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	[bookmark: _Hlk55811559]Abstract 
Researchers have conducted extensive studies on capacity degradation modeling of Lithium-Ion Batteries (LIB). Among the various approaches developed by many researchers, the most precise method involves utilizing a data-driven approach. However, despite its accuracy, the implementation of the data-driven method for battery degradation modeling requires high computational resources resulting in increased costs. This research aimed to address these issues by developing a dynamic model to estimate battery degradation accurately with low complexity and computational cost. To achieve this goal, a hybrid approach utilizing an equivalent circuit model (ECM) and a neural network (NN) algorithm was developed. The battery is represented by the first-order Thevenin equivalent circuit model. By employing this model, various parameters such as internal resistance, open circuit voltage, and R-C voltage are derived through a data-driven model considering physic-based constraint. The NN model is trained using 300 cycles of experimental data. These parameters are determined by fitting the battery test data, minimizing the root-mean-squared error (RMSE) between the measured terminal voltage and the voltage output of the model. From this model, capacity degradation in each cycle can be predicted as a function of battery parameters. This method ensures real-time prediction with robust and accurate results.
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INTRODUCTION
The intensive utilization of Lithium-ion battery for energy storage systems (BESS) has required advancements in accurate battery degradation modeling. Battery degradation impacts system performance, safety, and economic viability [1]. Understanding and predicting the degradation processes of batteries under varying operating conditions remains a critical challenge. This challenge is compounded by the highly nonlinear battery degradation mechanisms including chemical, thermal, and mechanical effects [2][3]. Therefore, developing robust and accurate battery degradation model has become a significant gap to be solved [4].
Physics-based models have been extensively developed to understand and simulate the mechanisms underlying battery degradation. These models are generally divided into two main categories: electrochemical models [5][6] and electrical equivalent circuit models (ECMs) [7][8]. Electrochemical models are known for their high accuracy in capturing the internal physicochemical processes of batteries, but they are often computationally intensive and require detailed knowledge of battery chemistry, which limits their application in real-time systems. In contrast, ECMs have gained more popularity for short-term prediction and state estimation tasks due to their simplicity and efficient computation [9]. These models approximate the behavior of batteries using electrical components, making them practical for embedded systems and battery management applications.
Several types of ECMs have been developed to model battery behavior with varying levels of complexity. Among the most commonly used are the simple linear model [10], the first-order Thevenin model consisting of one parallel resistor-capacitor (R-C) [11], the second-order R-C model [7], and the Partnership for a New Generation of Vehicles (PNGV) model [12]. These models are favored for their computational efficiency, reduced number of parameters, and suitability for real-time implementation [9]. Despite these advantages, ECMs face limitations in accurately representing complex and nonlinear degradation mechanisms that occur over the battery’s lifetime [13]. As a result, while ECMs are effective for operational monitoring and control, they may lack the precision needed for long-term degradation prediction and analysis.
