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Abstract  

Artificial Intelligence (AI) has emerged as a revolutionary force, fundamen-
tally reshaping conventional practices and opening new avenues for growth 

across various sectors. In agriculture, AI is transforming practices by ad-
dressing key challenges such as soil health, maximising production and alle-
viating labour shortages. AI helps farmers gain insights into crop manage-

ment, optimise resources and improve efficiency. However, high initial costs 
and the need for specialised knowledge pose barriers, particularly for small-
scale farmers. Despite these challenges, the future of AI in agriculture ap-

pears promising, with advancements in autonomous systems and AI-driven 
precision farming poised to boost productivity and sustainability. This sys-
tematic review evaluates AI implementation in agriculture over the past 

decade through a bibliometric analysis of 70 research papers from the Sco-
pus database. It highlights contributions such as computer vision and deep 
learning, which enhance crop management by enabling real-time health 

monitoring, early disease detection and data-driven decisions that boost 
yields. The bibliometric analysis also explores co-authorship networks, illus-
trating collaborative efforts among researchers and institutions in the agri-

cultural domain. The analysis of annual research patterns reveals a steady 
increase in AI-related publications, reflecting a growing interest and invest-
ment in this field. Furthermore, the assessment of global scientific outputs 

underscores the widespread adoption of AI technologies, highlighting their 
potential to revolutionise agriculture and contribute to food security in an 
era of increasing demand. Overall, this review illustrates the dynamic na-

ture of AI in agriculture and its promising future.  
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Introduction  

Artificial Intelligence (AI) empowers machines to think, learn and solve 

problems similar to humans (1). This rapidly evolving field involves develop-
ing intelligent agents that possess the ability to perceive, reason, learn, 
communicate and operate in intricate environments (2). AI is revolutionis-

ing various sectors by optimising processes, driving innovation and enhanc-
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ing productivity while addressing complex challenges and 
improving efficiency (3, 4). Beyond its widespread use in 

various fields, it is playing a pivotal role in agriculture ad-
dressing critical challenges including climate change, re-
source limitations and food security. Technologies such as 

biofuels, nanoparticles, nutrient recycling and biochar 
have long been at the forefront of sustainable agriculture 
(5, 6), with AI now emerging as a complementary technolo-

gy to further enhance these efforts. This shift towards AI in 
agriculture is expected to bring about numerous benefits, 
including resource and labour cost savings, reduced work-

ing hours and lessened soil compaction (7). AI is playing a 
crucial role in innovation, serving as both an originator 
and facilitator of new ideas and products (8). As AI contin-

ues to evolve, it promises to transform agriculture, making 
it more productive, sustainable and attractive to future 
generations. 

 The feasibility of AI in agriculture is especially perti-

nent to developing countries, where agriculture forms the 
backbone of the economy. Here, AI technologies can aid in 
tackling region-specific challenges, such as irregular rain-

fall patterns, pest infestations and inefficient irrigation 
systems (9, 10). However, for smallholder farmers, barriers 
such as the high initial investment, limited access to digital 

infrastructure and lack of technical expertise pose signifi-
cant obstacles (11). In response to the escalating challeng-
es of agricultural productivity and sustainability, this re-

view highlights the importance of AI trends in shaping the 
future of agriculture. By conducting an extensive biblio-
metric analysis, the study illuminates the advancements, 
collaborative networks and patterns shaping the dynamic 
research landscape of AI in agriculture.  

 

Methodology       

A Systematic Literature Review (SLR) was conducted to 

explore the applications of AI in the agricultural sector 
over the last decade. Systematic reviews play a crucial role 

in the exploration of a field by providing a comprehensive 
and methodical synthesis of existing evidence (8). A sys-
tematic search was carried out using the Scopus database, 

reputed for the best coverage of peer-reviewed literature. 

Relevant keywords were chosen based on their applicabil-
ity in the context of AI and agriculture, ensuring that stud-

ies relevant to the application of AI in farming would be 
retrieved. The selected keywords are: 

• "artificial intelligence" and "machine intelligence": 
Core terms representing different aspects of AI. 

• "applications": To emphasize practical uses of AI. 

