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Abstract:
The proposed work compares machine learning algorithms for fruit classification using apples, mandarins,
oranges, and lemons. The goal is to identify the most accurate and precision-score algorithm. To assemble a
robust dataset, we purchased several dozen oranges, lemons, and apples of various subtypes and meticulously
recorded their mass, width, height, and color score using nano semiconductor sensors. Using this recorded
data statistical analysis is conducted for identifying the accurate fruit classification machine learning method.
The accurate prediction rate is determined by subtracting the actual and anticipated values. K-Nearest
Neighbors (KNN) shows superior performance, achieving accuracies of 0.989, 0981 and 0.979 on training,
validation and testing sets. The performance of the KNN algorithm combined with the W-H-CS feature
combination technique is highly dependent on the choice of k and relevance of the selected features.

Keywords: Classification algorithms; Nano-scale feature detection; Machine learning algorithms and statistical analysis; Nano-enabled
image sensors; Nano semiconductor sensors

1. Introduction

Fruit classification is critical for digital supermarkets and
their management. Fruits obtained from various retailers
provide an inexpensive way to characterize and classify
the fruit mix. Initial investigations into fruit categorization
primarily relied on datasets that contained only one fea-
ture. This method had its limitations in terms of precision
and adaptability, as it failed to accommodate the extensive
diversity in the visual characteristics of fruits [1, 2]. Tra-
ditional methods relying on single-feature data are prone
to confusion when distinguishing similar ground objects
due to the lack of comprehensive dimensional information
[3, 4]. However, with the rapid evolution of digital tech-

niques, researchers have increasingly turned to exploring
multi-feature data to achieve enhanced classification accu-
racy [5–7]. The advent of advanced agricultural robots has
led to a significant reduction in manual labour in the fields.
These robots are now handling tasks like weeding [8, 9],
pesticide spraying [10], monitoring plant growth [11], esti-
mating crop yields [12, 13], and even harvesting fruits [14],
and so on. All these advanced yielding techniques require
an effective classification technique.
The traditional method of fruit classification entails col-
lecting a variety of fruits from various trees and manually
sorting them with labour assistance for sale in physical mar-
kets. However, this approach is inefficient and not scalable.
In the current scenario, advanced robots allow for the re-
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mote and convenient collection of fruit images, which are
then processed using computer vision techniques. However,
images taken within orchards frequently pose challenges:
1) They may have varying levels of illumination due to
natural lighting conditions, and 2) the camera is typically
positioned 1-2 meters from the nearest foliage, resulting in
smaller fruits taking up a small portion of the image’s pixels.
These inherent characteristics present significant challenges
to computer vision-based fruit detection. Recent advances
in machine learning techniques have revealed [15].
Many efforts have been made to develop an automated fruit
classification model, but the practical application of such
a system has yet to be demonstrated [16–19]. Previous ef-
forts have typically used a variety of sensors and machine
learning techniques to detect features such as shape, colour,
texture, and size in produce items for classification. Fruits,
with their irregular shapes, sizes, and colours, present a
significant challenge for identification, necessitating the in-
vestigation of nearly every fruit aspect as a classification
feature. Early classification methods relied on global fea-
tures such as shape and colour, whereas more advanced
techniques delved into local features like texture. A variety
of sensors have been used to capture fruit characteristics,
ranging from basic black-and-white cameras to sophisti-
cated hyperspectral cameras [20–22].
The classification, recognition, and detection of fruit and
vegetables has proven to be challenging in the subfield of
object recognition. By using techniques from similar do-
mains, such as leaf classification for vegetable classification,
the categorization of fruits and vegetables has also advanced
[23]. The majority of research in this domain are focused
on fusing machine learning algorithms for recognition or
classification with image analysis for feature description
[24–26]. The goal of these efforts is to represent physical
characteristics using machine vision-based representations
called feature descriptions. In order to obtain a qualitative
outcome, these features are then passed into a classifica-
tion algorithm. Many methods have been researched for
feature description and categorization; however, substantial
redesigns and enhancements are necessary for successful
classification. The implementation of a fruit and vegetable
classification system requires a thorough rethinking of all
associated attributes, sensors, and classification algorithms.
In order to offer a comprehensive analysis of the fruit clas-
sification endeavors, the complete procedure has been seg-
mented into smaller steps, as illustrated in figure 1. The
constituent processes are presented in this study in order,
starting with a basic summary before going on to detail the
particular variants that are used to classify fruits.
These machine learning-based detectors have been demon-
strated to be effective for fruit detection and classification
[14]. Though, the reasons why this state of arts are unable
to handle the classification with high accuracy includes the
following 1) single feature data set 2) usage of pre-trained
models and fine-tuning on the trained data set only 3) non-
visual sensor data. To overcome the above limitations this
article incorporates a multi-feature classification technique
to improve the prediction accuracy by conducting statistical
analysis using different fruit features and machine learn-

