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Abstract. The availability of inexpensive tracking devices, such as GPS-
enabled devices, gives the opportunity to collect large amounts of trajec-
tory data from vehicles. In this context, we are interested in the problem
of generating the traffic information in time-dependent networks using
this kind of data. This problem is not trivial since several works in liter-
ature use strong assumptions on the error distribution we want to drop,
proposing a gravitational model method to compute road segment aver-
age speed from trajectory data. Furthermore we show how to generate
travel-time functions from the computed average speeds useful for time-
dependent networks routing systems. Our approach allows creating an
accurate picture of the traffic conditions in time and space. The method
we present in this paper tackles all this aspect showing how its perfor-
mance over a synthetic dataset and a real case.

1 Introduction

This work is already published in [1] and give a methodology to extract e time-
dependend functionof the speed over a road network considering two critical
problems in the observations coming from GPS devices mounted on cars: (i)
low sampling rate data (due to aggregations executed by the device to save
communications with the base station), and (ii) error in GPS observations, which
imply that most detailed information about the exact movement of the object is
lost and great uncertainty arises in their routes. The contribution of this paper
are two-fold, (1) a way to estimate the road segment speeds based on a gravity
model approach with no assumptions on the errors distribution, and (2) a way
to use the speed function of each road segment in the network. We validate our
approach by using two datasets, a synthetic and a real one. Experimental results
showed that, with our approach, we achieve better results then the classical
strategy based on spatial buffers. The problem addressed is a quite different
approach to the map matching problem. Since map matching is the association
of a sequence of road segments to a set of observation points, here we want to find
just the association between the observation and the road segment from where
it was generated. The sampling rate of the observations is a key characteristic,
because it divides the field of map matching algorithms in two distinct parts. In



the high sampling case, observations are taken in the order of one point every
second: this kind of data is used for online map-matching tasks, that is the core
of devices like personal navigation assistants. The most frequent approach to
this problem uses model like Kalman Filters or Hidden Markov Model ( [6]). In
literature there are mainly two approaches to solve the map matching problem
with low sampling data, that is the kind of data used in this work: global ( [2])
and incremental ( [3] and [4]) or a combination of the two ( [5]). Anyway we
are not directly comparing our work with a standard map-matching algorithm,
our goal is not to find the real path across the road network. Our approach is
looking just at the real observation (GPS fixes) in order to calculate the travel
time of every road segment, so we have developed a method for the first part of
a low-sampling data map matching method that get rid of the critical points,
which we mentioned before.

2 Problem definition

The aim of this paper is to find a methodology to compute the real speed of
each segment in a given road network using the observation coming from GPS
devices which are affected by errors. Then, from the speed computed, generate
travel-time functions to compose a time-dependent network. As described in the
previous section, several methods in literature consider a Gaussian distribution
of the GPS error, but in reality this assumption is not true and therefore an
innovative way to consider the problem is needed.

Bellow, we describe formally as the speed of a road segment can be estimated.

Definition 1. Given a set of observations O = {o1 . . . om} where oi = (pi, di, si)
has its spatial position pi, its direction di and its speed si, a set of road segments
R = {r1 . . . rn} and having an function σ(oi, R) = (w(oi,rj), rj) assigning the
observation oi to the segment rj ∈ R with a confidence value w(oi,rj), it is possible
to estimate the speed over the segment as:

Speed(O,R, rj) =

∑
oi∈Oj

w(oi,rj) · oi.s∑
oi∈Oj

w(oi,rj)

Where Oj = {oi|σ(oi, R) = (w(oi,rj), rj)} .

In the following we present a method to define the function σ(oi, R) without
any assumption on error distribution.

