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ABSTRACT 1 
 2 
The paper presents a model for urban road network travel time estimation using low frequency GPS 3 
probes as observations. The model separates trip travel times into segment travel times and intersection 4 
delays, which are modeled as stochastic variables. We combine fixed segment effects with geometric 5 
attributes and trip conditions as explanatory variables to reduce the number of parameters to estimate 6 
and to be able to predict travel times also in areas with very few observations. We are able to assess 7 
the significance of the results by reporting standard errors. The approach also makes results 8 
considerably easier to interpret, evaluate and use for qualitative forecasting. Further, the model allows 9 
correlation between travel times on different network segments and presents a way to estimate the 10 
correlation experienced by a driver traversing the segments sequentially on the trip. The model is 11 
applied in a case study for the network of Stockholm, Sweden. We find that geometric attributes and 12 
trip conditions have significant effects on travel times and that there is significant correlation between 13 
segments.  14 
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INTRODUCTION 1 
 2 
Many urban road transport systems today experience increasing congestion that threatens the 3 
environment and the transport efficiency. To tackle these problems, knowledge about traffic conditions 4 
is critical at many levels of traffic management and transport policy. Through information and 5 
personalized advice, individuals and transporters can plan their trips more accurately and increase the 6 
efficiency of the system. For traffic management, travel time information at the segment level can 7 
reveal problematic locations where new or revised traffic control schemes may be introduced to 8 
increase performance. For transport policy, network-wide travel time information provides input for 9 
travel demand forecasting and impact assessments of policy instruments such as congestion charges. 10 

There are a number of well established technologies for collecting travel time data, including 11 
loop detectors, automatic vehicle identification (AVI) sensors and floating car data (FCD). Loop 12 
detectors and AVI sensors have the merit that they, once installed, continuously record every vehicle 13 
passing the monitored road section. However, the share of segments in the network equipped with 14 
these sensors is typically low and not representative of the urban network as a whole, which leaves the 15 
traffic conditions in most of the network unknown. Dedicated floating vehicles, meanwhile, have been 16 
used in the past to collect travel time and other data at designated segments in the network. However, 17 
due to cost considerations the number of traffic studies with floating vehicles is typically small and the 18 
number of vehicles involved very low. Hence, they can only cover a limited number of routes for a 19 
limited duration of time.   20 

Most recently, GPS devices, already installed for other purposes in vehicle fleets (e.g., taxis, 21 
commercial vehicles, service vehicles, etc.) or smartphones, provide a new type of traffic sensor. 22 
These opportunistic sensors have a great potential for provision of data for traffic management 23 
applications. Unlike stationary sensors, they can collect travel time data for any part of the network 24 
where equipped vehicles move. Unlike designated floating cars, they can continuously collect data for 25 
any time and day that equipped vehicles are active. However, despite their advantages, an important 26 
disadvantage for the widespread use of these data is that more advanced and sophisticated methods are 27 
needed to process the data and generate useful information, compared to traditional sensors (1). 28 

A number of limitations make the use of opportunistic FCD data challenging. First, the 29 
penetration rate is still typically low, which means that the collected information is only a small 30 
sample of the full traffic state of the system. Furthermore, there may be systematic differences between 31 
the equipped vehicles and the overall population (2). Second, the accuracy and the frequency of the 32 
position reports, while adequate for the original purpose of the GPS device, may be of low quality 33 
when used for travel time estimation. 34 

The literature on travel time estimation and forecasting using GPS sensors has grown in recent 35 
years as the technology has become more available. Most papers, however, have dealt with high 36 
frequency data, e.g., (3,4), which eliminates many of the challenges of interest here. Low sampling 37 
frequency creates difficulties in inferring the true path of the vehicle between two position reports, 38 
which may involve a considerable number of network segments (5,6). It also becomes difficult to 39 
identify the fraction of the travel time spent on each individual segment (7,8). For short segments in 40 
particular, there may be few observations available to estimate the travel time distribution under the 41 
conditions of interest.  42 

A probabilistic model of travel times through the arterial network based on low frequency taxi 43 
GPS probes is presented in (9). The model takes into account that the path between two consecutive 44 
position reports may contain multiple segments, but not that a reported position may be in the interior 45 
of a segment. The authors formulate a maximum likelihood (ML) problem to estimate the segment 46 
travel time distributions based on the set of observed route travel times. As the segment travel times 47 
are typically not directly observed, a simulation based EM estimation algorithm is proposed. The 48 
authors assume that the travel times on different segments are independent and briefly report 49 
estimation results using normal and log-normal distributions. 50 

A development of the approach in (9), more clearly aimed towards travel time forecasting, is 51 
presented in (10). The model assumes that each segment can be in one of several possible states, each 52 
with its own conditional, independent travel time distribution. The transitions between states among 53 
neighboring segments are modeled as a Coupled Hidden Markov Chain model. The unobserved state 54 
and transition probabilities and the travel time distribution parameters are estimated in a simulation 55 
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based EM approach. In an experimental study, they assume independent normal distributions for the 1 
segments. 2 

Another approach, using low frequency GPS data from ambulances, is presented in (11). In the 3 
paper, path inference and travel time estimation are performed simultaneously using Bayesian data 4 
augmentation techniques. The framework makes use of instantaneous speed information reported by 5 
the vehicles. The travel times on the road links are assumed to be independent and log-normally 6 
distributed, and the parameters are estimated using Markov chain Monte Carlo methods. 7 

The previous approaches to travel time estimation using low frequency GPS data all assume 8 
that the travel times on different road links are independent (9-11). In practice, however, congestion, 9 
weather conditions etc. mean that travel times are often positively correlated across links (12,13). That 10 
is, if on a given day the travel time on one segment is unusually high (or low), then the travel time on 11 
nearby segments will likely also be unusually high (low). Spatial and temporal dependencies between 12 
segment travel times have been considered for forecasting purposes using STARMA (Spatio-Temporal 13 
Auto-Regressive Moving Average) and similar models (14,15). 14 

This paper presents a statistical model for urban road network travel times using observations 15 
from low frequency GPS probes. The purpose of the model is to predict the travel time for any route in 16 
the network under specified conditions, considering both the mean travel time and the variability. It is 17 
intended to be used for the arterial network as well as for highways. The basic idea is to increase the 18 
reliability of the estimation by utilizing all observed vehicle trajectories that provide information about 19 
some part of the route in the estimation, and not only such observations that cover the entire route (of 20 
which there may even be none).  21 

The presented approach provides a complement to previous models by partially using 22 
explanatory variables to predict travel times. This may include attributes such as speed limit, number 23 
of lanes, functional class, bus stops, traffic signals, stop signs, left turns, etc. The assumption is that 24 
these properties have a significant impact on the travel times that is uniform across the network. The 25 
statistical approach reduces the number parameters to estimate and allows us to predict travel times 26 
also in areas with very few observations. We are able to assess the robustness of the results by 27 
reporting standard errors. The approach also makes results considerably easier to interpret, evaluate 28 
and use for qualitative forecasting. The model does not require data about the instantaneous speeds of 29 
vehicles, nor about the traffic flow on the segments.  30 

