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ABSTRACT 

This review describes how Artificial Intelligence (AI) has transformed food 

manufacturing by optimizing production, reducing waste, improving sustainability 

and reducing CO2 emissions.  The AI uses predictive analytics, real-time monitoring 

and computer vision to simplify operations, reduce environmental impact and ensure 

product consistency. AI-powered smart food factories automate tasks, predict 

maintenance needs and check quality in real time to boost output. AI-powered supply 

chain management reduces food waste, optimizes resources and simplifies logistics. 

AI helps create customized nutrition and new protein sources to meet customer 

needs. The AI has many benefits but high prices, data privacy concerns, and job loss 

make it difficult to use in food processing. To solve these issues, we must invest in 

AI training, rules and moral use. Robotics, block chain integration and AI-driven 3D 

food printing will transform food production, meeting global sustainability standards 

and reducing CO2 emissions. It also addresses the main barriers to AI use such as 

infrastructure, morality and money and offers various solutions. By responsibly using 

AI and addressing these challenges, the food industry can generate more efficient, 

secure and sustainable production systems.  
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Introduction 

The lean manufacturing reduces industrial 

processes carbon footprint by optimizing energy 

use, waste reduction and elevating the resource 

efficiency. As surplus items go to waste, 

overproduction increases energy use for 

production, transportation and disposal that 

contribute to wasteful carbon emissions. Lean 

principles allow manufacturers to create only what 

is needed i.e. carbon emissions and reducing 

waste (Oluyisola et al., 2022). Thus the lean 

production minimizes scrap and waste by using 

raw resources efficiently. The reusing and 

recycling materials during production decreases 

the requirement for fresh resources and emissions 

from extraction and transportation. The lean 

manufacturing also reduces carbon emissions 

through energy efficiency (Özdoğan et al., 2021). 

The lean systems optimize machinery use so it 

runs only when needed and at peak efficiency, 

reducing energy consumption and CO2 emissions 

from wasteful processes. The predictive and 

preventative maintenance ensures machine 

efficiency and reduces energy waste from 

equipment failure or unscheduled downtime. Lean 

manufacturing encourages energy-efficient 

lighting and HVAC systems, which reduce power 

use and carbon emissions (Rady et al., 2015). 

The lean manufacturing reduces CO2 emissions 

through transportation optimization. The 

inventory systems reduce shipping and the fuel 

emissions (Huang et al., 2019). The optimizing 

transportation routes reduces fuel usage and trip 

distances, reducing carbon emissions. The lean 

approaches also encourage continuous 

improvement, which motivates companies to 

analyze and improve their processes. The 

manufacturers can reduce energy use, material 

waste and emissions by integrating employees in 

detecting and improving inefficiencies (Tsolakis 

et al., 2020). Water, energy and raw materials are 

used more efficiently in lean production. The 

companies lower their carbon footprint from 

extraction, transportation and treatment by 

supporting renewable energy, local sourcing and 

sustainable suppliers, lean manufacturing 

promotes sustainable sourcing and supply chain 

practices (Baryannis et al., 2019). These 

approaches restrict transportation and energy-

intensive industrial emissions to lower 

manufacturing's carbon footprint. The lean 

manufacturing reduces carbon emissions by 

eliminating waste, optimizing resources and 

improving energy efficiency, making 

manufacturers more sustainable and ecologically 

friendly. 

Figure 1: They Key Elements of Lean Manufacture for Efficiency and Sustainability in the system 

 



Journal of Climate and Community Development, Vol. 4, Issue 1. (Rehman., 2025) 326 
 

  

Thus, the new technologies that make food safer, 

preservative-free, higher-quality and more 

sustainable are changing the global food sector as 

the population rises and needs more food (Samad 

et al., 2025). The artificial intelligence (AI) has 

been playing a substantial role in advancement of 

the future food production which is one of these 

advancements. The Smart Food Factories have 

altered the old ways of making food by using 

automation, data analytics and machine learning 

algorithms to make production smarter, cut down 

on waste and make food safer (Ologeh et al., 

2021). This is not only a matter of technology 

getting better; it's also about adapting to the 

world's growing need to feed itself and deal with 

problems like not having enough resources, not 

having enough workers and environmental 

concerns. In recent years, the conventional food 

production model relied on automated labor, 

fundamental automation and linear supply chains, 

resulting in inefficiencies and inconsistencies 

(Oluyisola et al., 2022).  

