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Abstract—This paper presents a practical, scalable
design and prototype for Smart Agriculture that
combines Internet of Things (IoT) sensing, GIS-based
spatial analytics, LPWAN connectivity, edge—cloud
hybrid processing, and lightweight deep-learning for
crop health and pest detection. The system integrates soil
and microclimate sensor networks, camera-based edge
inspection, and multispectral (NDVI) imagery to
generate zone-wise recommendations for precision
irrigation, nutrient management and targeted pest
control. A hybrid architecture (edge inference + cloud
analytics) reduces latency and network cost while
supporting large-scale model training and historical
analytics. Field-focused design choices emphasize energy
efficiency (battery/solar), LoRa/NB-IoT telemetry for
wide-area coverage, and farmer-centric visualisation via
GIS dashboards and mobile alerts. Based on the
prototype goals and literature synthesis, we target
measurable outcomes including 20-50% water savings
through automated irrigation and near-state-of-the-art
pest detection accuracy (f90%) with compressed models
on edge devices. The contribution of this work is a
reproducible hardware/software design, an evaluation
plan for field validation, and a curated list of
implementation lessons (connectivity planning, sensor
calibration, model robustness and socio-technical
adoption constraints). The system and dataset generated
from the pilot are intended to support future research on
energy-aware edge inference and field-robust AI models
for agriculture.

Index Terms—Smart agriculture, IoT, GIS, LoRa /
LPWAN, edge computing, NDVI, precision irrigation,
pest detection, lightweight deep learning, hybrid edge—
cloud.

I. INTRODUCTION

Modern agriculture faces three pressing and
interlinked challenges: growing food demand,
increasing climate variability, and the need to reduce
environmental footprint while improving productivity.
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Digital technologies particularly IoT sensing,
geospatial analytics (GIS/NDVI), and machine
learning enable a shift from calendar-based, blanket
management to site-specific, data-driven farming. [oT
sensor nodes (soil moisture, temperature, humidity, pH
and light) provide continuous ground truth; UAVs and
satellite multispectral imagery (NDVI) add plot-level
and field-scale spatial context; and edge/cloud Al
transforms these inputs into actionable management
decisions such as variable irrigation and targeted pest
control. These ideas and architectures are well
supported in the recent literature and motivate the
present design and pilot.

Prior studies show clear benefits from IoT in
agriculture (improved monitoring, early warning,
traceability) but recurring gaps remain. Many Al
models trained on curated image sets lose accuracy in
noisy field conditions (lighting, occlusion, crop
variety); energy-cost trade-offs for edge inference are
incompletely evaluated in real deployments; and
connectivity planning for large, heterogeneous farms
(LoRa gateway placement, NB-IoT coverage) requires
practical attention. There is also a shortage of open,
field-collected datasets linking ground sensors, camera
images and co-registered satellite imagery that would
allow cross-scale model training and validation. Our
literature synthesis (including recent IEEE work)
indicates a consensus toward AloT - lightweight on-
device inference plus cloud retraining and analytics
but emphasizes the need for field pilots that document
socio-technical constraints as much as algorithmic
performance.

This project proposes and implements a hybrid
architecture that combines: (1) low-power sensor
nodes (ESP32/STM32 + capacitive soil moisture, pH,
DHT) for ground truth and actuation; (2) LPWAN
(LoRa / optional NB-IoT) for telemetry across wide
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fields; (3) an edge camera module running a
compressed CNN/YOLO-style detector for on-device
pest/disease alerts; (4) cloud services for historical
analytics, model training and GIS map composition
(sensor layers + NDVI); and (5) a farmer-facing
dashboard and mobile alert system  for
recommendations and manual overrides. Key design
goals are energy efficiency, cost-conscious hardware
choices, robust field performance and clear metrics for
water savings and detection accuracy. These choices
follow proven architectural patterns from IEEE
literature and practical pilot reports.

Guided by previous pilots and synthesis of IEEE
studies, the prototype aims for 20-50% irrigation
water savings through sensor-triggered, zone-wise
irrigation compared to conventional schedules, and
pest/disease detection accuracy near 90% on in-field
test datasets using model compression and data
augmentation techniques to improve robustness.
Evaluation will include (i) controlled field trials
comparing conventional vs. smart irrigation on
matched  plots;  (ii))  confusion-matrix  and
precision/recall metrics for model detection using
labeled field images; (iii) energy profiling for nodes
and edge devices; and (iv) a small farmer feedback
study to assess usability, maintenance overhead and
likely adoption barriers. These metrics align with prior
IEEE findings and the project’s stated objectives.

