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ABSTRACT 

To address the issues of blurred building boundaries, small-object omission, and severe background inter-

ference in the semantic segmentation of high-resolution remote sensing imagery, this study proposes an 

improved method based on the Enhanced Vision Transformer Network (EViT). Specifically, this paper 

introduces a Grouped Cross-Cascaded Multi-Head Self-Attention (GCC-MSA) module to enhance feature 

diversity while maintaining linear complexity, and a Local-Global Feature Calibration (LGC) module to 

fuse CNN local details with Transformer global context. Coordinate Attention (CoAt) replaces conven-

tional channel attention to strengthen channel-spatial feature representation. Additionally, Semantic-

Guided Spatial Pyramid Pooling (SGSPP) and a GCC-MSA-guided Edge Perception (GEP) module rein-

force multi-scale semantic perception and boundary extraction, while a Spatial Perception Gating Mecha-

nism (SPGM) adaptively fuses dual-branch features. On the WHU Aerial, Massachusetts, and GF-7 Build-

ing Datasets, the model achieves Intersection-over-Union (IoU) scores of 92.33%, 77.81%, and 78.29%, 

respectively. These represent improvements of 0.57, 0.67, and 0.62 percentage points over the original 

EViT. The model demonstrates superior performance in small-building extraction, complex boundary seg-

mentation, and background noise suppression, thereby providing a robust solution for precise surface object 

information extraction from high-resolution remote sensing imagery. 

Keywords: Attention mechanism; CNN-Transformer fusion; high-resolution remote sensing imagery; 

Local-Global Feature Calibration; semantic segmentation; Spatial Perception Gating Mechanism. 

INTRODUCTION  

Accurate building extraction from high-resolution 

remote sensing imagery is essential for urban planning, 

disaster response, and geographic information systems. 

However, this task faces persistent challenges, including 

blurred building boundaries, omission of small objects, 

and severe background interference. Early approaches 

predominantly relied on convolutional neural networks 

(CNNs). The Fully Convolutional Network (FCN) 

(Long et al., 2015) pioneered end-to-end semantic seg-

mentation, forming the basis for subsequent encoder-de-

coder architectures like U-Net (Ronneberger , 2015) and 

ResNet (He , 2016). While these models effectively cap-

ture local textures and edges, they often fail to model 

long-range spatial dependencies, leading to fragmented 

segmentation in dense urban scenes. To alleviate this, 

multi-scale context aggregation modules such as Feature 

Pyramid Network (FPN) (Lin , 2017) and Pyramid 

Scene Parsing Network (PSPNet) (Zhao , 2017) were 

proposed. DeepLabv3+ (Chen , 2018) further improved 

performance by integrating atrous separable convolu-

tions to enlarge the receptive field. Despite these ad-

vances, CNN-based methods still exhibit limitations, in-

cluding insufficient multi-scale fusion and feature re-

dundancy when processing dense small targets. 

Attention mechanisms have emerged as a key tech-

nique to alleviate background interference and blurred 

boundaries through adaptive feature weighting. Early 

studies focused on channel attention; the Squeeze-and-

Excitation (SE) module (Hu , 2018) introduced adaptive 

channel recalibration. Subsequent work incorporated 

spatial attention, leading to dual attention fusion de-

signs. For instance, MAP-Net (Zhu , 2021) models chan-

nel, spatial, and edge attention in parallel, though its 

static allocation limits adaptability to diverse urban 

structures. The Vision Transformer (ViT) (Dosovitskiy 

, 2021) and its variants offer a new paradigm by model-

ing long-range dependencies via self-attention, over-

coming the local receptive field limitation of CNNs. 

Swin Transformer (Liu , 2021) addresses the quadratic 

complexity issue through a shifted window self-atten-
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tion mechanism. Lightweight designs such as Mo-

bileViT (Mehta and Rastegari, 2022) incorporate convo-

lutional priors to mitigate computational cost. In remote 

sensing building extraction, specialized architectures 

such as MSTrans (Yang , 2024) introduce multi-scale 

Transformer modules, while LGDB-Net (Zhang , 2024) 

adopts a dual-branch design combining Transformer-

based global features with convolutional local details. 

Hybrid CNN-Transformer frameworks leverage the 

complementary strengths of both architectures. Trans-

Fuse (Zhang , 2021) adopts a parallel dual-branch struc-

ture with a fusion gating module, but its fixed fusion 

weights limit adaptability to complex remote sensing 

scenarios. TransUNet (Chen , 2021) attempts to inte-

grate local detail extraction with global modeling yet re-

lies on dense 1×1 convolutions and static fusion strate-

gies. Despite these efforts, several challenges persist. 

First, many fusion strategies remain static, relying on 

fixed weights or simple concatenation that cannot adapt 

to varying feature distributions. Second, they often in-

troduce considerable computational overhead; for in-

stance, CoAtNet (Dai , 2021) stacks convolution and at-

tention at significant cost. Third, boundary representa-

tion remains insufficient: conflicts between local noise 

and global semantics lead to blurred edges, and Swin-

Unet's Transformer decoder (Cao , 2022) struggles to re-

cover fine-grained details, exacerbating edge ambiguity 

in building extraction. 

To address these challenges, this study proposes an 

improved semantic segmentation network for high-res-

olution remote sensing imagery based on the EViT 

framework (Zhang , 2024). The main contributions of 

this work are summarized as follows: 

(1) Original Algorithmic Contributions (GCC-MSA 

& GEP): To overcome the feature degradation problem 

in standard linear attention caused by the removal of 

Softmax and the independence of attention heads, we 

propose the GCC-MSA module. By introducing a de-

pendency chain among attention heads, the module re-

stores stronger nonlinear hierarchical modeling capabil-

ity while maintaining linear computational complexity 

O(N). In addition, a GEP module is designed to address 

boundary blurring in aerial imagery by utilizing reversed 

semantic attention maps to refine building boundaries. 

(2) Strategic Architectural Adaptations (LGC, 

CoAt, SGSPP, & SPGM): To further improve feature 

fusion and representation, several architectural adapta-

tions are introduced within the hybrid framework. The 

SPGM dynamically balances CNN and Transformer 

branches to replace static fusion strategies. The LGC 

module performs layer-wise feature alignment to miti-

gate the semantic gap between heterogeneous represen-

tations. In addition, SGSPP enhances multi-scale feature 

extraction while suppressing background noise, and 

CoAt preserves precise positional information during 

feature modeling. 

MATERIALS AND METHODS  

Datasets 

WHU Aerial Building Dataset (Ji , 2019): Collected 

by the Photogrammetry and Computer Vision Research 

Group of Wuhan University, this dataset covers regions 

including New Zealand with a total area exceeding 450 

km². The imagery has a spatial resolution of 0.3 m and 

contains 8,188 optical remote sensing images cropped to 

512×512 pixels with corresponding building annota-

tions. The dataset is divided into training, validation, and 

test sets containing 4,736, 1,036, and 2,416 images, re-

spectively (approximately 6:1:3). Despite the clear an-

notation of building and background categories, several 

challenges remain, including dense building distribu-

tions that cause occlusion and blurred boundaries, shad-

ows from illumination variations, and small-scale build-

ings with limited pixel representation. 

Massachusetts Building Dataset (Mnih, 2013): Col-

lected by the Massachusetts Institute of Technology 

(MIT), this dataset contains 151 aerial images from the 

Boston area, each with a size of 1500×1500 pixels and a 

spatial resolution of 1 m, covering approximately 340 

km². In the experiments, the images were cropped into 

overlapping 512×512 patches and augmented using ge-

ometric transformations such as flipping and rotation. 

This process produced 6,520 image patches, which were 

divided into training, validation, and test sets containing 

3,920, 1,312, and 1,288 images, respectively (approxi-

mately 6:2:2). The dataset presents challenges such as 

occlusion from nearby trees, variations in roof texture 

and color, and occasional annotation inaccuracies due to 

blurred building boundaries. 

GF-7 Building Dataset (Chen , 2024): Derived from 

Gaofen-7 satellite imagery, this dataset covers six typi-

cal Chinese cities, including Tianjin, Chongqing, and 

Guangzhou, with a total area of 573.17 km². It consists 

of 5,175 images of size 512×512 pixels with a spatial 

resolution of 0.65 m. The dataset contains annotations 

for 170,015 buildings, including 84.8% urban buildings 

and 15.2% rural buildings. It is divided into training, val-

idation, and test sets at a ratio of 6:2:2, containing 3,106, 

1,034, and 1,035 images, respectively. Typical chal-

lenges include cloud and building shadows that interfere 

with feature extraction, as well as small rural buildings 
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that are difficult to distinguish from surrounding vegeta-

tion. 

