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Abstract - The integration of Artificial Intelligence (AI), the

Internet of Things (IoT), and satellite-based remote
observation is reshaping contemporary agriculture, shifting it
from an experience-driven manual discipline into a richly
data-oriented field. Although standalone machine learning
models targeting crop selection, disease identification, and
harvest volume estimation have individually attained
impressive accuracy, existing research exposes a critical
fragmentation in their real-world deployment: these modules
rarely communicate within a consolidated decision-support
environment. This review systematically examines the
architectural requirements for a unified Sense-Analyze-Act
agricultural framework. It critically assesses the effectiveness
of ensemble learning approaches, notably Random Forest
classifiers, for matching soil nutrient profiles to suitable crops.
Convolutional Neural Networks (CNNs), particularly
MobileNetV2, for lightweight field-based plant disease
surveillance [11], [14]; and Long Short-Term Memory
(LSTM) networks for predicting temporal patterns in
commodity prices and soil moisture levels . The
transformative potential of Large Language Models (LLMs)
combined with Retrieval-Augmented Generation (RAG) in
making agronomic guidance accessible to resource-limited
smallholder farmers is also thoroughly examined. This review
highlights key obstacles to deployment, namely cross-domain
generalization failures, algorithmic biases stemming from
unrepresentative training data, and the absence of robust
multimodal sensor fusion architectures. Finally, a forward-
looking research agenda is proposed, emphasizing Federated
Learning approaches and autonomous unmanned aerial
vehicle (UAV) surveillance programs as pathways toward
bridging the gap between demonstrated algorithmic promise
and smallholder operational reality.

Keywords: Precision agriculture, ensemble learning,
convolutional neural networks, long short-term memory
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remote sensing, federated learning, retrieval-augmented
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I. Introduction

Agriculture constitutes a vital cornerstone of global food
security and economic resilience, yet it is increasingly
burdened by pressures from shifting climatic patterns,
progressive soil degradation, fluctuating commodity markets,
and restricted access to specialized agronomic knowledge [1].
Historically, farm management has depended upon
disconnected, manually conducted observations across
separate domains weather tracking, soil composition testing,
and pathogen diagnosis resulting in delayed corrective
actions and wasteful resource deployment.

Although recent developments in Artificial Intelligence (AI),
Machine Learning (ML), Deep Learning (DL), and satellite
remote observation have transformed precision agriculture
through advanced pattern recognition and temporal prediction
capabilities [2], [3], a substantial research gap persists. The
majority of agricultural AI solutions documented in the
literature function as self-contained modules, for instance,
independent applications dedicated solely to crop advisory or
disease identification [4]. This structural fragmentation
prevents farmers from receiving comprehensive, real-time
guidance; even when agronomic hazards are identified,
corrective responses are seldom automated.

To address this systemic fragmentation, this review
investigates the evolution toward unified intelligent
agricultural frameworks that consolidate ML, DL, satellite
imagery, and publicly available government APIs within a
single operational platform [5], [6]. Specifically, this paper
explores architectural designs that integrate diverse functional
components, including crop and fertilizer advisory engines,
plant pathology detection, commodity price forecasting,
NDVI vegetation tracking, and conversational AI assistants.
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The core contributions of this review are organized into four
distinct areas:

• Algorithmic Analysis: Examining the practical
application and measured performance of Random
Forest, CNN, and LSTM architectures within
contemporary agricultural systems.

• Infrastructure Evaluation: Assessing the contribution
of open APIs and publicly accessible datasets in
enabling scalable, cost-effective system deployments.

• Architectural Synthesis: Surveying modular system
architectures that successfully unify weather, soil,
crop, satellite, and market information through
structured inter-module communication.

• Future Directions: Pinpointing critical research
deficiencies to orient future work toward more
autonomous, predictive, and farmer-centered digital
agriculture platforms.

