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The public transport industry faces challenges in catering to the vari-
ety of mobility patterns and corresponding needs and preferences of 
passengers. Travel habit surveys provide information on overall travel 
demand as well as its spatial variation. However, that information often 
does not include information on temporal variations. By applying data 
fusion to smartcard and Global System for Mobile Communications 
(GSM) data, researchers were able to examine spatial and temporal pat-
terns of public transport usage versus overall travel demand. The analy-
sis was performed by contrasting different spatial and temporal levels of 
smartcard and GSM data. The methodology was applied to a case study 
in Rotterdam, Netherlands, to analyze whether the current service span 
is adequate. The results suggested that there is potential demand for 
extending public transport service on both ends. In the early mornings, 
right before transit operations are resumed, an hourly increase in visi-
tor occupancy of 33% to 88% was observed in several zones, showing 
potential demand for additional public transport services. The proposed 
data fusion method was shown to be valuable in supporting tactical 
transit planning and decision making and can easily be applied to other 
origin-destination transport data.

Both passengers and the government demand an efficient public 
transport system that is of both high quality and low cost. This sys-
tem has to be user-oriented, and it must live up to the needs and pref-
erences of the passengers (1). Passengers, however, do not all have 
the same mobility patterns and corresponding needs and preferences. 
Travel demand varies not only in space but also in time, leading to a 
diverse and dynamic environment (2, 3). To design public transport 
services in this dynamic environment, smartcard data are often used 
to analyze mobility patterns (4). These data, however, only provide 
information on public transport travel demand, neglecting overall 
travel demand, although this should be taken into account by pub-
lic transport operators (5). Travel habit surveys are traditionally 
used to collect data for estimating and analyzing the demand for 
transport (6, 7). Travel habit surveys are used to analyze passenger 
demand and preferences per modality, journey purpose, and travel 
attributes (6, 8). Collecting household travel survey data is a time-
intensive and costly undertaking, primarily because of the labor-

intensive process of acquiring and processing surveys. As a result, 
such surveys are performed at long intervals (measured in years), 
aiming to represent an average (working) day for travelers (9). It is 
therefore not possible to distinguish temporal dynamics, because 
only an average day is represented. This calls for the development 
of methods designed to acquire information on both the spatial and 
temporal dynamic mobility patterns of public transport passengers 
in relation to overall travel demand.

In addition to smartcard data and travel habit surveys, several other 
data sources have been used to gain information on mobility pat-
terns and improve the design of public transport. Examples of these 
data sources include automatic vehicle location systems, Wi-Fi and 
Bluetooth signals, social media, and the Global System for Mobile 
Communications (GSM) (10). The most important challenge is to 
process the data so that they become useful for improving pub-
lic transport design. Although automatic vehicle location systems 
allow the monitoring of fleet performance, they do not provide 
information on service effectiveness. Wi-Fi, Bluetooth, and social 
media data are only recently being used to analyze transport. These 
data sources offer information from a small sample of the popula-
tion in high resolution and, in the case of social media, require 
complicated semantic analysis (10). Therefore, these data sources 
do not provide information on overall travel demand, but rather 
complementary information. GSM data are also increasingly used 
for analyzing transport demand. The extent to which GSM data 
are available, and at which spatial and temporal level they are pro-
vided, vary considerably from country to country. GSM data are 
extracted from call-detail records that are supplied by the network 
provider (11). Three main applications of GSM data in transport 
research are origin–destination estimation, detection of events on 
the basis of crowdedness, and travel mode identification (12–14). 
The latter is not yet applicable for GSM data in the Netherlands; 
therefore, relying solely on GSM data was not sufficient for the 
purpose of this study.

