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ABSTRACT: The digital revolution in agriculture has introduced data-driven decision-making, where artificial
intelligence, especially machine learning (ML), helps analyze large and varied data sources to improve soil quality and
crop growth indices. Thus, a thorough evaluation of scientific publications from 2007 to 2024 was conducted via the
Scopus and Web of Science databases with the PRISMA guidelines to determine the realistic role of ML in soil health
and crop improvement under the SDGs. In addition, the present review focused to identify and analyze the trends,
challenges, and opportunities associated with the successful implementation of ML in agriculture. The assessment of
various databases clearly revealed that ML implementation depends on crop management, while its limited potential in
terms of soil health was explored. ML models, such as random forest and XGBoost, have demonstrated high accuracies
of up to 99% in crop yield prediction and disease detection. Advanced ML frameworks, including the SHIDS-ADLT
and EfficientNetB3, have improved soil health monitoring and plant disease classification. Irrigation management using
ML has achieved over 50% water savings and irrigation efficiency by 10%-35%. These findings highlight the potential
of ML to improve sustainable agricultural practices and soil health. A significant improvement discussed in this
review is AutoML, which simplifies ML model implementation by automating feature selection, model selection, and
hyperparameter tuning, reducing dependency on ML expertise. The integration of ML with remote sensing, Internet of
Things (IoT), and big data analytics is expected to further transform the precision agriculture and real-time decision-
making approaches to optimize resource utilization. Conclusively, the present review offers a quantitative perspective
on the evolution of ML in agriculture, soil health management, crop yield prediction, and resource optimization.
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1 Introduction

Modern agriculture needs to address various issues, such as climate change, natural resource depletion,
adjustment of dietary preferences, safety and health, and food security, due to the expansion of the
population [1]. The continuous rise of the global population, which is predicted to reach approx. 9.8 billion
by 2050, has forced an urgent need to reach equilibrium between the demand and supply of food [2].
The estimated demand for cereals, including both human food and animal feed, is expected to increase to
almost 3 billion tonnes by 2050, compared with the current volume of approx. 2.1 billion tonnes [3,4]. As an
approach to resolving these challenges and imposing pressure on the agricultural sector, there is an urgent
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need to maximize the efficiency of agricultural practices while simultaneously lowering the environmental
burden [5].

Modern agricultural practices generate data through a range of sensors that allow for a better under-
standing of both the operation (machinery data) and operational environment (dynamic crop, soil, and
weather conditions) to improve the decision-making process for efficient outcome [6]. The integration of
machine learning (ML) algorithms in digital agriculture has revolutionized crop management and resource
allocation [7,8], which is particularly valuable in the face of challenges such as climate change, population
growth, and resource scarcity, as it enables farmers to make more informed decisions and adapt to changing
conditions in real time.

Predictive analytics help farmers anticipate crop disease management, optimize irrigation schedules,
predict market trends, and increase efficiency and productivity. The efficient use of ML minimizes the waste
and reduce the reliance on harmful chemicals [9]. With the increasing availability of data and computing
power, the applications of ML are expected to grow and further transform the agricultural sector [10], and
becoming an increasingly essential tool for modern cultivation, offering new opportunities for innovation
and sustainability [11]. However, knowledge of ML approaches in sustainable agriculture, both retrospectively
and prospectively, is essential for gaining insights into current state-of-the-art practices and prospects in
this field.

According to recent literature analysis for the period from 2004 to 2018, four generic types (crops, water,
soil, and livestock management) were discovered [12]. Crop management accounted approx. 61% of all the
articles and comprised the bulk of the articles across all the categories. It was further segmented into [12]
yield prediction, crop disease prediction, weed detection, crop recognition, and crop health monitoring.
While numerous aspects of ML applications in agriculture, a comprehensive overview focusing on the
categorization and synthesis of this information is needed [12]. Over the years, research has delved into
diverse aspects, such as (i) the application of ML algorithms for crop yield prediction [13,14] (ii) the use of
remote sensing data and image analysis for precision agriculture [15,16], (iii) the development of decision
support systems for pest and disease management [17,18], and (iv) the optimization of resource management
practices through data-driven approaches [19,20].

Considering the significance of ML in agriculture and soil health management, the present review
systematically evaluates research published over the last seventeen years, highlighting the transformative
potential of ML in these domains. Despite significant advancements, including the application of models
such as random forest and light gradient boosting machines for soil health assessment and systems such as
the SHIDS-ADLT for nutrient deficiency analysis, compact and integrated information on the classification,
and the use of ML in agriculture remains scarce. Thus, this systematic review aims to answer key questions
regarding ML applications in sustainable agriculture by of scientometric and systematic review methodolo-
gies. Specifically, how ML contributes to enhance soil health monitoring and management, and what are
the current trends, challenges, and the possibilities of ML-based methodologies for improving agricultural
productivity? The possibilities are explored on the integration of ML with IoT, remote sensing, and big
data analytics for improving adaptive farming practices. This review also identified the gaps in existing ML
models and highlights promising techniques such as AutoML, spatiotemporal analysis, and deep learning
frameworks. The latest technologies, including ensemble models, real-time nutrient monitoring systems,
and advanced ML techniques such as EfficientNetB3 and ResNet50 for crop health and disease detection,
were discussed and their potential was explored. This systematic review underscores the role of ML in
optimizing soil and crop management practices, such as using spatiotemporal frameworks to map dynamic
soil properties, provide fertilizer recommendations, and enhance crop yield predictions with high accuracy
level (exceeding 99%).
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2 Significance of Machine Learning in Agriculture and Soil Health Management: A Bibliometric and
Scientometric Evaluation

The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) approach was
utilized to identify papers, following its four-stage process, i.e., identification, assessment, eligibility, and
inclusion (Fig. 1) [21].
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Figure 1: Methodological framework outlining the research process using the PRISMA method

