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ABSTRACT 

Landslides represent one of the most catastrophic geo-hazards in mountainous 

terrains worldwide, causing severe loss of human lives, destruction of critical 

civil infrastructure, and substantial socio-economic disruption. Traditional 

slope monitoring frameworks rely primarily on point-based geotechnical 

instrumentation or periodic spaceborne satellite remote sensing. While 

geotechnical sensors offer continuous temporal precision regarding 

subsurface hydromechanical behavior, they suffer from extreme spatial 

sparsity. Conversely, satellite remote sensing provides macro-scale spatial 

coverage but is hampered by orbit revisit latencies, atmospheric cloud cover, 

and insufficient spatial resolution for localized slope creep. Recent advances 

in Unmanned Aerial Vehicle (UAV) platforms and Artificial Intelligence (AI) 

have enabled a transformative paradigm shift in mountain hazard governance. 

This review paper presents an exhaustive critical analysis of AI-driven 

frameworks that integrate UAV multi-sensor remote sensing with in-situ 

geotechnical monitoring for early landslide detection and predictive Early 

Warning Systems (EWS). We evaluate optical Photogrammetry, dual-return 

Light Detection and Ranging (LiDAR), Synthetic Aperture Radar (InSAR), and 

thermal infrared imaging payloads mounted on UAVs. Furthermore, we 

examine modern deep learning models including Deep Convolutional Neural 

Networks (CNNs), Long Short-Term Memory (LSTM) networks, 

Spatiotemporal Graph Neural Networks (ST-GNNs), and Physics-Informed 

Neural Networks (PINNs). Fusing multi-modal spatial point clouds and 

continuous geotechnical telemetry via spatiotemporal graph architectures 

governed by soil mechanics loss constraints achieves predictive accuracies 
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exceeding 95% with lead times up to 48 hours prior to catastrophic slope 

collapse. Key operational challenges, technical limitations, and future 

directions toward autonomous edge-computing drone swarms and Digital 

Twin platforms are thoroughly synthesized. 
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INTRODUCTION 

Landslides constitute a major natural hazard in mountainous regions globally, particularly 

across the Himalayas, Alps, Andes, and Western Ghats [1]. Triggered by intense 

precipitation, seismic shaking, rapid snowmelt, and aggressive slope cutting for infrastructure 

development, landslides cause thousands of fatalities and billions of dollars in infrastructure 

damages annually [2]. The steep topography, complex geology, dynamic pore-water pressure 

regimes, and accelerating climate change in alpine zones significantly exacerbate slope 

instability [3]. Mitigating landslide risk requires continuous, real-time early warning 

frameworks capable of capturing subtle pre-failure kinematic creep long before catastrophic 

slope rupture occurs. 

 

Historically, engineering geologists have relied on two separated monitoring domains: in-situ 

geotechnical subsurface instrumentation and exo-atmospheric satellite remote sensing [4]. 

Geotechnical monitoring employs vibrating-wire piezometers, shape-acceleration arrays 

(SAA), inclinometers, and borehole extensometers to record localized pore-water pressures 

and shear strain profiles [5]. Although these instruments offer sub-millimeter temporal 

precision, they are limited by spatial sparsity, high installation costs, and physical 

vulnerability to shearing during initial soil movement. Satellite-based Synthetic Aperture 

Radar (InSAR) and optical imaging provide regional hazard mapping [6]. However, 

spaceborne platforms face fixed 6-to-12 day revisit cycles, atmospheric delay errors, cloud 

obscuration, and radar shadow/layover effects in steep mountain valleys. 

 

Unmanned Aerial Vehicles (UAVs) have emerged as a powerful solution to bridge this 

spatial-temporal resolution gap [7]. UAVs equipped with optical RGB cameras, LiDAR 
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scanners, multispectral sensors, and thermal imaging systems deliver millimeter-resolution 

spatial data on demand beneath cloud cover [8]. Concurrently, Internet of Things (IoT) 

wireless sensor networks enable continuous telemetry from remote slope sites [9]. Despite 

these technological advances, processing the high-volume, heterogeneous data generated by 

UAV flights and geotechnical sensor arrays poses severe analytical challenges [10]. 

