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The increasing popularity of electric motorbikes in Indonesia, while
promoting sustainable mobility, also raises concerns regarding traffic safety.
Given the high incidence of motorcycle-related accidents, there is a critical
need for systems capable of monitoring and recognizing driver behavior.
This study proposes a driver activity recognition system for electric
motorbikes, utilizing an event data recorder (EDR) to capture seven key
sensor signals: three-axis acceleration, voltage, current, power, and speed. A
custom dataset was constructed using data collected from 10 subjects, each
performing five driving activities including forward drive, brake, stop, left
turn, and right turn for over three-minute intervals per activity. The
classification model is based on a long short-term memory (LSTM) neural
network. To optimize training efficiency, a multi-step batch size up (MSBU)

Event data recorder
Long short-term memory

strategy was introduced, which accelerates training time by 1.84x compared
to a fixed batch size of 32. The best performance was achieved using a
segment length of 75 time-steps, yielding an accuracy and macro F1-score of
0.9873. These results demonstrate the effectiveness of the proposed system
for real-time driver behavior monitoring and activity recognition in electric
motorbike applications.
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1. INTRODUCTION

The increasing adoption of battery electric vehicles (BEVS), especially motorbikes and cars, in
Indonesia highlights their growing role as essential modes of transportation. In fact, motorbikes (combustion
and electric engines) are the dominant choice, used by 81.78% of the population. However, this growing
dependency also comes with significant risks including motorcycle-related traffic accidents remain
alarmingly high, contributing to over 150,000 casualties in 2021, with a year-on-year increase of 3.62% [1].
Human factors such as reckless driving, fatigue, and lack of skill are the leading causes [2]. In Southeast
Asia, motorcycles are involved in up to 70% of traffic fatalities, often due to erratic driving behaviors like
sudden braking or improper lane changes [3]. While electric motorbikes contribute positively to
environmental sustainability, their quiet operation and the inexperience of new users pose additional safety
challenges. Therefore, continuous monitoring of driver behavior and real-time recognition of vehicle
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activities (e.g., braking, turning, and idling) becomes critical to improving road safety and enabling
intelligent response systems.

Understanding the state of the vehicle, whether it's accelerating, braking, or turning, is essential for
ensuring both driver and system-level decision-making accuracy. This awareness supports enhanced safety
features, such as collision avoidance, motion-based sensor calibration, and improved coordination in
connected environments (vehicle to wvehicle or wvehicle to infrastructure). It also helps prevent
misinterpretations, such as detecting a false collision when stopped at a traffic light.

Integrating such state awareness with deep learning-based behavior recognition enables more
proactive and adaptive vehicle systems. To support these capabilities, the integration of an event data
recorder (EDR) system becomes essential. Initially introduced in Formula 1 racing to analyze crashes based
on driver input, engine performance, and electronic behavior [4], EDRs are now increasingly relevant for
civilian use. By recording key data during vehicle operation, EDRs provide a reliable basis for reconstructing
the driver activities or traffic incidents. Figure 1 illustrates the data collection flow used in EDR systems,
showing how critical vehicle and driver information is gathered to determine the exact causes of accidents.
EDRs play a critical role in reconstructing accidents by recording parameters related to driver behavior and
vehicle dynamics, making them a key component in future intelligent transportation systems.

Sensors EDR Analysis

Figure 1. Data collection flow [3]

The application of EDRs in electric vehicles (EVs) has been actively explored in recent years. Prior
implementations typically employed microcontrollers such as the Atmega2560, interfaced with sensors
including GPS modules and electrical sensors (e.g., current and voltage detectors). These systems recorded
operational data to SD cards at temporal intervals ranging from 100 milliseconds to one minute [5]. Building
on these foundational systems, more advanced frameworks have been proposed to facilitate structured extract—
transform—load (ETL) pipelines for EV trajectory data, enabling improved analytics and visualization [6].

As the automotive industry moves toward greater automation, EDRs are evolving to support
autonomous driving capabilities. These advanced EDRs now enable automated data storage and facilitate access
to recorded data for key stakeholders, including insurance companies, automotive manufacturers, government
agencies, and researchers [7]. In parallel, deep learning has emerged as a transformative approach within the
field of intelligent transportation systems. Applications include driver-in-the-loop modeling for parameter
tuning [8], road condition monitoring using GPS and camera systems [9], battery degradation prediction [10],
and clustering-based behavioral modeling in connected and autonomous vehicle (CAV) networks based on
sensor-derived metrics such as brake pressure, throttle position, steering angle, and velocity [11].

