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Abstract: Objective Dougong is a distinctive structural and decorative component of traditional Chinese wooden architec-
ture, playing a critical role in load transfer, seismic resistance, and architectural aesthetics. As a key element connecting
columns, beams, and roof structures, Dougong embodies sophisticated construction wisdom and regional architectural char-
acteristics accumulated over centuries. Its structural configuration is composed of multiple interlocking wooden elements

arranged in a highly ordered and hierarchical manner, exhibiting strong geometric regularity and pronounced directional
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dependency. These characteristics make Dougong not only architecturally significant but also visually complex. In real-
world heritage environments, the automated recognition of Dougong faces substantial challenges. Variations in spatial ori-
entation, component location (corner and non-corner Dougong) , viewing angle, and scale significantly affect visual appear-
ance. Moreover, complex backgrounds, uneven illumination, occlusion by surrounding architectural elements, and long-
term material degradation further complicate accurate recognition. In particular, damaged Dougong components often
exhibit incomplete structures and blurred boundaries, which severely reduce the effectiveness of conventional image recog-
nition methods. Although deep learning techniques have been increasingly applied to cultural heritage documentation and
architectural analysis, many existing approaches rely primarily on convolutional neural networks. Such methods often
struggle to capture long-range dependencies and direction-sensitive structural features, limiting their adaptability to ancient
architectural components with strong directional organization. Therefore, there is a clear need for a recognition framework
that can explicitly model directional structural information while maintaining robustness under complex environmental con-
ditions. The objective of this study is to develop a robust and accurate Dougong recognition model by integrating
Transformer-based feature extraction with a novel direction-aware attention mechanism. By enhancing directional feature
representation and improving channel-wise feature interaction, this research aims to advance the intelligent recognition of
both intact and damaged Dougong components, thereby supporting the digital preservation and systematic documentation of
ancient wooden architectural heritage. Methods This study proposes an improved Dougong recognition framework based on
the Mask R-CNN architecture enhanced with a Swin Transformer backbone. Compared with traditional convolutional back-
bones, the Swin Transformer enables hierarchical feature extraction and efficient modeling of global contextual information,
which is particularly beneficial for complex architectural scenes. A dedicated Dougong dataset was constructed, consisting
of 3,014 carefully annotated images that include both corner and non-corner Dougong instances. The dataset was collected
from real architectural environments at historically significant sites such as Lingyin Temple and Faxisi Temple, comple-
mented by high-quality images from publicly accessible online repositories. The collected samples cover diverse view-
points, spatial scales, lighting conditions, and background environments, ensuring strong representativeness and practical
applicability. To address the limitations of conventional attention mechanisms in capturing the directional structural charac-
teristics of Dougong, a Directional Coordinate Attention (DIRCA) mechanism is introduced. Unlike traditional spatial or
channel attention methods that treat spatial dimensions uniformly, DIRCA decomposes spatial attention into horizontal and
vertical directions. This design enables the network to independently encode direction-sensitive information along orthogo-
nal axes, which closely corresponds to the intrinsie structural logic of Dougong, including component stacking order, load
transmission paths, and repetitive decorative patterns. By explicitly strengthening the representation of direction-
dependent features, DIRCA improves the model’ s ability to distinguish subtle structural variations under complex back-
ground interference. In addition, a one-dimensional squeeze-and-excitation (1D-SE) module is incorporated to achieve
lightweight channel recalibration. The proposed 1D-SE mechanism models inter-channel dependencies using a simplified
one-dimensional operation, effectively reducing computational cost while preserving channel discrimination capability.
This lightweight design facilitates seamless integration with the Transformer-based backbone and enhances the interaction
between global contextual features and local structural details. The DIRCA and 1D-SE modules are jointly embedded
within the Swin Transformer-enhanced Mask R-CNN framework, forming the proposed SwinE_AM_DIRCA model. Model
training and evaluation were conducted under consistent experimental settings. Comparative experiments were performed
against representative baseline models, including Mask R-CNN_ResNet50 and Swin_AM, to verify the effectiveness of the
proposed architectural improvements. Multiple evaluation metrics were used to assess recognition performance, stability,
and robustness, with particular emphasis on corner Dougong and damaged Dougong scenarios. Results Experimental
results demonstrate that the proposed SwinE_AM_DIRCA model achieves substantial and consistent performance improve-
ments over baseline methods across multiple recognition tasks. The recognition performance for non-corner Dougong
reaches 94. 4%, while the performance for corner Dougong reaches 89. 2%, outperforming the Swin_AM model by 6. 7%
and 8.9%, respectively. Compared with the conventional Mask R-CNN_ResNet50 model, the proposed framework
achieves even more pronounced improvements of 10. 8% for non-corner Dougong and 20. 4% for corner Dougong recogni-