The keyword co-occurrence analysis was performed using VOSviewer (version 1.6.20), a software tool
for constructing and visualizing bibliometric networks. Keywords with a minimum occurrence threshold
of 10 were selected to ensure relevance, and the full counting method was applied for normalization. The
clustering algorithm grouped keywords into thematic clusters based on association strength, with a resolu-
tion parameter set to 1.0. Repetitive or redundant terms (e.g., ‘ML and ‘Machine Learning’) were merged
to avoid fragmentation. Additionally, the network visualization was optimized using the LinLog modularity
algorithm, which emphasizes the strength of connections between keywords. A total of 8307 keywords were
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identified from the Web of Science (WoS) and Scopus databases after deleting repetitive keywords (Fig. 2).
The most prevalent term is “Machine Learning”, with 965 counts, followed by “Deep Learning” (191 counts),
“Learning Systems” (182 counts), “Learning Algorithms” (146 counts), and “Decision Trees” (102 counts).
This analysis highlights the significant focus on applying ML methods in agricultural research. Keywords
such as “Agriculture” (351 counts), “Crops” (228 counts), “Precision Agriculture” (143 counts), “Farms”
(106 counts), “Crop Yield” (63 counts), and “Crop Production” (44 counts) emphasize diverse agricultural
methods and crop management. On the other hand, keywords such as “Sustainable Development” (240
counts), “Sustainable Agriculture” (163 counts), “Sustainability” (69 counts), and “Sustainable Farming” (21
counts) examine the relevance of sustainable practices in agricultural research. Keywords related to “Artificial
Intelligence” (156 counts), “Internet of Things” (131 counts), “Agricultural Robots” (129 counts), “Remote
Sensing” (141 counts), and “Satellite Imagery” (42 counts) indicate the integration of advanced technologies
in agriculture for monitoring, data collection, and decision-making. Keywords such as “climate change” (95
counts), “soil” (93 counts), “water management” (53 counts), “ecosystems” (29 counts), and “environmental
monitoring” (26 counts) emphasize addressing environmental concerns and increasing conservation efforts
in agriculture. Keywords such as “big data” (38 counts), “data analytics” (25 counts), “data mining” (22
counts), “feature extraction” (24 counts), and “principal component analysis” (19 counts) focus considerably
on data-driven techniques and statistical analysis in agricultural research.
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Figure 2: Word co-occurrence network of machine learning approaches in sustainable agriculture
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While the bibliometric analysis provided a quantitative overview of ML trends in agriculture, several
limitations arose during the process. Scopus and WoS databases may have excluded the regional studies pub-
lished in non-indexed journals, particularly from developing nations. The rapid advancement of ML research
results in a temporal gap between data collection and publication. Inconsistencies in terminology, such as
conflating soil fertility (nutrient availability) with soil health (holistic ecosystem functionality), complicated
the knowledge synthesis. The predominance of crop management studies (61% of analyzed publications)
introduced a thematic bias, underscoring the need for future reviews to address underrepresented areas such
as livestock integration, agroforestry systems, and socio-economic impacts of ML adoption.

This meta-data analysis highlights the interdisciplinary nature of research on ML for sustainable
agriculture, which integrates technical innovation, environmental concerns, and data-driven decision-
making to solve global issues related to food security and environmental sustainability. A total of 2718 articles
were downloaded from WoS (1534) and Scopus (1184). A variety of keywords are used as selection criteria

3«

for the literature survey. It includes “machine learning for sustainable agriculture”, “machine learning”, “agri-
» b1 » <«

culture”, “crop disease detection”, “plant diseases”, “machine learning for plant disease detection”, “crop yield
prediction”, “smart farms”, “stress detection in plants”, “machine learning” OR “artificial intelligence” AND
“sustainable agriculture” OR “agricultural sustainability” AND “neural networks” OR “ANN”, “ensemble
modeling” AND “agriculture” These keywords help narrow the search results to articles that specifically
address the application of ML in sustainable agriculture via Boolean operators. The use of these databases

and keywords allows a more focused and efficient search process.

This targeted approach ensures that the articles retrieved are highly relevant to the subject of the current
study. Several relevant articles that emphasize the significant and unique attributes of established ML models
in sustainable agriculture are included in this review. There was a significant increase in the number of paper
publications related to smart farming, showing exponential growth. A significant number of publications
are articles (1345), showing the importance of original research. The 180 review papers focus on previous
research findings were considered. Early access publications (37) signify access to works before official
publication, promoting the rapid distribution of research results. Editorial materials (6) involve comments
or opinion articles by journal editors, adding to intellectual conversation. Data paper (4) highlights the
necessity of sharing datasets for repeatability and subsequent study. Proceeding papers (3) report outcomes
from conferences or symposiums. Book chapters (1) show contributions to edited volumes, whereas letters (1)
and news pieces (1) give short exchanges or updates within the academic community. Thus, the Wo§S datasets
explore the growth of the heterogeneous characteristics of publications on ML in sustainable agriculture.

An in-depth examination of academic papers addressing the interface of ML and sustainable farming
practices on the Scopus platform was conducted. During the initial phase (2007 to 2010), there was a limited
number of publications, with only one publication in 2007 and a gradual increase to four publications in 2010.
This shows a period of early exploration and limited involvement in the use of ML to promote agricultural
sustainability. There was an evident change in the pattern of publications from 2011 to 2014 (Fig. 3). In 2011,
2012, and 2013, there was only one publication each year. However, in 2014, the number of publications
increased in specific domains related to crop categorization, disease detection, and yield prediction.

