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With a true view, all the data harmonize, but with a false one the facts soon clash.

Aristotle



Abstract

In recent years, there has been a great deal of interest in flight delay prediction, since flight
delays have a negative impact on both the economy and the environment, as they increase
fuel consumption and therefore carbon emissions. Statistical and operational methods for
prediction have been employed in this area, and with the advent of technology, Machine
Learning techniques serve also a catalytic role in the study and forecasting of flight delays.
Prompted by the aforementioned facts, in this Diploma Thesis we applied Machine Learning
methods to forecast a) the average departure delay of a flight, b) the average delay
throughout a flight, and c) the average total delay of a flight, using real-world, chronological
data. In addition, two strategies were used to estimate the overall delay: either by
aggregating the findings of the departure delay and flight delay prediction models, or by
applying a single model to predict the total delay directly. Traditional Machine Learning
approaches, such as Linear Regression, Polynomial Regression, and Support Vector
Regression, as well as Neural Networks, were employed to develop our predictions. To
determine the efficacy of the algorithms, the Mean Absolute Error and Root Mean Square
Error metrics were employed, along with the R-Squared Determination Coefficient metric, in
conjunction with the Cross Validation approach, while the execution time of each
implementation was also considered. In addition, the effect of a new heuristic factor,
namely the knowledge of previous delays at both the arrival and departure airports, was
examined. In conclusion, the application of our methodology to annual flights between two
of the busiest international airports in the United States of America (USA) demonstrates
that the use of Machine Learning algorithms can contribute to flight delay prediction, while
the novel feature of knowing previous delays positively affects the accuracy of the
predictions.



NepiAnyin

Ta televtaia xpovia, €xel mapoatnpnBet éviovo evéladépov yla tnv mpoPAsdn
KaBuotepnoswv MTAOEWV, KABWC oL kKaBuotepnoeLg MToewV £ival éva MPoBAnua To omnoio
€XEL AVTIKTUTIO OTNV OlKovVouia plag kowwviag, aAAd kat oto meptBaAlov, adou auvéavouv
TNV KATAVOAWON KAUGLHWY KOl KOT' EMEKTAON TIG EKTOUMEG Slofeldiov tou AavBpaka. Ze
autnVv TNV KateuBuvon, €xouv uAomolnBel mpoaoeyyioelg mpoPAedng, oL omnoieg Baaoilovral
Of OTOTIOTIKEG KOL ETUXELPNOLAKEC HEBOSOUG, evw He TNV MPoodo TG TEXVOAOyiag ol
TEXVIKEC Mnxavikng Mabnong emniong Stadpapatilouv KATaAutikd poAo otnv avaAuaon Kal
v npoPAePn kabuotépnong plag mriong. Oppwpevol amd autd ta dedopéva, otnv
napovoa Authwpatik Epyoaocia, epapuocape alyopiBuoug Mnxavikng Mabnong mou
adopouv otnv mpoPAsdn a) tng HéEong kaBuotépnong avoxwpnong pag menong, B) g
HEONG KABUOTEPNONG KOTA TNV OSLOPKELD MG MTAONG KAl Y) TNG HEONG OUVOALKAG
KaBuotépnong HLag TTAONG, XPNOLUOTIOLWVTAG TIPOYHOTIKA, XPOovoloywka S&edopéva.
ErmtumtAéov, n mpoBAedn NG ouvoAlkng kaBuotépnong uAomowBnke pe Suo pebddoug, eite
ouvaBpoilovtag Ta amoteAEoUOTA TWV HOVIEAWV TIPOBAEY NG KABUCTEPNONG avaxwpenong
Kal kaBuotépnong katd tn Sldpkela piag mtiong, eite epapuolovtag Eva eviaio poviélo
yla tnv amneuBeiag mpofAedn tng ouvoAkng kabuotépnong. lMNa tnv ulomoinon Twv
oAyoplBuwv mpoBAedng, xpnollomoloape TapadoolakeG TEXVIKEG Mnxavikng Mabnong,
KOl CUYKEKPLUEVA Tpappiky NoaAwvdpounon, NMoAvwvupuikn MaAwvdpounon, NaAwvdpounon
HEow Alavuopdtwy YrootnplEng (Support Vector Regression), aAAd kat Neupwvikd Aiktua.
Me otoxo tn Slepelivnon NG AMOTEAECUATIKOTNTAG TWV aAyopiBuwy xpnoluonolidnkav ot
HETPIKEG TOU Méoou AmoAutou IdaAuatog (Mean Absolute Error) kat n Pila tou Méoou
TetpaywvikoU Idpaipoato¢ (Root Mean Square Error), kaBwg Kol n HETPLK ZUVIEAEOTN
MNpoodloplopol R-Squared, oe cuvduaouo pe tnv texvikn Cross Validation, evw AndOnke
ur’ OV Kal 0 XPOVOC EKTEAEONG TNG €KAOTOTE UAomoinong. EmumAéov, peAetnOnke kot n
ouvelcdopd €VOG VEOU  XAPOAKTNPLOTIKOU, aUTOU TNG yvwong TpPonyoUUEVWY
kaBuotepnoewy, T000 oTo agpodpoplo adleng, 6co kaL oto agpodpoulo avayxwpnong. Ev
KatakAelOL, n epappoyn g pebBodoloylog pAC Ot €TNOLEG MTNOELS avapeca os dUo
noAucuyxvaota Slebvn aspodpopta Twv Hvwpévwy MoAtewwv Apeptkng (HMA) katadeikvuel
OTL N xpnon oAyopiBuwv Mnxavikng Madnong pmopei va cupBariel otnv npoBAedn tng
XPOVIKNG KaBuoTéEPnNonG MINCEWY, EVW TO VEO XOPOKTNPLOTIKO YVWwong TponyoUuUEVWV
kaBuotepnocwv €xeL Betik ouvelodpopd oTig TpoPAEPELG.



Acknowledgments

This journey would not have been possible without the help of numerous individuals, and |
would like to express my gratitude to each of them. My parents, Georgia and Nikolaos, have
always supported me and encouraged me to test and surpass my limits. Therefore, | would
like to thank my friends Giorgos, Kostas, Christos, and Konstantinos for their unwavering
support and tenacity over the years, which kept me going.

Last, but not least, | would like to thank my thesis advisor, Professor Michail G. Lagoudakis,
for letting me implement this thesis and for his support.

Copyright Alexandros N. Chatzipetros

The opinions, interpretations, conclusions, and recommendations expressed in this
document are those of the author and should not be construed as reflecting the official
position of the Technical University of Crete.



Table of Contents

Chapter 1 INtrodUCTION ... . ...t r e e e e e e s e s e e e e e s e e e e e eeeeeenns 1
1.1 MORIVAtION ... 1
1.2 Thesis CoNtribULION ..........cooiiiiii e e e 3
1.3 TheSisS OULIINE.......cooiiiie et ettt s e s ean e e 3

Chapter 2 Related WOKK..............ooiiiiie et e e e e e s e e s s araeeeena 4
2.1 Research based on Statistical methods ................cociiiiiiiii 4
2.2 Research based on Operational Methods ...............ccceoiiiiiii e, 5
2.3 Research based on Machine Learning Methods...............ccccooiiii e, 6
2.4 Research based on Network Methods.................cooiiiiiiiiiiiie e, 9

Chapter 3 BackgroUNd ................ooiiiiiiii e e e e e e e e e e nneeees 10
3.1 Machine Learning theory................oii e 10

3.1.1 SUPErvised LEArNING ..........ovveiiiiiiiiiiiiiieeeee e eecccrtee e e e e eestrreee e e e e e e e e ennraeeeeeeeesennnns 11
3.1.2 UNnSupervised LEArNING.........co.ceeoiiiiiiiieeeee e e eecccirteeeee e e e eeetrreeeeeeeeeesennrsaeeeeeessennns 12
3.1.3 ReinforcemMent LEArNING...........coooiiiiiiiieieee e eecccrieeeee e ettt e e e e e e e searraeeeeeeeeeenans 13
3.2 NeUral NEEWOIKS .........ooiiiiiiiiieeee e e 14
I B o =T ol=T o1 4 o] o PP PP 16
3.3 Machine Learning algorithms...............oocuiiiiiiiii e 25
3.3.1 LiN@Ar REBI@SSION .....cceeiiiiiiiiiiie ettt ettt e e e e e sttt e e e e e s e s sasnbbaeeeeeeeseaans 26
3.3.2 SUPPOrt Vector REZIreSSION .........cccuueiiiiiiiiii ittt ettt e e eireee e e e e e e e 32

Chapter 4 Impementation and Methodology ..............ccceeeiiiiiiiiiiieeei e, 44
0 AV 11 d o Yo T [ [ Y-V PP RUOPP 44
.2 DAtASET ......ooiiiiiiiiiiti e 47

4.2.1 Dataset Identification and AcqUISItioN..............ccocevvvviiieiiiiiiciiiiee e, 48



4.2.2 DAta PrOCESSING .......ooiiiiiiiiiiiiiitieee ettt e e e e e sttt e e e e e s s e ssabbr et e e eeesesssasnrbaaaeeeens 51

e =T o 1O 10 L= Ao 3 LT 55
4.4 Validation, Testing and Evaluation ..............ccccciiiiiiiiiiii e 56
4.4.1 K-fold Cross Validation...............ccceoiiiiiiiiieieeeee e 56
4.4.2 EValuation IMIEIiCS. .........coiiiiiiiiiiiiee e 57
4.4.3 Overfitting, Underfitting ............ccooriiii e 59
Chapter 5 Analysis and RESUILS ... e 61
5.1 Departure Delay Prediction from JFK 0 LAX ........cccoiiiiiiiiiiiiniie e esieee e 61
5.1.1 LiN@Ar REBIESSION ......ccveeiiiiiiiiei ettt e e ettt e e e e e s e sabaee e e e e e s s e ssssaraneeeeeessannns 62
5.1.2 Polynomial REGIreSSION ........ccccuuiiiiiiiiii ettt et e e s e e e saraee e e 63
5.1.3 SUPPOrt VEctor REZIreSSION ........ccccuuuiiiiiieiieiieieieeeee et e e e e e s e s searaee e e e e e s enaas 65
5.1.4 Feed Forward Neural Network ...............ccoooiiiiiiiiieee e, 66
5.1.5 Summary of Departure Delay Prediction from JFKto LAX ...........ccccccovieiiiiineeen, 68
5.2 Inflight Delay Prediction from JFK to LAX ..........oooiiiiiiiiiiec e 70
L 2 B ] =T T T4 T T o 70
5.2.2 Polynomial REGIreSSION ........cccuviiiiiiiiiie ettt et e e e e e araeeeea 71
5.2.3 SUPPOrt Vector REEIreSSION .............uuuuuuuiiiiiiiiiiiiieiuieieienerernrererrrerra.———————————————. 73
5.2.4 Feed Forward Neural Network ..o 73
5.2.5 Summary of Inflight Delay Prediction from JFK to LAX ...........ccoeoviiiieiviiiiie e 76
5.3 Total Delay Prediction sumof models ..............ccccoorii e, 77
LT 0 A I =T T T4 T T o 77
5.3.2 Polynomial REGreSSioN ............ccoiiiiiiiiiiiee ettt e e e e arree e e e e e e e e 78
5.3.3 SUPPOrt Vector REEIreSSION .............uuuuuuuiuiiiiiiiiiiiiieieieierernrnrrrerrrerrr..—————————————.—. 80
5.3.4 Feed Forward Neural Network .............c.cooiiiiiiiiiie e 80
5.3.5 Summary of Total Delay Prediction sum of models..............ccccceeevvvvirireieniennnnnnns 83
5.4 Total Delay Prediction single data model ..............cccoooevririeiiiiiiiiiii e, 84
5.4.1 LiN@Ar REBIESSION ......ceuiiiiiiiiiiiii ettt ettt e e e e e ettt e e e e e s s s sainbaeeeeeeeeseanans 85
5.4.2 Polynomial REGIreSSION .......cccouuiiiiiiiiiiei ettt ettt e s e e s sabeee e 85
5.4.3 SUPPOrt VEctor REZIreSSION .........cocuueiiiiiiiiii ittt ettt e e e e e e e e e 87

5.4.4 Feed FOrward Neural NEEWOIK ............ooviiiiiiiiiiee ettt ettt et e e e 87



5.4.5 Summary of Total Delay Prediction single data model .................ccccoerviiiiiiiniiiennnns 90

Chapter 6 Conclusion and Future Work................coooviiiiiniiiii e 92
6.1 Review of Research QUESTIONS ..............euueeeiiiiiiiiiiieee et e e e e e e eaaaaaaes 92
6.2 FURUIE WOKK ......ooiiiiiiiiee et 93

APPENAICES ... e e e e e e e e e e e e r e e e e e e e e e eaaaeas 94
APPENAIX A SEUUP......ooiiiiiiiiiiiiiiiiititterertrr e .r...—.—.——.————————.rerarersrarsrrrrr.r.r.rrr.r........................ 95

Appendix B Advantages and Disadvantages of the Machine Learning Algorithms
(o] ol =T ¢ o 1=T« ISR 96

BibIIOBIaPRY ... i e e e e e s abae e e e earaeeeens 98



List of Figures

FIGURE 1.1: ON-TIME ARRIVAL PERFORMANCE U.S. AIRPORTS 2015 [2]...ciiiieiiiiiiieiniieeniieeniieesteesiteesireesieeesbeesaseesveesanees 2
FIGURE 1.2: DIRECT COST OF AIR TRANSPORTATION DELAYS (2007 IN BILLIONS USD) [5] .eveeiuveeriieiieenieesieeeieesreesveesveesveas 2
FIGURE 2.3: KEY FACTORS INFLUENCING ON TIME PERFORMANCE (OTP) OF AIRLINE FLIGHT SCHEDULES [8] ....veevuveeriienreesieenneens 5
FIGURE 2.4: THE ARRIVAL-DEPARTURE SCHEME OF AN AIRPORT [11] 1.euutieiuiieiieiiieeiieesieesieesiteesteesnteesiteesaaeesteesnsessnseesnneess 6
FIGURE 2.5: THE DETAILED COMPUTATIONAL FRAMEWORK OF FLIGHT DELAY [19]...0iiiiiiriiieniieeniieenieenieesteesreesreesneesveesanee s 7
FIGURE 2.6: ALGORITHM COMPARISON MEAN SQUARED ERROR [27] ...veiiuiiiiiieiniiieiieenieeniieesiteesieesieeesireesieeesiseesssessnsessaneess 8
FIGURE 2.7: INDIVIDUAL FLIGHT DELAY MODEL [32] 1.0t eitteettieitteeeieeesite ettt e stteeetteesiteestseesaseessseesasaesssessnsaasssessnsassssesssesssensn 9
FIGURE 3.8: DIFFERENCES BETWEEN REGRESSION AND CLASSIFICATION ALGORITHMS [37]

FIGURE 3.9: A 6-CLUSTER DATASET WITH 50 NOISY POINTS [38]

FIGURE 3.10: THE PARTS OF ANEURON [42] 1evviiiiieiiiuiiriieeiieiiitieeeeeeeeisitaeeeeeeeesesssaseeeseeesesssasesesesssesssssssssesssessssssssseesesanns
FIGURE 3.11: BASIC NEURAL NETWORK STRUCTURE [A4] ...veiiiuieetieeiieeeteeesieeestteesiaeesteeesseessssesssaessssesssseesssessssessssessssesnsees 15
FIGURE 3.12: NEURAL NETWORK FUNCTION DIAGRAM. ...ceeuvtteteeenreeesueesnseeesssesssesesssesssesesssesssesesssssssesssssesnsessssesnsesensaesnsens 16
FIGURE 3.13: SINGLE LAYER PERCEPTRON MODEL [A8]....cettiiiuieiietiiiiesititenitessieeesieessiesesssessseeesaaesssssssssesnsesesssesnsesssssesnsens 17
FIGURE 3.14: MULTILAYER PERCEPTRON IMODEL ....uvvteuteesuteeeseessesesseeesseeesssesnsssesssssssssesssesssssesssssssssesssssssssesssssnssessssesssnes 17
FIGURE 3.15: NON-LINEAR FUNCTION [50] tuvveiiiiiiiiiriiiiieeiieiiitieeieeeeeisiteeeeeseeesestasseeseeesesssasesesesssesssssesssessssssssrsssseesennnns 18
FIGURE 3.16: RELU ACTIVATION FUNCTION [51] .euuiiiieiiieeiieiiiiieeeee e ee ettt e e e e eesetareeeeeeeeeataraeeeeessennnnsaesseeesennnranneeeesennen 19
FIGURE 3.17: LEAKY RELU ACTIVATION FUNCTION [54].ueiiiiiiiiiirieiiee i ieiiiiieeeee e e seitateeee e e e sesbateeeseeesesasaseeesesssessnssnesesssesnes 19
FIGURE 3.18: SIGMOID FUNCTION [50] . uuuttriiiieeiieiiiieeeeeeeeesiitteeeeeeeeesettaeeeeeeeesessssaeeseeesesssssasseesssesssssssssesssensssssnsseessennes 20
FIGURE 3.19: LOW AND HIGH LEARNING RATE [B0]....uutverieeiieiiiurieiieeeeeiiiitnreeeeeeeseetsreeeeeeesessssseseesssesssnsssssesssesssssssseeesenes 25
FIGURE 3.20: EFFECT OF LEARNING RATE ON THE LOSS FUNCTION [B0] ...uvvvvviiieiiiiiiiiiiieeeieieiiireeee e e e sesiareeeseeeseeaareeeseeeeeenns 25
FIGURE 3.21: REGRESSION PREDICTION LINE AND DISTANCE ERROR [B1] ...eveuieiuieriieiieiieiesiienieenieeieesesteseesaeesaeeseeenseenseens

FIGURE 3.22: SIMPLE LINEAR — MULTIPLE LINEAR REGRESSION GRAPHS [62] ...

