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Abstract

The broad problem addressed in the thesis is the segmentation of noisy and
low contrast images. Detecting and preserving weak features is also a goal of
this work. Such applications occur frequently in medical, remote sensing images,
military and surveillance domains. The ultimate motivation of the research work
is the development of a new class of algorithms which will autonomously interpret
the visual environment and match the human eye in performance. Stated more
formally the goal is to segment images with low signal-to-noise ratio (SNR). A
multi-pronged approach that includes the following specific tasks is developed for

the segmentation problem.

e Systematically studying the performance of robust techniques in general and

mean shift filter (MSF) in particular.
e Finding the limits of mean shift filter.
e Identifying or discovering techniques that perform beyond mean shift filter.

e Studying stochastic resonance (SR) as a complementary approach to robust

statistics.

The research focuses on the development of robust techniques for detecting
weak features in images contaminated with Gaussian noise and images having
low contrast features. A research survey of current techniques indicated that
robust techniques are useful in handling noisy signals and tolerate noise better than
conventional techniques. The survey also led to an exploration of unconventional
techniques which are capable of boosting weak signals. The need to bridge the gap
between these two altogether different techniques was felt and the contribution of
this research was to develop an integrated approach for segmenting images with
low signal-to-noise ratio (SNR). The approach to integrate two different techniques
has led to development of a new technique which aims to reduce the effect of noise
and boost the signal in a noisy image thus leading to a new paradigm in treating
the segmentation problem as a combination of two complementary techniques- one
for boosting the weak signal and the other for handling the noise.

As a part of the work a database of 160 clean and noisy images is created for

testing the segmentation algorithms. The systematic study of mean shift filtering
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led to the development of four new variants. The results of their performance
revealed that mean shift filter and its variants are capable of handling Gaussian
noise less than 20%. However, a combination of mean shift filter and stochastic
resonance showed that higher amounts of noise (30% and in some cases even 50%)
may also be handled. Moreover, SR allows weak features to be boosted in strength
and consequently be preserved. It is concluded that SR and mean shift filter are
complementary and the proposed approach combining them may be seen as a
preliminary step for developing a new family of algorithms that go beyond robust
techniques for segmentation.

The major contributions of the research work can be listed as follows.

Combining robust techniques with SR and showing that the combination

can handle images which are not handled by either of the two separately.

e Developing a segmentation algorithm that combines SR with mean shift

filter.

e To suggest SR as a new approach or paradigm that is complimentary to

robust techniques in handling low SNR images.

e Development of four variants of the mean shift filter and their performance

analysis.

A systematic study of mean shift filter, its parameters and limitations.
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Chapter 1

Introduction

1.1 Problem Definition

The basic problem for the research work done was the segmentation of noisy and
low contrast images. Segmentation is the process of subdividing an image into
constituent parts like objects, regions containing pixels of similar properties and
contiguous regions. It is one of the most important steps in image processing.
Segmentation splits an image I into regions or subsets R; with the following prop-
erties.

N

I'= U R;: all pixels belong to some segment or the other.

R; ﬂlgj = ¢,1 # j : regions do not overlap.

Each R; is a connected component, i.e., there exists a path that lies entirely within
R; between every pair of pixels.

Finding regions that represent objects or meaningful parts of the objects in
the image is the goal of image segmentation. By segmentation it is possible to
identify real objects, pseudo objects, shadows or other regions of interest. Image
segmentation algorithms generally use one of the two basic properties of intensity
value : discontinuity and similarity [1]. In the discontinuity -based approach, the
image is partitioned based on abrupt changes in intensity such as edges in an image.
In the similarity based approach the image is partitioned into regions that are
similar according to some criteria like gray level, color,texture or some statistical
property. Conventional segmentation techniques use one of the two approaches.
Discontinuity based and similarity based techniques are dual techniques . While

one approach focuses on continuity, the other on discontinuity . Each of these



approaches misses half of the available information [2].

While it is easy to state or conceptualize segmentation for images , there are
practical problems when images are contaminated with noise and/or have low con-
trast. In this context, the signal-to-noise ratio (SNR) of an image is an important
parameter which measures the image quality. High values being ”good”. Most
practical images of interest are contaminated with noise. Examples are medical
images, remotely sensed images, military images etc. These images have an ad-
ditional feature of being low contrast also. This research work is focussed on the
Mean Shift filter which has been successfully used for many segmentation appli-

cations in the last decade.

1.2 Motivation

Irrespective of whether it is a computer vision application or an image processing
application one common task is image analysis. Image analysis involves the exam-
ination of the image data to facilitate solving an image problem [3]. It is concerned
with the investigation of the data present in an image for a specific application.
The image analysis attempts to gain insight into the images by using the raw data
as input and determines how to use the data to extract the information that is
needed. The image analysis task makes use of tools like image segmentation, im-
age transforms, feature extraction and pattern classification [3]. Several research
groups have studied the fundamental problem of segmentation in the last four
decades. The evolution of segmentation in this period has led to several types of
techniques. These techniques can be categorized into the following seven broad

groups.

e Basic techniques including thresholding and ranging, edge detection and

connected components.

Region based techniques including region growing, splitting and split-and-

merge.

Morphological techniques like conditional dilation, closing and watersheds.

Clustering techniques like k-means, nearest neighbor and neural networks.

Graph based techniques like spanning tree and normalized cuts.



e Transform domain techniques like Fourier transform, wavelets and Gabor

filters.
e Robust techniques

Considering that images of interest are inherently noisy and low contrast in nature,
there was a strong motivation for carrying out research in robust techniques for
detecting features in noisy and low contrast images. Features in images which
are weak in strength, to be detected using conventional edge detection techniques
were of special interest. In [4] robust algorithms are defined as follows : "Robust
algorithms should be able to handle noisy data and identify approximate patterns.
They should therefore tolerate a small amount of noise in the sense that it will
not affect their output too much. We describe an algorithm with this property
as robust”. As mentioned in [5] the ultimate goal of computer vision is to make
possible systems that can autonomously interpret the visual environment under
almost any operating condition, to reproduce the amazing performance of human
visual perception. The research survey in current techniques indicated that robust
techniques are useful in handling noisy signals and essentially tolerate noise in a
better way than conventional techniques. The survey also indicated the use of
unconventional techniques which are capable of boosting weak signals. The need
to bridge the gap between these two altogether different techniques was felt and the
contribution of this research was to develop an integrated approach for improving
the signal-to-noise ratio (SNR) of noisy images. The ultimate motivation of the
research work was the development of a new class of algorithms which will lead to

capabilities similar to the human visual perception in the future.

