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Abstract

A nonparametric learning algorithm is used to build
a robust mapping between an image obtained from a
mobile robot’s on-board camera, and the robot’s cur-
rent position. The mapping uses 19,200 unprocessed
pizel values (160 by 120 pixel image). Because the
learning algorithm is nonparametric, it uses the learn-
ing data obtained from these raw pizel values to au-
tomatically choose a structure for the mapping with-
out human intervention, or any a priori assumptions
about what type of image features should be used. The
learning data consisting of a series example image in-
puts and corresponding position values, is collected
in a calibration phase where the robot randomly tra-
verses its intended workspace. This process of build-
ing visual localization maps for mobile robots is com-
pletely general and can be applied to any implemen-
tation which uses on board cameras. We demonstrate
the feasibility of this approach on a mobile platform
performing in a robotics laboratory workspace. This
workspace is visually cluttered, with humans and other
objects continually moving within the robot’s environ-
ment. The mapping learned in this environment is ro-
bust to these dynamic visual features and consistently
reports timely localization information (at greater than
7 Hz) to within acceptable limits.

1 Introduction

In order for a mobile robot to work and navigate
successfully, it must be able to control its position
within its environment. Towards this end, many re-
searches have proposed using visual information ob-
tained from cameras located on board the mobile
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robot for localization. Some recent examples of this
include [8] [2] [1] [9]. Many such systems have demon-
strated very good performance within the environ-
ments they were designed for. However, most vision
based localization systems cannot easily be adapted to
environments which they were not originally intended
for. For example, a vision system which uses models
of objects within the robot’s indoor environment for
localization, may not easily be adapted for outdoor
environments which require other image features for
navigation. This is because most current approaches
require a human to pick specific landmarks by which to
navigate, thus making the localization system applica-
tion specific [10], often requiring a complete redesign
for each new environment.

In this paper we propose an approach to vision
based mobile robot localization which is similar to that
proposed in [10]. We make use of an on board camera
and a temporary calibration setup which continuously
reports the robot’s position, to learn the mapping be-
tween the on board camera’s image and its position.
During this calibration phase, the robot is directed
to move through its environment and its position and
corresponding camera images are recorded. Then a
learning algorithm is used to construct the mapping
between raw image pixels and the robot’s position.

As with any vision based localization system, the
implicit assumption being made is that the there are
visual features in the environment which are essen-
tially fixed, and that these can be differentiated from
transient features (such as humans and objects which
move around) that are not permanent and must be
treated as noise. However, unlike in [10] where a small
subset of derived image features is used to learn the
localization mapping, or in implementations where a
human designer attempts to choose the best set of vi-



sual features, we make no assumptions about what
type of features are required for effective localization.
We propose using raw pixel values (19,200 in the cur-
rent paper) as inputs to our learning algorithm and
therefore our approach is completely general in that it
can be applied equally effectively in any visual envi-
ronment.

The use of a general nonparametric learning algo-
rithm for building our vision based localization map-
pings is key to our approach, because no a priori
assumptions are required about which model struc-
ture is needed to build an effecting mapping. Other
approaches to learning vision based localization have
used fixed, parametric learning algorithms, thus lim-
iting the type of localization mappings which can be
learned [10]. The nonparametric learning paradigm
is able to automatically choose an appropriate model
structure based solely on the learning data [3]. How-
ever, it is only recently that nonparametric learning
algorithms have been discovered which can effectively
build the high dimensional mappings (i.e. 19,200 in-
puts used here) that are required for learning vision
based localization [7]. These new algorithms are able
to build mappings using tens of thousands of input
variables, which allows them to effectively build robust
visual localization mappings using raw (unprocessed)
pixel inputs.

2 The Proposed Framework

There are two specific issues associated with learn-
ing a mapping between what a robot sees and its
current location within the world. The first is how
one goes about learning this mapping. The second is,
given that we have learned this mapping for a spe-
cific area, how will the robot know if it has strayed
outside this learned area? These are addressed in the
following sections.

2.1 Learning the Visual Mapping

We use a 3 step procedure to build the image to po-
sition mapping. The first step involves collecting the
learning data, the second step uses an off-line learn-
ing algorithm to build the mapping, and the final step
involves verifying the validity of the mapping within
the robot’s workspace. A description of each of these
steps is given below.

STEP 1: Collecting The Learning Data.
The goal of this step is collect camera images and
corresponding position data which span the entire

workspace of the mobile robot. A mobile robot is ex-
pected to perform within a specific workspace defined
its assigned task. For example, an office robot might
be expected to deliver mail to various offices within
a single building; a manufacturing robot might need
to deliver parts to certain locations in a production
line; and a fruit picking robot might be required to
pick fruit in a specific part of an orchard. Hence, the
first step of our procedure involves moving the robot
throughout its workspace region and collecting images
and corresponding robot positions. This requires the
use of a temporary calibration system which can re-
port the position and orientation of the mobile robot
while images are being collected. In Section 3.2 one
such calibration system is briefly described.

