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Abstract

We present an unsupervised method for online classification
of robot sensor data. Unlike previous work in which human
intuitive correspondences are sought between sensor data and
classes of physical space (room, wall, corner, door, etc.),
our method learns intrinsic classes based on the character-
istics of sensor data. We approximate the manifold underly-
ing sensor data using Isomap nonlinear dimension reduction
and use classical Bayesian clustering (Gaussian mixture mod-
els) with model identification techniques to discover classes.
The learned model can then be used to classify new (out-of-
sample) data in real time. We apply our method to sensor data
of different modalities and from different physical spaces.
Our results demonstrate the robustness of the method with re-
spect to noise and robot location variance. The extensibility
of our approach allows us to classify large and streaming data
sets. We conclude that data-driven classification may serve
as a more solid foundation for applications that require the
ability to discriminate physical spaces surrounding a robot.

Introduction
The understanding and interpretation of sensor data is a cur-
rent issue in robotics research. While interacting with the
world, many robots collect and act upon data from their sen-
sors. For an autonomous robot, this data is one of its primary
sources of knowledge about the world, and consequently, the
robot’s perception of the world is heavily dependent upon its
sensor suite. Specifically, the classes of physical space that
can be robustly recognized are limited by the robot’s sen-
sors. Additionally, the routines used to interpret data from
sensors are usually provided by a human programmer. Many
robot sensors are not completely understood or have no di-
rect analogue to human senses (e.g laser rangefinders). Con-
sequently, our understanding of how the world is perceived
by robots with these sensors is biased and heuristic.

Consider the sonar sensor commonly used on robots. Un-
der the standard “ray model”, a sonar chirp exits the sen-
sor in a line, hits an object, and returns along the same
ray. The distance to the object is calculated based on the
time-of-flight of the chirp. Research has shown that this
model is somewhat inaccurate, for sonar has lobes and beam
width, surfaces have specularity, and sound diffracts. Still,
many simulators use this “ray model” to simulate sonar data
(Lacroix & Dudek 1997). Additional work (Kuc 2004) has

shown that by utilizing multiple return echos, texture infor-
mation can be retrieved in addition to distance. Until now,
these secondary echos have been mostly ignored.

A data-driven approach to sensor analysis could discover
a more appropriate interpretation of sensor readings, as op-
posed to one based on our preconceptions of a sensor’s func-
tionality. Many common techniques for understanding the
relationship between sensor output and the environment de-
pend heavily on our understanding of a robot’s sensors and
reflect the bias of human developers. Humans identify areas
in the robot’s world, such as corners, hallways, and doors,
and try to build models of how they would appear to the
robot given its sensors. Such models are biased toward hu-
man intuition and human senses and may not be appropri-
ate for autonomous robots. Through data-driven analysis,
it may be possible to uncover intrinsic structure in sensor
data. As a result, the robot’s perceptual system is allowed
to develop physical space classes based on its own, unique,
sensory input.

In this paper, we present a data-driven method for classi-
fying robot sensor input via unsupervised dimension reduc-
tion and Bayesian clustering. We view the input space of
the system as a high dimensional space where each dimen-
sion corresponds to a reading from one of the robot’s sen-
sors. Our method attempts to uncover a lower-dimensional
embedding that captures the intrinsic dimensions of the ex-
perienced sensor data. Distances in this embedding corre-
spond to the variance among sensor readings as the robot
moves about its environment. By clustering in this embed-
ded space, we group regions that appear similar to the robot
together with each cluster representing a physical space
class.

We describe an out-of-sample classification procedure for
quickly evaluating new samples with respect to our learned
classification. This procedure uses an out-of-sample tech-
nique (Bengioet al. 2004) to project samples into the em-
bedding, where they can be classified with a Gaussian mix-
ture model (GMM). Out-of-sample classification provides
extensibility for large or streaming datasets.

We present results from applying our methodology to var-
ious types of real-world sensor data. We demonstrate the
utility of our method in: 1) a streaming scenario where an
explored space can be classified consistently on future visits
and 2) a large dataset scenario where sensor data classes are
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learned from a small subset of the data and used to classify
the remainder of the dataset.

