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High Precision Identification of Apple Leaf Diseases Based on
Asymmetric Shuffle Convolution

HE Zifen HUANG Junxuan LIU Qiang ZHANG Yinhui
(College of Mechanical and Electrical Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract; Aiming at the problems of low accuracy and poor generalization ability caused by the
imbalance of samples between data sets, shooting angles, light changes and other actual imaging and
environmental factors caused by apple leaf diseases, a type of asymmetric shuffle convolution neural
network ASNet was proposed. Firstly, by adding an improved scSE attention mechanism module to the
ResNeXt backbone network to enhance the network feature extraction; secondly, for the relatively
scattered feature distribution of most leaf diseases, the asymmetric shuffle convolution module was used to
replace the original residual module to expand the receptive field of the convolution kernel and the
enhanced feature extraction ability, thereby improving the recognition accuracy and generalization ability
of the model; finally, the use of channel squeeze and channel shuffling in the asymmetric shuffle
convolution module made up for the grouping convolution. The defect of insufficient correlation between
channels reduced the problem of low recognition accuracy of traditional network models caused by the
imbalance between leaf diseases. Under the COCO data set evaluation index, the experimental results
showed that compared with the Mask R — CNN whose backbone network was ResNeXt — 50, the average
test accuracy of this model reached 96. 8% , which was increased by 5.2 percentage points, and the
model size was reduced to 321 MB, a decrease of 170 MB. Tested by 240 field-collected and Al
Challanger crop disease identification challenge apple leaf images, the test results showed that the average
segmentation accuracy of the proposed model ASNet for apple black rot, rust, scab and healthy leaves
reached 94. 7% .

Key words: apple leaf; disease segmentation; ASNet model; asymmetric shuffle convolution; channel

squeeze ; attention mechanism
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Fig.6 Comparison of loss curves at different learning rates
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Tab.1 Determination of hyperparameters
WS SR B R (E
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Tab.2 Experimental results of different

backbone networks

e— S HRS B/ R BRL R SC - ‘ZD!IJ“&E
% K /N/MB i [ /s

ResNet — 50 91.3 334 4.30 x 107 0. 045
ResNeXt — 50 91.6 491 6.10 x 107 0. 055
ResNet — 101 92.2 501 6.20 x 107 0.057
ResNeXt — 101 84.9 815 1.02 x 10* 0.070
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Tab.3 Experimental results of adding attention

mechanism to different positions %
i 18 -1 73 A ¢
Block2 +3 91.6 95.3
Block2 +4 92.1 96.7
Block2 +5 92.7 96. 5
Block3 +4 92. 4 96.9
Block3 +5 90.7 95.8
Block4 +5 92.1 96.3
All Blocks 91.6 96.3

HI 3% 3 AT LA 0 A SO B JE i &, 1
FIHLHI A BN BRI 22, 5 208 1 2 S LR
INAE LA B 22 S5 IS 1 B R S 1 A B
J& , Bl Block2 1 Blocks , 52 45 B 45 1 45 S fc 4, K 2
e ik 8 92. 7% , H b F A ALRS B 91.3% , ff H]
WO T I HLRI A JS  BORDRS BE SR T T 1. 4 A
A

Sy TIPS :Block2 /55 1 AN HAT 5% 22 4544
MRS H , FE & it )RR AR 1B HE AT AR T R R
il , % J5 S2 1 Block #2374 A R 19 5 W o Block5
R R B LA S B2 0 o S, e AT AR 1
I T U)X 5 26 11 U0 25 R 2 7 A RO 11 S )

P, HES I 2 A4~ 3 35 0 AL A A ke 5 7 18 i A7 FR 9
THEE R BT A5 4 10 2
3.4.3 IHEESCE:

N T B A A A A A A SC/INVRE AR B B o
9 FE 4> E [ AT M, 7E Mask R — CNN [UAEZE T 6
A CAER ASNet 4 M 5 %51 T MaskloU Head ( Mask
Scoring R — CNN, MS R — CNN) | g i#F 1 2 7 #L il
seSE (x ) FHE XS AR iR Bk & BUBE B 19 AN [ 190 285 3 A7
S LR AE R ANER 4 PR .

