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Abstract ment and to produce a Voronoi-based topo-geometric map
of the environment. By discarding 99% of the information
An algorithm is proposed to answer the challenges of au- captured from &20 x 240 camera, the approach is com-
tonomous corridor navigation and mapping by a mobile putationally efficient, freeing up much of the CPU for other
robot equipped with a single forward-facing camera. computation-intensive tasks, such as landmark recognitio
Using a combination of corridor ceiling lights, visual Navigating with a single camera is not easy. Perhaps
homing, and entropy, the robot is able to perform straight this is why many approaches rely upon depth measurements
line navigation down the center of an unknown corridor. from sonars, lasers, or stereo cameras to solve the problem.
Turning at the end of a corridor is accomplished using Granted, knowledge of distances to either wall, the shape of
Jeffrey divergence and time-to-collision, while deflattio obstacles, and so on, would be directly useful for locadjzin
from dead ends and blank walls uses a scalar entropy the robot and building a geometric map of the environment.
measure of the entire image. When combined, these metrickasers, however, are expensive and power-hungry, sonars
allow the robot to navigate in both textured and untextured cause interference, and stereo vision has its own difficul-
environments. The robot can autonomously explore anties (e.g., it requires texture to compute correspondeasce,
unknown indoor environment, recovering from difficult computationally expensive, and produces inaccuratetsesul
situations like corners, blank walls, and initial heading for many pixels). Indoor environments in particular often
toward a wall. While exploring, the algorithm constructs a lack texture, rendering stereo matching an elusive problem
Voronoi-based topo-geometric map with nodes representingin such places. In contrast, humans are quite good at navi-
distinctive places like doors, water fountains, and other gating indoors with one eye closed, even with blurry vision,
corridors. Because the algorithm is based entirely upon thus motivating us to find a different solution.
low-resolution (32 x 24) grayscale images, processing Our approach to navigation utilizes the ceiling lights and
occurs at over 1000 frames per second. image entropy to keep the robot centered as it travels down
the corridor. It is important to note that our approach does
not require the lights to be of a certain shape or location —
1. Introduction they may be in the center of the corridor, along both sides,
or distributed uniformly across. When the lights are not
Psychological studies have shown that human intelli- visible, the robot determines whether it is at the end of the
gence does not require high-resolution images to ascer-corridor using a combination of entropy, Jeffrey divergenc
tain information about the environment for basic naviga- and time-to-collision. Turning is accomplished using the
tion. The “selective degradation hypothesis”, developgd b same measures. With these basic behaviors, the robotis able
Owens and Leibowitz [2], says that some visual abilities to autonomous wander an unknown indoor environment.
such as vehicle steering and speed control remain rehativel ~ As the robot drives down the corridor, not all images
easy despite loss in visual acuity and color vision. For captured aresalient Just as a human driving down a
canonical tasks like walking or moving in a straight line, highway often experiences long stretches of monotonous
only a small percentage of what we see is actually useful,scenery broken by intermittent landmarks, the robot per-
and in fact low-frequency information alone is sufficient ceives salient regions along either side of the corridor a
for success. Motivated by this idea, we have developed asmall percentage of the time. In our approach to mapping,
system that uses only low-resolutioB2(x 24) grayscale  the measures of image saliency indicate the presence of a
images to navigate a previously unknown corridor environ- nearby landmark by a sudden increase in their value. These
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salient images correspond to locations of landmarks in themultaneous Localization and Mapping (SLAM) have been
scene. The path followed by the robot along the corridor is based primarily upon the use of range sensors [28, 32, 4].
automatically augmented with salient locations that bezom A few researchers have applied this work to the problem of
nodes in a Voronoi-based graph. Together, these form a maguilding maps using monocular cameras, such as in the vS-
representing the topology of the environment which can be LAM approach [20], which is a software platform for visual

used for later localization and navigation tasks. mapping and localization using sparse visual features. An
alternate approach is that of Davisehal. [14, 13], who
1.1. Previous Work also use sparse image features to build 3D geometric maps.

