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Abstract objects, especially when multiple or higher-order reflections
are involved.
This paper presents a novel method for surface profile determination |n robotics, most of the research on sonar has concen-
using multiple sensors. Our approach is based on morphologicalated on surfaces with fixed or piecewise-constant curvature,
processing techniques to fuse the range data from multiple senggtimarily composed of target primitives such as planes, cor-
returns in a manner that directly reveals the target surface profileners, edges, and cylinders. Brown (1986) described an ana-
The method has the intrinsic ability of suppressing spurious readiytical approach to surface-curvature extraction that employs
ings due to noise, crosstalk, and higher-order reflections, as well afifferential geometry. The echoes received from planes, cor-
processing multiple reflections informatively. The approach takemers, and edges were first modeled by Kuc and Siegel (1987).
is extremely flexible and robust, in addition to being simple anfPlanes and corners were differentiated by using both am-
straightforward. It can deal with arbitrary numbers and configura-plitude and time-of-flight information by Barshan and Kuc
tions of sensors as well as synthetic arrays. The algorithm is verifie{qggo)_ In addition to planes and corners, edges and cylin-
both by simulations and experiments in the laboratory by procesgters were used as natural beacons for mobile-robot localiza-
ing real sonar data obtained from a mobile robot. The results argion (Leonard and Durrant-Whyte 1991). Peremans, Aude-
compared to those obtained from a more accurate structured-lightaert, and Van Campenhout (1993) and Kleeman and Kuc
system, which is, however, more complex and expensive. (1995) processed the full echo waveform using matched filter-
KEY WORDS—sonar sensing, range sensing, morphologichrdg for more accurate target differentila.tior!. Hong and _Kleg-
processing, mathematical morphology, surface-profile extradan (1997a, 1997b) tregted the _cIaSS|f|_cat|_on and Io_callz_a'uon
tion, map building, pattern recognition, mobile robots of 3-D room features using maximume-likelihood estimation.
The work reported by Ayrulu and Barshan (1998) employed
evidential reasoning to fuse the results of multiple sonar sen-
1. Introduction sors for improved target differentiation. Apart from these
works on target-primitive differentiation, an acoustic imag-
Perception of its surroundings is a distinguishing feature ¢fg system that combines holography with neural networks
an intelligent mobile robot. An inexpensive, yet efficient angor the recognition of 3-D objects was described by Watanabe
reliable approach to perception is to employ multiple simplgnd Yoneyama (1992). Kuc (1997) reported differentiation
sensors coupled with appropriate data processing. of O-rings and coins using an adaptive sonar configuration
Sonar sensors, robust and inexpensive devices that are ggunted on the end of a robot arm.
pable of providing accurate range data, have been widely usedsponar sensors have also been extensively used for map
in robotics applications. However, because of their larggyilding and obstacle avoidance in robotics. The different
beamwidth, the angular resolution of sonar sensors is |0@’e0metric approaches in map building basically fall into two
reSUlting in Uncertainty in the location of the ObjeCt encourbrimary Categoriesﬁeature basedndgrid based In feature_
tered. Furthermore, data from these sensors are often congjgse( approaches, the geometry of the environment is ex-
ered difficult to interpret due to specular reflections from mostacted from sensor data as the first step in data interpreta-
The International Journal of Robotics Research tion (e.g., edge detection, or straight line or curve fitting to

