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ABSTRACT: Agriculture contributes significantly to socio-economic development, food security, 

and employment opportunities for a large number of people globally. Hence, the objective of this paper 

was to explore a systematic review of current trends in precision agricultural model to address food 

insecurity challenges using appropriate standard techniques. The results revealed the potential of 
precision agriculture in solving food insecurity challenges, minimizing agricultural input wastage, and 

promoting lucrative farming. This agricultural model builds on innovative technology collect data, 

analyze, and make critical predictions thereby providing lasting solutions to complex agricultural 
challenges. According to the United Nations, about 2/3rd of the world's population will be living in 

urban areas by 2050. This report indicated the need to incorporate emerging technological innovation 

into agriculture to increase food production and ensure food availability. Robotics and drones are 
innovative technologies with the potential to change the agricultural landscape, especially in 

developing nations. Consequently, the application of automaton, AI, and predictive tools to tackle real-

time agricultural challenges is at the nascent stage in the developing areas of the world. Financial 
constraints, lack of technical knowledge, and lack of government support remains major challenges 

influencing precision agriculture in developing countries. Finally, adopting a precision agricultural 

model by farmers will help in pest detection, and predicting crops with favourable output, to cope with 
the current food insecurity challenges, especially in developing countries.  
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The development of a precision agricultural model 

assisted technological innovation poised to change 

the pre-existing paradigm in the agricultural 

landscape (Cui et al., 2022; Gokool et al., 2023; 

Gorai et al., 2017). Precision agriculture is also 

known as Site-Specific Agriculture (SSA), Satellite 

Farming (SF), Precision Farming (PF), and Smart 

Farming (SmF) (Gokool et al., 2023). This 

agricultural model harnesses the power of digital 

technology such as Information Technology (IT), 

Global Positioning System (GPS), Remote Sensing 

(RS), Data Analytics (DA), and machine learning to 

improve farm productivity, food security, and 

environmental sustainability (Gokool et al., 2023; 

Gorai et al., 2017). Precision farming ensures the 

proper application of farm inputs such as water, 

target seedlings, pesticides, herbicides, and fertilizers 

to plots or sections to improve crop yield and ensure 

ecosystem sustainability (Cesco et al., 2023; Whelan 

and Taylor, 2013).  This agricultural model with 

highly transformative potential offers lasting 

solutions to the impending food insecurity challenges 

and environmental degradation in developing 

countries of the world (Ncube et al., 2018; Ritchie et 

al., 2023; Dell’Angelo et al., 2023; Ghalazman et al., 

2022). 
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The precision agriculture model also includes 

precision irrigation mainly differential irrigation 

which treats different fields and/or farmlands 

according to the soil texture, crop variety, and 

nutrient requirement (Ncube et al., 2018). This 

approach saves costs and minimizes wastage when 

compared to traditional irrigation (Smith and Baillie 

2009; Ncube et al., 2018). Ncube et al., (2018) report 

that about 60% of agrochemical and 30% of mineral 

fertilizers have been saved by precision agriculture in 

West African farmers. However, adoption of this 

farming model is extremely low due to several 

challenges ranging from financial challenges to 

technical skills deficiencies. With an estimated 10 

billion global population by 2050, digital 

transformation in the agricultural sector or precision 

agriculture remains inevitable to cope with the 

looming food crises, particularly in developing 

countries (Abu et al., 2022).  

 

Many developing countries including sub-Saharan 

African countries rely on agriculture for economic 

development. One-third of the gross domestic 

production in many sub-Saharan countries is 

contributed by the agricultural sector. Providing 

employment opportunities to two-thirds of the 

terming youth in the region (FAO, 2017). Despite the 

significant contribution of agriculture to economic 

development in developing countries including sub-

Sahara Africa, agricultural development in the region 

remains a chronic challenge (FAO, 2017; Fuglie 

2013). In 2017, an estimated 30 million people were 

ravaged by food insecurity in West African countries. 

