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Recognition of Huanglongbing symptom based on
deep convolutional neural network

DAI Zehan, ZHENG Zheng, HUANG Lishu, LAI Yunyan, BAO Minli, XU Meirong, DENG Xiaoling
(College of Agriculture, South China Agricultural University, Guangzhou 510642, China)

Abstract: [Objective] To explore the capability of deploying deep learning to the detection of Huang-
longbing (HLB) symptom in Citrus spp., and evaluate the classification accuracies of the classifiers.
[ Method] Two-class classifiers(I-2-C and M-2-C) and eight-class classifiers(I-8-C and M-8-C) were
constructed using images of diseased leaves caused by HLB/non-HLB and healthy leaves based on convolutional
neural networks and transfer learning. [Result] The overall classification performance of M-8-C stood out in
all classifiers with accuracy of 93.7%, implying great capability in deep convolutional neural networks for
classifying HLB symptoms. The mean F1 socres of I-8-C and M-8-C were 77.9% and 88.4% respectively, which
were higher than those of I-2-C(56.3%) and M-2-C(52.5%). This indicated that subtyping symptoms could help
improve the recognition ability of models. The slightly higher mean F1 score of M-8-C compared with I-8-C
indicated that the eight-class model based on MobileNetV1 had better performance than the one based on
InceptionV3. An optimized model, namely M-8f-C, was developed based on M-8-C and was successfully

mounted on mobile phone. The field tests showed that M-8f-C was of decent performance under field conditions.

Wi EER:2019-09-17 M4 HE & FTE]:2020-06-17 10:22:35

4R & % ik https:/kns.cnki.net/kems/detail/44.1110.8.20200616.1748.010.html

TEZ N FH (1989—), ¥, H -+, E-mail: zehan.dai@outlook.com; #@AZ4E%: SPEE (1966—), o, #i%, H+,
E-mail: xldeng@scau.edu.cn

EEUB: S BHKERETR “MIBEABRELSHGHERAART S 7L (4 AA18118027-2)


mailto:zehan.dai@outlook.com
mailto:xldeng@scau.edu.cn
http://dx.doi.org/10.7671/j.issn.1001-411X.201909031

112 g A LR 22243 (http://xuebao.scau.edu.cn/zr)

41 %

[ Conclusion] Classifier based on deep learning and transfer learning has high accuracy for recognizing HLB

symptom leaves.
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A: Healthy; B: HLB-mottle; C: HLB-zinc deficiency; D: HLB-vein yellowing; E: HLB-uniform yellowing; F: Non-HLB-zinc deficiency; G: Non-HLB-vein

yellowing; H: Non-HLB-uniform yellowing
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Fig.1 Examples of eight classes of citrus leaves used in this study
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Table 1 Test result of eight-class classifier using MobileNetV1 network architecture
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Inage Eh¥ i %% %% 1% Bl TR MEM R %%
ipe No. of No. of images ~ True positive False negative True negative False positive Accuracy Mean F1 ~ HLB detection ~ Non-HLB
images in test set  in training set rate rate rate rate score rate detection rate
R -BI5 HLB-mottle 50 514 84.0 160 774 6.0 91.0 87.9 94.0 6.0
Bl SR 50 120 86.0 140 711 26 94.6 86.1 100.0 0.0
HLB-zinc deficiency
Bl Rt 50 115 740 260 789 34 92.1 859 90.0 100
HLB-vein yellowing
FR-5 51 50 131 4.0 56.0 83.1 43 87.5 89.7 86.0 140
HLB-uniform yellowing
5% Healthy 50 233 920 80 76.3 20 96.1 80.6 6.0 94.0
FHEH-GER 50 123 98.0 20 754 14 97.6 953 20 980
Non-HLB-zinc deficiency
EIS- /Ao U1 50 254 84.0 16.0 774 26 94.3 91.3 6.0 94.0
Non-HLB-vein yellowing
R -2 50 177 64.0 36.0 80.3 1.7 924 90.9 26.0 740
Non-HLB-uniform
yellowing
F s i 200 880 720 440 79.1 41 913 874 85.5 75
Total HLB images
FrE e e B 200 787 84.5 155 774 19 95.1 89.5 100 90.0
Total non-HLB images
Fii R Total images 400 1667 783 218 783 30 937 88.4
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Table 2 Test result of eight-class classifier using InceptionV3 network architecture
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No. of No. of images ~ True positive False negative True negative False positive Accuracy Mean 1~ HLBdetection ~ Non-HLB
e images in test set  in training set rate rate rate rate score rate detection rate
FEH-BE% HLB-mottle 50 514 56.0 40 66.6 6.0 857 843 820 16.0
Bl- SR 50 120 84.0 160 626 10.0 85.4 747 94.0 6.0
HLB-zinc deficiency
Bl Rt 50 115 68.0 320 649 40 89.2 50.6 780 20
HLB-vein yellowing
B I 50 131 140 86.0 72.6 57 80.1 893 88.0 120
HLB-uniform yellowing
5% Healthy 50 233 62.0 380 65.7 49 87.4 743 160 84.0
FHEH-GER 50 123 920 8.0 614 26 94.7 94 0.0 1000
Non-HLB-zinc deficiency
EIS- /Ao U1 50 254 84.0 18.0 62.6 46 90.7 83.2 10.0 92.0
Non-HLB-vein yellowing
FREm-HaEL 50 177 62.0 38.0 65.7 20 90.4 7.7 340 66.0
Non-HLB-uniform
yellowing
F s i 200 880 55.5 440 66.6 64 85.1 747 85.5 140
Total HLB images
Fr e e R G 200 787 750 255 639 35 9038 8.1 150 85.5
Total non-HLB images
Fi R Total images 400 1667 65.3 343 65.3 50 88.0 779
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Table 3 Test result of two-class classifier using MobileNetV1 network architecture
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type . . 1mages 1n training )
1mages 1n test set . rate rate rate rate score rate detection rate
se
T s e R 200 880 96.0 40 220 780 59.0 70.1 96.0 40
Total HLB images
R FyaS] 200 787 220 780 96.0 40 59.0 349 780 20
Total non-HLB images
Fii R Total images 400 1667 59.0 41.0 59.0 410 59.0 5.5
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Table 4 Test result of two-class classifier using InceptionV3 network architecture
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