2023 4 12 | A R A= 5§54 % 512 W)

H F et 4 GhostNetV2 i YOLO v7 7K & $F 51 46

SR 1,2 y 2 . 2 2y, 3
x| K 4 R # O WM RiRA
(1 7LR B K2 A Bh k2= Be, 17T 2121005 2. R MR R F 515 B TR %R, 95 215004
3UVLIR KA A S TR BE A AL & T S SE 0 =, 4HVL 212013)

FEE : KRERERLR DI ZE M B A7 TP ™ o AR, S AR A B I A% T — R PIL A B A T Bk AR K
FERL/IN E AR 19 25 B2 3 55 T A7 A XE LA IR L 00 28 R B 2 50K G DU 3 B A8 A TR S ) AL, 42— FBE T YOLO v7
AL R KRB R RLAG T S0 o B S 3 43 = R & M 45 A5 B (Efficient layer aggregation network , ELAN ) 46 il % i ¢
P 25 A5 He GhostNetV2 i Jin 31 3 T B 2508 9 4% 355 43, S5 20 100 £6% 2 B3OS 17 Ak 1 [] B A, 9 /0 77 38 38 v 09 R AE T0 A% 5 Lk
BB U [ T 454 1 78 188 (Convolution and self-attention mixed model , ACmix) 7N E] MP #ie v | S ffif 4>
JR R R I R AR A L, FE 4 QIR AR IE B (4015 15 . B 5 ffE A WIoU ( Wise intersection over union) fF Jy 5 2k B4,
WD TR RS R EL 2 2 A A T 0 B SR IR AR ML R T R TR Y R M RE L A K R R R R e 4
5 I B AR TR A I KT, SR 45 R AR Bl S i YOLO v7 BB mAP@ 0. 5 ik 96.55% ,mAP@ 0. 5:0. 95 ik
70.10% , Y ZRp 70 2 50kt A5 7 T [, 78 S B 3 5 DA I T €5 S 15 5 040 7K AR 2% J5 G 0w £ 200 SR 1 T L il A AR it R
T KRR R 1 S ARG LR, T ML T A SRR TR B R SR

KA KRR s YOLO v75 BREFIM L HE ik

hESHES: TP39I. 41 X ERFRIRED: A X EHE: 1000-1298 (2023 ) 12-0253-08

Rice Grain Detection Based on YOLO v7 Fusing of GhostNetV2

LIU Qinghua'? YANG Xinyi® JIE Hao® SUN Shicheng® LIANG Zhenwei’
(1. College of Automation, Jiangsu University of Science and Technology, Zhenjiang 212100, China
2. College of Electronics and Information Engineering, Suzhou University of Science and Technology, Suzhou 215004, China
3. Key Laboratory of Intelligent Agricultural Machinery Equipment, Ministry of Agriculture and Rural Affairs,
Jiangsu University, Zhenjiang 212013, China)

Abstract.: Rice grain detection plays an important role in grain storage, directly affecting the price of
grain sales. In response to the problems of difficult recognition, large network model parameters, slow
detection speed, and high cost of general machine vision detection algorithms in dense scenes with small
rice grain targets, a rice grain detection algorithm was proposed based on YOLO v7 optimization. Firstly,
some efficient layer aggregation network ( ELAN) modules were replaced with lightweight network module
GhostNetV2 and added them to the backbone and neck network sections, achieving precise simplification
of network parameters while reducing feature redundancy in channels. Secondly, the attention module
(ACmix) that combined convolution and self attention was added to the MP module, balancing global
and local feature information and fully paying attention to the details of feature mapping. Finally, wise
intersection over union ( WIoU) was used as the loss function to reduce penalty term interference such as
distance and aspect ratio. The design of monotonic focusing mechanism improved the positioning
performance of the model. The improved model detection level was verified on the rice grain image
dataset, and the experimental results showed that the improved YOLO v7 model was high, mAP@ 0.5
was up to 96.55% , mAP@ 0.5.0. 95 reached 70. 10% , and the training model parameters were also

decreased. In practical scenarios, the effect of rice impurity detection with a dark black background was
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better than other models, meeting the real-time detection requirements of rice grains. This algorithm can

be considered for application in automated grain detection systems.

Key words: rice grain detection; YOLO v7; lightweight network; attention module
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Tab.1 Results of ablation experiment

] WEL  fMEHL KR/ HARFR/  mAP@ mAP@O.S5: Ho DB B/ A SR
R LAY EeR R E FLOPs
HL PR % % 0.5/% 0.95/% (f-s7") "

1 YOLO v7 CloU 94. 22 86. 86 92.91 61.74  1.05x10" 2.88 37210865
2 YOLO v7 - E6E CloU 96. 74 94. 56 95.73 65.45  1.51x10" 2.00 53512768
3 YOLO v7 GhostNetV2 CloU 96.77 90.73 93.96 65.10  3.70 x10" 7.14 32968 834
4  YOLO v7 GhostNetV2 SE CloU 95.41 88. 50 91.26 64.14  4.10x10" 8.83 33458 221
5 YOLO v7 GhostNetV2 ~ CBAM CloU 95.75 91. 66 93. 65 64.90  4.30x10" 9.17 33874723
6 YOLO v7 GhostNetV2 CA CloU 96. 34 91. 87 94.29 66.01  3.90 x10" 9.95 33896745
7 YOLO v7 GhostNetV2  ACmix CloU 96. 84 92.52 94. 88 67.57  3.80x10"  10.28 32918894
8 YOLO v7 GhostNetV2  ACmix EloU 96. 55 90. 31 93.21 67.25  4.10x10" 9.84 33598626
9  YOLO v7 GhostNetV2  ACmix SloU 96. 89 92.93 94. 84 68.30  3.90x10"  10.01 33639028
10 YOLO v7 GhostNetV2  ACmix WloU 98. 15 94. 92 96. 55 70.10  3.80x10"  10.83 32319943

il xF b, SE PR Z0 0% 25 18] 4o A5 8 3 30A HR TR,
ffi ] CBAM 1) mAP 4 fF F B, {fi | CA FiI ACmix (1)
SIS 25 M, ACmix [ K I SR T CAL G 5
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Fig.5 Comparison of loss function before and
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Fig.6 Comparison of detection effects between

after improvement
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Tab.2 Comparison of different algorithms

il EFRT — ——
) . . ) mAP@0.5/ mAP@O.5. AEfE/ HIES%
3.5 MHELESEMEEIILE UES -

% 0.95/% (f-s7h) £
R i — 25 AR AR SCR T B S T HE B AR I 2R YOLO v7 92.91 61.74 2.88 37210865
SR —REM R T A& SCE 5 YOLO v7.YOLO YOLO v7_tiny  90.42 58.76 17.19 6237910

. e YOLO v5s 90. 82 57.20 14.72 7276 605
v7_tiny ,YOLO v5s SSD  Faster R — CNN 3} % L
—any EAY tt iﬁ( ’ SSD 96. 43 69. 83 4.09 26 245 349

g ART AR JE: 640 12 x 640 12K, SCI0 25 F =k 2 Faster R— CNN  75. 38 46. 11 0.78 137672188
o Ak 96. 55 70. 10 10.83 32319943
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