The publication trend of the WoS database on “Machine Learning for Sustainable Agriculture” shows
a consistent upward trend from 2007 to 2015. The number of publications progressively increased, with an
average of 1to 5 articles annually. However, in 2016, there was an upsurge in the publishing trend. The number
of publications increased from 16 in 2016 to 462 in 2023, demonstrating an exceptional development trend.
The year 2018 represents a turning point with 48 articles, which then doubled in 2019 (Fig. 3) and continues
to expand rapidly thereafter. The peak was achieved in 2023, with 462 publications, indicating considerable
interest in ML. Even with 5 months of data for 2024, 145 publications show continual interest in the domain
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of ML in sustainable agriculture. This trend has led to considerable gains in research on ML for sustainable
agriculture. The number of publications on ML for sustainable agriculture areas has shown a significant
upward trend due to the growing interest in sustainable agriculture practices using ML.
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Figure 3: Temporal trends of published articles in Scopus (a); Web of Science (b)

The geographical distribution of publications was examined to determine the spatial pattern of ML
applications for sustainable agriculture. Among the 1534 total articles (Fig. A1), the highest number of articles
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were recorded in the People’s Republic of China (479 articles), followed by 310 articles from the USA, 211
articles from India, 174 articles from Iran, 155 articles from Australia, 120 articles from Germany, 118 articles
from Italy, 116 articles from Canada, 111 articles from England and 100 articles from Spain. The significance of
agriculture has attracted major research interest and investment to create sustainable techniques to increase
productivity, efficiency, and resilience.

The majority of the articles pertained to the SDG 13 (climate action) goal, with significant emphasis on
applying ML to address climate-related concerns in agriculture. This is followed by SDG 2 (Zero Hunger)
and SDG 15 (Life on Land) goals, which explore to protect terrestrial ecosystems and biodiversity and
improve food security via ML applications. Sustainable urban development (SDG 11), health outcomes
(SDG 3), water management (SDG 6), and energy efficiency (SDG 7) are other SDGs that are of interest
to researchers. However, several SDGs, such as SDG 1 (no poverty) and SDG 10 (reduced inequality), have
fewer publications, indicate potential topics for additional investigation (Fig. 4). The analysis focuses on the
various applications of ML to address sustainability challenges across different agricultural systems, highlight
the interdisciplinary nature of research in this domain and the imperative of employing technology for
sustainable development.

Sustainable Development Goal (SDGs)

®SDG Goal 13
®mSDG Goal 15
u SDG Goal 2
mSDG Goal 6
mSDG Goal 3
SDG Goal 11
mSDG Goal 7
mSDG Goal 12
uSDG Goal 14
mSDG Goal 1
mSDG Goal 9
B SDG Goal 8
u SDG Goal 4
u SDG Goal 10

Figure 4: Distribution of research focus across various sustainable development goals in machine learning approaches
to sustainable agriculture

ML applications align with specific SDG targets, demonstrate their potential to address global chal-
lenges. The “Zero Hunger” goal (SDG 2 is supported by current studies on ML-driven crop yield prediction
models, such as Random Forest algorithms, which have achieved up to 99% accuracy to optimize the food
production and address its security. Similarly, SDG 6 (Clean Water and Sanitation) benefits from ML-based
irrigation management systems that reduce water waste by up to 50%, promoting efficient resource use. In the
context of SDG 13 (Climate Action), ML models analyze soil-climate relationships, such as spatiotemporal
frameworks, enable adaptive farming practices to mitigate climate impacts. These linkages underscore MLs
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critical role in achieving the 2030 Agenda for Sustainable Development, to address the challenges of food
security, resource management, and environmental sustainability.

3 Insights into Machine Learning in Agriculture and Soil Health

The applications of ML in agriculture are broadly categorized into soil management, crop management,
water management (Fig. 5). Among these methods, soil health monitoring plays a pivotal role in sustainable
agriculture, as it significantly contributes to sustainable farming practices, optimal crop productivity,

and environmental conservation [7]. ML-driven insights directly enhance soil health and agricultural
sustainability by enabling precision management of critical soil parameters.

Soil Management
a) Soil Fertility, b) Soil Moisture
Index, c) Soil Organic Carbon
Prediction

Crop Management
a) Yield Prediction, b) Crop Health
Monitoring, c) Disease Detection

Water Management
a) Irrigation Planning, b) Crop Water
Demand Prediction, c) Crop Moisture
Stress

Figure 5: Primary categories in agriculture using machine learning techniques

Recent advancements in ML have transformed soil health assessments by enabling exceptional pre-
cision and efficiency. These innovations allow comprehensive analysis of soil properties, such as nutrient
content, moisture levels, and organic matter. Additionally, ML models can predict crop yields based on soil
health parameters and optimize the utilization of resources, such as fertilizers and irrigation, to promote
sustainability and minimize environmental degradation.

3.1 Machine Learning to Enhance Soil Health for Sustainable Crop Production

Studies using ML models, such as random forest regressors and light gradient boosting machines, on
soil health indices reported a 23.8%-39.8% improvement when animal-sourced materials were used and
compared with plant-sourced materials, with high coefficients of determination [22]. Similarly, the SHIDS-
ADLT employs multispectral imaging combined with advanced DL techniques to provide accurate nutrient
deficiency assessments and actionable recommendations for sustainable practices [23]. The integration of ML
has further enhanced soil health monitoring by enabling real-time analysis of critical parameters such as soil
moisture, pH, and nutrient level. For example, Agro-sage, an Al-powered system, uses sensor networks and
ML models to monitor soil health, detect deficiencies, and deliver mobile-based recommendations, facilitate
an effective nutrient management [24]. Spatiotemporal ML frameworks have demonstrated the success to
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map the dynamic of soil properties with high spatial resolution, identify trends and areas require further
sampling [25]. Ensemble models such as extra trees and XGBoost have played important roles in soil health
analysis, achieve accuracy levels of 93% in applications such as recovery to monitor the mining-impacted
soils [26].

In Indian agriculture, an ensemble ML model significantly improved fertilizer recommendations by
analyze the soil nutrient profiles, increase crop yields, and reduce environmental impacts [27]. By optimizing
irrigation schedules (achieving 50% water savings) and predicting crop yields based on soil health indices,
ML minimizes resource waste and aligns farming practices with sustainability. These advancements not only
improved the soil fertility and crop resilience, and mitigate greenhouse gas emissions from excessive fertilizer
use, supporting long-term ecological balance [28].