R4 FREMTERMBRESENER
Tab.4 Segmentation results of apple leaf diseases by

different networks
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Tab.5 Comparison of experimental results for

different networks %
g PlantYillage B (ﬁéﬁfﬂ)ﬁi&
REELi FEREES - 2K B PENCIES
Mask R — CNN 91.6 95.9 87.0 93.8
Yolact 95.1 96. 6 82.5 90. 3
Yolact + + 95.6 96.7 83.4 91.4
SipMask 87.7 98.7 74.6 93.8
ASNet 96. 8 98. 4 94.7 94.9
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Tab.6 Inter-class segmentation accuracy of
mixed data sets
o3 I BE/ P AL T 3
RS R B REN P 4R/ /MB
Mask R—CNN 83.1 90.5 82.0 92.3 87.0 491

MS R — CNN 84.4 94.3 77.2 92.8 87.2 616
ASNet 91.1 98.7 93.8 95.2 94.7 321
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Fig.7 Visualization example of test results

R, R, W o AR IR R R AR R e SR [T ] AR PR ,2018 ,44(5) 113 - 25.

WANG Shutong, WANG Ya’nan, CAO Keqiang. Occurrence of and research progress in important apple diseases in China in
recent years| J]. Plant Protecti, 2018 ,44(5) :13 —25. (in Chinese)

A AR R B B 6 AR [T]. R0l 5 H0R,2018,38(20) 35,

FARG S D FE A TUAD L3 2R - 8005 3 M LB IR FOR [T ] I L 54,2018 (6) 24 - 25.

FAA, THRAE B A B T S LY 3R B R T RS [T ] I AR AR B4 ,2015,47(7) 1122 - 125.
WANG Jianxi, NING Feifei, LU Shuxi. Study on apple leaf disease recognition method based on support vector machine[ J].
Shandong Agricultural Sciences,2015,47(7) :122 - 125. (in Chinese)

ARG, XTF A, da DR, 45 T S Rp m i ALAY R FEAS IR0 MR A BTS2 LT ). ZRALARO R 22441 ,2013,44(2) « 128 - 135.
SHI Fengmei, ZHAO Kaicai, MENG Qinglin, et al. Image segmentation of rice blast in rice based on support vector machine
[J]. Journal of Northeast Agricultural University, 2013, 44(2) ;128 —135. (in Chinese)

UM B A G IR R AR R VER JU R ) e s R P ST 434 [ J/OL ] ol BLB 2 4k ,2021,52(7) :1 - 18.

ZHAI Zhaoyu, CAO Yifei, XU Huanliang, et al. Review of key techniques for crop disease and pest detection [ J/OL].
Transactions of the Chinese Society for Agricultural Machinery,2021,52 (7):1 - 18. http: / www. j-csam. org/jcsam/ch/
reader/view_abstract. aspx? file_no =20210701&flag = 1. DOI;10. 6041/j. issn. 1000-1298.2021.07.001. (in Chinese)
VEROME  HRBIAE, £ — 3R, S JE Tl R ST 198 R 22 19 2% 5 K s 7 IRHR IR [ 1/ 0L ] Rl BLAR 27 41z ,2020,51(2) : 230 -
236, 253.

XU Jinghui, SHAO Mingye, WANG Yichen, et al. Recognition of corn leaf spot and rust based on transfer learning with
convolutional neural network[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery, 2020,51(2) : 230 - 236,
253. http: // www. j-csam. org/jcsam/ch/reader/view_abstract. aspx? file_no =2002025&flag =1. DOI; 10.6041/j. issn. 1000-
1298.2020.02.025. (in Chinese)

RS, B AR, B R 2 R RGBT 2 45 1 38 T 7 i R R s B0 050k [T]. Aol TR 24 ,2020,36(16) 1149 - 157,
ZHANG Shanwen, WANG Zhen, WANG Zuliang. Method for image segmentation of cucumber disease leaves based on multi-



230

PSS A1 M | = O 14 2021 4

[9]

[10]

[12]

[13]

[14]

[17]

[18]

[19]

[20]

[21]

(22]

(23]

[24]

