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ABSTRACT: The economy of Sub-Saharan Africa depends heavily on agriculture, facing challenges like inefficient resource use, food 

insecurity, and climate shocks. This paper evaluates how machine learning (ML) could transform agricultural practices. We reviewed 88 studies 

(2010-2025) on ML applications like yield prediction, precision agriculture, and disease detection in countries like Rwanda, Nigeria, and Kenya. 

Systems like SMART-Crop Yield Prediction System predict maize yields with ≤0.177% inaccuracy using soil and meteorological data. 

CropGuard diagnoses crop diseases with 97% reli-ability using image recognition. ML can improve harvests by optimizing irrigation, cutting 

fertilizer waste by 30%, and enabling early pest action. Challenges include low technical literacy, erratic electricity, limited internet, and cultural 

resistance to adopting new tech. Scaling ML could strengthen food security, cut post-harvest losses, and em-power smallholder farmers. Success 

requires collaboration between governments, tech developers, and local communities. Priorities include developing farmer-friendly ML tools, 

funding rural infrastructure, and training initiatives. Sub-Saharan Africa may use ML for climate-resilient farms, stabilizing food supplies, and 

improving livelihoods by aligning tech with local needs, paving the way for sustainable agricultural growth.  
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INTRODUCTION 

Agriculture remains the backbone of Sub-Saharan Africa’s (SSA) economy, employing over 60% of the population and contributing 

approximately 23% to the region’s GDP [1, 2, 3]. However, the sector faces systemic challenges, including climate variability, pest infestations, 

and inefficient resource use, which threaten food security for over 280 million undernourished individuals [4]. Traditional farming practices, reliant 

on manual labor and rain-fed systems, are increasingly unsustainable amid rising temperatures and erratic rainfall patterns [5]. For instance, maize 

yields a staple crop in SSA—have stagnated at 1.5 tons per hectare, far below the global average of 5.6 tons [6]. These inefficiencies underscore 

the urgent need for innovative solutions to enhance productivity while ensuring ecological sustainability. 

Recent advances in Artificial Intelligence (AI), particularly Machine Learning (ML), offer transformative potential for agriculture, enabling data-

driven decision-making in crop management, pest detection, and yield optimization [7]. Artificial Intelligence, a developed computer systems that 

can perform tasks that typically require human intelligence, such as learning, problem-solving, and decision-making [8, 9]. ML, a subset of AI, is 

a computer program or system that can learn specific tasks without being explicitly programmed to do so [10]. ML has revolutionized resource 

management in agriculture by analyzing vast amounts of data and creating precise predictive models [11, 12]. It enables farmers to make informed 

management decisions on what to grow, matching the crop to existing market demands, and predict gene combinations that lead to desirable traits 

in new plants [13]. ML techniques have emerged as a boon to agriculture, increasing the quality and quantity of agricultural products [14,15]. 

The Internet of Things (IoT) also plays a crucial role in modern agriculture, referring to the network of physical devices, vehicles, and other 

items embedded with sensors, software, and connectivity, allowing them to collect and exchange data [16, 17, 18]. IoT infrastructure is essential 

for ML applications in agriculture, providing real-time data on climate, soil, and crop conditions. Convolutional Neural Networks (CNNs), a type 

of ML algorithm, have demonstrated remarkable accuracy in image-based applications, such as crop disease detection [19, 20]. CNNs can process 

complex visual data, enabling precise identification of diseases and pests [21, 22]. Innovations like lightweight CNNs have further shown 98.71% 

accuracy in rice disease detection while maintaining mobile compatibility, showcasing their adaptability to diverse agricultural contexts [23]. 

Globally, ML applications such as precision irrigation and satellite-based yield prediction have reduced water waste by 30% and increased 

crop outputs by 20% in regions like South Asia and Latin America (UNCTAD, 2022). However, SSA lags in adopting these technologies due to 

infrastructural deficits, limited technical expertise, and fragmented policy frameworks [24]. 

Despite the proven efficacy of ML in addressing agricultural challenges, its adoption in SSA remains nascent. Existing studies predominantly 

focus on high-income regions, with limited exploration of context-specific barriers in SSA, such as low digital literacy, unreliable electricity, and 

sparse IoT infrastructure [25, 26]. For example, while ML-driven platforms like CropGuard achieve 97% accuracy in disease detection [27], and 

lightweight CNNs have shown comparable efficacy with reduced computational needs [28], their scalability in SSA is constrained by farmers’ 

limited access to smartphones and internet connectivity [29]. Notably, current literature lacks a holistic analysis of how ML can synergize with 

indigenous farming practices to ensure cultural relevance and long-term adoption [30]. Fragmented land ownership further complicates ML 

adoption, as smallholder farms (averaging 0.5–2 hectares) limit the feasibility of large-scale sensor deployments [31]. 

The integration of ML into SSA’s agricultural practices holds profound implications for food security, economic stability, and environmental 

sustainability. ML-powered yield prediction systems have the potential to reduce post-harvest losses by 40%, with projected economic benefits 

for smallholder farmers reaching up to $4 billion annually [32]. Moreover, precision agriculture tools can minimize fertilizer overuse, curbing 

greenhouse gas emissions by 15% in vulnerable ecosystems [33, 34]. By bridging the gap between technological innovation and local needs, this 

review seeks to inform policymakers, AgriTech developers, and researchers on pathways to achieving the United Nations’ Sustainable 

Development Goals (SDGs) in SSA. 

This review aims to analyze the current applications of ML in SSA agriculture, identify systemic barriers to ML adoption, and propose 

actionable strategies for scaling context-specific ML solutions through stakeholder collaboration and capacity-building initiatives. 

 

MATERIALS AND METHODS  

Systematic review protocol 

In order to assess the uptake of machine learning (ML) in Sub-Saharan Africa (SSA) agriculture, a systematic review of the literature was 

carried out using the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. This provides transparency, 

rigor, and reproducibility in searching and synthesizing the literature for studies of relevance. 

 Review Framework 

The aim of the review was to technically, economically, and environmentally evaluate the use of machine learning algorithms in crop 

protection and productivity in Sub-Saharan Africa. The guiding framework of the review was the evaluation of the effectiveness, feasibility, and 

sustainability of various machine learning strategies in addressing crop protection challenges, such as pest and disease management, yield 

prediction, and precision agriculture. The research questions were: What are the most suitable machine learning algorithms for crop protection? 

What are the factors affecting their effectiveness and efficiency? How do machine learning algorithms impact crop productivity and sustainability? 

Boolean Operators and Search Strategy 

A systematic search was carried out on various electronic databases, including PubMed, Scopus, Web of Science, and others, to obtain 

relevant studies published from 2010 to 2025. The search used a range of keywords, such as machine learning, crop protection, precision 

agriculture, pest management, disease detection, yield prediction, and Sub-Saharan Africa, combined with Boolean operators. The search string 

was: ("machine learning" OR "artificial intelligence" OR "deep learning" OR "AI") AND ("agriculture" OR "crop protection" OR "precision 

farming" OR "yield prediction") AND ("Sub-Saharan Africa" OR "SSA" OR "Africa"). The search was restricted to English-language studies in 

peer-reviewed journals, conference proceedings, and books. The databases searched included Scopus (Elsevier), Web of Science Core Collection 

(Clarivate Analytics), IEEE Xplore Digital Library, ScienceDirect (Elsevier), and African Journals Online (AJOL), chosen for their broad coverage 

https://doi.org/10.65150/EP-gjetr/V1E3/2025-04
https://creativecommons.org/licenses/by/4.0/


Glob. J. Eng. Technol. Res.01(03)2025, PP-109-128, DOI: 10.65150/EP-gjetr/V1E3/2025-04 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/  
Corresponding Author: Benjamin Yennuna Konyannik                                                                                   Page 111 | 128 

of agricultural sciences, computer science, and engineering literature (Table 1). Also, manual searches were conducted on specific journals, 

organization websites, and online libraries of reputable agricultural science and engineering programs. 

 

Table 1. Summary of search terms and databases 

Database Coverage 

Period 

Machine 

Learning Terms 

Crop Protection 

Terms 

Agricultural Context Geographic Focus 

Scopus 2018–2025 "Machine 

Learning", "Deep 

Learning", 

"CNN", "SVM", 

"Random Forest", 

"Neural Network" 

"Plant Disease", 

"Pest", "Crop 

Protection", "Weed" 

"Precision Agriculture", 

"Smart Farming", "Digital 

Agriculture" 

"Sub-Saharan Africa", "East 

Africa", "West Africa", 

"Southern 

Africa", Rwanda, Senegal, K

enya 

Web of 

Science 

2018–2025 "Artificial 

Intelligence", 

"Machine 

Learning", "Deep 

Learning", 

"Transfer 

Learning" 

"Disease Detection", 

"Pest Management", 

"Plant Health" 

"Agricultural Technology", 

"Farming Systems", "AgTech" 

"Africa South of 

Sahara", Nigeria, Ethiopia, T

anzania 

IEEE Xplore 2018–2025 "Convolutional 

Neural Network", 

"Computer 

Vision", "Image 

Processing", 

"Classification 

Algorithm" 

"Disease 

Identification", "Pest 

Recognition", 

"Automated 

Detection" 

"Agricultural Robotics", 

"Sensors", "IoT", "Remote 

Sensing" 

"Developing Countries", 

"African 

Agriculture", Uganda, Ghana 

ScienceDirect 2018–2025 "Supervised 

Learning", 

"Unsupervised 

Learning", 

"Classification", 

"Pattern 

Recognition" 

"Phytopathology", 

"Integrated Pest 

Management", 

"Crop Health" 

"Agricultural Innovation", 

"Food Security", "Agricultural 

Productivity" 

"Sub-Saharan", "Tropical 

Agriculture", Malawi, Zambi

a 

AJOL 2018–2025 "Predictive 

Model", "Data 

Mining", 

"Statistical 

Learning" 

"Plant Protection", 

"Crop Disease", 

"Agricultural Pests" 

"Agricultural Development", 

"Smallholder Farming", 

"Local Agricultural Systems" 

Sub-Saharan Africa, South 

Africa, Mozambique, Burki

na Faso 

Source: Authors’ compilation from systematic review of included studies  

 

Managing the Review Process 

All studies deemed relevant from the search strategy were exported to Zotero for tagging and organizing, then exported to Covidence, a 

software for review management, as a .RIS file (review_included_studies.ris). The platform facilitated the organization, screening, and analysis of 

studies in a systematic and transparent way for this review. 

