
Vol 04 | Issue 03 | August Year  79  

  

 
 

 

 

 

 

 

 ACADEMIC JOURNAL ON BUSINESS 
ADMINISTRATION, INNOVATION & SUSTAINABILITY 

Copyright: © 2024 Amin et al. This is an open access article distributed under the terms of the Creative Commons 

Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original source is cited. 

 

ACADEMIC JOURNAL ON BUSINESS 
ADMINISTRATION, INNOVATION & SUSTAINABILITY 

 

Vol 04 | Issue 03 | August 2024 

ISSN 2997-9552 

Page:79-93 

 

 

 

THE ROLE OF AI IN PROMOTING SUSTAINABILITY 

WITHIN THE MANUFACTURING SUPPLY CHAIN 

ACHIEVING LEAN AND GREEN OBJECTIVES 

1 College of Engineering, Industrial Engineering, Lamar University, Texas, USA 

Email: bsah@lamar.edu 

 
2Master of Engineering Management, Department of Industrial Engineering, Lamar University, Texas, USA 

Email: sbegum@lamar.edu 
 

3Masters in Industrial Engineering, Department of Industrial Engineering, Lamar University, Texas, USA 

Email: mbhuiyan3@lamar.edu 
 

4Masters in Industrial Engineering, Department of Industrial Engineering, Lamar University, Texas, USA 

Email: mshahjalal@lamar.edu 

 

 

This research article explores the critical role of Artificial 

Intelligence (AI) in advancing sustainability within the 

manufacturing supply chain, with a focus on achieving lean and 

green objectives. The study emphasizes how AI technologies can 

optimize supply chain processes, reduce waste, and enhance 

environmental sustainability while simultaneously improving 

efficiency. Through a comprehensive literature review, the article 

examines existing AI applications in supply chain management, 

identifying key trends, challenges, and opportunities. The 

methodology section outlines the systematic approach used to gather 

and analyze relevant data, while the findings highlight the 

transformative potential of AI in fostering sustainable practices. The 

discussion delves into the implications of these findings for the 

manufacturing sector, suggesting that the integration of AI not only 

aligns with lean manufacturing principles but also supports broader 

sustainability goals. The article concludes by emphasizing the need 

for continued research and development in AI-driven supply chain 

solutions to fully realize their potential in promoting a greener, more 

efficient manufacturing industry. 
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1 Introduction 
The intersection of Artificial Intelligence (AI) and 

sustainability within the manufacturing supply chain 

has emerged as a significant area of interest for both 

researchers and industry practitioners in recent years 

(Haenlein & Kaplan, 2019; Mikalef et al., 2019). As 

global concerns about climate change and resource 

scarcity intensify, there is an increasing pressure on 

industries to reduce their carbon footprints while 

simultaneously enhancing operational efficiency 

(McCarthy et al., 2006). The manufacturing sector, 

which is a major contributor to global emissions, is 

under particular scrutiny (Min, 2009). AI-driven 

solutions have been identified as key enablers in 

addressing these dual objectives of reducing 

environmental impact and improving operational 

performance. According to a study by (Pontrandolfo et 

al., 2002), the integration of AI technologies within the 

supply chain is becoming essential for optimizing 

processes, minimizing waste, and enhancing overall 

sustainability. This burgeoning interest is reflected in a 

growing body of literature that highlights AI's capacity 

to tackle complex challenges within the manufacturing 

supply chain, particularly in relation to sustainability 

(O'Leary, 2013; Ramos et al., 2008). 
Figure 1: Additive Manufacturing in Industry 40 

Exploring Technological Synergies

 

AI's impact on lean manufacturing, which emphasizes 

the elimination of waste and the maximization of 

efficiency, has been extensively documented (Lu et al., 

2017). Lean manufacturing principles focus on 

reducing non-value-added activities, thereby 

streamlining operations and improving productivity. 

Research by (Begum et al., 2024; Kabir et al., 2024) 

has demonstrated the critical role of AI in predictive 

maintenance, demand forecasting, and real-time 

monitoring—key components of lean manufacturing 

that contribute to significant cost savings and waste 

reduction. Furthermore, AI's ability to process and 

analyze vast amounts of data in real-time allows 

manufacturers to make more informed decisions, 

reducing the likelihood of overproduction and 

inventory surplus (Min, 2009; Pournader et al., 2021). 

This data-driven approach not only aligns with the 

principles of lean manufacturing but also facilitates 

continuous improvement in manufacturing processes. 

Additional studies, such as those by (Tecuci, 2011), 

emphasize AI's role in enhancing production line 

flexibility and responsiveness, further supporting lean 

manufacturing objectives by enabling just-in-time 

production and minimizing downtime (Bennett & 

Hauser, 2012). 
Figure 2: Green manufacturing and competitive 

manufacturing strategies 

In parallel, green manufacturing, which prioritizes 

environmental sustainability, has also benefited 

significantly from the application of AI (Chen et al., 

2008). Green manufacturing seeks to minimize the 

environmental impact of production processes, 

focusing on reducing emissions, conserving energy, 

and managing waste more effectively (Bennett & 

Hauser, 2012). AI technologies, including machine 

learning and advanced analytics, have been 

instrumental in optimizing energy consumption and 

reducing greenhouse gas emissions within 

manufacturing operations (Min, 2009). For instance, 

AI-driven energy management systems are capable of 

monitoring and adjusting energy usage in real-time, 

leading to more sustainable production processes and 

reduced operational costs (Lu et al., 2017). 

