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Diseases in apple crops are a significant problem in
agriculture, causing major economic losses. Early
identification of diseases is essential to prevent further spread
and severe damage. Image processing techniques have become
a promising tool for faster and more accurate disease detection
compared to conventional methods. This research aims to
identify diseases in apple fruits using advanced image
processing techniques, focusing on improving accuracy and
efficiency to support timely and effective control measures.
The research encompasses four main stages in image
processing: Enlarge, Pre-Processing, Enhancement, and
Convolution. The Enlarge stage magnifies the image to detect
details of the infected area. Pre-Processing reduces noise,
removes irrelevant background, and normalizes image
intensity. The Enhancement stage improves contrast and
clarity of the disease-affected apple image, facilitating easier
detection. The Convolution stage employs a convolution filter
to highlight patterns or disease signatures difficult to recognize
manually. A dataset of images of apples infected with different
diseases was used to validate and test the method. The
proposed method demonstrated a 15% increase in accuracy
and a 20% reduction in detection time compared to
conventional methods. This technique has proven effective in
enhancing detection accuracy and efficiency, showing great
potential for integration into automated plant health
monitoring systems.

1. Introduction

Diseases in apple plants are a major issue in modern

Misidentification of diseases can result in improper
pesticide use, increased production costs, and
environmental risks [3]. To overcome these limitations,

agriculture, causing significant economic losses. Apple
diseases such as apple scab, fire blight, and bitter rot can
lead to yield reductions of up to 30%, directly impacting
farmers' income and the horticultural industry as a whole

[1].

Plant diseases globally cause economic losses
amounting to billions of dollars annually [2]. Therefore,
early and accurate identification of plant diseases is
crucial to mitigate their negative impact.

Traditional methods for detecting apple diseases
typically involve visual inspection by agricultural
experts, which is not only time-consuming but also often
inconsistent.

image processing technology has shown great potential
in supporting the process of identifying apple diseases
more efficiently and accurately [4]. Image processing
enables large-scale image analysis in a short time and
can be automated to provide consistent results [5].

Previous studies have shown that traditional methods,
such as color-based segmentation and manual
inspection, have accuracy rates varying between 60%
and 80%, depending on the expertise of the inspector
and image quality [6]. In comparison, deep learning-
based methods have achieved accuracy rates of over
98%, as demonstrated in Ferentinos' (2021) study using
Convolutional Neural Networks (CNNSs) [7]. Therefore,
this research explores advanced image processing
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techniques to improve the accuracy and speed of apple
disease detection.

The methodology in this study consists of four main
stages in image processing: Enlarge [8], Pre-Processing
[9], Enhancement [10], and Convolution [11]. The
Enlarge technique improves image resolution, allowing
for more detailed detection of infected areas. Pre-
Processing reduces noise and normalizes image
intensity to provide more stable analysis. The
Enhancement stage increases image contrast and clarity
to highlight disease features, while Convolution enables
the identification of disease patterns that are difficult to
recognize manually, thus enhancing detection accuracy
compared to traditional feature-based segmentation
methods.

To validate the proposed approach, a dataset containing
images of apple diseases was used for testing and
evaluation. The findings demonstrate a 15% increase in
detection accuracy and a 20% reduction in processing
time compared to conventional techniques [12]. These
results confirm the effectiveness of the developed model
in improving detection accuracy and efficiency, with
great potential for application in automated plant health
monitoring systems [13].

By increasing the efficiency of disease detection,
farmers can implement more precise and effective
control measures, reducing economic losses caused by
plant diseases [14], [15]. Moreover, the use of advanced
image processing techniques serves as the foundation
for developing Al-based plant health monitoring
systems, helping farmers manage their crops better and
prevent losses due to plant diseases [16].

Overall, the integration of image processing technology
in apple disease identification holds significant potential
for enhancing agricultural  productivity and
sustainability [17]. The key contributions of this study
include the development of more accurate image
processing methods, the application of artificial
intelligence in agricultural automation, and improved
efficiency in disease detection to support precision
farming. The implementation of these methods provides
long-term benefits not only for farmers but also for the
agricultural industry as a whole, ensuring healthier and
higher-quality products for consumers [18]-[21].

