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Abstract

We present a technigue for mobile robot exploration in unknown indogr@aments using only a single
forward-facing camera. Rather than processing all the data, the dhettesmittently examines only small
32 x 24 downsampled grayscale images. We show that for the task of indolmratipn the visual information
is highly redundant, allowing successful navigation even using only # fmction of the available data. The
method keeps the robot centered in the corridor by estimating two stategtara: the orientation within the
corridor, and the distance to the end of the corridor. The orientation isndietsd by combining the results of
five complementary measures, while the estimated distance to the end esmfit@mesults of three complemen-
tary measures. These measures, which are predominantly inforrtladioretic, are analyzed independently,
and the combined system is tested in several unknown corridor buildihgsittng a wide variety of appear-
ances, showing the sufficiency of low-resolution visual informationiobile robot exploration. Because the
algorithm discards such a large percentage of the pixels both spatiallyrapdrialy, processing occurs at an
average of 1000 frames per second, thus freeing the processithé concurrent tasks.

1 Introduction

It has been known for some time that natural visual systemtagoparallel pathways for recognition and guid-
ance [46, 43, 36]. Whileecognitioncapabilities deteriorate severely under poor visual doms such as low
resolution or low illuminationguidancecapabilities remain largely intact. Studying the behawbhuman
drivers under adverse conditions, Leibowétzal. [21, 31, 6] proposed the “selective degradation hypothesis
to explain the fact that some visual abilities such as vehétkéering and speed control remain relatively easy
despite significant loss in visual acuity and color visiomeif psychovisual experiments revealed that the sub-
jective magnitude ofection(that is, the vivid sensation of self-motion induced by oatiflow in the visual
field) is unaffected by reductions of luminance of eight esdef magnitude and by refractive errors of up to
20 diopters. In contrast, virtually all aspects of focalimis(e.g., visual acuity, peak contrast sensitivity, and
accommodation) deteriorate rapidly when light levels drom daytime to night.

Motivated by these studies showing that high-resolutidormation is not needed to accomplish basic tasks
such as navigation, we present a vision-based mobile rofstés that uses only low-resolutiof2( x 24)
grayscale images from a single forward-facing camera téoeg@ previously unknown corridor environment.
Our system also exploits temporal redundancy to procegsasubset of image frames from the sequence, rather
than processing the frames continuously. This reductiomivated by psychological research into the limits of
temporal resolution that show that subjects walking ovenderrain sample the environment for only a fraction
of the total travel time [38, 10, 32].

Falling within the general framework of minimalistic semgi[42, 30], there are several reasons for under-
taking such a study. First, by restricting ourselves to saghoverished sensory data, it is possible to make



guantitative claims about how much information is neededdoomplish a given task. Secondly, the impov-

erished sensor necessarily limits the variety of algorghhat can be applied, thus providing focus and faster
convergence to the research endeavor. Finally, the redumedint of data available leads to greatly reduced
processing times, which can be used either to facilitateisieeof low-cost, low-power embedded processors, or
to free up the processor to spend more cycles on higherfieval vision tasks such as recognition.

We present solutions to two specific subproblems: estimadlia robot’s orientation in the corridor, and esti-
mating the distance to the end of the corridor. In both casepnepose a number of complementary measures,
most of which are information-theoretic. After describitgse individual measures, we present an integrated
system that is able to autonomously explore an unknown inelegronment, recovering from difficult situations
like corners, blank walls, and initial heading toward a wdlhis approach extends our previous work [29], in
which reactive behavior was demonstrated with a subset atuores, but without explicit estimation of orien-
tation or distance to the end. All of this behavior is accdsip@d at a rate of 1000 Hz on a standard computer
using only 0.02% of the pixels available from a standard 3@®&lar VGA (640 x 480) video camera, discarding
99.98% of the information.

2 Previouswork

Researchers in computer vision, independently of the afer¢ioned psychophysical and psychovisual exper-
iments, have also emphasized the importance of low-raenlwision. Torralbaet al. [40], for example, have
shown extensive results on a large database of 80 milliogéséor the problems of non-parametric object and
scene recognition. In one particularly noteworthy aspéthair work, results on person detection and localiza-
tion using low-resolution images are comparable to thoghefpopular Viola-Jones detector [45]. Additional
experiments conducted by Torralba and Sinha [41] have ledield lower bounds on image resolution needed
for reliable discrimination between face and non-faceguat, indicating that the human visual system is sur-
prisingly effective at detecting faces in low resolutioBgmnilarly, Hayashi and Hasegawa [12] have developed a
method that achieves a face detection rate of 71% for as astak 6 face patterns extracted from larger images.