II. Literature Review

A. Evolution of Machine Learning in Soil and Crop
Analytics

The scholarly progression of machine learning techniques
applied to agricultural soil and crop assessment spans roughly
three decades of steadily increasing methodological
sophistication. Early investigations relied on linear
discriminant analysis and logistic regression, establishing that
statistical learning could extract agronomically relevant
signals from tabular soil composition data. The subsequent
adoption of Support Vector Machines (SVMs) marked a
significant methodological advancement by enabling non-
linear classification boundaries, though these methods
exhibited notable sensitivity to hyperparameter selection
across diverse climatic contexts.

Ensemble-based methodologies particularly Random Forest
and gradient boosting algorithms such as XGBoost and
LightGBM have since defined the prevailing performance
standards for tabular agricultural prediction tasks [7], [8]. The
bootstrap aggregation mechanism inherent to Random Forest
confers natural resilience against measurement noise
characteristic of economical soil testing equipment. Rashid et
al. [9] demonstrated that ensemble approaches consistently
outperformed single-model baselines by margins spanning 8
to 12 percentage points. Despite these advances, a persistent
constraint remains: the reliance on static historical training
datasets that prevent assessment of model robustness under
distributional changes induced by ongoing climate shifts [10].

B. Convolutional Neural Networks for Plant Pathology
Surveillance

The application of Deep Learning to automated plant disease
identification [11], [12] underwent a defining transformation
following the release of the PlantVillage dataset [13]. Earlier
architectures such as VGG16 attained strong benchmark
accuracy but experienced sharp performance degradation
when confronted with complex real-field backgrounds and
inconsistent lighting conditions. This translational
shortcoming encouraged exploration of computationally
lightweight architectures suitable for mobile and edge
deployment [14], [15], with MobileNetV2 emerging as a
particularly attractive option owing to its capacity to maintain
competitive accuracy while imposing minimal computational
overhead.

More recent research has concentrated on incorporating
attention mechanisms and generative augmentation strategies.
Karthik et al. [16] demonstrated that attention-enhanced
networks surpassed naive baseline models by suppressing
irrelevant background visual information. Simultaneously,
Abbas et al. [17] showed that disease images synthesized
through Generative Adversarial Networks effectively
compensated for severe class imbalances affecting rare plant
pathogens. Current investigative frontiers are pushing toward
few-shot learning paradigms capable of adapting to newly
encountered crop-disease combinations using extremely
limited labeled examples, directly targeting the data scarcity
problem.

C. Temporal Intelligence: Sequential Forecasting for
Agricultural Variables

Agricultural systems inherently display temporal structure,
ranging from daily evapotranspiration cycles to multi-month
commodity pricing trends. Classical time-series frameworks
such as ARIMA [18] frequently prove insufficient for
capturing the non-stationarity inherent in these variables.
Although earlier Recurrent Neural Networks (RNNs)
struggled with extended temporal dependencies owing to the
vanishing gradient problem, Long Short-Term Memory
(LSTM) networks effectively address these limitations in
modeling soil moisture dynamics [19]. By selectively
preserving agronomically significant long-range trends,
LSTMs successfully capture multi-month recovery trajectories
and seasonal market price movements [20].

Elavarasan and Vincent [21] documented LSTM's superiority
over standard architectures on datasets exhibiting intricate
non-linear temporal structures. Moreover, hybrid CNN-LSTM
architectures [22] have shown further improvements by
simultaneously extracting localized temporal patterns and
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broader sequential dependencies within an integrated
computational framework.

D. Satellite Remote Sensing for Vegetation Health
Assessment

The Normalized Difference Vegetation Index (NDVI) has
long served as the primary remote sensing metric for
characterizing vegetation conditions. The introduction of the
Sentinel-2 satellite platform fundamentally expanded NDVI's
practical value for field-level monitoring of smallholder plots
by delivering 10-meter spatial resolution, which is essential
for fragmented agricultural landscapes typical of developing
regions. Cloud-based processing platforms such as Google
Earth Engine have further democratized access to this
monitoring capability by eliminating the need for extensive
local data processing infrastructure and enabling the
application of advanced spectral indices like the Enhanced
Vegetation Index (EVI) for more granular crop health insights.

