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SUMMARY

Electromagnetic induction (EMI) methods are commonly used to classify unexploded ordnance (UXO). Modern
time-domain systems used for classification are multicomponent and acquire many transmitter-receiver pairs
at multiple time-channels. Traditionally, classification is done using a physics-based inversion approach where
polarizability curves are estimated from the EMI data. These curves are then compared with those in a library
to look for a match based on some misfit. In this work, we develop a convolutional neural network (CNN)
that classifies UXO directly from EMI data. Analogous to an image segmentation problem, our CNN outputs a
classification map that preserves the spatial dimensions of the input. We train the CNN using synthetic data
generated with a dipole model considering relevant UXO and clutter objects. We use a two-step workflow.
First, we train a CNN to detect metallic objects in field data. From this, we extract patches of data that contain
only background signal and use these to generate a new training data set adding this background noise to our
synthetic data. A second CNN is trained with these data to perform the classification. We test our approach

using field data acquired with the UltraTEMA-4 system in the Sequim Bay marine test site.
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INTRODUCTION

Electromagnetic induction (EMI) methods are com-
monly used to detect and classify UXO. While the
use of EMI systems on land is well established it was
only recently that systems, such as the UltraTEMA-
4, were designed for underwater munitions (Funk
et al, 2022). Advanced systems aim to reduce costs
related to excavation and interrogation by discrimi-
nating UXO from non-UXO objects in a single pass.
These systems rely on many sources and receivers
and create spatially dense data which have high in-
formation content since the targets are illuminated
from multiple different angles.

The usual workflow for clearing a site consists of
generating a map from EMI data from which anoma-
lies of interest are picked, then classification is done
for each of these anomalies and a target list is ob-
tained (Beran et al, 2013). Picking anomalies from
a gridded image created from sensor data is done
by setting a threshold value of amplitude chosen to
maximize the detection of ordnance expected at the
site. Once the anomalies are picked, classification
is done using a physics-based inversion approach
where polarizability curves are estimated from the
EMI data (Pasion and Oldenburg, 2001; Bell et al,

2001). These curves are then compared with those
in a library to look for a match based on some misfit
and a class is assigned (e.g. Pasion et al (2007)).

In Heagy et al (2020) we proposed a convolutional
neural network (CNN) to classify UXO from multi-
component EM data and demonstrated it on syn-
thetic examples. The workflow presented in this
work extends that previous approach in two main
ways: (1) the architecture of the CNNs is changed
to include only convolutional layers producing classi-
fication maps of higher resolution, and (2) our work-
flow is validated with field data in a marine setting
which required a more thorough design of the train-
ing dataset. Our workflow is general enough to be
applied to both terrestrial and marine data. Marine
data should be pre-processed to remove the EM re-
sponse of the seawater and sediments (Song and
Billings, 2020) and our approach is able to account
for the remaining spatially correlated noise.

METHODS

We propose a two-stage workflow: (1) detection and
binary classification and (2) multi-class classifica-
tion. The first stage is mainly used to obtain system-
atic noise from field data in order to train the multi-
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class classifier (Figure 1). However, the output of
the first stage, which is a detection map of all metal-
lic objects, may be useful on its own. The output of
the second stage is a classification map where the
detected objects are classified either as clutter or as
a UXO of a certain type. This map may be further
processed to obtain a diglist. The main reason for
developing this two-step workflow was that the addi-
tion of systematic noise to train the multi-class CNN
was crucial for obtaining accurate classification re-
sults. The CNNs are trained with synthetic data and
field data are only used for validation and to approx-
imate the systematic noise. This allows us to have a
sufficiently large set of examples to train the CNNs.
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Figure 1: Our proposed two-stage workflow to detect
and classify UXOs based on two CNNs.

Architecture of the proposed neural networks
We use a segmentation architecture for our neu-
ral networks. CNNs used for segmentation are of-
ten fully convolutional which means they only in-
clude convolutional layers, and all of the matri-
ces involved are sparse. The proposed architec-
ture is flexible and may be adjusted to any multi-
component EM system but it is easier to understand
by taking the UltraTEMA-4 system as an example.
The UltraTEMA-4 system has 4 transmitters, 12 re-
ceivers each with 3 components, and acquires 27
time channels. Figure 2 shows the UltraTEMA-4
system.

