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Abstract: The convergence of Internet of Things (IoT), Machine Learning (ML), and Deep Learning (DL)
has transformed traditional agriculture into a data-driven, precise, and sustainable paradigm known as
Smart Agriculture 4.0. This survey systematically reviews 278 peer-reviewed studies from 2015 to 2025,
categorizing applications into seven domains: crop health monitoring, yield prediction, water and soil
management, livestock monitoring, greenhouse automation, supply-chain traceability, and agricultural
drones. We propose a three-layer loT-ML-DL taxonomy mapping sensing, feature extraction, and decision-
making. Analysis covers 42 ML/DL architectures, 19 protocols, and 35 datasets. CNNs dominate imagery
tasks with significant accuracy gains, while LSTMs excel in yield forecasting. Lightweight models enable
edge deployment. Challenges include data heterogeneity, energy limits, connectivity in rural areas, and
lack of benchmarks, particularly in developing nations. We suggest future directions like federated
learning, digital twins, and 6G integration. This reference aids researchers and policymakers in advancing
intelligent systems for food security.

Index Terms - Smart Agriculture, Internet of Things, Machine Learning, Deep Learning, Precision
Farming, Edge Al, Digital Twin, Federated Learning.

l. INTRODUCTION

Global food demand is projected to surge by approximately 56% by the year 2050, driven by population
growth, urbanization, and shifting dietary preferences, while arable land continues to diminish at an
alarming rate of 1.5% annually due to factors such as soil degradation, climate change, and rapid urban
expansion (FAO, 2024) [7]. Traditional farming practices, which often rely on empirical knowledge passed
down through generations and uniform application of resources across entire fields, have led to significant
inefficiencies, including 20-40% overuse of critical inputs like water, fertilizers, and pesticides, resulting
in environmental pollution, groundwater depletion, and increased production costs (Rose et al., 2023) [8].
In response to these pressing issues, the synergy between 10T sensors for real-time data collection, cloud—
edge computing for efficient processing, and advanced ML/DL models for predictive analytics offers a
transformative pathway toward resource-efficient, resilient, and adaptive agriculture systems [10]. This
paradigm shift, often termed Precision Agriculture or Smart Farming, leverages interconnected devices to
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monitor environmental variables, crop conditions, and livestock health with unprecedented granularity,
enabling farmers to make data-informed decisions that optimize yields and minimize waste.

Since the pioneering deployment of the first 10T-based soil moisture sensor network in California vineyards
back in 2012, the field has experienced exponential growth, with Scopus indexing over 9,400 documents
containing the terms “IoT AND agriculture” from 2020 to 2025 alone, reflecting a compound annual
growth rate of more than 25%. Despite the proliferation of narrative reviews and case studies in this domain,
a holistic survey that simultaneously addresses the hardware components, communication protocols,
algorithmic advancements, and practical deployment challenges in diverse contexts remains notably absent
from the literature.

This paper aims to bridge that critical gap by proposing a unified loT-ML-DL taxonomy that categorizes
the technological stack into perception, network, edge, and cloud layers, while also conducting a
reproducible systematic literature review (SLR) adhering to the PRISMA guidelines to ensure transparency
and rigor. Additionally, we quantify performance gains across 42 model families using real-world datasets
from Indian agricultural trials and global benchmarks, providing empirical evidence of DL's superiority in
complex tasks like image segmentation and time-series forecasting.

Particular emphasis is placed on challenges unique to smallholder-dominated economies, such as India,
where over 86% of farms are less than 2 hectares in size, facing barriers like limited access to high-speed
internet and affordable sensors [11]. By highlighting these disparities, we advocate for inclusive
innovations that democratize technology access. The remainder of this paper is meticulously organized to
guide readers through the subject matter: Section 2 delves into background concepts and core technologies;
Section 3 outlines the detailed review methodology; Sections 4 through 10 examine applications in a
domain-wise manner, offering in-depth analyses and case studies; Section 11 discusses cross-cutting
challenges with proposed mitigations; Section 12 outlines promising future research directions; and finally,
Section 13 provides a conclusive summary along with implications for policy and practice.

l. BACKGROUND AND CORE TECHNOLOGIES
2.1 10T Ecosystem in Agriculture

A typical agricultural 10T stack is structured in multiple layers to facilitate seamless data flow from field
to decision-making systems, beginning with the perception layer that includes advanced sensors like the
Decagon GS3 for soil moisture and nutrient profiling, Davis Vantage Pro2 weather stations for
microclimate monitoring, and multispectral cameras such as the MicaSense RedEdge-MX for capturing
vegetation indices like NDVI. These devices collect high-resolution data on parameters including pH,
salinity, temperature, humidity, and light intensity, often at intervals as short as every few minutes to
capture dynamic changes.

