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Underwater Vehicle Obstacle Avoidance and
Path Planning Using a Multi-Beam Forward
Looking Sonar

Yvan Petillot, loseba Tena Ruiz, and David M. Laivember, IEEE

Abstract—This paper describes a new framework for segmen- behavior”) but not for real path planning in a complex and
tation of sonar images, tracking of underwater objects and motion changing environment [3] [4]2.

estimation. This framework is applied to the design of an obstacle With the recent development of reliable, high resolution

avoidance and path planning system for underwater vehicles based lti-b fmethods h d. which
on a multi-beam forward looking sonar sensor. The real-time data multi-beamsonars, anéw range or metnods have emerged, whic

flow (acoustic images) at the input of the system is first segmented allow for a more detailed description of the environment and
and relevant features are extracted. We also take advantage of the have broadened the spectrum of techniques that can be used
real-time data stream to track the obstacles in following frames to [5]-[9]. Itis now possible to get a real-time update of the sensed
obtain their dynamic characteristics. This allows us to optimize the environmentleading to a better understanding of the scene andthe

reprocessing phases in segmenting only the relevant part of the - . .
ir;na%es. Oncg t?me static (sizg and sk?ape)yas well as dyr?amic Char_(:apabllltyto handle complex and changing environments[10].

acteristics (velocity, acceleration, ...) of the obstacles have been
computed, we create a representation of the vehicle’s workspace A. Target Application

based on these features. This representation usesnstructive solid . . .
geometry(CSG) to create a convex set of obstacles defining the | he target of this research is to develop an obstacle avoidance

workspace. The tracking takes also into account obstacles which system for the Advanced ROV Package for Automatic Mobile
are no longer in the field of vigw of the sonar in the_ path plan_- Investigation of Sediments (ARAMIS) tool-skid, where ROV
ning phase. A well-proven nonlinear search (sequential quadratic gignds for Remotely Operated Vehicle. The ARAMIS project

programming) is then employed, where obstacles are expressed as(MAST-CT97-0083) provides a geological/scientific tool-skid
constraints in the search space. This approach is less affected by

local minima than classical methods using potential fields. The pro- Which will be mounted on two different ROVs, VICTOR from
posed system is not only capable of obstacle avoidance but also of FREMER (France) and ROMEO from CNR-IAN (ltaly),
path planning in complex environments which include fast moving operating at a close distance from the seabed (2 meters) at depths
obstacles. Re.sults obt.ain.ed on real sonar daFa are shown .and dis'ranging from 50 to 2000 m. The main missions of the ROVs
;gf}sggt'i;gﬁg:}b!;:gfslgztig‘usstszg?nar servoing and real-time mo- o "0 sl0gical and biological surveys of the seabed and water
column, including benthic and pelagic missions which could last
Index Terms—Obstacle avoidance, path planning, segmentation, yp to 72 h. The need for an automated piloting system, or at least
sonar, tracking, underwater robotics. an aided piloting system, is clear. The cruising speed for both
ROVs is around 1 kn and the movements of the ROVs are mea-
I. INTRODUCTION sured by several on-board sensors feeding the obstacle avoidance
C?gstem with position, speed and orientation of the vehicle in

E A.DDRESS the general path plannlng_ and quta. world coordinates. The positioning system will consistin a long
avoidance problem for an underwater vehicle using m%r;
Q

resolution, real-time sonar sensory data. Although related pr aseline system (LBL), an super short baseline system (SSBL)

. . . . a?_d of various inertial navigation sensors (INS), depending on
lems such as two-dimensional (2-D) map building, ENVIFONMEITe Vehicle such as compasses, gyro-meters and Doppler velocit
modeling [1], [2] and motion estimation could be tackled in th b 9y PP y

X . ﬁ)g (DVL). Although at a depth of up to 2000 m, the baselines
framework of the presented system, we will mainly focus on ob- . . : S

. : Systems are likely to be imprecise, and INS sensors will drift with
stacle avoidance and path planning.

. . time, the obstacle avoidance module does not require long-term
Until recently, most obstacle avoidance systems used low o . .
. NN ccuracy as it is creatinglacal map of the environment. The
resolution or low frame rate sonar sensors yielding inaccuraié o )
N " rift of the INS sensors should be negligible on short periods
estimations of the obstacles positions and movement. These

. - . y r’:\nd ensure the successful creation of a precise local map.
systems were suitable for reactive obstacle avoidance (“refléx

1See Y. Petillot. A local navigation technique with obstacle avoidance, called

adaptive navigation, is proposed for mobile robots in which the dynamics of
Manuscript received January 19, 1999; revised November 7, 2000. This wéR robot are taken into consideration. The only information needed about the
was supported by the European community MAST Project under Grant cTd9cal environment is the distance between the robot and the obstacles in three

