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In recent years, machine learning models using big data such as GPS have gained popularity in travel mode
detection. However, GPS data collection consumes high energy in smartphones, impacting battery life. This
could be handled through lowered sampling of GPS points but its impact on accuracy and interpretability
are not well understood. Another issue in travel mode detection arises from the imbalance between different
modes, resulting in lower accuracy for minority modes. Using GPS data collected from Hiroshima, Japan,
this study quantifies the relationship between accuracy and GPS sampling interval, while quantifying the
interpretability of different machine learning algorithms. Our empirical results show that the accuracy of
imbalanced minority modes are lower consistently through all scenarios but improves when the data is bal-
anced. In terms of interpretability, GPS related variables such as speed become less important when fewer
GPS points are sampled, while GIS and GTFS related variables such as buffer ratio near bus stops become
more important. Overall, our results show that, for effective implementation in practical settings, it becomes
crucial to adapt feature engineering and model types based on the available data type.
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1. Introduction

Travel mode detection plays a crucial role in shap-
ing transportation planning policies. Accurately pre-
dicting travel modes is vital for developing effi-
cient transport-related policies and services, including
traffic management, sustainable transportation sys-
tems, demand management, and multi-modal inte-
gration. In recent years, machine learning models
have gained popularity for travel mode detection due
to their higher accuracy compared to theoretical dis-
crete choice models (Varghese, Chikaraishi, Urata, et
al., 2020). However, interpretability of these mod-
els remains a challenge. Additionally, an important
issue in travel mode detection arises from the imbal-
ance between different modes. This imbalance is pri-

marily caused by uneven levels of transport service
provisions, leading individuals to prefer a particular
mode (known as the majority mode) over other modes
(known as minority modes) (Chen & Cheng, 2023).
The class imbalance problem results in lower accu-
racy levels of machine learning models, especially for
minority modes (Abd Elrahman & Abraham, 2013).
The popularity of smartphones has led to an in-
creased use of Global Positioning System (GPS) data
in transportation research. GPS trajectories provide
time-series data with multiple points, each contain-
ing latitude, longitude, and timestamp information.
Unlike traditional travel diary surveys, GPS data re-
duces the burden on respondents as it does not require
them to actively report details of each trip. Nonethe-
less, GPS trajectory data has two significant limita-



tions (M. Lin & Hsu, 2014). First, systematic er-
rors exist in GPS data, especially in underground ar-
eas, indoors, and near tall buildings, resulting in poor
data quality. Second, GPS data collection consumes
high energy in smartphones, impacting battery life.
Although the trade-off between accuracy and energy
consumption has been acknowledged (K. Lin, Kansal,
Lymberopoulos, & Zhao, 2010; Nawarathne et al.,
2014), limited attention has been given to this lim-
itation in the transportation literature. Efforts have
been made to address energy efficiency in GPS data
collection, such as phased sampling to turn off GPS
for extended periods or reducing the number of sam-
pled GPS points in smartphone applications(Cottrill
et al., 2013; Marra, Becker, Axhausen, & Corman,
2019). However, the actual impact of varying sam-
pling frequencies on prediction accuracy and model
interpretability in transportation remains rarely quan-
tified. Additionally, for GPS data, the class imbalance
issue is linked to the data frequency, and varying sam-
pling frequencies can significantly impact the accu-
racy and interpretability of machine learning models.
However, the interaction between varying GPS sam-
pling frequencies, class imbalance, and model perfor-
mance has not been extensively explored in the litera-
ture.

(1) Relevant Literature

The high battery consumption of GPS-based appli-
cations have been long identified and various travel
survey applications and transportation researchers
have tried to address this issue. Studies discuss dif-
ferent sampling strategies such as periodic sampling
and phased sampling employed in travel survey appli-
cations such as Future Mobility Survey (FMS)(Cottrill
et al., 2013; Nawarathne et al., 2014). They observed
that detection accuracy decreased with longer sleeping
durations in phased sampling and longer sampling pe-
riods in periodic sampling. Furthermore, they noted
a generally low detection accuracy for Mass Rapid
Transit (MRT) trips due to poor GPS signal reception
inside the MRT system. Other studies, such as Xiao
et al. (Xiao, Juan, & Zhang, 2016) and Maruyama et
al. (Maruyama, Sato, Nohara, & Imura, 2015), pro-
vided survey participants with a power bank and ad-
ditional batteries, respectively, to collect GPS trajec-
tory information. Researchers realize that there exists
a trade-off, however, the thresholds employed to save
energy are decided without any clear reasoning. The
impact of GPS location data frequency on the accu-
racy of prediction in transportation planning variables
is not clearly understood. Additionally, there is not
much evidence available on how class-imbalance be-
tween travel modes and varying GPS data frequency
influence mode detection accuracy.

Furthermore, there has been an over reliance on ac-
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curacy as the sole indicator to assess the effectiveness
of detection algorithms, with relatively fewer stud-
ies exploring the interpretability of these algorithms.
Recently, Shapley additive explanations (SHAP) val-
ues based variable importance (Lundberg & Lee,
2017) have been evaluated in travel mode prediction
studies(Tamim Kashifi, Jamal, Samim Kashefi, Al-
moshaogeh, & Masiur Rahman, 2022). SHAP values
provide insights into each variable’s partial contribu-
tion, and these values can be used to calculate rela-
tive variable importance. Variable importance mea-
sures are often recommended as a means to select
the best features for model development. However,
little is known about how data collection frequency
and class imbalance impact these variable importance
measures.