Recent advancements in battery degradation modeling have increasingly relied on data-driven approaches, particularly machine learning (ML) techniques. These methods have gained widespread attention due to their capability to capture the nonlinear and complex patterns of battery degradation without the need for detailed physical or chemical models [14]. Unlike traditional physics-based models, ML techniques can learn directly from historical battery data to identify trends and predict degradation trajectories. Several ML algorithms have been explored by researchers, such as random forest [15], XGBoost [16], convolutional neural networks (CNN) [17], recurrent neural networks (RNN) [18], and long short-term memory (LSTM) networks [19], each offering different strengths in handling time-series and high-dimensional data. 
Random forest and XGBoost are ensemble learning method based on decision trees, is known for its robustness and interpretability, particularly when dealing with structured tabular data [15][16]. CNN have shown promising results in extracting local patterns from battery time-series data or sensor signals due to their strong feature extraction capability [17]. RNN is designed to model sequential data and can capture temporal dependencies, although they may suffer from vanishing gradient issues [18]. To address this, LSTM—an advanced variant of RNN—incorporates memory cells and gating mechanisms, making it more suitable for long-term sequence modeling and degradation trend forecasting [19]. Another type of ML technique such as Gaussian Process Regression (GPR) that use Bayesian theory and statistical learning theory can quantify uncertainties in their predictions, which is crucial for assessing the reliability of battery health estimation [20]. 
These machine learning models have demonstrated strong performance in predicting key battery parameters, including capacity fade, internal resistance, and state of health across diverse operating conditions [21] Their ability to generalize from large datasets makes them particularly suitable for condition monitoring and predictive maintenance in battery systems. However, despite their high predictive accuracy, purely data-driven methods face several challenges [22]. One major limitation is their lack of interpretability, which can make it difficult to understand the underlying physical mechanisms of degradation. Additionally, these models often require large, high-quality datasets for training to ensure robustness and avoid overfitting, which may not always be readily available in practical applications [23]. Consequently, while ML techniques offer a high performance compared to traditional modeling approaches, careful consideration of their data requirements and transparency is essential in battery applications.
Techniques such as Grey Relational Analysis (GRA) and Principal Component Analysis (PCA) have been employed to remove redundant data and reduce dimensionality, respectively [24][25]. These methods improve model efficiency by minimizing computational overhead and focusing on the most relevant features. However, the preprocessing steps can add complexity to the modeling pipeline and may require significant domain expertise to implement effectively. These shortcomings highlight the need for hybrid solutions that can balance the strengths of both physics-based and data-driven approaches [26].
Hybrid approaches that integrate physics-based insights with data-driven methods have been proposed by several researchers. Ashidqi et al. proposed hybrid method using perceptron and Thevenin equivalent circuit model [27]. Similarly, Fan et al. introduced a physics-informed integrated modeling method that combines electrochemical modeling with machine learning to improve degradation predictions [28]. These methods demonstrated enhanced accuracy and computationally lightweight. However, the models developed were not able to interpret the dynamic of the battery degradation.
To implement hybrid approaches for dynamic models of battery degradation, physic-based models using ECM can be utilized [27]. The dynamic equation from ECM then can be combined with ML technique to create a grey-box model. Brucker et al. developed a grey-box model using neural ordinary differential equations (NODE) to capture the slow voltage dynamics of
Table 1. Summary of battery degradation dynamic modeling approaches
	Model Category
	Modeling Approach
	Key Strengths
	Limitations

