PLANT SCIENCE TODAY

=] [=]

it ISSN 2348-1900 (online)
:‘% Vol 12(2): 1-13
[Of3at

https://doi.org/10.14719/pst.5990

REVIEW ARTICLE

HORIZON
e-Publishing Group {j.pGC

The evolution of Artificial Intelligence in agriculture: A biblio-

metric analysis

Maria Vinita', Senthilkumar Manivasagam?*, Jaisridhar P* & Thilagam J?

!Department of Agricultural Extension and Rural Sociology, Tamil Nadu Agricultural University, Coimbatore 641 003, Tamil Nadu, India

“Directorate of Extension Education, Tamil Nadu Agricultural University, Coimbatore 641 003, Tamil Nadu, India

3Indian Council of Agricultural Research - Farm Science School, The Nilgiris 643 002, Tamil Nadu, India

*Email: senthilmsk@tnau.ac.in

ARTICLE HISTORY

Received: 19 October 2024
Accepted: 17 January 2025

Available online
Version 1.0: 07 April 2025
Version 2.0 : 15 April 2025

M) Check for updates

Additional information

Peer review: Publisher thanks Sectional Editor
and the other anonymous reviewers for their
contribution to the peer review of this work.

Reprints & permissions information is availa-
ble at https://horizonepublishing.com/
journals/index.php/PST/open_access_policy

Publisher’s Note: Horizon e-Publishing Group
remains neutral with regard to jurisdictional
claims in published maps and institutional
affiliations.

Indexing: Plant Science Today, published by
Horizon e-Publishing Group, is covered by
Scopus, Web of Science, BIOSIS Previews, Clari-
vate Analytics, NAAS, UGC Care, etc

See https://horizonepublishing.com/journals/
index.php/PST/indexing_abstracting

Copyright: © The Author(s). This is an open-
access article distributed under the terms of
the Creative Commons Attribution License,
which permits unrestricted use, distribution
and reproduction in any medium, provided the
original author and source are credited
(https://creativecommons.org/licenses/
by/4.0/)

CITE THIS ARTICLE

Maria V, Senthilkumar M, Jaisridhar P,
Thilagam J. The evolution of Artificial Intelli-
gence in agriculture: A bibliometric analysis.
Plant Science Today. 2025; 12(2): 1-13.https://
doi.org/10.14719/pst.5990

Abstract

Artificial Intelligence (Al) has emerged as a revolutionary force, fundamen-
tally reshaping conventional practices and opening new avenues for growth
across various sectors. In agriculture, Al is transforming practices by ad-
dressing key challenges such as soil health, maximising production and alle-
viating labour shortages. Al 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 Al in agriculture ap-
pears promising, with advancements in autonomous systems and Al-driven
precision farming poised to boost productivity and sustainability. This sys-
tematic review evaluates Al 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 Al-related publications, reflecting a growing interest and invest-
ment in this field. Furthermore, the assessment of global scientific outputs
underscores the widespread adoption of Al 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 Al in agriculture and its promising future.

Keywords

computer vision; crop management; deep learning; sustainability; system-
atic review

Introduction

Artificial Intelligence (Al) 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). Al 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 Al now emerging as a complementary technolo-
gy to further enhance these efforts. This shift towards Al in
agriculture is expected to bring about numerous benefits,
including resource and labour cost savings, reduced work-
ing hours and lessened soil compaction (7). Al is playing a
crucial role in innovation, serving as both an originator
and facilitator of new ideas and products (8). As Al contin-
ues to evolve, it promises to transform agriculture, making
it more productive, sustainable and attractive to future
generations.

The feasibility of Al in agriculture is especially perti-
nent to developing countries, where agriculture forms the
backbone of the economy. Here, Al 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 Al 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 Al in agriculture.

Methodology

A Systematic Literature Review (SLR) was conducted to
explore the applications of Al 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.

Table 1. Inclusion and exclusion criteria for screening of articles

Relevant keywords were chosen based on their applicabil-
ity in the context of Al and agriculture, ensuring that stud-
ies relevant to the application of Al in farming would be
retrieved. The selected keywords are:

e 'artificial intelligence" and "machine intelligence":
Core terms representing different aspects of Al.

e "applications": To emphasize practical uses of Al.

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

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

e "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 Al 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 Al 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 Al 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

Source type Journal

Publication stage Final

Review papers, conference proceedings, book chapters, series
Trade journal

Press

Access type Open access Restricted access such as Hybrid gold, Green, Gold and Bronze
Language English Non-English

Timeline 2013-2023 <2013

Screening

Existence of predefined keywords in the title,

Title and abstract abstract or keywords in part of the paper

Included articles with at least one remarkable

Fi . .
ull text outcome of Al in agricultural context

https://plantsciencetoday.online


https://plantsciencetoday.online

an input to find relevant research articles. Different key-
word combinations related to Al and agriculture were ex-
plored to find relevant papers as shown in Table 2.

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

st Number
. Search strings of publi-
No .
cations
1 “.appll.catmni AND“ art.|f|C|al A:ND 2134
intelligence” AND “agriculture
2 “artificial” AND “intelligence” AND “agriculture” 5154
3 “artificial” AND “intelligence” AND “farming” 1579
4 “applications” AND “ai” AND “agriculture” 984
“applications” AND “machine” AND
5 oot 5 AND “a0ri » 895
intelligence” AND “agriculture
Total (N) 10,746

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

n=10,746

Total literature search from Scopus

v

Identification

n=603

Exclusion based on automation filters (e.g.: Non-
English, restricted access, review papers)

Excluded=10,143

\ 4

A 4

Screening

n=331

After duplicate removal references screened based on
title and abstract

Excluded =272

\ 4

A 4

Eligibility

n=129

Number of full text articles assessed after eliminating
articles not meeting the eligibility criteria

Excluded =202

\ 4

A 4

n=70

Summary

Studies included for the review after removing studies
with insufficient data >

Excluded =132

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 Al 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 Al context. Co-occurrence networks exhibit small
-world features and power-law degree distribution, indi-
cating the presence of meaningful communities.

