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Abstract:

In this study, we compared the performance of Random Forest Classifier and Decision Tree using classification evaluation
methods. The results showed that Random Forest Classifier had a higher overall accuracy rate but also produced more
outliers. On the other hand, Decision Tree demonstrated consistency in classification with fewer outliers. These findings
provide insights into the trade-off between accuracy and consistency when selecting the appropriate classification method.
Furthermore, further research is needed to understand the impact of outliers on classification performance and to take
appropriate steps in addressing them.

Keywords: Random Forest Classifier, Decision Tree, Naive Bayes, Support Vector Machine, Binary Dataset,
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1. Introduction:

In the increasingly advanced digital era, the ability to classify and predict data has become crucial [1]-[3]. One of
the methods used for classification is through the use of classification models. These models learn patterns within the
data and can be used to predict the classes or labels of unknown data [4]-[7]. Machine learning-based classification
models have proven to be successful in solving this problem. In this study, our aim is to compare the performance of
four popular classification models: Random Forest Classifier, Decision Tree, Support Vector Machine (SVM), and
Naive Bayes. Specifically, we will compare the performance of these models in classifying binary data [5], [6]
consisting of cat and dog images.

The binary classification between cats and dogs has wide-ranging applications, including image recognition,
animal research, and the pet industry. However, determining the most effective classification model for this task can
be a challenge. Therefore, this study aims to compare the performance of the Random Forest Classifier, Decision Tree,
Support Vector Machine (SVM), and Naive Bayes classification models in classifying binary images of cats and dogs

(2], [8], [9].

The main objective of this research is to compare the performance of the Random Forest Classifier, Decision Tree,
Support Vector Machine (SVM), and Naive Bayes classification models on a binary dataset of cats and dogs. We aim
to evaluate and compare the accuracy, precision, recall, and F1 score [10], [11] of these four models to determine
which model performs better in classifying cat and dog images.

In this study, we have several research questions that will guide our investigation. First, we want to evaluate the
performance of the Random Forest Classifier in classifying binary cat and dog images. We will measure the accuracy,
precision, recall, and F1 score of this model to assess its ability to correctly predict the image classes [12], [13]. Next,
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we will evaluate the performance of the Decision Tree classification model in the same task. Decision Tree is a popular
classification method, and we are interested in how well it can classify binary cat and dog images. We will use the
same metrics, namely accuracy, precision, recall, and F1 score, to compare its performance with Random Forest.

Considering other classification methods, namely Support Vector Machine (SVM) and Naive Bayes. SVM is a
highly effective method for separating data classes by constructing an optimal hyperplane between them. We want to
see how well SVM [14], [15]can classify binary cat and dog images with high levels of accuracy, precision, recall,
and F1 score. Additionally, we will also evaluate the performance of Naive Bayes, which is a probabilistic
classification method based on the naive assumption of feature independence. We want to determine if Naive Bayes
can provide competitive results in the task of classifying binary cat and dog images [16], [17]. By comparing the
performance of these four classification models, we hope to gain a better understanding of their abilities in classifying
binary cat and dog images and make valuable contributions to the development of classification methods for similar
tasks.

Furthermore, we aim to determine if there are significant differences in the performance metrics among the
Random Forest Classifier, Decision Tree, Support Vector Machine (SVM), and Naive Bayes classification models
when classifying binary cat and dog images. We will use appropriate statistical tests to analyze the data and determine
if these differences are statistically significant or not [18]. By answering these research questions, we will gain a better
understanding of the performance of these two classification models in this particular binary classification task [13],
[19]. The results of this research will provide valuable insights for practitioners and researchers in selecting the
appropriate classification model for similar tasks, considering accuracy, precision, recall, and F1 score [3], [10], [20].

This study will focus on comparing the performance of the Random Forest Classifier, Decision Tree, Support
Vector Machine (SVM), and Naive Bayes classification models in classifying a binary dataset consisting of cat and
dog images. The dataset used in this study will comprise properly categorized cat and dog images [17], [21]. However,
it is important to note that the evaluation and performance comparison may vary depending on the dataset used. This
research will be limited to measuring accuracy, precision, recall, and F1 score as performance metrics.

2. Method:
Our research design consists of 5 well-organized main stages, with the aspects illustrated in Figure 1.

—

Figure 1. General Stages of Research Design

Exploratory Data Analysis (EDA)
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The first step in this research is to perform Exploratory Data Analysis (EDA) to gain a comprehensive
understanding of the dataset [22], [23]. Analyzing descriptive statistics, visualizations, and data distributions to gain
insights into the characteristics of the dataset. Table 1 presents general information about the dataset used in this study.