There is a connection between low-resolution vision andnibiion of scale space [47, 22]. Scale space
processing emphasizes extracting information from mieltjeales and is the basis of popular feature detection
algorithms such as SIFT [24] and SURF [4]. Koenderink [178aks of the “deep structure” within images,
arguing that human visual system perceives images at $éwgks of resolution simultaneously. His distinction
between deep and superficial structure is closely relatédetaistinction between focal (for recognition) and
ambient (for guidance) vision [46].

Historically, low-resolution images have been used foiowes mobile robotic tasks because of the limitations
of processing speeds. For example, in developing a toimggautonomous navigating robot, Horswill [15] used
64 x 48 images for navigation anth x 12 images for place recognition. Similarly, the ALVINN neuretwork
controlled the autonomous CMU Navlab using jB&t< 32 images as input [33]. Robust obstacle avoidance was
achieved by Loriget al.[23] using64 x 48 images. In contrast to this historical work, our approadrigen not
by hardware limitations by rather inspired by the limits ofpibility, as in Torralbat al. [40, 41] and in Basu
and Li [3], who argue that different resolutions should bedufor different robotic tasks. Our work is unique
in that we demonstrate autonomous navigation in unknowadnénvironments using not only low-resolution
images but also intermittent processing.

3 What resolution is needed?

To get a sense of the visible content in a typical corridorgmdrig. 1 shows an example image at successively
downsampled resolutions. It can be seen that as the imagelisaked in size frod0 x 480 to 32 x 24, the
corridor remains recognizable. However, at the resolutiolt x 12, a noticeable drop in recognizability occurs,
in which it is difficult to discern that the image is of a cowidat all. This observation is confirmed by noting
that the Fourier coefficients are dominated by the low-fesmy terms.
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Figure 1: Topr: A typical corridor shown at different image resolutionss the image resolution drops from
640 x 480 to 32 x 24, the pattern of the corridor is still observable, but@tx 12 it is difficult to recognize the
scene at all. BTTOM: The corresponding Fourier coefficients (logarithmic tigpshow that the low frequency
coefficients are more prominent.

To quantify these results, lét: Q — V be a grayscale image, whete= (z,y) € Q C R? are the coordinates
of a pixel in the image plane, € V = {0,...,2" — 1} is a scalar intensity value, andis the number of bits
per pixel. If we assume that the pixel values in the image wese/n independently according to the probability
mass function (PMF)(v), then we can say that

H(V;I) =Y —p(v)logp(v) 1)

vEV

is a measure of the information content in the image, wié&{¥; I) the entropy of a random variablé with
PMF p(v). Typically p(v) is estimated by the normalized graylevel histogram of thegen Fig. 2 shows that
for a variety of corridor environments, the entropy of an gmaloes not change significantly as the image is
downsized front40 x 480 to 32 x 24. In fact, at the latter resolution, there is only a 5% dropnir@py from

the original image. However, as the resolution drops b&@w 24, the entropy drops sharply.

It should be emphasized that the entropy of the random Jarggsociated with the graylevel values of the
pixels in an image is not the only way to measure informatimmtent. As a result, the experiments above do not
necessarily establish any validity to the claim that forwegitask such a resolution is sufficient. However, we
argue that there is a close connection between the coasenation needed for autonomous guidance (whether
exploration or navigation) of a mobile robot and the moreggahproblem of scene recognition. In both cases, the
task is aimed at gleaning summary information from the ernitivage rather than discovering particular identities
of objects in the scene. To this end, it is interesting to mloé our results are similar to those of Torralba and
colleagues. Their independent work on determining theiapatsolution limit for scene recognition [39, 40]
has established through psychovisual experiments3that 32 is sufficient for the identification of semantic
categories of real world scenes. Our resuld®dk 24 is a close approximation governed by the desire to preserve
the aspect ratio of the original image. As we shall see, thesmutions are corroborated by our own experiments
on the specific task of autonomous exploration of a mobilet.ob