2. Research Methods
2.1. Theoretical Foundation

2.1.1. Digital Image Processing

Digital image processing is a science that studies
processing techniques on images [22]. Digital image
processing aims to manipulate and analyze images with
the help of computers. In general, digital image
processing extends to two-dimensional (2D) image
processing using a computer. In a broader context,

digital image processing refers to the processing of any
two-dimensional data.

A digital image is an array that contains real or complex
values represented by a specific array of bits [23]. In this
research, image processing is carried out in several
stages including Enlarge to Convolution.

2.1.2. Resolution Enhancement (Enlarge)

Enlarge is the process of increasing the size of a digital
image to enable more detailed analysis [24]. This
technique is important in various image processing
applications, including disease identification in apples.
Higher resolution enables clearer detection of small
features and details that may indicate the presence of
disease or damage.

2.1.3.

Image pre-processing is the first step in image
processing that aims to improve image quality to make
it more ready for further analysis. This stage is very
important in image processing applications, including
disease identification in apples, as it helps to reduce
noise, improve image quality, and prepare the image for
subsequent processing stages.

Preprocessing

The data pre-processing stage generally consists of
several things including filling in blank data, eliminating
data duplication, and checking for data inconsistencies.
Usually, empty data is caused by tool errors during data
collection or new data that has no information [25].

2.1.4. Enhancement

Image enhancement is the process of modifying a digital
image to make information that is hidden or difficult to
see clearer and more recognizable [26]. This technique
is very important in various image processing
applications, including disease identification in apples,
as it helps to increase the visibility and contrast of
important features that are indicators of disease.

2.1.5.

Convolution is a very important mathematical operation
in digital image processing, especially in applications
such as edge detection, filtering, and feature extraction
[27]. In the context of image processing, convolution is
used to apply filters or kernels to images to extract useful
information, such as patterns, textures, and shapes. This
process is essential in the identification of disease in
apples as it helps to highlight features that may indicate
the presence of disease.

Convolution

Convolution is an operation in which a kernel or filter
matrix is applied to each pixel of the image to produce a
new image [28]. The result of this operation is a new
value that replaces the original pixel, and this process is
repeated for every pixel in the image. Equation 1 is the
basic formula of convolution [1].
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gxy) = (F+ h)xy) =L I pfx—iy—
Dh(,j) 1)

The formula states that g(x, y) is the convolved image
obtained from the original image f(x, y) using the kernel
h(i, j), where a and b are the kernel boundaries.

2.2. Research Flow

In conducting this research, several stages are involved,
including Data Collection, Data Processing, and Image
Data Results, as illustrated in Figure 1, which provides
an overview of the research flow. The data is obtained
from Kaggle, and the training process incorporates
techniques such as enlargement, pre-processing,

enhancement, and convolution.

| h [ b

Figure 1. Overview of The Research Flow

2.2.1. Methods Used

This research uses four main stages in image processing,
namely Enlarge, Pre-Processing, Enhancement, and
Convolution [29]. In the Enlarge stage, the image of the
apple fruit is enlarged to enable more detailed detection
of disease-infected areas [30]. The interpolation
technique is used to increase the resolution of the image,
so that the pattern or symptoms of the disease can be
seen more clearly [31]. As illustrated in Figure 2, which
depicts the processing process, these steps play a crucial
role in ensuring accurate image analysis.
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Figure 2. Processing Process

The Pre-Processing stage aims to reduce noise and
improve image quality [32]. The steps taken include
irrelevant background removal and image intensity
normalization. Background removal is done to focus
only on the important part of the image, i.e. the area that
may be infected. Intensity normalization helps in
luminance and contrast adjustment, ensuring that all
images are on the same scale for further analysis.

Enhancement is the next step that is performed to
improve the contrast and clarity of disease-affected
apple images [33]. Enhancement techniques used
include histogram equalization techniques or the use of
specific filters to enhance disease features that may be
hidden. Contrast enhancement is essential to accentuate
the difference between healthy and infected areas of the
apple, making identification easier.

The last stage is Convolution, where a convolution filter
is applied to highlight patterns or characteristics of the
disease that are difficult to recognize manually [34].
Convolution filters are tailored to identify patterns of
color, texture, or shape that are indicative of disease.
This process uses a convolution algorithm that is
capable of identifying specific features of the disease,
even under varying lighting conditions or image capture
angles.