Table 1. Dataset Information

Number of Number of Number of Attribute Missing
Data set - L
cases attribute classes characteristics values
Cat-and-dog 10.032 7 2 Numeric No

Image Segmentation with Canny

After EDA, we will perform preprocessing on the dataset. One of the preprocessing steps we will take is image
segmentation using the Canny method. This method will help separate important objects from the background in the
images within the dataset [24], [25]. Figure 2 illustrates the visualization results with image segmentation using Canny.

actual
actual

actual

Seg.canny Seg.canny Seg.canny

Figure 2. Visualisasi Segmentasi Canny

Feature Extraction with Humoment

Perform feature extraction using the Humoment method. This method will generate feature vectors that represent
each image in the dataset [26], [27]. These feature vectors will be used as inputs in the classification model. Figure 3
illustrates the visualization of Humoment feature extraction using scatter plots and heatmaps.

Figure 3. Visualization of Scatter Plot and Heatmap for Feature Extraction using Humoment
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Random Forest Classifier

The Random Forest Classifier is a classification method that uses an ensemble of decision trees to make predictions
[28], [29]. This method combines predictions from multiple decision trees to generate the final result. The main
advantage of the Random Forest is its ability to overcome overfitting and produce stable predictions, as depicted in
Figure 4, illustrating the concept of the Random Forest Classifier algorithm.

Dataset X = {(x_1,y_1),(x_2,y_2),...,(x_n,y_n)}

Prediction t= H_t(x),t = 1,2,...,T

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

Figure 4. Random Forest Classifier Algorithm

Decision Tree

Decision Tree is a classification method that takes the form of a tree structure with nodes representing decisions
or predictions [30]. At each node, the algorithm divides the data based on the most informative input variable, as
depicted in Figure 5, illustrating the concept of the Decision Tree algorithm.

Dataset X = {(x_1,y_1),(x_2,v.2),..., (x_n,y_n)}
Prediction = H(x)

ROOT Node
Branch/ Sub-Tree

Splitting
A| Decision Node
Terminal Node Decision Node | Terminal Node |- - -

Terminal Node Terminal Node

Note:- A is parent node of B and C.
Figure 5. Decision Tree Algorithm
Support Vector Machine (SVM)

Support Vector Machine (SVM) is a machine learning method used for classification and regression. SVM aims
to find the best hyperplane that maximizes the margin between two different classes of data [10], [24]. This hyperplane



49 Indonesian Journal of Data and Science

is used to separate the two classes of data as far as possible and create an optimal decision boundary [9], [31], as
depicted in Figure 6.
Dataset = (xi, yl)
yiw-x; + b) = 1

Xz O | . O

Maxdimum.
\_{/marg@‘

X4 %4
Figure 6. Algoritma Support Vector Machine

Naive Bayes
Naive Bayes is a probabilistic classification method based on Bayes' theorem, assuming that all features in the data
are conditionally independent of each other given the class [10], [32], as depicted in Figure 7.

Dataset x; = (xli: X2y ene) xmi)
(p(c) * p(xalc) * p(xz|c) *...x p(xm|c))
p(x)

p(clx) =

Naive bayes classifier

@ Classifier 1
6 “‘ Classifier 2
| Classifier 3

5 |
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e e @
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Figure 7. Naive Bayes Algorithm

0

Perbandingan Analisis Performa

Comparing performance analysis between Random Forest Classifier, Decision Tree, Support Vector Machine, and
Naive Bayes [33]. We will compare the evaluation matrices obtained from the four models to see the differences in

their classification performance.

The evaluation matrices used are Accuracy a measure that calculates the percentage of correct predictions out of
all predictions made. Precision measures the percentage of correct positive predictions out of the total positive
predictions made. Recall [28] measures the percentage of correct positive predictions out of the total amount of data
that is actually positive. F-measure is a metric that combines precision and recall to provide a comprehensive value of
the model's predictive quality with the evaluation metric formulation as below [34].
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TP+ TN
Accuracy = __PHTN)
(TP + TN + FP + FN)
. . TP
Precision =
(TP +FP)
TP
Recall =
(TP+FN)
F-measure = 2 x (Precision x Recall)

(Precision +Recall)

Using these evaluation metrics, we will be able to evaluate the ability and performance of Random Forest
Classifier, Decision Tree, Support Vector Machine, and Naive Bayes in correctly classifying the data [35].

