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Populärvetenskaplig sammanfattning
I takt med att allt fler människor bosätter sig i de större städerna på jorden ökar
också mängden trafik. Ökad trafik är en anledning till att risken för förseningar
ökar när man är ute och reser. Därför är det intressant att kunna beräkna restiden,
eftersom den kommer skilja sig beroende på när och var man reser. Att kunna
beräkna restiden och få en tid som stämmer bra överens med verkligheten är inte
bara väsentligt för privatpersoner utan är även viktigt för verksamheter som till
exempel budbilar, kollektivtrafik, taxi, hantverkare och ambulanser.
Flera försök att minska trängseln på vägarna har gjorts: utbyggnad av vägnätet,
satsningar på kollektivtrafiken och införandet av en trängselskatt som ett sätt
försöka minska trafiken vid rusningstid. I Stockholm är rusningstrafiken tydlig
och personer som pendlar 60 minuter dagligen under rusningstrafiken sitter fast i
trafiken 23 minuter av de 60 minuterna på grund av förseningar [1].
Målet med detta examensarbete har varit att utveckla och testa en beräkningsmotor för att beräkna vilken tid det tar att resa mellan två platser givet en avresetid.
För att kunna göra restidsberäkningen har data från registrerade taxiresor använts.
I datan kan man utläsa på vilken GPS koordinat bilen har befunnit sig vid vilken
tidpunkt. Genom att analysera datan kan man få fram mönster över hur lång tid
det tar att resa en viss väg eller gata vid en viss tidpunkt. För att begränsa omfattningen på examensarbetet har endast resor inom Stockholm undersökts, där
det finns många registrerade resor.
För att få fram hur lång tid det tar att resa en viss väg måste man finna den exakta
vägen som bilen åkt mellan sina rapporterade GPS koordinater. Detta kan göras
genom att hitta den väg som ligger närmast varje rapporterad GPS koordinat och
sedan använda en sökalgoritm för att finna vägen mellan dem. Den rapporterade
GPS koordinaten är dock inte alltid korrekt, utan kan ibland vara på fel ställe
jämfört med var bilen faktiskt befunnit sig. För att lösa det måste man finna den
troligaste vägen för varje rapporterad GPS koordinat.
För varje rapporterad GPS koordinat räknas den mest sannolika positionen på de
omkringliggande vägarna ut. Uträkningen baseras på avståndet mellan vägen och
den rapporterade koordinaten samt hur lång tid det tar att köra till platsen från
den föregående rapporterade punkten.
Utifrån denna vägbeskrivning kan man sedan utläsa vilken tid det tagit att resa och
vilken hastighet bilen hade under en specifik väg under en viss tid på dygnet. Detta
1

görs genom att använda tidsskillnaden mellan de rapporteringarna GPS punkterna
och sträckan som bilen kört mellan dem. De historiska mönstren används sedan
för att skapa beräkningsmotorn. Beräkningsmotorn fungerar på så sätt att den
skapar en vägbeskrivning mellan startpunkten och slutpunkten i resan. För varje
gata som finns i vägbeskrivningen hittas historiska hastigheter för det klockslaget
och den veckodagen. Utifrån hastigheterna kan man beräkna hur lång tid det tar
att resa vägen, och dessa tider räknas ihop för att hitta den totala restiden för
resan.
Beräkningsmotorn har testats på historiska resor som inte använts för att utvinna
historiska värden. Från de inspelade resorna kan man utläsa den faktiska körtiden
resan tog och jämföra denna med beräkningsmotorns resultat, vilket kan användas
för att finna beräkningsmotorns snittfel.
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1 Introduction
1.1

Travel Time Estimation

Traﬃc congestion has become an increasing problem in the world as more and
more people are living in cities, along with an increasing number of cars. This is
especially a problem in the larger cities, where most of the people live. The travel
time of a trip in a large city will vary wildly depending on the start time of the
trip. There is a huge variation depending on if travelling on the peak hours, such
as the morning rush, or not. This has created a need to accurately estimate the
time it will take to travel between two locations, depending on the time of day.
Traﬃc problems are not only a problem for the largest cities in the world. In a
worldwide ranking of congestion level in large cities Stockholm ranked as number
48 out of 146. For a daily commuter in Stockholm who travels two 30 min trips
daily during peak hours will have a delay of 23 min of those 60 min, and over
a whole year that adds up to 87 hours in total [1]. Several measures have been
performed to reduce the traﬃc level on the roads, such as increasing and improving
the road network and introducing congestion taxes to spread the peak hours.
Accurate estimation of travel time is important for several businesses such as
delivery trucks, public transport, taxi and ambulances. This work aims to create
and implement an algorithm which estimates the time it takes to travel from
point A to point B over a known road network. The resulting algorithm should
use relevant historic observations to create precise estimations of future travels.
Recurring congestion during certain hours of the day is one case where using
historic observations may help in creating a more precise estimation. The outcome
of the estimator will be related to the type of data used. Data from taxi vehicles
is used in this work and for example in some Swedish cities taxi vehicles may drive
in the bus lanes. Even though this work utilizes data from taxi vehicles it will
work with data from any kind of GPS devices.
By having a large data set of recorded trips it is possible to find how long it took
to travel a distance at a previous time. This is done under the assumption that
the traﬃc follows certain patterns, and that the traﬃc will be similar at a similar
6

time in the future, i.e. same time during the day and same weekday. In order to
accurately estimate the travel time only on historical data, traﬃc patterns must
exist in the used data set.
The actual travel time does not only diﬀer due to the level of traﬃc, but also
depends on other factors such as weather and incidents. Those factors may be
hard to read from the historical data set. By using a large data set it is assumed
that the importance of elements such as incidents is reduced.

1.2

Goal

The goal of this thesis is to create an estimator, which calculates the time it will
take to travel between two Global Positioning System (GPS) points given a start
time of the trip. The estimation is based on historical data where vehicle locations
are logged with GPS coordinates and timestamp. It should be showed that the
travel time diﬀers depending on time and day. The estimator should be tested and
evaluated in regards of accuracy.
The outcome of the estimator relies heavily on the quality of the data set. Data
quality involves several parts and one main area of interest for this thesis is the
sparsity of the data. The estimator should be able to calculate the distance between two arbitrary points, but there is no guarantee that the exact trip has been
travelled in the historical data.