scale fusion convolutional neural networks[ J]. Transactions of the CSAE, 2020, 36(16) :149 —157. (iin Chinese)
fapjk, 25 A3 38 XDk JE T 22 RO AR 22 4 28 I 4 1 A A s S R [T ). 1S PL T AR ,2020,47(5) :8.
HE Xin, LI Shuqin, LIU Bin. Grape leaf disease identification based on multi-scale residual network[ J]. Computer Engineering,
2020,47(5) :8. (in Chinese)
FNE VLV EF IR BT Muti-scale AlexNet A4 78 3 705 35 PR U [T ] Aol TR 24 ,2019,35(13) : 162 - 169.
GUO Xiaoqing, FAN Taojie, SHU Xin. Tomato leaf diseases recognition based on improved Multi-scale AlexNet [ ] ].
Transactions of the CSAE, 2019, 35(13) :162 - 169. (in Chinese)
SKIR G G R A, BT BTN W2 R AE R TR BTSR[] 8ROl B2 ,2020,48(5) 1242 - 245,
ZHANG Naifu, TAN Feng, FAN Yuxi, et al. Research on crop disease identification method based on convolutional neural
network[ J]. Journal of Anhui Agricultural Sciences,2020,48(5) :242 —245. (in Chinese)
I, X 4k o, W AR 0T, 45 R T BRURH 28 0 4% 9 K AR v R U 52 LT ] B R AR R 22 4l ( B AR BR A ) , 2019,
34(5) :884 —888.
QIU Jing,LIU Jirong, CAO Zhiyong, et al. Rice disease image recognition research based on convolutional neural network[ J].
Journal of Yunnan Agricultural University ( Natural Science) ,2019,34(5) :884 —888. (in Chinese)
BOHOF BRI, 25 5E B, L SR T AT S SRR I Z AR R R [T R0l TARAE 4 ,2020,36 (16) 1166 - 173.
HUANG Jianping, CHEN Jingxu, LI Kexin, et al. Identification of multiple plant leaf diseases using neural architecture search
[J]. Transactions of the CSAE, 2020, 36(16) :166 —173. (in Chinese)
T BT EMGHT 2R 0 AR AR P it B0 R B OB R RS [ D] B0 - v B AR R K3 ,2018.
WU Na. Research on key techniques of crop leaf diseases recognition based on image retrieval[ D ]. Hefei: University of Science
and Technology of China,2018. (in Chinese)
XIER S, GIRSHICK R, DOLLAR P, et al. Aggregated residual transformations for deep neural networks[ C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2017 :1492 - 1500.
SZEGED Y, LIU W, JIA Y, et al. Going deeper with convolutions[ C] // Proceedings of International Conference on Computer
Vision and Pattern Recognition. IEEE, 2015: 1 -9.
HE Kaiming, ZHANG Xianyu, REN Shaoqing, et al. Deep residual learning for image recognition[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2016 770 - 778.
KRIZHEVSKY A, SUTSKEVER I, HINTON G. ImageNet classification with deep convolutional neural networks[ C] // Neural
Information Processing Systems ( NIPS), Lake Tahoe, 2012 1097 - 1105.
HE Kaiming, GKIOXARI G, DOLLAR P, et al. Mask R — CNN[]J]. IEEE Transactions on Pattern Analysis & Machine
Intelligence, 2017, 42(99) :386 -397.
HUANG Zhaojin, HUANG Lichao, GONG Yongchao,et al. Mask Scoring R — CNN [ C] // Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2019 6409 - 6418.
ZHANG Xiangyu, ZHOU Xinyu, LIN Mengxiao, et al. ShuffleNet: an extremely efficient convolutional neural network for
mobile devices[ C] // Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2018 6848 — 6856.
DING Xiaohan, GUO Yuchen, DING Guiguang, et al. ACNet: strengthening the kernel skeletons for powerful CNN via
asymmetric convolution blocks[ C] // Proceedings of the IEEE International Conference on Computer Vision, 2019:1911 -
1920.
HOWARD A G, ZHU M, CHEN B, et al. MobileNets; efficient convolutional neural networks for mobile vision applications
[J]. Proceedings of the IEEE, 2017,105(12) ; 2295 —2329.
ROY A G, NAVAB N, WACHINGER C,et al. Concurrent spatial and channel ‘Squeeze & Excitation’ in fully convolutional
networks[ C] // Proceedings of International Conference on Computer Vision and Pattern Recognition. IEEE, 2018. 6848 -
6856.
HU J, LI S, GANG S, et al. Squeeze-and-excitation networks[ C] // Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2018 7132 -7141.
BOLYA D, ZHOU C, XIAO F,et al. YOLACT: real-time instance segmentation[ C] // Proceedings of IEEE International
Conference on Computer Vision, 2019 9157 - 9166.
BOLYA D, ZHOU C, XIAO F,et al. YOLACT + + : better real-time instance segmentation| J]. arXiv preprint arXiv;1912.
06218,2019.
CAO Jiale, ANWER R M, CHOLAKKAL H, et al. SipMask: spatial information preservation for fast image and video instance

segmentation[ C] // Proceedings of the European Conference on Computer Vision, 2020.



