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Abstract: This paper presents a comprehensive framework for deploying artificial intelligence at the edge
for precision agriculture, addressing critical challenges in water efficiency, crop health monitoring, and
real-time decision-making in resource-constrained farming environments. We consolidate three
integrated research contributions: (1) a terminal-edge—cloud reference architecture for smart farming
integrating sensor fusion, vision analytics, and adaptive irrigation control; (2) lightweight image
segmentation models combining MobileNetV3 encoders with modified U-Net decoders, achieving 85%
mloU while maintaining 12-15 FPS on Raspberry Pi and Jetson Nano devices; and (3) cloud—edge
collaborative semantic segmentation for crop disease detection on four horticultural crops (mango, sweet
orange, chilli, tomato) with Raspberry Pi deployment and performance diagnostics.

The proposed systems achieve water savings of 15—30% through edge-based irrigation control, reduce
pesticide applications by 31% through intelligent disease detection, improve crop yield by 10.3%, and
deploy at <USD 85 per node—6—-60x cheaper than commercial solutions. Edge Al enables continuous
operation with 97% uptime despite intermittent connectivity, powered by solar energy at 34 mW. Key
innovations include hybrid loss functions balancing pixel-level accuracy with computational efficiency,
knowledge distillation for model compression, INT8 quantization for resource-constrained inference, and
federated learning for privacy-preserving multi-farm collaboration.The work addresses critical gaps in
edge deployment, real-farm generalization, and practical cost-benefit analysis, bridging the divide
between advanced Al algorithms and sustainable, accessible agricultural practice.

Keywords: Edge Al, smart irrigation, lightweight segmentation, precision agriculture, LoRaWAN,
MobileNetV3, TensorFlow Lite, federated learning, crop disease detection, sustainable farming, Raspberry
Pi, water efficiency, resilient agriculture.

Introduction

Agriculture is undergoing a profound transformation, driven by the dual imperatives of resource efficiency
and climate resilience. The global population is projected to reach 9.7 billion by 2050 (FAO 2023),
demanding a 70% increase in food production to ensure food security[1]. Concurrently, water scarcity,
erratic weather patterns, rising input costs, and land degradation have rendered traditional farming
practices increasingly unsustainable. Water represents a critical bottleneck: agriculture consumes 69% of
global freshwater withdrawals, yet over 60% is wasted through inefficient irrigation. In parallel, crop
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diseases and pests cause 20—40% annual yield losses, while excessive pesticide use drives environmental
contamination and public health concerns.

Smart Farming powered by Edge Artificial Intelligence offers a disruptive solution—bringing intelligence
closer to the field[2], enabling real-time decision-making, and reducing reliance on centralized cloud
infrastructure. Unlike conventional loT systems that depend on constant cloud connectivity, Edge Al
integrates sensing, computation, and analytics at the farm level, ensuring ultra-low latency[3]
(milliseconds vs. seconds), resilience against network disruptions, offline operation capability, and
optimized resource utilization.

Related work

2.1 Smart Farming and Edge Al: Trends and Rationale

Edge Al shifts analytics from centralized clouds to on-farm devices, reducing latency, bandwidth
dependence, and vulnerability to connectivity outages[4]—capabilities increasingly viewed as essential
for sustainable agriculture at scale. A 2024 perspective in Nature Sustainability outlines a roadmap for
leveraging edge intelligence to address resource constraints (land, water, energy) and resilience needs,
arguing for investment in efficient edge solutions, skills, and infrastructure. Industry analyses similarly
position Edge Al as central to precision resource management and real-time crop/livestock monitoring.
2.2 Evapotranspiration Modelling and Irrigation Scheduling

Evapotranspiration (ET) modelling remains foundational for irrigation scheduling; FAO-56 Penman-—
Monteith is the standardized method for reference ET (ETo), widely adopted in practice. Extensions
demonstrate ETo estimation with limited meteorological data, but caution that missing solar radiation or
humidity can introduce 24—-30% errors[5], underscoring the value of local sensing. Edge-centric controllers
now combine soil moisture sensing, local weather feeds, and predictive models (e.g., LSTM, hybrid
XGBoost+K-means) to actuate controlled deficit irrigation (CDI) with low latency and robust operation
under poor connectivity[6]. Empirical studies report water savings of 15-30% from Al-driven scheduling.
2.3 Lightweight Image Segmentation for Agriculture

Image-based diagnostics using CNNs and real-time detectors are dominant. Lightweight models like
MobileNetV3-Small reach ~99.5% accuracy on PlantVillage, and can be quantized and exported (e.g.,
ONNX) for cross-platform deployment[7]. Modern YOLO variants (v4-v8) demonstrate near-real-time
detection with high precision/recall in controlled datasets. However, common limitations include large
model sizes, lack of pruning and quantization strategies, and absence of validation on low-cost, low-power
edge hardware under region-specific farm conditions[8].

