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Abstract

The aircraft prediction model has been developed to identify the type and model of aircraft based on
unknown target data. This serves as a crucial factor in military strategic decision-making to gain a tactical
advantage. The essential aircraft types encompass fighters, transporters, helicopters, and training aircraft. These
aircraft types have the capability to cause harm and pose a threat to national security when identified as unidentified
targets on radar screens of air defense radar systems within the Air Force. Each type of aircraft encompasses various
models, each with distinct capabilities tailored for different mission profiles, such as long-range flight, cargo
transport, bombing, attack, and reconnaissance. For this reason, effective air defense necessitates the accurate
identification of aircraft types and models, enabling strategic decision-making for appropriate response strategies.
Although there have been studies on constructing aircraft prediction models from past research, it was found that
they primarily focused on predicting types or specific models of aircraft, revealing limitations in their practical
application. Therefore, the aircraft prediction model is imperative to be considered based on methods that align with
the requirements for identifying the type and model of aircraft. This research analyzes and evaluates aircraft
prediction models using modern classification techniques, including Neural Network, Decision Tree, Random
Forest, K-Nearest Neighbors, Support Vector Machine, Naive Bayes, Adaptive Boosting, Gradient Boosting, and
Stochastic Gradient Descent. The model evaluation is conducted through statistical metrics relevant to
classification, such as Area under the ROC Curve, Classification Accuracy, Precision, Recall, and Matthews
Correlation Coefficient. The findings indicate that the most suitable and effective models for practical application

are those developed using Neural Network and Random Forest techniques, respectively.
Keywords: State-of-the-Art Algorithm, Data Mining, Smart Weapon Systems, Radar System, Unknown Target
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funal gradient YOINIRTUANADIAADDUDUYAYOYAIHBIUIIEIU (mini batch) NguIIINYATOYAAY 1lDAANS

o ~ [ a ¢ 3 1 = a A 2
aanlgannuraz imssimamaiiwes it liegradil sz ansmmunau [20]
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doyai ldanszuvsmsezguinusiusniuamifeseaisg uaad13uasei 1 Uszneudas NumOtPlane
Velocity FoundHeight FoundDate FoundTimeValue FoundLon FoundLat HideLon HideLat Takeoff (i8¢ Landed [5]
1 a 4 { 4 a @ P
Taeidoyave101MANIUIZYNIATIHIINGITEINEY (expert staff) 1015zl szinnuazuuueINseIL Haansn
Y Y 9 A v ' o A < Y} I o
189z 1dinFegadoyanilszneusiemifetonazwansilsziiv nazazgninusiusaw Blugrudeyadusiuauun

9 a0 A Y 9 = A Vo o
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s = a ) d' I o
TaogadoyaninszusasuazdeyasimaeungnilszitivnngiFermyigninusisw I3 lugdeyagnuancsa
519 1 naztiesnindaudeyavesermasuluudazlszianisauiuanannuiuianiu hiaugavestoya

& \ ' s a o ° v ¥ gnu =y Yo 1 Yozt
(Imbalance) vz dawaanilsz@nTamnmsienavewuniaes aaiu §I9e99 1dnsud luTas143% Under

. A ° Pl 1 ° YA o ~ 9 A o A = 0 Y a rd
Sampling lW't’)ﬂﬂi]’luju‘ll@uua‘ll@\ulﬁagﬂa1ﬁﬂ1ﬂﬂﬂ1ﬂu§]1u3u‘ﬂ{lﬂﬂlﬂﬂ\1ﬂuaJ’]ﬂVli:fﬂ %\Tfﬂggﬂu']vlﬂsl%GIUﬂ'ﬁ'Jlﬂi'Wﬂ

tazMIUssliuuuuinaoImsiuIg 1M [4]

Radar System Expert Statf

Data Aircraft

{NurmCfPlane, Velocity, FoundHeight, {Fighter 1, Fighter 2,..., Fighter n,

FoundDate, FoundTimeyalue, Transporter 1, Transporter 2,... Transporter n,

FoundLon, FoundLat, HidelLon, Helicopter 1, Helicopter 2,..., Helicopter n,
Hidelat, Takeoff, Landed} Training 1, Training 2,..., Training n}

y J =~ a =
510 1 gadeyaninszuusarsuazdeyasimaeungnilszidivangidermy

a9 A o A s
TN 1 VOYANYNAAADNIINTSUULIAT [5]