• "agriculture": To narrow the focus to our field of inter-
est. 

• "farming": Included to capture a broader scope of agri-
cultural practices. 

• "ai": To encompass studies that may refer to artificial 
intelligence using this abbreviation. 

 Specific Boolean operators (e.g., AND, OR) were 
used to focus searches. For example, the keywords 

"applications AND artificial AND intelligence AND agricul-
ture" were used to find studies that aimed at the practical 
applications of AI in agriculture.  

Initial screening of articles           

Inclusion and exclusion criteria are crucial in systematic 

reviews as they determine the scope and validity of the 
results. Only research articles published in English from 
2013 to 2023 were considered. Studies that did not provide 

significant findings or lacked sufficient data on AI applica-
tions in agriculture were excluded. These criteria, along 
with a clear search strategy, are essential for the methodi-

cal and replicable nature of systematic reviews (12). Build-
ing on these insights, a set of inclusion and exclusion crite-
ria were designed for the review which are presented in 

Table 1. 

 The systematic review's inclusion criteria placed a 

strong emphasis on research publications that were pub-
lished in peer-reviewed journals in order to ensure the 

inclusion of novel findings and rigorous methodology.  

 

Results  and Discussion 

The application of AI in agriculture was examined using a 

variety of algorithms and the desired result was utilised as 

Criteria Inclusion Exclusion 

Initial identification 

Publication type Research articles Review papers, conference proceedings, book chapters, series 

Source type Journal Trade journal 

Publication stage Final Press 

Access type Open access Restricted access such as Hybrid gold, Green, Gold and Bronze 

Language English Non-English 

Timeline 2013–2023 <2013 

Screening 

Title and abstract 
Existence of predefined keywords in the title, 

abstract or keywords in part of the paper  
  

Full text 
Included articles with at least one remarkable 

outcome of AI in agricultural context 
  

Table 1. Inclusion and exclusion criteria for screening of articles 
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an input to find relevant research articles. Different key-
word combinations related to AI and agriculture were ex-

plored to find relevant papers as shown in Table 2. 

 From an initial pool of 10746 articles, 10143 were 
excluded based on these criteria. Further screening for 

duplicates and relevance reduced the count to 331. The 
full-text evaluation resulted in the final inclusion of 70 
studies. The process is summarised using a PRISMA 

(Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses) diagram in Fig. 1, which illustrates the sys-
tematic filtering of publications. It is a key component of 

systematic reviews that is crucial for transparently docu-
menting the review process and attrition of irrelevant rec-
ords (13). 

 Bibliographic data of the selected papers were ex-

tracted from databases in a compatible format, including 
authors, publication years, titles, abstracts and keywords. 
They were processed systematically using R Studio and 

VOSviewer. R's open-source ecosystem offers researchers 
robust tools for bibliometric and co-citation analysis (14). 
This makes it an ideal platform for analysing publication 

Sl. 
No Search strings 

Number 

of publi-
cations 

1 “applications” AND “artificial” AND 

“intelligence” AND “agriculture” 2134 

2 “artificial” AND “intelligence” AND “agriculture” 5154 

3 “artificial” AND “intelligence” AND “farming” 1579 

4 “applications” AND “ai” AND “agriculture” 984 

5 “applications” AND “machine” AND 

“intelligence” AND “agriculture” 895 

10,746 Total (N) 

Table 2. Keywords used and the total number of publications from the Sco-
pus database 

Fig. 1. The PRISMA Flow diagram depicting the number of studies included and excluded for systematic review. 
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trends and exploring emerging research topics. In R Stu-
dio, the bibliometrix package was employed to clean the 

data by removing duplicates, standardising author names 
and filtering irrelevant studies. Descriptive statistics were 
generated to summarise publication trends and citation 

counts. The cleaned data were then exported to VOS view-
er, where co-authorship networks, citation networks and 
keyword co-occurrence maps were created. This integra-

tion facilitated a comprehensive analysis of trends and 
relationships, enhancing the understanding of AI applica-
tions in agriculture.  