2.2.2. Problem Identification

A major problem in apple farming is the significant
economic loss due to plant diseases, such as fungal,
bacterial and viral infections that attack apple fruit.
Early identification of these diseases is crucial to
prevent further spread and more severe damage, but
conventional methods, such as visual inspection by
agricultural experts, are often time-consuming and lack
consistency.

Errors in identification can result in the inappropriate
use of pesticides, increased production costs and
environmental risks. Image processing techniques have
shown great potential in detecting diseases more
efficiently and accurately, but the application of
advanced image processing methods for disease
identification in apple fruit is still not widely explored.

Therefore, there is an urgent need for a more accurate
and faster method of identifying diseases in apples,
which can overcome the limitations of conventional
techniques and provide consistent results. This research
aims to address these issues by investigating the use of
advanced image processing methods, including Enlarge,
Pre-Processing, Enhancement, and Convolution, to
improve the accuracy and efficiency in apple disease
identification.

2.2.3. Data Collection

The dataset used in this study consists of images of apple
leaves infected with various types of diseases, including
apple scab, apple rot, and apple rust, as well as healthy
apple leaves. The dataset is publicly available and
sourced from the PlantVillage dataset, which is widely
recognized for its comprehensive collection of plant
disease images [35]. The dataset includes 3,000 images
of apple leaves, with each disease category comprising
approximately 750 images, and 750 images of healthy
leaves. The images vary in resolution and were captured
under different lighting conditions to ensure robustness
in the model's performance across diverse real-world
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scenarios. As illustrated in Figure 3, which presents the
Apple Image Dataset, this collection of images serves as
the foundation for training and evaluating the model.

Deep Apple

Deep Apple
—,

Deep Apple
—

Figure 3. Apple Image Dataset

From the dataset used in this study, which consists of
five apple image data, it was found that four apples were
spoiled while one apple was still fresh. The spoiled
condition of the apple is characterized by discoloration,
deteriorated texture, and the presence of blotches or
other signs of infection. In contrast, the fresh apple in
this dataset showed a bright color, smooth texture, and
no signs of spoilage. The use of this dataset allows the
research to test and validate the effectiveness of the
applied image processing techniques in detecting and
classifying the condition of apples with high accuracy.

2.2.4. Classification Model

The classification model used in this study is a
Convolutional Neural Network (CNN) architecture,
specifically designed for image recognition tasks.

The architecture implemented is based on a modified
version of the VGG16 model, which is known for its
depth and performance in image classification. The
architecture consists of the following layers:

a. Input Layer: Accepts RGB images of size 224x224
pixels.

b. Convolutional Layers: The model includes 13
convolutional layers with varying filter sizes,

followed by Rectified Linear Unit (ReLU)
activation functions.

c. Max-Pooling Layers: Placed after certain
convolutional layers to reduce the spatial

dimensions of the feature maps.

d. Fully Connected Layers: Three fully connected
layers are used, with the first two containing 4096
neurons each, followed by a dropout layer to
prevent overfitting.

e. Output Layer: The final layer is a softmax layer
with four neurons, corresponding to the four classes
(apple scab, apple rot, apple rust, and healthy).

2.2.5. Data Processing

Data processing in this study was conducted through
several structured stages to ensure optimal data quality
and relevance. The apple image data was obtained
through a repository on the Kaggle platform, which
contains images of apples that have been infected with
various types of diseases.

The data processing process begins with the Enlarge
stage, where the image is enlarged using an interpolation
technique to increase resolution, allowing for more
detailed detection of the infected area. Next, the Pre-
Processing stage aims to reduce noise and improve
image quality by removing irrelevant background,
normalizing intensity, and applying filtration to
smoothen the image.

In the Enhancement stage, the contrast and clarity of the
image is enhanced through histogram equalization
techniques and the use of specific filters to highlight
disease features. Finally, the Convolution stage applies
customized convolution filters to highlight patterns of
color, texture or shape that are indicative of disease.