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).

Al 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 Al
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,

agria@iiture

smartfarming

convolutionalqgeural network

cr@ps

compul vision

artificial‘lligence

object ¢gtection

machin@earning

smart agiculture

deep“rning

remotefgensing

precisior@@griculture

digital agriculture

5% VOSviewer

artificial ne@ral network

Fig. 2. Co-occurrence network of keywords highlighting the key research themes.

The key technology highlighted here is “Artificial
Intelligence”. This represents a paradigm shift in method-
ologies, where Al, 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

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 Al technolo-
gies, providing practical evidence of where farming activi-
ties are directly involved. The blue grouping of "digital

https://plantsciencetoday.online
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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 Al with
sustainable practices. Niche themes like genetic algo-
rithms and decision-making, though underdeveloped,
hold significant potential for innovation in farm manage-
ment. Al-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 Al 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 Al 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 Al 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 Al is not merely an auxiliary tool but a fundamental
element driving agricultural modernisation. The preva-
lence of these technologies suggests a future where their

1
1
Niche Themes E Matar Themes
! ariificial intelligence
! deep learning
! computer vision
i
decision making
alternativeiagriculture
genetic éﬁgorith ms
1
algorithm !
farms :
o . '
2 robotics !
(=] 1
@ 1
22 '
C% agricultural management '
[ = ettt it ettt | e e e e I
E_ & soils E
: !
o ' crops
' agriculture
: crop production
]
' artificial neural network
, detection method
, agricultural robots
1
' )
1 o
image classification '
Emerging or '
Declining Themes ! Basic Themes
i
Relevance degree
(Centrality)

Fig. 3. Thematic analysis of research topics in applications of Al 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. Al-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, Al could significantly impact
their scalability and sustainability.

Genetic algorithms, a subset of Al, 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 Al integration. These areas seem to har-
bour unexploited resources that could leverage Al technol-
ogies, facilitating a paradigm shift. Al 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 Al and agriculture interact closely.

Emerging or Declining Themes

The 'Emerging or Declining Themes' reflect the dynamic
and shifting nature of Al 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 Al methods. This thematic map represents the
current state of Al 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 Al 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 Al innovation, particularly in agricul-
ture, where Al-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 Al 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 Al, enabling smaller nations
to benefit from shared knowledge and resources. Integrat-
ing Al 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

35

30

25

20

Publications
-
]

2017 2018 2019 2020 2021 2022 2023

Year

Fig. 5. Annual scientific production.

yearly output of research in the field of Al 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 Al 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 Al in revolutionising agricultural
practices.

Co-authorship network

The network visualisation in Fig. 6 visualises country-level
co-authorship in Al 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 Al-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 Al technologies to
address diverse agricultural challenges, such as water
scarcity. These alliances may lead to region-specific Al 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 Al-driven agriculture, offering
a prototype for other nations in the early stages of inte-
grating Al into farming systems.

The future of Al 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.

Al techniques employed in diverse agricultural fields

While the bibliometric analysis reveals significant trends in
Al 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 Al 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 Al in
agriculture.

Conclusion

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

paban saudi@rabia

taiwan Southikorea

u“ates

R 4

egypt ®® mof@cco @ bangladesh

&5 VOSviewer

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 Al "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

Table 3. Various Al techniques/modules/algorithms used in specific fields

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

Acknowledgements

We sincerely acknowledge Dr. Paul Mansingh for his inval-

Field of Al application Al techniques/models/algorithms used Source
. Convolutional Neural Networks (CNNs)
. Generative Adversarial Networks (GANs)
o Deep Learning
o Transfer Learning
. Ulti-Context Fusion Network (MCFN)
. Machine Learning (ML)
o Image classification
o MobileNet
. SqueezeNet Models
Disease management ° Improved YOLOv5 model (26-39)
o RNN and CNN combination
. Conditional Generative Adversarial Network (C-GAN)
. Efficient detection model (EFDet)
o VGG16 model
o LeafNet model
° VGG-19
o ResNet-50 architectures
° BiGRU: Bidirectional Gated Recurrent Unit
o CBAM: Convolutional Block Attention Module
° SPD-Conv module
o C3SE module
o Context augmentation module
o CoordConv
L] YOLOv4
o Deep learning
. Computer vision
. CNNe
o Machine learning
° SpikeSegNet
g;)ttij:qt;;:i%,nclassification and yield J Faster R-CNN (40-54)

. Efficientnet

. RetinaNet

. Single Shot Detector (SSD)

(] YOLO

. Artificial Neural Networks (ANN)

o Long Short-Term Memory (LSTM)

. Recurrent Neural Network (RNN)

o Deep Neural Network

o YOLOv3

. Faster Region-Based Convolutional Neural Networks (Faster R-CNN)

. AlexNet

https://plantsciencetoday.online


https://plantsciencetoday.online

. Computer vision
o Machine learning
. CNN
Pest management ° Deep Learning (55-61)
o Hybrid Artificial Intelligence
. Deep learning Convolutional Neural Networks (DCNNs)

e  Transfer learning

° Deep Learning
e  Transfer Learning
o Computer vision
o Machine Learning
. CNN
° Faster R-CNN
o Mask
. R-CNN, YOLOv3
Crop monitoring and management ¢ CropClassiNet (24, 62-70)
. CanopySegNet
o PlantCountNet
° InsectNet
o LeafNet-based model
. YOLOv4
. DeepSORT
o Back Propagation neural network

o Deep neural networks

° Intelligent plant monitoring system
. CNN
o Object detection algorithms like YOLO (You Only Look Once)
Weed management (71,72)
. DCNN

o Unsupervised learning for weed detection in line crops

(] ANN
. (] CNN
Soil health management (73-76)
. Deep Neural Network (DNN)

o Adaptive Neuro-Fuzzy Inference System (ANFIS)

