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Abstract

Recent developments in sensor technology have made it fea$é to use mobile robots
in several elds, but robots still lack the ability to accura tely sense the environment.
A major challenge to the widespread deployment of mobile robts is the ability to
function autonomously, learning useful models of environrental features, recogniz-
ing environmental changes, and adapting the learned model#é response to such
changes. This article focuses on such learning and adaptatn in the context of
color segmentation on mobile robots in the presence of illumation changes. The
main contribution of this article is a survey of vision algorithms that are poten-
tially applicable to color-based mobile robot vision. We therefore look at algorithms
for color segmentation, color learning and illumination invariance on mobile robot
platforms, including approaches that tackle just the underying vision problems.
Furthermore, we investigate how the interdependencies beteen these modules and
high-level action planning can be exploited to achieve autonomous learning and
adaptation. The goal is to determine the suitability of the state-of-the-art vision
algorithms for mobile robot domains, and to identify the challenges that still need
to be addressed to enable mobile robots to learn and adapt maads for color, so as
to operate autonomously in natural conditions.

Key words: Real-time Robot Vision, Autonomous Mobile Robots, Color Leaning,
Illumination Adaptation.

1 Introduction

Mobile robots are dependent on sensory information for theirperation, but
they still lack the ability to accurately sensethe environmental input. Re-
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cent developments in sensor technology have provided a randéhigh- delity
sensors at moderate costs, such as laser range nders, color cameaas
tactile sensors, thereby making it feasible to use mobile robots real world
applications [66,72,96]. However, the sensors typically neegtensive manual
calibration, which has to be repeated when environmental nditions change.
This sensitivity to environmental changes is more pronounced the case of
color cameras | they require extensive manual calibration anl are sensitive
to illumination changes. Mobile robots however frequently dwve to operate in
environments with non-uniform illuminations. Therefore, gen though color is
a rich source of information, mobile robot applications haveuntil recently,
relied primarily on non-visual sensors [98]. Even when a robad equipped
with a camera, the focus has largely been on using local edgeséd gradients
computed from the intensity-image [63]. Current sensory prossing methods
on robots therefore fail to exploit the information encodeth color images and
fail to eliminate the sensitivity to environmental changes.

The need for autonomous operation is a major challenge to tindespread use
of mobile robots. In order to be suitable for real-world applations, it is not
su cient for the robot to be equipped with good sensors | it is imp ortant
for the robot to exploit all the available information. The robot should be
able to autonomouslylearn appropriate models for environmental features, to
recognizeenvironmental changes, an@dapt the learned models in response to
such changes. Mobile robots are typically characterized by strained com-
putational resources, but they need to operate in real-time iarder to respond
to the dynamic changes in their environment. Autonomous leamg and adap-
tation on mobile robots is hence a challenging problem.

In this article the focus is on learning and adaptation in thecontext of visual
input from a color camera. We speci cally focus on: (a) color genentation

i.e. the process of clustering image regions with similar coland/or mapping

individual image pixels to color labels such ased, yellow and purple, and on
(b) color constancy i.e. the ability to assign the same color lalseto objects
under di erent illuminations. Mobile robot applications that do use color in-
formation, typically have some form of color segmentation ashé rst step,

but this segmentation is sensitive to illumination changes. Fige 1 shows an
example owchart of visual processing using color information.

The rst stage of visual processing igolor segmentationwhich takes as input
a color image in one of many color spaces (e.g. RGB or YCbCr) degéng
on the camera being used and the application domain. Color segntation
involves clustering contiguous image regions into meaningigroups based on
color, and/or mapping image pixels to one of a prede ned set ablor labels.
The output of the segmentation module is hence either a list oflustered
image regions superimposed on the original image, or an imadetlee same
size as the original image with each pixel labeled with the nuenical index of
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Fig. 1. Typical vision-based operation owchart.

the corresponding color label (e.g. \1" forred, \2" for blue). This clustering
and mapping is typically computationally expensive, requés extensive human
supervision, and is sensitive to illumination changes.

The color-segmented image regions are the input to tledject recognitionmod-
ule, where the segmented regions are used to nd \objects" andlwr struc-
tures with well-de ned properties such as size, shape, and coldhese known
properties of objects are used to determine heuristics and @raints that help
choose the segmented regions that best match the constraints. @b recogni-
tion using color or other features is an extensively researchesdd [30,31,103]
that is not the focus of this article. Object recognition typcally provides a list
of detected objects and their locations in the image.

The output of the object recognition module serves as the inptio the next
stage of visual processing, which could involve some form of 3D ssemder-
standing, or could serve as input to a localization module on rhide robots.
Objects and their relative arrangements are used to deterneradditional infor-
mation about the 3D scene being observed. If a stereo camera isigaised, for
instance, the depth information can be combined with the infonation about
the objects to reconstruct the 3D scene. On mobile robots the &wn map of
the world (object sizes and locations in global coordinatesao be exploited to
use the computed distances and angles to the detected objeatsdcalize the
robot i.e. nd its pose (position and orientation) in global c@rdinates. The
robot can also perform simultaneous localization and mappin@GLAM) [47]
or determine the structure of the world based on the motion (SFM[38].

The reconstructed 3D scene and estimated robot pose can be used lhygi-
level module to choose the sequence of actions to perform in @rdo achieve
a speci c goal. For instance, if the robot is to navigate to a céain location or
retrieve a target object from a speci c location, the robot ca use the available
information to plan its actions so as to maximize the likelihod of success and
minimize the use of the available resources.



In this article we are primarily interested in the problem of olor-based mo-
bile robot operation, and we are speci cally focused on the tastif robust
color segmentation | the rst module in Figure 1. Color segmentation is
typically computationally expensive and sensitive to illumiation. In order to
make color-based mobile robot operation feasible, we need twble real-time
autonomous segmentation of input images into meaningful aullabels, and
enable adaptation to illumination changes in a dynamicallghanging environ-
ment. We therefore survey a set of representative algorithmsahhave been
proposed to tackle color segmentation, color learning, illumation invariance,
and the associated high-level action-planning, on mobile rots. We also look
at approaches that just address the underlying vision problem3$he goal is to
determine the suitability of the state-of-the-art vision algoithms for mobile
robot domains, and to identify the challenges that still needd be addressed in
order to enable autonomous color-based mobile robot opexati Furthermore,
we also identify key results that can be used to achieve autonoosoperation
with other visual features, thereby moving towards autonomaimobile robot
operation under natural conditions.

2 Survey Overview

The topics we aim to survey in this article | color segmentation, color learning
and illumination invariance | continue to be extensively researched in the
computer vision community. However, many state-of-the-art gion algorithms
are not applicable to mobile robots for a variety of reasons. Adgithms for
mobile robot vision problems need a few essential charactercst

Real-time operation, since mobile robots typically need toespond rapidly
to changes in the surroundings.

Deployment without extensive manual calibration {raining) or extensive
prior information, since mobile robots frequently need to beleployed in
previously unseen environments.

Adaptation to previously unknown environmental conditions wthout hu-

man supervision, since the operating conditions in mobile robdomains do
not remain constant | for instance the illumination changes.

In this survey we therefore use the above-mentioned criteri@ evaluate a set
of vision algorithms regarding the extent to which they coulde applicable to
color-based mobile robot vision. Though only a subset of the algghms are
directly applicable to mobile robot domains, even those thatra currently un-
suitable for robot applications provide interesting researclieas and a better
understanding of the underlying problems. Figure 2 presents awerview of the
survey | it lists the four distinct modules that we discuss. Section3 discusses
some standard approaches for color segmentation of static sceriebpwed by
methods speci ¢ to mobile robots. Section 4 presents a brief deption of
color spaces, and human perception and naming of colors. It alssalisses
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Fig. 2. Overview of the modules surveyed.
algorithms for autonomous segmentation and learning of moldeof color dis-
tributions. Section 5 discusses approaches for illuminationvariance, from the
early studies to current approaches on mobile robots. Secti@presents an
overview of some planning approaches for autonomous contadlsensing and
high-level behavior. The \Color Segmentation”, \Color Leaning" and \Illu-
mination Invariance" modules in Figure 2 all fall primarily within the \Color
Segmentation” box in Figure 1, while \Action Planning" refers to the box
labeled \High-level behavior" | it plans the actions that ena ble autonomous
learning and adaptation. Section 7 brie y discusses how these dwdes are
interlinked, and how the inter-dependencies can be expled to create a real-
time color-based mobile robot vision system that autonomouslydens color
models and adapts to illumination changes. Finally we summae and discuss
directions of further research in Section 8.

