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ARTICLE INFO ABSTRACT

The ecological relevance of plants and the goods they produce is also

Article history diminished by fungal infections, impacting their economic value. The

ﬁec?wgd]l\faﬁgl% 520525 mango tree is severely afflicted by a fungus called anthracnose, most

evised July 1S, noticeable on the fruits and leaves. This paper's primary goal is to stipulate
Accepted November 04, 2025 . .

a viable system for a premature and reasonable solution for mango leaf

disease detection by designing an appropriate and effective method. In

gfl?egggtsNeighbors recent years, digital. image procQSSipg and de.ep neura.l network-based
Algorithm; gpprogches have gal.neq popularity in categorizing various mango lgaf
CNN: infections due to their high computational performance and identification
Plant Disease Detection; accuracy. This paper proposed an algorithm based on deep neural network-
Agricultural A based feature extraction and K-Nearest Neighbors Algorithm-based
Image Classifications classification task to classify mango leaf diseases. This paper describes the

possibility for CNN to extract mango leaf features on leaf images taken
from the MangoleafBD dataset. The used dataset contains three types of
leaf images, including healthy leaf images. The proposed method gives an
accuracy level of 99.37 % at K-fold value 20. The obtained result shows
that the developed model can be recommended for precise farming
practices as a secondary opinion tool for mango leaf disease detection.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
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1. Introduction

Image processing is a broad term that encompasses a variety of techniques. Many steps, such as
image capturing, pre-processing, segmentation, analysis, interpretation, recognition, and
classification, are helpful in developing an automated system. Recent developments in technology
have made the interplay between image processing and machine learning responsible for the
automation of several computational processes. This combination has made way for the automatic
extraction and characterization of information for a variety of applications such as precision
agriculture, environmental surveillance, human computer interaction, brain machine interfaces,
process control, and others in diverse areas where appropriate decision-making is desired.

The prominent research areas in precision agriculture are Soil and Crop Monitoring, Automated
Irrigation Systems, Yield Prediction and Mapping, Weed, Pest, and Disease Detection, Agricultural
Robotics and Automation, Decision Support Systems, Farm Management Information Systems
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(FMIS), Big Data Analytics and Al Integration, Sustainable and Resource-Efficient Farming, and so
on. Among the mentioned domains, Weed, Pest, and Disease Detection are considered for the present
work. In the traditional farming approach, disease detection was identified manually, which is time-
consuming and completely dependent on the expertise of the cultivator. To overcome the limitation
or dependency of the experts, precise farming applied a computer vision and machine learning
approach to detect the disease timely manner and accurately [1].

However, the number of diseases occurring in different parts of the plant showed visible
symptoms, an important factor in diagnosing these diseases. The diagnosis of mango plant diseases is
an excellent and skillful skill. Mango plant diseases were once defined artificially. In this
circumstance, people are seeking new methods to preserve rice production, safeguard the
environment, and decrease the use of hazardous pesticides and spraying. As a result, agricultural
specialists, scientists, and researchers are primarily concerned with identifying, diagnosing,
classifying, and guiding regulatory situations. As a result, the only approach to ensure better results is
to diagnose the disease early and prevent it. As a result, it is unavoidable that cutting-edge technologies
such as information science, artificial intelligence, digital imaging, and processing will aid the national
economy's development to attain higher yields. The photos are of a fictitious pathogen provider in
agriculture and associated sectors. Until recently, the sole option was to duplicate, reproduce, analyse,
and show these recorded photos. Various disciplines such as digital image processing, space and mass
image filtering technology, picture enhancement, and restoration technology are vital since it is simple
and easy to comprehend [2]. Fungal diseases are very common in plant leaves. The diseases in plants
are a cause for the decline in the quality and quantity of agricultural production [3].

