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 An important component for the dependable and safe utilization of lithium-

ion batteries is the ability to accurately and efficiently predict 

their remaining useful life (RUL). In this research, a long short-term 

memory recurrent neural network (LSTM RNN) model is trained to learn 

from sequential data on discharge capacities across different cycles and 

voltages. The model is also designed to function as a cycle life predictor for 

battery cells that have been cycled under varying conditions. By leveraging 

experimental data from the NASA battery dataset, the model achieves a 

promising level of prediction accuracy on test sets consisting of 

approximately 200 samples. 
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1. INTRODUCTION  

Lithium-ion batteries are widely employed in electronic devices due to their high energy density, 

affordability, and longevity. Measuring the remaining useful life (RUL) of these batteries is essential to 

understand their lifespan, and this is accomplished by a battery management system (BMS). The BMS 

provides a future forecast of the battery's life. However, this task is challenging because battery mathematical 

models are not standardized. Each manufacturer develops their own model based on varying physical 

properties. 

A substantial number of exemplary research studies have been conducted to predict the RUL of 

batteries. This study focuses on forecasting the battery charge-discharge cycle, which may contribute to more 

accurate RUL predictions. The objective of model-based approaches is to develop mathematical or semi-

empirical models that elucidate the relationships among internal processes, operating conditions, and battery 

capacity degradation. 

Previous studies discussing battery life and neural networks are reviewed further. The works in [1]-

[4] explore battery models, examining the decrease in electrolyte volume percentage and the depletion of 

cyclable lithium. The particle filter [5] is a fundamental method commonly employed and integrated with 

various theories and strategies for enhancement. Examples include the Dempster-Shafer Theory [6] and the 

Akaike information criterion [7]. However, model-based solutions consistently face challenges due to the 

lack of reliable aging models and the issue of particle degeneracy. 

Data-driven approaches, unlike model-based methods, do not require a mathematical or semi-

empirical model. Instead, they rely on experimental data from battery cycling. To develop accurate life 

predictions, it is essential to extract relevant features from the data. 

https://creativecommons.org/licenses/by-sa/4.0/
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Severson and colleagues [8] examine a novel characteristic that shows a strong correlation with 

cycle life, based on variations in discharge capacities as functions of cycles and voltages. Alongside 

conventional linear regression methods, this approach yields promising results for predicting cycle life before 

noticeable capacity degradation—using only data from the first 100 cycles. The trait discussed in [8] only 

considers the change between cycles 100 and 10. When additional cycles (e.g., cycle 20, cycle 30, etc.) are 

included, one might wonder whether the model's predictive accuracy improves. Discharge capacities at 

different voltages can be represented across cycles, where each time step corresponds to a cycle, and the 

discharge capacities during that cycle represent the time step. It is possible to organize discharge capacities of 

different voltages in a specific sequence. Therefore, it is crucial to use a dataset of battery discharge capacities 

(as a function of voltage and cycle) to determine how long each capacity value will last across cycles. 

Using the right model to learn from sequential data on capacity loss is vital. Given the presence of 

internal states that convey information about capacity degradation, recurrent neural networks (RNNs) may be 

a suitable choice. This topic has been explored in [9], [10]. Additionally, long short-term memory (LSTM) 

RNNs are effective in capturing long-term dependencies, which are essential for modelling capacity 

degradation over time, as they address the "gradient vanishing" problem. Researchers in [11]–[15] discuss the 

application of LSTM RNNs for predicting battery RUL. Their performance surpasses that of support vector 

machines (SVMs) and standard RNNs. While model-based methods offer interpretability and are grounded in 

physical principles, they often struggle with adapting to complex and varying battery aging behaviors. Data-

driven approaches, such as LSTM RNNs, excel at capturing nonlinear patterns and handling diverse 

conditions but require large, high-quality datasets. This study leverages the strengths of data-driven modeling 

to achieve accurate cycle life predictions using sequential discharge data. Recent literature on regression and 

battery modelling includes: 

− The novel auto-regression nested sequence (ARNS) method [16]. 

− Extraction of indirect health indicators (IHIs) [17]. 

− Active charge balancing (ACB) [18]. 

− Random forest (RF) regression estimator [19]. 

− Complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) [20]–[22]. 

− Effective battery SOH prediction [22]. 

− Particle filtering (PF) [23]. 

− A review study [24] examining the feasibility and economics of "Big Data" analytics-based battery 

health estimation. 

− Bayesian non-parametric Gaussian process regression [25], which presents an extensible health 

estimation model. 

This study aims to integrate several key features identified in previous research by inputting 

sequential data of charge and discharge capacities at different voltages and cycles into an LSTM RNN model. 

This approach shows potential for further improvements by: 

− Eliminating the need for manual feature extraction. 

− Analysing future charge and discharge cycle data for up to 200 samples. 

