936 W3 =EA A7 A6E, 20229

# = (Letter Paper)
3= 2R 278 A6s, 20229 11€

11€¥ (JBE Vol.27, No.6, November 2022)

(JBE Vol.27, No.6, November 2022)

https://doi.org/10.5909/JBE.2022.27.6.936
ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

ML

T 1

T S el 7Inke] mjEAl A" 71y A

~1a)¥
243

.

og a),

A Study on Deep Learning based Aerial Vehicle Classification for
Armament Selection

Eunyoung Cha” and Jeongchang Kim""

(=} o}

AL FF ARAA 71sEe] BT whE} dFyo] Alxge o] Q7Y glh oy ol AlAFe] 8 9lof, %4
of A% F4& ddsies AL ]@% gy AFGE ARl S1gAe] ds] 28402 H3due SHoA AA _u--?'E]L 9
T shuolth vl 1A ] Ao oo B Fo] 8] &<k AW JEste A& J)Fst AAF AXT HYgAE
SO E e A B2 AV Advk ek ozl Aol AN st B At FIIAAL 87 SUHe w84
o] &<t A Al AATE AFo g vgAE AL ER/ske el o] Aotk AASE £ "Wl 7nke] RS
ol §3te] FIIAAE A AR A 3 Fol AAT HIGA ] el ek A ofF o] R AJSolrt. wehy £
srdlME w AAY RS ojdstd ARV, d7], EES ERse RES AN A Rd] AFs 2Adt £ =
FolA A Bd AJFAE ta] 95% oSl AFE=E Hol1, precision 0.9579, recall 0.9558, Fl-socre 0.95689] 72 u
ERflE AE 98 4 9

Abstract

As air combat system technologies developed in recent years, the development of air defense systems is required. In the
operating concept of the anti-aircraft defense system, selecting an appropriate armament for the target is one of the system's
capabilities in efficiently responding to threats using limited anti-aircraft power. Much of the flying threat identification relies on
the operator's visual identification. However, there are many limitations in visually discriminating a flying object maneuvering high
speed from a distance. In addition, as the demand for unmanned and intelligent weapon systems on the modern battlefield
increases, it is essential to develop a technology that automatically identifies and classifies the aircraft instead of the operator's
visual identification. Although some examples of weapon system identification with deep learning-based models by collecting video
data for tanks and warships have been presented, aerial vehicle identification is still lacking. Therefore, in this paper, we present a
model for classifying fighters, helicopters, and drones using a convolutional neural network model and analyze the performance of
the presented model.
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Fig. 1. Examples of drone, helicopter, fighter data
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Fig. 2. Examples of augmented drone, helicopter, fighter data
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Fig. 3. An architecture of Convolutional Neural Network

S¢ 9E® ZU AENE ST ¥ ERIAE 259lE TS dold 242 FAsdn A8 AE
“ImageNer” 7IWHO2 & ALASE B2 AESATE  (est seh) 45070 E FASAT 3% e & 29 2

HE Aldsts 2dS A43517] $18] ResNet50, VGG16, o] FE]vto] A (optimizer)= °}FH(Adam), 8Hs5E(learning
MobileNetV2 Al Rd-& $HE X]A3}e] epoch=1] o3t rate)< 0.001, Bl X] A}Fo] Z(batch size)= 328 £33tk

35 B A5 AR 7 Bl A5 13 2k Aolghgel AHEH AP SHE EYEE MobileNetV2E At
&8kl FEvtel A (optimizen) 2 obEE AHESHATH
E 1. ResNet50, VGG16, MobileNetv22| ARMEE 2H s MobileNetV2e] T+2E EAANA 7}EXE 12317, 9A
Table 1. Pre-trained model performance on ResNet50, VGG16,
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Table 2. Parameters of training model

Input size Batch size Optimizer Learning rate Epoch Activation function Classification
224x224 32 Adam 0.001 50 RelLU softmax
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Table 3. Classification confusion matrix of the classification model B R 2F AR A4 F A7), A7), 29
Label/Prediction Drone Helicopter Jet AAAFE 7122 FAF AL A L&t zF FI71A A
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Helcopter 09 10 09 e 4% BT AN Bl 29 A48 5
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Table 4. Aerial vehicle classification result of classification model = = = = ©e e
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