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Abstract
Lithium-ion batteries (LIBs) are pivotal for electric vehicles and energy storage, yet their sustainability assessment 
is hindered by methodological limitations. Artificial intelligence (AI) is poised to transform lifecycle assessment 
(LCA) paradigms for LIBs. This study employs strengths, weaknesses, opportunities and threats analysis to 
comprehensively examine the role and prospects of AI for LCA in LIBs. The objective is to capitalize on the 
technology's strengths, mitigate its weaknesses, and identify potential opportunities and threats. Furthermore, this 
research proposes future studies to enhance the application of AI in the LCA of LIBs, including the establishment of 
unified standards for data collection, processing, and sharing, improving data transparency, promoting 
interdisciplinary collaboration, and developing more robust AI models. This study will provide a scientific reference 
for the research on efficient, scalable, and automated sustainability assessment methods in LIBs, driving the battery 
and transportation toward more sustainable development.
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INTRODUCTION
Global warming brings a series of severe issues such as glacial melting, frequent extreme weather events, and 
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changes in precipitation distribution. Mitigating greenhouse gas emissions has emerged as a universal 
agreement among nations[1]. The transportation field contributes roughly a quarter of all energy-linked 
greenhouse gas emissions, of which three-quarters stem from vehicular traffic on roads[2]. With continuous 
breakthroughs and innovations in lithium-ion batteries (LIBs) technology, countries worldwide are 
vigorously advancing the shift from conventional internal combustion engine vehicles to electric vehicles 
(EVs), aiming for carbon neutrality in the transportation sector[3]. It is projected that EVs will grow from 30 
million in 2022 to 380 million in 2030[4]. With the explosive growth of EVs, the demand for power batteries 
is also rapidly increasing. Global demand for LIBs in EVs is expected to reach 1,525 GWh by 2030[5]. The 
expanding production and use of LIBs have also given rise to a series of complex environmental and social 
issues, necessitating a comprehensive sustainability assessment to determine their impact on the ecological 
environment and human health.

Life cycle assessment (LCA) is a method for evaluating the environmental impact of a product from raw 
material extraction, production, and use to disposal. The LCA of different types of batteries reveals that LIBs 
have significant environmental advantages compared to nickel metal hydride batteries and solar cells[6]. 
Conducting LCA on LIBs helps to uncover environmental issues throughout their entire life cycle, 
providing a basis for the optimized design and sustainable development of LIBs. Environmental impacts of 
battery production vary with different chemical systems, with an average cumulative energy demand and 
greenhouse gas emissions of 328 kWh and 110 kg CO2eq per kWh of storage capacity, respectively[7]. 
Carbon footprint and other environmental impacts of the use and recycling phases of LIBs also vary 
depending on the calculation methods and process routes[8]. The use of multiple evaluation methods 
contributes to enhancing the comprehensiveness and objectivity of product system assessment results[9]. 
However, traditional LCA methods have limitations in the depth and breadth of data processing and 
analysis throughout the entire life cycle of LIBs, lacking dynamic analysis, which makes it difficult to adapt 
to the rapid development of the LIBs industry and the high demands of environmental protection and low 
carbon emission.

In this context, the innovative development of artificial intelligence (AI) presents revolutionary 
opportunities for the LCA of LIBs[10,11]. AI technology has significant advantages in data processing, model 
construction, and result analysis, and has been widely applied in environmental science and engineering 
fields, such as pollution detection and the development and protection of marine resources[12,13]. It is 
expected to address the challenges of data scarcity, complexity, and inefficiency in traditional LCA methods 
for LIBs assessment. AI can empower the LCA (goal and scope definition, life cycle inventory, life cycle 
impact analysis, and life cycle interpretation) of the entire life cycle of LIBs. It plays a key role across various 
stages of the battery life cycle, from lifetime prediction to end-of-life recycling and safety management[14]. 
For example, AI can facilitate the recognition of the type and state of the components to be disassembled, 
ensuring that the disassembly operations are conducted safely and efficiently[15]. Furthermore, the recovery 
rate of metal elements in spent batteries can be improved by optimizing the recycling process through AI[16], 
thereby reducing carbon emissions and other environmental impacts during the recycling process. The 
application of AI in battery recycling has emerged as a promising avenue to reduce costs and improve the 
environmental sustainability of battery waste management, with significant market potential[17]. The 
integration of AI with LCA in the environmental impact assessment of LIBs can be beneficial but may also 
pose issues. In this study, the strengths, weaknesses, opportunities and threats (SWOT) analysis method is 
employed to delve into the application of AI for LCA in LIBs, conducting a forward-looking analysis of the 
strengths and weaknesses of the technology. The aim is to more actively leverage strengths and avoid 
weaknesses, while also identifying potential opportunities and threats, in order to formulate more scientific 
development strategies and flexible response measures.
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METHODOLOGY
The SWOT analysis is a widely applied and crucial tool in strategic planning that aids businesses and 
organizations in gaining profound insights into the current status of the research subject, thereby planning 
future strategies to confront challenges[18]. Through the SWOT analysis, we can systematically assess the 
project’s strengths (aspects that can be further utilized and reinforced), weaknesses (areas that require 
attention and improvement), opportunities (potential development points that can be seized by leveraging 
existing strengths), and threats (external factors that may impact the project’s progress)[19]. Strengths and 
weaknesses are predominantly influenced by internal factors, while opportunities and threats are more 
significantly shaped by the external environment. As shown in Figure 1, in AI-driven sustainability 
assessment of LIBs, the SWOT analysis offers a clear and structured framework that enables us to 
comprehensively identify and analyze the internal strengths and weaknesses, as well as external 
opportunities and threats.

