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Abstract— In contemporary times, there has been a discernible incorporation of Artificial Intelligence (Al) applications inside
the agricultural sector. The driving force behind this development stems from the enduring challenges faced by the agricultural
sector. These challenges encompass concerns such as inadequate soil treatment, the prevalence of diseases and pests, the need
for comprehensive data analysis, suboptimal agricultural productivity, and the disparity in understanding between conventional
farming methods and advanced technology. The fundamental proposition underlying the involvement of artificial intelligence
(Al) in the agricultural sector is based on its exceptional adaptability, superior performance capacities, precision in decision-
making, and cost-efficiency. This study offers a comprehensive examination of artificial intelligence (Al) implementations in
several domains of agriculture, encompassing soil management, crop management, weed control, and disease management.
Significantly, the aforementioned statement underscores the importance of acknowledging both the positive attributes and
constraints inherent in these artificial intelligence (Al) applications, thereby illuminating their capacity to bring about
transformative changes in agricultural methodologies. Moreover, this research explores the application of expert systems in the
agricultural domain, revealing its potential to bridge the knowledge deficit and enhance production in the farming sector. The
potential for sustained growth and increased production in the agriculture industry is promising through the combination of
Al's adaptability and the knowledge amplification of expert systems.

Keywords-Artificial Intelligence, Agriculture, Soil Management, Crop Management, Disease Management, Weed
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. INTRODUCTION

The role of agriculture as a fundamental component of sustainability in any economy has been highlighted in previous studies
[1]. The importance of food goes beyond basic nutrition, making a considerable contribution to long-term economic growth
and supporting structural transformation, although there are variances across different nations [2-5]. Historically, agricultural
practises were primarily focused on the production of food and crops [6]. However, in recent years, there has been a significant
transformation in the agricultural environment. Currently, the field of agriculture comprises several activities such as
processing, production, marketing, and distribution of both crops and livestock products. The multifaceted agricultural
initiatives have emerged as a fundamental aspect of people's means of subsistence, contributing to the growth of the Gross
Domestic Product (GDP) [7]. Moreover, they have played a significant role in enhancing national commerce, reducing
unemployment rates, providing essential resources for diverse industries, and promoting overall economic progress [8-10].

Given the rapid growth of the world population, it is crucial to conduct a comprehensive evaluation of agricultural practises,
with the aim of identifying novel strategies to support and improve agricultural activities. The incorporation of Artificial
Intelligence (Al) in the agricultural sector is anticipated to be facilitated by a range of technological progressions, encompassing
big data analytics, robotics, the Internet of Things (10T), the widespread availability of cost-effective sensors and cameras,
drone technology, and extensive internet connectivity across geographically dispersed agricultural areas. By utilising these
techniques, artificial intelligence (Al) systems have the capability to analyse a wide range of data sources related to soil
management. These sources include temperature, weather patterns, soil composition, moisture levels, and historical crop
performance. The utilisation of data-driven methodologies enables artificial intelligence (Al) to provide predictive insights,
hence assisting in decision-making procedures such as the selection of suitable crops for a particular year and the identification
of optimal dates for planting and harvesting in certain geographical areas. As a result, these improvements possess the capacity
to not only augment agricultural productivity but also mitigate the excessive use of water, fertilisers, and pesticides.

The utilisation of artificial intelligence (Al) technology in the agricultural sector also has the potential to address the adverse
effects on natural ecosystems and improve the safety of workers. Consequently, this phenomenon leads to the maintenance of
consistent food prices and guarantees the ability of food supply to match the continuous growth of the world population. In
conclusion, the integration of artificial intelligence (Al) into the agricultural sector presents a great opportunity to address the
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changing demands of food production, while simultaneously promoting sustainability and economic advancement.
1. CONSIDERATION OVERVIEW

Agriculture is a domain characterised by a multitude of options and uncertainties, wherein every season presents its distinct
array of obstacles. The issues faced by farmers include the unpredictability of weather patterns, fluctuations in the prices of
farming inputs, soil deterioration, the cultivation of non-viable crops, encroachment by weeds, infestations by pests, and the
constantly changing climate. Given the prevailing uncertainties, farmers are compelled to navigate a multifaceted and intricate
terrain. This study concentrates on soil, crop, disease, and weed management within the context of agriculture, acknowledging
their crucial roles in agricultural output.

