

[image: image1]
AI in food industry automation: applications and challenges









 


	
	
REVIEW
published: 25 April 2025
doi: 10.3389/fsufs.2025.1575430








[image: image2]

AI in food industry automation: applications and challenges

Xiaodong Song1, Xueru Zhang2,3, Guanjun Dong1, Haohan Ding2,3*, Xiaohui Cui3,4, Yu Han2,3, Huadi Huang2,3 and Long Wang2,3


1Key Laboratory of Dairy Quality Digital Intelligence Monitoring Technology, State Administration for Market Regulation, Hohhot, China

2School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi, China

3Science Center for Future Foods, Jiangnan University, Wuxi, China

4School of Cyber Science and Engineering, Wuhan University, Wuhan, China

Edited by
 Qingli Dong, University of Shanghai for Science and Technology, China

Reviewed by
 Zhiyao Zhao, Beijing Technology and Business University, China
 Mazen Alharbi, King Abdulaziz City for Science and Technology, Saudi Arabia

*Correspondence
 Haohan Ding, dinghaohan@jiangnan.edu.cn 

Received 12 February 2025
 Accepted 02 April 2025
 Published 25 April 2025

Citation
 Song X, Zhang X, Dong G, Ding H, Cui X, Han Y, Huang H and Wang L (2025) AI in food industry automation: applications and challenges. Front. Sustain. Food Syst. 9:1575430. doi: 10.3389/fsufs.2025.1575430
 

In automated production and processing technologies in the food industry, artificial intelligence (AI) plays a key role. The use of intelligent automation technology in multiple production processes not only greatly improves production efficiency, but also ensures the safety and quality of food products, which has great potential for the innovative revolution in the food industry. This paper provides an overview of AI technology and its potential applications in food industry automation, focusing on its use in food safety testing, production processing, production data analysis and prediction, and demonstrating the benefits of increased efficiency, reduced costs and improved product quality. However, the power of AI technology for the food industry has also prompted consideration of the possibilities and limitations of introducing intelligent food automation processing equipment or systems into food business applications. The aim of this paper is to provide ideas and guidance to governments, researches and food industry personnels in the hope of encouraging and accelerating the development of AI technology in food production and processing.
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1 Introduction

As a consequence of the continuous growth of the global population and the improvement of living standards, food demand has exhibited an unprecedented growth trajectory. Mavani et al. (2022) posited that global food demand would increase by 59–98% by 2050. The growth of food demand has put higher demands on agricultural production, but also brings unprecedented challenges to food processing and supply chain management. The food industry therefore needs to seek innovative solutions to meet the growing demand for food under the premise of ensuring food quality and safety.

Since the manual processing operation in the production process of substitute food, automation technology has become a key factor recognized by the public to improve production efficiency and ensure product quality (Buljo and Gjerstad, 2013). Automation technology can make the production line more intelligent, and the entire production process can be completed without manual intervention, not only reducing the error of manual operation, but also making the production process more stable and accurate (Iqbal et al., 2017; Konur et al., 2023). At the same time, a variety of sensor equipment and machines equipped on the production line can be real-time monitoring and data analysis, and can also achieve accurate control of temperature, pressure, humidity and other parameters in the production process. When faced with rapid changes in market demand, automation technology can also help enterprises quickly and better adjust production plans to meet the diversified needs of consumers (Onwude et al., 2020).

In recent years, the emergence of artificial intelligence (AI) technology is not only changing various industries, but also rapidly affecting the food industry, bringing revolutionary changes to the food industry once again (Jadhav et al., 2025). With the continuous breakthrough of AI technology in image recognition, natural language processing (NLP), machine learning (ML) and other fields, it provides strong technical support for the intelligent automated production process of the food industry (Ferryman, 2020; Li et al., 2024; van Erp et al., 2021). The introduction of AI technology into operating equipment in the food processing process can enable enterprises to carry out intelligent management in food quality control, equipment predictive maintenance, supply chain optimization, etc., which not only greatly improves production efficiency but also reduces production costs (Chhetri, 2024; Thibault et al., 2024).

Given the immense potential that AI has demonstrated in the automation of the food industry, this paper reviews the application potential of AI technology in the automation of the food industry, focusing on the description of the application of AI in the automation of various processes in the food industry. Secondly, it discusses the technical and ethical challenges faced by AI in the automation of the food industry and proposes corresponding research prospects. It is hoped that this review can provide valuable references and insights for the automation and innovation of the food industry.



