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Abstract

This study presents a system architecture, algorithm, and evaluation protocol for smart agriculture and environmental monitoring.
It is a method/architecture contribution and does not report field trial results. World food production is still under stress from
climate variability, the availability of freshwater resources, and the cost of farm inputs, offering an incentive to transition to data-
driven and sensor-based farm management practices. Internet of Things (loT)-based agricultural monitoring is well developed,
but most systems deployed focus on a single parameter (e.g., soil moisture) or the parameter is inferred solely in the cloud,
adding latency and fragility to the deployment of systems in rural areas. In this study, we propose an integrated architecture for
low-power multiparameter environmental sensing, LoRaWAN/NB-I0oT connectivity, edge-based lightweight inference, and
privacy-preserving federated learning with cross-farm model aggregation, which is further complemented by a digital twin layer
for scenario simulation. The decision layer of the framework can combine data from ground sensors with UAV and satellite
images for the multi-scale monitoring of crop health and environmental quality (air, water, and GHG proxies). We contribute
the full system design, an algorithmic pipeline, a sensor and model configuration specification, and a pre-registered evaluation
protocol intended to guide future field deployment; no field data have yet been collected and clearly labelled non-empirical
templates showing the expected reporting format only, rather than measured outcomes. The architecture and protocol are instead
grounded in, and cross-checked against, published state-of-the-art results, which report an accuracy range of 82-97% for
federated crop-yield prediction and 20—-30% water savings from sensor-controlled irrigation.
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1. Introduction

By mid-century, the world population is projected to reach  efficiency is a key factor in driving sustainable water use in ag-
10 billion, which will further increase the demand for food and, riculture, as it accounts for approximately 70% of global fresh-
consequently, water, soil, and energy resources [17]. Irrigation

“Correspondence: Mohammad Ali (emalicccbdd@gmail.com)

Received: 6 September 2026; Accepted: 21 September 2026; Published: 9 October 2026

@ Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed
@ under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited.



http://www.sciencepg.com/journal/ajese
http://www.sciencepg.com/journal/529/archive/5291004
http://www.sciencepg.com/
https://orcid.org/0009-0004-2311-1210
https://orcid.org/0009-0009-3725-8535
http://www.sciencepg.com

American Journal of Environmental Science and Engineering

http://www.sciencepg.com/journal/ajese

water withdrawals [27]. Meanwhile, the global 10T in the agri-
cultural market is expected to expand significantly in the com-
ing decade, driven by the rapid progress of commercial and re-
search activities in this sector [27].

There has been considerable recent research on how water-
inefficient irrigation systems can be automated using low-cost
capacitive and/or resistive soil-moisture sensors, combined
with LoRaWAN or NB-10T connectivity, thus preventing wa-
ter waste [4, 8, 9]. Complementary studies have been per-
formed to enable the monitoring of the environment and plant
health, in addition to irrigation control, by combining temper-
ature, humidity, soil-nutrient (NPK), and gas sensors with ma-
chine-learning classifiers [1-3]. However, three limitations
have been reported in the literature. First, most are single-farm
cloud-based pipelines that have latency and connectivity prob-
lems in remote areas [7]. Second, although remote-sensing
data from satellites, UAVSs, and ground-level platforms have
been shown to have benefits when combined in the context of
improving the accuracy of the vegetation index when com-
pared to data from single platforms, few architectures com-
bine all three platforms for multi-scale validation. Third, col-
laborative learning across farms is vital for making models
generalizable to different soil conditions and climates, but is
not supported by centralized ML due to data privacy concerns,
making Federated Learning (FL) a growing popular paradigm
in the crop-yield-prediction literature [10-12].

1.1. Problem Statement

Although significant strides are being made in each of the
individual subareas (sensing, connectivity, edge Al, federated
learning, digital twins, and remote-serving fusion), no vali-
dated architecture has been developed that brings together all
six layers to form a single field-deployable and privacy-pre-
serving pipeline for combined agriculture and environmental
monitoring. This disparity hampers the scalability of small-
holder networks, which constitute the largest proportion of
farms worldwide, particularly those with insufficient connec-
tivity and computing power.

1.2. Research Questions

RQ1: Can a reduction in inference latency and bandwidth
be achieved compared with cloud-only baselines with a lay-
ered edge-cloud architecture, and can a comparable accuracy
of the predictions be achieved to centralized architectures?