2.4 Communications and Edge Hardware Stack

Low-Power Wide-Area Networks like LoRa/LoRaWAN provide long-range links with low energy footprints;
recent prototypes show stable data transmission to ~4 km and practical trade-offs between data rate,
SNR/RSSI, and latency[9]. Surveys consistently position LoRaWAN as a robust choice for precision
irrigation and distributed sensing in rural settings. Post-training quantization and format portability (e.g.,
ONNX) enable accurate, resource-efficient inference on commodity edge devices (Jetson/RPi/MCUs).
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PROPOSED FRAMEWORK: TERMINAL-EDGE-CLOUD REFERENCE ARCHITECTURE

3.1 System Design Goals and Assumptions

Our methodology targets water-efficient and resilient agriculture by pushing intelligence to the edge so
that decisions (irrigation control, crop-health alerts, pesticide recommendations) remain available even

with intermittent connectivity[10]. The design is guided by:

(i) Ultra-low-latency inference and actuation: decisions must be made within milliseconds to seconds, not
minutes.

(ii) Energy-aware operation on battery/solar nodes: target <50 mW continuous operation or <1 W peak.
(iii) Privacy-preserving collaboration: federated learning allows multiple farms to improve models without
sharing raw data.

(iv) Cost-effective hardware: target hardware cost <USD 100 per farm node, accessible to smallholder
farmers.

3.2 Overall System Architecture and Data Flow
The proposed system follows a perception—edge—actuation pattern designed for low-latency, resilient

operation on farms:

Perception Layer: Distributed soil probes (volumetric water content, soil temperature, electrical
conductivity), a compact weather station (solar/net radiation, air temperature, relative humidity, wind
speed), and imaging devices (fixed RGB/NIR cameras or UAV payloads) capture variables required for
water balance and crop-health analytics.

Edge Device Layer: An ARM SBC or MCU-class board (e.g., Raspberry Pi 5, Jetson Nano) time-stamps,
quality-checks, and fuses incoming signals. Two Al services run in parallel:

¢ |Irrigation Service: Computes reference evapotranspiration (ETo) via FAO-56 Penman—Monteith,

derives crop ET (ETc) via stage-specific coefficients, blends with short-horizon soil-moisture forecasts
(LSTM/XGBoost), and issues set-points to solenoid valves or pump relays.

¢ Crop-Health Service: Performs real-time image analysis using quantized MobileNetV3/YOLO models to
detect disease symptoms or stress, couples detections with an IPM rules engine, and recommends non-
chemical actions or targeted pesticide types/doses only when economic thresholds are exceeded[11].
Connectivity: LoRa/LoRaWAN provides long-range, low-power telemetry across plots, with an MQTT
bridge to a fog/cloud gateway when backhaul is available. The edge node remains autonomous if the
network is down, buffering telemetry and continuing local control[12].
Cloud Components (Optional): Handle ModelOps (training, experiment tracking, OTA updates) and
Federated Learning coordination so multiple farms can collaboratively improve models without sharing
raw images or sensor streams[12], [13]. Predictions are accompanied by explainability overlays (Grad-
CAM/LIME) to aid agronomists in validating decisions.
3.3 Irrigation Decision Engine at the Edge
3.3.1 ETo Computation (FAO-56 Penman—Monteith)
Reference evapotranspiration (ETo) is computed per FAO-56 at the edge using on-farm meteorology. The
standardized equation is:

ETo = [0.408-A(Rn - G) + y+(900/(T+273))-uz:(es — ea)] / [A + y(1 + 0.34-u,)]

where Rn is net radiation (MJ-m~2-day™), G soil heat flux, T air temperature (°C), u; wind speed (m-s™), e,
— e, vapor pressure deficit, A slope of saturation vapor pressure curve, and y psychrometric constant. This
method is the international standard for ETo.
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3.3.2 Crop ET and Soil-Water Balance
Crop evapotranspiration is estimated as ETc = Kc - ETo, where crop coefficient Kc varies by growth stage
(seedling, mid-season, late). The root-zone water balance updates soil moisture 6 daily (or hourly):
Ot41 = O + [Peff,t + It - ETc,t — Dt] / Zr

where Peff is effective rainfall, | irrigation depth, D deep percolation, and Zr root-zone depth. The
controller schedules irrigation when 8 falls below a readily available water threshold; for Controlled Deficit
Irrigation (CDI), | is further reduced by a crop-stage-dependent factor.
3.3.3 Predictive Soil-Moisture and Scheduling Models
We complement physics with a hybrid ML model. Input: {6:-x:t-1, P, ETo, T, RH, u,, Rn}. Model: LSTM or
gradient-boosted trees (XGBoost) to forecast B:.1. Decision: compute minimal | such that 8.1 = 6min while
respecting CDI/VRI constraints. Hybrid edge models have reduced latency and compute compared to
cloud-only designs and can integrate rainfall forecasts.
3.4 Crop-Health Monitoring and Disease Detection at the Edge
3.4.1 Two-Tier Model Strategy
¢ Tier-1: MobileNetV3-Small (quantized) for on-device classification of diseases/stress on leaf images.
Post-training quantization reduces parameters with negligible accuracy loss (~¥99.5% on PlantVillage).
Exports use ONNX for cross-platform compatibility.
¢ Tier-2: YOLO-family detector (YOLOv4/v8 or lightweight variants) for real-time lesion/patch detection
and localization under field conditions; recent studies demonstrate high precision/recall and real-time
throughput on modest edge GPUs.
3.4.2 Training Strategy and Generalization
Given known dataset biases (e.g., background—label correlations in PlantVillage), our training incorporates
domain randomization, field augmentations, and in-situ images to improve generalization. The supervised
objective for classification is:

min_8 £(6) = —(1/N) - Zix" Z_c°yi¢ - log p_8(c | xi)
3.4.3 TinyML and UAV Pipeline
For wide-area scouting, we deploy TinyML on MCU-class boards (ESP32/Arduino BLE 33 Sense) for low-
power inference and use UAVs with energy-aware path planning. Recent work reports ~90% detection
with efficient coverage[14]. To build farmer trust and support extension officers, predictions are
accompanied by XAl: Grad-CAM/LIME saliency on leaves, and ACE concept discovery to expose spurious
cues.
3.5 Integrated Pest Management and Pesticide Recommendation
We integrate disease detection with an IPM rules engine that translates detections and pest pressure

indices into actionable recommendations[15]:

Thresholding: If detected disease/pest prevalence m exceeds crop-stage-specific Economic Injury Level
(EIL), proceed to treatment; otherwise recommend non-chemical measures (scouting, pruning,
biocontrol).

Product & Dose Selection: A constrained optimization chooses a pesticide and dose that maximizes
efficacy while minimizing environmental risk:

max_d€D Eff(d; s, c) — A-Risk(d; e)
s.t. dmin(c) < d < dmax(c), PHI/REI satisfied
where s is species/pathogen, c crop/stage, e environment (wind, temperature, proximity to water), and A
balances efficacy vs. risk.
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Spatial Targeting: If detector localizes lesions/patches, the engine triggers spot spraying or variable-dose
bands; UAV-based studies support feasibility of targeted application. Prototype systems have
demonstrated end-to-end CNN->recommendation workflows, but dosage/timing must be validated
locally under agronomic regulation and IPM guidance[16].

3.6 Lightweight Image Segmentation Models

A lightweight segmentation pipeline based on a compact CNN with MobileNetV3-style modules balances
accuracy and latency on embedded hardware[17]. The network follows an encoder—decoder topology

with task-aware channels (e.g., vegetation indices) concatenated at the input. Key design choices:

¢ Encoder: MobileNetV3-Small with depthwise separable convolutions, Squeeze-and-Excitation blocks.

¢ Modified Lite-ASPP Decoder: Replaces standard 3x3 dilated convolutions with depth-wise separable
equivalents across 5 branches (dilation rates {1, 6, 12}, 1x1 pointwise, global average pooling).

¢ Skip Connections: U-Net-style progressive upsampling with feature concatenation from encoder stages.
e OQutput: 4x upsampling - 1x1 head -> softmax over semantic classes (typically 9 for
crop/weed/soil/disease).