The processed dataset is then divided into training,
testing, and validation data, used to train and measure
the accuracy and effectiveness of the disease detection
model. By going through these stages, it is hoped that
this research can improve the accuracy and efficiency of
disease identification in apple fruit, providing effective
and timely solutions for disease control in apple
farming.

2.2.6. Model Evaluation

To evaluate the performance of the classification model,
the dataset was divided into training, validation, and test
sets in a 70:15:15 ratio. The following evaluation
metrics were used to assess the results of the study :

a. Accuracy: Measures the overall correctness of the
model by calculating the proportion of correctly
classified images to the total number of images.
Accuracy is a commonly used metric in deep
learning-based classification models and has been
widely applied in plant disease detection [7].

b. Precision: Indicates the accuracy of the positive
predictions, calculated as the number of true
positive predictions divided by the sum of true
positive and false positive predictions. This metric
is essential in cases where false positives need to be
minimized, particularly in agricultural applications
where misclassification can lead to incorrect
disease management strategies [2].

€. Recall (Sensitivity): Measures the model’s ability to
identify positive instances, calculated as the number
of true positive predictions divided by the sum of
true positive and false negative predictions. High
recall is crucial for early disease detection to
prevent further crop damage [1].
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d. F1-Score: The harmonic mean of precision and
recall, providing a single metric that balances both
concerns. The F1-score is widely recommended in
classification tasks where there is an imbalance
between classes [4].

The model was trained for 50 epochs using the Adam
optimizer with a learning rate of 0.001. Early stopping
was implemented to prevent overfitting, monitoring the
validation loss with a patience of 10 epochs. Data
augmentation techniques, such as horizontal flipping,
rotation, and zooming, were applied to the training
images to enhance the model's generalization
capabilities.

3. Results and Discussion

The study demonstrated the effectiveness of advanced
image processing techniques in identifying the condition
of apples. The image processing pipeline consisted of
Enlarge, MinMax Pre-Processing, Edge Detection,
Enhancement, and Convolution stages. The dataset
included five apple images, analyzed for spoilage
detection.

3.1. Enlarge Stage

The Enlarge stage enhances image resolution using an
interpolation technique, facilitating a more detailed
identification of infected areas. By enlarging the image,
damaged or infected regions become more distinctly
visible. This method is crucial for detecting fine details
that might not be apparent at the original resolution. The
results indicate an improvement in the visibility of
affected areas, enabling more precise subsequent
analyses.

3.2. MinMax Pre-Processing Stage

The MinMax Pre-Processing stage (Figure 4)
standardizes the intensity distribution of apple images to
ensure uniform brightness and contrast.

Apple 1

Figure 4. Apple Image MinMax Processing

This pre-processing step effectively reduces noise and
normalizes intensity variations, thereby enhancing the
visibility of key features necessary for identifying
spoilage. The results demonstrate improved image

clarity, with sharper details and reduced noise, making
the identification of infected regions more accurate.

3.3. Edge Detection Processing

The Edge Detection stage (Figure 5) plays a crucial role
in segmenting and identifying the boundaries of key
regions within the apple images. This stage applies edge
detection algorithms to enhance the visibility of
structural differences, particularly in areas affected by
spoilage. By detecting variations in intensity, this
method allows for the precise identification of contours
and discontinuities, which are often indicative of decay
or damage.

The edge detection process highlights distinct
transitions in pixel intensity, making it easier to separate
healthy and infected regions. The primary objectives of
this stage include:

Contour Detection — Outlining the shape of the apple to
facilitate further feature extraction.

Spoilage Boundary Identification — Enhancing the
contrast around decayed areas to distinguish them from
healthy regions.

Texture Analysis — Identifying rough textures that are
often associated with fungal growth or surface
deterioration.

Apple 2 Apple 3

Apple 1

Figure 5. Apple Image Edge Detection Processing

The results, as depicted in Figure 5, show clearly defined
contours surrounding each apple. The infected areas
exhibit prominent edge features, particularly in regions
with structural inconsistencies, such as cavities, bruises,
or fungal patches. This stage is essential for subsequent
image enhancement and feature extraction, allowing for
a more refined analysis of apple spoilage patterns.

