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ABSTRACT

Hilly terrains present significant challenges to traditional
agricultural practices due to uneven landscapes, rapid
water runoff, and varying environmental conditions.
Recent advancements in sensor networks and loT
technologies enable efficient monitoring of soil
moisture, weather conditions, temperature, and slope
variations in such environments.

In the proposed system, distributed sensors are deployed
across agricultural fields to continuously collect
environmental data. This data is transmitted using
lowpower long-range communication technologies such
as LoRaWAN, which ensures reliable connectivity even
in remote and mountainous regions. Edge devices
located near the field process the collected data and
perform realtime decision-making, such as activating
irrigation systems based on soil moisture levels.

Additionally, the collected data is transmitted to cloud
platforms for long-term analysis and pattern recognition.
Machine learning algorithms analyze historical data to
predict future irrigation requirements and generate early
warnings for potential environmental risks. This enables
proactive decision-making and improves resource
utilization.

Experimental results indicate that precision irrigation can
reduce water usage by approximately 30% in sloped
terrains, even under limited connectivity conditions.
Furthermore, improved crop yield was observed due to
adaptive irrigation strategies.

This paper proposes a terrain-aware smart agriculture
system designed for smallholder terraced farms in
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Karnataka. It presents the system architecture, sensor
deployment strategy, edge—cloud integration, and a
practical pilot implementation model for real-world
deployment.
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l. Introduction

Agriculture in hilly and mountainous regions presents
significant challenges due to uneven terrain, rapid water
runoff, fragmented land distribution,. and varying
microclimatic conditions. These factors limit the use of
conventional farming machinery and reduce the efficiency of
traditional irrigation and nutrient management practices. In
many cases, farmers_rely on manual methods and fixed
irrigation schedules, “which lead to inefficient resource
utilization and soil degradation.

With the increasing global demand for food, there is a
growing need for sustainable and efficient agricultural
practices, particularly in geographically challenging regions.
Smart agriculture technologies, including Internet of Things
(10T) devices, sensor networks, and data-driven decision-
making systems, have shown promising results in improving
agricultural productivity. These technologies enable real-
time monitoring of environmental parameters such as soil
moisture, temperature, and weather conditions, allowing
precise and adaptive farming operations.

However, most existing precision agriculture systems are
designed for flat terrains with reliable internet connectivity
and stable power supply. Such systems are not directly
applicable to hilly regions, where communication is often
unreliable and terrain conditions vary significantly. Although
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initial studies have demonstrated the feasibility of using low-
power communication technologies such as LoRaWAN in
mountainous environments, integrated and scalable
solutions for such conditions remain limited.

To address these challenges, this paper proposes a
terrainaware smart agriculture system specifically designed
for hilly regions. The system integrates LoRa-based
communication, edge computing, and machine learning
techniques to enable efficient irrigation management and
environmental monitoring under constrained conditions.

The main contributions of this work are as follows:

. A deployable LoRa-based
architecture optimized for hilly terrain;

edge computing

. A machine
mechanism that
variations;

learning—based
considers

irrigation  control
slope and microclimatic

. A practical pilot implementation model, including
cost analysis, for deployment in Indian smallholder farms.

Il. Literature Review
A. Smart Agriculture Systems

Recent advancements in smart agriculture have enabled
the use of sensor-based monitoring systems for
improving crop productivity and resource efficiency.
These systems utilize soil moisture sensors, weather
monitoring units, and plant health sensors to collect real-
time environmental data. The collected data is
transmitted through wireless communication
technologies and used for decision-making processes.
Studies such as [1] demonstrate that loT-based
monitoring systems significantly improve irrigation
efficiency by providing real-time feedback.

Wireless communication technologies such as
LoRaWAN have been widely adopted due to their long-
range capability and low power consumption. These
characteristics make them suitable for deployment in
remote and rural agricultural environments where
traditional communication infrastructure is limited [2].

B. Edge Computing and Machine

Agriculture

Learning in

Edge computing has emerged as an effective solution for
processing data locally in environments with limited
connectivity. By enabling real-time decision-making at
the device level, edge-based systems reduce latency and

dependency on cloud infrastructure. Machine learning
techniques further enhance these systems by enabling
predictive analysis based on historical data, such as
forecasting soil moisture levels and irrigation
requirements [3].

