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ABSTRACT
Noise and degradation reduction is of significant importance in virtually all systems where these
phenomena are present, specifically in the fields of signal and image processing. The effect of
image processing on target detection is of significant interest because noise and degradations can
greatly reduce the effectiveness of detection algorithms, due to the presence of high intensity
noise which is often mistaken as a target. In signal processing, noise in vibration data, or any
time-series data, can reduce the accuracy of measurement and can prevent the passing of useful
information.

Many filters that have been developed are designed to reduce a single class of noise, such
as Wiener and Frost filters. When these filters are applied to types of noise that they were not
designed for, the effect of the noise reduction can be greatly reduced. The proposed Two-Stage
Non-Adaptive Convolution (TSNAC) filter significantly reduces both additive and multiplicative
noise in these two unique systems.

The performance of these filters is compared through several Image Quality (I1Q) metrics.
It will be shown that the proposed TSNAC filter reduces noise and degradations more effectively
in both SAR images and synthetic vibration data than the competing filters. It will show higher
IQ scores, greater computational efficiency in target detection, and significant improvement in

signal restoration of simulated vibration data.
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1 Introduction

Measuring physical phenomena is vital in all fields of science, particularly engineering.
Accomplishing this is made difficult by the introduction of noise into a system. Noise can be
classified as any (typically) unwanted signal in a system. The two main classes of noise are
additive and multiplicative [1]. Additive noise consists of Gaussian noise, Uniform noise, and
salt and pepper noise and, for the purposes of this thesis, the main example of multiplicative
noise is speckle [2] [3]. Additive noise presents itself in mechanical systems such as in
accelerometer data, while multiplicative noise is typically found is signal processing systems
such as radar imagery. Both of these topics will be discussed in detail in this thesis.

1.1 Motivation

Noise can distort, block, or remove valuable information from all types of systems. When noise
is present in a system, it is difficult to determine what portion of the signal is due to the
phenomena of interest and what is due to noise. This often results in inaccurate measurements
and representations of these phenomena. In order to prevent this, numerous noise reduction
techniques have been, and continue to be developed, which can be used on different types of
systems. These methods range in complexity from simple non-adaptive smoothing algorithms to
much more complex and computationally intensive, adaptive filters which use locally estimated
parameters to preserve wanted signal while removing noise [3] [4]. There are three primary
issues with the existing filters used throughout the field. One, for the simple non-adaptive filters
in particular; significant denoising can occur, however, it is often at the expense of the signal of
interest. That is, either the edges and important detail of an image is not preserved or, for
vibration data, the signal of the measured phenomena is degraded. Two, for the more complex
adaptive filters, the current algorithms either do not significantly remove noise or do so at great

1



temporal and computational expense. For several fields, including military surveillance, real-
time computation is a necessity, making these methods obsolete. Three, the developed filters are
only effective on either additive or multiplicative noise but typically not both. This presents
issues when dealing with different types of data. The comparison of these filtering methods and
the proposed new method will be described in great detail later.

In most cases, the goal of noise reduction techniques is to increase the Signal to Noise
Ratio (SNR) of the image. That is, removing excess noise while preserving the original signal.
In image processing, this means removing noise, such as speckle, while still preserving the edges
within an image. In terms of vibration data, this means removing noise without disrupting useful
signal.
1.2 Goals
The goal of this thesis is to present a novel approach to denoising different types of data,
specifically Synthetic Aperture Radar (SAR) images, corrupted by multiplicative speckle, and
simulated vibration data, corrupted by additive Gaussian white noise. This will be accomplished
by using a single filter called the Two-Stage Non-Adaptive Convolution (TSNAC) Filter. This
filter will significantly remove noise while preserving the signal of interest and it will do this in
real-time. This filter will demonstrate that significant despeckling and noise reduction is
possible without substantial signal loss and computational expense. The filter will also show to
be affective on different types of noise. It will be compared to various state-of-the-art filters
used today. The proposed filter will displays efficient noise reduction in both sets of data while

other filters tested do not.



The quality of these filters will be compared both objectively and subjectively, using
Distance Regularized Level-Set Evolution (DRLSE) and the Rotationally-Invariant Symbolic

Histogram (RISH) methods, along with several error metrics.

1.3 Structure

The structure of this thesis is as follows. Chapter 2 will be an introduction into the different
types of noise. Chapter 3 provides a background on Synthetic Aperture Radar and how it works.
Chapter 4 is a background on preventative maintenance and the application of filtering on
synthetic time-series vibration data. Chapter 5 is and introduction to the sources of noise for
each of the different types of data. Chapter 6 is a background on each of the different filters
presented in this thesis. Chapter 7 is a background on each of the image quality metrics used to
determine the effectiveness of each of the filters. This includes Non-Referential Image Quality
metrics, Distance Regularized Level Set Evolution target detection, and Rotationally-Invariant
Symbolic Histogram target detection. Chapter 8 presents the results of the filters for each of the

image quality metric tests. Finally, Chapter 9 presents conclusions and future research.



2 Noise Background

For the purposes of this thesis, there are two classes of noise, additive and multiplicative. For
both cases, noise is any unwanted signal in the data. An example of additive noise studied in this
thesis is background noise in vibration data. Multiplicative noise is shown in the form of speckle
in coherent SAR images.

2.1 Additive Noise

Additive noise can be broken down into many categories including Gaussian, salt and pepper,
and Brownian [2]. This thesis focuses on Gaussian noise.

2.1.1 Gaussian Noise

Gaussian noise is normally distributed noise that is added to an existing signal. The noise and

the resulting signal take the following form.

Z ~ N(0,6?) 1)
where
Y =X+Z~N(X,0% (2)

This shows that the noise is normally distributed with a mean of 0 and a variance of &°.
The probability density function (PDF) of a normal distribution is shown in the following

equation. [2] [5].

P(Z)= \/%a e @

This equation is plotted in Figure 1(a). When this noise is added to the actual signal, X,

the resulting signal, Y, is normally distributed around X with a variance ofo>. The resulting
signal, Y, when X is a signal of ones and Z ~ N(0,4), is shown in the following figure. Note:

The characteristics of the noise (mean and variance) greatly affect the resulting image.
4



(@) (b)

Figure 1. (a) Example of a Gaussian distribution and (b) Gaussian noise added to an image.

2.2 Multiplicative Noise
Multiplicative noise is primarily caused by the complex scattering of signals. In SAR images
this results in speckle.
2.2.1 Speckle
While Gaussian noise is normally distributed, fully-developed speckle takes the form of a

gamma distribution, governed by the following equation [2] [6] [7].

Z ~ Gamma(a, b) (4)
where
Y=X-Z )

This equation shows that a gamma distribution’s shape is determined by a and its scale
by b. The probability density function (PDF) of a Gamma distribution is shown in the following
equation and plotted below [5]. The result of a signal of ones multiplied by Gamma distributed

noise is also shown below.



a

b a-1,-hzZ
p(Z) = @Z e (6)

04

(a) (b)
Figure 2. Example of a Gamma distribution and (b) an image multiplied by speckle noise.
Further details on how speckle noise develops in SAR imagery are described in detail in

Section 3.3.3.



3 Synthetic Aperture Radar Background

Synthetic Aperture Radar (SAR) is an imaging system that produces high resolution images
while being robust to weather and light conditions [8]. Because of this, SAR has a wide range of
military and scientific applications [8]. In this case, resolution is defined as the minimum
distance between two objects that can be seen as separate objects in the image [9] [10]. For
images with poor resolution, two objects can be seen as a single object which should be avoided
in virtually all applications. SAR has more or less replaced Real Aperture Radar (RAR) in these
applications due to its superior resolution.

