components before being used in the 

simulation-based optimization procedure. We begin by introducing the available datasets and 

then explain and validate the parameters of all models.  

6.4.1 Logistics and traffic data   

Two main categories of data i.e. logistics and traffic data are used in this research for estimation 

of models and their validations.  

 

 The logistics data is twofold. One is the PCS container data (provided by the Portbase) 

for five terminals operating in the Port of Rotterdam. These data include the deep-sea 

arrival time of vessels, container discharge time, container size/type, commodity type, 

and the time of loading containers on trucks. This data is used to estimate the data-

driven truck scheduling model as well as to generate time slot requests for the 

simulation. The truck demand generator also utilizes the historical deep-sea arrival data 

stored in this data set in combination with historical truck inflows to predict truck 

demand. We also use data from two trucking companies reporting on their idling time 

at terminal gates. This data is used to validate the marine terminal gate queuing model.  

 

 Traffic data are collected from loop detectors located on the road network (provided by 

the national data warehouse NDW) and also in the vicinity of terminals gates (provided 

by the Port of Rotterdam). Road network data includes a stream of flow and speed data 

in 1-minute resolution and is used to estimate the traffic model and the gate data 

includes inflow and out flow to the terminal per hour which is used to calibrate marine 

terminals’ gate models.  

6.4.2 Demand model estimation 

As explained in section 6.3.1, we use a sequence to sequence deep LSTM network with 

encoder-decoder architecture for multi-step forward prediction of truck demand trough out the 

operation day. We used the data collected for the whole year of 2017 from PCS for this model 

to predict hourly demand for the operation day. We used 10 months (January to October) of 

data for training and the months November and December for testing and validating the model 

respectively. We used the Adam algorithm, 40 units for each hidden layer, the learning rate of 

0.005, the dropout rate is 0.2, the validation frequency is 20, and the gradient threshold is set 



Data-driven modelling of routing and scheduling in freight transport 143 

 

 
 

to 1 to prevent gradient explosion. The mean square error (MSE) is used as the loss function. 

Figure 10 shows the prediction results and performance of the model on the tests set for all four 

terminals. Terminals are anonymously labeled A to D due to the privacy regulations of the data 

provider.   

 

Figure 6-10: Performance of the demand model for 1 day ahead hourly demand prediction for 

each terminal 

Several common accuracy measurements are used to show the performance of the model. The 

route means square error (RMSE) of this model is 19.77. Mean Absolute Error (MAE) is the 

indication of how big are the model errors on average. Figure 10 shows that the model can 

predict the truck arrivals with on average 11.94 error. The correlation coefficient with 

predictions and observed values are in all models close to 1 (between R=0.8 for terminal B and 

R=91 for terminal A) on test data. This confirms the high performance and generalization of 

the model to predict unseen data. The model is tested on different lookup windows as it should 

be able to predict the demand depending on the day of planning. In scenario 1, the request 

comes on a similar day as the operation day. In this case, the lookup window will be one and 

two days before the operation day and a similar weekday in the last three weeks. In scenario 2, 

requests arrive one day before the operation day. In this scenario, the lookup time is two and 

three days before the operation day and similar weekdays in the last three weeks. Finally, if 

time slot reservation takes place two days in advance, then the step of forwarding prediction is 

2 days and the lookup window will be three and four days before the operation day and the 

similar weekdays in the last two weeks. Table 6-1 compares the average performance of this 

model for all terminals under various scenarios.  

 

Table 6-1: accuracy of the model for different prediction horizons on test data 

Scenario Lookup window Forward steps MSE RMSE MAE 

1 𝑡𝑜 − 1, 𝑡𝑜 − 2, 𝑡𝑜 − 7, 𝑡𝑜 − 14, 𝑡𝑜 − 21 1 day ahead  390.21 19.77 11.94 

2 𝑡𝑜 − 2, 𝑡𝑜 − 3, 𝑡𝑜 − 7, 𝑡𝑜 − 14, 𝑡𝑜 − 21 2 days ahead  481.7 21.94 13.03 

3 𝑡𝑜 − 3, 𝑡𝑜 − 4, 𝑡𝑜 − 7, 𝑡𝑜 − 14, 𝑡𝑜 − 21 3 days ahead  483.25 21.98 13.38 
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A comparison between the performance of this model (for 1 day ahead) with historical average 

and regular LSTM time series shows that long-term demand predictions can be improved by 

sequence to sequence deep neural network structure. 

Table 6-2: comparison of the model performance with other time series models 

model MSE RMSE MAE 

Seq2Seq LSTM 390.21 19.77 11.94 

Regular LSTM  450.42 21.22 12.8 

HA  604.39 24.58 14.96 

6.4.3 Marine Terminal gate model calibration and validation 

As explained in section 6.3.2, the terminals’ gate models are parametric. These parameters have 

to be determined with field measurements to ensure that the models can simulate the gate 

operations close to an average day in the real world.  These parameters are λt , μt, and S which 

are truck arrival rate, gate average service rate, and the number of servers (lanes). Please note 

that the service time of the servers is generated using a constrained exponential distribution 

with service rate μt which will not generate service times less than 20 minutes. We calibrate 

four terminal models based on an average daily profile for weekdays since the statistical tests, 

e.g. ANOVA and two-sided t-test, showed that there are no significant monthly or daily trends 

in arrival or departure profiles. We have used the method of least squares to estimate these 

parameters, based on observed average truck arrivals and departures. For terminal five, we did 

not have truck counts observations at the vicinity of its gates. Therefore, we cannot calibrate a 

queueing model for this terminal. We, therefore, scaled the aggregated result of the four 

calibrated terminal models using loop detector data at the beginning of the road network before 

using it as an input in the traffic model. Figure 6-11 shows that the simulated truck departure 

volumes fit the observed volumes with R-squares greater than 0.9 for all terminals.   
 

 

Figure 6-11: Terminals gate model fit 

 

After parameter estimation, we used a two-sided t-test to statistically test the similarity between 

simulated and observed truck arrival signals as well as truck departure signals. The test results 
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show that the null hypothesis – The observed and simulated departure profiles are similar- is 

accepted with t-values 0.01, 0.014, 0.025, 0.029 for terminals A ,B, C, and D respectively.   

6.4.4 Data-driven Truck scheduling model estimation  

In this section, we explain the estimation process of the parameters of equation (6.15) and the 

results of this model. Assumptions about the distribution error term result in different model 

specifications. The simplest way of parameter estimation for such a model is restricting all 

convinces to be zero meaning that all the variables should be independent and identically 

distributed. This results in a multinomial logit model.  
 

Table 6-3 shows the overview of attributes that we consider in this study to predict the utility 

of pick-up time windows. Since this model is one of the first in its kind, we selected these 

attributes based on expert knowledge at the port of Rotterdam and reviewing the most relevant 

studies (Irannezhad et al., 2019, Kourounioti and Polydoropoulou, 2018, Kourounioti et al., 

2021). We believe the characteristics of containers like their type, size, and weight may 

logically influence the utility as some of these containers, e.g. refrigerated containers, are 

specialized for specific use at a particular time of day. Commodity type also represents the 

industry that uses these commodities in the hinterland which may have specific regulations in 

the time of day. Traffic conditions on surrounding road networks are another attribute that most 

logically influences the utility of time slots for carriers. Carriers often have some expectations 

about the traffic conditions at different times of the day. We, therefore, incorporate these 

expectations in our model using average inbound and outbound delays per km per time of day 

that truck drivers may experience approaching the port or heading towards the hinterland. 

Finally, we noticed that a noticeable number of carriers come to pick up the containers on the 

same day as the vessel arrives.  Due to the discharge process time and container administration 

time, there is always some latency between the arrival of the vessels and the arrival of the trucks 

on the same day; therefore this could influence the utility of carriers for a particular time of the 

day.  
 

The alternatives in our model are times of the day which are aggregated into four-time 

windows. The periods are formulated as morning (from 5:00 until 10:00), midday (from 10:00 

until 15:00), and afternoon (from 15:00 until 19:00), night (from 21:00 until 5:00). These 

periods are based on observed arrival patterns and time slot categories used in practice at the 

terminals. 
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Table 6-3: Overview of attributes 

Attributes  Description    

Container type 

GP: General purpose containers   

RE: refrigerated containers 

CC: chemical contained containers  

TC: Tank containers   

Container Length 
40ft: containers with 40 feet length  

20ft: containers with 20 feet length  

Container weight 

Categorized into: 

Heavy: 15000 to 35000 kg 

Light:   2000 to 15000 kg  

Empty: < 2000 kg  

Commodity type 

AGR: Agricultural 

Chem: Chemical products  

Food: Food products  

Fert: Fertilizers  

Pet: Petroleum  

RawMin : Raw minerals  

SolMin: Solid mineral fuels  

Ores  

Miss: miscellaneous  

Vessels size 
Large: if call size > 1250  

Small: if call size < 1250  

Traffic conditions 
Delay_Port: Average delay per km toward Port  

Delay_Hint: Average delay per km toward Hinterland  

Planning latency 

The differences between arrival of the vessels and arrival of trucks if 

that happens to be within similar days.  