FIGURE 3.23: SIMPLE LINEAR MODEL — POLYNOMIAL MODEL GRAPH [64] .......

FIGURE 3.24: REGRESSION LINE [BB] ..ceieuuvvriiieeiieiiiieeeieeeieiitteeeeeeeeesssabaseeeseeesesbasseeseeesessbasssesesssessssssssseessessnrsnsseessenes
FIGURE 3.25: GREADIENT DESCENT ON THE CONVEX SURFACE [B7] vvveiieeiiitrreieeeeeiiiitnreeeeeeesestnreeeeeeesesnnseeeeeessessnnssnneeessennns 32
FIGURE 3.26: GRADIENT DESCENT ON THE NON-CONVEX SURFACE [B7]....uuurrreeeeeeeiiiiinreeeeeeeseiinreeeeeeeeesinnreeseeessessnnrseneeessennes 32
FIGURE 3.27: SVM HYPERPLANES IN 2D AND 3D FEATURE SPACE [B9] ...uuuutiiiiiiiiiiiiiiiiiee ettt e e e sesieree e e e e s seeaareeneeeeeeenes 33
FIGURE 3.28: SVM MAXIMUM MARGIN CLASSIFIER [70] .e.uveieiueeeiieiniieniteeerite ettt esitessieeesiee sttt e sieessateesaseesseeesasesssseesasesnnens 34
FIGURE 3.29: THE KERNEL TRICK GRAPHICALLY 2D=3D [72] «eueieeeeeeeeeeeieieieee ettt e s s s s e s s s s s s e e e e e s e ee s e seseeeenaeaeneeas 35
FIGURE 3.30: VISUAL REPRESENTATION OF DATA POINTS USING KERNEL FUNCTION [73]...uciiiiiiiiiiniienieienieeesieee e 35
FIGURE 3.31: EXEMPLIFICATION OF RBF KERNEL FROM NONLINEAR TO HIGH-DIMENSIONAL SPACE [60]...cceieieieieieieieieieieieieeennn, 36
FIGURE 3.32: SVR SOLUTION WITH VARIOUS ORDERS [B2]..uuuieieieieiiieiiiiieieiiieieieieieieiesesesesesesesesesesesesesesesesesesesssesssesesesens 38
FIGURE 3.33: ONE DIMENSIONAL LINEAR SVR [77] . uutteteieeiieiiirieieee e eeeettteeee e e esetareeeeeeesestaseeeeeessennnnsaesseessennnransseessenns 39

FIGURE 3.34: ERROR FUNCTION PRESENTATION [79]

FIGURE 3.35: NONLINEAR SVR [77] e e ettt ettt ettt e e e sttt e e e e ettt e e e e e e e sesbasaeaeeessenabatseeeeesseensnrbaneeeeeennes

FIGURE 3.36: TOTAL DELAY PREDICTION APPROACH 1




FIGURE 3.39: AIRPORTS AND THE NUMBER OF FLIGHTS IN THE US 2015 DATASET ...evvivtiiieeeeereeerniieeeeeererrneeeeeeseressneeeeessenes 50

FIGURE 4.40: DEPARTURE DELAY OF FLIGHTS BETWEEN US AIRPORTS IN MINUTES [91] .evviiiiiiiiiiiiieiiee e 51
FIGURE 4.41: THE SIN/COS ENCODING IN HOUR-OF-DAY VALUES FROM O THROUGH 23 [93] ....eevviiiiieiieieeie et 54
FIGURE 4.42: GRADIENT DESCENT CONVERGENCE WITHOUT AND WITH SCALING [95] ..eevviiiiieiiiieiieniei et see e 55
FIGURE 4.43: DIAGRAM OF K-FOLD CROSS-VALIDATION, WHERE K=10 [97] ..ouvteiiiiiiieeiieeite ettt 57
FIGURE 4.44: UNDERFIT, OPTIMAL AND OVERFIT PREDICTION MODELS [99]...ceiiitiiiiiiiiieiiiieeesiieeeeieeesneeeeesireeesaeeeesnanaeas 60
FIGURE 5.45: DEPARTURE DELAY PREDICTION LINEAR REGRESSION RESULTS ..uvvervrieueerieeenieesnseeessaesnseeessnesssesesssessseesssesnsees 63
FIGURE 5.46: DEPARTURE DELAY PREDICTION POLYNOMIAL REGRESSION 2"° DEGREE RESULTS ..eeeuuvveeerereeeseeneeesrreeesnsnneessneens 64
FIGURE 4.47: DEPARTURE DELAY PREDICTION POLYNOMIAL REGRESSION 3%° DEGREE RESULTS ..cuvvteuvrerieeeniressieeenineenseeesseesnses 64
FIGURE 4.48: DEPARTURE DELAY PREDICTION SVR RESULTS ....uuueittteeeeeeiiiieteeeeeseseiietteeeeeeseuistteeeesesesunnneeeeeessesnunsseaeeeesanann 65
FIGURE 4.49: DEPARTURE DELAY PREDICTION NEURAL NETWORK LAYER=1, DENSE=20 RESULTS ...ceevuverrurrenirernieeeninesnereesaeeennens 66
FIGURE 5.50: DEPARTURE DELAY PREDICTION NEURAL NETWORK LAYER=1, DENSE=50 RESULTS ....eevuverurrenirerrieeenieesnieeesieeennens 67
FIGURE 5.51: DEPARTURE DELAY PREDICTION NEURAL NETWORK LAYER=2, DENSE=20 RESULTS ....vveeeeurererrurreeerrreessnnnneesnnnees 67
FIGURE 5.52: DEPARTURE DELAY PREDICTION NEURAL NETWORK LAYER=2, DENSE=50 RESULTS ..ceevuveerurrerireenieeeninesnnreesvesnnns 68
FIGURE 5.53: DEPARTURE DELAY PREDICTION ALGORITHM COMPARISON RADAR MATRIX ...ceeeuvreeerrreeeesnreeesseneessssseesssseeesnseees 69
FIGURE 5.54: INFLIGHT DELAY PREDICTION LINEAR REGRESSION RESULTS ...vvteuvreetreesuressueeenseessseeessaesnsesesseesssesensesnsssessesnsees 71
FIGURE 5.55: INFLIGHT DELAY PREDICTION POLYNOMIAL REGRESSION 2"° DEGREE RESULTS ....vveeeruvreeeenreeesnnnreeesnreessssneesnnens 72
FIGURE 5.56: INFLIGHT DELAY PREDICTION POLYNOMIAL REGRESSION 30 DEGREE RESULTS ...vvveeeruvreeeenreeesnnnreeesnseessnnneesnnens 72
FIGURE 5.57: INFLIGHT DELAY PREDICTION SVR RESULTS ..uvvteuveeeteeerieesreeenseesssesenssesssesenssesnsesessssssssssssssessesesssesssssessesnsens 73
FIGURE 5.58: INFLIGHT DELAY PREDICTION NEURAL NETWORK LAYER=1, DENSE=20 RESULTS ...ccesvreererurerersereeesrreeesnnneesnnens 74
FIGURE 5.59: INFLIGHT DELAY PREDICTION NEURAL NETWORK LAYER=1, DENSE=50 RESULTS ...cccvvterurerrrrrerireenrerenueensneeseesnnes 74
FIGURE 5.60: INFLIGHT DELAY PREDICTION NEURAL NETWORK LAYER=2, DENSE=20 RESULTS ...ecesvreeeeurerersrreeesrreeesnneeesnnens 75
FIGURE 5.61: INFLIGHT DELAY PREDICTION NEURAL NETWORK LAYER=2, DENSE=50 RESULTS ...cccvvterurerrrrrerereenireenaeesseeeseesnsees 75
FIGURE 5.62: INFLIGHT DELAY PREDICTION ALGORITHM COMPARISON RADAR MATRIX...0eeuvreervrernureessuessseeesseesenessuesssseesssesnsees 77
FIGURE 5.63: TOTAL DELAY PREDICTION SUM OF MODELS LINEAR REGRESSION RESULTS....uuuuieiererereiesesesesesesesesesesesasssssasesasesns 78
FIGURE 5.64: TOTAL DELAY PREDICTION SUM OF MODELS POLYNOMIAL REGRESSION 2M° DEGREE RESULTS ....uvvveeeruvreeesnureeessunnens 79
FIGURE 5.65: TOTAL DELAY PREDICTION SUM OF MODELS POLYNOMIAL REGRESSION 3%° DEGREE RESULTS ...vvvveeeruvreeeenneneesnnenens 79
FIGURE 5.66: TOTAL DELAY PREDICTION SUM OF MODELS SVR RESULTS.....uuttttteeeeeiiiiittreeeeesaiiereeeeesesensneeeeeessesnnreeeeeeesenans 80
FIGURE 5.67: TOTAL DELAY PREDICTION SUM OF MODELS NEURAL NETWORK LAYER=1, DENSE=20 RESULTS ....eevvvrrerrrnrrerrnnnennnn. 81
FIGURE 5.68: TOTAL DELAY PREDICTION SUM OF MODELS NEURAL NETWORK LAYER=1, DENSE=50 RESULTS ..vuueeeeeerrrrrrnnneeeeennnns 81
FIGURE 5.69: TOTAL DELAY PREDICTION SINGLE DATA MODEL NEURAL NETWORK LAYER=2, DENSE=50 RESULTS ......cevvvvuerrereennnns 82
FIGURE 5.70: TOTAL DELAY PREDICTION SUM OF MODELS NEURAL NETWORK LAYER=2, DENSE=50 RESULTS ....ceevvrrerrrnreerrnnnnnnn. 82
FIGURE 5.71: TOTAL DELAY PREDICTION SUM OF MODELS ALGORITHM COMPARISON RADAR MATRIX ..ceereruuierieereresaninreeereeesanns 84
FIGURE 5.72: TOTAL DELAY PREDICTION SINGLE DATA MODEL LINEAR REGRESSION RESULTS.....ccerveterurernrerennresnneresneesneeesneesnnees 85
FIGURE 5.73: TOTAL DELAY PREDICTION SINGLE DATA MODEL POLYNOMIAL REGRESSION 2"° DEGREE RESULTS ...ccevuvveeernureeesnnnens 86
FIGURE 5.74: TOTAL DELAY PREDICTION SINGLE DATA MODEL POLYNOMIAL REGRESSION 3%° DEGREE RESULTS ..veeevuvveeesrvvreessnvenns 86
FIGURE 5.75: TOTAL DELAY PREDICTION SINGLE DATA MODEL SVR RESULTS.....uveeutieniieeniieenieesniteesieessieeesseessseeesasessseeesssessnens 87
FIGURE 5.76: TOTAL DELAY PREDICTION SINGLE DATA MODEL NEURAL NETWORK LAYER=1, DENSE=20 RESULTS .....ccvvvrrreeeeeernnnns 88
FIGURE 5.77: TOTAL DELAY PREDICTION SINGLE DATA MODEL NEURAL NETWORK LAYER=1, DENSE=50 RESULTS ....ccuverrurreruvernnne 88
FIGURE 5.78: TOTAL DELAY PREDICTION SINGLE DATA MODEL NEURAL NETWORK LAYER=2, DENSE=20 RESULTS .....ccevvrrreeeeeerennns 89
FIGURE 5.79: TOTAL DELAY PREDICTION SINGLE DATA MODEL NEURAL NETWORK LAYER=2, DENSE=50 RESULTS ....ccuverrureerueeennee 89

FIGURE 5.80: TOTAL DELAY PREDICTION SINGLE MODEL ALGORITHM COMPARISON RADAR MATRIX ...ccerereranuunreeeeeresaninreeeeeaesanans 91



List of Tables

TABLE 4.1: TYPE AND NULL VALUES FOR EACH DATASET VARIABLES ....veeuviiireitieitieite ettt ettt ettt ettt neeane e 49
TABLE 4.2: AIRLINES OPERATING IN THE DATASET....eiiutiiuiiitiiiteetiete et st st sae sttt eae s sae s b st st e et e saaesaeesaeesaeebeenneenneens 50
TABLE 4.3: THE INITIAL FIVE COMPONENTS OF THE DATASET .uvtetiitieieiiteiteeitee ittt et ettt et ettt s te e sbe e neenneeane e 52
TABLE 4.4: ONE HOT ENCODING FOR AIRLINES. ....ecvtiutiittietieetteteeteetestestte st e st et ebeetsssts e et e be e ba et e sabesaeesaeesbessbeenbeeaneees 53
TABLE 5.5: SUMMARY ALGORITHM COMPARISON DEPARTURE DELAY PREDICTION ....cuvieviiuiiiiiiitiinieeieete et sae s ene s 68
TABLE 5.6: SUMMARY ALGORITHM COMPARISON INFLIGHT DELAY PREDICTION ...cooviiiiiiieiiniienteenieete ettt 76
TABLE 5.7: SUMMARY ALGORITHM COMPARISON TOTAL DELAY PREDICTION SUMS OF MODELS .....ccvvveriiieiieiiieiieesieesneeneenneens 83

TABLE 5.8: SUMMARY ALGORITHM COMPARISON TOTAL DELAY PREDICTION SINGLE DATA MODEL ...ceevereieinerererererannnreeeeeeeeennns 90



Chapter 1. Introduction

Chapter 1

Introduction

Since the beginning of its existence, humanity has created a variety of tools to utilize
effectively for its survival. Therefore, human ingenuity led to the advancement of these
tools, ushering in the era of computing devices. These innovations have aided humanity in
its struggle for existence and the enhancement of its quality of life. Artificial intelligence,
utilizing its subsector of Machine Learning that contains Deep Learning, is another weapon
in humanity's arsenal. Today, people can conclude and make predictions in many areas of
research, such as travel, industry, aviation, and science in general, by using artificial
intelligence to analyze data.

1.1 Motivation

Air transportation is a vital infrastructure that facilitates almost 7 billion passenger
boardings each year, including around 800 million in the United States (U.S.) [1], [2]. It is
also a complicated system with multiple interdependent components.

