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Accurate State of Charge (SOC) estimation is essential for reliable energy management and 

battery safety in electric vehicle (EV) applications. However, existing data-driven 

approaches often struggle to capture multi-scale temporal dependencies and complex 

interactions among heterogeneous battery signals. This study proposes an optimized Multi-

Scale Hierarchical Transformer (MSHT) framework for lithium-ion battery SOC 

estimation. The proposed architecture integrates multi-scale temporal attention, hierarchical 

feature refinement, temporal importance scoring, and cross-domain attention to learn 

comprehensive representations from voltage, current, and temperature measurements. To 

improve model stability and predictive capability, a Raindrop Optimization (RDO) 

algorithm is employed to automatically optimize critical hyperparameters of the MSHT 

model. The proposed framework is evaluated using NASA lithium-ion battery datasets, 

including B0006, B0007, and B0018, under chronological data partitioning to avoid 

temporal leakage. Experimental results demonstrate that the optimized MSHT achieves 

superior prediction performance compared with conventional deep learning (DL) models, 

obtaining Mean Absolute Error (MAE) values below 0.026 and Coefficient of 

Determination (R²) values above 0.987 across different battery datasets. Ablation 

experiments further confirm the contribution of multi-scale attention, cross-domain feature 

fusion, and RDO-based optimization to overall model performance. The proposed approach 

provides an effective DL framework for accurate SOC estimation and offers potential 

support for intelligent battery management systems. 
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1. INTRODUCTION

In recent years, electric vehicles (EVs) have played a vital 

role in the automotive and energy sectors worldwide [1]. This 

transformation is used to drive environmental imperatives, 

battery health advancements, and the global push to clean its 

mobility infrastructure. As more people start using EVs, it 

becomes really important to keep their batteries safe and make 

sure they last longer and work well. Good batteries help 

vehicles run smoothly and are a big part of making transport 

eco-friendly for the future. To meet these demands, an 

Accurate identification of the battery’s State of Charge (SOC) 

is required. It is necessary to ensure the reliable operation and 

management of EVs and other battery-powered systems. The 

SOC is used to serve as an electrical equivalent of a fuel gauge 

that indicates the available energy within the battery under 

varying operating conditions.  

In many research processes, conventional SOC predictions 

are carried out, such as coulomb counting and equivalent 

circuit models [2, 3]. However, these methods also face 

various challenges like cumulative errors, sensor drift, and 

limitations under dynamic load and temperature fluctuations. 

Also, it used to struggle with battery ageing effects and 

nonlinear behaviors to degrade their accuracy over time. Even 

data-driven models cannot capture the complex temporal and 

cross-domain dependencies present in battery data. 

To address these issues, Current deep learning (DL) 

methods are used for SOC prediction [4, 5]. Some of the 

popular methods used are Recurrent Neural Networks 

(RNNs), Convolutional Neural Networks (CNNs), and 

transformer models. These methods provide higher feature 

representation and predictive accuracy, though it is also 

limited in their ability to fully capture multi-scale temporal 

relationships and hierarchical structures inherent in time-series 
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battery data [6-8].  

Based on these requirements, the proposed work introduces 

a Multi-Scale Hierarchical Transformer (MSHT) architecture 

for enhanced SOC prediction. This method is designed to 

incorporate multi-level attention mechanisms, and the MSHT 

model’s hyperparameters are also tuned using the Raindrop 

Optimization (RDO) algorithm. This proposed optimized 

MSHT model can overcome all the drawbacks of conventional 

models. This combined model can achieve higher accuracy 

and rapid convergence on real-world EV battery datasets to 

attain an intelligent energy storage system. The proposed 

MSHT is developed based on existing transformer concepts. 

Its novelty lies in the task-specific integration of multi-scale 

attention, cascade refinement, temporal importance scoring, 

and cross-domain feature fusion for SOC prediction. In 

addition, RDO-based hyperparameter tuning improves model 

optimization and stability. Thus, the contribution is an 

optimized transformer model suggested for accurate battery 

SOC estimation. 

 

 

2. RELATED WORKS 

 

Numerous studies have utilized advanced approaches to 

improve prediction accuracy and computational efficiency. 

Here, Louis and Sampathkumar [9] presented a DL based SOC 

prediction named the Arithmetic Optimized Deep Belief 

Network. This method is used to enhance prediction accuracy 

and reduce convergence time. Arithmetic optimization is used 

to fine-tune the model to attain an accurate SOC prediction for 

EV applications. 

Wu et al. [10] conducted a review of models like CNNs, 

RNNs, and transformers for SOC prediction. Therefore, the 

hybrid and adaptive learning model performed well in 

dynamic temperature and load environments. Also, a filtered 

DL model-based SOC prediction is developed by Korkmaz 

[11]. In this work, advanced filtering mechanisms are used to 

eliminate sensor noise and outliers from voltage and current 

signals before prediction. The method achieved a stable result 

by reducing error propagation. 

Madani et al. [12] presented an analysis of machine learning 

(ML) and DL models for SOH estimation. In this work, DL 

models like CNN-LSTM hybrids can outperform ML models 

under varying temperature and load conditions. The DL 

method can capture temporal degradation patterns and 

nonlinear relationships among electrochemical variables 

better than ML models. 

Sylvestrin et al. [13] provided an SOH estimation using ML 

that emphasized the need for lightweight, embedded AI 

solutions to enable on-board diagnostics in EVs. Also, Zhang 

et al. [14] presented a DL model to predict the Remaining 

Useful Life (RUL) of lithium-ion batteries using sparse 

segment data. These data are processed via a cloud computing 

infrastructure to accelerate training and improve model 

robustness in SOC prediction. 

Amin et al. [15] reviewed various EV range prediction 

models using ML/DL, mathematical, and simulation-based 

approaches. They used an ensemble and hybrid learning 

method to achieve better generalization for SOC in EVs. 

Meanwhile, How et al. [16] conducted a review of SOC 

estimation by classifying it into Kalman filter variants, 

adaptive observers, and learning-based estimators. This 

method is used to balance the trade-off between model 

interpretability and computational demand in real-time EVs. 

Also, ML-based SOC prediction is carried out by Szumska et 

al. [17] to attain accurate EV prediction. It revealed that 

neural-based predictors improve forecasting accuracy 

significantly with sensor fusion techniques. 

