_ Do01:10.14067/.cnki.1673-923X.2026.07.017

PRAMEHSRZ IR

Journal of Central South University of Forestry & T echnology

$4RAARLES

ISSN 1673-923X, CN 43-1470/S
(FPRAMARIKRZZRD 2026558 7H

IOARR - BUART-DETRIERAYBITCARERFESCRT NS %

£ &H: KW\ BNk BE8, F

WFSHER : 2025-06-26

SK¥E, H X e &M, & BUHR T-DETRIE BRI BITEARERFASERS G 753 A ] AP sRl Rl 5 oK

E10¢ -V
B F4R,2026,46(7):182-192.
Zhang T, Xiao H L, Yang C M, et al. Improved RT-DETR model for real-time detection of
particleboard defects[J]. Journal of Central South University of Forestry & Technology,2026,
46(7):182-192.
RIS

Recommended articles

ARMBEEE S BRI TOR 3t fe

Newly advances in wood science and technology

AT IR 705 WU B 2 e it F

Research progress on molecular mechanisms and regulation of heartwood formation in trees

H T AE-BPIE R B A A AR N A3 453 5 1R 3]
Identification of stress damage in poplar plywood based on AE-BP model

e T L AL R A o FE A8 R 45 0 e A

Nondestructive detection for falling damage of wooden pallet based on piezoelectric effect

BT PR BRI A T BRI FL IR SR P A

The detection of hole defects in the simulation of wood borer based on acoustic emission technology

FLXH v AR AROM 7025 1 e R R i
Effect of holes on the bending strengthof larchlumber


http://dx.doi.org/10.14067/j.cnki.1673-923X.2026.07.017
https://zkxb.csuft.edu.cn/#/digest?ArticleID=4086
https://zkxb.csuft.edu.cn/#/digest?ArticleID=7371
https://zkxb.csuft.edu.cn/#/digest?ArticleID=6927
https://zkxb.csuft.edu.cn/#/digest?ArticleID=6589
https://zkxb.csuft.edu.cn/#/digest?ArticleID=4125
https://zkxb.csuft.edu.cn/#/digest?ArticleID=4229

546 5 57 hREAI MR KFEFR Vol. 46 No. 7
2026 47 A Journal of Central South University of Forestry & Technology Jul. 2026

Do0i:10.14067/j.cnki.1673-923x.2026.07.017 http: //gks.csuft.edu.cn

pi#t RT-DETR R84 Y &0l 12 4R SR B SE B 42 0 77 0K

5 |, BN, #EE 3 &N BAR2 HESR
(FAbAk K Al TAZFRE, BAL ARE 150040)

#OE. LHMY M. mecE BE A T T2 bR 5 00 @180 36 s B s g v, AR v 24 5 )
TEAR AR 7= o A G ar ) 7 0 R ey 38 v s A T 18 e 5 4 A AR A 0 AS A I T R, SISO sl S T A A 1 5 i
B E AL, [J7%:] LA RT-DETR-r18 Jydk ik, F# A8 Sk JF i alits, % iFE ECG-CFNet. FSA.
MPCA 3 KA H A %P, & # SwinTransformer fil VanillaNet 25 X iR & T W&, XL ZRE, 5
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Improved RT-DETR model for real-time detection of particleboard defects

Zhang Tao, Xiao Hanlong, Yang Chunmei, Yan Jie, Zhou Liangquan, Jia Tongle

(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, Heilongjiang, China)

Abstract: [Objective] This study proposed a high-precision, high-efficiency method for surface defect detection of particleboard that
is suitable for practical industrial scenarios to address the problems of high missed detection rate, slow detection speed, and insufficient
ability to identify complex defects associated with traditional detection methods in current particleboard production, thereby achieving
a dual optimization of detection accuracy and real-time performance. [ Method] Based on RT-DETR-r18, ablation experiments were
conducted using the control variable method to verify the effectiveness of the three key modules: ECG-CFNet, FSA, and MPCA.
Several mainstream lightweight backbone networks, including Swin Transformer and VanillaNet, were substituted for comparison of
their training performance. The improved model was further compared with SSD, Faster-RCNN, YOLO series, and the original RT-
DETR to validate its superiority. Key indicators such as mAP@50 and GFLOPs were adopted, combined with performance curves, PR
curves, and visualization results, to comprehensively evaluate the detection accuracy, efficiency, and industrial applicability of the model.

