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AN UNSUPERVISED LEARNING-BASED ANALYSIS OF THE 
TAKE-OFF BEHAVIOR OF THE A320 AND B738 AT SULTAN 

HASANUDDIN INTERNATIONAL AIRPORT

SUMMARY: The purpose of this research was to look at the behavior of two well-known commer-
cial aircraft types in Indonesia (the A320 and the B738) during the take-off phase. This was done 
to provide new information in the field of aviation, particularly flight safety. Observations were 
made at Sultan Hasanuddin International Airport by observing aircraft ADS-B data, which defines 
the behavior of the flight pattern. This ADS-B data is the subject of data analysis, which will su-
bsequently be taught to the machine (computer) so that it can recognize the pattern and construct 
clusters. The purpose of this study is to utilize unsupervised learning, specifically K-Means cluste-
ring, to categorize and identify patterns in unlabeled ADS-B data obtained from AERO-TRACK. To 
prepare the raw data and create a dataset, data analysis techniques were employed. The machine 
learning model generates three distinct clusters: cluster 1 represents aircraft take-off on two-thirds 
of the runway, cluster 2 represents aircraft take-off on the entire runway, and cluster 3 represents 
aircraft take-off on one-third of the runway. The elbow method is utilized to analyze and interpret 
the three clusters produced by the model. An interesting observation is that the B738 aircraft domi-
nate in all three clusters, while the A320 aircraft dominate in clusters 1 and 3. Notably, in cluster 
2, there is a significant number of commercial planes taking off, accounting for 145 out of 628 
flights. Based on the observed data spanning 91 days (September 26 to December 26, 2022), there 
is a 23% probability of runway excursion (overshooting the runway) in this cluster. Additionally, 
the research reveals that A320 aircraft demonstrate a safe zone take-off rate of 87%, whereas the 
B738 aircraft demonstrate a rate of 70.5%. These findings, derived from the analysis of ADS-B data 
such as GPS-Altitude and Coordinate, are intended to serve as valuable knowledge for aviation 
authorities, aviation users, and other stakeholders in the aviation industry.
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INTRODUCTION

Airplanes serve as a means of transportation em-
ployed by people. In addition to its time-saving be-
nefits, air travel is widely regarded as the most secu-
re form of transportation (Hernik et al., 2018, Šebjan 

et al., 2017). However, despite its esteemed safety 
record, incidents involving air transportation, parti-
cularly in the context of commercial flights, occasi-
onally occur, leading to passenger fatalities or sub-
stantial aircraft damages (Passarella et al., 2023a).

One of the flight phases of concern that can 
cause accidents is the take-off phase. This phase 
is important because many things affect the move-
ment of the aircraft, such as the total weight of the 
aircraft, aircraft thrust, wind speed and direction, 
and runway length (Airbus Accident Statistics, 2022, 
Huang, 2020).
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The process of taking off and landing airplanes 
can vary depending on different factors. In general, 
airplanes gain speed along the ground until there is 
enough lift to initiate take-off. The reverse process 
is followed for landing. However, there are variati-
ons in take-off procedures, including the ability of 
certain airplanes to take off at lower speeds, which 
is known as a short take-off. The International Civil 
Aviation Organization (ICAO) recognizes the im-
portance of standardized take-off rules in aviation. 
These rules are in place to ensure that pilots adhe-
re to proper procedures and leave the runway in 
a safe and appropriate manner. By following these 
regulations, pilots can prevent unexpected aircraft 
behavior that may lead to inappropriate reactions 
or unsafe conditions.

As per data provided by KNKT (Komite Nasio-
nal Keselamatan Transportasi - National Transpor-
tation Safety Committee - Indonesia), there were 
a total of 280 aircraft accidents categorized as 
runway excursions between 2007 and 2016. The-
se incidents were further divided into two groups: 
accidents and incidents, with 105 cases accoun-
ting for 37.5 percent of the total (Saputra, 2017). 
Another study conducted by Sandhyavitri et al. 
(2014) revealed that Sultan Hasanuddin Airport, 
located in Makassar City, ranked as the second 
most accident-prone airport after Wamena Airport. 
The airport had a total movement of 212,656 and 
a deviation value of 3.540, which is calculated by 
assessing the difference between expected and re-
corded occurrences. Another research mentions 
that runway excursions are common during the 
take-off and landing phases (Jenkins et al., 2012, 
Chang et al., 2016, Distefano et al., 2017, Passa-
rella and Nurmaini, 2022). In addition, the risk of 
aircraft excursions during the take-off and landing 
phases of flight at Indonesian airports shows very 
high results due to many aircraft landing outside 
the Touch Down Zone (TDZ); (Passarella et al., 
2023b).

