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Abstract: Al has become an irreplaceable power in altering the perception of the population about all
branches towards sustainability, making climate friendliness a sustainability aspect, and smart food
production is one of the biggest losers of the change. In a world where environmental difficulties are
building up and the pressure to sustain the global food supply keeps rising, artificial intelligence
exhibits feature particularly useful to enhance the level of production, waste minimization and
enhancement of quality at every phase of an agricultural or food value chain. The article is a systematic
review of recent advances in artificial intelligence that can be used in food systems, such as
optimization of resources and reduction of waste at the supply chain level; predictive food production
by livestock management and precision agriculture; and high sensitivity food production processes.
The review demonstrates that the combined capabilities of the modern technologies to include robotics,
computer vision, deep learning (DL), machine learning (ML), and the Internet of Things (IoT) advance
smart and sustainable manufacturing systems. On the one hand, a great number of quantitative data
indicate that artificial intelligence is capable of accomplishing monitoring of current crops, in-sourcing
diseases and pests in crops, intelligent control of irrigation and food safety standards. Nevertheless,
challenges remain to be huge and disallow mass implementation of such technologies: infrastructure
issues, inefficacies in handling information such as the one produced by 10T devices, budgetary factors
related to additional investment and the ethical considerations that come with implementing algorithms
in such sensitive systems.

Keywords: Sustainability, Smart Production, Food Processing, Artificial Intelligence, Machine
Learning.

1. Introduction

The food system of the world is facing a combination of previously unseen and interconnected
problems including the unprecedented explosion of food demand and the catastrophic effects of climate
change. Natural resources are being used in an unsustainable way. This mandates the need of long-
term solutions to food security - novel and sustainable solutions [1,2]. The introduction of the Artificial
Intelligence (Al) as the groundbreaking technology that can simplify the food supply chain segments
between the production and distribution and consumption stages are a necessary tool of dealing with

these complexities [3,4].
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The unsustainable global food system that is revealed again in the COVID-19 pandemic emphasizes
the urgency of structural adaptation and automation to provide food to a projected world population of
ten billion in 30 years in a sustainable manner [5,6]. At the same time, climate change puts pressure on
these strains that drain valuable resources such as land and water extreme weather patterns and shifts
in planting seasons shatter the backbone of the agricultural production [7]. It is imperative to realize
that the global population will only increase by more than 70 percent before 2050 whether one likes it
or not with the advanced means of technology such as artificial intelligence. The use of artificial
intelligence, such as machine learning, big data analysis, robotics and the Internet of Things (loT) are
solutions to increase productivity beyond output sustainability in measures of economic and
environmental protection resource efficiency all along the agri-food value chain is of utmost
importance [8, 9,10,11,12].

The rapid development of Al, it penetrates the usual sphere now it is closely connected with the food
category, which is directly connected with human health and environment conservation [13]. This
integration represent change in thought. Moreover, in information, all of a sudden, one can monitor
and project manage the entire food system [14]. Recent advances in deep learning, neural networks,
natural language processing and image recognition can now create intelligent production systems that
can read a great deal of agricultural and food data instantly. It is the same in the case of animal breeding.
The practical application is like using Al based computer vision technology to automatically sort and
grade food based on appearance, detect pollutants and check product quality. This enhances food safety
and factory productivity besides lowering the cost of managing human operator labor and preventing
errors in the work of human operators [15,16,17,18].

Machine learning and deep learning are now common Al methods that can be applied to the food
industry and aid in such areas as yield prediction, waste prevention, quality management, and optimal
supply chain optimization [19,20,21,22,23]. The artificial intelligence is not limited to productivity. It
also assumes the larger task of sustainability, such as promoting environmental friendliness, resource
conservation and refining grain handing efficiency [24,25]. Al offer predictive analysis where
consumers are changing their habits depending on the volatility of historical data and in this manner,
also serves to reduce food waste on fluctuating levels of demand. It is now most related to changes in
inventory that anticipatory relate to future consumption expectation. And it may have an even greater
task in future, by influencing those adjustments to most effectively minimize waste [26,27]. Salient
models such as ADAPTS indicate the direction of strategic implementation of machine learning in
sustainable agricultural systems based on the source of data and objectives [28,29]. Recent
investigations have depicted that Al offers combined scientific structures to help in a transition between
reactive administration procedures and predictive self-regulating systems of industry 5.0 [30]. Even
the most basic food processing systems have Al to develop hyper efficient automated production
systems that dynamically learn sensor and computer vision data to provide intelligent quality

management, predictive maintenance to reduce downtime and operational continuity [31,32,33].
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The use of Al and logistics data is one of the key transformations towards building agile, flexible,
and resilient supply chains that can be resilient to the shocks resulting from economic and
environmental changes [25]. This shift is supporting a novel cognitive framework of food-based
systems that is data driven, self-educating, and in the process of constant improvement. The new
technologies, including digital twins, nanotechnology, and quantum computing are likely to transform
the global food system further into an intelligent, interconnected ecosystem. This paradigm resembles
the biological neural structures, where the artificial neural networks modeled after the human brain
work with advanced algorithms to facilitate decision making and optimization. Figure 1 shows how
the agri-food technologies driven by Al will be invested in 2024-2025. The top growth is in food
security solutions (52.4), data analytics platforms (47.1), and climate smart agriculture and automation
technologies (46.4). These results indicate that the world is investing more in fields such as Al based

precision agriculture, biotechnology, robotics, and sustainable food production systems.
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Figure 1. Improvement in Al based agri-food technology investments (2024-2025): Beginning with food security solutions
(52.4 percent) and data analytics platform (47.1 percent) and climate smart agriculture and automation (46.4 percent) follow

as agri-food technology investment has been growing worldwide in the past.

The review is directed at generalization of the multiple applications of next generation Al
technologies (machine learning, deep learning, robotics and 10T) along agri-food value chain [34]. In
particular, it investigates the possibility of Al application in improving efficiency, resiliency and
environmental leadership in the sector, beginning with precision agriculture and smart farming and

food manufacture, processing and supply chain management [35, 36, 37, 38].
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Figure 2: Al technologies for smart food production system.

The above applications increase operational efficiency that facilitates food safety, improved
resources management and lessening of wastes, which contribute to sustainable agriculture and
economic prosperity. Figure 2 is an overview of the profound and far-reaching effects of the Al
breakthroughs on different sectors of the food industry. The whole implementation of Al is the secret
of the balance between production with the stewardship in the energy and labor that produce food
systems in the future, and which have positive effects on society. Figure 3 Al enabled sustainability
effect on the main agricultural indicators comparing the present performance with the expected
improvements by 2030. The findings indicate that artificial intelligence technologies have brought
about major gains in efficiency of resources, waste generation reduction, and carbon reposition, as well
as environmental performance as a whole.