1.3

Scope

To reduce the scope of the thesis the travel time estimator is only required to
produce an accurate estimation where the data is dense, which is in central Stockholm. Using sparse GPS data requires more sophisticated methods to find the
travelled path compared to high quality data. Because of that it is not required
that the proposed method should handle extremely sparse GPS data. Most of the
data used in this research is considered dense.
Traﬃc congestion will cause big changes in the travel time, but it is not the only
factor and it can depend on other causes. Using other data sources and real-time
data requires a high performing solution and integration with other systems. This
work is limited to use only historical data.
7

In regards to performance of the estimator, it only needs to be fast enough to run
the test cases in a reasonable time.
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2 Background
2.1

Travel Time Measurements

There are two main categories of measurements from which travel time can be
calculated, site-based and vehicle-based [2].
In site-based the main data source are the loop detectors found in freeways. The
loop detectors notice a change in inductance and can by that provide information
about the flow of current vehicles and their speed [3]. Another possible data source
for site-based measures are Automatic Number Plate Recognition (ANPR), which
detects and identifies vehicles at the sites.
Vehicle-based measurements make use of data collected from probe vehicles, which
are equipped with GPS devices. A GPS device can provide information about the
current location and time for the vehicle. A problem is that GPS data is not
perfect and the reported locations vary with factors such as surrounding terrain
and quality of the device. The frequency of data points gathered from GPS signals
can range from a few seconds up to several minutes.
Historically, the site-based measurements were the first ones used and they were
used to estimate travel time on freeways. Estimating travel time in an urban
context is diﬀerent compared to doing it on a freeway for a number of reasons.
Relying solely on data from site-based measurements such as loop detectors is
not feasible in a city, since they are mainly present on the primary roads of the
network. Installing and maintaining loop detectors is costly and therefore it is
not done for the purpose of estimating travel time. The limited availability of
site-based measurements in cities motivates the usage of data from probe vehicles
[4].

9

2.2

Estimation on Freeways

Yildirimoglu and Geroliminis [3] used loop detectors to estimate the travel time on
a 60 mile, 100 km, Californian freeway. To estimate the travel time for the whole
freeway at the time of departure, referred to as the instantaneous travel time, the
current speed at the diﬀerent detectors along the freeway is combined. A more
accurate way is the experienced travel time, which makes use of the fact that the
speed measurements will change during the time the car is travelling. Comparing
the instantaneous and experienced travel time show a big diﬀerence. It indicates
that the estimation should not only be based on current traﬃc situation, but also
incorporate future traﬃc conditions.
Assuming that the travel time on a freeway that is not congested can be regarded
as constant and that congestion is only caused by heavy traﬃc Yeon et al. [5]
developed a Discrete Time Markov Chain, where the state is if a link of the freeway
is congested or not.
Loop detectors have the possibility to provide both historical and real-time data,
which Kalman filters make use of. Kalman filters have the advantage that the
prediction of the state variable, travel time, can be continually updated as new
observations are gathered [6].
With the introduction of GPS devices into vehicles a new data source was available
for travel time estimation. In order to base the estimator solely on GPS data, it
must be gathered from a suﬃcient number of probe vehicles [7]. It is possible to
use both GPS probes and site-based data to improve the estimation, compared to
when only one data source is used.
It is also possible to create a Kalman filter using only GPS data from probes [8, 9].
Chen and Chien [8] compared path-based and link-based approaches for estimating
travel time. In a path-based algorithm only the start and endpoint are needed to
estimate the travel time while in a link based, the travel time for each individual
link is added to create the estimation for the whole path. For sparse probe data,
it is better to use a path-based approach instead of a link based [8].
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2.3

Estimation in an Urban Environment

Using vehicle-based measurement introduces more problems, and there are five
main reasons why it is complicated to estimate travel time in an urban network
[10]:
1. The complexity of the road network
2. Map matching and path inference - mapping the GPS coordinates to the
actual road network and finding the path the vehicle travelled
3. Collection of sensor data in real time is not available or cost-eﬀective
4. The coverage of the data
5. The precision of the data
Since it is not possible to use site-based measures only, travel time estimation in an
urban network often uses GPS data, which is becoming more and more available
as it is introduced in more and more devices.
When working with GPS data it is needed to map the reported coordinate to the
actual road network and finding which path the vehicle actually travelled [11]. It
is needed in order to know the distance the vehicles have travelled since the last
reported GPS location. This is performed in two steps; map matching, which is
the task of mapping coordinates to the road network and path inference, which
selects the path that the vehicle most likely travelled.

2.3.1

Mapping GPS Data to a Road Network

Quddus et al. [12] investigated diﬀerent map matching techniques and concluded
that they can be divided into four groups:
Geometric Algorithms This category includes all algorithms that matches GPS
data by utilizing geometric information in the road network. The most simple
of the geometric algorithms is the point-to-point matching, in which each
GPS point is matched to the closest node in the road network. Matching
GPS points to the closest node can give errors not only due to the error
in the GPS but also because of the varied distribution of nodes over road
segments.
11

In point-to-curve matching each GPS coordinate is matched to a whole road
segment in the network. This approach usually gives a better match than
point-to-point but may still have problems when the closest segment is not
the real segment, which can be the case in a dense road network.
Matching a whole trip, which consists of several GPS points, to a path in
the road network is called curve-to-curve matching. Using point-to-point
matching candidate nodes are identified for each data point. Paths are analysed from the candidate nodes and the one that is closest to the vehicle’s
trajectory is chosen as the match.
Topological Algorithms Topological algorithms make use of the road segments
geometrical and topological information, i.e. the relationship between them
such as adjacency and connectivity. These algorithms can also make use of
heading and speed data obtained from the GPS. Calculating them from the
coordinate is possible but might be less reliable than using data obtained
from the GPS device.
Probabilistic Algorithms Probabilistic methods makes use of a confidence region around each GPS position to identify the travelled road segment. When
several segments are found in the region, they are evaluated using for example heading, connectivity and closeness. The confidence region, called error
region, is created to handle the possible lack of precision. It is possible to
only create the error region when the vehicle is a junction and not for every
position to speed up the algorithm.
Advanced Algorithms The more advanced algorithms uses for example Kalman
filters, Extended Kalman filters, fuzzy logic, Bayes filter and Bayesian networks.
The choice of map matching and path inference algorithms depend on the available
data and more advanced solutions are required in order to map sparse data, which
can have up to 2 minutes or more between each GPS coordinate.
Yuan et al. [13] created a voting based map matching algorithm to match very
sparse GPS data. Their idea was to use a voting mechanism based on the location
of the GPS point in regard to the topological information of the roads and the
relation between consecutive GPS points.
Hunter et al. [11] created a path inference filter, which can be trained with supervised data or estimated when no truth data is available. Several diﬀerent models
for selecting the path the vehicle most likely travelled was compared, such as clos12

