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Abstract

Accurate extraction of mountaintop areas from grid digital elevation models (DEMs) is
essential for terrain analysis, geomorphological research, hydrological modeling, natural
disaster monitoring, and emergency communication site selection. However, existing
deep-learning-based methods often suffer from inadequate representation of local details
and limited global contextual awareness, leading to blurred boundaries and reduced seg-
mentation accuracy in complex mountainous terrains. To address these limitations, this
study proposes a dual-encoder and global-context-enhanced TransUNet framework, named
DEGC-TransUNet, for automated mountaintop delineation. The architecture integrates a
convolutional encoder to capture fine-grained local terrain features and a MaxViT-based
encoder to model multi-scale global context by encoding low-dimensional topographic
attributes such as slope and curvature. A dedicated feature fusion module harmonizes
complementary representations from both encoding paths, while a BiFormer-based strat-
egy is introduced at the bottleneck to strengthen long-range dependencies and enhance
convergence. The experimental results demonstrate that DEGC-TransUNet significantly
outperforms baseline models such as TransUNet, DE-TransUNet, and GC-TransUNet, with
relative improvements of 19.8% in Intersection over Union (IoU), 10.4% in overall accuracy
(ACC), and 10.9% in F1-score. These findings provide a robust solution for mountaintop
extraction, with significant potential in analyzing geomorphological evolution, simulating
soil erosion, modeling species distribution in “sky island” ecosystems, and optimizing
strategic placements for communication base stations and wind energy infrastructures.

Keywords: grid DEMs; mountaintop area extraction; dual-encoder network; TransUNet;
vision transformer; feature fusion; global context modeling

1. Introduction

Digital Elevation Models (DEMs) provide a fundamental digital representation of the
Earth’s surface and are widely used in terrain analysis, geomorphological mapping, hy-
drological modeling, and environmental assessment [1-3]. As a structured form of terrain
representation, grid DEMs describe surface elevation using regularly spaced grid cells,
making them especially well-suited for quantitative terrain analysis and spatial model-
ing [4]. As a key terrain element, mountaintop areas reflect the morphological characteristics
and spatial structure of mountainous landscapes and play an important role in mountain
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partitioning, ridge—valley structure analysis, and landform evolution studies [5-7]. Accu-
rate extraction of mountaintop areas from grid DEMs is therefore of significant importance
for both theoretical geomorphology and practical geospatial applications.

Mountaintop areas are typically characterized by local elevation maxima and their
surrounding regions, exhibiting strong spatial continuity, gradual transitions, and often
indistinct boundaries influenced by adjacent terrain [8]. These characteristics make
mountaintop area extraction a challenging task, especially in regions with complex
topography or subtle elevation variations [9,10]. Despite decades of methodological
evolution—moving from traditional rule-based geometric analysis [11-14] to machine-
learning statistical classifiers [15-19], and recently to deep-learning-based semantic
segmentation [20-24]—effectively balancing local detail representation with global
contextual understanding remains a key challenge. Specifically, traditional and CNN-
based methods often struggle with boundary blurring or structural discontinuities
in complex spatial organizations. Meanwhile, pure Transformer-based models face
hurdles in computational efficiency and fine-scale feature preservation [25-27].

To address these gaps, this study proposes a Dual-Encoder TransUNet with Global
Context Enhancement (DEGC-TransUNet) for mountaintop area extraction from grid
DEMs. The proposed model integrates a convolutional encoder for fine-scale local feature
extraction with a Multi-Axis Vision Transformer (MaxViT) encoder for multi-scale global
context modeling [28]. To effectively reconcile local granularity and global semantics, we
employ a fusion module incorporating coordinate attention and Squeeze-and-Excitation
(SaE) mechanisms [29,30], supplemented by a BiFormer-based enhancement module at
the bottleneck layer [31,32]. The principal contributions of this study are summarized
as follows:

Innovative Hybrid Dual-Path Architecture: By synergistically integrating CNNs and
MaxViT, our framework captures both fine-grained local textures and long-range spatial de-
pendencies, overcoming the receptive field limitations of traditional convolutional models.

Efficient Global Context Enhancement: The introduction of a BiFormer-based module
at the bottleneck enables the model to explicitly reinforce broad geomorphological relation-
ships while maintaining high computational efficiency through dynamic sparse attention.

Enhanced Boundary Fidelity and Precision: Our approach specifically addresses the
challenge of indistinct mountaintop boundaries in complex terrains, achieving superior
segmentation accuracy and structural continuity compared to current State-of-the-Art
(SOTA) methods.

To evaluate the effectiveness of the proposed model, comprehensive experiments were
conducted across diverse mountainous regions with varying geomorphological charac-
teristics. The results suggest that DEGC-TransUNet provides measurable improvements
in segmentation accuracy and boundary fidelity compared to the baseline TransUNet
model [33], demonstrating its potential for robust generalization in complex terrains.

The remainder of this paper is structured to provide a comprehensive exploration
of our proposed framework. Section 2 reviews the relevant literature on traditional and
deep-learning-based terrain analysis. Section 3 details the architectural design and im-
plementation of the DEGC-TransUNet. Section 4 presents the experimental setup, results,
and comparative analysis. Section 5 provides an in-depth discussion of the experimental
findings and model limitations, followed by Section 6, which offers concluding remarks
and outlines potential future research directions.
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2. Related Work
2.1. Traditional and Machine-Learning-Based Extraction

The identification of mountaintop elements traditionally relies on rule-based geomet-
ric analysis of grid DEMs. Early researchers proposed methods such as the extreme value
method based on terrain profile convexity [34] and the window comparison method based
on raster neighborhood analysis for rapid peak point extraction [10]. Other approaches intro-
duced inverse DEM hydrological simulation and spatial partitioning strategies [12,35]. Al-
though these methods are conceptually intuitive, they are highly sensitive to parameters
such as analysis window size and elevation thresholds. Studies by Gu et al. [36] and Liu
et al. [37] demonstrated that improper threshold settings lead to significant deviations in
both the number and location of extracted peaks, particularly in complex terrains where
boundaries remain poorly defined [11,12].

With the advancement of machine learning, statistical classifiers such as Support
Vector Machines (SVM) and Random Forests (RF) were introduced to overcome the limi-
tations of explicit rules. Researchers utilized these models to classify micro-landforms by
learning from multiple terrain factors, such as slope, curvature, and elevation [38,39]. Li
et al. [18] reported that RF-based ensemble learning significantly outperformed traditional
rule-based methods in hilly regions. However, these statistical approaches rely heavily
on feature engineering. As noted by Du et al. [40], handcrafted features often struggle to
maintain stable performance in terrains with high geomorphological heterogeneity, leading
to decreased generalization across different landscapes [15,16].

