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Highlights
What are the main findings?

e A wavelet-guided and CNN-Mamba hybrid framework, WCMNet, is proposed for
unsupervised domain adaptation in remote sensing building extraction.

e WCMNet achieves superior cross-domain building extraction performance, improv-
ing building completeness, boundary delineation, and robustness across the WHU,
Massachusetts, and Potsdam datasets.

What are the implications of the main findings?

e  Selective low-frequency style alignment, preserving high-frequency details, is effec-
tive for reducing structural degradation during cross-domain image translation.

e Joint modeling of local textures and global context provides a practical solution for
cross-resolution, cross-scene, and cross-sensor building extraction in remote sensing.

Abstract

With the increasing diversity of remote sensing image acquisition conditions and imaging
scenarios, building extraction models often experience significant performance degrada-
tion in cross-dataset applications due to variations in sensors and scene characteristics.
Improving their cross-domain generalization ability has therefore become a critical re-

search problem. To address the challenges of appearance style discrepancy and feature
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Experimental results on six cross-domain transfer tasks across the WHU, Massachusetts,
and Potsdam datasets demonstrate that WCMNet consistently outperforms existing state-
of-the-art domain adaptation methods. In particular, WCMNet achieves an average loU
of 65.13% and an average BloU of 74.80% across all transfer settings, with improvements
of up to 27.35 percentage points in IoU and 38.32 percentage points in BloU compared
with the strongest competing methods. These results demonstrate that the proposed
MWA and GLMB effectively improve building completeness, boundary delineation accu-
racy, and cross-domain robustness.

Keywords: building extraction; domain adaptation; wavelet transform; CNN; Mamba

1. Introduction

With the widespread application of multisource sensors, remote sensing data have
become increasingly diverse in terms of visual style [1,2]. While this diversity provides
rich information for building extraction and subsequent semantic analysis, it also intro-
duces greater challenges [3,4]. Traditional methods rely on handcrafted features such as
shape and texture, which exhibit limited generalization in complex scenes [5]. Although
supervised approaches based on convolutional neural networks (CNNs) and Vision
Transformers (ViTs) have achieved remarkable progress [6,7], their performance remains
constrained by domain shift. Due to significant differences in spectral characteristics and
illumination conditions across images acquired by different sensors, models trained on
labeled source domains often fail to generalize to unlabeled target domains effectively,
thereby limiting their performance in large-scale real-world applications [8,9].

To mitigate discrepancies in feature distributions between the source and target do-
mains and enable effective knowledge transfer in the absence of target-domain annota-
tions, unsupervised domain adaptation (UDA) has emerged as a promising solution with
broad applicability. Existing UDA methods for semantic segmentation can be broadly cat-
egorized into two types: adversarial learning-based distribution alignment methods and
self-training-based pseudo-label learning methods [10,11]. Among them, image-level style
transfer strategies based on Generative Adversarial Networks (GANs) have been widely
adopted to reduce appearance discrepancies between the source and target domains [12].
By transforming source-domain images into representations closer to the target-domain
style, these methods can improve cross-domain generalization to some extent. However,
despite their widespread use in domain adaptation, GAN-based methods still exhibit no-
table limitations in preserving structural consistency and spatial detail integrity. Specifi-
cally, during style transfer, these methods often introduce artifacts or degrade high-fre-
quency structural information, leading to blurred building boundaries, distorted contours,
and loss of local texture details [13].

In addition, most existing UDA frameworks primarily focus on reducing cross-do-
main appearance discrepancies while paying insufficient attention to another critical issue:
the lack of effective global context modeling. From a feature-representation perspective,
mainstream convolutional neural networks (CNNs) are inherently constrained by their
local receptive fields, making it difficult to capture the long-range dependencies required
in complex scenes and thereby limiting their ability to suppress false-positive predictions.
Although Transformer-based methods introduce global receptive fields via self-attention
and partially alleviate this limitation, their computational complexity typically scales
quadratically with input size, greatly restricting their applicability in high-resolution re-
mote sensing scenarios [14]. Recently, representative state space model (SSM)-based
methods, such as Mamba, have demonstrated strong potential for efficient global model-
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ing with linear complexity, providing a promising alternative for high-resolution vision
tasks [15-17]. However, this potential has not yet been fully exploited in the remote sens-
ing domain adaptation. A key reason is that cross-domain remote sensing building extrac-
tion is fundamentally more challenging than general in-domain vision tasks: in addition
to requiring global semantic perception, it must also cope with cross-sensor and cross-
resolution appearance variations, complex scene layouts, and severe feature distribution
shifts between the labeled source domain and the unlabeled target domain. Moreover,
buildings in remote sensing imagery often exhibit dense distributions, slender boundaries,
complex geometric structures, and large intra-class appearance variations, which require
the model to preserve fine local details while maintaining global structural consistency.
Therefore, directly introducing a generic Mamba-based architecture is insufficient for the
remote sensing domain adaptation. Instead, a task-oriented design is needed to couple
efficient global modeling with local structure preservation and cross-domain alignment.

To address the above challenges, we propose an end-to-end framework, WCMNet
(Wavelet-Guided and CNN-Mamba Hybrid Network), for unsupervised domain adapta-
tion in building extraction. Rather than directly applying Mamba as a generic backbone,
WCMNet is specifically designed for cross-domain remote sensing building extraction by
jointly considering appearance alignment and structural representation. Specifically, we
introduce a wavelet-based image-level style-transfer strategy that decouples style from
structure. By aligning only the low-frequency components in the wavelet domain while
explicitly preserving high-frequency subbands, the proposed method effectively mitigates
cross-domain appearance discrepancies while reducing structural degradation during do-
main translation. Furthermore, to address feature distribution shift and improve struc-
tural representation under complex scene conditions, we design a hybrid CNN-Mamba
architecture equipped with an adaptive gated fusion mechanism. In this architecture,
CNN is used to extract local texture details and boundary cues, while Mamba is employed
to model long-range semantic dependencies and global contextual information. By dy-
namically fusing the two branches, the proposed framework achieves a better balance be-
tween local detail preservation and global structural consistency, thereby improving
cross-domain building extraction performance.

Compared with existing frequency-domain alignment methods such as FDANet,
which mainly rely on Fourier-domain low-frequency alignment to mitigate appearance
discrepancy, the proposed method performs style transfer in the wavelet domain with
explicit subband differentiation. Specifically, only the low-frequency component is
aligned for global style adaptation. At the same time, the directional high-frequency sub-
bands are explicitly preserved and enhanced, which is more suitable for maintaining
boundary continuity and structural integrity in cross-domain remote sensing building ex-
traction. Moreover, unlike generic CNN/SSM hybrid architectures that mainly focus on
backbone-level feature fusion, our framework is designed as a task-oriented coupling of
image-level frequency-domain alignment and global-local structural representation. The
wavelet alignment module first generates direction-aware, structure-preserved represen-
tations, and the subsequent CNN-Cross-Scan Mamba hybrid modeling further integrates
local boundary details with long-range semantic dependencies. In this way, WCMNet
forms a unified framework that jointly addresses appearance discrepancy, feature distri-
bution shift, and structural preservation, rather than simply combining CNN and Mamba
in parallel. The main contributions of this paper are summarized as follows:

(1) We propose WCMNet, a novel UDA framework for cross-domain building extrac-
tion. It is designed to jointly address two key problems: image-level appearance dis-
crepancies caused by cross-sensor and cross-resolution variations, and feature-level
distribution shifts that weaken target-domain generalization. By integrating wavelet-
based alignment with a CNN-Mamba hybrid model, WCMNet provides a unified
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solution to improve building completeness, boundary delineation, and cross-domain
robustness.

(2) We design a Mamba Wavelet Alignment (MWA) module to address structural deg-
radation during domain translation. Unlike conventional image-level alignment
methods that may blur building contours or distort local textures, MWA selectively
aligns low-frequency style statistics while explicitly preserving directional high-fre-
quency edge information. This design reduces cross-domain appearance discrepancy
while maintaining boundary-related structural cues, which is particularly important
for dense buildings, slender boundaries, and complex roof structures.

(3) Weintroduce a Global-Local Mamba Block (GLMB) to address the insufficient global
context modeling and local detail preservation of existing UDA backbones. In GLMB,
Cross-Scan Mamba captures long-range semantic dependencies, while the CNN
branch extracts fine-grained textures and boundary details. An adaptive gated fusion
mechanism is further used to dynamically balance global semantics and local struc-
tural cues, thereby improving structural consistency and reducing omission and
false-positive errors in complex cross-domain scenarios.