The combination of data sources known as data fusion offers a 
promising avenue for gaining information on public transport mobil-
ity patterns versus overall temporal and spatial travel demand. Sev-
eral data fusion studies considered either smartcard data or GSM data 
combined with travel habit surveys to successfully estimate trip pur-
poses (7, 15). A pilot data fusion study was performed in Emmen, the 
Netherlands, where smartcard and GSM data were fused to find areas 
with the potential to support additional public transport (16). A study 
in Singapore also explored the combination of smartcard and GSM 
data to identify weak public transport connections (17). Both studies 
supported the hypothesis that the data fusion of smartcard and GSM 
data offers synergies resulting with new information (16). Smartcard 
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data provide information on the public transport passengers traveling 
with a specific operator. GSM data provide information on overall 
travel demand and its temporal and spatial variation. Although all 
transport modalities are included, no distinction can be made between 
the different modalities. Both data sources contain information on 
spatial and temporal variations.

The objective of this study was to analyze the potential of fusing 
smartcard and GSM data for gaining information on public transport 
mobility patterns, versus overall travel demand, when accounting for 
their spatial and temporal variations. The analysis approach can be 
used for a variety of purposes. Many public transport operators offer 
special night networks and need to determine the transition times 
(18). Also, the demand for transport throughout the night has to be 
examined so that the network design and service span live up to the 
demand for transport during the night. The data fusion analysis 
approach was applied to a case study in Rotterdam, Netherlands, 
in which public transport usage versus overall travel demand was 
analyzed for the late evenings and early mornings for different types 
of days. The aim was to identify whether the supply of urban pub-
lic transport services was adequate for the demand for transport 
during these hours, and in what way this varies on different types 
of days. The results of this study can support decision makers in 
evaluating a service design and schedule and identify potential 
improvements.

The next section explains the proposed data fusion methodology, 
followed by a description of the application of the methodology to 
the case study of the night services in Rotterdam. Then the findings 
and recommendations for future applications are presented.

Methodology: Fusion gsM 
and sMartcard data

In this section, an overview of the methodology is given, starting 
with an overview of the structure, after which the different steps are 
discussed in more detail. The proposed analysis approach is illus-
trated in Figure 1. The main input was anonymized smartcard and 
GSM data along with the relevant spatial and temporal information. 
Depending on the application of interest, a base case scenario was 
defined (e.g., representing conditions on an average day or refer-
ring to a moving reference level, such as the previous hour). Input 
data preprocessing consisted of two aspects: identification of the 
characteristics, limitations, and assumptions of each data set and 
processing the data into a workable format. After preprocessing, 
the data fusion could be performed. Here, first different spatial and 
temporal analysis levels were identified by means of aggregation or 
differentiation in space and time. By data set and by analysis level, 
the discrepancies of scenarios with respect to the base scenario 
were measured using quantitative metrics. The actual data fusion 
was established by relating the discrepancies of the smartcard data 
to the discrepancies of the GSM data by scenario and analysis level. 
The approach proposed in this study can be used to explore various 
data sets that contains information on origins and destinations, or 
both, in transport networks.

Preprocessing data

The smartcard data set and the GSM data set have different charac-
teristics and limitations. These are first described by data set before 

turning to the data fusion. More information on the data formats can 
be found in the work of de Regt (19).

Smartcard Data

The smartcard data used for this research were anonymous OV-
Chipkaart data. In the Netherlands, the OV-Chipkaart is used nation-
wide for public transport fare validation. All passengers have to tap 
in and tap out. Each smartcard transaction record contained informa-
tion on the origin, i, and destination, j, at the stop level, and on the 
time stamp. Transactions were then temporally aggregated per day, 
m, and time intervals, n. The aggregation results showed passenger 
volume, denoted by vij

mn, traveling from origin i to destination j, on a 
specific day m, during time interval n.

GSM Data

GSM data for this study were provided by DAT.Mobility, which in 
turn receives data from a network provider (Vodafone) with a market 
share of approximately 33% in the Netherlands. The data received 
were already completely anonymized; individuals could not be traced 
(16). The data reported the number of devices counted per spatial 
and temporal features for all Vodafone users, and a growth factor 
algorithm was applied to increase the sample to the total popula-
tion. The resulting data were validated by DAT.Mobility and the 
Bureau of Statistics in the Netherlands, and the accuracy has been 
verified (20).

