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Multi-scale U Network Realizes Segmentation and Recognition of Tomato Leaf Disease

GU Xing-jian,ZHU Jian-feng, REN Shou-gang, XIONG Ying-jun and XU Huan-liang

School of Artificial Intelligence, Nanjing Agricultural University, Nanjing 210095, China

Abstract With the development of deep learning technology,convolutional neural network has been the mainstream method for
plant leaf disease recognition and disease spot segmentation. Aiming at the problems of different sizes and irregular shapes of to-
mato leaf lesions.need for a large number of pixel-level labels,a novel multi-scale U network is proposed, which realizes tomato
leaf lesion segmentation and disease recognition simultaneously. For disease feature extraction,a multi-scale residual module in-
cluding different sizes of receptive fields is used to extract disease features according to the different disease spot size and shape.
The CB module (Classifier and Bridge) is introduced to connect the disease feature extraction stage with the lesion segmentation
stage, which classifies the disease and also reversely generates an activation map of specific class according to the classification re-
sult. This activation map contains the specific type of lesions label information. In the segmentation stage, upsampling and convo-
lution are used to deconvolve the activation map. The deconvolution feature and the low-level feature are merged by the jump con-
nection method. In order to make lesion location segmentation more accurate,a few of pixel-level labels are used for training to
minimize two-class cross-entropy loss. In the experiment, the original samples and samples with simulated noise and light intensi-
ty are used to verify the performance of disease spot segmentation and disease recognition of our method. On the original sample
set, the average pixel accuracy,average intersection ratio,and frequency weight intersection ratio of our method reaches 86. 15% ,
75.25% ,and 90. 27 % , respectively. In the interference sample with 30% brightness reduction,salt and pepper noise,the recogni-
tion accuracy of our method obtains 95. 10% and 99. 20% respectively. Experimental results show that the proposed method can
achieve improvement in segmentation and recognition of tomato leaf lesions simultaneously.

Keywords Multiscale, Leafl diseases,Image segmentation,Image recognition, Convolutional neural network
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Fig. 1 Pixcl-level annotation of leaf discase
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Fig. 3 Early onset images of tomato leaf diseases
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Table 2 Segmentation performance of different segmentation methods on the test set

Evaluation index PA/ % MPA/ % MIOU/ % FWIOU/% GFLOPs/M  Run time on GPU/ms
FCN-8s 92.65 81.51 71.11 87.45 62.79 22
U-Net 93.41 81.92 72.90 88.49 50.17 13
U_Net+ + 93. 87 80.98 74.07 89.01 105. 70 23
Attention U_Net 93.90 82.68 74.10 89.03 51.02 15
U-ResNet-50 93.66 82.75 73.78 88. 88 31.05 23
U-Res2Net-50 93. 64 83.48 74.02 88.91 31.22 24
Our Method 94. 37 86.15 75.25 90. 27 31.27 26
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Fig. 8 Effect of different methods on the test data
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Table 3 Analysis of recognition results of different models
TR AR 5E % TR R

A P 1% 30% % 0. 98 GFLOPs

EHER/% o

zE/N Mg /%
Sun et alt'!] 97.69 84.51 97.81 0.43x10°
ResNet-50 99. 29 91.17 98.95 4.12% 108
SE_ResNet50:2%) 99,30 92.07 98. 99 4.44%10°
Res2Net-50L27] 99.32 92.10 99.13 4.29X10°
Our Method 99. 35 95.10 99. 20 31.27%10°

GEWRIE RSCZHATRAT MR E S I B e &
G X 2 5 5 95 B LB R — (TR AR 43 0 TR X L B ) B
KEMARF AR EM RS 2B T —Ff 2 RE U ML, DL
Pk 52 7 7 P S B 14 4 0 5 YRS

A SCR 22 RUBE % 25 He 2 & R [l )R H i Jgk sz WF , 7T L g
SRAHY Y 22 RUBE RAEBE 77, 43 1 0 AR X 58 8 1 95 BEOR AR
WA £ 995 BRE 32 2% 5 oA 5K M BRE v T 50 S 2 L F 3 CB BB 3R
BURR 2 2S00 3 T4 14 380G T R PR R g 5 28 10 s A B AR
A 5 B s 2T A R R A7 0 B o B 2, R SR D R &
G bR TE A S Wi B R AT DA SRASRS B 19 43 BIRLER . MPA L MIoU AN
FWIoU 435 35 8 T 86. 15% ,75. 25 % H1 90. 27 % 5 N fif the 3
TR $2 BURR i B4 AS 325 WA A 00 AS A 2 i ) B 58 3 I 45 R B
o | 5 AE B2 B 465 56 1 BE A TE B R i — A5 A A AR R Y
93 5 PR M e L BB AE 5 B RS A A0 T DL

L3 SEUR AT . 2 ROBE U IO % 114 43 0 FE B v BE S48 T
HoAh 7. ARAIR T Z i — 2L 5E

(O IA WA 3 R0 5 43 %1 07 1 BR e 76 1R B3 51
1 B0 T A B A % e IR R, 35 BT SR 7 57 0 4 W s R
B0y Bl AT — A R R

(2) [ i ST 0 AR 0 B KA 0 o IS O v R AR S A T
YL o 4 I 7E U0 ] 9 20 9 2 28 590 b 1 A A I A R O TG O
Bt — Y.

