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ABSTRACT: Lithium-ion batteries are widely used in modern energy storage systems due to their high efficiency and
energy density. However, their performance and lifespan are significantly affected by temperature variations and
degradation over time. Accurate prediction of battery voltage and degradation is essential for improving reliability and
safety.

This paper proposes a machine learning framework for temperature-aware voltage and degradation prediction in
lithium-ion energy storage systems. The model utilizes historical data such as temperature, voltage, current, and charge-
discharge cycles to learn battery behavior. Various machine learning algorithms are applied to develop predictive
models that estimate future voltage levels and degradation trends under different temperature conditions.

The proposed approach improves prediction accuracy compared to traditional methods by incorporating temperature as
a key parameter. The results demonstrate that the framework can effectively support battery management systems by
enhancing performance monitoring and extending battery life. This work contributes to the development of intelligent
and efficient energy storage solutions.

KEYWORDS: Machine Learning, Lithium-ion Battery, Energy Storage System, Voltage Prediction, Battery
Degradation, Temperature Effects, State of Health (SoH), Predictive Modeling

L. INTRODUCTION

Lithium-ion batteries are widely used in modern energy storage systems such as electric vehicles, renewable energy
storage, and portable electronic devices due to their high energy density, long cycle life, and efficiency. However, their
performance and reliability are significantly influenced by operating conditions, especially temperature and aging effects.

Temperature variations play a critical role in battery behavior, affecting parameters such as voltage, capacity, and
internal resistance. High temperatures can accelerate degradation, while low temperatures can reduce battery efficiency.
Over time, lithium-ion batteries undergo degradation, which leads to a decrease in their State of Health (SoH) and overall
lifespan.

Traditional methods for predicting battery performance and degradation are often based on mathematical and
electrochemical models, which may not provide accurate results under varying real-world conditions. In recent years,
machine learning techniques have gained attention due to their ability to analyze large datasets and capture complex
nonlinear relationships.

This paper proposes a machine learning framework for temperature-aware voltage and degradation prediction in lithium-
ion energy storage systems. The proposed approach utilizes historical battery data, including temperature, voltage,
current, and charge-discharge cycles, to develop predictive models. By incorporating temperature as a key factor, the
framework aims to improve prediction accuracy and support efficient battery management systems.

The remainder of this paper is organized as follows: Section II describes the methodology, Section III presents the results
and discussion, and Section IV concludes the paper with future scope.
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II. SYSTEM ARCHITECTURE OF MACHINE LEARNING-BASED BATTERY PREDICTION SYSTEM

Our design is an intelligent system where battery data collection, machine learning, and monitoring are integrated
together. At its core, the system gathers key parameters such as temperature, voltage, current, and charge-discharge
cycles from lithium-ion batteries using sensors and data acquisition units.

To ensure accuracy and reliability, a preprocessing unit is used to clean, normalize, and organize the collected data.
This prepared data is then given to a machine learning model, which analyzes patterns and relationships to predict
future voltage behavior and battery degradation. A temperature-aware mechanism is incorporated to understand the
impact of varying environmental conditions on battery performance.

The system continuously evaluates the battery condition and provides predictive insights. Finally, the predicted results
are used for battery health monitoring and efficient management, ensuring improved performance, enhanced safety, and
longer battery life.

III. DATASET DESCRIPTION

The NASA Battery Dataset provides experimental measurements of lithium-ion battery performance under different
operating conditions. The dataset contains parameters such as voltage, current, temperature, and cycle count. These
parameters are widely used in battery health monitoring research for training predictive models and analyzing
degradation trends.

IV. PROPOSED METHODOLOGY

The proposed system integrates MATLAB/Simulink battery modeling with machine learning algorithms. The
simulation environment generates battery performance data under different temperature conditions. These data are
preprocessed and used to train machine learning models for voltage prediction and degradation estimation. Regression-
based learning models are applied to analyze battery behavior and predict future degradation trends.

V. MACHINE LEARNING-BASED BATTERY MONITORING AND PREDICTION SYSTEM

The proposed system uses machine learning to provide accurate prediction of battery voltage and degradation in
lithium-ion energy storage systems. It ensures efficient monitoring and improved battery performance.

The system consists of three main components: data acquisition, data processing, and a machine learning model.
Battery parameters such as temperature, voltage, and current are collected using sensors.

The data is processed and given to the model to predict future voltage and degradation. A temperature-aware approach
is used to improve accuracy.

The predicted results help in monitoring battery health and ensuring safe and efficient operation.