3.1 RARVvs. SAR

RAR uses a straight antenna mounted to an aircraft that is pointed parallel to the flight path.
This antenna emits electromagnetic pulses pointed towards the ground and perpendicular to the
flight path [9]. These pulses then reflect off the terrain and return to a receiver. The time
interval of the returning pulses determines the distance from the antenna to the ground or object.
For both RAR and SAR, the range, or slant, resolution (perpendicular to flight path) is
determined by the incident angle, #, and the frequency bandwidth of the pulse, Br[9] [10]. For
SAR, pulse bandwidths range from 10 to 40 MHz resulting in a slant resolution of 3.7 to 15
meters [10]. The equation for ground range resolution is shown below [9].

c

Ground Range Resolution = ———
2Bgsiny

()

The azimuth resolution (parallel to flight path) in RAR is determined by the slant range,
R, the wavelength, 4, and the length of the antenna, L, [9] [10] [11]. This is shown in the

following equation.



Azimuth Resolution = /E—R (8)

a

Another parameter of interest is the swath width which is the perpendicular distance that
the transmitted pulses cover [9]. This is dependent on the wavelength, 4, slant range from the
observer to the midpoint of the swath, Ry, height of the antenna, H,, and the inclination angle, 7.

Swath Width ~ " )

H_,cosn

These parameters can be visualized in the figure below. The main issue with RAR is
poor azimuth resolution. For RAR, finer ground range resolution can be achieved by increasing
the pulse bandwidth and the incident angle. Azimuth resolution, however, cannot be easily
improved because changes to the range and wavelength are not very effective from space [10].
The length of the aperture can improve the resolution; however, in order to produce useful
images, the length of the antenna would have to be extremely large which is not possible in most
applications [9]. An example illustrating this is RADARSAT. RADARSAT is a Canadian
satellite that has been in orbit since 1995 [9]. It orbits at 792 km above Earth’s surface and
operates at 5.3 GHz. With an antenna length of 15m, its azimuth resolution is 3km [9]. This
means that if two objects are within 3 km, they will be seen as one object in the resulting image.
With SAR, the azimuth resolution becomes 9 m [9]. This is possible because SAR takes

advantage of the Doppler Effect to create a much larger, synthetic aperture.



Tround Fange Resalution

— Swa.r;:md;sz —{

Figure 3. Range Resolution and Swath Width of side-looking SAR.

3.2 The Doppler Effect
The Doppler Effect is an observed shift in frequency caused by the relative motion between an

observer and source. When the source approaches the observer, the observed frequency is

1+(VJ2
- 2N (10)

)]
1 ¢ (11)

1+(Vj
c

where v is the velocity of the source, c is the speed of light, and fs is the emitted frequency [9].

f

This shows that the observed frequency for an incoming force is higher than f;, and the observed



frequency for a receding force is lower than f; [9]. This allows for targets at the same range but
different azimuth coordinates to be located individually even with very small separation because
they have slightly different R-directional velocities relative to the observer, resulting in different

frequency shifts. The azimuth coordinate with the frequency shift, f, is then

_fR

X=——-.
2Vrel

(12)

Although using the Doppler Effect does not affect the range resolution, it does improve
azimuth resolution. The azimuth resolution using the Doppler frequency shift, assuming a

constant Doppler shift while the source is in the beam, takes the following form [9].

Azimuth Resolution = AR (ﬂj = L (13)
2V, \ RA 2

This equation shows that azimuth resolution improves with a decreased antenna length.
This is true as long as the antenna is long enough to create proper interference patterns [9].These

parameters can be seen in the figure below.

Figure 4. Azimuth coordinate of side-looking SAR.

10



3.3 Challenges of SAR

SAR uses the Doppler Effect to greatly increase the azimuth resolution, resulting in much clearer
images. However, there are several unique characteristics of SAR imagery that negatively affect
picture quality. One class of these negative characteristics is called Geometric Distortion which
includes slant vs. ground range issues and shadows among others [9] [10] [12].

3.3.1 Ground vs. Slant Range

The observer emits pulses at a constant rate which are reflected by objects and returned to the
observer along the line of sight. However, a constant sampling rate along the range, R, does not
correspond to a constant rate along the ground, resulting in variable ground resolution throughout
the swath, dependent on an objects angle from the observer [10] [12]. The difference in ground
range resolution can be as large as 25% [12]. In order to create a constant resolution, resampling
is required [10]. However, this results in objects appearing closer together than they actually are
because the observer is viewing from an angle [10].

3.3.2 Shadows

Shadows also affect the quality of SAR images. When an emitted pulse hits a vertical structure,
the pulse cannot reach the area directly behind the structure because of the viewing angle [9].
This creates an area where no returns were received, resulting black pixels near vertical objects.
Therefore, the area behind the object is not represented in the SAR images.

3.3.3 Speckle

Another class of unique SAR characteristics involves the interaction between the emitted pulses
and the ground. These interactions include several different types of scattering, polarization, and

speckle [9].
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Speckle takes the form of seemingly random white and black pixels throughout a SAR
image. It is the result of the constructive and destructive interference of the coherent radar
pulses [9] [10]. This occurs because there are often multiple objects within a pixel that interact
with the pulse as pixels can correspond to multiple square meters in area [9] [10]. Non-coherent
radar does not have this problem because it only needs to detect the total intensity of the returned
pulses. Coherent radar is necessary for SAR because amplitude and phase is needed to utilize
the Doppler Effect as opposed to just the amplitude. The removal of speckle has and continues
to be extensively studied and there are several methods that attempt it that will be discussed later.

For this thesis, the CARABAS-II SAR image database is used [13].

Figure 5. Example SAR image from CARABAS-I1 Database
12



4 Vibration Data Background

The main goal of this thesis is to develop of filter that can be applied to different types of data.
The other type that will be used to verify this is simple time series vibration data. Analyzing
vibration data is extremely important because nearly all mechanical systems contain some form
of vibration [14] [15] [16] [17]. In some cases vibration is desired and therefore designed into
the system, i.e. musical instruments. In other cases, however, vibration can be accidentally
introduced into a system by a number of ways including improper fitting or defective
components, poor lubrication, etc. These sources of vibration can negatively impact the
performance and lifetime of these mechanisms. Because of this, much work is being done in the
field of preventative maintenance [17].
4.1 Preventative Maintenance
Preventative maintenance is the repairing or replacing of components before a catastrophic
failure of the mechanism occurs. Preventative maintenance can reduce the downtime of
machines, repair costs, and possible injury to operators [17].

In rotating machinery, such as rolling-element bearings, preventative maintenance is used
in order to detect faults in the bearings before failure occurs. These faults can occur in virtually
any component of the bearing including the ball, outer raceway, inner raceway, and the cage.

The figure below shows the general structure of a bearing [16] [17].

Ball

Cuter Raceway

Inner Raceway

Cage

Figure 6. Example of a Ball Bearing Assembly
13



These faults can result in premature and catastrophic failure of machinery. The faults
result in unique frequencies in the vibration data that can be [15] [16] [17]. However, the
introduction of noise into the system can make detection difficult. This is why filtering vibration
data is often necessary.

4.2 Spectrogram Background

TSNAC and the other filters discussed in this thesis are all based on the intensity of pixels in an
image. In order to use these filters on vibration data, the time series data must be converted into
an intensity image. Vibration, and all other time series data, can be represented in this manner
via a spectrogram.

