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Abstract

The European project MoTiV aims to study the value of time that people spend on travel and what
are the factors that define this value. The objective of this work is to develop a data collection component
that will be used to collect the data needed for the MoTiV project. The data is supposed to be collected
automatically from the sensors available in modern smartphones in near real time. One of the data that
must be collected is the mode of transport used.

The Transport Mode Detection Module (TMDM) was created in order to identify the transport mode
used on both Android and iOS operating systems. During the trip this module evaluates the information
obtained from the sensors of a smartphone using a machine learning algorithm in order to identify all
the modes of transport used. The developed solution allows to identify 6 different modes of transport
(walking, bicycle, car, bus, train and still) with an accuracy of 90% using the Random Forest algorithm. In
addition, the number of transport modes used during a trip is identified correctly with an accuracy of 95%.
Keywords: Sensors, Transport mode, Smartphone, Classification, Random Forest.

1. Introduction

Time is one of the most important and valuable re-
sources that we have at our disposal. The people
spend a significant amount of their time traveling.
The main goal of the MoTiV project is to contribute
to advance research on value of travel time. More
specifically, the goal is to understand the impact
of individual preferences, behavior, motivation and
lifestyle on value of travel time. In order to do this, it
is necessary to collect and analyze the data related
with different conditions that affect the people’s mo-
bility. The collection of data needed for the project
is intended to be done through a smartphone ap-
plication.

The present work aims to develop the Trans-
port Mode Detection Module (TMDM) which will be
used in the MoTiV application to identify automati-
cally the mode of transport used by the users. The
TMDM must allow the identification of transport
mode in near real time (near real because of the
possible delay needed to perform some computa-
tions). In addition, the TMDM must be executed on
both Android and iOS operating systems, and be
power efficient (allow the collection of the modes
of transport used during a day without recharging
the smartphone). It is also assumed that the users
will have a mobile Internet connection at least once
a day.

2. Related work
The need for information related with people’s
choices and behavior in the context of travels ex-
ists for decades. There are several areas (trans-
port, economy, health, energy, sociology, etc.) that
are interested in this data and perform the scientific
studies in order to get it.

Initially, the studies were performed using the
traditional methods of data collection. The tra-
ditional methods includes the travel diaries, face-
to-face home interviews, telephone interviews and
computer-assisted interviews [11, 15].

The traditional methods of data collection have
some important limitations, namely the poor accu-
racy of the reported data and the non-reported trips
due to respondent burden [3].

The appearance of new technologies, such as
GPS, made it possible to perform the passive stud-
ies, where the data was collected using GPS log-
gers that can collect second-by-second location
and position data without increasing the respon-
dent burden [16].

But the use of the GPS loggers has its own lim-
itations. The cost of GPS studies can be high
[16] and the people can easily forget to charge
their GPS loggers or to forget them at home, which
means the increasing of non-reported trips [14].

The appearance of the smartphones allowed to
reduce the impact of problems related to the use
of GPS loggers. The number of non-reported trips
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and costs associated with the studies can be re-
duced when the users are allowed to use their own
smartphones to collect the data, because the users
tend to not forget their smartphones and there is no
need to purchase and distribute additional equip-
ment [5].

In the last years were created different systems
what support the collection of the mobility data
from the smartphone. The problem of most sys-
tems is the impossibility of collecting the data in
near real time. These systems [4, 9, 12, 17, 18, 19]
usually perform the identification of the transport
mode used on the server side, while the smart-
phone is used only to collect the raw sensor data.
This means that the transport mode identification
depends of existence of the internet connection,
which is impossible to guarantee for every trip and
subsequently, this makes impossible the identifica-
tion of the transport mode used in near real time.

Some of the systems allows the identification of
transport mode in near real time. Martin et al.
[7] created the solution computationally simple that
can be executed on a smartphone, but there are no
indication if this system was really tested in mobile
environment and how much energy it consumes.
The solution of Reddy et al. [10] was actually used
on a smartphone, but it was developed for Symbian
operating system and cannot be used in Android
nor iOS.

This means that, in order to meet the require-
ment of near real time transport mode identifica-
tion, a new solution must be implemented.

3. Methodology
In this work it was decided to explore the use of
machine learning algorithms to perform the iden-
tification of the transport mode. The identification
of the transport mode consists in selecting a label
from a set of known labels, which means it is a
classification problem.

