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Abstract: - The paper presents a model which does identification of multi grains. To design and test such model, datasets of raisin, dry-
beans and rice are used. For the said purpose commonly preferred classifiers Decision Tree, Naive Bayes & Support Vector Machine
(SVM) are opted. The classifiers may accompanied by the feature extraction/reduction techniques (like PCA & LDA) to have better result.
This possibility is explored in this paper. The performance of the model designed with Machine Learning (ML) classifiers only and along
with feature reduction techniques are analyzed. It is observed that Decision Tree classifier serves better amongst opted ML classifiers but
involving PCA/LDA in addition to ML classifier gives the best result. Additionally, the simulation results advocate the proposed model
for high efficiency, accuracy and requirement of less computation power.
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. INTRODUCTION

Now a day’s most of the things are working on a large scale so it’s difficult to go manually and complete the task
on time that’s the reason to make automated model which does the assigned task accurately and in less amount of
time. There are number of application of machine learning, one of them is classification. Classification
application of ML like disease classification-identify the type of disease in fruits or in leaves [1], breast cancer
malignant or not [2], text classification-whether text is spam or not [3], vegetables and fruits classification [1,4],
rice classification [5] and so many. Table 1 show literature of few research paper where they have used different
classifier for different applications with their performance parameters like Accuracy, Precision, Recall, F1-score
etc. This paper aids to applications of machine learning classifiers for the identification of particular class of rice,
raisin and dry beans. From UCI machine learning library datasets are used [11-13].

Table 1: Literature Review

Title Classifier Remarks Year
A novel method for | Decision Tree, e Diffusion maps used for the | 2024
vegetable and fruit | Naive bayes, redundant information
classification based on using | Linear Discriminant Analysis, reduction
diffusion maps and machine | Support vector machine, e SVM classifier achieves
learning [4] Bagging 96.25%
Applying Machine Learning | Support vector machine, e Used Genetic algorithm with | 2024
Algorithms for the | K-nearest neighbors, ML classifier to improve the
Classification ~ of  Sleep | Decision Tree, Random Forest, accuracy
Disorders [6] Artificial Neural Network e ANN algorithm get higher
accuracy than other
A CNN-Based  Hybrid | KNN, e Hybrid model created by | 2023
Approach to Classification of | Ridge Classifier, combining CNN and
Raisin Grains [7] XGBoost, classifier
SVC and LDA e Hybrid model increased the
success in result
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Analytics of machine | Support vector machine, e Used two datasetsiIMDB | 2022

learning-based  algorithms | K-nearest neighbors, dataset

for text classification [8] Multinomial naive SVM and Logistic
bayes(MNB), Regression have 85.5 and
Logistic Regression, 85.9% accuracies,
Random Forest e Spam datasetsupport vector

machine outperforms and
accuracy is 95.5%

Multiclass classification of | Multi-Layer Perceptron, e SVM give higher accuracy 2020
dry beans using computer | Support vector machine, 93.13%

vision and machine learning | Decision Tree, e 10 fold cross validation used
techniques [9] K-nearest neighbors

Rice Grain Classification | Logistic Regression, e extract different parameters 2020
using Image Processing& | Decision Tree Classifiers, of each rice grains

Machine Learning | Random Forest Classifier, e Show the results of LR and
Techniques [5] SVM Algorithm SVM

Classification of  Raisin | Logistic Regression e Image preprocessing done to | 2020
Grains  Using  Machine | Multilayer Perceptron extract the 7 features

Vision and Artificial | Support Vector Machine e SVM give good accuracy

Intelligence Methods [10] 86.44%

Il.  GENERAL FLOW OF CLASSIFICATION

First of all images are captured, then preprocessing is used to extract the features from the images. The extracted
feature will be given to classifier for training purpose and the model is trained. The trained model is tested for the
datasets and results are checked. If results are not promising then different preprocessing techniques are tried or
classifier is changed to reach the desired result.

I1l. ML CLASSIFIER & FEATURE EXTRACTION TECHNIQUES

In classification preprocessed features give as input and train the model for classification. Whenever new testing
data will come it’s give to the trained model and get the target value/result for new data.Amongst many, here
three most commonly preferred three classifiers are opted.

A. Decision Tree

Decision tree classifier works on the hierarchical tree kind of architecture. Where tree is created from the given
dataset. Attributes are checked to divide dataset into other nodes/sub datasets based on criteria like Gini index,
Information gain or entropy. For every created new nodes again the attribute is calculated and this process is
repeated unless stopping criteria like either decided depth is reached or all leaf node have same class value is met.
Corresponding values for particular node is checked and each node have one and more values base on the value
jump to the next node and like this reach at the end node which node contain any one value from the possible
classification labels. Used entropy as criteria for classification. Entropy shows the impurity of data.