est segment to each GPS point, shortest overall path, a model that weights the
length of the path and the distance between the GPS coordinate and the road and
a more complex model that uses several road features such as stop signs, traﬃc
lights, left and right turns, speed limits etc.
Rahmani [14] developed a path inference algorithm called shortest path in time.
The approach uses A* to build a candidate graph, where each GPS observation
is mapped to several possible road segments and a path inference method which
selects the most likely path through the candidate graph, based on a global criteria.
Three approaches for the path inference model is discussed; selecting the path with
the shortest distance when paths with impossible travel times have been discarded,
selecting the path-based on its length compared to the distance between the GPS
observations and selecting the path which has an expected travel time near the
measured travel time.

Selecting the Most Likely Path
In the case where a GPS coordinate is matched to several possible road segments
the most likely one has to be calculated. Calculating the most likely path that the
vehicle has travelled can be done in several diﬀerent ways [11, 14]. Some, which
are worth investigating, are the following:
Closest road segment The most likely link is the one closest to the GPS coordinate. Finding the closest segment is fast to compute but might reduce the
quality since the closest one is not always the correct one due to the GPS
error.
Shortest path For each set of links calculate the path that would have been
travelled from the earlier set of candidates and select the most likely link as
the one where the vehicle has travelled the shortest distance. It is possible
to remove candidates from the set that has an expected travel time that is
highly unlikely before selecting the one with the shortest path.
Expected time to actual The best path is said to be the one where the expected
travel time is closest to the measured travel time, which is calculated from
the GPS observations.
Shortest path and projection A model that combines and weights two features; the closest road segment and the shortest path.
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Complex More complex approached utilizes information about length of path,
traﬃc lights, stop signals, intersections, left turns made at intersections,
right turn made at intersections, speed limit, number of lanes on the road.

2.3.2

Travel Time Estimation in an Urban Network

Based on the mapping algorithm in [13] a real-time estimator of travel time was
created [15]. The main problem for the estimator is solving the sparsity of the data,
as roads may not have any historical data for the required time. By constructing
a data cube with road segments, diﬀerent drivers and time slot and filling the
missing values they create a model for estimating time on segments that has not
been travelled. The approach is tested using truth data from taxis in Beijing.
Rahmani [14] constructed a road segment travel time estimator and performed a
case study for a road in central Stockholm. The estimation is performed in two
steps: the measured travel time is allocated to each of the travelled road segments.
Taking a weighted average over all travel times for a segment then creates the
estimation for that.
The same authors created a complete route estimator based on the same map
matching and path inference method and was implemented and compared with
data from Automatic Number Plate Recognition (ANPR) cameras [16]. Several
diﬀerent sources of bias are identified when using GPS data from vehicles. Some
of the important sources are: incomplete coverage of route, time-based sampling,
influence of adjacent network, non-uniform coverage of route and unknown route
entry time. A number of diﬀerent models are proposed to handle the diﬀerent
biases, including both models to estimate the travel time for each of the links in
the route and for the whole route directly.
Westgate et al. [17] estimate the travel time simultaneously with the taken route
using a Bayesian model. The travel time for each road segment in the path is
estimated and summarized to get the whole trip time. GPS data from ambulances,
where the current speed is recorded, is used. The distributions of travel times
on the road segments, along with the GPS errors, are assumed to be lognormally
distributed. The parameters of the model are estimated using Markov chain Monte
Carlo methods.
By summing the travel time for each of the links in a path with a delay for the
travelled intersections Lee et al. [10] created a prediction model. The proposed
model combines three features, historical data, real-time data and delay for in14

tersections. Path inference is done as the closest k candidates are found for each
reported GPS position from a vehicle. The most likely road segment for a GPS
observation is said to be the one with the minimum travel time. The prediction is
compared in three ways, using only historical data, only current-time data and a
weighted combination of them.

2.3.3

Related Work

There are several travel time estimator systems available that uses historical data.
Google Maps, Apple Maps and Bing Maps are three alternatives that are free for
regular users and provides estimation both based on ordinary traﬃc patterns and
the traﬃc situation. Another example is the app Waze which uses data from its
users to provide information about the current traﬃc situation. There is also open
source alternatives, such as the Open Source Routing Machine which is based on
the open source road network Open Street Map.
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3 Method Outline
Creating the travel time estimator is divided into two parts, preprocessing the
historical data and querying the historical data.

Preprocessing the Historical Data
Preprocessing the historical data finds and extracts how long it took to travel a
certain segment at a certain time. Extracting the historical values can be divided
into the following tasks:
• Filtering the data: removing unusable data
• Map matching: projecting GPS observations onto nearby road segments,
constructing the candidate links
• Connect candidate links: finding the path between candidate links
• Path inference: selecting the most likely path through the set of candidate
links
• Finding averages: extracting average speed or travel time for each of the
roads in the most likely path

Querying the Historical Data
From the extracted historical data, the travel time is estimated between two arbitrary locations in the road network based on the start time of the trip. The
historical data is queried based on these parameters.
query = (ToD, DoW, from, to) ,
where ToD = Time of day and DoW = Day of week

