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Fig.2 Improved feature fusion network

1.2.1 SENet fHHh

SENet i 1o X} 18 38 3¢ 28 7547 B8 D $2 7 X 45 BE L 3 B4 FE Squeeze (JE4H) Al Excitation (3 &) P4~
SCBEARR A B G ok 2 2] ) 2 AR RO T 0 TR B L SR AR A0 1 Y R SRR B R T A R AE 1 AL
FEAMH XS /AT 55 A TR TTARRRE.

WK 3 s i AE BN o BRHIE o, 8t — R )& BREAE (F O ¥R IEE B HUE N oo SR )5 AT
i (F D BAE AU (F O B AR

HAFFACE ’ﬁ.‘l'.*jﬁuf‘@
X

FLC) e,
//|><1><c3 |><|><c\
h

h F.(+,0 Fo.()

4 w

[€3  SENetfbith

Fig.3 Squeeze-and-Excitation block
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A method for detecting surface defects of strip steel under the background
interference of spangles based on STI-YOLO

Wei Mingjun®®, Chen Zhao*, Ji Zhanlin®?, Zhou Taiyu®, Yan Xuwen®*, Liu Ming®

(a. College of Artificial Intelligence; b. Hebei Provincial Key Laboratory of Industrial Intelligent Perception,

North China University of Science and Technology, Tangshan 063210, China)

Abstract: Aiming at the problem of low defect recognition rate due to the interference of zinc flower shading in the sur-

face defect detection of patterned coated steel plate, the Spangles Texture Interference-YOLO (STI-YOLO) algorithm model

based on the target detection algorithm YOLOv5s and improved by introducing channel attention mechanism and pyramid con-

volution network is proposed. According to the defect data set, this paper reclusters & optimizes the anchor box. The SENet is

introduced before the PANet to suppress the interference of the zinc flower background. The pyramid convolution network is

added before the prediction network to obtain richer context features. The experimental results show that the STI-YOLO model

improves the detection accuracy of strip surface defects, and the average accuracy mAP reaches 95.79% , which is 13.13 per-

centage points, 14.59 percentage points and 2.07 percentage points higher than that of YOLOv3, YOLOv4 and YOLOv5s algo-

rithms respectively. The detection speed is 54.14 frame/s, meeting the real-time requirements. The STI-YOLO model has bet-

ter detection performance.
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Keywords: defect detection; feature fusion; attention mechanism; multiscale feature; zinc flower background interfer-
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