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X5 AERK: Wei L Y and Sun B Y. 2022. The review of demosaicing methods for Bayer color filter array image. Journal of Image and Graphics,
27(09) :2683-2696 ( B =, FME 5. 2022. Bayer [ 51 18115 23 B 38 5o Bk 43k, b 6 B R IBJE 2% ik, 27(09) £ 2683-2696 ) [ DOI: 10. 11834/
jig. 211059 ]

Bayer (57| B Z XS ERHEFIA

N "‘1 l 2
BER ,AHEF
1. VHZR TR PR % SECF IR S= B, 5% 710048 5
2. P ERMABEVE L SR B MU 58 TR SR AR TS SR E L PR 710119

# E. Bayer FRFIEURE D FE i FAR RN H R AEEN Bayer FEFI EURIEIT RGB 15 B &, BUR & # i i & %
WA Y EE R R Z—, [ A AU AT 55 (A BR8N TR 72 A o, Bl IR 22 2T i
FITRIER ' B 2 T3 sa St 1 T At Re sk, A T (8 TR E A 1E T BIR 25 T 08 5 5010 1 i 2L
THFFEHE R | AR SCRHZ ST 28 SR IR B 2 S SR AT 2538 . 15 58X Bayer SRAE IS R ELANEMG L D38 s iR
BEATREIR . SRJE NI T kA AR G s RN TR B 2 3] 7 bR I SR A T S04 | IR AR I 2 S 28 S AT 55 2 5 B A il
SEE R TR BE S 3 T 1 R r R S B S AT 55 MR 2 S B S AT 55 W2, AT AN [] O 32 ) SR BRI s o0, A 3R
FEF IR 24 2 (0 25 D38 T8 7k () I 245 235 K 0 S A L, A 49 25 T 08 o A FH 19 2 2R 5000 46 M BB T AN 5 4, O
X G 2 T FE ST AR AT TR b, IS, PSRN 5 IR I I8 AR A S RS A T B BERR 2 5
FETL R A AP S AR R SR T ), BT, IR 2% 2 0 MR 5 S8 5 U7 vk B i W R S 5 ], (B AT SR 4
FEVI AR 5 SEBR R R EASTR AT IR, (R, Anfe) S & Hh o RS R v A BT ) 6 L R S R PR e 1 AR 2 9%
TEJT SRR AR Sk B TS ]

KA . S I T B8 50 ; Bayer RSN UG ; BMGALEE R 24 2 BRI 2 4% (CNN) 5 2534

The review of demosaicing methods for Bayer color filter array image

Wei Lingyun', Sun Bangyong' **
1. College of Printing, Packaging and Digital Media, Xi'an University of Technology, Xi'an 710048, China;
2. Key Laboratory of Spectral Imaging Technology, Xi'an Institute of Optics and Precision Mechanics ,
Chinese Academy of Sciences, Xi'an 710119, China

Abstract: The Bayer array image demosaicing technology is one of the essential parts in the digital image signal processing
process mechanism, which reconstructs the sparsely sampled Bayer array image into a completed RGB image. In terms of a
single-sensor image acquisition of Bayer color filter array, single color channel value is just recorded by the position of each
pixel. The other two color channels information needs to be reconstructed by the Bayer color filter array demosaicking tech-
nology. The reconstruction effect of qualified RGB information determines the accuracy of computer vision analysis like

image segmentation and face recognition. Deep learning based Bayer array image demosaicing technology has promoted more
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high-performance algorithms nowadays. To recognize the principle and development of image demosaicing algorithms, we
review some classic algorithms and analyze the key concepts. First, an overview is illustrated for the Bayer sampling array
and image demosaicing technology. Next, we divide the existing methods into two categories in accordance with traditional
methods and deep learning methods. The pros and cons of different methods are analyzed and the information transmission
issue of the learning-based demosaicing network is focused on. We introduce traditional demosaicing methods in brief based
on the basic principle, growth path and applications of the residual interpolation algorithms. Specifically, we divide the
learning-based methods into single demosaic algorithms and joint multi-task demosaic algorithms derived of the independ-
ence of the demosaicing task. Single demosaicing algorithms can be divided into three categories of those are two-stage dem-
osaicing network, three-stage demosaicing network, and end-to-end demosaicing network. Joint multi-task demosaic algo-
rithms are mostly based on end-to-end multiple networks structure like full convolution, residual, densely connected,
U-Net, feature pyramid, and generative adversarial network ( GAN). At the same time, we compare seven representative
methods to the two benched datasets of Kodak and McMaster, including three traditional methods and four deep learning
methods. In addition, we introduce common public datasets and performance evaluation metrics peak signal-to-noise ratio
(PSNR) and structural similarity in the field of demosaicing. Finally, we analyze the technical problems faced by the cur-
rent image demosaicing technology and the future development direction from the perspectives of its network depth, compu-
ting efficiency, and feasibility. Our experimental results show that the deep learning based method surpasses the traditional
methods in terms of objective quality evaluation indicators and subjective vision. We clarified that the highest PSNR value
of the learning-based methods on the Kodak dataset surpassed the traditional methods by 12.73 dB, and the highest PSNR
value of the learning-based methods on the McMaster dataset surpassed the traditional methods by 5. 10 dB. The traditional
method obtains the estimated value of the color image via the degradation model of the Bayer array image and some prior
information. However, some distortion issues appear in the clear edges and multi-textured areas of the reconstructed image,
such as color artifacts and checkerboard effects. Current deep learning methods have become the main development pros-
pects in the field of demosaicing. Although the reconstructed image of learning-based methods is more similar to the original
image than the traditional method on the visual effect and accuracy, it also has the problem of high computational cost and
poor practical applicability. It is challenged to guarantee the accuracy of network algorithms and reduce the computational
cost of the network both. Therefore, a high-performance and effective image demosaicing method has to be developed fur-
ther in terms of datasets option, network structure optimization, and improvement of computing efficiency.