° Deep learning CNN

° Long-short term memory (LSTM)

Crop nutrition management (77-79)
L] DCNN
. ANN

Energy optimisation e Machine Learning (80)

o Machine Learning
° Deep Learning

Weather e Anomaly Detection (81-83)
° LST™M

. Recurrent Neural Networks (RNN)

uable guidance in imparting the principles of Systematic  Literature Review (SLR), which significantly contributed to

Plant Science Today, ISSN 2348-1900 (online)



MARIA ETAL 10
o Natural Language Processing (NLP)

Information services ° Machine Learning (84, 85)
e Artificial Intelligence Markup Language (AIML)
° LSTM neural network

Irrigation management o WLSTM: Wavelet Long Short-Term Memory (86, 87)
e  WGMDH: Wavelet Group Method of Data Handling and WGAANFIS: Wavelet-

Adaptive Neuro-Fuzzy Inference System

. CNN

Automation (88, 89)
o Machine Learning

the rigor of this review. We also extend our deepest appre- 2024;14 (Special Issue 1):43-52. https://

ciation to Dr. Karthikeyan Chandrasekaran for facilitating
aseries of workshops that provided essential writing skills,
further enriching the quality of this article.

Authors’ contributions

MV led the review process, conceptualized the study and
drafted the manuscript. SM provided critical revisions,
contributed to the study design and guided the methodol-
ogy. JP supported in literature collection and analysis,
while TJ supported data organization and contributed to
the manuscript's refinement. All authors read and ap-
proved the final manuscript.

Compliance with ethical standards

Conflict of interest: Authors do not have any conflict of
interests to declare.

Ethical issues: None

Declaration of generative Al and Al-assisted tech-
nologies in the writing process

During the preparation of this work, the author used
ChatGPT for minor tasks such as grammar checks, format-
ting assistance and language refinements. After using this
tool, the author reviewed and edited the content as need-
ed and takes full responsibility for the content of the publi-
cation.

References

1. Musiolik TH, Cheok AD. Analyzing future applications of Al, sen-
sors and robotics in society: Advances in computational intelli-
gence and robotics. IGI Global. https://doi.org/10.2021;4018:978-1

2. H, Wang T, Liu Y, Qiao X, Li Y. Computer vision technology in
agricultural automation - A review. Inf Process Agric. 2020;7(1):1
-19. https://doi.org/10.1016/j.inpa.2019.09.006

3. Mishra S. Artificial intelligence: A review of progress and pro-
spects in medicine and healthcare. J Electronics Electromed
Eng Med Inform. 2022;4(1):1-23. https://doi.org/10.35882/
jeeemi.v4il.l

4. Aggarwal S, Bansal S, Goel R. Al in agriculture: A looming chal-
lenge, a gleaming opportunity. Int J Eng Sci and Humanit.

10.

11.

12.

13.

14.

15.

doi.org/10.62904/3jnm5k59

Marousek J, Gavurova B, Marouskova A. Cost breakdown indi-
cates that biochar production from microalgae in central Eu-
rope requires innovative cultivation procedures. Energy Nexus.
2024;16:100335. https://doi.org/10.1016/j.nexus.2024.100335

Minofar B, Milc¢i¢ N, Marousek J, Gavurova B, Marouskova A.
Understanding the molecular mechanisms of interactions be-
tween biochar and denitrifiers in N,0O emissions reduction:
Pathway to more economical and sustainable fertilizers. Soil Till
Res. 2025;248:106405. https://doi.org/10.1016/
j.still.2024.106405

Mohr S, Kuihl R. Acceptance of artificial intelligence in German
agriculture: an application of the technology acceptance model
and the theory of planned behavior. Precis Agri. 2021;22(6):1816
-44. https://doi.org/10.1007/s11119-021-09814-x

Brem A, Giones F, Werle M. The Al digital revolution in innova-
tion: A conceptual framework of artificial intelligence technolo-
gies for the management of innovation. IEEE Trans Eng Manag.
2021;70(2):770-76. https://doi.org/10.1109/TEM.2021.3109983

Odume BW. Artificial intelligence in agriculture: Application in
developing countries; 2024 Available at SSRN 4887865. https://
doi.org/10.2139/ssrn.4887865

Ahmad A, Liew AX, Venturini F, Kalogeras A, Candiani A, Di Bene-
detto G, et al. Al can empower agriculture for global food securi-
ty: challenges and prospects in developing nations. Front Artif
Intell. 2024;7:1328530. https://doi.org/10.3389/
frai.2024.1328530

Kudama G, Dangia M, Wana H, Tadese B. Will digital solution
transform Sub-Sahara African agriculture? Artif Intell Agric.
2021;5:292-300. https://doi.org/10.1016/j.aiia.2021.12.001

Sampaio RF, Mancini MC. Systematic review studies: a guide for
careful synthesis of the scientific evidence. Braz J Phys Ther.
2007;11:83-89.

