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Abstract The paper presents signal processing and 
control algorithms that enable antonomous tracking of 
boundaries between distinct benthic regions by an AUV 
equipped of a profiler sonar, A novel sonar classification 
algorithm is presented, which uses the signature of the 
ocean floor in the incoming profiles to discriminate 
between distinct sea-bottom materials. By exploiting 
sonar scans of the region below the robot, a classical 
control loop is closed around the sonar data, using a 
feedback signal that is robust with respect to 
classification "noise". 

I. INTRODUCTION 

The ability to track natural boundaries defined in the 
ocean floor by distinct habitats is useful in several 
applications, either military (e.g. avoidance of dangerous 
operational regions) or civilian (physical oceanography, 
study of the evolution of biological species,...). In the past, 
we assessed the problem of boundary tracking using visual 
information [I ] .  However, use of video data in the ocean 
can be often compromised by lack of ambient light, or by 
water turbulence. A more robust altemative is the use of 
acoustic sensors. In this communication, we present work 
on the definition of signal processing and automatic control 
algorithms to implement a contour-tracking behavior based 
on the information provided by a mechanically scanning 
profiler sonar. 

The paper is organized as follows. The next section 
briefly describes the hardware and software architectures of 
the platform used for this study. The two subsequent 
sections, Ill  and IV, are dedicated to the sonar signal 
processing and to controller definition, respectively. Finally, 
section V presents rcsults of processing of real data acquired 
at sea, and simulations of the control structure which is 
proposed. Section VI summarizes our conclusions, 
presenting some directions for future improvements. 

11. ARCHITECTURE 

The underwater platform used in this study is the ROV 
Phantom,' shown in Figure 2. This robot is equipped of 

' Phantom is a Remotely Operated Vehicle produced by 
Deep Ocean Engineering, USA, which has been made 

three thrusters, two allowing control in the horizontal 
plane (forward, reverse, tuming) and another controlling 
the motion in the vertical plane (up/down motions), and of 
the following navigation and perception sensors: a 
magnetic compass, a rate gyro, a pressure (depth) gauge, 
an altimeter, a profiler sonar mounted on a tilt platform 
and a video camera. Moreover, each axis has been 
equipped of sensors allowing the measurement of the 
rotation speed of the corresponding motor shaft. The 
vehicle is linked to a dry-end operational station through 
an umbilical cable of about 120 meters, which allows 
remote automatic control of the robot. 

On the dry-end, the software architecture of the 
complete system is spread over three distinct processors. 
On two personal computers run several threads dedicated 
to signal acquisition, high-level control and signal 
processing. Low-level control loops (the motor 
controllers, as well as basic heading, rate, depth, and 
altitude control loops) run in a specialized hoard, which 
accepts reference values from the other two processors. 

The Phantom is programmed through a specially 
designed user interface, which allows the definition of a 
mission as a sequence of basic parametrized tasks: go-to, 
visit a sequence of way-points, visual tracking and station 
keeping. The actual implementation of all these basic 
navigation and observation behaviours is the result of the 
European project NARVAL which finished in 2001, and 
which was done in collaboration with other partners". 
This paper coucems the definition of an additional 
behaviour: sonar tracking, i.e., .the use of sonar 
information to guide an autonomous vehicle along the 
boundary between distinct habitats occupying the sea 
floor. 

The implementation of this behaviour, done in the 
context of the programme of the European research 
project SUMARE, required the definition of two new 
software modules: the sonar classifier, whose goal is to 
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associate a label (class) c, to each newly acquired profile 

pk , and the acoustic controller, whose responsibilty is to 

generate the command signals r, that guide the robot along 
the contour between the distinct classes. The next two 
sections describe each of these two blocks, shown in bold in 
Figure 1 below. 

I Sonar Acquisition I 

Classifier 

A C O U S ~ ~ C  controller 

1 Vehicle motors (horizontal) I 
Figurel. Signal processing and control architechue 

In the diagram above, the output of the Classifier (the 
input to the contour tracker) are the labels c, -of the 
received profiles. As we discuss below, we drive the 
controller, instead, with a continuous signal that indicates 
the relative percentage of the classes defining the tracked 
boundary inside a sliding window extending over the most 
recently acquired profiles. 

