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Abstract

Purpose: Landslide segmentation from remote sensing imagery is challenged by scale
variation, irregular morphology, blurred boundaries, and confusion with spectrally sim-
ilar backgrounds. This study aims to develop an efficient framework that coordinates
heterogeneous input regulation, local structural preservation, and hierarchical semantic
modeling. Methods: LGSTNet is organized around two coupled design principles. An
input-configuration-oriented local–global encoder combines input recalibration, a shal-
low Ghost branch, and a compact three-stage Swin Transformer. An accuracy–efficiency-
oriented compressed context-fusion strategy enhances the deepest Transformer feature
through compressed multi-scale, directional, and global context branches and integrates
multi-level representations using a lightweight projection–fusion decoder. Results: Experi-
ments were conducted on the Jiuzhai Valley, HR-GLDD, and Landslide4Sense datasets. On
Landslide4Sense, LGSTNet achieved the best F1-score, foreground intersection over union
(IoU), mean IoU (mIoU), and Matthews correlation coefficient (MCC) among the seven
evaluated models, reaching 64.01%, 47.07%, 72.81%, and 63.39%, respectively, with 3.79 M
parameters, 2.39 G FLOPs, and 63.93 frames per second. On HR-GLDD and Jiuzhai Valley,
it provided competitive segmentation performance with favorable inference efficiency,
although it did not outperform every baseline. A within-dataset input-configuration exper-
iment on Landslide4Sense further showed that the F1-score of LGSTNet increased from
42.87% with RGB input to 64.01% with the full fourteen-channel input; SegFormer exhibited
the same overall trend, increasing from 42.50% to 61.56%. Conclusion: LGSTNet provides
a favorable accuracy–efficiency trade-off across the three evaluated remote-sensing configu-
rations. The within-dataset input-configuration results provide additional evidence that the
complete system can benefit from the information available in the full multi-channel input,
while the cross-dataset comparison alone is not interpreted as causal evidence that channel
number or modality richness by itself explains the observed performance differences.

Keywords: landslide segmentation; semantic segmentation; remote sensing images;
lightweight network; feature fusion

1. Introduction
Landslides are destructive geological hazards that are frequently triggered by intense

rainfall, earthquakes, slope excavation, and other environmental disturbances. Rapid and
accurate landslide mapping is therefore essential for disaster investigation, emergency
response, post-disaster assessment, and long-term hazard mitigation [1,2]. Compared
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with field surveys and manual interpretation, remote sensing imagery provides broader
spatial coverage and higher acquisition efficiency, making it an important source of infor-
mation for landslide identification and mapping in complex mountainous regions [3,4].
Recent reviews have further indicated that deep learning has become a major approach to
landslide-oriented remote sensing analysis because it can automatically learn discriminative
representations from large-scale imagery [5].

Semantic segmentation assigns a semantic label to each pixel and generates dense
landslide masks rather than coarse image-level predictions [6]. This dense prediction
paradigm facilitates the localization of landslide boundaries, estimation of affected areas,
and subsequent geohazard analysis. Nevertheless, accurate landslide segmentation remains
challenging. Landslide regions may occur at markedly different spatial scales, exhibit
fragmented or elongated morphologies, and have indistinct boundaries with surrounding
areas. Moreover, exposed soil, riverbeds, roads, shadowed regions, and construction sites
may present spectral or textural characteristics similar to those of landslide surfaces, thereby
increasing both false-positive and false-negative predictions.

Existing segmentation approaches provide complementary capabilities for addressing
these challenges. CNN-based methods are effective at extracting local texture, edge, and
structural information [6], while lightweight segmentation networks emphasize efficient
inference under limited computational resources [7,8]. However, the local nature of convo-
lution restricts its ability to model long-range dependencies. Transformer-based and hybrid
CNN–Transformer architectures strengthen global contextual reasoning, multi-level feature
fusion, and global–local interaction in remote sensing image segmentation [9–11], but may
introduce considerable computational overhead. Consequently, simultaneously preserving
fine-grained local details, modeling hierarchical semantic context, enhancing deep contex-
tual representations, and maintaining efficient decoding remains a challenging problem.

To address these limitations, this paper formulates LGSTNet as a lightweight local–
global collaborative framework for landslide segmentation under heterogeneous remote
sensing input configurations. Rather than treating input attention, local feature extraction,
hierarchical semantic modeling, contextual enhancement, and decoding as independent
architectural additions, LGSTNet coordinates these operations according to two coupled
design principles.

The first principle is heterogeneous-input-oriented local–global collaboration. Input-
stage feature recalibration is coupled with a shallow Ghost branch and a compact three-
stage Swin Transformer branch, allowing cross-channel response regulation, local struc-
tural preservation, and hierarchical semantic modeling to be performed within a unified
encoding process. The input-recalibration configuration is selected according to the chan-
nel composition: spectral/channel attention and band mixing are used for all inputs,
whereas spatial attention is additionally activated for the fourteen-channel multispectral–
terrain data.

The second principle is accuracy–efficiency-oriented compressed context fusion. The
deepest Swin feature is enhanced through compressed multi-scale, directional, and global
context aggregation, and the resulting hierarchical features are integrated through a
lightweight MLP projection–fusion decoder. Together with the compact three-stage Trans-
former encoder, this design limits redundant feature expansion and heavy decoding opera-
tions while preserving complementary local and global information.

The main contributions of this paper are summarized as follows:

• A heterogeneous-input-oriented local–global collaboration framework is formu-
lated for landslide segmentation from remote sensing imagery. It couples input-
configuration-specific recalibration, lightweight shallow-detail extraction, and hierar-
chical Transformer representation within a parallel Ghost–Swin encoder. This design
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addresses cross-channel redundancy, irregular boundary preservation, and long-range
semantic modeling as a coordinated representation problem rather than as separate
enhancement stages.

• An accuracy–efficiency-oriented compressed context-fusion strategy is developed. The
compact three-stage Swin encoder is combined with a deep context block whose multi-
scale, directional, and global branches are compressed before residual fusion. The
resulting features are then aligned and integrated through a common MLP projection–
fusion decoder using depthwise separable operations. This strategy limits redundant
feature expansion while retaining complementary shallow structural and deep contex-
tual information.

• Experiments on RGB, four-channel, and fourteen-channel remote-sensing inputs pro-
vide both cross-dataset and within-dataset evaluations of the proposed framework. In
addition to the three-dataset comparison, a controlled Landslide4Sense experiment
evaluates RGB, four-channel, and full fourteen-channel input configurations on the
same dataset, with SegFormer included as a representative reference model. Fine-
grained ablations further isolate channel attention, spatial attention, and band mixing,
while architectural replacements evaluate GhostStem, LightDSCA, and the lightweight
projection–fusion decoder. These experiments support the complementary roles of
input regulation, shallow local representation, compressed context enhancement, and
efficient multi-level fusion without relying on cross-dataset causal attribution.

2. Related Work
Deep learning-based semantic segmentation has become an important technique

for remote sensing image interpretation [6,12]. CNN-based methods such as FCN, U-
Net, PSPNet, UNet++, and DeepLabv3+ have established the encoder–decoder paradigm
for dense prediction and demonstrated the effectiveness of skip connections and multi-
scale context modeling [13–17]. Their convolutional operators are effective at extracting
local texture, edge, and shape information, which is important for recognizing landslide
boundaries and exposed surface patterns. For high-resolution remote sensing imagery,
these local representations are particularly useful because landslide regions often contain
fine cracks, fragmented contours, and complex transitions to surrounding vegetation,
soil, roads, and riverbeds. Nevertheless, the locality of convolution limits its ability to
capture long-range semantic relationships. Consequently, a network relying only on
local convolution may confuse landslides with bare soil or road-like regions, or recover
incomplete landslide bodies when the target extends across a large spatial range.

Transformer-based vision models provide a complementary mechanism for model-
ing long-range dependencies through self-attention [18,19]. For dense prediction, Seg-
Former employs a hierarchical Transformer encoder and a lightweight MLP fusion de-
coder, whereas Swin Transformer reduces computational cost by restricting self-attention
to local windows and introducing shifted-window connections [20,21]. SwinUNet and
TransUNet further demonstrate the effectiveness of Transformer-based encoders and hy-
brid CNN–Transformer designs for segmentation tasks [22,23]. In remote sensing image
segmentation, Transformer-based architectures have been explored to strengthen hierar-
chical contextual modeling and multi-level feature fusion [9–11]. Multimodal fusion and
feature-enhancement architectures further integrate complementary information from het-
erogeneous remote sensing sources [24–28]. Recent studies have also introduced state-space
models for efficient long-range representation [29], while Mamba-based multimodal fusion
has been explored for heterogeneous remote sensing inputs [30]. Although these meth-
ods enhance global contextual reasoning, they may introduce considerable computational
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overhead, while deep semantic representations alone may not sufficiently preserve shallow
boundary details [20–23].

Recent multimedia image-analysis studies further demonstrate that segmentation and
heterogeneous visual perception can benefit from coordinated local–global representation
and task-oriented fusion. LET-Net combines Transformer-based global modeling with local
feature alignment and a progressive refinement decoder for small-target segmentation [31].
Fusion-based deep learning has also been investigated for multimodal magnetic-resonance
segmentation, where complementary image sequences are integrated at different stages of
the segmentation pipeline [32]. In heterogeneous UAV perception, MCDFus fuses visible
and infrared imagery through a Mamba–CNN architecture to combine complementary sen-
sor information and support downstream visual understanding [33]. These studies support
a multimedia-system perspective in which heterogeneous visual channels, local details,
global context, and efficient fusion are coordinated according to the target analysis task.