Proposed Model Architecture 

The network model framework takes "dual-path 

feature extraction, multi-dimensional feature enhance-

ment and fusion, spatial perception gating decision-

making output" as its core process. Through a three-

stage collaborative design, it achieves an accurate bal-

ance between the local details and global semantics of 

buildings in high-resolution remote sensing imagery. 

The structure is illustrated in Fig. 1. In the initial encod-

ing stage, input images of size 512×512×3 are first pro-

cessed by the Initial Feature Extraction and Downsam-

pling Module (IFEADM) for preliminary feature extrac-

tion and resolution reduction. The CNN branch, built 

with two stacked Inverted Residual Blocks, preserves lo-

cal details by maintaining spatial resolution while in-

creasing channel depth. Concurrently, the Transformer 

branch enhances the IFEADM output with Relative Po-

sition Encoding (RPE) to strengthen spatial cues, fol-

lowed by a four-stage backbone for global context mod-

eling. To prevent semantic detail decoupling, a LGC 

module is embedded at each stage for cross-branch fu-

sion. Multi-scale features from all stages are aggregated 

by the Multi-scale Feature Aggregation Module 

(MFAM), and then refined sequentially by CoAt, 

SGSPP, and the GEP module. Finally, the enhanced fea-

tures are passed to dual-branch prediction heads and 

fused by the SPGM, which learns adaptive spatial 

weights to balance global semantics from the Trans-

former branch and local details from the CNN branch. 

The network outputs a pixel-level building segmentation 

map of size 512×512×2, maintaining full resolution con-

sistency with the input. 

Overall Mathematical Formulation 

While aligning with the established hybrid CNN 

Transformer paradigm, our architecture is distinguished 

by the integration of original algorithmic contributions 

(GCC MSA, GEP) and strategic architectural adapta-

tions (LGC, CoAt, SGSPP, SPGM) tailored for remote 

sensing challenges. Grounded in the Complementary 

Learning Dynamics theory, the design exploits CNNs’ 

inductive biases (translation invariance, locality) for 

capturing high frequency details (boundaries) and 

Transformers’ ability to model low frequency global 

context (semantic information). Rather than a mere ac-

cumulation of modules, it forms a unified system that 

maximizes the orthogonality of these two representa-

tions. We mathematically formulate this as a dual path 

interaction problem, where gradient flows are optimized 

to prevent feature collapse in deep layers while preserv-

ing boundary precision. 

 

Fig. 1. Overall Architecture of the Network. 
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Let the input remote sensing image denoted as 

𝑋𝜖ℝ𝐻×𝑊×𝐶(with H=W=512, C=3), and the model as a 

mapping 𝑌̂ = ℱ𝜃(𝑋), where Ŷ𝜖ℝ𝐻×𝑊×𝑁𝑐𝑙𝑎𝑠𝑠  and 𝜃  are 

learnable parameters. Unlike standard single-stream net-

works, our dual-branch hybrid strategy is formalized as 

a composition of feature extraction, enhancement, and 

adaptive fusion. Feature extraction via the CNN branch 

(𝑓𝑐𝑛𝑛) and the Transformer branch (𝑓𝑡𝑟𝑎𝑛𝑠). To address 

the optimization difficulty of pure ViTs, introduce a hi-

erarchical interaction mechanism. Let 𝐹𝑐𝑛𝑛
0  and 

𝐹𝑡𝑟𝑎𝑛𝑠
0 denote the initial feature maps generated by the 

IFEADM and RPE, respectively. Given the asymmetric 

design where the Transformer branch models deep se-

mantics while the CNN branch preserves shallow high-

frequency details. For the CNN branch, which com-

prises two IRB, the hierarchical features are updated for 

the first two stages (𝑘𝜖{1,2}): 

𝐹𝑐𝑛𝑛
(𝑘)

= ℋ𝐼𝑅𝐵
(𝑘)

(𝐹𝑐𝑛𝑛
(𝑘−1)

)       (1) 

Where ℋIRB
(k)

(∙) denotes the transformation of the k-th 

IRB. For deeper stages (𝑘𝜖{3,4}), the CNN features are 

obtained by adaptively projecting the final output 𝐹𝑐𝑛𝑛
2  

to the required dimensions: 𝐹𝑐𝑛𝑛
(𝑘)

= 𝒫𝑝𝑟𝑜𝑗(𝐹𝑐𝑛𝑛
2 ), where 

𝒫𝑝𝑟𝑜𝑗(∙) is implemented via a stride-based 3×3 convo-

lution followed by Batch Normalization (BN) and 

ReLU. This aligns the spatial resolution and channel di-

mension of the shallow CNN features with the deep 

Transformer features at stage k, the Transformer branch 

evolves through all stages (𝑖𝜖{1,2,3,4}) and interacts 

with the aligned CNN features via: 

𝐹𝑡𝑟𝑎𝑛𝑠
(𝑖)

= 𝑓𝐿𝐺𝐶(𝑓𝐺𝐶𝐶−𝑀𝑆𝐴(𝐹𝑡𝑟𝑎𝑛𝑠
(𝑖−1)

), 𝐹𝑐𝑛𝑛
(𝑖)

)    (2) 

Where i denotes the stage index. The function 𝑓𝐿𝐺𝐶  

serves as a semantic calibrator, injecting local inductive 

biases from the CNN branch into the Transformer 

branch. This cross-branch interaction enforces represen-

tational orthogonality: the Transformer models long-

range dependencies, while the CNN branch preserves 

high-frequency local details. The multi-scale semantic 

features are then aggregated via the MFAM mod-

ule(f_MFAM) and sequentially refined through a cas-

cade of enhancement modules: 

𝐹𝑎𝑔𝑔 = 𝑓𝑀𝐹𝐴𝑀({𝐹𝑡𝑟𝑎𝑛𝑠
(𝑖)

}𝑖=1
4 )        (3) 

𝐹𝑟𝑒𝑓𝑖𝑛𝑒𝑑 = 𝑓𝐺𝐸𝑃 ∘ 𝑓𝑆𝐺𝑆𝑃𝑃 ∘ 𝑓𝐶𝑜𝐴𝑡(𝐹𝑎𝑔𝑔, 𝐹𝑐𝑛𝑛
𝑓𝑖𝑛𝑎𝑙

)   (4) 

Here, 𝐹𝑎𝑔𝑔𝜖ℝ128×128×384 denotes the aggregated global 

features from the MFAM, and Fcnn
final𝜖ℝ128×128×384 rep-

resents the final detailed feature map from the CNN 

branch. The composition operator ∘ indicates that the 

global context is first spatially recalibrated by CoAt, 

then semantically filtered by SGSPP, and finally bound-

ary-refined by GEP. Finally, the Spatial Perception Gat-

ing Mechanism f_SPGM serves as the decision function 

for fusing the dual representations: 

𝑌̂ = 𝑓𝑆𝑃𝐺𝑀(𝜑𝑡𝑟𝑎𝑛𝑠(𝐹𝑟𝑒𝑓𝑖𝑛𝑒𝑑), 𝜑𝑐𝑛𝑛(𝐹𝑐𝑛𝑛
𝑓𝑖𝑛𝑎𝑙

))     (5) 

Where 𝜑𝑡𝑟𝑎𝑛𝑠 and 𝜑𝑐𝑛𝑛 denote the prediction heads that 

project features to the segmentation probability space 

R^(512×512×2) via upsampling and convolution. From 

an optimization perspective, this formulation ensures ro-

bust gradient propagation. The CNN branch provides a 

shorter gradient path akin to a macro-residual connec-

tion, allowing gradients to flow directly through 

f_SPGM even if they vanish in the deep Transformer 

branch due to attention complexity, thus stabilizing the 

initial feature encoding layers. 

Dual-Branch Feature Encoder 

The Initial Feature Extraction and Downsampling 

Module (IFEADM) serves as the first processing unit, 

extracting preliminary features and reducing spatial res-

olution from raw input images (Fig. 2(a)). The Inverted 

Residual Block (IRB), a core component of lightweight 

CNNs, employs an "expand-then-reduce" channel strat-

egy to preserve feature representation while minimizing 

computational cost (Fig. 2(b)). 

          (a)              (b) 

Fig. 2. (a) Initial Feature Extraction and Downsampling 

Module. (b) Inverted Residual Blocks. 
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Fig. 3. Relative Position Encoding. 

The RPE module is designed to embedding relative 

positional information into the feature sequence before 

it enters the Transformer backbone. Its structure is illus-

trated in Fig. 3 

The RPE serves as a context injection mechanism. 

Its convolutional branch not only refines features but 

also learns and embeds the spatial layout of buildings. 