ing algorithms. As a result of this article, the following
contributions have been made:

• Proposed a novel machine learning classifier model for
fruit classification, utilizing multilevel features to train
the classifiers.

• Provided a comparative analysis of different machine
learning models.

2. Data acquisition & experimental design

Data collection is a critical step in the development of any
AI system. It entails gathering and preparing data for use in
training and testing machine learning models. Depending
on the specific problem and the type of data required, there
are several methods for acquiring data for AI. Out of all
these the following are the most common methods:

Open-source data collection: There is a massive
amount of data available online that can be used to
train machine learning models. For example, social
media platforms, open data repositories, and govern-
ment websites can all be valuable data sources.

Crowdsourcing: It is the process of gathering data
samples from a large number of people via online
surveys, questionnaires, or other means. This method
is frequently used to collect data for natural language
processing tasks like sentiment analysis or language
translation.

Synthetic data: It is the information that is created
fraudulently with the intent of imitating certifiable in-
formation. This approach is useful when there is a
limited amount of certifiable information accessible
or when the information contains sensitive data that
cannot be shared.

Building custom data assortment pipelines: It is
necessary to assemble custom information assortment
pipelines from time to time in order to obtain informa-
tion that is well-defined for the issue being addressed.
Whatever method is used, it is critical to ensure that the
data is accurate, relevant, and of high quality. This en-
tails thoroughly cleaning and pre-processing the data
to remove any errors, inconsistencies, or biases that
may affect the AI system’s performance. In this work
building custom data assortment pipelines is used to
acquire the data for experimental design and the same
is described as follows. The fruit data acquisition pro-
cess is shown in figure 1. To assemble a robust dataset,
we purchased several dozen(sample size of 3000,) or-
anges, lemons, and apples of various subtypes and
meticulously recorded their mass, width, height, and
color score using nano semiconductor sensors, as illus-
trated in figure 2. Each entry in the dataset corresponds
to a single piece of fruit, encompassing several features
outlined in the figure.
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Figure 1. Data preprocessing and classification.

2.1 Data pre-processing
Because of noise, missing values, and unusable formats, a
machine learning model cannot be directly applied to real-
world data. Apart from sanitizing and organizing data for
machine learning models, data pre-processing enhances the
precision and effectiveness of those models. Therefore, it
is necessary to deal with the dataset’s missing values. The
most popular techniques for handling missing data are as
follows:

• Deleting a missing data row

• Calculating the mean

As per the literature, deleting the missing data may lead
to a loss of information, which will not give an accurate
output. As a result, the proposed method employs the cal-
culating mean technique for efficient data pre-processing.
In this method, for accurate fruit classification, the miss-
ing row/column is replaced with the mean of that particu-
lar row/column. We used the Scikit-learn library for data

pr-processing, which contains various libraries for build-
ing machine learning models. The Imputer class from the
Sklearn preprocessing library is used here. Categorical data
is data that has multiple categories; for example, in our
data set, there are four categorical variables: apple, man-
darin, orange, and lemon. Despite the fact that machine
learning works completely on mathematics and numbers,
if our dataset contains categorical variables, then it may
be difficult to build a model for it. Therefore, categorical
variables must be encoded into numbers. For the effective
encoding of categorical data, we used the Label Encoder
() class from the pre-processing library. Finally, feature
scaling is conducted to standardize the independent vari-
ables of the dataset in a specific range. In this work, feature
scaling is done using the normalization technique as given
in equation (1).