Despite these advancements, challenges persist including limited data on crop varieties, high computa-
tional power requirements, and difficulties in integrating advanced imaging techniques with deep learning
models for agricultural applications. Additionally, environmental variability, overfitting in ML models, and
biases in data preprocessing limit the effectiveness of robust soil health monitoring solutions. Addressing
these challenges necessitates the development of lightweight, explainable AI models and improved data
collection strategies to increase model robustness and scalability [29]. Hybrid frameworks that combine
DL algorithms with domain-specific techniques such as SAM have shown promise in addressing low-
quality datasets and detecting subtle changes in soil properties. IoT-enabled systems with edge computing
capabilities offer scalable solutions for real-time monitoring in low-resource agricultural settings.

Future research should prioritize the development of novel architectures such as generative adversarial
networks (GANs) for synthetic data augmentation and multimodal systems that integrate soil, climate, and
crop data for comprehensive soil health assessments. Advanced imaging techniques, including hyperspectral
and multispectral sensors combined with predictive analytics, may further support sustainable farming by
enabling proactive soil management practices [30]. A summary of recent studies on ML applications in soil
health monitoring is provided in Table 1.

Table 1: Recent studies on machine learning applications for soil health monitoring and management

Observed features Functionality Models/Algorithms Results References
Analysis of soil Enhances soil health Random Forest, Improves soil health [22]
organic materials through organic Light Gradient with organic
material evaluation =~ Boosting Regressor material
optimization
Multispectral Identifies nutrient ~ SHIDS-ADLT, deep Enhanced soil (23]
imaging for soil deficiencies in soil ~ learning algorithms  health monitoring
health accuracy
Real-time soil health ~ Provides real-time Agro-sage system Tailored [24]
monitoring insights for effective using Al and recommendations
management Sensors for nutrient
management
High-resolution soil Detects trends in Spatiotemporal ML Maps dynamic soil [25]
property mapping  soil health for future =~ framework using  properties, identifies
sampling EO data cubes soil degradation

risks

(Continued)
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Table 1 (continued)

Observed features Functionality Models/Algorithms Results References
Soil nutrient Provides fertilizer Ensemble ML Improves crop yield [26]
analysis and crop recommendations ~ models for nutrient and sustainability
performance to farmers analysis with accurate
fertilizer predictions
Soil nutrient and Optimizes fertilizer Regression and Reduces [27]
crop performance use based on soil classification ML environmental
relationship data models impact by targeting
fertilizer application
Al integration for Enhances Al-driven Improves [31]
soil health decision-making for algorithms sustainability and
monitoring sustainable productivity in
agriculture agriculture
Soil health Real-time Al and IoT Enhanced [32]
optimization monitoring of soil integration for productivity
through AT & IoT for better crop monitoring through real-time
selection soil fertility
management
Climate and soil Identifies regions at Machine Learning Detects soil [33]
health relationships risk of soil analysis on degradation risks
degradation environmental linked to climate
factors change and human
activities
Soil fertility Classifies soil SVM, ANN SVM outperforms [34]
classification fertility indices by other techniques in
area in India soil quality
assessment
Soil health and crop  Predicts soil health SVM, NBs, DTs, Algorithms like [35]
yield prediction and crop yields LDAs SVM, NBs, DTs, and
using machine LDAs improve yield
learning predictions
Topsoil clustering ~ Supports soil health K-means, MLRA K-means clustering [36]
for soil health testing using topsoil improves soil health
assessment clustering assessment over
traditional methods
Soil health Predicts soil health Decision Trees, Decision trees [37]
prediction using decision trees Random Forest, achieved over 80%

and random forests

Gaussian Naive
Bayes, etc.

accuracy in soil
fertility prediction

(Continued)
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Table 1 (continued)
Observed features Functionality Models/Algorithms Results References
Soil property Predicts various soil ML algorithms for ~ Digital soil mapping [38]
prediction using ML properties using digital soil mapping using ML
machine learning algorithms is
gaining momentum
Soil health analysis Combines soil ML models Improves crop [39]
for smart farming analysis, crop integrated with productivity and
identification, and  satellite and remote sustainability

[40]

monitoring for optimized health monitoring management and
agricultural nutrient
practices optimization
Fertility prediction Predicts nitrogen, Machine learning Improves soil [41]
based on historical phosphorus, and algorithms fertility prediction
data potassium content accuracy with

based on weather comparative analysis

and soil data

3.2 Machine Learning in Crop Growth, Protection and Yield Management

Crop yield prediction is a vital area in sustainable agriculture and plays an important role in efficient
crop management, resource allocation, and sustainable agricultural practices (Fig. 6). Various studies have
shown the application of ML models in enhancing predictive accuracy and efficiency, with significant
contributions being made to agricultural productivity. For example, remote sensing and ML techniques
have been integrated in systematic reviews for tree crop yield prediction, with accuracy levels ranging
between 50% and 99%, depending on dataset size and complexity [42]. Similarly, studies have reported that
gradient-based algorithms, particularly CatBoost, achieved the highest accuracy (99.123%) for rice yield
prediction, showing its precision in agricultural planning [43]. The potential of ensemble models in real-
world applications has been identified showing that Random Forest is the top-performing algorithm and the
most accurate (R* = 0.99) for yield prediction, whereas XGBoost is the faster alternative with slightly lower
accuracy (R* = 0.98) [44].