Practical landslide monitoring based on remote sensing imagery requires a balance be-
tween segmentation accuracy and inference efficiency. Lightweight segmentation networks
such as ESPNet, ICNet, and BiSeNet achieve efficient dense prediction through compact
multi-scale modules, reduced-resolution branches, or separated spatial and semantic path-
ways [7,8,34]. GhostNet further indicates that many feature maps in deep networks are
redundant and can be generated through inexpensive operations, providing a useful strat-
egy for lightweight local feature extraction [35]. However, lightweight CNN-based designs
remain limited in their ability to model long-range semantic dependencies.

Landslide-oriented segmentation methods have been developed from several perspec-
tives. Domain adaptation and hybrid CNN–Transformer strategies have been employed
to improve cross-domain generalization and local–global representation [36,37]. Multi-
branch, attention-enhanced, foreground-aware, and multi-scale architectures have been
introduced to improve landslide delineation in complex remote sensing scenes [38–41].
Recent task-specific networks have further emphasized feature aggregation, dual-branch
modeling, multi-scale enhancement, and improved U-Net variants [42–45]. Although
these designs improve segmentation quality, increasingly complex feature-extraction and
decoding structures may increase model complexity or reduce inference speed.

Beyond architectural development, landslide mapping has evolved from traditional
methods based on manually designed spectral, textural, morphological, or topographic
features toward deep learning models that automatically learn task-specific representations
from remote sensing data [1–5]. Recent studies further demonstrate that landslide seg-
mentation can benefit from heterogeneous inputs, including optical imagery, multispectral
bands, and terrain-derived information [37,46,47]. Compared with RGB imagery, heteroge-
neous multi-channel data provide complementary spectral and topographic cues that can
help distinguish landslides from spectrally similar backgrounds. However, differences in
channel semantics and numerical ranges also introduce more complex feature interactions
and potential information redundancy.

Although prior studies have established effective mechanisms for channel recali-
bration, lightweight convolution, hierarchical Transformer encoding, multi-scale context
aggregation, and feature decoding, these mechanisms are commonly optimized as sep-
arate architectural components. The remaining challenge is therefore not the absence of
any individual operator, but how to coordinate heterogeneous input regulation, local-
detail preservation, global semantic modeling, and multi-level fusion under a constrained
computational budget.

This issue is particularly relevant to landslide segmentation because the input con-
figuration may range from RGB imagery to multispectral and terrain-derived data, while
the target regions exhibit irregular boundaries, fragmented structures, and substantial
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scale variation. These considerations motivate a framework-level design organized around
heterogeneous-input-oriented local–global collaboration and accuracy–efficiency-oriented
compressed context fusion.

3. Materials and Methods
This section first describes the datasets and experimental input configurations, and

then presents LGSTNet according to its two coupled design principles: heterogeneous-
input-oriented local–global encoding and accuracy–efficiency-oriented compressed con-
text fusion. The implementation includes input recalibration, parallel Ghost–Swin fea-
ture extraction, compressed deep-context enhancement, and lightweight multi-level MLP
projection–fusion.

3.1. Datasets

Three landslide remote sensing datasets with different input configurations were used
in this study. The first dataset is the “Jiuzhai Valley (UAV-0.5 m)” subset of the CASLand-
slide remote sensing dataset [48], which contains 1753 three-channel high-resolution UAV
RGB image samples with a spatial size of 512 × 512 pixels and corresponding binary land-
slide labels. The second dataset is HR-GLDD [47], which contains four-channel remote
sensing image samples with an input size of 128 × 128 pixels. Following its official split,
HR-GLDD contains 1119 training samples, 284 validation samples, and 355 test samples.
The third dataset is Landslide4Sense [46], which contains 4844 fourteen-channel image
patches, including 3799 training samples, 245 validation samples, and 800 test samples, each
with a spatial size of 128× 128 pixels. Each patch comprises twelve Sentinel-2 multispectral
bands, one ALOS PALSAR-derived slope layer, and one ALOS PALSAR-derived digital
elevation model (DEM) layer.

For the three-channel Jiuzhai Valley dataset, the 1753 image patches were shuffled
using a fixed random seed of 42 and divided into training, validation, and test subsets
at a ratio of 7:2:1. The split was performed at the patch level rather than at the scene
or geographic region level. No explicit spatial-independence constraint was imposed;
therefore, spatial independence among the three subsets cannot be guaranteed, and patches
originating from the same or nearby UAV acquisition areas may share similar spatial
context. Accordingly, the Jiuzhai Valley results should be interpreted as performance on
randomly held-out patches rather than as an evaluation of geographically independent
scenes. For HR-GLDD and Landslide4Sense, the official dataset splits were adopted. Based
on the characteristics of each dataset, the input size was set to 512 × 512 for the Jiuzhai
Valley RGB dataset and 128 × 128 for HR-GLDD and Landslide4Sense.

Before being fed into the network, all input samples were converted from H × W × C
to C × H × W. Dataset-specific normalization was used. For Landslide4Sense and HR-
GLDD, min–max normalization was independently applied to each input channel within
each sample, with a small constant of 10−8 added to the denominator to avoid numerical
instability. For the Jiuzhai Valley RGB images, pixel values were scaled to [0, 1] by division
by 255.

Dataset-specific online augmentation was used during training, and the same augmen-
tation pipeline was applied to all compared models within a given dataset. For all three
datasets, random rotations selected from 0◦, 90◦, 180◦, and 270◦, together with random
horizontal and vertical flipping, were used. For Landslide4Sense, random crop-and-resize
augmentation was applied with a probability of 0.8, followed by random erasing of the
input image with a probability of 0.35; bilinear interpolation was used for images and
nearest-neighbor interpolation for masks. For HR-GLDD and Jiuzhai Valley, random crop-
and-resize augmentation was applied with a probability of 0.5. In addition, multiplicative
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channel-wise intensity jitter was applied with a probability of 0.3 using independently
sampled factors in [0.9, 1.1]. All geometric transformations were synchronously applied to
the input image and its corresponding mask, whereas intensity perturbations were applied
only to the image.

3.2. Methods
3.2.1. Overall Architecture of LGSTNet

Given a heterogeneous multi-channel remote sensing image X ∈ RC0×H×W , where
C0, H, and W denote the number of input channels, height, and width, respectively, the
objective of landslide segmentation is to predict a dense semantic label map Ŷ ∈ RK×H×W .
In this study, K = 2, corresponding to the background and landslide classes. The number
of input channels is dataset-dependent: C0 = 3 for the Jiuzhai Valley dataset, C0 = 4 for
HR-GLDD, and C0 = 14 for Landslide4Sense.

As illustrated in Figure 1, LGSTNet is organized according to two coupled architectural
principles rather than as a collection of independent enhancement modules.

The first principle is heterogeneous-input-oriented local–global encoding. The input
feature is first recalibrated according to its channel configuration and is then processed in
parallel by a shallow Ghost branch and a compact three-stage Swin Transformer branch.
The Ghost branch retains boundary-sensitive local structures, whereas the Swin branch
extracts hierarchical semantic representations. This parallel organization enables local and
global information to be preserved without requiring a heavy convolutional encoder.

The second principle is accuracy–efficiency-oriented compressed context fusion. The
deepest Swin feature is enhanced by LightDSCA, which aggregates multi-scale, directional,
and global context using compressed branches. The shallow local feature and the hierarchi-
cal Transformer features are subsequently projected to a common embedding dimension,
spatially aligned, and fused through lightweight depthwise separable and residual refine-
ment operations. The complete design therefore forms a continuous representation path
from heterogeneous input regulation to local–global encoding and efficient multi-level
fusion.

The complete forward process of LGSTNet is summarized in Equations (1)–(7):

X0 = MSSBM(X), (1)

F1 = G2(G1(X0)), (2)(︂
F2, F3, ˜︁F4

)︂
= S(X0), (3)

F4 = D
(︂˜︁F4

)︂
, (4)

F f = F (F1, F2, F3, F4), (5)

Fr = F f +R(F f ), (6)

Ŷ = H(Fr). (7)

In Equations (1)–(7), MSSBM(·) denotes the SSBM input-enhancement operation, and
X0 denotes the enhanced input feature. The functions G1(·) and G2(·) in Equation (2)
represent the two cascaded Ghost modules, which generate the shallow local feature
F1. The function S(·) in Equation (3) denotes the compact three-stage Swin Transformer
encoder, which produces the hierarchical semantic features F2, F3, and ˜︁F4.

As formulated in Equation (4), the raw Stage-3 Swin feature ˜︁F4 is enhanced by the
LightDSCA operation D(·) to obtain the final deep encoder feature F4. According to
Equations (5)–(7), the multi-level features are subsequently fused, residually refined, and
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converted into the final segmentation logits. In the implementation, F1, F2, F3, and F4

correspond to the intermediate features c1, c2, c3, and c4, respectively.

MLP MLP MLPMLP

Concatenation
Addition

 Feature Map

 Patch merging

Swin Transformer block

img

LGSTNet

Ghost

Band 

Mixer

Spectral/

Channel 

Attention

Spatial 

Attention

Up-sampling Up-sampling Up-sampling

Fuse MLP

Refine

LightDSCA 

Block

Figure 1. Overall architecture of LGSTNet. The label img denotes the input image. An input-
configuration-oriented interface regulates heterogeneous channel responses before parallel local–
global encoding by the Ghost and compact Swin branches. The deepest semantic feature is enhanced
through compressed context aggregation. In the decoder, the four MLP blocks denote feature
projection, Up-sampling denotes spatial alignment, Fuse MLP denotes lightweight feature fusion, and
Refine denotes residual refinement.