The research was developed using new tech-
nology data, known as ADS-B (Automatic Depen-
dent Surveillance-Broadcast) data, to comprehend 
and help the analysis from a standpoint other than 
the KNKT. When referring to the FAA (Federal 
Aviation Administration) decision requiring all air-
planes to use or activate ADS-B by 2020 (Federal 
Aviation Administration, 2019). This is the impetus 

for investigating whether Sultan Hasanuddin Inter-
national Airport has optimized the ADS-B ground 
station and the behavior of commercial aircraft 
movements during the takeoff phase to estimate 
the risk of runway ejection while data collection 
is taking place.

The objective of this research is to monitor 
the departure of commercial airplanes from Sul-
tan Hasanuddin Airport and analyze the collected 
ADS-B data at the take-off point. The analysis aims 
to provide useful information for aviation users 
and other stakeholders, allowing them to assess 
whether the aircraft conforms to the established 
standards of commercial flight procedures. Additi-
onally, the research seeks to determine the precise 
GPS coordinates of the aircraft's natural position at 
the take-off point. This information can be inferred 
from the last altitude parameter of the flight's ADS-
B time series data, which is typically zero. By 
applying the K-Means method to the flight dataset, 
the data points can be grouped into clusters. This 
helps in understanding the occurrence of various 
data clusters, the reasons for their clustering, and 
any similarities observed among different aircraft 
types. The conclusions drawn from the analysis 
can provide valuable insights for stakeholders in-
volved in aviation operations.

In the field of runway excursion risks, previous 
research conducted by various researchers (Ko-
mite Nasional Keselamatan Transportasi, 2021, 
Komite Nasional Keselamatan Transportasi, 2020, 
Komite Nasional Keselamatan Transportasi, 2017) 
has primarily relied on primary data, specifically 
Flight Recorder (black box) data. In contrast, our 
research utilizes secondary data, namely ADS-B 
data. Several studies have indicated that ADS-B 
data (Jun et al., 2011) offers superior performance 
compared to radar. Additionally, research by Zhao 
et al. (2020) has demonstrated that ADS-B data 
exhibits high accuracy and meets the necessary 
requirements. Furthermore, the potential of using 
ADS-B data for pilot protection has been explo-
red in the research conducted by Norman (2021). 
The use of big data is an important issue in deve-
loping prediction models to reduce the incidence 
of workplace accidents (Šrekl, 2022). ADS-B data 
is a form of big data.

This research is divided into the following 
sections: The background to the selection of the 
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theme and title of the research is explained in the 
introduction section; the materials and methods 
section explains the data and methods used; and 
the results and discussion section explains each 
component of the approach used and the results 
obtained. All method results have been discussed 
for relevant values, and the findings have been 
summarized in the conclusion section.

MATERIAL AND METHODS

This section describes the data material used 
to assess the commercial aircraft take-off proce-
dure at Sultan Hasanuddin International Airport 
using ADS-B data. This section also covers the 
processes implemented to convert data into in-
formation to provide a valued service to airlines 
and aviation transportation consumers. The rese-
arch team collected the data for this study through 
their AERO-TRACK application (https://aerotrack.
kioznets.id/). The team developed this application 
by accessing the ADS-B flight data API and placing 
a focus on airport boundaries (Muhammad et al., 
2023). The data on aircraft movement obtained 
through this application is classified as secondary 
data. It is worth noting that primary data on aircraft 
movement typically originates from the aircraft's 
BlackBox. Secondary data were obtained through 
the AERO-TRACK application in the form of flight 
ID, date, ICAO-24, latitude, longitude, heading, al-
titude, ground speed, squawk, radar, aircraft code, 
registration, time, departure, destination, num-
ber, airline International Air Transport Associati-
on (IATA), on the ground, vertical speed, callsign, 
and airline ICAO data. Data were collected from 

September 26 to December 26, 2022 (spanning 91 
days). This dataset generally has metadata summa-
rized in Table 1.

