o
OH
ol

>

o }NT HERRER 27 dat
—~ 4 \ Jourral o Advaned Navigation Tachnolegy J. Adv. Navig. Technol. 28(5): 650-656, Oct. 2024

Al 7154 SE27| B3t BRI FX| Mis TS I3t B 0[0IX| 28 A1

Al Image Restoration Based on Synthetic Image for Improving Aircraft
Optical Detection

1 ol ) ©O2*
AP At Y
Fu|sER Y SaME
cegoisty 7| A ZEE

Sang Gyu Jeong' - Na Eun Kwon' - Hyung Woo Kim®*

'Aviation System Development Quality Research Team, Defense Agency for Technology and Quality, Gyeongsangnam-do,
52851, Korea

Division of Mechanical Engineering, College of Engineering, Wonkwang University, Jeollabuk-do, 54538, Korea

2 94

B AT ok Aol A A Sk 21 7 1o Zof 7 o] m|A] g2 A Fetar, A o) '] A o] AeS FEA717] 218l
AL 7| o] 2] 59 7]E& AT o] & e 7FA3A olw A& Vke 2 vheFe 2 20 IS0 Fhe e A olmA
tlolEj s 7+55kaL, Held 22 (AutoEncoder 3 U-Net)& &-8-5F0] it oju]#] 5491 453 &}lslltt. 29
29a2)e] Single-ISO LHAGA ) Bt} ka0 2 431 55 Bl on, 53] vge1SO ¢S 283 ¢

EE BRI
HA] B9 S FIN DS AFHA B AT A dlolE £30] o2l Pl A% G4 o el E Bl Al RS Fsh
2 0.2 85 A7), ol u A B o] 83 5 912 AASGT o] el d AT ATk AL BEF B3 A AR ] 452 P4

A7 719 = S Aoz 7 diETh

[Abstract]

This study proposes an Al-based image restoration technique to reduce image distortion caused by lighting and noise in nighttime
environments and improve the performance of infrared detection systems. A synthetic image dataset was constructed using visible light
images under various lighting conditions and ISO settings, and deep learning models (AutoEncoder and U-Net) were trained to assess
image restoration performance. Experimental results show that the Multi-ISO model (9-channel) outperforms the Single-ISO model
(3-channel), especially when utilizing input data with multiple ISO values. This study demonstrates that Al models can be effectively
trained using synthetic data, even when real data collection is challenging, and can be applied to image restoration tasks. These findings
are expected to contribute to enhancing the performance of optical detection systems through Al-based technology.
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Table 1. Pseudocode for synthetic image generation.

+ function applylmageEffects(image, parameters):

i #Create a lighting mask
mask = generateLightingMask(parameters)
# Apply lighting effects to the image
illuminated_image = applyLighting(image, mask)
# Add noise to simulate low-light conditions
noisy image = addNoise(illuminated image, parameters)
# Adjust image color depth and brightness
processed_image = adjustColorAndBrightness(noisy image,
parameters)
return processed_image
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Table 2. Pseudocode for applied Auto-Encoder model.

2124 94l o[o|X| A (HxW)

Encoder:

1 Conv2D: 2 AME =9, EH ' = 46, HE T7| = 4x4,

P AEF0|E =1, WY =2 (53 37| = 46x((H+2)x(W+2)))
b & _9_

: 2.ReLU: &5} gt
i 3. MaxPool2D: 712 El?l 2x2, AEEI0|E =2 (EH 37| =

! 46x((H+2)2)x((W+2)12))

Decoder:

¢ 1. ConvTranspose2D: 2 aH'd = 46, £ AM'd =46, 74 T7| =
P 2x2, AEZO|E =2 (EH 37| = 46x((H+2)x(W+2)))

i 2.ReLU: EM3t gt M &

: 3.Conv2D: EH MY =3,7{4 37| =
P 1(EY 37| =3xHxW)

} 4. Sigmoid: A2 0~12 Y3t

3x3, 2E2PO|E=1, oY =

, ==

= 321d M4 o[o|X| BIA| (HxW)
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Fig. 1. The original image and its corresponding synthetically
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Table 3. Pseudocode for applied U-Net model.

¢ 2 oxfiid oo X| ElA (HxW)

Encoder:

¢ 1.(Conv2D + ReLU) x2, MaxPool2D: /& zjid =9 - &34 a4 =
132 (H/2, Wi2)

: 2. (Conv2D + ReLU) x2, MaxPool2D: 18 A& =32 — Z A
P =64 (H/4, W/4)

: 3. (Conv2D + ReLU) x2, MaxPool2D: /& zlj'd = 64 — &34 22

=128 (H/8, W/8) :
: 4.(Conv2D +ReLU) x2, MaxPool2D: /24 &Md =128 —» &2 & :
1 =256 (H/16, W/16) :
i 5. (Conv2D + ReLU) x2: 212 &H'd =256 - &3 A2 =512 (H/16, :
P Wi16) H
Decoder:

¢ 1. ConvTranspose2D: 42 Ad = 512 — &2 aH'd = 256, skip

¢ connection + (Conv2D + ReLU) (E3 37| = 256x(H/8)x(W/8))

: 2. ConvTranspose2D: 12§ &Y =256 — &2 &'D = 128, skip

¢ connection + (Conv2D + ReLU) (£ 37| = 128x(H/4)x(W/4))

¢ 3. ConvTranspose2D: & A'd = 128 — &3 &'d = 64, skip

: connection + (Conv2D + ReLU) (B3 37| = 64x(H/2)x(W/2))

¢ 4. ConvTranspose2D: /24 A d = 64 — &2 AN 'd = 32, skip

{ connection + (Conv2D + ReLU) (B3 37| = 32xHxW)
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Fig. 2. PSNR for AutoEncoder vs. U-Net(Quickstart dataset).
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Table 4. Test and validation results for AutoEncoder and U-Net models.