Vol. 18, No. 8, August 1999, pp. 788-808, obstacle boundaries). Important issues to consider are the
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representation of uncertainty, suitability of the selected fed990; Elfes and Matthies 1987). Although grid-based meth-
ture to the environment and type of data, the reliability obds have their limitations in terms of memory and resolution,
feature extraction, and the speed with which the model can beey are advantageous in that they do not commit to making
constructed. Crowley employed a feature-based approachditficult geometric decisions early in the data-interpretation
world modeling with sonar using line segments as featurgstocess. Onthe other hand, since different target types are not
and matching the local line-segment map to a global magxplicitly represented, it is not as easy to predict what sonar
(Crowley 1985). Straight lines are extracted from time-ofeata will be observed from a given position and to give an ac-
flight (TOF) measurements, then matched and incorporatedunt of individual sonar readings. Typically, when sufficient
into acomposite modedf the environment. The results aresensor data have been collected in the grid cells, the data are
then Kalman filtered to estimate and update the positions anthtched or correlated with a global model. This process can
orientations of the line segments (Crowley 1989). A differertte computationally intensive and time consuming, depending
approach for robot localization in a known environment wasn the cell resolution of the grid.
presented by Drumheller (1987). In this methedpar seg- Borenstein and Koren (1991) also employed a grid-based
mentswvere generated from range readings that were pairwis@proach to represent sonar data in their work on obstacle
matched to the environment model by employing the inteevoidance. The vector-field histogram method used a simpli-
pretation tree of Grimson and Lozano-Pérez (1984). Possilfled grid-update procedure that allowed in-motion sampling
interpretations were passed througbamar barrier test If  of the ultrasonic range sensors and a very rapid sensor-firing
multiple interpretations existed after the test, their numbeate. Initially, a 2-D Cartesian histogram grid was used as
was reduced bynaximum-contact heuristicsCox used a a world model, which was then reduced to a 1-D polar his-
positioning system based on matching a local grid map totagram centered at the robot. Instead of updating all the cells
global line-segment map (Cox 1991). in the sensor-beam profile (as in the original occupancy grid of
Many researchers have reported the extraction of line segifes), only a single cell, which was along the line of sight and
ments from sonar data as being difficult and brittle (Leonarat the distance corresponding to the range reading, was up-
1990). Experimental results have indicated that straight lingsted. Sufficient grid coverage was obtained by the extremely
obtained from TOF measurements do not necessarily matetst firing and update rate, and the most suitable steering di-
and/or align with the world model, and may yield many spurection was selected from the resulting polar map for real-time
rious and erroneous line segments. Improving the algorithm$stacle avoidance. A measure for judging map accuracy was
for detecting line segments and including heuristics does nptoposed by Raschke and Borenstein (1990), where improved
really solve the problem. Leonard advocates another featuraapping results were reported with this method.
based representation using regions of constant depth (RCD)Gilbreath and Everett (1988), Zelinsky (1988), Becker-
as features, extracted directly from raw sonar data (Leonamthn, and Oblow (1990) have all used variations of the grid-
and Durrant-Whyte 1991; Leonard, Durrant-Whyte, and Coased approach to construct sonar maps for path planning.
1992). Regions of constant depth are circular arcs that arbe use of grids has been extended to 3-D sonar-range sens-
natural features of sonar readings from specularly reflectirigg for under water by Auran and Silven (1996). Pagac,
surfaces, firstreported by Kuc and Siegel (1987). ApproachBebot, and Durrant-Whyte (1998) examined the problem of
based on physical model-based reasoning, including classdnstructing and maintaining a 2-D occupancy-grid map of
fication of environmental features into target primitives disa robot environment using evidential reasoning. New sonar
cussed earlier (Barshan and Kuc 1990; Bozma 1992; Kleemegadings were incorporated in the map using Dempster’s rule
and Kuc 1995; Hong and Kleeman 1997a, 1997b; Ayrulu anaf combination. Recently, fuzzy logic has been introduced
Barshan 1998), can also be considered feature-based methtalsepresent uncertainty in map building (Gasos and Martin
An alternative representation is tbertaintyor occupancy 1996; Oriolo, Ulivi, and Vendittelli 1997, 1998). Kurz (1996)
grid. In certainty-grid methods, the environment is dispartitioned free-space into regions in which a specific situation
cretized into a 2-D array of cells. A “certainty” measure icould be recognized based on sonar ranging. These regions
associated with each cell by assigning the cell a single valugere then attached to graph nodes, generating a map of the
between 0 and 1, representing the probability of that cell benvironment in the form of a graph representation.
ing occupied. For each range reading, the values of the cellsin the work of Wallner and Dillman (1995), a hybrid
within the sensor-beam profile are updated to reflect curremtethod was presented for updating the local model of the
occupancy. Grid-based methods are particularly useful for operceivable environment of a mobile robot. Local grids could
stacle avoidance, since free and occupied regions of spacelaeused in dynamic environments, which was not possible
explicitly represented. The difficulty of line-segment-basedith the earlier grid-based approaches. The method com-
feature extraction was an important factor in the developmehined the advantages of feature- and grid-based environment-
of the grid concept. This representation was first proposed byodeling techniques. More detail on the different approaches
Moravec and Elfes (Moravec and Elfes 1986; Moravec 1989 map building can be found in Borenstein, Everett, and
and further developed by Elfes and his coworkers (Elfes 198Feng’s (1996) work.
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The approaches described above are often limited to el@om temperature), the rangean be easily calculated from
mentary target types or simple sensor configurations. On the= ct,/2, wheret, denotes the TOF. Many ultrasonic trans-
other hand, the method presented in this paper is aimed at thecers operate in this pulse-echo mode (Hauptman 1993).
determination of arbitrary surface profiles that are typicallirhe transducers can function both as receiver and transmitter.
encountered in mines, rough terrain, or under water. The ap- The objects are assumed to reflect the ultrasonic waves
proach is completely novel in that morphological processingpecularly. This is a reasonable assumption, since most
techniques are applied to sonar data to reconstruct the proBlgstems operate below a resonance frequency of 200 kHz
of anarbitrarily curved surface. It can also be looked at as 80 that the propagating waves have wavelengths well above
novel method for solving a class of nonlinear reconstructioseveral millimeters. Details on the objects that are smaller
(inverse) problems. Itis important to emphasize that morphthan the wavelength cannot be resolved (Brown 1986). The
logical processing is employed here to process the sonar megmars used in our experimental setup are Polaroid 6500 se-
of the surface being constructed in the robot’s memory, rathges transducers (Polaroid 1997) operating at a resonance fre-
than conventional camera images. The method has sufficieptency f, = 49.4 kHz, which corresponds to a wavelength
generality to find application in other ranging systems suabf A = ¢/f, = 6.9 mm at room temperature.
as radar, optical sensing and metrology, remote sensing, andThe major limitation of sonar sensors comes from
geophysical exploration. their large beamwidth. Polaroid transducers have a half-

From a map-building perspective, this method can aldmeamwidth angle of, = + 12.5. Although these devices
be considered as a hybrid of feature- and grid-based metieturn accurate range data, they cannot provide direct infor-
ods: initially, the environment is discretized into rectangulamation on the angular position of the object from which the
grids. After accumulation of a sufficient amount of data, aeflection was obtained. Thus, all that is known is that the
curve-fitting procedure is employed to extract the geometmgflection point lies on a circular arc whose radius is deter-
of the surface under investigation. The present approachnsned byr = ct,/2, as illustrated in Figure 1a. More gen-
advantageous over probability-based grid methods since it akally, when one sensor transmits and another receives, it is
lows the use of a much finer physical grid. This is becaudenown that the reflection point lies on the arc of an ellipse
the approach does not rely on the accumulation of multiplehose focal points are the transmitting and receiving trans-
measurements in each cell. From a different perspective, dlicers (Fig. 1b). Notice that the reflecting surface is tangent
thoughitis possible to interpret this method as a spatial votirig these arcs at the actual point(s) of reflection. The angular
scheme where cells are locally supported by their neighboesstent of these arcs is determined by the sensitivity regions of
we find it more appropriate to look at it from a nonlinearthe transducers.
signal-reconstruction perspective, where morphological pro- If multiple echoes are detected for the same transmit-
cessing is used to extract reinforced features in the arc maging/receiving pair, circular or elliptical arcs are constructed

