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Uncovering Information in Large Marine Acoustic
Data Sets with Spatial and Statistical Analysis
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Knowledge discovery from shallow water MBES data & SBES

data using Geovisual Analytics

PhD project, Kazi Isthiak Ahmed, 2009-2011, supervisor Dr UrSka Demsar
GSI: Xavier Monteys - -
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Research topics:
- Exploring complexity of feature-based methodology for seabed MBES
type classification from MBES backscatter data and
comparison with an alternative visual classification
method (Self-Organising Map)

- Using a time-series data mining approach for seabed type ~ —» SBES

classification from SBES data

- Combine SBES and MBES data via their spatial location “\y MBES + SBES



MBES raw data —
backscatter
measurements

Interpolated
acoustic image

Feature-
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MBES
Visual attribute clustering with component planes visualisation

of a Self-Organising Map
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SBES backscatter
measurements =
full-waveform time

series at each

location = Echos

Compensation to remove
effects of depth and slope
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Combine SBES and MBES data via their spatial location

MBES + SBES

SBES echo V1

V2

V3

vin

MBES backscatter
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Use combined data for seabed type classification with visual and computational

classification methods
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Seabed type classification from SBES data
Research project, Dr Peter Hung, Dr Sean McLoone, GSI: Xavier Monteys
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Improving seabed type classification from MBES backscatter
data in deep waters (200-5000m)

Research project — all StratAG+GSI members of the team
3 pulse lengths

/ —» 3 years

MBES backscatter data from zone 3, depth 200-5000m
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Data characteristics and related research challenges
Large and complex dataset
Depths 200-5000m

5 statistical descriptors and over 1 million entries
Deep water MBES

Data processing is a complex procedure backscatter dataset

Spatial relation not always captured
Extremely noisy backscatters

Still lacking standardized procedures
Expensive and lack of funds
More focus on the shallow waters

l N

Legend l
.
I ruise Length 15000 Year 2001 ‘

Limited availability of ground truth data

Size of each patch is at least 10,000 times larger than GT sampling
techniques

Incoherent correspondence
No ground truth available for this project



Research question 1. Comparative analysis of clustering methods
Five clustering algorithms

Results depend on initial
PCA + k-means / choice of cluster centres
De facto "standard” _ o _ _
\< Can be trapped in local minima of intra-cluster variance

Does not recognise non-convex, non-isotropic, non-globular clusters

Spectral clustering ~
Graph-based: optimal partitioning of similarity graph in attribute space
Fuzzy c-means clustering (FCM)

Allows overlap between classes
T Geologically, class boundaries are rarely crisp

uality threshold local clustering (QT local)

~

Density-based: clusters defined as dense areas in attribute space

 Capable of recognising irregular shaped samples

Maximum separation clustering (MSC)



3 clusters 5 clusters 8 clusters

PCA +
k-means
Spectral
clustering
QT-local
clustering | pefses sy | SRS ey | RO .
No ground truth data avallable due to depth (200 SOOOm)
Not shown: Spatial and non-spatial comparisons between methods.
FCM, T R R R
MSC




Spatial comparison of clustering methods Geostatistics —
Determining the level of spatial connectivity for 3 — 12 clusters variography
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2. Spatial connectivity is strongest for PCA+k-
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L1 when the cluster numbers is small.
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Non-spatial comparison of clustering methods

Calculations for 3 and 8 clusters

Satellite/Aerial
Remote Sensing

. . OM&}]T'@I“M
PCAtk-means 1 COﬂfUS!Oﬂ matrl(;es K%(Bpa aCcUracy
Spectral 1 2322 1663 793 4778
2 421 2330 0 2751
3 0 0 2471 2471
2743 3993 3264 10000 0.5759 71.23
PCAtk-means 1 2 3
Fuzzy 1 2872 1595 311 4778
2 364 2387 0 2751
PCA+k-means, spectral and fuzzy c-means s 1636
clustering had best agreement for 3 clusters, but
o less for 8 clusters.
QT-local/MSC different from the other three
methods for both 3 and 8 clusters. s 8
PCAtk-means 1 2 3
MSC 1 698 89 3991 4778
2 386 1402 963 2751
3 0 0 2471 2471
1084 1491 7425 10000 0.2498 4571




Research question 2: Does space matter for seabed type classification?

Why are spatial data different?

large amounts
Spatial heterogeneity Multidimensional of data

Volumlnous
Spatial autocorrelation

“Spatial is special.”
Characteristics of

projected to
a flat surface

spatial resolution

Spatial data Collected in 3D,
Different levels of / { \ but normally

Unique analysis
Specific digital methods
representation Geocomputation
forms Geostatistics




Spatial / tendt_ency of data objects at some
: location in space to be related
autocorrelation

(Spatial - 15t l[aw of geography (Tobler’s law):
dependency) Everything is related to everything else,
but nearby things are more related than

\ distant things.

Often inappropriate to use the traditional analysis methods
(statistics, data mining, etc.) for spatial data.

The two basic assumptions may not be valid: spatial data are not
independently generated, nor are they identically distributed.

Special analysis methods: spatial analysis, geocomputation, geostatistics

i

Current research topics:

- What is the level of spatial autocorrelation in MBES backscatter?

- evaluating spatially-aware adaptations to all five clustering algorithms and
looking at other spatially-aware classification methods.
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Thank you!

Research presented in these slides was funded by a Strategic Research Cluster Grant (07/SRC/11168) by Science Foundation Ireland under the National Development Plan. The authors gratefully acknowledge this support.
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