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ABSTRACT. This article presents a research based on mathematical modeling, visual simulation of leaf spots
caused by plant diseases. Using analytical functions (simple Gaussian distributions, elliptical and jagged edges),
we simulate the spots caused by two diseases quite common in rice crops. Geometric formulas (area, perimeter,
circularity) are used for interpretation, while the shape and color features of the spots are analyzed to generate
a synthetic dataset. To demonstrate the applicability of the method, we show how, for two rice diseases, adding
mathematically generated images to the training images leads to increased accuracy of machine learning models
for automated plant disease diagnosis. Thus, the results confirm that synthetic image generation can effectively
complement real datasets, making disease detection more robust.

1. INTRODUCTION

Early detection and prevention of plant diseases is a major achievement for agriculture,
and if this process could be automated, farmers would not have to use so many pesticides
to prevent certain diseases. In the case of plant disease detection from images, a ma-
jor limitation is the lack of datasets containing diverse examples of diseased plants and
leaves, which makes machine learning algorithms less efficient for plant disease detec-
tion [15]. This article demonstrates how synthetic images (for example, spots generated
by mathematical models) can be created to enrich the training phase, thereby balancing
classes [2, 7, 9, 8]. As a result, the model is exposed to a wider variety of shapes, sizes, and
colors, making it more robust. Mathematical modeling of biological phenomena offers a
rigorous framework for simulating behaviors observed in nature. In the context of smart
agriculture, visually simulating foliar diseases provides a valuable resource for training
and testing neural networks when large volumes of real data are not available [5, 14, 22].

This paper proposes a methodology for generating synthetic images of rice leaves with
spots simulating the symptoms of two common diseases (Brown Spot and Bacterial Leaf
Blight), where the spots are mathematically generated, and for testing their effectiveness
in a machine learning algorithm for disease detection. Images of the two diseases, Brown
Spot and Bacterial Leaf Blight, from the rice leaf dataset were used to observe the disease
and to reproduce the two diseases as accurately as possible using mathematical modeling.
The work brings some new elements compared to what already exists in the field. Instead
of using complex neural networks, as many recent studies do, we propose a method based
on simple and controllable mathematical models. These models can be modified by clear
parameters (for example: the shape can be round or elongated, the size can vary within
a range, the color can be more intense or paler). At the same time, this mathematical
approach does not need a large volume of real data to start, which makes it very useful in
contexts where image collection is difficult or even expensive [16, 1, 6]. Compared to other
studies, the images generated by this method are not just visual examples for theoretical
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demonstrations, but their use for training and testing machine learning algorithms is even
exemplified in this article. Most of the time, researchers and practitioners are faced with
the lack of sufficiently large and varied data sets, which greatly limits the performance
of automatic plant disease recognition models. Thus, using these synthetic images, we
can complement real image collections and create more balanced datasets with a greater
diversity of lesion shapes, colors, and distributions [4, 10, 17]. This has a direct impact
on the efficiency of machine learning algorithms, which become better trained and more
capable of recognizing diseases in real situations. The proposed method offers a practical
solution for increasing the accuracy and robustness of detection algorithms.

2. MATHEMATICAL SIMULATION OF FOLIAR LESIONS

Using mathematical modeling we can describe and simulate some biological phenom-
ena through well-defined functions, having control over the shape, size, color and vari-
ability of lesions [3, 12, 13]. In this study, we proposed a visual simulation framework for
two of the most common rice diseases: Brown Spot and Bacterial Leaf Blight. Leaf spots
are visible lesions that occur mainly due to infections. If we were to make a phytopatho-
logical description of a leaf spot, this would be a delimited area, usually with a different
color from the rest of the leaf, which indicates the presence of a disease. These spots can
appear in various shapes: circular, elliptical, irregular, with clear or diffuse edges and can
vary in color from brown and yellow to black or reddish.