Furthermore, AI's application extends to optimizing 
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material use and waste management, as demonstrated 

by studies such as those by (Barták et al., 2008), who 

found that AI algorithms could significantly reduce 

waste in production by optimizing material cutting and 

usage patterns. This application of AI not only 

enhances environmental performance but also 

contributes to the long-term sustainability of the 

manufacturing industry by reducing resource 

consumption and waste generation (Min, 2009). 

The integration of AI into the manufacturing supply 

chain extends its influence beyond individual 

processes, impacting the entire supply chain's 

sustainability and efficiency. AI-driven supply chain 

management systems can optimize logistics, reduce 

transportation-related emissions, and improve overall 

supply chain resilience (Mikalef et al., 2019). By 

analyzing supply chain data, AI can identify 

inefficiencies and suggest improvements that align 

with both lean and green manufacturing principles. For 

example, the study by (Kuo et al., 2010) demonstrated 

how AI-powered predictive analytics could enhance 

demand forecasting accuracy, thereby reducing the risk 

of overproduction, excess inventory, and the 

associated environmental impact. Additionally, AI's 

role in enhancing supply chain transparency and 

traceability has been highlighted in research by (Jiang 

et al., 2017), which found that AI could help 

manufacturers track the environmental impact of their 

entire supply chain, enabling more informed decisions 

about sourcing and logistics that support sustainability 

goals. These capabilities are essential in a globalized 

economy, where supply chain disruptions can have 

significant environmental and economic consequences. 

As the literature indicates, the successful integration of 

AI within the manufacturing supply chain offers 

numerous benefits, particularly in the context of 

sustainability (Allam & Dhunny, 2019). However, the 

implementation of AI technologies is not without its 

challenges. Studies have identified several barriers to 

AI adoption, including the complexity of integrating 

AI systems into existing supply chain infrastructures, 

the need for significant investment in AI technology 

and expertise, and concerns about data privacy and 

security (McCarthy et al., 2006). Despite these 

challenges, the potential for AI to drive both lean and 

green manufacturing practices is substantial. Research 

by (Dhamija & Bag, 2020) has shown that when 

effectively implemented, AI can lead to significant 

improvements in both operational efficiency and 

environmental performance. Moreover, the ongoing 

development of AI technologies, such as autonomous 

systems and advanced robotics, promises to further 

enhance the capabilities of manufacturers in achieving 

sustainability objectives (Kaplan & Haenlein, 2019). 

The collective findings from these studies underscore 

AI's transformative potential within the manufacturing 

supply chain, particularly as industries seek to balance 

economic growth with environmental responsibility. 

 

2 Literature Review 

The literature review section synthesizes existing 

research on AI applications in the manufacturing 

supply chain, with a particular focus on sustainability. 

Previous studies have highlighted AI's capabilities in 

predictive maintenance, demand forecasting, and 

inventory management, all of which contribute to lean 

operations. Additionally, AI's role in reducing energy 

consumption, optimizing resource use, and minimizing 

waste aligns with green manufacturing goals. 

However, challenges such as data integration, system 

complexity, and the need for skilled personnel remain 

significant barriers to widespread AI adoption. This 

review identifies gaps in the literature and sets the 

stage for the subsequent analysis. 

2.1 Introduction to AI in the Manufacturing 

Supply Chain 

Artificial Intelligence (AI) technologies have rapidly 

evolved to become a cornerstone in modern 

manufacturing supply chains, driving significant 

improvements in efficiency and sustainability. AI 

encompasses a wide range of technologies, including 

machine learning, neural networks, robotics, and 

advanced data analytics, all of which have proven to be 

highly relevant to the manufacturing sector. These 

technologies enable manufacturers to analyze vast 

amounts of data in real-time, optimize complex 

processes, and make informed decisions that enhance 

overall supply chain performance (Fahimnia et al., 

2019; Hartmann & Moeller, 2014). The adoption of AI 

in manufacturing has been driven by the need to 

address various challenges, such as increasing global 

competition, rising costs, and the demand for greater 

customization and faster delivery times. Studies by 

(Ojha et al., 2018) and (Tang et al., 2008) have 

highlighted AI's role in streamlining production 

processes, improving supply chain visibility, and 

enhancing decision-making capabilities. AI's ability to 

predict trends, identify inefficiencies, and automate 

routine tasks has made it an indispensable tool for 

manufacturers looking to stay competitive in an 

increasingly complex and dynamic global market 

(Reiner, 2005). 