The construction of the machine learning classi-
fier can be divided in 3 main steps: (i) collection
of the raw data from smartphone sensors, (ii) pro-
cessing of the collected data, (iii) train the classifier
using processed data. These steps are described
in more details in the following subsections.

In order to be possible to identify the mode of the
transport in near real time, it was decided to run the
resulting classifier on the smartphones themselves
(both Android and iOS operating systems).

3.1. Collection of the raw data
To collect the raw data it was created a system
composed by 2 main components, a central server
and a smartphone application (available for An-
droid and iOS).

The purpose of the application is to collect the
raw data during the trip. The application allows to

Walking Bicycle Car Bus Train
62.07h 15.53h 69.68h 65.82h 49.92h

Table 1: Total duration of the raw data for each mode of trans-
port collected.

start and end the data collection explicitly through
the respective interface buttons. At the end of a
trip the user is asked to validate the collected data,
which means indicate all the transport modes used
during the trip. After being validated, the trip can
be sent to the central server, which stores all the
raw data collected by each user.

During the trip, the raw data of the GPS and
accelerometer sensors is collected and saved in
the internal memory of the smartphone. The ac-
celerometer data is collected once per second and
the GPS data is collected every 10 seconds. These
frequencies was selected in order to minimize the
battery consumption.

The data about 537 trips was collected by 15
users. The total duration of collected data is ap-
proximately 265 hours. In average, each trip has
2.1 transport mode used. The Table 1 represents
the total duration (in hours) of the raw data for each
mode of transport collected.

3.2. Data processing
To obtain the useful input parameters (features) for
the machine learning algorithm it was necessary to
process the raw data collected. The raw data pro-
cession was performed in 3 steps: (i) manual verifi-
cation and filtering of the reported data, (ii) the divi-
sion of the filtered data into segments of the same
size, (iii) feature extraction from each of the seg-
ment.

3.2.1 Manual filtering
The use of noisy data during the training phase can
reduce the accuracy of the classifier. This step
was performed in order to filter the data that is
noisy or contains errors. For example, some of the
trips were reported with wrong transport mode and
these trips was removed from the dataset.

3.2.2 Data segmentation
The task of identifying the mode of transport is
complicated by the fact that people can use more
than one transport mode in each trip. This means
that, first of all, it is necessary to find out the num-
ber of modes of transport used during a trip.

To identify when the transport mode is changed,
it was decided to split the raw data into segments
of fixed duration and use the classifier on each of
these segments. In this way it is possible to iden-
tify when a sequence of segments with the same
transport mode is followed by another sequence
with a different transport mode, which allows to
identify when a change of the transport mode oc-
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Figure 1: Sequence of raw data divided in 4 segments.

curs.
To better identify when the transport mode

changes, the overlap between segments has also
been applied. This means that a part of the raw
data of one segment is also used as a part of the
next segment. The Figure 1 represents the pos-
sible sequence of raw data defined by accelera-
tions (a) and locations (l) and the division of this
sequence in 4 segments.

Segment data division is performed by calculat-
ing the time between two sensor readings. This
calculation is possible because each raw data con-
tains information about the timestamp in which the
data was obtained and the raw data was collected
in chronological order. When the time between two
timestamps is equal to the size of the segment, it
means that all the data collected between these
readings belongs to the same segment.

The Table 1 represents the different sizes of seg-
ment evaluated in this work as well as the corre-
sponding sizes of overlap between segments.

Segment size Overlap size
30 s 0, 10 and 15 s
60 s 0, 20 and 30 s
90 s 0, 30 and 45 s

120 s 0, 40 and 120 s
Table 2: Segment sizes and corresponding overlaps evaluated
(in seconds).

3.2.3 Feature extraction
From the raw data of each segment was calculated
a set of features that describes the corresponding
segment. The resulting features was used to train
the machine learning algorithm.

In order to determine the mode of transport inde-
pendently of the smartphone orientation, for each
accelerometer reading was calculated the corre-
spondent magnitude (M) using the formula M =√
x2 + y2 + z2, where x, y and z represents the ac-

celeration force along the corresponding axis.
One limitation of the GPS sensor is the loss of

signal in certain locations such as tunnels, under-
ground spaces or indoors. Without locations it be-
comes impossible to calculate the features related
with speed and therefore there is a loss of useful
information that helps to identify the mode of trans-
port.

To reduce the impact of GPS signal loss, a
speed estimation mechanism had been imple-
mented. When is found a segment without loca-
tion data, it is inserted into a waiting list. When is
found one of the following segments with location
data, the average speed is calculated for all the
segments in the waiting list using the found seg-
ment and the last seen segment with locations be-
fore the first segment in the waiting list.