VI. TEMPERATURE-AWARE BATTERY PREDICTION SYSTEM ARCHITECTURE.
Temperature-aware prediction is a key feature of the proposed system. It is not just about predicting battery voltage—it
focuses on understanding how temperature variations impact battery degradation and overall performance. Since
lithium-ion batteries are highly sensitive to temperature, incorporating this factor is essential for accurate analysis.
When the temperature increases, battery degradation accelerates, reducing lifespan. At lower temperatures, battery
efficiency and output performance decrease. The system continuously monitors temperature along with other

parameters and uses this information in the prediction model. This enables more precise estimation of voltage changes
and degradation trends
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Fig. 1. Schematic diagram of Temperature-aware battery prediction system architecture.
VII. RESULTS AND DISCUSSION

The results obtained from the simulation model and machine learning analysis demonstrate the effectiveness of the
proposed framework. The following subsections discuss voltage prediction, temperature influence, and battery
degradation characteristics observed in the simulation outputs.

IoT-Based Monitoring for Battery Prediction System With IoT integration, the proposed system continuously
monitors important battery parameters such as temperature, voltage, current, and charge-discharge cycles in real time.
This data is transmitted to a central system where it is stored and used for further analysis.The collected data is directly
utilized by the machine learning model to predict battery voltage and degradation more accurately. By combining loT
and machine learning, the system enables real-time prediction and early detection of battery issues.Users and operators
can remotely monitor battery status and performance, ensuring efficient management and reduced risk of failure. This
integration makes the system more intelligent, reliable, and suitable for advanced energy storage applications. With IoT
integration, the station monitors key parameters like SOC, voltage, current, temperature, and solar generation. Users
and operators can check system status and control operations remotely, meaning less downtime, faster response, and a
smarter system. This keeps the EV charging station well-matched to the requirements of smart grids and connected
infrastructure.

VIII. SIMULATION

The proposed system is simulated using machine learning techniques to predict battery voltage and degradation. Input
data such as temperature, voltage, and current are used for model training and testing. The system analyzes the impact
of temperature on battery performance and generates prediction results. The outputs are represented using graphs
showing voltage variation and degradation trends.The simulation results confirm that the model provides accurate
prediction and supports efficient battery management.

Fig. 24. Simulation diagram of machine learning framework for temperature-aware voltage and degradation prediction
in lithium-ion energy storage systems
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IX. RESULTS AND PERFORMANCE ANALYSIS

The proposed machine learning model is evaluated using battery data such as temperature, voltage, and current. The
results show that the system can accurately predict battery voltage and degradation under different operating
conditions.

Performance is analyzed using metrics such as prediction accuracy and error values. The temperature-aware approach
improves the model’s reliability compared to conventional methods.The output graphs indicate clear trends in voltage
variation and battery degradation, confirming the effectiveness of the proposed system. Overall, the system ensures
better battery monitoring, improved performance, and longer battery life.

X. PYTHON-BASEDTEMPERATURE DATA PREPROCESSING FOR BATTERY PREDICTION

Program

import numpy as np

import matplotlib.pyplot as plt

from sklearn.preprocessing import MinMaxScaler

# Step 1: Generate sample temperature data (simulate battery temperature)
np.random.seed(0)

n=1200

cycles = np.arange(n)

# Raw temperature (simulate increasing + noise)

temp_raw = 35 + 0.003 * cycles + np.random.normal(0, 0.2, n)
# Step 2: Data Cleaning (simple smoothing)

temp_cleaned = np.convolve(temp_raw, np.ones(10)/10, mode='same')
# Step 3: Normalization (0 to 1 scaling)

scaler = MinMaxScaler()

temp_norm = scaler.fit_transform(temp_cleaned.reshape(-1,1)).flatten()
# Step 4: Train / Validation / Test Split

train_end = int(0.7 * n)

val_end = int(0.85 * n)

train = temp_cleaned][:train_end]

val =temp_cleaned[train_end:val end]

test = temp_cleaned[val end:]

# Step 5: Plotting

plt.figure(figsize=(10,8))

# (a) Raw vs Cleaned

plt.subplot(3,1,1)

plt.plot(cycles, temp_raw, label="Raw")

plt.plot(cycles, temp_cleaned, label="Cleaned")
plt.ylabel("Temperature (°C)")

plt.title("(a) Raw vs Cleaned Temperature")

plt.legend()