(2) Research Objectives

This study aims to achieve the following three re-
search objectives. Firstly, to analyze the effect of
varying GPS trajectory frequencies on the prediction
accuracy of travel mode detection. By varying the
frequency of GPS trajectories i.e., increasing the av-
erage time between point sampling, this study aims
to quantify the impact of reducing the sampling of
GPS points on prediction accuracy. Secondly, to ana-
lyze the impact of varying GPS trajectory frequencies
on the contribution of different variables using inter-
pretable machine learning models. Estimating SHAP
values will counter the black-box functionality of ma-
chine learning models and analyze how the relative
importance of variables gets affected by GPS data fre-
quency. Thirdly, to address the issue of class imbal-
ance when evaluating the effect of varying GPS sam-
pling frequency on model accuracy and interpretabil-
ity. The empirical analysis utilizes GPS trajectories
collected from smartphone-based travel surveys con-
ducted in three waves in Hiroshima prefecture, Japan.
During the survey, respondents were prompted to pro-
vide information on trip start, trip end, travel mode,
and travel purpose, while the application recorded
GPS trajectories in the background. The availability
of the labeled data provided by the respondents allows
for testing supervised learning algorithms for travel
mode detection. However, the dataset is skewed to-
wards car and walk modes, while bicycle, bus, train,
and motorcycle have relatively fewer sample points.
By adjusting for this imbalance while varying GPS
frequency, the study will assess the impact on model
accuracy and variable importance.

The remaining sections of this article are organized
as follows. In the next section, we outline the data pro-
cessing technique implemented in this study to miti-
gate systematic errors present in the GPS data. Fol-
lowing that, we introduce the machine learning algo-
rithms employed for prediction and explains the meth-



ods used to calculate variable importance. The results
of the study are discussed in the subsequent section,
while in the final section, the study concludes the ar-
ticle with a discussion on the key contributions of this
work and potential avenues for future research.

2. Data processing

This section provides an overview of the data used
in our study and outline the techniques used for data
processing. We have two main types of data: the main
trajectory data and GIS data. Additionally, we incor-
porate socio-economic and weather data to enrich our
analysis. Figure ?? below illustrates the overall work-
flow encompassing data cleaning, preprocessing, and
integration stages.
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Fig. 1: Collection of GPS Trajectory Data

(1) Data Collection: Trajectory Data Preparation

The trajectory data was collected from travel sur-
veys conducted through a smartphone-based travel ap-
plication, covering three distinct periods: the first
wave of the survey was conducted from December
2018 to January 2019 and included 5,741 trips; the
second wave took place from January to February
2020 and comprised a total of 2,726 trips; and the
third wave was conducted from October to Novem-
ber 2020, with a total of 4,374 trips. Simultaneously,
socio-economic data for each user were collected as
part of the three waves. Figure 2 illustrates how the
trajectory data was collected. As a part of the sur-
vey, the respondents were prompted to mark the start
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and end of each trip, thus providing the label informa-
tion on the travel mode they selected. Meanwhile, the
smartphone application recorded their GPS trajectory.

Trajectory records N9

20:00

Fig. 2: Collection of GPS Trajectory Data

The trajectory data was collected from travel sur-
veys conducted through a smartphone-based travel ap-
plication, covering three distinct periods: the first
wave of the survey was conducted from December
2018 to January 2019 and included 5,741 trips; the
second wave took place from January to February
2020 and comprised a total of 2,726 trips; and the
third wave was conducted from October to Novem-
ber 2020, with a total of 4,374 trips. Simultaneously,
socio-economic data for each user were collected as
part of the three waves. Figure 2 below illustrates how
the trajectory data was collected. As a part of the sur-
vey, the respondents were prompted to mark the start
and end of each trip, thus providing the label informa-
tion on the travel mode they selected. Meanwhile, the
smartphone application recorded their GPS trajectory.

The study area for this research is Hiroshima, one
of the major prefectures in the Chugoku region of
Japan. According to the last conducted census sur-
vey in 2020, Hiroshima prefecture had a population
of approximately 2,794,862 residents (Statistics Bu-
reau & Communications, 2021). The geographical
area of Hiroshimais 8,479 km? (3,274 sq mi). Figure 3
shows a visual representation of trip nodes (i.e., origin
points) in our trajectory data on the map of Hiroshima.
Most of the trips were conducted primarily by two
transportation modes: cars and walking, followed by a
smaller number of trips via public transportation, such
as buses and trains, and a few trips made by bicycles
and motorcycles. The majority of the recorded trips
took place in the center of Hiroshima city.

The GPS data collected in this survey had to be
preprocessed to be utilized for mode detection. The
primary challenge lies in the occurrence of lags when
capturing departure and arrival times, caused by users
forgetting to stop recording upon completing their
trips. As a consequence, travel times may appear pro-
longed, even when the location data shows that the
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Fig.3: Study Area and Mode-wise Distribution of
Trip Origins

user did not cover a significant distance. Additionally,
we encountered other substantial errors in capturing
geolocations of departure or arrival locations due to an
unstable network connection inside buildings, as pre-
viously noted in GPS data studies (Poucin, Farooq, &
Patterson, 2018; Teranishi, Kimata, Kawai, & Harai,
2019). These connectivity issues led to inaccuracies
in the latitude and longitude data for the traveled loca-
tions.

