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ABSTRACT
Commuters rely on realistic and real-time information in or-
der to optimize the time spent on commuting between home
and work. Delays in (urban) transport and congestion for
individual motorized transport are a major issue for unne-
cessary long travel times. While some of these delays occur
randomly, there is also a systematic component. In this pa-
per we describe a data-driven approach to analyze positions
of an individual collected using GPS to obtain informati-
on on the individual’s typical routes, typical schedules and
the used mode of transport. Furthermore, we propose an
approach to model the probability of an event like missing
a train as a function of time. This allows to optimize the
expected commuting time based solely on the commuters
motion history. Suitability of the approach is demonstrated
in a real world application based on a dataset comprising six
weeks of GPS tracks.

1. INTRODUCTION
Commuters typically follow a routine in their daily sche-

dule for reaching office from home in the morning and retur-
ning home in the evening. Communting often includes using
a combination of regional trains running at fixed schedules,
underground or other public transport running frequently
but irregularly, individual transport by foot, bicycle or car.

Commuters then have a number of choices such as diffe-
rent routes, different scheduling of the time of leaving home
and the office, respectively.
Over the years commuters acquire information on the time
it typically takes to reach home from work, the best connec-
tions both in terms of reliability and time efficiency using
trial and error processes and word-of-mouth from colleagues
and friends in the same situation. They also learn to time
their journey such as to avoid as much as possible to be
caught in congested traffic.
In case of changes in time tables of public transport and
changes in the road network, the previously acquired infor-
mation is obsolete and must be updated with new informati-
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Figure 1: Overview over the collected data set and
close up view of two areas: (A) St. Pölten, (B) vici-
nity of arsenal research.

on contained in the motion history e.g. provided by frequent
localization.
Addionally, delays caused by unusual disruptions in the trans-
port system (such as accidents) could be prevented by a ti-
mely reaction of a commuter. Timely information could be
supported by predictions on the route taken based extrac-
ting a commuter’s habits from the motion history.
This paper proposes a methodology to extract information
of a commuter’s own motion history measured with GPS
tracking. This information can support travel time optimi-
zation by 1) providing accurate situation aware predictions
of expected travel time and 2) building the basis for perso-
nalized pre- and on-trip travel information.
In contrast to other studies using GPS tracking as a means
of data collection (like e.g. [1, 2, 3]), our proposed approach
uses GPS observations as the single source of information.
No time tables for public transport or geometric informa-
tion is included, thus achieving a fully self-contained data
analysis. Moreover, the GPS localizations are assumed to be
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obtained from a mobile device such as a smart phone or a
PDA. In contrast to car navigation systems, such increasin-
gly popular mobile devices can also be used in multi-modal
situations.
This paper is organized as follows: Section 2 provides an
overview of the methodology. Section 3 discusses a real world
example covering six weeks of data of a commuter as a de-
monstration example. Figure 1 provides the measured GPS
coordinates of this data sets as red dots. Section 4 draws
some conclusions and discusses potential applications.

2. METHODOLOGY
The proposed analysis method is based on the motion hi-

story of a commuter represented as a sequence of time step
position pairs (ti, xi, yi), i = 1, . . . , n. While this paper focu-
ses on GPS-tracking as a means of data collection, the data
measurement technology is of minor importance subject to
certain restrictions described below.
The approach is based on the concept of points-of-interest
(POIs), defined as places where an individual stops for a
certain time span. The most important POIs are the living
place and the working place, but also transfer points of trans-
port mode changes. Two POIs are connected by routes. The
proposed approach is composed of the following steps:

1. Detecting POIs and splitting trajectories by de-
tecting stops and signal losses.

2. Preprocessing trajectories by removing outliers due
to GPS shadowing effects and closing measurement
gaps to POIs.

3. Obtaining route information by finding main rou-
tes between detected POIs.

4. Detecting travel mode based on characteristics of
the trajectories.

5. Obtaining timing information by analyzing times
of entering and leaving POIs.

6. Estimating probability of catching connection.

These steps are described in more detail in the following.

2.1 Detecting POIs and Splitting Trajectories
POIs are detected in the raw observation data set provided

by conventional GPS devices with the stop detection algo-
rithm published in [4]. A stop is detected in the time-ordered
data set henever a segment extending for a time span longer
than T minutes is found such that all positions lie within
a circle of radius R. The found trajectory segment is then
extended until for the last time the smallest circle contai-
ning all locations in the segment has radius smaller than R.
Then the stop is said to occur at the mean location in the
segment. Hence in particular at positions where signal losses
over a prolonged time interval are observed (which happens
e.g. if a building is entered) POIs are detected.
This results in a typically large set of POIs which is redu-
ced by clustering nearby POIs using hierarchical clustering
algorithms. Subsequently, POIs in one cluster are replaced
by the corresponding cluster center. The number of POIs
obtained in this way is determined by the cutting height in
the dendrogram corresponding to the maximal distance bet-
ween the members of the obtained cluster.

