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(MSFA) to collect the spatial and spectral information of multispectral images has become a research hotspot.
The uses of the original data are limited because of its low sampling rate and strong spectral inter-correlation
for reconstruction. Therefore, we propose a multi-branch attention residual network model for spatial-spec-
tral association based on an 8-band 4 x 4 MSFA with all-pass bands. First, the multi-branch model was used
to learn the image features after interpolation in each band; second, the feature information of the eight bands
and the all-pass band were united by the spatial channel attention model designed in this paper, and the ap-
plication of multi-layer convolution and the convolutional attention module and the use of residual compens-
ation effectively compensated the color difference of each band and enriched the edge texture-related feature
information. Finally, the preliminary interpolated full-pass band and the rest of the band feature information
were used for feature learning of the spatial and spectral correlations of multispectral images through resid-
ual dense blocks without batch normalization to match the spectral information of each band. Experimental
results show that the peak signal-to-noise ratio, structural similarity, and spectral angular similarity of the test
image under the D65 light source outperform the state-of-the-art deep learning method by 3.46%, 0.27%, and

6%, respectively. This method not only reduces artifacts but also obtains more texture details.
Key words: multispectral filter array; image reconstruction; spatial-spectral combination; residual network;
deep learning
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Fig. 1 Original image acquisition and reconstruction process for a single-sensor multispectral camera equipped with MSFA

iWB=i®W ’ 5
111 .
AN

171 13
We=-|a|.~|a|l= 2| 4
272 16| 5
3l 7|3 3
2l |2 B

L 1] 1]

YF WB i {E 112 5 R AR B, AR Gk %
Fho7 A W — WA 8 4x4 MSFA RS 1) D38 v
S50 W HAE A S X 2 TG A TR AR 2 > 11
St
22 ENIEENEREME

1E MSFA #35 CNN #4541 26 E %
FE BTy, — PRI AL G B A vk ket
B AG R AT IR AR5 i A B 5 AR 2 A
— TS R A B O 4 L R AE R B4 CNN Y
BN . A A MSFA B2, 510 & SRR
3l EUGAL 1 3 B 1 UG B (6 RSO B A SO\
W B A i R B R, 2 T MBARN 45 AE
Za o 2CE B W TR TR BTz, I Do 26 A5
TR SR — s 31 ity 4] PR 245, 1% 220 =45 1) 3 3 b
BRI 2R AR 245y S e H WB IS £
i T B8 7w G L ) 2 14 25 T 36 T 1R14% T,
SR I i 3k T B v aE i A AL (MCCB) i 43 24 H 1
25U BRI 15 A 550 3 R A T4 A5 4R B
ITEAR A PR T FE e 2k L

Fy = Myices (fWB) P 7

Forh Myices (VUK B 38 0 i 30 45 BUR B .
8 N B 1T 2 AR AR A i i BE AR R AR AR

NS e e e N L

Hrhe WERET, Wk 7<7 B Es, & SCh:

3 4 3 21
6 6 4 2
9 1 9 6 3
12 16 12 8 4 6
9 9 6 3
6 8 6 4 2
3 4 3 21
15 BHIAE R SCAM HIHIA
Fy :MSCAM([FMaFi\/I]) 8

Horh Mgeam ()3 718 25 [8] 38 18 1 55 774 8 (spatial
channel attention model, SCAM) . F’, 3%/~ 4= [&]
%253 MCCB Ja W1 F#IE (S B . MCCB iU
XFHIAG 4 2 S 38 v R AT 1R 2RISR I, T
WA R IR 14 D 52 RN 3 % S B E A7 Ab B
SCAM I LA & i A B AFAIE 5 2 7E 2 [A] R
AT A AR AR AR BT BC A A, AT DA AL
FEAR IRt TAf (™ A i s T e ih Zr8HR
T BT R