2.2. Deep Learning and Convolutional Neural Networks

Deep learning, particularly Convolutional Neural Networks (CNNs), has shifted the
paradigm toward automated feature learning from high-resolution DEMs. CNN-based
architectures, such as U-Net, FCN, and ResNet, have been widely applied to terrain
classification and mountaintop recognition [41-43]. For instance, Zhang [20] utilized CNNs
combined with terrain factors for landform classification, while Li et al. [44] proposed an
improved Faster R-CNN for peak point identification using grayscale contour overlays.
Zhou et al. [22] further demonstrated the effectiveness of CNNss in classifying specific
mountain components, such as shoulders and peaks.

Despite their success in capturing local textures, CNNs are inherently limited by
the locality of convolutional operations. The restricted receptive field prevents these
models from effectively capturing long-range spatial dependencies and global contextual
information [24,25,45]. In complex, mountainous regions characterized by interlocking
ridges and valleys, this limitation often results in “salt-and-pepper” noise, fragmented
structures, and blurred boundaries for areal entities, such as mountaintop regions [16,36].

2.3. Transformer and Hybrid Architectures

To address the limitations of local receptive fields, Transformer-based frameworks
leveraging self-attention mechanisms have been introduced. These architectures can explic-
itly model relationships between all feature units, capturing large-scale geomorphological
structures. Chen et al. [5] proposed a terrain knowledge-guided Transformer for geo-
morphon mapping, and Wang et al. [26] enhanced landform encoding by incorporating
topographic priors into the attention mechanism.

Recent trends have focused on hybrid CNN-Transformer models to synergize local
detail extraction with global context modeling. Examples include the integration of Trans-
formers into U-Net-like encoders [32,33] and the use of dual-attention mechanisms to fuse
spatial and channel features [46,47]. Wang et al. [48] successfully applied such hybrid
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models to seismic fault recognition, demonstrating their capacity for extracting linear and
structural geographic features.

However, hybrid models encounter significant challenges regarding computational
efficiency and adaptive feature fusion. The quadratic computational complexity of stan-
dard Transformers makes them inefficient for processing large-scale, high-resolution grid
DEMs [25,47]. Furthermore, balancing the fine-grained granularity of local terrain with
broad geomorphological semantics remains difficult. Excessive global attention may
smooth out critical local peaks, while insufficient integration leads to structural frag-
mentation [49]. Most existing methods also struggle with cross-regional generalization
and are heavily dependent on large labeled datasets [23,27]. This study seeks to bridge
these gaps by proposing the DEGC-TransUNet, which utilizes dynamic sparse attention
and multi-scale fusion to achieve robust and efficient mountaintop area extraction.

3. Materials and Methods
3.1. Overall Framework of DEGC-TransUNet

The DEGC-TransUNet adopts a U-Net-style encoder—decoder backbone [42], lever-
aging its multi-scale feature aggregation and spatial detail preservation capabilities. To

overcome the limitations of traditional convolutional architectures in modeling long-range
spatial dependencies, we introduce a dual-path encoding strategy (Figure 1).
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Figure 1. Architecture of the proposed DEGC-TransUNet for mountaintop area extraction from grid
DEMs. The arrows indicate the direction of data flow, and different colors are used to distinguish
various functional modules and various feature map scales.

For an input single-channel DEM X € RH>*Wx1 3 Channel Replication step is first

performed to transform it into a three-channel representation X € RH*W>3

, where the
elevation values are identical across all channels. This ensures compatibility with the

Transformer-based backbone while preserving the original topographic information [50].
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In the initial stage (Stage 1), the Convolutional Encoder (Conv Encoder) processes X
to capture fundamental topographic primitives, such as high-resolution edges and initial
elevation gradients. Starting from Stage 2 to Stage 4, the architecture transitions into a
dual-path structure where the Conv Encoder concurrently works with a MaxViT-based
Encoder [28] to extract complementary features (Figure 1). The feature extraction at these
dual-path stages is formulated as:

Flloca, = ConvEnc! (Pl*1> @
1 1 pl—1
Fliopar = MaxVit! (F'=1) @)

where I € {2, 3, 4}. Fllo a1 Preserves local structural details essential for accurate extraction,
while F él obal CAPtures multi-scale global contextual information through multi-axis attention
mechanisms (Figure 1).

To harmonize these representations, a dedicated Feature Fusion Module (FFM), de-
noted as M, is implemented at each dual-path encoding stage (Stages 2—4, Figure 1):

) ) )
Ffusion =M (Flocul ® Fglobal) ®)

where @ represents the channel-wise concatenation. The FEM effectively reorganizes the
fused features, reducing redundancy while enhancing the synergy between local details
and global contextual cues.

At the structural bottleneck, a BiFormer module [47] is incorporated to further
strengthen the global representation capability (Figure 1). Finally, the decoder recon-
structs the segmentation map through symmetric upsampling stages. High-resolution skip
features—from the Conv Encoder in Stage 1 and the FFM in Stages 2—4—are merged with
the upsampled decoder features at the concatenation nodes (denoted as ‘C” in Figure 1).
This fusion process, formulated as F,; = Concat (Fdecoder/ Ffused) , ensures that the network
leverages both macroscopic contextual cues and fine-grained structural fidelity for precise
mountaintop delineation.

3.2. Dual-Encoder Architecture and Feature Fusion

The dual-encoder architecture is designed to synergize local topographic primitives
with global contextual representations for improved mountaintop delineation (Figure 2).

| FEM | | FFM | (FEM |
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Figure 2. Schematic diagram of the convolutional encoder architecture.

https:/ /doi.org/10.3390/app16104671


https://doi.org/10.3390/app16104671

Appl. Sci. 2026, 16, 4671

6 of 26

3.2.1. Convolutional and MaxViT Encoders

The convolutional encoder utilizes a hierarchical downsampling structure of stacked
residual convolutional layers to capture local spatial patterns [43], as illustrated in Figure 2.
At each stage ], the local feature extraction is expressed as:

F,lml =SC <FZIO_C;Z) =0 (COI’[U3X3 (Down (Fllo_c;l)) 4)

where Down(-) denotes the strided convolution for downsampling and J represents the
ReLU activation function.

In parallel, the MaxViT-based encoder introduces Transformer-style attention mecha-
nisms to model long-range spatial dependencies, as illustrated in Figure 3. As mentioned in
Section 3.1, the three-channel input X ensures compatibility with the Transformer backbone.
The MaxViT block captures global relationships through Multi-Axis Attention [28], decom-
posing the process into block-wise and grid-wise components:

F, élobaz = GSA (BSA (F éﬂ;ial) ) ®)
where BSA and GSA denote Block-wise and Grid-wise Self-Attention, respectively. This
mechanism allows the model to distinguish true mountaintop areas from locally elevated re-
gions that are contextually irrelevant by considering the macroscopic terrain structure [49].
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(Block-Attention) (Block-Attention) (Block-Attention)
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Figure 3. Schematic diagram of the MaxViT-based encoder architecture.