Despite the temporal nature of vehicle and driver behavior data, many of these studies have not
leveraged sequence-based deep learning models such as recurrent neural networks (RNNSs), particularly long
short-term memory (LSTM) networks. LSTMs are especially well-suited for time-series due to their unique
architecture incorporating memory cells and gating mechanisms [12]. These capabilities have made LSTMs
widely successful in domains requiring sequential analysis, including visual learning behavior identification
[13], intrusion detection [14], [15], fraud detection [16], phishing recognition [17], medical diagnostics
[18]-[21], autonomous navigation [22], and context-aware systems [23]-[25].

In the specific domain of human activity recognition (HAR), LSTM networks and their hybrid
variants (often paired with convolutional neural networks (CNNs)) have enabled real-time classification
using accelerometer data sampled at 50 ms intervals via mobile devices [26]-[29]. However, most of these
studies utilize static batch sizes (e.g., batch size of 64 in [28]), overlooking recent findings that show
dynamic batch sizing can significantly enhance training efficiency and model performance [30]-[32].
Furthermore, these HAR models have rarely been adapted to the unique operational characteristics of electric
motorbikes, which differ notably from four-wheeled vehicles in terms of maneuverability, rider posture, and
electrical system behavior.

This paper addresses a pressing challenge in the field of intelligent transportation systems: the need
for a reliable, low-cost, real-time driver activity recognition system that can operate efficiently on resource-
constrained platforms, particularly electric motorbikes. While existing HAR solutions have made progress
using LSTM and CNN maodels on mobile or cloud platforms [26]-[29], they often rely on static batch sizes
and high-compute resources, making them ill-suited for embedded real-time deployment. Moreover, current
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HAR models are not tailored to the distinct characteristics of electric motorbikes, which differ from cars in

terms of maneuverability, rider posture, and electrical system dynamics.

To address these gaps, we propose the driver activity recognition system for electric motorbikes
(DARSEM), an embedded, end-to-end solution designed specifically for real-world two-wheeled EV.
DARSEM leverages an ESP32 microcontroller connected to multiple sensors and applies a lightweight
LSTM model trained using a novel multi-step batch size up (MSBU) strategy.

DARSEM introduces the following key innovations:

- MSBU: a dynamic batch size scheduling strategy that accelerates model convergence by incrementally
increasing batch size during training, achieving a 1.84x reduction in training time without loss in
accuracy.

- Sensor fusion: integration of multidimensional time-series data from a 3D accelerometer (ax, ay, and az),
speed sensor, voltage, current, and power metrics to comprehensively model motorbike dynamics.

- Temporal behavior modeling: application of LSTM architecture to capture temporal dependencies across
five critical driver behavior classes: driving forward, braking, idling, turning left, and turning right.

- Onboard real-time feasibility: an implementation pipeline using Arduino IDE and ESP32 hardware
suitable for low-cost, embedded deployment.

These contributions are substantiated through extensive experimentation, including ablation studies and

comparative evaluation with recent state-of-the-art approaches, as shown in Table 1.

Table 1. Comparative analysis of recent driver activity recognition systems and the proposed DARSEM

Driver activity recognition Adaptive eco-driving .
Feature/aspect WISDM (2020) [28] (2024) [33] identification (2024) [34] Proposed: DARSEM
Platform Smartphone-based Real vehicle environment Simulated driving ESP32 microcontroller
sensor logging with onboard cameras environment using unreal (embedded system)
engine 4
Sensor inputs  Accelerometer and Sequential image inputs Multivariate time-series data: 3D accelerometer (ax, ay,
gyroscope (3-axis) speed, throttle, steering, az), speed, voltage,
acceleration current, power (7 features
total)
Model LSTM-based deep TimeDistributed CNN + LSTM-based network with LSTM with MSBU
architecture learning LSTM adaptive modules technique
Recognition 6 activities: 9 activities: driving, Eco-driving behavior 5 motorbike activities:
capabilities walking, jogging, drinking, texting, smoking, identification drive, brake, stop, turn left,
sitting, standing, and talking. and turn right
upstairs, downstairs
Dataset Public dataset with Data from 35 participants 30 subjects, controlled 10 subjects, each
thousands of in real driving scenarios simulator setting performing each activity
samples from for 3 minutes
smartphones
Performance Accuracy: ~0.96; Accuracy: 88.7% Accuracy and F1-score not Accuracy and F1-score:
metrics F1-score: ~0.95 (daytime), 92.4% explicitly stated 0.9873 (segment size=75,
(nighttime); F1 up to 0.92 MSBU technique)
2. METHOD