FJa R\ BORFIEAR SR AR B Y 423 ]
A HISCHR [31] sk 22 2% B2 5 (RRDB) 5% 2
R4H . Frffi K RRDB AT 2 25822451, AL
A T2 21N R B 6T R AE, 10 HL AT D4 O TR
JEURRRE DARME 2 B FDG i 5k 22, T4t i 22
TG ERRFIESR B 25 DG AR OCHE

Fr = Mgros ([Fs, Fw]) 9

Horh, Mygos () RRFR 22 AR THRAE, FywRomv)2
E R EEE EA

N T ER BB I IS, (i —
N 8 3 IH 145 BRUZ AT Fr WG\ B 2615 5%



1320 R EDEE (FRgEso)

17 %

%Pﬁl%qﬂ FFAS IR BRI 42 40 20 Py A L TR 451
we S E M \PLBEZ OIS FRZE R GAR N, 1581
R L SFE G RIR g o

¥ = Mypars (I) = Mg (Fr) + By 10

Horp Myparn () #2785 MBARN 5™ )25 pREL, Mg (+)
FoREZE

::_.::::

I{auv; 7 P’_i
1 4
image

1 Conv Reconstructed
multispec}\ral

. image Y

B2 20 S0H i 15 2E M AR RIS
Fig. 2 A multi-branch attention residual network model framework
TEREA PN Gt B, B s MBS, BBl O o P 3 ORI WL Rl A 5 i) e

i, BRTE Bk pR 45 L, B2 R L,
R T HE R E B s RS A RS, SR H Ly i
PR BOR B T I M 2524 2] o SR E—
N & I 3% vg G S Wk 2 Y 20 ik KIS R os 11
(VLX) (U241 25 MBARN, H A7 £ 18 L, 41
R PREGR B e/
1< _
L) = N;HMARN(Y)—X’HI : 1
Hrpo#km MBARN (254 . H Adam™ {4k
AR B T
P T 2 4 1 ) 38 e MR AF AE R n
52, I HLANT SCERIEBO . SO (RS 1 5
FE e R AT 9125 B FRAE S L, A SCOR FH SCRik
[27] A S FETE T 2 (MA) B8, 53 prfifi
G R AT e, o MA il 7 B flsk
FRIER G243 o X EIRA BT SR &
B JE 0T S 38 e AR B, (HIT R REXT B 24 (E S 1
FRAE UG AT SO #E AR SC3% 45 v F MC-
CB AT LLXT G 0 23 [ R R 264 T A R w0 25
PEWL, AT DUAE 5 208 2 U RRE B B 251 725 [)

7, WA G ) B B Eh 38 v UG 1 St A
2 33 HRIZH IR, R )5t SRR
BILL S LeakyReLU 0% BRBCE INAE LN, f )5
T I A AR e S A -

it

| Conv ' MA LeakyReLU

lgl 3 g%ﬁLﬁ%*/\ jbn*/ﬂzl

Fig. 3 Mosaic channel convolutional block structure dia-

gram

G 1 SR R 1 MCCB H & Wk
JZFRESEAT R, I BEAR S b i A 475 (L KA AF
FER DN R SCHNTE BT S (8T, T 0k, A T
i 4CR B LA P ER W) BT 7 (1) 2 [B) 3 38 0
I (SCAM) . K F MCCB i Hi 1) 45 0% B4
TIEA S0 4238 I B RRAE 15 B A i A EI] SCAM
Ho T Al RN SOCRAE R &, 1 ELA T R



%6

(SIS NP e = WAL 2 Y DRI SAvE Sy v LV IN A K S ) 1321

UM ERFIEAR A RAFAR L. lid o)
S P BRI O A SO AL (5 BT AR AR 31/ B
Z BRI G, R R 22 41 R,
I E bRz ST R X AR LAY
AR TSR G 7 1 R LB 23 (B DA DG TR
B[R], T R T2 B AN B SRR, LI
23 [E BARE] TARG AR