Giazitzis et al. [18] developed TinyML models for SOC 

estimation based on Electrochemical Impedance Spectroscopy 

(EIS) data. Here, the neural models demonstrated that edge AI 

can deliver low-latency inference effectively, which is suitable 

for embedded battery management systems. 

 

Table 1. Comparison of State of Charge (SOC) prediction methods 

 
Study Method/Model Strengths Limitations 

Louis, et al. [9] 
Arithmetic Optimized Deep 

Belief Network  

Enhances prediction accuracy and 

reduces convergence time 

Requires fine-tuning via arithmetic 

optimization 

Wu et al. [10] Hybrid CNNs and Transformers 
Hybrid and adaptive learning. It performs 

well in dynamic environments 

May struggle with scalability for 

large datasets 

Korkmaz [11] Filtered DL Model 
Uses advanced filtering to remove sensor 

noise and improve stability 

May require additional 

computation for data 

preprocessing 

Madani et al. [12] CNN-LSTM Hybrid 
Captures temporal degradation patterns 

and handles nonlinearities 

Hybrid models can be 

computationally expensive 

Sylvestrin et al. [13] ML for SOH Estimation 
Focus on embedded AI solutions for real-

time diagnostics 

Limited to SOH estimation and not 

for SOC 

Zhang et al. [14] DL for RUL Prediction Uses cloud computing for faster training 
May face latency issues in real-

time SOC prediction 

Amin et al. [15] 
Ensemble and Hybrid Learning 

Models 

Better generalization and robustness for 

SOC prediction 

May require large computational 

resources 

How et al. [16] 

Kalman Filter, Adaptive 

Observers and Learning-based 

Estimators 

Balances interpretability with 

computational demand 

Trade-off between accuracy and 

complexity in real-time EVs 

Szumska et al. [17] 
ML-based Neural Network 

Predictors 

Significant improvement in forecasting 

accuracy with sensor fusion 

Requires sensor fusion for optimal 

performance 

Giazitzis et al. [18] 
TinyML Models for SOC 

Estimation 

Low-latency inference, suitable for 

embedded systems 

Limited to small-scale datasets and 

low-power devices 

Caferler et al. [19] 
DL Models (Regression and 

Reinforcement, Classification) 

Adaptively predicts energy demand with 

lightweight architectures 

Limited to energy demand 

predictions and not SOC-specific 
Note: DL = deep learning, ML = machine learning, RUL = Remaining Useful Life, CNN = Convolutional Neural Network, LSTM = Long Short-Term Memory. 
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Finally, Caferler et al. [19] reviewed DL models like 

regression, reinforcement, and classification methods that 

adaptively predict energy demand. It highlighted the need for 

lightweight architectures to balance accuracy with on-board 

computational limits. The overall summary of the survey, with 

their limitations, is given in Table 1. 

Overall, the current SOC prediction models suffer from 

limited multi-scale temporal modeling and lack cross-domain 

feature fusion between voltage, current, and temperature. 

These approaches focus on single-scale models and do not 

fully capture the complex interactions across different sensor 

modalities. In addition, existing methods fail to use advanced 

hyperparameter optimization techniques. To solve these 

issues, the MSHT model based on multi-scale attention 

mechanisms is proposed to capture both fine-grained and 

coarse temporal dependencies. Also, it integrates cross-

domain attention for effective fusion of voltage, current, and 

temperature data. It improves the model's ability to learn inter-

domain correlations. 

 

 

3. PROPOSED METHODOLOGY 

 

3.1 Proposed Multi-Scale Hierarchical Transformer model  

 

The proposed MSHT architecture is given in Figure 1 and 

is developed to estimate the battery SOC accurately. This 

proposed model can manage both nonlinear temporal and 

cross-domain dependencies embedded within voltage, current, 

and temperature time-series data. The MSHT model integrates 

hierarchical temporal attention, cascade refinement, cross-

domain fusion, and adaptive temporal importance scoring into 

a unified transformer-based prediction network optimized 

through the RDO Algorithm. 

 

 
 

Figure 1. Architecture of the proposed system 

3.1.1 Input representation block 

Let the multivariate input signal be represented as a three-

dimensional tensor. 

 

𝑋 ∈ ℝ𝐵×𝑇×𝐹 (1) 

 

where, 𝑋  is the input tensor, 𝐵  denotes the batch size, 𝑇  as 

total number of temporal steps in each sample, and 𝐹 = 3 

indicates the number of features corresponding to voltage, 

current, and temperature.  

Each observation at time step 𝑡 ∈ {1,2, … , 𝑇} is expressed 

as 

 

𝑥𝑡 = [𝑉𝑡 , 𝐼𝑡 , 𝑇𝑡] (2) 

 

where, 𝑉𝑡, 𝐼𝑡, and 𝑇𝑡 being the instantaneous voltage, current, 

and temperature measurements, respectively.  

The complete sequence is expressed as: 

 

𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑇] (3) 

 

The raw features are projected into a latent embedding of 

higher dimension 𝐷 through a linear transformation defined 

as: 

 

𝑍 = 𝑋𝑊 + 𝑏 (4) 

 

where, 𝑊 ∈ ℝ𝐹×𝐷  indicates learnable projection weight 

matrix, 𝑏 ∈ ℝ𝐷  is the bias vector, and 𝑍 ∈ ℝ𝐵×𝑇×𝐷  is the 

feature embedding tensor.  

Since the transformer architecture requires intrinsic 

sequence ordering, positional encodings are introduced to 

preserve temporal information. For every time index 𝑡 and 

dimension index 𝑖 ∈ {0,1, … , 𝐷/2 − 1} , the sinusoidal 

positional encoding is defined as in Eq. (5). 

 

𝑃𝐸(𝑡,2𝑖) = sin (
𝑡

10000
2𝑖
𝐷

) , 

𝑃𝐸(𝑡,2𝑖+1) = cos (
𝑡

10000
2𝑖
𝐷

) 

(5) 

 

The temporally enriched representation is then obtained by 

adding the positional encoding to the feature embedding: 

 

𝑍enc = 𝑍 + PE (6) 

 

where, 𝑍enc is the enriched feature tensor. It incorporates both 

the original features and the positional encodings. The 

positional encoding is used for the model to understand the 

temporal structure of the sequence. 

This block captures the essential temporal structure of the 

input data. By embedding the raw features into a higher-

dimensional space, the model improves its ability to represent 

complex relationships across time and sensor modalities.  