Constrained airspace and airport resources, thousands of aircraft, air traffic control
systems (ATC), and weather disturbances all contribute to the complexity and make delays
unavoidable. For instance, 18% of domestic flights in the United States were delayed in
2015, and 1.5% were canceled [2], nearly 40% of these delays were attributable to the late
arrival of inbound planes Figure 1.1 shows a complete picture of arrival delays in the USA in
2015. This proportion of delays attributable to late inbound arrivals indicates the
interdependent nature of the delay dynamics.
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@ 0n Time: 79.92%

@ Air Carrier Delay: 5.56%
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@ National Aviation System Delay: 5.44%

® Security Delay: 0.03%
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Figure 1.1: On-Time arrival performance U.S. Airports 2015 [2]

According to estimates, delays cost the US economy up to $41 billion annually in 2007
[3], [4] including $31 billion in direct costs and $10 billion in spillovers Figure 1.2 [5]. The
inherent intricacies and size of the system make predicting delays a difficult task. The
forecast of air traffic delays, even a few hours in advance, has the potential to improve
system performance by allowing ATC to take proactive preventive actions and by assisting
airlines in better planning recovery operations. The aforementioned facts motivated us to
model some parts of the flight delay problem and, using Machine Learning techniques, to
generate a numerical prediction of delays between two busy airports in the United States of

America, which we cite in this thesis.
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Figure 1.2: Direct cost of air transportation delays (2007 in billions USD) [5]
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1.2 Thesis Contribution

This thesis describes an implementation developed to predict flight delays at airports in the
United States of America. Consequently, three internal approaches (models) to the flight
delay problem between JFK (John F. Kennedy International Airport) and LAX (Los Angeles
International Airport) are constructed utilizing data derived from the 2015 dataset of the
United States Bureau of Transportation Statistics [6]. In addition, the third delay model is
constructed in two directions to determine which of the two has a superior structure and
yields more accurate predictions.

Furthermore, the delays of each model are predicted numerically (Regression) using both
traditional Machine Learning and Feed-Forward Neural Network approaches. To obtain a
more comprehensive implementation of the approximations, the simple average and
approximation forecasts derived by Machine Learning techniques is incorporated into the
verification process. When performing k-fold Cross-Validation, the predictions of the simple
average delay of each element is also be validated, such that the Regression metrics indicate
whether or not the Machine Learning techniques contributed to a more precise forecast of
the flight delay problem.

To sum up, this thesis contributes the proposal of three distinct predictions for the
multivariate flight delay prediction problem between two airports. In addition, it reveals the
role of Machine Learning techniques in the aforementioned implementations, and through a
comparison of the two directions of the third approach, it determines which
implementation structure, splitting the problem into two sub-problems or utilizing a single
model, is more accurate for delay prediction.

1.3 Thesis Outline

A concise summary of the thesis's material is provided in this paragraph as follows. In the
following Chapter 2, a survey of the pertinent literature that has been applied to related
flight delay issues and has provided useful information for this thesis is presented.
Continuing in Chapter 3, information regarding the theory of tools for the realization of the
thesis is offered, including algorithm theory, Machine Learning and methods, and Neural
Networks. Chapter 4 describes the utilized data, their statistical description, research
guestions, how they were set up for prediction, how to use them, and how to evaluate the
approaches. Chapter 5 includes a description of the experiments, and their outcomes, and a
discussion, and comparison of these, which leads to the answers to the research questions
posed in the previous chapter. At last, Chapter 6 is the conclusion of the thesis, where
conclusions and proposals for further research on the flight delay problem are drawn.
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Related Work

Numerous attempts have been made to predict flight delays and their durations using a
variety of methodologies, such as [7]. When constructing these prediction models,
researchers and analysts have encountered several obstacles. Among these obstacles are
recognizing whether data may be pertinent to their work, where to access it, and how to
analyze it efficiently.

In a similar manner, numerous scientists have attempted to develop a model that
envelops the influential components and analyzes the impact of each aspect and their
relationship. In conclusion, flight delay prediction methods can be categorized as follows:
Statistical Methods, Operational Methods, Machine Learning Methods, and Network-Based
Methods. We will elaborate on each of these category methods in more detail below.

2.1 Research based on Statistical methods

Introductory, utilizing statistical tools and approaches to solve a problem is a cornerstone of
science. In one statistically-based research [8] conducted, simulations reveal disparities
between operational delays and inherent schedule delays, as shown in Figure 2.3. Their
research has examined significant factors before the flight and those that occur on the
ground. At a subsequent stage, the delay at the destination is projected based on
circumstances that occur close to the arrival time at the destination. Subsequently, studies
[4], [5] demonstrated that whenever a delay is accurately predicted, passenger
dissatisfaction and fuel use decrease, resulting in a rise in the number of flights. In addition,
the agencies' benefits can be increased by minimizing the number of passengers who
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incorrectly select their routes or by specifying the probability for certain flights and
optimizing delay time forecast.
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Figure 2.3: Key factors influencing on time performance (OTP) of airline flight schedules [8]

Another significant analysis based on probability has been conducted [9], and according
to the author's perspective, the substantial storm has exerted a noteworthy influence on
the occurrence of aircraft delays. This study was devoted to predicting aircraft delays based
on mathematical calculations and analyzing the duration of flight delays caused by storms
on the same day. According to meteorological records, the effects of a storm one hour
before and after an event generate a fleeting environment in the region. At a subsequent
stage, a Monte-Carlo simulation was performed to estimate the airport runway capacity [9],
hence estimating the traffic on each runway. Due to the study's reliance on a single variable,
the model's accuracy is insufficient, although it is possible to improve the regional air
capacity path structure.

2.2 Research based on Operational Methods

The aviation and optimization groups have conducted extensive research on these
operational methods and related subproblems, however, this research [10] has primarily
concentrated on a single subproblem at a time in isolation. In [11] an integer optimization
model is presented, regarding the arrival/departure runway balancing problem (ADRB) [11]
utilizing a runway configuration to simulate runway capacity, as shown in Figure 2.4. So,
researchers then solved the airport runway configuration management problem and the
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ADRB within a single optimization model and proposed an extension to the case of airports
within a metropolitan area with shared airspace.
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Figure 2.4: The arrival-departure scheme of an airport [11]

Additional studies concentrate on delay and its propagation stability and dependability.
For example, congestion issues were studied in [12]. Then, a queue-based model for
studying delay propagation among consecutive planes at the Los Angeles International
Airport (LAX) was given. At least 15 percent of the flights arriving at LAX on the sample day
cause more congestion delay than they save in schedule delay, according to this study.
These flights are typically commuter flights that operate during periods of peak demand,
which are favored by current pricing rules. In the long-term, numerous airports, including
LAX, have contemplated the addition of dedicated commuter runways. This may be
justifiable, but only if a full-length runway is impractical and the incremental value of
commuter flights warrants a substantial investment.

Furthermore, another operational research [13] analyzed delay propagation in a network
of airports using a queuing model. The Approximate Network Delays model described, is a
stochastic and dynamic queuing model developed to compute delays at each airport in a
network and, more importantly, how these delays spread from airport to airport over a day
or other period of interest.

2.3 Research based on Machine Learning Methods

Using Data Mining and Machine Learning approaches, a Classification study [14] examines
flight information for American Airlines' domestic flights serving the five busiest airports in
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the United States and predicts the possibility of a flight delay. By employing Grid Search [15]
on Gradient Boosting Classifier Model [16] on flight data, this research provided a hyper-
parameter-tuned method. Also in this research, the Over-Sampling technique Randomized
SMOTE [17], [18] is used for Data Balancing, and the ensuing performance gain has been
demonstrated. In conclusion, the Validation Accuracy is 85.73%.

The creation of an effective model to predict the flight delay is considered as a task of
great importance. In this study [19], a method is proposed for modeling the arriving flights
and delay prediction through Machine Learning techniques, such as Multiple Linear
Regression [20], Naive-Bayes [21], and the C4.5 approach [22], shown in Figure 2.5.

Ingut Finding Similar Data Output
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Weather ,  Aircraft
Type)
Retum rafing Clustering

Figure 2.5: The detailed computational framework of flight delay [19]

Experiments with an actual dataset of domestic airports indicate that the suggested
model's accuracy is approximately 80%, which is superior to the Naive-Bayes and C4.5
techniques. Test results indicate that this method is convenient for calculation and may
accurately anticipate flight delays, and it can provide airport authorities with a basis for
decisions.

To continue with, using Machine Learning models, such as Logistic Regression [23],
Random Forest Regressor [24], Decision Tree Regression [25], Bayesian Ridge [26], and
Gradient Boosting Regression [16], a group of academics [27] has developed five models for
predicting flight delays, as shown in Figure 2.6. They gathered information from the Bureau
of Transportation and U.S. Statistics on all domestic flights taken in 2015 [6] and projected
whether a given flight will arrive on time or be delayed. Mean Squared Error (MSE) [28],
Mean Absolute Error (MAE) [28], Score for Explained Variance [29], Median Absolute error
[28], and R2 score [30] were used to evaluate the performance of the models. Due to the
use of unbalanced data sets, there was a significant amount of computed inaccuracy.
Random Forest Regressor was determined to be the best model for predicting arrival and
departure delays based on the data.
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Figure 2.6: Algorithm comparison Mean Squared Error [27]

In addition, research on neural networks will be mentioned at this point. Predictive
neural networks, a subfield of deep learning [31], are conceptually a complex network of
interconnected nodes that "learn" from the data structure. Neural networks start by
studying historical data to determine how to forecast the known output values using the
provided predictor variables. In [32] researchers investigate the application of deep learning
algorithms to the processing of air traffic data and the performance of deep learning models
in tasks involving the prediction of air traffic delay. By combining many models based on the
deep learning paradigm, an accurate and robust prediction model has been constructed that
enables an in-depth investigation of air traffic delay patterns. In particular, Recurrent Neural
Networks (RNN) have proven their accuracy [32] in modeling sequential data. Long Short-
Term Memory (LSTM) RNN architectures have been used to model the daily sequences of
departure and arrival flight delays at an individual airport, as shown in Figure 2.7. Finally,
the proposed prediction model's accuracy was assessed, examined, and compared to earlier
prediction methods. It is the most accurate procedure compared to all others [32].
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Figure 2.7: Individual flight delay model [32]

2.4 Research based on Network Methods

Flight delays are inherently stochastic phenomena. Congestion at the origin airport,
weather, rising demand, and air traffic management (ATM) choices, such as the Ground
Delay Programs (GDP), are major contributors to flight delays. In [33] researchers propose a
stochastic model that makes use of Bayesian Networks (BNs) to understand the links
between the various components of aircraft delay and the causes that cause delays. A case
study on departure flight delays from Chicago O'Hare International Airport (ORD) to
Hartsfield-Jackson Atlanta International Airport (ATL) reveals how local and system-level
environmental and human-caused factors interact to affect delay components and how
these components contribute to the overall arrival delay at the destination airport.

The model and results provided in [34] primarily examine the propagation of delays
throughout the airport system and the queuing phenomena associated with such
propagation. Analytical queuing and network decomposition models were created to
examine the complicated phenomena of delay propagation across a wide network of major
airports in the USA. The Approximate Network Delays (AND) developed model calculates the
delays caused by local congestion at individual airports and captures the "ripple effect" that
causes these delays to propagate. The model operates by repeatedly cycling between its
two major components: a Queuing Engine (QE) that computes delays at individual airports
and a Delay Propagation Algorithm (DPA) that updates flight schedules and demand rates at
all airports in the model in response to the local delays computed by the QE. This research
demonstrated the significance of incorporating delay propagation into airport network
models.
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Background

In this chapter, a summary of the theoretical knowledge underlying the instruments utilized
to implement this thesis will be presented. To begin with, due to the complexity of aviation
Big Data, data analysts and researchers confront a variety of obstacles, while attempting to
analyze, comprehend, and detect trends in aviation Big Data. Particularly challenging are the
ingestion, storage, exploration, analysis, and visualization of aviation Big Data. Traditional
approaches to delay modeling, in particular, are incapable of analytically analyzing the huge
volume of data associated with traffic, the effects of bad weather, or airport-related
operations (runway closures, construction, etc.) that cause Ground Delay Programs. After
ingesting and processing Big Data in the aviation industry, analysts and researchers must be
able to promptly and efficiently interpret data that is crucial to their operations. Machine
Learning is one strategy for addressing this issue. Using information regarding traffic
volume, adverse weather, etc., new approaches that employ Machine Learning techniques
have demonstrated some promise in their capacity to predict traffic delays.

3.1 Machine Learning theory

Machine Learning is a data analysis technique that focuses on the creation of computer
algorithms that translate data into useful actions [35]. Machine Learning techniques have
been widely implemented across numerous industries. Forecasts of weather behavior and
long-term climate changes, decrease in fraudulent credit card transactions, prediction of
popular election outcomes, finding of genetic sequences connected to diseases, and image
recognition are examples of applications. Machine Learning has also been widely utilized to
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complement the subject-matter expertise of subject-matter experts and to improve data
production and aggregation procedures. It is important to note, however, that Machine
Learning has limitations, despite the enormous benefits it has provided to society. It has a
limited ability to extrapolate beyond the constrained boundaries it has learned. To avoid
over- or under-fitting, the model must be trained precisely and thoroughly.

In addition to being a non-intuitive process, Machine Learning algorithms frequently
function as black boxes. Similarly, Machine Learning techniques and implementations rely
on numerous assumptions. The deployment of any Machine Learning technique/algorithm,
therefore, requires a thorough comprehension of these assumptions. The three categories
of Machine Learning algorithms are Supervised Learning, Reinforcement Learning, and
Unsupervised Learning. Understanding these categories is a necessary prerequisite for
creating accurate prediction models.

3.1.1 Supervised Learning

Supervised learning is the process of training a model to predict one value using other
values in the dataset. This method will be also used in this thesis. To continue with,
predictive models are the models utilized in supervised learning. In supervised learning, the
algorithm attempts to uncover and model the link between the anticipated value (target)
and other values (predictors). Not only may predictive models be used to forecast future
events, but also past and current events.

Importantly, Supervised Learning does not include human involvement. Instead, it relates
to the fact that target features allow learners to evaluate how effectively they have
mastered the intended tasks. The techniques for Supervised Machine Learning can be
utilized for two tasks: Regression and Classification [35], as shown in Figure 3.8. In
Supervised Learning, data is labeled and algorithms are taught to predict output from input
data.

Classification

Classification is frequently used to forecast the class to which a given instance belongs. This
entails learning the relationship between predictors and a target to map predictors to the
objective. The computer program is tasked with identifying which of k categories a given
piece of information belongs to [36]. Typically, this assignment requires the learning method
to construct a function f: R® — {1,...,k}. When y = f(x), the model allocates an input
denoted by the vector x to the category denoted by the discrete code y. Classification
challenges include predicting whether an email is spam, whether a person has cancer,
whether a football team will win or lose, or whether there will be a flight delay [35].

Regression

Using a group of predictors, a target number can be anticipated through the use of
numerical predictions. There are no discontinuities or gaps in the values that the objectives
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can assume, hence they are continuous. Given some input, the computer software must
anticipate a numerical as output. To complete this objective, the learning algorithm must
generate the function f : R™ — R. This task is similar to Classification [36], except for the
output format (continuous vs. discrete). Predicting revenue, test results, or the number of
objects are examples of numerical prediction problems [35].
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Figure 3.8: Differences between Regression and Classification algorithms [37]

3.1.2 Unsupervised Learning

Unsupervised learning is the process of training a model that benefits from the knowledge
gained from summarizing data in novel and intriguing ways. Descriptive models are those
utilized in unsupervised learning. In contrast to predictive models that forecast goal values,
descriptive models do not prioritize any particular aspect over the others. Algorithms for
unsupervised Machine Learning can be employed for pattern discovery and clustering [35].
In unsupervised learning, data is not labeled and algorithms learn to comprehend the data's

structure.

Clustering

Generally, clustering is used to split a dataset into distinct categories (clusters), as shown in
Figure 3.9. It is often used to discover hidden patterns in data through exploring data.
Typically, clusters are described using a measure of similarity defined by metrics like

probabilistic distance. Identifying groups of persons with similar behaviors for a marketing
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effort is an example of clustering [35]. The k-means algorithm is the most prevalent

clustering technique [37].
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Figure 3.9: A 6-cluster dataset with 50 noisy points [38]

Pattern Discovery

Pattern discovery is used to establish useful data relationships by extracting knowledge
from databases without prior knowledge of existing data patterns. Identifying items that are

frequently purchased together is an example of a pattern discovery task [35].