[Result] Comparison experimental results on standard defect image datasets show that the proposed improved algorithm achieves
91.9% in terms of mean detection accuracy (mAP@50), which is 2.9% higher than the original RT-DETR-r18 model. At the same time,
the number of parameters of the model and the computational complexity are both decreased, which suggests that while guaranteeing
the improvement of the detection accuracy, the detection efficiency is optimized as well. Specifically, in the detection of typical defect
types such as cracks, shavings and black spots, both show higher recognition rates and lower false alarm rates. [ Conclusion] The
improved RT-DETR algorithm significantly improves the accuracy and real-time performance of particleboard surface defect detection
while maintaining low computational resource consumption, and has strong industrial deployability and application prospects.
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Fig. 1 Particleboard surface defect inspection system
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HEZ N 4 096 px 14 B H #b 4 & H AL W) o F 1K
(Complementary metal-oxide-semiconductor,
CMOS) A& & 2%, H XAT I [A] 4E 38 X 43 (Time
delay integration, TDI) i3 ¢ =ik 80 kHz [
1780, AZICRST 7 ums FAC 45 Sk g MVL-
AF3528M-M42, 35 mm € £ 8% 3k, Ot [ F2.8 ~
F16.0. a8, MbL23em A 745 mm, AH
USRI EE 1 350 mm, 45 :L3E B T Wb &1
JEURK A LED £ 14063k, A5 4 CST-2LPG1500-
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(L BIBE AL 2 54 . B TEEE AR -

a UIFTs b Ul o R4 d. BB e WlIVT. a. Concave depression; b. Wood shavings; c. Crack defect; d. Black spot; e. Oil stain.

B2 STEREREERSG
Fig.2 Examples of particleboard defects
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Table 1 Breakdown of data sets

PIT=N IrE=N
E1 S s K PG Hs
Number of Number of
. Label name .
images images

PR A4 FR
Label name

U3¢ Concave depression 475 PATT Black spot 778

fll1€ Wood shavings 1247 Y5 Oil stain 1 164
2447 Black streak 660
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CCFMD) , 42 REEFRFEF#0h BG R F 51, [
WS R BN UE R IR B, SIS
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Fig.3 Improvement of the RT-DETR network structure
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(b) ELGCAMIHELGCA module

(¢) CGLUMBCGLU module

©. stz (. Zagim: ). Brii: Q). EEARE.
@. Concatenation; @ . Element-wise addition; @ . Element-wise multiplication; @ . Attention weight generation.

4 i ECG-CFNet T/ 4%
Fig. 4 Improvement of ECG-CFNet backbone network
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Fig.5 MPCA-Down module
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Table 2 Improved model ablation experiments

_— R Accura‘ci/ . _— :ﬁ“f(ﬁl %E E'lllesource conz:r?p:f)n
Model/Module mAP@50 mAP@50 - 95 Ptﬁegifn fl_{‘cljaf {TGF I]_EO%Si Paramiffi X 10°

ResNet-18 0.893 0.447 0.917 0.864 57.0 19.88
ECG-CFNet 0.907 0.453 0918 0.886 42.9 12.83
MPCA 0.908 0.462 0.924 0.882 65.1 20.80
FSA 0.906 0.455 0919 0.878 57.0 22.56
MPCA+FSA 0.915 0.460 0.921 0.890 65.1 25.94
ECG-CFNet+MPCA 0.910 0.459 0.928 0.879 S51.1 13.75
ECG-CFNet+FSA 0.885 0.443 0.902 0.870 44.6 17.84
ECG-CFNet+tMPCA+FSA 0.919 0.461 0.928 0.895 511 18.89

TR A2 A T T R R R T

The values in bold represent the best performance among all models for the corresponding column. The same below.
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Table 3 Comparison of training results of different backbone network models

FETM%

K Accuracy

PR #E Resource consumption

Backbone network mAP@30 mAP@50 - 95 P)Ir%eifiﬁ;fn Efaf (%Gi]JHEO%SE Param%t%gi} X 10°
ResNet-18 0.893 0.447 0.917 0.864 57 19.88
SwinTransformer 0.873 0.427 0.903 0.851 97 36.32
VanillaNet 0.883 0.441 0.909 0.866 110.1 21.72
Timm 0.861 0.416 0.894 0.839 23.6 9.55
FasterNet 0.889 0.447 0.911 0.869 28.5 10.81
EfficientFormerV2 0.896 0.448 0.914 0.883 29.5 11.80
ECG-CFNet 0.907 0.453 0.918 0.886 429 12.83
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Table 4 Comparative experiments of different algorithms
ik K Accuracy ZHURMHE Resource Consumption X% Efficiency
Ao . i Al T SHE SR
£ mAP@30  mAP@S0 - 95 Precision Recall GFLOPs Parameters /X 10° FPS
SSD 0.861 0.416 0.894 0.839 113 28.33 72
Faster R-CNN 0.776 0.372 0.876 0.787 156 15.62 59
YOLOV3-Tiny 0.898 0.452 0.908 0.882 12.9 8.67 187
YOLOVSI1 0.900 0.441 0.917 0.876 479 20.87 145
YOLOIlm 0.910 0.459 0.928 0.879 68.2 20.06 113
RT-DETR-r18 0.893 0.447 0.917 0.864 57.0 19.88 153
RT-DETR-Our 0.919 0.461 0.928 0.895 51.1 18.89 138
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Fig. 8 Visualization results
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