UNCLASSIFIED

PennState
Applied Research Laboratory

Spatial Coherence of Seabed Volume
Reverberation

Final Report

Daniel C. Brown

File No.: TR-22-005
1 September 2022

DISTRIBUTION STATEMENT A. Approved for public release: distribution unlimited.

Applied Research Laboratory Sponsored by: U.S. Office of Naval Research
P.O. Box 30 Grant No.: N00014-18-1-2820
State College, PA 16804-0030

UNCLASSIFIED



UNCLASSIFIED

Applied Research Laboratory
State College, PA 16804

TR-22-005
1 September 2022

Sponsored by: U.S. Office of Naval Research

Spatial Coherence of Seabed Volume Reverberation
Final Report

Daniel C. Brown

UNCLASSIFIED



UNCLASSIFIED

1 Project Goals and Objectives

At the outset of this project the ONR Program Officer and the PI made the
decision to shift the focus of this effort from the spatial coherence of volume
reverberation to development of physics-based models for time series interpre-
tation. The following report details those efforts.

Recent research and engineering have provided the Synthetic Aperture Sonar (SAS) commu-
nity with a robust set of tools for acquiring high-quality data from a range of UUV-borne
sensors. The overarching goal of this research program is a deeper investigation of the raw
time-series data collected by these sensors. Frequently, SAS sensor data is processed to gen-
erate high-resolution sonar imagery. Can improved signal models improve the reconstructed
imagery? Can improved signal models improve the interpretation of the sensed raw data? To
address these questions, this program focused on developing improved physics-based models
for and analysis of time-series sensed by synthetic aperture sonar systems. These physics-
based models were utilized to address two areas:

1. the spatial coherence of signals measured from a bistatic, long-range SAS,
2. the sparse representation of signals projected onto a physics-based basis.

The development of coherence models supports a better understanding of how the sensor’s
design and employment impact the second cross-moment of the scattered field. This model
has an immediate application for SAS motion estimation and longer-term benefits for inter-
preting signal coherence to detect and characterize the imaged scene. The development of
sparse signal representations provides a method for separating time-series components for
subsequent analysis. Developing these bases using physics-based methods allows subsequent
signal processing and analysis to be tailored to specific physical responses.

2 Accomplishments Towards Achieving Goals

2.1 Spatial Coherence

The standard signal processing algorithms applied to SAS data generate high-resolution
imagery. Historically, the process of reconstructing imagery from these sensors has rested on a
number of approximations. One key assumption is known as the phase center approximation
or the principle of waveform invariance. This approximation assumes the sensed scene is in
the far field of the Vernier array. For many sensor geometries, this is a valid approximation;
however, it is critical to determine under what conditions this approximation breaks down.
This breakdown has been studied through the development of a physics-based model.

This program addressed the development of a coherence model through the van Cittert-
Zernike theorem (vCZT) [1,2]. This formulation has been applied to the problem of modeling
the spatial coherence of phase centers in a synthetic aperture array [3,4]. This prior modeling
approach utilized the phase center approximation. Under this effort, the prior model has
been expanded to remove the phase center approximation. The result is an expression for the
covariance of the field measured between the reception of two pings of an active sonar. This
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is the first documented model that correctly addresses the fully bistatic spatial coherence
observed from sequential transmissions of a synthetic aperture sonar. A key result showed
that the spatial coherence of the scattered field can be sensitive to array lengths used for
existing commercial long-range SAS systems. The details of this development are captured
in a journal article that is being submitted to the forthcoming Institute of Engineering and
Technology’s Electronics Letters special issue on “Recent Advances in Synthetic Aperture
Sonar Technology”. A preprint of this manuscript is appended to this report.

2.2 Sparse Signal Representation

Traditionally, the raw data collected by SAS sensors is processed to form high-resolution
imagery. This is because SAS sensors provide improved image resolution over that generated
by real aperture sonars, and they accomplish this with a similar form factor. These parallels
have led to their use as “improved” sidelook image generation sensors. The acoustic image
is a favored data representation that humans easily interpret. Consequently, this has been
the primary data representation for MCM research. The generation of an image for visual
interpretation is a lossy process. Additionally, this data representation may not be the most
compact form for certain types of features that may be informative.

One data representation that has recently received attention is known as “acoustic color”
[6,7]. This non-image representation has proven useful for target characterization [8]. Addi-
tionally, this representation is useful because it is easily related to target scattering physics.
This type of representation readily admits the design of physics-based features for target clas-
sification. An example of this is shown by Brown [9]. There, relatively simple models were
combined with an acoustic-color based data representations to estimate target properties
such as length and curvature directly.

To extend the development of physics-based non-image representations, this program has
laid a foundation for physics-informed, model-based representation of acoustic data by de-
veloping a novel class of frames — Enveloped Sinusoid Parseval (ESP) Frames in collaboration
with Dr. Geoff Goehle. In addition to establishing the theoretical framework for ESP frames,
computational algorithms were developed to produce regularized and unregularized repre-
sentations of acoustic data. Preliminary analysis was performed using experimental and syn-
thetic time series and the performance of ESP frame-based representations for denoising and
parameter estimation was compared to the STFT and Prony’s Method, respectively.

The ESP frames approach was applied to AirSAS data collected against a set of objects
procured by Dr. J. Daniel Park under his “Alternative Representations of Information for
Acoustics” ONR research grant (N00014-19-1-2221). This dataset consists of circular SAS
scans of a set of solid cylinders, hollow cylinders, and pipes. The objects all have the same
external geometry with a length of 8inches and a diameter of 2inches, but their internal
geometry varies. The time-series from these objects were separated using windows to cap-
ture specular and resonant scattering. SAS imagery was reconstructed from the separated
signals and the specular, and resonant responses were clearly segregated. The details of the
development of ESP Frames and their application to synthetic and measured data are de-
tailed in a journal article that has been submitted to the Journal of the Acoustical Society of
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America and a conference paper that has been submitted to the IEEE OCEANS conference
at Hampton Roads. The titles for these documents are included in the following section and
the pre-prints are included at the end of this report.

3 Dissemination of results

This work has produced a conference paper and two refereed journal articles. Pre-prints of
these documents are included after the bibliography.

e “Spatial coherence considerations for the phase center approximation”

— Submitted to Institute of Engineering and Technology’s Electronics Letters for
the special issue on “Recent Advances in Synthetic Aperture Sonar Technology”

e “Approximate Extraction of Late-Time Returns via Morphological Component Anal-
ysis”

— Submitted to Journal of the Acoustical Society of America
e “Enveloped Sinusoid Parseval Frames”

— Submitted to IEEE Oceans - Hampton Roads
4 Technology Transfer

We have held numerous discussions with Dr. John DiCecco at the Naval Undersea Warfare
- Newport regarding the coherence modeling and the signal separation methods.
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SPATIAL COHERENCE CONSIDERATIONS FOR THE PHASE CENTER
APPROXIMATION

DANIEL C. BROWN AND THOMAS E. BLANFORD

ABSTRACT. Synthetic aperture sonar image reconstruction relies on the coherence of over-
lapping phase centers to provide accurate micronavigation for a sensed scene. It is shown
that phase centers lose coherence for near-range scattering from large SAS arrays due to
the fundamentally bistatic nature of these sensors. This effect is modeled using the van
Cittert-Zernike theorem and a point-based sonar scattering model. Reduction of the win-
dow length used in the delay estimation process can partially mitigate the loss of coherence

at the expense of increased variance in the resulting delay estimates.

1. BACKGROUND

Synthetic aperture sonar (SAS) sensors create high-resolution imagery of the seafloor
through the coherent combination of transmissions from a moving array[l, 2]. Displaced
phase center micronavigation is a key technique that permits robust image formation from
mobile platforms (e.g. tow sleds or unmanned underwater vehicles) [3, 4]. Many studies
and algorithms have been designed leveraging this technique for SAS motion estimation [5-
11]. The displaced phase center technique relies on comparisons between pairs of time series
recorded on successive pings of a SAS. Under the phase center approximation, a pair of sig-
nals is fully coherent when their phase centers are co-located. Signals with non-overlapping
phase centers may be partially coherent due to the spatial coherence of seafloor scattering.
Fundamentally, the displaced phase center method searches for the temporal and spatial
offsets maximizing the coherence between signal pairs. These offset estimates are then used
to determine the synthetic aperture geometry created by the sensing system.

The phase center approximation assumes the sensed scene is in the far-field of the Vernier

array. Many early research SAS sensors deployed small receive arrays [12-14], and the phase

Date: September 12, 2022.
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2 BROWN AND BLANFORD

center approximation holds across the entire imaging swath for these sensors. More recently
developed commercial systems are deploying large receive arrays; and in some cases, these
arrays are up to three meters in length [15]. The large separation between the projector and
the distal hydrophone on these arrays challenges the validity of the phase center approxima-
tion.

This paper focuses on studying the impact of the breakdown of the phase center approx-
imation for a near-range scattered signal for SAS sensors with receive arrays spanning a
variety of lengths. First, the phase center approximation itself is reviewed. A model based
on the van Cittert-Zernike theorem (vCZT) is utilized to predict the population spatial co-
herence between signal pairs recorded on successive pings of a bistatic sensor. The predicted
population coherence is then compared to a numerical estimate generated through analysis

of an ensemble of pings generated from a point-based scattering model.