Figure 2: Comparison of Food Group Contributions to Carbon Footprints by the Diet Type 

 

All calculations use US food production 

emissions averages. The sources of emissions 

include supply chain losses, customer waste and 

consumption. Each of the four sample diets 

consumes 2,600 kcal per day, or 3,900 kcal in the 

US. 

The food business needs to create room for AI-

powered solutions that will boost productivity, 

safety and sustainability as the world's population 

grows and people's tastes change. AI is able to 

speed up processes, identify maintenance 

problems before they happen and make sure that 

strict quality control is followed by the help of 

advanced picture recognition and sensor 

technology (Onyeaka et al., 2023). The adoption 

of AI in the food production is primarily driven by 

its efficiency which is a necessity due to the need 

for increased efficiency in food production. The 

sensors, equipment and supply chains collect huge 

volumes of data which AI-powered systems 

analyze to find patterns and make choices in real 

time. It helps manufacturers use less energy, get 

more work done and cut expenses (Özdoğan et al., 

2021). For instance, predictive analytics helps 

food manufacturers figure out when their 

machines will break down so they can keep 

production going and avoid downtime. The food 

safety and quality control are improving using AI. 

Smart cameras and machine vision can detect food 

product faults, pollutants and irregularities faster 

than human inspectors (Podder et al., 2021).  

AI-powered inspection systems may examine 

texture, color, form, and more to ensure high-

quality goods reach customers. Companies that 

adopt stricter food safety rules gain consumer trust 

(Prieto et al., 2016). These solutions employ data 

to create food products that meet each user's tastes 

and dietary demands. AI algorithms use consumer 

behavior, genetic data, and health conditions to 

recommend or build personalized food products. 

This tendency is spreading as consumers seek 

healthier and individualized food options (Przybył 
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et al., 2021). AI is improving food production by 

making it safer, more efficient and more 

environmentally friendly. The food firms must 

utilize AI in their operations to stay competitive in 

a changing market. AI will help make food 

production smarter, safer and more efficient as it 

improves (Rady et al., 2015).  

Literature Review 

The lean manufacturing with AI could reduce the 

food company's carbon footprint. The predictive 

analytics and machine learning can reduce food 

waste, energy usage and production processes, 

reducing greenhouse gas (GHG) emissions 

(Tsolakis et al., 2020). AI-driven demand 

forecasting effectively reduces overproduction 

and inventories. These two factors contribute most 

to food supply chain carbon emissions (Marques 

et al., 2021). The AI-powered intelligent process 

control systems can monitor energy use and to 

adjust machine settings in the real time to reduce 

energy waste (Nair & Vimal, 2022). Food 

producers using AI-enhanced lean methods have 

reduced carbon intensity per production unit by 

improving process visibility and eliminating non-

value-adding activities (Huang et al., 2019).AI 

applications in the logistics such as predictive 

maintenance and the optimization of paths, reduce 

transportation-related emissions, a major 

component of agricultural products' carbon 

footprint (Baryannis et al., 2019). As 

environmental sustainability becomes more 

important, AI and lean manufacturing provide the 

food industry a scalable and effective way to 

accomplish decarbonization goals while retaining 

operational efficiency (Jabbour et al., 2020). 

Artificial Intelligence in Food Production: 

AI (and its sister technology, Machine Learning) 

are revolutionizing the food production process. 

The integration of AI (or Machine Learning, to be 

more politically correct) into food production is 

the introduction of smart technologies that will 

enhance the quality, efficacy and safety of the 

process. AI systems are being used in the food 

manufacturing process to automate tasks, use AI 

for predictive analytics and make decisions based 

on data. This technological shift is being 

employed by the industry to address the 

challenges of sustainability, food safety, labor 

shortages and increasing consumer demand 

(Amjath-Babu et al., 2023). The food makers may 

utilize AI to make their products better, cut down 

on waste and create new foods that fit according 

to the demand of new era. The last step includes 

process of getting raw supplies, making the 

products, and finally putting labels on them are the 

last steps (Azizi., 2024). The computer vision 

systems, robotics and machine learning 

algorithms are implemented in food processing 

industry to increase the capacity and precision of 

these processes. Table 1 is showing a brief 

information about the AI applications in a food 

industry and some descriptive information is 

explained under respective area. 

Table 1: The applications of AI in the Food Industry. 

AI Application 

Area 

Description Benefit References 

Quality Control AI with machine vision and deep 

learning inspects food for subtle 

defects and contaminants more 

accurately than humans. 

