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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. Moreover, Dougong, a key
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element connecting columns, beams, and roof structures, embodies sophisticated construction wisdom and regional archi-
tectural characteristics accumulated over centuries. The structural configuration of Dougong is composed of multiple inter-
locking wooden elements arranged in a highly ordered and hierarchical manner, exhibiting strong geometric regularity and
pronounced directional dependency. These characteristics make Dougong not only architecturally significant but also visu-
ally complex. In real-world heritage environments, the automated recognition of Dougong faces substantial challenges.
Variations in spatial orientation, component location (corner and non-corner Dougong) , viewing angle, and scale signifi-
cantly affect visual appearance. Moreover, complex backgrounds, uneven illumination, occlusion by surrounding architec-
tural elements, and long-term material degradation further complicate accurate recognition. In particular, damaged Dou-
gong components often exhibit incomplete structures and blurred boundaries, which severely reduce the effectiveness of
conventional image recognition methods. Although deep learning techniques have been increasingly applied to cultural heri-
tage documentation and architectural analysis, numerous existing approaches primarily rely on convolutional neural net-
works. 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. Accordingly, a recognition
framework that can explicitly model directional structural information while maintaining robustness under complex environ-
mental conditions must be developed. 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. This study
aims to advance the intelligent recognition of intact and damaged Dougong components by enhancing directional feature rep-
resentation and channel-wise feature interaction, thereby supporting the digital preservation and systematic documentation
of ancient wooden architectural heritage. Method This study proposes an improved Dougong recognition framework based
on the Mask R-CNN architecture enhanced with a Swin Transformer backbone. Unlike the 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 is constructed, consisting of
3 014 carefully annotated images that include corner and non-corner Dougong instances. The dataset is collected from real
architectural environments at historically significant sites, such as Lingyin Temple and Faxisi Temple, complemented by
high-quality images from publicly accessible online repositories. The collected samples cover diverse viewpoints, spatial
scales, lighting conditions, and background environments, ensuring strong representativeness and practical applicability.
A directional coordinate attention (DIRCA) mechanism is introduced to address the limitations of conventional attention
mechanisms in capturing the directional structural characteristics of Dougong. Unlike traditional spatial or channel atten-
tion methods that treat spatial dimensions uniformly, DIRCA decomposes spatial attention into horizontal and vertical direc-
tions. This design enables the network to independently encode direction-sensitive information along orthogonal axes,
which closely corresponds to the intrinsic structural logic of Dougong, including component stacking order, load transmis-
sion paths, and repetitive decorative patterns. DIRCA improves the model’ s ability to distinguish subtle structural varia-
tions under complex background interference by explicitly strengthening the representation of direction-dependent features.
In addition, a 1D 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 1D operation, effectively minimiz-
ing computational cost while preserving channel discrimination capability. This lightweight design facilitates seamless inte-
gration 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 are conducted under
consistent experimental settings. Comparative experiments are 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 are used to assess recognition performance, stability, and robustness, with particular emphasis on cor-
ner Dougong and damaged Dougong scenarios. Result Experimental results demonstrate that the proposed
SwinE_AM_DIRCA model achieves substantial and consistent performance improvements over baseline methods across
multiple recognition tasks. The recognition performance for non-corner Dougong reaches 94. 4%, while the performance for

corner Dougong attains 89. 2%, outperforming the Swin_AM model by 6. 7% and 8. 9%, respectively. The proposed frame-
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work achieves even more pronounced improvements of 10. 8% for non-corner Dougong and 20. 4% for corner Dougong rec-
ognition compared with the conventional Mask R-CNN_ResNet50 model, highlighting the effectiveness of Transformer-
based feature extraction combined with direction-aware attention. In 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 the key structural components. 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 a reliable heritage documentation. Ablation experiments further con-
firm 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 discrimination with minimal computational
overhead. When these two modules are combined, they produce complementary effects, resulting in consistent perfor-
mance 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. The proposed SwinE_AM_DIRCA model effectively addresses the challenges posed by com-
plex morphology, strong directional characteristics, and real-world damage conditions of Dougong structures by integrating
the DIRCA mechanism and 1D-SE module into a Swin Transformer-based Mask R-CNN architecture. The primary innova-
tion of this study 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 standard and damaged
Dougong recognition tasks. Overall, this study provides an effective and practical technical solution for the intelligent rec-
ognition and digital preservation of ancient architectural components. The proposed framework contributes to the advance-
ment of deep learning applications in cultural heritage analysis and offers valuable methodological support for the systematic
documentation and sustainable protection of ancient buildings.