E. Conversational AI and Large Language Models in
Agronomic Advisory

Natural Language Processing addresses the interpretability
barrier that prevents technically sophisticated AI outputs from
becoming practically actionable for smallholder farmers. The
emergence of Transformer-based Large Language Models
(LLMs) has substantially expanded the scope of
conversational agricultural assistance. A critical limitation
remains, however: hallucination the generation of fluent yet
factually incorrect agronomic advice. Retrieval-Augmented
Generation (RAG) architectures have established themselves
as the standard mitigation approach, tethering LLM responses
to dynamically retrieved, verifiable content drawn from
curated domain knowledge repositories such as government
agricultural extension documents [10].

F. IoT Sensor Ecosystems and Edge Computing in
Precision Agriculture

Internet of Things (IoT) sensor arrays form the physical data
acquisition layer, enabling AI-driven analytics to operate on
real-time local microclimate data streams [23]. The growing
adoption of IoT for smart agriculture [24], [25] and the
ongoing transition toward edge computing relocating AI
inference to on-device hardware [26], [27] addresses the
connectivity instability endemic to rural farming
environments. Quantized and structurally pruned ML models
deployed across edge-fog-cloud hierarchical architectures [28]
guarantee that time-sensitive agronomic alerts remain
accessible to farmers regardless of cloud network availability,
while concurrently supporting established data security
frameworks [29], [30].

III. Architectural Synthesis

A. Architectural Philosophy: The Sense-Analyze-Act
Pipeline

A thorough review of recent literature reveals a clear
movement away from isolated processing modules toward
integrated Sense-Analyze-Act (SAA) pipelines [5], [6]. The
Sense layer encompasses multimodal data acquisition
including meteorological API feeds, leaf image uploads, and
IoT sensor telemetry [23]. The Analyze layer applies
specialized ML/DL inference engines to transform raw inputs
into probabilistic risk assessments [7], [11], [21]. Finally, the
Act layer converts these assessments into actionable outputs
via push notifications and conversational agricultural advisory
bots.

A defining architectural contribution is the implementation of
structured bidirectional information flows. In contrast to
independent module deployments, modern integrated
frameworks enforce cross-module dependencies, such as:

• Crop-Fertilizer Linkage: Crop recommendation
outputs dynamically calibrate macronutrient
thresholds feeding into the fertilizer dosage logic [9].

• Context-Aware Advisory: Disease detection
confidence scores are injected into conversational
session contexts, enabling seamless follow-up
advisory interactions [10], [16].

• Adaptive Irrigation Adjustment: Soil moisture-
triggered alerts are dynamically modulated by NDVI
temporal trajectories to contextualize actual irrigation
requirements [19], [20].
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Fig. 3.1 Conceptual Sense-Analyze-Act architecture
synthesized from contemporary AI-driven smart
agriculture literature.

These cross-module dependencies collectively resolve the
operational fragmentation widespread in legacy agricultural
tools. By converting passive, independent algorithms into a
cohesive intelligent ecosystem, the SAA pipeline ensures that
each agronomic variable is fully contextualized before any
intervention is initiated. This fundamental paradigm shift
from conventional siloed AI models toward an interconnected,
farmer-centric decision-support framework is
comprehensively illustrated and contrasted in Table I below.

Table I: Paradigm Shift from Conventional AI to the
Proposed Sense-Analyze-Act Framework

System Conventional Proposed SAA

Characteristic Agricultural AI
Models

Framework (Agri-
Vision)

Architectural
Design

Isolated, single-
purpose standalone
modules.

Unified,
interconnected
operational
pipeline.

Data Modality Unimodal
(Processing either
images OR tabular
data).

Multimodal Fusion
(Simultaneously
processing images,
soil NPK data, and
external APIs).

Decision
Support

Passive (Requires
farmers to manually
consult dashboards).

Proactive
(Automated,
threshold-triggered
push notifications).

Farmer
Interaction

Rigid, rule-based
chatbots with fixed
query-response
patterns.

Context-aware,
adaptive GenAI
advisory powered
by LLMs with
RAG.

Cross-Module
Linkage

Absent (Disease
detection operates
independently from
fertilizer logic).

