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[bookmark: _Toc1]Abstract –
The widespread adoption of Lithium-Ion (Li-ion) batteries has revolutionized electronic devices. Lithium-ion batteries have emerged as a leading technology due to their superior characteristics, including high voltage, energy density, and cycle life.  Li-ion batteries degrade over time over multiple charge and discharge cycles and once a Li-ion battery reaches its End-of-Life (EOL), its ability to store a charge diminishes significantly. More importantly, safety concerns arise due to a phenomenon called thermal runaway [1]. This can cause the battery to overheat, ignite, or even explode, potentially causing harm to users and property.
To address the proper management and preventive maintenance of batteries, this study investigates the application of various machine learning techniques. By leveraging machine learning, we aim to develop strategies for handling battery health monitoring effectively. Additionally, we seek to gain insights into the diverse factors influencing battery performance, particularly in estimating the State of Health (SoH) and predicting its Remaining useful life (RUL).

Accurate estimation of State of Health (SoH) and Remaining Useful Life (RUL) is crucial for ensuring safe and efficient operation of Lithium-ion (Li-ion) batteries. Traditional methods for SOH and RUL prediction often rely on physical models or empirical rules, which can be limited in accuracy due to factors like complex degradation mechanisms and diverse operating conditions.
Our project proposes a data-driven approach to SOH and RUL estimation for Li-ion batteries, leveraging the power of machine learning and Exploratory Data Analysis (EDA). Machine learning algorithms can capture complex non-linear relationships between battery health indicators and degradation patterns within the data. EDA will be employed to gain insights into the characteristics of the dataset, identify key features influencing SOH and RUL, and uncover potential challenges. By combining these techniques, we aim to develop a more robust and adaptable framework for battery health monitoring.
Keywords -Li-ion Batteries,SoH ,RUL,Preventive Maintenance,Battery Health Monitoring,Sustainable Use
· [bookmark: _Toc2]INTRODUCTION
As the demand for batteries increases across various sectors such as electronics, transportation, and defence, lithium-ion batteries have emerged as a leading technology due to their superior characteristics, including high voltage, energy density, and cycle life. Particularly in electric vehicles (EVs), lithium-ion batteries play a crucial role as the primary energy source [6].
 Li-ion batteries have become the power source of choice for a myriad of applications, ranging from smartphones and laptops to electric vehicles and renewable energy storage systems [2]. However, despite their numerous benefits, Li-ion batteries are not immune to degradation over time, a phenomenon that poses significant challenges for both performance optimization and user safety.
As Li-ion batteries undergo repeated charge and discharge cycles, they inevitably degrade, leading to diminished capacity, increased internal resistance, and impaired electrochemical stability. This degradation process is exacerbated by factors such as operating conditions, charging protocols, and environmental influences. Eventually, as a Li-ion battery reaches its End-of-Life (EOL), its ability to store a charge diminishes significantly, rendering it unsuitable for continued use. Moreover, EOL brings about heightened safety concerns, most notably the risk of thermal runaway—a catastrophic event characterized by heating, ignition, and potential explosion of the battery cell.
The occurrence of thermal runaway not only poses a direct threat to user safety but also presents significant challenges for device manufacturers, service providers, and regulatory bodies alike. Addressing the proper management and preventive maintenance of Li-ion batteries is paramount to mitigating these risks and ensuring the continued reliability and safety of battery-powered devices.
· [bookmark: _krd285jxjuwm][bookmark: _Toc3]Phases of Battery Aging
The aging process of lithium-ion batteries is a complex phenomenon characterized by distinct phases that shape the overall degradation trajectory of the battery's capacity. Understanding these phases is crucial for predicting battery performance and ensuring reliable operation over time [7].
Phase 1: Initial Settling (Capacity Increase)