The significance of soil in agriculture cannot be overstated, since it plays a crucial role in providing the necessary nutrients for
optimal crop development. Soil serves as the fundamental basis for agricultural, forestry, and fishery production systems, acting
as a reservoir for essential resources like water, nutrients, and proteins that play a critical role in supporting the growth and
development of crops.

Crop production plays a pivotal role in Nigeria's economy, serving as a fundamental source of nourishment, raw materials, and
employment opportunities. In contemporary times, the domain of crop production encompasses various facets such as
marketing, processing, distribution, and post-sales services. There is an increasing focus on crop production and primary
industries, particularly in places characterised by low per capita income. Improving the yield and efficiency of crop production
can make a substantial contribution to a country's overall economic advancement.

In the face of the endeavour to address the requirements of a swiftly growing populace, the presence of plant diseases is a
significant obstacle since they reduce both the volume and calibre of agricultural output. The potential ramifications of post-
harvest infections on agricultural productivity are severe, emphasising the critical need for efficient disease management
strategies.

Weeds also pose a substantial threat in the field of agriculture, persistently hindering productivity. These organisms encroach
into agricultural fields, overwhelm grazing lands, and may endanger domesticated animals. Weeds engage in intense
competition with crops for vital resources, including water, nutrients, and sunlight, resulting in diminished agricultural yields
and poor crop quality.

In summary, the complex and diverse characteristics of agriculture necessitate the use of inventive strategies, namely in the
areas of soil, crop, disease, and weed control. The use of artificial intelligence (Al) in these particular areas possesses the
capacity to fundamentally transform agricultural practises, augment productivity levels, and fortify food security, so effectively
tackling the significant issues encountered by farmers on a global scale.

e DISEASE MANAGEMENT

The attainment of maximum agricultural production is heavily contingent upon the implementation of efficient disease control
measures. The presence of diseases in both plant and animal populations significantly hinders efforts to increase production.
Numerous factors contribute to the incubation and dissemination of these diseases, encompassing genetic susceptibility, soil
composition, meteorological variables such as precipitation, aridity, wind patterns, temperature variations, and additional
elements. Managing the effects of disease-contributing variables poses a significant problem, especially in the context of large-
scale farming operations, due to their unpredictable character.

Table | provides a comprehensive overview of artificial intelligence (Al) applications in the field of illness management, based
on a thorough analysis of available scholarly literature. In order to efficiently manage diseases and minimise agricultural losses,
it is imperative for farmers to use integrated disease control and management models that comprise a combination of physical,
chemical, and biological methods (39). Nevertheless, the implementation of these extensive tactics may prove to be a time-
consuming and inefficient use of resources (40). This highlights the urgent requirement for the utilisation of artificial
intelligence (Al) methods in the control and management of diseases.

Explanation blocks (EBs) provide a clear and comprehensive understanding of the logical structure employed by expert systems
[42]. Within the realm of crop disease control, a pioneering methodology is implemented, which incorporates the utilisation of
fuzzy logic for the purpose of rule promotion. This innovative technique greatly enhances the formation of intelligent
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inferences. In addition, the integration of a text-to-speech (TTS) converter improves user engagement through the provision of
a text-to-audio interface, so rendering it particularly efficient for real-time interactions on the internet [45]. A system has been
built that utilises a rule-based, forward-chaining inference engine to identify disorders and provide recommendations for
treatment [46]. The utilisation of Al-driven solutions in agriculture holds great potential for improving disease control
measures, leading to increased efficiency and proactive management. This, in turn, can contribute to higher crop yields and the
adoption of sustainable agricultural practises.

e WEED MANAGEMENT

Weeds present an enduring and substantial menace to agricultural practitioners, constantly reducing anticipated financial gains
and agricultural productivity [51]. According to reports, it has been established that the failure to effectively manage weed
infestations can lead to a significant decrease of approximately 50% in agricultural yields, specifically for crops such as dried
beans and maize [51]. The wheat crop encounters a reduction in production of around 48% as a result of competition from
weeds, and this figure can escalate to as much as 60% [52, 53, 54]. Research conducted on soybean and sesame crops has
demonstrated significant decreases in yield, ranging from 8% to an astonishing 75%, when exposed to weed interference [55,
56]. The variations in agricultural yield losses can be ascribed to the length of time that crops and weeds coexist [57, 58], as
well as the heterogeneity in the geographical distribution of weeds [59].