The relevance of AI to the manufacturing supply chain 

is further underscored by its dual focus on achieving 

lean operations and supporting green manufacturing 

goals. Lean manufacturing, which aims to minimize 

waste and maximize efficiency, has long been a key 

objective for manufacturers seeking to reduce costs 

and improve productivity. AI technologies contribute 

to this goal by enabling more accurate demand 

forecasting, optimizing inventory management, and 
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Figure 4: Growth of AI with automation (Source: Mypati et al. 2023). 

reducing production downtime through predictive 

maintenance (Younus, Hossen, et al., 2024; Younus, 

Pathan, et al., 2024). For instance, AI-driven predictive 

maintenance systems can detect potential equipment 

failures before they occur, allowing manufacturers to 

schedule maintenance proactively and avoid costly 

disruptions (Md Mahfuzur et al., 2024; Rauf et al., 

2024). Additionally, AI's ability to analyze historical 

data and predict future trends helps manufacturers 

align production schedules with demand, reducing the 

risk of overproduction and excess inventory (Joy et al., 

2024). These capabilities are essential for maintaining 

lean operations in a highly competitive market, where 

efficiency and responsiveness are critical to success 

(Waller & Fawcett, 2013). 

Figure 3: Key Focus Areas for Enhancing AI in 

Manufacturing 

 
In parallel, AI plays a crucial role in supporting green 

manufacturing, which focuses on reducing the 

environmental impact of production processes 

(Baryannis, Dani, et al., 2018). As global concerns 

about climate change and resource depletion intensify, 

manufacturers are increasingly under pressure to adopt 

more sustainable practices. AI technologies, such as 

machine learning algorithms and advanced analytics, 

are being employed to monitor and optimize energy 

consumption, minimize waste, and improve resource 

efficiency (Saghaei et al., 2020). Research by 

(Gjerdrum et al., 2001) have demonstrated that AI-

driven energy management systems can lead to 

significant reductions in energy usage and greenhouse 

gas emissions, helping manufacturers meet 

sustainability targets. Furthermore, AI's ability to 

optimize material usage and reduce waste through 

precise process control has been shown to enhance the 

environmental performance of manufacturing 

operations (Gjerdrum et al., 2001; Toorajipour et al., 

2021). These advancements not only contribute to the 

achievement of green manufacturing goals but also 

support the broader transition towards a more 

sustainable industrial ecosystem (Priore et al., 2018). 

2.2 AI Applications in Lean Manufacturing 

AI applications in lean manufacturing have garnered 

significant attention in recent years, particularly in the 

areas of predictive maintenance, demand forecasting, 

and inventory management. Predictive maintenance, a 

key component of lean manufacturing, utilizes AI to 

anticipate equipment failures before they occur, 

thereby allowing for timely maintenance and 

minimizing unexpected downtime. Numerous studies 

have highlighted AI's pivotal role in this area. For 

instance, research by (Choi et al., 2018) emphasizes 

how machine learning algorithms can analyze sensor 

data from machinery to predict failures with high 

accuracy. This predictive capability not only prevents 

costly production halts but also extends the lifespan of 

equipment by ensuring maintenance is performed at 

optimal intervals (Reiner, 2005). Moreover, AI's 

ability to process vast amounts of real-time data 

enables the continuous monitoring of equipment, 

thereby allowing for dynamic scheduling of 

maintenance activities based on the actual condition of 

the machinery rather than fixed time intervals 

(Gjerdrum et al., 2001). The integration of AI into 

predictive maintenance has resulted in significant cost 

savings and productivity improvements, as evidenced 

by case studies in the automotive and aerospace 
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industries (Baryannis, Dani, et al., 2018). 

Demand forecasting is another area where AI has made 

substantial contributions to lean manufacturing. 

Accurate demand forecasting is crucial for maintaining 

lean operations, as it helps manufacturers align 

production schedules with market demand, thereby 

minimizing overproduction and reducing inventory 

costs. AI's ability to analyze historical sales data, 

market trends, and external factors such as economic 

indicators and weather patterns enables more precise 

demand predictions (Wichmann et al., 2020). Studies 

by (Tan et al., 2015) have demonstrated that AI-driven 

demand forecasting models outperform traditional 

statistical methods by adapting to changing market 

conditions in real-time. This adaptability is particularly 

beneficial in industries with volatile demand patterns, 

such as fashion and consumer electronics (Chen et al., 

2015). By improving the accuracy of demand 

forecasts, AI helps manufacturers optimize their 

production schedules, reduce excess inventory, and 

avoid the costs associated with overproduction, such as 

storage and obsolescence (Perera et al., 2019). The 

adoption of AI in demand forecasting has been linked 

to significant improvements in supply chain efficiency 

and customer satisfaction, as manufacturers can better 

meet consumer demand without (Dev et al., 2016). 

AI's role in inventory management is also critical to 

achieving lean manufacturing goals. Inventory 

management involves maintaining the right balance of 

stock to meet production needs while minimizing 

excess inventory and associated costs. AI-driven 

inventory optimization systems use advanced 

algorithms to analyze production schedules, lead 

times, and demand forecasts to determine the optimal 

inventory levels for each product (Mavi et al., 2013). 

These systems can dynamically adjust inventory levels 

based on real-time data, ensuring that manufacturers 

maintain sufficient stock to meet demand without 

overstocking (Abolghasemi et al., 2015). Research by 

(Pournader et al., 2020) highlights how AI has been 

successfully implemented in various industries, 

including retail and manufacturing, to reduce excess 

inventory and improve cash flow. For example, AI-

enabled inventory management systems at major 

retailers have been credited with reducing inventory 

carrying costs by up to 30% (Dolgui et al., 2018). 

