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Abstract

Classification of objects based on acoustic or electromagnetic measure-
ments is performed in many remote sensing applications underwater and
in-air. Active sonar insonification induces multiple types of acoustic scat-
tering phenomena including direct reflection as well as structural resonance.
It is observed that the choice of representation for the raw measurement
affects the shape and strength of discriminatory features and the classifi-
cation performance that utilize them. Using in-air acoustic measurements
collected in a noise-controlled laboratory setting, this work develops a sta-
tistical model for discriminatory features and a framework to identify the
discriminatory pixels in multiple representations as well as an approach
to quantify their discriminatory power in the presence of additive noise of
varying levels. This framework is used to compare the relative classifica-
tion performance bounds under independent pixels assumption as well as
conventional feature energy detector.
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1 Introduction

remote sensing uses sound as the primary sensing modality due to its efficient propagation
compared to light or other electromagnetic counterparts that are used in terrestrial environ-
ments. Both sonar (sound navigation and ranging) and radar (radio detection and ranging)
utilize wave phenomenology for object detection, classification, and localization. Acoustic
data collected with sonar systems are processed and represented in various forms of data
products, such as spatial imagery or spectrograms that extract and organize the information
embedded in the raw data, which are appropriate for human consumption or for further
analysis and decision-making using automated target recognition (ATR) algorithms.

Model-based signal processing [1] in remote sensing applications achieves high quality data
products by utilizing signal structures associated with the known acoustic phenomena, sound
interactions with the environment, and its propagation through the medium. For example,
synthetic aperture sonar (SAS) processing reconstructs spatial imagery of the scattered inten-
sity of the imaging scene with isotropic scatterer assumptions [2,3]. The optics-like behavior
of high frequency sound (above 100kHz) is exploited to achieve high-contrast picture-like
imagery. However, when the signal structure is different from the expected, or when system-
atic errors are introduced the quality of image degrades [4], which renders the information
extracted from it less reliable.

Alternative representations with more appropriate assumptions on the signal structure may
be considered in order to improve the quality of data product or to extract additional infor-
mation not accessible with conventional processing [5,6], at the expense of increased compu-
tational cost and potentially transforming the raw data into a less familiar domain such as
Fourier spectrum or spatial wavenumber domain [7,8]. However, some of the expected ben-
efits are more interpretable organization of features and improved robustness against noise.
Noise is an unavoidable element of real world data, whose structure may not conform to
any of the assumed signal models, and obscures the signal. Therefore, the presence of noise
can affect the quality of information extracted from alternative representations, therefore,
it is useful to understand how the decision performance degrades with increasing level of
noise.

Decisions are made based on the analysis of the features accessible in the data products, for
applications including environmental characterization, object detection, or fishing survey.
The reliability of the decision depends on the quality of the processed data, which is often
affected by the post-processed signal-to-noise (SNR) level. One of the main objectives in
underwater acoustic signal processing is to increase the reliability of decisions by improving
the post-processed SNR, [9], through re-organization of the raw data into a more suitable
representation.

Given that multiple types of acoustic phenomena are associated the overall active sonar re-
sponse, we investigate a set of representations to assess their relative discriminatory power,
under a range of noise levels. While the set of representations explored in this work may
not be optimal, they provide insight into the trade-off involved with multiple representation-
based decision-making approach. Using noise-controlled data collected on canonical objects
designed for representation analysis, we discuss the detection of discriminatory features and
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statistical separability of classes using the detected features. We demonstrate that utiliz-
ing multiple representations can improve the reliability of decisions, especially for noisy
data.

The remainder of the paper is organized as follows; Section 2 introduces the two main rep-
resentations SAS imagery and k-space. Section 3 derives the pixel statistics and how they
change with additive noise, followed by Section 4 where a summary statistic of the discrim-
inatory pixels is derived. In Sections 5 and 6 the data collected with an in-air measurement
system and the experimental results are presented, followed by conclusions.

2 Sonar Data and Representation

The primary sensor for underwater remote sensing applications is acoustic due to its relative
efficiency compared to electromagnetic wave propagation, which is much more prevalent in
terrestrial applications. Similar to synthetic aperture radar (SAR) used by aerial vehicles,
synthetic aperture sonar (SAS) employed by underwater vehicles allow for aperture lengths
beyond the physical constraints of real aperture arrays. With the aid of accurate motion
estimation and compensation of underwater sensor platforms, forming a large synthetic aper-
ture leads to finer resolution of SAS imagery, from which shape features of objects and sea
floor textures can be extracted [10,11].

Human perception relies heavily on its visual sensor, and utilizes basic shape features [12]
and their relative organization for object recognition and classification [13,14]. This justifies
the use of high-frequency sonar systems and the associated acoustic wavelengths that exhibit
similar scattering phenomena as optical scattering, and the transformation of acoustic raw
data into a visual representation for information processing by the human perception system
[15,16]. This is also advantageous for signal processing as mature image analysis tools can
be applied almost directly to acoustic image data products, and the information extraction
methods for further decision-making.

However, it is empirically observed that structural acoustic phenomenology at longer wave-
lengths, or lower frequencies, contain discriminatory information [17] beyond just the object
shape. For example, a pair of objects with the same exterior, but made with different ma-
terials would exhibit a different overall acoustic response due to the differences in structural
resonances. While their geometric shape features would appear nearly identical in a SAS
image, their resonant responses would not be clearly represented in the imagery.

A different type of representation may be better suited for this discriminatory information,
or the resonant response. The spatial wavenumber domain, or k-space, is the 2D Fourier
transform of the complex-valued SAS image. The magnitude of this representation, or k-
space, in particular shows the distribution of resonance energy over a range of insonification
angles of the sonar.

One of the advantages of the wavenumber domain representation over the spatial image is in
the level of concentration and the organization of acoustic energy associated with structural
acoustics of the object. The underlying assumption of image formation SAS processing is
the isotropic nature of the geometric scattering response, which allows for large coherent

22-006 Unclassified 2
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processing gain over a wide range of scattering angles. However, the structural response of
the same object is not independent of scattering angle. Instead, it is the aspect-dependent
response that helps distinguish different objects with the same exterior.