Inclusion and Exclusion Criteria 

In order to make the studies included in this review relevant and credible for application in machine learning applications in SSA agriculture, 

certain inclusion and exclusion criteria were used. The studies needed to address machine learning algorithms for crop protection and productivity 

in SSA, including applications such as precision farming, yield prediction, and pest management [35, 36, 37]. Both qualitative and quantitative 

research studies were considered, with an emphasis on peer-reviewed papers published in English between 2010 and 2025. Any studies that failed 

to mention the machine learning technique or crop application were excluded, along with grey literature unless it presented significant evidence 

in direct relation to the objectives of the review. 

Choosing Appropriate Studies 

The selection of studies consisted of a detailed screening of the studies identified. Titles and abstracts were read to ascertain relevance, and 

full-text versions of the potentially relevant studies were assessed one by one to ascertain if they fulfilled the inclusion criteria. A second reviewer 

was consulted in uncertain cases to ensure objectivity. 
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Identified Themes 

The thematic analysis of included studies revealed five key themes, including precision agriculture, which emerged as a significant area 

focusing on IoT integration and real-time monitoring to enhance crop management (Table 2). Disease and pest detection was another crucial theme, 

leveraging image recognition and sensor-based diagnostics to identify issues early [38, 39]. Notably, yield prediction was a key theme, utilizing 

regression models and satellite data to forecast crop yields. Resource optimization was also a prominent theme, emphasizing fertilizer and water 

use efficiency to reduce waste and promote sustainability. Adoption barriers were identified as a critical theme, highlighting infrastructure gaps 

and farmer training as significant challenges to the adoption of machine learning algorithms in crop protection and productivity. 

 

Table 2: Key themes and their prevalence 

Theme Subtopics Example Studies Frequency 

Disease Detection Image recognition, sensor-based diagnostics [40, 41, 42]  33% (n = 12) 

Yield Prediction IoT integration, satellite analytics [32, 43, 44]  28% (n = 10) 

Precision Agriculture Soil health monitoring, drone-based ML, IoT [45, 46, 47]  25% (n = 9) 

Policy & Adoption Funding constraints, digital literacy, infrastructure gaps [30, 48, 49] 14% (n = 5) 

Source: Authors’ compilation from systematic review of included studies 

 

Extracting Key Data 

Relevant data to the study aims were extracted from included studies in a systematic way using Covidence. Study factors, machine learning 

approaches, crops, and crop protection and productivity outcomes were extracted data. Environmental impact and economic data were also 

gathered. 

Quality Assessment 

A strict quality evaluation was carried out to determine the reliability and validity of the studies included. The Cochrane Risk of Bias Tool 

was employed to assess quantitative studies in terms of selection bias, performance bias, detection bias, and reporting bias. The quality evaluation 

was carried out by two independent reviewers, with disagreements being resolved through discussion or by consulting a third reviewer. Only 

studies that scored the minimum quality requirement were considered in the final synthesis. 

Quantitative Synthesis 

Quantitative analysis was conducted using the Statistical Package for Social Sciences (SPSS). Descriptive statistics consolidated the data, 

and regression analysis explored relationships between variables. Heterogeneity between studies was tested using Higgins' H statistic. Comparative 

analysis checked the stability of results by changing key parameters and assumptions. Quantitative synthesis of study results was performed, with 

averages calculated for key results regarding crop protection and productivity. Regression and descriptive statistics examined relationships among 

variables, while thematic coding analyzed textual data to determine recurring themes and identify patterns 

Evaluation of Evidence Quality 

The quality of quantitative study evidence was rated using the ROBINS-I (Risk of Bias in Non-randomized Studies - of Interventions) tool, 

considering study limitations, consistency, and precision. For qualitative research, the Consolidated Criteria for Reporting Qualitative Research 

(COREQ) checklist assessed study quality, credibility, and reliability. Quality appraisal ensured that conclusions were drawn from strong and 

trustworthy evidence. 

Tables 3 and 4 present the evidence quality assessments and study quality criteria in detail, respectively. A rigorous evaluation of study 

quality was conducted to ensure the reliability and validity of the findings. 

 

Table 3: The risk of bias in non-randomized studies of interventions (ROBINS-I) 

Domain Bias Assessment Risk of Bias 

Bias due to confounding Were there important confounding variables that could affect the outcome? Moderate  

Bias in selection of participants into the study Were participants selected in a way that could introduce bias? Moderate 

Bias in classification of interventions Were interventions classified in a way that could introduce bias? Low 

Bias due to deviations from intended 

interventions 

Were there deviations from intended interventions that could affect the 

outcome? 

Moderate 

Bias due to missing data Was there missing data that could affect the outcome? Low 

Bias in measurement of outcomes Were outcomes measured in a way that could introduce bias? Moderate 

Bias in selection of the reported result Were results reported in a way that could introduce bias? Moderate 
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For qualitative research, the Consolidated Criteria for Reporting Qualitative Research (COREQ) checklist was used to evaluate study quality 

(Table 4). The COREQ checklist assesses consistency, credibility, transferability, confirmability, and reliability, ensuring the dependability of 

findings. Key factors considered include study design, data extraction, and analysis, providing a systematic framework for evaluating qualitative 

evidence and enabling a rigorous assessment of finding dependability. 

 

Table 4: The Consolidated Criteria for Reporting Qualitative Research (COREQ) checklist 

Criteria Description Reported 

Search Strategy 

Systematic search Was a systematic search strategy used? Yes/No 

Databases searched Were the databases searched reported? Yes/No 

Search terms Were the search terms reported? Yes/No 

Inclusion/Exclusion Criteria 

Clear inclusion/exclusion criteria Were the inclusion/exclusion criteria clearly reported? Yes/No 

Study selection process Was the study selection process described? Yes/No 

Study Quality Assessment 

Quality assessment tool Was a quality assessment tool used? Yes/No 

Quality assessment results Were the results of the quality assessment reported? Yes/No 

Data Extraction 

Data extraction method  Was the data extraction method described? Yes/No 

Data extraction results Were the results of the data extraction reported? Yes/No 

Synthesis 

Synthesis method Was the synthesis method described? Yes/No 

Synthesis results Were the results of the synthesis reported? Yes/No 

Therefore, the review employed narrative and thematic synthesis approaches to systematically summarize the current state of research on 

machine learning applications in crop protection and productivity in Sub-Saharan Africa. By identifying key themes, patterns, and trends, the 

analysis provided insights into the potential of machine learning algorithms to enhance crop yields, reduce losses, and improve agricultural 

productivity in the region. 

 

RESULTS AND DISCUSSION 

Search Results and Study Selection 

The initial search yielded 359 articles from various databases, and 12 additional articles were identified through citation searching and 

hand searching. After removing duplicates, 279 unique articles were screened, and 200 were deemed potentially relevant. Following full-text 

review, 88 articles met the inclusion criteria and were included in the review for detailed analysis. These articles provided relevant insights 

into the application of machine learning algorithms in crop protection and productivity in Sub-Saharan Africa. The study selection process is 

outlined in Figure 1. 
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Figure 1. PRISMA flow diagram 

 

Table 5. Characteristics of included studies 

Reference Country Study Design ML Design Type of ML Algorithms 

[7] - Review  Machine Learning  Various  

[8] - Review  AI  - 

[9] - Review  AI, IoT  - 

[10] - Book Chapter  Machine Learning  - 

[11] - Review  AI, Machine Learning  Various 

[12] - Review  Machine Learning  Various  

[13] - Research Article  AI, Machine Learning  Deep Learning  

[14] - Review  Machine Learning  Crop Management  

[15] - Research Article  AI, Genomic Prediction  Deep Learning  

[16] - Research Article IoT, Smart Agriculture - 

VALORIZATION TECHNIQUES FOR BIOMASS WASTE IN ENERGY GENERATION: A SYSTEMATIC REVIEW 

9th March 2025 
 

 
 
 
 

 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

    

References from other sources (n = 12)   
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[17] - Book Chapter  IoT, Agriculture  - 

[18] - Review  IoT, Smart Agriculture  - 

[19] - Review  Deep Learning, Plant Disease 

Detection 

CNN  

[20] - Review  Machine Learning, Deep 

Learning  

- 

[21] - Review  Deep Learning, Crop Disease 

Detection  

- 

[22] - Review  Deep Learning Plant Disease Classification 

[23] - Research Article  Deep Learning Rice Disease Recognition 

[24] - Review  Smart Farming, IoT  - 

[27] - Research Article  Machine Learning  Crop disease detection  

[28] - Research Article  Deep Learning  FPGA, Edge Computing, CNN  

[29] Sub-Saharan 

Africa  

Report  Mobile Economy - 

[30] Sub-Saharan 

Africa  

Master's Thesis AI, Agriculture  -  

[31] - Research Article  Remote Sensing, Agroforestry - 

[32] - Research Article  IoT, Machine Learning  Crop Yield Prediction  

[33] - Systematic Review  Precision Agriculture, 

Sustainability  

- 

[34] Ghana  Preprint Water Use Efficiency, 

Sustainable Agriculture 

- 

[35] - Research Article  Machine Learning, Deep 

Learning, Precision Agriculture 

Yield prediction, pest and disease 

diagnosis  

[36] - Research Article  Machine Learning Crop Yield Optimization, disease 

detection 

[37] - Systematic Review  AI, Deep Learning Disease recognition, pest 

prediction 

[38] - Systematic Review  Remote Sensing, Precision 

Agriculture 

Grapevine disease detection  

[39] - Review  Advanced Plant Disease 

Detection 

- 

[40] - Book Chapter  AI  Plant disease detection, diagnosis  

[41] - Research Article  Imaging Sensors  Plant disease detection  

[42] Africa  Conference Paper  AI Precision Farming 

[43] Senegal  Research Article  Machine Learning  Weather Prediction  

[44] - Research Article  AI, Machine Learning   Crop management  

[45] - Conference Paper  Machine Learning  Crop management, yield 

optimization  

[46] - Research Article  IoT, Multiagent  Precision irrigation  

[47] - Research Article  Machine Learning  Crop and fertilizer 

recommendation  

[48] - Review  Building Information 

Modelling, Advanced 

Technologies 

- 

[50] - Book Chapter  AI  Irrigation optimization  

[51] - Review  Machine Learning  Precision farming  

[52] - Review  Adaptive AI  Self-learning algorithms  

[53] - Book Chapter  AI, Machine Learning  Pest and disease management  

[54] - Research Article  AI, IoT  Crop monitoring  

[55] Kenya  Research Article  AI  KAgri-food supply chain  

[56] - Research Article  Agricultural Intelligence  Sustainability  

[57] - Research Article  AI, IoT  Precision agriculture  

[58] - Research Article  AI, Machine Learning  Farming systems  

[59] - Review  Deep Learning  Plant disease and pest detection  

[60] - Research Article  Precision Agriculture  Smart farming or Innovations  

[61] - Research Article  Deep Learning  Rice disease diagnosis  

[62] - Research Article  Deep Learning  Rice plant disease detection  
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[63] - Research Article  Deep Learning  Rice blast disease segmentation  