3.2.2. Att-SaE Feature Fusion Module
To integrate the heterogeneous features, the Att-SaE Module is employed to reconcile

representations through a spatial-channel refinement process, as detailed in Figure 4. First,
Coordinate Attention (CA) [29] is applied to the concatenated features:

1 1
Fcpa =CA (Flocal ® Fglobal) ) (6)

where CA recalibrates the feature maps by aggregating spatial information along horizontal
and vertical axes. Subsequently, the features are refined by a Squeeze-and-Excitation
(SaE) [30] layer:

F}usion = U(g(Conv(FCA))) ®COHV(FCA) (7)

where g(-) denotes global average pooling, ¢ is the sigmoid function, and ) represents
element-wise multiplication. The SaE layer adaptively reweights channels to boost the
discriminative power of the fused representations before they are passed to the decoder.
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3.3. Global Context Enhancement via Bottleneck MixStructureBlock

To strengthen long-range dependency modeling while maintaining training efficiency,
a global context enhancement module, termed MixStructureBlock, is incorporated at the
structural bottleneck (Figure 5). This module integrates an improved BiFormer [47] mecha-
nism with Fast Fourier Convolution (FFC) [51] to capture macroscopic terrain structures
through a multi-stage residual refinement process.
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Figure 5. The structure of the BiFormer-based global context enhancement module integrating Fast
Fourier Convolution (FFC), which models long-range spatial dependencies via sparse attention rout-
ing and introduces frequency-domain feature enhancement to complement spatial representations.

3.3.1. Hierarchical Residual Refinement

As illustrated in the primary backbone of the MixStructureBlock, the input bottleneck
feature F;,, undergoes three successive stages of transformation. To ensure training stability
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and prevent gradient degradation, each stage is implemented with Layer Normalization
(LN) and element-wise addition (denoted by + in Figure 5) for residual learning:

Plein+FPC(LN(Fin)) 8)
F, = F; + BRA(LN(F)) )
F; = F, + MLP(LN(F,)) (10)

where BRA denotes the Bi-level Routing Attention, and MLP represents the multi-layer
perceptron. This sequential design allows the model to progressively integrate spectral
global cues and sparse-attentional spatial relationships.

3.3.2. Fast Fourier Convolution (FFC) with Spectral Transform

The FFC module within the MixStructureBlock employs a dual-branch architecture
that splits the feature map into a Local path and a Global path. While the Local path utilizes
conventional convolutions to preserve spatial details, the Global path captures features in
the frequency domain using a Spectral Transform [51] (Figure 5). Based on the properties
of real-valued topographic signals, the spectral branch is formulated as:

Fetobal out = COnvr 1 (Fglobalﬂ 4 RFFT! (1/; (RTTF (@ (Fglobulfm)) ))) 11)
where RTTF and RFFT ! represent the Real 2D Fast Fourier Transform and its inverse,
respectively. @ denotes the spatial preprocessing (Conv-BN-ReLU) and 1 represents the
convolution in the frequency domain. By accounting for the global context across the entire
DEM grid, FFC effectively identifies consistent geomorphological structures.

3.3.3. Bi-Level Routing Attention (BRA)

To complement the spectral features, the BRA component facilitates content-aware
sparse attention by routing queries to the most relevant key-value pairs. The routing index
matrix Ayoute is determined by calculating the affinity between region-level queries Q, and
keys Ki:

T
Aroute = Topk(Softmax(Qg(f?)) (12)

By restricting attention computations to the Top, routed regions, the BiFormer mech-
anism enhances the global representation capability for mountaintop delineation with
significantly reduced computational cost compared to dense self-attention mechanisms.
This dual-path modeling at the bottleneck ensures that both macroscopic terrain context
and fine-grained structural fidelity are preserved.

3.4. Decoder, Loss Functions, and Inference Strategy

The decoder utilizes a symmetric hierarchical upsampling structure based on bilinear
interpolation, adhering to the classical U-Net design [42] to reconstruct high-resolution seg-
mentation maps. At each decoding stage /, the feature map D' is generated by upsampling
the preceding lower-resolution features and integrating spatially aligned features from the
encoder through skip connections.

Specifically, the fused encoder features F}u sion
enhance spatial detail recovery and boundary reconstruction accuracy. The decoding

from the FFM are incorporated to

process at each stage can be formulated as:

D' = Conv(Up (Dl_l) ® F}usion) (13)
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where Up(-) denotes the bilinear upsampling operation, and @ represents the channel-wise
concatenation used to bridge the semantic gap between the encoder and decoder.

By concatenating the low-level spatial primitives with high-level semantic features,
the decoder effectively recovers the fine-grained topographic boundaries of mountaintops.
The final output layer employs a 1 X 1 convolution followed by a Softmax function to
produce the pixel-wise classification map for mountaintop areas.

To address class imbalance between mountaintop areas and background regions, a
hybrid loss function combining Binary Cross-Entropy (BCE) Loss and Dice Loss is used
during training [30,31]. Dice-based loss functions [52] are commonly applied in segmen-
tation tasks with imbalanced class distributions and have proven effective in improving
region-level consistency and boundary delineation. During inference, whole-image predic-
tion is used to avoid boundary artifacts commonly introduced by sliding-window-based
inference strategies [53]. This approach is particularly critical for preserving the spatial
continuity of mountaintop regions.

The total objective function is formulated as follows:

Loss = A1Lgce + A2Lpice (14)
The Binary Cross-Entropy loss is defined as:

1
L = ——
BCE N

|Mz

[yilog(pi) + (1 — yi)log(1 — p;)] (15)

i=1

where N denotes the total number of samples, y; € {0,1} represents the ground-truth label
for sample i, and p; is the predicted probability for the corresponding class. Additionally,
the Dice Loss is formulated as:

2y My yipit+e

Lpice =1 — (16)
« Sy M pite

where M is the number of pixels (or data points).y; is the ground truth value for pixel i.p; is
the predicted value for pixel i. The smoothing term € is added to ensure numerical stability
and avoid division by zero during training.

Specifically, the weighting parameters, A1 and A,, in Equation (14) are both set to 1.
This configuration was finalized after systematic experimental testing. Specifically, we
conducted a sensitivity analysis by varying the ratio of A and A, (e.g., 1:0.5, 1:1, and 1:2).
The results indicated that the 1:1 ratio effectively balances the gradient contributions of
Lpcg and Lpjce, which exhibit similar numerical magnitudes. This balance prevents either
loss term from dominating the optimization process, thereby ensuring the most stable
convergence and superior segmentation performance.”