1998 (parameter) ANUTINY ¥I9vpstena
NumOfPlane MINGAURINIALI [1-150]
Velocity AMUE U090 IMAEY [0-33,000] Alawnsaod Tu
FoundHeight mmqeﬁgﬂmnwu [0-160,000] Y1
FoundDate 5uﬁgﬂmn'wu [Mon, Tue, Wed, Thu, Fri, Sat, Sun]
FoundTimeValue ﬂhmmﬁgnmnwu [0-23]
FoundLon aaﬁgﬂﬁgﬂmmwu [92-108]
FoundLat azfigaiignaziony [1-29]
HideLon aaﬁgﬂﬁmﬂmﬂswmim% [92-108]
HideLat azﬁgﬂﬁmﬂmnswmim% [1-29]
Takeoff sWaauwiufinies Take OFf [1-32]
Landed sWaauwiufinteq Landing [1-35]
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UN5¥a18920 1151n54 Open-Source U89 Orange Data Mining Toolbox in Python [21] iaiitaaslugii 2 Tasfinisih
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Gradient Boostin
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1 9 9

f1 Area under ROC (AUC) #a1ua113983 1dfmualiiar AUC o4 parameter usiazdadoaunnii 0.8 Tasadiaueil
(threshold) Idgnimua1391nn15mAae @073 trial and error 18N parameter AINTA1 AUC MINNI1AT threshold
= o Y v ° Y o o o & o q ¥ a a o A X o 2
vavzgmi 11 lumsadraundassdrsdrinnenasetedez il szanTamaswuuiiae anudiy daiu
y A g a o N i ¥ d aa A o v & w
YU UNITUATIEH parameter TAHVUTIABINGNAT19INVUADUITAUANA1NUO1992 1% parameter 11 UA7
Mueiuana19nu

A o v A A Y Y ) 1 g’z ax o = Y o
LUBININIINALABDN parameter e ldasvuuudiaesluuaaziunouls LL‘]J‘]J%WﬁEN‘V]QﬂﬁiN‘ﬂ%ﬂﬂHWbl‘]J
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Area under ROC (AUC) 719 Fuig IR e umstssdiudseansmmueauniiaosmslums suun
el adszaniam Taonsd@ii AUC veuuSmesiiianuuiudigezisndilng | luvasiimfidaszuandds
A lmivérwenuiiaesmssuun

Classification Accuracy (AC) fi® 5@131??’;14611ma"m’;ummﬁ’m&iwﬁgﬂﬁmuﬂgﬂc?l’m@ia@iaﬁmauﬁy’wm
voaded i lFlumsnaaen a1 ca o1 liminsanluusnuiideyaliauga (mbalanced data) W3 ofin1md iy
VOIMTINUBTAUANG 1Y (class imbalance) Feazvi i marlsziiuanummsoveuusasuaanudouun 18

Precision (PREC) A © ﬁi"m1?'{’;1;611mﬁ’;aaiwﬁﬁmwgﬂﬁ'auﬂu True Positives (TP) defensusiuau
Wanuavesiegrafiinne iy positive class ¥38 TP 1az False Positives (FP) Tas PREC iingn1fidlenudiny
voInsannUAANAIATIAATUIINMSS1IU FP g9

~

@ 1 @ [l (g 1 A o IS 4 = [ (3 [l {
Recall (RECAL) ﬁﬁ] f]@]ﬁ'l?f’JLl“UEN@'l'JE]EJNGI3@81\‘1’1/11/1']14!18Qﬂ§°?l}ﬂ%1]1! TP Lﬁamwﬂummummmamm

@

funegndesinilu TP 5wy Sauvesdiedafiiuedt 1ils False negatives (FN) Tas singnlfiilennudsny

YBIN33%1] positive class ﬁLﬁuﬁqﬁmmt‘hﬁtyumnimamt’?ﬁtymmmﬁaﬂmmﬁﬂwmﬂﬁxﬁﬂﬁmmmsszu FN
Matthews Correlation Coefficient (MMC) A ® Frasadszana Al lumsdszifiuanuuiuiive

uuu$raesnmssuundeya Tasfiawanilndines 1 wzuansdanimmsiuglumssuundoya Mmc gnlfiduiiden
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Tuuuui1289N9N 5199287 UABUIT Neural Network 9% 1% Velocity FoundLon FoundLat HideLon HideLat Takeoff
4 o 9 9 o v A a a o o 3‘/ A
iag Landed (o1 1114 lumsadanuusiasavarsfasentlscansniw d1mSuvuasuds Random Forest 113
o A v Aa ' ° oA ) 2 a s v ° v ] an
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SVM 92 1917 e9 FoundLon Takeoff 1@ Landed (H841911% §1%15UN15AATIZHNTAS 19UV UTI1009A28TUADUID
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v At o 1 ! a ¢ ) o y & A . . o R
A135a9na17 JuvaeNmMINAIIZH M a5 19DV 1a0IA 289 UABUIT Stochastic Gradient Descent HUWV21T3TA
I T Y v [
o ' o & . . ' a P o o
Javefrueuly §91iu Stochastic Gradient Descent 39 1gARa1s o a3 1WLUDTIa0UTDIINAUANY UL VO