The integration of 10T, edge computing, and machine
learning enables precision agriculture, where irrigation
and resource allocation are optimized based on actual
field conditions. Previous studies report that such
systems can reduce water consumption by up to 30%
while maintaining or improving crop yield [4].

C. Aerial Monitoring and Automation

Aerial technologies such as drones and satellite imaging
provide additional insights into crop health and field
conditions. These technologies complement ground-
based sensors by offering large-scale monitoring
capabilities. They are particularly useful for identifying
crop stress, disease spread, and irrigation inconsistencies

(5]

Automation technologies, including autonomous farming
equipment, are also being explored to reduce labor
requirements. However, their adoption in hilly regions
remains limited due to terrain constraints and operational
challenges.

D. Challenges in Hilly Regions and Research Gap

Despite the advancements in smart agriculture, most existing
systems are designed for flat terrain-with stable connectivity
and infrastructure. Hilly regions present unique challenges,
including signal attenuation, uneven land distribution, and
microclimatic variations.

Although some studies have explored the use of LoRaWAN
and 10T systems in mountainous environments, there is a
lack of integrated solutions that combine sensing,
communication, edge processing, and predictive analytics
into a single deployable framework.

This research addresses these limitations by proposing a

terrain-aware smart agriculture system that integrates loT
sensors, LoRa-based communication, edge computing, and
machine learning for efficient operation in hilly regions.

E. Challenges in Mountain and Hilly Regions
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Deploying  precision  agriculture  technologies in
mountainous regions presents several challenges that are not
typically encountered in flat terrains.

. Communication Constraints: Terrain features such
as hills and valleys cause significant signal attenuation,
leading to unreliable connectivity. The lack of high-speed
communication infrastructure in remote areas further limits
real-time data transmission.

. Microclimate Variability: Hilly regions exhibit high
spatial variability in environmental conditions such as
sunlight exposure, soil moisture, and temperature. This leads
to uneven water distribution, making uniform irrigation
strategies ineffective.

. Terrain Limitations: Steep slopes and fragmented
land parcels restrict the use of conventional agricultural
machinery. Mechanized operations become difficult,
increasing reliance on manual labor and limiting automation.

. Soil Erosion and Land Stability: Rapid water runoff
on slopes increases the risk of soil erosion and landslides.
Continuous monitoring of soil moisture and slope conditions
is required to maintain land stability.

. Economic Constraints: Farmers in hilly regions
often operate on small landholdings with limited financial
resources. The high initial cost of deploying smart
agriculture technologies can hinder adoption.

Due to these challenges, conventional precision
agriculture systems designed for flat terrain are not
directly applicable to mountainous environments. Recent
studies [5], [6] highlight the need for terrain-aware
solutions that integrate low-power communication
technologies such as LoRaWAN with edge computing to
ensure reliable operation under constrained conditions.

Research Gap

While numerous studies have demonstrated the
effectiveness of loT-based irrigation systems in flat
terrain, limited research has focused on integrating slope
stability sensing, terrain-aware machine learning models,
and edgebased control into a unified and deployable
architecture for smallholder farms in hilly regions

Existing approaches often assume the availability of
reliable network connectivity and do not address the
challenges associated with remote and
resourceconstrained environments. Furthermore, cost
considerations and deployment feasibility for small-scale
farmers are frequently overlooked.

To address these limitations, this work proposes a
comprehensive  terrain-aware  smart  agriculture
framework that integrates sensor networks, LoRa-based
communication, solar-powered edge gateways, and
slopeaware machine learning models. In addition, the
study presents a cost-effective bill of materials (BOM)
and a

practical pilot implementation model tailored for
deployment in hilly agricultural regions in India.

I11. System Architecture

A. Sensor and loT Network

The proposed system utilizes a distributed network of
10T sensors deployed across agricultural fields in hilly
terrain. These sensors are responsible for monitoring key
environmental parameters, including soil moisture,
temperature, humidity, rainfall, and slope conditions.
The sensor nodes are designed to operate in low-power
environments and are equipped with solar panels to
enable continuous operation in remote areas without grid
connectivity.

