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Abstract

Burst image restoration is a technique that synthesizes multiple images captured consecutively over a short time period to restore
a single high-quality image. While numerous studies have been conducted in this field, most rely on uniform exposure settings or
predefined non-uniform configurations (e.g., fixed-ratio exposure brackets). In such scenarios, burst images often exhibit similar
levels of blur and noise, leading to insufficient complementary information and a failure to adequately capture the characteristics
of the imaging environment. To address these limitations, we propose a non-uniform exposure prediction pipeline that dynam-
ically optimizes exposure parameters based on scene conditions and restoration requirements. The proposed pipeline facilitates
environment-aware burst image capture, specifically tailored for restoration tasks, thereby significantly enhancing image quality

in low-light conditions.

FI9E: HAE ojny, A2k on|7] £

Keywords: Burst Imaging, Low-light Image Restoration

1 A2 WTh ol ATel, W AE olu] 4.0 2 Fofe] e ofm ]
£ Fgote] @ o] BB olu] A2 BUSHE S ele) M AE

B A E o] 4 (burst imaging) & T 2|2 ekl A HE A7F ofn]7] Hgle g
Betoe o oA & d& 0 2 HYPste 7IEolth. HAE o] sh|ato| A A Z 9l 7|& = #Fa] okt
1] 2] E-9(burst image restoration)2 %] Z It (low-light) 2H7 of A
HPYSHE o] Z(noise)7t 7t olu]Ajupc 9|2 th2 A el HAE on|z] B 14 [1,2,3,4,5,6,7,8,9, 10] 7} &
8] A s|o] A2 B3] 412 o ix-0] W (denoising) 7 0] 2]
e A R (deblurring) 450] 97|40 2 AHE G o1t 71 20| AL o

*corresponding author: Sunghyun Cho / Pohang University of Science and Technology (POSTECH) (s.cho@postech.ac.kr)

Lol

Received : 2025.06.13./ Review completed : 1st 2025.06.30. 2nd 2025.07.10. / Accepted : 2025.07.14.
DOI : 10.15701/kegs.2025.31.3.1
ISSN : 1975-7883(Print)/2383-529X(Online)

o1-



T ‘?3 E2 g3 E #<Y Z(uniform expo-
WAE ofn2|50] &
= /\TZ_(exposure tlme)J,]- AlQl(gain)© 2 x| 11, A2
AR A o 26} HelE 7] Hlo] 4T ekAel A
of mzo 2 4ol g 4 9
ol wAIE A5t FIsh JJ:L H|# ¢ rZ(non-uniform
exposure) 742 AR&Sh= WA [11]0] A AR 217 H
9] =& H gt (exposure bracket) T} o] o H 5] AFHof A9
£ (pre-defined) 1 % 7o) | ZFHTH= A7} oI} A7
o] Aol A olE 7%, Fol B2 S| REYsHA] ot A
HAE oju|z]5o] &5 2o &9 A¥E HAgstA] X
tote 240 AT EARAH. AE S0l SATF AxE &

Ao 89L Arka oA seht B9 21 ge) ¢l
Sol= Bsta Apo] HE & Agto] HS A4S, B
Bl E ofu|x] o] Y B ko] 22 Q15 2 Aol 73]
Aok 5 Sek. W shleht A9 g A o] e 2 g
oA APel Ol 1 d Aol S5 A e 59, B35
A FGH HAE o] |42 Qo) up7kA| 2 B9 Eo] Wold

2 9t}

ol o] £ @A Fol 7] T B WAL Mol B
& Sl 719] 3898 AF o] B AE ofu ] %l Sl
MY 1% o2 nho] mekel- AQHgheh 2§19 vho] wete)
L2 BE HAE G4 0E B YEYTR TR,
AAZ A8 ol HAE G4 BEe] UA B AAgo
2 oA Atk sol Lkl ST A9, B BHL
nefste] MAE olux] Belo] Sok MAE olux] Zge]

7}5617] 2ol AR E S A o] Ze] =
Ak 2 9le8 Folstyitt =71H 0 a

7 o] g ato] tfsf] AA| 5] EAGt -8 Ql &5 WAL 3
Al Qretet.

A QUL 2, 3, 4,

56,7 8 9, 10]. °] ]’\%21* HAE me|Quttt SIS e
27} A9 2 theA) Uepdehs 2 o439 ofe ol A
RHO2A T ol GIAE HAT) oA ol

R 2]. =3, oA o] A ol
=Y T2z s A= %H(blur) & I o 2

At} (super- resolutlon) —‘?’—O]:Oﬂ /\1 = v_g_?_ S Sh=], o 2

7o) Az olu A4S FUshA FYstn SEoRA B
nEoRE 4L 5 gl DIYE o|uAE HET 4 9
t}[7,8,9,10].

olgl MAE o]n)g /W e A B4, M2 1Yol 9
LAY, 5o B9 2ol BT 4T 5tk B0 &
oz g8 5 9om Fey Jwe] 4d L g% e
Zol AF] et 1 B Wt U ST Uk oA
BF7129] MAE olu]g 7] MES B FUT e (uniform
exposure) 4752 7P45}7] tEo] B AE o]n| A5 ko] Fan