To address the issues caused by lags in data and im-
prove data quality, a series of preprocessing steps were
undertaken (see Figure 1). Firstly, trip segmentation
was performed, where a trip was segmented into two
trips whenever the user remained stationary, and a gap
of over 180 seconds was detected. Subsequently, time
duplicates caused by errors in the network connection
were meticulously removed from the data. In addi-
tion, to further refine the geolocation information, data
points with zero latitude and longitude values were re-
moved to minimize noise in the trajectory data. De-
spite this process, the outliers in the trajectory data
persisted. Therefore, a more detailed data processing
phase was initiated, aiming to achieve a smoother data
suitable this study.

The initial step before undertaking the detailed data
preprocessing involved calculating the speed values
from the latitude and longitude coordinates for each
trajectory data point. Subsequently, we implemented
a common speed threshold of 150 km/h for all GPS
points. This step involved identifying and removing
any trajectory data record that exceeded the speci-
fied threshold, effectively reducing noise and irrele-
vant data points from the dataset. Then, we filtered
out the extremely short trips that consisted of less than
10 GPS points. However, outliers caused by inac-
curate latitude and longitude readings still persisted.
To address this challenge, the study drew inspiration
from the work by Li et al. (Li, Miyashita, Kato, &
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Miyazaki, 2000), adopting a moving average approach
with a window size of 5. This method captured un-
derlying pattern in trajectory data by calculating the
mean speed values from five consecutive data points.
The resulting average value is then assigned to the cen-
tral data point, within the window. As a result, the
trajectory data was effectively smoothed, reducing the
random fluctuations in inaccurate GPS points and im-
proving the clarity and reliability of the location infor-
mation.

As the final step, data imputation technique were
applied to scrutinize any remaining speed outliers.
This research utilizes specific imputation technique
that is K-Nearest Neighbors (KNN) (Wolf, Loechl,
Myers, & Arce, 2001; Axhausen, Schonfelder, Wolf,
Oliveira, & Samaga, 2003). It involves finding the 'k’
nearest data points to the outlier, where 'k’ is set to
5. The outlier values are then replaced with the av-
erage or weighted average of these nearest neighbor
values. For the identification of these outliers, specific
speed threshold values were utilized for six transporta-
tion modes: 120 km/h for car and train, 100 km/h for
bus, 97 km/h for motorcycle, 50 km/h for bicycle (in-
cluding electric bicycle), 15 km/h for walk and accel-
eration threshold 10 m/s2 was employed as well. The
idea behind selecting these thresholds was not to be
accurate but be close enough to remove extreme out-
liers.

(2) Feature Engineering

After cleaning and processing the trajectory data,
we utilized GIS data solely to extract essential fea-
tures related to bus and train station stops within the
Hiroshima region. The GIS data encompasses infor-
mation about the geographical features and locations
across the earth’s surface. This enabled us to iden-
tify and incorporate valuable information regarding
the origins and destinations of individual trips. Then,
we integrated it with weather and the socio-economic
dataset. The socio-economic data contains informa-
tion about the social and economic characteristics of
users, such as age, gender, and occupation type of
each certain user. This data can be used to understand
how travel patterns and behavior are influenced by so-
cial and economic factors. Additionally, we incorpo-
rated weather data to gain insights into the prevailing
weather conditions during different trips. Understand-
ing the impact of weather on travel patterns is vital to
comprehending users’ mode choices and preferences.
Through the utilization of these datasets, various fea-
tures have been extracted, as shown in Table 1 below.

Using the trajectory data, a total of nine features
or variables were created. Initially, the trip duration
(V8) feature was computed by capturing the recorded
departure and arrival times, providing a precise rep-



Table 1: Description of Data and Variables

Code Variable Name Mean (Std Dev)

Trajectory data

V1 Max speed (m/s) 17.99 (9.97)

V2 Min speed (m/s) 0.00 (0.00)

V3 Mean speed (m/s) 6.73 (4.29)

V4 Std dev speed (m/s) 3.65 (2.01)

V5 Distance (m) 6984.30 (11890.81)

Vo6 Mean acceleration 0.095 (0.26)
(m/s?)

V7 Std dev accelera- 1.12 (0.61)
tion (m/s?)

V8 Trip duration (min) 1270.31 (1273.72)

V9 Trip start time (hours) 13.28 (4.68)

GIS data

V10  Buffer ratio for 0.07 (0.15)
train stations

V11 Buffer ratio for 0.14 (0.14)
bus stops

V12  Origin bus stop 7.99 (5.70)
density

V13 Destination bus stop 8.09 (5.83)
density

V14  Origin train sta- 1.59 (2.84)
tion density

V15  Destination train 1.66 (2.92)
station density

Weather data

V16  Temperature (°C) 7.35 (5.38)

V17  Rain (mm) 0.07 (0.34)

Socio-economic data

V18  Occupation (cat- -
egories)

V19  Age (categories) -

V20  Gender (female dummy) -

resentation of the total travel time in seconds for each
individual trip. Following the approach by Deniau et
al. (Deniau, 2015), the distance in meters was sub-
sequently computed using the “haversine” formula, a
method available in the Python library, to determine
the geographical distance between each consecutive
GPS point within a trip. Subsequently, the speed in
m/s for each GPS point within a trip was calculated
by utilizing both the distance and the corresponding
recording time at each point. Then, the acceleration
was computed based on the changes in speed across
consecutive GPS points. Using these measures at the
point level, several variables were calculated at the trip
level. They include, the mean (V3), maximum (V1),
and minimum speeds (V2) (in m/s) for each trip, the
mean acceleration (V6) (in m/s?), the standard devi-
ations in speed (V4) and acceleration (V7) in a trip.
Additionally, a feature representing the distance (V5)
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(in m) was also included, that in principle is differ-
ent from the travel time duration as the latter handles
congestion and the differences in speed across modes,
whereas the former might also have an important con-
tribution in mode detection. Finally, the “trip start”
time (V9) has been utilized, which shows the start
hour when the trip had started. Table 1 shows the
mean and standard deviation of these variables for the
processes dataset in the default scenario i.e., the sce-
nario without any resampling.

