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Abstract - Guided by the principles of Industry 4.0, the integration of artificial intelligence 

(AI), convolution neural networks into the lithium-ion battery manufacturing process for 

analysis and prediction is a significant advancement in the development of Quality 4.0. This 

review examines the methods that use AI to predict the state of health and state of charge of 

lithium-ion batteries. First, an overview of Industry 4.0, lithium-ion batteries, artificial 

intelligence, and convolutional neural networks is provided, followed by the discussion of 

key challenges in this field. Subsequently, these challenges are refined and the research 

objectives of this study are summarized. A matrix analysis of the relevant literature across 

six dimensions is conducted to identify areas of research that have the greatest value and 

significance to lithium-ion battery manufacturing. Furthermore, the process of lithium-ion 

battery manufacturing is introduced, the key steps and critical nodes involved are 

summarized, and digital and artificial intelligence technologies currently used in the 

production of lithium-ion batteries are reviewed. Finally, insights are given by responding 

to the refined research questions on the basis of a comprehensive synthesis of the literature 

to guide future research and innovation in the field of lithium-ion battery manufacturing and 

contribute to the high-quality and sustainable development of this field. In total, 200 

representative articles published between 2004 and 2025 are analyzed in a 6×6 matrix of 

research objectives and methods, with approximately 50% of scholars adopting an optimistic 

view of AI integration and around 25% expressing concerns about its early-stage limitations. 
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1. Introduction 

With the global development of Industry 4.0, countries seek to position themselves as key players and leaders in various 

fields and investing resources to secure a competitive position internationally. In the field of new energy vehicles, 

especially electric vehicles and their related lithium-ion batteries, the production of lithium-ion batteries has emerged as 

a key field for advancing Quality 4.0, offering new possibilities for the evolution of this paradigm. Currently, Quality 4.0 

remains in its formative phase, with no universally accepted definition or standardized approach to its implementation. 

Various industries are still exploring ways to operate this paradigm. In the field of lithium-ion battery manufacturing, 

research on artificial-intelligence-based analysis and prediction of big-data processes such as infiltration, formation, and 

aging remains limited. Studies that apply advanced artificial-intelligence algorithms such as convolutional neural 

networks to the formation process are rare, and their applicability to data types that can be analyzed with convolutional 

neural networks needs to be further investigated.  Overalls, the use of big data analysis and artificial intelligence to predict 

and diagnose defects in the lithium-ion battery formation process remains in its early stages. There is a clear need to 

systematically review existing research, summarize key advances, and identify challenges that will guide future 

developments in this field. This study will discuss the application of artificial intelligence in the manufacturing processes 

of lithium-ion batteries, comparing the similarities and differences between convolutional neural networks and other AI 

approaches such as recurrent neural networks, with the aim of addressing the gap in discussions on the application of 

convolutional neural networks in lithium-ion battery manufacturing processes. 

1.1 Industry 4.0 and Quality 4.0 

The advent of Industry 4.0, Quality 4.0 and digital quality management has created new opportunities for development in 

the manufacturing industry. Industry 4.0 has become the foundation for innovation and transformation in many sectors, 

which is reflected in the national industrial and economic strategies that have been adopted in 46 of the most industrially 

developed countries in the world [1]-[2]. The development of digital manufacturing has allowed the creation of the 

industry 4.0 framework, enabling sustainable digital ecosystems and smart manufacturing [3]. As businesses gradually 

become more digitalized, they are revising their existing quality-management models to adapt them to Quality 4.0 [4]. 

For small and medium-sized enterprises, the adoption of AI-driven approaches within the Industry 4.0 paradigm offers a 

more feasible route to developing Quality 4.0 models, particularly by strengthening the circular economy through big-

data analysis [5]-[6]. Although the academic discourse on Quality 4.0 is still ongoing, the digital transformation is 

expected to refine and extend the scope of traditional quality-management methodologies such as IATF16949, total 

quality management, PDCA, quality inspection, and quality problem-solving frameworks [7]. A dominant trend in this 

evolution is the integration of big-data analytics and artificial intelligence to drive innovation across multiple industries. 
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The lithium-ion battery industry must align with this trend. The use of big data analytics and artificial intelligence 

applications in the industry 4.0 and quality 4.0 frameworks is essential for addressing persistent challenges in lithium-ion 

battery manufacturing and for improving production efficiency. 

1.2 Lithium-Ion Battery 

1.2.1 Overview of lithium-ion batteries 

A lithium-ion battery is a type of secondary (rechargeable) battery that operates through the reversible migration of lithium 

ions between the positive and negative electrodes during charge and discharge cycles. The basic structure of a lithium-

ion battery consists of a cathode (positive electrode), an anode (negative electrode), an electrolyte, a separator, and a 

casing. The cathode is typically composed of materials such as lithium cobalt oxide (𝐿𝑖𝐶𝑜𝑂2), lithium manganese oxide 

(𝐿𝑖𝑀𝑛2𝑂4), and lithium nickel oxide (𝐿𝑖𝑁𝑖𝑂2), whereas the anode is typically made of carbon-based materials, such as 

graphite or silicon-based compounds. Using lithium cobalt oxide (𝐿𝑖𝐶𝑜𝑂2) as an example, the electrochemical reaction 

of a lithium-ion battery with graphite as the anode can be represented as follows: 

Anode  6𝐶 + 𝑥𝐿𝑖+ + 𝑥𝑒− ↔ 𝐿𝑖𝑥𝐶6 

Cathode  𝐿𝑖𝐶𝑜𝑂2 ↔ 𝐿𝑖𝑥𝐶𝑜𝑂2 + 𝑥𝐿𝑖+ + 𝑥𝑒− 

Alternatively, tin (Sn), a commonly used anode material, serves as another example. Tin is cost-effective and widely 

available, and exhibits a high theoretical energy density and specific capacity, making it a promising candidate for lithium-

ion battery anode applications. Unlike graphite, which is intercalated into and deintercalated from lithium ions, tin forms 

an alloy with lithium, allowing a reversible alloying and dealloying reaction. This process can be expressed as follows: 

𝑝𝐿𝑖 + 𝑝𝑒− + 𝑆𝑛𝑞 ↔ 𝐿𝑖𝑝𝑆𝑛𝑞 

Besides the above reaction equations of lithium-ion batteries, Table 1 summarizes the key mathematical formulas for 

applying artificial intelligence to lithium-ion batteries, and Table 2 explains the purpose and source of the formulas. These 

formulations provide deeper insight into lithium-ion battery operation and support the development of AI-based methods 

for state-of-health and state-of-charge prediction. By using these equations, this study further examines how AI-driven 

predictive models align with the underlying principles and methodologies of the listed formulations, demonstrating their 

theoretical consistency and applicability. 

Table 1. Key math formulas for using AI in lithium-ion batteries 

Formula type Formula Source 

SVM min
𝜔,𝑏

1

2
‖𝜔‖2 + 𝐶 ∑ 𝜉𝑖

𝑛
𝑖=1 𝑠. 𝑡. 𝑦𝑖(𝜔

𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0. (1) [41] 

Reinforcement learning 𝒬(𝑠, 𝑎) ← 𝒬(𝑠, 𝑎) + 𝛼 [𝑟 + 𝛾max
𝑎,

𝒬(𝑠 ,, 𝑎,) − 𝒬(𝑠, 𝑎)]. (2) [53] 

Molecular Generation models min
𝐺

max
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎[log𝐷(𝑥)] + 𝔼𝑧~𝑝𝑧 [log (1 − 𝐷(𝐺(𝑧)))]. (3) [110] 

GNN ℎ𝑣
(𝑙) = 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸(𝑙) ({ℎ𝑢

(𝑙−1), ∀𝑢 ∈ 𝒩(𝑣)}). (4) [111] 

Neural networks 𝓏(𝑙) = 𝑊(𝑙)𝑎(𝑙−1) + 𝑏(𝑙). (5) 

𝑎(𝑙) = 𝜎(𝓏(𝑙)). (6) 

[144] 

Bayesian optimization algorithm 𝑥∗ = 𝑎𝑟𝑔max
𝑥∈𝜒

𝑓(𝑥). (7) [153] 

Table 2. Table of math formula uses and origins 

Purpose of the formula Source of the formula Source 

Battery SOH Classification Cortes & Vapnik,1995 [41] 

BMS Dynamic Strategy Optimization Watkins & Dayan,1992 [53] 

Electrolyte molecular structure generation Goodfellow et al.,2014 [110] 

Materials Genomics and Interface Analysis Kipf & Welling,2017 [111] 

Input-output mapping in SOC estimation Rumelhart et al.,1986 [144] 

Efficient Battery Parameter Search and Optimization Mockus,1975 [153] 

In fact, from the early stages of R&D to the rapid advancement of lithium-ion batteries, the core focus of innovation 

has been the continuous optimization and advancement of safety and cost-effectiveness. Therefore, a deeper 

understanding of the development process of lithium-ion batteries is essential [8]-[9]. 

1.2.2 The development of lithium-ion batteries 

The origins of lithium-ion batteries date back to 1970, when scientists, notably from Exxon, first utilized titanium sulfide 

as the cathode material and lithium metal as the anode material, producing the world's first lithium battery. However, 

lithium-ion batteries were not commercialized until 1990, when they became widely adopted as energy storage solutions 

for electronic devices such as mobile phones and computers [10]. This period marked the beginning of a steady rise in 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  3 

market demand for lithium-ion batteries [11]. A significant advance was achieved when companies such as Sony 

introduced lithium-ion batteries with lithium compounds as the positive electrode and materials based on carbon as the 

negative electrode. Using lithium-ion intercalation with graphite effectively mitigated polarization effects and improved 

both reversibility and battery lifespan [12]. The rapid development of lithium-ion batteries by the early 2000s produced 

lithium-ion batteries with high energy density [13], long cycle life [14], long shelf life [15], relatively low cost [16], high 

discharge current capability [17], and no memory effect [18]. These advantages established lithium-ion batteries as the 

leading technology in the battery-pack market [19]. Today, lithium-ion batteries are a key technology in electric vehicles, 

providing new solutions for sustainable development and energy conservation [20]. This growing importance has further 

driven market demand, with the global market value of lithium-ion batteries exceeding USD 30 billion in 2020 and 

projected to reach USD 90 billion by 2027 [21]. 

The market growth rate of electric vehicles has risen steadily in recent years and is projected to continue increasing 

[22]. According to the predictions of international research institutions, electric vehicles were expected to account for 

70% of the passenger-car market by 2024. At the same time, the proportion of renewable energy sources in the power 

grid is also increasing. By 2025, wind and solar energy are projected to surpass coal, natural gas, and hydropower in 

installed capacity. This shift highlights the need for large-scale energy-storage solutions, such as 'giant batteries', to 

stabilize regional grids and buffer fluctuations from intermittent energy sources [23]-[24]. Despite the development of 

different energy storage technologies around the world, lithium-ion battery technology remains the leading technology 

and is widely used in portable electronics, electric vehicles, and grid-scale energy storage [25]. However, as demand 

continues to grow, lithium-ion batteries must be further improved in performance and cost to meet market expectations 

[26]. In addition, factors such as service life, safety, and sustainable development require greater attention [27]. Moreover, 

the rising adoption of electric vehicles has produced a surge in lithium-ion battery production, with challenges in battery 

recycling, lifecycle safety and cycle-life improvements. Given that the expected lifespan of lithium-ion batteries is 

approximately 10–15 years, the recycling of decommissioned batteries remains a significant challenge, requiring 

continued improvements in battery safety and durability throughout their service life [28]. 