3.2.2. Spectral-Spatial Attention and Band Mixing Module

Heterogeneous multi-channel remote sensing images contain complementary but
potentially redundant information from multispectral bands, vegetation-related responses,
and terrain-derived variables. Directly feeding all input channels into the feature encoder
may introduce irrelevant background responses and weaken landslide-related cues. This
problem is particularly evident for multispectral–terrain data, where different channels
may make unequal contributions to foreground recognition.

Within the proposed local–global collaborative framework, SSBM serves as an input-
configuration-specific recalibration interface. Drawing on channel-wise feature recalibra-
tion in SENet [49] and sequential channel–spatial attention in CBAM [50], it combines
spectral/channel response weighting with explicit lightweight cross-band mixing. Spatial
attention is additionally activated for the fourteen-channel multispectral–terrain input,
where heterogeneous spectral and terrain responses introduce stronger spatial and cross-
channel redundancy.

Accordingly, the contribution of SSBM lies in its role as an input-configuration-specific
interface for the subsequent Ghost–Swin encoder, rather than in treating channel or spatial
attention as an isolated enhancement operation.

The complete SSBM configuration shown in Figure 2 is adopted for the fourteen-
channel Landslide4Sense dataset. For the three-channel Jiuzhai Valley dataset and the
four-channel HR-GLDD dataset, the spatial-attention operation is bypassed, while spec-
tral/channel attention and band mixing remain active.

Given an input feature X ∈ RC0×H×W , the importance of individual spectral channels
is first estimated using the channel-attention operation defined in Equation (8):

Mc = σ( fc(GAP(X)) + fc(GMP(X))), (8)
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where GAP(·) and GMP(·) denote global average pooling and global max pooling, re-
spectively. The function fc(·) is implemented using two 1 × 1 convolutions with GELU
activation; this shared transformation is labeled MLP in Figure 2. The symbol σ(·) denotes
the Sigmoid function.

Input 

Feature

Enhanced

Feature

GAP

GMP

Share

MLP
Sigmoid

AvgPool

Sigmoid

MaxPool

Concat Conv

Conv+BN
+GELU

Band

Mixing

Module

Spectral/Channel Attention Spatial Attention

Figure 2. Structure of SSBM as the input-recalibration interface. Spectral/channel attention regulates
informative channel responses, spatial attention is activated for the fourteen-channel input, and band
mixing provides lightweight cross-channel interaction.

Based on the channel attention map Mc, the channel-recalibrated feature is obtained
using Equation (9):

Xc = Mc ⊙ X, (9)

where ⊙ denotes element-wise multiplication. Through the operations in Equations (8)
and (9), informative spectral responses are enhanced, while less relevant channels are
suppressed.

For the fourteen-channel Landslide4Sense input, spatial attention is further em-
ployed to highlight landslide-related regions, including scarps, boundaries, and texture-
discontinuous areas. The generation of the spatial attention map and the corresponding
spatial feature refinement are formulated in Equations (10) and (11):

Ms = σ( fs([AvgPoolc(Xc); MaxPoolc(Xc)])), (10)

Xs = Ms ⊙ Xc. (11)

In Equations (10) and (11), AvgPoolc(·) and MaxPoolc(·) denote average pooling and
max pooling along the channel dimension, respectively. The notation [·; ·] represents
channel-wise concatenation, and fs(·) denotes a convolution with a kernel size of 7.

Although channel and spatial attention can select discriminative bands and spatial
regions, these operations mainly perform feature reweighting and do not explicitly model
interactions among different input channels. Therefore, lightweight cross-band interaction
is performed using the band-mixing operation defined in Equation (12):

X0 = δ
(︂

BN
(︂

W1×1
b ∗ Xs

)︂)︂
, (12)

where W1×1
b denotes a 1 × 1 convolution kernel, BN(·) denotes batch normalization, δ(·)

denotes GELU activation, and ∗ denotes convolution. The 1 × 1 convolution mixes infor-
mation along the channel dimension while maintaining the original spatial resolution and
channel number. Therefore, the SSBM output satisfies X0 ∈ RC0×H×W .

The complete SSBM operation for the fourteen-channel Landslide4Sense input is
summarized in Equation (13):

X0 = B(As(Ac(X))), (13)

where Ac(·), As(·), and B(·) denote channel/spectral attention, spatial attention, and band
mixing, respectively.
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For Jiuzhai Valley and HR-GLDD, the spatial-attention component is replaced by the
identity mapping given in Equation (14):

As(Xc) = Xc. (14)

Therefore, Equations (13) and (14) describe the complete and simplified SSBM config-
urations, respectively.

3.2.3. Ghost–Swin Parallel Feature Encoder

Accurate landslide segmentation requires both fine-grained local details and high-
level semantic context. Shallow texture, edge, and boundary features are important for
delineating irregular landslide contours, whereas deeper contextual features are necessary
for distinguishing landslides from spectrally similar background regions. To capture these
complementary representations, LGSTNet employs a Ghost–Swin parallel feature encoder.

As shown in Figure 3, the SSBM-enhanced feature X0 is simultaneously fed into a
two-module Ghost branch and a compact three-stage Swin Transformer branch. The Stage-3
Swin feature is subsequently enhanced by LightDSCA within the encoder. The complete
parallel feature encoding process is summarized in Equation (15):

F1 = G2(G1(X0)),(︂
F2, F3, ˜︁F4

)︂
= S(X0),

F4 = D
(︂˜︁F4

)︂
.

(15)

Intrinsic

Cheap

Input

Feature 

Output

Feature 

Conv-BN-

GELU

Cheap

Feature 

Concat

Intrinsic

Feature 

DWConv-

BN-GELU

Ghost 

Module 2

Ghost Module 1

Swin Transformer Encoder

Stage 1

Swin Blocks×2

Stage 2

Swin Blocks×6

Stage 3

Swin Blocks×2

Patch

Merging

Patch

Merging

2F

1F

3F

4F
LightDSCA

Block4F


Figure 3. Structure of the Ghost–Swin parallel feature encoder. Two cascaded Ghost modules preserve
shallow local details. The three-stage Swin Transformer extracts hierarchical semantic representations,
and the Stage-3 output is enhanced by LightDSCA to generate the final deep encoder feature F4.

The dimensions of the four encoder output features are defined in Equation (16):

Fi ∈ RCi×Hi×Wi , i = 1, 2, 3, 4. (16)

As indicated in Equations (15) and (16), the encoder simultaneously provides a shallow
local representation and three hierarchical semantic representations for subsequent multi-
level decoding.

Ghost branch.
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The Ghost branch is introduced to reduce redundant convolutional computation while
retaining useful low-level spatial structures. The feature-generation process of the j-th
Ghost module is described in Equations (17)–(19).

First, a standard convolution is used to generate a set of intrinsic features, as formu-
lated in Equation (17):

I(j) = δ
(︂

BN
(︂

W(j)
p ∗ U(j−1)

)︂)︂
, j = 1, 2, (17)

where U(0) = X0 and W(j)
p denotes the standard convolution kernel of the j-th Ghost

module.
Computationally inexpensive features are then generated from the intrinsic features

using the depthwise convolution in Equation (18):

Q(j) = δ
(︂

BN
(︂

W(j)
q ⊛ I(j)

)︂)︂
, (18)

where W(j)
q denotes the depthwise convolution kernel, and ⊛ denotes depthwise convolution.

Finally, the intrinsic and cheap features are concatenated according to Equation (19):

U(j) =
[︂
I(j); Q(j)

]︂
, F1 = U(2). (19)

As summarized in Equations (17)–(19), the Ghost branch generates additional feature
maps through inexpensive depthwise operations instead of standard convolutions. In the
implementation, the two Ghost modules produce 32 and 64 output channels, respectively.
The resulting feature F1 preserves shallow texture, edge, and boundary information with
limited computational overhead.

Swin Transformer branch.

In parallel with the Ghost branch, a compact three-stage Swin Transformer is employed
to extract hierarchical semantic representations. Unlike global self-attention, which has
quadratic complexity with respect to the number of input tokens, the Swin Transformer
restricts self-attention computation to non-overlapping local windows and introduces
shifted windows between consecutive blocks to establish cross-window connections.

The input feature is first converted into a sequence of patch tokens using the patch-
embedding operation defined in Equation (20):

Z0 = Pemb(X0), (20)

where Pemb(·) denotes patch partition and linear embedding.
The hierarchical feature-extraction process of the compact three-stage Swin Trans-

former is formulated in Equation (21):

Z1 = S1(Z0), F2 = T (Z1),

Z2 = S2
(︁
Pmerge(Z1)

)︁
, F3 = T (Z2),

Z3 = S3
(︁
Pmerge(Z2)

)︁
, ˜︁F4 = T (Z3),

(21)

where Si(·) denotes the i-th Swin Transformer stage, Pmerge(·) denotes patch merging, and
T (·) rearranges the token sequence into a channel-first feature map.

Between two adjacent stages, the spatial resolution is reduced and the channel dimen-
sion is increased using the patch-merging operation defined in Equation (22):

Pmerge(Z) = WmLN
(︂[︂

Z0,0; Z1,0; Z0,1; Z1,1
]︂)︂

, (22)
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where Za,b denotes the token subset sampled with the spatial offset (a, b), LN(·) denotes
layer normalization, and Wm denotes a learnable linear projection. The patch-merging
operation in Equation (22) halves the feature height and width while increasing its channel
capacity.