By injecting local spatial context into semantic features 

before Transformer-based global modeling, RPE com-

pensates for the lack of spatial inductive bias in the 

Transformer branch. This enables subsequent modules 

to better capture spatial dependencies and accurately 

distinguish dense or complex building boundaries.  

As the core modules of the Transformer branch, 

Stage1-Stage4 realize feature extraction and semantic 

aggregation from shallow to deep layers in the overall 

architecture. Each Stage contains multiple basic blocks, 

with the number of blocks being 2, 2, 6, and 2, respec-

tively; each block comprises a GCC-MSA, LGC and 

Multi-Layer Perceptron(MLP). Taking Stage 4 as an ex-

ample, the features of this Stage contain the most abun-

dant semantic information. Its structure is illustrated in 

Fig. 4. 

Fig. 4. Stage 4. 
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First, input feature preprocessing is performed. The 

global feature of Stage 3 in the Transformer branch is 

denoted as 𝐹𝑡𝑟𝑎𝑛𝑠
3 𝜖ℝ𝐵×𝐻×𝑊×𝐶 , which contains global 

semantic information but has relatively coarse spatial 

details. Here, B denotes the batch size. Downsampling 

and channel adjustment are implemented through BN, 

3×3 convolution, and RPE operations. The local feature 

of Stage 3 in the CNN branch is denoted as 

𝐹𝑐𝑛𝑛
3 𝜖ℝ𝐵×𝐻×𝑊×𝐶; derived from the shallow layer of the 

model, it retains details such as edges and textures but 

has weak semantic information. Through 3×3 convolu-

tion, BN, and ReLU operations, the resolution and num-

ber of channels of this local feature are adjusted to match 

those of the preprocessed global feature. The normalized 

input feature 𝑁𝑜𝑟𝑚(𝐹𝑡𝑟𝑎𝑛𝑠
3 ) is then linearly projected to 

produce the Query (Q), Key (K), and Value (V): 

Q,K,V=Linear(Norm(𝐹𝑡𝑟𝑎𝑛𝑠
3 ))      (6) 

Formal Definition of Grouping and Cascading 

Strategy: Let the input feature map be 𝑋𝜖ℝ𝑁×𝐶, where 

N = H × W is the number of tokens. We define the total 

number of attention heads as 𝐻𝑡𝑜𝑡𝑎𝑙 and the feature di-

mension per head as 𝑑 = 𝐶/𝐻𝑡𝑜𝑡𝑎𝑙. The grouping strat-

egy partitions the heads into G parallel groups. The num-

ber of heads within each group, denoted as 𝐻𝑔 =

𝐻𝑡𝑜𝑡𝑎𝑙/𝐺, defines the cascade depth. In our implementa-

tion, 𝐻𝑡𝑜𝑡𝑎𝑙 = 32 and G=2. This configuration results in 

a deep cascading chain (𝐻𝑔 = 16) within each group, 

significantly enhancing the feature hierarchy and non-

linear fitting capability, while the parallel groups ensure 

diversity in attention modeling. Let  𝑄𝑔,𝑘, 𝐾𝑔,𝑘, 𝑉𝑔,𝑘 de-

note the query, key, and value for the k-th head in the g-

th group (k𝜖{1,...,𝐻𝑔 }). We define 𝑂𝑔,𝑘𝜖ℝ𝑁×𝑑  as the 

output of the k-th attention head in the g-th group. The 

hierarchical interaction is mathematically defined as: 

first, Intra-group Cascading. For depth k>1, the query 

incorporates the output 𝑂𝑔,𝑘−1 from the preceding head 

in the same group. 

𝑄𝑔,𝑘
′ = 𝑄𝑔,𝑘 + 𝐶𝑜𝑛𝑣1×1(𝑂𝑔,𝑘−1)      (7) 

Then, Inter-group Crossing: For group g>1, the query 

interacts with the aligned head from the previous group: 

𝑄𝑔,𝑘
′′ = 𝑄𝑔,𝑘

′ + 𝐶𝑜𝑛𝑣1×1(𝑂𝑔−1,𝑘)      (8) 

For brevity, we only present the update for Q; the 

key K and value V are updated using analogous cascad-

ing and crossing mechanisms to maintain feature con-

sistency. This formulation explicitly creates a depend-

ency chain of length 𝐻𝑔 (cascade depth) while maintain-

ing G parallel optimization paths. Linear Complexity 

Analysis: The standard Multi-Head Self-Attention 

(MSA) computes the attention map 𝐴𝜖ℝ𝑁×𝑁 explicitly: 

𝑀𝑆𝐴(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾𝑇

√𝑑
)𝑉      (9) 

This requires computing the N×N similarity matrix, 

leading to a computational complexity of O(N2d) and 

memory complexity of O(N2), which is prohibitive for 

high-resolution remote sensing imagery. To achieve lin-

ear complexity, our GCC-MSA reformulates the atten-

tion computation using the Linear Attention mechanism 

based on the associative property of matrix multiplica-

tion. By replacing the Softmax with a kernel feature map 

∅(∙) = 𝑆𝑜𝑓𝑡𝑝𝑙𝑢𝑠(∙)  and utilizing the property   

(𝑄 ∙ 𝐾𝑇) ∙ 𝑉 = 𝑄 ∙ (𝐾𝑇 ∙ 𝑉), the kernelized attention is 

defined as: 

𝐺𝐶𝐶 − 𝑀𝑆𝐴(𝑄, 𝐾, 𝑉) =
∅(𝑄)∙(∅(𝐾)𝑇𝑉)

∅(𝑄)∙∑ ∅(𝑘𝑗)𝑇𝑁
𝑗=1

   (10) 

This reformulation decomposes the computation 

into two steps. First, Global Context Aggregation, we 

first compute the global context matrix 𝑀 =
∅(𝐾)𝑇𝑉𝜖ℝ𝑑×𝑑  with a complexity of O(Nd2). Second, 

Feature Redistribution, we then multiply the query with 

the context matrix: 𝑂 = ∅(𝑄)𝑀𝜖ℝ𝑁×𝑑 with a complex-

ity of O(Nd2 ). Consequently, the total computational 

complexity of GCC-MSA is O(Nd2). Since the head di-

mension d is a fixed constant, the complexity is strictly 

linear with respect to the number of tokens N, effectively 

solving the scalability issue. The LGC module is defined 

as a learnable function 𝐹𝑐𝑎𝑙 = ∅(𝐹𝑙 , 𝐹𝑔) that recalibrates 

global semantic features using local inductive biases. 

Given local CNN features 𝐹𝑙 = 𝐹𝑐𝑛𝑛
(𝑖)

𝜖ℝ𝐻×𝑊×𝐶𝑙 ) and 

global Transformer features 𝐹𝑔 = 𝑓𝐺𝐶𝐶−𝑀𝑆𝐴 (𝐹𝑡𝑟𝑎𝑛𝑠
(𝑖−1)

) 

𝜖ℝ𝐻×𝑊×𝐶𝑔), the calibration process is decomposed into 

the following stages. First, Alignment and Refinement, 

𝐹𝑙 is first aligned in resolution and channel dimension to 

match 𝐹𝑔, followed by a depthwise convolution to ex-

tract refined local cues: 

𝐹𝑙
𝑟𝑒𝑓

= 𝜎(𝐵𝑁(𝐷𝑊𝐶𝑜𝑛𝑣3×3(𝐴𝑙𝑖𝑔𝑛(𝐹𝑙))))   (11) 

Second, Feature Coupling and Normalization, the 

features are concatenated and subjected to BN to ensure 

a stable distribution before attention modeling: 

𝐹𝑐𝑎𝑡 = 𝐵𝑁(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹𝑔, 𝐹𝑙
𝑟𝑒𝑓

))     (12) 

Finally, Attention-based Re-fusion, to address spa-

tial-channel coupling, we apply CoAt followed by a di-

mensionality reduce and a final residual-like fusion: 

𝐹𝑟𝑒𝑑 = 𝑅𝑒𝑑𝑢𝑐𝑒(𝐶𝑜𝐴𝑡(𝐹𝑐𝑎𝑡))    (13) 

𝐹𝑐𝑎𝑙 = 𝜑𝑝𝑟𝑜𝑗(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹𝑔, 𝐹𝑟𝑒𝑑))    (14) 

The explicit use of BN after concatenation prevents 

internal covariate shift. 𝜑𝑝𝑟𝑜𝑗(∙) and reduce are imple-

mented as 1×1 convolutions with BN, which provide 

learnable parameters to optimize the feature interaction. 
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Training stability is maintained through Sigmoid gating 

in CoAt and Value Clipping, effectively preventing the 

vanishing or exploding gradient problems common in 

hybrid architectures. The MLP is used to enhance the 

non-linear expression of features, and it expands the re-

ceptive field through depthwise convolution and dilated 

convolution to capture long-range spatial dependencies. 