This review aims to comprehensively review the current state of Al applications for sustainable food
production systems from the processes through to the outputs. It also discusses the technology
evaluations of deep learning and computer vision, 10T and sensor networks, ML based decision support
systems and agricultural robotics. Sustainability in terms of its environmental impact, resource
economics and greenhouse gas emissions are also discussed. In addition, it discusses implementation
considerations: the potential production challenges, individual level barriers to use, cost benefit
analysis, cost and benefit sharing (even how to scale up). Last but not least, the review discusses about
policy and governance. These include regulatory perspectives, data privacy, code of ethics and issues
to do with equality (related to information dissemination. Lastly, the review points towards the future



Journal of Applied Artificial Intelligence 5

through the opportunities for future research, other technologies and recommendations to the right

people.
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Figure 3. The potential impact of Al on sustainability metrics in agriculture, when it comes to current performance vs. the
improvements by 2030, both from a resource efficiency and carbon sequestration perspective and an environmental one.

2. Related Works and Motivations

The development of food production towards intelligent and sustainable paradigm is another area
that has shifted to incorporate superior model archetypes such as Vision Transformers (ViTs),
predictive analytics, hybrid deep learning frameworks, computer vision and Al-loT systems
throughout the agricultural value chain to be utilized more efficiently, productively, with precision-
based agriculture applications and eliminate waste [39]. The Internet of Things (loT) based sensors,
drones, and satellite photography constructions that surround the precision farming strategies to offer
early diagnosis plant diseases assistance so as automated decision-making systems which help achieve
global food security purpose are also gaining more significance so as to establish confidence in
sustainable farming [40][41].

Precision agriculture has become more accurate with the introduction of ViT based architectures
such as PLAVIT that are more capable of modeling robust long-range dependencies with self-attention
mechanics and achieve accuracy levels of over 95% in the case of plant disease classification. The
hybrid ViTResNet models and improved vision transformers record higher performances in terms of
crop health and texture analysis hence guaranteeing enhanced scalability and faster inferences which

would enable real time deployment of the IoT. In addition, when applied together with ViT models,
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Efficient Net increases the identification accuracy of potato disease by 11.43% in complex field
conditions [42]. In our analysis, deep learning technologies have made the process of feature extraction
of multispectral images simpler to achieve accuracy targeted pesticide application and site-specific
application to achieve sustainability and integration to create a geographic information system (GIS)
database that can apply spatially conscious decision systems to eradicate excessive use of chemicals
[2][41]. Other aspects that Al technologies can be applied to enhance crop monitoring are food
processing, logistics, and supply chain management. Predictive analytics based on blockchain
technologies addresses demand and introduces a circular economy solution to reduce the quantity of
waste generated in some applications by up to 30% [25][43]. Supply chain optimization through
machine learning also enhance the traceability of supplies, enhances food safety, and resilience to
disruption. Al loT robotics systems can facilitate the real time analytics and informed operational
decisions throughout the agricultural processes, which leads to the improvement in the productivity
and sustainability in a significant way [44][45]. Such innovations are particularly necessary since by
2050, the world will be forced to feed its people nearly 70 times as many people as it does at present
[46]. The fields that require predictive analytics are yield forecasting, pest detection, and environmental
monitoring, and strategy creation to reduce the risks in agriculture also [47]. Other complementary
technologies like blockchain would increase transparency and accountability of food supply chains,
contributing to the long term sustainability goals and economic sustainability of farming communities
[48,49,50,51,52,53,54]. Such uses in different fields are also reflected in Figure 4, which shows the
estimated increase in Al use in the food production sectors in the next 2030, with precision agriculture,

smart farming, supply chain Al, livestock monitoring, and food safety systems.

Sustainable environmental management is also achieved with the help of Al enabled precision
agriculture that reduces environmental effects and uses agricultural practices and resources more
efficiently. This solution combines GPS and IoT sensors with sophisticated analytics to monitor and
manage crops and soil in the most precise manner. Gupta showed that remote monitoring and
optimization that can be achieved by precision agriculture applications can enhance crop yields by 15%

and decrease resource use by 20% [55].
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Figure 4. Expansion of Al applications in food production industries between 2020 and 2030 such as
precision agriculture, smart farming, supply chain Al, livestock monitoring and food safety systems.

A bibliometric review by Sanchez Castillo has indicated that the application of Al in precision
agriculture to enhance resource productivity and minimize the negative impact on the environment is
increasingly becoming a significant subject [56]. In a similar vein, San Miguel et al. highlighted that
precision farming activities minimize environmental destruction and operational expenditure and
comply with sustainability policies like the European Green Deal [57]. Lishchuk et al. also examined
the precision agriculture processes of minimizing environmental hazards and enhancing production
efficiency of agroecosystems [58]. Other researchers document CO 2 emissions, water consumption
and input expenses reduction as a result of Al based resource optimization [59][60]. Marcelo and
Clandio analyzed the effect of the environment with the help of life cycle assessment and demonstrated
that precision agriculture decreased the eutrophication potential by 60.84, the acidification potential by
31.79, and the global warming potential by 28.65% [61]. Rani et al. have also said that there was an
increase in crop yield by 20% and a decrease in the use of water and fertilizer by 40 percent with the
application of precision agriculture methods [62]. Moreover, Al powered monitoring systems through
sensors, drones, GIS, and predictive analytics enhance the condition of soil health mapping, nutrient
management, and climate adaptation planning [63][64]. Intelligent Al based applications like digital
twin-based decision systems can predict future plant growth and disease risk in real time with a high
accuracy of over 80 percent and autonomous robotic spraying can greatly decrease pesticide and
fertilizer use [65].
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In spite of all these developments, a number of barriers restrict the large-scale implementation of Al
in sustainable food production. Alibasi¢ presented a systems-based approach that was consistent with
the European Commission farm to fork strategy, which focuses on economic, environmental, and social
aspects of sustainable food systems [66]. Sakapaji and Puthenkalam also raised the issues of data
privacy, security, and algorithmic bias and emphasized the importance of establishing ethical principles
in Al agriculture [67]. Khadka and Kumar addressed the topic of machine learning, drones, and 10T
technologies in agriculture to optimize the process, discovering the challenges to its implementation
and considering the environmental factors [68][69]. Equally, Akintuyi studied the adoption of Al in
agriculture productivity and sustainability, highlighting integration issues in the farming activities [70].
Boora and Ahalawat noted the need to increase the production of food by 70 percent in 2050 and
addressed the constraints in using conventional approaches to farming, as well as the problem of data
collection, privacy, and technical stability in Al based systems [71][72]. Almoselhy and Usmani noted
the use of Al in food safety, quality control, and tailored eating and highlighted the necessity of
interdisciplinary cooperation as an ethical implementation [73]. Markovic et al. addressed
sociotechnical obstacles, including data quality, interoperability, and user interaction in Al agri-food
systems, suggesting semantic integration and synthetic data generation as the way to enhance
sustainability [74]. Abdallah et al. emphasized the role of Al in facilitating a sustainable food
processing, packaging, and resource preservation [75]. Joshi studied robotics, automation, and climate
adaptive farming, as well as discovered infrastructure gaps and ethical issues related to Al adoption
[76]. Keskes studied the use of Al in sustainable fruit production under environmental and economic
limitations [77]. Harikrishnan et al. also elaborated on ethical considerations such as algorithmic
prejudice, social justice and regulation needed to ensure the ethical implementation of Al in food
systems [40].

