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EXECUTIVE SUMMARY

The work discussed in this report is part of an overall research program (WU 1Y36, FY22-FY24, PI:
Raj) which is focused on the use of machine learning and in particular generative methods to enhance
radar imaging performance under reduced spatio-temporal-spectral diversity scenarios. Here we report
on the incorporation of a novel contextual Generative Adversarial Networks (GAN) algorithm within a
backprojection imaging framework. The proposed contextual GAN algorithms aims to provide a means
of completing missing spatial frequency (K-space) information in a manner that is both physically relevant
and consistent with the actual scattered electromagnetic field measurements observed for a particular scene.
During FY23 developments were undertaken to provide initial proof of concept of the proposed algorithms.
Specifically the following accomplishments were made:

* Construction of relatively large-scale training sets using computational electromagnetic simulations
for simple target classes.

* Design of appropriate Deep Neural Network (DNN) architectures for both a generative and discrimi-
nation networks.

* Develop an appropriate training framework for the proposed GAN.

* Develop a concrete optimization framework for a K-space completion algorithm that exploits the trained
GANSs

* Provide initial proof of concept of the completion algorithms against simple target structures using
simulated electromagnetic measurements.

E-1
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APPLICATION OF GENERATIVE MODELS FOR MONOSTATIC K-SPACE
ENRICHMENT

1. MOTIVATION AND OBJECTIVE

Achieving robust target recognition for radar imaging modalities such as synthetic aperture radar (SAR)
and inverse synthetic aperture radar (ISAR) still remains a challenge. Much of the difficulties for target
recognition is due to the fact that the appearance and geometric distortions of targets can vary wildly in
response to changes in bistatic geometry, background/clutter interactions, and other factors. Furthermore,
unwanted image artifacts due to sidelobe interference and/or multiple scattering also have a detrimental effect
on target detection and classification e fforts. As such, ensuring a more stable image reconstruction process is
key for improving radar perception capabilities. SAR and ISAR imaging are special cases of a mathematical
problem known as inverse scattering, where the goal is to recover an image given knowledge of the scattered
electromagnetic field. Unfortunately, inverse scattering is essentially a non-unique problem in the sense that
in the presence of small perturbations in the scatter data, a number of different and highly dissimilar images
can provide a good fit to the m easurements. To help reduce ambiguities, over-redundant measurements in
K-space is paramount to ensure that a physically-relevant image is computed. As briefly discussed in this
report, a high degree of K-space diversity can be achieved through a combination of wide band waveforms
and/or wide-angle multistatic geometries. While such configurations help to provide e xtensive K-space
coverage, they are usually not feasible due to cost or operational constraints. Narrow band monostatic radar
geometries are far more cost effective and simpler to implement/deploy but yield limited K-space diversity.

The goal of this work is to investigate a means for augmenting SAR and/or ISAR monostatic measurements
with physically relevant virtual data generated by predictive algorithms. A theoretical basis for achieving K-
space augmentation lies in the fact that, under reasonable regularity conditions on the underlying scatterers,
the resulting scattering amplitude is real analytic with respect to space and frequency [1, 2]. As such,
whenever the scattering amplitude is known on a continuous subset of a given region Qp in K-space, a
unique extension onto Qp exists. Unfortunately the augmentation problem, similar to the inverse scattering
problem, is itself a highly ill-posed one. As such, in the absence of suitable prior knowledge on the underlying
solution, achieving a physically relevant solution to the augmentation problem is numerically challenging.
Prior studies have proposed various augmentation algorithms based on classical stability priors such as
Tikhonov regularization [3] and total-variation (TV) [4], and more recently those based on low-rank matrix
priors [5]. All of these methods however, can be thought of as blind techniques which do not adapt from
prior observed data.

Deep learning (DL) and in particular generative artificial intelligence (AI) have been shown to be very
effective means for learning prior data distributions and the various patterns within them. Generative Al has
been successfully incorporated for data augmentation problems in similar areas such as image completion
[6] from missing/corrupted pixel data and super-resolution problems [7], where the goal is to recover a high
resolution image from a low resolution measurement. To our knowledge, generative Al has not yet been
adopted for radar image reconstruction and augmentation. The work undertaken here is an initial attempt

Manuscript approved November 7, 2023.