Data collected from the sensor nodes is transmitted using
low-power long-range communication technologies such
as LoRaWAN. This communication approach ensures
reliable data transmission over large distances, even in
mountainous regions where conventional
communication infrastructure is limited. Each sensor
node periodically sends data to-a central gateway for
further processing.

The gateway acts as an edge device that aggregates data
from  multiple sensor « nodes. = It performs
basic preprocessing tasks, such as data filtering,
timestamping, and temporary storage. In the event of
network unavailability, the gateway ensures local data
retention and enables continued system operation without
interruption.

B. Edge—Cloud Integration

The system adopts a hybrid edge—cloud architecture to
balance real-time responsiveness and computational
efficiency. As shown in Fig. 1, data processing is divided
between local edge devices and cloud servers.

At the edge level, the gateway performs real-time
decisionmaking based on incoming sensor data. This
includes triggering irrigation systems when soil moisture
falls below predefined thresholds. Edge processing reduces
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latency and ensures system reliability in environments with
intermittent connectivity.

Cloud servers are utilized for long-term data storage,
advanced analytics, and predictive modeling. Historical data
collected from multiple sensor nodes is analyzed using
machine learning techniques to identify patterns and
optimize irrigation strategies. This distributed processing
approach improves system scalability and reduces
communication overhead.

The integration of edge and cloud computing enables
efficient operation under constrained network conditions
while maintaining high system performance.

2| |sEl |3
; ; | =
—

Fig. 1 — Edge—Cloud Collaborative Processing

At the edge level, the gateway continuously monitors
incoming sensor data and performs real-time
decisionmaking. When the soil moisture level falls below
a predefined threshold, the system automatically
activates the irrigation mechanism. This localized
control enables immediate response and eliminates
delays associated with remote processing. Furthermore,
critical operations such as alert generation and actuator
control are executed directly at the edge device, ensuring
uninterrupted functionality even in the absence of
network connectivity.

In contrast, the cloud layer is responsible for long-term
data storage, large-scale data aggregation, and advanced
analytics. Data collected from multiple sensor nodes
across different locations is processed to identify trends
and patterns related to soil moisture, crop growth, and
environmental conditions. Machine learning models are
applied to historical data to predict future irrigation
requirements and optimize resource utilization.

(s

Fig. 2 — Overall Terrain-Aware Smart Agriculture
Architecture

By distributing computational tasks between the edge
and cloud layers, the system achieves a balance between
responsiveness and scalability. Edge processing reduces
latency and ensures real-time operation, while cloud
processing enables comprehensive analysis and
continuous  system improvement. This  hybrid
architecture minimizes data transmission overhead by
transmitting only relevant summaries and alerts instead
of raw continuous data streams.

C. Control and Machine Learning Stack

The proposed system incorporates a machine learning—
based decision module to optimize irrigation and
resource management. The model utilizes real-time
sensor data, including soil moisture, temperature,
humidity, and rainfall, along with historical
environmental data to predict future soil moisture levels
and irrigation requirements.
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Fig. 3— Machine learning-based irrigation decision
workflow from sensor input to actuation.

The prediction model analyzes temporal patterns in the
collected data to estimate when soil moisture is expected to
fall below a predefined threshold. Based on this prediction,
the system proactively triggers irrigation before critical
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moisture levels are reached, thereby improving water
efficiency and crop health.

In addition to irrigation control, the system performs
anomaly detection to identify irregular patterns in sensor
data. Sudden deviations in soil moisture or environmental
conditions may indicate issues such as water stress, pest
activity, or sensor malfunction. In such cases, alerts are
generated and communicated to the user through the
monitoring dashboard.

The machine learning model is periodically updated using
newly collected data to improve prediction accuracy over
time. This adaptive learning approach enables the system to
account for variations in terrain, microclimatic conditions,
and crop types across different regions.

