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Abstract

Early detection of tomato leaf diseases is crucial for food security and reducing pesticide use. Traditional
methods based on visual inspection are subjective and often result in delayed detection. Laboratory
diagnostics are also unsuitable for real-time applications and have limitations in terms of speed,
accessibility, and responsiveness to current needs. This work therefore focuses on early diagnosis and uses
a method called AGGD-MM-KNN, which is based on characterizing textures in macroscopic images of
tomato leaves. To this end, a reference database of certified healthy and infected leaves extracted using
Kaggle was created. Then, using Matlab R2024b, textures were extracted from the digital images using the
Haar wavelet transform. The histograms of the resulting detailed images were approximated by a non-zero
mean Asymmetric Generalized Gaussian Distribution (AGGD). The parameters of this Gaussian
distribution are determined using the method of moments (MM) and constitute characteristic markers of
the textures. Finally, based on these markers, the KNN classification achieves a detection rate of 99.29%,
compared to 98.02% for the existing IDLFOA-DCTLFD model.

Keywords

Early detection, foliar diseases, wavelet transform, texture characterization, macroscopic images

1. Introduction

The tomato is a rich and widely cultivated food crop [1]. It is the most nutritious crop in the world,;
its production and cultivation have a major influence on the agricultural economy [2], and its
demand continues to grow [3]. According to statistics, smallholder farmers harvest only 80% of
agricultural production due to pests and diseases. In agriculture, plant diseases are a major threat
[4]. Various tomato diseases can affect the fruit, leaves, roots, and stems of the plant [5]. Common
plant diseases are caused by fungi, nematodes, bacteria, and viruses, which cause spots on the stems
or leaves, black or brown lesions, yellowing of the lower leaves, black spots, and death of the lower
leaves.

2. Problem statement
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The tomato is a rich and widely cultivated food crop [1]. It is the most nutritious crop in the world,;
its production and cultivation have a major influence on the agricultural economy [2], and its
demand continues to grow [3]. According to statistics, smallholder farmers harvest only 80% of
agricultural production due to pests and diseases. In agriculture, plant diseases are a major threat
[4]. Various tomato diseases can affect the fruit, leaves, roots, and stems of the plant [5]. Common
plant diseases are caused by fungi, nematodes, bacteria, and viruses, which cause spots on the stems
or leaves, black or brown lesions, yellowing of the lower leaves, black spots, and death of the lower
leaves.

3. Related work

Current advances in computer science have led to machine learning (ML) and artificial intelligence
(AI) models that contribute to the automated detection of tomato leaf and fruit diseases through
computerized methods of observing tomato crops [9]. Machine learning-based methods have
improved disease recognition by leveraging digital image processing for leaf and fruit disease
classification. Deep learning (DL) with neural networks (NN) improves accuracy through efficient
feature extraction. Given the important role of tomatoes, improving disease detection and
classification is crucial for sustainable agriculture in the face of increasing demand [10]. The authors
of [11] used YOLOvS as the fundamental structure. The Ultralytics Hub platform offers optimal
parameters for training YOLOv5 methods. and YOLOv8. The authors of [12] propose TomatoDet by
integrating a self-attention mechanism from Swin-DDETR. Furthermore, the dynamic activation
function Meta-ACON of the backbone network enhances the system's ability to identify relevant
disease features. The authors of [13] proposed a convolutional neural network (CNN) model in
different regions. The integration of image processing and computer vision with deep learning
models has enabled significant progress in these regions. The authors of [14] present a technique
based on improved YOLOv7. In [15], a novel technique using the Yolov8 structure in deep learning
models is proposed. The authors of [16] investigated the performance of InceptionResNetV2 and
Xception. The authors of [17] propose a deep learning classification based on ResNet-50. The authors
of [18] present seven Bayesian-optimized hybrid models integrating a custom CNN with
conventional machine learning techniques. In [19], a deep learning approach using CNNs,
integrating several feature extraction methods and gray wolf optimization (GWO), is introduced for
increased accuracy on various plant leaves. In [20], a multi-objective hybrid optimization model
based on the fruit fly and relying on a simulated annealing optimized SVM is presented. The authors
of [21] present an automated technique using a two-stream deep learning approach with machine
learning classifiers. The authors of [22] use a deep learning method integrating various classifiers,
including Random Forest (RF), Inception V3, DenseNet, ResNet50, Xception, and MobileNet. In [23],
an optimized CNN methodology is presented. Existing studies exhibit limited adaptability to diverse
datasets and complicate computations. Furthermore, existing models struggle to detect small objects
and generalize, thus highlighting the need for more robust models to improve classification accuracy.

