
        
   International Journal of Scientific Research in Engineering and Management (IJSREM) 

                 Volume: 10 Issue: 04 | April - 2026                           SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                       DOI: 10.55041/IJSREM61022                                    |        Page 1 
 

LANDSLIDE PREDICTION WITH AN AID OF IOT 
Mohammad Sharfoddin Khatib1, Ziyad Ahmad2, Shoeb Alam3, Shoaib Sheikh4, Mohammad Tahir5, Ayan Sheikh6  

1Associate Professor, Dept. of CSE, Anjuman College of Engg. & Tech., Sadar, Nagpur, India 

2UG Scholar, Dept. of CSE, Anjuman College of Engg. & Tech., Sadar, Nagpur, India 

3UG Scholar, Dept. of CSE, Anjuman College of Engg. & Tech., Sadar, Nagpur, India 

4UG Scholar,Dept. of CSE, Anjuman College of Engg. & Tech., Sadar, Nagpur, India 

5UG Scholar,Dept. of CSE, Anjuman College of Engg. & Tech., Sadar, Nagpur, India 

6UG Scholar,Dept. of CSE, Anjuman College of Engg. & Tech., Sadar, Nagpur, India 

Emails: mskhatib@anjumanengg.edu.in, ziyadahmad@anjumanengg.edu.in, shoebalam@anjumanengg.edu.in, 

shoaibsheikh@anjumanengg.edu.in,, mohdtahir@anjumanengg.edu.in, ayansheikh@anjumanengg.edu.in 

 

Abstract 

Landslides represent a significant geohazard in mountainous and hilly topographies, often resulting in 

devastating socio-economic impacts and loss of life. Traditional monitoring techniques, which rely on manual 

observations or static threshold-based triggers, frequently lack the real-time responsiveness and predictive 

accuracy required for effective early warnings. This research proposes an Integrated IoT and Deep Learning 

framework for proactive landslide monitoring. The system utilizes a multi-sensor array—including soil 

moisture, rainfall intensity, and geomechanical vibration sensors—interfaced with an Arduino-based telemetry 

node. The core of the system is a Long Short-Term Memory (LSTM) neural network, designed to identify 

non-linear temporal dependencies and subtle environmental precursors of slope failure. A real-time, interactive 

Streamlit dashboard was developed to provide stakeholders with high-fidelity geospatial intelligence, 

including 3D topographic mapping and dynamic threat-vector analysis. When risk levels exceed critical safety 

margins, the system triggers an immediate multi-channel alert sequence. The findings demonstrate that this 

low-cost, scalable architecture provides a robust solution for geohazard monitoring in remote regions. By 

synthesizing real-time IoT telemetry with predictive AI models, this research contributes a high-accuracy and 

accessible platform for modern disaster mitigation and resilient community planning. 

Keywords: Landslide Prediction, Internet of Things (IoT), Long Short-Term Memory (LSTM), Deep 

Learning, Environmental Monitoring, Early Warning System (EWS), Real-Time Telemetry, Streamlit 

Dashboard, Geohazard Mitigation. 

1. INTRODUCTION  

Natural disasters keep making headlines, and 

honestly, it feels like they’re hitting harder and more 

often than ever. Landslides, in particular, are a huge 

problem for people living in mountains or hilly 

areas—especially when there’s heavy rain, 

earthquakes, or a lot of soil erosion. Basically, a 

landslide happens when gravity pulls soil, rocks, or  

debris downhill. It usually kicks off because 

something in the environment or underground shifts. 

The old-school way of keeping tabs on landslides? 

It’s mostly manual—people do surveys, check 

geological signs, or watch for a certain amount of 

rain. Sure, that gives you some info, but it’s slow and 

not really built for real-time action. Plus, sending 

people out into remote areas to check things out isn’t 

exactly safe or efficient. But now, with all the 

progress in IoT and machine learning, things are 

looking up. IoT lets us set up networks of sensors that 

keep an eye on stuff like soil moisture, rainfall, or 

ground shaking-all the stuff you want to know about 

if you’re worried about landslides. These sensors 

stream real-time data, which machine learning 

algorithms can pick apart to spot the early signs that 

a slope’s about to give way. 
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FIGURE 1. IoT-Based Landslide Monitoring and 

Prediction System Architecture 

 

So here’s the plan: combine IoT sensors with 

machine learning to actually predict landslides before 

they happen. The system grabs environmental data 

nonstop and looks for patterns that mean trouble. 

Everything shows up on a web dashboard built with 

Streamlit, so local officials—and even regular 

folks—can watch what’s going on and get an early 

heads-up if something’s wrong. With real-time 

warnings and constant monitoring, this setup helps 

people act before disaster strikes. It’s a big step 

toward keeping communities safer in places where 

landslides are always a threat. 

