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cINTIS, Bani 73a, Buzin, Zagreb, 10010, Croatia

Abstract

By coupling data-mining techniques with historical cellular and vehicular data, it is possible to find a certain spatiotemporal logic
in the observed data. The primary motivation for combining multiple data sources derives from the fact that origin-destination
matrices, extracted from cellular data sets, represent only the route’s start and end-point without the information about the complete
trajectory. This paper proposes a method to estimate sparse cellular data trajectories by reconstructing possible paths from the
historical vehicular data. The possible routes are generated by solving the shortest-path problems for given origin-destination pair.
A spatiotemporal similarity value is computed to evaluate the paths relative to the ground-truth origin-destination pair. In the
end, the path with the highest similarity value is selected. Three criteria for the computation of the spatiotemporal similarity are
used: length-based, modified length-based and time-based. The results show the application of proposed methods on the collected
historical data, with average percentage similarity ranging from 39.85% to 56.11% (depending on the transport mode and criteria
used) with modified-length criteria producing the best results - in some cases producing a trajectory with 98% similarity to the
actual cellular trajectory.
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1. Introduction

Efficiently predicting traffic parameters is an essential part of Intelligent Traffic Systems (ITS) to improve traffic
control and accurately estimate traffic conditions. Traffic sensors serve as the principal data source for estimating traffic
parameters. The data collection methods can be divided into conventional on-site methods, such as loops, radars, cam-
eras etc., and floating methods, such as Floating Car Data (FCD), Leduc (2008). Static on-site data collection methods
produce vast traffic data. Still, their coverage is limited to the device mounting location, making them unprofitable for
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applications requiring spatially high-resolution data and covering large areas. Instead of traditional on-site methods,
FCD can be interpreted as mobile sensors that log users’ movement through the road network, Yang et al. (2017).
Based on the FCD collection method, there are two types of data, Leduc (2008): (i) Global Positioning System FCD
(GPS-FCD) where a vehicle is equipped with a GPS tracking device, and (ii) FCD based on Cellular Network Data
(FCD-CND) where mobile phone operators collect location-based data from users’ mobile devices. The spatial and
temporal resolution of such data depends on the sampling rate and sensor coverage, which can incur lower spatial
resolution, Fillekes (2014). This is especially the case in FCD-CND, where user’s trajectory is usually expressed as
a series of passed cells’ IDs. On the other hand, such data contain spatiotemporal information on a large number of
users and their activities, which can be used to extract traffic behaviour patterns on the entire road network. Due to the
long sampling period (i.e. several years), historical FCD datasets are often of large quantity, and the term big data can
be used. Extracting spatiotemporal traffic patterns from such big data requires efficient data-mining procedures, An
et al. (2016); Erdelić et al. (2021). Most often, the traffic data are aggregated in discrete time periods to analyze the
average behaviour pattern within the observed period, i.e., speed profiles Erdelić et al. (2021), queue lengths Tišljarić
et al. (2018), traffic density Sun et al. (2016), travel time Erdelić et al. (2021) etc.

This paper aims to extract and combine information from FCD-GPS and aggregated sparse FCD-CND data to
estimate road-network trajectories for the Origin-Destination (OD) cell pair. The vital part of the procedure is the
path reconstruction algorithm, which is based on the solution to the shortest path problem. One of the most applied
exact algorithms for determining the shortest path is Dijkstra’s algorithm, Dijkstra (1959). In related research, Hoteit
et al. (2014) investigated the error between the actual trajectory and the one obtained through mobile phone data using
different interpolation methods (linear, cubic, nearest interpolations) by considering mobility parameters. Jenelius and
Koutsopoulos (2013) used a spatial moving average to estimate trajectory and travel time from sparse GPS data. Chen
et al. (2019) dealt with trajectory estimation from sparse mobile phone data. The authors proposed a context-enhanced
trajectory reconstruction technique that hinges on tensor factorization to complete individual trajectories. Schlaich
et al. (2010) used Land Area Update (LAUs) series to determine mobile users’ trajectories. The authors compared a
series of LAUs to a set of pre-generated routes between the observed user’s start and end position. The route with the
highest similarity was selected as the trajectory describing the mobility of the corresponding user. Leontiadis et al.
(2014) used the shortest path algorithm with edges representing reduced link costs of links within the travelled cells
in the cellular network to determine the most likely traversed route. Wu et al. (2015) used a similar method to define
a set of possible routes for each ground-truth OD-pair and selected a path with the highest similarity value, resulting
in a series of cells that the user traversed during the trip.

Compared to the related research, in this paper, the most likely FCD-CND trajectory in specific time periods of
the day is determined for a given OD cell pair. Additionally, different criteria for trajectory estimation are used and
compared.

