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Abstract Herein, for low-illumination application scenes, an end-to-end convolutional neural network (CNN) is

proposed for the fusion of near-infrared (NIR) and visible images. The fused image can combine the signal-to-noise

ratio of an NIR image and the color of visible images. To verify the capability of CNN for practical fusion tasks, a

real dataset with accurate registration was collected. Moreover, the training set was preprocessed via information

fusion, thereby enabling the network to extract additional information from NIR images. Experimental results

reveal that the proposed method is superior to existing fusion methods in terms of visual quality and quantitative

measurements.
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Fig. 1 Comparison between real noisy images and simulation noisy images. (a) Real noisy image; (b) simulation

noisy image; (c) average of 100-frame real noisy images; (d) average of 100-frame simulation noisy images
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Fig. 3 Examples of real dataset. (a) Noisy visible image of photographs taken indoors; (b) NIR image of photographs

taken indoors; (c) target image of photographs taken indoors; (d) outdoor noisy visible image; (e) outdoor NIR

image; (f) outdoor target image

1610001-3



% {5

I 200 XF 5 o5 —EBor M =AM L WNE 3(D ~ (D
7 100 X, R Al W S IS ) b 81 447 35 A5 A {1 B E
AU V5 1) 2 T 8 4 2 5 % oy e RS PR 4 30 1Y
SERE . TR BRI O O S AR SO B B A
Y10 25 A5 5 A B (ISP) J5 H 25 3L, 92 By A )
24 B8R Raw A% XA .
2.2 HEATALRE
QR NN PR N AN e B IR AN SR
R ARG T 2 R AAME B S R B 2% .
R T 2 i 21 A0 PR AT ST S D €, AR B Y
Xof U G A AR R AT A AL B, AL T X BE AR AT AR 2
AN B AR AT L AR AT 0 53 i 3 A B
WFRAY [ s pian FUEITFBAY £ vis 10w » 22K K
Svis = fvisiow T f vis_bigh o 2
SR JE AR R SCHR (18 17 19 Retinex A AU, i w] L
S EUZR A f hy RGor E R FIREE Syt T, B
fvis=R T, (3
A " RORTCR L. RJa AR E R T
TR AR I3 [ vis 1o FORCEE B 0T DGR S
ELLAMEER far BEATINAL, B
WNIR — {f(T) ° fVISJow + [1 - f(T)] *
Faw) e fvis g s €Y
K. T €0, 120 BREE 435 19 B0l R 28, B IR 53
St R AR R TG, DA T AN T 1T L 8 3 AT 1 X3

VIS_noisy

NIR

FIATLLAPFE A SR B S 2P pR s o Ry 8 A3
BN AR E B ER AL E B0, 0. 31H YA,
UL AR BRI R R 1y —2F . (T 5
JE VS R B RS2 T i L0 A G X T Rl A A
S5 M, O [R) 15 B 9 3 21040 B R AN T 6 [R] —
Y 5 R S5 FAL AR, TG 3% o 0 3 e B A
RT3 ko DR R ASOXF AT D S A W %) X B 5 | GO 41 4F
SERE LRI IR 3T 2181 D' 1% A8 A K i 52 i

L AL TRAL B 3T ZLAMER AT #R 4 H AR
A OLOGAR B R B T 2 2 AME B AR BB
T IO 2% 272 o5 I 21 0 G b $2 IBCSE 2230 20 80 v A
B (A IS SN 23 B O 8% A
2.3 MBEN

SEEy b A B, i TR EE AT O A R AR 2 R
JEE ) 24 %) L 2 R AR AR AR AR R MR A TR
RV %2 BF 0T K1) U-net 25497, AR CH U-net
wE4ARE 1M ETRE B-2E2H -1 ERE
Layer ), it #& # ft ( Batch
Normalization, BNDJZHI T~ ( D) RFEZH, I F
KA B & B (Deconvolution) Fl i K jth 4k
(Max-pooling) S 8, H i i I 2 & AR 2 50
128, 2 J5 5 B RAE— I R IR R BUR BIAS — k.
AL UL 5 0 20 Ah AR i A W 2% J5 B i i 2 )2
(Concat Layer) #E3z2, MZK5/anE 4 rs .

( Convolutional

P 4 7 S 4% 45 ) s T

Fig. 4 Structure of our networks

2.4 WMEKEH

R RE I ) 4% £2 2R Bl MAE 55 J8% 41 361 2% o6 3K
T R 115 31 T 730 1 [
WA L, A AT 1 U 1R M L (PSNRO L {H 48 75 S0 34
PRI 2, J5 3 W e A o T 47 i) A o %R . A BREE
AL G R TR A A B MR AT 55 A TR Z A A T
YT SCHHE 220k [ T 20 A R, 4% T R I AT
AN SIS ACE SEE L S PN A ]
Ko R FRAT A5 2% pR B R] I 2 R R AR R e S
WE B AR E, i MAE 5 81458 2% pR P 38 43 20 B .