 

   

We present the result of this model in Table 6-4 including the model fit, estimates of the 

coefficients, and the level of significance (t-value). In this table, ASC represents the alternative 

specific coefficient which captures the mean on observed preferences for a specific alternative 

and β indicates the estimated coefficient for each attribute. The label of alternative-specific 

attributes is followed by the suffix, Mor, Mid, Aft, or Night. We have run several experiments 

with different specifications to get the best model fit with significant improvements in the 

likelihood ratio.  
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Table 6-4: Results of the truck scheduling model for all terminals (the base alternative is Night) 

  Morning  Midday  Afternoon 

Coefficient  Estimate t  Estimate t  Estimate t 

𝐴𝑆𝐶𝑁𝑖𝑔ℎ𝑡    -0.251 -12.2  -0.251 -12.2  - - 

𝛽𝐴𝑔𝑟    0.321 10.2  -0.128 -5.6  -0.147 -8.57 

𝛽𝐶ℎ𝑒𝑚   -0.101 -4.89  0.111 7.84  - - 

𝛽𝐹𝑒𝑟𝑡    - -  0.295 15.3  0.232 7.68 

𝛽𝐹𝑜𝑜𝑑    - -  0.411 14.3  0.275 7.11 

𝛽𝐼𝑟𝑜𝑛   - -  0.278 5.88  0.356 6.36 

𝛽𝑀𝑖𝑠𝑠   - -  0.2 11.8  0.161 5.85 

𝛽𝑂𝑟𝑒𝑠   0.144 5.04  0.263 11.8  -0.166 -5.31 

𝛽𝑃𝑒𝑡𝑟𝑜   - -  0.197 10.1  0.089 3.01 

𝛽𝑅𝑎𝑤𝑀𝑖𝑛    0.0891 3.26  0.0935 4.87  - - 

𝛽𝑆𝑜𝑙𝑀𝑖𝑛𝐹𝑢    -0.0838 -3.15  0.2 10.6  - - 

𝛽𝐺𝑃   -0.292 -14.2  0.312 18.1  -0.0808 -3.63 

β𝑅𝐸    -0.211 -7.11  0.194 8.26  -0.104 -3.42 

𝛽𝐶𝐶    -0.352 -15.6  0.425 22.7  - - 

𝛽𝑇𝐶   -0.336 -11.8  0.277 12.7  - - 

𝛽𝑉𝑒𝑠𝑠𝑒𝑙_𝑀𝑜𝑟   -0.233 -5.26  0.385 10.3  0.53 13.7 

𝛽𝑉𝑒𝑠𝑠𝑒𝑙_𝑀𝑖𝑑   - -  0.425 13.5  0.771 24.2 

𝛽𝑉𝑒𝑠𝑠𝑒𝑙_𝐴𝑓𝑡   - -  - -  0.619 17.7 

𝛽𝐸𝑚𝑝𝑡𝑦   0.156 12.5  0.138 12.1  0.0979 8.14 

𝛽𝐻𝑒𝑎𝑣𝑦𝑊𝑒𝑖𝑔ℎ𝑡    0.0638 4.58  0.359 28.4  0.0826 6.1 

𝛽𝐿𝑖𝑔ℎ𝑡𝑊𝑒𝑖𝑔ℎ𝑡    -0.109 -8.1  0.151 12.2  -0.0374 -2.88 

𝛽𝐿𝑒𝑛𝑔ℎ𝑡_20𝑓𝑡   -0.0563 -5.63  0.425 50  0.0758 7.63 

𝛽𝐿𝑒𝑛𝑔𝑡ℎ_40𝑓𝑡   -0.204 -19.9  0.205 25.1  -0.132 -12.9 

𝛽𝐷𝑒𝑙𝑎𝑦_𝑃𝑜𝑟𝑡   -0.483 -13.9  -0.483 -13.9  -0.483 -13.9 

𝛽𝐷𝑒𝑙𝑎𝑦_𝐻𝑖𝑛𝑡   -1.14 -29.7  -1.14 -29.7  -1.14 -29.7 

Sample size: 303930 

Final log-likelihood: 397581.9 

Rho-squared with respect to constants: 0.19 

Number of parameters: 61  

 

Comparing the estimated coefficients of different commodity types, we can conclude that 

agricultural goods have a higher utility for morning time windows. This means that scheduling 

time slots for carriers with agricultural products will have a high cost for them in midday and 

afternoon. Ores and Raw mineral products also have a positive impact on the morning utility, 

However, their utility is slightly higher for midday. Iron is the only commodity type with the 

highest utility in the afternoon. The model does not suggest any significant preferences toward 

morning arrivals for fertilizers, foods, Iron, Miscellaneous, and petroleum which means that 

their preferences are more significant in the midday or the afternoon. All container types and 

lengths have a larger positive impact on utility for the midday. Please note the differences 

between the magnitude of the parameters indicated for the time slot management system to 

prioritize carriers based on their utilities. As opposed to the lightweight containers which have 

a negative impact on the utility of the morning time slots, the sign of impact for heavy 

containers is positive for all alternatives. However, the impact of afternoon time windows on 

the cost of carriers is lower than morning. Regarding planning latency, truckers that are willing 

to pick up a container within the same day of its arrival at the terminal have higher preferences 

for the next time windows. For example, if the vessel will arrive in the morning, there is strong 

disutility for the morning time slot for trucks - obviously because containers have to be first 

discharged from the vessel and only then become ready for pickup. Having this in the model 
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helps the time slot management system give priority to these truckers to reserve a slot in the 

afternoon.  
 

The sign of delay on surrounding road networks is plausible (negative). This means that the 

higher the delay per km, the lower the utility of the truckers. Comparing the magnitude of 

parameters for delays shows that the utility of carriers is more sensitive to the Hinterland 

direction as compared to the Port direction. It is important to mention that traffic conditions 

change rapidly on the road network. Therefore, we used the actual delay for the hour of the day 

that is associated with the pickup time of each container. In other words, delays are not 

aggregated for the range of alternatives. Please also note that delay is used as a generic 

parameter for all alternatives.  
 

In sum, this model provides plausible estimates and will support the time slot management 

system to consider the utility or cost of each time window for carriers.  

6.4.5 Traffic model estimation  

The parameter of the proposed traffic model is estimated for the 181 days of data collected for 

the given road network. In Table 6-5 we summarize these network specifications and 

prediction accuracy for speed, flow and vehicle loss hours, which are then converted to the 

monetary loss providing traffic cost for the time slot management system. As one can see, the 

model can predict time-space traffic conditions accurately.  
 

Table 6-5: Data and Network description 

Network 

description  

 

Aggregation in 

time  

15 min 

Aggregation in 

space 

600 m 

Number of 

nodes  

166 
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The maximum 

length of the 

path  

A15 : 55 km ; A4: 4,8 km;  A29: 11,4 km;  A16 North: 7.1 km; A16 North: 20.1 km 

 Predictions  Observations   

Speed 

 

 

 

 

Loss hours 

 

 

 

 

Flow 

 

 

 

We used the Mean absolute percent error (MAPE) to evaluate the accuracy of this model.  

 

1

1
100%

N
i i

i i

t y
MAPE

N t


    (6.41) 

 

where ti is ground truth and yi is the predictions. We calculated MAPE under various equally 

distributed error bins. This will result in a more realistic percentage of errors. the overall MAPE 

for speed prediction in the network is 11%, for loss hours 14%, and for flow  9%.  
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6.4.6 Time slot management simulation and optimization  

The simulation experiment follows the steps explained in section 6.3.5. We selected a day with 

congestion between 15:00 and 18:00 as the simulation day. We use the container pick-up time 

reported in the PCS data for the selected day to generate requests. For this, we randomly but 

proportionally draw from the PCS data. We considered 1 hour for the time to respond on the 

planning day (to). The request generator generates requests for each hour between 7:00 and 

17:00 which is aligned with the working hours of the trucking companies. The sum of all 

requests for each hour should be equal to the total demand of that hour.  For each planning 

window, we use a MATLAB solver to re-schedule requests solving the optimization problem 

presented in section 6.3.5. In the year 2017, the waiting cost for trucks in container transport 

was estimated at around 38 euros per hour. The hourly cost of a crane is twofold. One relates 

to the labour cost which is equal to 2.5 people per gate lane (Guan and Liu, 2009b) and the 

other is the cost associated with the yard operation if the crane will be active in the hinterland 

side.  Given 50 Euros for labour costs, we can calculate the cost of using a gate as follows:  
 

2.5 50 [ ( ) ( 1)]S W W

peak peakC C s C S       (6.42) 

    

where 𝐶𝑝𝑒𝑎𝑘
𝑊 (𝑠) is waiting time cost during peak hours. The idea is that the value of a crane for 

yard operation is at least equal to the benefit of the waiting-time reduction in the hinterland 

adding one more crane to serve outbound trucks. Since for the calibrated terminal models we 

have the estimated S for the peak hour (see section 6.3.2), we can now estimate this cost for 

the constant service and arrival rates running the terminal model with S+1. In equation (6.42), 

𝛼 > 0 is a factor that can be tuned by terminal operators depending on the priority they may 

want to give to the yard operation, for instance, if large vessels are at berth. Based on our 

models and with 𝛼 = 1 we came up with approximately 80 Euros for the disutility of the 

terminal operator to add an extra crane. Therefore, we consider 𝐶𝑆 = 205 Euro per hour per 

crane. We refer readers to equations (6.18) and (6.29) for the calculation of the re-scheduling 

cost for carriers changing their schedules 𝐶𝑡
𝑃 and the cost associated with the delays on road 

networks 𝐶𝑡
𝑡𝑟  respectively. 

 

Given these costs, the optimizer gives a set of solutions that are equally efficient and which 

together represent the Pareto frontier of search space. This Pareto frontier is difficult to 

visualize as it has four dimensions. The selection of one solution among all optimal solutions 

is straightforward, however, it depends on the policy of the decision-maker. These solutions 

range between an extreme focus on supply (terminal costs) and an extreme focus on demand 

(carriers).  If the decision-maker focuses only on terminal costs (supply) and therefore selects 

solutions with only the lowest number of cranes as compared to the base case, this increases 

the waiting time for a constant arrival rate. Therefore, the optimizer reduces the arrival rate by 

assigning more trucks to off-peak hours which results in reduced waiting times. This, however, 

increases the disutility of carriers since they have to bear more re-organization costs. The cost 

of the traffic system changes as well due to the changes in the arrival and departure of trucks. 