Related Work
A more robust physical space class identification system
would be beneficial to many areas of mobile robotics re-
search. For instance, topological mapping depends on the
ability to discover regions in the explored area (Thrun 1998).
This process is usually done by extracting features from the
sensor data that indicate the robot’s current location. The
decision of which features to extract is usually made by
humans who decide which region types exist in the world
and choose the features they think would be noticable to the
robot’s sensors (Tomatis, Nourbakhsh, & Siegwart 2003).
Sometimes, the definitions of those features are written in
terms of the robot’s sensors by humans. However, as men-
tioned in the previous section, some common sensors are
imperfectly understood. A system that operated on real sen-
sor data alone to develop and identify physical space classes
could reduce this human bias.

Localization techniques can also benefit from enhanced
region identification. Landmarking, or the identification of
unique places, is commonly used to let a robot know when
it has returned to a previously visited location on a map (i.e.,
revisiting, loop closure). The revisiting problem is key when
it comes to map-making because it allows a robot to discover
loops in the world (Howard 2004), or in the case of multi-
ple exploration robots, it allows one robot to discover when
it has entered space explored by a different one (Stewartet
al. 2003). Landmarking is often accomplished by modi-
fication of the environment, adding beacons or some other
unique, easily distinguishable identifier to a place. When
locations are not uniquely identifiable, localization depends
on estimating the location of the robot, using, for example,a
Hidden Markov Model (Shatkay 1998). Another technique
uses the connections between regions to localize the robot
and build a map (Howard, Matarić, & Sukhatme 2001). All
of these approaches require a robust way of identifying the
class of space that the robot is currently in.

One of the obstacles that has to be surmounted when
learning physical space classes is that a space’s class has
to be identifiable from many different viewpoints for robust
classification. In addition, every place within a particular re-
gion of space should be classified a being in the same class.
If the sensor modality is vision, this means that any image
of a space has to be recognized as coming from that space,
even if the image was previously unseen. In (Kosecká &
Li 2004), features were extracted from multiple camera im-
ages of a space to come up with a representation of images
of the space itself. This method allows for new images to
be correctly classified as being from that space. However,
the actual segmentation and labeling of the training images
into categories was done by humans. Additionally, (Weng
& Chen 2000) uses linear subspace methods with a partition
tree on robot vision data. Because robot sensor data is po-
tentially non-linear, we consider a non-linear alternative to
subspace embedding.

In a more general case, (Tapus, Tomatis, & Siegwart
2004) learns a ring of features (a fingerprint) around the

Figure 1: Our method in flowchat form. Robot sensor
data is collected and analyzed with Isomap to obtain a low-
dimensional embedding. The embedded data is then clus-
tered to develop sensor classes. Out-of-sample data can be
quickly transformed and classified using the information de-
veloped from the in-sample training.

robot to identify a place. These fingerprints involve data
from both vision and laser sensors. By modeling the occlu-
sion of features in their fingerprint identification algorithm,
they enable the robot to identify a location from multiple
positions inside the location.

Similarly, (Klingspor, Morik, & Rieger 1996) presents a
technique where sensory and action concepts are learned di-
rectly from the sonar data of a robot, once the data is seg-
mented and categorized by hand. In contrast, the proposed
technique segments and categorizes the sensor data in an un-
supervised way.

In the field of dimension reduction (DR), many methods
(Duda, Hart, & Stork 2000) exist that could be applied to
robot sensor data. Principal component analysis and inde-
pendent component analysis are well suited to extracting lin-
ear subspaces from limited dimensional data. Self organiz-
ing maps are sensitive to initialization and parameter tuning.
Recently, Isomap (Tenenbaum, de Silva, & Langford 2000)
has emerged as a capable non-linear DR algorithm with con-
vergence guarantees and out-of-sample extensions (Bengio
et al. 2004).

Methodology
Our method, outlined in Figure 1, viewsd-dimensional robot
sensor data as lying on a manifold inR

d. Furthermore, we
model each sensor datum~x as having been generated by a
mixture model in which each mixture density corresponds
to an intrinsic sensor data class. Here we closely follow the
methods and notation of (Bengioet al. 2004).

Training
Let D = [~x1, . . . , ~xN ] be a collection ofN sensor outputs
used to train the model. We compute an affinity matrixM
by approximating the geodesic distance between points on



the sensor data manifold. As in (Tenenbaum, de Silva, &
Langford 2000; Bengioet al. 2004), we define the geodesic
distance between pointsa andb to be:

D̃(a, b) = min
p

∑

i

d(pi, pi+1)

wherep is a sequence of points of lengthl ≥ 2 with p1 = a,
pl = b, and pi ∈ D∀i ∈ 2, . . . , l − 1 and (pi, pi + 1)
are neighbors. The neighbors for each point are determined
by Euclidian distance, using either anε-radius ork-nearest
neighbors algorithm. We computẽD by using Dijkstra’s al-
gorithm (Cormen, Leiserson, & Rivest 1990) to expand a
neighborhood graph (as defined by the neighborhood func-
tion) into a full shortest-path matrix.

