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Landslides are among the most destructive natural hazards, causing extensive damage to
infrastructure, ecosystems, and human lives worldwide. Conventional monitoring and
prediction methods often face challenges such as limited scalability, delays in data
acquisition, and inadequate predictive accuracy. This review presents a next-generation
framework for landslide prediction that integrates Internet of Things (10T) sensor networks,
remote sensing, edge artificial intelligence (Al), and quantum computing. 10T devices
deployed in high-risk areas continuously capture critical geotechnical and environmental
parameters, including soil moisture, pore pressure, slope inclination, and ground vibrations.
When loT data is incomplete or compromised, real-time satellite imagery provides
complementary large-scale monitoring, enabling terrain mapping and deformation
detection. Edge Al facilitates immediate local processing of heterogeneous sensor data,
reducing latency and enabling rapid alerts for imminent landslide threats. Quantum
computing enhances this framework by accelerating model training, optimizing complex
predictive algorithms, and enabling efficient analysis of massive satellite and geospatial
datasets. By synergistically combining these technologies, the proposed framework achieves
a scalable, intelligent, and adaptive landslide prediction system capable of real-time
forecasting. The review examines state-of-the-art advancements in loT-enabled monitoring,
satellite-based observation, edge Al analytics, and quantum-assisted computation,
highlighting their individual contributions, integration strategies, and limitations. Critical
challenges such as sensor reliability, data fusion complexities, computational constraints,
and quantum hardware maturity are discussed alongside potential mitigation strategies. This
integrated approach offers the potential to substantially improve landslide prediction
accuracy, reduce response time, and support proactive disaster management, representing a
transformative step toward intelligent early-warning infrastructures

Copyright ©2025 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
By under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

Landslides, defined as the sudden movement of rock, soil, or debris down a slope, pose significant threats to human life,
infrastructure, and the environment, particularly in mountainous and hilly regions [1], [2]. Each year, thousands of fatalities and substantial
economic losses are reported globally due to landslides [3]. The increasing frequency of extreme weather events, driven by climate
change, has further exacerbated landslide risks, highlighting the urgent need for effective prediction and early warning systems [4].
Traditional prediction approaches, such as historical records, field inspections, and empirical models, provide baseline assessments but
are often constrained by low temporal resolution, sparse spatial coverage, and reliance on expert judgment [5]. Consequently, automated,
real-time, and data-driven frameworks capable of integrating heterogeneous data sources are essential to provide timely alerts [6].
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Recent advances in remote sensing, 10T technologies, and machine learning have significantly improved landslide monitoring and
prediction. Continuous environmental measurements from sensor networks—such as soil moisture sensors, inclinometers, and rainfall
gauges—enable better situational awareness [6], [7]. Machine learning models, including Random Forest, SVM, and deep learning
approaches, have demonstrated promising predictive performance on multi-source landslide data [8]. However, critical gaps remain: most
models do not simultaneously integrate 10T sensor data with high-resolution satellite imagery [9]; cloud-based ML systems struggle to
provide immediate on-site predictions, limiting real-time early warning capabilities [10]; and conventional Al models often lack
scalability and computational efficiency for large-scale deployments [11].

These challenges necessitate a novel framework combining 10T, edge Al, and quantum computing to enhance predictive accuracy,
responsiveness, and computational efficiency [12], [13]. The main objectives of this study are to integrate heterogeneous data sources,
implement edge Al for immediate on-device processing, leverage quantum-assisted predictive models for optimized forecasting, and
evaluate the proposed framework against state-of-the-art methods using real-world datasets. The proposed framework is shown in Figure
1. There are two parts in proposed framewok namely: In Figure 1(a) Immediate local and long term global insight response and Figure
1(b) Landslide Prediction. The contributions include: (1) a hybrid architecture combining 10T, remote sensing, edge Al, and quantum
computing, (2) a real-time early warning system capable of on-site decision-making, and (3) quantitative analyses demonstrating superior
accuracy and computational efficiency compared to traditional methods [14], [15].

