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ABSTRACT In recent years, battery degradation has become a critical concern in various industries,

including electric vehicles, renewable energy systems, and portable electronics. To address this issue, data-

driven techniques have emerged as a promising approach for lithium-ion battery (LIB) degradation analysis

and estimation. This paper focuses on the application of incremental capacity curves (ICCs) in battery

degradation analysis using data-driven techniques. The incremental capacity curve is a powerful tool that

provides valuable insights into the capacity degradation of a battery. By analyzing the changes in the ICC

over time, it is possible to identify and quantify battery degradation phenomena such as capacity fade,

impedance growth, and aging effects. However, manually analyzing ICCs can be time-consuming and

subjective, leading to potential errors and inconsistencies. To overcome these challenges, hyperparameter-

tuned Long Short-Term Memory (LSTM) techniques are employed to automate the analysis of ICCs and

extract meaningful degradation information. These techniques leverage statistical models to process large

volumes of ICC data and identify degradation patterns. By training these models on historical data, they

can accurately predict battery degradation and estimate the remaining useful life (RUL) of a battery.

Further, to enhance the performance of estimation of RUL of the battery. A hyperparameter-tuned LSTM

technique has been proposed. The proposed technique has been compared with well-known techniques

(i.e. Fully Connected Neural Network (FNN), Artificial Neural Network (ANN), and Convolutional Neural

Network (CNN)). The results depict that the proposed robust LSTM technique outperforms well in terms of

computational cost and speed. To demonstrate the efficiency of the proposed technique, error analysis has

been carried out. The simulation and experimental results depict that the proposed hyperparameter-tuned

LSTM model results in very low error indices such as RMSE, MEA, and MAPE as 0.0246, 0.0159 and

1.03 compared with models such as FNN, ANN and CNN. The proposed hyperparameter-tuned LSTM

technique depicts a lesser error. By leveraging machine learning and statistical models. The results of this

study contribute to the advancement of battery management systems and the optimization of battery usage

in various applications.

INDEX TERMS Incremental capacity curves, remaining useful life, battery degradation, hyperparameter

tuned LSTM.

The associate editor coordinating the review of this manuscript and

approving it for publication was Chandan Kumar .

I. INTRODUCTION

Advancements in lithium-ion battery technology have made

it a common feature in various battery-operated devices,
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including electric terrestrial and aerial vehicles as well as

consumer electronics as well as storage purposes [1]. Conse-

quently, assessing battery health emerges as a critical issue to

ensure the safety and reliability of the system [2]. The online

evaluation of battery health, such as state of health (SOH) or

RUL, proves to be a complex task due to its nonlinear nature

and the demanding computational operations it entails [3].

Despite the significant scientific attention it has received

in recent years, this subject continues to present numerous

challenges [4]. The online evaluation of battery health, such

as SOH or RUL, proves to be a complex task due to its non-

linear nature and the demanding computational operations

it entails. Despite the significant scientific attention it has

received in recent years, this subject continues to present

numerous challenges. Within this framework, the concept of

RUL becomes pivotal, representing the duration until a com-

ponent or system reaches its operational limit, as defined by

safety standards [5]. In the realm of electrochemical model-

based methodologies, foundational equations are formulated

based on the internal electrochemical dynamics of the battery

to precisely determine its state [6]. Nonetheless, the computa-

tional expense of this method is high, making it challenging

for real-time applications. In the realm of equivalent circuit

model-based methodologies, electrical models are first for-

mulated, including RC equivalent circuit models [7], as well

as fractional-order equivalent circuit models [7]. Due to the

drawback in model-based technique, recently, an increase in

attention has been observed towards data-driven methodolo-

gies and hardware enhancements, attributed to the tangible

benefits they provide for practical applications. Numerous

studies in the literature have been dedicated to exploring

data-driven techniques. Concerning the domination of these

techniques in batteries, health prediction has been elaborated

in the literature widely. In [8], capacity and RUL predic-

tion for lithium-ion batteries is achieved through a deep

learning network combined with sequence decomposition,

offering accurate forecasting for battery performance and

longevity. In [9], the RUL of LIB can be predicted using a

data-driven approach with feature extraction, Box-Cox trans-

formation, support vector machine (SVM) modeling, and

particle swarm optimization (PSO) parameter optimization

for enhanced accuracy and efficacy. A novel technique using

LSTM optimized by an improved squirrel search algorithm

(ISSA) has been proposed which further depicts the RUL

prediction in LIBs and proposed novel technique outper-

forms well in comparison to well-known techniques such

as Support Vector Regression (SVR), CNN, recurrent neu-

ral network (RNN), and LSTM, enhancing battery resource

efficiency and safety [10]. In [11], a novel hybrid model

combining adaptive feature separable convolution (AFSC)