In general, the integration of Al, 10T, precision agriculture and predictive analytics is a revolution
in the field of sustainable and smart food production. These enable site-specific management, improved
water and fertilizer use efficiency, reduced costs of operation and enhance climate change adaptability
[44,45,46]. However, data management and system limitations, interoperability and ethical
considerations remain significant challenges. These challenges can be addressed by researchers, policy
makers and industries who should collaborate to ensure equal access, privacy and scalable deployment
of Al driven agricultural solutions. These arguments point to the need for more advanced, reliable and
explainable Al systems to support sustainable food production and provide solutions to increase food
for the growing global population. Figure 5 illustrates the expected evolution of these enabling
technologies by presenting the expected penetration of Al driven farming technologies from 2025 to
2030, such as robotics, 10T sensors, blockchain, digital twins, and AR/VR training systems.
Furthermore, Table 1 shows the comparison between traditional agricultural practices and next
generation Al driven technologies, such as Vision Transformers, in terms of key performance

indicators, such as accuracy, scalability, resource efficiency and cost. Furthermore, Table 2 shows a
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comparison between Pure Vision Transformers, Hybrid ViTCNN and traditional Convolutional Neural

Networks (CNN) in agricultural use-cases, highlighting their differences in feature extraction, accuracy

and scalability.
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Figure 5. Likelihood of adoption of artificial intelligence driven agricultural technologies between 2025 and 2030 with
robotics, 10T sensors, blockchain, training digital twins and AR/VR training.

Table 1. The pros and cons of current agricultural methods vs. Al based technologies in the areas of accuracy, scalability,

efficiency and computation.

Aspect Traditional Methods Next-Gen Al
Disease Detection 70-85%, manual/expert- 95-99%, automated [40]
Accuracy dependent
Scalability Limited to small farms Large-scale, real-time loT [41]

Resource Efficiency

application

High waste from over-

[25] [40]

20-40% reduction via precision

Computational Cost

Low but labor-intensive

Optimized for edge devices [41]

Table 2. Comparison of Pure ViTs, Hybrid VIiTCNN models, and traditional CNNs in agricultural applications.

Aspect

Pure ViTs

Hybrid ViT-CNN

Models

Traditional CNNs

Feature Focus

Global context via self-
attention

Local textures + global
context

Local patterns only

Accuracy in Agriculture

95%+on Plant Village
[43]

85-99% on diverse crops
[59]

80-90%, less robust [43]

Challenges

High data/compute needs
[43]

Balanced fusion

strategies [59]

Limited scalable [43]
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3. Basic Al Algorithms and Computational Philosophies

The food system transformation is based on extremely advanced Al programs that can process the size,
diversity, and time characteristics of agricultural data.

3.1 Deep Learning (DL) Architectures and Machine Learning (ML) Specialization

Deep Learning (DL) methods offer the data processing flexibility that is needed to analyze the
complex farming data, which often consists of visual, spatial, and numerical inputs. Convolutional
Neural Networks (CNNs) is a major architecture of DL that is useful in processing image data (e.g.,
drone or vision cameras) to perform tasks like monitoring crop health and identifying pests [78]. DL
methods are also useful in predictive modeling, where they are useful to predict the crop production
and commodity prices. Moreover, conventional algorithms of Machine Learning (ML) including
Support Vector Machines (SVMs) and Random Forests are essential in performing instrumental
classification [78][79]. These algorithms are used to conduct correct classification of soil compatibility,
evaluate the soil fertility and efficient selection of the crops. Since the agricultural cycles are time
based, time series analysis is essential. Farming data can be analyzed using DL algorithms and can be

effectively utilized to predict crop yield production and analyze the demand changes of crops [80].

3.2 Autonomy in Control Systems and Reinforcement Learning (RL)

Reinforcement Learning (RL) is one of the most important NextGen Al approaches, characterized
by its capability to learn the best behaviors or policies with the help of an environment or a simulator.
This renders RL exceptionally adapted to solving intricate, sequential control, and decision-making
challenges which characterize contemporary agri-food operations. The RL is used in main areas of the
food system, such as agricultural production (e.g., optimizing irrigation and fertilization times), food
processing and distribution logistics, and very technical problems, such as genotype selection in
molecular breeding [81]. As an illustration in Figure 6, the cognitive systems assist scientists to choose
drought and salinity resistant genetic properties through logical analysis of gene maps, thereby
hastening the generation of hearty varieties.

Already in the past, the model-based Reinforcement Learning methods have proven useful in
autonomous systems, including those implemented in greenhouse automation [82]. The ability of RL
to generate policies to maximize expected future reward renders it crucial to realizing actual, closed

loop automation in farming.
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Figure 6. Genetic engineering and smart seeds when bioinformatics meet agriculture to produce more resilient and efficient
crops.

3.3 Explainable and Causal Al (XAl) Imperative

Trust, accountability and transparency are essential for effective, ethical and operational deployment
of food security and resource management using autonomous systems. The Explainable Artificial
Intelligence (XAI) concept can be used to explain the model that ensures the fair and accountable
operation of the system [83]. The most obvious one is the Explainable Reinforcement Learning (XRL)
framework that maximizes the performance and explain ability in a two-stage process. During the
initial stage, a reinforcement learning (RL) agent is trained to maximize the expected rewards in the
food system by means of a control policy. A Structural Causal Model (SCM) is built around the
interactions of the agent with a simulator in the second step, and it reflects causal relationships between
internal and external variables, which are formulated with the help of a domain expert [81].

XRL framework continuously optimizes the control policy and the SCM until a consistent and
understandable result is obtained. The policy that would be arrived at must be in accordance to the
causal structure learned so that the decisions made are not made on the basis of strictly statistical
correlations. One of the main strengths of sophisticated XRL techniques is generating counterfactual
explanations, explaining how decisions would have varied under varying conditions of input, thus
improving transparency and fairness [81].

Causal learning and interpretable policy using XRL makes theory practical. This property would be
particularly welcome in sustainable food systems, where complex control processes involving optimal
irrigation strategies, resource allocation and crop yield must be explained. As a result, XRL will allow
the shift between predictive to causal policy suggestions maximizing performance without violating

the environmental and operational limitations.

4. Smart Production Systems: Accurate Agriculture and Resource Management

The concept of Al is leading to the development of precision agriculture because it is turning farming
into a highly site-specific operation, predictive and continuous.

11
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4.1 Al to manage crops and improve yields optimally

Smart farming uses Al to proactively respond to current sustainability issues in agriculture [80]. Al
is used to synthesize useful real-time intelligence based on heterogeneous data sources such as
satellites, drones, remote sensors and smart farm equipment to provide the complete picture of the soil
conditions, weather patterns, and crop health. This intelligence can enable farmers to make informed
choices about crop choice, crop cycle optimization, and the right time to perform activities, including
sowing, composting, and harvesting [84]. Al directs site-specific interventions based on an analysis of
feature importance. As an agronomist, it is possible to use the outputs of the models to focus on the
important parameters, e.g., the pH of the soil or ambient temperature, and provide guidance on the
choice of crops and soil preparation. With such a detailed analysis, it becomes possible to allocate
inputs to specific regions; those areas that are found to have predicted nutrient deficiencies can have
the optimized fertilizer applications so that the overall resource wastes are reduced and at the same

time yields optimized [85].

