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Exploring efficient, precise, and cross-domain adaptable wood defect detection algorithms is essential for ad-
vancing automation and ensuring reliability in industrial quality inspection. To overcome the limitations of 
existing approaches, including difficulties in modeling complex defect morphologies, handling large-scale vari-
ations, and addressing data scarcity, this paper presents an enhanced solution that integrates the YOLOv12-
SMD algorithm with a multi-stage transfer learning paradigm. Specifically, considering the shortcomings of 
YOLOv12 in aspect ratio modeling, feature representation, and information retention under fixed interpola-
tion sampling, three improvements are introduced. Firstly, the Shape-Intersection over Union (Shape-IoU) 
loss function enhances sensitivity to variations in width, height, and center offsets. Secondly, the Mixed Lo-
cal-Channel Attention (MLCA) module strikes a balance between global dependency modeling and local sa-
liency extraction. Thirdly, dynamic upsampling (DySample) alleviates the loss of tiny details. To overcome the 
limitations of small sample sizes and distributional discrepancies across domain settings, a multi-stage trans-
fer learning strategy is employed to achieve feature alignment and enhance generalisation. Experimental re-
sults demonstrate that on preprocessed source domain datasets, YOLOv12-SMD increases the baseline mean 
Average Precision at IoU of 0.5 (mAP@50) from 77.9% to 80.8%, outperforming other sophisticated detectors. 
On the two target domain datasets, the incorporation of multi-stage transfer learning paradigm improves 
mAP@50 by 4.8% and 9.4%, respectively, while reducing training time by 16.7% and 34.2%. Multiple runs con-
firm the stability of these improvements. In conclusion, the proposed paradigm strikes an optimal balance of 
accuracy, efficiency, and robustness across various domains, providing an effective and intelligent solution for 
wood defect detection in industrial quality inspection.
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1. Introduction
Wood, as a vital renewable structural and decorative 
material, plays a critical role in guaranteeing safe-
ty, economic effectiveness, and standardization in 
construction, furniture manufacturing, and prefab-
ricated production [30]. Common defects include 
blue stain, cracks, dead knots, missing knots, and 
resin pockets [8], which arise from growth environ-
ments, pest infestations, and processing techniques. 
These defects not only reduce load-bearing capacity 
and cause machining failures but also lead to inac-
curate grading and resource waste. Traditionally, 
wood defect inspection has relied on manual visu-
al examination. However, the complex wood grain 
structures, characterized by strong anisotropy, illu-
mination variability, and moisture-induced texture 
changes, significantly increase inspection difficulty. 
Consequently, manual inspection depends heavily 
on individual experience and subjective judgment, 
resulting in low efficiency, inconsistent accuracy, 
and poor reproducibility. These inherent limitations 
render traditional manual inspection inadequate for 
large-scale and high-throughput industrial quality 
control, thereby necessitating the development of 
accurate, robust, and automated wood defect detec-
tion methods[29]. 
With advances in deep learning, wood defect detec-
tion has attracted growing research interest, and 
data-driven object detection algorithms have been 
widely adopted to address challenges related to com-
plex textures, scale variation, and irregular defect 
geometries [31]. From a methodological perspective, 
these algorithms are generally categorized into one-
stage [17] and two-stage [16] detection frameworks. 
Two-stage methods follow a decoupled detection 
paradigm, in which region proposal generation is 
first performed, followed by fine-grained classifi-
cation and bounding box regression. Owing to their 
strong representation capacity and precise localiza-
tion, such methods are well known for achieving high 
detection accuracy. Representative approaches in-
clude the Faster Region-based Convolutional Neural 
Network (Faster R-CNN) [18] and Mask R-CNN [9], 
both of which have been extensively applied to wood 
defect detection tasks. Zou et al. [35] enhanced Fast-
er R-CNN by integrating an improved ResNet-50 
backbone, Focal Loss, and Soft Non-Maximum Sup-

pression (Soft-NMS), resulting in a 6.76% accuracy 
improvement on a large-scale wood defect dataset. 
Shi et al. [19] combined neural architecture search 
with a multi-channel Mask R-CNN framework, 
enabling high-precision defect detection through 
preselection, feature fusion, and instance segmen-
tation, and achieved 98.7% classification accuracy 
and 95.31% mean Average Precision (mAP) on an 
industrial veneer dataset while improving detection 
speed. Li et al. [13] proposed a generative data aug-
mentation framework based on CycleGAN coupled 
with a hierarchical deformable Mask R-CNN, which 
alleviated class imbalance and enhanced the detec-
tion and segmentation of irregular defects such as 
cracks and insect holes, achieving 84.4% detection 
accuracy and 82.8% segmentation accuracy at an In-
tersection over Union (IoU) threshold of 0.5. Despite 
their superior accuracy and detailed instance-level 
representation, two-stage detection methods are 
often constrained by high computational complex-
ity, limited real-time performance, and insufficient 
recall for small-scale or elongated defects, which re-
stricts their applicability in high-throughput indus-
trial inspection scenarios.
In contrast to two-stage detectors, one-stage de-
tection algorithms adopt an end-to-end regression 
paradigm that directly predicts object categories 
and bounding boxes, thereby significantly improving 
inference speed and deployment efficiency. Among 
them, the YOLO (You Only Look Once) series has 
become one of the most representative frameworks 
and has been extensively applied in wood defect 
detection tasks. Benefiting from unified feature ex-
traction and prediction, YOLO-based methods are 
particularly suitable for high-throughput indus-
trial inspection scenarios that require real-time 
performance and lightweight deployment. Lopes et 
al. [15] applied YOLOv3 to the Southern Pine knot 
dataset and achieved an mAP at IoU 0.5 (mAP@0.5) 
of 0.80, demonstrating the feasibility of end-to-end 
detection frameworks for wood defect recognition. 
Fang et al. [7] employed YOLOv5 for automated 
knot detection in sawn timber and, by incorporat-
ing Mosaic data augmentation and the GIoU loss 
function, achieved F1 scores of 91.7% and 97.7% on 
two public datasets, outperforming both YOLOv3-
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SPP and Faster R-CNN. An et al. [2] proposed the 
CWB-YOLOv8 algorithm and reported a 3.5% im-
provement in mAP@50 over the original YOLOv8 
on a multi-species, multi-defect dataset, although 
the enhanced feature extraction capability was ac-
companied by increased inference latency. Kang et 
al. [12] introduced CFIS-YOLO, which strengthened 
multi-scale feature fusion and tiny-object localiza-
tion, achieving an inference speed of 135 frames per 
second on edge devices together with a 4% accura-
cy gain. Jiang et al. [11] presented YOLOv11n-CBP 
for wood crack detection, improving mAP@50 from 
70.6% to 86.4% while reducing the model size to 4.2 
MB and reaching 416 FPS, thereby achieving a favor-
able balance between efficiency and accuracy. De-
spite these advances, existing YOLO-based methods 
still encounter notable challenges in wood defect 
detection scenarios. On the one hand, complex de-
fect morphologies, extreme aspect ratios, and strong 
texture interference pose difficulties for accurate 
localization and robust feature representation, par-
ticularly for small-scale or elongated defects. On 
the other hand, industrial inspection environments 
are characterized by continuously evolving defect 
patterns and data distributions, which limits the ef-
ficiency and practicality of repeatedly training mod-
els from scratch. These challenges highlight the need 
for more effective strategies to enhance adaptability 
and robustness when applying YOLO-based detec-
tors to real-world wood defect inspection tasks.
To address the challenges of limited labeled data and 
continuously evolving defect distributions in indus-
trial inspection, the integration of transfer learning 
with YOLO-based object detectors has been exten-
sively investigated. By leveraging knowledge learned 
from large-scale source domains, transfer learning 
aims to accelerate convergence and improve detec-
tion performance under small-sample conditions 
[34]. As a result, numerous studies have explored the 
combination of transfer learning and YOLO frame-
works for defect detection tasks. Situ et al. [20] 
incorporated transfer learning into YOLOv2 and 
systematically compared eleven pretrained feature 
extractors, demonstrating improved accuracy and 
IoU performance, although complex defects such 
as cracks and root intrusions remained challenging. 
Situ et al. [21] applied transfer learning to YOLOv5s 
pretrained on COCO and optimized it through prun-

ing for sewer defect detection, significantly reduc-
ing computational cost while preserving accuracy, 
though robustness for small targets was still lim-
ited. Zhu et al. [33] applied transfer learning with 
optimized YOLO to subsurface defect detection in 
radar data, confirming effectiveness under sparse 
labeling, though high interference still caused false 
detections. Dubey et al. [6] analyzed the impact of 
input resolution and network depth in YOLOv5 
transfer learning using COCO and GC10-DET as 
source domains, showing that deeper models like 
YOLOv5x enhanced detection stability but at pro-
hibitive computational cost for lightweight deploy-
ment. However, most current YOLO-based transfer 
learning approaches adopt pretraining schemes 
based on generic visual datasets, including ImageN-
et and COCO. Owing to the lack of wood-specific 
semantic structures and textural characteristics in 
these datasets, the transferred representations may 
not adequately capture the distinctive properties of 
wood defects, thereby limiting cross-domain gener-
alization in industrial inspection tasks. This issue 
suggests that more domain-aware transfer strate-
gies are required to improve practical applicability. 
Motivated by the above limitations, this study con-
centrates on two closely related aspects of wood de-
fect detection. First, existing YOLO detectors still 
exhibit notable deficiencies when applied to wood 
defect inspection, particularly in effectively han-
dling complex defect morphologies, extreme aspect 
ratios, and fine-grained texture variations. These 
limitations constrain detection accuracy and robust-
ness in real industrial environments. To overcome 
these challenges, an enhanced detection algorithm, 
termed YOLOv12-SMD, is developed to strengthen 
feature representation, improve localization preci-
sion, and better adapt to the complex surface charac-
teristics of wood materials. Second, although trans-
fer learning has been widely adopted to alleviate 
data scarcity, conventional transfer strategies often 
fail to effectively accommodate the progressive evo-
lution and domain-specific characteristics of wood 
defect data. Models initialized from generic source 
domains still face difficulties in achieving stable 
generalization and efficient adaptation under limit-
ed target-domain samples. To overcome this issue, a 
multi-stage transfer learning paradigm is introduced 
to progressively align feature representations across 
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domains and improve training efficiency and robust-
ness in practical deployment scenarios. By integrat-
ing YOLOv12-SMD with the proposed multi-stage 
transfer learning paradigm, the resulting framework 
simultaneously addresses architectural limitations 
and data scarcity challenges, enabling accurate, ro-
bust, and efficient wood defect detection in dynamic 
industrial environments.
The primary contributions of this work are the fol-
lowing:
1	 This paper presents the YOLOv12-SMD algorithm, 

which is intended to overcome significant chal-
lenges in wood defect detection, including complex 
defect morphologies, large-scale variations, and 
vulnerability to texture interference. To this end, 
the method introduces the Shape-Intersection 
over Union (Shape-IoU) loss function, which en-
hances boundary delineation for irregular defects, 
incorporates the Mixed Local-Channel Attention 
(MLCA) attention mechanism to improve feature 
discrimination under complex textural conditions, 
and integrates the dynamic upsampling (DySam-
ple) dynamic upsampling strategy to optimize 
cross-scale fusion of features while preserving 
fine-grained information.

2	 To overcome the challenges of limited annotated 
samples and significant cross-domain distribution 
differences in wood defect detection, a multi-stage 
transfer learning paradigm is developed. Instead of 
relying on generic public datasets for pretraining, 
this paradigm learns generalizable representa-
tions from wood-related source domains, followed 
by gradual fine-tuning in the target domain to ac-
commodate distribution discrepancies. Combined 
with an optimization strategy, this staged transfer 
process enables faster convergence and improved 
performance, effectively enhancing the model’s 
generalization capability and robustness in wood 
defect inspection tasks.

3	 This paper validates the proposed YOLOv12-SMD 
algorithm within a multi-stage transfer learning 
paradigm using three wood defect datasets. Results 
demonstrate that this approach maintains high de-
tection performance and stability in complex sce-
narios, significantly advancing the automation and 
intelligence of wood quality inspection. It also pro-
vides a generalizable technical pathway for surface 
defect detection.

The remainder of this paper is organized as follows. 
Section 2 details the proposed YOLOv12-SMD algo-
rithm. Section 3 describes the multi-stage transfer 
learning paradigm. Section 4 provides detailed ex-
perimental settings and systematic result analysis. 
Finally, Section 5 concludes this research.

