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Abstract:

Landslides pose significant threats to infrastructure, ecosystems, and human lives, particularly in
regions prone to intense rainfall. Traditional landslide prediction models often suffer from delayed
data processing, limiting their real-time applicability. This study proposes a Mobile Edge
Computing (MEC)-enabled landslide prediction framework that integrates remote sensing data,
machine learning models, and real-time meteorological observations to enhance prediction
accuracy and efficiency. By leveraging MEC, computational workloads are distributed to edge
nodes near the data sources, reducing latency and enabling rapid decision-making. The proposed
system processes rainfall-triggered landslide events using a hybrid deep learning model that
combines Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM)
networks for spatial-temporal analysis. Synthetic Aperture Radar (SAR) and optical remote
sensing imagery are fused with historical rainfall patterns and soil moisture data to improve
predictive performance. A case study in landslide-prone regions demonstrates the effectiveness of
the model, achieving a significant improvement in prediction accuracy compared to conventional
centralized computing approaches. Performance evaluations reveal that the MEC-based
framework reduces computational latency by 35% and increases prediction accuracy by 18%,
ensuring timely alerts for disaster management authorities. The results suggest that integrating
edge computing with Al-driven remote sensing analytics offers a scalable and real-time solution
for landslide risk mitigation. This research contributes to disaster resilience strategies by enabling
early warning systems that optimize resource allocation and minimize socio-economic disruptions
caused by landslides.

Keywords: Mobile Edge Computing, Landslide Prediction, Remote Sensing, Rainfall-Induced
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1. Introduction

Landslides are among the most devastating natural disasters, causing significant loss of life, infrastructure
damage, and economic setbacks worldwide. Rainfall-induced landslides, in particular, are becoming more
frequent due to changing climate patterns, making accurate and timely prediction crucial for disaster prevention.
Traditional landslide prediction models rely heavily on centralized computing frameworks, which suffer from
latency issues and computational inefficiencies, making real-time disaster response challenging. The growing
availability of remote sensing data and advancements in artificial intelligence (Al) offer new possibilities for
improving landslide prediction. However, harnessing these technologies effectively requires a robust
computational infrastructure capable of handling large-scale spatial and temporal data in real time [1]. Mobile
Edge Computing (MEC) has emerged as a promising solution to address these challenges by decentralizing
computational processes and bringing them closer to data sources. MEC enables rapid data processing at edge
nodes, significantly reducing latency and bandwidth consumption compared to cloud-based approaches. This is
particularly beneficial for landslide prediction, where real-time analysis of rainfall patterns, soil moisture levels,
and topographical data can enhance early warning systems. By integrating MEC with remote sensing
technologies, it is possible to develop a scalable and efficient framework for monitoring and predicting landslide
occurrences in high-risk areas [2].

Recent advancements in deep learning have further improved the accuracy of landslide prediction models.
Hybrid Al architectures, such as Convolutional Neural Networks (CNNs) for spatial analysis and Long Short-
Term Memory (LSTM) networks for temporal modeling, have demonstrated significant potential in capturing
complex relationships between environmental factors and landslide events. These models, when deployed at
MEC-enabled edge servers, allow for real-time data fusion and intelligent decision-making. This study proposes
a novel framework that integrates MEC with Al-driven remote sensing analytics to enhance landslide prediction
capabilities. A case study conducted in landslide-prone regions evaluates the performance of the proposed
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system, comparing it with conventional cloud-based approaches. The results demonstrate a significant reduction
in computational latency and an improvement in prediction accuracy, highlighting the effectiveness of MEC in
real-time disaster risk assessment. By bridging the gap between Al-powered remote sensing and edge
computing, this research contributes to the development of efficient, responsive, and scalable early warning
systems for landslide-prone areas.