111. SONAR CLASSIFICATION 

In this section we describe the signal processing 
algorithms that produce the relevant information for the 
contour tracking task. We first describe the sensing 
equipment on which the work is based, in subsection A .  
Subsection B addresses the problem of (unsupervised) 
learning of the probabilistic models of the observed data on 
which the classification algorithm presented in subsection C 
is based. 
A The sensor 

The sensor used to scan the sea bed is a dual 
frequency Tritech Sed:ing profiler Sonar, mounted the in 
the ROV Phantom. During our experimentation, the 
following configuration has been used : 

the sonar is mourtted in the front of the ROV (see 
Figure 2), orient,:d toward the sea bottom, and 
scanning the angular sector between 130" and-30", 

mechanical step size: 0.9", 

0 

0 

beamwidth: 1.4" (c:onical). 

depth (range) resolution: 0.04 m, 

frequency of the emitted signal: 1.2 MHz, 

B Learning the classes models 

The unsupervised segmentation algorithm exploits 
the fact that the sonar profiles corresponding to sea floor 
regions occupied by distinct species have distinct shapes. 
Each complete profile pk is first reduced to a small set of 

features (@E=, . For the experiments ,presented in this 
paper, L =I, simply the energy of the profile around the 
detected maximum (sec: Figure 3): 

j t 1 s  

E,=-  1- x, 
J L  i=Flh 

The segmentation algorithm is based on a 
probabilistic framewor~k, and associates to each possible 
class c; a probability distribution of the extracted 

features, p(W):=,k:),  i=1,2. These probability 

distributions are initi.dly unknown, and are learned 
dynamically by the algorithm described below. 

We introduce first some nomenclature and notation. 
Let X be a discrete random variable (rv) with probability 
space (Q, A,  P )  where Q={cn,m;. .,aw}, is the (finite 
discrete) realization space, A is a sigma-field of subsets 
of and P is a probability measure. We denote by 
lower-case letters x the realizations of X . Consider a 

sequence x'~=~,z.,..,x~)E~, of N independent 

realizations of X The type of x ' ~ ,  which we denote by 

vp-[0, l]is the empirical estimate of the probability 

distribution @d) ofX, and is given by: 

snnaf 

Figure 2: The ROV Phantom and its perception sensors 
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Figure 3:- Profiles received from Posidonia (top) and 
sand (bottom) during one experiment at sea. 

1, x, = a ,  

0, x, * a ,  
where 1, (x,) = 

Consider that we are given two sequences of length N: 
$y=(.z, ,.., .z.v)and ~ ~ ~ = ( m , . , , & ) .  Then, the MDL 
(Minimum Description Length, see [2]) test for choosing 
between the two following composite hypotheses: 

where the probability laws pf," and p:' are unknown, 
i.e., for deciding whether the two sequences were generated 
by the same probability law or if they are samples from 
distinct distributions, is 

HO 

0[210g(N+l~log(2N+1)] D( MI~)+D( v&) (4) 
HI 

M 

In the previous expression, f i  is the balanced mixture of 

the types of the two observed sequences, and D(#) is the 

Kullback-Leibler divergence between probability laws: 

wherevl,v2 are the types of the sequences x~ '" ,x$~ ,  
respectively. 

Eqs. (4) and ( 5 )  show that under the hypothesis that the 
individual samples (in our case, the set of features extracted 
from each profile) are statistically indcpcndent, the types of 
the observed sequences are sufficient statistics for the 
decision problem formulated above. 

To leam the classes models, we initialize the probability 
law of the first class with the type of the sequence of the 

~ 
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first N measures: hN=vl , We then use test (4) to decide 

if the types of the subsequent sequences, vk,k>l, 
correspond to the same distribution ( bN), until 

hypothesis HI is accepted, for a given k=k* . In this 
case, the learning phase is then stopped and we set the 
estimate of the second class probability law equal to the 
corresponding type: j?=vk*. 