MAE 2 M &8 % th 5 B bn BAE E Y L1 %k, B

(Perceptual Losses)'",

1
W X H
Hrp W L H g R SE R .
TR 5 2 oA BRI AR S I 4 i o S B AR ELEL Y R
B, 3 g2 R Ry 25 rh R I R I 4 S A S
CLANEMG AT AR B G S R A S T R R A S, H
ANEZHWE. HA, SEFR S i T R R AN
UL LA ER S T IO EHRAE BOF A IL R 1 & R 2
A OLEA R CLAMEA 5 B . G S gk B AR S 41
NSO - e TN S e Y VA U]
fil A ) R b R AR . B R AR R S FH I

Lu HY_Y* H 1 (5)

1610001-4



% i

) VGG-19"" [ 4% , % BL “ convl _27, “conv2_2”7,
‘conv3_ 27, ‘convd_ 2’ Hl‘convs 2 4R1EE B FRE
TR KA. A 0, (V) F£R VGG-19 5 b JZ2 0 FE
AIE $2 B PR B, A 2 R AE (A Y L1 S 880, B 4 2K R
BonT DL IR N

Ly=> &) &, ¥ ) |,, (6

Forpr A, AT 2 B BORFAE (A9 A
52 R G bR BRI A
L=L,+pB+Ly, D)
Lrp B oy B ek RO HE ]

S 25 A A

3.1 EMHR
ARSI R Adam LB 2%, Batch size
g 32, Wk G B K /N Ry 128 pixel X 128 pixel, Il

M

w

SR I Sl = R R B 4R AT W A0 U kL AR )R
1 2 MR SR AT IR O . 430 5 AR SE AR R RE AT DY
53 21 4k i & B9k IFNRY DL K 3 T CNN Y
FusionNet" #47 [ . % T FusionNet, Yl 25 4 %}
SCHR L4 J 4 Bk it HICH0E 2 5 I 07 008 75, g P A6 A i J2
E TR A Bk UE L X R AT IR AR
7 5 Gamma 55 J7 [n] ISP 4 PR 5 5% # 5 Raw 509E
S0 ISP (94 2805 92 bran s R i) 2 B0M R) L SR Js
P& Raw Bl bt fin {7 FCWE S f )5 IE 1) ISP Ah BEAG
FMR RS R, 20U SO R RE I A SCRU SR 4 &
M E A AT R AL . Bl 5 S AR SCE BLEY FusionNet
X 45 Mg AR Rl 5 AR 1B 5 (a) ~ (o) 4 il
NG I L S N v e R = N D A
FusionNet 25 . 0] LLFE 2], X F {5 2 = B1R,
FusionNet JEAS GEAE 15 2 0P 2R YRR

5 K FusionNet X5 HMHAE I RS 4528 . () Ry A7 ELME A [BE s (b) oM 7] WL R85 (o Rl 45

Fig. 5 Results of FusionNet for simulation dataset. (a) Simulation noisy input image;

(b) noise-free visible image; (c) result of fusion
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Fig. 6 Visual comparison of image fusion for real noisy image 1. (a) Real noisy visible image; (b) NIR input image;

(¢) noise-free visible image; (d) result of IFNR; (e) result of FusionNet; (f) our result
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Fig. 7 Visual comparison of content mismatched image fusion. (a) Real noisy visible image; (b) NIR input image;

(¢) noise-free visible image; (d) result of IFNR; (e) result of FusionNet; (f) our result
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Fig. 8 Visual comparison of image fusion for real noisy image 2. (a) Real noisy visible image; (b) NIR input image;

(¢) noise-free visible image; (d) result of IFNR; (e) result of FusionNet; (f) our result
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Fig. 9 Visual comparison of image fusion for real noisy image 3. (a) Real noisy visible image; (b) NIR input image;

(¢) noise-free visible image; (d) result of IFNR; (e) result of FusionNet; (f) our result
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Table 1 Comparison of PSNR and SSIM of different algorithms

IFNR™ FusionNet'! Our result
Image
PSNR SSIM PSNR SSIM PSNR SSIM
Fig. 6 32.068 0.949 27.950 0. 890 30. 600 0.919
Fig. 8 25.618 0.729 23.591 0. 630 33.120 0. 885
Fig. 9 27.622 0.770 24. 405 0.652 34.858 0. 890
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Table 2 Comparison of blind image quality assessment of different algorithms

Image Input IFNR™ FusionNet'" Our result
Fig. 6 6.176 5.629 6.084 5.932
Fig. 8 8.025 5.439 6.512 4. 985
Fig. 9 7.770 5. 856 6.271 5.410
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