1.3 Objectives

The broad objective of the research work was to segment images with high noise
and low contrast. Stated differently, the goal was to segment images with low
signal-to-noise ratio (SNR). Elucidating further, the specific objectives are as men-

tioned below.

e Systematic study of robust techniques in general and mean shift filter in

particular for their performance in segmenting low SNR images.



e Finding the limits of mean shift filter.
e Identify or discover techniques that perform beyond robust statistics.

e Study Stochastic Resonance(SR) as a complementary approach to robust

statistics.

1.4 Approach

The approach used in the research was to merge both these approaches to get the
advantages of both and also use robust techniques to get an overall improvement
in the ability to detect and segment weak features in noisy and low contrast
images. Gaussian noise is a very good approximation to noise that occurs in
many practical cases [6]. Hence, only Gaussian noise contaminated images were
considered as candidate images.The approach used for the research work can be

identified into the following three major points.

e Benchmark image dataset contaminated with Gaussian noise of varying mag-

nitude has been created and the mean shift filter applied and evaluated.

e Modify the mean shift filter and again study its performance on these con-

taminated images.

e For the failure cases of the mean shift filter, identify the complementary

approaches to segment them.

1.5 Contributions

The research is focussed on the development of robust techniques for detecting
weak features in images contaminated with Gaussian noise and images having
low contrast features. The approach to integrate two different techniques has led
to development of a new technique which aims to reduce the effect of noise and
boost the signal in a noisy image thus leading to a new paradigm in treating the
segmentation problem as a combination of two complementary techniques- one for
handling the weak signal and the other for handling the noise.

The major contributions of the research work can be listed as follows.



1. Combining robust techniques with SR and showing that the combination

can handle images which are not handled by either of the two separately.
e Developing a segmentation algorithm that combines SR with mean shift
filter.

e To suggest SR as a new approach or paradigm that is complementary

to robust techniques in handling low SNR images.
e Development of four variants of the mean shift filter and their perfor-
mance analysis.

2. A thorough study of mean shift filter and its parameters.

3. Finding the limitations of mean shift filter.

1.6 Thesis Outline

Chapter 2 presents a survey of the current robust techniques including stochastic
resonance. Chapter 3 discusses the mean shift filter and its characteristics. The
study of the mean shift filter on noisy images is presented in Chapter 4. The
integration of stochastic resonance and mean shift filter is discussed in Chapter 5.

The discussions and conclusions are given in Chapter 6.



Chapter 2

Algorithms for segmenting noisy

images

The inability to make computer vision systems which can match the human per-
ception in interpreting the visual environment when different levels of noise are
present led to the development of robust techniques. This chapter introduces ro-
bust techniques and describes a few important algorithms for segmentation of low
SNR images. The initial sections introduce robustness, its role in computer vision,
robust estimators, techniques from statistics, clustering techniques, non paramet-
ric estimation techniques including the mean shift filter and stochastic resonance.
The conclusions at the end of the chapter present the applicability of these algo-
rithms, limitations, un-addressed areas in these algorithms and scope for research

as a prelude to our work presented in the succeeding chapters.

2.1 What is a robust technique ?

A robust technique can be defined on the notion of a ”breakdown point” [5].
Any technique can tolerate noise in an image. This noise is due to pixels called
outliers. The performance of a technique degrades with increasing noise until a
breakdown stage is reached. This breakdown point is defined in terms of the
smallest fraction of outliers which cause the technique to produce arbitrarily bad
quality results. Robust techniques are those which can handle significantly higher
outlier percentage without breaking down. Thus median of a sample dataset is

more robust than the mean since the breakdown occurs only if more than 50% of



the sample set are outliers whereas for the mean, even a single large outlier could
potentially cause a large error in the estimate. Robust statistical methods were
first adopted in computer vision to improve the performance of feature extraction

algorithms at the bottom level of the vision hierarchy [5].

2.2 Role of Robustness in Computer Vision

As mentioned in [7], the characteristics of the visual signal such as the overwhelm-
ing amount of data, high redundancy, relevant information clustered in space and
time, indicate that certain organization and aggregation principles have to be used
to reduce the computational complexity of the visual processes and to bridge the
gap between the raw data and symbolic descriptions. In computer vision, the
data aggregation problem is most commonly approached by fitting models of vi-
sual phenomena to image data. Because the image data is inherently unreliable a

fitting method should be able to cope with both :
1. noise that is well-behaved in a distributional sense and

2. outliers which are either large measurement errors or data points belonging

to other distributions (models).

The least-squares estimator that assumes a pure Gaussian noise is very sensitive
to outliers in the data set leading to extremely poor results. In [7] it is argued
that visual perception is fundamentally a problem in discrimination. Data must
be combined with similar data and outliers must be rejected. In other words, vi-
sion algorithms must be able to combine data while simultaneously discriminating
between data that should be kept distinct, such as outliers(errors) and data from
other regions. In fact the data association problem (grouping) makes the task of
machine perception fundamentally different from the traditional estimation prob-

lems.

2.3 Robust estimators

The estimators that remain stable in the presence of various types of noise and

can tolerate a certain portion of outliers are known under the generic name of



robust estimators [8]. The use of robust estimators in computer vision is to reject
outliers than to optimally estimate parameters of the model. This is especially so
in the case of non-Gaussian data distributions that may arise from the nature of

the physical data.

2.4 Measures of Robustness

Some of the important measures of robustness used for judging the efficacy of a

robust technique are described below.

1. Breakdown point

This is the minimum fraction of outlying data that can cause an estimate to
diverge arbitrarily far from the true estimate. If the sample size is n then
the breakdown point for the mean is 1/n and that for the median is 50% of
n. This was first proposed by Hodges in 1967.

2. Influence function

Proposed by Hampel in 1974 [42], this is the change in an estimate caused by
insertion of outlying data as a function of the distance of the outlier from the
un-corrupted estimate. To achieve robustness, the influence function should

tend to zero with increasing distance.

3. Efficiency

This is the ratio of the minimum possible variance in an estimate to the

actual variance of the robust estimate.