A spectrogram is a visual representation of the frequencies and amplitudes of those
frequencies displayed over time. A spectrogram is created by taking the Short-time Fourier
Transform (STFT) of time series data [18]. This is done by breaking the sample up into
overlapping bins via a Hamming window [18]. Each of the bins is then transformed by the

following equation in order to find the magnitude of its frequency spectra
X(n,®) = > x[mwn—mle”" (14)

where x[ ] and w][ ] are the signal and window respectively [19].

The transformed bins then correspond to a vertical line in the spectrogram which
represents the magnitude versus frequency for a specific instant. These lines are then laid side-
by-side in order to form the complete spectrogram [18] [20]. The result is a plot of frequency
over time with the intensity gradient corresponding to the amplitude of the signal. An example
of time series data and its corresponding spectrogram is shown below. The signal being

processed here is the following simple sinusoid.
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f (t) =sin(2xt) (15)
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Figure 7. (a) Uncorrupted time-series data and (b) Spectrogram of uncorrupted time-series data.
The spectrogram clearly shows that the main frequency at play is 100 Hz. The
color/intensity of the bands corresponds to the magnitude of that frequency. When noise is
introduced into the system, such as additive random Gaussian noise, both the time series data and

the spectrogram differ significantly from the uncorrupted data.
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Figure 8. (a) Corrupted time-series data and (b) Spectrogram of corrupted time-series data.
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The effect of the random noise is clear in both the time series data and the spectrogram.
Less information about the signal of interest is available when noise is introduced into the
system. In order to isolate the signal from the noise, filtering techniques must be used.

The effectiveness of the filters will be judged based on the Mean Square Error (MSE) and
Peak Signal to Noise Ratio (PSNR). The MSE calculates the pixel to pixel difference between

two images and takes the form

1 L , 2
MSE = W;Z;[I % y)=1'(x, y)] (16)

where M and N are the dimensions of the image, 1 is the original, uncorrupted image, and 7’ is the
image being tested [21]. A low MSE means that the two images are similar and vice versa.
The PSNR is the ratio of the maximum power of a signal and the noise corrupting and is

given by

PSNR = 20I0g10(%) (17)

The higher quality filters will have a low MSE and, therefore, a high PSNR.
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5 Source of Noise

As stated earlier, the goal of this thesis is to develop a filtering algorithm that successfully
removes noise and other degradations in both image and time-series data. The corruptions in
these types of data are distinct and result from very different phenomena.

5.1 Source of Speckle in SAR images

Speckle is a very common occurrence in SAR images. It is the result of the coherent nature of
SAR. In RAR, non-coherent radar may be used which only records the amplitude of the returned
signal. This does not result in the formation of speckle because RAR uses total intensity
detectors which detect the total intensity of the incoming radiation and no phase is recorded [10].
However, SAR images must record the amplitude and the phase of the incoming pulse in order to
utilize the Doppler Effect to form a synthetic aperture. As a result, speckle is introduced in the
image.

Speckle presents itself as black and white pixels scattered over an image [9]. It is caused
by the constructive and destructive interference of multiple scatterers which can result in either
extremely strong or weak return signals [9]. These pixels, or collection of pixels, degrade the
image and can prevent accurate target detection and classification. Speckle is multiplicative,
meaning it is dependent on the strength of the signal and is more difficult to remove than other

types of noise [22]. An example of speckle in a SAR images is shown below.
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Figure 9. Example of speckle contained in a SAR image.
The removal of speckle in SAR images is of great interest in the field of image
processing; particularly in its application of military surveillance. Removing speckle in SAR
imagery improves image quality, target detection and recognition, as well as the computational

efficiency of these algorithms.

5.2 Source of Noise in Time-Series data

The noise present in many mechanical systems, however, is additive rather than multiplicative.
It can be caused by a number of different phenomena. Some of these include, improper fitting of
components, insufficient lubrication resulting in friction, sensor interference, and picking up
unwanted signals. Regardless of the cause of the noise, these events introduce noise into the

system which must be removed via filters in order to process recorded data accurately.
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6 Noise and Degradation Reduction

As stated earlier, there are numerous algorithms that significantly reduce speckle. However,
while reducing the signals resulting from speckle, they also reduce the signal of interest. In
terms of target detection, these algorithms will have a low false positive rate (FPR) but will also
have a low true positive rate (TPR). Ideally, a filter would result in target detection with a high
TPR and a low FPR.

These filters are called non-adaptive filters because they treat the entire image the same.
There are other, more complex techniques that determine the amount of filtering based on the
statistics of a specified area of an image and are called adaptive filters. These methods typically
perform better.

This thesis will focus on three image filters. Two are adaptive filters. The third is the
proposed TSNAC Filter. Each of these filters will be described in detail in the following
sections.

6.1 Moving-Average Filter

The moving-average (MA) filter is the simplest type of filter discussed in this thesis. It replaces
the value of the pixel of interest (POI) with the average of a window of neighboring pixel values
using convolution [23] [24] [25] [26] [27]. The window shape and size selection is discussed
later. A 2-D convolution example using a 3x3 square average filter is shown below. The input
matrix (left) is convolved with the 3x3 averaging window (middle) and the result for the POI is

shown in the output matrix (right).
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Figure 10. 2-D Convolution Example.

Moving-average filters are considered linear filters because the output image is a linear
combination of the input image [26]. Moving-average filters are also classified as smoothing
filters because they remove noise by smoothing/blurring the image. These filters do significantly
reduce noise; however, it can also blur edges and other elements of interest if care is not taken.
The degree of smoothing is dependent on the size and shape of the neighborhood. An example
of square moving-average filter applied to an image with different sized windows is shown

below.

(a) (b) (©
Figure 11. (a) Original Image, (b) 5x5 MA filter applied, and (c) 10x10 MA filter applied.
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Common alternative shapes of moving-average filters are rectangular and circular
(disk/pillbox) [23]. Rectangular filters have a greater smoothing effect in the direction of the
longer side. That is, if a filter has a height of 5 pixels and a length of 10 pixels, the resulting
image will be smoothed more horizontally than vertically.

Circular filters have the unique feature of being circularly symmetric [23]. This means
that pixels that are the same distance horizontally, vertically, and diagonally will have the same
smoothing effect on the POI. This concept will be discussed in greater detail later.

6.2 Weighted Filters

The MA filters discussed thus far have all weighted the pixels within the window evenly. That
is, a pixel that is a distance of 1 from the POI has the same smoothing effect as a pixel a distance
of 2 away from the POI. This does not always have to be the case. The most common method
for weighting pixels within the window is called Gaussian Filtering.

6.2.1 Gaussian Filtering

The Gaussian filter is the same as the moving-average filter with the exception that it does not
weight each pixel in the window evenly. Instead, it weights them according to a Gaussian, or
Normal distribution shown below [23] [28]. The corresponding convolution window is also

shown below.
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Figure 12. (a) Normal/Gaussian Distribution and (b) Weighted Gaussian kernel.

This filter does not remove noise nearly as well as an evenly weighted MA filter but,
generally, it does preserve edges well. Take a SAR image for instance. If the POI is on a
speckle region, the high level speckle be weighted the greatest in determining the output pixel
value. That is, if the input POI is high then the output POI will also be relatively high which
does not reduce speckle. An example of a Gaussian filter applied to a SAR speckle region is
shown below. For this same reason, however, edges contained in images are still preserved

which is ideal.