...,Sv1 , Sn1 , Sn2 , ..., Snk
,Sv2 , ...

Figure 2: A possible sequence of segments.

For example, the Figure 2 represents a possi-
ble sequence of segments, where Svi represents a
segment with locations and Sni

represents a seg-
ment without locations. While traversing the se-
quence, all the segments between Sn1 and Snk

are
inserted into the waiting list. When segment Sv2 is
found, it becomes possible to estimate the speed
for segments in the waiting list using locations from
segments Sv1 and Sv2 . After the speed estimation,
all the segments are removed from the waiting list.

It is important to note that when the sequence
of segments ends or begins with segments with-
out locations, it becomes impossible to estimate
the speed. In this case all the speed-related pa-
rameters are initialized with zero.

In total, 23 features were extracted from the raw
data of each segment. The extracted features are:

• avgAccel, maxAccel, minAccel, stdDevAccel
- Average, maximum, minimum and standard
deviation of magnitude of acceleration. Calcu-
lated in m/s2.

• avgFilteredAccel - Average of magnitude of
acceleration after removing the values below
acceleration filter. Calculated in m/s2.

• accelsBelowFilter - Percentage of accelera-
tions with values below the acceleration filter.

• accelBetw-03-06 - Percentage of accelera-
tions with values between 0.3 m/s2 and 0.6
m/s2.

• accelBetw-06-1 - Percentage of accelerations
with values between 0.6 m/s2 and 1.0 m/s2.

• accelBetw-1-3 - Percentage of accelerations
with values between 1.0 m/s2 and 3.0 m/s2.

• accelBetw-3-6 - Percentage of accelerations
with values between 3.0 m/s2 and 6.0 m/s2.

• accelAbove-6 - Percentage of accelerations
with values above 6.0 m/s2.
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• avgSpeed, maxSpeed, minSpeed, stdDe-
vSpeed - Average, maximum, minimum and
standard deviation of speeds. Calculated in
km/h.

• avgAcc, maxAcc, minAcc, stdDevAcc - Aver-
age, maximum, minimum and standard devia-
tion of precision associated with location coor-
dinates.

• gpsTimeMean - Mean time between 2 consec-
utive locations received. Calculated in sec-
onds.

• distance - Distance traveled during the seg-
ment. Calculated in meters.

• OS - Operating system of the device where
the raw data was collected (Android or iOS).

• estimatedSpeed - represents if the speed-
related features were calculated using the lo-
cation of the segment or were estimated using
the locations of the neighboring segments.

The intervals defined for accelerations repre-
sented by features accelsBelowFilter, accelBetw-
03-06, accelBetw-06-1 were defined after analyz-
ing the acceleration data related to several modes
of transport. It was observed that modes of trans-
port such as car, bus and train tend to have low ac-
celerations (rarely exceeded 1 m/s2). Therefore,
in order to facilitate the distinction between these
modes, values between 0 and 1 m/s2 were divided
into 3 categories of different intervals and for each
segment, the percentage of the values in each in-
terval was calculated.

In addition, the value chosen for the accelsBe-
lowFilter feature was 0.3 m/s2, because in the an-
alyzed trips this value represents a border below
which it is possible to consider that the user is stay-
ing still and does not perform any movement.

It was also observer that in general the accel-
erations associated with bicycle are usually below
6 m/s2, while the accelerations associated with
walking may exceed this value. For this reason
it was considered that 6 m/s2 is a useful value
to define a boundary between intervals and the
accelAbove-6 feature was defined. Finally, it was
also decided to split the interval between 1 m/s2

and 6 m/s2 in two to obtain a better separation of
accelerations in this interval. As a result, features
accelBetw-1-3 and accelBetw-3-6 were defined.

3.3. Train phase
The classifier was trained from the features cal-
culated for each segment in the data processing
phase.

During the training phase it was necessary to
test several alternatives of classifier configurations

in order to find the configuration that allows to
achieve the best results.

It is considered that a classifier configuration is
defined by:

• Machine learning algorithm used.

• Hyperparameters of the algorithm used.

• Features of the model.

• Segment and overlap size.

The machine learning algorithms used were De-
cision Tree and Random Forest. The identification
of the transport mode with these algorithms does
not require demanding computation. This property
is very important considering that the identification
of the transport mode will occur on a smartphone,
which is an energy-limited device.

