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ABSTRACT
Agriculture is increasingly expected to produce more food while minimizing the usage of water, chemical-based
fertilizers, energy, chemicals, and labor. Agricultural decision-making is further complicated by climate
unpredictability, soil degradation, shortages of water, crop illnesses, pests, weeds, and yield uncertainties. An
IEEE-style review and implementation methodology for Al in agriculture is presented in this research. Examined
are a number of important applications, including as crop recommendations, crop-yield estimation, disease and
pest recognition, weed identification, soil and nutrient administration, smart irrigating, weather forecasting,
livestock monitoring, agricultural robots, and post-harvest management. A multilayer Al-enabled farming system
is proposed in which a conventional sensor, image processing, and historical information are acquired through
IoT, UAV, satellites, and field devices; processed information is provided to machine-learning(ML)/deep-learning
models; and the ensuing decisions are transmitted to farmers or automated actuators. Conventional models such
as Decision Tree(DT), Random Forest, K-Nearest Neighbor(KNN), Support Vector Machine(SVM), and
Artificial Neural Network(ANN) are contrasted conceptually with CNN, LSTM, and Transformer-based
techniques.Substantial research gaps in dataset variety, model generalization and explanation, efficiency of
computation, cybersecurity, field validation,, and cost for small-scale farmers are also identified in the report. For
sustainable intelligent agriculture, a future research path based on explainable Al, edge intelligence, hybrid Al,
and multimodal data fusion is suggested.
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INTRODUCTION Internet of Things (IoT), unmanned aerial vehicles

Food security, rural jobs, economic growth, and (UAVs), satellite remote sensing, and edge
environmental sustainability all depend on computing has extended the potential of precision
agriculture. However, climate unpredictability, agriculture.

erratic rainfall, higher temperatures, deteriorating
soil, water insecurity, pest outbreaks and plant

illnesses, labor scarcity, and unstable market
conditions all have an impact on agricultural
production. Fixed irrigation techniques, regular field
inspections, standardized fertilizer regimens, and
farmer expertise are frequently used in conventional
agricultural decision-making. These methods are
still useful, but they may not be adequate when field
conditions change significantly across time and
place.

By employing site-specific management and
field-level observations, precision agriculture
overcomes this constraint. The increasing expansion

Heterogeneous agricultural observations can be
transformed by Al into forecasts, categories,
suggestions, and control measures. For instance,
field photos can be analyzed by CNN or transformer
models to identify illness; soil-moisture sensors can
be integrated with weather and crop-growth data to
forecast irrigation needs; and past environmental
and managerial data can be utilized to forecast crop
production. In order to support scalable smart-
farming systems, IoT and Al are increasingly being
integrated with edge and cloud computing,
according to recent evaluations [2], [3].
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This paper's goals are to provide a thorough
framework for implementing Al in agriculture,
identify suitable AI algorithms for significant
agricultural applications, assess implementation
difficulties, and suggest a future research
architecture based on explainable edge Al and
multimodal data fusion. The article is meant to serve
as a research framework that may then be
experimentally verified with field or public
agricultural datasets.
II. VARIOUS AI TECHNIQUES
A. Al-Based Agricultural Decision Chain
An intelligent agriculture system can be represented
by the chain: agricultural data collecting —
preprocessing — feature extraction — Al model —
prediction/decision — farmer advice or automated
action. Soil sensors, weather stations with standard
RGB or multi-spectral cameras, UAVs, satellites,
farm equipment, livestock sensors, historical
records, and market data are some of the sources of
data.
D={Xy} (1)
where y stands for the target variable or class and X
for the agricultural input attributes. Depending on
the application, the aim may be crop kind, disease
class, standard yield, soil moisture, fertilizer
requirements, or irrigation condition.
B. Role of Machine Learning

When structured agricultural data is available,
machine learning techniques are suitable.
Regression and classification can be done using DT,
RF, KNN, SVM, ANN, gradient boosting, and
ensemble models. RF is useful for nonlinear tabular
relationships and feature-importance analysis, while
SVM can be effective for classification with
moderate-sized datasets.
C. Role of Deep Learning and Computer Vision
The requirement for manually created picture
characteristics is decreased by deep learning. CNNs
are commonly utilized for crop, disease, pest, and
weed recognition because they can learn hierarchical
spatial characteristics. CNNs dominate precision-
agriculture computer-vision research, according to a
2025 systematic review of 213 studies, whereas
Vision Transformers (ViTs) and GANs are
becoming popular for visual agricultural analysis
[1].
D. Emerging AI Approaches

