An Augmented Reality Solution for Evaluating
Underwater Sonar MCM Systems

Yvan Petillot, Scott ReeY Enrique Coiras

! Heriot-Watt University, Ocean Systems Laboratory, Edinburgh, Scotland, UK
Z SeeByte Ltd, Edinburgh, Scotland, UK

Abstract

SeeByte’s SeeTrack Military provides a situation awarend&3\) solution that
helps EOD personnel get a single picture of their battlespapedsessing data
across all asset3his paper presents a novel framework for evaluating Mine
Detection and Classification models that is used as a plughimvwBeeTrack. An
augmented reality approach is presented using a mine simulatoscsiad
renderer model to place ground truthed mine objects into real sater Al
seafloor classification module is used in conjunction to classifguhneey region
into areas according to mine huntability. These 2 modules combired thk
evaluation of ATR algorithms in a large variety of scenarios.omFithe
evaluation, MCM missions may be planned to maximize the probabflitgine
clearance. ‘What-if' scenarios (increasing sonar resolutioterirad AUV
trajectory) may also be considered using the presented evalt@bloand the
results used to impact future MCM operations. The entire system is presented and
results demonstrated on 2 REMUS AUV data sets containing daywafiseafloor
types.

1. Introduction

With the advent of Autonomous Underwater Vehicles (AUV), new mineiryint
concepts of operations using very high resolution side scan sonarappeared

[1]. Because these platforms are autonomous, it is critical welafe embedded
automatic target recognition (ATR) to enable on-board decision making,
collaborative behaviors between heterogeneous platforms and serecsidd,
identification) and ultimately true autonomy with on-board re-planning
capabilities. In the context of Mine and Counter Measures (MCM),ATR
performances of such platforms in a largely unknown and unstructured
environment is critical. So far, they have been partiallydesdid by various
military organizations (NATO Undersea Research Centre, US/YWAUS
Marines) and their operational capability in mine hunting demonstiateal



number of real experiments [1]. However, they have not yet been fully
characterized and their performances have not been systelpatsiablished.
This is a critical part of any ATR system evaluation &ad proven notoriously
difficult in other fields such as Synthetic Aperture Radar.

In order to design and evaluate sonar platforms, several sysidnmscene
parameters need to be determined. AUVs are currently equipghdhwgh
resolution side scan sonar. The resolution of these systemstasedidy the
frequency they operate at and the length of their aperture. Lowsgstems,
prevalent at the moment, operate at frequencies ranging frori88ID KHz
(good across track resolution-5cm) and a relatively small ante25:&0cm).
They therefore have a comparatively poorer along track resolutic20(@).
The dynamic range of those system is also limited (6-12 ro#&jng echo based
detection difficult. Synthetic Aperture technology can improve aldragk
resolution without the need for large antennas. Shadows are moreddéfam
echoes and currently used for target classification. The disctionnfor such
systems is therefore very dependent on the precision of the shaduay wihiéch

is determined by the along and across track resolution and thegeasmle. The

shadow is the intersection of the projection of a 3D object with ¢adosr

surface and therefore also depends on the background on which theliebject

The type of seabed and more critically the 3D variation of tHeesleaith respect

to object height will determine how well the shadows can be dkflfieally, at a

given resolution, it might not be possible to distinguish betweenasgdts and

mine like objects (MILOCS). The following parameters aerdfore of interest
when studying evaluating target detection and classification algorithms

1) Sonar along track resolution, determined by the sonar aperture. 8ynthe
Aperture technology can improve along track resolution without ted for
large antennas.

2) Sonar across track resolution: this is determined by the opefiamgency of
the sonar. Higher frequencies will improve resolution at the expeEnmsage.
Optimum parameters should be chosen depending on the mission andl be par
of the planning tool.

3) Seabed type: The interaction between the seabed and the taflgdepend
on the seabed type and bathymetry (marine growth, rocky strsicand the
amount of perturbations they will provoke on the target echo and shadow.

This paper presents a methodology to quantitatively validate eteand
Classification algorithms and concepts of operations for minertguirti realistic
environments.  We propose here to use augmented reality to corhieine t
advantages of using simulated and real data. Using real dasdayvelose to the
real sensor. A new simulation approach to simulate very realiatgets is



presented, enabling ground-truth results to evaluate the ATR (cameute
human) performances in various scenarios. The proposed solution can e seen
Figure 1 and is described fully in [2].
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Figure 1 contains the proposed augmented reality kdion for evaluating sonar MCM
systems.