New value =
Original value−min(original value)

max(original value)−min(original value)
(1)

Figure 2. Optimal feature selection.
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3. Feature selection
The research explores ways to increase model prediction
capabilities, expedite data collection, and facilitate data
interpretation by addressing input data gathering in the net-
work model. The input data samples of fruit data (Mass(M),
Width(W), Height(H), and Colour Score (CS)) are identi-
fied to be nonhomogeneous in nature. Because all of the
fruit data is nonhomogeneous, the correlation between any
combination of the four waveforms should be investigated
for accurate classification. In order to select the appropriate
feature data for effective classification, statistical analysis
is performed, which can be accomplished by considering
various possible combinations with different classification
techniques, which are described in Table 1:

Table 1. Optimal fruit feature selection.

Fruit features Classification techniques
M

Logistic regression
Decision tree

K-nearest neighbors
Linear discriminant analysis

Gaussian naive bayes
Support vector machine

W
H

CS
M-W
M-H

M-CS
W-H

W-CS
H-CS

M-W-H
M-W-CS
W-H-CS
H-M-CS

M-W-H-CS

Multi classification building models
In machine learning, an observation or instance is classified
by determining which category (subpopulation) it belongs
to using a training set that contains observations (or in-
stances) whose category membership is known. This paper
describes various feature types, as shown in figure 1. Using
this feature type, various fruit classification algorithms are
proposed in order to build an effective model to classify the
fruit types. The proposed models are described below:

A. Logistic regression
A logistic regression model, along with a collection of input
variables, is used to forecast the probability of an event
taking place, given the input data. Logistic regression model
gives an outcome’s probability, which goes from 0 to 1. The
logistic function serves as the foundation for the logistic
regression model, which is constructed around it using the
sigmoid function, which transforms any real number into
a value between 0 and 1. The following is the logistic
function:

h(x) =
1

1+ e−∅x (2)

Equation (2) uses x as the input data sample and ∅ as the
learning parameter to optimize. The prediction value, which
is nearer to 1, is the result. This suggests that the case
(output = 1) has a higher probability of being a positive

sample. The instance is more likely to be a negative sample
(output = 0) if the value is close to zero. The log-likelihood
loss function, which is the objective function for this fruit
categorization, is found in equation (3).

J(∅) =− 1
m

m

∑
i=1

(opi log(pi)+(1−opi) log(1− pi) (3)

where J(∅) represents the cost function, m is the number
of samples, pi represents the true label for the ith sample

B. Decision tree
A decision tree is a graphical representation of various op-
tions and their potential outcomes. Decision trees are built
using an algorithmic approach that identifies alternative
ways to segment a data set based on certain conditions. To
design decision trees, an algorithmic technique is utilized
that identifies multiple ways to segment a data set depend-
ing on various conditions. It is one of the most popular and
practical supervised learning algorithms. Decision trees are
a non-parametric supervised learning method that can be
used for classification as well as regression. In the decision
tree classification technique, entropy is used for effective
attribute selection. There is a lot of difficulty involved in
deciding which attributes should be placed at the root or
at different levels of the tree as internal nodes when there
are N attributes in the dataset. Choosing any node as the
root at random won’t fix the problem. In order to solve at-
tribute selection issues, most of the researchers worked and
derived some solutions. Entropy is one of the most effective
techniques for attribute selection. In this technique, a high
entropy makes it harder to draw any conclusions about that
information. A mathematical representation of entropy for
multiple attributes is as follows:

E(t,x) = ∑
c∈x

p(c)E(c) (4)

E(t,x) indicated the expected value of function be-
tween t and x.

x is a set, and c is the elements within the set.

p(c) is the weighting factor associated with each ele-
ment c.

E(c) is the expected value of component c.