Transformer  architectures,  self-supervised
learning, multimodal learning, reinforcement
learning, and hybrid Al are increasingly important
research directions. Self-supervised learning is
particularly relevant because agricultural image
annotation is expensive; recent evidence indicates
that self-supervised methods can reduce dependence
on manually labelled datasets [4].
III. IMPLEMENTATION OF Al IN
AGRICULTURE
A. Crop Recommendation

Crop recommendation systems estimate which

crop is most suitable for a location using soil
nutrients, pH, temperature, humidity, rainfall, and
related variables. The input vector may be written
as:
X=[N,P,K,pH, T, H R SM] (2)

where N, P, and K are soil nutrient indicators; T
is temperature; H is humidity; R is rainfall; and SM
is soil moisture. The predicted crop is C* = arg max
P(Ci|X). DT, RF, KNN, SVM, and ANN models can
be evaluated for this task.
B. Crop Yield Prediction

Yield prediction is important for production
planning, resource allocation, storage, logistics, and
market planning. Yield is a function of climatic, soil,
crop, and management variables:
Y=AT R H SN W, CM ()

where Y is crop yield, T is temperature, R is
rainfal, H is humidity, S represents soil
characteristics, N represents nutrient conditions, W
represents water availability, C represents crop
characteristics, and M represents management
practices. A recent systematic review of crop-yield
prediction studies emphasizes the growing role of
ML for yield forecasting and resource allocation [5].
C. Disease Detection

Plant disease detection can be automated using
images acquired from smartphones, field cameras,
UAVs, or robotic platforms. The processing chain is
image  acquisition @ —  preprocessing = —
segmentation/feature extraction — classification —
disease diagnosis. CNNs, transfer learning, object
detectors, and ViTs can be considered. Recent
literature identifies CNNs as widely used and notes
that computational efficiency, geographic bias,
scalability, and real-time deployment remain
important concerns [6].
D. Pest and Weed Detection
Insects, pests, weeds, and agricultural objects can all
be recognized and located using Al-based object
detection. Depending on the necessary precision and
real-time restrictions, YOLO-family detectors,
Faster R-CNN, SSD, and transformer-based
detectors can be employed. Instead of applying a
uniform treatment, a practical system might initiate
mechanical weed eradication or tailored spraying.
E. Smart Irrigation

Al-based irrigation uses soil moisture, weather,
crop type, growth stage, evapotranspiration-related
variables, and rainfall forecasts to estimate irrigation
demand. A predictive controller may be represented
by:
1) = fISM@), T(1), H(®), R(1), C1), G(1)] (4)

where [ is irrigation requirement and G is crop
growth stage. The output can control a pump or
solenoid valve through an IoT controller. Al can
therefore move irrigation from fixed schedules
toward condition-based or predictive management.
F. Soil and Nutrient Management
Site-specific fertilizer recommendations can be
produced by combining crop data with soil pH,
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nitrogen, phosphorus, potassium, electrical
conductivity, moisture, organic matter, and
temperature. The application of ML and DL for site-
specific nutrition management is growing, according
to recent study evaluations, however there are still
issues with data transferability and quality [7].
G. Weather and Climate Prediction
Because crop development is significantly impacted
by temperature, rainfall, humidity, solar radiation,
and extreme occurrences, weather and microclimate
forecasting are crucial. While hybrid models can
integrate crop data, remote sensing, and
meteorological observations, LSTM and
Transformer models can be used for sequential data.
H. Livestock Monitoring
By tracking an animal's activity, feeding habits,
physical condition, and health markers, computer
vision and the Internet of Things can help with
livestock monitoring. Reproducibility and model
comparability are limited by the lack of public cattle
computer-vision datasets compared to numerous
crop datasets [8].
I. Agricultural Robotics and Automation
A robotic platform may include cameras, LiDAR,
GPS, IR sensors, Al-based detection of objects, path
design, and actuator for regular weeding, spraying,
picking, monitoring crops, and phenotyping
purposes.
Iv. AI-ENABLED
ARCHITECTURE

Six functional layers make up the suggested
architecture: (1) data collection; (2) communication;
(3) preprocessing and data storage; (4) Al analytics;
(5) decision support; and (6) actuation. Both cloud
and edge deployment are made possible by the
architecture.

A. Data Layer Acquisition Layer

Soil moisture, temperature, humidity, pH,
conductivity, and other factors are measured via
sensors. RGB, multispectral, hyperspectral, and
thermal observations are provided via cameras,
UAVs, and satellites. Historical documents with
historical background, and extra information.

B. communications Layer

Wi-Fi, LoRa/LoRaWAN, Zigbee, NB-IoT, 4G,
or 5G can all be used for communication, depending
on the farm setting. Deployment Reliability should
take into account..