Each time a phone connects to the network, it is detected and reg-
istered in the database. A telephone that is switched on connects 
approximately 20 times to a network per day, even if it is not actively 
used. An actively used device connects more often to the network. 
On the basis of the antenna the device connects to, the location of 
the device is estimated. Antennas, however, cover multiple areas and 
multiple antennas may cover the same area (14). As a result, there is 
a localization error when estimating the location of the device (13). 
To ensure a high level of accuracy of the spatial features in the GSM 
data, zones were defined and devices were allocated to those zones. 
The zones included in the GSM data covered a larger geographical 
area than the catchment area of stop-level smartcard data. The geo-
graphical size of the zones may vary considerably, on the basis of one 
or more postal code areas in the Netherlands; that is, zones of 6 km2 
up to 30 km2 were found.

The GSM data were provided by one of the largest mobile phone 
operators in the Netherlands. The very large sample was then scaled 
by applying a growth factor algorithm. The algorithm used national 
census data while accounting for seasonality, type of day, time 
of day, and average duration of activities. Accuracy verification 
was performed by comparing the maximum amount of inhabi- 
tants per zone resulting from the growth algorithm with the zone 
population data available from the Central Bureau of Statistics. 
The algorithm was then adjusted to attain population levels that 
were very similar to the official statistics. Similar methods of scal-
ing GSM data to the total population have been applied in other 
transport studies (5, 17, 21).

The GSM data available for this study were temporally aggre-
gated into a set of time periods predefined by DAT.Mobility, the 
company that owns and manages this data set. The allocation algo-
rithm searched for unique devices per time interval. If a device was 
detected in multiple zones within a single time interval, it was allo-
cated to the zone in which it had been detected for the longest period 
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of time within the respective period. Furthermore, a distinction was 
made between visitors and residents. To determine whether a device 
belonged to a visitor or a resident of that zone, the place of resi-
dence of each device was estimated on the basis of overnight detec-
tions. The zone in which the device was detected in most nights 
during one month was determined to be the place of residence of 
that device. The process was performed each month, because the 
data are encrypted monthly. If a device was detected in its place of 
residence, it was registered as a resident; otherwise it was registered 
as a visitor. Because of the spatial aggregation, it was not possible 
to determine whether a device stayed at home or moved within the 
zone when it was recorded in its zone of residency. In contrast, visitors 

moved from their place of residence to another zone, thereby manifest-
ing demand for transport. Given the purpose of this study, only visitors 
were included in further analysis.

The GSM occupancy data contained information concerning the 
number of visitors detected in zone l ∈ L during day m and time 
interval n, denoted by v̂l

mn. L is the set of zones defined in the case 
study area. The place of residence was not included; hence, it is 
unknown where visitors came from. Furthermore, the difference 
between two subsequent hours is a net change in zone occupancy; 
the arrival–departure ratio cannot be deduced. Demand for transport 
was investigated by using the net change in number of visitors; the 
absolute level of demand for transport cannot be deduced.

FIGURE 1  Workflow of the data analysis process.

Σoi

Relating discrepancies [between] smartcard data and GSM data
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data Fusion

Spatial and Temporal Analysis Levels

To ensure consistency, the smartcard data were aggregated by zone: 
for each zone, transactions recorded at stops within a certain time 
interval were summed. By aggregating and differentiating spatial 
and temporal features of the data sets, different analysis levels were 
identified for which scenarios can be analyzed. Spatial analysis was 
performed for the entire study area, per zone or per origin–destination 
relation. The latter was possible only for the smartcard data and not 
for the fused data. Temporal analysis was performed at the hourly and 
daily levels. Intersecting the spatial and temporal analysis levels led 
to four combinations: total daily, total hourly, zonal daily, and zonal 
hourly. The total daily level gives a high-level overview of the data; the 
other levels zoom into spatial features, temporal features, or both. This 
top-down approach is commonly used to analyze (public) transport 
mobility patterns (16, 22, 23).