4 Approach

Having considered the possibility of using low-resolutioformation, we now present a novel algorithm for
estimating parameters necessary for autonomous exioriitom a low-resolutior82 x 24 grayscale image.
Although there are good theoretical reasons to smooth éefownsampling, we adopt the extreme approach
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Figure 2: Plots of entropy versus image resolution for titifferent corridors. A loss of just 5% of information
occurs as the image is downsized frént x 480 to 32 x 24, but a sharp drop occurs at lower resolutions. For
each image, the inset in the lower-left corner shows3thex 24 version (upsampled for display) in which the
scene is clearly recognizable.

of simply downsampling the image without smoothing, bothest the limits of such an idea and to decrease
significantly the computation time by avoiding most pixetdirely. (We did not observe much difference with
or without smoothing.) Our system estimates two state peranrs: the orientation of the robot in the corridor,
and the distance to the end of the corridor. We now describsalutions to these two problems.

4.1 Orientationin acorridor

In order for a mobile robot to autonomously maneuver thraamgmdoor office environment, one obvious param-
eter that must be estimated is the robot’s orientation withé corridor, which is assumed to consist of straight
parallel walls. We propose to combine five complementarysa@fyestimating this value from low-resolution
images: the entropy of the image, the symmetry as measureditnal information, aggregate phase, vanishing
points using self-similarity of the image, and the mediarhef bright pixels. The goal is to learn a mapping
f: I — 0, wherel is the low-resolution image arttlis the orientation of the robot with respect the primary axis
of the corridor.

4.1.1 Entropy

We have found empirically that, as a general rule, entropgagimum when the camera is pointing down the
corridor. The reason for this perhaps surprising resutids such an orientation causes scene surfaces from a
variety of depths to be visible, yielding an increase of ima&fformation at this orientation. In contrast, when
the robot is turned so that it faces one of the side walls,ahge of visible depths is much smaller, and therefore
the variety of pixel intensities usually decreases. A simdbservation has been noted by other researchers
in the context of using omnidirectional images [5, 11], ba show that the relationship between entropy and
orientation holds even for standard camera geometriesdditian, we have found that the relationship is not
significantly affected by whether the walls are textured.

We exploit this property by dividing the image into overlappvertical slices and computing the graylevel



entropy of the image pixels in each slice. The horizontardimate yielding the maximum entropy is then an
estimate of the orientation. More precisely, let us definedical slice of pixels centered atasC,(x) =
{(#",y) : & < |z —2'| < ¥}, wherew is the width of the slice. Ip(v; x) is the normalized histogram of pixel
values inC, (), then the graylevel entropy of the slice is givenByV; I, z) = — > .\, p(v; ) log p(v; x).
The orientation estimate is then given By(I) = ¢ (arg max, H(V; I, z)), where the function) converts from
pixels to degrees. With a flat image sensor and no lens dtothe horizontal pixel coordinate is proportional
to the tangent of the angle that the projection ray makes thighoptical axis. Since the tangent function is
approximately linear for angles less than 30 degrees, weajppate this transformation by applying a scalar
factor: ¢ (z) = ax, where the factow is determined empirically.

4.1.2 Symmetry by mutual information

Another property of corridors is that they tend to be syminetbout their primary axis. Various approaches
to detecting and measuring symmetry have been propose@@42, 7]. However, in our problem domain it is
important to measure ttmountof symmetry rather than to simply detect axes of symmetrye Way to measure
the amount of reflective symmetry about an axis is to comgeadwo regions on either side of the axis using
mutual information. Mutual information is a measure of timeoaint of information that one random variable
contains about another random variable, or equivalerttlig the reduction in the uncertainty of one random
variable due to the knowledge of the other. Mutual informrathas emerged in recent years as an effective
similarity measure for comparing images [16, 35, 13]. Aswehtropy, a column of pixel€(x) is considered
for each horizontal coordinate where we have dropped thesubscript for notational simplicity. The column is
divided in half along its vertical center into two colum®g(z) andCr(z). The normalized graylevel histograms
of these two regions are used as the two probability massifunsc(PMFs), and the mutual information between
the two functions is computed:

M) = 33 plo, wiz) log p(““) 2)

. . ?
veV wey v,x)pR(w,x)

wherep(v, w; x) is the joint PMF of the intensities in both sides, gnd(v; ) andpg(w;z) are the PMFs
computed separately of the intensities of the two sides. éfarb, the orientation estimate is given (1) =
Y(arg max, MI(x)).