1.3 Artificial Intelligence And Convolutional Neural Networks 

AI and CNNs, in the context of Industry 4.0 and Quality 4.0, offer effective solutions to the above challenges. Supervised 

learning is a widely used method in AI and is typically applied to train predictive models. These models are trained on 

historical process data and can predict product quality for items still in production. By continually comparing predictions 

with actual outcomes and refining the model through iterative calibration, high-accuracy predictions can be obtained [29-

30]. In recent years, deep-learning algorithms have substantially benefited various industries through their advancement. 

As a class of versatile and powerful models, convolutional neural networks have demonstrated strong performance across 

several domains [31]-[32]. In the lithium-ion battery industry, data-driven methods have become increasingly popular. 

These methods enable lithium-ion battery degradation characteristics to be modeled from historical records alone, 

supporting systematic diagnostics and predictive analysis. However, despite their potential, these approaches remain at 

an early stage of development, with critical challenges still to be addressed. Therefore, a comprehensive review of the 

latest studies by leading scholars across various fields is needed to provide a practical basis for technological advances in 

lithium-ion batteries. 

The applications listed in Table 1, including the use of machine learning for battery life prediction, the use of neural 

networks for state-of-charge detection, and the use of reinforcement learning for battery management, cover the main 

directions of artificial-intelligence applications in lithium-ion battery manufacturing currently being explored. However, 

in the lithium-ion battery manufacturing process, a clear gap remains in the application of artificial intelligence after the 

formation step. Based on this situation, this study's exploration of using convolutional neural networks to predict and 

screen defective cells after the formation process holds substantial practical value. 

2. Materials and Methods 

On the basis of the existing challenges in lithium-ion battery manufacturing, and consistent with the objectives of this 

study, the following key issues are identified for analysis and discussion: 

⚫ What is the current state of scholarly research on the industrial manufacturing of lithium-ion batteries? 

⚫ Is it feasible to predict defective cells after the formation process of lithium-ion batteries using big-data analysis in 

chemical manufacturing? 

⚫ Are artificial-intelligence-based analysis and prediction methods, such as convolutional neural networks, effective 

in the lithium-ion battery industry? 

2.1 Research and analysis  

To address the refined research questions, 200 representative articles on lithium-ion batteries were collected, and a cross-

analysis of their research objectives and methods was conducted using matrix analysis. The research objectives were 

grouped into six dimensions: storage and recycling, quality assessment, review and discussion, state prediction, 

characteristic optimization, and process improvement of lithium-ion batteries. Similarly, the research methods were 

grouped into six dimensions: machine learning, new materials, advanced concepts, targeted experiments, digital models, 

and neural networks. A comprehensive review was conducted of the representative articles within these six research-
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objective and six research-method dimensions. The findings from this classification and analysis are presented in Tables 

3 and 4.  

Table 3. Review of representative articles categorized into six dimensions based on their research objectives 

Research 

Objective 

Content summary Source 

Quality 

assessment 

Utilizes convolutional neural networks to predict the reliability of lithium-ion batteries 

in real time. 

[18] 

State 

prediction 

Investigates pyrometallurgical and hydrometallurgical processes for lithium-ion battery 

material recovery. 

[19] 

Review 

and discussion 

Applies multivariable process capability metrics to ensure the quality and consistency 

of lithium-ion battery production 

[23] 

Process 

improvement 

Employs lightweight deep residual networks and blockchain technology to enhance 

early defect detection and mitigate AI overfitting. 

[28] 

Storage and 

recycling 

Reviews methods of ensemble learning and fault diagnosis for battery recycling and 

fault detection. 

[33] 

Characteristic 

optimization 

Uses tandem battery detection to analyse cell-to-cell variation, aiding in the evaluation 

of battery quality and module integration. 

[34] 

Table 4. Review of representative articles categorized into six dimensions based on their research methods 

Research 

method 

Content summary Source 

Neural 

network 

Utilizes transfer learning and self-supervised learning techniques to address the scarcity of 

labelled training data. 

[10] 

Digital 

model 

Apply process models that systematically describe empirical knowledge about electrolyte 

filling in lithium-ion battery manufacturing. 

[14] 

Machine 

learning 

Integrates experimental and computational methods incorporating machine learning, 

Internet of Things (IoT), and artificial intelligence to facilitate a smooth transition in 

lithium-ion battery manufacturing. 

[17] 

Targeted 

experiment 

Develops a health prediction scheme for lithium-ion battery packs to overcome challenges 

related to requirements for extensive training data. 

[20] 

Frontier 

technology 

Employs a high-precision deep convolutional neural network to predict the remaining 

service life of lithium-ion batteries. 

[35] 

New 

materials 

Analyses research methodologies, development trends, and common challenges in data-

driven forecasting methods for new battery materials. 

[36] 

For the matrix analysis, as shown in Figure 1, the distribution of 200 representative articles was analyzed across 6×6 

dimensions. In the figure, the block distribution density is visualized with a color gradient, in which lighter colors indicate 

lower density and darker colors indicate higher density. This visualization helps identify key research objectives and 

methods and guides the subsequent analysis. The 200 collected papers were drawn primarily from databases such as Web 

of Science, Scopus, Google Scholar, and IEEE Xplore using "Industry 4.0", "Quality 4.0", and "lithium-ion batteries" as 

the main search terms. The search covered all relevant literature published between 2004 and 2025. Detailed screening 

was performed using inclusion and exclusion criteria based on key dimensions:, storage and recycling, quality assessment, 

review discussion, state prediction, characteristic optimization, process improvement, machine learning, novel materials, 

cutting-edge concepts, targeted experiments, digital models, and neural networks. 

In the matrix analysis, the blocks with the highest density correspond to state prediction as the research objective and 

neural networks as the research method. The preliminary conclusionsion is that state prediction using neural networks in 

the lithium-ion battery manufacturing process is currently the most prominent and impactful research focus. Accordingly, 

all articles categorized within this block are summarized in Table 5 for further analysis. 

Next, the research objectives and methods of the 200 representative articles on lithium-ion batteries were 

systematically summarized and analyzed. To further examine the findings, the results and discussions in these studies 

were grouped into optimistic, neutral, and cautious perspectives, as illustrated in Figure 2. This classification provides 

insight into the progress made in addressing key challenges in lithium-ion battery manufacturing and highlights 

researchers’ perspectives and recommendations regarding the future development of this field. 

For the review presented in Table 5, the results and discussions of the articles in the most densely distributed block 

were also statistically analyzed, as illustrated in Figure 3. This analysis sought to consolidate the conclusions drawn from 

studies on state prediction in the lithium-ion battery manufacturing process using neural networks. These findings were 

synthesized to provide a comprehensive evaluation of the original assumptions of this study. 
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Figure 1. Cross-analysis matrix of research objectives and methods 

Table 5. Review of articles in the most densely distributed blocks 

Content summary Source 

Develops a rapid formation procedure for lithium-ion batteries, significantly reducing the total 

charging time. 

[13] 

Utilizes experimental and computational methods incorporating machine learning, IoT, and artificial 

intelligence to enable a smooth transition in lithium-ion battery manufacturing. 

[17] 

Investigates pyrometallurgical and hydrometallurgical processes of lithium-ion battery material 

recovery. 

[19] 

Reviews four types of machine learning (ML) algorithms for SOC and SOH estimation. [26] 

Proposes a domain attribute and feature transfer network to enhance adaptive fault diagnosis, 

enabling cross-domain fault detection from a single-source domain to a multi-source domain. 

[27] 

Examine the effectiveness of existing quality inspection systems in reducing battery production 

rejects. 

[31] 

Proposing LACF-YOLO, a lightweight adaptive network for detecting surface defects on lithium 

batteries. 

[168] 

Develops an evaluation system that enables users to quantitatively assess the impact of key 

technologies on battery performance and production costs. 

[169] 

A dual-task deep learning model was proposed to accurately detect lithium precipitation defects. [170] 

Reviews the application of artificial neural networks (ANNs) in estimating lithium-ion battery states. [171] 

Proposes a framework combining a process chain model and a battery cell model to quantitatively 

predict the impact of manufacturing processes on final battery cell performance. 

[172] 

Improves battery capacity estimation accuracy by mitigating uncertainties associated with SOC 

estimation and measurement. 

[173] 

Reviews advances in machine learning applications for improving battery material design and 

accurate battery state prediction. 

[174] 
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Continuation of Table 5 

Content summary Source 

Develops a data-driven method to automatically evaluate the effects of the formulation and liquid–

solid ratio of the slurry on electrode heterogeneity in lithium-ion battery manufacturing. 

[175] 

Proposes a method for determining CB aggregate size in the anode and cathodic suspensions for 

lithium-ion battery electrodes. 

[176] 

Explored how the position of sensors affects an artificial neural network's (ANN) ability to classify 

engine misfires using vibration signals. 

[177] 

Analyses how material selection, processing methods, and system architecture impact the fabrication 

of lithium-based solid-state batteries. 

[178] 

Examines the prospects of soft sensors and sensor fusion for the data-driven modelling and prediction 

of battery product quality. 

[179] 

A new type of disc brake pad defect detection model has been proposed. [180] 

Conducts a systematic literature review on the latest research in machine learning for additive 

manufacturing. 

[181] 

 

Figure 2. Proportional distribution of research results from articles analyzed in the matrix analysis 

 

Figure 3. Statistical analysis of the results and discussion from the articles in the most densely distributed block 

These findings indicate that significant progress has been made in the industrial manufacturing of lithium-ion batteries, 

with ongoing exploration of various innovative approaches. Scholars are actively using Industry 4.0 and Quality 4.0 to 

drive technological advancements in lithium-ion battery manufacturing. The conclusions of the 200 analyzed articles on 

AI integration in lithium-ion battery manufacturing were classified, and approximately 50% of scholars expressed 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  7 

optimism, emphasizing the clear advantages of combining artificial intelligence with lithium-ion battery manufacturing, 

particularly in cost reduction and process optimization. They also note the high accuracy of neural networks in predicting 

the state of health in the lithium-ion battery manufacturing process. However, 25% of researchers expressed concerns, 

citing both the limitations of AI itself and the fact that its application in lithium-ion battery manufacturing is still at an 

early stage requiring cautious implementation and further validation. Overall, although these ideas offer clear benefits 

alongside considerable challenges, continued research, discussion, and analysis among scholars will be important for 

overcoming existing obstacles. Sustained contributions and advances in this field will shape the future of AI-driven 

lithium-ion battery manufacturing. 

3. Results and Discussion 

On the basis of the research questions raised above and the results obtained, several directions for discussion can be 

outlined. The application of convolutional neural networks in lithium-ion battery manufacturing is the most prominent 

area of study and research on post-formation processes remains relatively scarce. Therefore, it is necessary first to discuss 

in detail the digital applications used in lithium-ion battery manufacturing processes, second, to examine the application 

of different digital technologies to different stages of lithium-ion battery manufacturing, and finally to discuss, from 

multiple perspectives, the advantages and effects of convolutional neural networks compared with other digital 

approaches. 

