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Abstract. Machine [earning is an important technique that helps companics, organizations and
individuals te improve the guality of decision making. In today scenario, especially with the
emerged of data science, it can see how machine learning techniques are used for data analytics,
There are various machine leaming techniques for data science tasks that can be categorized as
follows: classification, prediction, regression, association analysis, clustering, time  seties
forccasting, and many others, As there are many different free tools available for machine -
learning, the selection of the appropriste analysis technique is crucial to solve problem in hand.
This study compares the performance of machine leamning algorithims especially Naive Bayes,
Decision Tree, Random Forest and D3 for classification task (i.¢. classifying aircrafl to certain
category and into couniry of origin) using RapidMiner tool. Those algorithms are compared
based on their accuracy rate, error rafes, precision and recall for classifying aireraft. The results
reveal that that Random Farest and 1D3 algorithms given good classification accuracy due to the
nature of the algorithms that is progressively improved apart from Decision Tree.

L. Introduction :
Technology changes the way on how people make decisions and build workflows. For instance, the use
. of data science for business application by adapting machine learning, artificial intelligence, and other
- guantitative ficlds like statistics, visualization, and mathematics are widely used [1]. Nevertheless, data
~ science is useful for various aspects of airlinc operation management. Air traffic control {ATC) is 2
* service provided by ground-based air traffic controllers to direct aircraft on the ground and also control
- the airspace. Mainly, the function of ATC are: 1) preventing collisions, 2} managing the traffic flow,
. and 3) supportin g information rclated to aircraft. In most countries, ATC monitors the location of aircraft
in it allotted airspace and provides services to private, military, and commercial aircraft, While, in some
" countries, ATC plays a security or defensive role to monitor aircraft in their airspace.

- With continuous growth of the aviation industry, the traffic management poses a huge challenge
Statistical analysis alone is not sufficient to handle huge amount of air traffic activities and aircraft data,
as the aircraft data is collected at every single second and archived in the database. Here, data science
has capability of handling large volumes of data with mwultiple attributes through several processes start

- with data preparation, mining data, statistics, data visualisation and experimentation, Further, machine
“learning techniques is implemented to search for knowledge and patterns from the data. This rescarch
compares the performance of machine leamning algorithms especially Naive Bayes, Decision Tree,
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Random Forest and ID3 for analysing the aircraft data using RapidMiner tool. Thus, the data can be
represented in meaningful way for traffic management (i.c. classifying atrcraft to certain category and
into country of origin). In this paper, we also highlight that Random Forest and ID3 algorithms offer
better performance in terms of aceuracy compared to other algorithms that is available in RapidMiner.
The rest of this paper is organized as follows. Section 2 provides research background related to the
research, Section 3 presents the methodology for the research, Section 4 discusses findings and results,
and Section 5 contains concluding remarks.

2. Research Background

2.1 Machine Learning for Classification

In general, machine learning algorithms can be ¢lassified based on its learning methods. Thus, machinc
learning algorithms can be categorised into: supervised, unsupervised, and semi-supervised learning, In
supervised learning, the algorithms develop a predictive model based on the given input and output, The
algorithms receive a training dataset that consists of a set of labelled input with its correct output [2].
Then, after the learning process using the training dataset, the algorithms will predict the value of the
output of the unscen data or new data. Typical supervised leaming techniques are: Decision Tree, Naive
Bayes, Support Vector Machines, Artificial Neural Networks, K-Nearest Neighbours (K-NN} and many
others. In contrast, in unsupervised learning, the algorithins receive only the input that is unlabelled. The
algorithms need to group and interpret the unseen data based on only the input (i.e. clustering,
dimensionality reduction) [2]. Here, the algorithms will discover patterns in the data in order 1o define
the relationships between the inputs: Some examples of unsupervised leaming algorithms include: K-
Means, Hicrarchical Clustering, and many others.

For this research, the supervised learning algorithrs are explored for solving classification task.
Classification is a task of predicting the unseen data or new data to a predefined class or label. The goal
of classification is to accurately predict the target class or label for each case in the collection of data.
Here, classification tasks are to predict the ouvtput that cau be eiiher categorical or polynomial.
Classification task can be solved using various technigues of machine learning algorithms for instance
Decision Tree, Artificial Neural Network, K-Nearest Nubhbours (K-NN), and even some Regression
algorithms,

Therefore, machine learning algorithm is apphed in this research for solving the classification
problem. The machine learning algorithm learns to recognize the hidden patterns during training and
predict the new data to the correct class. However, only the following machine leaming algorithims will
be used for solving the classification problem: Naive Bayes, Decision Tree, Random Forest and ID3.
Each of the algorithm is discussed as follows.