2. PHASE CENTER APPROXIMATION

To review the phase center approximation, begin by considering a sonar system consisting
of a single transmitter, TX, and receiver, RX. At some instant in time, sensed field is
given by the coherent integration of returns from the scatterers located on an isochronous
ellipsoid of revolution. Figure 1 shows the ellipse formed by the intersection of the ellipsoid
and the x-y plane. The ellipse’s foci are located at the transmitter and receiver positions.
Except for reciprocity, unique transmitter and receiver positions produce unique ellipsoids
and, therefore, unique sensed fields.

An approximation to the ellipsoidal form can be made for the case where the distance to
the ellipsoid’s surface is much greater than the transmitter and receiver separation. Assuming
that the transmitter and receiver lie along the x-axis, that they are separated by 2d, and

the origin is the midpoint of the line joining the transmitter and receiver, the ellipsoid of
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2R

FIGURE 1. For a bistatic transmitter (7X) and receiver (RX), the field re-
ceived at some instant in time is due to scattering from an isochronous ellipsoid
of revolution. The intersection of this ellipsoid and the x-y plane is shown as
an ellipse. For R > d this ellipsoid is well approximated as a sphere whose
surface depends only on the midpoint, which is known as the phase center.

revolution is given by

ZL’Q y2 22
D A
y2
(2) 2% + -+ 27 =R
TR

In the far field, R > d and the ellipsoid is well approximated as a sphere of radius R. Under
this approximation, the scattered returns of any bistatic sensor pair can be approximated
by a monostatic sensor located at the midpoint between the transmitter and receiver. This
midpoint is known as the phase center. The sensed field is due to the integration of scatterers
distributed over this spherical surface, and any pair of transmitters and receivers with a
common phase center will produce an identical signal. For this reason, the phase center
approximation is also described as the “principle of waveform invariance” [16, 17].

The phase center approximation holds when R is larger than the Fraunhofer distance
R > 2d*/)\, where ) is the wavelength [5]. As the range decreases and begins to approach
the Fraunhofer distance, the effect of the approximation’s breakdown is the introduction of
a delay between signal observed from the a monostatic phase center and the signal observed

from the bistatic sensor. Correction of this delay is required to achieve high-resolution
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4 BROWN AND BLANFORD

/QXQ
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FiGureE 2. The vCZT is applied in Equation 3 using a geometry where a
bistatic sonar transmits a pair of pings from Y} and x5,. After scattering from
the surface ¥, the field is received at x; and yo.
imagery for most (if not all) practical SAS sensors [18]. When R is much less than the
Fraunhofer distance, the monostatic and bistatic signals begin to lose coherence with each

other. This effect is similar to the baseline decorrelation of interferometric sonars and radars

19].

3. ANALYTIC MODEL FOR PING-TO-PING COHERENCE

The van Cittert-Zernike theorem was developed in the field of statistical optics, and it
relates the spatial distribution of the intensity of a incoherent radiator to the coherence
of the radiated field measured between two points [20]. This theorem has been adapted
to address the spatial coherence of scattered acoustic fields [21, 22]. It has recently been
extended to consider the impact of temporal windowing for seabed scattering of pulsed active
sonar systems [23]. vCZT-based models for the spatial coherence of the scattered field have
motivated the development of algorithms for SAS along-track motion estimation [24, 25].

The vCZT model provided by Brown, Gerg, and Blanford expresses the covariance of a
pair of receivers observing temporally-windowed returns of the scattered field generated from
a single transmission [24]. This single ping model is applies only to the multi-ping along-
track estimation problem when the phase center approximation is valid. To directly evaluate
the impact of the bistatic geometry for large synthetic aperture sonar arrays requires explicit

consideration of the transmitter and receiver positions on a pair of successive pings.
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The vCZT model can be directly expanded to consider sequential pings of a bistatic sonar.

The covariance, less constant scaling factors, of the field measured on the temporal interval

[tl tg] is

by (x)b1 (X to+t
)l ) o [ AN BT )

L _
b2(X>b2(X>A2<X’ to + 11

to — 1
R, R, 9 2 )

ik(R/1+R1—R/2—R2)d —

a(x)e X-

The geometry for this equation is provided in Figure 2. The sonar transmits at the positions
X; and x5 and receives the scattered field at y; and x2, where numeric subscripts indicate
ping number. For a high-frequency SAS system, the scattered signal is dominated by the
scattering from the surface ¥. The transmit and receive directivity functions are ' and b
respectively. o(y) is the interface scattering strength and k is the acoustic wavenumber. The
temporal interval [t; t5] creates a spatial “masking” of the seafloor so only a finite region
contributes to the field observed at any instant in time. This effect is captured in the masking
function, A,,, which is defined for ping m € [1,2] as

;

0 i 2]t — L% — X — 21X — Xiul| > 3
(4) An(Xt7) = QL i L[t — L) = Xl — L% — ¥l =
Lf Lt = 2% — Xl — 2% — Xl < 3,

0
where ¢ is the sound speed, and 7 is the pulse length. Finally, many of the terms in the
integrand are shown as dependent on y to emphasize their role in determining the spatial dis-
tribution of intensity creating the scattered field. By using this expression for the covariance
of the field, the correlation coefficient can be calculated as

Y1 (th, t2)
Vet ta)yea(t, o)

(5) pra(ti, ta) =
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6 BROWN AND BLANFORD

Evaluation of Equations 3 and 5 gives the population covariance of the scattered field for a
given sensor, geometry, and environment. The integral in Equation 3 is generally evaluated
numerically with a model for the seafloor scattering strength and measurements of the sensor

directivity functions.

4. SIMULATION AND ANALYSIS OF PING-TO-PING COHERENCE

The analytic model developed above predicts the population coherence of signals received
in sequential pings of a SAS system. In this section, the time series measured by a sensor is
directly simulated using a point-based sonar scattering model (PoSSM) [26]. The simulated
sensor operates with a center frequency of 200 kHz and a bandwidth of 30 kHz at an altitude
of 15m. The transmitters and receivers are modeled with omnidirectional vertical beam
patterns and sinc patterns corresponding to transmit and receive element widths of 4 cm.
The SAS is simulated with a single channel of overlap from ping to ping, and the transmitter
and leading receiver channel are assumed to be co-located. Receive array lengths of 0.2 m,
1.2m, 1.8m, 2.4 m and 3.0 m are simulated. The phase center coherence is estimated by the
peak magnitude of the complex correlation coefficient calculated from pairs of sliding-window
short-time Fourier transforms (STFT). The STFTs are calculated with either 64-point or
128-point windows using rectangular weighting. Sequential short-time windows have 50%
overlap.

The vCZT-based population correlation coefficient predicted by Equation 5 is compared
to that calculated from the PoSSM simulations in Figure 3. The correlation coefficient was
estimated using the two STFT lengths shown in Figure 3a and 3b, respectively. The model-
model agreement is good over most of the simulated sensor ranges. This demonstrates that a
long-range SAS sensor’s loss of coherence observed at near operating ranges is well captured
using a vCZT model. Also, this pair of figures shows that the near-range coherence can be
partially recovered by reducing the window length used in the coherence estimation process.

There is a disagreement between the models for weakly correlated signals at near ranges. The
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PoSSM-based simulations exhibit window length dependent asymptotic behavior between 0.2
and 0.3, while the vCZT models predict correlation coefficients that extend to zero.

The vCZT-based approach provides a model predicting the true population coherence,
while the PoSSM-based approach estimates the coherence from the simulated time series.
Therefore, the PoSSM-based approach is subject to the bias error associated with estima-
tion of the magnitude of the complex correlation coefficient. The bias associated with the
estimation of the magnitude of the complex correlation coefficient has been widely discussed
[27-29]. This bias is further exacerbated by the fact that the coherence estimates are found
by calculating the correlation coefficient across a set of temporal lags.

For large receive array lengths, the population coherence does not monotonically increase
with increasing range. Instead, |p| oscillates between approximately 0 and 0.2. This effect is
observed in Figure 3a for the 300 cm array and in Figure 3b for the 240 cm and 300 cm arrays.
This ripple phenomenon is a function of both the bistatic separation and the number of points
in the STFT window. The complex covariance of the scattered field (mutual intensity in the
statistical optics literature) originates at the ensonified region of the seafloor and propagates
to the sensor according to a pair of second-order differential equations. Mathematically, this
is similar to the propagation of acoustic pressure [30]. Given the mathematical similarity in
their wave equations, there is a close analogy between the spatial coherence in this example
and the acoustic pressure radiated from a piston transducer. In the near field of a piston,
the acoustic field has a fine structure with peaks and nulls dependent upon position. In the
far-field, however, the acoustic pressure changes slowly with position. The bistatic spatial
coherence behaves similarly: the population coherence is very sensitive to position at near
range and insensitive to position at far ranges. In Eq. 3, the range of phase angles in the
complex exponential term in the integrand is small when the bistatic separation is small
compared to the range. At nearer ranges this term spans a much wider range of angles and
the complex exponential term oscillates over the integral. These oscillations cause the value

of the integral to be very sensitive to positions.
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DPC Correlation Coefficient vs. Range
PoSSM (Thick) vCZT (Thin) Npts=64

-

o
o

o
o

o
N

Correlation Coefficient Magnitude
o
o

20 30 40 50 60 70 80 90 100
Range [m]

(a)

DPC Correlation Coefficient vs. Range
PoSSM (Thick) vCZT (Thin) Npts=128

Correlation Coefficient Magnitude

20 30 40 50 60 70 80 90 100
Range [m]

(B)

FiGure 3. The population coherence predicted by the vCZT model is com-
pared to the mean sample coherence estimated from PoSSM simulated time-
series using STFT windows of (a) 64 points and (b) 128 points. Mismatch
for low coherence values is due to bias in estimation of the magnitude of the
complex correlation coefficient from the time-series data.