and ConvLSTM networks accurately predicts LIB lifespan,

offering high accuracy and interpretability in estimating the

remaining useful life. In [12], machine learning algorithms

like decision trees, autoregression, RNN, and LSTM are used

to predict the RUL of LIBs based on health indicators with

confidence intervals. In [13], an LSTM-based algorithm has

been proposed that estimates the RUL of LIBs by extracting

key features from charging/discharging cycles which further

aids in predictive maintenance. The Bayesian mixture neu-

ral network (BMNN) based technique has been proposed

for accurate RUL prediction of LIBs, outperforming other

methods in terms of stability, uncertainty reduction, and accu-

racy [14]. An ANN is utilized for RUL prediction of LIB

based on health indicators, enhancing accuracy and relia-

bility in prognosis [15]. A novel machine-learning method

using a Gated Recurrent Unit (GRU) with error compensa-

tion and uncertainty quantification has been proposed which

accurately predicts the RUL of LIBs with high accuracy

and reliable probability distribution [15]. In [16], the RUL

of LIB is estimated using a hybrid approach combining

RNN and state-space estimation, enhancing accuracy and

precision in prognostics. In [17], the Cataclysmic Mutation

Genetic Algorithm (CMGA) and SVR have been described

for accurate RUL prediction of LIBs, enhancing precision

and fitting ability. The RUL of LIBs can be estimated using

a recurrent cerebellar model neural network (RCMNN) for

prediction accuracy, as proposed in the study [18]. The paper

proposes a RUL prediction model for LIBs using Variational

Mode Decomposition (VMD) and SVM, showing improved

accuracy compared to other models [19]. In [20], the RUL

prediction for LIBs is achieved through capacity estima-

tion and Box-Cox transformation, utilizing random forest

regression (RFR) and ridge regression algorithms for accu-

rate predictions. Furthermore, while some research, like that

conducted by [21], has touched upon the use of ICCs in

battery degradation prediction, there remains a gap in fully

integrating ICC analysis with advanced machine learning

methodologies for improved accuracy and reliability. The

most of aforementioned battery capacity and RUL estimation

techniques have been widely studied in the literature. There

are still research gaps in data-driven battery RUL estimation

that need addressing. Numerous health indicators (HIs) have

been extracted in existing studies from both measured and

calculated variables. Determining the specific HIs that lead

to improved accuracy in RUL estimation is of utmost impor-

tance. The choice of HI plays a critical role in data-driven

approaches, although current research has gaps in compre-

hensive understanding. It is crucial that feature selection not

only removes irrelevant attributes but also eliminates redun-

dant ones to create a more effective feature set for machine

learning. Moreover, the precision and resilience of outcomes

derived from diverse machine learning algorithms exhibit

notable discrepancies. These research gaps underscore the

necessity for a comprehensive evaluation of data prepro-

cessing technique and optimal tuned data-driven technique.

Moreover, also most of the literature lacks hyperparameter

tuning of the LSTM technique for accurate estimation of

battery capacity.

To overcome the above issues, a robust data preprocessing

technique has been discussed which helps eliminate noisy
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data points that could adversely impact model training and

prediction accuracy. Additionally, handling missing values

through imputation methods such as mean or median sub-

stitution ensures the completeness of the dataset. This will

be useful in finding the exact HI for data training of data-

driven techniques. Further, a hyperparameter-tuned LSTM

technique has been proposed to study the battery degradation

in the best possible way. The determination of appropriate

values of these hyperparameters will enhance the training and

testing accuracy and robustness of the proposed model. Fur-

ther, the proposed hyperparameter-tuned LSTM technique

has been compared with widely used battery capacity and

RUL estimation techniques such as ANN, FNN, and CNN

techniques. Moreover, by demonstrating the effectiveness of

ICCs in combination with the hyperparameter-tuned LSTM

technique, the study contributes significantly to the advance-

ment of battery management practices, enabling more precise

and reliable assessment of battery health and facilitating

proactive maintenance strategies. Through rigorous exper-

imentation and evaluation, showcase the robustness and

effectiveness of the proposed framework, paving the way for

further advancements in battery management systems.

II. BATTERY DATA ACQUISITION AND ANALYSIS

The battery data sets utilized in the study were sourced

from the NASA Prognostics Center of Excellence Data

Repository [23], a reliable repository known for its com-

prehensive collection of battery-related datasets. Consider-

ing this repository, the accessed datasets comprised eight

lithium-ion batteries that had been subjected to three distinct

operational profiles: charging, discharging, and resting, all

conducted under standard room temperature conditions. In

18650 lithium-ion cells by subjected to repeated charging and

discharging cycles. To accomplish this, adhere to a stringent

charging protocol based on the constant current constant

voltage (CCCV) principle [24]. Initially, a constant current

of 1.5 A was applied to the cells until the cell voltage reached

the upper limit of 4.2 V. Subsequently, the charging process

transitioned to constant voltage application until the current

dropped to 20 mA, ensuring optimal charging conditions for

the cells. For discharging, it has been maintained a con-

stant current of 2 A until the cell voltage reached specific

thresholds tailored to each battery: 2.7 V, 2.5 V, and 2.2 V

for batteries B0005, B0006, and B0007, respectively. These

thresholds were chosen based on the individual characteris-

tics and performance parameters of each battery to ensure

consistency and accuracy in experimental procedures.