Surprisingly, the initial phase of a battery's life can be counterintuitive. During this settling period, various chemical processes stabilize, and the capacity may even increase slightly despite battery usage. One contributing factor to this initial rise is the anode overhang effect. This effect describes lithium ions becoming lodged in a slightly wider portion of the anode that doesn't directly participate in the main electrochemical reactions. These "overhang" ions become electrochemically active as the battery undergoes further cycles, contributing to a temporary capacity increase. It's important to note that the anode overhang effect is considered a reversible aging mechanism.
Phase 2: Quasi-Linear Capacity Loss
Following the initial settling phase, the aging profile transitions into a more predictable stage characterized by quasi-linear capacity loss. In this extended phase, a strong correlation exists between the battery's usage and its capacity degradation. Under consistent operating conditions, such as those found in controlled laboratory settings, the relationship between capacity loss and battery cycles is often approximately linear. However, real-world applications, like home energy storage systems experiencing seasonal temperature fluctuations, may exhibit deviations from this linear trend.
Phase 3: Knee-Point and Rapid Decline
As the battery ages further, a critical point known as the knee-point is reached, typically occurring between 50-85% of the initial capacity. This point signifies a dramatic acceleration in capacity loss, often happening over a relatively short period of cycles. The knee-point marks the onset of the end-of-life stage for the battery, indicating a significant decline in its ability to function effectively.
By dissecting these distinct aging phases, researchers gain valuable insights into the underlying mechanisms that contribute to lithium-ion battery degradation. This knowledge paves the way for developing strategies to mitigate aging and extend battery lifespan, ultimately leading to more efficient and reliable energy storage solutions.
In response to these challenges, this study adopts a data-driven approach to explore the estimation of two critical battery health metrics: State of Health (SoH) and Remaining Useful Life (RUL). By leveraging machine learning techniques and conducting in-depth Exploratory Data Analysis (EDA), we aim to develop strategies for effective battery health monitoring and predictive maintenance. Through this research, we seek to gain valuable insights into the diverse factors influencing battery performance, including operational conditions, usage patterns, and environmental variables.
The overarching goal of this study is to contribute to the development of reliable and efficient systems for monitoring battery health, thereby ensuring user safety, enhancing device performance, and promoting the sustainable use and disposal of Li-ion batteries. By leveraging data-driven methodologies, we endeavour to address the complexities of battery degradation and EOL management, paving the way for safer, more resilient battery-powered technologies in the future.
· Background
Li-ion batteries have emerged as the cornerstone of modern portable electronics and electric vehicles due to their high energy density, lightweight design, and rechargeable nature. These batteries operate on the principle of lithium ions moving between electrodes during charge and discharge cycles. One of the most common cathode materials in Li-ion batteries is Lithium Cobalt Oxide (LiCoO2), which plays a crucial role in the battery's performance [1].
Chemical Structure of Li-ion Batteries:
In a Li-ion battery, the active electrode material, such as LiCoO2, undergoes chemical reactions during charging and discharging. However, over time, this active material can decompose into inactive Co3O4 material [3]. This decomposition occurs primarily at the surface of the LiCoO2 electrode and contributes to an increase in the battery's impedance and overpotential. Additionally, it leads to a decrease in the maximum storage capacity of the battery. As a result, the battery's performance deteriorates over its lifetime due to the combined effects of increased impedance and decreased maximum capacity.
· [bookmark: _8201ukiu6evh][bookmark: _Toc4]Factors Influencing Battery Performance
The health deterioration of Lithium-Ion (Li-ion) batteries is influenced by various factors, particularly operational conditions, and chemical processes within the battery. These factors significantly impact the battery's performance and longevity, posing challenges for its effective use in diverse applications.
