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Abstract

In this paper we show how a self-organizing Kohonen
neural network can use hyperellipsoid clustering (HEC)
to build maps from actual sonar data. Because the HEC
algorithm uses the Mahalanobis distance, the elongated
shapes (typical of sonar data) can be learned. The Maha-
lanobis distance metric also gives a stochastic measure-
ment of a data point’s association with a node. Hence,
the HEC Kohonen can be used to build topographical
maps and to recognize its own topographical cues for self-
localization. The number of nodes can also be regulated
in a self-organizing manner by using the Kolmogorov-
Smirnov (KS) test for cluster compactness. The KS test
determines whether a node should be divided (mitosis)
or pruned completely. Because fewer nodes are needed
for an HEC Kohonen than for a Kohonen that uses only
Euclidean distance, the data size is smaller for the HEC
Kohonen. Relative to grid-based approaches, the savings
in data size ts even more profound. By incorporating
principal component analysis (PCA), the HEC Kohonen
can handle problems with several dimensions (3-D, time-
series, etc.). The HEC Kohonen is also multifunctional
in that it accommodates compact geometric motion plan-
ning and self-referencing algorithms. It can also be used
to solve a host of other pattern recognition problems.

1 Introduction

It is proposed that an ideal map building algorithm
has the following characteristics: 1) Self-organizing; 2)
Multifunctional (within, and outside of, the environment
representation problem); 3) Small data requirements; 4)
Low computational complexity; 5} Updatability; and 6)
Unlimited dimensions (R?, R3, time-series, etc.). Few,
if any, current models satisfy all of these requirements
simultaneously. In this paper we explore a model that
incorporates the self-organizing characteristics of the Ko-
honen neural network [10, 11], the stochastic metric
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of hyper-ellipsoid clustering (HEC) [2, 12, 14, 15] and
the compactness of geometric environment representa-
tion [6].

1.1 Geometric vs Cellular Representation

Grid-based certainty maps are widely used to store
and maintain occupancy information because they are
easy to build and maintain [17]. However, certainty grids
are known to have large data requirements. In fact, data
requirements for certainty grids of global maps and/or
R3 environments can still be prohibitive [4, 16]. Cer-
tainty grids are also subjective since resolution and max-
imum region dimensions must be determined a priori.
Finally, it is difficult to assess object surface information
from a cellular model.

Geometric representations, on the other hand, have
been difficult to build, particularly on the basis of a
stochastic occupancy. But geometric representations are
significantly more compact, less complex and fully com-
patible with high- and low-level motion planning and
self-referencing approaches [4, 6]. With higher dimen-
sions, the geometric model data requirements become
exponentially smaller than the cellular model data re-
quirements.

@

Figure 1: From left to right: (a) Sonar data, (b) certainty
grid, (c) high-resolution Kohonen node configuration us-
ing Euclidean cost function, (d) low-resolution Kohonen
node configuration using Euclidean cost function, and (e)
Kohonen node configuration using Mahalanobis distance
cost function.




1.2 Significance of the Stochastic Metric

Stochastic models are important utilities in decision
theoretic problems like motion planning, topographical
mapping, place recognition and sensor estimation {9, 17].
They provide a probabilistic value that can depend on
the frequency of occurrance, position, orientation, a pri-
ori and a posteriori predictions, etc. The HEC algo-
rithm recently introduced by Mao and Jain [12] utilizes
competitive learning and the Mahalanobis distance met-
ric to stochastically model shape information of learned
clusters (like mapped sonar data). Unlike the Euclidean
distance metric, the Mahalanobis distance can estimate
shapes of elongated data. The Mahalanobis contours
can also be used to represent varying certainties of ob-
ject presence and/or shape {for motion planning, sensor
prediction and place recognition).

1.3 Self-Organization and Updatability

To be “autonomous”, a mobile robot must be capable
of organizing its sensor- and time-based data. It must
be capable of deciding where it is inside the environ-
ment it modeled, as well as, when and how an update
should occur. Perhaps the best example of a vector-
based self-organizing map is the Kohonen neural network
[11]. The Kohonen neural network allows local updating.
It also permits nodes (which can represent topographi-
cal cues) to be freely added and/or removed. The HEC
utilizes the Kolmogorov-Smirnov (KS) test to determine
the compaciness of a data cluster [13], and decide if a
node should be divided (mitosis) to better model what
might be two different clusters. The KS test can also be
used to determine if a node should be pruned.

1.4 Unlimited Dimensions

An ideal model should accommodate an R® mapping
of objects without adversely impacting the data size
or complexity. It should also accommodate the time-
dimension since it can be used for both the time-series
mapping and the exponential decay of an object’s posi-
tion certainty [3]. Finally, it should be flexible enough
to allow data from a host of sensors (each type having
its own dimension(s)) so that it can be easily integrated.
The HEC employs principal component analysis (PCA)
to estimate the hyperellipsoidal shapes of clusters. The
PCA learning algorithm is an iterative model that com-
putes the cluster eigenvectors while ensuring orthonor-
mality for architectures of any dimensionality. We found
the PCA model in [2, 14] faster and more reliable than
Mao and Jain’s PCA model [12].