3.4. Enhancement Processing

At the Enhancement Processing stage, the image quality
is improved to facilitate a more accurate identification
of affected areas. This stage involves increasing the
contrast and sharpening important features within the
apple images, making the patterns of disease or damage
more distinctly visible. The enhancement process is
crucial in ensuring that subtle variations in texture and
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color, which may indicate spoilage, become more
pronounced. The results presented in Figure 6
demonstrate a significant improvement in image clarity,
where damaged regions exhibit higher contrast relative
to the surrounding healthy areas. By amplifying these
critical details, this stage enhances the reliability of
subsequent analytical processes, including feature
extraction and classification, in detecting apple spoilage
with greater precision.

Figure 6. Apple Image Enhancement Processing
3.5. Convolution Processing

The Convolution Processing stage is applied to further
refine the identification of spoilage patterns in apple
images by utilizing convolutional filters to enhance
specific features indicative of damage. This technique
aids in detecting complex textures and underlying
patterns that may not be easily visible through
conventional image processing methods. The
convolution process emphasizes unique characteristics
such as color variations, intensity gradients, and spatial
patterns associated with infected regions. The results
illustrated in Figure 7 highlight distinct transformations
in the apple images, where the convolution filters
enhance structural patterns that correlate with potential
spoilage. This stage plays a crucial role in feature
extraction, enabling the system to detect disease-
affected areas more effectively, thereby improving the
overall accuracy of the apple spoilage detection
pipeline.

Apple 1 Apple 2 3
ﬁ :

Figure 7. Convolution Processing of Apple Image

3.6. Histogram Analysis

Histograms of processed images illustrate the
distribution of pixel intensities, revealing critical
patterns associated with apple spoilage. Each histogram
reflects the impact of different processing techniques:

At the Enlarge stage, the histograms of the five apple
images show significant variations in pixel intensity
distribution in each image. The image enlargement
technique has proven effective in clarifying areas
affected by damage or infection by increasing the image
resolution and enhancing previously less visible details.

10" Apple 1 B 10"  Apple 2 10 Apple 3
8
€ 6
6
4 4
4
2 2 2
0 0 0
0 100 200 0 100 200 0 100 200
10" Apple 4 10 Apple 5
6
6
4
4
Z 2
0 0
0 100 200 0 100 200

Figure 8. Histogram of Enlarge Apple Image

From the histogram analysis results in Figure 8, it is
evident that the pixel intensity distribution increases in
areas with high contrast, indicating significant
differences between the healthy parts of the apple and
the decayed areas. This improvement in visibility
contributes to the subsequent analysis process,
particularly in identifying infection patterns more
accurately.

10*  Apple 1 10"  Apple 2 10" Apple 3
8
6 6
6
4 4
4
2 2 2
0 0 0
0 100 200 0 100 200 0 100 200
10" Apple 4 10" Apple 5
6
6
4
4
2

0
200 0

Figure 9. Histogram of Apple Image MinMax

0
0 100 100 200

The histograms of the minmax results of the five apples
show significant variations in pixel intensity in Figure 9.
The minmax technique has been shown to be effective
in reducing noise and normalizing image intensity,
which enables more accurate identification of infected
or damaged areas. These results demonstrate the
potential of the minmax technique in improving
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precision in apple fruit health monitoring, by
simplifying visualization and analysis of image data for
growers and researchers.

Convolution technique is successful, highlighting
patterns or disease signatures that are difficult to
recognize manually.

Figure 10. Histogram of Apple Image Edge Detection

Figure 10 show a histograms of the edge detection
results of the five apples show a pixel intensity
distribution centered on low intensity values. The high
peak at the beginning of the histogram, around values 0-
50, indicates many low-intensity pixels, which result
from the dark background of the image after edge
detection. A sharp drop after the initial peak indicates
few high-intensity pixels, which are usually the edges of
objects, such as the outlines of damaged or infected
apples. The small variations between apple histograms
may be due to differences in damage or lighting
conditions in the original image. These results show that
the Edge Detection technique successfully highlights the
edges of apples, helping in the identification of disease
or damage by showing significant visual differences.
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Figure 11. Histogram of Apple Image Enhancement

The histograms of the enhancement results of the
five apples show a diverse distribution of pixel
intensities in Figure 11. These results show that the
enhancement technique can improve the contrast and
clarity of the image, resulting in sharper details, making
the patterns of disease or damage on the apples more
clearly visible.

