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Infrared and Visible Image Fusion Method Based on Convolutional
Auto-Encoder and Residual Block
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Abstract In order to make full use of the information extracted from the middle layer and prevent information from
losing excessively, a new image fusion method based on a convolutional auto-encoder and a residual block is
proposed, which is composed of an encoder, a fusion layer, and a decoder. First, the residual network is introduced
into the encoder, the infrared and visible images are fed into the encoder, and the convolution layer and residual
block are used to obtain the feature map of the image. Then, the obtained feature map is fused by using an improved
fusion strategy based on LL1-norm similarity, which is integrated into a feature map containing the salient features of
the source image. Finally, the loss function is redesigned and the decoder is used to reconstruct the fused image.
The experimental results show that compared with other fusion methods, the method effectively extracts and
preserves the deep information of the source image, which makes the fusion result have certain advantages in both

subjective and objective evaluation.
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Fig. 6 The first group of image fusion contrast experiments. (a) Infrared image; (b) visible image; (c) method in

Ref. [15]; (d) method in Ref. [16]; (e) method in Ref. [17]; (f) method in Ref. [18]; (g) proposed method
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Fig. 7 The second group of image fusion contrast experiments. (a) Infrared image; (b) visible image; (c¢) method in

Ref. [15]; (d) method in Ref. [16]; (e) method in Ref. [17]; (f) method in Ref. [18]; (g) proposed method
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Fig. 8 The third group of image fusion contrast experiments. (a) Infrared image; (b) visible image; (c¢) method in

Ref. [15]; (d) method in Ref. [16]; (e) method in Ref. [17]; (f) method in Ref. [18]; (g) proposed method
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Table 1 Objective evaluation indicators of the first group of comparative experimental results

Fusion method 1E SD AG MI
Method in Ref. [15] 6.7072 37.049 3.5297 22.3850
Method in Ref. [16] 6.1381 32.436 3.3973 30.7770
Method in Ref. [17] 6.6984 33.590 3.3490 22.7620
Method in Ref. [18] 6.7510 35.192 3.4359 23.1432

Proposed method 6.6411 38.270 4.1455 31.8710

F 2B T T L ST A LT 45 2R

Table 2 Objective evaluation indicators of the second group of comparative experimental results

Fusion method 1E SD AG MI
Method in Ref. [15] 7.1000 53.673 3.8040 15.6260
Method in Ref. [16] 6.9540 49.513 4.2530 16.5480
Method in Ref. [17] 6.9710 52.781 3.7172 19.3090
Method in Ref. [18] 7.1947 51.664 4.4496 13.0329

Proposed method 7.4754 58.703 4.4842 24.5260
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Table 3 Objective evaluation indicators of the third group of comparative experimental results

Fusion method 1E SD AG MI
Method in Ref. [15] 7.4114 39.817 3.0124 17.6580
Method in Ref. [16] 7.1459 35.916 3.6467 17.6800
Method in Ref. [17] 7.0764 34.879 3.1716 16.9430
Method in Ref. [18] 7.1703 37.727 3.3523 21.7977

Proposed method 7.3484 41.758 3.8451 27.3920
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Fig. 9 Partial results of image fusion contrast experiments. (al)-(a6) Infrared images; (b1)-(b6) visible images; (c1)-(c6)
method in Ref. [15]; (d1)-(d6) method in Ref. [16]; (el)-(e6) method in Ref. [17]; (f1)-(f6) method in

Ref. [18]; (gl)-(g6) proposed method
4 E i SR WOG G Rl G 7 2 . R DR AR T AR S B 6 1

- N o T 3 FRUZ Rk 22 Bk 3R P AR A 5 AE 5 K 7
PR T — B TS B g i A A Ak 22 B g 21 A BRI B R T 0 09 52 T Ll-norm A AR AL Bl &

1015001-8



ot 2 X i

FME AT NS G H RS N —AN & R EE BB B AR Conference on Computer Vision and Pattern
E’J%?Hﬁl ?F'JFH%’%%%%XW@AF E/lei]'f%ﬁ TEM, S Recognition (CVPR), June 27-30, 2016, Las Vegas,

NV, USA. N York: IEEE, 2016: 770-778.
5 R, 5 HALRE G A T AR SO R BRI A (6] Lu¥s, Li YC; I% 5 - L

. _u , L , Liu b, et al. yperspectra ata

AR B R R )2 S Al e B RS R T Bl o ‘ .

haze monitoring based on deep residual network[]].