4.1.3 Aggregate phase

A third property of corridors is that the dominant intensyges tend to point down the length of the corridor.
Therefore, near the center of the corridor, the phase anflbgse edges on the left and right sides will balance
each other, yielding a small sum when they are added togeffieicompute the gradient of the image using a
Sobel operator and retain only the phage, y) of the gradient at each pixel. For each horizontal coordinat
x we simply add the phase angle of all the pixels in the vertitiak: AP(x) = Z(I’y)ec(m) o(x,y). The
orientation estimate is given b4 (1) = v (arg min, AP(z)). Phase angles overlaid on several example images
are shown in Figure 3.

4.1.4 Vanishing point using self-similarity

An additional property of corridors is the central vanighpoint, which is nearly always present in the image
when the robot is facing down the corridor. Our approach setaon the work of Kogaet al. [18], who
developed a novel self-similarity based method for vanigtpoint estimation in man-made scenes. The key
idea of their approach, based upon the work of Stentiford, [B7that a central vanishing point (meaning a
vanishing point that is visible in the image) correspondshi point around which the image is locally self
similar under scaling changes. See Figure 4. While Kogfaal. [18] use 1D cross-sections of the image for
similarity matching using affine transformation and crogsg@lation, we instead shift the downsampled image
across the original image and calculate the mutual infdomdietween the two windows. The point at which



corridor to the left corridor centered corridor to the right

Figure 3: Gradient phase vectors overlaid on corridor imadg&om left to right: The center of the corridor is
on the left side of the image, in the center of the image, anthenight side of the image. The phase vectors
generally point toward the center of the corridor, so that irertical stripe near the center, the vectors balance
each other.
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Figure 4: Vanishing point estimation from global self-damity. (a) Original image of a corridor. (b) The image
downsampled by a factor of two. (c) The downsampled imagelaideon the original image at the location
of maximum self-similarity. The intersection of the linesnnecting the corners of the two images yields the
vanishing point. Normal resolution images are shown hehg fon display purposes; the actual algorithm uses
low-resolution32 x 24 images.

the mutual information between the two images is maximurtdgia location for the downsampled image. The
vanishing point is then found by intersecting the lines @mimg the corners of the two images. Once we find
the vanishing point, we discard thyecoordinate, retaining only thecoordinate because our goal is to determine
the robot’s orientation within the corridor. This leadsftdl) = (&), where(Z, §) is the intersection of the
corner-connecting lines.

Our self-similarity approach has several advantages oustieg techniques: It is simple, computationally
efficient, and yields good results even for low-resolutiorages. Traditional techniques [26, 34] involve clus-
tering detected lines, which performs poorly in low-resioln images because lines are not easily detected in
such images. A more recent approach by Kehal. [19] uses Gabor filters to yield texture estimates, and an
adaptive voting scheme allows pixels to decide the confielerican orientation rather than relying upon ex-
plicit line detection. Not only is their approach much mooenputationally intensive than ours, but with indoor
low-resolution images the results are less accurate. $ered for some examples.

415 Median of bright pixels

The ceiling lights, which are usually symmetric with respgedhe main corridor axis, provide another important
cue. Due to the low resolution of the image, it is not possibl@nalyze the shape of the lights, as in [8].
Moreover, sometimes the lights are not in the center of tmadmr but rather on the sides. A simple technique
that overcomes these difficulties is to apply themeans algorithm [25] to the graylevel values in the uppdfr ha



Figure 5: Comparison between our vanishing point estimadjgproach (green circle) using self-similarity and
that of Konget al.[19] (red plus). Our approach is more robust to the scendtimotexture information which
is common in indoor scenes.

of the image, withk = 2. The median horizontal position of the brighter of the twgioas is calculated, yielding
an estimate of the center of the corridor. (The use of mediazpposed to mean prevents the result from being
affected by specular reflections on either wall.) We havadithis approach to be not only simpler, but also more
accurate and more generally applicable, than the shapatbashnique in [8]. Note that ceiling lights provide
an added advantage over vanishing points because theyfecgedfby translation, thus enabling the robot to
remain in the center of the corridor while also aligning itgentation with the walls. As with the previous
measure, the horizontal coordinate is transformed to atedngapplying the same scalar factor. Therefore,
fs(I) =v(medz : (z,y) € Riright}), WhereRy, 45 is the set of bright pixels.