Regrettably, 4.7 million children were intensely 

malnourished (FAO, 2017). This data revealed 

chronic food insecurity scenario in developing 

countries. By 2050, an estimated 40% decrease in 

cereal production is expected in West Africa below 

80% production in 2015 from yield trend 

extrapolation (van Ittersum et al., 2016). 

 

Universally, studies relating to precision agricultural 

farming have been reported. Wall and King, (2004) 

critically analyzed the application of soil sensing 

technology in farming systems to improve crop 

productivity. Hemalatha and Sujatha (2015) reported 

that examining farmland temperature and moisture 

using remote sensors and vehicle predictions 

provides information on soil water content. However, 

in West Africa, studies about precision agriculture 

practices are relatively few (Schlecht et al., 2006; 

Aune and Bationo, 2008). Their studies revealed 

improved crop varieties, seed priming techniques, 

fertilizers micro-dosing, manure and mulch targeted 

application, and cultivating food crops together with 

trees and fodder as the main precision agricultural 

technologies. On the other hand, Pierre et al., (2017) 

reported the role of fertilizer micro-dosing in 

enhancing maize yields but may exacerbate nutrient 

mining in maize cropping systems in northern Benin. 

Louise et al., (2019) reported the application of 

remote sensing in Maize yield estimation in West 

Africa. Also, the efficient semi-parametric estimation 

of multi-valued treatment effects under triviality was 

reported by (Matias 2010). These reports revealed 

relatively low adoption of precision agriculture 

technology in developing regions to improve food 

production, boost farmer’s profits, and ensure 

environmental sustainability. With the increasing 

human population, food insecurity, and global 

climate change effect, precision agriculture aims to 

provide solutions to emerging challenges in the 

agricultural sector. Hence, the objective of this paper 

was carried out a systematic review of current trend 

in precision agricultural model to address food 

insecurity challenges.  

 

MATERIALS AND METHODS 
The Preferred Reporting Items for Systematic 

Reviews and Meta-Analysis (PRISMA) model was 

adopted from Onyeneke et al., (2019) and used for 

this study. This framework (PRISMA) provides 

useful criteria for collecting academic resources such 

as systematic reviews and research involving 

secondary data analysis. Inclusion and exclusion 

criteria, stepwise review process, data abstraction, 

and analysis were also adopted from the method 

(Shaffril et al., 2018; Escarcha et al., 2019; 

Onyeneke et al., 2019). 

 

An online literature search for relevant open-access 

English language-published, peer-reviewed, and gray 

literature was conducted using databases such as 

Google Scholar (GS), African Journals Online 

(AJOL), Web of Science (WoS), Data Citation Index, 

MEDLINE®, Science4Life; Science Direct; and 

SpringerLink JSTOR, Nigerian Higher Education-

based Journals, Professional Association-based 

journals, and Government-owned Non-Governmental 

Organization-owned Repositories.  

 

Search Coverage, Search Terms, and Data 

collection: The search criteria cover publications 

from 2000 to 2024 (Fig. 1). The research report on 

farmers' adaptations to the precision farming model 

to maximize limited available resources and achieve 

optimum agricultural output was given serious 

consideration. The following keywords string were 

used for the search  ―robotics + agricultural‖, 

―artificial intelligence + agriculture‖, ―Machine 

learning model in agriculture‖, ―Data science and 
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agriculture‖,  ―Precision agriculture + sustainable 

food production‖, ―precision agriculture + food 

security‖, ―precision farming‖, ―Site-specific 

farming‖, ―soil sensor‖ and ―crop sensor‖. A total of 

2,356 resources were identified from the search 

databases.  

 

Inclusion/exclusion criteria: (i) Studies that have 

used precision agriculture/site-specific farming/ 

smart farming concepts fully or partially were 

adopted 

(ii) Studies that have used precision 

agriculture/climate smart/site-specific farming/ smart 

farming concepts/conservation agriculture elsewhere, 

fully or partially. These were considered relevant and 

included (Justine et al., 2021) 

 

 
Fig. 1 Flow diagramme for literature search and inclusion criteria 

 

Articles Screening Technique: Initial title screening 

of relevant articles for inclusion and exclusion was 

carried out on studies focusing on precision 

agricultural models/approaches for sustainable food 

production. The technique excluded topics that were 

not specifically on agriculture and environmental 

sustainability.  