As a result, we suggest a modified Convolutional Neural Network (CNN) in this work to
categorize mango leaves affected by the fungus Anthracnose. Images taken in the real world validate
the model's performance. The histogram of equalization, which balances the invariability across
photographs taken under actual conditions, is used in the preprocessing of the photos. The central
square crop technique resizes these photographs to a standard size image. The proposed model based
on CNN-KNN is then trained and tested for the detection of sick mango leaves, considering the
following key factors:

e  Effective and timely treatment can be started in advance thanks to automatic and early detection
of a disease and its severity.

e  Understanding the disease's nature and life cycle can also help people understand their
vulnerabilities.

e As a result, a deep learning model called Modified CNN is proposed for categorizing
anthracnose-infected leaves.

e Images of healthy and infected leaves from real mango trees with fungal disease are gathered for
this project. In addition, the model's performance is assessed against other cutting-edge methods
using a compiled and standardized database.

e  The suggested approach is automatic, computationally effective, and affordable, which can assist
in maintaining the significance of the mango tree and its yields from an ecological and economic
standpoint.

The key contributions of the study are as follows:

e  The proposed model uses the concept of hybrid model preparation. According to this, the CNN-
KNN model has been proposed.

e  The proposed model uses 11106 samples, comprising 7773 training samples and 3333 testing
samples.

e  The proposed model achieved 99.37 % classification accuracy. The model has the capability to
identify healthy, Anthracnose, and Black Sooty Mold classes with an accuracy of 99.51%,
99.34%, and 99.18%, respectively.
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2. Literature Review

Mango disease control is an essential aspect of horticulture ecological management, as it is
connected to the health and productivity of fruit plants. It is particularly significant in India, a rapidly
developing country. Low productivity and vulnerability to several severe illnesses present substantial
disease prevention and control problems. As a result, the current study has practical implications.

Numerous studies have suggested identifying and classifying leafy plants. In this review, the
authors discuss all aspects of disease control, including the concepts, techniques, challenges,
advantages, and disadvantages of image processing [1]. Several methods of neural networks to
identify and classify diseases in plant leaf images. This work includes the models, types, mechanics,
and classes used, and many other visual representations related to hyperspectral images. In the work
presented by Ma et al., four types of poultry were classified from the leaves, namely, anthracnose, fast
pink, powdery mildew, and leaf soup [2], [3].

All images are collected in real-time and categorized through deep convolutional neural networks
(DCNN) [4]. VGG convolutional neural network to identify the index for plant leaves. The
presentation method categorizes an image into patients and non-patients. The results are validated in
a large data set, showing the validity of the in-depth study method [5]. Four convolutional network
systems, such as VGG 16, Inception, V4, ResNet, and DenseNets, are used to classify the disease in
images. The images were taken from the rice field documentation, which consists of 38 categories of
health. Compared with other media outlets, the DenseNets network can achieve high visibility with
high classification and is not time-consuming [6]. The advancement of an expert system for the
identification of plant diseases in the Barracuda Mango (Nam-Dok Mai), one of Thailand's biggest
agricultural exports, was described in this paper. However, because Thailand is a tropical nation,
climate change is producing changes in plant diseases and impacting mango tree development. Many
forms of agricultural production exist as a result of agriculturists' lack of understanding on how to
correctly identify plant species. Furthermore, no decision-making mechanism is in place in regard to
deciding how to prevent or cure disease on the farm. It resulted in several errors in the maintenance
of the plants impacted. As a result, the method was created to assist agriculturists in identifying the
damaged plants and resolving the problem as soon as possible. Agricultural professionals should use
their advanced degrees to the disease process in question. The plant diagnostics application uses
model-based data mining techniques to create a knowledge system. A model set for a rule-based leaf
picture is presented in this article.