Within each Swin stage, window-based multi-head self-attention (W-MSA) and shifted-
window multi-head self-attention (SW-MSA) are alternately applied. The computation of
two consecutive Swin Transformer blocks is formulated in Equation (23):

ˆ︁Z l = W−MSA
(︂

LN(Zl−1)
)︂
+ Zl−1,

Zl = MLP
(︂

LN
(︂ˆ︁Z l

)︂)︂
+ ˆ︁Z l ,

ˆ︁Z l+1 = SW−MSA
(︂

LN(Zl)
)︂
+ Zl ,

Zl+1 = MLP
(︂

LN
(︂ˆ︁Z l+1

)︂)︂
+ ˆ︁Z l+1.

(23)

According to Equation (23), layer normalization is applied before each attention or
MLP operation, and residual connections are used after each operation. W-MSA computes
self-attention independently within non-overlapping local windows, whereas SW-MSA
shifts the window partition in the next block to enable information exchange across neigh-
boring windows.

For each local window, the scaled dot-product attention is computed according to
Equation (24):

Attention(Q, K, V) = Softmax
(︃

QKT
√

d
+ B + M

)︃
V, (24)

where Q, K, and V denote the query, key, and value matrices, respectively. The variable
d denotes the feature dimension of each attention head, B denotes the learnable relative
position bias, and M denotes the attention mask used in the shifted-window configuration.
For W-MSA, M is set to zero.

Together, Equations (20)–(24) describe the complete hierarchical feature-extraction
process of the Swin Transformer branch. The adopted encoder contains three stages with
block depths [2, 6, 2] and attention-head numbers [2, 4, 8]. The initial embedding dimension
is set to 64, resulting in channel dimensions C2 = 64, C3 = 128, and C4 = 256. Compared
with a standard four-stage Swin Transformer, the compact three-stage configuration reduces
the parameter count and computational overhead while retaining hierarchical contextual
modeling capability.

LightDSCA deep-context enhancement.

Although the Stage-3 Swin feature ˜︁F4 contains rich high-level semantic information, a
single deep receptive field may still be insufficient for landslides with irregular boundaries,
elongated structures, and large variations in spatial extent. Therefore, LightDSCA is
incorporated into the final stage of the encoder to enhance the deepest semantic feature
before decoding.

The design emphasis of LightDSCA is compressed joint context aggregation rather
than dilated convolution alone. Motivated by the spatial-context aggregation strategy of
DSSA in SCDUNet++ [37], LightDSCA operates only on the deepest Stage-3 Swin feature
and jointly models three complementary forms of context: multi-scale receptive fields,
height–width directional dependencies, and image-level semantics.

Unlike directly retaining full-width parallel context branches, each LightDSCA branch
is compressed to one quarter of the input channel dimension before concatenation and
residual projection. This compressed organization limits channel expansion and allows
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contextual enhancement to be inserted into the compact three-stage Transformer encoder
without introducing a heavy additional encoding or decoding stage.

The detailed structure of LightDSCA is illustrated in Figure 4, and its complete en-
hancement process is described in Equations (25)–(28). Given the raw Stage-3 Swin feature˜︁F4 ∈ RC4×H4×W4 , each contextual branch is compressed to an intermediate channel dimen-
sion Cd = C4/4. In this study, C4 = 256 and Cd = 64.

First, multi-scale contextual features are extracted using three dilated convolution
branches with dilation rates r ∈ {1, 2, 3}, as formulated in Equation (25):

Br = δ
(︂

BN
(︂

W3×3
r ∗r ˜︁F4

)︂)︂
, r ∈ {1, 2, 3}, (25)

where ∗r denotes a 3 × 3 convolution with dilation rate r, and Br ∈ RCd×H4×W4 .
To capture anisotropic spatial dependencies along terrain structures and landslide

boundaries, height-wise and width-wise directional pooling are employed. The directional
spatial context is calculated according to Equation (26):

Bh = UpH4,W4

(︂
W1×1

h ∗ Poolh

(︂˜︁F4

)︂)︂
,

Bw = UpH4,W4

(︂
W1×1

w ∗ Poolw

(︂˜︁F4

)︂)︂
,

Bs = δ(BN(Bh ⊕ Bw)).

(26)

In Equation (26), Poolh(·) and Poolw(·) denote directional average pooling along
the height and width dimensions, respectively. The operator UpH4,W4

(·) denotes bilinear
interpolation to the spatial size H4 × W4, while ⊕ denotes element-wise addition.

In addition to multi-scale and directional spatial information, an image-level semantic
representation is captured by the global context branch defined in Equation (27):

Bg = ExpandH4,W4

(︂
δ
(︂

BN
(︂

W1×1
g ∗ GAP

(︂˜︁F4

)︂)︂)︂)︂
, (27)

where ExpandH4,W4
(·) denotes spatial broadcasting to H4 × W4.

Finally, the multi-scale, directional, and global contextual features are concatenated
and projected back to C4 channels. The final deep encoder feature is obtained through the
residual fusion operation defined in Equation (28):

F4 = ˜︁F4 ⊕ δ
(︂

BN
(︂

W1×1
d ∗

[︁
B1; B2; B3; Bs; Bg

]︁)︂)︂
. (28)

As shown in Equations (25)–(28), LightDSCA combines multi-scale, directional, and
global contextual information. The residual connection in Equation (28) preserves the
original Stage-3 semantic representation while incorporating complementary contextual
cues from different receptive fields and spatial directions. As a result, the enhanced feature
F4 provides richer semantic and spatial-context information for subsequent multi-level
decoding.
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Figure 4. Structure of the LightDSCA block incorporated into the Ghost–Swin parallel encoder.
Multi-scale dilated convolution, directional pooling, and global context branches are concatenated
and fused, followed by residual addition with the original Stage-3 Swin feature.

3.2.4. Lightweight Projection–Fusion Decoder

After local–global encoding and compressed deep-context enhancement, LGSTNet
employs a lightweight projection–fusion decoder to integrate the four encoder features.
The decoding path combines common-dimensional feature projection, spatial alignment,
depthwise-separable fusion, and residual refinement.

Specifically, the four blocks labeled MLP in Figure 1 implement the feature projections
defined in Equation (29). The labels Up-sampling and Concatenation correspond to the
spatial alignment and feature assembly in Equation (30). The block labeled Fuse MLP de-
notes the depthwise-separable fusion in Equation (31), whereas Refine denotes the residual
refinement in Equation (32).

Compared with progressive or nested convolutional decoders, this design avoids
repeated high-dimensional feature reconstruction. Each encoder feature is first projected to
a shared embedding dimension, after which all features are aligned at a common spatial
scale and jointly fused. Depthwise separable operations are then used to refine spatial and
cross-channel information with limited computational overhead.

The decoder receives the four encoder features F1, F2, F3, and F4. Here, F1 is generated
by the Ghost branch, F2 and F3 are generated by Swin Transformer Stages 1 and 2, and F4

is the LightDSCA-enhanced Stage-3 feature. The complete decoding process is formulated
in Equations (29)–(33).

First, each encoder feature is projected into a common embedding dimension Ce using
a 1 × 1 convolution, batch normalization, and GELU activation, as defined in Equation (29):

Zi = δ
(︂

BN
(︂

W1×1
i ∗ Fi

)︂)︂
, i = 1, 2, 3, 4, (29)

where Zi ∈ RCe×Hi×Wi . In this study, Ce = 128.
Since the projected features have different spatial resolutions, Z2, Z3, and Z4 are

upsampled to the spatial resolution of Z1 and concatenated according to Equation (30):

Fcat =
[︂
Z1; UpH1,W1

(Z2); UpH1,W1
(Z3); UpH1,W1

(Z4)
]︂
, (30)
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where Fcat ∈ R4Ce×H1×W1 . The alignment operation in Equation (30) allows shallow struc-
tural details and deep semantic information to be aggregated at a common spatial scale.

After spatial alignment, the concatenated feature is efficiently fused using the depth-
wise separable operation defined in Equation (31):

F f = Dp

(︂
δ
(︂

BN
(︂

W1×1
f ,pw ∗

(︂
W3×3

f ,dw ⊛ Fcat

)︂)︂)︂)︂
, (31)

where W3×3
f ,dw denotes the depthwise convolution kernel, W1×1

f ,pw denotes the pointwise
convolution kernel, ⊛ denotes depthwise convolution, and Dp(·) denotes dropout with
probability p = 0.2. The operation in Equation (31) first aggregates spatial information
independently within each channel and then performs cross-channel feature fusion.

The fused feature is subsequently enhanced using the residual refinement operation
in Equation (32):

Fr = F f + W1×1
r,pw ∗ δ

(︂
BN

(︂
W3×3

r,dw ⊛ F f

)︂)︂
, (32)

where the first term preserves the original fused representation and the second term further
refines its local spatial details and channel responses.

Finally, the refined feature is converted into segmentation logits using a 1 × 1 clas-
sification layer and bilinearly upsampled to the original image resolution according to
Equation (33):

Ŷ = UpH,W

(︂
W1×1

o ∗ Fr

)︂
, (33)

where UpH,W(·) denotes bilinear interpolation to the original spatial size H × W.
Overall, Equations (29)–(33) describe how the decoder progressively projects, aligns,

fuses, and refines the multi-level encoder features before generating the final landslide
segmentation result. This lightweight decoder combines the boundary-sensitive local
representation of the Ghost branch with the hierarchical contextual representations of the
Swin Transformer branch.

3.3. Loss Function

Landslide segmentation is commonly affected by severe foreground–background
imbalance because landslide pixels usually occupy only a small proportion of remote
sensing images. When the model is optimized solely using a conventional pixel-wise
classification loss, the optimization process may be dominated by background pixels,
leading to incomplete landslide extraction, fragmented foreground regions, and weak
boundary recovery.

