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Automotive industry

1. Introduction

In today's increasingly advanced digital era, increasing operational efficiency and
effectiveness is the main goal for various industries. The automotive industry is no
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exception and plays an important role in supporting the global economy [1]. In the
automotive industry, the engine is the heart of every vehicle. Optimal engine
performance not only affects the overall quality of the vehicle, but can also reduce
operational and maintenance costs, and increase customer satisfaction [2].

A deep understanding of engine performance can help in various aspects. First, it
can help in machine maintenance and repair. By knowing how the machine
performs under various conditions, we can better plan and execute routine
maintenance, as well as deal with problems that may arise [3]. This in turn can
reduce downtime and costs associated with machine repairs. Secondly, an
understanding of machine performance can help in the design and development of
new machines. By knowing what works and what doesn't, engineers and designers
can make improvements to existing machine designs or develop new designs that
are more efficient and effective [4]. Third, an understanding of machine
performance can also help in strategic decision-making. For example, if a type of
machine consistently shows poor performance, it may be better to stop its
production and focus on another type of machine that shows better performance
[3].

Therefore, monitoring and improving the performance of machines is of utmost
importance. One way to achieve this is through machine performance
classification. With machine performance classification, we can identify which
machines perform well, are feasible and safe to distribute as well as which ones
may require further repair or maintenance.

Data Mining is one of the objectives to determine certain patterns that can predict
in making a decision in the future [5]. One of the processes in using the technique
of coming mining is using the algorithm process with the aim of classification. Data
classification is the process of finding a model or function that can explain and
distinguish between data classes and concepts [6]. One of the processes in using
data mining techniques is using certain algorithms for classification. This research
will apply classification using the k-Nearest Neighbor (k-NN) algorithm. k-NN is a
classification technique that operates by considering the distance between new
data and a number of data or the closest neighbors [7].

The k-NN algorithm has been used for various types of classification. Previous
research for motor image classification based on EEG signals showed that the k-NN
algorithm is superior to Support Vector Machine (SVM) [8]. In addition, the use of
k-NN algorithm for human activity classification also shows high performance
results with the average results of precision, recall, F1-score, AUC, and area under
the ROC curve are 90.96%, 90.46%, 90.37%, and 96.5%, respectively, while the area
under the ROC curve is 100% [9].

The k-Nearest Neighbor (k-NN) algorithm is one of the most popular methods due
to its ease of implementation and ability to produce accurate predictions [8]-[10].
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This research aims to apply the k-NN algorithm in the classification of engine
performance at CAR Car Company using Rapid Miner software.

2. Method
Stages of the Method

This research uses the k-NN algorithm to classify engine performance. In the data
generation stage, machine performance data is collected through a generated
dataset from the Al Chat GPT bot whose prompts have been adapted to the research
needs. Next, the data undergoes pre-processing to remove duplicate data and
missing values. The k-NN algorithm is then used to predict the class of a sample
with an unspecified class based on the class of its neighboring samples [11]. The
classification results are analyzed to draw conclusions about the performance of
the machine. The stages of the research method can be explained in the figure, as
in the following figure:

A 4

Generate Data Data Pre-processing

?

Y

Conclusion < Results and Analysis | K-Nearest Neighbor

Figure 1. Stages of the research method

Data Source

Data is a series of events obtained from measurements. The right decision is based
on a rational analysis of the available information, and also underlines that data
reflects a reality that describes various events or entities that have not been fully
explored. This data will then be processed to produce valuable information for
better decision-making [12]. The dataset used in this research is a dummy dataset.
The dummy dataset was created using the Al Chat GPT bot with prompts that have
been adjusted to the theme based on research needs. The prompts made are as
follows:

“Bayangkan anda bekerja di sebuah perusahaan mesin mobil lalu anda ingin
melihat dan menilai kinerja mesin untuk menentukan apakah mesin tersebut
layak digunakan, terdapat 3 kategori mesin berdasarkan Kkriteria penilaian,
pertama "mesin layak"” untuk yang kinerjanya bagus dan tidak ada cacat, kedua
"mesin kurang layak" untuk yang kinerjanya sedang dan terdapat beberapa
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kekurangan atau cacat, dan ketiga "mesin tidak layak" untuk mesin yang
kinerjanya rendah dan terdapat banyak kecacatan di dalamnya. Berdasarkan
kategori tersebut, buatlah aspek aspek yang mendukung penilaian kinerja mesin
pada perusahaan tersebut serta buatlah contoh dataset yang memuat aspek-aspek
tersebut. Generate dataset sebanyak sekitar 100-200 rows.”

Data Corpus

The dummy dataset used consists of 10 columns, namely “ID Mesin”, “Nama
Mesin”, “*Konsumsi BBM (km/I)”, *Daya Mesin (kW)~, “Torsi Mesin (Nm)~, “Usia
Mesin (tahun)”, “Perbaikan (jumlah)”, “Keausan Komponen (%)”, “Emisi Gas
Buang (ppm)~”, and “Kategori Mesin”. Table 1 shows the description of each
variable.

Table 1. Data Description

Variable Deskription

ID Mesin Unique identification for each machine in alphanumeric format
with a length of 5 characters

Nama Mesin Car type and series information

Konsumsi BBM (km/I) Engine efficiency in using fuel

Daya Mesin (kW) The power or capacity of the machine to do the job

Torsi Mesin (Nm) The ability of the engine to produce rotating power

Usia Mesin (tahun) Length of time the machine has been operating

Perbaikan (jumlah) Number of repairs or maintenance performed on the machine
since the beginning of use

Keausan Komponen (%) Wear rate of engine components in percentage

Emisi Gas Buang (ppm) The amount of exhaust emissions produced by the engine

Kategori Mesin Classification of machine performance based on the assessment
criteria of "Mesin Layak”, "Mesin Kurang Layak", and "Mesin Tidak
Layak"

The variable “Kategori Mesin” is the target variable to be predicted. The data in
this attribute will be used as the basis for measuring and predicting whether an
engine is worth using, has some deficiencies, or is not even worth using. The
evaluation of this performance category will be the basis for decision-making
regarding the use of engines in vehicles.

Classification

Classification is the process of placing features into appropriate classes. Training
feature vectors whose classes are known are used to design separators. This type
of pattern recognition is known as supervised [13]. In particular, the classification
process is divided into different categories, which are referred to as decision-based
classifiers. A classifier is constructed based on a training dataset whose classes are
predefined. In this research, the classification method used is the k-NN algorithm.
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K-Nearest Neighbor

The k-NN algorithm is a well-known method for non-numerical data mining,
which is then applied for classification or regression. To be able to perform
classification with the algorithm, a dataset that includes training data and testing
data is required [14]. This algorithm operates on the principle of minimum
distance between test data and training data to determine its k-NN. After the k-NN
is collected, the majority of the k-NN is taken to be the prediction of the test sample
[15]. The distance between neighbors is usually measured using the Euclidean
distance.

The value of k in Nearest Neighbor refers to the k-data that is closest to the test
data. For example, if K is 3, then the three nearest neighbors of the training data
will be selected. Similarly, if k is n, then n nearest neighbors of the training data
will be selected [16]. One of the objectives in the nearest neighbor method is to
determine the optimal k value so that later the most appropriate decision can be
drawn from the results of classifying using the k-NN algorithm. The steps in
calculating the classification method with the k-NN algorithm are as follows:

1) Set parameters or k values.

2) Calculate the distance between training data and testing data.
The distance measurement that is often used in the k-NN algorithm is the
Euclidean distance method. The formula is as follows:

d; =\/Z?=1(X2i—X1i)2 (1)

Description:

d = Distance

n = Data dimension

i =Variable data

Xp; = Training data
x1;= Testing data

) Set the distance that has been formed.
4) Summarize the smallest distance to the order of k.
) Connecting the appropriate class.
) Count the number of nearest neighbor classes and set that class as the data
class to be evaluated.