Increases inspection accuracy, 

ensures only high-quality 

products reach consumers, 

reduces human error 

(Azizi., 

2023) 

Predictive 

Maintenance 

AI analyzes sensor data from 

machinery to detect early signs of 

wear and potential failure. 

Reduces unplanned 

downtime, prevents 

equipment failure, extends 

machine lifespan 

(Azizi., 

2018) 

Robotics in 

Production 

AI-driven robots perform repetitive 

tasks such as sorting, cutting, 

packaging, and palletizing with high 

precision. 

Improves efficiency, reduces 

labor costs, minimizes 

damage and waste during 

processing 

(Shehzad et 

al., 2025) 
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Supply Chain 

Optimization 

AI analyzes market trends, weather, 

and logistics data to predict demand 

and manage inventory. 

Minimizes waste, enhances 

delivery times, lowers 

operational costs 

(Shehzad et 

al., 2025) 

Personalized 

Nutrition & 

Product 

Development 

AI platforms analyze consumer data 

to develop personalized food 

products based on diet, health and 

taste. 

Enables customized nutrition 

solutions, fulfills specific 

dietary needs 

(Bhatia and 

Albarrak, 

2024) 

The food safety is a top priority for manufacturers. 

The fully developed AI-powered block chain 

systems and IoT sensors keep track of the whole 

food manufacturing process from getting the raw 

ingredients to processing and making the food to 

shipping it out. These computer technologies can 

evaluate food quality in real time, warn of 

contamination hazards and enforce safety laws 

(Farid et al., 2019). 

Use of AI in the Manufacturing Supply Chain: 

The modern manufacturing in supply chains is 

efficient and ecologically sustainable due to AI 

technologies. AI technologies including neural 

networks, machine learning, robots and the 

advanced data analytics are useful in 

manufacturing. These technologies allow 

companies to use massive amounts of data in the 

real time to optimize the complex operations and 

to make smart decisions that boost the supply 

chain performance (Fahimnia et al., 2019). The AI 

is needed for manufacturers to compete in a 

complex and changing global market. AI predicts 

trends, finds inefficiencies and automates regular 

tasks (Ojha et al., 2018). 

The AI is more crucial in manufacturing supply 

chain since it aids lean and green manufacturing. 

Manufacturers have long wanted to employ lean 

manufacturing to save costs and increase 

productivity by reducing waste and improving 

procedures. The AI improves the inventory 

management, demand forecasting and predictive 

maintenance to reduce production downtime 

(Younus, et al., 2024). AI-powered predictive 

maintenance solutions can anticipate the 

equipment failures. Artificial intelligence can help 

to predict future patterns and historical data to 

assist firms plan production schedules without 

overproducing or under producing (Joy et al., 

2024).  

AI Applications in Lean Manufacturing: 

In recent years, the AI applications in the lean 

manufacturing have garnered interest for demand 

forecasting, predictive maintenance, and 

inventory management. The predictive 

maintenance, a key component of lean 

manufacturing, uses AI to forecast equipment 

failures, enabling prompt maintenance and saving 

downtime. Numerous studies have proved the 

importance of AI in this industry. Choi et al. 

(2018) found that machine learning algorithms 

can accurately anticipate machine breakdowns 

from sensor data. The automotive and aerospace 

case studies showed that AI-based predictive 

maintenance has reduced costs and increased 

production (Baryannis et al., 2018).  

Figure 3: Eco-Friendly Actions Ranked by Impact: A Visual Guide 
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The several sustainable lifestyle adjustments 

might make you eco-friendlier. Reduce energy use 

by turning off lights and using energy-efficient 

equipment. To lessen your carbon footprint, walk, 

bike or take public transportation instead of 

driving.  The planning meals and using leftovers 

decreases food waste and landfill methane 

emissions. Choosing biodegradable or 

environmentally sourced products can boost 

sustainability. Fixing leaks and choosing water-

efficient fixtures is another easy approach to save 

water. Reduce your fossil fuel use by converting 

to solar or wind electricity. The use of reusable 

bags and containers helps to reduce plastic waste. 

Finally, planting trees or funding reforestation 

efforts fights deforestation and improves the earth. 

These little but substantial adjustments can protect 

the ecosystem. 

