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Abstract

This paper considers the problem of early detection of late blight (Phytophthora infestans) in
tomatoes based on computer vision and machine learning methods. The main purpose of
the study was to develop a representative dataset of images of tomato leaves and an ap-
proach to extracting informative features for classifying the stages of disease development.
A new dataset was generated using tomato plants grown under greenhouse conditions,
with leaf images subsequently captured under controlled laboratory conditions, including
five stages of late blight progression with variability in imaging devices, lighting conditions,
and temporal disease dynamics. To improve the quality of image analysis, a preprocessing
stage was applied, including conversion to grayscale, median filtering, and binarization
using the Otsu method. In addition to the traditional textural features, fractal analysis
was used to quantify the structural complexity of the affected leaf areas. To verify the
information content of the selected features, classification experiments were conducted
using Random Forest, XGBoost, and Support Vector Machine models, and the quality was
evaluated using accuracy, precision, recall, and F1-score metrics. The results showed that
the combination of textural and fractal features contributes to a more accurate distinction
between the stages of disease. The developed dataset and the proposed approach can be
used in further research on plant disease diagnosis, agricultural monitoring, and preci-
sion farming systems although it should be acknowledged that the dataset is limited to
greenhouse settings, and field-scale generalizability requires further validation.

Keywords: late blight of tomatoes; image analysis; computer vision; fractal analysis; feature
extraction; dataset; machine learning; Solanum lycopersicum
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1. Introduction
Plant diseases are among the major threats to global food security, causing significant

yield losses and economic damage worldwide. According to the Food and Agriculture
Organization of the United Nations, plant pathogens considerably reduce agricultural
productivity and pose a serious challenge to sustainable crop production [1]. In response to
this growing threat, the development of automated disease diagnosis systems based on
computer vision and artificial intelligence has emerged as an important research direction
in precision agriculture, enabling early detection and timely intervention.

The relevance of such systems extends across diverse agricultural regions, includ-
ing Central Asia, where crop production plays a critical role in food security and rural
economies. In Uzbekistan, in particular, the problem of timely and accurate diagnosis of
agricultural crop diseases has become increasingly critical in recent years. The country is
characterized by a predominantly arid and hot climate; however, ongoing climate change
has led to a steady increase in average annual temperatures and a growing frequency of
extreme weather events, including heatwaves and irregular precipitation patterns [2,3].
These environmental shifts significantly affect agroecosystems by altering plant physio-
logical processes and creating new favorable conditions for the emergence and spread
of phytopathogens.

Although late blight (caused by Phytophthora infestans) is traditionally associated
with high-humidity environments, microclimatic variations—particularly in greenhouse
systems—can create localized conditions favorable for its development even in otherwise
dry regions [4]. The increasing adoption of greenhouse cultivation in Uzbekistan further
amplifies this risk, as controlled environments often involve fluctuating humidity and
temperature levels that may inadvertently promote pathogen proliferation. Consequently,
late blight remains one of the most economically significant diseases in tomato (Solanum
lycopersicum) production, leading to substantial yield losses and reduced crop quality [5].

Despite extensive research in plant disease detection using computer vision and
machine learning techniques, most existing studies primarily focus on binary classification
tasks (i.e., “healthy” versus “diseased”). Such approaches fail to capture the progressive
nature of plant diseases, particularly the intermediate stages that are crucial for early
diagnosis and effective intervention. Furthermore, many datasets used in previous works
are limited in size, lack class balance, and are often collected under controlled laboratory
conditions using homogeneous imaging devices. This restricts the generalization capability
of developed models and reduces their applicability in real-world agricultural settings.

In contrast, this study focuses on the development of a specialized dataset of tomato
leaf images reflecting multiple stages of late blight progression. The dataset was acquired
under greenhouse conditions using diverse imaging devices, thereby incorporating variabil-
ity in resolution, lighting, and acquisition conditions. Such controlled diversity is intended
to improve the robustness and practical relevance of the dataset within the scope of the
experimental environment [5]. To further improve the discriminative power of the analysis,
a feature extraction approach is proposed that combines conventional textural descriptors
with fractal analysis. The latter enables quantitative characterization of the structural com-
plexity of infected regions, providing additional insights into disease progression patterns
that are not captured by traditional methods. It should be noted, however, that the current
dataset is limited to greenhouse settings, and broader field-scale validation is planned as
part of future work.

The scientific novelty of this work lies in the development of an image analysis
technique for tomato leaves that explicitly accounts for the heterogeneity of input data
caused by differences in optical characteristics of imaging devices, illumination conditions,
and acquisition parameters. Furthermore, in contrast to conventional approaches that rely
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primarily on standard texture descriptors, the proposed method integrates fractal analysis
to quantify the structural complexity of affected regions. This allows for a more precise
characterization of disease progression patterns and enhances the discriminative power of
the extracted features.