	Electrochemical Model
	Arrhenius Electrochemical Models [5][6]
	High accuracy; captures fundamental physicochemical processes
	High computational cost; complex parameterization; not suitable for real-time use

	Electrical Equivalent Circuit Model
	Thevenin (1st-order) [11]
	Simple structure; suitable for real-time applications; low computational load
	Limited accuracy in nonlinear degradation modeling

	
	2nd-order R-C model [7]
	More accurate than 1st-order; still computationally efficient
	Still limited in modeling long-term nonlinear behavior

	
	PNGV model [12]
	Suitable for real-time; improved accuracy
	Reduced accuracy in highly dynamic conditions

	Machine Learning
	Random Forest [15], XGBoost [16]
	Robust; interpretable; works well with tabular data
	Requires labeled data; not suitable for sequence modeling

	
	CNN [17]
	Excellent feature extraction from structured signals
	Lacks temporal memory; limited in capturing long-term dependencies

	
	RNN [18]
	Handles sequential data; models temporal behavior
	Suffers from vanishing gradients; lower stability

	
	LSTM [19]
	Captures long-term dependencies; effective in trend forecasting
	Requires more training data and parameters; slower to train

	Hybrid Method
	Neural ODE (NODE) [29]
	Captures voltage dynamics; interpretable
	High data requirement; limited adaptability to new conditions




lithium-ion batteries [29]. While effective in simplifying the representation of slow dynamics, the approach requires extensive training data and lacks adaptability to diverse operating conditions. Martinez et al. presented a dynamic model combining machine learning with Thevenin equivalent circuits for diagnosis and prognosis of battery health [30]. Although this model achieved improved health-aware control, its reliance on extensive feature sets and complex parameter identification processes poses challenges for real-time applications and scalability. 
Despite the advancements achieved by these studies, several challenges remain unaddressed. Existing models often require a high-dimensional feature set, intricate parameter tuning, or computationally expensive training processes. Moreover, the integration of data-driven methods with ECMs, while promising, still faces difficulties in ensuring simplicity and adaptability without sacrificing accuracy [31]. 
In this study, a novel hybrid approach for dynamic modeling of battery degradation is proposed by combining Artificial Neural Networks (ANN) with Thevenin equivalent circuit model. Unlike prior studies, the proposed method requires only two input features, terminal voltage and current. This approach significantly simplifies the modeling process and requires a smaller amount of dataset while maintaining high prediction accuracy. This addresses the limitations of existing methods by reducing computational complexity and the dependency on extensive feature sets. Through a pulse test, additional parameters such as open-circuit voltage, polarization capacitance, polarization and resistance are calculated and used for Physics-Informed Neural Network (PINN) training. By leveraging the strengths of both data-driven and physics-based frameworks, the proposed method offers enhanced interpretability, computational efficiency, and adaptability to various operating conditions.
METHOD
In this study, dynamic battery degradation model will be obtained by incorporating domain knowledge derived from the first-order Thevenin model into the neural network loss function. This method aims to bridge the gap between data-driven and physics-based approaches. The steps conducted in this research are explained in the subsections below.  

Physics-based model
Physics-based model is required to form a dynamic equation of battery that can be used to estimate the capacity degradation of the battery. In this study, the first-order thevenin equivalent circuit model is utilized due to its simplicity and sufficient accuracy [8]. The first-order thevenin equivalent circuit model is a simplified representation of a battery electrical behavior consisting of an open-circuit voltage (OCV) in series with a resistor (R) and a parallel resistor-capacitor (RC) network as shown in Figure 1.
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Figure 1. The first-order thevenin equivalent circuit model.
The voltage across the battery terminals,  , is expressed as:
	                                                                        
	(1)


Where  is open circuit voltage, is current accross the battery,  is internal resistance and  is the voltage in the R-C branch.  can be explained as:
	            
	(2)


Where  and  are the resistance and capacitance in the parallel R-C branch. The parameters , , , and ​ evolve with battery aging and are used to estimate battery degradation. The dynamic of  and  then can be expressed as:
	                                                                                                                         
	(3)


Capacity degradation of the battery can be calculated by measuring the change in internal resistance () and polarization capacitance (). Capacity degradation will increase as internal resistance rises and polarization capacitance decreases. Thus, the relation between ,  and capacity degradation can be mathematically written as:
	            
	(4)


 represent capacity degradation which can measured in percentage. Equation (4) shows that the actual capacity degradation can be measured by determining the value of initial polarization capacitance ((0)), initial internal resistance (), actual polarization capacitance (), and actual internal resistance ().

Dataset Preparation
Parameters required for dataset are determined from battery dynamic equations. In the previous subsection, the dynamic model has been obtained using the first-order Thevenin equivalent circuit model as expressed in (2) and (3). From (2) and (3), it can be inferred that the parameters needed to complete the dynamic model is , , , and ​. To collect the data, and experiment is conducted using battery tester unit. A 18650 lithium ferrous phospate (LFP) battery is tested through 300 cycles charging-discharging test. The charging and discharging process was conducted in a temperature-controlled chamber. The temperature of the chamber was maintained at 25ᵒ celcius to minimize the effect of temperature change on battery degradation.
Experimental data collected from the battery tester unit contains 5 parameters including terminal voltage (), charging-discharging current (), temperature and maximum capacity from each cycle which can indicate capacity degradation. The battery is charged and discharged using hybrid constant current-constant voltage (CC-CV) to ensure that the battery is charged and discharged to its maximum capacity. However, other 4 paremeters (, , , and  cannot be obtained from the experiment. Thus, additional calculation is needed to determine the initial values for parameters , , , and .
The Pulse discharge test and transient response analysis method was applied to analytically determine the initial parameters value. First, pulse discharge is applied to measure the value of . In this test, a step current () is applied to the battery to trigger voltage drop (). The voltage drop was measured immediately after a step current is applied. Then, the internal resistance can be calculated analytically using equation below:
	                                                                                                                         