Furthermore, AI's ability to predict supply chain 

disruptions, such as delays in raw material deliveries, 

allows manufacturers to proactively adjust inventory 

levels to mitigate the impact of these disruptions 

(Wang et al., 2015). This proactive approach to 

inventory management is essential for maintaining 

lean operations in a complex and dynamic global 

supply chain environment (Ding et al., 2005). 

The impact of AI on reducing downtime and 

optimizing production schedules extends beyond 

predictive maintenance to encompass the entire 

manufacturing process. AI's ability to analyze and 

interpret data from various sources allows for real-time 

adjustments to production schedules based on current 

conditions, such as equipment performance, material 

availability, and demand fluctuations (Dolgui et al., 

2018; Paul, 2015). Studies by (Singh et al., 2018) have 

shown that AI-driven production scheduling systems 

can significantly reduce idle time and improve overall 

equipment effectiveness (OEE) by ensuring that 

production resources are utilized efficiently. This 

optimization not only enhances productivity but also 

contributes to the overall goal of lean manufacturing 

by minimizing waste and reducing the time required to 

bring products to market (Xu et al., 2018). In addition, 

AI's predictive capabilities enable manufacturers to 

anticipate potential bottlenecks in the production 

process and take corrective actions before they impact 

production schedules (Syntetos et al., 2016). The 

integration of AI into production scheduling has been 

particularly effective in industries with complex 

manufacturing processes, such as automotive and 

electronics, where even minor delays can have 

significant cost implications (Badurdeen et al., 2014). 

In addition to these applications, AI's role in enhancing 

inventory management through successful 

implementations in various industries underscores its 

importance in achieving lean manufacturing objectives 

(Shamim, 2022). For instance, AI-driven inventory 

optimization at leading automotive manufacturers has 

resulted in a significant reduction in excess inventory, 

thereby freeing up capital that can be reinvested in 

other areas of the business (Ding et al., 2005). 

Similarly, AI-enabled inventory management systems 

at large retail chains have improved stock turnover 

rates by accurately predicting consumer demand and 

adjusting inventory levels accordingly (Paul, 2015). 

These successes highlight the potential of AI to 

transform inventory management from a reactive to a 

proactive process, where inventory levels are 

continuously optimized based on real-time data and 

predictive analytics (Syntetos et al., 2016). By 

reducing the costs associated with excess inventory, 

such as storage, insurance, and obsolescence, AI-

driven inventory management contributes to the 

overall efficiency and profitability of the 

manufacturing supply chain (Ding et al., 2005). The 

widespread adoption of AI in inventory management is 

expected to continue as more industries recognize its 

potential to enhance lean manufacturing practices and 

drive competitive advantage (Wu & Olson, 2008). 
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2.3 AI Applications in Green Manufacturing 

AI applications in green manufacturing have become a 

critical area of focus as industries seek to minimize 

their environmental impact while maintaining 

operational efficiency. One of the primary areas where 

AI has demonstrated significant potential is in 

reducing energy consumption within manufacturing 

processes. AI technologies, such as machine learning 

algorithms and advanced analytics, are employed to 

monitor and optimize energy use in real-time, allowing 

manufacturers to adjust energy consumption based on 

production demands and equipment performance 

(Villegas & Smith, 2006). Studies by (Hahn & Kuhn, 

2012) highlight how AI-driven energy management 

systems can analyze data from sensors and energy 

meters to identify inefficiencies and recommend 

adjustments that lead to substantial energy savings. 

These systems have been shown to reduce energy 

consumption by optimizing heating, ventilation, and 

air conditioning (HVAC) systems, lighting, and 

machinery operations (Yeh & Chuang, 2011). 

Additionally, AI's predictive capabilities enable 

manufacturers to anticipate energy needs and manage 

peak demand periods more effectively, further 

reducing energy costs and minimizing the carbon 

footprint (Angerhofer & Angelides, 2000). The impact 

of AI on energy consumption reduction is significant, 

as it not only lowers operational costs but also supports 

manufacturers in achieving their sustainability targets 

and reducing greenhouse gas emissions (Singh et al., 

2018). 
Figure 5: Green Technology and Sustainability Market 

Resource optimization is another crucial area where AI 

is making significant contributions to green 

manufacturing. AI-driven approaches to resource 

efficiency involve the use of advanced algorithms to 

analyze production processes and identify 

opportunities for optimizing the use of raw materials, 

water, and other resources (Villegas & Smith, 2006). 

For example, AI can optimize the cutting patterns of 

materials such as metal, fabric, or wood, minimizing 

waste and maximizing the use of available resources 

(Syntetos et al., 2016). Research by Thompson and 

Green (2023) has shown that AI-enabled resource 

optimization can lead to significant reductions in raw 

material usage, resulting in both cost savings and a 

lower environmental impact. In addition to optimizing 

material use, AI can also enhance water management 

in manufacturing processes by monitoring water usage 

and identifying areas where conservation measures can 

be implemented (Baryannis, Validi, et al., 2018). AI's 

ability to optimize resource use extends to the entire 

supply chain, enabling manufacturers to source 

materials more sustainably and reduce the 

environmental impact of their supply chain operations 

(Chaharsooghi & Ashrafi, 2014). The integration of AI 

into resource optimization processes has proven to be a 

powerful tool for manufacturers seeking to enhance 

their sustainability while maintaining production 

efficiency (Paul, 2015). 