The experiments were designed to continue until the bat-

teries exhibited a significant loss of their rated capacity,

corresponding to a 30% reduction, equivalent to 1.4 Ah. This

threshold was selected as it represents a practical point at

which the batteries’ performance degradation becomes sig-

nificant, allowing formeaningful analysis of aging effects and

performance deterioration. Additionally, the dataset provided

included electrochemical impedance data, which could offer

valuable insights into the internal mechanisms and dynamics

of the batteries’ behavior. However, the scope of analysis

has been focused primarily on the charging, discharging, and

capacity degradation aspects, and did not incorporate the

impedance data into the present analysis.

FIGURE 1. Battery source voltage and current profile.

FIGURE 2. Battery load-voltage and current profile.

FIGURE 3. Battery temperature variation profile.

By leveraging these meticulously collected datasets and

conducting systematic experiments, aimed to gain a compre-

hensive understanding of the aging behavior and performance

degradation of lithium-ion batteries under various operational

conditions. The findings contribute to the broader field of

battery research, facilitating the development of more robust

and reliable energy storage systems for diverse applications.
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To monitor the changes in internal battery parameters cru-

cial for estimating battery degradation over time, has rely

on voltage, current, and temperature data collected at each

charging cycle. In real-world applications, batteries undergo

three main states: charging, discharging, and resting. During

the discharging phase, accurately measuring or calculating

internal parameters becomes challenging due to the rapid

fluctuations in current over time.

TABLE 1. Battery specifications of NASA Prognostics center of excellence
data repository.

FIGURE 4. Voltage profile for fresh cell and aged cell for battery #B0005.

FIGURE 5. Voltage profile for fresh cell and aged cell for battery #B0006.

Recent studies [5], [25] have emphasized a re-balancing

process of active materials and relaxation of gradients during

the rest period, potentially enabling capacity regeneration.

As a result, internal battery parameters tend to remain rela-

tively stable or change slowly during this period compared to

FIGURE 6. Current profile for fresh cell and aged cell for battery #B0005.

FIGURE 7. Current profile for fresh cell and aged cell for battery #B0006.

charging or discharging, making their estimation challenging

as they cannot be inferred from ambiguous data alone [26].

In contrast, batteries typically undergo a more controlled

charging process based on preset protocols, facilitating the

measurement of necessary external electrical performance.

Additionally, since discharging patterns largely depend on

the owner’s routine and exhibit high randomness, it is more

convenient to utilize battery charging profiles for analysis.

Further, different battery profiles have been analyzed under

different operating conditions. Figures 4 and 5 depict the

voltage profiles for fresh and aged cells of batteries 5 and 6,

respectively. In these figures, the voltage behavior over time

is illustrated, showcasing the differences between the fresh

and aged states of the batteries. Additionally, figures 6 and 7

exhibit the current profiles for fresh and aged cells of batteries

5 and 6. These figures provide insights into the variations in

current flow over time, highlighting the impact of aging on the

battery’s performance. Together, these visual representations

offer valuable information for understanding the electrical

characteristics and degradation patterns of batteries 5 and

6 under different conditions.

III. INCREMENTAL CAPACITY ANALYSIS (ICA)

The voltage and current profiles discussed in section II have

been employed in IC curve formation for battery life pre-

diction. The ICA delved deeply into the correlation between

127262 VOLUME 12, 2024
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voltage and capacity in lithium-ion batteries during both the

charging and discharging phases [27]. During the charging

phase, the open-circuit voltage (OCV) exhibits a relatively

stable segment as it ascends. This segment, known as the

voltage plateau, experiences slow changes in battery internal

voltage despite increasing charging power. This phenomenon

arises from the lithium-ion battery’s internal chemical reac-

tions reaching a state of equilibrium during the charge and

discharge cycles. Over repeated cycles, the voltage plateau

gradually shifts downwards [28]. This gentle and mini-

mal amplitude change in the voltage plateau, unique to

lithium-ion batteries, poses challenges for precise quantita-

tive analysis. The insights from ICA are encapsulated in the

following formulas:

DQ

DV
=

Qt − Qt−1

Vt − Vt−1
(1)

Qt =

∫ t

0

I dt (2)

Among them, Qt represents the electricity at time t,Vt
denotes the voltage at t and It signifies the current at time t.