RQ?2: Is there any loss of accuracy in the federated training
compared to the centralized training, and does it maintain
most of the accuracy as reported recently in the agricultural
context (82-97%) without sharing raw data across multiple
simulated farm nodes?

RQ3: Is there a benefit in integrating ground-sensor-based
data with data derived from UAVs and/or satellite-derived
vegetation indices for detecting water and/or nutrient stress at
an early stage compared with collecting data from ground sen-
sors alone?

1.3. Contributions

1) Multi-parameter environmental sensing technology for
LoRaWAN/NB-I0T, namely, a five-layer reference ar-
chitecture connecting the perception, network, edge,
cloud/fog, and application layers.

2) Compressed LSTM network: A lightweight edge-de-
ployable sequence model that can be used for on-node
inference.

3) Softwarized LSTM network: a lightweight, edge-de-
ployable sequence model for on-node inference, com-
bined with a federated averaging protocol for privacy-
preserving cross-farm learning.

4) Digital twin simulation layer that consumes fused
UAV/satellite and ground sensor data to aid predictive
what-if scenario analysis.

5) A well-documented, repeatable assessment process
(metrics, baselines, and splits) and a special illustrative
template of results to be filled with actual field data.
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Figure. 1. Layered system architecture: perception — network — edge — cloud/fog — application.
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2. Related Works

2.1. 10T Sensing and Low-Power Connectivity

The most developed part of the agricultural Internet of
Things is soil-moisture sensing. Ebstu et al. [8] designed and
validated a low-cost soil moisture (ASM) sensor with Lo-
RaWAN gateways compared to a premium sensor (PSM) in
two seasons of wheat cultivation and obtained similar accu-
racy at a much lower cost. Likewise, when estimating soil-
moisture storage at shallow depths (down to 2 m) using shal-
low LoRa sensor data, a BISWAS-based WSN obtained a co-
efficient of determination of more than 0.94. In the connectiv-
ity layer, Kombo et al. [4] presented a LoRa-GSM node for
groundwater monitoring that was powered from energy har-
vesting for unattended operation in rural areas, and Ali et al.
[5] illustrated that low-cost LORaWAN air-quality sensors can
be calibrated by machine learning and can achieve reference-
instrument accuracy, while environmental monitoring nodes
using LoRaWAN have been shown in the adjacent municipal-
sensing applications, with similar duty-cycle and range con-
straints [6]. A distributed irrigation system based on 2025
LoRa/edge-computing further embedded decision-making at
the gateway level, bypassing the necessity of relying on cloud-
based analytics to solve latency issues alluded to throughout
this literature [7].

2.2. Machine Learning and Edge Al for
Agricultural Decision Support

Machine learning has evolved from a mere irrigation con-
trol system with threshold parameters to a classifier/regressor-
based decision support system for irrigation control beyond
raw sensing. Multi-sensor and image data are employed for
extracting features using a VGG16-derived feature pipeline,
followed by classifiers (Random Forest and XGBoost) to as-
sess the plant health status [1]. Edge deployment has begun to
strike with a report to provide context-aware, low-latency in-
ference in the field, not round-trip calls to the cloud, of an au-
tomated IoT actuation/reporting system based on a rule-based
agentic decision engine and lightweight deep-learning
crop/weather classifiers [16]. More comprehensive evalua-
tions of Al-based methods for yield prediction have yielded
R2 scores of 0.88-0.94 and RMSE reductions of 18-25%
compared to single-model predictions [25].

2.3. Federated Learning for Privacy-Preserving
Cross-Farm Modeling

The specific need for data sharing reluctance in individual
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farms has led to the creation of federated learning. Federated
learning has come into existence specifically to move past
data sharing reluctance among individual farms. The central-
ized and decentralized FL architectures for crop-yield predic-
tion using LSTM/GRU vyielded a high accuracy of over 93%
(centralized) and over 97.5% (decentralized) with smaller re-
sponse time than the non-federated baselines, as reported by
Mukherjee et al. [10]. A detailed review of FL's foundations
and limitations in 2025 identified FL's mathematical chal-
lenges and practical constraints — most notably communica-
tion overhead and data heterogeneity across the farms that is
not 11D — as the most open problems [11]. In both references
[13] and [14], FL is combined with edge computing, with a
gradient encryption (AES-256/RSA) approach for the latter,
which results in lower latency and energy consumption com-
pared to a conventional edge-cloud pipeline. To date, a pri-
vacy-preserving FL system has been validated on 450 small-
holder farms in India, Kenya, and Nigeria, with 87.3% yield-
prediction accuracy while guaranteeing differential privacy
(DP), and importantly, 82.6% accuracy with only 200 samples
per farm, typical of smallholder operations [15]).