2. Related Work

2.1. Unsupervised Domain Adaptation in Remote Sensing

Unsupervised domain adaptation (UDA) aims to transfer knowledge learned from a
labeled source domain to an unlabeled target domain. In remote sensing building extrac-
tion, existing UDA methods can generally be categorized into alignment-based and self-
training-based approaches [18]. Alignment-based methods typically rely on adversarial
learning to reduce domain discrepancies at the image level or feature level. For instance,
CyCADA [12] and AdaptSegNet [10] employ discriminators to align source and target
domain distributions. To better accommodate the unique characteristics of remote sensing
imagery, some studies further incorporate scale-aware constraints to address variations
in spatial resolution [19]. Nevertheless, image-level alignment via CycleGAN often intro-
duces semantic distortions and hallucination artifacts, resulting in blurred building
boundaries and degraded structural fidelity. By contrast, self-training-based methods [20]
iteratively refine the model by generating pseudo-labels for target-domain samples. Alt-
hough such methods have shown promising performance, they remain vulnerable to the
influence of noisy pseudo-labels. This issue becomes particularly severe when the target-
domain distribution differs substantially from that of the source domain, as inaccurate
pseudo-labels can provide misleading supervision signals, thereby impairing adaptation.

2.2. State Space Models and Mamba

Although Transformers [7] have become the dominant paradigm for global context
modeling, the computational cost of self-attention scales quadratically with image size,
limiting their efficiency in high-resolution visual tasks. Recently, state space models
(SSMs), especially the Structured State Space Sequence Model (54) and its selective variant
Mamba [15], have emerged as promising alternatives due to their ability to model long-
range dependencies with linear complexity. In the vision domain, representative methods
such as Vision Mamba [21] and VMamba [22] introduce two-dimensional scanning strat-
egies to adapt one-dimensional SSMs to image understanding tasks, demonstrating strong
performance in capturing long-range dependencies and, in some cases, surpassing CNNs
and Transformers. Despite their impressive success in natural image classification and
segmentation, the potential of Mamba for cross-domain remote sensing tasks has not yet
been systematically explored. This is particularly important for building extraction, where
robust global context modeling is crucial for distinguishing buildings from complex and
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confusing backgrounds. In this work, WCMNet effectively incorporates Mamba into a
UDA framework, bridging this research gap.

2.3. Wawvelet Transform for Style Transfer

The wavelet transform (WT) provides an effective means of decomposing an image
into frequency subbands, thereby separating low-frequency content from high-frequency
details. In style transfer, prior studies have shown that style-related information is pri-
marily concentrated in low-frequency components, whereas structural information is typ-
ically preserved in high-frequency components [23,24]. For example, PhotoWCT [25] em-
ploys wavelet pooling to mitigate the loss of spatial information during stylization. In the
context of domain adaptation, recent studies have also explored frequency-domain align-
ment strategies to enforce style consistency across domains [26]. Unlike Fourier-domain
alignment methods such as FDANet, which mainly mitigate appearance discrepancy by
aligning low-frequency spectral information, our method performs style transfer in the
wavelet domain with explicit subband differentiation. Specifically, only the low-fre-
quency wavelet component is aligned for global style adaptation, while the directional
high-frequency subbands are preserved to maintain boundary continuity and fine-
grained structural details. This design is better suited to cross-domain remote sensing
building extraction, where slender boundaries and dense building distributions require
greater structural fidelity during style transfer.

3. Methodology
3.1. Overall Overview of the Method

We propose a WCMNet approach for unsupervised domain adaptation in building
extraction, an end-to-end unsupervised domain adaptation network for building extrac-
tion in remote sensing imagery. The proposed method is designed to alleviate both ap-
pearance discrepancy and feature distribution shift caused by variations in imaging con-
ditions and sensor characteristics across different remote sensing datasets. By reducing
domain shift, WCMNet enables a model trained only on labeled source-domain data to
generalize robustly to unlabeled target domains. As shown in Figure 1, the overall training
and adaptation process consists of two stages. The first stage performs unsupervised do-
main-adaptation pretraining using WCMNet. The second stage further improves cross-
domain generalization by generating pseudo-labels for the target domain and continuing
training using the model from the first stage.

In the first stage, three complementary alignment mechanisms are introduced during
domain adaptation: (1) resolution alignment, (2) wavelet-transform-based image-level
style transfer, and (3) CNN-Mamba-based global-local dynamic feature extraction with
pixel-level alignment.

(1) Resolution Alignment: Due to differences in spatial resolution across datasets, image
patches of the same size may correspond to different physical coverage areas. To en-
sure that source-domain and target-domain input patches are comparable in terms
of physical scale, we adopt an adaptive cropping strategy based on the resolution
ratio. Specifically, for high-resolution data with a spatial resolution of 0.3 m, a 384 x
384 region is first cropped and then resized to 128 x 128, while for lower-resolution
data with a spatial resolution of 1.0 m, a 128 x 128 patch is directly cropped. This
strategy normalizes the effective spatial scale of the two domains: the resized high-
resolution patch corresponds to an effective ground sampling distance of approxi-
mately 0.9 m, which is close to that of the 1.0 m data. Although the resizing operation
inevitably removes some very fine spatial details, these details are not consistently
observable at lower resolution and may introduce a source-domain-specific texture
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bias. Therefore, this resolution alignment strategy is adopted to reduce scale-induced
domain discrepancy and encourage the model to learn more transferable building
representations across domains.

(2) Image-Level Alignment: To reduce cross-domain appearance discrepancy while pre-
serving building structural boundaries as much as possible, we employ a wavelet-
transform-based image-level style alignment strategy. The core idea is to decompose
an image into frequency subbands and process the different frequency components
separately. Unlike conventional image-level style alignment methods, which may
damage edge information or cause excessive smoothing, the proposed method pre-
serves the directional high-frequency components (LH/HL/HH) while aligning style
information. In this way, critical edge structures can be stably retained during do-
main translation. More importantly, this coupling is not a simple serial combination
between style transfer and sequence modeling. Instead, the wavelet alignment mod-
ule is deliberately designed to produce direction-aware, structure-preserved repre-
sentations that are better aligned with the subsequent Cross-Scan Mamba. Specifi-
cally, by suppressing low-frequency appearance discrepancy while retaining direc-
tional high-frequency boundary cues, the transformed features provide more reliable
structural signals for Mamba to model long-range spatial dependencies along differ-
ent scanning paths. As a result, the proposed frequency-domain alignment strategy
is intrinsically coupled with the CNN-Mamba hybrid architecture, jointly suppress-
ing appearance discrepancy while enhancing structural consistency.

(3) Feature-Level Alignment: At the feature level, we adopt a classical encoder—decoder
segmentation framework and introduce a Cross-Scan Mamba Block during the en-
coding stage for global-local feature extraction. Specifically, the two-dimensional
feature maps are unfolded into one-dimensional sequences along the horizontal and
vertical directions. Then, the selective state-space modeling capability of the Mamba
is leveraged to capture global context and long-range spatial dependencies, thereby
enhancing scene-level semantic representation. Meanwhile, the CNN branch is re-
sponsible for extracting local texture patterns and edge details. Subsequently, a gated
fusion mechanism is employed to adaptively integrate these two types of features,
allowing the network to dynamically balance global semantics and local details ac-
cording to spatial locations. During the decoding stage, progressive upsampling and
skip connections are used to fuse multi-scale features, and the final pixel-wise build-
ing segmentation map is generated. Compared with pure CNN- or Transformer-
based architectures, the proposed strategy achieves better synergy between fine-
grained boundary delineation and global spatial layout understanding while main-
taining near-linear computational complexity.

In the second stage, a progressive semi-supervised training strategy based on
pseudo-label generation is adopted to further improve the generalization ability of the
model on the target domain. Specifically, the pretrained model obtained in Stage I is first
used to infer target-domain samples. High-confidence regions are then selected as
pseudo-labels according to pixel-wise prediction confidence, while low-confidence pixels
are ignored to reduce the influence of noisy supervision. The model is subsequently
trained jointly on the labeled source-domain data and the pseudo-labeled target-domain
data to complete one round of adaptation. In subsequent iterations, the confidence thresh-
old is gradually reduced, allowing the model to progressively transition from high-confi-
dence “easy samples” to lower-confidence “hard samples” and ambiguous boundary re-
gions. This strategy effectively suppresses the accumulation and amplification of pseudo-
label noise. At the same time, it progressively enhances the ability of the model to adapt
to complex distributions and uncertain boundaries, thereby improving generalization
performance on the target domain.

https://doi.org/10.3390/rs18132265


https://doi.org/10.3390/rs18132265

Remote Sens. 2026, 18, 2265

7 of 28

Source Domain
(Labeled)

Ground
Truth Label

i}
Target Domain
Images (Unlabeled)

Target Domain

Images (Unlabeled)

Larbe Dlrem Crop annsmnple
Crop (384x384) to (128x128)

Stage One: WCMNet Pre-training (Multi-level Alignment)

(Glabal Context) Skip Connections)
Feature Alignment Loss

——————— Traget Image
Preserve Edge/Directional

|

(1) Resolution Alignment Strategy (2) Wavelet-Based Image- (3) WCMNet Source |
(Adaptive Cropping) Level Style Transfer Style-Transferred  (Global-Local Dynamic Representation) Truth Label :
> 7 Source Image CNN Branch |

HCS 8 (Extract Local Texture/Edges) !

