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Disease Detection of Lily Based on Convolutional Capsule Network
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Abstract; Lanzhou lily is the only kind of sweet lily in China and it is one of the famous specialties of
Gansu Province. However, its yield and quality were decreased significantly in recent years due to gray
mold disease, bulb rot disease and other diseases and insect pests. In order to improve the anti-
interference ability of Lanzhou lily diseases diagnosis model, the three full connection layers of VGG — 16
convolutional network was replaced with capsule network module to construct convolutional capsule
network. And the effects of capsule size and route iteration times on training time and model accuracy
were analyzed systematically. The result of the experiment showed that the diagnosis accuracy of Lanzhou
lily diseases via convolutional capsule network was 99.20% when the capsule size was 8 and the route
iteration time was 3. And the capsule size and the number of routing iterations had no significant effect on
the accuracy of the model. In addition, the accuracy of VGG —16 model was slightly higher than that of
convolutional capsule network when the affine transformation grade was 0.04 ~ 0.08. But the anti-
interference ability of convolutional capsule network was obviously better than that of VGG —16 model for
Gaussian noise, salt-and-pepper noise, speckle noise and other grades of affine transformation. So it was
possible to use the convolutional capsule network for dealing with the real-world examples of Lanzhou lily
diseases recognition.
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Fig.2  Structure of convolutional capsule network
B R i AUEIE S S BOE RN,
A VGG g5k rp AL ffi F 4 b tis B RS 2 x 2,
WahAK K 2 B9 Max pooling JZ , BFRRE /N Ry J
RSP 172, R HE 13 DERZE 005 DR &
AR X M 1 2 L 3 NEBUZ A, B
MERIZHH 3 x3 BT, SR IRE R A
RFRE, B R A same padding #5(, J)e &
GRRAMALZ 5,5 D EEHIE B R AE B RS 23 5]
h224 x 224 x 64 112 x 112 x 128 .56 x 56 x 256 .
28 x28 x512 14 x 14 x512, HAb, W ENEF)ZE
i ] ReLU B4l pR %k, 51 AJELe AR 4, LIdEE VGG
BRI RIRBE ST
1.3.2  JR#EEHRH

R P J 0 I 2, B B AR | TR 2 B
W) T )2 i A B R AR 1 e e ol — 4L R
ERER R, ASCERREM LR 13 )2 V66
HRL R BN 14 x 14 x 512 FIEE R, 755 AR5
P 2% o fifi ] Reshape )2 #1018 % 2, B A
12 544 ANKJE R 8 By i, 4T squash PR O 254>
) AT R4, A i — 2L 1) AN ) B ) 4 (wy
Uy, u, ) VEON Reshape J2 008 )2 Bt B

s * s

PN EN PR

Reshape 0% )2 15 8507 e 98 )23 [a) fiff FH 4 3% 422
73 B e )2 T 45 1 i Reshape 5% )2
()% 1 i B0 A B el AR B, Bl A B bl ARk D B A
Kl 3 FR .

w, BT I 2 v e o P o, ) N R
H

Rel.U

squash(s) =

w,; = Wu, (2)
KX, Reshape =24 @ /i i 1] i
W, — R
Reshape 3 B3 22 (131 6 ) & s; A
§; = 2 Cyly; (3)

2020 4F
o W, 5,

B3 s i) 3l 253

Fig.3  Dynamic routing between capsules
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Fig.4 Images for model anti-interference test
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Fig.6  Anti-interference ability of models
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