16

3.1

GPS Data

The GPS data used in this research is gathered from a large number of taxis in
Stockholm over several months, but main part of the data is from the winter 2014
- 2015.
The data consists of the following properties:
timestamp - The time when the data was collected
latitude - Latitude of the current position
longitude - Longitude of the current position
car_id - A unique identifier for each car
status - Taxi status e.g. free or hired
From status attribute it is possible to know if if the taxi is driving around, turning
on the taximeter, turning oﬀ the taximeter or driving to pick up a customer.
The data is sampled by time with a set interval or when the vehicle is polled for
its current position. This causes the average time between when a vehicle reports
its GPS position to be slightly lower than sampling time.
A part of the data is pictured in Figure 3.1.
Consecutive GPS observations from a vehicle are defined as a trip, starting with
a GPS observation where the taxi picks up a customer.
trip = g1 , g2 , . . . , gn
Only using data where a customer is present in the vehicle reduces the number of
GPS observations that can be used but it is necessary to do since it is impossible to
determine whether a vehicle has stopped for a break or due to traﬃc. It is assumed
that a vehicle will not stop for a break when driving a customer. Reducing the
GPS observations in this way gives a higher frequency between them compared to
using all of the GPS points in the data set.
There are presumably errors present in all attributes of the GPS data. To filter
out the most noisy data there are several constraints set, meaning that for a
trip to be valid is needs to have a) a certain time diﬀerence between consecutive
observations, b) reasonable distance diﬀerence in regards to the time diﬀerence,
c) over a minimum number of observations and d) that the GPS observations are
in Stockholm.
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Figure 3.1: A sample of the used GPS data.
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The rationale behind not allowing long gaps in trips are because it is impossible
to determine whether a car is stuck in traﬃc, stopped for an unknown reason or is
on a detour. These constraints for filtering the data exists since trips that are not
representative of how trips are in general should not be used for the travel time
estimator.

3.2

Digital Road Network

The road network is described as a graph, which contains road segments or links.
Each link consists of a series of nodes and may have some attributes such as speed
limit, direction, number of lanes, length and road classification. Each link also
has ingoing and outgoing links, which are the neighbouring road segments that a
vehicle can come from and travel to. The ingoing and outgoing links of a road
segment might not be the same due to traﬃc rules such as one-way roads.
The open source road network used in this thesis is obtained from OpenStreetMap
(OSM) [18] and is licensed under the Open Data Commons Open Database License
(Odbl).
Using a digital road network imposes multiple challenges [14]:
Missing links The representation of the road network might not have all roads
that are present in the real road network. It might also not be updated
with newly constructed roads or roads that are closed due to for example
construction or repairs. The other way around is also possible, that the
digital road network have a road that does not exist in the real network.
Missing or wrong values in the link data The attributes of a road, such as
speed limit, might be wrong or missing.
Wrong representation Roads may be represented in the wrong way, for example
where there are in reality two one-way roads it may be represented as a oneway road in the digital version.
This solution does not try to fix problems with missing links or erroneous values
in the data. One necessary fix to perform is where the speed limit is absent for a
road segment. The speed limit is set to the median value for all roads of the same
road classification.
The other errors have also been observed in the digital road network. Some links
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are missing in the digital road network since they are newly constructed. A small
number of links that in reality are two roads but are represented as one in the road
network.
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4 Implementation of the Model
4.1

Matching GPS to the Road Network

Consider the path in Figure 4.1 where consecutive GPS observations from a trip
are numbered. A simple map matching algorithm, such as the closest road segment
would project each observation onto the closest road. The found path would to go
straight through the crossing instead of turning left in this case. To solve this it
is required to look at several of the closest road segments to find the correct one.

Figure 4.1: Consecutive GPS observations from a vehicle, at time t, t + 1 and t + 2.

4.1.1

Creating Candidate Links

For each GPS observation g in a trip a set of candidate links is identified. Candidate
links are found by projecting each GPS observation onto road segments that lie
within a certain distance ω. This is the error region in order to handle the lack of
precision in the GPS.
Chen et al. [19] found that the average error for GPS data in Hong Kong was 27 m
but in worst case over 100 m. In a smaller city however, the error is less. Modsching
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et al. [20] investigated GPS accuracy in a smaller city where most buildings have
3 or 4 stories and found that the GPS error ranges from 2 m to 15 m. Stockholm
may not have the same type of buildings as any of these two cases but gives an
indication of the expected GPS error.
Plotting and inspecting the data set shows that the worst-case error in the Stockholm data set is higher than 100 m. For some of the tunnels the error can be over
500 m.
When there exists no segments links within ω for GPS observation gt at time t
there are two possible approaches:
1. Split the trip into two; g1 , . . . , gt−1 and gt+1 , . . . , gn
2. Let the candidate links be empty and apply a path finding algorithm to find
the path between gt−1 and gt+1
For the trip pictured in Figure 4.2 it is most likely the tunnel that causes the
huge errors in the location. To map this correctly a very large ω is required which
reduces computation speed drastically. Therefore it might be better that this trip
should be considered broken. In this particular case diﬀerent ω will give very
diﬀerent result. A small error radius will give no roads for both 3 and 4. But if ω
is large enough, roads will be found and all candidate links will be wrong.

Figure 4.2: Consecutive GPS observations from a vehicle, with numbering added
for points of interest. Picture from Google Maps.
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Setting an ω that is large enough to handle the worst errors is possible but has
the trade-oﬀ that it reduces the performance of the map matching path inference,
since all pairs in the candidate links needs to be connected.

4.1.2

Connecting Candidate Links

If the generated candidate links for GPS observation gt are not directly adjacent
with the links constructed for observation gt−1 , it is necessary to connect these two
segments by finding the path between them. Knowing the path between two road
segments is required in order to find the most likely one in the candidate set.
Furthermore, this leads to the construction of the candidate graph for the trip. A
visualisation of the candidate graph is displayed in Figure 4.3. The figure shows
that for each GPS observation g1 , . . . , gn in the trip a set of candidate links is
identified, with all segments within the error radius. Each member in each set of
candidate link is connected to the members of the adjacent sets.