Eﬂ— Gated Fusing Source :
Mechanism . Prediction |

Large Direct Crop %’ '“-; Supervised | '{etal :
Crop (128x128) 2 3 Loss 088 I

1 g — -SSM Wel% Q Target | (Backprop) |

} I I @ . Prediction |
i it ] S " ; Togressive |

Y i Original CrossScanMambaBlock Upsampling & :

|

|

|

|

Current WCMNet Model (Probability Maps)
(Initalized from Stage One)

Components (for Mamba) (e.g., Adversaria/MMD)
________________________ Model Transfer W Welghts Transfer: Use Pre-trained WCMNet
et ]
Source Labeled Data }
Progressive Ratio = R L R | i
. (East to Hard) Reliable Pseudo-Labels ‘ | JnmAt Relra}mng ; FIK;\I&‘\(:?;‘Pted
z s (High Confidence) | 4’: (Fine-tuming) | Tar :t EOI?};in
2 I : ] | Supervised Loss é ildi
Target Predictions [7° 0% ©0% 80% 100% " Target | (using GT & Pesudo-Labels) ; utlding
Dynamic Confidence Images | Extraction
Thresholding & Filtering Ignored Regions I
|

Curriculum Learning) | (Low Confidence, Noise)

Figure 1. Overall pipeline of WCMNet, an unsupervised domain adaptation framework for building

extraction based on wavelet guidance and CNN-Mamba hybrid modeling.

3.2. Mamba Wavelet Alignment-Based Style Transfer Method

As shown in Figure 2, Mamba Wavelet Alignment (MWA) is a domain-level style
transfer method specifically tailored for the Cross-Scan Mamba architecture. By integrat-
ing frequency-domain decomposition with spatial adaptivity, it is designed to address the
challenges posed by significant appearance style discrepancy and the tendency for struc-
tural information to degrade in cross-domain remote sensing tasks. Specifically, the pro-
posed method first applies the Haar discrete wavelet transform (DWT) to decompose the
source-domain image into a low-frequency approximation subband LL , which captures
the overall style tone, and high-frequency detail subbands {LH,HL,HH }, which encode

directional texture information. Considering that the Mamba architecture relies on hori-
zontal and vertical scanning mechanisms to capture long-range dependencies, the pro-
posed method does not simply replace low-frequency information as in conventional
wavelet-based approaches. Instead, it adopts a differentiated frequency-band processing
strategy. In particular, Soft Adaptive Instance Normalization (Soft AdalN) is applied to
the component LL based on the target-domain statistical feature ( H,,0, ) . The formu-

lation is given as follows:

LL-
LL'=o, (TM)W, (1)

s

where LL and LL' denote the original and aligned low-frequency subbands, respec-

tively, 4, and O, representthe mean and standard deviation of the source-domain low-

frequency component; and (4,0,) denotes the statistical feature used for style align-
ment. In practice, instead of employing a shared adaptive blending coefficient across all
wavelet subbands, we adopt a subband-specific fixed processing policy. Specifically, a
single-level Haar discrete wavelet transform is used in all experiments. Full style align-
ment is applied only to the low-frequency subband LL ,i.e., @, =10, so as to eliminate
global domain-level discrepancies in illumination and tone. In contrast, Soft AdalN is not
applied to the directional high-frequency subbands LH and FHL ; these components are
directly preserved to retain horizontal and vertical boundary structures that are highly
compatible with the Cross-Scan Mamba mechanism. For the diagonal high-frequency sub-
band HH, the original component is kept unchanged, which can be equivalently inter-
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preted as @, =0.0, thereby preventing the amplification of unstable diagonal details or
the introduction of artifacts during domain translation. Moreover, the statistical feature
(4,,0,) used in Equation (1) is estimated from the target-domain training images and
kept fixed throughout training. When edge enhancement is enabled, the preserved LH
and HL components are further multiplied by an enhancement factor » to strengthen
orientation-sensitive edge responses along the Mamba scanning paths. In this way, the
proposed subband-wise design explicitly coordinates low-frequency style adaptation,
high-frequency structural preservation, and subsequent Mamba-based long-range de-
pendency modeling, as formally summarized in Algorithm 1.

Algorithm 1 Mamba Wavelet Alignment

Input: source image X, , source-domain statistics (., , o, ), waveletlevel L =1, fixed

subband policy {a,, =1.0,a,, =0.0}, optional edge enhancement factor vy, post-recon-
struction global correction, adaptive texture-guided fusion
Output: aligned image X,

out

1: {LL,LH JHL,HH } < DWT(x,) > Single-level Haar wavelet decomposition

2:LL" « AdaIN(LL;y,,0,) > Full style alignment on low-frequency subband
3:LH' « LH,HL'" <« HL»> Preserve directional high-frequency structure

4: if edge enhancement is enabled then

5:LH'« y.LH',HL' < y.HL'> Optional enhancement for directional edge cues
6: end if

7: HH'<— HH r>Keep diagonal high-frequency component unchanged

8: Iwave < IDWT(LL',LH',HL',HH") > Inverse wavelet reconstruction

9: Iwave « GlobalStatAlign(Iwave; #,, 0,)> Post-reconstruction global statistical
correction

10: Mtex « TextureMap( X, ; variance window = 15 x 15, Gaussian smoothing = 21 x
21)

11: Iglobal « GlobalStatAlign(X,; ., o,)

12: x,, «—Mtex O Iwave+(1-Mtex) O Iglobal

13: return X,

Therefore, the proposed MWA differs fundamentally from Fourier-based alignment
methods. Rather than aligning frequency components globally, it adopts a structure-
aware subband policy that restricts style adaptation to the low-frequency component. At
the same time, directional high-frequency cues are explicitly preserved and enhanced.
This enables the transferred representation to better maintain building boundaries and
orientation-sensitive structures, which are critical for subsequent Cross-Scan Mamba
modeling.

In addition, unlike the conventional Wallis filter, which tends to disrupt global color
consistency or cause the loss of local texture details, MWA introduces a post-reconstruc-
tion global statistical correction and an adaptive spatial fusion mechanism based on a tex-

ture map. Specifically, a texture mask M,

X

is generated by computing the local variance,

and the wavelet-reconstructed result 1

wave

and the globally aligned result 7

globa

, aredy-
namically fused as follows:

L,=M,_0OI

out

+ (1 -M ) O IgIobal (2)

wave tex

This design preserves global style consistency in homogeneous regions by leveraging
global statistics, while prioritizing the retention of wavelet-preserved structural details in
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texture-rich regions. As a result, it achieves an effective balance between style transfer and
structure preservation, thereby improving the generalization ability of the model in cross-
domain building extraction. For reproducibility, the post-reconstruction global statistical
correction is always enabled in our implementation. Specifically, after inverse wavelet re-

construction, the reconstructed image I, isfurther aligned to the source-domain global
statistics through GlobalStatAlign (1,ue; 1,,0,). Meanwhile, a texture-guided adaptive fu-

sion strategy is employed by computing the texture map M, from the local variance of
the original image. In our implementation, the local variance is calculated using a 15 x 15
window, and a 21 x 21 Gaussian filter further smoothes the resulting texture map. This
design allows texture-rich regions to retain more wavelet-preserved structural details,
while homogeneous regions rely more on global statistical correction, thereby improving
the stability and transparency of the style transfer process.

Mamba Wavelet Alignment-Based Style Transfer Method

Source Input

\

Haar DWT
ecomposition)

[w

|
ITarget style Stats,
| I

E( Soft AdaIN
v (Style Alignment)

=

=

Edge ; 2
Enhancement A 4
(Structure & E‘
Preserve) = §
(Crucial for 8
Cross-Scan Manba) L=

J

CHL’

HH

Figure 2. Workflow of the proposed MWA style transfer method with a subband-specific fixed pol-
icy: full alignment on LL , preservation on LH,HL , and unchanged HH

3.3. Global-Local Dynamic Feature Learning via CNN-Mamba Hybrid Modeling

To overcome the limitations of traditional CNNs, which are constrained by their local
receptive field and therefore struggle to capture long-range dependencies, as well as the
limitation of pure Transformer architectures, whose computational complexity increases
quadratically with image resolution, we introduce a Global-Local Mamba Block (GLMB)
in the encoder stage. As shown in Figure 3, this module adopts a dual-branch parallel
design, with the CNN branch extracting high-frequency local texture features and the
Mamba branch capturing low-frequency global semantic features. Notably, the input to
this hybrid modeling stage has already been conditioned by the preceding MW A module,
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which suppresses cross-domain appearance bias while preserving direction-aware struc-
tural cues, thereby making the subsequent Cross-Scan Mamba more effective for long-
range building-structure modeling. Therefore, the proposed GLMB is not a conventional
CNN/SSM parallel backbone. Instead, it is a task-oriented hybrid representation module
in which the Mamba branch operates on direction-aware, structure-conditioned features
generated by the preceding wavelet alignment module. In contrast, the CNN branch com-
plements it with local texture and boundary cues. The complete procedure of this dual-
branch global-local feature extraction and fusion is formally summarized in Algorithm 2.