ENtropy(S) = Xioq —Dil0gaDist - eeneemeeneeiiiee e (01)

B. Support Vector Machine

It uses hyper plane to classify the data. Hyper plan is one kind of plan that separate two classes. The same
concept is applied for multiclass in which multiple hyper plans are used to separate the classes. If there’s two
classes in dataset then required one hyper plan for separation and if ‘n” classes then required (n-1) hyper plans for
separation. Hyper plan is chosen in such a way that they make more separation between two different classes and
classify the data perfectly. Every time, it is not possible to divide the classes linearly so in this situation used
kernel function to convert non liner plan to linear plan. Gaussian RBF kernel is used for SVM classification. It is
in the form as below.

—llx1—x2112

K(X1,X2) = € 202 (02)
Where ‘o’ is the variance,x, x, are two data points and ||x; — x,|| show Euclidean distance
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C. Naive Bayes

This classifier works on probability concepts. Naive means each feature have their independent probability and
Bayes means its use Bayes theorem. Bayes theorem is based on the prior probability, calculates the posterior
probability. In naive bayes classifier, firstly it determines the prior probability for the specified class labels then
determines the likelihood probability for each class using each attribute. At last uses the Bayes Formula to enter
these values and determine the posterior probability then see which class give higher probability and that is the
final class.

The Naive Bayes algorithm is normally used to distribute data which is known as Gaussian Naive Bayes. When
working with continuous data, an assumption often taken is that the continuous values associated with each class
are distributed according to a normal (or Gaussian) distribution. The likelihood P of the features is assumed to be
for x;within y

(_(Xl— Hy) )

P(x;ly) = ——e 20
Whenever a new data point X is received, the algorithm determines the maximum posterior probability associated
with each class and allocates the data point to that class.

The feature extraction/reduction techniques opted are Principal Component Analysis (PCA) & Linear
Discriminant Analysis (LDA).

A PCA

PCA stands for Principal Component Analysis. It is used to reduce the dimension of features by identify ‘n’
principal components. PCA is unsupervised dimensionality reduction technique because it does not considered
class label for process. PCA create orthogonal axes (principal components) shows variance. Total variance of
dataset is similar to the combined variance of all principal components.
Steps of PCA are as below:
e Standardization of data. Means standardize the continuous initial variable ranges so that each contributes
equally to the analysis.

X—p

Z T T e (04)

g
Where p is mean and o is standard deviation
e To identify the correlation, calculate covariance matrix. Covariance matrix represent two or more variable
correlated with each other.

Cov (x,y) = EEROT) e (05)

n
Where x; and y; data value of x and y respectively, X and y mean value of x and y respectively

e Calculate eigenvalue and eigenvector from covariance matrix.

AV = AV e (06)

A shows eigen value and v shows eigen vector

e Create new feature set by selecting first n principal components (Eigen vectors). The first component (high
variance) give more information than second one and second one give more information than third one and so
on.

B. LDA

LDA stands for Linear Discriminant Analysis. It reduces the number of features from the labels provided to
them. It is a supervised learning dimensionality reduction algorithm. LDA forms a new axis from existing one.
To maximize the separation between the classes, LDA projects the data into a space with a lower dimension.
To do this, a collection of linear discriminants that maximizes the variance ratio within a class to variance
between classes is identified. It determines which feature space directions best divide the various data classes.
The goal of LDA is to minimize overlap across each class and identify the best possible straight line or plane for
dividing these groups.

Steps of LDA as below:

e Calculate the mean vectors for the individual classes.

1
m=— P PP (07)
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Where m and x; represents mean and individual data respectively
e Calculate intra-class and inter-class scatter matrices. Where S,, represents within (intra) class scatter and S,
represents between (inter) class scatter and S, represents scatter for each classes.

Sk = Zymyec; (x (M) — my)(x(n) — M) (08)
S = B ke, (09)

Sy = ZE N My — ) = )T e (10)

e Calculate eigenvectors(W) for intra-class and inter-class scatter

W = €ig(SutSp) e (11)

e The desired eigenvectors are finally obtained from the associated eigenvalues by Eigen decomposition
ofS;;1S,. The maximum value of total eigenvalues is C-1.

IVV.  PROPOSED METHOD

PCA and LDA can be used for feature extraction as well as dimensionality reduction purpose. When more
number of features exist at that time its required to convert them into less number because that features will be
trained by model and if number of features are more than model take more time to train the model. Another
advantage of feature extraction is that it gives important features for consideration. Hence it is recommended to
use feature reduction technique along with ML classifier for the better result. Fig. 1 represents the proposed
model which classifies the grains.

Feature Performance
Dataset > Extraction/Reduction > Classifier evaluation
by PCA /LDA

Fig. 1: Proposed model for Performance improvement

V. SIMULATION AND RESULTS

After the text edit has been completed, the paper is ready for the template. Duplicate the template file by using
the Save As command, and use the naming convention prescribed by your conference for the name of your paper.
In this newly created file, highlight all of the contents and import your prepared text file. You are now ready to
style your paper.

The models that does classification of grains, using ML classifiers alone and along with feature reduction
techniques are simulated in Python. The model can be designed for the following three possibilities.