3.7 Privacy-Preserving Federated Learning

To improve models across heterogeneous farms without sharing raw images or sensor streams, we
employ Federated Averaging (FedAvg):

B(t+1) = Skt (nic / Zj ) - Bi(t+1)

Bk(t+1) < O(t) — n - V_06 L(O(t))
where k indexes farms/clients, ny is local sample size, and n the learning rate. Reviews and experiments
in agriculture report high accuracy (297%) with ~75% response-time reduction compared to cloud-only
analytics; federated RL variants can also reduce loT/UAV energy. We adopt personalized FL and
compressed updates (quantization/sparsification) to handle non-IID data and bandwidth constraints.

MODEL ARCHITECTURES AND COMPRESSION
4.1 MobileNetV3-Based Lightweight Segmentation
Our lightweight segmentation framework combines MobileNetV3-Small encoder with a modified U-Net
decoder. The encoder operates on 256x256 RGB inputs, progressively reducing spatial dimensions while
extracting multi-scale features. Skip connections from encoder stages feed into a U-Net-style decoder that
progressively upsamples and refines features[18]. The Lite-ASPP module at the bottleneck fuses multi-
scale context with depthwise separable convolutions, achieving an ~8x parameter reduction compared to
standard atrous spatial pyramid pooling.
Model Complexity: 1.8 M parameters, 0.9 GFLOPs, 6.4x smaller and 7.2x fewer FLOPs than DeeplLabV3+
(58.4 M params, 378.8 GFLOPs).
4.2 Knowledge Distillation and Pruning
Knowledge Distillation: We employ a teacher—student paradigm where a large, accurate teacher
(DeeplLabV3+-ResNet101: 58.4 M params, 86.2% mloU) guides training of the lightweight student
(LiteSegNet: 1.8 M params)[19]. The loss combines task loss and KL divergence between teacher and
student logits:

L total=a - L task(6_s) + (1-a) - T2 - KL(p_T(x) || p_S(x))
where a = 0.7, T = 4 (temperature), p_T and p_S are teacher/student softmax outputs. Intermediate
feature distillation at the ASPP level provides additional supervision. Net gain: +2.1 percentage points
mloU with no model size increase[20].
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Structured Pruning: We apply L1-norm magnitude pruning to remove the lowest-importance 20% of
channels per layer. Fine-tuning for 20 epochs at 0.1x learning rate recovers accuracy. Final model size: 1.5
M params (down from 1.8 M with <0.5 pp mloU loss)[21].

4.3 INT8 Quantization Pipeline

Post-training quantization (PTQ) converts FP32 weights and activations to INT8, reducing model size and
memory footprint by ~4x. We use TensorFlow Lite for quantization, calibrating on 1,000 representative
images from the CropSeg-2024 dataset. The calibration process determines optimal quantization scale
and zero-point per tensor to minimize information loss.

Results: 1.73 MB model file (from 6.9 MB FP32), 34.1 FPS on Raspberry Pi 5 (vs. 28.3 FPS FP32), mloU
78.9% (vs. 79.6% FP32, <0.7 pp loss). Power consumption: 34 mW on RPi5 INT8 (vs. 340 mW FP32)—a 10x
reduction. This enables continuous operation on solar-powered edge nodes.

EXPERIMENTAL RESULTS

5.1 Dataset: CropSeg-2024

CropSeg-2024 is a large-scale agricultural image segmentation benchmark collected across 47 farms in
five Indian agro-climatic zones over 18 months (Kharif 2022-23 and Rabi 2023-24 seasons). Imagery was
captured using DJI Mavic 3 Multispectral UAVs (10 m altitude, ~0.5 cm/px ground sample distance) and
fixed-pole 5 MP Sony IMX335 cameras. The dataset comprises 42,000 images (1024x768 px) with pixel-
level semantic annotations for 9 classes: Bare Soil (18.4%), Healthy Crop (28.7%), Diseased Crop (7.2%),
Weed (9.1%), Water Stress (6.8%), Pest Damage (4.3%), Irrigation Channel (8.9%), Pathway/Bund (11.2%),
Sky/Background (5.4%).

Annotation Quality: 12 trained agricultural scientists performed CVAT annotations. Quality assurance
involved 3x annotator consensus on difficult samples and senior agronomy QA review. Inter-annotator
agreement (Cohen k) = 94.2%. Standard train/validation/test split: 70% / 15% / 15%, stratified by crop
type, season, and geographic zone. Augmentation: RandomFlip, Colorlitter (+0.2), RandomRotation
(£15°), Mosaic (p=0.5), CutMix (a=0.4, p=0.3).

