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Abstract—Nowadays, smartphones and their built-in sensors
not only have become ubiquitous but also serve as invaluable tools
for collecting a diverse array of data. When we navigate through
the complexities of Transportation Mode Detection (TMD), two
key challenges emerge as: a) the need to balance computational
efficiency with model accuracy, and b) the importance to capture
temporal dependencies in time-series data for accurate mode
classification. To address these issues, we propose TRTCN, a novel
algorithm designed to transportation mode detection via edge-
enabled consumer smartphone sensors. This algorithm employs
a Temporal Convolutional Network (TCN) and integrates data
from lightweight sensors housed within the smartphone. In our
proposed model, we employ knowledge distillation to construct
a framework that comprises both a teacher model and a student
model. The student model, represented as a Convolutional Neural
Network (TRTCN-CNN), can help reduce the number of param-
eters required for the model, thereby decreasing the training
time. A multi-Head attention mechanism is also incorporated
to fine-tune the accuracy of the model’s accuracy. The student
model has exceptional performance, with an average precision of
88.32% on the SHL 2018 dataset and an astonishing 96.04% on
the SHL 2021 dataset. Our work shows that the transportation
mode detection can be enhanced via the existing edge-enabled
consumer smartphone sensors.

Index Terms—Edge Intelligence, Deep learning, Transportation
mode detection, Temporal convolutional networks , Multi-head
attention, Knowledge distillation, Consumer device

I. INTRODUCTION

W ITH the accelerated advancement of technology, smart-
phones and their integrated sensors are becoming

increasingly prevalent in everyday life. These sensors can
offer a vast quantity of information [1], [2], such as a user’s
mobility patterns, environmental data, etc. By using this kind
of information, researchers have developed various methods
to detect and predict users’ modes of transportation, such as
stationary, walking, biking, riding a motorcycle, taking a car,
bus, metro, and railway [3]. However, accurate transportation
mode detection from sensor data remains a challenge, partic-
ularly when dealing with large, diverse, and complex data [4].
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Transportation mode detection (TMD) is a critical area of
research within the broader context of urban computing and
smart cities. Utilizing various sensor data, typically collected
from smartphones or wearable devices, TMD aims to identify
the mode of transportation that an individual is using, such as
walking, cycling, driving, or taking public transit. Accurate de-
tection has far-reaching implications, offering valuable insights
for urban planning, traffic management, and personalized
travel recommendations. While significant advancements have
been made in developing models that are both accurate and
efficient, several critical challenges and limitations continue
to hinder the wide adoption and the effectiveness of existing
transportation mode detection solutions. These shortcomings
are outlined as follows:

• Balancing Model Complexity and Accuracy: A com-
mon challenge in the field of transportation mode detec-
tion is striking the right balance between model complex-
ity and predictive accuracy [5]. Many existing solutions
either employ intricate models that demand significantly
computational power, making them unsuitable for real-
time deployment on devices with limited resources such
as smartphones or smartwatches. These devices often lack
enough computational capabilities toward more robust
systems, thereby limiting the practicality of complex
models for everyday usage. On the other hand, some
approaches opt for simpler models to save computational
costs, but this often comes at the expense of accuracy,
rendering them less effective for real-world applications.
Addressing this issue is crucial for the broader adoption
of transportation mode detection technologies, especially
for applications that require an immediate response and
high reliability, such as healthcare monitoring, emergency
response systems, and various consumer electronics.

• Fine-grained Classification and Temporal Dependen-
cies: The inability of current models in the field to
capture the temporal dependencies that exist within time-
series data is one of the most prevalent issues [6]. This
limitation is especially problematic when it comes to
accurately identifying and differentiating transportation
modalities that are (very) similar. For instance, the models
frequently have difficulty distinguishing between walking
and running–two activities that share similar patterns but
differ in intensity and tempo. Also, the models encounter
difficulties in accurately categorizing vehicular modes of
transportation, such as train and subway travel, which
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may share overlapping characteristics, such as speed and
stop frequency, but are fundamentally distinct in other
regards, such as route and environmental variables. These
flaws not only reduce the model’s overall accuracy but
also limit its applicability in real-world scenarios where
accurate identification of transportation modes is essential
for a variety of applications, ranging from personal fitness
monitoring to urban planning.

Recent advancements have leveraged machine learning tech-
niques, especially deep learning, to enhance the accuracy
of detection. For instance, convolutional neural network [7],
long-short-term memory recurrent neural network [8] and
variant of the temporal convolutional network [9]. However,
the majority of existing methods are either too complex [10],
[11], resulting in inefficiency in practical applications, or too
imprecise [1] to satisfy the needs of practical applications. The
main contributions of this paper are summarized as follows:

• We first develop and implement an innovative trans-
portation mode detection approach, pioneering a novel
model named TwinResTCN (TRTCN). Our model can
enhance the traditional Temporal Convolutional Network
(TCN) by capturing temporal dependencies and handling
diverse transportation patterns via edge-enabled consumer
smartphone sensors.

• In addition, our method via edge intelligence also in-
tegrates knowledge distillation techniques. By distilling
knowledge from our TRTCN model, we are able to
transfer essential insights to a simpler Convolutional
Neural Network (CNN)-based model. Thus, it not only
streamlines the model but also ensures a high level
of accuracy, adeptly addressing the prevalent trade-off
between model simplicity and performance.