Waste minimization is another area where AI has 

demonstrated its value in promoting green 

manufacturing practices. AI technologies are 

increasingly being used to identify waste reduction 

opportunities within production processes, allowing 

manufacturers to minimize waste generation and 

improve overall resource efficiency (Ding et al., 2005). 

AI-driven process optimization can analyze production 

data to identify inefficiencies, such as excess material 

usage or production bottlenecks, that contribute to 

waste (Chaharsooghi & Ashrafi, 2014). By addressing 

these inefficiencies, AI enables manufacturers to 

streamline their processes, reduce scrap rates, and 

lower the volume of waste generated during 

production (Sharma et al., 2020). Case studies by 

(Wang et al., 2015) have demonstrated the 

effectiveness of AI in reducing waste in various 

industries, including automotive and electronics 

manufacturing, where precise process control is 

essential for minimizing material loss. In addition to 

reducing material waste, AI can also help 

manufacturers minimize waste related to energy and 

water usage by optimizing resource allocation and 

identifying areas for improvement (Syntetos et al., 

2016). The successful implementation of AI-driven 

waste minimization strategies has been shown to 

contribute to both cost savings and enhanced 

environmental performance (Baryannis, Validi, et al., 

2018). 

The role of AI in energy consumption reduction, 

resource optimization, and waste minimization 

highlights its importance in supporting green 

manufacturing objectives. Studies by (Chaharsooghi & 

Ashrafi, 2014) emphasize that AI's ability to monitor 

https://doi.org/10.69593/ajbais.v4i3.97


Vol 04 | Issue 03 | August 2024  85  

 

The Role of AI in Promoting Sustainability Within the Manufacturing Supply Chain Achieving Lean and Green 

Objectives                

 

and optimize energy use, enhance resource efficiency, 

and reduce waste is essential for manufacturers aiming 

to achieve sustainability targets. The integration of AI 

into green manufacturing processes not only supports 

environmental goals but also provides economic 

benefits by reducing operational costs and improving 

efficiency (Azadnia et al., 2012). Moreover, AI's 

contribution to sustainability extends beyond 

individual processes, influencing the entire 

manufacturing supply chain by enabling more 

sustainable sourcing, production, and distribution 

practices (Georgiadis et al., 2005). As manufacturers 

continue to adopt AI technologies to enhance their 

green manufacturing practices, the potential for 

achieving significant environmental and economic 

benefits is expected to grow (Grover et al., 2020). 

2.4 Challenges and Barriers to AI Adoption 

Adopting AI technologies in the manufacturing sector 

presents several significant challenges, with data 

integration being one of the foremost issues. 

Integrating AI systems into existing manufacturing 

infrastructures is complex, as it requires seamless 

connectivity and interoperability between various 

hardware and software systems (Villegas & Smith, 

2006). Studies by (Wu & Olson, 2008) and 

(Chaharsooghi & Ashrafi, 2014)  highlight that many 

manufacturing plants operate with legacy systems that 

are not designed to handle the data-intensive 

operations that AI requires. The integration process 

often involves substantial re-engineering of these 

legacy systems to ensure they can collect, store, and 

process the vast amounts of data needed for AI-driven 

decision-making. Moreover, data quality, 

standardization, and accessibility are critical concerns 

in this context (Zarbakhshnia et al., 2018). Without 

high-quality, standardized data, AI systems struggle to 

deliver accurate and actionable insights (Sharma et al., 

2020). The lack of data standardization across different 

manufacturing units can lead to inconsistencies and 

errors in AI outputs, making it difficult for companies 

to fully leverage AI's capabilities (Luna & Ballini, 

2011). Additionally, ensuring that data is accessible 

across all relevant systems and departments within an 

organization is crucial for successful AI integration 

(Zhang et al., 2016). 

System complexity represents another major barrier to 

AI adoption in manufacturing environments. 

Implementing AI solutions often involves integrating 

advanced technologies into already complex 

manufacturing processes, which can be a daunting task 

(Wichmann et al., 2018). The complexity arises from 

the need to coordinate multiple components, including 

sensors, data processing units, and AI algorithms, to 

function together seamlessly (da Silva et al., 2020; 

Sharma et al., 2020). Research by (Ain et al., 2019) 

points out that the integration of AI with existing 

systems requires not only technological upgrades but 

also a deep understanding of the underlying 

manufacturing processes to avoid disruptions. The 

need for robust infrastructure to support AI systems 

adds another layer of complexity (Sharma et al., 2020). 

Manufacturing environments must be equipped with 

high-performance computing resources, reliable 

internet connectivity, and secure data storage solutions 

to manage the increased data load and computational 

demands of AI (Zarbakhshnia et al., 2018). 

Additionally, the integration of software and hardware 

components must be meticulously planned and 

executed to ensure that AI systems can operate 

efficiently and deliver the expected benefits (Zhang et 

al., 2016). 

The demand for skilled personnel to manage and 

operate AI systems in manufacturing is another 

significant challenge. The successful deployment of AI 

technologies requires a workforce with specialized 

skills in areas such as data science, machine learning, 

and AI system integration (Zarbakhshnia et al., 2018). 

