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Introduction

Building Change Detection (BCD)?

Change map

Challenges
NOT ONLY Differentiate changed and unchanged pixels of buildings

Ilgnore changes in other objects e.g., roads, vegetation, etc.

BT A0 Ignore unimportant changes mainly from sensing conditions

Importance

Urban expansion
Deforestation
Natural disaster



Related Works

Non-deep methods Deep methods
Support Vector Machine Strategy-wise
Random Forest « 3D-CNN to consider time axis : AFCF3D-Net[1]
Etc.  Various attention mechanisms : DMI-Net[2], DUNE-CD[3],

FHD[4], TINYCD[5]
« Considering geometric of the object : GVA-CD|6]
Etc.

Architecture-wise

e Pure CNN : STANet[7]

e Pure Transformer : ChangeFormer[8]
* Hybrid CNN + Transformer : BIT[9]



Methodology

Gabor Filter

Building’s characteristics
In remote sensing imagery

A 4

Repetitive texture

Proposal

AYANet

1. Gabor encoder : explicitly extract texture features
2.  CNN encoder : extract high-level features
3. Feature Conjunction Module to combine features from both encoders



Methodology

Gabor Filter Gabor Orientation Filters[10]
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Methodology

Gabor encoder «---____ Overall Architecture

Bigger filter size = wider receptive field. -""'"---___
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Methodology

Overall Architecture
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Experimental Validation

LEVIR-CD
Model Precision| Recall | F1-score IoU

AFCF3D-Net | 91.35% | 90.17% | 90.76% | 83.08%
BIT 89.24% | 89.37% | 89.31% | 80.68%
ChangeFormer | 92.05% | 88.80% | 90.40% | 82.48%
DMI-Net 92.52% | 89.95% | 90.71% | 82.99%
DUNE-CD 92.27% | 88.83% | 90.52% | 82.68%
FHD 92.61% | 89.61% | 91.09% | 83.63%
GVA-CD 92.63% | 87.88% | 90.31% | 82.51%
MSFCTNet | 92.06% | 90.00% | 91.02% | 83.52%
STANet-PAM | 83.81% | 91.00% | 87.26% | 77.40%
TINYCD 92.68% | 89.47% | 91.05% | 83.57%
AYANet 92.60% | 90.25% | 91.41% | 84.17%

WHU-CD

Model Precision| Recall | F1-score IoU

BIT 87.65% | 90.91% | 89.25% | 80.59%
ChangeFormer | 94.15% | 85.52% | 89.63% | 81.20%
STANet-PAM | 70.65% | 93.54% | 80.50% | 67.37%
AYANet 95.56% | 92.89% | 94.21% | 89.05%
S2L.ooking

Model Precision| Recall | F1-score IoU

BIT 73.99% | 52.73% | 61.58% | 44.49%
ChangeFormer | 68.04% | 57.03% | 62.05% | 44.98%
STANet-PAM | 36.30% | 61.84% | 45.74% | 29.65%
AYANet 69.37% | 58.70% | 63.59% | 46.62%




Experimental Validation

Image 1 Image 2 Ground Truth STANet-PAM BIT ChangeFormer AYANet




Experimental Validation

Ablation Study

Encoder Precision| Recall |Fl-score IoU
Gabor 90.51% | 87.38% | 88.92% | 80.05%
EfficientNet | 92.15% | 90.35% | 91.24% | 83.90%
AYANet 92.60% | 90.25% | 91.41% | 84.17%

Ground Truth

Gabor

EfficientNet

AYANet
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Conclusion

1.

Challenge in BCD includes differentiating between changes in
buildings and changes in other objects

. Utilizing the buildings’ distinctive features in RS imagery

(repetitive texture) - Gabor filters

. AYANet: a BCD model with double encoders

d. Gabor encoder: Gabor filters modulated in CNN to extract
buildings’ features
D. CNN-based encoder: extracting other high-level features

AYANet showed promising results when compared with SOTA on
3 benchmark BCD datasets
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