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BASTA

Supporting UXO detection inside MBES data
e via:
\

1. GIS terrain analysis

2. convolution neural network



UXO in MBES data

Reson T50 extended range

Frequency: 400 kHz
Beams: 1024
Beam width: 0.5°x0.5°
RESON X
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GEOMAR

UXO in MBES data

0.50 m 0.10 m

Resolution is critical for high quality results!

It depends on:
= Beam width
= Frequency
= Pulse length
= Swath width
= Water depth
= Survey speed
= Pingrate
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Multibeam for UXO detection GEOMAR

UXO in MBES data

GIS — based terrain analysis

Morphological derivatives (e.g.):
= Curvature
= Slope
= Real surface area
= Topographic positioning index (TPI)
= Aspect
= Terrain ruggedness index (TRI)

EMFF BlueEconomy-2018
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Multibeam for UXO detection GEOMAR

UXO in MBES data

SAGA GIS

GIS — based terrain analysis
= morphological derivatives

Supervised classification
= e.g. classification dictionary

Unsupervised classification
= e.g. PCA analysis

Problem: pixel-based classifications not able to discriminate UXO from geological features.

—
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locations of UXO objects

UXO objects

GEOMAR
GIS Al
Goal Identify possible contacts
Model Terrain analysis of MBES = Convolutional neural networks are great
bathymetry tools for pattern recognition, e.g. shapes
Combining derivatives on MBES echosounder bathymetries
‘surface area’ and ‘TPI’ to = Currently relatively small models due to
highlight objects low resolution of data compared to
object size
=  Semantic segmentation to identify
outlines of UXO objects
Output Map with highlighted = Map with probabilities of locations being
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GEOMAR

Task I:
Finding a quick and simple approach to highlight possible UXO targets in a MBES

dataset.
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Workflow of terrain analysis for UXO detection GEOMAR
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GEOMAR

Task:

Finding a quick and simple approach to highlight possible UXO targets in a MBES dataset.

Real Surface = : = =
Area : e
e
0. : 600m >
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Workflow of terrain analysis for UXO detection GEOMAR

Task:

Finding a quick and simple approach to highlight possible UXO targets in a MBES dataset.

Input
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Workflow of terrain analysis for UXO detection GEOMAR

Task:

Finding a quick and

a MBES dataset.

. = Targets picked by human expert
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Workflow of terrain analysis for UXO detection GEOMAR

Task:

Finding a quick and

' 0 a MBES dataset.
Input

O - Targets highlighted by
terrain classification

. = Targets picked by human expert

Goal

EMFF BlueEconomy-2018
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GEOMAR

Advantages:

Quick and straight-forward data analysis
No commercial/complex software needed
No training data needed

Familiar to many users

Disadvantages:

= Geological/morphological features are highlighted as well
= Expert interpretation is still needed
= No probability estimation given

= Only applicable for bathymetric data
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GEOMAR

Task Il:

Train a neural network to automatically detect and identify UXO.

i SR VAN
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Al Workflow Overview GEOMAR

}

Processing
}

Model

l A 4

Training —— Model —_— Evaluation

Goal
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Al Workflow Example

Q

GEOMAR

Input:
=  Bathymetry
=  Backscatter
= Suspected UXO locations

Processing — Training Data:
= Alignment of inputs
= Normalization
= Train-test split

Training — Model Choice:
= Training on test data
= Final model choice using test data

Prediction — Output:
=  Probability heatmap
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Al Predictions GEOMAR

Comparison with Expert Labels:

- Expert labels are green dots

- Model prediction heatmap in red

- Nearly all labelled targets found

- Some additional targets

- Slight disagreement w.r.t. exact
location

Model Output Analysis:
- Model creates contiguous areas
- Low noise
- Model uses entire parameter range:
- 0 (transparent) for low
probabilities
- 1 (opaque) for high
probabilities

EMFF BlueEconomy-2018
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GEOMAR

Neural Network:

Inspired by the structure of the brain

Neurons, grouped in layers, transfer information
from input to output

Neurons transform the information from neurons
in previous layers

Layers are connected in a directed (with
exemptions)

Various layer types exist

Convolutions:

Stepwise application of a filter

Filters can highlight simple features e.g. lines,
changes in color

Stacked application of convolutions to detect
complex features

For state of the art image processing neural
network dozens of convolution layers are stacked

N
N

2

https://de.wikipedia.org/wiki/K%C3%BCnstliches neuroOnales Netz#/media/Datei

:Neural network.svg

Bottom: https://miro.medium.com/max/700/1*Fw-ehcNBR9byHtho-Rxbtw.gif

Top:
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GEOMAR

Simplified U-Net Architecture

Simplified due to lower resolution
and lower depth (number of
layers)

Input and output shape are equal
Convolutional layers to generate
features ()

Downscaling to aggregate
neighbourhood information (| )
Upscaling to extract
neighbourhood information (i)
Information retention for each
resolution (horizontal
connections)

32x32

—r—

16x16

Input

Output

Equal shape

——
£
¥

U-Net: Convolutional Networks for Biomedical Image Segmentation, Olaf Ronneberger, Philipp

Fischer, Thomas Brox
Medical Image Computing and Computer-Assisted Intervention (MICCAI), Springer, LNCS,

Vol.9351: 234--241, 2015
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GEOMAR

Advantages:
» Learning from data:
= Allows for complex patterns to be recognized
= More data = better models
= Scalability w.r.t. to object and data complexity via
adjustments of the network
= Transfer to other data inputs, e.g. photogrammetric
data, SBP, magnetics, side-scan is straightforward
= Suitable for automation

Disadvantages:

» Learning from data:
®" Good training data is crucial
= ‘Rubbish in, rubbish out’
= Learn to duplicate the hand-crafted model used to create training data
» Less data =» worse models

= Black-box models, no explanation for results

= Training can become a complex task

EMFF BlueEconomy-2018
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Outlook GEOMAR

O Performance analysis:
O Accuracy of individual models
L Comparisons between both approaches

O Identify limits of the approaches

L How well do models trained on one area generalize to different areas?
O Is it possible to tell the difference between different types of UXO objects?
L Apply deep learning approach to different types of data

L Use other types of data for improved ground truth data (e.g. photomosaics)

.r —
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GEOMAR

BASTA:

Support the expert with as good as possible additional information

and visual guidance to:
a) Detect objects
b) Identify these objects T[}D@@H@ You fop Your attent; :
c) Train networks/set up GIS workflows on :
d) Use the trained networks to support detection/identification

e) Get smarter in each iteration
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