3.1.3 Reinforcement Learning

Reinforcement learning [38] is a subfield of Machine Learning that focuses on how software
agents behave in an environment to maximize a sense of cumulative rewards. It was mostly
used in games (e.g. chess), where its performance rivaled or even surpassed that of humans.
Currently, the merging of neural networks has made it possible for these algorithms to
accomplish increasingly complex jobs. In addition to the challenges of reinforcement
learning, optimal control theory has been studied primarily to construct and characterize
optimal solutions and algorithms for exact calculation and less in terms of learning or
approximation, especially in the absence of a mathematical environment model.
Reinforcement learning can be used by economics and game theory to understand how

equilibrium can emerge under constrained reasonableness.
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3.2 Neural Networks

Artificial Neural Networks [39], [40] are a form of Machine Learning algorithm influenced by
the human brain's structure [41], as shown in Figure 3.10. Each neuron receives inputs,
independently weights them, totals them, and then passes this total through a nonlinear
function to produce output. The output of a Neural Network is governed by inter-feature
correlations. Furthermore, Deep Learning [42] happens when several neuronal layers are
connected.
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Figure 3.10: The parts of a neuron [42]

A learning mechanism fine-tunes these connection strengths to maximize the neural
network's problem-solving effectiveness through trial and error. To solve a problem, the
objective is to identify patterns and correlations between the various data elements and to
forecast future values or a reward function value. Frequently, the number and configuration
of neurons in a neural network, as well as the division of labor among specialized
submodules, are tailored to each specific task, basic structure is shown in Figure 3.11.
Neural Networks constitute a subset of Machine Learning. A Neural Network is utilized in
numerous Machine Learning methods to transform complex data inputs into a format that
computers can comprehend.

Currently, they handle self-driving vehicles, offer advertisements, detect individuals,
understand messages, and even aid in the creation of new paintings. Neural Networks are
currently utilized in a variety of real-world applications, including speech and picture
recognition, spam email filtering, and medical diagnosis, to mention a few. Moreover, as
demonstrated in this thesis, they can be used for Regression prediction, such as numerical
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values for stock market prediction, social media statistics, aerospace, and even aircraft delay
prediction.
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Figure 3.11: Basic Neural Network structure [44]

Input neurons

The number of features used by a neural network to produce predictions. Each dimension
character in the input vector requires one input neuron. This is the number of relevant
features in the dataset for tabular data. These features must be carefully selected, and any
that may have patterns that do not generalize beyond the training set must be eliminated
(overfitting) [43].

Output neurons

The number of forecasts. For Regression tasks, a single value is acceptable (e.g. stock price).
In Multivariate Regression, however, there is one neuron per predicted value (e.g., for
vehicles, there may be four neurons, one for acceleration, maximum speed, width, and
length). For binary Classification (spam, non-spam), one output neuron is utilized per
positive class, with the output representing the probability of the positive class. One output
neuron per class is required for multi-class Classification (such as in object detection, where
an instance may be categorized as a flower, a car, or a cat).
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3.2.1 Perceptron

Perceptron is the simplest neural network consisting of n number of inputs, one neuron,
and one output, where n is the number of features in our dataset. Perceptron was invented
by Frank Rosenblatt in 1958 [44]. A perceptron model is also regarded as one of the most
effective and specialized types of Artificial Neural networks. As a supervised learning
algorithm for binary classifiers, it may also be viewed as a single-layer neural network with
four primary parameters: input values, weights and biases, net sum, and activation. Forward
Propagation and Back-Propagation are the components of a Neural Network. Forward
Propagation is the process of transmitting information through the Neural Network, and
Backward Propagation is the process of propagating the error (loss) back to the neural
network and then updating the weights of each neuron by altering the weight and bias
parameters [45], as shown in Figure 3.12. Following are the five steps of the Neural Network
training procedure:

1. Initialize the weight and bias parameters
2. Forward Propagation of some input
3. Compute the Loss [46] of current output with respect to the known target value
4. Backpropagation of error (loss)
5. Update the weight and bias parameters
Bias
b
([ x; O———>w,
Activation
Function
Output
Inputs < X2 o "2 z f y

L Xy O—> W,

Weights

Figure 3.12: Neural network function diagram

Single Layer Perceptron model

As noted previously, Single Layer Perceptron is one of the most basic types of ANN (Artificial
Neural Networks) and comprises a feed-forward network with an internal threshold
transfer. The basic objective of the single-layer perceptron model is to evaluate binary
outcomes that are linearly distinct, for example, image Classification. A single-layer
perceptron, see Figure 3.13, is only capable of learning linearly separable patterns.

Consequently, it is often referred to as Linear Binary Classifier.
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Figure 3.13: Single layer Perceptron model [48]

Multi-Layered Perceptron model

A Multilayer Perceptron, consists of input and output layers, as well as one or more hidden
layers with stacked neurons, as shown in Figure 3.14. Moreover, whereas neurons in a
Perceptron must have an activation function that imposes a threshold, such as RelLU or
Sigmoid, neurons in a Multilayer Perceptron can utilize any activation function. Many
Machine Learning approaches to Classification and Regression, utilize multilayer perceptron.
Particularly for Classification problems, it has been demonstrated that these methods yield
extremely precise outcomes [47]. In Regression problems, a single output neuron with no
activation function can be considered.

Input Layer Hidden Layers Output Layer

Figure 3.14: Multilayer Perceptron model
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Activation Functions of Perceptron

On the x,y plane, the arrangement of data points may not be a straight line, as shown in
Figure 3.15. If so, a basic straight-line linear Regression in the form of y = mx + b would
not be adequate for predicting y values. Using activation functions we overcome this
problem, a modeling instrument for data points that allows the Regression line to be
curved. In a nutshell, the activation function transforms Regression into a nonlinear
prediction. Several of the most frequent activation functions are listed below:

Nonlinear Data
30

0 15 30 45 60

Figure 3.15: Non-linear function [50]

Rectified Linear Unit Activation Function (ReLU)

A node that implements the RelLU activation function is known as RelLU or rectified linear
activation unit. Rectified networks are a common term for networks that employ the
rectifier function for the hidden layers. The rectified linear activation function is a
straightforward calculation that returns the input value immediately, or O if the input is less
than zero, as shown in Figure 3.16. And defined as follows:

ReLU(x) = max(0, x)
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Figure 3.16: ReLU activation function [51]

Leaky Rectified Linear Unit Activation Function (LReLU)

Leaky Rectified Linear Unit [48], or Leaky ReLU, is an activation function based on the RelLU.
The Leaky RelLU Activation Function (LReLU) differs from the ReLU Activation Function in
that, rather than sending negative values to zero, a very small slope parameter is used to
integrate negative value information, as shown in Figure 3.17. Several benefits of this
activation function include: Sparse activation, for instance, in a randomly initialized network,
only about fifty percent of hidden units are activated (have a non-zero output), and better
gradient propagation, such as fewer vanishing gradient problems [49], compared to
sigmoidal activation functions that saturate in both directions. In a conclusion it is, defined
as:

Fo =1 v Jr=0

ay,otherwise, where a small positive number

ot

~f'(\.) — }‘.

() =ay

Figure 3.17: Leaky ReL U activation function [54]
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Sigmoid or Logistic Activation Function

In neural networks, the sigmoid function is utilized as an activation function. An activation
function is applied to a weighted sum of inputs, and the outcome serves as an input to the
subsequent layer. When the activation function of a neuron is a sigmoid function, the
output of this unit is guaranteed to be between 0 and 1 at all times. Additionally, as the
sigmoid is a nonlinear function, the output of this unit would be a nonlinear function of the
weighted sum of inputs, as shown in Figure 3.18. Using a non-linear function yields non-
linear boundaries; hence, neural networks can use the sigmoid function to learn complex
decision functions. The sigmoid function is defined as:

. d(7) =
sigmoid(z) 1oz
1.0
b(2) = ——
Z) =
14+e~2
0.5
0.0
-8 -6 -4 -2 2 4 6 8

Figure 3.18: Sigmoid function [50]

Summary of Perceptron’s characteristics

The following are the characteristics of a Perceptron Model: it is an algorithm for Machine
Learning that employs supervised learning of binary classifiers, the weight coefficients are
automatically learned, also initial weights are multiplied with input features and finally, a
decision is made as to whether or not a neuron is fired. The activation function employs a
step rule to determine if the function is greater than zero, the linear decision border is then
constructed, permitting the differentiation between the two linearly distinct classes, +1 and
-1. If the sum of all input values exceeds the threshold value, an output signal must be
generated, otherwise, no signal will be generated.

Some Perceptron restrictions include: due to the hard-edge transfer function, the
output of a perceptron can only be a binary number (0 or 1), and it can only be used to
classify the linearly separable sets of input vectors. If the input vectors are nonlinear, it is
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difficult to appropriately classify them. In the multi-layered perceptron paradigm,
computations are difficult and time-consuming. It is difficult to estimate how much each
independent variable is influenced by the dependent variable. In conclusion, the
functionality of the model depends on the quality of training.

Mathematics underlying Perceptron

Forward propagation steps

Forward propagation consists of multiplying the input value x; by the weights w; for each
input, and then adding the products. Weights reflect the strength of the connection
between neurons and determine how much the supplied input will affect the output of the
neuron. If the absolute weight w;, is greater than the weight w,, the input x; will have a
greater impact on the output than w, [36].

2= (qwy) + (uwy)+... +(x,wy)

The row vectors of the inputs and weights are denoted by x = [xy,x5,...,x,]and w =
[wyi, ws, ..., wy,] respectively, and their dot product is denoted by:

x-w = (qwy) + Owy)+... +(x,wy)

Consequently, the output equals the dot product of the vectors x and w:

Add bias [50] b to the product of the multiplied values and denote this as z. Bias, also
known as the offset, is typically required to shift the entire activation function to the left or
right in order to get the desired output values:

Z=x-w+b

Transfer z to a nonlinear activation function [51]. Without activation functions, the output
of neurons would be linear and the neural network would be a linear function. Moreover,
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they have a substantial effect on the neural network's learning rate. The binary step
function is the activation function of the perceptron. However, activation function can be
sigmoid [52], also known as the logistic function:

where o represents the sigmoid activation function and stands for the expected value y
following forward propagation.

Backpropagation steps

Backpropagation refers to the algorithm for calculating the gradient of the loss function [46]
concerning the weights. However, the phrase is frequently used to refer to the full algorithm
for learning. The backpropagation performed by a perceptron is described in the steps
below.

Utilizing a loss function, the distance between an estimate and the desired solution can
be calculated. Typically, the Mean Squared Error is selected as the loss function for
Regression problems, while cross-entropy is selected for Classification problems. The loss
function for a Regression problem is the Mean Squared Error, which squares the difference
between the actual y; and predicted value ;.

MSE; = (y; — 9)?

The loss function is computed for the complete training dataset, and the cost function C
[53] is the average MSE.

1 1 ~
C = -XIMSE; =-%iL,(vi — 9)*

To determine the better weights and bias for the Perceptron, it is necessary to understand
how the cost function varies concerning weights and bias. This is accomplished with the use
of gradients (rate of change) — how one quantity changes concerning another. In this case
we determine the gradient of the cost function concerning the weights and bias.
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The gradient of the cost function C concerning the weight w; is computed by partial
derivation. Since the cost function is not directly related to the weight w;, the chain rule will
be used.

aC  0C0y oz
ow; 0y 0z ow;

Beginning with the gradient of the cost function (C) concerning the predicted value (¥)

ac 612":( A)Z_Zli( 0
1= 1=

let y = [y, V2., ] and ¥ = [V1,7,,...,9,] be the actual and projected value row
vectors. Therefore, the preceding equation may be reduced to:

06_2( .
199—7123/3/

Furthermore, determine the gradient of the anticipated value relative to z:

~

Iy d
E = &U(Z)

- 52 (7=)
T 0z\1+4e%

e—Z
T (ter)y
B 1 e %
T (l4e DA +e?)

1 1
- (1+e72) (1 B 1+ e‘Z))
= a(z)(l — a(z))

The gradient of z relative to w; is:

2 _ 2y

an' B aWi
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Therefore, in summary, we have:

o _ %Z(Y ~ PN x0a(2)x(1-0(2) x x

aWi
Similarly, the gradient of C with respect to b is computed as follows:

ac 2

= = 230 - No@(1-0()

Optimization — Gradient Descent

Optimization is the selection of a better than the current element from a set of available
options, which in this case is the selection of better weights and bias for the perceptron. In
this instance, gradient descent [53] is used as the optimization procedure, which modifies
the weights and bias in proportion to the negative gradient of the Cost function concerning
the respective weight or bias. The learning rate () [54] is a hyperparameter that lies in (0,1)
and the amount by which the weights and bias are modified, the effect of the learning rate
is shown in Figure 3.20. The weights and biases are updated as follows, and gradient
descent and backpropagation are repeated until convergence. This iterative update
gradually improves the weights and the bias and may lead even to optimal choices.

ac

b= b ( GC)
= *ob

More specifically, Gradient Descent is an algorithm for optimizing the Cost Function or
the model's error. It is used to determine a local (or global) minimum of model error, as its
direction leads to the smallest possible mistake. The model's inaccuracy can vary at different
times, and the quickest solution to reduce it must be identified to prevent the wastage of
data. This is continued until the error values become progressively small. Cost function
optimization concludes when Gradient Descent identifies the local minimum of errors. The
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significance of the learning rate (a) in locating quickly the local minimum of a Loss Function
is illustrated in Figures 3.18, 3.19.

fiw) / fiw) | \

W w w' W

Figure 3.19: Low and high learning rate [60]

loss

low learning rate

high learning rate

—————

B

good learning rate

epoch

Figure 3.20: Effect of learning rate on the Loss Function [60]

3.3 Machine Learning algorithms

In this section, the Machine Learning algorithms utilized in this thesis will be described.
Specifically, we will discuss the mathematical and theoretical foundations of the Regression
algorithms employed with the supervised learning technique. These linear algorithms
employ flight data from the dataset to estimate flight delays, which is the topic addressed in
this study.
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3.3.1 Linear Regression

The predictive analytic technique of Linear Regression employs a statistical linear Machine
Learning algorithm. The objective [39] is to predict the value of y for a new value of x, given
a training data set consisting of N observations x,,, wheren = 1, ..., N and associated target
values y,, as shown in Figure 3.21. This can be accomplished simply by immediately
generating a suitable function y(x) whose values for new inputs x represent predictions for
the corresponding values of y. In a broader sense, from a probabilistic standpoint, we wish
to model the predictive distribution p(y|x), because it reflects our uncertainty regarding
the value of y for each value of x. From this conditional distribution, predictions of y can be
made for any new value of x to minimize the anticipated value of a suitably selected loss
function.

Regression
line

/!

i N

{ l L Error

Figure 3.21: Regression prediction line and distance error [61]

Simple and Multiple Linear Regression

The simplest linear model for Regression is the one in which the output is compiled linearly
from the input:

y=wix+w,

Where y represents the output value. It is also known as the dependent variable in
statistical modeling and the target variable in Machine Learning. It is the continuous value
that we attempt to forecast. The input variable is x and is referred to as the feature in
Machine Learning, whereas in statistics it is known as the independent variable. It depicts
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the data received at any particular time. To continue, w, represents the bias or y-axis
intercept. Furthermore, w; is the coefficient of Regression or scale factor. In traditional
statistics, it corresponds to the slope of the best-fit straight line that is produced after fitting
the linear Regression model.

Multiple linear Regression is a type of Regression in which the dependent variable
exhibits a linear relationship with two or more independent variables, this is the primary
distinction between multiple linear Regression and the simple linear model, which has a
single dependent variable. In non-linear models, the dependent and independent variables
do not follow a straight line. Graphically, both linear and nonlinear Regression follows a
specific response using two or more variables. However, non-linear Regression is typically
challenging to implement, because its assumptions are derived from trial and error.
However, the data are formed as:

y = W1x1 + szz + -+ ann + WO

There are n + 1 Regression coefficients and the residual w, represents other influences
on y besides wyx; + wyx, + -+ w,x,. To ease the above computation, the equation

could be in matrix notation as (where w weights, € error residuals):

Y=wX+¢

The coefficient matrix w is then found by solving the equation below:

XTX)w = XTY,wherew = (XTX)"1XTyy

The simple linear Regression model can be visually represented as the best-fit line
between the data points, but the multiple linear Regression model can be represented as a
plane (in two dimensions) or a hyperplane (in higher dimensions), as shown in Figure 3.22.
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Figure 3.22: Simple Linear — Multiple Linear Regression graphs [62]

The objective of the Regression analysis (modeling) is to determine the values of the
equation's unknown parameters. This goal can be achieved by using the cost function, which
measures the efficacy of Machine Learning methods. The Cost Function will evaluate the
model outputs against the actual outcomes. Therefore, the linear Regression model will
iterate through several weight combinations to identify the combination that yields the
function with the lowest cost. In addition, the degree of freedom of the first-order
polynomial model is d + 1, where d is the dimension of the feature vectors.

