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Lightweight model of tomato leaf diseases identification based on knowl-
edge distillation
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Abstract: At present, crop disease diagnosis based on transfer learning has become a trend. However, models used
in most studies had a large number of parameters, which occupied a lot of equipment space and took much time for infer-
ence. The above conditions make devices with strict restrictions on storage and computing resources cannot take advantage of
deep neural networks. Thus, tomato disease samples from the PlantVillage dataset were used as the research object in this
study, a novel lightweight model based on conditional convolution and channel attention mechanism was proposed. At the
same time, knowledge distillation method was used to train the custom model, which could greatly reduce the model volume
while ensuring the performance of the model. The AlexNet, VGG16, GoogleNet, ResNet50 and DenseNet121 were com-
pared, and the class activation map (CAM) was used to visualize the image area in the model classification decision. The
results showed that the distilled user—defined model could accurately locate the diseased tomato leaves. The average recogni-

tion accuracy in the test set was 97.6%, which was higher than other models and the model size was only 4.4 M.
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Table 2 Recognition accuracy of CondConvSENet model in the test set

PUIMER R (%)

RIS

WA e MR www sww s 0w b 00 Fiy
AlexNet 96.5 73.0 81.0 81.0 79.5 91.5 76.5 93.5 98.0 97.5 86.8
VGGl6 59.0 47.0 67.0 72.0 85.0 76.5 78.5 89.0 85.0 91.5 75.1
GoogLeNet 88.5 82.5 71.5 85.0 84.5 88.0 83.0 93.0 93.0 96.5 87.2
ResNet50 97.0 86.5 88.5 80.0 86.5 94.0 88.5 95.0 97.5 94.5 90.8
DenseNet121 94.0 91.5 88.5 95.0 9L.5 90.5 95.0 91.5 99.5 99.0 93.6
CondConvSENet 96.0 93.0 96.5 98.0 98.5 98.5 98.5 99.5 100.0 97.0 97.6
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Fig.9 Comparison of visualization results between VGG16 and

CondConvSENet
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Fig.10 Recognition result of visualized CondConvSENet
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Table 3 Sizes of all models in the study

B 5] BERIR/N (M)
AlexNet 217.8
VGG16 512.5
GoogleNet 21.6
ResNet50 90.1
DenseNet121 27.1
CondConvSENet 4.4

T RERW TAE, M T EBIGER T %
2] DA R P 4 A R A I s [ ] e 50301
TUPRAT AR T2 AL BE Ty, B S ARl A 8 f 4 2
J2 AT R A 7 i I 4328 (] 8 B A 1 R
TSR (R R ) fe 2RIV S B e K i 1
AR ZE AR AT AR s /DA S 45 1) [ R4 AR )
PEBE .

FE Aoy 28 E AR R AT 55, IRl
Z B 5 ORI S TP K 2R s e, 155 R0 D o
WAl e 2 DX 20 8 A A AT 1 1 3 3 H L T LA
WAL () PEBE, 5| AR AR 2 o LY 43 SRR,
BRI AR R AR TP S W B R FE A e, 75 Bt — 2P i
H Grad-CAM “FH A S 47 AT AL 36 E , D)o {45 A4l
FIFHA IME R RRIEAE R ek

SE

(1] 2 BRI G W6, Bt 2200 0 R 5 1 &
MR T]. Hoftgalk K224, 2018, 53(5) :79-86.
(2] S0, ROKB,ZE F, 55, TRE BN Y E R 2R AT K



578

AN N A o

2021 4E & 37 % 3 M

[4]

[5]

[10]

[11]

[14]

[15]

HEAMBT]. hEEEZE, 2019, 359(1) :86-90.

UM, FLLA, B U TR ST AR AR R B R
BUNEARBEGT R [ 1] R4, 2019,50( 3P 1) :313-
317.

2L E S RE R AR AE LT MBERRE R 5 Ok

PRI SN T3 [ ] TR 24407, 2020,36(1) :24-31.
KA TT s, BN, A BT REALAR ARG I 1 B TR 1
PGB R ()] ARBUERTSE, 2017,39(10) : 163-168.
GINNE M, PUNITHA S C. Tomato disease segmentation using K-
means clustering[ J |. International Journal of Computer Applica-
tions, 2016, 144(5) :25-29.