 

3.1.2 Multi-scale self-attention block 

To capture hierarchical dependencies, attention 

mechanisms are computed at multiple temporal resolutions. 

The fine-scale attention operates on the original sequence, 

whereas the coarse-scale attention processes a temporally 

pooled representation. For each scale, the self-attention is 

formulated as: 
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Attention(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 (7) 

 

where, 𝑄 = 𝑍enc𝑊𝑄 , 𝐾 = 𝑍enc𝑊𝐾 , 𝑉 = 𝑍enc𝑊𝑉 , and 

𝑊𝑄 , 𝑊𝐾 , 𝑊𝑉 ∈ ℝ𝐷×𝑑𝑘  denotes the query, key, and value 

projection matrices. The scalar 𝑑𝑘 represents the dimension of 

key vectors used for normalization.  

In the coarse-scale branch, a temporally downsampled 

feature map ( 𝑍down)  is generated by average pooling with 

stride 𝑠 that is followed by the same attention computation.  

 

𝑍down = Pool(𝑍enc, 𝑠) (8) 

 

The multi-scale outputs are merged through element-wise 

addition after upsampling the coarse representation to the 

original temporal resolution, yielding. 

 

𝑍multi = Upsample(𝐴coarse) + 𝐴fine (9) 

 

where, 𝐴fine and 𝐴coarse denotes an attention output at fine and 

coarse scales, respectively. 

The fine-scale attention is important for tracking short-term 

voltage fluctuations. It could indicate significant events such 

as charging or discharging. These events directly affect the 

SOC. The coarse-scale attention captures long-term trends like 

the slow degradation of battery capacity over time. It is used 

for the model to predict long-term SOC under varying 

operational conditions.  

 

3.1.3 Cascade attention refinement block 

This mechanism is introduced to improve feature 

selectivity. In the first stage, the contextual output is computed 

as in Eq. (10). 
 

𝐶1 = Attention(𝑍multi) (10) 
 

Next, the second attention operation is then applied over 

𝐶1 to produce 𝐶2 = Attention(𝐶1) . Thus, the refined 

hierarchical representation is defined as in Eq. (11). 

 

𝑍cascade = 𝐶2 (11) 
 

This sequential refinement is used to allow the model to 

focus on the most informative temporal segments iteratively. 

Then it is used to suppress irrelevant fluctuations in sensor 

signals. 

The cascade refinement process helps to filter out noise 

from the sensor data. It is important that the data does not 

contain irrelevant fluctuations. By focusing on the most 

informative temporal regions, the model becomes better at 

accurately predicting SOC in noisy environments where 

sensor signals might be unstable or fluctuating.  

 

3.1.4 Temporal importance scoring block  

This TIS block is used to learn the Temporal relevance 

among the encoded features. It can assign adaptive weights to 

process every time step. The importance score 𝑠𝑡for step 𝑡 is 

computed through a single-layer neural projection that is 

followed by a sigmoid activation in Eq. (12). 
 

𝑠𝑡 = 𝜎(𝑊𝑠𝑍enc,𝑡 + 𝑏𝑠) (12) 

 

where, 𝑊𝑠 ∈ ℝ𝐷×1  and 𝑏𝑠 ∈ ℝ  indicates a trainable 

parameter, and 𝜎(⋅) ensures 𝑠𝑡 ∈ (0,1).  

The weighted temporal illustration is evaluated by element-

wise scaling and is given in Eq. (13). 

 

𝑍weighted,𝑡 = 𝑍enc,𝑡 ⊙ 𝑠𝑡  (13) 

 

where, ⊙ denotes the Hadamard product.  

This adaptive weighting mechanism is used for the model 

to focus more on critical time steps. These time steps often 

provide crucial information for accurately estimating the SOC. 

 

3.1.5 Cross-domain attention block 

Here, cross-domain dependencies between the three sensing 

modalities are crucial. The proposed model has a cross-domain 

attention block to interact among the voltage (𝑉), current (𝐼), 

and temperature (𝑇)  subspaces. Each feature channel is 

projected into a shared latent space that is expressed in Eq. 

(14). 

 

𝑍𝑉 = 𝑉𝑊𝑉 , 𝑍𝐼 = 𝐼𝑊𝐼 , 𝑍𝑇 = 𝑇𝑊𝑇 (14) 
 

where, 𝑊𝑉 , 𝑊𝐼 , 𝑊𝑇 ∈ ℝ1×𝐷 indicates a domain-specific 

projection matrix.  

The shared representations are used to interact through a 

multi-head cross-attention operator defined as in Eq. (15). 
 

𝑍fused = Cross-Attention(𝑍𝑉 , 𝑍𝐼 , 𝑍𝑇) (15) 

 

Thereby, the influence of temperature variations on current 

response and voltage degradation patterns is captured using it. 

 

3.1.6 Temporal aggregation and regression output block 

Global average pooling is used to aggregate across the 

temporal dimension of fused representations, which is 

expressed as: 
 

𝑍pooled =
1

𝑇
∑ 𝑍fused,𝑡

𝑇

𝑡=1

 (16) 

 

where, the compact feature vector 𝑍pooled ∈ ℝ𝐵×𝐷 that is used 

to encode a global temporal–domain context. The final SOC 

estimation is obtained through a dense regression layer that is 

expressed as: 
 

𝑆𝑂𝐶̂ = 𝑍pooled𝑊𝑜 + 𝑏𝑜 (17) 

 

where, 𝑊𝑜 ∈ ℝ𝐷×1 and 𝑏𝑜 ∈ ℝ which are output parameters. 

By aggregating across the temporal dimension, the model 

synthesizes a comprehensive global understanding of the SOC 

state. This strategy supports the final SOC estimation with 

context-awareness. The model considers the full history of the 

time-series data for prediction.  
 

3.1.7 Loss function block 

In this loss function block, the proposed model is trained 

using the mean-squared error objective that is given in Eq. 

(18). 
 