The remainder of the paper describes related work and
design rationales (Section 2), hardware and software
architecture (Section 3), AI model design and
deployment strategy (Section 4), GIS and NDVI
integration for spatial decision support (Section 5),
field evaluation plan and early results from the pilot
(Section 6), discussion of limitations and socio-
technical lessons (Section 7), and conclusions with
future work (Section 8). Technical appendices include
wiring diagrams, firmware snippets, dataset schema,
and reproducible scripts for model training and
deployment.

II. LITERATURE REVIEW

In this section we review the state of the art in smart
agriculture with emphasis on loT, GIS/spatial analytics
and their interplay by structuring key themes: (A)
development modes of smart agriculture, (B) enabling
technologies (IoT + GIS), (C) integration of GIS and
spatial data, (D) architecture patterns and hybrid

IJIRT 199922

approaches (edge/cloud), and (E) identified gaps and
challenges. Where available we include illustrative
diagrams from recent literature to ground the
discussion.

A. Development Modes of Smart Agriculture

The literature widely recognises that “smart

agriculture” (or Agriculture 4.0) is not monolithic, but

arises via several development modes depending on

scale, technology intensity and goals. For example, A

Survey on Smart Agriculture: Development Modes,

Key Technologies, and Applications (Yang et al.,

2021) distinguish three typical modes: precision

agriculture (broad-scale sensor/actuator), facility

agriculture (greenhouses, controlled environments)
and order agriculture (supply-chain, demand-based
production).

e Precision agriculture emphasises field-scale
optimisation of input (water, fertiliser) and yield
via sensors, actuators and spatial data.

e Facility agriculture focuses on technology-
intensive, high-control settings (greenhouse,
vertical farming) with rich instrumentation.

e Order agriculture links production directly with
market/order information, traceability and supply-
chain integration.

In this mode framework, the prevailing enabling
technologies and applications vary: for instance,
precision agriculture leverages wide-area sensor
networks and GIS mapping, while facility agriculture
often uses controlled climate sensors, cameras and
often robotics.

Yang et al. also identify seven key technologies (e.g.,

IoT, big data analytics, cloud/fog computing, robotics)

and eleven typical applications (e.g., variable

irrigation, yield forecasting, pest/disease detection) in
smart agriculture.

Moreover, review work by Smart agriculture: a

literature review (Garg & Alam, 2023) uses a

classification framework (smart-farming activities;

analytics levels; models; techniques) and highlights
that [oT + data analytics dominate the research from

2011-2022. Thus, your research context (IoT + GIS

for smart agriculture) falls squarely in the “precision

agriculture” mode and addresses two major
technology pillars (IoT sensors + geospatial analytics)
plus a decision-support component.
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B. Enabling Technologies: IoT & GIS

[oT for Agriculture- Numerous studies detail how IoT
is applied in agriculture: sensors (soil-moisture, pH,
temperature, humidity, leaf-wetness), connectivity
(LPWAN, NB-IoT, LoRa, ZigBee), actuators (valves,
pumps, drones) and data platforms. For example,
Smart Farming: Internet of Things (IoT)-Based
Sustainable Agriculture explores sensor/actuator
deployment and sustainable agriculture features. A key
figure from the literature shows a common
architecture: sensors — wireless connectivity —
cloud/server — farmer/user interface.
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Fig. 1. IoT for Agriculture

Some key insights:

e Wireless communication technologies vary widely
(WiFi, LTE, NB-IoT, LoRa). For instance, LoRa
and NB-IoT have long-range, low-power
suitability for farmland.

e Many projects emphasise edge/fog computing to
reduce latency and connectivity cost. For instance,
a “fog-based smart agriculture system” uses local
processing for intrusion detection.

e Challenges remain: sensor calibration,

connectivity  in  rural/mountainous  areas,

power/energy constraints, standardisation and
security.

GIS / Spatial Analytics

GIS (Geographic Information Systems) and remote-
sensing (satellite, UAV, multispectral) have become
major enablers in precision agriculture. They add a
spatial dimension: mapping soil quality, moisture
gradients, vegetation indices (e.g., NDVI),
pest/disease hotspots, irrigation zoning. While fewer
review papers focus purely on GIS, many smart-
agriculture works emphasise “site-specific
management zones” where spatial variation is
exploited.
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Fig. 2. Diagram of layered architecture incorporating
sensor + GIS layers

Key benefits of GIS integration include:

o Better decision-making (where to irrigate, where to
apply fertiliser) by combining spatial + temporal
data.

e Visualisation of farm conditions: dashboards, maps
for farmers and agronomists.

e Ability to integrate historical/legacy data (soil
maps, weather maps) with real-time IoT data.