• We deploy multi-head self-attention mechanisms to weigh
the significance of different features and time steps.
This ensures that the model focuses on the most crucial
aspects of the data, leading to improved recognition of
transportation modes, especially in challenging scenarios
where modes may appear similar.

• We evaluate the performance of our proposed TRTCN
model on two large public datasets, namely the SHL
2018 dataset [12] and the SHL 2021 dataset [13]. Ex-
perimental results demonstrate that our TRTCN is much
superior to baseline algorithms including MLP, CNN,
RNN, LSTM [14], DeepConvLSTM [15], Decision Tree,
TCMH [16] and T2Trans [9].

The structure of this paper is outlined as follows: In Section
II, we survey related studies on transportation mode detection,
emphasizing studies that utilize various sensor data in con-
junction with machine learning or deep learning techniques.
Section III delineates the architecture of the TRTCN algorithm
and provides an in-depth discussion of the design intricacies of
our proposed method. Also, this section details our application
of the knowledge distillation technique within the framework.
Section IV elaborates on the experimental setup and introduces
the datasets used for evaluation. We then present and discuss
the evaluation results. Section V concludes and encapsulates
the essence of our research.

II. RELATED WORK

A. GPS-Based and Multi-Sensor Approaches

In the research community, the earliest methods for trans-
portation mode detection heavily relied on GPS data. For
instance, Tao et al. [17] and Stenneth et al. [18] utilized
Bayesian Belief Networks and Random Forest algorithms to
classify various transportation modes based on GPS data.
Although these models achieved promising accuracy, they
suffered from high power consumption and were ineffective
in GPS-denied environments. To mitigate these issues, Bjerre-
Nielsen et al. [19] extended this approach by incorporating Wi-
Fi and Bluetooth data alongside GPS. While this combination
improved accuracy (89%) and reduced power consumption,
these methods were still constrained by network availability
and required external data sources.

These GPS-based methods laid the foundation for trans-
portation mode detection but highlighted the need for more
power-efficient solutions. Our approach addresses this gap by
relying solely on low-power, built-in smartphone sensors like
accelerometers and gyroscopes, which do not require external
signals such as GPS or Wi-Fi signals, making the method more
suitable for real-world and edge computing scenarios.

B. Sensor-Based and Lightweight Machine Learning Methods

To tackle the high power consumption of GPS-based meth-
ods, many researchers turned to lightweight sensor data such
as accelerometers. Hemminki et al. [20] and Ashqar et al.
[21] leveraged hierarchical classifiers on accelerometer data
to detect transportation modes. These methods reduced power
usage but faced challenges with computational efficiency and
robustness, as sensor noise and environmental variations could
greatly degrade performance. In contrast, Sağbaş and Balli
[22] achieved an accuracy rate of 99.4% using the Random
Forest algorithms on smartphone sensor data, demonstrating
that sensor-based approaches can reach high accuracy without
excessive power costs.

However, these traditional machine learning models often
rely heavily on hand-crafted features, which can be computa-
tionally expensive and may not generalize well across different
environments or user behaviors. This limitation motivates our
proposal of a deep learning-based approach, leveraging tem-
poral convolutional networks (TCNs) to automatically extract
features from sensor data, thus reducing the reliance on man-
ually engineered features and enhancing model adaptability.

C. Deep Learning Methods for Temporal and Multi-Modal
Data

The application of deep learning has significantly improved
the transportation mode detection by better capturing temporal
dependencies in sensor data. Vu et al. [23] introduced recurrent
neural networks (RNNs) for feature learning from accelerome-
ter data, while Dabiri et al. [7] employed convolutional neural
networks (CNNs) to learn features from multi-channel GPS
segments. Both studies demonstrated the potential of deep
learning in transportation mode detection, but they were still
limited to experimental settings, and the models often lacked
efficiency for real-time, edge-based deployment.
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Fig. 1. Overall architecture of the TRTCN model (with edge intelligence support)

Hong et al. [24] combined LSTM networks with GPS sensor
data, achieving good accuracy and computational efficiency.
Alferaidi et al. [25] extended this by applying a distributed
CNN-LSTM model for IoT-based vehicle intrusion detection,
reaching a high accuracy rate of 99.7%. While these models
perform well, they primarily focus on external data (e.g., GPS)
or specific scenarios (e.g., vehicle detection), which may not
be applicable to general smartphone sensor data in diverse
environments. Li et al. [26] introduced an enhanced Spatial-
Temporal Recurrent Neural Network (SCNN) framework. This
framework serves as the cornerstone of an innovative hybrid
spatial-temporal model for lane detection. Cardoso-Pereira
et al. [27] introduced polar ordinal patterns with amplitude
information (POPAyI), a strategy that bases its design on
the ordinal pattern (OP) transformation applied to mobility-
related time series. In [28], the authors developed a robust
transportation mode detector based on a convolution neural
network (CNN) via a feature modeling technique, feature
fusion and cloning techniques.

In contrast, our work proposes the use of Temporal Convo-
lutional Networks (TCNs) to capture temporal dependencies in
a causal and feed-forward manner, making it computationally
efficient and suitable for edge-enabled smartphones. By utiliz-
ing only lightweight smartphone sensors (e.g., accelerometers,
gyroscopes), we are able to reduce the computational and the
energy costs associated with more complex or external data
sources like GPS.

