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Purpose: In the broader context of sustainable micro-mobility, the operational efficiency and range
reliability of electric bikes (e-bikes) face significant challenges, especially when rider and terrain con-
ditions are unpredictable. This research introduces a smart, Al-based e-bike monitoring system that
leverages multi sensor data to address these limitations and also combines operational, biometric, and
topographic data in real-time to create a thorough foundation for improved vehicle intelligence.
Design/Methodology: Refined feature extraction and filtering approaches were therefore applied to
modify raw sensor inputs from a multimodal dataset that includes rider weight, instantaneous speed,
journey distance, battery discharge efficiency per kilometers and road inclination. Machine learning
models that predict the number of battery charges needed for particular distances under dynamic riding
situations were built on the basis of these processed data streams. Finally, the performance of these
models was assessed with the dual goals of optimizing battery energy management and improving
overall rider safety.

Findings: By combining CNN (convolutional neural network) - based pre-processing with real-time
sensor fusion, the use of trained regression approaches enhances battery state of charge (SOC) estima-
tion and charge-interval forecasting, which are essential for reducing range anxiety. Random Forest
achieved the highest SOC accuracy (R? = 0.9997, MAPE = 0.13%), while Linear Regression best
predicted charge intervals (R? = 0.9355, MAPE = 5.45%). These findings highlight the importance of
integrated sensing and machine learning in developing sustainable, next-generation energy efficient
electric bikes.

Originality: This study presents a novel architecture that integrates real-time biometric, operational,
and topographic data streams using a combined CNN preprocessing and regression framework specif-
ically tailored to e-bike vehicle intelligence and dynamic energy optimization.

Keywords: E-Bike Monitoring, Convolutional Neural Network, Battery State of Charge (SOC), Rider
Weight, Speed, Distance, Battery Discharge Efficiency Per kilometers.

1. Introduction

learning algorithms can then evaluate these complex relationships to gener-
ate accurate predictions regarding battery performance, energy consumption,
and remaining useful charge (L. Zhang et al., 2021). Furthermore, data prep-

The increasing demand for sustainable transportation options has led to the
growing popularity of electric vehicles (EVs), particularly electric bikes (e-
bikes), as an energy-efficient and environmentally beneficial mode of trans-
portation (Shyam et al., 2026). E-bikes not only offer affordable personal
transportation but also have the ability to drastically lower carbon emissions,
traffic jams, and dependency on fossil fuels (Li et al., 2021). However, bat-
tery performance continues to be one of the key factors affecting the depend-
ability, efficacy, and utility of e-bikes (Qian et al., 2024). In order to guaran-
tee operational effectiveness and increase user trust in electric transportation
systems, precise battery estimation of the State of Charge (SOC) and energy
consumption is essential (Gu et al., 2021; Y. Yang et al., 2018).

One of the biggest concerns of e-bike riders is range anxiety, or the uncer-
tainty about the battery's remaining capacity and the ability to complete a
trip without abrupt power loss (Bhosale and Chavan, 2026). In favor of sim-
ple measurements like voltage levels or remaining battery percentage, tradi-
tional battery monitoring systems often ignore dynamic factors like rider
characteristics, terrain conditions, speed fluctuations, and environmental in-
fluences. Therefore, in real-world operational conditions, these techniques
may result in inaccurate forecasts (Hieu and Lim, 2023). Combining data
from many sensors allows for the recording of operational, environmental,
and rider-related aspects that significantly affect battery behavior. Machine

aration techniques such as Convolutional Neural Networks (CNNs) have
demonstrated results in improving prediction accuracy and removing noise
from sensor data (Hieu and Lim, 2024).

Monitring and optimaization of Battery State of Charge (SOC) and Remain-
ing Useful Life (RUL) plays an important role to overcome the above men-
tioned issues. Various studies have been done to calculate SOC and RUL
using operational data, environmental factors, and route parameters (Burani
et al., 2022). While these approaches have demonstrated promising out-
comes, many of them just focus on battery health monitoring rather than sim-
ultaneously addressing rider safety and charge planning under dynamically
changing riding conditions. Furthermore, there hasn't been much focus on
combining rider biometric information and battery discharge efficiency into
a unified predictive framework.

The proposed method uses multimodal sensor data, including rider weight,
vehicle speed, journey distance, road incline, and battery discharge effi-
ciency per kilometer. CNN-based preprocessing is employed to enhance data
quality, while machine learning regression models are used to predict battery
charge requirements for certain travel distances under different operating sit-
uations. The developed system aims to improve battery State of Charge es-
timate, reduce range anxiety, optimize energy utilization, and improve rider
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safety, particularly on challenging terrain. The results demonstrate how ad-
vanced analytics and integrated sensing can be used to develop sustainable,
energy efficient.

1.1. Previous Work

The growing popularity of e-bikes and electric cars has increased research
interest in battery management, energy efficiency, and sustainable transpor-
tation systems. Prior studies have highlighted the financial and ecological
benefits of personal electric vehicles while emphasizing the importance of
efficient energy use and battery performance for enhancing consumer ac-
ceptability and operational dependability.

Recent studies have further emphasized the role of intelligent energy man-
agement in electric mobility. Data-driven and machine-learning-based ap-
proaches are increasingly being investigated because they can model com-
plex relationships between vehicle operating conditions and energy demand
without requiring complete analytical representations of the vehicle. Ensem-
ble learning has been applied to electric vehicle energy consumption predic-
tion using variables such as trip speed, distance, and road gradient, demon-
strating the potential of combining multiple vehicle and route-related factors
for improved prediction accuracy (Ullah et al., 2021). Similarly, machine-
learning approaches have been used to predict battery electric-vehicle driv-
ing range while incorporating a broader set of vehicle, battery, and traffic
related variables (Cui et al., 2025; Li et al., 2021). Real-world driving data
studies have also demonstrated that energy consumption prediction can sup-
port range estimation, route planning, and charging infrastructure decisions
(Huang et al., 2022; Tao et al., 2023; Wang et al., 2023).

