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Abstract
Lithium-ion batteries find great use in critical power

requirement in electric vehicles, renewable energy storage
systems, aerospace and aviation, medical devices and
substation DC systems. These systems require reliable
operation and higher safety considerations thereby preventing
catastrophic failures. Real time monitoring of critical battery
parameters such as capacity, voltage, current and temperature
is paramount for predictive maintenance. Several Machine
Learning based techniques such as Decision Tree Regression,
Random Forest, Support Vector Regression, Gaussian Process
Regression and Long-Term Short Memory can be used to
predict the Remaining useful life (RUL) of batteries. In this
study, three machine-learning models are considered. These
are the Random Forest (RF), which represents the ensemble
methods class of machine learning. Support Vector Regression
(SVR), representing the classical regression models class and
the Long-Term Short Memory (LSTM) representing the deep
learning/sequence models class. The selected models are on
the basis of being good representative of each class of Machine
– Learning models. The methodology used include
downloading and loading in MATLAB the online NASA data
set. Exploratory data analysis in MATLAB, preparing the Data
for Machine Learning, Implementing the three Machine
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Learning Models, Comparing the Models and making
Remaining Useful Life (RUL) predictions. The performance
parameters such as the Root Mean Square Error (RMSE) and
the Statistical Correlation Coefficient �� are analysed to find
the Model performance in predicting RUL. The LSTM
performed better than Random Forest in accuracy and long-
term prediction. The technique is complex and slower to train.
However, the SVR model performs better with hyper-
parameter tuning. The study contributes to the increasing
body of Machine Learning techniques in predictive
maintenance. Routine checking done practically usually
requires work force. Predictive maintenance, allow for real
time monitoring according to the model developed and
corrective action taken. The study provides techniques for
predictive maintenance, for batteries and other system with
measurable raw operational data. Further research may be
required on the integration of different Machine Learning
based techniques in predicting the RUL. This improves the
prediction accuracy, robustness and adaptability.

1. INTRODUCTION
Lithium-ion batteries find great use in power sensitive applications such as medical devices,

electric vehicles, aerospace and aviation, industrial robotics and control, renewable energy storage
systems and military and defence tactical equipment. In these critical systems the safety, reliability
and accuracy of the system is require [1] . Safety concerns of the battery leading to overheating and
explosions resulting in fire risk are at the core of the need for real time monitoring [2]. The lithium-ion
battery ranks among the best power sources because of the lighter weight, huge voltage density, and
longer charging/discharging life as well as less self-discharge [2]. These technical parameters however
tend to degrade with continuous use of the battery. There is therefore need to predict the remaining
useful life of the battery to ensure safety and reliability of the system. Traditional physical methods
for predicting RUL have shortcomings in capturing the non-linear degradation pattern of the
Lithium- ion battery [3]. Model based methods have proved to be better than physics-based methods,
but they have complex calculations [4] . These methods require large amount of data for accurate
predictions. They are therefore not suited for most practical situations and real time determination of
battery RUL. Other studies were carried out on how to improve system efficiency in the
manufacturing industry using Machine-Learning techniques [5] . The study improved operational
efficiency by predicting equipment failure before total breakdown thereby reducing down time and
maintenance/replacement costs [5]. Machine learning techniques have proved to use external battery
parameters [6] . The change in the battery technical parameters such as capacity and internal
resistance among other parameters is at the core of Machine Learning algorithms to analyse the
degradation pattern and predict battery RUL [7] . Accurate prediction of RUL enhances predictive
maintenance thereby saving costs by timely predicting equipment failures [8] . The Random Forest
(RF), Long-Short Term Memory (LSTM) and The Support Vector Regression (SVR) models are the
Machine- Learning models used for predicting battery RUL in this paper. Each of the chosen model is
representative of a class of Machine –Learning models [9] . Machine learning-based approaches
provide better results than statistical approaches in terms of accuracy [10] . However, more
computational power is required. A description of the two Machine Learning techniques is given. The
model performance Root Mean Square Error (RMSE) and �2 examines the three methods’
performance in predicting RUL [11]. The statistical parameters help to provide a comparative analysis
of RF, LSTM and SVR techniques in battery RUL prediction. The challenges encountered in the use of
the models include the nonlinear degradation tendency of the charge/discharge process of the
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batteries [12] . The degradation patterns influenced by factors such as, temperature, aging, and
charge/discharge cycles of the cell [13] . The operating conditions also change with varying battery
applications presenting a challenge of model generalization.