Key words: DIRCA; deep learning; cultural heritage ; Transformer; ancient building
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Table 1 Experimental model parameters

WHESK ZHUH

NG NN 800 x 1300 {4 %
iR AN 2

e R 36
A AdamW
2R 0.000 1

L T ok 0.05

— B IR (B) 0.9

A EIE(B) 0.999

2.2 RS54 B B SR BE 4 T

HIEAE Mask R-CNN_Swin ( 3T M % 5% ] Swin-
Tiny) FEA W5 5 S b AT S M, RSB AT
Mask R-CNN_ResNet50. Condinst_ResNet50 . Solov2_
ResNetS0 85U 47 Y1 25 - D038, A5 78 35 78 1 it
i 52 IS 3 B SO HEA I, I3 90 GE 15 f A
FRH S - HEUDRE B A ]

i 2 2 7] UL, Mask R-CNN_Swin #4554 7 3] 41 {1
BT Ss rhse AR B e A . OGRS F Y AP Y
0. 875, XF 55 47 |- HEHY AP 2 0. 734, 34 0.3 5 T HiAl
BERY , HAE & BE 25 F T (APO. 75) JL-F-35 21 43,
Ut B A I S A R R . A EEZ T, SR Swin
Transformer F Sk 32 W 2% [ 455 74 45 L F ResNet50

AR 6 B AR, Ui W Swin B2 WAL TR 7 S AL
B A A5 A 4 S HE S5 R 1 2 2R B R RUE AR 4k
AT $ TR IR BE o {45 13 2 1Y /& , Retinanet_pvt
HTSIAT PVT £ M —aERE LT T
1o A A% B AR AE R A EE BB L APO. 75 ] T A
ResNet50 R 5 A {H4T5 R K& Mask R-CNN_Swin
ZE4 P . T Condinst ., Retinanet 25 B [y B 451 I 7E
K 25 43 [l B AR, 3R WL AE 4R 22 B A i 4F
TEPEIS 31 AR T AR 2

Hy 3¢ 3 1] I, Mask R-CNN_Swin £ 5 75 3} 41 43
TS5 S TR bR L3RR . FOXF AR fh 2|4t
FVHG fa 2L HE R 205D AP 4307l 15 51 0. 876 F110. 820, %%
TRT [ 4 0. 865, B WAL T H AR

M ZF, & Swin Transformer {E 4 £+ A4
AUH R FH ResNet50 oA 3+ (1B AL LA 57 56 (1) R F
FIRBE T, AN E T M X 43 ) HEA R ) f i R S
Y5, AT B2 T+ 53 HIKS BE o 1 Condinst . SOLOv2 45
ERVLE S 2 235 0 DX 38l 114 73 50 22 SRR G 45 559 , 13 G
TEFR B LI B2 2570 0 &R 7 AR R FR

i % 4 7] UL, Mask R-CNN_Swin 7E 41 3} #£37
BT 55 P S R R 0 de AR, AR FE A - 4t AP
0. 856, THINHG £ /& , 1d WSS A0 7 25 44) 32 451 (H 48 ER AT
B AE NG DL B s A R AR B LS H) 1 R
M Z R B4 £ 31 AP R 0. 667, AKX T Resnet50
F T, T W MR AR TP AR 20 A DX S, B 34
SIS AT A BE AT A2 — o BR A

Swin Transformer %42 J5) B 7 5 1 HL i 76 AL B4
TR B SORANELL 1 T RIS E 4 fae

F2  HOUARER L

Table 2 Comparison of Dougong recognition models

EAR— 1 AP for non APO0.75 for non AP for cor APOQ.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 0.760
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

WM AR TR R 25 . Horb, APO. 75 09 1, R R SZEG b 5 £ <) 4k B AR SR I b FL Il 85dis 20, Swin 21
PR 245 i 4% 208 7 TP 4 BEAE 0 1 ToU R N SEPUAS B VC D , R 5 2 2 21 SE U0 AE % F8 A R —3, 5 3K APO. 75K
1A A R - “non” F1“ cor”™ 43 51 26 /s AE % £ X 35 (non-corner ) F1H% £ X 35 (corner) o
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Table 3 Comparison of Dougong segmentation models

FiH— 3] AP for non AP0.75 for non AP for cor APO.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

IR FRIR AN ALEE R o “non” A1 “ cor” 43 Bl 2 7m AR 5% A1 IX 38 (non-corner) A A X 38k (corner ) .

x4 BRHHAZRRXT L

Table 4 Comparison of damaged Dougong recognition models

B A —Uj1] AP for non AP0.75 for non AP for cor APO.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

IR R R BN LS5 o “non” A1 “ cor” 733l e 7m AR 5% £ IX I8, (non-corner ) F1HE £ IX 5 (corner ) .
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Table 5 Comparison of damaged Dougong segmentation models

LI — /3| AP for non APO.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
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Table 6 Comparison of attention mechanisms in Swin_AM for Dougong recognition

BRI —EUj1] 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

IR R SN A5 < “non” A1 “ cor” 73l e 7m B 5% 1 IX I, (non-corner ) A5 £ IX 35 (corner ) .
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Table 7 Comparison of attention mechanisms in Mask R-CNN_Swin_AM for Dougong segmentation

AR — 3] AP for non AP0.75 for non AP for cor AP0.75 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

H IR FRIR AN AL S5 R o “non” A1 “cor” 43I 2 7n AR 5% A1 IX 38 (non-corner ) NG A X 35k (corner ) .
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Table 8 Comparison of attention mechanisms in Mask R-CNN_Swin_AM for damaged Dougong recognition

BT —EUj1] AP for non AP0.75 for non AP for cor APO.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 0.990 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

IR R SN e A5 o “non” A1 “ cor” 73l e 7m AR 5% 1 IX I8, (non-corner ) A5 £ IX 5 (corner ) .
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Table 9 Comparison of attention mechanisms in Mask R-CNN_Swin_AM for damaged Dougong segmentation

HETR— 3 AP for non AP0.75 for non AP for cor AP0.75 for cor AR
SwinE_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
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Fig. 8 Examples of detection and segmentation results with different models
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