There have been other surveys on the use of vision for tasks suchasat con-
trol and navigation [25,53]. This survey aims to provide a dierent perspective
by identifying the vision challenges on the path to autonomaimobile robot
operation with color visual input. Though the survey is mainlyfor vision re-
searchers interested in working on robot domains, it is also imded to be
useful for roboticists exploring vision as an information soue; while new-
comers to both vision and robotics can get a avor for the exigtig approaches
for vision-based mobile robot operation.

3 Static Color Segmentation

Color segmentation is typically the rst step in a robot vision sysem that uses
a color camera. The goal here is to either cluster image reggomto similar



groups and/or to create a mapping from each possible pixel vauo a discrete
color label, i.e. to create acolor map:

e - fMyi;my;maeg 7! Hjioon 15 8isj k2 [0;255] (1)

where my; m,; m3 are the values along the color channels (e.g. R, G, Bl
represents the dependence on illumination, andefers to the numerical indices
of the color labels (e.gblue= 1; orange= 2). Color segmentation of individual
images is a heavily researched eld in computer vision, with sesal good
algorithms [19,80,93]. We rst discuss a few of these approaches.

The mean-shift algorithm [19] is a very general non-parametrtechnique for
the analysis of complex multi-modal feature spaces (e.g. texe) and the
detection of arbitrarily shaped clusters in such spaces. The femé space is
modeled as an empirical probability density function (pdf).Dense regions in
the feature space correspond to local maxima, i.e. the modestloé unknown
pdf, which are located at the zeros of the gradient of the demgifunction.
Unlike the classical approaches for kernel density estimationgR the mean-
shift procedure locates the local maxima i.e. zeros withoutsémating the
density function. Iterative computation of the mean-shift vetor that always
points in the direction of maximum increase in density, and tmaslation of the
kernel in the direction of the mean-shift vector, is guaranid to converge to
a local mode. Mean-shift vectors therefore de ne a path to thdesired modes.
Once the modes are found, the associated clusters can be separdiased
on the local structure of the feature space. Though the techrue performs
well on several vision tasks such as segmentation and trackings fuadratic
computational complexity makes it expensive to perform on nimle robots
with computational constraints. Figure 3 shows image results tdined using
Mean shift code [19].

(d) (e) ()

Fig. 3. Mean shift using [19]. (a) House [19], (b) Outdoor, (¢ Robot soccer, (d)-(f)
Segmented images.



An entirely di erent approach to image segmentation is the usefoactive
contours" (curve evolution), where initial contours are dened and deformed
towards the object boundaries using partial di erential egations. The active
contour methods typically follow one of two representation &mes: paramet-
ric active contours (PAC) and geometric active contours (G&). PAC use a
parametric representation for the curves while GAC use leveltse Level sets
and and hence the GAC methods readily handle changes in topgl as the
curve evolves, for example merging and splitting. Active contw methods are
typically classi ed into three groups: edge-based [13], regidrased [14,93] and
hybrid [70] based on whether they primarily operate on imagedges, regions
or a combination of both. Sumengen et al. [93] describe a regibased GAC
method that segments images into multiple regions. Their appach uses edge-
ow image segmentation, where a vector eld is de ned on pixslin the image
grid and the vector's direction at each pixel is towards thelosest image dis-
continuity at a prede ned scale. An edge function based on thisector eld
is used to segment precise region boundaries. Their method akothe user
to specify the similarity measure for region-merging and splitig based on
di erent image characteristics such as color or texture. Thelgorithm is rea-
sonably robust to the initial curve estimates and provides goosegmentation
results on a variety of images. However, it involves an iterateszcomputation
for nding the nal contours and takes seconds of o -board pre@essing per im-
age. These algorithms are hence unsuitable for real-time opgon on mobile
robots with constrained resources.

Image segmentation can also be posed as a graph-partitioningpplem, and
more speci cally as a weighted undirected grapts = (V; E), where each node
v; 2 V represents a pixel in the image, and the edgé&s connect certain pairs
of neighboring pixels. Each edge is assigned a weight based on sprogerty
of the pixels that it connects. In recent times, graph-based miebds [29,80]
have proven to be powerful segmentation algorithms. One pojulclass of
graph-based segmentation methods nd minimum cuts in the grdp where a
cut measures the degree of dissimilarity between point sets by contipg the
weights of the graph edges that have }(o be removed to separateettwo sets
(say A;B): Cut(A;B) = w(u; V) (2)
U2A;v2B
and the goal is to minimize thiscost Since the minimum cut favors cutting
small sets of isolated nodes in the graph [104], Shi and Malik [§@oposed
the idea of considering pixel clusters instead of looking at paks in isolation.
Their normalized cutis a robust global criterion that simultaneously maxi-
mizes the similarity within a cluster and the dissimilarity between clusters.
Since the normalized cut for a graph with regular grids is NPetnplete, it is
approximated and solved using principles drawn from the geradized eigen-
value problem [80]. In addition to providing good segmentain and object
recognition, normalized cuts have also been used for other gqmuer vision
tasks such as motion tracking [79] and 3D view reconstructiong4 However,



the graph-optimization process is time-consuming. Even witthe current lin-

ear approximations to the original quadratic-time implematation it involves

an iterative optimization phase that takes seconds of o -boar processing per
image. Graph-based algorithms are hence computationally mansive to per-
form in real-time (20{30Hz) on mobile robot platforms. Other ecent graph-
based image segmentation techniques (e.g. Felzenswalb and ldatocher [29])
provide improved measures for graph-partitioning but still ave similar com-
putational limitations, even after incorporating simplifying assumptions that
increase processing speed. Pantofaru and Hebert [69] compare Mean-shift

and graph-based image segmentation algorithms. Figure 4 showsngée re-

sults obtained with the NCuts code [20].

Ay
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Fig. 4. Normalized Cuts using [20]. (a) House [19], (b) Outdeor, (c) Robot soccer,
(d)-(f) Segmented images.

Many mobile robot applications require real-time operatio (20{30Hz) and a
robust mapping from pixels to color labels (the color map in Heption 1).
In addition to being clustered, similar image regions may heameed specic
color labels and may need to be tracked across several image=newhen envi-
ronmental conditions change. This color map is typically eated through an
elaborate o ine training phase | images are manually labeled over a period of
hours to obtain the initial training samples [102]. Since thextensive labeling
only labels 5 10% of the color space, the color map is produced by gener-
alizing from these training samples using machine learning tadques such
as neural networks [4], decision trees [15], axis-parallettangle creation [18]
and nearest neighbors [92]. Figure 5 provides segmentatiorsulls on some
sample images captured on-board a legged robot. The main disadtage of
the hand-labeled color map is that this entire training proess has to be re-
peated when the environmental conditions such as the illumation change.
Even methods that provide some robustness to illumination chges by using
a di erent color space [85] do not eliminate the need for extsive manual
calibration, or the sensitivity to illumination.
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Fig. 5. Hand-labeled color map on legged robots [85]. (a)-(c) @ginal images, (d)-(f)
Segmented output.

Algorithms Computational | Manual training, | Adaptation to
complexity Prior information | new situations
Non-parametric [19] High No No
Active contours High Yes No
[13,70,93]
Graph partitioning High No No
[29,45,80]
Color maps Low Yes No
[18,85,102]
Table 1

Standard segmentation methods | very few are suitable for mobile robot vision.

Table 1 uses the criteria mentioned in Section 2 to evaluate ¢hsegmentation
algorithms discussed above. The \adaptation” column representhe ability
to detect environmental changes, and to consistently hold theparopriate be-
lief over various colored regions when such changes occurrgd regions for
instance should be clustered appropriately and labeledd even when the illu-
mination changes. In summary, classical approaches to color segmation are
either computationally expensive to implement on mobile rafits and/or re-
quire extensive manual calibration that is sensitive to enviramental changes.