0083. specified directions, The navigation law is a first-order differential equation and
The authors are with the Ocean Systems Laboratory, Department of Cdiavigation to the goal and obstacle avoidance are achieved by switching the
puting and Electrical Engineering, Heriot-Watt University, Riccarton, Edinbur%rectlon angle of the robot, The effectiveness of the technique is demonstrated

EH14 4AS, UK. y means of simulation examples.
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Fig. 1. FAU sonar characteristics and mounting configuration.
B. Sonar Data Collection rithm. The map of obstacles surrounding the vehicle takes into

The sonar used for collecting the data used throughout tigcount the obstacles currently in the field of view of the vehicle
paper is the in-house built multibeam sonar of Florida AtlantfRUt @lS0 obstacles that have gone out of the field of view, which
University (FAU) [L1F. This sonar was mounted on the Oceafave been tracked in the near past, and whose position is still

Explorer AUV looking forward and slightly downward as deCritical to the definition of a safe path for the vehicle.
picted in Fig. 1. The system we have designed (see Fig. 2) is modular in

It has the following characteristics: nature. Modularity is seen as a way to handle different needs
within the same framework.

1) Segmentation:The purpose of this module is to identify
the interesting regions of the image containing obstacles. Con-
sidering the very nature of multi-beam sonar images, we have
decided to discard the certainty grid approach [12] often used
in air ultrasonic sensor based motion planning and to focus on
an object oriented description of the workspace. As the vehicle
is moving close to the seabed, high backscatter seabed returns

are expected. This backscatter must be estimated and removed
When one wants to address the problem of obstacle avojghen possible in the segmentation process.

ance and path planning in a partially sensed environment, thez) Feature Extraction: Once the image has been segmented,
main problem encountered is the extraction of information froRhiential obstacles and their features (position, moments, area)
the input data to create a representation of the environment that computed. These features will be used later to discard false
is as close as possible to thgrbund truthi scene and can be 515rms and track the obstacles and the vehicle.
interpreted in terms that are suitable for computation. 3) Tracking: This module provides a dynamic model of the

In our case, the first aim is to detect and avoid obstaclgg,stacles. Moreover, considering the amount of data to be pro-

Therefqre, the segmentation of the scene is the first and Cr”%@%sed, the tracking drives the segmentation and reduces the
task. It is also useful to know how these obstacles are mov'egmputational cost

with respect to the vehicle in order to take movement into ac-

* number of beams: 120;

« vertical beam-width: 30
 horizontal beam-width: %,

e sector: 1260;

« operating frequency: 600 kHz ;
 operating range: 40 m.

C. System Overview

4) Workspace Representatioffrom obstacles and features
&¥fracted from the current image, we can build a symbolic rep-

$Esentation of the vehicle’s surrounding. Combining this repre-

the obstacles’ static and dynamic characteristics have been c A tation with previous instances of the vehicle’s environment, a

puted from the input data flow, we create a workspace of ObS%?ynamic workspace is built and constantly updated. It forms the

cles surrounding the vehicle. This workspace uses construc /s for the path planning algorithm. In this workspace. each
solid geometry (CSG) to create a convex representation of the path p 9ag i pace,

obstacles, which eases convergence of the path planning a@g_ect is represented by its current position, shape and estimated

ocity. The objects shape is assumed to be elliptic and real ob-
3See Y. Petillot. jects are represented as ellipses. This workspace can be seen as
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Fig. 2. Architecture of sonar-based, real-time path planning.

alocal map of symbolic objects with their associated estimatedsults of the segmentation of the previous frames. Sonar im-
static (shape, position) and dynamic (velocity) properties. ages are very difficult to segment using a single return from the
5) Path Planning: A nonlinear programming techniguesonar. As we have a flow of acoustic images at the input of the
based on a CSG representation of the obstacles is used for patitem at a sufficient frame rate, it is of more interest to design a
planning. Each obstacle in the workspace is represented asegmentation procedure that takes into account several frames.
constraint that has to be metin the search space (that is, the patiteover, good segmentation requires very time consuming op-
must not cross the obstacle) while minimizing the Euclidearations. For this reason, we focus on segmentation of areas of
distance to the goal. This approach takes forward some of anterest on the image, namely the: 1) first layer segmentation:
previous work [7], [8]. segmentation of areas where a very basic and fast segmenta-
6) Plan of the Paper:The plan of the paper is as follows.tion algorithm indicates that there is a new object and 2) second
Section Il details the segmentation technique we have develyer segmentation: segmentation of areas where an object has
oped. Section Il reviews the feature extraction and trackiraiready been detected in the past, or, if the object is moving with
modules. Section IV explains the workspace model buildirmgspect to the vehicle, areas where the object is expected to be
procedure and the path planning algorithm. Results are shoatrthe time of the image acquisition. To do this, objects must be
for each module and the general path planner is demonstratedked throughout a sequence of consecutive frames in order to
in Section V using real sonar data. Section VI draws a surastimate their current location.
marizing picture of our achievements so far while Section VI
investigates possible applications of the system to motion esii- First Layer Segmentation

mation and sonar servoing.
A common segmentation procedure for sonar images consists