Each algorithm has specific parameters (hyper-
parameters) related to its internal operation. The
main difference between the hyperparameters and
features of the model (or parameters of the model)
is that the hyperparameters do not depend on the
problem to be solved with the algorithm.

To find the best classifier, several combinations
of classifier configurations have been tested. The
results using different algorithms, segment sizes,
overlap sizes and values of hyperparameters was
compared in order to find the best classifier.

For each feature was evaluated the correspond-
ing importance on the correct transport mode iden-
tification. The importance was calculated using the
RFE algorithm (Recursive Feature Elimination al-
gorithm) and the features that worsened the results
of the classifier were ignored.

The results of the evaluation obtained are pre-
sented in the Section 4.

The classifier was trained in Python, using the
machine learning algorithms defined in scikit-learn
library [8]. In order to be used on Android and iOS,
the resulting classifier was exported using 2 differ-
ent formats, one for each operating system.

To be used on Android, the classifier was ex-
ported to the PMML format [6] using the JPMML
library [2]. The JPMML library allows to export the
model to PMML format and to execute this model in
Java programming language that is used to create
application in Android.

To be used on iOS, the classifier was exported
to the Core ML model format [1]. The Core ML
framework allows to export and use the machine
learning models on iOS devices.

With JPMML and Core ML it was possible to cre-
ate the machine learning model in scikit-learn and
then use that model on the Android and iOS oper-
ating systems.
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3.4. Transport Mode Detection Module
The classifier resulting from the train phase was
used in the Transport Mode Detection Module
(TMDM) in order to identify the transport modes
used during a trip. The TMDM is designed to run
on smartphone (Android and iOS) when the user is
on a trip. Whet the trip ends, the TMDM returns a
list with all the transport modes used. The Figure
3 represents the sequence of steps performed by
the TMDM during the trip evaluation.

Raw dataWaiting to collect the raw
data of a segment

Transport
modes

Transport Mode Detection Module

Segment processing

Identification of transport
mode of the segment

Storage of evaluation
result

Post-processing of
evaluated segments

Figure 3: Architecture of Transport Mode Detection Module.

The raw sensor data (location and accelerome-
ter readings) works as input of TMDM which re-
ceives this input in real time during a trip.

The TMDM waits until the raw data correspond-
ing for one segment is collected. The identifica-
tion of the data belonging to a specific segment is
performed by calculating the time passed between
two readings of the sensors, in the same way as
it was done during the data segmentation phase
when the classified was trained (described in Sub-
section 3.2.2).

When the raw data corresponding to one seg-
ment is collected, this segment is processed.

Since the classifier evaluates the same features
used to train the classifier, the segment data is pro-
cessed using the same processing steps that was
applied during the feature extraction phase when
the classifier was trained (described in Subsection
3.2.3).

After processing the raw segment data, the ex-
tracted features are evaluated in order to identify
the mode of transport. This step is described in
more details in Subsection 3.4.1. The evaluation
result is stored in TMDM until the end of the trip.

The evaluation result consists in a list with proba-
bilities for each mode of transport.

After processing a segment, the TMDM is wait-
ing to receive more raw data (which will be part of
the next segment). This cycle is repeated until the
end of the trip.

When the trip ends, the post-processing phase
is performed. All the evaluation results stored for
each of the trip segments are processed in order to
obtain the list of transport modes used during the
trip and the timestamps when the transport mode
changes occurred. This list represents the final re-
sult of TMDM. The post-processing phase is de-
scribed in more details in Subsection 3.4.2.

The TMDM assumes the existence of an upper
layer responsible for explicitly indicating then a trip
is started or ended, i.e., the TMDM does not in-
clude the automatic trip start and trip end detec-
tion. When the trip begins, the raw sensor data
must be sent to the TMDM. Then the trip ends, the
TMDM must be informed about it explicitly in or-
der to perform the post-processing phase and to
remove all the stored information about the per-
formed trip. After that, the DTMT can be used
again to identify the modes of transport of the next
trip.

The TMDM was developed in Python, and then
passed to Java and Swift in order to be executed in
Android and iOS, respectively.

3.4.1 Transport mode identification
The classifier obtained during the training phase al-
lows to identify the transport modes in which there
is movement (walking, car, train, etc.). However,
the people frequently stop for short periods of time
during the trip (e.g., stopping at traffic lights, stop-
ping to buy a newspaper, etc.). If the person is
stopped for a period of time, the corresponding
segments of raw data will be classified accordingly
to the 5 modes of transport known by the classi-
fier (walking, bicycle, car, bus and train). Since
the classifier does no know the still mode, these
segments will be mistakenly identified with another
most probable mode of transport. And the more
segments are poorly identified, the more difficult it
is to identify correctly the modes of transport used
in a trip. Therefore, to decrease the amount of
noise it is necessary to identify the still mode.

