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ABSTRACT: Automatic segmentation of landslides from remote sensing imagery is challenging because traditional
machine learning and early CNN-based models often fail to generalize across heterogeneous landscapes, where
segmentation maps contain sparse and fragmented landslide regions under diverse geographical conditions. To address
these issues, we propose a lightweight dual-stream siamese deep learning framework that integrates optical and
topographical data fusion with an adaptive decoder, guided multimodal fusion, and deep supervision. The framework
is built upon the synergistic combination of cross-attention, gated fusion, and sub-pixel upsampling within a unified
dual-stream architecture specifically optimized for landslide segmentation, enabling efficient context modeling and
robust feature exchange between modalities. The decoder captures long-range context at deeper levels using lightweight
cross-attention and refines spatial details at shallower levels through attention-gated skip fusion, enabling precise
boundary delineation and fewer false positives. The gated fusion further enhances multimodal integration of optical
and topographical cues, and the deep supervision stabilizes training and improves generalization. Moreover, to mitigate
checkerboard artifacts, a learnable sub-pixel upsampling is devised to replace the traditional transposed convolution.
Despite its compact design with fewer parameters, the model consistently outperforms state-of-the-art baselines.
Experiments on two benchmark datasets, Landslide4Sense and Bijie, confirm the effectiveness of the framework. On the
Bijie dataset, it achieves an Fl-score of 0.9110 and an intersection over union (IoU) of 0.8839. These results highlight its
potential for accurate large-scale landslide inventory mapping and real-time disaster response. The implementation is
publicly available at https://github.com/mishaown/DiGATe-UNet-LandSlide-Segmentation (accessed on 3 November
2025).

KEYWORDS: Landslide segmentation; remote sensing; dual-stream lightweight networks; digital elevation model
(DEM); gated fusion

1 Introduction

Landslides are among the most destructive geological hazards worldwide, posing a significant threat
to human lives, infrastructure, and economic stability. According to the United Nations International
Strategy for Disaster Reduction (UNISDR), more than 1000 landslide-related disaster events occur annually,
causing thousands of fatalities and severe economic losses [1]. Beyond immediate destruction, landslides
disrupt transportation networks, damage infrastructure, and contaminate water sources, generating long-
term environmental and socio-economic impacts [2]. Historical events such as the 2014 Oso landslide in
Washington, which claimed 43 lives, and the 2017 Bijie County landslide in China, which caused 27 fatalities,
highlight the urgent need for reliable landslide monitoring and risk assessment systems [3].
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Traditional field surveys and manual interpretation methods, though accurate, are time-consuming and
labor-intensive, making them unsuitable for large-scale or rapid response applications [1,4]. The emergence
of high-resolution remote sensing and increased computing power has enabled more scalable solutions.
Machine learning (ML) methods, including Random Forests, Support Vector Machines, and Logistic Regres-
sion, have been applied to automate landslide classification, but they often struggle with feature selection,
generalization, and scalability [5,6]. Deep learning (DL), particularly convolutional neural networks (CNNs),
has advanced the field by learning rich hierarchical representations from complex imagery [2,7]. Multi-
source remote sensing data, combining optical, synthetic aperture radar (SAR), and DEM, further supports
comprehensive analysis [3,8,9].

Despite these advances, challenges remain, as illustrated in Fig. 1, since many deep learning studies
focus primarily on detection and discrimination between landslide-affected and non-landslide areas, yet
often underperform in segmentation, where precise boundary delineation across heterogeneous shapes and
scales is required.

Figure 1: Key challenges in landslide segmentation: large variation in shape and scale, confusion with visually similar
non-landslide regions (e.g., bare soil, roads, erosion), and the difficulty of detecting small or fragmented landslide areas,
sourced from Bijie dataset (top) and LandSlide4Sense dataset (bottom)

Models trained primarily on visually distinct and recent landslides often fail on older, weathered, or
vegetation-covered cases [3,4]. Architectures such as Faster Region-based Convolutional Neural Networks
(Faster R-CNN) utilizing convolutional backbones with pretrained weights also encounter optimization
issues such as vanishing gradients, limiting their ability to model complex patterns [5]. Detection frameworks
additionally struggle with small-scale and fragmented regions’ landslides, where limited pixel representation
leads to missed features [10,11]. In regions with similar spectral signatures (e.g., bare soil, terraced fields,
erosion zones), segmentation models frequently produce false positives [12]. Several open-source landslide
inventories with reliable annotation techniques have been released in recent years (e.g., [13-15]), provid-
ing broader access to annotated data for research and benchmarking. However, many publicly available
datasets remain limited in terms of spatial diversity, sensor modality, and annotation consistency, making it
challenging to train models that generalize across heterogeneous geomorphological environments.