3.1 Digitalization of The Lithium-Ion Battery Formation Process 

The manufacturing of lithium-ion batteries generally involves a series of sequential steps: mixing, coating, rolling, cutting, 

lamination or winding, liquid injection, infiltration, formation, aging, and inspection.  Figure 4 summarizes the lithium-

ion battery manufacturing process, introduces the key control elements of each step, and provides the basis for the 

subsequent integration of process flow and digital manufacturing. 

  

Figure 4. The manufacturing process of lithium-ion batteries 

The first step in lithium-ion battery manufacturing is mixing, in which the active material, conductive agent, binder, 

and solvent are blended to form a homogeneous slurry. This step ensures the uniform dispersion of materials. Next, a 

metal foil is coated with the slurry to a uniform thickness and then dried to form the electrode sheet (coating step). After 

coating, the electrode sheet undergoes rolling, in which a high-pressure roller press compacts the material to improve its 

energy density and structural stability. In lamination, the positive and negative electrode sheets are alternately stacked 

with a separator into a prismatic structure, whereas in winding they are rolled into a cylindrical or oval-shaped core. 

During liquid injection, the electrolyte is introduced in a dry environment to provide a medium for lithium-ion transport. 

This is followed by infiltration, in which the battery is left to stand to allow full penetration of the electrolyte and ensure 

unobstructed ion channels. During the formation step, the battery is activated for the first time, and a solid-electrolyte 

interphase (SEI) film forms on the surface of the negative electrode; this layer is critical to battery performance and 

lifetime. During the aging step, the battery is stored in a temperature-controlled environment, and potentially defective 

cells are identified through static analysis or charge–discharge cycling. Finally, the inspection stage involves electrical 

performance testing, safety testing, and visual inspection. Only batteries that meet quality standards are released to the 

market. 
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Figure 5. A summary of the integration of artificial intelligence technologies into various lithium-ion battery 

manufacturing processes 

To meet battery performance, cost, and sustainability goals, advances in materials and battery manufacturing are 

essential. Currently, manufacturing processes for lithium-ion batteries have received limited research attention, pointing 

to opportunities for process optimization to improve efficiency, cost-effectiveness, and sustainability. Although lithium-

ion battery production has reduced costs relative to earlier technologies, operational and quality-related challenges have 

become increasingly pronounced. Given that lithium-ion battery performance is highly sensitive to manufacturing 

variability, this sensitivity provides a viable basis for automated, digitally driven production. The development of 

digitalized super-factories makes it possible to optimize production in real time, thereby improving productivity, product 

quality, and reliability. Accordingly, Figure 5 summarizes the digital and artificial-intelligence technologies used at 

different stages of lithium-ion battery manufacturing, providing a clearer view of existing innova-tions and integration in 

the industry, and a basis for future advances. 

In this context, data generated during battery manufacturing are used in system design, performance control, and 

maintenance, so that data collection and use are central to the digitalization of the production environment. Given the 

interdependence of manufacturing steps, the data volume needed to monitor processes and equipment is considerable. 

Comprehensive data collection is therefore key to ensuring process monitoring, quality control, cost-efficiency, and 

sustainability. The battery manufacturing process generally involves mixing, coating, rolling, cutting, lamination or 

winding, liquid injection, wetting, formation, and aging, among other steps. In addition, two rounds of open-circuit voltage 

testing are required to determine self-discharge rates and assign capacity classifications consistent with diverse product 

requirements. Several manufacturing stages have been optimized through big-data analytics and artificial intelligence, 

lowering defect rates and extending cycle life. This technological integration also supports digital quality management 

within the Quality 4.0 framework. Among these steps, wetting, formation, and aging are critical to achieving the uniform 

capacity, long cycle life, and safety required of high-quality lithium-ion batteries. However, the high cost of these steps 

remains a major challenge. The wetting and formation process alone takes 3–7 days, and aging continues for up to an 

additional 2 weeks. Although this is a significant improvement over the situation 20 years ago, these steps still account 

for a substantial portion of production costs, occupying almost 25% of the manufacturing floor space. Wetting and 
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formation play an essential role in establishing the anode solid-electrolyte interphase and the cathode–electrolyte 

interface. To optimize their thickness and minimize capacity degradation over the battery lifetime, formation charging 

and discharging must be performed at a slow rate. Enhancing the first-pass yield while using big-data and artificial-

intelligence methods to analyze manufacturing data in real time could help identify defective batteries early in the wetting 

and formation steps. Such an approach would reduce losses in later open-circuit voltage testing, aging, and capacity 

classification, lower defect-related costs, and improve economic efficiency. 

3.2 Lithium-Ion Batteries, Artificial Intelligence, and Convolutional Neural Networks (CNN) 

With advances in computing technology, artificial-intelligence-based methods have been developed for estimating the 

state of health and state of charge of lithium-ion batteries. The widespread use of artificial intelligence and deep learning 

across different fields reflects their capacity to solve domain-specific problems. However, in battery research, many issues 

are highly technical and grounded in well-established physical principles, which makes it difficult to apply artificial 

intelligence to data processing and prediction. This is a major challenge for deep-learning algorithms, because battery 

data differ from those used in traditional AI applications. As a result, most studies on AI for lithium-ion batteries rely on 

machine-learning rather than deep-learning methods. Deep-learning algorithms are typically designed for three main types 

of big data: images, text, and time series. In contrast, battery data are usually collected from charge–discharge cycles, or 

from a combination of cycle time and aging time, producing records of current, voltage, and temperature. Among deep-

learning techniques, RNNs have been widely used to predict capacity loss. However, this approach often yields 

unsatisfactory results because of the nonlinear nature of capacity degradation, which limits the ability of state-of-health 

tracking methods to predict or adapt accurately to such complex patterns. CNNs provide a feasible alternative for 

predicting capacity loss and addressing the above challenges. Under constant-current cycling conditions, electrochemical 

voltage spectrum data have similar characteristics as those of image data and therefore CNNs could effectively extract 

independent repre-sentations of capacity and voltage variations. CNN models show strong adaptability across different 

fields and offer high predictive accuracy. In addition, they can automatically detect distinctive patterns in the data, 

reducing the need for domain expertise. Thus, the use of CNN-based artificial-intelligence models to analyze and predict 

big data from the formation step of lithium-ion battery manufacturing is a feasible strategy for early defect detection. This 

approach not only reduces the costs associated with defective products but also has important theoretical and practical 

implications for technological advances in lithium-ion battery manufacturing. 

4. Conclusions 

In summary, this review first introduced the relevant concepts of Industry 4.0 and Quality 4.0, lithium-ion batteries, 

artificial intelligence, and convolutional neural networks. Drawing on the formulas already applied to artificial 

intelligence in lithium-ion battery manufacturing, we set out the ideas of this paper and posed three research questions, 

which laid the foundation for further investigation and discussion. 

On the basis of the research and discussion above, sufficient evidence is available to address these questions. First, at 

the current stage, scholars have made significant progress in the application of artificial intelligence to the industrial 

manufacturing of lithium-ion batteries compared with previous research. However, within the broader context of 

industrial transformation, research on AI-based lithium-ion battery manufacturing remains at an early stage. Second, 

applying big-data analysis to predict defective cells during the formation step has clear theoretical significance, but the 

approach is still moving from discussion to practical implementation. Finally, methods that integrate artificial-intelligence 

analysis and prediction, such as convolutional neural networks, are clearly effective in the lithium-ion battery industry. 

When compared with recurrent neural networks, convolutional neural networks hold a clear advantage and have shown 

strong practical performance in other lithium-ion battery manufacturing processes. 

Taken together, the answers to these questions and the results of this discussion suggest that AI-based methods for 

predicting the health status of lithium-ion batteries are theoretically feasible and efficient, and that practical 

implementation is needed to further strengthen the theoretical foundation. 

Overall, the combination of AI and lithium-ion battery production represents an important direction in the 

development of the new-energy industry. AI-driven process optimization improves production efficiency, reduces 

manufacturing costs, and supports the development of next-generation battery technologies. This interdisciplinary 

convergence is expected to drive a substantial shift in the manufacturing industry. 

Funding 

This research was funded by the 14th Five-Year Plan of Guangxi Education Science. Project No. 2023ZJY2201.  

2025 "Light of Bagui" Visiting and Training Program 

Declaration of Competing Interests  

The authors declare no conflicts of interest. 

CRediT Author Contribution Statement  

• J.L. (Formal Analysis; Investigation; Visualisation; Writing- Original Draft) 

• H.W. (Conceptualization; Methodology; Formal Analysis;Writing-Review and Editing; Supervision) 

• Y.X. (Formal Analysis; Visualisation) 

• W.N. (Writing-Review and Editing) 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  10 

References 

[1] Y. Gao et al., “A Review on Recent Advances in Vision-based Defect Recognition towards Industrial Intelligence,” 

Journal Manufacturing System, vol. 62, pp. 753–766, 2022. doi: 10.1016/j.jmsy.2021.05.008. 

[2] J. Antony et al., “An exploration of organizational readiness factors for Quality 4.0: an intercontinental study and 

future research directions,” International Journal Quality Reliable Management, vol. 40, no. 2, pp. 582–606,2023. 

doi: 10.1108/IJQRM-10-2021-0357. 

[3] J. F. Arinez et al., “Artificial Intelligence in Advanced Manufacturing: Current Status and Future Outlook,” Journal 

Manufacturing Science Engineering, vol. 142, no. 11, 2020. doi: 10.1115/1.4047855. 

[4] K. Rouibah et al., “Critical success factors affecting information system satisfaction in public sector organizations: 

A perspective on the mediating role of information quality,” Journal Global Information Management vol. 28, no. 

3. IGI Global, pp. 77–98, 2020. doi: 10.4018/JGIM.2020070105. 

[5] T. van Nguyen et al., “An integrated model of supply chain quality management, Industry 3.5 and innovation to 

improve manufacturers’ performance–a case study of Vietnam,” International  Journal of Logistic Research and 

Application, vol. 27, no. 2, pp. 261–283, 2024, doi: 10.1080/13675567.2022.2059457. 

[6] D. Bickauske et al., “Analysis and perspectives of the level of enterprises digitalization (Lithuanian manufacturing 

sector case),” Independent Journal of Management & Production, vol. 11, no. 9, pp. 2291–2307,2020. doi: 

10.14807/ijmp.v11i9.1404. 

[7] S. Sundaram and A. Zeid, “Artificial Intelligence-Based Smart Quality Inspection for Manufacturing,” 

Micromachines, vol. 14, no. 3, 2023. doi: 10.3390/mi14030570. 

[8] K. S. Eom et al., “Improved stability of nano-Sn electrode with high-quality nano-SEI formation for lithium ion 

battery,” Nano Energy, vol. 12, pp. 314–321, 2015. doi: 10.1016/j.nanoen.2014.12.041. 

[9] S. C. Mun and J. H. Won, “Manufacturing processes of microporous polyolefin separators for lithium-ion batteries 

and correlations between mechanical and physical properties,” Crystals, vol. 11, no. 9. MDPI, 2021. doi: 

10.3390/cryst11091013. 