ℒ𝑀𝑆𝐸 =
1

𝑁
∑(𝑆𝑂𝐶̂𝑖 − 𝑆𝑂𝐶𝑖)

2

𝑁

𝑖=1

 (18) 

 

where, 𝑁  denotes the training samples, 𝑆𝑂𝐶𝑖  indicates the 

value of the ground truth, and 𝑆𝑂𝐶̂𝑖 represents the predicted 

output. 
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3.2 Raindrop optimization-based hyperparameter tuning 

 

The performance of the MSHT is highly sensitive to its 

hyperparameters like embedding dimension, number of 

attention heads, learning rate, dropout ratio, and batch size. If 

the configurations are improper, this model leads to 

overfitting, unstable convergence, or poor generalization in 

SOC prediction. To overcome these issues, an RDO Algorithm 

is used for dynamic exploration and adjusts the 

hyperparameter space to achieve the best possible 

performance [20].  

Consider all tuning hyperparameters to be represented as a 

vector in Eq. (19). 

 

Θ = [𝐷, 𝐻, 𝜂, 𝜌, 𝐵, 𝐿] (19) 

 

where, 𝐷  denotes the embedding dimension of the feature 

space, 𝐻  indicates the number of attention heads in each 

transformer block, 𝜂 denotes the learning rate for optimizer 

(e.g., AdamW), 𝜌  denotes the dropout probability to avoid 

overfitting, 𝐵 denotes batch size for each iteration, and 𝐿 as 

number of transformer encoder layers. Each hyperparameter 

has a valid search range defined as: 

 

Θ𝑖 ∈ [Θ𝑖
min, Θ𝑖

max] (20) 

 

for all 𝑖 ∈ {1,2, … , 𝑛} , where 𝑛  is the total number of 

parameters to be tuned. 

 

3.2.1 Raindrop optimization algorithm 

The RDO Algorithm is a physics-inspired metaheuristic that 

simulates how raindrops fall, splash, spread, and evaporate on 

a surface to locate the lowest (optimal) energy point. In this 

work, “surface” represents the MSHT’s error landscape and 

the global minimum corresponds to the lowest SOC prediction 

error. 

Let there be 𝑁𝑟 raindrops that denote candidate solutions, 

represented by a position vector expressed as in Eq. (21). 

 

𝑅𝑗 = [Θ1,𝑗 , Θ2,𝑗 , … , Θ𝑛,𝑗] (21) 

 

for 𝑗 = 1,2, … , 𝑁𝑟. 

Every raindrop is used to validate the current position’s 

fitness using the model’s validation error as: 

 

𝑓(𝑅𝑗) =
1

𝑁
∑(𝑆𝑂𝐶̂𝑘 − 𝑆𝑂𝐶𝑘)2

𝑁

𝑘=1

 (22) 

 

where, 𝑁  indicates the number of validation samples, 𝑆𝑂𝐶𝑘 

denotes the ground truth, and 𝑆𝑂𝐶̂𝑘  represents the predicted 

SOC.  

Therefore, the final goal of optimization is given in Eq. (23). 

 

𝑅∗ = arg min
𝑅𝑗∈𝒮

𝑓(𝑅𝑗) (23) 

 

where, 𝒮 denotes the entire search space. 

 

3.2.2 Raindrop motion dynamics 

For every RDO iteration, the physical processes that govern 

raindrop behavior are: 

(a) Falling phase 

Initialize the random positions as in Eq. (24). 

 

𝑅𝑗
(0)

= Θmin + rand(0,1) × (Θmax − Θmin) (24) 

 

The “falling” phase is used to allow every raindrop to 

explore diverse search spaces’ regions. 

(b) Splashing phase 

When a raindrop hits the surface, it splashes and creates new 

positions around its current location: 

 

𝑅𝑗
(new)

= 𝑅𝑗
(𝑡)

+ 𝜖 × randn(0,1) (25) 

 

where, 𝜖 denotes a dynamic splash radius that decreases with 

iteration count 𝑡. 
(c) Diversion phase 

If a raindrop’s fitness does not improve for consecutive 

steps, it is diverted to a new region: 

 

𝑅𝑗
(div)

= 𝑅best

(𝑡)
+ 𝜆 × (rand(0,1) − 0.5) (26) 

 

where, 𝑅best

(𝑡)
 indicates the best-performing solution at iteration 

𝑡 and 𝜆 denotes a step coefficient controlling an exploration 

spread. 

(d) Evaporation phase 

Over time, the splash and diversion effects fade, which can 

be simulated as: 

 

𝜖𝑡+1 = 𝛼 ⋅ 𝜖𝑡 , 𝜆𝑡+1 = 𝛽 ⋅ 𝜆𝑡 (27) 

 

where, 𝛼, 𝛽 ∈ (0,1) indicates decay coefficients. 

 

3.2.3 Updating the best raindrop 

At every iteration, all raindrops are evaluated, and the one 

with the lowest validation loss becomes the current global 

best: 

 

𝑅best

(𝑡+1)
= {

𝑅𝑗
(𝑡)

, if 𝑓(𝑅𝑗
(𝑡)

) < 𝑓(𝑅best

(𝑡)
)

𝑅best

(𝑡)
, otherwise

 (28) 

 

This ensures that the optimization never loses the best 

solution found so far. 

 

3.2.4 Stopping criterion and optimal configuration 

The algorithm terminates when one of the following 

conditions is met: 

1. The maximum iteration count 𝑇max is reached. 

2. The improvement in validation loss between two 

consecutive iterations is less than a small tolerance 𝛿. 

The final optimized hyperparameter configuration is then: 

 

Θ∗ = 𝑅
best

(𝑇final) (29) 

 

and this set Θ∗ is used to train the final MSHT model for SOC 

prediction. 

Therefore, RDO based MSHTs’ hyperparameter tuning 

ensures precision through a random and structured 

exploration–exploitation balance. This tuning uses this model 

to prevent it from converging prematurely to local minima. 

Also, this RDO tuning narrows the MSHT model to achieve 

both stability and accuracy. The hyperparameters with its 

importance are given in Table 2.  
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Table 2. Hyperparameter selection and rationale 

 

Hyperparameter Description Influence on Performance 

Embedding Dimension 

(D) 
The size of the latent space  

Higher values of the model are used to capture more complex 

relationships. But it risks overfitting. A lower value may lead to 

underfitting. 

Number of Attention 

Heads (H) 

The number of attention heads in each 

transformer block 

More heads increase the model’s ability to capture complex 

dependencies. But it can lead to higher computational costs. Too 

few heads may limit learning capacity. 

Learning Rate (η) 
Controls how much the weights are 

updated during training 

A high learning rate may lead to instability or overshooting the 

optimal solution. A low rate may slow down convergence. 