2 Hatim F. Algadah

towards applying generative Al to the K-space augmentation problem. Specifically the main goals of this
work were:

1. To train generative models to synthesize realistic K-space data for certain scenes or target classes.

2. Complete limited K-space measurements yielded by monostatic geometries using trained generative
models.

The ability to generate realistic K-space scatter data is a essentially a means of computing the radar cross
section (RCS) for random but physically relevant targets/scenes which naturally has a number of beneficial
applications besides the K-space augmentation problem. The second objective is to exploit a generative
model by putting synthetic K-space data in context with given monostatic measurements. The approach
undertaken in FY23 relied on the use of a GAN which is a generative model based on a game-theoretic
approach for training. One of the main advantages of using a GAN here was the ability to achieve model
convergence from relatively small training data sets. This is a very important feature with respect to radar-
focused machine learning and Al applications, since appropriate radar training data is highly sparse as
compared to other ML/AI driven fields such as computer vision.

2. BACKGROUND

We consider propagation and scattering in two-dimensional Euclidean space. The unknown scene is
characterized by a reflectivity function p(x), which is assumed to be of compact support embedded in free
space. The radar transmits a signal of bandwidth B := [ fiin, fmax], Which we assume is sufficiently in the
far-field and impinges on the target(s) in the form of a plane wave propagating in the direction d. For a fixed
frequency w the observed scattered electric field E°¢(x) satisfies the forward Helmholtz model

VzEtotal(X) + kZ(] _ p(x))Etotal — 0 (1)
Etotal(x) — ESC(X) + EinC(X) (2)
lim VR (2L _ k) =0, x = R& (3)
R— OR ! R "

where k = w/cq is the wavenumber. The scattered field satisfying equations (1)-(3) can be represented in
integral form as

E¥(x) = &2 / G (x,Y)p(y)E (3)dy, 4

where G (-, -) is the free space Green’s function

G(x.y) = 7H(klx - y). 5)

At an observation point x located in the far-field zone, the scattered field can be approximated as

ikR

E*(x) ~ = —ES(%:d,w) ©)
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where the scattering amplitude E3(%; d, w) is given as

ESGd ) =k [ ) E I (y)dy. ™

The scattering amplitude encapsulates all the information available for reconstructing the target p and is a
function of the bistatic geometry and frequency band.

2.1 Born Approximation and K-Space Model
Note that (7) actually defines a non-linear relationship between the scattering amplitude and the underlying
image, since the total-field itself depends on p(-). To yield a linear relationship between the scattering

amplitude and the image we can assume that the Born approximation holds, which presumes that the total
field is dominated by the incident field. In which case, for plane wave incidence equation (7) reduces to

ESGdw) = [ D)y ®)

The linear model (8) is in the form of a Fourier transform where the spatial frequencies (knots) K are given
as

K =k(x-d). ©)

The image of the scene can thus be recovered via the backprojection

4 ‘KU 4 A’U
2k,
fHax / anmx
kain
T K,
v v
(a) Full K-space support (b) Monostatic K-space support

Fig. 1—For a given bandwidth, complete K-space information is contained in the disk region.
Multistatic geometries over-sample the complete region whereas monostatic geometries only
sample the higher spatial frequencies.

I(x) = / EX(K)e'®*dK. (10)
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For a given bistatic geometry and fixed frequency, the knots lie on a circle centered at kd with radius k. For
the case of a monostatic geometry, where X = —d, the knots reduce to

Kmonostatic = 2k§(, (1 1)

which for a fixed frequency defines a circle of radius 2k centered at the origin. As shown in Figure 1, the
scattering amplitude given on a band B = [ fuin, fmax] and measured with a complete multistatic geometry
samples the disk region Qp in K-space. Whereas a full aperture monostatic geometry only samples an
annular region in K-space. Therfore in the monostatic case, even under full aperture conditions, only the
higher spatial frequencies are used in the inversion which leads to a number of stability problems especially
in narrow band scenarios. Limited aperture geometries also has the effect of reducing cross-range resolution
in the image.

3. LEARNING RELEVANT K-SPACE SURFACES VIA GENERATIVE NETWORKS

An investigation focused on the use of GANSs to synthesize complete and physically relevant K-space
data in Qp for certain target classes was conducted. GANs cast the learning problem as a game between
two DNNSs, the generator G, which defines a mapping between a latent space and the K-space data, and
the discriminator D, which attempts to classify given K-space data as either synthetically generated or as a
true measurement. The two models are trained simultaneously with respect to known prior data until the
two networks achieve some sort of equilibrium. The objective is to get the generator to a state where it can
produce highly realistic data. A standard GAN approach [8] optimizes the network parameters of G and D
against the min-max loss function

