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New energy vehicles (NEVs), powered by sustainable energy, are emerging as a cleaner alternative to conven-
tional vehicles. Their performance and safety depend heavily on the health of critical components, making
accurate fault diagnosis essential. This study proposes an advanced fault detection framework for NEVs,
focusing on fault identification and classification in the drivetrain using deep learning techniques. Sensor data
from electric vehicles, including current, voltage, motor speed, and environmental conditions, are pre-processed
through normalization and missing-value imputation to ensure consistency. Feature extraction is performed
using Wavelet Transform (WT) and Fast Fourier Transform (FFT) to capture both transient and steady-state
behaviours. The proposed Enriched Crow Search Optimizer-based Adaptive Gated Long Short-Term Memory
(ECS-AG-LSTM) model enhances LSTM adaptability and fault classification accuracy through optimization.
Experimental results demonstrate superior performance, achieving 98.5% accuracy, 98.31% recall, 98.42% preci-
sion, 98.51% F1-score, and an R2 value of 0.956 . The findings confirm that ECS-AG-LSTM provides a robust
and reliable solution for improving NEV safety and operational dependability.
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1. Introduction

Depend on correct diagnosis of faults in complex drivetrain
systems to ensure the reliability, safety and efficiency of
the NEV. Even if the NEVs contribute to sustainable trans-
portation with less environmental burden [1]. NEV system
is composed of connected components, and the fault be
caused by failure of sensor, damage of motor winding, mal-
function of inverter [2]. Efficient fault diagnosis improves
safety, reliability, consumer confidence, and NEV adoption.
[3] FDD techniques promote early defect detection and
prediction of maintenance for electric motors [4]. Electric
motors are a component of NEV powertrains and are built
upon mechanical and electrical subsystems [5]. Voltage
faults point to an internal device being damaged; monitor-
ing the voltage detect latent failures of the battery [6]. The
proposed ECS-AG-LSTM model is capable of distinguish-

ing the accurate fault type of the NEV drivetrain.

NEVs are promising such that they are less polluting
and more energy efficient than traditional vehicles. Their
drivetrain architecture is composed of various interacting
subsystems, namely batteries, motors, inverters and sen-
sors, all of which contribute to the seamless operation of
the vehicle. Faults in any of these elements result from sen-
sor malfunction, motor winding damage or inverter failure,
among others; performance degradation and even safety
risks are not ruled out. Such faults should be detected at an
early stage to maintain the system’s reliability and avoid
unexpected breakdowns. Techniques of fault diagnosis
are paramount to increase operation safety, reliability, and
customer’s trust on NEV technology. In particular, some
hidden or potential faults of a battery system be detected by
monitoring key electrical parameters (voltage, current) of
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the battery system. Efficient fault detection also enhances
predictive maintenance strategies leading to less down-
time and maintenance cost. As whole, it is essential for
intelligent diagnosis methods to be designed to guarantee
stability and high-efficiency in today’s NEV systems.

1.1. Contribution

Using WT and FFT feature extraction, the Z-score-
normalized voltage, current, motor speed, and ambient
sensor data are inputted to ECS-AG-LSTM for precise and
adaptive fault diagnosis of NEV.

The paper is structured as follows: Section 2 describes
materials and methods including data preprocessing, FFT
and WT feature extraction, and the proposed ECS-AG-
LSTM model for NEV fault diagnosis; Section 3 presents
experimental results and performance evaluation; and Sec-
tion 4 concludes with key findings, limitations, and future
research directions.

2. Materials and methods

ML and LSTM models effectively detect EV/NEV faults us-
ing sensor signals like current, voltage, and speed [7]. Data-
driven ML-based FDD enhances EV safety by accurate bat-
tery and motor fault diagnosis and improvement of adap-
tiveness and predictive mitigation [8]. Hyperparameter-
optimized neural network effectively classifies NEV motor
drive bearing faults [9].

2.1. Methodology

NEV sensor data standardized using Z-score, FFT and WT
extract features, ECS-AG-LSTM performs adaptive fault
detection. interpolation and mean imputation preserved
signal continuity and fault information. Fig. 1 shows the
overall structure.