High (e.g., Crop
prediction
dynamically
calibrates fertilizer
dosage thresholds).

B. Technology Stack and Deployment Infrastructure

Contemporary smart farming platforms exhibit a strong
preference for Progressive Web Applications (PWAs) to
guarantee responsive, low-bandwidth accessibility suited to
rural farming populations [5]. Backend architectures
frequently adopt robust RESTful API layers to orchestrate
modular ML/DL inference pipelines. For efficient model
serving, modern deployments emphasize low-latency
inference protocols and effective in-memory caching
strategies to eliminate repeated per-request model
deserialization costs. Containerization and cloud orchestration
techniques are now standard practices for maintaining sub-
second response times under variable user load across
geographically diverse deployment regions [26], [27].

C. Data Acquisition and Multimodal Preprocessing

Effective preprocessing pipelines represent a critical
determinant of success in agricultural AI implementations:
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• Meteorological Integration: Robust systems employ
request-coalescing middleware to minimize
redundant API calls, with fallback mechanisms
utilizing climatological baseline values during API
outages [1], [6].

• Visual Data Preprocessing: Image standardization
workflows for CNN inference universally apply
resizing, channel-wise normalization, and training-
time augmentation operations including rotation and
color jitter to simulate varied field illumination
conditions [12], [15].

• Temporal Feature Engineering: Historical data
preparation for recurrent architectures typically
involves missing value imputation complemented by
engineered features such as lag variables and rolling
window statistics to capture underlying seasonality
patterns [18], [22].

D. Core Analytical Engines and Algorithm Performance

The following subsections describe the primary ML/DL
engines deployed within the SAA framework, and Table II
summarizes their benchmark performance across key
agricultural tasks.

• Crop Recommendation: Ensemble approaches,
particularly Random Forest [9], dominate this
application domain due to their ability to effectively
balance bias-variance tradeoffs and filter noise
originating from economical soil analysis equipment.
These models process N-P-K ratios, pH levels, and
climatic indicators to produce ranked posterior
probability distributions for informed decision-
making.

• Fertilizer Chemical Logic: Many robust systems
favor deterministic chemical reasoning frameworks
grounded in nationally recognized agronomic
standards rather than probabilistic ML approaches.
These frameworks calculate precise nutrient
deficiencies by computing the algebraic difference
between crop-specific nutritional requirements and
measured soil supply levels.

• Plant Disease Detection: Lightweight CNN
architectures such as MobileNetV2 [14] are widely
adopted for edge deployment scenarios. Transfer
learning is established practice, typically employing
a frozen pre-trained backbone followed by fine-
tuning of custom classification heads. Advanced
implementations incorporate Focal Loss for
managing class imbalances and Grad-CAM for
spatially interpretable visual diagnostics [16].

• Sequential Forecasting: Time-series prediction tasks
predominantly rely on stacked LSTM networks [21]
operating on multi-day sliding input windows.
Modern system designs are increasingly shifting
toward probabilistic forecasting approaches,
delivering calibrated prediction intervals to support
risk-informed marketing and planting decisions [20].

Table II: Comparative Model Performance and Accuracy
in Agricultural AI Applications

Model /
Algorithm

Application
Domain

Dataset Used Accur
acy /
Perfor
mance

Random Forest Crop
Recommendat
ion

Soil NPK +
Climate Data

99.1%

XGBoost Crop Yield
Prediction

Multi-region
Field Data

97.3%

MobileNetV2
(CNN)

Plant Disease
Detection

Plant Village
Dataset

96.8%

LSTM Crop Price
Forecasting

Commodity
Market Data

RMSE
: 0.043

CNN-LSTM
Hybrid

Soil Moisture
+ Yield
Prediction

IoT Sensor +
Satellite

95.2%

Light GBM Greenhouse
Env. Control

Melon Growth
Dataset

98.4%

RAG + LLM
(GPT-based)

Agronomic
Advisory

Extension
Documents

-

E. Geospatial, Notification, and Conversational
Infrastructure

Geospatial monitoring leverages cloud-hosted satellite
processing APIs that apply cloud masking and temporal
compositing algorithms to deliver actionable NDVI
choropleth maps . Proactive alerting systems transform
passive sensor data into active decision support by utilizing
cloud messaging platforms to deliver multi-tiered threshold-
triggered alerts for instance, critical crop wilting indicators
or significant market price downturns [29]. Simultaneously,
the integration of LLMs through RAG architectural patterns
[10] anchors conversational exchanges within verified
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agronomic fact sources, ensuring safe and substantively
informed farmer advisory interactions.