2.5 Robust parameter estimation

Extracting geometric, photometric and semantic information from an image data
is an important goal for computer vision algorithms [8]. The processes that are
used for extraction of this information need the use of parameter estimation tech-
niques to describe intensity edge curves, motion models, surface normals and cur-
vatures, Euclidean, affine and projective transformation models [8]. In parallel
with the use of parameter estimation techniques, segmentation of the image data

into distinct populations is an area which has received attention of the computer



vision researchers. As mentioned in [8], complete segmentation is not possible
without parameter estimation as the process of assigning data points to popula-
tions depends at least partially on the parameters describing the structure of each
population. Thus identifying whether a pixel belongs to a particular edge or a
region in an image is impossible unless the parameters of the edge or region are
known or are correctly estimated. It is precisely this particular difficulty which
led to research in robust parameter estimation techniques. Contribution to these
techniques are from both the computer vision community and the statistics com-
munity. The main reason for choosing robust image segmentation as the topic
for this thesis work was [this ”chick-and-egg” problem] the challenge of correctly
identifying edge pixels and regions in the context of noisy images. Considering
the fact that robust techniques have been designed to handle outliers and multiple
populations, the literature survey carried out as part of the thesis work is focussed
on these techniques.

The performance of robust estimators is assessed by objective functions which are
defined in terms of an error distance or residual function which could be the ge-
ometric distance a set of data points and the parameter vector(for the data set)
which is being estimated. Robust estimation techniques have been contributed by

the statistics community and the computer vision researchers.

2.6 Statistical techniques

Two of the most significant robust estimation techniques are the M-estimators
and the Least Median of Squares (LMS). M-estimators generalize the maximum
likelihood estimator and the least squares estimator. In least square regression,
all data points have equal weights. When outliers are present, there will be con-
siderable bias and rapid deterioration of the quality of the estimate. In contrast
to this, adaptive weighting is used in M-estimation. The influence from a data
point is decreased when the noise at that point is large. Influence functions used
are those suggested by Beaton & Tukey, Huber, Andrews, Hampel and Cauchy
[42, 41]. Least median of squares (LMS) has a breakdown point of 0.5 which is
the highest. Upto half the data points can be far off from the optimum estimate
without changing the objective function value. As the median is not differentiable,

alternative techniques for finding the least value of the median of squares in the
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LMS technique need to be used.

2.7 Computer Vision Techniques

Some of the major algorithms in computer vision are the Hough Transform,
RANSAC algorithm, MINPRAN, MUSE and ALKS. The Hough transform [9]
is considered the most successful general-purpose vision algorithm [5]. The tech-
nique provides robustness against outliers by placing them in cells which have less
significance by virtue of having fewer votes from the pixels in the image domain.
In the RANSAC method [10], a small subset of points is chosen and a fit is made
to that subset. The conformance of the remaining points to this fit is checked.
This process is continued until there is a high probability of finding the stucture
that is sought for. Thus this technique is a search for a random sample that leads
to a fit on which many of the data points agree and is called Random Sample
Consensus(RANSAC). MINPRAN [11] is a robust estimator. This estimator does
not assume that there is a known limit for the error of the good data in the image.
It uses random sampling to search for the fit and the number of inliers to the fit
that are least likely to have occurred randomly. Thus it is capable of obtaining
good fits even when the percentage of outliers is greater than 50%. MUSE [12] is
an acronym for Minimum Unbiased Scale Estimator. This estimator is based on
the premise that the robust estimators which are successful in extracting a single
signal corrupted with random outliers are not suitable for extracting multiple sur-
faces in an image region and fail to tolerate discontinuities between the multiple
surfaces. The ALKS (Adaptive Least K™ order Squares) estimator [13] minimizes
the K order statistics of the squared residuals. The least K" order chooses a
p-tuple randomly from the data to define a model hypothesis (p < k < n). The
residuals of this partial model u; are computed. The residuals are then sorted
in ascending order and the location of the shortest window containing at least k
residuals is found. The procedure is repeated for several p-tuples and the p-tuple

yielding the smallest window provides the LKS estimate of the model.
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2.8 Other Robust Techniques

Having surveyed the robust techniques from statistics and computer vision for
noise and outlier handling capabilities, further survey was carried out to identify
other robust techniques which could be considered for use on noisy images. Among
the other robust techniques, clustering techniques have been used extensively in
pattern recognition, computer vision and control tasks. These techniques have
been used for detection of clusters of various shapes such as lines, planes, circles,
ellipses, curves and curved surfaces. In [15, 16, 17, 18, 19, 20, 21]these techniques
are presented. However, to handle practical applications these clustering tech-
niques need to be robust and a number of new techniques [22, 23, 24, 25, 26, 27, 28]
have been developed. These techniques claim robustness to noise and outliers to
varying levels. Among these techniques the fuzzy clustering approach has been an
area of active research.This is because of two reasons. The concept of weight func-
tions in robust statistics can be related to the concept of membership functions in
fuzzy set theory. A fuzzy approach is more tolerant to variations and noise in the

input data compared to a crisp approach as claimed by researchers.

2.9 Clustering Techniques

Clustering is a type of classification imposed on a finite set of objects and the re-
lationship between the objects is represented in a proximity matrix in which rows
and columns correspond to objects [29]. Traditional clustering algorithms can be
divided into two main categories : hierarchical and partitional. In hierarchical
clustering, the number of clusters need not be specified a priori and problems
due to initialization and local minima do not arise. However since these meth-
ods consider only local neighbors in each step they cannot incorporate a priori
knowledge about the global shape or size of clusters. Therefore, these techniques
cannot always separate overlapping clusters. Further, the points are static in the
sense that once allotted to a particular cluster, they cannot move to a different
cluster. In contrast, partitional clustering algorithms are dynamic and the data
points can move from one cluster to another. They can incorporate knowledge

about the shape or size of clusters by using appropriate prototypes and distance
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measures. T'wo major drawbacks of the partitional approach are the difficulty in
determining the number of clusters and the sensitivity to noise and outliers. Some
of the important robust clustering techniques that were surveyed are described
here. The survey indicated that the important algorithms based on this method

are as mentioned below

1. The Ohashi algorithm [27]. This algorithm attempts to handle the problem
of noise sensitivity in Fuzzy C means algorithm by introducing an objective
function where the membership of a point in the class of outliers and a
resolution parameter « is used. The algorithm minimizes the function in
the process of clustering. The problem with this algorithm is the need to

correctly specify the value of a.