 

2. METHOD 

2.1 Related work 

Researchers have explored diverse methodologies for 

landslide monitoring and prediction, evolving from 

basic geotechnical analysis to sophisticated 

integrated systems. Early studies by researchers such 

as Pelletier focused on rainfall thresholds and 

geotechnical stability, establishing that prolonged 

precipitation and soil saturation are primary triggers 

for slope failure. However, these traditional methods 

were largely limited by manual data collection and 

lacked real-time responsiveness. With the advent of 

the Internet of Things (IoT), the focus shifted toward 

automated, real-time monitoring. Anis et al. (2023) 

implemented an IoT-based early warning system 

tailored for hilly regions, utilizing sensor networks to 

capture multivariate environmental data. 

Simultaneously,  Saroar et al. (2022) demonstrated 

the integration of smart IoT arrays with deep learning 

to handle the inherent noise in sensor telemetry. 

While these IoT systems significantly improved data 

acquisition, early iterations often struggled with the 

non-linear temporal complexity of landslide 

precursors.To address these temporal challenges, 

Deep Learning models, particularly Long Short-

Term Memory (LSTM) networks, became a focal 

point. Ma et al. (2021) conducted a comparative study 

between LSTM and Gated Recurrent Unit (GRU) 

architectures, concluding that LSTM’s memory cells 

are superior for capturing long-term dependencies in 

rainfall patterns. This was further enhanced by Huang 

et al. (2022), who introduced a dual-stage attention-

based LSTM model to prioritize the most critical 

time-series features. Recent advancements in 2024 

have seen even more specialized optimizations; for 

instance, Evangeline and Usha (2024) utilized a 

Spider Wasp Optimizer to fine-tune LSTM 

parameters specifically for frictional force 

calculations in soil. The current state-of-the-art 

research (2022–2024) emphasizes hybrid 

architectures that combine spatial and temporal 

features. Jiang et al. (2022) and Li et al. (2023) both 

proposed frameworks utilizing a combined CNN-

LSTM approach, where Convolutional Neural 

Networks (CNN) extract spatial features while 

LSTMs model the chronological sequence of events. 

Building upon this, Wang et al. (2024) integrated 

biological growth models with CNN-LSTM 

architectures to simulate dynamic slope 

displacement. To push accuracy further, Anil and 

Manjula (2024) achieved high-precision 

susceptibility mapping by integrating SAM-

Attention mechanisms into hybrid models. Despite 

these technological leaps, practical challenges such 

as high deployment costs and limited connectivity in 

remote terrain remain. Davoodi and Kiani (2021) 

addressed some of these issues by implementing deep 

learning models at the "Edge," allowing for localized 

processing to reduce power consumption and cloud 

dependency. This research aims to bridge the 

remaining gaps by developing a cost-effective, high-

accuracy system that integrates IoT-based real-time 

telemetry with an optimized LSTM engine and a 

modern 3D visualization dashboard. 

 

2.2 Problem Statement 

Landslides pose a serious threat in hilly and 

mountainous regions, leading to loss of life, property 

damage, and environmental harm. Traditional 

monitoring methods, such as manual surveys and 

basic threshold systems, are often slow, inaccurate, 

and unable to provide timely warnings. These 

approaches fail to detect early and subtle changes in 

environmental conditions, and monitoring remote 

areas is both difficult and unsafe. As a result, many 

communities remain vulnerable to sudden landslides 

without proper alerts. 

Therefore, there is a need for a reliable and real-time 

landslide prediction system. By using IoT sensors and 

Machine Learning, environmental data can be 
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continuously monitored and analyzed to detect early 

disaster preparedness and reduce potential damage. 

 

2.3 Aim and Objectives 

Aim: 

This research sets out to build a real-time landslide 

monitoring and prediction system. We’re using IoT 

sensors and machine learning to keep an eye on 

places where landslides tend to happen. These 

sensors track things like soil moisture, rainfall, and 

ground vibrations—basically, anything that could 

signal trouble. Then, machine learning steps in to sift 

through all that data, spot patterns, and predict if a 

landslide is about to hit. 

 

Objectives: 

• To develop a real-time landslide 

monitoring system using Internet of 

Things (IoT) sensors.  

• To collect and monitor environmental 

parameters such as soil moisture, rainfall 

intensity, and ground vibrations in 

landslide-prone areas. 

• To implement machine learning 

algorithms to analyze sensor data and 

predict potential landslide occurrences. 

• To generate early warning alerts and 

notifications to help authorities and 

residents take preventive actions.  

• To create a low-cost, scalable, and 

efficient system that can be deployed in 

remote and resource-limited regions. 

