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Table 1 The objective comparison results of five fusion models on the TNO dataset

Models AG SD MI pPC NCIE SF MS _SSIM VIF
No _atten 5.464 33 29.894 71 1.942 38 0.237 18 0.804 27 10.010 08 0.872 68 0.395 57
Only CA 5.153 56 36.361 13 2.657 49 0.308 27 0.806 42 9.620 20 0.892 71 0.409 20
Only SA 4.649 28 37.827 80 2.968 02 0.316 78 0.807 41 8.807 06 0.879 70 0.403 27

SA CA 5.547 57 37.047 94 2.958 20 0.31543 0.807 46 10.554 43 0.875 66 0.426 09

Ours 5.572 04 36.768 19 3.047 12 0.309 84 0.807 91 10.588 10 0.863 14 0.426 42
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Table 2 The objective comparison results of different fusion methods on the TNO dataset

Methods AG SD MI pPC NCIE SF MS _SSIM VIF
WLS 5417171 24.860 27 1.742 86 0.280 99 0.803 91 10.793 84 0.909 88 0.378 66
DenseFuse 3.19331  22.857 69 2.035 89 0.290 28 0.804 51 6.094 43 0.876 96 0.330 90
IFCNN 5.467 53  24.067 12 1.801 91 0.278 68 0.804 04 10.131 41 0.904 74 0.389 20
SEDRFuse 3.544 11  40.793 02 2.110 14 0.172 27 0.804 62 6.794 46 0.895 05 0.316 82
U2F usion 5.61515  33.596 08 1.760 99 0.261 20 0.803 92 10.436 55 0.919 82 0.420 78
PMGI 4.69536  34.768 16 2.108 01 0.243 11 0.804 82 8.999 78 0.887 96 0.390 59
FusionGAN 3.07357  26.820 44 2.166 52 0.102 64 0.805 03 5.982 47 0.734 49 0.248 69
GANMcC 3.13983  29.92973 2.108 64 0.23271 0.804 52 6.009 63 0.859 15 0.305 10
REFN—Nest 3.125 21 34.85373 1.928 51 0.233 90 0.804 28 6.012 69 0.912 17 0.355 10
Ours 5.57204  36.768 19 3.047 12 0.309 84 0.807 91 10.588 10 0.863 14 0.426 42
AMIR 34.548% 21.416% 54.385% 33.056 % 0.436% 33.735% —1.670% 22.384%
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Table 3 The objective comparison results of different fusion methods on the Nato-camp sequence

Methods AG SD MI pC NCIE SF MS _SSIM VIF
WLS 6.11913  24.220 50 1.475 49 0.244 28 0.803 25 11.297 25 0.906 43 0.309 24
DenseFuse 3.814 31  22.715 99 1.579 94 0.258 93 0.803 41 7.130 29 0.873 69 0.286 36
IFCNN 6.65162  23.563 42 1.500 51 0.237 27 0.803 25 12.168 38 0.902 03 0.31565
SEDRFuse 4.99349  38.476 49 2.059 20 0.252 53 0.804 31 9.803 58 0.934 91 0.316 76
UZ2F usion 5.96161  34.031 64 1.593 96 0.259 71 0.803 42 11.554 53 0.936 11 0.339 02
PMGI 5.27455  34.23081 2.080 61 0.214 98 0.804 35 9.987 53 0.876 01 0.318 94
FusionGAN 3.11554  25.35511 2.431 53 0.082 94 0.805 50 6.404 57 0.670 09 0.207 64
GANMcC 4.33390  33.617 44 1.994 60 0.228 22 0.804 04 8.180 66 0.900 37 0.278 32
RFN—Nest 3.568 69 35.239 55 1.687 92 0.264 75 0.803 65 7.057 25 0.92503 0.304 43
Ours 5.77583  39.153 66 3.252 20 0.299 74 0.807 97 11.442 50 0.857 93 0.329 06
AMIR 18.593% 29.815% 78.433% 32.005% 0.505% 23.208% —2.565% 10.656 %
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b it — A B UE Al 3 A sobE A Roadscene B4 45 R 3 BT 30 28 41 41 AT DL R E A7 52 56 56
WE. EI5.645H T FLIR_06422” fM1“FLIR 072107 (% FWLIFA X L &5 28, 7l LUFE th % T 2040 E& oy # i |
b, G0 LR HEAR FEAYAT AR AT , WLS \DenseFuse . IFCNN ,U2F usion A1 RFN-Nest A% gl & 45 F i 1) T 7] UL
JEEMG BB AR B W] WO G Se B AN 1 5 B (A LLANEMR ) BARAR S 2 AR B T . T Al WOG ENR
B 20 5 R AL, S 4R A U Y Hb T R RR G “STOP” 5 8¢, SEDRFuse .PMGI, FusionGAN Hl GANMcC
14 il G 448 A 1 1 2140 UG, RE A% R BA 2T A0 IR B H B (A4 5 B E . X2 R AR SOk
il 45 S R RE R B 204 R ) L Y H AR, SCRE R B R UL RS R SO BR AT, ARAT T S A ISR AR A A