Fig. 1 shows the time series data for solid copper cylinder and hollow copper cylinder
with 0.82mm wall thickness, whose exterior dimensions are identical, but their differences in
the structural responses evident in the late-time resonance response after 6ms. While it is
difficult to recognize structured organization of features associated with the resonances in the
image domain shown in the comparison between Fig. 2 (a) and (b), the aspect-dependent
resonance structure of the hollow object is clear in the late-time wavenumber domain image
in the comparison between Fig. 2 (e) and (f), which allows for a more visually intuitive
discrimination between the two objects. Note that (c) and (d) are the wavenumber images
of the full time series, in which the specular scattering response have dominated the relatively
weaker resonances.

22-006 Unclassified 3
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Figure 1: Time series data of solid copper cylinder and hollow copper cylinder with 0.82mm
wall thickness. Aspect-dependent late-time resonances are visible from 6ms
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(a) Copper Solid (b) Copper Hollow
Image Image

(c) k-space (d) k-space

(e) Late-time k-space

Figure 2: Synthetic aperture sonar image and wavenumber domain representations of acous-
tic data collected on solid and hollow cylinders. Last row are k-space of the late-time reso-
nances.
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2.1 Synthetic Aperture Sonar Imagery

The use of SAS imagery in underwater remote sensing applications has been increasing for its
fine image resolution that does not degrade with range, while it does degrade with range in
the case of conventional real aperture sonar (RAS) imagery. Each pixel in the SAS image is
formed by aligning and adding the scattering responses of an object from multiple pings. It
is also referred to as delay-and-sum beamforming [18,19]. Constructively adding the object
responses to reconstruct high-contrast imagery not only requires accurately estimating and
compensating for the sensor motion, but also relies on the object responses from different
scattering directions to be similar to each other so that they constructively interfere. An
ideal elementary target for SAS processing that yields the theoretical resolution limit is a
point scatterer, whose response is independent of direction of the sonar. The resolution
of the SAS image is determined by the width of the point spread function (PSF), which
is determined by the bandwidth of the pulse used by the sonar, and by the length of the
synthetic aperture [20]. Wider band pulses and larger synthetic aperture achieve narrower
PSF [21]. The specular response of an object is well-approximated as a specific spatial
arrangement of point scatterers that form the shape of the object.

The overall response of objects, however, include components that are not well-approximated
as a collection of point scatterers. For example, while much of the transmitted pulse it
reflected off of the object surface back to the sonar, part of the pulse energy is acoustically
coupled onto the object and re-radiated back to the sensor at a later time. This process
is frequency-selective and determined by the structural properties of the object [17]. The
spectral characteristics of these components are also dependent on the direction of scattering.
As a result, the acoustic energy associated with these components do not focus as tightly as
the ideal PSF of the point scatterer. The SAS image signatures associated with these acoustic
phenomena are out-of-focus and low-contrast compared to the specular component.

2.2 Spatial Wavenumber Imagery

Fine-resolution high-contrast SAS imagery is a result of spatio-temporal pulse compression
over time and the synthetic aperture [20]. The specular component of object scattering
suffers little distortion from the broadband transmitted pulse, and therefore can achieve
high level of pulse compression. On the other hand, structurally excited resonant responses
are spectrally narrow due to the frequency-selective mechanisms associated with it, and late
in time with indeterminable timing.

In order to re-organize the shape of the feature and to improve the concentration level of
acoustic energy associated with the late-time resonant responses, an alternative representa-
tion such as the Fourier domain may be considered in lieu of SAS imagery. In its simplest
form of description, the 2-D spatial Fourier transform of the complex-valued SAS image is
the representation of interest in this work. Other names for this representation are spatial
wavenumber domain, or k-space. This alternative representation is also a complex-valued
image, but only the magnitude of k-space will be considered in this work. While the notion
of an elementary point-like target in this domain is physically elusive, compared to the point
scatterer in the spatial domain, a spatially-limited version of a point target in k-space could
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be conceived. The k-space signatures that make up the late-time resonant response, seen as
traces of point clusters in Fig. 2 (f), is considered a specific arrangement of this elementary
target response, similar to how the object shape is a specific arrangement of point scatterers
in the spatial domain.

It is worth noting that energy is conserved when transforming between image and k-space,
but its distribution and feature-level concentrations vary significantly. In practice, signal is
mixed with additive noise, and the concentration level of acoustic signature determines how
much noise the target signatures can withstand the noise before they are dominated by noise
and become indistinguishable.

2.3 Time Segmented Representations

While the specular component of the overall acoustic scattering response from the object’s
exterior surface is well-focused by the image formation algorithm to yield high-contrast
shape features in the spatial image, the late-time resonant responses do not conform to the
image formation model. Their resonant characteristics imply Fourier bases may be better
suited for representing these components. However, the resonant response is significantly
weak compared to the specular component, and direct Fourier transform of the entire data
results in the resonance features being obscured by the specular features. The overlapping of
features in the k-space hinders the detection of discriminatory features. This phenomenon
can be mitigated by applying a preprocessing step to separate the early-time response and
the late-time response by time-gating the overall data relative to the first arrival of the
specular response.

As discussed in Section 2, Figs. 2 (e) and (f) are a comparison of the late-time only k-space of
for solid cylinder and hollow cylinder. It is clear the late-time resonances are discriminatory
features between the two objects, given the noise level is sufficiently low. While the late-time
resonant response that discriminate between solid cylinders and hollow cylinders appear as
defocused blurry feature in the spatial image, in the k-space they are organized in a more
structured pattern tracing out a curved trajectory. The feature concentration level can be
further improved beyond k-space if the shape of the spectral features were known a priori
and incorporated in the processing algorithm.