 

The second stage focuses majorly on the abstract for 

screening of retrieved resources. Studies lacking 

accessible abstracts, summaries, or non-English 

language abstracts were removed. Abstracts that were 

not focused on the potential of precision agriculture 

for ensuring food security in developing countries 

were excluded. Consideration was given to abstracts 

related to agriculture, and environmental 

sustainability. Abstracts that mention precision 

agriculture without information on specific focus in 

developing countries were also excluded. 

 

Two independent reviewers screened the resources 

for inclusion and exclusion criteria for all studies at 

title and abstract levels. A third reviewer was 

consulted when there was no clear idea for inclusion 

or exclusion of any study. Consistent understanding 

among the reviewers was achieved through proper 

discussion of the procedure and criteria for screening 

at both levels according to the final database analysis 

and classification. The classified articles and studies 

based on precision agriculture were screened 

according to the scope of study and the purpose viz:  

 

a) The application of precision farming practices in 

the study aimed at addressing: land, and crop 

improvement/intervention measures, soil mapping, 

crop mapping, growth monitoring, precision 

irrigation, nutrient and pest monitoring and 

management, and yield predictions.  
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b) Productivity: outcome of precision agriculture 

model used in the field of agronomy, environmental 

sustainability, and economic output  

c) Study model: The precision agriculture study 

model was seriously considered. Specific 

terminology such as precision farming, site-specific 

farming, and climate-smart agriculture are closely 

related to precision agriculture concepts. Only 

primary research studies were incorporated into the 

final selected document for this study.  

 

RESULT AND DISCUSSION 
Impact of digital technology on the agricultural 

sector: Precision agriculture adopts and applies 

innovative improvements in science and technology 

to solve food insecurity challenges, minimize waste 

of resources, and ensure lucrative farming (Gebbers 

and Adamchuk, 2010). This farming approach, 

supported by advancements in technologies detects 

variations in patterns of different agricultural 

practices and suggests solutions based on those 

patterns (Yao and Wu, 2011; Robert, 2002). Global 

positioning systems (GPS) and timely spatial data 

remain the critical driver of precision agriculture. 

Farm planning, field mapping, soil sampling, tractor 

guidance, crop scouting, variable rate applications, 

and yield mapping are enhanced by GPS-based 

applications in precision farming (Yao and Wu, 

2011). During low visible field conditions such as 

rain, dust, fog, and darkness GPS-based systems 

allow farmers to work with minimal risk of wasting 

farm input. This AI-assisted technology makes 

precision agriculture a solution to the impending food 

insecurity in developing countries (Zarco-Tejada, 

2014). 

 

The different precision agricultural practices, their 

output, and the corresponding impacts in the 

agricultural sector are presented in (Fig 2). AI-based 

technology contributed substantially to the 

development of the agricultural sector globally. This 

technology changes various fields of agriculture such 

as irrigation, soil content sensing and analysis, crop 

monitoring, weeding, and crop establishment (Kim et 

al., 2008). High-value applications of AI in the 

agricultural sectors are built on robots to achieve 

maximum results. 

 

 
Fig 2: Digital technology in the agricultural sector 

Source: (Adopted from IFAD Rural Development Report 2021; Ceccarelli et al., 2022) 

 

The application of AI in the agricultural sector has 

facilitated improved agricultural output with less 

input and less effort. An estimated 75 million 

technology-associated connected devices were 

expected to be used by farmers in 2020. However, an 

average of 4.1 million points of data is estimated to 

be generated in 2050 by farmers in developed and 

developing countries. These indicated the potential 

contributions of AI to agricultural development and 

curbing food insecurity in developing countries. The 

application of an AI-based model in agriculture 

allowed for the easy gathering of large amounts of 

data from relevant government and public websites 

analyzed and offered farmers solutions to complex 

problems, provided smart irrigation techniques, and 

increased farm productivity (Panpatte, 2018). 