[10] P. K. Dammala et al., “A critical review of future aspects of digitalization next generation Li-ion batteries 

manufacturing process,” J. Energy Storage, vol. 74. Elsevier Ltd, 2023. doi: 10.1016/j.est.2023.109209. 

[11] W. B. Hawley and J. Li, “Electrode manufacturing for lithium-ion batteries, Analysis of current and next 

generation processing,” J. Energy Storage, vol. 25. Elsevier Ltd, 2019. doi: 10.1016/j.est.2019.100862. 

[12] A. Örüm Aydin et al., “Lithium-Ion Battery Manufacturing: Industrial View on Processing Challenges, Possible 

Solutions and Recent Advances,” Batteries, vol. 9, no. 11., 2023. doi: 10.3390/batteries9110555. 

[13] S. Stock et al., “Early Quality Classification and Prediction of Battery Cycle Life in Production Using Machine 

Learning,” Journal of Energy Storage, vol. 50, 2022. doi: 10.1016/j.est.2022.104144. 

[14] H. Lu et al., “Effects of Different Manufacturing Processes on TEMPO-Oxidized Carboxylated Cellulose 

Nanofiber Performance as Binder for Flexible Lithium-Ion Batteries,” ACS Applied Materials and Interfaces, vol. 

9, no. 43, pp. 37712–37720, Nov. 2017, doi: 10.1021/acsami.7b10307. 

[15] T. Kornas et al., “A multivariate KPI-based method for quality assurance in lithium-ion-battery production,” in 

Procedia CIRP, Elsevier B.V., 2019, pp. 75–80. doi: 10.1016/j.procir.2019.03.014. 

[16] M. Faraji Niri et al., “A Review of the Applications of Explainable Machine Learning for Lithium–Ion Batteries: 

From Production to State and Performance Estimation,” Energies, vol. 16, no. 17. Multidisciplinary Digital 

Publishing Institute (MDPI), 2023. doi: 10.3390/en16176360. 

[17] S. Wang et al., “A critical review of improved deep learning methods for the remaining useful life prediction of 

lithium-ion batteries,” Energy Report, vol. 7. Elsevier Ltd, pp. 5562–5574, 2021. doi: 10.1016/j.egyr.2021.08.182. 

[18] J. Tian et al., “A critical review on inconsistency mechanism, evaluation methods and improvement measures for 

lithium-ion battery energy storage systems,” Renewable and Sustainable Energy Reviews, vol. 189. Elsevier 

Ltd,2024. doi: 10.1016/j.rser.2023.113978. 

[19] S. Wang et al., “A Critical Review of Improved Deep Convolutional Neural Network for Multi-Timescale State 

Prediction of Lithium-Ion Batteries,” Energies, vol. 15, no. 14. MDPI, 2022. doi: 10.3390/en15145053. 

[20] W. Pfleging, “A review of laser electrode processing for development and manufacturing of lithium-ion batteries,” 

Nanophotonics, vol. 7, no. 3. De Gruyter Open Ltd, pp. 549–573, 2018. doi: 10.1515/nanoph-2017-0044. 

[21] J. Li, J. Fleetwood, W. B. Hawley, and W. K. Kwoh, “From materials to cell: State-of-the-art and prospective 

technologies for lithium-ion battery electrode processing,” Chem. Rev., vol. 122, no. 1, pp. 903–956, 2022. doi: 

10.1021/acs.chemrev.1c00565. 

[22] G. Ventura Silva et al., “Digitalization Platform for Sustainable Battery Cell Production: Coupling of Process, 

Production, and Product Models,” Energy Technology, vol. 11, no. 5, 2023. doi: 10.1002/ente.202200801. 

[23] A. G. Olabi et al., “Artificial neural network driven prognosis and estimation of Lithium-Ion battery states: Current 

insights and future perspectives,” Ain Shams Engineering Journal, vol. 15, no. 2. Ain Shams University,2024. doi: 

10.1016/j.asej.2023.102429. 

[24] A. du Baret de Limé et al., “Impact of Electrode Defects on Battery Cell Performance: A Review,” Batteries and 

Supercaps, vol. 5, no. 10. John Wiley and Sons Inc, 2022. doi: 10.1002/batt.202200239. 

[25] Y. S. Zhang et al., “A review of lithium-ion battery electrode drying: Mechanisms and metrology,” Adv. Energy 

Mater., vol. 12, no. 4, Art. no. 2102233, 2022, doi: 10.1002/aenm.202102233. 

[26] W. Li et al., “Forecasting battery capacity and power degradation with multi-task learning,” Energy Storage 

Materials, vol. 53, pp. 453–466, 2022, doi: 10.1016/j.ensm.2022.09.013. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  11 

[27] S. Ansari et al., “Data-driven remaining useful life prediction for lithium-ion batteries using multi-charging profile 

framework: A recurrent neural network approach,” Sustainability (Switzerland), vol. 13, no. 23, 2021. doi: 

10.3390/su132313333. 

[28] D. Latini et al., “A comprehensive review and classification of unit operations with assessment of outputs quality 

in lithium-ion battery recycling,” Journal of Power Sources, vol. 546. Elsevier B.V., 2022. doi: 

10.1016/j.jpowsour.2022.231979. 

[29] L. le Roux et al., “Automatised quality assessment in additive layer manufacturing using layer-by-layer surface 

measurements and deep learning,” in Procedia CIRP, Elsevier B.V., 2021, pp. 342–347. doi: 

10.1016/j.procir.2021.03.050. 

[30] A. Saadallah et al., “Explainable Predictive Quality Inspection using Deep Learning in Electronics 

Manufacturing,” in Procedia CIRP, Elsevier B.V., 2022, pp. 594–599. doi: 10.1016/j.procir.2022.05.031. 

[31] N. Costa, L. Sánchez, D. Anseán, and M. Dubarry, “Li-ion battery degradation modes diagnosis via Convolutional 

Neural Networks,” Journal of Energy Storage, vol. 55, p. 105558, 2022, doi: 10.17632/bs2j5. 

[32] A. A. Tulbure, A. A. Tulbure, and E. H. Dulf, “A review on modern defect detection models using DCNNs – Deep 

convolutional neural networks,” Journal of Advanced Research, vol. 35. Elsevier B.V., pp. 33–48,2022. doi: 

10.1016/j.jare.2021.03.015. 

[33] M. Zorn et al., “An Approach for Automated Disassembly of Lithium-Ion Battery Packs and High-Quality 

Recycling Using Computer Vision, Labeling, and Material Characterization,” Recycling, vol. 7, no. 4,2022.doi: 

10.3390/recycling7040048. 

[34] L. Zheng, T. D. Hatchard, and M. N. Obrovac, “A high-quality mechanofusion coating for enhancing lithium-ion 

battery cathode material performance,” MRS Communications, vol. 9, no. 1, pp. 245–250, 2019. doi: 

10.1557/mrc.2018.209. 

[35] L. Xie et al., “A Facile Approach to High Precision Detection of Cell-to-Cell Variation for Li-ion Batteries,” 

Scientific Reports, vol. 10, no. 1,2020. doi: 10.1038/s41598-020-64174-2. 

[36] X. Shu et al., “A Flexible State-of-Health Prediction Scheme for Lithium-Ion Battery Packs with Long Short-Term 

Memory Network and Transfer Learning,” IEEE Transactions on Transportation Electrification, vol. 7, no. 4, pp. 

2238–2248, 2021. doi: 10.1109/TTE.2021.3074638. 

[37] S. Stock, A. Ceruti, F. J. Günter, and G. Reinhart, “Introducing Inline Process and Product Analysis for the Lean 

Cell Finalization in Lithium-Ion Battery Production,” in Procedia CIRP, Elsevier B.V., 2021. pp. 1052–1058. doi: 

10.1016/j.procir.2021.11.177. 

[38] J. Wessel, A. Turetskyy, F. Cerdas, and C. Herrmann, “Integrated Material-Energy-Quality Assessment for 

Lithium-ion Battery Cell Manufacturing,” in Procedia CIRP, Elsevier B.V., 2021. pp. 388–393. doi: 

10.1016/j.procir.2021.01.122. 

[39] T. Knoche, F. Surek, and G. Reinhart, “A Process Model for the Electrolyte Filling of Lithium-ion Batteries,” in 

Procedia CIRP, Elsevier B.V., 2016. pp. 405–410. doi: 10.1016/j.procir.2015.12.044. 

[40] M. Kehrer et al., “Analysis of Possible Reductions of Rejects in Battery Cell Production during Switch-On and 

Operating Processes,” Energy Technology, vol. 9, no. 7, 2021, doi: 10.1002/ente.202001113. 

[41] J. Mockus, “On Bayesian methods for seeking the extremum,” in Optimization Techniques, IFIP Technical 

Conference, Novosibirsk, USSR, 1974, Proc. Lecture Notes in Computer Science, vol. 27, Springer, 1975, pp. 

400–404. 

[42] X. Hu et al., “An automatic online optics classification method used in the final optics recycling loop strategy,” 

Fusion Engineering and Design, vol. 200, 2024, doi: 10.1016/j.fusengdes.2024.114182. 

[43] D. Li et al., “ Modeling the SEI-Formation on Graphite Electrodes in LiFePO 4 Batteries ,” Journal of The 

Electrochemical Society, vol. 162, no. 6, pp. A858–A869, 2015, doi: 10.1149/2.0161506jes. 

[44] P. Stavropoulos et al., “Quality assurance of battery laser welding: A data-driven approach,” in Procedia CIRP, 

Elsevier B.V., 2022, pp. 784–789. doi: 10.1016/j.procir.2022.08.129. 

[45] Y. Zhang et al., “Lithiation-aided conversion of end-of-life lithium-ion battery anodes to high-quality graphene 

and graphene oxide,” Nano Letter, vol. 19, no. 1, pp. 512–519, 2019.doi: 10.1021/acs.nanolett.8b04410. 

[46] P. H. Kuo, Y. R. Tseng, P. C. Luan, and H. T. Yau, “Broad Transfer Learning Network based Li-ion battery 

lifetime prediction model,” Energy Reports, vol. 10, pp. 881–893, 2023. doi: 10.1016/j.egyr.2023.07.025. 

[47] M. Faraji Niri and R. L. Ramirez, “Data mining for quality prediction of battery in manufacturing process: Cathode 

coating process,” Energy Proc., vol. 11, 2020.doi: 10.46855/energy-proceedings-7268. 

[48] F. P. Basamakis et al., “Deep object detection framework for automated quality inspection in assembly operations,” 

in Procedia CIRP, Elsevier B.V., 2022. pp. 166–171. doi: 10.1016/j.procir.2022.10.068. 

[49] O. Das, D. Bagci Das, and D. Birant, “Machine learning for fault analysis in rotating machinery: A comprehensive 

review,” Heliyon, vol. 9, no. 6. Elsevier Ltd, 2023. doi: 10.1016/j.heliyon.2023.e17584. 

[50] W. Zaman and K. B. Hatzell, “Processing and manufacturing of next generation lithium-based all solid-state 

batteries,” Curr. Opin. Solid State Mater. Sci., vol. 26, no. 4, Art. no. 101003,2022.doi: 

10.1016/j.cossms.2022.101003. 