4.2 Smart Irrigation with Deep Learning

Water stress in combination with climate change are the two-fold most important global challenges
that require accurate and efficient irrigation management. This is an area in which DL plays a pivotal
role in converting the framework of irrigation management from the traditional wisdom based to
precise prediction models. The DL models indeed have distinct advantages in water management such
as spatial identification of water needs, accurate prediction of soil moisture, and hydrology of the
future. In the real world, hybrid DL usually show a superior performance as they are able to incorporate
different model and data types.

4.3 Enabling the Shift to Regenerative Agriculture

The co-integration of Al technologies provides the needed analytical and control framework to
enable transition to truly regenerative agricultural systems. Leveraging the intelligence of Al,
conventional high intensity practices such as intensive farming units, monocropping and the
indiscriminate use of chemical fertilizers can be phased out in favor of more complex forms of
regeneration [84]. Al models are instrumental in analyzing the efficacy of these new methods, assisting
in the delineation and measurement of sustainable objectives alongside the traditional goal of

improving yield potential.

4.4 Time as an Operationalization Continuous Control Systems

The conventional to precision agriculture hedge is actually a change of time horizon of operation.
Irrigation and environmental control require the capacity to make interventions in a timely manner, if

not instantaneously. The time it takes to complete a control loop is what makes resource management
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possible. The technologies of Edge to cloud Collaborative architecture are created to decrease the
response time by several minutes to several seconds [86]. This improvement on the infrastructure is
highly significant since it will transform agriculture, as a batch process, into a real time, high frequency
closed loop machine.

5. Smart Systems Integration and Operational Infrastructure

The agri-food value chain needs physical infrastructure and resilient computational infrastructure to
scale Al solutions throughout the agri-food industry.

5.1 The Convergence of 10T, Sensing, and Robotics

The trend in the industry is to consider more advanced convergence, wherein partnerships between
Agri Tech providers, robotics firms, and food automation firms become a source of full, end to end
smart systems. This methodical combination raises transparency throughout the whole pathway of farm
to the fork due to the smooth connection of the Internet of Things (IoT), diverse sensor modalities, and
improved vision technologies [87]. The recent literature demonstrates the important developments in
smart sensing technology that are used in arable crops and grasslands. These systems use a variety of
types of sensors, such as optical, acoustic, electromagnetic and special soil sensors. Together with
machine learning algorithms like SVMs, CNNs, and Random Forests, these sensors are used to
optimize field level strategies that are important, including fertilization, irrigation timing, and the
accurate pest management [78]. These multi domain sensing modalities are being rapidly developed
and integrated out of necessity of high resolution, multi domain data collection. Table 3 is a summary

of the critical sensor Al integrations that are driving the contemporary precision agriculture.

Table 3: The Integration of Al and Sensing Technologies in Precision Agriculture

Sensor Type Al Technique(s) Used Agricultural Application Critical Operational Outcome
Focus
Optical Sensors Deep Learning (CNNSs) Crop health monitoring, Data collection for smarter
(Drones, Satellite) pest/disease detection, decisions on where/when to
field-level biomass grow; replacing blanket
assessment application [84]

Soil Sensors

Machine Learning
(SVMs), Deep Learning

Soil fertility classification,
soil water content
prediction

Input allocation optimization;
precise fertilizer and irrigation
scheduling [86]

Acoustic/Vision
Systems

Machine Learning, Image
Processing Fusion

Real-time monitoring of
crop condition and
environment

Enhanced transparency; enabling
automation and robotics (e.g.,
automated harvesting) [78]

13
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5.2 Scalability and Resilience Distributed Architectures

Distributed architectures are needed to address the limitations of connectivity and latency that tend
to be a major issue in large rural regions [78]. The edge Al that enables complex inference and
processing to be executed locally prior to data transmission is essential to supporting the low latency
needs of control system applications, like intelligent irrigation in real time [86]. This enables local
processing, improving robustness and reducing the reliance on the high-speed, frequent links. In
addition, the intricacy of the integrated systems also demands advanced governance that can cope with
the massive and sensitive data generated. Distributed data governance is being proposed in blockchain
systems to enable transparency and help them build equal data ownership and data privacy regulations
[78].

5.3 Interoperability Crisis in the Design of Ecosystems

A mapping of the variety of sensors and the desire to build fully integrated smart ecosystems, as
seen above, reveals a technological and business bottleneck: interoperability [78]. While the
proliferation of specific hardware (drones, sensors, automated platforms) is delivering detailed
information, the market is very fragmented, with closed systems and variety of data formats used to
exchange information, a strong constraint to the rollout of Al solutions from ad-hoc pilot studies. This
problem is compounded by the lack of infrastructure and connectivity [78]. Thus, the emergence of
standard data model and opensource community is becoming a critical factor. This data integration and

exchange problem is also linked to the potential of Al to play out across the value chain.

6. Al in Post-Harvest Management, Processing, and Supply Chain Resilience

Al iswell applied across the stages of processing, distribution and consumption within the food system,
to help ensure quality, safety and reducing food waste.

6.1 Optimization and Safety of Al in food processing

The Al offers a groundbreaking advantage to the food processing sector because it is capable of
improving food safety, quality assurance and sustainability in a systematic way. With the inclusion of
Al, the industry will be able to streamline the complex production processes and waste can be
drastically decreased. This transformational power assists in overcoming underlying issues to do with
food security [88]. To be on the safe side, sophisticated models are used to check the integrity of supply
chain. As one of them, a model of dynamic unsupervised anomaly detection based on Bayesian
Network (BN) has been proposed to forecast when drastic shifts in the domains associated with the
food supply chain could cause food safety issues [89]. It is expected that the analytical integration of
image processing technologies with shallow and deep machine learning models will open up significant

opportunities in quality control and hazard detection throughout food processing and distribution [90].

6.2 Cold Chain Integrity and Supply Chain Logistics
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Al is essential in ensuring the integrity of food during transportation and storage. Al is increasingly
being used together with 10T sensors to monitor environment variables (e.g., humidity, temperature
and storage conditions) throughout the supply chain in real time. This active supervision makes sure
that the perishable products are well preserved, spoilage significantly decreases and food wastage is
minimized before food reaches the consumer. Apart from physical tracking, regulatory compliance is
being made easier with Al platforms. Using information on real time inspection, quality control and
regulatory adjustments, Al platforms will be used for regulatory reporting. The capability has a great
impact in alleviating the administrative load in companies as well as ensuring that companies are
consistently compliant with the changing global safety requirements. Moreover, blockchain
technology, along with Al, boosts supply chain visibility and offers unaltered provenance and condition
records [91].