Naive-Bayes technique is based on Bayes” Theorem with an assumption of independence among
predictors [3]. Naive-Bayes classifier assumes that the presence of a particular predictors or features in
a class is unrelated te the presence of any other predictors or features. Even if these features depend on
each other or upon the existence of the other features, all of these properties independently contribute to
the probability. Naive-Bayes algorithm is built based on the probabilistic theorem. Naive-Bayes
algorithm will predict the target class or label by caleulating the probability of the predicted class for
each member of the test instance. The class with the highest posterior probability is the outcome of
prediction.

Decision tree is a trec-structured classifier that orgamzed a series of test questions and conditions in
a tree structure. Decision tree comprises of teaf nodes, internal nodes and links. A tree node represents
a class label or output, an internal node represents the predictor or feature, and the link from a parent
node to a child node represents a rule or decision [4]. Decision tree is an algorithm for leaming, where
the decision tree classifiers organized a series of test questions and conditions in a tree structure.
Decision tree comprises of teaf nodes, internal nodes and links. In general, the algorithm for the decision
tree is implemented in 2 phases as follows [5]: (1} Tree building is the first phase, where the tree 15
divided until all the data have its class in a top-down Jashion and (2) Tree pruniog is the second phase,
where predictions and accuracy are improved in a bottom-up fashion, Thus, the main goal of decision
tree is to build an optimal decision tree for solving any classification problem,
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" Whereas, ID3 algorithm (Iterative Dichotemiser 3), is an algorithm that follows a greedy approach
of building a decision tree by selecting a best attribute that yields maximur Information Gain (1G) or
minimum Entropy (H) [4], While, Random Forest, consists of a large number of individual decision _
_ frees that operate as an ensemble, where cach individual tree in the random forest will have a class -
“prediction and the class with the most votes becomes the selected model’s prediction. '

" 2.2 Related Works :
Based on current research [1], Cross-Industry Data Mining (CRISP-DM) is the most widely nsed niodel
beeause of its advantages for solving existing problems in directing businesses and organizations

. towards making incredible profits. For example, experts and practitioners as in [10-12] tising CRISP-
DM to solve different types of (e.g. pradiction and classification) in various domains and fields including
scienice, business, healthcare, engineering and many others. CRISP-DM is chosen compared to other -

" framework because it uses a non-rigitd sequential framework that consists of a six-step phases. .

With the increasing demand to analyse huge volume of data, thus, a tool to analyse those data is

'~ needed; cspecially data analytics tools that can preduce accurate resulis with less effort. Some features
that js provided by the data analytic tools are: data retrieval, data manipulation, data analysis and data
visualization. Whereas, other features include generate reports and dashboard with better visualization.
There are various data analytics tools available including RapidMiner, Weka, KNIME, R tool, Orange,
and many others. Each of them is examined and assessed in [6-9], where the papers are aimed to evaluate

. the most popular open source and free data analytics tools among user, developer, and researcher.
Furthermore, Tesearchets as in [13-17], comparing various data analytic algorithms particufarly machine
learning algorithms namely; Naive Bayes (NB), Decision Tree (DT), K Nearest Neighbour (KNN),
Random Forest and many others for solving various classification problems. Most of the papers either
used dataset that is available for public (i.e. UCl-repository) or different datasets from real-problem data
in various ficlds in order to evaluate the performance.

In this paper, CRISP-DM Framework is used as a based-line in conducting the research. Next, the
framework is implemented using the open source data analytics tool Rapidminer. RapidMiner is choosen
as it is one from the most popular open source and free data analytic tools that is easy to use and has
different graphical capabilities fo present the results. Further, machine learning algorithms (i.e. Naive
Bayes, Decision Tree, Random Fortest, ID3) are applied in RapidMiner for performing dawa analyties
task specially for addressing classification problems (i.e. classifying type of aircraft and country of
otigin).