Further, the model allows correlation between travel times on different network segments and 31 
presents a way to estimate this correlation using GPS data. The correlation between segments is 32 
incorporated not only in each travel time observation, but in the entire sequence of observations from 33 
the same vehicle trajectory. It is important to note that we are here considering the correlation 34 
experienced by a driver traversing the segments sequentially on the trip, and not the correlation of 35 
travel time rates at the same instant across the network. As far as we are aware, correlation in this 36 
sense has not been previously considered in network travel time estimation. 37 

The paper is organized as follows. The general model is presented in the next section, 38 
followed by a description of a case study, sensitivity analysis and evaluation, and some concluding 39 
remarks. 40 

 41 
NETWORK MODEL 42 

 43 
The travel time of a trip is assumed to consist of two components: 44 

 45 
1. Running travel time along links, 46 
2. Delay at intersections and traffic signals (turns). 47 

 48 
To begin with, we define a link to be the road section between two adjacent intersections or 49 

traffic signals (traffic signals are not always located at intersections). A link may be divided into one 50 
or more segments, where each segment is a part of one specific link. While the links are largely 51 
determined by the inherent network structure, we are free to split each link into as many segments as 52 
suitable. We let �� and �� denote the total number of segments and links in the network, respectively. 53 
The relationship between segments and links can be described by an �� � �� matrix �, so that element 54 ��� is 1 if segment 	 belongs to link 
 and 0 otherwise; note that we must have ∑ ���� � 1 for all 	.  55 
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In this model vehicle speed can vary between segments but is assumed to be constant along 1 
each segment. The travel time on a segment 	 can always be decomposed as the length of the segment, 2 
ℓ�, multiplied with the inverse speed or travel time rate ��. The travel time rate may depend on 3 
observed and unobserved properties of the segment, such as speed limit, as well as conditions for the 4 
trip, such as weather conditions, congestion, characteristics of the driver and vehicle etc. 5 

The second component of the trip travel time is intersection and traffic signal delay. We define 6 
the turn � as the movement from a link 
�,� to the downstream link 
�,� and let �� denote the total 7 
number of turns in the network. The turn � is assumed to give a travel time penalty �� which again 8 
may depend on the conditions for the trip. Systematic factors that would influence the magnitude of �� 9 
may include the type of traffic control in the intersection and whether it involves a left or a right turn.  10 

Conceptually, turns can be treated as links having zero length, as illustrated in Figure 1. This 11 
means, for example, that the probability of observing a vehicle on a turn link is zero. While one could 12 
readily incorporate both types of components in a single set of variables, in this paper we will use 13 
separate sets of variables for link running times and turn penalties for clarity. 14 

 15 

 16 
Figure 1: Illustration of the three types of network components: Links, segments and turns. 17 
 18 
The segment travel time rates �� and the turn penalties �� are modeled as stochastic variables. 19 

We are interested in both mean travel times and the variability around the mean values. It is 20 
convenient to introduce the �� � 1 vector � with elements �� and the �� � 1 vector � with elements 21 ��. Assuming that the mean values are finite, we can write 22 

 23 � � � � �, � � � � �, 
 24 

where � and � are vectors of mean values, and � and � are vectors of stochastic terms with ���� �25 ���� �  .  26 
The model assumes that the stochastic components follow a multivariate normal distribution. 27 

As shown below, this allows us to express the likelihood of the observations in closed form. We note 28 
that travel times and speeds are often found empirically to have more skewed distributions, which may 29 
make the assumption of normality here seem questionable. However, the better we are able to explain 30 
the mean travel times and the variance, the more the residuals should tend to white noise. In any case, 31 
we believe that the efficient estimation allowed through the normality assumption makes this approach 32 
a highly promising way forward. In the case study below we investigate the shape of the travel time 33 
distribution, and we discuss possible relaxations of the normality assumption in the concluding section 34 
of the paper. 35 
 36 
Mean Structure 37 
 38 
Segment Travel Time Rates 39 
The mean vectors � and � are further expressed as functions of a number of factors with associated 40 
parameters to be estimated from data. The parametric structures should reflect the way that different 41 
factors affect travel times, while also allowing for convenient and efficient estimation. In the case 42 

Link

Segment

Turn
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study presented below, we consider a few different model specifications. In the largest specifications, 1 
we divide the explanatory variables for � into two different categories, which are hypothesized to 2 
impact the travel times in different ways as explained below.  3 
 4 

1. The first category of attributes are static characteristics of the segments and the links to which 5 
they belong. This category could include regulatory factors such as speed limit and functional 6 
class, link length, congestion indicators and fixed effects for specific segments. The attributes 7 
are collected in the �� � �! design matrix ". 8 
 9 

2. The second category of attributes are observed conditions for the trip, which are assumed to 10 
act as a multiplier to all the link travel time rates determined by the variables in categories 1. 11 
This category could include temporal variations within the day, week and year, weather 12 
conditions, etc. For a given trip, the attributes are collected in the 1 � �# design vector $. 13 

 14 
Within each category we assume an additive structure, and between the categories we assume a 15 
multiplicative structure. The mean segment travel time rates can then be written as 16 

 17 � � %1 � $&#' ( "&!, 
 18 

where &! is an �! � 1 parameter vector for the baseline travel time rate attributes, &# is an �# � 1 19 
parameter vector for the trip condition attributes. 20 
 21 
Turn penalties 22 
The mean turn penalties � are assumed to be described by a corresponding structure among the 23 
explanatory variables. We make the simplifying assumption that the trip conditions influence the turn 24 
penalties in the same way as the travel time rates. The explanatory factors for the turn penalties, which 25 
may include indicators for traffic signals, left/right turns, congestion etc., are collected in the �� � �) 26 
design matrix �. Thus, with the �) � 1 parameter vector &), we have 27 

 28 � � %1 � $&#' ( *&) . 
 29 
The main contribution of this paper is not the particular structures assumed for the means, but 30 

rather the way we are able to handle correlation and identify the network model through the 31 
observations, as shown below. Hence, other structures may be adopted if they are found to better suit 32 
the data. For example, the model can be extended to also allow trip conditions to affect a specific 33 
segment or turn. This would be appropriate, e.g., if network-coded information is used about traffic 34 
incidents or construction works that do not cover the whole period of observations. 35 

 36 
Variance Structure 37 
 38 
Segment Travel Time Rates 39 
The stochastic elements � and � represent the variability in travel times due to unobserved variability 40 
in traveler characteristics, traffic conditions and network component characteristics. We consider first 41 
the travel time rates. In the model this stochastic component is represented at the link level. That is, the 42 
travel time rates on different segments in a link are allowed to differ in means but are assumed to have 43 
the same variability around the mean, implying perfect correlation within the link. We consider links 44 
between intersections and traffic signals to be a more intuitive and convenient unit for representing 45 
travel time variability than segments, especially when considering the correlation between units.  46 

