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Chapter 1

Machine Learning Techniques for SAR Data
Augmentation

Benjamin Lewis!, Theresa Scarnati', Michael Levy',
John Nehrbass®, Edmund Zelnio' and Elizabeth Sudkamp]

1.1 Introduction

Automatic target recognition (ATR) for synthetic aperture radar (SAR) is a diffi-
cult problem due to the sensitivity of recognition performance relative to operating
conditions (OC’s). These operating conditions can be divided into three categories:
target conditions, sensor conditions, and environmental conditions. Examples of
target conditions include target configuration, component articulations, and target
pose. Sensor conditions, including sensor resolution, signal to noise ratio, and sam-
ple spacing all affect the image scale and composition. As a result, different radars
can produce images that vary in significant ways. Environmental conditions such
as background clutter, obscuration, and object adjacency can make discerning and
classifying targets even more difficult. These OC’s can be combined in any number
of ways, which indicates that a large amount of imagery is required to represent the
variability inherent in the SAR target recognition problem.

For some applications, such as traditional electro-optical (EO) camera imagery,
data is plentiful and is representative of the variabilities due to the OC’s or nuisance
parameters. However, for target recognition applications that use SAR as a sensor,
representative, measured data is not readily available and is expensive to collect.
This lack of data is exacerbated when applying deep learning to the SAR target
recognition problem, as deep learning learns about the variability of target, sensor,
and environmental conditions by sampling data over all these conditions. Limited
data does not adequately represent the OC’s, which causes problems with classifier
generalization.

Although deep learning algorithms have been successfully applied to images in
the visible spectrum, limited attention has been given to applying deep learning to
SAR. Like visible sensors, SAR is an imaging sensor, but there are some significant
differences that make the SAR ATR problem unique and will likely require some
additional innovation for the successful application of deep learning.

! Air Force Research Laboratory, Sensors Directorate, Dayton, OH
2Wright State University, Dayton, OH
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2 Deep Neural Networks for Radar Applications

Some of the differences between radar and visible wavelengths favor SAR. A
major advantage of SAR is that it is an active sensor that controls its own illumina-
tion. In contrast, visible sensors are, in general, passive and must rely on a relatively
uncontrolled illumination source. This illumination control allows SAR to produce
images in which the scale is independent of range, whereas the scale of visible sensor
images inherently depends on range.

Other differences favor EO sensors, which operate at a significantly shorter
wavelength. At these shorter visible spectrum wavelengths, most surfaces are rough,
whereas the majority of surfaces, including most man-made ones, are fairly smooth
at radar wavelengths. Thus surfaces viewed at visible wavelengths tend to be observ-
able from all viewing orientations, while the same surfaces exhibit specular reflection
at radar wavelengths. In effect, this means that many man-made surfaces are only
visible from a few viewing locations in the radar domain, generally only when the
surface is perpendicular to the sensor line of sight.

The imaging geometry is also different for SAR than for EO. In the EO domain,
images always project along the line of sight of the camera. When forming SAR
images, the image is a product of the flight path and radar look direction, which
creates additional signature variability. Fortunately for SAR, there are a few reflec-
tion mechanisms that persist over wide viewing angles and make up the predominant
scattering in a SAR target signature. Despite this, the longer wavelength and specu-
lar scattering makes SAR signatures much less interpretable and stable than images
in the visible spectrum.

The effect of operating conditions and the physics of the problem also affect
the way that deep learning is applied to the SAR ATR problem. One of the com-
mon approaches to training deep learning algorithms is data augmentation, where
the training imagery is augmented by translations, reflections, rotations, scaling, ad-
ditive noise, etc. These techniques can help the limited SAR data problem if applied
judiciously to a point, but many of the variabilities of SAR, particularly considering
target and environment variability, are not amenable to image transforms to a limited
amount of data. Hence, a promising form of data augmentation is to add synthetic
data to the training set. The advantage of synthetic data is that a wide variety of
operating conditions are straightforward to generate synthetically, while the same
configurations are expensive and impractical to collect with measurement systems.
Another key advantage of synthetic data is that the labels and accurate metadata
about the target, environment, and sensing conditions are inherent in the data gen-
eration process. In contrast, the labeling and truthing process for collected data is
very expensive and often very time-consuming. Human annotation of SAR imagery
is significantly more difficult as the longer wavelength and specular nature of SAR
makes the imagery highly non-literal and, therefore, much more difficult to correctly
label.

Unfortunately, electromagnetic data is also very difficult to model, which makes
the generation of high-fidelity SAR imagery complex and computationally challeng-
ing. Substantial progress has been made on improving both the quality and speed of
SAR synthetic image generation. However, even with state of the art synthetic SAR
imagery, there remains a gap between the measured SAR imagery and synthetic SAR

2
Approved for public release; distribution is unlimited



Deep Learning Techniques for SAR Data Augmentation 3

imagery when using these two image sources to train deep learning algorithms. This
gap will be explored in Section 1.3.

This chapter investigates several strategies to close the synthetic/measured SAR
data gap so that synthetic data can augment measured data to effectively allow deep
learning algorithms to be used to perform SAR synthetic data augmentation. These
strategies include:

e Improvements on the fidelity and speed of SAR synthetic signature prediction
(Section 1.2.1.2)

e The development of a measured and synthetic dataset to be used to explore
solutions to this problem, including a way to measure progress and compare
results (Section 1.2)

e  Optimization-based preprocessing to smooth speckle and to help normalize the
relative amplitudes between measured and synthetic data (Section 1.4.2)

e Using joint measured and synthetic training strategies that share features at the
lower layers of a deep learning architecture, yet contend with the different mea-
surement and synthetic data manifolds at the later classification layers (Section
1.4.3)

e Using generative adversarial networks (GANSs) to alter synthetic data to look
closer to measurement data, in order to make more effective training data (Sec-
tion 1.4.5)

e Using Siamese and Triplet networks to learn feature spaces that reduce the gap
between measured and synthetic data features while still discriminating among
the target classes (Section 1.4.6)

These strategies will be described and results will be presented. These ap-
proaches are not the only approaches that can be used to attack this important syn-
thetic data augmentation challenge for SAR. Although progress has been made,
many issues still remain as this key data augmentation problem remains an open
problem.

1.2 Data Generation and the SAMPLE Dataset

A key enabler for any work in machine learning is a rich dataset. Unfortunately, ex-
tensive radar datasets are difficult to come by. One of the best-known SAR datasets
was collected during the late 1990’s by the Moving and Stationary Target Acquisi-
tion and Recognition (MSTAR) Program [1] which, despite the name, only contains
imagery of stationary vehicles. This program was a collaboration among DARPA,
the U.S. Air Force Research Laboratory, and Sandia National Laboratory, as well as
a number of contractors.

The publicly available portion of the MSTAR dataset has enabled a large amount
of research in SAR ATR. Prior to the widespread use of machine learning algorithms,
this research utilized many traditional computer vision techniques, such as engineer-
ing feature extractors, leveraging pattern recognition, and designing expert model-
based and rule-based knowledge systems [2, 3]. These systems perform well under

3
Approved for public release; distribution is unlimited



4 Deep Neural Networks for Radar Applications

certain circumstances but, as is the case when applied to traditional camera images,
require expert knowledge and great effort to maintain.

The advent of convolutional neural networks was a disruptor in this field in
the same way as the computer vision field, and much research has been devoted to
achieving good SAR ATR performance using these techniques. The technology is
quite mature for classifying vehicles within the MSTAR dataset, with typical classi-
fication results when training and testing on MSTAR data at about 99% [4, 5, 6].

To go further, more data is needed. As discussed in the introduction, data collec-
tion is expensive and time-consuming. The most promising and cost-effective form
of SAR data augmentation is simulated data, but this is not without problems. There
is an inherent divide between measured and synthetic data, mainly due to the way in
which data simulation over-represents some SAR phenomenology.

To more fully investigate these differences, the Synthetic and Measured Paired
Labeled Experiment (SAMPLE) dataset was created [7]. This dataset uses a part of
the MSTAR dataset and pairs synthetic data with each measured image. Using avail-
able data about the position of vehicles during the MSTAR data collects, computer
models of each target were created to match this configuration. The targets included
in the SAMPLE dataset are listed in Table 1.1. This section discusses methods of
data generation, model truthing, and image formation techniques used to create the
SAMPLE dataset.

Vehicle | 2S1 | BMP2 | BTR70 Ml M2 M35 M548 M60 | T72 | ZSU23
Serial | BOl | 9563 C71 0APOON | MV02GX | T839 | C245HAB | 3336 | 812 D08

Table 1.1 A list of the vehicles and serial numbers included in the SAMPLE
dataset

1.2.1 Electromagnetic Data Generation

In an ideal world, all SAR images would be acquired from real-world measuring
systems such as radars on board aircraft (air-to-ground), land-based radar, air-to-air
radar, satellite systems, or from laboratory research measurement systems. Unfortu-
nately, creating the required volume of data is generally not feasible. For example, it
is not possible in many cases to adequately control radar systems to consistently col-
lect data in the desired configuration, as the air turbulence and wind will bounce an
aircraft, resulting in nonlinear measurement collections caused by speed variations.

In some cases, real-world radar measurement is not even possible. It is often
desirable to have information about the electromagnetic properties of a product that
is still in development, especially when those properties are a key characteristic of
that product. Particularly in early stages of development, measurement-ready devices
have not yet been manufactured, rendering physical assessment impossible.

In these cases, electromagnetic simulation software is an invaluable tool for the
SAR ATR developer. This type of software leverages Maxwell’s equations and a
computer model of the target to calculate the response of the target to electromag-
netic radiation. The consistency, speed, and low expense of simulation allow the
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Deep Learning Techniques for SAR Data Augmentation 5

creation of large datasets that serve to augment the physical collection of radar data
and SAR imagery.

Because simulated data is generally meant to be used alongside or to inform
real-world data and design, it is important that the software be able to accurately
model the physics of real radar systems. As is the case in many software techniques,
however, there is a tradeoff between performance and fidelity.