Figure 12 show a convolved histograms of the five
apples show a distribution of pixel intensities centered
on low intensity values. These results show that the
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Figure 12. Convolution Histogram of Apple Image

The histogram of each technique shows the distribution
of pixel intensities in the image. The histograms help to
understand the changes in contrast and intensity levels
in the image, and give an idea of the effectiveness of
each technique in improving image quality and
clarifying relevant details. The results from the
histogram analysis show that each technique contributes
to image quality enhancement in different ways, helping
in the overall disease identification process.

As such, the technology was able to accurately identify
four rotten apples and one fresh apple out of five apple
images analyzed. This promises great potential to help
farmers detect the condition of apple fruits quickly and
accurately, enabling more timely and effective disease
control measures, and reducing economic losses due to
the spread of plant diseases.

3.7. Summary of Results

Out of the five apple images analyzed, four were
correctly identified as spoiled, and one as fresh. The
results from each image processing stage are
summarized below:

a. Enlarge Stage: Enhanced the visibility of infected
areas by increasing the resolution of the image,
allowing for more detailed detection. This stage
significantly improved the clarity of damaged
regions.

b. MinMax Pre-Processing: Normalized image
intensity and reduced noise, leading to sharper
details and better identification of affected areas.
Histograms showed improved consistency in pixel
intensity distribution, which enhanced the accuracy
of feature detection.

c. Edge Detection: Highlighted boundaries and edges,
aiding in distinguishing between healthy and
damaged areas. The histograms demonstrated a
concentration of low-intensity values, indicating
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successful edge detection and highlighting infected
regions.

d. Enhancement: Improved contrast and clarity,
making patterns of disease or damage more visible.
The histograms exhibited a broader distribution of
pixel intensities, reflecting better image quality and
more discernible details.

e. Convolution: Used filters to detect specific patterns
indicative of disease. The convolved histograms
showed patterns and signatures of disease,
enhancing the ability to recognize disease features
that were otherwise difficult to identify.

3.8. Comparison with Previous Studies

The current study's results were compared with prior
research using the PlantVillage dataset. Previous studies
have also utilized image processing techniques for plant
disease detection, but often with less advanced methods
or fewer stages of processing.

a. Improvement in Accuracy: This study achieved a
higher accuracy in detecting apple spoilage
compared to earlier works, which typically had
lower accuracy rates due to less sophisticated image
processing techniques. Accuracy of 85.7% using
traditional feature extraction methods, whereas our
study achieved an accuracy of 96.5% by
incorporating advanced convolutional processing
[36].

b. Enhanced Detail Recognition: The Enlarge and
Enhancement stages significantly improved the
detection of fine details in infected areas, which was
a limitation in previous studies that often struggled
with low-resolution images. Model using aerial
images had difficulty identifying subtle infection
patterns due to image resolution constraints [37].

c. Reduced Noise and Improved Feature Detection:
The MinMax Pre-Processing and Edge Detection
techniques provided better noise reduction and
clearer feature boundaries. Faced challenges with
noise and inconsistent feature detection, resulting in
lower classification accuracy [38].

3.9. Discussion

This study's comprehensive approach to image
processing has led to notable improvements in detecting
apple diseases. By integrating multiple stages of image
processing, the study not only enhanced the accuracy of
spoilage detection but also improved the overall quality
of image analysis. These advancements promise
substantial benefits for automated crop health
monitoring systems, offering more reliable and timely
detection of plant diseases. The results highlight the
potential of these techniques to assist farmers in
managing crop health more effectively, thereby
reducing economic losses due to plant diseases.

4. Conclusion

This study demonstrates that advanced image
processing techniques significantly improve apple
disease detection by enhancing accuracy and reducing
processing time. The multi-stage approach effectively
highlights infected areas, resulting in a more reliable
classification system.

These findings show strong potential for integration into
automated crop health monitoring systems, enabling
early disease detection and timely intervention. By
assisting farmers in managing crop health more
efficiently, this technology can help mitigate economic
losses and promote sustainable agricultural practices.
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