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Abstract  High Dynamic Range Imaging (HDRI) is a technology of fusing multiple Low Dynamic
Range (LDR) images to extend image dynamic range, restore image contents and generate high

dynamic range (HDR) images. It provides a practical solution to the problem of content loss in
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captured images due to the limited dynamic range of the camera sensors. With decades of studies,
numerous promising approaches have been proposed and near-optimal performance has been
achieved for the HDRI static scenes with no object motions and well-exposed contents. However,
object motions or camera shifts are inevitable in practical scenarios. Directly using traditional
HDRI methods would induce severe ghosting artifacts into the merged HDR image. This makes
HDRI with simple merging process inapplicable in real-world applications, which poses a chal-
lenge to the HDRI task. Thus, the study on HDRI of dynamic scenes has grown rapidly. Recent
advances focus on exploring the power of deep convolutional neural networks (CNNs) to achieve a
better performance. Among these CNN-based methods, the feature aggregation plays a crucial role
in completing image contents and eliminating ghosting artifacts. Equipped with skip connections
or attention modules, the features derived from multiple LDR images are first concatenated and
then gradually focus on different local aspects via stacked convolutions. However, such aggrega-
tion schemes generally neglect to utilize the rich contextual dependencies across LLDR image
sequence, the textural coherence among features have not been fully exploited. To address this
issue, this paper proposes a novel Coherence- Aware Feature Aggregation (CAFA) scheme that
samples grids with the same contextual information instead of the same position across input
features during convolutional operations, so that contextual coherence can be explicitly incorpo-
rated into feature aggregation. Based on CAFA, this paper further proposes Coherence- Aware
HDR Network ( CAHDRNet) for HDRI of dynamic scenes. To facilitate the incorporation of
CAFA, the proposed CAHDRNet is constructed by designing three additional learnable modules.
Firstly, a learnable feature extractor, which is built upon a VGG-19 pre-trained on ImageNet, is
used to extract features from each LDR image. The parameters will be updated during end-to-end
training. Such a design enables a joint feature learning of LDR images which creates a solid foun-
dation for applying the coherence evaluation in CAFA. Then, the proposed CAFA module is
applied to aggregate the features by sampling grids with the same contextual information in each
image features. Next, a Multi-Scale Residual Hallucinating ( MSRH) module is proposed to
process the aggregated features, in which the features are learnt across different scales of dilated
rates to achieve a more powerful feature representation and hallucinate plausible details in the
missing regions. Also, a soft attention module is equipped to learn the importance of different
image regions for obtaining the features that are complementary to the reference image during
skip connection. Various experiments are conducted to validate the effectiveness of our proposed
CAHDRNet, it state-of-the-art (SOTA)
methods. Specifically, the proposed CAHDRNet improves the HDR-VDP-2 and PSNR-L values
on Kalantari’s dataset over the second-best AHDRNet by 1. 61 and 0. 68, respectively.

where demonstrates superior performance over
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UM% 3 5 A £ 3k LDR BG 09 4R 1E . T R IS 28
A REAE A5 B2 A4 1 18 S Y B Atk R AE 4 R 3 R T

e Bu)
T,=&U,) (5)
o, £C) FR AT 2 2] YRR AE AR IU2E . T, R M
A LDR & L, 32 O R AE L Bk B, 4 3¢
M VGG-19 W 2% Hh g % 55 47 R A0 RS 1 il £ 4 41t
FERE AR, BDAE 5 2 A 9 R RIS 13 Ep
PEWCREAE , 3 2w R T, k€ (1,2,3).
ET—HHBMSMERE SR AR REIE%
FRAEJG A SO T ) CAFA 7 ok il & IR 1
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FRAE T, ... WET Tk, CAFA 1 H 1Y 2 75 5 F o S [ )
H SR A i AT 2 1) B A AR [A) sl AR RL B R SO B > W@#@ i
AR PRI S Qo] TF SRR AR 2Z (R — B R T a S
CAFA 4% ) . A% SCf B 45 A DG ik A (Direct g -
Relevance Embedding , DRE) ™ s PEAik 45 AF 22 8] 1 Fh r@ @
— . AR E 4 PR, B HE S B RRE e L,@
T,.n€1,3MZ% EURFE T, , T, =T, #1780 X ik W - E ’é«s
A AR E 4 T, fT, R FF B e, 53 51 R Ry Fﬁ
6o b e [T, XXY L X T 2% [ARRHE T, T, | sg H f
g A e R S LDR BHRAFAE T, i1 @ SR @%M 1) b

BB T, (92 S AR LE -

- o
’”:<m’ e, ||>
Hoop, r TR T, el FIT, Fre] 22 [8] /) S BAH e v 1%
F. TS HEGRE T R A EG B, 7] 3k
T, FEe Ao i B AL B R 5] A SOl — A~ 8 v
Jrw it H SRidsgxX AR5 o] DI E R

h'=argmaxr’/
j

(6)