General Transit Feed Specification (GTFS) data
was incorporated to investigate the influence of pub-
lic transit on user mobility. As discussed in previous
research on detecting user mobility accurately (Wes-
sel & Farber, 2019), activities related to public transit
play a crucial role in predicting travel behavior. To
extract the GIS-related features, we followed a step-
by-step process involving the conversion of trajectory
data and GTFS data for stations and bus stops into a
geodataframe using Python’s geospatial data manipu-
lation library. The geodataframe is a specialized data
structure that allows for easy handling and analysis
of geographical data.During this conversion, the lat-
itude and longitude coordinates from the trajectory
data were transformed into geometrical points. These
points were then projected onto the map using the
EPSG (European Petroleum Survey Group) registry
code 32653. EPSG 32653 corresponds to a specific
coordinate reference system that ensures precise loca-
tion mapping within the Japan region. Subsequently,
based on the processed geodataframe, we derived sev-
eral GIS-related variables, which are listed in Table
1. Firstly, we calculated the buffer ratios for both bus
stops (V11) and train stations (V10), considering a 50-
meter radius around each transit station. These buffer
ratios represent the proportion of GPS points recorded
within the designated buffer zones to the total num-
ber of GPS points during a trip. Then, we quanti-
fied the density of bus stops and train stations at both
trip origins and destinations (V12-V15, respectively).
This density represents the number of transit points
within a radius of 1 km? from the starting (origins)
and ending (destinations) locations of each trip. By
examining these density values, we can gain valuable
insights into the availability and accessibility of pub-
lic transportation options in different areas. Overall,
these GIS-related features provide us with a compre-
hensive spatial perspective on user travel behavior and
public transportation usage.

As for the weather data, two primary features, tem-
perature and rain, were considered. The weather data
includes the precipitation rate, which is indicated by
the “rain” feature in inches (V17), and the tempera-
ture, indicated by the “temperature” feature (V16) in
Celsius (°C) units.

Additionally, socio-economic variables such as
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age,” ”gender,” and ”occupation” were taken into ac-
count for detection. All of these variables were cat-
egorical. Age was divided into six categories: 1 =
less than 20 years old, 2 = 20-29 years old, 3 = 30-39
years old, 4 = 40-49 years old, 5 = 50-59 years old,
and 6 = 60 years or above. Occupation had nine cat-
egories: 1 = company employee, 2 = civil servant/or-
ganization employee, 3 = manager/executive, 4 = self-
employed/free enterprise, 5 = part-time job, 6 = stu-
dent, 7 = housewife (househusband), 8 = unemployed,
and 9 = other. Lastly, gender had two categories: 1 =
male and 2 = female. The descriptive statistics on all
20 variables (V1-V20) are presented in Table 1.

(3) Scenario Generation

To achieve the objectives of our study and thor-
oughly assess the performance and interpretability of
machine learning models under varying levels of GPS
frequencies, we employed two resampling techniques
on the merged dataset: resampling at the GPS point
level and resampling at the trip level.

a) Sampling Scheme at the GPS Point Level

At the GPS point level, we conducted sampling to
explore the effect of varying GPS data collection fre-
quencies. This involved creating six distinct scenar-
ios, each with a different level of data sparsity. In
the first scenario, labeled as ”No GPS points deleted,”
we retained the original dataset without removing any
GPS points, representing the default data with no re-
duction in frequency. The average time between two
GPS points in this scenario was observed to 5.51 s. In
the second scenario, "Delete every 2nd point in every
trip,” we selectively removed every other GPS point
within each trip, effectively doubling the time interval
between consecutive points (9.52 s). Similarly, in the
third scenario, "Delete 5 consecutive points in every
trip,” we removed five consecutive GPS points from
each trip, further reducing the frequency of data col-
lection. This increased the average time between GPS
points to 20.48 s, while substantially decreasing the
total GPS points in the dataset. We continued this pro-
cess, progressively removing 10 (36.01 s), 25 (74.9
s), and 50 consecutive GPS points (122.19 s) in the
fourth, fifth, and sixth scenarios, respectively.

By creating these scenarios, we aimed to assess how
changes in GPS data collection frequency influenced
the performance and interpretability of our machine
learning models. Each scenario represented a differ-
ent level of data sparsity (see Table 2), with increased
intervals between GPS points. This allowed us to in-
vestigate how reductions in data frequency impacted
the accuracy and reliability of travel mode prediction,
as well as the importance and influence of different
variables within the models.

b) Sampling Scheme at the Trip Level
The resampling at the trip level was primarily con-
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ducted to address the issue of class imbalance within
the dataset. Class imbalance occurs when certain
transportation modes are overrepresented in the data,
while others are underrepresented. This imbalance
can lead to biased results and lower accuracy in the
analysis, particularly for the minority modes with
fewer samples. This also hinders our availability to ac-
curately analyze the impact of varying GPS frequen-
cies, for example if the data has two overrepresented
modes such as car and walk, which are easily distin-
guishable based on speed-related variables, then even
reducing the frequency of GPS points might not im-
pact detection accuracy. Hence, a test must be per-
formed on a balanced dataset.