State of Charge (SOC) estimation, Remaining Useful Life (RUL) prediction,
and cardiac health monitoring have all been the subject of extensive research
in recent years. Many data-driven approaches have been proposed to im-
prove battery reliability and operating efficiency (Rincén-Maya et al., 2025).
Machine learning algorithms have demonstrated great potential in predicting
battery deterioration, calculating battery life, and improving battery manage-
ment system performance (Bhosale and Chavan, 2026; Cui et al., 2025).
When compared to conventional estimation techniques, sophisticated pre-
diction models built on intelligent algorithms have demonstrated greater ac-
curacy and resilience.

The development of data-driven battery state estimation has progressed from
conventional machine-learning methods toward increasingly advanced deep-
learning and hybrid architectures. Reviews of machine-learning-based SOC
estimation have identified supervised learning, recurrent neural networks,
convolutional architectures, and hybrid approaches as important directions
for improving estimation under nonlinear operating conditions (Chen et al.,
2025). Deep-learning-based methods have also been investigated for extract-
ing temporal and nonlinear relationships directly from battery measure-
ments, reducing the dependence on manually defined battery models (Gu et
al., 2021; Hussain et al., 2025). More recent research has explored attention
mechanisms, transfer learning, and hybrid architectures to improve robust-
ness when battery operating conditions differ between training and testing
datasets (Yun et al., 2025).

Recent research has also focused on improving the practical robustness of
SOC estimation. Machine-learning models have been evaluated under vary-
ing temperatures and dynamic load profiles, showing that operating condi-
tions can strongly affect estimation performance (Gok et al., 2025; Qian et
al., 2024). Cross domain transfer learning approaches have been proposed to
reduce the dependence on large amounts of training data while maintaining
SOC estimation accuracy under different driving conditions (Zhao et al.,
2025). These developments indicate that accurate SOC estimation increas-
ingly requires models that can generalize across changing battery and oper-
ating conditions rather than relying only on fixed laboratory conditions.

Research on electric-vehicle energy prediction has increasingly incorporated
both static route information and dynamic vehicle operating variables. Deep-
neural-network approaches have been developed to combine route level and
segment level information for predicting energy consumption, indicating that
route characteristics and temporal driving conditions can provide comple-
mentary information for energy forecasting (Wang et al., 2024). Other stud-
ies have investigated machine-learning based driving-range prediction using
real-world operating information, demonstrating the importance of consid-
ering changing driving conditions when estimating available range (Chen et
al., 2025). More recently, data-driven range prognostics have combined pre-

dicted vehicle speed with machine-learning-based energy and power estima-
tion to obtain dynamic driving-range predictions (Zhang et al., 2021). Such
approaches demonstrate the increasing shift from simple distance-based
range estimation toward condition-aware energy prediction.

For electric bicycles specifically, experimental and modelling studies have
shown that rider mass, road grade, aerodynamic conditions, and other oper-
ating parameters influence the required power and electrical energy con-
sumption (Li et al., 2021; Ye et al., 2025). These findings are particularly
relevant to lightweight electric vehicles because relatively small changes in
rider load and terrain can alter the mechanical demand placed on the
drivetrain.

The development of algorithms that can forecast e-bike power consumption
based on route characteristics and operating circumstances has been the sub-
ject of several studies (Burani et al., 2022; Torres et al., 2024). Reducing
uncertainty during vehicle operation and lowering range anxiety among us-
ers depend on accurate range estimate models. Route profiles, travel dis-
tance, geography, and vehicle dynamics have all been found to have a sub-
stantial impact on energy needs and battery usage (Bassolas et al., 2025; X.
Zhang et al., 2026).

Energy consumption and battery discharge rates have been discovered to be
influenced by a number of factors, including rider behavior, vehicle speed,
road inclination, structural features, and ambient conditions. Predictive en-
ergy management systems should take surface features and rolling resistance
into account because they have a significant impact on cycling efficiency and
total energy consumption (Pathmanaban et al., 2024; Z. Yang et al., 2026).

Data-driven models have been effectively used to evaluate battery perfor-
mance, forecast energy usage, and enhance operational planning. By record-
ing dynamic information about vehicle operation and environmental circum-
stances, real-time sensor integration has further improved forecast accuracy.
Artificial intelligence methods have also been applied to enhance charging
safety and detect any battery-related hazards prior to malfunctions.

Recent studies demonstrate a progression from conventional machine-learn-
ing methods toward ensemble and deep-learning-based approaches for bat-
tery state estimation and electric-vehicle energy prediction. Conventional re-
gression models provide simple and interpretable relationships, whereas en-
semble methods such as Random Forest and Gradient Boosting can capture
more complex nonlinear relationships among battery and vehicle operating
parameters (Ye etal., 2025; J. Zhang et al., 2024). Deep-learning approaches,
including recurrent and hybrid architectures, have further improved the abil-
ity to learn temporal and nonlinear patterns from battery measurements (Yun
et al., 2025). More recent studies have investigated machine-learning-based
SOC estimation under dynamic operating and temperature conditions,
demonstrating the importance of model robustness and generalization (Gok
et al., 2025; Hussain et al., 2025). Transfer-learning and data-fusion ap-
proaches have also been explored to improve battery-state prediction when
operating conditions or available training data vary (Zhao et al., 2025; Wang
et al., 2025). Recent 2026 research has further emphasized adaptive and in-
telligent approaches for multi-sensor battery-state estimation (Bhosale &
Chavan, 2026; Shah et al., 2026). However, these approaches predominantly
focus on individual battery-state estimation, vehicle energy prediction, or
specific operating conditions, while comparatively limited attention has been
given to integrating rider related parameters, route characteristics, sensor de-
rived features, SOC estimation, and charge-interval prediction within a uni-
fied e-bike framework.

The integration of multimodal sensor data, route characteristics, rider-related
metrics, rider safety evaluation, and battery charge prediction into a unified
framework has received little attention . Additionally, not enough research
has been done on how sensor fusion, deep learning based preprocessing, and
machine learning regression can be used to simultaneously improve SOC
estimate, lower range anxiety, optimize energy usage, and improve rider
safety. To overcome these obstacles and aid in the creation of next-genera-
tion intelligent e-bike, predictive energy and safety optimization framework
is needed.