RESULTS AND DISCUSSION
Strengths
The application of AI for LCA in LIBs demonstrates significant advantages. Firstly, large amounts of data 
covering the entire life cycle of batteries can be processed and analyzed by AI, thereby uncovering deep-
seated relationships within the data and providing more profound insights into environmental impact 
assessments[20]. This aids decision-makers in forming accurate and effective solutions. Secondly, the 
performance and service life of LIBs can be predicted and optimized using the predictive analytics capability 
of AI. For example, the relative error in the predicted lifetime of LIBs using semi-supervised self-learning 
methods is less than 4.1%[21]. The carbon emissions and other environmental impacts during the use phase 
can be reduced by optimizing battery system energy management strategies through AI[22]. At the same time, 
the missing values in life cycle inventories or impacts can also be filled in via AI predictions[23], ensuring the 
effective progression and accuracy of the battery life cycle evaluation process. Additionally, AI can collect 
data from various sources during the production, use, and recycling of LIBs through text mining, enhancing 
the computational speed and resource efficiency of complex battery assessment models. This allows for real-
time and efficient calculations, reducing the time and labor required for the LCA in LIBs. For instance, 
automation data management and multimodal analysis from different sources can be achieved by 
integrating large language models (LLMs) into battery life cycle inventory (LCI) modeling. This not only 
improves the scalability and generalizability of battery LCI but also significantly increases the efficiency and 
speed of assessments.

Weaknesses
Although AI holds great potential in LCA for LIBs, there are some undeniable drawbacks. Firstly, the 
performance of AI models is heavily dependent on the quality and availability of data[24]. Training models 
often requires a large volume of high-quality data covering the entire life cycle of LIBs, which can be 
difficult or costly to obtain, especially for battery technologies with proprietary secrets. How to accurately 
conduct environmental impact assessments with a limited amount of battery life cycle data is a significant 
challenge. Secondly, AI models may suffer from issues of interpretability[25]. The “black box” nature of AI 
models has long been a challenge to understanding their decision-making processes, which will reduce the 
credibility and traceability of AI in the comprehensive sustainable assessment of batteries. Additionally, 
there is a risk of overfitting historical data with AI models, which can decrease the accuracy of predictions 
for future scenarios and hinder the effective formulation of policies. The specific application of AI models in 
the field of sustainability assessment for LIBs is still in the exploratory stage, lacking unified industry 
standards for guidance, and the results are difficult to quantify and compare.
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Figure 1. Current strengths, weaknesses, threats, and opportunities of artificial intelligence for life cycle assessment in lithium-ion 
batteries.

Threats
The threats associated with the application of AI in the sustainable assessment of LIBs involve data security 
and privacy risks, algorithmic bias, and ethical responsibilities[26]. Firstly, AI-based processing of LCA 
requires a large amount of data covering stages such as the production, use, and recycling of LIBs, which 
may involve corporate trade secrets and personal information of users. A data breach could severely harm 
the interests of businesses and the privacy of consumers. Secondly, if the data used to train AI models for 
the entire life cycle of LIBs is incomplete or biased, it could lead to misleading results, affecting the accuracy 
and reliability of the sustainability assessment for LIBs. Additionally, AI models may not be capable of 
making decisions that align with human values when dealing with issues involving ethics and 
environmental responsibility. Unclear responsibility for resource allocation and environmental impact 
assessment could potentially lead to legal and moral controversies.

Opportunities
The innovative development of AI offers new opportunities for the sustainability assessment of LIBs. 
Emerging AI technologies and algorithms, particularly the advancement of complex algorithms such as 
natural language processing and deep learning, enable the automatic extraction and analysis of text data 
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from research articles, patents, and industry reports[26]. This provides more powerful methods and analytical 
tools for a more accurate and efficient comprehensive sustainable assessment of LIBs. Concurrently, AI can 
facilitate the rapid updating and iteration of LCA databases, meeting the evaluation needs of different 
technologies across various periods[23]. Policies and market mechanisms formulated by governments and 
enterprises incentivize the application of AI for LCA in LIBs. For instance, China has included the "Artificial 
Intelligence +" initiative in its 2024 government report. Moreover, the application of AI in the LCA of LIBs 
fosters interdisciplinary collaboration, aiding in the integration of expertise from diverse fields and driving 
innovation in LCA methodologies. This collaboration is instrumental in more effectively addressing 
complex issues during the assessment process. At the same time, the application of AI in the LCA of LIBs 
presents an opportunity to establish global unified evaluation standards, thereby reducing barriers to 
transnational trade and technological cooperation.

CONCLUSIONS AND RECOMMENDATIONS
Integrating AI into the sustainability assessment of LIBs holds tremendous potential to revolutionize the 
way of assessing and managing the environmental impact of batteries. Although there are challenges and 
threats to be overcome, the advantages and opportunities brought about by AI-driven LCA for LIBs are 
substantial. Future research should focus on establishing unified standards for data collection, processing, 
and sharing across the entire life cycle of LIBs, enhancing data quality, and promoting interdisciplinary 
intersections among environmental science, data science, and battery engineering. The development of 
transparent, adaptable, and robust AI models is essential to ensure that AI-driven LCA promotes the 
sustainable development of LIBs.
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