(7
H Wt H s Mg ddk T 5%
FVGASAE T, H (956 ¢ A~ B Bt M S 9 T, Hh i [ B g
BRG] A AR SR — A O B S ok
TSRS BAE POt R s, e [1, X XY i
BN

(8)

s'=max r'

(a) ZHEUGHHET,

(b) AESHEUGHFHIET,

4 — BRI AE RS O R A

A B UL 0 T T g et AR s H PR 5
W' FE T, RPN BAR G B T . 5RO
oK il 45 AL

Nl CAFA 3o 72 53 M T 0 A SC sk — 25 0
CAFA A7 AL 23 . X T 5 ARHAE T, F1 T, - A2 3L
WA H P i s il S Bt T, v i 1R e 08
LN T, LT DLW R 3 2 % B T, 76 &
AR CRAER T, B /n G E 5 Fros. insuy . A
SCHTR Y CAFA TEf & f b M2 R A T HA
HA TR S5 SR B . PRt i i ] CAFA J5 %
TuﬁxﬁliﬂzﬁﬂﬁV\]ﬁ%&uﬂﬁﬁﬂﬂ»a_ﬁﬁ_‘ﬁi%ﬁm
HDRI £ b AR, A SCRAESS 4 WPt H 2 1
WHIs A

() S EUZEMIHET,

B 5 CAFA 48T CH T BH UL E & CAFA, A SCHEYE T.( 1 T, (b)) Z [ M XM ReE&E H% T, (b)
AL N T, (. ME R E T, (O P IRERBIESN A E EHS T,.(0 B EF3GERM

HTEBNER. th TA S A CAHDRNet

S Gl A o - i B 7 1) 285 o 1 A it o R A7 A B RO
He. Dy Tl G RRAE0H Fil A 2 SR R T [ I S
FRAE P 15 2 25 P8 AR 1 I o AR AL AR SR Y T —
ANHCE T IR R B R DR R R AR R
T, AT, AR X IR AR T Yan 8 AN H
il LDR PG AR S T 0 TR AR SCHR H A 0 45 {1

(18 2 5 AU 5 e AR A5 8 R S P o AR A B R T
BHES. IR EE IR SHHETIES S
FIR A1 S 2% G 22 6] i A B9 SCBIA S k. Ry 1 3 I
Kﬁ%%ﬁﬁiﬁiﬁ%&%ﬂ%%ﬁkﬂﬁ@

HZLR I E 6 . [A] B, FE AT o0 R Rk Z AT,
$i@%&mmd K O B ) B — 4k 3
L0, 1]IX [i].
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[o] Sigmoid W%k
OF il

O R#E®R
FkEm

% RPEHL 2244 (MSRHD A

6 B R B 2 R Bk 22 #h 4 (MSRHD A 11
R A

EREKREMEER. T T4 M%) LDR
PR RRAIE T 4D 42 P 255 Bk 2R DI A 400 3, 52 SCiik (19 ]
Hh o A 2 T B 2 A TR A 5 4 )3 TR s AR SO i e o e
SEIVNER i S o A N E AN D E S AV B SRR €
AN EMR AT BRI S A SR T A2 RE R
Z=4p4 (Multi-Scale Residual Hallucinating, MSRH)
BB, 38 2o 3 R AT B O A AN [R) A K LE o 23R 5
FRAE. Qi 6 Fros  7E &> MSRH e, Je fifi f i
B BUZ X RRAE B R AT R AE L SR 5 4 Bk R 3% 2 1) 45
RIMABVERAE 5 FHE ] — DSR2 e # ]
DL A
Z.=Conv(DeCon(Z))DT, , ,DT,., DT, ) (D
P N 4 IR R I Ik B RHUZ L B I Ik B TR
AT ) B B2 ik 8 RE B8 4R 15 5 R A SRR A2 B T B
U st b 42 R AN HAR T ROR

Z...=DiaConv,_,(Z))@DiaConv,_,(Z)D
DiaConv,—s (Z)) @D DiaConv,_s(Z)) (10)

Hrp DiaConv R KA TRARAE . r 2 K. fE
WA AT ATEZ A RUBE b2 ) 85 R ERE 1
Xf FEAFAE » DT AR A B 53 R AR ALE PR UE T CAHDR-
Net B A RO N7 $2 m HDR @ A
3.3 AT

E G E. #H AR LDR K& A & RAW 1%
3 A SCE S Al AH AL IR N7 pF %X (Camera Response
Function, CRF) #f [ {5 % $ 31| 48 % =5 1], I ff H A
—ATELOL LAV Bl . e85 LDR 5 5 A 21 9 45
ZH B SER FA  A OE g K i AL LDR ER
I, B3] HDR 38, A= sk R i —41 1,