Figure 4.3: A candidate graph is created from consecutive GPS observations
g1 , . . . , gn . For each GPS observation a set of candidate links is identified. Finding
the shortest route between each link connects the sets of candidate links.
The number of candidate links in each set is related to error radius ω and where
in the road network the GPS observation is, however this set is always finite.
The number of diﬀerent paths the vehicles could have travelled between the two
locations is small, since there is a time constraint ∆t = t − t1 , which can be used
to discard unfeasible paths.
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Finding the Path Using A*
It is assumed that the vehicle will always travel the fastest route and this path
is found using standard shortest path finding algorithms. A commonly used path
finding algorithm is the A* search algorithm.
By prioritizing nodes that seem to be closer to the goal, by some measurement,
A* does not necessarily have to check all nodes before reaching the goal. A* will
not be described in detail since this has been done many times in literature [21].
There are two main areas of interest in A*, the past path cost function g(x, y)
which is the known cost from start node x to current node y and the future path
cost function i.e. the heuristic estimate h(y, z) for travelling to goal link z.
Information from the links that have been traversed by the vehicle so far can
be included in the past cost function g(x, y). The past cost is calculated as the
estimated free flow time and is defined in equation 4.1. The free flow travel time
of a path is the minimum time it will take to travel, where the vehicle is always
travelling at the maximum allowed speed.

g(x, y) =

�

l∈links(x,y)

length(l)
speed(l)

(4.1)

h(y, z) is defined as the estimated travel time for the linear distance between link
y and goal z:

h(y, z) =

d(y, z)
(speed(y) + speed(z))/2

(4.2)

where d(y, z) is the distance between the node y and the goal z. For larger distances on the Earth it is necessary to calculate the distance with care but for for
shorter distances, such as within central Stockholm, the distance function defined
in Equation 4.3 provides an accurate result.

d(p1 , p2 ) = r

�

((λ2 − λ1 ) cos(

φ2 + φ1 2
)) + (φ2 − φ1 )2
2

(4.3)

where φ1 λ1 is the latitude and longitude for point one and φ2 λ2 for point two.
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The radius r is the radius of the Earth.

4.2

Path Inference

Path inference analyzes the set of candidate links for each GPS observation gt and
selects the most likely link for each set l∗ . Thereby creating the most likely path
through the candidate graph.

4.2.1

Path Inference Method

In addition to the path inference models introduced in the background, it is worth
noticing that the speed limit can be easily introduced to the shortest path model.
Hunter et al. [4] showed that a complex model could improve the number of correctly identified road segments. Adding the speed limit to the shortest path and
projection gives the following variation:
Shortest time and projection: Select the link based on two criteria, the one
which has the shortest travel time from the previous location and closest road
segment to the reported GPS point. Using the time instead of only the shortest
path involves usage of speed limits of the roads, which might be useful under the
assumption that drivers prefer the fastest way and not only the shortest.
The model consists of two parts that are weighted, the closest segment and the
shortest time for a GPS observation gt at time t.
For each road link l in the candidate set, that is all segments that lie within the
error radius ω m of gt , two things are calculated:
The closest segment The second part weights how far the link l is from gt .
Segments that are closer to gt are said to be more likely than segments that
are far away from it. gt is projected onto the segment which gives a point
that the vehicle should have been at, given that the segment is the correct
one. The distance between this point and gt , called proj, is transformed to
a time using the speed limit of link l.
How the distance between a GPS observation and the projected points on
the road segments within the error radius is found is displayed in Figure 4.4.
For each of the road segments within the error radius a projected point on
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the segment is constructed. The distance between the projected point and
the original GPS observation is labeled as d in the figure.

Figure 4.4: The distance from a GPS observation to the segments within the error
radius.
The shortest time The time it takes to travel is calculated from the travelled
path, which is the path the vehicle has travelled from the previous GPS
observation gt−1 . The distance of the path between the previous GPS observation gt−1 and the current observation is called path. Using information
about the speed limits the distance is translated into a free flow travel time.
How the path is calculated between two GPS observations is displayed in
Figure 4.5. The previous GPS observation at time t − 1 has already been
selected and diﬀerent free flow travel times are calculated for the current
observation. There are three diﬀerent candidates, segment1 , segment2 and
segment3 . For segment1 the distance of the path is labeled as x1 , for segment2
the path is x1 + x2 and for segment3 x1 + x3 .
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Figure 4.5: The distance of the path from the previous GPS observation.
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The two features gives the most likely link l∗ which is defined in equation 4.4.
l∗ = arg min (α × path(l)/speed(l) + (1 − α) × proj(l)/speed(l))

(4.4)

l

where speed is the speed limit of the link and α is a weight between the two
features in the model.
All distances are in km and the time is converted to minutes for readability. This
means that a selection of the most likely link depends directly on the previous
selected link.
For the first GPS observation in a trip the path from the previous selected link
cannot be calculated and only the distance of the projection is used.
The path inference is performed using the dynamic programming algorithm Viterbi
algorithm [22]. It computes the Viterbi path, which is a most likely sequence of
hidden states. At each step the set of candidate links is analysed using the equation
4.4 and l∗ is found. The most likely sequence will be found as the sum of all l∗ .
∗
In the case where a lt∗ is not adjacent from the previous most likely link lt−1
the
segments between them are added. Altogether they form the most likely path that
the vehicle has travelled.

The model only contain one parameter that needs to be tuned, α. The path
inference algorithm was run on a small number test cases, where the true path was
known, with diﬀerent values for α.

4.3

Extracting Average Speeds

In the most likely path, each GPS observation is mapped to a location on a segment
and the path between these mapped locations is estimated. Consequently the
travelled distance between two GPS observations is also known. The time between
them can be read from the timestamp that is saved for each GPS observations and
used to calculate the average speed between the observations.
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4.3.1

Finding Averages

The measured average speed sm between two GPS observations gt and gt+1 is
extracted by the travelled distance and time diﬀerence and is calculated by (4.5).
The calculation is visualized in Figure 4.6. In the Figure 4.6 the distance of the
path between two GPS observations g1 and g2 is displayed as the sum d1 + d2 + d3 .

sm =

distance(gt , gt+1 )
∆t

(4.5)

Figure 4.6: The extracted speeds over the three segments are based on the time
diﬀerence between g1 and g2 and the distance between them, d1 + d2 + d3 .
The measured average speed is saved for each of the segments that the vehicle has
travelled on between the two GPS observations.
Information about the time of day and weekday the data was collected is saved for
each of the measured speeds. However since the data is not well spread over the
year, information about which month or week is not saved. Since the historical
speed will be found when creating an estimation of travel time, it is unlikely that
the future trip will happen at the exact same minute at the same segment. Because
of that the speeds are aggregated into slots, where one slot is equal to a quarter
of an hour, which means that a day is divided into 96 diﬀerent time slots.
The distribution of the measured speeds for some of the road segments is shown
in Figures A.3, A.2 and A.1 in the Appendix A.