1.2.1.1 Simulation Types

Electromagnetic simulation codes fall into two different classes. Full wave solvers,
which provide very accurate electromagnetic results, are implemented by solving
Maxwell’s equations over the surface or volume of interest. Solutions generated by
these solvers are very accurate, but the computational requirements for such fidelity
are very high and scale exponentially. In contrast, approximate solvers, also known
as asymptotic solvers, use methods such as ray tracing to more quickly provide in-
formation at the cost of accuracy. The computational cost of approximate methods
scales linearly with the complexity of the problem, making it much more feasible for
large problems.

Approximate methods become more accurate as the electrical size of the target
grows, but these methods perform poorly in regions containing cavities and detailed
components. Therefore, hybrid methods exist to take advantage of the strength of
both approaches, balancing computational cost and accuracy. These mixed solvers
implement full wave methodology exclusively over difficult regions and use asymp-
totic methods elsewhere. The two independently calculated solutions are then com-
bined.

The complexity and intricacy of the target model under simulation also influ-
ences the type of code used. This is due to the ray sampling density required to
adequately simulate the response of a target to electromagnetic radiation. When us-
ing computers to model the real world, the continuous electromagnetic waveforms
and the computer-based model of the target are discretely sampled. Exactly how
these sampling locations are selected is dependent on the simulation code and is be-
yond the scope of this chapter but, in general, the Nyquist sampling rate is chosen as
a fraction of a wavelength L = ¢/ f (e.g., 10 samples per wavelength). The sampling
rate, in conjunction with the electrical size of the target, determines the number of
calculations required to simulate the response of a target to an electromagnetic wave.
This computational complexity is directly proportional to the size of the target and
the frequency of the radiation. For this reason, simulations of large targets (such as
a school bus) simulated at high frequencies (e.g., 10 GHz) require sampling rates
that are too costly to solve with full wave solvers, and instead rely on asymptotic or
mixed-method software.

1.2.1.2 Simulation Workflow

The output of an electromagnetic simulation of a target from one viewpoint produces
the equivalent of a single radar pulse from a monostatic system. Such radar pulses
are a measure of the complex radar cross section (RCS) of an area of interest over
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6  Deep Neural Networks for Radar Applications

many different frequencies in both phase and magnitude. A collection of these pulses
is referred to as phase history data (PHD).

Collecting multiple radar pulses from a variety of angles allows for a richer
electromagnetic view of the target. The additional degrees of freedom enable the
data to be assembled into higher-dimensional views of the target. A few simple
equations, which are summarized in Data Box 1.1, determine the resolution of this
data.

A single radar pulse with a given bandwidth B (Hz) is the Fourier transform of a
one-dimensional range profile. Range profiles describe the intensity of radar return
as a function of distance from the radar. The down-range resolution dr (meters)
is inversely proportional to the bandwidth according to the equation dr = ¢/2B. If
a number of discrete frequencies (Ny) are sampled over the bandwidth, the range
profile provides salient data over an unambiguous range extent (meters) according to
RE= (Ny—1) xdr.

To create two-dimensional radar images, radar pulses must be simulated over
several different locations. The elevation angle is generally fixed and radar pulses are
collected at several different azimuth angles over a collection aperture of 0 radians.
This extra degree of freedom enables the formation of 2D complex SAR images.
Similarly, samples over many elevation angles introduce another degree of freedom
with which to create a 3D image.

In the two-dimensional SAR case, the cross-range resolution dx (meters) is de-
pendent on the azimuth extent 6 and the frequencies present in the radar pulse. If
Ly 18 the wavelength of the lowest frequency of B, then the cross-range resolution
is given by dx = L,,,/26. The unambiguous extent that can be represented by the
collection of radar pulses is dependent on the number of radar pulses in the azimuth
N;. This maximum cross-range extent is given by XRE= (N; — 1) x dx; any image
that is larger than this will exhibit aliasing. This implies that to form a reasonable
SAR image, many closely-spaced radar pulses must be simulated or collected.

Although a true SAR image is a function of a collection of independent radar
pulses, electromagnetic simulations may use an approximation method to create a
reasonable estimate of these pulses using only the rays traced from one location at
the center of the SAR aperture. This single-ray approximation method then extrap-
olates a sufficient number of additional pulses (the number of which is dictated by
the above equations) by bi-static scattering. This method works best when targeting
well-known sensors because knowledge about the sensor can aid in the particular ex-
trapolation method. While single-ray scattering inherently introduces inaccuracies,
SAR images may be produced in minutes using this method, magnitudes faster than
when computing each radar pulse from its actual geometric location.

A more accurate but costly method of forming SAR imagery is to compute a
phase history data dome, in which radar pulses are finely simulated over 360 de-
grees in azimuth and a swath in elevation. In real-world collects, SAR phase history
radar pulses are collected at defined points along the radar flight path. With synthetic
data, radar pulses from these same flight path points are instead extracted from the
data dome to form the phase history. This method is ideal when the target sensor is
not well understood or when modeling different sensors, as the specific SAR image

6
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Deep Learning Techniques for SAR Data Augmentation 7

SAR Resolution Equations

dr=c/(2B) RE = (Ny—1) xdr L=c/f
dx = L/ (20) XRE = (N, — 1) x dx

Variable Definitions

¢ - Speed of light (m) XRE - Unambiguous cross-range extent
f - frequency (m)

L - wavelength RE - Unambiguous range extent (m)

B - Bandwidth (Hz) Ly - Wavelength of lowest frequency
6 - Azimuth aperture (radians) in B (m)

dr - Down-range resolution (m) N; - Number of samples in 0

dx - Cross-range resolution (m) Ny - Number of frequency samples in B

formation parameters may be chosen during postprocessing. In contrast, it is diffi-
cult to reform the SAR images generated by the single-ray method according to the
parameters of a different sensor.

The computational burden of forming a phase history data dome is not trivial,
however. As an illustrative example, consider a small SAR training set consisting of
30 different targets. Suppose that the data dome for a given articulated target requires
25 samples per degree over 20 degrees of elevation and 360 degrees in azimuth, and
that co- and cross-polarizations are required. A data dome for one target would
require 18 million (360 x 25 x 20 x 25 x 4) radar pulse simulations. Furthermore,
target articulations and changes in ground materials each require the data dome to be
completely re-computed. If each of the 30 targets were placed in four articulations
(which is a small number of configurations) and placed over three ground materials
(e.g., tar, sand, and soil), the entire dataset would require nearly 6.5 billion (30 x 4 x
3 x 18 million) radar pulse simulations.

The combinatoric growth of the number of pulses required to form a synthetic
dataset means that such simulation quickly becomes computationally expensive.
Computing a single RCS return for a given target can take several hours, especially
since it is common to simulate 2" frequencies over the simulated bandwidth (with n
typically ranging from 2 to 11). In short, the development of large simulated datasets
requires the use of massively parallel high performance computers (HPC).

Even when using HPC systems, it is desirable to find ways to accelerate simu-
lations and reduce computational costs. One simple method is to leverage general-
purpose graphics processing units to accelerate the ray tracing portion of asymp-
totic simulations, which constitutes approximately 80% of the computational burden.
More complex techniques can reduce the number of ray traces required by making a
few assumptions about the geometry of the problem.

7
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8  Deep Neural Networks for Radar Applications

In most cases, the variation in ray paths between closely-spaced vantage points is
extremely minimal. However, the relative distance along each ray path from source
to target, and thus the phase of each electromagnetic waves, will change. Rather
than re-computing the problem from the start, including the expensive ray tracing,
it is much more efficient to instead correct the phase of each ray according to the
geometry of the target. This extrapolation method is generally used for samples
between computed points (e.g., between samples at one degree increments). For
problems with 25 samples per degree (the resolution used to create the SAMPLE
dataset), the speedup can theoretically be 625x while providing nearly the same
results as computing a ray trace for every sample.

With that said, the extrapolation between points is, in general, discontinuous.
For example, rays traced from a 10° azimuth angle will follow different paths than
those traced from 11° azimuth. While the paths followed by rays from the 10° pulse
may adequately approximate the rays seen from 10.04°, it is less of a valid approx-
imation for the problem as seen from 10.5°. In that case, the ray geometry as seen
from 11° azimuth is just as valid an approximation as that from 10°.

To avoid discontinuities as extrapolation locations change, each extrapolated
point is computed as a combination of adjacent computed points with smoothing
function applied. This smoothing function makes the final simulated data more co-
hesive. Inter-pulse extrapolation also reduces electromagnetic scintillation from the
angular facets of the models, which appears as undesirable cross-range smearing in
SAR images.

A useful sanity check when implementing inter-pulse extrapolation is to create
and view a matrix of several adjacent pulses. Discontinuities will clearly be present
at the boundaries where the smoothing function is not robust, such as in Figure 1.1a.
Likewise, good implementations will produce “fingerprint-like” patterns where there
is close agreement between ray shoots and extrapolated points, as in Figure 1.1b.

Figure 1.1: An example of the “fingerprint” produced when viewing data generated
using the inter-degree extrapolation technique discussed here. The erroneous data
in (a) exhibits obvious discontinuities along vertical lines, while the data in (b) is
continuous across the entire extent.

For the purposes of this chapter, the end goal of creating simulated data is to
convince a detection system that there is no difference between simulated data and

8
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Deep Learning Techniques for SAR Data Augmentation 9

measured data. Once this objective has been obtained, the simulated data gains great
utility for the end user. Several factors make this objective challenging. CAD models
of targets, which are at best approximate representations of real vehicles, are pristine.
In contrast, real-world targets are deformed, dented, dirty, and subject to variable
conditions. Thus a collection of several measurements of different buses of the exact
same make and model will be different.

The material properties used in simulations are also often inadequate. While
simulation codes are very capable at accounting for electromagnetic material prop-
erties, which can be assigned to individual parts of the computerized target model,
good information about these parameters is difficult to obtain. In a similar vein, the
ground plane on which targets are placed is generally represented as a trivial flat sur-
face with statistical scattering properties. While this is obviously a poor recreation
of the realities of the real world, which includes rocks, trees, grass, potholes, etc., it
is simply not feasible to model all these features.

To this end, the work of this chapter is fundamentally about exploring machine
learning techniques to overcome the limitations discussed here. For best results, the
simulation expert must work closely with the ATR developer throughout the process
to ensure that the generated data is adequate for their purposes. Failure to do so ulti-
mately affects the ability of such algorithms to perform adequately in deployment.