Measuring Discrepancies per Data Set

For each data set and analysis level, the discrepancies were measured 
in comparison with the respective base scenario. Normalized discrep-
ancies were measured to allow the comparison of results obtained for 
two different data sources. In addition, the direction and magnitude of 
the discrepancies were considered. The mean percentage error (MPE) 
measure was therefore chosen. The formulas differed by analysis 
level and by the values and features included in the data set under 
consideration (vij

mn for the smartcard data and v̂l
mn for the GSM data). 

For the smartcard data, in the zonal hourly analysis level, a distinction 
could be made between arrivals or departures per zone. Equations 1 
through 3 provide the MPE definitions for the smartcard data and 
Equations 4 and 5 define the MPE for the GSM data.
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The MPE values are in the range [−1, ∞). If the MPE fell within 
the user-defined range [−0.2, 0.2], then the respective analysis unit 
was considered not significantly different from the base scenario.

Relating Discrepancies of Smartcard Data  
and GSM Data

The final step in the data fusion procedure was relating the smart-
card metrics with the GSM metrics. The relation between MPE val-
ues was established by means of a graph, plotting the MPE values 
of both data sets on the axes (Figure 2). The threshold value range is 
displayed by using pink dotted lines. If the dots follow the gray dotted 
line, this means the relative MPE values of public transport usage 
are of the same order as the relative MPE values of visitor occu-
pancy. The unshaded areas in the graph are of most interest for pub-
lic transport operators. For example, in the time interval 11:00 a.m. 
to noon, the visitor occupancy increased significantly compared 
with the base scenario, whereas the public transport usage signifi-
cantly decreased relative to the base scenario. It is highly relevant 
for the public transport operator to examine why the public transport 

FIGURE 2  MPE of public transport usage and visitor occupancy compared with the base level.
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usage falls while the general demand for transport increases for this 
area and time period.

case study: late evenings  
and early Mornings

case study description

The methodology was applied to two case studies: (a) special events 
(e.g., festivals, disturbances) in Amsterdam and their respective 
mobility and transit patterns and (b) night service in Rotterdam. 
Only the latter is presented here because of space limitations. The 
details of the Amsterdam case study are available in de Regt (19).

Rotterdam is the second-largest city in the Netherlands, with approx-
imately 600,000 inhabitants. RET is the public transport operator in 
the city and surroundings, operating bus, tram, and metro services. 
On a yearly basis, approximately 160 million passenger trips are 
made with RET (24). The case study area includes 34 zones, on 
the basis of the availability of the urban public transport network 
throughout the late evenings and early mornings (Figure 3).

The case study was designed to analyze whether the service span  
of the public transport network was in line with increases and decreases 
in the overall travel demand. For example, it may be shown that, 
according to the overall transport demand, it is useful on a specific 
type of day to extend public transport operations in the late evening, 
or to start operating earlier in the morning. The starting and ending 

time of the transit operations may differ per zone. Operations end 
between midnight and 2:00 a.m. and are resumed again between 
5:00 and 7:00 a.m.

Following the preprocessing of the smartcard and GSM data, 
both data sets were processed for the specific spatial and temporal 
demarcations of this case study. The smartcard data were aggre-
gated from stop level to the level of the zones for which data were 
available from the GSM data set. All working days from January 5 
to May 31 in 2015 were taken into account, with the exception of a 
few days on which large-scale events took place. In total, 84 nights 
(10:00 p.m. to 7:00 a.m.) were included in the analysis. Data sets 
were processed and analyzed in MATLAB and ArcGIS, including 
its Python toolboxes.