2. Noise clustering(NC) method [22, 23]. This algorithm proposes the idea of a
noise cluster to deal with noisy data. The noise is considered to be a separate
class and is represented by a prototype that has a constant distance ¢ from

all the data points. The membership u,; of a point z; in the noise cluster is

defined to be o
Usj = 1-— Zum (21)

i=1
This algorithm allows noise points to have arbitrarily small membership

values in good clusters. Again, the need to correctly specify the value of §

is a drawback of this algorithm.

3. Possibilistic clustering (PC) method [26]. The primary objective of this
algorithm is to achieve membership values that are possibilistic i.e. the
membership value of a point in a class represents the typicality of the point
in the class or the possibility of the point belonging to the class The objective

function has a weight factor n which is different for different clusters.

4. The potential function approach [31] and the Mountain method [32, 33]. The
potential function approach has been used in automatic pattern classification
systems. In this approach the feature points are likened to energy sources.
The potential generated by each feature point x; has a peak value at the
location of the feature point and decreases rapidly at any point x away from
the feature point. The idea behind the potential function approach can

be used to define an objective function to locate clusters. The mountain
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method finds the peaks in the potential function. It requires the setting up
of a grid in the feature space in order to search for the peaks. This becomes
impractical in higher dimensions. The computation of the total potential at
a data point is done in which a resolution parameter « is to be specified.
Similarly after a cluster is identified, it has to be removed from the data set
by discounting the contribution due to the cluster center to the potential
at every point using a function in which a resolution parameter (3 is to be
specified. Though this method is quite robust if the clusters are spherical
if suitable values of a and 3 can be found. The main disadvantage of this

approach is that the results will be sensitive to the values chosen for o and

3.

. Least biased fuzzy clustering method [34]. This algorithm is based on the
deterministic annealing approach and tries to minimize the clustering en-
tropy. The clustering algorithm works by starting with a data point as the
initial centroid and then maximizing the clustering entropy and updating
the centroid alternately until convergence. Maximizing the entropy again
needs a resolution parameter called 3 . The problems encountered with this
algorithm are mentioned further.

(1) For a given resolution parameter 3 one would find clusters only of a
particular size. (2) The level of computation required is high for this algo-
rithm. (3) The noise sensitivity or robustness aspects of this algorithm are

not addressed by the authors.

. Iteratively reweighted least-squares (IRLS) approach [35, 36, 37]. This method
is a popular technique in computer vision and is used to obtain a Robust
estimate of parameters starting from a rough initial estimate. The weights

are monotonically decreasing functions of the residuals.

. Robust Competitive Agglomeration(RCA) algorithm [38]. This combines
the advantages of hierarchical and partitional clustering techniques RCA
determines the "optimum” number of clusters via a process of competitive
agglomeration while knowledge about the global shape of clusters is incorpo-
rated via the use of prototypes.The survey indicates that RCA is a general

purpose algorithm that attempts to achieve robustness with reasonable com-
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putational complexity.

2.10 Mean Shift Filter

An interesting non parametric robust technique for segmentation of images is pro-
posed by Comaniciu et al in their papers [72, 73].The authors use a non parametric
estimator of density gradient, the mean shift, in the joint, spatial-range (value)
domain of gray level and color images for discontinuity preserving filtering and im-
age segmentation. Properties of the mean shift are reviewed and its convergence
on lattices is proven. The proposed filtering method associates with each pixel in
the image the closest local mode in the density distribution of the joint domain.
As this filter forms the basis for the work in the thesis, it is studied in detail in

the next chapter.

2.11 The concept of Stochastic Resonance

The term stochastic resonance was coined by Roberto Benzi et al in their seminal
paper,” The Mechanism of Stochastic Resonance” [43]. In this paper the authors
show that a dynamical system subject to both periodic forcing and random per-
turbation may show a resonance (peak in the power spectrum) which is absent
when either the forcing or the perturbation is absent.

The first direct evidence of SR was reported by Fauve and Heslot [51] in 1983
through their experiments on an ac-driven Schmitt trigger. Later, the paper by
McNamara et al [52] on bistable ring lasers led to a series of papers by the Physics
community. In [55], stochastic resonance is said to describe a phenomenon that
is manifest in nonlinear systems whereby generally feeble input information (such
as weak signal) can be amplified and optimized by the assistance of noise. The
effect requires three basic ingredients namely a threshold, a weak coherent input
and a source of noise. Given these features, the response of the system undergoes
resonance-like behavior as a function of the noise level, hence the name stochastic
resonance. The authors declare the underlying mechanism as fairly simple and
robust. This was a very important input for the research work as it enabled the
consideration of Stochastic Resonance as a robust technique for boosting weak

signals.
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Benzi et al [43, 44, 45] and Nicolis et al [46, 47, 48, 49, 50] propose an expla-
nation of the phenomenon of the ice ages using the concept of SR. The authors
show that statistical analysis of variations in the volume of glaciers in the last 10°
years has a characteristic variation period of 10 years. It is pointed out that a
possible natural cause that can be correlated with the event and has the same
frequency is the modulation of the eccentricity of the earth’s orbit due to grav-
itational perturbation. The intensity of this phenomenon is however too low to
be solely responsible for glacier formation. If however the weak exchanges of heat
between the sun and the earth’s surface are considered to be a further cause of
the phenomenon, their interaction with the modulation of the earth’s orbit could
explain the phenomenon.

Benzi schematises the interaction by means of potential with two wells in which
one minimum represents the temperature of the surface covered with ice while the
other represents the melting temperature. The slight modulation of the eccen-
tricity of the earth’s orbit is represented by a noise with a Gaussian probability
distribution. The interaction between these two signals enables the system to
oscillate between on state and the other at the same frequency as the periodic sig-
nal,thus giving rise to the phenomenon of glacier formation. This interpretation
has been given in [53]. The survey on SR concepts gave deep insight into how SR
phenomenon actually occurs.

Bulsara and Gammaitoni in their paper on Stochastic Resonance [54]indicate that
for a non-linear system having a periodic modulating signal so weak as to be nor-
mally undetectable , one of a class of noise-induced coperative phenomena can
often be setup leading to a resonance between the weak deterministic signal and
the stochastic noise. Such a resonance, in effect matches characteristic determin-
istic and stochastic time scales making the signal apparent.