D. Hybrid Models and Multi-Head Attention Mechanisms

Several hybrid models have been proposed that combine the
strengths of traditional machine learning and deep learning

approaches. For example, Francisco et al. [15] designed a
hybrid model that integrates convolutional layers with LSTM
networks for robust feature learning, while Chen et al. [29]
employed a hybrid approach that merges feed-forward neural
networks with LSTM layers. These models effectively cap-
tured both spatial and temporal dependencies in sensor data
but introduced higher computational complexity, which may
limit their deployment on edge devices.

To further enhance the performance, researchers have started
incorporating attention mechanisms. Kalatian et al. [10] em-
ployed residual networks with Wi-Fi signals, and Wang et
al. [30] included sound data in their models to augment
detection capabilities. Although these methods demonstrated
improved accuracy, they introduced additional challenges, such
as increased power consumption and reliance on network
availability.

In this work, our proposed approach addresses these limi-
tations by integrating a multi-head attention mechanism into
the TRTCN model, allowing it to selectively focus on relevant
temporal features while maintaining computational efficiency.
This enables our model to make a balance between accuracy
and resource consumption, making it ideal for edge-enabled
devices that have only limited computational power.

III. OUR APPROACH

A. Methodology Overview

Our proposed deep learning algorithm for the transportation
mode detection consists of three main steps: data prepro-
cessing, TRTCN model training, and transportation mode
prediction. For the workflow, all datasets are first transformed
into uniform matrices during the data preprocessing phase and
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TABLE I
SUMMARY OF ADVANCED TECHNIQUES FOR TRANSPORTATION MODE DETECTION

Technique Key Features Advantages
GPS-based methods [17],
[18]

Bayesian Belief Networks, Random Forest High accuracy in open environments

Wi-Fi/Bluetooth
integration [19]

Combines Wi-Fi, Bluetooth, and GPS data Battery efficient, accurate

Accelerometer-based
methods [20], [21]

Hierarchical classifiers for sensor data Lower power usage, high accuracy

Random Forest on sensor
data [22]

Random Forest algorithm with smartphone sensors Very high accuracy (99.4%)

Semi-supervised deep
learning [31]

Deep Convolutional Autoencoder (SECA) Handles unlabeled data, reduces handcrafted
features

Hybrid deep learning
models [15], [29]

Combines CNN, LSTM with traditional machine
learning

Captures both spatial and temporal features

Wi-Fi and sound-based
models [10], [30]

Uses Wi-Fi and sound data for detection Enhanced accuracy in non-traditional envi-
ronments

Temporal Convolutional
Networks (TCN) [32]

Causal and feed-forward architecture Captures long-range dependencies, real-
time predictions

then fed into the input layer. In the model training step, the
preprocessed data is used as training data, and test data is fed
into the TRTCN model to optimize the trainable parameters
in the TRTCN model. Consideration is given to the identifi-
cation of barometric pressure and three other inertial sensors:
linear acceleration, gyroscope, and magnetometer. Due to the
undetermined posture and orientation of the smartphone, the
X, Y, and Z axes of each sensor will be combined.

To capture intricate temporal dependencies and enable real-
time predictions, the model employs multiple ResNet blocks
for each sensor channel immediately after the data preprocess-
ing stage. These ResNet blocks are designed to extract hierar-
chical features while maintaining the computational efficiency.
The outputs from selected groups of ResNet blocks are then
concatenated and passed through the Temporal Convolutional
Networks (TCN) [33], which provide causal characteristics
and multi-scale feature extraction capabilities.

To further refine these features and enlarge the receptive
field, a simplified ResNet block is applied post-TCN, followed
by another TCN layer. This architecture not only allows for
the direct transmission of underlying features across layers but
also enhances the model’s gradient propagation capability.

Then, the model incorporates a Multi-Head Attention mech-
anism to capture long-range dependencies in the time-series
data. Finally, the processed feature representations are passed
through a Shortcut Multi-Layer Perceptron (ShortcutMLP)
comprising multiple fully connected layers. The model then
employs a Softmax function to produce the final transportation
mode estimation. The definitions is shown in Table 1.

B. TRTCN Model

In this part, we describe our proposed TRTCN model in
detail. The overall architecture is shown in Figure 1.

1) Multimodal Input Layer: The model receives
preprocessed sensor data through the input layer–defined
as Tensor An,d,k, where n is the number of the total
samples, d is the length of the selected sliding window,
and k is the total element number of all sensors. This
work considers the representation of many axes, namely

TABLE II
DEFINITIONS OF VARIABLES AND SYMBOLS

Definition Description

An,d,k Input layer tensor
n The number of the total samples
d The length of the selected sliding window
k The number of the total all sensors

ŷ0, . . . , ŷT Temporal Convolutional Network output sequence
x0, . . . , xt Temporal Convolutional Network input sequence

o The residual block formulate
Q Multi-Self Attention function query
K Multi-Self Attention function key
V Multi-Self Attention function value
dq The projection of Multi-Self Attention function query
dk The projection of Multi-Self Attention function key
dv The projection of Multi-Self Attention function value
T Knowledge distillation temperature parameter
qi Knowledge distillation soften probabilities

linear acceleration (X, Y, Z), gyroscope (X, Y, Z), mag-
netometer (X, Y, Z), and barometric pressure, denoted by
the variable k = 10. The variable “d” denotes the length
of the chosen sliding window, which consists of 500
samples. Each sample corresponds to a sampling period
of 5 seconds, with a sampling frequency of 100Hz. Sub-
sequently, the tensor An,d,10 undergoes a transformation,
resulting in the creation of ten tensors denoted as An,l,1.
These tensors are subsequently inputted into the residual
layer.