However, many manufacturing companies face a 

shortage of workers with the necessary expertise to 

manage these advanced technologies ((Sharma et al., 

2020). Studies by (Luna & Ballini, 2011) and (Holweg 

et al., 2004) reveal that the rapid pace of AI 

development has outstripped the ability of educational 

institutions to produce enough qualified professionals, 

leading to a skills gap in the industry. This gap is 

further exacerbated by the fact that AI systems require 

ongoing maintenance and optimization, which 

demands a continuous investment in workforce 

training and development (Ain et al., 2019). 

Companies must also address the challenge of 

upskilling their existing workforce to ensure that 

employees can effectively interact with and support AI 

technologies in their day-to-day operations (Pavlou & 

Fygenson, 2006). 

In addition to the demand for skilled personnel, 

workforce readiness and the need for specialized 

training present ongoing challenges for AI adoption in 

manufacturing. The introduction of AI technologies 

requires not only technical skills but also a shift in 

mindset among employees at all levels (Grover et al., 

2020). Research by (Azadnia et al., 2012) highlights 

that many workers are apprehensive about the 

introduction of AI, fearing job displacement or 

changes in their roles. To address these concerns and 

ensure a smooth transition, companies must invest in 

comprehensive training programs that cover both the 

technical aspects of AI and its implications for the 

workforce (Georgiadis et al., 2005). Such training 

programs should be designed to build confidence in 

using AI tools and to demonstrate how AI can 

complement rather than replace human labor (Luna & 

Ballini, 2011). Furthermore, ongoing education is 
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essential to keep the workforce updated on the latest 

AI developments and to ensure that employees can 

adapt to new AI-driven processes as they are 

introduced (Wichmann et al., 2018). Without a well-

prepared workforce, the full potential of AI 

technologies in manufacturing cannot be realized (Ain 

et al., 2019). 

The challenges of data integration, system complexity, 

and the demand for skilled personnel highlight the 

multifaceted nature of AI adoption in manufacturing. 

Addressing these challenges requires a holistic 

approach that involves not only technological upgrades 

but also significant investments in workforce 

development and organizational change management 

(Holweg et al., 2004). The complexities of integrating 

AI into existing systems, the need for robust 

infrastructure, and the importance of standardized, 

high-quality data all underscore the intricate nature of 

implementing AI in manufacturing environments 

(Sharma et al., 2020). Moreover, as AI technologies 

continue to evolve, the demand for specialized skills 

and the need for continuous training will remain 

critical factors in determining the success of AI 

adoption (da Silva et al., 2020). The widespread 

implementation of AI in manufacturing will depend on 

the ability of companies to overcome these barriers and 

to build the necessary infrastructure and human capital 

to support advanced AI-driven operations (Holweg et 

al., 2004). 

 

3 Methodology 

The Methodology section of this study follows the 

PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses) method, which is widely 

recognized for its rigorous approach to conducting 

systematic reviews. The PRISMA method ensures 

Figure 6: Challenges and Barriers to AI Adoption 

https://doi.org/10.69593/ajbais.v4i3.97


Vol 04 | Issue 03 | August 2024  87  

 

The Role of AI in Promoting Sustainability Within the Manufacturing Supply Chain Achieving Lean and Green 

Objectives                

 

transparency and reproducibility in the research 

process by providing a structured framework for 

identifying, selecting, and analyzing relevant studies. 

This section outlines the specific steps taken in line 

with the PRISMA guidelines to ensure that the review 

is comprehensive, unbiased, and based on the highest 

quality evidence available. 

3.1 Identification of Studies 

The first step in the PRISMA methodology involves 

the identification of relevant studies. A comprehensive 

search strategy was developed to capture a wide range 

of research articles related to AI applications in 

manufacturing, specifically focusing on energy 

consumption reduction, resource optimization, and 

waste minimization. Multiple academic databases, 

including IEEE Xplore, ScienceDirect, and Web of 

Science, were searched using a combination of 

keywords such as "Artificial Intelligence," "AI in 

manufacturing," "energy optimization," "resource 

efficiency," and "waste reduction." The search was 

limited to peer-reviewed journal articles published 

between 2010 and 2024 to ensure that the most recent 

and relevant studies were included. Additionally, 

reference lists of the identified articles were manually 

screened to capture any further relevant studies that 

may have been missed in the initial database search. 

3.2 Screening of Studies 

Following the identification phase, the next step in the 

PRISMA method is screening the identified studies to 

determine their eligibility for inclusion in the review. 

The initial search yielded a total of 450 studies. These 

studies were first screened by title and abstract to 

exclude any that were clearly irrelevant to the research 

topic. After this initial screening, 300 studies 

remained. Full-text screening was then conducted on 

these 300 articles to assess their relevance based on 

predefined inclusion and exclusion criteria. The 

inclusion criteria required that the studies specifically 

address AI applications in energy consumption 

reduction, resource optimization, or waste 

minimization within the manufacturing sector. Studies 

that did not focus on AI or that were outside the 

manufacturing context were excluded. After this 

rigorous screening process, 120 studies were deemed 

eligible for inclusion in the final analysis. 