Technical combination of AI model and 

biotechnology can potentially reduce the agricultural 

workforce, improve productivity, and reduce food 

insecurity (Panpatte, 2018). The United Nations 
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report revealed that about 2/3rd of the world's 

population will be living in urban areas by 2050. This 

will lead to inevitable food insecurity and severe 

pressure on farmers and food security in developing 

regions of the world (Tanha et al., 2020). Application 

of AI-base technology and machine learning models 

can help agriculture reduce threats, reduce the cost of 

production, and provide affordable and efficient 

farming systems, provide employment opportunities 

for women, youth, and children in the West African 

region.  

 

Chatbots for farmers: Chatbots also known as 

conversational virtual assistants are automated to 

interact with humans efficiently.  Chatbots powered 

by artificial intelligence and machine learning 

algorithms provide critical insight into natural 

language and communicate in a personalized way 

with humans (Tanha et al., 2020). They are enhanced 

by mechanical and computer commands for various 

functions such as retail, travel, and media. This 

advantage has been harnessed to facilitate increasing 

agricultural productivity for farmers by receiving and 

answering challenging agricultural-related questions 

and providing advice and recommendations to 

farmers (Tanha et al., 2020). The recent advancement 

in information technology facilitated by mobile 

connectivity chat-bots has great potential to help in 

agricultural development in developing countries 

(Chen and Liu, 2020). However, farmers in rural 

areas still witness glitches in communication due to 

the reliance on crude  and/or handy peer knowledge 

to solve pressing agricultural challenges (Darapanemi 

et al., 2022), 

 

Mobile chat-bots for crop production: Fig. 3 shows a 

deep learning-based mobile chat-bots model designed 

for crop-based production farmers in Akwa Ibom 

State, Nigeria (Patience et al., 2022). This model 

consists of the following significant components to 

facilitate its smooth operation viz Deep machine 

learning algorithms, natural language processing 

(NLP), intent recognition algorithm (query), 

knowledge base (dataset), response generator, and 

user interface (Patience et al., 2022). The targeted 

population for this AI chat-bots was cassava farmers 

in the Uyo Metropolitans area. Their interaction 

occurs through the user interface of their mobile 

devices to send queries and observed responses 

generated.  

 

―However, data obtained from identified sources 

were stored in the knowledge base and typically used 

to help the ML algorithms define rules for generating 

outcomes after processing user queries. Word 

shuffling and Jacquard Similarity algorithms were 

also deployed to develop classifiers for the users’ 

intents. The NLP pre-processing techniques were 

used to interpret human natural language input to 

ease understanding of the users’ input by the machine 

(chat-bots) (Patience et al., 2022). 

 

 
Fig 3: Mobile chatbots Proposed for crop production 

Sources: (Patience et al., 2022). 

 

Robots in agriculture: According to Tanha et al., 

(2020), a large sector of the economy with relatively 

low productivity such as the Agri-food sector drives 

the introduction of Robotics and Autonomous 

Systems (RAS). This technology has played a 

substantial role in the agricultural sectors in 

developed countries. The UK-RAS White papers 

(2018) revealed that over £108bn p.a., were mainly 

generated from the retail of the UK agricultural food 

chain, employing about 3.7 million persons and 
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yielding £20bn of exports in 2016 from international. 

This significant milestone achievement has been 

enhanced by robots. This makes researchers advocate 

for the design of autonomous robotic systems to aid 

agricultural productivity and replace the lack of 

and/or efficient conventional farming machinery in 

developing countries globally (Dursun and Ozden, 

2011).  

 

Human labour replacement benefits in both small and 

large-scale agricultural farms drive the introduction 

of robotic technology in the agricultural sector 

(Manivannan and Priyadharshini, 2016; Pedersen et 

al., 2008). Weeding, irrigation, farm guarding for 

delivering effective reports, adverse environmental 

conditions mitigation, increased precision, and 

individual plant management, are the major 

operations in the agriculture sector handled by 

autonomously robotic systems (Tanha et al., 2020). 

