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Abstract

The analysis of foreign aircraft appearing suddenly in air defense identification zones requires a lot of cost and
time. This study aims to develop a pre-trained model that can identify neighboring military aircraft based on
aircraft photographs available on the web and present a model that can determine which aircraft corresponds to
based on aerial photographs taken by allies. The advantages of this model are to reduce the cost and time required
for model classification by proposing a pre-trained model and to improve the performance of the classifier by data
augmentation of edge-detected images, cropping, flipping and so on.
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A& A (Pre-trained) ZEES 153}
EHo ME Y ELIE ILSVRC
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2.1 Edge Detection
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(Semantic Segmentation)®] 1}
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2.2 Image Data Augmentation
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Ak shs HAo® owx] th3/3H, RGB H|OlE
RS T A 24 a3 A=7] s g ws
FE AR EdYo] o PR A olmA] S
(GAN-based Data Augmentation), ©]"7]*]2] AdF- 7}2]7]

(Masking), ©|7|A|& F&slar 8 MR 4 7](Mixing),
oulAe] S Wa 5o AMFol gk, 217k
71 o] Holg o] 54 et As mgo]
20] 0|9} L& o f= AEAT BNSIA FHE o
m A ElelEjAle] 54l whet ojwA] HlolH F7F 7]
HE dEsfor gtk & YW 559 T5 &/

Z O H =3
H= T O
waol M dele 33 WeR A=rE AHgshd

S FALE7 &8k 8] %) A5 A6z (2022'd 129) /573



79 o, Z, 7% To= onX| dolgr}t z
H SRR g 2d2 & ZEshA] &8 Aot
H 7 A AAS fg omA "oy T4 7]
H2 GAN-based Data Augmentation 7|%Ho] w2 A4k
Swoh Fe B A%ER da) Fua g’

2 AFolA A7 g7 7 BF A AL,
she 22 v gl v, ERdlor & it
o] A9l oFo] Weslil, EFT I3 77 K149
HE 7 98 F Jerns V&9 Holy FA
7RG E oY A& onXE SR Yl
Aes =49 o doka ddErgith

2.3 Image Classification
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3.1.2 EfficientNet

H 2l Ass o] fal HEHAY Zo
(DepthyE 2 Al WHEAYUP], HE](Filter)2] 7)47(Channel
Width)'& E2lAY, 4= v A (Input Image)©] 3
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Table 1. Our image classifiers summary
T= #Params #FLOPs
ResNet 50 23.71M 7.69B
EfficientNet B4 17.73M 9.97B
Inceptionv4 127.29M 26.67B
3.2 tolg =& & Hx2|
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3.2.2 FGVC Aircraft H|o|E{Al(#Ix|0}3)

FGVC+= Al 34l A7 HlH Fof s&os|2 &
3]i= Computer Vision and Pattern Recognition(CVPR)®]|
A 2011 Z2A4 7 ofmA] el ik HFE Vs
WS 9% IAFSE Aircraft, Stanford Dogs 5 8
Z9] dolEAlS Alwsta gtk FGVC dlolEAl 5
AlF dlo]EI A9l FGVC Aircraft Hlo]EJAIIONS. B 1=
Lol ARbe WEES AEE] 9% wxna
tlolEj Aoz 283130t

FGVC Aircraft H]°]E|A-> A310, B737-200 -5 1007}
o] Feix7t dem Feavig 10082 Fe7] olvl
A7F ek o]u] x| €] 10,0007 ©] .

EW N

ST

3.2.3 Military Aircraft HIO|E{Al (RFA| ZHE

FHI 8718 7]FE oln)A]| HolHE Rl
A} -2(Google.com) % W (Bing.com)s-2] 72zl
A 4] A2 (Web Crawling)S F3ste] 3=tz mj=
o & 71 dEiAE v omAE GRS
th SARE FHEERl S5 2lAjoke] & 7|Fe] b
qAE 71F AR gk FgwE AlFs] FEU

~—

to]E] &% (Data Imbalance)gl A
E} weba] ghujel A 2§ 'Soltq’ﬂ k]
AzE v SRE F 147 V1SS o
ATt A7 1gdE A 71%‘—3—

