20234 12 A | A R A= 54 % 12 1)

doi:10.6041/j. issn. 1000-1298.2023. 12. 030

ZREBIENHFIEMAENRMTHEERN T X

a1 1 1 1 2 N WL 3
IHeH RO hER% AR el
CLAG BRI K22 LS5 B H R 2B, 15 FH 464000 2. 3] jg 45 25 09 2 924 B8 S S0 58 %, {7 BH 4640005
3. b mU T A MR 2 B BE RE A B AR B FE oLy, dBET 100097)

K 77 9% ( Multi-scale guided self-attention network ,MSGSN) , %7 1% B SR AT VGG16 122 N BEFFE 47 BB B
VLR B2 9 58 R FEAS [R) RUBE TR 14 Ja) 3 40 0 R AF , 1] an s B AN 30 4% 55, T A3 s 3635 22 RO 19 Js R iE o ik,
3 B R R R AR A R R R Z ) Y 2 R RO G R, S R 2 JRHE B 5 R B AR = 8] A s
Ho feJa , R AE 8 3R AL N 2 R RE AT AR & , 3271 7 BE R 3 22 ROBE AR B9 R AR BE 1, 0 K5 fm
SR BRI, M T 5205 1 9 T A A i 1k o SRR AR SR R, G 2 RUBE TR TR 00 28 e T AG I U vk A R
S i R 22 S 5T B T R CR , S BORE BB IR B 92. 15% o %05 ¥ 7T S 25 s 5 19 3 Be 12
P H R

SR A WEAI; BARKII; 2 RUE, AERINE; SERE
hE 4SS TP391.4 XEkARIRAD: A X E4RS : 1000-1298(2023)12-0308-08 OSID .

Tea Disease Detection Method with Multi-scale Self-attention Feature Fusion
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Abstract; Accurate detection of tea diseases is crucial for a high yield and quality of tea, thereby
increasing production and minimizing economic losses. However, tea disease detection faces several
challenges, such as variations in disease scales and densely occluded disease areas. To tackle these
challenges, a novel method for detecting tea diseases called multi-scale guided self-attention network
(MSGSN) was introduced, which incorporated multi-scale guided self-attention. The MSGSN method
utilized a VGG16-based module for extracting multi-scale features to capture local details like texture and
edges in tea disease images across multiple scales, effectively expressing the local multi-scale features.
Subsequently, the self-attention module captured global dependencies among pixels in the tea leaf image,
enabling effective interaction between global information and the disease image’s local features. Finally,
the channel attention mechanism was employed to weight, fuse, and prioritize the multi-scale features,
thereby enhancing the model’s ability to characterize the multi-scale features of the disease and improving
disease detection accuracy. Experimental results demonstrated the MSGSN method’s superior detection
performance in complex backgrounds and varying disease scales, achieving an accuracy rate of 92. 15% .
This method served as a valuable reference for the intelligent diagnosis of tea diseases. In addition, the
method can provide a scientific basis for the prevention and control of tea diseases and help farmers take
timely and effective control measures. At the same time, the method can also provide technical support
for the development of the tea industry.
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Fig. 6 Sample images of diseased tea leaves
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Tab.3 Results of ablation experiments by module
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Fig.7 Detection results of scale variations
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