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a Department of Transport and Planning, Faculty of Civil Engineering and Geosciences, Delft University of Technology, Stevinweg 1, 2628 CN Delft, 
The Netherlands 
b TNO, Anna van Buerenplein 1, 2595 DA The Hague, The Netherlands   
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A B S T R A C T   

This paper proposes a data-driven transport modeling framework to assess the impact of freight 
departure time shift policies. 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.   

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 
modeling 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? 
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Candidate modeling 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 interpre-
tation, 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 
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 modeling study of an optimized FDTS scheme linked to overall road network traffic conditions. 

The remainder of this paper is organized as follows: Section 2 provides a general overview of the existing studies about departure 
time shift policies and methods. Section 3 presents the model for short-term traffic prediction and the data-driven decision support 
system for FDTS. Section 4 denotes results, tests the predictive capabilities of the model, presents the designed scenarios, and discusses 
policy implications. Finally, section 5 offers the conclusions and recommendations of the paper. 

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 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 
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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. 

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 pro-
gramming 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. 
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3. Data 

We use data from a seaport that indicates departure schedules of individual containers, as well as the network traffic data sur-
rounding 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 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 m. A subset of these loop detectors 
can distinguish vehicle categories based on their lengths. These data are available at a resolution level of 1 min time periods. 

We collected time series of volumes and speeds for five motorways near the port of Rotterdam. Table 1 and Fig. 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. 

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 Table1 equals the number of sensors divided by 3). 
We also aggregated in time to 5 min intervals (i.e. Δt = 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. 

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 Fig. 2, and consists 
of two main modules: (1) a data-driven traffic forecasting model and (2) a predictive departure time control model. 

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. 

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. 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 repre-
sentation. 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 cen-
troids 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+Δt. 

Xt+Δt ≅ f (Xt ,Xt− Δt,Xt− 2Δt, … ,Xt− dΔt,Ct,Ct− Δt, ...,Ct− dΔt | G) (1) 

Fig. 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 

Table 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  
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input and output to each other and predict the desired target variable. 
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 Fig. 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. 

4.1.1. Spatial and temporal dependencies 
We model the spatial dependencies by using graph convolution, message passing, and neighborhood aggregation techniques. Graph 

Fig. 1. The road network that provides accessibility for the Port of Rotterdam and Rotterdam city.  

Fig. 2. Data-driven decision support framework for freight departure time and peak avoidance policy.  
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convolution filters have recently gained special attention for short-term traffic prediction (Li et al., 2021). These techniques compute 
the input 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). 

conv∗ = D− 0.5ÃD− 0.5XW (2)  

Dii =
∑

j
Ãij (3) 

Fig. 3. An example road network with one centroid in a graph representation.  

Fig. 4. Graphical representation of the structure of the proposed graph-based modular convolutional neural network model.  
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Ã = A+ I (4)  

where D is the diagonal degree matrix, I is the identity matrix and Ã 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 (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 (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. 

Sn
ij = exp

(

−
1
2

(
pij

σn
i

)2
)

(5)  

where p is the node proximity matrix and, for each node i, the parameter σn
i 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 σn

i for the ith node is small, the 
node i gets information from its close-by nodes. In equation (5) Sn

ij 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 Ã (element-wise) and then will be fed to the convolution operator for aggregation of 
input features. Equation (6) shows graph convolution operator with node attention on X input features. 

conv*
X = D− 0.5

(
Sn ⊗ Ã

)
D− 0.5XWX (6) 

Where Wx is learnable parameter for convolution operator on × 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 Fig. 4). 

In addition to the input features X 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 (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 ∊{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. 

Emi =
ecm

∑M
j=1ecj

∀i ∈ N (7) 

Equation (8) shows the graph convolution operator with centroid attention on C input features. 

conv*
C = (ESc ⊗ O)CWc (8) 

Where E is a matrix of decision gates with elements of Emi, O 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, C 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 infor-
mation coming from different nodes and centroids. 

f (X,C|G) = g
(
conv*

X × θ1 + b1, conv*
C × θ2 + b2

)
(9) 

Equation (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(X,C|G) is the output of the layer given input X and C on graph G. 

For the temporal dependency, we considered a delay matrix d ∈ NN×(N+n) (see equation (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. 
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4.1.2. 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 Fig. 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. 

Fig. 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. 

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. 

X0 = conv*
c(C(t − dcΔt)) (10) 

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 conv̅̅ →*
X, 

X1
j = conv̅̅→*

X

(
qall
j (t − kΔt)

)
∀j → i (11)    

• X2: Adjusted volumes of non-truck vehicles which is delayed and passed through a forward spectral convolution layer, 

X2
i = conv*

X(q
p
i (t − diΔt)) = conv̅̅→*

X

(
qall
i (t − diΔt) − qtruck

i (t − diΔt)
)

(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 c
←

onv
*
X. 