The still mode was decided to identify defining
the manual rules.

The decision to identify the still mode with man-
ual rules was made for two main reasons. First,
these small stops are usually not reported by the
users. For example, from the point of view of the
user, being stopped at a traffic light makes part of
riding a car, so it is expected to user report only the
car mode of transport.
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Second, the still mode can be easily confused
by the classifier with other modes of transport. The
train, subway or even the car has relatively low ac-
celerations as well as the still mode and when the
location information does not exist or is less accu-
rate, the classifier may fail more easily to identify
the correct mode of transport.

On the other hand, it is relatively easy to set
the values of the still mode boundaries, because
standing means that speeds and accelerations are
low.

The still mode was identified by checking the val-
ues of 2 features, namely the avgSpeed and ac-
celsBelowFilter. Then the value of avgSpeed is
less than or equal to 2.5 km/h and the value of ac-
celsBelowFilter is greater than or equal to 0.8, the
transport mode of the segment is considered to be
still. If the transport mode is not still, the segment
is evaluated by the classifier accordingly to the 5
modes of the transport known by the classifier.

In this way, the TMDM allows to identify 6 modes
of transport (walking, bicycle, car, bus, train and
still).

3.4.2 Post-processing phase
The classifier is not perfect, so some of the seg-
ments will always have the mode of transport what
is wrong. This means that if the transport modes
identified for a sequence of segments of a trip
were used directly, the trip would have many more
modes of transport identified than those that were
actually used. To avoid this and filter the noisy seg-
ments, the sequence of results of the segments
must be processed before creating the final result.

The processing of evaluated segments was per-
formed using the following 6 steps:

1. Identification of sub-sequences of strong seg-
ments. A strong segment is defined as a seg-
ment whose most probable mode of transport
is walking and the probability of been walking
is at least 0.8.

The main idea of this step is to divide the to-
tal sequence of evaluated segments into sub-
sequences using the periods of walking as a
separator. Usually the user needs to walk,
even for a short time interval, in order to
change their mode of transport. Walking is
characterized by high accelerations and rela-
tively low speeds, so in general the classifier
is able to identify this mode relatively well (as
confirmed in the Section 4). Therefore splitting
the entire sequence into sub-sequences using
strong segments as separators is a good idea
to get the precise number of modes of trans-
port used.

This idea is represented by the Figure 4,

where is represented a possible sequence of
evaluated segments [S1, S7] (the notation used
represents all the segments from S1 to S7)
and the strong sub-sequences identified after
applying this step ([S3, S4]). For each seg-
ment are presented the probabilities for bus
(B), walking (W) and car (C), and the highest
probability is underlined.

S1        S2        S3        S4        S5        S6        S7
B = 1.0
W = 0.0
C = 0.0 

B = 0.9
W = 0.1
C = 0.0 

B = 0.1
W = 0.9
C = 0.0 

B = 0.0
W = 1.0
C = 0.0 

B = 0.0
W = 0.1
C = 0.9 

B = 0.1
W = 0.0
C = 0.9 

B = 0.0
W = 0.5
C = 0.5 

Figure 4: Example of strong segments identification.

2. It may happen that between two strong
segment sub-sequences there are sub-
sequences whose mode of transport is most
likely to be walked, although their probabil-
ity is not sufficient to be considered a strong
segment. These sub-sequences are defined
as candidate sub-sequences. As there are
strong sub-sequences around candidate sub-
sequences, it makes sense to consider these
candidate sub-sequences as part of the strong
sub-sequences if they are separated only by
few segments with another mode of transport.

The separation segments are defined as
segments that are between a strong sub-
sequence and a candidate sub-sequence.

The decision on merging the strong sub-
sequence and candidate sub-sequence de-
pends on the size of the candidate sub-
sequence (|C|) and the amount of separa-
tion segments (|S|). The merge occurs when
it is possible to satisfy the condition |S| ≤
|C|+2

2 . If the merge occurs, the strong sub-
sequence will include the separating seg-
ments and the segments of the candidate sub-
sequence. The merge condition was discov-
ered experimentally.