H A o ' 1 ' A a ° Ay 1 A o H o A o
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i v
A15197 2 AUC vouuaaz1aden 9 Tuaouls

AUC
Stochastic
PARAMETERS Neural Decision Random Naive Gradient
K-NN SVM AdaBoost Gradient
Network Tree Forest Bayes Boosting
Descent
NumOfPlane 0.611 0.609 0.611 0.566 0.573 0.608 0.552 0.609 0.549
Velocity 0.893 0.902 0.903 0.771 0.799 0.844 0.762 0.897 0.619
FoundHeight 0.744 0.762 0.762 0.605 0.623 0.705 0.579 0.764 0.517
FoundDate 0.550 0.649 0.728 0.693 0.500 0.708 0.503 0.559 0.500
FoundTimeValue 0.585 0.617 0.616 0.544 0.512 0.565 0.576 0.573 0.504
FoundLon 0.897 0.910 0.913 0.807 0.832 0.819 0.846 0.905 0.573
FoundLat 0.858 0.896 0.912 0.800 0.763 0.810 0.833 0.686 0.585
HideLon 0.894 0.912 0.915 0.814 0.797 0.819 0.845 0.849 0.552
HideLat 0.875 0.907 0.912 0.811 0.785 0.816 0.848 0.713 0.594
Takeoff 0.941 N/A 0.939 0.819 0.909 0.938 0.873 0.899 0.733
Landed 0.947 N/A 0.945 0.816 0.890 0.944 0.876 0.913 0.745
Number of Selected
7 5 7 6 3 7 6 5 0
Parameters

o da ' A A g o 2. o
*fageNia1 AUC 1110011 0.800 ﬂxgﬂm’amwaiﬂﬂumsﬁimmumam

Tudanveamsdszfunuusiaesszgmir lldszdulss ansamdrunsesiiolunsdssifiumansada
181 AUC CA PREC RECALL ttaz MMC 3103118 1utiad0i 4.3 nadwsi Idgnuansluaisisii 3 anuduile
fivsannninildidulf Auc fnaasdmnuuiudlumsinnonuuuniassiignaiidietune s Neral
Network If1 AUC 11111 0.990 éqﬁﬁwqaﬁ'qmﬁaLﬁauﬁ’mizuﬂau?%ﬁ!.wﬁa Tuvaiz il Gradient Boosting 11 AUC
W 0.782 Fadanumiudredesiiga 1umiﬁmimwmmuﬁuéﬂumiﬁi’munﬂmﬁnymxfuwuiwmﬁﬁ%'w
HUU§1809820%51A01TE Random Forest A1 CA 11170 0.847 Tuvyay#i Neural Network i afuiisudnidou
Taedl CA 1y 0.832 Tunieasad s uneuds svM ezl cA fosfiqaniiy 0.460 lumstszifiunaves PREC
1182 RECAL $1nen33 K-NN v Inadnsishfiga tazludamves MMC wuhifiiies 2 FunouAtRTAIANND 0.8

G?f N vlﬁ) 11 Neural Network 118 Random Forest

a o ¢ ) an A ¥ o o A A
AN 3 NAANTUDN 9 ﬂjucv‘l’f)u’m‘wgﬂtﬁNLL‘U“LIi]mmmﬂﬁiﬁ]ﬂﬂgmaaﬂ

Stochastic
Neural Decision Random Naive Gradient
Algorithm K-NN SVM AdaBoost Gradient
Network Tree Forest Bayes Boosting
Descent
AUC 0.990 0.925 0.981 0.917 0.935 0.983 0.941 0.782 N/A
CA 0.832 0.808 0.847 0.710 0.460 0.736 0.712 0.663 N/A
PREC 0.808 0.804 0.834 0.687 0.474 0.778 0.700 0.788 N/A
RECALL 0.832 0.808 0.847 0.710 0.460 0.736 0.712 0.663 N/A
MMC 0.813 0.788 0.830 0.677 0.412 0.711 0.680 0.637 N/A
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