Confusion Matrix

Confusion matrix is an evaluation matrix for classification problems in machine
learning, where the result can be two or more classes that can be utilized in
performance measurement of classification models. Confusion matrix is also often
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referred to as error matrix. Its main purpose is to compare the test result data of
the classification system with the actual classification target [17].

Table 2. Confusion matrix
Class Prediction

Classification Trae False
True True Positif (TP) False Negatif (FN)
False True Negatif (TN) False Positif (FP)

The calculation of the performance measurement of the classification model with
the confusion matrix method is as follows.

a. Accuracy: The accuracy value in measuring the performance of the
classification model using the confusion matrix method is calculated by
comparing the amount of data that has been classified as correct with the
total amount of data. The following is the formula for calculating the accuracy
value:

TP+T

N« 100% (2)

Accuracy = "
n

b. Precission: Precision in the confusion matrix is a measure that shows how
accurate the model is in making positive predictions. Precision measures the
ratio of correct positive predictions to positive predictions that are actually
negative. In other words, precision measures the percentage of positive
predictions that are actually positive. The precision value can be calculated
with the following formula:

TP
TP+ FP

Precision = x 100% (3)

c. Recall: Recall in the confusion matrix, also known as sensitivity or True
Positive Rate (TPR) indicates a measurement of how well the model identifies
all true positive results from the data. Of the actual number of data that are
positive, how much of the predicted number of data are positive [18]. The
following is the formula for calculating the recall value:

TP
Recall =
TP+ FN

x 100% (4)
Description:

p +n =Amount of data

TP  =True positif value

TN  =True negatif value
FP = False positif value
FN = False negatif value
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3. Results and Discussion
Data Preparation

Before applying the k-NN algorithm to the dataset, the first thing to do is to prepare
the data. Any missing values contained in the dataset are filled with the
appropriate values. Data cleansing is the process of cleaning the data that will be
used for data deletion by removing missing values, data duplication, and checking
for misalignment in the data and correcting errors in the data [19].

Perbaikan (jumlah) Integer 1 1 17 5836

Keausan Komponen (%) Integer 1 5 70 30.503

Figure 2. Missing values

Before the dataset was cleansed, there were several missing values. In the
“Perbaikan (jumlah)~ attribute column there is one missing value, as well as in the
“Keausan Komponen (%) attribute column.

Read CsV Replace Missing Va... Remove Duplicates
inp fil oLt EXa ﬁi‘ exa EXa exa Ies
ﬂ ||| ) —P . res
\/ ori ori
pre dup res
v v

Figure 3. Operators in data cleansing

The operators used in data cleansing are Replace Missing Values and Remove
Duplicates. The Replace Missing Values operator in RapidMiner serves to replace
missing or absent values in the dataset. This replacement value can be the
minimum, maximum, or average value of the attribute, or even a zero value. In this
dataset, the missing values are replaced with the average value of each attribute.

Whereas the Remove Duplicates operator is used to compare all the instances
against each other based on the specified attributes and remove the duplicate
instances. Two examples are considered duplicates if the selected attribute has the
same value in it. The following is the result of the dataset that has been applied
data cleansing in the statistics view, it can be seen that the missing values in the
attribute columns “Perbaikan (jumlah)” and “Keausan Komponen (%)” have
changed to blank.
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Name 3 Type Missing

Perbaikan (jumlah) Integer 0

Keausan Komponen (%) Integer 0

Figure 4. Data cleansing result

Implementation of k-NN Algorithm

Data that has been cleansed is ready to be implemented by the k-NN algorithm.
After data preparation, data processing will then be carried out using the k-NN
algorithm stages [20]. The application of the k-NN algorithm still uses RapidMiner
tools with the following operators.