tion, highlighting the effectiveness of Transformer-based feature extraction combined with direction-aware attention. In
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damaged Dougong recognition tasks, the proposed model exhibits strong robustness and stability. Despite challenges such
as partial occlusion, surface erosion, structural incompleteness, and background clutter commonly observed in ancient
architectural heritage sites, SwinE_AM_DIRCA maintains accurate localization and recognition of key structural compo-
nents. Qualitative visualization results further indicate that the model effectively suppresses irrelevant background features
while preserving the integrity of direction-sensitive structural information, which is crucial for reliable heritage documenta-
tion. Ablation experiments further confirm the contribution of each proposed module. The DIRCA mechanism significantly
enhances the model’s sensitivity to directional features, while the 1D-SE module improves channel-wise feature discrimina-
tion with minimal computational overhead. When combined, these two modules produce complementary effects, resulting
in consistent performance gains and improved model robustness across different Dougong types and damage conditions.
Conclusion This study presents a direction-aware and lightweight attention-enhanced deep learning framework for Dougong
recognition in ancient Chinese wooden architecture. By integrating the Directional Coordinate Attention (DIRCA) mecha-
nism and a one-dimensional squeeze-and-excitation (1D-SE) module into a Swin Transformer-based Mask R-CNN architec-
ture, the proposed SwinE_AM_DIRCA model effectively addresses the challenges posed by complex morphology, strong
directional characteristics, and real-world damage conditions of Dougong structures. The primary innovation of this work
lies in the unified modeling of direction-sensitive structural features and efficient channel recalibration, enabling improved
recognition performance and robustness without excessive computational complexity. Experimental results demonstrate that
the proposed method significantly outperforms existing baseline models in both standard and damaged Dougong recognition
tasks. Overall, this research provides an effective and practical technical solution for the intelligent recognition and digital
preservation of ancient architectural components. The proposed framework contributes to the advancement of deep learning

applications in cultural heritage analysis and offers valuable methodological support for the systematic documentation and

sustainable protection of ancient buildings.
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HERRE 22 5 b5 . M E CA, DIRCA FIG T H %
FEZS (8] J7 1) b RO 2 PR RRAE AN 2 42 )R S 2
R R R B .

1.2.4 —4EEAREMALE (1D-SE)

R T AT N — SRR IR P S g S R R G 1 R 46
FhEE L (Squeeze-and-Excitation, SE) M & Al
— 4 AR R E R I HLEI (1D-SE) (Hu %%,2018) : 1
Seoxt i A — 4ERRE BT P 9K B 3R T 4 P 1
b, Az B I % 1 4 JRii AR ) i 5 AR R A 2 A
B BNEE ¥4 I 2 Sigmoid J4G , 15 21451~ 18 AL
FB RS X B R BN AR — AR R AR A T INA, DA
IR R OGB4 B I TU AR M . 55 IR e 4 Wi i)
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WoE  E ML E] Sigmoid AR ALE I B AR
[i], 1D-SE R B T AR Ze PSS 3R TF 5005 0y s H AT
Query-Key-Value 1 H {F & A0 Lb , & {00 38 18 4 B
PEATEARSE , TR AR EEAR, DR A ORAIE A RE A ]
B 5 TERE .
1.3 RELTNIERR

W 9% 2Kk FHF 2985 BE (Average Precision, AP)#ll
-7 H K (Average Recall, AR)AE R 3 ZPEM F8
b, T AR R A Sk R e 43 S| A 5 23 B
SR TERER L .

