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Infrared and Visible Image Fusion Based on Deep Image Decomposition

CHEN Chaoyang'*?, JIANG Yuanyuan'
(1.College of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232000, China;
2. Institute of Environment-friendly Materials and Occupational Health, Anhui University of Science and Technology,
Wuhu 241003, China)

Abstract: Infrared and visible light image fusion is an enhancement technique designed to create a fused
image that retains the advantages of the source image. In this study, a depth image decomposition-based
infrared and visible image fusion method is proposed. First, the source image is decomposed into the
background feature map and detail feature map by the encoder; simultaneously, the saliency feature
extraction module is introduced in the encoder to highlight the edge and texture features of the source image;
subsequently, the fused image is obtained by the decoder. In the training process, a gradient coefficient
penalty was applied to the visible image for regularized reconstruction to ensure texture consistency, and a
loss function was designed for image decomposition and reconstruction to reduce the differences between
the background feature maps and amplify the differences between the detail feature maps. The experimental
results show that the method can generate fused images with rich details and bright targets. In addition, this
method outperforms other comparative methods in terms of subjective and objective evaluations of the TNO
and FLIR public datasets.
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Fig.1 Network training structure in this paper

1363



F465 F124
2024 12 H

a4 AR
Infrared Technology Dec. 2024

Vol.46 No.12

RS AS 3 E GRS R, dmh a1 CONVI [
e L B I T R R B RS 2R CONV6 SN,
CONV2 ()% th i LAAR [F] ) 5 3K 0% 422 31 7 15 25 o
CONV7 HIiN, X PR E R B RS 28 AN R Z 1)
FEE(S R, DAEE Gt (R B3 UG A0, (EARREEE [ R
L RFEHFHEE S, e B E g p i,
BAMKEEWR 1 Frac. Hd CONVI M
CONV7 25N Mg HAAHKE =, X CONV1
CONV7 47T R ST, X FEn] SR EFH A At BHE
FIR S —%, Bt R in %% %, by ikms EG
PG R, e GfE Bk .
F1 ALK E

Table 1 Network configuration in this paper

Layers 1 o S Padding Activation
CONV1 1 64 3 Reflection PReLU
CONV2 64 o4 3 0 PReLU
CONV3 64 o4 3 0 Tanh
CONV4 64 o4 3 0 Tanh
SFE 64 64 1 0 Sigmoid
CONV5 128 o4 3 0 PReLU
CONV6 64 o4 3 0 PReLU
CONV7 64 1 3 Reflection Sigmoid
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Fig.2 Network testing structure in this paper
AN BB gmiDEE H 2 SFE 245/ ik i Fh
SAFEE B RHER, Bl 3 FEoR Tl SFE AR
AEWRSS ISR 1 /NIEIE CEIEHCE 64D, Ve Ml Vp AR
A R 3 i )5 B SRR RO T 43 AE 1 1s A1
In RRLLAN R > 8 T S R AL B AN 20 5 R Ak 1

Vp Iy

K3 2ohh S A o B o iR

Fig.3 Infrared and visible image decomposition

1364



Fa6t F12 M Vol.46 No.12
20244F 12 H WRARE 2% FE T VR B UG AR I LT 40 5 7] 6 B R Al Dec. 2024
2 KR HEIT =—ZX )

2.1 EfR oKL RBRT

MRYEE 3 LSS, AT RURIL Ve A1 1 FTAREE
M SRS AN _EARTL, 10 Vo A1 Ip FTARER Y
TR IEE SR RBOR 2 7 R, E R R
PR BREC, 7 BRI B 2 R 228, RIS
A5/ SURFEE 2 [a) B 228, BRI S, AT L e
BV PR OB SR S ILIX — H A 0 1 T R A R R
AU, A2 R 7 A A o B G P T S A AN
S ARPALE 2 [ ) B B o AR AT DA A5 A ol ) PRI B
InAER 3 R B SRR R BT (5 2, OF HLAE T 5t
I OREF— BUEAE BT .

PG 73 8 A 1 2K R HOE LR T

L, =q, tanh(loss([B,VB )) -a, tanh(loss(ID,VD )) 3)
AH: Loss(Is,Vs)s Loss(Ip, V)& At B /b5

AT LG A5 1R %o 7 79 e 1 P ) e o 45 2, FLAA TR
AU

Loss(1y,V;) Z‘V \ ()
Loss(1,,V,) Z‘V | )
iﬁ‘:f:': a1~ az?%TﬁﬁE’?éﬁo

22 EgERMKREEI
X T PG E X — A AR AR B N R B
ORISR B, T WO BRI A AN EHR T &
HELENFE MG R, BRI R BT
Tﬂfﬁ@%ﬁﬁﬂmuwwﬁ,XT@@ELE’J&%Z@
E X UNF
Ly = a;SSIM(V,,,V )+ MSELoss (V,,V; )
+a,SSIM(I,, I )+ MSELoss (1,1, ) (6)
+a;loss(SG(V,).SG (V)
o Voo Io ARFEH NI WS UG AL 7S s VR
RARFEEZ G AT WARIANEE . SG(Vo)s SG(VR)
AR Vo VR 7B . SSIM £ S5 /AR
£, G T BB SRR R ELRE L S5 KSR TT TS B .