To rectify this imbalance, we implemented a resam-
pling scheme known as “minimum sampling” (Su-
san & Kumar, 2021). This approach involved balanc-
ing the dataset by adjusting the sample size of each
transportation mode to match the minimum number of
trips among all modes. In other words, we randomly
removed trips from the overrepresented modes until
their sample sizes matched the size of the mode with
the fewest trips, which in our case was the train mode.
By applying minimum sampling, we ensured that each
transportation mode had an equal number of represen-
tative samples, thereby addressing the class imbalance
issue. This approach allowed us to create a more bal-
anced and unbiased dataset for our analysis, improv-
ing the accuracy and fairness of the machine learn-
ing models used for travel mode prediction. Addition-
ally, this meant that the average time in between two
GPS points remained quite similar to the case when
the resampling was done at the point level and thus
this provides us the opportunity to test its impact on a
balanced dataset (Table 2).

3. Method

This section outlines the methodology used in our
research, focusing on the machine learning algorithms
employed and the steps taken for hyperparameter op-
timization and interpretability analysis.

(1) Mode Detection Algorithms

In this study, we aim to identify transportation
modes from GPS data using machine learning algo-
rithms and explore their interpretability while varying
the frequency of GPS data points. To achieve these ob-
jectives, we employed four prominent machine learn-
ing models for mode detection:

¢ Random Forest (RF) (Ho, 1995)

e Artificial Neural Network (NN) (Rosenblatt,
1958)



Table 2: Sampling Strategies and Sample Sizes
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Sampling Strategy

GPS points

Av. time interval

Car Train Walk Bicycle

Motorcycle

Bus

At points level

SI:  No GPS
points deleted

5366901

5.51

9288

583

2555

1038

585

861

S2: Delete ev-
ery 2nd point in
every trip

2677576

9.52

8767

525

2124

1009

551

802

S§3:  Delete 5
consecutive points
in every trip

1062943

20.48

7802

452

1539

869

497

689

S4:  Delete 10
consecutive points
in every trip

518429

36.01

6651

380

992

682

445

590

S5: Delete 25
consecutive points
in every trip

184751

74.9

4452

239

352

379

342

401

S6: Delete 50
consecutive points
in every trip

71003

122.19

2409

111

122

169

135

227

At trip level

SI:  No GPS
points deleted

1184561

5.95

583

583

583

583

583

583

S2: Delete ev-
ery 2nd point in
every trip

567696

10.87

525

525

525

525

525

525

S3:  Delete 5
consecutive points
in every trip

216210

23.45

452

452

452

452

452

452

S4:  Delete 10
consecutive points
in every trip

109344

42.43

380

380

380

380

380

380

S5: Delete 25
consecutive points
in every trip

37960

100.15

239

239

239

239

239

239

S6: Delete 50
consecutive points
in every trip

13801

168.29

111

111

111

111

111

111




e K-Nearest Neighbor (K-NN) (Fix & Hodges,
1951)

* Support Vector Machine (SVM) (Cristianini &
Shawe-Taylor, 2000)

The machine learning algorithms mentioned above
have been commonly applied for transport mode de-
tection(Cheng, Chen, De Vos, Lai, & Witlox, 2019;
Byon, Ha, Cho, Kim, & Yeun, 2017; Li et al., 2021;
Jahangiri & Rakha, 2015).To optimize the perfor-
mance of these machine learning models, we em-
ployed Grid Search (Breiman, 2001), a hyperparam-
eter tuning technique. Grid Search systematically ex-
plores a predefined range of hyperparameter combi-
nations to find the optimal settings for each model.
Specifically, for RF, we tuned parameters related to the
number of trees and maximum depth, while for K-NN,
we experimented with different numbers of neighbors
and distance metrics. In the case of NN, we adjusted
the learning rates and the number of hidden layers, and
for SVM, we fine-tuned regularization and kernel pa-
rameters. This comprehensive hyperparameter tuning
process allowed us to maximize the predictive accu-
racy of each model. In addition, the datasets were
split into training (70%), validation (15%), and test-
ing (15%) datasets. The grid search hyperparameter
tuning was only done for the training and validation
datasets and the model accuracy performance reported
in the next section is based on its prediction on the test-
ing dataset. This helped in controlling for overfitting.

(2) Interpretability

The interpretation of machine learning models is
crucial in understanding the factors that contribute to
model predictions and gaining insights into the un-
derlying relationships in the data. In recent years,
SHAP values based interpretability has emerged as a
powerful tool for model interpretability in various do-
mains, including transportation research. In our study
we employed SHAP to assess the interpretable view
of machine learning models under different scenarios
and cases. The key idea behind SHAP values is to
fairly distribute the credit or importance of the pre-
diction among the input features based on their in-
dividual contributions. In essence, SHAP values as-
sign a numerical value to each feature, indicating how
much it shifts the model’s prediction compared to the
average prediction. Furthermore, to comprehensively
evaluate model interpretability, we applied SHAP val-
ues to the RF and NN models trained on all the dif-
ferent sampling scenarios. Each model was trained
on the datasets with varying GPS data collection fre-
quencies and class imbalance adjustments. By under-
standing the contribution of each feature, transporta-
tion planners and policymakers can gain insights into
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the decision-making process of the models, leading to
more informed and evidence-based policy decisions.