 

Artificial Intelligence (AI) and Machine Learning (ML) play a crucial role in overcoming 

these challenges. AI models excel at discovering non-linear spatiotemporal correlations, 

fusing multi-source datasets, and predicting kinematic acceleration patterns with high 

precision [11]. This review paper provides a technical analysis of AI-driven frameworks 

uniting UAV remote sensing and geotechnical instrumentation for landslide early warning, 

detailing sensing payloads, data fusion workflows, deep neural network architectures, field 

validations, current limitations, and future research pathways. 

 

LITERATURE REVIEW 

The academic literature on landslide hazard monitoring has evolved through three distinct 

evolutionary generations: empirical-geotechnical formulations, isolated UAV 

photogrammetric surveys, and AI-empowered multi-modal data fusion frameworks. 

 

Conventional Geotechnical and Satellite Systems 

Foundational research by Saito [12] and Voight [13] established empirical soil mechanics of 

creep failure, demonstrating that the inverse surface displacement velocity (1/v) decreases 

linearly toward zero prior to slope collapse. Modern geotechnical deployments integrate 

automatic piezometric arrays and SAA cables into telemetry networks [14]. However, point 

measurements miss lateral deformation boundaries. Spaceborne Persistent Scatterer (PS-

InSAR) and Small Baseline Subset (SBAS) methods enable broad land deformation mapping 

[15], but suffer from severe geometric distortion and shadow masking on steep alpine slopes 

[16]. 

 

UAV Remote Sensing Payloads 

Over the past decade, UAV platforms have transformed engineering geology. 

Photogrammetric Structure-from-Motion (SfM) algorithms enable high-density Digital 

Elevation Model (DEM) construction with ground sampling distances under 2 cm/pixel [17, 
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18]. UAV LiDAR payloads penetrate dense vegetation via multi-return laser pulses, exposing 

underlying bare-earth Digital Terrain Models (DTMs) [19]. Additionally, UAV thermal 

infrared (TIR) cameras detect groundwater seepage zones and moisture anomalies through 

thermal contrast [20]. 

 

Artificial Intelligence and Data Fusion 

Machine learning applications in landslide assessment transitioned from traditional Random 

Forests and Support Vector Machines [21] to modern Deep Learning. Convolutional Neural 

Networks (CNNs) automate crack segmentation from UAV imagery [22], while Long Short-

Term Memory (LSTM) networks model non-linear rainfall-displacement time-series [23]. 

Modern Spatiotemporal Graph Neural Networks (ST-GNNs) and Physics-Informed Neural 

Networks (PINNs) integrate spatial topology with slope stability physics [24, 25]. Table 1 

summarizes key research benchmarks across these domains. 

 

Table 1: Comparative Analysis of State-of-the-Art Approaches in Landslide Monitoring 

Approach / 

Reference 

Primary 

Sensing 

Modality 

AI / Modeling 

Technique 

Spatial / 

Temporal Scale 

Key 

Limitations 

Classic 

Geotechnical 

[14] 

Inclinometers, 

Piezometers, 

SAA 

Empirical Creep 

Models (Saito) 

Point-scale / 

Real-time 

High spatial 

sparsity, 

vulnerable to 

shearing 

Satellite InSAR 

[15, 16] 

C-band / X-band 

Spaceborne 

SAR 

SBAS-InSAR, 

PS-InSAR 

Regional (km) / 

6-12 days 

Shadow/layover 

in steep slopes, 

cloud latency 

UAV 

Photogrammetry 

[18, 19] 

UAV Optical 

RGB & LiDAR 

SfM-MVS, 

Point Cloud 

DEM 

Slope-scale (m) 

/ On-demand 

Flight weather 

dependency, 

high data 

volume 

AI Integrated 

Framework [24, 

25] 

UAV + IoT 

Geotechnical 

Network 

ST-GNN, PINN 

& Deep 

Ensembles 

Slope-scale 

(mm) / 

Continuous 

High compute 

requirements, 

sensor cross-

calibration 
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RESEARCH GAP 

Despite technological advances in individual sensing domains, four critical research gaps 

remain unaddressed: 

• Spatial-Subsurface Coupling Disconnect: UAV surveys capture top-surface topography 

and crack propagation but cannot sense subsurface pore-water pressures or deep shear 

plane mechanics. Conversely, borehole sensors capture subsurface hydromechanics but 

lack spatial breadth. Existing workflows lack a mathematically coupled cross-modal 

framework. 

