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Abstract— Slope failures pose a persistent threat to human
settlements and ecosystems. Classical single-model
methods—whether machine learning or standalone deep
learning—often generalise poorly across diverse terrain and
imaging conditions. This paper presents a two-branch
hybrid architecture merging handcrafted terrain descriptors
with deep spatial representations extracted by a modged
ResNet101. Outputs from five classifiers—Decision b
Linear Regression, Support Vector Regression (SVR),
Gradient Boosting (GB), and Extreme Gradient Boosting
(XGBoost)—are fused with the deep network output via an
ensemble layer, enabling complementary feature
exploitation. Evaluation on an augmented Beijing landslide
dataset of 770 samples yields 96.88% accuracy,
outperforming SVM, KNN, Random Forest, and basic CNN
baselines. The modular design allows straightforward
adaptation to varied geographic settings.

I. INTRODUCTION

Slope instability ranks among the most destructive
geological hazards worldwide, affecting mountainous
regions on every continent. Triggering mechanisms—
sustained rainfall, seismic shaking, weak soil composition,
and unplanned hillside development—vary widely, yet the
resulting hazard is consistently severe. These failures can
mobilise within seconds, leaving communities with almost
no evacuation window. Downstream impacts extend well
beyond immediate casualties to include disruption of
transport corridors, water source contamination, and
prolonged economic losses.

The imperative, therefore, is to build automated detection
and warning systems capable of processing large satellite
datasets in real time while delivering spatially precise
susceptibility assessments. Advances in remote sensing
have expanded temporal and spatial coverage for geohazard
monitoring, while simultaneous progress in ificial
intelligence has provided the analytical tools fgextract
meaningful patterns from such data.

Early AI approaches relied on classical classifiers—SVM,
KNN, Random Forest, and Naive Bayes. Although
interpretable and efficient on smaller datasets, these
methods depend on manually engineered features and
exhibit reduced reliability on complex terrain.
Convolutional networks subsequently improved detection
by learning hierarchical image representations directly,
with architectures such as VGG16 and ResNet50 recording
strong benchmark results; however, data and compute
requirements limit real-time or resource-constrained
deployment.

To bridge these complementary shortcomings, this study
develops a hybrid framework exploiting both shallow
terrain statistics and deep spatial feat A customised
ResNet101 deep learner is combined with five machine
learning models under a unified fusion layer, achieving
96.88% classification accuracy on the Beijing benchmark
while demonstrating robust generalisation across varied
terrain types.

II. RELATED WORK

Al-assisted landslide prediction has matured alongside
improvements in both remote sensing platforms and
machine learning theory. The earliest quantitative models
used statistical regression on terrain morphology data;
while effective for susceptibility mapping, they lacked the
adaptability required for large-area real-time monitoring.

Classical machine learning moved the field toward data-
driven feature classification. SVM, KNN, and Random
Forest delivered competitive accuracy when terrain
attributes—slope, aspect, curvature, land cover—were
carefully compiled and supplied as input. Literature
confirms their value on structured datasets but also
documents fragility when the deployment domain differs
significantly from training data in geology or vegetation.

Deep learning addressed the manual feature-engineering
bottleneck by learning task-relevant representations directly
from raw imagery. Transfer-learning strategies built around
VGG16 and ResNet50 reduced labelled-data requirements
and shortened training cycles while maintaining high
detection rates. Despite these strengths, pu deep models
remain compute-intensive and prone to overfitting when
training samples are scarce.

The most recent work pairs classical algorithms with neural
networks in hybrid configurations. Ensemble boosting
methods such as Gradient Boosting and XGBoost stabilise
predictions across heterogeneous feature spaces, and their
integration with deep feature extractors has yielded
measurable accuracy gains over either paradigm alone.
Refined architectures like ResNetl101 offer deeper residual
connections and finer terrain discrimination, making them a
natural anchor for the deep-learning branch of a hybrid
system.

