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Abstract 

Battery health monitoring is essential for ensuring the safety, longevity, and efficiency of energy 

storage systems, particularly in critical applications where reliability is important. Traditional 

methods for assessing battery degradation, such as Electrochemical Impedance Spectroscopy (EIS), 

are effective but impractical for large-scale deployment due to their time-intensive nature. This study 

introduces a novel model-based approach for estimating a critical indicator of battery aging, the 

internal resistance. Using the NASA battery dataset, specifically focusing on batteries number 5 and 

7 with NCA chemistry, a comprehensive framework that integrates advanced predictive models, i.e. 

the Random Forest Regressor (RF), the XGBoost Regressor (XGBR), the Gated Recurrent Unit (GRU), 

and the Long Short-Term Memory (LSTM) networks, was developed. The models were evaluated 

using common regression metrics, while hyperparameter tuning was accomplished to optimize 

performance. The results demonstrated that recurrent neural networks, particularly GRU and LSTM, 

effectively capture the temporal dependencies inherent in battery aging, offering more accurate State 

of Health (SOH) predictions. This approach significantly improves computational efficiency and 

prediction accuracy, paving the way for practical applications in Battery Management Systems 

(BMS). 

Keywords: LIB; SOH; data-driven method; energy systems safety 

 

1. Introduction 

Lithium-ion (Li-ion) batteries are indispensable for modern electric vehicles (EVs), portable 

electronics, and grid storage due to their high energy density and long cycle life [1]. However, the 

inevitable capacity fade and performance decline over time, demands for accurate assessment of the 

battery’s SOH to ensure safety and reliability [1,2]. SOH is commonly defined as the ratio of the 

current maximum capacity of a cell to its initial nominal capacity. The SOH reflects the current health 

state of a battery and directly indicates its capability to further deliver energy, capacity and power 

[3]. As a consequence, precise SOH estimation is important for several tasks, like estimating the 

Remaining Useful Life (RUL) and predicting the End of Life (EOL) of a cell (typically defined as the 

moment when its SOH falls below 80% of nominal capacity), optimizing charging strategies, and 

avoiding unexpected failures [2]. 

Accurate SOH estimation supports predictive maintenance, reduces operational disruptions, 

and may help to prevent safety hazards such as thermal runaway, which are usually addressed using 

model-based approaches relying on physical and electrochemical behavior of the battery [4–8]. More 

detailed electrochemical models (e.g. pseudo-2D models) capture more complicated internal 

behavior of the cell but when scaled to large battery packs they are computationally demanding, 

which consequently limits their real-time applicability [2,9].  
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In contrast, data-driven approaches use statistical approaches or machine learning techniques to 

learn patterns from historical datasets [10–14]. These methods have demonstrated strong predictive 

power and can be used in a wide variety of applications such as electric vehicles and stationary 

storage systems. The success of data-driven methods critically depends on the quality of the training 

data, avoiding overfitting or poor generalization if training data are noisy or insufficient [2,9]. These 

data are often obtained from experimental measurements [10–15], physics-based simulations [14,16], 

or open-source datasets, such as the NASA Ames, CALCE (University of Maryland), Stanford/MIT 

Fast-Charging, and Hawaii Natural Energy Institute (HNEI) datasets [17–19]. In these categories of 

data, open datasets provide transparency and reproducibility, with some disadvantages related to 

missing values, noise, and outliers, as mentioned, that can impair model accuracy if not properly 

preprocessed. For predicting SOH, it is necessary to extract health factors (HFs) usually related to 

voltage, current, and temperature signals. Some of the most used HFs in the literature include 

discharge duration, incremental capacity (dQ/dV), differential voltage (DV), and temperature-related 

features [20–22]. 

Due to the nature of SOH evolution, classical regression methods which treat samples 

independently, fail to capture temporal dependencies. Recurrent neural networks (RNNs) represent 

a type of neural network widely adopted for SOH prediction [23,24]. Among them, the LSTM and 

the GRU architectures, which mitigate vanishing gradient issues, are well suited for long-term 

dependencies [21,25–27]. Also, extensions of these RNNs such as LSTNet, which integrates 

convolutional and recurrent layers, have shown improvements in estimation of complex multivariate 

time series [28]. However, these deep models demand large amounts of training data and significant 

computational resources, posing challenges for deployment in resource-constrained BMS hardware 

[29]. 