The model-based model contains 129 leaf pictures gathered from the mango area under quality
control and standardization standards set by Maeda University, with findings of category 3 tablets
(anthracnose, algal spot, Normal) with an accuracy of 89.92 percent. The findings of the experiments
demonstrate that a principle-based model may be used to apply plant marches [7]. Fungal infections
not only reduce the weight of plants and their products, but they also have a negative impact on the
environment. Anthracnose is a disease that affects fruiting trees, particularly their fruits and foliage.
The goal of this article is to come up with an effective and efficient approach to treat the condition
and its symptoms, or to seek assistance for quick and effective remedies to this problem. Computer
vision and in-depth learning methods have earned a reputation in the categorization of various diseases
in recent years due to their better performance in calculus and accuracy [8]. Deep Learning (DL) is
one of the most rapid learning machines. In-depth studies utilise CNN to categorise pictures, since
they give the most correct answers to issues throughout the world. CNN contains architectural
elements such as AlexNet, Google Net, Dense Net, Squeeze Net, ResNet, VGGNet etc. pretrained. In
this work, CNN and AlexNet laboratories were used to identify and compare the precision and efficacy
of blue and potato leaves. For this project, a 4004-page diagram was used. The Village Village website
included a picture of the potato, and a picture of the blue was taken on the GBPUAT page. The results
demonstrate that the AlexNet application is more accurate than the CNN architecture [9]. By
identifying pests and diseases of leaves and fruits, this research has improved the management of
specific crops used in insect farming, thus addressing one of the major causes of pests. declining
mango production in the Philippines and helping blue farmers in Pampanga. Farmers' distrust of using
pesticides in times of pests. Multi-SVM and GLCM are used in image processing to detect

Ravi Anand (Deep Neural Network and KNN (CNN-KNN) Based Approach to Classify Mango Leaf Diseases)



International Journal of Robotics and Control Systems
Vol. 5, No. 4, 2025, pp. 2161-2177

2164 ISSN 2775-2658

anthracnoses, fruit flies and raspberry molds at 85% accuracy. It is done through contrasting kurtosis,
rubbing, and entropy.

This research project can be used as a model for other fruit trees, or as a basis for local agricultural
management (especially blue farming using data science) [10]. Anthracnose or foliage (red leaves),
many diseases affecting blue plants. Mangoes are economically important, and it is necessary to test
these diseases to prevent epidemics and reduce production. It is said to use machine vision to use blue-
leaf imaging to identify plant diseases. The method is available using the YCbCr converted image and
creates vectors of the font and font of the displayed image, which are provided to the participants in
the test process. GLCM, a color-based technology and launch Gabor is used for writing shapes and
colors. Comparing the results obtained by the most advanced steering class and the vector support
machine (SVM) was completed. Analyze the application techniques used to obtain individual results
for each technique. The overall results are in an image file with 86 images. The accuracy of
categorizing the participants at the farthest distance and the support vector machines are 79.16% and
83.34%, respectively [11]-[13].

Fast and accurate identification of harmful microorganisms is critical for public safety
biomonitoring to avert foodborne disease and ensure food security. Microorganism detection
techniques have improved over time [14], [15]. Researchers used the ABC and CS algorithms to
optimise the distribution route for fresh food delivery in the time window while also considering other
considerations such as a fixed number of delivery trucks, fixed cost, and fixed fuel by covering all
service locations [16]. In any situation where human intervention is problematic, the robot can protect
warehouses from invaders. This robot would be inexpensive, efficient, and safe, as it would keep the
food intact and ensure its high quality [17].