4. Background

For this work, we propose a new method for characterizing textures in digital images based on
wavelet decomposition, which is non-destructive and allows for localized multi-resolution analysis
in both the spatial and frequency domains. This characteristic is crucial for capturing the subtle
alterations in leaf texture that precede the appearance of visible symptoms, such as changes in
surface roughness, disturbances in cell structure, and local variations in pigmentation.



5. Data source

5.1. Study data

We used macroscopic images extracted from the "Plant Village" database obtained from the Kaggle
website, containing three hundred (300) images of healthy tomato leaves and three hundred (300)
images of infected tomato leaves of the same size at an early stage, whose characteristics are given
in Table 1. Each image was saved as a JPEG file in RGB color format. Figure 1 shows some of the
images. We wrote and implemented our algorithms using Matlab R2024b.

Table 1
Composition of the image database
Dataset Source Images number Classes
and link
Tomato Leaves https://www. 300 Healthy
kaggle.com Tomato Leaves
Infected
300 tomato leaves

(b)

Figure 1: Healthy Tomato Leaves: (a), (b); infected tomato leaves :(c), (d)

5.2. Study design
The approach used in the proposed AGGD-MM-SVM model is illustrated in the following figure 2

6. Methods

6.1. Data preprocessing

In order to effectively use image data to train our detection model, several essential preprocessing
steps are necessary:

6.1.1. Image resizing

Consider a source image J with original dimensions (H, W) (height x width) of pixels (XJ, YJ) resized
to an image I with dimensions (256, 256) of pixels (XI, YI):
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Figure 2: Framework for proposed system
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With R, G, B representing the values of the red, green, and blue channels (0 to 256)




6.1.3. Image filtering

To reduce noise due to outliers in isolated pixels, we apply the median filter defined by formula (4)
to these grayscale images:

h(x,y) = median{I(m,n) / (m,n) € S(x,y)} (4)

Where h represents the median filter, I the grayscale image to be filtered, and S(x, y) a 3x3
neighborhood of (x, y).

6.1.4. Image normalization

I ) _Imin
om0 y) = ) “lmin o

Imax - Imin

With I(x, y): value of the source pixel (grayscale)
Imin = minl(X,y) : minimum value in the image
Imax = maxl(x,y) : maximum value in the image

6.2. Image texture extraction

6.2.1. Haar Wavelet Decomposition of the Normalized Image

The wavelet transform decomposes an input signal x(t) into a series of wavelet functions y(a,b)(t)
(formula 6) which are derived from a given parent function i(t) by dilation and translation operations
(formula 7).

Can = | X wap (Ot ©)
1 -
Pap(t) = ELU (T) a#0 (7)

With a being the scale factor and b the translation factor, the resulting coefficients Ca,b [24] contains
information about the signal x(t) studied at different scales. In the case of images, the wavelet
transform is applied using a bank of low-pass g and high-pass h filters, first row by row, then column
by column. Four images are then generated at each level. In the present work, the filtered and
normalized image of the tomato leaves is wavelet decomposed into two levels with the Haar mother
wavelet according to the scheme [25] (Fig. 3). The images Ih2, Iv2, and Id2 represent the high-
frequency detail components of level two and characterize the image texture in the horizontal,
vertical, and diagonal directions [26].