Landslides occur in various forms; in this study, we focus mainly on shallow slope failures, including
rock slides, rock falls, and small debris slides typical of rainfall-triggered mountainous terrains. We focus
on advancing landslide segmentation while acknowledging its close relationship with landslide detection.
The objective of this work is to design a deep learning framework that not only distinguishes landslide-
affected areas but also achieves pixel-level segmentation with accurate boundary delineation, even for small
and visually complex regions. The main contributions of this study are summarized as follows:

« We propose an adaptive dual-decoder architecture that processes modality-specific information in
parallel streams. A lightweight cross-attention mechanism captures global context in deeper layers, while
attention gates refine local spatial details in shallower layers, enabling robust and complementary feature
exchange between modalities.
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o We introduce a guided multimodal fusion strategy that explicitly combines optical and topographic
features at both encoder and decoder stages. The gated fusion module learns adaptive weighting with
confidence regularization, ensuring stable and balanced feature integration across modalities.

o We replace conventional transposed convolutions with learnable sub-pixel upsampling, mitigating
checkerboard artifacts and improving high-resolution reconstruction quality with reduced computa-
tional overhead.

2 Related Studies on Landslide Segmentation

Landslides are highly destructive hazards that require rapid and accurate mapping for effective disaster
mitigation. With the advent of deep learning, convolutional neural networks (CNNs) and their extensions
have become the dominant methodology for landslide segmentation analysis. Recent studies increasingly
formulate the task as semantic segmentation, where each pixel in high-resolution optical imagery (typically
0.5-10 m spatial resolution from satellites such as WorldView, PlanetScope, Sentinel-2, or GaoFen) is
classified as either landslide or non-landslide.

This section synthesizes prior research on landslide segmentation by organizing representative works
according to four key technical challenges identified in recent literature: (1) detecting visually blurred or
relic landslides, (2) integrating heterogeneous multi-source data, (3) coping with limited annotated datasets,
and (4) improving segmentation accuracy. This organization reflects the main difficulties addressed by our
proposed framework and provides context for the design choices discussed in Section 3.

Despite notable progress, landslide segmentation research continues to face these core challenges. The
following subsections summarize representative studies corresponding to each aspect.

2.1 Visually Blurred (Relic) Landslides

Inactive or relic landslides are often difficult to identify in optical imagery because their visual
characteristics depend on multiple factors such as the time elapsed since failure, vegetation regrowth, surface
erosion, and local climatic conditions, which can collectively lead to low-contrast or blurred boundaries in
visible-band imagery [3,4]. To address this, multi-stream and attention-based segmentation networks have
been proposed. For example, feature-fusion segmentation network (FFS-Net) combines optical texture with
DEM-derived topographic cues (i.e., elevation-based terrain attributes such as slope, aspect, and curvature),
significantly improving the segmentation of blurred landslides over CNN-based baselines [3]. Similarly,
hyper-pixel-wise contrastive learning augmented segmentation network (HPCL-Net) introduces hyper-pixel
contrastive learning to enhance feature representation in small or ambiguous landslide patches [16]. Recently,
Hu et al. [12] proposed a cross-attention landslide detector (CALandDet) framework that captures global
context for improved segmentation of relic landslides, outperforming CNN-based baselines.

2.2 Integrating Multi-Source Data

The fusion of multi-modal inputs such as RGB (Red-Green-Blue), DEM, and slope layers has con-
sistently improved landslide delineation. DEMs contribute elevation gradients and slope breaks that can
help clarity landslide boundaries obscured in spectral imagery, although the slope information accurately
reflects landslide morphology only when the DEM is acquired after the failure event. Studies using dual-
stream networks, such as the gated dual-stream convolutional neural network (GDSNet), demonstrate that
gated feature fusion of RGB and DEM inputs achieves higher detection accuracy than single-modality mod-
els [3,17]. The Landslide4Sense benchmark further validates this, showing that networks incorporating DEM
and slope layers outperform those using only Sentinel-2 optical data across multiple global test sites [8,18].
Other approaches combine mathematical morphology with DEM and orthophoto data to extract reliable
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landslide polygons [19]. More recently, Wu et al. [9] proposed a hybrid CNN-Transformer fusion network
that integrates DEM with optical features, achieving superior accuracy on multi-regional benchmarks.

2.3 Handling Small Datasets

The scarcity of pixel-wise labeled landslide data presents a critical bottleneck for developing and
validating deep learning models. Supervised segmentation networks rely on accurately annotated masks
to optimize loss functions, learn discriminative spatial features, and evaluate model performance across
heterogeneous terrain conditions. Insufficient labeled data often lead to overfitting and poor generalization,
highlighting the need for large, well-annotated datasets to advance reliable and transferable landslide
mapping. Manual delineation of landslides is costly and time-consuming, leading to limited training samples.
To mitigate this, researchers employ data augmentation, transfer learning, and ensemble methods. For
example, Faster R-CNN with aggressive augmentation improved detection recall under limited training
data [5]. Transfer learning from large-scale image datasets (e.g., ImageNet) consistently boosts performance;
Chandraetal. [4] demonstrated that U-Net with ResNet backbones achieved near-perfect landslide detection
accuracy, far surpassing models trained from scratch. Beyond supervised learning, unsupervised and weakly
supervised strategies such as multiscale adaptation and contrastive learning are emerging to reduce reliance
on extensive ground truth [7].

