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Abstract: Aiming at the challenges of large scale spans, complex roof textures, and background interfer-
ence in high-resolution remote sensing imagery, which caused traditional models to suffer from internal
holes when extracting large buildings and boundary geometric feature loss for small targets, a dual-stream
network architecture integrating multi-scale local features and global spatial representations was proposed.
A hybrid network based on the fully symmetric U-Net topology was constructed. In the encoding stage, a
hierarchical feature pyramid was designed to extract multi-resolution local texture information, and a Vi-
sion Transformer module was embedded at the deepest layer (1/16 of the original spatial resolution) to ac-
complish long-range dependency modeling using a multi-head self-attention mechanism. In the decoding
stage, an adaptive dual attention recalibration mechanism was introduced, utilizing a cascaded Convolu-
tional Block Attention Module (CBAM) to suppress noise in features transferred via skip connections
from both spatial and channel dimensions, while a cross-attention module was fused to align multi-scale
features. At the network’s end, a multi-task output branch with parallel segmentation and boundary predic-
tion was constructed, which was jointly optimized by using a boundary loss function. On the WHU aerial
imagery dataset, the proposed model achieves an intersection over union (IoU) of 89.48%, an F1 score
of 94.45%, a precision of 90. 12%, and a recall of 99. 21%. Compared with the baseline U-Net architec-
ture, the IoU and F1 score are improved by 13.95% and 14.05% , respectively. On the ISPRS Potsdam
dataset with complex backgrounds, the models recall rate remains stable at 90.48%. Ablation experi-
ments demonstrate that the introduction of global self-attention module increases IoU by 6. 67 % , effective-
ly mitigating internal feature loss of the targets. With controllable computational overhead, the proposed
network architecture effectively extracts the spatial topology and local contours of multi-scale buildings,
overcoming the limitation of the local receptive field in two-dimensional convolutional models. It exhibits
significant practical deployment value in engineering applications such as urban spatial evolution monitoring
and geographic basic database updating.

Key words: building extraction; semantic segmentation; multi-head self-attention mechanism; feature re-

calibration; multi-task learning
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models on the WHU test dataset

J7 ik S FLOPs FPS ToU
U-Net 4.37 31.02 104.0  75.53
TransUNet  89.29  120.10  25.5  77.78
Swin-UNet  30.55 32.85 71.4  82.64
4l CNN 3.62 35.35  44.80  79.54
AR AT 12.63 36. 21 46.15  89.48

R iE— 25 PP A RS 0 T B A 2% R S HE B AL
RORCG AT T AR Dy e A W R 3R 5 T 1 2
B FLOPs & FPS(F£2) . U-Net 454 fii 24, #E
PR B B B (104.0 FPS) , {H ToU {2 75.53% 5
TransUNet 5| A 52 % Transformer Ji 2 & 1
% 89.29 M, #f B 3 & [% % 25. 5 FPS; Swin-UN-
et 38 3 % 1 VE & S/ 32.85 G FLOPs | ik %
71.4 FPS F182.64% IToU, 4 CNN(# % Trans-
former) Z % 7 1¥ 3. 62 M, ¥k B i J& 44. 80 FPS,
B IoU K 79. 54 % o A SCHEAUAE M HE Al 5] AR
S HERE VIT,FLOPs AU 0. 86 G, #fE B 3 JiF i
AR FEF (46,15 FPS) , ifif IoU 42 7+ & 89. 48% , &
WE T DA /N S AR A R IS 38 05 B 1 25 i it
HAw, SE80 7R B 5 808 n B

e bk Bode 48 B AR SCBEAY 5 U-Net,
FCN, DeepLabV3+, YOLOv13-seg % W 4 Jf &
JEAR X H A, SR I B F LA B R R S
[F] 3 U A~ 2k B2 25 5 Vil 25 450 A A At 5 4R B