AGRICULTURAL

C. Data Processing Layer

Data  processing includes  missing-value
treatment, outlier detection, normalization,
synchronization, image resizing, augmentation,
feature extraction, and feature selection. Min-max
normalization can be expressed as:
x" = (x - xmin)/(xmax - xmin) (5)
D. AI Analytics Layer

The Al layer contains application-specific
models. Tabular data can be processed by RF,
XGBoost, SVM, ANN, or hybrid models; images
can be processed by CNN, YOLO, or ViT; and time-
series data can be processed by LSTM or
Transformer models.
E. Decision and Control Layer

Al predictions are translated into
recommendations or control signals. For example,
the system may recommend irrigation, identify a
disease, estimate fertilizer demand, or instruct a
robot to remove a weed. Human-in-the-loop
operation is recommended for high-impact
agricultural decisions.
F. Edge and Cloud Deployment
Cloud computing is suitable for model training,
historical analytics, and large-scale storage. When
connectivity is limited, edge computing can be
helpful for real-time applications including
autonomous navigation, illness detection, and
irrigation control. IoT, edge/cloud computing,
AI/ML, security, and datasets are also identified as
key elements of future smart-farming frameworks in
an [EEE conference assessment on smart agriculture
[2].
The structure of proposed system of proposed
system is shown in Fig.1 which consist of various
crops, watering syster, Al based display and sensor.
V.IMPLEMENTATION METHODOLOGY
A. Dataset Development

Agricultural observations gathered from various
fields, seasons, crop varieties, and environmental
circumstances should be included in a representative
dataset. Images should be taken with realistic
lighting, backdrops, growth phases, and illness
severity circumstances for image-based research.
When feasible, field data should be included to
public datasets.
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Crop 1 Crop 2

Crop 3

Al- Based
display

Crop 4

Fig.1 Structure of the proposed Al based agriculture system

B. Preprocessing and Feature Engineering
Data should be cleansed and examined for outliers,
incorrect labels, missing values, and duplicates.
Images may be resized, adjusted, divided, and
supplemented. Standardized variables may be
tabular. Correlational analysis, shared information,
recursive feature removal, and model-based
relevance are some methods for selecting features.
C. Model Training
The dataset should be used to produce training,
validation, and distinct test sets. An suitable split can
be supported. For smaller tabular sets of data, cross-
checking should be taken into account. The final test
method needs to be adjusted and adjusted.
D. Performance Evaluation

For classification, accuracy, precision, recall, F1-

score, specificity, ROC-AUC, and a confusion
matrix should be reported. For regression, MAE,
RMSE, MAPE where appropriate, and R? should be
reported.

Accuracy = (TP + TN)/(TP + TN + FP + FN) (6)

Precision = TP/(TP + FP) (7)

Recall = TP/(TP + FN) (8)

F1 = 2(Precision * Recall)/(Precision + Recall)
9

RMSE = sqrt[(1/n) Z(yi - yi)"2] (10)

Because agricultural datasets can exhibit spatial
and temporal correlation, random train-test splitting
alone may overestimate generalization. Field-level,
location-level, or season-level holdout testing
should be used where feasible.
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VI. COMPARATIVE ANALYSIS OF AI TECHNIQUES

Algorithm Application Positive weakness
Decision C Interpretable overfit
Tree P
Robust
Random CR nonlinear Big model
Forest
model
Simple, .
KNN C . Inferences price
nonparametric
Effective in
SVM C moderate Kernel decision
datasets
Nonlinear ..
ANN PC . Training of data
mapping
CNN C Automatlc Training
visual features
LSTM Time series Temporal . Corpplexﬁy
dependencies Training

C- Classification, CR= Classification regression
PC= prediction classification

VII. RESEARCH GAPS AND CHALLENGES
A. Dataset Diversity and Generalization
Geographic location, crop diversity, soil type,
climate, infection stage, camera, and management
approach all affect agricultural situations. As a
result, models that were developed on a small
dataset may not function well in different settings.
Recent studies often highlight weak cross-
environment generalisation and limited access to
diverse, high-quality datasets as important research
limitations [1], [6].

B. Computational Efficiency

Highly efficient computational models For low-
power rural devices, this is an issue. Thus, research
should be done on model compression, a
measurement, pruning, distillation of knowledge,
and lightweight architectures.

C. Explainability and Farmer Trust

The variables or parts of the image that affect
predictions can be found using explainable Al
techniques like SHAP, LIME, Grad-CAM, and
feature-importance analysis.

D. Cybersecurity and Privacy

Unauthorized entry, sensor data alteration,
malicious actuator control, and farm data leakage are
all concerns associated with connected farms.
Security should be taken into consideration.