 RFN-Nest

U2Fusion ~ PMGI FusionGAN GANMCC

H5 FLIR_06422 & 1 FE g 4 77 % £ WIF M st b4 &
Fig.5 The subjective comparison results of different fusion methods for FLIR 06422

F A 45 T Roadscene 5085 48 16 & UL IE AN 48 b5 X L 25 3L, 48 SCRiL & 77 1 fE 48 A7 ML PC \NCIE #1 VIF |
WAS 1w , fE 48 b1 AG R SF U T R AR AH , 48 45 1 1 88 55 28 43 51 2 23.610%6 .0.923%6 . 24.547 % |
38.148% .0.224 % .26.580% .21.948 % , 15 s MS_SSIM P&k T 4.427 % , B AR5 b5 V- 2 42 75 R N 16.466 % .
HUSL GG 25 RIS UEAR )k B BE A HERE . N R MIEM 45 Rk E A SCRl & T B e 2 N B 4 1
AP A b Rl AR RE AR OL T LA B il Ty ik R T AR SO I A R B R R RO . A R T
HE— L RS T B ACR L G ik WLS 78 CPU BB A7 3t , 1 R B 2% > Jy i #0#E GPU Rk, £ 5%
T ARG O R R RCR I s R . AR SO R I TR RCR IS IX T DenseFuse AT IFCNN, X Ji R0 53X
AT SR T AT 24 0 Rl RN o 2545 256 43 B 45 R 3R W AR SO W AR IO TR AR S P RE Y R e B
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Fig.6  The subjective comparison results of different fusion methods for FLIR 07210

F4 T EIRLE T L 7E Roadscene B E F MBI M ISIRATLL &R

Table 4 The objective comparison results of different fusion methods on the Roadscene dataset

Methods AG SD MI PC NCIE SF MS _SSIM VIF
WLS 5.88314  29.056 59 2.361 24 0.342 41 0.806 11 12.347 23 0.885 22 0.311 46
DenseFuse 3.65256  27.11548 2.776 46 0.350 99 0.807 31 7.679 22 0.831 36 0.266 34
IFCNN 5.964 53  28.818 46 2.483 70 0.334 82 0.806 36 12.521 83 0.873 55 0.293 26
SEDRFuse 5.33739  46.910 59 3.017 21 0.280 03 0.807 34 11.115 36 0.895 57 0.276 69
U2F usion 6.51443  45.098 18 3.001 63 0.348 45 0.807 95 13.724 65 0.912 77 0.315 35
PMGI 5.027 04  45.020 31 2.681 32 0.304 32 0.808 45 10.472 62 0.894 09 0.286 20
FusionGAN 3.91909  39.887 01 2.67207 0.110 38 0.807 26 8.450 70 0.732 31 0.190 09
GANMcC 4.076 88 42.787 94 2.805 20 0.280 49 0.806 81 8.451 23 0.862 17 0.243 64
RFN—Nest 3.83042  44.21013 2.887 68 0.262 81 0.806 80 8.115 65 0.876 61 0.265 58
Ours 6.07137  39.124 91 3.416 26 0.401 35 0.808 96 13.062 80 0.825 99 0.33178
AMIR 23.610% 0.923% 24.547% 38.148% 0.224% 26.580% —4.247% 21.948%