In 2008, a security system was presented that used sensors and actuators to regulate monitoring.
It contained two communication systems, one for communicating with modules and the other for
regulating processes [ 18]. Data mining techniques with ANN and Hybrid approach with Fuzzy logic
is used for improving food quality [19], [20]. In 2013, a gadget used fuzzy logic conclusions and a
computer vision system to locate eggs with spots or cracks and grade them depending on the defect
or size. It was possible thanks to a specially devised algorithm in which the eggs were given a 100 %
rating if they were normal and an 83 % rating if they had blood spots [21]. Various novel optimization
algorithms have been developed in recent years, including ant colony optimization (ACO) [22], [23],
particle swarm optimization (PSO) [24], cuckoo search (CS) [25], [26], lion optimization algorithm
(LOA) [27], grasshopper optimization algorithm [28], Levy flight algorithm [29], tree growth
algorithm [30], grey wolf optimizer [31], bees pollen optimization algorithm [32], Harris Hawks
optimization (HHO) [33], Researchers have been interested in using the butterfly optimization (BO)
method [34]-[40] and hybrid algorithms to solve various unconstrained and constrained optimization
issues. Various approaches discussed in the literature survey are summarized in Table 1.

Table 1. Summarized literature survey

Reference No Used Model Measurement of Performance in %
[41] Support Vector Machine [SVM] 87.50
[42] CCA fusion + SVM 95.50
[43] Fully connected Convolutional Network 98.90
[44] K-means based clustering algorithm 93.12
[45] Hybrid based CNN 98.70
[46] CNN 97.04
[47] CNN 91.83
[48] SVM + XGBoost 86.58
[49] CNN 79.64
[50] CNN + RNN 94.27
[51] CNN + ReLu 95.30

From the literature review, it has been observed that many models built on CNN architecture
surpass classical machine learning approaches such as SVM and clustering algorithms. The optimal
performance is achieved by hybrid models or with deeper architectures of CNNs. It has also been
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noticed that models that integrate different approaches, like CCA with SVM or CNN with RNN,
perform better than classical methods when applied in isolation. The performance of several CNN
models is lacking, as mentioned in the study [49], where the accuracy was only 79.64%. This indicates
an issue with the optimization process applied or uniformity within the applied CNN architectures.
On the basis of the identified gaps and trends, it has been decided that the hybrid approach is more
suitable for the mango leaf disease detection. Therefore, a CNN-KNN-based approach is applied in
which CNN is used for the feature extraction and KNN is used for classification.

3. Materials and Methodology

There should be enough detail in the materials and methods section for all procedures to be
repeated. Two subsections divide this section. Initially, there is the dataset that is utilized along with
the suggested approach.

3.1. Data Set Description

The dataset used in this paper is taken from the public source MangoleafBD [52]. Fig. 1 depicts
different types of images used in this research. This dataset contains Mango Leaves image samples,
which are divided into three categories named Healthy, Anthracnose, and Black Soothy Mold. The
MangoleafBD dataset consists of 4000 images of seven different classes. For this study, three class
samples are considered, and further, these sample images are augmented, and similar types of images
are generated through different augmentation techniques. In the augmentation process, horizontal flip,
vertical flip, and random rotation of 15 degrees are applied. The generated set of image details for
each class is given in Table 2.

Table 2. Dataset description

Class Name Sample Count Training Sample Testing Sample
Healthy 2024 1416 608
Anthracnose 5025 3517 1508
Black Soothy Mold 4057 2840 1217
Total sample 11106 7773 3333

A total of 11106 images is generated of healthy, anthracnose and black Soothy mold class.
Among this set of samples, 2024 samples belong to the healthy class, 5025 samples belong to the
anthracnose class, and 4057 samples belong to the black Soothy mold classes.

3.2. Proposed Methodology

The primary aim of the procedure is to establish an acceptable and practical approach to
identifying the disease and its symptoms so that an appropriate system can be developed to handle the
problem as soon as feasible and effectively as possible. Computer vision and in-depth research
approaches have become more prevalent in the categorization of fungal infections in recent years
because of the efficiency and accuracy of their calculations. The proposed methodology comprised of
three main section (i) pre-processing section, (ii) Feature extraction using CNN and (iii) classification
using KNN classifier. The brief description of each section is given consecutively. Fig. 2 shows the
basic flow chart of the proposed methodology.