Figure 2: (a) UltraTEMA-4 system, (b) physical dimen-
sions of its layout.

Figure 3 shows our proposed architecture. Defining
the input of our CNN requires some choices on how
to order the EM data. Following a similar approach
to Heagy et al. 2020, we process the EM data using

a fixed spatial window in the along-track dimension
to create our input. We apply the same normaliza-
tion and data scaling steps described in Heagy et
al., 2020 where we scale the data as a function of
time to account for the exponential decay of EM sig-
nals, and second, we scale by the maximum ampli-
tude of each sample so that the data all lie within
[-1, 1]. Information regarding receiver components
and transmitters define the channels of the input.
Our input is three-dimensional with multiple chan-
nels. However, to create a classification map we are
only interested in preserving spatial dimensions, so
within the architecture, we eventually collapse the
temporal dimension and end up with a 2D output.
This output preserves the spatial dimensions of the
input, e.g. the number of along-line positions (nx) by
the number of receivers (nrx). The number of chan-
nels of the output is equal to the number of classes
we want to distinguish.

3 | window (along track)
nc=7,  number of classes (multi-class) or n = 2 (binary)

Figure 3: Architecture of CNNs for classification and de-
tection.

The activation functions involved in all layers are
rectified linear units (or RelLU) and are applied
element-wise and the output of the last convolu-
tional layer is translated to probability values using
a softmax function. In this way, the output of the
CNN is given in terms of a series of probability maps
equal to the number of classes. Each of these maps
gives the probability of a certain location to be clas-
sified as a particular type of object.

The UltraTEMA-4 system acquires data from each
different transmitter sequentially, but for our CNN,
we wish to use all of this information together so we
use the midpoint of all 4 transmitter positions as the
reference point for our classification. A fixed num-
ber of transmitter cycles equal to 15 was chosen for
our CNN input, which approximately spans 3 m in
the along-track direction. The number of classes for
the last layer of the detection CNN is two (metal-
lic vs. background) while for the multi-class CNN,
the output will depend upon the number of UXO
types present. Implementation and training of the
proposed CNNs was done using the open-source li-
brary Pytorch.

Generating the training data: dipole model
Since UXOs are compact objects, their secondary
magnetic fields B, can be described as caused by
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an induced magnetic dipole moment m. The UXO
electromagnetic response is measured in terms of
dB,/dt:

dBS 3T( ) alt)_%:;l (1)
dt 4W r3

For an ordnance object, dm/dt is approximated us-
ing a polarizability tensor L(t). The time-derivative
of the induced dipole moment is obtained from:

dm _ ATL(t)Ah, 2)
dt
where A is a rotation matrix, hy, is the primary mag-
netic field generated by the transmitter at the loca-
tion of the UXO just before the current is shut-off,
and L(¢) is the diagonal polarizability tensor with el-
ements L1, L2, L3.

A library of polarizabilities for a large collection of
ordnance objects is available from the DoD and was
queried to generate the synthetic data used to train
our neural networks. To run the forward simulations,
we use the simulation code that is a part of BTInvert
by Black Tusk.

Parameters for the training set and clutter class
For each training sample, we need to define the type
of object (UXO, clutter or no object), its location, and
orientation. We also need to specify the background
noise. Since the neural networks process the data
using a fixed spatial window, the training set needs
to include examples that contain: a UXO, a clut-
ter object, and only background signal. The type
of UXO is taken from a set of possible ordnance
objects that may be defined by means of historic
records or any other field-specific prior information.