Data pre-processing using Z score normalization: Z-
score normalization standardizes NEV sensor data for con-
sistent fault diagnosis. Z-score normalization of NEV sen-
sor signals improves gradient stability, feature quality, con-
vergence, and fault classification performance. It is applied
in Eq. (1):

Wnew =
W − µ

σ
=

W − Mean(W)

StdDev(W)
(1)

Feature extraction using FFT and WT: FFT and WT ex-
tract time-frequency features from NEV sensor data, im-
proving transient fault detection accuracy. The FFT-WT
hybrid method extracts frequency, time-frequency and non-
stationary characteristics of the faults for precise NEV di-
agnosis.

FFT: The FFT converts NEV sensor signals from the time
domain to the frequency domain, so that it identify the

Fig. 1. NEV fault diagnosis framework workflow overview

unusual frequency patterns for good battery, inverter and
motor fault diagnosis Eq. (2).

W(ζ) =
∫ ∞

∞
w(s) f−2π jζsds (2)

FFT enables fast computation compared to DFT. Here is
a definition of the DFT in Eq. (3).

Wl =
M−1

∑
m=0

wm f−
2wm

M , (l = 0, .., M − 1) (3)

WT: WT allows adaptive time-scale analysis of NEV
sensor signals for the identification of transient faults and
hidden defects in all physical variable.

HFCi = HFCi+1g1; LFCi = LFCi+1k1, (i = 0, . . . , m − 1)
(4)

HFCi = HFCi+1g2 + LFCi+1k2, (i = m − 1, . . . , 1, 0) (5)

ECS-AG-LSTM: ECS-AG-LSTM combines optimization
and gating for robust NEV fault detection. Algorithm 1
shows ECS-AG-LSTM.

ECS-AG-LSTM computational complexity considers ef-
ficiency, overhead, memory consumption, and the pro-
cessing cost of AG-LSTM. For an input sequence length
T, hidden neuron size H, and input feature dimension F,
the computational complexity of AG-LSTM represented as
O
(
T ×

(
H2 + HF

))
. Therefore, the optimization complex-

ity of ECSA is expressed as O(M × NI× Fitness ).

2.1.1. Integration of ECS and AG-LSTM for NEV Fault Diagnosis

ECS with AG-LSTM performs parameter estimation by
adaptive search, that is a good tradeoff between exploita-
tion and exploration, result in better NEV fault diagnosis.
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Algorithm 1. ECS-AG-LSTM for NEV Fault Diagnosis

Require: Training data Dtrain

Ensure: Optimized ECS-AG-LSTM model
1: Initialize AG-LSTM
2: if pretrained weights are available then
3: Load pretrained weights
4: else
5: Initialize (Wg , bg), (Wp , bp), and (W, b)

using Xavier initialization

6: Select GPU if available; otherwise select CPU
7: Initialize ECSA
8: Initialize a crow population of size M

with random positions
9: for each iteration do

10: for each crow do
11: Update the position using adaptive probability

based on memory or random movement
12: Evaluate the fitness of the updated position

13: Update crow memories and the global best solution

14: End-to-End Optimization
15: Optimize AG-LSTM weights using ECSA
16: Load the best optimized weights into AG-LSTM
17: Output the optimized ECS-AG-LSTM model

2.1.2. AG-LSTM

AG-LSTM merges gate, reduces complexity, improves NEV
fault accuracy. Fig. 2 illustrates the structure of the AG-
LSTM model. In the sth period, forward propagation and
equation of AG-LSTM are explained as follows.