. 3. Research Methodology
" Cross Industry Standard Process for Data Mmmg (CRISP-DM) Framework is among the most WIdcly :
used framework for solving data scicnee problems [10]. Tn this paper [10-12), the author discussed on ~
- how this CRISP-DM Framework translating business problems into data mining tasks through executing
data mining projects independently from the application arca and the used technology. Figure | shows
© phascs of the model: (1) business understanding, (2) data understanding, (3) data preparation, (4) )
modelling, (5) evaluation and (6) deployment and is described as the following [3].

- 1} Business understanding. In this phase, the research’s goals, objectives and requirements will be
investigated thoroughly. Next, those information is translated into a data science problem for further
action. Here, any suitable data science technique and method will be identified for solvmg .

- classification problems, :

*2) Data understanding. In this phase, other related information regarding the research will be collected

and gathered. This information will be analysed in order to undetstand the data beltcr ¢specially the
hidden pattern or unseen data.

3) Data preparation, As there is teo many information has becn gathered from previous phase, this phase -
anly extracts the relevant data. The data will be enhanced in terms of its quality in order to prepare
it for the next phase. Some of the process include the pre-processing task and the data exploration
- task. Normally, this phase will be executed many times without any specific order until the correct
- dataset is formed.
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F:gure 1. Cross Industly Standard Process for Data Mmmg (CRISP DM) process [5].

4) Modclling. In this phase, various techniques from the fields of staustlcs machine Jeaming, operational
research and many others are studied. Next, a suitable model is designed and applied to the dataset
for solving classification problems. This phase is an- iterative process as it involves sclecting the
variables for the model, Lxccutmg the model and diagnostlc the model untlI thc desired results is
found.

5) Evaluation. In this phase, the model s performance is cvaluated 'bcforc it can be fully utilized. The
model is also asscssed against the research’s poal and objectives to ensure that it served the purpose.
The decision of selecting the model for solving the problem than is made.

6) Deployment. In this phase, the selected model is deployed ‘If the model docs not fulfil the research’s
requirements in producing the desired results, thus going back to the dala preparation phasc and
modelling phase is necessary.

4, Results and Discussion
4.1 Experimental Design : '
For this research, the dataset is downloaded from the Atrcraft Monitoring System (AMS) that is located
at the Cyber Security Center, Nationat Defense University Malaysia. The system is used to monitor and
record the aireraft activities within the radius of 450km from the center. The system collects information
related to the aircraft and store in its database. Here, the dataset consists a real time aircrat} data before
the COVID-19 incident, within two hours’ duration. The dataset contains 1,000 records with the
following attributes: Intemational Civil Aviation Orgamzatmn (ICAO) number flight date, flight time,
aireraft type and aircrafl registration country

The experiments are performed on a computer with the fol]c}wmg spccn" jcation: Windows 10,
Intel(R) Core i5-8250U processor and 8 GI¥ memory. RapidMiner Studio Educational 9.8.01 is used for
analysis. The tool can be downloaded freely from the website. Rapldeer is selected due to several
reasons [6]: (1) an open-source tool for data analysis, (2) a powerful tool for data integration, Extract
Transform Load {ETL), data analytic and reporting in a single package, (3} a complete visuatization tool
as it has Graphical User Interface (GUT) for designing the analytical processes and presenting the results,
and (4) easy to use without needing to write the code and it is a complete and versatile package that
consist of various operators for data inlegration, data exploration and machine learning algorithims,

The machine learning algorithms that are used for the classification task as follows: Naive-Bayes,
Decision Tree, Random Forest and ID3. In arder to solve the problem using machine learning algorithm,
the dataset is divide into two subsets {i.e. training sct and testing set). The training sct is used to train a
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model, whereas the test set is used to test (he trained model (i.e. predict the value of class based on its
" experience in the training set). Here, Split Validation and Cross Validation methods are performed to
divide the datasct into training and testing set. Finally, the machine Icarning algorithms (i.e. Decision

© Tree, Random Forest, Naive-Bayes and 1D3) are assessed based on their classification accuracy rate, -
. crror tates, precision and recall for classifying the data. Using these results, the algorithms are compared
" to find the best algorithm for clasmfymg the data (i.c. correctly classified aircraft fo its type or courmy

of ongm)