2.4   Proposed Approach 
The proposed system uses IoT sensors such as soil 

moisture, rainfall, and vibration sensors connected to 

an Arduino UNO to collect real-time environmental 

data. This data is analyzed using a Machine Learning 

model to predict the possibility of landslides. A 

Streamlit dashboard displays live data and prediction 

results, while alerts are sent instantly when abnormal 

conditions are detected. This approach enables early 

warning and helps reduce the impact of landslides, 

especially in high-risk areas. 

 

2.5 System Modules 

  

Hardware Components 

Arduino UNO: The Arduino UNO sits at the heart of 

the system, acting as the main controller. It gathers 

info from all the sensors, processes the data, and then 

sends everything on for deeper analysis. 

Soil Moisture Sensor: This sensor checks how much 

moisture is in the soil. If the soil gets too wet, it means 

there’s water saturation—a key warning sign for 

possible landslides. 

Rainfall Sensor: The rainfall sensor measures both 

how much and how hard it’s raining. Heavy rain adds 

weight to the ground and makes conditions less 

stable, so tracking this is crucial for predicting 

landslides. 

Buzzer: (Alert System) When the system spots 

dangerous conditions, the buzzer goes off to warn 

people nearby right away. It’s a direct, immediate 

way to get the message out. 

Power Supply: The power supply keeps the Arduino 

and all the sensors running non-stop. It makes sure 

the system is always monitoring, without any 

interruptions. 

 
Figure 2. Hardware Components and its connections 

 

Software Tools & Libraries 

Python (v3.10+): The primary programming 

language used for the entire system development. Its 

extensive support for scientific computing and 

machine learning libraries makes it the ideal choice 

for geological data processing. 

 

TensorFlow & Keras: Used to design, train, and 

deploy the Long Short-Term Memory (LSTM) neural 

network. It enables the system to handle complex 

time-series sequences of sensor data for high-

accuracy risk prediction. 

 

Scikit-Learn: Utilized for data pre-processing tasks, 

such as feature scaling using MinMaxScaler, and for 

implementing the Random Forest baseline model 

used for performance comparison. 
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Streamlit: A powerful framework used to build the 

Real-Time Web Dashboard. It converts Python 

scripts into an interactive user interface, allowing for 

live monitoring of sensor telemetry and AI inference 

results. 

 

Plotly & PyDeck: These libraries are used for 

advanced data visualization. Plotly handles the 

dynamic risk gauges and radar charts, while PyDeck 

provides high-performance 3D Geospatial mapping 

to visualize the terrain context. 

 

 

Pandas & NumPy: Essential libraries for structured 

data manipulation. They are used for managing the 

50-year synthetic dataset and performing real-time 

mathematical calculations on sensor inputs. 

 

Joblib: Used for model and scaler persistence, 

ensuring that the trained LSTM weights and 

normalization parameters are saved and loaded 

correctly during real-time deployment. 

 

2.6 System Flow 

Figure 3. System Flow Of Model 

 

1. Data Acquisition & Pre-processing 

Environmental sensors (Rainfall, Soil Moisture, and 

Temperature) continuously monitor slope conditions. 

These analog readings are converted to digital signals 

by the Arduino microcontroller and transmitted via a 

serial bridge. Before analysis, the raw data undergoes 

MinMaxScaler normalization to ensure all features 

are on a consistent scale for the neural network. 

 

2. IoT-to-AI Integration (Sliding Window) 

Unlike basic systems, our flow involves creating a 

Temporal Sequence (Sliding Window of 10 steps). 

This means the system doesn't just look at the current 

reading; it bundles the last 10 data points into a single 

"state" for the model. This allows the system to 

understand the rate of change in soil saturation and 

rainfall over time. 

 

3. Deep Learning Inference (LSTM Engine) 

The pre-processed data sequence is fed into the 

LSTM (Long Short-Term Memory) model. The 

model processes these sequences through multiple 

hidden layers to calculate a Landslide Probability 

Score (0-100%). Based on this score, the system 

classifies the current state into three risk levels: Safe 

(<35%), Warning (35-65%), or Critical (>65%). 

 

4. Real-time Visualization & 3D Mapping 

The results are pushed to an interactive Streamlit 

Dashboard. The dashboard visualizes the data 

through: 

 

• 3D Topographic Maps: Showing the 

geospatial context of the sensor node. 

• Radar Charts: Highlighting which specific 

environmental factor (e.g., rainfall intensity 

vs. soil moisture) is driving the current risk. 

• Live Trend Graphs: Displaying real-time 

sensor telemetry. 

 

5. Multi-Channel Alert System 

If the risk level enters the 'Critical' zone, the system 

triggers a prioritized alert sequence: 

 

• Hardware Alert: An on-site buzzer or LED 

indicator connected to the microcontroller. 