Landslide Prediction
IMMEDMATE LOCAL RESPONSSE
7 \ Edge Al Immediate
. () . Gy s 10T Sensore Processing | | Local Alerts
. |
Satellite Images | Centralized | »| Long-Term
+ Sensor Data Server Predictions
LONG-TERM GLOBAL INSIGHTS & RESPONSE - ’ l -
. @ — i iR [ Authorities / Population
it s o Wtettinsminttatn Decision Support &
Emergency Response

(a) (b)
Figure 1: (a) Immediate local and long term global insight response (b) Landslide Prediction of Proposed Framework.
Source: Authors, (2025).

Il. RELATED WORK
1.1 TRADITIONAL LANDSLIDE PREDICTION APPROACHES

Early methods relied on empirical and statistical models, including factor-of-safety analysis, landslide susceptibility mapping,
and logistic regression [16], [17]. While effective locally, these approaches are static, dependent on expert calibration, and unsuitable
for large-scale, real-time prediction [5].

11.2 REMOTE SENSING-BASED METHOD

Satellite imagery, LIDAR, and UAV photogrammetry allow large-scale terrain analysis and temporal monitoring [18],
[19]methods identify landslide-prone areas, soil moisture patterns, and vegetation changes. Limitations include cloud interference,
seasonal variations, and computational intensity [20].

11.3 MACHINE LEARNING-BASED APPROACHES

Machine learning significantly improves predictive accuracy but often focuses on either spatial or temporal data, rarely
integrating both [21].With the advent of machine learning, several predictive models have been proposed. The accuracy of model is shown

in Table:1.
Table 1: Litreture Review Summary.

Method Data Type | Accuracy (%) Strengths Limitations
Random Forest Geological, 88-91 Handles multi-dimensional Requires feature engineering,
[Pradhan, Lee 2010] Rainfall data, robust to noise slower for real-time prediction
SVM Soil, Slope, 85-89 Good for small datasets, Computationally intensive for
[Pourghasemi, Pradhan, Gokceoglu 2012] Rainfall high classification accuracy large datasets
CNN-based Deep Learning Satellite 92-94 Automatically extracts Requires large labeled datasets,
[Gupta, Pradhan, Buchroithner 2019] Images features, high accuracy high GPU usage
LSTM Rainfall 90-93 Captures temporal Cannot directly integrate multi-
[Zhang, Xie, Li 2021] Time Series dependencies modal data

Source: Authors, (2025).
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11.4 OBSERVATION FROM MACHINE LEARNING-BASED LANDSLIDE PREDICTION

Machine learning has significantly enhanced the predictive accuracy of landslide models compared to traditional statistical and
empirical approaches by automatically learning complex relationships between environmental variables and landslide occurrences, ML
algorithms reduce reliance on expert judgment and improve model robustness. However, a key limitation remains: most models focus
predominantly on either geospatial or temporal data, rarely combining both to fully capture the dynamic nature of landslide processes.
Moreover, real-time processing of large-scale, high-resolution datasets continues to pose a challenge due to the computational intensity
of state-of-the-art ML and deep learning models.

1.5 10T AND EDGE Al IN LANDSLIDE PREDICTION

Recent research has explored the potential of 10T sensor networks to facilitate continuous environmental monitoring. Sensors
measuring soil moisture, rainfall, ground inclination, and seismic activity generate real-time data streams that can inform predictive
models. The integration of Edge Al enables local processing of sensor data directly on devices, significantly reducing latency and
minimizing dependency on centralized servers [22].

The main advantages of this approach include:

¢ Real-time monitoring and immediate alerts, which are critical for early-warning systems.
¢ Reduced bandwidth usage and faster decision-making by performing computations locally.
o Scalability, allowing deployment across multiple regions without overwhelming central servers.

Despite these benefits, challenges remain. Edge devices often have limited computational resources, restricting the complexity
of models that can be deployed. Additionally, integrating 10T sensor data with high-resolution satellite imagery or other large datasets is
non-trivial, requiring sophisticated data fusion techniques and efficient algorithms to maintain real-time responsiveness.

11.6 QUANTUM COMPUTING FOR PREDICTIVE MODELING

Quantum computing has emerged as a promising solution for complex optimization and high-dimensional predictive tasks [23].
In the context of landslide prediction, quantum-assisted machine learning can:

e Accelerate model training for large-scale datasets.
e  Optimize predictive models by effectively integrating multi-modal data sources.
e Enhance classification accuracy by exploiting high-dimensional feature spaces inaccessible to classical algorithms.