To alleviate this problem, LGSTNet is optimized using a compound segmentation loss
that combines Lovász-Softmax loss and Tversky loss [51,52]. The overall training objective
is defined in Equation (34):

Ltotal = λ1LLovasz + λ2LTversky, (34)

where λ1 and λ2 denote the weights of the Lovász-Softmax and Tversky loss terms, respec-
tively. In this study, both weights are set to 1.

The Lovász-Softmax loss is a differentiable surrogate for directly optimizing the
intersection-over-union criterion. Compared with a purely pixel-wise classification loss, it
is more consistent with the IoU-based evaluation protocol used in semantic segmentation.
It therefore improves the region-level overlap between the predicted landslide regions
and the ground-truth masks, particularly when foreground regions are small, spatially
fragmented, or irregularly shaped.
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The Tversky loss is further introduced to address class imbalance and control the
trade-off between false positives and false negatives. The calculation of the Tversky loss is
described in Equations (35)–(36). The Tversky index is first defined in Equation (35):

TI =
TP + ϵ

TP + αFP + βFN + ϵ
, (35)

where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.
The constant ϵ is used to avoid numerical instability.

The corresponding Tversky loss is obtained from the Tversky index according to
Equation (36):

LTversky = 1 − TI. (36)

Following the setting in SCDUNet++ [37], α and β are set to 0.3 and 0.7, respectively.
Since β is larger than α, false negatives receive a higher penalty than false positives during
optimization. This setting encourages the network to recover more complete landslide
regions and reduces the omission of foreground pixels.

Therefore, Equations (34)–(36) define the complete optimization objective used to train
LGSTNet. By combining Lovász-Softmax loss and Tversky loss, the proposed training ob-
jective jointly improves region-level overlap, foreground completeness, and segmentation
robustness under highly imbalanced foreground–background distributions.

4. Results and Discussion
4.1. Experimental Settings
4.1.1. Implementation Details and Experimental Environment

All experiments were conducted on the AutoDL cloud platform. The software environ-
ment consisted of PyTorch 2.0.0, Python 3.8, Ubuntu 20.04, and CUDA 11.8. The hardware
platform included an NVIDIA RTX 3090 GPU with 24 GB of memory, a 20-core vCPU,
90 GB of RAM, and a 30 GB system disk. To ensure consistent efficiency evaluation, all FPS
values for each dataset were measured using the same hardware platform, input resolution,
and evaluation pipeline. FPS was evaluated with a batch size of 1. Before timing, each
model was warmed up for 10 iterations. For each selected checkpoint, the complete test-set
evaluation was timed three times, with CUDA synchronization performed immediately
before and after each timed run. The reported FPS was obtained by averaging the timing
results over the three independently trained checkpoints. For the fourteen-channel Land-
slide4Sense comparison, parameter counts and FLOPs were additionally measured for all
seven models under the same 14 × 128 × 128 input configuration and are reported together
with FPS.

To provide a controlled comparison, all baseline models, LGSTNet, and its replacement
variants were retrained under a unified experimental protocol within each dataset. Specif-
ically, for a given dataset, all models used the same data split, input resolution, dataset-
specific preprocessing and augmentation pipeline, loss function, optimizer, learning-rate
schedule, number of training epochs, and model-selection criterion. The preprocessing and
augmentation settings differed across datasets only to accommodate their different data
formats and channel configurations, and were held fixed across all compared models on the
same dataset. This protocol improves consistency across the evaluated models, although
it may not represent the individually optimized performance of every baseline. For the
Jiuzhai Valley dataset, the random seed used for dataset splitting was fixed at 42 to improve
reproducibility.

No external pretrained weights were used for the baseline networks in the reported
comparisons. Instead, the models were trained from scratch under the unified protocol
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described above. For the multi-channel datasets, the input layers of the applicable base-
line models were instantiated directly with the native channel dimensionality of each
dataset, namely Cin = 3, 4, and 14 for Jiuzhai Valley, HR-GLDD, and Landslide4Sense,
respectively. Thus, the four- and fourteen-channel inputs were not reduced to RGB, and
no RGB-pretrained input layer was expanded by channel replication or weight averag-
ing. Because the models were not initialized from RGB pretrained weights, no separate
initialization rule was required for additional channels; all input-channel weights were
initialized together with the remaining model parameters according to the default or
implementation-specific initialization scheme of each network.

The baseline configurations used in the experiments were as follows. SegFormer
employed a four-stage hierarchical Transformer encoder with embedding dimensions [64,
128, 320, 512], stage depths [3, 4, 6, 3], attention heads [1, 2, 5, 8], spatial-reduction ratios
[8, 4, 2, 1], and a decoder embedding dimension of 256. SwinUNet used a patch size of 4,
an embedding dimension of 96, encoder depths [2, 2, 6, 2], attention heads [3, 6, 12, 24], a
window size of 7, and a drop-path rate of 0.1. STUNet used a base channel width of 64,
encoder widths of 64, 128, 256, and 512, a 1024-channel bottleneck, bilinear upsampling, skip
connections, and sequential channel and spatial recalibration at the bottleneck. SCDUNet++
used a Swin Transformer branch with an embedding dimension of 64, depths [2, 6, 2],
attention heads [2, 4, 8], and a window size of 8, together with a nested UNet++ decoder
and a spatial–spectral aggregation block composed of dilated convolutional branches and
spatial/spectral pooling. TransUNet used an R50–ViT-B/16 configuration with a ResNetV2
hybrid encoder, a 768-dimensional Transformer representation, an MLP dimension of 3072,
12 attention heads, 12 Transformer layers, and ResNet block depths (3, 4, 9). UNet++ used
a base feature width of 16, a four-level nested dense decoder, GroupNorm-based residual
blocks, shallow CBAM modules, a lightweight PVT-SRA bottleneck with latent dimension
128, one PVT block, four attention heads, a spatial-reduction ratio of 2, a detail-aggregation
branch, and learnable softmax-weighted output fusion.

All models were optimized using AdamW with an initial learning rate of 1 × 10−4 and
a weight decay of 1 × 10−4. A cosine annealing learning-rate schedule was adopted, with
the minimum learning rate set to 9 × 10−6. The models were trained for 80 epochs with
a batch size of 8. Each model was independently trained three times from scratch under
the same experimental protocol. Model performance was evaluated on the validation set
after each epoch, and the checkpoint with the lowest validation loss from each independent
run was retained for final test-set evaluation. Accuracy, Recall, F1-score, and mIoU were
also monitored during training but were not used as the primary checkpoint-selection
criterion. For the main quantitative comparisons, segmentation metrics are reported as
mean ± standard deviation (%) across the three independent training runs, while FPS is
reported under the same inference setting.

Regarding input recalibration, the complete SSBM configuration, consisting of chan-
nel/spectral attention, spatial attention, and band mixing, was adopted for the fourteen-
channel Landslide4Sense dataset. For the three-channel Jiuzhai Valley dataset and the
four-channel HR-GLDD dataset, the spatial-attention branch was bypassed, while chan-
nel/spectral attention and band mixing remained active.

4.1.2. Evaluation Metrics

Accuracy, Precision, Recall, F1-score, IoU, mIoU, and MCC are used to evaluate the seg-
mentation performance. The definitions of these metrics are given in Equations (37)–(43).

Accuracy =
TP + TN

TP + TN + FP + FN
, (37)
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Precision =
TP

TP + FP
, (38)

Recall =
TP

TP + FN
, (39)

F1 =
2 × Precision × Recall

Precision + Recall
, (40)

IoU =
TP

TP + FP + FN
, (41)

mIoU =
1
K

K

∑
k=1

TPk
TPk + FPk + FNk

, (42)

MCC =
TP × TN − FP × FN√︁

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
, (43)

In Equations (37)–(43), TP, TN, FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively, and K denotes the number of classes.

In this study, IoU refers to the landslide-class IoU, whereas mIoU is computed by
averaging the IoU values of the background and landslide classes. Since landslide pixels
usually occupy only a small proportion of remote sensing images, F1-score, landslide-
class IoU, and MCC are considered more informative than overall accuracy for evaluating
foreground segmentation quality.

4.2. Quantitative Comparison with Representative Segmentation Networks

To comprehensively evaluate segmentation performance and inference efficiency,
six representative models were selected for comparison: UNet++ [16], SegFormer [20],
SwinUNet [22], STUNet [53], SCDUNet++ [37], and TransUNet [23]. These baselines cover
nested convolutional segmentation, lightweight Transformer segmentation, Swin-based
segmentation, CNN–Transformer hybrid segmentation, and enhanced U-Net-style designs.
The comparison therefore evaluates both segmentation accuracy and inference efficiency.