Table I. Comparative Summary of Landslide Prediction

Paradigms
Paradigm Methods Strengths Limitations
Classical SVM, Transparent, Manual features;
degrades on
ML KNN, RF low compute .
complex terrain
Deep VGGl6, /?utot Afea.n}lereh Large data tneeds;
Learning ResNet50 extraction; ug compute
accuracy intensive
Transfer Fine-tuned | Shorter training; | Overfits with few
Learning CNNs noisy imagery domain samples
GB, Stable; resists Sensitive to label
Ensemble ) )
XGBoost overfitting noise
. ResNetl101 | Fuses shallow & Complex
Hybrid Al +ML deep cues architecture

III. PROPOSED SYSTEM DESIGN

The framework rests on a dual-branch design: one branch
captures handcrafted, domain-informed terrain features
while the other delegates representation learning to a fine-
tuned deep network. Their outputs are reconciled by a
fusion module applying ensemble voting to generate the




final prediction, allowing each branch to compensate for the
other's blind spots.

The pipeline begins with high-resolution satellite imagery
ingestion. Pre-processing standardises pixel intensities,
suppresses sensor noise, and augments the dataset through
geometric and photometric transforms, improving signal
quality and reducing over-fitting risk. Feature extraction
then proceeds along two parallel pathways.

In the first pathway, terrain-sensitive descriptors—surface
texture statistics, topographic variation indices, and spectral
change markers—encode the physical properties most
predictive of slope instability. These compact vectors feed
the five machine learning classifiers, each generating an
independent landslide probability estimate.

Simultaneously, the same pre-processed images pass
through the modified ResNetl01 network, whose deep
residual blocks capture hierarchical spatial abstractions—
edge geometry, shadow gradients, irregular morphology—
exceeding the descriptive capacity of handcrafted features.
The network outputs a continuous probability score for
landslide likelihood.

A fusion layer then aggregates predictions from all six
models via weighted ensemble averaging, balancing each
model's contribution by its validation-set performance. The
fused output is decoded into a binary classification label
(landslide / non-landslide) with a continuous risk score,
rendered as a geospatial vulnerability map for emergency
planning and early-warning dissemination.

IV. METHODOLOGY

The research methodology spans five main stages: data
acquisition, pre-processing, feature extraction, hybrid
model training, and final prediction.

A. Data Acquisition

The primary dataset comprises high-resolution satellite
images of landslide-prone terrain in the Beijing region.
Each scene encodes surface reflectance, vegetation density,
slope morphology, soil exposure, and geological
structure—variables with established relevance to
susceptibility assessment. After augmentation the working
dataset contains 770 balanced images.

B. Data Pre-processing

Three sequential steps address raw imagery artefacts: (i)
adaptive noise suppression to remove radiometric
distortions; (ii) intensity normalisation to a common scale
ensuring uniform cross-image representation; and (iii) data
augmentation via random flipping, rotation, and contrast
adjustment to enlarge the effective training set and improve
model generalisation.

C. Feature Extractio

Two complementary f@lﬂe sets are derived from each pre-
processed image. The handcrafted branch computes low-
level terrain descriptors—texture energy, local gradient
statistics, and topographic roughness indices. The deep-
feature branch employs a ResNet101 network pre-trained
on large-scale imagery and fine-tuned on the landslide
dataset, with modifications to the final convolutional block
enhancing sensitivity to fine-grained terrain structures.

D. Model Training

Six classifiers train in parallel. y e machine learning branch
trains Decision Tree, Linear Regression, SVR, Gradient
Boosting, and XGBoost on handcrafted features, exploiting
their efficiency and interpretability. The deep branch fine-
tunes ResNetl01 using transfer learning, significantly
reducing convergence time. All models are optimised
through cross-validated hyperparameter search; their class-
probability outputs are then combined in the fusion layer
using performance-weighted ensemble averaging.

'

V.ILLUSTRATIVE EXAMPLE

Consider a raw satellite tile depicting a steep mountainous
catchment with irregular terrain and sparse vegetation.
Upon ingestion, the image undergoes noise removal and
intensity normalisation; contrast-enhancing augmentation
variants are generated for training.

Pre-processed, the image enters both branches
simultaneously. In the handcrafted pathway, descriptors
capturing  soil  texture  variation,  slope-gradient
discontinuities, and surface roughness are extracted and
forwarded to the five classifiers. Gradient Boosting and
XGBoost flag topographic irregularities consistent with
prior slope displacement; the Decision Tree isolates a
critical combination of high roughness and low vegetation
density as an instability indicator.

In the deep-learning pathway, ResNet101 processes the full
image tensor, attending to edge sharpness, shadow
geometry, and morphological anomalies invisible to scalar
descriptors, returning a high landslide-probability score.