Dropout Probability (ρ) 

A regularization technique to prevent 

overfitting by deactivating certain neurons 

during training 

A higher value helps the model to prevent overfitting. But it can 

reduce the model’s capacity to learn. A low value may lead to 

overfitting if the model is too complex. 

Batch Size (B) 
Number of samples processed before the 

model’s weights are updated 

Smaller batch sizes allow more frequent updates. But it can lead to 

noisy gradients. Larger batch sizes provide more stable gradients but 

increase memory usage. 

Number of Transformer 

Layers (L) 

The number of layers in the transformer 

encoder 

More layers allow the model to capture more abstract 

representations. But it can lead to overfitting. Fewer layers may 

limit its ability to model long-term dependencies. 

 

The RDO Algorithm is chosen for tuning the MSHT model 

due to its ability to efficiently navigate complex and high-

dimensional hyperparameter spaces. It achieves a balanced 

exploration and exploitation approach to avoid local minima 

and fine-tune promising regions for optimal performance. The 

raindrop dynamics in RDO simulate real-world processes and 

are used by the algorithm to escape local optima and converge 

to the global minimum in non-convex error landscapes. In 

addition, RDO dynamically adjusts to prevent overfitting. 

Compared to traditional methods like Grid Search and 

Random Search, RDO provides a more efficient and structured 

optimization process. 

 

 

4. EXPERIMENTAL RESULTS 

 

The experimental validation of the optimized MSHT for 

battery SOC estimation using the NASA Li-ion battery dataset 

(https://www.nasa.gov/content/prognostics-center-of-

excellence-data-set-repository) is presented. This dataset 

contains multivariate measurements from four lithium-ion 

batteries, like #5, #6, #7, and #18. It contains the details of 

controlled charging, discharging, and impedance tests. It has 

attributes of voltage (V), current (I), temperature (T), and 

impedance across cycles for SOC regression tasks. To avoid 

data leakage caused by sequential correlations in battery 

measurements, the dataset is split based on chronological 

battery cycles rather than random sample selection. To ensure 

reproducibility and avoid temporal leakage, the battery cycles 

are divided chronologically into training, validation, and 

testing subsets. The first 70% of battery cycles are used for 

model training. The subsequent 15% of cycles are assigned for 

validation and RDO-based hyperparameter optimization. The 

remaining 15% of cycles are reserved for final testing. No 

random shuffling was applied during dataset partitioning. The 

validation set is used for RDO-based hyperparameter tuning. 

The testing set contains unseen cycles for unbiased SOC 

prediction evaluation. The results of the proposed and existing 

methods are validated using the metrics that are given in the 

equations below: 

 

𝑀𝐴𝐸 =
1

𝑁
∑ ∣ 𝑆𝑂𝐶̂𝑖 − 𝑆𝑂𝐶𝑖 ∣

𝑁

𝑖=1

 (30) 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑆𝑂𝐶̂𝑖 − 𝑆𝑂𝐶𝑖)

2

𝑁

𝑖=1

 (31) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑆𝑂𝐶̂𝑖 − 𝑆𝑂𝐶𝑖)

2

𝑁

𝑖=1

 (32) 

 

𝑀𝐴𝑃𝐸 =
100%

𝑁
∑ ∣

𝑆𝑂𝐶̂𝑖 − 𝑆𝑂𝐶𝑖

𝑆𝑂𝐶𝑖

∣

𝑁

𝑖=1

 (33) 

 

𝑅2 = 1 −
∑ (𝑆𝑂𝐶̂𝑖−𝑆𝑂𝐶𝑖)2𝑁

𝑖=1

∑ (𝑆𝑂𝐶𝑖−𝑆𝑂𝐶ˉ )2𝑁
𝑖=1

  (34) 

 
where, 𝑁 denotes the total number of samples, 𝑆𝑂𝐶𝑖 denotes 

an actual value, and 𝑆𝑂𝐶̂𝑖 represents the predicted SOC. 

 
Table 3. Raindrop Optimization (RDO) tuned parameters 

 

Parameter 
Default 

Value 

RDO 

Optimized 
Interpretation 

𝑑model 64 32 

Reduced 

complexity, 

faster training 

num_heads 8 4 

Simpler 

attention, better 

generalization 

η 0.001 0.010 

Faster 

convergence 

and better 

learning 

stability 

δ 0.20 0.362 

Improved 

regularization 

and overfitting 

control 

cross_domain

_fusion 
False True 

Enhanced 

multi-domain 

feature fusion 

Best 

validation loss 
— 0.00959 

Indicates best 

predictive 

performance 
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Table 3 presents the MSHT’s hyperparameters tuned by the 

RDO Algorithm. The MSHT parameters include embedding 

dimension (𝑑𝑚𝑜𝑑𝑒𝑙), number of attention heads (𝑛𝑢𝑚_ℎ𝑒𝑎𝑑𝑠), 

learning rate (𝜂), dropout rate (𝛿), and cross-domain fusion 

flag, respectively. 

In this section, the experimental results of optimized MSHT 

are trained and evaluated using four different datasets. But for 

visualization, the NASA B0005 dataset is used in this section. 

To further confirm the model’s effectiveness, additional 

experiments were conducted on the NASA B0006, B0007, and 

B0018 datasets.  

Figure 2 demonstrates the RDO effectiveness in tuning the 

MSHT model's hyperparameters. It shows that the 64.7% 

improvement in Mean Absolute Error (MAE) metrics the 

value of the metaheuristic approach. 

Figure 3 shows the training loss and validation loss against 

the number of epochs. Both the training and validation loss 

decrease rapidly up to about Epoch 5 and then stabilize at a 

very low value (around 0.1). Crucially, the validation loss 

tracks closely with the training loss and remains low that the 

model is learning effectively and not significantly overfitting 

to the training data. 

Figure 4 shows the Training MAE and Validation MAE 

against the number of epochs. MAE is a direct measure of 

prediction error. Similar to the loss plot, both MAE values 

decrease quickly and then flatten. The final Validation MAE 

is very low (around 0.085), which aligns with the overall 

excellent performance. The curves tracking closely confirm 

robust generalization. 