Each link has an independent stochastic travel time rate component ,� with variance -��, which 47 
may be further decomposed (see below). Using vector notation, we have the �� � 1 vector of 48 
independent errors .� with variances /��. We also allow travel time rates to be correlated among 49 
nearby links due to common characteristics in unobserved congestion, geometric properties etc. Note 50 
that we are considering the correlation faced by a driver traversing the segments sequentially during a 51 
trip. 52 
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To capture this dependence we use a spatial moving average (SMA) error component 1 
specification adapted to an urban road network setting (16). The approach requires the specification of 2 
spatial weights to represent dependencies between links. In spatial econometrics, it is typically 3 
assumed that dependencies between units decay with the number of intermediate units and/or the 4 
distance separating them. For links in a road network, this intuitively corresponds to the number of 5 
turns and the network distance or travel time separating the links. However, dependencies between the 6 
travel times rates of road network links may also depend on traffic flows, network hierarchy etc., 7 
which may make the number of turns a less important characteristic. We are free to specify the weights 8 
in order to capture the mechanisms behind the correlation as well as possible.  9 

We consider an arbitrary number �0 of dimensions or orders of link dependence. For each pair 10 

of links 
 and 
′, we define 1��′2  to be the weight of the influence of 
′ on 
 in dimension 3; we require 11 

that 1��2 � 0 for all 
 and 3. Introducing the 3:th dimension �� � �� weight matrix 52 with elements 12 1��′2 , the total error structure at the segment level is 13 
 14 

� � � 67 � 8 9252
:;

2<� = .�, 
 15 

where 7 is the �� � �� identity matrix and 92 is a parameter to be estimated, representing the overall 16 
sign and magnitude of 3:th dimension dependence, 3 � 1, … , �0.  17 

Similarly to the means, the variances /�� are expressed as functions of a number of factors with 18 
associated parameters to be estimated from data. First, the baseline variances are assumed to consist of 19 
a number of additive components, for example fixed link effects, indicators for congestion, etc. These 20 
components are represented by the �� � �? design matrix @. Further, the observed travel conditions 21 
for the trip are assumed to impact the travel time variances as well as the means. Relevant attributes 22 
could include weekday, time of year, weather conditions, etc. The attributes are collected in the 1 � �A 23 
design vector B. Thus,  24 

 25 /�� � %1 � B&A'� ( @/?� ,  26 
 27 

where &A is an �A � 1 parameter vector and /?�  is an �? � 1 parameter vector. If we introduce the 28 
diagonal variance matrix CD � diag%@/?� ', the segment-level covariance matrix C can be obtained as 29 

 30 C � ��%�.�'%�.�'I�� %1 � B&A'�
( 6�CD�I � 8 92%�52CD�I � �CD52I

:;

2<� �I' � 8 8 929J�52CD5JI
:;

J<�
:;

2<� �I=. 
 31 

Turn penalties 32 
Turn penalties may be correlated through for example the regular cycles of traffic signals, so that 33 
stopping at one signal increases or reduces the probability of stopping at subsequent signals. We 34 
capture such spatial dependencies by considering a SMA error model for the turn penalties much in the 35 
same way as for the link travel time rates. To begin with, each turn has an independent stochastic delay 36 
component; in vector notation, we have the �� � 1 vector of independent errors .� with variances /�� . 37 
For each dimension of dependence 3, we introduce the �� � �� weight matrix K2 and parameter L2 38 
analogous to 52 and 92 above, respectively. With �M dimensions in total, the error structure is thus 39 

 40 

� � 67 � 8 L2K2
:N
2<� = .� . 

 41 
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Like for the link travel time rates, the variances /��  are expressed as functions of a number of 1 
factors with associated parameters to be estimated from data. The baseline variances are assumed to 2 
consist of a number of additive components, for example fixed effects, indicators for traffic signals, 3 
etc., collected in the �� � �O design matrix P. The observed travel conditions are assumed to impact 4 
the variance of the turn penalties in the same way as the segment travel time rates. Thus,  5 

 6 /�� � %1 � B&A'� ( P/OQ ,  7 
 8 

where /OQ  is an �O � 1 parameter vector. Introducing the diagonal variance matrix RD � diag%P/OQ ', 9 
the turn covariance matrix R is 10 

 11 

R � ��.�%.�'I� � %1 � B&A'� ( 6RD � 8 L2%K2RD � RDK2I
:N
2<� ' � 8 8 L2LJK2RDKJI

:N
J<�

:N
2<� =. 

 12 
OBSERVATION MODEL 13 
 14 
The travel time measurements considered in this paper consist of sparsely sampled vehicle trajectories 15 
through the network obtained from GPS devices or similar sensor technologies. In general, GPS 16 
location measurements are associated with errors. Here we assume that the most likely network 17 
location corresponding to each GPS measurement, as well as the path (i.e., the sequence of network 18 
segments) taken between each pair of consecutive measurements, have been determined by a map-19 
matching and path inference process (5). A basic observation then consists of  20 
 21 

1. a vehicle identification number, 22 
2. a pair of time stamps S�, S�,  23 
3. a path representing the trajectory of the vehicle between the two time stamps, involving a 24 

sequence of segments %	�, . . . , 	T', a corresponding sequence of turns %��, … , �U', and two 25 
offsets V�, V� specifying the vehicle locations at S�, S� in relation to the upstream nodes of the 26 
first and last segments of the path, respectively. 27 
 28 

The observed travel time W � S� X S� is a linear combination of the travel time rates of the traversed 29 
segments, each weighted by the distance travelled on the segment, and the delays of the performed 30 
turns. We exploit this fact to derive the distribution of W when perceived as a stochastic variable. With 31 
ℓ� denoting the length of segment 	, we have  32 

 33 

W �
YZZ
[
ZZ\

%V�XV�'��] if ` � 1,%ℓ�] X V�'��] � V���a if ` � 2 and d � 0,%ℓ�] X V�'��] � V���a � ��] if ` � 2 and d � 1,
%ℓ�] X V�'��] � 8 ℓ�e��e

Tf�
2<� � V���g � 8 ��e

U
2<� otherwise.

o 
 34 
We can express this relation more compactly using vector notation. First we define p� as the 35 

distance traversed on segment 	 and q� as equal to 1 if turn � was undertaken and 0 otherwise. After 36 
defining  r as the 1 � �� vector with elements p�, and s as the 1 � �� vector with elements q�, we 37 
can write 38 

 39 W � r� � s�. 
 40 
Further, we define a trace to be a contiguous sequence of observations from the same vehicle 41 

as it moves through the network. Figure 2 illustrates the relationship between observations and traces. 42 
Observations from the same trace are correlated through the link and turn correlation structures, while 43 
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we treat observations from different traces as independent. We assume here that there are no 1 
significant systematic differences between vehicles/drivers. Including a random effect at the vehicle 2 
level in the model to capture such differences is straightforward, however. 3 