This near-range ripple effect, however, may be difficult to observe in experimental data.
Statistical estimation error introduces bias and variance to the magnitude of complex cor-
relation coefficient, both of which increase with decreasing population coherence [29]. This
effect of estimation bias has been observed in SAS systems for speckle coherence [31] and

for DPC micronavigation [25]. The challenges with observing this ripple effect are apparent
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SPATTAL COHERENCE CONSIDERATIONS FOR THE PHASE CENTER APPROXIMATION 9
in the PoSSM simulated time-series data. Statistical estimation error causes the correlation
coefficient magnitude estimates to plateau at short range to values greater than the ripple
amplitude. The increased variance in these estimates (compared to the regions of higher
coherence in the plot) further obscures the ripples.

Figure 3 exhibits a trend that is an important consideration for motion estimation design:
at near ranges, there is a loss of coherence that depends both on the window length and
the bistatic separation. Figure 4 shows the slant range at which the population coherence
exceeds 0.99 (|p12 > 0.99|) as a function of the bistatic separation length for several STFT
window lengths. At this value of population coherence, the breakdown of the phase center
approximation has essentially no effect on motion estimation. This loss of coherence is the
same as would be experienced for perfectly coherent signals with 20 dB signal to noise ratio
(SNR) above additive incoherent noise. As the bistatic separation increases, it is necessary
to compare signals from further out in range to ensure they will be coherent. This minimum
range, however, also increases for longer STFT windows.

As the range increases, the bistatic separation gradually becomes small compared to the
range to the ensonified region of the seafloor. This relationship explains some of the recovery
in coherence. This trend of the bistatic separation becoming small compared to the range
eventually results in the validity of the phase center approximation. Note, however, that
the Fraunhofer distance at center frequency for the 300 cm array is 2.4 km, assuming ¢ =
1500 ms~!. The |pz > 0.99] threshold occurs at ranges much shorter than the Fraunhofer
distance for all of the bistatic separations considered here. The STFT window length is
proportional to the size of the ensonified region of the seafloor, and this dimension also is a
factor. (When the range exceeds the Fraunhofer distance for the array, the coherence is no
longer dependent on the size of the ensonified patch of seafloor.) At long ranges, however,
SNR may be less than 20 dB and cause the coherence to degrade below this threshold. Lower
thresholds may be appropriate for very long range sensors.

These effects have implications for designing long range SAS arrays and motion estimation

algorithms. Using short windows can recover some coherence loss, but it comes at the expense
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FIGURE 4. Loss of coherence is observed at near operating ranges for increas-
ing bistatic separation. The slant range at which the population coherence
degrades to p;o = 0.99 is plotted as a function of the bistatic separation for
STFT windows of 32, 64, 128, and 256 points. As the bistatic separation in-
creases it becomes necessary to use shorter STF'T windows in the time delay
estimation process used in DPC motion estimation algorithms.

of increased statistical estimation error in the magnitude of the complex sample correlation
coefficients and the estimation error of the associated time delays. The variance in the
correlation coefficient estimates are inversely proportional to the length of the window used
in the estimate. For the time delays, the variance in the estimates is inversely proportional
to the square root of the length of the window. Greater variance in the sample correlation
coefficient magnitudes and the estimated time delays will lead to greater ping-to-ping errors

in the sensor’s along-track and cross-track motion estimates, respectively.

5. CONCLUSION

This paper has investigated the breakdown of the phase center approximation for near-
range scattering observed by SAS sensors. This was accomplished through modeling with
the vCZT to predict the population coherence and PoSSM to generate an ensemble of pings
from which the sample coherence can be estimated. The vCZT method was extended to ad-
dress fully bistatic scattering from sequential pings of a SAS. The vCZT and PoSSM models
agree well, showing that near-range coherence is impacted by the bistatic collection geom-

etry of large arrays. With increasing bistatic separation, a ripple effect is observed in the
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population coherence at near range; however, this phenomenon was found to be challenging
to observe in data as it is obscured by statistical estimation error. The bistatic coherence
was found to depend on the window length used to estimate the correlation coefficient, which
provides a method to mitigate coherence loss at near ranges. These effects, however, may
have important implications for the design of long-range SAS arrays and motion estimation
algorithms. Most long-range SAS surveys will operate at altitudes that mitigate these is-
sues. For short-range imaging with a long-range sensor, the degradation of coherence by
the breakdown of the phase center approximation and additive noise, when compounded by
statistical estimation error, may place practical limits on how the SAS sensor is employed

and the design of the associated motion estimation algorithms.
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A fundamental challenge in acoustic data processing is to separate a measured time
series into relevant phenomenological components. A given measurement is typically
assumed to be an additive mixture of myriad signals plus noise whose separation
forms an ill-posed inverse problem. In the setting of sensing elastic objects using
active sonar, we wish to separate the early-time return (e.g., returns from the object’s
exterior geometry) from late-time returns caused by elastic coupling or geometric
resonances.

Under the framework of Morphological Component Analysis (MCA), we compare
two separation models using the short-duration and long-duration responses as a
proxy for early-time and late-time returns. Results are computed for Stanton’s elas-
tic cylinder model as well as on experimental data taken from an in-Air circular
Synthetic Aperture Sonar (AirSAS) system, whose separated time series are formed
into imagery. We find that MCA can be used to separate early and late-time re-
sponses in both the analytic and experimental cases without the use of time-gating.
The separation process is demonstrated to be robust to noise and compatible with
AirSAS image reconstruction. The best separation results are obtained with a flexi-
ble, but computationally intensive, frame based signal model, while a faster Fourier

Transform based method is shown to have competitive performance.
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I. INTRODUCTION

Underwater remote sensing using active sonar is typically performed by ensonifying the
seafloor and processing the echoes to characterize the response from the objects and the
environment. Synthetic aperture sonar processing is one of the primary methods used to
generate imagery of the scattering intensity of the ensonified scene, and utilizes acoustic
scattering phenomena that is akin to geometric optics. As such, the image formation algo-
rithm only accounts for the early-time response of an object and tightly couples the arrival
time of acoustic energy with its spatial location. However, the overall response from acous-
tically interrogated scene, especially the objects, supports additional responses including
elastic scattering as well structural resonances. This late-time energy does not conform to
the image formation model, is improperly associated with pixels during the image recon-
struction process, and the energy appears in the image as smearing or blurring (Plotnick
and Marston, 2016), see the top right subplot of Figure 10. Additional artifacts arise due
to the fact that the late-time signal structure has been spectrally modified by the acoustic
coupling, structural vibration, and re-radiation back to the receiver. Differences in the signal

structure elicit alternative processing approaches.
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As a first step, we are motivated to separate the overall response into multiple compo-
nents, each of which share a common property. In terms of signal decomposition, we hy-
pothesize the overall response is a superposition of multiple components as well as noise at
an unknown level. Decomposing this additive mixture into their components is an ill-posed
inverse problem. Separation of the early-time and late-time returns from non-homogeneous
field of scatterers is a particularly challenging problem due to the diversity of acoustic effects
(Pareige et al., 1989). While high-Q elastic responses such as whispering gallery modes pro-
duce long-duration ringing, low-() modes such as surface wavepackets produce short-duration
ringing which can either arrive coincidentally with the geometrically scattered return or later

in time (Kargl and Marston, 1989).

Various methods of separating early-time and late-time returns exist, from simple time
gating to subtracting off the response of a rigid object from an elastic one with an identical
geometry. A fundamental challenge with time-gating is that the early-time and late-time
responses from a field of scatterers will overlap in time, preventing a clean separation of
components. Subtracting the responses of objects with the same geometry but different ma-
terial properties is an important tool, but limited to analytic or laboratory settings. In this
paper, we approach this problem using a relatively recent technique in convex optimization
known as Morphological Component Analysis (MCA) (Selesnick, 2014; Starck et al., 2004,
2005). MCA is an optimization framework where each component of an additive mixture
is identified by its ability to be sparsely represented by a unique linear operator, such as a
frame or a dictionary. In this paper, we present two sparse representation frameworks for
discriminating acoustic phenomena and compare their performance.

