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Fig.1 Block diagram of the proposed algorithm
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Table 1 Adaptive optimization of objective function based on CSA

n: number of chameleons in search space

d: spatial dimension
¢: number of iterations, T: max—number of iterations
Build adaptive optimization image :I, = yI, + I,
Design objective function for optimizing parameter y
F=min(L,;+ Lsp,+ ALcoxn)
Initialize a population of n chameleons within the search space
y=0L+rxX(u—1)
Evaluate the fitness of each chameleon using the objective function F
While (7 << T) do
Stepl:Search for prey
fori=1tondo
for j=1to d do
if ;= P, then
il p (= Gy po (GF— yi )y
else
yi'+ pel) sgn(rand — 0.5)+ p[(w;— /)7y I sgn (rand — 0.5)
end if
end for
end for
Step2:Eyes’ rotation reveals prey
fori=1tondo
yi=mX(yi—y )ty
end for
Step3:Hunting process for prey
fori=1tondo
for j=1to d do
yily =y A (ol — (o)l P (2a)
end for
end for
Evaluate the new positions of the chameleons
Update the position of the chameleons
Evaluate the fitness of each chameleon
Return best solution y
t=1+1
end while

Obtain the global optimal solution y, and then obtain the optimized image I,

(a) Visible image (b) Optimized visible image (c) Infrared image (d) Optimized infrared image

B3 fhALRT B At
Fig.3 Comparison chart before and after optimization
22 BMEEENEER GAN ML
221 HREB
A S 19 2% 32 B Pl R E B I R AE R AR AR R R = AR 0 A
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Fig.4 MSDC-Fem structure diagram
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Fig.6 Feature reconstruction module
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Fig.7 Discriminator structure
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Table 2 Training process of network model

stepl: for M epochs do

step2: for p times do

step3: select b visible image samples: { I, I%, ===, 1% };

stepd: select b infrared image samples: { I, I7, -+, I} };

step5: select b fusion image samples: { Iiwas Tieas ***» Tised )3

step6: Using the Adam optimizer to update discriminator parameters :

Vo(Ly=Ly + Ly )

step7: end for

step8: select b visible image samples: { I, I, -+, I };

step9: select b infrared image samples: { I, I7, -+, I} };

stepl0: Using the Adam optimizer to update generator parameters:
Vo (Lo= Lt A Leonen )3

stepll: end for

32 LBWERSW
3.2.1 E=IFH

R B IE AR SCAR A A e, AN TNO ol 45 b AF 38 6 41 20 40 Fn ] DO R 247 WA o B AR SCR LS
DenseFuse'" \FusionGAN"" | ResNet-ZCA"" MDLatLRR"™ . PMGI"" L & REN-Nest " JE17 X% [b , 5256 45
AN 8w o S T AE T WL H 3BT, W il G 45 5L Ry 38 4015 FH L0 HE R4 T3 7 o

Group 6

Group 1 Group 2 Group 3 Group 4 Group 5

VIS

IR

RFN-Nest MDLatLRR FusionGAN DenseFuse

©
=
[
<
O
N
k53
Z
&

Ours

8 EM LRI

Fig.8 Subjective experimental results comparison
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Fig.9 Objective experimental result comparison
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Table 3 Average running time of different algorithms (units: s)
Algorithms DenseFuse FusionGAN ResNet-ZCA MDLatLRR PMGI REN-Nest Ours

Time 0.124 1.846 1.719 5.846 0.637 0.284 0.4519
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Fig.10 Loss function curve
33 HELKI
P e Sk B FERAE LA e MSDC-Fem f8 J2 i B Al A RIS B0k & B 9 A 20 | 38 3
IS [R) A B 6 TNO 08 48 21 41 EIHGORT 6 A PFAN 48 b 2547 3 fil 52 50, BT A S5 40 14 48 FH A ) 7 5080 46 =
B E . N TR R 3B B R E B A B B FIBIH Co i, 7 SR A AR AR AL A B B
DR 265 114) B A2 T A5 AT DO RN 21 A0 IS 78 R B MSDC-Fem 5 He B 9 4% ek FH 35 i o — RO 4 AR 4 Ry
TIE 5 76 Al FH VR B Rl A A BT I 2% R 26t S i a5 FL0) . 21 2 RGO fil S 56 UL 8 A - S48 A X
P SR an e A PR, st (E LR R T o
M AR LLE A T IR E Rl A 48 (3 BES A I A |, 51 AFRRIE DL AL BLH  SF AT QY 43 5l 4R T+ T
10.30%6 #i114.29% , 3= W] R AE D6 Ak A e mT {45 il 5 245 S 78 880 b 50 Jn i o, 48 9 S =& . 51 A MSDC-
Fem FRAE4& WAL H , SF 42T 1 21.59 %6 , & IR AE $2 O 72 v 22 RO BB g 1 0 2% J% 52 B AR A1E 42 B
Pl % 4 75 FE A o T AR AR 04 A 51 o R L SR RS R TR S A R AT A . B AT BT RS
e, SFFIVIF 735 $2 7+ 1 6.68 %6 1 3.85 %6 , 3 W 13 2 ) 4 AL 45 21 Ab 5 AT WL O I8 1) SC B RR AR 75 1) 5 41 Y
PR B RN AL o AN (RIS B e [E] I 25 0 45 R 3R B L A+ B8k B, EN SF #l SSIM 43 il $2 7+ 1 7.10% .35.67 %
F6.18% s Bt A-+HEE C, VIF 1 QY 435 HE T T 6.71% A1 22.44 % s B B C, SF JE fl VIF 43 51 42
F+ T 45.91% .4.22% F125.49% o A SCHE PG AlG 3T 7E ENSF JE \VIF F1 Q""" 5448 b5l 1%