The results are reported on the basis of the average mobility pat-
terns observed from the smartcard and GSM data. The results are 
presented with respect to the relative change in comparison with 
the previous hour. In case of visitor occupancy, as measured by the 
GSM data, a decrease with respect to the previous hour showed 
demand for outbound transport from a given zone, whereas an 
increase indicated demand for inbound transport toward the zone.

total hourly analysis results

The total hourly MPE values on working days are displayed in 
Figure 4. It can be observed that in the late evening hours, and 
until 2:00 a.m., both visitor occupancy and public transport usage 

FIGURE 3  Spatial demarcation of the Rotterdam case study area.
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decreased on an hourly basis, with the latter decreasing much more 
sharply than the former. This may suggest that the service ended 
too early, given that reductions in the level of visitors who were 
using travel modes other than public transport exhibited a slower 
pace. During the night, between 2:00 and 5:00 a.m., no signifi-
cant changes were observed; in the early mornings, from 5:00 a.m. 
onward, a rapid increase in both public transport usage and visi-
tor occupancy was measured. At the aggregate level, the transition 
from the night to the daytime network seems to be justified, given 
the simultaneous change in overall occupancy levels.

Zonal hourly analysis results

Investigating hourly changes at the zone level allowed identifica-
tion of zones where the night service might be inadequate. The 
results indicated that visitor occupancy continued to change in sev-
eral zones in the late evening after public transport services ceased 
(1:00 to 2:00 a.m.) and it increased considerably in the early morn-
ing, when the services are gradually resumed (5:00 to 6:00 a.m.). 
The results for these two time intervals are visualized in Figure 5. 
The background color of each zone shows the relative MPE value 
of visitor occupancy with respect to the previous hour, and the 
color of the circle within each zone shows the corresponding value 
for public transport usage. If no circle is included in the zone, no 
public transport data were available for the working days. The min-
imum MPE value for the smartcard data is −100%; this is −37% 
for the GSM data. Maximum MPE values for the smartcard follow 
from the usage in the first operating hour, as an increase over no 
operations in the hour before. The maximum MPE value for GSM is 
+88%. Light red and light green imply a decrease or increase within 
the threshold value range—that is, the range defined as a nonsig-
nificant change. Zones with contradictory colors were of particular 
interest. For the time interval 1:00 to 2:00 a.m. (Figure 5a), zones 
of interest were found especially in the northern and southern parts 
of the case study area (dark red background, light red circle). These 
suburban and residential zones have a significant decrease in visi-

tor occupancy during this hour, which cannot be served by public 
transport because transport operations have already stopped. For 
the time interval 5:00 to 6:00 a.m. (Figure 5b), zones of interest 
are found especially in the western and southern parts of the case 
study area (dark green background, light red dot). These indus-
trial and logistic zones around the large port area already had a 
significant increase in visitor occupancy during this hour relative 
to the previous hour, although public transport operations had not  
resumed yet.

The MPE calculates relative changes to allow relating the two 
data sources to each other. The net absolute change in visitor occu-
pancy compared with the previous hour is also of interest to the 
local operator to help in assessing the magnitude of the potential 
demand. Tables 1 and 2 summarize the relative change of both pub-
lic transport usage and visitor occupancy for time intervals 1:00 to 
2:00 a.m. and 5:00 to 6:00 a.m. compared with the previous hour 
for the zones of interest, identified on the basis of Figure 5. The 
value of the net change in visitor occupancy is also given. The zones 
directly south of the Maas River, Feyenoord and Ridderkerk (Table 1,  
Figure 3), where many nightlife activities are concentrated, see a 
substantial decrease of at least 1,000 people during the late night 
hours. This is the lower limit of the number of people that change 
their location during this hour, because the change in occupancy 
corresponds to the net change, indicating a potential for public 
transport services during these hours. It is especially important to 
cater for this demand because of the alcohol consumption that is 
customary in nightlife.

During the early morning, between 5:00 and 6:00 a.m., a net 
change of 1,600 in visitor occupancy was observed in Barendrecht 
(Table 2 and Figure 3), a factory area; hence, a large inbound 
demand can be targeted by the operator. In contrast, it can be con-
cluded that Maasland and Schipluiden are not much of interest for 
the operator, given the low absolute changes in visitor occupancy. 
For the other zones, that is, Schiedam and Vlaardingen, a relatively 
high absolute value of visitor occupancy was observed, suggesting 
that there is a potential demand for additional public transport in 
the early mornings.