In the same paper, the basic SR mechanism is explained by considering a simple
system - a bistable dynamical system that can switch between two stable states.
The dynamics is characterized by a potential function. The system can be visual-
ized as a marble in a two egg carton. A gentle rocking of the carton will cause the
marble to roll back and forth within the one of the egg wells, only under a much
stronger disturbance will it surmount the wall and enter the other well. In the

absence of any external forcing, friction will cause the system’s output(the mar-
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ble’s position) to settle near the bottom of a well. A more complex output when
an external forcing- composed of a deterministic signal(here assumed to be time
periodic) and stochastic noise(usually assumed to be Gaussian) is applied. The
external forcing may be interpreted as a periodic rocking of the potential while
it is simultaneously jiggled randomly by the noise. If the deterministic rocking is
too weak to cause the system system to scale the potential barrier in the absence
of noise, we call it”sub-threshold”. The addition of even small amounts of noise,
however can give a finite switching probability to the response, that is some poten-
tial barrier crossings will occur. For moderate noise the switchings will acquire a
degree of coherence with the underlying signal, the switching probability is briefly
maximized whenever the signal is at its own maximum. The barrier crossing rate
thus depends critically on the noise intensity. If the noise intensity is very low, the
probability of any switching occurring at all is tiny. On the other hand, intense
noise can induce switching even during an ”"unfavorable interval” when the signal
is close to its minimum, the signal will be swamped. In between one expects to find
a range of noise intensities that induce switching events in near-synchrony with
the signal. The authors mention that this corresponds to some form of resonant

behavior in the dynamics.

2.12 Application of SR in other domains

Gammaitoni et al in their paper [55] report, interpret and extend the understand-
ing of the theory and physics of stochastic resonance. Definitions of the character-
istic quantities that are important to quantify stochastic resonance together with
the tools necessary to compute these quantities are presented.

Francois Chapeau-Blondeau [56] demonstrates that a nonlinear detector can
act as an SNR amplifier delivering an output SNR larger than the input SNR.
Further, it is indicated that if the threshold 6 is an adjustable parameter, then it
can be set to an optimal value which depends upon the properties of the input
signal-plus-noise mixture. This optimal value for # at the same time maximizes
the output SNR and the input-output SNR gain. The author further indicates
that when the detector has to operate at a fixed threshold # > 1, there exists an
optimal nonzero input noise level that maximizes the output SNR.

Donatella Petracchi et al [57] discuss the relevance of SR in biological systems.
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The paper reviews the conference on ”SR in biological systems” and highlights that
SR can occur by transmission and amplification in living organisms by enzymatic
cascades or by taking advantage of the energy stored in the electrochemical gra-
dient through the cell membrane. The conclusion is that work on SR in biological
systems will be very beneficial.

Donatella Petracchi [58], defines SR as an ”improvement of signal transmission
by increasing the input noise up to an optimal value in systems whose stochastic
switching from one state to another is modulated (but not directly determined)
by an applied perturbation”. The paper discusses the role of SR in detection of
signals.

Z. Gingl et al [59] show that SNR gains larger than one can be provided by
one of the simplest bistable stochastic resonator system, a Schmitt-Trigger. The
results indicate that SNR gain requires only two conditions: spiky signal and
nonlinear response limit. The authors conclude by mentioning that spiky signals
are good for demonstrating SR.

The case for use of SR as a robust technique in image processing comes from
the paper by Steeve Zozor et al [60] in which the authors build a detector that
uses SR phenomena in spite of a lack of knowledge of the noise pdf or of the noise
0.

The use of SR in the stock market is given in the paper by Peter Babinec [61]
wherein the author show that an increase in the noise (market volatility) increases
the SNR describing the response to the global periodic investment bias.

Another interesting paper by Bohou Xu et al [62] demonstrates the SR ef-
fect by tuning system parameters instead of tuning noise levels;since the latter is
sometimes not possible. The authors mention that when the noise intensity sweeps
over the optimal operating point or resonance region, the conventional method of
SR via tuning noise cannot obtain the maximum value of the output SNR. This
has led to an important concept in our Stochastic Bucket algorithm (discussed
subsequently) wherein bucket sizes are changed.

In the paper by Aditya A. Saha et al [63] it is shown in the context of sig-
nal processing in ocean acoustics that the signal detection performance of an SR
based detector is better than that of the matched filter for a large class of noise

distributions that belong to the generalized Gaussian and mixture-of-Gaussian
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families.

Bart Koskoa et al [64] in their paper on SR in noisy threshold neurons, show
that small amounts of independent additive noise can increase the mutual informa-
tion of threshold neurons if the neurons detect sub-threshold signals. The authors’
second theorem shows that SR effect is robust against violent fluctuations in the
additive noise process. This has been a strong reason for considering SR in image
processing in our research.

Hu Niaoqing et al [65] apply SR in the early detection and prediction of rub-
impact faults in rotors of rotating machinery. SR is applied to real-time application
and it is indicated that it is suitable for detecting weak useful signals in heavy
noise from short data records. The advantages of SR for mechanical fault diagnosis
are proven.

The investigation of SR phenomena in chemical reactions is explored in the
paper by Fan Zhang et al [66].

Ashok Patel et al in their paper [67] show that small amounts of additive white
noise can improve the bit count or mutual information of models of spiking retinal
neurons and spiking sensory neurons. Possibility of benefit from noise injection in
artificial retinas, neural prosthetics, low-light imaging and night vision, IR imaging
and object detection is mentioned.

An interesting paper by Barney E. Klamecki [68] on the use of SR for enhancing
low level signals mentions the advantages of the technique in the promotion of a
signal that is below the system noise level to a useful level above the system
and ambient noise levels. The advantage of improvement in SNR with added
noise level for a vibration signal for a mechanical system having a worn bearing
is demonstrated. The utility of SR in improving the performance of different
optimal detectors like Bayesian, minimum error-probability, Neyman-Pearson and
minimax detectors is demonstrated by David Rousseau and Franois Chapeau-
Blondeau in their paper [69].

Yong-gang Lenga et al [70] in their paper give two examples of detecting a
weak signal embedded in strong noise are presented to illustrate that a single
bistable system and a cascaded bistable system are both powerful tools for signal
processing.

Another interesting application of SR is in the domain of target detection
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in shallow-water reverberation by Bohou Xua et al [71] wherein spatial signals
interfered by Gaussian noise are effectively recovered.