2. YOLOv12-SMD Algorithm
2.1. Overall Architecture
As the latest instalment in the YOLO series, 
YOLOv12 [22] emphasises the integration of at-
tention mechanisms. It leverages the advantages of 
attention to enhance detection performance while 
maintaining inference speeds comparable to those 
of conventional CNN-based models. Although the 
typical YOLOv12 algorithm achieves strong perfor-
mance in general object detection tasks, it has sig-
nificant limitations in wood defect detection. These 
include the insufficient adaptability of localization 
regression to extreme aspect ratios and small ob-
jects, loss of fine-grained texture features at higher 
semantic levels, and low spatial alignment accuracy 
during cross-scale feature fusion. To overcome these 
challenges, this study presents an enhanced version 
of YOLOv12, referred to as YOLOv12-SMD. The 
overall architecture of the improved model is shown 
in Figure 1. First, to address the limitations of the 
CIoU loss function, namely its weak gradient sensi-
tivity to short-edge offsets and limited effectiveness 
in regressing small objects, which often results in 
poor alignment between predicted and ground-truth 
boundaries, this paper introduces the Shape-IoU 
loss function [28]. By incorporating aspect ratio 
and scale weights of the ground-truth box into the 
regression process, this method enhances the mod-
el’s ability to capture extreme shapes and accurately 
delineate small-target boundaries. Second, given the 
strong texture directionality and low contrast inher-
ent in wood images, the backbone network often fails 
to preserve fine-grained defect cues and to establish 
effective position-aware channel dependencies at 
deeper semantic stages. To address this, the MLCA 
module [23] is embedded with high-level feature 
representations, thereby strengthening both chan-
nel interactions and local texture saliency modeling. 
It significantly improves feature discriminability 



Information Technology and Control 2026/2/55384

while mitigating background interference. Finally, 
in the neck network, fixed interpolation-based up-
sampling can cause boundary blurring and spatial 
misalignment during multi-scale fusion, thereby re-
ducing detection performance for small objects and 
elongated cracks. To resolve this issue, the DySample 
dynamic upsampling method [14] is adopted. Build-
ing on bilinear initialization, DySample introduc-
es learnable offsets to achieve more precise cross-
scale feature alignment and finer structural fidelity. 
Through these three improvements, YOLOv12-SMD 
enhances localization accuracy, improves recall for 
small objects, and strengthens adaptability to com-
plex and irregular defect morphologies, while main-
taining computational efficiency.

gression stability, and increases recall for small ob-
jects, while boosting overall detection performance 
and robustness, all without altering the underlying 
detection framework.
In this study, the proposed Shape-IoU loss replaces 
the original CIoU loss function. Beyond the tradition-
al IoU, Shape-IoU introduces a shape-scale-aware 
weight derived from the width-to-height ratio and 
scale information of objects, thereby imposing aniso-
tropic constraints in both horizontal and vertical di-
rections. Since objects with different scales exhibit 
significantly different sensitivities to center offset 
errors, it is necessary to normalize the offset penalty 
to achieve consistent optimization across scales. To 
this end, horizontal and vertical scale weighting coef-
ficients, denoted as and ωω, are hh introduced to en-
sure comparability of center offset constraints across 
different object scales, as defined in Equation (1):
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, (1)

where, ωgt and hgt denote the width and height of the 
ground-truth bounding box, respectively. The pa-
rameter scale is a predefined hyperparameter that 
controls the sensitivity of the weighting coefficients 
to object size variations. 
By incorporating these scale-aware coefficients, 
the shape-aware center offset term is expressed in 
Equation (2): 

!"!$3-)4'5678$97::$

T6!L55'!'#2#$0!'#0#$0%56B!013;#04!4=$@!14!$31$W4B!
2%:1<#605=4!3#4%6B!16'!#';#!'#2#$04!520#6!/544#44!
<%6=0#! '%<#64%564B! #J03#<#! 14/#$0! 310%54B! 16'!
$5</:#J! D5=6'13A! ;#5<#03%#4I! ?@#4#!
$@131$0#3%40%$4!%</54#!403%6;#60!3#M=%3#<#604!56!
D5=6'%6;!D5J!3#;3#44%56!1$$=31$AI!956&#60%561:!
9T5FKD14#'! :544! 2=6$0%564! 13#! %64=22%$%#60! %6!
4=$@!4$#613%54B!14!0@#A!21%:!05!#22#$0%&#:A!$1/0=3#!
0@#! ;#5<#03%$! /35/#30%#4! 52! %33#;=:13:A! 4@1/#'!
013;#04!16'!403=;;:#!05!$@131$0#3%X#!&13%10%564!%6!
D5=6'13A!253<!16'!4$1:#I!?@%4!<%4<10$@!3#'=$#4!
0@#!1$$=31$A!52!1:%;6<#60!D#0L##6!/3#'%$0#'!16'!
;35=6'K03=0@! D5=6'%6;! D5J#4I! ?5! 1''3#44! 0@%4!
:%<%010%56B!0@%4!40='A!/3#4#604!0@#!>@1/#KT5F!:544!
2=6$0%56! _(-`I!eA!#J/:%$%0:A!<5'#:%6;! 0@#!14/#$0!
310%5!16'!4$1:#!1003%D=0#4!52!;35=6'K03=0@!D5J#4B!
>@1/#KT5F! 1//:%#4! 16%45035/%$! 16'! 1'1/0%&#!
/#61:0%#4!1$3544!'%22#3#60!53%#6010%564!16'!4$1:#4I!
?@%4! '#4%;6! #6@16$#4! :5$1:%X10%56! 1$$=31$AB!
%</35&#4! 3#;3#44%56! 401D%:%0AB! 16'! %6$3#14#4!
3#$1::! 253! 4<1::! 5Da#$04B! L@%:#! D5540%6;! 5&#31::!
'#0#$0%56! /#3253<16$#! 16'! 35D=406#44B! 1::!
L%0@5=0! 1:0#3%6;! 0@#! =6'#3:A%6;! '#0#$0%56!
231<#L53WI!

T6! 0@%4! 40='AB! 0@#! /35/54#'! >@1/#KT5F! :544!
3#/:1$#4!0@#!53%;%61:!9T5F!:544!2=6$0%56I!e#A56'!
0@#! 031'%0%561:! T5FB! >@1/#KT5F! %6035'=$#4! 1!
4@1/#K4$1:#K1L13#! L#%;@0! '#3%&#'! 235<! 0@#!
L%'0@K05K@#%;@0! 310%5! 16'! 4$1:#! %6253<10%56! 52!
5Da#$04B!0@#3#DA!%</54%6;!16%45035/%$!$564031%604!
%6!D50@!@53%X5601:!16'!&#30%$1:!'%3#$0%564I!>%6$#!
5Da#$04!L%0@!'%22#3#60!4$1:#4!#J@%D%0!4%;6%2%$160:A!
'%22#3#60!4#64%0%&%0%#4!05!$#60#3!5224#0!#33534B!%0!%4!
6#$#4413A! 05! 653<1:%X#! 0@#! 5224#0! /#61:0A! 05!
1$@%#&#!$564%40#60!5/0%<%X10%56!1$3544!4$1:#4I!?5!
0@%4!#6'B!@53%X5601:!16'!&#30%$1:!4$1:#!L#%;@0%6;!
$5#22%$%#604B! '#650#'! 14 16' B! 13#!
%6035'=$#'! 05! #64=3#! $5</131D%:%0A! 52! $#60#3!
5224#0!$564031%604!1$3544!'%22#3#60!5Da#$0!4$1:#4B!14!
'#2%6#'!%6!EM=10%56! U,VG!

B! !
U,V!

L@#3#B 16' '#650#!0@#!L%'0@!16'!@#%;@0!52!
0@#! ;35=6'K03=0@! D5=6'%6;! D5JB! 3#4/#$0%&#:AI!
?@#! /131<#0#3 %4! 1! /3#'#2%6#'!
@A/#3/131<#0#3! 0@10! $56035:4! 0@#! 4#64%0%&%0A! 52!
0@#! L#%;@0%6;! $5#22%$%#604! 05! 5Da#$0! 4%X#!
&13%10%564I! !

eA! %6$53/5310%6;! 0@#4#! 4$1:#K1L13#! $5#22%$%#604B!
0@#!4@1/#K1L13#!$#60#3!5224#0! 0#3<!%4!#J/3#44#'!
%6!EM=10%56! U(VG! !

B!
U(V!

L@#3# 16' '#650#! 0@#! $#60#3!

$553'%610#4! 52! 0@#! /3#'%$0#'! 16'! ;35=6'K03=0@!
D5J#4B! 3#4/#$0%&#:AB! 16' 3#/3#4#604! 0@#!
'%1;561:! :#6;0@! 52! 0@#%3! <%6%<=<! #6$:54%6;!
3#$016;:#B! =4#'! 253! 653<1:%X10%56I! ?@%4!
253<=:10%56! %</54#4! '%3#$0%56K4#64%0%&#!
/#61:0%#4!56!$#60#3!5224#04B!#61D:%6;!16%45035/%$!
$564031%604! 1:56;! 0@#! @53%X5601:! 16'! &#30%$1:!
'%3#$0%564I! !

?5! 2=30@#3! $1/0=3#! '%4$3#/16$%#4! %6! L%'0@! 16'!
@#%;@0B!>@1/#KT5F!%60#;310#4!1!4@1/#!$564%40#6$A!
0#3<B!#J/3#44#'!%6!EM=10%56! U]VG!

B! ! ! U]V!

L@#3# 16' 3#/3#4#60! L#%;@0#'! 3#:10%&#!
#33534! %6! 0@#! L%'0@! 16'! @#%;@0! '%3#$0%564B!
3#4/#$0%&#:AB!14!'#2%6#'!%6!EM=10%56! U8VG!

I! ! ! ! ! ! ! ! U8V!

?@%4! 4@1/#! $564%40#6$A! 0#3<! 1;;3#;10#4!L%'0@K
@#%;@0! '%4$3#/16$%#4! 0@35=;@! 16! #J/56#60%1:!
410=310%56! 2=6$0%56B! L@%$@! /3#&#604! ;31'%#60!
5&#3K1</:%2%$10%56!=6'#3!:13;#!'#&%10%564!L@%:#!
<1%601%6%6;!4#64%0%&%0A!253!4<1::!'#&%10%564I!?@#!
@A/#3/131<#0#3 $56035:4! 0@#! '#;3##! 52!
656:%6#13! 4$1:%6;I! S%61::AB! 0@#! $5</:#0#! >@1/#K
T5F!:544!2=6$0%56!%4!'#2%6#'!%6!EM=10%56! U*VG!

B! U*V!

L@#3#! 0@#! $5#22%$%#60! )I*! %4! 1! /3#'#2%6#'!
L#%;@0%6;!21$053!=4#'!05!D1:16$#!0@#!$5603%D=0%56!
52! 0@#! 4@1/#! $564%40#6$A! 0#3<! '=3%6;!
5/0%<%X10%56I!

O&#31::B! 0@#! >@1/#KT5F! :544! $564%404! 52! 0@3##!
$5</:#<#6013A! $5</56#604G! 0@#! T5F! 0#3<!
#64=3#4! 4/10%1:! 5&#3:1/! D#0L##6! /3#'%$0#'! 16'!
;35=6'K03=0@! D5J#4B! 0@#! 4@1/#K1L13#! $#60#3!
5224#0! 0#3<! #6253$#4! '%3#$0%56K4#64%0%&#!
:5$1:%X10%56! $564031%604! 16'! 0@#! 4@1/#!
$564%40#6$A!0#3<!3#%6253$#4!;#5<#03%$!$5@#3#6$#!
%6! L%'0@i@#%;@0! 3#:10%564@%/4I! ?5;#0@#3B! 0@#4#!
$5</56#604!A%#:'!%</35&#'!3#;3#44%56!401D%:%0A!
16'!:5$1:%X10%56!1$$=31$AB!/130%$=:13:A!253!4<1::K
4$1:#! 16'! #:56;10#'! '#2#$04B! L@%:#! 3#<1%6%6;!
$5</=010%561::A! #22%$%#60! 16'! 2=::A! $5</10%D:#!
L%0@!NOPO&,(!3#;3#44%56!@#1'4I!

!";$<9=+$<7>0*'$

S%6#K;31%6#'! L55'! '#2#$0! '#0#$0%56! 520#6!
%6&5:&#4! $5</:#J! 0#J0=3#4B! @#0#35;#6#5=4!
D1$W;35=6'4B! 16'! 013;#04! L%0@! 4<1::! 4/10%1:!
#J0#604!53!#:56;10#'!403=$0=3#4I!R#2#$04!4=$@!14!
$31$W4B! 3#4%6! 2%:1<#604B! 16'! #';#! %33#;=:13%0%#4!
0A/%$1::A! 1$0%&10#! 40356;! 3#4/564#4! 56:A! L%0@%6!

!! !!

( )
( ) ( )

( )
( ) ( )

! !
"

!"#$% !"#$%&' &'

!"#$% !"#$% !"#$% !"#$%&' &' &' &'

(
((

( (

!
!!

! !

" "
= =

+ +

!"! !"#

!"#$%

( ) ( )! !! !" "!"#$% &' &'
( ( ( ()*!'#+(% "" , , ( - - (!!= " # + " #

( )!! !" # ( )!!" !"
# #$ %

!

( )
!
" ! #!"#$%&

! #
&

!"

"

!#

=

$ = # =%

!! !!

( )

( )

!"# $

!"# $

!"

!"

!"

# !"

##

# #

# #

!

! !
!

! !

! !!

" #
$ = %
$$
&

#$
= %$

$'

!

! "#$!"#$% !"#$%
&"#$% '()* '() +,!-#./%! = ! + + "#

!"!$3-)4'5678$97::$

T6!L55'!'#2#$0!'#0#$0%56B!013;#04!4=$@!14!$31$W4B!
2%:1<#605=4!3#4%6B!16'!#';#!'#2#$04!520#6!/544#44!
<%6=0#! '%<#64%564B! #J03#<#! 14/#$0! 310%54B! 16'!
$5</:#J! D5=6'13A! ;#5<#03%#4I! ?@#4#!
$@131$0#3%40%$4!%</54#!403%6;#60!3#M=%3#<#604!56!
D5=6'%6;!D5J!3#;3#44%56!1$$=31$AI!956&#60%561:!
9T5FKD14#'! :544! 2=6$0%564! 13#! %64=22%$%#60! %6!
4=$@!4$#613%54B!14!0@#A!21%:!05!#22#$0%&#:A!$1/0=3#!
0@#! ;#5<#03%$! /35/#30%#4! 52! %33#;=:13:A! 4@1/#'!
013;#04!16'!403=;;:#!05!$@131$0#3%X#!&13%10%564!%6!
D5=6'13A!253<!16'!4$1:#I!?@%4!<%4<10$@!3#'=$#4!
0@#!1$$=31$A!52!1:%;6<#60!D#0L##6!/3#'%$0#'!16'!
;35=6'K03=0@! D5=6'%6;! D5J#4I! ?5! 1''3#44! 0@%4!
:%<%010%56B!0@%4!40='A!/3#4#604!0@#!>@1/#KT5F!:544!
2=6$0%56! _(-`I!eA!#J/:%$%0:A!<5'#:%6;! 0@#!14/#$0!
310%5!16'!4$1:#!1003%D=0#4!52!;35=6'K03=0@!D5J#4B!
>@1/#KT5F! 1//:%#4! 16%45035/%$! 16'! 1'1/0%&#!
/#61:0%#4!1$3544!'%22#3#60!53%#6010%564!16'!4$1:#4I!
?@%4! '#4%;6! #6@16$#4! :5$1:%X10%56! 1$$=31$AB!
%</35&#4! 3#;3#44%56! 401D%:%0AB! 16'! %6$3#14#4!
3#$1::! 253! 4<1::! 5Da#$04B! L@%:#! D5540%6;! 5&#31::!
'#0#$0%56! /#3253<16$#! 16'! 35D=406#44B! 1::!
L%0@5=0! 1:0#3%6;! 0@#! =6'#3:A%6;! '#0#$0%56!
231<#L53WI!

