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High-resolution remote sensing image change detection based on
feature subspace decoupling and iterative residual refinement
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Abstract: With the development of high-resolution remote sensing earth observation technology, the rich
texture details in images enhance information content but also introduce complex background noise caused
by lighting, shadows, and seasonal phenological differences. To address the issues of pseudo-change
misdetection caused by complex background noise and the loss of small target details caused by traditional
upsampling in high-resolution remote sensing change detection, a network based on feature decoupling and
iterative refinement(DIR-Net) is proposed. First, the pre-trained FastSAM is utilized as a visual prior
encoder to extract multi-scale robust features. Next, a Feature Subspace Decoupling Module is designed
to explicitly decompose bi-temporal features into a shared semantic subspace and a differential feature
subspace through orthogonal projection and cross-recalibration strategies, suppressing environmental noise
from the source. Finally, an Iterative Residual Refinement Module is proposed. By introducing a coordinate
attention mechanism, the decoding process is modeled as a coarse-to-fine residual regression problem,
gradually recovering the edge details of small targets in the resolution-maintained feature space. Experimental
results on three public datasets, LEVIR-CD, WHU-CD, and SYSU-CD, demonstrate that the F1 scores
of DIR-Net reached 91.33%, 93.31%, and 86.29%, respectively. Compared with mainstream
ChangeFormer and BIT algorithms, the F1 score improved by an average of approximately 5.0%. The
proposed method significantly reduces the false alarm rate of pseudo-changes while maintaining a very high
recall rate. This method effectively resolves the challenges of feature coupling and detail loss, demonstrating
stronger robustness and higher boundary localization accuracy in complex scenes.

Key words: remote sensing image change detection; feature decoupling; iterative residual refinement;

deep learning; DIR-Net; high-resolution image; small target detection
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Fig.1 Overall architecture of DIR-Net
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Fig. 2 Structure of feature subspace decoupling module (FSDM)
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Tab.1 Performance comparison of different methods
(Dataset: SYSU-CD)

Methods Rec Pre OA F1
FC-EF™ 77.69 78.37 89.74 78.11
FC-Siam-conc'™  76.83 73.58 88.05 75.18
FC-Siam-diff®  67.42 75.73 89.76  75.66
IFNet'?! 73.48 79.69 89.17 76.53
DTCDSCN™ 77.15 83.11 90.96 80.11
SNUNet"" 71.54 81.23 89.38 76.01
BIT™ 73.09 75.21 88.98 77.04

ChangeFormer'™  77.01 79.34 89.88 78.21

LGPNet® 74.51 80.71 89.87 77.63
CGNet'®! 74.34  86.16 91.19 79.92
DIR-Net

89.83 84.23 93.43 86.29
(Ours)
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Tab.2 Performance comparison of different methods

(Dataset: WHU-CD)

Methods Rec Pre OA Fl1
FC-EF" 86.17 83.21 98.54  84.62
FC-Siam-conc'"” 81.93 76.35 97.97 79.04
FC-Siam-diff™®  79.04 72.91 97.65 75.81
IFNet*" 73.18 96.92  98.83 83.41
DTCDSCN™  82.31 63.91 97.42 71.96
SNUNet"" 82.53 90.42 98.67 86.31
BIT™ 89.11 91.62 99.18 90.38
ChangeFormer'™  83.52 91.82 98.97  87.59
LGPNet! 71.84 89.61 98.33 79.72
CGNet™! 90.78 93.99  99.48 92.57

DIR-Net

91.24 95.53 99.45 93.31
(Ours)

%#3 FEAEE LEVIR-CD #¥E5&E FRIEREXTEE
Tab.3 Performance comparison of different methods
(Dataset: LEVIR-CD)

Methods Rec Pre OA F1
FC-EF™ 85.72 88.47 98.74 87.09
FC-Siam-conc™  87.11 90.61 98.86 88.82
FC-Siam-diff""  78.51 94.02 98.64 85.55
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DTCDSCN™! 86.23 88.53 98.71 87.65
SNUNet"" 82.17 89.47 98.51 85.67
BIT! 87.76 90.81 98.94 89.22
ChangeFormer 85.04 85.11 98.73 85.03
LGPNet'?! 85.12 93.02 99.01 89.31
CGNet'®! 90.01 92.61 99.09  90.99

DIR-Net
(Ours) 90.51 90.86 99.10 91.33
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Fig.4 Qualitative comparison results of different methods on LEVIR-CD, WHU-CD and SYSU-CD datasets ( True positive

('TP) is white, false positive (FP) is red, true negative (TN) is black, false negative (FN) is blue). The green

rectangular boxes highlight regions with complex boundary features, such as building corners and narrow roads, to

demonstrate the differences in boundary localization accuracy among different methods.
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Tab.4 Ablation study (Dataset: LEVIR-CD)

Methods Rec Pre OA F1
NO SACA  88.24 91.20 99.03 89.57
NO FSDM  89.78 88.51 98. 94 88. 11
NO_IRRM 73.81 92.98 98. 66 84.94

DIR-Net 90. 51 90. 86 99.10 91.33
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Tab.5 Ablation study (Dataset: WHU-CD)

Methods Rec Pre OA F1
NO_SACA 89.63 92.76 99. 33 91.14
NO_FSDM 89.24 92.55 99.21 90. 32
NO_IRRM 88.77 83.26 98.51 85.91

DIR-Net 91.24 95.53 99.45 93.31
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Fig.5 Qualitative ablation study results on LEVIR-CD

and WHU-CD datasets (True positive (TP) is
white, false positive (FP) is red, true negative

(TN) is black, false negative (FN) is blue).
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Fig.6 Visual ablation study of the feature subspace

decoupling module (FSDM). The first row shows
the bi-temporal images and ground truth. The second
row displays the results of removing the shared
semantic subspace (X, ), removing the differential
feature subspace (Xy), and the full DIR-Net. (White
indicates true positive, yellow indicates false positive/
noise, and magenta indicates false negative). The
results demonstrate that the full model achieves the
highest signal-to-noise ratio (SNR) wvia orthogonal
projection, effectively suppressing environmental

noise while maintaining target integrity.
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Fig. 7 Visualization of the iterative residual refinement

Refinement:
Stage 1 Stage 2

module (IRRM) process. The first row displays
the input images and ground truth. The second row
illustrates the evolution of the change mask from
the initial prediction (K=1) to the final output
(K=1). The third row presents the residual feature
maps learned at each stage, where green regions
highlight the small target edges and lost details
recovered via the coordinate attention mechanism.
The results indicate that as iterations progress, the
model gradually recovers approximately 30% of the
missed detection areas, significantly improving

boundary integrity.
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Tab.6 Computational cost comparison of different methods

Methods Param/M FLOPs/G
FC-EF"™ 1.1 1.55
FC-Siam-conc''" 1.55 4.08
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