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Abstract:

Landslides are among the most devastating natural disasters worldwide, causing significant loss of life and
infrastructure damage in hilly and mountainous regions. This paper presents the design and implementation
of a low-cost, real-time landslide detection and early warning system based on the Internet of Things (IoT)
framework. The proposed system integrates multiple heterogeneous sensors — including soil moisture
sensors, vibration sensors (piezoelectric), tilt sensors, rain gauges, and temperature-humidity modules —
deployed across vulnerable slopes. Sensor data is collected by microcontroller nodes (ESP32/Arduino) and
transmitted wirelessly via LoORaWAN or Wi-Fi to a cloud-based IoT platform (ThingSpeak/Blynk). A
threshold-based machine learning algorithm processes incoming sensor data to classify risk levels (Normal,
Warning, Critical) and triggers automated SMS/email alerts and visual alarms. Experimental results from
a prototype deployment demonstrate a detection accuracy of 94.7%, alert latency below 2 seconds, and
system uptime exceeding 98% over a 30-day evaluation period. The proposed system offers a scalable,
affordable, and energy-efficient solution for real-time landslide monitoring in remote and resource-
constrained environments.

Keywords: Landslide detection, IoT, early warning system, ESP32, LoRaWAN, soil moisture,
vibration sensor, disaster management.
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The primary challenge in landslide disaster
management is the absence of reliable, timely, and
cost-effective  early = warning mechanisms.

1. INTRODUCTION
Landslides are geological hazards that occur when

masses of rock, earth, or debris flow down a slope
due to gravity, triggered by natural phenomena
such as heavy rainfall, earthquakes, or volcanic
activity. According to the United Nations Office
for Disaster Risk Reduction (UNDRR), landslides
account for approximately 17% of all fatalities
resulting from natural disasters globally, claiming
thousands of lives annually and causing billions of
dollars in economic damages. Countries with
extensive mountainous and hilly terrain —
including India, Nepal, China, Japan, and several
South American nations — are particularly
vulnerable to frequent and catastrophic landslide
events.

Conventional geological monitoring methods rely
on expensive equipment such as GPS receivers,
extensometers, and ground-penetrating radar,
which are often impractical for widespread
deployment in remote or developing regions.
Additionally, manual data collection introduces
significant delays, reducing response time and
increasing risk to both residents and rescue
personnel.

The emergence of the Internet of Things (IoT) has
created  transformative opportunities in
environmental sensing, disaster monitoring, and
smart infrastructure. IoT-enabled systems can
continuously acquire real-time data from spatially
distributed sensor nodes, transmit information over
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wireless networks, and execute automated
responses with minimal human intervention. When
applied to landslide monitoring, loT frameworks
allow for dense sensor deployment across hazard-
prone slopes at a fraction of the cost of traditional
methods.

This paper proposes and evaluates a
comprehensive loT-based landslide detection and
early warning system that addresses the limitations
of existing approaches. The system leverages a
multi-sensor fusion architecture to monitor critical
environmental parameters — including soil
moisture content, slope displacement, vibration
intensity, and rainfall — and applies threshold-
based classification logic to identify landslide
precursors. Automated alert mechanisms ensure
that communities in affected areas receive timely
warnings, enabling orderly evacuation and
emergency response.

1.1 Motivation: The motivation for this research
stems from the inadequacy of existing monitoring
infrastructure in high-risk regions, particularly in
developing countries where  governmental
investment in disaster-preparedness technology is
limited. A scalable, low-power, and affordable [oT
system represents a viable pathway to closing this
critical gap in disaster mitigation capability.

1.2 Objectives: The key objectives of this research
are: (1) to design a multi-sensor IoT node capable
of monitoring landslide-related parameters; (2) to
develop a cloud-based data processing and alert
generation platform; (3) to evaluate system
performance in terms of detection accuracy, alert
latency, power consumption, and communication
reliability; and (4) to demonstrate the feasibility of
deploying the system in real-world conditions.

2. LITERATURE REVIEW

Several research efforts have addressed the
problem of landslide monitoring and early warning
using sensor-based and IoT approaches. This
section reviews representative works and identifies
research gaps that this paper seeks to address.

Intrieri et al. (2012) presented a comprehensive
review of landslide early warning systems,
categorizing them into rainfall threshold-based
systems and displacement monitoring systems.
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While effective in controlled environments, these
systems lacked real-time wireless data
transmission capabilities that [oT enables. Baum
and Godt (2010) investigated rainfall thresholds for
shallow landslides in the United States, providing
foundational insights into soil saturation
mechanisms that inform sensor selection in the
present work.

