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Abstract: Addressing the issues of complex surface defect types and minute defect sizes in electronic
components that are difficult to detect, this paper proposes an electronic component surface defect detection
model based on an improved reverse distillation network. Firstly, the model adopts an unsupervised
learning approach, effectively mitigating the dependency on a large amount of annotated data. Secondly, by
employing a reverse distillation network architecture, it alters the traditional mode of one-way guidance
from the teacher model to the student model in distillation networks, thereby enhancing the model’ s
adaptability in surface defect detection tasks. Furthermore, a receptive field attention convolutional module
is introduced into the student decoder of the reverse distillation network to bolster the model’ s ability to
detect minute defects. Finally, the cosine similarity is utilized as the loss function to train the student

network and the bottleneck module. Experimental results using a self-constructed dataset for electronic
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component surface defect detection demonstrate significant improvements in detection accuracy, achieving
86.7% and 89.1% in the area under the receiver operating characteristic curve (AUROC) at the image and
pixel levels, respectively, and 69.4% in area under the pre-region-overlap curve (AUPRO) at the pixel
level.

Key words: electronic components; surface defect detection; convolutional neural network (CNN); reverse

distillation network; receptive field attention convolution
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Fig.2 Architecture diagram of improved reverse distillation network model
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Table 1 Composition of the electronic component surface defect detection dataset

s g2 LQFP QFN SOP CFP SOT SOD SMD
YRR FEA B i 258 288 434 107 200 168 69
DAL IE 8 B At 21 29 31 13 21 20 13
Wt B2 kb A A A i 31 27 31 91 31 26 19

BN EAEH

(©)SOP  (dCFP  (e) SOT
6 HLFIonaARFER R B

Fig.6 Examples of electronic component images

(f) SOD (g) SMD
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PERE
2.4 fLEEIE
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T8 AR L 7 LT o 2 1 2 T e 5 RS T R0 4 b 5 Al 2k 4 2 TR BB K O 1 RDAAD Y RD A+ 411
Patchcore® \DeSTSeg ™ | SimpleNet ™ #l ADShift " 8 B #4757 XF LIk . 26 2 4 % Lo 52 56 45 31 1) [
% 9% AUROC #8 %, 3 3 o XF F 32 5645 21 (912 E 9L AUROC #5554 Jy Xt He S 30 15 51 1912 R 4 AU-
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Table 2 Comparison results of image AUROC on the electronic component surface defect detection dataset %

Bixt4  RD4AD™  RD++""  Patchcore™ DeSTSeg™  SimpleNet™  ADShift"” A SR
LQFP 76.3 81.2 57 70.7 72.8 58.3 88.2
QFN 75.4 81.6 81.5 77.6 82.8 68.7 80.5
SOP 99.2 99.7 95.2 92.0 95.4 96.8 98.3
CFP 97.9 92.9 99.0 87.8 99.8 95.2 95.3
SOT 76.2 77.6 59.1 52.1 66.5 60.2 80.8
SOD 88.3 86.5 66.5 48.9 78.9 83.7 85.2
SMD 76.1 82.2 60.7 66.8 81.8 69.2 78.9
Mean 84.2 85.9 74.1 68.0 82.6 76.0 86.7

®3 BEFLHAGRARBENBIES EMHEEAUROCKLLER

Table 3 Comparison results of pixel-wise AUROC on the electronic component surface defect detection dataset

%
e Xt 4 RD4AD"™ RD++"7 Patchcore™ DeSTSeg™ SimpleNet™” ADShift"" A g
LQFP 97.5 96.9 96.8 96.4 92.8 95.7 96.4
QFN 84.2 85.8 80.3 84.2 78.0 82.4 86.8
SOP 93.8 93.7 92.8 92.7 88.6 91.1 94.6
CFP 83.4 82.3 71.3 73.8 70.9 87.6 85.8
SOT 81.4 76.5 68.8 75.1 69.8 78.6 81.8
SOD 90.0 90.7 86.6 87.8 73.3 85.1 89.7
SMD 88.1 82.0 83.6 84.3 80.2 87.2 88.4
Mean 88.3 86.8 82.9 84.9 79.1 86.8 89.1

R4 BFLHRGRARBEVBES EMBEEAUPROXLLER

Table 4 Comparison results of pixel-wise AUPRO on the electronic component surface defect detection dataset

%

LioAIPOE RD4AD™" RD+ +1 DeSTSeg™ SimpleNet™” ADShift"” AR
LQFP 83.1 81.5 70.7 47.5 77.9 76.4
QFN 75.2 68.5 82.4 42.1 71.6 73.1
SOP 63.4 62.9 74.5 54.2 59.8 64.5
CFP 46.8 39.4 31.0 21.2 53.4 48.7
SOT 77.2 75.4 76.2 43.3 74.1 77.6
SOD 69.4 75.5 60.3 37.1 63.3 73.3
SMD 70.9 60.7 60.3 55.9 69.4 72.1
Mean 69.4 66.3 65.1 43.0 67.1 69.4

IO o AR A 25 S 5 SO TR 7 e o ARG 000 o el LA o TR O R RE AR DT B TR T R AR AR A R R Xt
S BT i B G T IR ASE R ) AUPRO 45 BOEETEAR T8 3 90 AUROC $35 205 T AR SCR I 57t PR 4 e R (LA
R G T A 0 AR R B R T R R PR FI B A b T BB R Y R G S A 0) A
PG 2% S R0 b R B R AL BICRE TE R A D S PR kTS BRI R 2 AUROC AR . AL
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ROC #8510 & R AUROC $5 50 AUPRO 45 % bl i 17 FoAh e i BEAY | HRUAS T 86.7 % 1 MR % AU-
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Fig.7 Defect heatmap visualization examples
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Fig.9 ROC curves obtained by training the proposed model on seven categories
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AW fEH A BB U % 4 5 %8 Table5  Ablation study on the electronic component sur-
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Fig.10 Comparison of ablation study visualizations
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Table 6 Quantitative comparison of different pre-trained
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Table 7 Comparison of different multi-scale anomaly
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