3 The gravity model

Having the set of observations O and the set of segments R we define the attrac-
tion of a segment j for a point i as: w(oi,rj) = wd(oi,rj) · w

θ
(oi,rj)

where:

wd(oi,rj) = 1− dist(oi,rj)∑
rk∈R

dist(oi,rk)
; wθ(oi,rj) = 1− ang(oi,rj)∑

rk∈R

ang(oi,rk)
;



Furthermore, dist is the Euclidean distance between a point and a segment and
ang is the absolute difference between the direction of the point and the direction
of the segment. The direction is measured in degrees, where 0 degrees indicates
north direction and 180 degrees is south directions. For the every observation,
this value comes directly from GPS device. Therefore the force of attraction of a
segment over a point is defined by the combination of these two dimensions as:

Definition 2. Having an observation oi ∈ O and a segments rj ∈ R the gravity
force function GF (oi, rj) = wd(oi,rj) × w

θ
(oi,rj)

. Finally the point is assigned to

segment with the most powerful force: σ(oi, R) = argmaxrj∈R(GF (oi, rj)).

In the follow we refer to this methodology as Gravity Model and we consider
to have a function GMassignO,R(oi) = 〈oi, σ(oi, R), w(oi,σ(oi,R))〉 which returns,
in other words, the triple t ∈ assignments where t.o = oi.

4 Candidate selection

The Gravity Model is applicable over the whole road network, but in real ap-
plications the set of segments to be considered is too large. For this reason we
present two different methods to select the set of candidate segments. The first
one, already used in previous works in literature, uses a buffer around the points
selecting only the segments with a distance which is lower than a certain thresh-
old. Instead, the second method uses the concept of nearest neighbor, taking
only the first k segments near the point.
Buffer method. All the most used approaches for the assignment of a segment
to a GPS fix are depending from a search buffer: the segment, or the candidates,
are initially chosen from all the segments contained in a circumference of radius
ε. This parameter ε is very application dependent and usually can not be derived
from the real observations, because the ground truth is not available, and affect
greatly the result of the point-segment process. Moreover using a buffer the
error distribution is assumed to be normal which, as already said, is a strong
assumption. For example the presence of buildings affects the precision of the
GPS and therefore all the observation can be affected to a bias. In Figure 1 (on
the left) two examples of road network is shown, here the buffer method selects
a number of candidates which can greatly vary in different context (e.g. urban
or sub-urban areas). Another effect of this method for the candidate selection is
the fact that some points which has no segments inside the buffer are discarded,
this leads to a reduction of the set of observation used.
K-Neighbor method. Instead of considering a fixed buffer with the limitation
described before, we defined an innovative way to select the candidates choosing
the k nearest neighbors of a point. Here the only parameter needed is k and
we will show in the validation section how this affect the results increasing the
accuracy compared to the classical buffer method. In Figure 1 it is possible to
see another advantage of this method: in fact k is the exact number of segments
considered for every point-segment matching leading to a controlled complexity
in time and space of the algorithm.



Fig. 1. Two examples of road network and the candidate selection using the two dif-
ferent method: a buffer of 30m (left) and the 3 nearest neighbors (left).

5 From speed estimation to travel time

The structure of a time-dependent network can be modeled by a TDG (a time-
dependent graph) where the vertices represent the network junctions, starting
and ending points of a road segment (e.g. a street or an avenue) and the edges
connect vertices (depending on the application, additional points can represent
a change in curvature or in maximum speed of a segment). The cost (time) to
traverse an edge is a function of the departure time. A TDG G = (V,E,C)
is a graph where: (i) V = {v1, . . . vn} is a set of vertices; (ii) E = {(vi, vj) |
vi, vj ∈ V, i 6= j} is a set of edges; (iii) C = {c(vi,vj)(·) | (vi, vj) ∈ E}, where
c(vi,vj) : [0, T ]→ R+ is a function which attributes a positive weight for (vi, vj)
depending on a time instant t ∈ [0, T ] and where T is a domain-dependent
time length. In other words, a TDG represents a road network with the traffic
information about it including as the weight of the edges. In many cases the
traffic information is not directly available or not really reliable, but the structure
of the road network and a trajectory dataset are available. In following, we show
how the speed estimation, using the gravitational model, gives us the support to
build the functions in the set C of a TDG from the available trajectory points.
More specifically, we describe how to convert the average speed of a segment of
sequence of time intervals, in a travel-time function that is piece-wise linear. We
choose piece-wise linear functions because it is easy to check if these functions
attend the FIFO property. We call this algorithm GenerateTravelTime: given
a road segment and a timestamp, it returns the travel time of the segment,
calculated using the average speed of that segment at that time. Furthermore,
if we use the average travel-time for each time partition, we create a piecewise
constant travel-time function, that means the function does not attend the FIFO
property in all decreasing pieces. Having the function for each edge, methods
as [9] are able to find the best routes considering the dynamic travel time. We call



a time-dependent network a road network which has a time-dependent function
as the weight of its segments, instead of a constant value.

