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Abstract: This paper outlines a technique used for detecting and tracking pipes ibeauaiti
echo-sounder data. Pipes are detected using a model of their geometry tatgemar
distribution of their possible positions. A particle filter is usedréxk the position of the
pipe in the scan by observing the detections. This technique can be applipd inspectior
using AUVs and tracking laid pipes in real-time as other pipes are beidgriahe same
area.
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1. INTRODUCTION

The offshore industry regularly inspects thousands of kilometres of waiger pipes.
With the advent of Autonomous Underwater Vehicles (AUVs) a nevergdéion of automatic
pipe detection and tracking technologies are required in order to aattmgiipe inspection
process. This paper introduces a novel technique that can be usedricAallf anspection
task or to aid operators. This technique automatically tracks pigiag multibeam echn
sounder data during inspection and pipe laying tasks. The outcome iscamatcally
produced distribution of the possible pipe positions along a swath, as shee&otion 2.
Then, an adapted patrticle filter is used to track the most Ipiply position in the sequence



of swaths, as shown in section 3. Results with three differenh sggtiences, obtained using
two different types of sonars, demonstrate the validity of the systenpwaa ghsection 4.
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Fig.1: System overview.

2. DETECTION OF PIPES

This paper uses the model in [1] to detect the pipes in a multileedo-sounder scan.
That model has the following g@tof parameters:

« Centre of Pipe[CX,Cy]

* Depth of Pipe:D
» Burial Depth of PipeB
« Major and Minor axis of Pipe Cross Sectight,, M|

A pipe cross section is created using two consecutive points akddiva dimensions of
the pipe {Ma, Mi]).The rest of the parameters from the Gatan be extracted once the cross
section of the pipe is drawn on the scan. Circles are createsidor two consecutive poinis
in the scan. Thus, the number of circldg created for each scanNg = N -1, where the

number of pings per scanig .
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Fig.1: Sample scan with most likely pipe position superimposed.

The system works out a likelihood figure for each possible pipe sext®n created
using the model. The likelihood figure is:

L(©)=L(e)+L,(0) @)



Where L, (©) is the likelihood term that tests how close the model is to thenedzs data.
This term is calculated using the sum of squared differdret@geen the data and the ellip:se.
The second teran(O) tests whether the pipe sits proud on the seabed and measures the
distance between the centre coordinates of the model and theséadkdor returns. Th2
system has been tuned with a constant weiglhiz@h). Re-sampling of the data is requirzd
as the data sampling rate is not constant. Fig. 2 below shoavsp&esoutput(@) obtained
by processing the scan shown in Fig. 1.
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Fig.2: Sample likelihood plot for scan in Fig. 1.

3. TRACKING THE PIPES

The proposed system does not use the common Kalman filter sol@fjobuf it uses
instead an adapted particle filter to track the pipes. Thedezy of the particle filter is to
represent the posterior density by a set of random samplesasattiated weights and to
compute estimated states using these samples and weights. Asinteer of samples
becomes very large, this Monte-Carlo characterisation becomeguaralent representaticn
to the usual functional description of the posterior.

Let {xL,a}K}i'ildenote a set of samples at tikthat characterises the poster;inﬁxk | zrk),
whereN is the number of random sampiesveighted byd . These weights are normalisd
such thaEcJK =1. Then, the probability density function can beragpnated as

p(Xk | Zi'k) = 2@5(&( - XL) 2)

Or a discrete weighted approximation to the trustgmor whose convergence speec is
independent on the dimensionxpf In this paper the dimension of is simply one. The:

state represents the across track position invlaghs

3.1. Prediction step:



Particles are sampled from a functqiﬂl xo:k_l,ztk), called “importance density”. This
sampling propagates each particle using approptiaesition and observation models.
If q(0) X041 Z, ) = 9(0 %, ;. z )then the importance density only depends on theiqus
particlex,_,and on the current measuremgnt

Oi=1..,N x ~q@x.,.2) 3)

3.2. Update step:

The filter shown in this paper uses the likelih@odn produced in the previous sectiori to
weight the particles. In this step, unlike normailtizle filters [3], the weightsa are
assigned to each particle given their positiorhagcan and their previous weight. Then

o 0,1 (0) )

Where L, (©) is the likelihood at time stefp for particle .

3.3. Peak extraction:

When all random samples are generated, the stiteel can be estimated as
X = aX (5)
i=1

34. Thedegeneracy problem

A very common problem with the particle filter iset degeneracy phenomenon, where
after several iterations all but a few particleseéhaegligible weights. It implies that a lariye
computational effort is devoted to updating pagscivhose contribution to the approximation
of p(x, | z, )is almost zero. A method by which these effects lva reduced is to resample

whenever a significant degeneracy is observed.bBise idea is to eliminate particles which
have small weights and to focus on significantipkes. The resampling step creates a new

set{ili}zl by resamplindN times with replacement so that all the weightsraset td/ N .

Nevertheless, applying this resampling step sydieaily is in fact a loss of information
because relevant particles are copied many timede wihe number of particlesis
maintained constant. Thus it is important to keemes “noise” in the system by generating
some ratd of new random samples as done in the initializastep. The authors have
chosen the well known Sampling Importance Resag#iR) strategy [4] to resample the
particles at every update of the particle filter.



4. RESULTS

This section provides results for the detection &adking algorithms working on three
different pipe sequences.

41. AUTOTRACKER Results

The first data set was obtained during the recernbtacker trials by Subsea 7’'s GeoSub
AUV. The data was obtained with a Simrad EM2000 tinebm echo-sounder. The
Autotracker trials tracked a 0.9 m diameter piplee @etector matched the actual positior of
the pipe with the most likely pipe position in ov&% of scans with the accuracy set by the
sensor’s resolution, an example scan is Fig.1. fféeking algorithm was able to use the
outputs from the detector to successfully track ghpee and accurately estimate its posit on
through the whole sequence of scans.

4.2. RESON Sonar Results

The detection was also tested with data obtainedy@sRESON multibeam echo-sounder.
The algorithm was used in two sequences. In tls¢ $equence the data showed a pipe as
laid. In the second sequence the data showed aatempe section. The algorithm for the as
laid pipe correctly detected the most likely pipssition in over 75% of scans; Fig.3 is an
example scan showing a correct detection in th& fiequence. The algorithm for t1e
concrete pipe section correctly detected the mbslyl pipe position over 90% of the timea;
Fig. 4 is an example scan showing the correct tdetem the second sequence. The tracking
algorithm was able to use the outputs from thealeteto successfully track the pipe and
accurately estimate its position through the wisalguence of scans.
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Fig.3: Sample scan with most likely pipe positiaperimposed (Reson sonar as laid
example).

5. CONCLUSIONS

This paper has shown a novel algorithm capablecotirately detecting and trackirig
proud pipes on the seabed using the data from &b@ain echo sounder. The system 1as



been tested with three different data sets obtairségy SIMRAD 2000 and RESON 8125
sonars. The authors plan to extend the trackimer fin order to simultaneously track up to
five pipes in a single scan. The PHD filter will bged to fulfil this purpose [5].
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Fig.4: Sample scan with most likely pipe positioperimposed (Reson sonar concret:2
section example).
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