 

• Temporal Resolution Asymmetry and Data Heterogeneity: Fusing continuous low-

dimensional IoT time-series telemetry (seconds) with episodic high-dimensional UAV 

point clouds (weeks) introduces severe spatiotemporal registration errors and data 

alignment challenges. 

 

• Black-Box AI Lacking Geotechnical Constraints: Conventional deep learning models rely 

purely on statistical data patterns, ignoring physical geotechnical principles such as Mohr-

Coulomb shear strength criteria and transient seepage mechanics. Consequently, standard 

ML models struggle to generalize during unseen extreme hydro-meteorological events. 

 

• Environmental Vulnerability and Real-Time Operational Latency: Alpine storm 

environments restrict UAV flight operations during critical failure triggers, while 

centralized cloud processing creates warning latency that reduces evacuation lead times. 

 

RESEARCH OBJECTIVES 

To address these research gaps, this paper establishes four explicit technical objectives: 

• Objective 1: Formulate a multi-sensor integration architecture fusing UAV 

LiDAR/photogrammetry with IoT subsurface geotechnical sensor arrays (piezometers, 

SAA, TDR). 

• Objective 2: Construct a Spatiotemporal Graph Neural Network (ST-GNN) integrated 

with Physics-Informed Neural Networks (PINN) that embeds unsaturated slope stability 

physics into neural loss functions. 
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• Objective 3: Establish an automated feature extraction pipeline computing differential 

DEMs (DoD), surface strain tensors, soil saturation indices, and creep acceleration 

vectors. 

• Objective 4: Develop a multi-tiered Early Warning System (EWS) decision matrix 

delivering 24-to-48-hour alert lead times prior to slope failure. 

 

METHODOLOGY 

The framework comprises four integrated technical layers: multi-sensor data acquisition, 

spatiotemporal pre-processing, physics-informed AI modeling, and dynamic early warning, 

as illustrated in Figure 1. 

 

 

Figure 1: System architecture of the AI-driven integrated UAV-Geotechnical Early 

Warning Framework 

 

Data Acquisition and Sensing Payloads 

UAV flights utilize RTK-GNSS positioning and dual-return LiDAR payloads (1550 nm 

wavelength, 240,000 pts/sec) flown at 80 m AGL. Progressive Morphological Filtering 

isolates bare-earth ground points, generating a 0.05 m DTM. Subsurface IoT sensor arrays 

consisting of MEMS Shape Acceleration Arrays (SAA) and vibrating-wire piezometers 

continuously transmit pore-water pressure and shear displacement via LoRaWAN telemetry. 

 

Physics-Informed Neural Network Architecture 

Slope topology is modeled as an undirected graph G = (V, E, W), where V denotes spatial 

sensor nodes and UAV mesh grid points, E represents topological edges, and W encodes 

distance-weighted spatial relationships. To enforce physical consistency, the neural network 
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loss function incorporates the dynamic Factor of Safety (FoS) based on unsaturated slope 

stability mechanics: 

FoS = [ c' + (γ · z · cos²β - u) · tan φ' ] / [ γ · z · sin β · cos β ] 

 

where c' is soil cohesion, φ' is internal friction angle, γ is unit weight, z is slip surface depth, 

β is slope angle, and u is transient pore-water pressure. The loss term Loss_physics = max(0, 

1.0 - FoS) penalizes predictions that violate physical slope equilibrium states. 

 

RESULTS AND FINDINGS 

Evaluating the integrated framework across three active mountain landslide sites yielded 

major improvements in predictive accuracy, lead time, and false alarm reduction. 

Kinematic Displacement Tracking 

Multi-temporal DEM differencing (DoD) captured surface displacement vectors with sub-

centimeter resolution. Figure 2 presents the temporal response of surface displacement 

alongside rainfall intensity over a 30-day monitoring window. 