Through mathematical modeling of leaf spots, we aim to simulate the real character-
istics of these spots or lesions. This approach is particularly valuable in the context of
artificial intelligence (AI), as it allows the generation of labeled synthetic data, which will
be useful for training learning models, especially in cases where real data are insufficient.
The modeling is performed through parameterizable analytical functions, which define
both the intensity distribution within the spot and its geometry. Among the most com-
monly used functions are Gaussian distributions (circular or elliptical) and oscillatory
functions, which can be combined to simulate irregular edges or diffusion effects.

The mathematical modeling was carried out by developing an application written in
Python, run in Google Colab Pro, with which the leaf spots that simulate the two diseases
was applied on images of healthy rice leaves. For each disease studied, we first analyzed
real photos with specific symptoms from the same dataset (for example, Brown Spot and
Bacterial Leaf Blight), to better understand the shape, color and spread of the lesions so
that we could simulate these spots as best as possible.

For each type of disease, a separate application was implemented, in which the math-
ematical models were developed in order to simulate the appearance of the spots as best
as possible. The generated spots were then superimposed on the healthy leaves images
through a linear interpolation technique (alpha blending), which allowed their natural
integration into the texture. In this way, we obtained synthetic images that simulate real
diseases and that can be used to extend and balance the initial dataset.

2.1. Mathematical simulation of Bacterial Leaf Blight lesions. After studying several
real images with Bacterial Leaf Blight disease - see Figure 1, the Bacterial Leaf Blight le-
sions were modeled as elongated stripes that appear on the main axis of the leaf.

Leaf Axis Estimation was estimated using Principal Component Analysis (PCA) by
applying the leaf mask, thus ensuring the alignment of the lesions with the biological
structure of the plant:

v⃗1 = arg max
∥v⃗∥=1

Var(x⃗ · v⃗)



Mathematical Simulation of Rice Leaf Lesions... 1093

where:
• x⃗ represents the coordinates of the leaf pixels,
• v⃗1 is the principal direction of maximum variance.

FIGURE 1. Real images with leaves affected by Bacterial Leaf Blight Dis-
ease

The basic shape of the lesion was described using a two-dimensional anisotropic Gauss-
ian distribution:

(2.1) G(x, y) = exp

(
− (x− cx)
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where:
• (cx, cy) are the lesion center coordinates,
• σx ≫ σy , resulting in an elongated structure.

To simulate the fact that the lesion narrows at the extremities, a taper function was
applied along the longitudinal axis:

(2.2) T (x) =

(
1− |x− cx|

L/2

)p

,

where:
• L is the total lesion length,
• p controls the degree of tapering.

A transversal Gaussian profile was introduced to simulate the characteristic necrotic ridge
observed in real blight lesions:

(2.3) R(y) = exp

(
− (y − cy)

2

2σ2
r

)
.

The lesion shape was perturbed by smoothed random noise in order to increase vari-
ability and realism:

(2.4) M(x, y) = G(x, y) · T (x) · (1 + β ·N(x, y)) ,

where:
• N(x, y) is a Gaussian-filtered noise field,
• β controls the irregularity level of lesion contours.
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As it can be noticed in Figure 2, in order to simulate better the biological progression
of tissue damage, a transversal color gradient was applied, with a pale center and yellow-
brown edges, combined with a darker rim.

FIGURE 2. Before-and-after samples: healthy leaves versus leaves with
simulated disease spots

2.2. Mathematical simulation of Brown Spot lesions. After studying several real images
with Brown Spot disease - see Figure 3,the brown spot lesions were modeled as circular
brown spots with diffuse edges and irregular contours.