4
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While we are motivated by the separation of the early-time and late-time responses, the
paper will focus on the related problem of separating the short-duration and long-duration
components of a time series. In this context, a short duration component is any signal
component which has a short time duration, regardless of the physical source. This will
include both the initial geometrically scattered return from the object as well as any late-
time wavepackets resulting from surface coupling. Long duration components will generally
include long tailed exponential decays caused by high-() resonance modes. The reason we
focus on short-duration/long-duration separation versus early-time/late-time is that we are
motivated by the application to sonar imaging, where time series feature multiple superim-
posed returns with start times that are not known a priori. As such none of the separation
techniques presented here will rely on time gating.

Section II describes the MCA framework and the two sparsification transforms featured
in this paper. In Section IIT we use MCA to separate the short-duration and long-duration
components of an analytic time series produced by Stanton’s elastic cylinder model (Stan-
ton, 1988). In Section IV we apply the same MCA techniques to experimental data col-
lected using an in-Air circular Synthetic Aperture Sonar (AirSAS) (Blanford et al., 2019)
and demonstrate short-duration/long-duration separation on AirSAS imagery. Section V

concludes with a discussion of MCA as applied to acoustic time series.

Notation

Brackets are used to denote the scalar elements of vectors, e.g. for y € CV we have

y = [y[0},y[1], ..., y[N —1]].

5
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Subscripts are used to differentiate the vectors, matrices, and parameters associated with
the distinct components of the signal that we wish to separate. For example, y = y; +y,
denotes a vector signal y composed of two vector components y,, each of which may have

an associated scalar parameter \; and matrix parameter A; for 1 =1, 2.

II. MORPHOLOGICAL COMPONENT ANALYSIS

For the following analysis we assume that our measured acoustic data y is an additive

mixture of D morphologically distinct components:

y:ZYi- (1)

The recovery of these components is an ill-posed inverse problem because there are infinitely
many trivial solutions. The MCA framework (Starck et al., 2004) addresses this issue by
requiring each component y, to admit sparse representation x; in a corresponding trans-
formed space given by a linear operator A; : C* — CV. In this context each A; is called
a synthesis operator because it synthesizes coefficients x; into the signal domain. We can

write the MCA signal model as

D
Yy = Z Aix;, (2)
i=1
under which the problem of signal separation becomes a convex optimization problem: we
want to find sparse encodings x; such that the original data is preserved. For D = 2, the
optimization over sparse coefficients x; is written as

arg min Ayf|xy [l + Azl x2 [la

st. y=A1x1+Axx,.
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This minimization problem identifies a sparse set of coefficients x; so that the original
signal y can be exactly reconstructed. The ¢;-norm, ||x||; = ) |z(n)|, enforces sparsity
in a minimization context by penalizing all non-zero components and by introducing a
thresholding operation in the optimization algorithms discussed herein that sets small values
to zero when possible. The \; € R, are tunable parameters that affect the severity of
penalizing non-zero coefficients and can be used to prioritize one representation over the
other. This problem is also referred to as Dual Basis Pursuit (BP) (Chen et al., 2001;
Selesnick, 2014). The equality constraint can be relaxed to perform denoising, a problem

known as Dual Basis Pursuit Denoising (BPD), and in this case is represented by

Al X1 [[1 + Aal x2 |1+
arg min (4)

X1,X2
Uy —Arxs—Ayx %
For BPD the \; parameters control both the weights applied to the encodings as well as
the degree to which sparsity is prioritized over fidelity, with larger values of \; producing

sparser, less accurate, reconstructions.

In MCA, our ability to identify a component via its sparse representation hinges on the
aptness and mutual exclusivity of each linear operator. In other words, each transform A;
should admit sparse representation of its corresponding component signal y,, but should be
inefficient in representing the other components. We wish to decompose y into a sum of
short-duration components y, and long-duration components y, (as proxies for the early-
time and late-time returns as discussed in Section I), and thus the problem at hand is to
design A; and A to describe those respective phenomena. We focus on over-complete tight-

7
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frame operators A; (Han et al., 2007) which, by definition, satisfy A; A7 = p; I for p; > 0.

The subsequent sections discuss specific, promising selections of A; for our application.

Problems 3 and 4 are convex and hence have unique, global solutions (Boyd et al., 2004;
Selesnick, 2014), but the solutions do not have a closed-form expression due to the non-
smooth ¢;-norm. We can use the Alternating Direction Method of Multipliers (ADMM) to
formulate these problems as a sequence of easier subproblems, whose iterative solution is
guaranteed to converge to the global minimum (Eckstein and Bertsekas, 1992). The resulting
algorithm is called the Split Augmented Lagrangian Shrinkage Algorithm (SALSA) (Afonso
et al., 2010; Selesnick, 2014). SALSA as applied to our MCA BP and BPD problems is

written in Algorithm 1, where soft represents the soft-thresholding function

x x| >T
soft(z,T) =

0 lz] <T.
Note that the difference between BP and BPD in Algorithm 1 is a single constant. While x;
converges to the solution, in the BP case it is not particularly sparse at any given iteration.

As an alternative u; = v; +d; also converges to the solution while being sparser at each

iteration.

The )\; scalars act as a weighting factor influencing how energy is prioritized between the
x; and, in the case of BPD, how much sparsity is prioritized over reconstruction fidelity.
While in practice it is often useful to tune the \; to achieve a desired separation, in order to
support comparative analysis for this paper we will use a common value A = A\; = A\;. The

choice of common A does not effect the solution for BP, but is important for BPD. When
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ALGORITHM 1: MCA BP/BPD

Require: y, A;, \i, 1
initialize x; = Ay, d; =0,i=1,2
if performing BP then
_ 1

T p1tp2
else

A= o,
end if
repeat
v; « soft(x; +di, Ai/p) —dsy 1= 1,2
c—y—Aivi—Asvy
d; <~ aAjc,i=1,2
X <—di+vi,i: 1,2
until stopping criteria met
Y, %Aixi,i: 1,2

performing BPD there is a maximum effective A-value given by

)\max = maX(H AT y ||OO7 || A;y ||OO)

such that for all A > A,y the solution is zero (Xenaki and Pailhas, 2019, Section V.B). We
will generally choose A as a percentage of A\,... Additionally, while it is possible to vectorize

A to achieve even finer grained control over the separation weights we will not do so here.

A. FFT MCA

A particularly simple, yet effective, form of MCA is to let the first representation be the
identity, A; = I, and the second be the unitary Discrete Fourier Transform, A, = F. We
refer to this as FF'T MCA and in this case the solution to (3) or (4) splits a signal into two
components, with the former sparse in time and the latter sparse in the frequency domain.
A consequence of Fourier duality is the y,; component tends to be made up of broadband,
short-duration elements while y, tends to be made up of long-duration elements with a

narrower spectrum.
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A classic example is to consider the superposition of a spike on a sinusoid. Suppose we

have N = 1000 samples with f, = 10kHz and define y to be

y[n] = ds0[n] + sin (2%1(}()071)

where d59 is a one-hot vector at index 50. If BPD is applied to y using FFT MCA then

Algorithm 1 will converge to
y1[n] = 0s0[n), yo[n] = sin(271000n/ f5). (5)

In this case MCA separates y into its components exactly. This would not be true if, for
example, noise were added to y or if y was the superposition of a sinusoid and a rectangular
window. That is because noise and/or rectangular windows are not sparse with respect to
either I or F. For a noisy signal the correct approach would be to use BPD to reconstruct
the signal without the noise component. For the rectangular window exact separation is
easier using a different set of representations. As FFT MCA is signal agnostic and has no

parameters, there isn’t any way to alter the representations to fit a particular signal model.

B. ESP MCA

A more flexible set of representations are given by Enveloped Sinusoid Parseval (ESP)
frames (Goehle et al., 2022), a class of representations formed from enveloped and shifted
sinusoids. Since ESP frames can be made using nearly arbitrary envelopes, a wide range of
functions can be sparsely represented including exponentially decaying sinusoids, sinusoids
with traditional windows, or modulated complex signals. Formally, given a set of non-zero

10
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(but potentially complex) envelopes {e;}-' C CV the vectors {a; .} defined by
argm[n] = en —m mod N]exp(2mjk(n —m)/N)

forl=0,...,L—1and k,m,n =0,...,N — 1 form a tight frame. Here [ is the envelope
index, k is the frequency index, and m is the time shift index. The synthesis operator A in
this case is given by A[n, [, k,m| = a; . m[n]. Since there are N?L frame vectors, ESP frames
are massively overdetermined. However, one of the advantages of SALSA is that it is not
necessary to work with the synthesis and analysis matrices directly. Instead (Goehle et al.,
2022) describes FFT diagonalization, as well as additional acceleration techniques, which
can be used to speed up Algorithm 1.

The goal when applying ESP frames to MCA is to find two sets of envelopes e}, where
the superscript indicates the component index and the subscript the envelope index, such
that the signal components y, are sparsely represented by one set of frame vectors but not
the other. In the ideal case y, is actually equal to a frame vector for A;. The specific choice
of envelope is often informed by the physics associated to the signal in question. In this case
we wish to separate the long-duration high-@) signal components from the short-duration
acoustic response of an elastic object. As such we will use decaying exponentials as envelopes
for A, since exponentially decaying sinusoids are an excellent signal model for long-duration
ring down (Hambric, 2006). For A; we will use extremely short rectangular windows since
they flexibly capture short-duration signals.