	(5)


As the internal resistance value obtained, the value of open circuit voltage () then can be calculated using (1) by inserting the values of  obtained from (5) and  as . To determine the initial value of ,  or the voltage across the RC branch was assumed to be 0.
Another test was conducted to determine initial value of . The battery was discharged using small constant current and the voltage drop over the time was measured. Afterward, the steady-state voltage decay was fitted to an exponential function as shown below:
	                                                                                                                        
	(6)


The steady-state value and the  value obtained from previous step can be used to solve (6) to determine the initial value of  . Following this step, the value of  then can be determined using time constant of the transient response that is given by:
	  
	(7)


From the voltage response to a current step, the settling time  was measured when the voltage reaches approximately 63% of its final value as the standard first-order system response of an RC circuit [32][33]. 
As the initial values of all parameters have been obtained, the time-series dataset then can be generated by differential equation approximated using Euler method based on (1) and (3). The discrete time-series model to generate the dataset was given by:
	  
	(8)

	
	(9)


 is the sampling interval. In this research, the sampling interval is within one second.  and  were updated iteratively based on the battery current (). Parameters calculated at each time step using the discretized equations were recorded and constructed as a dataset which will be used to train the neural network model in the next step.

ANN Model
Neural network was used to estimate the dynamic of parameters , , ,  and  over time with input terminal voltage () and battery current (). To create the prediction model, the dataset collected in previous step will be used for training using neural network. As there are two input parameters and 5 output parameters, the ANN model was constructed with a structure ilustrated in Figure 2.  and represent input features  and  while , , ,  and  represent five output features , , ,  and . 
As the method used in this research is physic-based neural network, the ANN model was trained by considering physic model loss function. Thus, the ANN learns the parameters dynamically while satisfying the physics-based constraints imposed by the governing equations. This is achieved during training using combined loss 
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Figure 2. ANN structure for battery degradation model
functions including data-driven output loss, R-C physic-based constraint and battery degradation () constraint. These loss functions are given by:

		
	(10)

	
	(11)

	
	(12)



	


Data-driven output loss () was given in (10), R-C physic-based constraint () was given in (11) and battery degradation loss was given in (12). N represents the number of data used in the training process. Then, the total loss can be calculated as:
	+  +                                                                                                                              
	(13)


During training, the NN learns how , , ,  and  evolve over time and predicts battery degradation as a function of these parameters. This method ensures real-time prediction with robust and accurate results.
RESULTS AND DISCUSSION
This section presents the results obtained from data preparation and model simulation proposed in this research. Data preparation results include parameters initialization and dataset construction. The dataset obtained was used to construct battery degradation model using proposed physic-informed NN method. The details of the results and their analysis were explained in the subsections below.
Data Preparation 
The data produced from experiment proccess contains primary parameters including terminal voltage (), battery current () and capacity degradation (). The proposed model requires additional parameters include , , , . Using equation (5), (6), and (7), the initial values of these parameters are obtained as presented in Table 1. The initial values of the parameters were used to generate the time-series dataset for 300 cycles using euler method based on equation (8) and (9).
Table 2. Parameters initial value
	Metrics
	Proposed PINN