This section outlines the end-to-end methodology used to develop DARSEM. The method
encompasses the design and integration of embedded hardware, sensor deployment, and data acquisition
processes tailored for electric motorbike operation. It also includes the strategies employed for data labeling,
preprocessing, and training a deep learning model. The main goal of this method is to systematically collect
high-quality time-series data, label it accurately, and use it to train an LSTM neural network to classify
different driving tasks. Each component in this pipeline as shown in Figure 2 plays a critical role in ensuring
the reliability and accuracy of the driving activity recognition system.

Data Data

Hardware Processing Performance

Acquisition

and Labeling and Analysis

Modeling

Architecture

Figure 2. Overall workflow of the DARSEM methodology, comprising four main components: hardware
architecture, data acquisition and labeling, data processing and modeling, and performance analysis
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2.1. Hardware architecture
2.1.1. System block diagram

DARSEM is built upon an ESP32-based embedded system integrated with a suite of sensors,
storage, and communication peripherals. The sensor suite includes an MPU6050 for capturing tri-axial
acceleration data, a GY-NEO6V2 GPS module for vehicle speed tracking, and a PZEMO017 module for
measuring battery voltage, current, and power. These sensor inputs represent the core signals needed to
model driver behavior in electric motorbike scenarios. To facilitate onboard data storage, an SD card module
is interfaced with the ESP32, allowing all sensor readings to be saved in CSV format. The embedded system
is fully programmed using the Arduino IDE. The overall configuration and schematic of the system are
presented in Figure 3, where Figure 3(a) illustrates the system configuration and Figure 3(b) depicts the
detailed schematic of the embedded EDR subsystem.
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Figure 3. Block diagram of the DARSEM,; (a) illustrating the embedded EDR and external computer system
and (b) schematic diagram of the EDR subsystem

Sensor data acquisition follows a modular design. The MPUG050 provides accelerometric readings;
the GY-NEOG6V2 reports real-time velocity via GPS; and the PZEMO017 transmits power metrics through an
RS485 serial communication interface to the ESP32. Additionally, joystick switch inputs are employed as
labels for driver activity classes, offering supervised annotations for training data. The ESP32
microcontroller orchestrates the entire data acquisition process including synchronizing sensor readings,
managing the storage protocol, and logging labeled data in real time.
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The computer system component of DARSEM handles the preprocessing, training, and evaluation
of the deep learning models. Raw sensor data stored on the SD card is transferred and parsed in CSV format.
In the preprocessing phase, the continuous sensor streams are segmented into data windows representing
time-series slices of driver behavior. These data segments are partitioned into training-validation and test
sets. Multiple LSTM-based neural network architectures are then designed and trained using these segmented
datasets. The experiments focus particularly on evaluating the influence of two critical hyperparameters:

- Batch size, which affects the frequency of weight updates during training.
- Segment (or window) size, which determines the temporal resolution of input sequences.

Model performance is assessed using standard classification metrics: accuracy, macro-averaged
precision, recall, and F1-score, as well as training time and inference latency. These metrics enable a
comprehensive evaluation of both effectiveness and efficiency across architectural and parameter
configurations. This modular system design, combined with robust temporal modeling using LSTM, enables
DARSEM to capture and classify subtle variations in electric motorbike driver behavior and offering a
foundation for intelligent mobility applications, forensic analysis, and safety-critical decision support.

2.1.2. Event data recorder deployment

The EDR system is physically integrated into the electric motorbike, with all components securely
housed within the under-seat trunk compartment, except for the PZEMO017 module, which is installed adjacent
to the battery to directly monitor load voltage and current. The hardware configuration is illustrated in Figure 4.
The electric motorbike operates on a 72 V battery system with a maximum current capacity of 38 A, powering a
2,000 W electric motor. The PZEMO17 sensor module is selected for its capacity to handle DC voltages up to
300 V and currents up to 100 A, making it suitable for monitoring high-power EV systems.