GUO Y, LIU Y, OERLEMANS A, et al. Deep learning for visual
understanding ; a review[ J |. Neurocomputing, 2016, 187(26) ;
27-48.

LECUN Y, BENGIO Y, HINTON G. Deep learning[ J]. Nature,
2015, 521(7553) .436.

JERTE, AR E . BRI A EHRLR(T]. iR
4, 2017,40(6) :1229-1251.

SLHN BERAR , BIEM, 45, BE TR 20 AR AL s He 37
EUGIRAIT]. £l TR, 2020, 36(7) :184-191.
B, PN M, 5E e, S BT IR BTN 2 N 45 K A R
SRR 1]. ARl TR, 2017, 33(20) :169-176.
VESOVE R, £ — 2%, 46, BT T B % I MBIRM& M4 &
KR ERGPILT]. fl B4R, 2020, 51(2) : 25.

TR RCBHAELR , X X, 5. BT BA M 4 51284
T2 BRI )] ARl TR, 2018, 34(18) :194-
201.

PRABHAKAR M, PURUSHOTHAMAN R, AWASTHI D P. Deep
learning based assessment of disease severity for early blight in to-
mato crop[ J]. Multimedia Tools and Applications, 2020,79; 1-
12.

MOHANTY S P, HUGHES D P, SALATHE M. Using deep learn-
ing for image-based plant disease detection[ J]. Frontiers in Plant
Science, 2016, 7:1419.

BRANGE VUV, EF K T 0 Multi-Scale AlexNet 93 /il
R RIS [ T]. A0l TREER , 2019(13) :162-169.
YANG B, BENDER G, LE Q V, et al. Condconv: conditionally
parameterized inference [ C ]//
SCHOLKOPF B, PLATT J, HOFMANN T. Advances in Neural
Information Processing Systems. Vancouver, Canada;2019:1307-

1318.

convolutions  for efficient

[18]

[19]

[20]

[21]

[24]

[25]

[26]

[27]

(28]

HU J, SHEN L, ALBANIE S, et al. Squeeze-and-excitation net-
works[ J]. IEEE Transactions on Pattern Analysis and Machine In-
telligence, 2017, 42 2011-202399.

HINTON G, VINYALS O, DEAN J. Distilling the knowledge in a
neural network[ J]. Computer Science, 2015, 14(7) ;38-39.
SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-CAM:
Visual explanations from deep networks via gradient-based localiza-
tion[ J].
(8): 336-359.

HUGHES D, SALATHE M. An open access repository of images

International Journal of Computer Vision, 2019, 128

on plant health to enable the development of mobile disease diag-
nostics[ EB/OL . (2015-11-25) [ 2020-09-01 ]. https: //arxiv.
org/abs/1511. 08060.

SZEGEDY C, LIU W, JIA Y, et al. Going deeper with convolu-
tions[ C]//IEEE. Proceedings of the IEEE conference on comput-
er vision and pattern recognition. Boston, MA;IEEE, 2015: 1-9.
XIE S, GIRSHICK R, DOLLAR P, et al. Aggregated residual
transformations for deep neural networks[ C]//IEEE. Proceedings
of the IEEE conference on computer vision and pattern recognition.
New York :IEEE Press, 2017 1492-1500.

RUSSAKOVSKY O, DENG J, SU H, et al. Imagenet large scale
visual recognition challenge[ J]. International Journal of Computer
Vision, 2015, 115(3): 211-252.

KRIZHEVSKY A, SUTSKEVER I, HINTON G. ImageNet classifi-
cation with deep convolutional neural networks[ J]. Communica-
tions of the ACM, 2017, 60(6) :84-90.

SIMONYAN K, ZISSERMAN A. Very deep convolutional networks
for large-scale image recognition [ EB/OL].(2014-09-04) [ 2020-
09-01 ] .https; //arxiv.org/abs/1712.031497.

HE K, ZHANG X, REN S, et al. Deep residual learning for image
recognition| C |//IEEE. Proceedings of the IEEE conference on
computer vision and pattern recognition. New York: IEEE Press,
2016 770-778.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely con-
nected convolutional networks [ C ]//IEEE. Proceedings of the
IEEE conference on computer vision and pattern recognition. New
York ;: IEEE Press, 2017: 4700-4708.

R, VLI BOEE AT, T IR 2 o B S DR B
T BHFEMIA TR R[], TLHRAO R, 2019,47(3)
213-218.

(HER R $)