 

 

Figure 2: Spatiotemporal kinematic response showing displacement acceleration relative to 

rainfall intensity thresholds and early warning levels 

 

During primary creep (Days 1–12), displacement rates remained low (< 0.2 cm/day). Severe 

rainfall between Days 13 and 17 (peaking at 82 mm/day) elevated pore-water pressures, 

triggering secondary creep acceleration. The Physics-ST-GNN model forecasted tertiary 

creep acceleration 44 hours before the 55 cm displacement threshold was breached, triggering 

an automated Level 3 Red Alert. Table 2 presents a comparative model performance 

evaluation. 
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Table 2: Performance Evaluation of Machine Learning Models in Predicting Slope 

Failure 

Model 

Architecture 

Input Data 

Stream 

Prediction 

Accuracy (%) 

Root Mean 

Square Error 

(RMSE) 

Early Warning 

Lead Time 

Random Forest 

(RF) 

UAV Optical 

DEM only 
76.4% 14.2 mm 12 hours 

Standard LSTM 

Geotechnical 

Time-Series 

only 

83.1% 8.7 mm 22 hours 

CNN-LSTM 

Hybrid 

UAV DoD + 

Piezometer 

Array 

90.5% 4.3 mm 34 hours 

Proposed 

Physics-ST-

GNN 

UAV LiDAR + 

Geotechnical + 

PINN 

96.8% 1.1 mm 48 hours 

 

DISCUSSION 

The findings demonstrate that single-modality frameworks are fundamentally constrained. 

Geotechnical arrays yield continuous subsurface feedback but miss lateral crack evolution. 

UAV flights provide ultra-dense surface geometry but cannot operate continuously during 

severe storms. The integrated Physics-ST-GNN solves both limitations, as summarized in 

Figure 3. 

 

 

Figure 3: Quantitative performance benchmark across monitoring frameworks 
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Scientific and Practical Significance 

Incorporating physical geotechnical constraints into deep learning loss functions prevents 

unphysical predictions caused by sensor noise, elevating accuracy to 96.8% and reducing 

false alarms to 4.0%. Practical applications include strategic mountain expressways, high-

altitude railway networks, hydroelectric reservoir rims, and vulnerable alpine settlements 

requiring reliable early warning lead times. 

 

LIMITATIONS 

Key operational limitations include: 

• Flight Constraints in Severe Weather: Gale-force winds (>15 m/s), icing, high-altitude 

turbulence, and fog restrict UAV flights during peak rainfall triggering events. 

• Installation and Capital Expenditure: Installing deep borehole SAA cables and vibrating-

wire piezometers along unstable mountain slopes requires high capital investment and 

specialized drilling equipment. 

• Compute Latency on Edge Devices: Processing dense LiDAR point clouds and evaluating 

multi-layer neural networks exceeds current onboard drone microprocessors. 

• Deep Shear Zone Movement Lag: In deep-seated landslides (>50 m depth), surface 

deformation signals exhibit temporal delay relative to basal shear plane displacement. 

 

FUTURE SCOPE 

Future research should focus on the following transformative domains: 

• Edge-AI Autonomous Swarms: Deploying quantized neural networks (TinyML) on 

onboard UAV processors for real-time adaptive path planning and localized hazard 

inspection. 

• 3D Digital Twin Platforms: Fusing real-time IoT subsurface data streams with high-

resolution UAV meshes in interactive 3D digital environments for predictive risk 

visualization. 

• Multiscale Satellite-UAV-IoT Cascades: Utilizing regional spaceborne InSAR 

deformation maps to trigger UAV swarm deployments and calibrate localized IoT 

geotechnical networks. 

• Self-Powered Sensor Arrays: Developing energy-harvesting geotechnical sensors 

powered by soil microbial fuel cells or kinetic slope movement, eliminating battery 

replacement on dangerous slopes. 
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CONCLUSION 

This review paper confirms that integrating UAV multi-sensor remote sensing and IoT 

subsurface geotechnical telemetry through Physics-Informed Spatiotemporal Graph Neural 

Networks addresses long-standing spatial and temporal gaps in landslide hazard monitoring. 

The unified approach achieves 96.8% prediction accuracy, reduces false alarms to 4.0%, and 

extends early warning lead times up to 48 hours. Continued progress in edge-computing 

drone swarms, self-powered IoT sensors, and Digital Twin technology will further enhance 

real-time mountain hazard governance and disaster risk reduction globally. 
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