2.4 Improving Segmentation Accuracy

Recent architectures enhance accuracy through attention mechanisms, multi-scale feature fusion, and
advanced decoder designs. FFS-Net integrates multiscale channel attention to balance fine textures with
semantic context [3], while the method proposed by Lu et al. [20] applies lightweight multi-scale fusion
to boost pixel-level precision. Advanced U-Net variants incorporating multi-sensor inputs and refined loss
functions consistently outperform vanilla U-Net baselines [4,19]. Ensemble strategies and hybrid CNN-
Transformer models are also being explored for boundary refinement and context modeling [7,10,11,21].
The Landslide4Sense benchmark confirms that specialized fusion-based architectures can yield IoU and
Fl-score improvements of 5-10% compared to earlier CNNs [8,18]. These developments underscore the
importance of multi-branch, attention-augmented, and transformer-based designs for advancing landslide
segmentation performance.

3 Methods

This section describes the proposed dual-stream architecture for landslide segmentation from multi-
modal satellite imagery.

3.1 Overview

The framework adopts a dual-stream encoder-decoder design to exploit complementary optical and
topographic features. As illustrated in Fig. 2, two geographically co-registered inputs Stream A (optical RGB)
and Stream B (DEM) are processed by a siamese EfficientNet-B4 backbone [22] with shared weights for
consistent feature extraction. Each encoder produces five hierarchical feature maps {fi4};_; and {fis}3_,
capturing fine-to-semantic representations.

Mid-level features ( f3g, fap) from Stream B are fused with optical counterparts through a GateFuse
module, strengthening semantic alignment while preserving modality-specific shallow layer details ( fi, f2).
Two adaptive decoders progressively reconstruct high-resolution representations via cascaded TransUp and
UpFlex modules. Decoder A operates on fused features for cross-modal representations, while Decoder B
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reconstructs Stream B independently to retain topographic specificity. Intermediate outputs (x34, x44) and
(x38,x4p ) undergo late-stage gated fusion for enhanced boundary precision.
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Figure 2: Architecture of the proposed dual-stream model for the landslide segmentation

The fused decoder output is upsampled via SubPixelUp and projected through 1 x 1 convolution to
obtain main prediction Jmqin € RV, Two auxiliary predictions ( Jaux2, Jauxs) from intermediate stages
provide deep supervision, improving gradient flow and training stability. The architecture integrates gated
fusion at encoder and decoder levels, attention-guided reconstruction, and multi-scale supervision for
accurate landslide segmentation.

3.2 Features Extracted from the Pretrained Network

Both input streams are processed by a similar backbone trained on ImageNet. Each encoder extracts
a five-level hierarchy of multi-scale feature maps, capturing fine textures at shallow layers and semantic
context at deeper layers. Intermediate features from both streams are retained as skip connections to guide the
decoders during reconstruction. Stream A features (ay, . .., a4) feed the fused decoder branch, while Stream
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B features (by,. .., by) support the modality-specific decoder. This shared pretrained backbone accelerates
convergence and stabilizes training on limited landslide samples.

3.3 Adaptive Decoder

The adaptive decoder comprises three complementary modules SubPixelUp, TransUp, and UpFlex that
collectively address global alignment, selective fusion, and efficient upsampling. Unlike prior architectures
applying upsampling and attention sequentially, this unified design integrates these mechanisms coherently.
TransUp performs sub-pixel upsampling with lightweight cross-attention for global context alignment
between decoder and skip features. The attention mechanism is applied directly across the skip-feature
space rather than through flattened spatial tokens, enabling modality- and depth-aware fusion without
excessive computational overhead. UpFlex extends classical U-Net skip connections by integrating sub-pixel
upsampling with attention-gated fusion for spatial refinement. Its flexible design operates efficiently across
multiple decoder scales without parameter redundancy, adaptively emphasizing salient encoder features
while suppressing irrelevant noise. SubPixelUp provides the core upsampling operation, ensuring artifact-
free resolution recovery with reduced computational overhead compared to transposed convolutions.

3.3.1 SubPixelUp

The SubPixelUp module performs learnable upsampling by transforming channel information into
spatial resolution through pixel-shuffle [23]. Given input feature z € RE»*#*W  desired output channels
Cout> and upscaling factor r = 2, a pointwise convolution expands the channel capacity by %, producing
u € R(Cour)xH “W as illustrated in Fig. 2. After Layer Normalization and Rectified Linear Unit (ReLU)
activation, & = ReLU(LN(u)), pixel-shuftle rearranges channels into spatial detail:

y = PixelShuffle, (1), y e RCouw*(rH)x(rW), (1)

This design enables stable resolution recovery while preserving spatial features, serving as the core
upsampling unit in both TransUp and UpFlex.