Hor AP S e PRI [A) 4 13T ) R (AN
JE LB, mAP(mean Average Precision) 78 7E T A 28
BIECANTE ToU BIE T B9-F- 205 B2, o T 2455 PEAG
BN ARG RE Ty o AR WU ] T e A5 B 7 22 I 1 2%
PET A2 4 10K B meAs I 48 SR p S B . g
4b , MAP75 (10U=0. 75 I ) AP) FH 31l 862 R4 7 1
K BEVERC S5 T AR DU PERE

2 & R

2.1 ZWINEMSHIGE
1Z A K 35 T MMDetection 3. 3.0 #E 22

Swin Transformer ‘1 Mask R-CNN #8117 3] 4t [&]
1R, BRI 25 5 HE PR FE 7E NVIDIA GeForce
GTX 1080 Ti GPU -5 £ 5¢ 1. WZRIEGRIH 1k
800x1300 4% , ittt K /Ny 2, YNk JE I 4y 36,
I AdamW {546 % , 57 21 F4 0. 0001, £ % Uik
4 0.05,

®1 XBRISY

Table 1 Experimental model parameters

Pl = ZHUH plE= = SHUA
BB RN 800x1300 ST 0.0001
i AN 2 &2 0.05
IENGEE] 36 — B EEICRP) 0.9
AR AdamW | A EIEPB) 0999

2.2 RH 55 EHEE RGeS

W BGHIF Mask R-CNN - Swin ( £ T R 45 % Swin-
Tiny) 7E A AF 5% S5t v (9 A] S AR S8 i A T
Mask R-CNN_ResNet50. Condinst_ResNet50.
Solov2_ResNet50 S5 A5 B HE A7 Y1 24 - 3, A AL 1 7
Yt A 58 B I8 B SO AT I, 5% ff AR 5%
Ff1 31 HEFUNPRS B2 A [ 2

F2 SHHOAAERIITEE

Table 2 Comparison of Dougong Recognition Models

-] APfornon  AP0.75 fornon AP for cor APO.75 for cor AR
Mask R-CNN_Swin 0.875 0.986 0.734 1 0.849
Mask R—~CNN_ResNet50 0.836 0.977 0.688 0.801 0.833
Condinst_ResNet50 0.830 0.975 0.576 0.499 0.76
Retinanet_ResNet50 0.844 0.969 0.530 0.455 0.744
Fsaf ResNet50 0.842 0.979 0.566 0.586 0.788
Retinanet_pvt 0.833 0.976 0.686 0.945 0.803

1 7E APO. 75(ED LoU F{H R 0. 75) F , Mask R—CNN_Swin fR7EHE f 3| HE A9 AP FPIAE] 17100 %, 13X 52 i TPEAS SO0 8 s 1,
A -4k A BRTE SRR A fg H s A /b, Swin 25T RI£8 Bt & 45 28 2 ST WL H REAE B0 50 10 ToU Bk R S PG AT DC L

MJE g2 H SR AR Iz Aa bR R — 3L

F1 2 2 ) I, Mask R-CNN_Swin #5780 75 3} 41311
ST 55 th R AR R B et . OO AR A7 SF 4R AP Oy
0. 875, 4% ff SFHEMY AP Oy 0734, 34 & 25 & T HoAth
B, HAE = B A5 T (APo. 75) JLT- 3k 2 43, Ui
B ARG 5 0 1

ML Z T, K H Swin Transformer /£ K 31 % 4%
BRI HE T ResNet50 AL AL R I AL, 156 FH Swin

)2 UAR B T T HL RE T A SO A B < HE S5 1Y)
B AMR A AL, i TR GRS . (EAS
B MYZ, RetinaNet_PVT i T35 A T PVT T M 45,
FE— R AR T 6 B 2 B R Y A A e

H AP, s i T HiAth ResNet50 2 %1 B 81, fH AT A K
Mask R-CNN_Swin %545 & 8. 1 CondInst, Reti-
naNet 55 FL I BOR AU AR NG B2 5 4 [l F MR AL, 5%
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Table 3 Comparison of Dougong Segmentation Models

R3] AP for non APOQ.75 for non AP for cor APQ.75 for cor AR
Mask R—CNN_Swin 0.876 0.988 0.820 1 0.865
Mask R—-CNN_ResNet50 0.857 0.976 0.781 0.983 0.860
Condinst_ResNet50 0.757 0.851 0.722 0.888 0.806
Solov2_ResNet50 0.762 0.903 0.582 0.610 0.757
Solo_ResNet50 0.805 0.921 0.711 0.853 0.821

T APo. osh 1 B G SRR, UL 2 7R RS .