3.3 Data Extraction 

The data extraction process was conducted 

systematically using a predefined data extraction form. 

Key information was extracted from each of the 120 

included studies, including the study's objectives, 

methodology, AI techniques used, key findings, and 

implications for manufacturing practices. This process 

was designed to ensure consistency and accuracy in the 

data collection process. The extracted data was then 

organized into a database, allowing for easy 

comparison and synthesis of findings across studies. 

Special attention was given to the reported outcomes 

related to energy consumption reduction, resource 

optimization, and waste minimization, as these are the 

primary focus areas of this review. 

3.4 Data Synthesis and Analysis 

Once the data extraction process was completed, the 

data were synthesized to identify common themes, 

trends, and gaps in the existing literature. A narrative 

synthesis approach was employed to provide a 

qualitative summary of the findings, organized around 

the key themes of energy consumption reduction, 

resource optimization, and waste minimization. 

Additionally, a meta-analysis was performed where 

quantitative data were available, allowing for the 

calculation of pooled effect sizes and a more robust 

comparison of outcomes across studies. The synthesis 

process also involved critically appraising the quality 

of the included studies, taking into account factors 

such as study design, sample size, and the robustness 

of the AI techniques used. This critical appraisal 

helped to ensure that the conclusions drawn from the 

review are based on the most reliable and valid 

evidence available. 

4 Findings 

The findings of this systematic review reveal a 

significant and growing body of research that 

demonstrates the transformative potential of AI in 

promoting sustainability within the manufacturing 

Figure 7: PRISMA Methodology for this study 
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sector. Across the 120 studies analyzed, AI 

technologies were consistently shown to play a critical 

role in reducing energy consumption, optimizing 

resource use, and minimizing waste in manufacturing 

processes. The majority of studies highlighted the 

effectiveness of AI in monitoring and managing 

energy use, with significant reductions in energy 

consumption reported across various manufacturing 

environments. These reductions were achieved through 

AI's ability to analyze real-time data, predict energy 

needs, and optimize the operation of energy-intensive 

equipment. The cumulative effect of these 

improvements was a substantial decrease in the carbon 

footprint of manufacturing operations, underscoring 

AI's potential as a powerful tool for achieving 

sustainability targets. 

In the area of resource optimization, the findings 

indicate that AI-driven approaches have led to notable 

improvements in the efficient use of raw materials and 

other resources in manufacturing processes. 

Approximately 80 of the studies reviewed focused on 

AI's role in optimizing material use, particularly in 

industries such as automotive, electronics, and textiles. 

These studies reported that AI technologies could 

significantly reduce waste by optimizing cutting 

patterns, adjusting production processes in real-time, 

and ensuring that resources were used to their fullest 

potential. Additionally, AI was found to be highly 

effective in water management, with several studies 

showing that AI systems could monitor water usage 

and identify opportunities for conservation. These 

resource optimization strategies not only contributed to 

cost savings for manufacturers but also played a vital 

role in reducing the environmental impact of their 

operations.  

Waste minimization emerged as another key area 

where AI has made substantial contributions to green 

manufacturing. The findings from over 70 studies 

demonstrated that AI technologies are instrumental in 

identifying waste reduction opportunities within 

manufacturing processes. By analyzing production 

data and identifying inefficiencies, AI systems were 

able to streamline processes, reduce scrap rates, and 

lower the overall volume of waste generated. These 

improvements were particularly significant in 

industries with high material usage, such as metal 

fabrication and plastics manufacturing, where even 

small reductions in waste can result in considerable 

environmental and economic benefits. The successful 

implementation of AI-driven waste minimization 

strategies across various industries highlights AI's 

potential to revolutionize traditional manufacturing 

practices and align them with sustainability goals. 

Despite the numerous benefits identified, the findings 

also revealed several challenges and barriers to the 

widespread adoption of AI in manufacturing. A 

significant portion of the studies reviewed, 

approximately 60, pointed to issues related to data 

integration, system complexity, and the need for 

skilled personnel as major obstacles. The integration of 

AI systems with existing manufacturing infrastructures 

was frequently cited as a complex and resource-

intensive process, requiring substantial investments in 

both technology and workforce development. 

Moreover, the complexity of AI systems and the need 

for robust infrastructure to support them were 

identified as significant hurdles that could hinder the 

scalability of AI solutions in manufacturing.  

Figure 8: Word Cloud Generated From The Findings 
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5 Discussion 
The findings of this review underscore the significant 

advancements AI technologies have made in 

promoting sustainability within the manufacturing 

sector, aligning well with earlier studies while also 

highlighting areas where new developments have 

emerged. AI's role in reducing energy consumption, 

optimizing resource use, and minimizing waste has 

been increasingly documented in recent years, with the 

current review further reinforcing these trends. For 

instance, earlier studies by (Abdella et al., 2020) and 

(Georgiadis et al., 2005) also demonstrated the 

substantial impact of AI on energy efficiency, 

particularly through the optimization of energy-

intensive processes. The present review confirms these 

findings, showing that AI-driven energy management 

systems continue to deliver significant reductions in 

energy consumption, which not only lower operational 

costs but also contribute to achieving sustainability 

targets. However, this review expands on previous 

research by identifying the broader application of AI in 

diverse manufacturing settings, indicating that AI's 

impact on energy efficiency is not limited to specific 

industries but is increasingly being applied across the 

board. 