Il. SEGMENTATION of median filtering followed by thresholding [6]. Filtering for
_ noise smoothing is an absolute necessity in the case of sonar

A. Introduction images as backscatter is common, especially in the case of multi-

Much work has been done on the segmentation of side-sdz@am sonar images. The filtering part is also generally very time
sonar images, but not so much on forward-looking sonar iraensuming. We have tried several filtering techniques (mean,
ages. In general, segmentation is performed on still imagesaedian, Gaussian) and found that a good compromise between
separates the moving and static parts of the images using fiigtlity and speed was reached using the following scheme.
Fourier transform (FFT) techniques [6], [13]. « Filtering: The filter used to remove the backscatter noise

Multi-beam sonar images are generally noisy and need to be is a 7x7 Gaussian filter which yields results almost as
filtered. The noise is mainly due to backscatter from either the  good as the median filter even on noisy images but at a
sea surface or the sea bottom. Two kinds of segmentation proce- reduced computational cost [14].
dures can be envisaged: 1) stillimage segmentation, where eack Threshold: A single, fixed threshold, generally gives re-
image is segmented independently and 2) image flow segmen- sults which are highly dependent on the background level.
tation, where the images are segmented taking into account the We have used an adaptive thresholding technique based
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on the image histogram which is independent of the actual
signal level. The idea is to estimate the noise probability
density function assuming that the histogram of the image
is a good estimate of it (thus assuming that new objects
to be detected are small in the image). It must be noted
that the calculation of the histogram is done on the orig-
inal image and not the filtered image.

The predicted locations of previously identified objects are re-
moved from histogram calculation. A false alarm rate (FAR) is . , .

. . . . . . . Fig. 3. Example of application of the double threshold algorithm to a simple
then fixed and used in conjunction with the histogram to derivigy ¢rve. The regions selected by the algorithm are in grey.
the threshold value. If an object is part of the image on which the
histogram has been derived, it contributes, most probably, to the o )
higher part of the histogram and will be selected even with a higéas above it which are connected to the regions selected by the
false alarmrate, while mostofthe noise will be rejected. The noigigher threshold by a continuous chain of pixels above the lower
that should be tolerated corresponds to backscatter returns wiidigshold. Eight or four-connectivity can be used to define the
are atthe same level as the objects presentin theimage. Remotiighborhood of a pixel. We have used eight-connectivity. Fig. 3
this kind of noise would also remove the objects or part of ther@ives a simple example of this procedure.

Special cases where the images are mainly composed of obI'he first interest of this algorithm is to discard middle value
stacles (with high returns) or with a lot of backscatter noigeeaks, not connected to high returns and generally due to noise,
from the seabed can easily be detected as they show a high vafiich would be kept by a simple thresholding technique. This
ance. The process can then be adapted to these special c&@elithm also keeps relatively low intensity pixels connected
This technique runs in real time (Sparc Ultra-10 with code i#® high returns which correspond to less reflective parts of an
Matlab 5.2) and represents a compromise between real adapabiect. An example of segmentation is shown in Fig. 4. The
filtering, where the threshold value is derivimtally with re- results shown take into account objects which have been tracked
spect to the surrounding pixels and fixed thresholding. for a few frames.

This scheme is used on a subsampled image to quickly detecthe second layer segmentation algorithm runs in 0.1 s on
potential obstacles in the scene while the second layer segmeataUltra-5 Workstation including the Gaussian filtering, while
tion uses more elaborate techniques on selected parts of the scégefirst layer algorithms runs in 0.3 second under MATLAB

5.2. The gain in speed for the second layer (while performing a
C. Second Layer Segmentation more complex operation) is due to the smaller amount of data

The second layer takes advantage of the tracking module (gé%ce_ssed using the areas of interest. A real-time version of the
ode is under development.

Section Ill) which tracks objects from frame to frame and prec-

dicts their dynamic characteristics (including their next loca-

tion) with respect to the vehicle. lll. FEATURE EXTRACTION AND TRACKING
The process can be decomposed in two distinct parts: 1) ge-Feature Extraction

lection of the areas of interest in the image and 2) segmentatio

of these regions. clesinthe image are labeled using a standard labeling algorithm,

1 Selectl_on of the_ Are_as of In'geresT:he tracklng is based and the features for each obstacle are extracted. These features
on Kalman filters. A filter is associated to each object detect%ge,

in the scene. Let's callO; } the set of objects currently present
in the scene. This set can be decomposed in two subsets P° ,
{NewO;} and {TrackO;} which, respectively, represent troid of the Obj,eCt),; .