2. Methodology

This section presents the complete methodology (see Fig.2) adopted for de-
signing and validating the intelligent e-bike monitoring system. The overall
pipeline is organized into five sequential stages: dataset acquisition and pro-
filing, signal pre-processing and feature engineering, CNN-based feature ex-
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Fig.1 - 1-D CNN architecture for e-bikes SOC and energy estimation

traction, machine learning model development, and performance evaluation.
Fig.1 illustrates the proposed CNN-LSTM hybrid architecture, which serves
as the foundation for the deep learning component of this study.

2.1. Dataset Acquisition and Description

A variety of rider anthropometrics, terrain slopes, journey distances, and
real-time sensor measurements were included in the multimodal dataset uti-
lized in this study to simulate realistic e-bike operating scenarios. Table 1
summarizes the eight variables and 200 samples that make up the dataset.

Table 1 - Dataset feature, ranges, and statistical summary.

The operational, biometric, and topographic features mentioned in the ab-
stract are all captured by these features taken together.

The raw measurements were used to construct two regression objectives. The
dataset's primary aim, Battery State of Charge (SOC%), was used directly.
By dividing the observed energy consumption by the available charge ca-
pacity, which was calculated as the product of a fixed battery capacity of 500
Wh and the remaining SOC portion, the secondary target which represents
the number of battery charges required was determined. The goal of fore-
casting charge intervals under dynamic riding situations is in line with this
derivation.

Feature Unit Min Mean Max Std. Dev. P- values
Rider Weight kg 50.00 84.48 120.0 20.33 <0.001
Distance km 0.03 0.11 0.20 0.05 <0.001
Battery SOC % 70.00 85.45 100.0 8.97 <0.001
Max Speed km/h 12.00 20.11 28.00 4.64 <0.001
Road Slope Degree (°) -3.00 7.28 18.00 6.15 <0.001
Battery Energy Consumed Wh 5.60 162.40 326.6 103.69 <0.001
Discharge Efficiency Wh/km 0.18 1.26 1.87 0.53 <0.001
Voltage Drop \% 0.28 8.12 16.33 5.18 <0.001
Existing E-Bike Prototype
DATA COLLECTION
] ¥ 12 ¥

7 7 }
[ Rider Weight ] [DistanceTraveIled] [ Bgﬁ:gesg&gf ] [Maximum Speed ] [ Road Slope ] [Energy Consumed] [Dlscharge Efficiency

& Voltage Drop

SIGNAL PREPROCESSING

v Data Cleaning v Missing Value Handling v Butterworth Filtering v Feature Normalization

CNN FEATURE EXTRACTION

MACHINE LEARNING MODELS

v Linear Regression v" Support Vector Regression (SVR) v"Random Forest v Gradient Boosting v BILSTM v CNN-LSTM

ENERGY PREDICTION MODULE

v’ State of Charge (SOC) Estimation v* Charge Requirement Forecasting

SAFETY OPTIMIZATION MODULE
v Terrain Risk Assessment v* Rider Alerts v Energy Management Recommendations

v Accurate Battery Monitoring v Charging Recommendations v Improved Rider Safety v Reduced Range Anxiety

Fig.2 - Methodology flowchart for data-driven e-bike energy prediction and safety optimization.

2.2. Signal Pre-Processing and Feature Engineering

Vibration, electromagnetic interference, and sensor drift all contribute to
measurement noise in raw sensor outputs. Five sensor signals rider weight,
maximum speed, road slope, battery energy consumption, and voltage drop
were separately subjected to a fourth-order Butterworth low pass filter in
order to lessen these artifacts. The Butterworth filter was chosen because to
its maximum flat passband response, which attenuates high-frequency noise
components while maintaining signal integrity. The transfer function of the
Butterworth filter is expressed as.

P L
2N

(2

Qc
where N = 4 represents the filter order, H(jQ) represents the Butterworth
filter frequency response, (j) is the imaginary unit, Q represents the angular
frequency of the input signals and Qc denotes the normalized cut-off fre-
quency, which was set to 0.3 of the Nyquist frequency to balance the reten-
tion of the significant fluctuations found in the sensor signals with the reduc-

tion of noise. Because the recorded e-bike metrics, including rider weight,
speed, road slope, energy consumption, and voltage drop, mostly contain

f(i9)

O]
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low-frequency variations linked to changes in riding conditions, a relatively
low cutoff was chosen. Unwanted disturbances such as vibration and meas-
urement noise are more likely to be represented by high frequency compo-
nents. Therefore, the filter can reduce high frequency noise while maintain-
ing the dominating signal features needed for further feature engineering and
machine-learning analysis by adopting a cutoft of 0.3 of the Nyquist fre-
quency. A zero-phase forward-backward filtering implementation was em-
ployed to eliminate phase distortion, as illustrated in Fig.3. Following signal
filtering, two domain-specific engineered features were constructed to im-
prove the predictive capability of the proposed framework.

a) Power Load Index (PLI)

The product of filtered rider weight and absolute road slope, representing the
combined mechanical load imposed on the drivetrain and battery. It was cal-
culated as:

PLI=W, x |S| )

where Sf is the filtered road slope in degrees, and WT is the filtered rider
weight in kilograms. The magnitude of the terrain related load is influenced
by both uphill and downhill grades because the absolute value of the road
slope was utilised. Sf was clipped to a minimal value of 0.1 in order to pre-
vent an unduly small slope value. The implemented relation can therefore be
stated as:

PLI=W, x max(|S;], 0.1) 3)

A higher PLI denotes a mix of steeper topography and more rider mass, in-
dicating increased mechanical loading conditions that could affect battery
energy consumption and drivetrain effort.

b) Speed-Efficiency Ratio (SER)

The ratio of instantaneous vehicle speed to battery discharge efficiency per
kilometre, representing the trade-off between travelling speed and energy
consumption. It was calculated as:

SER= V. ©)]
Ny

Where nd is the discharge efficiency in watt-hours per kilometre (Wh/km)
and V is the instantaneous speed in kilometres per hour (kph). A lower SER
denotes comparatively higher energy consumption for a particular travel
speed, whereas a higher SER shows that the e-bike is moving faster in rela-
tion to its energy expenditure per kilometre. As a result, SER offers an extra
illustration of the connection between vehicle speed and energy efficiency
and can help machine-learning algorithms identify trends related to battery
SOC and energy use. The final feature matrix consists of eight input features,
as summarized in Table 2.