Research has further highlighted the superiority of DL-based methods over traditional ML models in
analyzing complex factors such as crop growth cycles and rainfall distributions [45]. For example, proposed
DL models have been demonstrated to outperform logistic regression and random forest methods in both
accuracy and efficiency, emphasizing their role in enhancing agricultural productivity [46]. Neural networks,
particularly artificial neural networks (ANNs) and convolutional neural networks (CNNs), have demon-
strated the ability to utilize climatic and soil data for precise yield forecasting [47]. In Pakistan, ML techniques
such as K-nearest neighbor (KNN) have been applied to yield prediction and achieved high accuracy (MAE =
108,023,825.91, R* = 0.98494 highlighting their potential for enhancing food security [48]. Other studies have
employed innovative ensemble approaches, such as dynamic ensemble selection, achieving an R-squared
value of 99%, advancing the efficacy of ensemble techniques in yield prediction [49]. The ability of ensemble
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methods such as extra trees to examine variables such as temperature, rainfall, and pesticide usage, achieving
over 99% accuracy and supporting sustainable agriculture [50]. Weather-based prediction models, such as
LASSO and hybrid LASSO-SVR, have been proven as effective for multistage wheat yield prediction, with
excellent accuracy during critical crop growth stages [51]. Similarly, the integration of ML with historical
weather data has demonstrated the ability to enhance decision-making in terms of planting, irrigation, and
harvesting [52].
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Figure 6: Application of machine learning in sustainable agriculture

Emerging systems such as the precise ensemble expert system (PEESCYP) have combined imputation,
outlier detection, and feature selection to improve metrics such as accuracy, precision, recall, and FI-
score, surpassing single-classifier models [53]. Another innovative approach includes personalized fertilizer
recommendations coupled with crop yield prediction, which uses real-time monitoring to optimize resource
utilization and productivity [54,55]. These advancements are further summarized in Table 2, which high-
lights key ML applications in crop yield prediction across diverse crops and conditions. Despite these
advancements, several challenges have been identified, such as the lack of interpretability in some ML mod-
els, the high computational demands of DL techniques, and the limited exploration of diverse environmental
data. The data availability and the need for real-world validation remain significant concerns. Addressing
these gaps by developing robust algorithms, exploring novel frameworks, and improving data collection
strategies could enhance the reliability and applicability of ML and DL models in sustainable agriculture. As
sustainable agriculture evolves, the integration of traditional ML methods, such as decision trees and random
forests, with emerging DL techniques such as CNNs, ANNs, and generative adversarial networks (GANs)
offers immense potential to handle complex datasets and achieve higher predictive accuracy. Future research
should continue to explore innovative solutions to optimize resource allocation, mitigate risks, and support
global food security through data-driven agricultural practices.
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Table 2: Recent studies on machine learning applications for crop yield prediction
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Crop Observed Functionality Models/ Results References
features Algorithms
Tree Remote sensing Yield prediction ML techniques Accuracy: [42]
crops data using integrated 50%-99%,
data sources depending on
dataset size and
complexity
Rice Gradient-based Rice yield CatBoost Accuracy: [43]
algorithm prediction for 99.123%
features agricultural
planning
Multiple  Diverse crop data  Yield prediction Random Forest, Random Forest: [44]
crops using ensemble XGBoost R =0.99;
techniques XGBoost:
R* =0.98
Multiple Crop growth Analysis of Deep learning DL models [45]
crops cycles, rainfall complex models outperform
distribution agricultural traditional ML
factors in accuracy
Pigeonpeas Logistic Enhanced Proposed DL Higher [46]
Regression and agricultural model accuracy and
Random Forest productivity efficiency than
comparisons traditional ML
Multiple  Climatic and soil Precise yield ANN, CNN Accurate yield [47]
crops data forecasting predictions
leveraging
environmental
data
Multiple  Agricultural data  Yield prediction K-Nearest Accuracy: [48]
crops for Pakistan for food security Neighbor MAE =
108,023,825.91,
R = 0.98494
Multiple Advanced Yield prediction Dynamic R-squared [49]
crops dynamic using advanced Ensemble value: 99%
ensemble features ensemble Selection
approaches
Multiple Temperature, Variable analysis Extra Trees Accuracy: Over [50]
crops rainfall, pesticide for sustainable 99%
usage agriculture
Wheat Weather data Multistage yield LASSO RMSE reduced [51]
features prediction significantly

(Continued)
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Table 2 (continued)

Crop Observed Functionality Models/ Results References
features Algorithms
Multiple Diverse Handling Random Forest Accuracy: [53]
crops environmental ~ high-dimensional 99.13%
data data to prevent
overfitting
Oil Plam Real-time Personalized Custom ML Improved [54]
monitoring data  fertilizer recom- system resource
mendations and utilization and
yield prediction productivity
Multiple Integrated Precision PEESCYP Outperformed [56]
crops imputation, ensemble system single-classifier
outlier detection, for yield models in
feature selection prediction accuracy,
precision,
recall, and
Fl-score
Wheat LASSO and Multistage wheat LASSO, High accuracy [57]
hybrid yield prediction LASSO-SVR during key crop
LASSO-SVR growth stages
features
Multiple RE, AdaBoost, Regional yield Random Forest Most accurate [58]
crops Gradient Boost, prediction among tested
SVM data ML algorithms
Cherry Sensor data and Real-time crop ML-based Improved [59]
tomato satellite imagery  yield prediction integration planting and
system irrigation
strategies
Tomato High spatial Tomato detection ~ Clustering/EM  F1-Score: 0.7308 [60]
resolution RGB using UAV
images

Studies employed CNNs for image-based disease detection have reported accuracy levels exceeding
97%, demonstrated the power of DL in automating the plant health assessments [61]. Specifically, the
EfficientNetB3 model achieved a remarkable 98.76% accuracy on a dataset 0of 199,611 plant images, underscore
its robustness in disease classification tasks [62]. Similarly, architectures such as ResNet50, MobileNet,
and InceptionV3 have demonstrated exceptional performance across various crops and conditions, further
enhance the scalability of disease detection systems for large-scale agricultural applications [63]. Hybrid
models that integrate CNNs with other algorithms, such as support vector machines (SVMs) and random
forests, have also proven effective to improve classification accuracy and model interpretability. For example,
a CNN-based system achieved 99% accuracy to detect the diseases across the crops such as tomatoes,
potatoes, and peppers via high-resolution imagery [64]. In another study, the VGGI16 and GoogleNet
architectures achieved up to 99.916% accuracy to identify rice diseases from PNG image datasets, emphasize
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the role of DL to support precision agriculture [65]. Ensemble methods such as extra trees and XGBoost
have been pivotal to enhance detection accuracy and speed. Studies employed extra trees reported over
99% accuracy to analysis the factors such as temperature, humidity, and pest prevalence, making it a viable
solution for real-time applications [50]. Ensemble-based systems such as CropGuard utilize CNNs within
mobile apps to provide real-time disease identification and treatment recommendations, offering practical
solutions for disease management [66]. Table 3 synthesizes recent breakthroughs in ML-driven crop disease
detection, showcasing applications across diverse crops and imaging technologies.

