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ABSTRACT

Introduction

Tomato (Solanum lycopersicum L.) is a self-pollinating plant from the Solanaceae family, which
includes over 3,000 economically significant species. It is one of the most consumed vegetables globally
and ranks seventh in importance after crops like maize and rice. Native to the coastal plains of South
America, tomatoes were domesticated in Mexico and introduced to Iran in the 19th century. Rich in
lycopene, beta-carotene, flavonoids, and vitamin C, tomatoes are renowned for their anti-cancer
properties. Globally, tomato production for processing is around 41 million tons, with Asia accounting
for about 60% of production. In Iran, about 4.9 million tons were produced in the 2017-2018 agricultural
year. Tomato plants are hosts to over 200 pests and plant diseases, with bacterial spot disease being one
of the most damaging. The bacterial spot disease can persist in seeds and plant residues for up to 16
months. Detection of bacterial spot disease in early stage is crucial for efficient disease management,
however traditional methods like field scouting are inefficient and prone to human error. Recent
advancements in spectral imaging, such as hyperspectral imaging, offer a non-destructive, efficient way
to detect early stage of plant diseases. This research study explores the use of hyperspectral imagery and
machine learning algorithms to detect bacterial spot in tomato leaves before symptoms inclusion,
improving early intervention and disease management. The objective of this research study aimed on
employing three machine learning algorithms to classify healthy plants versus infected ones using
spectral reflectance in the range of 400-800 nm. Before employing machine learning algorithms, the
preprocessing methods were employed to remove the noise and improve the classifier algorithm 's
performance. In order to find the earliest time for identifying bacterial spot disease before symptoms
inclusion, the combination of preprocessing methods and classifier algorithms were also evaluated
through 7 to 19 days after inoculation.

Materials and Methods

In this study, tomato seedlings were sourced from a farm in Bavanat, Fars province, Iran, and
transferred to a greenhouse in the Faculty of Agriculture Shiraz University for controlled growth
conditions. The plants were inoculated with Xanthomonas euvesicatoria pv. perforans at the 4-5 leaf
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stage. The research aimed to detect bacterial spot disease before symptoms inclusion, using
hyperspectral imaging. Hyperspectral images of 100 tomato samples were taken using hyperspectral
camera (Partov Afzar Sanat, Zanjan, Iran). Spectral reflectance of tomato plants was collected in the
range of 400—-800 nm before inoculation and over the seventh to the nineteenth day after inoculation
bacterial spot disease. Data analysis was conducted using Python, where spectral data was preprocessed
to remove noise using four methods, including standard normal variate (SNV), multiplicative scatter
correction (MSC), first and second derivatives (FD, SD). Principal Component Analysis (PCA) was
applied in order to feature reduction. Three machine learning algorithms including random forest (RF),
gradient boosting machine (GBM), and support vector machine (SVM) were employed to classify
healthy and infected tomato plants. The model's performance was evaluated based on confusion matrix
using accuracy, precision, sensitivity, specificity, and F-measure. Accuracy is defined as the ability of
the classifier algorithm to detect the healthy and the infected plants correctly. Sensitivity and specificity
are defined as the proportion of the healthy or infected plants correctly classified. In the precision
calculation, the number of actual predicted infected is divided by the total number of predicted infected
plants that were classified as true or false. F-measure defines the harmonic mean of sensitivity and
precision where it reaches its best value at 1.0 (perfect precision and sensitivity) and worst value at 0.0.
The classification models were validated using a 70-30 split of training and testing data, and the training
process was conducted through ten- fold cross validation to ensure reliable results.

Results and Discussion

The analysis of spectral reflectance of infected and healthy plants revealed that the bacterial spot
disease has a significant effect on the spectral signature infected plants. The most changes on the spectral
reflectance of infected plants were happened in range of 740 to 800 nm, which is part of the NIR area
and is related to changes from the structure of the leaf tissue. The results showed that FD, SNV, MSC
preprocessing methods significantly improved the classification accuracy of healthy and infected plants
over the seventh to the nineteenth day after inoculation bacterial spot disease. The FD preprocessing on
the 7 and 10 days after inoculation resulted in the highest accuracy (98%), while MSC and SD methods
performed best after 14 and 19 days. The RF, SVM, and GBM classification algorithms could classify
the infected plants versus healthy plants with 98%, 100% and 100% accuracy respectively. The results
indicated that the 7th day after inoculation was the most reliable and earliest time before symptoms
inclusion for classifying infected and healthy tomato plants. The highest classification accuracy was
achieved with SVM and GBM algorithms and FD preprocessing method on the 7th day (100%), and
SVM with MSC on the 19th day (98%).

Conclusion

The results of this research indicated the ability of machine learning algorithms and hyperspectral
imagery for classifying healthy plants versus infected ones with bacterial spot disease in tomato plants
before symptoms inclusion. Three classification machine learning algorithms including RF, SVM and
RGB could classify infected plants on the 7% day after bacterial spot inoculation with more than 97%
accuracy. Therefore, spectral reflectance of potato plant leaves in the range of 400 to 900 nm can be a
potential way to identify bacterial spot disease in potato plants in early stage of disease for efficient crop
management.
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2. Random Forest
3. Gradient Boosting
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Table 1. Classification results of random forest algorithm for two groups of healthy and diseased tomato plant leaves
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Table 2. The results of SVM algorithm classification for two groups of healthy and diseased tomato plant leaves
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Table 3. The classification results of the gradient boosting algorithm for two groups of healthy and diseased tomato plant

leaves
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