Ramesh (2014) developed a wireless sensor
network (WSN) for landslide detection in India
using ZigBee communication, demonstrating the
potential of low-power wireless protocols for
environmental monitoring. However, the system's
ZigBee range was limited, and cloud integration
was absent. Depari et al. (2017) proposed an [oT-
based monitoring system using MEMS
accelerometers and a Raspberry Pi gateway,
achieving real-time slope displacement data
visualization via a web dashboard. Their work
validated the utility of IoT frameworks but did not
incorporate soil moisture or rainfall sensing.
Balogun et al. (2020) evaluated machine learning
techniques — including Support Vector Machines
(SVM) and Random Forests — for landslide
susceptibility mapping using geospatial data.
While their approach achieved high predictive
accuracy at regional scales, it was not designed for
real-time field deployment. More recently, Xu et al.
(2022) demonstrated a LoRaWAN-based sensor
network for landslide monitoring in mountainous
China, emphasizing long-range communication
with low power consumption. Their architecture
informed the wireless design choices in the present
system.

The review reveals that while individual aspects of
IoT-based landslide monitoring have been
addressed in isolation, a holistic system integrating
multi-sensor  fusion, cloud analytics, and
automated alert generation with empirical
performance evaluation remains underexplored.
The present work bridges these gaps by delivering
a complete end-to-end system validated through
rigorous experimentation.
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3. PROPOSED SYSTEM ARCHITECTURE

The proposed IoT-based landslide detection
system is organized into three functional layers: (1)
the Sensing and Acquisition Layer, (2) the
Communication and Networking Layer, and (3) the
Cloud Processing and Alert Layer. This layered
architecture ensures modularity, scalability, and
fault tolerance.

3.1 Sensing and Acquisition Layer

The sensing layer consists of IoT sensor nodes
deployed at strategic points along vulnerable
slopes. Each node integrates the following sensors:

* Capacitive  Soil  Moisture  Sensor
(SKU:SENO0193): Measures volumetric
water content of soil. Soil saturation is the
leading precursor to slope failure.

« SW-420 Vibration/Tilt Sensor: Detects
micro-vibrations and slope inclination
changes indicative of ground movement.

Sensitivity  adjustable  via  onboard
potentiometer.

+ MMASB452Q  3-Axis  Accelerometer:
Provides  high-resolution  tilt  and

acceleration measurements for detecting
sudden slope displacements.

* YL-83 Rain Gauge Module: Quantifies
real-time rainfall intensity, enabling
correlation with soil saturation dynamics.

« DHT22 Temperature-Humidity Sensor:
Monitors ambient conditions to account for
freeze-thaw cycles and evapotranspiration
effects on soil moisture.

Each sensor node is built around an ESP32
microcontroller, which  provides dual-core
processing (240 MHz), integrated Wi-Fi (802.11
b/g/n) and Bluetooth 4.2, 34 GPIO pins, and 12-bit
ADC resolution — making it well-suited for multi-
sensor data acquisition. A 3.7V LiPo battery
coupled with a TP4056 charging module and a 5SW
solar panel provides autonomous power operation.
The node is housed in an [P67-rated enclosure for
outdoor weather resistance.
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3.2 Communication and Networking
Layer

Data from sensor nodes is transmitted using two
complementary wireless protocols based on
deployment context. In urban or semi-urban areas
with Wi-Fi infrastructure, the ESP32's onboard
Wi-Fi module transmits data directly to the cloud
at l-minute intervals during normal operation,
switching to S5-second intervals when sensor
readings exceed warning thresholds. In remote
mountainous regions lacking Wi-Fi coverage,
LoRa (Long Range) radio modules (SX1278, 433
MHz) are attached to each node, with data
aggregated by a LoRaWAN gateway connected to
the internet via 4G/LTE. LoRa supports
communication ranges of 2—15 km with power
consumption below 40 mA during transmission.
An MQTT (Message Queuing Telemetry
Transport) protocol is employed for lightweight,
bidirectional communication between nodes and
the cloud broker. MQTT's publish-subscribe model
minimizes bandwidth usage and supports Quality
of Service (QoS) levels appropriate for reliability-
critical applications.