Through the conversion of the above formula, the flat area on

the voltage platform curve is transformed into the peak point

on the IC curve. This corresponds to the maximum point of

the slope of the QV curve, enabling the intuitive reflection of

the voltage platform’s changes. Essentially, this leverages the

relationship between the external characteristics of the battery

and the chemical reaction characteristics inside the battery to

predict the battery’s life. Since the NASA dataset does not

provide the real-time capacity change value of each cycle,

in the constant current charging mode, where the current

remains almost unchanged, the time difference is employed to

substitute for the capacity change, as shown in the following

formulas:

1Q = I (tt − tt−1) (3)

DQ

DV
=

t0 − t1

Vt − Vt−1
.I (4)

Among them, I depict the current constant 1.5A of the

constant current mode. As depicted in Figures 8, 9, and 10

the number in the legend represents the number of cycles.

It is evident that with the continuous progression of the

cycle, the peak value of the IC curve gradually decreases, and

the voltage value corresponding to the peak point gradually

increases. This phenomenon occurs because the chemical

reaction inside the battery changes due to factors such as

active material and lithium-ion loss, resulting in an increase

in internal resistance and a reduction in the voltage plateau.

Therefore, the variation in the peak position and peak ampli-

tude on the IC curve can reflect the process of the battery’s

health decline during the cycle, facilitating the estimation of

the battery’s degradation.

IV. DATA CLEANING AND NORMALIZATION

The data considered in sections II and III has been impor-

tant for remaining useful life prediction. In this section,

FIGURE 8. Incremental capacity curves for random discharge cycles for
battery #B0005.

FIGURE 9. Incremental capacity curves for random discharge cycles for
battery #B0006.

FIGURE 10. Incremental capacity curves for random discharge cycles for
battery #B0007.

feature extraction has been discussed exclusively to train

the data-driven models effectively. Data cleaning is a crucial

pre-processing step aimed at ensuring the quality and reli-

ability of the dataset. It involves identifying and rectifying

errors, inconsistencies, andmissing values that may adversely

affect model performance. One common technique employed

in data cleaning is outlier detection and removal. Outliers

VOLUME 12, 2024 127263
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are data points that significantly deviate from the rest of the

dataset and can distort statistical analyses. One method to

detect outliers is through the use of z-scores. The z-score of

a data point measures its deviation from the mean in terms of

standard deviations. It is calculated using the formula:

Z =
x − µ

σ
(5)

where x is the data point, µ is the mean of the dataset, and σ

is the standard deviation. Data points with a z-score beyond

a certain threshold (typically 2 or 3) are considered outliers

and can be flagged for further inspection or removal.

The Z-score normalization, also known as standardiza-

tion, is another preprocessing technique used in machine

learning with time series data as input. It aims to rescale

the features of the dataset to have a mean of zero and a

standard deviation of one. This process ensures that all fea-

tures contribute equally to the model training process and

prevents features with larger scales from dominating those

with smaller scales. The formula for z-score normalization

is:

xnormalised =
x − µ

σ
(6)

where x is the original feature value, µ is the mean of

the feature, and σ is the standard deviation of the feature.

This transformation results in a dataset where each feature

has a similar scale, facilitating the convergence of machine

learning algorithms and improving model interpretability and

performance.

V. LSTM BASED CAPACITY ESTIMATION TECHNIQUE

In this section, the LSTM technique has been discussed in

detail. Recurrent neural networks (RNNs) are well-suited

for processing sequential data due to their ability to main-

tain memory across time steps. Unlike feed-forward neural

networks, RNNs incorporate directed cycles in memory,

allowing them to capture temporal dependencies within the

data. However, traditional RNNs are prone to the vanishing

gradient problem, particularly when dealing with long-term

dependencies in time series data. To address this issue,

it has been employed Long Short-Term Memory (LSTM)

networks, a specialized variant of RNNs designed to mitigate

the vanishing gradient problem. LSTM networks feature a

more sophisticated architecture, comprising a cell, an input

gate, an output gate, and a forget gate [29]. These components

work in tandem to control the flow of information within the

network and maintain long-term memory.

The core component of an LSTM unit is the cell, which

stores values over arbitrary time intervals, allowing the net-

work to retain information over extended periods. The input

gate regulates the flow of new information into the cell, while

the output gate controls the extraction of relevant information

from the cell [29], additionally, the forget gate manages the

retention or deletion of information stored in the cell, ensur-

ing that only relevant information is retained. The first step in

the LSTM process involves the forget gate, which determines

FIGURE 11. Structure of the LSTM model.

what information from the previous state should be retained

or discarded. Essentially, the forget gate takes inputs xt and

ht−1, representing the current input and the previous hidden

state respectively. It then produces an output value between

0 and 1. A value of 1 indicates that the corresponding infor-

mation is fully retained in the state, while a value of 0 signifies

complete discarding of that information. Mathematically, the

remember gate can be formulated as [27]

ft= σ (WfXxt + Wfhht−1 + bf) (7)

where σ is the sigmoid activation function, Wf denotes the

weight matrix, xt is the input of the current timestep, ht−1 is

the hidden output state of the LSTM at the previous timestep,

and bf represents the bias value of the forget gate. Where σ

represents the sigmoid activation function, Wf is the weight

matrix, xt is the current timestep input, ht−1 is the LSTM’s

hidden output state from the previous timestep, and bf signi-

fies the bias value of the forget gate.