The main objective of this study is to develop and validate an approach for the
automatic identification of late blight stages in tomato plants based on leaf image analysis
using computer vision and machine learning techniques. Particular emphasis is placed on
ensuring the robustness of the approach under varying data acquisition conditions and
improving its applicability in real agricultural environments.

To achieve this objective, the following tasks are addressed:

1. Dataset construction and structuring—collection and organization of tomato leaf
images representing multiple stages of late blight under greenhouse conditions;

2. Image preprocessing—application of a preprocessing pipeline (including noise re-
duction, normalization, and segmentation) to ensure data consistency and improve
analysis accuracy;

3. Feature extraction—extraction of informative descriptors based on fractal analysis and
fractal dimension to capture the structural and textural properties of diseased regions;

4. Training sample formation—preparation of a machine learning-ready dataset
through feature selection, labeling, and structuring of processed data for sub-
sequent model development.

Overall, this study bridges the gap between controlled experimental datasets and
real-world agricultural conditions by introducing a heterogeneous dataset and an enhanced
feature extraction methodology. The integration of fractal analysis into the image processing
pipeline offers new opportunities for capturing complex disease patterns. The proposed
framework not only improves the understanding of late blight progression but also opens
new directions for the development of adaptive and generalizable diagnostic systems in
precision farming.

2. Related Works
Recent advances in deep learning have significantly improved the accuracy of plant

disease diagnosis systems. Convolutional Neural Networks (CNNs), Vision Transformers
(ViTs), and hybrid deep learning architectures have demonstrated excellent performance in
tomato disease classification tasks. Murugesan et al. [1] proposed a hybrid deep learning
framework combined with Grad-CAM explainability for robust crop disease classifica-
tion. Xiang et al. [2] introduced DWTFormer, which integrates frequency-domain and
spatial features for tomato disease recognition. Recent studies have also explored multi-
modal learning [6], hybrid deep learning and fuzzy logic systems [7], transformer-based
architectures [8], lightweight CNN models for edge devices [9,10], and enhanced CNN
architectures incorporating attention mechanisms and residual connections [11–13]. These
studies consistently demonstrate that deep learning approaches achieve high classification
accuracy but often require large datasets, extensive computational resources, and limited
model interpretability.

The quality and diversity of image datasets play a crucial role in developing reliable
disease diagnosis systems. Existing tomato disease datasets are often collected under
controlled laboratory conditions and mainly focus on disease identification rather than
disease progression analysis. Publicly available datasets typically contain limited informa-
tion regarding temporal disease development and severity levels [5]. Recent studies have
increasingly emphasized disease severity estimation and multi-stage classification [6,11,14].
However, most datasets remain restricted to disease presence detection and do not ex-
plicitly represent multiple stages of late blight progression under varying acquisition
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conditions. Therefore, the development of datasets containing heterogeneous imaging de-
vices, varying illumination conditions, and disease progression stages remains an important
research challenge.

Besides deep learning methods, feature engineering techniques remain important
for interpretable disease analysis. Texture descriptors such as Haralick features continue
to be widely used in agricultural image processing [15]. Fractal analysis has attracted
increasing attention due to its ability to characterize structural complexity and irregular
biological patterns. Nurmukhamedov et al. [16] investigated fractal image processing
techniques, while Das and Mohanta [17] demonstrated the usefulness of textural fractals
in analyzing natural biological structures. Recent studies on plant disease classification
have shown that fractal dimensions can provide valuable information about complex
image structures and may complement conventional texture descriptors [18]. Nevertheless,
the application of fractal analysis for multi-stage tomato late blight classification remains
insufficiently explored.

To address these limitations, this study introduces a heterogeneous greenhouse dataset
containing five stages of tomato late blight progression and proposes a feature extraction
framework that combines texture descriptors with fractal analysis. Unlike conventional disease
recognition approaches, the proposed methodology focuses on disease severity progression
and interpretable feature representation suitable for machine learning-based classification.

An analysis of existing publications shows that most studies either do not consider
the process of forming datasets of plant images or use datasets limited in diversity and
shooting conditions.

Comparison with Existing Datasets and Novelty

Unlike existing datasets of images of tomato diseases, the proposed dataset contains
images obtained using various devices (smartphones and digital cameras), takes into
account the variability of lighting conditions and includes five stages of late blight devel-
opment. Additionally, the dataset reflects the temporal dynamics of the disease. These
features make it possible to bring the data closer to the real conditions of agriculture and
increase the stability of machine learning models.