the objects which just appeared on the scene and the objects area of the object n plx_els;_

tracked from previous frames. For each objedtewO; }, an * perimeter of the object in pixels.

area of interest is set which matches exactly the labeled object ,

resulting from the first layer segmentation. For each objeBt 17acking

in {T'rackO;}, an area of interest is set which matches the Tracking in forward-looking sonar images has often been
previously tracked object and is positioned using the Kalmaackled using pixel-based techniques such as optical flow
filter prediction. The size of the area of interest is increased bgsociated to tracking trees or multiple hypothesis tracking [9],
the uncertainty measures on the position and area of the trackes]. These techniques, combined with a segmentation of the
object given by the Kalman filter associated with the objecscene perform well when the noise level is small but they often
Once the areas of interest have been set, they can be segmentggiire knowledge of the vehicle movement.

2) Segmentation:The segmentation algorithmis againbased We have based our algorithm on a combination of segmenta-
on the histogram of the original image, previously computed, ton and feature extraction. This technique does not require the
set the thresholds. The image is filtered in the areas of interkabwledge of the vehicle motion.
using a & 7 Gaussian filter and a double threshold is applied. The The extracted features are the basis of the tracking algorithm.
first (higher) threshold selects the parts of the image that is to Bee tracker has two main functions: 1) to reduce the computa-
taken into account while the second threshold (lower) selects timal cost of the segmentation; 2) to extract the dynamic char-

High Threshold

- Selected region

Low Threshold

™Bnce segmented, the different regions representing the obsta-

position in the image (the position is calculated as the cen-
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Fig. 4. Segmentation of multi-beam high-resolution sonar images using a Gaussian filter and a double threshold algorithm. Scans were obtaided from F
multi-beam sonar (Courtesy of FAU). The range of the sonar was 40 m, the operating frequency 600 kiHanthelabels on the image corresponds to the
pixels of the image.

acteristics of the objects for the path planning. We have chosenes a model of the vehicle dynamics can be easily included
to use Kalman filters as the core element of our tracking scheme. using an extended Kalman filter;
As mentioned earlier, the noisy nature of sonar images strongly « fusion from different sensors can be performed in a very
limits the range of tracking techniques that can be used. For in- natural way.
stance, pixel based techniques such as correlation or optical flow) Kalman Filter Design: When implementing a Kalman
are very computationally expensive and can yield poor resultsfifer, there is always a choice to make between the complexity
very noisy environment. The Kalman filter is a good candidatsf the model and the number of states of the filter on the one
since: hand, and the computational cost associated with a given model
« itis a fast algorithm when the state vector is small; on the other hand. Moreover, the denser the data flow, the sim-
« it gives the uncertainty on the estimated parameters. Tluker the model can be, and the sparser the data flow, the more
is extremely useful for path planning purposes as the uaecurate the model must be. Multi-beam sonars provide a high
certainty measure can be included in the obstacle avofdame rate of sonar images (typically between 4—30 frames/s). A
ance module to increase the safety of the system; simple model can therefore be used. In our tracking algorithm,
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a Kalman filter is associated to each object and we track the ob-+ update estimate
jects with respect to the vehicle. The Kalman filter used has the

following characteristics: the state vectdr, is composed of the X5 = X; + K, (Zk — HX,;) (7
position inz andy coordinates, the areeof the object and their
associated first and second derivatives « update the covariance matrix

X=[z & % y ¢ % a a a] . (1) Po=(I - K.H)P, ®)

This model handles piecewise linear motions. If the frame rate
is high enough, one can expect to cope with almost any smooth
general motion interpolated as a succession of piecewise linear N N
motions. X1 = MXa ©)
Note that we could have designed a single Kalman filter in-
tegrating all the objects to take into account the correlation be-
tween them. However, the Kalman filter complexity isiin?)

« get the prediction

« estimate the predicted covariance matrix

wheren is the number of states. This would have lead to very P, =MPM"+Q (10)
computationally expensive tracking.
The state model is given by If we assume the position in andy and the area to be in-
dependent, then the Kalman filter can be split into three smaller
X1 = MXy + Wy (2) filters, one for each variable, ¥ anda, resulting in faster pro-

cessing. However, keeping variables together allows to take into

while the measurement model is given by account the interdependency of the parameters via the covari-
ance matrixP.. We have used the larger filter version.

