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Abstract—This systematic review examines the transformative 

role of Cognitive Data Analytics (CDA) and Artificial Intelligence 

(AI) in advancing sustainable agricultural practices, with a 

primary objective to evaluate their applications in Precision 

Agriculture (PA), Internet of Things (IoT), smart irrigation, and 

Geographic Information Systems (GIS) from 2020 to 2025. Key 

findings highlight AI predictive modeling, IoT real-time 

monitoring, and GIS spatial analysis improving crop yields, water 

conservation, and environmental management. Challenges such as 

high costs, technical expertise gaps, and regional disparities hinder 

adoption. The review underscores the need for supportive policies 

and farmer training to enhance food security and sustainability by 

2030. 
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I. INTRODUCTION 

Agricultural practice pertains to the methodologies and 
techniques utilized in farming to augment productivity and 
sustainability, encompassing both crop management and 
livestock stewardship. The term embodies the integration of 
contemporary technologies to enhance efficiency in both 
outdoor and indoor environments, such as agricultural fields and 
greenhouses [1]. The adoption of Internet of Things (IoT) 
technologies, for instance, facilitates real-time data collection 
through interconnected devices, enabling precision farming 
practices that optimize resource use and enhance crop 
management [48]. This integration of advanced technologies, 
including IoT, sets the stage for transformative approaches like 
Cognitive Data Analytics (CDA) and Artificial Intelligence 
(AI), which further revolutionize sustainable agriculture by 
improving decision-making and resource efficiency. 

A. Artificial Intelligence in Sustainable Agriculture 

Integrating AI into sustainable agriculture is revolutionizing 
farming practices. The utilization of AI in sustainable 
agriculture assists farmers in enhancing aspects such as 
productivity, resource management, and pest control by 
collecting data and employing it to optimize agricultural 
processes [2]. This technology facilitates precise applications of 
inputs, mitigates waste, and minimizes environmental impact. 
Moreover, it automates repetitive tasks, thereby improving 
productivity and efficiency while advocating for responsible 
farming practices [47]. Furthermore, AI aids farmers in reducing 

waste, minimizing environmental impact, and simultaneously 
increasing productivity while addressing challenges such as 
elevated costs and the necessity for technical expertise, 
ultimately contributing to food security and environmental 
sustainability [2]. 

1) Cognitive data analytics. CDA is an advanced approach 

that integrates cognitive processes into data analysis, enabling 

users to derive insights from complex datasets, particularly in 

the context of big data. This approach is crucial as it automates 

and enhances traditional data analysis methods, allowing for the 

processing of both structured and unstructured data [3]. CDA 

systems interact with users, learning from these interactions to 

improve the analysis process. This interaction is facilitated 

through technologies like natural language processing and 

machine learning, which help in hypothesis generation and 

decision making [4]. 

2) Precision agriculture. Precision Agriculture (PA) is a 

farming management strategy and system that uses technology 

and data to enhance agricultural productivity and sustainability. 

By focusing on the variability of soil and crop conditions and 

the precise placement of seeds, fertilizers, and pesticides, PA 

enables farmers to make informed decisions regarding resource 

allocation, ultimately leading to increased yields, reduced costs, 

and environmental impact [5]. 

3) Internet of things and smart irrigation. IoT in agriculture 

involves many connected devices with sensors that collect and 

exchange data, enabling precision farming such as seed 

placement, resource optimization like water management, 

disease detection in agricultural crops, and improved decision 

making by providing historical and real time data for analysis. 

This helps farmers to make data driven decisions that enhance 

productivity, improve crop yield, and reduce waste. 

Furthermore, the information on soil conditions, weather, and 

crop health obtained by IoT also improves the quality and 

quantity of crops while decreasing production costs, which in 

turn enhances farmers' profitability [49]. 

Smart irrigation also uses the principles of the IoT, utilizing 
a connected system of automation, such as sensors, to optimize 
crop management. Real-time data on soil moisture, weather, and 
crop needs is gathered, which helps farmers make informed 
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decisions about watering schedules and amounts. Such 
information promotes efficient and sustainable water usage [50]. 

4) Geographic information systems. Geographic 

Information Systems (GIS) in agriculture involve the use of 

technologies such as sensors and AI to visualize and analyze 

agricultural data, including soil quality, climate conditions, and 

land features. Such analysis enables farmers to make data-

driven decisions regarding land use and crop management [51]. 