Figure 4: The distribution of greenhouse gas emissions in the food supply chain from farm gate to beyond 

 

The Figure 4 shows food production greenhouse 

gas (GHG) emissions breakdown into "Up to 

Farm Gate" and "Beyond Farm Gate." The "Up to 

Farm Gate" section discusses land use change, 

livestock and rice cultivation methane emissions, 

and crop and livestock nitrous oxide (NO) 

emissions. This include carbon dioxide (CO2) 

emissions from the farm fossil fuel consumption 

and fertilizer production. The "Beyond Farm 

Gate" section discusses fossil energy, refrigerant 

and food processing, transportation, and waste 

carbon dioxide emissions.  

The lean manufacturing demand forecasting has 

also benefited from AI. Maintaining lean 

operations requires precise demand forecasting. It 

helps firms arrange production around market 

demand, reducing overproduction and inventory 

expenses. AI can make more accurate demand 

estimates because it can look at past market trends, 

sales data and outside factors like weather patterns 

and economic indicators (Wichmann et al., 2020). 

According to a research, the AI-driven demand for 

forecasting models are better than the traditional 

statistical methods because they can change with 

the market in real time (Tan et al. 2015). There are 

a number of researches that focuses on lean 

manufacturing y using AI technology and their 

details are given in table 2. This flexibility is 

especially helpful in fields where demand changes 

a lot including consumer electronics and fashion 

(Chen et al., 2015). 
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Table 2: Various researches elaborating the role of AI in lean Manufacturing system. 

Aspect Details Citation(s) 

Core Functionality AI uses various algorithms to analyze the lead times, 

production schedules and demand forecasts for optimal 

inventory levels. 

Mavi et al., 

2013 

Dynamic Adjustments Systems adjust inventory in the real-time based on 

demand and the supply conditions. 

Abolghasemi 

et al., 2015 

Industrial Adoption & 

Benefits 

Implementation in retail and manufacturing industries 

has reduced excess inventory and improved cash flow. 

Pournader et 

al., 2020 

Retail Sector AI systems reduced the inventory carrying costs by up to 

30% in major retail chains. 

Dolgui et al., 

2018 

Supply Chain Disruption 

Handling 

AI predicts disruptions and adjusts inventory 

proactively. 

Wang et al., 

2015 

Lean Operations Support Enables lean operations in complex global supply 

chains. 

Ding et al., 

2005 

Demand Prediction Improves stock turnover by predicting consumer demand 

accurately. 

Paul, 2015 

Transformation of Process Shifts inventory management from the reactive to 

proactive through the analytics and real-time data. 

Syntetos et 

al., 2016 

Cost Reduction Reduces costs related to storage, insurance, and 

obsolescence. 

Ding et al., 

2005 

Future Outlook AI expected to continue enhancing lean manufacturing 

and competitive advantage. 

Wu & Olson, 

2008 

Industry-Specific Impact Effective in complex sectors like automotive and 

electronics. 

Badurdeen et 

al., 2014 

The AI technology helps producers make better 

production schedules, cut down on extra inventory 

and prevent the expenses of overproduction, like 

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

research shows that AI can reduce inventories and 

increase cash flow in retail and industry 

(Pournader et al. 2020). The AI-managed 

inventory has reduced carrying costs by 30% for 

large stores (Dolgui et al., 2018). AI can also assist 

companies adjust inventory levels to mitigate 

supply chain interruptions like raw material delays 

(Wang et al., 2015). Another study found that AI-

powered production scheduling systems can 

reduce free time and increase OEE by optimizing 

production resource utilization (Singh et al. 

(2018)). This optimization enhances efficiency 

and helps lean manufacturing reduce waste and 

speed product delivery (Xu et al., 2018).  

Business Growth and Reduction of Carbon 

Footprint: 

In the current economic environment, the 

interdependence between environmental 

sustainability and business growth has become 

more significant. The companies all over the 

world are realizing that cutting down on their 

carbon footprint not only helps the environment 

but it also helps them make money in the long run 

and stay strong. The strategies for reducing carbon 

footprints include using renewable energy, 
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making energy use more efficient, simplifying 

logistics, and putting money into green 

technologies. These can all save money on 

operations, improve the reputation of the brand, 

and give businesses access to green finance 

(Bocken et al., 2014). Also, sustainable business 

practices bring in investors and customers that 

care about the environment, which gives the 

company an edge over its competitors and opens 

up new market prospects (Porter & Kramer, 

2011). The companies who actively use 

Environmental, Social and Governance (ESG) 

frameworks in their growth plans show superior 

risk management and compliance with rules, 

which makes their value proposition even stronger 

(Eccles et al., 2014). Empirical research indicates 

that companies implementing carbon-reduction 

strategies generally achieve superior financial 

performance compared to their competitors in the 

long run, attributable to enhanced efficiency, 

innovation, and stakeholder trust (Clark, Feiner, & 

Viehs, 2015). In the age of climate awareness, the 

combination of sustainable practices and 

economic success is no longer a trade-off; instead, 

it is a mutually beneficial partnership that 

encourages innovation, market leadership, and 

environmental responsibility. 