Finally, the output is enhanced through two residual 

connections, while the attention map is retained as the 

input for SGSPP and GEP. 

Multi-Dimension Feature Enhancement 

MFAM is designed to address scale discrepancies 

among features from different hierarchical levels. Its 

structure is illustrated in Fig. 5. 

Feature maps from deep layers contain rich seman-

tic information but have low spatial resolution, whereas 

shallow-layer features preserve higher spatial resolution 

and more spatial details but weaker semantics. To elim-

inate channel discrepancies, four 1×1 convolution layers 

are used to unify the channel dimensions of the four in-

put features (Ftrans
1 , Ftrans

2 , Ftrans
3 , Ftrans

4 ) . To fuse 

global and local features, the spatial resolution of high-

level semantic features is first aligned with lower-level 

features through upsampling. Starting from the highest-

level feature 𝐹𝑡𝑟𝑎𝑛𝑠
4 , hierarchical fusion is performed 

progressively with lower-level features. Specifically, 

𝐹𝑡𝑟𝑎𝑛𝑠
4  is upsampled and fused with Ftrans

3 , followed by 

fusion with 𝐹𝑡𝑟𝑎𝑛𝑠
2 , and finally with 𝐹𝑡𝑟𝑎𝑛𝑠

1 , producing 

the cross-layer fused feature (Ftrans
4 + Ftrans

3 + Ftrans
2 +

Ftrans
1 ). The fused features are further refined by convo-

lution and upsampling operations. After resolution 

alignment, the processed features from different levels 

are denoted as p3,p2,p1, and p0. All features are upsam-

pled to the same spatial resolution and aggregated to 

produce the final multi-scale fused feature map. 

CoAt is a mechanism that combines Channel Atten-

tion and Spatial Attention. Its structure is illustrated in 

Fig. 6. 

 

Fig. 6. Coordinate Attention. 

To address the limitations of conventional channel 

attention in preserving spatial details, we introduce 

CoAt, which reformulates the feature aggregation pro-

cess to achieve improved spatial-channel coupling. Con-

ventional channel attention mechanisms, such as the SE 

block, typically employ Global Average Pooling (GAP) 

to encode channel-wise statistics. For an input feature 

map XϵℝH×W×C, the squeezed feature z_c for the c-th 

channel is calculated as: 

𝑍𝑐 =
1

𝐻 × 𝑊
∑ ∑ 𝑥𝑐(𝑖, 𝑗)

𝑊

𝑗=1

𝐻

𝑖=1

 (15) 

 

 

Fig. 5. Multi-scale Feature Aggregation Module. 
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While this operation captures global channel corre-

lations via  𝐴𝑐 = 𝜎(𝑊2𝛿(𝑊1𝑧))(𝛿(∙) ReLU, 𝜎(∙) Sig-

moid, and 𝑊1 , 𝑊2  fully-connected weights, it com-

presses spatial information into a single scalar, losing 

spatial structure, suboptimal for dense segmentation re-

quiring precise boundary localization. In contrast, CoAt 

decomposes global pooling into two orthogonal coordi-

natewise encoding operations, capturing long range de-

pendencies along one direction while preserving posi-

tional information along the other. Specifically, for the 

input 𝑋 ∈ 𝑅 𝐵×𝐻×𝑊×𝐶, pooling kernels (H,1) and (1,W) 

are applied to encode vertical and horizontal features, 

respectively. The output of the c-th channel at height h 

and width w is formulated as: 

𝑧𝑐
ℎ(ℎ) =

1

𝑤
∑ 𝑥𝑐(ℎ, 𝑗)

0≤𝑗<𝑤

,     𝑧𝑐
𝑤(𝑤) =

1

𝐻
∑ 𝑥𝑐(𝑖, 𝑤)

0≤𝑖<𝐻

    (16) 

These operations generate two direction-aware 

feature maps 𝑍ℎ𝜖ℝ𝐻×1×𝐶  and 𝑍𝑤𝜖ℝ1×𝑊×𝐶 , which pre-

serve spatial coordinates. To model interactions, the fea-

tures are concatenated along the spatial dimension to 

form [𝑍ℎ, 𝑍𝑤]𝜖ℝ(𝐻+𝑊)×1×𝐶 , and then processed by a 

shared 1 ×1 convolution Fconv followed by BN and a 

non-linear activation, generating the intermediate fea-

ture map f:  

𝑓 = 𝛿(𝐵𝑁(𝐹𝑐𝑜𝑛𝑣([𝑧ℎ, 𝑧𝑤])))     (17) 

Where [ ∙,∙ ] denotes concatenation, and 

𝑓𝜖ℝ(𝐻+𝑊)×1×𝐶
𝑟  with reduction ratio r(r = 16). The fea-

ture f is split along the spatial dimension into 

𝑓ℎ𝜖ℝ𝐻×1×𝐶
𝑟  and 𝑓𝑤𝜖ℝ1×𝑊×𝐶

𝑟 , which are transformed by 

two independent 1×1 convolutions 𝐹ℎ and 𝐹𝑤, followed 

by the Sigmoid activation 𝜎 , to generate attention 

weights: 

𝑔ℎ = 𝜎(𝐹ℎ(𝑓ℎ)),     𝑔𝑤 = 𝜎(𝐹𝑤(𝑓𝑤))    (18) 

The final output is obtained by re-weighting the in-

put feature map using the outer product of the horizontal 

and vertical attention weights: 

𝑦𝑐(𝑖, 𝑗) = 𝑥𝑐(𝑖, 𝑗) × 𝑔𝑐
ℎ(𝑖) × 𝑔𝑐

𝑤(𝑗)     (19) 

The term 𝑔𝑐
ℎ(𝑖) × 𝑔𝑐

𝑤(𝑗)  forms a spatial-channel 

coupling mechanism. Unlike SE, which applies a uni-

form weight across the channel plane, CoAt produces a 

spatially varying weight map, enabling the model to 

suppress background noise and highlight building re-

gions with precise coordinate awareness.  

SGSPP is a multi-scale semantic feature enhance-

ment module for aerial image buildings. Its structure is 

illustrated in Fig. 7. 

 

 

Fig. 7. Semantic-Guided Spatial Pyramid Pooling. 
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The SGSPP module enhances multi-scale semantic 

representation by filtering background noise and focus-

ing on high-semantic regions. It takes two inputs: the 

CoAt-enhanced features and the semantic attention map 

from Stage 4 of the Transformer branch. The process in-

cludes three stages: semantic masking, multi-scale fea-

ture generation, and adaptive scale selection. First, the 

semantic attention map is processed with a 1×1 convo-

lution to reduce the channel dimension from 768 to 384, 

aligning it with the input feature dimension. A Spatial 

Softmax normalization is then applied to improve spatial 

discriminability. Based on the normalized map, a binary 

mask is generated by retaining the top 30% of attention 

responses. This threshold is selected according to the 

typical building pixel occupancy rate in aerial imagery, 

enabling the module to emphasize potential building re-

gions while suppressing most background noise. The re-

sulting mask is applied to the input features to filter ir-

relevant responses. Adaptive average pooling is then 

performed on the masked features at four scales 

(1×1,2×2,4×4,8×8) to capture targets of different sizes. 

In addition, a GAP branch is applied to the original un-

masked input to preserve global contextual information. 

All pooled features are then upsampled to the original 

resolution (128×128) via bilinear interpolation after 

channel adjustment. 