 4 

 5 
Figure 2: Illustration of two traces (t � u, Q) containing four and three observations, respectively. 6 

 7 
We introduce the index v � 1, … , �w to represent a certain vehicle trace, where �w is the 8 

number of traces in the data, and the index x � 1, … , �y to represent a certain observation in the trace, 9 
where �y is the number of observations in the trace. The total number of observations in the data is 10 �z � ∑ �y:{y<� . We define py|� as the distance traversed on segments 	 and qy|� as equal to 1 if turn � 11 
was undertaken and 0 otherwise. We then define ry| as the 1 � �� vector with elements py|�, and sy| 12 
as the 1 � �� vector with elements qy|�. 13 

The trace v and observation x define the trip conditions as captured by the vector $y|, which 14 
affects the mean travel time rates �y| and delays �y|. The mean travel time for the trip defined by vx 15 
is then 16 

 17 }y| � ��Wy|� � ry|�y| �  sy|�y| �  %1 � $y|&#' ( %ry|"&! � sy|*&)'. 
 18 

For the travel time variance, the trip conditions are expressed at the level of the trace rather than the 19 
individual observation. That is, the vector of attributes By may vary with v but not with x, which then 20 
also holds for the covariance matrices Cy and Ry. The covariance between observations x and x′ (or 21 
variance, in case x � x′), both in trace v, is 22 

 23 -y||′ � Cov�Wy|, Wy|′� � ry|Cyry|′I � sy|Rysy|′I �24 %1 � By&A'� (25 �ry|�CD�Iry|′I � ∑ 92ry|��52CD � CD52I��Iry|′I:;2<� � ∑ ∑ 929Jry|�52CD5JI�Iry|′I:;J<�:;2<� �26 sy|RDsy|′I � ∑ L2sy|%K2RD � RDK2I:N2<� 'sy|′I � ∑ ∑ L2LJsy|K2RDKJIsy|′I:NJ<�:N2<� �. 27 

 28 
For observation x in trace v and observation x′ in trace v ′, meanwhile, we have Cov�Wy|, Wy′|′� � 0.  29 

Under the assumption of travel time rates and delays distributed multivariate normal, the travel 30 
time observations are also multivariate normal, with means and covariances given above. It is 31 
therefore possible to formulate a closed form joint likelihood function for the travel times, and the 32 
model parameters can be estimated using standard numerical ML techniques. For the likelihood 33 
formulation, we introduce the �y � 1 observation vector �y with elements Wy|, the �y � 1 mean 34 
vector �y%&!, &� , &) , &#' with elements }y|, and the �y � �y covariance matrix �y%&A , /?� , /O� , �, �' 35 
with elements -y||′. Given all observed travel times �, the log likelihood function is 36 

Traces and observations

k=2, r=1

k=2, r=2

k=2, r=3

k=1, r=1

k=1, r=2

k=1, r=3 k=1, r=4
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 1 ��%&!, &� , &) , &# , &A , /?� , /O� , �, ���'
� X 12 �z log%2�' X 12 8%�y X �y'I�yf�%�y X �y':{

y<� X 12 8 log:{
y<� |�y|. 

 2 
Estimation Aspects 3 
 4 
One may often be interested in estimating travel times in a subnetwork, here called the primary 5 
network, which is smaller than the network spanned by the available GPS probes. If the primary 6 
network is small, the number of observations that traverse only segments in the primary network may 7 
be insufficient to estimate the travel times reliably; there may also be a bias since short traversed 8 
distances may be over-represented. Rather, we want to utilize all observations that to some extent 9 
traverse at least one of the segments in the primary network. We refer to these observations as primary 10 
observations.  11 

With low frequency data, however, the primary observations will involve traversals of many 12 
segments and transitions also outside the primary network. We refer to these components, which 13 
depend on the used data, as the secondary network. If the primary network is small, the size of the 14 
secondary network can be many times greater. Once the secondary network has been identified, we 15 
can also utilize all observations that only traverse the secondary network, that is, do not extend the 16 
number of segments and transitions in the estimation any further. We refer to these observations as 17 
secondary observations, which may be many times greater in number than the primary observations. 18 
The concepts are illustrated in Figure 3. 19 

 20 

 21 

 22 
Figure 3: Illustration of the concepts of the primary and the secondary network. 23 

 24 
The sampling of the vehicle trajectories can be interpreted as a linear projection from the space 25 

of segment travel time rates and turn penalties to the space of observed travel times. The dimension of 26 
the observation space depends on the data; we expect the dimension to increase with the sampling 27 

Primary network

Full network Primary observations

Secondary network Secondary observations
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frequency and, if the vehicle trajectories are sampled at random locations, with the number of 1 
observations. The network model represent another projection from the network components to the 2 
parameter space. Whether the parameters of the network model are identifiable through the data 3 
depends on the relative dimensions of the parameter space and the observation space: the higher the 4 
sampling frequency and the larger the number of observations, the larger the number of parameters 5 
that can be identified. This determines, for example, to what extent we can include fixed effects for 6 
specific segments or groups of segments in the model. 7 

 8 
Automated Grouping of Network Segments 9 
This section describes an automated method for partitioning a network into connected groups of 10 
adjacent links. The algorithm allows the analyst to specify minimum, typical and maximum threshold 11 
values for the number of links in each group and the number of observations covering each group, 12 
respectively. The assumption is that fixed effects for these groups in the estimation can identify 13 
systematic differences in segment travel time rates between different parts of the network not captured 14 
by attributes such as speed limits. The approach makes it possible to find a feasible compromise 15 
between the two extremes of fixed travel time rate effects for each segment and a single baseline travel 16 
time rate for all segments. It can easily be used together with a manual portioning method for some 17 
part of the network. In the case study below, for example, we manually partition the primary network 18 
into link groups based on assumed similarity of traffic characteristics, while we use the automated 19 
partition method for the secondary network. 20 

The algorithm is initialized with each link belonging to a separate group; links in manually 21 
defined groups are excluded. In each iteration, the group with the smallest number of observations is 22 
selected (in case of ties, choose an arbitrary group). For each link in the current group, it is checked 23 
whether it is connected with some link in another group through a common node. All identified 24 
adjacent groups are added to a list. Going through the list in the order of increasing number of 25 
observations, the current group is merged with the first adjacent group for which any of two conditions 26 
hold:  27 

 28 
1. The total number of links and the total number of observations in the two groups do not 29 

exceed the typical values,  30 
2. The number of links or the number of observations in any of the groups is less than the 31 

minimum value, and the total number of links and the total number of observations in the 32 
two groups do not exceed the maximum values. 33 