Operational conditions play a pivotal role in determining the remaining run-times of Li-ion batteries as they age. Batteries with high impedance may still maintain acceptable run-times in devices requiring low discharge C-rate currents, such as CD players or wireless mice. However, in devices demanding high discharge C-rate currents, like mobile phones or electric vehicles (EVs), the remaining run-times become notably shorter as the battery ages. This disparity arises due to the decreased maximum capacity of the LiCoO2 electrode, a critical component of Li-ion batteries [3]. 
The decomposition of the active electrode material into inactive Co3O4 further exacerbates the degradation of Li-ion batteries. This decomposition contributes to an increase in impedance and a decrease in the maximum storage capacity of the battery, impairing its overall performance. The reduction in the amount of active LiCoO2 at the electrode surface leads to diminished maximum capacity, particularly affecting battery performance at higher discharge C-rate currents.
Moreover, operational conditions such as high discharge currents, temperatures, and voltage levels during charging accelerate the degradation of the battery's impedance and maximum storage capacity. These conditions exacerbate the decrease in discharge capacity, which is often expressed as a percentage decrease after a certain number of cycles. For instance, under specific operational conditions, the discharge capacity of a Li-ion battery decreased by approximately 42% in 220 cycles [3].
In summary, the health deterioration of Li-ion batteries is a complex interplay of operational conditions and chemical processes. Understanding these factors is crucial for devising strategies to mitigate battery degradation, enhance performance, and prolong battery life, thereby ensuring the reliability and sustainability of Li-ion battery-powered devices across various applications.
· [bookmark: _Toc5]Code
For the purpose of extracting meaningful information from the given data we will be using python. Python is a versatile language with many packages that assist in the extraction and visualization of large amounts of data.
For simplicity we will be using Google Colab for executing the python code in a notebook environment for its convenience and versatility. This decision was made as it already has all the required packages well needed and not to mention the freedom and flexibility it provides by allowing us to code in a virtual environment managed by Google with no processing strain on our end.
The code can be found at the Colab_Link.
· [bookmark: _r7erznmwo1dp][bookmark: _Toc6]DataSet
Based on our research findings, we have identified specific criteria for selecting a dataset relevant to our problem statement. This dataset should include essential columns that provide pertinent information necessary for our analysis. Based on those requirements we were only able to find one dataset that meets our requirements which was the NASA (Li-ion Battery Aging Datasets). 
We also found another dataset which is the Hawaii Natural Energy NMC-LCO 18650 batteries dataset. We chose not to move forward with this dataset as we were unable to find details about the process using which this data was collected as well as the fact that our initial testing showed that the dataset was processed the process of which we were unable to find [4]. Our initial testing of the data set showed great results but had to be abandoned because of the pre-mentioned reason. 
Graph 1 Actual vs Predicted RUL 
Due to the above-mentioned reason, we will be sticking with the NASA (Li-ion Battery Aging Datasets) [5]
This dataset originates from a meticulously designed battery prognostics testbed at the NASA Ames Prognostics Center of Excellence (PCoE). The data was gathered from Li-ion batteries subjected to three distinct operational profiles: charging, discharging, and Electrochemical Impedance Spectroscopy (EIS), conducted at varying temperatures.
The experimental setup involved discharges at different current load levels until the battery voltage reached preset thresholds, some intentionally set below the manufacturer's recommended levels to induce deep discharge aging effects. This deliberate cycling resulted in accelerated battery aging, with experiments terminated upon meeting the end-of-life (EOL) criteria, defined as a 30% capacity fade from the rated capacity (2 Ah to 1.4 Ah) [5].
Dataset Details:
The dataset encompasses a comprehensive array of parameters obtained from the testbed setup, including commercially available Li-ion 18650 batteries, programmable electronic loads and power supplies, voltmeters, ammeters, thermocouple sensors, and custom EIS equipment. Additionally, an environmental chamber was utilised to impose diverse operational conditions. Data acquisition and experiment control were facilitated through MATLAB-based systems, achieving an approximate data acquisition rate of 10Hz.