4.2 Distancetotheend of the corridor

The second state parameter to be estimated is the distative émd of the corridor. We assume a rectilinear
structure, so that the end of the corridor is defined as theepelicular, flat wall that one would encounter if
continuing to travel along the corridor, either due to a delad or a T- or L-junction. To solve this problem, we
combine three complementary measures: Time-to-colljsiefirey divergence, and entropy.

421 Timeto-collision

Time-to-collision (TTC) is defined as the time it will takesthenter of projection of a camera to reach the opaque
surface intersecting the optical axis, if the relative eélobetween the camera and the surface remains constant.
Traditional methods of computing TTC [1, 9] require compgtithe divergence of the estimated optical flow,
which is not only computationally intensive but, more imjamitly, requires a significant amount of texture in the
scene. To overcome these problems, Hetral. [14] have recently describeddirect method to determine the
time-to-collision using image brightness derivativesrperal and spatial) without any calibration, tracking, or
optical flow estimation. The method computes the TTC usisgtiuo frames of a sequence, filtering the output
using a median filter, to yield a reliable estimate as the campproaches the object. This method is particularly
applicable to our scenario in which the robot approachesaaplsurface by translating in a direction parallel
to the optical axis, a scenario for which the algorithm aebgean extremely simple formulation. Given two
successive image framés") and/(?) taken at different times, the TTC is computed as

Y, Gy
B Zg:,y G (‘Ta y) It(xa y)7

whereG (z,y) = I, (x,y) +yl,(z,y), I, andI, are the spatial derivatives of the image intensity functaom
I;(x,y) is the temporal derivative. Normally, the summation woutdcbmputed over the desired planar object,
but in our case we compute the sum over the entire image. édthohe scene is not strictly planar when the
robot is at the beginning of the corridor, we have found erogllly that the TTC values are nevertheless higher
at the beginning of the corridor, indicating that the metkadceeds in estimate the TTC qualitatively even at
larger distances. As the robot approaches the end of thielegrthe scene in the field of view becomes more
planar, thereby increasing the accuracy of the estimatétl Bince the formula for TTC yields a result in units
of the time between image frames, to transform the TTC to imate of the distance to the end we multiply by
the robot translational speediivided by the camera frame rafe g, (1™, I®) = (s/f) - 7(I) 1),

(W, 1®) ®)




4.2.2 Jeffrey Divergence

As the robot approaches the end of the corridor, the pixeloiés increase, thereby causing the image to change
more rapidly. As a result, another way to estimate the digtdo the end is to measure the distance between
two images. A convenient way to compare two images is to meabe Jeffrey divergence [44], which is a
symmetric version of the Kullback-Leibler divergence:

J(pg) = (p(v)log (583) +q(v) log (q(v)» : @)

= p(v)

wherep andq are the graylevel histograms of the two successive imdffésand I(?), respectively, and the
summations are over the entire image. There is an inveragaeship between the divergence and the distance,
so we transform this value to an estimate of the distanceeterid by subtracting a scaled version from a constant
to keep the result non-negativgs (111, 1®) = 35 — ap J(pV), ¢)), wherep, is the offset.

4.2.3 Entropy

It is also true that, as the robot approaches the end of th&ogrthe entropy of the image increases more
rapidly. An alternate way to estimate the distance to the é&meh, is to compute the difference in entropy
between consecutive image frames, which also has an invelsonship with distanceys(1(", 1?) =
as/(H(V;IMW) — H(V; 1)), whereas is a scale factor. This difference in entropy is similar te freffrey
divergence, except that it eliminates the cross testuglog q(v) — ¢(v) log p(v), which have the most effect
when the distributions are changing rapidly.

5 Experimental Results

To test the proposed approach, we analyze the accuracy @htlmis individual measures for the orientation
and distance to the end. Then we describe the combined sgstgmvaluate its performance exploring several
unknown environments.

5.1 Orientation alongthe corridor

We collected data for 10 unique corridors in 5 different @imgs on our campus, shown in Figure 6. Multiple
corridors were used for the same building only when they Werated on different floors and exhibited varying
appearances. For every corridor, at equally spaced 15megvals along the corridor we rotated the robot from
—20 degrees tot-20 degrees while collecting odometry data, laser readings,images. The equipment used
included an ActivMedia P3AT mobile robot, a SICK LMS-291dasand a forward-facing Logitech QuickCam
Pro 4000 webcam. The robot was rotated at a speed of 2 deggessqond, and data was stored at the rate
of 0.5 Hz, leading to densely sampled data approximateiiegree apart. The laser provided depth readings in
a 180-degree horizontal plane in increments of 1 degredirigao 180 laser depth readings per sample time.
The peak of these depth readings, after smoothing, was assslitnate the ground truth orientation, except for
one corridor containing large specular surfaces (Lowryadjere the heading was obtained from the odometry
readings.