Zr = HX) + Vi ©) 2) Data Association:In order to track objects in a sequence

h h d d vel of images, the first step to perform once the Kalman filters are
where the random processds andV represents respectively oo 410 and initialized is to associate new observations (objects)

the process and the measurement noises which are assumeg ifije ¢ rrent image with previously identified objects. This is
dgpgnd(_ent (of each other), Wh't‘_a’ and W|th'normal probabiliy, v, as thelata association phas#ulti-target tracking is a
dIStI'IbIL!tlonS. of Iresl,'pectlve covlarlﬁnce ?atrlc@g:de. Our gificult problem and has been extensively studied in the past
model is a simple linear model where the mat#ican be ex- [16]. A compromise must be found between performance and

pressed as computing time as our system has to run in real time. We have
1At LA 0 0 0 0 0 0 - therefore deC|ded. to use a nearest neighbor algorlthm. .The al-
0 1 At O 0 0 0 0 0 gorithm uses pqsmon and area to perform the as§OC|at|on and
has been modified to handle the merge of two objects and the
00 1 0 0 0 0 0 split of one object into two distinct objects. This scenario is very
0 0 0 1 At A 0 0 0 likely to occur as the segmentation process is automatic and the
M=1]0 0 0 0 1 At 0 0 0 intensity of the returns highly variable in sonar images.
0 0 0 0 0 1 0 0 0 The data association algorithm has the following structure.
0 O 0 0 0 0 1 At % A2 1) Calculate the distances between all the observations and
0 0 0 0 0 0 0 1 At the predicted positions of the tracked objects.
0 0 0 0 0 0 0 0 1 2) For each tracked object, select the observations that:

('4) « Either falls within the validation gate of the Kalman
filter for position inz andy. The validation gate is
defined as the uncertainty on a state of the Kalman
filter given by the covariance matrix of the filter.
* Or intersect with the tracked object.
10000 0O0O0O 3) For all the selected observations, verify if the areas are
H=]0 0 01 0 0 0 0 0]. (5) compatible.
0 0000O0O0O1O0TO0 4) Prune the selected observations as follows.
« If a single observation falls within the validation

while the observation is directly the position and area of the
object giving:

The initialization of R and@ are standard and can be found in gate of the tracked object and its area is compatible,
[16]. The initialization of P, is also a critical factor as it drives keep it and discard the others.
the data association. Itis initialized at a high value to avoid data « |f two or more observations fall in the validation
association problems. gate of the tracked object and are compatible in area,
The Kalman recursion is then applied as usual to: take the closest one in terms of position.
» cCompute the gain (blending factor) as « If no observation falls in the validation gate matches

. the area of the tracked object, there might be a split
K = P,:HT (HP,:HT + R) (6) or a merge. Try to aggregate observations to have
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a compatible resulting area. In case of failure, takaf the inertial sensor value. In order to minimize this effect we
the closest observation. have linearly interpolated the INS readings when they were not

» There is no observation in the validation gate advailable for a given image.
the tracked object. An error in position estimation Table | shows the estimated values of the heading difference
might have occurred. Select the observations thedmpared to the values given by the inertial sensors for different
are intersecting with the tracked object. If they ar&lames. The trajectory of the best tracked object (visual assess-
not a best choice for another tracked object, coment) was used to compute the estimated headings. For instance,
sider them, and repeat the merge and split test fag objects too close to the sonar head (less than 10 meters), near
previously described. field effects corrupts the results.

3) Tracking Update: Once the data association has been ap- These results seems to indicate a good match between our
plied, we can update the tracking. Three cases are then possigféimation, based on image processing alone and the inertial
« There is a new observation matching the predicted poSENSOr measures of the vehicle. The tracker could therefore be
tion. The Kalman filter recursion is applied, a new stati%Sed as a secondary navigation sensor which offers the fol-

vector derived and new internal values computed. lowing advantages over classical inertial sensors.

» No new observation matches the prediction. The obstacle * It has a high frame rate.
prediction is updated using the Kalmanfilterinternal values © It can take into account currents as it tracks objects in the
which are not updated. If no match is found between the  seabed.

observations and a given tracked object on a predefingfe application of these results to navigation are beyond the
number of frames, the tracked object is discarded as a fatg®pe of this paper although preliminary encouraging results

alarm. have been obtained. We are planning to investigate this issue
» An observation is not associated with any tracked objectjiamore details in the near future.

new object is created and its corresponding Kalman filter
initialized.
) IV. W ORKSPACEREPRESENTATION ANDPATH PLANNING
C. Tracking Results

This scheme has been successfully used with real sonar dalt[ htf]gh(;'t(;]e ?;;Y;’r?rl;zg?ﬁ? Leepaiseznﬁgz? ';ﬂt'g’:ﬁ:z Ilglrec()j_
provided by FAU. The sonar used was the FAU muIti—beari hms agsum%acongex re r?asentatio'n ofthg obs?acles tg engsure
sonar [11]. The data was acquired using Ocean Explorer P

tonomous Underwater Vehicle (AUV) moving at around 1 kno H-at the goal will be reached. When dealing with a changing en-
"rrﬁ)_nment which is sensed on the fly, it is advisable to use a