- 4.2 Resulfs' and Analysis
In this section, results of the experiment are discussed and prcsentcd The clasmﬁcauon accuracy rate,
errot rate, precision and recall, for each algorithm is used s the measurement pararaeters. For cxamplc, :
"if the algorithm has a higher accuracy rate and lower error rate in classifying the data, then it is highly
recommended. First, the datasct is divided into training set and testing set. The training set is used to
construct the riodel, and the testing set is used te validate the madel. A standard rule of thumb is two-
thirds of the data as training set and one-third as testing set. Next, two set of experiments are performed
usmg different techniques to split the dataset into training set and testing set. The first set of experiment
is performed to investigate the capability of machine learning algorithms (i.e. Naive Bayes, Dccision .
Tree, Random Forest, and ID3) for classifying aircraft data into three types of aircraft (i.e. general,
military, unknown) and for classifying aircraft data based -on registration country (i.c. Malaysia,
" Indonesia, etc) using Split Validation technique. Whereas, the sccond set of experiment is performed on
the same dataset using Cross Validation technique. Fmally, the performance of each modt.l is recorded
in terms of classification accuracy rate, ertot rate, precision and recall. :
- Table t and 2 show the resnlts of machine learning algorithms (i.e. vac—‘Bnyes ‘Demsmn Trcc,
. Random Forest, and 1D3) for classifying aircraft into three types of aircrafl (i.c. general, military,
unknown) and for classifying aircraft based on registration country {i.c. Malaysia, Indonesia, etc) using
- 8plit Validation technique. Considering accuracy rate and error rate as the performance. measure, it
~ shows that Random Forest and 1D3.algorithms are the best algorithm for solving this problem. Even
though the result of Decision Tree algorithm achieved 100% accuracy for classifying aircraft into three
" types of aircraft in Table 1, but the algorithmr does not achicve it hest performance in the other dazaset
(i.e. for classifying aircraft based on registration country in Table 2). :

Table 1 Performance of machine leammg algorithms (i.e. Nawe-Bayes Decision Tree, Ra.ndom .
Farest, and TD3) for classifying aircraft into three types of aircraft using Split Validation.

Algorithms
Naive-Bayes (%) { Decision Tree Random 1D3
: %) Forest (%) (%)
Accuracy © - 9965 - 100 1006 - . 100
Classification Error o 033 L0 0 0
Weighted Mean Precision . 8333 100 . we - - 100 .
Wcightcd Mean Reeall 99,84 100 00 - 100

. Table 2. Perf'ormance of machine leammg al gonthms (t €. Nalve-Baycs Decision Tree, Random |
. Forest, and 1D3) for c]a551fymg aircrafl into country of origin using Split Vahdanon '

Algorithms
Naivc~Bayes Decision Tree | Random Forest D3
: %) ) @ | o
Accuracy . - 6481 . 67.60 : 9284 - C. 7100
Classification Error 35.19 - 3240 716 - B
Weighted Mean Precision 1383 5337 - B070 - 81.82 .
Weighted Mean Recall 36.36 30.91 77.11 81.82
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Therefore, details analysis of the results is performed (see Table 3). Based on the class precision rate
(i.e. the number of instance that is correctly labelled belong to .the positive class), Decision Tree
algonthm achieved 100% only for three countrics from eleven (i.c. India, Brunei and Qatar in Table .
Also, given the recall rate (i.e. the number of ilems that are not labelied as belonging to the positive
class, but it should have been) in Table 3, Decision Tree algorithm achieved 100% only for Brunei.

Table 3. Details performance of machine learing algorithms (i.e. Naive-Bayes, Decision Tree,
Random Forest, and 1D3) for clasmfymg aireraft into couutry of origin using Split Validation.

_ - Algorithms

Performance Features Naive-Bayes Decision Tree | Random Forest D3
(%) (%) (%) (%)
Accuracy 64.81 67.60 92.84 100
Class Precision Malaysia 9051 S 65.84 & 87.72 - 100
India ' 0 100 100 100

indonesia - 0 '63.64 - 100 100

Usa 0 66.67 - 100 100

Singapore. 0 90.91 . - 100 100

Brunci 741 | 160 100 100

Thailand - 0 0 100" 100
Qatar, 41.67 100 100 100
Netherland So12.12 0. 100 100

Philippine . |- -0 g 0 0

China ' 0 o - o0 0
Class Recall Malaysia - 160 94,12 ' -100 100
India -~ | 0 10 . ’ 100 100
Indoncsia 0 28 _ 8333 100
Usa : 0 L2222 91.11 100
Singapore 0 357 ] 8806 100
Brunei - 100 100 S 1)/ 100
Thailand 0 : 0 : 85.71. 100
Qatar - | 100 50 . - 100 100
Netherland S 100 ' 0 160 100

