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A Study on the Visualization of an Airline’s Fleet State Variation

Yonghwa Lee’, Juhwan Lee’, Keumjin Lee”

ABSTRACT

Airline schedule is the most basic data for flight operations and has significant importance
to an airline’s management. It is crucial to know the airline’s current schedule status in order
to effectively manage the company and to be prepared for abnormal situations. In this study,
machine learning techniques were applied to actual schedule data to examine the possibility of
whether the airline’s fleet state could be artificially learned without prior information. Given
that the schedule is in categorical form, One Hot Encoding was applied and #-SNE was used to
reduce the dimension of the data and visualize them to gain insights into the airline’s overall
fleet status. Interesting results were discovered from the experiments where the initial findings

are expected to contribute to the fields of airline schedule health monitoring, anomaly
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detection, and disruption management.
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Fig. 1. Gantt chart(Lufthansa systems, 2015)
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Aeii=e] 2+ JEigE2 HS(categorical) gEO
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Table 1. Example of state variable

571 S(#) S(n) S(s) S(tg)
ki ICN-NRT | ICN-NRT | ICN-NRT | ICN-NRT

k ANC ANC-JFK | ANC-JFK | ANC-JFK

ks SIN SIN SIN SIN

ki |GMP-CJU | GMP-CJU | GMP-CJU|  QJU
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AUt
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Table 2. Example of OHE

Ve Sij One hot encoding
1 ANC-JFK [100000]
2 GMP-CJU [010000]
3 ICN-NRT [001000]
4 ANC [000100]
5 cJu [000010]
6 SIN [0000O01]

AA1E HolHE FXdo] Yd 7|7ke 233E 2016

W 19 190904 2 2997HA] AREARS] AAl &3
AL ARESIYT s 7IEet v 23 He £
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19
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T30l FALE oA gt glow, AjF FHA4o|
o2 7] SUliA JHHsEE B2 9o A &
T AAE Z3ekA] gttt Fig. 2+ H4Ho] Uil 14
23U A% 19 1445 E 19 3197HK9] FUA 2
Ago|ct.

g 2A1E dolgs B4s] s Aeuss
OHEZ Zy= thaa} 2ot A giatel 24 7|71
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(85x422)9] A715 7ML} 5&E 92 60Y7H] A
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£ 17,280%35,8700] EtHTable 4).

2718 A e EdE oid B4 717t

Table 3. Operation status from January to February

2016
bl A =4l A
23 13,164 5,848 19,012
2% 51 314 365
iy 13 10 23
g 26 11 37
A 13,254 6,183 19,437

0114 0145 0146 0177 0148 01-19 0120 0121 01-22 0123 0124 0125 0126 0127 0128 0129 0130 0131

Normal =o=Divert ~@-Retum == Cancel

Fig. 2. Domestic operation status from
14 to 31 January 2016
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Table 4. OHE data dimension and cardinality

TR e
B4 7)7H 2016.1.1~2016.2.29 (60¥)
=& 99 5B
XE ol 74 17,280
71e 327] 85
A3zt A7) 422
@B/ F718D) (315/107)
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‘“‘ji};%f%ﬂ 7734 17,280%35,870
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2019; Cao, 2017). OHEE 283 7%, Holg7t &
Elsparse) E4Z 7HAA B 7“3}0}04 B oo A
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Fig. 3. Visualization of fleet state from January to February 2016 using #-SNE(labels are in weeks)
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Fig. 4. Enlarged view of Fig. 3 for schedule disruption period at Jeju Airport
(Labels: Days for upper figure, hours for lower figure)
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Fig. A.1. Comparison of #-SNE results for
different time intervals (Jan 1 to 10, 2016)
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Fig. A.2. Comparison of #-SNE results before
and after applying PCA (Jan 1 to 10, 2016)