The following papers which have appeared in the final stages of the research
work have given additional insights into SR and its futuristic research like con-
sidering multi-scale noise for noise injection and also for applying the work for
non-Gaussian noise.

D.W. Repperger et al [90] use nonlinear control theory analysis to better under-
stand the class of systems that may exhibit the SR effect. Using nonlinear control
theory methods,equilibrium points are manipulated to create the SR response
(similar to shaping dynamical response in a phase plane). From this approach, a
means of synthesizing and designing the appropriate class of nonlinear systems is
introduced. New types of nonlinear dynamics that demonstrate the SR effects are
discovered, which may have utility in control theory as well as in many diverse
applications.

The application of SR to feature extraction for low quality fingerprint images
is demonstrated by Choonwoo Ryu et al [91]. Experimental results in this paper
show that Gaussian noise added to low quality fingerprint images enables the
extraction of useful features for biometric identification.

Qingbo He et al in their paper [92] show that the weak signal can be effec-
tively detected from heavy background noise via the SR phenomenon by tuning
multi-scale noise. The authors conclude that : (a) under the new strategy, the
SR phenomenon can appear at different noise intensity with a same tuning pa-
rameter (b) the multi-scale noise with a corresponding analysis scale has shown to
be an active role in detecting weak signals (c) the proposed SR model has shown
good capability in detecting a wide range of driving frequencies. Therefore, the
proposed new strategy has shown the potential in general application to detect
weak signals with a wide range of frequencies at any given noise intensity. Bearing
defect identification by using weak signal analysis is confirms its effectiveness.The
applicability for noise handling in image processing gets strengthened by this pa-
per.

Qingbo He et al [93]further propose an SR approach which over comes the
limitation of small parameter requirement of the classical SR and takes advantage

of the multi-scale noise for an improved SR performance. Thus the method is well-
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suited for enhancement of rotating machine fault identification when the noise is
present at different scales.

The design and performance analysis of a detector based on supra-threshold
stochastic resonance (SSR) for the detection of deterministic signals in heavy-tailed

non-Gaussian noise is presented in the paper by V.N. Hari et al [94].

2.13 SR in Image Processing

The enhancement of images using stochastic resonance and application to sonar
image processing is discussed in [81]. The application of SR to improve the quality
of the noisy input image to get the de-noised response image is shown in [82]. Input
noisy image is subjected to independent additive white Gaussian noise of different
standard deviation, the output image corresponding to individual noise standard
deviation, summed and averaged, to get the de-noised image. This paper gives
a useful insight on the application of SR to image de-noising without going into
mathematical analysis of the improvement of PSNR during the process. Clearly,

a strong case may be made out for carrying out such an analysis.

2.14 Classification of Images

In order to evaluate the segmentation performance of different techniques men-
tioned above on noisy images, a need to classify images was felt. This would be
useful in identifying the merits and demerits and their suitability for a particular
class of image. The candidate images for segmentation can be classified into four

types namely :
e High SNR images having a strong signal and a weak noise component.
e Medium SNR Images in which signal and noise were both strong.
e Low SNR Images in which signal and noise were both equally weak.

e Very low SNR images in which the signal is relatively weaker (due to small

features and/or low amplitude) compared to the noise in the image.

Weak signals images can be categorized into two types. (i)Those in which features

are small in size and (ii) Those in which features are small in amplitude. The next
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section compares the different techniques surveyed and their applicability to these

four categories of images.

2.15 Comparison of the techniques from Statis-
tics and Computer Vision

A study of the techniques from statistics, computer vision, clustering, non para-
metric estimation domain and unconventional techniques like stochastic resonance

revealed the following observations.

e All robust techniques from statistics and computer vision perform well with

high SNR images.

e While LMS and M-estimators (from statistics) need to estimate the scale,
Hough transform and RANSAC (from computer vision) treat scale as a
tuning constant. In the presence of strong noise in the image, it is difficult to
estimate the scale in techniques from computer vision. Hence the techniques

give degraded performance for medium SNR and low SNR images

e All these techniques fail for the very low SNR images when the discontinuity
magnitude is 7.50 or more.The failure appears in the form of a surface that

bridges two actual surfaces.

e In techniques from robust statistics, weight functions define the resistance to
outliers.In the presence of strong noise and weak signal due to small features
located close to each other, the clarity between outliers and inliers may be

lost. Hence these techniques will fail in very low SNR images.

e In the presence of strong noise, additional overlapping surfaces can appear.
The MINPRAN is capable of estimating patches which are overlapping with
a criteria for the number of points contributing to the patch. Thus it can
handle medium SNR images considering the noise strength in these images

will match the signal strength.

e Images with weak signals in which features are small in size are handled

better by MUSE and ALKS with the condition that the magnitude of the
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discontinuity between nearby surfaces is less than 4.5¢ where o is the stan-
dard deviation of the noise. Thus these techniques can handle medium SNR

images to the extent that this criteria is met.

e For clustering techniques the cluster validity plays an important role in ro-
bust clustering without which it is not possible to identify the clean pixels
from the noisy pixels and the outliers in an image.These techniques are not
efficient when the number of clusters are not known. The study indicates the

applicability of these techniques only to the medium SNR image category.

e Non parametric estimation techniques like the mean shift filter depend on
two normalization constants, o, and o, for filtering low SNR images. Since
kernel density estimation is used there is no need to estimate the underlying
density function. However the performance depends on the values chosen for
these constants which are again subjective to the test image. The resistance

to outliers for these techniques is not clear from the survey.

e Techniques like stochastic resonance which inherently boost the weak signals
are likely to handle better the low SNR category images and the papers on

application of SR indicate strong reasons favoring the same.

