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Abstract

This article is a literature review focusing on plant disease identification using image processing techniques. This review aims
to provide a comprehensive analysis of dataset sources, preprocessing methodologies, segmentation techniques, feature
extraction processes, and various classification methods, along with their associated accuracies. It also discusses challenges
encountered and potential future research directions. Following the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) protocol, a literature search was conducted in the Scopus database to obtain primary studies. The
search covered Scopus-indexed journals and proceedings published by IEEE, Elsevier, Springer, MDPI, and ACM between
2019 and 2025. The initial identification phase yielded 9,286 studies screened. Further screening was performed based on
specific eligibility criteria, including relevance to the topic, year of publication, subject area, document type, and articles
written in English, resulting in the selection of 82 studies for the review. The findings indicate that the most commonly used
dataset is PlantVillage, followed by field data. The dominant preprocessing techniques include image enhancement and
augmentation. For segmentation and feature extraction, the most frequently used methods were k-means and CNN,
respectively. Sixty-one studies achieved an accuracy exceeding 90%. However, several key challenges remain: data limitations,
methodological issues, and practical constraints. Future research should focus on developing more representative datasets,
hybrid approaches that integrate classical and deep learning methods, and lightweight, adaptive decision support systems
suitable for real-world agricultural applications. This review supports continued progress in this field by providing valuable
insights for researchers developing image-based methods for identifying plant diseases.
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1. Introduction

The productivity of agriculture is a vital component for
maintaining the global economy. The rise in the number
of people worldwide calls for an equivalent
advancement in crop production [1]. The Food and
Agriculture Organization (FAO) has established an
objective of achieving a 70% augmentation in
agricultural productivity by the year 2050 [2].

The phenomenon of climate change affects
temperature, rainfall patterns, and the frequency of
extreme weather events. These changes impact food
production and pose a potential threat to global food

security. Variations in temperature and rainfall can
disrupt plant growth, water availability, and nutrient
cycles, creating opportunities for pests and diseases to
develop, which can lead to varying yields and reduced
agricultural productivity [3]. According to the FAO,
approximately 40 percent of agricultural products
worldwide are destroyed by pests and diseases each
year [1].

To address this issue, early and accurate identification
of plant diseases is essential. This process significantly
helps farmers take appropriate actions to prevent the
spread of disease. Infected plants typically exhibit signs
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or lesions on their leaves, stems, flowers, and/or fruits.
Each type of disease or pest condition often presents a
distinctive pattern, which can serve as a reference for
diagnosing specific anomalies [4]. Traditionally, the
identification of plant diseases has been conducted
through direct visual inspection with the naked eye.
This method relies on expert knowledge, requires
considerable time, is subjective, and is prone to human
error, leading to inaccurate identification results [5],
[6]. Automatic identification has been developed by
utilizing image processing methods and artificial
intelligence. Image processing has been widely used in
various fields such as health, agriculture, and so on.
Image processing serves to improve the quality of
visual representations used for the extraction of
important information. In plant disease identification,
leaf images can be used to detect pathological
conditions using appropriate, efficient, and reliable
image processing methodologies. The procedures
covered in image processing techniques consist of
several stages-image acquisition, image pre-processing,
image segmentation, feature extraction, and
classification [5-7]. Image acquisition is a method to
acquire and capture high-quality images or photographs
from various sources [7]. Images are produced with a
variety of sensors, including cameras that capture
visible light, infrared imaging technology, and other
devices that operate in different electromagnetic wave
ranges. These types of devices include digital cameras,
thermal cameras, and hyperspectral cameras [4], [8],
[9]. Preprocessing is a stage to prepare data according
to the standard specifications needed for the next
process. Preprocessing is done on the acquired image to
improve image quality. Some of the preprocessing
stages carried out include resizing, noise removal, color
space conversion, smoothing, enhancement, and image
restoration [4], [7], [10]. Image segmentation is the
process of dividing an image into several discrete
segments or areas. It aims to facilitate the identification
of objects or features contained in the image [7], [10].
In plant disease identification, segmentation is done in
two stages. In the first stage, leaves, fruits, or flowers
are isolated from the background. In the second stage,
healthy tissue is isolated from diseased tissue. Some of
the segmentation methods used include k-means
clustering, fuzzy C-Means (FCM), threshold-based
methods. k-means is a clustering algorithm that groups
data based on the similarity of feature values [11]. FCM
is a clustering-based segmentation algorithm that
allows each pixel to have a degree of membership in
more than one cluster [12]. Otsu thresholding is a
threshold-based segmentation method by determining a
threshold value to separate objects from the background
based on pixel intensity [13]. Feature extraction is the
process of filtering important information from
segmented images that will be used in the classification
process [4]. The extracted features are color, shape, and
texture. The main purpose of image classification is to
identify and classify objects or patterns in the image
[10]. The classification stage wuses Artificial
Intelligence, namely Machine Learning (ML) and Deep
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Learning (DL) [14], [15] . DL is not only applied to the
classification process, but also plays a role in the pre-
processing, segmentation, feature extraction, and
classification stages. Convolutional Neural Network
(CNN) is a DL architecture that can be applied
comprehensively in image processing systems [16-24].