Dataset Type Training Set Validation Set
Metric MSE Loss MSE Loss PSNR
Network Model \ Image set Name Quickstart Places Quickstart Places Quickstart Places
AutoEncoder 0.0062 0.0012 0.0062 0.0012 22.0729 29.3038
U-Net 0.0038 0.0007 0.0039 0.0006 24.1564 31.9285

24 43 ZN

* 3l=¢o]: AMD Ryzen 9 5950x CPU, NVIDIA GeForce
RTX 3080Ti GPU, 64GB RAM, AT E¢]o] - Ubuntu 22.04
LTS, PyTorch 2.4.0, Python 3.10.12, Opencv-python 4.10,
NumPy 2.1

* dlo]E] Al -4d: & Ao A= Fiftyone o] 7] #] o] & Al
% Quickstart®} Places Hlo|E]Al-& &H-8-3}o], t}ekat vl 4 2} 7
HE EFE ou] A& o)l ARE-SF3ITE HlolH Al FH Al
SHORE 82 HIEE HEsto], B 853 A5 w7}l
AREE QATE - =ol| Al AlAlShs AR EEol = Quickstart:
FHA-1600set, 735A-400set, Places: <& A1-4000set, 7oA
1000seto] A& AT}

2. 334

* Multi-ISO 2@ 8h5 A3} U-NetZH AutoEncoder =25
Z}7} 100 epoch 5¢F B<5417] 12, MSE =4 %t7} PSNR #+&
RUEHY sto] 2d 5S 78It 1E 2-5). Quickstart
2} Places H]o]EJAl 250l A U-Net©] AutoEncoder®.t} -
35S Blon 53] F5-3F Y& do]EE &3 Places
dlolE Al A B U2 A5S 71 S53IITHAE 4). o] 7 Hlo]
EJAle] 74= X}o] 2, Quickstarti= & 20007 2] tlo]EjAl o=
88 21303k UbA | Places H]o]E] A 3= 500071 <] o] €Al
o2 g5 HslTt. dolE Al Mert BerE s
FI7L Hold AL 7|E =AM E Felst 4= 9l Ay
o|t}. T3k U-Net2] &3l 437} AutoEncoderX.T} &5
AU = S 18 S wl, o] &= dldd AR Bt

* Single-ISO =& 35 A3} Multi-ISO9A )l A $-4=3t
A%5S B8l U-Netoll t3]l 1SO 100, 200, 400 2+2+e] 1.2l gk
< Faste] Al 7 tE g5 AE Ak & 39 BEld
U313 Encoder®] 1TEAIRE 9xdellA 3= WASGIC
ISO #ko] &El= Single-ISO 22 Multi-ISO E.212] A5l
W XA FFR (3L 5), oW A= E1g A X} o] Al
ZoA FA3 2jolE BATH(IH 6). Single-ISO 2 F
1S0-2000] 71 §-=8+ AJ'5& Hel=t, ©]i= 1SO-100 5.2
o] & AR =2 1S0-400 o] W A1 &4 gl Aol
ol S IA W] wEo®  HRlth thvh
Single-ISO 2.2 & 7to] A5 &9 AE on)#d ul=} Hu}

_ti
oy o

l

v r

fol
%)

http://dx.doi.org/10.12673/jant.2024.28.5.650

7] %= 33Tk

* 29 A3k Multi-ISO ®dle] 7P 93 Aeg HSl
™, ISO-200, ISO-100, ISO-400 S22 A5o] Hadtes A
2 Yel. 1S0-200 90| Single-ISO Foll A+ 7 94231
455 B o Multi-ISO 223} Bl w8 uf MSE 7152
2 200%2] 23F, PSNR 7] 2.2 91%2] H-d&o] 13t} 9]
= Okt oju| el A EAE ARE AT BaE ¢ Qe
Multi-ISO Z.2 2] 77 o] uked el Axt= W lr) thuh 2 ol
A= mElo] Frxel mhetu|EE TRIFEEHA] E%kor,
100 epoch}= H| 4 ZH-o k530S 423 37| wjitol] 2 7)o

o lo

A
-

\utoEncoder Ut

a8 4. 2LE213Ht U-Net2| PSNRZ} H|W(Places AEAY).
Fig. 4. PSNR for AutoEncoder vs. U-Net(Places dataset).

a3 5. 2E2IACE R U-Net2| MSEg) Hlu(Places AI=AL).
Fig. 5. MSE for AutoEncoder vs. U-Net model(Places dataset).
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Fig. 6. Restored image samples through multi-ISO model(9 ch.) and single-ISO models(3 ch.) (U-Net).
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Table. 5. Validation results for multi vs single ISO(9ch. vs 3ch).

Metric Multi ISO ISO-100 1SO-200 1SO-400

MSE 0.0006 0.0015 0.0012 0.0016

PSNR 31.9285 282128 29.0763 28.0502
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