4.2.1. Comparative Results on the Fourteen-Channel Landslide4Sense Dataset

Table 1 shows that LGSTNet achieves the best F1, IoU, mIoU, and MCC on Land-
slide4Sense, reaching 64.01%, 47.07%, 72.81%, and 63.39%, respectively, at 63.93 FPS. Com-
pared with SCDUNet++, LGSTNet improves F1, IoU, mIoU, and MCC by 3.12, 3.30, 1.74,
and 3.10 percentage points, respectively, while FPS increases from 57.24 to 63.93. Compared
with TransUNet, LGSTNet has slightly lower Acc. and Precision, but achieves higher
Recall, F1, IoU, mIoU, and MCC. Since landslide pixels account for a small proportion of
the image, F1, IoU, and MCC are more informative than overall accuracy alone. Table 2
further compares model complexity under the same fourteen-channel 128 × 128 input
configuration. SCDUNet++ has the smallest complexity, with 1.93 M parameters and 0.92 G
FLOPs. LGSTNet requires 3.79 M parameters and 2.39 G FLOPs, which is lower than
TransUNet (93.23 M, 8.05 G), STUNet (34.66 M, 16.52 G), SwinUNet (34.26 M, 3.32 G),
SegFormer (26.84 M, 3.51 G), and UNet++ (9.16 M, 9.39 G). Together with the FPS results
in Table 1, these results indicate a favorable accuracy–complexity–speed trade-off rather
than absolute superiority in every efficiency metric. The strong Landslide4Sense result
is interpreted together with the within-dataset input-configuration experiment reported
below; the cross-dataset comparison by itself is not used to attribute the advantage solely
to channel number or modality richness.
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Table 1. Comparison results on the fourteen-channel Landslide4Sense dataset. Segmentation metrics
are reported as mean ± standard deviation (%) over three independent training runs. Bold values
indicate the best result for each reported metric.

Efficiency Segmentation Metrics (%)

Method FPS Acc. Precision Recall F1 IoU mIoU MCC

UNet++ 76.09 98.25
± 0.05

53.26
± 1.26

59.38
± 1.53

56.15
± 0.33

39.04
± 0.32

68.63
± 0.16

55.35
± 0.31

SegFormer 52.17 98.49
± 0.06

59.42
± 1.54

63.87
± 1.78

61.56
± 0.57

44.47
± 0.60

71.47
± 0.30

60.84
± 0.67

SwinUNet 46.45 98.35
± 0.06

55.69
± 1.64

61.97
± 1.47

58.66
± 0.15

41.51
± 0.17

69.92
± 0.11

57.91
± 0.20

STUNet 103.15 98.38
± 0.02

56.32
± 0.52

64.42
± 0.87

60.10
± 0.33

42.96
± 0.34

70.66
± 0.17

59.42
± 0.32

SCDUNet++ 57.24 98.39
± 0.02

56.22
± 0.53

66.41
± 0.88

60.89
± 0.31

43.77
± 0.32

71.07
± 0.16

60.29
± 0.18

TransUNet 21.85 98.57
± 0.04

62.62
± 1.25

60.84
± 1.70

61.72
± 0.53

44.63
± 0.55

71.60
± 0.28

61.00
± 0.53

LGSTNet 63.93 98.56
± 0.04

60.46
± 1.02

68.01
± 1.35

64.01
± 0.42

47.07
± 0.45

72.81
± 0.22

63.39
± 0.45

Table 2. Model complexity comparison on the fourteen-channel Landslide4Sense dataset. Parameter
counts and FLOPs are measured using the same 14 × 128 × 128 input configuration for all models.
Bold values indicate the lowest parameter count and FLOPs.

Method Params (M) FLOPs (G)

UNet++ 9.16 9.39
SegFormer 26.84 3.51
SwinUNet 34.26 3.32
STUNet 34.66 16.52
SCDUNet++ 1.93 0.92
TransUNet 93.23 8.05
LGSTNet 3.79 2.39

4.2.2. Comparative Results on the Four-Channel HR-GLDD Dataset

Table 3 reports the quantitative comparison on HR-GLDD. LGSTNet achieves 93.44%
Acc., 72.33% F1, 56.65% IoU, 74.74% mIoU, and 68.91% MCC. It should be noted that
LGSTNet does not achieve absolute dominance on this dataset. TransUNet obtains the
highest F1, IoU, mIoU, and MCC, while STUNet achieves both higher segmentation metrics
and a higher FPS than LGSTNet. Therefore, the HR-GLDD results indicate competitive
segmentation performance rather than overall superiority. Compared with SCDUNet++,
LGSTNet shows slightly lower F1 and IoU but improves speed from 53.20 FPS to 63.63
FPS. This indicates that the proposed lightweight fusion design can reduce part of the
computational burden while maintaining competitive segmentation quality. The relatively
limited advantage on HR-GLDD is therefore treated as dataset-dependent behavior, since
the cross-dataset comparison does not isolate channel composition from other differences
in data characteristics and experimental conditions.
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Table 3. Comparison results on the four-channel HR-GLDD dataset. Segmentation metrics are
reported as mean ± standard deviation (%) over three independent training runs. Bold values
indicate the best result for each reported metric.

Efficiency Segmentation Metrics (%)

Method FPS Acc. Precision Recall F1 IoU mIoU MCC

UNet++ 72.92 93.26
± 0.19

67.93
± 1.12

72.46
± 1.35

70.12
± 0.41

53.99
± 0.49

73.33
± 0.24

66.37
± 0.48

SegFormer 48.98 91.86
± 0.34

59.90
± 1.45

77.05
± 1.62

67.40
± 0.55

50.83
± 0.63

70.97
± 0.35

63.49
± 0.63

SwinUNet 46.70 93.27
± 0.31

66.74
± 1.28

76.57
± 1.48

71.32
± 0.38

55.42
± 0.45

74.04
± 0.18

67.73
± 0.42

STUNet 96.39 93.71
± 0.25

68.64
± 0.95

78.11
± 1.22

73.07
± 0.32

57.57
± 0.38

75.35
± 0.21

69.71
± 0.35

SCDUNet++ 53.20 93.45
± 0.20

66.73
± 1.05

79.71
± 1.40

72.65
± 0.45

57.05
± 0.56

74.93
± 0.26

69.31
± 0.51

TransUNet 22.14 93.80
± 0.29

68.44
± 1.22

80.29
± 1.67

73.89
± 0.49

58.60
± 0.62

75.90
± 0.39

70.69
± 0.63

LGSTNet 63.63 93.44
± 0.22

67.05
± 1.18

78.50
± 1.55

72.33
± 0.43

56.65
± 0.53

74.74
± 0.29

68.91
± 0.46

4.2.3. Results on the Three-Channel Jiuzhai Valley Dataset

As shown in Table 4, on the Jiuzhai Valley dataset, LGSTNet achieves 96.07% Acc.,
83.66% Precision, 83.09% Recall, 83.37% F1, 71.49% IoU, 83.56% mIoU, and 81.15% MCC at
31.53 FPS. Compared with UNet++, SegFormer, SwinUNet, and STUNet, LGSTNet obtains
better or comparable performance in most major segmentation metrics, particularly in F1,
IoU, mIoU, and MCC. Compared with SCDUNet++, LGSTNet achieves the same accuracy
and a close F1-score, while improving the inference speed from 16.04 to 31.53 FPS. Although
TransUNet achieves the best F1, IoU, mIoU, and MCC on this dataset, its inference speed is
lower than that of LGSTNet. These results indicate that LGSTNet does not achieve absolute
segmentation superiority on Jiuzhai Valley, but provides a competitive accuracy–efficiency
trade-off for high-resolution RGB landslide segmentation.

Table 4. Comparison results on the three-channel Jiuzhai Valley dataset. Segmentation metrics
are reported as mean ± standard deviation (%) over three independent training runs. Bold values
indicate the best result for each reported metric.

Efficiency Segmentation Metrics (%)

Method FPS Acc. Precision Recall F1 IoU mIoU MCC

UNet++ 27.88 93.56
± 0.12

75.73
± 0.85

67.23
± 1.25

71.23
± 0.62

55.31
± 0.74

74.16
± 0.31

67.77
± 0.52

SegFormer 37.74 94.77
± 0.25

75.80
± 1.15

82.10
± 1.42

78.82
± 0.65

65.04
± 0.89

79.62
± 0.35

75.92
± 0.61

SwinUNet 34.12 95.17
± 0.21

78.45
± 0.92

81.70
± 1.35

80.04
± 0.58

66.73
± 0.81

80.69
± 0.28

77.32
± 0.55

STUNet 29.08 94.82
± 0.30

74.86
± 1.05

84.84
± 1.50

79.54
± 0.69

66.03
± 0.95

80.14
± 0.33

76.78
± 0.62

SCDUNet++ 16.04 96.07
± 0.18

82.78
± 0.75

84.40
± 1.28

83.59
± 0.71

71.80
± 1.05

83.72
± 0.51

81.36
± 0.48

TransUNet 22.02 96.29
± 0.15

83.49
± 0.88

85.70
± 1.55

84.58
± 0.72

73.28
± 1.08

84.58
± 0.53

82.48
± 0.65

LGSTNet 31.53 96.07
± 0.24

83.66
± 0.95

83.09
± 1.40

83.37
± 0.68

71.49
± 1.00

83.56
± 0.49

81.15
± 0.58
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Overall, LGSTNet exhibits dataset-dependent but complementary performance. On
HR-GLDD, it provides competitive segmentation performance but does not surpass all
baselines. On Jiuzhai Valley, it achieves segmentation quality close to SCDUNet++ and
TransUNet while improving inference speed over these two models. On Landslide4Sense, it
obtains the strongest foreground segmentation performance in terms of F1, IoU, mIoU, and
MCC. However, the three datasets differ simultaneously in channel composition, spatial
resolution, sample size, sensor characteristics, geographic context, and splitting strategy.
Therefore, the cross-dataset comparison alone does not isolate the effect of input modality
and should not be used to attribute the observed Landslide4Sense advantage solely to the
additional multispectral and terrain-derived channels.