4. Experiments

4.1. Study Area and Dataset
4.1.1. Study Area Overview

Experiments were conducted in the Jiuyuangou watershed (110°11'52.8"-110°25'19.2"
E, 37°31'18"-37°38'16.8" N), situated in the middle reaches of the Wuding River basin on
the northern Loess Plateau, Shaanxi Province, China. The study area covers approximately
250 km? and is characterized by typical loess hilly-gully landforms [16]. This region
features a highly dissected terrain with an average ground-surface slope of 27° and a gully
density of 6.15 km/km?. The elevation ranges from 807.632 to 1198.60 m, with a maximum
relative relief of 390 m between hilltops and gully bottoms. The extreme topographic
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Neighborhood

Analysis

Local Maximum

complexity—marked by severe soil erosion, fully developed gullies, and broken terrain-
makes this area a representative site for evaluating the robustness and applicability of
mountaintop extraction methods under complex morphological conditions.

4.1.2. Dataset Generation and Partitioning

The primary data source utilized in this study consists of high-resolution DEMs with a
spatial resolution of 5 m, obtained from the National Fundamental Geographic Information
Database of China [54]. To construct a reliable supervision signal, representative moun-
taintop areas were manually delineated through expert visual interpretation, producing
high-quality binary reference masks.

To ensure the geomorphological rigor of the dataset and mitigate the limitations of
traditional threshold-based segmentation, we implemented an expert-knowledge-guided
stepwise annotation protocol. As illustrated in Figure 6, this hierarchical workflow transi-
tions from discrete point identification to continuous physical entity delineation through
three integrated stages:

Candidate
Mountaintops

Verified Mountaintop
Points

it 0 R

Profile Curvature

‘ \‘ Y Thresholding =~

Manual
Boundary
+ Delineation

Thresholded Mountaintop Extent Binary Reference Mask
Profile Curvature

Figure 6. The expert-knowledge-guided stepwise annotation protocol for mountaintop reference
mask generation. The arrows in this figure indicate the logical sequence of the workflow, connecting
consecutive processing steps.

Geometric Localization: Initial candidate mountaintops are identified by detecting
local elevation maxima through a neighborhood analysis within a sliding window. This
stage establishes the potential centroids of the target features.

Morphological Verification via Multi-feature Constraints: To eliminate pseudo-peaks
and noise, we perform a dual-verification process. First, we analyze the aspect distribution;
a true mountaintop must exhibit a radial-divergent pattern, acting as a center from which
all aspects slope away. Second, spatial ridgeline constraints are applied to ensure that
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neir

the candidate points are topographically aligned with the terrain skeleton, effectively
suppressing isolated noise and false extrema.

Adaptive Boundary Delineation: Unlike arbitrary fixed-radius labeling, the physical
boundaries of the reference masks are determined using thresholded profile curvature. By
isolating curvature values sensitive to the summit-to-slope transition, we can identify the
geomorphological break-points where the terrain transitions from the convex summit to the
stable side-slope. This ensures that the final binary reference masks capture the authentic
physical extent of mountaintops across diverse terrains and resolutions.

This self-adaptive approach allows the model to learn from high-fidelity supervision
signals that inherently encode complex terrain characteristics without requiring manual
normalization of raw topographic factors.

In total, 1264 valid samples were generated, each comprising a localized DEM patch
and its corresponding binary mountaintop mask. To enhance the validity and generalization
of the model, the dataset was partitioned into training and testing subsets at an 8:2 ratio.
Unlike purely random partitioning, a spatial systematic sampling strategy with a fixed
step size was employed to select the test samples. This approach ensures that the test set is
uniformly distributed across the entire study area and encompasses diverse terrain units (as
shown in Figure 7b), thereby providing a more rigorous and geographically representative
assessment of the model’s performance.

b
Elevation(m)
v High:1198.60|

Low:807.632

o2 o2z noa

Figure 7. Overview of the study area and sample distribution: (a) high-resolution remote sensing
imagery of the Jiuyuangou region; (b) spatial distribution of manually delineated mountaintop area
samples. (Base data provided by the National Geomatics Center of China).

4.2. Experimental Setup

The experimental platform was equipped with high-performance computing resources,
including an AMD EPYC 7325 CPU, 256 GB of system memory, and two NVIDIA GeForce
RTX 3090 GPUs. All models, including the proposed DEGC-TransUNet, baseline models,
and ablation variants, were trained using this dual-GPU setup under identical hyperpa-
rameter configurations to ensure a fair and rigorous comparison.

All experiments were implemented using the PyTorch (version 1.10.0+cul13) deep-
learning framework [55] on a Windows-based platform. The Adam optimizer [56] was
employed for network optimization, with an initial learning rate set to 0.001. To enhance
convergence stability and prevent the model from falling into local optima during the
training process, a polynomial learning rate decay strategy [57] was adopted, which is
formulated as:

(17)

i t er power
max_iter

L= Irinitiar ¥ (1 -
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where I7;,;1i, is the initial learning rate, iter and max_iter represent the current and maxi-
mum number of iterations, respectively. The training process followed an iteration-based
scheme with a total of 10,000 iterations, ensuring the network achieved full convergence.

4.3. Evaluation Metrics

To rigorously assess model performance, several standard quantitative metrics for
semantic segmentation are used, including Precision, Recall, F1-score, Kappa, Overall
Accuracy (ACC), and Intersection over Union (IoU) [58]. These metrics offer complementary
perspectives, enabling a comprehensive evaluation of the model’s predictive capabilities
across various terrains.

The specific formulations are as follows:

Precision quantifies the proportion of correctly identified positive pixels relative to all

pixels predicted as positive:

... TP
Precision = TP L EP (18)

Recall (or Sensitivity) measures the model’s ability to capture all actual positive pixels:

TP
Recall = TP+ EN (19)

F1-score is the harmonic mean of Precision and Recall, providing a balanced metric for
classification performance:
Precision x Recall

F1 — =2 2
score x Precision + Recall (20)

Kappa [59] coefficient evaluates the agreement between predicted and observed labels
while accounting for random chance:

2 x (TP-TN — FN-FP)

(TP + FP)-(FP + TN) + (TP + FN)-(FN + TN) @1)

Kappa =

ACC measures the proportion of correctly classified pixels among the total sample size:

TP+ TN
ACC = 22
cc TP+ TN+ FP+FN @2)

IoU reflects the geometric overlap between the predicted and ground-truth regions:

TP

U= 7p TP EN

(23)
In these equations, TP, TN, FP, and FN denote true positives, true negatives, false positives,
and false negatives, respectively. Collectively, these metrics facilitate a holistic assessment
of segmentation fidelity across physiographically diverse landscapes.

