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Introduction Material and method

* Rice bacterial leaf blight (BLB) occurs widely in global

. . . : . o .. Artificial inoculation experiments were conducted at the Zeigler Experiment Station at the International Rice
rice-growing regions, typically causing 20-30% vield

Research Institute (IRRI), Los Banos, Philippines (121°15"'E, 14°10' N) in the wet season in 2023.180 stem elongation
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losses, and up to 80% in severe cases ' and 90 booting samples—each set 50 % healthy and 50 % infected were collected in field A and B.
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 Hyperspectral data provide extensive spectral

information, particularly, with spectral formation DAT: Date after transplanting; DAI: Date after inoculation

 Feature reduction

technique such as first and second derivatives (FD, SD), /
continuum removal (CR), and continuous wavelet . Significance test Top 5% highest OA by separability test
transform (CWT) to enhance spectral absorption Normality was examined with the Shapiro—Wilk test; .
features. normally distributed variables were compared with Hierarchical clustering by defined
Student’s t-test, and non-normal healthy vs. infected feature order from separability test
» Research objective data with the Mann—Whitney U test. with variance inflation factor (VIF)
1) Examine the relationship between BLB infection and filterin
) P * Separability test k : /

biophysical and biochemical changes _ N
Thresholding was used to test the separability of each

spectral feature by the overall accuracy (OA) of the
optimal threshold, which was acquired from the 100

divisions from the maximum and minimum value,
3) Establish a BLB detection model based on machine following Tian et al 13!,

learning algorithm

2) Understand the variation of the spectral signature  Classification model

under BLB infection from the original and
transformed spectra

Examine using top 5 - 40 features by h
separability test with 5 intervals to
build SVM, RF and XGBoost models
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Results
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Spectral features which are significantly different between healthy and 45 R ‘\‘/ testing data were standardised by separate scalers;
infected spectra are in grey. s 10 15 20 25 30 3 40 the selected features are shown in the above
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