The range of the sonar was set to 40 meters. The data was sam . : 4
reactive path planning technique which does not need a com-

pled at 9 frames/s but processed at 3 frames/s. Hence real-tlﬁ% o i,
was not achieved for the tracking. However, an optimized implg-e € description of the workspac;e between the current position

. . . : d the goal. The reasons for this are as follows.
mentation of the algorithm would allow real-time processing & 9
9 frames/s. Fig. 5 shows the estimated trajectory of the tracked® Only partial information is available (due to the limitations
objects with respect to the vehicle on a sequence of 300 frames ©f the sensor).
with a 9-frames/s frame rate. Images where subsampled by a* New obstacles can appear in the workspace at any time.
factor of 2, in bothz andy, to speed up the procedure. The re- * The precision in the representation of the obstacles will
sulting images had a resolution of 550400 pixels. The latest change with their respective distance to the vehicle.
estimate speed vector is also displayed on the figure. Fig. 5 c@lobal path planning techniques need a complete description of
tains four examples of the tracking at different stages. The imag@ workspace as they define the complete path from the starting
number (on the figure) indicates what image of the sequencesint of the vehicle to the goal, generally using visibility graphs
considered. (see [12] for a review on the subject) while local path plan-

The position and heading given by the inertial navigationing only defines a partial path toward the goal given a pos-
system are available, enabling benchmarking our results. Thesibly incomplete representation of the neighboring workspace
ertial sensors cannot take currents into account leading to ung&—-[19]. Global path planning is not advisable here as the en-
tainties in the position while the heading remains accurate. \Weonment is sensed while moving and therefore the workspace
have used the heading values as a benchmark for our tracking continuously changing and only patrtially known.

Assuming the objects are still, the tracking in fact detects theWe have chosen to use a local path planning technique based
motion of the vehicle with respect to the seabed. Estimating tba some of our previous work [7], [8] where only the next step of
rotation of the objects between frames in the image yields #ve path leading toward the goal is calculated. The central idea
estimation of the vehicle rotation in the world reference framef the method is to represent the free space of the workspace
Therefore, we can compare the readings of the INS heading dif a set of inequality constraints of a nonlinear programming
ference between two frames and the corresponding estimapedblem. The goal point is designed as a unique global min-
heading difference using the tracking. imum of the objective function. The initial configuration of the

The inertial sensors refresh rate is about 1 s while our estehicle is treated as the starting point of the nonlinear search.
mation is given at 9 frames/s. Therefore, differences betwe€SG is used to represent the free space of the robot as a set of
the two measures can also be due to the latency in the refresqualities.
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Fig. 5. Example of tracking results on a 300 images sequence of multi-beam sonar images. The tracked trajectory is denoted as a yellow line tehité# the cen
the object is denoted as a red cross and the estimated speed vector as a green arrow.
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TABLE | approximates the intersection ef objects whose respective
COMPARISON OF THEHEADING ESTIMATES USING THE TRACKER AND THE defining functions argcl f2 f while
READINGS OF THEINERTIAL SENSORS ON THEVEHICLE. THE LEFT COLUMN R vIn

CORRESPONDS TO THENTERPOLATED READINGS OF THEINERTIAL SENSORS U _ —m —m oy (—1)/m
TO TAKE INTO ACCOUNT THE LOWER REFRESHRATE f - (fl + f2 +-o fn ) (17)
Frame Eetimated | Inertial Inertial approximates the union of the same objestsis any positive
' _ . i . ' real numbermn can be used to control the accuracy of the smooth
Numbers | differential | differential differential approximation and can be used to obtain convex unions and in-

Heading Heading | Heading (interp.) tersections.

1048 - 1148 73.5° 759 73.2¢ Here, for the sake of simplicity and without loss of generality,

1008 - 1148 | 36.17° 35.08° 35.08° we have decided to represent the obstacles as ellipses. More gen-

eral representation are possible, including polygonal ones [8].
From the real obstacles contours, their convex hull is extracted
A. Workspace Representation Using CSG from the pixel-based representation of the objects and an optimal
elliptic fitting algorithm is applied to obtain the representation

In the following section, we operate in the configuratior iven obstacle. Multi-beam sonars generally have between
space of the vehicle. It means that in this space,whichintegragélsag o generally
0 240 receiving beams whose aperture is in the rang®,[0.5

. . . . t
both the kinematics and the link geometry of the vehicle, trb%] horizontally and [15, 30°] vertically. The FAU sonar has

vehicle can be represented as a point. . . ; ;
: P P - 120 beams with a®lhorizontal beam-width and a 3@ertical
The choice of CSG to represent obstacles is driven by the fac . S . S .
. . eam-width. The 2-D resulting image is a projection of a 3-D in-
that classical surfaces such as spheres, cylinders, and half-spaces. .
o . ; sonitied region. The detected obstacles could therefore be above
are CSG primitives that can be very easily combined.

