Machine learning as supporting method for UXO
mapping and detection

Introduction: Marine munitions, or unexploded ordnances (UXO),
were massively disposed of in coastal waters after World War Il;
they are still being introduced into the marine environment
during war activities and military exercises. UXO detection and
removal has gained great interest during the ongoing efforts to
install offshore wind parks for energy generation as well as cable
routing through coastal waters. Additionally, 70 years after World
War Il munition dumping events, more and more chemical and
conventional munition is rusting away increasing the risk of toxic
contamination. We addressed the following questions:

 Can we use data science approaches including ML (supervised

and unsupervised), to support munition detection in ‘large’
spatial data sets? The general detection methodology includes high resolution multibeam mapping, hydroacoustic sub-bottom mapping,

electromagnetic surveys with gradiometers as well as visual inspections by divers or remotely operated vehicles (ROVs).
Using autonomous unmanned vehicles (AUVs) for autonomous underwater inspections with multibeam, camera and EM
systems is the next technological step in acquiring meaningful high resolution data independently of a mother ship.

However, it would be beneficial for the use of such technology to be able to better predict potential hot spots of munition

*  Should we promote the app//ca.t/on of approyed VIL m?thods targets and distinguish them from other objects such as rocks, small artificial constructions or metallic waste (wires,
and approaches for a standardized/reproducible munition barrels, etc.)

detection in the private sector? o

 Should we aim for an all in one ML approach or better iterate to
the final result using ML as supportive tool with an expert in the
loop?

Working area and data set: For this study we used data acquired
during the BMBF funded UDEMM project and expertise in
artificial intelligence through the Digital Earth project funded
through the Helmholtz Association. The working area is the
Kolberger Heide in Kiel Bay in Germany, Baltic Sea. Detailed
studies were performed by using high resolution multlbeam
optical visualization of munition objects and sediment ™~ "
characteristics.
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subset of the derivatives layers mentioned above as input layers.
A simple three layer CNN allowed to calculate

We also explored the use of further input layers and larger training . . .

o . o the probability of a 15x15 cell size tile to contain
datasets, and their impact in performance. This is a good example a munition object (red) U-Net
for machine learning enabling us to classify large areas in a short
time and with minimal need for manual annotation.
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