(3) W J7 % JE o) 3 A 2 I I o8 B A — s O A (i, A feT [F]
B 23 1) HE o SR 8 AN R A R R — A T

£ % X w

[1] WANG X Y,WEN H J.LI X X,et al. Analysis of research pro-
gress in detection and early warning technologies for major agri-
cultural diseases[ ]]. Journal of Agricultural Machinery, 2016,
47(9) :266-277.

[2] PUJARI]J D,YAKKUNDIMAT H. SVM and ANN Based Clas-
sification of Plant Diseases Using Feature Reduction Technique
[J].INT J Interract Multi,2016,3(7) ;6-14.

[3] WANG D,CHAI X J. Application of machine learning in plant
diseases recognition[ J]. Journal of Chinese Agricultural Mecha-
nization,2019,40(9) :171-180.

[4] KRIZHEVSKY A,SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks[]]. Ad-
vances in Neural Information Processing Systems,2012,2:1097-
1105.

[5] MOHANTY S P,HUGHES D P,MARCEL S. Using deep
learning for image-based plant disease detection[ J]. Frontiers in
Plant Science,2016,7:1-10.

[6] SRDJAN S, MARKO A, ANDRAS A, et al. Deep Neural Net-
works Based Recognition of Plant Diseases by Leal Image Clas-
sification [ ] ]. Computational Intelligence and Neuroscience.,
2016,2016:1-11.

[7] AMARA J.BOUAZIZ B, ALGERGAWY A. A deep learning-
based approach for banana leaf diseases classification[ ]J]. Lec-
ture Notes in Informatics (LND) ,Proceedings- Series of the Ge-
sellschaft fur Informatik (GI),2017,266.79-88.

[8] BRAHIMI M,BOUKHALFA K,MOUSSAOUTI A. Deep Learn-
ing for Tomato Diseases: Classification and Symptoms Visualiza-
tion[ J]. Applied Artificial Intelligence,2017,31 (4/5/6):1-17.

[9] FERENTINOS K. Deep learning models for plant disease detec-
tion and diagnosis[ J]. Computers and Electronics in Agricul-
ture,2018(145) :311-318.

[10] LIANG Q.XIANG S,HU Y,et al. PD2SE-Net: Computer-assis-
ted plant disease diagnosis and severity estimation network[ ] ].
Computers and Electronics in Agriculture,2019,157:518-529.

[11] SUN J, TAN W J, MAO H P, et al. Recognition of multiple
plant leaf diseases based on improved convolutional neural net-
work[ J ]. Transactions of the Chinese Society of Agricultural
Engineering,2017,33(19) :209-215.

[12] GUO X Q,FAN T J,SHU X. Image recognition of tomato leaf
diseases based on improved Multi-Scale AlexNet[J]. Transac-
tions of the Chinese Society of Agricultural Engineering, 2019,
35(13):162-169.

[13] XIAO Z Y,ZHAO X C. Recognition of typical pasture based on
dual pooling and multi-scale kernel feature weighted CNN[]].
Journal of Agricultural Machinery,2020,51(5) :182-191.

[14] YU H J,SON C H. Apple Leaf Disease Identification through
Region-of-Interest-Aware Deep Convolutional Neural Network
[J]. Journal of Imaging ence and Technology. 2020, 64 (2):
20507-1-20507-10.

[15] YANG W,BI X L,XIAO B. Agricultural pests detection method
based on regional convolutional neural network[ J]. Computer
Science,2018,45(S2) : 226-229,233.

[16] BRAHIMI M,MAHMOUDI S,BOUKHALFA K,et al. Deep
interpretable architecture for plant diseases classification[ C]J /
Signal Processing: Algorithms, Architectures, Arrangements,
and Applications (SPA). New Mexico, USA,2019:111-116.

[17] LONG J,SHELHAMER E,DARRELL T. Fully Convolutional
Networks for Semantic Segmentation[ ] ]. IEEE Transactions on

Pattern Analysis and Machine Intelligence,2015,39(4) :640-651.
(F#% 381 70



.5 T U-Net AL 1Y SAR 3B EMRE 43

381

[17]

[18]

[19]

[20]

[21]

[22]

Features in SAR Image Change Detection[ J ]. Remote Sensing
Technology and Application,2002,17(3) :162-166.