C Classification/Estimation (tracking) phase 
We assume in this step that the probability laws 

P(PY I I=I IC , 1 associated to each class have been Ieamed 

in a previous step. Consider a set of N consecutive 
profiles acquired by the robot, pk={pk,pk.,, ...P~.,~+,} and 
denote by f the corresponding set of NxL extracted 
features. 

If during the acquisition of all these N profiles the 
robot observed the same sea-bed type, then, according to 
our hypothesis, the type of the sequencef should be close 
(in the Kullback-Leibler "mebic") to the corresponding 
probability law, and the optimal test to decide on the 
correct class would choose the class m' that minimizes 
the Kullback-Leibler divergence between the type of the 

observed sequence, v, and the classes' representatives, 

However, the assumption that the observed class is 
constant during the set of N consecutive profiles is not 
realistic, and the test above too simplistic. In general, the 
N successive sonar beams will hit sea-bed regions 
occupied by distinct habitats, such that a more realistic 
model for the type of the sequence of length N observed 
at time k is a mixture of the two basic pd corresponding to 
each of the two classes present: 

vk=ITkf in+( l - ITk)py =P"(Zk) 3 Xk E[O, 11, 
where we defined the notation  IT). Te unkown 

mixture coefficient zk indicates the relative percentage 
of the WO classes in the observed sequence. The 

maximum likelihood estimate of zk is obtained by 
solving the following minimization problem: 
EkargminD(v++)). (7) 

n 

We have verified numerically, for a large number of class 

models, that the criterion D(vk\k"(n)) presents a 

dependency on IT which is well approximated by a 
quadratic: 
D(Vklp(IT)&+CfIT+C$IT2 , (8) 



where the unknown coefficients {c:e=, depend on the 
observed type and on the classes models. If these 
coefficients were known, kk could he determined by the 
following analytical expression: 

(9) 

if the minimum is inside the interval [0,1], and on one of its 
extrema (0 or 1) otherwise, indicating in this last two cases a 
“pure type”. 

In order estimate the coefficients {c! r=o, we evaluate 

the criterion .(v#(z)) for three distinct values of 

0.25, 0.5 and 0.75, and use Eq. (9) to estimate the relative 
frequency of the classes present in the N most recently 
acquired profiles. 

. .  

Note that the estimates Zk can also be used to establish a 
hard segmentation of the observed. sea-bed regions, by 
using the following simple test: 

class1 
kk 0.5. 

class2 
(10) 

The role ofthe acoustic tracker is to use the information 
yield by the sonar classification algorithm to generate 
control signals for the robot lower level control loops. To 
minimize problems due to variability induced by changing 
observation conditions, we impose that the detected 
contours he observed at constant altitude. This reduces the 

’ , control problem to guidance in the horizontal plane. Ideally, 
we want the robot’s center of mass to describe a curve that 
is the parallel translation of the observed contour, whose 
shape is unknown. We have assessed the problem of contour 
tracking with an autonomous platform in [3], where it is 
shown that a classic proportional-derivative controller with 
suitably defined gains, and using an error signal that is the 
distance of the robot to the tracked contour in the direction 
orthogonal to the tracked line, achieves the control objective 
of driving this distance to zero. In the application considered 
in [3], tracking of iso-depth lines with a platform equipped 
of a single beam acoustic altimeter, this enor signal can be 
well approximated by the difference between the altitude of 
the tracked .line and the measured altitude, enabling 
defmition of a robust and completely sensor-driven control 
approach, not.requiring determination of the robot’s spatial 
position. 

’ 

The problem assessed here presents an additional 
difficulty: the “sensor” through which the contour is 
detected is in this case the output of the 
“Classificatiodestimation” algorithm presented in the 

IV. CONTOUR TRACKING 
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previous section, i.e., the estimates of the mixture 
coefficients kk . 

Compared to the previous contour tracking problem, 
which uses altitude measures, this virtual sensor 

I .  inherently introduces a smoothing of the distance 
information which should be ideally used to 
drive the tracking controller; 
presents hard siaturations, for large values of the 
distance of the robot with respect to the 
boundary line (:corresponding to kk=o .or I )  

.Convenient design of control loops around sensors 
with saturations (controllers that typically switch between 
their own saturation levels, along transition hysthereses) 
and filtering effects cannot he done using simple PID-like 
methods, and are, moreover, prone to oscillatory 
behaviors. 