3 Image Feature Statistics

In this section, we first derive statistical models for each pixel, followed by estimating the
parameters for the model. Then, we discuss their role in discriminatory feature identification
for classification.

Let the measured and basebanded acoustic data vector be
c=as+n, (1)

where « is a scalar, s is known complex-valued signal with unit norm, i.e., sfs = 1, and
n is complex normal random vector, n ~ CN'(0,02%1,), where I, is an identity matrix of
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dimension 2. The zero-lag peak of the matched filtered data Z = s”c is a random variable,

and is also a complex normal random variable. We consider a signal detection problem with
two possible outcomes [22,23]; Hy: signal is absent, H;: signal is present. Therefore,

Ho(a=0): Z ~ CN(0,0%1,), (2)
Hi(a#0): Z ~CN(a,0215). (3)

The magnitude of Z is Rice-distributed, |Z| ~ Rice(a, 0,), where a = 0 is a special case,
in which the distribution becomes Rayleigh. In a more general signal classification problem,
two types of signals may be defined in (1) as sg and s;, but the cross correlation may be
significantly small, sfs, ~ 0.

SAS image formation algorithms, combine multiple matched filtered measurements (m =
1,2,3,..., M) to generate complex-valued spatial image, I(x,y). The spatial wavenumber
representation, or k-space, is denoted as K (k,, k). Each discrete pixel in the spatial image,
I(z(i),y(j)) is computed as a coherent sum of M measurements, each of which is aligned so
that they all correspond to the same scatterer position, (z(7),y(j)).

1), ) = -

M=

Zn(t — T (4,5)) (4)

m=1

Q2 Ry s(t — 7)) + Rop,, (t — Ti) (5)

[
=~
NE

1

3
I

where ¢ is time since each transmission, 7,,(7,7) is round trip time of the m'™ pulse from
the transmitter to and from the scatterer at (x(i),y(j)) back to the receiver, Ry, is the
auto-correlation function of s(¢) whose peak is 1, and Ry, is the cross-correlation function
of s(t) and n,,(t). The pixels (k,(7),k,(j)) in the wavenumber domain image are the 2-D
spectral coefficients of the spatial image. The component wavenumbers k, and k, can be

represented as (w,0) = <§, /k; + k2, tan 1 (Z—Z)), where c¢ is the speed of sound.

In the absence of echo return, or when «,, = 0, the formation of each pixel at position
(x(i),y(j)) is computed as a sum of noise samples only. For simplicity of analysis, inde-
pendence between the noise samples is assumed, which leads to independent pixels with
complex normal distribution I(z(7),y(j)) ~ CN (0, %Ig). Each pixel in k-space is a linear
combination of each pixel in the image. Since each image pixel is independent, the linear
combinations complex normal pixels are also distributed complex normal. A discussion on
the dependence between pixels in k-space will follow in a later section.

For pixels containing objects, the pixel value is the integrated scattering response over all
measurements as (5) with «,, # 0. While the scattering response from different parts of
the object and their orientation relative to sensors affect the received level, for simplicity of
analysis the underlying true scattering strength is assumed to be constant, a,,, = a.

The intensity of pixels in SAS image or in k-space image is the magnitude of the complex-
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valued pixel. The pixel value itself can be re-formulated as a sum of the signal component
and the noise component,

I=p-e®+U+;5V (6)
where U and V' are the real and imaginary part of the complex normal with CA” ~ N (0, +;021).

The scalar p is constant, and the phase is uniformly distributed, © ~ U(—m, 7). When a = 0,
and in turn g = 0, I is complex normal with the joint PDF of U and V,

1 u? + v?

Jov(u,v) = 2mo? P (_ 202 ) v
with ¢ = 0,/vV M. In polar coordinates, the joint distribution of phase and magnitude
is,

for(6.1) = fo(0) - Fa(r) = o= - s exp [~ ®)
r) = cfr(r) = — - =exp| —=
or\U, e R o 3 p 252 |’

where the phase distribution is uniform and the magnitude is Rayleigh-distributed, |I| ~
Rayleigh(B3), with § = ¢,/v/M. For estimating the parameters using samples 75, k =
1,2,3,..., K, we use the method of moments. Using the second moment of Rayleigh variable,
E[|I?] = 252, the estimated Rayleigh parameter is 3 = (5= STV

For non-zero p case, the joint distribution between the real and the imaginary part of the
complex-valued random variable is a circular non-zero mean bivariate normal distribution,

described as
1 a? +y? + /2% + 32
-2 )| ———= 9
202 CXP ( 202 0 o2 9)

where Iy(-) is the modified Bessel function with of the first kind, with constant u and
o = 0,/vV M. The magnitude components is expressed as,

r 7’2 2 r
fR(T’) = EeXp (— 2—;2'u )[0 (%) (10)

The magnitude of I is Rice-distributed, |I| ~ Rice(u, 3), where u = M-a?-, and 8 = 7,,/vV M.
It is known that Rice distribution is well-approximated as normal distribution for /8 > 3,
|I| ~ N(u,5%). On the other hand, when /8 < 1, |I| ~ Rayleigh(j3).

fxv(z,y) =

Again using the method of moments for estimating the Rice parameters, we use the fact the
second and fourth moments of Rice random variable are E[|I|?] = 202 + p?, and E[|I]*] =
84* 4+ 83212 + p*. The estimated parameters are,

A 1 1
pr=12 gzri —gzrﬁ (11)
k k
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A L1 2 _ a2
=15 E;T’“_” : (12)

3.1 Feature Organization and Representation

In the formulation of a 2-D complex image pixel (6), the spatial intensity distribution of SAS
image is determined by the spatial arrangement of (i, 7), where i and j are horizontal and
vertical indices, respectively. The p values are determined by «,, values over all measure-
ments via the image formation algorithm. The intensity distribution in k-space is dependent
not just on u(i,j), but also on O(i,j), since both the magnitude and phase contribute to
the 2-D complex Fourier transform. It should be noted that both p(i,j),9(i,j) are not
independent from p(k,l),©(k,l), for any 4-tuple i, j, k,I. However, the signal component
and the noise component of each pixel are mutually independent.