2.4. Digital Twins and Multi-Scale
Remote-Sensing Fusion

Digital-twin (DT) technology is no longer in concept re-
view but has begun operational deployment in agriculture. In
2026, a scoping review revealed that plant-level and soil-
moisture models were the focus of DT publications, with
many using the term loosely to refer to decision-support tools
but not fully synchronized bidirectional virtual-physical sys-
tems [18]. Other, more comprehensive reviews also highlight
applications of DT in irrigation/nutrient management and
crop-growth simulation that combine data from soil, plant, and
weather sources [19, 20]. On the remote sensing side, fusion
of UAV and Sentinel-2 satellite images using Brovey Trans-
form and PCA techniques has proven to be a combination of
UAV spatio-temporal resolution with Sentinel-2 spectro-tem-
poral resolution, which has increased the accuracy of vegeta-
tion indices (NDVI, GNDVI, SAVI) in detecting crop stress
[21]. A 2025 systematic review of UAV-satellite integration
techniques highlighted pixel-, feature-, and decision-level fu-
sion as the main integration paradigms [22], and UAV-loT-Al
integration studies show up to 92% accuracy in forest/crop de-
terioration detection when combining high-resolution satellite
and ground 10T data [23], and finally, multispectral UAV re-
mote-sensing reviews confirm the value-added benefits of
spectral-band selection for early stress detection [24].
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Table 1. Comparative Summary of Related Work.

Ref  Year Core Technology Application Focus Reported Outcome ﬁzfeAddressed
8] 2026 Low-cost ASM sensor + LoRaWAN _So_ll m_0|sture, wheat Compar_able accuracy  No edge Al /no
irrigation to premium sensors FL
[9] 2025 LoRa WSN + Biswas model Roqt-zone moisture esti- R=> 0.94 Single-parameter
mation only
7] 2025 LoRa + edge computing Irrigation decision at Reduced cloud de- No federat.ed Cross-
gateway pendency farm learning
[1] 2025 Multi-sensor + RE/XGBoost + VGG16 Rlant-health classifica- High classification No conngct!wty-
tion accuracy layer optimization
[10] 2025 Centralized/decentralized FL, LSTM/GRU  Crop-yield prediction 93-97.5% accuracy tNeng??OS:r/edge -
—2Q0, —AN0O, _ H
[13] 2022/24 FL + edge + gradient encryption Yield prediction, privacy 39% latency, ~40% No_remote Sensing
energy fusion
. . . Smallholder yield predic- 0 No digital twin /
[14] 2026 FL + differential privacy, 450 farms tion 82.6-87.3% accuracy UAV layer
L - . . . Conceptual maturity Mostly conceptual,
[17] 2026 Digital twin scoping review Plant/soil DT models assessment few field DTs
- Improved .
[20] 2025  UAV + Sentinel-2 fusion (BT, PCA) Vegetation-indexaccu- -\ v/ jGNDVI accu- O FL or edge in-
racy tegration
racy
[15] 2025 Edge DL + agentic Al Context-aware actuation  CV-iatency field de-  No multi-farm

3. Methodology

3.1. Perception Layer - Multi-Parameter
Sensing

Following the sensor selections validated in [1, 8], and [9],
the perception layer combined capacitive soil moisture probes,
DHT-class temperature/humidity sensors, an RS485 NPK
probe, a non-dispersive infrared CO: sensor, and an optional
low-cost air-quality module calibrated using the ML-calibra-
tion approach of Ali et al. [5]. Sensor sampling intervals were
staggered (1/min for moisture and climate variables and 1/10
min for NPK) to balance the data resolution against the node
energy budget, consistent with the reported LoORaWAN duty
cycle constraints [4].

3.2. Network Layer - Low-Power Wide-Area
Connectivity

LoRaWAN was selected as the primary connectivity protocol
given its demonstrated multi-kilometre range and low power draw
in rural deployments [4, 7, 9]; NB-loT or private 5G were proposed
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cisions learning, no DT

as fallback/complementary options for higher-bandwidth image or
video telemetry from UAV units, in line with 5G-for-agriculture
discussions in the recent digital twin literature [19].