As an aside, if A is generated using a single one-hot vector as an envelope, while A, is
generated using a single constant function as an envelope, then the resulting representations
are extremely similar to the representations used in FFT MCA. This mode of ESP MCA

11
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effectively generalizes FFT MCA, albeit not in strict mathematical terms. For example,
if this degenerate ESP frame and FFT MCA are both applied to the signal described in
(5) using BP with 1000 iterations, then the relative difference in the resulting y, and y,

components is 0.077% and 0.879%, respectively.

ESP MCA Example

In order to illustrate the link between ESP frame envelopes and the underlying signal mor-
phology we will perform ESP MCA separation using the following driven simple harmonic
oscillator

2
i+ =y +4n° fly = asin(27 ft) (6)
T

with 7 = 2ms, f = 15kHz, fo = 20kHz, and a = 10'°. Let y be the zero state solution (y(0) =
y(0) = 0). We generate y using N = 1000 samples of y with a sampling frequency of f; =
100kHz. Based on what we know of the underlying dynamics we can choose envelopes which
will allow us to exactly capture the decomposition of y into homogeneous and particular
components. Since the homogenous solution to (6) must consist of exponentially decaying
sinusoids we can let A; be the ESP frame associated to a single exponentially decaying
envelope el[n] = exp(—n/(7fs)) and expect A; to capture the homogeneous part of y.
Similarly the particular solution to (6) must be a sinusoid so we define A, to be the ESP
frame associated to the single constant envelope e? = 1 and expect Ay to capture the
particular component. If we then perform MCA BP with 1000 iterations we get the separated
signals shown in Figure 1. As we used knowledge of the ODE dynamics to define ESP
frames such that y, is sparsely represented by A;, the BP algorithm converges to the exact

12
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FIG. 1. ESP MCA separated homogeneous and particular components for the zero state solution
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to (6) using BP with 1000 iterations. The relative error for the particular solution is 0.05% and

the homogeneous solution is 0.12%.

separation of y into its homogeneous and particular parts with the relative error in this
case equal to 0.12% for the homogeneous solution y; and 0.05% for the particular solution
y,. Notably the FF'T MCA approach would not be able to achieve the exact separation
presented here because the homogeneous solution is not sparsely representable using the

FFT.

C. MCA of Acoustic Signals

We are generally interested in separating out the short-duration returns of an elastic
object from the long-duration ones. From a physical perspective the short-duration returns
include the initial return of the ping reflecting off the rigid geometry of the object, as well as
low-(@ elastic effects and additional short-duration late-time phenomenon. The long-duration
returns primarily include the high-@) resonance modes of the object. From a signal analysis
perspective, however, the specific form of what constitutes a short-duration or long-duration
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component is ultimately defined by the MCA representations. For FFT MCA the short-
duration returns are represented using one-hot vectors, since A; = I, while the long-duration
returns are represented using sinusoids, since A; = F. ESP MCA will use a frame built
from short rectangular windows to capture the short-duration components (representing
them as very short windowed sinusoids) and a frame built from exponentially decaying
envelopes to capture the long-duration components (representing them as exponentially

decaying sinusoids).

III. ANALYTIC SIGNAL SEPARATION

In this section we will demonstrate the MCA approaches presented in Section Il on an
analytic acoustic signal produced by the Stanton elastic cylinder model (Stanton, 1988,
Section B). Section I1T A demonstrates separation applied to a clean impulse response from
a Stanton elastic cylinder. In Section I1I B we demonstrate the same separation on a noisy
LFM response while in Section III C we analyze the performance of the MCA techniques

over a range of noise levels.

A. TImpulse Response Separation

The Stanton model parameters used in this paper were chosen to represent a solid alu-
minum cylinder in water with a diameter of 15.25cm and a length of 30.5cm. The receiver is
located 2m from the cylinder with a centered broadside orientation, and the signal is sam-
pled at f, = 300kHz. Stanton’s model provides the frequency representation of the cylinder’s
impulse response. However, in order to minimize non-causal effects we apply a Butterworth
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FIG. 2. Impulse response for the Stanton elastic cylinder (top) and corresponding spectral power

(bottom).

filter of order 3 and threshold 0.25 to the synthesized time series. This helps to remove
spectral discontinuities and produces a more natural impulse. The resulting time series, and
corresponding spectrum, are shown in Figure 2. The deep nulls at 15kHz, 23kHz and 30kHz
are likely caused by low-() surface wave elastic effects. These effects are short duration, and
may add constructively or destructively to the geometric scattering response. The intention
is for these effects to be included in the short-duration component. The sharper, shallower
nulls at 18kHz, 28kHz, 39kHz and 42kHz correspond to high-() geometric resonance modes.
These are long duration signals and are one of our primary targets for the long-duration

component.

Importantly, since this model features a single return with no noise, the short/long du-
ration separation problem is largely equivalent to early/late time separation. Consequently
will use the relative error between the original time series and the separated short-duration
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component in the early time, as well as the relative error between the time series and the
long-duration component in the late time, as performance metrics for the MCA techniques.
Specifically we fix an early-time interval [; lasting from 1ms to 2ms which includes the initial
signal return, and a late time interval /5 lasting from 2ms to 6ms which only includes the

late signal return. Our metrics are then defined in terms of the standard ¢;-norm by

L= Hy |I1 Al |11|| my = “y |I2 - Yo |12|| (7)
[NAIA 1y |1l

where y |; indicates the restriction of y to the interval I. In the case where the separation is
exact, we would expect my to be zero, since the late-time signal contains only long-duration
components, but my to still be nonzero since the early-time signal does contain some long-
duration energy. This effect will be minor since the signals presented in this section are

dominated by short-duration energy.

FFT MCA

We begin by applying FFT MCA to the Stanton signal using BP with 1000 iterations.
After performing the separation, we get the results shown in Figure 3. There we have plotted
the original time series, the short-duration component and the long-duration component in
the early time, in the late time, and the frequency domain. The results are quite good. FFT
MCA correctly separates the loud initial response into the short-duration component while
the signal tail is entirely separated into the long-duration component. Quantitatively, the
short-duration component has an early-time error of 4.44% while the long-duration compo-
nent has a late-time error 3.70%. The behavior of the spectrum is particularly interesting.
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FIG. 3. Impulse response as well as the FFT separated short and long duration components for the
elastic cylinder (top) and corresponding spectral power (bottom). The short-duration component

has an early-time relative error of 4.44% and the long-duration component has a late-time relative

error of 3.70%.

The bulk of the spectral power for the impulse response is separated into the short-duration
signal, including the wide nulls caused by the low-(Q elastic responses. The sharp short high-
(@ nulls however have been turned into distinct spikes in the spectrum of the long duration
component. This has implications for feature detection as narrow peaks in the frequency

domain are easier to detect and more resilient to noise than narrow nulls.
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245 ESP MCA

26 As discussed in Section I1 B, for ESP separation we are using two categories of envelopes.

27 In this section A; will be formed using rectangular windows
1 0<t<

0 otherwise.

2s The representation Ay will be formed using exponentially decaying envelopes
3 (t) = exp(—t/m).
We will use window lengths and time constants given by
T, = 0.27,0.54,0.1ms, (8)
7 = 1.78,3.16, 5.62, 10.00, 17.78, 31.62ms

a9 Several different factors were considered in the selection of these parameters:

N

250 e The longest window length, 0.1ms, is significantly shorter than the shortest time con-
251 stant, 1.78ms. This ensures the atoms are morphologically distinct and encourages
252 better separation.

253 e The shortest window length, 0.27ms, is long enough to support a significant number
254 of oscillations in the frequency ranges of interest.

255 e The largest time constant, 31.62ms, is big enough to support envelopes which decay
256 very little over the length of the signal.

257 e The shortest time constant, 1.78ms, still produces atoms which would be considered
258 long-duration.
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FIG. 4. Impulse response as well as the ESP separated short and long duration components for the
elastic cylinder (top) and corresponding spectral power (bottom). The short-duration component

has an early-time relative error of 4.04% and the long-duration component has a late-time relative

error of 3.67%.

The results of ESP MCA utilizing 1000 iterations of BP are shown in Figure 4. For this
time series, ESP MCA closely mirrors FF'T MCA, and is nearly as effective at separating
the signal as in the toy ODE case. We see that the short duration component captures
almost all of the initial response, and most of the spectral power, with an early-time error
of 4.04%. The long-duration component on the other hand captures the entire late-time
response, with a late-time error of 3.67%, and as a result has some nice clear peaks at the
high-@ null locations. Comparing the performance of both methods in Table I we see that
FFT and ESP MCA perform about the same in terms of relative error, which is confirmed

by a visual inspection of the separated components.
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Method mi meo

FFT MCA| 4.44% 3.70%

ESP MCA |4.04% 3.67%

TABLE 1. Short-duration early-time relative error m; and long-duration late-time relative error

mg for FFT MCA and ESP MCA for the Stanton elastic cylinder.