The method is extremely flexible in that it can equally eago correspond to each echo. (However, not all systems com-
ily handle arbitrary sensor configurations and orientations asonly in use are able to detect echoes beyond the first one.)
well as synthetic arrays obtained by moving a small number of Most commonly, the large beamwidth of the transducer
sensors. As mentioned above, a commonly noted disadvas-accepted as a device limitation that determines the angu-
tage of sonar sensors is the difficulty associated with handlitey resolving power of the system. In this naive approach, a
spurious readings, crosstalk, and higher-order and multiple mange reading of from a transmitting/receiving transducer is
flections. The method proposed is capable of effectively sufaken to imply that an object lies along the line of sight of the
pressing spurious readings, crosstalk, and most higher-ordiemsducer at the measured range. Consequently, the angular
reflections. Furthermore, it has the intrinsic ability to makeesolution of the surface-profile measurement is limited by
use of echo returns beyond the first one (i.e., multiple reflethe rather large beamwidth, which is a major disadvantage.
tions) so that echoes returning from surface features furth@ur approach, as will be seen, turns this disadvantage into an
away than the nearest one can also be processed informativaljvantage. Instead of restricting oneself to an angular reso-

This paper is organized as follows: in Section 2, basiction equal to the beamwidth by representing the reflection
principles of sonar sensing are reviewed. The morphologeint as a coarse sample along the line of sight, circular or
ical processing and curve-fitting algorithms are introduceelliptical arcs representing the uncertainty of the object loca-
and applied in Section 3. After describing the system setufiopn are drawn. By combining the information inherent in a
experimental results are presented and discussed in Sectioladge number of such arcs, angular resolution far exceeding

. ) the beamwidth of the transducer is obtained.
2. Basics of Sonar Sensing

The ultrasonic sensors used in this work measure time-of- .

flight (TOF), which s the round-trip travel time of the pulsg" Processing of the Sonar Data
from the sonar to the object and back to the sonar. Usirgfructured configurations such as linear and circular arrays as
the speed of ultrasonic waves in air & 3433 m/sec at well as irregular sensor configurations have been considered.
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Fig. 1. For the same sonar transmitting and receiving, the reflecting point is known to be on the circular arc shown (a). An
elliptical arc is drawn if the wave is transmitted and received by different sensors (b). The intersection of the individual
sensitivity regions serves as a reasonable approximation to the joint-sensitivity region.

(The mobile robot used in the experiments has a circular arraych as edge detection, enhancement, smoothing, and noise
of sonar sensors.) removal (Dougherty 1992; Myler and Weeks 1993).

Figure 2a shows a surface whose profile is to be deter- Inthis study, morphological processing is used to eliminate
mined. Figure 2b shows the circular and elliptical arcs olithe sparse and isolated spikes and segments in the sonar arc
tained from circular arrays of sensors, which both rotate amdap, directly revealing the surface profile.
translate to increase the number of arcs generated from theErosionanddilation (also referred as Minkowski addition
available number of sensors. Further sonar maps obtainaad subtraction) are the two fundamental morphological op-
using a circular configuration are presented in Section 3.3.8rations used to thin or fatten an image, respectively. These

Notice that although each arc represents considerable wperations are defined according to a structuring element or
certainty as to the angular position of the reflection pointemplate. An example X 3-square template is shown in
nevertheless one can almost extract the actual curve shokigure 3a.
in Figure 2a by visually examining the arc map in Figure 2b. A simple algorithm for erosion is as follows: the template
Each arc drawn is expected to be tangential to the surfaceistshifted over the pixels of the sonar map which take the
least at one point. At these actual reflection point(s), sevenalue 1 one at a time, and the template’s pixels are compared
arcs will intersect with small angles at nearby points on theith those pixels that overlap with the template (Pitas 1993).
surface. The many small segments of the arcs superimposethey are all identical, the central pixel with value 1 will
in this manner create the darker features in Figure 2b, whighieserve its value; otherwise, it is set to 0. For the template
tend to cover and reveal the actual surface. The remainisgownin Figure 3a, all eight neighbors of the image pixel must
parts of the arcs, not actually corresponding to any reflebe 1(n = 8), and the image is eroded or shrunk accordingly.
tions and simply representing the angular uncertainty of theor better insight on the erosion algorithm, an example is
sensors, remain more sparse and isolated. presented in Figures 3b and 3c.

Morphological processing is employed to achieve what is The dilation algorithm is very similar to that for erosion,
natural for the human visual perception system: the extractidmt it is used to enlarge the image according to the template.
of Figure 2a from Figure 2b. Morphological erosion and diThis time, all eight neighbors of those image pixels which
lation operators are used to weed out the sparse arc segmenttigjinally equal 1 are set equal to 1.
leaving us with the mutually reinforcing segments which will  In this study, the structuring element for dilation and ero-
reveal the original surface. sion is chosen to be the33-square template shown in Figure
3a with the central pixel encircled. Since the template is sym-
metric, the image is fattened (dilation) or thinned (erosion) in
all directions by 1 pixel.

The main application of morphological operations is in mod- The direct use of erosion may eliminate too many points
ifying regions and shapes of images (Low 1991). Thereforend result in the loss of information characterizing the sur-
they are widely used in image processing to accomplish taskase. For such cases, the compound operatiorgpehing

3.1. Morphological Processing
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Fig. 2. The original surface (a). The circular sensor array mounted on a mobile robot moves to 20 different locations and
collects data by rotating around its center fron? 45 135 in 15° steps (b). The angles are measured with respect to the
positivex-axis in the counterclockwise direction. The circular array has been shown at the 20 locations ap@si8on.
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Fig. 3. An erosion example: the template (a), the original image (b), and the image after erosion (c).

andclosingare considered. Opening consists of erosion fothinning withn = 1 andn = 8, respectively.

lowed by dilation, and vice versa for closing. Opening helps Since there are many alternatives for morphological pro-
reduce small extrusions, whereas closing enables one to filssing of sonar data, an error measure is introduced as a
the small holes in the image (Myler and Weeks 1993). Closuccess criterion:
ing is applied prior to thinning (described below) in cases TN
where the points are not closely connected to each other, as \/Vk Yoty (mi — yi)?
the direct use of thinning may result in the loss of too many €= :
points. Filling the gaps using closing first may prevent this
from happening. Here,i is the discrete index along thedirection, andy; is

Thinningis a generalization of erosion with a parameter the discretized function representing the actual surface profile
varying in the range k& n < 8. In this case, it is sufficient with variancer? = + SN i — & 3 yi)?. The total num-
for anyn neighbors of the central image pixel to equal 1 fober of columnsisV, whereasV; represents those columns left
that pixel to preserve its value of 1. The flexibility that comesvith at least one point as a result of some morphological oper-
with this parameter enables one to make more efficient useatfon. The vertical position of the median (centermost) point
the information contained in the arc map. along theith column of the map matrix i&; (e.g., Fig. 4a).