T6! 0@%4! 40='AB! 0@#! /35/54#'! >@1/#KT5F! :544!
3#/:1$#4!0@#!53%;%61:!9T5F!:544!2=6$0%56I!e#A56'!
0@#! 031'%0%561:! T5FB! >@1/#KT5F! %6035'=$#4! 1!
4@1/#K4$1:#K1L13#! L#%;@0! '#3%&#'! 235<! 0@#!
L%'0@K05K@#%;@0! 310%5! 16'! 4$1:#! %6253<10%56! 52!
5Da#$04B!0@#3#DA!%</54%6;!16%45035/%$!$564031%604!
%6!D50@!@53%X5601:!16'!&#30%$1:!'%3#$0%564I!>%6$#!
5Da#$04!L%0@!'%22#3#60!4$1:#4!#J@%D%0!4%;6%2%$160:A!
'%22#3#60!4#64%0%&%0%#4!05!$#60#3!5224#0!#33534B!%0!%4!
6#$#4413A! 05! 653<1:%X#! 0@#! 5224#0! /#61:0A! 05!
1$@%#&#!$564%40#60!5/0%<%X10%56!1$3544!4$1:#4I!?5!
0@%4!#6'B!@53%X5601:!16'!&#30%$1:!4$1:#!L#%;@0%6;!
$5#22%$%#604B! '#650#'! 14 16' B! 13#!
%6035'=$#'! 05! #64=3#! $5</131D%:%0A! 52! $#60#3!
5224#0!$564031%604!1$3544!'%22#3#60!5Da#$0!4$1:#4B!14!
'#2%6#'!%6!EM=10%56! U,VG!

B! !
U,V!

L@#3#B 16' '#650#!0@#!L%'0@!16'!@#%;@0!52!
0@#! ;35=6'K03=0@! D5=6'%6;! D5JB! 3#4/#$0%&#:AI!
?@#! /131<#0#3 %4! 1! /3#'#2%6#'!
@A/#3/131<#0#3! 0@10! $56035:4! 0@#! 4#64%0%&%0A! 52!
0@#! L#%;@0%6;! $5#22%$%#604! 05! 5Da#$0! 4%X#!
&13%10%564I! !

eA! %6$53/5310%6;! 0@#4#! 4$1:#K1L13#! $5#22%$%#604B!
0@#!4@1/#K1L13#!$#60#3!5224#0! 0#3<!%4!#J/3#44#'!
%6!EM=10%56! U(VG! !

B!
U(V!

L@#3# 16' '#650#! 0@#! $#60#3!

$553'%610#4! 52! 0@#! /3#'%$0#'! 16'! ;35=6'K03=0@!
D5J#4B! 3#4/#$0%&#:AB! 16' 3#/3#4#604! 0@#!
'%1;561:! :#6;0@! 52! 0@#%3! <%6%<=<! #6$:54%6;!
3#$016;:#B! =4#'! 253! 653<1:%X10%56I! ?@%4!
253<=:10%56! %</54#4! '%3#$0%56K4#64%0%&#!
/#61:0%#4!56!$#60#3!5224#04B!#61D:%6;!16%45035/%$!
$564031%604! 1:56;! 0@#! @53%X5601:! 16'! &#30%$1:!
'%3#$0%564I! !

?5! 2=30@#3! $1/0=3#! '%4$3#/16$%#4! %6! L%'0@! 16'!
@#%;@0B!>@1/#KT5F!%60#;310#4!1!4@1/#!$564%40#6$A!
0#3<B!#J/3#44#'!%6!EM=10%56! U]VG!

B! ! ! U]V!

L@#3# 16' 3#/3#4#60! L#%;@0#'! 3#:10%&#!
#33534! %6! 0@#! L%'0@! 16'! @#%;@0! '%3#$0%564B!
3#4/#$0%&#:AB!14!'#2%6#'!%6!EM=10%56! U8VG!

I! ! ! ! ! ! ! ! U8V!

?@%4! 4@1/#! $564%40#6$A! 0#3<! 1;;3#;10#4!L%'0@K
@#%;@0! '%4$3#/16$%#4! 0@35=;@! 16! #J/56#60%1:!
410=310%56! 2=6$0%56B! L@%$@! /3#&#604! ;31'%#60!
5&#3K1</:%2%$10%56!=6'#3!:13;#!'#&%10%564!L@%:#!
<1%601%6%6;!4#64%0%&%0A!253!4<1::!'#&%10%564I!?@#!
@A/#3/131<#0#3 $56035:4! 0@#! '#;3##! 52!
656:%6#13! 4$1:%6;I! S%61::AB! 0@#! $5</:#0#! >@1/#K
T5F!:544!2=6$0%56!%4!'#2%6#'!%6!EM=10%56! U*VG!

B! U*V!

L@#3#! 0@#! $5#22%$%#60! )I*! %4! 1! /3#'#2%6#'!
L#%;@0%6;!21$053!=4#'!05!D1:16$#!0@#!$5603%D=0%56!
52! 0@#! 4@1/#! $564%40#6$A! 0#3<! '=3%6;!
5/0%<%X10%56I!

O&#31::B! 0@#! >@1/#KT5F! :544! $564%404! 52! 0@3##!
$5</:#<#6013A! $5</56#604G! 0@#! T5F! 0#3<!
#64=3#4! 4/10%1:! 5&#3:1/! D#0L##6! /3#'%$0#'! 16'!
;35=6'K03=0@! D5J#4B! 0@#! 4@1/#K1L13#! $#60#3!
5224#0! 0#3<! #6253$#4! '%3#$0%56K4#64%0%&#!
:5$1:%X10%56! $564031%604! 16'! 0@#! 4@1/#!
$564%40#6$A!0#3<!3#%6253$#4!;#5<#03%$!$5@#3#6$#!
%6! L%'0@i@#%;@0! 3#:10%564@%/4I! ?5;#0@#3B! 0@#4#!
$5</56#604!A%#:'!%</35&#'!3#;3#44%56!401D%:%0A!
16'!:5$1:%X10%56!1$$=31$AB!/130%$=:13:A!253!4<1::K
4$1:#! 16'! #:56;10#'! '#2#$04B! L@%:#! 3#<1%6%6;!
$5</=010%561::A! #22%$%#60! 16'! 2=::A! $5</10%D:#!
L%0@!NOPO&,(!3#;3#44%56!@#1'4I!

!";$<9=+$<7>0*'$

S%6#K;31%6#'! L55'! '#2#$0! '#0#$0%56! 520#6!
%6&5:&#4! $5</:#J! 0#J0=3#4B! @#0#35;#6#5=4!
D1$W;35=6'4B! 16'! 013;#04! L%0@! 4<1::! 4/10%1:!
#J0#604!53!#:56;10#'!403=$0=3#4I!R#2#$04!4=$@!14!
$31$W4B! 3#4%6! 2%:1<#604B! 16'! #';#! %33#;=:13%0%#4!
0A/%$1::A! 1$0%&10#! 40356;! 3#4/564#4! 56:A! L%0@%6!

!! !!

( )
( ) ( )

( )
( ) ( )

! !
"

!"#$% !"#$%&' &'

!"#$% !"#$% !"#$% !"#$%&' &' &' &'

(
((

( (

!
!!

! !

" "
= =

+ +

!"! !"#

!"#$%

( ) ( )! !! !" "!"#$% &' &'
( ( ( ()*!'#+(% "" , , ( - - (!!= " # + " #

( )!! !" # ( )!!" !"
# #$ %

!

( )
!
" ! #!"#$%&

! #
&

!"

"

!#

=

$ = # =%

!! !!

( )

( )

!"# $

!"# $

!"

!"

!"

# !"

##

# #

# #

!

! !
!

! !

! !!

" #
$ = %
$$
&

#$
= %$

$'

!

! "#$!"#$% !"#$%
&"#$% '()* '() +,!-#./%! = ! + + "#

 
, (2)

where (xc, yc) and (xc
gt, yc

gt) denote the center coor-
dinates of the predicted and ground-truth boxes, 
respectively, and c represents the diagonal length 
of their minimum enclosing rectangle, used for 
normalization. This formulation imposes direc-
tion-sensitive penalties on center offsets, enabling 
anisotropic constraints along the horizontal and 
vertical directions. 
To further capture discrepancies in width and 
height, Shape-IoU integrates a shape consistency 
term, expressed in Equation (3):

Figure 1
Overall architecture of the YOLOv12-SMD model.

'#&#:5/#'I! T640#1'!52!3#:A%6;!56!;#6#3%$!/=D:%$!
'1014#04! 253! /3#031%6%6;B! 0@%4! /131'%;<! :#1364!
;#6#31:%X1D:#!3#/3#4#6010%564!235<!L55'K3#:10#'!
45=3$#!'5<1%64B!25::5L#'!DA!;31'=1:!2%6#K0=6%6;!
%6! 0@#! 013;#0! '5<1%6! 05! 1$$5<<5'10#!
'%403%D=0%56! '%4$3#/16$%#4I! 95<D%6#'! L%0@! 16!
5/0%<%X10%56! 40310#;AB! 0@%4! 401;#'! 031642#3!
/35$#44! #61D:#4! 2140#3! $56&#3;#6$#! 16'!
%</35&#'! /#3253<16$#B! #22#$0%&#:A! #6@16$%6;!
0@#! <5'#:h4! ;#6#31:%X10%56! $1/1D%:%0A! 16'!
35D=406#44!%6!L55'!'#2#$0!%64/#$0%56!014W4I!

U]V!?@%4!/1/#3!&1:%'10#4!0@#!/35/54#'!NOPO&,(K
>QR! 1:;53%0@<! L%0@%6! 1! <=:0%K401;#! 031642#3!
:#136%6;! /131'%;<! =4%6;! 0@3##! L55'! '#2#$0!
'1014#04I!"#4=:04!'#<5640310#!0@10!0@%4!1//351$@!
<1%601%64! @%;@! '#0#$0%56! /#3253<16$#! 16'!
401D%:%0A! %6! $5</:#J! 4$#613%54B! 4%;6%2%$160:A!
1'&16$%6;! 0@#! 1=05<10%56! 16'! %60#::%;#6$#! 52!
L55'! M=1:%0A! %64/#$0%56I! T0! 1:45! /35&%'#4! 1!
;#6#31:%X1D:#! 0#$@6%$1:! /10@L1A! 253! 4=321$#!
'#2#$0!'#0#$0%56I!

?@#! 3#<1%6'#3! 52! 0@%4! /1/#3! %4! 53;16%X#'! 14!
25::5L4I! >#$0%56! (! '#01%:4! 0@#! /35/54#'!
NOPO&,(K>QR! 1:;53%0@<I! >#$0%56! ]! '#4$3%D#4!
0@#! <=:0%K401;#! 031642#3! :#136%6;! /131'%;<I!
>#$0%56!8!/35&%'#4!'#01%:#'!#J/#3%<#601:!4#00%6;4!
16'!4A40#<10%$!3#4=:0!161:A4%4I!S%61::AB!>#$0%56!*!
$56$:='#4!0@%4!3#4#13$@I!

!

2.!YOLOv12-SMD Algorithm 
!"#$%&'()**$+(,-./',/0('!

.4! 0@#! :10#40! %6401:<#60! %6! 0@#! NOPO! 4#3%#4B!
NOPO&,(! _((`! #</@14%4#4! 0@#! %60#;310%56! 52!
100#60%56! <#$@16%4<4I! T0! :#&#31;#4! 0@#!
1'&1601;#4! 52! 100#60%56! 05! #6@16$#! '#0#$0%56!
/#3253<16$#!L@%:#!<1%601%6%6;!%62#3#6$#!4/##'4!
$5</131D:#!05!0@54#!52!$56&#60%561:!9bbKD14#'!
<5'#:4I! .:0@5=;@! 0@#! 0A/%$1:! NOPO&,(!
1:;53%0@<! 1$@%#&#4! 40356;! /#3253<16$#! %6!
;#6#31:!5Da#$0!'#0#$0%56! 014W4B! %0!@14! 4%;6%2%$160!
:%<%010%564! %6! L55'! '#2#$0! '#0#$0%56I! ?@#4#!
%6$:='#! 0@#! %64=22%$%#60! 1'1/01D%:%0A! 52!
:5$1:%X10%56! 3#;3#44%56! 05! #J03#<#! 14/#$0! 310%54!

