202342 A &k MLk 2= i o554 % 42

doi:10.6041/]. issn. 1000-1298.2023. 02. 023

ETRESY KERMEENNENFECEELETE

ZYW KU TRW KR

(Lo ER R B SR BE, JEat 1000835 2. H [ gl B2 Be A b BRI 5 7T 35 28 6 SR AF 52 o, b st 100081)

FEE . H SR AR TR T ™ R X B A I B R O O, XSRS B A AL IR A
EARSS, M LSz BUAE F I 3 5 R ORS oA SR IR, 3R N T — A R TR A T Ok B BRI B0 ML ki UNet (Mixed
dilated convolution and attention mechanism optimized UNet, MA — UNet) [i¢ 5 3 ™ 8 B AL 8 05 16 . 158, 1 xR B R~
A TEARANHL I [5] 350, 42 1 IR G 45K 4 T (Mixed dilation convolution block, MDCB ) 34 Jin Jgk 52 B I % 17 B {5 &
B e PR TR BE AN HIRE R o LW, R T s IR AT 4R S M SE ), R i 8 D AL ( Attention mechanism ) X 25 [H] 4
R V3 S 4 PR AT R G AR A AR R S 1A o o G TR F A G B L GRAR T RONE IR 4 2 30 A R B S i
Fom R0 0 HIE P BER R 5 R 10 AR RS o BT ) AT W4 0 B TR 2 AR
G AT T 83E , 7 5 2 UM 4% (Fully convolutional network , FCN) | SegNet , UNet, PSPNet, FPN . DeepLabV3 + 317
Lok, #5 R KW, MA — UNet 0 T WL 5807 125, AE 06 0 2 2 2 BR 05 T 4 JE i v /1008 B6E 149 20 1 5 5K, P ¥ 22 JF L Oy
84.97% WFALAZ I 93.95% o T MA — UNet 73545 J Ak i1 B 800% 35 7 58 1Y de s R ECH 0. 965 4,177
MR 2 A 1. 083 7% o %M 58T S A T4 BEAE A v PR Al T R o o 3 7™ T 4RI 5%
FB BTN E  E S E A TR RN R A E

i E 45 ES: TP391 X#kFRIRAD: A XEHS : 1000-1298 (2023)02-0231-09 OSID;

Estimation Method of Leaf Disease Severity of Cucumber Based on
Mixed Dilated Convolution and Attention Mechanism

LI Kaiyu' ZHU Xinyi' MA Juncheng® ZHANG Lingxian'
(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
2. Institute of Environment and Sustainable Development in Agriculture,

Chinese Academy of Agricultural Sciences, Beijing 100081, China)

Abstract: Automatic and accurate estimation of disease severity is critical for disease management and
yield loss prediction. Traditional disease severity estimation steps are complicated and inefficient, which
makes it challenging to achieve accurate estimation in practical scenarios. A disease severity estimation
method was proposed based on mixed dilated convolution and attention mechanism to improve UNet ( MA —
UNet). Firstly, to solve the problem of different sizes and irregular shapes of lesions, the mixed dilation
convolution block (MDCB) was proposed to increase the receptive field and maintain the continuity of
lesion information to improve the accuracy of lesion segmentation. Secondly, to overcome the influence of
complex background, the attention mechanism ( AM) was used to model the correlation between the
spatial and channel dimensions. It can obtain the response within each pixel class and the dependency
between channels to alleviate the background’s influence on network learning. Finally, the ratio of
diseased lesion pixels to leaf pixels in the disease segmentation map was calculated to obtain the severity.
It was validated based on cucumber downy mildew and powdery mildew images collected under field
conditions and compared with fully convolutional network ( FCN), SegNet, UNet, PSPNet, FPN, and
DeepLabV3 +. MA — UNet can meet the segmentation requirements of leaves and lesions in complex
environments, with a mean intersection over union 84.97% and a value of frequency-weighted

intersection over union value of 93.95% . Moreover, it can accurately estimate the severity of cucumber
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leaf diseases, the correlation coefficient was 0. 965 4, and the RMSE was 1. 083 7% . The results showed

that MA — UNet outperformed the comparison methods in refining lesion segmentation and accurately

estimating disease severity. The research result can provide a reference for artificial intelligence to

estimate and control disease severity in agriculture rapidly.

Key words: cucumber disease; disease severity; dilation convolution; attention mechanism; semantic

segmentation
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Fig.1 Disease image and annotated sample after unifying

image size
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Fig.2 Examples of training data augmentation
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Fig.3 Overall flow chart of severity estimation
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Fig.4 Block diagram of MA — UNet for disease

image segmentation
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Fig.7 Visual comparison of ablation studies on test dataset
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Tab.3 Performance comparison of different models
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