	
	9.24 mΩ

	
	3.54 V

	
	3.49 kF

	
	5.17 mΩ


Model Simulation 
The dataset obtained in the previous step was trained to construct a physic-based NN model. The proposed model was successfully constructed and can be used to estimate the change of parameters , , ,  over the cycles and give actual prediction for battery degradation in each cycle. The comparison between battery degradation estimation and actual degradation is shown in Figure 3. The plot presents a comparison between the actual battery capacity degradation and the prediction obtained from the proposed Physics-Informed Neural Network (PINN) model over 50 charge-discharge cycles. The actual data shows a nearly linear downward trend with localized fluctuations, which are likely attributed to minor operational or measurement variations. The PINN model prediction closely tracks this degradation curve, effectively capturing both the general trend and finer variations throughout the cycle range.
The accurate alignment of the PINN prediction with the measured data indicates that the model successfully incorporates domain knowledge through the embedded physical constraints. This physics-informed structure enables the model to distinguish true degradation dynamics from high-frequency noise, enhancing both its predictive performance and interpretability. Notably, the PINN model maintains consistency even in segments where the actual capacity shows abrupt drops (e.g., around cycles 10, 30, and 42), suggesting a robust generalization capability. The close correspondence between prediction and ground truth supports the hypothesis that incorporating physical laws into the learning framework leads to improved modeling of capacity fade in lithium-ion batteries. 
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Figure 3. Battery degradation estimation curve compared to actual value.
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Figure 4. Accuracy comparison between proposed method, LSTM and NODE

To assess the performance of the model, the result of the degradation estimation using proposed model was compared to previous methods. The method developed in the previous study that will be used as the comparison is LSTM [19] and neural ordinary differential equation (NODE) [29]. The comparison of battery degradation estimation using these three methods is shown in Figure 4.
Figure 4 illustrates the comparative performance of three different battery degradation prediction models including LSTM, NODE, and the proposed hybrid model against the actual degradation data over 50 charge-discharge cycles. From the figure, it is evident that the LSTM prediction (red dashed line) most closely follows the actual data trajectory (blue line) in the short term. This is consistent with its numerical performance shown in Table 2, where LSTM achieves the lowest RMSE (0.009) and MAPE (0.68%). However, a closer inspection reveals that the LSTM model is highly sensitive to sudden changes in the data, including outliers. For instance, in several regions where the actual degradation exhibits abrupt downward steps—likely due to measurement noise or atypical cell behavior—the LSTM output tracks these outliers without filtering or smoothing. This implies that while LSTM offers strong point-wise accuracy, it lacks robustness in the presence of transient anomalies, potentially leading to overfitting to noise or spurious patterns.
Table 2. Accuracy and performance comparison between proposed method and previous method
	[bookmark: _Hlk197974474]Metrics
	Proposed
	LSTM
	NODE

	RMSE
	0.012
	0.009
	0.215

	MAPE
	0.97%
	0.68%
	1.27%

	R-squared (R²)
	0.99
	0.99
	0.98


In contrast, the NODE model exhibits a smoother prediction trajectory that maintains a generally linear trend over the cycles. This is a result of its learning framework, which assumes continuous-time dynamics via neural ordinary differential equations. However, this same structure makes it less responsive to localized changes in the data, especially abrupt variations. As seen in both Figure 3 and Table 2, NODE has the highest RMSE (0.215) and a slightly lower R² (0.98), suggesting that while it preserves the overall trend, it systematically deviates from actual measurements. This limitation may arise from the NODE architecture’s implicit bias toward smooth solutions, which constrains its flexibility in adapting to real-world degradation behaviors that are not strictly smooth or uniform.
The proposed hybrid model (PINN), combining a recurrent neural architecture with physics-informed constraints, appears to strike a balance between the overfitting tendency of LSTM and the overly smooth generalization of NODE. Visually, the predicted curve (green dashed line) closely follows the actual data, including in regions where small fluctuations or outliers are present. The PINN prediction does not mirror these outliers rigidly. Instead, it integrates the physical understanding of degradation dynamics to regularize the output. This is validated by its competitive numerical performance, which is only slightly less accurate than LSTM in absolute terms but demonstrates better generalization. This outcome supports the claim of the study that incorporating physical principles into data-driven learning yields a model that is not only accurate but also robust and interpretable. The findings thus extend the current literature by offering an alternative to purely data-driven methods that often sacrifice generalizability in favor of short-term accuracy, or physics-based models that may lack adaptability.
From this research, it also found that the proposed method in this study can produce accurate models with limited number of datasets. When a sufficient dataset is provided, LSTM can produce an accurate model which is better than PINN produce. However, when the dataset is limited, the proposed method can maintain its accuracy while the LSTM shows a model with less accuracy. The comparison is shown in Figure 5. 
In this scenario, the LSTM model, which relies purely on data-driven learning, exhibits significant deviation from the actual battery degradation trend. This is visually apparent in Figure 5, where the LSTM prediction curve drifts considerably below the actual capacity trajectory as the number of cycles increases. Such divergence suggests that LSTM struggles to generalize well when the available data are sparse or noisy, potentially due to its tendency to overfit or its limited ability to infer degradation dynamics without sufficient training data. In contrast, the proposed model maintains a close alignment with the actual degradation curve, demonstrating stability and consistency across all cycles. This visual observation is quantitatively supported by the metrics in Table 3 where the proposed model achieves a lower RMSE, lower MAPE, and substantially higher R² value compared to the LSTM model. These results confirm that the proposed model not only captures the overall trend but also maintains predictive accuracy even with reduced data availability.
Table 3. Accuracy and performance comparison between proposed method and LSTM within limited datasets condition
	Metrics
	Proposed
	LSTM