(@) (b)

Figure 13. (a) Unfiltered speckle region and (b) Gaussian filtered speckle region.
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6.3 Wiener Filtering

As stated earlier, the Wiener filter is an adaptive filter. This means that the filter changes based
on the statistics calculated in the current window. The MA filter is an example of a non-adaptive
filter because it remains constant throughout the entire image or dataset.

The Wiener filter is an image restoration technique that aims to recover an original,
uncorrupted image that has been corrupted in some way based on a priori knowledge of the
degradation [24]. This corruption can be due to either a degradation function, noise, or both [4]
[24] [29] [30]. The degradation function, otherwise known as the Point Spread Function (PSF) is
essentially how an imaging system inherently spreads a point of light. PSFs can be estimated by
image observation, experimentation, or modeling [24].

Estimation by image observation is done by choosing a subimage within the corrupted
image that has a high SNR. This sub image is then unblurred as much as possible through a
variety of methods. The Fourier transform of the original subimage and the unblurred subimage
are found and then divided and that quotient is the Fourier transform of the PSF. This is shown
in the equation below

H,(u,v) =% (18)

where H_(u,V) is the Fourier transform of the PSF of the subimage, G, (u,v) is the Fourier

transform of the original subimage, and F,(u,v) is the Fourier transform of the unblurred

subimage [24]. Assuming that the degradation function is position invariant, the PSF of the

subimage can be extended to the entire image.
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Estimation by experimentation is done by using the same imaging system and capturing
an impulse of light because a linear, spatially-invariant system is characterized entirely by its
impulse response [24]. Based on the resulting image, the PSF can be approximated.

Estimation by modeling is the most common method for PSF estimation. This method
can include anything from modeling atmospheric turbulence to linear motion blur. For SAR
images in particular, the atmospheric turbulence model is often used and takes the following

form [24].
H(u,v) = e kU™ (19)
The Wiener filter assumes an image of the following form
g(x,y) = H[f (x.y)]+n(x.y) (20)
where g(X,y) is the original image, H[ ] is the degradation function, f(x,y)is the uncorrupted
image, and 7(X,y)is the noise [24]. It is easy to see that the Wiener filter is designed for
additive noise. Despite this, it is still widely used for denoising SAR images with multiplicative
noise [31] [32] [33]. The Wiener Filter is a type of inverse filter. That is, it attempts to
deconvolve the uncorrupted image and the degradation function. However, standard inverse
filters focus solely on deconvolution and make no effort in removing noise.
The Wiener filter attempts to minimize the mean square error (MSE) between the input
image, f and its theoretical, uncorrupted image, f . This relationship takes the following form

[24].

e = E|(f - )} (1)
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Assuming that either the noise or the uncorrupted image has zero mean and that the
intensity of f is a linear function of the intensity in f , the minimum of this error function in the

frequency domain is given by

1 IH(u,v)’

F(uv) =
O B HEw 5,075, @0

G(u,v) (22)

where |H (u,v)|2 =H (u,v)H(u,v), S, (u,v) = |N(u,v)|2which is the power spectrum of the noise,

and S, (u,v) :|F(u,v)|2which the power spectrum of the uncorrupted image (Derivation on pp.

354-355 Lin) [24] [29] [30] [31] [34] [35].
Determining these power spectra require some a priori knowledge. In the case of

additive Gaussian white noise, the power spectra, S, (u,v) is simply the variance of the noise [29]

[30] [35]. Ifitis not Gaussian noise, however, there are other methods of determining it. One is
to take a homogenous region of the image, assuming that the signal is low in this area and
calculating the variance of that region.

Estimating the power spectra for the signal is more complex. The most widely used

method is the periodogram estimate [29] [35]. This takes the form

S-S
Sp ="t (23)
[H|
where
S, - X My kIy] (24)
N

where N is the number of pixels in the observation window and Y (k,I) is the Fourier transform of
the observation [29]. If estimating these power spectra is not possible or desirable, an estimation

for Equation (22) is often used and takes the form
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. 1 |H(u,v)|2
1 = G 1
Fu) {H(U,V)|H(u,v)|2+K} () (23)

where K is a user defined constant [24].

The adaptability of the Wiener Filter comes from the estimation of the power spectra. In
the non-adaptive Wiener filter, the noise and signal power spectra are calculated and assumed
constant for the entire image. For the adaptive filter, however, these power spectra are changed
based on the statistics of the current neighborhood [35]. The result is that in neighborhoods
where the variance is low the filtering effect is high and in areas where the variance is high, i.e.
target regions, the effect of filtering is minimal [29] [30] [35].

6.4 The Frost Filter
The Frost filter is actually a class of Wiener filter that has been modified to reduce multiplicative

noise [36]. The Frost filter assumes an input image of the form

g(x, ) = H[f (x, y)r(x. )] (26)
where H[ ] is the degradation function, f() is the uncorrupted image, and #[ ] is the multiplicative
noise [3]. Like the Wiener filter, it is also is based on minimizing the MSE between an
uncorrupted image and an image corrupted by a degradation function and noise. The impulse

response of the Frost filter is the following

m'(t) = K,ce " (27)
where
O'i?‘

o= Kz[l_—2] (28)

where K; and K; are normalizing constants, t is the pixel being filtered, and o and 1 are the local

standard deviation and local mean [3] [36] [37].The Frost filter can also be adaptive in that the
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degree of filtering is dependent on the local variance. In areas with high variance, little or no
filtering is done. In areas of low variance, significant filtering is done.

6.5 TSNAC Filtering

The proposed filter in this thesis is a Two-State Non-Adaptive Convolution (TSNAC) filter.
This filter is a combination of two average convolution filters. The first is a square, evenly-
weighted average filter, similar to the one described earlier in this section. The main difference
is in the selection of the neighborhood size. As stated earlier, a typical neighborhood size for a
moving average filter is 3x3. This is often the default selection because in most cases it provides
reasonable smoothing while still maintaining most of the image detail. However, this has shown
to not always be the case with more complex images such as those from SAR, especially when
they are being used for target detection. When this is the case, particular attention must be paid
to the size of the targets.

In target detection, maintaining the intensity of the targets while simultaneously reducing
noise is of utmost importance. If too much smoothing occurs, target detection algorithms will
not pick up the targets, resulting in a low TPR. If there is too little smoothing, the clusters of
speckle will be classified as targets, resulting in a high FPR. Therefore, in order to keep the
signal of targets strong while still significantly decreasing noise, the size of the neighborhood
must be chosen based on the size of the target.

Through much experimentation, the optimal size of the window is roughly equal to the
size of the average target region. This is ideal because, in general, the size of the targets relative
to speckle regions is fairly large. This means that the target regions will stay relatively the same
intensity while the intensity of the speckle regions, however, will be greatly reduced because of

their small size relative to the window. This concept will be shown in greater detail later. This
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first stage provides baseline filtering that maintains target intensity while reducing image noise.
For the CARABAS-I11 dataset, the target regions are essentially two 5x5 square regions. Because
of this, the size of the square average filter was chosen to be 5x5 pixels. This is shown in the

figure below.

Figure 14. Target region with first stage of TSNAC filter overlaid.
The second stage of the filter is also an average filter; however, it has a disk or circular

window rather than a square. An example of this window is shown below.