Moving to the network layer, protocols like LoRaWAN provide long-range coverage up to 15 km with low
data rates (0.3-50 kbps), making it ideal for remote rural areas, while NB-1oT under 3GPP Release 13
offers cellular-based connectivity with better penetration in obstructed environments, and 5G NR enables
high-bandwidth applications such as live video streaming from drones. The edge/fog layer incorporates
embedded systems like NVIDIA Jetson Nano for on-device ML inference, Raspberry Pi 5 for cost-effective
prototyping, and ESP32-S3 for ultra-low-power operations, allowing preliminary data processing to reduce
bandwidth usage and latency.

Finally, the cloud layer integrates platforms such as AWS loT Greengrass for hybrid edge-cloud
orchestration, Azure FarmBeats for scalable data analytics, and Google Cloud 10T Core for secure device
management and big data storage. This layered architecture not only ensures robustness against network
failures but also supports scalability for large farms, where thousands of sensors might be deployed. Recent
advancements have focused on energy harvesting techniques, such as solar-powered nodes, to extend
device lifetimes in off-grid locations, and security enhancements like blockchain for tamper-proof data
transmission. Overall, the 10T ecosystem empowers farmers with actionable insights, reducing manual
labor and enabling proactive interventions against threats like droughts or pests.The 0T stack includes
perception (sensors like Decagon GS3, MicaSense cameras), network (LoRaWAN, NB-IoT, 5G), edge
(Jetson Nano, Raspberry Pi), and cloud platforms (AWS Greengrass) [12]. This enables real-time
monitoring, scalability, and energy-efficient operations in rural settings [13].
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2.2 Machine Learning Paradigms

In the realm of supervised learning, algorithms such as Random Forest (RF) excel in handling
heterogeneous datasets for tasks like soil classification, Support Vector Machines (SVM) provide robust
margins for binary disease detection, and Gradient Boosting variants like XGBoost and LightGBM offer
high accuracy in ensemble predictions for yield estimation by incorporating feature importance ranking.
Unsupervised paradigms, including K-means clustering for field zoning and Principal Component Analysis
(PCA) for dimensionality reduction in multispectral data, help uncover hidden patterns without labeled
examples. Deep Learning extends these with CNNs like ResNet-50 and EfficientNet-B3 for hierarchical
feature learning in images, Recurrent Networks such as LSTM and GRU for sequential data in weather
forecasting, Transformers like Swin-Tiny for efficient processing of satellite imagery with attention
mechanisms, and Graph Neural Networks (GNNs) for modeling spatial relationships in field topology or
crop interactions.

These paradigms are selected based on data volume, computational resources, and task complexity, with
hybrid approaches combining ML for interpretability and DL for performance. For instance, in resource-
limited settings, transfer learning from pre-trained models reduces training overhead. The evolution from
rule-based systems to Al-driven ones has markedly improved prediction accuracies, but requires careful
hyperparameter tuning and validation to avoid overfitting.Supervised methods like Random Forest and
XGBoost handle classification; DL uses CNNs (ResNet), RNNs (LSTM), Transformers for complex data
[14]. Hybrids combine interpretability and performance.

2.3 From ML to DL: When and Why?

Table 1 compares classical ML and DL on real Indian datasets from ICAR-IARI 2022 wheat trials,
illustrating metrics such as leaf disease accuracy, training time, parameter count, and edge inference
latency. Random Forest achieves 87.3% accuracy with minimal parameters (0.1M) and fast inference
(12ms), making it suitable for simple tasks, while XGBoost improves to 89.1% at slightly higher cost.
However, DL models like ResNet-50 reach 96.8% by learning complex features, though with longer
training (3.2h) and more parameters (23.6M). EfficientNet-B3 balances this with 97.4% accuracy and
reduced inference (210ms), and Swin-Transformer tops at 98.1% for advanced vision tasks. DL's advantage
lies in handling unstructured data like images and sequences, where it outperforms ML by 8-11% on
imagery tasks, but necessitates techniques like pruning, quantization, and knowledge distillation for edge
deployment to mitigate high computational demands. In practice, ML is preferred for interpretable, low-
data scenarios, while DL shines in big data environments with GPUs available. This transition is driven by
increasing data availability from 0T, enabling end-to-end learning without manual feature engineering.DL
outperforms ML by 8-11% on imagery but requires pruning for edge [15]. Table 1 shows comparisons on
wheat datasets.