Key words: demosaicking; Bayer array image; image processing; deep learning; convolutional neural network ( CNN) ;

review
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S FETE IR . X T RGB B AAHML UL, & 3E e K
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o JE o H AR AR A X RO R X 3%
. feil ARSI 1% 4 Bayer CFA ( Bayer,1976) ,
WE 1 (a) Fis , HAEZS [0 5040 LSRR R 210
SR PIRT, AN, 7E RGB AR 4Tk, S T iA
Bl E@E@?ﬁ%, W58 F B h H HA CFA : X-Trans
CFA(KE 1(b)) A1 RGBW CFA ( RGB-white CFA)
(B 1(e) ), IF48 Hh AR R 9 25 5 38 58 75 15 ( Rafinazari
H1 Dubois ,2014 ; Kang F11 Jung 2020 ; I 25 2021)
BT X RCRABE ST 1Y Bayer B30 5, B FH 25
Eh B a B AR B AR SRR AL, S0 58 A RTR
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(a) Bayer CFA

Bl1 RGB MUR&TER T 9 Z Fh CFA
Fig.1 Various CFAs in RGB imaging
((a) Bayer CFA; (b) X-Trans CFA; (¢) RGBW CFA)

(b) X-Trans CFA

(¢) RGBW CFA

B 2 Th B 5 7 W AFTE FLAL L BE RN, RIS 2R
SRR, DRI 25 Th R SO A I IR — B2 R A B
U AP [ AR 2 — . BFRE R, &
L8 vt )7 T KRB WAL G )7 B MR B 2] I ik W
Je, ABGEIT Ik E MR E RS AR B TR
AR | 2 B —E BN X AR R B A (H A T
TRRE T 2% o TREE 27 20 D7 B MR AR A R B ) s 4
YN Gr—FPIEMG T W25 | 22 2] Bayer (451 E{% 2R
IR 5e R RG] Y e 56 2, T A A28 1A B 1Y)
TEHMCENZ AR ), AR SCEZN] Bayer CFA 25
FESCSTIEGEAT M BTAN 43 M7, 26 o X IR BE 27 ) Ty ik
IR HEAT LSS A28, O 4 B 7 25 S 3 SO AT 55
FRAS HABA AT 55 PIAS Ty 1 A7 B3R

1 &% 5%

T 2% B 8 v SRR R B R TR BRI (B 25 (O
5, U B G 4R 46 {E ( Adams, 1995; Ramanath 45,
2002) ENMESG{E (Hou 1 Andrews,1978) X =1k
4 (Li A1 Randhawa, 2007 ) Fl =X B FE 5% 4 &
(Longere 55,2002 ) 45, 0, 22 4 {1 1% fa 5 H.28 %) 55
PR, {H 2200 1 38 30 B) A AR S A g g g, E A

ERZF AT O PIBERON AR SR BRI |, L
EA AR EG IR, J5k, Pekkucuksen
I Altunbasak (2010 ) % (8 22 i JEAT 2t $2 1 56 T
T B 19 TG [ B 55 7% ( gradient based threshold free,
GBTF) , F FH 4 22 B B 354507 ] B R, SR )5 AR
a5 18] AL, 4550k A A T7 10 Al T 1
BAEHATHRIE . GBTF BARTER WV 5 A — &
FEPE 5, (EAE E PP TP AT A B D32 SR
FRAEAML,

R REAR AL S (0 254 (12 22, Kiku 58 A (2013) 55
UE T 5% 2248 {H ( residual interpolation , RT) HAT & /)M
VRZE, AR ™ A B0 A F AR, AT 418t A Tk 22
ERY 2 D38 7%, AL, GBTF JrikptESE
S HER R AR ZE AR AR 2R, SE I S FR s R
A, Hoh 3R 22 R AR R R R BR RS
BARTHEZ M 22 H, WE 2 s, UIKE R B3R
) ESEXS G AR R AT AR, SRS T 5 S 0B B
(He 55 ,2013) X HIRAE RN A R A5 R M6 FoRAE 15
IR R A R, 5 H 5058 2% R - R, TR 5%
FZEREAT NG E, 753 Bk A5 25F 1, fe i i
R A A T HE R AR SR 28 R EIEE
LT GBTF, S A& RIS THAIRCRAN K AH 4 ) 1
P — FRINGR 2L BEE 1 A6, 40, Kiku 55 A
(2014) FE—2L % RT ZEAT e, 32 H /MBS fir
H75% 24 1 77 7% ( minimized-Laplacian residual inter-
polation, MLRI) , 1§ t XU AMARAE AT LAy HAT B0/ IME
R RE i ) PR S L A (B 45 2R . TR
FEJ51ET, 55 RIAA L, MLRI 75 297 548 31 R 38 1854
FIE R 5,8 B/ MEsR 22 hrS h TR A
e AR E A 7R 22 | SR 5 PS5 00 0 Al T RO 8GR (B AR
HATEHE,