Table 1 shows that existing datasets on tomato diseases are typically collected under
controlled conditions and do not reflect disease progression over time. In contrast, the
proposed dataset includes five annotated stages of late blight, heterogeneous imaging
devices, different lighting conditions, and the progression of disease symptoms over
time. These characteristics enhance the representativeness of the dataset for real-world
agricultural scenarios and provide the basis for more reliable machine learning models.

Table 1. Comparing tomato disease image datasets.

Dataset 1 Images Disease Stages Multi-Device Different Lighting Time Processing 2

PlantVillage 14,531 No No No No

Taiwan Tomato Dataset 622 (4976 augmented) No No Partial No

Greenhouse Tomato 1026 Partial No No No

Proposed dataset 5245 Yes (5 stage) Yes Yes Yes

Note: 1 PlantVillage: Hughes, D.P.; Salathé, M. An open access repository of images on plant health to enable
the development of mobile disease diagnostics through machine learning and crowdsourcing. arXiv:1511.08060,
2015. Taiwan Tomato Dataset: Huang, M.-L.; Chang, Y.-H. Dataset of Tomato Leaves. Mendeley Data, 2020,
https://doi.org/10.17632/ngdgg79rzb.1. 2 “Time processing” refers to whether the dataset captures the temporal
progression of disease symptoms through repeated image acquisition of the same plant/leaf over time, rather
than single-time point snapshots.

Unlike PlantVillage and similar datasets, which mainly focus on disease category
recognition, the proposed dataset highlights the gradual development of late blight and
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takes into account the variability of data collection conditions. Thus, the novelty of this
work lies not only in the construction of a dataset, but also in the integration of temporal
disease progression with fractal-based feature extraction.

3. Materials and Methods
In addition to the traditional features of computer vision, fractal analysis is used in

the work, which makes it possible to quantify the complexity and heterogeneity of the
texture of the affected areas of the leaf [6]. The fractal dimension serves as an informative
feature reflecting the degree of structural changes caused by the development of late blight.
The workflow of the proposed approach is shown in Figure 1 of the dataset formation and
processing process.

Figure 1. General workflow of the proposed tomato late blight diagnosis system, including image
acquisition, preprocessing, lesion segmentation, extraction of texture and fractal features, formation
of the training dataset, and machine learning-based classification of disease stages.

As shown in Figure 1, the proposed approach includes the stages of image collection,
marking up the stages of the disease, preprocessing (conversion to grayscale and bina-
rization by the Otsu method), extracting informative features based on fractal analysis, as
well as forming a final dataset. Such a structured scheme improves the quality of data and
increases the effectiveness of subsequent application of machine learning methods.
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3.1. Formation and Structuring of a Dataset of Images of Tomato Leaves

The study used both mobile devices (including modern high-resolution smartphones)
and digital cameras. This made it possible to form a heterogeneous dataset that reflects the
real shooting conditions and ensures the stability of the developed algorithms to differences
in hardware characteristics [7].

The devices and shooting parameters shown in Table 2 reflect a variety of image
acquisition conditions, including differences in sensor types, lighting, and distance to the
subject. Experimental studies were conducted in laboratory conditions using specialized
equipment and a greenhouse setup.

Table 2. Device characteristics and conditions for taking images of tomato leaves 1.

NO Device Type Device Model Focal Length Lighting Distance to
the Object

Shooting
Conditions

1 Smartphone Samsung Galaxy S22
Ultra 23 mm Natural (indoor) 20–30 cm Handheld

shooting

2 Smartphone Redmagic 11 Pro 24 mm Mixed 25–35 cm Handheld
shooting

3 Digital camera Canon EOS Lite 35 mm Artificial LED 20–30 cm Tripod

4 Digital camera Nikon D3500 50 mm Natural
(indoor) 20–30 cm Tripod

1 All devices used a complementary metal-oxide semiconductor (CMOS) image sensor.

Description Dataset Structure

To form the dataset, tomato plants were cultivated under greenhouse conditions
and subsequently inoculated with a sporangial suspension of Phytophthora infestans at a
concentration of approximately 2 × 104 sporangia/mL, applied to the leaf surface using a
hand-held sprayer. Leaf samples were collected every 2–4 days as the disease progressed
and photographed under controlled laboratory conditions using different imaging devices.
Disease severity was assessed by an expert in plant pathology based on the visually affected
leaf area. As a result, five disease classes were defined, representing the progression from
healthy leaves to severe infection. The final dataset consisted of 5245 images, all acquired
under controlled laboratory conditions from leaves collected from green-house-grown
tomato plants. This acquisition protocol allowed gradual morphological and textural
changes to be recorded throughout disease development. Each image in the dataset was
annotated by an expert in agronomy and phytopathology. The generated dataset was also
used in our previous work [19] for image analysis and classification. The classification was
performed based on the percentage of the visibly affected leaf surface. Five classes of the
degree of the disease were identified:

1. Class 0 (healthy leaf): 0% lesion (no visible symptoms); 1000 images.
2. Class 1 (initial stage): 0.1–10% of the leaf surface is affected; 1100 images.
3. Class 2 (moderate stage): 11–25% of the leaf surface is affected; 1050 images.
4. Class 3 (middle stage): 26–50% of the leaf surface is affected; 1000 images.
5. Class 4 (severe stage): ≥51% of the leaf surface, accompanied by significant damage;

1095 images.