22 7Y eE AHS BT oluA B4

Hlw Y &2 o5 o|n| A& &Y sh= 7|2 HDR(high dy-
namic range) ©|1|%4 Folo|A & 7|7+ de] e E o] gton
Chpet 1% 270004 29H of oju] A2 Aekpto M ATl
o g2 HAE s o s AT 4= T [12, 13, 14, 15,
16,17,18,19,20,21]. HDR o]u]A#at o}l ]} H|#F Y == A H
& chobe 9 B9 9 A 2Helo] A gatel s 77 Bel)
ol 017171 9]

0]% L% 7| (dual exposure methods)-& Z}l-c%l—} T E o]
S S0 5o A& o7 IES th, k& olu|X]
B0 S 2 A0 s LR
AA|5te] Arget FA L} AR HE
22, 23, 24, 25, 26, 27, 28]. ©] 3+ HHA]
HobAQl AR E Ao M o= A|A e}t & A|A
FAo] BRI % oIk A2 choke 2 AU S FA

27 (exposure bracket) 2 &-25hH= q
£-2]¥(deblurring), HDR, 12|17
P HA). shA| R o] 5] LA
1] yhodola) 2ot 4] 2

N
o rr

H oo rlo X
0
[N
o
0%
> m{m

o for 1 2 i
lo
sk
il
_ﬂi
m

v

4 o ox

—
—

4w o2 o % ox rlo o N N =
foy
o|
=
>,
i
oX,
0[\‘
O

fo @,
R
o
o,
flo
O{N'

3.1 oJu|z] g3t 7Y

olu|A] 19] ke e = E AT t9} A2l goll 2J5) ALt
TAH R e, t, g THe 0] PAAS wHEh:
_ty
Tk
o714 ki 4 Fhleto] &

S5 o]l ke
A7 #1825t ks 9=

A7t} AlQl

-0



zo] e o)A FAA L2, 27604 19} g7}
ojm|z] Ie] M A= FFS thf Z2 o|n|z] A3} K (image
degradation model)2 EAT 4= Qo)

ZHe2t RAW

I = quant o cfa (g ( SrdT + Nehot + Nread)> )
0
o174 S, A7k 7o 4 9] 7}iek RAW A7 ) 4 B AR
(scene radiance)©] ™ Ngoi I} Nyead= ZF2Z AF 0] Z(shot noise)
9} 2] & 0] Z(read noise)S LFEFHTE. quant(-) T} cfa(-)&= ZH2F
OFA+SHquantization)2} A2 DE] v A-EZ=(color filter array,
CFAYE oJmls}o] o g4
kA AFTH AF Lo| R

1

4= G4 (function composition) E A o]t}
A7} A BB o7 BT

wol Btz PRl glom of

ol whet AHA 1A TS B
74]7\4 io]zo]q— J,]-;q.,] d—% ]/K]—X—] o] EE]X—] o] /\].74 oz
FE FLS 2o A ZF Tl of] = st= gt grofl= 2}
o]7} ¥rAysitt. o] &gt %*3% o} H I (Poisson distribution)
72 72 2 9lon E35] AZE Ao B3t 2 27
Aol Eqf2lAdo] A vehdth & kol== AlAofA F2t
AEE YAY Qe Agkehs ol BASHE A7 ol
Z o]t} o]= At B i (Gaussian distribution) 2 R A ™ A5
O] A7) e} oA ARt FA4te 7HA B R A ST oFs A2 e
2704 iAo 2 o 2 Lehiet,

32 HFY ko5 o] xEQl

A E 0[0|X| 2 AlZH

9
P Luf o] s] 4l

HAE
M g4 2E

=2l o|0]X|

=0T

HAE 0|O|X|

2|5 o[0|X|
Figure 1. Overview of our pipeline. During inference, the burst syn-
thesis module is removed, and the restoration network processes
real burst images captured by real camera system.
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Figure 2. Detailed architecture of the burst synthesis module.
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(b) Ground truth

@ (0 =(161) () (t,1)=(1215)

Figure 3. Qualitative results on our test set. The exposure times ¢; used in (c) are predicted by our exposure prediction module, which
takes the preview image (a), motion m, and gain g, as input information. The exposure times ¢; used in (d) and (e) are calculated

as {t1,t1 - r,t1 - r%,t1 - 3}, using their combination (t1,7). (d)’s combination is (t1,7) =

(12,1.5).
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Table 1. Quantitative results of restoration performance according
to the exposure settings of burst images. Here, t; denotes the ex-
posure time of the first burst image, and r represents the ratio pa-
rameter. The unit of exposure times is 1/1920 seconds.
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(12,1) 34.83 8,2) 35.17 | Best (non-uniform)  35.56

(16,1)  35.16 | (12,1.5) 35.32 Best (all) 35.63

(24,1) 35.09 (12,2) 34.91 Ours 35.50

(32,1) 34.65 | (16,1.5) 35.23 - -
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Table 2. Quantitative results of restoration performance according
to the inputs of the polynomial regression model.

Inputs  w/om, w/log, Full

PSNRT 3543 3548  35.50
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