S1        S2        S3        S4        S5        S6        S7
B = 0.0
W = 1.0
C = 0.0 

B = 0.0
W = 1.0
C = 0.0 

B = 0.6
W = 0.4
C = 0.0 

B = 0.3
W = 0.5
C = 0.2 

B = 0.0
W = 0.1
C = 0.9 

B = 0.1
W = 0.0
C = 0.9 

B = 0.0
W = 0.2
C = 0.8 

Figure 5: Example of merging the sub-sequence of strong seg-
ments with candidate sub-sequence.

For example, the Figure 5 represents a se-
quence of evaluated segments which includes
a sub-sequence of strong segments ([S1, S2]),
a sub-sequence of candidate segments ([S4])
and a separation segment (S3). Since the
merge condition is satisfied, the merge occurs
and the sub-sequence of strong segments is
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now defined by the segments S1, S2, S3, and
S4.

3. In addition to walking, the still mode is
also works as a separator between 2 an-
other modes of transport. Therefore for sub-
sequences that are between 2 sub-sequences
of strong segments (or between the beginning
or end of the evaluated sequence), it is ap-
plied the similar idea described in step 1, but
instead of walking it uses periods of still to sep-
arate the sub-sequences.

4. Knowing the sub-sequences of strong seg-
ments and still sub-sequences, allows to de-
termine when the user was walking or was
still. The remaining modes of transport are
then calculated. This is done by analyzing
the sub-sequences of segments that are be-
tween 2 known sub-sequences (from step 1 or
step 3) or between the beginning/end of the
trip. The probabilities of each transport mode
are summed and the mode of transport with
the highest probability is considered to be the
mode of transportation of these segments.

S1        S2        S3        S4        S5        S6
B = 0.0
W = 1.0
C = 0.0 

B = 0.0
W = 1.0
C = 0.0 

B = 0.3
W = 0.0
C = 0.7 

B = 0.1
W = 0.0
C = 0.9 

B = 0.0
W = 0.0
C = 1.0 

B = 0.6
W = 0.0
C = 0.4 

Figure 6: Calculation of most probable mode of transport for
the sub-sequence [S3, S6].

The idea of this step is illustrated on the Fig-
ure 6. The represented sequence of seg-
ments contains a sub-sequence of strong seg-
ments at the beginning ([S1, S2]). The mode of
transport is calculated for the remaining sub-
sequence ([S3, S6]). The mode of transport
calculated is considered to be car because the
sum of probabilities is higher for this mode (0.7
+ 0.9 + 1.0 + 0.4 = 3.0).

5. At this point the evaluated sequence is com-
pletely divided into sub-sequences associated
with a mode of transport. However, some
of these sub-sequences represent very small
time intervals (seconds to few minutes), mean-
ing that very likely these sub-sequences are
just a noise if the mode of transport identi-
fied for these sub-sequences is not walking,
nor still. Taking this into account, some simple
rules were created to check the neighboring
sub-sequences and join the very small sub-
sequences to the larger sub-sequences.

6. Finally, all sub-sequences of identified trans-
port modes are analyzed to join the consec-
utive sub-sequences with the same transport

Segment
size (s)

Overlap
size (s)

Decision
Tree

F-score
(%)

Random
Forest

F-score
(%)

0 76.87 82.48
10 77.76 83.7930
15 78.54 84.64
0 79.02 85.68
20 80.49 86.6560
30 80.76 87.45
0 80.85 87.57
30 82.42 88.5390
45 82.95 89.61
0 82.67 88.48
40 83.19 89.87120
60 84.36 90.63

Table 3: Results obtained for different sizes of segment and
overlap and for different algorithms.

mode. The resulting list of sub-sequences is
the final result of the TMDM.

4. Results & discussion
The evaluation process used consists in 4 steps:

• Division of all the collected trips into train and
test sets. About 25% were used for the test
set and the remaining 75% were used for the
training set.

• Training and evaluation of different classifier
configurations using the train set. The eval-
uation results obtained and the comparison of
different configurations are described in Sec-
tion 4.1.

• TMDM evaluation using the test set. De-
scribed in more details in Section 4.2.

• Evaluation of battery consumption on Android
and iOS. Described in Section 4.3.

The metrics used to perform the evaluation were
confusion matrix, precision, recall and F-score.
More details about these metrics can be found at
[13].

4.1. Classifier evaluation
During the training phase (Section 3.3) different
configurations of the classifier were tested in or-
der to find the configuration that allows to achieve
the best results. During this phase, for each combi-
nation of algorithm, segment size and overlap size
were found the best values of the hyperparameters
and the best set of features. The best result found
for each size of segment and overlap accordingly
to the algorithm is presented in the Table 3.