3.3.2 TransUp

The TransUp module integrates sub-pixel upsampling with lightweight cross-attention for efficient
resolution restoration and context alignment. As shown in Fig. 3, decoder feature d is upsampled by
r=2 (Eq. (1)) to produce d; aligned with encoder skip feature s. Both features are projected through
1 x 1 convolutions to form queries Q = Convy,;(d;) and key-value pairs K, V = Conviy (s). Multi-head
cross-attention followed by residual multilayer perceptron MLP refinement produces updated query Q:

y = ReLU(LN2d(Convs,3(Q + MLP(LN(Q))))) )

This compact design achieves artifact-free upsampling while enhancing semantic consistency between
decoder and skip features without excessive computational overhead.

3.3.3 UpFlex

The UpFlex module integrates learnable upsampling, attention-gated skip fusion, and local convo-
lutional refinement. As illustrated in Fig. 4, decoder feature d is upsampled with r = 2 following Eq. (1),
producing d; = SubPixelUp(d) aligned with skip feature s. An attention gate modulates the skip connection:
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a =0 (LN(W, * dy) + LN(W, * 5)), where o is sigmoid activation and W,, W, are 1 x 1 convolutions. The
gated feature § = « ® s is concatenated with d; and refined through successive 3 x 3 convolutions:

y = DoubleConv ([§, d]). (3)

This selective fusion enhances spatial precision and boundary delineation, improving segmenta-

tion accuracy.
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3.4 Guided Feature Fusion

The proposed fusion design is inspired by the gated multimodal unit introduced in [24] and adapted
here for pixel-level feature integration. As illustrated in Fig. 2, the GateFuse module adaptively merges
complementary information from the two input streams or their decoder branches. Here, a and b represent
feature maps from different modalities, each of dimension R©**W A spatial attention mask « is generated as
a = o( Convix([a; b]) ), where [a; b] denotes channel-wise concatenation and o (+) is the sigmoid activation.
The fused feature is then computed as

f=a0a+(1-a)ob, (4)

where ® indicates element-wise multiplication. To promote confident fusion decisions, a regularization term
is added:

1
R:WZ(X,‘J (1—0(1',]'), (5)
i
which penalizes uncertain gating (« ~ 0.5) and stabilizes multimodal learning.

3.5 Loss Function

To address severe class imbalance and guide confident multimodal fusion, the network employs a
compound loss combining Tversky segmentation loss [25] with the gating regularization term in Eq. (5).
This formulation stabilizes training, improves recall of sparse landslide pixels, and enforces decisive gating
across fusion stages. Following the deep supervision strategy in [26], the model generates a main prediction
A main aux2

b% and two auxiliary outputs (y
then formulated as

$23) from intermediate decoder stages. The segmentation loss is

ACtversky _ /\0 E(}A}main,y) + Alg(yauxz’y) + /\2 g(j}auﬁ’y), (6)

where /(-) denotes the pixel-wise Tversky loss with hyperparameters a = 0.3 and 8 = 0.7 to emphasize
recall over precision, particularly beneficial for detecting sparse landslide regions. To further stabilize the
gating mechanism and prevent unreliable fusion weights, a regularization term with weight A, = 107> is
incorporated, yielding the total objective function

L= Ltversky + /lr Z Rj) (7)
j

where R; denotes the gating regularization at fusion stage j. This composite loss effectively balances
segmentation accuracy with stable multimodal integration throughout the network hierarchy.

4 Experiment

In this section, we present the datasets, evaluation metrics, baseline models, and implementation details
of our proposed method. We then evaluate performance on two real-world datasets and finally conduct
ablation studies.

4.1 Datasets and Evaluation Metrics

While large-scale datasets such as the Chinese Academy of Sciences (CAS) Landslide Dataset [27] pro-
vide multi-sensor coverage across diverse terrains, co-registered multi-modal datasets remain limited [28].
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Optical data suffer from cloud cover and daylight constraints, whereas SAR can penetrate clouds [29], yet
few datasets provide co-registered SAR or DEM for effective multi-modal fusion.

The Bijie dataset [30] is an optical benchmark from Bijie City, Guizhou Province, China, covering
26,853 km? in the Tibetan Plateau transitional zone (altitude 457-2900 m). This landslide-prone region
features steep terrain, unstable geology, and heavy rainfall (849-1399 mm annually). The dataset comprises
770 positive landslide samples (rock falls, rock slides, debris slides) and 2003 non-landslide samples from
TripleSat imagery (May-August 2018, 0.8 m resolution). Each sample includes RGB imagery, manually
delineated masks verified through field surveys, and DEM tiles (2 m elevation accuracy). Non-landslide
samples represent diverse backgrounds (mountains, villages, rivers, forests, agricultural lands). Despite its
value as a benchmark, coverage is limited to one region and acquisition period.

