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Abstract

Aiming at the core challenges in wood surface defect detection, such as significant morphological
diversity, the vulnerability of micro-defects to missed detection, and interference from complex
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background textures, this paper proposes a detection method based on global and local synergistic
perception. The method adopts Swin Transformer as the backbone network, utilizing its shifted win-
dow attention mechanism to construct a hierarchical feature pyramid, which effectively captures
global contextual information and long-range dependencies of images. In synergy with the backbone,
a CTGFusion neck network is developed. Within this network, the Multi-Scale Fusion module achieves
efficient integration of multi-scale features through a lightweight MetaFormer architecture and depth-
wise separable convolutions. Meanwhile, the Channel-Wise Attention module utilizes a gating mech-
anism with spatial awareness to adaptively enhance fine defect features, effectively suppressing fea-
ture loss and smoothing issues. Experimental results demonstrate that the proposed method achieves
a precision of 0.895, a recall of 0.874, and an mAP50 of 0.916, outperforming several mainstream de-
tection models. The proposed method exhibits superior performance in detecting tiny, low-contrast
defects and adapting to complex backgrounds, providing a reliable solution for the automated quality
inspection of wood surface defects.
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Figure 1. Overall network architecture
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Figure 2. Swin Transformer network architecture
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Figure 3. MSF network architecture
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Figure 4. CWA network architecture
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Table 1. Statistics of defect categories in the dataset

® 1 BIREERIALA G

BB HRREE
Live Knot 5986
Knot with Crack 3019
Dead Knot 3615
Marrow 2106

3.2. SEEOIFEE

AR BB 5500 2 B, MRS STAT B S I, I GPU BEdutR |
A EAR AT 2410 1 5.

Table 2. Experimental environment configuration

2 LWIMERE

i & 44 7R WS
System Environment Windows 11
Central Processing Unit (CPU) 13th Genlntel (R) Core (TM) i5-13400 2.50 GHz
Memory 16 GB
Python 3.8.8
PyTorch 2.4.1+cul2l
CUDA 12.1
GPU NVIDIA GeForce RTX 2080 Ti
33. ER59H

3.3.1. HRSCIELER T
N R GEIGAUE A SC T HE R A R, FRATIEE T B R M R T B B 4R AT T — R A R
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Table 3. Comparison of ablation study results
3. IHRASLIREE R

Y FEHEZ (%) 7 [ 25 (%) MAP (0.5) (%)
YOLOv1ln 0.587 0.637 0.877
Variant 1 0.878 0.857 0.892
Variant 2 0.891 0.854 0.897
Variant 3 0.895 0.874 0.916

gh4 1 5 AE 6 T LA AR SO i st o SR R AL Y LR PERE SR AR L2 3, ATl R
Je, XFEHERIA YOLOVLIN (MPERE TR I, 12 BUTE SEACAROPE 2 THT S B A DA 55w I N T 0 Bk o 52
ek R IR, HRE#H%(0.587)5 A M1 (0.637) B8, UESE T 1G5 FUMH & M ZSAEZISAT 55 H 11 )= PRV -
TSR RO E R H RIS 2, bRl GRUZIR TR RS2 8, M DU R RS RRAE 4 5T
AR BRI BN FE IR 5 R A R 5 . RS HERRL 5] NFF MetaFormer (1) MSF
B (Variant 1), SEEIVERESCIL 7 AR . Kzt 0.587 1% 0.878, H[EI%H 0.637 1% 0.857.
PERED KERIGAE T MSF ASEHUTHIA 20 SR DL FE 0] 23 B BN A MR A 45 (1) MetaFormer
W, SEPLT R A RS B A S RS B K Z R 2 RS 78, 1E5s T
BB T B I RAERE Sy, FESRTHRARE BE (R, B PRAR T 0 ST S iR A