Let 𝛲 = {𝑃𝑘}𝑘=1
𝐾  denote the set of feature maps ob-

tained from these K scales (where K=5 in our implemen-

tation, including four multi-scale pooling branches and 

one global context branch), where each 𝑃𝑘𝜖ℝ𝐻×𝑊×𝐶  

shares the same spatial resolution. Unlike conventional 

SPP modules that fuse features through heuristic sum-

mation or concatenation, we introduce an Adaptive 

Scale Selection (ASS) mechanism to dynamically assign 

scale weights according to the input content. The fused 

output PPP is defined as a convex combination of the 

multi-scale features: 

𝑃 = ∑ 𝛼𝑘 ∙ 𝑃𝑘

𝐾

𝑘=1

 (20) 

Subject to the normalization constraint: 

∑ 𝛼𝑘 = 1,   

𝐾

𝑘=1

𝛼𝑘𝜖 [0,1] (21) 

The adaptive weights α_k are generated through a 

channel-wise attention network. First, multi-scale fea-

tures are aggregated to obtain a global descriptor 𝑈 =
∑ 𝑃𝑘

𝐾
𝑘=1 . A GAP operation then compresses the spatial 

dimensions, followed by an MLP that produces the 

scale-selection score vector 𝑧𝜖ℝ𝐾: 

𝑧 = 𝑊2 ∙ 𝛿(𝑊1 ∙ 𝐺𝐴𝑃(𝑈))      (22) 

Where 𝑊1 𝜖 ℝ
𝐶
𝑟×𝐶  and 𝑊2 𝜖 ℝ𝐾×

𝐶
𝑟  are the learnable 

weights of the reduction and expansion layers with re-

duction ratio r(r=4), and 𝛿 denotes the ReLU activation 

function. The final scale weights are obtained by apply-

ing the Softmax function along the scale dimension: 

𝛼𝑘 =
𝑒𝑧𝑘

∑ 𝑒
𝑧𝑗𝐾

𝑗=1

       (23) 

Where 𝑧𝑘 denotes the k-th element of the score vec-

tor z. This normalization ensures that the network adap-

tively emphasizes the most informative spatial scales. 

Finally, the fused feature PPP is added to the original 

input through a residual connection to prevent feature 

degradation. 

Boundary-Aware Decoding and Decision 

GEP is a key module designed to enhance building 

edge features in aerial images. Its structure is illustrated 

in Fig. 8. 

Fig. 8. GCC-MSA-guided Edge Perception. 

First, the semantic attention map is preprocessed 

with a 1×1 convolution to reduce channels from 768 to 

384, followed by BN and spatial alignment. The ad-

justed map is L1-normalized along channels to obtain a 

stable weight distribution, then inverted so that origi-

nally high-response interior regions become low and 

edge regions receive amplified weights, thus prioritizing 

edges. The reversed map weights the input features to 

select edge responses, which are refined by a single shal-

low IRB (chosen to preserve high-frequency details and 

avoid over-smoothing that deep stacks would cause). A 

subsequent deep convolution further strengthens the 

edge representation, and the enhanced edge features are 

merged with the original input via a residual connection 

to retain global semantics while adding boundary detail. 

Optimization of these edge features is guided by the 

Boundary-Aware Hybrid Loss (Focal + Tversky), which 

places stronger penalty on high-frequency boundary er-

rors where the GEP operates. 

The core function of SPGM is to adaptively balance 

the outputs of the Transformer and CNN branches. Its 

structure is illustrated in Fig. 9. 
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Fig. 9. Spatial Perception Gating Mechanism. 

SPGM learns a spatially adaptive weight map from 

the detailed features of the CNN branch to guide the fu-

sion of dual-branch predictions. The module takes two 

types of inputs: features used for weight generation and 

prediction results to be fused. Weight generation is 

based on the detail path features. A 3×3 convolution first 

adjusts channel dimensions while preserving the 

128×128 spatial resolution, capturing local spatial pat-

terns and retaining edge and texture information. BN 

and ReLU are then applied to stabilize feature distribu-

tion and enhance important responses. Another 3×3 con-

volution compresses the multi-channel features into a 

single-channel spatial weight map while maintaining the 

128×128 resolution. A Sigmoid activation normalizes 

the weights to [0,1], after which the map is upsampled 

to 512×512 for spatial alignment. 

𝑌̂ = 𝑀𝑔𝑎𝑡𝑒 ⨀ 𝜑𝑡𝑟𝑎𝑛𝑠(𝐹𝑟𝑒𝑓𝑖𝑛𝑒𝑑) + (1

− 𝑀𝑔𝑎𝑡𝑒) ⨀ 𝜑𝑐𝑛𝑛(𝐹𝑐𝑛𝑛
𝑓𝑖𝑛𝑎𝑙

) 
(24) 

Where 𝑌̂ denotes the final prediction map, φ_trans  

φ
trans

(∙) and φ
cnn

(∙ represent the prediction heads of 

the Transformer and CNN branches, respectively. 

𝑀𝑔𝑎𝑡𝑒𝜖ℝ𝐻×𝑊×1 is the spatial weight map generated by 

SPGM, and  ⨀  denotes element-wise multiplication. 

The term 1 − 𝑀𝑔𝑎𝑡𝑒  provides the complementary 

weight for the CNN branch. 

Experimental Setup 

Experimental Environment 

Experiments were implemented in PyTorch 1.10.0 

with Python 3.7, running on CUDA 11.3 and cuDNN 

8.2.1; model training and inference used an NVIDIA 

GeForce RTX 4090 GPU. We compare the proposed 

method against several mainstream segmentation frame-

works: SegNet (Badrinarayanan , 2017), U-Net, U-

Net++ (Zhou , 2018), DeepLabv3+, and PSPNet on the 

WHU Aerial, Massachusetts, and GF-7 building da-

tasets. SegNet, U-Net and U-Net++ are standard en-

coder-decoder architectures that progressively integrate 

local and global features during upsampling. PSPNet 

employs pyramid pooling for multi-scale context aggre-

gation, while DeepLabv3+ combines atrous (dilated) 

convolutions with spatial pyramid pooling to fuse multi-

scale features. 

Training Configuration 

All networks used identical training settings (same 

data splits and the Boundary-Aware Hybrid Loss) for 

fair comparison. We trained on a single GPU for 100 

epochs with batch size 4, using the Lookahead+AdamW 

optimizer (initial learning rate 1×10^(-4), weight decay 

0.0025) and CosineAnnealingWarmRestarts learning-

rate schedule. To improve generalization, we applied 

DropPath (rate 0.3) and Dropout (rate 0.1 in the predic-

tion head). Model selection was performed using the 

checkpoint with the highest validation IoU to avoid deg-

radation from over-training. 

Boundary-Aware Hybrid Loss Function 

To provide strong supervision for GEP, we employ 

a Boundary-Aware Hybrid Loss that combines Focal 

Loss and Tversky Loss to emphasize hard boundary pix-

els and improve structural consistency: 

𝐿 = 𝜆1𝐿𝐹 + 𝜆2𝐿𝑇      (25) 

Here 𝐿𝐹 (Focal Loss) addresses class imbalance by 

down-weighting easy examples and focusing learning 

on hard samples, while 𝐿𝑇 (Tversky Loss) flexibly bal-

ances penalties for false negatives and false positives to 

better preserve edges. We evaluated five weight pairs 

(𝜆1, 𝜆2): (0.6, 0.4), (0.8, 0.2), (1.0, 1.0), (1.2, 0.8), (1.4, 

0.6), and found 𝜆1 = 𝜆2 = 1.0 gives the best validation 

performance. 

Focal Loss is defined as: 

𝐿𝐹 = −
1

𝑁
∑(𝛼𝐹(1 − 𝑝𝑖)𝛾𝑦𝑖𝑙𝑜𝑔(𝑝𝑖) + (1

𝑁

𝑖=1

− 𝛼𝐹)𝑝𝑖
𝛾(1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑝𝑖)) 

(26) 

Where y
i
 and p

i
  are the ground truth and predicted 

probability for pixel i, N is the number of pixels, αF is 

the class-balance factor, and γ(set to 2.0) is the focusing 

parameter. The modulating factor (1 − 𝑝𝑖)
𝛾 reduces the 
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contribution of well-classified pixels, directing optimi-

zation toward uncertain boundary pixels. 

Tversky Loss is given by: 

𝐿𝑇 = 1 − 
∑ 𝑝𝑖

𝑁
𝑖=1 𝑦𝑖 + 𝜀

∑ 𝑦𝑖𝑝𝑖
𝑁
𝑖=1 + 𝛼𝑇 ∑ 𝑝𝑖(1 − 𝑦𝑖) + 𝛽𝑇 ∑ (1 − 𝑝𝑖)𝑦𝑖

𝑁
𝑖=1 + 𝜀𝑁

𝑖=1

 
(27) 

Where  𝛼𝑇 and 𝛽𝑇  weight missed detections and false 

detections respectively. We set 𝛼𝑇 = 0.3  𝛽𝑇 = 0.7 

(slightly favoring recall to better capture thin bounda-

ries), which empirically improves boundary alignment 

compared with standard IoU losses. 

Evaluation Metrics 

Precision, Recall, IoU, and F1-score are used to 

evaluate the network performance, and their formulas 

are defined as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(28) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(29) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(30) 

𝐼𝑜𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

(31) 

Among them, TP and FP are used to evaluate the 

positive sample set, while TN and FN are used to evalu-

ate the negative sample set. While Precision and Recall 

measure the accuracy of positive predictions and the 

completeness of target detection respectively, F1-score 

and IoU serve as integrated indicators to evaluate the 

overall balanced performance and spatial overlap accu-

racy, ensuring a multi-dimensional assessment of the 

segmentation results. 

