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ABSTRACT

Greenhouse gas emissions by vehicles is damaging the environment. In order to take remedial measures at
individual level, one must first know the full scale of damage being done. This study suggests that using GPS
data from smartphones, the travel mode used by individuals can be classified into motorized and non-motorized.
It can assist in correctly estimating the vehicular carbon footprint by each individual. In this study, simplest
features (travel duration, travel distance and average velocity), derived from GPS data, were used to train and
test two popular algorithms i.e. Support Vector Machine and Random Forest. Results show that Random Forest
provides a prediction accuracy of 90%, outperforming Support Vector Machine.
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I. INTRODUCTION

According to International Organization of
Motor Vehicle Manufacturers, over the past thirty
years, global car sales have more than doubled,
from about 29 million in 1980 to 69 million in
2016. In Pakistan, car sales has seen a 25%
increase in the last 5 years [1]. This ever-increasing
car fleet is posing a threat to the environment due
to the greenhouse gases emitted. In addition, large
number of cars results in more traffic congestion
and subsequently more CO, emissions enter the
environment. Efforts to curb this threat start at
individual level. We need to understand the
damage we are doing to the environment by using
personal vehicles for travelling. Gradually
decreasing the number of car trips at individual
level can have a compounding effect at a larger
scale. To decrease the carbon footprint, we first
need to have a clear and accurate estimation of our
present state. When estimated ourselves, we
usually have a low perception of damage done.
Therefore, it is necessary that the greenhouse gas
emissions be calculated passively for each
individual so that an unbiased picture may be put
forward.

For estimating the travel related gas
emissions, smartphones can be very conveniently
utilized as they are usually with the person making
the trip. To determine the amount of vehicular
miles and non-vehicular miles travelled, travel
mode should be automatically predicted.
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Il. LITERATURE REVIEW

The increasing popularity and penetration
of smartphones has opened up new opportunities in
numerous fields. Mobile phones have been used to
study the travel behavior of individuals by locating
and tracking their positions [2]. GPS data collected
by smartphones has also been utilized to assess
route choice models [3]. Data from accelerometer
and GPS has been used to reconstruct trips in travel
surveys [4], to monitor busses [5].

GPS devices have been used by many
researchers for the purpose of mode detection,
whether employing rule-based algorithms [6-9], or
machine learning algorithms [10-13]. Employing
machine learning algorithms, this paper uses the
simplest features i.e. trip duration, trip distance and
average velocity, derived from GPS, to predict
whether the wuser is using motorized mode
(vehicular greenhouse gas emitted) or non-
motorized mode (no emission of vehicular
greenhouse gases). This study is first of its kind,
undertaken in Pakistan.

I11. METHODOLOGY

3.1 Data Collection

GPS data was collected by nine students
from University of Engineering and Technology
(UET), Lahore, using smartphones over a period of
about 45 days (Oct. 2016 to mid Nov. 2016). An
android application named “PP” was used by the
users to report the start and end of each trip as well
as the mode used for each trip. The data recorded
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for each trip contained the travel time in seconds,
travel distance in meters and average velocity in
km/hr. Trips with missing or improper data were
screened and removed. Table 1 summarizes the
number of trips recorded for motorized (Bike,
Rickshaw, Car, Bus) and non-motorized (Walk,
Bicycle) modes.

For training the classification algorithms,
75% of data was sampled using stratified random
sampling. The remaining 25% was used to test the
algorithm to check its training capability and
prediction accuracy.

Table 1 — Amount of Data Collected

Mode | No. of Trips
Non- Walk 54 58
motorized Bicycle 4
Bike 73
. Rickshaw | 16
Motorized Car 55 141
Bus 27
Total | 199 199 |

3.2 Classification Algorithm
Two popular algorithms were used and compared
for classifying the travel mode data.

3.2.1 Support Vector Machine

Support Vector Machine (SVM) is a state-
of-the-art classification method, which has proved
to be immensely useful in a wide range of fields
including robotics, text recognition, bioinformatics
and image recognition [14]. SVM uses kernels to
solve non-linear problems by linear methods. Three
types of kernels were studied in this paper i.e.
linear, radial or polynomial. The associated
parameters were varied, as shown in Table 2, to
determine the values that maximized the prediction
accuracy.

3.2.2 Random Forest

Random  forest is an  ensemble
classification and regression method. At the
training level, it constructs a number of decision
trees. Each decision tree is then used to predict the
class (in this case mode). All predictions from
individual trees are used to conclude the final
prediction based on maximum votes. Unlike
Decision Trees, Random Forest does not require
pruning. The number of trees and maximum
variables for split were varied as demonstrated in
Table 2.
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Table 2 - Range of Parameter Values for SVM and RF

SVM Random
Parameters
Linear | Radial | Polynomial | Forest

gamma - 0.01-10 001-10

degree - - 1-3

coefl) - - 0-1
no. of trees - - - 100-300

max. variables - - - 1-3

IV. RESULTS AND DISCUSSION

The comparison of parameters provided
with the most suitable values for our data, provided
in Table 3. Using these parameter values, the
algorithms were trained, following which the test
data was fed to determine the prediction accuracy.
Results, provided in Table 4, establishes that
Random Forest performs better than Support
Vector Machine, accurately predicting 90% of the
trips. In case of SVM, polynomial kernel
outperforms both linear and radial kernels. The
misclassifications can be the result of algorithm
confusing bike and rickshaw with non-motorized
modes

V. CONCLUSION AND FUTURE WORK
This study shows that GPS data collected
in Pakistan can be used successfully to classify
between motorized and non-motorized modes.
Between the two classifiers compared, Random
Forest gives better prediction accuracy. Once the
motorized and non-motorized modes are classified,
the vehicular greenhouse gas emissions can be
estimated much more accurately. This will show an
unbiased picture to the individuals about their
contribution towards deteriorating the environment
and thus will urge them to change their travel
patterns and preferences in order to decrease their
impacts. This is an ongoing research so currently
the data is small. The results might improve once
more data is available to better train the algorithm.
Individual modes will also be predicted in future.

Table 3 - Suitable Parameter Values for SVM and RF

SVM Random
Parameters
Linear | Radial | Polynomial | Forest

gamma - 05 10

degree - - 4

coefl - . 1
0. of trees - . ; 100

max. variables | - . . ]
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Table 4 — Prediction Results for SVM and RF [8]. Chen C, Gong H, Lawson C, Bialostozky E.
No.of Trips No.of Test Tripscorecly prediced, (%) Evaluating the feasibility of a passive travel
. survey collection in a complex urban
Mode Toal | Toain | Test SV RF environment: Lessons learned from the New
Linear | Radial | Polynomil York City case study. Transportation
Mooized | ML | M6 | B | B | B | B | 2 Eiiegi‘fhffg)ﬁgoﬁzg,cy and Practice. 2010
Nonmotoized | 58 | #4 | 4 | B3 | B B 1 [9]. Gong H, Chen C, Bialostozky E, Lawson
CT. A GPS/GIS method for travel mode
o sl B O ko ) L Gl detection in New York City. Computers,
Environment and Urban Systems. 2012 Mar
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