Haddaway NR, Page MJ, Pritchard CC, McGuinness LA. PRIS-
MA2020: An R package and Shiny app for producing PRISMA
2020-compliant flow diagrams, with interactivity for optimised
digital transparency and open synthesis. Campbell Syst Rev.
2022;18(2):21230. https://doi.org/10.1002/cl2.1230

Dervis H. Bibliometric analysis using bibliometrix an R package.
J Scientometric Res. 2019;8(3):156-60. https://doi.org/10.5530/
jscires.8.3.32

Pandey P, Patyane K, Padekar M, Mohite R, Mane P, Avhad A,
editors. Plant disease detection using deep learning model-
application FarmEasy. 2023. International Conference on Ad-
vanced Computing Technologies and Applications (ICACTA). IEEE;
2023. https://doi.org/10.1109/ICACTA58201.2023.10393095

https://plantsciencetoday.online


https://plantsciencetoday.online
https://doi.org/10.2021;4018:978-1
https://doi.org/10.1016/j.inpa.2019.09.006
https://doi.org/10.35882/jeeemi.v4i1.1
https://doi.org/10.35882/jeeemi.v4i1.1
https://doi.org/10.62904/3jnm5k59
https://doi.org/10.62904/3jnm5k59
https://doi.org/10.1016/j.nexus.2024.100335
https://doi.org/10.1016/j.still.2024.106405
https://doi.org/10.1016/j.still.2024.106405
https://doi.org/10.1007/s11119-021-09814-x
https://doi.org/10.1109/TEM.2021.3109983
https://doi.org/10.2139/ssrn.4887865
https://doi.org/10.2139/ssrn.4887865
https://doi.org/10.3389/frai.2024.1328530
https://doi.org/10.3389/frai.2024.1328530
https://doi.org/10.1016/j.aiia.2021.12.001
https://doi.org/10.1002/cl2.1230
https://doi.org/10.5530/jscires.8.3.32
https://doi.org/10.5530/jscires.8.3.32
https://doi.org/10.1109/ICACTA58201.2023.10393095

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Kamilaris A, Prenafeta-Boldu FX. Deep learning in agriculture: A
survey. Comput and Electron Agric. 2018;147:70-90. https://
doi.org/10.1016/j.compag.2018.02.016

Kakani V, Nguyen VH, Kumar BP, Kim H, Pasupuleti VR. A critical
review on computer vision and artificial intelligence in food
industry. J Agric Food Res. 2020;2:100033. https://
doi.org/10.1016/j.jafr.2020.100033

Kshetri N. Evolving uses of artificial intelligence in human re-
source management in emerging economies in the global
South: some preliminary evidence. Manag Res Rev. 2021;44
(7):970-90. https://doi.org/10.1108/MRR-03-2020-0168

Xu'Y, Liu X, Cao X, Huang C, Liu E, Qian S, et al. Artificial intelli-
gence: A powerful paradigm for scientific research. The Innov.
2021;2(4): https://doi.org/10.1016/j.xinn.2021.100179

ZhengY-Y, Kong J-L, Jin X-B, Wang X-Y, Su T-L, Zuo M. CropDeep:
The crop vision dataset for deep-learning-based classification
and detection in precision agriculture. Sensors. 2019;19(5):1058.
https://doi.org/10.3390/s19051058

Kliestik T, Kral P, Bugaj M, Durana P. Generative artificial intelli-
gence of things systems, multisensory immersive extended
reality technologies and algorithmic big data simulation and
modelling tools in digital twin industrial metaverse. Equilibrium
Quarterly J Economics and Economic Policy. 2024;19(2):429-61.
https://doi.org/10.24136/eq.3108

Kliestik T, Nica E, Durana P, Popescu GH. Artificial intelligence-
based predictive maintenance, time-sensitive networking and
big data-driven algorithmic decision-making in the economics
of industrial internet of things. Oeconomia Copernicana.
2023;14(4):1097-138. https://doi.org/10.24136/0c.2023.033

Chouhan SS, Singh UP, Jain S. Applications of computer vision
in plant pathology: a survey. Archives of Computational Meth-
ods in Engineer. 2020;27(2):611-32. https://doi.org/10.1007/
$11831-019-09324-0

Chamara N, Bai G, Ge Y. AlCropCAM: Deploying classification,
segmentation, detection and counting deep-learning models
for crop monitoring on the edge. Computers and Electronics in
Agri. 2023;215:108420.
https://doi.org/10.1016/j.compag.2023.108420

Burrell DN, Burton SL, Nobles C, Dawson ME, McDowell T. Ex-
ploring technological management innovations that include
artificial intelligence and other innovations in global food pro-
duction. Intern J Society Systems Sci. 2020;12(4):267-85.
https://doi.org/10.1504/1JSSS.2020.112408

Paymode AS, Malode VB. Transfer learning for multi-crop leaf
disease image classification using convolutional neural network
VGG. Artificial Intelligence in Agri. 2022;6:23-33. https://
doi.org/10.1016/j.aiia.2021.12.002

Upadhye SA, Dhanvijay MR, Patil SM. Sugarcane disease detec-
tion using CNN-deep learning method: An Indian perspective.
Universal J Agri Res. 2023;11(1):80-97. https://doi.org/10.13189/
ujar.2023.110108

Restrepo-Arias JF, Branch-Bedoya JW, Awad G. Plant disease
detection strategy based on image texture and Bayesian optimi-
zation with small neural networks. Agri (Switzerland). 2022;12
(11): https://doi.org/10.3390/agriculture12111964

Abbasi R, Martinez P, Ahmad R. Crop diagnostic system: A ro-
bust disease detection and management system for leafy green
crops grown in an aquaponics facility. Artificial Intelligence in
Agri. 2023;10:1-12. https://doi.org/10.1016/j.aiia.2023.09.001

Alsaeedi AH, Al-juboori AM, Al-Mahmood HHR, Hadi SM, Moham-
med HJ, Aziz MR, et al. Dynamic clustering strategies boosting

deep learning in olive leaf disease diagnosis. Sustain
(Switzerland).  2023;15(18):13723.  https://doi.org/10.3390/
sul51813723