The dataset has several columns which are as follows:
	Field 
	Description 

	Voltage_measured 
	Battery terminal voltage (Volts)  

	Current_measured
	Battery output current (Amps)

	Temperature_measured 
	Battery temperature (degrees Celsius)

	Current_charge 
	Current measured at charger (Amps)

	Time 
	Time vector for the cycle (seconds)  

	Voltage_measured 
	Battery terminal voltage (Volts)  

	Current_measured 
	Battery output current (Amps)       

	Temperature_measured 
	Battery temperature (degrees Celsius) 

	Current_charge 
	Current measured at load (Amps)

	Voltage_charge 
	 Voltage measured at load (Volts)

	Time 
	 Time vector for the cycle (seconds) 

	Capacity 
	Battery capacity (Amp-hour) for discharge till 2.7V


	Table 1 Dataset MetaData


The dataset has the recorded data for several batteries, each in groups of four where each where each group represents the data for the batteries in different environmental conditions Graph 2 Capacity of batteries over time.
By plotting the capacity of all the available batteries, we were able to see some inconsistencies in the dataset as the data of some batteries were split the data as well being recorded in different testing situations such as a difference in temperature, charging current, discharge current, as well as EOL criteria. For this we choose to proceed further with the data collected from the first group which includes the following batteries:
['B0005.mat','B0006.mat','B0007.mat','B0018.mat']
The selected group of batteries consists of four Li-ion batteries, numbered 5, 6, 7, and 18, which underwent comprehensive testing across three distinct operational profiles: charge, discharge, and impedance. These batteries were subjected to controlled charging protocols, beginning with a constant current (CC) mode at 1.5A until reaching 4.2V, followed by a constant voltage (CV) mode until the charge current dropped to 20mA. Discharge operations were conducted at specific constant current levels until reaching predetermined voltage thresholds, tailored individually for each battery to 2.7V, 2.5V, 2.2V, and 2.5V for batteries 5, 6, 7, and 18, respectively. Additionally, electrochemical impedance spectroscopy (EIS) measurements were performed, spanning frequencies from 0.1Hz to 5kHz, providing valuable insights into internal battery parameters. The repetitive charge-discharge cycles induced accelerated aging in the batteries, simulating real-world usage scenarios. The experiments were terminated upon meeting the end-of-life (EOL) criteria, defined as a 30% fade in rated capacity, transitioning from 2Ahr to 1.4Ahr [1].
Notably, the dataset lacks columns for State of Health (SoH) and Remaining Useful Life (RUL), necessitating their calculation.
State of Health (SoH) denotes the current health status of the battery relative to its initial state, often determined by assessing capacity degradation over time. Typically, SoH is calculated as a percentage by comparing the current capacity to the initial capacity. The formula is as follows: 
SoH= (Current Capacity / Initial Capacity) ×100%
Where:
Current Capacity: Capacity measured at the current cycle.
Initial Capacity: Capacity measured at the initial cycle.
Remaining Useful Life (RUL) predicts the remaining lifespan of the battery before reaching a predefined end-of-life threshold. RUL estimation involves analysing degradation trends in performance parameters, such as capacity, voltage, or internal resistance. A common approach is to fit a degradation model to historical data and extrapolate future degradation to estimate RUL. The generic formula for RUL calculation is: 
RUL= (End-of-life cycle) − (Current cycle)
· [bookmark: _hlqxovy97mws][bookmark: _Toc7]EDA
Exploratory Data Analysis (EDA) constitutes a pivotal initial phase within the data-driven framework embraced for this project, focusing on the estimation of Lithium-Ion (Li-ion) battery State of Health (SoH) and the prediction of Remaining Useful Life (RUL). This phase entails a meticulous examination of the dataset derived from extensive testing of four Li-ion batteries (designated as #5, 6, 7, and 18), spanning various operational profiles encompassing charging, discharging, and impedance measurements. Within this dataset lie an array of parameters, including battery terminal voltage, output current, temperature, charge current, and time vectors, meticulously recorded at a notably high sampling rate of approximately 10Hz.

The principal aim of the Exploratory Data Analysis lies in elucidating the dataset's characteristics, identifying salient features, discerning prevalent trends, and anticipating potential challenges. Through the strategic deployment of visualizations, statistical summaries, and judicious data manipulation techniques, the endeavor is to unearth the latent structure underpinning the dataset. The overarching objective is to pinpoint patterns that hold sway over battery performance and degradation, thereby setting a robust foundation for subsequent analysis and modeling endeavors. This rigorous scrutiny not only aims to enhance our comprehension of the dataset but also to furnish actionable insights pivotal for the formulation of effective predictive models.



To perform the EDA, we first combined all the discharge data from the four batteries in a single data frame to be able to do a more detailed analysis and to observe the trends that the data follows in a more generalized manner.

The first thing that we did was to get a better understanding of the distribution of data. 

Table 2 Description of distribution of values in column

The above helped us uncover the following insights:

Voltage Measured: The mean voltage measured is approximately 3.50 V, with a minimum of 1.74 V and a maximum of 4.23 V. The standard deviation is approximately 0.25 V, indicating moderate variability in measured voltage values.

Current Measured: The mean current measured is approximately -1.83 A (negative sign indicates discharge), with a minimum of -2.03 A and a maximum of 0.01 A. The standard deviation is approximately 0.56 A, indicating moderate variability in measured current values.

Temperature Measured: The mean temperature measured is approximately 32.38 degrees Celsius, with a minimum of 22.35 degrees Celsius and a maximum of 42.33 degrees Celsius. The standard deviation is approximately 4.03 degrees Celsius, indicating moderate variability in measured temperature values.

Current Load: The mean current load is approximately 1.47 A, with a minimum of -2.0 A (negative sign indicates discharge) and a maximum of 2.0 A. The standard deviation is approximately 1.23 A, indicating moderate variability in current load values.

Voltage Load: The mean voltage load is approximately 2.37 V, with a minimum of 0.0 V and a maximum of 4.25 V. The standard deviation is approximately 0.75 V, indicating moderate variability in voltage load values.

Time: The mean time recorded is approximately 1546.38 seconds, with a minimum of 0 seconds and a maximum of 3690.23 seconds. The standard deviation is approximately 906.96 seconds, indicating moderate variability in time values.

State of Health (SoH): The mean SoH is approximately 0.82, with a minimum of 0.57 and a maximum of 1.0. The standard deviation is approximately 0.11, indicating moderate variability in SoH values.