2.3. CNN-Based Feature Extraction

A one-dimensional Convolutional Neural Network (1-D CNN) was em-
ployed to learn higher-level representations from the pre-processed sensor
data. The network takes the four-element conditioned sensor vector, com-
prising filtered rider mass, trip distance, speed and filtered road gradient, ar-
ranged as a sequence of shape 8 x 1. It consists of two convolutional blocks,
each using a kernel of size 3 with Rectified Linear Unit (ReLU) activation
and same padding, and each followed by a Layer Normalization operation.
The first block applies 16 filters and the second 32. The convolutional output
is flattened and passed to a fully connected Dense layer of 16 neurons with
ReLU activation, followed by a Dropout layer with a rate of 0.2 and a single
linear output neuron.

The activations of the 16-neuron Dense layer constitute the learned feature
representation. These features are used in two ways. The complete network
is trained end to end as a regressor, and separately the 16-dimensional acti-
vations are extracted and supplied to a Random Forest estimator. The second
configuration is the operational form of CNN-based pre-processing, in which
the convolutional layers act as a learned filter bank ahead of a downstream
estimator. Both configurations are reported in Section 4.

Layer Normalization was selected in preference to Batch Normalization.
Batch Normalization standardises activations using statistics computed
across each mini-batch, which assumes that a batch is representative of the
training distribution. That assumption does not hold here: the observations
are sequentially autocorrelated within ride segments, so a batch of 16 sam-
ples drawn from 194 frequently contains near-duplicate rows from a single

narrow region of the feature space. The resulting batch statistics diverge from
the running averages substituted at inference, and in preliminary trials this
produced an across-seed standard deviation in the coefficient of determina-
tion of up to 1.83. Layer Normalization standardises across the feature di-
mension within each individual sample and therefore carries no dependence
on batch composition. It reduced the across-seed standard deviation to
0.0145 on state-of-charge estimation and gave the higher mean score on both
prediction targets.

A Flatten layer was used rather than Global Average Pooling. The four po-
sitions along the convolutional axis correspond to distinct sensor channels
rather than to time steps, so pooling across that axis would average away
channel identity. Substituting Global Average Pooling reduced out-of-fold
energy prediction from R2 = 0.556 to R2 =—0.046 in preliminary trials, con-
firming that the distinction matters for tabular sensor input.

The network contains 5,857 parameters, all of them trainable. The parameter
configuration of the 1-D CNN is summarized in Table 3. Training used the
Adam optimiser with a learning rate of le-3, mean squared error loss, a batch
size of 16, and early stopping on a 15 per cent validation split with a patience
of 20 epochs and restoration of the best weights. Python, NumPy and Ten-
sorFlow random seeds were fixed, and reported neural results are averaged
across multiple seeds with the standard deviation stated. The complete archi-
tecture is illustrated in Fig.1.

2.4. Machine Learning Model Development

To provide a comprehensive comparative evaluation, seven regression mod-
els representing both conventional machine learning and deep learning par-
adigms were implemented for the prediction tasks.

2.4.1. Classical Machine Learning Models:

Four classical machine learning regression algorithms were selected as base-
line models.

a) Linear Regression (LR)

Ordinary Least Squares regression was employed as a simple linear baseline
for comparison. The linear regression model formally expressed as follows:

Y =B, +BX, +B,X, o +B.X, te (%)

where X1 to Xa represents the independent variable, ¢ is the error term, Bo is
the intercept, and i to Bn is the regression coefficient.

b) Support Vector Regression (SVR)

A Radial Basis Function (RBF) kernel was utilized with a regularization pa-
rameter of C = 10 and € = 0.1 to capture nonlinear relationships between the
input features and prediction targets. The regression model can be formulated
as presented in the following equation:

Y= 0'0()+b Q)

where y represents the predicted output, ®\omega denotes the weight vector,
o" represents the transpose of the weight vector, () denotes the nonlinear
feature mapping of the input vector y represents the input feature vector, and
b represents the bias (intercept) term of the model.

¢) Random Forest (RF):

A Random Forest regressor consisting of 100 decision trees with bootstrap
aggregation was implemented to achieve robust prediction through variance
reduction and implicit feature selection. The random forest model formally
expressed as follows:

K

GRF(x) = %szIh(x, 0,) )

where K denotes the number of trees in the forest, h(x , 6x) represents the
prediction of the k™ regression tree for the input vector (x), and Ok represents
the random vector associated with that tree.

d) Gradient Boosting (GB)

Gradient Boosting regression employing 200 weak learners was imple-
mented to iteratively minimize prediction residuals and improve overall re-
gression performance. The Gradient Boosting model formally expressed as
follows:
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Table 2 - Final feature set used for model training.

No. Feature Source Type
1 Rider Weight (Filtered) Load Cell Raw / Filtered
2 Distance (km) GPS Module Raw
3 Max Speed (km/h) Wheel Speed Sensor Raw
4 Road Slope (Filtered) Inertial Measuremnet Unit (IMU) Raw / Filtered
5 Energy Consumed (Filtered) Voltage + Current Measurement Raw / Filtered
6 Voltage Drop (Filtered) Voltage Sensor Raw / Filtered
7 Power Load Index Wi x Sy Engineered
8 Speed-Efficiency Ratio V/ng Engineered
Rider Weight (kg) Max Speed (kph)
120 Baw Raw
110 | — fittered s — Filtered
25.0
100
%0 25
80 20.0
7 17.5
60 15.0
50 12.5
0 25 50 75 100 125 150 175 200 0 25 50 s 100 125 150 175 200
Sample Index Sample Index
Slope (°) Energy Consumed (Wh)
Raw Raw
—— fFiltered 300 —— fFiltered
15
250
10 200
150
%
100
0 50
0
0 25 50 75 100 125 150 175 200 [ 25 50 75 100 125 150 175 200
Sample Index Sample Index
Voltage Drop (V)
Raw
15.0 ~—— Filtered
125
10.0
75
5.0
25
0.0
0 25 50 75 100 125 150 175 200
Sample Index
Fig.3 - Butterworth low-pass filter applied to raw sensor signals
_ M 32 neurons using ReLU activation, a Dropout layer with a dropout rate of
E,(x) =F (x) + et Pl (x) ®) g P! ! p

where Fu (x) represents the final prediction of the Gradient Boosting model
after M boosting iterations, Fo(x) denotes the initial model prediction, pm
represents the step size or weight assigned to the m-th regression tree, hm(x)
denotes the prediction generated by the m-th regression tree, x represents the
input feature vector, and M denotes the total number of boosting iterations.