1.5 Data Size & Computational Complexity

When queried about the obvious voracious consump-
tion of RAM, the common response from researchers that

use grid-based approaches’is, “Memory is cheap, CPU’s
are fast, smile.” But the truth is, mobile robots can
have much more to do than map-building, motion plan-
ning and self-localization. There is still ample room for
improvement in these tasks alone. So, in general, there is
never an excuse for not looking for smaller data require-
ments and lower algorithmic- and/or time-complexities,
provided functionality is preserved.

1.6 Maultifunctionality

A general solution is typically the better solution.
That is, a model that can be used to solve a variety of
problems is typically worth more than dedicated models.
This is especially true for platforms like mobile robots
since power, memory and computational capabilities are
limited. Part of the reason neural networks have be-
come so popular is that they use a single math model to
solve a wide variety of problems. For the environment
representation problem, we want a compact model that
allows for efficient sensor-based map-building, updata-
bility, motion planning, self-referencing, etc. Qutside the
environment representation problem, we want a similar
model for other pattern recognition or control problems,
reasoning and maybe even creative processes.

It was shown in [6] that traversability vectors (t-
vectors) are a simple, multifunctional math model that
detect collisions between paths and polygons, collect geo-
metric beacons, identify Euclidean optimal paths around
polygons and identify which features of a geometric bea-
con are visible to sensors. T-vectors work in static
and dynamic environments, and they have been shown
to significantly reduce the data size and complexity of
roadmap networks. It will be shown that the HEC Ko-
honen neural network complements the t-vector model
{and any other geometric- or topographical-based motion
planner or self-referencer) model by generating polygo-
nal obstacles that conform to probability contours man-
ifested by the Mahalanobis distance.

Figure 2: HEC Kohonen nodes with path polygons fit to
80% confidence level contour.
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2 The HEC Kohonen Neural Net

A HEC Kohonen neural network has been imple-
mented on actual sonar data. This section high-
lights the HEC learning algorithm as we imple-
mented it in a Kohonen neural network.  Some
of our notation is taken from the work by {2, 12,
15, 14]. Given a set of n sonar data points
in a d-dimensional space, {a":i|a':i € Ri= 1,2,...,n},
we assign Z; to one of the K network nodes,
{Mip|Mir € {0,1};¢=1,2,..n;k=1,2,...,K}, where
M = 1if %; is assigned to the k*® node, and M;; = 0
otherwise.

2.1 The Regularized Mahalanobis Distance

The metric used for vector quantization is referred to
as the regularized Mahalanobis distance [12].

Dpa (&, ) = (8 — mg)” C7™ (& — ) (1)

where my is the cluster centroid and C_'k_ s referred to
as the regularized inverse of the covariance matrix Cy, for
the k** node cluster.

Cit*=(1-p)(Cy +EI)_1+pI (2)

The identity matrix I and covariance matrix Cy are
both d x d. The parameters, p and ¢ are used to stabilize
the training process: p is used to weight the Euclidean
distance and Mahalanobis distance in Dgrar; ¢ is used
to prevent singularities in Cy. When p = 0 and ¢ = 0,
Dppr becomes the squared Mahalanobis distance. When
p = 1, Dgrpr becomes the squared Euclidean distance.
When 0 < p < 1 Dgyps is a linear combination of the
squared Mahalanobis distance and Euclidean distance.

The Euclidean distance, Dg, is included in (1) be-
cause it is a reliable metric for early stages of self-
organized training. It can remain a significant part of
the recall metric if one so desires. But in the early stages
of training, Dg is used to seat nodes over areas of most
activation. Regardless of the value of p, the Mahalanobis
distance, Dy, is computed each epoch. Hence, even if
vector quantization relied solely on Dg, the stochastic
information contained in Dps. 1s still available.

Ideally, though, Dgp becomes more dependent on
Dy as training continues. This is because the purely
Euclidean distance metric tends to split elongated clus-
ters. On the other hand, immediately relying on the
Mahalanobis metric can cause one node to absorb sev-
eral smaller clusters. This leads to unusually large (or
unusually small) clusters. The regularized Mahalanobis
distance attempts to strike a balance between these two
properties and, thus, thwart the production of unusually
large or unusually small clusters.