> RS

R

G BB HIR
13
i
{iE1
%

>

HHI

o 2R MR

K2 BRI

Fig.2  Workflow of residual interpolation
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DL EEET RIME T, T HEE KA R
F B B R RAE, X T G BT R F 0 25 4
EJ7 1, NANBEFE 409240 G a5 5, JF H G 8
EHE AW IRZER S R A B @ Epy A,
X ), Ye A1 Ma (2015) $2 H 2 1R 5% 22 7
(iterative residual interpolation, IRI) , i i 1% 1t i 5
XF=IEIE N RL (HEE A G R EE, 25,
Monno %5 A (2015) 4t [ 38 M 5% 22 /i {H 7 1 (adap-
tive residual interpolation, ARI) , AN[f]F IRI( IRT X} 4&
A PEMEAZR R FHARTR] 2 AR, ART 381 1
B MER RS A ARUCEL, (R A R
WA EERRENEE,

2 RERIFE

FH TR EE 2 > A 59 2 B A 28 X 2% ( convolutional
neural networks, CNN) RE#EAT R HE B ER 7 2 TR
JEFRE DL R B4 (5 B, & 278 B 43 9 3% (Liu
45 2020a; 75 S AR 45, 2020) KM (R MNP 4,
2018 Jia 45,2021 ) Al L ALK (R 55F,2020; Wan

45,2021 ) AL AL FAT: 55 vh U2 T B I 45 2R
VEAER B TR BE 2% 2] (1 L B s vk R SR A,
FIF R B AR AT 28 1 5, AW ) 38 o 5]
185 Ik R Z ] (R B St G 2% | DA T R A B s
ZACRE SR 1 R AR B R B, 514t
JrFAR L BT IR 2% ) (1 5 B 38 5o Jy vk H @ BIA
g = | il 7 o e e o N o o =S VR A T 7
AR R SR 1R 2 R U 2 B AR
(EEWIR7 R

WA 3 PR, # B L D3 s AT 55 iy b v 2 T
TRIE 77 2] (77 12 AT KRBy ST 26 B 3% s AT 55 Flik
B HAB AT 55 W £ B3 AT 55 phior KB3R5
Jridirh A8y ki e S SR S TR R 2
SRIG R 22 2] BN S B AL 58 5 D38 s i A
17 R G 5 A7 28 5 v 2 i 3 i IO 2% ) BV X6 25 0
(14 1 8 5 [R5 B He i o A R, s R D3R
1155, FE % 8 Bayer (431 FIME A0 R FE R AR MR A
I SERRAE R 4R T K MR R L E A
WG Jr ik, UL K RGO 7 PR A 5 B3R e i Ik
A FRTT

|2 iR I T 37k |
|

| =W

B | sEpmpIL |

TR S B
FRIE ML

SR

U-Net k4%

FHIE G EE 45

A T2

| B2 AL E 5
| |
| ey 22 T g2z | ey 55 T B SA
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i e AR
AR

B3 JETIREE I L SR ITE R

Fig.3 The classification of deep learning demosaicing method
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BT s 3 3 7 =X
2,11 MBrBik SR

Tan ¢ A (2017) $2 4 CDM-CNN ( color demosa-
icking-CNN) , B 5c FH WL ME 3 {5 A= i Bayer B4 51 €]
B ERRAR R SRS R 2 B3 5E CNN Ok
PRI G imiE IR G liE R 5| S Bk &
R ORI B, G, RUEMESE A (2020) 42 4
AL PR F 26 3647 B P B B %, Tan 55
A (2020) #R¥E Bayer CFA B3 45 15, >R A [R] 1 4 F
TEFR UM 483545 R .G B — 38 1 MR 2 Rk Ja R AT
FROERLS N3 2 &/ R .G B HEE K, AR5
HATRAIE RS 38 5 i RGB 2R (A 1A, 58 KR &
. Tan %N (2018 ) AR AN 1] 1115 1) 52 e AR i, ]
FHHE BEAS TE AU AEARE 5 X5 Bayer M3 K847 (A
J5 T AR TR AT R A I A X — ik
G P R ROHLRE IR I 25 T 3 B8 24K,
3 A E AR U Pl TR VE A I A ) 22
PRI

PR B 2 Sy 38 5 Jy AR SOR B T AR G B AE
(R A ek b A B 28 T 2 A T OGS S B Y &
2] GBS I AR L PEREAS B — 2 R T, WA 15 M
Lt ( peak signal to noise ratio, PSNR) AR MAE R =
B, RIS, 53 PR B B 2 5 38 5w Jy VA AR Bayer
W5 1) s B S A 0 o A PR A R A R 83 TR
[] (14 W 268 AT S 5005 > S RA B X0 1 b A7
HEE AR EMPEA SR, B, B4Rl
PRI B 2 E 3 o I 2% AR AT 8503, R 38 43 1) TR 45
fE ANAFAE—E 4R TF =S 0], oAb, KA 7 W [ Be i) 7
PR EAE iR AL, vl s 2 M 25 ta e B Tl
Yo (RSB 30 (R0 ok A 1R 22 Wl 25 N
S S 4527 2T (R 52 NS 0 I 28 1 R RE T o
2.1.2 =BBRogER