E. Economic and Adoption Barriers

Equipment, network connectivity, data collecting,
model upkeep, and technical competence can make
Al systems tough to install. For wider adoption,
farmer-centered system creation, offline
functionality, local-language controls, and cost-

effective design are crucial.
F. Field Validation

It may not necessarily convert into field
reliability. Therefore, a crucial prerequisite for
research findings should be verified independently
across farms, seasonal places, and crop kinds.

VIII. CONCLUSION

Agriculture is increasingly expected to produce
more food while minimizing the utilization of water,
chemical-based fertilizers, energy, chemicals, and
labor. Climate unpredictability, soil deterioration,
water scarcity, crop diseases, pests, weeds, and yield
uncertainties all hamper agricultural decision-
making. This study presents an IEEE-style review
and implementation process for Al in agriculture.
Examined are a variety of important uses, such as
crop guidelines, crop-yield estimation, disease as
well as pest detection, weed detection, soil and
nutrient administration, smart watering, forecasting
the weather, livestock surveillance, agricultural
robots, and management after harvest. A multi-layer
Al-enabled farming system is suggested in which a
traditional sensor, processing of images, and
historical data is gathered through IoT, UAV, a
satellite, and field devices; information processed is
presented to ML/deep-learning models; and the
resulting judgments are delivered to farmers or
automated  actuators. CNN, LSTM, and
Transformer-based methods are conceptually
compared with traditional models like Decision Tree
(DT), Random Forest, K-Nearest Neighbor (KNN),
Support Vector Machine (SVM), and Artificial
Neural Network (ANN).Significant gaps in research
in dataset variety, modeling generalization and
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explanation, efficiency of computing, cybersecurity,

field validation, and cost for small-scale farmers are

also mentioned in the paper.

REFERENCES

[1] Y. N. Kuan, K. M. Goh, and L. L. Lim,
“Systematic review on machine learning and
computer vision in precision agriculture:
Applications, trends, and emerging techniques,”
Engineering  Applications  of  Aurtificial
Intelligence,  vol. 110401, 2025, doi:
10.1016/j.engappai.2025.110401.

[2] S. A. et al., “Pre-Harvest to Post-Harvest: A
Review of Al and IoT Applications in Smart
Agriculture and the Prospects of 6G-Enabled IoT
Framework,” Proc. 27th Int. Symp. Wireless
Personal Multimedia Communications (WPMC),
2024, doi:
10.1109/WPMC(C63271.2024.10863521.

[3] “A Systematic Review on the Role of [oT and Al
in  Transforming  Agriculture:  Advances,
Challenges, and Future Pathways,” IEEE
conference publication, 2026.

[4] G. A. Carneiro, T. J. Aubry, A. Cunha, P.
Radeva, and J. J. Sousa, “Progress in applications
of self-supervised learning to computer vision in
agriculture: A systematic review,” Computers
and Electronics in Agriculture, vol. 239, art.
111134, 2025, doi:
10.1016/j.compag.2025.111134.

[5] S. M. Shawon, F. B. Ema, A. K. Mahi, F. L.
Niha, and H. T. Zubair, “Crop yield prediction
using machine learning: An extensive and
systematic literature review,” Smart Agricultural
Technology, vol. 10, art. 100718, 2025, doi:
10.1016/j.atech.2024.100718.

[6] “Precision agriculture in the age of Al: A
systematic review of machine learning methods
for crop disease detection,” Smart Agricultural
Technology, vol. 12, art. 101491, 2025, doi:
10.1016/j.atech.2025.101491.

[7] “Precision agriculture technologies for soil site-
specific nutrient management: A comprehensive
review,” Artificial Intelligence in Agriculture,
vol. 15, no. 2, pp. 147-161, 2025, doi:
10.1016/j.aiia.2025.02.001.

[8] A. Bhujel, Y. Wang, Y. Lu, D. Morris, and M.
Dangol, “A systematic survey of public computer
vision datasets for precision livestock farming,”
Computers and Electronics in Agriculture, vol.
229, art. 109718, 2025, doi:
10.1016/j.compag.2024.109718.

[9] “Transforming Agriculture: A Mini-Review of
IoT Innovations and their Impact,” Proc.
IFIP/IEEE 32nd Int. Conf. Very Large Scale
Integration (VLSI-SoC), 2024, doi:
10.1109/VLSI-S0C62099.2024.10767799.

[10] “Artificial intelligence in modern agriculture:
recent advances, challenges, and future
directions: a systematic review,” Artificial
Intelligence in Agriculture, 2026.

1JDDT, Volumel6 Issue 86s, 2026

650