The magnitude of the traffic cost, however, depends on the traffic conditions. In this scenario, 

although the solution is optimal, all the pressure will be on the carriers. In another scenario, the 

focus may be on the demand side (waiting time). In this approach, the system increases the 

number of cranes, and the waiting time drops accordingly. There are no changes needed in the 

arrival profile of trucks and therefore the re-organization and traffic costs will be zero in this 

scenario (highest carriers satisfaction). In this scenario, also the solution is optimal, but all the 

pressure will be on terminal operators.  
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In both above scenarios, only one stakeholder should take the action for the benefit of the other 

stakeholders in the system. Such solutions are less probable to succeed and more difficult to 

implement in practice since the costs of one stakeholder will be relatively high and it requires 

extra efforts and governance to collect a part of the gain from other stakeholders to compensate 

and incentivize the actor. Due to these difficulties, the most logical way is to select solutions 

that involve all stakeholders in the operation and balance out their costs and benefits.  Among 

the solutions that satisfy this requirement, we select the one with the maximum monetary gain 

by comparing the waiting times before and after applying time slot management. The 

simulation result of TSMS with respect to the reduction in waiting time is illustrated in Figure 

6-12. We can see that the waiting times are spread across other times of the day resulting in 

extra waiting times during the morning. The overall state of the system, however, obtains 

significant improvements.  



152   Chapter 6 - A decision support system for time slot management 

 

 
 

 

  

  

Figure 6-12: waiting time comparison between the base case and optimized day 
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In Table 6-6, we show the cost and benefits from the perspective of all stakeholders in the 

system. 

 

Table 6-6: Cost and benefit of stakeholders with TSMS (simulation of one working day) 

Stakeholder 
Total gain  

[€] 

 Road Network [€]  Terminals [€] 

 A15 A4 A16N A16S A29  A B C D 

Terminal operator  1025    615 205 205 0 

Trucking companies  15011    4890 2905 4922 2294 

Trucking companies  -221.02*        

Traffic system 1310  1904.3 250.16 170.27 -1235.8 178.5      

# of trucks rescheduled               231 (~10%)  

Computation time                       00:8:23  

Waiting cost Optimality             0.03 

*Disutility is unitless and should not be considered as monetary values  

 

 As we can see from Figure 6-6, Trucking companies can gain 15011 euros on the day of the 

experiment experiencing less waiting time with only 10% of requests being shifted to off-peak 

period. Besides this gain, truckers can be more productive during the day if they don’t have to 

wait at terminal gates. If we use 62 euros per hour as the cost of transporting a container (van 

der Meulen et al., 2020), dividing the total gain from less waiting time by 62 gives us the number 

of hours that truckers can be more productive along the day. In our case, the productivity gain 

of this solution is 241 hours.  
 

The shifts in time slot requests, however, result in a total of 221.02 disutility for 231 trucks that 

have to reschedule their hinterland operations. Please note that this number is unitless and its 

magnitude cannot be compared with other costs in the system. This indicator shows how 

dissatisfied these carriers are from the perspective of their hinterland operation. Lower waiting 

time at gates resulted in a lower number of cranes being used by terminal operation in the 

hinterland side which leads to 1025 Euros per day (this gain will be higher for 𝛼 > 1).  To 

investigate the relation between the gain of terminal operators and the disutility of carriers, we 

visualize the Pareto frontier of optimal solutions. Figure 6-13 shows that if we reduce the 

number of active cranes (reducing the cost of terminal operations) the TSMS system has to 

redistribute more requests to control truck arrival rates and consequently reduce waiting time 

at gates. This increases the disutility of carriers exponentially as they have to reschedule their 

hinterland operations.  This graph can help decision-makers to tradeoff between the satisfaction 

of these two actors.  
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Figure 6-13: Terminal Gain Versus Carriers disutility in Pareto frontier of optimum solutions 

(only solutions with positive terminal gains are illustrated) 

 

From the traffic perspective, we have small disturbances on the road networks between 15:00 

and 18:00 on the day of the experiment and a large truck arrival rate for the same period. This 

is why TSMS has resulted in positive gains on 4 out of 5 motorways in the road networks by 

controlling truck arrival rates. The only motorway that has a negative gain (increased travel 

time along the day due to this operation) is A16-South which happened to have no congestion 

in the base case. The total gain of 1310 euros is relatively small and implies that TSMS not only 

prevents truck re-scheduling to deteriorate traffic conditions on road networks but also has a 

small impact on the improvement of traffic on the selected network. This impact however could 

be higher for larger networks with more severe congestion.  
 

In Figure 6-14 we show the distribution of re-scheduled containers over commodity and 

container types. This shows which transport markets are more influenced by this system. As we 

can see that 34%, 27%, and 20% of all request that has been shifted belongs to Solid fuels, 

Chemical products, and Agricultural products respectively. General-purpose container, reefer, 

and chemical content containers have 74%, 15%, and 11% of the share of shifted requests. The 

reason is that these markets have lower disutility (see Table 6-4) for other times slots as 

compared to other markets which makes it possible for TSMS to shift their requests. These 

statistics only belong to the simulated day and more insight can be provided by TSMS if the 

system works over a longer period. Since this decision support system only rejects requests that 

have the minimum shift costs, such information or statistics can help decision-makers to 

identify the transport markets that have the potential to re-organize their hinterland activities 

and make a larger contribution to more efficient gate operation.  
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Figure 6-14: Share of shifted requests based on commodity and container types 

6.5 Discussion 

In this section, we summarize our main findings and discuss the potential of the proposed 

decision support system for time slot management in marine container terminals regarding its 

application for practice. We also discuss the limitations of the model and provide a set of 

recommendations for future research.  
 

The results demonstrate the significance of integrative traffic and logistics modelling for use in 

terminal planning and decision support systems. This integration takes place considering the 

collective perspective of multiple actors which sheds light on the costs and benefits of the 

system. The data-driven truck scheduling model in the proposed TSMS provides insights into 

all these behaviours and preferences of truckers and hence can help decision-makers to interpret 

the result of this decision support system. For example, a decision-maker, by looking at the time 

slot preferences of all transport markets, can identify those in which their request is more 

frequently shifted to other time slots.  
 

The costs and benefits of the stockholders involved in this system are not balanced. The gain 

for all stakeholders can be obtained at the cost of the disutility of a portion of carriers that are 

re-scheduled by the system. Our analysis shows that there is a benefit in the system for everyone 

but only truckers have to take action and bear the cost of re-organizing their schedules. From 

our simulation experiment based on the real case study, it is evident that the disutility of carriers 

increases if they have to re-schedule their tours to different pick-up times at terminal gates. 

Although taking into account the market preferences of carriers in TSMS minimizes the 

disutility of carriers, it still may put the success of the system at risk. Decision-makers may use 

the insight from TSMS to redistribute the collective benefit of the system to compensate the 

cost of carriers for equity. These incentives however require a gain-sharing mechanism to keep 

carriers motivated. The design of such a mechanism is beyond the scope of our study. However, 

we can picture it as tax reduction policies, giving priority to shifted trucks of specific markets 

that follow the TSMS recommendations, or defining incentive packages.  
 

The first step towards designing such a system is to understand the monetary value of the 

disutilities. This requires a more in-depth analysis of hinterland pre-trip tour planning decisions 

like routing and scheduling of carriers. In this research, we only addressed hinterland 

scheduling decisions due to the available data. For calculating the monetary value of disutility 
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of carries, however, a combined analysis of routing and scheduling decisions on a set of 

observed tours is required.  
 

Finally, the impact of TSMS on road network traffic is highly dependent on the conditions of 

the road networks under study. The TSMS is not aimed at traffic management to help improve 

traffic conditions but can help to reduce the negative impact of the changes in port activities on 

traffic conditions. In addition, TSMS can provide predictions for traffic agencies. These can 

support the application of traffic management measures to reduce the possible negative impact 

of truck flows heading towards the hinterland or port. This highlights the importance of 

incorporating traffic modelling in the design of TSMS.  

6.6 Conclusions 

To deal with large waiting times, this chapter presents a novel, centralized decision support 

system for time slot management at the marine container terminal. We explain the required 

steps toward the implementation of this system and evaluation of its performance under a 

simulation experiment, supported by real-world data. Our contribution is twofold. 

 

Firstly, our method integrates logistics, freight and traffic modelling. It combines (1) advanced 

deep neural network structure for accurate truck demand predictions at terminal gates, (2) 

queuing modelling to simulate terminal gate operations, (3) utility maximization modelling to 

consider the disutility of truckers when assigning time slots, (4) a data-driven traffic model 

which can learn from day-to-day traffic to link logistics activities at the port to the dynamics of 

the traffic system and, finally (5) a nonlinear mixed-integer formulation to minimize multiple 

costs in the system. We conclude that the model can perform well in predicting truck demands 

( up to 91% accuracy) at terminals gates, and predict traffic states on road networks with a 14% 

average error while linking these predictions to truck demands. The performance of the time 

slot management system indicates a significant reduction in waiting times at terminals’ gates 

giving accurate suggestions to all the stakeholders. Secondly, the model provides new insights 

into the trade-off between supply (terminal operations) and demand (trucking operations) 

considering their impact on traffic at the port (terminal gates) and on-road networks in the 

hinterland. We infer the relation between the disutility of carriers and their tour planning 

decisions. By rescheduling a small portion of requests of trucks for time slots, the system 

obtains remarkable waiting time and productivity gains. We also find, however, that these gains 

come at the cost of carriers’ processes. The system gives priority to tucks based on their 

preferences hence minimizing their costs by suggesting appropriate timeslot to drivers. We, 

therefore, conclude that the system coordinates well between multiple stakeholders in the port-

hinterland ecosystem and provides an inclusive assessment of the costs\benefits of the system.  

 

With respect to future research, we recommend including internal operations in the terminal 

model including the vessel discharge process. This could help the system to develop a broader 

view of the system’s shadow costs. We also believe that insights into the monetary value of 

disutility of carriers, which can translate as truck scheduling cost, require more in-depth 

analysis of tours and trip chains in the hinterland. In addition to the stakeholders considered in 

this study, some of the shippers’ and freight forwarders' decisions may have a direct or indirect 

impact on this system and therefore, requires further investigations. The application of such a 

decision support system can also be tested in digital twins of the port-hinterland ecosystem 

where policymakers can monitor day-to-day interaction between port and hinterland 

stakeholders.    
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Chapter 7 

Conclusion 

This chapter discusses the salient outcomes, highlights the significance of the study, and 

discusses opportunities to extend the research in new directions. We first begin with a summary 

of our key findings. Next, we explain the contribution of this study to science and practice. 