4. Results

In this section, we present the results of our study
on the impact of varying GPS trajectory frequencies
and class balancing on travel mode detection using
machine learning models. Additionally, we delve into
the interpretability of the models and discuss the im-
plications of these findings for transportation planning
and management. By analyzing the relative impor-
tance of different variables and considering class im-
balance, we gain insights into the factors influencing
travel mode identification accuracy and shed light on
the practical applicability of the results.

(1) Algorithm comparison

The overall accuracy of the four machine learning
algorithms (RF, ANN, KNN, and SVM) is presented
for six different scenarios (Scenario 1 to Scenario 6)
in Table 3. The accuracy in this study is denoted
by the F2 score, which puts a higher focus on recall
(sensitivity of true-positive), while balancing its trade-
off with precision. It has been frequently observed
to be the most useful metric (Hashemi et al., 2018).
Along with the overall accuracy, which represents the
model’s ability to correctly predict the transportation
mode for all classes combined, class-wise F2 scores
are also presented in Table 3. We can observe that
RF (F2 scores in the range of 0.87 to 0.90) and NN
(0.84 to 0.86) consistently achieve the highest overall
accuracy across all scenarios. In contrast, K-NN (F2
scores in the range of 0.72 to 0.79) and SVM (0.70 to
0.75) models yielded lower accuracy scores.

Furthermore, the RF and NN models demonstrated
notable proficiency in correctly identifying various
transportation modes compared to K-NN and SVM.
For instance, in the case of the bus transportation
mode, the RF and NN models achieved higher F2-
scores compared to the K-NN and SVM models (see
Table 3). In fact, for certain transportation modes such
as trains, K-NN and SVM produced an F2 score of
0. This relatively poorer performance of these two al-
gorithms for certain classes are consistent across sce-
narios. An interesting observation here is that in the
imbalanced dataset, the overall accuracy is predom-
inantly influenced by just two modes: car and walk.
Due to their large sample sizes and evident differences
in trajectory variables (V1-V9), they are easily distin-
guishable. Consequently, the model accuracy remains
high even when the frequency of GPS points is re-
duced. Therefore, to effectively evaluate the impact of
varying GPS data collection frequency on model per-
formance, we perform class-balancing and then eval-



uate the performance of algorithms across different
scenarios. However, given the poor performance of
K-NN and SVM algorithms, we choose only RF and
NN models for the subsequent analyses.

Class resampling or class balancing in this study
was done based on minimum sampling, which ad-
justed the total sample size of all modes equal to the
mode which had the lowest sample size. Table 4 shows
the comparison between the performance of RF and
NN model in both original (i.e., class imbalanced) and
the sampled (i.e., class balanced) data, across all six
scenarios. The results show that the overall perfor-
mance of models worsen i.e., when the sample size
is reduced, the models’ detection ability also reduces.
This is an expected finding. However, it is interesting
to note that while the original imbalanced data showed
no clear trends in overall accuracy of the models with
changing GPS frequency, the balanced data exhibited
very clear trends. The model performance decreased
with a decrease in the number of sampled GPS points.
In other words, as the time interval between two GPS
points increased, the accuracy of the model decreased.
This trend was consistent for both RF and NN models.
Specifically, for the RF model, the accuracy reduced
from 0.81 in scenario 1 to 0.68 in scenario 6. Mean-
while, for the NN model, the F2 score reduced from
0.64 in scenario 1 to 0.51 in scenario 6.

The trends were observed to be consistent when
compared across classes i.e., the class-specific detec-
tion accuracy decrease as the frequency of GPS points
decrease. Another interesting thing to note here is
that class balancing reduced the difference in predic-
tion accuracy across classes. As seen in Table 4,
there was a noteworthy shift in the models’ identifi-
cation patterns. For instance, in scenario 1, in the
original imbalanced data, car detection had an accu-
racy of 0.93, whereas motorcycle detection had only
0.47. However, this significant difference was not
present in the balanced data, even though the overall
accuracy was lower. Additionally, the detection accu-
racy of other road-based motorized transport modes,
such as buses, also improved. Distinguishing between
these road-based transport modes is particularly chal-
lenging as they exhibit similar trajectory-level fea-
tures. This challenge is exacerbated when there is
class-imbalanced data, as imbalanced class distribu-
tions can lead the model to favor classes with higher
sample sizes, resulting in reduced accuracy for minor-
ity classes. The class resampling approach adopted in
this study led to a more balanced detection of trans-
portation modes, reducing the influence of overrepre-
sented classes on the models’ learning process. This
also allowed for a clear evaluation of how variation in
GPS point frequency influences model performance.
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(2) Interpretability

In this section, we present the SHAP values-based
interpretability analysis results for the machine learn-
ing models, namely RF and NN, in the context of
transportation mode detection. The analysis is based
on six different scenarios representing variations in
GPS data frequency and class balancing. We aim to
understand how the models make predictions, iden-
tify the key features influencing their decisions, and
explore how interpretability is affected by changes in
data scenarios and class resampling. Additionally, we
utilized Rank-biased overlap (RBO) (Webber, Moffat,
& Zobel, 2010) analysis to compare the differences
in ranking across data types and scenarios. RBO is a
measure commonly used to assess the similarity be-
tween two ranked lists or rankings. It takes into ac-
count the order of items in the lists and assigns higher
importance to items that appear at the top of both lists,
while progressively reducing the importance of items
lower down the ranks.