However, quantum computing is still in its early experimental stages. Practical deployment is constrained by the need for
specialized hardware and hybrid quantum-classical architectures, which are not yet widely accessible for real-world landslide monitoring.

11.7 RESEARCH GAPS AND OPPORTUNITIES
From the existing literature, several research gaps are apparent:

1. Data integration: Few studies successfully combine 10T sensor data with satellite imagery or historical geological datasets for
comprehensive, real-time prediction.

2. Real-time decision-making: Cloud-based machine learning methods often struggle to provide immediate alerts due to latency
and computational demands.

3. Computational efficiency: High-resolution, multi-source datasets challenge conventional ML frameworks, limiting
scalability.

4. Hybrid architectures: Research on integrating 10T, Edge Al, and quantum computing into a unified prediction framework
remains limited.

These gaps present an opportunity to develop hybrid frameworks that leverage 10T, Edge Al, and quantum computing, enabling
real-time, accurate, and scalable landslide prediction. Such frameworks have the potential to overcome current limitations, providing
rapid alerts and enhancing disaster preparedness.

I1l. METHODOLOGY

111.1 OVERVIEW OF PROPOSED FRAMEWORK

To address the limitations identified in current landslide prediction methods, we propose a hybrid predictive framework that
synergistically integrates 10T sensor networks, Edge Al processing, and quantum-assisted machine learning. The framework is designed
to provide real-time, accurate, and scalable landslide prediction, combining high-frequency environmental monitoring with advanced
computational intelligence. The coceptual architecture of proposed system is shown in Figure 2.
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NEXT-GENERATION METHODOLOGICAL FRAMEWORK
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Figure 2: The conceptual architecture of the proposed system.
Source: Authors, (2025).

At a high level, the framework operates in three stages:

1. Data Acquisition and Preprocessing via 10T sensors.

2. Edge Al Processing for local anomaly detection and early warnings.

3. Quantum-Enhanced Predictive Modeling on centralized servers for large-scale, multi-modal data analysis and long-term
prediction refinement .

111.2 DATA COLLECTION AND DATASET DESCRIPTION

The framework relies on a combination of 10T sensor networks and satellite-derived geospatial datasets. 10T sensors are deployed
across landslide-prone regions to continuously measure environmental variables, including:

e  Soil moisture and composition

e  Ground inclination and displacement
e Rainfall intensity and accumulation
e  Seismic vibrations

These measurements are collected at high frequency to capture rapid environmental changes. Satellite imagery and historical
landslide records are incorporated to provide spatial context, enabling multi-modal data fusion. The dataset is then structured for
supervised machine learning, where landslide occurrences form the target variable, and sensor readings and spatial features form the input
features.

111.3 DATA PREPROCESSING
Preprocessing is crucial for ensuring data quality and compatibility across multiple sources. Steps include:

1. Data Cleaning: Removing missing or erroneous sensor readings.

2. Normalization: Scaling continuous variables (e.g., rainfall, soil moisture) to a standardized range to improve model
convergence.

3. Feature Engineering: Deriving additional variables such as cumulative rainfall, slope stability indices, and vegetation cover
indices.

4. Data Fusion: Integrating 10T sensor data with geospatial datasets using spatio-temporal alignment techniques.

5. Dimensionality Reduction: Applying principal component analysis (PCA) or autoencoders to reduce computational
complexity while retaining critical information .

111.4 EDGE Al FOR LOCALIZED PREDICTION

Edge Al enables on-device processing of IoT sensor data, providing immediate alerts and reducing reliance on cloud
computation. Lightweight predictive models, such as decision tree ensembles or compressed neural networks, are deployed directly on
microcontrollers or edge devices. These models perform real-time anomaly detection, identifying early warning signs of potential
landslides based on sensor thresholds and learned patterns.

Advantages of Edge Al include:

e Low latency, allowing rapid local alerts.
¢ Reduced bandwidth consumption, as only critical data or alerts are transmitted to the central server.
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e Scalability, enabling deployment across multiple regions without overwhelming centralized infrastructure.