min max Ey.p, [log(D(U))] + Ez-p, [log(1 - D(G(2)], (12)

where Ey.p, [-] denotes the expectation operator with respect to the true data probability distribution and
E,-p, [-] is the expectation operator with respect to the latent distribution Pg. Unfortunately, in our numerical
experiments, we found this approach to be rather unstable as the resulting GAN exhibited what is known
as mode collapse [9]; a form of training instability in which the generator synthesizes essentially the same
output regardless of the input latent vector. Alternative loss functions that seek to mitigate this issue can be
found in the literature. One particular approach that we found to be effective was based on the Wasserstein-1
loss [10]

min max Ey.g, [D(U)] - Egp, [ D], (13)

where £ is the set of 1-Lipschitz continuous functions and U = G(z). To enforce the Lipschitz continuity
constraint on the discriminator we augment the discriminator loss function with a gradient penalty regu-
larization term [11]. Therefore the complete loss function for training the discriminator can be explicitly
written as

L(D) = Eg.p, [ D(O)] = Euy-z, [D(U)] +aEg g, [IIVeIDO)]I2 - 1)*] . (14)

Samples of the distribution P, are those that are drawn along lines between pairs of points from the P, and
P, distributions.
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3.1 Proposed GAN Training Framework

Our proposed training framework is summarized in Figure 2 and is based on the assumption that we have
a training set comprised of scenes measured with complete K-space data in Q. In this work we constructed

Sample noise
distribution

Generator o

—
Network Discriminator Real/

Network Fake

Regrid
Knots

Sample multistatic
data cube K-space Polar

Image

|
compute |

| discriminator loss :
|

compute
generator loss . L B

Backpropagation

Fig. 2—Adversarial training approach for learning K-space surfaces. Multistatic data cubes
are processed to yield K-space samples on a regular polar grid. The resulting polar complex
images are supplied to the discriminator to learn the difference between generated K-space
surfaces and measured ones.

complete K-space data sets via dense multistatic geometries. For the case where training data is obtained
numerical via electromagnetic (EM) simulation, multistatic geometries are easy to incorporate, and based on
recent works, it appears that complex numerical EM models are actually effective for training DL models for
real-world deployment [12]. On the other hand, for more complex scenes or targets that cannot be modeled
via simulation, training data should be obtained via measured data, in which case using dense multistatic
measurements may be challenging. However, as shown in Figure 1, an alternative way to get almost complete
K-space data would be to use wide band monostatic geometries for measured data.
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Fig. 3—TIllustrating the deep convolutional network architectures for the generator and the

discriminator.

It is important to note that most DNN architectures appropriate for the generator G, as well as the
discriminator D, are based on tensors that assume a regular grid in Cartesian space. K-space images however
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are polar, i.e., the pixels lie on a regular polar grid and are not suitable for conventional DNN architectures.
Thus our training procedure incorporates an interpolation stage which effectively unwraps the K-space data
onto a regular Cartesian grid. The disadvantage of this approach however is that the periodicity of the data is
lost. One potential solution to this (which we did not incorporate here) is to use a Fourier network [13] layer
in the generator’s architecture. As discussed in [13], a Fourier layer given as the first layer in any network
ensures that the resulting output will be periodic with respect to its input parameters. Future work of ours
will seek architectures that incorporate this. In any case, the specific architectures used for the generator
and discriminator in this work are shown in Figure 3. The generator shown here draws a 100 x 1 vector
from a standard Normal distribution and then undergoes a number of transpose convolutional layers to yield
U which is a 128 x 128 X 2 image with the real and imaginary values stacked as separate channels. The
discriminator takes a K-space image U as input and maps it to a scalar in the range of [—co, co] which is used
as a likelihood score to indicate whether or not a given K-space image is real (physical).

3.2 A Contextual Generative Predictive Algorithm

Initial development of augmentation algorithms that exploit trained generative models for augmenting
sampled monostatic data was undertaken in FY23. The developed algorithms are based on an optimization
framework that is tasked to find an appropriate vector Z in the latent space that maps to a K-space image that
best matches the known monostatic measurements. The framework is succinctly described as:

2 = argmin {Lc(zly, M) +BL,(2)}. (15)

Here the term £ (-) refers to the contextual loss which seeks to penalize latent solutions that deviate from
the known measurements. The second term £, (-) is a regularization term that will penalize unrealistic
solutions as dictated by the discriminator and is weighted by the scalar 8 > 0. The quantity M is a binary
mask being the same size as U which has ones for the indices where the monostatic spatial frequencies are
known and zeros otherwise. In this work we used considered an ¢; proximity term for the contextual loss