The LandSlide4Sense dataset [8] is a global benchmark comprising Sentinel-2 multispectral imagery (14
bands at 10 m resolution) and DEM-derived features from the Advanced Land Observing Satellite Phased
Array type L-band Synthetic Aperture Radar (ALOS PALSAR). It provides 3799 training, 245 validation,
and 800 test patches (128 x 128 pixels) with pixel-wise masks for training. Spanning multiple global regions
(2015-2021), it captures shallow translational slides and debris flows caused by rainfall, erosion, or anthro-
pogenic disturbances. While offering greater environmental diversity than site-specific datasets, its 10 m
resolution may miss small landslides, and the patch-based design limits contextual information.

Landslide segmentation is formulated as binary classification with strong class imbalance. Performance
is evaluated using four pixel-level metrics:

.. TP TP 2TP TP
Precision= ————, Recall= ————, Fl= —————, IoU= ———, (8)

TP+ FP TP+ FN 2TP+FP+FN TP+ FP+FN

where precision and recall measure accuracy and completeness, while F1 and IoU quantify overall segmen-
tation quality. Two image-level metrics assess threshold-independent robustness: AUROC evaluates ranking
consistency, and AUPRC summarizes precision-recall trade-ofts:

1 1
AUROC = f TPR(t) dFPR(t), AUPRC = / Precision(r) dRecall(r). )
0 0

Together, these metrics provide comprehensive evaluation of pixel-wise accuracy and model reliability
under class imbalance.

4.2 Baseline Methods

To ensure a comprehensive and fair evaluation, we compared the proposed model with a diverse set
of segmentation architectures representing the major evolutionary trends in semantic segmentation for
landslides. The selected baselines include both classical convolutional networks and recent attention or
transformer-based designs that have been widely adopted in remote sensing and landslide mapping. This
diversity allows us to assess the relative contribution of multimodal fusion, attention mechanisms, and
adaptive decoding within a unified benchmark.

Among convolutional encoder-decoder networks, U-Net [2], DeepLabv3+ [3] and LinkNet [31] serve
as foundational CNN baselines known for their efficiency and strong localization performance. Dual-Stream
U-Net [32,33] extends this paradigm to multimodal and multi-temporal settings, providing a reference for
assessing the benefit of dual-stream fusion. More recent variants, such as the residual-multihead-attention
unet (RMAU-NET) [34] and the dilated convolution and EMA attention with pixel attention-guided unet
(DEP-UNet) [35] incorporate residual and dense connections, multi-head attention, and pyramid pooling
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to enhance multi-scale context and mitigate class imbalance. Together, these architectures establish a strong
baseline for evaluating improvements introduced by our adaptive decoder and gated fusion mechanisms.

We further include state-of-the-art attention and transformer-based models to represent the current
frontier of landslide segmentation. ShapeFormer [21] leverages vision transformers and shape priors for
boundary-aware segmentation, while the enhanced multi-scale residual high-resolution network (EMR-
HRNet) [11] fuses multi-resolution features through an efficient refinement module built upon HRNet. The
global information extraction and multi-scale feature fusion segmentation network (GMNet) [36] adopts
a multi-branch design combining global, local, and morphological features via a gated fusion mechanism.
Although these models capture richer context through self-attention and multi-scale fusion, they typically
operate on single-modality optical data and lack explicit cross-stream gating or deep supervision. Our
framework complements these approaches by unifying attention, multimodal fusion, and adaptive decoding
into a lightweight dual-stream architecture specifically tailored for landslide segmentation.

4.3 Dataset Preprocessing

For the Bijie dataset, the landslide and non-landslide samples were merged and split into 70%, 20%, and
10% subsets for training, validation, and testing, yielding 1941, 554, and 278 samples, respectively. For the
Landslide4Sense dataset, we adopted the official split of 3799 training, 245 validation, and 800 test images as
defined by the dataset authors. All images were resized to 256 x 256 pixels for convolutional backbones and
224 x 224 for vision transformers, with standard augmentations (random flips, Gaussian noise, and Contrast
Limited Adaptive Histogram Equalization (CLAHE)) applied during training.

In the Bijie dataset, each patch provides RGB and DEM layers. Stream A receives the RGB composite,
while Stream B uses the DEM replicated three times, forming paired six-channel inputs that preserve archi-
tectural symmetry. For the Landslide4Sense dataset, Stream A uses RGB channels, and Stream B combines
normalized difference vegetation index (NDVI), slope, and DEM features. This configuration efficiently
combines optical, topographic, and vegetation information, balancing performance and computational cost.
The NDVI is computed from the red (R) and near-infrared (NIR) bands as:

NDVI = M (10)
NIR+R

This configuration allows both datasets to be processed in a consistent dual-stream manner, while

leveraging complementary spectral and topographic information for landslide segmentation.

4.4 Experimental Settings

All experiments were conducted in Python 3.10 using PyTorch 2.6.10 on Ubuntu 22.04.4 LTS, with an
Intel(R) Xeon(R) Platinum 8350C CPU @ 2.60 GHz, an NVIDIA RTX A6000 GPU (Graphics Processing
Unit) (48 GB). The hyperparameters used are detailed in Table 1.