Co-occurrence network          

The co-occurrence network displayed in Fig. 2 was devel-

oped using VOSviewer, capturing the interplay between 
major themes and connecting various terms within an ag-
ricultural AI context. Co-occurrence networks exhibit small

-world features and power-law degree distribution, indi-
cating the presence of meaningful communities. 

 The key technology highlighted here is “Artificial 

Intelligence”. This represents a paradigm shift in method-

ologies, where AI, in conjunction with computer vision and 

deep learning, achieves precision at scales beyond human 

capability. Computer vision is revolutionising agriculture 

by providing valuable insights into crop growth and health 

while optimising farming practices. These technologies 

have demonstrated significant potential in enhancing crop 

management and disease detection, enabling early identi-

fication of plant diseases through image analysis of leaves, 

which allows farmers to take prompt action and reduce 

crop losses (15). Deep learning techniques consistently 

outperform traditional image processing methods in tasks 

such as disease detection, plant classification and fruit 

counting (16). The integration of computer vision and deep 

learning in agriculture is expected to revolutionise the in-

dustry, with applications ranging from crop health moni-

toring to yield prediction (17). 

 AI seeks to replicate human intelligence in ma-

chines, enabling them to think, learn and solve problems 

like humans (18). This enables nearly human-free plant 

species identification, pathogen diagnosis and crop ma-

turity estimation. Terms like "farming" and "smart agricul-

ture" signify not merely trends but also a vision of future 

farms operating as integrated systems. The next stage of AI 

implementation in agriculture is expected to be compre-

hensive, utilising data from various sources related to soil 

and weather to optimise resource utilisation and reduce 

environmental impact. 

 The terms "machine learning", "artificial neural 

networks" and "remote sensing" appear in a greenish cluster, 

representing their augmented capabilities to analyse data 

from multiple sources, such as satellite imagery, to sup-

port decision-making in agriculture. These technologies 

are employed to analyse and interpret a wide range of da-

ta, from crop disease prediction to crop quality classifica-

tion (19). "Precision agriculture" is inherently linked to 

these concepts, emphasising a shift toward more accurate 

and meticulous approaches in farming. 

 The red group, comprising "agriculture" and 

"crops", denotes the specific application of AI technolo-

gies, providing practical evidence of where farming activi-

ties are directly involved. The blue grouping of "digital  

Fig. 2. Co-occurrence network of keywords highlighting the key research themes. 
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agriculture" alongside "object detection" suggests that 

the agricultural sector is undergoing digital transfor-

mation, focusing on object identification and classification 

within the farming environment for automation and moni-

toring purposes. 

 The co-occurrence network reveals a strong focus 

on 'smart agriculture' and 'digital transformation', high-

lighting an industry-wide shift toward integrating AI with 

sustainable practices. Niche themes like genetic algo-

rithms and decision-making, though underdeveloped, 

hold significant potential for innovation in farm manage-

ment. AI-driven agriculture is poised to address challenges 

like climate change, population growth and food scarcity 

by developing solutions that enhance sustainability and 

resilience. This analysis offers a glimpse into a future 

where AI and agriculture co-evolve, fostering ecological 

and social impacts. 

Thematic map         

Thematic maps are essential in bibliometric analysis as 

they visually depict the thematic structure of a biblio-

graphic database. In this analysis, R-Studio was utilised to 

generate the thematic map, which stratifies research 

themes based on their centrality and level of develop-

ment. The map, illustrated in Fig. 3, categorises the appli-

cations of AI in agriculture into four distinct groups, high-

lighting their significance and implications for future re-

search. 

 

Motor Themes 

Centrally located 'Motor Themes' include Artificial Intelli-
gence, deep learning and computer vision represent the 
core of contemporary agronomic research. Artificial Intelli-
gence serves as the foundation for innovative applications, 
utilising various algorithms to facilitate agricultural prac-
tices. 

 Deep learning has demonstrated remarkable capa-
bility in analysing large-scale datasets, significantly im-
proving crop yield prediction model (20). This underscores 
its potential to extract valuable insights from complex agri-
cultural data. The integration of AI and big data-driven 
technologies, as demonstrated in industrial sectors (21). 
By enhancing farming practices, predictive maintenance 
and resource management, these technologies have the 
potential to improve sustainability and efficiency in agri-
cultural systems as well (22). 