FIGURE 3. Real images with leaves affected by Brown Spot Disease

A two-dimensional isotropic Gaussian distribution was used to describe the basic shape
of each spot:

(2.5) G(x, y) = exp

(
− (x− cx)

2 + (y − cy)
2

2σ2

)
,

where (cx, cy)represents the center of the spot and σ controls the effective radius. In
order to simulate the irregular contours, so that the spot simulates the spots observed in
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reality as closely as possible, the Gaussian distribution was perturbed with smooth noise,
obtained by Gaussian filtering of a random field:

(2.6) M(x, y) = G(x, y) · (1 + α ·N(x, y)) ,

where N(x, y) is the filtered noise and α is an irregularity coefficient.
The chromatic effect was accomplished using a radial gradient:

(2.7) C(r) = (1− r) · Ccenter + r · Cedge,

where

r =
(x− cx)

2 + (y − cy)
2

R
is the normalized distance from the center, Ccenter is the dark brown color in the center,
and Cedge is the diffuse yellowish-brown color in the periphery.

The comparison between the healthy leaf and the leaf with simulated brown spot le-
sions is shown in Figure 4,and it can be noticed that by applying a radial color gradient
with a dark brown center and diffuse yellow-brown edges, we achieved to simulate the
characteristic appearance of the disease.

FIGURE 4. Before-and-after samples: healthy leaves versus leaves with
simulated disease spots

2.3. Common Aspects and Integration on Healthy Leaves. In both cases of simulations,
we generated the irregular lesion contours using smoothed Gaussian noise:

(2.8) N s(x, y) = (NG σ)(x, y),

where:
• N is a uniformly random noise field,
• Gσ is a Gaussian smoothing filter,
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• ∗ denotes the convolution operation.
The integration of lesions into healthy leaves was made through linear interpolation

(alpha blending):

(2.9) I out(x, y) =
(
1− α(x, y)

)
· I leaf(x, y) + α(x, y) · I lesion(x, y),

where:
• Ileaf (x, y) is the original healthy leaf image,
• Ilesion(x, y) is the simulated lesion texture,
• α(x, y) is the transparency mask that controls blending.

This approach to mathematical modeling of leaf lesions combines deterministic func-
tions (Gaussian, tapering, chromatic gradient) with stochastic processes (noise, parame-
ter randomization) and geometric estimates (PCA for the leaf axis). The result is realistic
synthetic images, useful for augmenting datasets for machine learning algorithms in pre-
cision agriculture.

3. EXPERIMENTAL SETUP

If in the first part we generated images simulating the two diseases specific to rice
leaves (Bacterial Leaf Blight and Brown Spot), the next step was to evaluate whether this
synthetic data can contribute to increasing the accuracy in automatic disease diagnosis
based on images. We want to verify whether in situations where there are not enough
real images in the training phase or when the accuracy of a model needs to be improved,
whether the generated images simulating certain diseases can be used to augment the
dataset and improve the performance of classification algorithms.

For this experiment, we implemented, in Google Colab Pro in the Python language,
a classification algorithm based on MobileNetV2 as a feature extractor and on an SVM
(Support Vector Machine) for decision. We designed several experimental scenarios to
evaluate the impact of using the generated images:

(1) Scenario 1 – Model with original images only. Only real photos of rice leaves
affected by the two diseases were used, 350 images for each class. The dataset was
divided into 80% for training and 20% for testing.

(2) Scenario 2 – Combined model - original and generated image. Starting from sce-
nario 1, we added 100 images generated for each class to the training set, keeping
the same testing set (only real images).

(3) Scenario 3 – Adaptive model. In situations where the model performance from
Scenario 1 was reduced for a certain class, we completed the training with 100
additional images generated only for that class. In this case we wanted to see if
we can use generated images to increase accuracy where needed.

The performance evaluation was performed using standard metrics (accuracy, preci-
sion, recall, F1-score), as well as by analyzing confusion matrices. This experimental
framework will give us a clear picture of whether simulated images can be used in the
training phase to increase accuracy

4. RESULTS

In all the experimental scenarios, the same classification algorithm was used, based
on MobileNetV2 as a feature extractor and SVM as a decision method. The test set was
kept identical, consisting exclusively of original images, and the standard augmentation
procedures applied to the images remained the same. The only difference between the



Mathematical Simulation of Rice Leaf Lesions... 1097

scenarios was exclusively in the way the training set was constituted, by introducing or
not the generated images.