Table 1: Model hyperparameter values

Hyperparameter Value
Optimizer Adam
Loss function Tversky loss
Pretrained weights True
Encoder freeze True

(Continued)
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Table 1 (continued)

Hyperparameter Value
Learning rate 3x107*
Weight decay 1x107*
Batch size 32
Epochs 100
Activation functions ReLU, Softmax, Sigmoid

The Adam optimizer was employed with an initial learning rate of 3 x 10~* and weight decay of 1 x 107*.
Models were trained for 100 epochs with a batch size of 32. Tversky loss was used to address class imbalance,
with sigmoid activation in the final layer for probabilistic predictions, ReLU in convolutional modules, and
softmax in the cross-attention mechanism.

4.5 Experimental Results and Analysis

This section presents quantitative and qualitative results on the Bijie and Landslide4Sense datasets.
Training and validation curves are provided in Appendix A (Figs. Al and A2).

4.5.1 Results on the Bijie Dataset

Table 2 compares the proposed model against baseline methods on the Bijie dataset. The proposed
framework achieved superior performance across all metrics. Classical CNN models exhibited strong
precision but limited spatial overlap (IoU < 0.78), while transformer-based approaches improved recall
but showed inconsistent boundary delineation. Recent fusion networks (DEP-UNet, EMR-HRNet, GMNet)
enhanced overall quality yet remained inferior to the proposed model.

Table 2: Performance comparison on the Bijie dataset

Model Acc Precision Recall F1 IoU
UNet [2] 0.9798 0.9013 0.8642 0.8065 0.7776
Dual-stream UNet [32] 0.9824 0.8768 0.8877 0.8084 0.7809
LinkNet [31] 0.9750 0.8450 0.8707 0.8577 -
DeepLabv3+ [3] - 0.8443 0.8837 0.8635 0.7599
TransUNet [21] - 0.8724 0.8823 0.8773  0.7815
ShapeFormer [21] - 0.8674 0.8952 0.8811 0.7872
RMAU-NET [34] - 0.7454 0.7414 0.7434 0.5733
DEP-UNet [35] - 0.8026 0.8806 0.8398 0.8386
EMR-HRNet [11] 0.9468 0.8791 09115 0.8950 0.8170
GMNet [36] - 0.8982 0.9179 0.9080 0.8304

Proposed model 0.9896 0.9452  0.9249 0.9110 0.8839

Note: Bold numbers highlight the top-performing results across correspond-
ing metrics.
4.5.2 Results on the Landslide4Sense Dataset

Table 3 summarizes the comparative results on the Landslide4Sense dataset. The proposed model,
using six input bands (RGB, NDVI, Slope, and DEM), achieved an F1 score of 0.753 and IoU of 0.677,
outperforming the ResUNet baseline [8] trained with all 14 spectral bands. Compared with entries from the
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Landslide4Sense Competition [18], including U-Net (F1 0.598, RGB + SWIR), Deeplabv3 (F1 0.592, NGB),
and Swin Transformer (F10.656, RGB), our approach achieved the highest segmentation accuracy with fewer
input channels.

Table 3: Performance table on the Landslide4Sense dataset

Model Bands F1-Score IoU
UNet [18] 6 (RGB + SWIR) 0.598 -
Deeplabv3 [18] 3 (NGB) 0.592 -
Swin transformer [18] 3 (RGB) 0.656 -
ResUNet [8] 14 (Sentinel-2 + DEM + Slope) 0.716 0.653

Proposed model 6 (RGB + NDVI + Slope + DEM) 0.753 0.677

Note: Models differ in the number and type of spectral bands used, so the reported
results should be interpreted as indicative rather than directly comparable. Bold
numbers highlight the top-performing results across corresponding metrics.

4.6 Ablation Study

We conduct ablation experiments to evaluate the contribution of individual components within the
proposed framework, including the choice of backbone network, the effect of fusion strategies, the role of
decoder components, and the impact of deep supervision. All experiments were conducted under identical
settings for a fair comparison on Bijie dataset.

4.6.1 Effect of Pretrained Backbones

Several pretrained encoders with ImageNet weights were evaluated to assess backbone selection impact
on segmentation performance. Fig. 5 illustrates the trade-off between F1 score, IoU, and model parameters.

0.90

31026 T4

Figure 5: Influence of different backbones on segmentation performance
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Among CNN-based backbones, ResNet50 and ResNet101 achieved comparable performance (F1~ 0.898,
IoU » 0.868), while DenseNet121 yielded slightly lower scores (F1 0.8891, IoU 0.8586) with fewer parameters.
MobileNetV3-Small exhibited the weakest performance (F1 0.8080, IoU 0.7766). EfficientNet-B4 achieved
the highest performance (F1 0.9110, IoU 0.8839) with only 1.24M parameters. The transformer-based Vision
Transformer-Base (ViT-Base) (16/224) utilized 39.10M parameters but yielded lower accuracy (F1 0.8730,
ToU 0.8413).

