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Infrared and Visible Image Fusion Cross-modality Contrastive Representation Network Based on
Rolling MLP Feature Extraction

YAN Zhilin and NIE Rencan

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract At present,in the fusion of infrared and visible image, dataset lacks the real fusion image to guide the important diffe-
rence information of the two modes required for the final fusion image. Most of the existing fusion methods only consider the
tradeoff and interaction of the source image.ignoring the role of the fusion image in the fusion process. The important information
in the fusion image can constrain the difference information of the source image. Therefore, this paper proposes CRN to better
guide the extraction of important information in the source image required by the fused image. At the same time,improving the
quality of fusion image reconstruction can further strengthen the guidance of important feature information of source image. The
quality of the reconstructed image is related to the extracted features. Among existing feature extraction methods, CNN has poor
performance in capturing global features,while Transformer has high computational complexity and poor learning ability of local
features. On this basis,a CNN module D2 Block combined with MLP is introduced, which can effectively extract and fuse local
features and remote dependencies by rolling feature mappings in different directions. A large number of qualitative and quantita-
tive experiments on several public data sets show that the proposed method achieves better results than other advanced methods.

Keywords Image fusion.Contrastive representation learning, Feature extraction,Deep learning, Autoencoder
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Table 1 Average quantitative results on MSRS, M3FD and TNO datasets for different methods
Methods MSRS M3FD TNO
VIFP Qy QABF NMI VIFP Qy QABF NMI VIFP Qy QABF NMI
DATFuse 0.4511 0.8608 0.6394  0.6000 0.3222  0.8777 0.4935 0.6239 0.3398  0.7035 0.3665 0.4705
LRRNet 0.2220  0.4121 0.2674 0.3383 0.2232  0.5675 0.2732  0.4572 0.2423  0.6153 0.3369 0.3268
LDRepFM 0.4261 0.5977 0.4852 0.4846 0.4285 0.7215  0.5404  0.5389 0.3646  0.7410  0.4382  0.4313
SeAFusion 0.4874 0.8952 0.6653 0.5917 0.2927 0.6550 0.5067 0.4435 0.3031 0.7155 0.4226 0.3803
SSL-WAEIE 0.4487 0.8901 0.6219  0.6054 0.3726 0.8610  0.5259  0.6402 0.4262  0.8323 0.5157 0.5646
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MSRS M3FD TNO
Methods - " "
VIFP Qy QABF NMI VIFP Qy QABF NMI VIFP Qy QABF NMI
SwinFuse 0.1768 0.2915 0.1753 0.3306 0.3905 0.7253 0.5384 0.4459 0.3334 0.7103 0.4163 0.3614
SwinFusion 0.3565 0.7866 0.6029 0.3660 0.2994 0.6529 0.5188 0.5293 0.3746 0.8576 0.5209 0.4873
U2Fusion 0.2649 0.5689 0.4076 0.3425 0.3422 0.7530 0.5573 0.3993 0.3029 0.7148 0.4264 0.2792
UNFusion 0.4728 0.8883 0.6513 0.6366 0.3901 0.8747 .5514 0.5866 0.4506 0.8618 0.5364 0.5423
SDDGAN 0.3325 0.6032 0.3757 0. 3666 0.2905 0.6483 0.3508 0.4555 0.2779 0.6599 0.3323 0.3253
SDNet 0.2474 0.5539 0.3726 0. 3063 0.2915 0.7358 0.5294 0.4677 0.2884 0.7230 0.4270 0.3296
GF 0.3850 0.7952 0.5828 0.4057 0.2828 0.6526 0.4553 0.4137 0.2660 0.6588 0.3849 0.3178
GANMcC 0.3137 0.6291 0.3298 0. 3866 0.2734 0.6251 0.3199 0.4122 0.2707 0.6369 0.3119 0.3212
Ours 0.4967 0.9327 0.6834 0.9342 0.4287 0.9008 0.5541 1.0161 0.5274 0.8795 0.5601 0.9613
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Table 2 Average metrics of different parameters

Parameters VIFP Qy QABF NMI
125 0.4967 0.9327 0.6834 0.9342
150 0.5092 0.9169 0.6845 0.9059
175 0.4988 0.9052 0.6675 0.8451
200 0.5043 0.9306 0.6846 0.8973
225 0.5014 0.8862 0.6692 0.8919
4.5 HREWSH

Sy Y I A SO0 2% 235 4 R4 5% R B A RHE L 7E MSRS
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Table 3 Ablation study of network structures and loss functions on
MSRS dataset
Metrics

Version -
VIFP Qy QABF NMI
No D2Block 0.5016 0.9054 0.6713 0.9169
No Ly 0.4998 0.9002 0.6732 0.8749
Ours 0.4967 0.9327 0.6834 0.9342

4.6 BRI KRS0
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Table 4 Object detection results on MSRS dataset

Methods Precision Recall mAP@[0.5:0.95]
DATFuse 0.921 0.814 0. 589
LRRNet 0. 888 0.787 0.557
LDRepFM 0. 940 0.792 0.579
SeAFusion 0. 860 0. 848 0.583
SSL-WAEIE 0.922 0. 780 0.516
SwinFuse 0.802 0.796 0.524
SwinFusion 0.892 0. 840 0.564
U2Fusion 0. 856 0. 849 0. 560
UNFusion 0. 887 0.784 0.545
SDDGAN 0.927 0.793 0. 560
SDNet 0.913 0.779 0.565
GF 0.784 0.750 0.496
GANMcC 0. 855 0.874 0. 587
Ours 0.944 0. 804 0.608
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