In addition to the aforementioned accuracy metrics, we introduce two indicators to
evaluate the computational complexity and efficiency of the models:

Floating-point operations (FLOPs) are employed to quantify the theoretical compu-
tational cost of the model. It represents the total number of floating-point arithmetic
operations required during a single forward pass of the network, serving as a hardware-
independent measure of model complexity.

Inference Latency is defined as the average time required for the model to process
a single input sample during the inference phase. In this study, latency is calculated
as the mean time across all samples in the test set to ensure a stable and representative
measurement of real-world deployment efficiency.
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4.4. Training Convergence Analysis

All models exhibit a rapid decrease in training loss during the initial training stage
(Figure 8a), indicating effective optimization at early iterations. The baseline TransUNet
demonstrates a relatively slow convergence rate and maintains a higher loss value through-
out the training process. In contrast, both DE-TransUNet and GC-TransUNet achieve
lower loss values than the baseline, suggesting that introducing either the dual-encoder
architecture or the global context enhancement module can improve optimization efficiency
to some extent. Notably, the proposed DEGC-TransUNet converges significantly faster than
the other models and reaches the lowest final loss value, reflecting more stable optimization
dynamics and improved learning capacity. This behavior indicates that the combination
of dual-encoder feature learning and BiFormer-based global context modeling effectively
facilitates gradient propagation and reduces optimization difficulty.
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Figure 8. Convergence and validation performance analysis for mountaintop extraction using four
architectural variants: (a) training loss, (b) training accuracy, (c) target-class F1-score on validation
set, and (d) target-class Recall on validation set.

The training accuracy curves in Figure 8b further confirm these observations. While all
models show a steady increase in accuracy with training progress, the baseline TransUNet
exhibits slower accuracy improvement and lower final accuracy. Both DE-TransUNet
and GC-TransUNet achieve higher accuracy levels than the baseline, demonstrating that
enhancing either local-global feature representation or long-range dependency modeling
contributes positively to segmentation performance. The proposed DEGC-TransUNet
consistently outperforms all comparison models across the entire training process, reaching
near-saturated accuracy at an earlier stage and maintaining superior performance thereafter.
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This indicates faster convergence and stronger representation learning capability. To further
justify the quality of the test process and evaluate the generalization capability on unseen
data, the validation F1-score and Recall for the target class were recorded every 1000 it-
erations (Figure 8c,d). Unlike continuous training curves, these validation checkpoints
provide periodic assessments of the models’ practical segmentation performance.

For instance, the baseline TransUNet and the ablation models show significant perfor-
mance drops at 2000 and 7000 iterations, suggesting a high sensitivity to specific validation
samples or optimization instability. While DE-TransUNet achieves a high Recall peak
at 2000 iterations, it subsequently experiences a decline, indicating transient overfitting
during the early phase. In contrast, the proposed DEGC-TransUNet consistently maintains
the highest F1-score and Recall throughout the entire validation process. Despite minor
oscillations, its performance trajectory remains overall upward and reaches superior peaks
(e.g., a Fl-score of 0.8968 and a Recall of 0.9054 at 7000 iterations). More importantly,
in the final stages (8000 to 10,000 iterations), DEGC-TransUNet exhibits the most stable
performance plateau, effectively mitigating the drastic oscillations observed in the baseline.
This alignment between steady training convergence and superior validation stability
provides strong evidence of the robustness and exceptional generalization capability of the
DEGC-TransUNet framework.

Overall, the convergence analysis demonstrates that the proposed DEGC-TransUNet
not only achieves higher segmentation accuracy but also exhibits improved training stability
and efficiency. The synergistic integration of dual-encoder feature extraction and global
context enhancement enables more effective optimization compared with single-module
improvements, providing a solid foundation for the superior quantitative and qualitative
results reported in subsequent sections.

4.5. Comparison with Baseline Methods

To evaluate the comprehensive performance of the proposed DEGC-TransUNet, a series
of comparative experiments was conducted against several well-established baseline models,
ranging from lightweight architectures to complex transformer-based networks. The baselines
include FCN [42], FPN [60], FCN-ResNet18 [43], PSPNet t [61], DeepLabV3+ [62], and the
standard TransUNet. All models were trained and tested under identical dataset partitions
and evaluation protocols to ensure a fair comparison.

The quantitative results across multiple dimensions, including segmentation accuracy,
model complexity, and computational efficiency, are summarized in Table 1.

Table 1. Quantitative evaluation of mountaintop extraction performance, model complexity, and
computational efficiency among different methods.

.. Flops Params . Latency
Method Precision Recall F1-Score Kappa  ACC IoU <) ™) Time (ms)
TransUNet 83.27 79.16 81.16 0.633 81.62 68.29 43.4 109.07 1:18:00 219.51
Fen 88.89 81.28 84.92 0.711 85.56 73.79 4.455 13.047 0:36:35 1.88
Fpn 88.04 81.44 84.61 0.704 85.19 73.33 4.455 13.047 0:45:28 1.86
Fen-ResNet18 86.20 81.57 83.82 0.685 84.26 72.15 2.53 13.54 0:13:48 1.86
Pspnet 90.31 80.82 85.30 0.722 86.08 74.37 1.45 11.334 0:11:30 1.90
Deeplabv3plus 89.01 78.52 83.43 0.688 84.41 71.58 4.58 12.33 0:34:16 1.87
DEGC-TransUNet 90.97 89.07 90.01 0.802 90.12 81.84 57.95 90.54 2:22:58 211.38

4.5.1. Segmentation Accuracy Analysis

As shown in Table 1, DEGC-TransUNet consistently achieves the highest performance
across all accuracy-related metrics. Specifically, it reaches an IoU of 81.84% and an F1-score

https://doi.org/10.3390/app16104671


https://doi.org/10.3390/app16104671

Appl. Sci. 2026, 16, 4671

15 of 26

of 90.01%, representing a significant leap compared to the second-best baseline model
(PSPNet with 74.37% IoU).

Precision and Recall: The proposed model achieves a Precision of 90.97% and a Recall
of 89.07%, indicating that the dual-encoder structure effectively reduces both false positives
(misidentified terrain) and false negatives (missed peaks).

Boundary and Region Continuity: While lightweight models like FCN-ResNet18
and FCN exhibit lower IoU (ranging from 72.15% to 73.79%), they often struggle with
fragmented predictions in complex terrain. In contrast, DEGC-TransUNet demonstrates
superior boundary delineation and region continuity, confirming that the integration of
global context enhancement is crucial for capturing the macro-geomorphological patterns
of mountaintops.