4 Color Learning

An alternative to extensive manual color calibration is to enlale the robot
to autonomously segment images using learned models of colastdbutions.
Attempts to learn color models or make them independent to limination



changes have produced reasonable success [39,52,59] but ththods either
require the spectral re ectances of valid objects to be presmputed, or require
additional transformations. A mobile robot deployed in realworld domains
is frequently required to operate in new environments wherie surround-
ings, including objects, may change dynamically. It is therefe not feasible to
measure the properties of the environment in advance. The atldnal trans-
formations between color spaces or for image transformatioommpensation,
operate at the level of pixels or small image regions. Such tisformations are
expensive to perform on mobile robots that require real-timeperation.

One question that arises in color learning is the choice of cospaces. Gevers
and Smeulders [39] evaluate several color spaces to determimar suitability
for recognizing multicolored objects invariant to signi cat changes in view-
point, object geometry and illumination. They present a theretical and ex-
perimental analysis of several color models. In addition to RGBntensity |,
normalized RGB (rgb), saturation S, and Hue H, they propose three models:

¢, = tan 1*'02: nl——— g=tan '———— (3)
maxf G;Bg’ maxfR;Bg’ maxf R; Gg
| = (R_G)’ . (R B)?
'"(R G)2+(R B)2+(G B)* °" (R G)2+(R B)?+(G B)?
- (G B)?
" (R G)2+(R B)2+(G B)?
R*1G*2 R*1B X2 GX1B*2
M= Rega’ M~ Repx’ ™7 Gepx

Each of the three channels of;c,c; represents a ratio of color channel values,
while each component of;l,l3 represents normalized square color di erences.
The modelm;m,;m3 has each channel represent a ratio of color values of neigh-
boring pixels 1;x,)|see [39] for details. Assuming dichromatic re ection
and white illumination, the authors show that rgb, saturation S, Hue H, and
the newly proposed models;c,cs, 111,13 and m;m,mj; are all invariant to the
viewing direction, object geometry and illumination. Hue H ad |41, are also
invariant to highlights, while m;m,ms is independent of the illumination color
and inter-re ections under the narrow-band Iter assumption This analysis
serves as a reference on the choice of color space, based on tp@rements
of the speci c application.

In parallel to the computer and robot vision research of colohuman percep-
tion and representation of color have been extensively studiexver the last
several decades. In his thesis, Lammens [57] presents a nice aslgpf the
physiology of human color perception and its representatiom language. He
analyzes how humans perceive colors and represent them indaage, and he
proposes appropriate color models based on neurophysioloydata and psy-
chophysical ndings in color perception. More recent work byojsilovic [68]
provides a computational model for color naming based on expaents where
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human subjects are asked to name and distinguish between cologiches.
She proposes a color naming metric that measures distances hesw colors
analogous to the human perception of color. The metric, basexh distances
and angular measurements in the LAB and HSL color spaces [36], sed to
determine the color decomposition of images. Such results frahre analysis
of the human visual system can be exploited by the robot vision remehers.
For instance, in their work on mobile robots, Sridharan and Stee [85] use
the LAB color space [46], that organizes colors similar to the nan visual
system, in order to provide robustness to minor illumination chages.

In an approach representative of computer vision methods foplbust color
learning, Lauziere et al. [59] use the prior knowledge of theesgiral re ectances
of the objects under consideration for learning color modeénd recognizing
objects under varying illumination. The color camera sensitity curves are
measured o ine and used to recognize objects better under daght illumi-
nation conditions. However, in addition to being computatioally expensive,
their method requires prior measurement of the camera chatadstics and the
spectral properties of the environment. Mobile robots are gever frequently
required to operate in new environments.

On mobile robots, attempts to autonomously learn the color mapave rarely
been successful. Cameron and Barnes [12] present a technique dbasescene
geometry, where edges are detected in the image and closedreggiare con-
structed to nd image regions that correspond to certain knowrnvironmental

features. The color information extracted from these regions used to build
the color classi ers, using the Earth Mover's distance (EMD) [75s the cluster
similarity metric. lllumination changes are tracked by assoating the current

classi ers with the previous ones based on the symbolic color k. The edge
detection, formation of closed gures, and clustering is compationally ex-

pensive (order of a few seconds per image) even with o -boardgmessing.
However, the technique introduces the promising idea of exjtiog the struc-

ture inherent in robot application domains to learn color mdels.

Chernova et al. [16] propose another approach that exploithé known struc-
ture of the application environment to learn color models. Té robot moves
along a pre-speci ed sequence of poses. At each pose, edges aectiet and
objects are found using domain knowledge, and image regionighim the de-

tected object were used as training samples to generate thearoimap. The
technique works within controlled lab setting and the appropate motion se-
guence is manually speci ed. For true autonomous behavior ¢hrobot should
be able to autonomously plan action sequences suitable for edearning and
adaptation to environmental changes.

Jungel [49] modeled colors using three layers of color maps he lowest layer
represents a small subset of easily distinguishable colors, whilethigher lay-
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ers represent a greater number of colors with increasing pr&ion levels. Colors
in each level are represented as cuboids relative to a refezercolor. In order
to increase the processing speed very little computation is perined to dis-
tinguish between colors whose distributions are similar or ovap in the color
space. Instead, domain speci ¢ constraints based on the known ebj proper-
ties such as colors and sizes are used during object recognitiodisambiguate
between object colors. The reference color is tracked with mar illumination
changes, and the distributions of other colors in the color spa¢the cuboids)
are displaced by the same amount as the reference color. Thougis an inno-
vative solution for real-time robot applications, cuboids a not a good model
for color distributions and di erent color distributions do not change by the
same amount with illumination changes. As a result, the generatemap is
reported to be not as accurate as the hand-labeled one.

The recent DARPA challenges (Grand Challenges 2005, 2006;akeing Ap-
plied to Ground Robots 2004{2008; Urban Challenge 2007) haeenphasized
the need for using visual information in real-world applicatins [21,56,96,101,22].
In order to navigate autonomously outdoors, issues such as cologsentation
and illumination invariance had to be addressed. Mathematitanodels such
as mixture-of-Gaussians (MoG) and histograms were used to modelor dis-
tributions. For instance, the MoG model for the a priori probalidity density
of pixel values (n) for a g«articular color label (1) is given by:

p(mjl) = p@) fi(m); fi(m) N (i i) (4)

i=1

where there arek weighted components in the model (weight =(i)), each
being a 3D Gaussian with a mean () and a covariance matrix (). How-
ever, none of these techniques exploit the domain knowledggrsicantly, and
the modeling of colors is limited to distinguishing between \da" and \un-
safe” road regions. The visual input is used only to nd obstaclesramage
edges, while high-level decisions are predominantly based amfvisual sensors
such as laser and GPS. However, the colored objects in mobile dobdomains
encode a lot of useful information. The challenge is to nd anpgpropriate
represent for color distributions that may overlap in the colospace.

Sridharan and Stone [83,84] address the challenge of autorows real-time
modeling of overlapping color distributions. The known struaire of the robot's
environment (positions, sizes and color labels of objects) ispdaited to plan
an action sequence suitable for learning the desired colors. @uadlistributions
are modeled using a hybrid model of 3D Gaussians and 3D histograms:

if Gaussian (I) then p(mjl) N( ; 1) (5)
else {mijl) H'SL'(S;S%I; )

where N( |; ) is the 3D Gaussian for colorl, while (b, b, b;) are the
histogram bin indices corresponding to the pixel valuesm;, m,, m3). The

12
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Fig. 6. Segmentation on mobile robots with learned color map. (a)-(c) Original,
(d)-(f) Segmented (Mixture of Gaussians), (g)-(i) Segmented(Hybrid model) [83].
Hybrid model works in real-time and with overlapping colors.

robot chooses the best representation for each color distribati based on au-
tonomously collected image statistics. The learned color mapgwides segmen-
tation and localization accuracies comparable to that obtaed from a man-
ually labeled map. The learning scheme however takes6min of robot time

instead of hours of human e ort. Overlapping colors (e.gred, pink, orange

are modeled e ciently but the sensitivity to illumination stil | remains. Seg-
mentation performance with learned color maps is shown in Rige 6. Table 2

Algorithms Computational | Manual training, | Adaptation to

complexity Prior information | new situations

Color modeling High Yes No
[39,59,68]
Robot apps: color Low No No

secondary [56,96]

Robot apps: color Low No (Yes) No

primary [12,16,49,84]
Table 2
Color modeling methods | eliminate manual calibration but ¢ annot adapt.

evaluates the color learning algorithms based on the criteriessential for mo-
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bile robot applications. Algorithms developed for color leaing on mobile
robots eliminate the need for manual training and do not neegrior knowl-
edge of color distributions, irrespective of whether color issed as a primary
or secondary input source. However, when color is the main sensanput
some robot applications exploit domain knowledge to model loos whose dis-
tributions may overlap in the color space (the {Yes)" in the third row). Such
domain knowledge is much easier to provide than hand labelingages or
measuring properties of each new scene and the objects in thefarther-
more, existing algorithms can be used to learn most of this donmaknowledge
(e.g. SLAM algorithms [24] for learning the objects' locatios). To summa-
rize, standard color modeling algorithms are computationl expensive, and
even when implemented successfully on mobile robots, they do raldress the
problem of detecting and adapting to environmental (illunmation) changes.