B. Noisy LFM Response Separation

In order to understand the impact of noise on our MCA techniques, and to represent
more realistic signal processing, we will now use an LFM response from the same Stanton
cylinder model to produce a noisy, matched-filtered, time series. The clean LFM scattering
response was generated by convolving an LEM which sweeps from 15kHz to 45kHz over 1ms
with the Stanton model impulse response presented in Section 1T A, again using a 300kHz
sampling frequency. We also use the same Butterworth filter as the previous section, but
because the LFM already effectively band pass filters the signal the effect is minimal. We
generate a noisy LFM return by adding white Gaussian noise at a 10dB SNR measured
against the average signal power. Lastly, matched filtering is applied to produce the final
clean and noisy time series shown in Figure 5. The added noise is more apparent in the

spectrum where it mostly obscures the sharp high-Q) resonance nulls at 18kHz, 28kHz, 39kHz

and 42kHz (18kHz and 28kHz especially).

In this section we will again use the metrics defined in 7, but measured against the clean
signal. Notably the early-time portion of the LEM return is approximately 20dB louder than
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FIG. 5. Noisy and clean matched filtered LFM response for the elastic cylinder (top) and corre-

sponding spectral power (bottom).

the late-time portion. As the SNR of the noisy signal is measured relative to the average
signal power, which is dominated by the high power in the early return, the noise is much
louder when compared to the quieter late-time return. Specifically, the post-matched filtered
SNR of the noisy time series in the early-time is 25dB (where it is benefiting the most from
filtering) while the post-matched filtered SNR of the noisy time series in the late-time is

-1dB.

FFT MCA

As our signal contains broadband noise we will utilize MCA BPD, which allows for some
amount of reconstruction error in order to reduce the amount of noise in the separated
signals. Using FFT MCA and BPD with 1000 iterations and A = 0.01\,. we have the
results in shown Figure 6. The top plots of Figure 6 compare the noisy signal, the clean
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FIG. 6. Clean matched filtered LFM response, noisy matched filtered LFM response and the FFT
separated short and long duration components for the elastic cylinder (top) and corresponding
spectral power (bottom). Noise was added at a 10dB SNR level. The short-duration component
has an early-time relative error of 17.6% and the long-duration component has a late-time relative

error of 75.4%.

signal, and the separated short-duration and long-duration components in both the early-
time and the late-time while the bottom plot shows the associated spectra. The addition of
noise, and the use of an LFM, has had a large impact on the quality of the MCA separation.
The early-time error for the short-duration component is 17.6%, and the late-time error for
the long-duration component is 75.4%. While the short-duration component looks good in
the time domain it is clear from the frequency domain that a significant amount of spectral
information has been lost. The long-duration spectrum is also significantly muddled. While
the 14kHz peak is still visible, most of the other expected resonance peaks are lost in the

noise.
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ESP MCA

Next we separate the noisy LFM signal using ESP MCA. While we still use rectangular

and exponentially decaying envelopes we will use window lengths and time constants of

T) = 0.07,0.27, 0.54ms,

7 = 3.16,5.62,10.00, 17.78, 31.62ms.

The main difference between the envelope parameters for this section and Section IIT A is
that we have removed the 0.1ms rectangular window, added a 0.07s window, and dropped
the 1.78s time constant. This change is a heuristic choice driven by different characteristics
of the LFM signal. Increasing the gap between the longest rectangular window and the
smallest exponential time constant decreases the “overlap” between the two ESP frames
and tends to make the separation more robust to noise at the cost of performance in the
noise-free case. While this illustrates the flexibility of ESP frames, establishing a formal

approach for determining optimal envelope parameters is an open question.

If we perform ESP MCA using BPD with 1000 iterations and A = 0.01\,.x we get the
results in Figure 7. We can see visually that while the separation is still largely successful,
particularly in the time domain, the noise and LFM have impacted the clarity of the spectral
peaks in the resonant response. The short-duration early-time error is 11.1%. The spectrum
of the short-duration component is a better fit to the LFM spectrum than the FFT MCA
short-duration component, but is still lacking definition. The late-time long-duration error
is still a relatively high 57.3%, but represents a significant improvement over the FFT MCA.
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FIG. 7. Clean matched filtered LFM response, noisy matched filtered LFM response and the ESP
separated short and long duration components for the elastic cylinder (top) and corresponding
spectral power (bottom). Noise was added at a 10dB SNR level. The short-duration component
has an early-time relative error of 11.1% and the long-duration component has a late-time relative

error of 57.3%.

Additionally, the important resonant peaks are clearer with the ESP approach, especially

the ones at 18kHz and 42kHz.

Table II summarizes the results of this section. We see that both methods have a large
late-time long-duration component error. This is because the added noise was much louder
compared to the quiet ring down, which impacts the performance of BPD. It is also worth
nothing that one side effect of BPD is the overall reduction of signal power and most of
the signal power lives in the early time. This is an important contributor to the early-time
short-duration error. ESP MCA is the best performer of the methods, with significantly
lower error rates, particularly in the late-time. This is not unexpected since ESP MCA was
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Method mi meo

FFT MCA| 17.6% 75.4%

ESP MCA |11.1% 57.3%

TABLE II. Short-duration early-time relative error m and long-duration late-time relative error

mg for FFT MCA and ESP MCA for the noisy elastic cylinder.

designed to fit the underlying signal while FFT MCA is signal agnostic. Of course, these
results are for a particular noise level and common choice of A. The overall performance of

an individual approach can be maximized by tuning A as is done in the next section.

C. Noise Analysis

In order to compare optimal MCA separation between the two techniques, experiments
were performed using a range of noise levels and A-values. Gaussian noise was added to
the LFM signal at SNR ranging from -10dB to 30dB with the same signal processing as
described in Section IIIB. For each SNR, 1000 noise realizations were instantiated and
each was separated using FFT and ESP MCA with 1000 iterations of BPD for each of the

following A-values

Aj = Anax 10737027 for j =0,... 11 (9)

The early-time relative error in the short-duration component and the late-time relative
error in the long-duration component was computed for each combination of SNR, noise
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FIG. 8. Early-time short-duration component relative error (left) and late-time long-duration
component relative error (right) for the elastic cylinder time series. Data points represents mean
error averaged over 1000 noise realizations and the bars represent the standard deviation. The
optimal \ was chosen from logarithmically selected A\ ranging over [0.001Apax, 0.5623 A\ max] using

1000 iterations of BPD.

realization, and A-value. The means and standard deviations of those errors are plotted, for

those A; which give the minimum error, in Figure 8 as a function of SNR.

The ESP based separation performs better than the FFT based separation. The short-
duration errors in the left plot of Figure 8 display typical behavior with larger relative errors
and standard deviations for lower SNR. None of the relative errors approach the 100% mark,
which is an indication that even at the highest noise levels there is some amount of signal

in the separated component. The short-duration component error is smallest for ESP MCA

over all SNR levels.

For the long-duration component, at low SNR the relative error is either above 100% with
a large standard deviation, indicating that the long-duration component is picking up loud
noise, or is very near 100% with little deviation, indicating that the long-duration component
is near zero. In either case, any relative errors at or above 100% should be considered
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degenerate. We see more reasonable behavior above 5dB SNR with ESP MCA slightly
outperforming FFT MCA. Overall ESP MCA does a slightly better job of separation in the
face of noise. The FFT MCA performs reasonably well, considering it is signal agnostic, and
is computationally less intensive.

Overall this section demonstrates that MCA can be utilized to separate short-duration
and long-duration signal components, at least in the case of analytic signals. While the
separation was clearest in the case of a clean impulse response, reasonable results were
obtained for noisy LFM signals as well. For both scenarios, sharp narrow nulls in the signal
spectrum were transformed into peaks in the spectrum of the late-time component, providing
a more robust feature for detection and classification. Successful separation was performed
with SNR as low as 10dB (—10dB as measured against the late time component), a noise

regime which is achievable given current sensors.

IV. AIRSAS SIGNAL SEPARATION

In this section we will apply the MCA techniques presented in Section II to experimen-
tally generated AirSAS time series (Blanford et al., 2019). Experimental AirSAS data was
collected using an in-air circular synthetic aperture experiment on two targets: an 8-inch
long, 2-inch diameter copper pipe with 0.032-inch thick walls, and an 8-inch long, 2-inch
diameter air-filled, hollow copper cylinder with 0.032-inch thick walls and end caps. The
targets were centered on a turntable and rotated in 1 degree increments relative to a trans-
ducer array consisting of loudspeaker tweeter (Peerless OX20SC02-04) and a microphone
(GRAS 46AM), see Figure 9. The tweeter transmits a 1ms 30kHz to 10kHz linear frequency
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FIG. 9. Photograph of the AirSAS experimental setup.

modulated chirp and the microphone receives the signals backscattered from the target.
Motion, timing, signal generation and capture is controlled from a National Instruments
data acquisition platform. The recorded signals are first match filtered with the transmitted
waveform. Next, the mean of the acoustic signals over all pings is subtracted from each
record in order to remove the portions of the signal scattered from stationary objects in the
room (stands, supports, lights, etc.). For this paper we only utilize the 3ms to 8ms portion

of each time series.