Fig. 2. Architecture of the Adaptive Gated Long
Short-Term Memory (AG-LSTM) Unit

Determine the shared gates in Eq. (6) and Eq. (7) shows
a neural network’s net input calculation.

net vs = Xv ·
[

gs−1
Ws

]
+ av = Xvg · gs−1 + Xvw · ws + av

(6)

vs = σ
(
Wvggs−1 + Wvwws + av

)
(7)

net d̃s = Xd̃ ·
[

gs−1
Ws

]
+ av = Xd̃g · gs−1 + Xd̃w · ws + ad̃

(8)

d̃s = tanh
(

netS
d̃

)
(9)

Ds = (1 − vs)⊙ Ds−1 + vs ⊙ d̃s (10)

netps = Xp·

[
gs−1
Ws

]
+ ap = Xpg·gs−1 + Xpw · ws + ap

(11)

ps = σ
(
netps

)
(12)

gs = ps ⊙ tanh (ds) (13)

ys = Xz·gs + az (14)

zs = σ(ys) (15)

σ(w) =
1

1 + e−w , tanh(w) =
ew − e−w

ew + e−w (16)

AG-LSTM reduces LSTM gates, lowering parameters
and training complexity. AG-LSTM ReLU improves stabil-
ity, convergence, accuracy, robustness, temporal learning.
Tanh processes state; update gate combines memory and
input.

Crow Search Algorithm (CSA): ECS lacks clear novelty,
as it does not demonstrate significant improvements, abla-
tion studies. In the search space, the vector wj,iter indicates
the location of the j th crow at time/iteration iter, where
i = 1, 2, . . . , M,iter = 1, 2, . . ., iter max , and itermax .

ECS: ECSA enhances the optimization efficiency, the
accuracy and the reliability of EV fault detection, as well
as the safety of EVS. The ECSA achieves the balance of ex-
ploration and exploitation by adaptive parameter, memory
update, and convergence-based optimization termination.
The following is a description of the suggested ECSA and
its primary steps

Stage 1: Initialize parameters. The ECSA parameters
are established: awareness probability (AP), maximum
number iterations (NI), the number of crows (M), decision
variables (d).

Stage 2: Initialize the crows’ initial location and memory.
As the herd’s members, start the M crows’ positions in the
search space at random. As follows, d is the number of
choice variables, and every crow symbolizes a possible fix
for the problem in Eq. (17):
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wj,iter+1 =


wj,iter + q × EK j,iter

×
(

mi,iter − wj,iter
)

,
if
rand > APi,iter,

random position, otherwise.
(17)

Crows =


w1

1 w2
1 · · · wc

1
w1

2 w2
2 · · · wc

2
...

...
...

...
w1

M w2
M · · · wc

M

 (18)

It initializes each crow’s memory; it is believed that have
concealed their food in the following Eq. (19):

Memory =


n1

1 n2
1 · · · nc

1
n1

2 n2
2 · · · nc

2
...

...
...

...
n1

M n2
M · · · nc

M

 (19)

Stage 3: Assess the fitness function. The value of each
crow’s position is determined once the values of the chosen
variable are entered into the target function.

Stage 4: Create a new role. Crow i is chosen at random
to create a new position of the j th crow at the iteration i ter,
and crow j, follows crow i, to find the hidden food. Every
crow goes through this procedure once more, and Eq. (17)
yields each crow’s new location.

Stage 5: Analyze the feasibility of creating more posi-
tions. Each crow updates position if new location is viable.
Otherwise, the population means (wmean ) and the global
best position ( wbest ) is followed by the crow.

Stage 6: Assess the fitness function of newly created
positions. For every new crow’s position, the fit function
value is calculated.

Stage 7: Updates to memory, thus, after the calculation,
depending on the j th crow’s storage is updated according
to the position’s fitness value, as shown in Eq. (20).

nj,iter+1 =


wj,iter,

if e
(

wj,iter+1
)

is better than e
(

ni,iter+1
)

,

ni,iter, otherwise.

(20)

Stage 8: Assure the termination requirement with valid
information. If iterations exceed NI, optimization termi-
nates; stages 4-7 execute. ECSA improves AG-LSTM using
adaptive search and convergence balance. The position
mechanism of ECSA is mathematically expressed as:

w(j,iter+1) = w(j,iter) + q × EK(j,iter) ×
(

m(i,iter) − w(j,iter)
)

(21)
Fault diagnosis

The parameters setup is: 3 LSTM gates, 64 neurons,
ReLU, Softmax, Adam, 0.1 LR, 0.96 decay, 30 epochs, batch
64, 8 kernels, LR Scheduler. Hyperparameter tuning in-
cludes learning rate, batch size, epochs, hidden neurons,
AP, crow population, decay, optimizer; ECS-AG-LSTM uses
70/15/15 split, 30 epochs, Softmax, and sparse categorical
cross-entropy.