5 lllumination Invariance

Irrespective of the method used for color segmentation or col@arning, one
common problem is the sensitivity to illumination. Mobile rolot application
environments are characterized by illumination changes drit is essential for
the robot to be able to map the image pixels to the correct caldabels, i.e. we
need color constancy. This section surveys some popular colonstancy tech-
nigues proposed over the last few decades. The following equoatillustrates
the factors that in uence colorzperception [34,64]:

mP=  E()S'()R()d (6)

whereE( ) is the illumination, S*( ) is the surface re ectance at a 3D scene
point x that projects to the image pixelp, while R;( ) is the channel sensi-
tivity of the imaging device's|j th sensor. The sensor value of thgh sensor of
the imaging device at pixelp, m?, is the integral of the product of these three
terms over the range of wavelengths of light. The robot needs perceive the
same color [) of the object under di erent illuminations. Changing eithe the
surface re ectance or the illumination can modify the sensor laes, assum-
ing the imaging device and hence the channel sensitivities ram unchanged.
Figure 7 presents an example of the e ect of illumination chage on a trained
color map. Most color constancy methods focus on static imageseaom-
putationally expensive, and predominantly estimate the cuant illumination
E( ) and surface re ectanceS( ) as a function of a known illumination.

The Retinex theory [58] was one of the rst attempts to explairhuman color
constancy. Based on the assumption that white re ection inducasaximal rgb
camera responses (since light incident on a white patch is spedly unchanged
after re ection), Land suggested that measuring the maximum rg, and b
responses can serve as an estimate of the scene illuminant colohéwit was
determined that the maximumrgb in an image is not the correct estimate for
white, the technique was modi ed to be based on global or locahage color

14



(@) (b) (©) (d)

(e) (f) (9) (h)

Fig. 7. lllumination sensitivity. (a)-(d) Color map trained under an illumination,
(e)-(h) Ceases to work when illumination changes signi canty.

averages. The \Gray World" algorithm by Buchsbaum [11] is also dsed on
the same principle. However the image average, either localglobal, has been
shown to correlate poorly with the actual scene illuminant [8]n addition, this
method excludes the possibility of distinguishing between thecaual changes
in illumination and those as a result of a change in the collecin of surfaces
in the environment. However, the environmental objects chae dynamically
in a mobile robot application domain.

Another classic approach to color constancy was proposed by Madynand
Wandell [64]. They try to recover the surface re ectance funmons of objects
in the scene with incomplete knowledge of the spectral distrition of the
illumination. They provide a mathematical analysis of colorconstancy and
decompose both the illumination and the surface re ectance ffigtions as a
weighted linear combination of a small set of basis functions:

X xXn
S()=" 1S E()= E() @)

j=1 i=1
leading to a relationship between sensor responses and surfacecéances:
mP= X (8)

where is ap (dimensions ofmP, the sensor vector at a pixel) byn matrix
whose (k,j)th entry corresponds toE( )S;( )Rk( ). They show that a unique
solution is possible the number of sensory channels, three in a color camera,
is at least one more than the number of basis functions that detaine the
surface re ectances. Assuming that the illumination is constantv@r an image
region, they use the pixel values to estimate the illuminatiomand the surface
re ectance. The paper also presents some interesting conclus@about human
color perception. However, neither surface re ectances ndluminations can
be modeled well with just two basis functions. In addition, thellumination
does not have to remain constant over large image regions.
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Forsyth proposed thegamut mappingalgorithm for color constancy [37], which
estimates the current illumination as a function of a known iumination. Since

surfaces can re ect no more light than is cast on them, he conded that the

illuminant color is constrained by the colors observed in themage and can
hence be estimated using image measurements alone. The alfgonitgener-
ates a set of mappings that transform image colors (sensor valuesjder an

unknown illuminant to the gamut of colors observed under a statard (canon-

ical) illuminant, using 3D diagonal matrices. Then a single mapng is chosen
from the feasible set of mappings in order to estimate the actuaénsor values
under the canonical illuminant. Though the method requiresidvance knowl-
edge of the possible illuminants to generate the mappings, it @masizes the
point that image statistics can provide a good estimate of theliimination.

Realizing that the scene illuminant intensity cannot be recared in Forsyth's

approach, Finlayson modied it to work in the 2D chromaticity space [32].
He proved that the feasible set calculated by his algorithm wahé same as
that calculated by Forsyth's original algorithm when projeted into 2D [33].

He then proposed themedian selectionmethod, which includes a constraint
on the possible color of the illuminant in the gamut mapping algrithm. More

recently he proposed a correlation framework [34], where thange of colors
that can occur under each of a possible set of illuminants is cootpd in

advance. Correlating this range with the colors in a test imagestimates the
likelihood that each of a possible set of illuminants is the scemiminant.

Instead of estimating the illumination intensity, Klinker et al. [52] focus on
the surface re ectance properties of objects in the scene. Th@ropose an
approach for color image understanding based on the Dichron@aRe ection
Model (DRM). The color of re ected light is described as a mixtre of the
light from the surface re ection (highlights) and body re ection (actual ob-
ject color). DRM can be used to separate a color image into an ig@based on
just the highlights, and the original image with the highlights removed. They
present a color image understanding system that can describe theeaction
processes occurring in the scene. Their work requires prior kvledge of the
possible illuminations and properties of objects in the scenehile robots are
typically deployed in environments where it is not feasiblea measure these
properties in advance. However, their technique provides atier understand-
ing of how the illumination and surface re ectances interacto produce the
sensor responses i.e. the camera image.

In contrast to the classical approaches to color constancy, seakBayesian
approaches have also been proposed. Brainard and Freeman [spnt a
Bayesian decision theoretic framework which combines all al&ble statis-
tics such as gray world, subspace and physical realizability csiraints. They
model the relation among illuminations, surfaces and photossor responses
and generate a priori distributions to describe the probabily of existence of
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certain illuminations and surfaces. They present a local massskfunction:
. _ . 1=2 .
Loex) = expfj K 7(x  x)i’g (9)

wherex is the estimate of the parameter vectok, and jK | xj2 = xTK x.
The matrix K is chosen with su ciently small eigenvalues so that the local
mass loss function rewards approximately correct estimates @rassign an
almost equal penalty for grossly incorrect estimates. The maximulocal mass
(MLM) estimator is obtained by minimizing the expected loss fothe local
mass loss function. The MLM estimator integrates local probalties and uses
Bayes' rule to compute the posterior distributions for surfaceand illuminants
for a given set of photosensor responses. However, their approach assia
priori knowledge of the various illuminations and surfaces, hich is not feasible
to obtain in many robot application domains.

Along similar lines, Tsin et al [100] present a Bayesian MAPnfaximum a
posteriori) approach to achieve color constancy for outdoor object reguwition

with a static surveillance camera. Static overhead high-deition color images
are collected over several days, and are used to learn statistichgtributions

for surface re ectance and the illumination. Then a linear ierative updating

scheme is used to converge to the classi cation of the illuminat and hence
the objects in the test images. Most mobile robots operate in a dgmically

changing world with motion induced image distortion and a linted view of
its surroundings. Though collecting statistics as proposed by éir approach
may not be feasible in most robot applications, de ning the spacef operation
based on the task is applicable to robot domains as well.

