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Real-time surface defect detection of winter jujube based on improved sin-
gle shot multibox detector
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Abstract: In order to realize the real-time surface defect detection of winter jujube and solve the problems that different sizes
and positions affected the detection accuracy, a real-time surface defect detection method of winter jujube based on improved single
shot multibox detector (SSD) was proposed. Three kinds of defective winter jujubes(worm, wheel-pattern and lignification) and nor-
mal winter jujubes from Dali( Shaanxi province) were taken as the research objects. The actual sorting images were collected by data
acquisition equipment, and then expanded from 400 to 2 000 by data enhancement. The SSD was improved, and MobileNetV3-SSD
model was established to lay the foundation for real-time detection. The introduction of improved receptive field block (RFB) could
realize the ability of model to extract the defect feature of winter jujube at multiple scales. Spatial attention module (SAM) was used
to replace squeeze-and-excitation (SE) block, so the ability of the model to locate the defect feature of winter jujube was enhanced.
The test results showed that the performance of the proposed model on the dataset of defective winter jujube was better than the cur-

rent advanced target detection network models (RetinaNet and EfficientDet-D0). The averall detection accuracy of the model for four

types of winter jujube was 91. 89%, and the detection speed was
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Fig.11 Detection results of the model established in this study

3.5 AMARMERE EETEE B AR R 4 X b

R T S BT AR ST AR T 1 R, AR AT T 2
RERL 5 H FT SRR Y H AR M 48 RetinaNet 1 Ef-
ficientDet-DO 75 [fij Sl B3 4 2 80P 4 L b7 e Bl
5o PRI L BRI () T SR 2 i bl A TR
ARG AIYN 5T AT IR, ik 6 I %0, A4
FERERII mAP Fl FPS YJHEE S A7, o LY Efficient-
Det-DO ) mAP F1 FPS 43 5l & H 3. 65 4 H 43 4 Al
7.15, 25387, EfficientDet-DO 3% X ] 4511 4> 715
W26 ( BiFPN) 45 & FRAE A SR W, X 5 1] F A AL
L5 A SRR ROT AT AR | 208 TURAEAE
EfficientDet-DO FJPERERS AL T RetinaNet 2,

MAIEL 12 TN, A AR AE DI S 7 v e S5 e
HISUE R ITESS 70 Wl 2R h i TARE , X159 45
FAEFL2E 2 SR A Adam HRALER O R, R T



25 JOUER T O B 2 FARAGIN 5% A SR T e 4 A S A 127

YNGR il TR ZE DI GRS, 45 R0 2ol T A2
B EA K 5 U ZRA5E S A, 26 100 I 25 A4 36 Uk 4t
x5 TREGRERBERIE

Table 5 Comparison of test results of different combined models
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Table 6 Comparison of test results of proposed model and current advanced detection network models
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Fig.12 Comparison of training loss and comparison of validation loss
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