(2’UX0’UXR +C1)(2O-X00XR +C2)
(,U)Zro +,U)2(R +C1)(O-)2(0 +O-)2(R + Cz)

Xo~ Xe RE LRI BB M EEEE, LT
IR IERAE A FE L A T

1 N
i, =y 2 %o ®)

SSIM(X,, X, )= (7

155 P e 1 22 Sk Ay o PRUR O %o L
oy =(ﬁ;(XOI -y, )zjz (10)

%=&%ﬁwrmjf (11
Xo RS =N 1 Zl(

~ty, ) (X,

AL e MUY T AR ZEBR, A4S E RS AT RE
LR GRS, Uil B R

2

MSELoss(XO,XR)=%Z(XQ —XR’) (13)

—uy ) (12)

Ci~ Gy AN BN H AT IR BENE . a3,
s as IS EL

IR FE B AR R Lo PTRIR N

Lya=Ly+ Ly (14)

2.3 BhEIRES

Rl SRS AE £1 A1 5 0] O G Rl ke o E
PER, ARG =G SR AN &, AH
BB RE T B FRIREAE B 447 187 B R D0 R4 A 4 AN
I 0 I A7 BB AR 2R ARLBEAT 7 SR AR N, 15 2100 A0 ()
FHEE], 2R R EW, 5 TS,

F=r &1
=1V, ®1, (15)
F,=V,®I,
F=V, @I,
L Vs AR WOEEE LS CONVI, CONV2
s Ly L MR AN L B2 .

Ves Vo 2o Al WOt BB 400 iRt 5 145 21 1018 SRR K
ANZRFTRFAL L Tns ID)”'JF:?%?I?H’EH%% o3 i e A 25
o BERAMFEE Fiv Fay Fey Fo fEABIDER 1
BN, BEMEKEIR, @ﬁi@ﬂj%%%mbuo

3 BSOS

3.1 EENZ

YIZRAEE R B {9 2040 5 0] D' i A\ R SR
JET TNO AR, LT Z RS ZEHME
K1) 22 e 18] BEMG o 3 e MG 20 ik AN ) 98 B I AR L
RGHATECHE, FFRERAL T 2 MR 2 7% 2 10 2K L 1A
B Y KB IIZRRT 75 AR5, A SCHENZRETFr
A BB O KRG, B SET 36 X4
SASTIEEG, DK 12, 128X 128 (R F X}

1365



Fa6ts FE12H AN SN Vol.46 No.12
2024 FE 12 A Infrared Technology Dec. 2024

Hn s BT O EY, 1S3 42233 XAt
AL BB AE AR

WA S EN T batchsize BN 24,
epoch WA 180, FFff 21 WIMH{EH 0.001 1)
Adam fRALES, SR T 2% ) 20K, B 60 /> epoch
W 5 2 R ek B SR ) 53 2 — 5 DA - 1 5 o 2%
S S ME R R R A A Ak e B R S O E
HNar=1, =0.5, az=5, as=5, as=10,

A SIGAE R B N Intel core i5-13400F, F4 2.5
GHz, 32GRAM, RTX4070,Windowsll &%t it
HALLig4T, 1E PyTorch P& 528,

N T AT TR M RE, ASCERE TNO %
PHAEAN FILR 055 1 % 40 X 20405 0] WOt BG4 T
MWk, M & 2 AREEEGHITRER, FH
IFCNNU21, DDcGANI®) | DIDFuse . FusionGAN
GANMCcCI, RFN-NEST. SDDGAN. DeepFuse!!'*1ixX
8 MO AT HAAARRMM W] Wb H /B R G T7
ERAR ST 71347 8 A E B LA, 1X 8 M7
ERI SIS R SR I ERIA S 5. B A
S# Cinformation entropy, EN), ZS[HJ4I% (spatial
frequency, SF), “FIJBfE (average gradient, AG),
A B R (visual information fidelity, VIF), U
{E{EMe Ltk (peak signal-to-noise ratio, PSNR), H{ZFE
(mutual information, MD), #5#f% (standard deviation,
SD) IX 7 Mg SV R AR Bk R G A5 AT A
1, X 7 bR Bl R RGBS RTE R, B R
2GRS BB SIREG 2R
3.2 EESERBENTEN