Current research has focused to optimize the small data methodologies for in-field disease detection.
A model detected the late blight in potato crops via high-resolution RGB images demonstrated real-world
applicability and achieved high accuracy despite limited training data through innovative augmentation
techniques [67]. Internet of Things (IoT)-enabled ML models gained traction, with sensor networks achieved
an overall accuracy of 88% in disease detection, highlights their potential to reduce the human intervention
and supporting smart agriculture [68]. These systems utilize the IoT to enhance data acquisition and enable
real-time monitoring, paved the way for scalable, automated solutions in agricultural disease management.
However, the widespread adoption of ML and DL in crop disease detection is hindered by challenges such as
limited dataset diversity, high computational demands, and the lack of real-world validation. Environmental
variability, data preprocessing, and unresolved integration issues between DL models and advanced imaging
tools remain significant bottlenecks, particularly in field-based implementations.

These challenges require the development of lightweight, explainable algorithms and improved data
collection strategies to ensure model generalizability. For example, hybrid frameworks that combine CNNs
with techniques such as the spectral angle mapper (SAM) have shown improved robustness in detecting sub-
tle disease patterns and addressing low-quality datasets [69]. The integration of advanced architectures such
as EfficientNet and ResNet-50 with domain-specific knowledge can further increase the detection accuracy
and operational efficiency. Additionally, emerging frameworks such as multimodal disease detection systems
that combine image, climate, and soil data offer promising avenues for robust, scalable solutions.

Table 3: Recent studies on machine learning applications for crop disease detection

Crop Observed Functionality Models/ Results References
features Algorithms
Multiple Images of plant Automated CNN >97% accuracy [61]
crops leaves disease detection
Papaya image dataset Disease Random Forests 98.76% [62]
classification accuracy
Tomato, High-resolution = Disease detection CNN, SVM, 99% accuracy [64]
potato, imagery Random Forest
pepper
Rice PNG image Rice disease VGGI6, 99.916% [65]
dataset identification GoogleNet accuracy
Multiple  Images captured Mobile-based CNN Real-time [66]
crops via mobile app real-time disease practicality

(CropGuard
system)

detection and rec-
ommendations

(Continued)
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Table 3 (continued)

Crop Observed Functionality Models/ Results References
features Algorithms
Potato High-resolution =~ Detection of late CNN with data High accuracy [67]
RGB images blight disease augmentation with small
dataset
Multiple Sensor network IoT-enabled IoT + ML 88% accuracy [68]
crops data disease detection
Multiple Diverse crop Cross-crop ResNet50, High accuracy [70]
crops image datasets disease detection MobileNet,
InceptionV3
Tea, Pretrained Early disease Transfer learning ~ High precision [71]
potato, models detection on CNNs
tomato fine-tuned with
small datasets
Multiple Hyperspectral Detection of CNN + SAM Improved [72]
crops data subtle disease robustness
patterns
Multiple Hyperspectral/ Image-based ML algorithms Review study [73]
crops multispectral disease detection
imaging
Multiple  Images of healthy Leaf disease CNN Effective [74]
crops vs. diseased leaves identification distinction
Multiple ~ High-resolution Disease CNN + High accuracy [75]
crops hyperspectral classification hyperspectral
imagery data
Wheat Stage-specific Disease LASSO, hybrid High accuracy [76]
crop growth data prediction LASSO-SVR
Cassava Historical Weather-based ML with Enhanced [77]
weather data disease prediction historical weather decision-
data making

Future research should explore novel hybrid architectures, generative adversarial networks (GANs) for
synthetic data augmentation, and edge computing solutions for low-resource settings. Personalized disease
management solutions leveraging real-time monitoring and predictive analytics hold significant potential
for sustainable agriculture. The integration of ML, DL, and IoT technologies, coupled with advanced imaging
techniques such as hyperspectral and multispectral sensors, could play a pivotal role to address the current
limitations and supporting global food security.

Weed detection and management play critical roles in precision agriculture, significantly influence
crop yield, resource utilization, and environmental sustainability. Various studies have demonstrated the
effectiveness of ML and DL models to improve weed identification accuracy and reduce reliance on
traditional labor-intensive methods. An Al-based system that employs ML and computer vision techniques
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for automated weed detection, achieve substantial reductions in herbicide usage and promoting sustain-
ability [78]. Similarly, YOLOvVS, a DL model, was utilized for weed seed quantification, achieve over 80%
accuracy, and addressed the challenges in traditional seedbank assessments [79]. Advanced architectures,
such as the latent diffusion transformer, have shown remarkable performance in agricultural image analysis,
obtaining 92% precision, 91% accuracy, and a 0.90 FI score [80]. Furthermore, semisupervised learning
frameworks may achieved accuracies of up to 96% with only 10% labeled data, showing the potential of
generalized student-teacher approaches for reducing annotation costs while maintaining performance [81].
The integration of ML with multispectral imagery from UAVs, enabling efficient weed monitoring and
detection of ecological challenges [82].

Deep learning models such as DenseNet-169 with a global hybrid attention mechanism have achieved
unprecedented accuracy levels of 99.28% in weed classification [83]. Traditional feature-based methods
have also showed 94.56% recall rate with limited datasets, emphasizing the utility of shape, color, and
texture features in scenarios with limited data availability [84]. Recent studies on ML applications in weed
management, including model architectures, datasets, and performance metrics, is provided in Table 4.

ML technologies have been extensively used to optimize irrigation management to improve agricultural
efficiency. Machine learning integration in precision agriculture systems has reduced water waste by more
than 50%, highlighting the effectiveness of automated water management. Similarly, multi-agent model
predictive control frameworks have achieved 7%-23% water savings while increased irrigation water use
efficiency by 10%-35%, demonstrated the impact of ML to enhance water conservation strategies [85].
Studies employed deep learning frameworks, such as UNet-ConvLSTM, have integrated spatial and temporal
features to optimize water demand forecast, achieved high prediction accuracy (R* > 0.92) via MODIS
and GLDAS datasets [86]. Ridge regression models have also shown high precision in predict near-
surface soil moisture (R* = 0.98), address the randomness in irrigation events and assist an effective water
management [87].

