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Diagnosis of Korla Pear Black Spot Disease in Incubation Period Based on
Hyperspectral Imaging and Ensemble Learning Algorithm

LIU Yuanyuan' ZHANG Fan® SHI Qi MA Qianyun® WANG Wenxiu'®> SUN Jianfeng’
(1. Agricultural Engineering Key Laboratory, Tarim University, Alar 843300, China
2. College of Food Science and Technology, Hebei Agricultural University, Baoding 071001, China)

Abstract ; Black spot is one of the fungal diseases of Korla pear. It is of great significance to realize early
diagnosis of black spot disease before the symptoms are evident, as it can prevent the spread of the
disease and reduce the economic loss. Hyperspectral imaging technology was combined with Stacking
ensemble learning algorithm to construct early and rapid diagnosis model of Korla pear black spot.
Hyperspectral images of healthy, incubation period, mildly diseased and severely diseased Korla pear
were obtained, and the average spectra in the region of interest were extracted. After pretreated by
standard normal variable transformation, the first derivative, second derivative and their combinations,
principal component analysis was implemented to reduce the data dimension. Then, the Stacking
ensemble learning prediction model for black spot disease was constructed with K-nearest neighbor method
(KNN) , least squares — support vector machine (LS —SVM) and random forest ( RF) algorithm as the
base learner and LS —SVM as the meta-learner. The results showed that with the deepening of the disease
degree, the reflectance spectra showed a downward trend, significant difference was observed, which
provided a theoretical basis for the establishment of classification models. The total classification accuracy
of healthy and different disease degrees of Korla pear was 98.28% , and the classification accuracy for

incubation period pear was 100% . Compared with the results using single classifier, the classification
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accuracy for all pear and incubation period pear was increased by 5. 18 and 23. 08 percentage points,

respectively. The results showed that Stacking ensemble learning had strong feature learning ability, and

its combination with hyperspectral imaging technology can realize the recognition of incubation period of

black spot in Korla pear. The results can provide a method for the early diagnosis and real-time

monitoring of black spot of Korla pear.

Key words: Korla pear; black spot disease; incubation period; hyperspectral imaging; Stacking

ensemble learning; early diagnosis
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Fig.2  Schematic of ROI selection from hyperspectral image
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Fig.5 Original and pretreated spectra of Korla pear with different disease degrees
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Tab.3 Comparison of classification accuracy for total samples and each category samples by using different

classification models %
i 4 34 e K IE4R k4R

Jr e fraid WEH  RBELRWN EEAR ps¥vN ekt B WEH  RBERW EEAR JERVN
KNN 95.83 41. 46 95.16 64. 00 78. 41 93.75 38. 46 100 62.50 79.31

T LS-SVM 97.92 90. 24 100 92.00 96. 02 93.75 84.62 95.24 62. 50 87.93
RF 100 100 100 100 98. 86 81.25 78.57 90. 48 87.50 84.75

KNN 100 51.22 100 84.00 86. 36 87.50 46. 15 90. 48 87.50 79.31

SNV LS -SVM 100 90. 24 98. 39 100 97. 16 93.75 84.62 90. 48 75. 00 87.93
RF 100 100 100 100 98. 86 87.50 76.92 95.24 75.00 86.21

KNN 100 82.93 100 88. 00 94. 32 100 61.54 90. 48 100 87.93

FD LS-SVM 100 92. 68 98. 39 92. 00 96. 59 100 76.92 95.24 75.00 89. 66
RF 100 100 100 100 98. 86 100 92. 86 80. 95 87.50 89. 83

KNN 95. 83 92. 68 95.16 84.00 93.18 100 84.62 90. 48 75.00 89. 66

SD LS-SVM 100 95.12 100 100 98. 88 100 76.92 90. 48 87.50 89. 66
RF 100 100 100 100 98. 86 93.75 92.31 90. 48 62. 50 87.93

KNN 93.75 58.54 95.16 88. 00 85.23 100 53.85 85.71 100 84. 48

SNV +FD LS-SVM 100 92. 68 98. 39 100 97.73 93.75 76.92 95.24 100 91.38
RF 100 100 100 100 99. 43 81.25 78.57 100 87.50 88. 14

KNN 100 82.93 95.16 92. 00 93.18 100 84. 62 85.71 100 91.38

SNV +SD LS-SVM 97.92 95.72 98. 39 100 97.73 100 76.92 95.24 100 93.10
RF 100 100 100 100 99. 43 100 71.43 100 75.00 89. 83
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Fig.7 Confusion matrix of LS = SVM model
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