Polynomial Regression

Simple Linear Regression demonstrates that when a linear model is applied to a linear
dataset, it produces a favorable outcome nevertheless if the same model is applied without
modification to a non-linear dataset, it will produce a not-so-good output. In instances
where data points are ordered non-linearly, a polynomial model is preferred. In polynomial
Regression, the relationship between the independent variable x and the dependent
variable y is modeled as a polynomial of x's n-th degree. Abbreviated p(y|x), Polynomial
Regression [39] depicts the fitting of a nonlinear relationship between the value of x and
the conditional mean of y. It corresponds typically to the least-squares approach. The Gauss
Markov Theorem [55] states that the least square method reduces coefficient variance. In
this sort of Linear Regression, the dependent and independent variables have a curvilinear
connection, and a polynomial equation is fitted to the data. Multiple Linear Regression
includes Machine Learning as a subset. By adding more polynomial factors, the Multiple
Linear Regression equation is transformed into a Polynomial Regression equation, as shown
in Figure 3.23.
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Simple linear model Polynomial model
A YA

e ° y=bo+bix y=bo+bixi+b2x12
; :

Figure 3.23: Simple Linear model — Polynomial model graph [64]

The equation of Polynomial Regression is:

y = WO + W1x1 + szlz + -+ anln

Polynomial Regression can be easily generalized to inputs of many dimensions, by forming

polynomials terms and cross-terms of the input dimensions.

In conclusion, Polynomial Linear Regression is a useful tool in prediction. Since a linear
relationship between independent and dependent variables is not always the case, this
method can be used when simple Linear Regression fails to adequately fit the data.
Furthermore, some advantages are, testing the presence of curvature and its inflections
and, nonlinear interactions between variables can also be modeled. However, as the
polynomial degree increases, these models are more susceptible to overfitting, and even a
single outlier in the data can significantly skew the result.

Cost Function — Gradient Descent

As previously noted in Neural Networks, the Cost Function is a formal representation of the
algorithm’s intented goal to minimize errors. In the case of linear Regression, the cost
function is the minimum of the model’s Root Mean Squared Error [56] [39], which is
calculated by subtracting the projected values from the actual values. The algorithm handles
the minimization problem by attempting to minimize the cost function to determine the
best-fitting line with the smallest residual errors. The Regression line described by the
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equation hg(x) = 6,x + 6, has only two parameters, weight (6;) and bias (8,), as shown in
Figure 3.24:

ho(x) = 0g + 61 x

L’ error
‘ g

o o

Figure 3.24: Regression line [66]

The Cost Function is defined as follows:
1 m
J00,6:) = — > (g (x®) = y©)?
i=1

Cost Function’s objective:
minimizeJ (6o, 6,)

To obtain the lowest error value, the weight (6;) and bias (6,) must be adjusted to
achieve the minimum feasible error. This is because a smaller error between the actual and
anticipated numbers indicates that the algorithm has learned effectively. Gradient Descent
is an efficient optimization procedure that seeks to identify a function's local or global
minimum. Gradient Descent uses calculus to iteratively determine the optimal parameter
values that correspond to the minimum value of a particular cost function. Mathematically,
the 'derivative' technique is crucial for minimizing the Cost Function, as it aids in obtaining
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the minimal point (local or global). The calculus notion of derivative relates to the slope of a
function at a specific position. The slope must be calculated so that the direction (sign)
indicates the change in coefficient values for the next iteration to have a reduced cost.
Specifically, considering the Gradient Descent process, which begins with an initial 8 and
performs the update repeatedly and simultaneously for all values of j = [0, ..., n]:

0
Hj = 6] —aa—ej](e)

Gradient descent enables the learning process to make corrective updates to the
learned estimates that bring the model toward an ideal combination of parameters (8) as a
result. For each iteration of the gradient descent process, the cost of a generic technique
from Machine Learning is computed across the complete training set. One iteration of the
Gradient Descent technique is referred to as one batch, which signifies the total number of
samples from a dataset that are utilized to calculate the gradient for each step. To
implement this procedure, it is necessary to calculate the partial derivative term:

1% . .
J©) = — > (he(x©) = y©)? (328)
i=1

m
d Jd (1 ) )
P —— = —| — @Y — 4 y2
591 (60,62 690<m2(h6(x )~y ))
1< al_
— - DY — 1, (D2
m,IE)HO(he(x ) )
l:

— lzm 2(ho (x®) PRGN (x®) = y®)
mi—ij=1 o a6, o

2 E " O _ +®
- = h DY _ .3
- i=1( o(x®@) —y®D)

The size of these steps is known as the learning rate (), which offers more control over
the size of the steps. A greater distance to the local minima can be covered with each step
if the learning rate is high, but there is a risk of overshooting the lowest point if the slope of
the hill is continually changing. Since it is regularly recalculated, the algorithm may reliably
progress in the direction of the negative gradient despite having a very low learning rate. A
low learning rate is more accurate, but calculating the gradient is time-consuming, thus
reaching the bottom will take a very long time, as shown in Figure 3.25 and Figure 3.26.
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3

Figure 3.25: Greadient Descent on the convex surface [67]

Figure 3.26: Gradient Descent on the non-convex surface [67]

3.3.2 Support Vector Regression

Support-vector machines are supervised learning models with related learning algorithms
that examine data utilized for Classification and Regression analysis. In addition, the
Regression problem is a generalization of the Classification problem, where the model
returns a continuous-valued output rather than an output from a limited collection.
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Alternatively, a Regression model estimates a continuous-valued multivariate function. This
subsection begins with an introduction to support vector machines, followed by the theory
and mathematics of support vector Regression, a technique used to solve the flight delay
problem.

Support Vector Machines

Before discussing the function of Support Vector Regression, it is necessary to understand
and describe certain fundamental aspects of the function and the concept behind support
vector machines. Support Vector Machines (SVM) resolve binary Classification issues by
recasting them as convex optimization issues [57]. Finding the largest margin separating
hyperplane, while correctly categorizing as many training points as possible constitutes the
optimization challenge. This ideal hyperplane is represented by support vectors in SVMs.

The purpose of the support vector machine algorithm is to classify data points using a
hyperplane in an N-dimensional space (N — number of characteristics) [39]. Numerous
potential hyperplanes might be chosen to divide the two classes of data points, as shown in
Figure 3.27. The goal is to locate the plane with the greatest margin, or the greatest distance
between data points of both classes. Maximizing the margin distance gives additional
support so that subsequent data points can be classified with greater assurance.

Figure 3.27: SVM hyperplanes in 2D and 3D feature space [69]

Margin is the distance between the hyperplane and the closest data point, while
support vectors are the nearest data points defining the hyperplane, as shown in Figure
3.28. Margin is an area in which there are no data points. If the optimal hyperplane is close
to the data points, then the margin will be very narrow and it will generalize well for training
data, but it may fail to generalize for unknown data. Therefore, the objective is to maximize
the margin, such that the classifier can generalize effectively to unseen examples.
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Figure 3.28: SVM maximum margin classifier [70]

Kernel

A kernel aids in locating hyperplanes in higher-dimensional spaces without increasing
computing expense. Typically, the dimension of the data will raise the processing cost. It is
required to move to a higher dimension, because the SVN may not be able to locate a
separating hyperplane in the supplied dimension. The “kernel trick” [58] is that the kernel
method only represents the data through a collection of pairwise similarity comparisons
between the original data observations x (with the original coordinates in the lower-
dimensional space), as opposed to explicitly applying the transformations ¢ () and depict
the information by these transformed coordinates in the higher-dimensional feature space,
as shown in Figure 3.29. In kernel methods, the data set X is represented as a nxn kernel
matrix of pairwise similarity comparisons with entries (i,j) determined by the kernel
function: k(x;, x;). This kernel function possesses a certain mathematical characteristic. The
kernel function is a technique for determining the dot product of two vectors x and y in a
(high-dimensional) feature space and is equivalent to a modified dot product, as shown in
Figure 3.30. From a mathematical perspective, a kernel function is defined as:

k(x,y) = {p(x), 0(»))
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Figure 3.29: The Kernel Trick graphically 2D-3D [72]
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Figure 3.30: Visual representation of data points using Kernel Function [73]
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Radial Basis Function Kernel

Radial Basis Function kernel, commonly known as RBF kernel or Gaussian kernel [59], is a

kernel in the shape of a radial basis function (particularly a Gaussian function). The RBF

kernel is characterized by:

Krpr(x,x") = exp[—vy|lx — x'||?

where y is a parameter that determines the kernel's "spread." The parameter y determines

the bell-shaped curve's width. The bell will narrow as y approaches its maximum value.

Small values of y produce broad bells, as shown in Figure 3.31.
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Figure 3.31: Exemplification of RBF kernel from nonlinear to high-dimensional space [60]
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Decision Boundary

A decision boundary can be considered as a dividing line, on one side of which are positive
elements, and on the other, negative instances. Exactly on the line, the examples can be

categorized as positive or negative.

Background Theory and mathematics underlying SVR

Support Vector Machines tackle binary Classification issues by recasting them as convex
optimization issues [61]. Finding the largest margin separating hyperplane, while correctly
categorizing as many training points as possible, constitutes the optimization challenge. This
ideal hyperplane is represented by support vectors in SVMs. The SVM's sparse solution and
strong generalizability facilitate its adaption to Regression situations. SVM generalization to
SVR is achieved by creating an e-insensitive zone termed the e-tube around the function.
This tube reformulates the optimization problem to discover the tube that most closely
approximates the continuous-valued function, while balancing model complexity and
prediction error.

Specifically, SVR is formulated as an optimization problem by constructing a convex e-
insensitive loss function to be reduced and locating the tube containing the majority of
training cases that is the flattest. Consequently, a multi-objective function is derived from
the loss function and the tube's geometrical features. Using proper numerical optimization
algorithms, the convex optimization, which has a unique solution, is then solved. The
hyperplane is represented by support vectors, which are training samples located outside of
the tube's perimeter.

Consider the training data {(x1,¥1), ..., (X, ¥n)} € X X R, where X specifies the space
of the input patterns (e.g., X = R%). The objective of &-SV Regression is to find a function
f(x) that deviates from the actual targets y; for all training data by no more than € and is as
flat as possible. In other words, we do not mind errors as long as they are less than ¢, but
we will not accept deviations more than this. The approximate continuous-valued function
can be expressed as below, in addition, for multidimensional data, increase x by one and
add b to the w vector to simplify the mathematical notation and produce the multivariate
Regression Equation.

N
y=fx)= (w,x)+b= Z 1wj.xj+b wherey,bEIR{,x,welR{N
]:
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Therefore, N is the degree of the approximating polynomial. Additional w; are nonzero
as the magnitude of the vector w grows, resulting in higher-order solutions. The horizontal
line is a Oth-order polynomial solution with a significant divergence from the anticipated
outputs, and hence a significant mistake. The linear function, a 1st-order polynomial, yields
superior approximations for a subset of the data, but underfits the training data overall. The
optimal trade-off between function flatness and the prediction error is achieved by the
sixth-order solution. The highest-order solution has zero error, but a high level of
complexity, and it will likely overfit data that has not yet been observed, as shown in Figure
3.32. The magnitude of w functions as a regularizing term and delivers the optimization
problem control over the solution's flatness.
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Figure 3.32: SVR Solution with Various Orders [62]

To achieve minimum generalization error, i.e. the ideal solution, given a set of functions
with the same empirical/training error, SVM should minimize Machine Learning capacity
and, consequently, model complexity. Consequently, this issue may be seen as a convex
optimization problem:

minimize > [lw]|?

Yi—'ﬁ”,xi>—'b

subject to {<W‘ )+ b+,
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In Figure 3.33, the implicit assumption was that a function f exists that approximates all
pairings (x;, y;) with precision g, where ¢ is the radius of a tube within which the Regression
function must reside following successful learning. Or, in other words, that the convex
optimization problem is feasible. However, this is not always the case, some errors are
permitted. Similar to the "soft margin" loss function [63] that Cortes and Vapnik [61] utilized
in SV machines, one can incorporate slack variables §;, ;" to deal with otherwise infeasible
restrictions of the optimization problem, equation below. Hence the formulation stated:

1 n
minimize E||w||2 +C E (&, +E&D)
i=1
yi—{w,x;)—b < e+

subjectto {(w,x;)+b—y; <e+¢
Eirélfk =0

The constant C > 0 sets the trade-off between the flatness of f and the tolerance for
deviations greater than €. This refers to dealing with a so-called "e-insensitive loss function
|€]." defined as:

| __{ 0,if l§l<e
€7 ||| — € otherwise

Potential Support Vector

Figure 3.33: One dimensional Linear SVR [77]

The goal is to lower the complexity of the model by tolerating errors to a certain extent.
Figure 3.34 compares Vapnik's "e-insensitivity error function to the quadratic error
(v — f(x,w))? and the absolute error |y — f(x,w)|, two classical error functions.
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Figure 3.34: Error Function presentation [79]

Dual problem and quadratic programs

By introducing a dual set of variables, the important concept is to construct a Lagrange
function from the objective function (primary objective function) and the accompanying
constraints [64], [65]. The equation below is a typical quadratic optimization problem with
inequality constraints. Using the saddle points A of the Lagrangian function L, this
optimization problem might be addressed as:

LA = F@) + ) el
k

Where f(x) is the objective function, while g, = 0 represents the constraints. The
domain of f must be an open set containing every point that satisfies the requirements. In
addition, f and g;, must possess continuous first partial derivatives and the gradients of g
cannot be 0 on the domain [66].

The primal Langrangian function is defined as:

1 n
Lo(w, b, 60,87, 1,a, 5 B1) = 5 IWIP +C ) (GoteD)
=
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—Zn ai(e + & —yi + (w,x;) + b)

i=1
=Y e+ g == wxd =)
=) (B&+ gD

Solving a series of equations resulting from setting Langragian's derivation to zero VL = 0
yields the stationary positions:

n
d,L = Z (¢ —a) =0

i=1

n
awL=w—z (af —a)x; =0

i=1
afiL=C—ai—ﬁi= 0
dL=C—aj— B =0

After substituting these derivations into equation and deleting the dual variable (f;, B;) it
yields a dual variable Lagrangian maximization [67] as shown below:

1 n
Lq(a;,a;) = 5 E . 1(ai —“i)(aj _aj)(xi'xj)
i,j=

n n
—e ) (a—a)+ ) yila—a)
i=1 i=1

n
subject to z (a;—a;)=0and a;,a; € [0,C]
i=1

The equation can be expressed as:

n
w= > (a-a)x
i,j=1

thus f(x) ={(w,x) + b = Zn (a; —aj){x;,x)+b
ij=1

Where f(x) is the linear kernel computation between two vectors.

While b is determined as [67]:
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max{—e +y; — (W, x;)|a; < Cora; >0} <b<min{—c+y; —(w,x;)|la; < C}

The number of support vectors is equal to the number of nonzero a; and a; following
the learning process. In addition, because w may be characterized as a linear combination of
the training patterns x;, the complexity of a function's representation is independent of the
dimensionality of the input space and only depends on the number of support vectors [67].
This independence is a strength of SVM, when dealing with high-dimensional input, and it is
also useful for formulating a nonlinear extension.

Kernel Function RBF

Complex data typically requires a more expressive function than a linear one (as mentioned
above in the Kernel section). In this instance, SVM transforms the original input space
nonlinearly into a higher-dimensional feature space [66]. In its dual formulation, the SVM
algorithm relies solely on the inner products of the training samples. Then, the formula
would consist of the inner products of the points within the feature space. This mapping
into the hypothetical feature space is implicit, hence it is possible to use infinite-dimensional
feature spaces. Integrating the kernel function into equation yields the following expression:

kernel function: k(x,y) = (@ (x), P(y))

1 n
Ld(ai, ai) = E E N 1(Cli — al-)(a]- — aj)k(xl-,x]-)
Lj=

n n
—e ) (@—a)+ ) yla-a)
i=1 =1

n
subject to Z (a;—a;)=0andaq;,a; € [0,C]
i=1

Not every kernel can be applied to the equation, only those that meet the symmetric,
continuous, and positive semi-definite requirements are admissible [68]. Several confirmed
kernel functions are admissible for Classification, such as the polynomial and the radial
basis function (RBF) which is mentioned in the SVM section and is the default kernel
parameter of the Scikit-learn library used in this thesis [69], nonlinear SVR represented in
Figure 3.35.
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Figure 3.35: Nonlinear SVR [77]
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Chapter 4

Implementation and Methodology

Global comparisons and benchmarking, including data analysis, can assist improve
performance and find best practices in Air Traffic Management (ATM), as in any other
industry. Throughout the years, numerous organizations have attempted to estimate the
amount of inefficiency, in several scientific techniques and procedures as seen in Chapter 2
Related Work, that can be mitigated by enhancing the ATM system and reducing flight
delays. These investigations inspired the research presented in this thesis and the
application of contemporary methods, such as Machine Learning, for the numerical
prediction of the Flight Delay problem. This chapter addresses the prediction methodology,
the data utilized and preprocessed, the research questions given in this thesis, as well as
assessment and validation testing.