4.5.2. Model Complexity and Efficiency

A critical aspect of this comparison is the trade-off between extraction accuracy and
computational overhead.

Computational Cost (FLOPs): DEGC-TransUNet involves 57.95 GFLOPs, which is
higher than the lightweight ResNet18-based models (e.g., FCN-ResNet18 at 2.53 GFLOPs).
However, compared to the standard TransUNet (43.4 GFLOPs), the increased computational
cost is justifiable given the substantial 13.55% improvement in IoU.

Parameter Count: Notably, despite its superior accuracy, DEGC-TransUNet maintains
a lower parameter count (90.54 M) compared to the original TransUNet (109.07 M). This
suggests that the proposed architectural modifications, such as the DEGC module, provide
a more efficient parameter utilization for terrain feature learning.

Inference Latency: In terms of real-world deployment, DEGC-TransUNet achieves an
average latency of 211.38 ms per image, which is slightly faster than the baseline TransUNet
(219.51 ms). Although lightweight baselines like FCN and PSPNet offer near-real-time
performance (approx. 1.8-1.9 ms), their significantly lower extraction accuracy limits their
utility in precision-demanding geomorphological research.

Overall, although DEGC-TransUNet is heavier than traditional CNN-based baselines
in terms of FLOPs and latency, it strikes an optimal balance by delivering State-of-the-Art
accuracy with manageable computational costs. The results confirm that for complex moun-
taintop extraction, the integration of long-range spatial dependencies and multi-scale fea-
ture fusion provides a level of precision that lightweight models cannot currently achieve.

4.5.3. Summary of Comparison

The results highlight that while lightweight models offer advantages in inference
speed, they fail to provide the necessary precision for delicate mountaintop extraction.
DEGC-TransUNet strikes an optimal balance by delivering State-of-the-Art accuracy with
manageable computational costs, outperforming the original TransUNet in both extraction
quality and model efficiency (lower parameters and latency). This proves that jointly
modeling multi-scale terrain details and long-range dependencies is highly effective for
processing grid DEM data.

4.6. Performance Comparison and Ablation Study

To quantify the individual and synergistic contributions of the proposed architectural
components, a structure-level ablation study was conducted. We evaluated the baseline
TransUNet, the dual-encoder version (DE-TransUNet), the global context version (GC-
TransUNet), and the complete DEGC-TransUNet [63]. The results, encompassing extraction
accuracy, model complexity, and computational efficiency, are summarized in Table 2.
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Table 2. Quantitative ablation study of architectural components in terms of extraction accuracy,
model complexity, and computational efficiency.

Method Precision Recall F1-Score Kappa  ACC IoU F}E’;I;S P?ﬁr)ns Time L:II’:SI;CY
TransUNet 83.27 79.16 81.16 0.633 81.62 68.29 43.4 109.07 1:18:00 219.51
DE-TransUNet 86.88 86.84 86.86 0.737 86.86 76.78 74.64 170.76 2:26:26 268.29
GC-TransUNet 83.11 81.21 82.15 0.647 82.35 69.71 48.56 114.14 1:11:37 203.25
DEGC-TransUNet 90.97 89.07 90.01 0.802 90.12 81.84 57.95 90.54 2:22:58 211.38

The integration of the dual-encoder mechanism (DE-TransUNet) resulted in a substan-
tial performance leap, with the IoU increasing from 68.29% to 76.68%. This improvement
confirms that the dual-path design significantly enhances the model’s ability to jointly cap-
ture fine-scale terrain details and multi-scale contextual features from DEM data. However,
this enhancement comes at the cost of increased model complexity; the parameter count
rose to 170.76 M, and the FLOPs reached 74.64 G, leading to a higher inference latency
of 268.29 ms. These results suggest that while the dual-encoder mechanism is critical for
accuracy, a naive implementation introduces significant parameter redundancy.

The GC-TransUNet, which incorporates only the global context enhancement module,
showed a moderate improvement in accuracy, reaching an IoU of 69.71%. A key observa-
tion is the module’s high efficiency: it maintains a lower latency (203.25 ms) and lower
computational cost (48.56 GFLOPs) compared to the baseline TransUNet. This demon-
strates that the GC module effectively models long-range dependencies and mitigates local
misclassifications in complex terrains without imposing a significant computational burden.

The complete DEGC-TransUNet achieves the highest performance across all metrics,
with an IoU of 81.84% and an F1-score of 90.01%. Most notably, the final model achieves a
superior balance between performance and efficiency:

Complexity Optimization: Through optimized architectural integration, the param-
eters of DEGC-TransUNet (90.54 M) are significantly lower than those of both the DE-
TransUNet (170.76 M) and the baseline TransUNet (109.07 M).

Computational Efficiency: The model exhibits a reduced FLOPs (57.95 G) compared to
the intermediate DE-TransUNet, and its inference latency (211.38 ms) is even faster than
the original TransUNet (219.51 ms).

These findings indicate that the joint modeling of local terrain details and global
context not only maximizes extraction precision but also—through our proposed integration
strategy—optimizes the model’s structural efficiency, making it highly suitable for high-
precision geomorphological tasks.

The experimental results demonstrate highly consistent performance across all exper-
imental runs through a 5-fold cross-validation framework. The model achieved a mean
F1-score of 90.01% with a marginal standard deviation of +0.42%, and a mean Accuracy
(ACC) of 90.12% =+ 0.38%. Specifically, for the representative fold (the results of which
are detailed in Table 2), the IoU and Precision for the target mountaintop areas reached
81.84% and 90.97%, respectively. The extremely low standard deviation observed across
the different data partitions confirms that the model is highly robust and effectively miti-
gates potential concerns regarding overfitting or random performance fluctuations. Such a
high level of consistency demonstrates the model’s superior generalization capability in
capturing invariant geomorphological patterns across diverse and complex terrain units in
the study area.
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4.7. Qualitative Analysis Based on Landform Types

To facilitate a geomorphologically coherent interpretation of the ablation results, a
qualitative analysis was conducted by categorizing mountaintop samples according to
their morphological attributes [45]. Adopting the taxonomic framework proposed by
Yang et al. [6] regarding landform evolution, mountaintop areas were grouped into four
representative types based on shape-related indices: quasi-circular, elliptical, linear, and
irregular mounds. These morphologies were quantitatively characterized using a suite of
geometric descriptors widely used in landscape spatial analysis [64,65], including circularity
index, perimeter—-area ratio, and boundary fractal dimension (Table 3), which represent
geometric regularity, boundary compactness, and morphological complexity, respectively.