2) Residual Layer: This layer is comprised of a
total of ten residual units [34]. The residual layer,
being the initial component of feature learning on the
sensor input, significantly impacts the overall trend of
feature learning inside the network. One of the benefits
associated with the utilization of residual networks is
the potential to enhance both the training efficiency
and the accuracy of the model. Each individual in
the group is provided with a tensor derived from the
input layer: An,d,1. The operations of convolutional
and max-pooling [35] are defined as follows. The
chosen activation function has been demonstrated to
significantly speed up the training process [36]. In this
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case, max-pooling is employed to down-sample the
input, with both the kernel size and stride set to 3.

It is worth noting that our architectural integrates two
specialized forms of residual layers: the Simple ResNet
Layer and the Standard ResNet Layer, as illustrated in
Figures 2 and 3.

Fig. 2. The Simple Residual Layer

Fig. 3. The Residual Layer

3) Temporal Convolutional Networks (TCN)
Layer: This TCN layer [33] is designed to address
sequence modeling tasks while adhering to the principle
of causality. Specifically, a TCN aims to predict an
output sequence ŷ0, . . . , ŷT based on an input sequence
x0, . . . , xT in a way that each output ŷt only depends
on the observed inputs x0, . . . , xt.

ŷ0, . . . , ŷT = f(x0, . . . , xT ) (1)

The architecture of TCN combines a 1D Fully Convo-
lutional Network (FCN) with causal convolutions. This
ensures that the output at each time step is influenced
only by the current and past inputs, thereby preserving
causality.

F (s) = (x ∗d f)(s) =
k−1∑
i=0

f(i) · xs−d·i (2)

To extend the receptive field without increasing the
network depth or filter size excessively, TCNs employ
dilated convolutions. The dilation factor d is increased
exponentially with the depth of the network.

In addition to these, TCNs incorporate residual connec-
tions [34] to stabilize the training of deep networks. The
residual block is formulated as:

o = Activation(x+ F (x)) (3)

This architecture allows TCNs to be both deep and have
a long effective history, making them suitable for a wide
range of sequence modeling tasks.

4) Multi-Head Attention Layer: In this layer,
we aim to enhance the attention mechanism by employ-
ing multiple attention heads. Instead of utilizing a single
set of dmodel-dimensional queries, keys, and values, we
opt for projecting them into h different subspaces. These
projections are of dimensions dq , dk, and dv for queries,
keys, and values, respectively.

Multi(Q,K, V ) = Concat(head1, . . . , headh)WO (4)

where headi = Attention(QWQ
i ,KWK

i , V WV
i ) (5)

The projection matrices WQ
i ∈ Rdmodel×dq , WK

i ∈
Rdmodel×dk , WV

i ∈ Rdmodel×dv , and WO ∈ Rhdv×dmodel

are learned parameters. The architecture of Multi-Head
Attention Layer is described in Figure 4.

Fig. 4. Architecture of the Multi-Head Attention Layer

5) MLP Layer: This layer serves as the final stage for
feature extraction and classification. It is composed of
five fully connected layers, enhanced with shortcut con-
nections for improved performance. To mitigate the risk
of overfitting [37], a Dropout technique [38] is adopted
in the layer. The output from the ith fully connected
layer can be mathematically represented as:

oi = Activation(W · x+ b) (6)

where W denotes the weight matrix of the hidden layer,
and b is the bias term. The MLP Layer architecture is
shown in Figure 5.

In the proposed TRTCN model, the dimensions for
each hidden layer are set to 256, 512, 1024, 1024
and the number of classes, respectively. The activation
functions employed are ReLU for the first four layers
and Softmax for the final output layer. Then, Dropout
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Fig. 5. Architecture of the Multi-Head Attention Layer

is applied to all hidden layers except for the last one,
with a dropout rate of 0.2 in order to prevent overfitting.

Our TRTCN model also incorporates a shortcut con-
nection between the input and the output of the third
fully connected layer, which can be concatenated before
passing through the fourth fully connected layer. This
shortcut connection aims to achieve easier optimization
and better performance.

C. Knowledge Distillation

Knowledge distillation [39] is a technique aimed at model
compression, where a smaller model, referred to as the student
model, is trained to mimic the behavior of a larger, pre-trained
model, known as the teacher model. The core idea is to soften
the probability distribution of the teacher model and convey
more information than just the hard labels.

The softened probabilities are computed using the softmax
function with a temperature parameter T , which is usually
set to 1 for normal operation. The equation for the softened
probabilities qi is given by:

qi =
exp(zi/T )∑
j exp(zj/T )

(7)

During the training phase of the student model, two loss
functions are combined: one that minimizes the difference be-
tween the student’s and teacher’s softened logits, and another
that minimizes the difference between the student’s logits and
the true labels. The combined loss function can be represented
as below:

L = α · Lsoft + (1− α) · Lhard (8)

Here, Lsoft is the Kullback-Leibler divergence between the
softened logits of the student and teacher models, and Lhard

is the cross-entropy loss between the student’s logits and the
true labels. α is a hyperparameter that controls the trade-off
between the two objectives.