In contrast to the Bayesian methods, Rosenberg et al. [74] develmodels for
sensor noise, canonical (i.e. \true") color and illuminationThe pixel values
are considered to be proportional to the sensor values under tiganonical
illuminant, and are transformed to a log-space, normalized dndiscretized to
obtain a 2D color space that factors out the pixel intensities. &ed on the
assumption that the global scene illuminant parameters are imgendent of
the canonical color of an object, a single distribution is matained over the
canonical colors and used to compute the a priori likelihoodf @bserving a
particular color measurement given a set of illumination paraeters. Given
an input image under an unknown illumination within the set ofilluminations
the system is trained for, thea posteriori global scene illumination parameters
are determined by an exhaustive search over the space de ned lhetlearned
models, using the KL-divergence measure. Experimental resutisow that the
performance is better than that obtained by using a Maximum LWelihood
Estimate approach. This approach assumes a priori knowledgetbg illumi-
nations and sensor noise, and involves a computationally exs@re search
process. Mobile robots however frequently move into regionsthvpreviously
unknown illuminations and sensor noise.

In the domain of mobile robots, the problem of color constancyas often been
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avoided by using non-visual sensors such as laser range nders andasd98].

Even when visual input is considered, the focus has been on mgezing just a
few well-separated colors [46,66] or to use intensity-basedtteas [63]. Until

recently, there has been relatively little work on illumin&ion invariance with

a moving camera in the presence of shadows and artifacts causedrapid

motion in real-world domains. Furthermore, even the few appaches that do
function within the computational constraints of mobile rolots (e.g. [3,60,96])
do not autonomously model illuminations and overlapping cots to smoothly
detect and adapt to a range of illuminations.

Lenser and Veloso [60,61] present a tree-based state description &enti -
cation technique which they use for detecting illumination ltanges on Aibos
(four-legged robots). They incorporate a time-series of awge screen illumi-
nance to distinguish between illuminations, using the absolutealue distance
metric to determine the similarity between distributions. Pror work has shown
that average scene illuminant is not a good representation fdlumination [8].
In addition, their method does not run in real-time on-boarda robot. How-
ever, their work provides additional support to the hypothes that temporal
image statistics can be used to model illuminations | the goal isto enable
mobile robots to collect these statistics autonomously.

Since both sensing and actuation on mobile robots involve untanty, prob-
abilistic (i.e. Bayesian) methods are becoming popular for rbde robot tasks.
For instance, Schulz and Fox [77] estimate colors using a hiethrcal Bayesian
model with Gaussian priors and a joint posterior on position andneironmen-
tal illumination. In their approach, the mean color vector dtained from an
image captured at a known location is treated as a direct obsation of the
current illumination. The posterior over illuminations at time k, denoted by

k IS modeled as a Gaussiam( xjizk) = N( «; «; «), whereiy is the mean
color vector and the Gaussian parameters (mean, covariancegastimated
using a standard Kalman Iter update [97]. The joint posterior wer robot
poses and illuminations is factorized:

P( Kk X1:k]Za:k; Urk 1) = P( kJX1k; Zak; Urk 1) P(X1:k]Za:k; Urk 1) (10)
= p( kjizk) P(X1xjZ1k; Uik 1)

where z;.« are input images up to timek and u;x ; are the robot motion
commands. This decomposition allows the use of Rao-Blackws#id Particle
Filters [97] such that illumination ( ) can be determined based on the esti-
mated robot pose. The method however requires signi cant prionformation
to construct the a priori Gaussian density functions for color ditributions over
known illuminations | several images are hand labeled. The rsults reported
in the paper indicate that the algorithm requires signi canthuman supervi-
sion for experiments with just two distinct illuminations and asmall set of
colors. The Bayesian framework can however be exploited if tmodels for
color distributions and illuminations are learned autonomuasly.
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Anzani et al. [3] describe another Bayesian approach for illumation invari-
ance on wheeled robots. They use Mixture of Gaussians(MoG) to model
the distribution of each color (Equation 4). The labeling of olor classes and
association with mixture components is done by human supervisioand the
Bayesian decision rule is used during classi cation to determirtee color label.
In order to adapt the model parameters and number of mixtureamponents
to changing illuminations, the EM algorithm [28] is used. Theialgorithm has
been tested only over a few intensity variations in the lab andhwolves iterative
computation for parameter estimation. In addition to the conputationally ex-
pensive iterative process, color distributions are not alwayselN-modeled with
MoG and it may be infeasible to obtain a large set of training sanigs in robot
domains | incremental learning may be necessary.

The recent DARPA challenges have resulted in several approastte illumina-
tion invariance on real-world mobile robot domains [21,586,101,22]. Though
the visual information was only used sparingly in these challeag, Thrun et
al. [96] model colors as MoG (Equation 4 in Section 4) and addiditional
Gaussians or modify the parameters of the existing Gaussians irsp@nse to
illumination changes. As mentioned above, not all colors areadeled well us-
ing MoG given limited training data. Furthermore, they wereinterested only
in distinguishing safe regions on the ground from the unsafe regs and did
not have to model colors whose distributions overlap in the aml space.

() (b) () (d)
(e) () (¢)) (h)
(i) () (k) ()

Fig. 8. Tracking illumination changes on mobile robots. (a)(b) Before and after illu-
mination change (Objectl), (c)-(d) Before and after illumination change (Object2)
(e)-(h) Without illumination adaptation, (i)-(I) with real-t ime adaptation.
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In their work on color learning on legged robots, Sridharan ahStone [83,88]
enable the robot to model illuminations using autonomously dected im-
age statistics. While the robot is building models for the colodistributions
(Equation 5 in Section 4), it also collects sample environmegitimages to cre-
ate histograms in the color space (normalized RGB). In additig the robot
computes the distance between every pair of these histograms daive at
a distribution of distances between color histograms under avgin illumina-
tion. The histograms and the distribution of distances charaefrize a partic-
ular illumination. Periodically, the robot captures image and computes the
corresponding color space histogram. If the average distancevieen this his-
togram and the stored histograms corresponding to the currenliumination
is signi cantly di erent from the expected range of distancesunder the cur-
rent illumination, a signi cant change in illumination is detected. The robot
adapts to large illumination changes by re-learning the apppriate portions
of the color map. Furthermore, the robot detects minor illurmation changes
by monitoring the color segmentation performance over knowscene objects,
and adapts by updating the color distributions in real-time ®ing Gaussian
and histogram-merging techniques. The combined strategy erlab the robot
to operate smoothly in a range of illuminations [87]. Figure 8hows sample
images as the robot tracks illumination changes.

Algorithms Computational | Manual training, | Adapt to new
complexity Prior information situations
Classical methods [37,58,64] High Yes No
Bayesian/model-based High Yes No
[7,74,100]
Robot apps: domain Low Yes No
knowledge not used [3,60,77
Robot apps: domain Low No (Yes) Yes
knowledge exploited [87]

Table 3
lllumination invariance methods | adaptation to new condit ions is very rare.

Table 3 evaluates the illumination invariance algorithms ased on the crite-
ria in Section 2. Computer vision approaches are computatialty expensive
and/or require extensive prior knowledge of the possible illumations and
the scene objects. Algorithms implemented for mobile robots ntackle a
small subset of the problem. Methods that can exploit domain kndedge to
autonomously detect and adapt color models to new illuminains are very
rare [87], and even these schemes require some domain knowléddee spec-
i ed in advance (the \(Yes)" in the nal row). As in the case of color model-
ing, providing minimal domain knowledge to enable adaptabin to illumination
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changes is signi cantly easier than measuring all the propeets of the environ-
ment. lllumination invariance is hence still an open problemboth on mobile
robots and in computer vision in general.

6 Action Planning

Color segmentation is rarely, if ever, the end purpose of a visialgorithm,
especially when used on a mobile robot. Many robot vision algtiims actively
consider the purpose of object recognition when consideringwdo spend
computational or action resources { sometimes it may be necesgéo perform
a sequence of actions before a particular object comes witltire robot's view
and can be used to model the colors. In such situations, it can be uddbr a
robot to plan its motion to facilitate color learning.