1.0
N Precision
I Recall 0.916
 mAP(0.5) 0.897 0.895 -
0.91 0877 o878 o2 089l 0 .87
0.858 g5 ]
0.8
&R
o
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0.5- T : -
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Figure 5. Performance comparison of ablation studies
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PEEAF BRI . RETHZ M 0.878 #2714 0.891, MAP50 JAF 0.897. JLEHE THIR B 45— BOA i
2%, (HHIE T CWA BLHAEARLERAESR IOT P E . Al e [ TR RN IR B,
BT B AR A A4k 2 ()45 S 27 T BEEEALE, 984 T XU R LU FEBRIERHE R ORBE , SCB T SRS
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42 JRVE R RAEAFE, e 28 SEEL T BRI 1 B 1) 4 THI A 56
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Figure 6. Model performance matrix
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Figure 7. Heatmap visualization
7. BRAERRNKL

XAl AR FEEE RIBINGR B, FEAETTVE B SR AR RIEOE, s I R T RO

RARAPUAFERZR LR A R b, 1088 10 Ja) A ORI AR 23 W B 1A IE 3 AR M SCBE P el i o T A

DOI: 10.12677/csa.2026.165174 179 THEAR 5 N


https://doi.org/10.12677/csa.2026.165174

CISH

SCTREMRORFE T BRI PTTHURE S0, ARSI T OB T e HAE P I e X —T7 KB T CWA T
PR R R A (R RE Sy, IR S NIREE T AR AR TIEIERE, J— T, MSF RERiE
I HET MetaFormer 28R4 ) R RUZ e 7 B R Wi IR 1 IR S8R IORG AR AL J5) SRS ML AE %3 S A DI Sk g A
RAETE X ERK.

gr Lk, BT BT SR WAL SRS AERAL AR T, A e T A SO B SR (A b
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N T PRUESEEG eV S ] E M, AR FERB I B G — T S T S E . BTG
RSFEE—HIVE N 640 x 640 153, SIZREEHBEE N 200 56 HLKK/NREN 4, 223154 0.01. Kt
)5 HEAR R 5 2 A IR B AT T X Fe S, RS T U AE SRR H B B M 28 484 . YOLO RAIA
FIpR A, 45H 7% 4.

Table 4. Comparison of experimental results
4. xPELsCe R

TR FEUHER 1% FEREIES) MAP (0.5) (%)
KAN 0.895 0.857 0.894
PPA 0.885 0.859 0.892
Fasternet 0.885 0.856 0.892
YOLOV5 0.885 0.871 0.88
YOLOV7 0.867 0.846 0.875
YOLOV8 0.893 0.841 0.877
YOLOV10 0.886 0.83 0.869
YOLOv12 0.865 0.877 0.889
Ours Method 0.895 0.874 0.916

SRAGEE SRR, ARSI VELE SEARNRA e M SR AR AT 25 Hh B B0 . TERS S8R 7T, A5
Tk F] T 0.895, 5 KAN AiEIFHIEE—, LT HARKT LA . 31X — 45 SRAlE B AR SC VR AR/ D R G 7 T
FKHLHt, BENSAE RUX oy BB G 5 E R S 5. AH%CT YOLOV7 [ 0.867 F1 YOLOV12 [f]
0.889, A ik /N kR iR mk e . R BRI L, AERE T 0.874 HIKS:,
#81d 7 KAN [ 0.857. PPA [ 0.859 &5 77, LT YOLOVS ] 0.841 1 YOLOV10 i 0.830, 1X5E
B AR SC 5 A B A 7 TR A B AR B, WA/ IS L BE B AR RO 42 e /S 5. 7EA% 4R FF mAPS0
b, ARCT7HEELL 0.916 F SR R 1T AR OB . S5 PERRIRIE KAN 1) 0.894 fHELIEF T 2.2 4
B4 5164 YOLOVS (1) 0.880 AHLLHRTH T 3.6 MNE4r . [ 8 MARAIMERERIFRIE /R T AT IE S £
WMEERZE . IR, £S48 YOLO SRABALE SEAK MM 55 h R IIAR T, RTINS 52 2 ARp
LUHERT, F mAPS0 52 R 0.88 47 . [EFEENE, RERITKAME YOLOVI2 KILH T 85015
77, ABLEARAE S it T A ST
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Figure 8. Comparison of comprehensive performance
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