2 The potential of AI in the automation of the food industry


2.1 Overview of key AI technologies and their application potential

The definition of AI as an interdisciplinary field of study has evolved over time. The first understanding of AI began with the study of computers performing tasks that would normally require human intelligence. With the rapid development of AI technology, it has become a comprehensive technology system including ML, DL, NLP and other sub-fields. ML, as one of the cores of AI, enables computer systems to learn rules from data and use these rules to make predictions about new data without the need to write explicit instructions for every possible situation. ML includes three aspects, supervised learning, unsupervised learning and reinforcement learning, which play an important role in different application scenarios. Supervised learning is usually used for prediction and classification tasks, unsupervised learning is suitable for data mining and cluster analysis, and reinforcement learning performs well in decision-making processes and control tasks. DL, as a branch of ML, uses multi-layer neural networks to simulate the human brain to identify and extract features from data, and conducts complex mathematical modeling to achieve the purpose of processing information. In DL models, convolutional neural networks (CNNs) and recurrent neural networks (RNNs) typically perform well in areas such as image and speech recognition and NLP (Janiesch et al., 2021; Qian et al., 2023; Zhao et al., 2025). NLP is another key area of AI, which enables computers to understand, interpret and generate human language in terms of language recognition, semantic understanding, machine translation and other functions, and has a wide range of applications in daily life involving information extraction, sentiment analysis and dialogue systems (Cambria and White, 2014). By simulating and expanding human learning, reasoning, perception and other abilities, these technologies have shown extensive application potential in many fields such as medical care, agriculture and education. Current research published in Nature proposes a foundational model for general medical AI, an AI model capable of performing multiple tasks, flexibly interpreting different medical data patterns, including images, electronic health records, laboratory results, genomics, charts, or medical text, and producing outputs that demonstrate advanced medical reasoning capabilities, such as free-text explanations, verbal advice, or image annotations. It can support clinical doctors in completing a series of important tasks and reduce the administrative burden on clinical doctors (Moor et al., 2023). In agriculture, Benameur et al. (2024) propose that AI has been utilized in research projects to implement smart agricultural irrigation and robotic grape cultivation technologies (Ang Minn et al., 2017). These applications allow for the collection of higher-quality agricultural data with reduced labor input, ultimately enhancing the precision and efficiency of agricultural processes. Additionally, studies have shown that the attention and memory parameters of children with autism have significantly improved based on AI software, and AI-driven personalized learning programs are effective in teaching skills and promoting social integration for children with autism (Atturu and Naraganti, 2024). The application of AI technology in different fields has not only improved the operational efficiency of industries but also provided new solutions for solving complex problems.



2.2 The application and potential of AI technology in the automation of the food industry

With the successful application and in-depth development of AI technology in a number of industries, its powerful data processing capabilities, pattern recognition and predictive analysis benefits are increasingly recognized by the public and have gradually been introduced into the food industry, bringing about a revolutionary change in the food industry (Hassoun et al., 2023). Since the beginning of the industrial revolution, mechanized production and processing in the food industry began to replace manual labor, greatly improving the production efficiency of the food industry. So far, with the rapid development of electronic technology and computer science, automation in the food industry has entered a new stage of development, involving more complex processing and quality control (Wang et al., 2022). However, automation in the food industry still faces many challenges, such as the diversity of food raw materials and the complexity of their production processes, the consistency of food safety and quality, and the need to meet the diversity of changing market demands (Çakmakçı et al., 2024). In order to address cope with these challenges, the introduction of AI technology provides new ideas and tools for the development and change of the food industry, among which the core technology of AI to simulate human intelligent activities are particularly important, including ML, DL, computer vision, NLP and expert systems (Bidyalakshmi et al., 2024). These technologies can imitate human learning, reasoning, perception and decision-making, and realize the autonomous learning and decision-making ability of machines, providing new impetus and possibilities for the automation of the food industry (Li and Liu, 2019; Qiu et al., 2023) (Figure 1).
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FIGURE 1
 Technological evolution of food industry.