The gradients of the loss with respect to the logits zi of the
student model can be approximated as:

∂L
∂zi

≈ 1

T 2
(zi − vi) (9)

where vi indicate the logits from the teacher model. This
approximation holds true when the temperature T is high
compared to the magnitudes of the logits.

This method offers a balance between paying attention to
logits that are significantly more negative than the average and
those that are around the average, providing an effective way
to transfer knowledge from the teacher model to the student
model. Within our proposed, the student model is a modified
CNN specifically designed to imitate the instructor model.

The architectural design consists of a series of convolutional
layers, followed by max-pooling layers, and culminating in
a fully connected layer that is responsible for predicting the
class. The primary purpose of the convolutional layers is to
capture and extract feature representations from the input data,
whereas the max-pooling layers serve to minimize the dimen-
sionality of the feature maps. The completely linked layer
produces logits that correspond to eight distinct classifications.

Throughout the forward pass, the input tensor experiences
a sequence of operations, such as activation functions and
dimensionality reduction, ultimately resulting in the logits
generated by the fully connected layer.

For the distillation process, we employ a custom loss func-
tion that combines the Kullback-Leibler divergence between
the softened logits of the student and teacher models, and the
cross-entropy loss between the student’s logits and the true
labels. The equation for the distillation loss is given by:

Loss = KLD
(
log(SM(y/T ))

SM(TS/T )

)
× (T 2 × 2.0× α) + CE(y,L)× (1− α)

(10)

IV. EXPERIMENTAL EVALUATION

In this section, we design and conduct a set of experiments
to evaluate the performance of our TRTCN model on public
datasets such as the SHL 2018 dataset and SHL 2021 dataset.
More specifically, a comprehensive introduction is provided
about the two datasets with an in-depth explanation of the
data processing procedure. We then examine the performance
of TRTCN in comparison with the baseline.

A. Dataset

• SHL 2018 dataset: The dataset was obtained with
a period of seven months in 2017 by a group of three
volunteers located in the United Kingdom. There are
eight different transportation modes that are categorized
and identified during their daily traffic transfers. Every
sample in the dataset includes measurements of ambient
light, temperature, GPS location, Wi-Fi signal strength,
and motion data. These samples were obtained based
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on the Huawei Mate 9 cellphones that were positioned
in various locations, e.g., within a bag, held in hand,
secured to the chest, or placed in a pocket.

The motivation for selecting the SHL2018 dataset lies
in its comprehensive multi-modal sensor data and its
diverse transportation mode categories, which align well
with the goals of our research. This dataset allows us
to evaluate the performance of our TRTCN model in
detecting different transportation modes under various
real-world scenarios. The dataset also provides a good
balance between data richness and practical applicability,
enabling us to focus mainly on low power consumption
sensors. We evaluate the TRTCN model by utilizing
only lightweight sensor data, including accelerometer,
gyroscope, magnetometer and baroceptor. In light of
prioritizing the practical applications, the evaluation
performance is limited to the sensor data collected by
hand and in one’s pocket. A total of 272 hours of sensor
data were chosen for the purpose of training and testing
the TRTCN model. After preprocessing the dataset, we
divided it into the training part (80%) and the test part
(20%). The data were collected by a single volunteer
over a period of four months. The sampling rate for all
the sensor data was 100Hz. In order to capitalize on
the temporal relationships presented in our trials, we
reorganized the SHL data in chronological order.

• SHL 2021 dataset: The dataset comprises 750
hours of multi-modal sensor data for studying human
locomotion across eight activities: Car (88h), Bus (107h),
Train (115h), Subway (89h), Walk (127h), Run (21h),
Bike (79h), and Still (127h). With each participant
carrying four smartphones, the effective data volume
amounts to 3000 hours.

The motivation for including the SHL2021 dataset is
its larger size and more extensive set of sensor place-
ments, which provide a more challenging benchmark
for evaluating our model’s scalability and generalization
capabilities. This dataset allows us to test the robustness
of our model across a wider range of transportation modes
and human locomotion activities. By focusing specifically
on the torso data from User 2, we maintain consistency
in sensor placement and data quality while ensuring that
the model’s performance is tested on realistic and varied
locomotion scenarios. We divided the dataset into training
and testing sets, allocating 80% for training and 20% for
testing purposes.

B. Data Preprocessing
To ensure the quality and reliability of the data fed into

our model, we employ a series of preprocessing steps. These
steps aim to clean, normalize, and segment the data, thereby
enhancing the model’s training and prediction accuracy. Below
are the specific methods used:

1) Column Selection: Initially, we filter the raw
dataset to only include the columns that are relevant to

our study. This reduces the dimensionality of the data
and focuses the model’s attention on the most pertinent
features.

2) Dirty Data Removing: Given the large volume of
the dataset, it is crucial to remove any samples with
incomplete or missing values. This step ensures that only
complete and accurate data points are used for model
training.