Decision Making

Based on the performance analysis and comparison between the two classification models, we will make a decision
regarding the most effective and suitable model for this classification task. This decision will be based on the
evaluation metrics and research objectives that have been established beforehand.

3. Results and Discussion:

Performance of four classifications, namely Random Forest Classifier, Decision Tree, Support Vector Machine
(SVM), and Naive Bayes, were evaluated based on several metrics. The metrics used to evaluate the classification
performance include balanced accuracy, accuracy, weighted precision, weighted recall, and weighted F1 score. The
results obtained from the evaluation are presented in Table 2.

Table 2. Performance Evaluation Results of Random Forest Classifier, Decision Tree, Support Vector Machine and

Naive Bayes.
_ Random Forest - Support Vector .
2: Rata—rata Classifier Decision Tree Machine Naive Bayes

Balanced

accuracy 0.54 0.54 0.55 0.51
Accuracy 0.55 0.54 0.55 0.51
Precision 0.54 0.55 0.55 0.6
weighted

Recall weighted 0.54 0.54 0.55 0.51
F1 weighted 0.54 0.52 0.54 0.38

After analyzing the results, it can be observed that the classifications demonstrate comparable performance in
terms of balanced accuracy. Both the Random Forest Classifier and Decision Tree achieved a balanced accuracy of
0.54, while the Support Vector Machine (SVM) showed a slightly higher balanced accuracy of 0.55. Naive Bayes
obtained the lowest balanced accuracy of 0.51. In terms of overall accuracy, the classifications also exhibited similar
results. The accuracy of the Random Forest Classifier and Decision Tree were 0.55 and 0.54 respectively. SVM and
Naive Bayes achieved accuracies of 0.55 and 0.51 respectively.

Weighted precision, which considers the weighted average of precision across all classes, yielded varying results
among the classifications. The Random Forest Classifier obtained a weighted precision score of 0.54, while the
Decision Tree and SVM achieved scores of 0.55. There was a significant difference, with Naive Bayes showing the
highest weighted precision score of 0.6, indicating its ability in terms of precision. Similarly, the classifications
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exhibited similar performance in terms of weighted recall. The Random Forest Classifier, Decision Tree, and SVM
achieved weighted recall scores of 0.54, while Naive Bayes obtained a score of 0.51.

Weighted F1 scores, which consider both precision and recall, showed variation among the classifications. The
Random Forest Classifier obtained a weighted F1 score of 0.54, the Decision Tree obtained a score of 0.52, SVM
obtained a score of 0.54, and Naive Bayes had the lowest weighted F1 score of 0.38. The lower weighted F1 score for
Naive Bayes indicates that this classification may not perform well in terms of overall precision and recall.

Overall, the results indicate that the classifications demonstrate comparable performance in terms of balanced
accuracy and accuracy. However, there is variation in the scores of weighted precision, recall, and F1. Naive Bayes
shows higher precision but lower weighted F1 score compared to the other classifications. Further analysis and
investigation are recommended to gain insights into the factors influencing the performance of each classification on
the specific dataset.

Random Forest Classifier Decision Trees
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Figure 8. Comparison of Boxplot Visualization Results.

The analysis results using the boxplot method, as shown in Figure 8, indicate differences in data distribution among
the classification methods: Random Forest Classifier, Decision Tree, Support Vector Machine (SVM), and Naive
Bayes. The Random Forest Classifier method exhibits a higher number of outliers, indicating higher sensitivity to
unusual data, while the Decision Tree method has fewer outliers, suggesting better stability. The SVM and Naive
Bayes methods do not show any outliers, indicating consistency in data grouping. This analysis provides insights into
the characteristics of each method in classifying data and can be considered when selecting an appropriate method for
the desired application.

4. Conclusion
Based on the results obtained, the Random Forest Classifier has more outliers compared to the Decision Tree. The

presence of these outliers can be caused by several factors, such as imbalanced datasets, noise in the data, or the
influence of significant features. On the other hand, the Decision Tree demonstrates consistency in classification with
a lower number of outliers. This difference indicates that the Decision Tree may be more effective in handling
structured data. However, further research is needed to understand the characteristics and impact of outliers on the
classification performance in both methods.
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