The subsequent phase, attributed to the input gate, focuses

on identifying the new data to be incorporated into the inter-

nal state. This phase comprises two separate steps. Initially,

a sigmoid layer known as the input gate determines which

values should be updated. Subsequently, in the second step,

a hyperbolic tangent (tanh) layer determines the values to be

added to the state. The outputs of these steps are denoted as

it and c̃t respectively, can be mathematically formulated as

follows:

it = σ (WiXxt + Wihht−1 + bi) (8)

c̃t = tanh (Wc [ht−1, xt] + bc) (9)

where σ and tanh are the sigmoid activation function,

W denotes the weight matrix, xt is the input of the current

time step, ht−1 is the hidden output state of the LSTM at the

previous timestep, and bi,c represents the bias value of the

input gate.

The functions σ and tanh correspond to the sigmoid acti-

vation function, while W represents the weight matrix. The

127264 VOLUME 12, 2024
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symbol xt signifies the input at the current time step, ht−1

is indicative of the hidden output state of the LSTM in the

previous timestep, and bi,c denotes the bias value of the input

gate. By merging Eqs. (7), (8), and (9), the internal previous

state ct−1 is modified to the present state ct in the following

manner:

ct = ft ∗ ct−1 + it ∗ c̃t (10)

The representation of the forget gate at time t , ft signifies its

output value. Here, ct−1 denotes the long-term state of the unit

at time t−1, while it represents the output value of the input

gate at time t. The parameter c̃t stands for the current unit

state at time t. In the final stage of the process, the output gate

utilizes a sigmoid layer to determine which data to output.

ot = σ (WoX + Wohht−1 + bo) (11)

In this scenario, σ pertains to the sigmoid activation func-

tion, Wo symbolizes the weight matrix, ht−1 signifies the

hidden output state of the LSTM at the previous time step,

and bo indicates the bias value of the output gate.

ht = ot ∗ tanh (ct) (12)

In this context, the symbol ot represents the current value

of the output gate at time t, whereas ct signifies the long-term

state of the unit at time t . The bias and weight parameters

outlined in Equations (7)-(12) are modified and refreshed

using the Adam optimizer. Moreover, the dropout method

is employed to address the problem of overfitting during

the training stage of the LSTM model [28]. In this work,

LSTM networks play a crucial role in analyzing battery

degradation using ICC data. By leveraging the capabilities

of LSTM networks, it has been aiming to accurately model

and predict long-term capacity degradation trends in LIB,

thereby facilitating proactive maintenance and optimization

of battery management systems. The integration of LSTM

technique can enhance the reliability and performance of

battery systems across various applications.

VI. HYPERPARAMETER TUNING USING BAYESIAN

OPTIMIZATION AND Z-SCORE NORMALIZATION

In data-driven techniques, hyperparameter optimization and

tuning play a very important role in attaining optimal

model performance. Hyperparameters are parameters whose

values are set before the learning process begins, influ-

encing the behavior of the learning algorithm. Efficiently

tuning these hyperparameters can significantly impact the

model’s predictive ability and generalization capability. Var-

ious methods are available for optimizing hyperparameters,

including grid search, random search, and more sophisti-

cated approaches like Bayesian optimization. Grid search

systematically explores a set grid of hyperparameter val-

ues, whereas random search selects hyperparameter values

randomly from defined distributions. Nevertheless, these

techniques may prove to be computationally costly and

ineffective, particularly in cases of high-dimensional hyper-

parameter spaces. Bayesian optimization offers an alternative

approach by treating the hyperparameter optimization prob-

lem as a probabilistic model. It leverages prior knowledge

to intelligently select hyperparameters for evaluation based

on the outcomes of previous evaluations, aiming to minimize

the number of evaluations needed to find the optimal hyper-

parameters. By iteratively updating a surrogate probabilistic

model of the objective function, Bayesian optimization effi-

ciently explores the hyperparameter space and adapts its

search strategy over time, leading to faster convergence to the

optimal solution. The integration of Bayesian optimization

with Z-score normalization presents a powerful synergy for

improving machine learning model performance. By jointly

optimizing hyperparameters and normalizing input data, this

approach not only enhances the efficiency of the optimization

process but also promotes better generalization of the trained

models.