Conv l CBAM ' MA = LeakyReLU

P4 23 [ e 1 AR A 4 R P
Fig. 4 Structural diagram of the spatial channel attention

model

) 24 55 A6 i A S FE MCCB 43 531 % 451 1 Bt
A8 i BORELIS 1Y S 38 5 MG TR SR UG
TG RN o FERTIA S b B R IE S 32,
PR E T — )25 A R 64 BB FUZXTERG
B RRIE SEA T 48 B AR S DU 5 S . fe)m —
JERR— A 64 i 1 RS EZ M LAY,
I I G RO AL S i B S R E A
2, SEEXT N B A s MG LAY . TR A R
JERR R A i 43 Il B RRAE R R T 2k S 3
AT 2RSSR AR
HI(CBAM) HUR & T fi HH AP AIE 6 23 (] R 18
) S P, XA S (R 4 A AN BECRIE S
Sk, LI E T BB RN 3x3 2
B, iy 64 BRUZEM MA 2. Rl FEAR{Y
AT DA R 45 el 8, 1 L AT AR 22 RUBE B3\
W B MG Z B SO 1 (5 B

3.1 HWEFXEEE

R TR BH AR SO R A A5, A RS EETE
K10 CAVE 525 % & A 1 w5 o i 2618 KA
BAE £ P9 A1 TokyoTech-31 band( TT31) £ 4 £4£ 17
PEATSLEG . Hoh CAVE 4 32 Mg, B4
SN 31N B, B Yy 420~720 nm.
TT31 Fda £ 35 M5, HA M 420 nm |
720 nm 19 31 B, 4FELL 10 nm K [E B . 43

AN EA 58 AFEARF 9 ASFEAR A I Zh A A
R

BT A S 56 A R P FE Pytorch WP S B . filfi FH
3 F CIE BrifEGIR (A, D65, F12), 18 i /K S 5
BB IEERE 90°, 180°F1 27003k B WL 55 45 5F
R EIR o MY Zrad B, BAIL 40 H
32 MK /NHy 128%128 MY PFHE G AE M dit i A,
i Adam YE R ILALES, BT AT J2 2% 2] R 01 R
164 0.002, YLk FEEETE 2000 4~ epoch JEf5: Ik .
32 SMBERSEEFENEELER

P EURHEA T o SR RE VRN B, i FHE R T
12 1Y PSNR. SSIM #1 SAM £ NiFEM #5845, I T
VISR AR, B i th R EAL 7 ik S RS
i IEAT LB, A4 WBUS, PPID!, LA M 3T
TREE 2] 1) MGCCU Jrik . Hovp, WB 23T
FUOWZR A7 1 1) J7 7, PPID S22 T-Hh 4 (8 RS 1Y)
J7¥:, MGCC J&— T B (A AH 5.5 | S i TR 2
e A 3.1 I BEE S U S S A B 2k
MGCC. # 1, % 2 f5k 3 435 R Tk B4
S3AITE A JETR . D6S YEURAI F12 JEUE T 1) PSNR
SSIM 1 SAM %558 o Xt F A48 hx, fefhEss
PR S H os o BRI —17Rm 9 R
K EMR B ME, FHA AT 53 5 3 m 24 THa E4
M mas . WU B EBILFENAEHELT
WB # 5 A fix 24 i PERE, X & M Al 1 19 B %
Wi BESE . AHJ, PPID Al AY G A A i FE B
RN AR, SECE I BUR . SR, AR5k
(A BB B St R B 2 2 kAl 250 . ik
HUAVE R Xt He R B 2 2] D vk A EL, BT HE i
) 5 925 A 25 ) s A% 8 P 2 4R A5 T O U 0 4
R 7E 9 MEMHR EMG XT38 1A A SGIR
45, 46t 0 5 AU — R R 1) SAM ELIK
T MGCC, i H:Ath K114 () PSNR., SSIM Fl SAM
Y B B HEYERE, I HL PSNR, SSIM A1 SAM 1Y
S-S 08 43 91 2 T MGCC #y 1.25 dB, 0.0018
F10.469,