Finally, we provide our recommendations for future research in the field as well as several 

important implications for future applications of the models in policy and management.  

 

In this research, we identify current challenges of understanding the complex interaction 

between freight transport and traffic on road networks, in particular considering the spatial and 

temporal dynamics of both systems. These challenges arise, on one hand, from the limitations 

of theory-driven modelling of tour planning decisions and, on the other hand, a lack of empirical 

evidence on the impact of traffic on tour planning decisions. The methods presented in this 

thesis improve freight modelling in several ways and further the understanding of these mutual 

impacts:  

 

 by discovering knowledge from mining large freight trip databases identifying 

generalized freight tour characteristics with respect to the time of day scheduling and 

type of tour routing decisions. [chapter2] ; 

 by introducing a data-driven vehicle routing and scheduling model that can reproduce 

pre-trip tour planning decisions [chapter 3]; 

 by investigating the delayed correlation between the schedules of freight transport 

activities in logistic hubs (like the port of Rotterdam) and the variation of truck volumes 

on a motorway.[ chapter 4]; 

  by exploring the evolution of the impact of freight trip scheduling spatially and 

temporally on a given road network and exploring the application for evaluation of 

truck departure time shift policy [chapter 5]; and 
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 by integrating logistics, freight transport, and traffic models in a unified framework and 

evaluating its use in decision support systems that help manage and provide insights 

into the port-hinterland ecosystem. [chapter 6] 

Together these contributions lead to substantial insights into the freight transport system and its 

interaction with traffic phenomena. 

7.1 Main findings 

In this section, we discuss a summary of each chapter’s key findings relating them to the 

research questions proposed in Chapter 1.  

 
Research question 1: How can freight trip data sources be enriched by combining them with 

logistics and traffic data? [chapter 2] 
 
In chapter 2, We developed a systematic and standard data preprocessing activity pipeline to 

enrich massive freight trip data with logistics and traffic data sources. This pipeline includes 

data transformation, data segmentation and data integration. In data transformation, we 

collected massive speed data from loop detectors on road networks and transformed them into 

aggregate contextual information about congestion levels at the course of geographical zones. 

This contextual information is added to the pickup and drop-off locations reported in the freight 

trip database. This provides us information on the variation of freight activity patterns based on 

the perception of the congestion. Freight trip data collected from the daily movement of trucks 

in between pickup and delivery locations in the Netherlands include detailed information about 

the characteristics of trips and commodities but do not contain information about the logistic 

characteristics of the senders or receivers of the goods. In our data preprocessing pipeline, we 

propose a systematic multi-scale data integration approach to enrich the freight trip diary with 

firm registry data. Using this approach, we label the origins and destinations of shipments with 

the most probable logistic activity that matches the attributes of the inflow and outflow trips. 

These labels include producers, wholesale warehouses, distribution centers, and consumers of 

goods. The enriched database, thus, provides a rich basis for comprehensive studies into logistic 

behavior around zones with particular logistics activities. 

 

Research question 2: How can patterns in departure time (scheduling) and space (structure 

of tours) be understood from mining freight trip data sources? [chapter 2] 
 

After data integration for enriching freight trip data, we developed a tour-based segmentation 

method in chapter 2 to cluster data based on discovering frequent patterns in pickups and 

deliveries between industrial sectors. This helped us to identify 9 distinct transport markets with 

homogeneous transport activities. This provides improved possibilities to model the two key 

structural characteristics of tours in freight transport: time of day scheduling and tour patterns.  

 

To distill meaningful and acceptable knowledge about scheduling and routing of these transport 

markets, we propose a new enhanced decision tree algorithm (Multi-Task Decision Tree) that 

predicts multiple discrete and continuous response variables. This algorithm can accurately 

predict the type of tour (direct, collection, and distribution) and link it to the number of stops 

with a high goodness-of-fit. Similarly, we used Decision trees to model the time of day 

characteristics of tours. This model can extract knowledge from the existing patterns in the 

departure time of tours with a slightly lower but still reasonable goodness-of-fit.  
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The results from this study have produced new knowledge that contributes to our understanding 

of the activities of freight transport markets. For example, our method brings into the discussion 

the differences and similarities of different transport markets in applying a particular type of 

tour when facing congested zones. It also provides deep insights into the within-peak or off-

peak scheduling of tours. The study has led to many more detailed findings, as mentioned in 

the discussion section of chapter 2.  The most salient one is that some transport markets have 

strict rules regarding the time of day and type of tour when visiting logistic hubs. For example, 

in general, visits to distribution centres occur during morning and afternoon peaks even if the 

zone of the distribution centre is congested during the visit. Surprisingly, this observation is not 

limited to the expected cases of relatively high-value goods like miscellaneous products, 

parcels, or flowers. These findings show the surprising behaviour of a group of carriers in some 

transport markets or around some logistics zones. This finding suggests that these differences 

between goods should be taken into account in freight transport models. Regarding the types of 

tour patterns, the results of this study indicate that tour planners tend to plan direct tours if they 

have to visit non-congested zones and rather plan distribution or collection tours otherwise. As 

expected, these rules differ from one market to another. It is, therefore, very difficult - if not 

impossible - for theory-driven methods and normative models to incorporate all this 

information. This may be a reason why the results of theory-driven models are often less 

accurate than expected. In conclusion, the results highlight the importance of developing new 

data-driven methods that can learn preferences of tour planners for different transport markets.  

 
 

Research question 3: How can we develop a generalized data-driven routing and scheduling 
model for the tour-based representation of time-dependent freight transport activities, based on 
partially observable tour data? [chapter 3] 
 

In chapter 3, we developed a data-driven time-dependent vehicle routing problem with 

trainable parameters to model collective tour planning behaviour of planners learning from a 

set of planned and executed freight tours. We formulated tours as a vehicle routing problem 

with a weighted sum of multiple objectives. The aim is to estimate these weights in such a way 

that the output of the model fits the observed tours’ characteristics. Since parameter estimation 

of this model requires the extensive computation of the tours iteratively, we utilized Bayesian 

optimization as a fast and reliable global optimization approach to deal with this problem. The 

estimated parameter of this model is completely interpretable with respect to the distance-

related costs and travel times. Also, it provides insights into the characteristics of tours starting 

during different times of the day. The performance of the model regarding estimated and 

observed tours show that the proposed model can reproduce tours with low error, with the 

highest errors belonging to tours that start during the afternoon. We tested the ability of the 

model to reproduce aggregate observed freight transport features like the distribution of the 

number of stops and total kilometres travelled in tours. The model reproduces these indicators 

with high accuracy. With these methods we successfully investigated how congestion and 

variations in travel times can influence tour planning decisions.  

 

Research question 4: How can we model the relation between freight trip scheduling and the 

volume of freight vehicles on a motorway? [chapter 4] 

 

In chapter 4, we analyze the short-term relation between schedules of trips resulting from 

activities in a logistics hub and dynamics of truck volumes on a motorway. We used Port of 

Rotterdam as the case for the logistic hub and developed a multi-layer feedforward neural 

network with automatic feature extraction (MLP-AFE) to probe into the delayed correlations 



160   Chapter 7 - Conclusion 

 

 
 

between trucks scheduled to pick up containers at terminals with the volume of trucks on the 

nearby motorway. The model predicts one hour ahead of the truck volumes using information 

up to 9 time-steps back in historical data of trip schedules. We tested the accuracy of the model 

for various prediction resolutions from 5 minutes to 1 hour and the results indicate high 

accuracy of the model for all resolutions. The feature importance analysis shows that 1 time 

step back in the history of trip schedules has the highest contribution to the prediction of truck 

volumes on the motorway. Our analysis also confirms the functionality of the model to be 

responsive to disruptions in port activities. In sum, the findings from this study provide evidence 

for the way freight trip schedules influence a nearby motorway and support the exploration of 

this impact on a road network. This, however, requires taking into account the evolution of 

truck volumes on road networks in time and space. 

 

Research question 5: How can we incorporate spatial and temporal dependencies in 

predicting traffic dynamics from freight trip schedules? [chapter 5] 

 

We used a graph representation of the road network to consider its topology as well as its 

temporal characteristics. In chapter 5, we developed a graph convolutional neural network to 

predict traffic states (flows, speeds, and delays) mapped on the graph representation of the road 

network. These predictions are based on the variations in freight trip schedules coming from 

the port of Rotterdam. To incorporate traffic flow theory in our data-driven traffic model, we 

proposed a special type of attention mechanism that can help the model learn and capture 

spillback phenomena once we have congestion on a link. All in all, this method lets us build a 

demand-responsive data-driven traffic model that can link space-time variations in the demand 

side of the system (freight and passenger activities) to space-time dynamics on the supply side 

(traffic on road networks). The results indicate that the prediction accuracy of the model is very 

high at link level, for speed, vehicles volumes and vehicle loss hours. Our sensitivity analysis 

also shows that this traffic model can accurately show traffic response to the changes in freight 

trip schedules. This brings the opportunity to assess the impact of shifts in the truck departure 

times on the traffic system.  

 

Research question 6: What are the impacts of truck departure times shift policy on traffic 

conditions on road networks? [chapter 5] 

 

In chapter 5, we designed an optimized truck departure time shift policy for the case of the port 

of Rotterdam to remove a portion of trucks from road networks during afternoon peak hours. 

The societal travel time gained from this policy is significant if the selected road network is 

congested during the study period. The results indicate a range of 4 to 10% travel time saving 

on the road network. The monetary value of this gain can be collected from other road users 

and returned to the participating carriers. The findings show that if only 10% of trucks change 

their schedules, they can receive around 15 Euros bonus for each container. This however 

requires a decent gain sharing mechanism to involve government organizations in this 

intervention.  