Figure 2 shows examples of images of tomato leaves, showing both healthy and blight-
affected areas at various stages of the disease. The variability of color, textural and structural
characteristics is observed, which necessitates the use of computer vision methods for their
automatic analysis and classification [8]. Tomato plants were artificially infected in greenhouse
conditions. The pictures were taken every 2–4 days. The expert agronomist commented on
the stages of the disease based on the percentage of the affected leaf area. Each image was
analyzed independently and assigned to one of the five severity classes of the disease.
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Figure 2. Representative examples of tomato leaf images included in the dataset, illustrating dif-
ferent stages of late blight progression, from healthy leaves to severe infection. Variations in lesion
morphology, texture heterogeneity, and affected area structure can be observed across disease stages.

3.2. Preprocessing of Images

To improve image quality and ensure reliable extraction of lesion-related features, all
tomato leaf images were converted to grayscale and processed using median filtering for
noise suppression. Grayscale conversion reduced computational complexity while preserv-
ing structural information required for subsequent texture and fractal analysis. Median
filtering was applied to suppress impulsive noise while preserving lesion boundaries and
contour structures important for feature extraction [15]:

Binarization by Otsu’s Method

Otsu’s method automatically selects a threshold t that separates an image into two
classes [20]:

✔ Class 1 (background): pixels with intensity I ≤ t;
✔ Class 2 (object): pixels with intensity I > t.

For the selected threshold t, the binarized image B(x, y) is determined by the rule:

B(x, y) =

{
1, I(x, y) ≤ t
0, I(x, y) > t

(1)

For tomato late blight images, diseased regions generally correspond to darker in-
tensity values after grayscale conversion. Therefore, affected areas are assigned to the
foreground class (object), while healthy tissues and background regions belong to the
complementary class. Although diseased regions generally exhibit lower intensity values
after grayscale conversion, shadows, illumination variations, and background artifacts may
produce similar intensity patterns. Therefore, Otsu thresholding should be considered as
an approximate segmentation technique rather than a definitive lesion detector.
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A normalized brightness histogram is used:

P(i) =
h(i)
N

, i = 0, 1, . . . , L − 1 (2)

For any fixed threshold t, the image is divided into two groups, and the probabilities
of the group are entered: {

w1(t) = ∑t
i=0 P(i)

w2(t) = ∑L−1
i=t+1 P(i)

(3)

Average class brightness:  µ1(t) =
∑t

i=0 iP(i)
w1(t)

µ2(t) =
∑L−1

i=t+1 iP(i)
w2(t)

(4)

The criterion of optimality:

σ2
b (t) = w1(t) (µ 1(t)− µT)

2 + w2(t) (µ 2(t)− µT)
2 (5)

The threshold is chosen so that the intergroup variance is maximal [21]:

t1 = arg max
0≤t≤L−1

σ2
b (t) (6)

The Otsu method automatically selects the global binarization threshold by maximiz-
ing the intergroup variance, which makes it possible to steadily separate the affected areas
of the leaf from the background without manually adjusting the parameters.

3.3. Extraction of Informative Features Based on Fractal Analysis of Textural Features and
Fractal Dimension
3.3.1. Rationale for Fractal Analysis

Late blight manifests itself in the form of complex and irregular patterns on the surface
of tomato leaves. Traditional feature extraction methods, such as color histograms and
texture descriptors (for example, GLCM) primarily capture local or statistical properties
of an image. However, they do not adequately describe the geometric complexity and
unevenness of the affected areas. Fractal analysis, in particular the cell-by-cell method,
allows us to obtain a multiscale characterization of structural complexity. It is resistant to
noise and is able to detect irregular biological patterns.

Thus, fractal characteristics provide more informative descriptors for modeling disease
progression compared to traditional methods.

3.3.2. Fractal Dimension Algorithm Box-Counting

For quantification of the geometric complexity and unevenness of the affected areas,
the image is covered with a grid of ε× ε and the number of occupied cells is calculated.
ε× ε is a discrete approximation of the metric coverage of the set [16].