This study provides a comprehensive overview of
image-based plant disease identification for agriculture.
The stages in plant disease identification include: image
acquisition, image processing  (pre-processing,
segmentation, feature extraction), and image grouping
using ML dan DL. This review supports continued
progress in this field by providing valuable insights for
researchers developing image-based methods for plant
disease identification.

2. Methods

The literature review on image-based plant disease
identification was conducted systematically and
measurably. Systematic Literature Review (SLR) is a
scientific research method that is conducted
systematically, comprehensively, and objectively. It is
used to identify, evaluate, and interpret all research
related to a particular topic, research question, or
phenomenon of interest [25], [26] as shown in Figure 1.
The planning phase defines the goals of the systematic
literature review, focusing on locating and evaluating
relevant sources related to image-based plant disease
identification. The conducting phase outlines how
studies are chosen using specific inclusion and
exclusion criteria, search strategies, and methods for
data extraction and synthesis. Finally, the reporting
phase involves sharing the findings.

Conducting the

* Choose the topic Review * Disseminate Results

* Formulate the
Research question

* Develop the review”s

protocol

* Find & collect

relevant literature
* Filter the Literature
* Data Extraction &

Planning the Synthesis

Review

Reporting the
Review

Figure 1. The Systematic Literature Review (SLR) Stages

The SLR method has been widely used to review
research fields such as computer networks, education,
medicine, and others [27], [28]. A comprehensive
search for relevant information was conducted using
digital databases. This systematic review utilizes the
Preferred Reporting Items for Systematic Review and
Meta-Analyses (PRISMA) method [29], [30].

This review begins by formulating research questions
based on the PICOC (Population, Intervention,
Comparison, Outcome, Context) framework. The
Population (P) focuses on plant diseases and image
processing. The Intervention (I) involves aspects to be
observed, specifically data acquisition techniques,
image processing methods, and plant disease
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classification methods. Comparison (C) is not defined
in this review. The Outcome (O) of this study is the
accuracy of the plant disease identification model. In
this study, the context referred to includes publications
in engineering, computer science, and agriculture
journals.

Therefore, the Research Questions (RQs) are structured
as follows:

RQ1: What datasets are used to identify plant diseases?
RQ2: What image processing techniques are applied to
identify plant diseases?

RQ3: How is the performance of the classification
methods used for plant disease identification?

RQ4: What are the challenges and limitations in
applying image processing techniques for plant disease
identification?

RQ5: What are the potential research areas in
developing and improving plant disease identification
models?

2.1 Data Source and Search Strategy

A literature search was conducted on July 31, 2025,
using the Scopus database. Scopus is an internationally
recognized abstract and citation database that indexes
scholarly publications from a wide range of leading
publishers. Therefore, the articles analyzed were drawn
from journals and conference proceedings indexed in
Scopus, including those published by IEEE, Elsevier,
Springer, MDPI, and ACM. The search strategy
employed keywords such as classification, image
processing, plant diseases, machine learning, deep
learning, and artificial intelligence, combined with
Boolean operators (AND and OR).