2.2 The Whitening Transform

To overcome the computational issues involved with
computing Cp 1*, the Mahalanobis distance between &;
and my is “whitened” with the transformation,

Dume (Zi, mr) = DE (fix, Ok) (3)

where
v = Ay @y 4)
U = A;l/z@k'ﬁlk (5)

Eigenvalues Atj,7 = 1,2, ...,d of the buffered covariance
matrix (C_'k) are stored in Ay = diag {Ap1, Ak2, .-, Akd} +
el. The eigenvectors w;) are stored in the eigenvector
matrix ®; = {@1, Dag, ..., ﬂ)dk}T. The d rows of @, are
eigenvectors corresponding to the d eigenvalues in Ag.

The whitening transform simply projects #; onto the
axes of the ellipse and scales the projection by Ay to
make Dy, common to the purely Euclidean distance
Dg. By projecting Z; onto the whitened space and com-
puting the Euclidean distance in the whitened space,
the regularized distance becomes a weighted sum of two
Euclidean distances: one in the original input space
(weighted by p) and the other in the whitened space
(weighted by 1 — p). Each node cluster has its own
whitening transform that depends on the points Z; be-
longing to it.

2.3 Competitive Learning

So now the total signal intensity for the k*® node is
measured by

d d
Di=(1-p) Y (vik —yix) +p Y (mjx —zjx)* (6)

j=1 i=1

The node with the smallest Dy, is considered the win-
ning node 2y for the data point ;. In our HEC Kohonen
software, the total error for the winning node, 2, is in-
creased by Dy ... Also, the data point #; is added to
a list of data points X belonging to z;. The point list
X has four functions: 1) It is used in the PCA learn-
ing mode to compute ®; and Ag; 2) It is used in the
Kolmogorov-Smirnov test for compactness; 3) It is used
to locally train nodes that are split to better fit non-
compact clusters; and 4) A subset of Xj can be saved
with the node weights so that subsequent update learn-
ing will be biased by the previously learned points.
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Figure 3: Cybermotion K2A and Nomad 200.

3 Map Building with the HEC Kohonen

Mentioned in [5, 8] we used two differently configured
mobile robots (shown in Figure 3) to autonomously ex-
plore and learn ten regions of our building (using a differ-
ent kind of neural network). Each robot explored the ten
rooms six different times, collecting and mapping sonar
data. Figure 4 shows an example data set.
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Figure 4: Actual sonar data collected by Lola.

3.1 Architecture and Parameters

As an example application, we use the HEC Kohonen
neural network to learn the mapped sonar data shown
in Figure 4. There are 3000 data points in Figure 4.
In previous work using a Kohonen neural network with
the Euclidean distance metric, we needed 440 nodes to
accurately model the shape of a room [7]. With the
HEC Kohonen, we were able to reduce the number of
nodes to less than 26. Before training, the nodes were
initialized to coordinates uniformly distributed over the
area bounded by the minimum and maximum z- and y-
locations of the collected sonar data. Our regularization
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parameter was initialized to p (0) = 1 and set to decrease
at a rate of Ap = 0.05 until it reached a minimum value
of pmin = 0.0.

90% Corfidense Laval Contours

s & % B 8% 8 8 8

20

Figure 5: 25 HEC clusters and retained data points after
100 epochs of training.

To reduce the number of dormant nodes (nodes that
are never selected as a winner), each node was initially
given four neighbors to update at a fraction of the dis-
tance of the winning node. Neighborhood models are
excellent for pulling dormant nodes towards areas of ac-
tivity. The neighborhood sizes were linearly reduced to
zero neighbors after the 16™* epoch.
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Figure 6: HEC cluster sets for two other topographical
locations.

After training for 100 epochs (3 minutes, 25 seconds),
the HEC Kohonen modeled the data from Figure 4 as
shown in Figure 5. The data points in Figure 5 are sub-
samples that, as mentioned in Section 2.3, are saved to
the weights file to retard any radical node changes in
subsequent updating. Figure 6 shows some other topo-
graphical locations mapped by the HEC Kohonen neural
network.



3.2 Mitosis: Node Division

In the context of this research, mitosis is the division
of one node k into two daughter nodes &; and k;. Mito-
sis is essential because, after some training, there can be
nodes that try to single-handedly model two distinctly
different clusters. The criterion used to detect this phe-
nomena comes from the Kolmogorov-Smirnov (KS) test
[13]. For a Gaussian distribution, the significance level
of the K8 test on transformed patterns relative to their
centroids can be used to measure the compactness of a
cluster with respect to its theoretical y? distribution.

If the compactness of a node’s cluster 1s found to be
less than a predefined threshold, the node is divided into
two daughter nodes k; and k3. The daughter node cen-
troids are initialized to the locations of the major axis
foci from the parent node. Using the associated data
list stored in {Z;|z; € Xk}, the daughter nodes begin
the training process all over again until their maturation
levels match older nodes in the HEC Kohonen network.