In pruning which is a special case of thinning, at leastf there are no points in a particular column, that column is
one(n = 1) of the neighboring pixels must have the value Excluded from the summation. If the number of columns thus
for the central pixel to remain equal to 1 after the operatiorexcluded is large; thatis, if the morphological operations have
This operation is used to eliminate isolated points (Doughergfiminated too many points, the remaining points will not be
1992). Thus, pruning and erosion are the two extremes siifficient to extract the contour reliably, evereifs small.

1)

Oy



Baskent and Barshan / Surface Profile Determination 793

800—— 800
600 600}
;/. "---r'""‘\
—_— ' — 1
=400 = 400
A H £
>200t ¢ > 200
0 0
—200=5""550 200 600 800 20 0 200 400 600 800
x (cm) x (cmy}

(a) (b)

Fig. 4. The result ot = 3 thinning: e = 0.052, f. = 0.341,¢py = 1.11 sec (a); the original surface (dashed line) and the
polynomial fit of ordenz = 9 (solid line), withE; = 3.18 cm andE> = 0.036 (b).

We denote byf, = Ny /N the fraction of columns left with at
least one point at the end of a morphological operation. This N oM
factor must also be taken into account when deciding which 2 ' 2
E° = ) — fiil4, 2
method provides a better result. p Z Z[p (i) = fij] )
Additionally, the CPU times of the algorithmg.p,) are

measured. These represent the total time the Computer tamreEz is the sum Of the Squared deviations of the po'yno_
to realize the morphological operations starting with the raygjg] valuesp (x;) from the data pointg;;, x; is the horizontal
TOF data. Morphological operations are implemented in theyordinate corresponding to tité column of the map matrix,
C programming language, and the programs are run on a 2Qfrd 1, ; iss the vertical coordinate of thih point along théth
MHz Pentium Pro PC. column. Theindey runs through theZ; points along column

The result of applying = 3 thinning to the sonararc map ;| and n is the number of columns. If7; = 0O for a certain
shownin Figure 2bis presented in Figure 4a, and the results@flumn, the inner summation is not evaluated, and is taken as
various morphological operators applied to the same map &igro for that column. The coefficients of the polynomial are
summarized in Table 1. Error measutésandEz, givenin  determined by solving the linear equations obtained by set-
the same table, are defined and are discussed in Section g% the partial derivatives equal to zero (Lancaster and Salka-
Since simple erosion results in very small valuesfafwe  yskas 1986). Once an acceptable polynomial approximation
have considered thinning with parameteiThe erroe tends  js found, the surface can then be represented compactly by
to decrease with increasing However, larger values of  storing only the coefficients of the polynomial. Although
tend to result in smaller values g} so that a compromise polynomial fitting has been found to be satisfactory in all of
is necessary. For the time being, we note that the thinnifge cases considered, other curve-representation approaches
parameter allows one to trade off betweenand f.. such as the use of splines might be considered as alternatives

to polynomial fitting.
To assess the overall performance of the method, two fi-

3.2. Curve Fitting nal error measures are introduced, both comparing the final

o ] ] polynomial fit with the actual surface:
As a last step, curve fitting is applied to achieve a compact

representation of the surface profile in the robot’'s memaory.

Since our aim is to fit the best curve to the points, not neces- 1 XN

sarily passing through all of them, least-squares optimization E1 N Z[p(xz') —yil? ()
(LSO) is preferred to interpolation. Using LSO, we find the i=1

coefficients of the best-fitting polynomial(x) of orderm Eq (@)
(which is predetermined) by minimizing g_y'

i=1j=1
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Table 1. Results of Various Morphological Operations and Curve Fitting of Order m= 92

Morphological Operation e fe E1 (cm) E> tepu (SEC)
Thinning (n = 1: pruning) 0.168 0.924 7.83 0.089 1.15
Thinning(n = 2) 0.074 0.637 4.42 0.050 1.12
Thinning(n = 3) 0.052 0.341 3.18 0.036 111
Thinning (n = 4) 0.045 0.160 5.37 0.061 1.10
Thinning (n = 5) 0.012 0.063 16.21 0.183 1.09
Thinning (n = 6) 0.014 0.021 464.30 5.246 1.10
Thinning(n = 7) 0.007 0.003 1915.45 21.641 1.10
Thinning (n = 8: erosion) — 0.000 — — 1.10

Closing and thinningn = 3) 0.121 0.760 6.72 0.076 7.10
Closing and thinningn = 4) 0.122 0.641 6.88 0.078 7.09

a. Sincef, = 0 forn = 8 thinning, reflecting the fact that all points are eliminated, the values Bf, andE» are undefined for this case

The first is a root-mean-square absolute-error measurandomly. This not only exemplifies the general case where
with dimensions of length, which should be interpreted ethe array structure is irregular, but might also have several ap-
ther with respect to the pixel size or with respect to the wavedications: for instance, it may correspond to the case where
lengthA, which serves as a natural reference for the intrinsiarcs are accumulated by any number of randomly moving
resolving power of the system. The second is a dimensionlemsd rotating sensors, perhaps mounted on mobile robots as in
relative-error measure which can be interpreted as the erswarm robot applications. Another potential area of applica-
relative to the variation of the actual surface. tion of the random configuration is in array signal processing,

The curve fitted to the surface map after the thinning showmhere the individual sensor positions of a regular array are
in Figure 4a is presented in Figure 4b. Table 1 shows that iperturbed by wind or waves.
creasingn improvese but worsensf,, and thatE1 and E»
achieve a minimum at some value of(which in this case
happens to occur at = 3 for both E; and E,). In the 3.3.1.Linear Arrays

simulations, where the actual surface is known, it is possi-. . . .
P Sl'—'lrst, we consider arrays of sensors configured linearly. The

ble to choose the optimal value af minimizing £1 or E. first linear array considered has a horizontal extension of 5 m