Figure 15. Window of second stage of TSNAC filter.
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This disk filter still evenly weights each pixel in the window. The difference between it
and the first stage square average filter is that it is circularly symmetric [23]. This means that all
pixels the same distance from the POl will all be equally involved in determining the new value
of the POI. That is, pixels the same distance from the POl horizontally, vertically, and
diagonally will all affect the new value. This differs from the square average filter where not all
equidistant pixels affect the POI. This difference is displayed in the figure below. Notice that
for a square filter, a pixel a distance, D, away from the POI diagonally is contained in the
window while pixels a distance, D, from the POI vertically and horizontally are not. For the
circular window, all pixels a distance, D, away from the POI will be included in the window

provided D is less than the radius of window.

o

(a) (b)

Figure 16. (a) Square MA filter showing non-circular symmetry and (b) Circular MA filter
showing circular symmetry.
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Similar to the first stage, the size of the second stage filter is also dependent on the size of
the targets. In this case, however, the window contains the entire target region, not just one of
the 5x5 regions. This filter ensures that the entire target region, being both 5x5 regions, has
relatively the same intensity. Because it is has a circular window and is therefore circularly
symmetric, virtually all pixels in the target region affect the intensity of the POl when it is in the
center of the target. Also, this larger window greatly increases the smoothing of the filter, added
on to the smoothing done by the first stage. An example of the window overlaid onto a target

region is shown below.

Figure 17. Target region with second stage of TSNAC filter overlaid.
The TSNAC filter provides significant smoothing while maintaining target detail. It
performs as well or better in a variety of tests than more complicated and computationally

expensive adaptive filters. Details on the results of these tests will be shown in Section 8.2.
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7 Quality Metric Backgrounds

As stated earlier, the quality of the filters discussed in this thesis are based on three metrics: The
Non-Referential Image Quality via the Anisotropy Quality Index and the target detection
capabilities via the Distance Regularized Level Set Evolution (DRLSE) and the Rotationally-
Invariant Symbolic Histogram (RISH) methods.

7.1 Non-Referential Image Quality Background

The quality of many different types of filters and images, including SAR images, is based on a
comparison between an uncorrupted image and a modified or filtered image. Examples of these
metrics are the Mean Square Error (MSE) and the Peak Signal to Noise Ratio (PSNR).
However, uncorrupted images are not always available in practice such as in the CARRABAS-II
database. This presented the need for a Non-Referential (NR) Image Quality (IQ) measure that
does not require an uncorrupted image.

The Anisotropy Quality Index (AQI) method measures the anisotropy of an image and
has been shown to provide similar results to the Human Visual System (HVS) method which
models how humans perceive images and their quality [38]. Because of this, images can be
ranked based on their anisotropy from best to worst quality.

Anisotropy is essentially the property of directional-dependence. Through
experimentation, it has been shown that degradation (blurring and noise) depreciates an images
directional dependence and therefore its anisotropy [38]. So images with less degradation will
have a higher anisotropy than those with more degradation.

The process of calculating the anisotropy of an image is fairly complex. It begins my

calculating the local-directional entropy which is accomplished via the Rényi entropy [38]. The
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entropy of an image is essentially the amount of information it contains or the amount of

information per symbol [38] [39]. The Rényi entropy in space-frequency domain has the form

1 o
R, = EIOQZ(;;P [n,k]] (29)

where P[n,k] is discrete space-frequency distribution of the image [38]. This can be shown on a

point wise basis where « =3 by
-1 -
R, = > Iog{z P3[n, k]). (30)
k

Gabarda used a Pseudo-Wigner Distribution (PWD) to model P[n,k] which takes the

form

N/2-1
W,[n,k]1=2 > z[n+m]z"[n - m]e ™M (31)

m=-N/2
where n and k are the time and frequency variables, respectively, m is the shifting parameter, and
z[n] is a 1-D sequence of image data [38]. This window can be shifted to cover the entire image
to develop the full PWD.
The full image PWD must then be normalized to create of probability distribution from

the existing frequency distribution in order to preserve the property
P[n,k]=1
£y o

There are several options for normalization but Quantum Normalization is used in

Gabarda. This normalization is shown in the following equations.
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pIn, k] = k]

> QIn,k] (33)
where
Q[nk]= P[n,kIP[n,K] (34)

Equation (33) can then be plugged back into Equation (30) to get the probability
distribution of the entropy. The standard deviation of this distribution is the AQI which
measures image quality. The AQI can also be calculated relative to the highest quality image in
the set. This provides a normalized method for image quality comparison. Any example of the
relative and absolute AQI comparisons for six images is shown below using the standard Lena
test image [24]. In the example, it is clear that the higher quality images have a higher relative

and absolute AQI compared to their lower quality counterparts.

(d) (€) (f)

Figure 18. (a) Lena #1, (b) Lena #2, (c) Lena #3, (d) Lena #4, (e) Lena #5, and (f) Lena #6.
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Table 1. Relative and Absolute AQI results for Lena images.

AQI relative AQI absolute
1 1 0.042737
2 0.82 0.035076
3 0.80 0.034009
4 0.71 0.030238
5 0.70 0.030022
6 0.51 0.02183

7.2 Distance Regularized Level Set Evolution Background
Level set methods are commonly used in image processing and segmentation. These techniques
can be very useful in detecting the edges of objects both accurately and quickly in simple
images, i.e., images with little to no noise. The performance of level set methods do, however,
decrease with more complex images, i.e., images with a lower SNR. When level-set methods are
applied to these images, irregularities in the level set function evolution can occur which can
affect the accuracy of edge/target detection. In the past, a process called reinitialization has been
used which replaces the existing function with a signed distance function [40]. Reinitialization
has been shown to be effective to an extent, however, it is often unclear when and how
reinitialization should be performed as well as its effect on accuracy and stability. To remove
the need for reinitialization, a technique called Distance Regularization was developed [40].
Distance Regularized Level Set Evolution (DRLSE) differs from conventional level-set
method in that it does not require reinitialization. In order to preserve the integrity of the level-
set function, a distance regularization term is included in an energy functional which governs the

evolution of the level set function. The energy function is defined as

£(p)= 1R, (9)+ €00 (4) (35)
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where z>1 is a constant, Rp(¢) Is the distance regularization term, ¢, (¢)is an external energy

term, and ¢ is the level set function. The distance regularization term is defined as

R, (¢)= [ (V) (36)

Q

where p is a potential function.

The potential function, p serves two purposes. One is to smooth the level set function, ¢ .
This is necessary because the level set function must be stable, particularly near the zero level to
ensure accuracy. Another purpose of the potential function is to make certain that the signed
distance property |V¢| =11is satisfied. Li uses both single-well and double-well potential
functions, i.e. potential functions with one and two minimums respectively [40]. In Li, a single-
well potential function with a unique minimum value of 1 is used and is shown below which

satisfies the signed distance property.
1 2
p=p(s)=5(-1) (37)

However, a single-well potential function can cause problems that will be described later

in this section. Instead, a potential function that maintains the signed distance property only near
the zero level set is used. That is, [V¢| = 0away from the zero level and [V¢| =1near the zero

level [40]. In order to accomplish this, a potential function with a minimum at 0 and 1 is chosen.
This is called a double-well potential. Both single and double-well potentials have their uses.
For example, single-well potentials are very useful for region-based models while double-well
potentials are good for both edge and region-based models.

The derivation of the level set evolution equation for both the single and double-well

potential is based on the solution of the gradient flow equation
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99 __oF
X o (38)

where F(g) is an energy functional [40]. % is the Gateaux derivative of the function F(g).