1.2.2  Model Truthing

Simulated data generation is heavily influenced by the quality of the computer-aided
design (CAD) models of each target. Electromagnetic simulation works by com-
puting the interaction of simulated radiation with the surface of each model. CAD
models are generally represented as collections of triangular facets. The size of each
facet impacts how much of a contribution it will make to the overall electromagnetic
return of the target. For this reason, CAD models that are more finely faceted are
a better representation of actual targets than coarsely defined models, and the radar
return from these targets will more closely match that of targets in the real world.

The CAD model’s articulation (i.e., the position of movable parts) is also a deter-
mining factor that affects the radar return from a target. While no given articulation
is inherently better than any other, certain configurations may be of more interest.
The radar returns from a vehicle with its door open and shut are much more distinct
than returns from a vehicle with its windshield wipers in different positions. With
that said, exposing the interior of a vehicle by opening a door or a hood requires
much more consideration when modeling the vehicle, as the exposure of internal
components (such as the engine) makes the radar return much more complex.

The SAMPLE dataset is based off of measured SAR images from the MSTAR
collect. In creating the simulated SAR images, it was decided that minimizing the
configuration differences between the measured data and the synthetic data was of
high value. By so doing, the bulk of the difference between images from the two do-
mains is due to the inherent mismatch between simulation and measurement, rather
than controllable configuration differences.

CAD models for targets were sourced from MSTAR Program data products.
While the MSTAR dataset contains more than the ten targets listed in Table 1.1,

9
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10 Deep Neural Networks for Radar Applications

the provided CAD models for many of these targets were unfit for electromagnetic
simulation. Obvious defects such as major missing parts, excessively coarse repre-
sentation, or completely missing models disqualified the targets from inclusion in
the SAMPLE dataset.

Although the MSTAR Program made efforts to configure CAD models to the ex-
tent described here, these efforts were incomplete even on the viable models. Large
and small differences necessitated work to bring the CAD models into the ideal con-
figuration. This section describes the effort to do so by adjusting the CAD models
to match the positions of the chosen MSTAR targets, including collecting and orga-
nizing truth data, standardizing the CAD models, and iteratively validating the CAD
models with scrupulous comparison to truth data.

1.2.2.1 Truth Data

The configuration of each target’s CAD model is based on data from the MSTAR
data collect. Information such as photographs of vehicles from the data collects,
a data handbook written by the Air Force Research Laboratory, data file headers,
contemporary reports, and information about baseline vehicle configurations all were
collected to serve as ground truth information for each vehicle.

The MSTAR data handbook includes information about the MSTAR Extended
Operating Conditions (EOCs). Of particular use were sections detailing the inten-
tional variations in articulations and target obscurations as well as unintentional vari-
ations (such as damaged or missing parts). The handbook also contain lists of the
articulation angles of major parts (such as the gun barrel or turret) for each target.

One of the most helpful sources of information were the original MSTAR CAD
model reports, created by Sverdrup Technology Inc. These validation reports were
created jointly with the CAD models in the late 1990s. Although these reports were
not without eccentricities, they served as a helpful supplement to the other informa-
tion.

Perhaps the most useful information came from the contemporary MSTAR pho-
tographs (such as the example shown in Figure 1.2b). In general, the visual infor-
mation presented in the photos allowed for rapid configuration of the CAD models.
However, some images were taken under suboptimal conditions, such as poor light-
ing and abundant shadows, which at times made it difficult to see the details in the
photos and limited their utility.

1.2.2.2 CAD Model Standardization

Before model truthing, a CAD model cleaning process was undertaken. Many vehi-
cles exhibited a mismatch between equipment that was present on the vehicle during
the collect and equipment represented on the CAD model. Accordingly, the models
were adjusted to have the appropriate items. Many models also contained residual
solids, or CAD objects that served as temporary stand-ins during the modeling pro-
cess (such as cylinders in place of wheels) that were necessary to remove.

The CAD models were also converted to a standard file format. Initially, the
computer models were stored in a format used by an outdated CAD model program.
This format was difficult to work with and the software lacked documentation. To

10
Approved for public release; distribution is unlimited



Deep Learning Techniques for SAR Data Augmentation 11

(@) (b)

Figure 1.2: An AFacet CAD model of a M60 tank (a) that has gone through the
iterative validation process described here. The image in (b) is one of the collected
images with which the CAD model was compared. Note the correct position of large
elements, such as the turret, and small elements, such as various hatches.

address this issue, the AFacet format [8] and associated software tools were devel-
oped in-house. In contrast to the binary format of Modelman files, the AFacet format
consists of text files that describe the target and break it into separate part assemblies.
Using this format, individual part assemblies can be added, removed, and articulated
separately. AFacet also supports conversion to industry-standard CAD file formats,
such as .stl and .obj.

To increase the utility of the models, electromagnetic material properties (such
as those of glass, metal, or various man-made materials) were assigned to each sur-
face. Many of the specific values for these properties were derived from in-house
material properties libraries. Because electromagnetic waves interact with each ma-
terial differently, the addition of material properties greatly increases the fidelity of
simulation results.

1.2.2.3 Iterative Model Validation

The final step in achieving good computer models was to compare each model to
the available MSTAR truth information over several iterations. This was done with a
human in the loop, as automated processes were unable to effectively compare the 2D
images to the 3D model at the desired fidelity. Each truthing step involved attention
to ever-finer details due to the wavelengths used in the electromagnetic simulation.
Because simulations for the SAMPLE dataset were carried out with a radar center
frequency of 9.6 GHz, the median wavelength was on the order of one inch (3 cm).
In general, electromagnetic waves interact strongly with features that are larger than
one wavelength. Thus, it was important to pay attention to the position of objects
down to this size.

This stage of model truthing was the most time-consuming, as it required hu-
man judgment and repeated assessments of each model. At times, the documented
truth was imprecise or self-contradictory. In these cases, a judgment call was made
to determine which source of data was most reliable. Over the course of several
passes, the CAD models eventually reached a point at which no major disagree-
ments between the truth data and the modeled vehicle could be detected. Due to this
validation, the fidelity of the models is very high relative to the MSTAR targets. An
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example of a validated model of an M60 tank can be seen in Figure 1.2. In theory,
this model fidelity directly affects the quality of the electromagnetic simulation and
the resulting SAR images.

At the end of this process, the CAD models were well-prepared for simulation.
Using simulation methods described in Section 1.2.1, a dense data dome was created
for each target, consisting of 360° in azimuth and elevations from 13.5° to 18.5°,
a range sufficient to cover the azimuths and elevations of the MSTAR targets of
interest. Radar pulses were computed every 0.04° in both azimuth and elevation and
included the 600 MHz bandwidth, centered at 9.6 GHz, that was used by the MSTAR
radars.

1.2.3  Image Formation

Matching the CAD models to the configuration of each target as it appeared during
the MSTAR collect was a key enabler of the SAMPLE dataset. By so doing, the sim-
ulated data domes contain information about each target in the microwave domain
in which radar operates. With this data, it is possible to create any number of SAR
images.

As stated earlier, a simulated SAR image is formed by computing the points
along a flight path at which a real radar would collect radar pulses to create the de-
sired image. These radar pulses are then extracted from the data dome and combined
into the phase history. The image is then formed from the assembled phase history
data.

The SAMPLE dataset includes a matching synthetic SAR image for every mea-
sured SAR image. Each of the measured SAR images in the MSTAR collect is the
radar view of a target at a given elevation and center azimuth angle. The files that
store these images include the complex-valued SAR image and detailed metadata
about the conditions under which the data was collected. Included in this metadata
are the elevation and center azimuth angle as well as the information required to
compute the resolution and number of samples, as described in Subsection 1.2.1.
This data was sufficient to reconstruct the necessary radar flight path corresponding
to a given SAR image, which then was used to create the radar data phase history.

A few preprocessing steps were used to make a more appropriate synthetic SAR
image. In particular, a Taylor window function with 77 = 4 and —35 dB was applied
to the phase history in order to minimize the contribution of sidelobes to the formed
SAR image. Because using such a window widens the mainlobe, the equivalent SAR
aperture (and corresponding flight path) was widened by a unitless factor of 1.184 to
compensate.

Inevitably, most of the points required to create the phase history did not lie ex-
actly on the evenly-spaced simulated points. Data at these points was well-approximated
using bilinear interpolation from the nearest four data dome pulses to the desired
viewpoint.

Monostatic SAR images were formed from the constructed phase history using
the far-field polar format algorithm, a widely-used fast Fourier transform-based im-
age formation method which was used during the MSTAR Program to form the SAR
images. Images were formed with an image size of 128 x 128 pixels with a pixel
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Range resolution 0.30 m | Bandwidth 591 MHz
Range pixel spacing 0.20 m | Center frequency 9.6 GHz
Range extent 25.8 m | Image size 128 x 128
Cross-range resolution 0.30 m | Polarization HH
Cross-range pixel spacing | 0.20 m | Elevations 14°-18°
Cross-range extent 25.8 m | Taylor weighting —35dB

Table 1.2 General parameters for the MSTAR image files, which are available in
the metadata of the publicly-released MSTAR dataset.

resolution of approximately 0.2 m in each direction. While most measured images
were already 128 x 128 pixels in dimension, the rare larger exceptions were cropped
to this smaller dimension. Other image formation parameters are listed in Table 1.2.

Each measured image was aligned with its corresponding synthetic image to
ensure the best match of all parameters between the two images. As the position of
the vehicle within the simulated image is well-defined, the measured images were
aligned with the synthetic images rather than vice versa. For each image, a mask
around the target was formed using a non-parametric variance-based joint sparsity
method [9]. Outlier pixels were removed with a RANSAC-based [10] algorithm. All
pixels within each mask were then quantized into seven quantization levels, of which
the lowest two levels were set to zero. This produced a pair of quantized images
with reasonably similar shapes and magnitudes. The pixel offset between the pair
of images was computed using two-dimensional cross-correlation. The measured
image was circularly shifted by the pixel offset amount to align with the synthetic
image.