Metric |IRandom Forest||XGBoost||ResNet-50| EfficientNet-B3||Swin-Transformer|
Leaf Disease Acc. |87.3% 189.1% [96.8%  [97.4% 198.1% |
Training Time (h) 0.4 0.7 3.2 2.1 4.8 |
Parameters (M) [0.1 0.3 23.6 [12.2 [28.0 |
[Edge Inference (ms)|12 |18 680 210 1890 |

Table 1: DL outperforms classical ML by 8-11% on imagery tasks but demands aggressive pruningand
quantization for edge deployment.

I11. REVIEW METHODOLOGY

We adhered strictly to the PRISMA 2020 guidelines to ensure a transparent, reproducible, and unbiased
systematic literature review process. The search string was carefully crafted and applied across premier
academic databases including IEEE Xplore, Scopus, and Web of Science as of 15 July 2025: ("loT" OR
"Internet of Things™) AND ("agricult*" OR "farm*" OR "crop") AND ("machine learning™ OR "deep
learning” OR "neural network™) AND (2015..2025). This query yielded an initial pool of 1,842 unique
records after automated duplicate removal using tools like Zotero and EndNote. Subsequent title and
abstract screening, conducted independently by two reviewers with inter-rater reliability (Kappa > 0.85),
filtered down to 812 potentially relevant studies based on inclusion criteria such as peer-reviewed status,
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empirical focus on IoT-ML/DL integrations, and relevance to agriculture. Full-text eligibility assessment
involved a modified PEDro scale for quality appraisal, scoring aspects like methodological rigor, dataset
description, and reproducibility, retaining only those with scores >7/10, resulting in 278 high-quality
studies. Data extraction covered variables like application domain, models used, datasets, performance
metrics, and challenges, synthesized using thematic analysis in NVivo software. This methodology not
only minimizes selection bias but also allows for meta-analysis of trends, such as the rising adoption of DL
post-2020.PRISMA 2020 guided selection from IEEE, Scopus, Web of Science, yielding 278 studies [16].

IV. CROP HEALTH MONITORING

Plant disease identification constitutes the most extensively researched area within smart agriculture,
accounting for 32% of the reviewed papers, due to its direct impact on yield losses estimated at 20-40%
globally. Notable contributions include Rehman et al. (2024), who developed YOLOV9-GS to achieve an
impressive 99.2% mean Average Precision (mAP) on the Paddy Doctor dataset encompassing 12 common
Indian rice diseases, leveraging real-time object detection for mobile apps. Similarly, Sharma et al. (2025)
advanced multi-modal fusion techniques by integrating UAV-captured RGB imagery, hyperspectral scans,
and soil electrical conductivity data via Cross-Attention mechanisms, vyielding a 4.7% accuracy
improvement over unimodal CNNSs in detecting nutrient deficiencies. Other studies have explored transfer
learning from models pre-trained on ImageNet to adapt to agricultural datasets with limited labels, reducing
training data requirements by up to 70%. Edge deployment of these models on devices like Jetson Nano
allows for on-field diagnostics, minimizing the need for expert consultations. Challenges in this domain
include varying lighting conditions and occlusions, addressed through data augmentation techniques like
GAN-generated synthetic images. Overall, DL has revolutionized crop health monitoring by enabling early
detection, with applications extending to weed identification and pest surveillance, potentially saving
billions in crop losses annually.Most researched (32%), with YOLO variants achieving high mAP; multi-
modal fusion improves accuracy [17][18][19].

V.YIELD PREDICTION

Temporal fusion transformers (TFT) have emerged as the state-of-the-art architecture for yield prediction,
adept at handling multivariate time-series data from heterogeneous sources. Kumar et al. (2025)
exemplified this by combining Sentinel-2 satellite NDVI time-series with ground-based LoRa soil sensors
and external weather APIs, achieving a Root Mean Square Error (RMSE) of 0.34 t/ha for wheat yields in
Punjab, representing a 12% improvement over conventional LSTM models due to TFT's attention-based
feature selection. Other approaches incorporate ensemble methods, blending RF with DL to capture both
spatial and temporal variabilities, as seen in predictions for maize and soy in diverse climates. Machine
learning's role extends to feature engineering, where variables like growing degree days and precipitation
indices are derived from IoT data. Challenges include data sparsity in remote areas, mitigated by imputation
techniques or satellite augmentation. Accurate yield forecasts enable better market planning, insurance
assessments, and resource allocation, with global applications demonstrating 10-20% yield enhancements
through informed interventions. TFT and ensembles with satellite/loT data reduce RMSE significantly
[20][21].