Taking the partial derivative of Equation (35) with respect to ¢ yields

oR. o
a_é‘ — ,u_p+ gex’[ . (39)
o¢ op 09

Plugging this into the gradient flow Equation (38) yields

o __ R e

—, 40
P s s o (40)
The Gateaux derivative of Rp(¢) in Equation (36) can be found to be
OR _
a—; — —div(d, (V4Ve) (41)
where
(s
d,(s)= ps( ) (42)
Combining Equation (40) and Equation (41) gives
0 . OE,,
% — aiv(d, (Vg g)- e (43)

ot EY,

which is the level set evolution equation. This equation governs the motion of the level set
function as it approaches the final zero level. If the external energy functional is ignored, the

level set evolution equation can be rewritten as a standard diffusion equation
0 .
9 _ div(DV¢) (44)
ot

where the diffusion rate D is
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D=, (V). (45)
Based on this diffusion equation, it can be seen that if |V¢| >1, then D is positive and the

diffusion is forward. If|V¢| <1, then D is negative and the diffusion is backward. This is called

forward-and-backward diffusion (FAB). This forces the signed distance property to be satisfied.

However, the potential function in Equation (37) results in a diffusion rate that approaches
negative infinity as |V¢| approaches 0. This can result in instability of the level set function

which affects accuracy. In order to avoid this issue, a double-well potential can be used.

For double-well potential, the potential function

1
~(1—cos(27s)), s<1
p.(s)=127) (46)
E(S -1, s>1

is used because it has two minimum points at s=0 and s =1 [40]. Using a similar process as

before, it can be shown that if |V¢| > 1then the diffusion rate is positive and the diffusion is

forward. |If %<|V¢| <1 then the diffusion rate is negative and the diffusion is backward. If

|V¢| <% then the rate is positive and the diffusion is forward. This potential function results in a

bounded diffusion rate which does not have the same negative effects as the unbounded rate for
the single-well potential. Double-well potential functions are typically used for objects that
change over time. Typical examples used are inflation and deflation of objects. Using a double-
well potential function for objects that are time-invariant can result in problems that will be

shown later. For time-invariant objects, single-well potentials are typically used instead.
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7.3 Rotationally-Invariant Symbolic Histogram Method Background
Rotationally-Invariant Symbolic Histogram (RISH) anomaly detection is a feature extraction
method made specifically for SAR images. It attempts to classify regions in the image as either a
target or a non-target based on Hidden Markov Models (HMM) and Transition Matrix (TM)
comparisons. The RISH algorithm employs a supervised learning method that requires training
and test phases.

7.3.1 Training Phase

The training phase begins by creating windows around known target locations. The window size
is based on the size of the target. In the case of the CARRABAS-II images, this is a 15x15
square-pixel window. This was chosen because it is large enough to contain the entire target
region but not so large as to include clutter in the window. An example of the windowing is

shown in the figure below.

Figure 19. Windowing of RISH training phase.
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Next, the Cumulative Density Function (CDF) is derived based on the pixel intensities
included in the window for each target. These CDFs are then used to partition the intensity
values into bins. This is done by taking the second derivative of the function and creating the

boundaries of the bins at the inflection points. The inflection points can clearly be seen below.
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Figure 20. Cumulative Density Functions of different SAR targets.

As seen in the figure, there are typically two inflection points in the CDF, resulting in 3
bins. This means that all pixels with an intensity of less than ~60 are assigned one symbol. A
different symbol is used for pixel intensities between ~60 and ~200 and greater than ~200. Two
bin partitions were also used where the only partition is at the lower inflection point. These
partitions result in each pixel value being represented by one of either 2 or 3 possible symbols.

For each 15x15 window, 3x3 sub windows are formed and the number of symbols in
each window defines a Markov state. In the example shown below, State 1 would be 5 A’s, 2
B’s, and 2 C’s. It is important to note that only the number of each symbol in the window
defines the Markov state, not the arrangement. Because of this, the dimensionality is greatly

reduced.
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Figure 21. Example of the Markov state dimensionality reduction.
The Transition Matrices are then formed based on the probabilities of one state given the
previous state. Transition matrices show the probability of going to one state given the previous
state. They are size n x n where n is the number of possible states. An example of the TM setup

is shown below.

51 52 Sn
S1 | S1IS1 | Sz2|S1| ... | SufSt
Sz | S1lSz | 82182 | ... | SulSz
Sn Sl|Sn SE|Sn Sn|Sn

Figure 22. Transition Matrix probability setup.
To calculate the values in the TM, it is necessary to look at the arrangement of Markov
states such as the one shown in Figure 21. For example, take S; in the top left corner. It is
surrounded by S, to the right, S; diagonally, and S3 below. In the empty TM, a 1 is added to the

S,|S; cell, the S4|S; cell, and the S3|S; cell. The result of this process is shown below. The next
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step would to be to complete the same process for S, located in position (1,2) and so on for each

of the state transformations in Figure 21.

51 S2 53

51 | 1 1 1

52

S3

Figure 23. Transition Matrix example.
The probabilities are obtained by normalizing each row so that the sum of the values in
each row is 1, creating a row stochastic matrix. This means that given state S;, the subsequent

state must be either Sy, Sy, or Sz. This entire process is repeated for a speckle region.

7.3.2 Testing Phase
For the testing phase, the same process is completed except for, instead of choosing a region;
RISH scans the entire image and forms TMs for each 15x15 subimage. Once these TMs are
calculated, they are compared to the target and speckle TMs formed in the training phase. This
comparison is done using the L;-Norm which is the sum of the absolute value of the differences
between each entry in the two TMs. Based on these distances, the testing subimage is classified
as either a target or a speckle region.

A comparison of RISH results for unfiltered SAR images and TSNAC filtered SAR

images will be shown in later sections.
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8 Results

The results for each of the tests described in the previous chapter are discussed in the following
sections. The filters will first be applied to SAR images from the CARRABAS-II dataset. The
results will be compared qualitatively by examination of low-intensity speckle regions, high-
intensity speckle regions, and target regions. Quantitatively, the filters will be compared based
on NRIQ Tests, and the target detection capabilities using DRLSE and RISH, as well as
computational efficiency. The filters will then be applied to the spectrogram of synthetic
vibration data and will be compared via the MSE and PSNR.

8.1 Qualitative SAR Results

The full-scene despeckled images are shown below. Qualitatively, it is difficult to decipher any

differences between the images based on the complete scene.

(a) (b)
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(©) (d)

Figure 24. (a) Raw SAR image, (b) Wiener filtered, (c) Frost filtered, and (d) TSNAC filtered.
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However, when these images are zoomed in on various speckle and target regions, the

differences become very apparent. The first set of images is of a high intensity speckle region.

Figure 25. (a) Raw SAR image high-intensity speckle region, (b) Wiener filtered image, (c) Frost
filtered image, and (d) TSNAC filtered image.

Subjectively, it is clear that the TSNAC filter performs the most despeckling in the case
of high intensity speckle. The Frost filter did smooth the noise to an extent, however, not nearly
to the degree that TSNAC did. The Wiener filter performed almost insignificant despeckling to
the speckle region and surrounding area. Like the Frost filter, it is designed to reduce its

smoothing effect in areas of high variance.
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In areas of low intensity speckle, similar results were found.

(a) (b)

(c) (d)

Figure 26. (a) Raw SAR image low-intensity speckle region, (b) Wiener filtered image, (c) Frost
filtered image, and (d) TSNAC filtered image.

Again it is clear, subjectively, that TSNAC significantly outperforms the Frost and
Wiener filters. The Wiener filter performed slightly better in the low intensity speckle region
than the high intensity region due to the lower variance in the area surrounding the speckle.