3. Results and discussion

3.1. Dataset

This work contains NEV sensor and fault data of motor,
inverter, and battery diagnostics, which is useful for deep
learning training and testing, with an 80/20 train-test ratio.

3.2. Performance metrics

The existing methods, including multi-level convolutional
neural network, CNN [10], incipient bat-optimized deep
residual network (IB-DRN) [11], MCNN [12], and LSTM
[10], are evaluated in terms of recall, R2, accuracy, preci-
sion, and F1-score. ECS-AG-LSTM software and hardware
requirements include MATLAB R2024a as software, Intel i7
Core CPU as processor, 4 GB minimum RAM, Windows 11
(64-bit) operating system, ECS-AG-LSTM as the algorithm,
and NEV diagnosis data as input. The confusion matrix
measures the performance of ECS-AG-LSTM classification
based on normal, inverter, battery and motor fault condi-
tions, i.e., the number of correct and wrongly predicted
samples.

Fig. 3. ECS-AG-LSTM multi-class confusion matrix NEV
fault diagnosis

ECS-AG-LSTM confusion matrix for normal, battery,
inverter, and motor faults are shown in Fig. 3, and Table 1
verifies higher precision, recall, and F1-score.
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Table 1. Class-wise Classification Performance of the Proposed ECS-AG-LSTM Model

Class Precision (%) Recall (%) F1-Score (%) Support
Normal State 99.20 99.40 99.30 1000
Battery Fault 98.20 98.00 98.10 800
Inverter Fault 97.90 97.80 97.85 800
Motor Fault 98.38 98.04 98.21 900

Macro Average 98.42 98.31 98.37 3500
Weighted Average 98.42 98.31 98.51 3500

Fig. 4. Accuracy and loss for proposed ECS-AG-LSTM
model

- Accuracy and loss: Fig. 4 shows the accuracy and loss
of the proposed ECS-AG-LSTM model in NEV fault
diagnosis.

- Accuracy: Fig. 5 shows the comparison of accuracy
performance, the ECS-AG-LSTM achieves 98.5%, bet-
ter than IB-DRN (98%) and MCNN (98.16%) in the
NEV fault diagnosis.

- Precision: The suggested ECS-AG-LSTM method
achieve 98.42% accuracy which are better than those
of IB-DRN (90%) and MCNN (98.17%); Fig. 6 shows
the comparison of accuracy results on the NEV fault
diagnosis.

- Recall: The proposed ECS-AG-LSTM reaches a re-
call of 98.31%, surpassing IB-DRN (97%) and MCNN
(98.16%); recall results NEV fault diagnosis are com-
pared in Fig. 7.

- F1-score: The proposed ECS-AG-LSTM model
achieves 98.51% F1-score, which is better than IB-DRN
(94%) and MCNN (98.16%); Fig. 8 present comparisons
of F1-score for NEV fault diagnosis.

Fig. 5. Accuracy performance of proposed and existing
strategies

Fig. 6. Comparison result of Precision for proposed and
conventional strategies

- R2 : The suggested ECS-AG-LSTM has an R2 value of
0.956 , is better than CNN (0.874) and LSTM (0.935); R2

performances for NEV fault detection are compared.