 34 
The algorithm stops when no groups can be merged further. Note that any constraint can be made non-35 
binding by setting the corresponding threshold value sufficiently low or high. Since the algorithm 36 
works at the link level, it ensures that all segments of the same link belong to the same group. 37 
 38 
CASE STUDY 39 

 40 
Analysis Description 41 

 42 
We now describe an application of the model in the urban network of Stockholm, Sweden. The 43 
primary network consists of only one route and stretches about 1.4 km along one of the main inner city 44 
streets, the southern half of Birger Jarlsgatan, southbound direction, shown in Figure 4. The study 45 
route is chosen to coincide as closely as possible with a pair of automatic number plate recognition 46 
(ANPR) sensors mounted at each end of the route.  47 

In the first part of the empirical study, we consider a few different specifications of the model 48 
structure given above. The focus here is not to derive the best model possible, but to demonstrate the 49 
concepts of the model and impact and significance of different explanatory factors on the observed 50 
travel times during a specific time interval (7:30-8:00 AM). In the second part, we evaluate the 51 
estimated travel time for the main route based on a rich model specification for different trip 52 
conditions, and we perform a sensitivity analysis regarding the filtering of the observations. We then 53 
compare the estimated route travel times with observed travel times from the ANPR sensors across 54 
different periods of the day (6:00 AM to 10:00 PM).   55 
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2 
Figure 4: The case study area in Stockholm, Sweden. The shaded outlined area shows the main route, i.e., 3 
the primary network. 4 
 5 
Data 6 

 7 
The GPS probe data are obtained from the fleet dispatching system of a taxi company operating in 8 
total ca. 1500 vehicles in the Stockholm network. The data and the map9 
used to obtain the necessary estimation input are described in (10 
specifications, vehicles are sampled every 600 meters if occupied or every 400 meters if free, with a 11 
minimum threshold at 1 minute since the last sampling. In practice, the average sampling12 
our data is about one sampling per 2 minutes and 780 meters, which is13 
previously reported studies (e.g., one per minute in (14 

In our baseline filtering procedure, observations15 
minutes are discarded as too unreliable in terms of map16 
currently control for the time-based truncation in the estimation). In fact, the sampling rule 17 
specifications suggest that there should be no observations covering less than 400 meters, which adds 18 
additional uncertainty to short distance observations. We 19 
speeds exceeding 90 km/h. 20 

The digital network representation utilized contains21 
attributes, including segment speed limit, functional class (a five22 
segments), intersections, traffic signals, and particular kinds of roads (ramps, tunnels, roundabouts, 23 
etc.). The network model is also used to identify left and right turns at intersections, defined as 24 
directional changes of more than 45 degrees. 25 

The primary network contains 28 links, divided into 36 segments in total, 26 intersections and 26 
10 traffic signals; the speed limit is constant at 50 km/h. 27 

We use data for weekdays (Monday to Friday excluding holidays) and the time interval 7:3028 
8:00 AM between January 14, 2010 and September 15, 2011. For this period, we have 43,3229 
observations in 33,143 traces after fi30 
secondary. Across the primary and the secondary networks, the observations cover in total 1227 31 
segments, 783 links and 1198 turns. On average, each observation covers 14.5 segments, 8.9 links 32 
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7.9 turns. Figure 5 shows a histogram of the average speed of the vehicle for each observation. The 1 
speed distribution has mean 21.8 km/h, median 20.4 km/h and standard deviation 9.4 km/h. 2 

We have travel time data available from the ANPR sensors at the individual vehicle level for 3 
the period August 15 2011-September 15 2011, which we use to evaluate the estimation results below. 4 
Further, we have historical weather data from a weather station in the area, reporting every 20-30 5 
minutes. The data includes temperature, humidity, visibility distance and qualitative precipitation 6 
information (light/heavy rain/snow etc.). 7 
 8 
Model Specification 9 
 10 
Specification of link groups 11 
We partition the network links into groups using a manual approach for the primary network combined 12 
with the automated method described above for the secondary network. First, the primary network is 13 
divided into seven groups, each containing four links and 5.1 segments on average. The number of 14 
groups is selected so that fixed effects for the mean travel time rate of the segments in each group can 15 
be identified through the data, and the boundaries between groups are selected to capture the presumed 16 
variability of traffic conditions along the route; for example, there is a commercial and entertainment 17 
center in the middle of the route with a nearby taxi stop, where we hypothesize that the mean travel 18 
time rate is higher than in adjacent groups. 19 

Second, the secondary network is partitioned with the algorithm above using the following 20 
threshold values which were found to produce good results. For the number of observations covering 21 
each group, the minimum value is set to 300 and the typical and maximum values are set to infinity. 22 
For the number of links in each group, the minimum, typical and maximum values are set to 10, 15 23 
and 35, respectively. This produces 43 link groups for the secondary network, each containing 18.1 24 
links and 27.7 segments on average. The distribution of the number of observations covering each link 25 
group is shown to the right in Figure 5. Together with the seven link groups for the primary network, 26 
we have 50 link groups in total. 27 

 28 

 29 
Figure 5: Left: Distribution of average speeds among the observations (7:30-8:00 AM). The speed 30 
distribution has mean 21.8 km/h, median 20.4 km/h and standard deviation 9.4 km/h. Right: The number 31 
of observations covering each link group in the secondary network. 32 

 33 
Model 1 34 
In order to demonstrate the performance of the model, we consider four different specifications, 35 
summarized in Table 1. In the first specification (Model 1), the mean segment travel time rates are 36 
explained only with fixed effects at the link group level (50 groups in total) which form the design 37 
matrix ". We do not include explanatory variables for segment or link attributes, trip conditions or 38 
turn penalties.  39 

For the variance structure (@), we hypothesize that the secondary network is more 40 
heterogeneous in its characteristics, since it is larger and extends in all directions. Therefore, we allow 41 
the variance of primary and secondary network links to be different.  42 
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Further, we specify an SMA error structure for the link travel time rates. We hypothesize first 1 
that, ceteris paribus, dependence decreases with distance, in terms of both travel distance and the 2 
number of turns. Second, since correlation should largely follow traffic flows, we assume that the 3 
influence from a downstream link depends on the fraction of the flow on the upstream link that also 4 
traverses the downstream link. To estimate the traffic flow across the links, we use the taxi 5 
observations, assuming that they are approximately representative of the overall traffic flow. 6 
Otherwise, we are aware that some endogeneity may be introduced in the estimation. Based on the 7 
hypothesis and some experimentation, we introduce two weight matrices 5� and 5� with parameters 8 9� and 9�. The element %5�'��′ is proportional to the fraction of the flow on link 
 that also traverses 9 
the downstream link 
′; it is zero if 
′ is not directly downstream of 
. The element %5�'��′ is defined in 10 
the same way but for links that are further away from 
; it is zero if 
′ is immediately downstream of 
. 11 
For practical reasons we set %5�'��′ to zero if the two links are more than five turns apart in the 12 
network. Each matrix is normalized so that the largest element is equal to 1. 13 