3) Normalization: To standardize the range of the
sensor data, we apply Z-Score normalization to each
element of the sensor vector data. The formula for Z-
Score normalization [40] is given by:

x′ =
x− µ

σ
(11)

where µ is the average and σ is the standard deviation
of each element in the sensor data.

4) Sliding Window-Based Segmentation: The
choice of sequence length for sensor data is crucial
for accurate pattern recognition. Too short a sequence
length can lead to recognition errors, while too long
a sequence can result in computational overhead and
prediction delays. To balance accuracy and computa-
tional efficiency, we use a fixed-length sliding window
to segment the sensor data into short-term sequences.
Specifically, we set the window length to 500 based on
empirical experiments.

The objective of deploying these preprocessing procedures
is to generate a dataset that is clean, normalized, and seg-
mented. This dataset will facilitate the training and prediction
of models with accuracy and efficiency.

C. Baselines and Metrics

To provide a comprehensive evaluation of our proposed
model, we compare it with several baseline algorithms. These
include classic machine learning algorithms, deep learning al-
gorithms, and state-of-the-art methods in transportation mode
recognition. Specifically, the baselines are MLP, CNN [7],
RNN [8], LSTM [14], DeepConvLSTM [15], Decision Tree,
TCMH [16] and T2Trans [9]. In particular, MLP is part of
our proposed model and serves as a baseline for comparison.
CNN is also part of our proposed model and serves as the
student model in the knowledge distillation process. Both
T2Trans and TCMH employ temporal convolutional networks
for the purpose of transportation mode detection. T2Trans is a
suggested method set to be introduced in 2022, while TCMH
is scheduled for release in 2023. The detailed parameters of
all baselines are listed in Table II.

To assess the performance of our proposed model and the
baseline algorithms, we employ four evaluation metrics, such
as model accuracy, precision, recall, and F1 Score. The F1
Score is defined as follow:

F1 =
2× Precision × Recall

Precision + Recall
(12)

By using these metrics, we aim to provide a thorough eval-
uation of the model’s ability to accurately recognize different
transportation modes.
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TABLE III
THE DETAILED PARAMETERS OF BASELINES

Name Architecture

MLP FC (128)-FC (256)-FC (512)-FC (1024)-
Softmax

CNN Each Element [C(128)-P(2)-C(256)-P(2)]-
C(32)-P(2)-MLP-Softmax

LSTM LSTM(128)-MLP-Softmax
DeepConvLSTM C(64)-C(64)-C(64)-C(64)-LSTM(128)-

Softmax
DT min. num. of instances per leaf: 2
T2Trans input-TCN(16)-TCN(64)-C(64)-MLP(128,

256, 512, 1024)-Softmax
TCMH input-TCN(16)-MHA(5)-CNN(64)

TABLE IV
THE CONFIGURATION OF PC

Name Detail

CPU Intel(R) Xeon(R) CPU @ 2.20GHz

Memory 12.67GB

GPU Tesla T4-PCIE-15GB

Operating System Ubuntu 22.04.2 LTS

Python Environment 3.10.12

Development Framework Pytorch

D. Experimental Settings

In this work, the TRTCN model and the CNN student
model were trained utilizing the Pytorch deep learning frame-
work, applied to the preprocessed SHL 2018 dataset. Here,
the optimization process adopted the Adam optimizer [41],
accompanied by a cross-entropy loss function.

The learning rate was set to 0.001, beta1=0.9, beta2=0.999.
The model was trained for 100 epochs with a batch size of
512 samples. For the knowledge distillation process in the
CNN student model, the architecture employs a simple yet
effective approach, integrating two convolutional layers with
max-pooling and a fully connected layer, a temperature of
8 and an alpha of 0.3 were utilized. To mitigate the risk
of overfitting, the sequence of data feeding was randomized.
The experimental equipment has GPU support. The specific
hardware configuration of a node is delineated in Table III.

E. Accuracy Results

The experimental results on the SHL 2018 dataset and SHL
2021 dataset were visually presented in Figure 6, Figure 7,
Table IV, and Table V, respectively.

It is found that our proposed TRTCN model can outperform
all baseline methods. The experiments on the SHL 2018
dataset and SHL 2021 dataset have reported an accuracy rate
of 88.32% and 96.04%, respectively, for the TRTCN-CNN
model. With the exception of Decision Tree (DT) model,
all baseline models on the SHL 2018 dataset exhibited an
accuracy rate beyond 60%. Similarly, on the SHL 2021 dataset,
all baseline models achieved an accuracy rate surpassing 80%.
Nevertheless, the existing baselines have little capability in
accurately discerning patterns between trains and subways.

This deficiency may arise from inadequate utilization of fea-
ture pressure, hence hindering the baselines’ ability to acquire
advanced features or temporal relationships.

Fig. 6. The Transportation Recognition Accuracy Using Different Classifi-
cation Algorithmns On The SHL 2018 dataset

Fig. 7. The Transportation Recognition Accuracy Using Different Classifi-
cation Algorithmns On The SHL 2021 dataset

Furthermore, the metrics of precision, recall, and F1 score
of the TRTCN-CNN model are presented in Table VI and
Table VII. Figure 8 and Figure 9 present the confusion matrix
of the TRTCN-CNN model applied to the SHL 2018 dataset
and the SHL 2021 dataset, respectively. In Figure 6, the
DeepConvLSTM exhibits the second-highest discriminative
performance. Similarly, in Figure 7, the T2Trans model also
ranks second in terms of discriminative capability, whereas the
DT model demonstrates the least discriminative power across
both figures. Notably, Figures 8 and 9 highlight a challenge in
distinguishing between the train and subway modes, indicat-
ing a potential area for enhancement in subsequent research
endeavors.

