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Target differential attention and Transformer algorithm for
infrared and low-light image fusion

Chen Guangqiu Dai Yuhang Duan Jin Huang Dandan

(School of Electronics and Information Engineering, Changchun University of Science and Technology, Changchun 130022, China)

Abstract: Aiming at the problems of spectral information missing and target edge blurring in current infrared and low light level image
fusion algorithms, a target difference attention algorithm and Transformer fusion algorithm for infrared and low light level image fusion are
proposed. Firstly, a low-light level reconstruction network is constructed by using residual structure, and the perception loss is
constructed by using VGG-16 to preserve the background texture and brightness information in the low-light level image to the maximum
extent. Then, the feature extraction network is constructed by combining CNN and Transformer to extract the complete features of the
image. At the same time, in the target differential attention module, the difference operation and feature extraction are carried out on the
infrared image and low-light image, and the obtained infrared differential image is enhanced by the channel attention mechanism. Then
the output feature map of CNN feature extraction network is added element by element to enhance the infrared target feature. Then, the
high frequency and low frequency information of features are captured by gradient retention module to improve the retention of texture
details. Finally, the feature reconstruction network is used to reconstruct the fused image. The experimental results show that the fusion
results are not only more consistent with the human visual system, but also the objective evaluation indexes of MI and VIF are increased
by 44. 6% and 21.2%, respectively, compared with other fusion methods.
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Fig. 8 The first set of fusion image comparison results of the LLVIP dataset
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Table 1 Comparative results of the first set of objective evaluation indicators of fusion images in LLVIP dataset

Rk EN SF SD AG NAVE cC
CVT 5.900 0 10.727 9 25.227 1 2.734 2 0.030 0 0.768 6
Wavelet 5.620 8 6.706 0 22.1022 1.706 4 0.087 0 0.784 1
U2Fusion 4.984 4 9.0823 22.3422 2.0417 0.037 4 0.763 4
DenseFuse 6.1352 9.445 8 30.261 0 2.428 6 0.029 3 0.786 3
FusionGAN 5.749 2 7.4017 25.388 2 2.070 3 0. 086 4 0.691 1
IFCNN 5.667 2 11.221 6 25.2327 2.862 0 0. 020 7 0.772 9
TarDAL 1.463 9 10.759 9 23.0229 2.1249 0.042 4 0.457 9
TDATFuse 6.715 4 15.765 3 32.936 8 4.859 5 0.026 7 0.784 4
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Fig. 9 The second set of fusion image comparison results of the LLVIP dataset
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Table 2 Comparative results of the second set of objective evaluation indicators of fusion images in LLVIP dataset

RS EN SF SD AG NAPF cc
CVT 6.343 2 10. 836 1 28.682 1 2.947 0 0.027 5 0.8343
Wavelet 6.186 1 6.627 0 26.721 8 1.843 8 0.058 5 0.8189
U2Fusion 5.8950 9.5923 29.309 4 2.489 2 0.025 7 0.823 4
DenseFuse 6.557 6 8.884 2 31.988 3 2.5029 0.029 8 0.836 5
FusionGAN 6.305 7 8.187 2 27.540 5 2.203 7 0.056 9 0.758 1
IFCNN 6.290 6 11.126 6 28.775 2 3.0159 0.019 1 0.836 7
TarDAL 2.9537 12.383 2 25.574 5 2.926 7 0. 040 0 0.5829
TDATFuse 6.813 8 13.487 8 34.213 6 3.9423 0.025 3 0.859 6
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Fig. 10 The first set of fusion image comparison results of the M3FD dataset
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Table 3 Comparative results of the first set of objective evaluation indicators of fusion images in M3FD dataset

Bk EN SF SD AG NAPF cC
CVT 6.833 6 11.795 6 30. 646 6 3.1392 0.020 0 0.847 8
Wavelet 6.687 1 6.492 1 28.707 1 1.738 2 0.059 3 0.862 8
U2Fusion 6.941 3 10.422 7 34.848 2 3.078 9 0.015 1 0.861 8
DenseFuse 6.865 6 7.6225 33.526 4 2.070 5 0.039 8 0.864 8
FusionGAN 6.4770 7.3550 26.491 8 1.773 3 0.0559 0.8158
IFCNN 6. 898 4 12.661 6 33.9251 3.458 4 0.013 6 0.8535
TarDAL 6.130 0 11.770 1 20.758 1 3.328 4 0.032 6 0.746 1
TDATFuse 7.108 2 14.815 3 37.657 5 3.6879 0.014 4 0.867 5

TDATFuse 5 H A& 557 M3FD $diE 4 LAY 2
AN LS RANE 11 iR, CVT Fl Wavelet filt& B P41
HEE FE S 114 57 1A W S M . U2Fusion 1Rl A 25 5 Mﬁ
HbR-5 15 500 b 5 R, (H 2 2T AE X 1Y) < S0 5%
ko FusionGAN 2T HE X 3 i) “ 3C 57 it & &% 2R L ﬂD