x5 FREMEFTETEREINLER (B4LFD)

Table 5 The comparison results of computation efficiency for different fusion methods (units: s)

Dense- SEDR- ) Fusion- GAN- RFN-
Dataset WLS IFCNN U2Fusion  PMGI Ours
Fuse Fuse GAN McC Nest
TNO 2.359 0.085 0.046 1.148 1.722 0.588 2.184 4.445 0.177 0.151
Sequence 0.455 0.029 0.015 1.158 0.659 0.181 0.678 1.329 0.068 0.059
Roadscene  1.087 0.048 0.024 1.137 0.992 0.293 1.135 2.271 0.096 0.087
3 &it
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P AR AR 1) 4 SRy MRS RE P, 88 7 8 0 TR S R AR T 20 A S Y [ A A R] DL AR . AR XS B M S R p L B T
XU 1) o A 4 A2 A5 PR 5 R TR AR ) 1 AR, b 8458 G iR K DI A A i 10 2405 A5 28 0 A+ e A Y il 5 45
SCHR A5 R T, 5 A O Bl SR RS T 05 A LU, AR SO % RE 8BRS T P A A SR A BE S A5 SR £E TNO
Nato_camp J- 41 Fl Roadscene #4858 b % WLA8 b5 73 4 /= 1 24.786 %6 .23.831 %4 .16.466 %6 , 345 1T e AL 14 il
B ERE, H R A B W AR RESR A SR T 8 TARR R I HLH 5 A XS ST g8l vh 9f— 20
f& 2805 AT O R RS PERE
S % Uk
[1] ZHANG Xingchen, YE Ping, LEUNG H, et al. Object fusion tracking based on visible and infrared images: a

comprehensive review[ J]. Information Fusion, 2020, 63: 166-187.
[2] TU Zhengzheng, LI Zhun, LI Chenglong, et al. Multi-interactive dual-decoder for RGB~thermal salient object detection

0410002-9



DI R

[4]

[5]

[6]

[7]

[8]

[22]

[23]

[24]