In evaluating the results of a classification algorithm based on machine learning, the
confusion matrix shows us how many examples were classified correctly and how many
were classified incorrectly. The metrics used to evaluate the results are accuracy (the total
proportion of correct predictions), precision (how good the predictions are for a class), re-
call (how well the real cases were identified) and F1-score (the balance between precision
and recall). Together, these metrics provide a complete picture of the model’s perfor-
mance, both globally and on each class.

(A) Confusion matrix for Scenario 1 (B) Confusion matrix for Scenario 2

(C) Confusion matrix for Scenario 3

FIGURE 5. Confusion matrices for the three experimental scenarios.

In Scenario 1, as it can be seen from Table 1 with the metrics results, the model achieved
an overall accuracy of 98.6%. The results show that the bacterial leaf blight class was clas-
sified perfectly, but for the brown spot class there were two classification errors, which led
to a slightly lower recall (97.1%). The confusion matrix presented in Figure 5 highlights
these errors.
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TABLE 1. Classification results for Scenario 1

Class Precision Recall F1-score Accuracy
Bacterial leaf blight 97.22 100,00 98.59 98.57
Brown spot 100.00 97.14 98.55 98.57
Overall average Values 98.61 98.57 98.57 98.57

In Scenario 2, by adding 100 images generated for each class to the training set, the
overall accuracy increased to 99.3%. As can be seen in Table 2, the Brown spot class was
classified perfectly, and for Bacterial leaf blight there was only one classification error
(recall = 98.6%). The confusion matrix in Figure 5 shows the almost perfect distribution of
predictions. This result confirms that using generated images in the training phase brings
an additional performance improvement. [20, 19, 18]

TABLE 2. Classification results for Scenario 2

Class Precision Recall F1-score Accuracy
Bacterial leaf blight 100.00 98.57 99.28 99.29
Brown spot 98.59 100.00 99.29 99.29
Overall average Values 99.30 99.29 99.29 99.29

In Scenario 3, the training set was completed only with images generated for the brown
spot class, where the performance was weaker in Scenario 1. As can be seen in Table 3,
the result was a perfect accuracy of 100%, with all test images being correctly classified.
The confusion matrix in Figure 5 shows a complete diagonal, without errors. This demon-
strates that the generated images used only for the classes to be improved can completely
eliminate classification errors.

TABLE 3. Classification results for Scenario 3

Class Precision Recall F1-score Accuracy
Bacterial leaf blight 100.00 100.00 100.00 100.00
Brown spot 100.00 100.00 100.00 100.00
Overall average Values 100.00 100.00 100.00 100.00

As can be seen in Figure 6, which shows a comparison of the performance in the three
scenarios tested through a graph, it is observed that in Scenario 2 all metrics increase
slightly compared to Scenario 1, but in Scenario 3 all metrics reach their maximum value,
confirming that an adaptive strategy of completing the training set with generated images
is the most efficient.
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FIGURE 6. Performance comparison across experimental scenarios

5. CONCLUSION

The presented method shows that we can use mathematical models to generate images
that realistically imitate the plant diseases. Using mathematical models we can reproduce
important features such as the shape, size, color and distribution of lesions, even if they
do not faithfully copy every detail from reality. We can thus obtain a framework that
provides a flexible tool that can be adapted for multiple types of diseases and that can be
used to obtain better results in artificial intelligence models for detecting plant diseases
from images. The generated images can be added to real datasets and used to train disease
recognition algorithms, thus increasing their accuracy and efficiency. This is important in
situations where real images are often difficult to obtain [11, 21, 23].

As a final conclusion, the proposed method not only provides a realistic way to simu-
late plant diseases, but also represents a practical aid for the development of intelligent
applications, with direct impact in agriculture and research.
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