. e I AN 3 i) A7 L 3TF 73 . P
AR R — R RN L& ik B ROR R AR AR IEAL Acta Optica Sinica, 2017, 37(11): 1128001.
FPYAG LN SE— 25 D0k 0 25 R TR i 45 o 2% (1) P g o Bl U, ZETTHE, X, 4. T UR % 2% M4 1
Uf R S K AR ST 5 il G 2 SR £ AR 6% T 4 O 3 SRR 9 0 (0] . DBl 2017, 371D
TS 15 % 0 208 A AR5 128001
[10] LiuY, Chen X, Ward R K, et al. Image fusion with
5 £ X W convolutional sparse representation[]J]. TEEE Signal
_ o Processing Letters, 2016, 23(12): 1882-1886.

(1] Jiang Z T, Wu H, Zhou X L. Infrared and visible [11] Zhao H, Gallo O, Frosio I, et al. Loss functions for
image fusion algorithm based on improved guided image restoration with neural networks [J]. IEEE
filtering and dual-channel spiking cortical model [J]. Transactions on Computational Imaging, 2017, 3
Acta Optica Sinica, 2018, 38(2): 0210002. (1): 47-57
VTR B
TLEEVE, RHE, JAIERY . T SO 5] 5 ik 0 A S [12] Dong C, Loy C C, He K M, et al. Image super-

W L TR AR G 4T 4 5 7T il 2 1
Wi A2 i B o AR R 21 A 5 T L O 1 il 55 9 resolution using deep convolutional networks [J].
NPT - .
L1 Sesaa#4i, 2018, 38(2): 0210002 IEEE Transactions on Pattern Analysis and Machine

[2] Ma] Y, Ma Y, Li C. Infrared and visible image Intelligence, 2016, 38(2): 295-307
fusion methods and applications: a survey [J]. [13] Huang R, Zhang S, Li T Y, et al. Beyond face
Information Fusion, 2019, 45: 153-178. rotation: global and local perception GAN for

(3] LiuX H, Chen Z B. Fusion of infrared and visible photorealistic and identity preserving frontal view
images based on multi-scale directional guided filter synthesis[C] // 2017 TEEE International Conference
and convolutional sparse representation [J]. Acta on Computer Vision (ICCV), October 22-29, 2017
Optica Sinica, 2017, 37(11): 1110004. Venice, Ttaly. New York: IEEE, 2017: 2458-2467.
X 4
RISELL, Bt 2 Ry 1a 51 5 8 0 A 7R [14] Tao L, Zhu C, Xiang G Q, et al. LLCNN: a

R LT AN 5 AT TP
B R 9 21505 0TI B R e L] 065 o i, convolutional neural network for low-light image
2017, 37(11): 1110004. enhancement[C]J /2017 IEEE Visual

[4] LinSZ, Han Z. Images fusion based on deep stack Communications and Image Processing ( VCIP)
convolutional neural network[J]. Chinese Journal of December 10-13, 2017, St. Petersburg, FL, USA
Computers, 2017, 40(11): 2506-2518. New York: IEEE, 2017: 17614346.

HE2 E TR i 3 B 3 R 22 ) 2% 1 i . . ..
W R T IR A B 2 0 24 119 11 i [15] LiuY, Chen X, Cheng J, et al. Infrared and visible
A > Fo L ornp_or

a L. HSERLAAR, 2017, 40(11): 2506-2518. image fusion with convolutional neural networks[]J].

(5] LiH, WuX]J, Kittler J. Infrared and visible image International Journal of Wavelets, Multiresolution
fusion using a deep learning framework [C] // 2018 and Information Processing, 2018, 16(3): 1850018.
24th International Conference on Pattern Recognition [16] Ma J L, Zhou Z Q, Wang B, et al. Infrared and
(ICPR), August 20-24, 2018, Beijing, China. New visible image fusion based on visual saliency map and
York: IEEE, 2018: 2705-2710. weighted least square optimization [ J]. Infrared

[6] LiuY, Chen X, Peng H, et al/. Multi-focus image Physics & Technology, 2017, 82: §-17
fusion with a deep convolutional neural network[]J]. [17] Zhang Y, Zhang L J, Bai X Z, et al. Infrared and
Information Fusion, 2017, 36: 191-207. visual image fusion through infrared feature

(7] Prabhakar K R, Sai Srikar V, Babu R V. DeepFuse: extraction and visual information preservation [J].
a deep unsupervised approach for exposure fusion Infrared Physics & Technology, 2017, 83: 227-237.
with extreme exposure image pairs [C] /2017 IEEE [18] Chen M S. Image fusion of visual and infrared image
International ~ Conference on Computer Vision based on NSCT and compressed sensing[J]. Journal
(ICCV), October 22-29, 2017, Venice, Italy. New of Tmage and Graphics, 2016, 21(1): 39-44.

York: TEEE, 2017: 4724-4732. WRACE. 4id NSCT RS EUA 2140 5 71 0Ot I 4

[8] He KM, Zhang X Y, Ren S Q, et al. Deep residual

learning for image recognition [C] // 2016 IEEE

1015001-9

AL HEBEREEAMR, 2016, 21(1): 39-44.