In these visual SLAM techniques, either a complex match-
ing process for a simple landmark representation [33] or a

fbydmcan); rzegsiartcr?ers. Fr;)'r:.bthe early t\./vorII: of ghe Stan- simple matching process for a complex landmark represen-
ord Cart [29] to the current Aibo, navigation has been rec- tation [34] is needed for robust robot localization. In indo

oglmzeg az a fu;_damen:]al capablllt%/ éhast needls thbe Ole'corridor environments, however, the lack of texture poses a
et i 1% jgaTor obstacle s an aprcach.Indecd. popuar e
tic?n with FINALE [21] being one of the more successfu? nigues such as the Scale Invarlant Feature Trapsform (SIFT)

' . ; [34] or other feature representations have difficulty inhsuc
systems. FINALE requires a model-based geometric rep- . oo Moreover, the computationally demanding nature of
resentation of the environment and uses ultrasonic sensor

for obstacle avoidance. NEURO-NAV [27] is another oft these algorithms often leaves little room for additional-pr

. . . cessing, and their design requires higher resolution isiage
cited system that uses a topological representation of the ng ghrequir 9 o 9
It is important to note that in most map-building sys-

environment and responds to human-like commands. Thetems the robot is controlled manually. Autonomous man-
highly notable NAVLAB [36] and RHINO [7] are examples in i,s rare, and autonomous vision—t))/ésed mapping is e\?en
of proficient outdoor navigation systems which use a com- hing ! o : pping
bination of vision and a wide variety of other sensors for more rare [15]. Notable initiatives mclu_de_ the_ work done
navigation and obstacle avoidance. Moravec [29] and Nel-by Mat_sumotoet al [24]’.Wh0 used omn|d|rect|9na! cam-
sonet al. [31], however, have emphasized the importance of eras with stereo and optical flow to control navigation, and

: ' ' P P Shahet al. [35], who implemented an autonomous navi-

low-level vision in mobile robot navigation, and Horswill : . . ,
[18] implemented a hierarchical and complete end-to-end gation system using a calibrated fish eye stereo lens sys-
. L : o tem. However, these approaches require specialized cam-
vision-based navigational robot based on prior training of - . S
eras. Similarly, autonomous vision-based navigationris ra

the environment. : . - o . .
One apbroach to navication has been to use corridorWIth many techniques requiring a training phase in which
bp 9 the robot is controlled manually [3, 8, 25, 26, 19]. As a

e gy el effclet aonomous rap i of o e
' " - ronments using a single off-the-shelf camera has remained
a teach/replay approach, with the camera pointing towardan elusive problem
the ceiling [23]. The drawback of such a configuration, of '
course, is that the robot is blind to anything in front of it, o .
not to mention that the system must be trained beforehand?- Autonomous Driving Down a Corridor
on the environment to be navigated. In another implementa-
tion, ceiling lights are used as aids in straight line natiaya
[22], but here again the camera points toward the ceiling,
and the position and orientation of the rectangular lights a
used for straight line navigation. Such a computation does
not generalize well to environments in which the lights are
not of a rectangular shape, or to robots with forward-facing  The image is divided into four adjoining triangles de-
cameras. Choet al. [9] use a forward facing camera for fined by the two diagonals of the image. Assuming that
detecting lights, but their approach also relies upon the ac ceiling lights reside in the top triangle, we use the mean
tual geometrical features of the lamps, and it is restrainedhorizontal location of the intensities above a threshold to
by the lights disappearing from the field of view, which is determine whether the robot is traveling in the center of the
one of the main difficulties of forward-facing cameras. Our corridor. By servoing on this location, the ability to navi-
approach incorporates computations to handle this difficul gate a long corridor with stability is achieved, even withou
and to automatically detect and handle the end of a corridor,any additional information from odometry or other sensors.
without any prior training of the environment or restrictio  This approach is not only simpler, but also more powerful
on light shape. and more general, than previous approaches that analyze
With regard to mapping, the recent developments in Si- the shape of lights. For example, Figure 1 shows a variety

Vision-based mobile robot navigation has been studied

Our approach to autonomous driving in a corridor in-
volves combining information from ceiling lights and en-
tropy, as described in the following subsections.

2.1. Centering using corridor ceiling lights
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Figure 1. Different ceiling lights and their mean locations (red
dots) detected by our algorithm. Notice that there is no restriction
on the shape or location of lights; in the right image the lights are
on the sides of the corridor pointing toward the reflective ceiling.
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entropy standard deviation, central flow

of lights that are successfully detected using this method.

Note that ceiling lights provide an added advantage over m ]
vanishing points because they are affected by translation,
thus enabling the robot to remain in the center of the corri- ]
dor while also aligning its orientation with the walls. image sesence

Figure 2. Comparison of image entropy, absolute image standard
deviation, and central optical flow of the image, all measured while
The entropy of an image is a scalar representing the sta-the robot traveled in a building. The three drops in entropy corre-

tistical measure of randomness that can be used to characspond to three turns, when the robot faced the walls. Notice that
terize its texture: the entropy values are more easily distinguished (and less noisy)

than those of the other measures.