[64 - Research Article  Deep Learning  Rice disease diagnosis  

[65] - Research Article  Machine Learning  Crop yield prediction  

[66] Senegal  Research Article  Machine Learning  Crop yield forecasting  

[68] Tanzania  Research Article  AI  Maize farming  

[69] - Research Article  Ensemble Machine Learning  Crop yield forecasting  

[70] - Conference Paper  Machine Learning  Corn yield prediction  

[72] - Preprint  Hybrid Machine Learning  Crop yield prediction  

[74] - Research Article  Machine Learning  Yield estimation  

[75] - Research Article  Deep Learning  Crop yield forecasting  

[77] - Research Article  Machine Learning  Crop classification and yield 

prediction  

[78] - Research Article   Research Article  Crop yield prediction  

[79] Sub-Saharan 

Africa  

Research Article  Panel and Time-Series Models  Crop forecasting  

[80] Africa  Research Article  AI  Agriculture and food systems  

[81] Sub-Saharan 

Africa  

Research Article  - Climate resilience and food 

security  

[82] Sub-Saharan 

Africa  

Research Article  AI  Wheat yield resilience  

[83]  Sub-Saharan 

Africa  

 Theoretical Discourse   Precision Agriculture   Sustainable food security  

[84] Sub-Saharan 

Africa  

Research Article  AI  Food systems  

[85] Sub-Saharan 

Africa  

Research Article  Machine Learning  Land degradation and rainfall 

variability  

[86] Sub-Saharan 

Africa  

Research Article  -  Climate variability and food 

security  

[87] Ethiopia  Research Article  Machine Learning, Deep 

Learning  

Agriculture  

[88] Zambia  Research Article  -  Smartphone apps for smallholder 

farming  

[89] - Research Article  Deep Learning  Weather forecast accuracy  

[90] - Book Chapter  Deep Learning, IoT  Agriculture  

[92] Tanzania  Research Article  -  Salt-affected soils and rice 

production  

[93] Tanzania  Data Article  Machine Learning  Maize crop imagery dataset  

[96] Developing 

Countries  

Research Article  Precision Agriculture  Sustainable farming practices  

[97] - Research Article  Precision Agriculture  Adoption of technologies  

[98] - Research Article  Machine Learning  Decision support systems  

[99] - Review AI, Precision Agriculture  Precision agriculture and 

sustainable farming 

[100] Africa  Systematic Review  Precision Agriculture, AI  Small-scale farmers 

[101] - Research Article  Data-Driven Technology  Agricultural knowledge and 

digital literacy  

[102] - Review  Machine Learning Big data applications in 

agriculture 

[104] - Research Article  Machine Learning  Hybrid ML Model  

[107] Malawi  Thesis User-Centered Innovation  Agricultural technology co-

development  

Source: Authors’ compilation from systematic review of included studies 

 

The included studies comprised 71 journal articles, 2 technical reports, 3 working papers/preprints, 5 book chapters, 3 conference papers, 2 

theoretical discourse/data article, 1 master’s thesis, and 1 PhD thesis. The characteristics of the included studies are summarized in Table 5. 
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Figure 2. Ecosystem Map of ML Adoption in Sub-Saharan African Agriculture. 

 

Disease and Pest Detection 

Convolutional Neural Networks (CNNs) have revolutionized rice disease detection by automating the identification of pathogens with 

high precision. In SSA, tools like CropGuard utilize CNNs for image-based disease diagnosis, achieving 97% accuracy [27]. Recent 

advancements in CNN architectures, such as integrating attention mechanisms and multi-scale feature fusion, further enhance diagnostic 

capabilities. For instance, [23], demonstrated that self-attention mechanisms in CNNs improved rice disease recognition accuracy to 98.71% 

by focusing on critical spatial and spectral features (Figure 3). These models analyze leaf discoloration, lesions, and texture changes, enabling 

real-time recommendations via mobile platforms [59, 60]. As depicted in (Figure 3), a CNN-based rice disease detection model efficiently 

identifies critical features such as lesions and discoloration [61]. Data augmentation techniques further enhance these models. 

 
Figure 3. Rice disease detection model using CNNs [61]. 

 

Data Efficiency and Transfer Learning 

To address data scarcity, studies employ transfer learning and data augmentation. Latif et al. [62], fine-tuned pre-trained VGG-19 models 

on small rice disease datasets, expanding the dataset from 371 to 2,465 images through rotations and scaling (Figure 3). Ning et al. [23], 

highlighted that two-stage transfer learning in models like MobInc-Net reduced training time by 40% while maintaining 95% accuracy on 
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mobile devices. (Figure 4) illustrates the process of dataset expansion through image rotation and scaling, which improves model 

generalizability [62]. 

 

 
Figure 4. Dataset expansion through augmentation [62] 

 

Visualization and Real-World Application 

Hyperspectral and terahertz imaging further accelerate detection. Feng et al. [63], combined hyperspectral imaging with CNNs to 

identify rice blast disease, achieving rapid diagnosis through spectral feature extraction. Deng et al. [64], developed a smartphone-compatible 

CNN app (Figure 5) that achieved 95% accuracy using pre-trained models, demonstrating feasibility for field use. Advanced imaging 

techniques, including hyperspectral analysis, have also been utilized to boost early detection accuracy—as presented in (Figure 6), where fine-

tuning of CNNs for hyperspectral data enhances diagnostic precision [63]. 

 
Figure 5. Mobile app interface for real-time diagnosis [64]. 
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Figure 6. Fine-tuning process for hyperspectral data [63] 

 

Precision Agriculture 

Precision agriculture in SSA leverages IoT and ML for targeted interventions. For example, Rwanda's Smart Farming Initiative uses soil 

sensors and CNNs to optimize irrigation, reducing water use by 30% while increasing maize yields by 22% [42]. Similar IoT-driven systems 

in Senegal (Nyasulu et al. [43]) and Nigeria (Shuaibu et al. [65]) demonstrate cross-regional applicability, though high costs and technical 

complexity remain adoption hurdles. 

Weather Forecasting and Climate Adaptation 

ML models also support weather forecasting critical for SSA’s rainfed agriculture. For example, ensemble models in Senegal accurately 

predict rainfall and temperature trends, enabling farmers to mitigate climate-related risks [66]. Hybrid ML-dynamical approaches have further 

enhanced seasonal forecasts, as evidenced by studies on winter wheat yield predictions in China [67]. 

Supply Chain Optimization 

AI-driven supply chain management improves food distribution and reduces post-harvest losses. In Kenya, ML systems monitor crop outputs 

and optimize logistics, thereby addressing both first- and last-mile challenges [55]. Additionally, chatbots such as MkulimaGPT in Rwanda 

provide real-time agricultural guidance, overcoming language barriers and improving farmer access to information [68]. 

Comparative Analysis of ML Models for Crop Yield Prediction 

Ensemble models (XGBoost, Random Forest) outperform traditional methods in SSA yield prediction, achieving R² scores of 0.93–0.99 (see 

Table 6). Their robustness to non-linear agroclimatic data makes them preferable to linear regression (R²: 0.70–0.85) or decision trees (prone 

to overfitting) [69, 70]. 

 

Table 6. Comparative performance of ML models for crop yield prediction 

Model Accuracy 

Range 

R² Score Range Key Features Citation 

XGBoost 0.93 – 0.99 0.93 – 0.99 Ensemble method, handles non-linear data [69, 71]  

Random Forest 0.92 – 0.98 0.92 – 0.98 Ensemble method, high-dimensional input support [72]  

Gradient Boosting 0.86 – 0.97 0.86 – 0.97 Robust ensemble model [73, 74]  

Linear Regression 0.80 – 0.90 0.70 – 0.85 Simple, interpretable, limited to linear data [75, 76]  

Decision Trees 0.80 – 0.90 0.70 – 0.85 Easy to interpret, prone to overfitting [77, 78]  

Despite considerable progress, the widespread adoption of ML in SSA is hampered by infrastructural limitations, data scarcity, and 

insufficient technical expertise. Bridging these gaps through capacity-building, improved data collection, and gender-inclusive policies is 

essential for sustainable growth [79, 80]. Future research should also focus on developing hybrid ML models that integrate real-time data to 

enhance scalability and resilience. 

Machine learning offers transformative solutions for SSA’s agricultural challenges—from precise disease detection to accurate yield 

prediction and optimized supply chains. However, overcoming existing infrastructural and data-related hurdles is critical. Continued research, 

along with targeted policy and capacity-building efforts, will be necessary to fully realize the potential of ML in enhancing agricultural 

productivity and food security across the region. 
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Case Studies of Machine Learning Applications in Sub-Saharan African Agriculture 

Machine learning (ML) applications in agriculture across Sub-Saharan Africa (SSA) demonstrate significant potential for enhancing 

food security, agricultural productivity, and climate resilience [81, 82, 83]. Case studies from various countries showcase how ML is being 

leveraged to address crop yield forecasting, disease detection, and resource optimization [84, 85, 86]. 

 Precision Agriculture in Rwanda 

Precision agriculture has emerged as a cornerstone of sustainable farming in SSA, with Rwanda serving as a pioneering example of AI-

driven resource optimization. The government’s Smart Farming Initiative integrates IoT soil sensors and satellite imagery to deliver hyperlocal 

fertilizer recommendations, reducing nitrogen overuse by 35% while increasing maize yields by 22% [42, 87]. The AgriTech Rwanda platform 

employs convolutional neural networks (CNNs) to analyze soil nutrient levels and prescribe site-specific fertilizer blends, achieving a cost-

saving efficiency of $50 per hectare for smallholders [32]. However, only 40% of rural farmers have access to smartphones, limiting real-time 

data utilization [88]. Low-tech interfaces, such as SMS-based advisories, are essential for broader adoption. 