2.4.2. Deep Learning Models:

Three deep learning architectures were investigated in this study. For all deep
learning models, the eight input features were reshaped into a three dimen-
sional tensor of size (Samples, 8, 1) to ensure compatibility with one-dimen-
sional convolutional and recurrent neural network layers.

a) 1-D CNN Regressor

The network consists of three Conv1D layers with 32, 64, and 128 filters,
respectively. Each convolution layer uses a kernel size of 3 with ReLU acti-
vation and same padding. The convolution blocks are followed by Batch
Normalization, Global Average Pooling, a Dense layer with 64 neurons, a
Dropout layer with a dropout rate of 0.3, and a final linear output neuron.

b) Bidirectional LSTM (BiLSTM)

The BiLSTM architecture consists of two stacked Bidirectional LSTM lay-
ers containing 64 and 32 units, respectively, followed by a Dense layer with

0.3, and a single linear output neuron.
c¢) CNN-LSTM Hybrid

The proposed hybrid architecture combines two Conv1D layers containing
64 and 128 filters with two LSTM layers consisting of 64 and 32 units. These
layers are followed by a Dense layer with 32 ReLU neurons, a Dropout layer
with a dropout rate of 0.3, and a final linear regression output layer. This
architecture combines the local feature extraction capability of CNNs with
the sequential learning capability of LSTM networks, forming the primary
prediction model proposed in this research. All deep learning models were
implemented using the Adam optimizer. The CNN and BiLSTM models
were trained using a learning rate of 1 x 10-3, whereas the CNN-LSTM
hybrid model employed a learning rate of 5x10—4 to improve training stabil-
ity during joint feature learning. Mean Squared Error (MSE) was selected as
the loss function during model training. All deep learning models were
trained for a maximum of 200 epochs using a batch size of 16 and a valida-
tion split of 15%. To prevent overfitting and improve convergence, two
callback strategies were employed: Early Stopping with a patience of 15
epochs while restoring the best model weights, and Reduce LROnPlateau
with a reduction factor of 0.5 and a patience of 7 epochs. The comparative
performance of all developed machine learning and deep learning models is
illustrated in Fig.4, whereas the training and validation learning curves of the
proposed CNN-LSTM model are shown in Fig.5.
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Fig.5 - Training and validation loss and MAE curves for the CNN-LSTM hybrid model.

2.5. Development Data Partitioning and Normalization

The complete dataset was divided into a training set (80%, 160 samples) and
a testing set (20%, 40 samples) using random splitting with a fixed random
seed to ensure reproducibility of the experimental results. Before model
training, all input features were independently normalized to the range of [0,
1] using Min-Max normalization. The normalization parameters were com-
puted only from the training dataset and subsequently applied to the testing
dataset to prevent data leakage. Similarly, the target variables were also nor-
malized prior to training the deep learning models. After prediction, the es-
timated outputs were transformed back to their original physical units using
inverse Min-Max scaling, allowing all evaluation metrics to be reported in
meaningful real-world units.

2.6. Evaluation Protocol

The prediction performance of all regression models was evaluated using
four widely adopted regression performance metrics.

a)

Measures the average prediction error while assigning a higher penalty to
larger deviations, making it sensitive to outliers. Mathematically it is ex-
pressed as :

Root Mean Squared Error (RMSE)

RMSE = )
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Fig.6 - Actual vs predicted SOC values for the CNN-LSTM model.

Where n is the total number of observations, y; is the actual value, §; is the
predicted value, and i denotes the i-th observation.

Table 3 - Architecture and training configuration.

Layer Output Shape Parameter
Input @8, 0

Conv1D — 16 filters , k=3, ReLU (8, 16) 64

Layer Normalization 8,16) 32
Conv1D — 32 filters , k=3 , ReLU (8,32) 1,568
Layer Normalization (8,32) 64

Flatten (256) 0

Dense 16, ReLU (16) 4,112
Dropout 0.2 (16) 0

b) Mean Absolute Error (MAE)

Represents the average magnitude of prediction error in the original meas-
urement units. Mathematically it is expressed as :

1\ N
MAE - Hz\ ¥ -9,
n )55

(10

Where n is the total number of observations, y; is the actual value, §; is the
predicted value, and i denotes the i-th observation.

¢) Coefficient of Determination (R2)

Indicates the proportion of variance explained by the prediction model,
where a value closer to one represents better prediction performance. Math-
ematically it is expressed as :

R =1- Z?l(yx 'yi)i
Z:l(yl -yi)

Where y; is the actual value, ¥; is the predicted value, y; is the mean of the
actual values, and n is the total number of observation.

n)

d) Mean Absolute Percentage Error (MAPE)

Expresses prediction error as a percentage of the true value, enabling com-
parison across different prediction tasks. Mathematically it is expressed as :

MAPE = [@jzu (12)
nJisr oy

where n is the total number of observations, y; is the actual value, §; is the
predicted value, and ii denotes the i-th observation. In addition to the hold-
out testing strategy, five-fold cross-validation (K = 5) was performed on the
best performing classical machine learning model, namely the Random For-
est regressor, to evaluate the robustness and generalization capability of the
roposed framework.

3. Experiment and Results

This section presents the quantitative results of the two regression tasks,
namely Battery State of Charge (SOC) estimation and Charge-Interval Fore-
casting, using all seven implemented regression models. The reported results
are obtained from the held-out test set consisting of 40 samples. Furthermore,
a five-fold cross-validation analysis is performed on the best-performing
classical machine learning model to evaluate its robustness and generaliza-
tion capability.