Furthermore, it also aids in resource management, such as water 

consumption and soil nutrient management, enhancing 

production efficiency, supporting regulatory compliance, and 

helping to resolve land use conflicts, ultimately benefiting 

agricultural operations [52]. 

B. Purpose and Scope of Study 

This systematic review aims to investigate the applications 
of CDA and AI in sustainable agriculture, focusing on their 
contributions to precision agriculture, intelligent agricultural 
management systems, and GIS and IoT-based solutions. The 
study aims to comprehensively analyze how these technologies 
enhance agricultural productivity, resource efficiency, and 
environmental sustainability. This review will examine the 
following aspects: 

 The study discusses the current and projected 
advancements in sustainable agriculture by 2030. 

 The utilization of CDA and AI in precision agriculture 
and innovative farming ecosystems. 

 The major applications of CDA and AI in GIS, IoT, and 
intelligent agricultural management systems. 

 The key challenges and opportunities for adopting these 
technologies in agriculture. 

By systematically reviewing relevant studies published 
between 2020 and 2025, this research aims to deepen the 
understanding of the transformative potential of CDA and AI in 
agriculture, providing insights for farmers, researchers, 
policymakers, and stakeholders to promote sustainable 
agricultural practices. 

C. Significance and Future Implications 

The use of AI in sustainable farming involves using 
intelligent data analysis to improve precision farming, better 
resource management with IoT and smart irrigation, and making 
better decisions with geographic information systems. These 
integrations contribute to an increase in productivity, resource 
management efficiency, crop yield, and sustainability in farming 
practices [53]. 

The remainder of this study is structured as follows: the 
methodology section outlines the systematic review design, 
search strategy, and quality assessment using PRISMA and the 
Critical Appraisal Framework (CAF). The results section 
presents findings across CDA, PA, IoT, and GIS. The discussion 
synthesizes cross domain insights and regional variations. The 
limitations section addresses study constraints and research 
opportunities. Finally, the conclusion summarizes the potential 
of CDA and AI for sustainable agriculture. 

II. METHODOLOGY 

A. Systematic Review Design and Thematic Focus 

This study presents a systematic review that synthesizes 
existing literature on the applications of Cognitive Data 
Analytics (CDA) and Artificial Intelligence (AI) in sustainable 
agriculture. 

B. Research Questions 

The study is guided by the following research questions: 

 What are the current and projected advancements in 
sustainable agriculture by 2030? 

 How are CDA and AI utilized in precision agriculture? 

 What are the major applications of CDA and AI in 
intelligent agricultural management systems, GIS and 
IoT-based solutions? 

 What are the main challenges and opportunities for 
adopting CDA and AI in agriculture? 

C. Framework 

Four categories structure this systematic review: CDA, PA, 
GIS, and the Internet of Things and Smart Irrigation (IoT). These 
domains represent the primary areas where CDA and AI are 
currently making significant contributions to sustainable 
agriculture. Separating them allows for an analysis of the studies 
based on the research questions. This format enables a focused 
exploration of the unique challenges and opportunities within 
each technological area. The review aims to provide a 
comprehensive and comparative understanding of how AI 
decision making, predictive analytics, geospatial tools, and 
smart technologies are shaping the future of sustainable 
agriculture. 

D. Search Strategy 

Researchers conducted a comprehensive literature search 
across academic databases, IEEE, Scopus, MU, and Google 
Scholar, to identify studies on innovative agricultural practices 
and technological integration from 2020 to 2025. The search 
employed keyword combinations targeting sustainable 
agriculture, smart farming, agricultural technology, Analytics 
CDA, AI, PA, IoT, smart irrigation, and GIS. The following are 
examples of search queries that were used: 

 "Cognitive Data Analytics" AND ("Sustainable 
Agriculture" OR "Smart Farming" OR "Agricultural 
Technology") 

 ("Sustainable Agriculture" OR "Smart Farming" OR 
"Agricultural Technology") AND ("Cognitive Data 
Analytics" OR "AI in Agriculture" OR "Machine 
Learning in Farming") 

 "Precision Agriculture" AND "AI Applications" 

 ("IoT in Agriculture" OR "Smart Irrigation" OR "Drones 
in Agriculture") AND "Farming Integration" 

 "Geographic Information Systems in Farming" OR "GIS 
and Remote Sensing for Agriculture" 
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The five year timeframe was selected to capture recent 
advancements in CDA and AI, reflecting rapid technological 
evolution in sustainable agriculture. Excluding studies from 
before 2020 to maintain relevance to current trends, but may 
limit historical depth. 