In Table 5, the ranking of the top five features by
importance for both RF and NN models in the origi-
nal (imbalanced) data and the sampled (balanced) data
across the six scenarios are presented. Therefore, we
compare the differences in interpretability between a)
model types i.e., RF vs. NN, b) scenarios i.e., the
impact of GPS point frequency on interpretability, c)
data types i.e., imbalanced vs. balanced data. No-
tably, both models rank the features differently, indi-
cating variations in their decision-making processes.
For RF, the importance is predominantly given to
speed-related features, such as maximum and stan-
dard deviation speed (V3 and V4). However, the Neu-
ral Network model tends to consider a more diverse
set of features, encompassing speed-related attributes,
GIS-related features (e.g., buffer ratios V10, V11),
and even weather and socio-economic variables. This
suggests that NN may exploit a broader range of in-
formation when making predictions compared to RF.
The RBO analysis, as presented in Figure 4 (¢ & d),
demonstrates a noticeable disparity in the similarity
of feature importance rankings between RF and NN
across different scenarios. For instance, in Scenario
1 for the imbalanced data, the similarity coefficient is
moderately high at 0.87. However, as we move to-
wards scenarios with lower GPS frequency, such as
Scenario 6, the RBO value decreases substantially,
reaching 0.68. This decline in similarity suggests that
the feature importance rankings become increasingly
dissimilar between RF and NN as the scenarios ex-
hibit reduced GPS data precision. The trend is similar
in the case of imbalanced data as well. However, when
we observe the models’ behavior in the sampled data,
both RF and NN models assign importance to weather
and socio-economic variables, indicating their poten-
tial significance in mode detection in data scenarios
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Table 3: Accuracy Performance of Machine Learning Models Across Scenarios

. Scenario 1 Scenario 2 Scenario 3
Transportation Mode
RF NN KNN SVM RF NN KNN SVM RF NN KNN SVM
Car 093 092 083 08 092 091 084 083 093 092 085 0.85
Train 069 035 000 020 059 051 000 010 062 051 000 0.00
Walk 093 091 071 070 090 08 0.70 068 086 0.8 073 0.72
Bicycle 0.87 078 0.18 0.17 087 083 029 029 083 080 029 0.29
Motorcycle 047 039 0.04 010 044 054 0.07 010 046 049 006 0.00
Bus 061 052 020 021 049 044 0.09 020 053 051 0.13 0.10
Overall 090 08 072 070 087 085 073 071 087 08 074 0.71
Transportation Mode Scenario 4 Scenario 5 Scenario 6
RF NN KNN SVM RF NN KNN SVM RF NN KNN SVM
Car 093 091 08 08 094 092 087 087 094 091 0.89 0.89
Train 075 044 0.04 000 060 037 0.00 000 057 031 000 0.00
Walk 090 089 080 080 093 091 076 077 093 091 070 0.77
Bicycle 085 079 037 020 091 086 0.52 03 082 074 051 0.30
Motorcycle 049 030 0.13 000 043 044 0.12 10 0.38 050 040 0.10
Bus 051 049 0.19 0.10 057 050 025 010 063 045 044 0.10
Overall 08 085 077 074 089 08 078 075 088 084 079 0.75

Table 4: Class Balancing and Model Accuracy Performance Across Scenarios

Original Imbalanced Data

Transportation Mode

Scenario 1  Scenario2  Scenario3  Scenario4  Scenario5 Scenario 6

RF NN RF NN RF NN RF NN RF NN RF NN
Car 093 092 092 091 093 092 093 091 094 092 094 0091
Train 069 035 059 051 062 051 075 044 06 037 057 031
Walk 093 091 09 08 086 086 09 089 093 091 093 091
Bicycle 0.87 0.78 087 0.83 083 0.8 085 079 091 0.86 0.82 0.74
Motorcycle 047 039 044 054 046 049 049 030 043 044 038 0.5
Bus 061 052 049 044 053 051 051 049 057 05 0.63 045
Overall 090 086 0.87 085 087 0.8 0.89 085 0.89 0.86 0.88 0.84

Sampled Balanced Data

TransportationMode p \§y RF NN RF NN RF NN RF NN RF NN
Car 074 048 0.74 048 0.75 049 0.61 043 060 043 0.61 0.32
Train 0.80 055 0.75 052 074 052 079 050 074 0.5 0.67 046
Walk 092 089 086 079 090 082 085 08 08 08 075 0.80
Bicycle 0.89 0.8 083 0.79 0.83 079 081 0.78 0.75 0.65 066 0.63
Motorcycle 0.79 057 0.74 057 073 056 0.72 057 075 056 0.65 0.55
Bus 072 063 0.70 055 07 053 068 053 070 038 0.62 0.30
Overall 081 064 0.78 0.61 076 0.59 0.73 057 070 0.53 0.68 0.51

with varying class sizes.