4.1 Methodology

The objectives of this research were to:

1. Predict the departure delay from JFK to LAX
2. Predict the inflight delay from JFK to LAX
3. Predict the total delay from JFK to LAX with two different approaches

First, the departure delay problem for each flight from JFK to LAX is analyzed separately
using the dataset JFK to LAX. In addition, a new element was added to the dataset, that of
prior knowledge of the departure delay of the immediate N previous flights from JFK to any
airport in the United States (dataset JFK to all airports), to analyze the contribution of this
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element and to structure the prediction more accurately, given that flight delay is a multi-
criteria phenomenon and general departure delays at an airport affect all flights during a
given period.

Next, the prediction of delay for each individual flight between JFK and LAX using the
dataset JFK to LAX. And in this model, the new element of prior knowledge about the in-
flight delay of the immediate N previous flights from any U.S. airport to LAX was added to
examine its impact and account for the LAX arrival delay factor.

Finally, the total delay problem between JFK and LAX the total delay is the sum of
model 1 (departure delay) and model 2 (in-flight delay) whose prediction is re-modeled in
two approaches. The first approach simply sums the results of model 1 and model 2 to
obtain the total delay. A block diagram is provided below to make the structure of the
approach easier to comprehend:

Prediction 3: Approach 1

X1 Ml Y1

@ — =791+ Y2

Xo Mo | U2

@1 . Departure delay \ 6\4’2: In-flight delay \

from JFK to LAX

N previous H
flights (LAX)|

<
=

AN ),

. . Total
Final ) £ — Delay

Prediction

Figure 3.36: Total delay prediction Approach 1
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The second approach seeks to anticipate the overall delay that a flight has, but in a single
data model using attributes of the data of the model 1 prediction (Departure delay) and the
data of the model 2 prediction (Inflight Delay), so that the total delay is recalculated in a
single unified model. A block diagram of the second approach is represented below:

Prediction 3: Approach 2

X——

N previous
flights (LAX)

Total
Delay

Final
Prediction

<S>

Figure 3.37: Total delay prediction Approach 2
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4.2 Dataset

Using Machine Learning techniques for issue-solving and prediction is hindered by the lack
of available data. The European Organisation for the Safety of Air Navigation (Eurocontrol)
and the US Federal Administration Agency (FAA) provides the most comprehensive data in
terms of availability, completeness, integrity, and accuracy following an internet search.

Flight data for the United States are provided by the Traffic Flow Management System
(TFMS) [70]. In Europe, data are derived from the European Network Manager's Enhanced
Tactical Flow Management System (ETFMS) [71]. The fifth report of joint ATM operational
performance comparison [72] between the FAA and Eurocontrol revealed that despite the
US CONUS airspace being 10% smaller than the European airspace, the US controlled
approximately 57% more flights operating under Instrument Flight Rules (IFR) [73] with 24%
fewer full-time Air Traffic Control Officers (ATCOs) than Europe in 2015. The average
airspace density in the United States is higher than in Europe, and airports tend to be
significantly larger. Due to the aforementioned factors and the ease of access to flight data,
US airports were chosen for flight delay prediction research.

Density >
(flight Hr per Sq.Km) ’
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-
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Figure 3.38: Traffic density in the US and Europe (2015) [88]
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4.2.1 Dataset Identification and Acquisition

The dataset used to support this thesis was compiled by the Bureau of Transportation
Statistics of the United States [6]. The data used for this study were collected from January
to December 2015. The dataset is specifically supplied in comma-separated value (CSV)
format. Each entry of the flights.csv file corresponds to a flight, and we can see that in 2015,
5.819.079 flights were logged. These flights are described by the following 31 variables:

e YEAR, MONTH, DAY, DAY_OF_WEEK: date of the flight

e AIRLINE, FLIGHT_NUMBER, TAIL_NUMBER: airline characteristics

e ORIGIN_AIRPORT, DESTINATION AIRPORT

e SCHEDULED_DEPARTURE: scheduled departure time

e DEPARTURE_TIME: actual departure time

e DEPARTURE_DELAY: the difference between the schedule and departure time

e TAXI_OUT: time spent by a flight between its actual off-block time and actual take-
off time

e WHEELS_OFF: time that the aircraft lifts off from the origin airport

e SCHEDULED_TIME: scheduled date and time of the flight

e ELAPSED_TIME: time spent on air by an aircraft

e AIR_TIME: see ELAPSED_TIME

e DISTANCE: distance in miles covered by a flight

e WHEELS_ON: time in hours that an aircraft lands

e TAXI_IN: a period in minutes between the actual landing time and actual in-block
time

e SCHEDULED_ARRIVAL: time of flight scheduled arrival in hours

e ARRIVAL_TIME: actual time of arrival in hours

e DIVERTED: if the flight for any reason (ex. Weather) diverted to another airport

e CANCELLED: if the flight canceled

e CANCELLATION_REASON

e AIR_SYSTEM_DELAY: delayed provided by FAA Ground Delay Program

e SECURITY_DELAY: delay in minutes for security reasons

e AIRLINE_DELAY: delay in minutes due to airline

e LATE_AIRCRAFT_DELAY: delay in minutes as a result of the late arrival of the
previous flight

e WEATHER_DELAY: delay in minutes due to weather

The need to study and comprehend the dataset dictated the generation of Table 4.1
below, which details the types of variables in the data frame and the number of null values
for each variable.
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Column type Null values (nb) Null values (%)
YEAR Int64 0 0
MONTH Int64 0 0
DAY Int64 0 0
DAY_OF_WEEK Int64 0 0
AIRLINE Object 0 0
FLIGHT_NUMBER Int64 0 0
TAIL_NUMBER Object 14.721 0.25
ORIGIN_AIRPORT Object 0 0
DESTINATION_AIRPORT Object 0 0
SCHEDULED_DEPARTURE Int64 0 0
DEPARTURE_TIME Float64 86.513 1.48
DEPARTURE_DELAY Float64 86.513 1.48
TAXI_OUT Float64 89.047 1.53
WHEELS_OFF Float64 89.047 1.53
SCHEDULED_TIME Float64 6 0.0001
ELAPSED_TIME Float64 105.071 1.8
AIR_TIME Float64 105.071 1.8
DISTANCE Int64 0 0
WHEELS_ON Float64 92.513 1.58
TAXI_IN Float64 92.513 1.58
SCHEDULED_ARRIVAL Int64 0 0
ARRIVAL_TIME Float64 92.513 1.58
ARRIVAL_DELAY Float64 105.071 1.8
DIVERTED Int64 0 0
CANCELLED Int64 0 0
CANCELLATION_REASON Object 5.729.195 98.45
AIR_SYSTEM_DELAY Float64 4.755.640 81.72
SECURITY_DELAY Float64 4.755.640 81.72
AIRLINE_DELAY Float64 4.755.640 81.72
LATE_AIRCRAFT_DELAY Float64 4.755.640 81.72
WEATHER_DELAY Float64 4.755.640 81.72

Table 4.1: Type and null values for each dataset variables

Variables with a filling null factor greater than 80% are regarded as non-informative values
and are omitted from the dataset. Such as “CANCELLATION_REASON, AIR_SYSTEM_DELAY,
SECURITY_DELAY, AIRLINE_DELAY, LATE_AIRCRAFT_DELAY, WEATHER_DELAY”.
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To provide a global picture of the geographical area covered through this information,
airports and their locations are plotted, in Python 3.10, along with an indication of the
number of flights recorded in each airport during 2015 to provide a global overview, as
shown in Figure 3.39. This dataset contains 322 unique values of airports and 14 unique
values of airlines, as shown in Table 4.2.

& 5%  Number of flights per
p 0 1<<100
=$= 100 <.< 1000
O 1000 < < 10000 |
=®= 10000 <.< 100000
=®= 100000 < < 1000000

o §
A

Figure 3.39: Airports and the number of flights in the US 2015 dataset

IATA CODE [74] AIRLINE
0 UA United Air Lines Inc.
1 AA American Airlines Inc.
2 us US Airways Inc.
3 F9 Frontier Airlines Inc.
4 B6 JetBlue Airways
5 00 Skywest Airlines Inc.
6 AS Alaska Airlines Inc.
7 NK Spirit Air Lines
8 WN Southwest Airlines Co.
9 DL Delta Air Lines Inc.
10 | EV Atlantic Southeast Airlines
11 | HA Hawaiian Airlines Inc.
12 | MQ American Eagle Airlines
13 | VX Virgin America

Table 4.2: Airlines operating in the dataset
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4.2.2 Data Processing

Many Machine Learning algorithms make data-related assumptions. It is consequently vital
to arrange data to disclose the problem's structure most effectively to Machine Learning
Techniques.

The thesis dataset contains more than 5,800,000 flights, 322 airports, 14 airlines and 31
unique variables. To model the problem and ultimately reduce the quantity of data and
entries, a heuristic strategy was employed. Specifically, a pair of airports in the United States
is selected based on the airport pair with the highest number of flights between them in
2015. Using Python 3.1, it was determined that JFK (John F. Kennedy International Airport)
and LAX (Los Angeles International Airport) meet this requirement.

To limit the vast size of the dataset to flights and airports, three new datasets covering
the entire year 2015 were constructed. The first and main one comprises 11.853 entries for
flights between JFK and LAX airports. The second dataset contains flights from JFK to all U.S.
airports, totaling 91.663 flights. The objective is to analyze other departure flights from JFK
airport (including departures to LAX) that may affect flights from JFK to LAX due to their
delays, as well as the departure delay prevalent at each hour at JFK airport. The purpose of
the third dataset, which includes flights from all USA airports to LAX airport (including
arrivals from JFK) and has 192.136 flight records, is to examine the arrival delay prevalent at
each hour during the arrival of a flight from JFK to LAX. That is, whether other flights arriving
at LAX from U.S. airports affect JFK-to-LAX arrivals. For greater clarity, the Figure 4.40
illustrates flight delays at US airports at the 12 p.m. peak hour on 7t" September 2015:
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Figure 4.40: Departure delay of flights between US airports in minutes [91]

Then, among the 31 variables, the eleven variables listed below were chosen in a
manual investigation and testing: 1) SERIAL FLIGHT NUMBER 2) AIRLINE 3) ORIGIN AIRPORT
4) SCHEDULED DEPARTURE 5) DEPARTURE TIME 6) DEPARTURE DELAY 7) SCHEDULED
ARRIVAL 8) ARRIVAL TIME 9) ARRIVAL DELAY 10) SCHEDULED TIME 11) ELAPSED TIME. Thus,
the dataset for the first five JFK-LAX flights is shown the following Table 4.3 (DEPARTURE
DELAY and ARRIVAL DELAY correspond to target variables):
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AIRLINE | ORIGIN | DESTINATION | SCHEDULE | DEPARTURE | DEPARTURE | SCHEDULED | ARRIVAL | ARRIVAL | SCHEDULED | ELAPSED

AIRPORT AIRPORT DEPARTURE TIME DELAY ARRIVAL TIME DELAY TIME TIME

B6 JFK LAX 1/1/2015 | 6:27:00 -3 9:47:00 | 09:51 4 377 384
6:30

VX JFK LAX 1/1/2015 | 6:55:00 -5 10:25:00 | 10:27 2 385 392
7:00

AA JFK LAX 1/1/2015 | 6:49:00 -11 10:20:00 | 10:26 6 380 397
7:00

DL JFK LAX 1/1/2015 | 7:02:00 2 10:40:00 | 10:30 -10 400 388
7:00

B6 JFK LAX 1/1/2015 | 8:10:00 -5 11:35:00 | 11:37 2 380 387
8:15

Table 4.3: The initial five components of the dataset

Data cleaning

Data cleaningis the process of preparing data for analysis by removing extraneous or
inaccurate information. This is typically information that can have a negative effect on a
model or algorithm by reinforcing an incorrect notion. In addition to deleting portions of
unneeded data, data cleaning is frequently related to correcting inaccurate information.

Before data can be processed further, unwanted data in the form of outliers must be
deleted. Outliers are the most difficult to detect among all other data errors. Before
rejecting a data point or series of data points as an outlier, a comprehensive investigation is
typically performed. Specific models with an extremely low outlier tolerance can be easily
affected by a substantial number of outliers, hence diminishing the quality of the
predictions. The dataset contains missing values. Consequently, cases with missing labels
are eliminated from the dataset. Another pitfall to avoid is 'random' delays, with a particular
focus on excessive delays (over 90 minutes). During the inquiry, it was discovered that
delays of many hours (or even tens of hours) were sometimes observed. However, this type
of delay is negligible (a few percent) and the cause of these delays is likely due to
unforeseen events (weather conditions, breakdowns, accidents). Nonetheless, they
generate maximum values that affect the forecasts and generally represent a problem that
is not addressed in this thesis and is therefore were eliminated.

In addition, flights with departure delays of less than ten minutes are deemed outliers and
are eliminated since they are the result of flight plan errors or causes not examined in this
thesis.
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One-Hot Encoding

In the thesis dataset, airlines are classified as categorical data. In Regression, Machine
Learning algorithms treat the order of numbers as a significant characteristic. In other
words, a bigger number will be perceived as superior or more significant. One hot encoding
[75] is one approach for preparing data for an algorithm and obtaining a more accurate
forecast. Each category value is converted into a new categorical column and assigned a
binary value of 1 or 0 using one-hot. Each integer value is represented as a vector of binary
digits. Each value is zero, and the index is indicated by a 1. The following Table 4.4 illustrates
the categorical to the binary transformation of the five airlines operating from JFK to LAX:

IATA CODE | AIRLINE ONE HOT ENCODING
AA American Airlines 10000
DL Delta Air Lines Inc. 01000
B6 JetBlue Airways 00100
VX Virgin America 00010
UA United Air Lines Inc. 00001

Table 4.4: One hot encoding for airlines

Cyclical features encoding

Variables such as SCHEDULED DEPARTURE, which constitute the basic feature of this thesis
implementation, have the format DD/MM/YYYY HH: MM. However, there might be some
hidden patterns in the dataset that will not be revealed by the regular features. For example
cyclical patterns, such as hours of the day, days of the week, months, seasons, etc. The
difficulty arises when translating this data into an interpretable characteristic. A sinusoidal
and cosinusoidal transform [76], as shown in Figure 4.41, is applied for the time data to
maintain homogeneity and periodicity in the data and projections, as follows:

. ) ( 2mHour )
OUlsin = SI1 max(Hour)
2mHour )

Hour,,; = cos (—
cos max(Hour)
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Figure 4.41: The sin/cos encoding in hour-of-day values from 0 through 23 [93]

Moreover, for precise processing and forecasting, the following preparations were
made for the data. The day of the week was divided by 7, the week by 52, and the hour of
the day by 24 since the year (given as 2015) was omitted. Additionally, we have not scaled
in terms of minutes, as flight delays are quantified at a minimum per hour, such as 13:00-
14:00. This coding enabled the model to recognize the general trend of the data by
distinguishing periods of higher and lower values.

Feature Scaling

Scaling features is one of the most important phases in the preprocessing of data, before
building a Machine Learning model. Scaling helps differentiate a weak machine-learning
model from a stronger one.