DenseFuse , {HEHE N 1 21 40 B Fr UL B 245 BRI AN
i, FLARYY B4 ™, IFCNN Bl & BUESUR B 8 ﬁ
BB AT TDATFuse, TDATFuse (4814 14 H.
WX L s TR E’Jﬁé’l‘ Hbrfs B, < A9 e jc
I, B ER IS A ARSI
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Fig. 11
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The second set of fusion image comparison results of the M3FD dataset
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Table 4 Comparative results of the second set of objective evaluation indicators of fusion images in M3FD dataset

Bk EN SF AG NABE CcC
CVT 6.737 2 10.543 9 28.017 2 2.7714 4 0.0225 0.847 8
Wavelet 6.480 9 6.000 1 25.326 9 1.558 7 0.079 8 0.863 8
U2Fusion 6.768 2 9.902 0 31.2127 2.8218 0.018 1 0.861 8
DenseFuse 6.709 8 7.3218 30.723 0 1.934 3 0.048 4 0.864 8
FusionGAN 6.505 7 7.508 2 27.8757 1.692 3 0.078 3 0.8158
IFCNN 6.907 7 11.184 6 32.792 0 3.0859 0.018 6 0.8535
TarDAL 6.064 1 9.877 6 23.934 2 2.0133 0.042 6 0.746 1
TDATFuse 6.917 0 12.129 3 33.237 5 3.065 1 0.026 2 0.864 6

ASCAEHBAT ) 7 B 5 TDATFuse 78 54 4
LLVIP F1 M3FD b 47 2 WAL F8 45 XF Lt 3550 . LLVIP
BRSE R & WITHr 78 br T e S2 08 B 4k I A 12 Fiow
AL 1, TDATFuse B RHR A RlG 25 SR 1 2 WIEAN 8 4

HOAEFE— AR K-

H# 5 A1, TDATFuse 7E40H54E LLVIP H1 EN SF |
SD \AG ,CC HIRFE b3 Ry e A8, 43 S b R AR A 32 7 T
1.16% 20. 64% 2. 55% 34.20% .0. 12% .
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x5 LLVIPHRENTFHEER
Table 5 The average quantitative value of the LLVIP dataset
Ak EN SF SD AG NAPF cc
CVT 6.454 0 10.948 1 27.898 6 3.004 3 0.025 2 0.787 2
Wavelet 6.2733 6. 669 4 25.422 8 1.881 8 0.054 0 0.802 0
U2Fusion 5.673 0 8.864 2 25.6450 2.349 9 0.027 8 0.788 9
DenseFuse 6.637 3 8.9355 32.540 0 2.5290 0.026 1 0.804 5
FusionGAN 6.250 8 7.501 3 25.022 3 2.018 9 0.055 4 0.717 2
IFCNN 6.3570 11.367 1 28.072°5 3.108 6 0.0159 0.796 0
TarDAL 2.505 4 11.614 7 25.207 9 2.796 4 0.040 1 0.532 4
TDATFuse 6.714 1 14.011 7 33.3711 4.171 6 0.022 3 0.805 5
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Table 6 The average quantitative value of the M3FD dataset

ik EN SF SD AG NAPF cC
CVT 6.847 1 13.774 0 32.048 8 3.739 9 0.0122 0.740 0
Wavelet 6.641 3 7.474 0 28.959 2 2.036 5 0.089 0 0.759 6
U2Fusion 6.945 1 12.258 1 37.004 3 3.636 2 0.013 6 0.765 4
DenseFuse 6.901 2 9.2711 35.893 5 2.5542 0.020 5 0.759 5
FusionGAN 6.539 0 8.757 4 27.597 9 2.1218 0.077 8 0.691 3
IFCNN 6.987 1 14.922 3 37.185 4 4.197 8 0.097 6 0.746 5
TarDAL 5.7172 10. 426 7 27.229°5 2.681 4 0.051 5 0.624 4
TDATFuse 7.038 2 15.839 1 37.4317 3.923 6 0.029 4 0.778 3

LLVIP¥ a4 M3FD##E4E

(f) TDATFuse

K14 JHERSLEEXT g

Fig. 14 The results of ablation experiment were compared
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Table 7 Objective evaluation index of LLVIP data set ablation experiment

TH AR EN SF AG NABF cC

TFENet 6. 650 6 11.966 8 32.403 4 3.6103 0.025 8 0.765 5
TDABlock 6.447 0 12.446 6 28.984 7 3.708 1 0.0310 0.713 7
w/0 Both 6.576 7 14.458 5 30.420 6 3.972 4 0.023 7 0.676 1
TDATFuse 6.714 1 14.011 7 33.3711 4.171 6 0.0223 0.805 5

%= 8 MJ3FD HiEERH M ZWIEM ISR

Table 8 Objective evaluation index of M3FD data set ablation experiment

TH AR EN SF AG NABE G

TFENet 6.826 7 14.428 2 36.199 2 3.673 1 0.037 3 0.765 9
TDABlock 6.838 9 14.281 8 35.154 8 3.665 9 0.040 9 0.788 6
w/ 0 Both 6.610 6 15.290 1 31.614 4 3.8050 0.045 8 0.747 4
TDATFuse 7.038 2 15.8391 37.4317 3.923 6 0.029 4 0.778 3
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