As can be observed, the better results are
achieved using the Random Forest algorithm, inde-
pendently of segment and overlap sizes. Another
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P R F Sup

Walking 0.98 0.96 0.97 5858
Bicycle 0.86 0.88 0.87 2652

Car 0.83 0.76 0.80 9420
Bus 0.78 0.86 0.82 9014

Train 0.84 0.80 0.82 2961
Avg/Total 0.85 0.85 0.85 29905

Table 4: Random Forest results per class for the 30/15 segment
dimension.

P R F Sup

Walking 0.99 0.97 0.98 3022
Bicycle 0.89 0.94 0.92 1428

Car 0.86 0.80 0.83 5019
Bus 0.82 0.89 0.85 4889

Train 0.88 0.84 0.86 1656
Avg/Total 0.88 0.87 0.87 16014

Table 5: Random Forest results per class for the 60/30 segment
dimension.

observation is that independently of the algorithm,
for the same segment size the resulting classifier
quality increases with increasing of overlap size. In
addition, the quality of the classifier also increases
by increasing the segment size.

A single F-score value related to a classifier
(which represents the mean value for all classes
of the classifier) is useful for comparing different
classifiers, however it does not show all the infor-
mation about classifier. To better understand the
detailed behavior of the classifier it is necessary
to evaluate the results for each class individually.
Table 4, Table 5, Table 6 and Table 7 shows the
class level results for the 30/15, 60/30, 90/45 and
120/60 segment dimension, respectively (the first
number of the segment dimension represents the
segment size and the second number represents
the overlap size). These are the 4 better classi-
fiers found for each segment size. In each table,
for each class is represented the precision (P), re-
call (R) and F-score (F). Additionally, it is also rep-
resented the support (Sup), which represents the
number of occurrences of each class.

After analyze the results of each class, it can be
observed that the mode of transport that is most

P R F Sup

Walking 0.99 0.97 0.98 1912
Bicycle 0.92 0.95 0.94 951

Car 0.89 0.82 0.85 3309
Bus 0.84 0.91 0.88 3286

Train 0.91 0.89 0.90 1111
Avg/Total 0.90 0.90 0.90 10569

Table 6: Random Forest results per class for the 90/45 segment
dimension.

P R F Sup

Walking 0.99 0.98 0.98 1371
Bicycle 0.93 0.97 0.95 702

Car 0.89 0.83 0.86 2457
Bus 0.86 0.92 0.89 2457

Train 0.94 0.91 0.92 854
Avg/Total 0.91 0.91 0.91 7841

Table 7: Random Forest results per class for the 120/60 seg-
ment dimension.

Classifier Trips with
errors

Non-
existent
modes

Not
identified
modes

C1 12
(9.23%) 10 7

C2 7
(5.38%) 7 5

C3 21
(16.15%) 8 16

Table 8: Results of correct identification of the number of trans-
port modes used by TMDM.

easily identified is walking with a minimum accu-
racy and recall of 0.98 and 0.96, respectively, for
the segment size of 30 seconds. For bicycle and
train the results are also good, especially for the
segment size of 90 and 120 seconds. The worst
identified modes of transportation are car and bus.
For the segment size of 120 seconds (which has
the best results) the car has the precision of 0.89
and the recall of 0.83, while the bus has the preci-
sion of 0.86 and the recall of 0.92.

4.2. TMDM evaluation
In order to analyze the impact of segment size on
the TMDM results, the 3 best classifiers, C1, C2
and C3 (for the 60, 90 and 120 second segment
sizes, respectively) were tested. The results of
each classifier were presented in Table 5, Table 6
and Table 7, respectively.

To TMDM was evaluated with trips from the
test set composed by 130 trips with 371 transport
modes used. In addition to identify correctly the
transport modes used, first the TMDM needs to
identify the number of transport modes used.

The results related to correct identification of the
number of transport modes used are presented in
the Table 8. For each classifier used is represented
the number of trips with incorrect number of identi-
fied trips, the number of errors related with identi-
fication of nonexistent modes of transport and the
number of not identified modes of transport.

The classifier C3, which has the best results dur-
ing the classifier evaluation, obtained the worst re-
sults when it was used in TMDM. About 16.15 %
of the trips had at least one error related with the
number of transport modes used. The main cause
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of this error rate is the size of segment of 2 minutes,
which is too large and fails to identify the modes of
transport used for short periods of time.