The figure describes the classification of image based leaf diseases using convolutional neural
network (CNN) that is integrated with KNN classifier for the ultimate prediction. The initial stage of
the system is to capture images of mango leaves which have been afflicted by various diseases
(depicted in the top-left portion). These images depict both the healthy and the diseased states like:
Soothy Mould, Anthracnose, and healthy class images.

The preprocessing stage focuses on further refining the deep learning workflow by performing
the following actions: Image Scaling: Changing the mango leaf images to a specific measurement
(example 224x224) so that the CNN can work with it. Denoising: Improving the quality of an image
by removing convincing noise, blur, or artifacts. Normalization: Rendering of pixel values (normally
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0-255) of 0-1 enhances training efficiency. The next step is Feature Extraction (Convolutional Neural
Network - CNN). A deep CNN makes use of layers to preprocess images in order to extract meaningful
features. The CNN model consisted of Convolution + ReLLU layers used to extract edges, texture, and
shapes using filters alongside detecting patterns. Adding non-linearity is achieved through ReL.U.
Then pooling layer cuts down on computation burdens while allowing for the preservation of
important features. Multiple Conv + Pool Layers: Stacked layers allow better shallow-to-deep (low-
to high-level) feature learning. The entire working of the CNN model is briefly described through
mathematical expression in given equation (1) to equation (5). Here, X stands for input image, W,
stands for weight at layer 1, and b; stands for bias at layer 1.
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Fig. 1. Different types of sample images taken from the dataset
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3.3. Pre-Processing Section

Image pre-processing is very important and crucial step for the proposed model. In this stage,
image resizing and image denoising are performed. The input samples are collected from various
sources therefore all images are not in the same size. So that image resizing is applied to get the similar
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size images i.e., 224 x 224 x 3, After that image denoising is performed to make images noise free.
Lastly image normalization according to equation (6), is performed for better performance of the

proposed system.

(T — Tmin (6)
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Fig. 2. Proposed model for mango leaf disease detection

3.4. Feature Extraction

In this work, an automated feature extraction approach is used that involves Convolutional Neural
Networks (CNN). The used CNN model is composed of four convolutional layers, a pooling layer, a
ReLu activation function, and a lastly a flatten layer. Firstly, pre-processed images are passed to the
convl layer having an input size of 224 x 224 x 3. Here ReLu activation function is used for activating
the desired neurons. The pooling layer is used to pool the extracted features for the next conv2 layer.
A similar kind of operations are applied at conv2, conv3, and conv4 layers. After this, one flat layer
is used for converting each feature into the proper format. The block diagram of the feature extraction

CNN model is given in Fig. 3.
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Fig. 3. Feature extraction using CNN
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The proposed hybrid algorithm combining Convolutional Neural Networks (CNN) and k-Nearest
Neighbors (KNN) is an interesting approach that leverages the strengths of both techniques. CNNs
are powerful for feature extraction in spatial data like images, while KNN is a non-parametric method
often used for classification and regression tasks.

4. KNN Classifier

If we talk about an instance-based classifier, then it is a KNN classifier. KNN classifier determines
the class of a testing instance based on k-nearest neighbor in the testing instance with the use of
Euclidean distance between neighboring instances. Altering the parameter k has an impact on
classification performance. The value of k is optimized through repeated experimentation for classifier
design by incrementing it in steps of 1 from 1 to 20. If multiple values of k yield the same performance,
the smallest k is selected.

The instance illustrated in Fig. 4 represents the unknown test ROI (J), which should belong to
either the cross class (x) or the dash class (—). When k equals 5, the algorithm searches for the five
closest neighbors. The test sample is classified as a dash (-) in this instance due to the presence of
three dashes and two crosses within the circle.
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" ’ -— LY '
i ' X ‘t E
: ' v X
] -_— -— '
P x : :
H . ()4 H
D M ’ '
1 - - g :
. L) b4 ¢’ % H
L] -— ”, H
; “e e X :
[ _h.---- X "
. — x "
H X - '
: - % X x
P ——— o

Fig. 4. Example of ANN classifier fork =5

The KNN classifier is an example of a non-parametric, instance-based learning algorithm that
can be employed for both classification and regression tasks. Here, we apply it to classify different
leaf diseases with the aid of features retrieved through a CNN. Each input sample is represented as a
feature vector as shown in equation (7).