In addition to their influence on agricultural productivity, weeds have both advantageous and detrimental consequences on
ecosystems. In accordance with a paper published by the Weed Science Society of America (WSSA), it has been observed that
weeds possess the potential to exacerbate flooding events during storms. Additionally, several weed species have demonstrated
the ability to flourish in the wake of wildfires. Moreover, specific weeds have been identified as being poisonous properties,
capable of inducing irreversible liver damage upon consumption. Weeds pose an additional hindrance to the growth of plants
and crops as they engage in competition for vital resources, including water, nutrients, and sunlight. Certain types of weeds
possess toxic properties and might potentially endanger public health by inducing allergic reactions and posing health hazards.

Table | presents a concise summary of the various applications of artificial intelligence in the field of weed management.
Despite the implementation of extensive weed control tactics reliant on herbicides in the preceding decades, it is currently
projected that the financial impact of weed-related crop losses in field crops within western Canada continues to surpass $500
million on an annual basis [60]. This highlights the urgent requirement for the development and implementation of more
sophisticated and specialised methods for weed management [51].

One novel strategy entails the utilisation of unmanned aerial vehicles (UAVs) for the purpose of imagery analysis. The
aforementioned system employs a process of image segmentation to partition images, performs calculations and conversions
of vegetation indexes into binary representations, identifies crop rows, optimises parameters, and constructs classification
models. The utilisation of a crop row detection method is of great significance in accurately differentiating between crops and
weeds due to the spectral similarities observed between them [64].

In addition, the utilisation of digital image analysis obtained from unmanned aerial vehicles (UAVs) for online weed detection,
in conjunction with computerised decision-making and GPS-guided patch spraying, offers a feasible approach to address weed
management challenges in various crops such as sugar beetroot, maize, winter wheat, and winter barley [67]. Drones have been
shown to possess the capability to navigate at controlled speeds, as exemplified in a specific case [68]. They are able to swiftly
identify the positions of tomatoes and weeds, and effectively guide the spray controller to provide precise weed management.
The utilisation of Al-driven methodologies exhibits significant potential in mitigating yield losses, mitigating environmental
consequences, and enhancing weed management practises within the agricultural sector.

e SOIL MANAGEMENT

The use of efficient soil management techniques is a crucial aspect of agricultural practises, as it significantly influences both
crop productivity and the preservation of valuable soil resources. A thorough comprehension of various soil types and
conditions is necessary in order to maximise agricultural results. Soil management comprises a range of activities,
methodologies, and interventions aimed at improving the overall functionality of soil. In the context of urban environments,
where soils have the potential to contain contaminants, conventional methods of soil survey can be utilised to examine and
address possible concerns [11].
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The utilisation of compost and manure is an effective approach to enhance soil porosity and aggregation, which plays a crucial
role in mitigating the formation of soil crust. The integration of organic materials has been found to have a substantial impact
on the overall quality of soil, presenting a viable and environmentally-friendly method for enhancing soil conditions [12]. Soil-
borne diseases provide significant risks in the cultivation of vegetables and edible crops, requiring the implementation of
rigorous control measures through careful soil management practises [13].

The evaluation of the sensitivity of soil deterioration plays a crucial role in assessing the sustainability of land management
practises. The statement recognises the inherent heterogeneity of soils in terms of their ability to endure and rebound from
negative effects [14].

Table | presents a succinct overview of methodologies and strategies employed in the domain of Al-driven soil management.
The utilisation of management-oriented modelling (MOM) has become more significant in the effort to reduce nitrate leaching.
MOM employs a systematic methodology that involves the creation of feasible management options, evaluation through
simulation, and selection based on predetermined criteria. The MOM system utilises strategic "hill-climbing" and tactical "best-
first" search techniques in order to ascertain the most optimal solutions [15].

The advancement of the Soil Risk Characterization Decision Support System (SRC-DSS) relies on three key phases: knowledge
collection, conceptual design, and system implementation. These steps use principles from the field of engineering to improve
soil risk assessment and management [16].

Artificial Neural Networks (ANNSs) are utilised for the purpose of forecasting soil texture features, including sand, clay, and
silt content. This is achieved by the integration of information obtained from coarse-resolution soil maps and hydrographic
parameters produced from digital elevation models (DEMs) [21].