Using classifier C1, the number of misses with
error is lower (9.23 %) and there are more errors
related to nonexistent modes. It can be explained
by lower quality of the classifier C1, i.e., there
are more segments whose mode of transport was
wrongly identified and therefore the TMDM identi-
fies more transport modes that did not exist during
the trip.

The best results were obtained using classifier
C2 which identified well the number of modes of
transport used in 123 trips (94.62 %) and missed
only 7 trips (5.38 %). This classifier was consid-
ered the best classifier and was selected to be
used in TMDM.

During the TMDM test, it was also analyzed if the
identified modes were correct. The results were
similar to the results obtained evaluating the classi-
fier (Section 4.1). The principal difference was the
additional evaluation of still mode using the TMDM
(which is not identified by classifier). The results
obtained for still mode, using the classifier S2 were
0.96 for precision, 1.0 for recall and 0.98 for F-
score with support of 24.

4.3. Battery consumption evaluation
To understand the impact that the transport mode
identification has on the battery life of the smart-
phone, a set of tests was performed to estimate the
battery spent by the TMDM. The evaluation was
performed using the classifier C2 in the TMDM,
which was the best classifier found and which uses
the segment size of 90 seconds and the overlap
size of 45 seconds.

To perform the battery tests were used 3 different
smartphones. The information about each smart-
phone is represented in the Table 9. For each
smartphone it is indicated the operating system
(SO), the model and the total battery capacity.

Smartphone SO Model
Battery
capacity
(mAh)

S1 Android Xiaomi
Redmi 5 3300

S2 Android Xiaomi
Redmi 2 2200

S3 iOS iPhone
5s 1560

Table 9: Smartphones used to evaluate the battery consump-
tion.

In each test, the battery level was observed us-
ing the information provided by the operating sys-
tem. During the tests, only the application with
TMDM was running and the mobile networks, Wi-

Fi and the screen were off. It is important to note
that during the trip, a part of the battery is always
used by the different processes of operating sys-
tem, which means that the TMDM uses less energy
than the total energy consumed.

In the first test was performed a 1 hour trip using
the smartphones S1 and S2. On each smartphone
the battery level was measured at the beginning
and at the end of the trip and the respective differ-
ence was calculated. On S1 smartphone the dif-
ference was 2 % whereas on smartphone S2 the
difference was 3 %, which results in an average of
2.5 % of battery per hour of use.

In the second test was performed a 2 hour trip
using the smartphone S1. The battery difference
was 4%, which results in an average of 2% of bat-
tery per hour of use.

In the last test was performed a similar test to the
previous one, but using the S3 smartphone. After
2 hours of trip the difference of battery level was
20%, resulting in 10% of battery per hour of use.

For the Android operating system, the first test
shows that in used smartphones the percentage of
battery spent per hour was similar with an average
of 2.5 %. The second test shows that for a larger
trip, the percentage of battery spent per hour was
also similar and equal to 2 %.

For the iOS operating system, the results ob-
tained were worse with 10 % of battery spent per
hour. One possible explanation for this is the bat-
tery health of smartphone itself. The batteries
in the smartphones lose their capacity over time
by performing successive charges and discharges.
The smartphone S3 is already an old smartphone
and suffered many cycles of charge and discharge
and even when performing the basic tasks, the bat-
tery is consumed very fast. It is expected that the
energy consumption will be lower in other iOS de-
vices with good battery health.

5. Conclusions
In this work was developed the Transport Mode
Detection Module in order to detect automatically
the transport mode using the sensors available on
modern smartphones.

The TMDM is able to run on both Android and
iOS operating systems with no need for external
data and no need to have a regular Internet con-
nection. The transport modes are identified in near
real time using the data from accelerometer and
GPS sensors without significant increase of the
battery consumed (except for iOS, which requires
to perform more tests to understand the battery
consumed). The TMDM allows to identify 6 modes
of transport (walking, cycling, car, bus, train, and
still mode) with an accuracy of approximately 90%.
In addition, the TMDM allows to identify correctly
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the number of transport modes used in a trip with
about 94.6 % of accuracy.

The TMDM can be improved in several ways.
The data for more transport modes can be col-
lected to make possible the identification of these
modes of transport. To improve the accuracy, more
sensors can be used, and more features can be ex-
tracted from the raw data. Finally, the battery con-
sumption can be analyzed in more details, using
more smartphones and more accurate evaluation
measures.
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