4.3.2

Filtering Out Bad Data

It is a necessity to handle errors in the most likely path.
There are errors that originate from the road network, for example when a vehicle
is travelling on a link that is missing in the digital road network. In the cases where
a link is missing in the digital road network that has been observed is because it
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was recently constructed. Such cases cause a wrong link to be selected. The path
between the wrong link and the adjacent selected links can be much longer than
the actual path. This can cause the average speed to reach values up to 1000km/h,
which is clearly not feasible. Only reasonable speed, which has a value under a
threshold, are saved. The threshold is based on the speed limit of the road segment,
meaning that for example a speed twice the amount of the speed limit of the road
is said to be infeasible.
Even in cases where the match is accurate, the collected speed can be wrong. It is
possible that a trip has two GPS coordinates within 2 or 3 seconds and that the
vehicle has travelled 200-400 m during that time, which produces an impossible
speed for a car.

4.4

Estimating Travel Time

The estimator uses an origin GPS point and a destination GPS points and a start
time for the trip. In order to create an estimation of the travel time there are two
things that needs to be estimated, the path taken by the vehicle and the expected
travel time on each link in the path.
Consider the following three ways to estimate the route:
1. A*
The path is found by A*, with the same features used during the map matching and path inference. The past path-cost function g() and the heuristic
estimate h() are defined on page 24.
2. Modified A*
At this point knowledge about traﬃc patterns have been gained. Using that
knowledge it is possible to redefine the past path-cost function g() defined
in equation 4.1 on page 24 and the heuristic estimate h() 4.2. The new
functions are defined as:
g(x, y) =

�

l∈links(x,y)

h(y, z) =
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length(l)
ŝl

d(y, z)
(ŝx + ŝg )/2

(4.6)

(4.7)

3. Path Inference
Running the path inference algorithm on the trip, as would have been done
if speed data were to be extracted, should provide a more accurate path and
therefore a more accurate estimation of the travel time. This requires not
only the start and end point of the trip, but all GPS observations within. The
path inference travel time estimation can be used to validate the estimated
path of the trip.

Querying the Historical Data
For a trip starting at time t with the estimated path p the estimated travel time
is T̂ (pt ). T̂ (pt ) is the sum of the expected travel time for each of the links in the
path, and is defined in Equation 4.8.
T̂ (pt ) =

� length(l)
l∈p

ŝt

(4.8)

The time for which historical data is gathered t is continuously updated as the
estimated time increases.
ŝ is a measure based on the historical speeds for that segment and can for example
be the median or the mean. A rationale for using the median is that it reduces
the importance of outliers.
The historical values for s are found based on the current time slot, and the
two immediately neighbouring slots for the current day. However this procedure
narrows the search drastically and introduces a need of acquiring more data. When
there is not a suﬃcient amount of historical data for those slots, four fallbacks
are used. It is assumed that segments that are close to each other, has the same
OpenStreetMap road classification and the same speed limit will have similar traﬃc
patterns.
1. Data is gathered from the 4, 6 or 8 neighbouring slots for the current slot.
In time these slot values impose ±1 hour, ±1.5 hours and ±2 hours.
2. Historical data is gathered from nearby links that are close to the current
segment and has the same road class and speed limit.
3. More data is gathered from other days and not only the current day. It is
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assumed that the traﬃc has diﬀerent patterns for weekdays and for weekends.
4. When no data at all can be found using these methods, a default value
based on the historical speed distribution of all roads with that class and
speed limit is set. Speed is found based on the time and day to get the
natural variations, such as it is more likely to have a higher speed during the
night compared to peak hours.
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5 Result
In order to produce a reasonable outcome for the estimator traﬃc patterns, such
as peak hours, must be identified in the data. Figure 5.1 is showing average travel
time on two heavily travelled parallel roads in central Stockholm. The road leaving
the city centre is displayed as green and travelling to it as blue. It is easy to identify
the peak hours, both the morning and evening rush, in the figure. The measured
travel time diﬀers with 30% when comparing the peak hours to the oﬀ peak hours.

Figure 5.1: The average travel time for diﬀerent start times for Centralbron.
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Patterns During Weekends and Weekdays
The traﬃc patterns are, as previously assumed, diﬀerent for weekends and weekdays. Traﬃc patterns for weekdays and weekends for a segment is shown in Figure
5.2. The average measured speed per hour for both all weekdays, that is Monday
to Friday and for the weekend is pictured in the figure.

Figure 5.2: Diﬀerent traﬃc patters are identified for weekdays and weekends
It is possible to identify diﬀerent traﬃc patterns when comparing each day, but
for many segments there is not enough data to create a fair comparison of day and
each hour.
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5.1

Map Matching and Path Inference

5.1.1

Experiment Setup

The way to test a map matching and path inference method is to use ground
truth data. It is gathered from vehicles approximately every second and then
down sampled to diﬀerent frequencies to test the robustness and accuracy of the
matching.
No ground truth data was available for this research, which means that it had to be
constructed. It was constructed for a very small number of trips that are supposed
to be representative for the whole data set. The selected trips were chosen so that
diﬃcult parts of the road network were included in the test. The harder areas to
match are for example central areas where the number of possible roads is very
high and long tunnels which causes large errors in the GPS position.

5.1.2

Model Parameters

The constructed model has two parameters that needs to be set, the weight for
the path inference α, the error radius ω.
Error radius ω
To ensure that the candidate graph contains all possible correct links for all
trips the error radius ω must be very large, which is not feasible in practice.
An ω of that size would be much larger than necessary for the most of the
GPS observation. Therefore an ω which is larger than the GPS error for
most of the observations but is not necessarily larger than the worst cases is
said to be optimal.
To find the optimal error radius the test cases are run for diﬀerent values,
results are shown in table 5.1. Two ratios are calculated, T is the ratio of
when the true segment exist in the set of candidate links, meaning that the
GPS error for that GPS observation is less than the error radius ω. F is the
ratio of segments that does not exist in the set of candidate links.
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Radius ω
300 m
100 m
50 m
25 m

average T
1.0
0.99
0.98
0.96

average F
0.0
0.01
0.02
0.04 1

1

Sets of candidate links were empty in this test
case.
Table 5.1: Ratio of true segments in the candidate graph.
Path inference weight
The path inference model contains a parameter that needs to be tuned, α,
which sets the importance between the the shortest time part and the the
closest segment part of the model. The path inference is defined in equation
4.4 on page 28. Results for diﬀerent values for α are showed in Table 5.2.
average T
0.873
0.902
0.906
0.913
0.909
0.887

α
0.1
0.4
0.5
0.6
0.7
0.9

average F
0.127
0.098
0.094
0.086
0.091
0.113

Table 5.2: Ratio of true matched segments for diﬀerent path inference weighting.