The output of this stage is a set of POIs. Additionally the
observations are segmented into trajectories that start or
end near POIs.

2.2 Preprocessing Trajectories
The GPS system can provide accurate positioning data

only as long as an unobstructed view to at least four satelli-
tes can be guaranteed. Shadowing effects caused by obstacles
like buildings or trees often lead to inaccurate position mea-
surements during travel. Furthermore, an initialization pha-
se after a longer signal loss (e.g. when switching off the de-
vice or entering a building) may last up to five minutes with
no location data (depending on the device).
Hence the collected data needs to be preprocessed in order
to limit the influence of such problems. Initially, an approach
based on individual velocities removes outliers from further
processing: Positions which could only be reached with un-
typically high velocities are removed from the data set. This
method only works reliable for high frequent measurements.
In oder to fill the measurement gaps caused by GPS devi-
ce initialization, linear interpolation to the closest POI is
used. Consequently, every trajectory will end at a POI. In
many cases the subsequent trajectory will start close to this
POI. This information can be used in order to predict the
path taken from the POI to the first observation of the next
trajectory. Hence, a simple idea in this respect is linear in-
terpolation to the closest POI using the mean speed of the
following trajectory.
If the distance to the closest POI reaches a predefined ma-
ximum distance, a new POI at the starting point of the
trajectory is added. This ensures that all trajectories start
and end at POIs.
The resulting set of trajectories is smoothed (to reduce the
noise level) and resampled (in order to obtain equal spacing
in time).

2.3 Obtaining Route Information
In order to detect the main routes taken by the commuter

between different POIs, an automatic path learning algo-
rithm [5] is applied to the trajectory set. This approach uses
a vector quantization in order to obtain a set of prototypes.
The propotype set is subsequently reduced in order to obtain
a minimum distance between the prototypes of 30 meters.
The length of 30 meters is chosen to roughly match the ac-
curacy of the position data. The trajectories are then viewed
as a sequence of prototypes by identifying data points with
the corresponding nearest prototype. Then a clustering al-
gorithm specific to this setting is applied to the sequences of
prototypes representing the trajectories in order to obtain
sets of prototypes representing a route. Details of the imple-
mentation can be found in [6].
After detecting the main routes, the usual behavior can be
separated from the unusual one and only routes retained
that are ’often’ used (the exact meaning of ’often’ is a user
parameter). Subsequently, only POIs are considere that lie
on the main routes.
The output of this stage is a set of routes connecting the va-
rious POIs and a collection of trajectories linking the POIs.

2.4 Detecting travel mode
In this step the trajectories linking POIs are labeled ac-

cording to different modes of transport. The mode detection
differentiates between motorized traffic, public transport, bi-
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Figure 2: Density plots of velocities for different tra-
jectories: (a) car, (b) regional train, (c) bike and
walking, (d) walking. Negative values are artifacts
of the chosen kernel density estimator.

ke usage and walking. Each of the transport modes has its
own characteristic and its own reasons for time delays. Mo-
torized traffic is subject to congestion and accident related
delays, public transport has a fixed time schedule, and hence
commuting delays are caused by missing a connection.
Much information on the used mode is contained in the dis-
tribution of the velocities in the trajectories as can be seen
in Figure 2: It shows the estimates of the probability densi-
ty function of the distribution of velocity for four manually
classified trajectories of the demonstration data set: From
these plots it can be seen that the car traffic attains the lar-
gest speed with some probability mass at approximately 120
km/h (see Fig. 2 (a)), close to the speed limit on Austrian
freeways that lies at 130 km/h. For public transport trajec-
tories, the speed profile (Fig. 2 (b)) contains mass between
40 and 70 km/h and an additional mass around zero due to
train stops. The profile for biking shows speed maxima of
about 20 km/h. (see Fig. 2 (c)). Walking comprises speeds
up to 15 km/h corresponding to running (see (Fig. 2 (d)).
This demonstrates that mode detection can be based on ve-
locity distributions. Note that this requires a correct split-
ting of the data set into trajectories related to single travel
modes in order to avoid missclassification due to mixed velo-
city distributions. Such a mixing can occur when the mode
change does not involve stopping for a longer period. Such
changes in travel mode can also be detected based on speed
distributions. The above mentioned method certainly is too
simplistic and more elaborate mode detection algorithms are
left for future research.
The output of this stage is a labeling of the trajectories ac-
cording to the travel mode chosen.