PEfE
4.2.1

WHU £ 4% 4 7 58 3a4E

12 WHU Bt 46 b B AR S 18] 73 A1 A7 78 % S
R A B G, X X M R ik o0 R BE 4R T B

*3 WHUMILEKREEER

Tab.3 Quantitative comparison results on WHU
7k Dice  ZIfFHL  HEHE  H K
U-Net 0.8040 0.7553 0.7562 0.9971
Deepl.abV3 0.9119 0.8430 0.8698 0.9645
FCN 0.9202 0.8522 0.8814 0.9626
YOLOv13-seg 0.9026 0.8291 0.8793 0.9633
AR SRR 0.9445 0.8948 0.9012 0.9921

£ WHU B4is 45 v, B A 25 8] 43 A7 A7 76 B i
14 5 A5 B0 42, 3k it A5 AL T ad o D RE T 4 s TR
E RN 3 AR, 3 Rl U-Net K i R L
75.62% , th T =z &)/ 4 Rl o K1 s8N
HY) . A SO R 1 A A N AR AR AR
BB ik 8 B R (R B R 4 T 14,5000, &2
FEH T 13.95% . 5 YOLOv13-seg Ml ., 4 3¢
2 38 I He R T 6. 57 %6 5 5K i As T LYK
& Z B 1) DeeplabV 3+ 4 Fb , A% SC#E U 78 58 3F
P B4 5. 18% 4T+ IEM T 2R AEE N
HIL il 76 P B 32 590400 45 1) 40 40 o8 4 v Oy T 2 AT
ERH
4. 2.2 ISPRS Potsdam 3 % I3t

ISPRS Potsdam ¥4 4 & 5 & 24, B X #50
5 B e ELATUEE 32 AR GIE Y, R SO AR AL 1 3 A

*& 4 ISPRS Potsdam XLt SR EBHE R

Tab.4 Quantitative comparison results on ISPRS Potsdam

7k Dice Itk KR HRIR
U-Net 0.8376 0.7801 0.8360 0.8796
DeepLabV3  0.8419 0.7763 0.8431 0.8821
FCN 0.8405 0.7714 0.8456 0.8733
YOLOvI3-seg 0.8641 0.8064 0.8503 0.9089
AR AT 0.8711 0.8142 0.8733 0.9048
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Z) 55 R T RE T . Transformer £ 84 8 15 2 25 [ A, ToU $2 7+ 2

TEZ AL I3 A, = A X6 b 6 v AL Y 1) ToU 43 81.42% . 5 YOLOv13-seg #il Ht , A 3 #5% AU ()
Wk 78.01% ,77.63% 1 77. 14 % , ¥ 7E 78% L) ToU 42 7+ 0. 78 % , K i %42 F+ 2. 30% , W iif T A
L B AR 3 5T A 8 A BB LU A R IX SO T A % AR T S S R G SRR A B 20 g
oy B AR HES) B H AR . A SO RLE o 5] A K 4 5 3B T 4 P

' FER R BEVOICK BV Fo0NT LD

AT jiiu.u "N ESE .-']}"u.';n

e '] . e ||
Fd.n Fd LAf 4 g LIZ4

(b) FRiER (c) ARSI RS (d) U-Net (e) DeepLabV3+ (f) FCN (g) YOLOVI3
(a) Original image  (b) Label map (c) Proposed model

F5 WHU X} Heial 56l #4k 45 5 K

Fig.5 Visualized comparison results on the WHU dataset

4.3 RENESHERIEEFT TN RS SRR, R R A E 2=0.7

Ay figk RS D P B BRI ) 9K 2l R R A 5 B 485 8 7E Potsdam 3048 5 T IR Je fh 25 5 PE g
I B A% 21 T R O Rl S 0, O DUREAIE 4 HOHIL (IoU=81.42% ,Dice=87.11%) , J5 £ 52 i ¥ %
£ B8R FE AT 1 SRR 22 ok I HNZAE

3% 5 ISPRS Potsdam 5 5% & # 1L F i B 3 Lt
Tab.5 Ablation study on the loss weight for ISPRS potsdam datasett