Figure 4. EDR component placement in the electric motorbike

The EDR system is powered via a 12 V line tapped from the vehicle’s ignition key switch, which is
subsequently stepped down to 5 V using a voltage regulator to supply the ESP32 and peripheral sensors. To
ensure continuous GPS tracking, the GY-NEO6V2 GPS module is powered independently via a portable power
bank, allowing it to maintain satellite acquisition even when the motorbike is switched off. This design choice
addresses the inherent delay in GPS satellite lock-on, which typically requires several minutes upon reactivation.

2.2. Labeling and data acquisition
2.2.1. Label generator

The labeling of activity data is conducted synchronously with sensor data acquisition, enabling the
system to generate supervised datasets in real time. This process is facilitated through the integration of a
push button and a joystick module, both of which are mounted on the motorbike’s steering handle, as
depicted in Figure 5. The push button (non-joystick) is used to signal subject transitions, such as when a new
driver assumes control of the motorbike, allowing for clear demarcation in the recorded dataset. The joystick
module itself consists of two analog potentiometers (X and Y axes) and an integrated push button, enabling
multi-directional input labeling.

These inputs are used to tag specific driving activities or behaviors (e.g., acceleration, braking, and
turning), thereby enriching the dataset with precise and interpretable ground truth labels. Sensor data
collection is carried out simultaneously with the labeling process. This labeling process is assisted with the
help of a push button component and a joystick module which is installed on the steering wheel of a
motorbike as shown in Figure 5. The non-joystick push button is used for labeling subject changes just before
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data collection begins. Meanwhile, the joystick module is a module consisting of a push button and two
potentiometers X and Y.

Joy Stick

Figure 5. Installation of the joystick module and push button on the motorbike steering system

2.2.2. Data acquisition

For driving task data collection in intelligent vehicle systems, acquisition of high-quality sensor data
is essential for training and evaluating machine learning models such as LSTM networks. In this study, data
collection was carried out by ten licensed participants, each performing five predefined driving tasks:
forward driving, braking, turning (left/right), and stopping. Each task was executed over a three-minute
interval under various terrain conditions—including inclines, descents, and flat roundabouts with a diameter
of approximately six meters—to capture diverse driving behaviors. The “forward” and “brake” labels were
obtained on hilly roads, “left” and “right” through continuous circular movement at roundabouts, and the
“stop” label when the vehicle remained stationary.

A custom-designed electronic circuit, integrated into the electric motor system, was employed for
data acquisition. An embedded program running on a microcontroller continuously collected signals from
multiple sensors, including accelerometers, GPS, voltage, current, power, and speed sensors. During each
task, participants were required to press a labeling button to mark their activity in real time. All sensor
readings and their corresponding activity labels were recorded and stored on an SD card for subsequent
analysis. The following formal pseudocode (Algorithm 1) outlines the systematic procedure for iterating
through all subjects and tasks, activating sensors, performing each driving maneuver, and logging data for
downstream use in model development.

Algorithm 1. Sensor-based driving task data collection using electric vehicle

for subject = 1 to 10 do
for each task in {Forward, Braking, Turning (Left/Right), Stopping (Idle) } do
(a) Activate sensors:
i. Initialize accelerometer, GPS, voltage, current, power, speed, and labeling
button.
(b) Perform driving task:
i. if task = Forward:
- If road is flat: accelerate to target speed and maintain.
- If road is uphill: increase throttle to maintain speed.
- If road is downhill: control descent to maintain safe speed.
- Continue forward driving actions for 3 minutes.
ii. if task = Braking:
- If road is flat: accelerate then apply brakes to stop.
- If road is uphill: drive forward then apply brakes to stop.
- If road is downhill: engage brakes to prevent overspeed, decelerate to
stop.
- Maintain stationary (stopped) state for 3 minutes.
iii. if task = Turning (Left/Right):
- Position on flat approach at moderate speed.
- Execute left or right turn maneuver.
- Repeat turning actions for 3 minutes.
iv. if task = Stopping (Idle):
- Bring vehicle to a complete stop.
- Idle (vehicle stationary) for 3 minutes.
v. if task = AdditionalTask:
- Execute the additional task-specific action.
- Repeat action for 3 minutes.