The search was limited to publications from 2019 to
2025. Subject areas were Computer Science,
Engineering, Agricultural and Biological Sciences, and
Decision Sciences. Document types included articles
and conference papers. Source types included journals
and proceedings. Papers were written in English. All
search results were exported in CSV format with
complete metadata including author, title, year, source
title, volume, issue, pages, DOI, affiliation, abstract,
author keywords, index keywords, document type, and
links. The complete search query structure applied to
the information sources is presented in Table 1.

Table 1. Search Strategy

Database
Scopus

Query
(TITLE-ABS-KEY (“classification" AND
"image processing” AND "plant disease"
AND ( "machine learning" OR "deep
learning" OR "artificial intelligence" ) ) )
AND PUBYEAR >2018 AND PUBYEAR
<2026 AND ( LIMIT-TO ( SUBJAREA ,
"COMP" ) OR LIMIT-TO ( SUBJAREA ,
"ENGI" ) OR LIMIT-TO ( SUBJAREA ,
"AGRI" ) OR LIMIT-TO ( SUBJAREA ,
"DECI")) AND (LIMIT-TO (DOCTYPE
, "ar" ) OR LIMIT-TO ( DOCTYPE , "cp"
) ) AND ( LIMIT-TO ( SRCTYPE , "j")
OR LIMIT-TO ( SRCTYPE, "p") ) AND
(LIMIT-TO (LANGUAGE, "English")).
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2.2 Eligibility Criteria

To select articles during the full-text review stage,
eligibility criteria based on the research question were
set to exclude irrelevant studies. These criteria are listed
in Table 2.

Table 2. Eligibility Criteria

Description Inclusion  Exclusion Relaglsnto
The publication N All RQs
focuses on image-
based detection,
classification, and
identification of plant
diseases
Articles published v RQ4, RQ5
between 2019 and
2026
Publication is a v RQ1, RQ2,
research article RQ3
articles  written  in v All RQs
English
The publication topic \ All RQs
is not relevant to
image-based plant
disease identification.

Full Text Article is not v All RQs
Available

Publications is a \ All RQs
reviews or surveys

papers

The article is R All RQs
inaccessible

2.3. Quality Assesment

Methodological quality assessment was assessed on
studies meeting the inclusion criteria. The assessment
criteria consisted of five questions, as shown in Table
3, designed to evaluate the overall quality of the studies.

Tabel 3. Quality Assesment Criteria

No. Assesment Criteria Score
Yes Partially  No
1 Is the research objective 1 0 -1
formulated explicitly?
2 Is the proposed methodology 1 0 -1
described in  detail and
systematically?
3 Does the developed model 1 0 -1
demonstrate reliable
performance based on
appropriate evaluation metrics?
4 Are the study's limitations 1 0 -1
explicitly ~ described  and
adequately documented?
5 Do the research results 1 0 -1
contribute directly and

explicitly to answering the
research questions?

Based on the responses to these questions, each study
received a cumulative score. Scores were assigned
categorically: 1 (yes), 0 (partial), or -1 (no). Studies
with a total score below 2 were deemed not to meet the
quality threshold and were subsequently excluded from
this review. Two reviewers independently assessed the
studies, with a third reviewer consulted to resolve any
disagreements.
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2.4 Selection Process

After retrieving articles from the Scopus database, the
initial step was to remove duplicate articles using the
OpenRefine tool. The subsequent study selection
process was carried out independently by two
reviewers. In the first stage, title and abstract screening,
the two reviewers independently assessed the initial
suitability of each article based on the identification
criteria. Articles were excluded if both reviewers agreed
that the study was irrelevant. Articles deemed relevant
or questionable by at least one reviewer proceeded to
the next stage.