STEP 2: Building the Mapping. The goal of
this step is to learn the mapping between the camera
image and the mobile robot’s position using the data
collected in STEP 1. We symbolize this mapping as
M(-) and represent it as follows:

(4™ ycem g°e™) = M(Camy, ...,Cam,,) (1)

where Camy, ..., Cam,, are the n cameras located on
the mobile robot, z*™ is the estimated x position
of the mobile robot given the current camera images,
Y™ is the estimated y position of the mobile robot
given the current camera images, and 8°“™ is the es-
timated 6, the mobile robot‘s orientation, given the
current camera images. For building this mapping
M(-) we use the SPORE-1 nonparametric learning al-
gorithm described in [7] and [4]. This algorithm was
chosen because it was shown to work well on very
high dimensional learning problems, both in real world
human-to-robot skill transfer experiments [5] [6], and
on very high dimensional [4] synthetic data.

STEP 3: Test Validity of the Mapping. The
goal of this step is to collect a set of test data to de-
termine the validity of the mapping learned in STEP
2. This involves once more moving the mobile robot
throughout its workspace region and collecting a new
set of images and corresponding robot positions (ob-
tained from the temporary calibration system). It is
important that this test data is independently gener-
ated to ensure that an unbiased estimate of the accu-
racy of the learning mapping is obtained. It is also
important that this new set of data span the complete
workspace of the robot. This test data is then passed
through the learned mapping M(-) and an error es-
timate is obtained for how accurate the mapping is.
We estimate the error of the mapping by the symbols

€y "%, €% and €g"*” which are define as follows:
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Teg%%)gm |ycam _ ycal| + E;al — 6;na,z (3)
Terﬁ%};ta |0cam _ acal| + Egal — Egnaa: (4)

where z*™  y°¥™ and #°*™ are the estimates of posi-
tion and orientation as defined in Equation (1), z¢%
y°® and 6°* are the position and orientation of the
mobile robot obtained using the calibration system,
and ES, E;‘”, and Eg“l are the maximum errors in
x, y, and 6 respectively, relative to the calibration sys-
tem (note that ESY, E¢, and E§* are determined
by the specific calibration system being used as in-
dicated in Section 3.2). If the calculated values for
€ ", €, and €'** are within error tolerances for
the entire workspace of the robot, then the task of
learning the mapping M(-) is done. However, if they
are not, then the test data is used to identify in which
regions of the robot’s workspace the accuracy of the
mapping is unacceptable, and needs to be improved.
Once these regions are determined, then more learn-
ing data needs to be collected from these regions, and
added to the original set of learning data. This aug-
mented learning data is then used to build a new map-
ping in STEP 2. Thus, we iterate Steps 2 and 3 until
acceptable localization error is obtained for the robot’s
entire workspace.

2.2 Straying Owutside the Learned

Workspace

If we assume that the mapping M(-) was learned in
the desired workspace region, then it is important to
be able to determine if the mobile robot strays out of
this learned region. When the robot leaves the learned
workspace region, then the mapping M(:) is no longer
valid and therefore using in to navigate is not a good
option.

We use the following active sensing strategy to de-
tect when the robot is no longer within the learned
workspace. First a reading is obtained at the mobile
robot’s current position using Equation (1). This first

Figure 1: Example images from Camera 1.

position is termed the robot’s initial position and is
symbolized by z§™, y¢*™ and 65*™ (values obtained
using Equation (1)). The robot is then moved to a
second (termed final) position by directing it to travel
a predefined path using odometric readings as a guide.
We symbolize this odometry based relative motion by
the symbols Agz°dom Ayodem and A§°4™ for changes
in x, y and 6 respectively. Then Equation (1) is used
to obtain an estimate for the robot’s final position,
which is symbolized by %*™, y$*™ and Ojﬂm. Then,
if at least one of the following 3 conditions is NOT
true, the mobile robot has strayed outside the learned
workspace:

||zlqam _ I;am| _ Azodom| + E;)dom < E;naz (5)

||yicam _ y;am| _ Ayod0m| + E;)dom < 6;naav (6)
||0§am _ e;am| _ A00d0m| + Egdom < egnaz (7)

where Eo%om, E;’d"m, and Egd"m are the maximum
errors in x, y, and 6 respectively, due to the odometric
system. One should note that the above condition
must be true by definition because the mapping M(-)
in Equation (1) can only be meaningful in areas where
learning has taken place.