Lo(2]Y. M) = [[Wo (G(z) - Y)l1 (16)

where W is a weighted mask defined as
(1-M;)

0 itM; =0

where i indexes a pixel location of U and N (i) is pre-defined neighborhood of pixel i, and | - | in this context
denotes cardinality. For the prior loss we opt to use a weighted response of the discriminator:

Ly(z) = -D(G(z)). (18)

4. SIMULATION RESULTS

Simulation work undertaken in FY23 aimed to demonstrate proof of concept of the proposed generative
models as well as the contextual augmentation approach. Efforts were dedicated towards constructing
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appropriate training data sets of complete K-space data for various target classes composed of simple
target models. For this we leveraged computational EM codes to simulate the actual scattered fields. As
computational speed is an important factor for constructing large-scale data sets, we used a frequency
domain Method of Moments (MOM) solver for dense multistatic data computed on narrow bands. For wide
bandwidths, we used a Finite-Difference Time Domain (FDTD) method to generate the scattered field of the
underlying targets. A large-scale set of two-dimensional random conducting polygonal targets simulated at
1 GHz using a 1 MHz bandwidth was constructed via the MOM solver. Furthermore, approximately 1000
conducting targets based on the MNIST digits [14] data set were also simulated at 1 GHz using a 300 MHz
bandwidth. Simulations with the MNIST data set are currently on-going and will be analyzed further in
FY24.

4.1 GAN Training with Polygonal Targets

In FY23 we mostly worked with the polygonal data set as an initial proof point. We note that prior to
training we corrupted all scattering amplitude data with Gaussian noise using a 40 dB signal-to-noise ratio
(SNR). Training was conducted using the TensorFlow computational framework on a workstation equipped
with 128 GB of memory and a NVIDIA Titan V GPU. Training for the polygon data set took approximately
1.5 hours to conduct. Figure 4 shows the evolution of the discriminator loss function during training and
its convergence towards equilibrium. Visual comparisons between the K-space images generated by the EM

Discriminator Loss History

1
2
(72}
o]
-l
£
0]
2
0]
7
(1] _5 Training progression of same noise vector
g o

ol %

Wavenumber
7
0 500 1000 1500 2000

Epochs

Fig. 4—Illustrating discriminator loss as a function of training epochs as well as the
evolution of a single noise vector mapped to its respective K-space image as training
progresses.

solver and those generated by the GAN were used as an initial validation of the GAN’s efficacy, an example
of which is shown Figure 5. We can visually observe that prominent K-space features between the two are
quite similar. Visual inspections between the backprojected K-space surfaces between the two sources were
also conducted. An example comparison is shown in Figure 6. We see that the GAN was quite successful of
producing backprojections of various random polygonal targets whose appearance matches what we would
expect.
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(b) GAN outputs

Fig. 5—Showing magnitude K-space plots obtained via computational electromagnetic
simulation (top) as well as samples obtained via the trained GAN. The surfaces generated
by the GAN exhibited similar features contained in the true K-space surface in both the high
and low frequency regions.

5 0 s

(b) Fake K-Space Samples

Fig. 6—Fourier backprojection results for actual and synthetic K-space surfaces.
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4.2 Monostatic Augmentation with Polygon Targets

Initial evaluations of the proposed augmentation framework were conducted using monostatic data for
additional polygonal targets not contained in the initial training data set. The monostatic data was generated
using the MOM solver and was corrupted with additive white noise at a 20 dB SNR. Note the SNR used
here was chosen to be lower than what was used in training since in real-world scenarios the measured data
would naturally be noisier than data obtained in a training environment. The proposed completion program

Monostatic Reconstruction All.lé;mented Monostatic Reconstruction 0

Y (m)

-15 -15

(@)

Monostatic Reconstruction

Y (m)

-15

(b)

Fig. 7—Backprojection reconstruction using monostatic and augmented monostatic
K-space data. The dashed lines indicated the true boundary of the targets.

in (15) was minimized via gradient descent in TensorFlow. Example results are shown in 7. We observe here
that although scattering centers are resolved along the target boundaries in the monostatic reconstructions,
strong scatterers are apparent in the exterior regions. However in the augmented reconstructions those false
scatterers are effectively eliminated and a more faithful reconstruction of the target geometry is obtained.
Simulations with more complex target structures will be undertaken during FY24.
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