 14 
Model 2 15 
In the second specification (Model 2), we add explanatory variables for link attributes and turn 16 
penalties, but no variables for trip conditions. This is relevant for applications at a strategic level, 17 
where typical travel times across different travel conditions are of interest. We add the following 18 
variables, based on their relevance in reality, our access to data and their significance in the estimation.  19 

Segment travel time rate attributes (matrix "): 20 
 21 

• Dummy variables for every combination of segment speed limit (in km/h) and segment 22 
functional class (abbreviated FC, ranging from 1 to 5, where 1 is the highest level of road) in 23 
the data: %10, 5', %30, 3', %30, 4', %30, 5', %50, 1', %50, 2', %50, 4', and %50, 5'. The reference 24 
level is %50, 3'. 25 

• One dummy variable for each of the cases that the segment is part of a roundabout, ramp, 26 
tunnel, or a one-way street. 27 

• A dummy variable for the existence of a taxi stop on the segment. Our hypothesis is that the 28 
mean travel time rates for taxis on such segments are higher due to many stops. 29 

• Dummy variables for the length of the link to which the segment belongs: length � 50 m and 30 
length � 200 m, the reference level is length � �50,200' m. Our hypothesis is that 31 
deceleration and acceleration makes mean travel time rates higher on short segments. 32 

 33 
Turn penalties (matrix �): 34 

 35 
• A dummy variable for the case that the turn involves a traffic signal. Further, dummy variables 36 

for the cases that the signalized turn is from a FC 4 segment to a FC 3 segment, from a FC 5 37 
segment to a FC3 segment, and from a FC 5 segment to a FC 4 segment, respectively. The 38 
increases in functional classes are used as proxies for low priority in the signal cycle. 39 

• Dummy variables for the cases that the turn is non-signalized and from a FC 4 segment to a 40 
FC 3 segment, from a FC 5 segment to a FC3 segment, and a from FC 5 segment to a FC 4 41 
segment, respectively. The increases in functional classes are used as proxies for low priority 42 
in the intersection. 43 

 44 
For the travel time rate variance structure (@), we add dummy variables for link length < 50 m, 45 

speed limit ≤ 30, functional class ≥ 4 and the link containing a taxi stop. Our hypothesis is that each of 46 
these cases contributes to a higher link travel time rate variance.  47 

For the turn penalty variance structure (P), we allow the variance of primary and secondary 48 
network turns to be different (a turn belongs to the primary network if both the origin and the 49 
destination links belong to the primary network). The variance is allowed to be non-zero only for turns 50 
which may have non-zero means according to the matrix �. 51 

We also specify an SMA error structure for the turn penalties. We assume that two turn 52 
penalties are correlated only when they both involve traffic signals. Thus, we introduce a weight 53 
matrix K where element %K'��� is equal to 1 if both turns � and �� involve traffic signals and 0 54 
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otherwise. For practical reasons we set %K'��� to zero if the two traffic signals are more than four links 1 
apart in the network. 2 
 3 
Model 3 4 
In the third specification (Model 3), we also add explanatory variables for the trip conditions. For both 5 
the travel time means (vector $) and the variances (vector B), we consider the following variables: 6 
 7 

• Dummy variable for the late half of the interval, i.e., 7:45-8:00 (not July). 8 
• One dummy variable for each weekday from Tuesday to Friday (reference level is Monday). 9 
• Dummy variables for the seasons Jun-Aug, Sep-Nov and Dec-Feb (reference level is Mar-10 

May). 11 
• Dummy variable for the month of July (the main vacation period). 12 
• Recent snow: Number of hours of consecutive snowfall reports (qualitatively reported as 13 

“snow” or “rain-snow”) preceding the trip. 14 
• Rain: Dummy variable for the most recent weather report being “rain”. 15 
• Dummy variable for the taxi being free. 16 

 17 
Model 4 18 
The fourth specification (Model 4) is identical to Model 3 except that all links and turns are assumed 19 
to be independent. By comparing the performance of Model 3 and Model 4, we can evaluate the 20 
contribution of the correlation structure in the model. 21 
 22 
Estimation Results 23 
 24 
The model was estimated using the ML estimation routine in the Statistics Toolbox for MATLAB (17) 25 
and a trust-region reflective Newton optimization algorithm. Gradients were evaluated analytically 26 
while the Hessian used to calculate standard errors was calculated numerically.  27 

Estimation results are shown in Table 1. There are several interesting observations to be made. 28 
To begin with, the segment group fixed effects are all significant with T statistics greater than 4 in all 29 
four models. This demonstrates that the automated partition method is capable of handling the 30 
identification problems associated with the low sampling frequency, even in the outer parts of the 31 
secondary network. Also, the fit of Model 1, captured by the log-likelihood and Akaike’s information 32 
criterion (AIC),  is considerably better than a model with a single mean travel time rate parameter and 33 
a single travel time rate variance parameter (the log-likelihood for this model is 121,371, AIC is -34 
242,738). 35 

The fit of the model increases greatly when segment and turn attributes are added (Model 2 36 
vs. Model 1). This encouraging result suggests that the low sampling frequency and identification 37 
power of the observations can be compensated for to some extent by making use of attributes of the 38 
network components. As expected, speed limits and functional classes have a strong impact on travel 39 
time rates. Further, travel time rates are higher on shorter links. A taxi stop on the segment reduces the 40 
mean speed by about 30 km/h. 41 

A traffic signal gives a delay that is particularly large if the trip involves a turn from a FC 4 42 
segment to a FC 3 segment, or from a FC 5 to a FC 3 or FC 4 segment (ca. 15 seconds in the latter 43 
case). A non-signalized turn also gives a delay, in particular from a FC 4 segment to a FC 3 segment 44 
(18 seconds). 45 

Adding explanatory variables for the conditions of the trip improves the fit of the model 46 
further (Model 3 vs. Model 2). Mean travel time rates are significantly higher in the late half of the 47 
period (5%), suggesting a build-up of the morning peak. There is also variation across the week with 48 
travel time rates peaking on Wednesdays, 2% higher than on Mondays. Travel time rates are 49 
considerably lower during the summer and fall than during spring, in particular during the main 50 
vacation month July (10% lower compared to spring). The travel time variance also varies 51 
significantly at the different time scales. 52 

Recent snowfall is found to significantly increase mean travel time rates. The estimate 53 
suggests that every four hours of consecutive snow before the trip increases travel time rates about 1%. 54 



Jenelius, Rahmani & Koutsopoulos 16 
 

Meanwhile, we find no significant impact of rain on travel time rates. We further find that travel time 1 
rates are significantly lower when the taxi is hired, which may be due to a more determined driving 2 
behavior and that less time is spent cruising for customers at low speeds. 3 

