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Medical image fusion based on sparse representation
QIU Hong-mei LI HuaHeng YU Zheng-tao

(Faculty of Information Engineering and Automation Kunming University of Science and
Technology Kunming 650500 China)

Abstract: In the traditional K order singular value decomposition (KSVD) -based methods the dictionary learning
process is time-consuming and the learned dictionary can’ t represent the source images well. Therefore a novel
dictionary learning method is proposed for the medical images fusion problem. In which these image blocks with
rich energy feature and detail information are firstly filtrated to form the training set and the dictionary is learned
from the training set. Next the sparse model is constructed according to the learned dictionary and the sparse
coefficients are solved by the orthogonal matching pursuit(OMP) algorithm. Finally the ‘max absolute’ rule is
employed to obtain the fused coefficient and the final fused image is obtained. The experiment has verified that the
proposed method is effective for different medical images.
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1 3
4 5 6
MI QABIF VIF MI QABIF VIF MI QABIF VIF
DWT 1.6799 0.5399 0.2068 2.7442 0.4330 0.1793 1.8028 0.4742 0.1530
SWT 1.9247 0.6409 0.2612 2.9154 0.4948 0.2205 1.9552 0.5342 0.1898
NSCT 2.0603 0.6829 0.2786 2.9487 0.5080 0.2263 2.0039 0.5593 0.1969
NSCT-SR 2.5448 0.7028 0.3002 3.6544 0.5689 0.2828 2.0436 0.5530 0.2001
JCPD 2.9980 0.6485 0.2935 3.4545 0.5911 0.3112 2.2627 0.5600 0.2397
ASR 2.7401 0.7014 0.3018 3.2929 0.5269 0.2744 2.2155 0.5467 0.2816
3.6472 0.7102 0.3040 4.2299 0.6263 0.3589 2.7884 0.6284 0.2456
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