Cui 55 A (2018) 7047 T R .G B =38 i Z [A] f
FHOCHE  F5 it R .G B =38 38 PO 9 2 [A] 5 A AN R R B
MAHOCHE, H G i 5 R B il A & aYAH S
PE B =B Bt (3-stage) X B FE Tk, MTEE
SEMH ARG B AN 4T E G A, PR
G & &% R B BB P #E175] % EE R B
Wil e A e R RGB =i EMG , s
L 482 v AR | [A] AF iz P 46 R 428 o) 44 A 55k
P EAG R 1E, B S, Wang 45 A (2021b) 8
3-stage MIWILRALANSEI0(E B RS A AT R0, ik

BUIA) T, FE G 3-stage Y25 T 3% o0 SRR 1Y) [RI B, 44
AR =P BOR B P 2% (new three-stage deep
convolutional network , NTSDCN) ¥ =% FH 7 -7 17 e
AR R RRECZ R Jr PR A 22 2 2] B RV R T R ALE
$EIO7 IR BT R 5 | 507 20, RN RS
IAMRAIA RS G BURERAE R, H2%0r
VE MR SR B, S HCCR R, S B0 TR AR
1R, TR SE BRIV 7 T AR — 5 R

Niu F1 Ouyang (2020 ) £ XF G 1E 58 2= B 38 i
FEATRIE 27 2 MZE A A2, AN 3-stage 57 Hp i [R] B
AW SEE A K IEL G 2 B T PR A IR
JE27 2] W28 03 il Ry = B R R 4, S [) T HoAl
T3 V18 i R R 2 MR AR E R 22 R 2 S
PRl E ) S 20 R S e i 8 R 255 A
T2 E AT E A, e e A
HEHY Bayer R IR SRAE(E, A5 L BRI 4
MK Gl iE I3kt R-G Fl B-G (422, i)
MR 2253 I B R 1B, 15 540 RGB &, 1%
TIEFE I T G B i 30 T A S e, O HL Rl s
SEVIZRRIIFATA T, Triyama %8 A (2021) X = B B
RS HEAT T Bt 8 R] Y AH S AT A A
IR RS G M Al T R-G 1 G-B 221
() IS, 07 A JR s i A A R 0 B (2, 2 38 v # A
I, DT AT LA S Y e, 000 80 3R 3 % IX 3 1Y)

EAM, Kim 26 A (2020 ) % &2 Bayer CFA A9 /5
B R A5, by B8 e OO 28 PR RE A1 G B AT B R
PR T — LT B 38 N 2 SR I A A R A
JRy AL BT 1Y 2 B BE T I 4 e B AR i
PO 268 A5 1 A 3 R AR R TE S x 5 YT
I rpov Ry A S EAT H 0, i 0 FH 4 ) 240 Ak 5
TTHH ARG R T, SR ERA EEN LY
FELEE,

=B B 3E vw W 2% B B iR L 7R
PRL G L DFE s AL A BE AL b BT X RS2 50T
51 @22 AT 7555 07 T AT ek, 5803
R P30 30 ) 8 AR DG | B BB Ry A 1) LR AR AIE  fif
HAE B O B R R M EMR I G, AR
1M, TEVERESE T B[R] B, 19X 268 45 14 o AH I T | A7
I ] AR I, S BOUE AR A BN S BRI
2.1.3 i ) S AR 22 0 2%

Wit A A AU 28 0 28 45 K 110 i T | 22 ol 1) T 4%
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SR N F) F: BB vw b, Q0 A AUME S (Syu 4,
2018) 4% 22 M 4% ( residual neural network , ResNet )
( Kokkinos Al Lefkimmiatis, 2018 ; Verma %5, 2020;
Zhang %, 2019 ) | %5 4 % 32 N 4% ( Park Al Jeong,
2018,2019) , U-Net %% ( Kang %,2019; Wang %,
2021a) JRHF 4 IS 2% (Mei 45,2020 ) F14= it
W 2% ( generative adversarial network, GAN) ( Zhao
4 2019 ; Luo Fll Wang,2020) 25 | 5 #14: fE 1447 A [F]
FERERYHRTT SR, AT 47 R BOR 1 22 11 iy 28] i ) 4%
A T T Aok 3 o o 26 R B i T R R R 2 T
SRR S I TA) A B 5200, 2R 58 o0 AT RE 5
A S AN

1) i ABFUES , Syu 5 A (2018) 4331152 1%
AT HER A SRCNN ( super-resolution CNN) ( Dong
4% ,2014) 1 VDSR ( very deep super-resolution) ( Kim
4,2016) 19 )3 &, #& Hf T DMCNN ( demosaicing
CNN) F1 DMCNN-VD ( DMCNN-very deep) . #l[El 4

(a) itz ,DMCNN 5 SRCNN 2540, i1 3 &2 HE
BMAL, 25 1 )2 R F 4 U2, SR BURIR 1R 2 R 1E
52 JZ AR PEBLT R 2% > Bayer MRS K4 3] 58
# RGB BUR Z R AEL ML R 56 3 2 N T
2, AR E A gAY RGB KR, 3 N E
T 9 x9 x128 1 x1 x64 5 x5 x3, R4
DMCNN SEBR T i 1) 3t 1) 2% > 7 X, (2 B FIZ R 4%
A AT TR R IR TR B 2 I BB ) il
Syu % A (2018) #2117 DMCNN-VD, 4N 4 (b) it
7, DMCNN-VD H 20 JZ2 i, B2 8 & B2 it
I —1k (Toffe Fl Szegedy ,2015 ) FNAAHLHE LRI LN
FAITITE PR (scaled exponential linear units, SELU)
(Klambauer 55,2017 , [RIH, 2 1 B 146 BE I 2%
Tofs FEEFR HE )L SR I T 3% 252 > R 3k B by
W SGH BE . DMCNN HI DMCNN-VD J2 % i 3] 35 At
SR EFRAT S5 BRI A 24, F B T ot ) i 45 AR
2 AR RIAE 2 T 38 i AT 55 TP A s

