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Multi-focus Image Fusion Method Based on PCANet in NSST Domain

HUANG Xiao-sheng and XU Jing

School of Software Engineering, East China Jiaotong University , Nanchang 330013, China

Abstract The deep learning model based image fusion methods have attracted much attention in recently years. But the traditio-
nal deep learning model usually needs a time-consuming and complex training process and a difficulty parameters tuning process
on large datasets. To overcome these problems,a simple deep learning model PCANet based multi-focus image fusion method in
NSST domain is proposed. Firstly, multi-focus images are used to train two-stage PCANet to extract image features. Then, the in-
put source image is decomposed by NSST to obtain the multi-scale and multi-directional representation of the source image. The
low frequency subband uses the trained PCANet to extract its image features,and uses the kernel norm to construct an effective
feature space for image fusion. High frequency subbands are fused using the fusion rule of regional energy maximization. Finally,
the frequency coefficients fused according to different fusion rules are reconstructed by NSST to obtain a clear target image. The
experimental results show that the training and fusion speed of the algorithm is 43 % higher than that of the CNN-based method.
The average gradient,spatial frequency and entropy of the proposed algorithm are 5. 744,15. 560 and 7. 059 respectively, which
can be comparable to or superior to the existing fusion methods.

Keywords Multi-focus image fusion,Deep learning, PCANet, NSST,CNN
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Table 1 Comparison of results of each algorithm

Method ~ Time/s RMSE AG MEAN SF CORR S

CNN 60.685 0.986 5.605  97.67 15.55 0.999  7.037
WL 0.4618 9.542  2.929 97.64 6.755  0.977  6.976
NSCT 5.7433 2.809  5.343  97.74 14.74  0.998  7.019
NSST 73.478 2.071 5.623  97.23 14.97 0.998  7.031
CNN-NSST 96.793 1.401 5.643  97.86 14.89  0.999 7.032
proposed  34.232 1.582 5.744  97.63 15.56  0.998  7.059
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