1. Classifier Results without PCA/LDA

2. Classifier Results with Feature extraction/reduction by PCA

3. Classifier Results with Feature extraction/reduction by LDA

The required datasets are fetched from UCI machine learning library. Table 1 shows the detail of all three
dataset. All dataset feature type is either integer or real, so there is no need to encode the features.

Table 1: Datasets

Instances Features Target Value | Ref. Link
Raisin 900 7 2 [11]
Rice(Cammeo and Osmancik) 3810 7 2 [12]
Dry Beans 13611 16 7 [13]

For classification, first step is to divide the dataset into the two part - train and test. Here it is 80 % and 20 % of
the dataset, respectively.

To check the performance of model in term of accuracy, the formula used is as below:
P+TN

Accuracy= e (12)

P+N

Where

TP: true positive represents number of instances correctly classified,

TN: True Negative represents number of instances correctly negatively classified,
P: Actual positive labeled instances, N: Actual negative labeled instances
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A. Classifier Results Without PCA/LDA

The accuracy of the models designed using the opted ML classifiers separately are listed in Table 2.

J. Electrical Systems 20-3 (2024): 3406-3412

Table 2: Accuracy (%) of classifier without feature extraction/reduction

Support Vector - .
Dataset Machine (SVM) Decision Tree Naive Bayes
Raisin 49.26 81.85 81.11
Rice 56.61 89.23 91.86
Dry beans 25.88 89.42 76.52

Analyzing the accuracies, it is found that the performance of SVM is deteriorated. Decision Tree performs
steady and Naive Bayes is well for the datasets of raisin and rice.

B. Classifier Results with Feature extraction/reduction by PCA

Fig.2, 3 & 4 presents selection of principal components for Raisin, Rice and Dry beans datasets, respectively.
Fig. 2, 3 & 4 comprises of absolute screen plot and cumulative screen plot of variance for the datasets. Absolute
Screen Plot show individual component variance, while Cumulative screen plot shows summation of variance at
particular component. Using these plots value of principal component ‘n’ can be decided. For example, in
Raisin dataset, total number of features is 7. Referring to fig.2 (a), first principal component gives 70%
variance, second component gives 20% and third component gives 10% and cumulatively its 100%, refer fig.
2(b). It means it covers whole dataset in only 3 reduced feature components. Hence, the principal component
value could be taken 3 (n = 3). Similarly for Rice and dry beans datasets it gets n=3 and n=6, respectively.
Accuracy of the model designed by using the numbers of features, supplied by the PCA, and by the opted ML
classifiers is calculated and listed in Table 3.

Raisin Dataset Absolute Screen plot Raisin Dataset Cumulative Screen plot
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(a) Raisin Dataset Absolute Screen Plot (b) Raisin Dataset Cumulative Screen Plot
Fig. 2: Principal component selection for Raisin dataset
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Fig. 4: Principal component selection for Dry beans dataset
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Table 3: Classifier Accuracy (%) when Feature extraction/reduction by PCA

Dataset PCA ™ Support Yector Decision Tree Naive Bayes
components Machine
raisin n=3 90.00 79.44 87.22
rice n=3 93.31 89.63 93.04
Dry beans n=6 92.25 89.39 90.08

Classifier Results with Feature extraction/reduction by LDA

In LDA number of ‘n’ component is chosen based on eigenvalue. At most possible eigenvalue is C-1, where ‘C’
is the target value. Target value for Raisin, Rice and Dry bean datasets are 2, 2, & 7, respectively. Therefore, the
possible eigenvalue and hence number of ‘n’ component for the said datasets could be 1, 1 and 6. Considering
the number of ‘n” component supplied by LDA, the model is designed using ML classifier and their efficiency

for the datasets are listed in Table 4.

Table 4: Classifier Accuracy (%) with Feature extraction/reduction by LDA

Dataset ccffpﬁr;:r;ts Sup&(;::th\i/neector Decision Tree Naive Bayes
Raisin n=1 90.56 86.11 90.00
Rice n=1 93.83 89.63 93.96
Dry beans n=6 91.88 89.97 91.48
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Table 5: Best Result for three datasets

Dataset Eiteri[gt:zn Classifier Accuracy (%)
Raisin LDA Support Vector Machine 90.56
Rice LDA Naive Bayes 93.96
Dry beans PCA Support Vector Machine 92.25

From Table 2, 3 & 4 best possible result for individual database is picked out and showcase in Table 5.
Analyzing accuracy listed in table 2, 3, 4 and 5 it is noticed that the model designed using ML classifiers only
are possessed reasonable accuracy but when feature extraction techniques are incorporated with ML classifier
the accuracy of the model is hinged above 90 %.

VI. CONCLUSION

It is observed the Decision Tree and Naive Bayes classifier performs remarkable but the performance of the
model is boosted when PCA/LDA feature extraction/reduction technique is inculcated with ML classifiers.
PCA/LDA extract important features from dataset and reduce the dimensionality of dataset, hence may also
assure less computational power requirement. Therefore, for such type of applications it is advisable to involve
feature reduction techniques along with ML classifiers for better results. The proposed model can be extended
to the medical field like classification of diseases and many more.
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