3 The Experimental Test-bed

Our nonparametric learning based robot localiza-
tion scheme was tested in a 5 meter by 6 meter region
of the UBC robotics laboratory. The process of acquir-
ing the vision data is based on a robot that has three
different on board cameras. The first, here termed
Camera 1, has an image plane which is perpendic-
ular to the floor and faces towards the front of the
robot. The second, termed Camera 2, also has an
image plane which is perpendicular to the floor but
faces a direction which make an angle of 90 degrees
(counter clockwise) with respect to Camera 1. The



Figure 2: Example images from Camera 2.

final camera, Camera 3, has an image plane which is
parallel to the ground and faces towards the ceiling
of our workspace. Typical images seen through these
cameras are shown in Figure 1, Figure 2 and Figure 3.
Each of the three cameras generates an 8 bit grey scale
image of 160 by 120 pixels.

The mobile robot platform we are prototyping in
these experiments has 3 wheels, 2 independently ac-
tuated and one free to rotate. The independently ac-
tuated wheels each have odometer sensors which al-
low us to obtain rough estimates of the robot’s mo-
tion. For our initial prototyping experiments we use
the calibration camera to substitute for the odometer
readings which are used in Section 2.2. The maxi-
mum errors in our odometer readings are therefore
assumed to be the same as those of the calibration
system. Thus E%°™ = (.11 meter, E?‘J’dom = 0.10 me-
ter, and E?™ = 3.8 degrees, where these variables
are defined in Section 2.2.

3.1 The Mobile Robot’s Workspace

The mobile robot’s workspace is a typical, cluttered
robotics laboratory as depicted in Figure 1, Figure 2
and Figure 3. There are people continually moving
throughout the lab, and chairs and desks are peri-
odically being moved. Thus, the task of localizing
the robot‘s position based on image data is difficult
because potentially viable landmarks are periodically
being moved, and the robot must learn not to depend
on them for position readings. The total area of the
workspace is 6 meters by 5 meters.

3.2 The Calibration System

We use a camera based calibration system which
uses three light sources that are attached to the mo-
bile robot during calibration. A calibration camera is
located on the ceiling and is thus able to continually
track the three light sources on the mobile robot as it

moves within the workspace. The position and orien-
tation of the mobile robot can directly be determined
based on the position of the three light sources in the
calibration camera’s image. The calibration system is
described in detail in [11].

The calibration system has the following errors:
Egt = 011, B¢ = 0.10, and E§* = 3.8 degrees
(these symbols are defined in Equation (2), Equa-
tion (3) and Equation (4) respectively).

4 Experimental Results
4.1 Using Two Cameras

In the first set of experiments Camera 1 and Cam-
era 2 are used to build the mapping M(-) as defined in
Section 2.1. The initial learning data is generated by
allowing the mobile robot to randomly move through
its workspace. Throughout this random motion the
pointing direction of Camera 1 and Camera 2 is main-
tained such that the image plane of Camera 1 is par-
allel to the z axis (to within an error of 10 degrees)
of the calibration camera, while the image plane of
Camera 2 is parallel to the y axis (to within an error
of 10 degrees) of the calibration camera. Therefore
the robot’s cameras maintain the same orientation to
within 10 degrees. Thus this first experiment doesn’t
require us to learn the robot’s orientation, only its
position. Figure 1 and Figure 2 give examples of the
images obtained from Camera 1 and Camera 2 respec-
tively.

During the learning phase 2000 images and corre-
sponding robot positions are gathered from each of the
two cameras. This learning data is then passed to the
SPORE-1 nonparametric learning algorithm and two
mappings are generated. Both of these have 19,200
raw pixel inputs (i.e. 160 by 120 image) and 1 out-
put. The input to the first mapping is the image from
Camera 1 and the output is the estimated position
2™ The input to the second mapping is Camera 2
and the output is y°*™. The learning algorithm took



Figure 3: Example images from Camera 3.

approximately 1.5 hours (running on a SPARC 20) to
generate these two mappings and each mapping takes
up approximately 1.3 MB of memory.

In order to test the accuracy of the two mappings,
the robot was once more randomly moved throughout
its workspace. As with the learning data, throughout
this random motion the world axis alignment of the
cameras was maintained to within 10 degrees. During
this test phase 1000 images and corresponding robot
positions were gathered from each of the two cameras.
When this test data was applied to the learned map-
pings, the following errors were observed (see Equa-
tion (2) and Equation (3) for definitions): €7** = 0.15
meters and €,"** = 0.14 meters (note €;*** is not cal-
culated because orientation is not being learned). The
mappings generate (z°*™, y°*™) position estimates at
a rate 12 times a second on a SPARC 20.