2. Objective of the Study
This paper aims to provide a Machine Learning-Based framework for battery Remaining Useful

Life Prediction. The paper compares the RF, LSTM and SVR models in predicting battery RUL.

3. Model Description
3.1 Random Forest (RF)

The RF technique is an ensemble method, which combines multiple decision trees with great
variability to improve on the prediction accuracy [13] . This inherent structure allows for
interpretability of model input features. The technique is a good feature selector. The technique is
very robust, and can is suitable for high-dimensional data [14]. The ensemble technique is suitable for
noisy and complex problems in decision trees. However, for multiple models, the computational costs
increase, interpretation and explanation become complex [15].

3.2 Long Short-Term Memory (LSTM)
LSTM model is an improvement of Recurrent Neural Network (RNN), which fits well with time

series data capturing long dependencies [16] . This done though improving the hidden layer in RNN
[13]. LSTM techniques require a large data set. The method is suitable for sequential data processing,
learning from the past data values [9].

3.3 Support Vector Regression (SVR)
This model is used for regression tasks. The model finds a margin of error (support vectors)

along the hyperplane. The error margin defined by the predicted values [17].

4. RUL Prediction Framework
This section outlines the methodology used in developing a machine learning-based

framework for Li-ion battery RUL prediction using MATLAB simulation-based approach.
NASA Battery Data Set

Feature Scaling Feature Analysis Correlation
Analysis

Model Selection Model Training Model Testing
(RF, SVR, LSTM)

Predictive Machine Learning Model [18]

Figure 1: RUL Prediction Framework

4.1 Data Acquisition
This involves downloading and loading in MATLAB the publicly available online NASA battery

data set. The data set shows how the battery Ampere –hour (AH) capacity degrades over charging
and discharging cycles. The data is placed in a MATLAB folder. The data for 1 cycle has variables



Munhamoh M.T et al., (2025)

52

temperature, time, voltage and current. These parameters affect the battery degradation profile over
each charging and discharging cycle.

4.2 Data Pre-processing
Data pre-processing involves feature scaling to standardize the temperature, current, voltage

over time. This is done to handle these greatly varying independent values. This is followed by
feature analysis of the independent variables. Correlation analysis then analyses the relationship
between these parameters and the battery's capacity. Data preprocessing carried out through
exploratory data analysis (EDA). The battery capacity is plotted against the charging/discharging
cycle number. The cycle at which 20% of the original battery capacity remains is noted. This
represents the end of life (EOL) of the battery under consideration [16].

4.3 Feature Analysis
The selected features are shown by means of graphs during discharging process. The cell starts

to discharge at approximately 1.9Ah and degrades gradually to about 1.35Ah. This trend is applicable
to all battery cells. The cell capacity continues to decrease as the number of cycles increases. This
decrease is associated with the electrochemical processes taking place within the cell forming some
insulating material on the electrodes [2]. This decreases the cell capacity.

Figure 2: Discharge capacity plot for one sampled cell (B0018)
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Figure 3: Voltage versus Time for sampled cycles

The voltage falls from 4.2V reaching a cut-off value of 2.2V before charging commences. The
graph is a constant current discharge curve. The curves indicate that as the number of cycles increase
the cell capacity also decreases. This is due to the electrochemical processes during charging and
discharging [13].

Figure 4: Current versus Time for a few sampled cycles

The current remains constant (CC) at 2A up to around 2500 sampled cycles. As the number of
cycles increases, the time for which the current remains constant decreases. The graph shows constant
current discharge pattern [19].
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The temperature increases from around 24℃ to around 38℃ during discharge. The increase in
temperature is due to the chemical activity between electrolyte and electrodes during the discharge
[15] . Through visualization and calculating summary statistics, one gets to know the data
characteristics. This sets up a basis for battery degradation data exploration before modelling.