Treating links and traffic signal penalties as independent reduces the fit of the model 4 
considerably (Model 4 vs. Model 3). This suggests that correlations between network components 5 
should be considered when estimating travel times. In Models 1-3 the parameters for the correlation 6 
structures are strongly significant and negative throughout. We find the negative values of the 7 
parameters unexpected, at least for the link travel time rates. While we would expect travel times on 8 
adjacent links to be positively correlated, the results here suggest that the correlation is instead 9 
negative. These results are robust to different model specifications, filtering rules and time intervals 10 
across the day. The characteristics of inter-link correlation will be further investigated in future work. 11 
 12 
Table 1: Estimation results (7:30-8:00 AM).  13 
Parameters Model 1  Model 2  Model 3  Model 4 14 
Mean segment TT rates (") [h/km]:  15 

50 segment groups yes  yes  yes  yes 16 
Speed limit 10, functional class 5 -   0.0556 (5.88) 0.0479 (5.27)  0.0483 (5.54) 17 
Speed limit 30, functional class 3 -  0.0150 (15.8) 0.0143 (15.6)  0.0144 (15.5) 18 
Speed limit 30, functional class 4 -   0.0194 (20.7)   0.0177 (19.4) 0.0180 (19.2) 19 
Speed limit 30, functional class 5 -   0.0231 (26.1)   0.0218  (25.3)  0.0223 (25.5) 20 
Speed limit 50, functional class 1 -  -0.0054 (-1.43)  -0.0060  (-1.66) -0.0053 (-1.48) 21 
Speed limit 50, functional class 2 -   0.0063 (1.51) 0.0059  (1.48)  0.0049 (1.16) 22 
Speed limit 50, functional class 4 -   0.0143 (12.9)   0.0140  (13.0) 0.0129 (11.7) 23 
Speed limit 50, functional class 5 -   0.0108 (7.25)   0.0093  (6.51)  0.0094 (6.45) 24 
Roundabout -  -0.0673 (-12.0)  -0.0649  (-12.0) -0.0600 (-10.8) 25 
Ramp -   0.0051 (1.17)   0.0050  (1.21)  0.0042 (1.01) 26 
Tunnel -   0.0118 (4.87)   0.0115  (4.95)  0.0103 (4.30) 27 
One way -  -0.0029 (-4.50)  -0.0026  (-4.19) -0.0026 (-4.11) 28 
Taxi stop -   0.0440 (14.9)   0.0411  (11.2)  0.0418 (14.7) 29 
Link length < 50 m -   0.0059 (3.13)   0.0047  (2.60) 0.0037 (2.01) 30 
Link length ≥ 200 m -  -0.0116 (-10.9)  -0.0117  (-11.4) -0.0096 (-9.40) 31 

Mean turn penalties (�) [s]: 32 
Traffic signal -   1.4135 (4.67)   1.4541  (5.01)  1.6292 (5.51) 33 
From FC 4 to FC 3, traffic signal -  6.2882 (8.44)  5.7215  (7.97) 6.6961 (9.19) 34 
From FC 5 to FC 3, traffic signal -  8.9121 (10.1)  8.5582  (10.1) 9.7153 (11.3) 35 
From FC 5 to FC 4, traffic signal -  13.2707 (11.3)  13.0008  (11.5) 13.0312 (11.4) 36 
From FC 4 to FC 3, no traffic signal -  18.3608 (9.38)  16.3390  (8.70) 17.5524 (8.87) 37 
From FC 5 to FC 3, no traffic signal -  0.0838 (0.08)  -0.2435  (-0.24) -0.1356 (-0.14) 38 
From FC 5 to FC 4, no traffic signal -  3.5022 (2.79)  3.4445  (2.84) 3.7054 (3.01) 39 

Trip conditions mean TT ($): 40 
7:45-8:00 (not July) -  -   0.0505  (12.7)  0.0505 (12.1) 41 
Tuesday -  -   0.0193  (3.20)  0.0197 (3.11) 42 
Wednesday -  -   0.0204  (3.39) 0.0195 (3.08) 43 
Thursday -  -   0.0134  (2.27)  0.0129 (2.08) 44 
Friday -  -  0.0019  (0.33)  0.0029 (0.47) 45 
Winter (Dec-Feb) -  -   0.0027  (0.49)  0.0034 (0.59) 46 
Summer (Jun-Aug) -  -  -0.0459  (-9.31) -0.0463 (-8.94) 47 
Fall (Sep-Nov) -  -  -0.0252  (-4.55) -0.0237 (-4.05) 48 
July -  -  -0.0570  (-8.40) -0.0592 (-8.35) 49 
Recent snow [h-1] -  -   0.0027  (3.24)  0.0026 (3.05) 50 
Rain -  -  0.0104  (0.43)  0.0067 (0.27) 51 
Free -  -  0.0584  (12.8) 0.0566 (11.8) 52 

Trip conditions TT variance (B): 53 
7:45-8:00 (not July) -  -   0.0445  (5.87)  0.0483 (6.36) 54 
Tuesday -  -   0.0462  (3.97)  0.0460 (4.42) 55 
Wednesday -  -   0.0400  (3.43) 0.0387 (3.47) 56 
Thursday -  -  0.0434  (3.80)  0.0407 (3.58) 57 
Friday -  -  0.0515  (4.53)  0.0507 (4.68) 58 
Winter (Dec-Feb) -  -  -0.0264 (-2.52) -0.0266 (-2.96) 59 
Summer (Jun-Aug) -  -  -0.0631  (-6.75) -0.0675 (-7.25) 60 
Fall (Sep-Nov) -  -  -0.0330  (-3.10) -0.0322 (-3.23) 61 
July -  -  -0.0732  (-5.59) -0.0826 (-6.35) 62 
Recent snow [h-1] -  -  -0.0017 (-1.10) -0.0017 (-1.14) 63 
Rain -  -  -0.0007 (-0.39) -0.0010 (-0.54) 64 
Free -  -  0.0068  (0.87) 0.0115 (1.47) 65 

Correlation TT rates:  66 
Flow fraction nearest link (5�) -0.726  (-30.4) -0.4698 (-26.9) -0.4681 (-27.2) - 67 
Flow fraction more distant links (5�) -0.099  (-16.1) -0.0739 (-19.1) -0.0722  (-19.1) - 68 

Correlation turn penalties: 69 
Traffic signal (K) -  -0.2048 (-33.0) -0.2018  (-33.1) - 70 
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Variance TT rates (@) [10-2 (h/km)2]:  1 
Primary network 0.0036   0.0267   0.0432   0.0255 2 
Secondary network 0.0044   0.0477   0.0432   0.0452 3 
Link length < 50 m -   1.2573   1.2091   0.3854 4 
Speed limit ≤ 30 -   0.1383   0.1322   0.0934 5 
Functional class ≥ 4 -   0.1171   0.1102   0.0823 6 
Taxi stop -   0.1662   0.1664   0.0736 7 

Variance turn penalties (P) [104 s2]: 8 
Primary network -   0.0297   0.0285   0.0291 9 
Secondary network -   0.0245   0.0232   0.0234 10 