l#s%ur I i‘ttgrﬂj it

D—

A

SELU @ #Z5eFAHMI

(a) DMCNN

(b) DMCNN-VD

14 DMCNN Hl DMCNN-VD 1 (4% 4544
Fig.4 The network architecture of DMCNN and DMCNN-VD( (a) DMCNN; (b) DMCNN-VD)

2) BRI TR IR URBAZ R, BRI
RS Bk AR (1) F A R A, (ELR
LRI SEE R, AN G, T R BT 2% ot 3 4
YERRGE, M B AL PG SR it o T G Rt
PR IR N SGH | He %5 A (2016) $2 H 7% 22 M
2REEH R S () BT, BUJE  BFOE B R iR 22 45445
AF| £ B FETIAT 4%, Kokkinos F1 Lefkimmiatis ( 2018)
PEH AR X HES R 2= e 48 H RV e A/ NIl
GRAREE RIS B b A B | 26 S8 D
ER I 2% v B 2 BB i 3 /0 RIOR 4R TR B B

(residual non-local attention network , RNAN) , il i %
JEAG R [B] 8 42 R AR SR AR IR Sy R ARAIE , 1E— 23
SRIIZE N FRIBRET], Verma 55 A (2020) 42 H KA F5%
7 (ResNet-bottleneck ) P45 L FH 1) 2 € v 155 H,
K5 (b) iz, P28 A4 10 A5k 2e e 5k 22 Bt A
i RS2 256 ANIEIE , A RHE EGRE AU E R o4,
FAEFRZELEA LR b, 3 HDR S A IR M2 th T
SRR A Gy, 0 0 2 HAT ARG o A
SR ZM ARG IS B A SRR, 25,
RUBFEFIAIERR(2021) BTt Tﬁ%ﬁ:ﬁjﬂﬁﬁ% il

Zhang 55 N (2019) #2 th 3% 22 4E R d8 1 = 1 W 4% T RAIEEIZ T AE DG ERIREE B P s TR DGV
3 =S5
3x3E ] 1x 1B
1 9%%1;%' I ReLU ® LM
64 64 64—64—256
(a) ResNet (b) ResNet-bottleneck

K5 BR2EE MR ESR 2% M 2
Fig.5 The architecture of ResNet and ResNet-bottleneck network ( (a) ResNet; (b) ResNet-bottleneck )
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3) WA M 4, BT A B N 25 25 4
SR B B RS AR AE [, R FE o R #) - —25 L
AN AR ZEFE(E B, R, Huang 5 A (2017 ) $2
FAEE LG WNE 6(a) Fias  FEM L A2 EH
J2 0 AR W T A 2 B A O AR 45 B
KR B > T S50 A T 44 1)
LAY HE R, Bl , Park F1 Jeong (2018 ) 42 M %%
PR DT ML WE 6 (b) B as, M4 4045
15 MRS B AR G (1T 6 5

) M (R 1 x 1 BRZ) Ak, B ERZE
B, AT 580 A — 2 RS B AR T
B, 6L 0 iR E R R EH)Z (Shi 5,
2016) A R MR . 32 I 45 AN T L) A 47 (i T Ak
B ] Fof ok 8 B mT A R AR AR, TR A R N
L, H Uk, EENE T S, Z 5, Park Fl Jeong
(2019) 5 H1 25 52 1% 422 ) 4% Z0 W 1 0 6 2= R E 1)
FH B2 85 S e R 25 W 2% 9 SR I 2% 5 5% 2%
GERA LA G RS T N2 AR

|%$H %ttiﬂj%t ReLU st%ﬂ{ lel%ﬂ{ [qu@;%}n&{a

{1444- m

Y "E
G Iﬂ&
%' i i i i 144+ l I T

(a) TERLEHINL,

(b) BEEREHE L PR LS

N SeEi Rk SUR VS E S E

Fig.6 The architecture of densely connected network and densely connected demosaicing network

((a)densely connected network ; (b) densely connected demosaicing network )

4)U-Net M4 U-Net #4] Hi Ronneberger 55 A\
(2015) 4 3 I T R 20 BT 55, Hols 2 ROE Y
FRAERL A E—E , RS AL BT A/ MG, B 5%
U RTEPE. G 7 (a) Fit7s, U-Net LA G A% de—/if
T 28 A A K L 4 PR B R IE S A B BB |, PR R
TEHEA TR 38 S5 75 2 045 B, S5 A8 17 B0 HLAA 20,
AR ML ST 25 5 28 5 AT 55, Kang 55 A (2019) £2 13
— PR TR IE R W2 R 2 B AHER & 1 &
v R U-Net Z5H 3R I RUBE 2 2 IR
REAE, 5 T AGHE VE AL X 37 5 i Ak
AT B3 R PR M 4% R J) . J5 K, Zhou
ZE N (2018b) #5 i U-Net 4% #4 ( Ronneberger %5 A,
2015) HPA: A I A s AR R B R BRI 2
G | S