Each obstacle in the workspace is given a mathematical rep%—below the vehicle vertical position. This problem can be ad-

sentation. LetS be the 2-D or three—dimensional (3-D) surfacg ressed by adapting the vertical beam-width to the typical oper-
of an Euclidean spack representing the obstacle, and let’s de"iltlng d_|stan_ce of the vehicle to the seabed in order to take o_nIy
note its interior points by, its boundary points by3 and its the objects in the water column into accou_nt. _Bottom_ det_ectlpn
exterior points byT" in a topological sense can also be performed and used to determine if an object is Iy.|ng
on the seabed or not. Finally, the shadow created by an object
IUBUT=FE can be detected and processed to extract its 3-D characteristics.
INB=BNT=INT =0. (11) These techniques are widely used in side-scan sonar image pro-
cessing but very little has been done in this field concerning for-
The nonnegative functiofion £ is called a defining function ward-looking sonar images. This issue in itself is a wide subject

(in the CSG sense) of the obstadef for future research and falls beyond the scope of this paper.
Vpel, 0<flp) <1 B. Path Planning Algorithm with Static Objects
VpeD, fp=1 In this case we assume all the objects are static objects in

the world reference frame. All obstaclés (i € [1, n]) of the
vpel, f(p) > 1. (12) workspace are defined as ellipses whose defining functipns

As an example, the defining function of an ellipse wiigr-  in @ 2-D Euclidean space are defined in equation (13). The free
R2 is space of the vehicle with respect to obsta@lds defined as

VpeR?, (o) =(a/a)+ /b (13 P e E1-gip) <O} (18)
Therefore the complete free space of the vehicle can be repre-

wherea andb are the half-axes of the ellipse apnds the point sented as

of coordinategz, ¥) in the plan.
One of the major interests of CSG lies in the fact that complex {peE|Vie[l,n], 1-g(p) <0} (19)

objects can easily be constructed from simple canonical objeEtst define the obiective funci tina th
using the union and intersection operations etus now define the objective functigimepresenting the prac-

tical problem to be solved, in our case, the minimum distance
VpeE, fL(p) = max(f1(p), fo(p), .- -» fn(D)) from the start to the goal point in the configuration space as
(14) _ T
defines the intersection ef objects whose respective defining VpeE, F) = =ps) (P —py) (20)
functions aref, f2, ..., f. while wherep,, designs the goal point addis the transpose operation.
5 . We now have completely defined our path planning problem
vpeE,  fU(p) = wmin(Alp). fo(p), . Fulp) Pietey pafh piEnning P

(15) Optimize f under the constrainig, i € [1, n].
defines the union of the same objects. These functions are diffi-

cult to obtain in practice and are replaced by the following agis iS & classical problem in optimization. As in the general
proximation: case the defining functions are nonlinear, we use well-proven

numerical nonlinear programming techniques to solve the path
ff=Ur+fa++ f;"’)l/m (16) planning problem. This approach generates very smooth paths
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can lead to very suboptimal paths when the robot is pushed away
from its trajectory by a moving object. The best way to take into
account moving objects is to go from a 2-D workspace to a 3-D
workspace, the third dimension being time [20], [21].

The workspace representation of the objects presented in the
previous sections does not take into account their dynamic prop-
erties which were extracted by the tracker. It is straightforward
to include these properties in the description of the objects using
CSG. The parameterdescribing the position of the robot in the
configuration space will include time as a new variable and the
defining function will also depend on time.

As an example, the defining function of an ellipse (obstacle)
in £ = R will be

VpeR®  fp) = (=(t)/a()* + wt)/b(t))*  (21)

wherea andb are the half-axes of the ellipse ands the point
of coordinates, v, t) in R3.

The workspace should represent the objects in a world ref-
erence frame and only objects which are moving in this frame
(and not with respect to the vehiglshould be considered as
moving objects. If the motion of the vehicle is not known, one
can assume the mean motion of the objects (with respect to the
vehicle) as the estimated vehicle motion.

The path planning problem can then be reformulated. All the
equations derived for the static case are still valid. The only
difference is that nowp not only is a function of the position
of the robot in the configuration space but also a function of the
time¢. This is equivalent to saying that the configuration space
has one more dimension.