In addition, the remote sensing devices integrated inside higher-order neural networks (HONNS) enable the dynamic monitoring
and assessment of soil moisture levels. This technological advancement enhances our ability to comprehensively comprehend
and effectively regulate soil conditions [22]. The Al-driven breakthroughs hold the potential to significantly transform soil
management, presenting novel ways to enhance agricultural practises and foster sustainability.

e CROP MANAGEMENT
Crop management involves a range of essential tasks, beginning with the initiation of seed planting and continuing with the
monitoring of crop growth, the harvesting process, and the subsequent storage and distribution of crops. The aforementioned
operations jointly strive to augment the growth and productivity of agricultural commodities. An in-depth understanding of
diverse crop categorizations, considering their distinct temporal and soil prerequisites, is crucial for maximising agricultural
productivity.
Precision crop management (PCM) is an advanced agriculture management system designed specifically to cater to the distinct
requirements of crops and soils, with the primary objective of maximising profitability while simultaneously upholding
environmental sustainability. Nevertheless, PCM has encountered difficulties, mainly attributed to the lack of prompt and
extensively disseminated data regarding crop and soil conditions [26].
Farmers sometimes encounter the necessity of implementing a range of crop management measures in order to address water
deficiencies resulting from several variables, including soil characteristics, weather patterns, and restricted irrigation resources.
The preferred technique frequently involves the implementation of flexible crop management systems, which are driven by
decision rules. The time, intensity, and predictability of drought are significant factors that have a crucial impact on the selection
of appropriate cropping choices [27].
A comprehensive comprehension of meteorological patterns is of great significance in the process of making informed
decisions, ultimately exerting an influence on the productivity and standard of crops [28]. In the realm of agricultural systems,
cutting-edge technologies such as PROLOGUE make use of several factors such as meteorological data, machinery capabilities,
labour availability, and operational characteristics to assess and enhance the performance of farm systems. This encompasses
the process of approximating crop production, gross revenue, and net profit at both the level of individual fields and the entirety
of the farm [30].
Crop prediction approaches integrate a range of soil and atmospheric data in order to anticipate the most appropriate crops for
a given area. These characteristics comprise several soil variables, including but not limited to type, pH, nutrient levels,
temperature, humidity, and rainfall patterns (Reference 31).
State-of-the-art technology such as Demeter, a computer-controlled speed-rowing machine, incorporate video cameras and
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global positioning sensors to ensure accurate navigation and strategic planning of harvesting activities. Demeter effectively
implements its strategy by systematically dividing crop rows, readjusting its position within the field, and identifying
unanticipated barriers, hence enhancing the efficiency of harvesting operations [32].

The utilisation of artificial intelligence (Al) in the process of cucumber harvesting encompasses a variety of hardware and
software elements. These include self-driving vehicles, manipulators, end-effectors, computer vision systems for identifying
fruits and assessing environmental conditions, as well as advanced control mechanisms to ensure the safe and efficient
movement of manipulators during the harvesting process [33].

Moreover, Al-driven models, specifically Artificial Neural Networks (ANNs), employ field-specific rainfall data and weather
variables in order to enhance the accuracy of rice yield projections. The adjustment of artificial neural network (ANN)
parameters has a substantial impact on the accuracy of predictions. In the case of smaller datasets, it is observed that fewer
hidden nodes and lower learning rates are necessary for achieving optimal model optimisation [38]. The utilisation of Al-driven
breakthroughs has the potential to revolutionise crop management, enhance agricultural efficiency, and promote the
sustainability of food production.

Table | Summary of Literature Review

Appl Authors and Technique Strength Limitation
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1. CURTAILING CHALLENGES OF Al IN AGRICULTURE

Expert systems have the potential to serve as valuable instruments for agricultural management by providing location-specific,
comprehensive, and interpreted guidance to improve farming techniques. Nevertheless, the development and extensive
utilisation of these technologies in the field of commercial agriculture have been relatively new and constrained up until now
(70). Despite some significant improvements, the impact of artificial intelligence (Al) on the agricultural industry still falls
short of its full potential and is comparatively less influential than in other industries. There exists a compelling imperative to
undertake further endeavours in order to effectively leverage the potential of artificial intelligence (Al) for the enhancement of
agricultural practises, in light of the current constraints encountered during its deployment. Addressing the problems posed by
artificial intelligence (Al) in the agricultural sector necessitates a collaborative endeavour including multiple stakeholders, such
as researchers, farmers, policymakers, and technology developers. The following are essential techniques to effectively tackle
these challenges:

In order to address the challenges posed by expensive data plans and inadequate internet connectivity in rural regions, it is
imperative for governments and organisations to allocate resources towards enhancing internet infrastructure. This entails the
provision of subsidies for data plans and the facilitation of affordable, Al-compatible gadgets to enhance accessibility for
farmers.