Articles that passed the title and abstract screening stage
then proceeded to the eligibility assessment stage
through full-text review. At this stage, the two
reviewers independently read and evaluated the entire
article content based on the eligibility criteria listed in
Table 2. Any differences in assessment were recorded
and discussed to reach a consensus. If no agreement was
reached, a third reviewer was involved to make the final
decision.

After articles were deemed to meet the eligibility
criteria during the full-text review stage, a quality
assessment was performed using the indicators listed in
Table 3. Articles with a total score below the
predetermined quality threshold were excluded from
the review. If there was a disagreement between the two
reviewers, a third reviewer was involved to resolve the
issue.

The entire study selection process for this review was
conducted systematically, as illustrated in Figure 2. The
initial search of the selected databases identified 9,286
articles. Following the removal of 9,105 duplicates, 181
unique studies remained. After applying the selection
and eligibility criteria, 82 studies were retained for the
synthesis stage.

2.5 Data Extraction and Synthesis

Data were extracted from primary studies using a data
extraction form, as shown in Table 4 designed to
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systematically document all information relevant to the
research questions. In multi-method studies, each
different classification architecture was calculated
separately; each study was calculated once for dataset
characteristics; only the best results were recorded for
performance  metrics; and all  preprocessing,
segmentation, and feature extraction techniques were
recorded in full. Percentages were rounded to two
decimal places, and ambiguous cases were discussed
until consensus was reached.

The distribution of selected studies by year is shown in
Figure 3. From 2019 to June 2025, the number of
studies on this topic increased, with 10 studies
appearing by June 2025.

—

Records
g identified from Scopus
c (n=0286)
3
T Records removed before sreening:
E Duplicate records removed
w I (n=9105)
=]
—
— v
Records screened
(n=181)
Records exclude based on title/
e Abstract
= (n=0)
E v
w
i
%]
@ Reports assested for eligibilty
(n=181)
Records excluded (n=99)
Reasons:
3 - Irrelevant Topic (n=9)
-Full Text Article is not Available(n=20}
-Publications is a reviews or surveys
— papers (n=35)
-The article was inaccessible (n=35)
v
o]
L
g Studies included in review
2 (n=82)
z

[

Figure 2. PRISMA Flow Diagram

Table 4. Data Extraction Form

No. Variable Description RQ
1 Metadata Metadata of paper (title, type of publication, publisher, year) Study Overview
2 Dataset source, accessibility, size RQ1
3 Preprocessing Technique image preprocessing techniques adopted in studies RQ2
4 Segmentation Technique Segmentation technique adopted in studies RQ2
5 Feature Extraction Technique Feature extraction method used in studies RQ2
6 Classification Architecture The classification architecture is divided M and DL RQ3
7 Performance of Classification performance metrics reported in plant disease identification studies RQ3
8 Challenges and Limitations inventory the obstacles identified in the application of image RQ4

processing techniques for plant disease identification
9 Future Works This variable identifies the recommendations and research agenda RQ5

proposed by the author to address the identified limitations.
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Figure 3. Distribution of Studies by Year

3. Results and Discussions
3.1 Source of Datasets

Plant disease identification models use various dataset
sources to identify diseases accurately. Figure 4 shows
the dataset sources used in the reviewed studies, namely
PlantVillage, Plant Doc, EPPO Global Database, New
Plant Disease, The International Rice Research Institute
(IRRI), university fields, and laboratories.
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Figure 4. Distribution of dataset sources in reviewed studies

PlantVillage is the most widely used dataset [31-46],
with 42 studies (51.22% of the total 82) utilizing this
dataset. The PlantVillage dataset contains 54,309
images of healthy and diseased plants, representing 14
plant species, 38 plant disease classes, and one
background class [47]. This dataset is a large, validated
resource needed to build a reliable image classifier
system [48]. The New Plant Disease dataset and
PlantDoc were used 4 studies each (4.87% of the total
studies). The New Plant Disease contains 87,000 RGB
images of healthy and diseased plant leaves categorized
into 38 different classes [49-51]. Plant Doc is a dataset
for plant disease detection that includes 2,598 images
for 13 plant species and 17 disease classes [52]. Another
4% of the studies obtained their image data from other
online sources, namely Plant Doc [36], the EPPO
Global Database [53], the International Rice Research
Institute (IRRI) [54], CD&S dataset and Al Challenger
Dataset 2018 [55]. The EPPO Global Database is
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managed by the Secretariat of the European and
Mediterranean Plant Protection Organization (EPPO)
and contains pest-specific information for 97,800
agricultural, forestry, and plant protection entries [56].
The International Rice Research Institute (IRRI) is an
agricultural research organization focused on rice [54].