Given a pair of objects, e.g., solid cylinder and hollow cylinder, with identical exterior
dimensions, represented in spatial image with N pixels, their pu(i,j) features around the
perimeter of the object would be very similarly shaped, as seen in the middle sections of
Fig. 2 (a) and (b). On the other hand, the late-time elastic response from the hollow
cylinder would yield a different u(7,j) pattern from those of a solid cylinder. Consider
generating a set of magnitude images with the same measurement setup with independent
noise realizations. The distinguishability between the two objects given a sample image is
determined by the difference between the function p(i, j), relative to the variance introduced
by the noise component of (6). More specifically, given |I| C RY, and a pair of N-dimensional
joint PDFs, each for solid cylinder and hollow cylinder, P(I) and Q(I), respectively, the
statistical distance between the two joint PDFs determines how distinguishable the two
classes are.

Not all of the pixels contribute equally to this decision, especially those with small pixel-
wise mean difference Apgy(i,7) = |pus(i,7) — pu(i, j)| relative to the pixel-wise variance.
Furthermore, including the non-discriminatory pixels in the decision may even hurt the
performance since they are more likely to increase the variance than to increase the mean
difference. Therefore, as the noise level increases, the number of pixels that maintain their
discriminatory contribution will decrease.

3.2 Organized Discriminatory Feature and Representation

Considering alternative representations where the pixel model (6) holds, one representation
may maintain its discriminatory power over other representations up to higher levels of noise
when the p distribution is such that much of the energy is concentrated into fewer pixels,
or if the shape of the feature is easier to recognize. As briefly discussed in Sec 2.2, it is
known that Fourier transform is unitary, i.e., the energy or sum of squares between image
and k-space is conserved. We are interested in this property holding for the discriminatory
information between the two objects of interest. However, as will be discussed in Section
4.2, the discriminatory power is not necessarily conserved between transforms. The Fourier
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transform re-distributes the acoustic energy associated with a discriminatory phenomenon,
which also affects the level of concentration of this energy. Whether this concentrated energy
is above the noise floor determines if the discriminatory feature is detectable. Even at similar
levels of concentration, more recognizable shape may facilitate easier feature detection, at
least for human consumption or vision-based machine learning algorithms that are trained
to find object edges [13].

As the level of additive noise increases, the variance of the noise component of pixel value, o2
increases, and the shape parameter, /3, for the pixel intensity distribution (10) also increases
as 3% = 02/M. The pixel-level signal-to-noise ratio is defined as SNR(i,j) = u(i,j)*/o2,
or SNRyg(i,7) = 10log,,(1?(i,j)/c?) where o, is considered constant over all pixels. As
the noise floor rises the features will be obscured, rendering classification based on the
representation unreliable. Assuming the location of discriminatory pixels are known, the
classification error will begin to grow as the most discriminatory pixel is dominated by
noise, or max; ; SN Ryp(i, j) — 0.

4 Discriminatory Feature Detection And Classification
Performance Prediction

For remote sensing applications, we are concerned with the detection of discriminatory fea-
tures in noisy data. Two classes of quantitative measures are utilized to assess the overall
utility of the representations for object classification. First measure is the amount of struc-
ture the discriminatory feature shape possess that can be recognized, i.e., how well the
discriminatory features are organized, or structured, as they are depicted in the represen-
tation. Second measure is the amount of statistically discriminatory information that is
present in the representation regardless of the shape of the discriminatory features.

4.1 Discriminatory Features

The consumers of images, whether in the spatial domain or in k-space, are human reviewers
or automated algorithms trained on relevant images. At a low level, they rely on finding
edges of objects that are both visually salient and potentially discriminatory. Structural
similarity (SSIM), developed for predicting perceived quality of digital image and video, is a
widely used measure to capture visual similarity between two images [24]. Unlike other image
similarity measures, SSIM is less sensitive to the absolute difference. Instead, it correlates
better with the visually perceived difference between images [24]. Either a scalar SSIM value
can be measured from a pair of images, or a map of local SSIM can be generated. From this
map between a pair of representations, SSITM(i,7), a map of structural dissimilarity (SDIS)
is defined as, SDI1S(i,j) =1 — SSIM(i, j).

For each object class pair comparison, the SDIS map from all object pair comparisons are
used to find the most commonly discriminatory pixels to use in (18) and (20). If a given
SDIS value of a pixel is above the top 1% threshold of an exponential fit of SDIS-value
distribution for more than one third of comparison object pairs, it is included in the reference

22-006 Unclassified 11



Unclassified

discriminatory pixel set, Xp. This is repeated for each time segmentation and for each
domain, yielding 3 X 2 = 6 representations.

4.2 Log Likelihood Ratio and Chernoff Information

Consider a vectorized image, x, and the index for each pixel is converted from (7, j), to n =
1,2,3,...,N. In a binary classification problem between two objects with /N-dimensional
joint PDFs P and (), and Bayesian priors my and m; = 1 — m, respectively, the optimal
decision rule in terms of the minimum error is based on the Neyman-Pearson lemma [25],
which utilizes the likelihood ratio test,

@-P(Il?x%'” JxN>

Ax) =

<T. 13
7-‘-1Q(':l:17x27”'7331\/')> ( )

Assuming independent distributions (i.d.) between pixels, the log-likelihood ratio function
is,

l(x) =InA(x)

ln—+z (In Py(z,) — InQn(zy)), (14)

where P, and @), for each pixel magnitude are Rice distributions with Rp, ~ Rice(vy, B,)
and Rg, ~ Rice(jt,,0,). With equal priors, i.e., 1y = m; = 3, and using the approximation
In (Iy(z)) = = — 3 In(27z), (14) is expanded to,

2’

Zl V2 1 /L?L 1 1 VnO'2
n —_—— — —_—
ﬁ2 262 202 Bzun
Vp  Un 1 1 9
*(ﬁ—z‘a—z)xn+(w+ﬁ)x
N
= Z an + bpx, + Cn.fi, (15)
n=1

where a,, b,, ¢, are the coefficients for the second order polynomial of x,,. The log-likelihood
ratio is the sum of Rice random variables, z,,’s, with different parameters, which converges
to a Normal random variable, Y ~ N (g, al) When N is sufficiently large [26]. The Normal
parameters are computed as

=y + by Elz,) + e, Elz?] (16)
Zzﬁ (2] + AV [22] + 2b,cn(E[2d] — B[z, E[x?)) (17)
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where E[] is the expected value and V-] is the variance, respectively. These quantities
are dependent on the object class, e.g., Ep[-] or Eg[-]. Note that the limit of the sum in
(14) or (15) reduces to Np when only considering the discriminatory pixels, and the Normal
approximation still holds with sufficiently large Np.