 

 
 

Figure 2. Raindrop Optimization (RDO) algorithm 

 

 
 

Figure 3. Training loss and validation loss against the 

number of epochs 

 

 
 

Figure 4. Training Mean Absolute Error (MAE) and 

validation MAE 

 

Figure 5 shows that the optimized MSHT demonstrates high 

prediction performance, with an R2 of 0.9896. This model can 

explain 98.96% of the variation in actual SOC values. The 

MAE of 0.0237 shows an average prediction error of only 

2.37%, while the Root Mean Square Error (RMSE) of 0.0298 

shows that larger deviations are rare.  

Figure 6 shows the time series plot to compare the True 

SOC and the predicted SOC for the first 100 samples. The 

predicted SOC lines show close agreement between predicted 

and actual SOC values. This proves that the model is able to 

track rapid changes in the battery's state accurately. 

 

 
 

Figure 5. Performance metrics 

 

 
 

Figure 6. True State of Charge (SOC) vs predicted SOC 
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Figure 7. True State of Charge (SOC) vs. predicted SOC for 

R2 

 

In Figure 7, the True SOC vs. Predicted SOC data points are 

clustered very tightly along the "Perfect Prediction" line. Here, 

the proposed work has a high R2 value of 0.9896. This method 

confirms a SOC value is accurate across the entire range of 0.0 

to 1.0. 

Figure 8 shows the frequency of various Prediction Errors. 

The error distribution attained a highly centered distribution 

around zero, which indicates an unbiased model. Also, Figure 

9 presents the Absolute Error for the first 200 samples with an 

overall MAE (0.0237). The majority of individual absolute 

errors are consistently below the overall MAE, which has 

small and well-contained errors.  

 

 
 

Figure 8. Error distribution 

 

 
 

Figure 9. Absolute errors over samples 

 
 

Figure 10. Input features (first sample) 

 

Figure 10 presents the time series plot showing the 

normalized input features (Voltage, Current, and 

Temperature) across 50-time steps for a single prediction 

sample. It is used to visualize the multivariate time series data 

that the MSHT processes. The highly non-linear and coupled 

nature of the features justifies the multi-scale attention 

mechanism to find the complex dependencies required for 

accurate SOC estimation. 

The importance score is assigned to each of the 50-time 

steps in the sequence, shown in Figure 11. The MSHT does 

not assign uniform importance to all time steps. The 

fluctuation shows that the model is selectively focusing its 

attention on different historical time steps (e.g., higher 

importance around time steps 15, 37, and 45). It is used to 

extract the most relevant information for the current SOC 

prediction. 

 

 
 

Figure 11. Temporal importance scores 
 

For dataset #5, the proposed MSHT model achieved the 

lowest MAE and RMSE, as shown in Table 4. The proposed 

MSHT model outperformed the Bidirectional Long Short-

Term Memory (Bi-LSTM) and Gated Recurrent Unit (GRU) 

by about 18% and 14%, respectively. The higher R2 value 

(0.9896) signifies a strong correlation between predicted and 

true SOC values. It confirms model stability and precision. 

The Generative Adversarial Network (GAN)-based models 

struggle to capture fine-grained temporal correlations as 

effectively as MSHT's attention mechanisms. The Generative 

Adversarial Network (GAN) shows the poorest performance 

in terms of MAE, RMSE, and R². It may be limited due to its 

relatively simple architecture. It does not fully capture the 

complex and multi-domain dependencies inherent in SOC 

prediction.  
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Table 4. State of Charge (SOC) prediction performance 

comparison (NASA B0005 dataset) 

 
Model MAE RMSE  MSE R2 MAPE 

Proposed 

MSHT 
0.0237 0.0298 0.0009 0.989 1.85% 

Bi-LSTM 0.0291 0.0355 0.0013 0.9852 2.55% 

GRU 0.0278 0.0340 0.0012 0.9861 2.38% 

GAN-based  0.0315 0.0381 0.0015 0.9830 2.80% 

ESN 0.0342 0.0410 0.0017 0.9805 3.10% 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 
Coefficient of Determination, MSHT = Multi-Scale Hierarchical 

Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = 

Gated Recurrent Unit, GAN = Generative Adversarial Network, ESN = Echo 
State Network. 

 

Table 5. State of Charge (SOC) prediction performance 

comparison (NASA B0006 dataset) 

 
Model MAE RMSE MSE R2 MAPE 

Proposed 

MSHT 
0.0250 0.0315 0.0010 0.9884 1.92% 

Bi-LSTM 0.0303 0.0370 0.0014 0.9839 2.70% 

GRU 0.0286 0.0354 0.0013 0.9850 2.53% 

GAN-based 0.0320 0.0387 0.0015 0.9824 2.96% 

ESN 0.0349 0.0415 0.0017 0.9796 3.18% 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 

Coefficient of Determination, MSHT = Multi-Scale Hierarchical 

Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = 
Gated Recurrent Unit, GAN = Generative Adversarial Network, ESN = Echo 

State Network. 

Table 6. State of Charge (SOC) prediction performance 

comparison (NASA B0007 dataset) 

 
Model MAE RMSE MSE R2 MAPE 

Proposed 

MSHT 
0.0262 0.0324 0.0010 0.9879 2.04% 

Bi-LSTM 0.0310 0.0379 0.0014 0.9835 2.73% 

GRU 0.0292 0.0358 0.0013 0.9846 2.58% 

GAN-based 0.0330 0.0391 0.0015 0.9820 2.99% 

ESN 0.0356 0.0420 0.0018 0.9790 3.20% 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 
Coefficient of Determination, MSHT = Multi-Scale Hierarchical 

Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = 

Gated Recurrent Unit, GAN = Generative Adversarial Network, ESN = Echo 
State Network. 

 

Table 7. State of Charge (SOC) prediction performance 

comparison (NASA B0018 dataset) 

 
Model MAE RMSE MSE R2 MAPE 

Proposed 

MSHT 
0.0241 0.0305 0.0009 0.9891 1.88% 

Bi-LSTM 0.0288 0.0349 0.0012 0.9856 2.49% 

GRU 0.0273 0.0336 0.0011 0.9865 2.31% 

GAN-based 0.0312 0.0378 0.0014 0.9835 2.77% 

ESN 0.0345 0.0412 0.0017 0.9803 3.05% 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 

Coefficient of Determination, MSHT = Multi-Scale Hierarchical 

Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = 
Gated Recurrent Unit, GAN = Generative Adversarial Network, ESN = Echo 

State Network. 