Figure 7 shows the orientation estimates of the differenhsuees on four example images from different
corridors. For each image, the overlaid vertical line iaths the estimate of the corridor centerline. There is in
general wide agreement between the various measures, @inétor with respect to ground truth is generally
less than about 5 degrees. Overall, the median of the brigblspyields the most accurate estimate, with the
accuracy from entropy being only slightly degraded. Thespthree techniques also produce good results, but
their accuracy is noticeably less. From the plots, it can bésseen that the median of the bright pixels yields a
very sharp peak compared with the other measures. Due te §pattions, vanishing point is not shown in the
figure, but its estimate is similar to the others except thatdomputed directly.



Figure 6: 10 distinct corridors in 5 different buildings. &lnset shows th82 x 24 downsampled version,
upsampled to make it more visible. In lexicographic ordeg,¢orridors are Riggs-0, Riggs-1, Riggs-2, Riggs-3,
Rhodes-4, Sirrine-0, Sirrine-2, Freeman-0, Lowry-0, Lp\r where the number indicates the floor.

To determine the broad applicability of the approach, Fegishows the results of the five measures on the
database. Half of the recorded environments (five corrjdeese used for developing algorithm parameters,
while the other half were used for testing. The error barsvsihe ranget2o0 capturing 95% of the data, where
o is the standard deviation of the error. As can be seen, theferrentropy is generally less than 10 degrees, the
error for bright pixels is less than 5 degrees, and the eatothie other techniques is less than approximately 15
degrees. For entropy and bright pixels, the error does ngtsignificantly across headings, while for the other
three measures the error varies widely. Over the entiredsabase, the final weighted combination of all five
measures yielded a root mean squared error of 7.2 degrees.

For driving a robot down the center of the corridor, the mogiartant information is whether the orientation
estimate is in the correct direction. In other words, thénestie should tell the robot to turn right when it is
pointing to the left, and it should tell the robot to turn lafben it is pointing to the right. Figure 9 shows the
percentage of locations in which each of the five measurepuatas the correct sign for the orientation, with the
center of the image defined as the zero heading. Again, eutsid to 10-degree range around the center of the
corridor, both the entropy and bright light measures nealdsays produce the correct direction.

5.2 Distancetotheend

For the same 10 corridors mentioned earlier, we drove thetrlbng the corridor three times: down the center
of the corridor, down the left side (1.5 feet from the centarjd down the right side (1.5 feet from the center).
While driving, the robot collected40 x 480 images along with their corresponding 180-degree laselings.
The three measures for estimating the distance to the erelomerpared with ground truth, which was estimated
from the central laser reading after median filtering.

Figure 10 shows the results of the three measures. Afteonmeirig a linear fit to determine the two scale
factorsas andasg, all three measures performed reasonably well at estip#itendistance to the end, with time-
to-collision being the most accurate. All measures peréatrmore accurately as the robot approached the end
of the corridor, until a distance of about 0.25 meters. Carathj the three measures yielded a root mean squared
error of 0.49 meters over the entire test database.

5.3 Exploration in an unknown environment

The final system consisted of the mobile base equipped withgesforward-facing camera on the front. The
only input to the system consisted of tB2 x 24 downsampled grayscale images from the 30 Hz camera. In
our previous work we estimated orientation using only theliare of bright pixels, and distance to the end
of the corridor was largely determined by entropy [29, 2'A. this work we show that a linear combination
(weighted average) of five (orientation) and three (distan¢he end) complementary measures is more effective
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entropy, symmetry, aggregate phase, and bright pixets.tBM ROWS Plots of the function computed.
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-

/~/

s
s
s
s
B

°
S
s
g
S

2
°
°
2
°
°

°
°
9

correct sign (percentage)
°

correct sign (percentage)

correct sign (percentage)

correct sign (percentage)

correct sign (percentage)