[J]. IEEE Transactions on Image Processing, 2021, 30: 5678-5691.
FENG Zhanxiang, LLAI Jianhuang, XIE Xiaohua. Learning modality—specific representations for visible-infrared person
reidentification[ J]. IEEE Transactions on Image Processing, 2020, 29: 579-590.
WANG Zhishe, XU Jiawei, JIANG Xiaolin, et al. Infrared and visible image fusion via hybrid decomposition of NSCT and
morphological sequential toggle operator[ J]. Optik, 2020, 201(1) : 163497.
JIANG Zetao, JIANG Qi, HUANG Yongsong, et al. Infrared and low-light-level visible light enhancement image fusion
method based on latent low-rank representation and composite filtering[ J]. Acta Photonica Sinica, 2020, 49(4): 0410001.
VLV, B8, SRR, &5 SR T IS TEARAL KO8 5 2 5 B IR W 20 40 5 55 7T DO i KR ml & J7 ik [T]. D +2# 4z, 2020,
49(4): 0410001.
MA Jinlet, ZHOU Zhiqiang, WANG Bo, et al. Infrared and visible image fusion based on visual saliency map and weighted
least square optimization[ J]. Infrared Physics & Technology, 2017,82: 8-17.
KONG Weiwei, LEI Yang, ZHAO Huaixun. Adaptive fusion method of visible light and infrared images based on non-
subsampled shearlet transform and fast non—negative matrix factorization [J]. Infrared Physics & Technology, 2014, 67:
161-172.
LV Sheng, YANG Fengbao, JI Linna, et al. Combination fusion of multi-types mimic variables of infrared intensity and
polarization image[J]. Infrared and Laser Engineering, 2018, 47(5): 504005.
EUHE, B XU, R HRAE, 45 L ZLAMOLsR SRR B 2RSSt Al ARG [T]. 44 508 TR, 2018, 47(5) : 504005.
ZHANG Hang, XU Han, TIAN Xin, et al. Image fusion meets deep learning: a survey and perspective[J]. Information
Fusion, 2021, 76: 323-336.
LI Hui, WU Xiaojun. DenseFuse: a fusion approach to infrared and visible images [J]. IEEE Transactions on Image
Processing, 2019, 28(5): 2614-2623.
ZHANG Yu, LIU Yu, SUN Peng, et al. IFCNN: a general image fusion framework based on convolutional neural
network[ J|. Information Fusion, 2020, 54: 99-118.
JIAN Lihua, YANG Xiaomin, LIU Zheng, et al. SEDRFuse: A symmetric encoder-decoder with residual block network
for infrared and visible image fusion[ J]. IEEE Transactions on Instrumentation and Measurement, 2021, 70:1-15.
WANG Zhishe, WANG Junyao, WU Yuanyuan, et al. UNFusion: a unified multi-scale densely connected network for
infrared and visible image fusion[J]. IEEE Transactions on Circuits and Systems for Video Technology, 2021. DOI:
10.1109/TCSVT.2021,3109895.
LI Hui, WU Xiaojun, KITTLERB J. REN-Nest: an end-to—end residual fusion network for infrared and visible images
[J]. Information Fusion, 2021, 73: 72-86.
XU Han, MA Jiayi, JIANG Junjun, et al. U2fusion: a unified unsupervised image fusion network[J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2020, 44(1):502-518.
ZHANG Hao, XU Han, XIAO Yang, et al. Rethinking the image fusion: a fast unified image fusion network based on
proportional maintenance of gradient and intensity[ C]. Proceedings of AAAI Conference on Artificial Intelligence, 2020,
34(7): 12797-12804.
LONG Yongzhi, JIA Haitao, ZHONG Yida, et al. RXDNFuse: a aggregated residual dense network for infrared and
visible image fusion[J]. Information Fusion, 2021, 69: 128-141.
MA Jiayi, YU Wei, LIANG Pengwel, et al. FusionGAN: a generative adversarial network for infrared and visible image
fusion[ J]. Information Fusion, 2019, 48: 11-26.
MA Jiayi, ZHANG Hang, SHAO Zhenfeng, et al. GANMcC: a generative adversarial network with multiclassification
constraints for infrared and visible image fusion[J]. IEEE Transactions on Instrumentation and Measurement, 2021, 70:
1-14.
TANG Lili, LIU Gang, XIAO Gang. Infrared and visible image fusion method based on dual-path cascade adversarial
mechanism/[ J]. Acta Photonica Sinica, 2021, 50(9): 0910004.
S X R, PR R O B X AL R A £L A0 5 R R EMR A LT ). 06 TR, 2021, 50(9) 0 0910004,
MA Jiayi, XU Han, JIANG Junjun, et al. DDcGAN: a dual-discriminator conditional generative adversarial network for
multi-resolution image fusion[J]. IEEE Transactions on Image Processing, 2020, 29: 4980-4995.
FU Yu, WU Xiaojun, DURRANI T. Image fusion based on generative adversarial network consistent with perception[J].
Information Fusion, 2021, 72: 110-125.
TOET A.TNO image fusion dataset [EB/OL] (2018-09-15) [ 2021-11-22]. https://figshare. com/articles/ TN Image
Fusion Dataset/1008029
XU Han. Roadscene database [ EB/OLJ[2021-11-22]. https://github.com/hanna-xu/RoadScene.