Table 3. Classification criteria of loess landform units based on morphological indices.

Landform Type Circularity Index Perimeter—Area Ratio Boundary Fractal Dimension
Quasi-circular mound 1.05-1.10 23.0-45.0 1.26-1.30
Elliptical mound 1.11-1.20 22.0-45.0 1.27-1.31
Linear mound 1.21-1.35 24.0-40.0 1.28-1.33
Irregular mound 1.36-1.53 18.0-45.0 1.28-1.34

Circularity Index (D;): This index, also known as the patch compactness index, reflects
the degree to which a patch shape approximates a circle:

D= &
e 2\/71.’A1'

where D; is the circularity index, P; is the patch perimeter, and A; is the patch area.

(24)

The minimum value is 1, indicating a perfect circle; higher values signify increasing
morphological irregularity.

Perimeter-Area Ratio (C;): This metric, often referred to as the patch roundness index,
represents the edge-to-area relationship and the intensity of the boundary effect:

Ci= 25)

where C; is the perimeter—area ratio. This index effectively captures the boundary compact-
ness, as larger patches or those with smoother margins exhibit lower C; values. The Fractal
Dimension (FD;) parameter quantifies the shape complexity and spatial filling capacity of

the patch boundary:
ZlnPl-

- lnAi

where FD; denotes the fractal dimension. Higher FD; values correspond to more convo-

FD; (26)

luted and complex mountaintop boundaries, reflecting high levels of terrain dissection.

Figure 9 presents qualitative comparisons of different models across mountaintop
samples with decreasing circularity and increasing morphological complexity. Samples
(a) and (b) correspond to quasi-circular mounds, characterized by compact shapes and
smooth boundaries. Samples (c) and (d) represent elliptical mounds, exhibiting moderate
elongation and boundary irregularity. Sample (e) corresponds to a linear mound, while
sample (f) represents an irregular mound with highly complex boundaries.

For quasi-circular mounds (Figure 9a,b), all models are able to identify the general
mountaintop region; however, the baseline TransUNet tends to produce fragmented pre-
dictions or minor false positives around the boundary. The dual-encoder architecture
improves local feature sensitivity, while the global context enhancement further stabi-
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lizes region integrity. The proposed DEGC-TransUNet achieves the most compact and
boundary-consistent results, closely matching the ground-truth labels.

(a)

(b)

(c)

(e)

(f)
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Hillshade Label TransUNet DE-TransUNet GC-TransUNet DEGC-TransUNet

Figure 9. Qualitative comparison of mountaintop area extraction results across different morpho-
logical samples: (a) quasi-circular mound 1; (b) quasi-circular mound 2; (c) elliptical mound 1;
(d) elliptical mound 2; (e) linear mound; (f) irregular mound. From left to right: DEM with color-
shaded relief, ground truth, and predictions by TransUNet (baseline), DE-TransUNet (dual-encoder
variant), GC-TransUNet (global-context variant), and the proposed DEGC-TransUNet.

In the case of elliptical mounds (Figure 9¢,d), boundary delineation becomes more
challenging due to elongated geometry. The baseline TransUNet exhibits noticeable under-
segmentation and boundary distortion. The Dual-Encoder TransUNet (DE-TransUNet)
improves boundary continuity by enhancing local feature representation, whereas the
Global-Context-enhanced TransUNet (GC-TransUNet) better preserves overall shape con-
sistency. DEGC-TransUNet effectively integrates both advantages, producing predictions
that accurately capture the elongated structure while maintaining smooth boundaries.

For linear mounds (Figure 9¢), long-range spatial dependency becomes critical. Mod-
els relying primarily on local convolutional features tend to break the structure into dis-
connected segments. The introduction of BiFormer-based global context modeling sig-
nificantly alleviates this issue by capturing large-scale terrain continuity. As a result,
DEGC-TransUNet produces a continuous and structurally coherent prediction that aligns
well with the reference label.

In the most challenging irregular mound case (Figure 9f), characterized by high
boundary complexity and irregular geometry, all ablation variants exhibit varying degrees
of misclassification. The baseline and single-module variants suffer from fragmented
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predictions and boundary noise. In contrast, DEGC-TransUNet demonstrates superior
robustness, effectively suppressing false positives while preserving the overall mound
structure. This result highlights the complementary roles of dual-encoder feature learning
and global context enhancement in handling complex geomorphological patterns.

Overall, the qualitative results indicate that the proposed DEGC-TransUNet consis-
tently outperforms baseline and ablation models across different landform types. The
performance gap becomes more pronounced as mountaintop morphology transitions from
regular to irregular forms, confirming that joint modeling of local terrain details and
global spatial context is essential for accurate mountaintop area extraction in complex
geomorphological settings.

Although the baseline models can generally identify the main mountaintop structures,
their predictions often suffer from boundary fragmentation and incomplete region coverage,
especially in areas with complex terrain morphology (Figure 10).
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Figure 10. Qualitative comparison of mountaintop area extraction results across different morpho-
logical samples: (a) quasi-circular mound 1; (b) quasi-circular mound 2; (c) elliptical mound 1;
(d) elliptical mound 2; (e) linear mound; (f) irregular mound. From left to right: DEM with color-
shaded relief, ground truth, and predictions by Deeplabv3plus, Fcn-ResNet18, Pspnet, and the
proposed DEGC-TransUNet.

In contrast, DEGC-TransUNet generates more spatially continuous and morphologi-
cally consistent mountaintop regions. The extracted results exhibit improved boundary
integrity and reduced local misclassification, which is crucial for reliable geomorphological
interpretation. This indicates that the proposed model is more capable of capturing both
global terrain context and local elevation-related features, thereby providing more stable
and accurate extraction results.
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To further assess the cross-regional generalization ability of the proposed DEGC-
TransUNet framework, the model was applied to several independent mountainous regions
using 1 m resolution DEMs from the OpenTopography facility [66]. These test areas, entirely
excluded from the training phase, cover diverse geomorphological settings across multiple
geographic locations, including Yosemite National Park and Alaska (United States), New
Zealand, Pakistan, and China.

The proposed model demonstrates remarkable adaptability across a wide range of
heterogeneous terrains (Figure 11). Notably, predictions from the Gansu Loess Plateau ex-
hibit the highest consistency and accuracy, with clearly defined and continuous boundaries.
This strong performance can be attributed to the geomorphological similarity between the
training and test regions. In contrast, test areas in New Zealand and Pakistan, which feature
complex lithological and tectonic structures, show slightly increased boundary uncertainty,
highlighting the impact of spatial heterogeneity [67] on model generalization [68].