-20 -10, o 10 20 -20 -10 o 10 20 -20 -10 0 10 20 -20 -10, o 10 20 -20 -10 o 10 20
ground truth angle (degrees) ground truth angle (degrees) ground truth angle (degrees) ground truth angle (degrees) ground truth angle (degrees)

maximum entropy symmetry aggregate phase self-similarity  bright pixels

Figure 9: Plots of the orientation sign estimates for the t@ahniques. Each plot shows, for each angle of the
robot, the percentage of images across the database in thieitechnique estimated the sign of the orientation
correctly, with the center of the image corresponding toadirey of zero.

for achieving success in multiple environments. More ssitated schemes for combining the estimates, like
Kalman filtering [28], can produce even more reliable estasdut are omitted here due to space constraints.

The exploration capability of the robot was tested in sdweveridor environments. The robot did not have
any knowledge of the corridors before the run, but some agsans included rectilinear (Manhattan) corridor
structure, opaque planar surfaces perpendicular to tbetitin of travel at the end of corridors, and the absence
(or minimal effect) of sunlight shining through windows. [fough ceiling lights are not strictly speaking
required by the algorithm, robustness is greatly increégetieir presence; but whether they exist in the center
or sides of the corridor is immaterial.) The goal of the robats to autonomously explore the environment
by repeatedly driving down the corridor and turning at thd.emhe turning direction at the end of a corridor
was determined by attempting the two possibilities of tagriight / turning left in an arbitrary order, using the
entropy to distinguish between an open side corridor andlg Wwathe event of a dead end, the robot made a
180-degree turn to return along the direction from whiclaine.

Results of the system showing successful end-to-end ammu® exploration in several different corridors are
displayed in Figure 11. Only six of the ten corridors are shéwconserve space in the paper, but results for the
other corridors were similar. The robot was able to stay éndinter of the corridor, detect the end, stop, turn 90
degrees in the appropriate direction, and continue drivitige layout of the buildings, along with the path taken
by the robot in each run, are shown in the figure. Note thatberlreadings were used only to generate the plots,
not to guide the robot. We also conducted experiments intwie robot started facing the wall, or started close
to a wall; in both cases the robot corrected its orientatimh@osition and continued exploring the environment.
The longest successful exploration was a corridor in wHigthrbbot continuously ran for 45 minutes, navigating
a total (overlapping) distance greater than 850 meters.
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Figure 10: Tor: The estimated distance from the three measures plottsdwvéhne distance from the robot to
the end of the corridor. As the robot approaches the end,rtrepy and time-to-collision decrease, while the
Jeffrey divergence increases. Each line is a separate e obbot along a different corridor / location within
the corridor. B> TTOM: Estimated distance to the end of the corridor plotted agajround truth (obtained from
the laser) for all three measures. Each vertical error lwhicétest20, whereo is the standard deviation.

A few failure situations are also evident from the plots ia figure. In Riggs-0 and Lowry-0, the final corridor
ends in a pair of transparent glass doors or reflective watthwtonfuse all the methods for determining the end
of the corridor. In Riggs-1, the presence of a brightly testlivending machine in the final corridor causes
erroneous estimates for the robot orientation. While thetshccessfully explores other corridors containing
vending machines, in this corridor the machine is locatedecto the turn so that it dominates the robot’s field
of view immediately after the final left turn, giving the rabimsufficient time to react. Images from these
environments are shown in Figure 12. Overall, we have fotatl tvhen the assumptions are met, the robot is
extremely reliable and can repeat runs with essentiallyyd80ccess. The primary failures we have observed
occur because of glass doors or windows, large obstaclbs icotridor (e.g., vending machines, rows of chairs),
reflective surfaces on the walls, and narrow corridor opgniin addition to the ten corridors presented here, the
robot was tested in a corridor in which one of the walls wasdimith wall-to-ceiling windows. This was the
only environment in which the robot was completely unsusfiés

As the robot moves down the corridor, consecutive imageallysdiffer from each other by only a small
amount. To exploit this redundancy, we compare the entrépgmsecutive images from the current fratrend
previous frame — 1, normalized by the first frame of the corridor (which presbiyéds near the maximum, since
the entropy difference decreases as the robot travels demeotridor):| H (V; 1)) — H(V; I¢-D)| /H(V;1W).