2.2. Distinguishing the corridor by scalar entropy

H(K) =" —plogp, 1)
peK when the robot is aligned with the corridor, and it drops

wherep is the count value for each bin in the histogrm sharply when the robot faces the wall. Therefore, entropy
of the imagel (256 bins for a graylevel image). It is also €an be used to detect the presence of an open corridor for
a measure of the information content in an image. When navigation whe_n other metrics fail, whether in textured or
the robot approaches a planar surface, like a blank wall oruntextured environments.

the surface of an untextured or structured object, the en- )

tropy drops; this implies that the camera is facing a pla- 2-3- Homing mode

nar obstacle immediately in front of it. In richly textured When the robot nears the end of a corridor, the lights

images, time-to-collision (TTC) [1] or central image dier  yiqanear from the camera’s field of view and the overall
gence threshold [11] can be used to determine the pos't'onentropy drops. When either of these occurs, the robot au-

ofa fro(r;tal obstacle. . Bu_tfm an eInV|rﬁnment dﬁv;nd O'Ifl tfe>.<— tomatically captures the current image and stores it as the
ture and consisting of uniform color, these methods will fai e+ image. Keeping that image in view, the robot nav-

Using entropy (_in_ addition to the existing me_thods), there- igates toward it usingioming[30]: The current image is

fore, IS & promising way to reac_t to a S|_tuat|on Wh_ere _the compared with the home image after shifting left and right
image does not provide enough information for navigation. 5 mayimum disparity of one pixel. The result that yields
Other researchers have used entropy for determining the diype |oyest sum of absolute difference (SAD) indicates the
rection of navigation and for global visual localizatioring robot’s direction of motion. This keeps the robot in the cen-

omnidirectional images [6, 16]. o ter of the corridor even when the lights are not visible.
Entropy is used in several ways. While driving, the en-

tropy values on the two sides of the image are compared, . .
and if either of the values drops sharply, the robot turns 3- Detecting the End of the Corridor

away from the side with the lower entropy. In the same s onq of the corridor is determined by combining three
manner, wh|le. turning at the .end of a corridor, the robot measures: entropy (just described), relative entropytiaed
continues turning as long as either side has low entropy andtime-to-collision, in order to navigate in different incaen-

the overall entropy is below a threshold. That a low en- \i.onments with different levels of texture/informationda
tropy value indicates a nearby wall is illustrated in FigRre lighting

where sharp drops in entropy correspond to images where
the robot is facing a blank wall.

Entropy can also be used to find corridors. Figure 3
shows a plot of entropy values as the robot turns on the spot  If we consider two discrete distributions with probability
facing three branches of a T-junction. The entropy is high functionsp, andq,, then the Kullback-Leibler distance of

3.1. Relative entropy



46} b

a4t J

4.2r b

g 4r 1 .
S
LE 381 7 S R A
360 ] Figure 4. Time-to-collision and Jeffrey divergence for an image se-
quence in which the robot approaches a pair of doocs: Sam-
sar 1 ple images from the sequence oBrom: Plot of the TTC (left)
a0l i and Jeffrey divergence (right) versus time. The former decsease
while the latter increases; combining the two enables robust detec-
300 130 100 =m0 o =0 100 150 200 tion of the end of a corridor.

theta (degrees)

Figure 3. Entropy captured as the robot turned in place at the T-3.2. Time-to-collision detector

junction of two corridors. Entropy is high when the robot faces the

length of a corridor and drops sharply on either side, so the three  Time-to-collision (TTC) is defined as the time taken by

peaks indicate the three corridor directions. Maintaining high en- the center of projection of a camera to reach the surface be-

tropy allows the robot to avoid the specular reflections of the walls. ing viewed, if the relative velocity remains constant [17].
Horn et al. [17] have recently described a novel method
to determine the time-to-collision using image brightness

p with respect tay is given by derivatives (temporal and spatial) without any calibratio
tracking. This method computes the time to contact with
_ Py just two frames of a sequence. Although each individual
Dip.q) = zk: i log (qk)’ &) estimate is noisy, a filtered version of the output yields a

reliable estimate as the camera approaches the object. Of
specific importance is the case of a planar surface for which
the algorithm is a simple one and can be applied to the case
of a robot approaching the end of a corridor. For the case
of translation motion along the optical axis towards a plane
perpendicular to the optical axis, the TTC is given by

which is a measure of the distance between two distribu-
tions. In our applicationp, andg, represent the intensity
histograms of two images, so that the relative entrépy
measures how different one image is from the other. One
drawback of the Kullback-Leibler measure is that it is not a

true distance, becaude(p, q) # D(q,p). For a symmetric (G (2, 1))
measure, the Jeffrey divergence is used: TTC = SF—,
Y AVers G (2. E,