FIGURE 4  Discrepancies of public transport usage and visitor occupancy (hourly; working day) 
compared with the base scenario.

M
PE

 D
is

cr
ep

an
cy

 P
ub

lic
 T

ra
ns

po
rt

 U
sa

ge
 w

it
h

Re
sp

ec
t t

o 
Ba

se
 S

ce
na

ri
o

MPE Discrepancy Visitor Occupancy
with Respect to Base Scenario

Working day 05:00 to 07:00
22:00 to 23:00

23:00 to 24:00

00:00 to 01:00

01:00 to 02:00

02:00 to 03:00

03:00 to 04:00

04:00 to 05:00

05:00 to 06:00

06:00 to 07:0023:00 to 02:00



56 Transportation Research Record 2652

FIGURE 5  MPE of hourly values on working days for visitor occupancy (background) and public transport usage (circles) for 
(top) 1:00 to 2:00 a.m. and (bottom) 5:00 to 6:00 a.m.
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conclusions and recoMMendations

The public transport industry faces challenges in catering for the 
variety of mobility patterns and corresponding needs and prefer-
ences of passengers. Although data fusion can be used to investigate 
spatial and temporal variations in travel demand, it is only seldom 
used by public transport operators. This research developed a meth-
odology to fuse smartcard and GSM data to allow analysis of public 
transport usage in relation to overall travel demand. On the basis of 
relative changes in public transport usage and visitor occupancy for 
different analysis levels, spatial and temporal features of interest for 
public transport operators can be examined. The analysis approach 
proposed in this study supports public transport operator decision 
making at the tactical level.

Because of the different semantics of the smartcard and GSM 
data, it was not possible to directly fuse both data sets. The meth-
odology used in this research, however, demonstrated the system-
atic exploration and analysis of public transport usage in relation 
to overall travel demand. This information could not be deduced 
by analyzing a single data set. Because of the spatial level of detail 
of the GSM data, it was not possible to determine exact locations 
of demand for transport, and origin–destination relationships were 
unknown. However, the application of the methodology to a case 
study in the Netherlands allowed identification of several zones that 
were of interest for the public transit operator; that is, zones show-
ing potential demand for extending the service span in both the late 
evening and early morning were identified. The potential demand 
for public transport in turn has to be considered in more detail, while 

one takes into account the possible line alignments and public trans-
port market share, because not all the mobility change will shift in 
response to service provision. In addition, capacity utilization and 
cost estimates are needed to identify whether it would be useful to 
extend public transport operations beyond the current service span.

The data fusion approach proposed here can be used to explore 
and fuse a large range of data sets that contain information (in aggre-
gated or disaggregated form) for origins or destinations, or both, in 
transport networks. The potential transit ridership for night service, 
a period for which conventional onboard surveys and travel dia-
ries offer no information because of its small share and distinctive 
travel patterns, was investigated. Fusing smartcard and GSM data, 
which are readily available and collected continuously on a large 
scale, allows analyzing travel demand for periods, circumstances, 
and areas for which conventional data collection efforts will not 
yield sufficient data. This includes, for example, large-scale events, 
service disruptions, various weather conditions, and low-demand 
origin–destination pairs, which were examined in a follow-up study. 
The approach adopted in this research can be thus used in a large 
range of applications where demand data availability may otherwise 
undermine the analysis.

Several limitations of the methodology can be identified, pertaining 
to data processing issues. Even though ongoing efforts are decreasing 
the size of the zones used in the aggregation of the GSM data in the 
Netherlands, privacy concerns dictate that considerable aggrega-
tion will remain (13). For future improvements of the methodology, 
the inclusion of origin–destination relationships in the GSM data 
would provide information on the direction of the potential public 
transport demand. Smartcard data in the Netherlands are owned and 
stored by individual public transport operators. Fusing data from 
different operators, including the national railway, will enable iden-
tification of passengers transferring between services provided by 
different operators.
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