	RMSE
	0.023
	0.72

	MAPE
	1.01%
	6.17%

	R-squared (R²)
	0.96
	0.73



The key factor contributing to this robustness lies in the model architecture. Unlike LSTM, which attempts to learn temporal patterns exclusively from data, the proposed PINN approach incorporates prior physical knowledge using differential equations that represent battery degradation mechanisms directly into the learning process. This physics-informed constraint acts as a regularizer that limits overfitting, guides the learning trajectory, and enables the model to infer physically consistent degradation behavior even when empirical data are scarce.
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Figure 5 Comparison of LSTM and PINN model constructed with limited dataset

Table 4. Computational efficiency comparison between proposed method and LSTM
	Metrics
	Proposed PINN
	LSTM

	Number of Parameters
	261
	1920

	Inference Time
	0.6 ms/sample
	11 ms/sample

	Memory usage
	49 MB
	566 MB



This finding substantiates the core contribution of this research that embedding domain-specific physical laws into machine learning frameworks allows for the development of dynamic battery degradation models that are both data-efficient and generalizable. Such capability is particularly valuable in practical applications where large, high-quality battery datasets are often difficult or expensive to obtain. In comparison to previous studies relying solely on data-driven architectures, this result highlights a paradigm shift toward hybrid modeling approaches that can bridge the gap between physical interpretability and data-driven precision. 
In addition to its data-efficiency, the proposed model also offer computational efficiency compared to purely data-driven method. To illustrate the computational efficiency of the proposed method, in Table 4 the comparison of computation parameters between proposed PINN model and LSTM was presented. 
Computational efficiency comparison shows that the proposed PINN method significantly outperforms LSTM in terms of model complexity, inference speed, and memory usage. The PINN model has simpler architecture that reduced complexity and leads to a faster inference time of 0.6 ms/sample which is nearly 18 times faster than LSTM. Additionally, PINN consumes only 49 MB of memory, demonstrating that PINN is far more efficient in resource utilization. The physical prior encoded in the PINN effectively guides the model learning trajectory, reducing the computational burden typically associated with long-term sequence processing in data-driven models like LSTM. These results highlight that the physics-informed method not only improves prediction accuracy with limited data but also significantly reduces computational load, making it suitable for real-time and resource-constrained applications. 
Comparison to Recent Methods
To further evaluate the performance of the proposed hybrid ANN-Thevenin model and demonstrate its contribution to improving dynamic battery degradation modeling, a comparative analysis was conducted against several well-established models drawn from prior literature. These include classical equivalent circuit models specifically the first order and second-order Thevenin model as well as a variety of data- driven machine learning methods, including Random Forest, XGBoost, Gaussian Process Regression (GPR), and GRU-based Recurrent Neural Networks (GRU-RNN). Each model was trained and validated on the same dataset, and their performance was evaluated using three common metrics including RMSE, MAPE, and R². A summary of the results is provided in Table 5.
The comparative results in Table 5 clearly highlight the superior performance of the proposed hybrid method. It achieves one of the lowest RMSE values (0.012), the lowest MAPE (0.974%), and a high R² of 0.992—matching or exceeding the best-performing alternative methods. This outcome demonstrates the model's strong ability to not only track the general degradation trend but also to capture subtle, nonlinear variations in battery health under dynamic conditions. This marks a substantial advancement over traditional physics-based methods, such as the first- and second-order Thevenin models, which exhibit high RMSE (1.733) and 1.093) and MAPE (8.033% and 6.181%) values. These figures reveal their limited capacity to model time-varying degradation behaviors due to their simplified assumptions and lack of temporal learning capabilities.
Among the machine learning approaches, XGBoost emerges as the most competitive method, with an RMSE of 0.011 and R² of 0.992, closely similar to the proposed model in accuracy. 