Read CSV k-NN Performance

il out tra mod lak % per I8
’) j - exaF % per exa E res
- 7 v 4 v res

(] exa —P par D
SetRole par D
exa par D

7 v

Apply Model
mol lak
v ]

Figure 5. Operators in k-NN algorithm implementation

A total of 160 data will be applied to the k-NN algorithm, with 80% training data
and 20% testing data [21]. This data division is done using the Split Data operator.
The attribute classified as a label in this study is the “*Kategori Mesin” column with
three criteria namely; “*Mesin Layak”, “*Mesin Kurang Layak”, and “Mesin Tidak

Layak”.

B Edit Parameter List: partitions

T
= Edit Parameter List: partitions

_Lf The partitions that should be created.

ratio
0.8

0.2

Figure 6. Data splitting
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The next step is to apply the k-NN algorithm using the k-NN operator. The
determination of the k value used in this study is the value of k = 2, 4, and 7. From
the choice of the k value, it is determined which value has the most optimal
accuracy value. The following are the experimental results of applying the k-NN
algorithm with the values of k= 2, 4, and 7.

accuracy: 80.62%

true Mesin Layak true Mesin Kurang Layak true Mesin Tidak Layak class precision
pred. Mesin Layak 15 1 0 93.75%
pred. Mesin Kurang Layak 1 7 1 T7.78%
pred. Mesin Tidak Layak 0 0 7 100.00%
class recall 93.75% 87.50% 87.50%

Figure 7. K-NN result with k value = 2

Figure 7 shows the results of the performance of the application of the k-NN
algorithm at the value of k = 2 with the performance calculated is precision, recall,
and accuracy.

accuracy: 87.50%

true Mesin Layak true Mesin Kurang Layak true Mesin Tidak Layak class precision
pred. Mesin Layak 15 1 0 93.75%
pred. Mesin Kurang Layak 1 7 2 70.00%
pred. Mesin Tidak Layak 0 0 6 100.00%
class recall 93.75% 87.50% 75.00%

Figure 8. K-NN result with k value = 4

Figure 8 shows the results of the performance of the application of the k-NN
algorithm at a value of k = 4 with the performance calculated is precision, recall,
and accuracy.

accuracy: 84.38%

true Mesin Layak true Mesin Kurang Layak true Mesin Tidak Layak class precision
pred. Mesin Layak 15 1 0 93.75%
pred. Mesin Kurang Layak 1 7 3 63.64%
pred. Mesin Tidak Layak 0 0 5 100.00%
class recall 93.75% 87.50% 62.50%

Figure 9. K-NN result with k value = 7

Figure 9 shows the results of the performance of the application of the k-NN
algorithm at a value of k = 7 with the performance calculated is precision, recall,
and accuracy.
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The experimental results of applying the k-NN algorithm with three different k
values, namely 2, 4, and 7 show the highest accuracy of 90.62% when the value of
k = 2. The highest precision is in the prediction of the “Mesin Tidak Layak” category
which is 100%, this result is the same for all three values of k. This means that all
data of the “Mesin Tidak Layak” category can be predicted correctly (True
Positive). The highest Recall is in the “Mesin Layak” category prediction which is
93.75%, this result is the same for all three values of k. This result shows the good
performance of the k-NN algorithm for the classification of engine eligibility.

4. Conclusion

Based on the research that has been done, it can be concluded that the k-Nearest
Neighbor (k-NN) algorithm is suitable for engine performance classification in car
companies. The highest accuracy of 90.62% is achieved at a value of k = 2. The
highest Precision is 100% in the “Mesin Tidak Layak” category for values of k = 2, k
=4, and k = 7. The highest Recall is 93.75% in the “Mesin Layak” category for values
of k = 2, k =4, and k = 7. Although this research shows excellent performance,
research with similar objects can be developed through the application of other
machine learning algorithms to obtain superior classification results and on larger
datasets.
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