HLHEEE

AR ZHIEHR

—T—

(a) U-Net

IR G

JryERARFAE. | TR AT S5 J A2 B R A R B ) AR B 42
A AR, QAR 22 R R I Ry R E 5 4 e
TR G, SR ML MR . B, S T
N 2Z51, Zhou 5§ N (2018b) #&1H T U-Net ++, 4Nl
Kl 7(b) i, #E U-Net 549 h B e S 2 1
HOM TR TR EE BN ER)Z, KRG HRE
T B B AL 7] Asf PC A U R B SR WS ol D 2% T
EEBIRL, 5 U-Net LG, U-Net ++ T 16%
2 505, kS B 15 8 8 K2 T, Wang % A
(2021a) X} U-Net ++ #E47 8k, B FH 230 153 %
RS FLR R AN SR UG TN 8
B Z AR T REEEAE , B8R PSNR A, (HEE #
UG B Dhs2 il Aty WP B

S SEL

(b) U-Net ++

7 U-Net #l U-Net ++ (W25
Fig.7 The architecture of U-Net and U-Net ++ ( (a) U-Net;(b) U-Net ++ )
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5) FHIESFIE ML . Mei 55 A (2020) $21H 45
PR M 45 W 22 RO A AE 4R U 205 1 7 T AL
A b fTE A, T4 R R Y AR AP R 4 AR
FERFAE XN OCZR [T 2 00 2 v i 4 2 1 T T A
B — A3 FH A R A, T DL SR 3 b 4 B 2
WL REZL

6) A= X HT I 45, AR B T I 2% ( Goodfellow
45,2014 ) 78 EUR A g0 2 I e b, i e 22 (1) e
T 2R GAN IRk g iz H T BHMR 5 B 380
G, AR b B e i A RIR . Zhao 55 A (2019)
W5 U-Net 1 2R s , [l bR AR il i 22 1 1 g Bt
BRI — o PR m A EE R FE & . Luo A Wang
(2020 ) K U-Net VE R 2E i #5452 B2 5k 22 I 45 4 Ky
W a  HEATAC R I 2k, 15 30 0 25 A5 70 | B el (A% ]
DUEER I hf AR % s 55 N (2021 ) ) FH A B
XL I 28 235 I 45 45 % pRBIOG i 2 ) MG R s B
(IRE ST, BT+ 45 S R PEfE
2.2 BEEDRRES

FoME 25 I FE TR o BER YR A SR R
ARFRIT AR R A R L R 2SR ) Bayer [
I EUR AT 25 38 sa Ab 10 | o 2 IR0 4% S0 M s i L
YEA G Rt 7242, R ECE SRR A AR
I, A58 8 R 25 Eh 38 i 5 MR I & Ab B T
W T R 35 9 2% % Bayer [ 3 4% 52 IR — YR 1
FE, IO R AR A B A5
{EET X PEA TR K WA,

2.2.1  REFEFIAE RS 5

1) A FMES . Gharbi 55 A (2016) R HI2E
&l SRCNN( Dong 25,2014 ) f [ 4% 45 #4) , # 37, Bayer
MES EUR S 52 35 B EMR Z R AR R B R
HUCK BB 2 N 4532 T EG L D I L T
55 AHHZ BT, A G A9 3 — e B R
o (R T 2 e I i B AR R R A, O
FLBE T A PR 265 7 i R PEROR ST O T AN R, St
BNAME, Prakash 55 A\ (2017 ) LR o] 50 B 45 1
AT B R 2 (H TR Y EARA A —
IR ZE RN .

2) 5% 2= M 4%, Huang 55 A (2018 ) 4 TR B 5k 22
] PR A 5% 2278 4 ( Xie %5 ,2017) B9/ 0 T
A 2D FE e AN R AT 55 4 B A D SRR e
ML R T MK T 36 MERZE, HNFE
HUE A G [R] B A AN T 200, 341, Kokkinos Fl

Lefkimmiatis (2019 ) 2 1 LLIEAC ) 5 2 HEF) 5% 22 W)
2% BEAE AT ROR] 4 B3 (0 R AR, 4 i 0 2% K GK B
J1o Guo FE A (2020) £ X AR, B Inception —
ResNet Z5#4 ( Szegedy 45,2017 ) #E47 20k, 15 21 5% &
217 Inception gk, N H BB 22 Mg A T
D 5 0 T R O RTT B RR 42 S2 8, BE 8 AT A3k
SRR BT LLOR B B 2 A R ANy, BEUS
Xing fl Egiazarian (2021 ) 75 5% 22 W 2 () F i 151 A
TR TE TR L] WIS AR Y ERCR

3) B4, Din %A (2020 ) 42 H % 4R
BRI LR ST 2 R SO L (B2 T X 3R
M P SR IR [, 5 B2 MR 1Y 2 SR A 8 1
. Qian 55 A (2021) 41 i FH %5 45 1% 45 5% 22 W 2% 3F
112 3 50 WA 73 BRI A AT 55, Hokr 2%
RN AP Sk AT RS A PR AT R S
FETC AL T LA K S B ve s [ s f 2s L 3
SOAT 55 S o HER I R