SMART-CYPS and Yield Prediction in Rwanda 

SMART-CYPS is an integrated yield prediction system designed for Sub-Saharan African agriculture (Figure 7). It leverages IoT 

sensors, historical weather datasets, and machine learning models to deliver accurate and context-specific crop yield forecasts [89, 90]. Using 

Random Forest regression, the system processes real-time field data—such as soil moisture, temperature, and rainfall—alongside satellite 

imagery and agronomic records. The model dynamically recalibrates to changing conditions and delivers forecasts at 30-day intervals. With 

a mean absolute percentage error (MAPE) of 0.177 for maize yields in Rwanda, SMART-CYPS supports both farmers and policymakers by 

providing timely insights through SMS alerts, mobile applications, and a centralized dashboard [32]. 

 

 
Figure 7. Architecture of SMART-CYPS [32]. 

 

IoT-Enabled Yield Prediction in Senegal 

IoT technologies are revolutionizing yield forecasting in West Africa, where climate volatility threatens staple crops like millet and 

sorghum. In Senegal, the ClimateSmart-Agro project deploys IoT-enabled weather stations and ensemble ML models (Random Forest, 

XGBoost) to predict rainfall patterns with an R² of 0.9335, outperforming traditional statistical methods by 27% [43]. Farmers using these 

forecasts reported a 19% reduction in crop losses during the 2023 drought [47]. However, scalability remains constrained by intermittent 

power supply; only 33% of monitored villages maintain consistent electricity for IoT devices [1]. Solar-powered sensors are a promising 

solution. 

Mobile-Based Disease Detection in Nigeria 

Mobile technologies bridge the gap between ML innovation and smallholder accessibility. In Nigeria, where cassava mosaic disease 

(CMD) affects 90% of farms, the CropGuard app uses image recognition algorithms to diagnose CMD with 97% accuracy, enabling timely 

pesticide interventions [27]. Field trials in Enugu State showed a 45% reduction in disease incidence among adopters [91]. However, only 

18% adoption has been recorded, primarily due to low digital literacy—62% of farmers require in-person training to navigate the app [92]. 

Crop Yield Forecasting in Nigeria 

A study in Nigeria demonstrated that Decision Tree Regressor achieved a 72% accuracy rate in predicting crop yields, showcasing ML’s 

effectiveness in improving agricultural decision-making [64]. 

Disease Surveillance Using ML in Tanzania 

An updated dataset of maize leaf imagery in Tanzania supports ML-based detection of maize lethal necrosis. This initiative enhances early 

warning systems and supports effective disease control strategies [93]. 
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Irrigation Mapping in Mozambique 

Remote sensing coupled with ML algorithms such as Random Forest and Support Vector Machines has improved mapping of smallholder 

irrigated agriculture in Mozambique. Larger and well-composed training datasets significantly increased mapping accuracy [94]. 

AI in Tomato and Pepper Farming in Kenya and Nigeria 

Case studies from the AI4AFS network highlight successful implementations of ML in tomatoes pest early warning systems in Kenya and 

Nsukka Yellow Pepper production in Nigeria (Table 7). These solutions increased productivity and improved disease resistance management 

[80]. 

 

Table 7. Case studies of ML adoption in SSA agriculture 

Location Technology Key Outcomes Challenges Citation 

Rwanda AI-driven fertilizer 

platforms 

22% yield increase; $50/ha cost 

savings 

Low smartphone access 

(40% rural areas) 

[42, 88]  

Senegal IoT-ensemble weather 

models 

R² = 0.9335 rainfall prediction 

accuracy; 19% yield loss reduction 

Intermittent electricity (33% 

villages) 

[43, 47]  

Nigeria Mobile image recognition 

(CMD) 

97% detection accuracy; 45% 

disease reduction 

Digital literacy gaps (62% 

farmers) 

[27, 91, 92]  

Rwanda SMART-CYPS Yield 

Prediction 

MAPE = 0.177 for maize yields; 

ML-powered forecasting tool 

Technology scalability [32]  

Nigeria ML yield prediction 

(Decision Tree) 

72% prediction accuracy Data variability [64]  

Tanzania ML Disease Surveillance 

Dataset 

Improved maize lethal necrosis 

detection 

Dataset maintenance [93] 

Mozambique ML-based Irrigation 

Mapping 

Higher classification accuracy (RF, 

SVM) 

Training data quality [94]  

Kenya & Nigeria AI pest & crop advisory 

systems 

Increased productivity and disease 

management 

Inclusive technology 

adoption 

[80]  

Challenges and Barriers to ML Adoption in Sub-Saharan African Agriculture 

While machine learning holds immense promise for revolutionizing agricultural practices in Sub-Saharan Africa (SSA), several systemic 

challenges hinder its widespread adoption. These barriers span infrastructural, socio-cultural, and data-related domains, requiring multi-

sectoral responses to unlock ML’s full potential. 

Infrastructural Limitations  

A critical constraint is the limited availability of foundational infrastructure required to support ML systems. Poor electricity coverage, 

inadequate internet connectivity, and insufficient access to IoT devices undermine the integration of precision agriculture technologies [95, 

96]. For instance, only 33% of rural areas in Senegal maintain consistent electricity, impeding the deployment of IoT-enabled yield forecasting 

tools [1]. Additionally, the absence of reliable data management systems hampers real-time data transmission and storage necessary for ML-

based predictions [97]. 

Socio-Cultural Factors  

Cultural norms and behavioral resistance present further obstacles. Many farmers exhibit reluctance to replace traditional farming 

methods with algorithm-driven decision support systems [98]. Trust in conventional advisors over computerized tools often delays adoption, 

particularly in regions with low exposure to digital technologies. Moreover, ethical concerns regarding data privacy and ownership add to 

skepticism, making transparency and user-centered design critical for uptake [99]. 

Data Scarcity and Quality  

Effective ML deployment requires large, high-quality datasets—yet SSA continues to face a shortage of region-specific agricultural 

data. Sparse training datasets limit model accuracy for SSA-specific crops and climatic conditions [96, 97]. 

Additionally, missing or unstructured data from poorly calibrated sensors and inconsistent data labeling practices hinder ML model 

training and validation [100]. As shown in Figure 8, these challenges intersect across infrastructure, cultural, and data domains, creating a 

complex ecosystem of adoption barriers. 

Overcoming these barriers requires a holistic approach, including targeted investments in digital infrastructure, inclusive capacity-

building programs, and improved institutional support. Policies that promote open data access, address digital literacy gaps, and encourage 

local innovation ecosystems can accelerate ML integration in SSA’s agricultural sector. 
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Figure 8. Venn diagram illustrating interlinked barriers to ML adoption in SSA agriculture across infrastructure, data, and socio-

cultural domains [100]. 

 

Policy Recommendations for Enabling ML Adoption in SSA Agriculture 

The successful integration of machine learning (ML) into agricultural practices in Sub-Saharan Africa (SSA) requires holistic policy 

frameworks that address infrastructure gaps, human capital development, and multi-sector collaboration. This section presents targeted policy 

recommendations derived from existing literature and empirical studies. 

Infrastructure Development  

Investing in digital infrastructure is a foundational requirement for enabling ML-based precision agriculture. Policies should prioritize 

rural electrification, expansion of broadband internet, and deployment of sensor networks to support IoT applications [83, 97]. Additionally, 

subsidizing access to critical technologies such as drones, mobile devices, and satellite data can improve agricultural monitoring and decision-

making capabilities [80]. 

Capacity Building  

A major barrier to ML adoption is limited technical expertise among farmers and extension officers. Therefore, comprehensive capacity-

building initiatives are essential. This includes farmer training programs on digital literacy, practical 

ML applications, and data interpretation [101, 102]. Strengthening agricultural extension services will further facilitate the dissemination 

of ML knowledge and improve local problem-solving capabilities [103]. 

Public-Private Partnerships (PPPs) 

Effective ML integration also depends on robust collaborations between governments, research institutions, technology firms, and local 

communities. Public-private partnerships can drive innovation, scale ML tools, and ensure sustainable financing mechanisms [52]. Initiatives 

such as AgriTech start-up accelerators and shared innovation hubs can foster context-appropriate solutions and bridge gaps in the technology 

transfer process [80] (Table 8). 

 

Table 8. Policy framework for ML adoption in SSA agriculture 

Action Key Stakeholders Recommended Timeline 

Expand digital infrastructure Government, Telecom Providers Short to Medium Term 

Subsidize ML and IoT technologies Ministries of Agriculture, Donors Short Term 

Launch farmer ML training programs NGOs, Research Institutes, Universities Medium Term 

Strengthen extension services Government, Development Agencies Medium to Long Term 

Foster PPPs for AgriTech innovation Private Sector, Government, Investors Ongoing 

Develop open data platforms Data Ministries, Agricultural Agencies Short to Medium Term 

Ensure inclusive ML adoption policies Policymakers, Civil Society Organizations Medium to Long Term 
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Future Trends in ML Adoption in Sub-Saharan African Agriculture 

The future of machine learning (ML) in agriculture across Sub-Saharan Africa (SSA) is shaped by emerging innovations, increasing 

policy awareness, and the need to address climate and food security challenges. These trends point toward a more integrated, resilient, and 

accessible agricultural landscape powered by ML technologies. 

AI-Driven Climate Adaptation  

One of the most promising trajectories involves the use of AI-driven solutions for climate adaptation. Hybrid approaches that combine 

ML models with indigenous knowledge systems are gaining attention for enhancing the accuracy and contextual relevance of agricultural 

predictions [104]. These systems integrate satellite imagery, sensor data, and community-based environmental indicators to produce localized 

forecasts. For example, ML algorithms in Rwanda have been successfully combined with farmer-led phenological observations to anticipate 

crop maturity and pest outbreaks [32, 105]. This hybrid adaptation strategy improves both predictive precision and community engagement. 

Low-Cost ML Tools and Edge Computing   

To address the digital divide, low-cost ML tools powered by edge computing are being explored. These tools perform real-time analytics 

on local devices without relying on high-speed internet or cloud infrastructure. Such solutions are particularly effective in remote rural settings 

where connectivity is limited [43, 106]. Mobile applications equipped with embedded ML models, for instance, can diagnose plant diseases 

offline and suggest treatments based on pre-trained classifiers. This trend democratizes ML access and ensures smallholder inclusivity. 

Gender-Inclusive and Ethical AI Frameworks  

As ML tools gain traction, future adoption must prioritize ethical AI practices and gender inclusivity. Ensuring that agricultural 

technologies are co-designed with marginalized communities—including women farmers—can enhance relevance and uptake [107]. Policies 

promoting transparent data governance, equitable access, and cultural sensitivity will be critical for sustained technological integration. 