 Computer vision plays a pivotal role in real-time 
monitoring, contributing to advancements in plant pheno-
typing, disease diagnosis and yield prediction (23). Its cen-
tral position reflects the reliability of image-based research 
and underscores its importance in modernising agricultur-
al methodologies. These motor themes indicate a trend 
where AI is not merely an auxiliary tool but a fundamental 
element driving agricultural modernisation. The preva-
lence of these technologies suggests a future where their 

Fig. 3. Thematic analysis of research topics in applications of AI in agriculture. 
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integration into agricultural practices deepens, enhancing 
efficiency and productivity. 

Niche Themes 

In less explored areas of research, themes such as decision

-making, alternative agriculture and genetic algorithms 
remain relatively underdeveloped yet critical. They are 

integral to the niche of study where innovation first flour-
ishes before rapidly advancing the field. AI-driven decision-
making in farming is in its early stages of revolutionising 

farm management. Alternative agriculture encompasses 
new practices like urban farming or organic agriculture. 
Although not widespread, AI could significantly impact 

their scalability and sustainability. 

 Genetic algorithms, a subset of AI, are increasingly 

utilised across various fields due to their ability to handle 
complex optimisation problems. They replicate the natural 

selection process to improve plant breeding. Their niche 
status indicates they are pioneers in integrating computer 
intelligence with genetics, potentially leading to new agri-

cultural methodologies. Overall, the research themes are 
converging into one scientific area, which may rapidly ac-
celerate as they integrate with credible new approaches. 

Basic Themes 

‘Basic’ themes, including crops, agriculture and crop pro-

duction, typically exhibit low developmental density, sug-
gesting they are primary focuses of agricultural research 
but have lagged in AI integration. These areas seem to har-

bour unexploited resources that could leverage AI technol-
ogies, facilitating a paradigm shift. AI tools in these do-
mains could open new perspectives for crop management, 

significantly impacting global food security by enhancing 
availability, accessibility, utilisation and stability (24). This 
indicates a future where AI and agriculture interact closely. 

Emerging or Declining Themes 

The 'Emerging or Declining Themes' reflect the dynamic 

and shifting nature of AI in agricultural research. Image 

classification appears prominently in this quadrant, sug-
gesting it may be a highly competitive research area. Im-

age classification holds significant potential, playing a crit-
ical role in grading and sorting agricultural products. New 
imaging techniques aiding in disease and stress identifica-

tion provide rapid and accurate solutions for farmers, es-
pecially in rural areas with limited access to agricultural 
experts. It is also possible that after an initial peak, re-

search in this field may decline, paving the way for more 
advanced AI methods. This thematic map represents the 
current state of AI in agriculture and serves as a foundation 

for envisioning its future applications. 

Country-wise scientific production        

Global scientific accomplishments are shown in Fig. 4, with 

the US and China leading due to their extensive R and D 
investments, infrastructure and strong innovation ecosys-

tems. Brazil, India and Pakistan also contribute significant-
ly, driven by expanding research networks, skilled re-
searchers and policies fostering international collabora-

tion and publishing. Their contributions signal a shift in 
the global research landscape, with emerging nations 
playing a more prominent role in scientific advancement. 

 Countries like Canada, France and the UAE priori-

tise high-impact or specialised research, leveraging niche 
expertise and strategic resource allocation. The US and 
China not only dominate AI development but also act as 

innovation hubs, fostering technologies that influence 
various sectors, including agriculture. 

 Middle-tier nations like Brazil and India are becom-
ing focal points for AI innovation, particularly in agricul-

ture, where AI-driven solutions boost productivity, opti-
mise resource use and support sustainable practices. 
These technologies are critical for addressing challenges 

like water scarcity, soil degradation and population 
growth. Meanwhile, countries with lower scientific produc-
tivity, though not leading in AI development, are pivotal in 

Fig. 4. Scientific production from different countries. Darker shades indicate a higher number of publications. 
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adapting and localising technologies, often addressing 
region-specific challenges. 