6.3 Al for Circular Economy and Waste Minimization

Al technologies are essential tools to enhance sustainable waste management and support circular
economy projects. The algorithms of Al are used to optimize the procedures of gathering,
transportation, sorting, and recycling of different wastes. In particular, Al can track information about
industrial processes and products, which will enable the correct evaluation of the state of an item and
its reuse, or monitor its surroundings to identify the possibility of recycling. The general outcomes of
the implementation of Al in these projects are very encouraging, showing the possibility to increase
energy efficiency, decrease the total waste, optimize the use of resources, and decrease the
environmental impact throughout the supply chain. It is believed that further investment is essential to

realize the full potential of these Al circular economy models in the world [92].

6.4 Al as a Regulatory and Risk Management Tool

The use of Al in supply chain management represents a shift towards more than mere operational
efficiency to more advanced regulatory and risk management. Al systems can de risk the global food
supply chain by automating compliance reporting and constantly aligning real time operational data
with fluid regulatory requirements [91]. This feature makes Al not only a tool of technology, but also
a cornerstone of corporate governance and compliance strategy. Firms that take advantage of such
degree of operational transparency have a competitive advantage based on the reduced legal liability
and financial risk in case of food safety failures and recalls. As shown in Figure 7 Smart supply chain
solutions, including harvest to distribution, use predictive analytics and advanced logistics to minimize
postharvest losses, maintain product quality, and enhance the efficiency and sustainability of food

delivery networks.
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Figure 7. Intelligent supply chains reduce post-harvest losses and improve sustainable food distribution.

7. Future Foods, Ingredient Design, and Accelerating Innovation

Al offers a profound transformative path to address the challenge of creating highly nutritious and
sustainable foods while sharply minimizing environmental footprints [93].

7.1 Al in Food: A Discovery and Design Field

The historically slow, fragmented, and empirical food innovation can be defeated by embracing Al
as Food as an emerging, predictive field. The field combines new techniques throughout the product
pipeline, including ingredient design, formulation development, fermentation and production
processes, accurate texture analysis, sensory properties (flavor mapping), manufacturing optimization,
and recipe generation. Initial achievements in this field show that Al can forecast protein behavior
using molecular composition, precisely map chemical structures to the corresponding flavors, and
customize consumer experiences using predictive models [93]. This is essential in hastening the
creation of sustainable protein systems and alternative foods, including plant alternatives to resource
intensive meat, dairy, fish, and egg products [84]. Al offers the means to rapidly iterate and develop

complex alternative ingredients.

7.2 Innovation Infrastructure Strategic Priorities

Strategic changes in infrastructure and research philosophy are needed to realize the full potential
of Al in food innovation. One of the main suggestions is that a fundamental conceptual change is
required: food should not be viewed as a raw material, but as a programmable biomaterial that can be
engineered and designed accurately. This philosophical shift must be supported by automated

discovery infrastructure. The research and development processes need to be automated by
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constructing Self Driving Laboratories (SDLs) to shift the industry to a predictive, design science of
food [93]. Moreover, Al facilitates responsible exploration and safe scaling of diverse new food
technologies that are essential to nourish a growing population, such as functional foods, synthetic
biology uses, and 3D food printing, and carefully scrutinize their conservation, safety, nutritional,
sensory, and welfare issues [94].

7.3 The Secret to Breakthroughs is Multimodal Data

The ability to correlate a variety of, disparate data types: chemical structure, molecular performance
metrics, high resolution sensory evaluation and manufacturing efficiency data is critically important to
achieve the ambitious goals of Al food design, including predicting performance based on molecular
composition or mapping specific molecules to sensory flavor outcomes. This necessitates advanced
data architectures. Nevertheless, one of the major issues is the lack of standardized, multimodal data
and the overall lack of standardization in the industry [93]. Thus, the most urgent research frontier is
not merely model development but the architectural challenge of developing integrated, standardized
databases that can easily connect these diverse domains. This data standardization is the foundation for

predictive automated food design and rapid uptake of sustainable protein production systems.

8. Barriers to Strategic Implementation and Systemic Challenges

The technological leap is amazing, but for large, fair and ethical use of NextGen Al systems there are
many systemic issues to be addressed.

8.1 Data, Model, and Generalization Limitations

One of the main limitations of implementing Al in agriculture is the problem of data standardization
and centralization, which is a major limiting factor in the training, generalization and transferability of
models at different levels of crop species, climate and regions. Existing models are usually limited to
generalization, and are hard to adapt to a variety of climatic conditions, and are computationally
intensive. To overcome the lack of data and enhance resilience, the future studies should focus on the
development of more sophisticated distributed learning techniques, including federated learning and
few shot learning [93]. Moreover, due to the growing instability of weather patterns in the world, there
is a dire necessity to concentrate research on specialized climate adaptive models that are specifically

aimed at managing and responding to extreme weather events [86].

8.2 Gaps in operation, economic, and infrastructure

The initial capital expenditure on the infrastructure of the sophisticated sensing, robotics and
integrated data platforms is a major barrier to adoption especially to small farms and less developed
economies. Combined with the cost of application these costs and barriers to application due to regional

adaptability and acceptance by farmers endanger fair access to smart farming tools. Rural connectivity
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still hinders the implementation of complex systems with low latency needs like automated irrigation
control [86]. Solving the problem of labor shortage and technology transfer is also a priority. The major
players, such as the World Bank, the United Nations Educational, Scientific and cultural Organization
(UNESCO) and USAID, are instrumental in offering specific funding, capacity building programs, and
technology transfer systems to the low-income countries (LICs) to embrace the contemporary ideas of
agriculture like precision farming [95].

8.3 Ethical, Regulatory and Societal Obstacles

Implementation of autonomous Al must be strictly focused on ethical aspects. Addressing the
anxieties that relate to transparency, privacy of data, and the critical question of equitable data
ownership are the most important factors towards mass adoption [78]. In addition, the lack of consumer
confidence and minimal barriers to acceptance is a current issue particularly in the context of new food
ideas and products that are produced using synthetic biology or highly autonomous production
approaches [93]. XRL and its focus on causal modeling and counterfactual explanations provides a
requisite mechanism to the issue of transparency and the development of justifiable systems [96].

8.4 Technological Accelerator: Policy Intervention

An in-depth examination of systemic barriers shows that most of these key constraints include high
costs, equitable access and data ownership issues are not technical issues but are inherently institutional
and policy failures. The policy interventions are clearly required to guarantee equitable ownership of
information, create interoperability standards, and guarantee equitable access to smart farming tools
[78]. This conclusion implies that institutional adaptation, rather than technological invention, can be
considered the real Next Generation challenge of the agri-food system. The greatest leverage points in
terms of maximizing the societal and environmental impact of Al advances that have been shown to
be successful in laboratory environments include policy decisions such as supporting the standardized
data marketplaces or investing in rural connectivity infrastructure. Table 4. offers a methodical view

of these barriers along with the strategic mitigation measures that need to be undertaken.

Table 4: Al adoption agri-food systems systemic barriers and strategic mitigation to Al adoption.