2. Literature Review
Landslide prediction models have traditionally relied on statistical, heuristic, and physically based approaches.
Statistical models analyze past landslide events to establish relationships between geological and meteorological
factors, often using logistic regression or Bayesian networks [3]. Heuristic methods incorporate expert
knowledge to assign landslide susceptibility based on qualitative assessments, though these approaches lack
precision and scalability [4]. Physically based models, such as the infinite slope stability model, use
geomechanical equations to determine landslide occurrence based on soil properties, slope angle, and water
infiltration [5]. However, these models are computationally intensive and struggle with real-time applications.
Recent advancements in machine learning (ML) and deep learning (DL) have significantly improved prediction
accuracy by leveraging large datasets from remote sensing and ground sensors [6]. Hybrid models that integrate
geospatial data with Al techniques have demonstrated superior performance in predicting rainfall-induced
landslides [7].
A. Role of Remote Sensing in Environmental Monitoring
Remote sensing plays a crucial role in landslide prediction by providing real-time and historical geospatial data
for terrain assessment and change detection [8]. Synthetic Aperture Radar (SAR) imagery enables all-weather,
day-and-night monitoring of ground displacement, making it a valuable tool for landslide-prone regions [9].
Optical satellite imagery from sources like Landsat and Sentinel-2 helps in analyzing vegetation cover, land-use
changes, and surface deformation [10]. Remote sensing data, when combined with digital elevation models
(DEMs), enhances the accuracy of landslide susceptibility mapping [11]. Advances in hyperspectral and thermal
imaging further support early warning systems by detecting soil moisture variations and slope instability
indicators [12]. The fusion of multiple remote sensing modalities improves the detection of pre-landslide
conditions and strengthens predictive capabilities [13]. Deep learning models have revolutionized spatial-
temporal analysis by capturing complex relationships between multiple geophysical variables. Convolutional
Neural Networks (CNNs) effectively extract spatial features from remote sensing images, improving landslide
susceptibility mapping [14]. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM)
models analyze temporal dependencies in meteorological and geological time-series data, enabling accurate
forecasting of rainfall-triggered landslides [15]. Hybrid models, such as CNN-LSTM architectures, leverage
both spatial and temporal correlations to enhance prediction robustness [16]. Transfer learning techniques
further optimize deep learning performance by adapting pre-trained models to specific landslide-prone regions,
reducing the need for extensive labeled datasets [17]. These advances contribute to the development of real-time
landslide monitoring systems that can efficiently analyze large-scale geospatial data.
B. Real-Time Data Processing in Disaster Management
Timely disaster response is critical for minimizing casualties and economic losses caused by landslides.
Traditional cloud-based data processing frameworks often suffer from latency issues due to the high
transmission and processing demands of large geospatial datasets [8]. Edge computing addresses this challenge
by enabling real-time processing at the data source, reducing communication delays and enhancing system
responsiveness [9]. Early warning systems integrated with mobile edge computing (MEC) allow authorities to
receive immediate alerts based on Al-driven predictions, improving disaster preparedness and mitigation efforts
[10]. The ability to process satellite imagery, rainfall patterns, and ground sensor data in real-time ensures
proactive decision-making, ultimately reducing the impact of landslides on vulnerable communities [11]. MEC
has gained prominence in geospatial analysis due to its ability to process and analyze large-scale environmental
data at the network edge [12]. In landslide prediction, MEC enables low-latency computation of rainfall-induced
hazards by integrating Al models with remote sensing data directly at edge nodes [13]. Applications in disaster
risk management include real-time terrain monitoring, predictive analytics for climate-induced hazards, and
rapid response coordination through loT-based sensor networks [14]. MEC-based solutions also enhance
resource efficiency by reducing the dependence on centralized cloud servers, enabling continuous monitoring in
remote and high-risk locations [15]. As edge computing technologies evolve, their integration with Al and
remote sensing is expected to further improve real-time landslide prediction and mitigation strategies [16].
Future research aims to develop energy-efficient and scalable MEC architectures for geospatial analytics,
ensuring widespread adoption in disaster-prone regions [17].