The rest of the paper is organized as follows. The materials and preprocessing methods are presented in section
2, while the methodology used to estimate a trajectory is given in section 3. The results of the paper are presented in
section 4. Finally, the conclusion is given in section 5.

2. Materials

This section describes historical vehicular FCD-GPS data, cellular FCD-CND data, and applied pre-processing
steps to both data sets.

2.1. FCD-GPS data set

Used historical vehicle trajectory data set are GPS traces acquired within the SORDITO project on the road network
of Croatia. The company MIREO Inc. collected the raw GPS logs from approximately 4200 vehicles between August
2009 and October 2014. Tracking devices were mainly mounted in taxi cars and delivery vehicles (small trucks,
caddies and vans). In total, the data set contains over seven billion GPS logs on the whole road network of Croatia.
Each FCD-GPS log contains geographic coordinates, timestamp, velocity and heading. Figure 1a shows an example
of a tracked route in the City of Rijeka represented as a series of FCD-GPS points, where each red circle represents
one logged FCD-GPS data. Figure 1b shows a subset of the recorded FCD-GPS in the area of Rijeka, where the color
of the point represents the recorded FCD-GPS speed, ranging from green (speed ≥ 80 km/h) to red (speed ≤ 15 km/h).
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applications requiring spatially high-resolution data and covering large areas. Instead of traditional on-site methods,
FCD can be interpreted as mobile sensors that log users’ movement through the road network, Yang et al. (2017).
Based on the FCD collection method, there are two types of data, Leduc (2008): (i) Global Positioning System FCD
(GPS-FCD) where a vehicle is equipped with a GPS tracking device, and (ii) FCD based on Cellular Network Data
(FCD-CND) where mobile phone operators collect location-based data from users’ mobile devices. The spatial and
temporal resolution of such data depends on the sampling rate and sensor coverage, which can incur lower spatial
resolution, Fillekes (2014). This is especially the case in FCD-CND, where user’s trajectory is usually expressed as
a series of passed cells’ IDs. On the other hand, such data contain spatiotemporal information on a large number of
users and their activities, which can be used to extract traffic behaviour patterns on the entire road network. Due to the
long sampling period (i.e. several years), historical FCD datasets are often of large quantity, and the term big data can
be used. Extracting spatiotemporal traffic patterns from such big data requires efficient data-mining procedures, An
et al. (2016); Erdelić et al. (2021). Most often, the traffic data are aggregated in discrete time periods to analyze the
average behaviour pattern within the observed period, i.e., speed profiles Erdelić et al. (2021), queue lengths Tišljarić
et al. (2018), traffic density Sun et al. (2016), travel time Erdelić et al. (2021) etc.

This paper aims to extract and combine information from FCD-GPS and aggregated sparse FCD-CND data to
estimate road-network trajectories for the Origin-Destination (OD) cell pair. The vital part of the procedure is the
path reconstruction algorithm, which is based on the solution to the shortest path problem. One of the most applied
exact algorithms for determining the shortest path is Dijkstra’s algorithm, Dijkstra (1959). In related research, Hoteit
et al. (2014) investigated the error between the actual trajectory and the one obtained through mobile phone data using
different interpolation methods (linear, cubic, nearest interpolations) by considering mobility parameters. Jenelius and
Koutsopoulos (2013) used a spatial moving average to estimate trajectory and travel time from sparse GPS data. Chen
et al. (2019) dealt with trajectory estimation from sparse mobile phone data. The authors proposed a context-enhanced
trajectory reconstruction technique that hinges on tensor factorization to complete individual trajectories. Schlaich
et al. (2010) used Land Area Update (LAUs) series to determine mobile users’ trajectories. The authors compared a
series of LAUs to a set of pre-generated routes between the observed user’s start and end position. The route with the
highest similarity was selected as the trajectory describing the mobility of the corresponding user. Leontiadis et al.
(2014) used the shortest path algorithm with edges representing reduced link costs of links within the travelled cells
in the cellular network to determine the most likely traversed route. Wu et al. (2015) used a similar method to define
a set of possible routes for each ground-truth OD-pair and selected a path with the highest similarity value, resulting
in a series of cells that the user traversed during the trip.

Compared to the related research, in this paper, the most likely FCD-CND trajectory in specific time periods of
the day is determined for a given OD cell pair. Additionally, different criteria for trajectory estimation are used and
compared.

The rest of the paper is organized as follows. The materials and preprocessing methods are presented in section
2, while the methodology used to estimate a trajectory is given in section 3. The results of the paper are presented in
section 4. Finally, the conclusion is given in section 5.