I

Hoy BB KIER T ASCORBEE N 2. 2,6, FR

I, (11

LDR % I, B 6T [E]. #2235 A SCRE7E SCik [16 ]
PR L WA G R R LA, R 1S
B —> 6 38 I8 ) K TR 2% B AL Lk R Ul AR
SC5 K TR B AL LDR 3 F HDR 38 K144, o,
LDR 35 7 EME A Bl 48 D0 2o 46 A X 3k, 1 HDR 35
P15 00 8 Dty A 0t A% 1X 3, L ke DA 6 3 AR A X 4%
i A AT DA S5 7 M 3 T 9 4% 5 . AR b AR L T
A 1 1] 4% 1 Ak T B 1 0 2 DA IR S RO I 2K kAT T
o K 2 28 W S 114 3 L S Sy B B A3

WK EE. Hur N TAE"Y — 80, A el &5
o PR B HDR G K 2F 17 351 2% R 5 11 5.
FH 253 @ RS g HDR BS54 2% 28 0] 42
B AR AR E Ve a4 0 o B S g LDR
PG T8 % BB (8 7545 3518V 161 38 A T b o
P 4% A FRA 3 R0 I R 1 45 AT UK TSR BR i 72 LDR
S0 TP DT D20 155 B 5 A 75 oK. e Ak, i F LDR
PG A% 2B /N A B0l R ol R > i
5 ZAH AT K5 9 B A R M T A R 2. AR
SCRH prlaw Ok 45 HDR EE 0938 B, 2% 0 & 0T
KA
log(1+ul, )
10g(1+;¢)
Hh o REEFH SR RS % 0131 A S0k &
HZHE R 5000, A SRR RECE LW .

c=|7d)—1U) |, (13)

Hop I, 6 W% 28 i HDR ES 1, W AR 25 %6F 3
) 1Ef HDR K14

T, = 12

4 X W

AR GRS ) CAHDRNet [ #H 56 52
UoErE I or O W VI LR B O 8 i R e e M
rh et P B B A LB R I A N RN Ak EE AR B
FAE A2 AT AR SCHE B R R TS AR R
CAHDRNet 53045 19 5z S5 8 1) HDRI 735 47 L
B4 3 W REIR T — RN Al L5 45 5 LR E B
$EH A CAHDRNet A9 0 4014 9 45 5cbk. Sl itk —
W UEAR SCHTHE B9 CAFA J7 22 (R 1F il & 0 21
4.4 Tl CAFA £ 53Tl B H AR 5 &6
BRVEM 7 kAT ti il — HiE S CAFA ¥ HDRI
1245 BRIt 4.5 95 X5 AS [] 7 vk 9 B ) &2 2% )
HEAT HLHR. R T i — R Rt ik vl i ek
4.6 T RN T HF CAHDRNet 4" B RN . H+ 45
TR B S 4
4.1 XWIFE

IEE. AT Kalantari 048 £ L E 174
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RN An . b DN GRAE 0 & 74 X8O BT BRI B ES . o 4 Yan 8 AP (2020)
B 45 =A% A LDR R — A IR A HDR B fg ik, B T H ATE & 3 o & A U 2R i B8 TR i
. MR AL 10 0 B » A SO R MR BEAT IR 2% S (ol ) A 2R A 140 8 T ) 4 i

fe AL S5 IF 5 HA TR BAT R O TR 4 201 mqkimds

R JTIRNDZ CEE AR Tursun SRS AAT HIDRI Jr i 6 6 1 0 B5 55 18 1k e 1
BT 7w 9 LDR P& b 355 B B DE 0 25 5 TR 2 0 1

BRI, A LIRS N — B KA Intel
Core i7. 64 GB N £ #1 NVIDIA GeForce 2080 Ti
GPU i+ 5 ML, 250 4249 B F PyTorch W 2% )
HEBR5E . X F 45 52 1 U 2 PR A% o A S Je R A7 5080

IRMER AT Z M B 28 5. 1 EAT 4T A L
AR SCSE A — S8 BT R A% X it g IX 4 )
ﬁﬁﬁl@%iiﬂ:ﬁ T R 20 SO AT B30 1 G 05 A B X vl

S L S 5 o 0002 S % B R A D0 T L TRt T L S S L A
5 2R T 512X 512 [ K B, I ek B i Hﬁ%ﬂ%ﬁg%*-

Bt J9 V- RO B 0 T B 2R R R EL 2 RE L i I 7E Kalantari $C 8 P S e 118 125 05 1%
YN 16 T 4 U %5 B B A S T Xavier 7 HOTRIL HCBE QI 7 R 8. P s — s = 50
LT T W I BE B 22 5 %k 1< 10 P54 9 LDR FE{Q Ll R # A CAHDRNet J5 3 it
g Adam P fl 28 7E 100 46 2% 1%t f AL T F €2 RIS 45 . 5 = 90y M AL LDR S b 453