As discussed, both model-based and data-driven approaches for SOH estimators have trade-offs 

in accuracy and complexity [2]. Among the various health indicators, the cell’s internal resistance has 

emerged as a simple, yet powerful metric of aging [30]. 

As a battery ages, its capacity gradually decreases while its internal resistance increases. This 

trend is primarily driven by two dominant aging mechanisms: Solid Electrolyte Interphase (SEI) 

growth and lithium plating [31,32]. During cycling, lithium ions are irreversibly consumed to thicken 

the SEI layer on the anode surface. As this layer grows, it creates a more resistive path for lithium-

ion transport, leading to a steady rise in internal resistance. Similarly, lithium plating, which consists 

in the deposition of metallic lithium on the anode surface, further impedes ions mobility and 

contributes to resistance increment [31–33]. These mechanisms not only reduce the cell’s available 

lithium inventory and thus its capacity, but also make internal resistance a reliable indirect indicator 

of battery aging and capacity loss. In fact, as previously reported [31,34], internal resistance is an 

effective indicator for battery aging because it reflects the cumulative effects of several degradation 

mechanisms. In other words, multiple aging processes (SEI layer thickening, active material loss, 

electrolyte breakdown, etc.) all tend to increase the cell’s resistance to current flow [31]. Practically, 

as SOH declines, the cell’s internal resistance grows and leads to greater voltage drop and heat 

generation during operation. Thus, monitoring internal resistance can represent a readily 

interpretable measure of battery health state. 

As a matter of fact, EIS-based health indicators are sensitive to cell aging and dependent on test 

conditions and models, and thus they cannot be easily used for on-line SOH estimations [9]. An 

alternative is to calculate or infer resistance through cell modeling. In particular, electrochemical–

thermal models (ETMs) of the cell can be used to calculate Ohmic resistance from observed behavior. 

This approach essentially distills a complex impedance spectrum into one effective resistance 

parameter. Tulabi and Bubbico [34] demonstrated that a single-particle model with heat balance is 

highly effective for capturing the cell’s thermal behavior, which enables accurate calibration of 

resistance. By iteratively adjusting the model’s ohmic resistance to minimize the temperature error 

against experimental data, one obtains a time-series of resistance values over cycles. Importantly, 

model-based resistance estimation can be done on-line with only standard voltage, current, and 
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temperature sensors. Unlike full EIS, no AC impedance measurement is needed. The cell’s internal 

resistance is revealed indirectly via its influence on heat generation (Joule heating), which thermal 

models can capture.  

The effectiveness of resistance as a health metric stems from its close ties to the underlying 

degradation chemistry. As emphasized by Seok et al. [31], lithium plating and SEI layer growth 

directly increase the cell’s internal resistance. Because resistance increases monotonically with 

cumulative damage, it tends to correlate strongly with loss of capacity and available power [1].  

This study addressed the limitations of conventional methods by proposing a novel hybrid 

approach for the predictive estimation of SOH of Li-ion cells. First, by incorporation of an 

electrochemical-thermal model, resistance-based features have been calculated to be used in the SOH 

prediction, by minimizing the RMSE of simulation and NASA dataset in each cycle. Then, extracted 

resistance time-series, are fed to two Ensemble tree-based models and two recurrent neural network-

based models, in order to find the best and the most accurate model. The proposed approach 

considered both cycling aging and calendar aging, represented by the cycle number and the day of 

the experiments, respectively, which are crucial for accurate forecasting. The predictive models 

employed included traditional machine learning algorithms, i.e. the Random Forest Regressor (RF) 

and the XGBoost Regressor (XGBR), alongside deep learning architectures, the Gated Recurrent Units 

(GRU) and the Long Short-Term Memory (LSTM) networks. These models have been rigorously 

evaluated using Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) values to 

determine their effectiveness in SOH estimation. 

2. Methods 

The State of Health (SOH) is one of the indicators adopted for estimating the End-of-Life of a 

battery [15–18], it reflects a battery’s aging level, and it is calculated by the following ratio (Equation 

1): 

𝑆𝑂𝐻𝑐=𝑐1
=  

𝑄𝑐=𝑐1

𝑄0
 (1) 

where 𝑄0 is the nominal capacity of the cell and 𝑄𝑐=𝑐1
 is the maximum capacity of cell after c1 cycles. 