In real practice this is not possible, so that one must usewz?th 10-cms a)::in betweenthe sensors (51 sensors, as shown
value ofn judged appropriate for the class of surfaces under_. pacing . N
investigation. in Fig. 5). Given the beamwidth of the sensg2%°), the

In the simulations, higher-order reflectidrare ignored, number of arcs collected is relatively small. The situation

since they are diffct o model, although they amostaway 37 S50 SRR B [N & IO PO TS C R
exist in practice. The key idea of the method is that a large . X .
qirs becomes possible. This is a consequence of the fact that

number of data points coincide with the actual surface (atle PL anaular beamwidth subtends a smaller arc on the surface
at the tangent points of the arcs), and the data points off the 9 '

: It Is interesting to note that whereas narrow beamwidths are

actual curve are more sparse. ThOSe spurious arcs Cause%%{aemed for their high resolving power in conventional usage

higher-order reflections and crosstalk also remain sparse, al} 9 ngp . 9
such sonar sensors, here it would have been desirable to

lack reinforcement most of the time. The thinning algorithm ; ) .
galg ve sensors with larger beamwidths. This would enable a

eliminate these spurious arcs together with the sparse arc Se?eater number of sensor bairs to produce more ellintical arcs
ments resulting from the angular uncertainty of the sensorﬁg P P P '

hereby revealing the surface better and faster. However, since
we restrict ourselves to the parameters of the most widely
3.3. Simulation Results available transducer (i.e., the Polaroid), rotating the sensors

The approach taken in this paper is very general in that ar iiconsidered instead to make up for their limited beamwidth,
bp pap Y9 shown in Figures 6a and 6b.

) . ; ) S
trary configurations and orientations of sensors can be handféd

. . S : A further consideration is that in practice the number of

equally effectively. We begin by considering the special cases o S
: . . . ; .~sensors may be limited. One way to overcome this limitation
of linear and circular arrays, which might be typical of delib- . .
. ) is to move a smaller array much in the same spirit as syn-
erately designed array structures. Following these, we also .. . )
. . . Tthetic aperture radar (SAR) techniques (Skolnik 1985). How-

consider arrays where the sensors are situated and oriente L . .

ever, this is not completely equivalent to the full array, since

1. A higher-order reflection refers to an echo detected after bouncing off Hﬂ_ose eII_ipt_icaI arcs corresp_on_ding to pairs Of_ sensors not con-
object surfaces more than once. tained within the actually existing array are missing. Afurther
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Fig. 5. The actual surface, linear sensor array with 10-cm spacing, and sonar arc map are shown for three locations of the
array: the sensor array at= 50 cm (a); the sensor array at= 200 cm (b); and the sensor arrayyat 350 cm (c).

extension is the combination of such movement and rotatiam Figure 12c. The curve-fit result is presented in Figure 12d.

as was the case in our first example in Figure 2. Although structured arrays such as linear or circular ones
We now return to Figures 6a and 6b, where the Sensafg, often preferred in theoretical work for their simplicity
are not translated but are only rotated. The results of MQtpy ease of analysis, the method presented here is capable
phological processing are presented in Figures 7aand 7b, 3§dqally easily handling arbitrary arrays. In fact, the large
the curves fitted to them are shown in the Figures 7c and 7¢l; yher of simulations we have undertaken indicates that ar-
In these and later simulations, the valuesi@ndm chosen oy consisting of irregularly located and oriented sensors tend
are those that give the smallest erdoy, unless otherwise 1, yie|d better results. This seems to result from the fact that

indicated. the many different vantage points and orientations of the sen-
) sors tend to complement each other better than in the case
3.3.2. Circular Arrays of a uniform array. Although the question of optimal com-

The circular configuration corresponds to the arrangement pliementary sensor placement is a subject for future research,
sonar sensors on the Nomad200 mobile robot in our labortee results imply that it is preferable to work with irregular or
tory. Only the five sensors facing the surface are activateindomized arrays rather than simple-structured arrays such
since the others cannot see the surface. Again, the surfaselinear or circular ones.

shown in Figure 2a is considered. In addition to the array

locations in Figure 2b, two further examples are presentéd3.4. Robustness to Noise

in Figures 8a and 8b. The result of applying morphological, jnestigate the robustness of the method to noise, zero-

processing and curve fitting to the sonar map in Figure 80 i5q4 \yhite Gaussian noise was added to the TOF readings.

presented in Figures 9a and 9b. Figure 13 gives an example of a noisy arc map and the result of
S morphological processing. The noise standard deviatiph (
3.3.3. Arbitrarily Distributed Sensors was varied logarithmically to cover a broad range of noise
In this section, the locations and the line-of-sight orientatiorisvels, shown in Figure 14. As expected, égrsmaller than
of the sensors are generated randomly, and do not conformit@ixel (1 cm), the performance is approximately the same
any special structure. In Figure 10a, a surface is shown whose for the noiseless case. This is expected, since the system
profile is to be determined with such a configuration. Figurdsas a resolution of 1 pixel, so that the effect of smaller per-
10b and 10c show the sonar arcs obtained using different nutarbations is insignificant. This performance can be further
bers of sensors. The sensor positions and orientations shawiproved by reducing the pixel size until it becomes compa-
in this figure may correspond to different physical sensors oable to the TOF measurement accuracy, at the cost of greater
to different locations and orientations of a smaller number afomputation time.
moving sensors. In Figure 11a, the surface features obtainedThe errorincreases significantly as the noise level increases
after applying: = 2 thinning to the sonar arcs in Figure 10bbeyond 1 pixel (Fig. 14). Since the method relies on the mu-
are shown. Similarly, applying = 5 thinning to the arc map tual reinforcement of several arcs to reveal the surface, larger
in Figure 10c yields the result in Figure 11b. The curves fittedmounts of noise are expected to have a destructive effect
to the surface features extracted are presented in Figures bhcthis process by moving the various arc segments out of
and 11d. their reinforcing positions. Consequently, the arc segments
In Figure 12a, a surface with a sinusoidal profile is shownhat lack each other’s mutual reinforcement tend to be elim-
Thinning the arc map given in Figure 12b with= 6 results inated by the morphological operations (Fig. 13). A larger
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Fig. 6. Two linear arrays where the sensors are individually rotated frénto4D4Q in 10° steps: an array of 11 sensors with
50-cm spacing (a); and an array of 21 sensors with 25-cm spacing (b).