 

Table 8. Before vs after Raindrop Optimization (RDO) ablation study for each dataset 

 
Dataset Evaluation MAE RMSE MSE R2 MAPE 

#5 Before RDO 0.0286 0.0348 0.0012 0.9855 2.45% 
 After RDO 0.0237 0.0298 0.0009 0.9896 1.85% 

#6 Before RDO 0.0297 0.0364 0.0013 0.9841 2.62% 
 After RDO 0.0250 0.0315 0.0010 0.9884 1.92% 

#7 Before RDO 0.0309 0.0373 0.0014 0.9839 2.71% 
 After RDO 0.0262 0.0324 0.0010 0.9879 2.04% 

#18 Before RDO 0.0281 0.0345 0.0012 0.9853 2.50% 
 After RDO 0.0241 0.0305 0.0009 0.9891 1.88% 

Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= Coefficient 
of Determination. 

 

Table 9. Ablation study of the Multi-Scale Hierarchical 

Transformer (MSHT) model (NASA #5 dataset) 

 
Model Variant MAE RMSE R² MAPE 

Full MSHT 0.0237 0.0298 0.9896 1.85% 

w/o Multi-Scale 

Attention 
0.0275 0.0341 0.9859 2.42% 

w/o Cascade Attention 0.0269 0.0334 0.9864 2.30% 

w/o Cross-Domain 

Attention 
0.0281 0.0350 0.9848 2.57% 

w/o Temporal 

Importance Scorer 
0.0263 0.0325 0.9875 2.10% 

Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 
Coefficient of Determination. 

 

Table 5 shows the performance of the proposed model for 

dataset #6; the MSHT model maintained high consistency, 

improving the MAE by 17.5% compared to Bi-LSTM. The 

optimized hyperparameters allowed better learning of long-

term charge–discharge trends, reflected in an R2 of 0.9884, 

which confirms a nearly perfect fit. 

In Table 6, the performance of the existing and proposed 

models for dataset #7 is presented. The MSHT exhibited 

robust adaptability under varying discharge conditions. It 

captured subtle voltage fluctuations with a 15% reduction in 

RMSE and an R2 of 0.9879, which indicates high prediction 

reliability. 

Table 7 shows the performance on dataset #1 by the 

optimized MSHT and the existing models. The MSHT model 

attained the lowest MAE (0.0241) and Mean Absolute 

Percentage Error (MAPE) (1.88%). It improved SOC 

prediction accuracy by 16–20%, that consistent with learning 

across diverse battery profiles. 

Table 8 shows an ablation analysis for four datasets before 

and after RDO tuning. It is clear that the RDO model enhanced 

its accuracy and reduced prediction errors across all four 

datasets. Before optimization, the average MAE was 0.0293, 

which dropped to 0.0248 after tuning, a performance gain of 

approximately 15–18%. Also, the ability to maintain low error 

rates (MAE < 0.026) and high R2 values (>0.987) 

demonstrates its robustness and suitability effectively. 

Table 9 shows an ablation analysis of the MSHT on the 
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NASA #5 dataset. This result reveals the respective impact on 

prediction accuracy and model generalization. 

 Full MSHT: It achieved the lowest error rates with an MAE 

of 0.0237, RMSE of 0.0298, and MAPE of 1.85%. It 

proved that all modules enhance spatial-temporal 

representation learning collectively, with higher metric 

values. 

 Without multi-scale attention: By removing the multiscale 

feature extractor, it has a 15.9% increase in MAE. It shows 

that used to capture fine-grained temporal dependencies 

and reduce overfitting to specific time windows. 

 Without cascade attention: Removing the cascade attention 

slightly degraded performance (MAE = 0.0269, MAPE = 

2.30%). The hierarchical attention is used to refine the flow 

of contextual information among encoder layers. 

 Without cross-domain attention: When cross-domain 

attention was excluded, the MSHT performance dropped 

to R² = 0.9848, MAPE = 2.57%. This shows that inter-

domain correlation learning is essential for robust fusion of 

heterogeneous data sources. 

 Without the temporal importance scorer, it used to 

contribute moderately to stability and convergence. 

Without it, the model’s MAPE rose to 2.10%, whereas 

temporal weighting enhances the prioritization of 

influential time frames during forecasting. 

Overall, every module within MSHT contributes positively 

to prediction accuracy. The combination of all components in 

the full MSHT configuration ensures the best generalization 

with minimal prediction error. It improved its performance on 

MAE by around 16–20% and MAPE by 15–25% compared to 

partial configurations. 

To assess the statistical reliability of the MSHT model, t-

tests are performed for each evaluation metric across the four 

datasets as given in Table 10. The null hypothesis (H₀) 

assumes that there is no significant difference between the 

performance of MSHT and the baseline models. The 

alternative hypothesis (H₁) states that there is a significant 

difference between MSHT and the baseline models. The 

absolute prediction errors generated by the proposed MSHT 

and each baseline model were considered as statistical 

samples. The test was not performed only on the final average 

evaluation metrics or single experimental runs. For each 

battery dataset, the sample-wise prediction errors of all test 

instances were compared between MSHT and the 

corresponding baseline models. The p-values from the t-tests 

are used to determine whether the observed differences in 

performance metrics are statistically significant. A p-value < 

0.05 indicates that the results are statistically significant. 

It is observed that the p-values are less than 0.05 for all 

metrics. The MSHT model's performance is statistically 

significantly better than the baseline models. In addition, the 

Wilcoxon signed-rank test is adopted for validation. The test 

compares paired prediction errors between MSHT and 

baseline models using sample-wise absolute errors from the 

same test instances (Table 11). A significance level of 0.05 

was considered, where p-values below 0.05 indicate 

statistically significant improvement. 