For the purposes of the machine learning techniques described in this chapter,
the complex images were converted into magnitude-only images. After converting
each image to magnitude by using the absolute value function, the image was nor-
malized to values between zero and one. An image normalization function was then
applied by taking the fourth root of each pixel (e.g., | x |1/4), which is a common
SAR image normalization technique that helps to make the details of the target stand
out more. Each normalized image was saved as a loseless image file for later use.
One image of each measured MSTAR vehicle and the corresponding synthetic SAR
image are shown in Figure 1.3.

1.3 Deep Learning Evaluation and Baseline

Due to the combinatorially large number of possible views of a given target, auto-
matic target recognition in SAR imagery is a difficult task. It is simple enough to
build a classifier for a subset of the space, such as the MSTAR dataset. Several papers
have reported 99% classification accuracy on MSTAR classification tasks, where the
training dataset consists of images collected at 15° elevation and test imagery is from
17° elevation [4, 5, 6]. However, the problem of domain adaptation quickly becomes
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(a) (b)

Figure 1.3: A set of measured MSTAR images (a) and corresponding synthetic SAR
images (b) as seen from 17° elevation and 160° azimuth. Each small image within a
larger figure represents one of the ten targets from the SAMPLE dataset, with targets
presented in the same order in subfigures (a) and (b).

relevant when the training and testing data are not well-matched. The difference
between synthetic and measured data domains is a prime example of this mismatch.

To illustrate this issue, the t-Distributed Stochastic Neighbor Embedding (t-
SNE) [11] was calculated on the measured and synthetic portions of the SAMPLE
dataset, which was introduced in Section 1.2. The t-SNE algorithm is designed to
help visualize the clustering of data in high-dimensional datasets in a comprehen-
sible two-dimensional plane. Points that are close together in the full-dimensional
space tend to cluster together in the t-SNE projection, which makes t-SNE a conve-
nient way to visualize the approximate separability of a dataset. The class label of
individual points is not used when computing the t-SNE, but it often beneficial to
add the class labels after t-SNE is computed to aid in graph comprehension.

To visualize the measured and synthetic portions of the SAMPLE dataset (which,
as the reader should recall, was designed from the beginning to be as well-matched
as possible), a DenseNet [12] classifier was trained on the measured SAMPLE im-
ages. Using the trained network, multi-dimensional features were extracted from the
network at the layer before the fully-connected classification layer. A joint dataset of
features was computed for both the measured and synthetic portions of the SAMPLE
dataset. All features were then used as inputs to t-SNE, which computed the two-
dimensional embedding for each feature point. The embeddings were then separated
according to the source of the image (measured or synthetic) and class labels were
assigned. The measured t-SNE embeddings were plotted in the graph shown in Fig-
ure 1.4a, while the synthetic embeddings were plotted in Figure 1.4b.

As can be seen, the points representing each class cluster fairly well for the real
images represented in Figure 1.4a. However, this separability decays for the syn-
thetic points in Figure 1.4b. Because the two embeddings for the two sets of points
are the output of the same network, this difference between the graphs suggests that
even with great effort to match the collected imagery, the gap between the two do-
mains is nontrivial.

To further illustrate the point, a DenseNet network implemented in PyTorch was
used to classify measured SAR images. The DenseNet was modified to accomodate
monochromatic images. The first MaxPool layer was also replaced with an adaptive
MaxPool layer to allow for smaller input sizes. In the rest of the chapter, these
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same modifications were made to accommodate the SAR images from the SAMPLE
dataset.

Two experiments were performed. In the first, the classifier was trained on mea-
sured data, while in the second, the classifier was trained on synthetic data. Mea-
sured images were then classified with these trained networks. In each experiment,
the DenseNet was trained on randomly sampled batches of 64 images. The Adam
optimizer [13] was used with learning rate «=0.001 and beta parameters 3;=0.9 and
B>=0.999. Training was carried out for 50 epochs, several epochs after the validation
accuracy has reached near-perfect levels, in accordance with theoretical results in
the machine learning literature [14]. Training data consisted of SAR images at 17°
elevation, while test data was the measured data collected at 15° elevation.
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Figure 1.4: A comparison of the synthetic and measured images from the SAM-
PLE database, as represented by the t-Distributed Stochastic Neighbor Embedding
(t-SNE). In (a), the t-SNE embeddings for the measured images are plotted, while
(b) shows the embeddings for the synthetic data.

In the first experiment, a near-perfect test classification accuracy of 97.5% was
achieved, as shown in Figure 1.5a. This accuracy is well in line with results reported
in the literature [4, 5, 6]. The success of this network is due to the extreme similar-
ities of the train and test dataset, in that both the train and the test data comes from
the same vehicle and the same collect. Because of this, the only major difference be-
tween the two datasets is the elevation at which it was collected. Due to the nature of
the MSTAR dataset, operating conditions such as weather, target articulation, radar
characteristics, ground type, and many more were essentially the same for the train
and test sets of images.

In the second experiment, where the DenseNet was trained on synthetic data and
tested on measured data, the strong performance of the first experiment was signifi-
cantly degraded. The confusion matrix in Figure 1.5b shows that the accuracy of the
network dropped to 51.5%. This illustrates the same point as the t-SNE embeddings
in Figure 1.4 - namely, that the two domains are distinct and not easily bridged.

While more sophisticated and SAR-specific networks may provide better classi-
fication performance on this problem, the point is that even well-matched synthetic
and measured data can have significant differences that hurt the generalization of
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Figure 1.5: A comparison of using synthetic and measured data to train a classifier.
In (a), a DenseNet was trained using measured data, while in (b) the same network
was trained with synthetic data. The confusion matrix shows the performance when
classifying measured data with each network.

ATR algorithms. Despite great effort devoted to matching CAD models to collected
truth, there will always be a mismatch between the two domains due to judgment
calls, approximations made by computational electromagnetic software, and inaccu-
rate truthing information. These imperfections motivate the use of machine learning
to try and bridge the measured/synthetic gap.

In the rest of the chapter, several techniques will be presented, each of which
aims to make measured and simulated data more interchangeable. As experimen-
tal results are presented, DenseNet classification results will be presented and com-
pared to the cross-domain performance presented in Figure 1.5b where appropriate.
DenseNet classification can appropriately be applied to techniques in which the syn-
thetic data is altered to look more like measured data in some way. For example,
layer retraining (Subsection 1.4.3) autoencoder-related techniques (Subsection 1.4.4)
and generative adversarial networks (Subsection 1.4.5) all well-suited to direct clas-
sification methods (although the results presented with layer retraining do not use
the DenseNet architecture). In contrast, Siamese and Triplet networks (Subsection
1.4.6) do not directly adjust the data, but rather work to learn appropriate data repre-
sentations for both domains of data. As such, DenseNet results will not be directly
presented for these latter methods. Instead, ways to leverage Siamese and Triplet
networks as classifiers will be discussed.

1.4 Addressing the Synthetic/Measurement Gap with Deep
Neural Networks

For the reasons described in the sections above, the problem of augmenting a SAR
dataset with synthetic data is non-trivial, and no claim is made that the work in this
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chapter fully solves the problem. In essence, bridging the difference between the two
domains is a type of transfer learning problem.

Over the past few years, the authors have investigated several methods to address
the measured/synthetic SAR data gap. Before discussing machine learning algo-
rithms, a few data pre-processing routines are examined. These include a discussion
of data augmentation measures that are productive and sensible for SAR imagery
(Subsection 1.4.1) as well as a brief foray into SAR image despeckling techniques
(Subsection 1.4.2). Removing the speckle and background from SAR images is an
attractive pre-processing step that removes much of the non-target information from
SAR images; in theory, this information removal allows the network to learn target
signatures without undue influence from non-target portions of the image. On the
matter of data augmentation, some typical data augmentation schemes do not make
sense in the context of the physics of SAR images and will be advised against.

The remainder of the section discusses machine learning approaches to bridg-
ing the synthetic/measured gap. While space does not permit more than a cursory
overview of each method, the authors have published conference papers on each
topic, which are referenced in the appropriate section. These approaches include
layer-wise training of networks (subsection 1.4.3), autoencoders (subsection 1.4.4),
generative adversarial networks (subsection 1.4.5), and Siamese and Triplet net-
works (subsection 1.4.6). Each subsection discusses the architectural concepts of the
network, including any major modifications made to support radar data, and presents
results using the network to solve the synthetic/measurement gap.

While several approaches have been taken by the authors, much work remains
to effectively use synthetic data when training machine learning classification algo-
rithms. Future developments will be published by the authors as they become viable.

1.4.1 SAR Data Augmentation

In the machine learning community, a number of data augmentation techniques are
generally prescribed as a way to help expand the variety of the dataset in a computa-
tionally inexpensive manner. Some of these methods are ineffective with SAR data,
because the image formation process ensures that the structure of the image data is
somewhat constrained.

Flipping, rotating, and scaling transformations, in particular, are inappropriate
for use with SAR data. SAR images may be formed such that the illumination from
the radar is seen from a constant direction in the image. As all images can be formed
this way, flipping or rotating images merely creates additional views of the target that
may be avoided in the image formation algorithm. Likewise, the measured spacing
between pixels is a defined parameter when forming images. Thus, scaling images
up or down does not add much value, as a scaled version of a given vehicle is unlikely
to be seen in operation.

Other traditional data preprocessing techniques are of more use with SAR data.
The position of the target within the image and the size of the image are not essential
characteristics, so cropping images around the center or translating the target within
the image are valid ways to augment the data. Image cropping tends to work well
when classifying images, because much of the background speckle noise is no longer
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available to provide non-target information to the network. Target translation can
also aid networks in learning position invariance. While there are many ways to fill
in data that is removed in translation, a viable way to do so with SAR imagery is to
circularly shift the image such that the edge that is removed from one side is added
to the other side. This is acceptable because the background contains no significant
information about the target, is often noisy enough to mask the discontinuity between
the two edges, and should not produce a measurable effect on the classification of
the image.

Data augmentations that modify the pixel values in images are also appropriate
for use with SAR imagery. Adding random noise to images can help with classifi-
cation robustness as well as aid convergence in generative techniques. Transforming
the range of pixel values to lie between -1 and 1 is also good practice, as it ensures
that all pixels are in the same order of magnitude and prevents extreme gradients
within the network.