Limitations include restricted computational resources, which constrain the complexity of on-device models. Therefore, the edge
layer serves primarily as a preprocessing and alert generation stage, while complex predictive modeling occurs at the centralized level.

111.5 QUANTUM-ENHANCED PREDICTIVE MODELING

To overcome the computational challenges of multi-modal, high-resolution data, the framework employs quantum-assisted
machine learning (QML) on centralized servers. QML algorithms leverage quantum computing principles to accelerate model training,
explore high-dimensional feature spaces, and optimize predictive performance.

The proposed modeling pipeline includes:

1. Quantum Feature Mapping: Transforming classical input data into high-dimensional quantum states to capture complex
correlations.

2. Hybrid Quantum-Classical Neural Networks: Using parameterized quantum circuits alongside classical neural network layers
for robust predictions.

3. Optimization and Training: Employing quantum gradient descent and variational algorithms to efficiently optimize model
parameters.

4. Prediction and Postprocessing: Generating landslide probability scores for each monitored location and combining them with
edge-detected anomalies for comprehensive risk assessment.

By combining edge-level alerts with centralized quantum-enhanced predictions, the framework ensures both immediate response
and high-accuracy forecasting.

111.6 CONCEPTUAL FLOW OF THE FRAMEWORK
The end-to-end workflow can be summarized in Figure 3 as:

1. IoT Sensor Deployment — Continuous measurement of environmental variables.

2. Edge Al Processing — Localized anomaly detection and alert generation.

3. Central Server Aggregation — Collection of edge data and satellite imagery.

4. Quantum-Assisted Training and Prediction — Multi-modal data analysis for large-scale landslide risk assessment.
5. Decision Support and Alerts — Real-time notifications sent to authorities, enabling timely preventive measures.

This hierarchical, hybrid approach ensures real-time responsiveness, computational efficiency, and robust predictive accuracy
across diverse geographic and climatic conditions.

Conceptual Architecture of the Proposed Hybrid
Landslide Prediction Framework

N
— . o
@}
~ e
. O O

1oT Sensor Edge Al Quantum-Enhanced
Networks ) Processing Predictive Modeling
+ Soil moisture « Lecal anomaly detection
« Ground inclination » Early warnings
« Rainfall Intensity J

« Seismic vibrations

—
= Decigion
Data Acquisition =) Support and Alerts
and Praprocassing Central Server
* Data fusion Aggregation

2RSSy S
Figure 3: The Conceptual architecture of the proposed hybrid landslide prediction framework.
Source: Authors, (2025).

IV. EXPERIMENTAL SETUP AND IMPLEMENTATION
IV.1 HARDWARE AND SOFTWARE ENVIRONMENT

The proposed hybrid landslide prediction framework was implemented using a combination of edge devices, centralized servers,
and quantum computing platforms. Edge Devices: Lightweight microcontrollers (e.g., Raspberry Pi 4 and NVIDIA Jetson Nano) were
employed to process real-time 10T sensor data. These devices executed compressed machine learning models for anomaly detection.
Centralized Server: A high-performance computing (HPC) server equipped with NVIDIA GPUs (Tesla V100, 32 GB memory) was used
for centralized model training and multi-modal data integration.
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Quantum Computing Platform: Hybrid quantum-classical experiments were conducted using IBM Quantum and simulated
quantum circuits via Qiskit. Parameterized quantum circuits and quantum feature mapping techniques were applied to accelerate training
and improve predictive accuracy. Software Environment: Python 3.10 was used as the primary programming language. Libraries included
PyTorch for neural network modeling, Scikit-learn for traditional ML models, Qiskit for quantum computations, and OpenCV and GDAL
for image and geospatial processing. Edge Al models were deployed using TensorFlow Lite for microcontrollers.

IV.2 DATASET SPLIT

The dataset consisted of loT sensor readings, satellite imagery, and historical landslide records. To evaluate predictive
performance, the dataset was partitioned as follows:

e Training set: 70% of data used to train both edge-level and centralized predictive models.
e Validation set: 15% used for hyperparameter tuning and early stopping.
e  Test set: 15% reserved for final evaluation of predictive accuracy and generalization.