3.3. Edge Layer - On-Device Inference

To address the latency limitations identified in [7] and [16], the
edge layer runs a compressed sequence model (quantized long
short-term memory, target size < 250 KB) directly on gateway
hardware (e.g., ESP32-class microcontroller or Raspberry Pi-class
edge node) for anomaly flags and short-horizon irrigation recom-
mendations, with full-horizon yield forecasting deferred to the
cloud/fog layer. This mirrors the FLyer design principle of local
pre-processing before gradient transmission [13].

3.4. Cloud/Fog Layer - Federated Learning and
Digital Twin

Model updates from each participating farm node are ag-
gregated using federated averaging (FedAvg) following the
centralized/decentralized comparison protocol of [10] and the
differential-privacy extension of [15]. A digital-twin module
ingests the aggregated model outputs together with fused
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UAV/satellite vegetation indices (Section 3.5) to run predic-
tive what-if simulations (e.g., projected soil-moisture trajec-
tory under a forecast heat wave), following the DT patterns
catalogued in [17] and [19].

3.5. Application Layer and UAV/Satellite
Fusion

Ground-sensor time series were fused with UAV-derived-
and Sentinel-2-derived vegetation indices (NDVI, GNDVI,
and SAVI) using the pixel/feature-level fusion strategies re-
viewed in [22], adapting the Brovey Transform/PCA approach
demonstrated by [21]. Fused outputs and alerts were surfaced
through a farmer-facing dashboard for irrigation, fertilization,
and pest-risk decisions.

3.6. Algorithm

Algorithm 1. Edge-Federated Inference and Aggregation
Cycle

Input: sensor stream S_i for farm node i; global model
weights W_g (initialized centrally)

1: for each farm node i in parallel do

2: collect S_i over sampling window T

3: preprocess (denoise, normalize, impute missing readings)

4: run local edge model f(S_i; W_i) — short-horizon pre-
diction + anomaly flag

5: if anomaly flag = TRUE then trigger local alert (no net-
work round-trip required)

6: compute local gradient update AW _i = train(W_g, S_i)

7: encrypt AW_i (AES-256) and transmit to aggregator

8: end for

9: aggregator computes W _g«— W g+ X (n i/N) - AW i
(FedAvg weighting)

10: update digital twin with W_g and fused UAV/satellite
indices

11: broadcast updated W_g to all farm nodes for next cycle

Output: updated global model W_g; per-farm short-horizon
predictions and alerts

Table 2. Sensor Specifications (Typical Values from Cited Literature).

Parameter Sensor Class Typical Range Reported Accu- Sampling Source
racy Rate

Soil moisture Capacitive / ASM probe 0-100% +2-3% 1/min [8, 9]

;ﬁg}f;rat”re THU DT class digital sensor ~ -40-80<C / 0-1009%RH 05T Umin [

Soil NPK RS485 nutrient probe 0-1999 mg/kg 2% 1/10 min [15]

. . . . Approaches refer-

Air quality (cali Low COSt_eIeC.t rochemical 0-5000 ppm equiv. ence instrumentaf-  1/min [5]

brated) + ML calibration I
ter calibration

Vegetation index UAV + Sentinel-2 . Improved vs. sin- Per flight / 5-

(fused) (NDVI/GNDVI/SAVI) 1101 (index) gle-source day revisit [20,21]

Table 3. Model and Federated-Learning Configuration.
Component Configuration Justification
Edge model Quantized LSTM (int8), <250 KB Fits ESP32/RPi-class memory; mirrors edge-

Cloud/global model Full-precision LSTM / GRU ensemble

Aggregation FedAvg, weighted by local sample count

Privacy mechanism
vacy

Communication rounds

Train/val li
ain/val/test split random)
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Gradient encryption (AES-256) + optional differential pri-

To be determined by pilot deployment (report actual value)

Temporal split recommended (e.g., 70/15/15 by date, not

deployment need in [7, 15]
Matches architectures benchmarked in [10]

Standard baseline per [10, 14]
Follows [13] and [14]

Placeholder — requires real deployment

Avoids temporal leakage in time-series agri-
data
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4. Experimental Setup

4.1. Study Site and Duration (to be Completed)

The field experiment was conducted in the wheat-growing
zone of Rajshahi, Bangladesh (24.37°N, 88.60 °E), where the
winter season is dry. Wheat was chosen as the target crop be-
cause it is a significant Rabi season crop in Bangladesh with a
cool climate and somewhat dry weather. The wheat growing
period is generally from November to March and takes ap-
proximately 100-120 days to grow from sowing to harvest de-
pending on the variety and environmental conditions. The ex-
perimental plots were planted with a high-yielding variety of
wheat (BARI Gom-33) under recommended agronomic prac-
tices. The aim of the study was to assess the effectiveness of a
precision irrigation and fertilization management system us-
ing 10T devices under real-field conditions.