Table 1.    Metadata Set
Tablica 1. Set metapodataka

Data Information

Recording Period September 26 – December 26, 
2022, at 16:45:45

Download Date December 27, 2022

Format .csv

Data Size 30 MB (31.499.825 bytes)

Number of rows 192.622

Number of Columns 21

In this study, a data engineering technique 
was carried out by building a restricted data sto-
rage application for all aircraft performing take-
off operations at Sultan Hasanuddin International 
Airport. This flight information is saved in the AE-
RO-TRACK application database. After the data 
engineering process was completed, data analysis 
was performed to fill in the missing data and 
identify the variables utilized to derive insights or 
patterns from the data. The next step was to iden-
tify how to cluster this take-off data so that the 
machine could segregate data based on centroid 
closeness (K-Means) and develop an understan-
ding and value for human learning. The next point 
of action was how to visualize the outcomes of 
commercial aircraft research during the take-off 
phase so that readers could comprehend the aim 
of this research. Figure 1 depicts our approach in 
greater detail.

Figure 1. Proposed methods used for this study
Slika 1. Predložene metode korištene u ovom istraživanju
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At first, the AERO-TRACK application records 
ADS-B data, and in this process, the API data is 
taken from flightradar24 by applying boundaries to 
the Sultan Hasanuddin International Airport area, 
implying that the AERO-TRACK application only 
records ADS-B data of commercial aircraft that en-
ter the boundaries.

Secondly, AERO-TRACK'S data follows the 
flightradar24 standard, with 192,622 data points 
and 4,550 flights stored over 91 days of observati-
on. This information is kept in SQL format.

In the third step, the SQL data from the AE-
RO-TRACK database is extracted and analyzed by 
focusing on the flight altitude point. Specifically, 
the data points where the flight altitude is 0 are 
identified, indicating that the aircraft is prepared 
for the takeoff phase until there is a change in the 
altitude value. After completing this step, the ori-
ginal dataset of 4,550 flights is narrowed down to 
3,250 flights, resulting in a reduction in the amount 
of data. This decrease in data is due to the new 
aircraft's ADS-B data being turned on after take-off 
(starting the initial climb phase).

Fourth, the ADS-B data quality of the 3,250 
flights was classified into tiers. The International 
Civil Aviation Organization (ICAO) has divided 
ADS-B data quality into three tiers: "tier 1" if the 
timestamp time difference is 0.5 to 9 seconds; "tier 
2" if the difference is more than 19 seconds; and 
"tier 3" if the difference is greater than 60 seconds 
(ICAO Asia and Pacific Office, 2014). The results of 
this fourth stage obtained tier 1 data for as many as 
1,091 flights, tier 2 data for as many as 583 flights, 
and tier 3 data for as many as 1,576 flights. In this 
research, only tier 1 data is the focus of research; 
in other words, the dataset for this research is only 
1,091 flight data.

Fifthly, the focus was placed on runway num-
ber 03 at Sultan Hasanuddin Airport, despite the 
presence of two runways with four arrival or depar-
ture angles each. The selection of runway number 
03 was based on the fact that the takeoff aircraft 
data from this particular runway accounted for 
79.4% of the total dataset.

Sixthly, considering that the research objec-
tives were centered on A320 and B738 commer-
cial aircraft, the filtering process was conducted 
once again to gather data exclusively for these two 
aircraft types. As a result, 628 flights were obtained 

as the final dataset. This data reduction indicates 
that this research only utilizes 14% of the 91-day 
observations of takeoff flights.

Seventhly, this step holds significance as it in-
volves the application of a machine learning met-
hod. Unsupervised learning was chosen since the-
re was no labeling procedure during phases 1 to 6. 
One of the unsupervised machine learning tech-
niques utilized is K-means. The K-means prepara-
tion process incorporates the use of the Euclidean 
distance method (Chouinard, 2023), which mea-
sures the distance between flight data, ultimately 
resulting in the grouping of data.

Eighthly, the number of groups is optimized 
using the elbow method, which helps determine 
the appropriate number of clusters. Furthermore, 
the cluster results are examined to uncover the 
reasons behind the organization of flight data into 
groups and to determine if these groupings can be 
utilized to draw conclusions or identify patterns.

