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Abstract

This paper proposes a lightweight wood defect detection model, termed MADORE-Minify, which
effectively addresses the limitations of existing methods in balancing multi-scale target
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representation and parameter redundancy in wood defect detection. The overall architecture of
MADORE-Minify follows the YOLO11 framework and is further optimized and enhanced upon this
baseline.

First, the backbone network integrates the Mixed Local Channel Attention (MLCA) module to
strengthen feature extraction capability, enabling more effective detection of small-scale defects
while al-leviating semantic information loss for large-scale targets. Second, the ADown
downsampling module is employed to replace the upsampling layers, enhancing the model’s
ability to capture features at different scales, particularly in preserving fine details of small
targets. Meanwhile, this design reduces the spatial resolution of feature maps, thereby
significantly decreasing computational cost and parameter complexity. Finally, an OREPA-GENet
module is designed, which transforms nonlinear blocks into linear ones and com-presses complex
structures into a single convolutional layer during the inference stage, achieving substan-tial
model lightweighting and efficiency improvement.

Extensive experiments conducted on a public wood defect dataset demonstrate the superiority of
the proposed MADORE-Minify algorithm. Compared with several competing methods,
MADORE-Minify achieves a better balance between detection accuracy and model lightweighting.
In addition, the proposed model attains high detection accuracy with only 6.6M parameters,
validating its outstanding performance and lightweight characteristics in the field of wood defect
detection.
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VEAESR, BEA IR S bR &, A 4 M 4% (convolutional neural network, CNN)[2]5E 4t 2 5 5
P2 2 UCRFERIRE T, 1M A R AR I AT S R . CNIN X i K PR REAE B2 H R 38 5 LA
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Pk e, B bRkl B IR AL G T TARHE SR U iR 7 m 5 TR B I B i 7% . BA Faster
R-CNN A1 Mask R-CNN [4]41%# . CHEN X % \[5]F Faster R-CNN [{JAAM SR FAAG I 570 AR HE A &5
TN 15 75 2 GG o LR AL SRR IE . 2 J5 380 Gedar U SRR e p R JS SR FH Gk R R 0L 5 B
AR RS BRERE, M7 SEERBREE IR S 5 2 A7 . Shi J 2 A[6]3: T Glance 4% it i N A A 5 3347 Bk
W, SIBRTCEEEE, PUET Mask R-CNN FIIEAT 2%

SR, PRI BAS I 507k R T30 R qade DX S AR PR AIE S B A B 2% e, THERTTAHBOR, AE DU 2
RS R 5 >R . AE9 YOLO R AHoR B ARURAS, YOLO11 £ ANH A5 N T BH B 3T
& S (Cross-Stage Partial Self-Attention, C2PSA) fib, 1% HLIE T 45 & B5R BRI 4% (Cross-Stage
Partial Network) [7]'5 H{E:7 0L (Self-Attention Mechanism) [8]HIAL 5, {45 7Y fi fig T v 5 4 35 2
ERETUEE, IHFRETEBHRRBXEL, NIMHET: 70 A EREE R ALE B A ks s B .
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Figure 1. Overall Architecture of MADORE-Minify
1. MADORE-Minify & {44245
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Figure 2. Schematic structure diagram of the ADown module
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