X T 2% 2 B AY D65 G, 42 A 5 vE R
T 9 IE ELA B PSNR (9 &4, 8 i B A etk
SSIM Hl SAM 1 1% . X bb H B U5 2, MGCC
{AE SSIM Il SAM 45§ 5t 43 il A — i R 3%
PRS- BRI, TR R (R 27 A R Y PSNR,
SSIM 1 SAM V- ¥ {f #B & & L T MGCC ¥
1.35 dB, 0.002 7 F1 0.228.,



1322 T EDG (Frgeso) %17 %
F1 MIAERE A KIRTH PSNR. SSIM 1 SAM &
Tab.1 PSNR, SSIM, and SAM values of the test image under the A light source
PSNR 1 SSIM 1 SAM |
WB PPID MGCC Ours WB PPID MGCC Ours WB PPID MGCC Ours
balloons 39.99 43.23 45.52 45.93 0.9977 0.9988 0.9992 0.9993 4.892 3.693 3.409 3.329
beads 28.35 31.03 32.75 33.57 0.9610 0.9768 0.9776 0.9858 10.087 8.002 7.571 6.182
Egyptian 35.22 40.77 40.96 43.65 0.9908 0.9947 0.9953 0.9972 11.358 10.648 8.653 7.570
feathers 32.38 36.32 37.03 38.48 0.9908 0.9962 0.9964 0.9976 8.351 6.782 6.036 5.960
paints 32.39 36.29 35.79 38.63 0.9939 0.9973 0.9973 0.9984 6.557 5.178 4.891 4.500
pompoms 36.37 38.28 40.54 41.02 0.9953 0.996 8 0.9978 0.9987 4.395 3.524 3.003 2.916
CD 36.54 38.54 39.01 39.75 0.9939 0.9953 0.9956 0.9969 4211 4.043 3.956 4.145
Character 29.27 34.91 38.91 39.51 0.9942 0.998 1 0.9989 0.9992 6.103 3.811 3.119 3.049
ChartRes 30.24 31.26 31.45 32.63 0.9931 0.9976 0.9984 0.999 6 3.962 2.761 2.529 1.300
Average 3341 36.73 37.99 39.24 0.9900 0.9946 0.9951 0.9969 6.657 5.383 4.796 4.327
#F2 MIKEIRTE D65 FIR THI PSNR. SSIM 1 SAM f&
Tab.2 PSNR, SSIM, and SAM values of the test image under the D65 light source
PSNR 1 SSIM 1 SAM |
WB PPID MGCC Ours WB PPID MGCC Ours WB PPID MGCC Ours
balloons 40.73 44.16 46.94 48.36 0.9981 0.9991 0.9995 0.9997 3.629 3.114 2.700 2.539
beads 25.75 31.28 33.21 34.06 0.9662 0.9826 0.9808 0.9898 10.316 8.324 6.957 6.243
Egyptian 39.29 42.50 42.58 44.86 0.9929 0.9875 0.9965 0.9979 10.642 8.015 7.038 6.919
feathers 32.67 36.72 37.26 39.12 0.9916 0.9931 0.9966 0.9980 7.377 5.891 5.412 4.843
paints 31.18 36.07 36.41 38.90 0.9922 0.9974 0.9887 0.9986 6.408 4.788 3.974 3.905
pompoms 36.88 38.90 41.19 42.65 0.9962 0.9978 0.9985 0.9989 4.032 3.232 2.693 2.753
CD 34.54 38.21 40.61 41.53 0.9949 0.9952 0.9961 0.9967 3.209 2.942 2772 2.726
Character 28.88 34.90 39.63 39.87 0.9936 0.9984 0.9994 0.9996 6.867 4.100 3.108 2.907
ChartRes 29.34 29.65 32.54 33.21 0.9951 0.9958 0.9969 0.9971 2.840 2.290 1.561 1.324
Average 33.25 36.93 38.93 40.28 0.9912 0.994 1 0.9947 0.9974 6.147 4.744 4.023 3.795