5.1.3

Evaluation Criteria

To evaluate the most likely path the ratio of correctly identified segments T in the
path was calculated along with the ratio of false identified segments F .

T =

|identif ied ∩ true|
|identif ied|

(5.1)

F =

|identif ied − true|
|identif ied|

(5.2)

where identif ied are the links that was identified for each GPS observation and
true are the links that the vehicle actually travelled.
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5.1.4

Accuracy of the Model

The Shortest time and projection model is evaluated and the results are pictured
in table 5.3. The model parameters are based on the previous tables and set to
ω = 50 m and α = 0.6
Method
Shortest time and proj

average T average F
0.91
0.09

Table 5.3: The ratio of correctly identified road segments by the map matching
and path inference.
For other trips that was not included in the test case, the most likely path and
the original GPS observations was plotted on a map and manually inspected.
Inspections show that the most likely path is a reasonable selected path for most
of the trips. In the case where a segment is falsely identified the path between the
two observations can be very weird and long.

5.1.5

Performance

All tests were run on a laptop on a 2,8 GHz Intel Core i7 and 16 GB of RAM. The
number of GPS points that the method can process is related to the error radius
ω, since the set of candidate links needs to be connected. In reality most of the
time is spent running A*, which itself is quite fast, but it is run multiple times
for each observation. With an error radius of 100 m this method takes around
45 ms to match and find the most likely segment for a GPS observation without
extracting the average speeds.
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5.2

Time Estimator Result

The main evaluation of the travel time estimator is in regards of the accuracy. But
the performance, even if it has not been highly prioritized, is an import aspect to
investigate briefly.

5.2.1

Experiment Setup

The travel time estimator was tested on trips that were not included when extracting the historical speeds. These trips were selected at random out of all the
data, over the whole time period.

5.2.2

Model Parameters

Recall the measure of the historical speeds ŝ defined in equation 4.8 on page 31.
The tests are run with diﬀerent measures for ŝ, the arithmetic mean, harmonic
mean, geometric mean and the median. The best results are found using the
median.

5.2.3

Evaluation Criteria

The estimated time for a trip i is T̂i and is compared to the actual diﬀerence in
the timestamps ∆ti . Two measures are used to evaluate the estimation; Mean
Average Error (MAE) and Mean Average Percentage Error (MAPE).
n
�
1 � ��
�
M AE =
�∆ti − T̂i �
n i=1

�
�
n �
�
�
1
� ∆ti − T̂i �
M AP E =
�
�
� ∆ti �
n
i=1
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(5.3)

(5.4)

5.2.4

Time Estimator Accuracy

Table 5.4 show the results for the travel time estimator.
MAE (s)
A*
96.3
Modified A*
113.4
Path inference 87.6

MAPE
16.8%
19.1%
15.4%

Table 5.4: Accuracy of the travel time estimator
For a small number of the trips, less than 0.5% of the trips, the estimator does
not succeed to create an estimation. This failure happens when A* cannot find a
path between the chosen start and end coordinate. A* fails because of either the
closest road segment for start or end coordinate is not the correct one or because
the vehicle travelled on a road that is missing or not possible to travel on in the
digital road network.
The relation between the estimated travel time and the actual travel time is displayed in Figure 5.3. A number of outliers have been removed from the graph in
order to produce a more readable version for the main part of data points.

5.2.5

Comparison

There are several commercial alternatives that the travel time estimator can be
compared to. The most used app for travel and routing tasks might be the Google
Maps, but estimation using their API required a premium account and could
therefore not be done. A few trips where randomly selected and tested for different estimators and the result is displayed in 5.5. It is worth noticing that the
comparison is performed for a small number of tests cases and where an interval
of possible travel time was returned the median was used instead.
A*
Google Maps

MAE (s)
99.1
101.3

MAPE
16.5%
19.0%

Table 5.5: Comparison between diﬀerent methods of estimating travel time. Where
an interval was given the median was used.

39

Figure 5.3: Comparison with diﬀerent travel time estimators. Where the an estimator produces a time interval, the median value is chosen instead.

5.2.6

Time Estimator Performance

Creating a travel time estimation of a route, running A* and looking up the result
from the database, is fast and takes usually less than 20 ms.
Running the estimator on the modified A* algorithm, where the cost and heuristics
depend on the found historical data is slower, and will take around half a second.
The worst-case where the chosen start of end road segment is wrong or the vehicle
travelled on a road that does not exist in the road network is much slower since
A* will go through all possible roads in the whole road network before concluding
that a route cannot be found.
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6 Discussion and Future Work
6.1

Map Matching and Path Inference

The developed method for path inference gives a correct or good result in most
cases. However there are some cases where it does not produce satisfactory result.
There are multiple possible improvements.
A More Complex Method The path inference would benefit of a more complex model. For example introducing a penalty for making turns, which is
diﬀerent if it is a left or a right turn. A left turn should be more costly, in
regards to the travel time, than a right turn.
Backwards paths The path inference allows backwards paths, for example when
a car has made a U-turn. This problem is also present due to the lack of
penalty for making turns compared to driving straight ahead. Combining
these two choices gives a wrong match in the case where the error in GPS
observation causes the coordinate to be on a perpendicular road to the one
that the vehicle is currently travelling on. Because of the GPS error penalty
is not set to an optimal value for all trips, the perpendicular road is selected
as the most likely and the most likely path is containing a U-turn. For the
cases where this have happened the perpendicular has been very short, just
a few metres long, making the cost for driving it very low.
Using OpenStreetMap Using OSM as the digital road network has some disadvantages. It does not have all roads in the real road network and some of the
data is wrong. Using a better road network, or merging several, could give
a road network that is more accurate. In this solution it is easy to change
the road network to a new version of OSM but another data source will need
integration.
Forward and Backwards path If only processing historical data, the whole trip
is known beforehand. This gives the opportunity to find the most likely pathbased on both the previous and the next observation in the trip.
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Better Testing An important improvement would be to introduce a larger test
suite for the matched path. It is arguable that a small number of test cases
cause the solution to be optimal for those tests, and not for all data. The
result of the path inference should be seen as an indicator of the accuracy.
Dynamic Error Radius The error radius for which candidate links are included
when building the candidate can be set as dynamic. When all of the found
links gives a measured travel time that is clearly not feasible compared to
the time diﬀerence it is possible to increase the radius to hopefully find the
correct link.