F¢3 0] W, Mask R-CNN_Swin #5575 3} 4k 73 %)
155 WA TR b 3R . HOXF AR5 A <L HE R
B A 3L BERY 23 ) AP 43 3K 5 0. 876 F1 0. 820, H A
A IIZN 0. 865, B WAL T HAIAL,

L2, % Swin Transformer YE -~ £ T

TUAL ResNet50 F2H HAT SR AYRFIEFRIRAE ST , EAS
VA 3 DX 73 S| SHAA 1 [ A 30 55 20, AT T
SYEREEE . T CondlInst .SOLOvV2 SRR AIFE &2 22 4544
DX I P 350 2 PR X 652 535, 13 L 4l 3 0 45
H R AT HAFAE SRR

R4 BWHRSHEHABIRERT L
Table 4 Comparison of Damaged Dougong

/Recognition Models
AL 5] AP for non AP0.75 for non AP for cor AP0.75 for cor AR
Mask R—~CNN_Swin 0.856 0.982 0.667 0.802 0.793
Mask R—CNN_ResNet50 0.824 0.958 0.678 0.852 0.799
Condinst_ResNet50 0.781 0.946 0.512 0.481 0.751
Retinanet_ResNet50 0.754 0.932 0.443 0.216 0.661
Fsaf_ResNet50 0.831 0.958 0.566 0.672 0.783
Retinanet_pvt 0.829 0.974 0.682 0.907 0.799

2% 4 7] DL, Mask R-CNN_Swin 7€ % 1 3 #E 35
BIAT 55 v B R SR B I AR, FLAR B A Skt AP O
0. 856, TRUIHE B2 15 , Ul WA 2 1 45 #4932 45 {EL 48 AT
BSE R LT B B A RS S F D BE T .
2 N, 8% 3k BB AP 5 0. 667, 1% ik T
ResNet50 321, Ze W] B0 b 70 52 23 A DX amlmt
FRRL P i1 R 5 20 K R RE 4T3 52— B o

Swin Transformer 4 Jay [ 13 & 77 AL il 76 b 32
FEAE SRR B AN IESE R I T R I A iR E
(R (ENTTDO DI N ¥ e PR SN U E R S DA K
EREAIA R o X LR - HE U rh, 1855 )5
FRZE A A0 A e RO AR AR R AT =k — 2B R T
R RS A0 O T 0] o

RetinaNet £ 5| A Pyramid Vision Transformer 3=

T E Sk HE A A W B A BT $2 TF, o Reti-
naNet_PVT 7£ & B E 2578 T (AP 75=0. 907) B
5, 0K H PVT AR R AR G4 — Bt 7 T v )
H A R 5 A 1 HE 0 B 4 5 b iR R MR R
Mask R-CNN_Swin,

¢ 5 7] UL, Mask R-CNN_Swin 7E fil§ #5 3} it 43
FEITE 55 45 048 AR 1 B @A T AR | JESE £ <)
HEY 53 F AP N 0. 854, 75 1 2Lk 0. 766, H& AR B
BMEEE . 5 ResNet50 3= T HE , Swin A R R4 AE
P H Y B 6 G b PR R 46 4 10 S S s e, X
Je S R 5 DX 38 14 2045 PR A2 R T TR

X FE T 25 T Swin Transformer 43 )= 3 1E &
FIMLH R A o 50 SR S 25 AN B DU 17 X5k
ST A R 4 SR SR B, NI B T BARE BE  ini Ho A

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

RS OBIRSH S RIEBIXTLE
Table 5 Comparison of Damaged Dougong

/Segmentation Models

LA 433 AP for non AP0.75 for non AP for cor APO.75 for cor AR
Mask R-CNN_Swin 0.854 0.984 0.766 0.975 0.823
Mask R—CNN_ ResNet50 0.797 0.907 0.752 0.967 0.796
Condinst_ResNet50 0.721 0.786 0.608 0.726 0.755
Solov2_ResNet50 0.708 0.867 0.512 0.526 0.682
Solo_ResNet50 0.759 0.914 0.601 0.735 0.769