F. Ablation Studies

Figure 10 illustrates the effectiveness of incorporating Sim-
ple Residual Layer and Multi-Head Attention in our student
model with the SHL 2018 dataset. It is evident that the model
with both Simple Residual Layer and Multi-Head Attention
achieves the highest accuracy of 88.46%, demonstrating the
synergistic benefits of combining these two techniques. The
model with Simple Residual Layer alone also shows a notable
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TABLE V
THE PRECISIONS OF DIFFERENT TRANSPORTATION MODE RECOGNITION USING DIFFERENT ALGORITHMS ON THE SHL 2018

DATASET

DCL MLP DT LSTM CNN TCMH T2Trans TRTCN-
CNN

TRTCN

Still 86.42% 86.21% 53.57% 76.41% 58.25% 77.64% 84.23% 88.46% 90.51%
Walk 90.12% 88.20% 55.11% 79.28% 85.24% 89.56% 93.64% 92.27% 94.43%
Run 98.02% 96.93% 68.68% 90.41% 97.35% 96.98% 98.55% 98.68% 99.25%
Bike 86.61% 86.70% 48.23% 73.06% 67.80% 90.21% 91.61% 88.67% 90.73%
Car 90.17% 91.13% 59.03% 81.39% 63.95% 79.73% 88.73% 91.38% 92.53%
Bus 79.48% 81.16% 36.12% 71.28% 55.13% 69.59% 74.21% 84.54% 86.12%
Train 75.32% 76.61% 43.88% 67.52% 44.93% 57.08% 72.98% 79.40% 81.51%
Subway 75.10% 73.63% 42.27% 64.48% 42.55% 58.78% 69.22% 77.30% 79.36%

Note: DCL is short for DeepConvLSTM. TRTCN represents the teacher model of the TRTCN-CNN after knowledge distillation. TRTCN-CNN represents the
CNN model after knowledge distillation of the TRTCN model.

TABLE VI
THE PRECISIONS OF DIFFERENT TRANSPORTATION MODE RECOGNITION USING DIFFERENT ALGORITHMS ON THE SHL 2021

DATASET

DCL MLP DT LSTM CNN TCMH T2Trans TRTCN-
CNN

TRTCN

Still 97.10% 96.15% 89.31% 94.38% 86.57% 92.48% 91.67% 96.74% 97.15%
Walk 95.83% 93.96% 85.47% 94.53% 88.43% 97.01% 97.78% 96.69% 97.64%
Run 95.73% 94.92% 97.44% 90.60% 43.11% 98.33% 97.32% 95.73% 97.85%
Bike 98.17% 97.67% 95.85% 92.78% 95.39% 97.38% 96.97% 99.47% 99.46%
Car 94.38% 93.72% 81.69% 91.48% 91.96% 94.38% 92.87% 97.49% 98.33%
Bus 92.04% 89.90% 70.63% 86.53% 80.31% 91.72% 90.33% 93.33% 95.73%
Train 90.50% 89.22% 81.71% 89.93% 89.43% 91.19% 90.77% 94.74% 96.25%
Subway 90.58% 86.64% 77.94% 88.58% 86.87% 89.39% 91.31% 95.35% 96.18%

Note: DCL is short for DeepConvLSTM. TRTCN represents the teacher model of the TRTCN-CNN after knowledge distillation. TRTCN-CNN represents the
CNN model after knowledge distillation of the TRTCN model.

TABLE VII
PRECISIONS,RECALLS AND F1-SCORES OF THE TRTCN-CNN

MODEL ON THE SHL 2018 DATASET

Precision Recall F1-Score

Still 88.96% 87.96% 88.46%
Walk 92.17% 92.37% 92.27%
Run 99.92% 97.47% 98.68%
Bike 89.01% 88.33% 88.67%
Car 89.47% 93.38% 91.38%
Bus 83.45% 85.65% 84.54%
Train 84.21% 75.10% 79.40%
Subway 75.34% 79.36% 77.30%

TABLE VIII
PRECISIONS,RECALLS AND F1-SCORES OF THE TRTCN-CNN

MODEL ON THE SHL 2021 DATASET

Precision Recall F1-Score

Still 95.70% 97.80% 96.74%
Walk 97.33% 96.05% 96.69%
Run 98.25% 93.33% 95.73%
Bike 100% 98.95% 99.47%
Car 95.80% 99.23% 97.49%
Bus 94.95% 91.77% 93.33%
Train 94.33% 95.14% 94.74%
Subway 95.73% 94.97% 95.35%

improvement, reaching an accuracy rate of 84.2%, meanwhile
the model with the Multi-Head Attention alone attains an
accuracy rate of 83.75%. The baseline model, without any of
these additions, lags behind with an accuracy rate of 82.8%.

Fig. 8. The Confusion Matrix Of The TRTCN-CNN On The SHL 2018
dataset

These results clearly validate the efficacy of using both Simple
Residual Layer and Multi-Head Attention in enhancing the
model’s performance.