2. Materials

This section describes historical vehicular FCD-GPS data, cellular FCD-CND data, and applied pre-processing
steps to both data sets.

2.1. FCD-GPS data set

Used historical vehicle trajectory data set are GPS traces acquired within the SORDITO project on the road network
of Croatia. The company MIREO Inc. collected the raw GPS logs from approximately 4200 vehicles between August
2009 and October 2014. Tracking devices were mainly mounted in taxi cars and delivery vehicles (small trucks,
caddies and vans). In total, the data set contains over seven billion GPS logs on the whole road network of Croatia.
Each FCD-GPS log contains geographic coordinates, timestamp, velocity and heading. Figure 1a shows an example
of a tracked route in the City of Rijeka represented as a series of FCD-GPS points, where each red circle represents
one logged FCD-GPS data. Figure 1b shows a subset of the recorded FCD-GPS in the area of Rijeka, where the color
of the point represents the recorded FCD-GPS speed, ranging from green (speed ≥ 80 km/h) to red (speed ≤ 15 km/h).
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The FCD-GPS speeds have discrete values, but due to a large number of data, resulting in high temporal and spatial
density, the plotted points seem continuous.

This paper focuses on the road network of the broader area of the city of Rijeka, whose digital traffic map consists
of 40247 road links presented in Figure 2a. One link represents a line representation of a road segment between
two adjacent intersections. Each link has a unique identification key (ID), two geographical coordinates (start and
endpoint), speed limit static speed and length.

2.2. FCD-CND data set

Ericsson Nikola Tesla d.d. supplied the used FCD-CDN dataset as an OD cell network matrix. A network provider
logs a Call Detail Record (CDR) from a cellular base station for every networking event a user makes (text message or
phone call). In contrast to the FCD-GPS, the period in which the provider collected the FCD-CND data is unknown.
The lack of certainty that the providers amassed the respective data sets in the same period should not render errors.
The paper aims to define the observed traffic network using speed profiles rather than exact date-time recorded values.
The observed area of the City of Rijeka consists of 42 network cells. By tracking users’ typical daily activity on the
observed network, the network provider stored 505992 logs within the data set. In contrast to the FCD-GPS dataset,
the nature of the tracked users in the OD cell network matrix stands unspecified. The OD matrix defines the user’s
trajectory solely by its source and destination network cell, with no data on the cells between the origin and destination.
The lack of a detailed trajectory log yields a significant loss of space-time information. Therefore, the data represents
the aggregated FCD-CND in the form of the distribution (count) between each pair in the OD cell matrix. Additionally,
the data set contains the distribution of travels between the cells, which can be used to determine the most used OD
pairs. Figure 2b visualizes the allocation of 42 cells of the observed data in the area of Rijeka.

Each cellular OD log contains nine numerical attributes: start time, duration, air distance, air speed, start cell
ID, end cell ID, road distance, road speed and transport mode (car, public transport, walking or cycling). This paper
considers only car and public transport modes, as the FDC-GPS dataset considered only vehicles. The observed data is
divided (discretized) in five-time periods during a day corresponding to the division of the day with two rush periods,
Erdelić et al. (2021): 00:00-06:00, 06:00-09:00, 09:00-14:00, 14:00-18:00, and 18:00-24:00. The discretized time
periods contain a different number of samples, which is common in daily traffic estimation procedures, to increase the
estimation precision Tišljarić et al. (2018). Public transport was used the most in the 18:00-24:00 time period with a
ratio of 18.5 (public) % to 81.5 % (car), while the car was used the most in the 00:00-06:00 time period (96.5 %).

2.3. Preprocessing

The original FCD-GPS data need to be processed so that each link in the observed road network contains an average
speed per observed time period. The raw FCD-GPS data assigned to each link in the map through map-matching were

(a) Example of an FCD-GPS route (b) FCD-GPS collected in the area of Rijeka

Fig. 1: Collected FCD-GPS data
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(a) Road network in the area of Rijeka (b) Cell distribution and coverage in the area of Rijeka

Fig. 2: CND cells

divided into five time periods (as mentioned in the previous subsection 2.2). The average speed within the particular
time period on the observed link was computed by Equation 1 as harmonic mean, where vi is the speed from one
FCD-GPS log, and N is the total number of records within the particular time period on a given link. To estimate the
user’s trajectory through cells, the corresponding cell in the network had to be determined for each link. Tracked taxis
and delivery vehicles within the used FCD-GPS dataset mainly use main city roads to traverse between the designated
start and end point. Consequently, some cells contain a small number of found traversed links or none (usually fewer
than 10), and some cells include a large number of traversed links (more than 100). The lack of data in some links,
and therefore cells, can influence the trajectory estimation accuracy. Therefore, when analyzing the results, the spatial
distribution of the used data has to be accounted for.