 

Artificial Intelligence for optimizing Irrigation in 

agriculture: Globally, 80% of the freshwater 

resources are consumed by the agriculture sector 

(Tanha et al., 2020). Unfortunately, rapid population 

growth poses immense pressure on water resources 

due to the increasing demand for domestic and 

industrial use. Hence, the need for efficient 

technology innovation aims to reduce water wastage 

in the agricultural sector and replace manual 

irrigation practices (Tanha et al., 2020). 

Implementing autonomous irrigation machines 

requires knowledge, of atmospheric parameters such 

as humidity, wind speed, solar radiations, and crop 

factors such as the stage of growth, plant density, soil 

properties, pest, and plant evapotranspiration.  

 

Different irrigation models aimed at limiting resource 

usage and ensuring resource efficacy have been 

discussed (Kumar, 2014). To determine soil fertility 

and primary ingredient percentages such as 

potassium, phosphorous, and nitrogen conveniently, a 

fertility meter and pH meter are set up on the field to 

improve efficiency and agricultural output. To ensure 

improved agricultural productivity and reduce the 

number of manpower by detecting water level, soil 

temperature, nutrient content, and weather 

forecasting, AI-based technology is applied for 

irrigation including wireless technology for drip 

irrigation which is planted in the agricultural field to 

enhance automatic plant irrigators (Kumar, 2014). 

 

In this model, turning ON/OFF the irrigation pump 

activates the micro-controller. Machine-to-machine 

(M2M) is used to share communication and data 

among the different components of the machine and 

the server (Shekhar et al., 2017). In 2017, an 

automated robotic model (Arduino and Raspberry 

pi3) to detect the moisture content and temperature of 

agricultural land was developed (Savitha and 

UmaMaheshwari 2018). In this model, data sensing 

occurs regularly and is sent to the Arduino 

microcontroller which converts the analog input to 

digital, the data are sent to the Raspberry pi3 

(embedded with the KNN algorithm). Finally, the 

signal is sent to the Arduino to start the water source 

for irrigation. Water supply from the store will be 

according to the requirement updated and stored in 

the sensor values. A similar automated irrigation 

system to reduce water consumption using remote 

sensing and Arduino technology to reduce water 

consumption in agricultural land to about 40% was 

developed according to (Jha et al., 2019). Another 

automated model used in agricultural irrigation for 

optimum out is presented in Table 1.  

 

The first technology innovation in the irrigation of 

agricultural land started from drip irrigation. This 

technique ensures a limited amount of water loss due 

to evapotranspiration, by directing water beneath the 

crop and ensures efficiency (Dukes et al., 2009).  

Subsequent development and advancement saw the 

application of sensors to detect soil moisture content, 

raindrops, and wireless broadband networks, powered 

by solar panels (Dukes et al., 2009). Water-on-

demand irrigation is the major technique for moisture 

sensors. In this technique, thresholds are set based on 

the soil capacity. However, the sensor provides 

permission to the controller when water is needed on 

the farm. The moisture content level of a particular 

zone is read by the sensor at a specified time. If the 

moisture content in that zone is below the threshold, 

water will be allowed in that zone (Yong et al., 

2018). 
 

Drones in Agriculture: Drones are Unmanned 

aeronautical vehicles (UAVs) or unmanned ethereal 

frameworks (UAS), mostly called automatons (Fig. 

4a - f), which are remote control devices for different 

purposes (Mogli and Deepak, 2018). The application 

and utilization of drones in agricultural operations are 

aided by GPS and other sensors mounted on the 

drone. Data collection about soil quality, livestock 

well-being, nutrient levels, crop health and yield 

monitoring, weather and rainfall patterns, irrigation 

equipment monitoring, weed identification, herd and 

wildlife monitoring, and disaster management have 

been handled by drones recently in technologically 

advanced nations in the agricultural sector 

(Veroustraete, 2015; Ahirwar et al., 2019; Natu and 

Kulkarni, 2016; Udit, 2021). Similarly, image 

capturing, processing, and analysis which are making 

a huge impact on agriculture are done by drone and 
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remote sensing (Abdullahi et al., 2015; Spoorthi et 

al., 2017).  