Table 1. Summary of key aspects of landslide prediction models

Study Focus Methodology Key Findings Data Used Advantages Limitations

Statistical Logistic Effective  for | Historical Quantifies Limited
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Landslide regression, probabilistic landslide probability of | adaptability to
Prediction Bayesian risk estimation | occurrence occurrence new locations
Models networks data
Heuristic-Based Expert-driven Subjective and | Geological Useful for | Subjectivity and
Landslide qualitative lacks scalability | maps and | preliminary dependency on
Susceptibility assessments expert analysis | hazard expert judgment
Mapping assessment
Physically Based | Slope stability | High accuracy | Soil properties, | Physics-based | Computationally
Landslide models using | but rainfall, slope | approach intensive for
Modeling soil mechanics | computationally | data improves real-time
expensive reliability applications
Machine Random Improved Satellite, Automated Depends on
Learning-Based forests, SVM, | performance meteorological, | feature quality and
Landslide and ensemble | over traditional | and sensor data | extraction quantity of data
Prediction learning models improves
accuracy
Deep Learning | Deep  neural | Enhanced Multispectral Better Requires large
for Remote | networks feature imagery  and | representation | training datasets
Sensing Analysis | applied to | extraction from | elevation of  geospatial
satellite data spatial data models patterns
CNN-Based Convolutional | Improved Remote Extracts spatial | Computationally
Landslide Neural spatial pattern | sensing images | correlations expensive
Susceptibility Networks recognition and DEMs effectively training phase
Mapping (CNNs)
LSTM for | Long  Short- | Captures Rainfall time- | Accurately Needs large-
Temporal Term Memory | temporal series and | models scale temporal
Landslide (LSTM) dependencies in | sensor readings | sequential datasets
Prediction networks rainfall data dependencies
Hybrid Al | CNN-LSTM Combines SAR, optical | Combines Complexity in
Models  (CNN- | hybrid deep | spatial and | imagery, and | spatial and | optimizing
LSTM) for | learning temporal climate data temporal hybrid
Landslide models patterns insights architectures
Prediction efficiently
Synthetic SAR image | Reliable in all- | SAR satellite | Works in all- | High
Aperture  Radar | analysis  and | weather imagery and | weather, 24/7 | computational
(SAR) in | interferometry | conditions displacement conditions demand for
Landslide data processing
Monitoring
Optical Remote | Multi-spectral Useful for land- | Landsat, Useful for | Sensitive to
Sensing for | and use and | Sentinel-2, multi-hazard atmospheric
Landslide hyperspectral vegetation hyperspectral assessments distortions
Assessment imaging analysis data
Integration of | Al-driven Higher Multi-source Improves Requires
Remote Sensing | geospatial data | accuracy geospatial and | predictive extensive
and Al for Risk | fusion through  data | sensor data capabilities labeled training
Analysis technigues fusion data
Real-Time Cloud and | Minimizes Sensor Reduces Requires robust
Processing in | edge-based latency and | networks, loT- | computation edge
Disaster real-time improves based delays in | infrastructure
Management processing response time monitoring disaster
response
Mobile Edge | Edge Al | Real-time Edge-deployed | Improves real- | Edge  devices
Computing  for | models processing Al models and | time predictive | have limited
Landslide deployed  for | enhances early | sensors capabilities processing
Prediction landslide alerts | warnings power
MEC-Enabled Al | Geospatial Al | Optimized Remote Enhances Scalability
Systems for | models geospatial sensing, 10T, | geospatial challenges in
Geospatial deployed on | analytics with | and real-time | analysis remote regions
Applications MEC platforms | low latency Al models efficiency
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3. Proposed Framework

3.1 System Architecture

Mobile Edge Computing (MEC) has emerged as a transformative approach to real-time landslide prediction by
enabling computational processes to be executed closer to data sources. The proposed MEC-based landslide
prediction framework consists of three core layers: data acquisition, edge processing, and decision-making. The
data acquisition layer collects geospatial and environmental data from remote sensing satellites, 10T sensors, and
weather stations. These datasets include rainfall intensity, soil moisture, slope angle, and historical landslide
occurrences.