The filtered results for the target region are more difficult to compare. The Wiener filter
resulted in no filtering near the target region; completely preserving the signal. The Frost filter
did significantly filter near the target region; however, the signal is still relatively strong. The

TSNAC filter did smooth the target region the most and resulted in a slightly weaker signal.
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(©) (d)

Figure 27. Raw SAR image target region, (b) Wiener filtered image, (c) Frost filtered image, and
(d) TSNAC filtered image.

The degree of smoothing of the target region is not the main issue. The main issue is
difference in the intensity of the resulting target regions, relative to the intensity of the filtered
speckle regions. The best filter will have the greatest difference between the intensities of the
resulting target and speckle regions. The Wiener filter, for instance, preserved the signal in the
target region the best. However, it also preserved the most signal due to noise in the speckle
regions. Because of this, it is clear that the Frost and TSNAC filters are superior.

The Frost filter did preserve the signal of the target regions better than TSNAC.
However, it also did not smooth the speckle regions nearly as well. Because of this, choosing a

filter based on subjective analysis alone is difficult.
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8.2 Quantitative SAR Results

The effectiveness of the filters will be judged based on AQI scores and target detection
performance via DRLSE and RISH. The computational efficiency of each algorithm will also be
noted.

8.2.1 NRIQ Results

The AQI was calculated for each of the filtered images. The relative and absolute results are
shown in the table below. As stated earlier, the AQI is equal to the standard deviation of the
Rényi entropy. A large standard deviation equates to the image having greater directional
dependence and therefore greater anisotropy and image quality.

Table 2. Relative and Absolute AQI Results.

AQI (relative) AQI (absolute)
Unfiltered 0.30439 0.0018328
Wiener 0.62895 0.0032522
Frost 0.9262 0.0047893
TSNAC 1 0.0051709

The results of the AQI tests reinforce the claims already made. The Wiener filter did
remove some speckle and even out the grey-level but it did not remove speckle as significantly
as the other filters, resulting in the relatively low AQI. The Frost filter did remove speckle,
however, not to the same degree as TSNAC. TSNAC greatly reduced speckle and, therefore, the
degradation of the image which resulted in a high AQI. The unfiltered image predictably had the

lowest AQI. The resulting despeckling and gray-levels can be seen in the figure below.
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Figure 28. (a) Sample of raw SAR image, (b) Sample of Wiener filtered image, (c) Sample of
Frost filtered image, and (d) Sample of TSNAC filtered image.

8.2.2 DRLSE Results

DRLSE was applied to a section of a SAR image containing 25 targets in a 5x5 grid using
TSNAC and the other filters discussed in this thesis. The effectiveness of the edge detection was
based on the number of targets correctly detected versus the number of falsely detected targets,
i.e., TPR vs. FPR. The computational efficiency of each test is also discussed. Single and

double-well potential functions were tested and compared as well.
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First, DRLSE using the original Gaussian filter was applied to the original SAR image
using the single-well potential function. The initial level set function contour is a rectangular
region containing all of the targets (b). As the evolution begins, the region contracts and forms
around each of the exterior targets until it eventually breaks off. The evolution continues until
each of the targets is surrounded by its own region (c). The final level set function is shown in
(d). Using the same computer as earlier, the CPU time using the single-well potential function

was 72.975 seconds.

(©) (d)

Figure 29. (a) Original SAR image, 0 iterations, (b) 10 iterations, (c) 1235 Iterations, and (d)
Final Level-Set Function.
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DRLSE applied to SAR images using the double-well potential function did not perform
as well. Again, the initial level set function is a rectangular region that encompasses all of the
targets (a). The evolution begins with the contraction of the region until it forms around the
individual exterior targets (b). The evolution continues until the interior targets are detected,

however, the dimmer exterior targets are no longer detected (c). The final level set function is

shown in (d). This also shows the effects of the double-well potential, showing that |V¢| =0

away from the zero level (bottom flat region) and, though it is difficult to see, |V¢| =1 near the

zero level. The signed distance property can also be seen in the SDB. Using the same
parameters as the single-well potential except fewer iterations (910 vs. 1235), 14 of the 25
targets were detected with zero false positives in 80.00 seconds. This decrease in detection is
due to the nature of these particular level set evolution equations. Because the images do not

evolve over time, a single-well potential function is used.
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Figure 30. (a) Original SAR image, 0 iterations, (b) 494 iterations, (c) 910 Iterations, and (d)
Final Level-Set Function (Double-Well).

Because of the original double-well potential results, the various filtering techniques were

compared only using the single-well potential.

The results are outlined in the table below. True Positive Rate (TPR) is defined as the
percentage of targets correctly identified. Errors is defined as the number of false positives per

image.
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Figure 31. DRLSE Results for (a) Gaussian filter, (b) Wiener filter, (c) Frost filter, and (d)

Table 3. DRLSE Results.

TSNAC filter.

Computation Iterations TPR Errors
Time
Gaussian 72.975 1235 100 0
Wiener 111.749 2510 100 7
Frost 74.089 1610 100 6
TSNAC 41.348 794 100 0
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The results show TSNAC as the most effective and efficient filter tested. TSNAC
significantly reduced the number of iterations necessary, resulting in a much lower computation
time while still maintaining perfect detection. Again, the computation time is extremely
significant because the goal in target detection is always accuracy in real time. The Wiener and
Frost filters performed similarly in terms of detection; however, the Frost filter was significantly
faster.

The main reason that the Wiener and Frost filters struggled is because they simply cannot
despeckled to the degree that TSNAC and the Gaussian filter can. They are designed to optimize
the MSE from a theoretically uncorrupted image, not for target detection or DRLSE.

8.2.3 RISH Results

As stated earlier, the RISH target detection method consists of two phases, training and testing.
To test the effectiveness of the filters, each filter was applied to the 24 SAR images in the
CARRABAS-II database. These 24 images were then used in the training phase to determine the
Transition Matrices for the target and speckle regions. This was also done using unfiltered
images which used both an alphabet size of two and three symbols. For the testing phase, a
single, unfiltered SAR image was used. It is interesting to note that the training TMs created
using the unfiltered images, Wiener filtered images, and Frost filtered images were almost
identical. This is intuitive because these filters do not significantly smooth areas of the image
with high variance, which target and speckle regions are. Because of this, only the results using
the TSNAC filtered training TMs and the unfiltered training TMs are shown.

The target detection performance results using the unfiltered and TSNAC filtered training

TMs are displayed as ROC curves. ROC curves show the percent of targets correctly identified
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versus the number of false alarms per square kilometer or Type Il error. The results are shown

below.
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Figure 32. RISH Target Detection Results.
The ROC curves show that the TSNAC filtered TMs result in 85% detection with a

reduction in the False Alarm Rate (FAR) of 55% compared to the |N| =2 alphabet size and 64%

compared to the |N| =3 alphabet size. This is obviously a significant reduction in FAR.

The ROC curves also show a limitation of TSNAC filter. In order to achieve the degree
of despeckling required to significantly decrease the FAR rate compared to the unfiltered images,
and subsequently the Wiener and Frost filtered images, the probability of detection must be
sacrificed. The probability of detection reaches between 91 and 92% for the unfiltered training
images whereas the TSNAC filtered training images only result in a maximum of 85% detection.
Depending on the application, this tradeoff may or may not be acceptable, however, in most
cases; a decrease in the percent of correct detection of 6-7% would be negligible compared to a

FAR reduction of 55-64%.
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8.2.4 Spectrogram Results

As stated earlier, the effectiveness of the filters when applied to the spectrograms of simulated
vibration data are judged by the MSE and PSNR. Both the MSE and the PSNR for each filter
will be calculated in reference to the spectrogram of the original, uncorrupted signal. The filters
will be applied to the spectrogram of the signal degraded by additive Gaussian noise and the
MSE and PSNR are calculated based on those outputs.