1 % R AN .
(BLISPRS Potsdam SIE4E Jy 327 ) Dice ZI A Hfy % Al &
0.3 0. 866 4 0.8039 0.842 8 0.928 5
0.4 0. 868 6 0.808 0 0.8516 0.923 3
0.5 0.870 1 0.8110 0.858 5 0.918 1
0.6 0.8709 0.8130 0.8658 0.914 8
0.7 0.8711 0.814 2 0.873 3 0.904 8
0.8 0.8700 0.8137 0.8814 0.8934

0.9 0.8657 0.808 6 0.890 8 0.8740
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(a) 5[5 (b) FRIER () ATHEAY (d) U-Net (¢) DeepLabV3+ () FCN (g) YOLOVI3
(a) Original image  (b) Label map (c) Proposed model
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Fig. 6 Visualized comparison results on the ISPRS Potsdam datase

(a) [ (b) tRERE (c) A SCHE AL (d) U-Net (¢) DeepLabV3+ (f) FCN (8) YOLOVI3
(a) Original image  (b) Label map  (c) Proposed model
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Fig.7 Visualized comparison results on the DFC2019 dataset
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‘ (a) JRE (b) FRER (c) AR SCHELRY (d) FTransformer (&) TLIEEIHLHI () Je kAR

(a) Original image (b) Label map (c) Proposed model (d) w/o Transformer (e) w/o attention (f) w/o Output head

P18 WHU JH Fil 52 5 #%  Re Aik al 9044 HE K]

Fig. 8 Comparison of feature heatmap visualizations for ablation experiments on the WHU dataset

yr ' 177" 2
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(a) JFA (b) tREE () A CHERY (d) JCTransformer (e) TLEE LA (f) Jekan th LR
(a) Original image (b) Label map (c) Proposed model (d) w/o Transformer (e) w/o attention (f) w/o Output head
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Fig.9 Comparison of feature heatmap visualizations for ablation experiments on the ISPRS Potsdam dataset
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Tab.6 Ablation experiments on the WHU dataset
B VR 2 (DL WHU 080 45 JE k) Dice I % A [ R
R4 R Transformer 55 HL ) 0.906 0 0.8281 0.844 8 0.976 7
R B WA T ) AR (CBAM) 0.8935 0.807 4 0.8183 0.9839
bR as 0.886 3 0.7958 0.814 3 0.9721
bR EER T 0.8888 0.799 8 0.8151 0.9791
R B 24T 55 3100 S A i s =k 0.902 6 0.8226 0.8317 0.986 8
DA 7 il A R 0.944 5 0.894 8 0.901 2 0.9921

RT TEBREEZRRKERFMENFELEL (dB) 3T EE
Tab.7 Comparison of signal-to-noise ratio (SNR) of

skip connection features at different decoder levels

W AFIE CBAMAT CBAM
2% Sy PR SNR  JiSNR i

Skipl  256X256  2.53 2,44 —3.4%
Skip2  128x128  1.50 .61  +7.8%
Skip3 6464 1.54 1.81  +17.4%

(1) Jay ¥ Jo% 52 B 32 BR 51 & 1) v o0y DX 3y 284
mlﬁ%

18 RlCECHE B B 8 s, 24 51 BR Transformer 2
Pm , 289 e (ToU) TR 1 6.67% 0 M 45 2 9%
3T, 4l CNN W 2% 57 B fie KB = 42, 7 18 i
R R 3 S SF- TE E K HR JR S BR— ST T S B A
HH ST DT, AT S5 380 A v DX 550 00 g
K% . Transformer 5 + 38 o 7% 38 25 9 30 & 5 oo
FRAE , ) 4 3% 3 2 (B) 1 G 7B A T B

(2) Z REZFHEIR & 175 K 0 IR A L2 .