* Education and Training: It is recommended to implement training programmes aimed at providing farmers with knowledge
about artificial intelligence (Al) technologies and the advantages they offer. It is imperative for farmers to possess a high level
of proficiency in utilising artificial intelligence (Al) technologies and systems in an efficient manner. It is imperative that these
programmes are sustained in order to ensure that farmers remain informed about the most recent breakthroughs.

» Contextualised Solutions: Artificial intelligence (AI) solutions ought to be customised to cater to the distinct requirements
and circumstances of several geographical areas and agricultural produce. Localised solutions have the capacity to effectively
tackle distinctive difficulties, such as particular crop diseases or climate circumstances.

Collaboration among researchers, technology businesses, and farmers is vital in order to collectively develop and enhance
artificial intelligence (Al) solutions. The contribution of farmers is of utmost importance in guaranteeing the practicality and
efficacy of these technologies within real-world agricultural contexts.

The establishment of comprehensive legislation pertaining to data privacy and ownership rights in agricultural Al systems is
imperative for governments. It is imperative that farmers retain authority over their data, ensuring that it is not subject to
exploitation without their explicit consent.

« It is imperative for developers to give utmost importance to the interoperability of Al systems. Farmers frequently employ a
diverse range of instruments and equipment in their agricultural practises, and it is imperative that artificial intelligence (Al)
systems smoothly interface with these pre-existing technologies in order to optimise their effectiveness.
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» The optimisation of resource utilisation, including water and fertilisers, is a crucial aspect to consider in the design of Al
systems. This approach aims to minimise the environmental footprint of farming practises and enhance sustainability within
the agricultural sector.

Continuous improvement is a crucial aspect in the field of artificial intelligence, whereby developers are encouraged to
consistently update and refine Al algorithms with the aim of improving accuracy and performance. This entails using input
from agricultural practitioners to enhance and modify the technology.

« It is recommended that resources be allocated by governments, agricultural organisations, and investors to provide assistance
for research and development in the field of artificial intelligence (Al) as it pertains to agriculture. It is imperative to allocate
funding towards pioneering initiatives that possess the capacity to address urgent agricultural issues.

* Facilitate the exchange of agricultural data and knowledge among farmers and researchers to promote information sharing.
Open data projects have the potential to facilitate collaboration and expedite the advancement of efficacious artificial
intelligence (Al) solutions.

A. The promptness and precision of response: A crucial characteristic of an intelligent or expert system is in its capacity to
execute tasks with precision and efficiency within a limited time period. Numerous currently available systems have difficulties
in achieving a satisfactory equilibrium between response time and accuracy, frequently exhibiting deficiencies in either one or
both of these dimensions. The selection of a user's approach for task completion can be influenced by delays in system response.
Typically, individuals select one of three strategies, namely automatic performance, pacing, and monitoring, by evaluating a
cost function that considers the effort needed to synchronise the availability of the input system with the desired level of
accuracy [71].

B. Requirements for Big Data: The efficacy of an intelligent agent is also dependent on the quantity of input data it is capable
of processing. Efficient data filtering algorithms are important for real-time Al systems to effectively monitor extensive
volumes of data on a continual basis. In order to provide prompt and effective response to crucial or unforeseen situations, it is
imperative for the system to thoroughly analyse incoming data. This highlights the significance of obtaining comprehensive
expertise on the work of the system from domain specialists and employing just pertinent data to improve efficiency and
precision. The creation of agricultural expert systems is a multidisciplinary undertaking that necessitates the involvement of
specialists from several agricultural fields and close interaction with the producers who will ultimately utilise these systems
[70].