Fig.6. Example ofgenerated path onasimulated workspace. The Starting poinfyo\yever, time is a variable which has special properties. For
is the bottom left corner while the goal point is the top right corner. The vehicle . . L. . .
speed is limited to 5 m/s. The simulated sonar's field of view is defined by tiBStance it must be strictly positive and it must always increase.
circle. The objects in the field of view and currently used for the path planninghese constraints have to be added in the list of constraints in the
process are denoted with crossessfgn) while the ones that will be used in the g nlinear optimization. The other implication of this reformu-
next iteration of the path planning algorithm are denoted with squares. lation i . . L

ation is that the goal is now defined in time as well. However,

itis impossible to knova priori when the vehicle will reach the
compatible with feasible vehicle motion. The effect of each cogoal as the path is unknown. The best way to tackle this problem
straint can be clearly seen while it is often hidden in a single ols-to assume that the vehicle will reach the goal in a straight line
jective function in other optimization technigues such as pote{no obstacles) at its maximum speed and to state the goal in time
tial fields where the careless definition of the potential functioraccording to this assumption. Then, at each iteration of the path
can easily lead to local minima. Finally, the CSG modeling gflanning algorithm, the new time to goal is computed and a new
the obstacles offers a lot of flexibility in the representation ajoal is set. Its physical position remains unchanged but the time
the workspace. An example of a generated path on a simulatédirrival of the vehicle to the goal is changed according to the
virtual workspace containing ellipses of random size and pogiath followed by the vehicle. This technique ensures a feasible
tion is given in Fig. 6. Some limitations of the vehicle such asolution at each iteration.
maximum speed or maximum rotation can also be taken intoThis time varying representation of the workspace can easily
account using additional nonlinear constraints. In this simulitegrate the tracking information extracted from the objects to
tion, the vehicle speed has been limited to 5 m/s. This is addgéld a more reliable path planning algorithm. The results ob-
as a new constraint. Other vehicles’ dynamic limitations can b&ined using this scheme on real-sonar data are shown in the
added if they can be stated as nonlinear constraints. next section.

C. Path Planning Algorithm with Moving Objects V. PATH PLANNING RESULTS

Dealing with moving objects is a natural and desirable prop- We have tested the combination of the segmentation, the fea-
erty of any obstacle avoidance system. Most systems use a stiatie extraction, the tracking and the path planning modules on
representation of the objects which if updated at a high frameal sequences of sonar data. In order to test the algorithm,
rate allows to take the movement of the obstacles into account used sequences provided by FAU taken from the forward
However, this approach has several limitations. First, the objetisking sonar mounted on the front of the Ocean Explorer AUV.
can never be found at their real position during the planning As we cannot close the loop to control the vehicle movement,
process (between two updates of the workspace) and secondigithave simulated the movement of a “blind” ROV, driven ac-
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Fig. 7. (a) Example of path planning on a sequence of real images with the elliptic representation of the objects. (b) Same example with the sege®nted im
The blue cross represents the goal. The objects are represented as red ellipses and the trajectory is depicted as a dashed green line. Trackithg Isaereds

as the ones used previously.

cording to the data received from the sonar. This does not alsgon we should expect a moving vehicle in a mostly still environ-
the validity of the approach. The path planning is performed ment (mostly still features and maybe a few moving objects).
the vehicle reference frame and not in the real world referenceAn animated MPEG version of the results displayed in
frame to simulate moving objects. This is equivalent to havingrag. 7 can be found on our Web page at: http://www.cee.hw.
still sonar looking at a moving environment while in the real misac.uk/~aramis/resources/.
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The goal is set so that the generated path crosses the path ¢f]
the moving obstacles. On Fig. 7, the left image is the original
image while the right image is the segmented image showing
the identified obstacles. On the segmented images, the obstacles
contour are displayed. The planned path is also drawn on botH]
sequences of images.

In order to achieve faster processing time, the original im- [6]
ages (120@ 700 pixels) were subsampled by a factor of 2 in
both directions. Using Matlab 5.2 on a Sun Ultra-10, the whole [7]
process (segmentation, workspace representation and path plan-
ning) takes 3 s/frame. Considering a frame rate of a few imagegg;
per second and using optimized code, a real-time system is cer-
tainly achievable using the framework presented here. [9]

VI. CONCLUSION [10]

We have presented here a general framework for performing
2-D obstacle avoidance and path planning for underwater vehjz ;
cles based on a multi-beam forward looking sonar sensor. This
scheme has been shown to be expendable to moving obstacles,

The ability of the system has been demonstrated on real sonzr
data. The sequence used corresponds to a real trial, and th8]
ability of the system to perform obstacle avoidance is demon-
strated. Compared to other methods, our system generates very]
smooth paths, can handle complex and changing workspaces
and presents no local minima as we use a convex representa-
tion for the obstacles.

This system can also be used for motion estimation using the®!
tracking module and some applications such as sonar servoing,
simultaneous localization and mapping can be handle withifl7]
this framework.

[18]

VII. FUTURE WORK [19]

We are currently building a small ROV (http://www.cee.hw. [20]
ac.uk/kelvin/rauver_index.html) which will integrate an ob-
stacle avoidance module in closed loop to test the validity of21]
our approach during see trials. We will investigate the possible
application of the tracking module to motion estimation and
vehicle localization. Applications to sonar servoing and auto-
matic docking will also be studied.
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