1.4.2 Mathematical Despeckling

When viewing a SAR image, it is apparent that the brightness distribution of the
image is not smooth, but rather composed of complicated granular patterns of bright
and dark spots. This salt- and pepper-like noise, which is called speckle, is the
result of the radar illuminating a surface that contains features that are rough when
compared to the length of the illuminating wavelength. For example, it is common
in SAR for the resolution cell to be at least an order of magnitude larger than the
transmitted wavelength. The coherent summation of returns within the imaging cell
from objects much smaller than the cell create a return pattern of varying intensity.
Speckle noise varies based on the environment being imaged. From one image to the
next, even if the same target is being imaged, speckle noise is independent.

Despite the independence of the speckle noise, machine learning systems have
a huge capacity to fit a model to data. The nature of convolutional networks also
means that these networks don’t inherently possess the ability to focus on one area
of an image in particular. As such, machine learning networks can easily learn to
categorize images based on the background rather than the actual target, which is an
obvious impediment to generalization.

One way to mitigate this problem is to eliminate the background clutter and
speckle. This is an important task, as the clutter found in measured data is indepen-
dent of the the simulated clutter found in synthetic data.

Understanding speckle requires a detailed examination of the properties of elec-
tromagnetic waves after they have been reflected or scattered from rough objects
[15]. Because of the difficulty in understanding such details of the small scale struc-
tures of the complex wavefronts leaving the objects, it is common to instead generate
a statistical speckle model. Such models predict the statistical properties of intensity
over an ensemble of different rough surfaces with the same macroscopic properties,
but different in microscopic detail. There are many examples of speckle models in
the literature[9, 16, 17, 18, 19, 20, 21, 22].

A statistical model of speckle can be derived from first principles. Speckle ap-
pears in images as a multiplicative noise term that affects the radar cross section of
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each pixel [23]. The intensity of the multiplicative speckle term is characterized on
a per-pixel basis by a negative exponential distribution. If the radar cross sections
are known, then the speckle can be fully characterized using first order statistics
[23]. These statistical characteristics can then be exploited by speckle reduction
techniques.

Speckle reduction methods can broadly be categorized as image formation tech-
niques or postprocessing methods. Reducing speckle during image formation is typ-
ically more flexible, as the techniques are applied to unprocessed data. Even so,
postprocessing is also an important signal processing technique that can help filter
irrelevant information from images.

When raw data is available, image formation despeckling techniques, including
regularized inversion [22], variational methods [19, 21], and sparsity-based methods
[9], are best able to preserve the information in the SAR image while removing
speckle. These algorithms leverage the data to inform how the speckle noise should
be reduced, all prior to introducing assumptions that affect the final image. Statistical
speckle models and other prior knowledge about the scene may also be included
when forming the image.

After the SAR image has been formed, postprocessing methods, such as filtering
[17], multi-look averaging [16] and quantization [24, 25, 26], affect the individual
pixels of the image in advantageous ways. These methods typically are much faster
computationally, but tend to reduce the amount of relevant information within an im-
age. Often, the target in a postprocessed image loses its structure and edges become
blurred, which diminishes the information.

Qi it
(b)

Figure 1.6: (a) Speckled images. (b) VBSJ IFT. (c) VBJS IFT with the quantization
PPM. Here n = 10. (top) Measured SAR data. (bottom) Matching synthetic SAR
data.
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One useful image formation technique is high order regularization, which was
posed in [27]. In [28], speckle reduction via high order regularization was explicitly
studied and it was shown qualitatively and quantitatively that this technique success-
fully reduces speckle in SAR imagery while maintaining target fidelity.
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Given SAR phase history data f € CM and model F € CV*M that maps the data
to the image, this high order regularization technique is defined as

. A A
e =angmin{ 1€l + 51177 - 1B} (1
fecN

Here, ||£™f||1 is the regularization term that encodes prior knowledge about
the solution into the system. The mth order sparsity operator L € RV projects
the solution into a sparse subspace. Minimizing (1.1) with respect to the ¢; norm
enforces a solution that is mostly zeros in the sparse subspace defined by £™. In
SAR, it is beneficial to allow £™ to map f into the space of sparse edges [29]. The
data fidelity term, ||Ff — f||3, enforces the solution to obey the physics-based data
model and A > 0 is the regularization parameter that measures the trade off between
the prior knowledge and the physics-based model. Typically A must be hand-tuned,
a drawback of most regularization-based IFTs.

Variance Based Joint Sparsity (VBJS)[9, 30] image formation was adapted for
speckle reduction of SAR imagery. This method eliminates the need to hand-tune
regularization parameters by exploiting the overlapping support of multiple mea-
surement vectors (images) in the domain where the signals are assumed to be sparse.
Figure 1.6b displays the result of applying the VBIJS technique to measured and
synthetic (top and bottom images of Figure 1.6a, respectively) SAR data.

An example of a postprocessing technique is quantization. This has been ex-
plored in many template-based classification algorithms [24, 25, 26]. There are two
main steps in the quantization procedure. First, a mask is placed over the area of
interest (Aol). In SAR images, the Aol is typically considered the target region, but
at times the shadow region is also included in the Aol. While it is a trivial exercise in
bookkeeping to generate such a mask for synthetic images, Aol masks for measured
data must be hand-drawn or discovered algorithmically. Algorithmic approaches, in
particular, are crucial when handling large datasets. After the Aol mask is given,
the pixels within the mask area are organized into n bins. It has been shown that for
SAR images n =4 [26] and n = 10 [24, 25] work well for template-based classifica-
tion algorithms. However, similar research has not been done for machine learning
classification algorithms.

Quantization can be applied after speckle reduction during image formation.
Figure 1.6¢ displays the result of applying quantization with n = 10 bins after de-
speckling the SAR images via the VBJS. Here, the Aol masks are an intermediate
output of the VBIJS algorithm.

To illustrate the merit of despeckling SAR images for classification, a DenseNet
[12] network was trained on four types of image types (Figure 1.7). The experiment
was run with images that were i) unaltered, ii) despeckled via VBIS, iii) despeckled
via VBIJS and quantized with n = 4, and iv) despeckled via VBIJS and quantized with
n = 10. The experiment was designed to show the performance of the classification
algorithm as a function of the amount of measured data available during training.
Various combinations of measured and synthetic data were used to train the network,
which was then used to classify measured data. Each combination of data is defined
by the fraction of the measured data that was included in the training set.
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For each experiment, the classification performance decreased as the percentage
of measured training data decreased, and, simultaneously, the percentage of synthetic
training data increased. For each image type, performance dramatically dropped
when half of the training data were synthetic. However, Figure 1.7 shows that de-
speckling with the VBJS algorithm and the quantizing the result into n = 10 bins
yields the highest classification performance when more than 35% of the training
data are synthetic.

Classification Experiment Results
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Figure 1.7: Classification performance as the percentage of measured data within the
training set decreases and the percentage of synthetic data used for training increases
for four different image types.

Note that it is unfair to compare the despeckled results to the results on unaltered
images because, with the original data, the classification algorithm has the opportu-
nity to learn not only the target signatures, but also the environment parameters that
dictate the speckle noise. As all of the measured data was collected under similar
conditions, there is a significant amount of shared information among these images.
That shared information is attenuated by the despeckling process. Yet in the context
of classification, this focused removal of information has the potential to broaden
network generalization by allowing the network to solely focus on target signatures.
Because the two types of images serve different purposes, the classification perfor-
mance on the unaltered and despeckled images is not directly comparable. Even still,
these results show that SAR image despeckling techniques are a promising prepro-
cessing technique for deep neural networks[31].

1.4.3 Layer Freezing and Layerwise Training

Based on the classification performance of networks that are trained on synthetic
data and tested on measured data, it is clear that there is a fundamental disagreement
between the two domains and how each target is represented. The scattering in SAR
is predominantly local and predominantly specular, which means that flat surfaces
are generally not seen in radar returns[32]. However, at the rare viewing angles
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where specular surfaces are visible, simulations tend to overpredict the amplitude of
the return. These differences in the geometry of the model vs. the real target and
the fact that the prediction codes are approximate create a gap between SAR model
predictions and target measurements. Unless accommodations are taken as part of
the data preparation and CNN design process, these difference between synthetic and
measured data can degrade the performance of the classifier.

While CNNs have shown success on classification problems in multiple do-
mains, limited data is still an issue. Transfer learning techniques [33], in which
information from a network trained with large amounts of data is adapted to a prob-
lem with limited data, is one way of dealing with this limitation. One popular tech-
nique is to use layers of a network trained on a rich dataset, such as ImageNet[34],
then retrain just the fully-connected classification layers on the new data while keep-
ing the feature extraction layers frozen. Unfortunately, an analog to ImageNet is not
available for SAR, so this particular method is ineffective for the problem at hand.

Despite the differences between measured and synthetic data, there are still
many similarities between the two datasets, and neural networks certainly have the
capacity to leverage that shared information. The experiment in this section lever-
ages a simple CNN architecture based on LeNet [35] to perform joint domain train-
ing. The different layers of the network are presented with data from either the
measured or the synthetic data in order to learn features from both domains. In gen-
eral for these experiments, some or all layers of the network are trained primarily on
synthetic data, while measured data is used to train the first layers. By so doing, the
layers nearest the input learn information that is unique to the measured data while
the later layers learn the overall structure of the targets.

Although more recent architectures such as ResNet[36] and DenseNet[12] have
shown improved classification performance and faster training convergence, the sep-
aration of lower and higher layers in the network architecture is less clear. In the
more advanced networks, the layers become mixed either through skip connections,
such as in ResNet, or through the concatenation of early layers with later layers, as
in DenseNet. LeNet’s simple architecture is straightforward to analyze as the small
number of layers can be more easily interpreted as corresponding to simple/local
to more complex/global features. However, the LeNet derivative architecture used
for this study is updated with advances since the LeNet architecture was developed
including batch norm[37], dropout[38], and layer widening[39] to provide higher
performance.

During training, the network (shown in Figure 1.8) was presented with several
combinations of measured and synthetic data. The training began with a simple
50/50 split of both data domains into training and testing. During testing, the syn-
thetic test data was not used. Furthermore, measured data for the T72 and ZSU23
were excluded entirely during training. By so doing, this experiment serves to test
the ability of this transfer learning strategy to leverage synthetic information to cor-
rectly classify measured data.