RESULTS 

Experimental Results and Analysis on the 
WHU Aerial Building Dataset 

We evaluated six models, U Net, U Net++, 

DeepLabv3+, PSPNet, SegNet, and the proposed 

method on the WHU Aerial Building Dataset. As shown 

in Fig. 10, all networks capture the basic building out-

lines, yet they exhibit marked differences in fine details. 

For scattered small buildings (Fig. 10(a)), comparative 

models suffer from false and missed detections due to 

insufficient small object perception. In contrast, our 

method extracts complete buildings with well preserved 

edges, benefiting from its dedicated detail path and multi 

scale fusion. Under strong shadows (Fig. 10(b)), U Net 

and DeepLabv3+ produce discontinuous contours; our 

method (and U Net++) mitigates this via CoAt for pre-

cise spatial localization and LGC for enhanced local de-

tails, enabling context aware contour completion. When 

background objects resemble buildings (Fig. 10(c)), 

competing models introduce false alarms, while our ap-

proach suppresses such interference by focusing on key 

building features through CoAt. In shadow dominated 

areas (Fig. 10(d)), PSPNet misclassifies shadows, 

DeepLabv3+ shows missing edges, and U Net++ exhib-

its local omissions. Our model eliminates shadow arti-

facts using SGSPP, which selects high importance se-

mantic regions, suppresses noise, and retains global con-

text via multi scale pooling. For irregular building 

shapes (Fig. 10(e-f)), U Net and DeepLabv3+ miss some 

details and PSPNet fails to capture curved or polygonal 

boundaries. Our method accurately restores these irreg-

ular contours, closely matching the ground truth. Over-

all, the proposed method consistently outperforms the 

compared approaches across all challenging scenarios, 

demonstrating superior robustness to scale variation, il-

lumination change, background clutter, and complex ge-

ometry. 

Quantitative results (Table 1) show that our method 

achieves the best overall performance, leading in IoU, 

F1 score, and recall. This demonstrates its ability to ac-

curately and comprehensively identify building regions 

while maintaining a low false positive rate. U Net++ at-

tains the highest precision, benefiting from its nested en-

coder decoder structure and deep supervision that sup-

press false detections. However, its relatively lower re-

call limits the final IoU, likely due to insufficient sensi-

tivity to small or partially occluded buildings. Con-

versely, the baseline U Net achieves the highest recall 

but lowest precision, indicating a tendency to over detect 

building pixels at the cost of increased false positives. 

PSPNet and DeepLabv3+ incorporate pyramid pooling 

and dilated convolutions for multi scale context, yield-

ing balanced metrics. Nevertheless, their feature fusion 

strategies still struggle to preserve fine details, resulting 

in only moderate performance gains. 

Table 1. Performance Comparison of Various Models 

on the WHU Aerial Building Dataset. 

Method Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

IoU 

(%) 

U-Net 92.83 94.82 93.81 88.35 

U-Net++ 96.59 94.08 95.32 91.06 

DeepLabv3+ 95.47 93.96 94.71 89.95 

PSPNet 95.31 94.72 95.01 90.50 

SegNet 94.28 93.74 94.01 88.71 

Ours 95.96 96.06 96.01 92.33 

The bold values indicate that highest values within the corre-

sponding evaluation indices. 
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Fig. 10. Extraction Results on the WHU Aerial Building Dataset. 

Experimental Results and Analysis on the 
Massachusetts Building Dataset 

The six models were evaluated on the Massachu-

setts Building Dataset (Fig. 11). Our method achieves 

the best overall extraction performance, followed by 

DeepLabv3+, while PSPNet performs relatively weaker. 

Specifically, it extracts small buildings more completely 

with regular boundaries via MFAM’s multi level fusion 

(Fig. 11(a-b)), restores connectivity in occluded or shad-

owed regions through LGC and SPGM (Fig. 11(c)), ac-

curately separates adjacent buildings and reduces false 

detections via multi scale context modeling (Fig. 11(d)), 

and improves detection of small and low rise buildings 

using the dual branch structure (Fig. 11 (e-f)). Overall, 

the proposed method outperforms PSPNet, U Net, U 

Net++, and DeepLabv3+ in detail preservation, bound-

ary clarity, and robustness to interference. 

Quantitative results (Table 2) show that our method 

achieves the best overall performance, with precision, 

recall, F1 score, and IoU reaching 88.37%, 86.71%, 

87.53%, and 77.81%, respectively, substantially outper-

forming all compared models. U Net and U Net++ attain 

relatively high recall, demonstrating the effectiveness of 

their encoder decoder structures in capturing building 

regions. However, their lower precision indicates a ten-

dency to misclassify shadows and textures as buildings, 

likely due to dataset challenges such as occlusions and 

varied roof textures. DeepLabv3+ achieves relatively 

high precision, benefiting from atrous convolutions and 

spatial pyramid pooling for large scale context, yet its 

recall remains limited, reflecting insufficient sensitivity 

to occluded or small buildings. PSPNet exhibits the most 

balanced but modest performance; its pyramid pooling 

module integrates multi scale context but adapts poorly 

to boundary ambiguity. Compared to PSPNet, our 

method improves precision by 6.27%, recall by 7.48%, 

F1 score by 6.89%, and IoU by 10.25%, validating its 

strong adaptability and robustness in complex scenarios 

Table 2. Performance Comparison of Various Models 

on the Massachusetts Building Dataset. 

The bold values indicate the highest values for the corresponding 

evaluation indices. 

 

Method Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

IoU 

(%) 

U-Net 80.18 82.41 81.28 68.46 

U-Net++ 79.26 83.47 81.31 68.51 

DeepLabv3+ 86.66 81.10 83.79 72.10 

PSPNet 82.10 79.23 80.64 67.56 

SegNet 82.61 84.26 83.43 71.58 

Ours 88.37 86.71 87.53 77.81 
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Fig. 11. Extraction Results on the Massachusetts Building Dataset. 

Experimental Results and Analysis on the 
GF-7 Building Dataset 

We further evaluated the six models on the GF-7 

Building Dataset (Fig. 12). The proposed method 

achieves the best building extraction performance, fol-

lowed by PSPNet and U Net++, while SegNet yields rel-

atively weaker results. In Fig. 12(a), our method attains 

superior target integrity and edge accuracy through GCC 

MSA for global modeling and LGC for detailed infor-

mation. Under large area shadows (Fig. 12(b)), all mod-

els exhibit omissions, but ours remains relatively robust. 

In complex dense regions (Fig. 12(c)) and against inter-

fering textures (Fig. 12(d)), the dual path design effec-

tively preserves details and reduces false detections. For 

boundary precision against similar objects (Fig. 12(e)), 

the GEP module enhances edge features, yielding the 

best detail extraction. In dense areas (Fig. 12(f)), our 

method excels in error control and detail preservation, 

outperforming U Net and SegNet, which show fragmen-

tation or noise. Overall, the proposed approach demon-

strates enhanced robustness and precision across all 

challenging scenarios. 

Quantitative results (Table 3) show that the pro-

posed method achieves the best performance on the GF-

7 Building Dataset, attaining optimal values across pre-

cision, recall, F1 score, and IoU. This demonstrates its 

ability to realize more accurate and complete building 

region recognition. SegNet exhibits the weakest perfor-

mance across all metrics, as its basic encoder decoder 

structure struggles with cloud shadow interference and 

distinguishing rural buildings from vegetation. U Net 

shows relatively low recall, indicating limited capability 

in detecting shadow covered or small scale buildings. U 

Net++ achieves high precision, but its recall and IoU lag 

substantially, suggesting that its nested deep supervi-

sion, while suppressing false detections, may also filter 

out real building targets, particularly rural low rise 

buildings with weak features. DeepLabv3+ and PSPNet 

display relatively balanced performance through multi 

scale context modeling. However, when faced with 

complex interference from overlapping cloud and build-

ing shadows, their convolution based methods have lim-

ited capacity for modeling long range dependencies, cre-

ating a performance bottleneck. In contrast, our hybrid 

architecture effectively addresses these challenges. 

Table 3. Performance Comparison of Various Models 

on the GF-7 Building Dataset. 

Method Preci-

sion(%) 

Re-

call(%) 

F1-

score(%) 
IoU(%) 

U-Net 84.13 81.88 82.97 70.92 

U-Net++ 89.12 82.12 85.48 74.64 

DeepLabv3+ 86.73 82.54 84.55 73.28 

PSPNet 87.55 82.86 85.13 74.13 

SegNet 85.94 82.19 84.01 72.45 

Ours 91.83 84.15 87.82 78.29 

The bold values indicate the highest values for the corresponding 

evaluation indices. 
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Fig. 12. Extraction Results on the GF-7 Building Dataset.  