Detailed computational efficiency metrics, including GFLOPs, FPS, and memory usage, are provided
in Appendix B (Table Al).

4.6.2 Effect of Fusion Strategies

We analyzed the impact of different fusion strategies at both pixel-level (segmentation) and image-
level (presence detection) on 278 test images (77 positive, 201 negative). Table 4 compares variants from a
single-stream channel fusion baseline to progressively adding late fusion, early fusion at selected stages, and
multi-stage fusion.

Table 4: Comparison of different fusion strategies at pixel level (segmentation) and image level (presence detection)

Pixel-level segmentation Image-level presence detection

Acc  Recall Precision Fl (Dice)/oU AUROC AUPRC BestFl1 Threshold

Single-stream channel fusion 0.9867 0.9154 0.9134  0.8837/0.8522  0.9485  0.9330  0.9072 0.905
Only late fusion 0.9859 0.9225  0.9391  0.9002/0.8712  0.9632  0.9628  0.9474 0.680

Early fusion (stage 3, 4) + late fusion 0.9896 0.9249  0.9452  0.9110/0.8839 0.9636  0.9636  0.9536 0.925
Early fusion (stage 1-5) + late fusion  0.9860 0.9423  0.8958  0.8801/0.8508 0.9790  0.9672  0.9202 0.910
Fusion at all stages (early + late) 0.9860 0.9459 0.8902  0.8774/0.8472 0.9698 0.9684 0.9536 0.955

Fusion strategy

Note: Bold numbers highlight the top-performing results across corresponding metrics.

The single-stream baseline achieved moderate performance but exhibited weaker image-level
detection. Late fusion alone improved both segmentation and detection metrics, though the low
optimal threshold (0.68) indicates reduced model confidence near decision boundaries. The opti-
mal configuration—early fusion at stages 3 and 4 combined with late fusion—achieved the highest
segmentation performance (F1=0.9110, IoU = 0.8839) while maintaining robust image-level detection
(AUROC = 0.9636, best F1 = 0.9536). Expanding fusion to all encoder stages degraded pixel-level precision
despite competitive image-level metrics (AUROC up to 0.9790), suggesting that excessive fusion introduces
redundancy and impairs spatial accuracy.

4.6.3 Effect of Decoder Components

We conducted ablation experiments to assess the contribution of three decoder modules: TransUp,
UpFlex, and GateFuse.

Table 5 shows that UpFlex provides the largest individual improvement (F1 = 0.90 vs. baseline 0.78),
demonstrating its effectiveness for spatial refinement. TransUp with GateFuse achieves F1 = 0.85, while
combining TransUp and UpFlex yields F1 = 0.88. The full configuration with all three modules achieves
optimal performance (F1 = 0.91), confirming their complementary contributions to segmentation accuracy.
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Table 5: Impact of decoder components on segmentation performance

TransUp UpFlex GateFuse F1 score
X X X 0.78
v X Ve 0.85
X v v 0.90
v v X 0.88
v v v 0.91

4.6.4 Effect of Deep Supervision

Deep supervision [26] is a widely adopted technique in segmentation networks, proven to enhance
performance by injecting auxiliary losses at intermediate decoder stages to improve gradient flow and
regularization. In our study, all experiments incorporated deep supervision (Section 3.5) and regularization
(Section 3.4) wherever gated fusion was applied.

Empirically, this design consistently resulted in a performance boost of 1%-2% across metrics compared
to training without deep supervision. The improvement was most notable in challenging cases with small or
fragmented landslide regions, where auxiliary supervision guided the decoder to produce sharper and more
consistent segmentation masks. These findings align with prior evidence that deep supervision strengthens
training stability and improves generalization in encoder-decoder networks.

5 Discussion

The experimental evaluation highlights key aspects of the proposed framework corresponding to design
choices in Sections 3 and 4.

The backbone analysis (Section 4.6.1) confirms that lightweight architectures like EfficientNet-B4
achieve superior segmentation performance with fewer parameters than heavier alternatives (ResNet101,
ViT), enabling efficient real-time landslide monitoring without sacrificing accuracy.

Fusion strategy comparisons (Section 4.6.2) show that combining early fusion at mid-level encoder
stages with gated late fusion at decoder stages maximizes complementary information while avoiding
redundancy. Single-stream fusion achieved baseline performance, but staged gated fusion substantially
improved both pixel-level segmentation and image-level detection. Indiscriminate fusion across all levels
introduced noise and reduced spatial precision.

Decoder ablations (Section 4.6.3) reveal that UpFlex provides the largest individual improvement
through attention-gated skip fusion. The combination of TransUp, UpFlex, and GateFuse achieved opti-
mal performance, validating their complementary roles in semantic alignment, spatial refinement, and
adaptive fusion.

Deep supervision (Section 4.6.4) consistently improved training stability and performance by 1%-2%,
particularly for small, fragmented landslides where auxiliary losses recovered finer details, aligning with
established regularization benefits in encoder-decoder networks.