16'! 4<1::! 5Da#$04B! :544! 52! 2%6#K;31%6#'! 0#J0=3#!
2#10=3#4! 10! @%;@#3! 4#<160%$! :#&#:4B! 16'! :5L!
4/10%1:! 1:%;6<#60! 1$$=31$A! '=3%6;! $3544K4$1:#!
2#10=3#! 2=4%56I! ?5! 5&#3$5<#! 0@#4#! $@1::#6;#4B!
0@%4! 40='A! /3#4#604! 16! #6@16$#'! &#34%56! 52!
NOPO&,(B! 3#2#33#'! 05! 14! NOPO&,(K>QRI! ?@#!
5&#31::! 13$@%0#$0=3#! 52! 0@#! %</35&#'! <5'#:! %4!
4@5L6! %6! S%;=3#! ,I! S%340B! 05! 1''3#44! 0@#!
:%<%010%564!52!0@#!9T5F!:544!2=6$0%56B!61<#:A!%04!
L#1W! ;31'%#60! 4#64%0%&%0A! 05! 4@530K#';#! 5224#04!
16'! :%<%0#'! #22#$0%&#6#44! %6! 3#;3#44%6;! 4<1::!
5Da#$04B! L@%$@! 520#6! 3#4=:04! %6! /553! 1:%;6<#60!
D#0L##6! /3#'%$0#'! 16'! ;35=6'K03=0@!
D5=6'13%#4B!0@%4!/1/#3!%6035'=$#4!0@#!>@1/#KT5F!
:544!2=6$0%56!_(-`I!eA!%6$53/5310%6;!14/#$0!310%5!
16'! 4$1:#!L#%;@04!52! 0@#!;35=6'K03=0@!D5J! %605!
0@#!3#;3#44%56!/35$#44B!0@%4!<#0@5'!#6@16$#4!0@#!
<5'#:h4! 1D%:%0A! 05! $1/0=3#! #J03#<#! 4@1/#4! 16'!
1$$=310#:A! '#:%6#10#! 4<1::K013;#0! D5=6'13%#4I!
>#$56'B! ;%&#6! 0@#! 40356;! 0#J0=3#! '%3#$0%561:%0A!
16'! :5L!$5603140! %6@#3#60! %6!L55'! %<1;#4B! 0@#!
D1$WD56#! 6#0L53W! 520#6! 21%:4! 05! /3#4#3&#! 2%6#K
;31%6#'! '#2#$0! $=#4! 16'! 05! #401D:%4@! #22#$0%&#!
/54%0%56K1L13#!$@166#:!'#/#6'#6$%#4!10!'##/#3!
4#<160%$! 401;#4I! ?5! 1''3#44! 0@%4B! 0@#! QP9.!
<5'=:#!_(]`!%4!#<D#''#'!L%0@!@%;@K:#&#:!2#10=3#!
3#/3#4#6010%564B! 0@#3#DA! 403#6;0@#6%6;! D50@!
$@166#:! %60#31$0%564! 16'! :5$1:! 0#J0=3#! 41:%#6$A!
<5'#:%6;I! T0! 4%;6%2%$160:A! %</35&#4! 2#10=3#!
'%4$3%<%61D%:%0A! L@%:#! <%0%;10%6;! D1$W;35=6'!
%60#32#3#6$#I!S%61::AB! %6!0@#!6#$W!6#0L53WB!2%J#'!
%60#3/5:10%56KD14#'! =/41</:%6;! $16! $1=4#!
D5=6'13A! D:=33%6;! 16'! 4/10%1:! <%41:%;6<#60!
'=3%6;! <=:0%K4$1:#! 2=4%56B! 0@#3#DA! 3#'=$%6;!
'#0#$0%56! /#3253<16$#! 253! 4<1::! 5Da#$04! 16'!
#:56;10#'! $31$W4I! ?5! 3#45:&#! 0@%4! %44=#B! 0@#!
RA>1</:#!'A61<%$!=/41</:%6;!<#0@5'! _,8`! %4!
1'5/0#'I! e=%:'%6;! 56! D%:%6#13! %6%0%1:%X10%56B!
RA>1</:#!%6035'=$#4!:#1361D:#!5224#04!05!1$@%#&#!
<53#! /3#$%4#! $3544K4$1:#! 2#10=3#! 1:%;6<#60! 16'!
2%6#3! 403=$0=31:! 2%'#:%0AI! ?@35=;@! 0@#4#! 0@3##!
%</35&#<#604B! NOPO&,(K>QR! #6@16$#4!
:5$1:%X10%56! 1$$=31$AB! %</35&#4! 3#$1::! 253! 4<1::!
5Da#$04B!16'!403#6;0@#64!1'1/01D%:%0A!05!$5</:#J!
16'! %33#;=:13! '#2#$0! <53/@5:5;%#4B! L@%:#!
<1%601%6%6;!$5</=010%561:!#22%$%#6$AI!

!

1.20('$#$

O&#31::!13$@%0#$0=3#!52!0@#!NOPO&,(K>QR!<5'#:I!

! !
2.2. Shape-IoU Loss
In wood defect detection, targets such as cracks, fil-
amentous resin, and edge defects often possess min-
ute dimensions, extreme aspect ratios, and complex 
boundary geometries. These characteristics impose 
stringent requirements on bounding box regression 
accuracy. Conventional CIoU-based loss functions 
are insufficient in such scenarios, as they fail to ef-
fectively capture the geometric properties of irreg-
ularly shaped targets and struggle to characterize 
variations in boundary form and scale. This mis-
match reduces the accuracy of alignment between 
predicted and ground-truth bounding boxes. To ad-
dress this limitation, this study presents the Shape-
IoU loss function [28]. By explicitly modeling the as-
pect ratio and scale attributes of ground-truth boxes, 
Shape-IoU applies anisotropic and adaptive pen-
alties across different orientations and scales. This 
design enhances localization accuracy, improves re-
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, (3)

where ωω and ωh represent weighted relative errors 
in the width and height directions, respectively, as 
defined in Equation (4):

!"!$3-)4'5678$97::$

T6!L55'!'#2#$0!'#0#$0%56B!013;#04!4=$@!14!$31$W4B!
2%:1<#605=4!3#4%6B!16'!#';#!'#2#$04!520#6!/544#44!
<%6=0#! '%<#64%564B! #J03#<#! 14/#$0! 310%54B! 16'!
$5</:#J! D5=6'13A! ;#5<#03%#4I! ?@#4#!
$@131$0#3%40%$4!%</54#!403%6;#60!3#M=%3#<#604!56!
D5=6'%6;!D5J!3#;3#44%56!1$$=31$AI!956&#60%561:!
9T5FKD14#'! :544! 2=6$0%564! 13#! %64=22%$%#60! %6!
4=$@!4$#613%54B!14!0@#A!21%:!05!#22#$0%&#:A!$1/0=3#!
0@#! ;#5<#03%$! /35/#30%#4! 52! %33#;=:13:A! 4@1/#'!
013;#04!16'!403=;;:#!05!$@131$0#3%X#!&13%10%564!%6!
D5=6'13A!253<!16'!4$1:#I!?@%4!<%4<10$@!3#'=$#4!
0@#!1$$=31$A!52!1:%;6<#60!D#0L##6!/3#'%$0#'!16'!
;35=6'K03=0@! D5=6'%6;! D5J#4I! ?5! 1''3#44! 0@%4!
:%<%010%56B!0@%4!40='A!/3#4#604!0@#!>@1/#KT5F!:544!
2=6$0%56! _(-`I!eA!#J/:%$%0:A!<5'#:%6;! 0@#!14/#$0!
310%5!16'!4$1:#!1003%D=0#4!52!;35=6'K03=0@!D5J#4B!
>@1/#KT5F! 1//:%#4! 16%45035/%$! 16'! 1'1/0%&#!
/#61:0%#4!1$3544!'%22#3#60!53%#6010%564!16'!4$1:#4I!
?@%4! '#4%;6! #6@16$#4! :5$1:%X10%56! 1$$=31$AB!
%</35&#4! 3#;3#44%56! 401D%:%0AB! 16'! %6$3#14#4!
3#$1::! 253! 4<1::! 5Da#$04B! L@%:#! D5540%6;! 5&#31::!
'#0#$0%56! /#3253<16$#! 16'! 35D=406#44B! 1::!
L%0@5=0! 1:0#3%6;! 0@#! =6'#3:A%6;! '#0#$0%56!
231<#L53WI!

T6! 0@%4! 40='AB! 0@#! /35/54#'! >@1/#KT5F! :544!
3#/:1$#4!0@#!53%;%61:!9T5F!:544!2=6$0%56I!e#A56'!
0@#! 031'%0%561:! T5FB! >@1/#KT5F! %6035'=$#4! 1!
4@1/#K4$1:#K1L13#! L#%;@0! '#3%&#'! 235<! 0@#!
L%'0@K05K@#%;@0! 310%5! 16'! 4$1:#! %6253<10%56! 52!
5Da#$04B!0@#3#DA!%</54%6;!16%45035/%$!$564031%604!
%6!D50@!@53%X5601:!16'!&#30%$1:!'%3#$0%564I!>%6$#!
5Da#$04!L%0@!'%22#3#60!4$1:#4!#J@%D%0!4%;6%2%$160:A!
'%22#3#60!4#64%0%&%0%#4!05!$#60#3!5224#0!#33534B!%0!%4!
6#$#4413A! 05! 653<1:%X#! 0@#! 5224#0! /#61:0A! 05!
1$@%#&#!$564%40#60!5/0%<%X10%56!1$3544!4$1:#4I!?5!
0@%4!#6'B!@53%X5601:!16'!&#30%$1:!4$1:#!L#%;@0%6;!
$5#22%$%#604B! '#650#'! 14 16' B! 13#!
%6035'=$#'! 05! #64=3#! $5</131D%:%0A! 52! $#60#3!
5224#0!$564031%604!1$3544!'%22#3#60!5Da#$0!4$1:#4B!14!
'#2%6#'!%6!EM=10%56! U,VG!

B! !
U,V!

L@#3#B 16' '#650#!0@#!L%'0@!16'!@#%;@0!52!
0@#! ;35=6'K03=0@! D5=6'%6;! D5JB! 3#4/#$0%&#:AI!
?@#! /131<#0#3 %4! 1! /3#'#2%6#'!
@A/#3/131<#0#3! 0@10! $56035:4! 0@#! 4#64%0%&%0A! 52!
0@#! L#%;@0%6;! $5#22%$%#604! 05! 5Da#$0! 4%X#!
&13%10%564I! !

eA! %6$53/5310%6;! 0@#4#! 4$1:#K1L13#! $5#22%$%#604B!
0@#!4@1/#K1L13#!$#60#3!5224#0! 0#3<!%4!#J/3#44#'!
%6!EM=10%56! U(VG! !

B!
U(V!

L@#3# 16' '#650#! 0@#! $#60#3!

$553'%610#4! 52! 0@#! /3#'%$0#'! 16'! ;35=6'K03=0@!
D5J#4B! 3#4/#$0%&#:AB! 16' 3#/3#4#604! 0@#!
'%1;561:! :#6;0@! 52! 0@#%3! <%6%<=<! #6$:54%6;!
3#$016;:#B! =4#'! 253! 653<1:%X10%56I! ?@%4!
253<=:10%56! %</54#4! '%3#$0%56K4#64%0%&#!
/#61:0%#4!56!$#60#3!5224#04B!#61D:%6;!16%45035/%$!
$564031%604! 1:56;! 0@#! @53%X5601:! 16'! &#30%$1:!
'%3#$0%564I! !

?5! 2=30@#3! $1/0=3#! '%4$3#/16$%#4! %6! L%'0@! 16'!
@#%;@0B!>@1/#KT5F!%60#;310#4!1!4@1/#!$564%40#6$A!
0#3<B!#J/3#44#'!%6!EM=10%56! U]VG!

B! ! ! U]V!

L@#3# 16' 3#/3#4#60! L#%;@0#'! 3#:10%&#!
#33534! %6! 0@#! L%'0@! 16'! @#%;@0! '%3#$0%564B!
3#4/#$0%&#:AB!14!'#2%6#'!%6!EM=10%56! U8VG!

I! ! ! ! ! ! ! ! U8V!

?@%4! 4@1/#! $564%40#6$A! 0#3<! 1;;3#;10#4!L%'0@K
@#%;@0! '%4$3#/16$%#4! 0@35=;@! 16! #J/56#60%1:!
410=310%56! 2=6$0%56B! L@%$@! /3#&#604! ;31'%#60!
5&#3K1</:%2%$10%56!=6'#3!:13;#!'#&%10%564!L@%:#!
<1%601%6%6;!4#64%0%&%0A!253!4<1::!'#&%10%564I!?@#!
@A/#3/131<#0#3 $56035:4! 0@#! '#;3##! 52!
656:%6#13! 4$1:%6;I! S%61::AB! 0@#! $5</:#0#! >@1/#K
T5F!:544!2=6$0%56!%4!'#2%6#'!%6!EM=10%56! U*VG!

B! U*V!

L@#3#! 0@#! $5#22%$%#60! )I*! %4! 1! /3#'#2%6#'!
L#%;@0%6;!21$053!=4#'!05!D1:16$#!0@#!$5603%D=0%56!
52! 0@#! 4@1/#! $564%40#6$A! 0#3<! '=3%6;!
5/0%<%X10%56I!

O&#31::B! 0@#! >@1/#KT5F! :544! $564%404! 52! 0@3##!
$5</:#<#6013A! $5</56#604G! 0@#! T5F! 0#3<!
#64=3#4! 4/10%1:! 5&#3:1/! D#0L##6! /3#'%$0#'! 16'!
;35=6'K03=0@! D5J#4B! 0@#! 4@1/#K1L13#! $#60#3!
5224#0! 0#3<! #6253$#4! '%3#$0%56K4#64%0%&#!
:5$1:%X10%56! $564031%604! 16'! 0@#! 4@1/#!
$564%40#6$A!0#3<!3#%6253$#4!;#5<#03%$!$5@#3#6$#!
%6! L%'0@i@#%;@0! 3#:10%564@%/4I! ?5;#0@#3B! 0@#4#!
$5</56#604!A%#:'!%</35&#'!3#;3#44%56!401D%:%0A!
16'!:5$1:%X10%56!1$$=31$AB!/130%$=:13:A!253!4<1::K
4$1:#! 16'! #:56;10#'! '#2#$04B! L@%:#! 3#<1%6%6;!
$5</=010%561::A! #22%$%#60! 16'! 2=::A! $5</10%D:#!
L%0@!NOPO&,(!3#;3#44%56!@#1'4I!

!";$<9=+$<7>0*'$

S%6#K;31%6#'! L55'! '#2#$0! '#0#$0%56! 520#6!
%6&5:&#4! $5</:#J! 0#J0=3#4B! @#0#35;#6#5=4!
D1$W;35=6'4B! 16'! 013;#04! L%0@! 4<1::! 4/10%1:!
#J0#604!53!#:56;10#'!403=$0=3#4I!R#2#$04!4=$@!14!
$31$W4B! 3#4%6! 2%:1<#604B! 16'! #';#! %33#;=:13%0%#4!
0A/%$1::A! 1$0%&10#! 40356;! 3#4/564#4! 56:A! L%0@%6!

!! !!

( )
( ) ( )

( )
( ) ( )

! !
"

!"#$% !"#$%&' &'

!"#$% !"#$% !"#$% !"#$%&' &' &' &'

(
((

( (

!
!!

! !

" "
= =

+ +

!"! !"#

!"#$%

( ) ( )! !! !" "!"#$% &' &'
( ( ( ()*!'#+(% "" , , ( - - (!!= " # + " #

( )!! !" # ( )!!" !"
# #$ %

!

( )
!
" ! #!"#$%&

! #
&

!"

"

!#

=

$ = # =%

!! !!

( )

( )

!"# $

!"# $

!"

!"

!"

# !"

##

# #

# #

!

! !
!

! !

! !!

" #
$ = %
$$
&

#$
= %$

$'

!

! "#$!"#$% !"#$%
&"#$% '()* '() +,!-#./%! = ! + + "#

 

. (4)

This shape consistency term aggregates width-
height discrepancies through an exponential satu-
ration function, which prevents gradient over-am-
plification under large deviations while maintaining 
sensitivity for small deviations. The hyperparame-
ter θ controls the degree of nonlinear scaling. Final-
ly, the complete Shape-IoU loss function is defined 
in Equation (5):
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where the coefficient 0.5 is a predefined weighting 
factor used to balance the contribution of the shape 
consistency term during optimization.
Overall, the Shape-IoU loss consists of three com-
plementary components: the IoU term ensures spa-
tial overlap between predicted and ground-truth 
boxes, the shape-aware center offset term enforces 
direction-sensitive localization constraints and the 
shape consistency term reinforces geometric coher-
ence in width–height relationships. Together, these 
components yield improved regression stability and 
localization accuracy, particularly for small-scale 
and elongated defects, while remaining computa-
tionally efficient and fully compatible with YOLOv12 
regression heads.