E. Data Extraction 

A standardized data extraction form will be used to collect 
information, including: 

 Author(s), publication year and journal or conference. 

 Study objectives, methods and sample size. 

 Key findings related to technology perception, 
innovation requirements and machine learning. 

 Outcomes and limitations. 

F. Screening Process 

Researchers conducted the selection and screening of 
research articles through a structured process to ensure their 
relevance and quality: 

 Title Screening - All retrieved studies were first screened 
by title to exclude studies that did not relate to the main 
topics of AI, CDA, GIS, and sustainable or precision 
agriculture of this study. 

 Abstract Screening - Studies are then reviewed by 
analyzing the abstracts to assess if the studies have 
relevance to the research questions. 

Subsequently, the criteria for inclusion and exclusion are 
presented to ascertain the appropriateness of this review. 

G. Inclusion and Exclusion Criteria 

The inclusion criteria are composed of four fundamental 
elements: 

 Peer-reviewed journal articles, conference papers or 
technical reports. 

 Published between 2020 and 2025. 

 Focus on AI, CDA, GIS, IoT, drones, or precision 
agriculture. 

 Studies that present empirical data, case studies or real-
world applications. 

Two fundamental elements make up the exclusion criteria: 

 Opinion articles or general discussions without empirical 
evidence. 

 Studies that focus only on traditional agricultural 
methods without technological integration. 

H. Quality Assessment 

To ensure the review was thorough and relevant, we checked 
the quality of each chosen study using the PRISMA guidelines. 
Systematic reviews assessing compliance with PRISMA 
guidelines have an average compliance rate of 73% [6]. 
Statistics underscore the importance of PRISMA and enable 

better data filtering and quality assessment for this systematic 
review [7]. 

To ensure the reliability and validity of the selected studies, 
this review employs the Critical Appraisal Framework (CAF). 
This framework adheres to a structured narrative approach to 
evaluate methodological rigor and relevance without assigning 
numerical scores. Each study shall be subjected to critical review 
based on the following factors: 

  Is the study contextually relevant to sustainable 
agriculture and AI applications? 

  Are the research design and methods clearly described? 

  Are data sources credible and well documented? 

  Does the study provide a clear, logical analysis of 
findings? 

  Does the study acknowledge its limitations? 

  Up-to-date with existing literature in sustainable 
agriculture and AI? 

Each study will undergo qualitative synthesis instead of a 
numerical ranking, ensuring an evaluation that is both 
transparent and contextually relevant. Studies that do not meet 
essential criteria (e.g., lack of methodological clarity or 
unreliable data) will be excluded from the final review. By 
utilizing CAF, this systematic review upholds methodological 
rigor, transparency, and depth while steering clear of 
oversimplified scoring systems. 

III. RESULTS 

A. Inclusion and Exclusion of Works Using PRISMA 

This systematic review examined a total of 376 research 
studies identified across academic databases: IEEE, Scopus, 
MU, and Google Scholar. These studies were distributed across 
four categories: Cognitive Data Analytics (CDA), Precision 
Agriculture (PA), Internet of Things (IoT), and Geographic 
Information Systems (GIS). The screening process and the 
application of the inclusion and exclusion criteria led to the 
selection of 262 studies for potential inclusion, while 114 studies 
were excluded. The main reason for exclusion was that the 
publication year fell outside the review’s scope of 2020 to 2025, 
as specified in the exclusion criteria, while 12 studies were also 
excluded due to duplication across databases. The inclusion and 
exclusion of works using the PRISMA methodology are 
illustrated in Fig. 1. 

PRISMA Flow Diagram illustrating the screening process 
for study inclusion, with 376 initial records retrieved from 
Google Scholar (154 studies), IEEE (90 studies), Scopus (60 
studies), and MU (56 studies). After title and abstract screening, 
262 studies were included, with 114 excluded (102 outside the 
2020 to 2025 scope and 12 duplicates). 

B. Quality Assessment with Critical Appraisal Framework  

To guarantee the inclusion of high-quality and relevant 
studies, each selected article was assessed utilizing the Critical 
Appraisal Framework (CAF). This framework is specifically 
developed to conduct a qualitative evaluation of methodological 
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rigor and thematic relevance by addressing six guiding 
questions: 

 (Q1) Is the study contextually relevant to sustainable 
agriculture and AI applications? 