 An emerging insight is the role of cross-border col-

laborations in democratising AI, enabling smaller nations 
to benefit from shared knowledge and resources. Integrat-
ing AI into agriculture goes beyond modernisation; it pro-
vides solutions to global food security challenges, enhanc-
es resilience to climate change and promotes balanced 
technological advancement across the world. 

Annual scientific production over the years           

Fig. 5 below illustrates annual scientific production with 

lines of advancement showing how quickly the research 
efforts are stepping up. This line graph demonstrates the 

yearly output of research in the field of AI in agriculture in 
Y-axis over a period of 7 years from 2017 to 2023 represent-
ed in X-axis. 

 It is evident from the figure that there is a steady 
upward trend due to various factors that kindle the sec-

tor’s progress. The expanding population drives up the 
demand for food, catalysing the pursuit of advanced tech-
niques such as AI which optimises yield, reduces loss and 

enhances resource utilisation (25). Moreover, financing 
from the public and private sectors supports research, 
development and pilot projects all of which accelerate the 

technology’s growth. Overall, the rising trend reflects the 
promising potential of AI in revolutionising agricultural 
practices. 

Co-authorship network         

The network visualisation in Fig. 6 visualises country-level 
co-authorship in AI applications in agriculture, with shad-
owed lines representing shared collaborations and node 
sizes proportional to publication volume. The United 
States is central, reflecting its foundational role. Strong 
links with South Korea and Taiwan highlight shared inter-

ests in AI-driven innovations addressing global agricultural 
needs. These collaborations could advance precision agri-
culture, enhancing crop yields, resource management and 
sustainable farming practices. 

 China’s partnerships with Egypt and Morocco sug-
gest a strategic focus on contextualising AI technologies to 
address diverse agricultural challenges, such as water 
scarcity. These alliances may lead to region-specific AI so-
lutions for arid and semi-arid farming conditions, show-
casing how North African collaboration could set a model 
for adaptive agricultural technologies in response to cli-
mate change. 

 The network reveals a dual approach: bilateral and 
regional problem-solving alliances alongside a global col-
laborative network that includes emerging actors like 
Bangladesh. Bangladesh’s nascent presence highlights its 
potential as a growth area in AI-driven agriculture, offering 
a prototype for other nations in the early stages of inte-
grating AI into farming systems. 

 The future of AI in agriculture lies in cross-border 
research collaborations addressing local and global needs. 
Joint problem-solving, technological exchange and strate-
gic alliances will drive innovation, enhancing agrarian effi-
ciency, food security and sustainable development amidst 
growing environmental challenges. 

AI techniques employed in diverse agricultural fields    

While the bibliometric analysis reveals significant trends in 
AI applications in agriculture. Table 3 summarises the key 
findings derived from a review of 70 selected articles. This 
section categorises the various areas of application, detail-
ing how AI techniques and models have been employed to 
address specific agricultural challenges. 

Limitations of the study        

This study relied solely on a literature search within the 
Scopus database, limiting the scope to English-language, 
peer-reviewed publications. The process of selecting key-
words was systematic, but some studies may have been 
overlooked due to unconventional terminology use. Fu-
ture reviews could include multiple databases, consider 
various languages and include grey literature to provide a 
more comprehensive understanding of the field of AI in 
agriculture.  

 

Conclusion  

This review highlights the transformative potential of AI in 
agriculture, advancing productivity, efficiency and sustain-
ability. Key technologies particularly deep learning, revo-
lutionise agriculture by enhancing decision-making capa-

Fig. 5. Annual scientific production. 

Fig. 6. Co-authorship network. 
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bilities and optimising farming practices. Machine learning 
and computer vision have shown great promise in applica-
tions like disease detection, crop monitoring and yield 
prediction. However, challenges include accuracy issues, 
such as AI "hallucinations" and ethical considerations   
related to data security, privacy and equitable access, par-
ticularly for smallholder farmers. Addressing these re-
quires robust model training, diverse datasets and ethical 

implementation strategies. A strategic approach is neces-
sary for integrating AI into agriculture sustainably and eth-
ically, maximising its potential while fostering inclusivity 
and resilience in food systems.  
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