Roadmap for ML Adoption (2025–2030)  

The roadmap for Machine Learning (ML) adoption in Sub-Saharan African (SSA) agriculture outlines a phased implementation strategy 

spanning 2025-2030 (Figure 9). The phased approach ensures a systematic progression from foundational development to scaling and policy 

integration. 

The initial phase (2025) focused on establishing a strong foundation through comprehensive needs assessments and multi-stakeholder 

partnerships. This phase successfully completed a baseline assessment of agricultural ML readiness across SSA. The subsequent phase (2025-

2026) developed critical infrastructure, including rural connectivity solutions and solar-powered infrastructure, resulting in the establishment 

of the first regional agricultural technology hub. 

Data collection and management (2026-2027) were pivotal in creating standardized frameworks and SSA-specific agricultural datasets. 

The release of the first comprehensive SSA agricultural ML dataset marked a significant milestone. Capacity building (2027-2028) through 

specialized ML training programs and partnerships with universities yielded promising results, with 1,000 ML engineers trained in agricultural 

applications. 

The solution development phase (2028-2029) successfully implemented localized ML models and mobile applications with offline 

capabilities, achieving successful ML implementation across five SSA countries. Finally, the scale and policy integration phase (2029-2030), 

is expected to document continent-wide impact with measurable agricultural productivity improvements, establishing policy frameworks and 

sustainable funding models. This phased implementation strategy demonstrates the potential for ML adoption to transform SSA agriculture, 

with each phase building on the successes of the previous one. 

 
Figure 9. Roadmap for ML Adoption in SSA Agriculture (2025–2030) [84]. 

 

CONCLUSION 

Machine learning (ML) stands at the forefront of a transformative shift in crop protection and agricultural productivity across Sub-

Saharan Africa (SSA). This review has highlighted how ML-enabled tools, such as SMART-CYPS for yield prediction, convolutional neural 
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networks (CNNs) for early disease detection, and intelligent multi-agent irrigation systems, are already reshaping traditional agricultural 

practices. These innovations have not only improved real-time decision-making capabilities but have also reduced resource inefficiencies and 

minimized production losses, providing a blueprint for sustainable and climate-resilient farming systems in the region. 

However, the adoption and scalability of these technologies remain constrained by several interrelated challenges. Infrastructural barriers 

such as unreliable power supply, limited internet penetration, and inadequate sensor deployment continue to obstruct digital transformation 

efforts. Furthermore, issues surrounding data scarcity, low digital literacy among farmers, gender disparities, and socio-cultural resistance to 

new technologies underscore the need for a more inclusive approach to ML deployment. 

Overcoming these barriers will require robust, cross-sectoral collaboration. Governments, research institutions, private-sector actors, 

and development organizations must work in tandem to enhance infrastructure, promote digital literacy, and tailor ML solutions to the unique 

agronomic and socio-economic contexts of SSA. Investment in locally relevant data collection and model development is also crucial to 

improve the accuracy, adaptability, and uptake of ML applications across diverse agro-ecological zones. 

 

CALL TO ACTION 

As ML technologies like AI-enabled weed detection, pest monitoring using CNNs and drone imagery, and mobile-based crop advisory 

platforms continue to evolve, it is imperative that SSA’s agricultural transformation does not become a tale of technological exclusion. Future 

research must prioritize context-aware, low-cost, and interpretable ML models, while also exploring participatory design methods that embed 

farmer knowledge and local realities into digital solutions. 

Ultimately, the potential of ML in revolutionizing SSA agriculture is no longer speculative—it is tangible, evidence-based, and within 

reach. But to fully harness this potential, there is an urgent need for deliberate policy action, inclusive innovation frameworks, and strategic 

investment. Only then can machine learning serve not just as a tool for productivity, but as a catalyst for food security, economic empowerment, 

and sustainable development across the African continent. 

 

ACKNOWLEDGMENTS 

We are thankful to the publisher for facilitating the dissemination of our research to a broader audience. I appreciate the editorial board for their 

thorough review and enhancement of my manuscript.  

 

FUNDING INFORMATION 

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-profit sectors. 

AUTHOR’S CONTRIBUTIONS 

B.Y.K., F.P.M., M.Y., R.Y.: Conceptualization, A.N.D., E.O.B., A.J.S., C.G.Y.: Writing- Original draft preparation, M.Y., L.L, D.A.F., C.G.Y.: 

Investigation, A.J.S., D.A.F., E.O.B., O.M.P.: Writing- Reviewing and Editing; B.Y.K., F.P.M.: Supervision, Visualization, and Validation. 

 

REFERENCES 

1) World Bank. (2023). World Development Indicators. World Bank Group. 

2) Jayne, T. S., & Sanchez, P. A. (2021). Agricultural productivity must improve in sub-Saharan Africa. Science. 

https://doi.org/10.1126/science.abf5413  

3) Moyo, S. (2016). Family farming in sub-Saharan Africa: its contribution to agriculture, food security and rural development (No. 150).  

Working paper. https://hdl.handle.net/10419/173805 

4) FAO. 2022. The State of World Fisheries and Aquaculture 2022. Towards Blue Transformation. Rome, FAO.  

https://doi.org/10.4060/cc0461en 

5) IPCC, 2023: Summary for Policymakers. In: Climate Change 2023: Synthesis Report. Contribution of Working Groups I, II and III to 

the Sixth Assessment Report of the Intergovernmental Panel on Climate Change [Core Writing Team, H. Lee and J. Romero (eds.)]. 

IPCC, Geneva, Switzerland, pp. 1-34, https://doi.org/10.59327/IPCC/AR6-9789291691647.001  

6)  AGRA. (2021). Africa Agriculture Status Report. A Decade of Action: Building Sustainable and Resilient Food Systems in Africa 

(Issue 9). Nairobi, Kenya: Alliance for a Green Revolution in Africa (AGRA). https://agra.org/annual-report-2021/wp-

content/uploads/2022/10/AGRA-Annual-Report-2021.pdf  

7) Liakos, K. G., Busato, P., Moshou, D., Pearson, S., & Bochtis, D. (2018). Machine learning in agriculture: A review. Sensors. 

https://doi.org/10.3390/s18082674  

8) Jarrahi, M. H. (2018). Artificial intelligence and the future of work: Human-AI symbiosis in organizational decision making. Business 

horizons. https://doi.org/10.1016/j.bushor.2018.03.007  

9) Tien, J. M. (2017). Internet of things, real-time decision making, and artificial intelligence. Annals of Data Science. 

https://doi.org/10.1007/s40745-017-0112-5  

10) Panat, S., & Kumar, R. (2023). Introduction to artificial intelligence & ML. In A Guide to Applied Machine Learning for Biologists 

(pp. 127-146). Cham: Springer International Publishing. https://doi.org/10.1007/978-3-031-22206-1_5  

11) Kühl, N., Schemmer, M., Goutier, M., & Satzger, G. (2022). Artificial intelligence and machine learning. Electronic Markets. 

https://doi.org/10.1007/s12525-022-00598-0  

12) Sarker, I. H. (2021). Machine learning: Algorithms, real-world applications and research directions. SN computer science. 

https://doi.org/10.1007/s42979-021-00592-x 

13) Cembrowska-Lech, D., Krzemińska, A., Miller, T., Nowakowska, A., Adamski, C., Radaczyńska, M., ... & Mikiciuk, M. (2023). An 

integrated multi-omics and artificial intelligence framework for advance plant phenotyping in horticulture. Biology. 

https://doi.org/10.3390/biology12101298  

https://doi.org/10.65150/EP-gjetr/V1E3/2025-04
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1126/science.abf5413
https://hdl.handle.net/10419/173805
https://doi.org/10.4060/cc0461en
https://doi.org/10.59327/IPCC/AR6-9789291691647.001
https://agra.org/annual-report-2021/wp-content/uploads/2022/10/AGRA-Annual-Report-2021.pdf
https://agra.org/annual-report-2021/wp-content/uploads/2022/10/AGRA-Annual-Report-2021.pdf
https://doi.org/10.3390/s18082674
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.1007/s40745-017-0112-5
https://doi.org/10.1007/978-3-031-22206-1_5
https://doi.org/10.1007/s12525-022-00598-0
https://doi.org/10.1007/s42979-021-00592-x
https://doi.org/10.3390/biology12101298


Glob. J. Eng. Technol. Res.01(03)2025, PP-109-128, DOI: 10.65150/EP-gjetr/V1E3/2025-04 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/  
Corresponding Author: Benjamin Yennuna Konyannik                                                                                   Page 125 | 128 

14) Attri, I., Awasthi, L. K., & Sharma, T. P. (2024). Machine learning in agriculture: a review of crop management applications. Multimedia 

Tools and Applications. https://doi.org/10.1007/s11042-023-16105-2  

15) Xu, Y., Zhang, X., Li, H., Zheng, H., Zhang, J., Olsen, M. S., ... & Qian, Q. (2022). Smart breeding driven by big data, artificial 

intelligence, and integrated genomic-enviromic prediction. Molecular Plant. https://doi.org/10.1016/j.molp.2022.10.007  

16) Ayaz, M., Ammad-Uddin, M., Sharif, Z., Mansour, A., & Aggoune, E. H. M. (2019). Internet-of-Things (IoT)-based smart agriculture: 

Toward making the fields talk. IEEE access. https://doi.org/10.1109/ACCESS.2019.2932609.  

17) Zhang, L., Dabipi, I. K., & Brown Jr, W. L. (2018). Internet of Things applications for agriculture. Internet of things A to Z: technologies 

and applications. https://doi.org/10.1002/9781119456735.ch18  

18) Tzounis, A., Katsoulas, N., Bartzanas, T., & Kittas, C. (2017). Internet of Things in agriculture, recent advances and future challenges. 

Biosystems engineering. https://doi.org/10.1016/j.biosystemseng.2017.09.007  

19) Tugrul, B., Elfatimi, E., & Eryigit, R. (2022). Convolutional neural networks in detection of plant leaf diseases: A review. Agriculture. 

https://doi.org/10.3390/agriculture12081192  

20) Wani, J. A., Sharma, S., Muzamil, M., Ahmed, S., Sharma, S., & Singh, S. (2022). Machine learning and deep learning based 

computational techniques in automatic agricultural diseases detection: Methodologies, applications, and challenges. Archives of 

Computational methods in Engineering. https://doi.org/10.1007/s11831-021-09588-5  

21) Ngugi, H. N., Ezugwu, A. E., Akinyelu, A. A., & Abualigah, L. (2024). Revolutionizing crop disease detection with computational deep 

learning: a comprehensive review. Environmental Monitoring and Assessment. https://doi.org/10.1007/s10661-024-12454-z  

22) Lu, J., Tan, L., & Jiang, H. (2021). Review on convolutional neural network (CNN) applied to plant leaf disease classification. 