We are interested in visual processing management: given a set mfiorma-
tion processing and sensing actions, choose an action sequence #uieves
the desired goal reliably, while using the available resourceptimally. For
instance, if the goal is to learn the coloblue from a blue box only the image
regions known to contain abox need to be examined. This problem can be
addressed by two di erent approaches: learning and planning.

In the learning approach the robot could use dierent action sguences to
perform each task repeatedly, using techniques such as Reigkment Learn-
ing [94] to score the action sequences and choose the best sequiceach
task. Learning through repeated trials on a robot, though irgresting, would
however involve extensive manual e ort that might be infeasile in many ap-
plications. The alternative is to jointly plan the sensing \here to looR and
information-processing Wwhat to look for). Challenges to be addressed include:
minimizing the amount of domain knowledge to be manually encled, con ict
resolution when multiple feasible actions exist, and planningnder uncertainty
when the action outcomes are non-deterministic.

There exists a signi cant body of work in the computer vision comunity
on using a user-speci ed goal to plan a pipeline of visual operasp includ-
ing classical approaches for active vision [2]. However, many tbese algo-
rithms use deterministic models of the action outcomes: the prdnditions
and the e ects of the operators are propositions that are redued to be true
a priori, or are made true by the application of the operator.Unsatisfac-
tory results are detected by execution monitoring using handrafted rules,
followed by re-planning the operator sequence or modifyingné¢ operator pa-
rameters [17,67,95]. There has also been some work on autonesnobject
detection and avoidance in vehicles [78], and on interpréian of 3D objects’
structure [48] but extensions to more general vision tasks haveopen di cult.

Probabilistic methods have also been used for image interpréta. Dar-
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rell [23] used memory-based reinforcement learning and Paity Observable
Markov Decision Processes (POMDPSs) [50] to learn what foveaticactions
to execute, and when to execute the terminal recognition don, in order to
foveate salient body parts in an active gesture recognition sysh. In the learn-
ing phase, manual feedback is provided after the execution thie recognition
action in order to assign a reward to the action sequence. The taad recogni-
tion policies are transformed into a compact augmented FiretState Machine
for online recognition. More recently, Li et al. [62] posed iage interpretation
as a MDP. The reward structure is determined o ine by applyingall possible
sequences of operators to human-labeled images. States arstralsted into
a set of image features, and dynamic programming is used to conpwalue
functions for regions in this abstracted feature space. Onknimage interpre-
tation involves feature extraction and the choice of actiothat maximizes the
value of the learned functions. In robot domains the true statef the world
is not known, action outcomes are noisy, and action executianay change
the state. Furthermore, computing the utilities of actions ly repeated trials is
often infeasible in robot domains.

Al planning, in general, is a very well researched eld [40]. 8eral modern Al

planning methods exploit the classical planning machinery bylaxing the lim-

iting constraints on prior knowledge of the states and actionutcomes [27,71].
Draper et al. [27] proposed C-BURIDAN, a planning scheme that is sitar

to a POMDP formulation since it models actions as probabilisti state tran-

sitions between state beliefs to choose the best action to perforA symbolic

STRIPS-like representation [76] is used for reasoning aboutetaction e ects
and symbolic sub-goals of the desired goal. Action preconditierand e ects
are manually speci ed, and a notion of action costs does not ski The tech-

nique cannot accumulate belief by repeated application oh¢ same action
without a manual ordering of actions.

On the other hand, Petrick and Bacchus's PKS planner [71] dedlses actions
in terms of their e ect on the agent's knowledge rather thanteir e ect on the

world, using a rst order language. The model is hence non-deteinistic in

the sense that the true state of the world may be determined unigly by the
actions performed, but the agent's knowledge of that state i®ot. For example,
dropping a fragile item will break it, but if the agent does noknow that the

item is fragile, it will not know if it is broken, and must use an tservational
action to determine its status. PKS captures the initial state acertainty and

constructs conditional plans based on the agent's knowledda.the context of
visual operators, PKS would plan to use the operators to examimach salient
image region, branching based on what is discovered.

More recently, Brenner and Nebel [9] proposed the Continual &ining (CP)

approach, which interleaves planning, plan execution andgn monitoring. It
uses the PDDL syntax [65] and is based on the FF planner [44]. Urdiklassical
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planning approaches, an agent in CP postpones reasoning aboukoowable
or uncertain states until more information is available. Theagent allows ac-
tions to assert that the action preconditions will be met whenhe agent reaches
that point in the execution of the plan, and replanning is trggered if those
preconditions are not met during execution or are met earlieCP is therefore
quite similar to PKS in representation, but works by replannig rather than
constructing conditional plans. However, there iso representation of the un-
certainty in the observations and actions. In vision applicatins with noisy
observations, the optimal behavior may be to take several imag®f a scene
and accumulate the evidence obtained by running the visual epators more
than once. This cannot be readily represented in CP, C-BURIDANTIOPKS,

A classical approach for planning high-level behaviors on rots is to use
a behavior-based architecture, for instance algorithms thdiuild on the sub-
sumption architecture[10]. The underlying principle is that the representation
for information depends on the intended use of the informatio Complicated
behaviors are decomposed into layers of simple behaviors. Adaymplements
a particular behavior goal and higher-level goalsubsumethose of the lower
layers. For instance the lowest layer could encode \avoid obstas" or \follow
the wall", followed by a layer that encodes \explore the envonment"”, which
in turn is subsumed by the overall goal: \create a map of the emanment".
The distributed behavior promotes modularity, but there is ‘ery little cogni-
tive reasoning in the decision-making, and there iso explicit state or action
representation | e ects of actions are known only by executing the actions
Such a system would be infeasible in complex robot systems. Hence,sio
planning systems on robots use some form of knowledge represeotatand
use reactive planning for simple control tasks within a larger syem.

Instead of manually encoding the action outcomes, Sridharame Stone [87,89]
exploit the structure of the environment (known positions, size and color
labels of objects) to enable a legged robot to autonomously tagrobabilistic
models for the motion errors and the feasibility of learningator models at
di erent locations. The robot is then able to robustly plan acton sequences
that simultaneously maximize color learning opportunities Wwile minimizing
the possible localization errors [89]. The robot is able to respd to unexpected
changes byre-planning from its current state, thereby providing support to
the hypothesis that a combination of learning and probabilist planning is
currently the most appealing option for autonomous mobile twot operation.
Figure 9 shows examples of planning a sequence of actions taorlezolors.

The probabilistic (i.e. decision-theoretic) scheme is curréy a popular alter-
native for planning a sequence of actions for practical donma [6,72]. Here,
the planning task is posed as an instance of probabilistic sequiatdecision
making, or more speci cally as a POMDP. POMDPs elegantly capire the in-
complete knowledge of the state by maintaining a probabilitdistribution over
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Fig. 9. Action planning for color learning [89] on mobile robots. (a)-(d) Robot plans
a sequence of poses (arrow represents the orientation) depging on environmental
con guration to learn colors | one color learned at each pose.

the true state (i.e. belief state). The non-deterministic action outcomes are
also modeled probabilistically. The POMDP model is solved usingchniques
such as value-iteration [94], and the outpupolicy provides an action sequence
that simultaneously maximizes the reliability and minimizesthe use of re-
sources. However, practical problems formulated as POMDPs sobecome
intractable because the state space increases exponentiallydahe solutions
are exponential in the state-space dimensions [41,94]. In rec@mes, the fo-
cus has therefore shifted to nding approximate solutions to @MDPs [5,81]
(see [1,42] for surveys), and imposing a structure or hierarchy dne prob-
lem to make it more tractable [35,72,73]. Pineau et al. [72}sa a hierarchical
POMDP for high-level behavior control on a nursing assistant ratit. Similar
to the MAXQ decomposition for MDPs [26] they impose an action hrarchy:
the top-level action is a collection of simpler actions repsented by smaller
POMDPs. Complete solutions (policies) for the smaller POMDPs ar com-
bined to provide the total policy. Invoking the top-level pdicy recursively
invokes policies in the hierarchy until a primitive action § reached. POMDPs
at all levels are de ned over the same state-action space and ttedevant space
for each POMDP is abstracted using a dynamic belief network. ka and Tra-
hanias [35] proposed a similar system for autonomous robot naaigpn. A
signi cant portion of the data for hierarchy and model creatbn is however
application-speci c, and has to be hand-coded. Furthermoreven with state-
of-the-art approximate POMDP solvers [81] there is an intraability inherent
in POMDPs for domains with large, complex state spaces.