The algorithm was initially evaluated using various ar-
chitectures for feature extraction, and it was observed that
Residual Networks (ResNet) and its simpler variant–Simple
ResNet, provided significant improvements. Motivated by
these empirical results / observations, we incorporated ResNet
blocks, which are renowned for their ability to capture intricate
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Fig. 9. The Confusion Matrix Of The TRTCN-CNN On The SHL 2021
dataset

Fig. 10. Comparison of Different Additions

features through deep architectures. The residual connections
in these blocks mitigate the vanishing gradient problem, en-
abling the model to effectively learn both low-level and high-
level features. This is particularly beneficial for time-series
data, where capturing both granular and abstract features is
crucial for accurate categorization. On the other hand, the
Simple ResNet blocks are designed to be computationally
less demanding while retaining essential characteristics, and
offering a scalable and efficient model.

After observing the efficacy of Multi-Head Self-Attention in
preliminary experiments, we integrated it into the architectural
design to further investigate its benefits. Unlike traditional
attention mechanisms that uniformly weigh all elements in
a sequence, the multi-head variant allows the model to focus
selectively on different segments. This is particularly advan-
tageous for time-series classification, as it enables the model
to consider varying levels of importance across different time
frames. The Multi-Head Self-Attention mechanism effectively
distributes its focus, capturing a wide array of features and
thereby deepening the model’s understanding of temporal
relationships.

G. Computational Complexity and Efficiency
To provide meaningful insights into the computational ef-

ficiency of our proposed TRTCN-CNN model, we quantify
the key metrics such as training accuracy, inference time,
and parameter size. These factors are critical for balancing
model complexity with performance, especially for real-world,
resource-constrained scenarios.

Our TRTCN-CNN model achieves an impressive F1-Score
of 96.04%, surpassing the performance of several advanced
algorithms in the literature such as DeepConvLSTM, MLP,
LSTM, CNN, TCMH, and T2Trans. A notable feature of our
proposed model is its efficient use of parameters—specifically,
it employs only 486,280 parameters, which is significantly
lower than models like DCL, which utilizes 2,850,184 param-
eters for an F1-Score of 93.78%. This reduction of approxi-
mately six times fewer parameters not only reduces memory
consumption but also decreases computational demands, en-
hancing the model’s applicability on edge devices.

Regarding inference time, the TRTCN-CNN model demon-
strates remarkable efficiency, requiring only 34.25 seconds for
inference, which is significantly faster than models like TCMH
that needs 459.1 seconds. This substantial reduction in com-
putational time positions the TRTCN-CNN model as highly
suitable for real-time applications, a crucial requirement for
transportation mode detection in edge computing environments
(with IoT devices).

As illustrated in Figure 11, the TRTCN-CNN model strikes
an optimal balance between parameter efficiency and perfor-
mance. Despite utilizing a reduced number of parameters,
it delivers superior F1-Score performance compared to other
relevant models, making it particularly well-suited for deploy-
ment in environments with limited computational resources
and memory, such as mobile or IoT devices.

V. LIMITATION

Despite the promising results achieved by the proposed
TRTCN-CNN model, there are several limitations that should
be acknowledged. First, the model relies heavily on specific
sensor data, particularly accelerometer, gyroscope, and magne-
tometer readings. This dependence on sensor-specific data may
limit the generalizability of the model to other transportation
mode detection scenarios where different types of sensors
or additional environmental data (e.g., GPS or Wi-Fi) may
be needed. Additionally, the evaluation was conducted using
datasets that feature data collected under relatively controlled
conditions, which may not fully capture the variability and
noise found in more diverse, real-world environments.

Another potential limitation is the computational complexity
of the TRTCN model, especially when applied to resource-
constrained devices. While we have optimized the model for
edge devices, the implementation may still be challenging for
devices with minimal computational power. Future research
could focus on further model compression techniques, such as
quantization or pruning, to enhance its efficiency. Moreover,
expanding the dataset to include more users [42], varied en-
vironments, and additional transportation modes could further
improve the model’s robustness and adaptability to real-world
scenarios.
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Fig. 11. Comparative Analysis of Algorithmic Performance: F1-Score vs. Time Consumption with Parameter Size Indication On The SHL 2021 dataset

VI. CONCLUSION

In this work, we focused on transportation mode detection
and proposed an enhanced Temporal Convolutional Networks
(TCNs) model, called TRTCN-CNN via edge intelligence and
consumer smartphone sensors. It adeptly captures the long-
range temporal dependencies in multi-sensor data harvested
from smartphones. The architecture leverages causal dilated
convolutions, thereby facilitating the ability of parallel com-
putation across all temporal steps and substantially expediting
the training process. The model demonstrated exemplary per-
formance, achieving an average precision rate of 88.32% on
the SHL-Challenge Dataset (2018) and an impressive 96.04%
on the SHL-Dataset (2021). Also, our approach incorporated
residual networks and the multi-Head attention mechanisms
to further enhance its feature extraction and decision-making
capabilities. Furthermore, we employed knowledge distillation
techniques to train a much more parameter-efficient model that
not only accelerates the training process but also improves
the accuracy, making it highly suitable for deployment on
edge-enabled consumer devices. Our results indicated that our
proposed TRTCN-CNN outperformed other baseline and state-
of-the-art schemes.
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