2.1. Data Collection and Preprocessing 

The dataset utilized in this study is the NASA battery degradation dataset developed by Saha et 

al. [35]. It consists of measurements on 18650 lithium-ion batteries with nickel-cobalt-aluminum 

(NCA) chemistry and a nominal capacity of 2 Ah, tested under controlled charging, discharging, and 

Electrochemical Impedance Spectroscopy (EIS) conditions. For training and evaluating the models 

under investigation, batteries No. 7 and 5 were selected for this study due to their complete set of 

data on discharge cycles and their clearly observable degradation trends over their operational 

lifespan. These batteries were cycled using a constant-current constant-voltage (CCCV) charging 

protocol, followed by constant-current discharging to a specified voltage cutoff, all under a stable 

ambient temperature of 297.5 K. The dataset offered detailed measures of voltage, current, and 

temperature, providing comprehensive information for battery health state modeling and analysis, 

as illustrated in Figure 1. 
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(a) (b) 

Figure 1. Battery No. 7 measured data [35]: (a) Capacity vs no. of Cycle; (b) Temperature vs time during 1st, 80th 

and 160th discharges. 

As capacity measures during discharge were available for batteries no. 7 and 5, SOH was 

calculated and set as a single output for the data-driven methods adopted in the present analysis. 

Three key features were selected for the SOH prediction model, based on their relevance to 

battery degradation mechanisms: 

• Cycle Number, accounting for actual operation of the cell (cycling aging), 

• Date of Measurement, which represents the number of calendar days since the start of operation 

and accounts for time-based degradation (calendar aging), even when the battery is not in use, 

• Internal Resistance, which reflects both cycling and structural degradation, as resistance 

typically increases with age, affecting performance and heat generation. Three types of 

resistances were considered: a) the electrolyte resistance (Re), representing the ionic resistance of 

the electrolyte and separator, b) the charge transfer resistance (Rct), which reflects the kinetic 

barrier to lithium-ion intercalation and deintercalation at the electrode–electrolyte interface, and 

c) a fitted resistance value. The latter parameter was derived from simulations, as discussed in 

detail in the following section, while the two former resistances were both obtained from the 

NASA dataset [35]. 

An iterative optimization process was introduced for resistance fitting. The procedure consisted in 

creating a base cell model in COMSOL Multiphysics environment, with the cell configurations 

corresponding to the NASA dataset [35], and the maximum capacity of the cell during discharge, 

calculated by Equation 2  

𝑄𝑐=𝑐1
=  ∫ 𝐼(𝑡). 𝑑𝑡

𝑡1

𝑡0

 (2) 

where the 𝑄𝑐=𝑐1
is the maximum capacity of the cell after c1 discharge cycles, and 𝐼(𝑡) is the current 

during discharge and t is the time in the discharge process, and t0 and t1, is the time when the battery 

completely charged, and completely discharged, respectively. 

As can be expected, with different values of resistance, different trends can be calculated for the 

mean temperature of the outer layer of the cell. The optimization task with the root-mean-square 

error (RMSE), calculated by Equation 3, as an error function, was used to find the best fitted 

temperature trend on the trend available from NASA dataset: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2 (3) 

where 𝑦𝑖, 𝑦𝑖̂ are the actual and predicted values, respectively, and n is the number of observations. 

The model configuration yielding the lowest RMSE was chosen as the best fit for each cycle. 

The base model was created by introducing some further adjustments in previous results [34], 

as follows. 
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The model inferred the cell's internal resistance from its thermal response during each discharge 

phase, captured through temperature-time profiles represented by Equations 4 – 6: 

∂(ρcpT)

∂t
=  −∇(k∇T) + 𝐼(𝜂𝐼𝑅 + 𝜂𝑎𝑐𝑡,0 + 𝜂𝑐𝑜𝑛𝑐,0) (4) 

𝜂𝐼𝑅 =  𝑅𝑐ℎ𝑎𝑛𝑔𝑒𝐼𝑐𝑒𝑙𝑙 (5) 

𝑅𝑐ℎ𝑎𝑛𝑔𝑒 = 𝑅𝑜ℎ𝑚,0 + 𝑅∆ (6) 