Standardization of independent variables is required in Regression analysis, when the
model comprises polynomial terms to model curvature or interaction effects. These terms
provide essential information regarding the relationships between the independent factors
and the dependent variable, but they also cause substantial multicollinearity. The Standard
Scaler [77] assumes that data are normally distributed within each feature and scales them
so that the distribution is centered on 0 (mean=0) and has a standard deviation of 1.
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The standard deviation with u = 0 and 0 = 1 is also known as the standard normal
distribution and is represented by the symbol N(0,1). In addition, feature scaling is utilized
since certain algorithms, such as neural network gradient descent, converge significantly
faster with feature scaling than without it, as shown in Figure 4.42.
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Figure 4.42: Gradient Descent convergence without and with scaling [95]

4.3 Research Questions

Motivated by the research gaps highlighted in Chapter 2 and the overarching goal to predict
flight delay, the following research questions served as a guide for the overall research plan.
Past research has focused on a variety of methodologies, including statistical, operational,
and network methods. In addition, a limited benchmarking of Machine Learning techniques
has been conducted to find appropriate techniques for creating prediction models for
departure and in-flight delays between two airports, in comparison to the simple mean of
delays.

Research Question 1

Could Machine Learning Techniques make a more accurate forecast than utilizing the simple
average flight delay of the dataset?

Research Question 2
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Does incorporating prior departure and in flight delays, and new feature knowledge, at the
respective airports, enhance the Machine Learning predictions?

Research Question 3

Using the metrics of the Regression model, which of the two ways yields better results for
the total delay prediction?

Research Question 4

Which Machine Learning model produces the most accurate predictions?

4.4 Validation, Testing and Evaluation

One of the key findings of this study was the successful identification of Machine Learning
algorithms that facilitated precise predictions. The most effective approach for assessing the
efficacy of an algorithm is to provide predictions for newly introduced data that was not
previously encountered during the program's training phase. The assessment of model
performance will serve as the concluding stage of this procedure. The assessment of student
performance is of utmost importance, as it provides insights into how a learner will perform
when faced with unfamiliar or upcoming knowledge. This phenomenon is investigated
through the process of cross-validation, wherein the average of predictions generated by
various Machine Learning Techniques is compared to the simple average. The evaluation of
this comparison is based on the metrics outlined in the thesis.

4.4.1 K-fold Cross Validation

Cross-validation is a method for estimating the performance of a Machine Learning system
with less variation than a traditional train-test split [78]. It functions by dividing the dataset
into k-parts (such as k = 5 or k = 10). Each data split is known as a fold. The algorithm is
trained on k — 1 folds, with one fold reserved for testing. This is repeated such that each
fold of the dataset has an opportunity to serve as the held-back test set. Cross-validation
yields k unique performance scores, which can be summarized with a mean and standard
deviation.

The outcome is a more accurate estimation of the algorithm's performance on new
data. It is more precise, because the algorithm is trained and assessed several times on a
variety of data. The selection of k must permit the size of each test partition to be large
enough to constitute a representative sample of the problem, while allowing sufficient
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repetitions of the train-test evaluation of the algorithm to yield an accurate assessment of
the method's performance on unseen data. Common k values for datasets containing
thousands or tens of thousands of records are 3, 5, and 10. Finally, this thesis involves the
use of 5-fold cross-validation.
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Figure 4.43: Diagram of k-fold cross-validation, where k=10 [97]

4.4.2 Evaluation Metrics

Numerical prediction learners are typically evaluated by analyzing how well the model fits
the data. Four evaluation metrics were used to evaluate the numerical predictors: R-
Squared, Mean Absolute Error, Root Mean Squared Error, and time performance in seconds.

Mean Absolute Error (MAE)

Mean Absolute Error refers to the distance between a model's predictions and actual values
[35]. It is determined by calculating the mean absolute difference between the expected
and actual values [79]. The smaller the Mean Absolute Error, the higher the model's
performance.

Z?=1|3’i -3
n

MAE =
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Root Mean Squared Error (RMSE)

Root Mean Squared Error is the standard deviation of the difference between a model's
predictions and the actual values [79]. The smaller the Root Mean Squared Error, the higher
the model's performance.

1 n
RMSE = |~ (3= 5)?

i=1

where y, are the observations, y; are the projected values of a variable, and n is the number
of accessible observations for analysis. As RMSE is scale-dependent, it can only be used to
compare the forecasting errors of different models or model configurations for a single
variable and not between variables.

R-Squared Error (R?)

The coefficient of determination, frequently identified as R-Squared is a statistical measure
that quantifies the degree to which a model fits the data. Within the realm of regression
analysis, it serves as a statistical metric that quantifies the degree to which the regression
line accurately represents the observed data [30]. Therefore, it is crucial to utilize a
statistical model for either predicting future outcomes or evaluating hypotheses. There are

other variations, but one being provided here is extensively utilized:

sum squared regression (SSR)

R2=1-
total sum of squares (SST)
o=
i —¥)?

The sum squared regression is calculated by summing the squared residuals, while the total
sum of squares is obtained by summing the squared distances of the data points from the

mean. Since it is expressed as a percentage, it will only have values ranging from 0 to 1.
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4.4.3 Overfitting, Underfitting

A model is considered to be a good Machine Learning model, if it generalizes any new
problem-domain input data appropriately. This allows us to predict future data that the data
model has never seen before. Overfitting and underfitting are the primary causes of the
poor performance of Machine Learning systems.

Underfitting

Underfitting occurs when a statistical model or Machine Learning algorithm cannot capture
the underlying trend of the data, i.e., it performs well only on some training data, but badly
on other training data. The Machine Learning model is rendered inaccurate by underfitting.
Its recurrence merely indicates that our model or method does not adequately suit the data.
It typically occurs, when there are insufficient data to develop an appropriate model, e.g.
while attempting to build a linear model with insufficient non-linear data. In such situations,
the Machine Learning model's rules are too simple and inflexible to be applied to such;
hence, the model will likely produce a large number of incorrect predictions. Underfitting
can be avoided by utilizing more data and limiting the number of characteristics through
feature selection, or by increasing the model complexity (flexibility).

Overfitting

A statistical model is considered to overfit, when its predictions on testing data are not
correct, although it performs well on the training data. When a model is trained with such a
large flexibility in model parameters, it begins to learn from the noise and incorrect data
entries in our data set. And when testing using test data, the variance is high. The model
fails to appropriately classify the data, because there are too many details and noise. Non-
parametric and non-linear approaches are responsible for overfitting, since these types of
Machine Learning algorithms have greater leeway in developing the model based on the
dataset and can therefore create truly unrealistic models, as shown in Figure 4.44. If we
have linear data, we can avoid overfitting by utilizing a linear technique. Overfitting is a
situation in which the evaluation of Machine Learning algorithms on training data differs
from the evaluation of unseen data.
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Figure 4.44: Underfit, Optimal and Overfit prediction models [99]
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Chapter 5

Analysis and Results

This chapter details the Python 3.1 processes required to construct and evaluate each
prediction model. The experimental findings will be presented, followed by a discussion
centered on Section 4.4 metrics and training time. This includes detailing any evaluation

steps conducted for the models.

5.1 Departure Delay Prediction from JFK to LAX

As previously stated, the purpose of this model is to forecast the mean departure delay
between JFK to LAX airports in the United States. A comparative analysis was conducted on
four Machine Learning approaches in order to determine the most appropriate
methodology for the prediction model. The techniques evaluated were Linear Regression,
Polynomial Regression, Support Vector Regression, and Feed Forward Neural Networks. This
section outlines the procedures employed to construct the models utilizing the algorithms
stated above, and presents an evaluation of their efficacy using the validation and testing
datasets. To ensure the appropriate assessment of the algorithms, the data was partitioned
into three distinct groups, namely training, 5-fold cross-validation, and testing datasets, by a
random process. To establish periodicity in the data throughout the year at various levels
(hourly, daily, weekly, and annually), we can apply a periodic transformation to the variable

SCHEDULED_DEPARTURE. This transformation involves utilizing trigonometric functions,
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such as sine (sin) and cosine (cos), to achieve the desired periodic behavior. By employing
these functions, we can ensure that the data exhibits periodic patterns at different time
intervals, ultimately enhancing our understanding of the variable's temporal variations.
Furthermore, a table was incorporated to forecast the departure delay (DEPARTURE_DELAY)
for flights from JFK to LAX and the dataset underwent a reduction resulting in a total of
11,853 flights.

In conjunction with the aforementioned methodology, an additional characteristic was
established to compute the mean delay in DEPARTURE_DELAY for the N (the optimal
number of flights for enhancing our outcomes can be explored) most recent flights
departing from JFK airport to any destination. This attribute, as extra input on the
prediction, aims to leverage insights regarding the typical surge in traffic at JFK airport
during the departure time of each flight from JFK to LAX. The generation of characteristics in
the method involved the utilization of one-hot encoding to represent the information
about the airlines that operate between JFK and LAX. In the aforementioned
implementation, a novel dataset was generated by extracting flights exclusively from JFK
airport to any destination, resulting in a total of 91663 flights.

5.1.1 Linear Regression

The process of developing a prediction model using the Linear Regression technique in

Python involves the following steps:

Load the data using “read.csv”

2. Train the model using the “LinearRegression” function and the training dataset

3. Test the performance of the model using the “predict” function and the validation
dataset

4. Compute the Mean Absolute, Root Mean Squared Errors and R-Squared (R?) using
the difference between the predicted and actual mean values, execution time
measured in seconds

5. Repeat steps 3 to 4 with the testing dataset

The results are presented in Figure 4.45:
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Figure 5.45: Departure delay prediction Linear Regression results

5.1.2 Polynomial Regression

The process of developing a prediction model using the Polynomial Regression technique in
Python involves the following steps:

1. Load the data using “read.csv”

2. Train the model using the “LinearRegression” 2™ and 3™ grade function and the
training dataset

3. Test the performance of the model using the “predict” function and the validation
dataset

4. Compute the Mean Absolute, Root Mean Squared Errors and R-Squared (R?) using
the difference between the predicted and actual mean values, execution time
measured in seconds

5. Repeat steps 3 to 4 with the testing dataset

The results are presented in Figures 4.46 and 4.47:
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Figure 5.46: Departure delay prediction Polynomial Regression 2™ degree results
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Figure 4.47: Departure delay prediction Polynomial Regression 3" degree results
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5.1.3 Support Vector Regression

The process of developing a prediction model using the Support Vector Regression

technique in Python involves the following steps:

Load the data using “read.csv”

2. Train the model using the “SVR” function and the training dataset

3. Test the performance of the model using the “predict” function and the validation

dataset

4. Compute the Mean Absolute, Root Mean Squared Errors and R-Squared (R?) using

the difference between the predicted and actual mean values, execution time
measured in seconds

5. Repeat steps 3 to 4 with the testing dataset

The results are presented in Figure 4.48:
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Figure 4.48: Departure delay prediction SVR results
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5.1.4 Feed Forward Neural Network

The process of developing a prediction model using the Support Vector Regression

technique in Python involves the following steps:

Load the data using “read.csv”

Normalize continuous variables to a O - 1 range, since Neural Networks perform best
when predictors are scaled to a narrow range

Vary the number of hidden nodes and layers to identify the best hidden node setting

for the model.

4. Train the model using “Model” function and the training dataset

7.

Test the performance of the model using the “predict” function and the validation
dataset

Compute the Mean Absolute, Root Mean Squared Errors and R-Squared (R?) using
the difference between the predicted and actual mean values, execution time
measured in seconds

Repeat steps 5 to 6 with the testing dataset

The results are presented in Figures 4.49, 4.50, 4.51, 4.52:
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Figure 4.49: Departure delay prediction Neural Network layer=1, dense=20 results
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Figure 5.50: Departure delay prediction Neural Network layer=1, dense=50 results
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Figure 5.51: Departure delay prediction Neural Network layer=2, dense=20 results
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Figure 5.52: Departure delay prediction Neural Network layer=2, dense=50 results

5.1.5 Summary of Departure Delay Prediction from JFK to LAX

The following Table 5.5 presents the best obtained outcomes for Departure Delay Prediction

of each algorithm based on the metrics and time measurements (where n=number of

previous flights, [=number of hidden layers of Neural Network, d=number of dense):

Algorithms RMSE MAE R-Squared ‘ Time (seconds)

Linear Regression 13.98+0,19 8.65+0,18 0.11+0.01 7.76
(n=10)
Polynomial Regression 13.8740.30 8.514+0.11 0.13+0.01 24.06

3 (n=50)

SVR (n=10) 14.8440.68 7.52+0.30 -0.01+0.01 65,73
Neural Networks 13.994+0.57 8.61+0.22 0,1+0.01 100,71
(n=50, l=1, d=20)

Baseline (mean) 14.82+0.58 9.54+0.29 0 null

Table 5.5: Summary algorithm comparison Departure Delay Prediction

Upon analyzing the aforementioned results, we note a minimal baseline inaccuracy of

approximately 15 minutes in relation to the predicted departure delay. The improvement in

our prediction algorithms is quite modest, with a 6.42% decrease in the RMSE metric, a

10.45% decrease in the MAE metric, and a 0.13 increase in the R-Squared metric. The
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significance of previous flying knowledge is substantial, yet it may not apply to a vast
number of prior trips. Futhermore, it is noticeable that the baseline (mean) has R-Squared
value zero.

The 3™ degree Polynomial Regression approach, when provided with prior knowledge
about the last 50 flight delays, yields superior results in terms of the RMSE and R-Squared
metrics. Although the SVR method shows a 21.71% improvement in the MAE metric, it
experiences a decrease in both RMSE and zero R-Squared relative to the baseline, rendering
it unsuitable for consideration, as shown on Figure 4.48. Linear Regression demonstrates
superior time performance, completing execution in 7.76 seconds, whereas Neural Network
exhibits the poorest performance, requiring 100.71 seconds. Best results are shown as radar
matrix plot in Figure 5.53.

Problem 1 Algorithm Comparison

—— Linear Regression

——— Polynomial Regression
—— Support Vector Regression
—— Neural Network

—— Simple Mean

MSE

Figure 5.53: Departure delay prediction algorithm comparison radar matrix
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5.2 Inflight Delay Prediction from JFK to LAX

This study aims to develop a regression model for predicting the arrival delay of Inflight
planes traveling from John F. Kennedy International Airport (JFK) to Los Angeles
International Airport (LAX). It should be noted that this particular model is designed to
estimate the duration of in-flight delays, as opposed to the overall delay duration recorded
in the dataset (Arrival_Delay). Additionally, it is worth mentioning that the model's
predictions may also be influenced by departure operations, as this factor was taken into
account during the initial approach.

The study utilized a newly acquired dataset named JFK TO LAX. To ensure data
periodicity in relation to time, day, and week, the SCHEDULED_ARRIVAL attribute was
transformed using periodic functions such as sine and cosine. This transformation facilitated
the creation of a table that included a new attribute called ARRIVAL_DELAY, which solely
accounted for in-flight delays and did not consider departure delays as in the previous
approach. This table was then employed in conjunction with various Machine Learning
techniques, namely Linear Regression, Polynomial Regression, and Feed Forward Neural
Networks. Furthermore, this approach incorporates a novel property that involves the
computation of the average delay, namely the INFLIGHT_DELAY, experienced by the most
recent 20 flights originating from any airport in the United States and arriving at LAX airport.
A new dataset, named ALL TO LAX, was generated for the aforementioned implementation,
containing a total of 192,136 flight entries.