Upon investigating the interpretability across differ-
ent scenarios, we find that the behavior of both RF and
NN models remains consistent. Although the same
variables are generally ranked among the top five, the
specific ranking of features varies across scenarios.
This suggests that the models adapt their decision-

making process based on changes in the data distri-
bution, and certain features become more or less in-
fluential depending on the scenario. It was observed
that as the frequency of GPS points reduced, buffer ra-
tio for train stations (V10) and buffer ratio for bus sta-
tion (V11) became the most important features (across
RF and NN models for scenarios 4-6 in imbalanced
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Table 5: Ranking of Top Features based on SHAP Values

RF Original
Scenario 1 Scenario 2 Scenario 3 Scenario4 Scenario5 Scenario 6
V3 V4 V4 V10 V10 V10
Vi V3 V3 V4 Vi Vi
V4 V1 V1 V3 V3 V3
V10 V10 V10 V1 V4 V4
V7 V5 V7 V7 V7 V7
RF Sampled
Scenario 1 Scenario2 Scenario3 Scenario4 Scenario5 Scenario 6
V10 V10 V10 V10 V10 V1
\"21 V4 V4 V4 V4 V4
V3 V3 V3 V3 V3 V7
V4 Vi V20 Vi Vi V3
V20 V7 V1 V20 V20 V6
NN Original
Scenario 1 Scenario2 Scenario3 Scenario4 Scenario5 Scenario 6
V3 V3 V3 V10 Vi1l V10
V1 V5 V4 V8 V10 V13
V4 V4 V1 V13 V3 Vil
V7 V1 V7 V14 V4 V12
V5 V6 V5 V3 V13 V15
NN Sampled
Scenario 1 Scenario 2 Scenario3 Scenario4 Scenario5 Scenario 6
Vi1 V1 V1 V6 V6 V6
V3 V10 V4 V1 Vi1l V10
V10 Vi1 V7 V10 V1 Vi1l
Vil V20 V6 V4 V10 V1
V20 V3 V10 V11 V4 V16

data). This indicates how with reduced sampling of
GPS points, the model relies less on variables derived
from trajectory data and relies more on other vari-
ables. The observations from the RBO analysis in Fig-
ure 4 (b) reinforce these trends.

Moreover, when investigating the effects of class
balancing, it was observed that RF models produce
more similar feature importance ranking when com-
pared between data types than NN models (see Fig-
ure 4 and Table 5). However, certain new variables
become more important in the sampled datatset, they
include, gender (V20, in both RF and NN) and tem-
perature (in NN), which feature in top 5 ranking list in
the sampled data, while they were not present in the
imbalanced data.

The findings suggest that the model’s understand-
ing of the transportation mode classification task is
heavily influenced by the context of data availability.
Model type, GPS data frequency, and class-balancing
seems to have an influence on what variables are the

most important for transport mode detection. For
effective implementation in practical settings, it be-
comes crucial to adapt feature engineering and model
types based on the available data type. Often accuracy
is made the sole indicator to make such decisions but
aligning the model’s interpretation with the context
of data availability, more informed and reliable trans-
portation mode detection can be achieved, supporting
better decision-making in transportation planning and
management.

5. Conclusion

This study aimed to investigate the influence of
varying GPS trajectory frequencies and class balanc-
ing on travel mode detection using machine learning
models. We conducted a comparative analysis of four
algorithms—RF, NN, K-NN, and SVM—in six dif-
ferent scenarios, considering both class-imbalanced
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and balanced datasets. The research provided valu-
able insights into the performance and interpretability
of these models in transportation mode detection.

The key findings of our study can be summarized
as follows: 1) RF models consistently outperformed
other models in terms of accuracy, closely followed by
NN models, with better performance than K-NN and
SVM models. 2) In the imbalanced dataset, the detec-
tion accuracy for minority modes, such as train, bus,
and bicycle, remained consistently low, even when the
overall accuracy was high across scenarios with vary-
ing GPS data frequency. After class resampling to cre-
ate a balanced dataset, the detection accuracy of pre-
viously minority modes substantially improved. Ad-
ditionally, a decrease in GPS frequency led to reduced
detection accuracy for both RF and NN models, estab-
lishing a clear link between class imbalance and GPS
data frequency.3) The analysis of model interpretabil-
ity demonstrated notable differences between model
types, data types, and scenarios.

These research findings have significant policy im-
plications for two stakeholder groups. Firstly, for de-
signers of sensor-based travel survey applications, the
results emphasize that both model accuracy and inter-
pretability are significantly impacted by varying GPS
data frequency. While the influence was less evident
in the imbalanced dataset, the balanced data showed a
near-linear relationship with decreasing GPS data fre-
quency. However, interpretability analysis indicated
that variables apart from those derived from trajectory
data become more important in detection. Hence, the
decision on how to balance this trade-off rests with
the developers. Secondly, for analysts and policymak-
ers tasked with choosing algorithms for mode detec-
tion, this study highlights the consistently good perfor-
mance of RF models. Additionally, the interpretabil-
ity analysis revealed that NN models utilize a broader
range of variables compared to RF, making the former
less intuitive. Similar disparities between model types
have been observed in previous research (Chikaraishi
et al., 2020).In conclusion, this study underscores the
need for context-aware models capable of adapting to
varying data frequency and feature importance. By
aligning model interpretability with data availability,
transportation planners and decision-makers can de-
velop more informed and reliable transportation mode
detection systems, supporting better decision-making
in transportation planning and management.

In future research, other algorithms, including deep
learning methods, could be further explored to evalu-
ate their performance concerning GPS data frequency.
Additionally, this study focused on the ex-post re-
moval of GPS points from already collected trajectory
data, and did not directly assess the impact of sam-
pling incorporated within an application on accuracy
and interpretability, presenting a notable limitation.

13
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