In these equations ρ denotes the density of the system, cp is the specific heat capacity, and k 

represents the thermal conductivity. The terms 𝜂𝐼𝑅 , 𝜂𝑎𝑐𝑡,0 , and 𝜂𝑐𝑜𝑛𝑐,0  correspond to the ohmic 

overpotential of the aged cell, the activation overpotential of the fresh cell, and the concentration 

overpotential of the fresh cell, respectively. For the aged cell, the effects of activation and 

concentration overpotentials were incorporated into the overall ohmic resistance to capture 

degradation-induced changes in internal resistance. The resistive components — 𝑅𝑐ℎ𝑎𝑛𝑔𝑒 , 𝑅𝑜ℎ𝑚,0 , 

and 𝑅∆  — represent, respectively, the degraded cell resistance (including ohmic, activation, and 

concentration contributions), the ohmic resistance of the fresh cell, and the change in internal 

resistance resulting from aging. In this study, fitted resistance refers to 𝑅𝑐ℎ𝑎𝑛𝑔𝑒. 

The fitting process was automated in Python v3.9 using MPH library connected to COMSOL 

Multiphysics for modeling of a single lithium-ion cell. 

2.2. Correlation Analysis of the Selected Features 

To verify the correlation between the selected health factor and SOH, Pearson correlation 

coefficients (PCC) were used to calculate the degree of correlation between the resistance and SOH. 

PCC is a statistical measure used to assess the linear correlation between two variables. By calculating 

PCC, the effectiveness of the selected parameter in battery SOH estimation can be determined [36]. 

The greater the absolute value of PCC, the stronger the correlation between the feature and the 

capacity. The PCC calculation formula is: 

𝑃𝐶𝐶 =  
∑(𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)

√∑(𝑥𝑖 − 𝑥)2 ∑(𝑦𝑖 − 𝑦)2
 (7) 

where 𝑥𝑖  and 𝑦𝑖  respectively represent the i-th sample value of variables x and y, and 𝑥  and 𝑦 

respectively represent the sample means of variables x and y. 

2.3. Predictive Modeling 

For this study, four models, two decision tree-based models, the RF and XGBR, and two 

Recurrent Neural Network-based models, the GRU and LSTM models, have been used for estimating 

the state-of-health of the cell. 

Random Forest is a widely used ensemble learning algorithm that aggregates the outputs of 

multiple decision trees to produce a single, robust prediction. It operates by selecting random 

samples from the training dataset with replacements, called bootstrapping, so the data can appear in 

multiple samples. Each tree then is trained on a different sample, and the final prediction is obtained 

by averaging (by regression) across all trees. The second method, XGBoost, is a powerful gradient 

boosting algorithm that builds an ensemble of decision trees sequentially to improve prediction 

accuracy. It begins with a simple initial prediction and calculates the residual errors between the 

predicted and actual values. Each subsequent tree is trained to correct these residuals, progressively 

refining the model. By iteratively focusing on the remaining errors, XGBoost enhances performance 

with each added tree. It continuously minimizes a loss function to guide improvement and stops 

when certain criteria, such as reaching a maximum number of iterations or achieving minimal gain, 

are met, ensuring a balance between accuracy and complexity. These methods reduce variance and 

improve generalization, making them particularly suitable for noisy datasets such as battery 

measurements. 
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RNNs are designed to handle sequential data by maintaining a hidden state that captures 

temporal dependencies. However, traditional RNNs struggle with learning long-term patterns due 

to the vanishing gradient problem. To address this issue, advanced variants like the LSTM networks 

and the GRUs method were developed. LSTM networks manage long-term dependencies through a 

cell state regulated by three gates, input, forget, and output, that determine how information is 

stored, discarded, or passed on. GRUs offer a more streamlined approach by merging the input and 

forget gates into a single update gate and unifying the cell and hidden states, which reduces 

complexity and speeds up training.  

To prevent overfitting and evaluate the model’s generalization performance, the dataset will be 

randomly split into training and testing sets, with 20% of the data reserved for testing. All 

computations have been performed using Python v3.9, utilizing the open-source libraries scikit-learn 

v1.7 and TensorFlow v2.16. 

In addition to the above-mentioned RMSE (equation 3), the Mean Absolute Error (MAE) was 

also used for comparison of the models. Its formulation is presented in equation 8. 

𝑀𝐴𝐸 =  
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂| (8) 

where, 𝑦𝑖 and 𝑦𝑖̂ are the actual and predicted values of the output parameter, respectively, and n is 

the number of observations. 

2.4. Model Optimization and Evaluation 

In machine learning approach, there are two sets of parameters: learnable, or model, parameters 

and hyperparameters, or tuneable parameters. Model parameters are set during the model training, 

while the hyperparameters have to be set manually before the training. Common techniques for 

hyperparameter optimization include Grid Search, Randomized Search, Bayesian Optimization, etc. 