Agriculture. https://doi.org/10.3390/agriculture11080707  

23) Ning, H., Liu, S., Zhu, Q., & Zhou, T. (2023). Convolutional neural network in rice disease recognition: accuracy, speed and lightweight. 

Frontiers in Plant Science. https://doi.org/10.3389/fpls.2023.1269371 

24) Bacco, M., Barsocchi, P., Ferro, E., Gotta, A., & Ruggeri, M. (2019). The digitisation of agriculture: A survey of research activities on 

smart farming. Array. https://doi.org/10.1016/j.array.2019.100009  

25) Shidende, N., & Mwogosi, A. (2025). Exploring the impact of generative AI tools on healthcare delivery in Tanzania. Journal of Health 

Organization and Management, (ahead-of-print). https://doi.org/10.1108/JHOM-01-2025-0007  

26) Lachman, J., & López, A. (2019). Innovation obstacles in an emerging high-tech sector: The case of precision agriculture in Argentina. 

Management Research. https://doi.org/10.1108/MRJIAM-11-2018-0883  

27) Bangole, N. K. R. (2024). A machine learning-based crop diseases detection and management system. Advances in Business Information 

Systems and Analytics. https://doi.org/10.4018/979-8-3693-3583-3.ch001  

28) Xia, M., Huang, Z., Tian, L., Wang, H., Chang, V., Zhu, Y., & Feng, S. (2021). SparkNoC: An energy-efficiency FPGA-based 

accelerator using optimized lightweight CNN for edge computing. Journal of Systems Architecture.  

https://doi.org/10.1016/j.sysarc.2021.101991  

29) GSMA. (2023). The Mobile Economy Sub-Saharan Africa. GSM Association. 

30) Reiger, B. (2022). Adoption of Artificial Intelligence Based Technologies in Sub-Saharan African Agriculture (Master's thesis, 

Universidade NOVA de Lisboa (Portugal)). 

31) Singh, M., Upadhyay, L., Badekhan, A., Shil, S., Gautam, S. K., Anand, A., & Karthickraja, A. (2024). Leveraging remote sensing and 

nanotechnology to overcome barriers to agroforestry adoption by small holder farmers. J Sci Res Rep. http://www.ijrpr.com/  

32) Kuradusenge, M., Hitimana, E., Mtonga, K., et al. (2024). SMART-CYPS: An intelligent IoT and machine learning-powered crop yield 

prediction system for food security. Discover Internet of Things. https://doi.org/10.1007/s43926-024-00079-0  

33) Getahun, S., Kefale, H., & Gelaye, Y. (2024). Application of precision agriculture technologies for sustainable crop production and 

environmental sustainability: A systematic review. The Scientific World Journal. https://doi.org/10.1155/2024/2126734  

34) Konyannik, B. Y., & Zargar, M. (2025). Water Use Efficiency in Ghana’s Smallholder Farming Systems: Unpacking the Benefits of 

Integrating Conservation Tillage, Digital Agriculture, and Rainwater Harvesting Practices. Authorea Preprints. 

35) Ajith, S., Vijayakumar, S., & Elakkiya, N. (2025). Yield prediction, pest and disease diagnosis, soil fertility mapping, precision irrigation 

scheduling, and food quality assessment using machine learning and deep learning algorithms. Discover Food. 

https://doi.org/10.1007/s44187-025-00338-1  

36) Basu, A., & Narayan, A. (2025). The role of machine learning in transforming agricultural practices: insights into crop yield optimization 

and disease detection. Iran Journal of Computer Science. https://doi.org/10.1007/s42044-025-00280-6 

37) Mahenge, M. P. J., Mkwazu, H., Sanga, C. A., Madege, R. R., Mwaipopo, B., & Maro, C. (2023). Artificial intelligence and deep 

learning based technologies for emerging disease recognition and pest prediction in beans (phaseolus vulgaris l.): A systematic review. 

African Journal of Agricultural Research. https://doi.org/10.5897/AJAR2022.16226 

38) Portela, F., Sousa, J. J., Araújo-Paredes, C., Peres, E., Morais, R., & Pádua, L. (2024). A systematic review on the advancements in 

remote sensing and proximity tools for grapevine disease detection. Sensors. https://doi.org/10.3390/s24248172  

39) John, M. A., Bankole, I., Ajayi-Moses, O., Ijila, T., Jeje, T., & Lalit, P. (2023). Relevance of advanced plant disease detection techniques 

in disease and Pest Management for Ensuring Food Security and Their Implication: A review. American Journal of Plant Sciences. 

https://doi.org/10.4236/ajps.2023.1411086  

40) Negi, P., & Anand, S. (2024). Plant disease detection, diagnosis, and management: Recent advances and future perspectives. Artificial 

Intelligence and Smart Agriculture: Technology and Applications. https://doi.org/10.1007/978-981-97-0341-8_20  

https://doi.org/10.65150/EP-gjetr/V1E3/2025-04
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s11042-023-16105-2
https://doi.org/10.1016/j.molp.2022.10.007
https://doi.org/10.1109/ACCESS.2019.2932609
https://doi.org/10.1002/9781119456735.ch18
https://doi.org/10.1016/j.biosystemseng.2017.09.007
https://doi.org/10.3390/agriculture12081192
https://doi.org/10.1007/s11831-021-09588-5
https://doi.org/10.1007/s10661-024-12454-z
https://doi.org/10.3390/agriculture11080707
https://doi.org/10.3389/fpls.2023.1269371
https://doi.org/10.1016/j.array.2019.100009
https://doi.org/10.1108/JHOM-01-2025-0007
https://doi.org/10.1108/MRJIAM-11-2018-0883
https://doi.org/10.4018/979-8-3693-3583-3.ch001
https://doi.org/10.1016/j.sysarc.2021.101991
http://www.ijrpr.com/
https://doi.org/10.1007/s43926-024-00079-0
https://doi.org/10.1155/2024/2126734
https://doi.org/10.1007/s44187-025-00338-1
https://doi.org/10.1007/s42044-025-00280-6
https://doi.org/10.5897/AJAR2022.16226
https://doi.org/10.3390/s24248172
https://doi.org/10.4236/ajps.2023.1411086
https://doi.org/10.1007/978-981-97-0341-8_20


Glob. J. Eng. Technol. Res.01(03)2025, PP-109-128, DOI: 10.65150/EP-gjetr/V1E3/2025-04 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/  
Corresponding Author: Benjamin Yennuna Konyannik                                                                                   Page 126 | 128 

41) Mahlein, A. K. (2016). Plant disease detection by imaging sensors–parallels and specific demands for precision agriculture and plant 

phenotyping. Plant disease. https://doi.org/10.1094/PDIS-03-15-0340-FE  

42) TuYizere, D., Uwase, V., Niyonkuru, M., Ndanyunzwe, G., Kabutware, M., Singadi, P., ... & Okeyo, G. (2024, July). AI-Driven 

Precision Farming: A Holistic Approach to Enhance Food and Nutrition Security in Africa. In 2024 IEEE International Conference on 

Omni-layer Intelligent Systems (COINS) (pp. 1-6). IEEE. https://doi.org/10.1109/COINS61597.2024.10622109  

43) Nyasulu, C., Diattara, A., Traore, A., Deme, A., & Ba, C. (2022). Towards resilient agriculture to hostile climate change in the Sahel 

region: A case study of machine learning-based weather prediction in Senegal. Agriculture. https://doi.org/10.3390/agriculture12091473 

44) Gul, D., & Banday, R. U. Z. (2024). Transforming Crop Management Through Advanced AI and Machine Learning: Insights into 

Innovative Strategies for Sustainable Agriculture. AI Computer Science and Robotics Technology. 

https://doi.org/10.5772/acrt.20240030 

45) Bachu, L., Kandibanda, A., Grandhi, N., Athina, D. P., & Ande, P. K. (2024). Machine Learning for Enhanced Crop Management and 

Optimization of Yield in Precision Agriculture. https://doi.org/10.1109/i-smac61858.2024.10714733  

46) Jiménez, A. F., Cárdenas, P. F., & Jiménez, F. (2022). Intelligent IoT-multiagent precision irrigation approach for improving water use 

efficiency in irrigation systems at farm and district scales. Computers and Electronics in Agriculture. 

https://doi.org/10.1016/j.compag.2021.106635 

47) Musanase, C., Vodacek, A., Hanyurwimfura, D., et al. (2023). Data-driven analysis and machine learning-based crop and fertilizer 

recommendation system for revolutionizing farming practices. Poľnohospodárstvo. https://doi.org/10.3390/agriculture13112141  

48) Biswas, H. K., Sim, T. Y., & Lau, S. L. (2024). Impact of building information modelling and advanced technologies in the AEC 

industry: a contemporary review and future directions. Journal of Building Engineering. https://doi.org/10.1016/j.jobe.2023.108165  

49) Fattepur, G., Patil, A. Y., Kumar, P., Kumar, A., Hegde, C., Siddhalingeshwar, I. G., ... & Khan, T. Y. (2024). Bio-inspired designs: 

Leveraging biological brilliance in mechanical engineering—An overview. 3 Biotech. https://doi.org/10.1007/s13205-024-04153-w  

50) Adinarayana, S., Raju, M. G., Srirangam, D. P., Prasad, D. S., Kumar, M. R., & veesam, S. B. (2024). Enhancing resource management 

in precision farming through AI‐based irrigation optimization. How Machine Learning is Innovating Today's World: A Concise 

Technical Guide. https://doi.org/10.1002/9781394214167.ch15  

51) Mohyuddin, G., Khan, M. A., Haseeb, A., Mahpara, S., Waseem, M., & Saleh, A. M. (2024). Evaluation of machine learning approaches 

for precision farming in smart agriculture system: a comprehensive review. IEEE access. 

https://doi.org/10.1109/ACCESS.2024.3390581  

52) Akintuyi, O. B. (2024). Adaptive AI in precision agriculture: a review: investigating the use of self-learning algorithms in optimizing 

farm operations based on real-time data. Research Journal of Multidisciplinary Studies. https://doi.org/10.53022/oarjms.2024.7.2.0023  