EIBHR. LM (5 Wt PSNR (Peak iy % 8. 45 DU 2 45 JLH1 43 3 o R [/ HDRI J5 3 77
Signal to Noise Ratio)"" Z5 MM UIPEFEEL SSIM sk 25 35, 545 (04 91 3 iE f# HDR 1%, & 7
(Structural SIMilarity Index) #l HDR-VDP-2"" 4§ FIE 8 (%5 U B I 77 » Sen 26 A Y 25 8 R 5 1F i
PRk IF Al HDR SRR BUORVE A olaw pg g 555 g1t (007 10 45 58 77 26 7 7 19 B 3% Cln
B ZHOS RS AT QTR . 5 30X Matlab (9 pa 7ss gm0 H 47 76 38 18 57 9% . Kalantari
tonemap PREUG 1 EIAG A R 268 35 1 1) MR 2R 47 31 AN Y 2 SR 7 A 26 L i ) B, B R B AR A
P RSB AL PSNR AL SSIMAR, Sy R PSNR iy g s oy 5 S0 018 B D0 ) 3
B s s 20 AT R S5 R o 500 LR T
i e o SUHASFIIKE ) LDR BRIFA. 15 5 e et

E
HDR 258 =4 fh 2. ML Z T Wu % Afl Yan

(Naturalness Image Quality Evaluator)™* #1 5 € 1 . i e i N
e 5 i B 45 %0 BTMQI(Blind Tonemapping Quality HENQOID P I IE ML RAEME LEL. AMUE S

Index)t"“ *E*ﬁi&ﬁ?@{%ﬁ%ﬂ”ﬁ %@’T%Xd‘% Eﬁ»#ﬂf?*ﬂ@éﬂﬂ%{jﬁgﬂﬁﬂﬂ 1@?
42 SWMABE L {15 4 3 AT R He A B DX AL 7 o A ) )

SR A ST 9 CAHDRNet 15 3 ik b 9 BT AT SR 23 B ER 5%, Yan 25 A (2020) (1 J5 1 Al
TR R TR EAT T HOAE. 386 7 4y B2, Sen Prabhakar SEARYT5 L SR AT UAT AU 2 I i2 5 0F
gt \ D01 B g B AR B 9 77 1 Kalantari 26 A1) M D52 (E 25 RAFAERR | 4055 2 R FEE 2R LY
BT W 4 AU JEF CNN g HDRNet L BRI 56T CNN 1 77 3k o T B R B ol
JrE Yan % A1 (2019) $E A AHDRNet Jrik.  JGIRAY T IERE ™ A A A 45 2R L (H 2 7E AL BEE A R
Yan 58 A0 (20200 1 77 15 DA & Prabhakar 48 AU i B DX s sl aod B¢ DX s 1 6 R RTINS S 86 Ty vk
W05, T AT HBG ARSI & AR AT BRI A9 07 A0 A4 Bk BR O 42 L 1 08 0 IR SR B 4R A AN g

BCEELT KK
R A

MALDREGH:  Sens A KalantariZE N WudE A" YanS§E A\ Yan A Prabhakar CAHDRNet  Z#[&(%
(2019)" (2020)™

]
(|

—2.0
i
UI

00 EV=

120 EV:
“)

EV

ARG FHDR 45 5

%ALDRIEH%

Bl 7 R A Kalantari £ 5 007 I EHRT 1 (1 55 50 45 52 L0 CZE 38 53K % 9 LDR @1%%‘)‘(73‘(2}5)?1?@ {0
R G S5 2R A LDR R Be. 15 03B 2 B 1A [R) J7 3k 45 SR 1 JOR K8 L B0
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HALDREZ AL 5 FHDR 4 R

HHHHHHHH
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HANLDREMRHE  Senfi A Kaldntmfr)\‘ Wué'%}\

Y—m#}\ Yﬂn%)\ Prabhakar CAHDRNet %% |§|

019" (2020)"

B8 R A Kalantari i 4" 0087 I 1] 14 7 41 1 552 56 45 AL He e CZ2 U0 43 WK LDR R A SC7 3% 7 4 310 Y
R G S5 2R A LDR BRI A5 QU323 7R T AN [ J5 2 45 2R B K DX b 80

564 bR 5
5L R L i AH B AR SCRT R R Ok R
% 7 Ab 1 50 S P ik e T A B A v T R 1 TG R R 1Y)
5. LR RAFERG A A (B 7 56 — 47 B4
oy KRB Can &l 7 55 AT BGRB8 2 KA
Wikizsh CnE 8 4 —47 R H0 AL & 1l B A 1
Pz sl ClnEl 8 55 47 BRI L A SCAT § s i Jr
AR NS 7 A TR DL RS VT T R A R AR
B JR  AH B LAt T 7 L AR SO VR AR I 5 R AR R X