3.3 Pruning Dormant Nodes

In [7] we explored the impact of dormant node prun-
ing for Kohonen neural networks using the Euclidean dis-
tance metric. Simply put, Kohonen nodes are expected
to represent part or all of a unique feature in the data
space. If a node exists that does not reflect a feature, it
is pruned. Pruning a Kohonen node renders that node
unavailable as a winning node. This penalizes the Ko-
honen since Z; must then resort to a node that is farther
away than the truly closer pruned node. The result is a
larger zj for the improperly matched Kohonen-data set
pair. Since errors are emphasized more the probability of
misclassification was shown to decrease. But it was also
shown in [7] that a more aggressive pruning approach
(dormant aend low-frequency nodes) resulted in an in-
crease in misclassifications. So we decided to only prune
those nodes that were not chosen as winning nodes after
the neighborhood size was reduced to zero and during
the later stages of training.

3.4 Place Recognition with Hill Climbing

Topographical maps have become very popular to the
mobile robotics field because they can integrate stochas-
tic, sensor and dead-reckoning information, are compact
due to their roadmap configurations, and, most impor-
tantly, they are intuitive. Time and again, mobile robots
have shown that they can build topographical maps and
later use these maps for decision-theoretic motion plan-
ning and self-localization [17]. But most topographical
maps are based on RAM-hungry cellular environment
representations. The HEC Kohonen, on the other hand,
provides the same stochastic information at a fraction of
the data size. It also allows for updatability.
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In [7] we examined two different neural network ap-
proaches to solve the global self-localization (GSL) prob-
lem. The primary condition was that the mobile robot
did not know which region of space it was in, nor how
it arrived there. A more precise approach to estimat-
ing position and orientation was demonstrated by Ya-
mauchi with ELDEN (Exploration and Learning in Dy-
namic ENvironments) {17]. Specifically, ELDEN used
a hill-climbing algorithm to match evidence grids by
searching the space of possible translations and rota-
tions. With great success, ELDEN was able to correct
a robot’s position estimate and cope with transient and
lasting changes.

With the HEC Kohonen, we can use the same hill-
climbing algorithm to perform the same task of place
recognition. (Initial step sizes of 1.0 foot and 1.0° ro-
tation, halved when a local maximum is reached, until
a local maximum is found at a step size of 0.125 feet
and 0.125°.) Future work will compare computational
complexities and general success of both models. We
speculate, however, that the computational complexity
is less for the HEC Kohonen because there are fewer el-
ements to examine than ELDEN’s cell-based model. A
comparison is forthcoming.

3.5 Motion Planning and Self-Referencing

Using the two conventions of polygon estimation
shown in Figure 2, we start at a 90% confidence level
contour and approximate a polygon centered at node
k in Euclidean space, and oriented along the major
and minor axes of the cluster’s eigenvector matrix .
These polygons can represent the C-space path poly-
gons. We then use t-vectors (another compact and multi-
functional model) to construct the Essential Vistbility
Graph (EVG) for planning motion on a global level [6].
If a complete plan of motion is not realized, we gradually
decrease the confidence level contours, thereby shrinking
the path polygon sizes [1]. This process is continued un-
til a complete plan of motion is realized. T-vectors can
also collect geometric beacons for the sensor prediction
phase of self-localization. Of course, since the environ-
ment is geometrically represented, any other geometric
motion planner or self-referencer can also be used.

4 Concluding Remarks and Future Work

In this paper we showed how a self-organizing HEC
Kohonen neural network holds great promise for build-
ing topographical maps from actual sensor data. The
HEC Kohonen neural network is significantly smaller
than a purely Euclidean distance-based Kohonen neu-
ral network because the HEC algorithm uses the Maha-
lanobis distance to learn the elongated shapes typical of



sonar data. Inherently, the Mahalanobis distance metric
yields a stochastic measurement of a data point’s asso-
ciation with a node. Hence, the HEC Kohonen can be
used to build topographical maps and to recognize its
own topographical cues for self-localization. The num-
ber of nodes can also be regulated by the KS test for
cluster compactness. The KS test determines whether a
node should be divided (mitosis). Pruning can also be
based on the KS test. However, in this paper we opted
to only prune dormant nodes.

Relative to grid-based approaches, the savings in data
size is quite profound. And the size difference increases
with higher dimensional problems. By incorporating
principal component analysis (PCA), the HEC Kohonen
can handle problems with several dimensions (3-D, time-
series, etc.). The HEC Kohonen is also multifunctional
in that it accommodates compact geometric motion plan-
ning and self-referencing algorithms like t-vectors. It can
also be used to solve a host of other pattern recognition
problems, making it a truly multifunctional tool.

We are currently analyzing the computational com-
plexities of various algorithms including the training
time for the HEC Kohonen, place recognition using hill-
climbing, etc. to determine if the benefits to using the
HEC Kohonen extend beyond self-organization, smaller
data size, greater multifunctionality and flexibility.
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