3.1. Exploratory Analysis Findings

Preliminary exploratory data analysis revealed several important character-
istics of the proposed multimodal dataset, as illustrated in Fig.10. The Pear-
son correlation matrix indicated a strong positive correlation between battery
energy consumption and voltage drop (r = 0.98), as well as between road
slope and energy consumption (r = 0.81). These observations suggest that
terrain gradient plays a significant role in battery depletion during e-bike op-
eration. A moderately strong positive correlation (r = 0.61) was also ob-
served between rider weight and energy consumption. Furthermore, Battery
State of Charge (SOC) exhibited strong negative correlations with battery
energy consumption (r =—0.89) and voltage drop (r = —0.87), which is con-
sistent with the discharge characteristics of lithium-ion batteries.
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Fig.8 - Battery SOC sensitivity under different riding conditions (slope, speed, terrain).

Feature importance analysis was performed using the Random Forest model
trained on the complete dataset. As illustrated in Fig.7, filtered battery en-
ergy consumption, voltage drop, and the Speed-Efficiency Ratio were iden-
tified as the three most influential features for Battery SOC prediction. The
next most important predictors were road slope and the engineered Power
Load Index, demonstrating the value of terrain aware feature engineering.
Battery SOC steadily declines as road inclination rises, as seen by the terrain
stratification analysis shown in Fig.8. On downhill routes, the median SOC
was around 96%; on moderate road grades (5-10¢), it was 84%; and on se-
vere inclines (10-18°), it was almost 77%. These results show that the sug-
gested intelligent monitoring system can enhance rider safety and battery
management in difficult riding circumstances.

3.2. Task 1: Battery State of Charge (SOC) Estimation

The prediction performance of all seven regression models for the Battery
State of Charge (SOC) estimation task is summarized in Table 4. Among all
evaluated models, the Random Forest regressor achieved the highest overall
prediction accuracy with an RMSE of 0.1404%, an MAE of 0.1123%, an R?
value of 0.9997, and a MAPE of only 0.13%. These results demonstrate the
effectiveness of ensemble learning for modeling nonlinear relationships
among the engineered sensor features. Linear Regression and Gradient
Boosting also produced highly competitive performance, achieving R? val-
ues of 0.9992 and 0.9994, respectively. This observation suggests that the
Battery SOC target exhibits strong linear characteristics after the proposed
preprocessing and feature engineering stages. Among the deep learning ap-
proaches, the Bidirectional LSTM (BiLSTM) model achieved the best per-
formance with an R? value of 0.9819 and a MAPE of 0.98%, indicating that
sequential modeling can effectively capture temporal dependencies within
the sensor measurements. In contrast, the standalone CNN model achieved
only moderate prediction accuracy with an R? value of 0.6939.

The proposed CNN-LSTM hybrid model produced the lowest performance
with a negative coefficient of determination (R? = —2.887), indicating severe

overfitting on the relatively small dataset consisting of only 200 samples.
Such behavior is commonly observed in parameter-intensive hybrid deep
learning architectures when sufficient training data are unavailable. For fur-
ther diagnostic analysis, Fig.6 presents the comparison between the actual
and predicted Battery SOC values generated by the CNN-LSTM model,
whereas the corresponding residual distribution is illustrated in Fig.9.

3.3. Task 2: Charge-Interval Forecasting

The prediction performance of all implemented regression models for the
Charge-Interval Forecasting task is presented in Table 5. Among all evalu-
ated models, Linear Regression achieved the best overall performance with
an RMSE of 0.1294 charges, an MAE of 0.0960 charges, an R? value of
0.9355, and a MAPE of 5.45%. These results indicate that the required num-
ber of battery charges is predominantly governed by near-linear relationships
between travelling distance, energy consumption, and the engineered input
features. Random Forest ranked second with an R? value of 0.5040 and a
MAPE of 7.52%, while Support Vector Regression (SVR) achieved a mod-
erate prediction accuracy with an R? value of 0.4120. Although ensemble
learning methods produced acceptable prediction performance, they were
unable to outperform the simple linear model for this regression task. Among
the deep learning approaches, all three architectures demonstrated relatively
poor prediction performance. The Bidirectional LSTM achieved an R? value
of only 0.0754, whereas both the CNN and CNN-LSTM hybrid models pro-
duced negative coefficients of determination, indicating poor generalization
on the testing dataset.

The standalone CNN model obtained an R? value of —4.829, while the CNN-
LSTM hybrid achieved an R? value of —2.230. This behavior suggests that
the derived charge-forecasting target contains higher variability and moder-
ate noise, making it difficult for parameter-rich deep learning architectures
to learn effectively from a dataset containing only 200 samples. The learning
curves of the CNN-LSTM hybrid model are illustrated in Fig.5. The figure

MNS-UET, Multan

72



Frontiers in Engineering, Science & Management 1 (1) 2026 65-77

shows that validation loss begins to diverge from the training loss after ap-
proximately 30 epochs, indicating clear signs of overfitting despite the ap-
plication of Early Stopping and learning-rate scheduling techniques.

3.4. Cross-Validation Analysis

The Random Forest regressor, the top performing classical machine learning
model, was put through five-fold cross-validation using the entire dataset in
order to further assess the robustness and generalization potential of the sug-
gested framework. Table 6 and Fig.11 provides a summary of the acquired
results. With a mean R? value of 0.9951 and a standard deviation of just
+0.0043, the battery SOC estimate model showed exceptional stability over
all five folds. The Random Forest model and the suggested feature engineer-
ing technique both successfully generalize outside of the training partition,
as seen by the consistently high prediction accuracy. The Random Forest
model produced a mean R? score of 0.6514 with a standard deviation of
+0.1395 for the Charge-Interval Forecasting task. Because the charge-fore-
casting target was formed from numerous operational factors and showed
relatively stronger nonlinear behavior, more variation was seen across dif-
ferent folds even if the prediction accuracy remained good. Overall, the
cross-validation findings show that the suggested machine learning architec-
ture maintains significant generalization potential while offering consistent
and dependable prediction performance for both regression tasks.