 (Q2) Are the research design and methods clearly 
described? 

 (Q3) Are data sources credible and well-documented? 

 (Q4) Does the study provide a clear, logical analysis of 
findings? 

 (Q5) Does the study acknowledge its limitations? 

 (Q6) Is the study up-to-date with existing literature in 
sustainable agriculture and AI? 

Each criterion was assessed with a “Yes” or “No”, and the 
total number of “Yes” responses per study was recorded. The 
results of this assessment are presented in Table I. Additionally, 
each study was categorized under one of the four categories 
explored in this review: Precision Agriculture (PA), Geographic 
Information Systems (GIS), Cognitive Data Analytics (CDA), 
or Internet of Things and Smart Irrigation (IoT). 

 
Fig. 1. Inclusion and exclusion of works using PRISMA. 

TABLE I.  FRAMEWORK FOR CRITICAL EVALUATION OF SELECTED RESEARCH STUDIES  

Study ID Topic Q1 Q2 Q3 Q4 Q5 Q6 Total of Yes 

[1] PA Yes Yes Yes Yes No Yes 5 

[8] GIS No Yes Yes Yes No No 3 

[9] PA Yes Yes Yes Yes Yes Yes 6 

[10] CDA Yes Yes Yes Yes Yes Yes 6 

[11] CDA Yes No Yes No Yes Yes 4 

[12] PA Yes Yes Yes Yes No Yes 5 

[13] CDA No Yes Yes Yes No No 3 

[14] GIS No Yes Yes Yes Yes No 4 

[15] PA Yes Yes Yes Yes No Yes 5 

[16] GIS Yes Yes Yes Yes Yes Yes 6 

[17] GIS No Yes Yes Yes Yes No 4 

[18] GIS Yes Yes Yes Yes Yes Yes 6 

[19] CDA No No Yes No No No 1 

[20] IOT Yes Yes No No No Yes 3 

[21] IOT Yes Yes No Yes Yes Yes 5 

[22] CDA Yes No Yes Yes Yes Yes 5 

[23] GIS Yes No No Yes No Yes 3 

[24] CDA Yes Yes Yes Yes No Yes 5 

[25] IOT Yes Yes Yes No Yes Yes 5 

[26] IOT Yes Yes Yes Yes Yes Yes 6 

[27] PA Yes Yes Yes Yes Yes Yes 6 

[28] IOT Yes Yes Yes Yes Yes Yes 6 

[29] IOT Yes No Yes No No Yes 3 

[30] PA No Yes Yes Yes Yes Yes 5 

[31] CDA Yes Yes Yes Yes No Yes 5 

[32] IOT Yes No Yes Yes Yes Yes 5 

[33] GIS Yes Yes Yes Yes No Yes 5 

[34] IOT Yes Yes Yes No Yes Yes 5 
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[35] IOT Yes Yes Yes Yes Yes Yes 6 

[36] GIS Yes No Yes No No Yes 3 

[37] PA No No Yes No No No 1 

[38] CDA Yes Yes Yes Yes Yes Yes 6 

[39] PA Yes Yes Yes Yes Yes Yes 6 

[40] IOT Yes No Yes No No Yes 3 

[41] PA Yes Yes Yes Yes Yes Yes 6 

[42] PA Yes Yes Yes Yes No Yes 5 

[43] CDA Yes Yes Yes Yes Yes Yes 6 

[44] GIS No Yes Yes Yes No No 3 

[45] GIS No Yes No Yes No No 2 

[46] CDA Yes Yes Yes Yes Yes Yes 6 

Total: 40 
CDA = 10, GIS = 10, IOT = 

10, PA = 10 

Yes = 31 

No = 9 

Yes = 31 

No = 9 

Yes = 36 

No = 4 

Yes = 31 

No = 9 

Yes = 22 

No = 18 

Yes = 32 

No = 8 
 

Footnote: Q1 = Is the study contextually relevant to sustainable agriculture and AI applications?; Q2 = Are the research design and methods clearly described?; 

Q3 = Are data sources credible and well documented?; Q4 = Does the study provide a clear, logical analysis of findings?; Q5 = Does the study acknowledge 

its limitations?; Q6 = Is the study up to date with existing literature in sustainable agriculture and AI? 
 