ML enables machines to continuously optimize their performance through data learning and experience accumulation. In food industry automation, this technology can be applied not only to predict market demand, optimize inventory management, but also to analyze historical data to predict equipment maintenance needs, thereby reducing downtime and maintenance costs (Albayrak Ünal et al., 2023; Kumar et al., 2021). DL can also enable machines to handle complex pattern recognition tasks by modelling the neural network structure of the human brain. In automated food safety inspection, food defects and contaminants can be identified after training through DL to improve inspection speed and accuracy (Banús et al., 2021; Goyal et al., 2024). NLP technology enables machines to understand and generate human language, which can be used in food industry automation to analyze consumer feedback and extract suggestions for product improvements, automate customer service, and make faster and more personalized responses (Nunes et al., 2023; Taneja et al., 2023). Computer Vision technology can make the machine “see” and understand the ability of visual information, in the automated production of food can quickly identify the color, shape and size of food, automatically eliminate unqualified products, greatly improving production efficiency and product consistency (Kim et al., 2024). The comprehensive application of AI technology can not only improve the automation ability of food industry production, but also reflect its future core value and potential in food industry automation (Cavallo et al., 2019; Wang et al., 2022).




3 The application of AI in food industry automation

In contemporary food production and processing, the integration of automated production lines greatly improves efficiency and ensures the stability and consistency of food quality. The application of AI technology has promoted the development of these production lines in the direction of automation and intelligence, so that the factory can achieve intelligent management, and provide enterprises with the ability to control costs, optimize resources and quickly respond to market demands.


3.1 Application of AI in food safety automation detection

AI has gradually become a key technology in the automated quality control process in the field of food inspection to ensure food safety and quality. The core of AI technology is to simulate human learning and cognitive processes. Through ML and DL technologies, a large number of data sets from different sources are analyzed, and a model is constructed and trained to identify the rule of specific features of food raw materials and detect deviations from quality standards, efficient and accurate detection of food raw materials can be achieved (Table 1) (Nayak et al., 2020; Singh et al., 2024). The EU has reportedly adopted Bayesian network models for predicting food fraud. In addition to this, the US Food and Drug Administration (FDA) has also been working on developing ML-based screening tool to identify high and low risk seafood shipments since 2019 (Qian et al., 2023). DL is often good at processing high and complex data and has important applications in the field of computer vision. In the context of food safety inspection and quality classification, product quality can be assessed automatically, accurately and effectively (Zhang et al., 2023; Chhetri, 2024). For example, through DL models, image data of food raw materials can be identified, visual features such as color, shape and texture of food can be detected, or its chemical composition can be identified through spectral analysis. NLP technology can also analyze inspection reports and historical data to predict potential quality issues (Makridis et al., 2023). The application of these technologies makes the testing process of food raw materials more intelligent and automated.



TABLE 1 Application of artificial intelligence technology in food inspection.
[image: Table1]

With the continuous upgrading of people’s demand for real-time detection information of food quality, non-destructive testing has gradually replaced the traditional artificial sensory detection and chemical analysis methods. The traditional artificial sensory detection and chemical analysis methods are often delayed and destructive, causing certain losses to human, material and financial resources (Kang et al., 2022). The appearance of nondestructive testing has a satisfactory application potential in the food supply chain. The combination of hyperspectral imaging technology and DL can significantly improve the quantitative analysis of food ingredients. Hyperspectral images can provide rich spectral information beyond traditional RGB images, so that DL models can extract complex component characteristics for non-destructive testing of chemical composition and pesticide residue identification in food. This technology not only improves the detection accuracy, but also reduces the detection cost, and meets the needs of modern food safety monitoring. AI-driven computer vision systems, which enable automated safety inspections and quality control, are one of the ways to replace traditional manual sensory inspection and chemical analysis with non-destructive testing. They can analyze food image or video data to identify food defects, contamination or irregularities, and achieve real-time monitoring of food raw material physical properties. Automatic identification and elimination of non-conforming material targets (Shen et al., 2024). Fruit quality classification is a key standard for enterprises to expand the market, and automatic sorting of fruit after harvest has become a key challenge for quality control (Nithya et al., 2022). It is reported that CNN has been widely used in food image classification and defect detection. By training a large amount of labeled data, CNN can learn and identify the surface features of food, and automatically identify the defects on the surface of fruits through algorithms, such as appearance defects such as deformed fruit, spots, cracked fruit, discoloration or surface damage. In the detection of apples, bananas and other fruits, AI algorithms can accurately identify and automatically eliminate unqualified products on the production line, achieve sorting and grading to improve fruit quality, and greatly improve the efficiency and accuracy of the detection process. Nithya et al. (2022) used CNN to automatically detect and grade appearance defects such as spots, discoloration or surface damage in mangoes, with an accuracy of 98%. The use of AI-based CVS and ML algorithms can complete the classification and grading of fruits and vegetables, ensuring that high-quality fruits and vegetables are consumed by the market or used for raw material processing. Benalia et al. (2016) reported that the accuracy of CVS in classifying spoiled figs could reach 99.5%. As one of the important indicators to evaluate the freshness and maturity of fruits and vegetables, computer vision can also determine the maturity of food by analyzing the color distribution in the image. For example, in tomato ripen assessment, the AI device system can dynamically adjust the harvest time based on color changes to ensure the optimal picking time, thereby increasing the market value of the product. Wan et al. (2018) proposed a method that combines feature color values with the Backpropagation Neural Network (BPNN) classification technique to detect the ripeness (green, orange, and red) of fresh market tomatoes (Roma and pear varieties). Additionally, specialized robots combined with multiple cameras have been realized in the product inspection and testing phase, which, in conjunction with deep learning algorithms, can inspect various food labels and quality, achieving low-cost and high-performance real-time monitoring of various food qualities (Khan et al., 2018; Pan et al., 2017; Pierson and Gashler, 2017). In addition, AI systems can continuously learn and adapt to new data, constantly optimizing detection algorithms to improve accuracy and efficiency. This automation not only reduces the need for manual testing, reduces costs, but also increases testing speed, ensuring that food raw materials meet safety and quality standards before entering the production process (Barthwal et al., 2024).