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

11

Chowdhury MEH, Rahman T, Khandakar A, Ayari MA, Khan AU,
Khan MS, et al. Automatic and reliable leaf disease detection
using deep learning techniques. AgriEngineer. 2021;3(2):294-
312. https://doi.org/10.3390/agriengineering3020020

Fraiwan M, Faouri E, Khasawneh N. Classification of corn diseas-
es from leaf images using deep transfer learning. Plants.
2022;11(20):2668. https://doi.org/10.3390/plants11202668

Zhang Z, Qiao Y, Guo Y, He D. Deep learning based automatic
grape Downy Mildew detection. Front in Plant Sci. 2022;13.
https://doi.org/10.3389/fpls.2022.872107

Islam MM, Adil MAA, Talukder MA, Ahamed MKU, Uddin MA, Ha-
san MK, et al. DeepCrop: Deep learning-based crop disease pre-
diction with web application. J Agri and Food Res. 2023;14.
https://doi.org/10.1016/j.jafr.2023.100764

Khan H, Haq IU, Munsif M, Mustageem, Khan SU, Lee MY. Auto-
mated wheat diseases classification framework using advanced
machine learning technique. Agri (Switzerland). 2022;12
(8):1226. https://doi.org/10.3390/agriculture12081226

Cruz A, Ampatzidis Y, Pierro R, Materazzi A, Panattoni A, De Bellis L,
et al. Detection of grapevine yellows symptoms in Vitis vinifera L.
with artificial intelligence. Computers and Electronics in Agri.
2019;157:63-76. https://doi.org/10.1016/j.compag.2018.12.028

Ullah Z, Alsubaie N, Jamjoom M, Alajmani SH, Saleem F. EffiMob
-Net: A deep learning-based hybrid model for detection and
identification of tomato diseases using leaf images. Agri
(Switzerland). 2023;13(3):737. https://doi.org/10.3390/
agriculture13030737

LuY, Wu X, Liu P, Li H, Liu W. Rice disease identification method
based on improved CNN-BiGRU. Artificial Intelligence in Agri.
2023;9:100-09. https://doi.org/10.1016/j.aiia.2023.08.005

Abdulridha J, Ampatzidis Y, Qureshi J, Roberts P. Identification
and classification of Downy Mildew severity stages in watermel-
on utilizing aerial and ground remote sensing and machine
learning. Front in Plant Sci. 2022;13. https://doi.org/10.3389/
fpls.2022.791018

Gremes MF, Fermo IR, Krummenauer R, Flores FC, Andrade CMG,
Lima OCDM. System of counting green oranges directly from
trees using artificial intelligence. AgriEngineer. 2023;5(4):1813-
31. https://doi.org/10.3390/agriengineering5040111

Vijayakumar V, Ampatzidis Y, Costa L. Tree-level citrus yield
prediction utilizing ground and aerial machine vision and ma-
chine learning. Smart Agri Technol. 2023;3. https://
doi.org/10.1016/j.atech.2022.100077

Saddik A, Latif R, Abualkishik AZ, El Ouardi A, Elhoseny M. Sus-
tainable yield prediction in agricultural areas based on fruit
counting approach. Sustain (Switzerland). 2023;15(3):2707.
https://doi.org/10.3390/su15032707

Liu J, Wang C, Xing J. YOLOV5-ACS: Improved model for apple
detection and positioning in apple forests in complex scenes.
Forests. 2023;14(12):2304. https://doi.org/10.3390/f14122304

Sarijaloo BF, Porta M, Taslimi B, Pardalos PM. Yield performance
estimation of corn hybrids using machine learning algorithms.
Artificial  Intelligence in  Agri. 2021;5:82-89. https://
doi.org/10.1016/j.aiia.2021.05.001

Cerqueira CL, Arce JE, Vendruscolo DGS, Dolacio CJF, Filho
SVSC, Tonini H. Tape modeling of eucalyptus stem in Crop-
Livestock-Forestry integration systems. Floresta. 2019;49(3):493
-502. https://doi.org/10.5380/rf.v49i3.59504

Barbosa BDS, Ferraz GAES, Costa L, Ampatzidis Y, Vijayakumar
V, dos Santos LM. UAV-based coffee yield prediction utilizing
feature selection and deep learning. Smart Agri Technol. 2021;1.
https://doi.org/10.1016/j.atech.2021.100010

Cruz-Dominguez O, Carrera-Escobedo JL, Guzman-Valdivia CH,
Ortiz-Rivera A, Garcia-Ruiz M, Duran-Mufioz HA, et al. A novel

Plant Science Today, ISSN 2348-1900 (online)