Algorithm 2 Dual-Branch Global-Local Feature Extraction and Fusion
Input: Input feature tensor x e R*“"”
Parameters: 6. (Local),d_ (Mamba),d

cnn ssm gate

(Fusion)

Output: Fused feature representation Y

//Captures high-frequency details (e.g., edges, corners)
//Captures high-frequency details (e.g., edges, corners)
1: F, o < Conv2d(x;6,,)

2:F, , « ReLU(BatchNorm(F,,,))

//Branch2: Global Context Modeling (Cross-Scan Mamba)

//Captures long-rang semantic dependencies
3:X,,, < Flatten (x) > Reshapeto BxLxC,where L=HxW
4: D « {Top-Left, Top-Right, Bottom-left, Bottom-Right}

5'H,, « ¢

6: for each direction d € D do

7: x, < Scan (x‘wg ,dir =d ) > Reorder spatial sequence
8: H, < SSM (xd ;6 ) > Selective State Space Model

9: HJ" < ReverseScan(H,,dir=d) D> Restore spatial alignment

10: 7, .append (H;")
11: end for

12: Fpu < ZH st > Aggregate multi-directional features
RBXCXHXW

13: Fglobal < RQShape (Fglubal) -

//Stage 3: Adaptive Gated Fusing Mechanism
//Dynamically balance local details and global semantics
14: F , « Concat ([F,OL,H,,Fg,D[m,],dim =C)

15:M,,, < o(Conv,,(E,,;6,,.)) > Spatial Gating Map G €(0,1)
16:Y «M,,, OF,,, +(1-M_,)OF,, > Complementary Fusion

gate g
17: return' Y

HxWxC .. .
R , we feed it into the local convolutional branch

Given an input feature X €
and the global state-space branch, respectively. Local features are particularly important
for building extraction, since the fine-grained boundaries and corner structures of build-
ings are often embedded in high-frequency information. Therefore, we adopt a residual

convolutional block to extract local representations, which can be expressed as F,,, :

F, F\(x) =RELU(BN(Conv,_;(x))) 3)

ocal

where Conv,, effectively captures spatial correlations within local neighborhoods,

thereby preserving the geometric boundary structures of buildings.
To model global contextual dependencies while retaining linear computational com-
plexity, we further introduce a Cross-Scan Mamba Block based on State Space Models
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(SSMs). Conventional SSMs are inherently designed for one-dimensional sequential mod-
eling, which makes them not directly applicable to two-dimensional image representa-
tions. To address this limitation, the feature map X is first unfolded into directional se-

quences X€ R"¢ along four scanning directions, namely upper-left, lower-right, upper-
right, and lower-left, where L = H xW . For each directional sequence, we adopt the Se-
lective State Space Model (Selective SSM), a variant of the Structured State Space Sequence
Model (S4), to perform sequence modeling. The continuous-time state equation is formu-
lated as follows:

h'(t) = Ah(t) + Bx(t), ¥(t)=Ch(t) 4)

where ;)< r¥ denotes the latent state, X (f ) is the input signal, and y(t ) is the output

response. In Mamba, the state-space matrices A, B, and C are dynamically predicted from
the input, enabling the model to adaptively capture content-dependent dependencies. To
facilitate computation in a deep learning framework, the continuous-time state-space
equations are discretized using the time-scale parameter A with the Zero-Order Hold
(ZOH) scheme. The resulting discrete recurrence is implemented through the selective
scan operation in Mamba, enabling efficient sequence modeling along each scanning di-
rection while maintaining linear computational complexity with respect to the sequence
length.

Since the CNN branch primarily captures fine-grained texture details, while the
Mamba branch models global semantic context, directly combining the two branches via
simple summation may introduce feature conflicts or lead to mutual suppression. To over-
come this limitation, we propose an Adaptive Gated Fusion Module (AGFM) that dynam-
ically balances the contributions of the two branches by learning spatially adaptive atten-
tion weights.

Specifically, the local feature representation F,, and the global feature representa-
tion .  are first concatenated along the channel dimension and then passed through

a lightweight convolutional layer followed by a Sigmoid activation function to generate

the spatial gating map G € R

G = G(COnVle (Concat(F;ocal ’ F‘global ))) (5)

where o(*) represents the Sigmoid activation function, which constrains the learned
weights to the (0, 1) interval. Accordingly, the final fused feature Fout is computed through
a gated weighting operation as follows:

F :GGF +(1_G)®F;ocal (6)

out global

where © denotes the Hadamard Product. The gating map G essentially acts as a dy-
namic information router. In regions with strong semantic consistency, such as the interior
of buildings, the model tends to assign larger G values, thereby relying more on to

global

preserve the overall integrity of the prediction. In contrast, in detail-rich regions such as

building boundaries, the model tends to assign smaller G values, thus prioritizing £,

to refine boundary segmentation. This mechanism effectively alleviates the common is-
sues of intra-class inconsistency and inter-class ambiguity in remote sensing imagery, en-
abling the network to maintain global awareness while preserving fine-grained details.
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Figure 3. Overall pipeline of the proposed CNN-Mamba-based global-local dynamic feature learn-
ing method.

Based on the above network design, the overall loss functions used in Stage I and
Stage II are further formulated as follows.

3.4. Overall Loss

To explicitly present the optimization process of the proposed framework, the overall
loss functions used in the two training stages are summarized in this subsection. Let

(xs ', ys) denote a labeled source-domain image-label pair, and let X, denote an unla-

beled target-domain image. It should be noted that the image-level alignment in WCMNet
is achieved by the proposed Mamba Wavelet Alignment (MWA) module through deter-
ministic wavelet-domain style transformation before feature extraction, rather than by in-
troducing an additional learnable loss term. Therefore, the loss function in Stage I mainly
consists of source-domain supervised segmentation, feature-level alignment, pixel-level
alignment, and adversarial adaptation. The overall optimization objective in Stage I is de-
fined as follows.

Lstagel + /IfeaLfea + ﬂ’plxl‘pzx + ﬂ’adeadv (7)
where L, L, , and L, denote the feature-level alignment loss, pixel-level alignment

loss, and adversarial loss, respectively. A

ear A aNd A, are their balancing coefficients.

for the feature-level alignment loss, the pixel-level alignment loss, and the adversarial loss,
respectively. In our implementation, these coefficients are set to 4,,=1.0, 4, =0.01,

and 4, =0.001.

After Stage I pretraining, a progressive pseudo-label learning strategy is adopted in
Stage II to further improve target-domain generalization. Specifically, the pretrained
model is first used to generate predictions for target-domain samples, and only pixels with
sufficiently high confidence are retained as pseudo-labels. The confidence mask at the 4
-th self-training round is defined as

MP = 1(max Pl =7) (8)
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where p) denotes the predicted probability of class ¢ for the i-th target-domain pixel

at the & -th round, M* is the corresponding binary confidence mask, and 7, is the

confidence threshold. Based on this mask, the pseudo-label loss is written as follows.

k

M{® =1(max pf; = 7,) )

where p; denotes the current prediction for the i-th target-domain pixel, y; denotes the

generated pseudo-label, and #(-,-) denotes the same segmentation criterion used in su-
pervised training. This strategy allows the model to learn first from high-confidence easy
samples and then gradually adapt to harder samples and ambiguous boundary regions by
progressively relaxing the confidence threshold. Accordingly, the overall loss function in
Stage Il is given as follows.

L L, +A,L, (10)

'stage2 = 'seg
where A4, is the weight of the pseudo-label loss. In our implementation, 4,, =1.0, and

the initial confidence threshold is set to 7=0.9. When the mean-teacher strategy is ena-
bled, the teacher update rate is set to 0.999, and the consistency weight is set to 1.0. In this
way, the proposed framework first learns stable cross-domain transferable representations
in Stage I and then further improves adaptation performance in Stage II through conserva-
tive and progressively expanded pseudo-label supervision.

4. Experiment
4.1. Datasets and Experimental Settings
4.1.1. Dataset Description

To comprehensively evaluate the cross-domain transfer performance of the proposed
WCMNet for building extraction, three widely used benchmark datasets, namely Pots-
dam [27], WHU [28], and Massachusetts [29], were selected for the experiments. These
datasets differ substantially in spatial resolution, imaging conditions, scene appearance,
building density, and structural complexity. Therefore, they provide a representative
benchmark for evaluating the robustness of building extraction models under cross-reso-
lution, cross-scene, and cross-appearance domain shifts. The Potsdam dataset is a very-
high-resolution urban remote sensing dataset with an original spatial resolution of 0.05 m.
It contains dense urban scenes with complex building layouts, diverse roof appearances,
and rich structural details. To reduce the extreme resolution discrepancy with the other
datasets and ensure a more reasonable cross-domain comparison, the Potsdam images
were first downsampled to 0.3 m and then cropped into 512 x 512 image patches for train-
ing and testing. The WHU dataset has a spatial resolution of 0.3 m and contains large-
scale aerial images with various building sizes, roof structures, and surrounding back-
grounds. Compared with Potsdam, WHU exhibits differences in scene distribution and
building morphology, while maintaining a similar spatial resolution after the downsam-
pling of Potsdam. In this study, the WHU dataset was cropped into 512 x 512 image
patches, resulting in a total of 8189 image samples, consistent with the commonly reported
usage in the literature. The Massachusetts dataset has a spatial resolution of 1.0 m, which
is lower than that of Potsdam and WHU. As a result, building boundaries and fine roof
structures are less distinguishable, and the appearance differences between buildings and
surrounding backgrounds become more ambiguous. This dataset is therefore suitable for
evaluating the ability of domain adaptation methods to handle cross-resolution transfer
and boundary degradation. The Massachusetts images were also cropped into 512 x 512
patches for all experiments. Based on these three datasets, six bidirectional transfer set-
tings were constructed, including Potsdam — WHU (P-W), Potsdam — Massachusetts (P-
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M), WHU — Potsdam (W-P), WHU — Massachusetts (W-M), Massachusetts - WHU (M-
W), and Massachusetts — Potsdam (M-P). These settings cover transfers between datasets
with similar spatial resolution but different scene appearances, as well as transfers be-
tween high-resolution and low-resolution datasets. Therefore, they can more comprehen-
sively evaluate whether the proposed method can improve building completeness,
boundary preservation, and cross-domain generalization under different domain-shift
conditions.