Bulletin of Electr Eng & Inf, Vol. 14, No. 5, October 2025: 3741-3755



Bulletin of Electr Eng & Inf ISSN: 2302-9285 a 3747

(c) Data logging:

i. Start recording sensor data
(accelerometer, GPS, voltage, current, power, speed, label).

ii. Execute the task for the full 3-minute duration while logging.
iii. Stop recording sensor data.

(d) Save logged data to SD card.

end for each task
end for each subject

2.3. Data processing and modeling
2.3.1. Data preprocessing

Before training the LSTM classification model, sensor data collected from all subjects must be
preprocessed. The preprocessing step involves aggregating raw data from the SD cards of all participants and
normalizing the feature values to a common scale using min-max normalization. This ensures that all input
features contribute proportionately during model training. The features to be normalized include accelerometer
readings (Ax, Ay, Az), voltage (V), current (1), power (P), and speed (v). The mathematical formulation of this
normalization process is defined in (1) , which rescales the feature values to the range [0,1]:

(X—X.min)
(X.max—X.min)

Xnew = (1)
where: X, is the array of data after normalization; X is the array of raw data features; X.min is the
minimum value in the data feature array; and X. max is the maximum value in the data feature array.

The complete data preprocessing pipeline, including aggregation, normalization, and output
formatting, is formalized in Algorithm 2.

Algorithm 2. Data preprocessing using min-max normalization

Input: Raw data files from SD cards of all subjects
Output: Normalized feature matrix X new

1. Initialize empty list All Data
2. for subject = 1 to 10 do
(a) Load data from SD card into variable Subject Data
(b) Append Subject Data to All Data
3. Concatenate All Data into a single dataset X raw
. Extract features: Ax, Ay, Az, V, I, P, v from X raw
5. for each feature in {Ax, Ay, Az, V, I, P, v} do
(a) Compute min val = min (feature)
(b) Compute max val = max (feature)
(c) Normalize feature using:
i. feature norm = (feature - min val) / (max val - min val)
6. Combine all normalized features into X new
7. Return X new

i

2.3.2. Model architecture, hyperparameters, and multi-step batch size

The preprocessed time-series dataset was used to train an LSTM-based classification model
implemented using the Keras—TensorFlow framework. This architecture was selected due to the sequential
and temporal nature of the input data, which is well-suited for RNN, particularly LSTM networks. LSTM is
capable of learning long-term dependencies in time-series data, making it an effective choice for recognizing
temporal patterns in driver behavior.

The model comprises several hyperparameters, including the number of LSTM units, dropout rate,
dense layer configuration, and importantly, batch size, which is explored extensively in this study. As the
classification task involves five distinct classes of driver activities, the model employs categorical cross-entropy
as the loss function and Adam as the optimizer. The performance metric tracked during training is accuracy.

The training pipeline incorporates a novel batch size strategy, namely MSBU, in addition to multi-
step batch size down (MSBD) and fixed batch sizes, to evaluate the impact of dynamic batch size
adjustments. Each training experiment is conducted for a total of 120 epochs, with 20 epochs per batch size
configuration in the dynamic strategies. The data split consists of 56% for training, 14% for validation, and
30% for testing. The training process is outlined in Algorithm 3.

Batch size, a critical hyperparameter in deep learning, governs how many samples are used to
compute a single gradient update. Its choice significantly influences training dynamics, convergence
behavior, and computational efficiency. Common batch size paradigms include:

- Stochastic gradient descent (SGD): batch size=1
- Mini-batch: batch size between 1 and the dataset size
- Full-batch: batch size=total dataset size
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Algorithm 3. LSTM-based classification model with batch size up evaluation

Input:

- X: Feature set with shape (samples, timesteps, features)

- y: One-hot encoded target labels

- batch sizes: List of batch sizes to evaluate = [32, 64, 128, 256, 512, 1024]
Output:

- history list: Training history for each batch size

1. Initialize an empty list history list
2. Create a Sequential model

a. Add LSTM layer with: (Units = 128, Input shape = (number of timesteps, number of

features in X))

b. Add Dropout layer with rate = 0.7

c. Add Dense layer with: (Units = 64, Activation = RelU)

d. Add Output Dense layer with: (Units = number of classes in y, Activation = Softmax)
3. Compile model with: (Loss = Categorical Crossentropy, Optimizer = Adam, Metric =

Accuracy)
4. For each batch size in batch sizes, do:
a. Train the model using: (Epochs = 20, Validation split = 20%, Current batch size)

b. Append training history to history list

SGD offers high flexibility in early training by frequently updating weights, although its loss curve
is often noisy. Conversely, larger batch sizes produce smoother loss curves but may require longer to escape
local minima. Mini-batch training strikes a balance, making it a widely adopted approach. In conventional
practice, static batch sizes, typically powers of two for GPU optimization, are used throughout training.
However, recent findings [29] highlight that dynamic batch sizing can yield performance gains by allowing
larger weight updates early in training and stabilizing convergence in later stages.