ST B R AR R RO 34 S 52 B R I e o
RSB , SR SO X Sk 2. DR AR 3
LRI AR 4R @ EIRE S 00 T P2 X T A5 R 2
H bR A B 43 B 0

25 Lk 7S HERU U B oy AT S
11, Mask R-CNN_Swin 2R R B, 7EJ5 4L
WEFEH LA Mask R-CNN_Swin 7E Ay LRI HE 47 J2
Stk hik—E R TN RE0R SR PERE i 25
Fir A 3T Mask R-CNN_Swin LRI T A T fELR
B R H ShIR G B (AMP) 5 £ KB #; 37 (MS-
Crop) %R W& o BLFR A Swin_AM,

Ji 82 T A4S 3T Mask R-CNN_Swin {45 50 47 5|

A THEZRNE 1Y A SR G5 (AMP) 5 2 R 5T
(MS-Crop) H s . HEFR A Swin_AM
2.3 AEFEEANGIE S Swin AM HEEELLER

R T YR R R T B O B R 4300
TE Mask R-CNN_Swin £ 7 H1 (1) FPN 1 RPN-Head £
P AT SE.ECA.CBAM.CA . DIRCA 7 Z #LHI
A F TP swin A T 1D-SE {3 & S #LH, IF
PEAT T XSS . % 6.7 BB/R T Mask R-CNN_Swin
TR 5 R[] 3 B AL (SE .ECA .CBAM ,CA .DIRCA |
1D-SE) M54 )5 1Y 21 HERU0 43 B P RE X L, b
SwinE 182 7E Swin A 1D-SE VE& S HLHl . %8.9
JRIR T WA S HEEUN 2 BT 55 Th A MERE X L

®6 Swin AMS5AREEZ AL S TIRA LI b

Table 6 Comparison of Attention Mechanisms in Swin_AM for Dougong Recognition

LT~ 531 AP for non AP0.75 for non AP for cor APO0.75 for cor AR
SwinE_AM_DIRCA 0.944 0.988 0.892 1 0.939
SwinE_AM_CA 0.903 0.986 0.867 1 0.910
SwinE_AM_CBAM 0.898 0.985 0.802 1 0.886
SwinE_AM_ECA 0.891 0.979 0.831 1 0.909
SwinE_AM_SE 0.904 0.984 0.831 1 0.898
SwinE_AM 0.889 0.986 0.836 1 0.896
Swin_AM 0.877 0.982 0.803 1 0.885

T APo. osh 1 B SR, WL 2 7R R .

H1 2 6 1T UL, SwinE_AM 4545 DIRCA 17 J1HLH]
(RS TRAE S I 55 h R B e A . HLARSG f 31 4t
(1) AP 5 =ik 5] 0. 944, e £ 3|4k AP L35 31 0. 892,
AR 012K 0. 939, ¥ T HAh 3 2 ALK 45 .
oAt 2 R AR AR AR A AT $E T L (A
RS T DIRCA 4165, Ju A % ffy S HER ] 22 5E
iR

Swin $EHUI) 42 JR FRAE 2852 DIRCA Zb 5 , ANY
TRAe TR UM 454015 8., g5 1 Ry S se RN 2
W F [ RIAE 52 2 T L] a8 Jmy 0 e 40 1 < 4k AT
B FF R G B o AL 2 R, Hofl v 22 S L 248
HR S REAE A, X LA 7843 B AL R TR) B 2 R 4K
o, DM RE IS Eh . G5SR4 R R 5 R A
FIHFREAE FG S HE R B B B
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Table 7 Comparison of Attention Mechanisms in Swin_AM for Dougong Segmentation

431 AP for non APO0.75 for non AP for cor APO0.75 for cor AR
SwinE_AM_DIRCA 0.904 0.988 0.862 1 0.898
SwinE_AM_CA 0.887 0.982 0.853 1 0.894
SwinE_AM_CBAM 0.902 0.988 0.843 1 0.888
SwinE_AM_ECA 0.896 0.984 0.849 1 0.892
SwinE_AM_SE 0.901 0.987 0.829 1 0.885
SwinE_AM 0.901 0.986 0.856 1 0.895
Swin_AM 0.893 0.985 0.854 1 0.893

TE KT APo. s 1YBLR RSN, W3R 2 1

i 7] WL, SwinE_AM 254 DIRCA 1 2 L
(RS RLLE S| 3 BT 55 Hh R PRSI , JE 5% £ <1 4t AP
ik 3] 0.904, A 31 HE AP Jy 0. 862, B {77 [A] &K
0. 898, /& T HAE R WL G AHZE AR, H
AR B e R 55 A -8t B 43 #) 2 Bl 238 DIRCA
G B AERG FA S HEA0 T X AR