1210004-13



T o AR

R4 HELBEEULERIILL
Table 4 Ablation experiments objectively results comparison

Module A Module B Module C EN SF JE VIF SSIM QYT
6.389 5 5.864 2 11.956 1 0.664 2 0.813 4 0.307 0
N 6.4158 6.468 5 11.990 7 0.693 4 0.824 6 0.350 9
NG 6.6258 7.130 1 12.128 4 0.6915 0.826 9 0.377 1
N/ 6.489 6 6.256 1 12.034 2 0.689 8 0.819 8 0.3159
N N 6.8429 7.956 0 12.362 9 0.715 3 0.863 7 0.3880
N N 6.559 3 6.594 7 12.186 3 0.708 8 0.820 4 0.3759
N N 6.952 4 8.556 3 12.461 2 0.8335 0.8225 0.4118
NG N NG 7.168 8 10.006 5 12.650 9 0.868 6 0.854 2 0.457 4
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Infrared and Visible Image Fusion Algorithm Based on Feature
Optimization and GAN

HAO Shuai, LI Jiahao, MA Xu, HE Tian, SUN Siyan, LI Tong
(College of Electrical and Control Engineering, Xi'an University of Science and Technology ,Xi'an 710054, China)

Abstract: Aiming at the problems of insufficient texture details, low contrast and loss of target information
in the infrared and visible fusion image, an image fusion algorithm based on feature optimization and a
generative adversarial network is proposed. Firstly, considering the impact of original image quality on the
fusion results, an adaptive feature optimization module, which is guided by an objective function and based
on the chameleon swarm algorithm, is designed, which can enhance the texture details of visible image and
the contrast of infrared image. Then, in order to preserve more multi-modal information in the fused
image, the generative adversarial network is introduced into the fusion framework. In the generator model,
considering the difference in imaging mechanisms between infrared and visible images, a dual branch
feature extraction network is constructed. At the same time, in order to solve the problem of insufficient
feature extraction caused by single scale convolutional layer, a multi-scale dense connection module is
designed to increase the range of network receptive field feature extraction, so as to comprehensively
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extract the deep semantic features and shallow texture features of images. To reduce the loss of important
target feature information during the fusion process, a parallel attention model based on space and channel
is designed in the feature fusion layer. By feeding the infrared and visible image feature information into the
spatial and channel attention models, the correlation and dependency between different modal features are
captured, and the expression ability of the network is improved, so as to better focus the thermal salient
targets of infrared images and the texture details of visible images. In the discriminator model, to preserve
the feature information of both infrared and visible images in the fusion results, a dual discriminator
network structure for infrared and visible images is constructed, which can enable the fused image to retain
as much rich information as possible from the original image in adversarial learning. Moreover, in the
network training stage, in order to train a good model and enhance its robustness, 32 sets of images
selected from the TNO image fusion data set are cropped and expanded to obtain 24 200 sets of infrared and
visible image pairs. Finally, to verify the advantages of the proposed algorithm, subjective and objective
results are compared with six classic fusion algorithms, such as DenseFuse, FusionGAN, ResNet-ZCA,
MDLatLRR, PMGI and RFN-Nest. The experimental results show that the proposed algorithm has
significant advantages in both subjective and objective evaluations. The fused images have richer texture
details, clearer edges and targets, and better contrast. In the objective evaluation indexes, the entropy,
spatial frequency, joint entropy, visual information fidelity, and gradient-based fusion performance obtain
the optimal values, which are improved by 16.11%, 65.46%, 7.96%, 42.67%, and 33.24%,
respectively, compared with the DenseFuse algorithm. In addition, to verify the effectiveness of the feature
optimization module, multi-scale dense connection module and attention fusion module, ablation
experiments are conducted on 21 sets of images and six evaluation indexes, all of which use the same
parameter settings. The results of the ablation experiment indicate that compared with the original fusion
network (i.e. none of the three modules is added) , the six objective evaluation indexes are increased after
the introduction of the three designed modules, which verifies the effectiveness of each module of the
proposed algorithm.

Key words: Image fusion; Feature optimization; Generative adversarial network (GAN) ; Multi-scale
dense connections; Attention model
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