B Aol A 13 Military Aircraft H o] E] Al
S F 14719 ZY2E o]FojA dal FgYE on

o] g2 2607001 elmR] 9] F4E= 3,640°F 0]t}
Table 2. Types of military aircraft
327 | =y | HEI| | =R
(2&) (28) (78) (38)
F-4
F-5
F-15 C-130
A-10 B-1
F-16 E-737
FA-50 B-2
F-18 KC-330
F-22
F-35
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jitt== torchvision.transforms.ColorJitter =E&-S ©|-8-3}
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Table 3. Image sample and result of augmentation samples on military aircraft dataset
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Table 4. Combination of augmentation

T= g 5 7™

01 None(Use only the base)

02 edge

03 flip

04 crop

05 jitt

06 edge + flip

07 edge + crop

08 edge + jitt

09 flip + crop

10 flip + jitt

11 crop + jitt

12 edge + flip + crop

13 edge + flip + jitt

14 edge + crop + jitt

15 flip + crop + jitt

16 edge + flip + crop + jitt

B AR Azke] S 7IRe] R Az tE

IS = Aoz e, S 7Y cedger 2
AR 8 AFHn #8710 AP o] 2
g Aog =7 7Y flipege vY 7E I
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C
loss = —% > Llog(P,) (1)
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Table 5. Software details

e B
Python 3.8.8
conda 22.9.0
Pillow 8.4.0

opencv-python 4.5.5.62
torch 1.12.1
torchvision 0.13.1
matplotlib 3.62




Batch Sizei= 8, Optimizert Adam, 355 27%d

(Learning Rate Scheduler)™ ReduceLROnPlateau(mode =
‘min’, factor = 0.5, patience = 10)5 AR A%} &

% E(Start Learning Rate)= 10-3°]t}.
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Table 6. Evaluation table

FGVC Aircraft(100 Classes) Mil Aircraft(14 Classes)

== S 2| Top—1 ACC Top—5 ACC Top—-1 ACC Top—-5 ACC
ResN EffiN ResN EffiN ResN EffiN ResN EffiN
None(Use only the base) 75.3% 77.3% 92.2% 94.2% 69.4% 72.3% 77.8% 92.7%
edge 74.2% 80.8% 91.9% 94.8% 71.4% 74.7% 81.8% 94.5%
flip 77.8% 82.6% 92.2% 95.5% 70.7% 62.5% 85.8% 89.0%
crop 73.8% 81.4% 91.2% 95.1% 71.0% 72.9% 92.7% 93.5%
jitt 73.6% 75.5% 90.6% 93.1% 70.4% 78.1% 92.3% 95.0%
2AFEH) 74.8% 80.0% 91.5% 94.6% 70.8% 72.0% 88.1% 93.0%
edge + flip 77.0% 80.6% 91.9% 94.6% 70.7% 78.7% 93.9% 93.8%
edge + crop 76.3% 81.7% 91.7% 94.3% 74.0% 80.6% 93.5% 93.8%
edge + jitt 73.9% 82.9% 89.9% 94.8% 71.7% 73.7% 93.9% 92.3%
flip + crop 74.0% 83.6% 92.9% 95.5% 77.6% 81.4% 94.7% 96.1%
flip + jitt 79.3% 82.7% 93.8% 95.2% 73.9% 61.4% 94.6% 83.5%
crop + jitt 77.5% 79.7% 94.2% 95.0% 73.7% 81.0% 93.1% 94.6%
2B 763% | 81.8% | 924% | 94.9% | 73.6% | 761% | 93.9% | 92.3%
edge + flip + crop 81.0% 85.7% 94.2% 96.0% 76.6% 84.2% 94.3% 96.7%
edge + flip + jitt 78.7% 85.9% 93.3% 95.4% 74.0% 78.0% 92.5% 93.9%
edge + crop + jitt 77.9% 83.7% 92.1% 95.3% 72.1% 81.3% 84.0% 96.1%
flip + crop + jitt 78.2% 82.1% 94.0% 94.8% 77.1% 82.6% 94.3% 96.5%
2B 789% | 843% | 934% | 953% | 74.9% | 815% | 91.2% | 958%
edge + flip + crop + jitt 80.2% 85.1% 94.7% 96.1% 78.5% 85.1% 94.6% 96.0%

Aircraft®] 4% AZA] dolg Fw <y} w59
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=
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