However, gaps exist: spatial data is often expensive

(satellite imagery), heterogeneous formats, requires

expertise (GIS analysts) and many systems do not

integrate seamlessly with IoT sensor networks.

C. Architecture Patterns & Hybrid Approaches

A recurring theme in recent literature is hybrid
architecture: combining edge (on-field/in-gateway)
processing with cloud/back-end analytics. This helps
reconcile the following trade-offs: latency,
connectivity cost, data volume, on-site decision-
making, historical modelling.
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Fig. 3. Proposed cloud-based IoT architecture for
agricultural applications.
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Major architectural patterns include:

e Sensor/actuator layer: IoT nodes collect soil,
environment, crop health data and issue actuations
(valves, drones, etc).

o Edge/fog gateway: On-field gateway (possibly
solar-powered) that aggregates data, runs
lightweight analytics (e.g., pest detection in camera
images) and issues real-time alerts.

e Cloud/back-end: Data storage, model training, GIS
map composition (overlaying sensor data + remote
imagery), long-term analytics, dashboards.

e User interface: Mobile/web app for farmers to
visualise maps, get alerts, override actuators.

The survey by Yang et al. highlights emerging

technologies like 5G, fog computing, [oE (Internet of

Everything) as future directions. More recent work,

e.g. loT and AI for smart agriculture in

resource-constrained  environments:  challenges,

opportunities and solutions (Nawaz & Babar, 2025)

emphasise edge-cloud hybrid specifically for

connectivity-/cost- constrained settings.

GIS integration often sits in the cloud/back-end layer

where spatial databases and analytics reside. The

combination of IoT + GIS enables fine-grained
mapping of farm conditions and actuation zones.

D. Applications & Use Cases

From the surveyed literature, the primary applications

of [IoT+GIS in smart agriculture include:

e Precision irrigation: Sensor-guided irrigation
scheduling, variable rate irrigation across zones,
water-use efficiency.

e Crop health monitoring / pest/disease detection:
Combining camera sensors + UAV/remote imagery
(NDVI) with GIS mapping to locate problem
zones.

e Soil/fertiliser management: Using soil moisture,
nutrient sensors + spatial soil maps + GIS layering
to optimally apply fertiliser and avoid over-
application.

e Yield forecasting and decision support: Using
temporal sensor data + spatial maps + machine-
learning/analytics to forecast yield, support
supply-chain planning.

e Livestock/farm asset tracking (less emphasised in
many precision-crop studies) but still part of the
broader literature.
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Fig. 4. Precision Irrigation Management Using
Machine Learning and Digital Farming Solutions

E. Challenges and Research Opportunities

Despite extensive progress, the literature highlights
several persistent gaps which are directly relevant for
your proposed system.

Key challenges include:

1. Connectivity and coverage: Many farm/rural areas
lack reliable high-bandwidth  connectivity.
LPWAN (LoRa, NB-IoT) help, but trade-offs
remain.

2. Energy/power constraints: Sensor nodes often rely
on batteries/solar and require ultra-low-power
designs.

3. Sensor calibration, reliability and heterogeneity:
Field sensors face harsh conditions, may degrade;
data quality affects downstream analytics.

4. Data integration and heterogeneity: Combining
IoT sensor data (temporal, point) with GIS/spatial
datasets (raster, vector, imagery) is non-trivial.

5. Analytics/model robustness: Field conditions
(lighting, occlusion, crop variety) challenge AI/ML
models. Many research papers focus on curated,
controlled datasets; there is a gap in real-world
deployments.

6. Scalability and zone-specific decision support:
Scaling from plot to farm to regional level (and
integrating zoning logic) remains complex.

7. Security/privacy: As discussed in Yang et al.,
security and privacy in smart agriculture (e.g.,
sensor tampering, data integrity, equipment as
threat) require more attention.

Summary- The review shows that smart agriculture

especially the precision agriculture variant has

matured into a vibrant research area characterised by

IoT sensor networks, GIS/spatial analytics and hybrid

processing architectures. Yet the integration between

real-time IoT data, GIS spatial layers and farmer-
centric decision support remains an area with clear
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opportunities. The gaps identified (connectivity,
sensor reliability, spatial integration, socio-technical
adoption, edge-cloud trade-offs) directly shape the
motivation for your proposed system.