_ Py 9k whereG (z,y) = 2E, +yFE,, E, andE, are spatial image
J(p,q) = 1 — ] +q,l —=1]. (3 _ ) T R Ty P y @1= 2P
(p.9) Ek: (pk ©8 <qk) G o8 (pk)> ®) brightness derivativedy,; is the temporal derivative, and the

sum is over the desired planar object (in some cases the en-

Jeffrey divergence has been used previously for vision firé image) [17]. Figures 4 and 5 show that the TTC in-
based robot localization for comparing color histograms in créases as the robot approaches the end of a corridor. By
typical SLAM algorithms and has been shown to be a good cOmbining Jeffrey divergence and TTC, the end of a corri-
metric for histogram comparison [37]. dor can be detected reliably.

As the robot moves toward the end of the corridor in
the homing phase described in the previous section, ever
image is compared with the home image using Jeffrey di-  The robot displays tropism at the end of each corridor,
vergence. This measures the amount of relative informa-making an autonomous decision to turn in order to find the
tion between the two images, i.e., how different one image new adjacent corridor. While turning, the robot searches
is from the other. The divergence value increases steadilyfor ceiling lights and high overall entropy. The robot ester
while the home image is in view, then the value increasesa rotational search mode until it finds another source light
rapidly as the robot approaches the end of the corridor. Thisin the ceiling. If it sees the light, it corrects its courselan
rapid change signifies that the current image is no longerfollows the light into the new corridor following the same
recognizable as ‘home’ (see Figures 4 and 5). procedure as above. However, if it does not see any lights

4

y3.3. Turning at the end of a corridor
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This can be described as a measure of how information-rich
and unique an image is. A landmark is therefore defined as
an image that hasteresting recognizablenformation that
,,,,,,,,, is distinct from the previous image. It is assumed that two
Figure 5. Time-to-collision and Jeffrey divergence for an image consecutive frames in the sequence do not have two differ-
sequence in a textured environment in which the robot approaches£nt potential landmarks. Considering the speed of the robot
a brick wall with a ventilator. ®P: Sample images from the se- and the capture rate of the camera, this is highly unlikely.
quence. BTTOM: Plot of the TTC (left) and Jeffrey divergence Because the relative entropy between two images is inde-
(right) versus time. It can be seen that the metrics describe thependent of the absolute entropy of either aeandY can
approaching end successfull;_/ in both textured (‘information rich’) pe considered as independent variables. Regional maxima
and relatively textureless environments. on the JPD give locations/images that represent landmarks.
It can be seen from the results in Figure 9 that even in im-
ages of low resolution (where traditional point features ar
on all sides but still senses the presence of a corridor indi-nard to detect/track) the simple measures indicated above
cated by an entropy value greater than a threshold (see Figyive a clear indication of a landmark. The algorithm does
ure 3), then it navigates in that direction using ‘homing’ as not represent each landmark uniquely (which would be dif-
described above and the process continues. If lights comsicylt in a typical indoor environment consisting of corrido
into view again, the robot follows the light. with identical doors) but instead represents locally thespr
ence of a landmark.

0 160

4. Autonomous Mapping 5. Experimental Results

The same metrics that were used for navigation can

S . The algorithm was tested on an ActivMedia Pioneer
be used to determingdistinctive/salientandmarks for map d

building i . | I h P3AT mobile robot platform equipped with a forward-
puriding in an Incremental process. Boadaa.. [5] have facing Logitech Quickcam Pro4000 webcam in three floors
|mplemen_ted_a popular framework for Voronoi-based maps of a building on our campus. For historical reasons, the
and localization. - The Voronm-base_d maps are roadmapy, ee fioors do not share the same appearance in terms of the
metho_ds and are preferred fpr_ corridor mapping becausecolor of the walls, the placement of the lights, the locadion

of their accessibility, connectivity, and departabiliy0] of the doors, the locations of nearby corridors, and so on.

and can be constructed mcl:rementally'by the robot. In this | | particular, the corridors have entirely different ity
approach, the graph consists of the links which represent

conditions, ranging from a single row of fluorescent lamps
the obstacle-free path followed by the robot and the nodes gmng g P

: L . to sodium vapor lamps to lights on either sides of the corri-
which represent theistinctive/salienplaces along the path. ceiling (see Figure 1). The texture (information cofjten

in the corridors is also different, with the basement having
4.1. Joint Probability Distribution of Distinct Land- textureless walls and floors of uniform color (see Figure 6).
mark Measures Only the grayscale information from tt3€ x 24 downsam-
pled images from the camera was used.