4.2. Evaluation Metrics

1) Prediction accuracy / F1-score for classification tasks.

2) RMSE and R=for regression tasks.

3) End-to-end inference latency (ms) at edge vs. cloud-only
baseline.

4) Communication overhead (KB per federated round) and

energy per round (mJ).
5) Resource-use deltas: water volume, fertilizer mass, and
energy consumption vs. baseline.

4.3. Baselines

Three baseline classes are proposed for comparison, drawn
directly from the cited literature: (i) a non-federated central-
ized LSTM/GRU model matching [10], (ii) a cloud-only (non-
edge) inference pipeline to isolate the latency contribution of
edge deployment, following the motivation in [7], and (iii) a
single-source (ground-sensor-only) input configuration to iso-
late the contribution of UAV/satellite fusion, following [21].

5. Hlustrative Evaluation

5.1. Sensor Data Validation

Figure. 2 illustrates the expected shape of the soil moisture
and temperature time series over a 14-day window, showing
the typical inverse relationship between rising temperature
and declining moisture between irrigation events reported in
similar field trials [8, 9]. In a genuine study, this figure should
be replaced with the actual logged sensor values validated
against a reference instrument.

55 35.0
50 F32.5
F30.0
45 —~
< 27.5 <
2 40 :
] F25.0 2
o _ =
£ 351 8
= 225 €
v =
30 -
+20.0
25 1 L17.5
20 : : . . . - . 15.0

6

8 10 12 14

Day of study period

Figure 2. 14-day soil moisture/temperature trace.

5.2. Model Performance

Figure. 3 shows a representative comparison format: a sim-
ple linear regression baseline, random forest baseline, non-
federated LSTM baseline, and proposed edge-federated
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LSTM. The relative ordering (deep sequence models outper-
forming simpler regressors and the proposed method outper-
forming a non-federated baseline) is consistent with trends re-
ported across the cited FL and yield-prediction literature [10,
24], but the specific percentages shown here are placeholders.
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Figure 3. Accuracy comparison across four modelling approaches.

5.3. Classification Performance

Figure. 4 presents a representative three-class confusion matrix (healthy/water-stressed/nutrient-deficient) in the format ex-
pected for a plant health classification task, following the reporting style used in multi-sensor classification studies [1].

140
Healthy 3
120
100
@
)
Y Water- |
T Stressed 80
-
&
- 60
- 40
Nutrient- | a4
Deficient >0

T
Water- Nutrient-
Stressed Deficient

Predicted class

Healthy

Figure 4. Confusion matrix for crop-stress classification.

5.4. Spatial Variability from UAV/Satellite Fusion

Figure. 5 shows the expected output format of a fused NDVI spatial heatmap of the type produced by Brovey Transform/PCA
fusion pipelines [20]; such maps are used to identify management zones for variable-rate intervention.
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Figure 5. Field-level fused NDVI spatial variability map.

5.5. Resource-Use Outcomes

Figure. 6 illustrates the reporting format for resource sav-
ings. Published sensor-guided irrigation deployments report

20-30% water-use reduction and 15-25% fertilizer-use reduc-
tion relative to conventional practice [28]; the placeholder val-
ues shown here (24% water, 19% fertiliser, 32% energy) fall
within or near that published range purely to keep the template
internally consistent; they must be replaced with the study's
own measured deltas.

T00 T00 T : :
100 A [ Conventional baseline
. B Proposed system
o
= 81
1 76
_g 68
2
g 60 4
>
@
2
— 40 -
o
[}
N
©
£ 201
2
0
Water Fertilizer Energy
Usage Usage Consumption

Figure 6. Resource-use comparison: proposed system versus conventional baseline.

Table 4. Performance Comparison Template (values are placeholders).

Method Accuracy / R2 Latency (ms)
Linear Regression (baseline) 78.4% —
Random Forest (baseline) 85.1% —

119

Energy / Round (mJ) Source Range Referenced

[24] reports R=0.88-0.94 for
hybrid RF models
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Method Accuracy / R2 Latency (ms)
Non-federated LSTM (baseline) 89.6% 220
Proposed Edge-Federated LSTM 93.7% 95

Energy / Round (mJ) Source Range Referenced

[10] reports up to 93% cen-
tralized

[10, 14] report 82-97.5% FL
accuracy

Table 5. Resource Savings Summary Template (values are placeholders).