The CAF's assessment indicated that many chosen studies, 
when evaluated using PRISMA, were very well done, with 
many of them meeting all six set criteria. The studies that 
achieved high scores consistently demonstrated clarity in their 
design, reliability of data, and relevance to the research 
objectives. Conversely, a limited number of studies received low 
scores due to ambiguous methodologies, an outdated context, or 
a lack of relevance to core topics. Studies that garnered fewer 
than four “yes” responses were deemed to possess low appraisal 
quality and were consequently excluded from the final results. 
This process ensured that only the most relevant and 
methodologically sound studies contributed to the outcomes of 
this systematic review. 

C. Results and Findings 

This section presents the results of the systematic review 
organized according to four categories: CDA, PA, GIS, and IoT. 
These categories are selected to illustrate how CDA and AI 
contribute to the transformation of sustainable agriculture. Each 
category is reviewed in accordance with the research questions. 

1) Artificial intelligence and cognitive data analytics. 

Agriculture is a field, where technological change in traditional 

farming practices has been evolving through the impact of AI 

and CDA. Research studies explore the potential of this 

technological change to improve efficiency and sustainability 

in agricultural systems. This section demonstrates how AI and 

CDA are being integrated into agriculture, highlighting recent 

advancements, applications, and challenges. Only studies that 

scored at least four points in the critical appraisal process, as 

shown in Fig. 2, were included in the final analysis to ensure 

that the findings are of highest quality. 

Recent advancements in AI and CDA are transforming 
agricultural practices by enabling data driven systems that 
enhance productivity and resource efficiency. Studies project 
that by 2030, these technologies will significantly improve 
farming through robotic platforms, automated crop monitoring, 
and predictive modeling for optimized irrigation and 
fertilization [10, 31]. For example, Explainable AI (XAI) has 
been applied to coffee quality assessment to identify key quality 

defects or determinants, which offer transparency that would not 
be possible with traditional subjective evaluations [46]. 
Additionally, hybrid learning models using Convolutional 
Neural Networks (CNN) have achieved 91% accuracy in 
predicting orange quality by combining visual and structured 
data, lessening the need for manual inspections [24]. 
Additionally, AI precision techniques in Oman, optimize crop 
management, pest control, and irrigation to improve yield and 
water conservation [31]. These innovations address labor 
shortages, enhance decision making, and promote sustainable 
practices across diverse agricultural contexts [10, 13]. 

 
Fig. 2. Critical appraisal framework for selected cognitive data analytics 

related studies. 

AI and CDA are pivotal in developing intelligent agricultural 
management systems that create innovative farming 
ecosystems. These systems encompass autonomous tractors, IoT 
based drones for pest control, soil nutrient mapping tools, and 
climate responsive irrigation platforms [10, 11, 24]. For 
example, drones equipped with deep neural networks allow for 
accurate detection of plant diseases and targeted pesticide 
application to improve pest control efficiency [11]. However, 
challenges like high initial development costs, fragmented data, 
diverse soil types, and limited technical expertise in regions like 
India with small landholdings hinder consistent adoption, 
necessitating technical support and infrastructure for 
maintenance for these systems [38, 43]. To help with this, more 
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AI techniques like fuzzy logic, artificial neural networks, genetic 
algorithms, and sensor technology are employed to enhance the 
efficient cultivation, monitoring, and harvesting of agricultural 
systems [13]. 

Adopting AI and CDA in agriculture faces challenges that 
require strategic interventions to realize their full potential. Key 
points of adoption include individual characteristics, 
environmental and structural factors, technology accessibility, 
and demographic considerations [43]. Building trust with 
agricultural farmers through informed policy and education is 
essential to increasing adoption rates [43]. For example, the 
transparency provided by XAI fosters stakeholder confidence in 
AI quality assessments and potentially standardized processes 
like coffee production [46]. However, despite these challenges, 
when supported by continued research, investment, and 
customized regional solutions, AI and CDA offer significant 
benefits that contribute to increased productivity, environmental 
sustainability, and food security [31, 43]. 

2) Precision agriculture. Precision agriculture significantly 

benefits from CDA and AI, utilizing real time sensor data and 

machine learning to enable targeted application of water, 

pesticides, and nutrients, thereby optimizing yields while 

conserving resources [38]. Furthermore, only studies that 

scored at least four points in the critical appraisal process were 

included in the final analysis, as shown in Fig. 3. 