Hyperparameter tuning is computationally intensive but crucial for achieving optimal model 

performance [24].  

For hyperparameter tuning of the models studied, a Bayesian method, i.e. the Tree-structured 

Parzen Estimator (TPE) method was selected. TPE is a specialized variant of Bayesian Optimization 

that models the objective function using conditional probability densities for both good and bad 

configurations. Its use of non-parametric models makes it highly scalable and effective for high-

dimensional hyperparameter spaces. The TPE improves hyperparameter optimization by modeling 

two probability distributions: one for good configurations and one for poor ones. Rather than 

modeling the objective function directly, TPE selects new hyperparameters by maximizing the ratio 

of these distributions, which aligns with maximizing Expected Improvement (EI). For instance, if the 

objective function is the model's validation loss (such as mean squared error), TPE evaluates 

hyperparameter configurations that are more likely to yield a loss lower than a threshold, which 

typically represents the best performance observed so far. This strategy effectively focuses the search 

on regions of the hyperparameter space that are more likely to improve performance [37]. 

One of the main concerns in data-driven modelling is overfitting, meaning that the model will 

perform well on the training data but poorly on unseen data. To avoid this and to select the model 

which generalizes better, after training the models with the data referred to battery no. 7, the behavior 

of the models on battery no. 5 data (i.e. data not used for model training) has been evaluated. 

Finally, missing data is a common challenge in real-world datasets, often caused by sensors 

malfunctions, communication errors, or data logging failures [38]. These missing values can 

significantly degrade the performance of machine learning models by introducing bias, reducing 

statistical power, and affecting the model's ability to generalize. To address this issue, the model has 

been tested under conditions simulating real-world data imperfections by randomly introducing 2, 

5, 10, 20, 30 and 50% missing values of unseen data for battery no. 5. This approach allowed 

evaluating the model’s robustness and its capability to handle incomplete inputs effectively. 

3. Results 
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3.1. Fitted Resistance 

Figure 2 illustrates the evolution of three resistance type parameters for Battery No. 7 from the 

NASA dataset over different cycles: the electrolyte resistance (Re), the charge-transfer resistance (Rct) 

obtained from EIS data available in NASA dataset, and the fitted ohmic resistance (Fitted Rohm) 

estimated through electrochemical–thermal simulations. As can be seen, the calculations exhibit some 

noises, primarily attributed to the fitting process, where RMSE was used as the evaluation metric. 

Since RMSE is sensitive to outliers and not fixed, some fluctuations are observed in the results. All 

three resistances exhibit an increasing trend as the number of cycles progresses, reflecting the 

progressive degradation of the cell. Rct (blue line) has the highest absolute values and shows the most 

pronounced growth with cycling, consistent with the slowing electrode kinetics caused by SEI 

thickening and loss of active sites. Re (light green) remains lower in magnitude and increases more 

gradually, indicating moderate contributions from electrolyte and ionic transport aging. The fitted 

resistance (dark green) follows a trajectory closely aligned with the EIS-derived parameters, lying 

between Re and Rct throughout cycling. This alignment demonstrates that the fitted resistance 

successfully captures the overall degradation dynamics without requiring detailed EIS 

measurements. 

Overall, the results represented in Figure 2, confirm that all resistance components increase with 

age, and the strong agreement between the fitted resistance and the EIS-derived resistances supports 

the use of a simulation-based fitted resistance, which closely follow the degradation trends observed 

in the literature [33], as a reliable and cost-effective health indicator for SOH estimation. 

 

Figure 2. Resistances trends relative to NASA cell no. 7. 

Figure 3, presents the root mean square error (RMSE) of the temperature profiles for each cycle 

in simulation, relative to the corresponding temperature profiles in the NASA dataset: the values 

initially lie in a relatively narrow band around 0.42–0.46, indicating that the simulation-based fitted 

resistance closely matches the experimental data in the early stages of battery life. This stable trend 

suggests that during initial operation, the dominant degradation mechanisms such as SEI formation 

and minor electrolyte changes are well captured by the single resistance parameter, resulting in low 

residual error. The model remains a reliable predictor of the cell’s internal resistance and its relation 

to state of health. 
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Figure 3. RMSE for fitted resistance (data for Battery no. 7). 