4.1.2. Experimental Setup

All experiments were conducted using the PyTorch 2.1.1 deep learning framework.
The training and inference processes were accelerated on an NVIDIA RTX 3090 Ti GPU
with 24 GB of memory. To ensure a fair comparison, the proposed method and all com-
peting methods were trained under the same experimental environment. Specifically, the
segmentation network was optimized using the Adam optimizer, with an initial learning
rate of 1 x 10 and a weight decay of 1 x 10-5. The learning rate was decayed by a factor of
0.5 every 5 epochs. To comprehensively assess the cross-domain generalization capability
of the proposed method under different scene conditions, experiments were performed
on the three datasets under six domain transfer settings, namely Potsdam — WHU (ab-
breviated as P-W), Potsdam — Massachusetts (P-M) (abbreviated as P-M), WHU — Pots-
dam (W-P) (abbreviated as W-P), WHU — Massachusetts (W-M) (abbreviated as W-M),
Massachusetts - WHU (M-W) (abbreviated as M-W), and Massachusetts — Potsdam (ab-
breviated as M-P). In all experiments, the proposed MW A module uses a single-level Haar

wavelet decomposition. The statistical feature (1”5:‘75) used for style alignment is esti-
mated from the source-domain training images and fixed during training. Full alignment
is applied to the low-frequency subband LL with @ =1.0, while the directional high-

frequency subbands LH and HL are excluded from Soft AdaIN so as to preserve
boundary-aware structural information. The diagonal high-frequency subband HH is

kept unchanged, equivalently @, =0.0. In addition, post-reconstruction global statisti-

cal correction is enabled, and the final output is obtained through adaptive texture-guided
fusion. Specifically, the texture map is computed from local variance using a 15 x 15 win-
dow and further smoothed by a 21 x 21 Gaussian filter. When edge enhancement is ena-
bled, the preserved LH and HL components are further scaled by an enhancement fac-
tor y . Edge enhancement was disabled in the reported experiments. This study adopts
overall accuracy (OA), precision (P), recall (R), intersection over union (IoU), F1-score (F1),
and boundary intersection over union (BloU) as the evaluation metrics.

4.1.3. Compared Methods

To thoroughly assess the effectiveness of the proposed method in cross-domain
building extraction, several representative unsupervised domain adaptation (UDA) ap-
proaches were selected as comparison methods. These methods cover a diverse range of
adaptation paradigms and therefore provide a comprehensive and meaningful bench-
mark. Specifically, Source is adopted as the baseline, where a model trained only on the
labeled source domain is directly applied to the target domain for inference, thereby re-
flecting the initial cross-domain generalization ability of the model. AdaptSegNet per-
forms adversarial learning in the output space to reduce the discrepancy between source-
and target-domain predictions, thereby representing a typical output-level alignment
method. FDANet leverages the Fourier transform to align low-frequency information
across the two domains in the frequency domain, thereby mitigating appearance-style
discrepancy, and can be regarded as a representative image-level adaptation approach.
BDL achieves domain adaptation through bidirectional interaction between image trans-
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lation and segmentation, highlighting collaborative optimization at the image and task
levels. FADA introduces a fine-grained category-level alignment mechanism to enhance
the consistency of cross-domain semantic representations. FL-Domain, specifically de-
signed for building extraction, jointly performs adaptation at the image, feature, and out-
put levels, demonstrating strong task relevance. Overall, these methods address domain
shift from different perspectives, including style transfer, feature alignment, output-space
regularization, and self-training, thereby providing a comprehensive and representative
basis for validating the effectiveness of the proposed method. In addition, GLGAN and
MBMTA-GAN are included as recent GAN-based UDA methods for remote sensing se-
mantic segmentation, providing further comparisons with advanced image-level adapta-
tion strategies.

4.2. Results with Massachusetts as the Source Domain
4.2.1. Quantitative Analysis

As reported in Table 1, when Massachusetts is used as the source domain, the pro-
posed WCMNet achieves the best overall performance in both the M-P and M-W transfer
tasks. In the M-P task, most comparison methods suffer from severe performance degra-
dation because the model is transferred from the lower-resolution Massachusetts dataset
to the higher-resolution and structurally more complex Potsdam dataset. Although
FDANet and FL-Domain obtain relatively high Precision, their Recall and IoU remain low,
indicating that these methods tend to generate conservative predictions and only identify
the most salient building regions while missing many true building pixels. By contrast,
WCMNet achieves 87.60% OA, 94.60% Precision, 56.48% Recall, 54.70% IoU, 70.71% F1-
score, and 74.52% BloU, substantially outperforming all comparison methods. In particu-
lar, compared with the strongest competing method in terms of IoU and F1-score, WCM-
Net improves IoU and Fl-score by 27.35 and 27.78 percentage points, respectively. The
remarkable improvement in BloU further demonstrates that WCMNet can effectively pre-
serve boundary structures under large domain discrepancies.

Table 1. Quantitative evaluation results of different methods when using Massachusetts as the

source domain.

Transfer

Network Model OA/% P/% R/% IoU/% F1/% BloU%
Method

Source M-P 7342+059 4992+257 2153+240 17.65+1.30 30.00+1.87 36.20+1.82
AdaptSegNet [10] M-P 7923+046 85.77+023 2595+216 24.87+197 39.82+252 2958+16.89
FDANet [30] M-P 7757 +0.20 9095+151 17.11+1.19 16.82+1.09 28.79+1.60 35.40+0.91
BDL M-P 7274 +0.33 46.79+1.44 2065+1.08 16.73+090 28.65+1.32 14.66=+1.75
FADA M-P 7952 +0.70 83.99+1390 29.18+4.03 27.35+2.07 4293+255 2522+1.61
FL-Domain M-P 78.45+0.21 90.71+1.40 20.85+1.29 20.40+1.17 33.89+1.62 30.50+13.69
GLGAN [31] M-P 76.08+0.27 60.80+1.65 2758+0.62 23.41+0.20 3794+026 2257+0.18
MBMTA-GAN [32] M-P 7750+0.24 89.58+0.12 17.11+1.07 16.78+1.03 28.72+150 16.41+1.14
WCMNet M-P 87.60+0.33 9460+124 5648+215 5470+x1.60 70.71+1.34 7452+0.52
Source M-W 84.70+1.07 39.39+194 6899+1.67 33.44+1.01 50.12+1.14 33.56+1.00
AdaptSegNet M-W 9256+0.04 76.62+0.92 47.68+1.61 41.61+£095 58.76+0.95 30.53+12.80
FDANet M-W 94.87+0.17 79.73+1.04 7231+£3.65 61.04+199 75.80+1.53 48.16+9.94
BDL M-W 86.93+4.34 47.05+10.84 71.25+17.34 38.09+2.19 55.15+2.30 22.44+3.97
FADA M-W 9218 +1.72 7324+14.70 48.21+3.15 41.03+£690 58.02+6.95 34.97+9.14
FL-Domain M-W 9486+0.18 80.24+453 7194+8.84 60.76+3.75 7556+290 40.96+1.26
GLGAN M-W 90.25+0.68 55.32+298 65.81+1.79 4292+1.04 60.06+1.02 41.98+0.57
MBMTA-GAN M-W 89.85+1.16 56.70+8.41 4352+4.82 3231+0.09 48.84+0.11 19.78+0.04
WCMNet M-W 96.62+0.07 88.16+1.41 80.54+238 72.65+0.98 84.16+0.66 60.12+0.32
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In the M-W task, the domain gap between Massachusetts and WHU is relatively
smaller than that in M-P, and several comparison methods show improved adaptation
performance. Nevertheless, WCMNet still achieves the best results across all evaluation
metrics, with 96.62% OA, 88.16% Precision, 80.54% Recall, 72.65% IoU, 84.16% F1-score,
and 60.12% BloU. Compared with FDANet, WCMNet improves IoU, F1-score, and BloU
by 11.61, 8.36, and 11.96 percentage points, respectively. These improvements indicate
that the proposed method not only enhances the overlap between predicted and reference
building regions but also improves the geometric accuracy of building boundaries.