(i)RFN-NEST

())SDDGAN

HE 4~ 7 W41, IFCNN J7i%k )b & 45 A
FEXT R BRI FEON S, IF AR, AR
T AR I 7 VE AR AR AE B R B AN /2 5 FusionGAN
T 1EAS B ) UG Ril-E 25 505 W B2 AN iy HL Rk & R )
B S EIA S DDcGAN. GANMcC. SDDGAN iX
3 FOTVEHCR A T AR BT 2% 1 i, A SR
FIZM 5 AT LEFE AT FusionGAN, {H [R] A S il & 45
S L AT AE BB AR, 3 S A (e B0 3 TR B AR
B R, T HAR R EUR A g, W 4. B S,
Bl 6 FH “N” BIEHLE & HBH E . DIDfuse H &
SRR TR IS E B A BARE R, RS
RICTT M, Mt it T AR B ER 40 A g 5
., WE4TEFW BRI ER, TN EE,
BS g “Hbim” [, BTl A emR” FE R
RFN-NEST 771 Wml& 45 F B IR I th 08 B 2040 K]
BE R, T HA R G AR R, A RUR A
DeepFuse 77754 A A6 & 1S 28D, T B
PRt 22, JUIHRTE BRSO R, IR MEREEIA
{5 R

SR S PR TR g B, oA VAR AE X L
JE7E. HARF REEIAGRH . <17 AWK 14
FBRISE R R . AL N, RSO IERR I 3RS B B
SEHFR. FOBLINZIEMT . 415 FE ah A B .
33 BAEERMEIITN

AR SR HU VAN 8 b BB 35 5w A BB i &
WIEHBIE R, £ 2. 3 4H TIREF AR A
BTV Tabs - FIE, RIREA O aRR, RIUE
Mgkta, H=MEREE,

(c)OURS (d)IFCNN

(g)FusionGAN (h)GANMcC

(k)DeepFuse

K4 TNO #EdE “Kaptein 1654 117 fh & 45 B
Fig.4 Comparison of the fusion results of the TNO dataset ‘Kaptein_1654 II’
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Fig.5 Comparison of the fusion results of the TNO dataset ‘Kaptein_1123 II’
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Fig.7 Comparison of fusion results for the FLIR dataset ‘Car’

1367



Fa6ts FE12H AN SN Vol.46 No.12
2024 £ 12 A Infrared Technology Dec. 2024

2 TNO Hudlid b & 45 R AN F8Fr Xt He

Table 2 Comparison of objective evaluation indicators for TNO dataset fusion results

EN SF AG VIF PSNR MI SD
Ours 7.410 13.446 5.220 0.631 62.519 2208  44.064
DDcGAN 7.485 13.283 5.374 0.513 60.939 1.838  50.416
DIDFUSE 6.816 12.311 4.531 0.597 61.658 2207 41974
FusionGAN 6.468 6.453 2.488 0.410 61.319 2213 28.634
GANMcC 6.670 6.447 2.650 0.517 62.265 2250  32.664
RFN-NEST 6.962 6.320 2.876 0.550 63.089 2.195  37.670
SDDGAN 7.188 9.597 3.882 0.554 61.868 2.223  48.578
IFCNN 6.970 13.319 5.158 0.628 63.641 2.158  40.248
DeepFuse 5.704 13.422 4.813 0.074 61.733 0.780  15.780

%3 FLIR Hdlidml & 45 R AN F8 b ox Lt

Table 3 Comparison of objective evaluation indicators for FLIR dataset fusion results

EN SF AG VIF PSNR MI SD
Ours 7.367 17.134 6.625 0.642 62.579 2.692  49.959
DDcGAN 7.593 13.148 5.182 0.393 60.112 2452  56.133
DIDFUSE 7.376 12.563 6.032 0.558 61.950 2.683 48315
FusionGAN 7.029 8.831 3.455 0.339 59.606 2,677 37.268
GANMcC 7.204 8.766 3.772 0.450 60.144 2,552 42176
RFN-NEST 7.248 8.487 3.671 0.464 60.342 2.586  43.801
SDDGAN 7.499 10.852 4.648 0.455 59.976 2.873  56.163
IFCNN 7.111 16.315 6.465 0.524 62.360 2.660  38.091
DeepFuse 5.870 14.370 5.130 0.079 58.760 1.101  16.943
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Fig.8 Comparison of summation and weighted summation fusion strategies
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Table 4 Comparison of objective evaluation indicators of the results of different integration strategies (TNO)

EN SF AG VIF PSNR MI SD

Ours 7.41 13.446 5.22 0.631  62.519 2208 44.064

L1 Norm 6.614 8.142 3.062  0.602  61.651 2.821  33.609

®5 AR E SRS SR VE PR PR L (FLIRD
Table 5 Comparison of objective evaluation indicators of the results of different integration strategies (FLIR)

EN SF AG VIF PSNR MI SD

Ours 7.367 17.134  6.625  0.642  62.579  2.692  49.959

L1 Norm 7.113 11.608  4.691 0547  62.299 2948  39.677
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