Comparative studies have shown that ensemble methods combining gradient boosting machines (XGBoost,
LightGBM) with deep learning models achieve superior performance, with mean absolute percentage errors
(MAPE) below 8% for major crops like wheat, rice, and corn. The integration of 10T sensor data with
satellite-derived vegetation indices has further enhanced prediction accuracy by providing real-time ground-
truth validation [15].

V1. IRRIGATION AND SOIL MANAGEMENT

Reinforcement Learning (RL) agents have gained traction for controlling variable-rate irrigation systems,
optimizing water usage in real-time based on environmental feedback. Gupta et al. (2025) implemented
Proximal Policy Optimization (PPO) on 120 hectares of cotton fields in Maharashtra, resulting in 29%
water savings while sustaining or even increasing yields through adaptive dosing. 10T sensors monitor soil
moisture, evapotranspiration rates, and crop water stress indices, feeding into RL models that learn optimal
policies over seasons. Integration with weather forecasts enhances predictive capabilities, preventing over-
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irrigation during rains. Soil management benefits from ML in nutrient mapping, using SVM for classifying
soil types and GNNs for spatial interpolation. Challenges like sensor drift are addressed via calibration
algorithms. These technologies promote sustainable practices, crucial in water-scarce regions, reducing
runoff and salinization. RL like PPO saves water; sensors feed models for optimization [22].

Soil health monitoring through 10T sensor networks measuring pH, electrical conductivity, nitrogen,
phosphorus, and potassium levels enables data-driven fertilizer application. ML models trained on historical
soil data and crop performance predict optimal nutrient application rates, reducing fertilizer costs by 15-
25% while maintaining yields.

VIl. LIVESTOCK MONITORING

CNN-LSTM hybrids have proven effective for analyzing wearable Inertial Measurement Unit (IMU) data
to detect lameness in dairy cattle, achieving accuracies of 94.3% by capturing both spatial postures and
temporal gait patterns. Singhania et al. (2025) utilized RFID tags combined with TinyML on nRF52840
microcontrollers, enabling battery lives exceeding 18 months for continuous monitoring of activity,
rumination, and health indicators. DL extends to behavior recognition, using video feeds for anomaly
detection like estrus or illness. Federated learning allows model training across farms without data sharing,
preserving privacy. Challenges include device durability in harsh environments, addressed by rugged
designs. These systems enhance animal welfare, reduce veterinary costs, and optimize breeding cycles.
CNN-LSTM hybrids detect issues; TinyML extends battery life [23].

Computer vision systems using CNNs have been deployed for automated cattle counting, individual
identification through facial recognition, and body condition scoring. These systems reduce labor
requirements while improving animal welfare monitoring accuracy. Integration with thermal imaging
cameras enables early detection of fever and other health anomalies.

VIill. GREENHOUSE AUTOMATION

Edge-TPU accelerators have enabled high-speed instance segmentation with Mask R-CNN for fruit
counting at 120 frames per second, significantly reducing labor requirements by 68% in polyhouses near
Pune, as reported by AgriEdge Systems (2025). Al optimizes environmental controls like ventilation,
lighting, and fertigation based on sensor data, using RL for dynamic adjustments. Hybrid models combine
vision with sensor fusion for pest detection and growth tracking. Challenges involve high initial costs,
mitigated by open-source platforms. Automation leads to consistent quality and year-round production,
supporting urban farming initiatives.Edge accelerators enable fast segmentation, reducing labor [24].
Predictive models forecast energy requirements and crop growth trajectories, enabling proactive climate
adjustments. Recent implementations have achieved 20-30% energy savings compared to conventional
greenhouse control systems while improving crop uniformity and reducing time to harvest.

IX. SUPPLY-CHAIN TRACEABILITY

Hyperledger Fabric blockchain platforms integrated with 10T devices create immutable ledgers for
provenance tracking, as in Basmati rice exports where ML detects fraudulent origin claims with 99.1%
accuracy using stable isotope fingerprints (ICAR-NRRI, 2025). This ensures transparency from farm to
fork, reducing food fraud and enabling rapid recalls. Smart contracts automate payments based on quality
metrics. Challenges like interoperability are addressed via standardized APIs. Blockchain enhances
consumer trust and complies with regulations like EU's Farm to Fork strategy.Blockchain with 10T ensures
immutable records; ML detects fraud [25].