Recent work by Sridharan et al. [90,91] presents a novel hiechical POMDP
framework for a cognitive interaction scenario where a humaand a robot
jointly converse about and interact with objects on a tabletp. Given input
images of the scene with several salient regions-of-interest (R many visual
operators that can be applied on the images, and a query to answéheir
approach decomposes the overall planning problem into two syboblems: the
problem of choosingwhich ROI to perform processing on, and the problem
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of deciding how to process the chosen ROI. One POMDP is de ned at the
higher level (HL) where actions consist of choosing the ROI to ptess, and
several POMDPs are de ned at the lower level (LL) with one POMIP each
for planning the visual operators to apply on a particular ROI Unlike other
hierarchical POMDP approaches, autonomously collected statics are used
to learn the query-speci ¢ models at the HL and LL, which are the solved to
obtain the overall policy. However, as the state space becomesmacomplex, a
range of hierarchies in the state and action space may be readr in addition
to faster POMDP solvers. Still, probabilistic (POMDP) planning methods
provide the most promising results, and signi cant attention is leing devoted
towards learning the hierarchies autonomously [99].

Algorithms Computational | Manual training, | Adapt to new
complexity Prior information situations
Classical methods High Yes No
Reactive methods Moderate Very little No
Continual planning Low Yes No
Robot apps: probabilistic, High Yes No
extensive prior info [6,72]
Robot apps: probabilistic, Low Very little Yes
limited prior info [89,91]
Table 4

Action-planning methods | Probabilistic autonomous scheme s provide the more
promising results on mobile robots.

Table 4 compares the action-planning schemes based on the e required
for vision-based mobile robot operation. Most classical and ngebabilistic
planning methods require prior knowledge of states and actiooutcomes,
which may not be feasible to provide in robot applications. Evewhen ex-
tensive manual encoding of information is not required (e.ghe reactive ap-
proach [10] or continual planning [9]), the techniques eidr require several
expensive robot trials to build useful world models or fail to apture the
non-deterministic action outcomes. Even a large subset of thegirabilistic
planning algorithms for robot domains require a lot of prioinformation to be
manually encoded [6,72]. Very rarely do robot action-plammg methods learn
a majority of the required state and action models without huran supervi-
sion [89,91] | even in such cases some domain knowledge needs teebheoded,
though it is signi cantly easier to provide. To summarize, a coiination of
learning and probabilistic planning is currently the most appaling direction of
research for real-world robot applications that require awinomous operation.
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7 Bootstrapping Learning and Adaptation

Though color learning, illumination invariance and actiopplanning have been
discussed as separate modules, there exist inter-dependencied tan be ex-
ploited to create a predominantly autonomous real-time cof-based robot
vision system. As an example, we describe our work that enables abit®
robot to autonomously plan actions that facilitate color leaning and smooth
adaptation to illumination change. Our experiments were m on the Sony
ERS-7 Aibos (four-legged robots) [82] and other wheeled robpiatforms [83].

One standard application domain for the Aibos is the RoboCup inative [51],
where teams of four robots play a competitive game of soccer an indoor
soccer eld (4n  6m) { the long-term goal is to create a team of humanoid
robots that can compete against a human soccer team under naaliconditions
by the year 2050. The robot's primary sensor is a color cameratime nose. It
has three degrees-of-freedom in each leg, and three more snhead. The eld
has four color-coded markers spread around the boundary, iddition to the
goals. The robot detects these markers in the input images capéd at 30Hz,
and localizes itself in order to coordinate its activities vih its teammates
and score goals against the opponents. All processing for visiongdbzation,
motion and strategy is performed on-board using a 576MHz processdhe
ow of information is similar to that described in Figure 1 (Setion 1), though
the architecture is \event-driven". Figure 10 shows an imagef the Aibo and
the soccer eld.

Fig. 10. An image of the Aibo and robot soccer eld.

When the robot is rst deployed in the environment, it has no pior knowledge
of the color distributions or the possible illuminations. It knevs the positions,
sizes and color labels of certain objects in its environmerthg structure), and

it knows its approximate starting pose. Existing approaches ocabe used to
learn a signi cant portion of this structure (e.g. SLAM [47]). The robot uses
the known structure to heuristically plan a motion sequence angarn models
for the color distributions of interest [86], thereby obtairmg the color map
under the current illumination. This learning takes 6min of robot time in-

stead of hours of human e ort. While learning color models, theobot collects
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random images of the surroundings to model the illuminatiorcolor space his-
tograms and second order statistics as described in Section 5rthermore,

as the robot moves in the environment during and after the cot learning, it

collects statistics to learn a model for the motion errors andhe feasibility of

learning colors at various locations ( 1 hour of autonomous learning).

For all subsequent changes in object con guration or illumin@on, our algo-
rithm works as follows. Sudden or large illumination changedor instance
turning on (or o) a few lamps in the room, are detected by comaring the
current image statistics with the stored image statistics corregmding to the
known illuminations. Once a large illumination change is detted, the robot
adapts by using the learned motion-error and color-learninfgasibility models
to plan an action sequence that simultaneously maximizes coll@arning op-
portunities while minimizing localization errors: a new car map is learned.
Minor illumination changes, for instance dimming a few lampsithe room,
are detected by tracking the changes in the current color disbution models
using Gaussian or histogram merging.

As an example of the experiments performed to evaluate our alighms, we
describe the experiment that tested the autonomous adaptatioto illumina-
tion changes. We measured the time taken by the robot tond-and-walk-to-
object it started out near the center of the eld with the object placed near
the penalty box of the opponent’'s goal. Table 5 tabulates theesults under six
di erent conditions, averaged over three illumination soures, with 15 trials for
each test caseAdaptnajor and Adaptminer represent the use of the algorithms
that enable the robot to detect and adapt to major and minor lumination
changes respectively.

lllum + Alg Time (sec) | Fail

Constant + NoAdapt 6:18 0:24 0
Slow + Adaptmajor 31:73 1388 | 9

Slow + Adaptmajor;minor 6:24 031 0
Sudden+ Adaptminor 4511 1113 13
Sudden+ Adaptmajor;minor 9:72 051 0
Sudden+ Slow + Adaptmajor;minor 10:32 0:83 0

Table 5
Time taken to nd-and-walk-to-object. The inclusion of Adaptmajor and Adaptminor
enables the robot to operate autonomously over a range of iiiminations.

When the illumination does not change, the robot camd-and-walk-to-object
in 6:18 0:24 seconds. When the illumination is slowly changed as the robot
performs the task, using justAdaptmajor does not help | large variance in sec-
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ond row. With Adaptminor the results are as good as before:g8 0:31secs).
Next, when the illumination is suddenly changed as the robot st walking
towards the seen object, using jusAdaptminor does not help. The robot to-
tally fails to perform the task most of the time, as seen by the lge number
of failures (fourth row, third column). With the combined strategy, i.e. with
both Adaptmor and Adaptyinoer , the robot can perform the task e ciently,
the additional time being used to ensure that a change in illumation did
occur (9272 0:51secs). We infer that the improvement is primarily due to
Adaptmajor - In all these experiments, when the illumination changes sighi
icantly, the robot is put in conditions similar to the ones forwhich it has
already learned color and illumination models. Hence, once aajor change
is detected, Adaptyajor CONSists of transitioning to the suitable models. Fi-
nally the robot is made to nd-and-walk-to-object while the illumination is
changed signi cantly initially, and after 3sec is changed sldw over the next
5sec. The robot is able to do the task in 182 0:83sed  both Adaptmaer and
Adaptminor are used. We therefore conclude that a combination of the schem
is essential to operate under a range of illumination intensés ( 40Q_ux to
160Q_ux) and color temperatures (230 { 4000K ) [87].