While images obtained from online sources can offer a
quick solution for researchers with limited access to
plants, these datasets frequently include unwanted noise
due to various factors such as climate, location, image
size, and sensor quality. Consequently, researchers
often gather data from specific field locations using
diverse platforms [57-63]. Out of the reviewed studies,
30, or 36%, utilized datasets from university
laboratories and field settings to capture images from
real environments using digital cameras [64-69], mobile
phone cameras [70-72], RGB cameras [11], VGA
cameras [73], UAV cameras [74], and thermal cameras
[75].

The use of various imaging devices faces the challenge
of variability in the resulting leaf images, which is
caused by environmental factors such as lighting,
background, and weather. This variability significantly
affects the color, texture, and overall quality of the
captured images.

3.2 Image Processing Techniques

For further processing, image data is preprocessed
using several different methods. This section discusses
the various preprocessing, segmentation, and feature
extraction methods that have been employed by the
researchers in the studies.

The captured images will first be processed using
various techniques. In this section, we will discuss some
preprocessing techniques that various researchers have
applied in their studies.  Various studies have
implemented pre-processing techniques to improve
image quality before analysis. Common processes used
include resizing, denoising, histogram equalization, and
color conversion from RGB to grayscale or HSV [13],
[20], [76-81]. Some studies also add a data
augmentation stage with transformations such as
rotation, translation, zoom, and contrast enhancement to
expand the variety of training data [13], [77], [82-86].
In addition, median and Wiener filters are widely used
for noise reduction and image smoothing [12], [13],
[77], [87]. Other studies utilize advanced approaches,
such as the Generative Adversarial Network (GAN)-
based GauGAN algorithm to generate realistic synthetic
images [18] and the NestNet technique for background
removal [88]. Image enhancement efforts are also
carried out using the Contrast Limited Adaptive
Histogram Equalization (CLAHE) method and affine
transformation to improve contrast and visual structure
[12], [83]. Overall, the combination of these techniques
aims to produce cleaner, more uniform, and more
representative images for subsequent segmentation and
classification processes. Figure 5 shows the distribution
of preprocessing methods used in this review.
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For further evaluation, the techniques shown in Figure
5 are grouped into four categories: resizing, color
conversion, image enhancement, and augmentation.
Resizing includes both resizing and scaling. Image
enhancement consists of histogram equalization,
filtering (Gaussian, Median, Wiener), Fuzzy logic,
NestNet, Quantum Fourier Processing, and contrast
stretching. Color conversion includes RGB to
Grayscale, RGB to HSV, RGB to HSI, and RGB to Lab.
Augmentation consists of cropping, rotation, flipping,
clipping, mirroring, shearing, inversion, and Generative
Adversarial Networks (GAN).

CGAN

Colour Jitter Transformation
GauGAN

NestNET

Quantum Image Processing
Color Space YChCr

Shear

RGB to HSI

Inverse

Flipping

Cropping

RGB to HSV

Histogram Equalization

Resizing

o

5 10 15 20 25 30

Figure 5. Preprocessing techniques in the studies reviewed

Figure 6 shows the distribution of preprocessing
methods used. Of the studies examined, 18% utilized
resizing, while 31% employed image enhancement.
Color conversion was used in 21% of the studies, and
data augmentation was applied in 30%.