2.16 Conclusions

The survey of the different algorithms for segmentation of noisy images has given

significant inputs for the research work. These are summarized below.

e The survey of the various robust techniques from statistics, computer vision
and clustering approaches has indicated that these techniques attempt to
perform robustly in the presence of noisy data and outliers. In practice,
there are several problems like specifying the scale especially when scale is
a function of noise. Other problems include multiple surfaces, bridging fits
, unknown clusters, cluster validity and appropriately specifying resolution

parameters to the algorithms.

e These robust techniques are suited for segmenting images of category I and

category II. For the second category, the performance degrades with noise.
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However, the survey does not give inputs on how the performance degrades
with increasing noise and the limits of these robust techniques in handling

noise. For category III images, these algorithms tend to remove features.

e These techniques cannot handle images of category III where the signal is
weak due to either small-sized features or small-amplitude features because
of the need for specifying scale, cluster validity related issues etc. Since
stochastic resonance has been able to handle weak signals by boosting them
in the presence of noise in other engineering domains, the survey clearly
points towards the possibility of its use in category III images. However, the

limits of SR in such applications is not clear from the survey.

e Non parametric estimation techniques appear to be the best candidates for
further research on robust techniques since a priori knowledge of the under-
lying density function is not required. The mean shift filter which is a mode
seeking filter has been found quite effective [72, 73] for segmentation of clean

images. However, its performance in the presence of noise is not clear.

e Most significantly, none of the available techniques can handle the category
IV images which are very low SNR images in which the signal is far weaker
than the noise. Research on robust segmentation of low SNR images has

been aimed at high noise cases but not on images having weak signals.

e (Clearly,there is a need for research on algorithms for segmentation of images

of category IV type.

e The survey clearly indicated that Robust Techniques and Stochastic Reso-
nance were two different approaches - the former for reducing the noise and
the latter for boosting the signal. The survey indicated that no research has
been done till now for bridging the gap between these two approaches and
clearly the possibility of integrating these two complimentary approaches

which can handle images with high amount of noise even better existed.

The above major conclusions has lead to research on algorithms for handling
the category IV images. Such images were important in images where the fine
features need to be detected for the desired application. The subsequent chapters

are closely linked to these conclusions. In Chapter 3, the mean shift filter as
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a representative algorithm of non-parametric estimation techniques is studied in
detail for its tolerance to noise in low SNR images. The performance limits in the
presence of noise are obtained for the algorithm. In Chapter 4, variants of this
algorithm are developed to overcome its limitations in the present form and the
performance of these variant algorithms in the presence of noise are studied. The
ability of Stochastic Resonance to boost weak signals especially the edge pixels is
studied in the research work presented in Chapter 5. Also the development of a
new paradigm for handling category IV images and its performance is presented

in this chapter.



Chapter 3

Mean Shift Filter and its

Characteristics

3.1 Introduction to Non-parametric Techniques

In parametric techniques, the general form of the probability distribution function
or density function for the available data can be assumed. However, in most real
problems like those in computer vision and image processing, the types of density
functions are unknown and it is not easy to identify which density function could
be used. The non-parametric technique is most suitable for such situations. In
this technique arbitrary density functions are fit to a set of samples. For example,
the histogram approximation of an unknown pdf is a non-parametric approach.
As mentioned in [73] a feature space is a mapping of the input obtained through
the processing of the data in small subsets at a time. For each subset, a parametric
representation of the feature of interest is obtained and the result is mapped into
a point in the multi-dimensional space of the parameter. After the entire input
is processed, significant features correspond to denser regions in the feature space
i.e to clusters and the goal of the analysis is the delineation of these clusters.
Images can be represented by arbitrarily structured feature spaces. In the context

of image processing non-parametric methods are classified as
1. Hierarchical clustering methods.

2. Density estimation methods.
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Hierarchical clustering techniques either aggregate or divide the data based on
some proximity measures. These techniques have already been covered in the
previous chapter. It may be noted that these techniques are computationally
expensive and the stopping criterion for fusion is not straightforward. In kernel
density estimation techniques, the feature space can be regarded as the empirical
probability density function of the represented parameter. Dense regions in the
feature space correspond to local maxima of the probability density function, i.e
to the modes of the unknown density. Once the mode is located [74, 75, 76], the
cluster associated with it is delineated based on the local structure of the feature

space.

3.2 Kernel estimators

The concept of kernel estimators is explained in [30].The samples in the image
dataset can be thought as a very rough approximation to the true density func-
tion. The sample can be represented as a set of spikes or delta functions, one at
each sample value, each with a very small width and a very large height such that
the combined area of all the spikes is '1’. The area of each spike is the number of
samples lying at that point divided by the total number of samples. If the delta
functions at each sample point are replaced by other functions called kernels such
as rectangles, triangles or normal density functions which have been scaled so that
their combined area equals one then their sum produces a smoother, more satis-
factory estimate. There are several types of kernels like rectangular, triangular,
normal and Epanechnikov kernels. Estimates of density functions in n dimensions
p(z) where x is an n-dimensional vector are obtained as sums of n-dimensional
kernels centered at the samples normalized so that their total hyper volume or
probability equals 1.

An important issue with kernel estimation is choosing good widths or standard
deviations. If the width is too large, fine structure will be lost but if the width
is too small, the resulting approximation will not be sufficiently smooth but will
contain noisy fine structures due to the random locations of the samples. The
width or the standard deviation of the window should be sufficiently large so that
several samples will fall within this range on the average. In practice several dif-

ferent widths are usually tried and the best is chosen intuitively, according to prior
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knowledge or according to its classification performance on the training data of
interest. As the number of samples within the window approaches infinity and the
window width itself approaches zero, the estimated density function will approach
the true density for any reasonably well-behaved window function. The properties
of the kernel is very significant in estimating the density. A triangular kernel, for
example, is not differentiable at all points and so its slope has discontinuities. The
normal kernel is on the other hand, infinitely differentiable. In the former case
the estimated density is "rougher” than that obtained from the later kernel. To
emphasize, the shape and properties of kernel functions help to better understand
the density function underlying a given set of data.

Kernel density estimation techniques(also called as Parzen estimation) have the
potential for being applied to noisy images. The density estimation can lead to the
discovery of peaks and valleys in the data set. This research work is based on the
premise that kernel techniques when correctly applied can enable discrimination
of the inliers from the outliers by way of identifying the peaks resulting from the

inliers.

3.3 Multi-dimensional kernel density estimation

If {x;}i=1.., is an arbitrary set of n points in the d-dimensional Euclidean space
R?, then the multi-variate kernel density estimate that is obtained with kernel

k(x) and window radius h, computed at point z is defined as

r — T
)

o) = o b .)