With the summarized decision statistics of the discriminatory pixels modeled as Normal
random variables, Yp and Y, we can predict the change in their parameters as the noise
level increases via (10), (15), and (16),(17). Now, by characterizing how the statistical
distance between the two PDF's changes with the noise level, we can predict how much noise
the discriminatory features can withstand before the classification error begins to grow, for
each representation.

Chernoff information is a statistical divergence measure between P and (), defined as,

C(P,Q) = max —In / PMz)Q'"(x)d. (18)

A€(0,1)

As the integrand indicates, C'(P, Q) is also considered the geodesic bisection between a pair
of distributions in terms of information geometry, and upper bounds the error of Bayesian
decision rule [27] as,

E* < WS*W%_A*G_C*(P’Q), (19)

where \* is the value that achieves the maximum in (18). The Chernoff information for a
pair of Normal distributions N(up,0%) and N(uq, o) is [28]

- M(MQ —pp) Aop + (1= N)op] ™ (ug — )
N lln Aop 4+ (1 — N)ag)] (20)

2" ToRPlogl

(P, Q)

where Bhattacharrya distance is found with A = 1/2, and the Chernoff information is found
by maximizing (20) either analytically or numerically [28]. It is worth noting the SNR-like
function akin to the pixel level SNR discussed in Section 3.2. A subtle distinction from a
direct interpretation of feature SNR is that even if both p’s are large, which implies the pixel
level SNR is large, the statistical divergence can still be small if their values are similar, as
will be discussed with experimental data.

Another point worth noting with SAS imagery generated in practice is the post-processing
step referred to as dynamic range compression (DRC) used for intuitive interpretation by
human visual system. Linear scale pixel intensities are normalized by amplifying the low-
amplitude pixels, or suppressing the high-amplitude pixels. While sophisticated DRC meth-
ods are intricate, often data-driven, normalization applied to the linear scale, applying a
logarithm transformation is a good approximation of this mapping. It is known that Cher-
noff information is invariant to parameter transformation of random variables [25], and the
image statistics on the logarithmic scale yields the same statistical divergence as the linear
scale.
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A simplified version of (20) with A = 1/2 with equal variance, op = 0g = 0 is

1 (ug — pp)?
C(pQ) = etk 1)
It is worth noting the effective signal to noise ratio between the p’s and the ¢ is the main
contributor to the statistical separability between the two classes. This is consistent with
the typical detection problem, however, the formulation of these parameters, as described in
(16) and (17), is a sophisticated combination of the pixel parameters, which are affected by
the choice of representation as laid out in Section 2.

5 AirSAS Data Signal Processing

While acoustic data is primarily used for underwater remote sensing applications, compli-
cations due to the cost of data collection and processing challenges stemming from sound
speed variability and sensor motion instability, in-air laboratory environment measurement
system such as one used for this work, AirSAS [29], serves as an apt alternative for con-
trolled experiments. AirSAS is used to collect synthetic aperture sonar data in a circular
collection geometry with stationary sensors and objects placed on a rotating table [29]. The
main objective is to classify between three classes of cylindrical objects from their SAS data
representations and characterize the performance with increasing noise levels. The three
classes are Solid, Hollow, and Pipe. Table 1 summarizes the properties of the objects used
for this analysis.

Table 1: List of cylindrical objects. All objects are 50.8mm in diameter and 203.2mm in
length.

’ ID \ Object \ Matrerial \ Wall Thickness \ Note ‘

1 | Solid Steel N/A

2 | Solid Copper N/A

3 | Solid Wood N/A

4 | Hollow Steel 1.65mm

5 | Hollow Steel 1.65mm 2mm Hole
6 | Hollow Copper 1.65mm

7 | Hollow Copper 1.65mm 2mm Hole
8 | Hollow | Copper 0.82mm

9 | Hollow | Copper 0.82mm 2mm Hole
10 | Pipe Steel 1.65mm

11 | Pipe Copper 1.65mm

12 | Pipe Copper 0.82mm

13 | Pipe | Aluminum 1.65mm

Both spatial imagery and k-space imagery were used for the analysis, with an interest in com-
paring the strength of discriminatory features, and their robustness against additive noise in
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the acoustic measurements. The dimension of both spatial and spatial wavenumber (k-space)
imagery are 180 x 180 pixels, spanning 1.45m x 1.45m, and —550m 1 x 550m 1, respectively.
Since the choice of representation domain affects the level of signature concentration, leading
to different levels of pixel-level SNR, we expected the classification performance will remain
superior on the representation which has a higher concentration of discriminatory signature.
In the case of similar concentration level, the domain with more structured features will be
easier to interpret.

In order to separate the late-time resonant response from the specular response, as discussed
in Section 2.3, the data is time-gated in three ways; early- (3.7-6.1ms), late-(6.1-8.5ms), and
full-time. The purpose of the full-time case is to serve as a reference, especially for k-space,
in which the weak resonant features are obscured by the strong specular response so that we
can observe the impact on classification. Time-gating is done by taking the product of the
time-gate mask with the raw data before image formation algorithm is applied.