2.3. MLCA Module

Fine-grained wood defect detection often involves 
complex textures, heterogeneous backgrounds, 
and targets with small spatial extents or elongated 
structures. Defects such as cracks, resin filaments, 

and edge irregularities typically activate strong re-
sponses only within limited local regions, rather 
than across entire feature maps. This characteristic 
imposes stringent requirements on feature recali-
bration mechanisms, which must preserve localized 
saliency while maintaining robust semantic dis-
crimination. 
Conventional channel attention mechanisms, in-
cluding Squeeze-and-Excitation (SE) and Efficient 
Channel Attention (ECA), compress each feature 
channel into a single scalar through global average 
pooling. Although this strategy effectively captures 
inter-channel dependencies, it inherently disre-
gards spatial variability within channels. Conse-
quently, localized but informative responses may be 
excessively smoothed, leading to the attenuation of 
critical defect cues. Alternatively, spatial attention 
mechanisms with finer granularity, such as Log-
Sum-Exp pooling or coordinate-based attention 
variants, explicitly model spatial distributions to 
retain local details. However, these methods typical-
ly incur additional parameters and computational 
overhead, which compromises inference efficiency 
and limits their applicability in lightweight detec-
tion networks. 
Motivated by these limitations, the MLCA [23] 
mechanism is introduced to balance representation-
al capacity and computational efficiency through a 
hybrid attention formulation. MLCA jointly mod-
els global channel dependencies and local spatial 
saliency without performing channel dimension-
ality reduction or introducing significant compu-
tational burden. Global aggregation characterizes 
inter-channel semantic relevance, while local ag-
gregation preserves intra-channel spatial heteroge-
neity by enhancing defect responses concentrated 
in localized regions. By fusing these complementary 
cues, MLCA generates a content-adaptive channel 
weight map that recalibrates backbone features in 
a lightweight and minimally intrusive manner. This 
design effectively reconciles semantic discrimina-
tion with spatial detail retention, enabling robust 
feature enhancement under complex textures and 
small-object detection conditions.
The structural design of the MLCA module is il-
lustrated in Figure 2. For an input feature map 
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, the MLCA mechanism constructs com-
plementary channel-wise representations through a 
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dual aggregation strategy, aiming to jointly capture 
global semantic relevance and local spatial saliency. 
This design directly addresses the limitation of con-
ventional channel attention mechanisms that rely 
solely on global pooling and consequently suppress 
localized but informative responses. 
On one hand, MLCA employs Local Averaging Pool-
ing (LAP) to compute channel-wise responses over 
partitioned spatial subregions. By aggregating fea-
tures within local grids rather than across the entire 
spatial extent, this operation preserves intra-chan-
nel spatial heterogeneity and highlights defect cues 
that are confined to localized regions, such as fine 
cracks or filament-like structures. As a result, local 
saliency is explicitly retained during channel recali-
bration, mitigating the loss of fine-grained informa-
tion caused by global aggregation. 
On the other hand, Global Average Pooling (GAP) is 
applied to each channel over the full feature map to 
capture global contextual statistics. This global rep-
resentation characterizes inter-channel semantic 
importance, enabling the model to emphasize chan-
nels that are globally informative for defect discrim-
ination.
The local and global channel descriptors are subse-
quently processed through lightweight one-dimen-
sional convolutions to model cross-channel depen-
dencies at different spatial scales. The convolution 
kernel size k is proportional to the channel number C 
and is constrained to be an odd value, thereby ensur-
ing sufficient cross-channel coupling while main-
taining controlled parameter count and computa-
tional complexity. The corresponding calculation 
for k [25] is given in Equation (6):
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where y and b are hyperparameters with default val-
ues of 2. odd indicates that k is constrained to be odd. 
If an even value is encountered, it is adjusted to the 
nearest odd number by adding 1.Finally, the outputs 
of the local and global branches are fused to form a 
mixed channel attention representation. Since the 
local aggregation branch operates on partitioned 
spatial regions, its output is first restored to the orig-
inal spatial resolution through an unpooling-based 

alignment operation, denoted as UNAP. UNAP re-
distributes locally aggregated responses back to 
their corresponding spatial locations in a parame-
ter-free manner, thereby preserving spatial corre-
spondence between localized saliency cues and the 
original feature map. In contrast, the global branch 
inherently maintains spatial consistency and can be 
directly broadcast across spatial dimensions with-
out additional processing.
In summary, the MLCA module achieves an effec-
tive balance between representational capability and 
computational efficiency by jointly modeling global 
channel dependencies and localized spatial saliency. 
Through its hybrid attention formulation, MLCA en-
hances feature discrimination while preserving fine-
grained defect cues that are critical under complex tex-
tural backgrounds and small-scale defect conditions.

2.4. DySample Module
In wood defect detection, multi-scale feature fu-
sion in the neck network plays a critical role in pre-
serving defect boundaries and spatial consistency. 
However, the fixed interpolation-based upsampling 
commonly adopted in lightweight detectors uni-
formly processes all feature regions, ignoring local 
geometric variations and texture heterogeneity. As 
a result, fine-grained structures such as thin cracks, 
filamentous resin, and edge defects are prone to 
boundary blurring, spatial misalignment, and de-
tail degradation during upsampling, which direct-
ly undermines localization stability and recall for 
small-scale and elongated defects. To alleviate these 
limitations, this study integrates DySample [14], a 
content-adaptive dynamic upsampling strategy, into 
the neck network. Unlike deterministic interpola-
tion schemes, DySample reformulates upsampling 

Figure 2
Information flow schematic of the MLCA architecture.
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as a point-sampling problem on a continuous fea-
ture surface, where sampling locations are adaptive-
ly adjusted according to feature content. By learning 
small, content-dependent offsets on top of a regular 
upsampling grid, DySample enables more accurate 
reconstruction of high-resolution features while 
preserving structural continuity across scales. This 
mechanism effectively improves feature alignment 
during multi-scale fusion and enhances the repre-
sentation of fine defect boundaries without intro-
ducing heavy computational overhead.
From a methodological perspective, DySample 
decouples upsampling from kernel-based recon-
struction. Instead of relying on large convolutional 
kernels or dynamically generated kernel weights, it 
learns a lightweight offset field that perturbs stan-
dard interpolation grids with micro-displacements. 
Conventional interpolation operators are then used 
for resampling, which preserves the numerical sta-
bility and geometric consistency of bilinear upsam-
pling while selectively enhancing local textures and 
boundary transitions. This design achieves a favor-
able balance between adaptivity and efficiency, mak-
ing DySample particularly suitable for real-time in-
dustrial inspection scenarios.
DySample can be categorized into four variants, de-
fined by the range factor type (static or dynamic) and 
the offset generation method (linear+pixel shuffle 
(LP) or pixel shuffle+linear (PL)). In this study, the 
LP variant with a dynamic range factor is adopted to 
balance offset flexibility and optimization stability. 
Specifically, the dynamic range factor is generated 
in a pointwise manner from the input features and 
bounded by a sigmoid function with a fixed scal-
ing coefficient. This bounded design constrains the 
magnitude of learned offsets, preventing excessive 
spatial displacement during training while preserv-
ing sufficient adaptivity for fine-grained structural 
reconstruction. As illustrated in Figure 3(a), the ini-
tial offset Oraw is computed as:
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To make the learned offsets compatible with the 
upsampling grid at the target resolution, DySample 
performs pixel shuffle to reorganize the offset repre-
sentation into a spatially aligned offset O, enabling 

subsequent grid-based sampling at the desired scale.
Next, the offset O is combined with the original 
sampling grid g to generate the sampled set S, as ex-
pressed in Equation (8):
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Finally, DySample resamples the original feature 
map using the computed sampled set S via a standard 
grid-based interpolation operator, producing the up-
sampled feature map X' with improved spatial align-
ment and boundary fidelity, as shown in Figure 3(b). 
The process is formally expressed in Equation (9):
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Figure 3
The architecture of the Dysample module, where (a) 
illustrates the upsampling component and (b) depicts the 
sample point generator equipped with a dynamic scope factor.
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(b) 

3. Multi-stage Transfer Learning 
Paradigm
To address the substantial domain discrepancies 
observed in wood defect detection, which arise from 
variations in acquisition conditions, background 
textures, and defect morphologies, this study pro-
poses a multi-stage progressive transfer learning 
paradigm. Unlike conventional transfer learning 
strategies that rely on generic large-scale datasets 
(e.g., ImageNet or COCO) for pretraining, the pro-
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posed paradigm is built upon a wood-specific source 
domain, enabling the model to acquire task-rele-
vant structural and textural priors from the outset. 
Building upon this domain-consistent initializa-
tion, the paradigm progressively integrates knowl-
edge across the source and target domains, pre-
serving class-discriminative representations while 
effectively mitigating negative transfer caused by 
domain mismatch. The overall framework is illus-
trated in Figure 4. 

Figure 4
Transfer learning training paradigm.
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As shown in Figure 4(a), the first stage performs deep 
training of the model on a large-scale wood defect 
source domain dataset. The selected source domain 
comprises approximately 10,000 rigorously curat-
ed wood defect images, covering multiple categories 
of typical defects and diverse textural backgrounds. 
To balance the thoroughness of training with the 
stability of convergence, this phase is configured 
for 300 epochs, allowing the model to learn general-
izable representations of wood defects from large-
scale data effectively. At this stage, the improved 
YOLOv12-SMD architecture is employed to enhance 
feature extraction and parameter learning, providing 
a high-quality initialization tailored to wood defect 
characteristics rather than generic visual semantics.
As shown in Figure 4(b), the second stage leverag-
es the pretrained YOLOv12-SMD weights obtained 
from the source domain as initialization for fine-tun-
ing on the target domain. The target domain data are 
typically characterized by limited annotation cover-

age, strong texture variability, and pronounced dis-
tribution shifts relative to the source domain. Under 
such conditions, training a detector from scratch 
often leads to optimization instability, slow conver-
gence, and a high risk of overfitting. By employing 
pretrained parameters as a “hot start,” the model 
inherits texture and shape priors embedded in both 
the backbone and detection head. It narrows the pa-
rameter search space, improves sample utilization 
efficiency, and produces smoother loss descent tra-
jectories in small-sample settings. This strategy ac-
celerates convergence, stabilizes training, alleviates 
overfitting, and ultimately strengthens the model’s 
generalization capacity and robustness when adapt-
ing to the target domain.
As shown in Figure 4(c), the third stage focuses on 
refining training strategies to ensure stable and ef-
ficient convergence under limited target domain 
samples. Specifically, Adam with Weight Decay 
(AdamW) [32] is employed as the optimizer with an 
initial learning rate of 0.003, in conjunction with a 
cosine learning rate scheduler (cos_lr) [27] to reg-
ulate learning rate decay dynamically. This design 
maintains a relatively high learning rate in the ear-
ly training phase to encourage exploration, while 
gradually reducing it in later iterations to enable 
fine-grained parameter updates. Such a strategy en-
hances convergence stability and strengthens the 
model’s generalization capability. During this phase, 
the model undergoes further optimisation, building 
on the results achieved in earlier transfer stages, and 
exhibits improved robustness and superior detec-
tion performance in the small-sample environment 
of the target domain.
Overall, the proposed multi-stage transfer learning 
paradigm differs fundamentally from conventional 
transfer learning approaches that rely on generic 
source domains, by anchoring knowledge transfer 
in a wood-specific source domain and progressively 
adapting feature representations to the target dis-
tribution. Through hierarchical optimization across 
source-domain pretraining, domain-aware transfer, 
and strategy-level refinement, the framework effec-
tively alleviates training instability and enhances 
robustness and generalization. This design provides 
reliable technical support for wood defect detection 
in real industrial environments characterized by 
complex textures and limited annotated data.
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4. Experiments and Analysis
4.1. Description Source and Target Domain 
Datasets
The source domain dataset was selected from the 
Roboflow Universe platform and is titled Wood de-
fect detection dataset [1]. It comprises 10,000 wood 
surface images, all meticulously annotated by hand, 
encompassing nine representative categories of 
wood defects. Specifically, blue stain results from 
fungal infection, causing bluish or gray discolor-
ation of the wood surface. Cracks refer to structur-
al fissures generated during drying or mechanical 
stress. Dead knots arise from residual dead branch-
es and are prone to detachment during use. A knot 
missing denotes the complete loss of a knot, leaving 
a cavity in the wood. Knots with cracks contain visi-
ble internal fissures that compromise their integrity. 
Live knots remain firmly bonded to the wood matrix. 
Marrow manifests as exposed central trunk tissue. 
Quartzity appears as quartz-like streaks or bright in-
clusions within the grain. Resin pockets are sac-like 
structures formed by resin accumulation within the 
wood. For subsequent model training and objective 
evaluation, the 10,000 preprocessed images were 
randomly partitioned into training, validation, and 
test subsets at an 8:1:1 ratio, corresponding to 8,000, 
1,000, and 1,000 images, respectively. This division 
strategy maintains consistent defect category dis-
tribution across subsets, ensures sufficient data for 
effective model learning, and preserves independent 
validation and testing sets to support reliable model 
tuning and performance assessment. 
To evaluate the adaptability and robustness of the 
proposed method under realistic wood surface in-
spection scenarios, two target domain datasets 
were constructed to reflect practical industrial 
conditions, denoted as Target-A and Target-B. Tar-
get-A is formed by integrating two open-source 
datasets, Defect in Wood [4] and Wood Surface 
[26]. Specifically, 3,000 images are selected from 
the Defect in Wood dataset and 1,227 images are 
selected from the Wood Surface dataset, result-
ing in a total of 4,227 images after preprocessing. 
The integrated dataset covers five representative 
defect categories, including dead knot, knot with 
crack, marrow, holes, and scratches. By combining 
the complementary characteristics of these two 

datasets, Target-A exhibits increased diversity in 
defect morphology and surface appearance, mak-
ing it more representative of practical wood defect 
inspection scenarios in real-world industrial envi-
ronments. Target-B is built from the New-Defects 
in Wood Dataset [5], which contains 1,320 annotat-
ed images and exhibits more diverse defect appear-
ances and distribution characteristics. The dataset 
includes five defect categories, namely crack, dead 
knot, holes, live knot, and knot with crack, repre-
senting newly emerging and more complex defect 
patterns commonly encountered in real industrial 
environments. For consistency and reproducibility, 
both Target-A and Target-B follow the same 8:1:1 
train–validation–test split protocol as the source 
domain. A comparison of selected source and target 
domain samples is presented in Figure 5. 