5.2.1 Linear Regression

The process of developing a prediction model using the Linear Regression technique in
Python involve following steps as section 5.1.1:

The results are presented in Figure 5.54:
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Figure 5.54: Inflight delay prediction Linear Regression results

5.2.2 Polynomial Regression

The process of developing a prediction model using the Polynomial Regression technique in
Python involve following steps as section 5.1.2:

The results are presented in Figures 5.55, 5.56:
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Figure 5.55: Inflight delay prediction Polynomial Regression 2" degree results
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Figure 5.56: Inflight delay prediction Polynomial Regression 3™ degree results
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5.2.3 Support Vector Regression

The process of developing a prediction model using the Support Vector Regression
technique in Python involve following steps as section 5.1.3:

The results are presented in Figure 5.57:
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Figure 5.57: Inflight delay prediction SVR results

5.2.4 Feed Forward Neural Network

The process of developing a prediction model using the Support Vector Regression
technique in Python involve following steps as section 5.1.4:

The results are presented in Figures 5.58, 5.59, 5.60, 5.61:

-73-



Chapter 5. Analysis & Results

Scores

Scores

MNeural Network Layer 1 Dense 20

s RMSE
m MAE

102

101

100

102

baseline N=0

N =10
Number of previous flights

N =20

BN R-squared |

Figure 5.58: Inflight delay prediction Neural Network layer=1, dense=20 results
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Figure 5.59: Inflight delay prediction Neural Network layer=1, dense=50 results
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Figure 5.60: Inflight delay prediction Neural Network layer=2, dense=20 results
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Figure 5.61: Inflight delay prediction Neural Network layer=2, dense=50 results
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5.2.5 Summary of Inflight Delay Prediction from JFK to LAX

The following Table 5.6 presents the best obtained outcomes for Inflight Delay Prediction of
each algorithm based on the metrics and time measurements (where n=number of previous
flights, I=number of layers of Neural Network, d=number of dense):

Algorithms RMSE MAE ‘ R-Squared ‘ Time (seconds)
Linear Regression 17.4510.47 13.3540.30 0.2740.01 7.97
(n=100)
Polynomial Regression 17.4140.10 13.32140.06 0.2840.02 8.75
2" (n=100)
SVR (n=100) 17.5140.14 13.2940.16 0.27+0.02 66,39
Neural Networks 17.534+0.48 13.440.33 0.27+0.01 105,09
(n=100, l=1, d=20)
Baseline (mean) 20.55+0.46 15.87+0.30 0 null

Table 5.6: Summary algorithm comparison Inflight Delay Prediction

From the above statistics, it is evident that predicting inflight delay is more challenging
compared to departure delay, as indicated by a bigger baseline error of. The algorithms'
forecasts demonstrate a significant enhancement in the RMSE measure by 15.27%, a
16.01% improvement in the MAE metric, and a 0.28 increase in the R-Squared value. The
knowledge gained from past flights is likewise highly crucial for a multitude of subsequent
missions. All algorithms provide comparable outcomes with minor variations of 0.1%.
Futhermore, it is noticeable that the baseline (mean) has R-Squared value zero.

The 2" degree Polynomial Regression prediction, when provided with prior knowledge
of the last 100 aircraft delays, yields improved performances in the metrics RMSE, MAE, and
R-Squared. When considering execution time, Linear Regression demonstrates the most
efficient performance, taking only 7.97 seconds. On the other hand, Neural Network
exhibits the poorest performance, requiring 105.09 seconds. Best results are shown as radar
matrix plot in Figure 5.62.
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Problem 2 Algorithm Comparison
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Figure 5.62: Inflight delay prediction algorithm comparison radar matrix

5.3 Total Delay Prediction sum of models

The estimation of overall delay the overall delay of a flight can be determined by adding the
calculated values for departure delay and inflight delay, as obtained from the first and
second problems, respectively.

5.3.1 Linear Regression

The process of developing a prediction model using the Linear Regression technique in
Python involves following steps as section 5.1.1:

The results are presented in Figure 5.63:
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Figure 5.63: Total delay prediction sum of models Linear Regression results

5.3.2 Polynomial Regression

The process of developing a prediction model using the Polynomial Regression technique in
Python involves following steps as section 5.1.2:

The results are presented in Figures 5.64, 5.65:
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Figure 5.64: Total delay prediction sum of models Polynomial Regression 2" degree results
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Figure 5.65: Total delay prediction sum of models Polynomial Regression 3™ degree results
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5.3.3 Support Vector Regression

The process of developing a prediction model using the Support Vector Regression

technique in Python involves following steps as section 5.1.3:

The results are presented in Figure 5.66:
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Figure 5.66: Total delay prediction sum of models SVR results

5.3.4 Feed Forward Neural Network

N = 100

The process of developing a prediction model using the Support Vector Regression

technique in Python involves following steps as section 5.1.4:

The results are presented in Figures 5.67, 5.68, 5.69, 5.70:
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Figure 5.67: Total delay prediction sum of models Neural Network layer=1, dense=20 results
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Figure 5.68: Total delay prediction sum of models Neural Network layer=1, dense=50 results
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Figure 5.69: Total delay prediction single data model Neural Network layer=2, dense=50 results
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Figure 5.70: Total delay prediction sum of models Neural Network layer=2, dense=50 results
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5.3.5 Summary of Total Delay Prediction sum of models

The following Table 5.7 presents the best obtained outcomes for Total Delay Prediction
single data model of each algorithm based on the metrics and time measurements (where
n=number of previous flights, [=number of layers of Neural Network, d=number of dense):

Algorithms RMSE MAE R-Squared Time (seconds)
Linear Regression 21.7610.73 16.3810.49 0.2140.02 7.99
(n=100)
Polynomial Regression 21.58+0.33 16.2440.25 0.23+0.01 29.63
3 (n=100)
SVR (n=100) 22.584+0.28 16,55+0.23 0.13+0.02 66.39
Neural Networks 21.6940.27 16.2840.11 0.2240.02 107.1
(n=100, l=1, d=50)
Baseline (mean) 24.62+0.18 18.69+0.22 0 null

Table 5.7: Summary algorithm comparison Total Delay Prediction sums of models

In the results mentioned above, we observe a significant baseline error of 24.62 in the
cumulative delay prediction sum of models, which is, nevertheless, smaller than the
combined sum of the individual errors. The predictions generated by our algorithms
demonstrate a significant enhancement in the RMSE metric by 12.34%, a 13.1%
improvement in the MAE metric, and a 0.23 R-Squared value. The knowledge gained from
past flights is likewise highly crucial for a multitude of subsequent missions. All algorithms
provide comparable outcomes with minor variations of 0.2%. Futhermore, it is noticeable
that the baseline (mean) has R-Squared value zero.

The 3 degree Polynomial Regression algorithm, when provided with prior knowledge
of the last 100 flight delays, yields superior results in the metrics RMSE, MAE, and R-
Squared. Linear Regression demonstrates superior time performance, completing execution
in 7.99 seconds, while Neural Network exhibits the poorest performance, requiring 107.1
seconds. Best results are shown as radar matrix plot in Figure 5.71.
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Problem 3 Approach 1 Algorithm Comparison

—— Linear Regression
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—— Neural Network
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Figure 5.71: Total delay prediction sum of models algorithm comparison radar matrix

5.4 Total Delay Prediction single data model

The objective is to estimate the cumulative delay of a flight using a unified data model that
incorporates the qualities from two distinct problems: Departure Delay and Inflight Delay.
This approach aims to reevaluate the average overall delay by combining the data from both

problems into a single model.
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5.4.1 Linear Regression

The process of developing a prediction model using the Linear Regression technique in

Python following steps as section 5.1.1

The results are presented in Figure 5.72:
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Figure 5.72: Total delay prediction single data model Linear Regression results

5.4.2 Polynomial Regression

The process of developing a prediction model using the Polynomial Regression technique in

Python following steps as section 5.1.2:

The results are presented in Figures 5.73, 5.74:
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Figure 5.73: Total delay prediction single data model Polynomial Regression 2" degree results
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Figure 5.74: Total delay prediction single data model Polynomial Regression 3" degree results
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5.4.3 Support Vector Regression

The process of developing a prediction model using the Support Vector Regression

technique in Python following steps as section 5.1.3:

The results are presented in Figure 5.75:
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Figure 5.75: Total delay prediction single data model SVR results

5.4.4 Feed Forward Neural Network

The process of developing a prediction model using the Support Vector Regression

technique in Python following steps as section 5.1.4:

The results are presented in Figure 5.76, 5.77, 5.78, 5.79:
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Figure 5.76: Total delay prediction single data model Neural Network layer=1, dense=20 results
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Figure 5.77: Total delay prediction single data model Neural Network layer=1, dense=50 results
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Figure 5.78: Total delay prediction single data model Neural Network layer=2, dense=20 results
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Figure 5.79: Total delay prediction single data model Neural Network layer=2, dense=50 results
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5.4.5 Summary of Total Delay Prediction single data model

The following Table 5.8 presents the best obtained outcomes for Total Delay Prediction
single data model of each algorithm based on the metrics and time measurements (where
n=number of previous flights, [=number of layers of Neural Network, d=number of dense):

Algorithms RMSE MAE R-Squared Time (seconds)
Linear Regression 21.3440.19 16.081+0.12 0.24+0.01 7.87
(n=50)
Polynomial Regression 20.6940,51 15.5440.20 0.2940.02 8.75
2" (n=100)
SVR (n=50) 21.5240.50 15.9540.29 0.24+0.02 66.37
Neural Networks 21.4140.28 16.1140.15 0.2540.001 107.1
(n=100, I=1, d=20)
Baseline (mean) 24.1240.35 18.69+0.31 0 null

Table 5.8: Summary algorithm comparison Total Delay Prediction single data model

From the data presented above, we can see that the overall delay prediction for a single
dataset has a significant baseline error of 24.12. However, this error is smaller than the
combined errors of the separate datasets and slightly better than the first strategy. The
predictions generated by our algorithms demonstrate a significant enhancement in the
RMSE metric by 14.22%, an improvement of 16.85% in the MAE metric, and a 0.29 increase
in the R-Squared metric. The expertise gained from earlier flights is highly valuable for a
multitude of subsequent flights. All algorithms yield comparable outcomes with variances
on the order of 4%. Futhermore, it is noticeable that the baseline (mean) has R-Squared
value zero.

Overall, the strategy of using a single dataset to calculate the total delay tends to yield
less errors compared to summing the total delay from sum of models. The 2" degree
Polynomial Regression algorithm, when provided with prior knowledge of the last 100 flight
delays, yields superior results in terms of RMSE, MAE, and R-Squared metrics. Linear
Regression demonstrates superior time performance, completing execution in 7.87 seconds,
while Neural Network exhibits the poorest performance, requiring 107.1 seconds. Best
results are shown as radar matrix plot in Figure 5.80.
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Figure 5.80: Total delay prediction single model algorithm comparison radar matrix
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Chapter 6
Conclusion and Future Work

6.1 Review of Research Questions

Could Machine Learning Techniques make a more accurate forecast than utilizing the simple
average flight delay of the dataset?

Machine learning techniques have been found to yield superior outcomes compared to the
simple average. However, it has been observed that neural networks, when not
incorporating the previous knowledge feature, do not exhibit improved predictive
capabilities over the simple average.

Does incorporating prior departure and inflight delays, and new feature knowledge, at the
respective airports, enhance the Machine Learning predictions?

It is evident that possessing knowledge of the previous delay of N flights yields superior
outcomes in all three issues and across all models. However, when the level of information

about flights rises, the improvement in performance does not necessarily follow.

Using the metrics of the Regression model, which of the two ways yields better results for
the total delay prediction?
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The second methodology employed in addressing the problem of total delay prediction
yields marginally superior outcomes. The performance of the single model in comparison to

the cumulative predictions of multiple models exhibits a minor improvement.

Which Machine Learning model produces the most accurate predictions?

Superior performance in comparison to the tested machine learning models and
implementations is attained through the utilization of the following alternative approaches.
To forecast the average delay for the initial departure, a 3rd degree polynomial regression
model was employed, utilizing data from 50 preceding flights. Conversely, for predicting in-
flight delays, a 2" degree model was utilized, this model was trained using information from
the past 100 flights. In terms of total delay prediction, the first approach, which combines
the simple sum of the departure and inflight delay models, yielded slightly inferior results
compared to the second approach. The second approach, which utilizes a 2" degree
polynomial regression model with prior knowledge of the last 100 flights, demonstrated the
most accurate predictions when employed as a single prediction model.

6.2 Future Work

Due to a lack of time, numerous modifications, tests, and experiments have been postponed
in the future (i.e., studies using real data are typically quite time-consuming, requiring days
to complete a single run). Future research will involve a more in-depth examination of
particular mechanisms, new recommendations to test out alternative ways, or simple
interest.

There are numerous prospective extensions of the project as future work. As indicated
previously, it would be highly exciting to test the performance of all baseline models by
substituting the employed Regression algorithms with others, such as Ridge Regression,
Lasso Regression, and Decision Tree Regression, to compare their performance.

In conclusion, this implementation does not account for meteorological data, airport
safety, the national aviation system, or flight cancellations due to mechanical failure.
Therefore, a strategy that incorporates these aspects would be more plausible. Lastly, it
would be beneficial to test the developed predictions and models on other pairs of airports
in the United States and, if a comparable dataset is obtained on other airport pairs in
Europe or even Asia and the Middle East.
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Appendix A

SETUP

All scripts are developed in Python 3.10 and can be accessed by email to be sent at:
chatzipetrosa@gmail.com.

Laptop: DELL XPS 15

Processor: Intel(R) Core(TM) i7-10750H CPU @ 2.60GHz 2.59 GHz
RAM: 20GB

Coding environment: PyCharm

Python libraries: sklearn, keras, matplotlib, pandas, numpy, seaborn


mailto:chatzipetrosa@gmail.com
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Appendix B

ADVANTAGES AND DISADVANTAGES OF THE MACHINE LEARNING
ALGORITHMS CONCERNED

Table B.1: Strengths and weakness of Linear Regression [80]

Strengths

Weaknesses

The implementation of Linear Regression is
straightforward and the interpretation of the
output coefficients is quite uncomplicated.

Conversely, in the context of linear
regression, outliers can exert significant
influence on the regression model, although
the bounds established by this technique
remain linear.

When the presence of a linear relationship
between the independent and dependent
variables is known, this approach is
considered the most suitable due to its
lower complexity in comparison to
alternative algorithms.

Linear regression presupposes a linear
association between the dependent and
independent variables, exhibiting limited
diversity in its use. This implies that it

presupposes the existence of a linear
correlation between the variables. The
assumption of independence is made

between attributes.

Linear regression is prone to overfitting, but
this issue can be mitigated through the
utilization of dimensionality reduction
techniques, regularization methods, such as
L1 and L2 regularization, as well as cross-
validation.

Linear regression examines the association
between the average values of the
dependent variables and the independent
variables. Similar to how the mean does not
provide a comprehensive depiction of a
singular variable, linear regression fails to
offer a comprehensive depiction of the
relationships between variables.

Table B.2: Strengths and weakness of Polynomial Regression [81]

Strengths

Weaknesses

A diverse array of functions can be

encompassed within it.

Variables have a high sensitivity to outliers.

Polynomials has the ability to effectively
accommodate a diverse array of curvatures.

The inclusion of a small number of outliers
within a dataset has the potential to
significantly impact the outcomes of
nonlinear analysis.

The polynomial function offers the most
accurate approximation of the association
between the dependent and independent
variables.

Moreover, it is regrettable that the
availability of model validation techniques
for identifying outliers in nonlinear
regression is comparatively limited in
comparison to those available for linear
regression.
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Table B.3: Strengths and weakness of Support Vector Regression [82]

Strengths Weaknesses
The method exhibits robustness in the | Large datasets are not appropriate for this
presence of outliers. particular application
The model demonstrates exceptional | When the amount of features for each data

generalization capacity, exhibiting a high
degree of accuracy in its predictions.

point surpasses the number of training data
samples, it may be observed that the
performance of the Support Vector
Regression (SVR) is suboptimal.

The decision model exhibits a high degree of
flexibility in terms of its ability to be altered,
and its implementation process is
characterized by simplicity and ease.

The performance of the Decision model is
adversely affected in scenarios when the
data set has a higher level of noise,
specifically when the target classes exhibit
overlapping characteristics.

Table B.4: Strengths and weakness of Feed Forward Neural Networks [51]

Strengths

Weaknesses

Feedforward neural networks can express
complex, non-linear input-goal relationships.
This makes them ideal for detecting
complicated data patterns that linear models
miss.

When model complexity exceeds training
data, neural networks, especially multi-layer
ones, overfit. Checking validation loss may
solve this problem, but they require careful
calibration.

Feature Learning: Neural networks may
automatically learn relevant features from
data, eliminating the need for feature
engineering. This functionality can be useful
for datasets with several dimensions or

Neural networks may need lots of training
data to generalize. Neural networks may
function poorly with minimal data.
Regression scenarios might be limited by
data availability.

when distinctive interrelationships are

unknown.

Neural networks can be scaled and applied | Due to their difficulties in deciphering
to a variety of regression situations, | representations and understanding

including small datasets and large big data
scenarios. Deep networks with several
hidden layers can solve challenging
regression problems.

predictions, neural networks are frequently
called "opaque" models. In industries or
regulatory settings where openness and
explainability are vital, the lack of
interpretability may be a disadvantage.
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