%43 K5 4 B FRIAKRFFRAAHFRK) 2026 4= 8 H
Vol. 43 No. 4 J Chongqing Technol & Business Univ( Nat Sci Ed) Aug. 2026

it YOLOVA4—tiny 1) EJ3RI R A ke Be A5 T

BAEE EEE
BB IREY a. WAEE ISR, b FREAIFHA S IR RAF I, D8 5694 241003

W B H AT R B AR R B B A A P B AR A B M R a5 S 1R 4 R — AR B 49 YOLOv4 —tiny A
FER R o, AR B AR M Ty ok % Sk AR AR M 2 R B AT, BRI T M e A R itk e TR AER
IR &5 = 5% £ 3 i B 52 % 52 % 128 HFAEE G I AT 2k YOLO Head—P3, 3§ 42 FPN( Feature Pyramid Network ) &
M RITT BN R IR AR ) #R R T JR YOLOv4—tiny BE AL A A )~ Bl AR A0 0] 04 ) 25 45 M 5k T4 191 225 B) B, B
FPN Z5#) % 3] N 7 it &9 SPP (Spatial Pyramid Pooling) 45 # , A 3% 7R 6] R 4F A B 89 4F A Bk A~ HUH | AFR & 4 )b
J ;)& , 5| N ECAnet ( Efficient Channel Attention network ) , i@ it B i B ¥ R E Fe iz & A AUH), 32— F 3558
TR GAEA 0 B & BRI A R AR Y T A& LG R, AR BARER G BT R, B
T2 R R B 6 SRR P I (mAP) A 2] T 97.32% MR TR A EBARZ T 7.69% ik &
KRBT 113,67 fps, gk it 9 R AR T RALA R A5 ARARA PTAR I, 4648 T 3t B ARSR R4 09 5= o] AL
AARSAF A

Fefgltinl : YOLOvA—tiny ; 52 F4 A0 5 B7 R o, B&AR 5 45 A Ak &

Py e TP391. 41, TN41  SClikkRINAD: A doi;10. 16055/ issn. 1672-058X. 2026. 0004. 008

Improved YOLOv4-tiny for Detecting Defects on Printed Circuit Boards
QIAN Qingxia®, JJANG Yuanyuan®"
a. School of Electrical and Information Engineering; b. Institute of Environment-Friendly Materials and Occupational

Health, Anhui University of Science and Technology, Wuhu 241003, Anhui, China

Abstract: Objective To address the issues of small targets and insufficient detection accuracy in surface defect detection
of printed circuit boards (PCBs), an improved YOLOv4-tiny model is proposed for PCB defect detection. This algorithm
significantly improves detection accuracy while maintaining real-time efficiency. Methods First, the second residual block
of the backbone feature extraction network outputted a 52x52x128 feature map. Based on this feature map, a prediction
head named YOLO Head-P3 and a feature pyramid network (FPN) layer were added. These improvements enhanced the
multi-scale feature fusion capability of the FPN layer and solved the structural deficiency of the original YOLOv4-tiny
model in detecting small targets. Second, an improved spatial pyramid pooling (SPP) structure was integrated into the
FPN to strengthen multi-scale feature fusion, thereby improving detection accuracy. Finally, the efficient channel
attention network (ECAnet) was introduced. By adaptively adjusting feature weights through an attention mechanism, this

network further enhanced the adaptive feature extraction capability of the model, while reducing complexity and
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computational demands to meet the precise requirements for small-target defect information. Results Experimental results

showed that the improved algorithm achieved a mean average precision (mAP) of 97. 32%, which was 7. 69% higher than

that of the original model, with a detection speed of 113. 67 frames per second (fps). Conclusion Compared with the

original model, all evaluation metrics of the improved model have been enhanced. The improved model enables real-time

monitoring of small-target defects and exhibits excellent performance.
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Table 2 Comparison of ablation experiment results
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2 v v 93.61 95. 86 136. 83
3 v v 93.28 95.76 123.72
4 v v 93.38 95.96 124. 19
5 v v v 94.29 96. 62 113. 50
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Table 3 Comparison of experimental results with
different models

B L AR mAP/% R/% #ARIKA/MB  FPS
YOLOv3 88.44 66.33 61.55 39.35
YOLOv4 97.14 91.87 63. 96 31.36

YOLOv4—tiny 89.63 79.95 5.89 170. 43
YOLOv5-s 94.34  72.19 7.08 72.69
YOLOv5-m 95.89 79.86 21.07 38.98

&t YOLOv4—tiny 97.32 94.88 7. 86 113. 67
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Fig.7 Detection results of the original YOLOv4-tiny model
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Fig. 8 Detection results of the improved YOLOv4-tiny model
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