We apply FFT and ESP MCA to the resulting dataset for the 0.032-inch hollow copper
cylinder object in Section IV A with a noise analysis on the same dataset in Section IV B.
We finish with an application of FFT and ESP MCA to the more complicated time series

collected from the 0.032-inch copper pipe in Section [V C.

Despite the fact that the AirSAS data is much more complex than the analytic signal,
with multiple returns arriving at different times, for this section we will continue use the
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performance metrics from (7). However for the AirSAS cylinder data we use an early time-
interval I from 4ms to 6ms and a late-time interval I, from 6ms to 8ms. Since each AirSAS
object scan includes 360 different time series, we will report the relative error averaged over
all aspect angles, which introduces some variation into the error. While we will still view
these metrics as a measure of separation performance, the fact that we expect there to be
late-time short-duration energy (particularly in Section IV C) means that even in the case
of perfect separation we would not expect either m; or msy to be zero. More broadly these

metrics provide only a rough indication of overall performance.

A. 0.032-inch Hollow Copper Cylinder

The first dataset we will consider are the AirSAS time series collected from the 0.032-inch
hollow copper cylinder. In many respects, these time series are a reasonable analogue to
the Stanton model used in Section III, since at most aspect angles there is a single bright
initial return potentially followed by a long-duration low power component. Notably thin
walled pipes support a wider class of non-rigid phenomenon than Stanton’s model. Various
representations of the copper hollow 0.032-inch experimental data are shown in Figure 10.
The top left subplot is a logarithmically scaled color plot of the time series amplitude. The
bottom left subplot shows the associated normalized target strength, and is the spectra of
each time series normalized across all aspect angles. The top right subplot is a logarith-
mically scaled color plot of the Polar Format Algorithm (PFA) generated image magnitude
(Doerry, 2012). The bottom right subplot shows the object’s k-space representation, which
is the magnitude of the two-dimensional Fourier Transform of the complex PFA image. The
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FIG. 10. Time series (top left), PFA image (top right), normalized target strength (bottom left),
and k-space (bottom right) for the 0.032-inch hollow copper cylinder. All plots logarithmically

scaled.

long-duration signal is clearly present in the time series representation, in bands from —10
degrees to 90 degrees and 180 degrees to 280 degrees. This late time energy is also apparent
in the PFA image. Not readily apparent in either of the spectral representations is a faint

signature corresponding to this late-time energy.

MCA is broadly compatible with the signal processing and image reconstruction algo-
rithms used with the AirSAS data. For this section, we will apply MCA to the match filtered
AirSAS time series individually, splitting each into short-duration and long-duration com-
ponents. We then apply PFA to the separated time series to reconstruct a pair of images,
one corresponding to the short-duration components and the other to the long-duration
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components. We produce normalized target strength representations corresponding to the

short-duration and long-duration components as well.

FFT MCA

To start with, we will apply FFT MCA using 1000 iterations of BP to the 0.032-inch
hollow copper cylinder as described above. Since we are utilizing BP, the separated time
series as well as the corresponding PFA images will add up exactly to the original dataset
from Figure 10. After image formation, the PFA images associated to the separated short-
duration and long-duration components are shown in Figure 11, along with their normalized
target strength representations, on a common color scale. The separation looks fairly clean
in the time domain image, with the extended ringing response from the cylinder principally
in the long-duration image while the brighter geometric scattering response appears in the
short-duration image. There does appear to be some bleed through of the object into the
long-duration image. The average short-duration early-time error is 44.9% while the average
long-duration late-time error is 23.7%. One particularly interesting set of features are the
hyperbolic signatures present at 20 degrees and 210 degrees in the long-duration normalized
target strength plot, since these signatures were masked by the much brighter short-duration

response in the bottom-left plot of Figure 10.

ESP MCA

For ESP MCA we will use the same process as above, applying BP to individual time
series and producing a pair of PFA images associated to each component. We continue to
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FIG. 11. PFA image (top) and normalized target strength (bottom) for the FFT separated long-
duration component (left) and short-duration component (right) of the hollow copper cylinder
object. The plots all share a common color scale. The short-duration component has an average

early-time relative error of 44.9% and the long-duration component has an average late-time relative

error of 23.7%.

use rectangular windows and decaying exponentials as our envelopes, with the same window
lengths and time constants as (8). Heuristic experimentation showed these parameters
produced reasonable results, although we will see that specific performance characteristics
can be attained by using shorter windows and larger time constants. Using BP with 1000
iterations produces the PFA images shown in Figure 12. The separation is quite effective with
the bright initial scattering almost completely contained within the short-duration response
with an average early-time short-duration error of 19.0%. The long-duration component has

most, but not all, of the late-time response and has an average error of 49.0%. Interestingly,
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FIG. 12. PFA image (top) and normalized target strength (bottom) for the ESP separated long-
duration component (left) and short-duration component (right) of the hollow copper cylinder
object. The plots all share a common color scale. The short-duration component has an average

early-time relative error of 19.0% and the-long duration component has an average late-time relative

error of 49.0%.

there is some late-time energy in the short-duration image at the acoustic coupling angles
that was not present in the FF'T MCA. This energy does appear to take the form of late
arriving wave packets and one theory is that these discrete returns are late arriving pulses
associated to surface waves propagating on the cylinder. If this is indeed the case, then it
is more appropriate for them to be part of the short-duration image. The fact that they
are not present in the long-duration image negatively impacts the long-duration late-time

relative error, which is consistent with our goal of separating the signal into early-time and

late-time components.
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Method mi meo

FFT MCA | 44.9% 23.7%

ESP MCA |19.0% 49.0%

TABLE III. Short-duration early-time relative error mj and long-duration late-time relative error

mg for FFT MCA and ESP MCA for the copper hollow cylinder.

Overall, compared to the FFT MCA separation we have sacrificed accuracy in the long-
duration late-time for increased accuracy in the short-duration early-time, which we see in
Table I1I. As we will demonstrate in Section IV C the ESP frame approach is flexible so
this separation could be further tuned by changing the envelope parameters. (Recall that
using a one-hot and constant envelope will largely reproduce the FFT result.) Moreover,
there is evidence that not all of the short-duration components are early-time, which impacts
the reliability of the early-time/late-time error metrics. Visually the separation appears best
with the ESP MCA approach as the hyperbolic late-time features are clearer and at a higher

relative power.

B. Noise Analysis

In order to understand FFT MCA and ESP MCA separation behavior over a broader
range of noise levels, the analysis of Section III C has been reproduced using AirSAS data.
Specifically Gaussian noise was added to the time series at each aspect angle with SNR
ranging from 10dB to 40dB, all measured against a common reference power. The individual
time series were then separated using FFT MCA and ESP MCA using BPD with 1000
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0.032-inch Hollow Copper Cylinder Relative Error vs. SNR for Separated Signals at Optimal A
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FIG. 13. Early-time short-duration component relative error (left) and late-time long-duration
component relative error (right) for copper hollow cylinder AirSAS data. Data points represents
mean error averaged over aspect angle and the bars represent the standard deviation. The optimal
A was chosen from logarithmically selected A\ ranging over [0.0001\pax, 0.5623Apax] using 1000

iterations of BPD.

iterations and A-values given by (9). The early-time relative error in the short-duration
component and the late-time relative error in the long-duration component was computed
for each combination of noise level, and A-value. We then computed the mean and standard
deviation of those errors over all aspect angles. The mean and standard deviation are plotted

in Figure 13 as a function of SNR for those A; which give the minimum error.

The results in Figure 13 are consistent with the single sample results in the previous
section. First, observe that the standard deviations do not decrease as a function of SNR as
they do in Section III C. As mentioned above, this is because we are averaging over different
time series, not averaging over different noise realizations on the same time series. In terms
of mean error, ESP MCA has a consistently lower error than FFT MCA for the early-time
short-duration component. Both errors tend to decrease as a function of SNR, as expected.
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For the long-duration component the late-time relative error is near or above 100% for
SNR less than ~ 15dB for both methods, indicating a failure of separation. There is evidence
that ESP MCA starts producing viable separations at 20dB, while both methods produce
viable separations by 25dB. However, the FF'T MCA separation produces a lower late-time
long-duration relative error for SNR greater than ~ 22dB.

More broadly we have demonstrated the ability to separate SAS imagery into distinct
morphological components using both FFT MCA and ESP MCA. The FFT MCA approach
is superior at producing separations with lower late-time error while ESP MCA has consis-
tently lower early-time error. Importantly both MCA methods were designed to separate
short-duration and long-duration components, rather than early-time/late-time components,
and will associate the late-time short-duration energy in the AirSAS data with geometric
scattering. An open question is if differences in the morphology between early-time and
short-duration late-time energy could be used to further the overall goal of early-time/late-

time separation.