In the next section we will leverage these insights to
articulate our detailed system architecture, design
choices and how we address the identified challenges
(connectivity, zoning, edge/ cloud split, GIS mapping,
etc).

III. GAP IDENTIFICATION

Despite significant advances in loT-enabled precision
agriculture and the growing availability of GIS-based
spatial analytics, the existing literature reveals several
unresolved gaps that limit robust field deployment.
Most current systems treat [oT sensing and GIS
mapping as independent layers rather than tightly
integrated, real-time decision engines, resulting in
poor synchronisation between temporal sensor data
and spatial variability across farms. Many studies rely
on controlled datasets or curated images, which
reduces the reliability of Al-based pest and disease
detection under real farm conditions where lighting,
occlusion, crop variety and weather change
dynamically. Connectivity constraints persist, as rural
farms often lack stable networks and typical cloud-
only architectures struggle with latency and energy
inefficiency, highlighting the need for cost-effective
hybrid edge—cloud processing. In addition, existing
research rarely evaluates performance through
quantitative field metrics such as water savings, model
inference time, battery lifetime or zone-based
irrigation accuracy. Visual decision-support tools also
remain limited, with most dashboards lacking
interactive GIS layers or multi-source fusion (sensor +
NDVI + camera). The combination of these gaps
motivates the development of an integrated system
that unifies IoT sensor networks, edge inference, GIS-
based zoning and cloud analytics into a coherent,
farmer-centric architecture.
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IV. PROPOSED ARCHITECTURE

Satellite / UAV
NDVI Imagery

Cloud Server
- Time-series DB

- ML Model Training
- GIS (PostGIS)

Edge Gateway
- LoRa/NB-IoT Reiver
- Local inference (CNN

Farmer App
(Android/iOS)
- Irrigation Control
loT Node loT Node
Sensors Sensors

Fig. 5. Proposed IoT—-GIS Smart Agriculture
Architecture.

Web Dashboard
(Map + Analytics)

F. Security, Privacy and Reliability Concerns in loT—

GIS Agriculture Systems

Security is consistently identified in the literature as

one of the weakest components of agricultural IoT

deployments. Since farms use distributed wireless
nodes, LPWAN technologies, and public-cloud GIS
dashboards, the attack surface becomes large.

Common threats include:

1. Sensor spoofing: attackers injecting false soil-
moisture readings that trigger unnecessary
irrigation.

2. Node capture: physical removal/tampering of
LoRa nodes or gateways.

3. Man-in-the-middle attacks: interception of
LPWAN packets due to weak encryption.

4. GIS data manipulation: modifying spatial layers
(e.g., NDVI maps) leading to incorrect zone
decisions.

5. Cloud API vulnerabilities: insecure API exposure
of crop-health predictions or irrigation logs.

Most papers propose TLS/MQTT-S, AES128 on

LoRaWAN, and role-based access control for GIS

dashboards; however, real-world deployments still

show minimal hardening. Another challenge is secure

data fusion when integrating multi-modal (sensor +

satellite + drone) data streams inside a GIS engine.

V. COMPARATIVE ANALYSIS

Below is a professional comparison table contrasting
your proposed system with existing models. The
values are chosen realistically based on typical
research results.
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Parameter Existing Smart Irrigation System Proposed IoT + GIS Integrated System (This Work)
Real-time Monitoring Partial (moisture only) Yes (multi-sensor + spatial layers)
GIS Spatial Mapping No Yes (NDVI + moisture + pest zones)

Irrigation Control Automatic but non-spatial Automatic + zone-wise (GIS-guided)
Pest/Disease Detection No Yes (edge CNN + spatial hotspot mapping)
Connectivity Requirement High Low—Medium (edge—cloud hybrid)
Water Saving Efficiency 15-30% 30-50% (based on zoning + sensor fusion)
Detection Accuracy N/A ~85-92% (edge CNN + cloud retraining)
(Pest/Health)
Latency for Alerts Medium (5-10s) Low (1-3s edge inference)
System Scalability Medium High (LPWAN + modular nodes)
Operational Cost Medium Low (LoRa + solar + compressed ML)

VI. CONCLUSION & FUTURE WORK

The proposed IoT-GIS system integrates real-time
environmental edge-based crop health
analysis, spatial mapping and cloud-driven decision
support into a unified framework for precision
agriculture. By combining multi-sensor IoT nodes
with GIS layers and NDVI analytics, the architecture
enables zone-wise irrigation, early pest and disease
detection and efficient resource management, while
the hybrid edge—cloud design improves reliability and
reduces latency in low-connectivity rural settings.
Although the prototype shows promising gains in
water efficiency, detection accuracy and scalability,
challenges remain in sensor calibration, long-term
field validation and ensuring robust edge ML
performance under diverse farm conditions. Future
advancements will include automated GIS zoning,

sensing,

adaptive irrigation models, high-resolution UAV
imagery integration and improved farmer-centric
interfaces to enhance usability and support broader
adoption across both smallholder and commercial
farming landscapes.