[51] J. Wessel et al., “Tracking and tracing for data mining application in the lithium-ion battery production,” in 

Procedia CIRP, Elsevier B.V., 2020, pp. 162–167. doi: 10.1016/j.procir.2020.03.071. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  12 

[52] Z. Zhao et al., “A comparison review of transfer learning and self-supervised learning: Definitions, applications, 

advantages and limitations,” Expert Systems with Applications, vol. 242. Elsevier Ltd,2024. doi: 

10.1016/j.eswa.2023.122807. 

[53] C. J. C. H. Watkins and P. Dayan, “Technical note: Q-learning,” Machine Learning, vol. 8, no. 3/4, pp. 279–

292,1992. 

[54] A. al Miaari and H. M. Ali, “Batteries temperature prediction and thermal management using machine learning: 

An overview,” Energy Reports, vol. 10. Elsevier Ltd, pp. 2277–2305, 2023. doi: 10.1016/j.egyr.2023.08.043. 

[55] S. D. Nagarale and B. P. Patil, “Accelerating AI-Based Battery Management System’s SOC and SOH on FPGA,” 

Applied Computational Intelligence and Soft Computing, vol. 2023, 2023, doi: 10.1155/2023/2060808. 

[56] J. Gladju, B. S. Kamalam, and A. Kanagaraj, “Applications of data mining and machine learning framework in 

aquaculture and fisheries: A review,” Smart Agricultural Technology, vol. 2. Elsevier B.V., 2022. doi: 

10.1016/j.atech.2022.100061. 

[57] D. Zhong, Z. Xia, Y. Zhu, and J. Duan, “Overview of predictive maintenance based on digital twin technology,” 

Heliyon, vol. 9, no. 4. Elsevier Ltd,2023. doi: 10.1016/j.heliyon.2023.e14534. 

[58] Z. Mian et al., “A literature review of fault diagnosis based on ensemble learning,” Engineering Applications of 

Artificial Intelligence, vol. 127, 2024. doi: 10.1016/j.engappai.2023.107357. 

[59] X. LIU et al., “Intelligent fault diagnosis methods toward gas turbine: A review,” Chinese Journal of Aeronautics, 

vol. 37, no. 4. Elsevier B.V., pp. 93–120, 2024. doi: 10.1016/j.cja.2023.09.024. 

[60] M. Duquesnoy et al., “Machine learning-based assessment of the impact of the manufacturing process on battery 

electrode heterogeneity,” Energy and AI, vol. 5, 2021. doi: 10.1016/j.egyai.2021.100090. 

[61] K. Zhang, T. T. Nguyen, Z. Su, and A. Demortière, “Self-supervised image quality assessment for X-ray 

tomographic images of Li-ion battery,” npj Computational Materials, vol. 8, no. 1, 2022. doi: 10.1038/s41524-

022-00870-z. 

[62] S. Wainaina and M. J. Taherzadeh, “Automation and artificial intelligence in filamentous fungi-based 

bioprocesses: A review,” Bioresource Technology, vol. 369. Elsevier Ltd, 2023. doi: 

10.1016/j.biortech.2022.128421. 

[63] O. Surucu, S. A. Gadsden, and J. Yawney, “Condition Monitoring using Machine Learning: A Review of Theory, 

Applications, and Recent Advances,” Expert Systems with Applications, vol. 221. Elsevier Ltd, 2023. doi: 

10.1016/j.eswa.2023.119738. 

[64] A. Jamwal, R. Agrawal, and M. Sharma, “Deep learning for manufacturing sustainability: Models, applications in 

Industry 4.0 and implications,” International Journal of Information Management Data Insights, vol. 2, no. 2,2022. 

doi: 10.1016/j.jjimei.2022.100107. 

[65] H. Würschinger et al., “Implementation and potentials of a machine vision system in a series production using 

deep learning and low-cost hardware,” in Procedia CIRP, Elsevier B.V., 2020, pp. 611–616. doi: 

10.1016/j.procir.2020.01.121. 

[66] F. Duffner et al., “Large-scale automotive battery cell manufacturing: Analyzing strategic and operational effects 

on manufacturing costs,” International Journal of Production Economics, vol. 232, 2021. doi: 

10.1016/j.ijpe.2020.107982. 

[67] F. Ju, J. Li, G. Xiao, J. Arinez, and W. Deng, “Modeling, analysis, and improvement of integrated productivity 

and quality system in battery manufacturing,” IIE Transactions (Institute of Industrial Engineers), vol. 47, no. 12, 

pp. 1313–1328, 2015. doi: 10.1080/0740817X.2015.1005777. 

[68] M. A. Z. Harun et al., “Cross-machine reliability and fault diagnosis using correlation alignment, feature 

alignment, and enhanced deep extreme learning machine,” International Journal of Automotive Mechanical 

Engineering, vol. 23, no. 2, pp. 13568–13582, Jun. 2026, doi: 10.15282/ijame.23.2.2026.8.1027. 

[69] W. Liu, P. Liu, and D. Mitlin, “Review of Emerging Concepts in SEI Analysis and Artificial SEI Membranes for 

Lithium, Sodium, and Potassium Metal Battery Anodes,” Advanced Energy Materials, vol. 10, no. 43. Wiley-VCH 

Verlag, 2020. doi: 10.1002/aenm.202002297. 

[70] M. Thomitzek et al., “Simulating Process-Product Interdependencies in Battery Production Systems,” in Procedia 

CIRP, Elsevier B.V., 2018, pp. 346–351. doi: 10.1016/j.procir.2018.03.056. 

[71] Y. Zhang and Y.-F. Li, “Prognostics and health management of lithium-ion battery using deep learning methods: 

A review,” Renew. Sustain. Energy Rev., vol. 161, p. 112282, 2022. doi: 10.1016/j.rser.2022.112282. 

[72] J. Mao, J. Miao, Y. Lu, and Z. Tong, “Machine learning of materials design and state prediction for lithium ion 

batteries,” Chin. J. Chem. Eng, vol. 37. Materials China, pp. 1–11, 2021. doi: 10.1016/j.cjche.2021.04.009. 

[73] M. Duquesnoy et al., “Machine learning-assisted multi-objective optimization of battery manufacturing from 

synthetic data generated by physics-based simulations,” Energy Storage Materials, vol. 56, pp. 50–61,2023.doi: 

10.1016/j.ensm.2022.12.040. 

[74] Z. Ren and C. Du, “A review of machine learning state-of-charge and state-of-health estimation algorithms for 

lithium-ion batteries,” Energy Reports, vol. 9. Elsevier Ltd, pp. 2993–3021, 2023. doi: 

10.1016/j.egyr.2023.01.108. 

[75] S. Liu, J. Ye, J. Li, X. Yang, and J. Jiang, “Review of defects in the production and service of lithium-ion batteries,” 

Global Energy Interconnection, vol. 8, no. 3, pp. 326–335, 2025, doi: 10.19705/j.cnki.issn2096-5125.2025.03.008. 

[76] S. Thiede et al., “Data mining in battery production chains towards multi-criterial quality prediction,” CIRP 

Annals, vol. 68, no. 1, pp. 463–466, 2019. doi: 10.1016/j.cirp.2019.04.066. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  13 

[77] M. A. Nazmy Hailmy, M. Oktaviadri, and A. R. Yusoff, “Material-Adaptive Kurtosis Thresholding for Real-Time 

Multi-Parameter Condition Monitoring in CNC Milling,” Int. J. Automot. Mech. Eng., vol. 23, no. 1, pp. 13237–

13246,2026. doi: 10.15282/ijame.23.1.2026.6.1004. 

[78] C. Lv et al., “Machine Learning: An Advanced Platform for Materials Development and State Prediction in 

Lithium-Ion Batteries,” Adv. Mater., vol. 34, no. 25, Art. no. 2101474, 2022. doi: 10.1002/adma.202101474. 

[79] W. Guo, Z. Sun, S. B. Vilsen, J. Meng, and D. I. Stroe, “Review of ‘grey box’ lifetime modeling for lithium-ion 

battery: Combining physics and data-driven methods,” Journal of Energy Storage, vol. 56. Elsevier Ltd,2022. doi: 

10.1016/j.est.2022.105992. 

[80] V. Azamfirei, F. Psarommatis, and Y. Lagrosen, “Application of automation for in-line quality inspection, a zero-

defect manufacturing approach,” Journal of Manufacturing Systems, vol. 67. Elsevier B.V., pp. 1–22,2023. doi: 

10.1016/j.jmsy.2022.12.010. 

[81] E. Ayerbe et al., “Digitalization of Battery Manufacturing: Current Status, Challenges, and Opportunities,” 

Advanced Energy Materials, vol. 12, no. 17. John Wiley and Sons Inc,2022. doi: 10.1002/aenm.202102696. 

[82] B. Maschler, S. Tatiyosyan, and M. Weyrich, “Regularization-based Continual Learning for Fault Prediction in 

Lithium-Ion Batteries,” in Procedia CIRP, Elsevier B.V., 2022, pp. 513–518. doi: 10.1016/j.procir.2022.09.091. 

[83] J. Gim and L. S. Turng, “A review of current advancements in high surface quality injection molding: 

Measurement, influencing factors, prediction, and control,” Polymer Testing, vol. 115. Elsevier Ltd, No2022. doi: 

10.1016/j.polymertesting.2022.107718. 

[84] Z. Wang et al., “A review on rapid state of health estimation of lithium-ion batteries in electric vehicles,” 

Sustainable Energy Technologies and Assessments, vol. 60. Elsevier Ltd, Dec. 01, 2023. doi: 

10.1016/j.seta.2023.103457. 

[85] T. Theodosiou et al., “A Review Study on ML-based Methods for Defect-Pattern Recognition in Wafer Maps,” in 

Procedia Computer Science, Elsevier B.V., 2022, pp. 570–583. doi: 10.1016/j.procs.2022.12.253. 

[86] S. Kamm, S. S. Veekati, T. Müller, N. Jazdi, and M. Weyrich, “A survey on machine learning based analysis of 

heterogeneous data in industrial automation,” Computers in Industry, vol. 149. Elsevier B.V., 2023. doi: 

10.1016/j.compind.2023.103930. 

[87] S. Ding, Y. Li, H. Dai, L. Wang, and X. He, “Accurate Model Parameter Identification to Boost Precise Aging 

Prediction of Lithium-Ion Batteries: A Review,” Advanced Energy Materials, vol. 13, no. 39. John Wiley and Sons 

Inc, 2023. doi: 10.1002/aenm.202301452. 

[88] M. F. R. Zwicker et al., “Automotive battery pack manufacturing – a review of battery to tab joining,” Journal of 

Advanced Joining Processes, vol. 1, 2020.doi: 10.1016/j.jajp.2020.100017. 

[89] D. L. Wood III, J. Li, and S. J. An, “Formation challenges of lithium-ion battery manufacturing,” Joule, vol. 3, no. 

11, pp. 2625–2643, 2019. doi: 10.1016/j.joule.2019.11.002. 

[90] P. S. Grant et al., “Roadmap on Li-ion battery manufacturing research,” JPhys Energy, vol. 4, no. 4, 2022. doi: 

10.1088/2515-7655/ac8e30. 