Resizing
Image 18%
Enhancement
31%
Color
Conversion

21%

Augmentation
30%

Figure 6. Distribution of preprocessing methods in review studies

In this segmentation section, we will explore several
segmentation techniques that different researchers have
utilized in their studies. Several studies have proposed
various segmentation techniques to separate infected
areas of plant leaves. The k-means clustering algorithm
is widely used to segment images based on color or
feature similarities [11]-[12], [20], [54], [67]-[68],
[89]-[91]. This method works effectively when the
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clusters have a hyperspherical distribution. Some
studies combine k-means clustering with Lab* or HSV
color space to improve segmentation accuracy [12],
[53], [54], while others compare it with Canny edge
detection and k-nearest neighbors, finding that k-means
provides better predictions [90]. In addition, threshold-
based methods such as Otsu and Kapur multi-level
thresholding are also applied for background removal
and object separation [13], [16], [88], [92-94]. The
Fuzzy C-Means (FCM) algorithm that considers spatial
information is used to strengthen the segmentation
process [12], while a hybrid approach that combines
Convolutional Neural Network (CNN) and Whale
Optimization Algorithm (WOA) is developed to
optimize the quality of segmentation results [22].

Among the studies reviewed, 46% utilized the k-means
clustering technique, whereas 26% applied the Otsu
method. Additionally, 9% of the studies implemented
Fuzzy C-Means (FCM), and 16% employed alternative
methods, including genetic algorithms, Kapur multi-
level thresholding, HSV color space, and HCNNWO.
Figure 7 illustrates the overall application of different
segmentation methods in the studies reviewed.

HCNWO Genetic

HSV Color Algorithm Algorithm Othe_rs @3

Space 4% techniques
5% featute

Kapur Multi- extraction

having count
value 1)
3%

level
Thresholding
4%

Al

Ot

FCM
9% -means
lustering

46%

Method
26%

Figure 7. Distribution of segmentation methods in reviewed studies

This feature extraction section discusses various feature
extraction techniques employed by researchers in their
work. Some studies apply one or more techniques
simultaneously to extract features.

Several studies have applied various feature extraction
techniques to capture visual characteristics in plant leaf
images. The Gray Level Co-occurrence Matrix
(GLCM) method is widely used to extract texture
features, such as contrast, correlation, entropy, energy,
and homogeneity [13], [54], [59], [67]. [76], [90], [95-
97]. Some studies combine GLCM with color or shape
descriptors to improve discriminative ability [13], [53],
[71], [95], [98]. Another approach uses Local Binary
Pattern (LBP) to describe texture [11], [49], [66], [99],
which is often combined with Principal Component
Analysis (PCA) to reduce feature dimensionality [66].
In addition, gradient and invariant-based descriptors
such as Histogram of Oriented Gradients (HOG) [51]
and Scale Invariant Feature Transform (SIFT)
combined with Entropy-ELM and Whale Optimization
Algorithm (WOA) are also used for optimal feature
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selection [100]. On the other hand, Convolutional
Neural Network (CNN) is increasingly used to perform
automatic and hierarchical feature extraction [18], [31],
[33]1, [38], [77], [75], [101].

Figure 8 illustrates the distribution of various feature
extraction methods used in the reviewed studies. Of the
studies examined, 25% employed CNN, followed by
12% using GLCM. Combining color and texture
features for feature extraction was found in 3% of the
studies, whereas the combination of color, texture, and
shape features appeared in 8% of the studies.
MobileNetV3 used by 4%, while both LBP and DCNN
were used in 3% of the cases each. Each of the
remaining 29 techniques was employed individually in

just 1% of the cases.
CNN
. .

GLCM
12%

Others (29
techniques
feature
extraction
having count
value 1)
42%

DCNN \

Color+GLC
M+Shape

3% MobileNet gop
Color+GLC LBP V3
M 3% 4%

a0z

Figure 8. Distribution of feature extraction techniques in this review
3.3 Performance of Classification Method

The evaluated studies employed various approaches to
classify plant diseases, specifically ML and DL
techniques.