The idea behind the proposed framework is to evaluatgstmrather than its
components. Therefore we start from the data produced by aupartsystem.
The sonar data is used by the sonar inversion module to extrastiraate of the
bathymetry (Z map) and reflectivity (R map) of the area aedoeam pattern (
map) of the sonar. The simulation model locally modifies the Z anuaR
estimates to introduce simulated targets in the real imagg tis¢ targets CAD
model and their associated reflectivity maps. A Lambertian msdelsumed for
the targets. The output is a ground-truth simulated minefield. Ay system
can then be used to determine the number of detection and false pdasest in
the image and therefore evaluated on realistic data. In pathéebriginal sonar
images are classified into seabed classes and geo-refetenpeztiuce a class
map of the area covered by the sensor. Each detected targeth&#oATR is
correlated with the class map to produce PD/PFA curves for each seabed type.



The different components of the planning and evaluation tool are desbéloyd
in separate sections. .

2. The Sonar Inversion Process

The sonar inversion process recovers the main parameters inwoltleel sonar
image formation process for the system being evaluated [3].eTlaes

bathymetry, reflectivity and sonar parameters. The sonamgdees are here
reduced to the beam pattern. The navigation effects, such as pitctolaare

ignored.

The method has been evaluated on a number of systems and produced very
encouraging results on varied datasets. An example of solution exbtaging
Marine Sonics data is shown in Figure 2. Full details of thisnigce can be

found in [3]
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Figure 2 contains an example of the inversion on REUS Data (BPO02 trials).

3. Simulating mine fields via augmented reality

Once the Z,R, maps from a Side Scan Sonar image have been recovered, it is
possible to introduce simulated targets by modifying locally trend R maps.

The Computer Aided Design model of the target and its reflectindex (if
constant) or associated reflectivity maps must be availablee Ghe Z and R



maps have been modified, the new simulated image containing the teunula
mines can be rendered. Unlike other simulators which paste a fthtdaget on
top of an existing image, this simulator enables the modeling ahtieactions
between the topography of the seabed and the target. For instamdargét is
place behind a 3D structure it should not be visible. The lengtheogpriojected
shadow should also depend on the local elevation of the target.

Parameters such as target type, reflectivity, burial depthgadnd across track
resolution and target aspect angle may be altered to produizke avariety of
realistic minefield simulations.  Examples of a simulatedhemdn different
seafloor types and a simulated mine field may be seen in Fig 3.

Figure 3 contains a simulated mine field on the I¢hand side. The right hand side contains a
small mugshot of a mine threat on 2 different seadbr types. The seafloor type present
determines how visible the mine threat is.

4. The Tested CAD/CAC model

ATR systems for MCM are generally composed of a CAD (Compéiged
Detection) and a CAC (Computer Aided Classification) component Thg
performance of the CAD and CAC modules will be dependent on several
parameters. Two important parameters are the sonar type (witlichctate the
resolution of the side-scan sonar images) and the seafloor typaUtieis
surveying. Assuming the resolution remains sufficient to resolvebgtt from

the background, the CAD module is often able to provide high probability of
detection (PD) values regardless of the specific values of thasmameters.
However, as the conditions move away from the ideal scenario (&sgtution



sonar on a flat seafloor), this high PD rating will only be acbé if the
probability of false alarm (PFA) is also increased.

Current CAC systems use the shadow of the MILOC to provide sifatation
decision ] . The effectiveness of the CAC module will be strongly coteeldo
both the sonar conditions and the seafloor type. The ability to disatem
between a man-made object and a natural object is ultimategndant on the
number of image pixels present within the MILOC shadow region. Biigyao
both identify real alarms and remove false alarms will tleeetlecrease with
sonar resolution. Conversely, the ability to classify should incredbeacross
track range from the AUV, as object shadows become largeflo&edypes
containing their own shadow regions (such as rocks and sand ripples) add a
further level of complexity. The shadow regions from the backgroumdptahe
shadow regions from the object making harder for the CAC moduled¢oiee
whether shadow region belongs to the object or to the background.

The evaluation system may be used to test any CAD/CAC sysidma results
shown in this paper use the Seebyte Ltd CAD/CAC. This uses al{baskd
approach where the particular sonar and navigation conditions are itisiectire

analysis process. Details of the models may be found in [4][5].

5. Producing Seafloor Classification Mosaics

A large scale seafloor classification mosaic of the survey region isedga that
the evaluation system may provide ROC curves for each of the seafloor types
present within the area (see Figure 1).