[91] S. J. An et al., “The state of understanding of the lithium-ion-battery graphite solid electrolyte interphase (SEI) 

and its relationship to formation cycling,” Carbon, vol. 105. Elsevier Ltd, pp. 52–76, 2016. doi: 

10.1016/j.carbon.2016.04.008. 

[92] Y. Zheng et al., “Thermal state monitoring of lithium-ion batteries: Progress, challenges, and opportunities,” 

Progress in Energy and Combustion Science, vol. 100. Elsevier Ltd, 2024. doi: 10.1016/j.pecs.2023.101120. 

[93] O. Okolie et al., “Advances in structural analysis and process monitoring of thermoplastic composite pipes,” 

Heliyon, vol. 9, no. 7. Elsevier Ltd, 2023. doi: 10.1016/j.heliyon.2023.e17918. 

[94] I. Vishev, T. Wenzel, M. Lüdke, O. Bringmann, and M. Roßdeutscher, “Data-based approach for identifying 

repeatability, reproducibility, and stability of industrial processes in series production,” in Procedia Manufacturing, 

Elsevier B.V., 2020, pp. 32–37. doi: 10.1016/j.promfg.2020.11.007. 

[95] Y. Yu, H. R. Karimi, P. Shi, R. Peng, and S. Zhao, “A new multi-source information domain adaption network 

based on domain attributes and features transfer for cross-domain fault diagnosis,” Mechanical Systems and Signal 

Processing, vol. 211,2024. doi: 10.1016/j.ymssp.2024.111194. 

[96] F. M. Bono, L. Radicioni, and S. Cinquemani, “A novel approach for quality control of automated production lines 

working under highly inconsistent conditions,” Engineering Applications of Artificial Intelligence, vol. 122,2023. 

doi: 10.1016/j.engappai.2023.106149. 

[97] X. Zhang, P. Liu, N. Lin, Z. Zhang, and Z. Wang, “A novel battery abnormality detection method using 

interpretable Autoencoder,” Applied Energy, vol. 330, 2023. doi: 10.1016/j.apenergy.2022.120312. 

[98] S. R. Khanal et al., “Fabric Hairiness Analysis for Quality Inspection of Pile Fabric Products Using Computer 

Vision Technology,” in Procedia Computer Science, Elsevier B.V., 2022, pp. 591–598. doi: 

10.1016/j.procs.2022.08.072. 

[99] A. Bracale, P. de Falco, L. P. di Noia, and R. Rizzo, “Probabilistic State of Health and Remaining Useful Life 

Prediction for Li-ion Batteries,” in 2021 IEEE Texas Power and Energy Conference, TPEC 2021, Institute of 

Electrical and Electronics Engineers Inc.,2021. doi: 10.1109/TPEC51183.2021.9384939. 

[100] S. Feng and J. P. T. Mo, “Prognostic fault prevention by segmented digital transformation of manufacturing 

process signals,” Advanced Engineering Informatics, vol. 57, 2023. doi: 10.1016/j.aei.2023.102125. 

[101] F. Ju, J. Li, G. Xiao, N. Huang, and S. Biller, “A quality flow model in battery manufacturing systems for electric 

vehicles,” IEEE Trans. Autom. Sci. Eng., vol. 11, no. 1, pp. 230–244, 2014. doi: 10.1109/TASE.2013.2237765. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  14 

[102] I. C. Chen, H. Hamano, H. Iwasaki, and K. Yamada, “An economic-environmental analysis of lithium ion batteries 

based on process design and a manufacturing equipment database,” Journal of Chemical Engineering of Japan, 

vol. 52, no. 1, pp. 111–120, 2019.doi: 10.1252/jcej.17we302. 

[103] J. Schnell et al., “Data mining in lithium-ion battery cell production,” Journal of Power Sources, vol. 413, pp. 360–

366, 2019.doi: 10.1016/j.jpowsour.2018.12.062. 

[104] H. Li et al., “IoB: Internet-of-batteries for electric Vehicles–Architectures, opportunities, and challenges,” Green 

Energy and Intelligent Transportation, vol. 2, no. 6. Elsevier B.V.,2023. doi: 10.1016/j.geits.2023.100128. 

[105] A. Kölmel, A. Sauer, and G. Lanza, “Quality-oriented production planning of battery assembly systems for electric 

mobility,” in Procedia CIRP, Elsevier B.V., 2014, pp. 149–154. doi: 10.1016/j.procir.2014.10.075. 

[106] W. Chen, X. Han, Y. Pan, “Defects in lithium-ion batteries: From origins to safety risks,” Green Energy Intell. 

Transp., vol. 4, no. 3, p. 100235, 2025. doi: 10.1016/j.geits.2025.100235. 

[107] C. A. K. A. Kounta, B. Kamsu-Foguem, F. Noureddine, and F. Tangara, “Multimodal deep learning for predicting 

the choice of cut parameters in the milling process,” Intelligent Systems with Applications, vol. 16. Elsevier B.V., 

2022. doi: 10.1016/j.iswa.2022.200112. 

[108] L. Fonseca, J. Fernandes, and C. Delgado, “QFD as a tool to improve negotiation process, product quality, and 

market success, in an automotive industry battery components supplier,” in Procedia Manufacturing, Elsevier 

B.V., 2020.pp. 1403–1409. doi: 10.1016/j.promfg.2020.10.195. 

[109] L. Ye et al., “Research on lithium-ion battery diaphragm defect detection based on transfer learning-integrated 

modeling,” Electronics, vol. 14, no. 9, p. 1699, 2025. doi: 10.3390/electronics14091699. 

[110] I. Goodfellow, J. Pouget-Abadie, M. Mirza, et al., “Generative adversarial nets,” in Proceeding Advance Neural 

Information Process System (NeurIPS), Montreal, QC, Canada, Dec. 8–13, 2014. pp. 2672–2680. 

[111] T. N. Kipf and M. Welling, “Semi-supervised classification with graph convolutional networks,” in Proceeding 

International  Conference Learning Representations (ICLR), Toulon, France, Apr. 24–26, 2017, pp. 1–14. 

[112] A. Weng, E. Olide, I. Kovalchuk, J. B. Siegel, and A. Stefanopoulou, “Modeling Battery Formation: Boosted SEI 

Growth, Multi-Species Reactions, and Irreversible Expansion,” Journal Electrochemical Society vol. 170, no. 9, 

p. 090523, Sep. 2023, doi: 10.1149/1945-7111/aceffe. 

[113] C. Wang, Y. Wang, L. Li, H. Shao, and C. Wu, “Modeling of multi-cell lithium-ion battery packs for electric 

vehicles considering effects of manufacturing processes,” in Proc. ASME 2013 International Manufacturing 

Science Engineering Conference Madison, WI, USA, Jun. 2013, vol. 2, p. V002T04A007, doi: 

10.1115/MSEC2013-1120. 

[114] E. W. C. Spotte-Smith et al., “Toward a Mechanistic Model of Solid-Electrolyte Interphase Formation and 

Evolution in Lithium-Ion Batteries,” ACS Energy Letters, vol. 7, no. 4, pp. 1446–1453, 2022. doi: 

10.1021/acsenergylett.2c00517. 

[115] J. Wessel, A. Schoo, A. Kwade, and C. Herrmann, “Traceability in Battery Cell Production,” Energy Technology, 

vol. 11, no. 5, May 2023, doi: 10.1002/ente.202200911. 

[116] A. Jinasena, O. S. Burheim, and A. H. Strømman, “A flexible model for benchmarking the energy usage of 

automotive lithium-ion battery cell manufacturing,” Batteries, vol. 7, no. 1, p. 14,2021. doi: 

10.3390/batteries7010014. 

[117] S. H. Beheshti et al., “Development, retention, and assessment of the graphite-electrolyte interphase in Li-ion 

batteries regarding the functionality of SEI-forming additives,” iScience, vol. 25, no. 3, p. 103862, 2022. doi: 

10.1016/j.isci.2022.103862. 

[118] J. Huber et al., “Non-destructive Quality Testing of Battery Separators,” in Procedia CIRP, Elsevier B.V., 2017, 

pp. 423–428. doi: 10.1016/j.procir.2016.06.002. 

[119] K. Kaviyarasu et al., “Rice husks as a sustainable source of high quality nanostructured silica for high performance 

Li-ion battery requital by sol-gel method - a review,” Advanced Materials Letters, vol. 7, no. 9, pp. 684–696, 2016. 

doi: 10.5185/amlett.2016.6192. 

[120] D. R. Gunasegaram et al., “Towards developing multiscale-multiphysics models and their surrogates for digital 

twins of metal additive manufacturing,” Additive Manufacturing, vol. 46, 2021. doi: 

10.1016/j.addma.2021.102089. 

[121] H. H. Lee et al., “A fast formation process for lithium batteries,” Journal of Power Sources, vol. 134, no. 1, pp. 

118–123, 2004. doi: 10.1016/j.jpowsour.2004.03.020. 

[122] S. K. Heiskanen, J. Kim, and B. L. Lucht, “Generation and Evolution of the Solid Electrolyte Interphase of 

Lithium-Ion Batteries,” Joule, vol. 3, no. 10. Cell Press, pp. 2322–2333,2019. doi: 10.1016/j.joule.2019.08.018. 

[123] M. Weber, A. Schoo, M. Sander, J. K. Mayer, and A. Kwade, “Introducing Spectrophotometry for Quality Control 

in Lithium-Ion-Battery Electrode Manufacturing,” Energy Technology, vol. 11, no. 5,2023. doi: 

10.1002/ente.202201083. 

[124] H. Dreger, M. Huelsebrock, L. Froboese, and A. Kwade, “Method Development for Quality Control of 

Suspensions for Lithium-Ion Battery Electrodes,” Ind Eng. Chem. Res, vol. 56, no. 9, pp. 2466–2474, 2017. doi: 

10.1021/acs.iecr.6b02103. 

[125] M. Leißing et al., “The Origin of Gaseous Decomposition Products Formed During SEI Formation Analyzed by 

Isotope Labeling in Lithium-Ion Battery Electrolytes,” Batteries and Supercaps, vol. 4, no. 11, pp. 1731–

1738,2021. doi: 10.1002/batt.202100208. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  15 

[126] D. Witt, F. Röder, and U. Krewer, “Analysis of Lithium-Ion Battery State and Degradation via Physicochemical 

Cell and SEI Modeling,” Batteries and Supercaps, vol. 5, no. 7, 2022.doi: 10.1002/batt.202200067. 

[127] R. McCann et al., “In-situ sensing, process monitoring and machine control in Laser Powder Bed Fusion: A 

review,” Additive Manufacturing, vol. 45. Elsevier B.V.,2021. doi: 10.1016/j.addma.2021.102058. 

[128] Y. Ali, N. Iqbal, and S. Lee, “Role of SEI layer growth in fracture probability in lithium-ion battery electrodes,” 

International Journal of Energy Research, vol. 45, no. 4, pp. 5293–5308, 2021.doi: 10.1002/er.6150. 

[129] C. Zu, H. Yu, and H. Li, “Enabling the thermal stability of solid electrolyte interphase in Li-ion battery,” InfoMat, 

vol. 3, no. 6. Blackwell Publishing Ltd, pp. 648–661, 2021. doi: 10.1002/inf2.12190. 