Key applications of AI in food industry: 

The Artificial Intelligence (AI) is changing the 

way of food production by making it more strong, 

automated, and environmentally friendly. The AI-

driven research and development technologies are 

speeding up the creation of the plant-based and 

lab-grown meat to fulfil the growing need for 

more ethical and personalized food choices 

(McClements et al., 2021). AI also helps with 

market trend analysis, which lets food 

manufacturers make goods that fit shifting tastes 

(McLennon et al., 2021). Even though AI has 

many benefits, it is hard to get people to use it 

because of the high initial costs, need for skilled 

workers and worries about data protection. As 

technology changes, though, AI-powered smart 

food factories are becoming more independent, 

effective, and long-lasting solutions that provide 

early adopters an edge ([Morgan and Sonnino, 

2013).  

AI can be used for quality control, predictive 

maintenance, robotics, supply chain optimization, 

and personalized nutrition, among other things. 

AI-powered computer vision systems take the 

place of manual inspections. They quickly and 

accurately find faults, spoilage and contamination 

(Limpamontet al., 2024). The IoT sensors in 

predictive maintenance systems keep an eye on 

equipment to find early signs of wear and plan 

repairs on time. This cuts down on downtime and 

lengthens the life of machines (Araújo et al., 

2021). AI-powered robots do delicate and 

repetitive operations in automation, such sorting, 

slicing, and packaging. This makes things more 

accurate and saves money on labor. These 

technologies also limit the amount of food that has 

to be handled, which improves hygiene 

(Nwankwo et al., 2023). AI helps to manage the 

supply chain by using big data and forecasting 

models to make procurement, inventories, and 

logistics more efficient. This cuts down on waste 

and expenses by a large amount (Omol., 2023). 

Lastly, AI can help people personalize their 

nutrition by looking at their health, tastes, and 

dietary limitations and suggesting foods and meal 

plans that are right for them. It also helps R&D 

come up with new recipes by looking at market 

patterns and how different ingredients work 

together, which speeds up product innovation 

(Recuero and Arrospide, 2022). As figure 4 is 

sowing some key applications of the AI in food 

industry along with its percentage role to elaborate 

the importance and efficiency in the industry. 
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Figure 4: Key applications of AI in the food industry. 

The AI is changing how food is made by bringing 

in smart technology that help make it more 

efficient, of higher quality, and more sustainable. 

AI is being used in many ways to improve every 

step of the food manufacturing process, such as 

for AI-powered quality control systems, 

predictive maintenance, robots, supply chain 

optimization, and personalized nutrition 

(Rutenberg et al., 2021). The food industry will 

become smarter, safer, more efficient and 

consumer-focused. AI-driven companies will lead 

the industry in food ingredient quality and food 

safety (Sadhu et al., 2020). 

Conclusion 

AI is transforming food production and making 

old food facilities smart and data-driven. AI is 

making food production safer, more efficient and 

less wasteful. They also promote customized 

nutrition and sustainable food production. AI will 

become increasingly essential in food 

manufacturing as it improves, changing how we 

create and eat food. AI has many benefits for food 

production that yet has drawbacks. There are 

several factors that cause hurdles including high 

implementation costs, the data protection 

problems, the need for trained personnel and 

ethical considerations when deploying AI-driven 

solutions ethically and efficiently. The companies 

must invest in AI training and upskilling to help 

workers switch jobs. AI competes with human 

skill instead of working with it. AI can increase 

food safety, which is promising. Food inspections 

are faster and more accurate with machine 

learning and computer vision. This reduces 

contamination and ensures high-quality products. 

AI-powered predictive maintenance reduces 

equipment failure and production downtime, 

improving operations. AI has improved 

sustainability, another crucial issue. By improving 

food supply chains, waste reduction and resource 

management, AI-driven solutions are helping 

food makers promote ethical consumption. 

Alternative protein development includes AI-

powered artificial meat and plant-based 

alternatives. Better and smarter zoning are 

examples. The food commercialization could 

lessen food production's environmental impact 

and give consumers more ethical eating options. 
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