Our approach has a couple of key features. First, the robot bagitaps based
on the available information. During color learning the robt initially has no
knowledge of color distributions and hence chooses to execatdly actions
that require minimal movement. As the robot learns a few colsrit is able
to localize better and hence plan and execute subsequent angomore ro-
bustly. Second, the robot requires minimal human supervisionhe initial
speci cation of the structure and an action sequence suitable rfdearning
are a lot easier to provide than hand-labeling images. All subseznt de-
tection and adaptation to change is autonomous. Furthermoreghe learning
and adaptation algorithms have been tested in un-engineeraddoor corri-
dors on multiple robot platforms, while the action selection lgorithm can
be used to learn features in addition to color. The results desised here
are hence a step towards autonomous color-based mobile robpemtion |
they show that the inter-dependencies between color learginsegmentation,
illumination invariance and action planning can be explogd to create an
autonomous, learning and adapting mobile robot vision system. Alitional
videos and images can be viewed onlingww.cs.utexas.edu/~AustinVilla/
?p=research/illuminvar_colorlearn , www.cs.utexas.edu/~AustinVilla/
?p=research/gen_color

8 Summary and Future Work

Mobile robots possess immense potential in terms of their appiuility to a
wide range of tasks [66,72,96] since high- delity sensors such @dor cam-
eras are becoming available at moderate costs. The sensors h@wéypically
require frequent and extensive manual calibration in respons$e environmen-
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tal changes. For instance, though vision is a rich source of infoation, color
cameras require extensive manual calibration that is sensiéivto illumina-
tion changes. The major challenge to the widespread use of mebibbots is
hence the ability to learn, adapt and operate autonomously.nl this article
we have looked at such learning and adaptation in the context color-based
mobile robots operating in dynamic environments. We have esgally focused
on surveying a set of representative approaches for color segta&an, color
learning, illumination invariance and action-planning.

A common observation in all the surveyed modules is that many g&of-the-
art computer vision and robot vision algorithms fall short of sasfying the
desired characteristics that would facilitate autonomous ¢or-based mobile
robot operation: real-time operation, deployment withoutextensive manual
training or prior information, and adaptation to previously unseen environ-
mental conditions. The assumptions that are made while solvinggt the vision
problems, predominantly cease to hold in the case of physical agethat in-
teract with the real-world | this is true of several robot tasks in addition
to those reviewed in this article. Instead of just modifying esting computer
vision algorithms to make them work on mobile robots, robot visn and au-
tonomous mobile robot operation in general, needs to be tdek as a separate
problem by clearly identifying the feasible assumptions, limimg constraints,
and the information available to the robot. It is necessary todcus more on
creating complete, integratedsystems that sense and interact with their sur-
roundings, rather than looking at just subsets of the problem irsblation. The
DARPA initiatives [21,56,22], the EU Cognitive Systems (CoSyproject [43],
and the RoboCup initiative [51] are all excellent examplesf dasks that aim
to create such integrated systems. These initiatives force thesesarchers to
identify and tackle key problems that would not arise in the abence of such
practical challenges.

In the case of mobile robots operating in the dynamic environemts, the avail-
ability of high-quality visual sensors at moderate costs presentan alluring
alternative to range sensors that o er relatively low-bandwdth information.
There are several challenges on the path of completely autonous operation
using visual features such as color because of the inherent semytiof visual
information to environmental factors such as illumination However, there ex-
ist factors in robot application domains that can be exploitd to o set these
challenges. Our work, for instance, exploits the fact that manrobot environ-
ments inherently have a moderate amount of structure. The raii uses the
structure to learn models for color distributions, and to detecand adapt to
illumination changes. Current algorithms that learn modeldor color distri-
butions based on structure (known positions, shapes and other chateristics
of the objects) [12,16,49,84] require the structure to be pepeci ed. Existing
algorithms can however be used by the robot to learn a signi carportion
of this structure. Algorithms for SLAM (Simultaneous Localizéion and Map-
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ping) are able to use the visual input to simultaneously localizand build
a map of the robot's surroundings [47]. In parallel, existingarnputer vision
methods can learn object properties (shape, geometric argement etc) from
visual input [30]. One signi cant step towards autonomous cotebased mobile
robot operation would therefore be to enable the mobile robtm autonomously
learn the required structure and use it to learn models for otlenvironmental
features such as color.

We observe from the survey that bootstrapping o of the learnedromanually
speci ed information leads to much more autonomous and robuperformance
than tackling the individual problems separately. As descrilein Section 7,
it is possible for a mobile robot to plan action sequences thatdiitate the
learning of models for color distributions, and to use the leaed color models
to monitor and modify the plan to learn models for other cola robustly. In
addition, the robot is able to use the learned models to recoge and adapt to
illumination changes, which in turn leads to an appropriate radi cation of the
learned models. Incorporating such bootstrapping between plaing, learning
and adaptation is therefore an appealing approach to achiewe cient and
robust solutions to a range of robot vision problems.

The sensitivity to illumination is a major challenge to the used color on mo-
bile robots. As seen in Section 5, illumination invariance (i.eolor constancy)
has been a major research focus for years, but the problem is|star from

being solved. Instead of making unrealistic assumptions, such asrgeable
to measure the properties of the operating environment andfcknowing all

possible illuminations ahead of time, robot vision algorithmsghat have mod-
eled the e ects of illumination on color on-board the robot 77,87] have led
to robust performance under a range of illuminations. It woulde interesting
to use the experimental data obtained over years of vision resela to model

the e ects of illuminations on the color distributions in the form of a joint

color-illumination mathematical model whose parameters aahen be learned
autonomously by the robot.

In this article we have primarily looked at color-based mob# robot vision
because it is a low-dimensional feature well understood underast condi-
tions, and is easier to analyze under dynamic conditions. Howeyéhe lessons
learned here are also applicable to challenges faced whenkiay with other
visual features and other sensory inputs (e.g. range sensors). Eamalgo-
rithms that bootstrap and learn feature-models in real-timecan be devised
for other visual features such as texture or local gradients3p An even more
challenging problem is to fuse the information from a set of senspeach with
a varying degree of unreliability, which may have compleméary properties. A
combination of a laser range nder and a color camera is an exate of such a
complementary set of sensors. Such sensor fusion requires a prdisaiai rep-
resentation of the performance of the sensory sources, which can lbarned
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by the robot. The learned representations can then be used taale how the
information from the sensors can be combined to obtain a singlelust repre-
sentation of the current state of the world. In the DARPA challemges [56,96]
for instance, sensor fusion continues to be a major challenge.

When there are multiple sources of information, multiple aebns that can be
performed by the robot, and multiple information-processingperators that
can be applied on the visual input, it is useful for the robot to fan a sequence
of actions to achieve the desired goal reliably and optimall®ptimal use of re-
sources is important for robots that interact with the real wold through noisy
sensors and actuators, because they need to respond to dynamioges. Clas-
sical planning methods [40] require prior knowledge of the $&s and action
outcomes, and they do not model uncertainty e ectively. Posig this plan-
ning problem as a POMDP has yielded the most promising results teuse
POMDPs elegantly capture the features of mobile robot domias: partially
observable states and non-deterministic actions. POMDPs alsogwide the
capability to simultaneously maximize reliability and minimize resource us-
age. The inherent intractability of modeling practical prdlems as POMDPs
has been partially overcome by imposing a structure or hierdrg on the prob-
lem [35,72,91] based on domain knowledge. Unlike existing wank probabilis-
tic planning, our work in the robot soccer domain [89] and thedman-robot
interaction domain [91] shows the feasibility of using autonoously learned
models of action outcomes to generate robust plans to achietlee desired
goal. In the future even the hierarchical decomposition mayeblearned [99],
and a range of state and action hierarchies [72] may be used tonfialate com-
plex real-world problems as POMDPs. Furthermore, a hybrid aobination of
deterministic and probabilistic planning schemes may be used émalyze com-
plex human-robot interaction scenarios.

In the long term, enabling robots to operate in the real-wod would require au-
tonomous operation at a much larger scale. The robot would néteapabilities
such as spatial and semantic reasoning [55], analysis of 3D geamedtruc-

ture, and natural language processing during human-robot iaetactions [54].
As the focus shifts towards developing such \cognitive" abilies on a mobile
robot, including the ability to reason and bind information aross di erent
sensing modalities, it becomes necessary to design architectuttest enable
autonomous learning and adaptation in complex systems [43].tldhately, the

goal is to enable widespread mobile robot deployment in a ramgf applica-
tions, with the robots operating autonomously and interactig with humans
under completely uncontrolled natural conditions.
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