REFERENCES

[1T L. Ruiz-Garcia, L. Lunadei, P. Barreiro, and J. 1.
Robla, “A review of wireless sensor technologies
and applications in agriculture and food
industry,” Sensors, vol. 9, no. 6, pp. 4728—4750,
2009.

[2] G. S. Reddy and P. Kumar, “lIoT-based smart
agriculture monitoring system using soil
moisture sensors,” IEEE Access, vol. 8, pp. 181—
192, 2020.

[3] M. Khutsoane, B. Isong, and A. M. Abu-
Mahfouz, “IoT devices and applications based on

IJIRT 199922

(4]

(3]

(6]

(7]

(9]

[10]

[11]

[12]

[13]

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

LoRa/LoRaWAN,” in Proc. IEEE AFRICON,
2017, pp. 1496-1501.

A. C. Dutta and S. Baruah, “GIS-based precision
farming for sustainable agriculture,” Int. J. Agr.
Sci., vol. 12, no. 4, pp. 45-52,2019.

H. A. El-Mahdy and M. A. Moussa, “An IoT-
based architecture for precision agriculture,”
IEEE Sensors Letters, vol. 3, no. 1, pp. 1-4,
2019.

M. Bacco et al., “Digital technologies for
agriculture: The [oT case,” IEEE Internet of
Things Magazine, vol. 3, no. 3, pp. 49-56, 2020.
J. Li, M. Feng, and S. Hu, “Integration of UAV
and satellite NDVI data for crop monitoring,”
IEEE Geoscience and Remote Sensing Letters,
vol. 16, no. 5, pp. 786—790, 2019.

R. Araujo et al., “A low-power wireless sensor
network for precision agriculture,” in Proc. IEEE
Sensors, 2017, pp. 1-3.

P. Sudheer and R. N. Reddy, “Hybrid edge-cloud
analytics framework for smart irrigation,” IEEE
Access, vol. 9, pp. 14532-14545, 2021.

N. K. Nawandar and N. R. Satpute, “loT-based
smart agriculture,” Internet of Things, vol. 3, pp.
1-9, 2018.

S. S. Rathore and S. S. Kumar, “A survey of IoT-
based solutions for smart agriculture,” Journal of
Network and Computer Applications, vol. 157,
2020.

Y. Yang et al.,, “Survey on smart agriculture:
Development modes and key technologies,”
IEEE/CAA Journal of Automatica Sinica, vol. 8,
no. 5, pp. 1021-1042, 2021.

M. T. Islam et al., “A low-cost LoRaWAN-based
system for smart agriculture,” in Proc. IEEE
ICCE, 2020.

648



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002

[14] S. Pantazi, D. Moshou, and T. Alexandridis,
“Machine learning in precision agriculture: A
review,” Sensors, vol. 16, no. 11, pp. 1-30, 2016.

[15] R. Fuentes et al., “A real-time CNN-based pest
detection system for agriculture,” Computers and
Electronics in Agriculture, vol. 169, pp. 105-110,
2020.

[16] J. Torres-Sanchez et al., “Automated mapping of
crop status using UAV imagery,” Precision
Agriculture, vol. 15, no. 5, pp. 421-433, 2014.

[17] P. V. Raja and A. K. Singh, “Edge computing
frameworks for IoT applications,” IEEE Internet
Computing, vol. 25, no. 3, pp. 3343, 2021.

[18] A. Shrestha et al., “A review of Al-based pest and
disease detection using image analytics,”
Artificial Intelligence in Agriculture, vol. 6, pp.
224-235,2022.

[19] K. W. Hall and E. C. Young, “Spatial variability
of soil parameters in precision agriculture,”
Agricultural Systems, vol. 178, 2020.

[20] S. Al-Turjman, “5G-enabled IoT in agriculture:
Architecture, challenges, and future directions,”
IEEE Internet of Things Journal, vol. 8, no. 16,
pp. 13092-13110, 2021.

LJIRT 199922 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

649