3.2 Application of AI in automated food production and processing

The integration of AI technology into automated production lines during processing and manufacturing enables food processing lines to achieve a higher level of autonomous operation, marking a significant shift toward intelligence and precision in the food industry. At present, intelligent robots are undoubtedly a key element for food processing production lines. These robots have exceptional capabilities and high precision in performing tasks such as sorting and cutting. Taking fruit processing as an example, berries are subjected to modern intelligent detection technologies and methods that include various detection devices during sorting, drying, disinfection and decontamination, and freezing processes, and use AI to process data from detection devices, followed by classification or regression modelling prediction (Wang et al., 2022). In the seafood industry, it has been demonstrated that after scanning fish fillets, computer algorithms determine the best trimming pattern, and then waterjet knives (powered by focused high-pressure water jets) automatically trim the unnecessary fish skin from the fillets (Barbut, 2020). According to Wang and Li (2024), automation and intelligence in meat processing have been widely used in primary processing, with meat cutting equipment systems combining machine vision and computer science capable of 700 cuts per minute with an accuracy of up to ±5%. De Medeiros Esper et al. (2021) described the transport of pigs or poultry from farms to slaughterhouses to final chilling, where the slaughtering process is largely automated, and discussed several meat processing systems that integrate vision technology, such as AiRA robotics and beef carcass separation. AI robots are not only capable of performing many tedious and repetitive tasks such as food assembly, packaging and palletizing (Kumar et al., 2021; Vasudevan et al., 2024), but are also able to work in harsh environments, ensuring the continuity and stability of the production process. In addition to intelligent automation of production operations, AI-assisted data analysis and prediction during production and processing will directly affect production efficiency, resource utilization and product quality (Liakos et al., 2018).



3.3 Role of AI in automated production data analysis and forecasting

In the process of food production and processing, a large amount of data will be generated, involving raw materials procurement, production operations and product quality testing and other key production links from sensors, databases and other data. Through the establishment of data acquisition system, data integration and data cleaning, effective data can be analyzed to obtain data characteristics, trends, distribution and other relations, which will directly affect the production efficiency, resource utilization and product quality. The application of AI technology makes the analysis and prediction of production data more efficient and accurate (Zhou et al., 2019). Enterprises can achieve more accurate production scheduling, demand forecasting and quality management, thereby gaining a competitive advantage in a fierce market environment.