53) Upadhyay, A., Patel, A., Patel, A., Chandel, N. S., Chakraborty, S. K., & Bhalekar, D. G. (2025). Leveraging AI and ML in Precision 

Farming for Pest and Disease Management: Benefits, Challenges, and Future Prospects. Ecologically Mediated Development: 

Promoting Biodiversity Conservation and Food Security. https://doi.org/10.1007/978-981-96-2413-3_23  

54) Sharma, K., & Shivandu, S. K. (2024). Integrating artificial intelligence and Internet of Things (IoT) for enhanced crop monitoring and 

management in precision agriculture. Sensors International. https://doi.org/10.1016/j.sintl.2024.100292  

55) Musau, E. G., & Sharma, K. (2024). Sustainable Agriculture Leveraging Artificial Intelligence Systems in Kenya’s Agri-food Supply 

Chain. Agricultural Science. https://doi.org/10.55173/agriscience.v7i2.128  

56) SS, V. C., Hareendran, A., & Albaaji, G. F. (2024). Precision farming for sustainability: An agricultural intelligence model. Computers 

and Electronics in Agriculture. https://doi.org/10.1016/j.compag.2024.109386  

57) Sharma, A., Sharma, A., Tselykh, A., Bozhenyuk, A., Choudhury, T., Alomar, M. A., & Sánchez-Chero, M. (2023). Artificial 

intelligence and internet of things oriented sustainable precision farming: Towards modern agriculture. Open Life Sciences. 

https://doi.org/10.1515/biol-2022-0713  

58) Mishra, H., & Mishra, D. (2023). Artificial intelligence and machine learning in agriculture: Transforming farming systems. Res. Trends 

Agric. Sci. https://doi.org/10.5281/zenodo.15157536  

59) Wang, S., Xu, D., Liang, H., Bai, Y., Li, X., Zhou, J., ... & Wei, W. (2025). Advances in deep learning applications for plant disease 

and pest detection: A review. Remote Sensing. https://doi.org/10.3390/rs17040698  

60) Karunathilake, E. M. B. M., Le, A. T., Heo, S., Chung, Y. S., & Mansoor, S. (2023). The path to smart farming: Innovations and 

opportunities in precision agriculture. Agriculture. https://doi.org/10.3390/agriculture13081593  

61) Li, K., Li, X., Liu, B., Ge, C., Zhang, Y., & Chen, L. (2023). Diagnosis and application of rice diseases based on deep learning. PeerJ 

Computer Science. https://doi.org/10.7717/peerj-cs.1384  

62) Latif, G., Abdelhamid, S. E., Mallouhy, R. E., Alghazo, J., & Kazimi, Z. A. (2022). Deep learning utilization in agriculture: Detection 

of rice plant diseases using an improved CNN model. Plants. https://doi.org/10.3390/plants11172230  

63) Feng, C., Jiang, M., Huang, Q., Zeng, L., Zhang, C., & Fan, Y. (2022). A lightweight real-time rice blast disease segmentation method 

based on DFFANet. Agriculture. https://doi.org/10.3390/agriculture12101543  

64) Deng, R., Tao, M., Xing, H., Yang, X., Liu, C., Liao, K., & Qi, L. (2021). Automatic diagnosis of rice diseases using deep learning. 

Frontiers in plant science. https://doi.org/10.3389/fpls.2021.701038  

65) Shuaibu, N., Obunadike, G. N., & Jamilu, B. A. (2024). Crop yield prediction using selected machine learning algorithms. FUDMA 

journal of Sciences. https://doi.org/10.33003/fjs-2024-0801-2220  

66) Panjwani, S., Jampani, M., Sambou, M. H., & Amarnath, G. (2024). Leveraging crop yield forecasts using satellite information for early 

warning in Senegal. Climate Smart Agriculture. https://doi.org/10.1016/j.csag.2024.100024  

https://doi.org/10.65150/EP-gjetr/V1E3/2025-04
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1094/PDIS-03-15-0340-FE
https://doi.org/10.1109/COINS61597.2024.10622109
https://doi.org/10.3390/agriculture12091473
https://doi.org/10.5772/acrt.20240030
https://doi.org/10.1109/i-smac61858.2024.10714733
https://doi.org/10.1016/j.compag.2021.106635
https://doi.org/10.3390/agriculture13112141
https://doi.org/10.1016/j.jobe.2023.108165
https://doi.org/10.1007/s13205-024-04153-w
https://doi.org/10.1002/9781394214167.ch15
https://doi.org/10.1109/ACCESS.2024.3390581
https://doi.org/10.53022/oarjms.2024.7.2.0023
https://doi.org/10.1007/978-981-96-2413-3_23
https://doi.org/10.1016/j.sintl.2024.100292
https://doi.org/10.55173/agriscience.v7i2.128
https://doi.org/10.1016/j.compag.2024.109386
https://doi.org/10.1515/biol-2022-0713
https://doi.org/10.5281/zenodo.15157536
https://doi.org/10.3390/rs17040698
https://doi.org/10.3390/agriculture13081593
https://doi.org/10.7717/peerj-cs.1384
https://doi.org/10.3390/plants11172230
https://doi.org/10.3390/agriculture12101543
https://doi.org/10.3389/fpls.2021.701038
https://doi.org/10.33003/fjs-2024-0801-2220
https://doi.org/10.1016/j.csag.2024.100024


Glob. J. Eng. Technol. Res.01(03)2025, PP-109-128, DOI: 10.65150/EP-gjetr/V1E3/2025-04 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/  
Corresponding Author: Benjamin Yennuna Konyannik                                                                                   Page 127 | 128 

67) Wang, H., Li, J., Tian, Q., & Niyogi, D. (2022). Improving the Forecasting of Winter Wheat Yields in Northern China with Machine 

Learning-Dynamical Hybrid Subseasonal-to-Seasonal Ensemble Prediction. Remote Sensing.  

https://doi.org/10.1002/essoar.10510222.1  

68) Maginga, T. J., Kutuku, S. J., Hamza, H., Mulokozi, G., & Nsenga, J. (2024). MkulimaGPT: Equitable AI Use Via a Swahili Chatbot 

for Maize Farming System in Tanzania. African Journal of Agriculture and Food Science. https://doi.org/10.52589/ajafs-verntb5i  

69) Bushara, A. R., T., A., & S., F. (2025). Optimizing crop yield forecasting with ensemble machine learning techniques. International 

Journal of Science and Research Archive. https://doi.org/10.30574/ijsra.2025.14.1.0189  

70) Traunmüller, H. (2023). Performance Assessment of Machine Learning Techniques for Corn Yield Prediction.  

https://doi.org/10.1007/978-3-031-28183-9_23  

71) Bharathi, S., & Navaprakash, N. (2024, April). Prediction of indian gdp using xgboost compared with adaboost. In 2024 International 

Conference on Advances in Data Engineering and Intelligent Computing Systems (ADICS). IEEE. 

 https://doi.org/10.1109/ADICS58448.2024.10533574  

72) Yan, Y., Wang, Y., Li, J., Zhang, J., & Mo, X. H. (2025). Crop Yield Time-Series Data Prediction Based on Multiple Hybrid Machine 

Learning Models. https://doi.org/10.20944/preprints202501.1948.v1  

73) Noorunnahar, M., Chowdhury, A. H., & Mila, F. A. (2023). A tree based eXtreme Gradient Boosting (XGBoost) machine learning 

model to forecast the annual rice production in Bangladesh. PloS one. https://doi.org/10.1371/journal.pone.0283452  

74) Huber, F., Yushchenko, A., Stratmann, B., & Steinhage, V. (2022). Extreme Gradient Boosting for yield estimation compared with 

Deep Learning approaches. Computers and Electronics in Agriculture. https://doi.org/10.1016/j.compag.2022.107346  

75) Paudel, D., De Wit, A., Boogaard, H., Marcos, D., Osinga, S., & Athanasiadis, I. N. (2023). Interpretability of deep learning models for 

crop yield forecasting. Computers and Electronics in Agriculture. https://doi.org/10.1016/j.compag.2023.107663  

76) Nayak, H. S., Silva, J. V., Parihar, C. M., Krupnik, T. J., Sena, D. R., Kakraliya, S. K., ... & Sapkota, T. B. (2022). Interpretable machine 

learning methods to explain on-farm yield variability of high productivity wheat in Northwest India. Field Crops Research. 

https://doi.org/10.1016/j.fcr.2022.108640  

77) Badshah, A., Alkazemi, B. Y., Din, F., Zamli, K. Z., & Haris, M. (2024). Crop classification and yield prediction using robust machine 

learning models for agricultural sustainability. IEEE Access. https://doi.org/10.1109/ACCESS.2024.3486653  

78) Morales, A., & Villalobos, F. J. (2023). Using machine learning for crop yield prediction in the past or the future. Frontiers in Plant 

Science. https://doi.org/10.3389/fpls.2023.1128388  

79) Lee, D., Davenport, F., Shukla, S., Husak, G. J., Funk, C., Budde, M. E., Rowland, J., & Verdin, J. P. (2023). Contrasting Performance 

of Panel and Time-Series Models for Subnational Crop Forecasting in Sub-Saharan Africa. https://doi.org/10.2139/ssrn.4635817  

80) Ozor, N., Nwakaire, J., Nyambane, A., Muhatiah, W., & Nwobodo, C. E. (2025). Enhancing Africa’s agriculture and food systems 

through responsible and gender inclusive AI innovation: insights from AI4AFS network. Frontiers in Artificial Intelligence. 

https://doi.org/10.3389/frai.2024.1472236  

81) Olarewaju, O. O., Fawole, O. A., Baiyegunhi, L. J., & Mabhaudhi, T. (2025). Integrating Sustainable Agricultural Practices to Enhance 

Climate Resilience and Food Security in Sub-Saharan Africa: A Multidisciplinary Perspective. Sustainability. 

https://doi.org/10.3390/su17146259  

82) Chavula, P., Kayusi, F., & Juma, L. (2024). Leveraging Artificial Intelligence for Enhancing Wheat Yield Resilience Amidst Climate 

Change in Sub-Saharan Africa. LatIA. https://doi.org/10.62486/latia202588  

83) Raimi, L., Panait, M., & Sule, R. (2021). Leveraging precision agriculture for sustainable food security in sub-Saharan Africa: a 

theoretical discourse. In Shifting Patterns of Agricultural Trade: The Protectionism Outbreak and Food Security (pp. 491-509).  