The next step is to observe the capacity of the different batteries over time.
Graph 3 Capacity of batteries over time

Observing the change in capacity over time we can see how the data is consistent and complete, which was not the case for some of the batteries we had previously tested from other battery groups. We also observe that all the batteries follow a trend with respect to the change in capacities of the batteries. 
Graph 4 Capacity Distribution

We also observe that the capacity follows a normalized distribution.

Graph 5 Num of cycles of Batteries

We have observed that the number of cycles for each battery is different where the outlier is B0018 with it having the lowest number of cycles.




Graph 6 Voltage over time of Batteries

From the above graph we observe that the voltage of the battery lowers with time.


Graph 7 Temperature Measured over time of Batteries.

From the above graph we observe a prominent increase in temperature as the capacity of the battery degrades over time.

Moving forward to the correlation between different columns with the SOH of the battery we can see that certain values have a greater correlation with the SOH than others. 

Graph 8 Correlation of SOH with Cycle

Based on the above graph we observe that the SOH is inversely correlated to the cycles which basically means that the SOH of the battery gets reduced with each charge and discharge cycle of the battery.


Graph 9 Correlation of SOH with Capacity

And we also observe that the SOH has a positive correlation with time. And we also know that the battery degrades over time even if it's not in use due to chemical reactions taking place inside the battery.

For the RUL we observe that it also follows the patterns we observed with the SOH with it also having a negative correlation with cycles and a positive correlation with the capacity of the battery


Graph 10 Correlation of RuL with Capacity & Cycle

Apart from that we can also observe that the SOH and RUL have a strong positive correlation with each other which we may be able to capitalize on during the modeling process.

Graph 11 Correlation of RuL with SOH

We then formed bar plots to look at the correlation of different columns with the SOH of the battery.

Graph 12 Correlation of SOH
Graph 13 Correlation of RuL

Based on our analysis, we observed that the ambient temperature remained constant throughout the duration of the battery testing, as evidenced by its consistent value and lack of variability. Given the established impact of temperature on Lithium-Ion (Li-ion) battery performance and degradation, this controlled temperature environment limits our ability to explore correlations between temperature fluctuations and the State of Health (SoH) or Remaining Useful Life (RUL) of the batteries. While it is well-documented that temperature variations can significantly influence Li-ion battery behavior, the absence of temperature changes in our dataset precludes the examination of such correlations. Therefore, to focus our analysis on factors directly pertinent to battery health and performance, we have decided to remove not only the ambient temperature column but also the datetime column and the time column from our dataset. This ensures that our analysis remains scientifically rigorous and aligned with the objectives of investigating the factors influencing battery SoH and RUL.
Furthermore, in addition to considering the impact of individual features on battery health metrics, it is imperative to assess the inter-correlation among variables within the dataset. By examining the correlation matrix, we can discern relationships between different parameters and identify redundancies or duplications that may exist. Removing redundant features is crucial as they contribute to model complexity without significantly enhancing predictive accuracy.

In the realm of lithium-ion battery research, inter-correlation analysis plays a pivotal role in ensuring the robustness and efficiency of predictive models. This is particularly pertinent in battery health monitoring and predictive maintenance, where the selection of relevant features is paramount for accurate estimation of metrics such as State of Health (SoH) and Remaining Useful Life (RUL).

Graph 13 Inter Correlation of columns.

By identifying and removing redundant features through correlation analysis, we streamline the modeling process, improve computational efficiency, and enhance the interpretability of the resulting predictive models. This ensures that our analysis remains focused on the most salient factors affecting battery health, thereby facilitating more accurate and actionable insights for battery management and maintenance.
Based on this we will be removing the voltage load column as it has a strong correlation with the current measured column which is to be expected as both are directly proportional to one another.