2.5 Obtaining timing information
The previous processing steps provide for each pair of

POIs a number of trajectories leading from one POI to the

other are obtained together with a classification into diffe-
rent travel modes.
Hence for each pair of POIs and for each travel mode, the
weekdays when this combination is used can be sought and
patterns (such as usage of a particular travel mode only on
certain weekdays) can be found. This information is useful
for situational awareness.
Moreover, for each route and each travel mode, average tra-
vel times conditional on the starting time can be obtained
from using kernel estimators. This clearly indicates syste-
matic delays due to congestion and provides the basis for
optimization.
time tables exist for public transport and regional trains ty-
pically run at regular intervals such as e.g. every 15 minutes.
Hence for optimization it is important to understand the ti-
me schedule. This information is contained in the motion
history of commuters for sufficiently long observation peri-
od, as the similar entry and exit times at the corresponding
POIs are found. Using Gaussian mixture models, the most
likely leaving times for the most often used connections can
be estimated. Consequently, the personal time schedule can
be obtained. This information is useful for optimization as
well as for the detection of the current situation of the com-
muter.

2.6 Estimating probability of catching connec-
tion

In some case the optimization of the travel time is not the
ultimate goal. Sometimes it is crucial not to miss a connec-
tion. In this situation a model for the probability to miss a
connection as a function of starting the trip is useful.
Such models can be obtained using the logistic function (see
e.g. [7]): Consider the situation where a particular POI is
identified to correspond to the junction of public transport,
and where for a longer time period the times leaving the
previous POI as well as the times of arriving at the juncti-
on and leaving it are observed. Based on this information it
can be decided whether the commuter missed her connecti-
on resulting in a unusually long waiting time. Let yj = 1 if
the commuter reached the train according to the j-th data
point and yj = 0 else. Let xj denote the time of leaving the
previous POI. The logistic function then parameterizes the
probability of catching the train according to

P(yj = 1|xj) =
1

1 + exp(β0 + β1xj)

Here β0, β1 ∈ R are parameters to be estimated. Typical-
ly, the maximum likelihood paradigm is used under the as-
sumption of conditionally binary distribution of the depen-
dent variable for the estimation supplying also information
on the accuracy of the obtained estimates.

3. DEMONSTRATION EXAMPLE
Here we demonstrate the proposed approach using da-

ta collected with a GlobalPoint Emtac Trine II GPS recei-
ver equipped with the SiRF Star IIe LP technology (see
www.sirf.com for details). The receiver also contains a data
logger such that the collected data can be accessed ex post
via a bluetooth connection. The data has been collected on
twenty seven days within seven weeks and covers the route
to and from work for one individual. The individual did not
change his commuting habits during that time span and no
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Figure 3: Number of data points collected per trip.

time table changes for the used public transport occurred.
Fig. 1 shows the collected data points.

A total of 70076 data points have been collected at a fixed
sampling rate of 2 seconds in the region of Lower Austria and
Vienna. This high sampling rate has been chosen to make a
trade-off between gathering as much information as possible
and saving memory for longer observations. While the GPS
receiver also provides velocity information in it’s own right,
we judge it as being unreliable and instead prefer proces-
sing of the raw position data only. The tracked individual
lives in St. Pölten, Lower Austria and commutes to work
either using a car via a freeway (’F.way’ in Fig. 1) or pu-
blic transport (via the Westbahnhof train station, ’WBHF’).
The workplace at arsenal research is labeled as ’ar’ ((B of
Fig. 1)). The car is used on Tuesdays since the individual
drives to a sports ground in Herzogenburg in the evening.
At all other days public transport is chosen. In this case the
sequence of travel modes is bike (home to BHF), regional
train (BHF to WBHF), subway (WBHF to S-Bahn station)
and walking (S-Bahn station to ar).
It can be noticed that no GPS tracks are available between
WBHF and the train station in St. Pölten, denoted as ’BHF’
in part (A) of Fig. 1.
In the vicinity of the workplace (see Fig. 1 (B)), the most
used station of the regional train is visible (’S-Bahn station’),
the workplace itself (’ar’) and also a supermarket, which
was used a couple of times (’Supermarket’). The plot of St.
Pölten (see Fig. 1 (A)) shows a number of different paths
connecting home (’Home’) to the railway station (’BHF’) as
well as the entry and exit of the freeway frequented with the
car.
Data collection is not fully reliable. Every two seconds a po-
sition should be available. Fig. 3 provides some quantitative
information. It can be seen that the amount of data obtained
at the various weekdays differs vastly. One reason for these
differences can be seen in the mode of transport: in the car,
the GPS receiver records position data frequently, whereas
during the train trip no data is collected at all. Data collec-
tion in the subway and the regional train is partly possible.
However, also sometimes data collection failed. This leads
to a situation where not for all evaluations to be discussed
below the same data basis can be used.