In terms of resource optimization, the current findings 

echo those of earlier studies, such as those by (Zhang 

et al., 2016) and (Ain et al., 2019), which highlighted 

AI's ability to reduce material waste and improve 

resource utilization in manufacturing processes. The 

present review adds to this body of knowledge by 

showcasing a wider range of AI applications in 

resource optimization, particularly in water 

management and raw material use. Earlier research 

primarily focused on AI's role in optimizing the use of 

materials like metals and plastics, but the current 

findings reveal that AI is now being effectively applied 

to optimize other resources, such as water, which is 

critical for industries like textiles and food processing 

(Baryannis, Validi, et al., 2018). This broader 

application of AI technologies suggests that 

manufacturers are increasingly recognizing the value 

of AI in enhancing resource efficiency beyond 

traditional materials, thereby expanding the scope of 

sustainability initiatives in the industry. 

When it comes to waste minimization, the findings of 

this review align closely with those of earlier studies, 

such as those by (Georgiadis et al., 2005) and 

(Wichmann et al., 2018), which documented AI's 

ability to streamline production processes and reduce 

waste generation. The current review confirms that AI 

continues to be a powerful tool in identifying and 

addressing inefficiencies that lead to waste, 

particularly in high-waste industries like metal 

fabrication and plastics manufacturing. However, 

while earlier studies primarily focused on the 

quantitative reduction of waste, the current review also 

highlights the qualitative improvements AI brings to 

waste management practices. For example, AI's role in 

improving the precision and consistency of production 

processes not only reduces the volume of waste but 

also enhances the quality of the output, leading to 

fewer defective products and less rework (Holweg et 

al., 2004). This dual impact of AI on both the quantity 

and quality of waste reduction represents a significant 

advancement in the field, suggesting that AI 

technologies are evolving to address multiple 

dimensions of waste management in manufacturing.  

The review also highlights challenges in AI adoption 

that were less prominently discussed in earlier studies. 

While the issues of data integration and system 

complexity were noted in previous research, such as 

that by (Grover et al., 2020) and (Ain et al., 2019), the 

current findings suggest that these challenges remain 

significant barriers to AI adoption in manufacturing. 

Earlier studies often emphasized the technical aspects 

of these challenges, such as the need for robust 

infrastructure and advanced data processing 

capabilities. However, the present review adds a new 

dimension to this discussion by highlighting the 

organizational challenges associated with AI adoption, 

such as the need for workforce development and the 

cultivation of a culture that supports technological 

innovation (Umeda & Zhang, 2006). This broader 

perspective on the barriers to AI adoption suggests that 

overcoming these challenges will require not only 

technological solutions but also strategic investments 

in human capital and organizational change 

management. 

In comparing the findings of this review with earlier 

studies, while AI technologies have made significant 

strides in promoting sustainability within the 

manufacturing sector, there is still much work to be 

done to fully realize their potential. The consistency of 

findings across different studies underscores the 

reliability of AI's benefits in areas such as energy 

efficiency, resource optimization, and waste reduction. 

However, the persistent challenges identified in both 

earlier studies and the current review indicate that the 

widespread adoption of AI in manufacturing is not 

without obstacles. These challenges are not merely 

technical but also organizational, requiring a holistic 

approach that addresses both the technological and 

human factors involved in AI implementation 

(Azadnia et al., 2012; Sharma et al., 2020; Umeda & 

Zhang, 2006). As the field continues to evolve, it will 

be crucial for future research to explore strategies for 

overcoming these barriers, ensuring that AI 

technologies can be fully leveraged to support the 

transition to more sustainable manufacturing practices. 



Vol 04 | Issue 03 | August 2024  90  

             
             ACADEMIC JOURNAL ON BUSINESS ADMINISTRATION, INNOVATION & SUSTAINABILITY 

             Doi: 10.69593/ajbais.v4i3.97 

 

 

6 Conclusion 
This review has demonstrated that AI technologies 

hold significant promise in advancing sustainability 

within the manufacturing sector by reducing energy 

consumption, optimizing resource use, and minimizing 

waste. The findings from the 120 studies analyzed 

highlight AI's transformative potential in enabling 

manufacturers to achieve both environmental and 

economic goals, making it a powerful tool for the 

future of sustainable manufacturing. However, the 

review also underscores the persistent challenges 

related to data integration, system complexity, and the 

need for skilled personnel, which continue to impede 

the widespread adoption of AI in manufacturing 

environments. Overcoming these barriers will require a 

concerted effort from both industry and academia to 

develop robust infrastructure, standardized data 

management practices, and comprehensive training 

programs that equip the workforce with the necessary 

skills to operate AI systems effectively. As AI 

technologies continue to evolve, their integration into 

manufacturing processes offers an unprecedented 

opportunity to revolutionize the industry, but realizing 

this potential will depend on addressing the 

technological and organizational challenges that 

currently stand in the way. The path forward involves 

not only embracing AI innovations but also fostering a 

culture of continuous learning and adaptation within 

the manufacturing sector to fully harness the benefits 

of AI for a more sustainable and efficient future. 
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