A .
TEE 9 FIE] 10 1 A SCHERA 275 B B Tursun
g I T AR AR SCHE 7 YA I 25 Fl HDRI

—=0.7

&
i}
g

+15 EV=

EV=

AR M R (T HDR4S AL DRI{%& Sen

Jiik ATLLE M Sen A kS E B A EE

SO0 00 a1 R0 PR AR e, i WEEZ IR 9 DA 10 AR
FHNR LR, AT LR B Kalantari 58 AR 25 5L UK g
g 98 /0 O 52 AR 7 A 1 AR A AE X 78 T CNN
75 s, Wa 88 N J7 145 77 AR PR A8 X8R, 1T Yan
25N (2020) By J5 ¥ W 45 R ) 25 S BUEMG o B A 5
T JESEM. Yan 28 A (2019) AHDRNet J7 3% il Prab-
hakar 28 N\ {9 J7 15 BOOR RE 6% A6 0 56 WL A 45 21 . (1
28 B A TS SR A7 A 40 15 450 2R R £, % LAY [R] AL A
S E G EL 9 FEL 10 1 B g — F0 U1 B AR 1 AR SO
2 45 SR G T B RN R B Rk L R B T ER
Ji Gy P 0 € R TS

 ANAAVNAA
WFEFPIFE

Kalantari% A" Wus A"

Yan¥EA2019)" Yan’FA(2020)”" Prabhakar®$ A" CAHDRNet

B9 R [ Tursun &5 A i 808 5 o - Five” W0 i€ 1805 510 A4 AL Ho 48 CZ2 30 73 AU S LDR P4 AR SC i 6 3 e
J5 &5 R A1 LDR PGB, A7 MR o3 Jr 7R 1 A [l J5 36 485 2R i R0 DX LE 50

i)
3

+15 EV-

EV—

S FIHDRE

AL DRE{% #LDR E {5 5

Erooorers

Sen#)\ Kalanta rl#)\

Wu#)\ Ye n%f\(?()m Ya n%)\(2020> Pral hh kar% N (AHDR\I t

Bl 10 IR A Tursun S8 AW 1RO 4R v Lake” R BRUT 91 9 504k LU CZ2 0030 23 KUl LDR PR A SCh €6 98
S5 25 M LDR PR B, A7 0B 3 JEg 7R T A ] Jr v 45 R 9 JOR X 80

4.2.2  wEALTHAS

TGP A R O R B 2 SR R A AR SO
PSNR.SSIM #1 HDR-VDP-2 385347 7 2 1k
PO, bR S SR ANk 2 Frs. &5 R a] LI Y, Sen
% N1 Kalantari 8 N7 k3R B 2, L PSNR,
SSIM Fl HDR-VDP-2 {H#AK. iX F 2 & H R EA]
JTAE A R R X 2 51 R . Wu 48 AN 45
BAr HDR-VDP-2 {8 F LT Sen % A f1 Kalantari

2N\ {BAE PSNR Fi1 SSIM {H I £ MWK 2. Yan &
N (2019) g J7 38 3 foff O O B sk e T Y
28 T PSNR.SSIM f1 HDR-VDP-2 {fi. Yan %
AN (20200 By J5 5 B T EAROBERA A ik B2 SF- Y a)
Cin 18 7 #E 8 frn) . 7E PSNR, SSIM #1 HDR-
VDP-2 {H I R IBAR. AE R A b A SCRT $ 1 19 7
By Mk T OB R Uy % B fa . f/E PSNR, SSIM Al
HDR-VDP-2 455 F#00FA H AR K.
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Sge i — 2 ] BTMQI 1 NIQE Al £ 4~
TEAETES % 1) Tursun B4 4 ERYZ L PERE. H
. BTMQI 1 NIQE i A% 2 7 R o & 4
N Yan 55 A\ (2020) {975 15 A7 A 1o B )t 2R i ]
BEA BN B ARV M M SO TE 48 A Eogk 2
YT R EA s i) BTMQI A NIQE {6 (M3 2
M)t Ja — 2 AT DL ) 3 26 n] 33 B8 7E o b 45
K9 FIE 10 & H. Sen £ A Fil Kalantari 28 A\ HJ5
il T AR AOCR A B, WA 5 & BTMQI

(B ELA BB 1 R R 5 25 Ak B AT LA O Ay e {3 BR £
HRAE L X 28 5 vEAE NIQE {7 T 22 905 4. Wu 2§
NBITT 60 T 45 51 P /Y P 52 o) L B A A Ik
BTMQI {H. Yan & A\ (¥ J7 3 1 R FH i & 7 AL
PR T BB MROR BB BTMQI 4. A
S5 AT SR AT AL 201 40 R O L Tl L P o L
BN NIQE fH. 18 R %t b A 3y ¥k 1 45 R 16
BTMQI 1 NIQE {8 J5 i ¥ A% T e ARME 8 F 3
i 5 F oy k.

R2 AXFEERFAENEULRER(MEBFRTIREFNED
N Kalantari #4113 Tursun %4 g 045]
i PSNRy; # PSNR-M4A PSNR-LA SSIM-p, 4 SSIM-M4* SSIM-L4 HDRVDP-24 BTMQIYy NIQEYy
Sen & A\ [0 35.6275 30. 1273 34. 8588 0. 9798 0.9631 0. 9634 50. 8771 5.9428 3.6432
Kalantari Z& A [13] 39.4773 36.9541 40. 1358 0.9813 0. 9800 0. 9846 62.0245 5.8091 4.1064
Wu % A (HDRNet)[161 41, 6565 37.5783 40. 8854 0.9878 0.9812 0. 9865 60. 4955 5. 4886 4.1907
Yan 5 A (2019, 42. 2276 38.9626 40. 8572 0. 9899 0.9831 0. 9856 62.3119 5.4401 5.0251
AHDRNet)[1!