3.3 Cloud Processing and Alert Layer

Sensor data streams are ingested by a cloud IoT
platform (ThingSpeak) for real-time storage,
visualization, and analysis. MATLAB Analytics
scripts running on ThingSpeak apply the multi-
parameter threshold classification algorithm
described in Section 4. Upon threshold breach, the
system triggers automated alerts through three
complementary channels:

* SMS Alerts: Dispatched via Twilio API to
registered community leaders and
emergency management officials within 2
seconds of threshold breach.

* Email Notifications: Sent via SMTP to
disaster management authorities with
detailed sensor readings and risk
classification.

* On-site Alarm: A buzzer and high-visibility
LED array on each node activates
immediately upon  local threshold
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detection, providing on-site acoustic and
visual warning.

* Web Dashboard: Real-time sensor
readings, historical charts, and alert logs are
visualized on a responsive web dashboard
accessible from any device.

4. DETECTION ALGORITHM

The landslide risk classification algorithm employs
a multi-parameter threshold-based decision
framework derived from empirical soil mechanics
data and field observations. Each sensor parameter
is normalized and assigned a weighted risk score.
The overall risk index (RI) is computed as:

RI=w1:‘SM + w2:-VB + w3-TL + w4-RF +
w5-AC
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5. IMPLEMENTATION AND
EXPERIMENTAL ° SETUP

A prototype system was fabricated and deployed in
a controlled slope environment at a university test
site. Three sensor nodes were installed at vertical
intervals of 5 meters along a 15-meter slope with
soil composition comprising sandy loam (60%)
and clay (40%). The LoRaWAN gateway was
positioned 800 meters from the monitoring site.

5.1 Hardware Assembly

Each sensor node PCB was custom-designed using
KiCad EDA software and fabricated via a
commercial PCB service. Components were
assembled using lead-free soldering. The complete
bill of materials for a single node is presented in
Table 2.

Where SM = Soil Moisture Index, VB = Vibration
Intensity, TL = Tilt Angle, RF = Rainfall Rate, AC
= Acceleration Magnitude, and wl-wS5 are
empirically  derived weighting coefficients
(w1=0.30, w2=0.20, w3=0.20, w4=0.20, w5=0.10)
reflecting the relative significance of each
parameter in slope instability.

Risk Risk | Action Alert

Level Index | Triggered | Type
(RD)

Normal | 0.00 — | Continue None
0.39 monitoring

Caution | 0.40 — | Increased Dashboard
0.59 sampling flag

rate

Warning | 0.60 — | Alert SMS +
0.79 authorities | Email

Critical | 0.80 — | Immediate SMS +

1.00 | evacuation Alarm +
Email

Table 1: Risk Classification Thresholds

The algorithm also implements a temporal
consistency check: a Critical risk level is only
declared if the RI exceeds 0.80 for three
consecutive readings, reducing false positives
caused by transient sensor noise. This hysteresis
mechanism improved precision from 87.3% to 94.7%
in testing.

Component | Model / Quantit | Unit
Specification |y Cos
t
(US
D)
Microcontroll | ESP32- 1 $4.5
er WROOM-32 0
Soil Moisture | Capacitive 2 $3.2
Sensor SKU:SENO019 0
3
Vibration SW-420 1 $0.8
Sensor 0
Acceleromete | MMA8452Q | 1 $2.5
r 3-axis 0
Rain Gauge | YL-83 1 $1.5
Module 0
Temp/Humidi | DHT22 1 $1.8
ty Sensor 0
LoRa Module | SX1278 433 1 $5.0
MHz 0
Solar Panel 5W, 6V 1 $6.0
0
LiPo Battery | 3.7V, 5000 1 $8.0
mAh 0
Enclosure IP67 ABS, 1 $7.5
200x120 mm 0
Miscellaneou | PCB, wiring, | — $4.2
S connectors 0
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Total Per $45.
Node 00

Table 2: Bill of Materials (Per Node)

5.2 Software Implementation

Firmware was developed in C++ using the Arduino
IDE framework for ESP32. The MQTT client
library (PubSubClient) was integrated for cloud
communication. Sensor data is read every 60
seconds during normal operation. The ThingSpeak
platform stores and visualizes data; custom
MATLAB analysis scripts run the RI calculation
every 5 minutes and trigger alerts via integrated
webhooks connected to Twilio (SMS) and
SendGrid (email) APIs.

6. RESULTS AND DISCUSSION

The system was evaluated over a 30-day
continuous deployment period. Performance was
assessed across four key metrics: detection
accuracy, alert latency, power consumption, and
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false positives, which occurred predominantly due
to vibration sensor noise induced by wind gusts.
False negatives were observed in two cases where
initial soil moisture readings were anomalously
low due to sensor hysteresis.