https://doi.org/10.1016/j.compag.2018.02.016
https://doi.org/10.1016/j.compag.2018.02.016
https://doi.org/10.1016/j.jafr.2020.100033
https://doi.org/10.1016/j.jafr.2020.100033
https://doi.org/10.1108/MRR-03-2020-0168
https://doi.org/10.1016/j.xinn.2021.100179
https://doi.org/10.3390/s19051058
https://doi.org/10.24136/eq.3108
https://doi.org/10.24136/oc.2023.033
https://doi.org/10.1007/s11831-019-09324-0
https://doi.org/10.1007/s11831-019-09324-0
https://doi.org/10.1016/j.compag.2023.108420
https://doi.org/10.1504/IJSSS.2020.112408
https://doi.org/10.1016/j.aiia.2021.12.002
https://doi.org/10.1016/j.aiia.2021.12.002
https://doi.org/10.13189/ujar.2023.110108
https://doi.org/10.13189/ujar.2023.110108
https://doi.org/10.3390/agriculture12111964
https://doi.org/10.1016/j.aiia.2023.09.001
https://doi.org/10.3390/su151813723
https://doi.org/10.3390/su151813723
https://doi.org/10.3390/agriengineering3020020
https://doi.org/10.3390/plants11202668
https://doi.org/10.3389/fpls.2022.872107
https://doi.org/10.1016/j.jafr.2023.100764
https://doi.org/10.3390/agriculture12081226
https://doi.org/10.1016/j.compag.2018.12.028
https://doi.org/10.3390/agriculture13030737
https://doi.org/10.3390/agriculture13030737
https://doi.org/10.1016/j.aiia.2023.08.005
https://doi.org/10.3389/fpls.2022.791018
https://doi.org/10.3389/fpls.2022.791018
https://doi.org/10.3390/agriengineering5040111
https://doi.org/10.1016/j.atech.2022.100077
https://doi.org/10.1016/j.atech.2022.100077
https://doi.org/10.3390/su15032707
https://doi.org/10.3390/f14122304
https://doi.org/10.1016/j.aiia.2021.05.001
https://doi.org/10.1016/j.aiia.2021.05.001
https://doi.org/10.5380/rf.v49i3.59504
https://doi.org/10.1016/j.atech.2021.100010

MARIA ETAL

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

method for dried chili pepper classification using artificial intel-
ligence. J Agri and Food Res. 2021;3. https://doi.org/10.1016/
j.jafr.2021.100099

Di Y, Gao M, Feng F, Li Q, Zhang H. A new framework for winter
wheat yield prediction integrating deep learning and Bayesian
optimization. Agron. 2022;12(12):3194. https://doi.org/10.3390/
agronomyl12123194

Dornelles EF, Kraisig AR, da Silva JAG, Sawicki S, Roos-Frantz F,
Carbonera R. Artificial intelligence in seeding density optimiza-
tion and yield simulation for oat [Inteligéncia artificial na otimi-
zacdo da densidade de semeadura e simulacdo da produtivida-
de da aveia]. Revista Brasileira de Engenharia Agricola e Ambi-
ental. 2018;22(3):183-88. https://doi.org/10.1590/1807-1929/
agriambi.v22n3p183-188

Gadotti Gl, Ascoli CA, Bernardy R, Monteiro DCMR, Pinheiro
DMR. Machine learning for soybean seeds lots classification.
Engenharia Agricola. 2021;42(Speciallssue). https://
doi.org/10.1590/1809-4430-eng.agric.v42nepe20210101/2022

Sharma A, Satish D, Sharma S, Gupta D. iRSVPred: A web server
for artificial intelligence based prediction of major basmati
paddy seed varieties. Front in Plant Sci. 2020;10. https://
doi.org/10.3389/fpls.2019.01791

Fuentes-Pefiailillo F, Silva CG, Guzman PR, Burgos |, Ewertz F.
Automating seedling counts in horticulture using computer
vision and Al Horticulturae. 2023;9(10):1134. https://
doi.org/10.3390/horticulturae9101134

Zhou X, Lee WS, Ampatzidis Y, Chen Y, Peres N, Fraisse C. Straw-
berry maturity classification from UAV and near-ground imaging
using deep learning. Smart Agri Technol. 2021;1. https://
doi.org/10.1016/j.atech.2021.100001

Huang TW, Bhat SA, Huang NF, Chang CY, Chan PC, Elepano AR.
Artificial Intelligence-based real-time pineapple quality classifi-
cation using acoustic spectroscopy. Agri (Switzerland). 2022;12
(2):129. https://doi.org/10.3390/agriculture12020129

Molina-Rotger M, Moran A, Miranda MA, Alorda-Ladaria B. Re-
mote fruit fly detection using computer vision and machine
learning-based electronic trap. Front in Plant Sci.
2023;14:1241576. https://doi.org/10.3389/fpls.2023.1241576

Khalid S, Oqaibi HM, Agib M, Hafeez Y. Small pests detection in
field crops using deep learning object detection. Sustain.
2023;15(8):6815. https://doi.org/10.3390/su15086815

Ramirez-Gi JG, Ledn-Rueda WA, Castro-Franco M, Vargas G.
Population dynamics and estimation of damage of the Spittle-
bug Aeneolamia varia on sugarcane in Colombia by using re-
mote sensing and machine learning tools. Sugar Tech. 2023;25
(5):1115-33. https://doi.org/10.1007/s12355-023-01247-2

Bereciartua-Pérez A, Gomez L, Picon A, Navarra-Mestre R,
Klukas C, Eggers T. Multiclass insect counting through deep
learning-based density maps estimation. Smart Agri Technol.
2023;3:100125. https://doi.org/10.1016/j.atech.2022.100125

Ciampi L, Zeni V, Incrocci L, Canale A, Benelli G, Falchi F, et al. A
deep learning-based pipeline for whitefly pest abundance esti-
mation on chromotropic sticky traps. Ecological Informatics.
2023;78:102384. https://doi.org/10.1016/j.ecoinf.2023.102384

Talukder MSH, Sulaiman RB, Chowdhury MR, Nipun MS, Islam T.
PotatoPestNet: a CT InceptionV3-RS-based neural network for
accurate identification of potato pests. Smart Agri Technol.
2023;5:100297. https://doi.org/10.1016/j.atech.2023.100297

Yao J, Liu J, Zhang Y, Wang H. Identification of winter wheat
pests and diseases based on improved convolutional neural
network. Open Life Sci. 2023;18(1):20220632. https://
doi.org/10.1515/biol-2022-0632

Ibarra GJP, Rosa CFJ, Arzola AO. Segmentation of leaves and
fruits of tomato plants by color dominance. AgriEngineer.

63.

64.

65.

66.

67.