In the ML, the Support Vector Machine (SVM) method
is widely used with high accuracy, such as in the study
[46] which classified tomato leaves into 10 classes with
an accuracy of 90.37%, and several other studies
reported accuracy above 97% [11], [73], [69], [82],
[84], [95]. SVM s also used to detect diseases in
various plants, such as rice [38], [89], corn [90], grapes
[21], and dates [95]. The combination of Principal
Component Analysis (PCA) and Gray Level Co-
occurrence Matrix (GLCM) with SVM produces
accuracy up to 98.97% [21]. In addition, the Random
Forest (RF) method shows competitive performance
with accuracy reaching 96.17% on potato leaves [71]
and more than 97% on apple leaves [72]. Other
approaches, such as the Bagged Tree Classifier, even
achieved 100% accuracy in fruit fly disease
classification [66]. In the DL category, CNN showed
excellent results, with accuracy reaching 99.62% on
tomato plants [37]. Architectures such as MobileNet
[18], AlexNet, VGG16/19 [24], InceptionV3, and
DenseNet [50] also produced high accuracy ranging
from 91% to 99%, depending on the type of plant and
the augmentation data used.
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Based on the examined studies, the performance
accuracy of the classification methods was categorized
into three groups: <80%, 80%-<90%, and <90%.
Figure 9 presents the accuracy distribution across 66
studies, revealing that 92% achieved a plant disease
identification accuracy of over 90%, 4.54% attained an
accuracy between 80% and 90%, and 3.03% achieved
an accuracy below 80%.

3.03% 5495

92,42%

= <80% =80%-<90% =>90%

Figure 9. Accuracy of Classification Methods in this review
3.4 The Challenges and Limitations

According to the analyzed studies, several challenges
and limitations encountered in the identification of plant
diseases through image analysis include:

The PlantVillage dataset is the most widely used in
image-based plant disease identification studies. While
this dataset has the advantage of being a large,
structured, public dataset covering a wide range of plant
diseases, its controlled image capture with uniform
backgrounds, stable lighting, and high resolution often
results in trained models being less robust to real-world
variations such as shadows, complex backgrounds, or
changing weather conditions [32], [42], [81]. As a
result, although many studies claim accuracy of over
90%, the performance of such models often drops
sharply when tested in real environments [34].
Additionally, the PlantVillage dataset shows an
unbalanced distribution of data between classes, where
some classes of plant diseases or conditions have a
significantly larger number of images compared to
other classes [42], [81]. This imbalance causes ML and
DL models to be biased towards the majority class,
meaning the model often predicts the class that appears
most frequently in the training data, resulting in a model
with a seemingly high accuracy, but failing to recognize
and learn patterns from the minority class well [5], [33].

K-means clustering remains the the most used for leaf
segmentation in plant disease detection systems. The
reason for this is k-means has the advantages of being
simple, computationally light, and easy to implement,
especially in studies that utilize images taken with a
uniform background and constant lighting. Therefore,
k-means is quite efficient in separating leaf parts from
the background by considering color differences in
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RGB, HSV, or Lab color spaces [4], [102]. However,
this algorithm is less than optimal for images with
diverse backgrounds and lighting. In addition, this
algorithm cannot automatically initiate cluster centers
[20]. This condition often results in inaccurate
segmentation results, thus impacting the accuracy in
extracting important features from the image and
ultimately reducing accuracy during the classification
process.

CNNs are widely used in DL-based image processing,
primarily due to their ability to perform two tasks
simultaneously: extracting important features and
classifying them [31], [77], [93]. With the ability to
learn directly from raw images, CNNs can
automatically detect disease characteristics such as spot
shape, pigment changes, or abnormal texture patterns
on leaves. CNNs are very reliable in detecting plant
diseases when images are taken in a controlled
environment, for example with a plain background,
consistent lighting, and a fixed camera position [48].
However, implementing CNNs requires the availability
of large and accurately labeled training data, which is
often limited for rare diseases or local plant species with
minimal documentation. In addition, CNNs are quite
sensitive to changes in the surrounding environment,
such as changing light, busy backgrounds, or
inconsistent shooting angles. This can affect accuracy
when applied to field data. In addition, CNN working
processes are often less transparent, making it difficult
to explain the basis of classification results. On the other
hand, CNN architectures involve millions of parameters
and repeated convolution operations applied to
thousands of leaf images of various sizes and
resolutions, thus requiring high computational
resources. This is a challenge in applying CNN directly
to agricultural equipment in the field.