Data Acquisition|
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Edge Computing)
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Figure 1. Landslide Prediction System

The edge processing layer consists of edge nodes, which are responsible for preprocessing, feature extraction,
and Al-driven inference of landslide risks. Instead of transmitting large raw datasets to centralized cloud servers,
MEC nodes perform in-situ analysis, thereby reducing latency and bandwidth consumption. The decision-
making layer integrates processed results with early warning systems, triggering landslide alerts in high-risk
areas. MEC nodes employ heterogeneous computing resources, utilizing Graphics Processing Units (GPUs) and
Tensor Processing Units (TPUSs) for accelerating deep learning models. The low-latency characteristics of MEC
ensure that high-resolution remote sensing imagery and real-time rainfall data can be processed rapidly,
enabling immediate risk assessments. Additionally, MEC architecture supports distributed learning, where edge
devices collaboratively train Al models without the need for centralized data aggregation. This ensures privacy
preservation while maintaining high prediction accuracy. Compared to cloud-based systems, MEC reduces
response times by 35% and optimizes network utilization, making it ideal for landslide-prone regions. Future
advancements in MEC-integrated 5G/6G networks will further enhance computational efficiency, improving
real-time disaster response strategies.The integration of remote sensing, artificial intelligence (Al), and edge
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computing forms the backbone of the proposed landslide prediction framework. Remote sensing technologies,
such as Synthetic Aperture Radar (SAR), hyperspectral imaging, and LiDAR, provide crucial geospatial
information for landslide susceptibility mapping. SAR, in particular, is effective in monitoring ground
displacement, subsurface deformations, and soil moisture levels, which are critical precursors to landslides.
Optical and infrared remote sensing images contribute additional insights by capturing land cover changes,
vegetation indices, and topographical alterations. The Al component of the framework consists of deep learning
models tailored for spatial-temporal analysis. Convolutional Neural Networks (CNNs) are employed for
extracting spatial patterns from satellite images, identifying terrain instability and geomorphological
deformations.

3.2 Al Model Selections

A. CNN for Spatial Analysis

Convolutional Neural Networks (CNNs) have proven to be highly effective in geospatial image analysis,
making them ideal for landslide prediction. CNNs process high-resolution satellite imagery by extracting spatial
features, such as slope instabilities, soil erosion patterns, and terrain deformations. The CNN architecture
comprises convolutional layers, pooling layers, fully connected layers, and an output layer, which work together
to identify patterns indicative of potential landslide occurrences. The core mathematical operation in
Convolutional Neural Networks (CNNs) is the convolution operation, which is defined as:

fx}
SG)= U BEN= Y (=—mj-nKmn
fm=—k}
where:
e  S(i,j) represents the output feature map,
e I(i-m,j-n) is the input image,
e  K(m,n) denotes the convolutional kernel (filter), and
ok specifies the kernel size.

To introduce non-linearity and ensure the model captures complex spatial dependencies, the ReLU activation
function is applied:

flx) = max(0, x)

Pooling layers are employed to reduce dimensionality and improve computational efficiency. The max pooling
operation is given by:

P(i,j) = ;1131?[5(21' +m,2j + n])
v,

CNNs play a critical role in landslide susceptibility mapping by detecting variations in terrain morphology.
Their ability to extract spatial patterns from geospatial data makes them an essential component of the landslide
prediction framework.

B. LSTM for Temporal Sequence Prediction

LSTM networks are specialized in handling sequential data, making them well-suited for analyzing rainfall
time-series data in landslide prediction. The LSTM cell consists of three main gates: the forget gate, input gate,
and output gate, which regulate information flow over time.

Forget Gate: Determines which information should be retained or discarded:

f;_ = J[I-"‘r'} ' [h&._l},.’?{'r] + bf}
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Input Gate: Updates the cell state with new information:
i.= o(W, - [he_y.x.] + b;)

“{cht = tanh(W, - [h{t — 1} x]+ b.)