[130] A. A. Asif and R. Singh, “Further cost reduction of battery manufacturing,” Batteries, vol. 3, no. 2,2017. doi: 

10.3390/batteries3020017. 

[131] D. Zapata Dominguez et al., “Impact of the manufacturing process on graphite blend electrodes with silicon 

nanoparticles for lithium-ion batteries,” Journal of Power Sources, vol. 580, 2023. doi: 

10.1016/j.jpowsour.2023.233367. 

[132] G. Reinhart, J. Kurfer, M. Westermeier, and T. Zeilinger, “Integrated product and process model for production 

system design and quality assurance for EV battery cells,” in Advanced Materials Research, Trans Tech 

Publications, 2014, pp. 365–378. doi: 10.4028/www.scientific.net/AMR.907.365. 

[133] Z. Zhang et al., “One-step solution process toward formation of Li6PS5Cl argyrodite solid electrolyte for all-solid-

state lithium-ion batteries,” Journal of Alloys and Compounds, vol. 812, 2020. doi: 

10.1016/j.jallcom.2019.152103. 

[134] R. Demiryürek et al., “Roll-to-roll manufacturing method of aqueous-processed thick LiNi0.5Mn0.3Co0.2O2 

electrodes for lithium-ion batteries,” International Journal of Energy Research, vol. 45, no. 15, pp. 21182–

21194,2021. doi: 10.1002/er.7171. 

[135] M. Frankenberger et al., “SEI growth impacts of lamination, formation and cycling in lithium ion batteries,” 

Batteries, vol. 6, no. 2, 2020. doi: 10.3390/batteries6020021. 

[136] M. Schmitt et al., “Slot-die processing of lithium-ion battery electrodes-Coating window characterization,” 

Chemical Engineering and Processing: Process Intensification, vol. 68, pp. 32–37, 2013. doi: 

10.1016/j.cep.2012.10.011. 

[137] Y. Han et al., “Study on Influencing Factors of Consistency in Manufacturing Process of Vehicle Lithium-Ion 

Battery Based on Correlation Coefficient and Multivariate Linear Regression Model,” Advanced Theory and 

Simulations, vol. 4, no. 8, 2021. doi: 10.1002/adts.202100070. 

[138] M. Yu, M. Song, M. Kim, and D. Kim, “Experimental study on the formability of aluminum pouch for lithium 

polymer battery by manufacturing processes,” Journal of Mechanical Science and Technology, vol. 33, no. 9, pp. 

4353–4359,2019. doi: 10.1007/s12206-019-0831-y. 

[139] A. Sommer, M. Leeb, L. Weishaeupl, and R. Daub, “Integration of Electrode Markings into the Manufacturing 

Process of Lithium-Ion Battery Cells for Tracking and Tracing Applications,” Batteries, vol. 9, no. 2, 2023. doi: 

10.3390/batteries9020089. 

[140] D.-P. Argyropoulos et al., “Poly-Lactic Acid/Graphene Anode for Lithium-Ion Batteries Manufactured with a 

Facile Hot-Pressed Solvent-Free Process,” Journal of The Electrochemical Society, vol. 170, no. 5, p. 050515, 

2023. doi: 10.1149/1945-7111/acd0a8. 

[141] H. Buqa, A. Würsig, J. Vetter, M. E. Spahr, F. Krumeich, and P. Novák, “SEI film formation on highly crystalline 

graphitic materials in lithium-ion batteries,” J. Power Sources, vol. 153, no. 2, pp. 385–390, 2006. doi: 

10.1016/j.jpowsour.2005.07.001. 

[142] M. Al-Shroofy et al., “Solvent-free dry powder coating process for low-cost manufacturing of 

LiNi1/3Mn1/3Co1/3O2 cathodes in lithium-ion batteries,” Journal of Power Sources, vol. 352, pp. 187–193, 2017, 

doi: 10.1016/j.jpowsour.2017.03.131. 

[143] H. Chun, J. Kim, J. Yu, and S. Han, “Real-Time Parameter Estimation of an Electrochemical Lithium-Ion Battery 

Model Using a Long Short-Term Memory Network,” IEEE Access, vol. 8, pp. 81789–81799, 2020, doi: 

10.1109/ACCESS.2020.2991124. 

[144] D. E. Rumelhart, G. E. Hinton, and R. J. Williams, “Learning representations by back-propagating errors,” Nature, 

vol. 323, no. 6088, pp. 533–536, Oct. 1986. 

[145] P. C. J. Chiang, M. S. Wu, and J. C. Lin, “A novel dual-current formation process for advanced lithium-ion 

batteries,” Electrochemical and Solid-State Letters, vol. 8, no. 8, 2005. doi: 10.1149/1.1951204. 

[146] L. Alzate-Vargas et al., “Insight into SEI growth in Li-ion batteries using molecular dynamics and accelerated 

chemical reactions,” J. Phys. Chem. C, vol. 125, no. 34, pp. 18588–18596, 2021. doi: 10.1021/acs.jpcc.1c04149. 

[147] A. J. Crawford et al., “Lithium-ion battery physics and statistics-based state of health model,” J. Power Sources, 

vol. 501, p. 230032, 2021. doi: 10.1016/j.jpowsour.2021.230032. 

[148] A. Samanta, S. Chowdhuri, and S. S. Williamson, “Machine learning-based data-driven fault detection/diagnosis 

of lithium-ion battery: A critical review,” Electronics (Switzerland), vol. 10, no. 11. MDPI AG, 2021. doi: 

10.3390/electronics10111309. 

[149] A. Weng et al., “Predicting the impact of formation protocols on battery lifetime immediately after manufacturing,” 

Joule, vol. 5, no. 11, pp. 2971–2992, 2021. doi: 10.1016/j.joule.2021.09.015. 

[150] L. Leontaris et al., “A blockchain-enabled deep residual architecture for accountable, in-situ quality control in 

industry 4.0 with minimal latency,” Computers in Industry, vol. 149, 2023.doi: 10.1016/j.compind.2023.103919. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  16 

[151] Y. Elomari, C. Mateu, M. Marín-Genescà, and D. Boer, “A data-driven framework for designing a renewable 

energy community based on the integration of machine learning model with life cycle assessment and life cycle 

cost parameters,” Applied Energy, vol. 358, 2024. doi: 10.1016/j.apenergy.2024.122619. 

[152] P. M. Kadam, D. R. Dolas, S. Pal, and S. S. Gajghate, “Impact of Soybean Biodiesel Blends with Mixed Graphene 

Nanoparticles on Compression Ignition Engine Performance and Emission: An Experimental and ANN Analysis,” 

Int. J. Automot. Mech. Eng., vol. 21, no. 3, pp. 11512–11525, 2024, doi: 10.15282/ijame.21.3.2024.5.0888. 

[153] C. Cortes and V. N. Vapnik, “Support-vector networks,” Machine Learning, vol. 20, no. 3, pp. 273–297, Sep. 

1995. 

[154] Y. S. Zhang et al., “Applications of advanced metrology for understanding the effects of drying temperature in the 

lithium-ion battery electrode manufacturing process,” Journal of Materials Chemistry A,2022. doi: 

10.1039/d2ta00861k. 

[155] L. Hoffmann et al., “High-potential test for quality control of separator defects in battery cell production,” 

Batteries, vol. 7, no. 4,2021. doi: 10.3390/batteries7040064. 

[156] O. Schmidt et al., “Modeling the Impact of Manufacturing Uncertainties on Lithium-Ion Batteries,” Journal of The 

Electrochemical Society, vol. 167, no. 6, p. 060501, 2020.doi: 10.1149/1945-7111/ab798a. 

[157] I. Balz et al., “Process monitoring of ultrasonic metal welding of battery tabs using external sensor data,” Journal 

of Advanced Joining Processes, vol. 1, 2020.doi: 10.1016/j.jajp.2020.100005. 

[158] L. Hille et al., “Integration of laser structuring into the electrode manufacturing process chain for lithium-ion 

batteries,” Journal of Power Sources, vol. 556, 2023. doi: 10.1016/j.jpowsour.2022.232478. 

[159] S. Tripathi, C. Mittermayr, D. Muhr, and H. Jodlbauer, “Large scale predictability analysis of process variables 

from injection molding machines,” in Procedia Computer Science, Elsevier B.V., 2021.pp. 545–560. doi: 

10.1016/j.procs.2021.01.274. 

[160] C. Liu, L. le Roux, Z. Ji, P. Kerfriden, F. Lacan, and S. Bigot, “Machine Learning-enabled feedback loops for 

metal powder bed fusion additive manufacturing,” in Procedia Computer Science, Elsevier B.V., 2020, pp. 2586–

2595. doi: 10.1016/j.procs.2020.09.314. 

[161] S. Menkin et al., “Toward an Understanding of SEI Formation and Lithium Plating on Copper in Anode-Free 

Batteries,” Journal of Physical Chemistry C, vol. 125, no. 30, pp. 16719–16732,2021.doi: 

10.1021/acs.jpcc.1c03877. 

[162] H. Bockholt et al., “The interaction of consecutive process steps in the manufacturing of lithium-ion battery 

electrodes with regard to structural and electrochemical properties,” Journal Power Sources, vol. 325, pp. 140–

151,2016. doi: 10.1016/j.jpowsour.2016.05.127. 

[163] Y. Zhang, J. Li, R. Yang, T. Liu, and Y. Yan, “Analysis of kerf quality on ultrafast laser cutting of anode material 

for lithium-ion battery,” Optics and Lasers in Engineering, vol. 118, pp. 14–21, 2019. doi: 

10.1016/j.optlaseng.2019.01.013. 

[164] S. Li, H. He, and J. Li, “Big data driven lithium-ion battery modeling method based on SDAE-ELM algorithm and 

data pre-processing technology,” Applied Energy, vol. 242, pp. 1259–1273, 2019. doi: 

10.1016/j.apenergy.2019.03.154. 

[165] D. Mohanty et al., “Effect of electrode manufacturing defects on electrochemical performance of lithium-ion 

batteries: Cognizance of the battery failure sources,” Journal of Power Sources, vol. 312, pp. 70–79,2016. doi: 

10.1016/j.jpowsour.2016.02.007. 

[166] X. Li, L. Zhang, Z. Wang, and P. Dong, “Remaining useful life prediction for lithium-ion batteries based on a 

hybrid model combining the long short-term memory and Elman neural networks,” Journal of Energy Storage, 

vol. 21, pp. 510–518, 2019.doi: 10.1016/j.est.2018.12.011. 

[167] F. A. Çetinel and W. Bauer, “Processing of water-based LiNi₁/₃Mn₁/₃Co₁/₃O₂ pastes for manufacturing lithium ion 

battery cathodes,” Bull. Mater. Sci., vol. 37, pp. 1685–1690, 2014.doi: 10.1007/s12034-014-0733-7. 

[168] Y. Chen, T. Pan, and J. Tian, “A lightweight adaptive network with context fusion for battery defect detection,” 

Meas. Sci. Technol., vol. 36, p. 105401, 2025. doi: 10.1088/1361-6501/ae09c6. 

[169] G. Riexinger et al., “Integration of traceability systems in battery production,” in Procedia CIRP, Elsevier B.V., 

2020, pp. 125–130. doi: 10.1016/j.procir.2020.04.002. 