· [bookmark: _1d4v5cww6tq5][bookmark: _Toc8]Modeling
Building upon the insights gleaned from EDA, we embark on the modeling phase, where machine learning algorithms are employed to predict SoH and RUL accurately. By leveraging the rich dataset and advanced modeling techniques, we aim to develop robust predictive models capable of capturing the complex relationships between battery parameters and health metrics. Through iterative model refinement and validation, we endeavor to optimize model performance and generalizability, thereby empowering stakeholders with actionable insights for proactive battery management.
The first step we will be taking before starting the modeling process is to normalize our data using the Min-Max scaler.
The utilization of the Min-Max Scaler emerges as a pivotal step in our modeling endeavor, underscoring its significance in enhancing the efficacy and interpretability of our predictive models. By rescaling the feature space to a uniform range, typically between 0 and 1, the Min-Max Scaler facilitates the mitigation of potential issues stemming from disparate feature scales and magnitudes. This normalization process imbues our models with enhanced stability, convergence efficiency, and resistance to outliers, thereby fortifying their predictive prowess across diverse datasets and operating conditions.
In our methodology, we acknowledge the paramount importance of applying the Min-Max Scaler to both independent (features) and dependent (target) variables. By ensuring uniform scaling across all dimensions of the dataset, we strive to engender models that exhibit heightened robustness, generalizability, and interpretability. This holistic normalization approach empowers our models to discern subtle patterns and relationships within the data while mitigating the risk of overfitting or underfitting.
Moving forward, we delineate a comprehensive strategy for implementing the Min-Max Scaler across our modeling pipeline. Specifically, we pledge to incorporate the Min-Max Scaler in the preprocessing stage, meticulously rescaling both input features and output targets (SoH and RUL). By adopting this standardized approach, we endeavor to evaluate the impact of feature scaling on model performance across an array of machine learning algorithms and evaluation metrics.
Through a systematic experimentation framework, we shall rigorously test and validate the efficacy of Min-Max scaling on diverse predictive models employed for both State of Health (SoH) and Remaining Useful Life (RUL) estimation. By comparing the performance of models trained with and without Min-Max scaling, we aim to elucidate the nuanced effects of feature normalization on predictive accuracy, convergence speed, and robustness.
In essence, the adoption of the Min-Max Scaler represents a cornerstone in our quest for precision battery health prognostics. By harnessing the power of uniform feature scaling, we endeavor to unlock the latent potential of our predictive models, transcending the boundaries of conventional battery health monitoring and ushering in a new era of data-driven insights and actionable intelligence.

In the initial phase of our experimentation, we sought to gauge the performance of a simple Deep Neural Network (DNN) model in predicting the State of Health (SoH) and Remaining Useful Life (RUL) of Lithium-Ion batteries. We meticulously trained and evaluated two distinct DNN models—one for SoH estimation and the other for RUL prediction—leveraging unseen data, i.e., a battery that was not part of the training dataset.

Upon rigorous evaluation, our findings revealed promising outcomes for both SoH and RUL estimation, albeit with discernible variations in predictive accuracy. For the SoH model, we achieved a commendably low Mean Squared Error (MSE) of 0.0002952931920267384, indicative of the model's adeptness in capturing the underlying relationships between input features and SoH metrics. This remarkable precision underscores the efficacy of our DNN architecture in discerning subtle patterns and trends within the battery dataset, thereby furnishing reliable estimates of battery health status.

Graph 14 Predicted VS Actual values SOH DNN model

Similarly, in the realm of RUL estimation, our DNN model demonstrated promising results, yielding an MSE of 0.00025639907474135675. This indicates a high level of accuracy in predicting the remaining lifespan of Lithium-Ion batteries, with minimal discrepancy between the model predictions and the actual RUL values. The low MSE underscores the model's capacity to discern subtle degradation patterns and anticipate the future health status of the batteries with precision.

Graph 15 Predicted VS Actual values RuL DNN model

It is important to emphasize that these MSE values were computed on unseen data, representing a separate battery dataset that was not part of the model training process. This underscores the generalizability and robustness of our DNN models, which exhibit consistent performance across diverse battery samples and operating conditions. By achieving low MSE values on unseen data, our models demonstrate their potential utility in real-world battery health monitoring applications, offering reliable insights into SoH and RUL estimation.

These outcomes underscore the potential efficacy of DNN models in battery health prognostics, paving the way for future refinement and optimization endeavors. Moving forward, we envisage leveraging these preliminary findings as a springboard for exploring more sophisticated modeling architectures, feature engineering techniques, and optimization strategies aimed at further enhancing predictive accuracy and robustness. We also observe that the predicted values, although noisy, somewhat follow the same trend as the actual data. By iteratively refining our modeling approaches and embracing a data-driven paradigm, we aspire to develop cutting-edge solutions for proactive battery management and maintenance, ultimately fostering safer, more reliable battery-powered technologies.
In our subsequent experimentation phase, we adopted a novel approach to RUL prediction by integrating the State of Health (SoH) information into the predictive model. The rationale behind this approach lies in leveraging the insights obtained from previously trained SoH prediction models to inform the RUL estimation process. By incorporating SoH as an additional input variable alongside other battery data, we hypothesized that the model could effectively capture the interplay between battery health status and remaining useful life.

