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Fig. 1 Hyperspectral image denoising

(a) Spectral curve before RPCA denoising, (b) spectral curves after denoising with RPCA.
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Fig. 2 Region of interest selection

(a) Hyperspectral image, (b) region of interest, (c) average spectrum.
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Fig. 3 Full sample spectral curve
In the spectral range from 400 to 1 000 nm,the full spectral reflectance
of both healthy and disease samples.
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Fig.4 Health—disease spectrum mean curve

In the spectral range from 400 to 1 000 nm, the differences in mean

spectral reflectance of both healthy and disease samples.
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Fig. 5 Spectral pre—processing
The spectra were processed by multiplicative scatter correction and

spectral normalization.
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Table 1 Comparison of SVM recognition performance

with different kernel functions

Kernel Function Training set Test set
Sample  Accuracy/% Sample  Accuracy/%
size size
Linear kernel 84 96.43 36 86.11
Gaussian kernel 84 65.48 36 52.78
Polynomial kernel 84 66.67 36 52.78
Sigmoid kernel 84 52.38 36 58.33
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Table 2 Selected characteristic wavelength

Feature wavelength

selection algorithm

Feature wavelength/nm

CARS 448.62, 469.85, 472.21, 515.02, 519.80, 524.59, 526.99, 599.49, 604.36, 638.65, 663.29, 665.76, 680.62, 695.53, 717.98,
720.48,722.98, 801.22, 811.41, 870.41, 880.74, 888.50, 891.09, 906.66, 919.67, 930.10
SPA 394.85, 831.85, 880.74, 924.88, 945.79
GA 512.63, 643.56, 683.10, 816.51, 831.85, 862.67, 875.57, 927.49, 945.79, 953.66, 990.51, 1 009.03, 1 014.33, 1 016.99
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Fig. 6 Selected characteristic wavelengths
Characteristic wavelength selected by CARS (a), SPA (b), and GA (c).
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Table 3 Performance comparison of feature wavelength—based SVM

Feature wavelength selection algorithm

Number of feature wavelengths Training set Test set
Sample size  Accuracy/%  Sample size ~ Accuracy/%
— 256 84 96.43 36 86.11
CARS 26 84 67.86 36 66.67
SPA 5 84 70.24 36 52.78
GA 14 84 90.48 36 94.44
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Fig. 7 Optimization of model parameters
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Table 4 Performance comparison of GA optimized SVM model parameters

Model Number of input wavelengths Training set Test set
Sample size Accuracy/% Sample size Accuracy/%
SVM 14 84 90.48 36 94.44
GA-SVM 14 84 91.67 36 94.44

Prediction

Disease 4

[ S}

Health

Disease
Reality

Fig. 8 GA-SVM confusion matrix on the test set
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Fig. 9 Symptom visualization results

(a) RGB image, (b) visual positioning of disease evolution trends.
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This study establishes an effective diagnostic system for early detection and
visualization of tomato early blight through spectral analysis and machine
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Abstract Objective Tomatoes are one of the highest-yielding and most widely cultivated economic crops
globally, playing a crucial role in agricultural production and providing significant economic benefits to farmers
and related industries. However, early blight in tomatoes is known for its rapid infection, widespread
transmission, and severe destructiveness, which significantly impacts both the yield and quality of tomatoes,
leading to substantial economic losses for farmers. Therefore, accurately identifying early symptoms of tomato
early blight is essential for the scientific prevention and control of this disease. Additionally, visualizing affected
areas can provide precise guidance for farmers, effectively reducing economic losses. This study combines

hyperspectral imaging technology with machine learning algorithms to develop a model for the early
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identification of symptoms of tomato early blight, facilitating early detection of the disease and visual localization
of affected areas. Methods To address noise interference present in hyperspectral images, robust principal
component analysis (RPCA) is employed for effective denoising, enhancing the accuracy of subsequent analyses.
To avoid insufficient information representation caused by the subjective selection of regions of interest, the
Otsu’s thresholding method is utilized to extract tomato leaves effectively from the background, with the average
spectrum of the entire leaf taken as the primary object of study. Furthermore, a comprehensive spectral
preprocessing workflow is established by integrating multivariate scatter correction (MSC) and standardization
methods, ensuring the reliability and effectiveness of the data. Based on the processed spectral data, a
discriminant model utilizing a linear kernel function support vector machine (SVM) is constructed, focusing on
characteristic wavelengths to improve the model's discriminative capability. Results Compared to full-spectrum
modeling, this approach results in an 8.33% increase in accuracy on the test set. After optimizing the parameters
of the SVM model, when C=1.64, the accuracies of the training set and test set reach 91.67% and 94.44%,
respectively, demonstrating a 1.19% increase in training set accuracy compared to the unoptimized model, while
maintaining the same accuracy on the test set, effectively alleviating issues of underfitting. Conclusion This
study successfully establishes an early discriminant model for tomato early blight using hyperspectral imaging and
achieves visualization of early symptoms. Experimental results indicate that the SVM discriminant model based
on characteristic wavelengths and a linear kernel function can effectively identify early symptoms of tomato early
blight. Visualization of these symptoms in terms of disease probability allows for a more intuitive detection of
early diseases and timely implementation of corresponding control measures. This visual analysis not only
enhances the efficiency of disease identification but also provides farmers with more straightforward and practical
information, aiding them in formulating more reasonable prevention strategies. These research findings provide
valuable references for the early identification and visualization of plant diseases, holding significant practical
implications for monitoring, identifying, and scientifically preventing crop diseases. Future research could further
explore how to apply this model to disease detection in other crops and how to integrate IoT technology to create

intelligent disease monitoring systems, enhancing the scientific and efficient management of crops.

Key words hyperspectral imaging, machine learning, genetic algorithm, tomato early blight, early disease,
visual analysis
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