6.2

Travel Time Estimator

Discard Bad Data During extraction of the average speeds it is needed to keep
track of the vehicle’s current position on the current link to find the distance.
When noticing that the position is going in the wrong direction, might be
due to reverse driving but maybe due to a false path was discovered, the
speeds between those to observations are discarded. Discarding dubious
results reduces the total number of historical speeds, but should increase the
quality of the gathered data. By increasing the quality of the map matching
and path inference, more data can be gathered for the estimator.
Worst cases for the estimator An interesting observation of the result is that
the Mean Average Percentage Error (MAPE) is substantially larger than if
using the median, which is showing that for most estimations the result is
better than the mean result. This also indicates a need for improving the
worst cases.
For the worst cases, the estimation is over 100% wrong compared to actual
time. Some of the worst cases are due to a bad result of the estimator
and needs to be improved. However other show indication that something
unknown has happened during the trip and has caused a stop for several
minutes.
Weight the historical data This method treats all historical data equally, even
though that the circumstances are most likely diﬀerent since they are collected during diﬀerent months. It might be of value to give newly gathered
data more importance compared to older data, since the traﬃc situation
might have changed during the months.
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The historical data can also be weighted if the same route, or part of a route,
has been travelled by one vehicle previously. The current approach can give
readings from many diﬀerent vehicles.
Default Values The default value that is set when no historical information is
found can be improved by analysing the found patterns further.
Real-time Data Using real-time data with information about road works and
accidents is a possible improvement with high value. Such information could
provide a penalty for the involved roads and either providing a diﬀerent route
or a diﬀerent estimated travel time for the original one.
Partly or completely travelled segments Each of exacted average speeds are
added to the estimator which means that there is no weight depending if the
vehicle has travelled the whole segment or partly. There is also no weight depending on if the vehicle has only travelled one segment, or multiple segments
since the last GPS observations. If multiple segments have been travelled and
they have diﬀerent max speed it might not produce an accurate measured
speed for all the segments. These aspects need to be investigated further.
Simplifications Simplifications may aﬀect the result in a negative way. One simplification made that should be improved is that crossings may take diﬀerent
results depending on which directions the vehicle is driving. Around 20% of
the roads in the road network are one-way roads, for which this is not a problem. For two-way roads however this might be a problem since information
about which direction the vehicle is travelling is not stored.
This way of finding historical data is based on the simplification that driving
patterns are similar for both directions of a road. For one-way roads this is
obviously not a problem but for two lane roads the driving patterns might
not be the same, since even though one of the lanes is busy and slow does
not mean that the other one is.
Start and end of a trip Most of the GPS observations are gathered when a
vehicle is already travelling. This means that the measured speeds that are
saved for the travel time estimator are used both for when the car is already
travelling and when the car is just starting to drive.
The travel time estimator uses the assumption that the closest road segment
for the start and end coordinate is the correct one. The path inference show
that this is often not the case and the potential GPS error introduces error
to the travel time estimation.
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Limited data Since the used data is mainly from the winter months, it may
not be suitable to use it for estimating travels during summer time, if the
conditions are very diﬀerent. No eﬀort to investigate this has been done, but
it should be considered if continuing this work in the future.
Performance and scalability Performance and scalability have not been highly
prioritized, but needs to be considered if continuing work on this model.
Underestimation of the travel time The distribution of the ratios between
the estimated travel time and the actual travel time in Figure 5.3 show
that the estimator underestimates in almost all cases. Omitted from the
picture are some data points for which the estimation diﬀers between 200%
and 400% to the true value. These two things show that the estimation can
be improved quite easily.
Using these ideas it is possible to add penalties to the estimation in order to
improve the accuracy. A basic penalty system can simply use a start and end cost
which is the time it would take for the vehicle to start and stop driving. The
introduced penalty is displayed in 6.1, where the start and stop delay is labelled
as c.

T̂ = c +

� length(l)
l∈p

ŝt

(6.1)

Table 6.1 show the accuracy of the estimator when a start and stop delay has been
added.
MAE (s)
A*
83.7
Modified A*
90.1
Path inference 71.6

MAPE
14.5%
15.1%
12.3%

Table 6.1: Accuracy of the travel time estimator with added delay.
The penalty that is added to the travel time estimator show that there is great
room for improvement by just adding a basic cost. It is possible that another
penalty system could improve the accuracy further. Features such as distinguish
between right and left turns, traﬃc lights or pedestrian crossings are interesting
to look into.
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7 Conclusion
Creating a travel time estimator solely based on historical data defined per day
and time is possible and gives an accurate result for most trips. The performed
tests show that calculating the sum of all travel times for each segment in a route is
often accurate, but during some circumstances deviate highly from the actual time.
If a very accurate estimation is required, multiple improvements are identified for
the proposed model.
The fact that the estimator fails to produce an estimation for some of the trips in
the test suite display a need for an improvement in the digital road network.
It was no surprise that the travel time estimation when the whole path was estimated using path inference outperformed the A* method. The small diﬀerence in
MAPE between the two approaches shows that the A* gives a decent estimation
of the travelled path, yet it still has room for improvement.
The distribution of ratios between the estimated travel time and the true travel
time shows that the estimation for most of the trips is even more accurate than
the average case. The persistent underestimation of most of the trips displays
a possibility for improvements. By adding a simple penalty to the travel time
estimation the accuracy is increased drastically, which also indicates that more
improvements can increase the result further.
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A Appendix

Figure A.1: Measured speeds for a road segment on Södermalm with speed limit
50 km/h.
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Figure A.2: Distribution of measured speed on a road segment on Kungsholmen,
with a speed limit of 50 km/h.
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Figure A.3: Distribution of measured speed for a road segment with the trunk
road classification, which is for the most important road segment that are not
motorways.
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