To test this hypothesis, we trained a new RUL prediction model using a feature set (X variable) that includes SoH alongside other relevant battery parameters. The model was trained on a diverse dataset, ensuring representation of various battery conditions and operational scenarios. Importantly, the training process was conducted using best practices in machine learning, including cross-validation techniques to mitigate overfitting and ensure model generalizability.

Upon evaluation on unseen data—a separate battery dataset not used during model training—the RUL prediction model exhibited remarkable performance, achieving a Mean Squared Error (MSE) of 4.694983549792898e-08. This exceptionally low MSE underscores the model's accuracy in predicting the remaining lifespan of Lithium-Ion batteries based on the integrated SoH information. Moreover, the actual versus predicted RUL values closely followed a linear relationship, further validating the efficacy of the proposed approach.


Graph 16 Predicted VS Actual values RUL DNN model

The observed alignment between actual and predicted RUL values, coupled with the negligible MSE, highlights the robustness and reliability of our integrated RUL prediction model. By effectively harnessing the insights gleaned from SoH prediction models, our approach demonstrates the ability to enhance RUL estimation accuracy and precision. This innovative methodology holds promise for real-world battery health monitoring applications, offering a data-driven framework for proactive maintenance and lifecycle management of Lithium-Ion batteries.

In our pursuit of optimizing State of Health (SoH) prediction accuracy, we conducted an extensive experimentation phase involving the evaluation of Deep Neural Network (DNN) and Long Short-Term Memory (LSTM) models. The objective was to compare the performance of these models against our baseline SoH prediction model and ascertain the most effective approach for enhancing prediction accuracy.

To facilitate fair comparisons and potentially improve model performance, we restructured our dataset to contain five samples per observation. This restructuring was motivated by the hypothesis that increased data granularity could lead to better representation of battery dynamics and, consequently, improved prediction accuracy.

Upon training and evaluation of the DNN model, we obtained a Mean Squared Error (MSE) of 0.0018947740694984028. Similarly, the LSTM model yielded a MSE of 0.0002523532279329233. These results were compared against the baseline MSE of 0.0002952931920267384 obtained from our initial SoH prediction model.

Graph 17 Predicted VS Actual values SOH DNN model





Graph 18 Predicted VS Actual values SOH LSTM model

Comparing the performance metrics, it's evident that both the DNN and LSTM models outperformed the baseline model in terms of MSE. Notably, the LSTM model demonstrated superior performance, achieving the lowest MSE among the tested models. This suggests that the LSTM architecture, with its ability to capture temporal dependencies and long-range dependencies in sequential data, may be more adept at capturing the nuanced patterns inherent in battery health dynamics.

Despite the promising performance of the LSTM model, it's essential to consider other factors such as model complexity, computational resources required, and interpretability. While the LSTM model offers superior prediction accuracy, it may also be more computationally intensive and complex to implement compared to the DNN model. Additionally, the interpretability of LSTM models may be lower due to their black-box nature compared to the more straightforward DNN architecture.

Ultimately, the choice between the DNN and LSTM models depends on the specific requirements and constraints of the application. If prediction accuracy is paramount and computational resources are available, the LSTM model may be the preferred choice. However, if simplicity, efficiency, and interpretability are priorities, the DNN model may suffice, especially considering its competitive performance relative to the LSTM model.

In conclusion, while both the DNN and LSTM models show promise for improving SoH prediction accuracy, the LSTM model emerges as the preferred choice based on its superior performance in our experimental evaluation. However, careful consideration of other factors is essential to determine the most suitable approach for a given application context. Further research and experimentation may also be warranted to explore additional model architectures and optimization strategies for continued improvement in SoH prediction accuracy.

· [bookmark: _vxw7u4l8nxlk][bookmark: _Toc9]Conclusion

Our research endeavors culminate in a comprehensive analysis aimed at elucidating the factors influencing the predictive accuracy of battery State of Health (SoH) and Remaining Useful Life (RUL) estimation. Beginning with the meticulous examination of a dataset comprising four Lithium-Ion batteries subjected to varied operational profiles, we embarked on a journey of exploration, experimentation, and model evaluation.

The initial phase of our investigation involved Exploratory Data Analysis (EDA), wherein we meticulously scrutinized the dataset to discern underlying trends, patterns, and correlations. Through meticulous visualizations and statistical summaries, we uncovered crucial insights into battery behavior, degradation dynamics, and the interplay between diverse operational parameters. Our analysis revealed notable correlations between SoH, RUL, and key battery metrics, providing a solid foundation for subsequent modeling endeavors.