Log likelihood 125,403  130,158   130,622  129,442 11 
AIC -250,699  -260,149  -261,031  -258,675 12 
Observations 43324  43324  43324  43324 13 
Parameters 54  83  107  104 14 
 15 
Main Route Travel Time Estimation 16 
 17 
We estimate the travel time on the main route by applying the estimated parameters to a hypothetical 18 
observation traversing the route. We first consider the estimated travel time for the period 7:30-8:00 19 
AM under different trip conditions using the specification of Model 3. Figure 6 illustrates how the 20 
estimated mean and standard deviation vary under different combinations of trip conditions; the 21 
reference conditions are those of the period 7:30-7:45 on a Monday in spring with no rain or recent 22 
snow when the vehicle is hired. 23 
 24 

 25 
Figure 6: Estimated travel time for the main route (7:30-8:00 AM). The baseline conditions are 7:30-7:45, 26 
Monday, Spring, no recent snow, no rain, hired taxi. The filled bars show mean values, the error bars 27 
show the 2.5% to the 97.5% percentile ranges. 28 
 29 

We have investigated how sensitive the estimated travel times are to the principle used for 30 
filtering the data and to the specification of the model. To recapitulate, in the filtering procedure used 31 
above we discard observations covering less than 200 meters or more than 3 minutes or with average 32 
speeds greater than 90 km/h since the map-matching and the path inference are judged to be too 33 
uncertain and to eliminate outliers. Lifting the lower limit for the distance covered increases the 34 
estimated mean travel time for the main route by about 3%, while the estimated standard deviation is 35 
inflated by over 200%. Thus, while the mean travel time is robust to these uncertain observations, the 36 
variability around the mean is not, and filtering appears to be necessary. Removing the upper speed 37 
limit of 90 km/h has virtually no impact on the estimates, since the number of affected observations is 38 
very low. Lowering the upper limit on the time between consecutive probes from 3 minutes to 2 39 
minutes, finally, reduces the estimated travel time mean and standard deviation by about 12%. This 40 
suggests that discarding long travel times due to uncertain path inference may lead to downward 41 
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biased estimates of travel times. This is not a characteristic of the presented model but a general 1 
problem with using low frequency samplings of vehicle trajectories in travel time estimation. 2 

We also compare the model estimates with observed travel times from the ANPR sensors for 3 
the period August 15-September 15 2011. We perform the estimation for every 30 minute interval 4 
from 6:00-6:30 AM to 9:30-10:00 PM, using the specification of Model 3 as basis; the dummy 5 
variable for the interval 7:45-8:00 AM is replaced with a corresponding dummy for the late half of 6 
each 30 minute interval. The estimation requires that we specify values for the trip condition variables, 7 
which should match the average conditions for the period of the ANPR data as closely as possible. We 8 
therefore add a dummy variable to the vectors $ and B that is one during the period August 15-9 
September 15 2011 and zero otherwise. The other variables are set to approximate the average values 10 
for the ANPR data period: the dummy for the late half of the interval is set to 0.5, weekday dummies 11 
are set to 0.2, summer and fall dummies are set to 0.5, remaining trip condition variables are set to 0. 12 

Figure 7 shows the estimated mean travel times on the main route compared with the sample 13 
mean travel times from the ANPR sensors. The curves share the same general shape in that the travel 14 
times increase in the morning, flatten out during the day and decrease in the evening. There are some 15 
deviations also, in that the estimated values are higher than the ANPR values in the morning and lower 16 
in the middle of the day. It is important to note that the ANPR data are not ground truth for the taxi 17 
data but represent the overall traffic including private cars, trucks etc., which likely differs from the 18 
taxi traffic. For example, there is a bus line along a part of the route, which may be used by taxis but is 19 
restricted for private cars. Also, there is an entertainment center in the middle of the route which is a 20 
frequent taxi origin and destination at night. 21 

 22 

 23 
Figure 7: Mean travel time for the main route for each 15 minute interval between 6:00 AM to 10:00 PM. 24 
Squares show model estimates based on the taxi GPS data, circles show sample mean values from the 25 
ANPR data. 26 

 27 
Deviations could also arise from other sources. First, the ANPR data is noisy and a 28 

considerable number of observations had to be filtered out as likely outliers, which makes the final 29 
values more uncertain. Second, it is not known exactly where the ANPR sensors register the vehicles 30 
(it may even vary between vehicles), which means that there may be systematic and random 31 
differences between the taxi route and the ANPR route. Third, the model estimates use observations 32 
for a much longer period of time and a much larger network, which may lead to differences. Fourth, 33 
there is always the possibility that the model misses some aspect of the true traffic conditions.   34 
 35 
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Discussion 1 
 2 
One problem with using opportunistic FCD is that the behavior of the equipped vehicles may differ 3 
from that of the population of interest (e.g., private vehicles or the entire vehicle population). Taxis, 4 
for example, can be expected to make more stops and low-speed cruising in some situations than the 5 
population on average. In other situations, they may drive faster than the population average. Ideally, 6 
we would want to separate each observation into a representative travel time for the population and a 7 
sample bias, or to discard observations with too much bias. Advanced analysis of the vehicle 8 
trajectories may provide some support, but in general one may have to resort to filtering the 9 
observations from outliers before the estimation, with the risk that these represent actual traffic 10 
conditions for the population, and accept that the results may not be entirely representative of the 11 
population. The analysis here suggests that the estimates are relatively sensitive to how the filtering is 12 
done, and future research effort should be put on making the path inference reliable also for long time 13 
intervals between reports in order to minimize bias problems. 14 

There are many network attributes that we believe significantly impact travel times but are not 15 
available to us at this stage. This includes the number of lanes, locations of bus stops, pedestrian 16 
crossings, on-street parking, stop signs, traffic signal cycles, nearby land use etc. Another important 17 
category of information would be the time and location for incidents and road works. If available, 18 
inclusion in the model is straightforward. All these attributes would likely contribute primarily to 19 
explain low speeds. 20 
 21 
CONCLUSION 22 
 23 
We have presented a statistical model for urban road network travel time estimation based on low 24 
frequency GPS data. We use geometric attributes and trip conditions as explanatory variables in 25 
combination with fixed effects to reduce the number of parameters to estimate and for predicting travel 26 
times also in areas with very few observations. The model allows correlation between travel times on 27 
different network links and presents a way to estimate the correlation as experienced by a driver 28 
traversing the links sequentially.  29 

The model was applied to a small example network in Stockholm, Sweden. We found that 30 
geometric attributes and trip conditions have significant effects on travel times and that there is 31 
significant correlation between links. Further work will be focused on the characteristics of correlation 32 
between link travel times, on refining the automated partitioning of the network using statistical data 33 
clustering methods, and on developing the network model to reflect the characteristics of uncongested 34 
and congested traffic. We will also develop and adapt the model towards online prediction in 35 
combination with real-time observations and traffic data from other types of sensors. 36 
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