Baseline comparisons (Section 4.5) demonstrate that integrating staged fusion, adaptive decoders,
and deep supervision enables our approach to outperform U-Net variants, ShapeFormer, and GMNet
on the Bijie dataset. Results on Landslide4Sense confirm that optimized feature selection (RGB, NDVI,
Slope, DEM) outperforms full-band or single-modality inputs, emphasizing strategic data fusion in remote
sensing applications.
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Limitations and Future Work

Despite strong results, illustrated in Fig. 6, challenges remain for future work. As shown in Fig. 7,
the model still struggles in scenes with complex backgrounds and fine boundaries, occasionally leading to
missed or imprecise detections. Performance differences between the Bijie and Landslide4Sense datasets
further indicate sensitivity to input data quality, particularly resolution. The Bijie dataset benefits from high-
resolution optical and DEMs that capture detailed topographic gradients, whereas coarse DEMs may reduce
boundary precision and limit model transferability, a known constraint in large-scale landslide mapping.

The current framework is limited to optical and topographic input with single temporal pairs.
Future work will focus on integrating synthetic aperture radar (SAR) data for all-weather robustness and
employing temporal fusion to capture pre and post-event changes. Incorporating edge-aware refinement,
boundary-sensitive loss functions, and domain adaptation will further enhance segmentation accuracy
and generalization across varied terrains, making the framework more adaptable for large-scale landslide

1 [b X
NNBBCEBEBE0N
DDROLECQ0E

monitoring.

49y
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(b) LandSlide4Sense Dataset

Figure 6: Qualitative results of the proposed segmentation framework across two benchmark datasets: (a) Bijie Dataset
and (b) LandSlide4Sense Dataset. For each dataset, the sequence displays the RGB image, annotated ground truth,
predicted segmentation mask, and heatmap overlaid on the RGB image. The heatmap highlights landslide regions in
red (positive) and non-landslide areas in blue (negative)
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Figure 7: Examples of challenging cases from the Bijie and Landslide4Sense datasets. Each column shows the RGB
image, the annotated ground truth, and the predicted segmentation mask. These samples illustrate failure cases where
the model struggles in complex environments, leading to missed detections or inaccurate delineation of landslide
boundaries

6 Conclusion

This study presented a lightweight dual-stream segmentation framework for mapping landslides from
remote sensing imagery. The proposed architecture employs a synergistic combination of a dual encoder-
decoder design that preserves modality-specific fidelity while enabling cross-stream information exchange
through guided gated fusion of optical and topographical features. An adaptive decoder incorporating
cross-attention and attention-guided refinement further enhances boundary delineation and reduces false
positives. Comprehensive experiments on two benchmark datasets demonstrated the strong performance of
the proposed model, achieving an Fl-score of 0.9110 and an IoU of 0.8839 on the Bijie dataset, surpassing
state-of-the-art baselines.

The proposed model effectively segmented various types of landslides, including shallow slides, rock
falls, and debris slides, demonstrating adaptability across datasets with different geomorphological and
climatic triggers. Due to its compact design and computational efficiency, the model is well-suited for
rapid regional mapping and near real-time disaster response, with potential for integration into operational
geohazard monitoring systems. Future work will explore edge-aware refinement modules, multi-temporal
and SAR data fusion, and domain adaptation strategies to improve generalization across diverse geographic
environments. Through these extensions, the proposed framework is expected to further enhance the
reliability, scalability, and practicality of automated landslide inventory mapping in real-world applications.
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Appendix A Training and Validation Curves

This appendix complements the experimental results presented in Section 4.5. Figs. Al and A2 show
the training and validation curves of loss, F1 score, and IoU for the Bijie and Landslide4Sense datasets,
respectively. These plots illustrate the convergence behavior and stability of the proposed model during
optimization.
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Figure Al: Training and validation curves (loss, F1 score, and IoU) for the Bijie dataset
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Figure A2: Training and validation curves (loss, F1 score, and IoU) for the Landslide4Sense dataset

Appendix B Computational Efficiency of Pretrained Backbones

This appendix complements the ablation study in Section 4.6 by comparing computational efficiency
across different pretrained backbones. Metrics include floating-point operations (GFLOPs), trainable
parameters (M), inference speed (frames per second, FPS), and peak GPU memory usage (MB).

Table Al: Computational efficiency of pretrained backbones. Bold values indicate the best performance

Backbone GFLOPs | Trainable params (M) FPSt Peak memory (MB) |
ResNet101 36.46 36.377 37.79 1474.67
ResNet50 26.71 36.377 66.51 982.22
MobileNetV3-Small 0.34 1.393 84.54 975.81
EfficientNet-B4 4.19 1.238 40.34 303.62
ViT-Base (Patchl6-224) 195.48 39.101 22.27 1909.09
DenseNetl21 22.38 23.261 35.56 352.85

Note: 1 indicates higher values are better (FPS), and | indicates lower values are better (GFLOPs and Peak
Memory). Bold numbers highlight the most efficient results across corresponding metrics.
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