Overall, the quantitative results show that WCMNet achieves a more favorable bal-
ance between Precision and Recall than existing UDA methods. The proposed method
avoids both overly conservative predictions and excessive false positives, thereby improv-
ing building completeness, regional consistency, and boundary quality simultaneously.
This confirms the effectiveness of combining wavelet-domain style alignment, high-fre-
quency structural preservation, and CNN-Mamba-based global-local dynamic feature
modeling for cross-domain building extraction.

4.2.2. Visual Analysis

The building extraction visualization results are shown in Figure 4. In the M-W task,
most methods are able to recover the main building regions to some extent because the
domain discrepancy between Massachusetts and WHU is relatively moderate. However,
obvious differences can still be observed in the highlighted and enlarged regions. Source
and AdaptSegNet tend to miss small buildings and incomplete roof regions, resulting in
fragmented building masks. FDANet and FL-Domain improve the recovery of some
building shapes, but they still produce discontinuous predictions and blurred local con-
tours. GLGAN and MBMTA-GAN show unstable adaptation performance, with either
missing building components or introducing background noise. By contrast, WCMNet
produces more complete building masks in the boxed regions, and its predictions are
more consistent with the ground-truth labels in terms of both building shape and spatial

extent.

kA

Source  AdaptSesNet ~ FDANet ~ BDL FADA  FL-Domain  GLGAN MBATA-GAN WCMNet
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Figure 4. Visualization results of different methods when transferring from the domain of Massa-

chusetts.

In the more challenging M-P task, the advantage of WCMNet becomes more evident.
Due to the large resolution and scene gap between Massachusetts and Potsdam, many
comparison methods fail to recover complete building structures. As shown in the en-
larged regions of Figure 4, some methods only extract partial building bodies, while others
confuse roads, bare ground, or roof-like background regions with buildings. These errors
lead to either severe omission or false-positive predictions. WCMNet, however, can better
preserve the overall building layout and recover more complete building regions. In the
highlighted areas, the proposed method maintains more accurate building shapes, re-
duces holes inside building masks, and suppresses background interference more effec-
tively than the comparison methods.

Figure 5 further provides boundary-level visual comparisons. The boundary results
show that most comparison methods suffer from contour discontinuity, boundary shift,
or incomplete edge responses. In particular, in the boxed and enlarged regions, Source,
BDL, GLGAN, and MBMTA-GAN often generate broken or inaccurate boundaries, while
FDANet and FL-Domain still show local contour deviations despite their improved re-
gional extraction performance. In contrast, the boundaries produced by WCMNet are
more continuous and more consistent with the reference contours. The proposed method
better preserves building corners, elongated edges, and closed boundary structures, espe-
cially in complex roof regions and densely distributed building areas. This visual evidence
is consistent with the BloU results in Table 1 and further confirms that WCMNet can ef-
fectively maintain high-frequency structural information during cross-domain transfer.

Source AdaptSegNet FDANet BDL FADA FL-Domain GLGAN  MBATA-GAN WCMNet

Figure 5. Visualization results of boundary extraction using different methods during migration

from the Massachusetts domain.
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4.3. Results with WHU as the Source Domain
4.3.1. Quantitative Analysis

As reported in Table 2, when WHU is used as the source domain, WCMNet consist-
ently achieves the best overall performance in both the W-M and W-P transfer tasks. In
the W-M task, the model is transferred from WHU to the lower-resolution Massachusetts
dataset, where differences in spatial resolution, image texture, and scene appearance in-
troduce substantial domain discrepancies. In this challenging setting, WCMNet achieves
91.09% OA, 78.03% Precision, 72.95% Recall, 60.37% IoU, 75.29% F1-score, and 87.12%
BloU. Compared with FDANet, WCMNet improves OA, Recall, IoU, F1-score, and BloU
by 4.03, 10.51, 13.05, 11.05, and 34.40 percentage points, respectively. The large improve-
ment in BloU indicates that WCMNet provides a clear advantage in boundary preserva-
tion, rather than merely improving coarse regional classification.

In the W-P task, FDANet and FL-Domain show relatively strong competitiveness,
suggesting that frequency-domain alignment and multi-level adaptation can alleviate do-
main discrepancy to some extent. Nevertheless, WCMNet still obtains the best results in
most metrics, including 93.64% OA, 86.51% Recall, 78.25% IoU, 87.80% F1-score, and 87.84%
BloU. Compared with FDANet, WCMNet improves Recall, IoU, Fl-score, and BloU by
12.44, 6.69, 4.38, and 2.97 percentage points, respectively. Although its Precision is slightly
lower than that of FDANet and FL-Domain, the much higher Recall and IoU indicate that
WCMNet can recover building regions more completely while maintaining strong seg-
mentation quality.

Table 2. Quantitative evaluation results of different methods when using WHU as the source do-

main.

Network

Model Transfer Method OA/% P/% R/% IoU/% F1/% BloU%

Source W-M 80.85+0.83 4847 +253 3442+11.67 24.74+559 39.50+7.20 46.23 +7.55
AdaptSegNet W-M 83.91+0.23 6653+148 2723+0.73 2395+0.76 38.64+0.98 18.72 +1.77
FDANet W-M 87.06+040 6623+218 6244+192 4732+0.01 6424+0.01 52.72+18.43
BDL W-M 7424 +0.61 35.72+0.15 48.05+4.78 25.74+1.45 4093+1.84 21.96 +1.94
FADA W-M 80.68 +0.50 47.63+151 3732+231 2643+0.70 41.81+0.87 19.83 £ 0.86
FL-Domain W-M 83.21+0.74 55.62+298 50.14+442 3569+1.02 52.61+1.11 33.56 +0.45
GLGAN W-M 79.65+0.28 4428 +0.69 36.08+0.87 2481+0.19 39.75+0.25 22.55 +0.25
MBMTA-GAN W-M 83.47+0.01 63.32+356 2729+593 2340+392 37.84+5.15 21.11+2.85
WCMNet W-M 91.09+045 78.03+433 7295+387 6037+0.06 75.29+0.04 87.12 +0.06
Source W-P 7732+052 7477 +544 22414632 20.66+502 3410+6.90 34.69 +6.51
AdaptSegNet W-P 8586+048 9141+335 5155+028 49.15+0.72 6591+0.64 55.85+16.56
FDANet W-P 92.39+0.33 9556+282 74.07+218 7156+045 83.42+0.30 84.87 +0.37
BDL W-P 80.74+1.39 7535+9.19 4152+231 36.37+0.38 53.34+0.41 3216 +1.21
FADA W-P 87.02+0.55 91.66+045 56.18+2.60 53.44+220 69.64+1.87 46.79 £ 2.16
FL-Domain W-P 92.06+0.06 9491+1.81 74.07+181 71.21+0.65 83.19+0.45 74.33+14.78
GLGAN W-P 83.48+024 7592+223 5530+1.78 47.02+043 63.96+0.40 39.71 +0.27
MBMTA-GAN W-P 81.74+156 92.76+275 3392+756 3294+6.82 4936+7.72 29.00 +4.75
WCMNet W-P 93.64+0.29 89.27+211 86.51+150 7825+051 87.80+0.33 87.84 +0.47

These results demonstrate that WCMNet is particularly effective when both appear-
ance discrepancy and structural discrepancy exist between domains. Existing methods
may obtain high Precision in some cases, but they often sacrifice Recall and regional com-
pleteness. In contrast, WCMNet maintains stable improvements in IoU, F1-score, and
BloU across both transfer tasks, indicating that the proposed framework can simultane-
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ously improve building completeness, reduce omission errors, and enhance boundary de-
lineation.

4.3.2. Visual Analysis

The building extraction results in Figure 6 further validate the quantitative improve-
ments reported in Table 2. In the W-M task, the target Massachusetts images contain rel-
atively low-resolution building structures and complex background textures. As shown
in the highlighted and enlarged regions, Source and AdaptSegNet fail to recover many
building regions, especially small buildings, narrow roof structures, and fragmented res-
idential areas. Their predictions are incomplete and often disconnected. BDL and FADA
recover some building bodies, but they still show obvious structural degradation, includ-
ing broken masks, rounded corners, and missing roof details. FDANet and FL-Domain
produce better regional predictions than these methods, but they still suffer from local
over-smoothing and boundary adhesion, particularly in densely distributed buildings.

Source AdaptSegNet  FDANet BDL FADA FL-Domain GLGAN  MBATA-GAN  WCMNet

Figure 6. Visualization results of different methods when transferring from the domain WHU.

In the W-P task, the target Potsdam images contain richer structural details and more
complex building layouts. Several comparison methods can detect the main building re-
gions, but their predictions are often inaccurate in the boxed local areas. For example,
adjacent buildings are easily merged, small buildings are missed, and roof boundaries are
not clearly separated from the surrounding background. In contrast, WCMNet produces
more complete and coherent building masks. In the enlarged regions of Figure 6, WCM-
Net better preserves the shapes of large buildings, the separation of adjacent structures,
and the integrity of small-scale targets. These results indicate that the proposed global-
local dynamic representation can improve both semantic completeness and local struc-
tural accuracy.