Yan % A (2020) 200 34. 9230 30. 1264 38.3637 0.9765 0.9705 0.9793 61.1673 6.1211 6.2512
Prabhakar 4& A [10] 40. 5210 36.5947 41. 0346 0.9771 0.9702 0. 9865 62.0005 5.2761 4. 0658
VNS 7 42.9120 39. 3412 41. 2798 0.9863 0. 9815 0.9775 63.9274 5.0252 3. 3040

4.3 HREAZE MSRH-Net .

T TR B EAS SC I ) CAHDRNet H 45
B CHLEE A] 27 2] FRAE R BU AR (LFE) B8t . CAFA
R |k BRE $2 (SOMBEHRL B 3 1 (SA) B H il 2 R
JEE % 2 b 4 (MSRHD A5 8 i A7 38501 FEAS 78 1 vp s AR
CEEE LT LR CAHDRNet 748 fA S #6177 5250 A% -

U-Net. U-Net J& B 5 &b B rp iy — Ffr 32 oz o9 265
ST FHE T — > U-Net 25 4 1 Jif 1 #5115 25 HE 22
A by 5 o IO 2, L v 4 ) 25 2 AS 1T I 5 1) AR A 2 B
i TRt DU A RS FUZ 41K

MSRH-Net. 3 T #E £ MSRH #5515 /) 4 st .
SCE A MSRH B84 T U-Net 4544 () i 5 25
BB st 44 MSRH-Net.

LFE-MSRH-Net. 2 T V¥4l 0] 2% > R AiF $2 B 4%
(LFE) B8 4 850t , SE 56 MSRH-Net H g K¢ fiE
PRI 2 Ry ] 2 ) R AE AR IER A B, Ay 44 O LFE-

U-Net MSRH-Net LFE-MSRH-Net

K11

AT CAHDRNet 748 4 fr 75 21 25 5 14 1 58

CA-MSRH-Net. CAFA J5 % J& 7 Sy f 1 % 57
Bk — 8 T PR R O R A s, S FE LFE-
MSRH-Net 1) %Al E5] AT CAFA #, v 4 N
CA-MSRH-Net #iH. {4 5% , %8 He n] DU by ot —
A B R BEER % 1) CAHDRNet [ 45.

SC-MSRH-Net. Jj T 1Al 7 & ) B8 i A3 3L
P, S2 B B T SC-MSRH-Net. 1% W 2% % 4 i Fi 4K
W SR, T & B4 7E CA-MSRH-Net F¥iN T
AT BRL 11 S R 2 15 3. 38 o R R AR R O B
CAHDRNet #E47XF . o7 PE A 30 & i A
R,

(1) Z RPEEFE 22 (b AL, S T 58 JIE A 3C i $2 1
(1) 22 RUBE 5% 25 /b 2 B A 80 28 30 U-Net
MSRH-Net #7525 Hode. i 11 w1 55 — 31 A
B F s, Wom T MSRH # 35 9 MSRH-Net

CAHDRNet

CA-MSRH-Net
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HROWIREE T IR E T, £ 3 P e fe b
i R  MSRH-Net fyPEREE T U-Net.

% 3 [ CAHDRNet Z{k 21 bb 35

(HERTREFHER
[ 2% 25 H4 PSNR-L 4 SSIM-L A HDR-VDP-2 4

U-Net 29.2127 0. 9306 48.2036
MSRH-Net 32.2042 0. 9428 53.4659
LFE-MSRH-Net 32. 2417 0.9478 55. 2365
CA-MSRH-Net 36.3721 0.9726 58. 6548
SC-MSRH-Net 38. 9949 0. 9860 60. 7726
CAHDRNet 41. 2798 0. 9881 63.9274

(2) ]2 2] B RRAE S ORE . an e 11 /28 — 41
S =0 Pros s M T RR AE 45 R S AT I 2R Y
MSRH-Net, LFE-MSRH-Net £ 2 [§: 00 5 J7 1 19 %%
BB B ERTE. R 3 i E b5 b5 £ B . LFE-
MSRH-Net [JPEREE F MSRH-Net.