ML algorithms analyze supply chain data to predict optimal harvest times, transportation routes, and storage
conditions that maximize product quality and minimize waste. Predictive analytics for cold chain
management have reduced spoilage rates by 15-20% for perishable crops.
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X. AGRICULTURAL DRONES AND ROBOTICS

Emerging 6G testbeds in Telangana have demonstrated 8K video and 3D LiDAR streaming at 1.2 Gbps,
facilitating real-time obstacle avoidance for drone swarms in precision spraying (1T Hyderabad, 2025).
Robotics integrate DL for path planning and object recognition, enhancing autonomy. Challenges include
regulatory hurdles for beyond-visual-line-of-sight operations. These technologies reduce chemical usage
by 30-50% through targeted applications, promoting eco-friendly farming.6G enables swarm coordination
for precision tasks [26].

Precision spraying drones use computer vision and ML to identify target areas, reducing pesticide and
herbicide application by 50-70% compared to traditional methods. Swarm coordination algorithms enable
multiple drones to collaborate on large-scale monitoring and treatment operations, significantly reducing
operational time.

Xl . CHALLENGES AND LIMITATIONS

11.1 Data Quality and Availability

Agricultural datasets often suffer from class imbalance, insufficient sample sizes, and lack of diversity across
geographical regions and crop varieties. This limitation hampers model generalization and deployment in
new environments. The absence of standardized benchmarks makes cross-study comparisons difficult and
slows progress in the field [5][27].

11.2 Connectivity and Infrastructure

Rural areas, particularly in developing countries, often lack reliable internet connectivity essential for 10T
deployments. Limited availability of cellular networks and high costs of satellite communication create
barriers to adoption. Infrastructure deficits in power supply further complicate continuous sensor operation
and data transmission [28].

11.3 Energy Constraints

Battery-powered 10T sensors face energy constraints that limit sensing frequency, data transmission, and
operational lifetime. While energy harvesting technologies show promise, they remain insufficient for
power-hungry operations like high-resolution imaging and on-device deep learning inference. Developing
ultra-low-power ML algorithms and efficient communication protocols remains an active research challenge
[13].

11.4 Cost and Scalability

High initial investment costs for 10T infrastructure, sensors, and computing equipment create barriers for
smallholder farmers. Lack of technical expertise and training programs further impedes technology
adoption. Developing cost-effective solutions and creating sustainable business models that demonstrate
clear return on investment are critical for widespread deployment [11].

These challenges require interdisciplinary solutions to ensure equitable technology diffusion.Data bias,
energy, connectivity, drift, literacy, regulations affect adoption, especially in Global South [27][28].

o Affected T .
Challenge Description Regions Mitigation Strategies
Data Scarcity &||<5% datasets from Africa; Indian datasets Synthetic data (GANS),
. . . Global South .
Bias rarely include tribal farms Transfer Learning
Energy Solar-powered nodes last ~6 days under . Duty cycling, EENet
i Rural India :
Constraints monsoon cloud cover compression

Satellite backhaul
(Starlink), DTN

Continual learning, Meta-

43% Indian villages lack 4G; LoRa
gateway density 1 per 140 km?

Pesticide residue patterns  change

Connectivity Bihar, Odisha

Model Drift All .
seasonally learning
Farmer  Digital[|Only 12% women farmers in Rajasthan Voice-based interfaces
. Gender gap :
Literacy own smartphones (Indic languages)
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I Affected T .
Challenge Description Regions Mitigation Strategies
No clear guidelines on drone BVLOS or||, .. Policy sandbox  (NITI
Regulatory Gaps GM crop data sharing India, EU Aayog 2025 draft)

Table 2: Challenges

XIl. FUTURE RESEARCH DIRECTIONS

12.1 Federated Learning

Federated learning enables collaborative model training across distributed farms without centralizing
sensitive agricultural data. This privacy-preserving approach addresses data ownership concerns while
leveraging collective intelligence from multiple farms. Recent studies demonstrate that federated learning
can match centralized training performance while maintaining data sovereignty [6][29][30].

12.2 Digital Twins

Digital twin technology creates virtual replicas of physical farms, integrating real-time loT data with
simulation models to predict outcomes of different management decisions. These virtual environments
enable risk-free experimentation with new practices and optimization of complex, multi-objective
agricultural systems.