Figure 5
Partial image comparison between source and target 
domain datasets.
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4.2. Simulation Environment
4.2.1. Experimental Setup
The experimental platform was configured on a Li-
nux operating system. The hardware environment 
comprised a single NVIDIA GeForce RTX 4090 
GPU with 24 GB of VRAM, paired with an Intel(R) 
Xeon(R) Gold 6430 processor (16 vCPUs), providing 
sufficient computational power and memory band-
width to support large-scale parallel computation 
and tensor operations. The software stack employed 
Python 3.11 and PyTorch 2.2.2, with GPU accelera-
tion enabled through CUDA 11.8. This configuration 
exhibited excellent stability and reproducibility 
throughout both the training and inference phases. 

4.2.2. Experimental Parameter Settings
Model optimization was performed under a uni-
fied training configuration. The training process 
was conducted for 300 epochs, ensuring parameter 
stability through sufficient iterative convergence. 
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During training and validation, all input photos 
were scaled to 640 × 640 pixels. To balance through-
put and memory usage, Automatic Mixed Precision 
(AMP) was enabled, combining 16-bit Floating Point 
(FP16) and FP32 arithmetic. This hybrid precision 
scheme accelerated both training and inference 
while maintaining numerical stability. Optimiza-
tion was performed using stochastic gradient de-
scent (SGD) with an initial learning rate of 0.01 and 
a weight decay of 5 × 10-4, which provides effective 
regularization and helps prevent overfitting. 
Regarding hyperparameter configuration, for the 
Shape-IoU loss, the parameter scale is set to 0, and 
the parameter θ is set to 4, with its selection and in-
fluence further analyzed in Section 4.3.1.
Overall, these settings achieve an effective equilibri-
um among reproducibility, computational efficiency, 
and stability, establishing a consistent foundation 
for subsequent experimental analysis.

4.2.3. Evaluation Metrics
To comprehensively evaluate the model’s perfor-
mance in terms of detection accuracy, localisation 
robustness, and computational efficiency, six met-
rics are employed: Precision (P), Recall (R), mean 
Average Precision (mAP) at 50% and 95%, Giga 
Floating-point Operations (GFLOPs), and Training 
Time. Evaluation follows a one-to-one matching 
protocol, with IoU as the criterion. Predictions are 
first sorted in descending order of confidence, af-
ter which matching and statistical calculations are 
performed. Detection quality is then quantified us-
ing both single-threshold and cross-threshold mea-
sures derived from precision-recall (PR) curves 
and their integral forms, specifically the mean av-
erage precision (mAP). Overall mAP is obtained by 
averaging across all categories. For computational 
cost, GFLOPs represents the theoretical inference 
complexity of a single forward pass at a fixed input 
resolution, while Training Time denotes the actual 
end-to-end optimization duration. All metrics are 
computed under a unified protocol with consistent 
dataset partitioning, input dimensions, hardware/
software environment, threshold settings, and 
post-processing strategies to ensure fair compari-
sons and reproducibility. Precision and Recall at a 
fixed IoU threshold τ are defined as in Equations 
(10)-(11):
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where TP denotes the number of correct detections 
matching ground-truth targets with IoU ≥ τ, FP de-
notes the number of false detections (unmatched pre-
dictions or IoU < τ), and FN represents the number of 
missed ground-truth targets not detected by any pre-
diction with sufficient IoU. Average Precision (AP) 
and mAP@50 are derived from the precision-recall 
curve pτ(r) computed at different confidence thresh-
olds τ. The average APτ precision is defined as the area 
under its PR curve [0, 1], as shown in Equation (12):
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The arithmetic mean of AP across all categories 
yields mAP@50 at threshold τ = 0.50, as shown in 
Equation (13):
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. (13)

where C denotes the number of categories, and APτ
(c) 

represents the AP of category c at threshold τ. The 
more stringent mAP@50:95 is obtained by averag-
ing across multiple IoU thresholds, as expressed in 
Equation (14):
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. (14)

This metric averages results across ten IoU thresh-
olds, ranging from τ = 0.50 to τ = 0.95, thereby em-
phasizing precise localization performance under 
stricter conditions. GFLOPs, representing the float-
ing-point operations for one forward pass, is defined 
as in Equation (15):
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(a) Classification loss function convergence curve    

(b) mAP@50 evolution curve 

Figure 6
Convergence of the classification loss and evolution of 
mAP@50 during training.

where f denotes the model architecture s and indicates 
the input resolution. For CNN-based architectures 
dominated by 2D convolutions, the per-layer computa-
tional cost can be approximated by Equation (16):
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where Hout and Wout denote the height and width of the 
output feature map, Cin and Cout represent the counts 
of input and output channels, kh and kw specify kernel 
dimensions, and the coefficient 2 accounts for mul-
tiply-accumulate operations. Finally, Training Time 
measures the total wall-clock duration of model op-
timization. Let E be the total number of epochs and  
Te the time consumed per epoch e. The total training 
time is then expressed as Equation (17):

%6!EM=10%56! U,]VG!

B! ! ! ! ! ! ! ! U,]V!

L@#3# '#650#4! 0@#!6=<D#3!52! $10#;53%#4B! 16'

3#/3#4#604! 0@#! .Y! 52! $10#;53A 10!
0@3#4@5:' I! ?@#! <53#! 403%6;#60! <.YH*)G[*! %4!
5D01%6#'! DA! 1&#31;%6;! 1$3544! <=:0%/:#! T5F!
0@3#4@5:'4B!14!#J/3#44#'!%6!EM=10%56! U,8VG!

I! U,8V!

?@%4! <#03%$! 1&#31;#4! 3#4=:04! 1$3544! 0#6! T5F!
0@3#4@5:'4B! 316;%6;! 235< 05 B!
0@#3#DA! #</@14%X%6;! /3#$%4#! :5$1:%X10%56!
/#3253<16$#!=6'#3!403%$0#3!$56'%0%564I!dSPOY4B!
3#/3#4#60%6;! 0@#! 2:510%6;K/5%60! 5/#310%564! 253!
56#!253L13'!/144B!%4!'#2%6#'!14!%6!EM=10%56! U,*VG!

B! ! ! ! ! ! ! ! U,*V!

L@#3# '#650#4! 0@#! <5'#:! 13$@%0#$0=3#! 16'
%6'%$10#4! 0@#! %6/=0! 3#45:=0%56I! S53! 9bbKD14#'!
13$@%0#$0=3#4!'5<%610#'!DA!(R!$56&5:=0%564B!0@#!
/#3K:1A#3! $5</=010%561:! $540! $16! D#!
1//35J%<10#'!DA!EM=10%56! U,7VG!

B! ! U,7V!

L@#3# 16' '#650#!0@#!@#%;@0!16'!L%'0@!

52!0@#!5=0/=0!2#10=3#!<1/B! 16' 3#/3#4#60!

0@#!$5=604!52!%6/=0!16'!5=0/=0!$@166#:4B! 16'

4/#$%2A!W#36#:!'%<#64%564B!16'!0@#!$5#22%$%#60!
(! 1$$5=604! 253!<=:0%/:AK1$$=<=:10#! 5/#310%564I!
S%61::AB!?31%6%6;!?%<#!<#14=3#4! 0@#! 0501:!L1::K
$:5$W!'=310%56! 52!<5'#:! 5/0%<%X10%56I! P#0 D#!

0@#! 0501:! 6=<D#3! 52! #/5$@4! 16' 0@#! 0%<#!
$564=<#'!/#3!#/5$@ I!?@#!0501:!031%6%6;!0%<#!%4!
0@#6!#J/3#44#'!14!EM=10%56! U,ZVG!

I! ! ! ! ! ! ! ! ! ! U,ZV!

?";$<7>'*$G)*.>)/.7C$

8I]I,!Y131<#0#3!.61:A4%4!52!>@1/#KT5F!

T6! 0@#! >@1/#KT5F! :544B! 0L5! W#A! /131<#0#34! 13#!
%6&5:&#'B! 61<#:A! 0@#! /131<#0#3 16'! 0@#!

/131<#0#3 I!T6!0@%4!40='AB!0@#!/131<#0#3!4$1:#!%4!
2%J#'! 05! )! 05! 1&5%'! %6035'=$%6;! 4%X#K'#/#6'#60!
D%14!%605!0@#!L#%;@0%6;!$5#22%$%#604!16'!05!#64=3#!
401D:#! 5/0%<%X10%56! 1$3544! '#2#$04! L%0@! '%&#34#!
4$1:#4I! F6'#3! 0@%4! 4#00%6;B! 0@#! :544! #</@14%X#4!
'%3#$0%561:! ;#5<#03%$! $564%40#6$A! 310@#3! 0@16!
1D45:=0#!5Da#$0! 4%X#B!L@%$@! %4!<53#! 4=%01D:#! 253!
L55'! '#2#$0! '#0#$0%56! L@#3#! '#2#$04! #J@%D%0!
:13;#! 4$1:#! &13%10%56! D=0! 4%<%:13! #:56;10#'! 53!
%33#;=:13! 4@1/#4I! e14#'! 56! 0@%4! 2%J#'! 4$1:#!
$562%;=310%56B!0@#!%62:=#6$#!52!0@#!/131<#0#3 B!
L@%$@! $56035:4! 0@#! 656:%6#13%0A! 52! 0@#! 4@1/#!
/#61:0AB! %4! 2=30@#3! %6&#40%;10#'! L%0@%6! 0@#!
NOPO&,(K>QR! 231<#L53WI! ?5! '#0#3<%6#! 0@#!
5/0%<1:! /131<#0#3! 4#00%6;! =6'#3! 0@#!
#J/#3%<#601:! $56'%0%564! 52! 0@%4! 40='AB!<=:0%/:#!
&1:=#4! 52 13#! #&1:=10#'! =4%6;! 16! %'#60%$1:!
031%6%6;! 16'! #&1:=10%56! /3505$5:B! 16'! 0@#!
$533#4/56'%6;! '#0#$0%56! /#3253<16$#! %4!
3#/530#'!%6!?1D:#!,I!

D)H*'$#$

T</1$0!52!/131<#0#3 56!'#0#$0%56!/#3253<16$#I!

! "#$%&'()*! ! "#$%&'()*!

!" #$%#" &" #'%#"

(" $)%$" $" #'%&"

.4! 4@5L6! %6!?1D:#! ,B! 4#00%6; v! 8! 1$@%#&#4! 0@#!
@%;@#40! <.YH*)B! 5=0/#3253<%6;! D50@! 4<1::#3!
16'! :13;#3! &1:=#4I! P5L#3! &1:=#4! 52 /35&%'#!
%64=22%$%#60! 4#64%0%&%0A! 05! L%'0@K@#%;@0!
'%4$3#/16$%#4B! L@%:#! @%;@#3! &1:=#4! 0#6'! 05!
5&#3#</@14%X#!4@1/#!'%22#3#6$#4!16'!1'&#34#:A!
122#$0! 5/0%<%X10%56! 401D%:%0AI! ?@#4#! 3#4=:04!
%6'%$10#! 0@10! 1! <5'#310#! 656:%6#13%0A! A%#:'4! 1!
D#00#3!D1:16$#!D#0L##6!;#5<#03%$!4#64%0%&%0A!16'!
031%6%6;!35D=406#44I!

8I]I(!?31%6%6;!Y35$#44!.61:A4%4!

?5!#</%3%$1::A!144#44!0@#!#22%$1$A!52!0@#!/35/54#'!
%</35&#<#604! %6! L55'! '#2#$0! '#0#$0%56B! 0@#!
NOPO&,(K>QR! <5'#:! L14! 4A40#<10%$1::A!
031%6#'! 56! 0@#! 45=3$#! '5<1%6! '1014#0! =6'#3!
=6%2%#'!%6/=0!/3#/35$#44%6;!16'!/540K/35$#44%6;!
$56'%0%564B!L%0@! 4=22%$%#60! 031%6%6;! %0#310%564! 05!
#64=3#!$56&#3;#6$#I!R=3%6;!0@#!031%6%6;!/35$#44B!
0@#!#&5:=0%56!52!$:144%2%$10%56!:544!16'!<.YH*)!
L14!$560%6=5=4:A!031$W#'B!16'!0@#%3!$56&#3;#6$#!
D#@1&%53! 14! L#::! 14! /#3253<16$#! %</35&#<#60!
03#6'4! L#3#! &%4=1:%X#'! %6! $=3&#! 253<I! ?@#!
$533#4/56'%6;! &%4=1:%X10%564! 16'! 4010%40%$1:!
3#4=:04!13#!/3#4#60#'!%6!S%;=3#!7I!

!

1.20('$I$

956&#3;#6$#!52!0@#!$:144%2%$10%56!:544!16'!#&5:=0%56!52!<.YH*)!'=3%6;!031%6%6;I!

( )
!"#!

$

$%#!
!

"

"
#$% $%

! ! =
=

= "

!
( )!"#! !

!

( )

{ }!"#!$!"##$"""$!"%# &

&'#! (%#
&!

!
"

"
#$% $%

! !
!" =

= # #

!"#!! = !"#$! =

( )
!

"
#$

!"#$% & %
'!"#$% =

! !

! "!"#$ "%& "%& "%& '# ( )*+,- . / 0 0 1 1!

!"#$ !"#$

!"# !"#$

!"

!"

!

!"
!

!

!

"#$%& '
'

( (
=

=!

!"#$%

!

!

!

!

! !

!

!