v =
∑N

i=1 vi

N
(1)

3. Methodology

This section defines three utilised trajectory estimation methods. The general approach to estimating the user trajec-
tories was to fetch a predefined set of alternative paths for each user and select the one with the highest spatiotemporal
similarity with the ground-truth cellular OD-pair within an exact period-specific transport mode used. Used methods
applied the Dijkstra algorithm Dijkstra (1959) to generate a pool of alternative paths. Three criteria were used within
the Dijkstra algorithm to compute the shortest path: length-based, modified length-based and time-based.

3.1. Length-based edge criteria

The guiding thought behind this approach is that network users follow the shortest distance path when transiting
the network. The weights of edges in Dijkstra’s algorithm are equal to the network’s length of the road segments. The
approach consists of two steps: (i) generate a set of alternative paths, and (ii) compute a similarity measure to allocate
the observed ground-truth user a trajectory with the highest spatial similarity.

The processed FDC-GPS dataset served as the input to Dijkstra’s algorithm. The outcome of the procedure is a
pool of optional trajectories. The algorithm defines each generated path as a collection of links, from the origin to the
destination. Each computed path also contains the total traversed length, average speed, overall traverse time and the
cell ID of the source and destination road segment.

In addition to the network’s generated collection of alternative paths, the FDC-CND dataset served as the input
of the similarity computation algorithm. Each FDC-CND log represents a unique cellular user for which the method
must define a trajectory. While estimating the trajectory, the algorithm analyses only paths with matching origin and
destination cell ID values of the observed user. The similarity value S p [%] of a path p resembles the accuracy value of
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pairs. Figure 2b visualizes the allocation of 42 cells of the observed data in the area of Rijeka.

Each cellular OD log contains nine numerical attributes: start time, duration, air distance, air speed, start cell
ID, end cell ID, road distance, road speed and transport mode (car, public transport, walking or cycling). This paper
considers only car and public transport modes, as the FDC-GPS dataset considered only vehicles. The observed data is
divided (discretized) in five-time periods during a day corresponding to the division of the day with two rush periods,
Erdelić et al. (2021): 00:00-06:00, 06:00-09:00, 09:00-14:00, 14:00-18:00, and 18:00-24:00. The discretized time
periods contain a different number of samples, which is common in daily traffic estimation procedures, to increase the
estimation precision Tišljarić et al. (2018). Public transport was used the most in the 18:00-24:00 time period with a
ratio of 18.5 (public) % to 81.5 % (car), while the car was used the most in the 00:00-06:00 time period (96.5 %).

2.3. Preprocessing

The original FCD-GPS data need to be processed so that each link in the observed road network contains an average
speed per observed time period. The raw FCD-GPS data assigned to each link in the map through map-matching were

(a) Example of an FCD-GPS route (b) FCD-GPS collected in the area of Rijeka

Fig. 1: Collected FCD-GPS data
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(a) Road network in the area of Rijeka (b) Cell distribution and coverage in the area of Rijeka

Fig. 2: CND cells

divided into five time periods (as mentioned in the previous subsection 2.2). The average speed within the particular
time period on the observed link was computed by Equation 1 as harmonic mean, where vi is the speed from one
FCD-GPS log, and N is the total number of records within the particular time period on a given link. To estimate the
user’s trajectory through cells, the corresponding cell in the network had to be determined for each link. Tracked taxis
and delivery vehicles within the used FCD-GPS dataset mainly use main city roads to traverse between the designated
start and end point. Consequently, some cells contain a small number of found traversed links or none (usually fewer
than 10), and some cells include a large number of traversed links (more than 100). The lack of data in some links,
and therefore cells, can influence the trajectory estimation accuracy. Therefore, when analyzing the results, the spatial
distribution of the used data has to be accounted for.

v =
∑N

i=1 vi

N
(1)

3. Methodology

This section defines three utilised trajectory estimation methods. The general approach to estimating the user trajec-
tories was to fetch a predefined set of alternative paths for each user and select the one with the highest spatiotemporal
similarity with the ground-truth cellular OD-pair within an exact period-specific transport mode used. Used methods
applied the Dijkstra algorithm Dijkstra (1959) to generate a pool of alternative paths. Three criteria were used within
the Dijkstra algorithm to compute the shortest path: length-based, modified length-based and time-based.