# (b) Normalized

plt.subplot(3,1,2)

plt.plot(cycles, temp norm)

plt.ylabel("z(t)")

plt.title("(b) Normalized Temperature")

# (c) Train / Val / Test

plt.subplot(3,1,3)

plt.plot(cycles[:train_end], train, label="Train")
plt.plot(cycles[train_end:val_end], val, label="Validation")
plt.plot(cycles[val_end:], test, label="Test")
plt.xlabel("Cycle index")

plt.ylabel("Temperature (°C)")
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plt.title("(c) Train / Validation / Test Split")
plt.legend()
plt.tight layout()
plt.show()

(a) Raw vs Cleaned Temperature
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XI. PYTHON-BASED BATTERY DEGRADATION AND TEMPERATURE ANALYSIS

Program

import numpy as np

import matplotlib.pyplot as plt

# (a) Battery Capacity Degradation
np.random.seed(0)

cycles = np.arange(1, 170)

# Simulate capacity fade with noise

capacity = 1.9 - 0.003 * cycles + np.random.normal(0, 0.01, len(cycles))
plt.figure(figsize=(12,5))

plt.subplot(1,2,1)

plt.plot(cycles, capacity)

plt.xlabel("Cycle")

plt.ylabel("Capacity (Ah)")

plt.title("(a) Battery Capacity Degradation™)
# (b) Temperature vs Time (3 cycles)

time = np.linspace(0, 3600, 200)

# Simulated temperature profiles

templ = 24 + 0.004*time + np.sin(time/500)
temp2 = 23 + 0.0045*time + np.sin(time/600)
temp3 = 23.5 + 0.005*time + np.sin(time/550)
plt.subplot(1,2,2)

plt.plot(time, temp1, label="cycle 1")
plt.plot(time, temp2, label="cycle 80")
plt.plot(time, temp3, label="cycle 160")
plt.xlabel("time (s)")

plt.ylabel("Temperature (°C)")

plt.title("(b) Temperature Variation")
plt.legend()

plt.tight layout()

plt.show()
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XII. MACHINE LEARNING-BASED MULTI-CELL BATTERY CAPACITY PREDICTION WITH
CONFIDENCE INTERVALS

Program
import numpy as np
import matplotlib.pyplot as plt
# Seed for reproducibility
np.random.seed(42)
# Create subplots (3 rows x 5 columns)
fig, axes = plt.subplots(3, 5, figsize=(15, 8))
cell numbers =[1,3,5,7,9,11,13,15,19,21,23,25,27]
groups = ['G1','G2",'G2','G3",'G3",'G3",'G4'",'G4','G5",'G6','G6','GT','G7']
for i, ax in enumerate(axes.flat[:13]):
days = np.linspace(0, 150, 50)
# True capacity (decreasing trend)
true_capacity = 2.0 - 0.006*days + np.random.normal(0, 0.03, len(days))
# Predicted capacity
pred_capacity = 2.0 - 0.0055*days
# Uncertainty (confidence band)
uncertainty = 0.15 + 0.002*days
upper = pred_capacity + uncertainty
lower = pred_capacity - uncertainty
# Plot true values
ax.plot(days, true_capacity, color="black’, label="True capacity')
# Plot prediction
ax.plot(days, pred_capacity, linestyle='--', color="blue', label='Prediction’)
# Fill uncertainty
ax.fill_between(days, lower, upper, color="blue', alpha=0.2)
ax.set_title(f'Cell {cell numbers[i]} ({groups[i]})', fontsize=8)
ax.set_xlabel('day’)
ax.set_ylabel('Capacity [Ah]'")
ax.tick_params(labelsize=6)
# Remove empty subplots
for j in range(13, 15):
fig.delaxes(axes.flat[j])
# Legend
handles, labels = ax.get legend handles_labels()
fig.legend(handles, labels, loc="lower right')
plt.tight layout()
plt.show()
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XIII. CONCLUSION

This project presents a machine learning-based framework for temperature-aware voltage and degradation prediction in
lithium-ion energy storage systems. By utilizing battery parameters such as temperature, voltage, current, and charge-
discharge cycles, the system effectively analyzes battery behavior and predicts future performance.The integration of
data preprocessing, machine learning models, and IoT-based monitoring improves prediction accuracy and reliability.
The results demonstrate that incorporating temperature as a key factor enhances the effectiveness of battery health
estimation and degradation prediction.Overall, the proposed system enables efficient battery management, improves
safety, and extends battery lifespan. It provides a smart and reliable solution for modern energy storage applications.
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