4) HABRI 4% . Dong %5 A (2018 ) 472 i —Fl iy 2
Ui LT GAN (IR 25 Eh 38 s Mg R 2 5 HLhw ]
A BN I R AR BT R4 2R pR BRI 1] e X 4%
AR PG 0 % i JoT gt il o PR T 4 e
BRPEME . Liu 55 A (2020b) 48 % i 07 & T A
FUGA I 2 T ] — 20 28, 10 7% 1 R Y B AR I 25
IR M R DRI B e RO Y 5 | O e —%
[N GREI R AR A S R B Sy R L B C < I W E B IV
b 3 UGS [R]J2 U B RRAE , J ARG B2 B MERf . Park
SN (2020) $i i — By X A~ 18 22 BRI
Gr, vl T A [R] e R K 9 22 0 TR AR S
W%, Sharif & A (2021 ) iz FHRJE T & 1AL A
23 [A) R R BILTR 5 DA R (2 48 2 I ) Ak
AR5 2 W1 38 A B 2 | 4 e o AR SRR
it
2.2.2  KEFETORE RIS AT

25 EL W 245 (4 TA IR R 22 R R A ]
f) Bayer FEF KIS T RAE R RSF B9 DU i RGGB
K&, F B PR AR RS 40 25, [RIY  RGB
AR 7 A5 L TC R PRI, R, 273 it of 2
LhFE e MU o3 B HEAT IR S AL B, LA ROk B 1R 4
RN PSR I A= R S

Zhang %5 A\ (2018) & 4 FH 4 Ry 5k 22 45 2= >
EUGRRHIE , 75 I 26 1 2K v 1 0% 3K 47 {8 5% 20 88 4
BEAR, Zhou 55 N (2018a) H % i HI % 22 M 45 77~
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AR 53 B3 10 [ 47) P A 380 68 o s 43 9 23 PRI ) e S
KF o XufFA(2020) $2 H} Tl 5 5 3E 5 /2% (pre-
demosaicing network , PDNet ) Fl1 5% 22 % 45 [& 45 % 2%
(residual-dense squeeze-and-excitation networks, RD-
SEN) FYZIEK ¥ 2% | 15 55K RI 46 5153 2 19 RGB &
e HPR, 5 PDNet 1529 45 R #E47 5k 2, 15
F A Y 2 S8 T4 R SR A RDSEN 27 2] h
] 25 Eh 38 we 45 R M S % R BB 56 & O B AT
RSSITY Lo

3 X I

3.1 HHEEMITMIERR

TEG £ D3 s AR 55, W IR B S
WED ( Waterloo exploration database ) %4} J%£ . Image-
Net ,DIV2K ( DIVerse 2K resolution high quality ima-
ges) Fl Flicki2K, WED ¥ 2 41 & 4 744 1§ K [F]
Y s B R R . ImageNet 52 HEHEA 11K
BN 5 R BB P2, A% 1000 F S8 ] i X G 4
LAY 13 7 iR B R, W K R R 6] 37 B R4
DIV2K {2, &% 1 000 i 2 K 43 BF 5 (1 & 7% K,
Flicki2K £572 650 M 2 K A9 55 3 P 8 0 38
£ F A Kodak Fl McMaster (IMAX) ., Kodak %% 45
bl 24 1 765 x 512 SRR M IEE, LIS K
ZE KM RS . McMaster 155 18 15 M 55 53 HE %
FUG HhE8T H 1 R/INR 500 x 500 1R ZE RGN
FREUENT RN,

i FHUAE A5 5% 1L ( PSNR ) 45 #49 # AL BE ( struc-
tural similarity index, SSIM ) YE AT F845, PSNR
BIELMR R L M i d R 5 A R Y 22
5. SSIM =2 Al it H A [R5 5 et iR (KR 22 8] (4 AH
UIFESE . PSNR A SSIM F{E K, 357 Fh st Jo o
U, Dy RE LS
3.2 KBERS5HMN

SEESTE Kodak A McMaster P JE7ES0HE 4
HEAT 6 BAA AR WL PE A (A ( Hou Fl Andrews,
1978) .RI( Kiku %§,2013) . ARI( Monno %,2015) 55
{54577 15 F1 CDM-CNN ( Tan 45,2017 ) | 3-stage ( Cui
4%,2018) . NTSDCN ( Wang %5, 2021b ) | U-Net ++
(Wang 45 ,2021a) &5 ML PR BE 2% 3] J7 itk AT PEA
PRIEZS P IR 7 R — e BT JF Bk
TR W31 CPU kAT,

3.2.1  EMIFAM L5645

F1AFE2 45512 T F Tk TE Kodak il
McMaster ZE 4 FAGPERE LS, 3 JE I R] Y
P, LA M o 1) KR53 5L TR B2 2% ) 7 i ik
JER B ARG i . FE Kodak BUHE4E I IR 2%
ks BE B =AY CDM-CNN #Y PSNR H A48 )5
Km0 ARL &5 H 2,72 dB, [RI A G ART B B[]
WA, %45 BT, CDM-CNN 77 58 0 I H T
RGB =38 iff 1] A A0 O LA K 245 R0 8 R FE R,
2) RN LA {8 7 125 0% B ) B A B /), {H o A 0UR A
2 XFT U-Net ++ J7i, RIRAEE I CDM-CNN 7£
PSS E S £ 534K 0. 62 dB F11.27 dB,{HTE
CPU LAy D) ] £ 55 1 90. 71% 247, SES ik
B, U-Net ++ ZEXG B0 B2 FIA [H) BUAS 1 B8 S 30 A 47 1)
A