Fig. 2. The result of the speed estimation for a the same portion of the road network
at different time of the day: 4am and 1pm. The light green represents high speed and
the red represents a low speed.

6 Validation

In this section we will validate and evaluate the proposed Gravity Model with
the two candidate selection methods in order to study how the accuracy changes.
Synthetic observations dataset generation. In order to validate our method
we generated a synthetic dataset of observations. We used the SUMO simula-
tor [7] for generating a synthetic dataset of trajectories. We used, as input, the
road network of Pisa and surrounding area extracted from Open Street Map. In
order to replicate the same condition we have in the real dataset (as we show
in Section7), we have used a set of parameters extracted from previous studies
published on the same dataset [8] such as the sampling rate between 30 and 90
seconds. We generated the observations of 2000 vehicles moving on the network
for a day obtaining 314785 points perfectly positioned on the road network. To
simulate the error of the GPS devices, we added some noise at each observation:
(i) the spatial component of the observation is moved by a random value consid-
ering a normal error distribution with a variance of 45 meters; (ii) the orientation
is changed by a random value considering a normal error distribution with a vari-
ance of 90 degree. It is important to notice that these values are extracted by an
empirical study over the real dataset which does not contains any information
about that, therefore heuristics were applied in order to estimate these errors.
Moreover, even if our methodology does not need to consider a normal distribu-
tion of the error, we decided to apply it to the synthetic data because we do not
have information about buildings or other conditions interfering with the GPS
signal.
Performances study. The simulated observations allow us to validate our
methodology knowing for each point the segment which generated it. We used
two measures in order to evaluate the methodology: precision and accuracy:

precisionO,R =
|{oi|GMassignO,R(oi) = Belong(oi)}|

|O|



where Belong is the real information coming from the simulated data.

error rateO,R(rj) =
Speed(O,R, rj)

RealSpeed(rj)

where Speed(O,R, rj) is estimated using the speed function obtained from the
GenerateTravelTime algorithm and RealSpeed(rj) is the speed used in the sim-
ulation for the segment rj . Analyzing how the precision varies using different
parameters for the two candidate selection methods, we obtained the results
shown in the table 1:

Table 1. Precision comparison

Range buffer precision Nearest k precision

10mt 15.2% k 1 69.0%

20mt 29.7% k 2 75.6%

30mt 42.4% k 3 77.5%

40mt 72.0% k 4 78.6%

50mt 74.8% k 5 79.1%

60mt 75.2% k 6 79.3%

70mt 75.9% k 7 79.4%

80mt 76.0% k 8 79.4%

As expected the buffer method converge to a good result approaching the
variance used in the simulation (45mt) but this put in evidence the fact that
without a good estimation of the possible error it is difficult to obtain such
results, and as described before this information is usually neither reliable or
unverifiable. On the other hand the KNN method got better result since the
beginning due the fact that it is more adaptive to different context, here the
method obtains a precision which converges rapidly to a value of 79.4% high-
lighting the fact that it adapts better to every context in the road network.
Even though this is not the most important result to us, it is a value useful for
a comparison with other work in this field; the online algorithms like [6] have
a really high precision (over 90%) when used with sampling rate 1 Hz and the
measurement error is low, but with low sampling data the precision decrease
significantly: with our same values of sampling and error variance, the precision
of the algorithm mentioned is around 50%. Moreover selecting a value of k we
select exactly that number of candidates without losing the control of the per-
formances as it happens using the buffer method. We can see in Figure 3(left)
the cumulative distribution of the KNN method error percentage, varying the
parameter k. The meaning is that 77% (8500) of the segments has an error in
the speed estimation under 20%. As we saw in the precision comparison (6), the
error rate converge giving strenght to the approach. Another interesting aspect
is that the error is usually on the low speed roads, therefore the average speed
estimation error in absolute terms is 6.1km/h, and considering the average speed