68.

69.

70.

T1.

72.

73.

74.

75.

76.

T7.

12

2023;5(4):1846-64.
https://doi.org/10.3390/agriengineering5040113

Carraro A, Sozzi M, Marinello F. The Segment Anything Model (SAM)
for accelerating the smart farming revolution. Smart Agri Technol.
2023;6:100367. https://doi.org/10.1016/j.atech.2023.100367

Guadagna P, Fernandes M, Chen F, Santamaria A, Teng T, Frioni
T, et al. Using deep learning for pruning region detection and
plant organ segmentation in dormant spur-pruned grapevines.
Precision Agri. 2023;24(4):1547-69. https://doi.org/10.1007/
$11119-023-10006-y

Ampatzidis Y, Partel V, Meyering B, Albrecht U. Citrus rootstock
evaluation utilizing UAV-based remote sensing and artificial intel-
ligence. Computers and Electronics in Agri. 2019;164:104900.
https://doi.org/10.1016/j.compag.2019.104900

Chang C-L, Huang C-C, Chen H-W. Design and implementation of
artificial intelligence of things for tea (Camellia sinensis L.)
grown in a plant factory. Agron. 2022;12(10):2384. https://
doi.org/10.3390/agronomy12102384

Shinoda R, Motoki K, Hara K, Kataoka H, Nakano R, Nakazaki T,
et al. RoseTracker: A system for automated rose growth moni-
toring. Smart Agri Technol. 2023;5:100271. https://
doi.org/10.1016/j.atech.2023.100271

Zhao J, Cai Y, Wang S, Yan J, Qiu X, Yao X, et al. Small and orient-
ed wheat spike detection at the filling and maturity stages
based on wheatnet. Plant Phenomics. 2023;5:0109. https://
doi.org/10.34133/plantphenomics.0109

Zhou S, Chai X, Yang Z, Wang H, Yang C, Sun T. Maize-IAS: a
maize image analysis software using deep learning for high-
throughput plant phenotyping. Plant Methods. 2021;17(1):48.
https://doi.org/10.1186/s13007-021-00747-0

Makky M, Yanti D, Berd I. Development of aerial online intelli-
gent plant monitoring system for oil palm (Elaeis guineensis
Jacq.) performance to external stimuli. Intern JAdv Sci, Engi-
neer and Information Technol. 2018;8(2):579-87. https://
doi.org/10.18517/ijaseit.8.2.2297

Saqgib MA, Agib M, Tahir MN, Hafeez Y. Towards deep learning
based smart farming for intelligent weeds management in
crops. Front in Plant Sci. 2023;14:1211235. https://
doi.org/10.3389/fpls.2023.1211235

Raja R, Slaughter DC, Fennimore SA, Siemens MC. Real-time control
of high-resolution micro-jet sprayer integrated with machine vision
for precision weed control. Biosystems Engineer. 2023;228:31-48.
https://doi.org/10.1016/j.biosystemseng.2023.02.006

Ather D, Madan S, Nayak M, Tripathi R, Kant R, Kshatri SS, et al.
Selection of smart manure composition for smart farming using
artificial intelligence technique. J Food Quality. 2022;2022
(1):4351825. https://doi.org/10.1155/2022/4351825

Hegazi EH, Samak AA, Yang L, Huang R, Huang J. Prediction of
soil moisture content from sentinel-2 images using convolution-
al neural network (CNN). Agron. 2023;13(3):656. https://
doi.org/10.3390/agronomy13030656

Tlyslzoglu G, Birant D, Kiranoglu V. Soil temperature prediction
via self-training: Izmir case. J Agri Sci. 2022;28(1):47-62. https://
doi.org/10.15832/ankutbd.775847

Pereira GW, Valente DSM, Queiroz DMd, Coelho ALdF, Costa MM,
Grift T. Smart-map: An open-source QGIS plugin for digital map-
ping using machine learning techniques and ordinary kriging.
Agron. 2022;12(6):1350. https://doi.org/10.3390/
agronomy12061350

Chang L, Li D, Hameed MK, Yin Y, Huang D, Niu Q. Using a hybrid
neural network model DCNN-LSTM for image-based nitrogen
nutrition diagnosis in muskmelon. Horticulturae. 2021;7
(11):489. https://doi.org/10.3390/horticulturae7110489

https://plantsciencetoday.online


https://plantsciencetoday.online
https://doi.org/10.1016/j.jafr.2021.100099
https://doi.org/10.1016/j.jafr.2021.100099
https://doi.org/10.3390/agronomy12123194
https://doi.org/10.3390/agronomy12123194
https://doi.org/10.1590/1807-1929/agriambi.v22n3p183-188
https://doi.org/10.1590/1807-1929/agriambi.v22n3p183-188
https://doi.org/10.1590/1809-4430-eng.agric.v42nepe20210101/2022
https://doi.org/10.1590/1809-4430-eng.agric.v42nepe20210101/2022
https://doi.org/10.3389/fpls.2019.01791
https://doi.org/10.3389/fpls.2019.01791
https://doi.org/10.3390/horticulturae9101134
https://doi.org/10.3390/horticulturae9101134
https://doi.org/10.1016/j.atech.2021.100001
https://doi.org/10.1016/j.atech.2021.100001
https://doi.org/10.3390/agriculture12020129
https://doi.org/10.3389/fpls.2023.1241576
https://doi.org/10.3390/su15086815
https://doi.org/10.1007/s12355-023-01247-2
https://doi.org/10.1016/j.atech.2022.100125
https://doi.org/10.1016/j.ecoinf.2023.102384
https://doi.org/10.1016/j.atech.2023.100297
https://doi.org/10.1515/biol-2022-0632
https://doi.org/10.1515/biol-2022-0632
https://doi.org/10.3390/agriengineering5040113
https://doi.org/10.1016/j.atech.2023.100367
https://doi.org/10.1007/s11119-023-10006-y
https://doi.org/10.1007/s11119-023-10006-y
https://doi.org/10.1016/j.compag.2019.104900
https://doi.org/10.3390/agronomy12102384
https://doi.org/10.3390/agronomy12102384
https://doi.org/10.1016/j.atech.2023.100271
https://doi.org/10.1016/j.atech.2023.100271
https://doi.org/10.34133/plantphenomics.0109
https://doi.org/10.34133/plantphenomics.0109
https://doi.org/10.1186/s13007-021-00747-0
https://doi.org/10.18517/ijaseit.8.2.2297
https://doi.org/10.18517/ijaseit.8.2.2297
https://doi.org/10.3389/fpls.2023.1211235
https://doi.org/10.3389/fpls.2023.1211235
https://doi.org/10.1016/j.biosystemseng.2023.02.006
https://doi.org/10.1155/2022/4351825
https://doi.org/10.3390/agronomy13030656
https://doi.org/10.3390/agronomy13030656
https://doi.org/10.15832/ankutbd.775847
https://doi.org/10.15832/ankutbd.775847
https://doi.org/10.3390/agronomy12061350
https://doi.org/10.3390/agronomy12061350
https://doi.org/10.3390/horticulturae7110489