Incorporating Bayesian optimization into LSTM networks

represents a sophisticated approach to hyperparameter tun-

ing, aimed at optimizing the performance of LSTM models

in machine learning tasks. This methodology has been

integrated into my work, augmenting the efficiency and

effectiveness of LSTM-based models. Bayesian optimization

is a probabilistic model-based approach that sequentially

selects hyperparameters to minimize or maximize an objec-

tive function, often representing the performance metric of

interest. By leveraging the information gained from previ-

ous evaluations, Bayesian optimization effectively navigates

the hyperparameter space to identify the optimal config-

uration [30]. Hyperopt amalgamates a diverse array of

optimization algorithms, encompassing stochastic search,

simulated annealing, and the Tree-structured Parzen Estima-

tor (TPE). Notably, TPE stands out as a versatile Bayesian

optimization technique renowned for its adaptability and

effectiveness in navigating complex hyperparameter spaces.

The implementation involves defining a surrogate probabilis-

tic model that approximates the objective function and an

acquisition function that guides the selection of the next

hyperparameters to evaluate. The surrogate model typically

takes the form of a Gaussian process, which captures the

uncertainty in the objective function across the hyperparam-

eter space. The acquisition function balances exploration and

exploitation, aiming to select hyperparameters that either

explore regions of high uncertainty or exploit regions of high

expected improvement.

In the context of LSTM networks, Bayesian optimiza-

tion can be employed to tune hyperparameters such as

the number of units per layer, learning rates, number of

LSTM layers, dropout rates, and batch sizes. By iteratively

evaluating different combinations of hyperparameters based

on their expected performance, Bayesian optimization effi-

ciently searches for the optimal configuration while requiring

fewer evaluations compared to traditional grid or random

search methods. The mathematical formulation of Bayesian

optimization involves updating the surrogate model based

on observed data and selecting the next hyperparameters

to evaluate using the acquisition function. The acquisition
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function, typically denoted as α(x), balances exploration and

exploitation by considering both the mean and variance of the

surrogate model. One commonly used acquisition function is

the Expected Improvement (EI), defined as:

EI (x) = E[
(

f
(

x+
)

−f (x)
)+

] (13)

where x represents the Hyperparameters to evaluate, f (x) is

the surrogate model prediction of the objective function at

x, x+ is the current best observation and [.]+ denotes the

positive part of the expression. By maximizing the Expected

Improvement, Bayesian optimization selects the next hyper-

parameters to evaluate, ultimately guiding the search toward

the optimal configuration for LSTMmodels within my work.

TPE defines p(X) as follows:

p (x|y) =

{

l(x), y < y∗

g(x), y ≥ y∗
(14)

The function l(x) denotes the probability density derived

from the objective function values less than y∗, while g(x)

represents the probability density arising from the remaining

objective function values. The TPE sets hyper-parameter γ to

be quantile of the observed y values, thus:

p(x) = γ l(x) + (1 − γ )g(x) (15)
∫ y∗

−∞

(

y∗−y
)

p (x | y) p (y) dy=γ y∗l (x) − l(x)

∫ y∗

−∞

yp(y)dy

(16)

EIy∗(x) =
γ y∗l(θ ) − l(θ )

∫ y∗

−∞
p(y)dy

γ l(θ ) + (1 − γ )g(x)
∝

(

γ +
g(x)

l(x)
(1−γ )

)

−1

(17)

According to Equation (17), maximizing Expected

Improvement (EI) entails favoring hyperparameter configura-

tions x that have a high probability under the surrogate model

representing the objective function l(x) while simultaneously

having a low probability under the observed outcomes g(x).

This optimization strategy aims to strike a balance between

exploration and exploitation by prioritizing regions of the

hyperparameter space where improvements are expected.

Importantly, the optimal hyperparameter configuration is

determined not only by the best-observed outcomes but also

by their associated probability distributions, highlighting the

probabilistic nature of Bayesian optimization.

VII. RESULTS AND DISCUSSION

In this section, the various data-driven techniques and steps

to estimate battery capacity have been described. Further,

this section details the RUL estimation of LIBs considering

LSTM, ANN, CNN and FNN.

A. RUL ESTIMATION FRAMEWORK

Figure 12 illustrates the proposed framework for estimating

battery capacity leveraging multi-channel charging profiles

through FNN, CNN, ANN and LSTM. The framework

comprises three key steps: data preprocessing (section V),

training, and estimation (section VI). The first step involves

preprocessing the data. Abnormal data points are removed

using data cleansing techniques, followed by min-max nor-

malization to scale the data. Following this, the dataset is

partitioned into training, validation, and test sets. This seg-

mentation results in refined voltage, current, temperature, and

IC curves data sets, facilitating subsequent analysis.