C. K-nearest neighbors
K-nearest neighbours is a powerful supervised machine
learning algorithm that is utilized on open AI platforms
for both classification and regression issues. As a result
of the characteristics (labelled data) of the training data,
KNN makes predictions on the test dataset. Using distance
calculations between test and training data, these predic-
tions are made by assuming the data points possess similar
characteristics or attributes. k nearest neighbour’s algorithm
to classify fruit data h(x) can be described as follows:

h(x) = mode[{y′′ : (x′′,y′′) ∈ sx}] (5)

h(x) gives the label of highest occurrence in the K-nearest
neighbours. k nearest neighbors of x as sx. formally sx is
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defined sx ∈ dist(x,y)

dist(x,y) = (
d

∑
r=1

{|xr − yr|p)}
1
p (6)

h(x) is the predicted value for input x, p = 1 Manthattan
distance & p = 2 Euclidean distance, {y′′ : (x′′,y′′) ∈ sx}
represents the set of output values y′′ corresponding to input-
output pairs (x′′,y′′) in the subset sx.

D. Linear discriminant analysis
This technique reduces dimensionality through linear dis-
criminant analysis. Pattern classification and machine learn-
ing applications use it as a pre-processing step. In order
to sidestep the challenges posed by high-dimensional data,
LDA aims to transform features from a higher-dimensional
space to a lower-dimensional one. The primary objective of
LDA is the projection of high dimensional features into a
lower-dimensional space, which not only helps alleviate the
curse of dimensionality but also results in resource and cost
savings. It can be achieved with class variance, as shown
below:

bc =
k

∑
i=1

ni(x̄i − x̄){x̄i − x̄)T (7)

The distance between mean and sample of each class is
calculated using the equation given below:

bw =
k

∑
i=1

n

∑
j=1

(x̄i j − x̄i){x̄i j − x̄i)
T (8)

In the final step, construct the lower-dimensional space that
minimizes the variance within a class but maximizes the
variance between classes. Fisher’s criterion is considered to
be a lower-dimensional space projection.

plda = argmax
|pT bc p|
pT bw p

(9)

where bc represents the between-class scatter matrix, bw
represents the within-class scatter matrix and p is the direc-
tion.

E. Gaussian naive bayes
A naive Bayesian analysis assumes an independent relation-
ship between the features. The covariance matrix for the
classes is still class-specific, so we still assume the class-
specific matrix, However, diagonal matrices are used to
model covariance. In this case, the features are assumed
to be independent. (Gaussian) Naive Bayes assumes a nor-
mally distributed distribution of class-conditional densities
for a dataset with n input variables x with corresponding
target variables t.

p(x|t = v,µv,Σv.= n(x|µv,Σv.)} (10)

In this example, µ is the class-specific mean vector, and Σ.
is the class-specific covariance matrix. Determine the class
of x using Bayes theorem as follows:

h(x) = {argmx}vp(t = v|x,}µv,Σ{v} (11)

where p(x) and h(x) are the conditional probability and
probability density of x at t.

F. Support vector machine
In Supervised Learning, an SVM, or Support Vector Ma-
chine, is used to solve classification and regression issues.
Its primary application in machine learning is problem clas-
sification. The SVM algorithm makes it easier to assign
additional data points to the relevant category in the future
by generating the optimal feasible line or decision boundary
that can divide an n-dimensional space into classes. An
optimal decision boundary is referred as a hyperplane to
maximize the minimum distance as shown in the figure 3.
From figure it is observed that the goal of SVM is to min-
imize the distance and identifying a hyperplane with the
maximum margin using the following equation (12).

dh(x0) = argmax
|wT (Q(xo)+b|

||w||2
(12)

where dh(x0) = optimal direction, wT (Q(xo) + b) = ab-
solute value Q(xo), Q(xo) = transformation applied at xo,
||w||2 = euclidean norm.

Figure 3. SVM hyper line graph.
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4. Result and discussions

The proposed methodology is implemented using collected
data from a rural area fruit market in Ippatam in September
2022, it is a certain remote region in Andhra Pradesh, as de-
scribed in figure 2. The gathered information encompasses
a sample size of 3000, featuring an assortment of apples,
oranges, mandarins, and lemons, each exhibiting various
subtypes alongside a spectrum of mass, width, height, and
color ratings, as illustrated in figure 2. In this work, 70%,
20%, and 10% of the samples are used for training, val-
idation, and testing, respectively. The scatter matrix for
each input variable is shown in figure 4. As discussed in
Table 1, the proposed model’s accuracy can be improved
by conducting statistical analysis. Here, statistical analysis
is performed for various fruit feature combinations, and all
possible combinations are evaluated using various classi-
fication techniques as detailed in section 5. The resulting
possible combinations (15 combinations) are listed below.

