
































with increasing dimensionality. In this case, the data set
series was denoted by D(100).d(z).0(2).U(1.6), where
x denotes the changing variable. The dimensionality
is illustrated on the X-axis, whereas the error is illus-
trated on the Y-axis. The errors (per dimension) on the
unsharpened data do not change much with increasing
data dimensionality. However, the errors reduce signif-
icantly with increasing data dimensionality, because a
greater number of dimensions are now available in order
to reduce the errors and uncertainty in the correlation-
based sharpening process. Since high dimensional data
sets are quite common in real applications, this is quite
promising for the utility of the sharpening method.

In Figure 18, we have illustrated the error level of
the data set with increasing number of data points.
In this case, the data set series was denoted by
D(2).d100.6(2).U(1.6), where = denotes the changing
variable. The number of data points are illustrated on
the X-axis, whereas the error is illustrated on the Y-axis.
As in the previous case, the errors on the unsharpened
data do not increase with data set size. However, the er-
rors on the unsharpened data reduce considerably with
data size. This is because of the intermediate steps is ap-
proximate covariance estimation which is most accurate
with increasing data size. While the accuracy increased
considerably with increasing data size, it is interesting
to see that the sharpening process continues to be effec-
tive even for very small data sets containing only 500
points. This illustrates the robustness of the sharpening
method.

4 Conclusions and Summary

In this paper, we presented a method for multidimen-
sional sharpening of uncertain data sets. The pro-
cess of sharpening improves the quality of the under-
lying representation by using the correlation informa-
tion which is usually available in the underlying in-
formation. Since most real data sets have underlying
inter-attribute correlations, this means that the tech-
nique is usually quite helpful in improving the accuracy
of representation. Our results show that the technique
not only improves the mean of the representation, but
also reduces the variance of the underlying uncertainty.
Furthermore, the technique continues to be effective on
relatively small data sets, whose statistical parameters
are often difficult to estimate accurately because of the
underlying uncertainty. Our results show that the tech-
nique is extremely effective on a wide variety of data
sets, and improves with increasing data set size and di-
mensionality.
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