Seafloor classification information has been identified as baitigal for MCM
operations. The seafloor type will impact factors such as thalbvesibility of
any objects present, the number of expected false alarms enpiathability of
any objects present being buried. For MCM operations, a seafassifaiation
system should consider both the texture of the underlying seafloor anhitiee
density of CAD detections. Extensive research has been carried saabed
segmentation and classification using side scan sonar [6][7] war me the
specific context of MCM. Some highly textured area might noteprtedifficulties
for a detection algorithm while un-textured area with high lefetlutter will.
Sonar textures are generally 3D textures and it is the etdle 3D variations
with respect to the objects to be detected that ultimatelydigtate the mine
hunting difficulty. It is therefore crucial to determine thepping between clutter
density and texture and the MCM performance to generate ckgss-mhich
reflect mine huntingdifficulty and not just texture (or complexity) or clutter



density. For military purposes, seabed complexity has been classified@le afs
A to D while clutter density has been classified on a swaleto 4. For instance a
flat, low clutter density seafloor would provide a AO classifaratwhile a high
complexity, high clutter density would receive a D4 classificatHowever, a C3
might be equivalent to an A4 in terms of MCM performance forvangATR.
The mapping between the somewhat artificial A-D/1-4 classesATR
performances is our end goal.

Figure 4 contains a large sidescan mosaic of a region obseatar La Spezia,
Italy. The first classified mosaic is the result obtain@unf using only textural
information. The second classified mosaic is the result obt&iaedusing both
textural and clutter density information. Details of the modetsl s obtain this
result can be found in [2] and [7]. The end result is a very aecadla@ss mosaic,
segmented into regions of mine huntability. Sediment type information could also
be used to further segment the image. The sediment present thighsurvey
region will impact factors such as the likely sunken depth of presem threats
and would impact the mine huntability. It is likely that this infation would
need to come from another sensor other than sidescan sonar (sochi-aeam
echosounder).

Figure 4 contains a sidescan mosaic of a large sewregion. The middle class map is the
result obtained from using only textural information. The class map on the right uses both
textural and clutter density information.

6. PATT Evaluation Results

In order to validate the system, the two complete AUV missiare tested. The
first was taken off the coast of Italy (TestDatal) and hasaréed seafloor,
containing large regions of sand ripple, flat sand and posedonia. ddrelstata
set was taken off the Baltic coast (TestData2) and contairdopnaantly flat

regions with very high levels of clutter.



The sonar images where inverted to produce the (Z,Raps and 40 targets per
image (20 type A, 20 type B) were simulated at various angles reflectivity
was fixed to 1 and there was no burial. The seabed classificatimiules
(classification + mosaicing / fusion) were run on both missiorgeterate class
maps enabling the robust determination of the class of the seafider each
object. Finally, the ATR system (CAD-CAC) was run and the FB/Palculated
for each seabed type. Results are presented for the SeebPI€AA but the
methodology can be applied to any ATR system. The number of &alses per
square nautical mile was also recorded as we feel ifiggige that can be better
interpreted operationally than the PFA generally reported as thbemwh false
alarm is also an important parameter..

Results from 2 experiments from TestDatal region are shown helBigure 5.
Results have been provided for the flat sand and sand ripple regBoih

experiments can be seen to give similar results demonstrége stability of the
evaluation process. Figure 5 allows the user to see thatstieel I8TR system
will provide a good PD rating on both seafloor types but that this haigyhgrcan
only be maintained on the sand ripple seafloor at the expense oirdgtacire

false alarms.

Figure 5 contains the ROC curves for mine type A ahB for the Flat and Sand Ripple
regions within survey region TestDatal.

Figure 6 shows a comparison of results obtained from TestDathT estData2
for flat and complex regions. As can be seen from Figure 6, ePtidgfating can
only be obtained from the TestData2 survey region at the expenstecting a
high number of false alarms. This is due to the large amountnaf-like clutter
on the seafloor. On the complex seafloor present in both tesselstathe
obtained results are similar. The results clearly demoestiiaat ATR



performance is highly dependant on the seafloor conditions of the eyen
ensuring that a ATR rating in one region of the world is unlikelygtwalid when
surveying another. The evaluation system therefore provides antexkpeER
performance for the entire system (survey region + sonar + ATR model).

Figure 6 contains a comparison of results obtaineftom survey regions TestDatal and
TestData2 for the flat and complex seafloor regions

7. Conclusions

In this paper a framework for evaluation and planning AUV mission$/iCM
has been presented. It adopted a ‘systems’ approach of the ievalliie
framework cornerstones are a sonar target simulator based onrdedmesality
and a seabed classification module enabling the determination @ét tar
huntability indexes. The evaluation tool produces predicted ATR peafaren
metrics for the different seafloor regions within the survew,aemabling smart
mission planning/re-planning. Planned mission will be laid out base@dn
evaluation of the system (survey region + sonar + ATR) to ens@aximum
probability of detecting real mine threats while maintaining a low faksen rate.
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