An affinity matrix M is formed with elementsMij =

D̃2(xi, xj). These distances are converted to equivalent dot
products using the “double-centering” formula:

M̃ij = −1

2
(Mij −

1

2
Si −

1

N
Sj +

1

N2

∑

k

Sk)

whereSi =
∑

j Mij . In practice, this grows asN2 and
is thus currently infeasible to calculate for more than a few
thousand points.

Thek dimensional embedding~ei of each sensor output~xi

on the sensor data manifold is approximated by the vector
~ei = [

√
λ1v1i,

√
λ2v2i, . . . ,

√
λkvki] whereλk is the kth

largest eigenvalue of̃M and vki is the ith element of the
corresponding eigenvector. We reduce the dimensionality of
the sensor data by settingk < d thus removing many of the
low eigenvalue coordinates of the embedding. In practice,
depending on the data, we keep the 5-10 most significant
coordinates of~ei.

Let E = ~e1, . . . , ~eN be the reduced dimensionality em-
bedding of the training sensor dataD. From this point for-
ward we use “sensor embedding” to refer to the reduced di-
mensionality embedding of the sensor data.

We assume that the sensor embeddings were generated by
exactlyM statistically distinct intrinsic classes of physical
environment (regions). We assume that the distribution of
each of these classes is Gaussian and fitE with a Gaussian
mixture model withM mixture densities.

The probability that~ei was output by the robot’s sensors
while in physical space classj, 1 < j < M given these
assumptions is:

P (~ei|j) =
1

(2π)
k

2

p

det(Σj)
exp(−

1

2
(~ei − µj)

T Σ−1

j (~ei − µj))

whereµj andΣj are the mean and covariance of the sensor
output generated while in physical space classj.

Assuming that each sensor datum is independent, then the
probability ofE according to the mixture model is:

P (E) =

N
Y

i=1

M
X

j=1

αjP (~ei|j)

where theαj > 0 are mixing coefficients and
∑M

j=1
αj = 1.

The EM algorithm (Bilmes 1997; McLachlan & Basford
1988) is used to maximizeP (E) by solving for optimal dis-
tribution parameters and membership weights. This is ac-
complished by the iterative optimization of a log likelihood
function:

log(L(Θ|E,Y)) =
N∑

i=1

log(
M∑

j=1

αyi
P (~ei|Σj , µj))

whereΘ = {µ1, . . . , µM ,Σ1, . . . ,ΣM} is a set of unknown
distribution parameters corresponding to the mean sensor
data embeddings and covariance matrices for theM posited
physical space classes,

Y = {yi}N
i=1, 1 < yi < M, yi ∈ Z

is an array of unknown indicator variables such thatyi = j if
~ei came from mixture componentj. Theseyi can be thought
of as “hidden” variables.

Model selection is a central issue in clustering and cor-
responds to determining the number of clusters in the data;
in this context determining the distinct instrinsic physical
space classes in the sensor data. We do not solve this prob-
lem; instead we use two empirical criteria for choosing the
model. One, we look for an inflection or maxima in a pe-
nalized training data log-likelihood. We used the Bayesian
Information Criteria (BIC) which penalizes the likelihoodas
a function of the complexity of the model. Ifκ is the number
of free parameters in the model, then we calculate the BIC
as:

−2log(L(Θ|E,Y)) − κ(log(N) + 1)

In practice, the BIC often doesn’t sufficiently penalize
complex models, so we additionally use cross-validation on
held-out data to check for overfitting. To do this we train
our model on half the training data and then compute the
unpenalized likelihood of the held out half. When too many
classes are posited, i.e. the model is over-fit, the likelihood
of the held out data decreases. These two techniques are
often in agreement.

Online Classification

Online classification of a new point~p is simple and rapid.
We refer the reader to (Bengioet al. 2004) for full details.
The embedding is given by:

ek(~p) =
1

2
√

λk

∑

i

vki(E~x[D̃2(~x, ~xi)] + E~x′ [D̃2(~p, ~x′)]

− E~x,~x′ [D̃2(~x, ~x′)] − D̃2(~xi, ~p))

whereE is an average over the training data set. This new
embedded point may be classified by finding the weighted
cluster under which it is most likely.
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Figure 2: Results from the Crunch (8 sonar, 8 IR) data set. 2(a):Sensor data from the first of two similar trips has been clustered
into 6 classes. There is a unique shape and grayscale value for each class overlaid on the odometry from the robot to show
how the classes correspond to regions of space. 2(b):The data from the second trip are classified using the model learned from
the first trip. Many areas are similarly classified across both trips. 2(c)-2(h) Show the average sensor readings for eachcluster
under the standard ray model of sonar. Classes 1, 2 and 4 may appear similar to a human under this model, but are discernable
to our method.