Clustering methods, such as K-means and K-shaped methods, enhance sensor data reliability, reduce
errors by up to 5.4%, while robotic systems for sequential data collection improve sensor efficiency by
reducing errors by 17.2% [88]. ML models, including CNNs, ANNSs, and LSTMs, have achieved up to 94.5%
accuracy in water distribution and can support sustainable agriculture [89]. Additionally, learning-based
ensemble approaches, such as RF and LASSO regressors, have emerged as robust methods for irrigation
optimization, using soil moisture, weather, and evapotranspiration data to achieve high predictive accuracy
(R? = 0.99) [90]. These studies underscore the transformative potential of ML in revolutionizing irrigation
practices, promoting water conservation, and ensuring sustainable agricultural productivity.

Emerging technologies integrate the IoT with DL for real-time weed management. The VGGI16
algorithm has achieved efficient weed identification and reduced yield losses [91]. Similarly, Fixmatch
SSL demonstrated to outperform fully supervised learning in wheat weed detection, achieving 85.4%
accuracy with fewer labeled images [92]. The DETR-ResNet-50 model has been utilized for multilabel
weed detection, highlights its potential for precise localization and identification in real-world agricultural
environments [93].
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Table 4: Recent studies on machine learning applications for weed detection

Observed features Functionality Models/Algorithms Results References
High-resolution Automated weed ~ Machine Learning, Reduces labor [78]
images from detection Computer Vision costs and herbicide
cameras/drones usage; promotes
environmental
sustainability.
Weed seed Weed seed YOLOvV8 Over 80% accuracy [79]
images in soil detection and in seed detection;
samples quantification challenges with
overlapping object
detection.
Agricultural Weed detection Latent Diffusion Precision: 0.92, [80]
images and mobile Transformer Recall: 0.89,
deployment Accuracy: 0.91; F1
Score: 0.90.
Labeled and Multiclass weed FCOS, 76% accuracy with [81]
unlabeled detection Faster-RCNN 10% labeled data
datasets for (CottonWeed-
weed detection Det3); 96%
accuracy (Cotton-
WeedDetl2).
Multispectral Review of weed Various machine Identifies [82]
imagery from detection methods  learning models challenges and
UAVs advancements in
weed detection
using multispectral
imagery.
Patch-based Weed recognition GHA-Densenet- Accuracy: 99.28%; [83]
image 169 Recall: 99.26%;
recognition Precision: 99.27%;
Fl-score: 99.25%.
Shape, color, Weed detection Feature-based Recall: 94.56%; [84]
texture features with limited Computer Vision fewer images
from limited datasets needed compared

datasets

Real-time
images from
agricultural

fields

Real-time weed
identification

VGGI6

to CNN-based
approaches.
Minimizes yield
loss and herbicide
usage; promotes
sustainable
agriculture.

[91]

(Continued)
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Table 4 (continued)

Observed features Functionality Models/Algorithms Results References
Semisupervised Weed detection in Fixmatch (SSL), Fixmatch: 85.4% [92]
learning with wheat Fully Supervised accuracy; SSL
limited labeled Model outperformed FSL
data in weed detection
with fewer labeled
images.
Custom-built Multilabel weed DETR-ResNet-50 Effective multilabel [93]
dataset of 3956 detection identification and

weed images precise localization
of four weed

species.

4 Challenges and Limitations

Despite significant advancements, several critical challenges minimize the extensive use of ML in
agriculture. Primarily, the data quality and variety remain major concerns. Many studies utilized region-
specific datasets, such as those from Indian or Chinese agricultural systems, which limit the cross-regional
generalization. Biases in data collection, such as the underrepresentation of smallholder farms, further
reduce model accuracy and applicability [94]. Furthermore, model interpretability is a persistent issue.
Black-box models like Deep Neural Networks lack transparency, making it difficult for farmers to trust and
adopt automated recommendations [95]. High-resolution imaging and real-time analytics require significant
computational resources, which are often unavailable in low-resource environments [96]. There is a notable
gap between laboratory-validated models and their field performance. For example, models achieved 95%
accuracy in disease detection under controlled conditions often underperform in real-world scenarios
due to factors like lighting variability and soil heterogeneity [97]. These challenges requires collaborative
efforts to standardize datasets, adopt explainable AT (XAI) techniques, and develop lightweight models for
edge computing, ensuring ML solutions are both effective and accessible [98]. Soil variability and diverse
cultivation practices present significant challenges to the generalization of ML applications in agriculture.
Soil properties, such as texture, structure, and nutrient composition, can vary widely across different regions
and even within the same field. This heterogeneity complicates the development of ML models that can
accurately predict outcomes across varied soil conditions. For example, a model trained on data from a
specific soil type may not perform well when applied to areas with different soil characteristics, leading to
reduced predictive accuracy [99]. Similarly, cropping systems differ globally in terms of crop types, rotation
practices, and management strategies. These variations influence factors such as pest, disease incidence,
and yield outcomes. An ML model developed within a particular cropping system may not be directly
applicable to another system with different practices, limiting the model’s generalizability [100]. To enhance
the generalization of ML applications in agriculture, it is crucial to incorporate diverse and representative
datasets that encompass a wide range of soil types and cultivation practices. This approach can improve the
robustness and applicability of ML models across various agricultural contexts [101].
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5 Future Framework for Sustainable Agriculture

A key issue in the field is the common lack of detailed information about model algorithms, training
processes, and data management. This void in the literature makes it difficult to replicate studies and slows
down the use of ML models successfully in agriculture. To improve transparency and make ML in sustainable
agriculture easier to replicate, future studies should follow stricter guidelines for authenticate and share
models and datasets. Despite these issues, the availability of various datasets from sensors has been essential
in advancing the field of ML. These datasets provide valuable insights into growth trends, crop health, and
environmental implications. However, using such rich and high-dimensional data in ML models creates
additional complexity, require advanced modeling and analytic tools. Auto machine learning (AutoML)
has emerged as a promising solution to these issues, simplify the creation and use of ML models. The
integration of IoT and smart sensors with AutoML frameworks is a forward-looking addition to adaptive
farming. For example, IoT devices embedded with hyperspectral sensors can continuously monitor crop
stress indicators, while AutoML systems autonomously optimize predictive models for disease outbreaks
or nutrient deficiencies. This synergy reduces dependency on manual interventions and ensures real-time
responsiveness to field conditions.