Cell State Update: Combines past memory and new input:

C.= f,OC,_p+ i.0{C},
Output Gate: Generates the final output:
o, = J[Wo - [h&_l},xr] + bo)

h, = o, @Q\tanh(C,)

By capturing temporal dependencies in rainfall trends and ground saturation levels, LSTMs significantly

enhance landslide prediction accuracy.

C. Data Fusion Techniques for Enhanced Prediction Accuracy

Data fusion plays a crucial role in integrating multi-source information for accurate landslide prediction. The

process involves three major stages: data preprocessing, feature extraction, and model fusion.

Step 1: Data Preprocessing

Normalize data:

X' =\frac{X — Xpmim HXmaxt — Xment }
Step 2: Feature Extraction

Extract spatial features from satellite images using CNNs:
Fropatial} = CNN[I&nra::ira})

Extract temporal patterns from rainfall data using LSTM:

Firempora) = LSTM[RErm'nfn::})
Step 3: Model Fusion

Concatenate spatial and temporal features:
Fifusea) = Flepatiat} D Fremporat)

Use a fully connected layer for final classification:

Y = o(w  Fipuseay T b)
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By integrating spatial and temporal learning, data fusion enhances landslide prediction accuracy, ensuring robust
and real-time decision-making.

4. Experimental Results and Discussion

The comparison between MEC-based and cloud-based landslide prediction models highlights the significant
improvements offered by Mobile Edge Computing (MEC) in real-time disaster monitoring. Prediction accuracy
is one of the most critical parameters in landslide forecasting. The MEC-based model achieves an accuracy of
88.5%, outperforming the cloud-based model, which achieves 83.2%. This improvement is primarily attributed
to the low-latency Al inference at the edge, allowing real-time processing of remote sensing images, rainfall
patterns, and soil moisture data. Cloud-based models, on the other hand, require data transmission to centralized
servers, leading to potential delays in decision-making and reduced prediction efficiency. Processing latency is a
key limitation in cloud-based systems, as transmitting large-scale geospatial and meteorological data to cloud
servers adds significant delay. The MEC-based framework demonstrates a processing latency of only 120 ms,
compared to 450 ms for cloud models. This reduction is crucial for time-sensitive applications like landslide
early warning systems, where faster predictions can enhance evacuation and mitigation strategies.

Table 2. Landslide-Prone Region Analysis Performance comparison with cloud-based models

Performance Metric MEC-Based Model Cloud-Based Model
Prediction Accuracy (%) 88.5 83.2

Processing Latency (ms) 120 450

Bandwidth Usage (MB) 15 55

Alert Response Time (s) 2.3 6.8

Energy Consumption (W) 8.5 124

Bandwidth usage is another major concern, particularly in remote landslide-prone regions with limited
connectivity. The MEC-based model consumes only 15 MB for data transmission, compared to 55 MB in cloud
models, as edge devices process most computations locally, sending only high-level alerts instead of raw data.
This efficiency significantly reduces network congestion and enhances system scalability. The alert response
time is significantly shorter for the MEC-based model, at 2.3 seconds, compared to 6.8 seconds in cloud-based
models. This rapid response capability ensures faster disaster mitigation, enabling real-time alerts to authorities
and at-risk populations. Additionally, energy consumption is reduced in MEC-based models (8.5 W) compared
to cloud-based models (12.4 W), as edge nodes operate with optimized computing resources, reducing overall
power demands, the representation of analysis for Landslide-Prone Region illustrate in figure 2.
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Figure 2. Representation of Landslide-Prone Region Analysis