X = [x1,%3,.-, %] (7

The feature vector of the new data points is represented as given in equation (8). It contains the
respective feature set and class label as y'.

X' =[xty xty . xt), Y] ®)

To find the nearest neighbors, calculate the distance between the test point and all training
samples. The most common distance metric used in KNN is Euclidean distance calculated according
to the formula given in equation (9).

d(x,x") = €
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Other distance metrics are Manhattan distance and Minkowski distance. The formulas for the
above methods are given in equations (10) and (11), respectively.

d(x, %) = Z(xj —xh) (10)
=1
n p 1/p
dGex) = | Y]y -2 (11)
=

where p=1 gives Manhattan, p=2 gives Euclidean distance.

Now, compute the distance between the test point x and every training sample x'. After obtaining
the distance in ascending order, find the closest k samples. Among the k nearest neighbors, count the
frequency of each class label. The class with the highest vote becomes the predicted label. The label
is predicted according to the major voting scheme as given in equation (12).

y' = max Z ny'=0) (12)

iENK(x)

Here, C is the set of all possible class labels, Nk(x) is the indices of the k nearest neighbors of x,
and [] is the indicator function (1 if the condition is true, O otherwise).

5. Proposed Model (CNN-KNN) Algorithm

Proposed algorithm is divided into six basic steps as follows:

Algorithm 1:
Initialization:
num_epochs=200; batch_size=50
Step 1: Train CNN on image data
deftrain_cnn(X train, y_train):
cnn_model = create_cnn_model()
Step 2: Define and compile your CNN model
cnn_model fit(X _train, y_train, epochs=num_epochs, batch_size=batch_size)
return cnn_model
Step 3: Extract features using CNN using function
def extract _features _cnn(cnn_model, X _data):
features = cnn_model.predict(X data)
return features
Step 4: Train KNN on CNN-extracted features
Repeat for k_neighbors=1 to 20, increment by 1{
deftrain_knn(features, y_train_knn, k_neighbors):
knn_classifier = KNeighborsClassifier(n_neighbors=k_neighbors)
knn_classifier.fit(features, y_train_knn)
return knn_classifier)
Step 5: Proposed model prediction using the given function
X new_data = load _new_data() # Assuming you have new data
prediction = hybrid_predict(cnn_model, knn_classifier, X new data)
Step 6: Print or use the prediction as needed print(prediction)

6. Experimental Setup and Performance Evaluation

Two subsections are considered here, one for experimental setup and the second is for
performance Evaluation Metrics.
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6.1. Experimental Setup

The suggested model was implemented using python. KNN approach using Python,
TensorFlow/Keras for the CNN, and scikit-learn for the KNN.

6.2. Performance Evaluation
With the use of different metrics performance evaluation of model is done [53], [54]. Such that

the model's accuracy (Acc) is evaluated as per equation number (13):

oo TP + TN 03
“TTPYTN+FP+FN

Precision (Pre) is evaluated as per equation number (14):

TP
Fre =Tp v rp (14)

Recall (Rec) is evaluated as per equation number (15):

_ T 15
Rec = (15)

“TP,” “TN,” “FP,” and “FN” are abbreviations for “true positive,” “true negative,” “false
positive,” and “false negative,” respectively.