3.5 The Potential Research Areas in Plant Disease
Identification

Developing and improving plant disease identification
models necessitates collaboration among agricultural
science, technology, and data science. Here are some
potential research opportunities in this field:

To overcome dataset limitations is to compile a broader,
more diverse, and well-labeled dataset, and utilize data
augmentation techniques to increase the variety and
quality of training data.

The application of artificial intelligence models in the
agricultural context also requires consideration of
ethical and data privacy aspects. The process of
acquiring and processing plant images often involves
information originating from agricultural land owned
by individuals or groups, which may contain sensitive
information, such as geographic location or the identity
of landowners. Therefore, data collection and
utilization need to be carried out with clear permissions,
secure storage, and limited use for research purposes or
improving agricultural services. Therefore, future
research should emphasize the importance of
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transparency and data security policies to maintain user
trust in Al-based systems.

Development of image processing techniques to
achieve better segmentation and feature extraction
results to produce accurate identification. Integrating
multiple segmentation methods to leverage the
strengths of each approach. This hybrid approach can
produce better accuracy and adaptability in image
segmentation. Improved feature extraction by
combining several feature extraction techniques. These
techniques can help capture subtle patterns associated
with various diseases.

Developing more comprehensive model evaluation
standards should be a focus of future research. In
addition to accuracy, metrics such as precision, recall,
F1 score, and confusion matrix should be reported to
provide a more complete picture and avoid
misdiagnosis in real-world applications. Accuracy
indicates the proportion of correct predictions, but is
less representative when the data is imbalanced.
Precision assesses the accuracy of positive predictions,
recall measures the model's ability to detect all positive
cases, while the F1 score balances the two using the
harmonic mean. Confusion matrix analysis is used to
assess the distribution of correct and incorrect
predictions for each disease class, including True
Positive, True Negative, False Positive, and False
Negative values. This combination of metrics provides
a more comprehensive evaluation of the model's
strengths and weaknesses in accurately identifying
plant diseases.

For practical implementation in the field, future
research should focus on developing DL models
integrated into lightweight mobile applications tailored
to farmers' needs. Model architecture needs to be
optimized for direct execution on resource-constrained
devices. Furthermore, a simple, mobile-compatible user
interface is required. Explained Al (XAl) is applied to
interpret the decisions of deep learning models,
enabling farmers to understand the rationale behind
diagnoses and building trust in the system. Furthermore,
these models are integrated into a Decision Support
System (DSS) capable of translating prediction results
into relevant and contextual action recommendations.
Therefore, future research should not only focus on
improving algorithm performance but also consider
usability and user trust. This way, DL-based solutions
can be truly utilized by farmers in the field in a practical
and effective manner.

4. Conclusions

In this article, a comprehensive review of plant disease
identification using image processing techniques is
presented, based on 82 studies resulting from a
systematic review conducted using the PRISMA
method. Five research questions guided this review,
focusing on various aspects such as the datasets used for
plant disease identification, image processing methods,
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and the accuracy of classification methods, including
both ML and DL approaches.

The review shows that most studies rely on the
PlantVillage dataset, which is supplemented with
images from digital cameras and mobile phones.
Preprocessing generally involves enhancement and
augmentation; k-means dominates segmentation, and
CNNs are the primary method for feature extraction.
Notably, 61 studies reported accuracy above 90%. The
main challenges fall into three dimensions: data,
methodology, and practice. Data are often controlled
and imbalanced, limiting generalizability in real-world
settings. Methodologically, classical segmentation is
sensitive to environmental variability, while deep
learning models require substantial computational
resources and are susceptible to distributional shifts.
Practically, deployment on mobile devices and the need
for interpretability through XAl remain key concerns.

Future work should emphasize more representative
datasets, hybrid approaches of classical and deep
learning, and lightweight and adaptive decision support
systems for real-world agricultural environments.
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