 
. (17)

4.3. Model Validation
4.3.1. Parameter Analysis of Shape-IoU
In the Shape-IoU loss, two key parameters are in-
volved, namely the parameter scale and the parameter 
θ. In this study, the parameter scale is fixed to 0 to avoid 
introducing size-dependent bias into the weighting 
coefficients and to ensure stable optimization across 
defects with diverse scales. Under this setting, the 
loss emphasizes directional geometric consistency 
rather than absolute object size, which is more suit-
able for wood defect detection where defects exhibit 
large scale variation but similar elongated or irregu-
lar shapes. Based on this fixed scale configuration, the 
influence of the parameter θ, which controls the non-
linearity of the shape penalty, is further investigated 
within the YOLOv12-SMD framework. To determine 
the optimal parameter setting under the experimen-
tal conditions of this study, multiple values of θ are 
evaluated using an identical training and evaluation 
protocol, and the corresponding detection perfor-
mance is reported in Table 1.
As shown in Table 1, setting θ = 4 achieves the high-
est mAP@50, outperforming both smaller and larger 
values. Lower values of θ provide insufficient sen-
sitivity to width-height discrepancies, while higher 
values tend to overemphasize shape differences and 

adversely affect optimization stability. These results 
indicate that a moderate nonlinearity yields a better 
balance between geometric sensitivity and training 
robustness.

4.3.2. Training Process Analysis
To empirically assess the efficacy of the pro-
posed improvements in wood defect detection, the 
YOLOv12-SMD model was systematically trained 
on the source domain dataset under unified input 
preprocessing and post-processing conditions, with 
sufficient training iterations to ensure convergence. 
During the training process, the evolution of classifi-
cation loss and mAP@50 was continuously tracked, 
and their convergence behavior as well as perfor-
mance improvement trends were visualized in curve 
form. The corresponding visualizations and statisti-
cal results are presented in Figure 6.

θ  mAP@50(%) θ mAP@50(%)

2 78.7 6 79.7

4 80.8 8 79.6

Table 1
Impact of parameter on detection performance.
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As illustrated in Figure 6(a), the classification loss 
curve exhibits overall smooth convergence without 
marked oscillations, reflecting strong numerical sta-
bility throughout training. During the initial 10-20 
epochs, the loss rapidly decreased from 5.4 to below 
0.90, demonstrating that the YOLOv12-SMD model 
quickly established effective category discrimina-
tion boundaries and achieved preliminary feature 
alignment. Between epochs 20 and 150, the loss con-
tinued to decline more gradually, reaching approxi-
mately 0.60 around epoch 150, indicating a transition 
from coarse-grained parameter adjustments to fine-
grained refinements. Between epochs 150 and 200, 
the curve stabilised within a narrow range, between 
0.55 and 0.60, while trending downward, indicating 
steady-state convergence. Around epoch 245, the 
loss dropped below 0.50 for the first time, reflecting 
improved handling of boundary cases and long-tail 
samples. Collectively, the stable convergence ob-
served in the final training phase demonstrates the 
model’s effective feature learning capability and re-
liable optimization behavior. Correspondingly, as 
shown in Figure 6(b), the mAP@50 curve follows a 
complementary trend of rapid initial increase, gradu-
al improvement, and eventual plateau. It rose sharply 
from 0 to 0.60 within the first 15 epochs, then steadily 
climbed to 0.75 by epoch 50. Between epochs 60 and 
140, performance stabilized within a narrow range of 
0.77 to 0.79. After epoch 200, the curve entered a high 

plateau between 0.80 and 0.81, where it gradually sta-
bilized, indicating that the model’s joint localization 
and classification capabilities had been effectively es-
tablished and consolidated. In summary, the training 
dynamics demonstrate that YOLOv12-SMD achieves 
efficient feature learning, stable convergence, and re-
liable cross-scale fusion in the source domain. The 
decision boundaries progressively solidified, while 
residual errors were effectively suppressed, providing 
a strong foundation for subsequent transfer learning 
and target domain adaptation.
To comprehensively evaluate the category-lev-
el generalization and discrimination capability of 
YOLOv12-SMD in wood defect detection, a per-class 
assessment was conducted on the source domain 
dataset using four key metrics: Precision, Recall, 
mAP@50, and mAP@50:95. The results, summarized 
in Table 2, demonstrate consistent robustness and 
notable performance improvements, particularly for 
small-scale targets, elongated defects, and defects 
embedded within intensely textured backgrounds. 
These findings validate the model’s effectiveness and 
stability in real-world timber inspection scenarios.
As reported in Table 2, the YOLOv12-SMD model 
achieves superior average performance, with overall 
metrics of Precision 79.2%, Recall 72.3%, mAP@50 
80.8%, and mAP@50:95 48.1%. These results reflect 
both strong detection accuracy and robust recall ca-
pability in source domain tasks. Further analysis by 

Class Precision(%) Recall(%) mAP@50(%) mAP@50:95(%)

Blue stain 86.4 100.0 99.5 73.2

Crack 74.8 74.3 74.3 38.0

Dead knot 75.3 77.5 83.0 44.2

Knot missing 100.0 59.5 78.7 42.3

Knot with crack 58.6 74.2 80.5 54.0

Live knot 83.0 80.8 87.6 40.5

Marrow 88.4 86.7 87.0 59.7

Quartzity 63.2 22.7 46.2 29.9

Resin 83.0 75.0 90.3 52.4

Total 79.2 72.3 80.8 48.2

Table 2
Performance evaluation of the final model across different defect categories.
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class highlights particularly strong performance in 
typical structural defect categories. For Knot miss-
ing and Resin, the model achieves Precision values 
of 100% and 83.0%, Recall values of 59.5% and 75.0%, 
and mAP@50 scores of 78.7% and 90.3%, respective-
ly. It demonstrates that in scenarios characterized 
by pronounced geometric anisotropy and sufficient 
boundary contrast, the model is capable of stable 
feature aggregation and precise boundary regres-
sion. In addition, categories such as Blue stain and 
Marrow also exhibit robust performance. Blue stain 
achieves a recall of 100% with an mAP@50 of 99.5%, 
while Marrow achieves a Precision of 88.4%, a Re-
call of 86.7%, and an mAP@50 of 87.0%. These re-
sults highlight the model’s ability to achieve reliable 
feature alignment and scale adaptation in categories 
characterised by distinct textural segmentation or 
pronounced colour contrast. Overall, YOLOv12-
SMD effectively leverages its detection advantages 
for elongated shapes and high-contrast targets un-
der source domain conditions, thereby delivering 
reliable performance for wood defect identification. 
Representative detection results on typical wood de-
fect categories are illustrated in Figure 7.
As shown in Figure 7, the YOLOv12-SMD model 
demonstrates outstanding performance in source 
domain wood defect detection. It achieves high de-
tection accuracy for elongated objects with pro-
nounced boundary contrast, while maintaining 
stable responses and elevated recall rates for small-
scale defect identification. Overall, YOLOv12-SMD 
exhibits significant advantages in detection accura-

cy, feature representation capacity, and multi-scale 
adaptability, underscoring its robustness and ap-
plicability in complex wood surface environments. 
Furthermore, the model achieves rapid and stable 
convergence during source domain training while 
effectively extracting discriminative features. These 
capabilities not only provide dependable support for 
high-precision wood defect detection but also estab-
lish a strong performance foundation for subsequent 
cross-domain transfer studies.

4.3.3. Ablation Studies
To evaluate the effectiveness of progressively in-
tegrating the proposed improvement modules into 
YOLOv12, a series of systematic ablation studies 
was conducted on the source domain wood defect 
dataset under identical training, validation, and 
evaluation settings. The corresponding experimen-
tal results are summarized in Table 3.
As summarized in Table 3, the ablation results on 
the source-domain wood defect dataset clearly re-
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Figure 7
Representative visualization of YOLOv12-SMD applied to 
wood defect detection.

Method Shape-IoU MLCA DySample P(%) R(%) mAP@50 (%) mAP@50:95 (%) GFLOPs

YOLOv12 - - - 81.2 69.7 77.9 50.1 6.3

YOLOv12-S √ - - 74.8 73.4 78.5 47.2 6.3

YOLOv12-M - √ - 82.9 66.9 78.5 50.2 6.4

YOLOv12-D - - √ 71.8 76.8 78.9 49.2 6.3

YOLOv12-SM √ √ - 84.9 67.2 79.6 46.9 6.4

YOLOv12-SD √ - √ 84.8 69.4 79.3 48.5 6.3

YOLOv12-MD - √ √ 72.8 74.4 78.6 50.1 6.4

YOLOv12-SMD √ √ √ 79.2 72.3 80.8 48.2 6.4

Table 3
Ablation experiment results.
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veal the functional role of each proposed module 
and the cooperative effects achieved through pro-
gressive integration.
When only Shape-IoU is introduced, the resulting 
YOLOv12-S variant primarily improves regression 
behavior. Compared with the baseline YOLOv12, 
mAP@50 increases from 77.9% to 78.5% and Re-
call rises from 69.7% to 73.4%, indicating enhanced 
localization stability and defect coverage, particu-
larly for elongated and irregular targets. The slight 
decrease in Precision suggests that the stricter geo-
metric constraints emphasize bounding box align-
ment over confidence calibration. When only MLCA 
is incorporated, the YOLOv12-M variant shows a 
clear improvement in semantic discrimination. Pre-
cision increases from 81.2% to 82.9% and mAP@50 
reaches 78.5%, confirming that joint modeling of 
local spatial saliency and global channel dependen-
cies effectively suppresses background interference. 
However, Recall decreases to 66.9%, implying that 
stronger feature selectivity may weaken responses 
to low-contrast or ambiguous defects.
When DySample is applied alone, the YOLOv12-D 
variant mainly enhances recall-oriented perfor-
mance. Recall increases to 76.8% and mAP@50 
reaches 78.9%, demonstrating that adaptive up-
sampling improves multi-scale feature alignment 
and small-defect recovery, albeit at the cost of re-
duced Precision due to increased sensitivity to 
fine-grained details. 
Combining Shape-IoU and MLCA yields YOLOv12-
SM, where Precision rises markedly to 84.9% and 
mAP@50 increases to 79.6%. This result indi-
cates that geometry-aware regression and atten-
tion-based feature refinement jointly strengthen 
high-confidence predictions. Nevertheless, Recall 
drops to 67.2%, reflecting compounded selectivity 
from both constraints.
Combining Shape-IoU with DySample produces 
YOLOv12-SD, which achieves mAP@50 of 79.3% 
and Recall of 69.4%. This trend suggests that adap-
tive upsampling compensates for the stricter regres-
sion constraints imposed by Shape-IoU, resulting in 
a more balanced detection behavior. Similarly, inte-
grating MLCA with DySample in YOLOv12-MD im-
proves Recall to 74.4% while maintaining mAP@50 at 
78.6%, indicating that DySample alleviates the recall 
suppression introduced by strong attention filtering. 

When all three modules are jointly integrated, 
YOLOv12-SMD attains the best overall perfor-
mance, achieving an mAP@50 of 80.8% and a Recall 
of 72.3%, while maintaining a competitive Precision 
of 79.2% and a computational cost of 6.4 GFLOPs. 
These results demonstrate that Shape-IoU stabiliz-
es localization, MLCA enhances semantic robust-
ness under complex textures, and DySample restores 
fine-grained spatial details. Their coordinated inter-
action effectively mitigates the individual trade-offs 
observed in isolated modules, leading to a balanced 
and robust detector for wood defect inspection.
Overall, the ablation study confirms that each mod-
ule targets a distinct limitation of YOLOv12, and 
their progressive integration yields complementary 
gains in accuracy, recall, and robustness without in-
troducing significant computational overhead.

4.3.4. Comparative Experiments
To thoroughly verify the performance advantages of 
the proposed YOLOv12-SMD model, six representa-
tive improved detection algorithms were selected for 
comparison: TRS-YOLO [24], BiFPN-CPCA-Shuffle-
NetV2 (BCS-YOLO) [10], GAM-HWD-BiFPN-PPA-
NWD (GHBPN-YOLO) [3], InnerCIoU-TripletAtten-
tion-DBB (ITD-YOLO), SlideLoss-SENetV2-HWD 
(SSH-YOLO), and FocalerCIoU-SCSA-DynamicCo-
nv (FSD-YOLO). All models were trained and evalu-
ated on the source domain wood defect dataset under 
identical settings to ensure fairness and comparabil-
ity. The comparative experimental results are sum-
marized in Table 4.
As shown in Table 4, the comparative results on the 
source domain dataset indicate that YOLOv12-SMD 
achieves consistently higher mAP@50 than all six 
benchmark models while maintaining competitive 
computational complexity. Compared with TRS-YO-
LO and FSD-YOLO, YOLOv12-SMD improves 
mAP@50 by 1.7%-1.8% with only marginal changes in 
Recall, suggesting that the proposed model enhanc-
es localization accuracy and confidence calibration 
rather than simply increasing detection aggressive-
ness. In comparison with BCS-YOLO and ITD-YO-
LO, YOLOv12-SMD achieves higher Precision and 
mAP@50 while preserving comparable Recall. This 
indicates improved discrimination between defect 
regions and complex wood textures, which can be 
attributed to strengthened feature representation 
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and more stable geometric regression. For GHB-
PN-YOLO, although high Precision is achieved, its 
low Recall reveals limited coverage of diverse defect 
instances. YOLOv12-SMD significantly improves 
Recall (+8.1%) and mAP@50 (+3.9%) while reduc-
ing GFLOPs, demonstrating a more balanced trade-
off between detection completeness and efficiency. 
Compared with SSH-YOLO, YOLOv12-SMD yields 
higher Recall and mAP@50 at a moderate compu-
tational increase, reflecting enhanced sensitivity to 
small-scale and elongated defects. 
Overall, the consistent mAP@50 gains of 1.7%-3.9% 
across all baselines confirm that YOLOv12-SMD 
improves detection accuracy through more effective 
feature utilization and localization modeling, rather 
than relying on increased computational cost. These 
results validate its robustness and practical suitabil-
ity for source domain wood defect detection.