In Fig. 2 (f), it is evident that hollow cylinders exhibit resonant signatures in late time
segment, more conspicuously concentrated in the wavenumber domain. In the spatial image,
although the corresponding acoustic energy is contained in the same angular range as that of
the wavenumber domain, they are radially dispersed with little visual structure, as depicted
in Fig. 2 (b). We posit the underlying signal model of the late-time acoustic signal is more
consistent with the underlying signal bases of the wavenumber representation, compared to
that of the image representation. On the other hand, the noise part of the data does not
conform to either underlying signal models of the two representations, failing to coherently
accumulate. Instead, as the noise level increases it does begin to fill in the low signal-
level pixels of the images, and also increases the variance of all pixels. Consequently, the
distribution of the pixel magnitude converges to Rayleigh with a larger shape parameter, for
both the low- and high-signal levels.

Taking advantage of the precise control of the AirSAS framework, we aligned the measure-
ments from different objects, which allows for using SSIM and in turn SDIS discussed in 3.2
to identify discriminatory pixels between object classes used for analysis. Fig. 3 (a) and (b)
show the SDIS map that highlights the discriminatory features for hollow copper vs. copper
pipe, and (c) and (d) for solid copper vs. hollow copper, respectively, both in image and in
k-space.
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Figure 3: Structural Dissimilarity (SDIS) maps between (a) (b) hollow copper cylinder
vs. copper pipe, (c¢) (d) solid copper vs. hollow copper cylinders, in image and k-space,
respectively.
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5.1 Noisy Data

For the noise analysis, randomly-generated additive noise samples were added to the mea-
sured data collected in a noise-controlled environment. This additional noise is independent
from the measured signal and noise, and the resulting variance of noise pixels should be
the sum of the initial variance and the additional variance, which is accounted for in the
performance prediction model discussed in Section 3. Assuming the signal contribution to
the pixel variance is known, the increased variance of a pixel variance is due to the additive
noise. As the additive noise level becomes high, this variance should dominate the overall
variance. The range of noise level was determined so that at the highest noise level even
the strongest discriminatory features would be dominated by noise, and at the weakest level
it would not affect the pixel statistics significantly, with 5dB increments. Referenced to
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the background noise level o,.¢, the noise-to-noise level was chosen to be NL= 20log,,, ZA—]}’,
ranging from —50 up to 20 at 5dB increments, and 600 samples per each noise level.

5.2 Feature Energy Detectors

The feature summary statistics discussed in Section 4.2 is considered a well-informed optimal
feature detector, i.e., discriminatory pixels are identified and their parameters are known,
with the independent distribution assumption. In this section, we also discuss the perfor-
mance of an empirical feature detectors designed with less information assumed to be known,
applied to the noisy data.

First, the discriminatory pixels are known, each of which are assumed to be independently
distributed (i.d.). However, their parameters or distribution functions are not known. Under
these assumptions, the test statistic is derived in a similar manner as (16) and ()17) for the
pair of normal distribution, but the coefficients are a,, = 0,b, = 0,¢, = 1. We call this case
the independent pixel energy detector (IPED).

Second, we remove the i.d. assumption, and apply an energy detector on the same set of
pixels that may include dependent pixels energy detector (DPED).

Np
n=1

For the two empirically designed features, we estimate the mean and variance of the detector
statistics, then compute the Chernoff information in the same manner as the well-informed
feature detector.

5.3 Discriminatory Acoustic Phenomena

There are three binary classification pairs among the three object classes Solid cylinder, Hol-
low cylinder, and Pipe. Table 2 summarizes the expected discriminatory structural acoustic
phenomena in each time segment. For example, the Solid-Hollow comparison is expected to
be distinguishable in the late-time, but less so in early-time due to their similarity specular
response. This is by design, to serve as a reference comparison. In Hollow-Pipe comparison,
the end caps are likely the strongest discriminating feature, but there will also be differences
in the late-time resonances. Note that although the type of discriminatory acoustic phenom-
ena are the same between Hollow-Pipe and Pipe-Solid, how their features are represented in
image and k-space are different.
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Table 2: Object classification pairs and their discriminatory acoustic phenomena.

’ Object 1 \ Object 2 \ Pairs \ Early \ Late \ Full ‘
Solid(3) | Hollow(6) | 18 None | Resonance | Resonance
Hollow(6) | Pipe(4) 24 | End caps | Resonance Both
Pipe(4) Solid(3) 12 | End caps | Resonance Both

6 Results

For each representation, the Bhattacharyya distance, computed as a special case of the
Chernoff information with A\ = %, is computed for its simplicity of analytical expression for
normal distributions (21). The Bhattacharyya bound is less tight than the Chernoff bound,

but it is sufficient for characterizing the relative performance on noisy data.

The top row of Fig. 4 shows the Bhattacharyya distance as a function of noise level (NL),
for the all six representations on the same plot for direct comparison. Since this distance
was computed with the natural logarithm, its unit is nats. The three columns correspond
to the comparison pairs Solid vs. Hollow, Hollow vs. Pipe, and Pipe vs. Solid. The bottom
row of Fig. 4 is the corresponding accuracy performance, computed as Acc = 1 — E* in (19),
with equal priors. Note that the transition NL from high- to low-accuracy coincides with
where the Bhattacharyya distance crosses 0 nats. As expected, the discriminatory power of
each representation degrades with increasing noise. However, it is worth noting the relative
discriminatory power of each representation over the whole range of noise level. In low NL
region, or high SNR region, late-time representations show greater discriminatory power in
Solid vs. Hollow and Pipe vs. Solid comparisons. However, their relatively weak resonances
are dominated by noise quickly.