RESULTS AND DISCUSSION

In this section, the process of pre-processing 
raw data to create an analysis dataset has been 
outlined. This process involved employing specific 
methods to extract two data samples representing 
the aircraft that have the highest frequency of take-
off flight activities at Sultan Hasanuddin Internati-
onal Airport. Subsequently, clustering techniques 
were applied to these two data samples in order to 
uncover patterns and gain insights from the dataset.

The process of converting raw data into a da-
taset, which can be used in research. At the outset 
of the research, the aircraft data recording process 
was conducted using the AERO-TRACK applicati-
on (Yousnaidi et al., 2023). 

Additionally, data were extracted from the AE-
RO-TRACK database. Following the extraction, a 
series of pre-processing steps were conducted to 
examine the data distribution using Orange. This 
involved employing Python for data transformati-
on, reduction, cleaning, and filling. The data were 
then visualized using Orange, highlighting stati-
stical features and focusing on the identification 
and correction of missing values. The outcome of 
applying Orange to the raw data is presented in 
Figure 2.
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Before reconstructing the missing value data, 
we sorted the date attribute, which had previously 
been split from DateTime into a standalone date 
format. Then, we proceeded to individually se-
lect the Day and icao24 attributes. We conducted 
sorting and selection to prevent recording over-
lapping flights. Subsequently, we filtered the data 
based on an altitude attribute value of zero and 
above, indicating that the data represented mo-
ments before and after each aircraft's takeoff. We 
repeated this process until we reached the end of 
the selected data row. Throughout this procedure, 
we identified incomplete flight data, including in-
stances where altitude values were either missing 
or only zero.

The subsequent step involved reorganizing the 
flight database into a new data table, enabling the 
observation of the aircraft type and the frequency 
of takeoff flights from Sultan Hasanuddin Interna-
tional Airport. The outcomes of this data grouping 
process are presented in Table 2.

Table 2 explains that only 3250 of the 4550 
flights have complete data. After obtaining data 
before and after take-off, data quality calculati-
ons were performed by calculating the timestamp 
difference in the time attribute by reducing the ta-
ke-off data time on the second line of one flight 
with the previous line. The result of this calcula-
tion is the data quality value. This study relied on 
less than 10 seconds of data, or "tier 1."

Figure 2. Statistic feature from the orange data mining program
Slika 2. Statistička značajka iz narančastog programa za rudarenje podataka
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Table 2.    Data Calculation Results
Tablica 2. Rezultati izračuna podataka

No Type of Aircraft Manufacturer Number of Flight %

1. A320 Airbus 797 24.52

2. A20N Airbus 29 0.89

3. A333 Airbus 1 0.03

4. A339 Airbus 31 0.95

5. AT45 ATR 8 0.25

6. AT75 ATR 94 2.89

7. AT76 ATR 219 6.74

8. B733 Boeing 76 2.34

9. B735 Boeing 1 0.03

10. B738 Boeing 1202 36.98

11. B739 Boeing 767 23.60

12 BE20 Hawker Beechcraft 5 0.15

13 BE40 Hawker Beechcraft 1 0.03

14 C212 CASA 2 0.06

15 CRJ2 CANADAIR 2 0.06%

16 E35L Embraer 1 0.03

17 GL7T Bombardier Aviation 1 0.03

18 GLEX Bombardier Aviation 2 0.06

19 L410 Let Kunovice 4 0.12

20 RJ85 British Aerospace 2 0.06

21 Unknown Unknown 5 0.15

Total 3250 100%
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Table 3 presents the results of data grouping 
based on data quality, using the updated data 
from 3,250 flights. According to Table 3, out of 
the 3,250 flights with complete data, 1,091 fli-
ghts, or 33.57 percent, have data categorized 
as tier 1 data quality. Among the Boeing (B738) 
aircraft type departures from Sultan Hasanuddin 
Airport, 480 flights (40 percent of the total B738 
departures) have completed and up-to-date data 
falling under tier 1 quality. The Airbus (A320) se-
ries ranks second, with 278 out of 797 total flight 
data (35 percent) meeting the tier 1 quality crite-
ria.