 

The different types of drones and their specification 

for agriculture are presented in Table 2. In the area of 

crop spraying, drones played a substantial role in the 

agricultural sector. They have been considered 

effective in clouded weather conditions to spray 

inaccessible fields with tall crops, for example, maize 

(Sugiura et al., 2005; Simelli and Tsagaris, 2015). 

Their solid favorable position and satellite airborne 

sensors of high picture resolution make the drone 

favourable equipment in the agricultural sector 

(Jannoura et al., 2015; Simelli and Tsagaris, 2015).  
 

Table 1: Summary of Irrigation Automation Using Various Artificial Intelligence Technologies. 

Source: adapted from Tanha et al., (2020) 
 

Table 2. Agro-based Classification of Drones 

UAV Rotary Wings Fixed Wings 

Flight duration Fly ~20 min Fly up to an hour 
Wind pressure Can be flown from in winds 

gusting from 20 - 50 mph 

Obtained satisfactory 

images by in and out 

flight  
Direction changing 

flexibility 

Allow new direction during flight 

for re-direction 

Allow new direction 

upload during flight for 
re-direction 

Price range $500 - $100,000 $500 - $100,000 

Deployable option Highly deployable Highly deployable 

Source: adapted from Tanha et al., (2020). 

 

For spraying synthetic substances in the agricultural 

field, drone plays an important role in achieving 

accurate results with no harm to non-targeted crops 

or areas (Kale et al. 2015).  These has been were 

enhanced with sensors conveyed on the crops in the 

field known as remote sensor networks (WSN) which 

controlled the way toward applying the synthetic 

compounds. From the data recovered by the drone, 

only data on synthetic substances only spread into the 

assigned region were recovered (Kale et al. 2015). 

Similarly, a low-volume sprayer for an unmanned 

helicopter to investigate principal rotor distance 

across about 3 m and a most extreme payload of 22.7 

kg which utilizes one gallon of gas for 45 min was 

designed by (Huang and Reddy 2015). This model 

provides a framework that serves as a precursor for 

creating UAV flying applications to obtain higher 

yields with higher target rates and bigger VMD 

   Reference Algorithm Evapotranspiration 
method  

Result/Advantage Other technology 

 Choudhary 
et al., (2019 

PLSR and other 
regression 

Algorithms 

Evapotranspiration 
model 

Improve efficiency 
and maximum 

economic 

productivity  

Sensors for data collection, IoT 
Hardware Implementation 

 Umair and 

Usman (2010) 

Artificial neural 

Network-based 

control system   

Evapotranspiration 

model 

Automation Sensors for measurement of soil, 

temperature, wind speed, etc 

 Kia et al., 

(2009) 

Fuzzy Logic FAO Penman-

Monteith method 

Optimization N/A 

 Karasekreter 
et al., (2013) 

ANN (multilayer 
neural model), 

Levenberg 

Marquardt, 
Backpropagation 

Penman–Monteith 
method 

Decreased 
evaporation induced 

by signal from  

schedule and 
savings observed in 

water and electrical 
energy 

N/A 

 Al-Ali et al., 

(2015) 

Fuzzy Logic N/A Verified 

experimental results 
can be applied used 

for home grass 

WSN, Zigbee 

 Dela Cruz 
et al., (2017) 

ANN N/A Optimization of 
water resources in a 

smart farm. 

N/A 

 Anand et al., 
(2015) 

Fuzzy Logic 

Controller 

Penman–Monteith 

method 

Drip irrigation 

prevents wastage of 

water and 

evaporation 

Wireless sensor 

 Arvind et al., 

(2017) 

Machine 

Learning 

algorithm 

N/a Prediction and 

tackle drought 

situations 

Sensors, Zigbee, Arduino 

microcontroller 
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droplet sizes. Nørremark et al., (2008) noted that the 

working principle for the sprayer involves crumbling 

the sprayed liquid such as suspension, emulsion, or 

tiny drops. These liquids are launched with negligible 

power to ensure adequate circulation. Additionally, 

the sprayer measures the pesticide to maintain a 

strategic distance from extreme application. 