The second problem mentioned above can be 
minimized by carefully designing the controllers such that 
the probability of entering the saturation regions is small. 

We use the ability of the sonar head to mechanically 
steer the sonar beam to overcome the first difficulty. We 
motivate our approach below. Consider that the sonar is 
made to periodically scan an angular sector [-A+,Ad 
with angular resolution 6&A+/Ng,  in the vertical 
plane that passes through the center of sonar reference 
frame (orthogonal to the robot direction of motion). 
Consider that in the processing algorithm presented in the 
previous section, we us(: a sequence length which is equal 
to the period of the sonar scaming angle, 2 N ,  . In this 
circumnstances, and in the ideal situation when the robot 
is perfectly aligned with the boundary (the center of the 
sonar reference frame is at the vertical of the contour) 

will be constant and equal to 0.5. Departures form this 
value indicate an offset: of the robot with respect to the 
boundary. We propose tD use the “error” signal 

-ek=Zk4.5 E [-0.5,0,5], 
as a substitute for the continuous error distance that drives 
the iso-depth line tracker in [3]. 

2. 

As it is fully motivated in [3], the natural control 
input to track an horizontal line is the yaw rate of the 
vehicle, which effectively controls the curvature of the 
robot trajectory at each point. The output of our acoustic 
contrbller is thus the input of the yaw rate controller, 
imposing an instantaneous rotation speed of the platform 
in the horizontal plane: 
C =KpC&+&(ek*k-i),’ (11) 

And where the sign of the proportional and derivative 
gains K ,  andKddepends on whether class I is on the 
left or on the rigth side of the boundary during tracking 

Note that basing the tracking task on this error signal, 
which is based on the set of 2 N, most recently received 



sonar profiles, improves the robustness of the algorithm 
with respect to outliers in the acquired signals. This 
controller is completely driven by the perception-derived 
error signal e, ,  and thus independent of the assumed 
dynamic and kinematic platform models, increasing its 
robustness with respect to modeling errors. 

V. EXPERIMENTAL RESULTS 

We present below preliminary results using the 
algorithms presented in the previous sections. 

A Segmentation 
We present in this section results on real data acquired 

during real experiments performed at Villefranche-sur-mer 
(SOU* of France). The regions of the sea bed observed 

Figure 4: detail of Figure 3. 

simul~neously acquired by the phantom video camera), 

Figure 3: estimated percentage of Posidonia along a trajectory. 

during these experiments are, in its vast majority, either 
sandy, or occupied by patches of Posidonia. Our goal is to 
detect, using the sonar r e m s ,  the boundaries of these 
patches (which can be neatly observed in the images 

and use this information to automatically guide the robot 
along them. During all the experiments the sonar 
configuration presented in 1II.A has been used. The 
Phantom has been manually driven (using the joy-stick 
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controls) along a trajectory that crosses several times the 
boundary of one Posidonia patch, while sonar scans and 
video images (at a rate of 2 imageshec) were 
simultaneously recorded. 

A mosaic of the acquired video frames has been created 
off-line, using a correlation method. This video mosaic is 
used as a ground truth against which the result of the sonar 
data processing is compared. The result is displayed in 
Figure 3 ,  that illustrates the performance of our 
classificatiodestimation algorithm. Figure 4 is a zoom on a 
small area, allowing a better appreciation of the agreement 
between .the result of the sonar data processing and the 
mosaic. 

The sonar scans are processed using the method 

Figure 5 estimated classes’ distributions. 

presented in section Il l .  Sonar scans too close to the sea 
bottom (profile maximum occurs at a distance less than 

0.4m) are not processed, since they correspond to retuns 
from the ROV crash frame. They are represented in black 
in the figures. 

We first leamed, using the algorithm outlined in 
section III.B, the probability distributions of the two 
classes (sand and Posidoniu). The resulting probability 
laws are shown in yellow (sand) and green (Posidoniu) in 
Figure 5 .  