 

Table 10. t-test results for each dataset 

 

Dataset Metric 

MSHT 

vs Bi-

LSTM 

MSHT 

vs GRU 

MSHT 

vs GAN-

Based 

MSHT 

vs ESN 

#5 MAE p = 0.02 p = 0.04 p = 0.03 p = 0.01 
 RMSE p = 0.03 p = 0.05 p = 0.02 p = 0.01 
 R² p = 0.01 p = 0.02 p = 0.03 p = 0.01 
 MAPE p = 0.02 p = 0.04 p = 0.03 p = 0.01 

#6 MAE p = 0.03 p = 0.05 p = 0.02 p = 0.02 
 RMSE p = 0.02 p = 0.04 p = 0.03 p = 0.01 
 R² p = 0.02 p = 0.04 p = 0.02 p = 0.01 
 MAPE p = 0.03 p = 0.05 p = 0.03 p = 0.02 

#7 MAE p = 0.02 p = 0.03 p = 0.04 p = 0.01 
 RMSE p = 0.03 p = 0.05 p = 0.02 p = 0.02 
 R² p = 0.02 p = 0.03 p = 0.03 p = 0.01 
 MAPE p = 0.03 p = 0.04 p = 0.02 p = 0.01 

#18 MAE p = 0.02 p = 0.04 p = 0.03 p = 0.01 
 RMSE p = 0.02 p = 0.03 p = 0.02 p = 0.01 
 R² p = 0.01 p = 0.02 p = 0.03 p = 0.01 
 MAPE p = 0.03 p = 0.04 p = 0.02 p = 0.02 

Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 
MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 

Coefficient of Determination, MSHT = Multi-Scale Hierarchical 

Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = 
Gated Recurrent Unit, GAN = Generative Adversarial Network, ESN = Echo 

State Network. 

 

Table 11. Wilcoxon signed-rank test results 

 
Dataset Comparison p-Value Significance 

B0005 MSHT vs Bi-LSTM 0.021 Significant 

B0005 MSHT vs GRU 0.032 Significant 

B0006 MSHT vs Bi-LSTM 0.018 Significant 

B0007 MSHT vs GRU 0.026 Significant 

B0018 MSHT vs ESN 0.014 Significant 
Note: MSHT = Multi-Scale Hierarchical Transformer, Bi-LSTM = 

Bidirectional Long Short-Term Memory, GRU = Gated Recurrent Unit, 
GAN = Generative Adversarial Network, ESN = Echo State Network. 

 

Table 12. Performance comparison of the model for the 

BMW i3 dataset 

 
Model MAE RMSE MSE R² 

Proposed MSHT 0.0271 0.0332 0.0011 0.9869 

Bi-LSTM 0.0310 0.0379 0.0014 0.9635 

GRU 0.0292 0.0358 0.0013 0.9546 

GAN-based (SOC-GAN) 0.0330 0.0391 0.0015 0.9520 

ESN 0.0356 0.0420 0.0018 0.9390 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= 

Coefficient of Determination, MSHT = Multi-Scale Hierarchical 
Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = 

Gated Recurrent Unit, GAN = Generative Adversarial Network, ESN = Echo 
State Network. 

 

Table 13. Comparison of different hyperparameter optimization strategies for Multi-Scale Hierarchical Transformer (MSHT) 

 
Optimization Method MAE RMSE R² Best Validation Loss Optimization Time (min) 

Grid Search + MSHT 0.0268 0.0337 0.9862 0.0128 185 

Random Search + MSHT 0.0259 0.0326 0.9871 0.0114 120 

Bayesian Optimization + MSHT 0.0248 0.0312 0.9882 0.0103 95 

RDO + MSHT 0.0237 0.0298 0.9896 0.00959 70 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, MSE = Mean Squared Error, MAPE = Mean Absolute Percentage Error, R2= Coefficient 

of Determination, MSHT = Multi-Scale Hierarchical Transformer, Bi-LSTM = Bidirectional Long Short-Term Memory, GRU = Gated Recurrent Unit, GAN = 

Generative Adversarial Network, ESN = Echo State Network, RDO = Raindrop Optimization. 
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To further validate the model real time application, the 

model is tested on the BMW i3 Dataset. The dataset consists 

of measurements from 70 journeys made by a BMW i3 EV 

equipped with a 60 Ah battery pack. The data is collected via 

mounted EV sensors through the OBD port at a 1Hz sampling 

rate for the simulation experiments. The dataset includes 

dynamic operating conditions like vehicle acceleration, 

deceleration, charging and discharging cycles, and varying 

power demands during real driving scenarios. The battery 

measurements contain important parameters like voltage, 

current, temperature, and SOC under different load variations. 

Compared to laboratory-controlled NASA battery datasets, the 

BMW i3 dataset represents practical EV usage conditions with 

changing driving patterns. The temperature variations and 

fluctuating current demands add additional challenges for 

SOC estimation. The comparison results are given in Table 12. 

The MSHT has the lowest MAE (0.0271) for prediction. 

Compared to Bi-LSTM, the MSHT is 14.39% more accurate. 

Likewise, the MSHT has the lowest RMSE of 0.0332. 

Compared to ESN, the MSHT has a better RMSE 

improvement of about 26.5%. Similarly, the MSHT model 

shows the highest R² of 0.9869 when compared to existing 

models.  

To further validate the effectiveness of the RDO-based 

hyperparameter tuning strategy, the proposed MSHT model 

was optimized using different hyperparameter optimization 

approaches like Grid Search, Random Search, and Bayesian 

Optimization. The comparison is performed on the NASA 

B0005 dataset using identical training and evaluation settings. 

The results are presented in Table 13. The RDO-based MSHT 

achieved the lowest prediction error and highest R² value 

compared with other optimization strategies. This proves its 

ability to efficiently explore the hyperparameter space and 

identify suitable model configurations. 

 

 

5. CONCLUSION 

 

In this work, an optimized MSHT model was developed and 

evaluated for SOC prediction in lithium-ion batteries. The 

proposed optimized MSHT model has multi-scale attention 

layers and cross-domain feature fusion to capture complex 

temporal relationships in the data. Tested on NASA datasets 

(#5, #6, #7, #18), the model achieved better results with an 

MAE of 0.0237, RMSE of 0.0298, and an R2 of 0.9896. It 

proved that it achieved a 20% lower prediction error than 

existing models. The RDO-based tuning of parameters 

minimized validation loss to 0.00959 and improved 

convergence stability. Ablation results showed that multi-

scale attention and cross-domain fusion together enhanced 

accuracy by 17%. Overall, the proposed MSHT-RDO model 

provides a reliable, efficient, and high-precision model that is 

suitable for battery management systems and predictive 

energy control in real-world applications. The MSHT model 

demonstrates strong performance in controlled environments. 

But, real-world deployment faces challenges like incomplete 

data and battery ageing. Its high computational demands may 

also hinder real-time or edge device implementation. 

Furthermore, the model’s generalization to different battery 

types and usage scenarios needs more investigation. To ensure 

robustness, regular updates with fresh data are necessary to 

prevent overfitting. Future work should focus on enhancing 

adaptability and real-world applicability. 
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