5.2 Benchmark Comparisons

We evaluate LiteSegNet against nine baseline models on CropSeg-2024 test set (6,300 images):

Model Params (M) | FLOPs (G) | mloU CropSeg | mloU Agri-V | FPS RPi5 | Power (mW)
FCN-8s 1345 313.1 61.3% 52.4% 0.6 3,200
U-Net 31.0 54.6 68.7% 61.2% 2.1 2,800
DeeplLabV3+ 58.4 378.8 86.2% 83.1% 0.4 4,100
ENet 0.36 3.8 67.2% 59.3% 14.7 180
BiSeNetV2 34 21.2 73.8% 67.4% 18.2 390
ICNet 6.7 28.3 72.6% 65.8% 11.4 560
MobV3-FCN 1.5 2.1 71.3% 64.2% 21.6 260
LiteSegNet 1.8 0.9 79.6% 76.3% 28.3 340
LiteSegNet INT8 | 1.8* 0.9 78.9% 75.7% 34.1 34%
Key Findings:

¢ LiteSegNet (FP32) achieves 79.6% mloU, outperforming all lightweight baselines (BiSeNetV2: 73.8%,
ICNet: 72.6%, ENet: 67.2%) by >5.8 percentage points.

SGS Initiative, VOL.1 NO.6 (2026): LGPR



* On Agriculture-Vision benchmark: LiteSegNet 76.3%, BiSeNetV2 67.4%, demonstrating generalization
across datasets.

e Edge inference: 28.3 FPS @ 340 mW (FP32) on RPi5; 34.1 FPS @ 34 mW (INT8). Enables continuous
monitoring with solar power.

¢ Model compression: 1.8 M = 1.73 MB (6.9 = 0.4 MiB), enabling deployment on embedded systems.

5.3 Horticultural Crop Validation

We evaluated the segmentation framework on four horticultural crops (mango, sweet orange, chilli,
tomato) using leaf imagery to support disease stage classification. Images were resized to 224x224 pixels
and denoised using median filtering. The model outputs confidence values per pixel, enabling threshold
tuning for precision—recall trade-offs.

Precision—Recall Analysis: F1-Confidence curve shows peak F1 at mid-range threshold, balancing false
positives and false negatives. Precision—Confidence increases monotonically as threshold rises (higher
specificity). Recall-Confidence decreases with threshold (trade-off with recall). Default operating point
selected at F1 peak.

5.4 Field Trial Results

A 6-month field trial (Kharif 2024) was conducted across 14 farms in Maharashtra, each equipped with
LiteSegNet edge nodes. A matched cohort of 14 control farms followed conventional practices. All
measurements were statistically significant (paired t-tests, p < 0.05).

Metric LiteSegNet Farms | Control Farms | Improvement
Pesticide applications/season 3.1£0.6 4510.8 -31%
Irrigation water use (mm/season) | 387 + 22 497 +31 -22%

Crop yield (quintal/ha) 246+2.1 22.3+1.9 +10.3%
Disease detection (days earlier) 83+1.2 — Critical
System uptime (%) 97.2+t1.1 — Excellent
Farmer satisfaction (1-10) 8.3+0.7 6.1+1.2 +36%

Est. annual savings (INR/ha) ~12,400 0 (baseline) Significant

Summary of Agronomic Impact:

e Pesticide Reduction: 3.1+0.6 applications/season (LiteSegNet) vs. 4.5+0.8 (control) - 31% reduction,
lowering input cost and environmental burden.

e |rrigation Savings: 387+22 mm/season (LiteSegNet) vs. 497131 (control) - 22% reduction in water use,
critical in water-stressed regions.

¢ Yield Improvement: 24.6+2.1 quintal/ha (LiteSegNet) vs. 22.3+1.9 (control) > +10.3% vyield, translating
to ~USD 350-500/ha additional income.

¢ Disease Detection: 8.3+1.2 days earlier detection of crop diseases, enabling timely intervention and
preventing 20-40% losses.

¢ System Reliability: 97.2+1.1% uptime despite intermittent connectivity; only 2—3 farmer complaints over
180 days.

¢ Farmer Satisfaction: 8.3+0.7 out of 10 vs. 6.111.2 (control) = +36% improvement; 92% of farmers willing
to continue subscription.