• Software Alert: A persistent, high-visibility 

notification on the web dashboard. 

• Remote Notification: Future-ready for 

GSM/SMS alerts to local authorities and 

residents. 

 

3. RESULTS AND DISCUSSION  

3.1 Results  

The proposed landslide prediction system was 

subjected to rigorous testing across simulated 

environmental scenarios to evaluate its predictive 

accuracy and responsiveness. The integrated Deep 

Learning engine successfully tracked multivariate 

environmental fluctuations and identified non-linear 

patterns associated with slope instability. 

Comparative analysis indicates that the sequence-

based LSTM model significantly outperforms 

traditional threshold-based detection methods by 

reducing false positives and providing a higher 

degree of predictive confidence. The real-time 

synchronization between the IoT sensor layer and the 

Streamlit dashboard ensured minimal latency in data 

visualization and alert triggering.  
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Figure 4. Landslide Risk Prediction Dashboard – 

Safe/Low-Risk Output 

 

As illustrated in Figure 4, the system displays the 

telemetry output under stable environmental 

conditions (Safe State). In this scenario, the primary 

risk vectors—such as rainfall intensity and soil 

saturation—remain below critical thresholds. The 

LSTM model processes these inputs to generate a 

low-probability score of 23.0%, resulting in a green 

"SAFE" status on the dashboard. This validation 

confirms the system’s ability to maintain stability and 

prevent unnecessary alarms during normal weather 

patterns. 

 

 
Figure 5. Landslide Risk Prediction Dashboard – 

Warning/Elevated-Risk Output 

 

Figure 5 demonstrates the system’s responsiveness to 

shifting environmental parameters. In this trial, an 

increase in antecedent moisture and simulated rainfall 

intensity led to a significant escalation in the risk 

index. The deep learning engine identified these 

patterns as precursors to potential slope failure, 

updating the probability score to 52.8%. 

Consequently, the dashboard transitioned to a 

"WARNING" state (Amber theme), activating the 

visual alert system. This highlights the system’s 

capability to provide early situational awareness well 

before a critical failure occurrence. 
 

3.2 Discussion 

The experimental findings demonstrate that the 

integration of Internet of Things (IoT) with Deep 

Learning architectures (LSTM) significantly 

enhances the reliability of landslide early warning 

systems. Unlike traditional threshold-based triggers, 

which often suffer from high false-alarm rates, the 

proposed system leverages Temporal Dependencies. 

By analyzing sequences of environmental data over a 

rolling window, the LSTM model can distinguish 

between transient weather fluctuations and genuine 

landslide precursors. 

 

A key highlight of this implementation is the 

Geospatial and Multi-Vector Visualization. The 

inclusion of 3D topographic maps and radar charts on 

the Streamlit dashboard provides a multidimensional 

view of risk factors. This is particularly crucial for 

decision-makers, as it identifies which specific 

parameter—be it intense rainfall or saturated soil—is 

currently driving the instability, allowing for more 

targeted mitigation strategies. 

 

However, Environmental noise and potential 

hardware failures can introduce outliers into the 

inference engine. While current scaling methods 

(MinMaxScaler) mitigate some variance, future 

iterations could incorporate Kalman Filters or 

hardware-level error correction to improve signal-to-

noise ratios. 

 

Overall, the project presents a Scalable and Cost-

Effective Solution. By utilizing open-source 

frameworks like Python and TensorFlow alongside 

affordable IoT hardware, we have demonstrated that 

advanced disaster monitoring can be deployed in 

resource-constrained hilly regions. This system 

provides a robust blueprint for developing localized, 

high-accuracy early warning nodes to reduce the 

socio-economic impacts of landslides. 

 

CONCLUSION 

In this research, we successfully developed a Cost-

Effective, IoT-based Landslide Prediction System 

powered by a Long Short-Term Memory (LSTM) 

neural network. The system provides real-time 

situational awareness through a 3D-enhanced 

Streamlit Dashboard, allowing for effective risk 

communication. By synthesizing data from soil, rain, 

and vibration sensors, our model can identify 

potential slope failure precursors well before 

disasters occur. The integration of affordable 

hardware and open-source software makes this 

system highly Scalable for remote and resource-

constrained regions. Future enhancements, such as 

GSM-cloud synchronization and advanced satellite 

data integration, can further refine its accuracy. 
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   International Journal of Scientific Research in Engineering and Management (IJSREM) 

                 Volume: 10 Issue: 04 | April - 2026                           SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                       DOI: 10.55041/IJSREM61022                                    |        Page 6 
 

Ultimately, this project serves as a robust and 

practical foundation for modern geohazard 

monitoring, with the primary goal of safeguarding 

lives and property in high-risk topographies. 
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