− Predicting cycle durations with satisfactory accuracy using fewer inputs. 

− Reducing associated costs. 

 

 

2. METHOD  

The LSTMRNN model is designed for the appropriate battery data set. This section details the 

LSTMRNN model MSE equation. Then the results section details the actual implementation. In the LSTM 

RNN model, the number of LSTM layers and the input sequence length (e.g., 100–300 cycles) determine 

how well the model captures temporal dependencies in battery degradation. The tanh activation function is 

commonly used in LSTM cells to regulate the flow of information, while dropout regularization (typically 

0.2–0.5) helps prevent overfitting by randomly deactivating neurons during training. Together, these 

components enhance the model’s ability to generalize across varying battery conditions and cycle patterns. 

 

2.1.  LSTMRNN model 

In this LSTMRNN [12], the input layer is fed into the LSTM layer. This RNN LSTM is better in 

convergence and accuracy. In this, the MSE is minimized, and the algorithm always tries to minimize the MSE.  

 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑆𝑖̿ − 𝑆𝑖)

2
 (1) 
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The rate of learning is 1e-3, and the Adam optimizer is used here for the training. The training and testing of 

the LSTMRNN is done in the MATLAB software 2023b. The system used here is AMD Ryzen 4000 series, 

with 16 GB RAM and NVIDIA RTX 1080 graphics card. The flow chart of the LSTM RNN implementation 

procedure is stated as shown in Figure 1. 
 

 

 
 

Figure 1. Flow chart of the LSTM RNN implementation procedure 
 

 

3. RESULTS AND DISCUSSION 

By iterating over time steps and changing the RNN state, an LSTM network processes incoming 

data sequentially. All previous time steps are stored in the RNN state. An LSTMRNN may predict future 

values of a time series or sequence using previous time steps. Create a regression LSTMRNN with sequence 

output to train an LSTMRNN for time series forecasting. The replies (targets) are the training sequences with 

values displaced by one time step. At each input sequence time step, the LSTMRNN learns to predict the 

next time step.  

Two forecasting methods exist: open loop and closed loop. Open-loop forecasting predicts the next 

time step using just input data. Actual values from your data source are used to predict future time steps.  

Closed-loop forecasting uses past forecasts to predict future time steps. Actual values are not needed for the 

model to predict. The Waveform dataset contains 2000 synthetic waveforms of various lengths across three 

channels used by this software. The example uses closed-loop and open-loop forecasting to let an LSTM 

neural network predict future waveform values from past time step values.  
 

3.1.  Load data 

Figure 2 shows the structure of the data used in the analysis. This data is taken from the 

NASADATA set. It has four mat files in it. They are B0005, B0006, B0007 and B0018. In this B0018 is a 

totally impedance dataset which is not similar to others. So, we neglected the B0008 in the training. 
 

 

 
 

Figure 2. The structure of the DATA for the battery used in this analysis 
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3.2.  Define LSTMRNN architecture 

An LSTMRNN layer consisting of 128 hidden units should be implemented. A sequence input layer 

should be used, and the size of the input should be determined by the number of channels present in the input 

data. The quantity of hidden units is the determining factor in the amount of information that the layer is able 

to gather. The use of more hidden units has the potential to improve accuracy, but it also raises the possibility 

of excessive fitting to the dataset that was used for training. Incorporating an entirely connected layer with an 

output size that matches the number of input channels is necessary in order to generate sequences that contain 

the same number of channels as the data that is being entered. Additionally, a regression layer should be 

incorporated.  

In practical applications such as BMS in electric vehicles EVs, the distinction between closed-loop 

and open-loop prediction results is critical. Open-loop prediction involves estimating battery health or RUL 

based solely on initial data inputs, without incorporating feedback from ongoing battery performance. This 

approach is computationally efficient and suitable for early diagnostics or offline analysis but may become 

inaccurate over time as battery conditions evolve due to factors like temperature, load, and aging. In contrast, 

closed-loop prediction continuously updates its forecasts using real-time data, making it highly adaptive and 

robust. This dynamic feedback mechanism is essential for real-time BMS operations, enabling proactive 

maintenance, fault detection, and optimized charging strategies. Closed-loop systems enhance safety by 

identifying anomalies early, improve efficiency by extending battery life, and contribute to cost savings and 

better user experience through reliable range estimation. From a machine learning perspective, open-loop 

resembles one-shot prediction, while closed-loop aligns with sequence-to-sequence learning with feedback, 

often implemented using recursive forecasting or online retraining in models like LSTM. Cases: i) Case 1: 

Dataset: B0005; ii) Case 2: Dataset: B0006; and Case 3: Dataset: B0007. Case 1 deals with the B0005 

dataset, case 2 deals with the B0006 dataset, and case 3 deals with the B0007 dataset. 