Case:1
In this case {LR}-{4} indicates the logistic regression
with four labels such as apples, oranges, mandarins, and
lemons. Using {LR}-{4} with M, W, H and CS features
there are total 15 possible combinations available which
are listed below and are evaluated using logistic regression

with a set of regularization = 1.0. The corresponding train-
ing and testing classifier accuracy is tabulated in the Table 2.

{M}-{LR}-{4},{W}-{LR}-{4},{H}-{LR}-{4},{CS}-
{LR}-{4}{M-W}-{LR}-{4},{M-H}-{LR}-{4},{M-CS}-
{LR}-{4},{W-H}-{LR}-{4},{W-CS}-{LR}-{4},{H-
CS}-{LR}-{4}{M-W-H}-{LR}-{4},},{M-W-CS}-
{LR}-{4},},{W-H-CS}-{LR}-{4},},{H-M-CS}-{LR}-
{4},},{M-W-H-CS}-{LR}-{4}

where M = mass,W = width,H = height,CS = color score
and

Case:2

In this case {DT}-{4} indicates the decision tree with four
labels such as apples, oranges, mandarins, and lemons. Us-
ing {DR}-{4} with M, W, H and CS features there are total
15 possible combinations available which are listed below
and are evaluated using decision tree tuned between 1 and
20 by setting optimal value = 5. The corresponding train-
ing and testing classifier accuracy is tabulated in the Table 3.

{M}-{DT}-{4},{W}-{DT}-{4},{H}-{DT}-{4},{CS}-
{DT}-{4},{M-W}-{DT}-{4},{M-H}-{DT}-{4},{M-
CS}-{DT}-{4},{W-H}-{DT}-{4},{W-CS}-{DT}-

Figure 4. Scatter plot for input features.
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Table 2. Accuracy of logistic regression classifier.

Fruit features Accuracy on training set Accuracy on testing set

M 0.850 0.809

W 0.848 0.889

H 0.846 0.869

CS 0.842 0.829

M-W 0.852 0.829

M-H 0.855 0.859

M-CS 0.860 0.809

W-H 0.858 0.889

W-CS 0.861 0.819

H-CS 0.859 0.899

M-W-H 0.865 0.859

M-W-CS 0.868 0.889

W-H-CS 0.870 0.809

H-M-CS 0.864 0.849

M-W-H-CS 0.862 0.829

{4},{H-CS}-{DT}-{4},{M-W-H}-{DT}-{4},},{M-W-
CS}-{DT}-{4},},{W-H-CS}-{DT}-{4},},{H-M-CS}-
{DT}-{4},},{M-W-H-CS}-{DT}-{4}

Case:3
In this case {KNN}-{4} indicates the K-Nearest Neighbors
with four labels such as apples, oranges, mandarins, and
lemons. Using {KNN}-{4} with M, W, H and CS features
there are total 15 possible combinations available which are
listed below and are evaluated using K-Nearest Neighbors
(KNN,K = 5). The corresponding training and testing
classifier accuracy is tabulated in the Table 4.

{M}-{KNN}-{4},{W}-{KNN}-{4},{H}-{KNN}-
{4},{CS}-{KNN}-{4},{M-W}-{KNN}-{4},{M-H}-
{KNN}-{4},{M-CS}-{KNN}-{4},{W-H}-{KNN}-
{4},{W-CS}-{KNN}-{4},{H-CS}-{KNN}-{4},{M-W-
H}-{KNN}-{4},},{M-W-CS}-{KNN}-{4},},{W-H-CS}-
{KNN}-{4},},{H-M-CS}-{KNN}-{4},},{M-W-H-CS}-
{KNN}-{4}

Case:4
In this case {LDA}-{4} indicates the linear discriminant
analysis with four labels such as apples, oranges, man-
darins, and lemons. Using {LDA}-{4} with M, W, H
and CS features there are total 15 possible combinations

Table 3. Accuracy of decision tree classifier.