Temporal segmentation was applied to ensure chronological consistency, i.e., earlier readings for training and later periods for
testing, simulating real-world predictive scenarios.

IV.3 PARAMETER SETTINGS
Edge Al Models:

e Decision tree ensembles: max depth = 10, 100 estimators
e  Compressed neural networks: 3 hidden layers, 64-32—-16 neurons, ReL.U activation
e Learning rate: 0.001, batch size: 32

Centralized Models:

o  Fully connected neural networks: 4 hidden layers, 128-64-32—16 neurons
e Dropout: 0.3 to prevent overfitting

e Adam optimizer with learning rate = 0.0005

e Epochs: 200, batch size = 64

Quantum-Assisted Models:

e  Quantum feature mapping: 6 qubits, 3-layer parameterized circuits
e Hybrid quantum-classical network: quantum layer + classical dense layer
e Variational optimization: COBYLA optimizer, max iterations = 100

IV.4 PERFORMANCE METRICS
To evaluate the predictive capability of the proposed framework, the following metrics were employed:

e Accuracy (%): Percentage of correct predictions among total predictions.

e Precision (%): Ratio of correctly predicted landslide occurrences to total predicted occurrences.
o Recall (%): Ratio of correctly predicted landslide occurrences to actual occurrences.

e F1-Score (%): Harmonic mean of precision and recall.

e  Processing Latency (ms): Time required to generate predictions at edge and centralized levels.
e Bandwidth Usage (MB/day): Amount of data transmitted from edge to central server.

These metrics provide a comprehensive assessment of predictive performance, real-time responsiveness, and computational
efficiency, highlighting the advantages of integrating 10T, Edge Al, and quantum computing in a single framework.

IV.5 IMPLEMENTATION WORKFLOW

IoT Sensor Deployment: Sensors continuously transmit soil, rainfall, slope, and seismic data.

Edge Al Processing: Edge devices perform anomaly detection and send alerts when thresholds are exceeded.

Centralized Aggregation: Sensor readings and satellite imagery are aggregated on HPC servers.

Quantum-Assisted Training: Hybrid quantum-classical models are trained using multi-modal datasets for landslide prediction.
Evaluation: Predictions are compared against historical landslide events, and metrics such as accuracy, precision, recall, and
F1-score are computed.

abrwbdeE

This experimental setup ensures that the framework can be tested in realistic operational conditions, evaluating both immediate
alert generation and large-scale predictive accuracy. Which is shown in Figure 4.
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Figure 4: Explore working through satellite.
Source: Authors, (2025).

V. RESULTS AND DISCUSSIONS

The proposed hybrid landslide prediction framework was evaluated using the experimental setup described previously. Both edge-
level and centralized predictions were analyzed, alongside the performance of quantum-assisted models for multi-modal data integration.

V.1 PREDICTIVE PERFORMANCE
Summarizes the performance of various models in terms of accuracy, precision, recall, and F1-score is shown in Table 2..

Table 2: Predictive Performance of Different Models.

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Traditional ML (SVM) 82.5 80.3 78.9 79.6
Classical Neural Network 89.2 87.6 86.4 87
Edge Al (Compressed NN) 85.7 83.9 82.5 83.2
Quantum-Assisted NN 93.8 92.1 91.5 91.8
Hybrid loT + Edge + Quantum 96.4 95.2 94.7 94.9

Source: Authors, (2025).

From the results, several observations can be made:

1. Edge Al models enable near real-time predictions but are limited in overall accuracy due to compressed network architecture.

2. Classical neural networks achieve higher predictive accuracy but require centralized computation and longer processing times.

3. Quantum-assisted models significantly improve classification performance by efficiently exploring high-dimensional feature
spaces, enabling better multi-modal data integration.

4. Hybrid loT + Edge + Quantum architecture outperforms all other models, demonstrating the synergy of real-time monitoring,

distributed computation, and quantum-enhanced learning.
V.2 REAL-TIME PERFORMANCE

Figure 5 (a) illustrates the processing latency for edge devices and centralized servers. In Figure 5 (b), Edge Al reduces latency
substantially, providing immediate alerts in less than 250 ms. Centralized classical ML models require up to 1.2 seconds for prediction
due to large dataset processing. The hybrid framework maintains low latency at the edge while leveraging centralized quantum
computation for enhanced accuracy.

