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Abstract

Because the defect of pomegranate seriously affects its quality, this paper uses deep learning
method to identify and detect the defect of pomegranate. According to the industry standard
“LY/T2135—2013 Pomegranate Quality Grade” issued by the State Forestry Administration, the
defects are divided into five types: bird damage, fruit cracking, rot, rust and sunburn. YOLOv5
model and Mask R-CNN model were used for defect identification, and the detection accuracy was
93.6% and 88%, respectively.
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Table 1. Training and testing sets for different defect types
= 1. TEISRpaERING SN E

Bird damage  Fruit cracking Rot Rust Sunburn Total
Training set 250 250 250 250 250 1250
Test set 62 62 62 62 62 310
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Figure 1. Network structure of YOLOV5s
1. YOLOV5s H4 P £& 244

YOLOV5s 2% 45+ i1 Backbone. Neck 1 Head ZHJ%. Hi Backbone HREURFE(E R )5, F1 Neck it
ITHAERN S, e Jmimid Head BB = ANKI 2 20 ik 45 31 3 FhAS 6] R~F A AE I, AN s ETiis T
3 NS [A SR EL i Anchor,  FH ST AL E A H FF

DOI: 10.12677/hjfns.2024.133041 320 B ETRRE


https://doi.org/10.12677/hjfns.2024.133041

4.2. YOLOVS &8I

YOLOV5 A 1) F ZVE R bn G40 R B3 RS ZE . HRIZAN P-R #h4k. HR s & 2 ik
(cls_loss), 7Ef4isk (box_loss)HI B {5 B 4515k (0bj_loss). i Kkibi/), HERLIZRARERLTF . P Al R Ik
FHB R, AR SR P-R M2 LA B R, FEiR NIz, JEBx T A
B IE 2T RS TR AL . MAP [IEL A K ff 22 R0 44 [ 22 T Bl e ) TET A, MAP BRI 1 A5 0 T AS 58 e
PERERR LT - MAP@0.5:0.95 (MAP@[0.5:0.95]) K /R /EANH] loU BIME (M 0.5 %] 0.95, 254 0.05) T [11°F-3) MAP.
WZMERERARPRAE R W 2, BURRBULE 2, P-R WA 3.

Table 2. Training results of each index
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Class P R MAP50 MAP50-95
All 0.922 0.944 0.936 0.52
Bird damage 1 1 0.995 0.669
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Sunburn 0.913 0.938 091 0.503
Rust 0.87 0.93 0.918 0.482
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Figure 2. Training results of loss function
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Figure 3. P-R curve
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Figure 4. Network structure for Mask R-CNN
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Table 3. Training results of each index

3. BIETERINEER

Sunburn Rust Rot Fruit cracking Bird damage All
MAP50 0.95 0.9 0.82 0.77 0.91 0.88
MAP50-95 0.83 0.38 0.55 0.52 0.46 0.62
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Figure 5. Loss function of training based on Mask R-CNN
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Figure 6. MAP results based on Mask R-CNN model
6. Mask R-CNN #R&Yj)IZkH) MAP £5R

6. YOLOV5 1 Mask R-CNN M BEXTEL
6.1. MEEFEFRXTEL

I 2 A0 5O HE AR R O BRI, T DT PR AR PR K bR B A BRI, BRI
IR GRS SO SRR ER T A o AR 457 2 R A P DA A B T A 5 S S A 22 8, AR A
U Z5R S 400K R BB PT APP A AR RS AY, S/ ML B e sk B, A AN . Jlid 22 2 FI5k 3 %)
EL %1, YOLOVS HERL kS B Al i5 93.6%, Mask R-CNN 7Y ks B H AEik 5] 88%. nJ I, YOLOV5
R PR FE T sy, R 8 R B

6.2. YOLOVS AJfl L ERBEE 7~

7E designer JAF- B E — AL E 1, 7E vs2010 3R E PySide6 P85, 15 B U AR,
M EAND, WA IR, SoRATRAE H, RoRTEBULIE 7, T EREE SR keI L 8.

Figure 7. Defect detection based on YOLOV5
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Figure 8. Test results for five defect types based on YOLOv5
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Figure 9. Defect detection based on Mask R-CNN
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Figure 10. Test results for five defect types based on Mask R-CNN
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