proportion of the arcs is eliminated, resulting in a loss of ininterface (server). The robot can be run from a C-language
formation characterizing the original curve. Nevertheless, thirogram either through the server or directly.
error-growth rate is not as high as might be suggested by theseéWe next give a brief description of the two sensor mod-
arguments, and the method seems to be reasonably robusilas used in the experiments: the Sensus 200 and Sensus 500
noise. In Figure 14, the performance is comparable to thsystems.
noiseless case up tg, = 10 cm. This is partly because the The Sensus 200 Sonar Ranging System consists of 16
least-squares polynomial fit helps eliminate some of the noisnars that can yield range information from 15 cm to 10.7
m with +1% accuracy. The sensors are Polaroid 6500 series
transducers (Polaroid 1997), which determine the range by
measuring the TOF. The transducer beamwidth i ZEhe
gRyrier frequency of the emitted pulses is 49.4 kHz. The sys-
tem can be interfaced with any type of microcontroller. The
power requirements of the system are 100 B ¥ or 12 VV
(Nomadic Technologies 1997).

The Sensus 500 Structured-Light System basically consists

The Nomad200 mobile robot, shown in Figure 15, has beél a laser diode (as its light source) and a CCD-array camera.
used in the experiments. It is an integrated mobile robot if-he laser beam is passed through a cylindrical lens to obtain
cluding tactile, infrared, sonar, and structured-light sensirigjanar light. The operating range of the system is from 30.5
systems, with dimensions of 76.2 cm (height) by 45 cm (dfm to 3.05 m. Within this range, the intersection of the plane
ameter). The mechanical system of the robot uses a nddight with the objects in the environment can be detected by
holonomic, three-servo, three-wheel synchronous drive witR€ camera. The range is determined by (laser line striping)
zero gyro radius. The control of the base translation, ba§éangulation, characterized by decreasing accuracy with in-
rotation, and turret rotation is performed by three separagéeasing range (Everett 1995). The power requirement of the
motors. The robot can translate only in the forward and bacRystem is 2000 mA at 12 V (Nomadic Technologies 1997).
ward directions, but not sideways without rotating first. Servo In the experiments, both sonar and structured-light data
control is achieved by a MC68008/ASIC microprocessor syge collected from various surfaces constructed in our labora-
tem. The maximum translational and rotational speeds of th@'y. The structured-light system is much more expensive and
Nomad200 are 60 cm/sec anc*kc, respectively. The No- complex, requiring higher power and sufficient ambient light
mad200 is powered by an 840-Wh removable battery packa@é operation. Since it reveals an accurate surface profile, the
(Nomadic Technologies 1997). surface detected by this system is used as a reference in the
The Nomad200 has an onboard computer for sensor agyperimental calculation of the errors using sonar data.
motor control and for host-computer communication. The TO prevent any crosstalk between consecutive pulses,
communication is managed with a radio link and a graphid§e sonars should be fired at 62-msec intervals, since the

4. Experimental Verification

In this section, the method is verified using the sensor syste
on the Nomad200 mobile robot in our laboratory.

4.1. System Description
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The result ofn = 3 thinning applied to Figure 6kz = 0.353; f. = 0.864; andicp, = 1.28 sec. (c) The solid line indicates

the polynomial fit of ordem = 8 to part a; the dashed line shows the actual surfege; 3.03 cm; andt, = 0.127. (d) The
polynomial fit of ordenn = 7 to part b is shown by solid line; the actual surface is indicated by dashedline;7.85 cm;

andE> = 0.329.
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Fig. 8. (a) The robot is located at 70 locations, and the front sonar is oriented’awitBFespect to the positive-axis; no
rotation. (b) The robot rotates at 35 locations, fromi #5135 in 15° steps.
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Fig. 9. The result ok = 5 thinning applied to Figure 8z = 0.050; andf, = 0.464 (a). The polynomial fit of order = 11
(solid line) and the actual surface (dashed lig);= 3.57 cm, andE> = 0.040 (b).
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Fig. 10. The original surface (a). The arcs corresponding to the sonar TOF data collected from the surface using 100 sensors
scattered and oriented randomly (not shown) (b). ¥hand y-coordinates of each sensor are independent and uniformly

distributed in the interval§0, 500] and [0, 360], respectively. The orientation is uniformly distributed[#0°, 140°]. 150
sensors are used (not shown) (c).
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Fig. 11. (a) The result of = 2 thinning applied to Figure 10z = 0.296, f. = 0.566, andr.py = 0.49 sec. (b) The result
of n = 5 thinning applied to Figure 10@ = 0.133, f, = 0.610, andpy, = 0.73 sec. (c) The polynomial fit of order = 6
to part a (solid line), and the actual surface (dashed lifg);= 3.92 cm, andE> = 0.164. (d) The polynomial fit of order
m = 6 to part b (solid line), and the actual surface (dashed lifig}= 2.30 cm, andt> = 0.090.
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Fig. 12. The sinusoidal surface with a peak-to-peak amplitude of 30 cm and a period of 125 cm (a). The arcs corresponding
to the sonar TOF data collected from the surface using 400 sensors scattered and oriented randomly (not shown) (b). The
x- andy-coordinates of each sensor are independent, and are uniformly distributed in the iritei¥#1s500] and[0, 160],
respectively. The orientation is uniformly distributed #0°, 140°]. The result of: = 6 thinning (¢):e = 0.245, f. = 0.777,

andzcpy = 0.51 sec. The polynomial fit of order = 10 to part ¢ (solid line), and the actual surface (dashed line) (d):
E1 =2.88cm, andt, = 0.283.
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Fig. 14.E1 (a) andE> (b), as the standard deviation of the naigeon the TOF readings is increased.
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maximum range of operation of Polaroid transducers is 10.7
m. In the experiments, the sonars were fired at 40-msec in-
tervals. This prevented much of the crosstalk, and in the
few cases where erroneous readings were obtained due to
crosstalk, these false readings were readily eliminated by the
algorithm. This is another aspect in which the algorithm ex-
hibited its robust character.