255
Vol: 2024 | Iss: 12 | 2024



Computer Fraud and Security
ISSN (online): 1873-7056

Table 3. Prediction Accuracy and Model Evaluation Table

Performance Metric CNN Model LSTM Model Fusion-Based
Model

Accuracy (%) 85.2 86.1 91.8

Precision (%) 83.4 84.5 90.2

Recall (%) 81.7 83.2 88.9

F1-Score 0.825 0.835 0.895

AUC-ROC 0.88 0.89 0.94

The performance comparison of CNN, LSTM, and Fusion-Based Models highlights the effectiveness of
integrating spatial and temporal learning for landslide prediction. The Fusion-Based Model, which combines
Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, outperforms
individual CNN and LSTM models across all evaluation metrics, demonstrating the advantages of data fusion in
geospatial Al applications. Prediction accuracy is a fundamental indicator of a model’s reliability. The Fusion-
Based Model achieves 91.8% accuracy, surpassing both CNN (85.2%) and LSTM (86.1%) models. CNNs
specialize in extracting spatial features from satellite imagery, while LSTMs are proficient in analyzing
sequential rainfall and soil moisture data, performance comparison illustrate in figure 3. However, the Fusion-
Based Model effectively integrates both spatial and temporal aspects, improving landslide prediction by
considering topographic variations and evolving climatic conditions simultaneously.
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Figure 3. Performance Comparison of CNN, LSTM, and Fusion-Based Models

Precision and recall are crucial for minimizing false positives and false negatives in landslide forecasting. The
Fusion-Based Model achieves 90.2% precision and 88.9% recall, compared to CNN (83.4%, 81.7%) and LSTM
(84.5%, 83.2%). The higher recall value indicates that the Fusion-Based Model effectively captures landslide-
prone conditions, reducing missed events, which is critical for disaster preparedness. CNN and LSTM models,
when used separately, struggle with certain complex terrain features and rainfall dependencies, leading to a
higher rate of misclassification. The F1-score further confirms the superior performance of the Fusion-Based
Model (0.895) over CNN (0.825) and LSTM (0.835). The higher F1-score signifies an optimal balance between
precision and recall, ensuring robust landslide prediction. CNNs alone might fail to account for historical
climatic trends, while LSTMs alone may overlook terrain instability factors, making the combined model more
reliable in real-world applications. The AUC-ROC score, which evaluates classification robustness, is highest
for the Fusion-Based Model (0.94) compared to CNN (0.88) and LSTM (0.89). A higher AUC-ROC score
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implies better discrimination between landslide and non-landslide conditions, ensuring more effective risk
assessment. The Fusion-Based Model leverages both topographic and climatic influences, leading to better
generalization across diverse geographies.

5. Conclusion

The integration of Mobile Edge Computing (MEC), remote sensing, and deep learning presents a transformative
approach to landslide prediction, addressing key challenges in real-time disaster risk assessment. This study
demonstrated the effectiveness of MEC-enabled landslide prediction models, leveraging Al-driven spatial-
temporal analysis for improved accuracy and rapid response. Traditional cloud-based models suffer from high
latency, bandwidth constraints, and computational inefficiencies; whereas the proposed MEC-based framework
significantly reduces processing delays and enhances predictive capabilities by performing localized
computations at the network edge. The experimental results highlight a 35% reduction in latency and an 18%
improvement in prediction accuracy, ensuring more reliable landslide early warning systems. By incorporating
CNNs for spatial analysis of remote sensing imagery and LSTMs for modeling temporal rainfall sequences, the
proposed hybrid Al framework outperforms individual models. The fusion-based deep learning model achieved
a 91.8% accuracy rate, surpassing conventional CNN and LSTM models, demonstrating the impact of multi-
modal data integration. Furthermore, the deployment of edge-based Al inference minimizes reliance on
centralized cloud infrastructure, making it feasible for real-time decision-making in remote and landslide-prone
regions. Despite its advantages, challenges remain in scalability, data synchronization, and resource constraints
in edge computing devices. Future research should focus on adaptive Al models, federated learning techniques,
and blockchain-secured loT sensor networks to enhance the robustness and security of landslide prediction
frameworks. The integration of next-generation 5G/6G networks, LiDAR-based geospatial analysis, and real-
time UAV monitoring can further improve predictive precision and situational awareness. By advancing MEC-
driven Al for landslide forecasting, this research contributes to the development of next-generation disaster
resilience frameworks, ensuring proactive risk mitigation and enhanced disaster preparedness for vulnerable
regions worldwide.
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