Fruit features Accuracy on training set Accuracy on testing set
M 0.830 0.839

W 0.850 0.809

H 0.848 0.889

CS 0.844 0.849

M-W 0.854 0.849

M-H 0.857 0.879

M-CS 0.862 0.829

W-H 0.86 0.809

W-CS 0.863 0.839

H-CS 0.861 0.819

M-W-H 0.867 0.879

M-W-CS 0.807 0.809

W-H-CS 0.892 0.899

H-M-CS 0.866 0.869

M-W-H-CS 0.864 0.849
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Table 4. Accuracy of KNN classifier.

Fruit features Accuracy on training set Accuracy on testing set

M 0.955 0.959

W 0.952 0.929

H 0.905 0.909

CS 0.946 0.969

M-W 0.956 0.969

M-H 0.959 0.899

M-CS 0.964 0.949

W-H 0.962 0.929

W-CS 0.965 0.959

H-CS 0.963 0.939

M-W-H 0.969 0899

M-W-CS 0.972 0.829

W-H-CS 0.989 0.979

H-M-CS 0.968 0.889

M-W-H-CS 0.966 0.969

available which are listed below and are evaluated using
linear discriminant analysis. The corresponding train-
ing and testing classifier accuracy is tabulated in the Table 5.

{M}-{LDA}-{4},{W}-{LDA}-{4},{H}-{LDA}-
{4},{CS}-{LDA}-{4},{M-W}-{LDA}-{4},{M-H}-
{LDA}-{4},{M-CS}-{LDA}-{4},{W-H}-{LDA}-
{4},{W-CS}-{LDA}-{4},{H-CS}-{LDA}-{4},{M-W-
H}-{LDA}-{4},},{M-W-CS}-{LDA}-{4},},{W-H-CS}-
{LDA}-{4},},{H-M-CS}-{LDA}-{4},},{M-W-H-CS}-
{LDA}-{4}

Case:5
In this case {GNB}-{4} indicates the Gaussian Naive
Bayes (GNB)with four labels such as apples, oranges,
mandarins, and lemons. Using {GNB}-{4} with M, W, H
and CS features there are total 15 possible combinations
available which are listed below and are evaluated using
GNB. The corresponding training and testing classifier
accuracy is tabulated in the Table 6.

{M}-{GNB}-{4},{W}-{GNB}-{4},{H}-{GNB}-
{4},{CS}-{GNB}-{4},{M-W}-{GNB}-{4},{M-H}-
{GNB}-{4},{M-CS}-{GNB}-{4},{W-H}-{GNB}-
{4},{W-CS}-{GNB}-{4},{H-CS}-{GNB}-{4},{M-W-

Table 5. Accuracy of LDA classifier.

Fruit features Accuracy on training set Accuracy on testing set
M 0.854 0.849

W 0.851 0.819

H 0.849 0.799

CS 0.845 0.859

M-W 0.855 0.859

M-H 0.858 0.889

M-CS 0.863 0.839

W-H 0.861 0.819

W-CS 0.864 0.849

H-CS 0.862 0.829

M-W-H 0.868 0.889

M-W-CS 0.871 0.819

W-H-CS 0.893 0.899

H-M-CS 0.867 0.879

M-W-H-CS 0.865 0.859
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Table 6. Accuracy of GNB classifier.

Fruit features Accuracy on training set Accuracy on testing set
M 0.849 0.799

W 0.847 0.879

H 0.845 0.859

CS 0.841 0.819

M-W 0.851 0.819

M-H 0.854 0.849

M-CS 0.859 0.849

W-H 0.857 0.879

W-CS 0.806 0.809

H-CS 0.858 0.789

M-W-H 0.864 0.849

M-W-CS 0.867 0.879

W-H-CS 0.899 0.896

H-M-CS 0.863 0.839

M-W-H-CS 0.861 0.819

H}-{GNB}-{4},},{M-W-CS}-{GNB}-{4},},{W-H-CS}-
{GNB}-{4},},{H-M-CS}-{GNB}-{4},},{M-W-H-CS}-
{GNB}-{4}

Case:6

In this case {SVM}-{4} indicates the Support Vector
Machine (SVM) with four labels such as apples, oranges,
mandarins, and lemons. Using {SVM}-{4} with M, W, H
and CS features there are total 15 possible combinations
available which are listed below and are evaluated using
SVM. The corresponding training and testing classifier

accuracy is tabulated in the Table 7.