N(ε) = ∑M(ε)

i=1 Ii(ε) (7)

where ε is the grid cell size, N(ε) is the number of occupied grid cells containing lesion
pixels, M(ε) is the total number of grid cells, Ii(ε) is whether the cell is occupied the
occupied cell corresponds to a grid region containing at least one foreground pixel of the
segmented lesion.
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Fractal dimension is calculated as

D = − lim
ε→0

lnN(ε)

ln
1
ε

(8)

where D is the estimated fractal dimension; higher values of D correspond to increased
structural complexity and irregularity of diseased regions.

• D ≈ 1—smooth shape;
• D ∈ [1.6, 2]—biologically complex structures (spots of disease).

Thus, the use of fractal analysis based on the box-counting method provides a quanti-
tative assessment of the geometric complexity of the affected leaf areas, which contributes
to increasing the information content of the feature space and improving the accuracy of
models for classifying the stages of late blight.

This approach allows for effective consideration of the geometric complexity of the
affected areas and the use of the obtained characteristics for the subsequent classification of
the stages of late blight (Figure 3).

Figure 3. Block diagram of the proposed fractal analysis procedure used for characterization of tomato
leaf lesions. The algorithm includes image preprocessing, lesion segmentation using Otsu thresh-
olding, grid generation for box-counting analysis, estimation of fractal dimension, and formation of
informative fractal descriptors.

3.3.3. Fractal Analysis of Image Texture Features

Fractal analysis of image texture features is implemented as a sequential algorithm
that includes seven main stages of processing and calculations [17].

https://doi.org/10.3390/horticulturae12080979
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Step 1. Image Contrast

Evaluates brightness variability [22]:

σI =

√
1
n∑k

i=1

(
Ii − I

)2ni (9)

Ii is the pixel brightness, I is the average brightness. Selection of informative image
features and suppression of noisy data.

Step 2. Number of contours

The number of closed objects in a binarized image is calculated [23]:

L = |{Ci|i = 1, 2, . . . , n}| (10)

Interpretation: if L = 1, there is one object (e.g., one leaf). If L = 10, there are ten
separate spots or objects in the image. If L = 0, no contours are detected, indicating that
the image is either too blurred or completely white or black.

Step 3. Average area of contours

Area of a single contour (Gauss’s formula) [18]:

Ai =
1
2

∣∣∣∑k
j=1

(
xjy(j+1) − x(j+1)yj

)∣∣∣ (11)

k is the number of points in the contours,
(

xi(k+1) = xi1, yi(k+1) = yi1

)
is the closed

contour. The average area of all contours is calculated if n contours are found:

A =
1
n∑n

i=1 Ai (12)

This feature reflects the average size of lesion regions and helps reduce the influence
of small isolated artifacts and noise generated during image segmentation.

Step 4. Standard deviation of the contour area

σP =

√
1
n∑n

i=1(Pi − µP)
2 (13)

Pi is the perimeter of the i-th contour, µP is the average perimeter
(

µp = 1
n ∑n

i=1 Pi

)
.

If the spread of values is large, the spots on the leaves have different shapes [24].

Step 5. Average perimeter of contours

The perimeter of a single contour [14]:

Pn = ∑n
j=1

√(
xj+1 − xj

)2
+

(
yj+1 − yj

)2 (14)

Pk is the length of the boundary of the j-th contour, and n is the number of contours.
The average perimeter:

P =
1
n∑n

i=1 Pn (15)

reflects the complexity of the shape of the lesion boundaries.
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Step 6. Asymmetry

Geometric shape asymmetry [25]:

S =
1
n ∑n

i=1(xi − m)3

L3 (16)

xi is the pixel brightness value, L is the standard deviation, and m is the sample mean.

➢ S ≈ 0—the distribution is symmetric (for example, close to normal).
➢ S > 0—right asymmetry (long tail to the right, more large values).
➢ S < 0—left asymmetry (long tail to the left, more small values).

Step 7. Entropy descriptor

Characterize the degree of “complexity” of the form [11]:

E = −∑n
i=1 Pilog2Pi (17)

where Pi is the fraction of pixels in the i-th brightness level, and the logarithm is base
2 ⇒ E is measured in bits. More severely infected regions generally exhibit higher entropy
values due to increased texture heterogeneity and structural complexity of the lesions.

As shown in Figure 4, the algorithm includes preprocessing stages, image information
assessment, and calculation of texture and fractal characteristics, such as contrast, number
of contours, area, perimeter, and entropy descriptors. The obtained features form a feature
vector used in the subsequent stages of classification of stages of late blight.