3.5. Signal Filtering Effectiveness

The filtered sensor signals depicted in Fig. 3 were analyzed in order to assess
the efficacy of the suggested signal preprocessing stage. By applying the
fourth-order Butterworth low pass filter, the overall properties of the original
signals were preserved but the high frequency measurement noise brought
on by vibration, electromagnetic interference, and sensor drift was greatly
reduced. After filtering, battery energy consumption and voltage drop
showed the most pronounced improvements among all assessed metrics. The
ensuing machine learning models had clearer input characteristics thanks to
the smoothed signal trajectories, which enhanced prediction stability. Signal
preprocessing effectively improved the signal to noise ratio of the sensor
readings, as feature importance analysis further showed that the filtered var-
iables consistently ranked among the most influential predictors for Battery
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SOC prediction. As a result, better battery monitoring, better energy man-
agement, and increased prediction reliability under dynamic riding situations
were all made possible by the suggested preprocessing framework.

4. Discussion

The experiment's findings provide several important insights that are perti-
nent to the design of intelligent e-bike monitoring systems and, more
broadly, to applied machine learning in resource-constrained embedded
sensing environments.

4.1. Classical Models Outperform Deep Learning on Small Da-

tasets

The most notable observation is the systematic advantage of conventional
machine learning models particularly Random Forest for SOC estimate and
Linear Regression for charge-interval forecasting over deep learning archi-
tectures across both challenges. This outcome is not unusual. In order to pre-
vent overfitting, deep learning models particularly hybrid CNN-LSTM ar-
chitectures need proportionally huge datasets because they include tens of
thousands of learnable parameters. The neural models memorize training ex-
amples instead of learning generalizable representations because the param-
eter to sample ratio is so unfavorable with only 200 samples. The only ex-
ception was the Bidirectional LSTM, which achieved a reasonable R? of
0.9819 on SOC estimation. This is because it has fewer parameters than the
hybrid model and has a recurrent inductive bias for sequential sensor data.
This implies that for small sample time series regression in this field, recur-
rent architectures would be more appropriate than convolutional recurrent
hybrids. As shown in comparable EV battery modeling research, deep learn-
ing models are anticipated to outperform classical baselines for future de-
ployments with greater datasets achievable through real-world data record-
ing from instrumented fleets. The current system is purposefully designed to
allow for model substitution without requiring modifications to the pre-pro-
cessing or assessment pipeline.

® SOC residuals
@ Charge residuals
-- Zero-residual reference

SOC - Residuals vs Fitted

7.7
Predicted SOC (%)

Charges - Residuals vs Fitted

1225 1.250 1275 1.300 1325 1.350

Predicted Charges

1375 1.400 1425

Fig.9 - Residual analysis of the CNN-LSTM hybrid model for SOC and charge forecasting.
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Fig.10 - Exploratory data analysis including correlation matrix and distributions.

Table 4 - Performance comparison for battery SOC estimation.

Model RMSE (%) MAE (%) R2 MAPE (%)
Linear Regression 0.2203 0.1814 0.9992 0.21
SVR 2.1378 2.0290 0.9286 241
Random Forest 0.1404 0.1123 0.9997 0.13
Gradient Boosting 0.1926 0.1585 0.9994 0.19
CNN 4.4270 3.7890 0.6939 423
BiLSTM 1.0772 0.8229 0.9819 0.98

Table 5 - Performance comparison for charge interval forecasting.

Model RMSE MAE R2 MAPE (%)
Linear Regression 0.1294 0.0960 0.9355 5.45

SVR 0.3907 0.3352 0.4120 19.02
Random Forest 0.3588 0.1435 0.5040 7.52
Gradient Boosting 0.5179 0.1814 -0.0330 9.27

CNN 1.2302 1.1172 -4.8290 48.93
BIiLSTM 0.4899 0.3775 0.0754 22.71

Table 6 - Five-fold cross validation results — Random Forest.

Task Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 MEAN R2 Std. Dev.
SOC Estimation 0.9996 0.9937 0.9876 0.9984 0.9961 0.9951 +0.0043
Charge Forecasting 0.7064 0.3797 0.7169 0.7757 0.6784 0.6514 +0.1395
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4.2. Near-Perfect SOC Estimation

On SOC estimation, the Random Forest model produced an R? 0f 0.9997 and
a MAPE of 0.13%, indicating almost flawless predictive accuracy. A 0.13%
average percentage error in SOC prediction is equivalent to less than 0.11
percentage points of SOC per prediction on average, which is well within the
tolerance thresholds of practical battery management systems (BMS), which
normally operate with SOC estimation error budgets of £2—5%. This perfor-
mance level is clinically meaningful.

This performance is not a result of a favorable test split, as further supported
by the five-fold cross-validation mean R? of 0.9951 % 0.0043. This outcome
confirms the usefulness of the suggested multi sensor feature set for precise
SOC monitoring without the need for electrochemical modeling or Kalman
filtering, which are computationally costly on embedded hardware. This is
especially true of the combination of energy consumption, voltage drop, and
terrain derived features. These findings demonstrate that conventional ma-
chine-learning models can provide reliable SOC estimation when working
with a limited experimental dataset.

4.3. Charge-Interval Forecasting and Range Anxiety Reduction

Compared to SOC estimation, the charge-interval forecast-ing challenge was
more difficult; the best model (Linear Regression) achieved R? = 0.9355 and
MAPE = 5.45%. The near-linear mathematical relationship between the de-
rived target (charges = energy / capacity) and the energy consumption fea-
ture, which itself varies quasi-linearly with distance and slope in the ob-
served dataset range, explains why the linear model performed better on this
task than ensembles.

Practically speaking, a 5.45% MAPE in charge-interval prediction enables

riders to plan trips with an acceptable degree of confidence on the necessity
of intermediate charging stops. One of the main obstacles to the adoption of
electric micro-mobility, range anxiety, is immediately addressed by this. In-
corporating real-time ambient temperature data (a known driver of lithium-
ion capacity) and battery ageing markers such internal resistance, which
were not included in the current dataset, could further minimize the predic-
tion error.