4.2. Experimental Results

The sonars on the Nomad200 were in a circular configura-
tion. Since the robot had a limited number of sensors that
could detect the surface, by moving the robot and rotating
its turret, the equivalent of a much larger number of sensors
was created synthetically. First, the robot remained stationary
and collected data by rotating its turret. However, there were
many locations on the surface that could not be detected by the
robot if only the turret rotated. On the contrary, pure trans-
lation alongside the surface generally provided satisfactory
results.

First, several surfaces were constructed in our laboratory
with different curvature and dimensions, using thin cardboard
of height 1.05 m and length 3.65 m. Inthese experiments, only
the front five sensors were activated.

The structured-light data obtained from one of the card-
board surfaces constructed are presented in Figure 16a. The

sonar data presented in Figure 16b were obtained by trans- i _
lating the mobile robot horizontally over a distance of 1.5 nf'9- 15. The Nomad200 mobile robot. The ring of sonars can
along the liney = 0 and collecting data every 2.5 cm. Thele seen close to the top rim of the turret, and the structured-

turret was oriented such that both the structured-light and tHght System is seen pointing rightward on top.
front five sonars were directed toward the surface, and it did
not rotate throughout the translational movement.

If the sonar data in Figure 16b are examined, it can be o
served that there are many points on the surface that were

detected by the sonars. Since the surface reflected specula}r t data (Fig. 17¢), it can be observed that a close fit to
segments of the'surface t'hat were reIatjver perpendicular e original surface is obtained. The errors in this case were
the transducer lines of sight were easily _detecte_d, Where S _ 359 cm andE, = 0.263, and the CPU time was

those segments that were more-or-less aligned with the Ilntes

= 0.27 sec.
. - CPU
of sight could not be sensédThis is less of a problem when Next, a surface with smaller maximum curvature (hence

th? sutn;ace;]s' rﬁ'?ﬁ!veéy smooth and |t§|cur\ijature 'j smaltlr.] Tr\'/ﬁth larger minimum radius of curvature), shown in Figure
3?( en f ow '(t: IS .eCO”.‘jS ? prho em epends On € Itka was considered. The results of morphological process-
US Ot curvature, as 1s evident when we consider a SeCoy and curve fitting are shown in Figure 19, resulting in

example (below) with less curva_ture. . E; = 141 cm, E> = 0.156, andrepy = 0.39 sec. It was
As expected, the structured-light data provided a very afideed observed thaif; and E, were reduced significantly
curate surface profile. In the arc map obtained by sonar, th

§ifth respect to the previous case, as was also evidenced by
were some arcs that were not tangent to the actual surfacq@é much better fit seen in Figure 19¢

any point (€.g., the isolated arcs in the upper-right and upper- Several results obtained for this surface are summarized
left parts of Fig. 16b). These correspond to spurious data dHFTable 2. All polynomials were of degree = 10. The

to higher-order reflections, readings from other objects in tr}ﬁinimum estimation erroE; was not much larger than the

2. Since specular reflections involve negligible scattering and mirrorlike ravavelengthh = 6.9 mm.

flections, the transmitted waveform could be received back at the tranducer |t js worth noting that the present approach was aimed to-

only if some of the rays emerging from the transducer were perpendiculward estimationof a curve, as opposed tetectionof target
to the surface. For the case of a separate transmitter and receiver, the sur !

face must be perpendicular to the normal determined by the transmitting aﬁﬂ'mitives- When corners or Edges ?re encountered in t_he en-
receiving elements. vironment, the method does not fail, but the results slightly

environment, or totally erroneous readings. These points are
Péadily eliminated by morphological processing (Fig. 17a). If
final curve in Figure 17b is compared with the structured-
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Fig. 16. The surface profile revealed by the structured-light data (a) and the sonar data (b). The data in both parts were collected
from the surface at every 2.5 cm by translating the mobile robot frei#b, 0) to (75, 0).

200 200 200
150 150 150
§1 00 - ” —,,— §1 00 /\/\ :.6:1 00 m‘
E I \0 > > '
50 50 50

—900 -50 0 50 100 —‘POO -50 0 50 100 -900 -50 0 50 100
x {cm) X (cm) x (cm)

(a) (b) ()

Fig. 17. The result of erosiotn = 8) followed by pruning(n = 1) (a); the polynomial fit of ordem = 10 (b); and Figure
17(a) superimposed with part b to demonstrate the fit obtained&{c); 3.59 cm,E» = 0.263, andicpy = 0.27 sec.

Table 2. Experimental Results for the Surface Given in Figure 19a for Different Morphological Operations

Morphological Operation E1 (cm) E> tcpy (S€EC)
Thinning (n = 1: pruning) 4.98 0.554 0.41
Thinning(n = 2) 4.84 0.539 0.41
Thinning(n = 3) 4.07 0.452 0.40
Thinning(n = 4) 3.28 0.364 0.39
Thinning(n = 5) 2.58 0.287 0.37
Thinning (n = 6) 1.96 0.218 0.36
Thinning(n = 7) 1.63 0.182 0.35
Thinning (n = 8: erosion) 1.42 0.158 0.34
Erosion and pruningn = 1) 1.41 0.156 0.39