[170] Y. Huang et al., “Deep learning-driven detection of lithium-plating-type defects for battery manufacturing via 

formation and capacity grading data,” Journal Energy Chemical;, vol. 108, pp. 536–549, 2025, doi: 

10.1016/j.jechem.2025.04.025. 

[171] B. Zazoum, “Lithium-ion battery state of charge prediction based on machine learning approach,” Energy Reports, 

vol. 9, pp. 1152–1158, 2023. doi: 10.1016/j.egyr.2023.03.091. 

[172] C. C. Liu, T. Wu, and C. He, “State of health prediction of medical lithium batteries based on multi-scale 

decomposition and deep learning,” Advances in Mechanical Engineering, vol. 12, no. 5, 2020. doi: 

10.1177/1687814020923202. 

[173] K. Liu et al., “Transfer learning for battery smarter state estimation and ageing prognostics: Recent progress, 

challenges, and prospects,” Advances in Applied Energy, vol. 9. Elsevier Ltd, 2023. doi: 

10.1016/j.adapen.2022.100117. 

[174] J. P. Abramowski et al., “Building Blocks for an Automated Quality Assurance Concept in High Throughput 

Battery Cell Manufacturing,” in Procedia CIRP, Elsevier B.V., 2023. pp. 904–909. doi: 

10.1016/j.procir.2023.09.097. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  17 

[175] A. Kwade et al., “Current status and challenges for automotive battery production technologies,” Nat. Energy, vol. 

3, no. 4. Nature Publishing Group, pp. 290–300, 2018. doi: 10.1038/s41560-018-0130-3. 

[176] K. A. Severson et al., “Data-driven prediction of battery cycle life before capacity degradation,” Nat. Energy, vol. 

4, no. 5, pp. 383–391,2019. doi: 10.1038/s41560-019-0356-8. 

[177] M. H. Abdelati, A. H. Matar, M. Mourad, and M. Rabie, “Evaluating Sensor Placement in Vibration-Based Engine 

Misfire Detection Using Artificial Neural Networks,” Int. J. Automot. Mech. Eng., vol. 22, no. 3, pp. 12603–

12613, 2025. doi: 10.15282/ijame.22.3.2025.5.0962. 

[178] N. Prakash, D. Nieberl, M. Mayer, and A. Schuster, “Learning defects from aircraft NDT data,” NDT and E 

International, vol. 138, 2023. doi: 10.1016/j.ndteint.2023.102885. 

[179] F. G. Fischer, M. G. Zimmermann, N. Praetzsch, and C. Knaak, “Monitoring of the powder bed quality in metal 

additive manufacturing using deep transfer learning,” Materials and Design, vol. 222, 2022.doi: 

10.1016/j.matdes.2022.111029. 

[180] Y. Wei and J. Yin, “Defect Detection in Disc Brake Pads Using an Improved AlexNet Convolutional Neural 

Network,” Int. J. Automot. Mech. Eng., vol. 22, no. 3, pp. 12654–12664, 2025. doi: 

10.15282/ijame.22.3.2025.9.0966. 

[181] C. A. Escobar, D. Macias, and R. Morales-Menendez, “Process monitoring for quality ,  A multiple classifier 

system for highly unbalanced data,” Heliyon, vol. 7, no. 10, 2021. doi: 10.1016/j.heliyon.2021.e08123. 

[182] L. von Kolzenberg et al., “A four parameter model for the solid-electrolyte interphase to predict battery aging 

during operation,” 2021. doi: 10.1016/j.jpowsour.2022.231560. 

[183] K. Khodadadi Sadabadi, X. Jin, and G. Rizzoni, “Prediction of remaining useful life for a composite electrode 

lithium ion battery cell using an electrochemical model to estimate the state of health,” Journal of Power Sources, 

vol. 481, 2021.doi: 10.1016/j.jpowsour.2020.228861. 

[184] X. Zhao et al., “Reliable Life Prediction and Evaluation Analysis of Lithium-ion Battery Based on Long-Short 

Term Memory Model,” in Proceedings - Companion of the 19th IEEE International Conference on Software 

Quality, Reliability and Security, QRS-C 2019, Institute of Electrical and Electronics Engineers Inc., 2019.pp. 

507–509. doi: 10.1109/QRS-C.2019.00098. 

[185] C. Chen, J. Wei, and Z. Li, “Remaining Useful Life Prediction for Lithium-Ion Batteries Based on a Hybrid Deep 

Learning Model,” Processes, vol. 11, no. 8,2023.doi: 10.3390/pr11082333. 

[186] R. Li et al., “State of charge prediction algorithm of lithium-ion battery based on PSO-SVR cross validation,” 

IEEE Access, vol. 8, pp. 10234–10242, 2020. doi: 10.1109/ACCESS.2020.2964852. 

[187] K. Akbar et al., “A Machine Learning-Based Robust State of Health (SOH) Prediction Model for Electric Vehicle 

Batteries,” Electronics (Switzerland), vol. 11, no. 8,2022. doi: 10.3390/electronics11081216. 

[188] S. Kim et al., “Accelerated battery life predictions through synergistic combination of physics-based models and 

machine learning,” Cell Reports Physical Science, vol. 3, no. 9,2022. doi: 10.1016/j.xcrp.2022.101023. 

[189] J. Zhao et al., “Battery safety: Machine learning-based prognostics,” Progress in Energy and Combustion Science, 

vol. 102. Elsevier Ltd,2024. doi: 10.1016/j.pecs.2023.101142. 

[190] A. Turetskyy, J. Wessel, C. Herrmann, and S. Thiede, “Data-driven cyber-physical system for quality gates in 

lithium-ion battery cell manufacturing,” in Procedia CIRP, Elsevier B.V., 2020, pp. 168–173. doi: 

10.1016/j.procir.2020.03.077. 

[191] M. Thomitzek et al., “Digitalization Platform for Mechanistic Modeling of Battery Cell Production,” Sustainability 

(Switzerland), vol. 14, no. 3,2022. doi: 10.3390/su14031530. 

[192] F. Degen and O. Kratzig, “Future in Battery Production: An Extensive Benchmarking of Novel Production 

Technologies as Guidance for Decision Making in Engineering,” IEEE Transactions on Engineering Management, 

vol. 71, pp. 1038–1056, 2024, doi: 10.1109/TEM.2022.3144882. 

[193] A. H. A. Lutey et al., “Laser cutting of lithium iron phosphate battery electrodes: Characterization of process 

efficiency and quality,” Optics and Laser Technology, vol. 65, pp. 164–174, 2015, doi: 

10.1016/j.optlastec.2014.07.023. 

[194] P. Engels et al., “Methodology for a combined uncertainty analysis and data quality rating of existing graphite 

datasets in context of battery LCAs,” in Procedia CIRP, Elsevier B.V., 2022, pp. 577–582. doi: 

10.1016/j.procir.2022.02.096. 

[195] P. Franciosa et al., “Multi-wave light technology enabling closed-loop in-process quality control for automotive 

battery assembly with remote laser welding,” SPIE-Intl Soc Optical Eng,2019. p. 9. doi: 10.1117/12.2526075. 

[196] J. Qin et al., “Research and application of machine learning for additive manufacturing,” Additive Manufacturing, 

vol. 52. Elsevier B.V., 2022. doi: 10.1016/j.addma.2022.102691. 

[197] F. Ju, J. Wang, J. Li, G. Xiao, and S. Biller, “Virtual battery: A battery simulation framework for electric vehicles,” 

IEEE Transactions on Automation Science and Engineering, vol. 10, no. 1, pp. 5–15, 2013, doi: 

10.1109/TASE.2012.2203121. 

[198] H. Li, X. Si, Z. Zhang, and T. Li, “A critical review on prognostics for stochastic degrading systems under big 

data,” Fundamental Research. KeAi Communications Co., 2024. doi: 10.1016/j.fmre.2024.01.004. 

[199] C. Bommier and X. Ji, “Electrolytes, SEI Formation, and Binders: A Review of Nonelectrode Factors for Sodium-

Ion Battery Anodes,” Small, vol. 14, no. 16. Wiley-VCH Verlag, 2018. doi: 10.1002/smll.201703576. 

[200] M. el Marghichi et al., “Enhancing battery capacity estimation accuracy using the bald eagle search algorithm,” 

Energy Reports, vol. 10, pp. 2710–2724, 2023. doi: 10.1016/j.egyr.2023.09.082. 



Li et al. | International Journal of Automotive and Mechanical Engineering │ Volume 23, Issue 3 (2026) 

journal.ump.edu.my/ijame  18 

[201] T. Gao and W. Lu, “Machine learning toward advanced energy storage devices and systems,” iScience, vol. 24, 

no. 1, p. 101936, 2021. doi: 10.1016/j.isci.2020.101936. 

[202] S. Feng et al., “Predicting laser powder bed fusion defects through in-process monitoring data and machine 

learning,” Materials and Design, vol. 222, 2022.doi: 10.1016/j.matdes.2022.111115. 

[203] A. Falai et al., “Reducing the Computational Cost for Artificial Intelligence-Based Battery State-of-Health 

Estimation in Charging Events,” Batteries, vol. 8, no. 112022. doi: 10.3390/batteries8110209. 

[204] A. R. Taseva, T. Persoons, and D. M. D’Arcy, “Application of an AI image analysis and classification approach 

to characterise dissolution and precipitation events in the flow through apparatus,” European Journal of 

Pharmaceutics and Biopharmaceutics, vol. 189, pp. 36–47,2023. doi: 10.1016/j.ejpb.2023.04.020. 

[205] K. Kozhay et al., “Convolutional Neural Network-Based Defect Detection Technique in FDM Technology,” in 

Procedia Computer Science, Elsevier B.V., 2024. pp. 119–128. doi: 10.1016/j.procs.2023.12.183. 

[206] L. Su, M. Wu, Z. Li, and J. Zhang, “Cycle life prediction of lithium-ion batteries based on data-driven methods,” 

eTransportation, vol. 10, 2021. doi: 10.1016/j.etran.2021.100137. 

[207] Sajiyo et al., “Production Quality Control Analysis in Battery Product Quality Improvement Efforts,” INSTICC, 

Aug. 2023, pp. 285–291. doi: 10.5220/0012101900003680. 

[208] M. R. Zahidin et al., “Research challenges, quality control and monitoring strategy for Wire Arc Additive 

Manufacturing,” Journal of Materials Research and Technology, vol. 24. Elsevier Editora Ltda, pp. 2769–

2794,2023. doi: 10.1016/j.jmrt.2023.03.200. 

[209] Y. Lu, C. Z. Zhao, J. Q. Huang, and Q. Zhang, “The timescale identification decoupling complicated kinetic 

processes in lithium batteries,” Joule, vol. 6, no. 6. Cell Press, pp. 1172–1198, 2022. doi: 

10.1016/j.joule.2022.05.005. 

[210] M. B. Pinson and M. Z. Bazant, “Theory of SEI formation in rechargeable batteries: capacity fade, accelerated 

aging and lifetime prediction,” J. Electrochem. Soc., vol. 160, no. 2, pp. A243–A250, 2013.doi: 10.1149/2.044302jes. 