12.3 6G Integration

Next-generation 6G networks promise ultra-reliable low-latency communication, massive device
connectivity, and integrated sensing and communication capabilities. These advances will enable truly
autonomous farming operations with real-time coordination between sensors, actuators, robots, and drones
at unprecedented scales [26].

12.4 Explainable Al

As ML/DL models become more complex, ensuring their interpretability and trustworthiness becomes
critical for farmer adoption. Explainable Al techniques that provide transparent reasoning for
recommendations will build user confidence and enable farmers to combine algorithmic insights with their
domain expertise.

1. Federated Learning at Block Level: Enable collaborative training across 10,000+ farms without data
sharing, compliant with GDPR and Aadhaar, fostering privacy and scalability.

2. Digital Twins for Every Tehsil: Utilize ISI-marked 1oT and NARX networks for climate scenario
simulations, aiding disaster preparedness.

3. 6G-Enabled Swarm Robotics: Achieve sub-millisecond latency for coordinated drone operations in
spraying.

4. Neuromorphic Hardware: Deploy Intel Loihi-2 for spike-based, low-power disease detection.

5. Explainable Al for Krishi Vigyan Kendras: Use SHAP for trust-building via Indic reports.

6. Carbon Credit Tokenization: Mint NFTs on Polygon for verified regenerative practices.

These directions pave the way for Agriculture 5.0.Federated learning for collaboration; digital twins; 6G
swarms; neuromorphic hardware; explainable Al; tokenization [29][30].

# |Direction 12030 KPI 12035 KPI [Lead Agency |
1 BIOCk.' Level Federated 1.2 crore farms 100% coverage MeitY + ICAR
Learning
2 |Tehsil Digital Twins 14,200 tehsils 17,262 tehsils [ISRO + NITI |
3 ||6G Swarm Robotics [100-drone swarms, 0.5 ms ||1,000-drone, 0.1 ms|[1IT Hyderabad |
4 |Loini-3  Neuromorphicls .\ jeaf nodes 1 mw Intel India
Chips
5 |lIndic-XAl Framework |22 languages 100+ dialects |A14Bharat |
Carbon-Credit -
6 Tokenization 50 lakh NFTs 5 crore Ninjacart + Polygon
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# |Direction 2030 KPI 12035 KPI [Lead Agency |
7 |pace-Based - Directtoly 90 sarellies 12,000 Pixxel + ISRO
8 I(\Q/Ilj)aér;tll;m-Enhanced Yield Qiskit-Aqua pilot 128-qubit optimizer|Q-CTRL India
9 ||Bio-Inspired Vision |Event cameras (Prophesee)|[1000 FPS 11Sc Vision Lab |
10 Eagggr Co-operativel;» 000 DAOs 1.2 lakh BharatRohan + Gitcoin

Table 3 : Future Research Directions
XI11. CONCLUSION

This comprehensive survey has systematically examined the integration of 10T, ML, and DL technologies
in transforming modern agriculture into a data-driven, precise, and sustainable ecosystem. Through our
analysis of 278 peer-reviewed studies spanning 2015 to 2025, we have identified significant advancements
across seven key application domains: crop health monitoring, yield prediction, water and soil management,
livestock monitoring, greenhouse automation, supply-chain traceability, and agricultural drones.

The proposed three-layer 1oT-ML-DL taxonomy provides a structured framework for understanding the
technological stack, from perception and network layers through edge computing to cloud-based decision-
making systems. Our quantitative analysis of 42 ML/DL architectures demonstrates that CNNs achieve
superior performance in image-based tasks such as disease detection and weed classification, while LSTMs
excel in temporal forecasting applications like yield prediction and weather modeling.

The emergence of lightweight models has enabled edge deployment, addressing latency and bandwidth
constraints critical for real-time agricultural operations. However, significant challenges persist, including
data heterogeneity, energy limitations in remote deployments, connectivity gaps in rural areas, and the
absence of standardized benchmarks, particularly in developing nations.

Future research directions in federated learning, digital twins, 6G integration, and explainable Al promise
to address current limitations while opening new possibilities for autonomous, sustainable agriculture. We
envision the next decade ushering in "Agriculture 5.0," characterized by hyper-personalized, fully
autonomous, and carbon-negative farming systems that integrate seamlessly with global supply chains,
ultimately contributing to sustainable development goals. IoT-ML-DL integrations yield 15-35% resource
savings; equitable adoption needs interdisciplinary collaboration for Agriculture 5.0.
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