3.1. Length-based edge criteria

The guiding thought behind this approach is that network users follow the shortest distance path when transiting
the network. The weights of edges in Dijkstra’s algorithm are equal to the network’s length of the road segments. The
approach consists of two steps: (i) generate a set of alternative paths, and (ii) compute a similarity measure to allocate
the observed ground-truth user a trajectory with the highest spatial similarity.

The processed FDC-GPS dataset served as the input to Dijkstra’s algorithm. The outcome of the procedure is a
pool of optional trajectories. The algorithm defines each generated path as a collection of links, from the origin to the
destination. Each computed path also contains the total traversed length, average speed, overall traverse time and the
cell ID of the source and destination road segment.

In addition to the network’s generated collection of alternative paths, the FDC-CND dataset served as the input
of the similarity computation algorithm. Each FDC-CND log represents a unique cellular user for which the method
must define a trajectory. While estimating the trajectory, the algorithm analyses only paths with matching origin and
destination cell ID values of the observed user. The similarity value S p [%] of a path p resembles the accuracy value of
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its total travelled length (Lp [m]) compared to the ground-truth users’ total traversed distance (Lu [m]). The similarity
is computed by Equation 2. Finally, out of the pool of valid paths, the observed cellular user is allocated a trajectory
with the highest travelled distance similarity.

S p =
Lp

Lu
· 100 (2)

3.2. Modified length-based edge criteria

The pool of valid paths may contain an N number of routes with a perfect or near-to-perfect traversed length match
but do not share any other similarity with the ground-truth user. The likelihood of such increases with the growth
of the pool of alternative paths. Thus, the method described in subsection 3.1 has a high probability of allocating
a trajectory that, in truth, bears no resemblance to the cellular user besides traversed distance. This approach aims
to resolve the concern by enriching the process of similarity computation. In addition to the spatial similarity, this
method also emphasized the temporal aspect of the path. The method assumes that individuals follow the shortest
distance path when transiting the network. The approach consists of two steps: (i) alternative path pool generation and
(ii) similarity computation and trajectory allocation.

As multiple paths can have similar average speed and travel time values, this method assumes that the traversed
length of the route serves as the principal value in allocating a trajectory to the user. Thus it aims to validate each path
and select paths with a traversed length similarity value of more than 90% of the observed ground-truth path from the
pool of alternative routes. Such an approach aims to produce a collection of valid trajectories closely resembling the
cellular users’ traversed length.

The average speed of an observed path (vp, Equation 3) is equal to the sum of all calculated average speeds of its
containing links (vi, Equation 1) divided by the number of links in path (N). At the same time, the travel time of an
observed path (tp, Equation 4) is equal to the sum of links lengths (li) divided by the computed average speeds on the
link (vi).

vp =

∑N
i=1 vi

N
(3)

tp =

N∑
i=1

li
vi

(4)

In contrast to length-based criteria, the similarity value S p [%] of a path p resembles the accuracy value of the sum
of its total travelled length (S pl [%]), average speed (S ps [%]) and travel time (S pt [%]) similarity values. The sum is
divided by 300, as each attribute has a maximum of 100. The similarity is computed by Equation 5. The algorithm
allocates the user the trajectory with the highest overall similarity value out of the pool of valid paths.

S p =
1
3

(S pl + S ps + S pt) (5)

3.3. Time-based edge criteria

In contrast to previously described methods, the time-based edge criteria guiding thought is that network users
follow the shortest travel time path when transiting the network. The weights of edges in Dijkstra’s algorithm equal
the required time to traverse a network’s road segment. This approach consists of two steps: (i) generate a set of
alternative paths where each link’s weight is time adjusted, and (ii) similarity computation and path allocation based
on the highest spatial and temporal similarity.

This approach presumed the likelihood of a user using a link increased with the importance of the category of
the respective link, Fillekes (2014). The method assumes that the shortest travel time path prioritizes paths of higher
magnitude, such as expressways and arterial roads. Prior to the computation of Dijkstra’s algorithm, the network’s
road segments were subject to a modification of the respective time required to traverse them. A decrease followed
the increase in the importance of the segment’s category in the respective time required to traverse it. Adjusting the
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weights of edges according to the road category increased the probability of the shortest path algorithm selecting a
link of a higher class. In contrast to the modified length-based criteria, this method filled the pool of valid alternative
paths with a travel time similarity value of more than 90% of the observed ground-truth path.

For each path in the generated pool of valid routes, its similarity value resembled the accuracy value of the sum
of its total travelled length, average speed and travel time similarity value, as described in subsection 3.2. Upon
computing the complete set of valid alternative paths, the algorithm allocates a trajectory with the most significant
overall resemblance to the observed user.