FIGURE 12. Overall proposed model of capacity estimation.

The second step discusses training and validation sets uti-

lized to select an appropriate model from FNN, CNN, ANN

and LSTM, respectively. This step involves training these

models on the training set and evaluating their performance

on the validation set to determine the best-performing model

for capacity estimation. In the final step, the capacity estima-

tion models identified in the previous step are employed to

estimate battery capacity. The performance of these methods

is evaluated using various metrics to assess their accuracy

and effectiveness in estimating battery capacity based on the

multi-channel charging profiles.

B. RESULTS DISCUSSION

Considering the above framework (Section VII-A), the dif-

ferent data-driven techniques have been compared in this

section. Figure 13 depicts the capacity degradation over

cycles for NASA batteries B0005, B0006, and B0007,

sourced from the NASA battery dataset (discussed in

section II). Each battery exhibits a distinct degradation pro-

file as evidenced by the decline in capacity over successive

charge-discharge cycles. In the case of battery B0005, a grad-

ual reduction in capacity is observed, with a relatively steady

decline over cycles. This degradation pattern suggests a

consistent deterioration in the battery’s electrochemical prop-

erties, likely influenced by factors such as aging and cycling

conditions. Similarly, battery B0006 displays a decline in

capacity over cycles, albeit with some fluctuations. These

fluctuations may be attributed to variations in operating

conditions or environmental factors affecting the battery’s
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performance. Despite these fluctuations, the overall trend

indicates a progressive loss of capacity over time. Battery

B0007 exhibits a more pronounced degradation trend, with

a sharper decline in capacity compared to B0005 and B0006.

This accelerated degradation may be indicative of underlying

issues such as increased internal resistance or accelerated

aging, necessitating closer monitoring and potential interven-

tion to mitigate further deterioration. Overall, the capacity

degradation profiles of batteries B0005, B0006, and B0007

underscore the importance of continuous monitoring and

analysis to assess battery health and anticipate degradation.

By understanding the degradation patterns exhibited by these

batteries, proactive maintenance strategies can be imple-

mented to extend their lifespan and optimize performance in

various applications.

FIGURE 13. Capacity degradation curve battery B0005, B0006 and B0007.

The prediction effect of the proposed hypermeter-tuned

LSTM (sections V and VI) technique is compared with

the FNN, ANN and CNN on three different data sets

(Voltage, current and IC curves (Discussed in section III)).

Figures 14, 16 and 18 depict the performance of various

prediction techniques for B0005, B0006 and B0006 respec-

tively. Initially, the actual capacity has been considered

from NASA experimental dataset. The actual capacity has

been compared with different data-driven techniques such

as LSTM, FNN, ANN and CNN. Figure 14 depicts that

the proposed hyperparameter-tuned LSTM performs well in

comparison with FNN, ANN and CNN. The figure illustrates

the performance of each architecture in terms of prediction

accuracy, highlighting their respective strengths and weak-

nesses. This comparative analysis serves as a valuable insight

into the effectiveness of various neural network architectures

in handling the given dataset. The CNN output represents

predictions of battery capacity over time, contributing to

the overall understanding of battery degradation patterns.

Although CNN may not capture temporal dependencies as

robustly as LSTM or offer as refined predictions as FNN and

ANN, its output remains informative for assessing battery

health and making informed decisions regarding mainte-

nance strategies. While LSTM is considered the best choice

for accurate remaining useful life (RUL) predictions and

FNN, ANN serves as a reliable alternative, CNN offers a

supplementary perspective on battery capacity prediction.

By considering the outputs of all four techniques, a compre-

hensive understanding of battery degradation can be attained,

enabling proactive measures to be taken to optimize battery

performance. Overall, the CNN output complements the pre-

dictions from LSTM, FNN and ANN, enhancing the overall

reliability and effectiveness of battery management systems.

By leveraging the strengths of each algorithm, proactive

maintenance strategies can be devised to extend battery lifes-

pan and minimize operational disruptions.

FIGURE 14. Battery capacity estimation output comparison between
LSTM, FNN, CNN and ANN for battery #B0005.

FIGURE 15. Value error comparison between LSTM, FNN, CNN, and ANN
for battery #B0005.

Further, to verify the efficacy of the proposed LSTM

technique, the error analysis has been carried out for vari-

ous battery sets and it has been observed that the proposed

technique deviates near close to zero value as depicted in

Figures 15, 17 and 19. One important factor that contributed

to the reduction of error values in the LSTM model is

Bayesian optimization and hyperparameter tuning. This tech-

nique played a significant role in enhancing the accuracy

and precision of the remaining useful life of the battery.

Discrepancies between the predicted and actual capacity val-

ues may indicate areas where the algorithms are struggling

to accurately model battery degradation. Such discrepancies
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FIGURE 16. Battery capacity estimation output comparison between
LSTM, CNN, and ANN for battery #B0006.