4.3. Controlled Input-Configuration Experiment on Landslide4Sense

To reduce the confounding effect of comparing different datasets, an additional within-
dataset experiment was conducted exclusively on Landslide4Sense. Three input con-
figurations were evaluated using the same Landslide4Sense train/validation/test split,
preprocessing pipeline, training schedule, model-selection criterion, and evaluation pro-
cedure: (1) a three-channel RGB subset, (2) a four-channel RGB–NIR subset, and (3) the
complete fourteen-channel Landslide4Sense input. LGSTNet and SegFormer were both
evaluated under these three settings. For SegFormer, the architecture was unchanged apart
from the dimensionality of the input projection. For LGSTNet, the input-recalibration policy
followed the channel-configuration rule defined in Section 3.2.2: channel attention and
band mixing were retained in all settings, whereas spatial attention was additionally active
for the fourteen-channel configuration. Therefore, this experiment provides a controlled
same-dataset comparison of the complete input configurations rather than isolating the
causal effect of channel count alone.

Table 5 shows a consistent improvement as more informative Landslide4Sense input
channels are made available. For LGSTNet, F1 increases from 42.87% under the RGB setting
to 46.06% under the four-channel setting and 64.01% under the full fourteen-channel setting.
The corresponding IoU values increase from 27.28% to 29.92% and 47.07%. SegFormer
exhibits the same overall trend, with F1 increasing from 42.50% to 45.80% and 61.56%, and
IoU increasing from 26.99% to 29.71% and 44.47%.

Table 5. Controlled input-configuration experiment on Landslide4Sense. All settings use the same
data split, training protocol, and evaluation procedure. Results are reported as mean ± standard
deviation (%) over three independent training runs. Bold values indicate the best result for each
model across the three input configurations.

Input Configuration Cin
LGSTNet SegFormer

F1 (%) IoU (%) mIoU (%) MCC (%) F1 (%) IoU (%) mIoU (%) MCC (%)

RGB 3 42.87
± 1.30

27.28
± 1.06

62.12
± 0.80

43.32
± 0.73

42.50
± 1.30

26.99
± 1.05

61.50
± 0.60

42.30
± 0.80

RGB–NIR 4 46.06
± 1.10

29.92
± 0.93

63.65
± 0.45

45.95
± 0.65

45.80
± 1.10

29.71
± 0.93

63.20
± 0.50

45.60
± 0.70

Full input 14 64.01
± 0.42

47.07
± 0.45

72.81
± 0.22

63.39
± 0.45

61.56
± 0.57

44.47
± 0.60

71.47
± 0.30

60.84
± 0.67

The relative difference between LGSTNet and SegFormer is small under the reduced-
input settings but becomes larger for the full fourteen-channel configuration. LGSTNet
exceeds SegFormer in F1 by 0.37, 0.26, and 2.45 percentage points under the three-, four-,
and fourteen-channel settings, respectively; the corresponding IoU differences are 0.29,
0.21, and 2.60 percentage points. These results provide within-dataset evidence that both
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models benefit from the fuller Landslide4Sense input and that LGSTNet maintains a larger
advantage under the complete fourteen-channel configuration. Because the input content
and, for LGSTNet, the associated input-recalibration configuration change together, the
experiment is interpreted as evidence for input-configuration effectiveness rather than as
proof that channel number alone causes the improvement.

4.4. Qualitative Comparison

To further evaluate segmentation behavior, qualitative comparisons were conducted
on representative samples from the HR-GLDD, Jiuzhai Valley, and Landslide4Sense datasets.
In addition to quantitative metrics, qualitative visual comparisons provide complementary
evidence of boundary recovery, regional completeness, small-target preservation, and
background suppression.

As shown in Figure 5, on Landslide4Sense, the advantage of LGSTNet becomes more
evident. Landslide targets in this dataset are often small, fragmented, and easily confused
with bare soil, riverbeds, and shadowed regions. UNet++ and STUNet can detect part of
the landslide regions but may produce noisy predictions or miss thin branches. SegFormer
and TransUNet show stronger semantic modeling ability, but local discontinuity may still
appear when landslide regions are narrow or fragmented. In contrast, LGSTNet tends
to produce more complete landslide masks and better preserve curved, strip-shaped, or
scattered landslide structures in these representative examples. These visual observations
are consistent with the higher Recall, F1, IoU, and MCC reported in Table 1.

As shown in Figure 6, on HR-GLDD, the visual differences among models are relatively
moderate, consistent with the quantitative results. Most methods can identify the main
landslide bodies, but their predictions differ in local completeness and noise suppression.
UNet++ tends to preserve local responses but may introduce scattered false positives in
background regions with similar spectral characteristics. SegFormer and TransUNet show
stable semantic discrimination, but some boundaries are incomplete or over-smoothed.
In the selected representative cases, LGSTNet tends to produce compact and continuous
regions, especially for landslides with regular shapes or moderate spatial extent.

Figure 5. Examples of semantic segmentation results on the Landslide4Sense dataset.
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As shown in Figure 7, on Jiuzhai Valley, landslide regions often present larger spatial
extent, clearer texture variation, and more complex boundaries. LGSTNet tends to preserve
the overall contour of landslide bodies in the selected cases. Compared with UNet++
and SwinUNet, it reduces over-segmentation in road-adjacent or exposed-surface areas.
Compared with SegFormer, its predictions are less fragmented and better aligned with
ground truth boundaries. GhostStem and multi-level feature fusion help maintain edge
continuity and local structural details, which are important for high-resolution RGB land-
slide delineation. However, the quantitative results show that SCDUNet++ and TransUNet
still achieve slightly higher segmentation metrics on this dataset, indicating that LGSTNet
mainly provides a balanced accuracy–efficiency trade-off rather than absolute segmentation
superiority.

Figure 6. Examples of semantic segmentation results on the HR-GLDD dataset.

Figure 7. Examples of semantic segmentation results on the Jiuzhai Valley dataset. Black pixels
denote landslide foreground and white pixels denote background, following the original annotation
convention of the Jiuzhai Valley dataset.
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Overall, the qualitative results indicate that LGSTNet can improve structural com-
pleteness, boundary continuity, and background suppression in many challenging cases.
Strong qualitative performance is observed on the evaluated Landslide4Sense examples;
however, these cross-dataset visual comparisons do not isolate the contribution of input
modality from other dataset-specific factors.

4.5. Fine-Grained Component Ablation and Architectural Replacement Analysis

To clarify the contribution of the individual input-recalibration operations and the
principal architectural components of LGSTNet, fine-grained ablation and controlled re-
placement experiments were conducted on Landslide4Sense and HR-GLDD. For each
experiment, only one component was removed or replaced at a time while the remaining
architecture, data split, preprocessing pipeline, training strategy, and evaluation protocol
were kept unchanged.

For Landslide4Sense, the complete SSBM configuration contains channel attention,
spatial attention, and band mixing. These three operations were independently removed
to evaluate their individual effects. For HR-GLDD, spatial attention is not activated in
the complete configuration; therefore, only channel attention and band mixing were inde-
pendently ablated. GhostStem, LightDSCA, and the MLP projection–fusion decoder were
additionally replaced by their corresponding alternatives to evaluate the contribution of
the major architectural stages.

4.5.1. Results on the Fourteen-Channel Landslide4Sense Dataset

Table 6 shows that independently removing any of the three SSBM operations de-
grades the overall segmentation quality on Landslide4Sense. Removing channel attention
decreases F1, IoU, mIoU, and MCC by 4.85, 5.07, 2.70, and 3.95 percentage points, respec-
tively. Although Recall increases from 68.01% to 73.50%, Precision drops from 60.46%
to 49.50%, indicating that channel attention mainly helps suppress irrelevant channel re-
sponses and reduce false-positive predictions rather than simply increasing foreground
coverage.

Table 6. Fine-grained ablation and architectural replacement results on the fourteen-channel Land-
slide4Sense dataset. Segmentation metrics are reported as mean ± standard deviation (%) over three
independent training runs.

Variant
Params

(M)
FLOPs

(G) FPS
Acc.
(%)

Prec.
(%)

Rec.
(%)

F1
(%)

IoU
(%)

mIoU
(%)

MCC
(%)

Full LGSTNet 3.79 2.39 63.93 98.56
± 0.04

60.46
± 1.02

68.01
± 1.35

64.01
± 0.42

47.07
± 0.45

72.81
± 0.22

63.39
± 0.45

w/o Channel Attention 3.79 2.39 65.50 98.15
± 0.05

49.50
± 0.85

73.50
± 0.96

59.16
± 0.62

42.00
± 0.63

70.11
± 0.32

59.44
± 0.68

w/o Spatial Attention 3.79 2.39 65.55 97.85
± 0.07

46.80
± 0.98

75.50
± 1.05

57.80
± 0.75

40.65
± 0.74

69.23
± 0.37

58.45
± 0.82

w/o Band Mixing 3.79 2.39 65.51 98.06
± 0.05

48.96
± 0.79

74.02
± 0.91

58.93
± 0.68

41.77
± 0.68

69.90
± 0.34

59.31
± 0.71

ConvStem 3.80 2.57 62.22 98.50
± 0.02

60.06
± 0.72

60.82
± 0.88

60.44
± 0.55

43.31
± 0.56

70.89
± 0.28

59.67
± 0.62

w/o LightDSCA 3.22 2.36 64.41 98.22
± 0.04

52.36
± 0.82

65.82
± 0.94

58.33
± 0.71

41.17
± 0.71

69.69
± 0.36

57.82
± 0.78

Conv Decoder 4.35 2.84 57.48 98.44
± 0.03

57.65
± 0.76

65.40
± 0.89

61.28
± 0.58

44.17
± 0.60

71.30
± 0.30

60.61
± 0.65

Removing spatial attention produces the largest degradation among the three SSBM
ablations. F1 decreases from 64.01% to 57.80%, IoU from 47.07% to 40.65%, mIoU from
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72.81% to 69.23%, and MCC from 63.39% to 58.45%. Meanwhile, Recall increases to 75.50%,
whereas Precision decreases sharply to 46.80%. This behavior indicates that spatial attention
is important for controlling spatial false positives and improving the balance between
landslide-region completeness and background suppression under the fourteen-channel
configuration.