Each experiment was defined by the set of layers that were trained only on mea-
sured data, the set trained on synthetic data, and the set of layers trained on both
types of data. Each training batch was presented to the network in up to three parts
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Figure 1.8: Illustration of the architecture used in this study including the composi-
tion and parameterization of each layer.

(namely measured, combined, or synthetic data). Notationally, this procedure is de-
fined as a combination of Ms¢/-0f-lavers  xset-of layers apq gset-oflayers pegpectively,
where set_of _layers denotes the layers of the architecture that were trained with
that data. The layers not indicated by the notation were frozen during that stage of
training. For example, M'23% denotes that all layers of the network were trained
and updated by measured data. M'?**$% denotes that the CNN was trained initially
with measured data on all layers, then subsequently trained with synthetic data where
only layers 4 and 5 were updated and the first three layers were frozen. §'23¥x1§2345
denotes that the network was trained with synthetic data on all layers, then the first
layer was trained with mixed measured and synthetic data, and finally the last four
layers were trained with synthetic data while layer 1 was frozen.

For each training stage of the training sequence, stochastic gradient descent
was used to optimize the weights, with an initial learning rate of .001 on a cosine
weighted schedule [40]. The batch size was 21 and the number of epochs was 150.
A cross-entropy loss function with soft targets[40] was used.

Thirty different training sequences were evaluated and are given in the table in
Figure 1.9a. Along the top of table are the headings: Layer 1; Layer 1,2; and Layer
1,2,3. These denote the layers that are frozen for synthetic data and updated for
the measured or mixed data, which is also represented in the notation in the table.
The headings on the left side of the table describe the training sequences used for a
particular training strategy.

For each experiment, the results are presented in the corresponding cell in Figure
1.9b. The first number in each cell indicates the classification performance across all
ten measured targets, including the held-out T72 and ZSU23. The second number
presents the accuracy on just the held-out classes. The results in the first row titled
“Mea - All Targets” demonstrates that the CNN architecture is capable of getting
near-perfect results given measured training data for all targets. The rest of the results
correspond to networks that were trained on all classes of synthetic data and eight
classes of measured data.

The table illustrates that the “Layer 1” column outlined in red gives the highest
second percentage, or transfer learning performance, for the T72 and ZSU23. It also
illustrates that the “Layer 1,2,3” column gives the best total measured performance
but at the expense of the transfer learning performance. In addition, the “Syn, Meas,
Syn” row outlined in blue gives the best overall performance of all the sequences
tested. The results represented by the experiments at the intersections of the two
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Figure 1.9: A description of the thirty different experiments performed (a) and the re-
sults (b). For the results, the first number gives the overall classification performance
when tested on measured data, while the second number gives the performance on
the withheld T72 and ZSU23 classes.

red columns and the blue row outlined in black are further detailed by the confusion
matrices shown in Figure 1.10.

Based on the results in Figure 1.9, the first layer has the most generic and most
transferable features. In contrast, when the third layer is included, the features be-
come less transferable but more discriminative. These observations are consistent
with layer complexity analysis performed using layer visualization for visible wave-
length sensors[41]. Note that the M2 target was problematic. For the layer 1 exper-
iment in Figure 1.10a, the M2 clearly had poor performance, and in the layer 1,2,3
experiment in Figure 1.10b, the M2 was a clear confuser for the ZSU23.

Although thirty different training strategies were compared and clear trends
were observed, there are clearly many additional training strategies and networks
that could be investigated using these training principles. The absolute numbers,
though encouraging, are likely not reflective of current state of the art or future po-
tential. Even so, care was taken in the experimentation so that relative performance
numbers are informative. The lessons learned from building on the two trends of
layer transferability sequence transferability (represented by the columns and rows
of Figure 1.9b respectively) may provide fruitful directions for future research in
transfer learning as applied to the synthetic/measured gap challenge.

1.4.4 Autoencoders

Autoencoders are one of the simplest deep learning algorithms. This type of network
is designed to compress input data to a smaller representation, then decompress the
representation back to a close reconstruction of the input data. Autoencoders are
composed of a connected encoder and decoder network (see Figure 1.11), which
are generally fully-connected or convolutional networks. The loss metric for the
network penalizes reconstruction errors between the input and the reconstructed data.
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Figure 1.10: Confusion matrices corresponding to S'2¥M'$?% (a) and
M'BH5p1238% (b). The weighted accuracy for the withheld T72 and ZSU23 classes
in (a) is 73.4%, and the weighted accuracy in for the same two classes in (b) is 65.9%.

Autoencoder networks are useful because they extract the most salient features of
data and represent them as simple numerical vectors.

In theory, this power to extract the most salient features of an image can help
represent the two domains in a single, combined way. An autoencoder trained on
measured and synthetic data should learn to represent both domains, although im-
perfectly. While the latent representation of each domain would not necessarily have
any inherent adjacency for the two domains, the decompressed output of the autoen-
coder would represent, in some way, a unified image space. A classifier trained on
the decompressed data would then enjoy a measure of agnosticism to the source of
the data.

Latent
Vector

N

Figure 1.11: A graphical representation of an autoencoder. Autoencoders are com-
posed of layers that compress the input to a one-dimensional latent vector, then de-
compress the latent vector back to a reconstruction of the input. The structure of the
network is generally symmetric around the latent vector.

In practice, though, this is difficult to achieve. A simple autoencoder is not
sufficient to bridge the synthetic/measurement data gap. In particular, missing data
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(e.g., one target not being represented) in one of the two domains means that the
autoencoder is unable to effectively represent that target in both domains.

To show this, a convolutional autoencoder was trained with a mix of synthetic
and measured data, with the goal of learning an intermediate representation of the
data. Alternating batches of the two types of data were presented to the network
during training.An L2 loss was applied to the output of the network. This loss was
computed against both the input image and the aligned equivalent image in the other
domain, where available. By evaluating the loss against both images, the network
was encouraged to learn domain independence in its representation. After training
for 100 epochs, inference was performed on held-out data.

When the network was trained on all classes of data, the difference between
autoencoded synthetic and measured data was minimal, as shown in Figure 1.12a.
When measured data for two targets, the T72 and BTR70, was excluded from train-
ing, artifacts from the synthetic imagery were propagated during inference (see Fig-
ure 1.12b).

A DenseNet classifier was then trained on synthetic autoencoded data, then
tested on measured autoencoded data. Although the two autoencoded manifolds
should be very similar, the classification results show that this is not the case. In
particular, the classification accuracy for withheld classes (Figure 1.12d) was unim-
pressive, and even as bad as chance guessing for the T72.

As a more advanced architecture is clearly needed to address missing data, a
“manifold-joining autoencoder” was developed. This architecture, shown in Figure
1.13, builds on the idea of an autoencoder by adding a convolutional discrimina-
tor. The autoencoder portion of the network functions in a traditional way, i.e., by
reconstructing input data. The addition of the discriminator adds an additional re-
quirement that the autoencoded image look like measured data. Doing so encourages
the network to break the symmetry between the input and the reconstructed image.
When trained, the manifold-joining autoencoder serves to convert synthetic data into
the measured realm, where it can more efficiently be used to train a classifier for
measured data.

The manifold-joining autoencoder was trained in three repeated steps, each de-
signed to make a part of the architecture perform in a certain way. In the first step, the
discriminator was trained, using a binary cross-entropy loss, to distinguish between
unaltered measured and simulated images. By so doing, the network learned the dif-
ference between the two domains, which can provide useful gradient information at
later steps.

In the second step, the autoencoder was trained on synthetic images. A mean-
squared error between the input S and its reconstruction S was computed. The
output S was also classified by the discriminator as measured or synthetic, with a
“synthetic” designation penalized and a “measured” label rewarded. These combined
losses served as a gradient for the encoder and decoder portions of the autoencoder,
with the discriminator loss given a few orders of magnitude less weight. This step is
represented by the red arrows in the figure.

Finally, the synthetic image was passed through the updated autoencoder. S
was classified by the discriminator, and a binary cross-entropy loss was computed
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Figure 1.12: Output from an autoencoder designed to represent measured and syn-
thetic images in an intermediate space. Blocks (a) and (b) show sample images of a
T72. The top row shows the input images, while the bottom shows the autoencoded
images. The left column shows real images, middle shows synthetic images, and
the right shows the difference (autoscaled to emphasize differences; (b) has greater
disparity). For (a), all measured and synthetic images were present during training.
In (b), the T72 and BTR70 measured data was replaced by synthetic data. Blocks (c)
and (d) show confusion matrices when classifying the output of the autoencoder in
experiments in (a) and (b). Note the poor performance on the withheld targets in (d).

again. In contrast to the previous steps, this loss was only used to update the weights
of the decoder, serving to enforce a measured-like style to the images. This step is
represented by blue arrows in the figure.

After the model was trained, it was used to convert synthetic data to the mea-
sured domain. These outputs are shown in Figure 1.14, which shows a similar ex-
periment to that performed with the simple autoencoder. It can be seen that the
manifold-joining autoencoder does not blur the image nearly as much as the simple
autoencoder. A DenseNet classifier was trained on the adjusted synthetic images and
tested on unaltered measured images (in contrast to the simple autoencoder, where
train and test images were both autoencoded). The performance of this classifier is
given in the confusion matrices in Figures 1.14c and 1.14d for cases in which all
ten measured classes were present (1.14¢) and in which the T72 and BTR70 were
removed (1.14d). While the classification results in the withheld data case are not
impressive, there is potential for this architecture due to its ability to make synthetic
images look more realistic.
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Figure 1.13: A manifold-joining autoencoder. This architecture extends the tradi-
tional autoencoder by adding a discriminator network. The discriminator works to
distinguish between an autoencoded synthetic image and measured images, which
allows the network to adjust the style of the autoencoded image.

In summary, autoencoders show some promise in bringing the two domains to-
gether, but suffer from an inability to represent missing data. Adding a discriminator
to the autoencoder encourages greater variation in the encoded output, but this is also
unable to fully solve the problem. More details about the manifold-joining autoen-
coder are available in reference 42.