IV. Critical Research Gap Analysis

A. Domain Shift and Real-World Generalization

The most consequential limitation facing current agricultural
AI is the performance deterioration observed when models
trained on curated laboratory benchmarks encounter genuine
field conditions [13]. Complex visual backgrounds,
inconsistent illumination, and the subtle visual ambiguity
characteristic of early-stage crop diseases severely confound
image classifiers [11], [12]. Addressing this limitation
demands the systematic collection of geographically
representative field datasets complemented by domain
adaptation and transfer learning strategies [15].

B. Multimodal Sensor Fusion Architectures

Current systems largely treat individual sensing modalities as
entirely independent data channels [23]. A substantial
research opportunity exists in developing principled
multimodal fusion architectures that harmoniously integrate
hyperspectral reflectance signatures, soil electrochemical
readings, atmospheric telemetry, and RGB imagery within
consolidated deep learning frameworks capable of capturing
inter-modal dependencies [28].

C. Longitudinal Validation and Adaptive Model
Maintenance

Published evaluation methodologies heavily depend upon
static train-test data splits that offer no insight into
performance stability as climatic patterns and pathogen strains
continue to evolve [10]. Production-grade systems must
incorporate temporal distribution shift detection mechanisms
alongside continual learning algorithms capable of updating
model parameters without catastrophic forgetting of
previously acquired competencies.

D. Causal Reasoning and Mechanistic Model Integration

Contemporary ML approaches remain fundamentally
correlational in nature and struggle to reliably generalize to
novel soil-climate profiles lacking historical analogues [10].
Incorporating causal inference frameworks and mechanistic
crop growth simulation models as structural priors within
data-driven ML pipelines represents a critical pathway toward
achieving genuinely robust generalization across diverse agro-
ecological contexts [2], [3].

E. Equity, Representational Bias, and Ethical
Accountability

Model performance equity remains a pressing concern, given
that systems trained predominantly on data from commercial
temperate agricultural zones may systematically underperform
for farmers operating in tropical smallholder environments [9].
Furthermore, the legal liability for economic losses stemming
from erroneous algorithmic recommendations remains
ambiguous and unresolved. Participatory design
methodologies that actively incorporate smallholder farmer
workflows and contextual knowledge are foundational
prerequisites for establishing meaningful operational trust in
these systems [30].

V. Conclusion and Future Research Directions

In summary, this review establishes the pressing necessity to
move beyond fragmented, disconnected AI tools by
embracing an integrated Sense-Analyze-Act operational
framework [5], [6]. By enabling continuous cross-module
information exchange, this architecture elevates isolated
predictions into proactive, automated agronomic interventions.
Furthermore, the deliberate selection of computationally
lightweight algorithms including Random Forest for crop
suitability mapping [9] and MobileNetV2 for plant pathogen
identification [14] ensures that these advanced diagnostic
capabilities remain computationally viable for smallholder
farmers operating in low-bandwidth rural environments.

To advance this digital farming ecosystem in the face of
escalating climate variability, future research must prioritize
four strategic directions: (1) establishing Federated Learning
networks that enable secure, decentralized model training
while protecting proprietary farm data privacy [29], [30]; (2)
deploying autonomous UAV swarms to acquire high-
frequency, sub-meter multispectral field imagery at scale [26];
(3) advancing continuous in-situ electrochemical soil sensors
for real-time, closed-loop nutrient monitoring and
management [28]; and (4) engineering hyper-local climate
downscaling models capable of producing precise, farm-
specific meteorological forecasts tailored to individual grower
needs [1], [2].
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