As cycling progresses, the graph shows a clear rise in RMSE toward 0.50–0.57, representing a 

temporary loss of model accuracy. Physically, this spike corresponds to the onset of more complex 

degradation processes such as electrolyte depletion, and non-uniform current distribution, which 

cannot be fully represented by a single fitted resistance value. These effects increase the discrepancy 

between experimental values and model predictions. Interestingly, the RMSE trend later returns 

closer to the baseline (~0.45–0.47), suggesting that the battery enters a more stabilized degradation 

regime where resistance growth again follows a predictable path. Thus, the RMSE curve itself 

provides insight into different phases of aging: early predictable growth, mid-life complexity, and 

late-stage stabilization. 

Table 1 compares the PCC of charge transfer resistance (Rct), electrolyte resistance (Re) from EIS, 

and the simulation-derived fitted resistance against battery SOH. All three show strong negative 

correlations, confirming that resistance increases as capacity declines. Notably, fitted resistance 

exhibits nearly the same correlation strength as the EIS-derived parameters, demonstrating that a 

single fitted resistance can effectively capture the same degradation trends as multiple impedance 

components. This result, which is in agreement with other results reported in the literature [30,39], 

further highlights the potential of fitted resistance as a simpler, cost-effective substitute for traditional 

EIS measurements in SOH estimation. 

Table 1. PCC results for Resistance against SOH. 

Parameter PCC 

Rct -0.94479 

Re -0.96460 

Fitted Resistance -0.96240 

3.2. Models Performance 

As can be seen in Figure 4, after replacing the separate EIS-derived features (Re, Rct, and their 

combination) with a single COMSOL-fitted ohmic resistance (Fitted Resistance), all four models 

retain, or even improve, their predictive accuracy, while greatly simplifying the input set. When 

using the Fitted Resistance, the LSTM model achieves the same optimal performance obtained with 

the EIS combination with a marginally lower MAE.  

Most notably, the Random Forest model actually benefits from the switch to Fitted Resistance: 

its MAE falls to just 0.0017 (vs. 0.00199 for Rct and Re). XGBoost displays only a minor decrease in 

accuracy with Fitted Resistance —MAE of 0.0016 vs. 0.00147—yet it still outperforms all RNNs by an 

order of magnitude. 
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These results demonstrate that a single, fitted value of the ohmic resistance can effectively 

outperform the more complex, multi-parameter EIS analysis without loss of predictive accuracy, and, 

in particular, in the case of the Random Forest approach, this capability is actually improved. As a 

consequence, in the case of practical SOH-estimation workflows, using Fitted Resistance can reduce 

measurement and feature-engineering complex calculations, still yielding model performance 

comparable with EIS-based approach for calculating the resistance. 

  

(a) (b) 

Figure 4. Results for training of the four models for different sets of inputs, (a) RMSE, (b) MAE 

3.3. Generalization Ability of Models for SOH Calculations 

To assess how well each model truly captures the underlying degradation dynamics, rather than 

merely memorizing the training cells, the models were evaluated on a completely new set of battery 

data. In this unseen-data test, the output and the standard regression metrics (MAE and RMSE) were 

computed to quantify their generalization ability outside the original training data. 

When evaluated on entirely new cells, the GRU model exhibited the strongest generalization 

capability, achieving the lowest MAE and RMSE (respectively 0.0177 and 0.0243 in Table 2). This 

indicates that it captures the underlying degradation patterns more effectively than the other models, 

without overfitting the training data. 

RF and XGBR deliver very similar performances (MAEs around 0.023–0.024) showing that they 

can generalize well but with slightly higher residual errors than GRU. The LSTM behaves worst on 

unseen data (MAE = 0.0319), suggesting that it may have over-specialized to the training set or 

struggled with limited new-cell variability. All metrics results are summarized in Table 2. While tree-

based methods remain competitive, the GRU’s architecture offers superior generalization capability 

for SOH prediction on truly novel batteries, likely because its simpler gating mechanism is sufficient 

to model degradation trends without overfitting. The findings of this study align well with the model 

performance metrics reported in the literature [9] indicating that the proposed physics-constrained 

approach offers strong generalization capability for predicting SOH on previously unseen cells. 

Table 2. Four models metrics report for unseen data. 