6.2.2. Histograms of detail images Ih2, Iv2, and Id2
For each of the HxW-sized images Th2, Iv2, and Id2, the histogram h(k) is:
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h(k) = Z S[I(x%y) — K] (8)
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with k: intensity level (generally from 0 to 1 for a normalized image)
8: Kronecker function (5(0) =1, 8(k)=0 for k+0)



6.3. Characterization of detail images Ih2, Iv2, and Id2
6.3.1. Approximation of histograms using AGGD

The histograms of each detail image contain information about the textures in the digital images
[26]. However, they are often noisy because they contain outliers or missing values. They must then
be approximated by a parametric distribution. The histogram distribution of a detail component
follows a Generalized Asymmetric Gaussian (AGGD) distribution with respect to a zero mean [27].
In order to adapt it to the specific characteristics of diseases on tomato leaves, we introduce a non-
zero mean . to obtain a generalized Gaussian distribution that is asymmetric with respect to a non-
zero mean:
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Where ol. and oR are the left and right scaling parameters respectively,  is the shape parameter,
and x is the gray level of a pixel (i,j) in the detail image.

6.3.2. Calculation of the characteristic texture parameters oL, «R, and

These parameters are calculated using the method of moments [27]:
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| the average grey level of the pixels (i,j) of the detail image:
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Ngr = card(x;,X; = 1) (16)
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The parameter § obtained is a characteristic of the texture in the detailed images obtained. Thus, for
the healthy tomato, we have the diagonal, horizontal, and vertical textures characterized respectively
by Psd, Bsh, and Bsv, and for the infected tomato, the diagonal, horizontal, and vertical textures
characterized respectively by pid, Bih, and Biv.

6.4. Classification by KNN

6.4.1. Selection of discriminatory parameters

The calculated horizontal and vertical texture characteristics (Bsh, Bsv) were used to identify the
healthy tomato, and the diagonal and vertical texture characteristics (Bid, piv) were used to identify
the infected tomato.

6.4.2. Classification by KNN

To discriminate between healthy and infected tomatoes, the nearest neighbor classification method
was used. The dataset was divided into two parts, with 70% allocated to training and 30% to testing.
Standard statistical measures widely used in machine learning classification, including recall,
accuracy, precision, and F-score, were used to evaluate the performance of the proposed AGGD-MM-
KNN model.

7. Results

The result in Figure 3 demonstrates that the selected parameters are relevant and allow the model to
perform better discrimination between healthy tomatoes and infected tomatoes.
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Figure 3: Discrimination between healthy tomatoes and infected tomatoes
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This result is confirmed by the cross-validation curve in Figure 4, which provides an accuracy of
99.29% for k=1. The other performance values are calculated from the confusion matrix and
summarized in the table 2.
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Figure 4: cross-validation curve
Table 2

Performances of the AGGD-MM-KNN model
Performances of the AGGD-MM-KNN model

Accuracy F-Score Recall Precision

99,29% 100% 100% 99,29%

The performance of the proposed AGGD-MM-KNN model is compared with that of recently
developed models and shown in Figure 5, then recorded in Table 3.
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Figure 5: Comparison of models performances



Table 3
Comparison of models performances

Method Accuracy (%) F-score (%) Recall (%) Precision (%)
Resnet50 89,65 81 79 80

Vggl6 81,75 80 79 77

Mobilenet 79,2 77 79 80

Googlenet 82,81 82 83 82

Xception 88,16 83,19 82,14 83,25
ResNet-101 90,13 80,04 80,13 81,95

VGG-19 90,42 82,43 80,47 80,39
IDLFOA-DCTLFD 98,02 90,98 91,16 90,96
AGGD-MM-KNN 99,29 100 100 99,29

8. Conclusion

In this work, we proposed a new model to characterize wavelet coefficient distributions for the early
detection of tomato diseases: the Asymmetric Generalized Gaussian Distribution (AGGD) with a
non-zero mean, combined with the method of moments (MM) followed by the KNN classification
(AGGD-MM-KNN). Experimental results obtained using images of healthy and infected tomatoes
showed that the AGGD-MM-KNN method is more suitable than the IDLFOA-DCTLFD method for
modeling wavelet coefficient distributions and is therefore more effective in the early detection of
diseases. In the tests, we used the Haar wavelet transform; however, this model can be used with
other types of wavelets transforms. We believe that using the AGGD-MM-KNN model instead of the
IDLFOA-DCTLFD model in early detection applications in image processing will significantly
improve performance.
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