Category of Specific Barrier Impact on System Proposed Future
Challenge Identified Adoption Research/Mitigation
Data and Lack of standardization; Constrains model training Federated and Few-Shot Learning;
Methodology scarce multimodal data; efficiency and limits treating food as a programmable
poor generalization ability geographical scalability biomaterial [86]
and innovation (e.g.,
ingredient design)
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Technical and

High infrastructure costs;

Restricts equitable access

Emphasis on Edge Al for local

Economic and
Policy

technology transfer (LICs);

governance frameworks
lagging technology

problems; creates global
inequity; slows responsible
large-scale deployment

Infrastructure limited interoperability; and prevents necessary inference; policy intervention for
rural connectivity real-time processing and infrastructure development [86]
constraints closed-loop control

Ethical, Low consumer confidence; Hinders rapid industry XAl frameworks (e.g., XRL,

Governance, lack of transparency; data transfer, public SCMs); Blockchain for

and Trust privacy concerns; unclear acceptance, and necessary decentralized data governance [81]
data ownership global collaboration

Socio Labor scarcity; need for Exacerbates yield Targeted funding by international

organizations (UNESCO, World
Bank); policy interventions for fair
data access [95]

9. Healthier Food Solutions Innovative Strategies

Healthier food solutions are innovative strategies that involve numerous approaches that help to
enhance the health and sustainability of the food system of the population. These are product
reformulation strategies, technology development and joint stakeholder efforts. These innovative
strategies highlight important features as discussed below [97,98,99].

9.1 The use of Big Data and Artificial Intelligence to develop Next-Generation Nutrition
Science

The increasing adoption of Big Data and artificial intelligence is causing significant shifts in
nutrition science, particularly as it shifts towards more specific and tailored dietary advice. The current
Al solutions can handle extensive and diverse amounts of data, allowing one to provide personalized
advice, track nutrition in real-time, and reinforce food safety. Another way in which these technologies
can assist in enhancing dietary assessment is by taking into consideration image recognition and motion
sensors to minimize errors and records details about food types, portion size, and overall nutrient intake
[100]. Simultaneously, Big Data analytics is crucial in transforming raw nutritional data into
comprehensible information, especially when sophisticated algorithms are used to integrate genetic,
metabolic, and lifestyle information to enhance recommendations [101,102]. In addition to human
nutrition, Al and Big Data are also becoming useful in enhancing sustainability in animal feeding
systems with advanced modeling methods with most of these findings providing insights that can be
valuable in enhancing human nutrition studies too [103]. With the encouraging developments, such
problems as the safety of personal information, transparency in algorithms, and fair access to these
technologies still require a solution to enjoy the full potential of these technologies [104]. All in all,
further cooperation among researchers, healthcare practitioners, and technology creators will be crucial
to unlock the full potential of Al and Big Data in helping all people with nutrition and health [104].
And, Al is increasingly playing a role in supporting clinical decision-making and interventions
towards dietary-related diseases, including obesity and type 2 diabetes [105]. Al's capabilities to

offer personalized advice and feedback increases compliance and motivation. However, challenges
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such as data, algorithm transparency and potential biases remain. Ethical considerations,
multidisciplinary approaches and promoting access will be crucial for safe and effective use of Al
technologies in nutrition [106].

9.2 Automated Food Production Using Robotics and 3D Printing

Robotic and 3D printing technologies for automated food production are revolutionizing the food
manufacturing sector by offering high precision, high efficiency, and high customization.
Cooperative robots handle different ingredients and allow the creation of foods with intricate textures
and flavors [107]. The use of fully automated systems also simplifies the entire process from feeding
materials to printing, processing and packaging, while minimizing downtime and increasing
efficiency. The technology offers nutritional control by integrating multiple ingredients to tailor food
to specific dietary requirements, and includes functional ingredients such as probiotics to enhance
nutrition and prevent food waste [108]. The increasing demand for tailorable and environmentally
friendly foods has helped drive the growing 3D food printing market, which is estimated to grow by
55% annually, driven by ongoing improvements to printing technologies and properties of materials
[108]. Besides enhancing efficiency and personalization, 3D food printing reduces food waste and
cooking time. The continuous evolution of food printers has led to improved nutritional control and
quality, signifying the advancement in food manufacturing [109]. Furthermore, this approach is also
beneficial to smart agriculture and advanced food processing by improving resource efficiency,
sustainability and personalized nutrition [110]. However, there are still some issues to be addressed,
such as the technology's cost, complexities and regulations, to promote the use of 3D printing in food
industry. The increasing need for individualized and attractive foods, such as in medical applications,
space exploration and dietary restrictions, has also driven 3D food printing growth. It offers control
over the shape, color, texture, taste, and nutritional value of food, improving processing and food

eating experience [109].

9.3 Smart Sensing Systems of Real-Time Ingredient Profiling

Smart sensing ingredients profiling can be used to improve the quality and safety of food by
exploiting the use of the advanced technologies to monitor and analyze the properties of food
accurately and timely [111][112]. These systems are a combination of various sensors and machine
learning algorithms to offer accurate evaluations of food quality, which is especially crucial in
dynamic settings like the food supply chain [112]. Some of these systems include the intelligent
flavor sensing systems, which replicate human olfaction and gustation to control and optimize the
fermentation of foods. They use electronic noses and tongues to detect flavor profiles in real-time,
enabling non-destructive and contamination-free measurements, and also employs sophisticated
methods of analyzing changes in flavor, such as gas chromatography-ion mobility spectrometry and

nuclear magnetic resonance to examine variations in quality [111]. 10T systems based on Al are also
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important, where convolutional neural networks can be used to monitor food quality over the supply
chain with high precision and versatility to make reliable measurements even in challenging
environments [112]. Moreover, electronic noses and eyes, powered by bioinspired systems, are used
to simulate human sensory perception to determine food quality. Such systems combine gas and
image sensors with deep learning algorithms to analyze the data and make informed decisions and
multimodal data fusion improves classification [113]. In addition, self-adaptive monitoring systems
can modify their functions based on the changes in the environment that allows predicting the quality
of food and its shelf-life, minimize the amount of waste, and enhance safety [114]. Although these
intelligent sensing systems have enormous potential in terms of enhancing the existing supply chains,
there are still issues regarding the seamless integration of these systems into the existing supply
chains and the scalability and cost-effectiveness, which underlines the need to do more research and
development in order to achieve maximum advantages of the systems in the food industry.
Real-time quality monitoring is required as fresh foods are very perishable during harvesting,
storage and transportation and thus it will be necessary to prevent losses and ensure safety. More
current developments in intelligent detection methods such as computer vision, electronic noses, and
hyperspectral imaging provide useful solutions to monitor quality variations and assist in managing
the entire supply chain in a more efficient manner [115]. Interest in using the sensing technologies
within the areas of food science and agriculture is growing because of the diverse applications that
the technologies can be deployed. These technologies can be used with data analysis techniques
(chemometrics) to be much more effective. Nevertheless, there is an industry gap in terms of
knowledge and training on these technologies. Practical implications of developing and
implementing applications that integrate sensing systems with chemometrics, and that overcome
issues in model building and validation. It is important to derive meaningful information out of the
data, as Figure 8 demonstrates that sensing technologies and chemometrics can be used to assist each

other in converting raw data into actionable information [116].
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Figure 8. The combination of sensing technologies with chemometrics moving from data to information and knowledge
[117].