FIGURE 17. Value error comparison between LSTM, CNN, and ANN for
Battery #B0006.

FIGURE 18. Battery capacity estimation output comparison between
LSTM, CNN, and ANN for battery #B0007.

could be attributed to limitations in the algorithms’ ability to

capture complex temporal dependencies, variations in operat-

ing conditions, or the presence of external factors influencing

battery performance. Overall, the output plot serves as a

valuable tool for evaluating the performance of LSTM, FNN,

CNN, and ANN in predicting battery capacity. By analyzing

the alignment between predicted and actual capacity values,

insights can be gained into the strengths and weaknesses of

each algorithm, guiding further refinements and optimization

in battery management strategies.

C. MODEL ESTIMATION ERROR ANALYSIS

In the proposed techniques implementation, the specific con-

figurations and parameters need to be derived to ensure

efficient training and accurate evaluation of models. The

FIGURE 19. Value error comparison between LSTM, CNN and ANN for
battery #B0007.

average training time is maintained below 20 seconds,

demonstrating a commitment to achieving computational

efficiency. To prevent overfitting and enhance generalization,

consider a dropout rate of 0.5 for regularization. During the

training process, the mean squared error (MSE) is used as

the loss function to measure the average squared difference

between predicted and actual values. The Adam optimizer is

utilized with a learning rate of 0.001, facilitating effective

convergence during the training process. The training has

been carried out considering 500 epochs, with each epoch

comprising batches of 36 samples, to adequately capture the

underlying patterns in the data. To introduce non-linearity

into neural network models, employed the Leaky ReLU

activation function and a Bayesian optimizer. This choice

helps overcome the vanishing gradient problem and promotes

faster convergence. By using this activation function, it has

been ensured that models can effectively capture complex

relationships within the data. In evaluating the accuracy of

estimation, the mean absolute percentage error (MAPE) as a

representative error index is depicted in Table 2. MAPE mea-

sures the average percentage difference between predicted

and actual values, providing a comprehensive assessment of

the performance of models across different scenarios. Table 2

depicts that the proposed hyperparameters tuned LSTM pro-

vide lower error values of RMSE (0.0246), MAE (0.0159)

and MAPE (1.03) compared to well-established techniques

(FNN, CNN, and ANN).

TABLE 2. Model estimation errors.

Figures 20, 21, and 22 illustrate the Root Mean Square

Error (RMSE) drop per iteration and provide valuable

insights into the convergence behavior and performance
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FIGURE 20. RMSE drop per iteration for battery #B0005.

FIGURE 21. RMSE drop per iteration for battery #B0006.

FIGURE 22. RMSE drop per iteration for battery #B0007.

improvement of the machine learning model over successive

iterations. As the iterations progress, the RMSE, which serves

as a measure of the model’s predictive accuracy, tends to

decrease, indicating that the model is becoming increasingly

adept at capturing the underlying patterns in the data. The

steepness of the RMSE drop per iteration curve reflects the

rate at which the model learns and adapts to the training data.

A rapid decline suggests efficient learning and convergence,

while a slower decline may indicate challenges in model

fitting or convergence issues. Analyzing the RMSE drop

per iteration allows for the assessment of the model’s train-

ing progress and convergence stability, aiding in fine-tuning

hyperparameters or diagnosing potential issues in the pro-

posed technique.

VIII. CONCLUSION

This paper has dealt with the realm of data-driven techniques,

employing hyperparameter-tuned LSTM technique for ana-

lyzing battery degradation using incremental capacity curves

(ICCs). The inclusion of Bayesian optimization has enabled

hyperparameter space, enhancing the overall model perfor-

mance and convergence. The proposed technique has been

compared with well-established data-driven techniques such

as FNN, CNN, and ANN. The results depict that long-term

dependencies in sequential data and hyperparameter tuning

of LSTM make the proposed technique superior. To test

the superiority of the proposed technique, all the models

have been tested under different error indices (RMSE, MEA,

and MAPE). The lower value of these errors depicts the

robustness and efficacy of the proposed technique. The robust

predictions furnished by LSTM furnish invaluable insights

into battery health and degradation trends, thereby facilitat-

ing proactive maintenance and replacement strategies. The

comparison of predicted capacity values with actual capacity

values, visualized through output plots, has unveiled crucial

insights into the strengths and limitations of each technique.

Discrepancies between predicted and actual capacity val-

ues underscore areas for further refinement, guiding future

research endeavors in battery management and predictive

maintenance. The contributions extend to proposing a com-

prehensive capacity estimation framework for LIB. Finally,

this paper contributes significantly to the advancement of

battery management systems by harnessing data-driven tech-

niques for precise prediction of battery degradation.
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