It is also worth noting the accuracy curves of multiple representations stay near 1 as long as
the Bhattacharyya distance is sufficiently greater than 0 nats. As a result, the benefit a larger
buffer of Bhattacharyya distance above 0 nats is not immediately apparent from the accuracy
curves. However, the robustness of classification performance against other factors such as
imperfect signal processing or external interference may be improved due to the redundancy
of pixels within the representation, i.e., even when some of the pixels are dominated by
noise other remaining pixels help maintain the overall discriminatory power. In fact, this
behavior is observed in the Fig. 4 (b) full-time image curve, where it tracks the late-time
image curve up to NL= —30dB, then tracks early-time image curve for the remainder of NL
values. This is due to the full-time image containing both early-time and late-time features
in the image as separated pixels, and the late-time feature being more discriminatory in low
NL region. On the other hand, this behavior is not observed in corresponding k-space since
the early-time and late-time signatures are overlapped in the full-time case.

The robustness may be further improved by utilizing multiple representations. In Pipe vs.
Solid, the most discriminatory representation switches from late-time image to full-time k-
space, then to full-time image, over the full range of NL. A fused classifier utilizing all six

22-006 Unclassified 18



Unclassified

15 (a) solid vs. hollow 15 (b) hollow vs. pipe 15 (c) pipe vs. solid
10 10 10
5 5T~y 5E 7
P Ty, @ X —, “
B Ok A TTTRaTTe _ - ) OSSR VIO N U = S IO . VO AR PRI oo S R
© 0 @ 0 S O © 0
—*—img,early ——img,early —*—img,early
-5 f|—+img late -5 r|—+img,late \ -5 f|—+img late 1
img,full " ‘ img,full £ img,full ‘
R - %~k early i ~ - %-k,early R - %~k early
10 - +-k,late T 10 -+-k,late T 10 - +-k,late
k. full k,full N ‘ k,full >
-15 -15 > -15
50 40 -30 -20 -10 0 10 20 50 -40 -30 -20 -10 0 10 20 50 40 -30 -20 -10 0 10 20
Noise Level (re. Ref. dB) Noise Level (re. Ref. dB) Noise Level (re. Ref. dB)

(d) solid vs. hollow (e) hollow vs. pipe (f) pipe vs. solid

0.8 \\ 0.8 0.8
306 \ 306 306 \
N S U, SIS SN S . M W - U R 1 A e
Q Q Q
2 0.4 |—img,early 2 0.4 [|—*=img,early i 0.4 |[—img,early

——img,late ——img,late ——img_late
img.full
- x-k,early
- +-k,late

k.full

img,full
- % -k,early
- +-k,late

img.full
- %-k,early
- +-k,late

k., full

k.full

¥

0 y 0 = e 0 y

-50 -40 30 20 -10 0 10 20 50 40 -30 -20 -10 0 10 20 -50 -40 30 20 -10 0 10 20
Noise Level (re. Ref. dB) Noise Level (re. Ref. dB) Noise Level (re. Ref. dB)

Figure 4: Rician distribution-based predicted Bhattacharyya distance of discriminatory
pixels for representations [image,k-space]x [early,late,full]. Top row (a),(b),(c) corresponds
to Solid vs. Hollow, Hollow vs. Pipe, Pipe vs. Solid, respectively. Bottom row (d), (e), (f)
are the predicted accuracy for object classification of the corresponding column.

representations for this comparison would track the top curve of Fig. 4 (c¢) at all NL values.
The best performing representations would be late-time image up to —40dB, full-time k-space
between —40dB and —5dB, then full-time and early-time image after —5dB.

To demonstrate the visual discriminatory power differences of representations at different
noise levels, let us consider the Hollow vs. Pipe comparison. At NL=-20dB, shown in
Fig. 5, the early- and full-time image as well as the early- and full-time k-space are clearly
discriminatory. The difference in feature shapes in the full-time k-space representation, while

nuanced, are strong enough to make it more discriminatory than the image counterpart, also
confirmed in the plots Fig. 4 (b) and (d).

At NL= 0dB, shown in Fig. 6, while the weaker ripple pattern in the full-time Pipe image
is no longer visible, the end caps are still clearly discriminatory in (a). The acoustic energy
associated with the end caps in (a) are more concentrated as bright pixels than those of the
full-time k-space signatures shown in (c), and the late-time energy in (e) is not visible, fully
buried under the noise floor. These observations are consistent with the plots in Fig. 4, in
which the full-time image is still above 0 nats, full-time k-space is in the transition region,
and the late-time k-space is well below 0 nats.

22-006 Unclassified 19



Unclassified

The set of discriminatory pixels was denoted as Xp in Section 4.1. The robustness of
these pixels is quantified by comparing the discriminatory pixels identified using the noisy
SDIS map between the classes to the reference discriminatory pixels, Xp. We measure
how many of the discriminatory pixels in the noisy SDIS map, Xp(NL), overlap with the
reference Xp. Robustness of discriminatory pixels at a specified NL, p(NL), is defined as
the ratio of the number of pixels that are commonly identified as the discriminatory using
the method discussed in Section 4.1 for the noisy SDIS map and the reference SDIS map, to
ND = |{I € XD}|
 Hr e Xp(NL)} n{z € Xp}|
p(NL) = (23)
{z € Xp}

At higher NL values the detection of any object feature may be difficult, especially for the
late-time signatures in (e) and (f) of Fig. 6. Fig. 7 shows how p changes with NL for each
object class comparison and for all representations. Fewer of the pixels in Xp are consistently
detectable as the noise level increases, and the degradation occurs more quickly for the
relatively weaker late-time resonant responses. On the other hand, early-time image feature
maintains detectability relatively well up to the highest NL, although their discriminatory
power degrades as seen in Fig. 4. Although accuracy and p both degrade at higher noise
levels, the transition points are not necessarily consistent with Fig. 7.

In practice, the position of discriminatory pixels are not known and they have to be de-
tected before the class likelihood can be quantified. Therefore, in real world remote sensing
applications, the classification performance is often modulated by the detectability of these
features, but not necessarily proportional to p. For example, there may be fewer weak but
highly discriminatory pixels than strong less discriminatory pixels. As the noise level in-
creases, the small number of weaker pixels become undetectable and p decreases slightly
while most of the discriminatory power is lost (late-time k-space Solid vs. Hollow). The op-
posite is also possible when there are many strong and discriminatory pixels such that even
when p is halved the accuracy is still high (full-time image Hollow vs. Pipe). The early-time
image p only being halved as accuracy approaches the bottom is in part due to the SDIS
map using a Guassian kernel whose width was too wide resulting in including strong but
non-discriminatory pixels nearby.