IB-DRN [11] achieves 98% accuracy, 90% precision, 97%
recall, and 94% F1-score; MCNN [12] achieves 98.16% accu-
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Fig. 7. Visual representation of proposed and existing
methods

Fig. 8. F1 score performance of proposed ECS-AG-LSTM
and existing strategies

racy, 98.1% precision, 98.16% recall, and 98.16% F1-score;
and the proposed ECS-AG-LSTM achieves 98.5% accuracy,
98.42% precision, 98.31% recall, and 98.51% F1-score. CNN
[10] achieves R2 value of 0.874 , LSTM [10] achieves 0.935 ,
and the proposed ECS-AG-LSTM achieves 0.956, showing
superior performance. ECS-AG-LSTM enables real-time
NEV fault diagnosis using BMS (3.0-4.2 V, 300-800 V, 0-300
A, -20 °C- 65◦C), motor data (0-6000 rpm, 0-400 Nm, 0-
250 A), vibration (0-10 kHz), and CAN (250 kbps-1 Mbps),
achieving 98.5% accuracy, 98.42% precision, 98.31% re-
call, 98.51% F1-score, and 0.956R2, outperforming MCNN,
CNN, IBO-DRN, and LSTM.

3.3. Feature Importance Analysis of Extracted NEV Sig-
nals

Feature importance analysis of voltage, temperature, vi-
bration, wavelet, FFT features, and motor speed shows
normalized values enable accurate NEV fault classification;
vibration (0.21), FFT features (0.19), wavelet coefficients
(0.18), voltage (0.16), motor speed (0.14), and temperature
(0.12).

3.4. Error Analysis and Misclassification Study of ECS-
AG-LSTM Model

Error analysis of ECS-AG-LSTM shows Normal Operation
(245 TP, 3 FP, 5 FN, 3.15% misclassification), Inverter Fault
(238 TP, 6 FP, 7 FN, 5.16%), Battery Fault (240 TP, 4 FP, 6
FN, 4.00%), Motor Fault (236 TP, 8 FP, 10 FN, 7.03%), and
Sensor Fault (242 TP, 5 FP, 4 FN, 3.61%).

3.5. Ablation Study of ECS-AG-LSTM Model for
Component-wise Performance Evaluation

The contributions of ECS, AG-LSTM, WT and FFT are eval-
uated in ablation study; the full model achieves the best
performance, as summarized in Table 2 fault diagnosis
performance.

3.6. Fault Severity Prediction Analysis for Predictive
Maintenance in NEV Systems

Fault severity prediction categorizes NEV faults by em-
ploying multiple features, with ECS-AG-LSTM reaching
97.8% battery, 98.1% inverter, 98.6% motor, 97.5% sensor,
and 98.3% thermal fault accuracy associated with risk and
maintenance levels.

3.7. Energy Efficiency and Computational Sustainability
Analysis

Energy assessment confirms a lower consumption of ECS-
AG-LSTM (1.65 kWh, 4.3 mJ/sample, 55% CPU, 310 MB,
low overhead) compared with CNN, LSTM, MCNN, and
IBO-DRN.

3.8. Convergence Analysis with Learning Rate Schedul-
ing

Learning rate scheduling improves ECS-AG-LSTM perfor-
mance by increasing accuracy from 94.1% to 97.8%, reduc-
ing epochs from 48 to 29, lowering loss from 0.092 to 0.041,
improving stability from moderate to high, changing con-
vergence from slow oscillatory to fast smooth, reducing
oscillation from high to low, and increasing generalization
from 0.89 to 0.96.
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Table 2. Ablation Study of the ECS-AG-LSTM Model for NEV Fault Diagnosis

Model Variant ECS AG-
LSTM

WT FFT Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Without ECS × ✓ ✓ ✓ 96.20 96.10 96.00 96.15

Without AG-LSTM ✓ × ✓ ✓ 95.10 95.05 94.90 95.00

Without WT ✓ ✓ × ✓ 94.60 94.50 94.40 94.45

Without FFT ✓ ✓ ✓ × 95.00 94.85 94.70 94.78

Full Model ✓ ✓ ✓ ✓ 98.50 98.42 98.31 98.51

3.9. Generalization Capability and Robustness Analysis

K-fold cross-validation tests the stability of the generaliza-
tion of ECS-AG-LSTM among folds; the results in Fig. 9
demonstrate robustness of the estimation.