Experiments

Crunch

Our first experiments use sensor data from a small, cylin-
drical inverted pendulum robot named Crunch. Crunch is
equipped with eight sonar and eight IR sensors arranged in
dual rings around its body. During operation, these sensors
are sampled and transmitted back to a base laptop where
they are logged at around 10Hz. Our data consists of the
robot’s logs as it takes two trips along a path (∼1000 points
each). We use the sensor readings from the first trip to learn
sensor classes and treat the second trip as streaming data,
classifying the data in real time to test the robustness of the
classification.

Figure 2 shows the results of our experiments with the
Crunch data set. After computing the geodesic distance and
MDS embedding of the first trip, we retain 10 of the result-
ing dimensions. Based on the BIC and holdout calculations,
we estimate that there are 6 classes in the data. Each data-
point is assigned a class, and each class is assigned a shape
and grayscale value. Using the odometry from the robot, we
overlay these classes on the path that the robot followed as
shown in 2(a).

Using the embedding and the classes derived from the first
trip, we classified all the datapoints in the second trip. As the
robot followed approximately the same path as it did in the
first trip, we expect the physical spaces along the path to
be classified similarly. The results from the out-of-sample
classification are shown overlaid on the odometric map in
Figure 2(b). Comparing this with the map of the first trip,
one sees that the classification of physical space is similar
across both trips. (The robot did not follow theexactsame
path each time, so some variance is expected).

Sensor readings from one class of physical space should
be similar to each other and different from those in from
other classes of space. Figures 2(c) to 2(h) show the aver-
age readings from each of the 6 classes discovered by our
method. These images were generated using a “ray model”
of Crunch’s sensors. Classes 1, 2 and 4 appear similar un-
der this model to humans, but they are distinguishable to the
robot. This fact suggests that there is information in the sen-
sor readings that is not captured by this model, but is used by
the system to make distinctions between classes of physical
space.



(a) All points (b) First 500pts as landmarks (c) Loop Closeup

(d) Class1 (e) Class2 (f) Class3

Figure 3: The Fr079 data set from Cyrill Stachhniss. In 3(a),the entire data set was processed to determine the embeddingand
classes. In 3(b), similar results were obtained by using thefirst 500 datapoints as landmark points. 3(c) shows a closeupof one
of the loops in the dataset. The same locations are classifiedinto the same classes when revisited. 3(d)-3(f) Show the average
laser ranges of each of the 3 classes discovered in the data.

Fr079

A second, larger dataset was the Fr079 dataset obtained from
the Robotics Data Set Repository, Radish (Howard & Roy
2003)1. This set consists of∼3000 datapoints of 360 de-
gree laser rangefinder scans. This data set contains several
loops which can be examined for robustness (i.e, regions of
space should be classified similarly upon revisiting), as we
did with the Crunch data. Because of its size, this data set
serves as a useful test bed for examining how to select “land-
mark” points for training when processing large amounts of
data. Although the entire data set can be processed, training
can be greatly speeded up by only performing the training
phase (Geodesic distance, MDS, GMM) on a small subset
of the data, and treating the rest as out-of-sample points. We
examined two possible landmark selection procedures. For
the first we took the first 500 points as the landmarks, and in
the second we took a random sampling of 500 points.

Figure 3 displays our results from the Fr079 data set. We
found that using only the first 500 datapoints as landmarks
yielded comparable results to using the entire data set, in a
fraction of the time. However, there are differences between
the class-coded odometric plots of these experiments. Using
random data samples as the landmarks produced similar re-
sults. We believe this is because some classes did not appear,
or were not adequately represented, in the landmark points.

Figure 3(c) shows a closeup of one of the loops made by
the robot in its explorations. Each time the robot is at the
same location in the world (or very nearby), the system de-

1http://radish.sourceforge.net

tects it as being in the same region type.