Real-Time Performance Comparison {Latency)
lol Sensors - l."}:tf _A'
Processing
e -1.2%
Satellite Immediate i Centralized o Authoritles/
Images Local Alerts Server Population
Quantum Long Term Decision
Computing — Predictions Support & Low latency
Accelerated & Model Emergency + High Accuracy
Models Retinement Response
Edge Al Centralized Hybrid
Real-time local responsiveness, scalable regional analysis, Ml [Edge + Quantum)
and continuous model improvement

(@) (b)
Figure 5: (a) Real time local analysis, scalable regional analysis, and continuous model improvement (b) processing latency comparison
between edges Al, centralized ML, and hybrid models.
Source: Authors, (2025).
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V.3 DATABANDWIDTH EFFICENCY

Integrating Edge Al reduces data transmission requirements by pre-processing sensor streams locally. Bandwidth usage decreased
by approximately 65% compared to fully centralized systems. This reduction is crucial for large-scale deployment in geographically
distributed areas with limited network connectivity.

V.4 DISCUSSION
The results highlight several key implications:

1. Data Integration: Combining lIoT sensor data with satellite imagery provides richer feature representations, enabling more
accurate landslide predictions.

2. Hybrid Architecture Benefits: The synergy between Edge Al and quantum-assisted centralized computation balances real-
time responsiveness with high predictive accuracy.

3. Scalability and Deployment: Low-latency edge processing and reduced bandwidth usage allow deployment across multiple
locations, enhancing disaster management capabilities.

4. Limitations: Quantum computing remains in the experimental stage, and hardware availability may limit immediate real-
world deployment. Additionally, integrating heterogeneous data sources requires careful preprocessing to avoid
inconsistencies.

Overall, these findings validate the proposed hybrid framework as an effective solution for accurate, scalable, and real-time
landslide prediction, bridging gaps identified in existing literature.

VI. CONCLUSIONS

This study presents a next-generation hybrid framework for landslide prediction that integrates 10T sensor networks, Edge Al, and
quantum-assisted machine learning. Landslides are a critical natural hazard, and timely, accurate prediction is essential for mitigating
human and economic losses. Traditional approaches, relying on either geospatial or temporal data and centralized computation, often fall
short in real-time responsiveness and predictive accuracy.

The proposed framework addresses these limitations through a multi-layered approach:

1. loT Sensor Networks continuously monitor environmental parameters such as soil moisture, rainfall, slope inclination, and
seismic activity, providing rich, real-time data streams.

2. Edge Al enables on-device processing of sensor data, reducing latency, lowering bandwidth requirements, and allowing
immediate local alerts for at-risk areas.

3. Quantum-assisted machine learning enhances predictive performance by efficiently exploring high-dimensional feature
spaces, optimizing multi-modal data integration, and improving overall model accuracy.

Experimental results demonstrate the effectiveness of this hybrid approach: the integrated framework outperforms traditional
machine learning and standalone edge models in accuracy (96.4%), precision (95.2%), recall (94.7%), and F1-score (94.9%). The
combination of real-time monitoring, efficient computation, and multi-modal data fusion makes the system highly suitable for practical
deployment in landslide-prone regions. Despite the promising results, certain limitations remain. Quantum computing is still in its early
stages, and hardware availability may constrain immediate large-scale deployment. Additionally, integrating heterogeneous data sources
requires robust preprocessing and synchronization to ensure reliable predictions.

Future work can focus on:

Expanding the framework to incorporate satellite imagery and drone-based monitoring for enhanced spatial coverage.
Developing hybrid quantum-classical architectures that are more hardware-efficient and accessible.

Integrating predictive uncertainty estimation to improve decision-making under uncertain environmental conditions.
Conducting long-term field trials to validate system performance in diverse geological and climatic regions.

In conclusion, this research demonstrates that converging 10T, Edge Al, and quantum computing provides a scalable, accurate,
and real-time solution for landslide prediction. This framework represents a significant step forward in disaster management and early-
warning systems, offering a pathway toward safer and more resilient communities.
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