¢ Cost-Benefit: Estimated annual savings ~INR 12,400/ha (~USD 150); hardware ROl in 8—12 months.

DISCUSSION
This work consolidates a comprehensive Edge Al framework for precision agriculture, grounded in three
research pillars: (1) a terminal-edge—cloud architecture for water-efficient, resilient farming; (2)
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lightweight image segmentation models achieving state-of-the-art accuracy—efficiency trade-offs; and (3)
field-validated results demonstrating real-world agronomic and economic impact.

6.1 Accuracy—Efficiency Trade-off

LiteSegNet achieves 79.6% mloU on CropSeg-2024, narrowing the gap with full-scale models
(DeeplabV3+: 86.2%) while running at 1000x lower energy (34 mW vs. 4.1 W on RPi5). This is enabled by
a principled combination of: (i) depthwise separable convolutions reducing parameters, (ii) knowledge
distillation transferring teacher knowledge, (iii) pruning removing redundant channels, and (iv) INT8
gquantization minimizing precision.

The 5.8 pp improvement over prior lightweight baselines (BiSeNetV2, ICNet) reflects careful architectural
design (Lite-ASPP module) and training regularization (hybrid loss, domain augmentation). However, gap
to full-scale models persists due to inherent capacity constraints—trade-offs acceptable for edge
deployment.

6.2 Generalization and Dataset Bias

A persistent challenge in agricultural computer vision is dataset bias—maodels trained on PlantVillage or
other controlled benchmarks often fail in field conditions due to lighting variation, leaf occlusion, complex

backgrounds, and multispectral signatures. CropSeg-2024 addresses this by:

¢ Collecting images across 5 agro-climatic zones with diverse environmental conditions.

¢ Including multiple crop types (wheat, rice, cotton, soybean, vegetables) to avoid crop-specific
overfitting.

¢ Augmenting training data with domain-randomized variations (lighting, contrast, rotation, mosaic).

¢ Using explainability tools (Grad-CAM) to identify spurious features and mitigate bias.

Generalization to unseen crops (mango, orange, chilli, tomato) demonstrates applicability beyond the

training set, though further validation across geographic regions and seasons is warranted.
6.3 Field-Validated Impact and Farmer Adoption
The 6-month field trial across 14 farms is a key strength, bridging the typical research-practice gap in

agricultural Al. Results demonstrate:

» Tangible agronomic outcomes (31% pesticide reduction, 22% water savings, 10.3% yield increase) align
with SDG targets for Zero Hunger (SDG 2) and Climate Action (SDG 13).

¢ Economic viability: INR 12,400/ha savings vs. USD 85 hardware cost yields 8—12 month ROI, accessible
to smallholder farmers.

* Farmer acceptance (8.3/10 satisfaction, 92% retention) suggests readiness for scale-up, contingent on
support infrastructure.

Barriers to adoption include lack of digital literacy, poor network coverage in remote areas (mitigated by
edge autonomy), and trust in model recommendations—addressed through XAl overlays and extension
worker training.

6.4 Energy and Connectivity Resilience

Edge deployment of LiteSegNet enables continuous operation in resource-constrained settings. The 34
mW power draw (INT8) allows 30+ hours of operation on a 10,000 mAh battery and supports solar-
powered installations without battery backup. LoRaWAN connectivity provides ~4 km range at low power;
even with intermittent connectivity, edge autonomy ensures local irrigation/disease-alert decisions.
Federated learning enables farms to collaboratively improve models over time without sharing raw data—
addressing privacy concerns in regulated agricultural contexts.

6.5 Limitations and Future Directions

Limitations of this work include: (i) CropSeg-2024 is primarily Indian agro-climatic context; validation
across regions/hemispheres needed; (ii) horticultural crop evaluation limited to 4 species; (iii)
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multispectral sensing not integrated into main pipeline; (iv) pesticide recommendation engine requires
agronomic domain expertise and local regulatory alighment; (v) long-term wear and tear of edge
hardware not assessed.

CONCLUSION AND FUTURE WORK

This paper has presented a holistic framework for deploying Edge Al to enable sustainable, water-efficient,
and resilient agriculture. By consolidating three research strands—terminal-edge—cloud architecture,
lightweight image segmentation, and field-validated crop health monitoring—we demonstrate that high-
accuracy Al can be embedded in affordable, energy-efficient devices deployed at the farm level.
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