B8 B WU 1 ) F AR 2 AR (CBAM) Ji5 £
ARUKE B 2 90. 12% T B 2 81.83%, i A [nl %
1 H1 99.21% P& 2= 98. 39 % , 13 W 3% i He F= %
PEF T 400 1 75 50 900, R 4R T B bR 55 AR
JJ o HE—25 10 43 Al S 50 2 I, A BR 2 ) 3
JI MR E G E T L ToU 20 9 R M2 79. 58 % Al
79.98% Bk T A R R AR O 4 Hh nY BLAME T o
H T CBAM J& T 45 [8] 7 3 7 F 3 3 7 2 7 i 9
B A 450, 58 2 2 B CBAM £ [a] i 2 B P F
HAMPLED TSR B — gy S, Sy — 43 AT
B8 B2 (L0 RRAE RS IE RE 1 o B BL, 340 S T il
45 R 5 B K CBAM # B 45 3L 0 4F & 5 4 vk ¢
F 225 BT WIS T 2 ) e IR O A
o Hovp, 23 8] 55 07 38 ok 3 5 A 504 X 98

NE 055 AR B 4 T s ] 4y
A5 2 S (0 SR RE 7 5 8 T TR R 7 3 2o R R ]
SCIE TE AT REAIG TR B LT B R SR T AR AL
FERREM T H0. H L, S CBAM B, Bk BR % 4
1% 38 1 1R 2 R AE TP S RO RE AR LY S E
S 2 5 W0, S BB P R, B 4 3 Bk RS 1
TR

Ry it — 2 B AU 1 7 5 bR X Bk R 0%
22 R 0E M 75 0 09 4 L AR SO CBAM Ak 3 ip
Je 19 22 RUBE Bk B 5 AR 3 47 1% M b (SNR) 43 #7 &
5 F W, CBAM XN [AE L2 AR E R A 22 5
AR (S O I e R S (o S @ L B S
B )Z SKipLRFAE , T B bR 4077 5 35 St
1o BE RS, AT BRI A T A e Rz AT R A 35R A M
Ll 52 00T B T BE & 2% R B 3G, Skip2 i
Skip3 H1 Y 1 SUAF B & Wi i, CBAM B8 T A
2o Ak SRR O w1 17 MR G A3 4R T 7. 8 %
F17.4% . X Uk B B 5 4 % B 1 i, CBAM
fiE 0% 5 A 200 Ml 39 o EL A R AR SO SRR AR e R, I
PO SO T, TEL A2, Skipl 2 H
FALE KNS SO F RSB, T =
FEHBANEERS S ERNEREERE
M LY IR R R (2. 53 dB [ % 2. 44 dB) ,HiZ%
R AE B G SRR LA S 5 @A TR R
PRI R 3 S AR PR R R B

(3) =437 5 F By Z4E 35 R BR 2 47

TE 25 8] 4 3 A KA DFC2019 12 H0fi 4
o AR BT B 5 ToU Il % % 70.67% . %G 2
BT M 4 A B R R e S R
S I 00 0 B0 e A . TR ) R R A A B R
il 45 K a5t S W) ST 5 B R T AR R A A e
A A P HH i 2 28 7E i 2 BT b R AL (DSM)
GRS T AUKEE RGB 1] Lok
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F1R S T 24 55 R X LA AV R T B 2 i) 1] A AR
IR, X — TR TR 22 W 5 22 57 1R 2 B2 Tl
AR T O .

AT AR GE TR SC 3 HVB B TR 2 W 4 b
HEASE 5 GO Ll R AE AR B B A R B B2 T — b
J= 25 filt 4 CNN 5 Transformer ) 3 22 50 4 $2
Wty . gak Z 0005 0 PR AR BRI RS
XF IR, S DL E A

(LB ST T 75 (300 5 4 AR A R 5 %) 2 3] o o
BLH - B0 1 78 R AR o3 B R R Ak 25 18] & 4 Jy A
TR A R . L T S T R —
G T 2% I8 A7 B A2 R 5 350 R A e S ) 9 B &
Tl ) 0, 7E WHU i 42 b il it 38 Wik 1 52
BT B bR A R (99, 21%) S5 RCR A 3L
A

(2) Bk 1 XU FRAIE bR 8 X2 2% 75 S A A
M VR R - I A% 25 1) 508 E RO T 45 A i B
HB LA SR W ARG B T R I 5 R R A

S E WK
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