{M}-{SVM}-{4},{W}-{SVM}-{4},{H}-{SVM}-
{4},{CS}-{SVM}-{4},{M-W}-{SVM}-{4},{M-H}-
{SVM}-{4},{M-CS}-{SVM}-{4},{W-H}-{SVM}-
{4},{W-CS}-{SVM}-{4},{H-CS}-{SVM}-{4},{M-W-
H}-{SVM}-{4},},{M-W-CS}-{SVM}-{4},},{W-H-CS}-
{SVM}-{4},},{H-M-CS}-{SVM}-{4},},{M-W-H-CS}-
{SVM}-{4}

The statistical analysis presented above concludes

Table 7. Accuracy of SVM classifier.

Fruit features Accuracy on training set Accuracy on testing set
M 0.850 0.809

W 0.848 0.789

H 0.846 0.869

CS 0.842 0.829

M-W 0.852 0.829

M-H 0.855 0.859

M-CS 0.806 0.809

W-H 0.858 0.789

W-CS 0.861 0.819

H-CS 0.859 0.799

M-W-H 0.865 0.859

M-W-CS 0.868 0.789

W-H-CS 0897 0.889

H-M-CS 0.864 0.849

M-W-H-CS 0.862 0.829

2008-8868[https://dx.doi.org/10.57647/j.ijnd.2025.1604.26]
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that the W-H-CS feature technique is the most effective
model for classification. This proposed model is evaluated
using various classification techniques, and the simulated
training and testing accuracy are depicted in figure 5 and
figure 6. The plots indicate that KNN with the W-H-CS
feature technique outperforms basic Logistic Regression,
decision tree, Linear Discriminant Analysis, Gaussian
Naive Bayes, and Support Vector Machine, achieving
accuracies of 0.989 and 0.979, respectively. Subsequent
training and validation plots for KNN using the W-H-CS
feature technique are shown in figure 7, while the decision

boundary plot for the K-NN Classifier is displayed in
figure 7. The suggested K-Nearest Neighbors (KNN)
algorithm has been meticulously examined in relation
to the previously published literature, with the intent of
thoroughly validating the robustness and effectiveness
of its performance, and the comparative results have
been illustrated in the Table 8 presented below for better
understanding and analysis. These results and discussions
highlight the suitability of the proposed method for
real-time fruit classification.

Figure 5. Training accuracy.

Figure 6. Testing accuracy.

Figure 7. Decision boundary plot using KNN classifier.

2008-8868[https://dx.doi.org/10.57647/j.ijnd.2025.1604.26]
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Table 8. Comparison of case studies.

Method Accuracy Case studies

Edge detection 0.70 Blasco et al. (2009) – Citrus fruit sorting
using color segmentation [27]

Transfer learning with VGG16 0.954 Mureşan & Oltean (2018) – CNN for
fruit classificationTransfer learning with
VGG16, ResNet [28]

W-H-CS-{KNN}-{4} 0.979 Proposed method

5. Conclusion
In this study, we conducted statistical analyses to determine
the most effective combination of features and the most
suitable model to achieve high classification accuracy.
By applying the W-H-CS (Width-Height-Color Score)
feature combination within the K-Nearest Neighbors
(KNN) algorithm, we observed improvements in both
training and testing accuracy on the fruit dataset. Despite
the availability of numerous classification techniques in
AI research, there remains a need for a robust approach
for classifying dependent data, especially to support
effective market analysis strategies. Our analysis of the
fruit dataset highlights the importance of the W-H-CS
feature combination for accurate label classification. Using
KNN, we developed a feature model that achieved notably
high accuracy, validated further by testing the method
across additional classifiers: LR, DT, LDA, GNB, and
SVM all tested with various feature combinations. Results
demonstrate that pairing KNN with the W-H-CS feature
combination enhances performance in classification tasks.
However, the performance of the KNN algorithm combined
with the W-H-CS feature combination technique is highly
dependent on the choice of k and relevance of the selected
features.
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