The conventional milk quality control is usually slow and, in some cases, inadequate to influence
the efficiency and quality of products particularly in developing nations. Real time monitoring and
quick decision making is required. Application of edge computing and multi spectral sensing in the
enhancement of milk quality control through rapid and precise estimation of important parameters like
the protein and fat content [117].

9.4 Digital Twin Applications for Efficient Food Formulation and Stability Analysis

Digital twins are transforming the food development by developing virtual models that mimic the
properties and behavior of food. They allow quick modification of recipes with the changes of
ingredients or consumer requirements, enhancing the nutrition and quality. The models are able to
customize food according to personal dietary needs, taking into account such factors as health
condition and history [118]. Digital twins can forecast food quality changes and possible spoilage
by integrating real time data with machine learning, which can assist in reducing waste [119]. The
combination of old-fashioned food science and data driven methods helps to gain insight into the
factors influencing stability [120]. A digital twin is generated using machine learning and Al based
on the production and other pertinent data, including scientific models, process data and raw material
data, to provide traceability and track food status. The digital twin, as illustrated in Figure 9, such as
in dairy products like cheese, obtains sensor, machine and processing condition (e.g., temperature,
pressure, pH) data and combines it with raw material data, customer complaints, and information on
experts. Using the simulation techniques of chemo physical models and numerical food science, the
digital twin offers information about the real production process and helps to provide real time
feedback. The simulations are also useful to forecast the impact of processing conditions on the
product and thus to perform both retrospective and prospective analysis of the product quality and

process performance [121]. Although integrating and modeling biological processes might have
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difficulties with data, resolving such problems is essential to take full advantage of digital twins in
food production [122,123,124].
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Figure 9. The digital food twin which integrates the data from various sources [120].
9.4.1 Precision Farm Management and Al-Enhanced Digital Twins

Precision farming has been revolutionized by Al powered digital twins that enable farmers to
maximize the use of their farm through real time information. These virtual models of real farms are
based on Al, 10T, and machine learning to enhance productivity, use resources more effectively, and
facilitate sustainable farming. This means that farmers can grow larger crops, minimize waste and
environmental degradation by carefully tracking crops and automating their management decisions.
As an illustration, digital twins, which are Al powered, can increase crop yields by 15-20% and
reduce the use of resources by approximately 25% [125]. They facilitate accurate irrigation,
fertilizing and pest control, which conserve water, fertilizers and pesticides [126]. Real time
monitoring also enhances the quality of crops and their uniformity which further boosts the overall
productivity [127]. Digital twins in agriculture have been associated with a 20 percent reduction in
carbon emission in terms of sustainability [125]. Using agrochemicals is optimized with the help of
Al and causes less harm to the environment [128]. Virtual simulation enables farmers to experiment
and optimize practices prior to their use in the field, facilitating sustainable agricultural practices in
the long term [129]. Although these are the advantages, digital twin systems are complicated and
demand robust data management and processing capacities [126]. The combination of Al and loT
can also create additional possibilities, including smart irrigation and predictive analytics, which can
further improve precision farming [129]. Altogether, Al boosted digital twins have huge potential in
enhancing the efficiency and sustainability of farming, but their benefits should be carefully

managed, and technological advancements should enhance them.
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9.5 Smart Agricultural Systems and Smart Manufacturing

Smart manufacturing and smart farming systems are transforming the industrial and agricultural
worlds by enhancing productivity, efficiency, and utilization of resources in a sustainable manner.
Combining technologies, including IoT, artificial intelligence, and big data analytics, these systems
simplify operations monitoring, resource management, and solving issues such as disease control and
performance optimization particularly in poultry farming and more extensive farming activities. Their
increasing use indicates a move towards more accurate and data-driven solutions that help make
decisions and manage the farm overall better. These systems have important applications and
advantages that are summarized as follows [123,125,126,127].

9.6 Precision Agriculture and Smart Sensor Technologies

Smart sensor technologies play a key role in precision agriculture for improving the efficiency,
productivity and sustainability of agriculture. These sensors link with the Internet of Things (10T)
and data analytics has given farmers the ability to monitor the condition of their crops, conserve
resources, and better inform their decision making. These technologies include temperature,
moisture and nutrient sensors, remote sensing devices like drones and satellites that also provide a
high-resolution view of the farm [129,130]. Wireless sensor networks also enable free data flow and
remote operation of agricultural operations. The benefits of smart sensors in practice include
reducing water, fertilizer and pesticide wasted, increasing yields by providing responsive
management and supporting sustainability through efficient irrigation and minimizing chemical
runoff. But there are also challenges including operational and maintenance costs, difficulty of
access in remote area, and compatibility of sensor platforms across different platforms. Future
directions will focus on developing cheap, biodegradable sensors and use artificial intelligence to
conduct improved data analysis [130]. Intelligent sensing systems using loT are also finding
application in proper monitoring and identification of human activities within the indoor settings.
These systems can be very accurate and strong in classifying activities due to their combination of
deep learning-based feature extraction with optimization. These examples illustrate the extended
possibilities of 10T and intelligent sensing that can be utilized not just in smart homes and healthcare

but also to streamline the processes in smart manufacturing and precision agriculture [131].

9.7 Predictive Data analytics to optimize Agricultural Inputs

Predictive data analytics has turned out to be a vital tool in enhancing agricultural inputs in order to
boost productivity and sustainable farming. With machine learning applied together with precision
agriculture tools, farmers have a better opportunity to control their water, fertilizers, and pesticides, as
well as enjoy more accurate yield prediction and faster identification of pests and diseases. Research
has revealed that some models, including Support Vector Regression, Random Forest, Decision Tree,

and K-Nearest Neighbors can be used in predicting crop yields based on environmental conditions such
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as rainfall, temperature, and soil nutrients, among others, to enable farmers and policymakers to make
sound decisions [132]. Moreover, field management is improved through the use of advanced sensors,
mapping based on GPS and real-time data analysis to give accurate information on the soil moisture,
nutrient content, and weather conditions, which ultimately benefits the operational cost and better
resource allocation [133]. Predictive analytics also aids in improved planning as it provides information
on the time to harvest, pest risks, and disease outbreaks. Nonetheless, even with these merits, there are
still multiple obstacles, especially in areas with poor access to data, technology, and technical skills
that need to be overcome to achieve wider use of predictive analytics and enhance agricultural
sustainability and food security [134]. Alongside the significance of using Precision Agriculture
practices, wireless sensor networks, and artificial intelligence to improve the resource efficiency and

the overall productivity of the agricultural industry [135].
9.8 Robotics Intelligent System of Automated Field Operations

Rapidly, intelligent robotics is transforming field operations in wide-ranging industries including
agriculture, oil and gas, and manufacturing using a combination of artificial intelligence and machine
learning to enhance efficiency and safety as well as overall performance in harsh environments. Robots
in agriculture can be used to address the issue of labor shortage and assist in planting and harvesting
[136], whereas automation can be used to streamline the working process, increase productivity, and
achieve lower operational expenses. These are facilitated by a variety of aerial and ground robotic
systems that are meant to facilitate agricultural processes [137]. Al powered robots can be used in the
oil and gas sector to improve the decision-making process and operational performance, as well as
perform risky tasks that otherwise would be dangerous to employees [138]. In the industrial context,
intelligent robotic technologies are more adaptable and can produce higher-quality products because
of the opportunity to adapt to changing production requirements, and the successful implementation of
sensors and control algorithms is a prerequisite [139]. Although these benefits exist, implementation
cost and data security are some challenges that are still limiting more extensive adoption [140] and as
such, to maximize the potential of robotics in field operations, it is necessary to overcome these

challenges.