The uncorrupted spectrogram and the noisy, unfiltered spectrogram were converted to
grayscale before processing because the Wiener and Frost filters used here require a grayscale
input image.

The spectrogram of the uncorrupted signal of sin(2zt) and the spectrogram of the signal

degraded by additive Gaussian noise are shown below.

100 200 300 400 500 600 VOO 8O0 900 100 200 300 400 500 BOO 700 800 900

(@ (b)

Figure 33. (a) Spectrogram of uncorrupted time-series data and (b) Spectrogram of time-series
data with additive noise.

The result of the Wiener filtered spectrogram did significantly remove noise at

frequencies lower than that of the signal of interest. However, because little to no filtering is
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done in areas of high intensity gradients, the filtering at frequencies near that of the signal of

interest is minimal. The result is shown below.

Figure 34. Wiener filtered spectrogram.
The Frost filtered spectrogram yielded little difference from the noisy input spectrogram.
This is most likely due to the nature of the noise. The noise used to in the data was additive

while Frost filters are designed specifically for multiplicative noise. The result is shown below.

Figure 35. Frost filtered spectrogram.
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The TSNAC filter clearly performed the best compared to the other filters. Like the
Wiener filtered spectrogram, it significantly reduced the effect of noise at frequencies lower than
the signal of interest. However, it also reduced noise at frequencies near the signal of interest.

The result is shown below.

Figure 36. TSNAC filtered spectrogram.

The window size chosen for this data was 10 pixels wide by 100 pixels long. This was
chosen primarily to mimic the shape of the spectrogram of the signal of interest, similar to what
was done using the SAR dataset. This results in preserving the intensity of the signal of interest
and removing irregularities in the signal causes by the additive and destructive noise. This
window is also large enough to significantly reduce noise at lower frequencies. These properties

are shown in the figure below.
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(a) (b)
Figure 37. (a) Corrupted signal of interest and (b) Restored signal of interest via TSNAC.
The resulting MSE and PSNR values for each filter are shown in the table below.

Table 4. Spectrogram Filtering Results.

MSE PSNR
Noisy 372.4933 22.4196
Wiener 333.3741 22.9015
Frost 382.7006 22.3022
TSNAC 122.7850 27.2393

It is clear that the quantitative results reinforce the qualitative results. TSNAC clearly
outperforms the other filters because of its ability to reduce noise while simultaneously
reconstructing the original signal of interest. As with the SAR images, this high performance is
due to the careful selection of the size and shape of the window. It is worth noting that before
the spectrograms were converted to grayscale, the MSE for TSNAC was approximately 50%
lower than shown in Table 4. This is because the hue and saturation is lost during the conversion
and only the luminance of the image remains.

The other filters did not perform as well. The Wiener filter did significantly reduce noise
at the lower frequencies but because it does little filtering in areas of high variance, the area
around the signal of interest was barely changed. As shown by the MSE and PSNR, it did

improve the image considerably.
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The Frost filter actually resulted in a more dissimilar spectrogram than the input noisy
spectrogram. This is most likely due to the nature of the noise. Again, the Frost filter is
essentially a Wiener filter designed for multiplicative noise and the noise in this case was
additive. This is why the Wiener filter, even though they are very similar, greatly outperformed
the Frost filter.

8.2.5 Computational Efficiency

For target detection in particular, computational efficiency is extremely important. For national
defense applications, preprocessing methods that are computationally expensive and time
consuming have become obsolete. The computational times for each algorithm to filter one SAR
image and the corrupted spectrogram are shown in the table below.

Table 5. Computation time of filters for one SAR image and one corrupted spectrogram.

SAR Computation Time Spectrogram Computation
(seconds) Time (seconds)

Wiener 0.643618 0.046211

Frost 304.816809 87.008568

TSNAC 0.098455 0.043659

Clearly, TSNAC is the most computationally efficient filter with the Wiener filter slightly
behind. The filter time for the Frost filter is so long that it is unusable in many real-world

applications, regardless of its filtering performance.
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9 Conclusions and Future Work

This thesis introduced the novel TSNAC filter. It was shown that, rather than choosing an
arbitrary default window size for each stage, effective filtering can result from choosing the
window sizes based on characteristics of the input images. Though much more simplistic and
computationally efficient, TSNAC outperformed the widely accepted Wiener and Frost filters in
a number of different tests. The goal of this thesis was to develop a filtering algorithm that could
be used on different types of data, with different types of degradations, and TSNAC
accomplished that, successfully filtering out multiplicative speckle in SAR imagery and additive
Gaussian noise in simulated vibration data.

The tests used in this thesis have shown that TSNAC is a very effective filter. It
outperformed all of the tested filters in AQI score, and DRLSE and RISH target detection. For
the synthetic vibration data, it also reduced noise while maintaining relevant signal better than
the other filters. While doing this, the TSNAC filter was also much more computationally
efficient.

However, these tests also presented some of the limitations of TSNAC. The first is that
in order for TSNAC to reduce noise to the degree that it does, a sacrifice must be made in
preserving the signal of interest. This was shown particularly in the RISH target detection
results. Up to 85% true detection, TSNAC greatly outperformed the unfiltered, Wiener filtered,
and Frost filtered data. However, TSNAC filtering was not able to achieve greater than 85% true
detection whereas Wiener and Frost filtering could, albeit with a much greater False Alarm Rate.
Another limitation is that, for SAR images in particular, the effectiveness of TSNAC filtering is
dependent on the size of the target regions relative to the size of the speckle regions. The reason

TSNAC can significantly remove speckle while still maintaining much of the signal of interest is

60



due to the fact that the target regions were significantly larger than most speckle regions. If the
targets were closer to the size of the speckle regions, the window size would have to be changed.
This would result in either a reduction in smoothing of speckle regions or the signal of interest
would not be maintained as well, depending on the change.

While TSNAC filtering does significantly reduce both additive and multiplicative noise
while maintaining the signal of interest in different types of systems, there is still room for
improvement. Future work includes looking into variable selection of the filtering window size
based on the local variance. Wiener and Frost filters determine the filtering effect based on the
local variance but in a different way. In regions of low variance, the Wiener and Frost filters are
essentially very strong low-pass filters, that is, the cutoff frequency is low. In regions of high
variance, a weak low-pass filter is used to preserve the signal. In other words, they essentially
weight the filtering effect based on the local variance. For adaptive TSNAC filtering, the size of
the window of the filter could be determined based on the local variance. For example, if the
local variance is low, then the filter would have a larger window in order to increase the
smoothing effect. When the local variance is high, the window could be made smaller to reduce
the smoothing effect and to preserve the signal.

For spectrogram analysis, an area of interest is the inverse spectrogram. This would
allow the user to see the effect that the filter has on the time series data itself, rather than the
spectrogram of the time series data. This has been attempted before but is very difficult because
of the overlapping that is necessary to create the spectrogram. The process would involve taking
the inverse Fourier transform of each of the columns that form the spectrogram and essentially

undoing the overlapping to retrieve the filtered time series data. This would allow a direct
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comparison between the input and output of the filter as well as make comparisons easier
between the TSNAC filter and other filters.

Overall there are several areas of interest that could be extensively studied that could
improve TSNAC filtering, namely its adaptivity and in the evaluation of its effect on the input
signal. If more time were available, these topics would be both interesting and challenging

additions to this research.
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