Table 5. Performance comparison of the proposed hybrid ANN-Thevenin model with existing methods
	Method
	RMSE
	MAPE
	R-squared (R²)

	The first order Thevenin [10]
	1.733
	8.033%
	0.715

	The second-order Thevenin [7]
	1.093
	6.181%
	0.765

	Random Forest [15]
	0.049
	1.733%
	0.988

	XGBoost [16]
	0.011
	1.175%
	0.992

	Gaussian process regression [20]
	0.073
	2.113%
	0.907

	GRU-RNN [18]
	0.108
	1.277%
	0.883

	Proposed hybrid method
	0.012
	0.974%
	0.992




However, XGBoost and other tree-based methods like Random Forest generally rely on static feature extraction and are not inherently suited for modeling time-series dependencies, which are crucial for degradation processes governed by dynamic stressors such as cycling, temperature, and state of charge. Similarly, GPR delivers moderately accurate results. However, it suffers from scalability issues with large datasets and may underperform when rapid degradation dynamics are present.
The GRU-RNN model is more capable of handling temporal information due to its sequential structure, yet its performance still falls short of the proposed hybrid approach. This suggests that while GRU captures short-term dependencies, it may not generalize well to complex, long-term degradation dynamics without additional physical guidance or constraints.
The strength of the proposed hybrid model lies in its integration of the Thevenin equivalent model which provides a physics-based structure for capturing electrochemical behavior with an artificial neural network that learns residual nonlinearities and temporal patterns. This synergy allows the model to retain interpretability and generalization while improving prediction fidelity under dynamic operating conditions. It reflects a growing trend in the battery prognostics field: moving from purely data-driven or purely physics-based models to hybrid paradigms that leverage the strengths of both.
Thus, rather than simply validating previous findings, this research extends the current state of the art. It provides evidence that a hybrid ANN-Thevenin ECM structure can offer high accuracy and robustness in dynamic battery degradation estimation tasks. The method is particularly promising for real-world deployment where data may be noisy, operating conditions vary over time, and physical constraints must be respected to ensure model reliability.
CONCLUSION
This study demonstrates that the proposed physics-informed neural network (PINN) effectively models the dynamic of battery degradation while maintaining high accuracy and efficiency. Compared to conventional data-driven approach LSTM and hybrid approach NODE, the proposed method balances accuracy and robustness by integrating physical constraints into the learning process. While LSTM achieves slightly better accuracy with large datasets, it struggles with outliers and performs poorly when data is limited. On the other hand, proposed PINN maintains reliable predictions even with small datasets, thanks to its physics-based formulation. Additionally, PINN significantly outperforms LSTM in computational efficiency, requiring fewer parameters, lower memory usage, and much faster inference times. These advantages make the proposed PINN a suitable approach for battery degradation modeling, particularly for real-time implementation in the condition where data and computational resources are limited. 
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