10. 10T Sensor Dynamic Product Quality Monitoring

The use of Internet of Things (10T) sensors in food product quality monitoring solutions has emerged
in recent years as a disruptive innovation to safeguard food safety and quality, minimize wastage and
improve consumer confidence. Here, we provide a summary of human centered insights from some
research studies that discuss the dynamic application of 10T sensors for tracking quality of food
products.

10.1 Real time Food Quality Prediction and Freshness Monitoring using loT

Some research has focused on developing 10T systems for real time quality monitoring and
prediction of food quality during storage and transport. Xu et al. proposed an intelligent model to

predict the quality of fresh chicken during cold chain shipment involving the application of flexible
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humidity and gas sensing in packaging design. This system was capable of continuously monitoring
environmental conditions and in accordance with knowledge-based rules and machine learning (ML)
algorithms predicted quality loss with an accuracy greater than 90%. This nondestructive approach
enables pro-active measures to be taken and it also reduces wastage [141]. Similarly, Islam et al. built
a low-cost food monitoring system which integrates a number of sensors - temperature, humidity and
gas - and machine learning algorithms for determining freshness. The system gives real time
notifications via a mobile application when food is about to go out of shape. The use of experimental
testing of various food products showed high prediction accuracy and indicated that the system could
be applicable both in the home and commercial settings [142].

In a different study, Popa et al. came up with a homebased 10T monitoring platform specifically
made to monitor vacuum packed foods. The system employed low-cost sensors to monitor temperature,
humidity, pressure and gas emissions that are related to spoilage. The system was tested on onions and
was able to identify gas changes due to deterioration. The method is especially appropriate in daily
applications, such as those that cater to geriatric or other vulnerable groups [143] due to its low cost

and simplicity.

10.2 Harmonious 1oT-Al Systems to adoptive food processing and monitoring supply chains

In addition to freshness prediction, new studies have investigated adaptive 1oT-Al systems that can
dynamically optimize production and supply chain monitoring of foods. Hussain suggested an
intelligent bakery quality assurance system, which combines loT sensors and adaptive machine
learning algorithms to automatically change bakery baking parameters like temperature and humidity.
It also features energy efficient, cyber secure, and customer feedback products. The results of the
experiment showed improved product consistency, low energy consumption and higher customer
satisfaction, revealing a possibility of the scalability of the system in sustainable food-supply chains
[144]. Yet another student-developed project in India also provided an loT-based system to monitor
food safety using ESP32 microcontrollers, sensors and a camera module. This was a system that
connected data with cloud dashboard and Telegram bot to enable real-time monitoring and
notifications. The system was affordable, scalable and easy to deploy at different points in the food

supply chain (such as in storage, transportation or retail) [145,146].

11. Conclusion and Future Research Roadmap

The integration of cutting-edge artificial intelligence technologies such as Deep Learning,
Reinforcement Learning, and Explainable Al, is having a profound impact on food systems. The
technologies support the transition from traditional agriculture with high resource and energy
consumption to predictive, adaptive and regenerative farming. Al underpins the analytics needed to
enhance productivity, sustainability, minimize waste, and enable the emergence of new protein and

food platforms. The linkage of basic Al research with on-farm practices also helps to improve the
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outcomes of intelligent systems throughout the full value chain of food production, processing,
distribution and nutrition (molecular plant breeding, crop production, processing, supply chain and
nutrition). As a result, such Al powered food systems hold great potential to improve efficiency,
robustness, and sustainability, and are beneficial for global food security. But there are several research
and systemic barriers. There is a clear need for future research to focus on reasoning and system level
integration of Al technologies to include sustainability objectives, ethical considerations and human
health in sustainable food systems. Progress from yield-centric to ecological and societal goals in food
production is critical. Concurrently, digital discovery platforms and autonomous laboratories should
be explored as potential, new pathway developments for turning food into a programmable biomaterial,
driving innovation for novel ingredients and functional and sustainable protein product development.
Additionally, in a changing climate, robust and adaptive Al approaches are required. Distributed
learning techniques such as federated learning and knowledge transfer based on large language models
can improve model resilience, while enabling adaptable food systems for climate change and extreme
weather events.

The future of Al driven agriculture also requires collaboration across disciplines to integrate
technology, policy, and society. Adaptation strategies for different regions need to match Al
technologies to local agricultural needs, and ensure digital empowerment. Successful deployment
ensures robust governance models, capacity building programs and inclusive data ecosystems.
Collaboration between government agencies, research institutions, technology providers, and
agricultural stakeholders is crucial to drive long-term sustainable deployment and create maximum
impact. Further, integrating Al with other technologies such as biotechnology, nanotechnology and
blockchain opens new possibilities. Al-assisted biotechnology helps create nutritionally fortified and
ecofriendly food products, with nanotechnology enabling targeted nutrient and longer food shelf life.
Likewise, combining blockchain and Al improves food traceability, and enables transparency of the
food supply chain, logistics cost reduction, and better food safety. But ethical, technical and socio-
economic barriers still stand in the way of widespread adoption of Al in agriculture. The upfront capital
costs for smart farming systems, such as sensors, robotics, and machine learning systems make it
difficult for small and medium sized farms and emerging markets to adopt Al technologies. Further,
Al agriculture depends on large scale data collection and analyses, but poor internet infrastructure, lack
of computing power and power supply in rural areas limit the adoption of Al technologies. Data
management also questions issues surrounding data ownership, privacy and share of the value. Trading
agricultural data to large technology companies poses challenges of farmer autonomy and control over
agricultural knowledge systems. And automation may displace traditional forms of agricultural work,
leading to reskilling and information technology literacy programs.

Fairness and bias of algorithms is another issue. Al algorithms trained on past agricultural practices
may skew towards industrialized monoculture at the expense of smallholder and ecosystems diversity.

This can have implications on environmental and social sustainability. Sustainable and equitable food
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systems can be promoted through transparent, explainable and inclusive Al systems that enable fair
decision making and safeguard food sovereignty. Multilateral governance, open data and participatory
Al design can play a pivotal role in promoting equitable use of Al in agriculture.

In sum, Al based sustainable food systems are a paradigm shift towards productivity, environmental
sustainability and socio-economic resilience. The successful implementation of this vision relies on
the development of interpretable and adaptive Al models, infrastructure development, fair data
governance and cross-disciplinary collaboration. By investing in research, policy and human capital
development, Al can emerge as an integral technology for sustainable feeding of the world without
undermining the environment. The question is no longer if, but at what speed and with what fairness

Al systems can be embraced to enable inclusive, sustainable and resilient agricultural innovation.
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