78.

79.

80.

81.

82.

83.

84.

Costa L, Kunwar S, Ampatzidis Y, Albrecht U. Determining leaf
nutrient concentrations in citrus trees using UAV imagery and
machine learning. Precision Agri. 2022;1-22.

Torkashvand AM, Ahmadi A, Nikravesh NL. Prediction of ki-
wifruit firmness using fruit mineral nutrient concentration by
artificial neural network (ANN) and multiple linear regressions
(MLR). J Integrative Agri. 2017;16(7):1634-44. https://
doi.org/10.1016/S2095-3119(16)61546-0

Gonzalez-Vidal A, Mendoza-Bernal J, Ramallo AP, Zamora MA,
Martinez V, Skarmeta AF. Smart operation of climatic systems in
a greenhouse. Agri. 2022;12(10):1729. https://doi.org/10.3390/
agriculturel2101729

Hachimi CE, Belaqziz S, Khabba S, Sebbar B, Dhiba D, Cheh-
bouni A. Smart weather data management based on artificial
intelligence and big data analytics for precision agriculture.
Agri. 2022;13(1):95. https://doi.org/10.3390/agriculture13010095

Faid A, Sadik M, Sabir E. An agile Al and loT-augmented smart
farming: a cost-effective cognitive weather station. Agri. 2021;12
(1):35. https://doi.org/10.3390/agriculture12010035

Lee D-H, Kim H-J, Park J-H. UAV, a farm map and machine learn-
ing technology convergence classification method of a corn
cultivation area. Agron. 2021;11(8):1554. https://
doi.org/10.3390/agronomy11081554

Ekanayake J, Saputhanthri L. E-AGRO: Intelligent chat-bot. loT
and artificial intelligence to enhance farming industry. Agris on-

85.

86.

87.

88.

89.

13

line Papers in Economics and Informatics. 2020;12(1):15-21.
https://doi.org/10.7160/a0l.2020.1200102

De la Pefia N, Granados OM. Artificial intelligence solutions to
reduce information asymmetry for Colombian cocoa small-
scale farmers. Information Processing in Agri. 2024;11(3):310-
24. https://doi.org/10.1016/j.inpa.2023.03.001

Mohammed M, Hamdoun H, Sagheer A. Toward sustainable
farming: implementing artificial intelligence to predict optimum
water and energy requirements for sensor-based micro irriga-
tion systems powered by solar PV. Agron. 2023;13(4):1081.
https://doi.org/10.3390/agronomy13041081

Valipour M, Khoshkam H, Bateni SM, Jun C, Band SS. Hybrid
machine learning and deep learning models for multi-step-
ahead daily reference evapotranspiration forecasting in differ-
ent climate regions across the contiguous United States. Agri
Water Manage. 2023;283:108311. https://doi.org/10.1016/
j.agwat.2023.108311

Thuyet DQ, Matsuo M, Haji T, Kawaide T, Kobayashi Y. A numeri-
cal procedure for supporting garlic root trimming machines
using deep learning algorithms. Engineer in Agri, Environ and
Food. 2020;13(1):23-29. https://doi.org/10.37221/eaef.13.1_23

Partel V, Costa L, Ampatzidis Y. Smart tree crop sprayer utilizing
sensor fusion and artificial intelligence. Computers and Elec-
tronics in Agri. 2021;191:106556. https://doi.org/10.1016/
j.compag.2021.106556

Plant Science Today, ISSN 2348-1900 (online)


https://doi.org/10.1016/S2095-3119(16)61546-0
https://doi.org/10.1016/S2095-3119(16)61546-0
https://doi.org/10.3390/agriculture12101729
https://doi.org/10.3390/agriculture12101729
https://doi.org/10.3390/agriculture13010095
https://doi.org/10.3390/agriculture12010035
https://doi.org/10.3390/agronomy11081554
https://doi.org/10.3390/agronomy11081554
https://doi.org/10.7160/aol.2020.1200102
https://doi.org/10.1016/j.inpa.2023.03.001
https://doi.org/10.3390/agronomy13041081
https://doi.org/10.1016/j.agwat.2023.108311
https://doi.org/10.1016/j.agwat.2023.108311
https://doi.org/10.37221/eaef.13.1_23
https://doi.org/10.1016/j.compag.2021.106556
https://doi.org/10.1016/j.compag.2021.106556

