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decoder and boundary—aware gating mechanism
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Tab.1 Comparative results on the WHU dataset
Iy BT M4 Z;;iﬁf/ fﬁif/ P/% R/% F/% 1oU/% ASD/px HDss /px
PSPNet ResNet-50 24.30 81.57 9440 94.17 94.28 89.18 2.7471 11.5142
DeeplLabV3+ ResNet-50 26.68 73.81 9550 94.63 95.06 90.59 3.0753 11.9398
U-Net(ResNet) ResNet-50 32.52 85.66 9542 94.88 95.15 90.75 29864 11.5218
HRNet HRNet-W32 35.99 375.88  95.69 94.51 95.09 90.64 2.5988 11.008 7
U-Net(Swin) Swin-T 31.63 79.25 95.62 95.08 95.35 91.11 2.8317 11.0423
SegFormer MiT-B2 27.32 113.24  95.22 9554 9538 91.17 28006 10.9695
UPerNet ConvNeXt V2-T 37.02 152.90 95.34 95.06 9520 90.84 2.8945 11.3021
BuildFormer Custom ViT 40.52 233.18 9575 9525 9550 91.38 2.7641 10.5618
LMVMamba ResT 38.95 109.28  96.40 96.08 96.24 9275 2.3512  9.8463
TDFNet VMamba+VGG16 78.50 245.70  96.06 95.22 95.64 91.64 24378 11.0845
SECT-Net ResNet-50 48.46 120.48 95.93 9548 9570 91.76 2.5438 11.5122
DPB-Net ConvNeXt V2-T 45.01 126.25 97.52 96.24 96.87 93.94 20121 79276
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Tab.2 Comparative results on the Inria dataset

ZH/

i/

WiReS BT M4 4~ 0'%k P/% R/% F./% ToU/% ASD/px HDgs/px
PSPNet ResNet-50 24.30 81.57 89.47 86.60 88.01 78.59 6.9540 26.1238
DeeplLabV3+ ResNet-50 26.68 73.81 91.37 87.84 89.57 81.12 6.0087 22.3654
U-Net(ResNet) ResNet-50 32.52 85.66 90.23 88.30 89.25 80.59 6.2379 23.6776
HRNet HRNet-W32 35.99 375.88  90.10 91.57 90.10 81.99 6.2953 23.7051
U-Net(Swin) Swin-T 31.63 79.25 91.61 88.54 90.05 81.90 5.8048 21.5295
SegFormer MiT-B2 27.32 113.24  90.41 91.07 9041 82,50 57711 20.8427
UPerNet ConvNeXt V2-T 37.02 152.90 92.08 88.74 90.38 8245 53644 20.4644
BuildFormer Custom ViT 40.52 233.18 92.12 88.90 9048 82.62 5.8924 22.6491
LMVMamba ResT 38.95 109.28 91.35 90.85 91.10 83.65 5.2014 19.5328
TDFNet VMamba+VGG16 78.50 245.70  91.24 89.25 90.23 82.21 6.4437 22.8617
SECT-Net ResNet-50 48.46 120.48 91.11 89.26 90.17 82.11 6.3296 22.7759
DPB-Net ConvNeXt V2-T 45.01 126.25 91.86 91.69 91.77 84.80 5.0069 18.7204
&3 DPB-Net &HMERAHRMILI LR
Tab.3 Ablation results for the components of DPB—Net
SHiR/ R/ WHU Inria
e 104 10 F/% 10U/% ASD/px HDw/px F./% 1oU/% ASD/px  HDes/px
Base 34.88 87.98  95.45 91.29 2.6886  11.6505  90.50 82.65 5.8334  22.6013
+1GS 34.90 91.16  95.92 92.16 2.6902  11.7209  90.58 82.78 5.9271  22.7921
+DPD 41.86 95.60  96.33 92.93 25697  10.8092  91.06 83.59 5.8552  21.9843
+PCSA 41.90 108.08  96.54 93.31 2.3490 97211  91.27 83.94 5.5920  20.0215
+CARD 45.01 122.58  96.63 93.48 2.097 1 8.0124  91.69 84.66 5.0138 189467
+BAG 45.01 126.25  96.87 93.94 2.0121 7.9276  91.77 84.80 5.0069  18.7204
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Fig.7 Comparison of building extraction results on the WHU dataset
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Tab.4 Ablation results for CARD on the WHU dataset

CARDI CARD2 F/% IoU/% ASD/px HDgy/px
X X 96.54  93.31 23490 9.7211
N/ X 96.60 93.42 21629 8.5217
X N/ 96.57  93.36 2.2507 9.1286
NG N/ 96.63 9348 2.0971 8.0124
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Fig. 8 Comparison of building extraction results on the Inria dataset
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Boundary—Aware Dynamic Prototype Network for Building Extraction
from Remote Sensing Imagery

DONG Chang', GUO Zhonghua"*, ZHOU Mo', MA Quancong'
(1.School of Electronics and Electrical Engineering, Ningxia University, Yinchuan 750021, China; 2. Ningxia Key
Laboratory of Energy Electronic Measurement and Control Technology, Yinchuan 750021, China)

Abstract: To address blurred boundaries, background interference, and incomplete contour recovery in building extraction from
high-resolution remote sensing imagery, a dynamic prototype boundary-aware network (DPB-Net) is proposed. First, a parallel
cross-strip attention module is designed to capture horizontal and vertical spatial information, thereby enhancing feature
representation along building boundaries. Second, a dual-mode dynamic prototype decoder is introduced to model building-
region features and suppress interference from complex backgrounds in the segmentation results. Finally, a context-aware
reassembly decoder, together with a boundary-aware gating mechanism, progressively recovers building boundaries and local
contour details and thus improves boundary completeness in the predictions. Experiments on the WHU and Inria building
datasets show that the proposed method achieves IoU scores of 93.94% and 84.80% on the two datasets, respectively. On the
WHU dataset, it reduces the 95th-percentile Hausdorff distance (HDg;) by nearly 20% compared with existing methods,
demonstrating clear advantages in both region segmentation accuracy and boundary recovery quality; on the Inria dataset, it
attains an HDg; of 18.720 4 pixels. The proposed method effectively improves building segmentation and boundary preservation
in complex scenes.

Keywords : building extraction; high-resolution remote sensing imagery; boundary awareness; dynamic prototype;
deep learning

(TULHE 2 B0



