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Research on internal crack recognition method of
brown rice based on YOLOvVS-RF

ZHANG Xubo,ZHANG Jiayu, BEN Zongyou, WANG Yifan,ZENG Yuke,CHEN Kunjie "
(College of Engineering, Nanjing Agricultural University, Nanjing 210031, China)

Abstract ; [ Objectives ] In order to accurately identify internal cracks in brown rice,a brown rice crack detection algorithm based on
the enhanced YOLOv51,YOLOv5-RF,was proposed. [ Methods ] A DWBS( depthwise convolution+batch normalization+sigmoid linear
unit) module was constructed using deep convolution instead of ordinary convolution in the CBS( convolution+batch normalization+
sigmoid linear unit) module,,and then the DWBS module was stacked into an auxiliary backbone network , which was then combined
with the original Darknet-53 backbone network to form a composite backbone network structure of the same level based on the DWBS
module to improve the ability and extract internal crack features in brown rice. The feature richness at the decoding end was
improved by using an reverse cross-layer connection in the neck network , which was used to improve the detection of internal cracks
in brown rice at the decoding end. The CBAM attention module was used to adjust the channel attention expression of the SPPF
(‘spatial pyramid pooling-fast ) module to improve the quality of the semantic information expression in the encoding phase by
constructing a network structure that combined the SPPF module with the CBAM module. [ Results] The experimental results showed
that the proposed YOLOv5-RF algorithm achieved 94. 01%, 86. 92% and 90. 85% average precision, recall and precision,
respectively ,which was an improvement of 4.72% ,6.23% and 1.23% compared with the YOLOvS! algorithm. But adding modules
had little effect on the speed of model detection. [ Conclusions ] The proposed method can accurately identify internal cracks in brown
rice and can provide a technical reference for detecting the cracking rate of rice grains.
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Fig.1 The flow chart for making brown rice samples
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Fig.2 The image acquisition system for brown rice cracking
A B RAE RS Image acquisition system; B.JGIR R4 Lighting system.
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Fig.3 The raw images of brown rice samples
AR K Long brown rice ; B. HRiEE K Medium brown rice ; C. [BIBLBE K Round brown rice.
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Fig. 4 The schematic diagram of brown rice image pre-processing process
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Table 1 The classification of the brown rice cracking dataset

IR %X Number of images
HEEM Crack conditions

FKHRIREK Long brown rice  HRIREXRK Medium brown rice [FH#EK Round brown rice

PSR [6) 244 Single transverse crack 324 296 307
2 5B M) 2440 Multiple transverse cracks 305 316 315
.54 Presence of transverse and longitudinal cracks 287 272 254
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Fig. 5 The schematic image of cracked brown rice

A BRSO R Z44 Single transverse crack ; B. 22 554 [1) 44 Multiple transverse cracks ; C. 4,

%4 Presence of transverse and longitudinal cracks.
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ZAE0 1 FN 3 YN ZE 80 2 F 4 J Rk 240, Cracks 1 and

3 are longitudinal cracks,while cracks 2 and 4 are transverse cracks.
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Fig. 12 The crack recognition results of brown rice image
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Table 2 The test results of different network models on the brown rice cracking dataset

A Sk /MB HAE WL HEWI R/ % A%/ % F1 R %

Model Parameters Frames per second Precision Recall F1-score Average precision
Faster R-CNN 126.69 14.58 90.67 84.76 0.87 91.66
SSD 23.61 35.68 90.36 78.82 0.84 87.62
Retina-Net 37.98 23.14 86.42 77.65 0.82 88.03
Efficient-Det 25.73 28.52 82.57 84.81 0.84 85.35
YOLOv5!1 46.63 17.56 89.62 80.69 0.85 89.29
YOLOvS5-RF 49.13 15.67 90.85 86.92 0.89 94.01

AR B vERR R - 3 R Al £k, i 13 Fros., AE 13 #1 10
%2 N1 YOLOVS-RF #7578 7 [m] R %5 i3 1 1 00 4K TH g % 14
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Fig. 14 The results of brown rice crack region localization with different network models

WL IR MUK, B EET L A8 M1RHKE . The blue arrow points to missed detections,and the yellow arrow points to false detections.

x3 HEAE

Table 3 The ablation experiment

P SHCH/MB BRI P
- Parameters Frames per second Average precision
YOLOvSI 46.63 17.56 89.29

YOLOvS1+3&F DWBS BIRAYIFIZ AL & B M 4s
YOLOv51+the composite backbone network structure of the same level 47.17 15.98 91.92
based on DWBS module

YOLOvS1+3 ] 3% 352 |2 251

YOLOvSl+reverse cross-layer connection 48.34 16.59 93.02
YOLOv51+CBAM 46.89 16.66 91.39
YOLOvSI+JET DWBS BRI E & B T M45+CBAM
YOLOvSl+the composite backbone network structure of the same level 47.43 16.26 92.68
based on DWBS module+CBAM
N A= ~
YOLOvS1+3¥ [ 3% 4% )2 45 #4 + CBAM 48.60 16.83 93.42

YOLOvSl+reverse cross-layer connection+CBAM

YOLOvSI+3: T DWBS BEH i) [ 2 G T I 2% +3 1) 7 45 2 451
YOLOvS51+the composite backbone network structure of the same level 48.87 15.79 92.86
based on DWBS module+reverse cross-layer connection

YOLOv5-RF 49.13 15.67 94.01
TEAS IR S0 RIS I B TR, N3 3 A I, YOLOVS-RF B AEUAHHRE T YOLOvS] B8 B fin 1 2.5
MB, FPS A W& FA AN A 2 W, 2 IAASEH At 8 Jon Xo 4G 00 33k B sl 4R /0N PRI, DB R A8 e MR A | P i s 2
BTt A B K6 M35 R 07 T 4555 2% 1 T4 T 1Y YOLOvS-RF RS U B 45 f- 16 JE AR A SL0 A6 T 1 S P B
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