Erosion and thinningn = 2) 1.50 0.167 0.39
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Fig. 18. The surface profile revealed by the structured-light data (a) and the sonar data (b). The data in both parts were collected
from the surface at every 2.5 cm by translating the mobile robot frei#b, 0) to (75, 0).
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Fig. 19. The result of erosiom = 8) followed by pruningn = 1) (a); the polynomial fit of order: = 10 to part a (b); Figure
19a superimposed with part b to demonstrate the fit obtaine&{c}; 1.41 cm,E> = 0.156, andpy = 0.39 sec.
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deteriorate, since the method exploits neighboring relation- Another important factor is memory usage. In the simula-
ships and local continuity (i.e., smoothness). Experimenttibns, the objects were relatively large, and a relatively large
results for 60 and 90 corners and a 90edge are presented number of sensors were employed. This led to memory us-
in Figure 20. These objects were made of smooth wood aade ranging between 100-750 kB. In the experiments, the
were 1.20 m in height. The results indicate that the methddrgets were smaller and relatively close, so that the data files
works acceptably in such cases as well, the net effect beingnsumed about 50-100 kB of memory. Although memory
that the vertices of the sharp edges are rounded or smoothestge depends on the number of sensors used, the size of the
(i.e., low-pass filtered) into curved edges. This corresponddject, and the grid size, these figures are representative of
to the spatial-frequency resolving power of the system, dse memory requirements of the method.
determined by the chosen grid spacing.

Finally, we present experimental results obtained by usi
the front three sonars of the Nomad200 robot, following th

walls of the room in Figure 21a. The room comprised smooth novel method is described for determining arbitrary surface
wooden (top and left) and plastered (right) walls, and a wirprofiles by applying morphological processing techniques to
dow shade with vertical flaps of 15-cm width (bottom). Someonar data. The method is extremely flexible, versatile, and
of the corners of the room were not perfect (e.g., where thebust, as well as being simple and straightforward. It can
shade and the right wall made a corner). deal with arbitrary numbers and configurations of sensors in
In Figure 21b, the path of the robot and the resulting argddition to synthetic arrays obtained by moving a relatively
map are given. In Figure 21c, the result of morphologicajmall number of sensors. Accuracy increases with the num-
processing is shown. It is clear from this figure that sincBer of sensors used (actual or synthetic), and was observed to
spurious arc segments were fairly well eliminated, we can eke quite satisfactory. The method is robust in many aspects: it
pect a good polar polynomial fit (or line-segment matchinglyas seen that it has the inherent ability to eliminate most of the
In Figure 22, we also show similar results when a cylindriyndesired TOF readings arising from higher-order reflections
cal object of radius 15 cm was added to the room at a distangg well as the ability to suppress crosstalk when the sensors
of 30 cm from the center of the right wall. It was observedre fired at shorter intervals than that nominally required to
that despite the potential for many higher-order reflectiongyoid crosstalk. In addition, the method can effectively elim-
once again a good polar fit could be expected for Figure 22gate spurious TOF measurements due to noise, and process
Even though the method was initially developed anghultiple echoes informatively.
demonstrated for specularly reflecting surfaces, subsequentrhe processing time is small enough to make real-time ap-
tests with Lambertian surfaces of varying roughness indicaifications feasible. For instance, the system can be used for
that the method also works for rough surfaces, with errogpntinual real-time map-building purposes on a robot navi-
slightly increasing with roughness. gating in an environment with vertical walls of arbitrary cur-
Closing operations were not needed in processing the e)gture. Two extensions immediately come to mind. First,
perimental data, because the points were sufficiently densgis possible for the robot to continually add to and update
If this were not the case, one would first apply closing to adigs collection of arcs and reprocess them as it moves, effec-
extra points to fill the gaps between the points of the origingiely resulting in a synthetic array with more sensors than the

. Discussion and Conclusions

map. robot actually has. Second, the method can be readily gener-
_ alized to three-dimensional environments with the arcs being
4.3. Computational Cost of the Method replaced by spherical or elliptical caps and the morphologi-

The average CPU times are in general on the order of sevetal rules extended to three dimensions. The method was also
seconds, indicating that the method is viable for real-time afound successful in determining the profile of surfaces com-
plications. These represent the total time the computer toplketely surrounding the sensing system. In this case, it may
to realize the morphological operations starting with the rale preferable to reformulate the method in polar or spherical
TOF data. (The morphological processing was implementedordinates.

in C language, and ran on a 200-MHz Pentium Pro PC.) For Although the structured-light system was used mainly as
comparison, the time it took for an array of 16 sonars to colleetreference in this study, the fact that its strengths and weak-
all the TOF data was 16 40 msec= 0.64 sec, which was on nesses are complementary to the sonar system suggests the
the same order of magnitude as the processing time. It shopldssibility of fusing the output of the two systems. The
be noted that the actual algorithmic processing time wass#&uctured-light system provides a very accurate surface pro-
small fraction of the CPU time, as most of the CPU time wafle, but introduces errors increasing with range, as a result
consumed by file operations, reads and writes to disk, matif the triangulation technique it employs. On the other hand,
allocations, etc. Thus, it seems possible that a dedicated sgenars yield better range information over a wider range of
tem could determine the surface profile even faster, bringiraperation, but are less adept at recognizing the contour de-
the computation time below the data-collection time. tails due to their large beamwidth. Despite the possibility of
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Fig. 20. In all three parts, the result of curve fitting (solid line) was compared to the original surface profile as revealed by
the structured-light data. Data were collected by rotating the turret of the robotfB8hto 3(°, taking T steps. (a) A 90

corner at 80 cm: polynomial fit of ordet = 6, resulting inE; = 1.90 cm andE> = 0.217. (b) A 60 corner at 80 cm:
polynomial fit of ordenn = 10, resulting inE1 = 1.96 cm andk, = 0.243. (c) A 90 edge at 60 cm: polynomial fit of order

m = 8, resulting inE1 = 3.83 cm andE, = 0.414.
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Fig. 21. Structured-light data collected from a room comprised of planar walls, corners, an edge, and a doorway (a); the sonar
arc map for the same room and the robot’s path (b); and the resuk=a3 thinning (c).
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Fig. 22. Structured-light data collected from the room in Figure 21, when a cylinder was added (a); the sonar arc map and the
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