 

Research question 7: How can we design a time slot management system for seaport terminals 

to mitigate congestion at terminals’ gates considering road networks conditions, scheduling of 

trucking companies, and terminal operations? [chapter 6] 

 

Changes in departure times of trucks to mitigate congestion require making alignments between 

several actors in the port and hinterland ecosystem. In chapter 6, we developed a centralized 

decision support system for a time slot management system to facilitate shifting trucks from 
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peak hours to off-peak periods. This system links port operations to the hinterland operations 

considering the costs and benefits of terminal operators, truckers, and the traffic on road 

networks. The system includes several modules working together to facilitate time slot 

management to work efficiently. To begin with, we developed a sequence-to-sequence deep 

learning structure to predict truck demands at the port after which a queuing model is used to 

simulate marine terminal gate operation generating terminal crane utilization costs, the costs 

from queue length, and truck departure volumes. After that, the generated truck volumes are 

used as the input for the traffic model developed in chapter 5 to calculate the cost or benefit of 

the traffic system from rescheduling truck requests. Finally, we developed a data-driven truck 

scheduling model based on the theory of utility maximization. The later model helps calculate 

the disutility of carriers for a time slot with respect to their hinterland activities and preferences. 

We used this disutility as a proxy for the cost of carriers to re-schedule their hinterland tour 

activities due to the shifts imposed by the time slot management system. We utilized all these 

costs by means of simulation experiments and optimize the system using multi-objective 

nonlinear mixed-integer programming. The most prominent finding from this study is that our 

decision support system can significantly reduce the waiting time cost of all carriers (at the 

scale of million Euros per year) at terminal gates by only re-scheduling around 10% of the time 

slots requests. These shifts also help container terminals manage the use of cranes between the 

hinterland and yard sides which adds to the benefits of the terminal operations. In addition, 

carriers can gain 241 hours of productivity as a result of reduced waiting times at terminals’ 

gates. This means that, with the fixed fleet size, carriers can transport around 10% more 

containers in the hinterland.  All these gains come at the cost of the disutility of those carriers 

who are obliged to reschedule their tour planning in the hinterland due to shifts applied to their 

container pickup time slots. The proposed system quantifies this disutility and provides insights 

into the tradeoff between demand ( shift trucks’ requests) and supply (increasing number of 

cranes in the hinterland side) obtaining a maximum waiting-time gain at terminal gates while 

keeping the disutility of the carrier at a minimum. This system also ensures that shifts in truck 

schedules at terminals do not deteriorate traffic conditions on the road network, keeping the 

collective vehicle loss hours on the road network minimum. The system presented some 

improvements, although marginal, in the traffic system.  

7.2 Main conclusions  

In general, we conclude that integrating freight transport and traffic system expands our 

understanding of the system and can be of assistance to policy implications and decision support 

systems. In this section, we draw several conclusions from the main findings of this study. 

 

 Insights into the integration of freight, logistics, and traffic data 

We conclude that integrating logistics, freight transport, and traffic data in a systematic way 

provides new insights into freight transport activities and is necessary for more 

comprehensive freight transport modelling. In chapter 2, we show how this integration 

shed new light on the structure of tours. In chapters 4,5 and  6 we also linked data from 

logistics activities in maritime container terminals to the traffic data which provides insights 

into the port-hinterland ecosystem.  

 

 Insights into transport markets  

From the transport market segmentation using the pickup and delivery activity of carriers, 

we conclude that this new way of classification provides deeper insight into the interrelation 

between different industries. This new method could help to improve freight transport 

modelling due to clustering transport markets into homogeneous transport markets. In 
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chapter 2 we showed the importance of this segmentation in analyzing activities of freight 

transport.  

 

 Insights into the spatial dimension of tours 

The spatial dimension of tours relates to the routing decisions of carriers, In chapter 2, we 

predict the type of tour and its associated number of stops and link these predictions to the 

level of congestion at the pickup and delivery locations at the time of visit. From this 

analysis, We conclude that the type of tours and the number of stops are sensitive to the 

level of congestion. Therefore, this is important to consider modelling type of tour decisions 

in freight transport taking into account congestions at logistic locations.  

 

 Insights into the temporal dimension of tours 

The time dimension of tours relates to the scheduling decision of tour planners. In chapter 

2, we extract meaningful and strong rules that can explain departure time scheduling 

decisions of tour planners under various externalities, including congestion. From this 

analysis, we conclude that there is a diversity of behaviours around different logistics zones 

and different good industries regarding the scheduling of tours in congested areas. This 

highlights the importance of considering these differences in freight transport modelling. 

 

 Insights into tour planning 

The discovered knowledge from analyzing the time and space dimensions of tours 

emphasizes the need for developing a data-driven method for modelling tours. The new 

method proposed in chapter 3 allows us to jointly capture routing and scheduling 

dimensions of tours from data. This makes it possible to predict time-dependent movements 

of freight vehicles in between geographical zones in a more realistic way that has 

agreements with observed tour activities. From this experiment, we conclude that although 

planners are sensitive to the travel time variations and try to avoid routes with high travel 

times, they value travel costs more in routing and scheduling. They also differentiate 

between the different time of day intervals. We also conclude that using a data-driven 

vehicle routing and scheduling model can realistically predict and represent freight tour 

activities in time and space.  

 

 Insights on methods and parameter estimation 

From the findings of chapter 3, we conclude that even with some aggregate tour 

information, we can formulate tour planning problems in such a way that the parameters of 

the model can be estimated efficiently and with reasonable confidence.    

 

 Insights into the demand-responsive short term traffic state predictions 

In chapter 4, we proposed a shallow supervised neural network that expressed the strong 

correlation between traffic supply and demand considering logistics-related flows. In 

chapter 5, we showed that the spatial and temporal traffic dynamics are predictable from 

the spatial and temporal dynamics of freight transport demand. From this experiment, we 

learned that using neural networks to predict short-term traffic can become demand-

responsive and explainable if we use our knowledge of the traffic flow to design the 

structure of the model. We, therefore, conclude that policymakers and traffic agencies can 

rely on these predictions to make short-term decisions and apply appropriate interventions 

to deal with the unreliability of travel times on a given road network. 

 

 Insights into time-shifted freight transport  
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In Chapter 5, we explore the possibility of a time-shifted freight transport policy at the Port 

of Rotterdam. From the finding of this research, we conclude that by shifting the departure 

time of only 10% of trucks, there are measurable monetary gains that can be obtained from 

the traffic system. Collecting this monetary gains from the traffic system, however, requires 

the intervention of multiple actors, especially governments. Governments can collect this 

money by applying taxes, for instance, and give the money to the shifted carriers as 

incentives.   

 

 Decision support systems for port-hinterland alignments 

In Chapter 6, We extensively look into the application of our methods in a decision support 

system for the case of the port of Rotterdam to make alignments between terminal operators, 

carriers, and traffic on road networks. We conclude that using an integrated logistics, freight 

transport, and traffic model explains jointly the costs and benefits of different actors in the 

system while controlling the truck inflow demands at terminal gates. This method, since 

having support from real-world data, can assist multiple stakeholders in their tactical and 

operational decisions.   

7.3 Recommendations 

We believe that the contributions of this study to the field open up several important 

opportunities for future research and practice.  

7.3.1 Recommendations for research  

This thesis devotes the research to improving freight transport modelling taking the mutual 

impact of routing and scheduling of carriers on the traffic system. For this aim, we developed 

several methodologies and discussed the key findings. In this subsection, we discuss the 

potential research path that can benefit from the outcome of this study.  

 

 Comparison of transport markets with standard industrial classification 

In chapter 2, we proposed a new classification technique to identify transport markets 

from their tour activities in between different industries. A comparison study will cast 

new lights on freight transport modelling showing if and how these transport markets 

are different or similar to that of standard industrial classifications like ISIC and NACE 

which are mainly only based on the economic activity of industries.   

 

 Validation of discovered rules regarding structure of tours 

In chapter 2, we discovered a set of significant rules that can explain the characteristics 

of types and departure times of tours. Although these rules have strong support from 

data and are statistically significant, We are required to validate them with views from 

practitioners to better understand the reason behind the found patterns. In chapter two 

we justified some of these rules with previous studies and our expectations. However, 

continued efforts are needed to validate and reason these findings with expert 

knowledge from practice.    

 

 Estimation of Data-driven routing and scheduling with fully observed tour data 

The data-driven model we developed in chapter 3 for routing and scheduling decisions 

of carriers (chapter 3) is specialized for the cases that the tour data is partially 

observable. In the cases where tours are fully observable, the method has to be adapted. 

This requires defining a new similarity measurement that can calculate the differences 
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between the sequence of trips generated by the model in a tour and observed trip 

sequences.  

 

 Integration of the methods in simulation platforms 

We recommend the integration of our data-driven routing and scheduling model 

(proposed in chapter 3) with agent-based traffic or freight simulation platforms like 

MATSIM and MASS-GT respectively. These two platforms have their tour planning 

module which either is normative (like in MATSIM) or with a simplified tour formation 

module that cannot completely capture spatial-temporal aspects of tours (like in MASS-

GT). Integrating these systems together with our tour model can sum up the advantage 

of agent-based freight and traffic simulation with more realistic freight operations.  

  

 Incorporating artificial intelligence in learning and generating freight tour patterns 

One may also explore the possibilities for more advanced methods like AI to learn more 

about the sequence of trips in a tour. In recent years, learning in the context of 

combinatorial problems, like tour planning with AI, has gained some attention. It can 

be an extension of our efforts, if large data sets of planned tours will become available, 

with full information about the sequence of trips.  

 

 OD estimation and model validation 

The tour model developed in this thesis can be used in disaggregate freight transport 

simulation experiments to help policymakers get a more realistic grip on spatial and 

temporal characteristics of freight tours. More specifically, this model can be used for 

dynamic truck OD estimation with a tangible connection to freight activities. The output 

of the data-driven routing and scheduling model proposed in this study is a set of tours 

with all the pick-ups and deliveries. These tours can be transferred into time-dependent 

OD matrixes which can be linked to a traffic simulation. This integration allows 

predicting truck counts on a specific location on road networks. comparing the predicted 

and observed truck counts can help to validate the tour model.  