4.4. Analysis of Transfer Learning Results
4.4.1. Validation of Transfer Paradigm
To validatethe effectiveness of the proposed multi-
stage transfer learning paradigm and its adaptabil-
ity across different practical inspection conditions, 
comparative experiments were conducted on two 
target domain datasets (Target-A and Target-B) 
before and after applying the transfer strategy. All 
experiments were conducted using the proposed 
YOLOv12-SMD framework under identical training 
and evaluation settings to ensure fair comparison. 
To reduce the influence of random initialization and 
training stochasticity, each experiment was repeat-
ed multiple times, and the mean performance values 

Method P(%) R(%) mAP@50(%) mAP@50:95(%) GFLOPs

TRS-YOLO 78.2 72.7 79.1 50.1 6.4

BCS-YOLO 75.2 74.2 78.2 48.8 6.5

GHBPN-YOLO 81.3 64.2 76.9 49.4 8.2

ITD-YOLO 74.7 70.1 78.1 46.7 6.9

SSH-YOLO 79.6 68.7 77.7 48.6 5.4

FSD-YOLO 76.6 73.2 79.0 48.9 6.3

YOLOv12-SMD 79.2 72.3 80.8 48.2 6.4

Table 4
Comparative experimental results.

were reported. This evaluation protocol enhances 
statistical reliability and provides a more objective 
assessment of the model’s detection performance in 
target domain scenarios.The corresponding experi-
mental results are summarized in Table 5.
As shown in Table 5, the proposed multi-stage trans-
fer learning paradigm consistently improves detec-
tion performance on both target domain datasets 
while substantially reducing training time. For Tar-
get-A, transfer learning leads to a notable increase in 
Recall and mAP@50, with mAP@50 improving from 
52.1% to 61.5%, indicating more accurate and com-
prehensive defect detection. At the same time, the 
average training time is reduced from 0.856 h to 0.713 
h, demonstrating more efficient convergence under 
limited target-domain data. For Target-B, the model 
achieves simultaneous improvements in Precision, 
Recall, and mAP@50, with mAP@50 increasing from 
66.8% to 71.6%. Notably, the average training time is 
reduced by more than 30%, reflecting the strong op-
timization efficiency enabled by source-domain ini-
tialization and progressive adaptation.
Overall, these results indicate that the proposed 
transfer learning paradigm not only enhances de-
tection accuracy across different target domain con-
ditions but also significantly accelerates training, 
thereby improving both effectiveness and practicali-
ty for real-world wood defect detection.
As illustrated in Figure 8, transfer fine-tuning signifi-
cantly improves detection performance across mul-
tiple defect categories. For dead knots, the detection 
rate increased from 89% to 96%, indicating enhanced 
capability in distinguishing knot-type defects. For 
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Target-A Before After

Trail P(%) R(%) mAP@50(%) Ttrain(h) P(%) R(%) mAP@50(%) Ttrain(h)

1 81.8 45.0 52.2 0.894 68.4 61.4 61.4 0.711

2 76.3 48.1 51.1 0.886 72.0 58.9 61.7 0.721

3 78.3 50.6 53.1 0.804 68.3 60.2 61.8 0.798

4 80.1 47.8 52.7 0.886 77.1 57.2 61.5 0.758

5 55.9 48.4 51.4 0.808 70.1 58.1 61.0 0.577

Mean 74.5 48.0 52.1 0.856 71.1 59.2 61.5 0.713

Target-B Before After

Trail P(%) R(%) mAP@50(%) Ttrain(h) P(%) R(%) mAP@50(%) Ttrain(h)

1 69.4 64.2 66.7 0.418 80.2 67.1 72.4 0.326

2 74.5 58.3 66.6 0.415 71.2 70.5 71.5. 0.198

3 78.0 57.9 66.7 0.412 75.0 67.6 71.2 0.254

4 70.6 66.6 67.7 0.419 75.4 68.4 71.2 0.265

5 65.9 63.8 66.5 0.412 67.0 73.5 71.6 0.320

Mean 71.7 62.2 66.8 0.415 73.8 69.4 71.6 0.273

Table 5
Comparison of detection results before and after applying the transfer learning paradigm.

knots with cracks, the detection rate rose from 70% 
to 90%, underscoring the positive effect of fine-tun-
ing on feature representation for complex crack-type 
defects. In the case of marrow detection, performance 
improved from 74% to 91%, reflecting the strength-
ened ability to capture fine-grained features and 
achieve more accurate localization. Notably, in the 
hole detection task, the pre-fine-tuned model iden-
tified only two instances with detection rates of 56% 
and 42%, whereas the fine-tuned model successfully 
detected three instances with rates of 84%, 26%, and 
62%. This outcome not only demonstrates improved 
coverage of defect instances but also highlights en-
hanced object perception in complex textured back-
grounds, reflecting the dual advantage of fine-tuning 
in increasing detection counts while ensuring local-
ization reliability. Overall, transfer fine-tuning yields 
consistent performance gains across diverse defect 
categories and scales, simultaneously improving de-
tection rates and strengthening the model’s adapt-
ability and robustness in handling complex back-
grounds and small-object scenarios.

4.4.2. Ablation Experiments on Transfer Learning
To further validate the effectiveness and necessity 
of the proposed multi-stage transfer learning par-
adigm for wood defect detection on the two target 
domain datasets (Target-A and Target-B), three 
ablation experiments were carried out using the 
upgraded YOLOv12-SMD model. All experiments 
were performed under identical experimental set-
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Figure 8
Comparison of detection performance before and after 
fine-tuning.
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Method
Target-A Target-B

P(%) R(%) mAP@50(%) Ttrain(h) P(%) R(%) mAP@50(%) Ttrain(h)

YOLOv12-SMD 74.5 48.0 52.1 0.856 71.7 62.2 66.8 0.415

YOLOv12-SMD
+SMD.pt 71.3 60.1 60.6 0.699 77.5 66.1 70.9 0.242

YOLOv12-SMD
+SMD.pt

+Fine-tuning
71.1 59.2 61.5 0.713 73.8 69.4 71.6 0.273

Table 6
Results of ablation experiments on transfer learning.

tings to ensure fair comparison and reproducibil-
ity. In the first scheme, the baseline model was 
trained from scratch solely on the target domain 
dataset, without incorporating pretrained weights 
or transfer fine-tuning. The second scheme em-
ployed pretrained weights obtained from source 
domain training, which were used for model initial-
ization, but no fine-tuning was performed on the 
target domain. In the third scheme, the model was 
not only initialized with pretrained weights but 
also underwent fine-tuning with the target domain 
dataset. This hierarchical comparative design sys-
tematically isolates and reveals the contributions 
of pretrained weights and transfer fine-tuning to 
performance improvement. The corresponding ex-
perimental results are summarized in Table 6.
As shown in Table 6, different stages of the proposed 
multi-stage transfer learning paradigm exert a clear 
and consistent impact on detection performance 
across both target domain datasets. For Target-A, 
which represents a small-sample target domain, 
training the YOLOv12-SMD model from scratch re-
sults in limited detection coverage, as reflected by 
a low Recall of 48.0% and a moderate mAP@50 of 
52.1%, despite a relatively high Precision of 74.5%. 
When the model is initialized with source-domain 
pretrained weights, Recall increases substantially to 
60.1% and mAP@50 rises to 60.6%, indicating that 
pretrained representations provide effective pri-
or knowledge for expanding defect coverage in the 
target domain. At the same time, the average train-
ing time is reduced from 0.856 hours to 0.699 hours, 
corresponding to an approximate 18% reduction, 
demonstrating improved convergence efficiency. 
After applying target-domain fine-tuning, the model 

achieves its best overall performance on Target-A, 
with mAP@50 further improving to 61.5%, while 
Precision and Recall stabilize at 71.1% and 59.2%, 
respectively. Although the training time increases 
slightly to 0.713 hours compared with weight ini-
tialization alone, it remains about 17% shorter than 
training from scratch, confirming the efficiency of 
the complete transfer process. A similar progressive 
trend is observed on Target-B, where baseline train-
ing already yields relatively higher performance. Ini-
tializing the model with pretrained weights leads to 
clear gains in Precision, Recall, and mAP@50, while 
reducing the average training time from 0.415 hours 
to 0.242 hours, representing a reduction of more 
than 40%. Subsequent fine-tuning further improves 
detection accuracy and Recall, with the training time 
remaining significantly lower than that required for 
training from scratch. These results indicate that 
the proposed multi-stage transfer learning para-
digm not only enhances detection accuracy but also 
substantially accelerates optimization under more 
complex target domain conditions.
Overall, the stage-wise ablation results demonstrate 
that source-domain pretraining primarily contrib-
utes to faster convergence and improved defect cov-
erage, while target-domain fine-tuning further refines 
performance. The combined effect yields both higher 
detection accuracy and markedly reduced training 
time, validating the effectiveness and necessity of the 
proposed multi-stage transfer learning paradigm.

4.4.3. Transfer Learning Comparison Experiments
To verify that the proposed YOLOv12-SMD algorithm 
integrated with the multi-stage transfer learning par-
adigm is more effective than conventional approach-
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es that rely on pretraining on large-scale generic 
datasets, particularly under new working conditions 
with limited target-domain samples, a comparative 
evaluation was conducted. YOLOv12 provides five 
pretrained variants (n, s, m, l, and x), enabling flexi-
ble selection according to computational resources 
and latency requirements. Based on this framework, 
six representative improved modules were selected 
for comparison: TRS-YOLO+m.pt, BCS-YOLO+n.pt, 
GHBPN-YOLO+l.pt, ITD-YOLO+n.pt, SSH-YOLO+s.
pt, and FSD-YOLO+x.pt. All comparison models were 
initialized using weights pretrained on large-scale 
public datasets, following common practice in exist-
ing transfer learning methods. Comparative exper-
iments were performed on two target domain data-
sets (Target-A and Target-B), and all models were 
trained and evaluated under identical experimental 
settings to ensure fair and reproducible comparison. 
The corresponding experimental results are summa-
rized in Table 7.
As summarized in Table 7, models pretrained on 
large-scale generic datasets exhibit clear limita-
tions when transferred to wood defect detection, 
particularly in terms of Recall and mAP@50. This 
performance degradation mainly stems from the 
semantic and structural mismatch between gener-
ic pretraining data and wood defect characteristics, 
such as elongated geometries, weak texture contrast, 
and fine-scale boundary patterns, which leads to in-
sufficient defect coverage in the target domain. In 
contrast, the proposed multi-stage transfer learn-

Model Target-A Target-B

+Pretrained Weights P(%) R(%) mAP@50(%) Ttrain(h) P(%) R(%) mAP@50(%) Ttrain(h)

TRS-YOLO+m.pt 71.4 47.6 55.0 1.701 72.1 68.9 70.4 0.583

BCS-YOLO+n.pt 78.4 52.2 53.8 1.183 70.1 65.1 67.7 0.436

GHBPN-YOLO+l.pt 74.1 46.1 47.5 2.659 60.5 62.1 61.4 0.781

ITD-YOLO+n.pt 73.9 51.3 53.2 0.855 72.9 65.0 69.0 0.538

SSH-YOLO+s.pt 77.2 53.8 54.8 1.679 73.6 63.8 67.6 0.501

FSD-YOLO+x.pt 75.2 54.4 54.2 1.019 0.769 0.627 69.3 0.323

YOLOv12-SMD+SMD.pt 71.1 59.2 61.5 0.713 73.8 69.4 71.6 0.273

Table 7
Performance comparison of various models.

ing paradigm, when applied with the YOLOv12-
SMD model, consistently achieves superior per-
formance across both target domain datasets. On 
Target-A, YOLOv12-SMD attains a Recall of 59.2% 
and an mAP@50 of 61.5%, exceeding all comparison 
models. On Target-B, it further achieves a Recall of 
69.4% and an mAP@50 of 71.6%, maintaining the 
leading performance under complex target domain 
conditions. In addition to accuracy improvements, 
YOLOv12-SMD demonstrates clear advantages in 
training efficiency. Across both target domains, its 
training time is reduced by approximately 17% to 
over 40% compared with the comparison models. 
These results indicate that the proposed multi-stage 
transfer learning paradigm enables more effective 
feature adaptation and faster convergence than 
conventional transfer strategies based on generic 
pretraining, thereby offering superior accuracy and 
efficiency for practical wood defect inspection under 
data-scarce conditions. 

5. Conclusions
This study addresses key challenges in wood de-
fect detection, including the difficulty of identify-
ing small-scale defects, strong interference from 
complex textures, and limited cross-domain adapt-
ability, by proposing an enhanced YOLOv12-SMD 
framework integrated with a multi-stage transfer 
learning paradigm. From the perspective of model 
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design, YOLOv12-SMD introduces three targeted 
improvements tailored to wood defect characteris-
tics. First, the Shape-IoU loss incorporates shape- 
and scale-aware regression constraints, effective-
ly improving localization accuracy for elongated 
and irregular defects. Second, the MLCA attention 
mechanism jointly models local spatial saliency and 
global channel dependencies, enhancing feature 
discriminability and robustness under complex 
texture interference. Third, the DySample dynam-
ic upsampling strategy improves the adaptability 
and precision of multi-scale feature fusion, there-
by strengthening the detection of small-scale and 
fine-grained defects. From the perspective of train-
ing strategy, a multi-stage transfer learning para-
digm is developed to address practical constraints 
such as limited data availability, high annotation 
cost, and pronounced cross-domain distribution 
discrepancies. Unlike conventional transfer learn-
ing approaches that rely on generic public datasets, 
the proposed paradigm leverages a wood-specific 
source domain for pretraining, followed by pro-
gressive fine-tuning and optimization in the target 
domain. This hierarchical strategy effectively mit-
igates negative transfer under small-sample con-
ditions while improving convergence stability and 
generalization capability.
Extensive experiments validate the effectiveness of 
the proposed approach. On a wood-specific source 
domain dataset, YOLOv12-SMD achieves strong de-
tection performance, reaching an mAP@50 of 80.8% 
and outperforming representative baseline detec-
tors by 1.7% to 3.9% in mAP@50. Further transfer 
learning experiments conducted on two target do-
main datasets demonstrate that the proposed multi-

stage transfer learning paradigm maintains high 
detection accuracy under limited-sample condi-
tions while reducing training time by approximate-
ly 16.7%, confirming its efficiency and robustness in 
practical deployment scenarios.
Despite these advantages, several limitations re-
main. The proposed method still relies on the avail-
ability of a reasonably related wood-specific source 
domain; its performance may degrade when the 
source and target domains exhibit extremely large 
semantic gaps or when entirely novel defect types 
are introduced. In addition, while the current frame-
work effectively balances accuracy and efficien-
cy, further improvements are required to enhance 
adaptability under more extreme imaging condi-
tions, such as severe illumination variations or high-
ly ambiguous defect boundaries. Future work will 
focus on extending the transfer learning paradigm 
to more diverse wood defect scenarios and exploring 
adaptive mechanisms to further improve robustness 
in highly dynamic industrial environments.
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