Fig. 3. On the left, the performance of Gmatch for different value of k. On the Right,
a comparison between precisions obtained by using the KNN method with k=7 and
the buffer method using a threshold of 80mt.

of all the network segments of 58.32 km/h, it is only a an average error of 10.4%:
this is the main result of our work, since our goal is to estimate the speed of each
road segment. Comparing the error rate of the buffer method using 80mt and the
KNN method with k=7 we can see in Figure 3(right) that the results obtained
are better also in the evaluation of the speed. Therefore we can conclude that
the Gravity Model not only is better using the KNN candidates selection but it
is very simple to use overcoming the problem of knowing or estimating the error
variance of the application scenario.

7 Real case study

In this section we present the results of our method applied to a real dataset of
GPS observations of 30000 real car users in Tuscany in a time period of 5 weeks
covering different kind of territories such as urban and suburban areas. This is a
sample of data obtained by a private company employed specifically as a service
for insurance companies and other clients called octotelematics. We processed
this dataset of observations (Fig.4(left)) using the presented algorithms and in
the following we will show the results obtained. As described above the GMatch
is applied using the KNN candidate selections setting k=7 and dividing the
dataset into sub-datasets considered one hour time intervals. Then, applying
the GenerateTravelTime, we build a function for each segment extrapolating the
speed discovered in each interval. In Figure 2 we show a real example of how
the speed change in time on a set of road segments in order to show how the
right assignment lead to a consistent situation: here during the early morning
at 4:00am the speeds are higher (light green) especially on the highway located
at the bottom of each figure, than going on with the time, the speed over the
segments becomes slower and slower (from green to red) reaching the 1:00pm
where the traffic decrease the speed greatly on the main roads: the highway



and the roads directly connected with its entrance/exit. This represent our best
result in fact it can be done thanks to the functions computed over the real
observation which are attached to the right segments as shown in the validation
section.Moreover in Figure 4(right), in order to assure the correctness of the
result, we compared the distribution in time of the number of cars with the
average speed on the network. It is important to see how the average speed
increase when the number of cars decrease and vice-versa.

Fig. 4. The dataset used (left) and the average speed of the network compared to the
number of active cars during the day (right).
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J. A Gravity Model for Speed Estimation over Road Network. HuMoComp 2013
(MDM Workshop). To appear.

2. Chen D.,Driemel A.,Guibas L.,Nguyen A,Wenk C. Approximate Map Matching
with respect to the Frchet Distance. SIAM 2011

3. Lou Y., Zhang C., Zheng Y.,Xie X., Wang W., Huang Y. Map-Matching for Low-
Sampling-Rate GPS Trajectories. ACM-GIS 2009

4. J. Yuan, Y. Zheng, C. Zhang, X. Xie, and G. Sun An Interactive Voting-based Map
Matching Algorithms. MDM 2010

5. Zheng K.,Zheng Y.,Xie X.,Zhou X. Reducing uncertainty of Low-Sampling-Rate
trajectories. ICDE 2012

6. Newson P., Krumm J. Hidden Markov Map Matching trough noise and sparseness.
ACM GIS 2009

7. M. Behrisch and L. Bieker and J. Erdmann and D. Krajzewicz SUMO - Simulation
of Urban MObility: An Overview SIMUL 2011, The Third International Conference
on Advances in System Simulation, 2011

8. F. Giannotti, M. Nanni, D. Pedreschi, F. Pinelli, C. Renso, S. Rinzivillo, R. Trasarti
Unveiling the complexity of human mobility by querying and mining massive tra-
jectory data The VLDB Journal, vol. 20, no. 5, pp. 695-719, 2011.

9. Orda, A. and Rom, R. Shortest-path and minimum-delay algorithms in networks
with time-dependent edge-length. Journal of the ACM, vol. 37, no. 3, pp. 607-625,
1990.