 

 Investigating tour chaining  and transport channels 

In this thesis, we have explored several dimensions of freight transport and traffic 

systems with respect to the pre-trip decisions at the tactical level. A further study could 

investigate more strategic decisions like shipper-consumer interactions for the long-

term impact of logistics and freight transport on the traffic system. Decisions like tour 

chaining and transportation channels could shed more light on the flow of commercial 

vehicles which can also be linked to the production plan and inventory of products.  

 

 Interpretability of demand-responsive data-driven traffic model 

The data-driven traffic model developed in chapters 4 and 5 includes considerations 

from theory-driven traffic flows models. This helped us to develop a model with a level 

of interpretability particularly in learning fundamental diagrams. Since our traffic model 

is demand-responsive, it is also important to ensure the expandability of the model with 

respect to the demand. In chapter 4, we have taken very initial steps toward this issue 

using the perturbation feature importance approach. However, more advanced 

techniques like shapely values and visualization of decision gates in the developed graph 

neural networks can increase the transparency of the model.  
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7.3.2 Recommendations  for practice  

We have explored two applications of our method in chapters 5 and 6, showing its ability 

to be used in departure time shift policy assessment and decision support systems. 

However, there are three promising directions for the practical applications of the 

methods developed in this thesis.  

 

 One major example is a contribution to the digital twins of the port-hinterland ecosystem 

or city logistics. Such systems help decision-makers to monitor the day-to-day dynamics 

of freight operations and traffic states. Integrating methods developed in this dissertation 

into the digital twins can give realistic predictions for time to action for policies and 

management. 

 

 Although our methods can calculate and trade-off the costs and benefits of multiple 

stakeholders. Our practical experiments show that efforts, costs and benefits are not 

balanced among stakeholders for the defined policies. We recommend for practice 

diving into the cost and benefit analysis to design a comprehensive gain-sharing 

mechanism between stakeholders that guarantee the successful application of time-

shifted freight transport policy. 

 

 Finally, We recommend to practitioners investigate how departure time shift policy and 

decision support system for time slot management can be implemented in practice. This 

requires efforts to qualitatively search for key actors and their role in the system and 

encourage them to see the benefit of the time-shifted transport operation and its 

significance.  

 

In sum, with recent advances in data collection and the availability of disaggregated data in 

freight transport and logistics systems, both society and academia have realized the need for 

data-driven approaches that can convert data into knowledge. This thesis has taken important 

initial steps and paved the path for further research and developments in this field.  
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Appendix A 

Accuracy and goodness-of-fit 

In this appendix, we calculate the goodness of fit of the decision tree models developed in 

chapter 2. Assume that ρ is the probability of predicting the response variable for a given 

observation x.  

 

'( ) Pr( | )Pr ( | )
t i

Pr x l i l i l       (A.1) 

 

 In this formulation, Pr(x→l) is the probability that the model use leaf node l to classify 

observation x, Pr(i|l) is the probability of the observed class i, and Pr’(i|l) is the probability of 

the predicted class i in leaf the node l. It is also possible to calculate the relative performance 

of the models by comparing the goodness-of-fit of a model with that of its root model. The root 

model for a decision tree is the tree with just its root node. This measurement is comparable to 

the maximum likelihood ratio and indicates the model performance improvement compared to 

the root model.  

'

0 Pr( )Pr ( )
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The most common metrics to evaluate the predictive performance of a classification tree are 

metrics that use precision and recall driven from the confusion matrix.  
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Where TP is the number of true positives, TN is the number of true negatives, FP is the number 

of false-positive, and FN is the number of false negatives.  However, this metric is not suitable 

if the class distribution is imbalanced. Therefore we also report on the one-vs-all balanced 

accuracy and the F1-score which measure the performance of multi-class classifiers with an 

imbalanced class distribution. We also present Cohen’s kappa metric which is useful to assess 

if the performance of the model is better than the prediction by chance.  
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TP FN




   (A.5) 

TN
Specificity

TN FP



   (A.6) 

TP
Precision

TP FP



   (A.7) 

1
( ) ( )

2
Balanaced Accuracy BAcc Sensitivity Specificity     (A.8) 

2
1

Sensitivity Precision
F score

Sensitivity Precision

 
 


   (A.9) 

 

As for the regression capability of the model, we report on the conventional r2. 
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Appendix B 

Decision Tree quantifications 

The time of day and the type of tour decision tree models are quantified using Equations (2.22), 

(2.23), and (2.24). We present the results of these quantifications for each model in Tables B-1 

and B-2.  
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Table B-1: quantitative effect of covariates for time-of-day model 

Market Variables MI MI1 MI2 MI3 MI4 DI1 DI2 DI3 DI4 

A
g

r
ic

u
ltu

ra
l 

FNS_cat 0.254 0.242 0.312 0.333 0.018 -1 -1 -1 0.11 

LaterDestCong 0.173 0.011 0.156 0.166 0.328 -1 -1 1 1 

FirstDestCong 0.169 0.188 0.156 0.166 0.182 -1 1 1 1 

Vehtype 0.157 0.217 0.156 0.166 0.098 1 1 1 1 

DCVisited 0.103 0.176 0.048 0.062 0.215 1 1 1 1 

Day 0.073 0.132 0.059 0.051 0.095 0.01 0.09 0.02 -0.02 

TripDist_cat 0.071 0.034 0.115 0.055 0.065 -0.12 -0.15 0.34 0.19 

F
r
e
sh

 F
r
u

its a
n

d
 

V
e
g

e
ta

b
le 

TTVisited 0.179 0.247 0.116 0.048 0.221 -1 -1 -1 -1 

FNS_cat 0.174 0.223 0.246 0.290 0.077 -1 -1 -1 -1 

FirstDestCong 0.140 0.085 0.123 0.065 0.192 -1 1 1 1 

Vehtype 0.139 0.246 0.123 0.065 0.119 1 1 1 1 

DCVisited 0.117 0.039 0.123 0.025 0.167 1 1 -1 1 

LaterDestCong 0.099 0.005 0.123 0.088 0.126 -1 -1 1 1 

TripDist_cat 0.097 0.056 0.101 0.392 0.048 0.18 -0.12 0.30 0.06 

Day 0.055 0.099 0.044 0.027 0.050 -0.02 0.11 0.10 -0.03 

F
lo

w
e
r
s 

TripDist_cat 0.285 0.252 0.173 0.267 0.406 0 -0.10 1 -0.08 

FNS_cat 0.260 0.042 0.275 0.573 0.217 -1 -1 -1 -1 

Vehtype 0.185 0.257 0.137 0.022 0.268 1 1 1 1 

LaterDestCong 0.167 0.326 0.315 0.010 0.033 1 -1 1 -1 

Day 0.102 0.122 0.101 0.130 0.076 -0.16 -0.01 0.09 0.05 

F
o
o

d
 in

d
u

strie
s 

FNS_cat 0.242 0.144 0.276 0.423 0.168 1 -1 -1 -1 

TTVisited 0.216 0.265 0.138 0.046 0.294 -1 -1 -1 -1 

Vehtype 0.200 0.078 0.138 0.202 0.220 1 -1 1 1 

FirstDestCong 0.153 0.288 0.115 0.066 0.178 -1 1 1 1 

Day 0.074 0.107 0.072 0.068 0.072 0.05 0.67 -0.01 0.00 

tripDist_Cat 0.066 0.053 0.122 0.147 0.026 0.17 -0.73 -0.42 0.38 

DCVisited 0.050 0.066 0.138 0.047 0.042 1 -1 1 1 

A
g

r
ic

u
ltu

ra
l-fo

o
d

 

LaterDestCong 0.187 0.004 0.335 0.149 0.224 -1 1 -1 1 

TTVisited 0.185 0.216 0.062 0.105 0.243 -1 -1 -1 -1 

FNS_cat 0.158 0.070 0.200 0.386 0.012 -1 -1 -1 1 

Vehtype 0.121 0.181 0.100 0.166 0.086 1 -1 1 1 

DCVisited 0.096 0.048 0.002 0.020 0.159 1 -1 1 1 

FirstDestCong 0.093 0.082 0.100 0.051 0.121 -1 -1 1 1 

tripDist_Cat 0.080 0.289 0.101 0.067 0.064 -0.40 -0.10 0.26 0.35 

Day 0.080 0.111 0.100 0.055 0.092 0.28 -0.22 -0.10 0.04 

C
h

e
m

ic
a
l a

n
d

 

p
e
tr

o
le

u
m

  in
d

u
str

ie
s 

FNS_cat 0.200 0.150 0.328 0.191 0.128 1 -1 0 -0.38 

TTVisited 0.199 0.175 0.159 0.034 0.285 -1 -1 1 -1 

DCVisited 0.129 0.222 0.154 0.075 0.033 1 1 1 1 

Empty_container 0.126 0.113 0.162 0.137 0.102 -1 -1 -1 -1 

Vehtype 0.105 0.025 0.010 0.210 0.244 1 1 1 1 

Day 0.078 0.105 0.044 0.104 0.081 0.07 -0.02 0.17 0.03 

tripDist_Cat 0.066 0.047 0.079 0.175 0.054 0.59 -0.24 0.32 -0.06 

LaterDestCong 0.051 0.091 0.059 0.009 0.016 1 -1 1 1 

FirstDestCong 0.046 0.073 0.005 0.065 0.057 1 1 1 1 

C
o

n
str

u
c
ti

o
n

 

m
a

ter
ia

ls 

FNS_cat 0.289 0.370 0.263 0.261 0.271 0.95 -1 0 -1 

tripDist_Cat 0.145 0.206 0.080 0.325 0.160 -0.55 -0.14 0.73 -0.50 

DCVisited 0.174 0.157 0.219 0.086 0.145 1 1 1 1 

TTVisited 0.278 0.210 0.219 0.194 0.390 -1 -1 1 -1 

FirstDestCong 0.114 0.057 0.219 0.135 0.033 -1 1 1 -1 

P
a

rc
els &

 