0410002-10


http://dx.doi.org/10.1109/TCSVT.2021
http://dx.doi.org/10.1109/TCSVT.2021
https://figshare.com/articles/TNImageFusionDataset/1008029
https://figshare.com/articles/TNImageFusionDataset/1008029
https://github.com/hanna-xu/RoadScene
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Infrared and Visible Image Fusion Method via Interactive Attention—
based Generative Adversarial Network

WANG Zhishe', SHAO Wenyu', YANG Fengbao’, CHEN Yanlin'
(1 School of Applied Science, Taiyuan University of Science and Technology, Taiyuan 030024, China)
(2 School of Information and Communication Engineering, North University of China, Taiyuan 030051, China)

Abstract: Infrared sensors can capture prominent target characteristics by thermal radiation imaging,
however the obtained infrared images usually lack structural features and texture details. On the contrary,
visible sensors can obtain rich scene information by light reflection imaging, the obtained visible images
have high spatial resolution and rich texture details, but cannot effectively perceive target characteristics,
especially in low illumination environmental conditions. Infrared and visible image fusion aims to integrate
the advantages of the two types of sensors to generate a composite image with better target perception and
superior scene representation, which is widely applied for object tracking, object detection and pedestrian
re-recognition. The existing generative adversarial network-based fusion methods only make use of
convolution operation to extract local features, but do not consider their long-range dependence, which is
easy to cause the fusion imbalance, resulting in the fusion image cannot retain typical targets of infrared
image and texture details of visible image at the same time. To this end, an end—to—end infrared and visible
image fusion method via interactive attention—based generative adversarial network is proposed. Firstly, in
the generative network model, we adopt a dual-path encoder architecture with weight parameters sharing
to extract the respective multi—scale deep features of source images, where the first normal convolution
layer is used to extract low—level features, and two multi—scale aggregation convolution models are adopted
to extract high—level features. By aggregating multiple available receptive fields, our multi-scale dual-path
encoder network can efficiently extract more meaningful information for fusion tasks without down—-sample
or up—sample operations. Secondly, in the fusion layer, we design an interactive attention fusion model,
which is cascading channel and spatial attention models, to establish the global dependence of their local
features from the channel and spatial dimensions. The obtained attention maps can refine multi-scale
feature maps to more focus on typical infrared targets and visible texture details, so that the fused results
achieve better visual results. Finally, in the adversarial network model, we propose two discriminators,
such as Discriminator-IR and Discriminator-VIS, to balance the truth—falsity between fusion image and
source images. Besides, we introduce the mutually-compensated loss function to supervise the entire
network, which can gradually optimize the generative network model to obtain the best fused result. In the
ablation study and verified experiments, the TNO and Roadscene datasets and eight evaluation metrics are
proposed to demonstrate the effectiveness and superiority of the proposed method. The ablation
experimental results of the interactive attention fusion model indicate that our model can effectively
establish the global dependency of local features compared with other four models, and further improve
infrared and visible image fusion performance. In addition, compared with other nine the state—of-the—art
fusion methods, such as WLS, DenseFuse, IFCNN, SEDRFuse, U2Fusion, PMGI, FusionGAN,
GANMCcC and RFN-Nest, the proposed method can achieve more balanced fusion results in retaining the
typical targets of infrared image and rich texture details of visible image, and has a better visual effect,
which i1s more suitable for the human visual system. Meanwhile, from a multi-index evaluation
perspective, the proposed method has better image fusion performance, higher computational efficiency
and stronger robustness than other state—of-the-art fusion methods.

Key words: Image fusion; Interactive attention; Generative adversarial network; Deep learning; Infrared
image; Visible image
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