4. Results

The results, divided into three categories of transport mode data: Car, Bus, and Car and Bus, are presented respec-
tively in Boxplot Figure 3, Figure 4 and Figure 5. On the x-axis is the observed time period in a day, and on the y-axis
is the similarity value of the allocated trajectories. Each plot contains three trajectory estimation methods utilised in
this paper. Case 1 denotes the length-based edge criteria, Case 2 modified length-based edge criteria and Case 3 the
time-based edge criteria.

Boxplot is a chart that visualises the distribution of a given dataset using quartiles. The chart shows minimum
(bottom horizontal line), maximum (top horizontal line), first quartile (area between the minimum and the bottom of
the box), median (horizontal line in the box), third quartile (space between the median and top of the box), and outliers
(dots).

The results imply that by utilising the distance of the link as the weight in the graph and favouring paths that have
the highest overall resemblance to the analysed cellular users’ path, the Case 2 approach is the most sufficient. For
transport mode Car and Bus overall average mean similarity per cases is 56.11% (Case 2), 39.85% (Case 1), and

Fig. 3: Car boxplot similarity distribution per utilised method

Fig. 4: Bus boxplot resemblance distribution per used method
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its total travelled length (Lp [m]) compared to the ground-truth users’ total traversed distance (Lu [m]). The similarity
is computed by Equation 2. Finally, out of the pool of valid paths, the observed cellular user is allocated a trajectory
with the highest travelled distance similarity.

S p =
Lp

Lu
· 100 (2)

3.2. Modified length-based edge criteria

The pool of valid paths may contain an N number of routes with a perfect or near-to-perfect traversed length match
but do not share any other similarity with the ground-truth user. The likelihood of such increases with the growth
of the pool of alternative paths. Thus, the method described in subsection 3.1 has a high probability of allocating
a trajectory that, in truth, bears no resemblance to the cellular user besides traversed distance. This approach aims
to resolve the concern by enriching the process of similarity computation. In addition to the spatial similarity, this
method also emphasized the temporal aspect of the path. The method assumes that individuals follow the shortest
distance path when transiting the network. The approach consists of two steps: (i) alternative path pool generation and
(ii) similarity computation and trajectory allocation.

As multiple paths can have similar average speed and travel time values, this method assumes that the traversed
length of the route serves as the principal value in allocating a trajectory to the user. Thus it aims to validate each path
and select paths with a traversed length similarity value of more than 90% of the observed ground-truth path from the
pool of alternative routes. Such an approach aims to produce a collection of valid trajectories closely resembling the
cellular users’ traversed length.

The average speed of an observed path (vp, Equation 3) is equal to the sum of all calculated average speeds of its
containing links (vi, Equation 1) divided by the number of links in path (N). At the same time, the travel time of an
observed path (tp, Equation 4) is equal to the sum of links lengths (li) divided by the computed average speeds on the
link (vi).

vp =

∑N
i=1 vi

N
(3)

tp =

N∑
i=1

li
vi

(4)

In contrast to length-based criteria, the similarity value S p [%] of a path p resembles the accuracy value of the sum
of its total travelled length (S pl [%]), average speed (S ps [%]) and travel time (S pt [%]) similarity values. The sum is
divided by 300, as each attribute has a maximum of 100. The similarity is computed by Equation 5. The algorithm
allocates the user the trajectory with the highest overall similarity value out of the pool of valid paths.

S p =
1
3

(S pl + S ps + S pt) (5)

3.3. Time-based edge criteria

In contrast to previously described methods, the time-based edge criteria guiding thought is that network users
follow the shortest travel time path when transiting the network. The weights of edges in Dijkstra’s algorithm equal
the required time to traverse a network’s road segment. This approach consists of two steps: (i) generate a set of
alternative paths where each link’s weight is time adjusted, and (ii) similarity computation and path allocation based
on the highest spatial and temporal similarity.

This approach presumed the likelihood of a user using a link increased with the importance of the category of
the respective link, Fillekes (2014). The method assumes that the shortest travel time path prioritizes paths of higher
magnitude, such as expressways and arterial roads. Prior to the computation of Dijkstra’s algorithm, the network’s
road segments were subject to a modification of the respective time required to traverse them. A decrease followed
the increase in the importance of the segment’s category in the respective time required to traverse it. Adjusting the
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weights of edges according to the road category increased the probability of the shortest path algorithm selecting a
link of a higher class. In contrast to the modified length-based criteria, this method filled the pool of valid alternative
paths with a travel time similarity value of more than 90% of the observed ground-truth path.

For each path in the generated pool of valid routes, its similarity value resembled the accuracy value of the sum
of its total travelled length, average speed and travel time similarity value, as described in subsection 3.2. Upon
computing the complete set of valid alternative paths, the algorithm allocates a trajectory with the most significant
overall resemblance to the observed user.