Defining the clutter class presents a challenge as
we do not necessarily know what types of clutter ob-
jects we will encounter. We have developed a strat-
egy that uses a physically-based parameterization
to define 9 parameters per clutter object. Each of
the polarizabilities are modelled by:

L(t) = kt™7 exp (~t/7) @)

where k, $ and ~ control the behavior of the EM
decay associated with one of the axes (Pasion and
Oldenburg, 2001). We estimate the 9 parameters
for each of the UXO objects by performing a non-
linear parametric inversion to fit this parameteriza-
tion to the polarizability curves from the library. Clut-
ter objects are then designed by randomly sampling
the remainder of the parameter space and selecting
only the samples that are sufficiently from the UXO
in this parameter space.

Defining labels for the training dataset

The CNN output has the same spatial dimensions
as the input, therefore we need to define labels with
these dimensions (nx by nrx) to be used as target
labels during training. We choose a single time
channel (time channel 6, in our case) and choose
a threshold based on the amplitude of the signal
across each transmitter and the three components
of each receiver, as shown in Figure 4. Locations
with amplitudes above the threshold value are la-
belled as their specific UXO class while remaining
pixels are simply labeled as background pixels (blue
in Figure 4). We have only considered a single ob-
ject per fixed spatial window, therefore our current
workflow is not yet able to account for multiple ob-
jects close to each other.

When performing classification with a trained net-
work, a full acquisition line is processed by sliding a
window with a defined step and performing classifi-
cations at each step. To generate the classification
map we use a voting scheme of all overlapping out-
puts and assign the label that is voted the most.
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Figure 4: Assigning segmentation-like labels to train our
classification CNNs. Points in pink denote signal
from a metallic object (UXO or clutter) while points
in blue denote background.

RESULTS

We demonstrate our approach using field data ac-
quired with the UltraTEMA-4 system in the Sequim
Bay marine test site in 2022. The dataset includes a
calibration grid and a blind grid. Here, we focus on
the calibration grid, which is composed of 7 acqui-
sition lines and includes 21 seeded objects whose
types are known as shown in Figure 5. A prepro-
cessing step was used to remove the EM response
of conductive seawater and sediments (Song and
Billings, 2020) but some spatially correlated noise
still remains in the preprocessed data.
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Figure 5: Z-component of pre-processed EM data (time
channel 5) collected for calibration grid 2022.

Once the detection CNN is trained it produces a
classification map from which we can crop out the
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zones surrounding detected objects and take the
remaining data as background signal (Figure 6a).
Then, we randomly sample pieces of this back-
ground signal (Figure 6b) and estimate the system-
atic noise to be added to the training dataset of the
second CNN.
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Figure 6: (a) detection map (output of first CNN) and,
(b) background signal from which systematic noise
is estimated.

Once the multi-class CNN is trained it processes the
data per sliding window from which we get a set of
probability maps and a single classification map as
shown in Figure 7.
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Figure 7: Classification map for Sequim Bay calibration
line 2022.

While the classification map is already a result from
which we can visually identify the class of object,
we can further process it to generate a diglist. We
manually select a cell surrounding each of the clas-
sified objects. Then, for each cell, we filter out the
points classified as background and take the corre-
sponding probability values for each class. All se-
lected probabilities are averaged per class and we
choose the class with the highest average probabil-
ity. The horizontal position is simply estimated by
taking an average position of the points within the
cell that were not classified as background. In this
way, we get a single class per object as shown in
Figure 8.
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Figure 8: Classes and locations assigned after post-
processing; this information together with the aver-
age probability values is used to generate a diglist.

DiIScUsSSION AND CONCLUSIONS

The workflow we developed is the first that we are
aware of that successfully made use of neural net-
works to classify UXO directly from EMI data. Our
workflow was applied to a marine EMI dataset from
a test site (Sequim Bay, data acquired in 2021)
where it successfully detected all of the UXOs while
discriminating ~70% of the clutter in the blind grid.
Naturally, any new method requires development,
and one area that requires future work is the need
to address multi-target scenarios. However, having
an end-to-end workflow will enable us to assess the
strengths of a CNN-based approach and identify op-
portunities where components of our workflow may
complement or offer improvements to the standard
workflow. Identifying these opportunities will be a
focus of future work.
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