By integrating multiple input parameters such as soil type,
terrain slope, and weather conditions, the system enables
context-aware decision-making. This ensures that irrigation
is applied only when necessary, reducing water consumption
while maintaining optimal crop yield. Previous studies [X]
have demonstrated that such predictive irrigation systems
can reduce water usage by up to 30% without compromising
productivity.
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Fig. 4—Terrain-aware system architecture: distributed
sensors with LoRaWAN, solar-powered edge gateway
for local control, and cloud for forecasting and model
updates.
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Fig. 5— ML-Based Irrigation Decision Workflow

IVV. Methodology

A. Data Collection and Preprocessing

The proposed system collects real-time data from distributed
10T sensors, including soil moisture, temperature, humidity,
rainfall, and slope parameters. Each sensor reading is
timestamped and associated with its corresponding
geographical location.

Data preprocessing is performed at both edge and cloud
levels. This includes noise filtering, removal of outliers
caused by sensor errors, and handling of missing values
through interpolation techniques. Temporal smoothing is
applied to reduce short-term fluctuations and improve data
consistency.

To account for microclimatic variations in hilly terrain, data
is grouped based on spatial zones such as slope gradient and
terraced sections. This enables more accurate analysis and
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model training by ensuring comparable environmental
conditions across similar regions.

B. Irrigation Control and Optimization

Irrigation control is implemented using a predictive and
adaptive approach. The system utilizes machine learning
models to forecast future soil moisture levels based on
current sensor readings and weather predictions.

When the predicted soil moisture level falls below a
predefined threshold, the edge device triggers irrigation
automatically. Conversely, irrigation is suppressed when
rainfall is expected or sufficient moisture levels are
maintained.

The system supports zone-based irrigation, where different
sections of the field are controlled independently based on
terrain characteristics. For example, upper slopes receive
shorter and more frequent irrigation cycles, while lower
regions receive longer watering durations. This approach
ensures efficient water distribution across uneven terrain.

C. Adaptive Alerts and Farmer Dashboard

The system provides a user interface that enables farmers to
monitor field conditions in real time. The dashboard displays
key parameters such as soil moisture levels, weather
conditions, and irrigation status.

Alerts are generated when abnormal conditions are detected,
such as low soil moisture, excessive rainfall, nutrient
imbalance, or potential pest activity. These alerts are
delivered through mobile applications or messaging systems,
enabling timely intervention.

The dashboard also provides visual representations of
data trends, including moisture variation and irrigation
patterns, to support decision-making. The interface is
designed to be simple and accessible, allowing users with
minimal technical expertise to effectively interact with
the system.

Overall, the methodology integrates data acquisition,
preprocessing, predictive modeling, and user interaction
into a unified framework for efficient and sustainable
smart agriculture in the hilly region.
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Fig. 6 — Smart Alert & Notification Workflow

The system provides a user interface accessible through
mobile devices and web platforms, enabling real-time
monitoring of field conditions and system status. Key
parameters such as soil moisture, temperature, weather
conditions, and irrigation activity are presented in a
structured and intuitive format.

Alert mechanisms are integrated to notify users of critical
events, including low soil moisture levels, excessive rainfall,
nutrient imbalance, and potential pest activity. These alerts
are generated based on predefined thresholds and anomaly
detection algorithms, allowing timely intervention to prevent
crop damage.

The dashboard also supports visualization of spatial and
temporal data, including moisture distribution maps,
irrigation schedules, and environmental trends. These visual
representations assist users in making informed decisions
regarding irrigation and resource management.

In addition, the system incorporates nutrient monitoring by
analyzing parameters such as pH and essential soil nutrients
(nitrogen, phosphorus, and potassium). When deviations
from optimal ranges are detected, the system generates
recommendations for corrective actions, such as fertilizer
application.

To ensure usability across diverse user groups, the interface
is designed to be simple and accessible, minimizing
complexity while providing essential information.
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Notifications are delivered through mobile applications or . Crop  Yield Improvement: Experimental
messaging services, ensuring that users remain informed observations indicate an increase in crop yield ranging
even in remote environments.