Philippine 0 0 0 0

China 0 o o 0

Therefore, based on the previous results, second experiment is performed to investigate the capability
of machine leaming algorithms (i.e. Naive-Bayes, Decision Tree, Random Forest, and 1D3) for
classifying aircraft data based on registration country (i.c. Malaysia, Indonesia, ctc) using Cross
Validation technique (scc Table 4). Cross-validation technique is usually preferred as it provides the
algorithm a chance to train' on multiple train-test dataset, Using this technique, the algorithin
performance on classifying unseen data can be tested in order to see how well the algorithm performed.
Again, it shows that Random Forest and ID3 algorithms are the best classifier for classifying the data.
In contrary, Decision Tree algonthm shows no significant change for class:fymg ajreraft data based on
registration country (see Table 4).
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Table 4. Performance of machine learning algorithms (i.e. Naxve Bayes, Decision Tree, Random o
“Forest, and 1D3) for class1fymg, r aircraft into country of origin using Spht Validation

Algorithms :
Performance Features . Nalve-Bayes | Decision Tree | Random Forest D3
- ) R0) (%) )
| Accuracy 76.70 63.51 100.00 100
.| Classification Error 23.30 36.49 0 0
". | Weighted Mean Preeision 29.76 33.55 92.73 92.73 .
[ Weighted Mean Recall 54.55 30.67 92.73 92,73

it is expected that Decision Tree algorithm should achicve good result compared to Naive-Bayes for

the tested dataset. Given a fact that Decision Tree is a powerful and popular tools for classification and
prcdlctlon Decision tree is a tree-structured algorithm that consists of node and it classify instances by
starting at the root of the tree and moving through it until a leaf node [18].

.- The algorithm divides the instances in dataset recursively using depth-first greedy approach or -

" breadth-first approach, until all the instances is classified into a particular label or class [19]. Yet, ID3
. and Random Forest achieved better performance and outperformed Decision Tree. .

" This is due to, that ID3 (Iterative Dichotomiser 3} creates simple and efficient tree w;th the smallest :

*depth follows a greedy approach. ID3 basically built on the Concept Learning System (CLS) algorithm;
. ..the basic algorithm for building a decision tree by selecting a best attribute using information gain and
~ cntropy. Whereas, Random Forcst is an ensemble of unpruned decision trees that grows mmltiple trees

that creates a forest [19]. Each individual tree in the Random Forest will have a class prediction and the’ _
- class with the most votes becomes the selected model’s prediction. Therefore, based on the behaviour -

of 1D3 and Random Forest that is far advanced from Decision Tree, it can be concluded that these two
algorithms are the most accurate among other .ﬂg,onthms that being investigated in thls rescarch for
classifying the dataset. :

5. Lonclusion

. Classification is the task of predlctmg the class (1 €. targct, label or cati.gory) of. gwen dataset

Classification task includes the process of leaming past cxamples in order to make predictions in the
future or unseen data. This research compares the performance of machine leaming algorithms
especially Natve-Bayes, Decision Tree, Random Forest and TD3 for classification task that is availabie
in RapidMiner {i.e. classifying aireraft Lo certain category and inlo country of origin). Those algorithms
ate compared based on their accuracy rate, error rate, precision and recall for correcily classifying the
~ data. Findings show that Random Forest and 1D3 atgorithms outperformed other two atgorithms (i.e.

Naive-Bayes and Decision Tree) either using Split Validation. or Cross Validation technique for

‘classifying the data. For this research, Random Forest and ID3 algorithms have good classification
- accuracy due to the nature of the algorithms that is progressively improved from Decision Tree. But,

. one thing that need to consider is that Decision Tree, D3, and Naive-Bayes are sensitive to unbalance -~
* dataset. So, that is why the result of Decision Tree and Naifve-Bayes achieve 100% for certain

" experiments, meanwhile, 0% for the others experiment, especially when considering that Naive Bayes
can quickly learn to use high dimensional features with limited training data. Thercfore, Decision Tree,

- Random Forest and ID3 algorithms will be further explored in future for solving other classification -

' problems in order to determine the best controlling conditions i n the results.
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