Furthermore, data grouping based on the 
runway was conducted by rounding off the aircraft 
heading attribute to match the runway number. 
Sultan Hasanuddin International Airport has two 

runways, namely runways 03 and 13, as well as 
runways 21 and 31, each having two landing 
or take-off angles. The number of commercial 
aircraft departures for each runway angle was de-
termined using engineering data. Table 4 displays 
the departure data collected during the observati-
on period, categorized by runway numbers for the 
two observed aircraft types (B738 and A320). In 
Table 4, it can be observed that 628 flights depar-
ted from runway 03, while there were no flights 
from runway 13. Additionally, there were 96 fli-
ghts from runway 21, 33 flights from runway 31, 
and 1 flight for which the runway could not be 
determined. Based on this data, runway 03 was 
selected for further observation, as it had a suffici-
ent amount of data, accounting for 82.84 percent 
of the total data.

Table 3.    Data Quality Calculation using Complete Data
Tablica 3. Izračun kvalitete podataka korištenjem potpunih podataka

Type of Aircraft Quality Tier 1 Quality Tier >1 Total Data

A320 278 519 797

A20N 4 25 29

A333 - 1 1

A339 4 27 31

AT45 - 8 8

AT75 20 74 94

AT76 31 188 219

B733 28 48 76

B735 1 - 1

B738 480 722 1.202

B739 240 527 767

BE20 1 4 5

BE40 - 1 1

C212 2 - 2

CRJ2 - 2 2

E35L - 1 1

GL7T 1 - 1

GLEX - 2 2

L410 - 4 4

RJ85 - 2 2

Unknown 1 4 5

Total Data 1.091 2.159 3.250

Percentage 33.57% 66.43% 100%
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Furthermore, the data was added to the Ha-
versine formula to accommodate the Euclidean 
Distance (ED) value, which calculates two coor-
dinate points using the Haversine formula (Ro-
busto, 1957). The calculations have been perfor-
med to determine the aircraft's distance from the 
runway's start until the aircraft take-off.

To provide distance information between these 
two points, the calculation requires details regar-
ding the aircraft's longitude and latitude as well 
as the runway's starting point. Based on longitu-
de and latitude, the Haversine Formula calculates 
a wide circumference distance (radius) between 
two points on the surface of the sphere (Earth). 
The Haversine Formula is the correct formula for 
calculating the distance between two places, gi-
ven their latitude and longitude (Soe et.al., 2020). 
The Haversine formula is as follows: 

[1]

[2]

[3]

[4]

[5]

Where: ∆lat is latitude, ∆long is longitude, R is 
the radius of the earth, which is 6371e3(m), c = 
axis intersection point, d = distance (meters) and 
1 = 0.0174532925 radian. At this stage, the K-
Means algorithm was implemented by using the 
Orange application (Demšar et al., 2013) and de-
termining the best K value using the elbow met-
hod (Cui, 2020, Bholowalia et al., 2014). Before 

implementing K-Means, the best K value (centro-
id) was determined first (Kodinariya et al., 2013, 
Pham et al., 2005), which clusters ten times with 
an increase in a class by one time in each experi-
ment. The elbow experiment was then visualized 
in Figure 3. Based on the elbow technique visu-
alization findings, the elbow angle was calcula-
ted at the point of the number of clusters (X-axis), 
namely 3 (as shown in Figure 3). This value indi-
cated the best K value to be implemented in the 
K-Means algorithm on the dataset used.

Figure 3. Line plotting elbow method
Slika 3. Metoda lakta za crtanje linija

The attributes used as features in the K-Means 
implementation are ground speed, aircraft code, 
and Haversine. Other attributes, on the other 
hand, were only used as metadata. The value of K 
was then calculated based on the results of deter-
mining the best K value, namely 3, and determi-
ning ten trials with 300 iterations.

Table 4.    Runway Data Separation by Aircraft Type
Tablica 4. Razdvajanje podataka o pisti prema vrsti zrakoplova 

Aircraft
Runway Total Number 

of Flight03 13 21 31 Error

A320 248 - 22 7 1 278

B738 380 - 74 26 - 480

Grand Total 628 - 96 33 1 758

∆lat(radian) = (lat2 - lat1) . (             )
π

180

c = 2.atan2 (√a,√(1-a)
d = R . c

∆long(radian) = (long2 - long1) . (             )
π

180

(         )(             )π
180a = sin 2                                             + cos   lat1 .                     .(          )∆lat(radian)

2

(         )(             )π
180cos  lat2 .                     . sin 2 . (           )∆long(radian)

2
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After the K-Means algorithm was applied, the 
data was tabulated to see the data distribution so 
that the results of the formed clusters could be 
analyzed (Table 5).