Figure 5: Temperature versus Time for sampled cycles

4.4 Features Correlation Analysis
The relationship between each independent variable voltage, current and temperature versus

time is analyzed by plotting the variables in MATLAB.

Figure 6: Voltage/Current versus time plot

Voltage rises steadily to maximum while impressing a constant current on the cell. This is
constant-current (CC) charging. The voltage is then kept constant (CV) charging) at its maximum
allowing the current to fall [16]. A sharp fall in both voltage and current then occurs.
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The voltage and temperature steadily rise to a maximum plateau before falling rapidly. This
signal falls at the start of the discharge time. A constant current is impressive on the cell causing the
temperature to rise steadily to maximum limit. After the limit, a sharp fall of both current and
temperature occurs.

Figure 7: Voltage/Temperature versus time plot

Figure 8: Current/Temperature versus time plot

5. Computing Simple Statistics for Data
The end of life (EOL) of the battery cells is the cycle at which the battery capacity degrades to

80% of its original capacity [18]. Figure 10 shows the EOL of the different battery cells in the data set.

6. Model Construction
For this study, three machine-learning models are considered. These are the Random Forest (RF),

which represents the ensemble methods class of machine learning, Support Vector Regression (SVR),
representing the classical regression models class and the Long-Term Short Memory (LSTM)
representing the deep learning/sequence models class. The selected models are on the basis that they
are a good representative of each class of Machine – Learning models. The models are also capable of
capturing the nonlinear degradation tendencies in the battery data [11].

7. Preparing Data for Machine Learning
The simple features used in this study are capacity versus cycle number, voltage, and

temperature and current. These are the input features. The output feature is the Remaining Useful
Life (RUL). For illustration purposes, we use the Capacity feature. A table containing capacity feature
and the output RUL produced, for the first cell B0005, we have:

For the cell B0005, as the number of cycles increase the RUL decreases.
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7.1 Splitting the Data.
The data for Machine-learning is split into training and test data. In this study, 70% of the rows

are used for training and 30% for testing purposes. This gives two files in MATLAB splitdata and
trainTestData.mat.

Figure 9: Battery cell End of Life (EOL)\

Figure 10: Capacity Feature Table

Figure 11: Split Data

The data is split into 492 training samples and 211 test samples.



Munhamoh M.T et al., (2025)

57

8. Proposed Machine- Learning Models
8.1 Random Forest (RF)

The RF technique is an ensemble method, which combines multiple decision trees with great
variability to improve on the prediction accuracy [10] . This inherent structure allows for
interpretability of model input features. The technique is a good feature selector [11].

The MATLAB Machine-Learning and Statistics toolbox provides bagged decision trees for
Random Forest. The idea is to train a Random Forest regression model that predicts the Remaining
Useful Life (RUL) from the battery cycles and battery capacity.

Figure 12: Random Forest Predicted versus Actual RUL

Figure 13: Random Forest Summary Statistics

For the Random Forest, the Root Mean Square Error (RMSE) is 10.242 and the Correlation
Coefficient (�2) is 0.807.



Munhamoh M.T et al., (2025)

58

Figure 14: Out of Bag Error versus Number of Grown Trees.

The out of bag error decreases as the number of grown trees increases with error constant below
100 trees.

8.2 Long Short-Term Memory
The LSTM network is a type of recurrent neural network (RNN) designed for time series data.

They are particularly suited for time-series prediction tasks [20].

Figure 15: LSTM Training Progress
There is a general rapid drop in RSME for the initial iterations giving a rough RUL prediction

process. The decreasing trend continues as iterations increase but at a less rapid manner. On the loss
curve, the training and validation losses decrease with the validation curve closely following the
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training curve. A sign that there is no overfitting. With a lower loss function, the model prediction
accuracy is higher [21].