Model MAE (-) RMSE (-) 

RF 0.02322 0.0287 

XGBR 0.02377 0.02868 

GRU 0.01773 0.0243 

LSTM 0.0319 0.0406 

3.4. SOH Prediction with Missing Data 

To evaluate the robustness of the GRU-based SOH predictor under sensors unavailability 

conditions, a series of random dropout experiments on an entirely unseen cell (Battery no. 5), were 
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conducted, and the results are reported in Table 3. In evaluation phase, between 2 % and 50 % of the 

input sensor streams (in this scenario entire input row) were randomly dropped, and key regression 

metrics (MAE and RMSE) were recorded. Remarkably, up to a 10 % sensor loss, the model’s MAE 

exhibited an almost constant MAE, which only slightly increases at losses higher than 10%, and only 

at the extreme of 50 % dropout did performance meaningfully decline (MAE = 0.0245), indicating a 

slight degradation rather than a full failure. 

Table 3. Best model on sensor failure scenarios (random failure) - performance on battery no. 5 (unseen data) - 

GRU. 

Missing Data MAE (-) RMSE (-) 

2 % 0.0180 0.02457 

5 % 0.01792 0.02435 

10 % 0.01811 0.02469 

20 % 0.01848 0.02510 

30 % 0.01938 0.02622 

50 % 0.02448 0.0303 

This resilience arises from the GRU’s ability to capture temporal dependencies and exploit cross-

sensor redundancies in the time-series data. The recurrent gates allow the network to infer missing 

information from historical context and remaining signals, effectively “filling in” gaps caused by 

sensor outages. As more data streams vanish, the model’s uncertainty naturally grows, but its 

sequential memory and learned correlations enable it to sustain accurate SOH estimates until the 

information becomes too sparse. Such robustness to partial sensor failure makes the GRU architecture 

particularly well suited for deployment in battery management systems, where intermittent sensor 

faults and communication losses are an operational reality. 

4. Conclusions 

This study investigated the use of internal resistance as a cost-effective and simple indicator for 

lithium-ion battery state-of-health (SOH) estimation. By comparing the electrolyte resistance (Re) and 

the charge transfer resistance (Rct) obtained from electrochemical impedance spectroscopy (EIS) 

measurements with a single fitted resistance derived from electrochemical–thermal simulations, it 

was shown that the fitted resistance can reliably capture the degradation behavior of the battery 

without requiring expensive or time-consuming impedance measurements. The strong negative 

correlations between capacity and all three resistance values confirm that internal resistance is a 

robust predictor of SOH. Importantly, fitted resistance exhibited nearly identical correlation strength 

to EIS-derived parameters, highlighting its potential as a practical substitute. 

Across all the four model classes adopted for SOH prediction (LSTM, GRU, Random Forest, and 

XGBR), using Fitted Resistance simplified the feature set without sacrificing accuracy. Deep-learning 

RNNs (LSTM, GRU) retained their low-error performance, while tree-based methods further 

improved it. Crucially, when challenged with completely unseen cells, the GRU model achieved the 

highest generalization capability, closely followed by the Random Forest and XGBR models. LSTM 

underperformed slightly, suggesting its greater parameter count may over-specialize to training data. 

Finally, under simulated sensor-failure scenarios on a novel battery, the GRU maintained robust 

performance, holding low error with random sensor dropout even higher than 10 %, and degrading 

only beyond 30 % loss, underscoring its resilience in real-world BMS applications. 

In conclusion, by unifying impedance inputs into a single, representative resistance indicator, 

SOH estimation workflows can be greatly streamlined: fewer measurements, and simpler 

preprocessing will be required, still achieving state-of-the-art accuracy and robustness. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

EIS Electrochemical Impedance Spectroscopy 

RF Random Forest Regressor 

XGBR XGBoost Regressor 

GRU Gated Recurrent Unit 

LSTM Long Short-Term Memory 

SOH State of Health 

BMS Battery Management Systems 

LIB Lithium ion battery 

Li-ion Lithium-ion 

EV Electric Vehicle 

RUL Remaining Useful Life 

EOL End of Life 

HF Health Factor 

DV Differential Voltage 

RNN Recurrent Neural Network 

SEI Solid Electrolyte Interphase 

ETM Electrochemical–Thermal Model 

RMSE Root Mean Square Error 

MAE Mean Absolute Error 

NCA Nickel-Cobalt-Aluminum 

CCCV Constant-Current Constant-Voltage 

PCC Pearson Correlation Coefficient 

TPE Tree-structured Parzen Estimator 

EI Expected Improvement 
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