X4
j = c← onv

*
X

(
vj(t − kΔt)

)
∀i → j (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 Fig. 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 (14) to (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. 

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, 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 mea-
surements in our study area, we estimate the free-flow speed for trucks and passengers equal to 80.983 and 101.9414 km/h respec-
tively. 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 100 km/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 
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using this model in other applications may require the use of the free-flow speeds calculated from field measurements without this 
adjustment. Equations (14) to (22) show how we calculate the monetary loss for each node i at time t in this multi-class system. 

tpi,t =
qTrucks
i,t

qall
i,t

∀i ∈ V , ∀t ∈ T (14)  

qPassengers
i,t =

(
1 − tpi,t

)
qall
i,t (15)  

VhTruck
i,t =

qTrucks
i,t l
vTrucksi,t

(16)  

VhPassengers
i,t =

qPassengers
i,t l
valli,t

(17)  

VhTrucks
free =

qTrucks
i,t l
vTrucksfree

(18)  

VhPassengers
free =

qPassengers
i,t l
vPassengersfree

(19)  

VLHTrucks
i,t =

{
VhTrucks

i,t − VhTrucks
free VhTrucks

i,t > VhTrucks
free

0 otherwise
(20)  

VLHPassengers
i,t =

{
VhPassengers

i,t − VhPassengers
free VhPassengers

i,t > VhPassengers
free

0 otherwise
(21)  

Lossi,t = VoT Passengers ⋅ VLHPassengers
i,t + VoT Trucks ⋅ VLHTrucks

i,t (22) 

Where qall
i,t are qTrucks

i,t 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. qPassengers

i,t using tpi,t which is the percentage of trucks in node i at time t (see equations (14) and (15)). For each timestamp 
and node in the road network graph, equations (16) and (17) compute vehicle hours for trucks VhTrucks

i,t and passengers VhPassengers
i,t 

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 (18) and (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 (20) and (21)). Finally, the Loss in equation (22) 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. VoTTruck = 45 Euro for trucks and 
VoTPassengers = 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. 

4.1.3. 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) to (9) 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 training. The training process stops if the performance of the network fails to improve for a predefined number of 
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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 al-
gorithm we refer readers to Vlahogianni et al. (2007). Fig. 5 shows how the model’s parameters are estimated in this bi-level parameter 
estimation. 

We used the mean square error (MSE), the most commonly used error function, for estimating the model weights and parameters. 

MSE =
1
N
∑N

i=1
(yi − ŷi)

2 (23) 

Where N is the number of observations, yi is the i th observed value and ŷi is its corresponding predicted value. 

4.1.4. 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. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1
(ti − yi)2

√
√
√
√ (24)  

MAE =
1
N

∑N

i=1
‖ti − yi‖ (25) 

Fig. 5. High level presentation of network structure and parameter estimation procedure.  
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MAPE =
1
N
∑N

i=1

⃒
⃒
⃒
⃒
ti − yi

ti

⃒
⃒
⃒
⃒ (26)  

PAPE = Pr
(⃒
⃒
⃒
⃒
ti − yi

ti

⃒
⃒
⃒
⃒ < 5%

)

(27) 

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. 

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 
(see Fig. 6) 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. 

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 min of span.  
2. Assume CK×T be a matrix of container flow generated by K={1,2,..,k} truck generating centroids. 

C =

⎡

⎣
c11 ⋯ c1t

⋮ ⋱ ⋮
ck1 ⋯ ckt

⎤

⎦

K×T

(28) 

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 (10)) 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 

Caverage
k =

1
|T|

∑T

t=1

(
Cmax

k − Ct) (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. 

Given that Ym
K×T is the shift matrix where its elements ym

ij 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. 

Fig. 6. A Graphical representation of departure time control procedure.  
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ĈK×T = CK×T ⊗ (OK×T − λK×T)+CK×T ⊗ λK×T × Ym
K×T (30) 

Where O is an all-ones matrix, ĈK×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 (10), we have. 

X̂
0
= σc(Ĉ(t − dcΔt)) (31) 

To find the optimum shift matrix Ym
K×T, we solve the following optimization problem. 

min
∑N

n=1

∑T

t=1
fnt
(
X̂

0⃒⃒G
)

(32)  

min
∑M

m=1

∑T

i=1

∑T

j=1
dijymij (33) 

s.t. 