Figure 4. Flowchart of the proposed feature extraction framework for tomato leaf analysis. The
algorithm includes preprocessing, image informativeness evaluation, Otsu-based lesion segmentation,
extraction of texture descriptors (contrast, contour statistics, entropy, asymmetry), and estimation of
fractal dimension for formation of the final feature vector used in disease stage classification.
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3.4. Formation of a Training Sample Based on Processed Images and Selected Features

To formalize the process of classifying the stages of late blight, a set of informative
features was formed, and the corresponding objects and classes were defined to reflect the
degree of leaf surface damage.

As shown in Table 3, the generated feature vector includes textural and structural
characteristics of images, such as contrast, number of contours, geometric parameters, and
entropy descriptors. The correspondence of features to disease classes allows them to be
used as input parameters for building and training classification models.

Table 3. Description of features, objects, and classes for classifying stages of tomato late blight.

Signs Objects Classes

x1 = Contrast
x2 = Number of contours
x3 = Average area of contours
x4 = Standard deviation of area of contours
x5 = Average perimeter of contours
x6 = Asymmetric descriptor
x7 = Entropy descriptor
x8 = Fractal dimension

S1 = healthy leaves
S2 = Stage 1 of the disease
S3 = Stage 2 of the disease
S4 = Stage 3 of the disease
S5 = Stage 4 of the disease

K1= 0–0% infection
K2 = 1–0.1–10% infection
K3 = 2–11–25% infection
K4 = 3–26–50% infection
K5 = 4–51 + % infection

Normalization Method

The paper uses linear normalization (Min–Max Scaling), which converts the values of
each feature x to the range [0,1] using the formula [12]:

X′
i =

Xi − Xmin
Xmax − Xmin

(18)

where Xi is the initial value, Xmin is the minimum value of the column, Xmax is the maxi-
mum value of the column.

The use of Min–Max normalization is a critical step in data preprocessing, as it ensures
that features are brought to a uniform scale, eliminates the imbalance of value ranges, and
improves the convergence of learning algorithms. In addition, normalization increases the
numerical stability of machine learning models and prevents the dominance of features
with large values in the optimization process.

4. Results
4.1. Performing Image Preprocessing

A sequence of image preprocessing methods was applied to select the affected areas
of the leaf, including grayscale conversion, median filtering, and Otsu binarization.

As shown in Figure 5, the use of these methods allows for effective noise suppression
and the identification of affected areas, ensuring proper data preparation for subsequent
analysis and feature extraction.

4.2. Extraction of Informative Features Based on Fractal Analysis of Textural Features and
Fractal Dimension

The box-counting method was used to estimate the fractal dimension of the affected
areas of the leaf, using different grid scales.

As shown in Figure 6, changing the size of the grid cells affects the number of occupied
areas, which allows us to determine the relationship and calculate the fractal dimension,
which characterizes the complexity of the structure of the affected areas. To calculate the
fractal dimension, we plotted the relationship between the logarithm of the number of
occupied cells and the logarithm of the inverse cell size. Linear regression of the box-
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counting data produced an estimated fractal dimension of D = 1.85 with an excellent
goodness of fit (R2 = 0.998, p < 0.001).

   

Figure 5. Sequential preprocessing stages applied to tomato leaf images for late blight analysis,
including the original RGB image, grayscale conversion, median filtering for noise suppression, and
Otsu threshold-based binarization for segmentation of diseased regions.

 

Figure 6. Application of the box-counting method for estimation of fractal dimension in tomato
leaf lesions using different grid scales. The figure demonstrates how the number of occupied cells
changes with cell size during analysis of lesion structural complexity.

4.3. Fractal Analysis of Image Texture Features

Textural, geometric, and fractal characteristics of the images were calculated to analyze the
information content of the features and evaluate their contribution to describing the leaf state.

As shown in Figure 7, the extracted features allow us to quantify the image structure,
including the complexity of the contours and the degree of texture heterogeneity, which
forms the basis for constructing an informative feature vector.

Figure 7. Examples of extracted texture, geometric, and fractal descriptors from tomato leaf images,
including image contrast, contour-based characteristics, entropy measures, and fractal dimension
used for multi-stage disease classification.
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4.4. Assessment of Classification Effectiveness