3.3.1 Real-time monitoring and analysis of production data

Food production is a complex and uncertain process, the fluctuation of output and the randomness of market demand, the variability of raw materials and ingredients will lead to the difference between the planned output and the actual production (Keong et al., 2024). At the same time, the environmental and hygienic conditions of food factories can have a crucial impact on food quality and safety, putting pressure on companies in terms of economic costs and environmental impacts (Garre et al., 2020). Common machine learning algorithms, such as decision trees, random forests, and support vector machines, often show unique advantages when dealing with large and complex data sets (Table 2). For example, ML models can predict production requirements in the coming weeks based on historical sales and production data to optimize production plans. DL, especially RNN and long short-term memory networks (LSTMs), excel at handling time-series data. They can capture time dependencies in production data, making them suitable for demand forecasting and equipment failure alerts. For example, LSTMs can analyze historical operation data of production lines, to predict equipment failures, enable pre-emptive maintenance, and reduce downtime. Nunes et al. (2023) presented a tool to help visualize and identify trends in antenna test systems. The tool focuses on the ability to predict end-of-life (EOL) failures by exploring the data provided by the tests, allowing users to view graphs showing data progression and predict future data using AI models. By monitoring and analysing various data in the production process in real time, AI models can identify metrics that deviate from the normal range and warn of potential safety hazards. This quality prediction can help companies adjust production parameters in a timely manner to ensure the stability of product quality. In dairy production, modern intelligent detection systems often combine ML algorithms to analyse key parameters such as temperature, pH and total bacteria count. Once these parameters exceed the preset range, the system will automatically notify operators and take corresponding corrective measures promptly. Early knowledge of batch quality can save costs associated with recalls, packaging, and transportation, not only preventing non-compliant products from entering the market but also effectively reducing production losses and improving production efficiency (Sankhye and Hu, 2020). For example, by analyzing environmental data such as temperature and humidity, combined with quality indicators, ML models can monitor product quality in real-time and alert potential issues.



TABLE 2 Application of AI technology in food production data monitoring and analysis.
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3.3.2 Application of forecasting models in demand planning and inventory management

Traditional approaches to food demand forecasting rely primarily on historical sales data, seasonal trends and a number of qualitative factors such as market activity, economic conditions and consumer preferences. However, these approaches have limitations such as limited reliance on data or may not fully capture the complex and variable factors that affect demand. For example, lack of real-time data analysis capabilities that limit rapid response to market changes or inventory overhangs or shortages that may result from poor forecasting accuracy; And the difficulty of handling large amounts of data and complex models at scale. Therefore, to improve the accuracy and responsiveness of forecasting, many food companies have begun to turn to advanced data analytics technologies, such as ML and DL, to overcome these limitations. In recent years, the rise of AI technologies, such as DL, has attracted many researchers to the field of demand forecasting. AI-driven demand forecasting technologies can identify and analyse complex relationships and patterns in large data sets, such as historical sales records, market trends, weather patterns, social media sentiment and competitor activity. This technology is capable of overcoming the challenges confronted by traditional approaches when explaining and capturing numerous factors that affect consumer behavior (Reddy et al., 2021). For example, in the dairy industry, Delaney et al. (2022) applied the K-Nearest Neighbors (K-NN) algorithm, using data from nearby farms to augment the data of the target farm, to improve the interpretability of the results and increase the possibility of the increasing milk production and profitability. Goli et al. (2018) developed a multi-stage model, which combined Multi-Layer Perceptron (MLP), Adaptive Neuro-Fuzzy Inference System (ANFIS) and Support Vector Regression (SVR), to achieve accurate dairy demand forecasting. They concluded that population behavior and inflation have the most significant impact on dairy consumption in Iran. In the food industry, Nassibi et al. (2023) highlighted the need to use ML capabilities to efficiently process and evaluate large data sets to help food companies adapt to market changes and manage the supply chain more effectively. Specifically, they used Support Vector Machine (SVM) and LSTM algorithms to improve the demand forecasting capabilities of a large distribution company in Saudi Arabia.

In the domain of inventory management, the principal issues typically are overstock and the risk of stockout (Abu et al., 2021). Excessive inventory will entail the occupation of a considerable amount of funds and augment the risks of product deterioration and waste. Perishable dairy products are prone to be affected by such issues. Whereas the occurrence of stockout problems will exert a negative influence on customer satisfaction and diminish the market competitiveness of the company (Ali and Asif, 2012). These problems are further influenced by factors like the limited shelf life, the restricted transportation time and the high transportation frequency, thereby resulting in the augmentation of operational and transportation costs (Shafiee et al., 2021). To address the challenges in inventory management of perishable products, researchers have developed various methods. For example, Rana et al. (2022) put forward two inventory planning strategies, namely First-In-First-Out and Last-In-First-Out, for optimizing product pricing and batch size, enabling the maximization of profits in the backdrop of perishable products. Their approach focuses on maximizing profits. They believe that demand should be determined by price and freshness, and under such circumstances, stockouts are permitted. Rout et al. (2019) developed a production inventory model within the classical Economic Production Quantity framework, focusing on handling changes in customer demand during stockout periods, taking into account product deterioration over time. The model uses a piecewise constant function to approximate the backorder changes during the stockout period, and has demonstrated the accuracy of this approximation in practice. Today, the advent of AI has brought new solutions to inventory management (Sharma et al., 2022). For example, Şimşek (2024) found through case studies of Coles, Walmart, and Migros that AI has already been successful in reducing waste, optimizing inventory, and enhancing customer satisfaction. By integrating AI into inventory management systems, companies can improve the efficiency and accuracy of the decision-making process (Singh and Adhikari, 2023). Praveen et al. (2019) found that the greatest waste in the supply chain occurs in inventory management due to inaccurate demand forecasting. To address this problem, they developed a back-propagation model based on a multi-layer feed-forward neural network that can accurately predict demand and solve the costly inventory problems caused by mismatched supply and demand. Islam et al. (2024) outlined ML methods that can be used for dynamic inventory management and proposed a neural network-based Sequence to Quantity algorithm for demand forecasting.