Building on this insight, our study introduces and evaluates three batch size strategies:

- MSBU: progressively increases batch size every 20 epochs across six steps: [32, 64, 128, 256, 512, 1024]
- MSBD: starts with a large batch and decreases every 20 epochs in reverse: [1024, 512, 256, 128, 64, 32]
- Static batch size (Bz): keeps batch size constant at z for the full 120 training epochs

This approach differs from prior work [29], which focused on CNNs in large-scale GPU
environments. Here, we apply dynamic batch sizing within a time-series classification context using LSTM
networks, and on a more constrained embedded system dataset. By maintaining a consistent epoch count
(120) across all experiments, we enable direct comparisons of classification performance and training
efficiency under varying batch size strategies.

2.4. Performance analysis

Following the training, validation, and testing phases of the LSTM-based classification model,
performance evaluation is conducted to assess the model's effectiveness in recognizing multiple driving
activities. The classification involves five distinct classes: forward, turn left, turn right, brake, and stop. To
ensure robust evaluation across all classes, particularly in the presence of class imbalance, standard multi-
class metrics are employed. These include balanced accuracy weighted, macro average precision, macro
average recall, and macro F1-score, as defined in (2)—(7) [35]:

K _TPrwg
3 k=1Totalrow
Balanced Accuracy Weighted = Tk 2
P TP
Precision, = ——~— (3)
TPr+FPg
.. ZK= Precision
Macro Average Precision = “fk 4
TP
Recall, = —~— ®)
TPr+FNy
2§=1Recauk
Macro Average Recall = R a— (6)
2-Macro Average Precision-Macro Average Recall
Macro F1 — score = g g @)

(Macro Average Precision+Macro Average Recall)
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where: TP, is true positive for class k; FP, is false positive for class k; FN, is false negative for class k;
wy, is frequency of the samples in the dataset; W is total number of samples in the dataset; and K is number
of classes (forward, turn left, turn right, brake, and stop).

The complete calculation of computing performance metrics, including balanced accuracy weighted,
macro precision, macro recall, and macro F1-score, is formalized in Algorithm 4.

Algorithm 4. Computing performance metrics

Input: Confusion matrix CM of shape (K, K), where K = 5 classes
Output: Balanced Accuracy Weighted, Macro Precision, Macro Recall, Macro Fl-Score

1. Initialize: total weight = 0, weighted accuracy sum = 0
2. Initialize: precision sum = 0, recall sum = 0
3. for k = 1 to K do

TPx « CM[k] [k]
FPx « sum(CM[:,k]) - TPx
FNx « sum(CM[k,:]) - TPx

Total rowx « sum(CM[k, :])

wx « Total rowx

total weight « total weight + wx

precisionk « TPx / (TPx + FPx)

recallx « TPx / (TPx + FNy)

weighted accuracy sum « weighted accuracy sum + (TPx * wx / Total rowx)
precision sum ~ precision sum + precisionx

recall sum « recall sum + recallx

. Balanced Accuracy Weighted ~ weighted accuracy sum / (K * total weight)

. Macro Precision « precision sum / K

. Macro Recall « recall sum / K

. Macro Fl1 « (2 * Macro Precision * Macro Recall) / (Macro Precision + Macro Recall)
Return Balanced Accuracy Weighted, Macro Precision, Macro Recall, Macro F1

AU P Q D QO QO

@ J o U

3. RESULTS AND DISCUSSION

This section presents and analyzes the outcomes of the experimental workflow described in
section 2. The discussion encompasses data acquisition, preprocessing, data segmentation for training and
testing, and the effects of varying batch sizes and segment lengths. Additionally, performance evaluations are
carried out using the metrics defined in (2)—(7).

