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Summary.

Evaluation of syntheses or simulated data is often done subjectively through visual comparisons with
the original samples. This subjective evaluation is particularly dominant in the area of texture modeling
and simulation. In order to objectively evaluate the similarity (or difference) between original samples
and syntheses, we propose an approximation for the Kullback-Leibler distance based on Edgeworth
expansions (EKLD). We use this approximation to study the sampling distribution of the original and
synthesized images. As part of our development, we present numerical examples to study the behavior
of EKLD for sample mean distributions and illustrate the advantages of our approach for evaluating the
differential entropy and choosing the least statistically dependent basis from wavelet packet dictionaries.
Finally, we introduce how to use EKLD in statistical image processing to validate synthetic representa-

tions of images.

Keywords: differential entropy, cumulants, least statistically dependent basis, wavelet packet dictionary,

image processing.



2 J.J. Lin; N. Saito; R.A. Levine

1. Introduction
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2. Kullbac k-Leib ler Distance
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3. Sample Cumulants



10 J.J. Lin; N. Saito; R.A. Levine

4. Numerical Examples

4.1. The neg-entropy of the sample mean distribution
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Table 1. Four discrimination cases and the corresponding Kullback-Leibler

Distance

Table 2. Four theoretical formula of Kullback-Leibler Distances

4.2. The discrimination based on the EKLD



12 J.J. Lin; N. Saito; R.A. Levine

Table 3. Four theoretical Kullback-Leibler Distances

4.3. Calculation of the differential entropy
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5. Image Analysis

5.1. LSDB from the local basis dictionaries
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5.2. Image Synthesis Validation via Edgeworth KLD
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Ackno wledgment

Appendix A: Covariant and Contra variant System
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Appendix B : Properties of Hermite polynomials
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Table 4. Numerical results of ( , theoretical value).

Table 5. 2-dim numerical results of

Table 6. 3-dim numerical results of
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Table 7. 4-dim, 5-dim, 8-dim numerical results of with identity covariance.

Table 8. The 90% con dence interval for the EKLD of the INGA, PCA and ICA.
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Fig. 1. neg-entropy of the sample mean from different distributions.
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Fig. 2. EKLD between the sample mean from “large” and “small” distance.
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Fig. 3. Comparison of LSDB chosen by using density estimation and Edgeworth Expansion with order
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Fig. 4. Resampling of the “cigar” data by INGA, PCA and ICA. The rst row left to right: original samples;
resamples by INGA; The second row left to right: resamples by PCA and ICA.
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original image Synthesis by INGA
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Fig. 5. The spike process simulation ( ). The rst row left to right: original samples; resamples by INGA;

The second row left to right: resamples by PCA and ICA.

Fig. 6. Simulations of the eye image database by INGA and PCA. The rst row left to right: original samples;
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resamples by INGA; The second row left to right: resamples by PCA and ICA.
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