TN 2248 ( Jiangsu J.of Agr.Sei.) ,2024,40(6) ;1028-1037

1028 http: //jsnyxb.jaasaccn

BOMRVCR WA TR YOLOVS B HARIME T & hn S - A A AR AL [ ], VToR Rk 2247, 2024 ,40(6) : 1028-
1037.
doi : 10.3969/].issn.1000-4440.2024.06.009

E T YOLOvS fy B AR T & BT
1= A

Bk, R K, @ %, F A, & M, FmE, B oW
(LTl R HL 75 BUC R B, K 300000)

WE:  EX AR R R AR 28 oM g P E O, 38—kt 1Y) YOLOvS BE%Y | F S
R SRIREE T AR F B E . B 08, 1 RepVGG BLHULE YOLOVS 1 £ T M4 52, M T ML 1)
PR B IBURE 1, vk 2 MY A P AE o S A AR Y B R LR, AE SER A C3 B R B AR B AL A
CBAM , $2 i B AL AE S 785 5T X 2 ARG i R (G DA 82 LA Rk i 4 B A (8 3R 301 38 s s, 5 T 119 40 2K BR A
SToU , T AR fry e S5 B I I AR B A A . AFFE 45 R W A LE T JR YOLOvS BEAY | IOk AR Y 1Y 5F- 8% B 42
Tt 3.0 ANE G TS B R Ik 98. 9% , Ut BH GRS YR Y AR PRSI %0 35 00 AR08 b o e I 5 B 34

KEEW. RER, WE), YOLOvS; HEEHALH

RESHES: TP391;S641.2 XHRFRIRAD: A TEHE:  1000-4440(2024)06-1028-10

Tomato diseased leaf detection model based on improved YOLOYVS in nat-
ural environment

LI Renjie, SONG Tao, GAO Jie, LI Dong, GAO Peng, LI Bingxin, YANG Po
(School of Electronic and Information Engineering, Hebei University of Technology, Tianjin 300000, China)

Abstract: Aiming at the complex background and dense occlusion of tomato leaves in natural environment, an im-
proved YOLOvVS model was proposed for real-time detection of tomato leaf diseases in natural environment. Firstly, the
RepVGG module was used to replace the convolutional layer of the backbone network in YOLOvS, which improved the fea-
ture extraction capability of the backbone network, reduced the memory occupation of the model and accelerated the reason-
ing speed of the model. Secondly, the attention mechanism module CBAM was introduced into C3 module in neck part to
improve the detection accuracy of tomato diseased leaves and the recognition rate of shielded targets in the complex back-
ground. Finally, a new loss function SloU was introduced to accelerate the convergence speed of the model and reduce the
loss value of the model. The research results showed that compared with the original YOLOvS5 model, the average precision
of the improved model increased by three percentage points, and the average accuracy was as high as 98.9%, indicating
that the improved model was more advantageous in the detection of tomato diseased leaves in natural environment.

Key words: disease detection; deep learning; YOLOvS; attention mechanism
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Table 4 Results of ablation tests
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(%) (%) (%)
YOLOv5 93.5 93.1 95.9
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YOLOv5+SIoU 94.7 93.4 96.8
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£S5 TRKBXLLREER

Table 5 Comparative experimental results of different models
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Fig.11 Comparison of test results
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