Figure 16: LSTM Predicted Cycles versus Actual Cycles

Figure 17: LSTM Predicted scaled RUL versus Actual RUL

Figure 18: LSTM Summary Statistics
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The LSTM RMSE is 7.6 cycles with �2 = 0.824. The variable net in the workspace is the trained
LSTM model.

9. Support Vector Regression (SVR)
This model represents the classical (shallow) regression models. The features considered in this

model are cycle, capacity and mean temperature. These are the inputs to the model. The RUL being
the output. The train/test split is generated in MATLAB with 492 training samples and 211 test
samples.

Figure 19: SVR Split Data

We train a Support Vector Regression with inputs Cycle, Capacity, and Mean Temperature to
give battery RUL.

Figure 20: SVR Predicted RUL versus Actual RUL

Figure 21: SVR Split data

The SVR RMSE = 13.899 cycles with �2 = 0.644.
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10. Hyper- Parameter SVR Tuning
In order to improve the performance of the SVR model, MATLAB can optimize the Box

Constraint and Kernel Scale [22].

Figure 22: Tuned SVR parameters

With the tuned SVR, RSME improves to 9.429 cycles with �2rising to 0.836.

11. Comparison of the Models
Table 1:Summary Statistics for the Models

Machine-Learning Model RMSE (cycles) ��

Random Forest 10.242 0.807

LSTM 7.6 0.824
Support Vector Regression 13.899 0.644

Tuned Support Vector Regression 9.429 0.836

Before SVR hyper-parameter tuning the LSTM model proved to be the best model to predict
battery RUL with RMSE = 7.6 Cycles and �2 = 0.824. After parameter tuning, the SVR gave better
results. We thus use the tuned SVR model for RUL prediction in this study.

In another study, with NASA battery data set, 70% of the data was used for training and 30%
used for testing [7] . When the data for training increased to 70%, prediction improved compared to
50% training. The RSME of 0.038 was obtained being the best amongst RF (0.138), Non –Linear
Autoregressive model (0.185) and Recurrent Neural Network (0.045). In this study, the RUL obtained
for the LSTM was 76 compared to the real value of 84. These obtained results go hand in hand with
the results obtained in this study. The Mean Absolute Error (MAE) of the battery RUL of 60%
training data set, 20% selected for validation and 20% used for model testing was 62 cycles [6] . In this
study, the RF model made reasonable predictions with the predicted RUL decreasing as the true
value decreases. However, it is noted that some parameters of the RF model may be hard to obtain in
real world applications.



Munhamoh M.T et al., (2025)

62

In the study of predicting the remaining usage time of bearings, the Machine-Learning
Algorithms Support Vector Machines (SVM), RF classifier and K-Nearest Neighbors were compared
on their prediction accuracy [23] . The results indicated that the SVM achieved the highest accuracy of
96.74%, with RF at 95.95% and K-neighbor 91.77%. The SVM proved to be a better model in this case.

The results from literature suggest that in most applications, the LSTM model outperforms the
other models. However, in most cases other models such as the RF and SVM may produce better
results. These differences may be because different data sets are used under different circumstances.
It is also important to note that the input features may be different for different applications.

12. RUL Prediction Using Models

Figure 23: RUL prediction
In this case, cell B0040 from the data set is used to find RUL. The remaining RUL using the tuned

SVR is 27 cycles. We can use the same approach and analysis for any other cell in the data set.

13. Conclusion
This study looked at three Machine Learning models used to determine battery remaining useful

life using the NASA data set. In the paper, MATLAB is used to inspect the data, carry out feature
analysis and pre-processing the data. Correlation analysis between the selected dominant features
done. With each model, training and testing are done according to that model. The RUL for each
model was generated. The statistical parameters RMSE and �2 were generated to aid the model
comparisons. The LSTM model performed better than any other model in predicting RUL. However,
after hyper-parameter tuning with the SVR model, the accuracy of prediction increased. The tuned
SVR model thus gave the best results. Although the analysis in this study determined the battery RUL,
the same principles can be applied to most systems in predictive maintenance. More studies are
required with other different systems.
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