Table 5.    Number of Cluster Result Data

Tablica 5. Broj podataka rezultata klastera

Aircraft Type C1 C2 C3

A320 128 33 87

B738 174 112 94

Total 302 145 181

Table 5 illustrates the distribution of data 
clusters for the two types of sample aircraft as 
follows: The A320 aircraft type data is distribu-
ted across 128 flights in Cluster 1 (C1), 33 fli-
ghts in Cluster 2 (C2), and 87 flights in Cluster 
3 (C3). In contrast, the B738 aircraft type is re-
presented by 174 flights in Cluster 1 (C1), 112 
flights in Cluster 2 (C2), and 94 flights in Cluster 
3 (C3). The total number of take-offs (including 
both Boeing and Airbus) in each cluster is 302 in 
Cluster 1, 145 in Cluster 2, and 181 in Cluster 3. 
These figures provide insights into the distributi-
on of flights within each cluster for the respecti-
ve aircraft types. Additionally, Figure 4 visually 
presents the results of the cluster separation for 
better comprehension.

Based on the analysis in Figure 4, the haver-
sine data shows the division of clusters into 3, 
with each cluster illustrated in Figure 5. To avoid 

runway overshoot at the runway's end, aircraft 
should take off between one-third and two-thirds 
of the way down the runway. According to this 
assumption, there are 628 A320 aircraft flights 
with 248 flights, or 40%, and 628 B738 aircraft 
flights with 60%. When looking at the A320 
aircraft, it reveals that 87% of the aircraft take 
off in the safe zone (C1 and C3 zones), while the 
B738 aircraft indicates that 70.5% of the aircraft 
take off in the safe zone. Thus, 91 days of data 
show that A320 aircraft take off in a safe zone 
better than B738 aircraft.

Figure 5. Runway Sultan Hasanuddin
International Airport

Slika 5. Pista međunarodne zračne luke
Sultan Hasanuddin

The results of data distribution show that the 
A320 and B738 aircraft types have a fairly contra-
sting amount of data. This is the guiding principle 
for limiting the analysis of aircraft types in the in-
fluence of data abnormalities on flights, especially 
in the take-off phase. It is also used to ascertain 
that data abnormality's influence is due to other 
factors.
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To examine clustering outcomes beyond K me-
ans, modified K means, such as spherical K means 
and Gaussian mixture modeling (GMM), were em-
ployed. The resulting analysis shows that certain 
data points from the aircraft flight dataset underwent 
a centroid shift in each clustering algorithm. Figure 
6 exhibits the findings of this clustering operation. 
Generally, for cluster 3, the three clustering algo-
rithms illustrate that both aircraft types take off wit-
hin a haversine distance of 1100 meters from the 
beginning of the runway. Furthermore, for cluster 
2, both K-algorithms, means and spherical K-me-
ans, show the same thing as in cluster 1. Namely, 
both aircraft types display the same dominant ta-
keoff. However, the GMM algorithm highlights the 
opposite; that is, the B738 aircraft is more dominant 
in taking off in this cluster compared to the A320.

Meanwhile, in cluster 2, which is located near 
the end of the runway, data from clustering results 
for both types of aircraft using three algorithms 
shows that the B738 aircraft has a very high percen-
tage compared to the A320. In other words, the clu-
stering results show that A320 aircraft were found to 
rarely take off at distances above 2000 m from the 
base of the runway.

The explanation of these three algorithms is: 
Spherical K-Means is a variation of K-Means that 
assumes uniform vector length in each cluster. 
Normalizing the vector length before executing the 
clustering process achieves this. The differences 
between spherical K-means and K-Means compri-
se better accuracy for spherical data by the former.  
Nevertheless, spherical K-means is more sensitive 
to outliers than K-Means. So, if dealing with sphe-
rical data with outliers, spherical K-means is the 
better choice. Meanwhile, GMM is a clustering al-
gorithm that uses a probability model to divide data 

into clusters. GMM assumes that the data in each 
cluster follows a normal distribution.