CHEN S,WANG H.SAR target recognition based on deep
learning[ CJ // 2014 International Conference on Data Science
and AdvancedAnalytics. 2014,

GONG M, LI Y,JIAO L,et al. SAR change detection based on
intensity and texture changes[]J]. Isprs Journal of Photogram-
metry & Remote Sensing,2014,93(93):123-135.

WEI G,GUO H.,AN ] B,et al. SAR sea surface oil spill image
segmentation method based on fully convolutional neural net-
work[J]. Journal of Computer Applications,2019(S1).

GUO X. Water change detection based on pixel-level fusion of
optics and SAR image[ D]. Xuzhou: China University of Mining
and Technology.

EMEK R A,DEMIR N. Building detection from sar images u-
sing unet deep learning method [ J/OL J. ISPRS-International
Archives of the Photogrammetry, Remote Sensing and Spatial
Information Sciences, 2020: 215-218. https://www. research-
gate. net/publication/347118757 _ BUILDING _ DETECTION _
FROM_SAR_IMAGES_USING_UNET_DEEP_LEARNING _
METHOD.

YANG D H, MA D B. Optimization Algorithm of Polarization

Lee Filter Based on Polarization Vector Similarity Coefficients

[23]

[24]

[J]. Journal of Information Engineering University, 2010,
11(6) :737-740.

ZHANG H,LING C. Multichannel simultaneous dual-band fully
polarimetric airborne synthetic aperture radar: System features
and experimental results[J]. Journal of Applied Remote Sens-
ing.2018.12(3) 1.

WU B,LIN S S,ZHOU G ]. Object-oriented high-resolution re-

mote sensing image segmentation and classification evaluation
index[ ] |. Journal of Geo-Information Science,2013,15(4):567-
573.

WANG Xin, born in 1994, postgradua-
te. His main research interests include
semantic segmentation of remote sen-

sing images.

LING Cheng. born in 1987, Ph.D, asso-
ciate professor. His main research inte-
high-performance GPU

rests include

computing on computational biology

and bioinformatics.

(L35 366 )

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

RONNEBERGER O,FISCHER P,BROX T. U-net:convolu-
tional networks for biomedical image segmentation[ C] // Inter-
national Conference on Medical Image Computing and Comput-
er-Assisted Intervention. 2015.:234-241,

OKTAY O,SCHLEMPER J,FOLGOC L L,et al. Attention
u-net; Learning where to look for the pancreas[J]. arXiv,2018.
ZHOU Z,SIDDIQUEE M M R,TAJBAKHSH N,et al.
Net+ +: A Nested U-Net Architecture for Medical Image Seg-
mentation[ ] |. Lecture Notes in Computer Science,2018,11045
LNCS:3-11.

ZHAO B,FENG Q. Segmentation of grape diseases leaf based
on full convolution network[]]. Journal of Nanjing Agricultural
University,2018,41(4) .752-759.

WANG Z,ZHANG S W,WANG X F. Cucumber leaf lesion seg-
mentation method based on improved fully convolutional neural
network[ ] ]. Jiangsu Journal of Agriculture,2019,35(5):1054-
1060.

RUSSELL B C,TORRALBA A,MURPHY K P,et al.La-
belMe:a database and web-based tool for image annotation[ J].
International Journal of Computer Vision, 2008, 77 (1/2/3):
157-173.

HE K,ZHANG X,REN S,et al. Deep residual learning for im-
age recognition[[ C] // IEEE Computer Society Conference on
Computer Vision and Pattern Recognition,2016:770-778.

HE K,ZHANG X,REN S,et al. Delving deep into rectifiers:

[26]

[27]

[28]

Surpassing human-level performance on imagenet classification
[C] // Proceedings of the IEEE International Conference on
Computer Vision,2015,2015 International Conference on Com-
puter Vision. 2015:1026-1034.

KINGMA D P,BA J. Adam: A method for stochastic optimiza-
tion[J]. arXiv,2014.

GAO S,CHENG M M,ZHAO K,et al. Res2net: A new multi-
scale backbone architecture[ J ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,2021,43(2) :652-662.

HU J,LI S, GANG S, et al. Squeeze-and-Excitation Networks
[J1.IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,2017,42(8):2011-2023.

GU Xing-jian, born in 1985, Ph.D, lec-
turer,is a member of China Computer
Federation. His main research interests
include machine learning and pattern

recognition.

REN Shou-gang, born in 1977, Ph.D, as-
sociate professor,is a member of China
Computer Federation. His main re-
search interests include big data analy-

sis and agricultural information.



