






(a) Convex Hull Peeling Depth

(b) Halfspace Depth

(c) Delaunay Based Proximity Depth

Figure 8: Deepest 30% of the points of a bimodal distri-

bution highlighted with different depth measures. The tra-

ditional depth measures’ depth is biased towards the space

between distributions, while proximity depth measures rec-

ognize bimodality. The distribution is two normal clouds

with 250 points separated horizontally by 6 standard devia-

tions.

(a) Delaunay-Based Proximity Depth

(b) Gabriel-Based Proximity Depth

(c) β-Based Proximity Depth (β = .970)

Figure 9: Highlighted seeds for a bimodal data set comput-

ing with three proximity depth measures. The distribution

is two normal clouds with 250 points separated horizontally

by 6 standard deviations.



The average number of CH-point seeds was plotted
against the average deepest depth attained by the
point set (Figure 10). The locations of the points
indicate that the values β = .962 and β = .970 best
approximate the performance of Delaunay Depth for
these two characteristics. The weakness of the GG (1-
skeleton) is also visible, as it finds many more seeds in
a unimodal data set than the other graphs.

Figure 10: Performance comparison of proximity-depth

schemes for 300 normally distributed unimodal point sets

with 400 points. A low average number of seeds and a high

average number of deepest depth values is desirable. The

.962-skeleton and .970-skeleton perform most similarly to

the DT The weakness of the GG (1-skeleton) is also visible

here, as it finds many more seeds than the other graphs.

6 Non-Elliptic Underlying Distributions

We tested the behavior of depth functions on point sets
that did not follow an elliptic distribution. It is desirable
that the depth contours will be indicative of the shape
of the data cloud. However, for most depth functions,
this does not hold. In fact, the four desirable properties
of depth functions, as suggested by statisticians as a tool
to analyze and evaluate depth functions [34, 60, 61, 20]
assume that the underlying distribution is unimodal and
that the ordering of the points is center-outward.

When the cloud is not round, as in the square
uniform plot from Figure 1(a), the depth contours are
still round, when they should be more rectangular to
match the shape of the data.

If the data points are not in a convex position,
but follow a banana-like shape, as in Figures 11(a) and
11(b), none of the depth functions capture this shape,
not even the proximity graph depth functions which are
not convex. We are currently working on a version of
the proximity graph depth that will handle this type of
distribution.

(a) Halfspace Depth

(b) Delaunay-Based Proximity Depth

Figure 11: 30% deepest points highlighted where the

underlying data set is distributed in non-convex position.

Traditional depth measures bias towards the inside center of

the curve, while proximity-based depth measures have much

less bias, and can better represent shape.

7 Future Work

Depth Explorer has great potential as a tool for
evaluation and analysis of depth functions, and the work
presented here just scratches the surface. Our goal is to
continue exploration of depth functions using this tool
and to make it publicly available and more user-friendly,
such that other researchers, especially in the statistics
community, can make use of it.

7.1 Depth Explorer for Analysis of Real Life
Data
Application of the data-depth concept to real-life data
have been suggested by statisticians for a while. Many
of them are two-dimensional graphs that visualize sta-
tistical properties of high-dimensional data sets. The
flexible architecture of Depth Explorer can be aug-
mented to compute and display these graphs

• The multivariate nature of data depth yields simple
two dimensional graphs for high dimensional data
sets, that can be easily visualized and interpreted
[36]. Examples include scale curves as a measure of
scale/dispression, tracking how the depth contours



expand; shrinkage plots and fan plots as a measure
of kurtosis, the overall spread relative to the spread
in the tail; and depth vs. depth (DD) plot to com-
pare variation between two sample distributions.

• The bagplot [50] 3 is a visual tool based on the
half-space depth function that is indicative of the
shape of a two dimensional data set. It includes
a bag, the contour containing the n/2 observations
with largest depth. Magnifying the bag by a factor
3 yields the fence, where observations outside the
fence are flagged as outliers. The bagplot is an
affine invariant and robust visualization tools for
the location, spread, correlation, skewness, and
tails of a two dimensional data set.

• The robust nature of the data depth concept makes
it appropriate to serve as a robust classification
and cluster analysis tool. Rousseeuw et al. [52]
suggest using the volumes of the depth contours
that contain α of the points of each cluster (for
a constant α) to classify a data point to a given
cluster or to partition a given set into a number of
clusters. Jörnsten, Vardi and Zhang [27] introduced
the Relative Data Depth, ReD, based on the L1

depth as a validation tool for selecting the number
of clusters and identifying outliers, in conjunction
with an exact K-median algorithm. The concept
was tested on several real-life data sets [26].

7.2 Technical Enhancements
On the technical side, work will concentrate on the
following directions:

• Depth Explorer is currently limited to two di-
mensional visualizations and data. Since many of
the computations extend trivially to three or more
dimensions, support for two dimensional visualiza-
tions on higher dimensional data is under devel-
opment. Later extending the software to support
three dimensional visualizations will be a priority,
however, a three dimensional interface will require
careful consideration and much development. This
will be a major focus in the ongoing development
of Depth Explorer.

• Massive improvements to the editor interface in-
cluding direct integration with online help and au-
tomatic highlighting of XML errors. A live preview
of the data distribution will be added, eliminating
the current back and forth nature of constructing
a scene.

3The Sunburst plot [36] is a similar visual tool.

• The process to add a new data generator, modifier
or visualizer is currently very simple. Steps need to
be taken to further simplify this process and fully
document it. The goal is to make it nearly trivial
to expand the functionality of Depth Explorer
within the render tree framework.

• Additional visualization types, For example: color-
ing points for clustering visualizations according to
membership; shading regions of depth rather than
outlinining or highlighting them; points displaying
their numerical depth value as they are moused
over.

• The current tool is single-threaded and cannot
take advantage of the recent push for dual core
processors on the desktop. Making the render
process parallelizable will decrease render time,
especially as the size of the render increases.

• Support of additional platforms other than Mac OS
X including Microsoft Windows. Depth explorer
has been developed with portability in mind, how-
ever, as development resources are limited, devel-
opment and testing on additional platforms may be
a secondary priority for the immediate future.
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