AutoML has the potential to increase the accessibility and applicability of advanced ML approaches to
a wider range of agricultural problems by automating crucial ML tasks such as feature engineering, model
selection, and hyperparameter optimization. For example, predicting crop yield via satellite data traditionally
involves manually creating and adjusting models to analyze satellite images and extract useful information for
prediction [102]. This technique needs great skill and can be time-consuming and prone to error. In contrast,
AutoML technologies can automatically choose the right model and preprocessing steps, accelerating the
development process. An AutoML system may automatically evaluate various CNN architectures, adjust
preprocessing approaches for satellite imagery, and tune hyperparameters depending on the performance
metrics, all without considerable operator intervention. This AutoML-driven approach simplifies the mod-
eling process and creates new possibilities for integrating different data sources into predictive models. By
decreasing the obstacles to advanced ML applications, AutoML can accelerate innovations in agricultural
research, leading to more accurate, efficient, and scalable solutions for crop production, prediction, and
other crucial concerns. To achieve the full potential of AutoML in agriculture, future research must focus
on developing customized AutoML tools for agricultural data and issues. This involves improving data
preprocessing methods, integrating domain-specific knowledge into AutoML algorithms, and enhancing
model interpretability. For IoT-based farming, innovations like cloud computing and lightweight ML models
will be essential to process sensor data locally on low-power devices, reducing latency and bandwidth costs in
rural areas. By addressing these areas, the agricultural research community may employ AutoML to enhance
the state of the art in agricultural ML and DL, ultimately leading to more sustainable and productive farming
techniques worldwide.

5.1 Policy-Driven Frameworks of ML for Sustainable Agriculture

To enhance the socioeconomic effect of ML, future frameworks must align with global agricultural
policies. For example, ML models predicting soil degradation risk could inform the European Union
Common Agricultural Policy incentives for conservation tillage [103]. Similarly, AutoML-based irrigation
systems could be incorporated in India’s National Mission for Sustainable Agriculture to improve the water-
use efficiency [104]. Governments and NGOs should collaborate to develop certification programs for ML
tools that meet sustainability benchmarks, ensuring that technologies like IoT-enabled nutrient sensors are
accessible to smallholder farms. Such policy integration would bridge the gap between theoretical ML and
on-the-ground agricultural needs [105].
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AutoML is transforming ML implementation in agriculture by automating model selection, hyperpa-
rameter tuning, and feature engineering, hence reducing the need for deep technical expertise. For example,
in crop yield prediction tools like AutoKeras and H,O. Al can rapidly optimize ensemble models, blending
algorithms like XGBoost and CNNss for satellite data analysis. Similarly, in disease detection, platforms such
as Google Cloud AutoML Vision allow farmers to train custom image classifiers with minimal coding,
enhancing accessibility. However, AutoMLs ‘one-size-fits-all’ approach may neglect essential domain-specific
complexity, such as soil microvariability or region-specific pest behaviors. To address this issue, hybrid
solutions that combine subject expertise with the automation of AutoML are essential. Domain-driven
feature engineering integrated with automated hyperparameter tuning may provide models that are both
precise and spatially relevant. As AutoML tools become more accessible, their adoption can accelerate
the implementation of ML solutions in agriculture, especially in resource-limited environments. Future
advancements like adaptive learning models adapted for changing agricultural conditions could further
enhance AutoMLs impact on precision farming.

Recent improvements in ML algorithms offer intriguing paths for attaining these goals. These advances
enable monitoring of populations in general and the enhancement of crop yield while limiting disturbance
to the natural environment. However, further research is necessary due to the novelty of implementing ML
models in agriculture. In agriculture, the most widely utilized ML models are SVM and RE. However, the
implementation of novel methodologies, including AutoML, XGBOOST, and regression models such as
linear and LR, has the potential to increase model performance. The efficiency of these models in agricultural
decision-making can be significantly influenced by even modest increases in accuracy and runtime. Future
advancements are expected to focus on the development and enhancement of ML algorithms that can help
farmers manage crops. These models can be integrated into decision-support systems, leading users through
structured phases and presenting viable options. The development of these models is expected to enable more
efficient agricultural management with minimal human interaction.

6 Conclusion

A systematic review of 2718 studies were conducted to examine the current state of knowledge regarding
ML approaches in sustainable agriculture based on bibliometric and thematic analyses. Methodological
frameworks and approach advancements within this domain were scrutinized, with a particular emphasis
on recently adopted models. Although many reviewed articles employed ML models in agricultural contexts,
uncertainties remain in forecasting agricultural outcomes under changing environmental conditions. How-
ever, advanced models that integrate various facets of agricultural systems for comprehensive risk assessment
are limited. The review highlighted the various uses of ML in the domain of sustainable agriculture and
soil health management. Strategies such as decreasing pesticide consumption, promoting organic farming,
establishing optimal crop rotations, and preserving natural gaps between agricultural systems are recognized
as key components to contribute to sustainable agricultural practices. Farming may function more effectively
by adopting new sustainable techniques backed by ML algorithms. The integration of these technologies
into agricultural systems holds enormous potential for enhancing the sustainability and productivity of
farming operations in the future. This study highlights the potential for future investigations, guiding
researchers, practitioners, and policymakers toward more informed decision-making and innovation in
sustainable agriculture.
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