To provide a reliable assessment of the proposed approach, the dataset containing
5245 images of tomato leaves was divided into training, validation, and test subsets using a
70:15:15 ratio. Images related to the same stage of the disease were assigned exclusively
to one subset in order to reduce the risk of data leakage. All extracted features were
normalized to the range [0, 1] using Min–Max scaling before classifier training. Three
machine learning algorithms, namely Random Forest (RF), XGBoost, and Support Vector
Machine (SVM), were implemented and optimized using GridSearchCV with five-fold
cross-validation. For the Random Forest classifier, the hyperparameter search included the
number of trees (50, 100, and 200), maximum tree depth (None, 10, 20, and 30), minimum
samples required for node splitting (2, 5, and 10), and minimum samples per leaf (1, 2, and
4). The optimal configuration consisted of 200 trees, a maximum depth of 20, a minimum
split size of 2, and a minimum leaf size of 1. For XGBoost, the hyperparameter search
considered the number of estimators (100, 200, and 400), maximum tree depth (3, 5, and 7),
learning rate (0.05, 0.1, and 0.2), subsampling ratio (0.8 and 1.0), and column sampling ratio
(0.8 and 1.0). The optimal parameters were 400 estimators, maximum depth of 5, learning
rate of 0.2, subsample of 1.0, and colsample_bytree of 0.8. For the SVM classifier, a radial
basis function (RBF) kernel was employed. The optimal hyperparameters obtained by grid
search were C = 1000 and γ = 0.1. The models were evaluated on an independent test
set using Accuracy, Precision, Recall, and F1-score metrics (Table 4).

Table 4. Comparison of the machine learning models for tomato late blight classification in five
severity classes.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

RandomForest 88 88 86 86
XGBoost 92 92 90 91

Support Vector Machine (SVM) 93 92 92 92

A comparative analysis of the classification models shows that all the evaluated
algorithms have achieved satisfactory performance in detecting the stages of late blight
in tomatoes. Among the tested methods, SVM showed the highest accuracy (93.0%),
followed by XGBoost (92.0%), while Random Forest achieved an accuracy of 88.0%. The
obtained results show that the highlighted fractal and textural features provide sufficient
discriminative ability for multi-stage classification of diseases. These results confirm the
effectiveness of the proposed system of pretreatment and identification of signs for the
diagnosis of plant diseases.

Rows in the confusion matrix (Figure 8) correspond to ground-truth labels, while
columns represent predicted disease stages. The class labels correspond to: 0—healthy leaf,
1—initial stage (0.1–10% lesion area), 2—moderate stage (11–25% lesion area), 3—middle
stage (26–50% lesion area), and 4—severe stage (≥51% lesion area). The Random Forest
classifier (Figure 8a) demonstrates acceptable classification performance; however, several
misclassifications occur between adjacent disease stages. The XGBoost model (Figure 8b)
exhibits improved recognition capability, particularly for the intermediate stages of disease
progression. Among all evaluated algorithms, the SVM classifier (Figure 8c) achieved
the most balanced classification performance and the highest overall accuracy (93.0%),
indicating a strong ability to distinguish visually similar disease stages. Most classification
errors occurred between stages 1 and 2, as well as between stages 2 and 3. This can be
explained by the similarity of lesion morphology during the intermediate stages of disease
development. In contrast, severe disease stages were classified with higher accuracy
because they are characterized by larger affected areas and more pronounced structural
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changes. These results confirm that the extracted fractal and textural descriptors provide
informative features for the multi-stage classification of tomato late blight.

(a) (b) (c) 

Figure 8. Confusion matrices of the Random Forest (RF), XGBoost, and Support Vector Machine
(SVM) classifiers for multi-stage tomato late blight classification. All matrices were generated using
the same independent test set (n = 787).

4.5. Ablation Study: The Effect of Fractal Features on Classification Efficiency

To assess the contribution of fractal descriptors to classification efficiency, an ablation
study was conducted using various combinations of features. The results show that only
textural features achieved accuracy of 84%, while only fractal features increased efficiency to
87%. The combination of textural and fractal descriptors provided the highest classification
accuracy (93%), demonstrating the complementary nature of these features. The integration
of fractal analysis improves the understanding of the structural complexity of the affected
areas, thereby improving the recognition of various stages of tomato late blight (Table 5).

Table 5. Ablation study of different feature combinations using the SVM classifier.

Feature Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Texture only 84 83 82 82

Fractal only 87 86 85 85

Texture + Fractal 93 92 92 92

5. Discussion
The analysis of the generated data set confirms its suitability for use in machine

learning systems in the diagnosis of late blight in tomatoes. The use of heterogeneous
imaging devices and varying lighting conditions increases data variability and enhances
the practical relevance of the dataset. The preprocessing pipeline, which includes grayscale
conversion, median filtering, and the Otsu threshold, effectively reduced noise in the image
and improved the extraction of informative areas related to disease progression.

The selected feature space combines textural, geometric, and fractal descriptors that
allow quantitative characterization of affected leaf structures. The results show that an
increase in the severity of the disease is associated with an increase in the structural
complexity of the lesions, which is reflected in an increase in the values of the fractal
dimension. This confirms that fractal analysis provides additional information beyond the
usual texture features and improves understanding of the stages of disease progression.