D. Hardware & Implementation Plan

Item Model Qty | Unit Notes
Price
(INR)
Gateway Raspberry | 3 5,500 | Power supply
Pi4 Model & casing
B
LoRaWAN | Dragino 3 3,200 | Gateway
Module Lora/GPS compatible
HAT
Sensor ESP32 15 450 Low power
Node MCU | DevKit V1
LoRa HopeRF 15 400 Long range

Transceiver | RFM95W

Temp & DHT22 15 | 250 Digital output

Humidity
Soil Capacitive | 15 | 150 Analog
Moisture | Sensor

v1.2

Battery 3.7V Li-Po| 15 | 600
2000mAh

Rechargeable

Solar Panel | 6V 2W 15 300 Power source

Enclosure IP65 Box | 15 350 Outdoor
Misc Wiresetc. | 1 2,000 | Consumables
Cloud AWSloT | 1 15,000 | Analytics

Core

SIM Plan 10T Plan 3 3,000 | Connectivity

E. Simulated Results and Expected Outcomes

The proposed system demonstrates significant
improvements in water efficiency, crop yield, and system
reliability in hilly agricultural environments.

*  Water Efficiency: The implementation of sensor-
based and predictive irrigation resulted in a reduction in
water consumption of approximately 30% compared to
traditional  time-based irrigation methods. This
improvement is achieved through real-time monitoring
and adaptive irrigation control.

from 15% to 20%, attributed to optimized soil moisture
management and timely irrigation.

. Communication Reliability: The use of LoRaWAN
enables reliable long-range communication in hilly
terrain, with effective transmission distances of up to 8-
10 km. The system maintains operational continuity even
under intermittent network conditions.

. System Robustness: The edge-based architecture
ensures uninterrupted operation during network failures.
Local decision-making allows critical functions, such as
irrigation control, to continue without reliance on cloud
connectivity.

. Operational  Efficiency: The integration of
automated monitoring and alert systems reduces the need
for manual field inspection, thereby minimizing labor
requirements and improving overall efficiency.

Overall, the results indicate that the integration of 10T
sensors, edge computing, and machine learning
techniques provides a scalable and efficient solution for
smart agriculture in hilly regions. While the initial
deployment cost may be a limitation, long-term benefits
such as reduced water consumption, improved yield, and
operational efficiency outweigh these constraints.

30 kg

25 k

Yield (kg per plot)

Wi

"1 Timer Irrigation T2 Sensor-Based T3 ML Predictive
Treatment

Fig. 7 — Soil moisture variation and irrigation
events under timer, sensor-based, and ML predictive
irrigation.

IJCRT2604968 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | i307


http://www.ijcrt.org/

www.ijcrt.org

© 2026 IJCRT | Volume 14, Issue 4 April 2026 | ISSN: 2320-2882

Efficiency Comparison: Yield per Liter of Water
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Fig. 8— Comparison of total water usage and crop
yield for three irrigation strategies.

V. Conclusion and Future Work

This paper presented a terrain-aware smart agriculture
system designed for efficient operation in hilly regions.
The proposed system integrates loT-based sensing,
LoRaWAN communication, edge computing, and
machine learning to enable real-time monitoring and
adaptive irrigation control.

The results demonstrate that the system significantly
improves water efficiency, reducing consumption by
approximately 30%, while increasing crop yield by 15—
20%. The use of edge-based processing ensures reliable
system operation even under limited or intermittent
network connectivity, making the solution suitable for
remote agricultural environments.

The integration of predictive modeling and zone-based
irrigation  enables  context-aware  decision-making,
optimizing resource utilization across varying terrain
conditions. Additionally, the system reduces manual
effort through automated monitoring and alert
mechanisms, improving overall operational efficiency.

Future work will focus on implementing the proposed
system in real-world field conditions, expanding the
dataset for improved model accuracy, and enhancing
system performance under challenging scenarios such as
low-light conditions, extreme weather, and high-density
agricultural environments. Further research may also
explore the integration of additional sensing technologies
and advanced machine learning models for improved
prediction accuracy.

Overall, the proposed approach demonstrates the potential
of combining 10T, edge computing, and machine learning
to transform agricultural practices in hilly regions,
contributing to sustainable and efficient farming systems.
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