Fig. 9. K-Fold Validation Accuracy of ECS-AG-LSTM

Fig. 10. Robustness of ECS-AG-LSTM and baselines under
increasing sensor noise levels

Fig. 10 shows ECS-AG-LSTM robustness (98.5%, 97.9%,

97.5%, 97.2%, 97.4%, 96.8%) outperforming AG-LSTM,
LSTM, and CNN across all noise conditions.

3.10. Training Dynamics and Convergence Analysis

The learning stability and accuracy and loss curves of ECS-
AG-LSTM are analysed; Fig. 11 indicates that the optimiza-
tion is stable and the performance is good.

Fig. 11. ECS-AG-LSTM learning curves show convergence
behavior

Fig. 12. ECS shows faster convergence greater
optimization stability than standard CSA

As shown in Fig. 12, ECS converges more rapidly and
stably than CSA with lower objective values; computa-
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tional efficiency comparison shows CNN (1,245,616 param-
eters, 210 s training, 0.42 ms inference), Standard LSTM
(452,380 parameters, 340 s training, 0.85 ms inference), AG-
LSTM (321,240 parameters, 240 s training, 0.58 ms infer-
ence), and ECS-AG-LSTM (321,240 parameters, 265 s train-
ing, 0.58 ms inference, 1240 s optimization*).

3.11. External Validation and Generalization Capability
Analysis

ECS-AG-LSTM shows strong generalization and cross-
domain robustness. It obtains 98.5% accuracy on NEV Driv-
etrain Dataset (industrial/private, 17,500 samples) with
good generalization, 97.8% on Kaggle NEV Dataset (12,000
samples) with very good results, 97.3% on CWRU Bearing
Dataset (8,500 samples) with strong cross-domain ability,
and 96.9% on NASA Li-ion Battery Dataset (6,000 samples).

4. Discussion

Analysis of the NEV fault in IB-DRN, MCNN, CNN, and
LSTM is less feasible due to high computation, data re-
quirements, overfitting, and black-box characteristic [11].
CNN is computationally expensive and requires a large
amount of labeled data [10], whereas MCNN is incom-
petent when dealing with noisy and unbalanced data [12].
The ECS-AG-LSTM is extended to the HEV and FCEV, with
enhanced FFT, WT, and adaptive learning for better fault
diagnosis. Robust models improve accuracy and gener-
alization using FFT and WT. Transfer learning improves
ECS-AG-LSTM generalization and reduces retraining cost.
Diagnostic techniques and fault-tolerant control for electric
vehicle powertrain are intensively investigated to enhance
the reliability and running safety of EV systems under di-
verse conditions [13]. Such methods emphasize the need
for resilient diagnostics that can detect and compensate for
faults in critical drivetrain elements including motors and
power electronics. The application of bearing fault diagno-
sis for SSM using multisenor data fusion proves that KINS
algorithm has good performance in enhancing detection
accuracy of faults in electric vehicle powertrains [14].

5. Conclusion

In NEV systems, fault diagnosis entails analyzing sensor
data to identify and categorize issues with vital parts like
the battery, inverter, and motor. By employing ECS-AG-
LSTM techniques to detect and categorize drivetrain sys-
tem issues, this research attempted to create an advanced
fault detection system for NEVs. The dataset, which in-
cludes operating and malfunction data as well as sensor
data including voltage, current, motor speed, and tempera-
ture, is intended for use in diagnosing drivetrain problems

in NEVs. Z score normalization was used to pre-process
the data, while FFT and WT were used to extract the fea-
tures. The method achieves better performance contrasted
to the existing approaches in terms of accuracy (98.5%), re-
call (98.31%), R2(0.956), precision ( 98.42% ), and F1 score (
98.51% ). It consists of the fact that models cannot be easily
applied to different kinds of operations and the necessity
to use clean labeled data.

6. Limitations and future research

The ECS-AG-LSTM architecture, especially when opti-
mized by ECSO, is computationally intensive. This makes
real-time or edge deployment challenging without signif-
icant hardware resources. Develop lightweight versions
of the ECS-AG-LSTM model for real-time inference and
integration into onboard diagnostic systems of NEVs.
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