7. Results and Discussion
7.1. Result Analysis

An extensive experiment has been carried out for the identification of mango leaf disease using
CNN-based feature extraction. The classification task has been performed using a KNN classifier. For
this work, the MangoleafBD dataset is considered and passed through the proposed model. Firstly, the
input dataset is divided into a training and a testing set at a ratio of 70:30. The Training set is used for
the training of the proposed model. The testing sample is passed to the trained model for 10-fold
validation and 20-fold validation. The distribution of samples for each trial using k-fold validation is
shown in Fig. 5.

Trial 1

Trial 2

Trial 3
Trial 4
Trial 5

Trial 6

- Testing - Training
Fig. 5. Distribution of sample for each trial using k-fold validation
Based on the proposed algorithm gives an accuracy level of 99.3 % at K fold value 10 and 99.37

at K fold value 20. Comparison of proposed model with KNN and CNN based on accuracy, precision
and Recall is tabulated in Table 3 for K fold value 10 and in Table 4 for k fold value 20.

R. Anand (Deep Neural Network and KNN (CNN-KNN) Based Approach to Classify Mango Leaf Diseases)



International Journal of Robotics and Control Systems
ISSN 2775-2658 2171
Vol. 5, No. 4, 2025, pp. 2161-2177

Table 3. Comparison at 10 K folds

Model Accuracy (%) Precision (%) Recall (%)
KNN 97.30 97.10 97.10
CNN 98.90 98.89 98.89

Proposed Model 99.30 99.28 99.27

From Table 4, it has been observed that mango leaf diseases classification has been performed
using only KNN model, CNN model and proposed (CNN-KNN) model. The obtained accuracy for
KNN classifier is 97.30 % and CNN classifier is 98.90 %. The proposed model yields 99.30 % of
accuracy with 99.28 % of precision and 99.27 % of recall. Table 4 presents the obtained results for 20
k-folds validation results.

Table 4. Comparison at 20 K folds

Model Accuracy Precision Recall
KNN 97.30 97.30 97.30
CNN 98.92 98.91 98.90

Proposed Model 99.37 99.36 99.35

It has been observed from Table 4 that KNN classifier yields 97.30 % of accuracy, 97.30 % of
precision and 97.30 % of recall. Similarly, CNN yields 98.92 % of accuracy, 98.91 % of precision and
98.90 % of recall. Although, proposed model yields 99.37 % of accuracy, 99.36 % precision and 99.35
% recall. Therefore, it can be concluded that the proposed model (hybrid model) achieved outstanding
accuracy for the classification of mango leaf disease identification. The obtained confusion matrix for
the validation set is shown in Fig. 6. From the confusion matrix given in Fig. 6, it can be noted that
out of 608, 605 test instances of the healthy class are correctly detected, and the remaining 3 instances
are misclassified as anthracnose and sooty mold. Among 1508 samples of anthracnose class, 1498
samples are correctly identified, and the remaining 10 are misclassified as healthy (7) and sooty mold
(3). Similarly, 1207 samples of the BS Mold class are correctly identified, and the remaining 10
samples are misclassified as the anthracnose class and the healthy class. The detailed description of
the mis-classification samples is given in Table 5.

Table 5. Misclassification analysis

No. of . Label predicted by the proposed model
. Testing class - .
Testing Correctly Misclassified o
labels . Description
samples classified Samples
3 misclassified samples
belonging to Healthy are
v
{605€Healthy} {3€Healthy} x further classified as {1€BS
Mold} and {2€anthracnose}.
10 misclassified samples
{608€Healthy} belonging to Anthracnose are
3333 {1508€ Anthracnose} {14986Ar$hracnose} {IOEAntEracnose} further classified as
{1217€BS Mold} {7€Healthy} and {3€BS

Mold}.

10 misclassified samples of BS
Mold class are further
identified as {2€Healthy} and
{8€ Anthracnose}.