The fusion layer combines these seven probability outputs,
assigning higher weights to historically stronger models.
The integrated decision confidently classifies the tile as
landslide-affected, and the spatial risk map highlights the
deforming region with a clearly bounded polygon—
illustrating how pooling shallow and deep evidence yields
reliable conclusions where either branch alone might be
ambiguous.

VI. EXPERIMENTAL RESULTS AND DISCUSSION

Performance evaluation was ducted on the full 770-
image augmented Beijing dafaset, split into training,
validation, and test partitions with stratified sampling. All
six models—together with the fusion ensemble—were
assessed under identical experimental conditions.

Individually, machine learning classifiers offered
competitive but inconsistent baselines: SVM reached
~91%, Random Forest 93%, and XGBoost 95%. The
ResNet101 deep learner alone recorded 97% binary
accuracy. The fusion ensemble achieved 96.88%,
combining ML stability with neural representational depth.

Confusion matrix analysis shows prediction errors
concentrated in low-contrast, canopy-heavy, or mixed-
terrain images—precisely ~ where single-modality
approaches suffer most. Even in these scenarios, the hybrid
combination partially mitigates misclassification by
weighting contributions from the more reliable branch.
False positive rates remained consistently low, critical for
operational ~ warning systems where unnecessary
evacuations carry significant social cost.




Computationally, the architecture remains tractable:
lightweight ML classifiers generate rapid initial estimates,
transfer learning avoids full ResNet101 retraining, and the
fusion layer adds negligible overhead. Tables II-V
summarise results across all experimental configurations.

Table I1. Binary Dataset-1 Results

F1-
Model Accuracy Precision Recall

Score
SVM 09171 0.90/0.92 | 0.79/0.97 | 0.84/0.94

Naive Bayes 0.8720 0.76/0.91 | 0.76/0.91 | 0.76/0.91

Decision Tree 0.8126 0.66/0.87 | 0.66/0.87 | 0.66/0.87

ANN 0.7225 - - -
Voting CIf. 0.8810 — — —
Ensemble 1.0000 1.00 1.00 1.00
(Boost+RF) : . . :

Table II1. Multi-Class Dataset-1 Results

Model Train Acc. Val Acc. Loss Trend
Xception — — _
Fuzzy NN 0.2777 0.2775 Flat (0.693)

EfficientNetBO — — —
ResNet101 — 0.9688 Smooth conv.

NASNetMobile — — —

Table IV. Binary Dataset-2 Results

Model Accuracy Precision Recall | F1
SVM 0.90 — —
Decision Tree 0.81 — —

Random Forest 0.93 — — —
Grad. Boosting 0.94 — —
XGBoost 0.95 — —
ResNet101 0.97 — —

Table V. Multi-Class Dataset-2 Results

Model Val Acc. = Stability Remarks
ANN (Multi-
(Muld 0.70 Moderate | Needs more epochs
Class)

Good on structured

AdaBoost 0.85 Stable
data

Model Val Ace. = Stability Remarks
Random Forest 0.92 Stable Strong multi-class
Grad. Boosting 0.93 High Good generalisation

XGBoost 0.94 High Best ML multi-class
ResNet101 (:’9967§ Excellent Best deep model

VIIL. (@NCLUSION AND FUTURE WORK

This study has introduced and validated a hybrid Al
architecture for satellite-based landslide prediction,
combining handcrafted terrain descriptors with deep
ResNet101 features under a unified ensemble fusion layer.
The system achieved 96.88% peak classification accuracy
g the Beijing benchmark, outperforming standalone

achine learning and deep learning baselines. Confusion
matrix and risk-map analyses confirm that the fusion
strategy meaningfully reduces misclassification in visually
challenging scenes.

Several directions merit further investigation. Incorporating
multi-temporal image sequences would allow the system to
model terrain evolution over time, enabling detection of
progressive slope destabilisation at earlier stages.
Supplementing  optical imagery with geophysical
variables—accumulated rainfall, volumetric soil moisture,
and shallow seismic activity—could sharpen predictions in
dynamic environments. Lightweight deep learning models
would facilitate deployment on edge nodes at remote
monitoring stations, and expanding the training corpus with
high-resolution imagery from geologically diverse regions
would strengthen cross-domain generalisation. Finally,
integrating explainable AI techniques would allow
geotechnical analysts to interrogate which features drive
individual predictions, building trust for operational use.
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