For landmark detection only one-sixth of the image is  On all three floors the robot autonomously navigated the
considered on either side, because this narrow region concorridors, turning at the end of each corridor using the al-
tains landmarks as seen along a corridor. This further im- gorithm described. At the end of a corridor, the direction
plies that only 33% of th82 x 24 image is used. We de-  of turning was chosen at random if both options were avail-
termine distinct landmarks along the hallway by using the able; otherwise the robot turned in the open direction. Fig-
measures of image scalar entropy and relative entropy beures 7, 8, and 9 show the path taken by the robot on two of
tween two subsequent images. Letrepresent a normal-  the floors, overlaid on a hand-constructed map of the envi-
ized random variable representing the entropy of the gradi-ronment to provide context for interpreting the results. On
ent magnitude of'" image seen along the hallway, and let the first floor the robot turned left twice at the end of each
Y represent the Jeffrey divergence betweenithend the  corridor; in the basement the robot turned right, then tiirne
(i — 1)“" image gradients. Then the Joint Probability Den- left (arbitrarily), navigated to the end of the corridoreth
sity (JPD) of the two variables representsdigtinctiveness  turned around 180 degrees and headed back down the last
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Figure 8. Automatically generated Voronoi map of the first floor
of the building.
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the drift using the motor commands given by the vision
of - module. Inspired by the work of Crowley [12], which com-
bines the measured position and the expected position based
ey i on motor commands using a Kalman filter and a retroactive
s s s m P - odometric correction using sensor fusion [23], we use the
X (m) motor commands issued by the vision module to incremen-

Figure 7. Automatically computed Voronoi-based map with nodes tally correct the demetry. Though drlft.errorsl perS|st toa
representing the approximate distinctive landmarks on the third SMall degree, this incremental method is sufficient for the
floor of the building. It can be seen that the landmarks have beengeneral purpose of this initiative.
verified by the returning robot in the top wing of the corridor. Figures 7, 8, and 9 also show the generated Voronoi-
based map overlaid. Most of the important landmarks have
been captured. The nodes represented in the Figure 7 rep-
corridor in the opposite direction. In all cases the robet re resent distinctive regions along the corridor of the third
mained in the center of the corridor, avoiding collisiontwit  floor. This map is a Voronoi-based topological representa-
the walls or obstacles. tion built autonomously. With odometry combined it can be
Since the robot’'s odometry is prone to drift over large described as atopo-geometric map similar to the desaniptio
distances, these plots include an effective method to eeduc in [5] as it combines real distances with the skeleton. The



Location | Ny | Np | F | M | 6. Conclusion and Future Work

Floor 1 12,11 10,10| 2,0 | 2,1 L . . .
Floor 3 12.13| 14.13| 43| 2.3 The navigational behavior of a mobile robot is modeled

Basement| 15,14 | 15,13| 1.2 | 1,1 by a set of paradigms that work in conjunction to correct its
path in an indoor environment based on different metrics.
Table 1. Quantitative landmark detection results. From left to Special emphasis is placed on using low resolution images
right: the number of landmarkd';,, the total number detected by  for computational efficiency and metrics that capture infor
the algorithmN p, the number of false landmarks detecfégand mation content and variety that cannot be represented using
the number of landmarks missed by the algorithin Each cell  traditional point features and methods. The resultant-algo
in the table contains the number for left and right, separated by a jthm enables end-to-end navigation in indoor environmment
comma. with self-directed decision making at corridor ends, witho
the use of any prior information or map. The system forms

: the basis of an autonomous mapping system that is built
using the same low resolution metrics to present a Voronoi-
based topo-geometric map that can be used for robot local-

Figure 10. Landmark images containing a landmark on the left side ization. ]
of the image. Future work involves the development of a layered ap-

proach where higher resolution image processing will aug-
ment the system to handle complex requirements like land-

a I mark matching. The Joint Probability Distribution can be
made more robust using multiple temporal derivatives and
smoothing. This autonomous mapping can seamlessly in-

Figure 11. Landmark images containing a landmark on the right tegrate with existing topological localization moduleatth
side of the image. use Jeffrey divergence to match landmarks.
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