4. Results

The results, divided into three categories of transport mode data: Car, Bus, and Car and Bus, are presented respec-
tively in Boxplot Figure 3, Figure 4 and Figure 5. On the x-axis is the observed time period in a day, and on the y-axis
is the similarity value of the allocated trajectories. Each plot contains three trajectory estimation methods utilised in
this paper. Case 1 denotes the length-based edge criteria, Case 2 modified length-based edge criteria and Case 3 the
time-based edge criteria.

Boxplot is a chart that visualises the distribution of a given dataset using quartiles. The chart shows minimum
(bottom horizontal line), maximum (top horizontal line), first quartile (area between the minimum and the bottom of
the box), median (horizontal line in the box), third quartile (space between the median and top of the box), and outliers
(dots).

The results imply that by utilising the distance of the link as the weight in the graph and favouring paths that have
the highest overall resemblance to the analysed cellular users’ path, the Case 2 approach is the most sufficient. For
transport mode Car and Bus overall average mean similarity per cases is 56.11% (Case 2), 39.85% (Case 1), and

Fig. 3: Car boxplot similarity distribution per utilised method

Fig. 4: Bus boxplot resemblance distribution per used method
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Fig. 5: Car and Bus boxplot resemblance distribution per utilised method

45.63% (Case 3). A higher overall resemblance in Case 2 in contrast to Case 1 implies that additional parameters
in a similarity computation enabled the allocation algorithm to yield better results. Higher overall results generated
in Case 2 in contrast to Case 3 imply the observed cellular users’ in this paper were more apt to follow the shortest
length when transiting the network rather than the shortest travel time path. The results are hardly comparable to
other methods in the literature due to the specific format of the aggregated FCD-CND data. For example, on the raw
FCD-CND state-of-the-art methods achieve trajectory estimation precision up to 90%, Wu et al. (2015).

Each approach yielded more satisfactory results for users that transited the network via a car rather than a bus. The
difference may be due to the proposed methods not considering the additional time aspect of a bus route containing N
stops while computing the shortest path, as a single bus stop site on the link may increase the time required to pass it.

Moderately low similarity values generated in this paper might be due to the nature of the accumulation process
of the FCD-GPS dataset. The commute routes of service vehicles, serving as principal data sources, could vary from
those of personal cars. The prior are apt not to diverge primary avenues, typically attributed as the fastest routes on
the network. The daily commutes of the latter may commence or end in residential areas, zones with roads typically
attributed with less capacity. With an assumption that service vehicles use paths of higher importance, the tracked
service vehicles presumably have not transited the source or destination links of users associated with private cars.
The lack of spatial data decreases the pool of optional paths that could yield a more significant resemblance to the
observed cellular user.

Figures 6a and 6b illustrate the trajectory allocation per utilised methods for the case of the same cellular log (user).
The figures present the paths estimated with different methods using different colors: orange (Case 1), purple (Case 2)
and green (Case 3). As displayed, the Case 2 trajectory commenced in the outskirts of Hreljin while it finished in the
surroundings of the municipal Krasica. Case 1 and Case 3 trajectories commenced in the outskirts of Kraljevica and
Bakarac but have not finished in the proximity of a city. It is noteworthy to mention the FDC-GPS dataset does not
cover either city’s road network. The lack of coverage of the municipalities incapacitates the allocation algorithm to
precisely estimate the user’s route. As displayed in Case 2, the observed user might have commenced their commute
in the municipality Hreljin and concluded in Krasica. The spatial and temporal resemblance of the allocated paths
(Figures 6a and 6b) to the observed OD-log (user) was calculated by Equation 5 for all three illustrated methods.
Per Equation 5, the length-based method generated a 56% resemblance value to the observed OD-log, the modified
length-based method generated 98%, and the time-based approach generated 78%.

5. Conclusion

The FCD-CND data set often contains only the user’s OD cell pairs in the cell network with its derived distribu-
tion, without knowing the exact traversed trajectory. To overcome this, we investigated the possibility of trajectory
estimation of sparse cellular data (FCD-CND) by reconstructing a path utilising the FCD-GPS data collected on the
observed road network. The proposed methods generate a set of possible alternative trajectories through the network
by applying the Dijkstra algorithm and allocate the user an alternative trajectory with the most significant spatial and
temporal resemblance to the observed ground-truth cellular user route. Three methods (criteria) for the spatiotemporal
similarity between the Dijkstra paths were observed: length-based, modified length-based, which also includes an av-
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(a) Allocation result: Case 2 (purple) and Case 3 (green) (b) Allocation result: Case 2 (purple) and Case 1 (orange)