Alert latency of 1.8 seconds (average)
demonstrates the system's capability to deliver
near-real-time warnings. The maximum observed
latency was 4.1 seconds during periods of high
network congestion, still within acceptable bounds
for  evacuation  decision-making. Power
consumption of 180 mW per active node enabled a
battery life of 6.2 days without solar charging,
providing operational continuity during extended
cloudy periods. The total system cost of USD $135
(3 nodes + gateway) represents a significant cost
reduction compared to commercial landslide
monitoring systems, which typically cost $5,000—
$50,000.

6.1 Comparison with Existing Systems

communication reliability. Table 3 summarizes the Refer | Commun | Sen | Accu | Cost | Clou
overall performance results. ence | ication sors | racy d
Performance Metric | Result Target / Inte
Benchma grati
rk on
Detection Accuracy 94.7% >90% Rame | ZigBee Soil, | ~88% | High | No
False Positive Rate 2.1% <5% sh Tilt
False Negative Rate 3.2% <5% (2014
Alert Latency 1.8 <3 )
(average) seconds seconds
Communication Packet | 1.4% <5%
Loss Depar | Wi-Fi ME | ~91% | Medi | Parti
System Uptime 98.3% >95% ietal MS um al
Node Battery Life 6.2 days | >5 days (2017 Acc
(solar off) ) el
Power Consumption 180 mW | <250 mW
(active)
Data Logging 99.1% >98% Xuet | LoRaWA | Acc | ~93% | Medi | Yes
Reliability al. N el, um
Table 3: System Performance Summary (2022 GPS
Detection accuracy of 94.7% was achieved across )

20 simulated landslide events (conducted by
controlled water injection to saturate soil) and 180
normal monitoring sessions. The temporal
consistency filter was instrumental in reducing
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Propo | Wi-Fi/ 5 947 | Low | Full
sed LoRaWA | Sens | % ($45/

Syste | N or node)
m Typ
es

Table 4: Comparative Analysis with Related
Works

The comparative analysis demonstrates that the
proposed system achieves the highest detection
accuracy among reviewed works  while
maintaining the lowest per-node cost and offering
full cloud integration with automated alerting —
capabilities not simultaneously achieved in prior
systems.

7. LIMITATIONS AND FUTURE WORK

Despite promising results, several limitations of
the current implementation warrant
acknowledgment. First, the prototype was
evaluated at a single controlled test site;
performance in diverse geological and climatic
conditions remains to be validated. Second, the
threshold-based classification algorithm, while
effective, may require site-specific calibration,
limiting plug-and-play deployability. Third, long-
term sensor drift and corrosion in high-moisture
environments may degrade measurement accuracy
over multi-year deployments.

Future work will address these limitations through:
(1) deployment at multiple real-world landslide-
prone sites across different geographic regions; (2)
integration of a federated learning algorithm
enabling site-specific model adaptation without
data centralization; (3) incorporation of seismic
sensors and GPS modules for enhanced
displacement monitoring; and (4) development of
a dedicated Android/iOS mobile application for
community-facing alerts with map visualization.
Additionally, energy harvesting optimization using
maximum power point tracking (MPPT) will be
explored to further extend node autonomy.
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8. CONCLUSION

This paper has presented a comprehensive loT-
based landslide detection and early warning system
integrating multi-sensor data acquisition, wireless
communication, cloud-based analytics, and
automated alert generation. The system was
designed with the dual objectives of high detection
performance and low deployment cost, making it
accessible for implementation in developing and
remote regions most vulnerable to landslide
hazards.

Experimental evaluation over a 30-day deployment
period demonstrated a detection accuracy of 94.7%,
an average alert latency of 1.8 seconds, system
uptime of 98.3%, and a per-node cost of USD $45
— representing a compelling combination of
performance and affordability. The multi-
parameter fusion approach, incorporating soil
moisture, vibration, tilt, rainfall, and temperature-
humidity sensing, proved effective in capturing the
complex and interdependent precursors to slope
failure.

The proposed system makes a meaningful
contribution toward the development of scalable,
sustainable, and community-deployable landslide
early warning infrastructure. It is anticipated that
wider adoption of such IoT-based systems,
supported by government disaster management
agencies, can substantially reduce landslide-related
casualties and economic losses in high-risk regions
worldwide.
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