p
a

c
k

a
g
e
s 

DCVisited 0.030 0.110 0.048 0.024 0.000 1 1 1 1 

Vehtype 0.162 0.055 0.233 0.205 0.032 1 1 1 1 

Day 0.254 0.516 0.228 0.137 0.478 0 0.03 -0.07 0.09 

tripDist_Cat 0.123 0.078 0.130 0.142 0.084 -1 -0.50 0.48 -0.48 

LaterDestCong 0.244 0.055 0.254 0.248 0.301 -1 -1 1 1 

FirstDestCong 0.187 0.188 0.106 0.244 0.104 1 1 1 1 

M
iscella

n
eo

u
s 

g
o
o

d
s 

LaterDestCong 0.177 0.017 0.055 0.207 0.349 -1 -1 1 -1 

Vehtype 0.159 0.039 0.166 0.236 0.111 1 1 1 1 

tripDist_Cat 0.156 0.226 0.240 0.150 0.045 -0.75 -0.09 0.45 -0.34 

DCVisited 0.147 0.289 0.055 0.031 0.311 -1 1 1 1 

FNS_cat 0.134 0.242 0.272 0.044 0.110 -0.94 -0.92 0 -1 

Day 0.075 0.101 0.040 0.100 0.030 0.04 0.09 -0.059 0.026 

FirstDestCong 0.153 0.086 0.172 0.232 0.044 1 1 1 1 
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Table B-2: quantitative effect of covariates for type-for-tour model 

Market variables MI MI1 MI2 MI3 DI1 DI2 DI3 

A
g

r
ic

u
ltu

ra
l 

FNS_cat 0.254 0.356 0.208 0.251 -1 -1 0.13 

LaterDestCong 0.195 0.241 0.191 0.170 1 -1 1 

FirstDestCong 0.048 0.084 0.036 0.039 1 1 1 

WF_Cat 0.126 0.023 0.189 0.105 -0.60 -0.44 -0.75 

TTVisited 0.169 0.161 0.185 0.151 -1 -1 -1 

Vehicle Type 0.134 0.087 0.138 0.161 1 1 1 

TripDist_cat 0.074 0.048 0.052 0.123 -0.25 -0.28 0.14 

F
r
e
sh

 F
r
u

its 

a
n

d
 

V
e
g

e
ta

b
le 

FNS_cat 0.294 0.380 0.228 0.385 -1 -1 0 

FirstDestCong 0.057 0.090 0.048 0.050 1 1 1 

Vehtype 0.143 0.129 0.153 0.130 1 1 1 

WF_Cat 0.145 0.072 0.197 0.077 -0.81 -0.48 -0.46 

LaterDestCong 0.190 0.190 0.189 0.192 1 -1 1 

TTVisited 0.171 0.140 0.184 0.167 -1 -1 -1 

F
lo

w
e
r

s 

FirstDestCong 0.082 0.160 0.081 0.061 1 1 1 

FNS_cat 0.471 0.529 0.423 0.565 -1 -1 0 

LaterDestCong 0.347 0.265 0.385 0.283 1 -1 1 

TripDist 0.100 0.046 0.111 0.090 -0.20 -0.52 0.19 

F
o
o

d
 in

d
u

strie
s 

FNS_cat 0.266 0.341 0.190 0.323 -1 -1 1 

DCVisited 0.044 0.041 0.012 0.098 1 1 1 

LaterDestCong 0.187 0.171 0.211 0.162 1 -1 1 

FirstDestCong 0.050 0.039 0.060 0.045 1 1 1 

Day 0.055 0.081 0.041 0.058 -0.16 0.07 0.03 

tripDist_Cat 0.082 0.120 0.074 0.065 -0.09 -0.64 0.20 

WF_Cat 0.155 0.124 0.208 0.097 -1.00 -0.52 -0.51 

TTVisited 0.160 0.083 0.205 0.152 1 -1 -1 

A
g

r
ic

u
ltu

ra
l-

fo
o

d
 

LaterDestCong 0.168 0.154 0.170 0.177 1 -1 1 

WF_Cat 0.115 0.180 0.133 0.073 -0.94 0.33 -0.12 

FNS_cat 0.354 0.381 0.339 0.338 -1 0 0.058 

Vehtype 0.090 0.045 0.029 0.121 1 1 1 

DCVisited 0.086 0.027 0.001 0.126 1 -1 1 

tripDist_Cat 0.069 0.055 0.197 0.072 0.52 0.22 -0.71 

Empty_Pallets 0.118 0.157 0.132 0.093 -1 -1 -1 

C
h

e
m

ic
a
l a

n
d

 p
e
tro

le
u

m
  

in
d

u
str

ie
s 

FNS_cat 0.187 0.345 0.091 0.243 -1 -0.89 1.00 

WF_Cat 0.143 0.067 0.242 0.062 -0.31 -0.71 -0.25 

DCVisited 0.085 0.136 0.017 0.141 1 1 1 

Vehtype 0.052 0.032 0.063 0.045 1 1 1 

Empty_container 0.104 0.105 0.159 0.047 -1 -1 -1 

Day 0.074 0.073 0.043 0.106 0.06 -0.05 0.00 

tripDist_Cat 0.039 0.019 0.040 0.043 0.16 0.14 0.06 

TTVisited 0.135 0.148 0.158 0.109 -1 -1 -1 

LaterDestCong 0.153 0.054 0.172 0.159 1 -1 1 

FirstDestCong 0.029 0.021 0.015 0.045 1 1 1 

C
o

n
str

u
c
tio

n
 

m
a

ter
ia

ls 
FNS_cat 0.207 0.365 0.133 0.420 -1.00 -0.82 1 

tripDist_Cat 0.124 0.074 0.155 0.029 0.06 -0.68 0.83 

DCVisited 0.159 0.051 0.170 0.170 1 1 1 

Vehicle 0.230 0.182 0.251 0.170 1 1 1 

LaterDestCong 0.252 0.182 0.289 0.142 1 -1 1 

FirstDestCong 0.027 0.145 0.001 0.068 1 -1 1 

P
a

rc
els &

 

p
a

c
k

a
g
e
s 

Vehicle 0.107 0.082 0.153 0.047 1 1 1 

Empty_Pallets 0.107 0.082 0.153 0.047 1 1 1 

Day 0.048 0.047 0.035 0.134 0.04 0.04 -0.18 

tripDist_Cat 0.086 0.090 0.084 0.068 0.09 -0.58 -0.13 

LaterDestCong 0.141 0.166 0.109 0.134 1 -1 1 

FNS_cat 0.268 0.344 0.164 0.238 -1 -1 0.03 

WF_cat 0.142 0.074 0.220 0.242 0.01 -0.72 -1 

FirstDestCong 0.100 0.115 0.082 0.089 1 1 1 

M
iscella

n
eo

u

s g
o

o
d

s 

LaterDestCong 0.188 0.166 0.204 0.204 1 -1 1 

tripDist_Cat 0.087 0.090 0.071 0.201 0.04 -0.82 -0.10 

FNS_cat 0.258 0.331 0.212 0.163 -1 -1 0.44 

Empty_Pallets 0.188 0.166 0.204 0.204 -1 -1 0.03 

WF_cat 0.174 0.086 0.252 0.119 -0.12 -0.79 -0.63 

FirstDestCong 0.104 0.161 0.057 0.110 1 1 1 
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Summary  

This thesis takes initial steps towards introducing a data-driven integrated logistics and traffic 

modelling framework. The main objective is to unravel the complex interaction between freight 

transport and traffic systems and to incorporate this knowledge into measures for improving the 

performance of traffic and logistics operations. Using large databases of observed truck trips 

and empirical research, a data-driven modelling pipeline is developed and applied, leading to 

new knowledge about the organization of road transport, in time and space. The modelling 

pipeline includes all required steps, from data pre-processing and data fusion to pattern 

recognition in the routing and scheduling of freight movements. We describe the main results 

below.  

 

First, we use the power of machine learning techniques to identify clusters of transport markets 

linking them to sectors. Using this new method, we identify 9 transport markets with 

homogeneous pickup and delivery patterns. We also visualize the interrelation between 

different sectors using the tour patterns of freight transport. This sheds new light on the 

relationship between the inputs and outputs of different industries. The new segmentation of 

the transport market also improves the accuracy of freight transport demand models.   

 

Next, a new decision tree algorithm is proposed to characterize the structure of tours from time 

of the day and type of tour perspectives. This method investigates the spatial-temporal 

correlation between the structure of tours with zonal congestion levels. The result of this study 

shows that the type of tour and time of day decisions in tour planning has a strong correlation 

with the congestion level of the visiting locations in tours. It also indicates that trip patterns in 

different transportation markets depend on the type of logistics activities. This underlines the 

importance of including the type of logistic activities in freight transport models.   

 

The insight gained into the characteristics of planned trips makes it interesting to develop a 

model that can systematically incorporate planners' preferences into assigning routes and 

planning times of freight transport. However, these preferences cannot be observed and must 

be derived from known trips. The proposed model is a descriptive and parametric routing and 

scheduling algorithm which can be used to learn trip patterns and scheduling preferences. These 

parameters link a set of zonal and route features to the total cost of routing and scheduling and 

thus incorporate the perceptions of planners. To estimate the learning parameters of this model, 

an efficient and fast algorithm based on Bayesian optimization is used. We used a set of 

disaggregate tour data with total tour distance, duration, departure and end time. The results 

show that carriers value distance-related travel costs more than travel time and are generally 

more sensitive to travel time and costs during the afternoon peak period. This method can then 

generate synthetic tours for different times of the day that are close to reality. It is therefore a 
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strong new tool for modelling and forecasting freight transport and thus for evaluating policies 

related to freight traffic.   

 

The research then focuses on predicting the impact of trips on traffic dynamics. This impact 

was investigated using a novel multi-layer neural network with automatic feature extraction. 