Removing band mixing also results in clear performance degradation. Compared with
the complete model, F1, IoU, mIoU, and MCC decrease by 5.08, 5.30, 2.91, and 4.08 percent-
age points, respectively. This result supports the role of the 1 × 1 band-mixing operation in
enabling lightweight cross-channel interaction after attention-based recalibration.

The architectural replacement experiments further demonstrate complementary con-
tributions of the remaining components. Replacing GhostStem with a conventional con-
volutional stem increases FLOPs from 2.39 G to 2.57 G and decreases FPS from 63.93 to
62.22, while F1 decreases by 3.57 percentage points. Replacing LightDSCA with an identity
mapping reduces the parameter count and FLOPs but causes F1, IoU, mIoU, and MCC to
decrease by 5.68, 5.90, 3.12, and 5.57 percentage points, respectively. Replacing the MLP
projection–fusion decoder with a convolutional decoder increases the model complexity to
4.35 M parameters and 2.84 G FLOPs, reduces FPS to 57.48, and decreases F1 from 64.01%
to 61.28%.

4.5.2. Results on the Four-Channel HR-GLDD Dataset

As shown in Table 7, both active SSBM operations contribute positively under the
four-channel HR-GLDD configuration. Removing channel attention decreases F1 from
72.33% to 70.61%, IoU from 56.65% to 54.56%, mIoU from 74.74% to 73.50%, and MCC from
68.91% to 67.00%. Removing band mixing also decreases F1, IoU, mIoU, and MCC by 1.50,
1.81, 1.06, and 1.71 percentage points, respectively. Spatial attention is not included in the
complete HR-GLDD configuration and is therefore not separately ablated on this dataset.

The architectural replacement results on HR-GLDD show a similar but more moderate
trend. Replacing GhostStem with ConvStem increases FLOPs from 2.35 G to 2.51 G and
reduces FPS from 63.63 to 58.20, while F1 decreases by 1.13 percentage points. Removing
LightDSCA decreases F1 by 1.07 percentage points, and replacing the MLP projection–
fusion decoder with a convolutional decoder decreases F1 by 1.04 percentage points while
increasing the model complexity to 4.34 M parameters and 2.80 G FLOPs.

Table 7. Fine-grained ablation and architectural replacement results on the four-channel HR-GLDD
dataset. Segmentation metrics are reported as mean ± standard deviation (%) over three independent
training runs.

Variant
Params

(M)
FLOPs

(G) FPS
Acc.
(%)

Prec.
(%)

Rec.
(%)

F1
(%)

IoU
(%)

mIoU
(%)

MCC
(%)

Full LGSTNet 3.77 2.35 63.63 93.44
± 0.22

67.05
± 1.18

78.50
± 1.55

72.33
± 0.43

56.65
± 0.53

74.74
± 0.29

68.91
± 0.46

w/o Channel Attention 3.77 2.35 63.75 93.10
± 0.16

65.80
± 0.82

76.20
± 0.98

70.61
± 0.65

54.56
± 0.78

73.50
± 0.47

67.00
± 0.72

w/o Band Mixing 3.77 2.35 63.78 93.14
± 0.15

66.09
± 0.79

76.32
± 0.92

70.83
± 0.61

54.84
± 0.73

73.68
± 0.45

67.20
± 0.69

ConvStem 3.79 2.51 58.20 93.14
± 0.17

65.77
± 0.85

77.61
± 0.95

71.20
± 0.63

55.28
± 0.76

73.90
± 0.46

67.64
± 0.71

w/o LightDSCA 3.21 2.32 62.84 93.20
± 0.15

66.13
± 0.76

77.25
± 0.89

71.26
± 0.59

55.35
± 0.71

73.96
± 0.43

67.69
± 0.66

Conv Decoder 4.34 2.80 55.09 93.23
± 0.15

66.37
± 0.81

77.02
± 0.93

71.29
± 0.64

55.39
± 0.77

74.00
± 0.38

67.72
± 0.68
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Overall, the fine-grained ablation results show that channel attention, spatial attention,
and band mixing provide distinguishable contributions rather than functioning as an
inseparable attention block. Together with GhostStem, LightDSCA, and the lightweight
MLP projection–fusion decoder, these components form a coordinated architecture in which
input recalibration, local-detail preservation, hierarchical semantic modeling, contextual
enhancement, and efficient multi-level fusion provide complementary functions. The
ablation effects that were observed to be larger on Landslide4Sense than on HR-GLDD are
reported as dataset-dependent empirical differences and are not attributed solely to the
number of input channels.

4.6. Limitations and Future Work

Although LGSTNet demonstrates competitive performance across the three datasets
and achieves its strongest comparative results on Landslide4Sense, several limitations
remain. First, the proposed model does not achieve absolute superiority on all datasets. In
particular, HR-GLDD, STUNet and TransUNet obtain higher values on several accuracy-
related metrics, and STUNet also achieves a higher FPS. The added within-dataset Land-
slide4Sense experiment reduces the confounding inherent in the original cross-dataset
comparison and shows that both LGSTNet and SegFormer improve as the input configura-
tion expands from RGB to the complete fourteen-channel representation. Nevertheless, this
experiment does not isolate the contribution of every individual spectral or terrain-derived
channel. Moreover, LGSTNet intentionally changes its input-recalibration configuration
by activating spatial attention for the fourteen-channel setting. The observed gains should
therefore be interpreted as evidence for the effectiveness of the complete input configura-
tion rather than as proof that channel number alone causes the improvement. Future work
should further evaluate individual modality groups and band-level contribution using
strictly fixed architectural settings.

Second, the Jiuzhai Valley dataset was split into training, validation, and test subsets
using a random patch-level split with a fixed seed, without explicitly enforcing scene-
level or geographic-region-level independence. As a result, patches assigned to different
subsets may share similar spatial context when they originate from the same or nearby UAV
acquisition areas. Consequently, the reported Jiuzhai Valley results should be interpreted as
performance on randomly held-out patches rather than as an evaluation of geographically
independent scenes. Future work should further evaluate LGSTNet under scene-level,
event-level, or cross-region splits to better assess geographic robustness.

Third, the current model does not introduce explicit boundary-aware supervision
or post-processing. Therefore, highly fragmented landslides, shadow-covered regions,
road-adjacent exposed surfaces, and bare-soil areas may still lead to false positives or
incomplete boundary recovery. Incorporating boundary constraints, uncertainty estimation,
or topology-aware refinement may further improve delineation quality.

Finally, the efficiency evaluation was conducted on an RTX 3090 GPU. Although
FPS comparisons are measured under the same hardware environment, practical rapid
landslide monitoring may involve edge devices or large-scene tiled inference. Future work
will therefore investigate deployment-oriented optimization, large-area inference, and more
adaptive heterogeneous feature fusion for real-world landslide mapping.

5. Conclusions
This paper presents LGSTNet, a lightweight local–global collaborative framework for

landslide segmentation from remote sensing images. The architecture is organized around
two coupled principles. The first is heterogeneous-input-oriented local–global encoding,
which coordinates input-configuration-specific recalibration, shallow structural representa-
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tion, and hierarchical Transformer modeling. The second is accuracy–efficiency-oriented
compressed context fusion, which combines compressed deep-context enhancement with
lightweight multi-level projection, alignment, and fusion. The contribution therefore lies in
the coordinated representation and efficiency strategy rather than in treating the constituent
operators as isolated architectural novelties.

Experiments on three public landslide datasets show dataset-dependent but comple-
mentary behavior. On HR-GLDD, LGSTNet achieves competitive segmentation perfor-
mance and higher speed than several Transformer-based baselines, but it does not achieve
absolute dominance over all methods. On Jiuzhai Valley, LGSTNet obtains segmenta-
tion quality close to SCDUNet++ and TransUNet while achieving higher inference speed.
However, because the Jiuzhai Valley dataset was divided using a random patch-level
split without explicitly enforced spatial independence, these results should be interpreted
as performance on randomly held-out patches rather than as evidence of geographic or
cross-region generalization. Future work will further evaluate LGSTNet under scene-level,
event-level, and cross-region splits to assess geographic robustness. On Landslide4Sense,
LGSTNet achieves the best F1, IoU, mIoU, and MCC among all compared methods.

The within-dataset Landslide4Sense input-configuration experiment provides addi-
tional evidence beyond the original cross-dataset comparison. For LGSTNet, F1 and IoU
increase from 42.87% and 27.28% under RGB input to 64.01% and 47.07% under the com-
plete fourteen-channel configuration, respectively, while SegFormer shows the same overall
trend. LGSTNet’s F1 advantage over SegFormer grows from 0.37 percentage points under
RGB input to 2.45 percentage points under the full fourteen-channel configuration. Be-
cause the input content and LGSTNet’s input-recalibration configuration change together,
these results support the effectiveness of the complete heterogeneous-input configuration
without establishing channel count alone as the causal source of the gain.

Fine-grained ablation further shows that channel attention, spatial attention, and
band mixing make distinguishable contributions to the SSBM input interface. The ar-
chitectural replacement experiments also support complementary roles for GhostStem,
LightDSCA, and the MLP projection–fusion decoder. Taken together, these results indicate
that LGSTNet’s behavior is better explained by the coordination of input recalibration,
local-detail preservation, hierarchical semantic modeling, contextual enhancement, and
efficient multi-level fusion than by any single component in isolation.
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