Figure 7 presents the corresponding boundary visualization results. The boundary
maps reveal that most comparison methods have difficulty maintaining accurate contours
after domain transfer. Source and AdaptSegNet exhibit many missing boundary segments,
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while BDL and FADA show contour deformation and boundary drift. FDANet and FL-
Domain improve the overall boundary response, but they still suffer from boundary ad-
hesion and local misalignment in complex regions. In the highlighted and enlarged areas,
WCMNet produces boundaries that are more continuous, sharper, and more consistent
with the reference labels. It better preserves corners, straight edges, and closed contours
of buildings, indicating that the proposed wavelet-guided structural preservation and
CNN-Mamba hybrid modeling are effective in enhancing boundary-level adaptation.

Source AdaptSegNet FDANet BDL FADA FL-Domain GLGAN  MBATA-GAN WCMNet

Figure 7. Visualization results of boundary extraction using different methods during migration
from the WHU domain.

4.4. Results with Potsdam as the Source Domain
4.4.1. Quantitative Analysis

As reported in Table 3, when Potsdam is used as the source domain, WCMNet
achieves the best overall performance in both the P-W and P-M transfer tasks. In the P-W
task, WCMNet obtains 95.83% OA, 77.28% Precision, 88.56% Recall, 70.24% IoU, 82.52%
F1-score, and 57.98% BloU. Compared with FL-Domain, which achieves the highest IoU
among the comparison methods, WCMNet improves IoU and F1-score by 10.29 and 7.57
percentage points, respectively. Moreover, compared with FDANet, which obtains the
highest BloU among the competing methods, WCMNet improves BloU by 7.41 percent-
age points. Although the Recall of WCMNet is slightly lower than that of FDANet and
FL-Domain, its substantially higher Precision, IoU, F1-score, and BloU indicate that the
proposed method better suppresses false positives while maintaining high building de-
tection completeness.
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Table 3. Quantitative evaluation results of different methods when using Potsdam as the source

domain.
Network
Model Transfer Method OA/% P/% R/% IoU/% F1/% BloU%
Source P-W 7249 +2.00 20.70+0.66 51.86+3.51 17.34+0.07 29.56+0.11 21.73+0.08
AdaptSegNet P-W 90.22+0.59 54.76+237 7056+134 4454+1.03 61.63+099 24.92+8.99
FDANet P-W 9222+047 60.00+1.82 90.48+1.16 56.42+1.16 7214+095 50.57+0.51
BDL P-W 87.76 +2.33 47.00+8.31 51.04+9.05 31.73+0.29 4817+033 17.24+1.16
FADA P-W 9237 +2.46 62.84+10.63 81.73+0.46 54.98+796 70.78+6.65 41.51+5.62
FL-Domain P-W 93.24+0.45 63.84+2.06 90.81+1.10 59.95+1.34 7495+1.05 44.96+11.51
WCMNet P-W 95.83+0.21 77.28+1.95 8856+1.48 70.24+0.68 8252+047 57.98+0.32
GLGAN P-W 81.46+1.20 34.83+1.05 76.12+4.79 31.36+0.03 47.75+0.04 19.72+0.55
MBMTA-GAN P-W 88.46+0.34 48.90+0.90 81.52+0.35 44.01+0.62 61.13+0.60 22.47+0.61
Source P-M 3852+17.14 20.74+0.84 80.52+26.98 19.47+0.93 3259+1.29 34.33+9.64
AdaptSegNet P-M 7746 +1.32 41.61+151 51.41+6.41 29.75+139 4585+1.65 25.59+1491
FDANet P-M 82.53+0.73 5225+1.58 7299+346 43.73+0.14 60.86+0.13 60.94 +20.67
BDL P-M 72.02+0.24 2949+0.04 36.18+0.82 19.40+0.22 32.49+0.31 13.11+0.04
FADA P-M 78.66 +1.03 4458+ 1.77 59.68+0.70 34.24+0.82 51.02+091 38.94+17.10
FL-Domain P-M 83.12+1.66 52.93+2.69 70.60+398 43.28+0.30 60.42+0.29 76.14+0.18
WCMNet P-M 88.08+0.84 65.44+348 76.81+3.73 5454+054 7058+045 81.21+0.33
GLGAN P-M 63.98 +2.08 30.52+0.98 73.03+2.67 27.41+042 43.03+052 23.38+0.33
MBMTA-GAN P-M 7223 +1.65 3630+1.16 64.82+4.23 3029+0.12 46.49+0.14 25.13+0.11

In the P-M task, the model is transferred from the high-resolution Potsdam dataset
to the lower-resolution Massachusetts dataset, which causes considerable loss of fine
structural details. Most comparison methods show clear performance degradation under
this challenging setting. BDL obtains only 19.40% IoU, indicating its limited robustness to
large resolution and appearance discrepancies. FDANet and FL-Domain remain compet-
itive, achieving IoU values of 43.73% and 43.28%, respectively, but they still lag behind
WCMNet by a large margin. WCMNet achieves 88.08% OA, 65.44% Precision, 76.81% Re-
call, 54.54% IoU, 70.58% F1-score, and 81.21% BloU. Compared with FDANet, WCMNet
improves IoU and Fl1-score by 10.81 and 9.72 percentage points, respectively. Compared
with FL-Domain, WCMNet further improves BloU by 5.07 percentage points.

The quantitative results demonstrate that WCMNet maintains strong robustness
when transferring from Potsdam to both WHU and Massachusetts. The consistent im-
provements in IoU and F1-score indicate better regional segmentation quality, while the
gains in BloU confirm their advantage in boundary preservation. These results verify that
the proposed combination of low-frequency style alignment, high-frequency structural
preservation, and global-local dynamic feature learning is effective for handling cross-
resolution and cross-scene domain adaptation in building extraction.

4.4.2. Visual Analysis

The building extraction visualization results in Figure 8 show that the Source baseline
suffers from severe domain shift when Potsdam is used as the source domain. In both P-
W and P-M tasks, Source produces fragmented building masks, large omission errors, and
obvious background confusion. These problems are particularly visible in the highlighted
and enlarged regions, where building regions are either partially missed or incorrectly
merged with surrounding non-building areas. This indicates that the features learned
from Potsdam cannot be directly transferred to target domains with different resolutions
and scene appearances.
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AdaptSegNet and BDL recover some building regions, but their predictions remain
coarse and unstable. They frequently produce boundary expansion, incomplete building
interiors, and adhesion between adjacent buildings. FADA improves the recovery of some
structural regions, but it still misses small buildings and produces discontinuous masks.
FDANet and FL-Domain show more competitive visual results because they can reduce
part of the appearance discrepancy through frequency-domain or multi-level adaptation.
However, in the boxed regions of Figure 8, these methods still exhibit blurred contours,
fragmented edges, and insufficient recovery of fine local structures, especially in dense

building areas and low-resolution target scenes.

1 Sl |
> iﬁihﬁi}ﬁ

BDL FADA FL-Domain GLGAN MBATA-EAN

Figure 8. Visualization results of different methods when transferring from the domain of Potsdam.

In contrast, WCMNet achieves the most accurate and stable visual performance in
both P-W and P-M tasks. In the highlighted and enlarged regions, WCMNet recovers
more complete building bodies, maintains clearer building contours, and better preserves
the separation between adjacent buildings. For large buildings, the proposed method re-
duces internal holes and maintains more coherent shapes. For small or densely distributed
buildings, it produces fewer omissions and less background confusion. These advantages
indicate that WCMNet can effectively improve both the completeness and structural con-
sistency of building extraction under challenging cross-domain conditions.

The boundary visualization results in Figure 9 further confirm the superiority of
WCMNet in boundary delineation. Most comparison methods generate incomplete or in-
accurate boundary responses after domain transfer. Source and BDL show severe bound-
ary loss, while AdaptSegNet, FADA, FDANet, and FL-Domain still exhibit boundary drift,
contour discontinuity, or adhesion between neighboring buildings. In the enlarged local
regions, WCMNet generates more complete and well-aligned boundary contours, with
clearer corners and more continuous edges. This demonstrates that the proposed wavelet-
guided alignment can preserve high-frequency structural cues, while the CNN-Mamba
hybrid backbone further strengthens global structural consistency and local boundary re-
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finement. Therefore, WCMNet achieves superior visual performance not only in region-

level extraction but also in boundary-level reconstruction.
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Image Label Source AdaptSegNet FDANet BDL 7 FADA FL-Domain GLGAN MBAT/\-GA WCMNet )

Figure 9. Visualization results of boundary extraction using different methods during migration

from the Potsdam domain.

5. Discussion

To further investigate the effectiveness of the proposed WCMNet and clarify the con-
tribution of each component, we conducted both progressive and independent ablation
analyses on the WHU — Massachusetts transfer task. This transfer setting is representa-
tive and challenging because it involves obvious differences in spatial resolution, texture
distribution, and scene appearance between the source and target domains. Therefore, it
provides a suitable testbed for evaluating whether each module can effectively improve
cross-domain building extraction.