-— —‘
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Mount Saint
Elias Range,
UsA

Balochistan
Pravince,
Pakistan

Gansu
Province,

China

Canterbury,
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Figure 11. Generalization Performance of DEGC-TransUNet and Classic Semantic Segmentation
Models on External Mountainous Regions Using 1 m Resolution DEM Data from Different Geographic
Locations (the colors represent relative elevation values for terrain visualization and readability).

For regions outside the Loess Plateau, with more distinct geomorphic features, DEGC-
TransUNet successfully captures integral mountaintop structures, despite minor boundary
deviations in highly rugged and dissected terrains. Overall, the model’s predictions align
well with hillshade-derived morphology, indicating that it effectively captures intrinsic
topographic signatures, avoiding overfitting to region-specific patterns [69]. In comparison,
the classic models, while still functional, exhibit lower consistency and precision in these
cross-regional tasks, particularly in more complex terrain. These results emphasize that the
dual-encoder architecture, integrated with global context enhancement, provides robust
generalization capabilities across varied regions and spatial resolutions, further supporting
its applicability to large-scale, cross-regional terrain analysis.
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5. Discussion
5.1. Effects of Dual-Encoder Design and Global Context Enhancement

The experimental results demonstrate that the proposed DEGC-TransUNet benefits
significantly from the complementary strengths of its dual-encoder architecture and global
context enhancement strategy. Compared to baseline models, such as TransUNet and
DE-TransUNet, which primarily rely on local feature extraction or partial global context,
DEGC-TransUNet effectively integrates both local and global information, leading to better
boundary delineation and reduced misclassification, especially in complex terrain with
irregular boundaries [42,43,60,61].

Meanwhile, the MaxViT-based encoder introduces multi-scale global contextual infor-
mation at an early stage through efficient attention mechanisms. This capability enables
the network to better distinguish true mountaintop areas from surrounding high-elevation
terrain and reduce misclassification caused by purely local feature ambiguity. Similar
observations have been reported in recent CNN-Transformer hybrid segmentation studies,
where global context modeling significantly improves structural completeness and spatial
consistency [28,42,69,70].

The incorporation of the BiFormer-based global context enhancement module
further strengthens long-range dependency modeling. Compared with standard self-
attention mechanisms, BiFormer achieves a favorable balance between global representa-
tion capability and computational efficiency through sparse attention routing [71]. This
design is particularly advantageous for mountaintop area extraction, where elongated
structures and large-scale terrain relationships must be captured. The superior perfor-
mance of DEGC-TransUNet compared with its ablation variants confirms that global
context enhancement and dual-encoder feature learning provide complementary bene-
fits rather than redundant information.

5.2. Qualitative Interpretation, Limitations, and Future Perspectives

While baseline models, including PSPNet and DeepLabV3+, perform well in stan-
dard segmentation tasks, they show limitations when handling complex mountaintop
boundaries, as observed in the comparison (Figure 10). DEGC-TransUNet consistently out-
performs these models, particularly in the accurate delineation of boundaries in irregular
and fragmented terrains. These improvements are consistent with prior studies indicating
that combining local feature refinement with global contextual modeling leads to more
robust segmentation performance [28-30,33,70].

Despite these advantages, several limitations remain. First, the ground-truth moun-
taintop areas are manually delineated, which may introduce subjectivity and uncertainty,
especially in regions with gradual terrain transitions. Second, although Transformer-based
components enhance representation capability, they also increase computational complexity
compared with purely convolutional approaches, as reported in previous studies [33,42]. Al-
though multi-country generalization experiments were conducted in this study, the number
of external test samples remains limited. Broader validation across more geomorphologi-
cal settings and climatic zones is still necessary to comprehensively evaluate large-scale
operational applicability.

Future research will focus on extending the proposed framework to multi-resolution
DEM datasets, exploring lightweight Transformer variants for improved efficiency, and
integrating additional terrain derivatives or multi-source geospatial data. These directions
are consistent with current trends in DEM-based deep-learning research and are expected
to further enhance the applicability of the proposed approach [20,21,28].
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6. Conclusions

This study proposed a dual-encoder TransUNet framework with global context
enhancement (DEGC-TransUNet) for mountaintop area extraction from grid DEMs.
By jointly modeling fine-scale local terrain details and multi-scale global contextual
information, the proposed method effectively addresses the challenges of blurred
boundaries and limited long-range dependency modeling commonly encountered in
complex mountainous regions.

The experimental results demonstrate that the synergy between the convolutional
encoder, the MaxVil-based global context modeling, and the BiFormer-based enhancement
module yields significant performance gains. Specifically, DEGC-TransUNet consistently
outperforms the baseline TransUNet and its ablation variants, achieving superior segmen-
tation accuracy and boundary delineation.

In comparison with other classic semantic segmentation models, including PSPNet
and DeepLabV3+, DEGC-TransUNet consistently shows superior performance in terms of
boundary delineation and Intersection over Union (IoU), further confirming the advantage
of integrating both local and global feature learning. This improvement underscores the
effectiveness of the dual-encoder architecture combined with global context enhancement,
which provides more robust generalization across diverse geomorphological regions.

The high-precision extraction capability of DEGC-TransUNet provides a robust sci-
entific foundation for diverse fields. It can be directly integrated into geomorphological
evolution analysis, soil erosion simulation, and biodiversity modeling. Furthermore,
the framework offers a reliable decision-support tool for engineering tasks, such as the
strategic site selection of communication base stations and wind energy infrastructures
in high-altitude regions.

Despite the promising results, this study has several limitations. The experiments
focused on grid DEMs within specific geomorphological settings and at a fixed resolution.
In addition, the increased model complexity introduces higher computational costs. Fu-
ture work will focus on extending the framework to multi-resolution datasets, exploring
lightweight variants, and conducting broader cross-regional validation to further enhance
its operational applicability for large-scale terrain analysis.

Future work will focus on extending the proposed framework to multi-resolution DEM
datasets, exploring lightweight model variants for improved computational efficiency, and
evaluating cross-regional generalization performance. Furthermore, integrating additional
geomorphological constraints and extending the method to other terrain element extraction
tasks represent promising directions for further research.
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The following abbreviations are used in this manuscript:

DEM Digital Elevation Model
CNN Convolutional Neural Network
DEGC-TransUNet Dual-Encoder and Global-Context-enhanced TransUNet
MaxViT Multi-Axis Vision Transformer
Conv Encoder Convolutional Encoder
SaE Squeeze-and-Excitation
FFM Feature Fusion Module
CA Coordinate Attention
FFC Fast Fourier Convolution
BRA Bi-level Routing Attention
LN Layer Normalization
BCE Binary Cross-Entropy
ToU Intersection over Union
ACC Overall Accuracy
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