 
Fig. 3. Critical appraisal framework for selected precision agriculture related 

studies. 

Recent advancements in precision agriculture underscore its 
potential to revolutionize agricultural practices by 2030, 
aligning with global sustainability goals [1]. AI driven 
technologies enable precise field monitoring, obstacle detection, 
and yield forecasting, including reinforcement learning based 
mapping by unmanned ground vehicles [12] and predictive 
modeling for legume crop yields under climate change scenarios 
[15]. These systems enhance decision making by providing 
farmers with geo referenced data on soil conditions, water stress, 
and crop health [12, 15]. Additionally, deploying LPWAN 
technologies in regions like Karnataka, facilitates power energy 
optimization, enabling real time data transmission for precision 
irrigation and resource management [1]. 

Innovative biosensing applications, such as electrochemical 
impedance spectroscopy (EIS) for detecting ozone stress in 
plants [27], advance precision agriculture. These sensors 

monitor environmental pollutants by analyzing plant 
hydrodynamic responses [27]. The system offers a noninvasive 
method for real time environmental monitoring with 92% 
confidence in detecting excess ozone when pooling data from 
multiple plants [27]. Thermal canopy segmentation provides 
precise temperature extraction from plant canopies, enhancing 
stress detection and irrigation efficiency with a mean average 
precision of 99.2% and an Intersection over Union score of 
92.28% [42]. 

Despite these advancements, challenges persist, including 
high implementation costs, technological disparities between 
farmers and experts, and the complexity of managing large 
datasets [30]. Inconsistent adoption across regions, coupled with 
variable environmental conditions, further complicates 
scalability [30, 43]. Nevertheless, the benefits of precision 
agriculture enhanced productivity, reduced resource waste, and 
improved environmental sustainability as a cornerstone for 
achieving food security and climate resilience [15, 30]. 
Realizing its full potential requires supportive policies, farmer 
training, and stakeholder collaboration to bridge technological 
gaps and foster trust [43]. 

3) Internet of things and smart irrigation. Integrating the 

IoT into innovative irrigation systems revolutionizes precision 

agriculture by enabling real time monitoring and efficient 

resource management. This section examines the role of the IoT 

in transforming irrigation practices, highlighting recent 

advancements, applications, and challenges. Once again, 

studies with at least four points in the critical appraisal process 

were included in the final analysis, as shown in Fig. 4. 

 
Fig. 4. Critical appraisal framework for selected internet of things and smart 

irrigation related studies. 

IoT based innovative irrigation systems are projected to 
significantly enhance water use efficiency and crop productivity 
by 2030, supporting global sustainability objectives such as 
Sustainable Development Goal [1]. These systems leverage IoT 
sensors and wireless communication modules to monitor soil 
moisture, temperature, and humidity in real time [25, 34]. 
Furthermore, the IoT based irrigation system and soil moisture 
sensors allow farmers to set customized moisture thresholds, 
automatically activating irrigation to prevent overwatering or 
underwatering [25]. Similarly, some systems use a fuzzy 
inference system and energy saving sensor networks to choose 
the best cluster heads and send data, which aids in making better 
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automated irrigation decisions based on environmental 
conditions [28]. 

Advanced predictive irrigation systems integrate Internet of 
Things (IoT) technology with machine learning (ML) and data 
analytics to accurately forecast irrigation needs, thus 
accomplishing substantial water savings when compared to 
traditional methodologies [32, 35]. These systems employ 
adaptive scheduling algorithms and digital farming solutions, 
such as mobile and web frameworks, which facilitate remote 
monitoring and control, alleviating farmers' workload and 
enhancing their decision-making processes [35]. Ethical design 
considerations, encompassing privacy and security measures 
through comprehensive use case analysis, further establish user 
trust in IoT-based irrigation systems [21]. Performance 
evaluations indicate consistent soil conditions and enhanced 
water efficiency, with several systems documenting improved 
crop yields under diverse environmental conditions [32, 34]. 

