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Introduction
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Fig. 1. The framework of the compression algorithm

In dictionary learning, the proposed EOMP and QKSVD algorithms are applied to learn the
corresponding dictionaries and quantization tables to those clusters by optimizing Eqg. 1 and Ea.
2 iteratively, and all learned dictionaries and quantization tables are concatenated into a
universal dictionary and a merged guantization table respectively.

A = argmin{||S — DA||Z — np” logp}
A (1)

S.t. ”Cl.j”o < kmax

D = argmin||S — D - Q(A)II? o
s.t. ||a.j||0 < kmax

Here, S is the ensemble of mean-subtracted patches, D is the dictionary, A is the ensemble of

sparse reconstruction coefficients, a.; Is the jt" columnin 4, k,,,, is the sparsity constraint, p is

Fig. 2. from left to right and top to bottom, it's the baboon, boat, cell, couple, elaine,
lena, man, peppers, photography, and satellite respectively.

The PSNRs of the ten test images compressed at different bit rates were given In Table 1. It
shows that JPEG-2000 and KSVD have a similar performance, and the proposed algorithm
achieves the highest PSNR on six out of ten test images when the bit rate is low.

Table 1. The PSNRs of the ten images compressed by JPEG (top left), JIPEG-2000 (top
right), KSVD(bottom left) and the proposed algorithm (bottom right) at different bit rates.
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Fig. 3. (&) Original test image Baboon and its compressed versions
generated by (b) JPEG, (c) JPEG-2000, (d) KSVD and (e) the
proposed algorithm.

Conclusion

performance than the benchmark JPEG, JPEG-2000 and KSVD algorithms.

In this paper, we present a novel dictionary learning-based image compression approach, which employs
the newly designed EOMP and QKSVD algorithms. Our pilot results suggest that the proposed approach is able to achieve better image compression
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