Comparison With State-of-the-Art Methods 

We further compared our method with several state 

of the art approaches on the WHU Aerial and Massachu-

setts building datasets, including TCNet (Xiang , 2024), 

EU Net (Kang , 2019), BuildFormer (Wang , 2022), DE 

Net (Liu , 2019), MA FCN (Shrestha and Vanneschi 

2018), BOMSC Net (Zhou , 2022), HD Net (Li , 2024), 

MAP Net, DC Swin (Wang , 2022), and the baseline 

EViT. For the WHU Aerial Building Dataset (Table 4). 

Our method achieves the best comprehensive perfor-

mance, ranking first in all four metrics. Compared with 

EViT, it improves precision by 0.11%, recall by 0.53%, 

F1 score by 0.32%, and IoU by 0.57%, demonstrating sta-

ble performance optimization while maintaining high ac-

curacy. Among other methods, TCNet ranks second in re-

call but its F1 score is substantially lower due to metric 

imbalance. BuildFormer, MAP Net, and DC Swin exhibit 

relatively balanced metrics, yet still lag behind EViT and 

our approach. 

For the Massachusetts Building Dataset (Table 5), 

our method ranks first in precision, F1 score, and IoU, 

and second in recall. Compared with EViT, it improves 

precision by 0.40%, recall by 0.47%, F1 score by 0.43%, 

and IoU by 0.67%, demonstrating steady gains in both 

accuracy and completeness. Among other methods, 

TCNet achieves the highest recall but lowest precision, 

resulting in substantially lower F1 score and IoU. Build-

Former, HD Net, and DC Swin show relatively balanced 

metrics but still underperform overall. 

Table 4. Quantitative Comparison with State-of-the-Art 

Methods on the WHU Aerial Building Dataset. 

Method Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 
IoU (%) 

TCNet 95.15 95.55 93.95 91.16 

EU-Net 94.98 95.10 95.04 90.56 

Build-

Former 
95.65 95.40 94.97 91.44 

DE-Net 95.16 94.79 94.98 90.36 

MA-FCN 95.20 95.10 95.15 90.70 

BOMSC-

Net 
95.14 94.50 94.80 90.15 

HD-Net 95.00 94.68 94.84 90.19 

MAP-Net 95.62 94.81 95.21 90.86 

DC-Swin 95.68 95.24 95.46 91.32 

EViT 95.85 95.53 95.69 91.76 

Ours 95.96 96.06 96.01 92.33 

The bold values indicate the highest values for the corresponding 

evaluation indices. 

For the GF-7 Building Dataset (Table 6), our 

method achieves the best comprehensive performance. 

Compared with EViT, it improves precision by 0.81%, 

recall by 0.21%, F1-score by 0.47%, and IoU by 0.74%, 

demonstrating consistent gains in both accuracy and 
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completeness. Among other methods, BuildFormer at-

tains the highest recall (84.60%) but its precision and 

IoU are lower than ours, resulting in an overall inferior 

performance. EU-Net, BOMSC-Net, and DC-Swin 

show relatively balanced metrics, yet still lag behind our 

approach. 

Table 5. Quantitative Comparison with State-of-the-Art 

Methods on the Massachusetts Building Dataset. 

Method Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 
IoU (%) 

TCNet 85.17 86.82 84.29 76.21 

EU-Net 86.70 83.40 85.01 73.93 

BuildFormer 87.52 84.90 86.19 75.74 

MA-FCN 87.07 82.89 84.93 73.80 

BOMSC-Net 86.64 83.68 85.13 74.71 

HD-Net 85.98 86.13 86.06 75.53 

MAP-Net 85.21 81.28 83.20 71.23 

DC-Swin 86.74 84.97 85.86 75.22 

EViT 87.97 86.24 87.10 77.14 

Ours 88.37 86.71 87.53 77.81 

The bold values indicate the highest values for the corresponding 

evaluation indices. 

Table 6. Quantitative Comparison with State-of-the-Art 

Methods on the GF-7 Building Dataset. 

Method Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 
IoU (%) 

TCNet 89.92 82.37 85.99 75.42 

EU-Net 90.10 82.85 86.32 75.95 

Build-

Former 
90.45 84.60 87.44 77.69 

MA-FCN 89.35 81.96 85.47 74.63 

BOMSC-

Net 
90.28 83.11 86.55 76.28 

HD-Net 89.78 83.54 86.53 76.25 

MAP-Net 88.94 81.32 84.96 73.87 

DC-Swin 90.47 83.68 86.94 76.88 

EViT 91.02 83.94 87.35 77.55 

Ours 91.83 84.15 87.82 78.29 

The bold values indicate the highest values for the corresponding 

evaluation indices. 

Model Efficiency Analysis 

We evaluate computational cost using parameters 

(Params) and FLOPs on the Massachusetts Building Da-

taset (Table 7). Compared with the baseline EViT, our 

method reduces parameters by 2.19M and FLOPs by 

17.26G, while improving IoU by≈0.70%. Against heav-

ier architectures, our model requires 19.89M fewer pa-

rameters than DeepLabv3+ yet achieves 5.71% higher 

IoU; it is also lighter and more accurate than PSPNet. 

Overall, the proposed method strikes a favorable bal-

ance, minimizing computational burden without exces-

sive parameter growth while remaining competitive 

with advanced approaches. 

To address whether the proposed architectural complex-

ity is necessary, we further compare our method with 

three representative relatively lightweight segmentation 

networks: PIDNet (Xu , 2023), SwiftFormer (Shaker , 

2023), and MobileNetV4 (Qin , 2024). The results are 

reported in Table 8. As shown, these lightweight models 

achieve IoU scores between 59.94% and 62.67%, which 

are 15.14-17.87 percentage points lower than ours 

(77.81%). Their Precision and Recall are also substan-

tially inferior. While these networks have significantly 

fewer parameters and lower FLOPs, their limited capac-

ity fails to capture fine building boundaries, detect small 

structures, and suppress shadow/background interfer-

ence, which are critical requirements for high‑resolution 

remote sensing building extraction. For precision‑de-

manding applications such as urban planning and disaster 

response, such large accuracy gaps are unacceptable. 

Therefore, the proposed complexity is well‑justified by 

the task requirements and represents a favorable tradeoff 

within the high‑accuracy regime. 

Statistical Significance Verification 

To  verify  that  the observed IoU improvements (0.57-

0.67% in Tables 4 and 5)  stem from  architectural en- 

Table 7. Efficiency Comparison of Different Methods on the Massachusetts Building Dataset. 

Method Precision(%) Recall(%) F1-score(%) IoU(%) FLOPs(G) Params(M) 

PSPNet 82.10 79.23 80.64 67.56 256.62 67.95 

DeepLabv3+ 86.66 81.10 83.79 72.10 254.53 62.57 

EU-Net 86.70 83.40 85.01 73.93 135.97 60.28 

HD-Net 85.98 86.13 86.06 75.53 67.56 58.11 

BOMSC-Net 86.64 83.68 85.13 74.71 73.75 46.37 

BuildFormer 87.52 84.90 86.19 75.74 117.12 40.52 

EViT 87.97 86.24 87.10 77.14 141.61 44.87 

Ours 88.37 86.71 87.53 77.81 124.35 42.68 

The bold values indicate the highest values for the corresponding evaluation indices. 
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hancements rather than stochastic variation, we con-

ducted hypothesis testing ( H0: E[IoUOurs] =
E[IoUbaseline]). While Tables 4 and 5 report peak per-

formance, here we present statistics from ten independ-

ent runs with different random seeds. As shown in Ta-

ble 9, mean IoU scores closely match the peak values, 

with low standard deviations (0.08 and 0.10), indicating 

robustness to initialization. Paired t-tests yield p < 

0.05 for both datasets, rejecting the null hypothesis. 

These results confirm that the performance gains are 

systematic and reproducible. 

Feature Map Visualization Analysis 

Fig. 13 provides a qualitative visualization of feature 

maps extracted from different stages (Stage 1 to Stage 

4) of our proposed network, illustrating the progressive 

evolution of features. The heatmaps demonstrate a clear 

transition from local details to global semantics. As 

shown in columns (b) and (c), the feature maps in the 

early stages exhibit strong activation responses primar-

ily along building boundaries, corners, and high-fre-

quency texture regions. This behavior is consistent with 

the characteristics of shallow CNN layers, which spe-

cialize in extracting local structural details. In column 

(d), as the network deepens and the receptive field ex-

pands, the activation regions begin to shift from mere 

boundaries to cover the main bodies of the buildings. 