Next, in order to test the localization system’s abil-
ity to recognize when the robot is outside the learned
workspace, we allowed the robot to leave this learned
region and randomly performed 1000 odometric ver-
ification tests as described in Section 2.2. In each
of the test examples, the orientation of the two cam-
eras was maintained to within the same tolerances as
for the learning phase, but the position of the robot
was always outside the original 6 meter by 5 meter
workspace. For 814 of these test points the robot rec-
ognized that it was outside of the learned region. How-
ever, the other 186 test examples, were close enough
(within 1 meter) to the original workspace boundary
to make the learned position mappings still valid to
within error calibration limits, even though they where
outside the learned workspace.

As indicated above, the orientation of the cameras
was fixed throughout this set of experiments. This
required us to directly control the robot’s orientation
as it moved around. Obviously it is desirable to use
the learned mappings to control the robot’s alignment
when it is moving within the learned workspace re-
gion. We used a modified version of the odomet-

ric verification procedure define in Section 2.2 as fol-
lows. We started with the mobile robot within its
learned workspace, but with the wrong orientation.
The robot’s orientation was then incremented and
decremented in 5 degree steps until small odometer
based motions in = and y were consistent as defined
in Equation (5) and Equation (6). When consistency
was achieved, then the robot had reached the same
orientation (to with 10 degrees) which it had during
the learning phase.

4.2 Using One Ceiling Pointing Camera

In the second set of experiments the ceiling pointing
camera, Camera 3, is used to build the mapping M(-)
as defined in Section 2.1. The initial learning data is
generated by allowing the mobile robot to randomly
move through its workspace. Throughout this ran-
dom motion, the orientation and the position where
allowed to vary randomly (unlike in the previous ex-
periment where the orientation was constrained). Fig-
ure 1 shows a set of example images obtained from
Camera 3.

During this learning phase 2000 images and corre-
sponding robot positions and orientations were gath-
ered from Camera 3. This learning data was then
passed to the SPORE-1 nonparametric learning al-
gorithm which generated a mapping of 19,000 raw
pixel inputs (i.e. 160 by 120 image) to 3 outputs (i.e.
xeam yeam geam defined in Equation (1)). The learn-
ing algorithm took approximately 2 hours (running on
a SPARC 20) to generate this mapping and the map-
ping takes up approximately 2.0 MB of memory.

In order to test the accuracy of this mapping, the
robot was once more randomly moved throughout
its workspace. During this test phase 1000 images
and corresponding robot positions were gathered from
Camera 3. When this test data was applied to the
learned mapping, the following errors were observed
(see Equation (2), Equation (3 and Equation (4 for

definitions): €;'** = 0.18 meters, €,"** = 0.17 meters



max

and €'** = 8.3 degrees. The rate at which these po-
sition estimates are updated is 7 times a second on a
SPARC 20.

Next, in order to test the localization systems abil-
ity to recognize when the robot is outside the learned
workspace, we allowed the robot to leave this learned
region and randomly performed 1000 odometry tests
as described in Section 2.2. For 748 of these test points
the robot recognized that it was outside of the learned
region. However, the other 252 test examples, as in
the previous experiment were close enough (within 1
meter) to the original workspace boundary to make
the learned position mappings still valid within cali-
bration error limits, even though they where outside
the learned workspace.

5 Discussion and Conclusion

The experimental results demonstrate that the
proposed method generated vision based localization
mappings which had errors that were comparable to
those found in the calibration system. The learned
mappings are robust in that they give consistent lo-
calization readings in a dynamically changing visual
environment, at a rate of better than 7 position read-
ings per second. The 3 different on board camera posi-
tions used in the experiment demonstrate that various
visual queues can be used to learn effective localization
mappings.

In addition, the experimental results indicate that
the localization mappings generated can be used to
determine when the mobile robot has strayed from
the region where the mapping was learned. We are
interested in using this to help automatically map dy-
namic environments. By knowing that the robot is
no longer within a learned work-cell, we can extend
the learned visual mappings using odometric readings,
and thus begin to visually explore an unknown envi-
ronment without using an external calibration system.

Finally, although these initial experiments indicate
a promising approach to vision based localization,
much more experimentation is needed to establish how
it can best be used for various environments. Perhaps
a better approach for some applications could be to use
panoramic camera views, while other applications may
best be served by using this method in a sensor fusion
framework which incorporates other information such
as sonar and odometry. Perhaps the most promising
aspect of the proposed approach is that these new sen-
sor inputs, even though they are not pixel values, can
be directly incorporated into the nonparametric learn-
ing paradigm together with the image data. Thus,
sensor fusion becomes an automatic byproduct of the

way in which the learning algorithm constructs the
localization mappings.
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