The first step in the analysis of the data sets is to obtain
the POIs via detection of stops. Here T = 5 minutes and

BHF

Home

F.way

Figure 4: Detected stops in the map region Fig.1
(A).

R = 25 meters were used as parameters for the stop detec-
tion algorithm. Fig. 4 provides a plot showing the results in
the town of St. Pölten. In the plot the starts of the trajecto-
ries are plotted as red crosses, the ends as black circles and
the stops as blue squares. Furthermore the spatial density of
all these points is represented using a contour plot. The den-
sity is estimated using a standard spherical Gaussian kernel
with manually adjusted bandwidth. The plot comprises 223
marked locations originating in 90 starts, 90 ends of tra-
jectories and 43 detected stops (not all within the plotted
region).
After preprocessing according to Sect. 2.2, the main routes
were computed leading to 26 paths, where only eight are
used for more than two times. The found eight paths cor-
respond to the typical route taken with the car (one path
for each direction), the two bike routes (differing for the
direction to the station BHF and home respectively) and
four paths representing the subway and regional train rou-
tes connecting arsenal research and the Westbahnhof. Fig. 5
shows the segment of four of these paths appearing in the
region (A) (see Fig. 1). The figure also shows that the qua-
lity of the found paths - in terms of position accuracy - is
very high, approximately in the range of the map accuracy.
After omitting POIs not on the main routes, the number of
POIs is reduced to eight points: In St. Pölten only two POIs
remain: One is located at the living place of the tracked in-
dividual, the other one at the railway station (BHF). The
other stopping points found (not shown in the figure) are
located at the workplace, the supermarket close to the work-
place, the station of the local train close to the workplace
and at the Westbahnhof where the author changes trains.
The last two clusters of detected stopping points are located
at Herzogenburg where the tracked individual uses to play
basketball at Tuesday nights. Thus all expected points are
correctly found with this simple algorithm. The position ac-
curacy of the found POIs mainly depends on the quality of
the GPS and hence lies in the range of a few ten meters.
The next stage in the proposed approach is mode detection
performed for each trajectory as described in Sect.2.4. In
this particular data set, mode detection effectively separa-
tes the different modes of transport: In all but 4 (out of 90)
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Figure 5: Detected main paths in the St. Pölten area
(see Fig. 1).

trajectories the correct mode is detected. Car is misclassi-
fied twice as public transport, since in these trajectories no
freeway was used. Public transport has been classified on-
ce as car traffic. Finally also walking has been misclassified
as bike riding due to noise in the initialization phase. No-
te however, that this situation seems to be special for the
characteristics of this particular commuting paths. The da-
ta set distinguishing car use from public transport relies on
the assumption that a freeway is used with the car. Also
mode changes within the trajectories are not detected. In
more complex situations also more elaborate mode detecti-
on schemes need to be devised.
By inspecting the days of car usage it could be observed that
the car is used only on tuesdays. The reason for this is that
the commuter has one stop on the way home on Tuesdays
at the sports ground in Herzogenburg. The path followed
on the way home is significantly different from the path to
work.
With respect to the scheduling of the travel times it can be
observed that the first position in the morning when using
the car vary substantially (ranging from 6:58 to 7:31). Next
consider the times of leaving home in the morning in case
public transport is chosen: In this case the data lists as first
observations 6:50, 6:53, 6:54 (three times), 6:55, 6:56, 6:58,
7:03, 7:05 (twice), 7:07 and 7:10. Again it is observed that
initialization of the GPS device leads to a time lag in re-
cording the first position. This is corrected for by using a
rough estimate of the time leaving home obtained by assu-
ming the mean speed to be taken from home to the position
of the first collected data point. This leads to corrected ti-
mes of 6:43, 6:46, 6:47, 6:49 (three times), 6:51, 6:54, 6:56,
7:01, 7:04 (twice) and 7:06 indicating the usage of two diffe-
rent trains one leaving at approximately 6:50 while the other
one leaves at approximately 7:05. The times recorded for the
start of sixteen bike trips from BHF to home in the evening
are 19:02 (twice), 19:04 (twice), 19:05, 19:06, 19:10, 19:20
(twice), 19:21 (four times), 19:22, 19:28 and 20:05. This in-
dicates the usage of three different trains arriving around
19:04, 19:21 and at 20:05
Fig. 6 shows a comparison of the duration of the bike ri-
de. The plot shows the estimated density of the distribution
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Figure 6: Measured bike travel times.