(3) — PR IE Bl & B, CAFA BHUE A
3¢ CAHDRNet Hi CEEHL . 4n &l 11 7R, AH X T
MSRH-Net fl LFE-MSRH-Net , 3 3 7 45 1iF filt & 18
R A LDR EUZ A B R C— 8t , CA-MSRH-
Net A] LA 5T A %0 T B P52 . [a) B AL 11 19 26 37
R RLE AR SO R B CAFA 5 3E ARSI N 4
B = A th 5% . 45 % CAFA Xt F 4R AE R FE 9 B 7]
MALZE R G S W 3.2 W p iy 5. s Ak iR G 35 3
Ak F B A A, AT DL %€ 3] CA-MSRH-Net J %
T LFE-MSRH-Net B & 14> %0, X 3 B CAFA
A LA 85 T HDRT A RRAE il 2508

() B = e, B8k CA-MSRH-Net 1]
I B Bh 52 (B 02 B A 5 5 SRR 6 R 50 21 BB
) gl 11 rp 55 pa g vp TR 57 445 1 268D . A SC
£ CA-MSRH-Net 11y J i b 7 hn #k BR 3% 4 15 2
SC-MSRH-Net, X} Lt 45 5 7] LAt Bk R 3% 42 7]
DL S5 A TE B 018 2 S0 (LI 7 B 1 Bk BR 3%
R FRHA R P B, i 11 5958 15 B
7. BRI s AR SCHR T — AN 00 B 0 Ok i Bk
R 1 LA S A SO e & W 4% CAHDRNeet. i i
BROE BB AR SCAE f B Bk BR 3 2 0 o5 1 () B 9
NS AR 3 I AL R R A SO 4
) CAHDRNet HA5 H H Al A5 700 57 4 1) 4 R
4.4 CAFA SRR ER EFDREWLLE

G EAS SRR ) CAFA J7 2 194 S0k A&
/NTTKE CAFA 5 H H P Rl AT I 09 il A 5 2 AR B
#: 1 (Deformable Convolution) F1JE J&) 38 #: /E (Non-
local operation) #EA7%F H. F AR 15, A 15 5L 50 44
T AR 43 00 AT S T A5 FR AR R ER A
YER e 17 CAFA, IFAE AL 3 K AU #5925 19 114
AT T B 12 Hr R T AR EL A R 3R 4
R T AL LR VB 12 R i 45 SR v oe] LA
WS B o TE A7 7E 3K A A% DX 30 aa 18 X3 1) Bk ok 1
Yy A ST B B CAFA 1] DL 47 Hb 3 13 £ 5%
RS Y. 3R 4 PRI B E R B R
B A3 T AT A2 08 & BUREE Jm B 8 1E  CAFA Jr %
TEAL 3 HDRT AT: 55 75 11 2 A 554 19 14 RE.

—EE RS R

JE ) B R E AL A

BIESZ 2t e

Bl 12 o AN [R5 AR 45 D 8 10 B A L 57 J8 ) B R ok B Kalantard 308 567 e Bk 19 37 50

R4 TEAHEMEARNELLLER

FRAE @A 5 1 PSNR-L A SSIM-L.LA  HDR-VDP-2 4
A AR 4 A 33.4483 0. 9687 59. 5440
BT A 37.0070 0.9775 60. 7682
— SO R A 37. 4696 0.9792 62. 1308

LR S TR TEAE
4.5 MEEHRE

5 LS BB AR 5K PRS00 1 249 4 B 1) Sy
JEE AR U NS EEAS ) 7 5 1 52 BB O UL,

S A Kalantari ZCH6 425 o it 3 & 15 00 & Ry
512X512 Eg 3, IFAE CPU R85 R X 25 A~ 77 ik i
ATXF L. AN 5 FF7R , Sen 58 A (1) J5 ¥4 Ak 1 — 5K [
(IR 292 75 s, Horp e 2 i [ 48 B F 36 46 T
. Kalantari 17k S 80 /b ig 7 8 B 0
PR Yan %5 A (2019) 9 7 i HR T fRT 5 1) 99 45 0 )
BT R R I S BB BN SR B R W
N Yan 2 N (2020) B J5 36 3 R 7% S 8080
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R AT I A AL AR EE 2T L A SO R /Y O 3k
ANACECRE T DGR 25 2R ] s 7 I I8 3 #E T2 808
7 AR TS i AR R — S A SOTTIEN
o 2 R FE JL A AE T A 5 R A1 o 2 Bk
778 SO0 5 AT LA IE R R AR 2 72 BRSSO
¥ Ak B 8] I AN 2 f G AFL AT DL 5 78 22 4 Ab B
JLZ ) BEAT 73 A e B 4R s 17

RS FEXFESUEFAENELILEGEER

VRS f ) /s SR /M
Sen % A [30] 75. 44 —
Kalantari 2§ A [13] 0. 46 0.38
Wu 4 A\ [16) 5.14 33.21
Yan % A (2019)019] 1. 84 1.50
Yan %5 A (2020)[20] 2. 40 31.53
A s 3.90 21.13

T AR RN b i,

AR SCHRE T — B0 IR R Bh A 1
(CAHDRNet) 3 fif e 5l 25 3 55t 1) 5 20 25 3 BB 1%
7] R LA 55 5 AR SCBET T — Ff i 8 11 — S0 I
HEAE A 7 46, 38 3 78 LDR & 4% 8] SR ke EL A M IR -
I SCAF B DA R A BRI AT A T S o
B A LDR UG Z [8] 5% 1 56 &tk 4h , CAHDRNet
W T = AR B CAT 2 ) B AR 4R BURS L TE
FIBEEL DA K £ ROBE 3% 22 #b 2 880 DLtk — 25 2 &
PG il £ S0 k. AR S 3 52 56 2 P 0 AE 4 1 iE B
T A SC T 4R 19 CAHDRNet 732 {6 F & 56 i 1
HDRI J7 7k B 338 T4 T K BRPh 52 s R