Fig. 6: Visualisation of the trajectory allocation per utilised methods for the case of the same cellular log

erage speed and traversed distance, and time-based. As a result, the modified length-based method displayed the best
results, with an average similarity value of 56.11% across transport modes and periods. Also, the results indicated that
the observed cellular network users’ tended to follow the shortest path distance when traversing the network rather
than the shortest travel time path. Future studies could focus on integrating raw FCD-CND data into the trajectory
estimation, and not just the given OD cell pair and its distribution. Furthermore, the traffic flow could be estimated
and included as one of the parameters used to compute similarity values, which could yield better results.
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Fig. 5: Car and Bus boxplot resemblance distribution per utilised method

45.63% (Case 3). A higher overall resemblance in Case 2 in contrast to Case 1 implies that additional parameters
in a similarity computation enabled the allocation algorithm to yield better results. Higher overall results generated
in Case 2 in contrast to Case 3 imply the observed cellular users’ in this paper were more apt to follow the shortest
length when transiting the network rather than the shortest travel time path. The results are hardly comparable to
other methods in the literature due to the specific format of the aggregated FCD-CND data. For example, on the raw
FCD-CND state-of-the-art methods achieve trajectory estimation precision up to 90%, Wu et al. (2015).

Each approach yielded more satisfactory results for users that transited the network via a car rather than a bus. The
difference may be due to the proposed methods not considering the additional time aspect of a bus route containing N
stops while computing the shortest path, as a single bus stop site on the link may increase the time required to pass it.

Moderately low similarity values generated in this paper might be due to the nature of the accumulation process
of the FCD-GPS dataset. The commute routes of service vehicles, serving as principal data sources, could vary from
those of personal cars. The prior are apt not to diverge primary avenues, typically attributed as the fastest routes on
the network. The daily commutes of the latter may commence or end in residential areas, zones with roads typically
attributed with less capacity. With an assumption that service vehicles use paths of higher importance, the tracked
service vehicles presumably have not transited the source or destination links of users associated with private cars.
The lack of spatial data decreases the pool of optional paths that could yield a more significant resemblance to the
observed cellular user.

Figures 6a and 6b illustrate the trajectory allocation per utilised methods for the case of the same cellular log (user).
The figures present the paths estimated with different methods using different colors: orange (Case 1), purple (Case 2)
and green (Case 3). As displayed, the Case 2 trajectory commenced in the outskirts of Hreljin while it finished in the
surroundings of the municipal Krasica. Case 1 and Case 3 trajectories commenced in the outskirts of Kraljevica and
Bakarac but have not finished in the proximity of a city. It is noteworthy to mention the FDC-GPS dataset does not
cover either city’s road network. The lack of coverage of the municipalities incapacitates the allocation algorithm to
precisely estimate the user’s route. As displayed in Case 2, the observed user might have commenced their commute
in the municipality Hreljin and concluded in Krasica. The spatial and temporal resemblance of the allocated paths
(Figures 6a and 6b) to the observed OD-log (user) was calculated by Equation 5 for all three illustrated methods.
Per Equation 5, the length-based method generated a 56% resemblance value to the observed OD-log, the modified
length-based method generated 98%, and the time-based approach generated 78%.

5. Conclusion

The FCD-CND data set often contains only the user’s OD cell pairs in the cell network with its derived distribu-
tion, without knowing the exact traversed trajectory. To overcome this, we investigated the possibility of trajectory
estimation of sparse cellular data (FCD-CND) by reconstructing a path utilising the FCD-GPS data collected on the
observed road network. The proposed methods generate a set of possible alternative trajectories through the network
by applying the Dijkstra algorithm and allocate the user an alternative trajectory with the most significant spatial and
temporal resemblance to the observed ground-truth cellular user route. Three methods (criteria) for the spatiotemporal
similarity between the Dijkstra paths were observed: length-based, modified length-based, which also includes an av-
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(a) Allocation result: Case 2 (purple) and Case 3 (green) (b) Allocation result: Case 2 (purple) and Case 1 (orange)

Fig. 6: Visualisation of the trajectory allocation per utilised methods for the case of the same cellular log

erage speed and traversed distance, and time-based. As a result, the modified length-based method displayed the best
results, with an average similarity value of 56.11% across transport modes and periods. Also, the results indicated that
the observed cellular network users’ tended to follow the shortest path distance when traversing the network rather
than the shortest travel time path. Future studies could focus on integrating raw FCD-CND data into the trajectory
estimation, and not just the given OD cell pair and its distribution. Furthermore, the traffic flow could be estimated
and included as one of the parameters used to compute similarity values, which could yield better results.
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