3.1. Data collection and pre-processing

Figure 6 illustrates the time-series sensor data recorded from Subject-7, capturing three activity
classes and eight distinct measurements. Among these, the energy accumulation (E) data is included solely for
visualization purposes and is not used as a model feature. The stop and forward drive (drove) activities are not
depicted in this figure. In the stop activity, sensor readings, especially from the accelerometer, exhibit minimal
fluctuation, indicating the vehicle is stationary. Electrical parameters such as current (1), power (P), and motor
speed drop to near zero, while the voltage (V) remains constant. These characteristics serve as effective
indicators for the stop condition. In contrast, the forward driving activity is inferred through changes in
acceleration followed by braking sequences. An example can be seen when the motor is accelerated prior to
braking. During such events, increases in current and power values signal the onset of acceleration.

The left and right turning activities produce similar dynamic patterns across the same set of sensors,
making visual differentiation challenging. As shown in Figure 6, for instance, the (current, left) and (current,
right) plots display nearly identical signal shapes—any perceived differences are primarily due to differences
in axis scaling. On the other hand, the braking activity demonstrates clearer distinguishing features. For
instance, the braking phase begins after the vehicle accelerates to approximately 60 km/h. Braking reduces
the speed to around 20 km/h, followed by another acceleration phase. These transitions are clearly observable
through rising current and power values, indicative of motor activity.

Figure 7 provides an overview of sample distributions per subject and per activity. Each subject
performed every activity continuously for approximately three minutes. Given the embedded system's
effective sampling rate of 3.33 Hz, each activity yields approximately 600 samples per subject, as shown in
Figure 7(a). Aggregating data from all 10 subjects results in a dataset of approximately 6,000 samples, as
illustrated in Figure 7(b).

3.2. Data slicing for training and testing

The classification task involves five activity classes derived from time-series data. From the
preprocessing stage, a total of 30568 data points, each consisting of seven features, were transformed into
overlapping segments using sliding windows. These segments were constructed with time-steps n=25, 51, 75,
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and a stride of two time-steps. As a result, the respective segment shapes formed were (15272, 7, 25), (15259,
7, 51), and (15247, 7, 75). The dataset was subsequently split into training (56%), validation (14%), and

testing (30%) sets for model evaluation.
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Figure 6. Sensor data for three activities from subject-7 (the x-axis (ID) represents the sampling index, while

the y-axis shows normalized sensor values)
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3.3. Batch size

Two dynamic batch size scheduling techniques were evaluated: MSBU and MSBD. Figures 8 and 9
illustrate the training and validation loss and accuracy trends over 120 epochs for MSBU and MSBD,
respectively. In the MSBU method (Figure 8), where the batch size increases progressively from 32 to 1024,
the training loss rapidly decreases, and accuracy rises within the initial 20 epochs. This improvement
continues steadily as the batch size increases, demonstrating effective optimization. Conversely, the MSBD
method (Figure 9), which begins with a batch size of 1024 and decreases stepwise, shows limited
improvement in training performance during the initial epochs. Notable gains in accuracy only emerge once
the batch size reaches 512 or lower. Overall, MSBU consistently outperforms MSBD in both training and
validation accuracy across the 120-epoch run.

Training session's progress over iterations
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Figure 8. Training and validation performance for MSBU (batch size: 32 to 1024)
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Figure 9. Training and validation performance for MSBD (batch size: 32 to 1024)

Additionally, two static batch size configurations 32 and 1024 were tested as baselines. Performance
comparisons are summarized in Table 2. MSBU achieved the highest macro F1-score of 0.9873,
outperforming both MSBD and static batch experiments. Specifically, the F1-score improvements of MSBU
over MSBD and static (32, 1024) are 0.0377, 0.0069, and 0.2123, respectively.

Table 2. Performance metrics for various batch size configurations (total epochs=120)

Experiment A Macro average Macro average Macro average Total training Inference time
- ccuracy g :
batch sizes precision recall F1-score time (s) (ms)
MSBU 0.9873 0.9873 0.9873 0.9873 970 19
MSBD 0.9493 0.9502 0.9492 0.9496 988 20
3212 0.9803 0.9809 0.9805 0.9804 1786 20
102412 0.7786 0.8181 0.7796 0.7750 571 20

32y is the sizes of batches and epochs during the training are 32 and 20, respectively; MSBU is 322, 6420, 12829, 25640, 51250, and
1024,; and MSBD is 1024, 51220, 2560, 12850, 6420, and 32%.
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Training durations for MSBU and MSBD are similar; however, MSBU achieves comparable
accuracy to the static batch size of 32 while reducing training time by approximately 1.84 times. Notably,
inference time remains stable at ~20 ms across all configurations, as it depends more on model architecture
and segment size than on training batch size. Thus, MSBU is a favorable strategy for achieving both high
accuracy and reduced training overhead. Moreover, the MSBU method surpassed the HAR baseline in [27]
by a margin of 0.0253 in F1-score, reinforcing its effectiveness.