X T2 3L FI12 06U, 42 I e ik
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W G - SE LT MGCC J775 1 0.435,
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& RN 25 8] 38 18 1 S ARG T MSFA f2%&
Th v M I R A R I PR LA AR 5 1 — 3K
P st DL B2, T LARH W EERIAE 3 Rt IR

T, A A EUR A E i TR D6S YRR R
A A B BRI, FL D DR T {4 PR 2 A
SOME AR BT H WL IR R T, miA il
(1) D65 YR IR B F 7 (12 734 H O, If H 3
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Tab.3 PSNR, SSIM, and SAM values of the test image under the F12 light source
PSNR 1 SSIM 1 SAM |
WB PPID MGCC Ours WB PPID MGCC Ours WB PPID MGCC Ours
balloons 36.68 37.83 38.60 3891 0.9937 0.9952 0.996 1 0.9989 5.540 5.640 5.537 5.955
beads 25.84 27.65 27.67 29.92 0.9390 0.9566 0.9673 0.9720 14.958 13.669 13.532 11.424
Egyptian 36.23 37.46 38.23 39.47 0.9825 0.9857 0.9862 0.9913 6.150 5.740 4.763 3.795
feathers 30.61 32.76 33.51 34.70 0.9829 0.9887 0.9889 0.9928 11.526 11.194 11.251 10.897
paints 28.02 30.89 31.98 33.93 0.9761 0.9871 0.9912 0.9939 9.801 9.440 9.415 9.113
pompoms 32.17 32.81 33.92 33.97 0.9874 0.9889 0.9907 0.9909 6.776 6.355 6.150 5.936
CD 35.58 35.99 36.26 37.06 0.9869 0.9872 0.9898 0.9988 7.934 6.691 5.957 6.622
Character 26.11 28.86 3233 32.64 0.9824 0.9908 0.9954 0.9962 7.794 6.881 6.835 6.767
ChartRes 25.81 26.32 27.61 29.33 0.9768 0.9814 0.9826 0.9916 3.845 3.157 2.837 1.859
Average 30.78 32.28 33.34 34.44 0.9786 0.9846 0.9875 0.9918 8.258 7.640 7.364 6.929
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Fig. 5 Visual comparison of the de-mosaicing effect of test images under the D65 light source in SRGB color space
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Fig. 6 Visual comparison of de-mosaicing error maps of test images in different scenarios at 679 nm
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Fig. 7 Visual comparison of de-mosaicing error maps in different bands of test image CD
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Tab.4 Quantitative comparison of PSNR, SSIM, and
SAM of test images processed by different de-

mosaicing methods under three light sources

WB PPID MGCC Ours
PSNR 29.37 34.56 35.69 37.81
SSIM 0.8926 0.9705 0.9902 0.9936
SAM 8.541 6.473 5.647 5.312

®5 ARIEDSFERGESITHIEIELE
Tab.S5 Comparison of running times of different de-
mosaicing methods (Unit: ms)

WB PPID MGCC Ours

CPU 254.35 21345

GPU - - 2.65 2.12
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Tab. 6 The ablation of different network architectures

EZ . | BRI PSNR SSIM SAM
x x 36.94 0.9869 7.263
x N 3721 0.9907 6.726
\ \ 38.59 0.9938 6.218

PL_b 4 Fl g5 4R 3E 3.1 5 FRoRe ) A R 5
BT, DEGET A L . 1 D65 Sk
T A B CAVE BIG#EA T . ansk 7 s,
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Tab.7 The ablation of different attention mechanism

schemes
I PSNR SSIM SAM
RN 36.24 0.9804 8.352
CA 36.79 0.9873 6.316
MAM 37.28 0.9927 6.047
SCAM 38.46 0.9951 5.247
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