C. 0.032-inch Copper Pipe

The second data set we will consider are the AirSAS time series collected from the 0.032-
inch copper pipe. This dataset is significantly more complex than the 0.032-inch hollow cop-
per cylinder dataset, with obvious short-duration late-time energy present in the time-series.
This will exercise the MCA approach to signal separation by demonstrating separation of
a long duration signal superimposed on a sequence of repeated short duration signals, but
will further decrease the utility of our performance metrics. Figure 10 shows logarithmically
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FIG. 14. Time series (top left), PFA image (top right), normalized target strength (bottom left)

and k-space (bottom right) 0.032-inch copper pipe. All plots logarithmically scaled.

scaled color plots of the 0.032-inch copper pipe time series data, the associated normalized
target strength, as well as the PFA image and its associated k-space representation. The
aforementioned late-time short-duration energy is present in discrete “rings” around the ob-
ject from —10 degrees to 90 degrees and 180 degrees to 280 degrees. We wish to understand

how our MCA tools respond to this energy.

FFT MCA

Since FF'T MCA is signal agnostic we apply it to the 0.032-inch copper pipe just as in
Section IV A. Using 1000 iterations of FF'T MCA BP we produce the separated PFA images

shown in Figure 15. It is immediately apparent that most of the late-time energy, including

)

the shorter duration late-time “rings,” are contained in the long duration image. As a result
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FIG. 15. PFA image (top) and normalized target strength (bottom) for the FFT separated long-
duration component (left) and short-duration component (right) of the copper pipe object. The
plots all share a common color scale. The short-duration component has an average early-time

relative error of 64.1% and the long-duration component has an average late-time relative error of

17.7%.

the average late-time, error for the long-duration component is a relatively low 17.7%, at
the cost of a higher 64.1% error for the early-time short-duration component. It is slightly
unexpected that these apparently short duration signals can be more sparsely represented
in the frequency domain; however, analysis of the spectrum shows that while this late time
energy is apparently time limited it is nevertheless not particularly broad band. This is due

to the fact that these late arriving wave packets are shaped reflections of the LFM used to

ensonify the object.
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ESP MCA

Next we will separate the copper pipe time series using the same ESP MCA setup as
Section IV A. The short and long-duration PFA images resulting from 1000 iterations of
BP are shown in Figure 16. We see that unlike the FF'T MCA much of the power of the
late-time short-duration wavepackets has been placed in the short-duration PFA image. The
separation is a bit muddled overall, although there is clear distributed late-time energy in
the long-duration plot over the expected range of angles. For ESP MCA, the long-duration
error is worse than the FFT case, with an average late-time error of 62.5%), but the average
short-duration early-time error is a better 27.4%. Also notable is that the normalized target
strength plots in Figures 15 and 16 emphasize different features. The “V” shaped signatures
between 10-20kHz around 130 degrees and 300 degrees seem to move from the short-duration

component to the long-duration component.

Traditionally, one would tune the MCA \; parameters in order to move signal energy
between the separated components to achieve some desired result. While this is often a
useful practical step, the determination of )\; is not obviously connected to the underlying
signal characteristics. One of the benefits of the ESP MCA approach is that ESP windows
can be tuned based off properties of the signal in question. For example, if it is desired
that the long duration component include all (or more) of the late-time energy to improve
early-time/late-time separation, then that can be accomplished by shortening the windows
available to the short-duration component and including more quickly decaying exponentials
in the long-duration representation. This makes it easier for the exponential envelopes
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FIG. 16.

duration component (left) and short-duration component (right) of the copper pipe object. The
plots all share a common color scale. The short-duration component has an average early-time

relative error of 27.4% and the long-duration component has an average late-time relative error of

62.5%.

to sparsely represent shorter signals and more expensive for the rectangular windows to

compete for the same short signals. In this case, we shorten our rectangular window lengths

considerably and add

s2s Performing 1000 iterations of ESP MCA BP with these parameters results in the separation

s20  shown in Figure 17.

ESP Separated 0.032-inch Copper Pipe
Long Duration Response Image

Short Duration Response Image
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an additional time constant of 1ms, resulting in:

T; = 0.01, 0.05ms,

7, = 1.00,1.78, 3.16, 5.62, 10.00, 17.78, 31.62ms.
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Alternative ESP Separated 0.032-inch Copper Pipe
Long Duration Response Image

Short Duration Response Image

-0.5 -0.5

0.5

0.5

0.5 0 05 -0.5 0 05
X (m) x(m)

Short Duration Response NTS

Freq (kHz)
8

Freq (kHz)
3

0 100 200 300 0 100 200 300
Aspect (deg) Aspect (deg)

FIG. 17. PFA image (top) and normalized target strength (bottom) for the ESP separated long-
duration component (left) and short-duration component (right) of the copper pipe object using
an alternative set of envelopes. The plots all share a common color scale. The short-duration com-

ponent has an average early-time relative error of 74.6% (3 dB) and the long-duration component

has an average late-time relative error of 15.97% (16 dB).

In this case we get something that looks more like the FFT separation, with most of
the late-time power (including the short-duration components) in the long-duration image.
There is more late time energy in the short-duration image for this alternative ESP MCA
than FFT MCA and the average short-duration early-time error is larger at 74.6%. The
long-duration late-time average error 15.9%, an improvement over FFT MCA. Table IV
summarizes the performance metrics for the copper pipe, with the alternative ESP MCA
producing the best early time image and the ESP MCA producing the best late time image.

In this case, the table does not tell the whole story. The overall performance of each method
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Method mi mo

FFT MCA 64.1% 17.7%

ESP MCA 27.4% 62.5%

Alternative ESP MCA | 74.6% 15.9%

TABLE IV. Short-duration early-time relative error m; and long-duration late-time relative error

mo for FFT MCA and ESP MCA for the copper pipe.

depends on whether the motivating need for MCA signal separation would benefit from
late-time short-duration energy grouped with the initial scattering return or with the more

diffuse late-time return.

This section demonstrates some of the complexities of applying MCA to experimental
data. Performance of MCA representations will depend on the signals in question and
determining the correct separation parameters is not always obvious. In the case of ESP
MCA, adjusting the envelope parameters can be done in a more principled fashion than
adjusting the A\;-parameters. In either case, finding a way to allow the MCA representations
to be data informed, rather than completely model driven, is a potential topic for further

research.

V. DISCUSSION

Motivated by the problem of separating the early-time and late-time returns from the
acoustic response of an elastic object, we have presented a pair of MCA techniques which
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can successfully separate the short-duration and long-duration components without the need
for a reference signal or time gates. This partly isolates the late-time returns, with the
geometric scattering response generally present in the short-duration component and high-
(@ resonances present in the long-duration components. Successful separation was achieved
on both clean and noisy analytic data as well as experimentally collected in-air sonar time

series.

The FFT MCA approach is signal agnostic and does a reasonable job of signal separation,
performing very similarly to ESP MCA in the clean analytic signal case (see Table I). FF'T
MCA also has the benefit of being extremely fast, but is rigid and cannot be tuned to fit a
particular signal outside of the traditional A\; parameters. The ESP MCA application had
the best metric scores in analytic time series analysis. ESP MCA has a flexible signal model
which can be tuned to support a wide variety of signals as demonstrated in Section [V C. It

does take orders of magnitude longer to run than FFT MCA, however.

When applied to noisy signals we found in Section [1I C that MCA can turn sharp nulls
in the spectrum of a time series, which are easily filled in by Gaussian noise, into peaks in
the spectrum of the long-duration component, which are easier to identify in the presence
of noise. This is most obvious in the Stanton model impulse response (see Figures 3 and
4) but can also be seen in the ESP MCA separation of the noisy LFM (see Figure 7).
We also find evidence of this behavior in experimentally collected AirSAS data with the
hyperbolic signatures that appear in the long-duration normalized target strength plots
for the 0.032-inch hollow copper cylinder dataset (see Figure 12) but are obscured by the
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stronger short-duration geometric response in the unseparated data. The ability to utilize

features derived from separated components is a on ongoing topic of research.

Additionally, Section IV demonstrates compatibility of MCA with synthetic aperture
sonar image reconstruction. The ESP and FFT MCA techniques produced short-duration
and long-duration PFA images which split the initial loud response of thin-walled cylindrical
objects from the diffuse energy produced by long-duration ringing. This was done without
time gating and in the presence of both experimental noise and overlapping returns with
varying start times. Notably we have presented examples where long-duration late-time
energy is separated from superimposed short-duration late-time energy (see Figure 16).
While the performance metric results were less clear cut for the experimental data, ESP MCA
was capable of performance similar to FF'T MCA (see Table V) while being significantly
more flexible in its signal model. While both MCA approaches were designed to separate
short-duration /long-duration components, the ultimate goal is to separate early-time/late-
time components in order to preserve the assumptions of the image formation model. It is
an open question if the spectral characteristics of early-time versus short-duration late-time

responses could be used in an MCA context.

Moving forward there are quite a few potential applications of MCA to acoustic signals.
The filtering process could be used in the formation of SAS imagery to either reduce late-
arriving energy, allowing for a sharper representation of the object, or to highlight late-time
ringing energy, identifying objects with elastic behaviors from those without. Additionally,
the spectral peaks resulting from high-() modes in the long-duration component could be

used as features for classification. More broadly, MCA could be used to at least partially
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separate any components of a signal which feature sparse representation, such as overlapping
acoustic returns from two pings with significantly different spectra, and as such FFT and

ESP MCA provide flexible tools for tackling a fundamental acoustics challenge.
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