5.1. Progressive Contribution of the Main Modules

As reported in Table 4, the progressive ablation results demonstrate the complemen-
tary contributions of the proposed modules. The baseline model achieves 81.44% OA,
50.26% Precision, 26.16% Recall, 20.78% IoU, and 34.41% F1-score. This indicates that di-
rectly transferring a model trained on the source domain to the target domain results in
severe performance degradation, mainly due to domain discrepancies in spatial resolu-
tion, image texture, and building appearance.

Table 4. Quantitative evaluation results of ablation experiments on the WHU-Mass dataset.

Network Model OA/% P/% R/% IoU/% F1/%
Base 81.44 50.26 26.16 20.78 34.41

Base + MWA 88.79 78.05 55.32 47.87 64.75
WCMNet 90.77 74.97 75.69 60.41 75.32
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After introducing the proposed Mamba Wavelet Alignment (MWA) module, the per-
formance improves substantially. Specifically, Base + MWA achieves 88.79% OA, 78.05%
Precision, 55.32% Recall, 47.87% IoU, and 64.75% F1-score. Compared with the baseline,
OA, Precision, Recall, IoU, and F1-score improved by 7.35, 27.79, 29.16, 27.09, and 30.34
percentage points, respectively. These improvements demonstrate that the wavelet-
guided image-level alignment effectively reduces cross-domain appearance discrepancy
by aligning low-frequency style information while preserving high-frequency structural
cues. As a result, the model can better maintain building contours and reduce segmenta-
tion distortion caused by domain shift.

When the complete WCMNet is adopted, the performance is further improved to
90.77% OA, 74.97% Precision, 75.69% Recall, 60.41% IoU, and 75.32% F1-score. Compared
with Base + MWA, the complete model further improves Recall, IoU, and F1-score by 20.37,
12.54, and 10.57 percentage points, respectively. Although Precision slightly decreases,
the substantial increase in Recall and IoU indicates that WCMNet detects building regions
more comprehensively and effectively reduces omission errors. This improvement mainly
benefits from the CNN-Mamba-based global-local dynamic feature learning and the
pseudo-label-based target-domain adaptation strategy, which enhance both structural
representation and target-domain generalization. Overall, the progressive ablation results
confirm that MWA primarily alleviates image-level style discrepancy, while the complete
WCMNet further strengthens feature representation and target-domain adaptation.

5.2. Independent Contribution of Key Components

To more clearly distinguish the contribution of each component, we further con-
ducted independent ablation experiments, as shown in Table 5. Compared with the base-
line, Base + Mamba Only improves OA from 81.44% to 87.18%, IoU from 20.78% to 37.07%,
and F1-score from 34.41% to 54.09%. These results indicate that introducing Mamba-based
global context modeling can significantly enhance the ability of the model to capture long-
range dependencies and suppress background interference. However, its Recall remains
only 40.57%, suggesting that using Mamba alone is still insufficient to fully recover com-
plete building regions under cross-domain conditions.

Table 5. Quantitative results of independent ablation experiments for key components of WCMNet
on the WHU-Massachusetts transfer task.

Network Model OA/% P/% R/% IoU/% F1/%

Base 81.44 50.26 26.16 20.78 3441

Base + Mamba Only 87.18 81.14 40.57 37.07 54.09

Base + Gated Fusion Only =~ 83.88 59.18 43.17 33.26 49.92

Base + Pseudo-Labeling o7 g 80.80 43.01 39.02 56.14
Only

WCMNet 90.77 74.97 75.69 60.41 75.32

Base + Gated Fusion Only achieves 83.88% OA, 59.18% Precision, 43.17% Recall, 33.26%
IoU, and 49.92% F1-score. Compared with the baseline, the improvement in Recall and
IoU indicates that the gated fusion mechanism helps balance local details and global se-
mantic information. Nevertheless, without the explicit global modeling capability of
Mamba and the target-domain refinement provided by pseudo-labeling, its overall per-
formance remains limited. This suggests that gated fusion is more effective when it works
together with complementary local and global feature branches.

Base + Pseudo-Labeling Only obtains 87.49% OA, 80.80% Precision, 43.01% Recall,
39.02% IoU, and 56.14% F1-score. This setting achieves better performance than Base +
Mamba Only and Base + Gated Fusion Only in terms of IoU and F1-score, indicating that
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pseudo-label-based target-domain learning can improve the adaptation ability of the
model. However, the Recall is still much lower than that of the complete WCMNet, which
means that pseudo-labeling alone cannot sufficiently compensate for weak feature repre-
sentation or structural inconsistency caused by domain shift.

The complete WCMNet achieves the best overall performance, especially in Recall,
IoU, and F1-score. Compared with Base + Mamba Only, WCMNet improves Recall, IoU,
and Fl-score by 35.12, 23.34, and 21.23 percentage points, respectively. Compared with
Base + Pseudo-Labeling Only, WCMNet further improves Recall, IoU, and F1-score by
32.68, 21.39, and 19.18 percentage points, respectively. These results clearly show that the
performance gain of WCMNet does not come from a single component. Instead, it is
achieved through the complementary effects of wavelet-guided style alignment, Mamba-
based global context modeling, adaptive gated fusion, and pseudo-label-based target-do-
main refinement. Therefore, the independent ablation results verify that each component
contributes positively to the final performance, while their joint integration produces the
most robust and complete building extraction results.

5.3. Visual Interpretation of Module Effects

As shown in Figure 10, the visual ablation results further illustrate the progressive
effects of different modules on cross-domain building extraction. Under the direct transfer
setting, the baseline model produces highly fragmented predictions. Many small and
densely distributed buildings are missed, and the detected building regions often exhibit
incomplete shapes, internal holes, and blurred or broken boundaries. These results indi-
cate that the baseline model cannot effectively overcome the domain discrepancy between
WHU and Massachusetts, resulting in severe omission errors and structural degradation.

Label Source BasetMWA  WCMNet

Figure 10. Visualization results of ablation experiments on the WHU-Mass dataset.
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After introducing the MWA module, the visual quality is noticeably improved. Com-
pared with the baseline, Base + MW A recovers more building regions and produces more
complete building contours. This demonstrates that wavelet-guided low-frequency style
alignment can effectively reduce cross-domain appearance discrepancy, while the preser-
vation of high-frequency components helps retain boundary-related structural cues. Nev-
ertheless, some local discontinuities and missing regions still remain, especially in dense
building areas and complex background regions. This suggests that image-level align-
ment alone is insufficient to fully address feature-level distribution shift and structural
inconsistency.

In contrast, the complete WCMNet produces the most accurate and structurally co-
herent results. It recovers more complete building regions, generates clearer boundaries,
and better preserves the separation between adjacent buildings. In dense residential areas
and complex background scenes, WCMNet substantially reduces omission errors and
suppresses false-positive predictions. These improvements indicate that the CNN-
Mamba hybrid modeling strategy enhances the joint representation of global semantic
dependencies and local structural details, while the pseudo-label-based refinement fur-
ther improves target-domain adaptation. Overall, the visual results confirm that the pro-
posed modules work collaboratively to improve building completeness, boundary delin-
eation, and cross-domain robustness.

6. Conclusions

This paper addresses the problem of cross-domain building extraction in remote
sensing imagery, with a particular focus on the challenges faced by existing methods un-
der variations in spatial resolution, sensor characteristics, and scene conditions, including
limited generalization ability, boundary degradation, and structural information loss. To
overcome these limitations, we propose WCMNet, an unsupervised domain adaptation
framework based on wavelet-guided style alignment and CNN-Mamba hybrid modeling.
Specifically, the proposed wavelet module performs low-frequency style alignment in the
frequency domain while explicitly preserving high-frequency edge structures, thereby
mitigating inter-domain appearance discrepancy and reducing contour degradation dur-
ing domain transfer. Meanwhile, the proposed hybrid backbone, together with an adap-
tive gated fusion mechanism, dynamically integrates local texture details and global se-
mantic dependencies, which enhances the structural representation capability of build-
ings under complex scene conditions. Extensive experiments conducted on the Massachu-
setts, WHU, and Potsdam datasets under multiple cross-resolution, cross-scene, and
cross-sensor transfer settings demonstrate that the proposed WCMNet consistently
achieves either the best or highly competitive performance. In particular, its superior re-
sults in IoU, F1-score, and BloU verify its effectiveness in preserving building complete-
ness, improving boundary delineation quality, and enhancing cross-domain generaliza-
tion ability. Despite these promising results, the proposed method still degrades in per-
formance when facing extreme resolution gaps or highly complex background interfer-
ence, indicating that there is room for further improvement in cross-scale structural mod-
eling and fine-grained feature discrimination. In future work, we will further explore ex-
plicit multi-scale alignment strategies, boundary-aware and topology-aware constraints,
and extend the proposed framework to more challenging and practical scenarios involv-
ing multimodal remote sensing data, such as SAR, DSM, and LiDAR, as well as down-
stream applications, including change detection, post-disaster assessment, and temporal
remote sensing analysis.
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