Discussion and Future Work
Our approach attempts to remove human bias from the anal-
ysis of robotic sensor data by identifying latent structurein
the sensor readings themselves. By using unmodified real
(as opposed to simulated) sensor data from multiple sensor
types, we remove the reliance on any particular model of
sensor operation or noise and show the generality of our ap-
proach with respect to sensor type.

In the real world, computational and temporal limits re-
strict a robot’s ability to process data. Thus, it is useful for
a system to do as much processing offline and apply what it
learns to new data in real time. While it would be best to run
our entire system everytime the data changes, this is infeasi-
ble. The out-of-sample extensibility of our system provides
the ability to deal with new data as it arrives. However, this
introduces a new problem: choosing training data. Our ex-
perience with the Crunch and Fr079 data sets confirm the
intuition that it is best to have every physical space class
represented in the training data. This is not always possible,
particularly if a robot enters a heretofore unseen environ-
ment during operation. Thus, it should be able to choose
new landmarks and recompute the embedding and classes
as needed. Future work will focus on detecting when this
recomputation is required.

Interpretation
When a space is fully explored and processed, as in the
Crunch experiments and the full processing of the Fr079 set,



our method can be viewed as a robust way of detecting that
the robot is in the same class of space when a location is
revisited (as in the second trip in the Crunch set, and in the
loops of the Radish set). However, the classes found by our
method do not always correspond to human intuition. The
Fr079 classes (Figures 3(d) - 3(f)) seem to correspond to, re-
spectively, a left turn, a straight hallway, and a right turn, but
some of the Crunch classes (Figures 2(c) - 2(h)) do not sub-
mit to such an easy description. We believe this is because
the laser rangefinder used in the Fr079 set is very well mod-
eled by the “ray model”, while the sonar and IR sensors on
Crunch are not. When Crunch sensor data are viewed under
that model, the “intrinsic” classes discovered by our method
are fairly indistinguishable.

Issues
We currently empirically determine the neighborhood func-
tion and size, the number of embedding coordinates to re-
tain, and the number of intrinsic physical space classes.
Each of these could in theory be automatically determined
by finding maxima, etc. Our contribution is demonstrating
that intrinsic classes may form a better foundation for appli-
cations that require classifying physical space from sensor
data. For a production system, and in our future work we
will need to find solutions for these problems.

In addition, we treat each sensor reading as independent.
Better performace may result from leveraging more infor-
mation about the data. For instance, ST-Isomap, (Jenkins &
Mataríc 2004), provides a way to leverage the spatial and
temporal nature of the data when calculating the distance
matrix between data points. Stochastic Neighbor Embed-
ding (Hinton & Roweis 2002) is yet another, probabilistic
approach to DR that may be useful.

Conclusion
This paper presents an extensible method for data-driven
discovery of region classes in robot sensor data. Using
Isomap nonlinear dimension reduction and Bayesian cluster-
ing, the system discovers robot-distinguishable sensor data
classes. Discovered classes are based on the actual data seen
by the robot, so they depend on no particular model of the
sensors or environment.

In order to deal with large data sets and streaming data,
our method can be trained on a few “landmark” datapoints
and used to classify new, previously unobserved data.

References
Bengio, Y.; Paiement, J.; Vincent, P.; Delalleau, O.; Roux,
N. L.; and Ouimet, M. 2004. Out-of-sample extensions
for lle, isomap, mds, eigenmaps, and spectral clustering. In
Advances in Neural Information Processing Systems 16.

Bilmes, J. 1997. A gentle tutorial on the EM algorithm and
its application to parameter estimation for gaussian mixture
and hidden markov models. Technical Report ICSI-TR-97-
021, University of Berkley.

Cormen, T. H.; Leiserson, C. E.; and Rivest, R. L. 1990.
Introduction to Algorithms. MIT Press/McGraw-Hill.

Duda, R. O.; Hart, P. E.; and Stork, D. G. 2000.Pattern
Classification (2nd Edition). Wiley-Interscience.
Hinton, G., and Roweis, S. 2002. Stochastic neighbor
embedding. InAdvances in Neural Information Processing
Systems 15 (NIPS 2002). 857–864.
Howard, A., and Roy, N. 2003. The robotics data set repos-
itory (radish).
Howard, A.; Mataríc, M. J.; and Sukhatme, G. S. 2001. Re-
laxation on a mesh: a formalism for generalized localiza-
tion. In IEEE/RSJ International Conference on Intelligent
Robots and Systems, 1055–1060.
Howard, A. 2004. Multi-robot mapping using mani-
fold representations. InIEEE International Conference on
Robotics and Automation, 4198–4203.
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