4.4. Terrain Awareness and Rider Safety

Road slope is a major modulator of SOC depletion, according to the terrain
stratification analysis (Fig.8). Proactive safety actions are made possible by
the system’s capacity to anticipate SOC under various slope situations, with
the Power Load Index feature explicitly expressing the multiplicative inter-
action between rider weight and gradient. When a rider approaches a steep
slope, for example, a monitoring system might notify them that their SOC is
expected to drop below a safe threshold before they reach a charging station.
This could cause them to change their route or slow down.

This feature sets an Al-augmented monitoring system apart from passive
SOC gauges and is its main advantage over traditional battery indications.
The design choice to include topography as a primary input modality was
validated by the feature importance analysis (Fig.7), which showed that
slope-related variables (slope filtered and power load index) together pro-
vided roughly 28% of the Random Forest’s predictive weight.

4.5. CNN Pre-Processing Contribution

As a learnt nonlinear filter, the CNN feature extractor played a theoretically
significant role even if it was not the experiment’s best solo model. In con-
trast to the fixed Butterworth filter, the CNN can possibly capture domain-
specific temporal patterns by learning data-adaptive filters from the training
set. The hybrid model’s incorporation of it as a pre-processing layer repre-
sents best practices in sensor fusion pipelines for embedded Al systems. The
CNN pre-processor is anticipated to have a greater impact on predicting ac-
curacy in deployment situations with richer temporal sequences, such as
those that use sliding-window inputs across a continuous ride instead of per-
trip aggregates.

4.6. Limitations and Future Directions
There are a number of limitations to this study that should be noted:
a) Dataset size

The 200-sample dataset limits how far deep learning findings can be used.
Longitudinal data from several riders and e-bike models in a variety of topo-
graphical conditions should be gathered for future research.

b) Missing covariates

The existing sensor suite did not account for known factors that affect e-bike
energy usage, such as ambient temperature, battery age, and wind resistance.

¢) Static trip-level analysis

Sensor values are aggregated at the trip level in the current dataset. The ulti-
mate deployment goal, real-time SOC prediction during a ride, might be pos-
sible with a sliding-window or time-series implementation.

d) Single battery model

A 500 Wh battery is used to calibrate the results. Retraining or fine-tuning
the models is necessary for generalization to various battery chemistries
and capacities.

Future research avenues include:

a) Deploying the trained Random Forest and LSTM models on edge hard-
ware (such as an Arduino or Raspberry Pi with TensorFlow Lite) for
embedded real-time inference.
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b) Expanding the dataset through data augmentation or transfer learning
from nearby EV battery datasets.

c¢) Integrating a Federated Learning framework that enables privacy-pre-
serving model updates from a fleet of instrumented e-bikes without
centralizing rider data.

4.7. Broader Implications for Sustainable Micro-Mobility

One of the sustainable urban transportation categories with the quickest rate
of growth is e-bikes. Reliability uncertainty is another factor limiting their
acceptance; before committing to e-bike commuting, riders require assur-
ance that battery performance is reliable. The current system shows that sub-
0.5% SOC prediction error and sub-6% charge-interval prediction error can
be achieved with a small collection of inexpensive sensors (weight, speed,
GPS-derived distance and slope, voltage) in conjunction with a computation-
ally light Random Forest model. This performance profile suggests a work-
able, inexpensive add-on monitoring module that could be retrofitted into
current e-bike designs and is suitable with real-time embedded deployment
on widely available microcontrollers. In order to enable demand-aware
charging scheduling, lower grid load peaks, and increase charger utilization
efficiency, such a monitoring system might potentially be connected with
networks of charging stations within the framework of smart city architec-
ture. These system-level advantages increase the suggested methodology’s
influence on the urban transportation ecology in addition to the individual
rider.

Conclusion

The intelligent Al-based e-bike monitoring system described in this research
combines CNN-based feature extraction, Butterworth signal filtering, multi-
sensor data fusion, and a set of seven machine learning models for battery
State of Charge (SOC) estimation and charge-interval forecasting. The Ran-
dom Forest regressor demonstrated strong cross-validation stability (mean
R2 = 0.9951 + 0.0043 over five folds) and nearly perfect SOC estimation
accuracy (R?=10.9997, MAPE = 0.13%) when tested on a 200-sample multi-
modal dataset that included rider weight, speed, distance, road slope, battery
energy consumption, discharge efficiency, and voltage drop. The best
charge-interval forecasting performance was obtained with Linear Regres-
sion (R? =0.9355, MAPE = 5.45%). The terrain sensitivity analysis verified
that road slope is a crucial modulator of SOC depletion, confirming the sys-
tem’s potential to improve rider safety on steep gradients. These results val-
idate the viability of deploying lightweight, interpretable machine learning
models in real-time embedded e-bike monitoring systems as a practical path-
way to reduce range anxiety and advance sustainable urban micro-mobility.
Deep learning models were limited by the small dataset size, with the Bidi-
rectional LSTM offering the strongest neural baseline for SOC estimation
(R?=10.9819).
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Nomenclature

Abbreviations and Acronyms

1-D CNN One-Dimensional Convolutional Neural Network

Al Artificial Intelligence

BiLSTM Bidirectional Long Short-Term Memory

BMS Battery Management System

CNN Convolutional Neural Network

EV Electric Vehicle

GB Gradient Boosting

LR Linear Regression

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

MSE Mean Squared Error

PLI Power Load Index

RBF Radial Basis Function

RF Random Forest

RMSE Root Mean Squared Error

RUL Remaining Useful Life

SER Speed-Efficiency Ratio

SOC State of Charge

SVR Support Vector Regression

ReLU Rectified Linear Unit

Variables, Parameters, and Features

Rider Weight Mass of the rider kg

Distance Travelled journey distance km

Battery SOC Battery state of charge %

Max Speed Instantaneous maximum vehicle speed  km/h

Road Slope Topographical road grade/incline °

Battery Energy Total energy depleted during Wh

Consumed travel

Discharge Energy consumption per Wh/km

Efficiency unit distance

Voltage Drop Reduction in battery potential \%
during operation

N Filter order of the Butterworth —
low-pass filter

Q Angular frequency

Qc Normalized cut-off frequency —

C Regularization parameter for SVR —

€ Epsilon-tube precision parameter —
for SVR

K Number of cross-validation folds —

r Pearson correlation coefficient —

R2 Coefficient of determination —
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