Using the geometricil model that relates the origins of 
the visual and acoustic sensors we co-registered the 
profiles classification cato the video mosaic, using the 
following color code: white indicates pure sand ( Ek=o), 
blue indicates pure Posidoniu (&=I ), while intermediate 
values are coded by varying intensities of blue. The result 
is shown in Figure 3 ,  for an observation window of 
length equal to twice th,: length of the sonar scans (in the 
configuration of this experiments this leads to N=134), as 
explained in section IV. 

Classification performance is evaluated by comparing the 
ground truth (provided by the video mosaic) to the output 
of the hard classification algorithm mentioned at the end 
of section III.B, and is summarized by the confusion 
matrix shown in Table 1. For classification purposes, a 
smaller window of size 32 has been used, the result of the 
classification being associated to the window’s central 
profile, and yielding the segmentation shown in Figure 6. 
In this Figure, yellow indicates sand, and green 
corresponds to Posidoniu. The red line indicates the 
trajectory of the robot’s centre of mass. It can be seen that 
the percentage of correct classification is high for both 
classes, being slightly better for sand than for Posidonia. 
We stress that these numbers give only an indicative idea 

Figure 6: classification (N=32). 
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of the algorithms behavior, being prone to errors in the co- 
registration process 

T A B L E I .  CLASSIFICATION RESULTS 

Sand Posidonia 

97.2 % 5.8 % 

Posidonia 2.8 % 94.2 % 

B Contour Trachng 

We performed simulations of the tracker described in 
.the previous section, considering complete simulation of the 
motion in the horizontal plane (including thruster dynamics 
and low level control loops). The robot is driven at a 
nominal surge speed of 0.5 m i s ,  control rate is 10 Hz, and 
sonar rate (rate of classified sonar profiles) is 20 Hz 
(corresponding to an operating height of 2 meters). Sonar 
scanning parameters are A( =-5 and N3=12, 
corresponding to an angular cone of f30". Controller gains 
are K, = 0.01 and KD=2.0. 

33 T 

M -40 -M 

Figure 7 shows tracking under noiseless conditions 
(all profiles are correctly classified) of a contour of small 
curvature. The top plot shows the tracked contour line 
(solid black line) and the robot trajectoly (in blue). The 
probed sea-floor points are shown in red. The central plot 
shows the true class C, of the hit points, which, as we 
see, oscillates between -1 and 1, indicating that the robot 
is well centered above the contour. Finally, the bottom 
plot shows evolution of twice the signal e, defined in 
section IV. As we see, this signal oscillates around zero 
(the situation of perfect tracking). We plot in Figure 8 the 
estimate of the mixture coefficient zk for the experiment 
shown inFigure4. 

Figure 9 shows tracking of a contour line under 
simulated classification errors. The probability of error is 
the same for both classes, and is equal to 0.1. We can see 
the more erratic aspect of the estimated.class signal, c, , 
and the irregular structure of the error signal 2 e,. . 

I 
i 

Im 120 140 

-1.5 I 
0 Ym 1wO 15w xm 2Ym 

em, SipMI 

0.5 'c 

Figure 7: contour tracking (noisless). 
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Figure 8: estimated mixture coefficient along 
trajectory of Figure 4. 

VI. CONCLUSIONS 

We presented algorithms for contour tracking using 
data provided by a profiler sonar. The main innovation 
of the approach is the proposition of basing tracking 
control on the estimation of the parameters of a mixture 
model that is fit to the most recently received sonar 
returns. Results of this data processing algorithm on real 
data collected at sea for the boundary between two 
natural sea bed types demonstrate the adequancy of the 
unsupervised segmentation presented in the paper. A 
convenient error signal is obtained by centering the 
estimated mixture coefficient, which drives a simple 
discrete classical proportional-derivative controller. 

Several future directions for improving performance 
are currently under study. One consists in considering 
simultaneous control of the robot’s yaw rate and surge 
speed. Indeed, when considering constant surge speed, 
controlling yaw rate is eqnivalent to controlling the 
curvature of the robot’s trajectory, which is equal to the 
ratio k=r/u, where U is the surge speed. Since the 
robot’s rotational speed is bounded in absolute value, it 
may happen that to attain the desired rotational speed, it is 
necessary to decrease surge speed. 
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Figure 9: contour tracking (noise, error probability = 0.1). 
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