Figure 3 shows the convergence graph for case 1, where the iteration is 400. The epochs to display 

are 200. The iteration per epoch is 2. The learning rate is set to 0.001. Figure 4 convergence graph for case 2, 

where the iteration is 400. The epochs to display are 200. The iteration per epoch is 2. The learning rate is set 

to 0.001. Figure 5: convergence graph for case 3, where the iteration is 400. The epochs to display are 200. 

The iteration per epoch is 2. The learning rate is set to 0.001. 

 

 

 
 

Figure 3. Convergence graph for case 1 

 

 

A frequency vs. RMSE plot is typically used to evaluate the distribution of prediction errors (root 

mean square error) across different test samples or model runs. Here's what it means: 

− X-axis (RMSE): Represents the range of RMSE values obtained from predictions—lower values 

indicate better accuracy. 

− Y-axis (Frequency): Shows how often each RMSE value (or range) occurs across the dataset or multiple 

experiments. 
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Figure 6 shows the frequency vs RMSE value with binary bins for case 1. Here it shows that the RMSE 

between 0 to 1 is more compared to others. This shows the model trained is close to the original. Figure 7 

shows the frequency vs RMSE value with binary bins for case 2. Here, it shows that the RMSE between 0 to 

1 is higher compared to others. This shows the model trained is close to the original. Figure 8 shows the 

Frequency vs RMSE value with binary bins for case 3. Here, it also shows that the RMSE between 0 to 1 is 

higher compared to others. This shows the model trained is close to the original. 

 

 

 
 

Figure 4. Convergence graph for case 2 

 

 

 
 

Figure 5. Convergence graph for case 3 
 

 

Table 1. RMSE for all the cases 
Cases RMSE 

Case 1 0.2335 

Case 2 0.2376 

Case 3 0.2250 
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Figure 6. Frequency vs RMSE value with binary bins 

for case 1 

 

Figure 7. Frequency vs RMSE value with binary bins 

for case 2 

 

 

 
 

Figure 8. Frequency vs RMSE value with binary bins for case 3 
 

 

The case-wise RMSE is shown in Table 1. Figures 9, 10, and 11 show the six data used for training: V 

measured, I measured, Temperature measured, charge current, change voltage, and time taken for case 1, case 2, 

and case 3, respectively. Figure 12 shows the open-loop prediction/forecasting for case 1. Figure 13 shows the 

open-loop prediction/ forecasting for case 2. Figure 14 shows the open-loop prediction/forecasting for case 3. 
 
 

  
 

Figure 9. Case 1: the six data used for training V 

measured, I measured, temperature measured, charge 

current, change voltage, and time taken 

 

Figure 10. Case 2: the six data used for training V 

measured, I measured, temperature measured, charge 

current, change voltage, and time taken 
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Figure 11. Case 3: the six data used for training V measured, I measured, temperature measured, charge 

current, change voltage, and time taken 

 

 

  
 

Figure 12. Open-loop prediction/forecasting for 

case 1 

 

Figure 13. Open-loop prediction/forecasting for case 2 

 

 

 
 

Figure 14. Open-loop prediction/forecasting for case 3 
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This shows that the open-loop prediction is close enough to the original data. The blue line shows 

the original data. The dotted orange line shows the predicted data. The orange line falls on the blue. Which 

means the open-loop forecast is accurate. 

Figure 15 shows the closed-loop prediction/forecasting for case 1. Figure 16 shows the closed-loop 

prediction/forecasting for case 2. Figure 17 shows the open-loop prediction/forecasting for case 3. This 

shows that the closed-loop prediction for 200 samples shows the future of the cell behavior for the next 200 

sample times. The blue line solid one shows the actual values, and the dotted orange line shows the 

forecasted ones. In the article [26], the authors report the following performance metrics: The multi-channel 

LSTM model achieves a root mean square error (RMSE) ranging from 0.47% to 1.88%. In our case, we got 

0.2% approx. 

 

 

  
 

Figure 15. Case 1: closed loop forecast for 200 data 

 

Figure 16. Case 2: closed loop forecast for 200 data 
 

 

 
 

Figure 17. Case 3: closed loop forecast for 200 data 

 

 

4. CONCLUSION  

The purpose of this work is to construct an LSTM RNN model for the early prediction of the cycle 

life time of battery cells. The input data consists of cycle sequences of capacities within charge and discharge 

windows. This feature is closely associated with cycle lifetime. Within the first 300 samples of data, our 

model achieves root mean square error (RMSE) values that are satisfactory on the primary test set. 

Additionally, the model demonstrates acceptable prediction performance on the secondary test set by 

utilizing fewer cycles of data, made possible through the application of data augmentation during training. In 
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summary, this work aims to explore an LSTM RNN model that leverages a novel input format of sequential 

data. The model shows potential to reduce the number of early cycles required for accurate cycle life 

predictions. 
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