∑T

i=1

∑T

j
Ym
ij = 1 ∀m ∈ M (34)  

Ĉkt⩽Cmax
k ∀t ∈ T (35)  

dij⩽D ∀i, j ∈ T (36)  

Ym
ij ∈ {0, 1} (37) 

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 lo-
cations (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 (34) ensures that all the groups of 
containers are assigned to one interval. Equation (35) indicates that the number of containers generated at centroid k at time t i.e Ĉkt 

does not exceed the capacity of the interval t after applying the shift. Finally, Equation (36) is the time shift constraint that controls the 
maximum shift (D = 2 h) that can happen for all groups of containers. We used the NSGA-II algorithm to solve this multi-objective 
assignment problem. 

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 min 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. 

5.1. 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 re-
ported 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 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. Fig. 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. 

Prediction of the speed for the congested location is crucial as we may see sharp drops in speed profile during peak periods. As we 
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can see from Fig. 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. 

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 Fig. 9. Also, visual inspection 
at this level of detail confirms a very satisfactory result. 

Besides volumes and speeds, our model can predict the monetary value of loss-hours for each node. Fig. 10 depicts the linear fit as 
well as time series for observed and predicted losses. 

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 2 illustrates the facts about the performance of the model under several indicators introduced in section 4.1.3. 
Table 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. 

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. 

5.2. 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 per-
centage 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. Fig. 11 shows that the model is sensitive to changes in demand, with the 
expected signs of impacts. 

Fig. 7. Linear fit between predicted and observed volumes.  
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In the next section, we utilize this model to predict the impact of changes in freight transport departure times on the surrounding 
traffic. 

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 

Fig. 8. Linear fit between observed and predicted speed.  

Fig. 9. Observed versus predicted space–time speed profile and speed-flow fundamental diagram.  
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earlier or later time. The time shift operator ranges from 30 min to 3 h across all scenarios. The gain is calculated based on the dif-
ferences between the base case and the scenario losses. Fig. 12 shows the histogram of gains for A15 in all scenarios for the selected 
146 days, indicating the diverse 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 opti-
mizing the process. 

We can see from Fig. 12 that these time shift scenarios may lead to negative or positive gains for various days. The distribution of 
gains is differing from 30 min to 3 h 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 

Fig. 10. Correlation coefficient for loss prediction.  

Table 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 
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  
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negative for a given day, it could be positive on other motorways. For instance, Fig. 13 points to a particular day on A15 with 
nonrecurring congestion. This congestion lasted almost 5 h 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. 

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, Fig. 14 shows the 

Fig. 11. Sensitivity of the model towards increasing or decreasing demand during the peak period.  

Fig. 12. Histogram of gains for different scenarios on A15.  
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Pareto frontier and the optimum solution regarding the time shift constraint. 
Table 3 shows how the departure times of participants are distributed across different time slots. To assess the impact of the de-

parture 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 3 also 
indicates the average improvement of travel time during peak period on every 5 alternative paths after applying departure time shift 
policy. 

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. Fig. 15 shows the predicted social benefits based on 
the recommended departure time for any of the shifting scenarios. 

We calculate the social benefits for the afternoon peak and off-peak period (from 12:00 to 21:00). Table 4 shows that between 
23,144 to 69,528 Euro can return to the carriers, depending on the percentage of participants, where the government can pay between 

Fig. 13. changes in truck percentages due to nonrecurring congestion on A15.  

Fig. 14. Pareto frontier of the optimized FDTS for the 10% participation rate.  
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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 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. 

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 Fig. 16, participants approximately experience travel 
time savings ranging from 4 to 10 min 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. 

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. 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 imple-
mentation 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. 

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 

Table 3 
Travel time improvement during peak hours for optimized departure time shift.  

Scenarios Recommended modification in departure time Links travel time improvement 

±30 min ±1h ±1.5 h ±2h 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 %  
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Fig. 15. Predicted social benefits after application of DTS policy.  
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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 modeling 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 departure time shifts on the state of the traffic on motorways. From the modeling 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: 

Table 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 10,644 2258 3440 2549 4253 23,144 (3.2%)  7.3 
20 % 6375 19,485 3776 5642 4238 6537 39,678 (5.5%)  6.2 
30 % 9562 26,816 5048 7529 5637 10,112 55,141 (7.6%)  5.8 
40 % 12,750 33,170 5511 8876 6598 15,373 69,528 (9.6%)  5.5  

* Total monetary loss for the base-case scenario is 720,842 Euro. 

Fig. 16. Travel time savings for shifted trucks traveling during off-peak.  
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- 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 modeling 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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