The distinction between foreground objects and the 

background starts to become clearer. Column (e) repre-

sents the deepest, most abstract features. Notably, the 

activations yield highly uniform and complete responses 

across entire building instances, while irrelevant back-

ground areas are effectively suppressed. This strong se-

mantic consistency attests to the crucial role of the 

Transformer branch and the GCC-MSA module in cap-

turing long-range dependencies and global context. 

DISCUSSION 

Ablation Study 

We conduct ablation experiments on the Massachusetts 

Building Dataset to validate the importance of the dual 

branch structure (Table 10). The proposed method 

achieves optimal performance across all metrics. Remov-

ing the CNN branch decreases IoU by 1.27%, while re-

moving the Transformer branch causes a more substan-

tial drop of 2.65%. This confirms that the Transformer 

branch dominates global context modeling, and its ab-

sence  more  severely  impacts  performance.  The  CNN 

Table 8. Comparison with relatively lightweight segmentation networks on the Massachusetts Building Dataset. 

Method Precision 

(%) 
Recall (%) F1-score (%) IoU (%) FLOPs (G) Params (M) 

PIDNet 76.17 75.84 76.00 61.29 25.64 7.85 

SwiftFormer 77.43 76.68 77.06 62.67 32.45 15.37 

MobileNetV4 75.66 74.29 74.96 59.94 36.92 18.43 

Ours 88.37 86.71 87.53 77.81 124.35 42.68 

The bold values indicate the highest values for the corresponding evaluation indices. 

 

Table 9. Statistical Stability Analysis on WHU Aerial and Massachusetts Building Datasets. 

Dataset Mean IoU(%) Std Dev(𝝈) 95% CI P-value 

WHU Aerial 92.30 0.08 [92.24,92.36] < 0.001 

Massachusetts 77.78 0.10 [77.71,77.85] < 0.001 

The p-value is calculated using a paired t-test against the baseline EViT model results. A p-value < 0.05 indicates statistical significance. 

 

Fig. 13. Visualization of feature maps for each stage.
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 branch serves as a necessary detail supplement, 

providing local texture and edge information that the 

Transformer branch lacks. Their synergy yields a bal-

anced tradeoff between precision and recall, demonstrat-

ing that the hybrid architecture effectively improves seg-

mentation accuracy by fusing global semantics and local 

features. 

We conducted extensive ablation experiments on 

the Massachusetts Building Dataset to evaluate each 

proposed module (Table 11). Removing GCC MSA 

causes an IoU drop of 0.92%, and replacing it with 

standard multi head self attention (MSA) further reduces 

IoU by 1.15%. This underscores the benefit of GCC 

MSA's intra group cascading and inter group crossing, 

which enhance feature hierarchy and diversity. Remov-

ing CoAt decreases IoU by 0.52%; substituting it with a 

standard SE block lowers IoU by 0.88%. CoAt's coordi-

nate wise attention preserves spatial details crucial for 

fine boundaries, whereas SE's global pooling loses posi-

tional information. SGSPP contributes a 0.48% IoU 

gain; replacing it with conventional ASPP reduces IoU 

by 0.86%. SGSPP's semantic guided multi scale pooling 

selectively emphasizes important regions while sup-

pressing background, unlike ASPP's fixed dilated con-

volutions. For fusion, removing SPGM drops IoU by 

0.37%, and using simple concatenation instead of adap-

tive weighting causes a 0.73% decrease. SPGM's pixel 

wise re weighting effectively bridges the semantic gap 

between CNN and Transformer branches. LGC adds 

0.40% IoU by injecting local CNN details into Trans-

former stages, alleviating spatial blurring. GEP contrib-

utes 0.25% IoU; although modest, it targets hard bound-

ary pixels, improving morphological quality as seen in 

qualitative results. Overall, each module plays a distinct 

and necessary role, together achieving state of the art 

performance. 

Impact of Spatial Resolution Discrepancy 

The datasets employed in this study exhibit signifi-

cant variations in spatial resolution, ranging from 0.3 m 

to 1.0 m. This discrepancy introduces specific chal-

lenges and limitations that affect implementation and 

performance analysis.  

The variation in resolution alters the physical scale 

of objects within the fixed input size (512 × 512). For 

high-resolution data (0.3 m),  the model  must focus  on  

Table 10. Ablation Study on the Dual-Branch Structure on Massachusetts Building Dataset. 

Method Precision  

(%) 

Recall  

(%) 

F1-score  

(%) 

IoU  

(%) 

Ours without CNN branch 87.63 85.77 86.69 76.54 

Ours with CNN branch 88.37 86.71 87.53 77.81 

Ours without Transformer branch 86.95 84.71 85.82 75.16 

Ours with Transformer branch 88.37 86.71 87.53 77.81 

 

Table 11. Ablation Study on the Key Modules on the Massachusetts Building Dataset. 

Method Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

IoU 

(%) 

Ours 88.37 86.71 87.53 77.81 

Ours without SGSPP 87.96 86.49 87.22 77.33 

ASPP(replace SGSPP) 87.93 86.05 86.98 76.95 

Ours without SPGM 88.16 86.44 87.29 77.44 

fixed (replace SPGM) 87.89 86.23 87.05 77.08 

Ours without GEP 88.23 86.50 87.36 77.56 

Ours without CoAt 87.88 86.51 87.19 77.29 

SE (replace CoAt)  87.96 85.98 86.96 76.93 

Ours without LGC 88.21 86.35 87.27 77.41 

Ours without GCC-MSA 87.84 86.06 86.94 76.89 

 MSA (replace GCC-MSA) 87.45 85.77 86.80 76.66 
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fine-grained boundary reconstruction, whereas for 

lower-resolution data (1.0 m), it must rely more on 

global semantic context to resolve blurred edges. Our ar-

chitecture addresses this through the SGSPP module, 

which aggregates multi-scale context, allowing the 

model to adaptively capture features regardless of the 

resolution. It is important to note that performance met-

rics should be compared within the same dataset. The 

experimental results demonstrate that our method con-

sistently outperforms baselines across all resolutions. 

This confirms that the proposed hybrid architecture pos-

sesses strong generalization capabilities, effectively 

handling both the detailed textures of high-resolution 

imagery and the semantic ambiguities of low-resolution 

imagery. Despite these designs, the resolution discrep-

ancy imposes an upper bound on performance. In 1.0 m 

resolution imagery, the 'mixed pixel' effect at building 

boundaries is unavoidable, which inherently limits the 

achievable IoU compared to 0.3 m imagery. 

Limitations 

While the proposed EViT-based architecture 

demonstrates strong performance, a few limitations re-

main for future exploration.  

First, regarding the experimental design, our study 

strictly utilizes the official data splits (training, valida-

tion, and testing) provided by standard benchmarks ( 

WHU Aerial, Massachusetts, GF-7). While adhering to 

these splits is essential to ensure fair comparisons with 

existing state-of-the-art methods, we acknowledge that 

remote sensing imagery inherently contains strong spa-

tial autocorrelation. Because nearby patches may share 

similar textures and roof types, such evaluations can 

sometimes produce overly optimistic metrics. This rep-

resents a broader limitation in current benchmarks for 

fully assessing zero-shot generalization across entirely 

unseen urban morphologies. Second, practical applica-

tion boundaries exist. Performance is inherently con-

strained by mixed-pixel effects in lower-resolution im-

ages. Furthermore, the model is currently optimized for 

optical imagery, and its specific parameter complexity 

may pose challenges for deployment in strictly resource-

constrained or real-time edge devices. Generalization to 

multimodal data and the development of lightweight 

variants will be the focus of future work. 

CONCLUSION 

This paper presents an improved EViT-based se-

mantic segmentation network for high-resolution remote 

sensing imagery. By integrating GCC-MSA, LGC, 

CoAt, SGSPP, GEP, and SPGM, the hybrid architecture 

simultaneously models local details and global seman-

tics. Experiments on three building datasets (WHU Aer-

ial, Massachusetts, GF-7) show that the proposed 

method outperforms most existing models in metrics 

such as IoU. Ablation studies confirm the importance of 

the dual-branch structure and the contribution of each 

key module. The work validates the effectiveness of 

CNN-Transformer hybrid architectures for building ex-

traction and provides an extensible solution for precise 

surface object extraction from high-resolution remote 

sensing imagery. Building upon the limitations dis-

cussed, future work will focus on exploring geograph-

ically separated data splits to rigorously evaluate zero-

shot generalization, extending the framework to multi-

modal remote sensing data, and developing lightweight 

architectures for efficient real-time deployment. 
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