Metric Conventional Baseline

Water usage 100 (index) 76
Fertilizer usage 100 (index) 81
Energy consumption 100 (index) 68

5.6. Discussion

If the illustrative pattern above is confirmed by real data, it
would support RQ1 and RQ2: edge deployment reducing la-
tency without an accuracy penalty and federated aggregation
approaching centralized-model accuracy while preserving
farm-level data privacy — consistent with the direction
(though not the exact magnitude) of results in [10, 13], and
[15]. Confirming RQ3 would additionally require an ablation
comparing ground-sensor-only input against the fused
UAV/satellite configuration, isolating the marginal contribu-
tion of remote-sensing fusion as done in [21].

5.7. Threats to Validity

Key threats once real data are collected: (i) single-site stud-
ies may not generalize across soil types or climates — mitigate
via multi-site federated validation; (ii) sensor drift over multi-
month deployments can bias time-series results — mitigate
via periodic reference-instrument recalibration [5]; (iii)
UAV/satellite revisit-interval mismatches can misalign fusion
inputs — mitigate via the temporal-alignment strategies dis-
cussed in [21].

6. Discussion of Latest Technological
Trends (2026)

The proposed architecture is positioned directly against
several trends visible in the current literature (searched in Au-
gust 2026). Edge Al/TinyML deployment is increasingly con-
sidered necessary rather than optional for field-latency-sensi-
tive tasks [7, 16]. Federated learning has moved from proof-

Proposed System

120

% Improvement Published Reference Range

24% 20-30% [27]
19% 15-25% [27]
~40° 3
329% 40% reduction reported by

[13] for FL+edge

of-concept to validated multi-country smallholder deploy-
ments, with differential privacy variants now reporting sub-
90% but still practically useful accuracy at very low per-farm
sample counts [15]. Digital twin research remains predomi-
nantly conceptual, with a 2026 scoping review finding that
few systems achieve true bidirectional virtual-physical syn-
chronization, most instead functioning as advanced decision-
support dashboards [18] — an honesty gap that this paper's
architecture should be explicitly evaluated against rather than
overclaiming. UAV-satellite fusion research is converging on
pixel/feature/decision-level taxonomies as the standard fram-
ing for new fusion algorithms [22]. Finally, questions of data
ownership, farm-level privacy, and algorithmic bias when
models trained in one region are transferred to another are in-
creasingly treated as first-class research concerns rather than
as afterthoughts [11, 15].

7. Conclusion and Future Work

This study presents a five-layer architecture integrating
multi-parameter 10T sensing, LoORaWAN/NB-I0T connectiv-
ity, edge inference, federated cross-farm learning, digital-twin
simulation, and UAV/satellite fusion for smart agriculture and
environmental monitoring, grounded in and benchmarked
against currently published literature, including recent ma-
chine-learning-based precision-agriculture reviews [26]. The
framework, algorithm, and evaluation protocol are complete
and reproducible; the quantitative results presented are illus-
trative placeholders pending real-field deployment. Future
work should priorities (i) a multi-season, multi-site field trial
to populate Tables 4-5 with genuine measurements; (ii) an ab-
lation study isolating the marginal contribution of each layer
(edge-only vs. edge+FL vs. full stack); (iii) integration with
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carbon-credit and supply-chain traceability systems as an ap-
plication-layer extension; and (iv) an explainable-Al (XAl)
module to support farmer trust in automated recommendations,
an increasingly emphasized requirement in the reviewed liter-
ature [25].

Abbreviations

Al Artificial Intelligence

loT Internet of Things

FL Federated Learning

ML Machine Learning

LSTM Long Short-Term Memory

GRU Gated Recurrent Unit

RF Random Forest

XGBoost Extreme Gradient Boosting

VGG16 Visual Geometry Group 16

DT Digital Twin

UAV Unmanned Aerial Vehicle

UAS Unmanned Aircraft System

NDVI Normalized Difference Vegetation Index

GNDVI Green Normalized Difference Vegetation
Index

SAVI Soil-Adjusted Vegetation Index

PCA Principal Component Analysis

BT Brovey Transform

LoRa Long Range

LoRaWAN Long Range Wide Area Network
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