Despite these advancements, challenges remain, including 
high initial setup costs, technical complexities, and the need for 
reliable data accuracy [32, 35]. Limited technical expertise 
among farmers and inconsistent connectivity in rural areas 
hinder widespread adoption [21, 25]. However, the benefits of 
IoT-based smart irrigation, optimized water use, increased 
productivity, and alignment with sustainable farming practices 
position it as a critical tool for addressing climate change and 
food security [34, 35]. To maximize its potential, supportive 
policies, farmer training, and infrastructure development are 
essential to overcome barriers and promote scalable 
implementation [21, 32]. 

4) Geographic information systems: Geographic 

Information Systems (GIS) have emerged as a pivotal 

technology in precision agriculture, facilitating spatial data 

analysis and visualization to enhance farming practices and 

environmental management. This section examines the 

integration of GIS into agricultural systems, with a focus on 

recent advancements, applications, and challenges. Studies that 

included a minimum of four points in the critical appraisal 

process were incorporated into the final analysis, as illustrated 

in Fig. 5. 

 
Fig. 5. Critical appraisal framework for selected geographic information 

systems related studies. 

As demonstrated by three studies, the integration of AI and 
GIS technologies significantly enhances agricultural 

productivity, environmental management, and sustainable urban 
planning. In Kenya, an AI based chatbot combined with GIS 
provided potato farmers with location specific advice and access 
to quality seeds, achieving an 88.05% effectiveness rate and an 
80% likelihood of future use [16]. In coastal Bangladesh, GIS 
coupled with machine learning mapped soil salinity across 
977.94 km² with 92.1% accuracy to support integrated coastal 
zone management [18]. Similarly, in Chennai, using a GIS 
technique called the Normalized Difference Vegetation Index 
(NDVI) to aid sustainable urban planning showcased 82% of the 
study area as vegetation with 91% accuracy [14]. These findings 
highlight the transformative potential of AI and GIS systems in 
addressing food security, environmental challenges, and 
urbanization. 

Innovative educational approaches further amplify GIS 
adoption. A multidisciplinary course that combines GIS with 
data visualization and edge devices equips students to analyze 
real-world agricultural data, fostering interdisciplinary skills for 
precision agriculture [33]. These applications enhance resource 
management, improve crop yields, and address environmental 
challenges such as soil salinity and land cover changes [14, 18]. 
However, the lack of comprehensive cooperative education 
frameworks hinders skill development for GIS implementation 
[17]. Nonetheless, GIS still offers many benefits, including 
improved food security, enhanced environmental monitoring, 
and informed policymaking [16, 18]. Investments in farmer 
training, data infrastructure, and supportive policies are needed 
for technological advances and to ensure scalable adoption [14, 
33]. 

5) Cross-domain insight. Integrating CDA, PA, IoT, and 

GIS creates synergistic opportunities for sustainable 

agriculture. XAI in CDA, as applied to coffee quality 

assessment [46], enhances farmer trust in IoT-based smart 

irrigation systems [25] by providing transparent decision-

making, addressing skepticism in automated irrigation. 

Similarly, GIS spatial analysis in Bangladesh mapped soil 

salinity with 92.1% accuracy [18], guiding PA’s sensor 

placement for ozone stress detection [27]. This linkage 

optimizes resource use, reducing waste and improving yields 

across diverse regions. 

Combining IoT’s real-time data [34] with CDA’s predictive 
models [24] enables dynamic irrigation and pest control, 
achieving 91% accuracy in orange quality prediction. GIS-based 
advice for Kenyan potato farmers [16] complements PA’s field 
monitoring [12], tailoring practices to local conditions. These 
cross-domain integrations foster intelligent farming ecosystems, 
enhancing productivity and sustainability. By linking 
transparent AI [46], sensor data [27], real-time monitoring [34], 
and spatial analysis [16], these technologies address trust 
barriers and scalability challenges, supporting global food 
security by 2030. 

IV. DISCUSSION 

The systematic review elucidates the transformative 
potential of Artificial Intelligence (AI) in advancing sustainable 
agriculture across four key domains: Cognitive Data Analytics 
(CDA), Precision Agriculture (PA), Internet of Things (IoT), 
and Geographic Information Systems (GIS). The integration of 
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AI technologies demonstrates how these innovations enhance 
decision making clarity and farm efficiency. For instance, IoT 
based smart irrigation systems utilize real time soil moisture data 
and predictive analytics to significantly improve water use 
efficiency, thereby supporting objectives such as the Sustainable 
Development Goals. Furthermore, GIS, when integrated with 
AI, facilitates accurate analysis aimed at addressing significant 
environmental and food security challenges. Collectively, these 
advancements underscore the capability of CDA and AI to 
develop intelligent farming systems that enhance yields while 
minimizing resource waste. 