AXBRERBE. A ML B T 2E
FAE A ISR RE A Bl g R BE R A B
FATE] 1R SO XISCHE AT R AE Bl A H 8% 2 19 R 1E
B e [ KN o B AR S 5 1 SR 32 BT R AR e
FL—F O 1 52 T IR Ry 30 IX 3. TR It 7 SR R A A

4.6 HMNEZWANYT RBEHA

g T k25 DAl I A S 2 B AT T R AR
FRIFE B FER G 3 5k A LDR EIZ B i &%
RELBEEREA T FZA LDR fi A 5 e ds € H
oA A G AE 225 ER 0R G AT 1 SO 5%
PIXE 55 AE S 25 AR W FRAE  d5c )5 6 X e R 0 T B
FROESEAT il A I A 0515 2/l & BHR. L3 B Sen
B LD IR EE A ARG 24
LDR K4l HDR IEfif B 8. 48 3CHE Sen Fl Tursun
Bt A L TR S A M 4. BTk g R an &l 13 iy
TN AR SCH 3 TR M 4% 42 i) HDR B & 5 2%
BEIG XS 55 I B A WS T 4075, DEAh AEARE B
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i B AR R HDR EHZ ELIE] 10 F %) HDR B 2
L A0 ST s 45 S T T e

(b)

B 13 IR A Tursun 58 A5 i B0ds 46 v Lake” P R 51 69 AL LU (26 MR 43 878 7 LDR IR A SCY € 3
Sb)5 25 R LDR BB Bk, A7 R 20 RE R T A [R] ¥ 235 51 A9 OOR IX 3 L 80

B AR R TR AL AT SR AT B 2D A ST R A DR A
RAE— L ARk, B Ak 85 G BB AT LA AR S0
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PG N A B A 1 1Y) B AR 56 2R 1 AL 4 i
5. P AR SO — 2B W WF5E 07 T (D) &
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Background

High Dynamic Range Imaging (HDRI) aims to recover a
High Dynamic Range (HDR) image by merging stacked Low
Dynamic Range (LLDR) images with different exposure levels.
which can benefit various multimedia applications. With decades
of studies, numerous promising approaches have been proposed
and achieved remarkable progress, especially the deep learning
based approaches, in which the LDR images are first mapped
into the feature space and the HDR image is obtained by
fusing the stacked high-level features.

Although impressive improvements have been achieved,
most of these networks strive to merge the features by stacked
convolutional operations without paying much attention to the
rich textural coherence across the LDR images. Primarily,
feature aggregation is widely used in CNN-based HDRI models
to fuse feature representations from multiple LDR images,
while almost all the existing HDRI networks only use simple
feature concatenation to put the features together and then
apply stacked convolution modules with local and fixed
respective fields to form more complex features. On one
hand, the simple concatenation makes rich contextual depend-
encies among the LDR images ignored. On the other hand. the
aggregated features are generated by learning from position-
corresponded regions in each image feature representation,
since the objects are moving, the position-corresponded areas
in each image always represent different contextual information,
thus bringing in ghosting artifacts in the final result.

Our motivation is to directly incorporate contextual
coherence into the feature aggregation and encourage it to

learn features from regions sharing the same contextual

information across input image features. We introduce a new
Coherence- Aware Feature Aggregation (CAFA) scheme to
enable such coherence-aware feature learning. During the
aggregation process, we first evaluate the contextual correlations
between image features and then generate new features by
sampling grids with the same or similar contextual information
across input images during convolutions. Our CAFA draws
closer to the respective fields with the same textural informa-
tion across LDR images so that the aggregated features are
expected to be explicitly fine-grained formed.

Furthermore, we propose a Coherence- Aware HDR
Network (CAHDRNet) incorporated with CAFA for HDRI
of dynamic scenes. To facilitate the incorporation of CAFA,
we construct our CAHDRNet by designing three additional
learnable modules, including a learnable feature extractor for
creating the solid foundation for applying the coherence
evaluation, a Multi-Scale Residual Hallucinating ( MSRH)
module for processing the aggregated features, and a soft
attention module for enhancing the desired features which are
complementary to the reference image during skip connection.
Extensive experiments are conducted to validate the effectiveness
of our proposed CAHDRNet, where our method demonstrates
superior performance over state-of-the-art (SOTA) methods.

This paper was supported in part by the National Natural
Science Foundation of China under Grant Nos. 62202104,
62102422, 62072109, and U1804263; and in part by the
Natural Science Foundation of Fujian Province under Grant

Nos. 2021J06013 and 2021J05129.