Building upon the insights gleaned from EDA, we embarked on the modeling phase, leveraging machine learning algorithms to develop predictive models for SoH and RUL estimation. Central to our modeling approach was the adoption of the Min-Max Scaler, a normalization technique aimed at enhancing model stability, convergence efficiency, and robustness. By rescaling both independent (features) and dependent (target) variables, we ensured uniform scaling across all dimensions of the dataset, thereby fortifying our models against potential issues stemming from disparate feature scales.

In the initial phase of experimentation, we evaluated a simple Deep Neural Network (DNN) model for SoH and RUL prediction, achieving promising results with commendably low Mean Squared Error (MSE) values. Subsequently, we innovatively integrated SoH information into the RUL prediction model, demonstrating exceptional accuracy in predicting battery lifespan based on integrated health metrics. Our findings underscored the efficacy of leveraging SoH insights for enhancing RUL estimation accuracy, offering a data-driven framework for proactive battery management.

Further experimentation involved the evaluation of DNN and Long Short-Term Memory (LSTM) models for SoH prediction, with the latter demonstrating superior performance in terms of MSE. While the LSTM model exhibited higher prediction accuracy, considerations regarding model complexity, computational resources, and interpretability necessitated a careful evaluation of the most suitable approach for a given application context.

In conclusion, our research contributes to advancing battery health prognostics through a rigorous and systematic exploration of predictive modeling techniques. The adoption of data-driven methodologies, advanced modeling architectures, and comprehensive evaluation frameworks underscores our commitment to delivering actionable insights for proactive battery management and maintenance. As we chart a path forward, further research and experimentation will be warranted to refine existing models, explore novel methodologies, and address emerging challenges in the field of battery health monitoring and predictive maintenance. Through collaborative efforts and interdisciplinary approaches, we aim to usher in a new era of reliability, efficiency, and sustainability in battery-powered technologies.

· [bookmark: _y05yie5qa5na][bookmark: _Toc10]Future Work

Moving forward, our research lays the groundwork for several avenues of future exploration and implementation aimed at advancing battery health monitoring and predictive maintenance. Key areas for future work include:

1. Implementation in Battery Management Systems (BMS): The predictive models developed in this study offer valuable insights into battery SoH and RUL estimation, which can be integrated into Battery Management Systems (BMS) for real-time monitoring and decision-making. By incorporating these models into BMS platforms, stakeholders can gain proactive visibility into battery health status, enabling timely interventions and preventive maintenance actions to mitigate risks and optimize performance.

2. Deployment for Preventive Maintenance:
 The integration of predictive models into preventive maintenance strategies holds immense potential for enhancing the reliability and longevity of battery-powered systems. By leveraging predictive insights, maintenance schedules can be optimized based on the anticipated degradation trends, thereby reducing downtime, extending battery lifespan, and minimizing operational disruptions.

3. Safety Enhancement:
Battery safety remains a paramount concern in various applications, ranging from electric vehicles to renewable energy storage systems. The predictive models developed in this research can serve as early warning systems for identifying potential safety risks associated with battery degradation or malfunction. By proactively detecting anomalies and deviations from expected behavior, these models can facilitate prompt interventions to prevent safety incidents and safeguard critical infrastructure.

4. Continuous Model Refinement:
As battery technology evolves and new datasets become available, continuous model refinement and optimization are essential to ensure the relevance and accuracy of predictive models. Future research efforts should focus on incorporating additional features, exploring novel modeling architectures, and integrating domain-specific knowledge to enhance model performance and generalizability.

5. Validation in Real-World Scenarios:
While our research demonstrates promising results under controlled laboratory conditions, further validation in real-world scenarios is crucial to assess the robustness and reliability of the predictive models. Collaborative partnerships with industry stakeholders and field trials in diverse application domains will provide valuable insights into the practical efficacy of the proposed methodologies.



· [bookmark: _jwo3m3rqu1u9][bookmark: _Toc11]Summary

In summary, our research sets the stage for transformative advancements in battery health monitoring and predictive maintenance, with implications spanning multiple industries and applications. By leveraging data-driven insights and innovative modeling approaches, we can empower stakeholders with actionable intelligence for proactive battery management, safety enhancement, and operational optimization. As we embark on the next phase of our journey, collaboration, interdisciplinary research, and a steadfast commitment to innovation will be paramount in realizing the full potential of predictive battery health analytics.
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