3.4. Impact of segment length (N time-steps)

The segment size, or time-step length N, functions as a critical hyperparameter in LSTM models for
capturing temporal dependencies. Table 3 presents the classification performance for segment sizes N=25,
51, and 75, where increasing N leads to consistently higher accuracy and F1-scores. As expected, longer
segments enhance the LSTM's memory of past events, which improves classification performance. However,
this also increases training and inference times. The optimal segment length must therefore balance
performance requirements and computational constraints.

Table 3. Performance metrics for varying segment lengths using MSBU

Experiment N step Accuracy Macro average Macro Macro average Total training  Inference
segment size precision average recall F1-score time(s) time (ms)
25 0.9603 0.9612 0.9596 0.9602 382 8
51 0.9760 0.9760 0.9757 0.9757 654 14
75 0.9873 0.9873 0.9873 0.9873 970 19

Confusion matrices for each segment length are depicted in Figure 10. These matrices highlight
classification tendencies and reveal that the most frequent misclassifications occur between left and right
turning activities. This observation aligns with the earlier analysis in Figure 6, where sensor signals for these
classes appeared highly similar. Error counts for segment lengths of 25, 51, and 75 are 126, 87, and 45
samples, respectively, indicating that larger segment lengths significantly reduce class confusion.
Figures 10(a) to (c) show the results of experiments with N of 25, 51, and 75 respectively.
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Figure 10. Confusion matrix for segment sizes; (a) 25, (b) 51, and (c) 75 with batch size from 32 to 1024
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The software for data acquisition on the ESP32 microcontroller was developed using the Arduino
IDE. Model training and evaluation were conducted on a machine equipped with an Intel i7-4720HQ
processor and 16 GB RAM, with GPU acceleration disabled. The experimental pipeline utilized the
following software libraries and frameworks: Keras, TensorFlow, Jupyter Notebook, Matplotlib, and Scikit-
learn, along with their supporting APIs.

4. CONCLUSION

This study successfully developed a driver activity recognition system for electric motorbikes using
a self-constructed dataset comprising data from 10 subjects. The dataset includes seven sensor features:
three-axis acceleration (ax, ay, and az), motor speed, voltage, current, and electric power, all recorded
through an embedded EDR system. The classification task targets five distinct driver activities and is
implemented using an LSTM neural network.

The impact of batch size scheduling and segment (window) length on model performance was
systematically investigated. Three batch size strategies including MSBU, MSBD, and fixed batch sizes were
evaluated. Results demonstrate that MSBU significantly accelerates training, achieving a 1.84x reduction in
training time compared to a fixed small batch size, while maintaining high classification performance.

Furthermore, experiments with varying segment lengths show that longer sequences lead to
improved recognition accuracy and F1-score. Specifically, a segment length of 75 time steps yielded the
highest performance, with both accuracy and macro F1-score reaching 0.9873. These findings highlight the
importance of dynamic batch sizing and appropriate temporal windowing in optimizing LSTM-based activity
recognition systems for electric motorbike applications.

Despite its effectiveness in enabling real-time data acquisition and activity recognition on embedded
platforms, DARSEM has several limitations. First, due to the computational constraints of the ESP32
microcontroller, model training cannot be conducted on-device, limiting the system to offline training and
pre-deployed inference only. Additionally, the data labeling process depends on manual input via buttons and
joystick controls, which introduces the possibility of human error and inconsistent timing during annotation.
The dataset itself, while collected from real driving scenarios, is limited in size and diversity, comprising
only ten participants and a specific set of terrain conditions, thus potentially affecting the generalizability of
the trained model. Furthermore, the system has been developed specifically for electric motorbikes, and its
applicability to other vehicle types may require significant hardware and software adaptation. These
limitations suggest avenues for future work, including more automated labeling mechanisms, broader data
collection efforts, and hardware-agnostic system designs to enhance scalability and performance.
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