In summary, it is crucial to acknowledge and address the limitations associated with expert systems and Al in the context of
agriculture, specifically pertaining to response time, accuracy, and big data management. By doing so, we can fully harness
their transformative potential in optimising farming techniques and promoting the long-term viability of agricultural
endeavours.

The efficacy of an expert system is heavily dependent on its technique of implementation. The establishment of a well defined
methodology for data retrieval and training is of utmost importance in light of the increasing dependence on big data. This is
necessary to guarantee optimal levels of both efficiency and precision. This involves the development of resilient algorithms
and data structures that can effectively retrieve and manipulate extensive quantities of information necessary for decision-
making.

One of the challenges associated with Al systems is the high cost of data. This issue is particularly prevalent in isolated or rural
regions where internet connectivity may be restricted or expensive. Government initiatives can play a crucial role in providing
assistance to farmers and facilitating the use of artificial intelligence (Al) systems in the agricultural sector. Governments
possess the ability to provide web-based services and offer cost-effective device alternatives with decreased rates, specifically
customised to smoothly integrate with artificial intelligence (Al) systems intended for agricultural practitioners. Moreover, the
provision of training and retraining initiatives, such as comprehensive orientations on the utilisation of Al technologies, can
enhance the capacity of farmers to embrace and efficiently employ these advanced tools within their agricultural operations.

One important aspect to consider is the concept of flexibility. The virtue of flexibility is of utmost importance in ensuring the
robustness of an artificial intelligence system. Considerable advancements have been achieved in the use of artificial
intelligence (Al) methodologies for individualised tasks. However, the current trajectory of Al-driven robotics technology is
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increasingly centred on the amalgamation of subsystems inside a cohesive and unified framework. This requires not only the
flexibility of individual subsystems but also their ability to adapt and interact efficiently with other components. In order to
expand its capabilities, it is imperative to develop an Al system that is adaptable and capable of incorporating more user data
from field specialists. This would enable the system to integrate various expertise and insights. (Reference: [73])

In conclusion, it is crucial to address these factors, such as optimising the implementation approach, reducing the expenses
associated with data acquisition, and improving adaptability, in order to fully harness the capabilities of artificial intelligence
systems in the agricultural sector. The implementation of these processes is crucial in order to optimise the efficacy of Al
technologies in driving agricultural progress, hence yielding substantial benefits for farmers and the agricultural sector at large.
In summary, effectively tackling the obstacles associated with artificial intelligence (Al) in the agricultural sector necessitates
a comprehensive strategy that spans various dimensions, including ensuring technological accessibility, promoting education,
fostering collaboration, implementing regulatory measures, and demonstrating a steadfast dedication to sustainability. Through
collaborative efforts and ongoing enhancements of artificial intelligence (Al) applications, we can effectively leverage the
whole capabilities of Al to address the increasing requirements of worldwide food production, all while mitigating adverse
environmental consequences.

VI. THE FUTURE OF Al IN AGRICULTURE

The predicted increase in the global population, expected to exceed nine billion by 2050, presents a significant challenge in
terms of meeting the growing demand for food. It is estimated that agricultural production will need to expand by almost 70%
to adequately address this pressing need. It is worth mentioning that the expanded production is anticipated to originate from
previously unused lands by a mere 10%, underscoring the necessity for intensifying existing agricultural practises. In this
particular setting, the incorporation of cutting-edge technical solutions into agricultural practises emerges as an indisputable
must.

Contemporary approaches to enhancing agricultural productivity frequently depend on the utilisation of substantial amounts of
energy, while there is a growing consumer preference for superior food items [74]. Robotics and Autonomous Systems (RAS)
have the potential to bring about significant changes in multiple industries, including ones with comparatively lower
productivity levels, such as the agro-food sector. This sector comprises the entire process of food production, starting from the
farm and ending at the retail shelf.

The agricultural and food supply chain in the United Kingdom is a substantial driver of economic growth, with an annual
contribution of more than £108 billion and a workforce of 3.7 million people. The industry, which operates on a global scale,
holds significant importance in terms of exports, as evidenced by the documented export value of £20 billion in 2016 [75]. The
integration of RAS technologies in the agricultural and food production industry has the potential to significantly transform the
sector's efficiency, sustainability, and productivity. This adoption can play a crucial role in tackling the urgent issue of providing
sustenance to an expanding global population while simultaneously mitigating environmental consequences.
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