4 Application of AI in food industry automation: challenges and prospects


4.1 Technical implementation cost

Although AI-related research has seen considerable application in areas such as computer vision and NLP, the technology’s widespread use in the food industry is still in the exploratory stage. As AI technology involves multiple levels of technological inputs, such as basic sensors, robotics, complex algorithms, and large amounts of data and efficient computing power, it is evident that this must necessitate a high initial capital investment in automation equipment, software systems, and infrastructure. Secondly, there is still a need for funds to be constantly invested in day-to-day production operations, maintenance and upgrading in order to remain sufficiently competitive. For many capital-strapped small and medium-sized enterprises, this often discourages them from building and upgrading their factories intelligently. In addition, the introduction of AI automation technology needs to be accompanied by the introduction or education and training of technicians with the relevant knowledge and skills to ensure that there are appropriate technicians who are able to operate and maintain the new equipment and technology, which adds an additional human resource cost to the organization. In order to solve the problems faced above, enterprises can combine their own needs through the phased implementation of intelligent automation strategy, for example, enterprise can be the first to start using intelligent automation equipment or technology in key production links or work sections with high labor costs, and then gradually expand, which can effectively reduce the financial pressure of the initial investment. At the same time, government departments can help enterprises reduce the implementation cost of intelligent automation technology through policy support and assistance. Through the above methods, the technical implementation cost of AI automation in the food industry can be effectively reduced to promote the application and development of AI automation technology.



4.2 Data authenticity and integrity

The use of AI is driving digital transformation across industries, and the food industry needs a lot of consumer data and business data to train AI models when using AI to help transform the industry. This data covers all aspects of the food supply chain, involving different business sectors, or confidential information within organizations. For part of the data cannot be complete or real access, this missing or inaccurate data will directly affect the performance of the automation system, leading to decision-making errors and reduced productivity. In addition, some enterprises or institutions of food safety testing according to the actual situation only contains sampling data, but not all the food testing data, therefore, there is also a lack of food product data under the same batch, the same time period and other limited conditions, the incompleteness of these data makes the enterprise in the optimization of AI technology cannot achieve the expected results, which in turn affects the efficiency of the entire production process and cost control. In order to address the above challenges, multiple parties need to be involved to maintain security and privacy in the use of data. For the development and application of AI tools, they need to be supported by reliable privacy-preserving techniques, and differential privacy and federated learning are considered as promising approaches. Guaranteeing compliance and better management of data security and privacy of AI tools is inevitably bound by relevant laws and regulations. Countries or governments need to respond to the development of AI technology and introduce regulations as soon as possible to ensure that the food supply chain and regulators are comfortable with the use of AI technology, leading to the development of AI in the food industry. In addition, encouraging interdisciplinary exchanges and cooperation among multidisciplinary and multi-disciplinary personnel to help food professionals and enterprises solve special industry needs and technologies will help to solve the difficulties faced in the development of AI in the food industry faster.




5 Conclusion

The development of the food industry from the initial manual production and processing of manpower to the improvement of mechanized equipment, and then today’s AI technology to help, it is not difficult to see that AI technology in the automated production and processing of the food industry has an inseparable role and revolutionary role. In all sections of the food industry, it has shown the advantages of improved efficiency and safer food security. Although there are deficiencies in the cost of technology implementation, data authenticity and integrity, the potential of AI in food industry applications will be more explored and widely used as the technology matures and costs are reduced, and the data management process is improved.
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