of the bike travel times for the morning (red dashed curve;
based on 13 observations) and the evening (blue curve; 12
observations). It can be seen that the ride to the train stati-
on takes on average 11.5 minutes with 3.4 minutes standard
deviation, whereas the ride back takes on average 18 minutes
with more than 6 minutes standard deviation. Also visible
are two large observations which can be traced to stops on
route. Note, however, that the sample size is quite small as a
basis for nonparametric density estimates and hence single
observations influence the shape of the estimate much.
Finally the total travel time was calculated separately for
the mornings and the evenings. Only those trips which di-
rectly connect home and work place were considered and
trips having stops in between (such as the car trips with
stops for sports activities) are discarded for this part of the
analysis. Fig. 7(a) provides a plot of the estimated density
of the travel time (separated into car and public transport)
in the morning. It shows that mean travel time is 1.6 hours
with a peak at 1.25h representing the travel time using car
(red dash dotted line) and a second peak at 1.75h represen-
ting typical public transport travel times (blue solid line).
One can notice car travel time at 1.6h. The explanation for
this delay lies in bad road conditions as a consequence of
heavy snowing leading to a significant slowdown. Also the
two long travel times with public transport (over 2 hours)
can be attributed to delays due to bad weather. Fig. 7 (b)
shows the direction from work to home for public transport.
For car travel only one observation (1.2h) is contained in
the data set due to the frequent stops at Herzogenburg on
the way home. As a difference to the morning travel the pu-
blic transport travel time in the evening shows two fast trips
while the bulk is located around 1.9 hours reflecting the lon-
ger bike trips. The two fast trips occur in combination with
the train at 18:20 while all longer trips use the 18:34 train.
As a consequence two facts stick out: First the commuter
has a strong preference for public transport since he accepts
an additional approximate half hour. Secondly, the duration
of the trip back home depends crucially on the fact whether
the 18:20 train is reached or not. The penalty for missing
this train is an additional 15 minutes of travel time. Thus
the timing of the trip in order to grant a certain probability

Digital Object Identifier: 10.4108/ICST.MOBIQUITOUS2008.3881 
http://dx.doi.org/10.4108/ICST.MOBIQUITOUS2008.3881 



1 1.2 1.4 1.6 1.8 2 2.2
0

1

2

3

4

5

6

7

8

Time[hours]

 

 

Public
Car

(a)

1.3 1.4 1.5 1.6 1.7 1.8 1.9 2 2.1
0

2

4

6

8

10

12

Time[hours]

(b)

Figure 7: Travel times during the morning (a) and
in the evening (b).

to reach the train is of importance. The small sample size in
this respect does not allow for an accurate estimation of the
probability catching the train which is hence left for future
research.

4. CONCLUSIONS
We have proposed a methodology to extract information

from the motion history of a commuter. Information on the
chosen mode of transport, places of changing transport mo-
de, route choice as well as timing information is obtained.
This information is retrieved based solely on the collected
data without the need of interaction with the commuter.
The main results in this respect are the main routes taken,
the habits with respect to the usage of car and of public
transport, usual times for leaving home and leaving work.
The methods are demonstrated to be suitable using a small
data set obtained using GPS localization over a period of se-
ven weeks. The discussion showed that the subject of study
prefers public transport (for whatever reason) since he ac-
cepts longer travel times during most of the work week while
on tuesdays the car is chosen relating to an obvious activity
on the return trip. For the train trip it has been found that
in the evening mainly two trains connecting Westbahnhof
and St. Pölten Hauptbahnhof are chosen where the second
train only results if the first one is missed. This provides a
detailed description of the habits of the commuter extracted
solely from his own motion history using the proposed me-
thodology.
During the investigation a weak point of the methodology
has been found to be the mode detection scheme. The cur-
rent implementation is definitely too simple in order to work
in more complex settings. Two extensions immediately come
to mind: Either geocoded information is consulted including
the location of public transport facilities or a more elaborate
statistical approach is to be chosen, such as the one followed
in [8]. This is left for future research.
Finally also the mode of data collection might be questio-
ned. Future research will examine the possibility to use the
more widely available cell-ID localization techniques in com-
bination with mobile phone usage.
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