£ 1 FEEEE Kodak $iE%E FAMEERT L
Table 1 Comparison of performance for different

algorithms on the Kodak dataset

(IRFS PSNR/dB  SSIM
A {1 ( Hou FI Andrews ,1978) 29. 45 0. 890
RI(Kiku % ,2013) 37. 88 0.979
ARI( Monno 4 ,2015) 39.21 0. 981
CDM-CNN( Tan % ,2017) 41.93 0. 988
3-stage( Cui %,2018) 40. 63 0. 986
NTSDCN ( Wang %5 ,2021b) 37.25 0. 988
U-Net ++ (Wang % ,2021a) 41.31 0. 987

T IR R R R 44 5 B A2

R2 AEERTE McMaster {15 ERYMHEREXTLE
Table 2 Comparison of performance for different

algorithms on the McMaster dataset

N7 PSNR/dB  SSIM
XU PEAFAL (Hou #1 Andrews,1978) 34. 26 0. 962
RI( Kiku % ,2013) 36. 49 0. 962
ARI( Monno % 2015) 37. 46 0. 966
CDM-CNN( Tan % ,2017) 38.98 0.972
3-stage ( Cui % ,2018) 38.85 0.973
NTSDCN( Wang % ,2021b) 34. 40 0.971
U-Net ++ ( Wang % ,2021a) 37.71 0. 965

TE O AR R 2% 91 Bl 4
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*£3 AFEEX7E Kodak 1 McMaster
HHEEE K B E B L B
Table 3 Comparison of test time for different algorithms on
Kodak and McMaster datasets

/s
Ak Kodak McMaster i [d]
?i%ﬁ;ﬁﬁdwws 1978) 16.3  9.69 25.99
RI( Kiku %,2013) 37.1  20.4 57.5
ARI( Monno % ,2015) 739.1 338.9 1078
CDM-CNN( Tan % ,2017) 277.0  126.8 403. 8
3-stage ( Cui % ,2018) 675.7 310.9 986. 6
NTSDCN( Wang 2§ ,2021b) 440.0 210.7 650.7
U-Net ++ (Wang % ,2021a) 27.4  10.1 37.5

TE O P AR SR R TR I 27 20 7 A8 9 e L 46

(a) J5E

() CDM-CNN

1

(b) ML EAE (¢) RI

3.2.2  EMIFM LR

X T BR 2 T 38 ST 55 ok i, e K Pk RO= 7E
SCHE A AR L I DO &1 8 AR 9 4l
JETE Kodak 2 1 & Al McMaster 5 8 I _EASFE J7 s
HAFORB R AR K, W LUE 1 &5 07 5
ARG AR L BE RN, TR 2% 2 T B 1 i
Zhe, BI# & PSNR # X NTSDCN ( Wang 5§,
2021b) VLB A AN 5, S TR A Y A

4 #& &
PR 3 PR ST R HLIL I S A 1 1R

ARPRAT 55 2 — U PR 2328 | H Rk I AT 55 1 2
it AL SRR L DA Tk A RMR A7 e B

(d) ARI

(f) 3-stage (g) NTSDCN (h) U-Net ++

P18 Kodak b AN[F] 5 i ot PR A Jm) i R 14

Fig.8 The partial enlarged view of the reconstructed image with different methods on Kodak
((a) original image; (b) bilinear; (¢) RI; (d) ARI; (e) CDM-CNN; (f) 3-stage; (g) NTSDCN; (h) U-Net ++ )

(¢) CDM-CNN

(f) 3-stage

(2) NTSDCN (h) U-Net ++

El9  McMaster AN [ Jy i 25 8 RIS JR s i R 1]

Fig.9 The partial enlarged view of the reconstructed image with different methods on McMaster
((a) original image; (b) bilinear; (¢) RI; (d) ARI; (e) CDM-CNN; (f) 3-stage; (g) NTSDCN; (h) U-Net ++ )
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GO HrBERUN AL AR50 A B G, B TR
MJTER DB AT S NI R0 T 2R I R
EEHAE A RRT . AR SCEEXS Bayer F531 K15HY
FOFE R AT G IR T SR D ik i
A JFEHRANR 2 254, F i T OS]y vk 1 B PR R
SRS A HTIERA TR B 2% ) O VA AR T HERS T
R KB 3 58 7 1 , AEATY A7 A 5F [i) B A v Rz FH
PEANGR S (]

FRAE B AT ORI 5E 5 1 AN 9 JEL I, A SCxf 3 F
TRIE- )11 Bayer PRSI MG 2 T 38 i 1 AR 1 F fif e
[ ANAIEE 7 Il AT R B 1) T IR 2% > ik
iof B N GRS i B 4 TR ARSI
(), AR SE K B A% i TR R I i, (L5 £
g KBRS TR R, I, 7R 4%
SER A RIS, R T AR 5 B AE N, Aol P 1
AR AR e R R L B AT 55— K
ik ;2) 76D A Y R AR AE 5 1 25 4 25 A K
B, 25 5 1 B 9 2 | i s AN AR BB AL R
1585, T LAEA TRERIYI SRR | N7 3 3 EMGRRAIE 5 1Y
BAsE P m R A AL RE 15 3) T oY TAE R
A RGE LM IE bR, A RGN FE I HLH]
{541 NTSDCN ( Wang 45,2021 ) REAS SAF AR 47 AL 58
Ji, {HJ& PSNR Ay, FERRIPEM AT, W45 & 3%
MERFRZE BT 14) 250K D3 T kAU I
22 THT P AR R 5 R R B i i 5
FEI SRR 25 5 1) R 25 8 5 5 S Jm B oY
FmZ—,
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