Singapore: Springer Nature Singapore. https://doi.org/10.1007/978-981-16-3260-0_21  

84) Chavula, P., & Kayusi, F. (2025). Challenges in Sub-Saharan Africa’s Food Systems and the Potential Role of AI. LatIA. 

https://doi.org/10.62486/latia2025318  

85) Tefera, M. L. (2025). Sustainable Solutions to Land Degradation and Rainfall Variability in Sub-Saharan Africa: Integrating Traditional 

Water Management, Agricultural Intensification, and Machine Learning Approaches. https://hdl.handle.net/20.500.14242/195962  

86) Ahmed, S. M., Dinnar, H. A., Ahmed, A. E., Elbushra, A. A., & Turk, K. G. B. (2024). A Deeper Understanding of Climate Variability 

Improves Mitigation Efforts, Climate Services, Food Security, and Development Initiatives in Sub-Saharan Africa. Climate. 

https://doi.org/10.3390/cli12120206  

87) Benti, N. E., Chaka, M. D., Semie, A. G., Warkineh, B., & Soromessa, T. (2024). Transforming agriculture with Machine Learning, 

Deep Learning, and IoT: perspectives from Ethiopia—challenges and opportunities. Discover Agriculture.  

https://doi.org/10.1007/s44279-024-00066-7  

88)  Daum, T., Buchwald, H., Gerlicher, A., & Birner, R. (2018). Smartphone apps as a new method to collect data on smallholder farming 

systems in the digital age: A case study from Zambia. Computers and electronics in agriculture.  

https://doi.org/10.1016/j.compag.2018.08.017  

89) Kamran, M., Tanveer, K., Khalid, N., Khalil, M. N., Ahmad, B., Arooj, A., ... & Mir, S. Z. (2025). INTEGRATING ADVANCED 

DEEP LEARNING ALGORITHMS FOR CLIMATE SYSTEMS: ENHANCING WEATHER FORECAST ACCURACY, REAL-

TIME CLIMATE MONITORING, AND LONG-TERM CLIMATE PREDICTIONS. Spectrum of Engineering Sciences.  

https://sesjournal.com/index.php/1/article/view/471  

90) Padhiary, M. (2025). The convergence of deep learning, IoT, sensors, and farm machinery in agriculture. In Designing sustainable 

internet of things solutions for smart industries (pp. 109-142). IGI Global. https://doi.org/10.4018/979-8-3693-5498-8.ch005  

https://doi.org/10.65150/EP-gjetr/V1E3/2025-04
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/essoar.10510222.1
https://doi.org/10.52589/ajafs-verntb5i
https://doi.org/10.30574/ijsra.2025.14.1.0189
https://doi.org/10.1007/978-3-031-28183-9_23
https://doi.org/10.1109/ADICS58448.2024.10533574
https://doi.org/10.20944/preprints202501.1948.v1
https://doi.org/10.1371/journal.pone.0283452
https://doi.org/10.1016/j.compag.2022.107346
https://doi.org/10.1016/j.compag.2023.107663
https://doi.org/10.1016/j.fcr.2022.108640
https://doi.org/10.1109/ACCESS.2024.3486653
https://doi.org/10.3389/fpls.2023.1128388
https://doi.org/10.2139/ssrn.4635817
https://doi.org/10.3389/frai.2024.1472236
https://doi.org/10.3390/su17146259
https://doi.org/10.62486/latia202588
https://doi.org/10.1007/978-981-16-3260-0_21
https://doi.org/10.62486/latia2025318
https://hdl.handle.net/20.500.14242/195962
https://doi.org/10.3390/cli12120206
https://doi.org/10.1007/s44279-024-00066-7
https://doi.org/10.1016/j.compag.2018.08.017
https://sesjournal.com/index.php/1/article/view/471
https://doi.org/10.4018/979-8-3693-5498-8.ch005


Glob. J. Eng. Technol. Res.01(03)2025, PP-109-128, DOI: 10.65150/EP-gjetr/V1E3/2025-04 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/  
Corresponding Author: Benjamin Yennuna Konyannik                                                                                   Page 128 | 128 

91) Achieng, M. (2023). Digital technologies for integrated food loss and waste reduction in agrifood chains in Sub-Saharan Africa: A 

scoping review. IEEE Xplore. https://doi.org/10.23919/IST-AFRICA60249.2023.10187757  

92) Omar, M. M., Shitindi, M. J., Massawe, B. J., Fue, K. G., Pedersen, O., & Meliyo, J. L. (2022). Exploring farmers’ perception, 

knowledge, and management techniques of salt-affected soils to enhance rice production on small land holdings in Tanzania. Cogent 

Food & Agriculture. https://doi.org/10.1080/23311932.2022.2140470  

93) Mduma, N., & Mayo, F. (2024). Updating “machine learning imagery dataset for maize crop: A case of Tanzania” with expanded data 

to cover the new farming season. Data in Brief. https://doi.org/10.1016/j.dib.2024.110359  

94) Peng, W., & Karimi Sadaghiani, O. (2023). A review on the applications of machine learning and deep learning in agriculture section 

for the production of crop biomass raw materials. Energy Sources, Part A: Recovery, Utilization, and Environmental Effects. 

https://doi.org/10.1080/15567036.2023.2232322 

95) Abdullah, H. M., Islam, M. N., Saikat, M. H., & Bhuiyan, M. A. (2024). Precision agriculture practices from planting to postharvest: 

scopes, opportunities, and challenges of innovation in developing countries. Remote Sensing in Precision Agriculture. 

https://doi.org/10.1016/B978-0-323-91068-2.00014-X  

96) Jose, A., Deepak, K. S., & Rajamani, N. (2024). Innovation in agriculture and the environment: a roadmap to food security in developing 

nations. In Food Security in a Developing World: Status, Challenges, and Opportunities (pp. 259-281). Cham: Springer Nature 

Switzerland. https://doi.org/10.1007/978-3-031-57283-8_15  

97) Khaspuria, G., Khandelwal, A., Agarwal, M., Bafna, M., Yadav, R., & Yadav, A. K. (2024). Adoption of Precision Agriculture 

Technologies among Farmers: A Comprehensive Review. Journal of Scientific Research and Reports.  

https://doi.org/10.9734/jsrr/2024/v30i72180  

98) Brugler, S., Gardezi, M., Dadkhah, A., Rizzo, D. M., Zia, A., & Clay, S. A. (2023). Improving decision support systems with machine 

learning: identifying barriers to adoption. Agronomy Journal. https://doi.org/10.1002/agj2.21432  

99) Adewusi, A. O., Asuzu, O. F., Olorunsogo, T., Iwuanyanwu, C., Adaga, E., & Daraojimba, D. O. (2024). AI in precision agriculture: A 

review of technologies for sustainable farming practices. World Journal of Advanced Research and Reviews.  

https://doi.org/10.30574/wjarr.2024.21.1.0314  

100) Aroba, O. J., & Rudolph, M. (2024). Systematic literature review on the application of precision agriculture using artificial intelligence 

by small-scale farmers in Africa and its societal impact. Journal of Infrastructure, Policy and Development. 

https://doi.org/10.24294/jipd8872  

101) Luo, M. (2025). Enhancing agricultural knowledge and digital literacy of farmers through data-driven technology integration. 

International Journal of Information and Communication Technology. https://doi.org/10.1504/IJICT.2025.146098  

102) Cravero, A., & Sepúlveda, S. (2021). Use and adaptations of machine learning in big data—Applications in real cases in agriculture. 

Electronics. https://doi.org/10.3390/electronics10050552  

103) Prajapati, C. S., Priya, N. K., Bishnoi, S., Vishwakarma, S. K., Buvaneswari, K., Shastri, S., ... & Jadhav, A. (2025). The role of 

participatory approaches in modern agricultural extension: bridging knowledge gaps for sustainable farming practices. Journal of 

Experimental Agriculture International. https://doi.org/10.9734/jeai/2025/v47i23281 

104) Manjunath, M. C., & Palayyan, B. P. (2023). An efficient crop yield prediction framework using hybrid machine learning model. Revue 

d'Intelligence Artificielle. https://doi.org/10.18280/ria.370428 

105) Stathers, T., & Mvumi, B. (2020). Challenges and initiatives in reducing postharvest food losses and food waste: sub-Saharan Africa. 

In Preventing food losses and waste to achieve food security and sustainability (pp. 729-786). Burleigh Dodds Science Publishing. 

https://www.taylorfrancis.com/chapters/edit/10.1201/9780429266621-27/challenges-initiatives-reducing-postharvest-food-losses-

food-waste-sub-saharan-africa-tanya-stathers-brighton-mvumi  

106) Araújo, S. O., Peres, R. S., Ramalho, J. C., Lidon, F., & Barata, J. (2023). Machine Learning Applications in Agriculture: Current 

Trends, Challenges, and Future Perspectives. Agronomy. https://doi.org/10.3390/agronomy13122976  

107) Gebremedhin, Z. (2021). User-centered innovation and localized rapid prototyping for agricultural technology co-development with 

women smallholder farmers In Malawi (Doctoral dissertation, NUI Galway). https://doi.org/10.13025/17165   

 

https://doi.org/10.65150/EP-gjetr/V1E3/2025-04
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.23919/IST-AFRICA60249.2023.10187757
https://doi.org/10.1080/23311932.2022.2140470
https://doi.org/10.1016/j.dib.2024.110359
https://doi.org/10.1080/15567036.2023.2232322
https://doi.org/10.1016/B978-0-323-91068-2.00014-X
https://doi.org/10.1007/978-3-031-57283-8_15
https://doi.org/10.9734/jsrr/2024/v30i72180
https://doi.org/10.1002/agj2.21432
https://doi.org/10.30574/wjarr.2024.21.1.0314
https://doi.org/10.24294/jipd8872
https://doi.org/10.1504/IJICT.2025.146098
https://doi.org/10.3390/electronics10050552
https://doi.org/10.9734/jeai/2025/v47i23281
https://doi.org/10.18280/ria.370428
https://www.taylorfrancis.com/chapters/edit/10.1201/9780429266621-27/challenges-initiatives-reducing-postharvest-food-losses-food-waste-sub-saharan-africa-tanya-stathers-brighton-mvumi
https://www.taylorfrancis.com/chapters/edit/10.1201/9780429266621-27/challenges-initiatives-reducing-postharvest-food-losses-food-waste-sub-saharan-africa-tanya-stathers-brighton-mvumi
https://doi.org/10.3390/agronomy13122976
https://doi.org/10.13025/17165