1.4.5 Generative Adversarial Networks

Generative adversarial networks (GANS) are a relatively new method in the field of
machine learning. These networks, which were introduced in 2014 by Ian Goodfel-
low and his collaborators[43], are designed to create new data that in some form
mimics the statistical properties of a given set of training data. Given a target
dataset, such as celebrity faces[44] or categories from the ImageNet[34] dataset,
a GAN can be trained that generates new, unseen data that (ideally) fit comfortably
and indistinguishably in the dataset. Since the introduction of GANSs, several varia-
tions of the architecture[45] and many theories to help train these inherently unstable
networks[46] have been developed.

In general, GANs are composed of generator and discriminator neural networks
(Figure 1.15) which, for imagery data, are typically convolutional networks. Train-
ing is accomplished by repeatedly presenting the networks with data from a target
dataset. The generator is tasked with learning to convert random n-dimensional vec-
tors to data matching the dataset. The discriminator, in turn, is tasked with distin-
guishing between data from the dataset and the generator’s output. In a descriptive
analogy offered by Goodfellow et al, the generator can be likened to an art forger,
whose goal is to create undetectable forgeries of the world’s great artists. The dis-
criminator plays the role of a detective, trying to discover which pieces are real and
which are fakes.

The loss function for a GAN is given by

mGinmng(D, G) =Eyp, () [10g(D(x))] +E,p. () [log(1 = D(G(2)))]
= IE)c~p,-(x) [log(D(x))} + ExNPg(x) [10g(1 - D(x))]

where G(z) is the output of generator network, D(x) is the output the discriminator
network, z is a multi-dimensional random input to the generator, p;, is the distribution
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Figure 1.14: Representative output from a manifold joining autoencoder. The figures
are set up in a similar manner as in Figure 1.12. Although the encoded difference is
greater than those in Figure 1.12, the stylistic attention to detail is encouraging and
the output of the autoencoder looks more like a measured image.

of z (usually uniform), and p,(x) and p,(x) are the probability manifold distributions
for the generated data and the target dataset, respectively. Via backpropagation, these
objectives direct the generator to create data that fits well with the dataset, while
simultaneously increasing the distinguishing power of the discriminator. It can be
shown[47] that, for a GAN with sufficient capacity, this training objective minimizes
the Kullback-Leibler divergence between po(x) and p,(x). This divergence metric
describes how similar two probability distributions are, with low values denoting
greater similarity. In other words, training a GAN creates a generator that is able to
mimic the distribution of data in the given dataset at some level.

SAR images generated entirely from scratch are likely to be physically unre-
alistic in comparison to data generated by computational electromagnetic software.
However, there are a few varieties of GANs that are well-suited to altering existing
synthetic data in useful ways. In particular, the class of image-to-image translation
GANS - such as Pix2Pix[48] and its extensions[49, 50, 51] - are formulated to trans-
late images between domains, such as from grayscale images to color. This type of
network can be used to translate synthetic SAR images to the measured domain and
are designed to preserve the structure of the original image through the transforma-
tion. In a similar vein, methods such as SImMGAN[52] aim to add realism to synthetic
imagery by making small alterations to the image but do not explicitly translate im-
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Figure 1.15: A diagram of a generic generative adversarial network. The network
shown here is designed to produce new images of handwritten MNIST digits. The
generator converts random noise into images that attempt to match the data from the
target dataset. The discriminator distinguishes between real and generated data.

ages between domains. SimGAN has been used by other researchers for similar SAR
image realism work[53].

As a brief example, this section explores DualGAN[49], which is based on
Pix2Pix, as a way to make synthetic SAR data more realistic by translating between
the two domains. Details of this experiment can be found in reference 54.

DualGAN[49], which is depicted in Figure 1.16, is designed to learn a map-
ping between two domains of imagery (e.g., real and synthetic SAR images). The
architecture consists of two identical GANSs, each assigned to one of the two data
domains. The generators are composed of mirrored downsampling and upsampling
convolutional layers with skip connections, in the style of U-Net[55]. In contrast to
an autoencoder, the skip connections preserve information about the original struc-
ture of the image by concatenating pre-downsampled information to the upsampling
layers, allowing the reproduction of important image details. The discriminators in
each GAN learn to distinguish between data from each of the domains, and provide
a gradient for the generators to generate data of the appropriate style. Importantly,
DualGAN does not require paired data samples during training, as some image-to-
image networks do. Instead, the generators learn the differences between the two
domains from the dataset as a whole.

Let Gy be a generator mapping from the synthetic to the measured domain, Dy,
be a discriminator that determines whether an image belongs to the measured domain
or not, and Gs and Dg be matching complementary networks operating on synthetic
data.

DualGAN training is accomplished by converting a batch of synthetic images,
S, to measured images with the measured generator, i.e., MS = Gum(S). The discrimi-
nator Dj; compares the translated images, M 5, with samples of measured images, M,
and computes the domain-specific loss accordingly. The translated images My are
then translated back to the synthetic domain, § = Gs(Ms). The difference between
S and $ is computed and weighted, creating the cycle-consistent loss metric. A sim-
ilar path, M — Gs(M) — Sy — Gy (Sy) — M, is followed for measured images.
As both paths through the networks are repeated, the network learns a symmetric
mapping between domains. Once trained, the generator Gy can translate synthetic
images to measured images.
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Figure 1.16: A schematic of DualGAN. The boxes denote the measured and syn-
thetic domains. Translation operations in each direction are shown; the label on the
arrow signifies a pass through a given generator. The first image in each chain is
a non-altered image. The next image in the chain shows the same image translated
into the other domain. Finally, the image is translated back into the original do-
main, completing the cycle. Loss metrics are defined between the reconstructed and
original images as well as via the discriminators in the GANs.

Initial experiments with the network as formulated showed that it was unable to
convincingly reproduce important details (e.g., the target) in the SAR images. After
further experimentation, the loss function in (1.3) was added to the generator loss.
This loss metric removes the | x |1/ * normalization applied to the images, causing the
bright parts of the image (namely the target) to pop out. This is then used as a mask
on the L1 difference between the input image and the reconstructed image. By so
doing, the network ensures that accurate reconstruction of the bright, target areas is
prioritized by the network, which leads to better retention of target features.

7Lk2|(ux)4 X (ux— Gy (ux,z)) | Vx € u,u, € {0,1} (1.3)

With a trained DualGAN network modified according to (1.3), the synthetic
images can be transferred to the real domain using the trained generator. As an
example of how well this method works, a DenseNet classifier was trained on the
converted synthetic data and tested on non-altered measured images. Randomly-
chosen images that were translated by the trained DualGAN, as well as the confusion
matrix for the DenseNet classifier, are presented in Figure 1.17.

While DualGAN is not the only GAN method by which synthetic data can be
made to look more like measured data, this example is representative of this method.
Further research is currently underway with other networks, including SimGAN [52,
53], BicycleGAN [51], and the Auxiliary Classifier GAN [56]. While space does
not allow for a detailed explanation of these algorithms, the approach is similar to
that presented here. For more details on the application of these networks to this
problem, please see references 54 and 42.

31
Approved for public release; distribution is unlimited



32 Deep Neural Networks for Radar Applications

Accuracy: 71.42%

o> [ 135% 856% 090% 000% 315% 180% 360% 405% 135%
i

’
<&

o {578% L16% 173% 347% 231% EEH 751% 173% 289% 116%
B

©]222% 056% 000% 11% 000% 611% CIRREH 111% o0s6% 222%
¥

&1419% 000% 0a7% 372% 372% 326% 0.93% [CREEY 0.00% 1395%
E

@ |137% 000% 000% 000% 183% 000% 274% 1416% o.4o% LEKEH
N
&

True label

P R N P D )
R & F S g

Predicted label

(a)

(b)

Figure 1.17: (a) A confusion matrix showing the results of classifying measured im-
ages with a DenseNet trained on synthetic images that were altered by the DualGAN
network as described in this section. Compare these results to those in Figure 1.5b.
All classes of measured data were used in training the Dual GAN. 75% of the syn-
thetic data were used to train the Dual GAN, while the other 25% were altered using
the trained DualGAN network and used to train the classifier. (b) A random sample
of one image from each of ten classes. The first and fourth rows show original syn-
thetic images, S. Rows two and five show the conversion to the measured domain,
Ms. The remaining rows show the conversion back to the synthetic domain, S.

1.4.6  Siamese and Triplet Networks

While CNNs have shown great classification performance in general, their main
weakness lies in their lack of ability to generalize [57].° Differences between the
training and test data (such as the difference between measured and synthetic SAR
data) lead to poor performance even with networks that have been carefully trained
and exhibit good validation accuracy. CNNs simply are not well-suited for evaluat-
ing data outside of the domain on which they were trained. The confusion matrix in
Figure 1.5b is a prime example of this problem, showing that a DenseNet trained on
synthetic data is inadequate for classifying measured data.

Siamese and Triplet neural networks are classification networks designed to
learn about data from two domains. These networks are presented with sets of im-
ages from each domain and learn to identify whether these sets represent the same
or different class of item. The output of both types of network indicates whether the
inputs belong to the same class or not. However, this binary decision can be trans-
formed into a more traditional classification decision. Siamese [59, 60, 57, 61, 62]
and Triplet [63, 64] networks consist of two and three identical neural networks, re-
spectively, which share weights. By jointly sharing and updating the weights, the
networks are able to form a shared representation of all the data. The classifica-
tion layers at the end of the network enable it to identify data from matched and
unmatched classes.

3Reference [58] shows a test of SNN generalizing but doesn’t explicitly describe the CNN weakness.
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These networks are an attractive way of solving the measured/synthetic gap be-
cause, rather than transforming the data before training a classifier (such as the case
with GANs in Sec. 1.4.5 and autoencoders in Sec. 1.4.4), they are able to learn from
both data manifolds and reach a decision despite the differences in the data.

1.4.6.1 Siamese Neural Network

A Siamese neural network (SNN) combines two neural networks (or twins) that have
the same architecture. The network takes two inputs, one for each twin. The inputs
represent either a true pair (for example, the images represent the same class) or a
false pair (for example, the images represent different classes). Each twin’s network
has the same weights after training.