With this method, short-term patterns were found in the dynamics of truck flows, in relation to 

known truck departure times. The method has been extended to a network-wide traffic 

prediction model that can predict short-term traffic states (flow, speed and delays) on a given 

road network, also based on given truck schedules. We applied insights from traffic flow theory 

and transportation modelling to design a deep learning network with a specific topology that 

can capture meaningful spatial and temporal patterns on a congested road network, and link 

these patterns to the truck schedules. The results are promising, showing that the model can 

predict traffic states with high accuracy and that the predictions respond logically to truck 

demand variation. 

 

The proposed data-driven traffic model has been applied in a predictive control mechanism to 

assess the impact of optimally shifting truck departure times out of peak hours on the traffic 

system. The result of this experiment shows that we can obtain measurable gains from the traffic 

system by shifting the departure time of only 10% of trucks from a logistic hub. Despite this 

interesting result, the applicability in practice is still limited. Achieving such a change requires 

active involvement and cooperation of different actors. Road users benefit directly from this 

policy, while carriers have to bear the reorganization costs to change their business model. A 

public-private gain-sharing model is needed to make compensation possible. This could be 

developed under the direction of a neutral third party.  

 

Finally, the model is further extended to port and hinterland operations. Optimization of 

departure times is performed for a system-optimal state. The descriptive model of the combined 

logistics and traffic system is thereby coupled to an optimization model, which incorporates 

preferences and business models of various actors, including carriers, terminals, hinterland 

hubs, and traffic agencies. The system includes an LSTM deep neural network for arrival time 

forecasting, data-driven models for traffic and truck scheduling, and a descriptive queuing 

model for terminals. This integrated model of logistics, freight, and traffic consistently shows 

the costs and benefits of joint optimization of different actors. The result is a decision support 

system that achieves an optimal effect with realistic, minimal shifts in carriers' schedules. For 

the deep-sea terminal, new scenarios emerge with significantly lower waiting times and new 

optimization possibilities for the deployment of transshipment equipment. 

 

In summary, the new modelling framework leads to new optimization opportunities for the port 

community and road users in the hinterland, addressing both the interests and preferences of 

the actors. The developed techniques show that data-driven approaches are feasible and pave 

the way for large-scale applications in a new generation of freight transport models. 
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Samenvatting  

Deze dissertatie zet eerste stappen naar de introductie van een data-gedreven, geïntegreerd 

logistiek en verkeersmodelleringsraamwerk. Het doel hiervan is om de complexe interactie 

tussen vrachtvervoer en verkeerssystemen te ontrafelen en deze kennis te integreren in 

maatregelen voor het verbeteren van de prestaties van het verkeer en van logistieke operaties. 

Gebruikmakend van grote databases met waargenomen vrachtwagenritten en met empirisch 

onderzoek is een data-gedreven modelleerpijplijn ontwikkeld, die leidt tot nieuwe kennis over 

de organisatie van het wegvervoer, in tijd en ruimte. Het modelleerraamwerk omvat alle 

vereiste stappen, van data-voorbewerking en datafusie tot patroonherkenning in de routing and 

scheduling van vrachtbewegingen.  

 

Allereerst hebben wij de kracht van machine learning technieken gebruikt om clusters van 

transportmarkten vast te stellen en deze aan sectoren te koppelen. Met deze nieuwe methode 

identificeren wij 9 transportmarkten met homogene ophaal- en afleverpatronen. Wij hebben 

ook het verband tussen de verschillende sectoren gevisualiseerd aan de hand van de 

rondritpatronen van het vrachtvervoer. Dit werpt nieuw licht op de relatie tussen de inputs en 

outputs van verschillende industrieën. De nieuwe segmentatie van de vervoersmarkt verbetert 

ook de nauwkeurigheid van de modellering van de vervoersvraag.   

 

Vervolgens is een nieuw beslisboomalgoritme ontwikkeld om de structuur van ritten te 

karakteriseren vanuit het oogpunt van tijdstip en vorm van ritten, en is de ruimtelijk-temporele 

correlatie onderzocht tussen de structuur van ritten en zonale congestieniveaus. Het resultaat 

van deze studie laat zien dat keuzes omtrent het rittype en –timing een sterke correlatie hebben 

met het congestieniveau van de bezoekende locaties. Ook blijkt dat ritpatronen in de 

verschillende vervoersmarkten afhankelijk zijn van het type logistieke activiteit. Hiermee is het 

belang van het meenemen van het type logistieke activiteiten voor het modelleren van het 

goederenvervoer aangetoond.   

 

Het opgedane inzicht in de kenmerken van geplande ritten maakt het interessant om een model 

te ontwikkelen dat de voorkeuren van planners systematisch kan integreren in route- en 

tijdplanning. Deze voorkeuren kunnen echter niet worden waargenomen en moeten afgeleid 

worden van bekende ritten. Het voorgestelde model is een beschrijvend en parametrisch 

routerings- en planningsalgoritme, waarmee ritpatronen en planningsvoorkeuren geleerd 

kunnen worden. De parameters koppelen een set van zonale en routekenmerken aan de totale 

kosten van routing en scheduling en bevatten daarmee de perceptie van de planners. Om de 

leerparameters van dit model te schatten, wordt een efficiënt en snel algoritme gebruikt op basis 

van Bayesiaanse optimalisatie. We gebruikten een set van gedesaggregeerde tour data met 

totale ritafstand, -duur, vertrek en eindtijd. De resultaten laten zien dat vervoerders afstand-



188   Samenvatting 

 

 
 

gerelateerde reiskosten hoger waarderen dan reistijd, en in het algemeen gevoeliger zijn voor 

reistijd en kosten tijdens de middagspitsperiode. Deze methode kan vervolgens synthetische 

ritten genereren, voor verschillende tijdstippen op de dag, die dicht bij de realiteit liggen. Het 

is daarom een sterk nieuw instrument voor het modelleren en prognotiseren van vrachtvervoer 

en daarmee voor het evalueren van beleid gerelateerd aan vrachtverkeer.   

 

Het onderzoek heeft zich vervolgens gericht op het voorspellen van de impact van ritten op de 

dynamiek van het verkeer. Deze impact is onderzocht met een nieuw meerlagig neuraal netwerk 

met automatische kenmerkextractie. Op deze wijze zijn korte-termijn patronen gevonden in de 

dynamiek van vrachtwagenstromen, mede in relatie tot de bekende vertrektijden van 

vrachtwagens. De methode is uitgebreid tot een netwerkbreed verkeersvoorspellingsmodel dat 

verkeerssituaties op korte termijn kan voorspellen (doorstroming, snelheid en vertragingen) op 

een gegeven wegennet, eveneens op basis van gegeven vrachtwagenschema's. We hebben 

inzichten uit verkeersstroomtheorie en transportmodellering toegepast om een deep learning 

netwerk met een specifieke topologie te ontwerpen dat zinvolle ruimtelijke en temporele 

patronen kan vastleggen op een overbelast wegennetwerk, en deze patronen kan koppelen aan 

de vrachtwagenschema's. De resultaten zijn veelbelovend en tonen aan dat het model 

verkeerstoestanden met hoge nauwkeurigheid kan voorspellen en dat de voorspellingen logisch 

reageren op de variatie in de vraag naar vrachtwagens.  

 

Het voorgestelde data-driven verkeersmodel is toegepast in een voorspellend controle- 

mechanisme om de impact van een optimale verschuiving van de vertrektijden van 

vrachtwagens uit de spitsuren op het verkeerssysteem te beoordelen. Het resultaat van dit 

experiment toont aan dat we meetbare winst uit het verkeerssysteem kunnen halen door het 

verschuiven van de vertrektijd van slechts 10% van de vrachtwagens van een logistiek 

knooppunt. Ondanks dit interessante resultaat is de toepasbaarheid in de praktijk vooralsnog 

beperkt. Om een dergelijke verandering te realiseren, is actieve betrokkenheid en 

samenwerking nodig van verschillende actoren. Weggebruikers hebben direct baat bij dit 

beleid, terwijl vervoerders de reorganisatiekosten moeten dragen om hun bedrijfsmodel aan te 

passen. Een publiek-privaat winstdelingsmodel is nodig om compensatie mogelijk te maken. 

Deze zou onder regie van de overheid ontwikkeld kunnen worden.  

 

Tenslotte is het model verder uitgebreid naar hubs in het achterland. Hierbij wordt een 

optimalisatie van vertrektijden uitgevoerd voor een systeem-optimale toestand. Het 

beschrijvende model van het gecombineerde logistieke- en verkeerssysteem is daarbij 

gekoppeld aan een optimalisatiemodel, waarin voorkeuren en business modellen van diverse 

actoren zijn meegenomen, inclusief vervoerders, terminals, achterlandhubs en 

verkeersdeelnemers. Het systeem omvat een LSTM deep neuraal netwerk voor prognose van 

aankomsttijden, data-gedreven modellen voor verkeer en truck scheduling en een beschrijvend 

wachtrijmodel voor terminals. Deze integrale aanpak van logistiek, goederenvervoer en verkeer 

laat op consistente wijze de kosten en baten zien van gezamenlijke optimalisatie van 

verschillende actoren. Het resultaat is een beslissingsondersteunend systeem waarmee met 

realistische, minimale verschuivingen van de planning van vervoerders een optimaal effect 

wordt geboekt. Voor de deepsea terminal ontstaan nieuwe scenario’s met significant lagere 

wachttijden en nieuwe optimalisatiemogelijkheden voor de inzet van overslagmaterieel.  

 

Samengevat leidt het nieuwe modelleringsraamwerk tot nieuwe optimalisatiemogelijkheden 

voor de havencommunity en de weggebruikers in het achterland, waarbij zowel aan de belangen 

als de voorkeuren van de actoren recht wordt gedaan. De ontwikkelde technieken laten zien dat 
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data-gedreven aanpakken haalbaar zijn en effenen het pad voor grootschalige toepassingen in 

een nieuwe generatie goederenvervoermodellen. 
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