The predicted performance of the independent pixel energy detector (IPED) is shown in
Fig. 8 in the same order as Fig. 4. Overall, the performance is lower than the optimal case,
but the overall characteristics and the relative performance is generally consistent. This
approximated model is useful and numerically more stable, however, not able to capture
some of the subtle behaviors of the optimal model. In particular, the discriminatory energy
in Hollow vs. Pipe in early-time and full-time appear not as discriminatory as the optimal
case. This is in part due to the early-time segment containing some of the resonant energy
from the hollow cylinder, contributing to the total energy and added variance. Furthermore,
the tracking of upper limit across late-time and early-time image by the full-time image
seen in Fig. 4 (b) is not observed in Fig. 8. The heterogeneity of the pixels associated
with different acoustic phenomena is not fully captured by this approximated performance
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model.

In the development of the predicted performances, the pixels were assumed to be i.d. While
it is suspected that most represented features are not independent, it is not a simple task
to characterize the complicated dependence structure between many pixels identified as
discriminatory. This is particularly true in k-space, in which a small number of pixels in
the image domain correspond to a large number of dependent pixels in its Fourier domain.
The test statistic (22), which can be seen a sum of dependent random variables, can become
more separable due to such dependent structure, as shown in Fig. 9.

In Fig. 9 instead of predicting the impact of additive noise with the i.d. assumption, we
measure the feature energy via sum of squared pixel intensities, using the same set of pixels
in Xp. As seen in most cases, the dependence between pixels causes the performance to
increase. A mnotable exception is (a) Solid vs. Hollow early- and full-time image. The
divergence of performance could be explained by the dependence structure of the pixels. It
also hints at the potential to exploit the dependence in order improve the feature detection
performance. This will be a topics of future work.
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(a) CopperHollow (b) CopperPipe
image, full-time image, full-time

(c) CopperHollow (d) CopperPipe
kspace, full-time kspace, full-time

(e) CopperHollow (f) CopperPipe
kspace, late-time kspace, late-time

Figure 5: Hollow vs. Pipe representations at NL=—20dB, from top to bottom row; full-time
image (zoomed in), full-time k-space, late-time k-space. The prominence of discriminatory
features are visually consistent with the plots in Fig. 4 at NL=—20dB.
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(a) CopperHollow (b) CopperPipe
image, full-time image, full-time

(c) CopperHollow (d) CopperPipe
kspace, full-time kspace, full-time

(e) CopperHollow (f) CopperPipe
kspace, late-time kspace, late-time

Figure 6: Hollow vs. Pipe representations at NL=0dB, from top to bottom row; full-time
image (zoomed in), full-time k-space, late-time k-space. Some of the discriminatory features
from Fig. 5 are no longer visible due to stronger noise. The late-time k-space representation
is no longer discriminatory, consistent with the plots in Fig. 4 at NL=0dB.
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Figure 7: Robustness of discriminatory pixels, p, over a full range of NL values. Each
row corresponds to (a) Solid vs. Hollow, (b) Hollow vs. Pipe, and (c) Pipe vs. Solid. The
detectability of discriminatory feature correlates with the accuracy curves in Fig. 4
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Figure 8: Independent pixel feature energy detector-based (IPED) predicted Bhattacharyya
distance of discriminatory pixels for representations [image,k-space]x [early,late,full]. Top
row (a),(b),(c) corresponds to Solid vs. Hollow, Hollow vs. Pipe, Pipe vs. Solid, respec-

tively. Bottom row (d), (e), (f) are the predicted accuracy for object classification of the
corresponding column.
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Figure 9: Dependent pixel feature energy detector-based (DPED) estimated Bhattacharyya
distance of discriminatory pixels for representations [image,k-space]x |early,late,full], mea-
sured at each noise level. Top row (a),(b),(c) corresponds to Solid vs. Hollow, Hollow vs.
Pipe, Pipe vs. Solid, respectively. Bottom row (d), (e), (f) are the predicted accuracy for
object classification of the corresponding column.
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7 Conclusions and Future Work

In current underwater remote sensing applications using acoustic data, SAS imagery is the
primary source of decision-making, without many alternative representations of information.
In this paper, we demonstrated that utilizing additional alternative representations can help
improve the overall decision performance by making the discriminatory information asso-
ciated with different acoustic phenomena more accessible via isolation and reorganization.
The detectability of discriminatory features is also dependent on the choice of representa-
tion, and the real-world object classification performance depends on the interplay between
feature detectability and statistical divergence of such features. The relative utility of these
alternative representations depends on the task and noise level, and the overall robustness
of decision based on multiple representations can exploit this fact by characterizing the best
representation across a range of noise level.

We developed a statistical model for the pixels in spatial image domain and spatial wavenum-
ber domain, or k-space, and how additive noise affects the statistical model. This model is
used to predict the inherent statistical separability between a pair of distributions, whose
low-noise parameters can be measured from a data set collected through a series of noise-
controlled experiments conducted in air. Using this model with an i.d. pixel assumption, the
accuracy performance of the object classification between three object classes is predicted,
and compared with an approximated model that utilizes just the feature energy. Statistics
of the measured feature energy detector indicate the i.d. assumption is not generally true,
but shows potential for improved feature detection performance by exploiting the inter-pixel
dependence structure.

Future work topics include further investigation on, and exploitation of, the pixel dependence
structure for improved robustness against noise, and additional alternative preprocessing
and representations for more recognizable feature shapes for better concentration of acoustic
energy and improved feature detectability. Utilization of complex-valued pixels for the phase
information in addition to the magnitude of the pixels will also be investigated.
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