Ineffective or inappropriate use of pesticides may 

result in severe harm to the crop yield. The residue 

definitions of pesticides are disseminated with the 

assistance of dusters. Different categories of drones 

used for several agricultural purposes have been 

categorized based on the required vitality to atomize 

and throw out the shower liquid, sensitivity, and 

performance. 

 

 
Fig 4a: planting drone 

 

 
 

Fig 4b: Soil analysis drone 

 

 
Fig 4c: Crop spraying drone 

 

Problem and Future Perspective: Precision 

agricultural technique has enormous potential to 

transform the agricultural sector using AI technology.  

In the areas of land quality, groundwater level, crop 

cycle, and pest attack, AI technology can provide 

critical insight to farmers to curb emerging 

challenges. Patterns and important data related to 

agricultural activities over a period can be extracted 

with AI-driven sensors. Installing AI-empowered 

sensors in robotic harvesting equipment will help in 

data collection. 
 

 
Fig. 4d: crop health assessment drone 

 

 
Fig 4e: irrigation drone 

 

 

 
Fig. 4f: crop monitoring drone; 

Source: (Unpaprom et al., 2018). 

 

Crop damage due to pest attacks and natural disasters 

remains the biggest challenge in crop farming which 

occurs mostly due to a lack of adequate information 

relating to their activities and life cycle. Adopting a 

precision agricultural model (AI) by farmers will help 

in pest detection, and predicting crops with favorable 

output, to cope with the current food insecurity 

challenges. With the growing devastating impacts of 

climate change on agriculture such as disruption of 

growing seasons, altered arable land, and floods 

disaster that brings seawater to fertile agricultural 

areas, adequate application of AI in agriculture is 
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critical to support farmers and enhance the cultivation 

process, create an ambiance for sustainable food 

production and marketing strategies. Irrigation 

system challenges, variable temperature, low 

groundwater density, food scarcity, environmental 

pollutant from legacy contaminants/contaminants of 

emerging concerned, and substance wastage are the 

major challenges damaging the agricultural lands and 

agricultural sector in developing countries (Jacob et 

al., 2024a; Jacob et al., 2024b; Akangbe et al., 2024). 

Recognized AI-driven solutions however are needed 

for these challenges to improve agricultural 

productivity. While the current research trend and 

solutions to agricultural challenges are promising, the 

agricultural sector still requires innovative 

technology and massive adoption to increase 

agricultural productivity (Shobila and Mood, 2014). 

The application of automation, AI, and predictive 

tools to tackle real-time agricultural challenges 

remains at the nascent stage in many parts of the 

world. Slaughter et al., (2008) observed that strong 

technical application is needed to utilize the 

enormous scope of innovative technology (AI, 

machine learning, and robotics) in the agricultural 

sector to detect changes in external conditions, 

facilitate real-time decision-making and apply 

appropriate framework/platform for efficient 

contextual data collection. This innovative 

technology is promising, however, the financial 

implication associated with their procurement makes 

it difficult for smallholder farmers to adopt this 

solution in their day-to-day farming activities. The 

rapid adoption of these technologies can be achieved 

through open source platform technique, easy 

affordability, and increased penetration among 

farmers to help improve yield and reduce over-

dependence on traditional knowledge and methods 

for livestock and crop production.  

 

Conclusion: The agricultural sector has faced 

enormous challenges such as variable rainfall 

patterns, unpredictable weather, climate conditions, 

and low-density groundwater leading to food 

insecurity challenges in developing countries. Human 

cognitive intelligence and prediction have been used 

by farmers to predict seasons and changes in the 

farmlands for years. However, this method has been 

filled with a high degree of uncertainty. Existing 

technologies and large field research have provide 

lasting solutions to challenges facing the agricultural 

sector which is critical to improve food production in 

developing nations. Factors such as poverty, 

illiteracy, communication gap between smallholder 

farmers and agricultural extension officers, power 

shortages facility, connectivity, and techno phobia 

among others remain the major challenges toward 

precision agriculture. 
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