I3 ETE 55 AR B WM T FPN 22 KB H5R4E , Swin 2

T O A RERBAF A 2R R ERE B, I 5 A=
JIHLH HRETE 1 G RSO LA Yy b R A R T
DIRCA i FPN [y B3 i 1 Jay 0 2 1] 5 3 18 4 ik A
M| S, (S A TR A 52 23 DX Sl A (I 8, (LR AR 2 S A J
L ULHIR 3 B 55100 5 AR R AR B AT R ik 1
AP R OL AR I S

%8 Mask R-CNN_Swin_AM SR EEE AHF TR 385 3} $L L8 3t bk

Table 8 Comparison of Attention Mechanisms in Swin_AM for Damaged Dougong Recognition

B AP for non AP0.75 for non AP for cor AP0.75 for cor AR
SwinE_AM_DIRCA 0.936 0.990 0.873 1 0.926
SwinE_AM_CA 0.872 0.965 0.823 1 0.878
SwinE_AM_CBAM 0.899 0.987 0.777 1 0.860
SwinE_AM_ECA 0.887 0.987 0.799 1 0.877
SwinE_AM_SE 0.876 0.988 0.823 0.99 0.875
SwinE_AM 0.884 0.987 0.802 1 0.882
Swin_AM 0.869 0.976 0.771 0.956 0.861

TE KT APo. 75 VB BN, DL 2 TR

i 2¢ 8 1] L, SwinE. AM 454 DIRCA 73 & J Bl
FERE I - BER BT 55 oh R et . HARERE ff =) 4t
AP K] 0. 936, 5 /|- HE AP 4 0. 873, B {K A 0] %
0. 926, i T HAbEZE I HLHIA A o HALBIH (n
SE.ECA .CBAM .CA)TE#R 54845 A Frig A, (H#
PR T DIRCA 416, JEFLAE R, f S HERU) | 25 8E
iR

Swin F 4 th By 2 JR FRAE 28 58 FPN B B2 g A
DIRCA Ji5 , BB T AT 34 b 14 588 Jmy SR S0 B 5 22 R 45
PR L, (oA 1 7 A P 8 463 58 300 S 58 B ) - HE e

VB o B AGHIDRG B A e e v o i LAt v 2
B2 £ i TR IE A, ME LA FE 40 A 2 (R AR O &
DR L AE 401 - HE TR - SR B ath . S5 ER T, &
SR B ) S 0 1 2 4 i A I IR HHOGS Al 4 <t
PN EE

1 ¢ 9 7 UL, SwinE_AM_DIRCA 7£ 8% 461 3} it 5>
ENE 55 vh IR, e A 21 HE AP B LRl Swin A7
T2 4. 3% , HoAhFE bR HE TR BB/, BB T )
HUHIAE 73 BRSP4 A BR . LR A < HE RN £y
SRHERY 23E) AP 4354 0. 893 F10. 852, Ha A 4 [a] &

11

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

%9 Mask R-CNN_Swin AM SR EEE AHEI T4 2880 S L L6 3t bk

Table 9 Comparison of Attention Mechanisms in Swin_AM for Damaged Dougong Segmentation

FE -3 AP for non APO0.75 for non AP for cor APO.75 for cor AR
Swink_AM_DIRCA 0.893 0.987 0.852 1 0.893
SwinE_AM_CA 0.870 0.973 0.827 1 0.859
SwinE_AM_CBAM 0.879 0.986 0.829 1 0.871
SwinE_AM_ECA 0.873 0.981 0.831 1 0.862
SwinE_AM_SE 0.856 0.979 0.801 0.991 0.857
SwinE_AM 0.866 0.976 0.833 1 0.860
Swin_AM 0.867 0.987 0.809 0.995 0.858

T APo. s 1 B BRI, UL 2 FERE .