Regional variations significantly influence CDA and AI 
adoption in agriculture. In high-resource settings like Oman, AI-
driven precision techniques supported by robust infrastructure 
optimize crop management and water conservation [31]. 
Conversely, low-resource regions like rural India face 
connectivity and cost barriers, limiting IoT and GIS scalability 
[38]. Policy interventions, such as subsidies for IoT sensors or 
cooperative training programs, can bridge these gaps, promote 
equitable technology uptake and enhance sustainability across 
diverse agricultural contexts. 

Nevertheless, the adoption of these technologies encounters 
significant challenges that require substantial effort, such as high 
initial costs, fragmented data systems, and limited technical 
expertise, which hinder consistent implementation. For instance, 
drones integrated with deep neural networks demonstrate 
potential for enhancing pest control; however, their 
advancement is constrained by infrastructural and maintenance 
issues. This systematic review underscores the necessity for 
tailored regional solutions to address diverse agricultural 
conditions, emphasizing that research and investment are critical 
for the utilization and enhancement of such technologies. 
Additionally, precision agriculture benefits from real-time 
sensor data and machine learning; however, its success is 
contingent upon accessible training for farmers and robust data 
systems. Geographic Information Systems (GIS) applications 
are also essential for collaborative education, equipping farmers 
with the necessary skills for effective technology utilization. By 
addressing these challenges through policy support and farmer 
engagement, Controlled Digital Agriculture (CDA) and 
Artificial Intelligence (AI) can significantly contribute to 
sustainable farming practices, thereby improving productivity, 
fostering environmental sustainability, and enhancing global 
food security by 2030. 

V. LIMITATIONS AND FUTURE DIRECTIONS 

The focus on studies published between 2020 and 2025 
limits this systematic review. While its emphasis keeps the 
research current, it may overlook earlier studies that could 
provide essential or deeper background on CDA and AI in 
agriculture. This systematic review excludes opinion-based 
studies, which can omit valuable perspectives from farmers or 
experts. This study utilizes research from academic databases 
like IEEE, Scopus, and Google Scholar, which can often miss 
other studies, especially those in different languages, as the 
search was conducted exclusively in English. 

The variety of farming conditions presents another 
limitation, as differing soil types, climates, and technological 
access across regions complicate the implementation of a 
systematic review. For example, IoT based irrigation systems 
perform well in controlled settings, but their effectiveness in 
rural areas with poor connectivity remains uncertain. This 
systematic review emphasizes high quality studies that may 
have overlooked innovative yet less rigorous research that could 
provide valuable insights. 

Future research should prioritize underexplored regions and 
employ specific methodologies to address adoption challenges. 
Mixed methods field studies can assess farmer perceptions of 
IoT in low connectivity areas, while cost-benefit analyses 
evaluate the economic viability of AI-driven systems. 
Interdisciplinary collaborations with agronomists can refine 
crop models, and sociologists can explore cultural barriers to 
technology trust. Partnerships with policymakers are essential to 
design region-specific AI deployment strategies, ensuring 
equitable access and scalability. 

VI. CONCLUSION 

This systematic review confirms the crucial roles of artificial 
intelligence and cognitive data analytics in transforming 
sustainable agriculture, offering solutions that enhance 
productivity, conserve resources, and bolster environmental 
resilience. Innovations such as AI predictive models, IoT-based 
smart irrigation, and GIS-driven spatial analysis demonstrate 
significant advancements in precision farming, water 
management, and environmental monitoring. These 
developments support global sustainability goals by positioning 
agriculture as a vital solution to food security and climate change 
challenges by 2030. 

Despite challenges such as elevated expenses, technical 
complexities, and regional disparities impeding the widespread 
adoption of this technology, this review emphasizes the 
necessity for supportive policies, comprehensive farmer 
training, and infrastructural development to address these 
obstacles and foster global utilization. Stakeholders can fully 
leverage and trust these technologies by establishing trust 
through transparent AI systems and committing themselves to 
cooperative education. The intelligent integration of CDA, AI, 
IoT, and GIS presents an opportunity to engage in sustainable 
farming practices, thereby ensuring enhanced productivity, 
environmental sustainability, and global food security in the face 
of climate change and rising population numbers. 
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