{1207€BS Mold} v {10€BS Mold} x

The performance of the proposed model is also plotted in terms of the ROC curve. The obtained
ROC Curve at K Fold 10 and ROC Curve at K Fold 20 are shown in Fig. 7 and Fig. 8, respectively.
On the basis of the obtained confusion matrix as shown in Fig. 6, the individual class accuracy for
healthy is 99.51 % (605/608), for class anthracnose is 99.34 % (1498/1508), and for class BS mold is
99.18 % (1207/1217). After this, we can perform a t-test using equation (16).
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L= X — Uo
s/\n
Where x- is the sample mean, s is the standard deviation, and n is the sample size.
0.9951 + 0.9934 + 0.9918

(16)

%= 3 = 0.9934
s =0.00165
n=3
0.9934 — 0.95
=~ —4554
0.00165/v/3

With t=45.54, and degrees of freedom df = 2, the p-value will be extremely small (p << 0.05),
meaning we reject the null hypothesis. It has been concluded that the classification model performs
significantly better than 95 % accuracy in all classes (statistically significant, p < 0.05), based on a
one-sample t-test on per-class accuracy.
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Fig. 7. ROC Cure at K Fold 10

R. Anand (Deep Neural Network and KNN (CNN-KNN) Based Approach to Classify Mango Leaf Diseases)



International Journal of Robotics and Control Systems
Vol. 5, No. 4, 2025, pp. 2161-2177

ISSN 2775-2658 2173

7.2. Comparative Analysis

Comparison of proposed approach is done with other approaches of literature survey is tabulated
in Table 6. Based on the results proposed approach outperform with other state of art algorithms. Table
6 presents the comparative analysis of the previously published work and the proposed work. From
Table 6, it is found that the highest accuracy for previous work for the mango leaf disease detection
is 99.00 % by using AlexNet. The proposed work attained 99.37 % of accuracy at 20 k-fold validation,
which shows that the proposed model is suitable for the agro-engineering purpose.

Table 6. Comparison with previous work

Reference No Used Model Performance (%)
[41] Support Vector Machine (SVM) 87.50
[42] CCA fusion + SVM 95.50
[43] FC-CNN 98.90
[44] K-means clustering algorithm 93.12
[45] Hybrid CNN 98.70
[46] CNN 97.04
[47] CNN 91.83
[48] SVM + XGBoost 86.58
[49] CNN 79.64
[50] CNN + RNN 94.27
[51] CNN + ReLu 95.30
[55] MobileNetV3 98.00
[56] VGG-16 78.40
[56] AlexNet 99.00
[57] YoloV8 with ABO 98.00
[58] EfficientNetV2 97.13

Proposed CNN + KNN 99.37

Note: SVM- Support Vector Machine; CNN- Convolutional neural network;
RNN- Recurrent neural network; FC-CNN- Fully connected CNN.
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Fig. 8. ROC Curve at K Fold 20

8. Conclusions and Future Scope

The system's most powerful technique is to identify illnesses of the mango plant in an agricultural
setting. The proposed algorithm gives an accuracy level of 99.3 % at K fold value 10 and 99.37% at
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K fold value 20, which is enough to claim that the proposed model is yielding good results. This paper
presents the results of a study that used a convolutional neural network and feature selection to detect
and classify diseases in leaves. A combination of a deep neural network and feature selection has been
used to detect diseases with great performance. These methods can aid farmers in spotting diseases
and protecting their crops from harm.

The agricultural industry stands to gain significantly from the upcoming directions of this
research, which will cover a lot of ground. We may start by building on the concept of a hierarchical
combination of labels to make it even better. One possibility is to be an early adopter of an algorithm
that can figure out the best balance weights on its own. This breakthrough has tremendous promise,
especially in situations where there are many publicly accessible datasets pertaining to different plant
species and illnesses. At various prediction levels, we can also investigate the possibility of using deep
supervision to mitigate training-level gradients. The same work has been extended to the other types
of disease occurring in the mango leaf. By using such a type of concept, precise farming gains more
popularity.

Data Availability: The data used to support the results of the study may be obtained from the corresponding
author.
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