K5 0. 893, T HAWE R S 41 A . SwinE_AM_
DIRCA %54 T Swin 42 Ja F#1iE 5 FPN [ Bt DIRCA {F
B R T 2 RE R e 5 450 5 By A he
1, (RS AR 52 2 s 401 1 S HE AT PR AR AR E 1R
B EIERE . R R T ALEFE > BT S5 R T
A B, UL A BRSO B 2 AR T FPN (19 22 R REE
Bl A 1 Swin 4 R R AR R B

g B AIE T4 Y DIRCA 143 S AL ) 76 384
SRR R AF J5 T 9 A 20, R Grad-CAM XA [FH]
T T AL A A A B i) B REAE R AT AT AR

(b)

(¢) CBAM {178 y#LiH 5 (d) ECA HEEE SiLHl ; (e) SE W7 S ML

Mro W 7 B AL G0 I HLH] R R e —
g EARAE DG X 8, (H e ATy 8 R 3 i, HL 5 5%
TCRTE HBE BT

FHELZ T, DIRCA HLHITE H At 2 DX 2 8
SO AE R 1, A IR A T T 0 R i M, I
TEZS [ 5347 15 BB O T e 1) — 3k ik
S5 R, DIRCA FEFRAF BE £ ELAG 5758 1% 151 g
77, RefEAE il s o] — BT E IR E T BiRn
15040

(d)

7 SwinE_AM (1) FPN JZ Grad-CAM J3#7. (a) DIRCA FERZIHLIN 5 (b) CA R IIHLHI 5
Fig7 Grad-CAM Analysis on the FPN Layers of SwinE_AM. (a) DIRCA attention mechanism; (b) CA attention mechanism; (¢)

CBAM attention mechanism; (d) ECA attention mechanism; (e) SE attention mechanism.

P 8 S A 53 ol AN [7] 7510k e 7 A8 114 S 447 43
) g5 S 25 R R, DAL P on] i Mask RCNN_
Swin + DIRCA + 1D-SE L1 73551 285 5L rp 2| ik i)y %
TH M7, 45 R B AR SE L A L 22 F TR R Mask R-Cnn A5
RIS A, A2 A0/ INGS R U o3 BIAF AR R B . AR AT
FE—A 2 H AR UM 0 HE X R AE R
5 21 O B A A BT O il BT A Mask
RCNN_Swin + DIRCA + 1D-Se (1) 6 I 4E 45 Sy #E 5

JE IR AR A 31 Bt LA AR R g A 0 AL dke 2k 40
Bz,

3 & it
ARSCE A S BT S BRI 5 1 53

EF S5, B T —Fh 5T Swin Transformer f8) 2R 3E
Mask R-CNN # % SwinE_AM_DIRCA. % J7 i LA
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Swin Transformer 18 3T ™45, 51 A —4E & 45 306

(©ID-SE  (WID-SE ()SE ~ ()SE  (KECA (DECA

ML (1D-SE) X 38 i R E 17 E AR & , JF7F FPN 5
RPN-Head HRlG J5 o] A AR 2 1AL (DIRCA) , 43
SN 7K 55 T T ) R I AT AR, DA T 1 5 A 7Y
X S HE T ) P 2K 5 R AN T A IR

SIS SE R T %) SwinE_AM_DIRCA #%
RULERG £ 55 AR 5 A S HEUNAT 55 Th B35S T 1 351k
AEFETE, LG B B B0 T 2 T ResNet50 4% 58
Mask R-CNN #5 8 LK & 51 A B 3 2 77 BLE Y
Swin JERIIHEY ; 7B S HE S 50 R BB [Rl R R B
HRRCTR I ERE  TESE R B S AT T LA AT
B PR3 U A 36 o 43381k B B2 FHAH G A
PR AEAE S 2275 SR P 45 0 T AR TR S0 I 2%
g5, AR iAo

JRUE AR SO R AE RS0 5 4330y U T
UFBCR APATIAEAE— A — 2 Y B 4R LU L

(m) CA

SHIUE RN I, B IR RS BB A B D R
3z AL Re JIATH A RR T s IR ARG i AR U
or RIS BRI SRS BT R & . R AT E— 20
P IR IR, FREE 5 A O BT R 45 55 R AR T
% MR HERE S A B RAE A — R R

(p) CA (q) (r)

P8 ARSI I ZE R il
Figure 8 Examples of detection and segmentation results with different models. (a) and (b)Original images of damaged non-corner
and corner Dougong. (c¢) and (d) are the ground truth. (e) and (f) Result of Swin_AM. (g) and(h) Results of SwinE_AM; (i) ~(r)

Results of Swink_AM with the attention mechanisms SE, ECA, CBAM, CA, and DIRCA.
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