Classification experiments have demonstrated the effectiveness of the proposed ap-
proach to feature extraction. Among the evaluated classifiers, SVM showed the highest
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performance with 93.0% accuracy, followed by XGBoost (92.0%) and Random Forest (88.0%).
The confusion matrices indicate a reliable separation of the stages of the disease, although
minor classification errors persist for neighboring classes with similar visual characteristics.

The ablation study further confirmed the contribution of fractal descriptors. The
combination of texture and fractal features made it possible to achieve better classification
efficiency than individual groups of features, demonstrating that fractal characteristics
provide additional information for determining the stage of the disease.

Despite these promising results, the dataset was collected under controlled greenhouse
conditions, which may limit the generalization of data in open-ground conditions with a
more diverse background and lighting conditions. Future work should focus on acquiring
field-collected images, conducting cross-device validation experiments, and comparison
with deep learning-based approaches to further evaluate the reliability and scalability of
the proposed method.

Comparison with Deep Learning Approaches

To position the proposed approach within the context of recent advances in plant
disease diagnosis, we compared our results with representative deep learning architec-
tures reported in the literature. It should be noted that the methods listed in Table 6 are
evaluated on different datasets with varying class compositions, image resolutions, and
acquisition conditions. Therefore, the comparison is indicative rather than strictly equiva-
lent, and should be interpreted as a general positioning of the proposed approach relative
to the current state of the art. Recent studies have demonstrated that CNN-, ResNet50-,
MobileNetV3-, EfficientNet-, and Vision Transformer-based models achieve high classi-
fication accuracy on plant disease datasets. However, most of these approaches operate
directly on image pixels and require substantial computational resources and large-scale
training data. In contrast, the proposed method relies on interpretable fractal and texture
descriptors combined with conventional machine learning algorithms. This provides lower
computational complexity while maintaining competitive classification performance and
improved explainability for disease stage assessment.

Table 6. Comparison of the proposed Fractal + SVM approach with state-of-the-art deep learning
architectures for tomato leaf disease classification, including an indicator of computational complexity.

Model Dataset Number of Classes Parameters (in Millions) Reported Accuracy (%)

CNN [26] Tomato & Corn 4 3.2 97.5
ResNet50 [27] Tomato Village 8 25.6 95.7

MobileNetV3 [28] Tomato Disease Multiple 5.4 94.9
Vision Transformer (ViT) [29] Plant Disease Multiple 86.0 96.0–98.0

Proposed Fractal + SVM Proposed dataset 5 <0.1 93.0

Although the proposed Fractal + SVM approach achieves slightly lower classifica-
tion accuracy than state-of-the-art deep learning architectures, it requires substantially
lower computational resources and provides improved interpretability. Therefore, the
proposed method represents an attractive trade-off between classification performance and
computational complexity, particularly for resource-constrained agricultural applications.

6. Conclusions
In this study, a representative dataset of tomato leaf images reflecting five stages of

late blight progression under greenhouse conditions was developed. The dataset contains
5245 images acquired using different imaging devices and varying acquisition conditions,
increasing its diversity and practical relevance. The proposed preprocessing pipeline,
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including grayscale conversion, median filtering, Otsu thresholding, and feature normal-
ization, improved image quality and enabled reliable extraction of informative descriptors.

An important contribution of this work is the integration of fractal analysis with
conventional texture and geometric features to characterize the structural complexity of
diseased regions. The extracted feature space was used for classification experiments
employing Random Forest, XGBoost, and Support Vector Machine classifiers. The obtained
results demonstrated that SVM achieved the highest classification accuracy (93.0%), fol-
lowed by XGBoost (92.0%) and Random Forest (88.0%), confirming the effectiveness of the
proposed feature extraction approach for multi-stage disease identification.

Furthermore, the ablation study showed that combining texture and fractal features
provides superior classification performance compared with individual feature groups, em-
phasizing the importance of fractal descriptors for representing disease progression patterns.

The developed dataset and proposed methodology can serve as a foundation for
future research in plant disease diagnosis, agricultural monitoring, and precision farming
applications. Future work should focus on expanding the dataset with field-acquired
images, conducting additional cross-device validation experiments, and comparing the
proposed approach with deep learning-based methods to further improve robustness and
generalization capability.

In the future, it is planned to expand the dataset by including images obtained in
the field, as well as increasing its volume and diversity. A promising direction is to
conduct a comparative analysis of various feature extraction methods, including fuzzy
descriptors [30] and multi-connected weights [31], and the development of hybrid models
that improve the accuracy and stability of the classification of disease stages.
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