The loss function for the SNN is a similarity distance metric (such as the Eu-
clidean distance between feature vectors), the value of which is “small” for the same
type (class or model) of input and which is “large” for a different type of input. When
training the network, each pair is classified by a value c that indicates whether the
inputs are from the same class or not. Let ¢ = 1 denote a true pair and ¢ = —1 a false
pair. Then for a given threshold 7 for the margin of separation, the hinge-contrastive
loss function (a common Siamese network loss function) [65] is calculated as

l:(Hz—c>x+(1;c>max{0,r—x}, (1.4)

where x is a distance metric between the embedded features produced by each twin
network. It is evident that / = x for a true pair and / = max {0, 7 — x} for a false pair.
The parameter T ensures that the network learns to separate true and false pairs by at
least a given margin.

The number of pairs presented to the network is a function of the number of data
points presented to each twin network, as well as the distribution of those data points
into classes. Let there be N classes. Let m;, i = 1,...,N be the number of images
presented to twin 1, and let n;, i = 1,...,N be the number of images presented to
twin 2. Then the total set of images for twin 1 is X', whose size is |X| = Y'Y m;,
and the set presented to twin 2 is ), whose size is |V| = Zﬁ.vzl n;. Assume that any
true-pair combination of x € X and y € ) is not a duplication. Then the number of
true pairs is

N
Mye = Zminia (1.5)
i=1

and the number of false pairs is

N N
Mfalsezzmi< Z nj) . (1.6)

i=1 Jj=1,j#i

If the number of images for each target i in X and ) is balanced, then m; = n; for all
i=1,...,N. Then (1.5) and (1.6) become

N
Mie = Y m} (1.7)
i=1
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and

N N
M5 = Zmi ( Z mj) , (1.3)

i=1  \j=Lj#

respectively. It is clear that the number of inputs My, + Mgyse for training a SNN
grows approximately quadratically (depending on the distribution of images within
classes) with | X'+ |)).

Training the network involves generating pairs of SAR images for all targets;
each pair is labeled as true (same class) or false (different classes). Ideally, all pairs
would be composed of measured SAR data, as it is more self-consistent. Because
this is generally not possible, one can augment the input data with synthetically
generated SAR data. The full dataset need not be presented to both paired networks,
which would be an exhaustive pairing of every image in the dataset with every other
image. Doing so results in (5) pairs, which can grow into the millions of pairs for
more than a few thousand images and, in turn, increase the network training time
dramatically. Instead, sets of data for each twin network should be chosen to present
the data to the networks in some balanced fashion. For example, some pairs can be
formed with one measured and one synthetic image of the same target, with a given
ratio of measured and synthetic images, or to represent each class equally among all
the pairs. After the pairs are constructed, the network is trained by presenting each
pair to the twin networks and computing the forward pass through the convolutional
layers and the similarity metric. Because the twins share network weights, the weight
update is a function of the output of both networks.

Once the SNN is trained, there are two options for testing. The first, straight-
forward option involves matching an unknown image to one representative image
from each trained class. Each of the N known images is paired with the unknown
image, and each pair is presented to the network. The N scores from the SNN are
compared with each other to determine which, if any, of the known targets is a good
match for the unknown image. Zero, one, or many targets may be a good match
for the unknown image, and further logic (for example, best score) could be used to
make a class determination. Because the choice of representative image could affect
the scoring, this mechanism could be repeated with a set of k representative images,
producing k x N pairs and evaluations, and incorporate more complex decision logic.
An example of such a classification system is shown in Figure 1.18.

The other option utilizes one of the twins (as each twin network has the same
weights) and adds one or more fully-connected layers to the end. The pre-existing
weights are then frozen and the newly-added fully-connected layers are trained on
the existing data to create a traditional classifier.

As an example of how a Siamese network may be used, this architecture was
trained on pairs of data from the SAMPLE dataset [58]. A modified AlexNet [66]
CNN was used for each twin’s architecture, with each convolution’s weights initial-
ized with a zero-mean Gaussian distribution with a small variance (0.01 or 0.05 in
different experiments). This experiment consisted of data from five measured tar-
gets for training and testing and had a classification accuracy of 80.96% (see Figure
1.19). Experiments using synthetic data have not achieved classification accuracies
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T/F Sequence
-1-1,+1

Siamese

Neural 1.89,1.56,0.024
Network

T7Z T
Measured Image Predictor —*

i n
Model Database BTR7Q

72
Representative Images
(to loop through)

Dist. Sequence

Figure 1.18: An example of a Siamese-based SAR ATR in which an example im-
age of each vehicle type is compared to an unknown image. Those scores below a
threshold of 1 indicate a match (that is, “+1”). The best match results from taking the
minimum score from all the matches. Finally, the predictor identifies the class cor-
responding to the best match, in this case the T72. This figure is from reference 58.

that are better than chance. Experiments using all ten targets have had a similar lack
of success.

Accuracy: 80.96%

P 0.00% 0.00% 0.15% 0.75% 0.00%
5
<

0.00% 0.00%
0.00%

0.00% 0.00%

o 014% 5.76% 0.00%

| 4129%  11.66%  0.00%  12.62%  34.43%  0.00%
¥

<& & & & &

Predicted label

Figure 1.19: Siamese neural network classification results for a five-class problem.
The network was trained on the first three targets and tested on the five targets shown
in the confusion matrix. Note that this type of classifier features a “No Match” label.

1.4.6.2 Triplet Neural Network

A Triplet neural network (TNN) combines three neural networks (or triples) that have
the same architecture. Triplet networks follow a similar training and data paradigm
as Siamese networks—triples of data are constructed for training, and each network
takes one of the images in the triple during training. As in Siamese networks, the
three networks all share weights. The three images within the triple are designated
the “anchor,” “positive,” and “negative” [67]. The triple combines the positive and
negative pairs seen in Siamese networks into one group, where the anchor—positive
pair is a true pair and the anchor—negative pair is a false pair. As is the case with
Siamese networks, the three networks share the same weights. Both the anchor—
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positive pair and the anchor—negative pair are combined by a distance metric, and
these two intermediate values are then combined to create an overarching loss func-
tion. Just like for the SNN, the distance should be small for the anchor—positive pair
and large for the anchor—negative pair. As described in [68], an advantage of a TNN
over an SNN is not having to know from which class two images are; rather, the
network just needs to have information on whether the classes are the same or not.

As opposed to a SNN loss function, a TNN loss function generally takes into
account the Euclidean distances between the output of the anchor network and the
positive and negative networks. That is, as in [64], suppose Net(X) represents the
output of a Triplet network given one image in the triple (X,,Xp,X,). The Euclidean
distances for the anchor—positive network pair and the anchor—negative network pair
are, respectively,

dyp = ||Net(X,) — Net(Xp)||2 and (1.9a)
dan = || Net(Xa) — Net(Xn) |2 (1.9b)

These Euclidean distances are then used to define a triplet loss function. One com-
mon iteration of this loss is

l=dy,—dy + o (1.10)

for some margin ¢ [67]. This loss function encourages a large distance d,, between
the X, and X, images, which are dissimilar, and a small distance d,, between the
X, and X, images from the same class. The o parameter drives a distance of /&
between the two metrics.

A second common triplet loss function is

1= [|dp, dn — 113, (1.11)
where
e
dp = S and (1.12a)
ot
dy, = e (1.12b)

as provided in reference 64. The loss function in (1.11) has a similar aim as (1.10),
pushing d, toward a value of 1 and d, closer to a value of 0. Like the first loss
function, this encourages the metric between the anchor and positive images to be
small and the metric between the anchor and negative images to be large. In contrast
to SNN loss functions, the loss functions (1.10) and (1.11) do not require explicit
positive and negative labels; rather, these labels are inherent to the network.

Additional loss functions for TNNs are defined and investigated in [68]. The
authors describe two categories of loss functions as “difference losses” and “ratio
losses,” such that the positive and negative distances between the anchor—positive
and anchor—negative networks, respectively, are compared by either differences or
ratios, respectively.

At the time of writing, the authors have yet to perform significant, reportable
experiments with a Triplet neural network, as they are still performing experiments
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with Siamese networks. Nevertheless, a discussion of the theory of these networks
is advantageous in this context for completeness. The number of possible triples
(Xa,Xp,Xn) is also a limiting factor to experimentation. For N classes each with n
images, the number of possible experimental triples is N X (nfi'z)' x (N —1) x n. For
this reason, it is even more computationally intensive to experiment with this type of
network than a Siamese network.

As with a SNN, there are two options for TNN testing. At the time of this
writing, the writers have not fully investigated discrimination with Triplet networks,
due to complexities in choosing anchor-positive and anchor-negative images and
the size of the problem for non-trivial numbers of classes. However, classifica-
tion may be performed much the same as with a Siamese network. For classifi-
cation, a few fully-connected layers can be appended to one of the trained Triplet
networks, and the fully-connected layers can be trained perform classification. In
order to leverage the inherent functionality of the Triplet network, however, further
exploration is required. Assuming that the unknown image is the anchor image, the
prime difficulty lies in identifying a viable positive match to an unknown image.
As anchor—negative—negative triples are far more probable than the ideal anchor—
positive—negative triples, additional logic must be developed to effectively utilize
the functionality of TNNs for classification.

1.5 Conclusion

The work of automatic target recognition for SAR is still a work in progress. The dif-
ficulties posed by this particular imaging method, including poor resolution, limited
data, and the challenge of accurately creating simulated data create a challenging en-
vironment in which to work. In particular, the gap between synthetic and measured
SAR data poses many challenges for deep learning classification systems, particu-
larly due to the small size of available datasets.

Although the approaches in this chapter do not fully solve these challenges,
they nevertheless represent an encouraging direction in which deep neural networks
can help solve the measured/synthetic gap. This work with mathematical despeck-
ling methods, autoencoders, layer retraining, generative adversarial networks, and
Siamese networks represent a wide variety of possible approaches, and many more
deep networks are available in the literature. Despite limited success to this point,
these other approaches provide fertile ground on which to expand this work.

The authors acknowledge the hard work of many interns on these various projects,
including (alphabetically) Julia Arnold, Michael Cline, James Cunningham, Omar
DeGuchy, Devon Dollahon, Robert Friedlander, John Kaminski, Jennifer Liu, Bren-
dan O’Connor, Joseph Sebastian, and Amy Wong.
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