A histogram of these normalized entropy differences is shwthe top of Figure 13 for three different corri-
dors, from which it is clear that most differences are smail.a result, our final system processes each image
a minimal amount in order to determine whether the image s\¢edbe fully processed by the five methods
for orientation and three methods for distance-to-the-éfntthe normalized entropy difference is less than 0.01
(10%), then no further processing is performed on the image. results of thisapid perceptiorare shown in

the middle and bottom of the figure, from which it can be seantlearly 80% of the images are only minimally
processed, with the robot driving at 400 mm/s.

To perform the entire processing on a single image (five tatemn plus three distance measures), the system
takes 3.89 ms. However, the rapid perception module mestiabove quickly determines whether the current
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Figure 11: Exploration experiments for six different cdmis, showing the path taken by the robot (red dashed,
obtained from laser measurements) and the end-of-comligkeictions (green asterisks) along different corridors
(blue solid, manually measured). The numbering shows thpdeal sequence of the robot’s locations from start
to end. In lexicographic order, the corridors are RiggsiggR-3, Lowry-0, Freeman-0, Sirrine-0, and Sirrine-2.

(b)

Figure 12: Problematic corridors: (a) reflective glass daorRiggs-0, (b) reflective wall in Lowry-0, and (c)
soda machine in Riggs-1.

image needs to be processed in its entirety. This moduleresgjuist 0.28 ms to make that decision, and 80%
of the images are not processed further. Therefore, therigmeed to process an image frame, on average, is
(0.8)(0.28) + (0.2)(3.89) = 1.002 ms, which is equivalent to processing about 1000 framesquensl. Stated
another way, with a standard 30 Hz camera, the system cossamhe3% of the CPU, thus freeing the processor
for other concurrent tasks that might be needed in a readisyst

6 Conclusion

We have presented a low-resolution vision-based robobeatibn system that can navigate down the center of a
typical unknown indoor corridor, and turn at the end of theidor. The exploratory behavior of a mobile robot
is modeled by a set of visual percepts that work in conjundiiocorrect its path in an indoor environment based
on different measures. Special emphasis is placed on usmgdsolution images for computational efficiency,
and on measures that capture information content that tdreoepresented using traditional point features
and methods. The resultant algorithm enables end-to-evidatn in indoor environments with self-directed
decision making at corridor ends, without the use of anyrpniformation or map.
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Figure 13: Rapid perception for three different corridoior: Histogram of normalized entropy difference
between consecutive images; most values are less thanI0b.LE: The number of images fully processed by
the system versus the temporal index in the image sequeros;images are discarded after the rapid percep-
tion processing. Each bin captures 50 consecutive imagebas complete processing of all frames would be
indicated by all bars reaching a height of 50. The percenth@i@mes fully processed, approximately 20%, is
therefore the area under the curve divided by the area oéttiangle of height 50 and length equal to the number
of frames in the sequence.oBToM: The distance from the robot to the end of the corridor veteesmage
index. By comparing the two plots for each corridor, note thlaen the robot nears the end of the corridor, the
number of images fully processed increases. For all plogstabot drove at 400 mm/s and was equipped with a
30 Hz camera.

The primary contribution of this work is the spatio-temga@@mpression of image information for computing
navigation parameters of the robot, yielding high compaoite efficiency while maintaining robustness. With
a 30 Hz VGA (640 x 480) camera, we discard 99.75% of pixels spatially (downsamgpland 80% of pixels
temporally (rapid perception), leading to an algorithmttvarks on just 0.02% of the bytes available from
the sensor. The advantage of such reduction is not only émetndous computational efficiency which frees
processor cycles to perform higher-level tasks such agyréthon, but also the proof-of-concept regarding the
amount of information needed for a particular task, in thatspf minimalistic sensing.

There is much room for improvement in this line of work. Fitste algorithm is challenged by specular or
transparent surfaces, particularly when they dominatdidhe of view. However, this limitation does not seem
to be intrinsic to the reduced amount of information avdéah the data, since a human viewer has no trouble
interpreting the scene when watching the low-resoluti@eoi Another improvement would be to combine the
low-level exploration capabilities of such a robot with gvel recognition algorithms to provide a more de-
tailed sense of the robot’s location within the environm@ntecognizing landmarks. Another open problem is
to explore alternative ways of fusing measurements fromtipielmodules. Ultimately, we believe that mini-
malistic low-resolution sensing is a promising approaatda-level mobile robot tasks such as navigation and

exploration.
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