The results obtained from this study show the 
same results as Narcizo et al (2020), namely that 
Airbus aircraft take off on average at a distance 
of less than 1500 meters, while Boeing averages 
between 1500 and 2500 meters. This is influenced 
by many factors, including weight at takeoff, aircraft 
design, and the type of engine used. Thus, this stu-
dy reveals that the behavior of commercial aircraft 
take-off patterns in Indonesia, namely Sultan Hasa-
nuddin International Airport, has the same results as 
commercial aircraft in Brazil.

CONCLUSION

The data analysis reveals significant findings. 
Firstly, out of the 4,550 flights observed over 91 
days, only 628 flights (14%) of A320 and B738 data 
were used, considering ADS-B data quality. This in-
dicates that the analysis covers a mere 14% of the 
entire observation period. Secondly, the dataset of 
628 flights is divided into three classes using the 
elbow method, a standard model evaluation tech-
nique. Class C1 has the highest data distribution, 
consisting of 302 flights (128 A320, 174 B738) re-
presenting aircraft taking off at around two-thirds of 
the runway length. Class C3, the second-largest da-
taset, includes aircraft taking off from the runway's 
base (1/3 of the runway), comprising 181 flights (87 
A320, 94 B738). Class C2 represents aircraft taking 
off at three-thirds of the runway or at the runway's 
end, totaling 145 flights (33 A320, 112 B738). 
Lastly, the analysis indicates that 87% of A320 fli-
ghts and 70.5% of B738 flights take off within the 
safe zone.

134

R. KURNIATI et al.: An unsupervised ... SIGURNOST 66 (2) 125 - 137 (2024)

 Figure 6. Comparison results of the K-means type algorithm for each cluster for B738 and A320 aircraft
Slika 6. Rezultati usporedbe algoritma tipa K-means za svaki klaster za zrakoplove B738 i A320
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NENADZIRANA PRAKTIČNA ANALIZA PONAŠANJA AVIONA A320 I B738 
PROVEDENA U MEĐUNARODNOJ ZRAČNOJ LUCI SULTAN HASANUDDIN 

SAŽETAK: Cilj istraživanja bio je motriti ponašanje dvaju dobro poznatih komercijalnih tipova 
aviona (A320 i B738) tijekom faze polijetanja. Ovo je način dobivanja novih saznanja na 
području avijacije, naročito u pitanjima sigurnosti leta. Motrenja su provedena u zračnoj luci 
Sultan Hasanuddin praćenjem ABDS-B podataka koji definiraju promjene u letu. ADS-B podaci  
podliježu analizi podataka koji će se onda ubaciti u računalo kako bi ono prepoznalo uzorke i 
sastavilo klastere. Svrha ispitivanja je koristiti nenadzirano učenje, posebno K-Means klastere, 
kategorizirati i utvrditi uzorke ponašanja u neoznačenim ADS-B podacima dobivenim iz 
AERO-TRACK-a. U pripremi sirovih podataka i skupa podataka korištene su tehnike za analizu 
podataka. Strojni model generira tri različita klastera: klaster 1 predstavlja polijetanje aviona na 
dvije trećine piste, klaster 2 na cijeloj pisti, a klaster 3 polijetanje na jednoj trećini piste. Elbow 
metoda koristi se za analizu i interpretaciju triju klastera što proizlaze iz modela. Zanimljivo je 
primijetiti da B738 dominira u sva tri klastera, dok A320 dominira u klasterima 1 i 3. Zanimljivo 
je da se znatan broj polijetanja nalazi u klasteru 2, tj. 145 od 628 letova. Na temelju podataka 
u 91 dan (26. rujna do 26. prosinca, 2022.) vjerojatnost izlijetanja s piste u ovom klasteru 
iznosi 23 %. Nadalje, istraživanje otkriva da A320 ima sigurnu zonu polijetanja od 87 %, dok 
B738 ima samo 70.5 %. Ovi nalazi, dobiveni analizom ADS-B podataka, npr. GPS-altituda i 
koordinata trebaju poslužiti kao važna saznanja upravama letenja, korisnicima letova i drugim 
sudionicima u avijaciji.

Ključne riječi: zračna luka, ADS-B podaci, klaster, pista, K-Means
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