The role played by h in the above equation is important [77]. When the value of
h is small a lot of noise or spurious structure is obtained in the estimate. With a
larger value a smoother estimate is obtained but there is a possibility that bumps
or other interesting structure may get obscured in the estimate. In practice, it
is recommended that the analyst examine kernel density estimates for different
window widths to explore the data and to search for structures such as modes or
bumps. The value of h should be chosen so as to minimize the asymptotic mean
integrated square error (AMISE). The choice of smoothing parameter h , is more
important than choosing the kernel. This arises from the fact that the effects from

the choice of kernel (e.g kernel tail behavior) are reduced by the averaging process.
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Table 3.1: Examples of kernels used in density estimation

S.No. | kernel name Equation

1 TRIANGLE kt)=(1—t]) -1<t<1

2 BIWEIGHT k() =2(1-#) —1<t<1

3 TRIWEIGHT k(t)=32(1-1) -1<t<1

4 NORMAL k(t) = =#e™/? —oo <t < o0
5 EPANECHNIKOV | k(t)=3(1-#) -1<t<1

What is important in the choice of a kernel are computational considerations or
the amount of differentiability required in the estimate.

Examples of some of the kernels used for density estimation are mentioned in
[?7] and given in Table 3.1. In terms of efficiency, the optimal kernel was shown to
be the Epanechnikov kernel [78]. The other choices for kernel are indicated in the
above table. In [79] and [80] it is shown that these kernels have efficiencies close

to that of the Epanechnikov kernel, the least efficient being the normal kernel.

3.4 Mean shift analysis

When the Epanechnikov kernel is used for the function k above, we get the min-
imum value for the mean integrated square error (MISE). If the kernel is differ-
entiable then the estimate of the density gradient is the gradient of the kernel

density estimate

r — T
)

h

For the Epanechnikov kernel, the density gradient estimate becomes

V=Vf(z)= # zfj Vi( (3.2)

A 1 d+2
Vf(z) = nlhics) W2 mie%;(m)(l‘i — ) (3.3)
Vi) = s (o ¥ (wi=a) (3.4

T x;€Sh(x)
Where (i Ysiesy ()l Ti — x]) is the sample mean-shift and Sy(z) is a hyper
sphere of radius h having the volume hc,, centered on x and containing n, data

points.
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W(z)_n(;z;cd)d; 2 V() (3.5)

Vi) = F) S M ) (3:6)
h? Vf(x)

Mh(l’) = d+2 f(l’) (37)

Equation (7) shows that an estimate of the gradient (normalized) is obtained
by computing the sample mean shift in a uniform kernel centered on x. The mean
shift vector has the direction of the gradient of the density estimate at x when the
Epanechnikov kernel is used. The successive application of mean shift defines a
path, which leads to the local density maximum [72, 73]. In the mean shift filtered
output, all the points that lie on the path are assigned local density maximum as
their values. When applied to an image, the image is represented as a 2D lattice
of one- dimensional vectors for gray scale and three-dimensional vectors for color
images. The pixel information is normalized with two constants: o, in the spatial
domain, and o, in the range domain. These two constants subdivide the space
containing the image data (x and y spatial coordinates and z values) into cuboids
of dimensions o4 along the  and y directions, and o, along the z direction. The
cuboids are called buckets in [72] and we use the same notation here. Mean shift
is calculated using only the pixels present in neighboring buckets and the pixels
may be weighted according to the bucket in which they are present. The size of
the neighborhood and the weights are given by the kernel functions k(z). For
the Epanechnikov kernel used in [72], 27 buckets 3x3x3 surrounding the bucket
containing the pixel under consideration are used in estimating the kernel den-
sity gradients and hence the mean shifts. All the buckets are weighted equally.
Figure 3.1 shows the concept of the image getting transformed into the three-
dimensional spatial-range data. The bucket size is decided by the value chosen for
os and o,. Therefore, all the buckets have the same size in the x and y direction
(based on the value chosen for o). Similarly, the buckets have the same size in
the z direction (based on the value chosen for o,).

The choice of values for these two constants is by no means straightforward. As
mentioned in [72], these two constants are related to the spatial and range res-

olutions of the image, noise parameters and models, and need incorporation of
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Mean Shift Filtering : (1) tfransforms the image to the joint spatial-
range domain by normalizing the height width and range of the image with
respect fo the normalization constants o (sigma S) and g, (sigma R).

(2) Dense regions are identified leading to the discovery of the mode pixels
in the image.

(3) Clusters are identified based on the mode pixel locations.
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Figure 3.1: The transformation of the image data into the three-dimensional
spatial-range data in the three-dimensional space and the allotment of the pix-
els to the respective buckets. The number of buckets in each axis are determined
by the image dimensions and the values of o,(sigma S) and o, (sigma R) in the

spatial dimensions and the range dimensions respectively

top-down knowledge-driven approach for their selection.

In [72] the authors show that the mean shift filtering technique is effective in car-
rying out segmentation of clean images. Our research was focused on studying the
mean shift analysis technique, analyzing the effect of noisy pixels and bucket sizes
on the filtering effectiveness and confirming the same by application to images

corrupted with Gaussian noise.

3.5 Experiments on mean shift filtering

As part of the research work we designed a number of experiments that ranged

from using fixed-size buckets with different values of o, and o, to using variable-size
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buckets that adapt their dimensions to the local properties of an image. The main
idea was to study and understand the effect of these two normalization constants,
how noise affects their selection and whether there is a method to predetermine
the best values from either knowledge of the application domain or estimation
from the images themselves. In this chapter, we report the studies on fixed size

buckets. The work on variable sized buckets is discussed in the next chapter.

3.6 Analysis of bucket size effects

A qualitative analysis of the size of buckets let us hypothesize the following for

images corrupted with Gaussian noise.

1. A small value of o4 will restrict the computation of mean shift to those in
the immediate neighborhood of a pixel in consideration. Choosing too small

a value may result in a biased estimate of the mean-shift vector.

2. A large value of oy will make the buckets large in the spatial dimensions,
i.e., the neighborhood under consideration becomes large. As the mean shift
vector is computed from a larger neighborhood, it results in an unbiased
estimate, but the spatial resolution is the casualty. It leads to blurring and

loss of fine details in the image.

3. A small value of o, will restrict the variation in intensities in a given spatial
region and thus may work well only on images containing largely uniform

regions. On other types of images, it may lead to over segmentation.

4. A large value of o, has the opposite effect of permitting a greater variation

in intensities in the neighborhood and may result in under-segmentation.

5. In the presence of noise, a small value for o, can potentially confine noise
values to buckets that are outside the neighborhood and thus improve per-
formance. Similarly, a larger value of o4 leads to a behavior analogous to

using an averaging kernel of a large size.

An experiment was carried out for evaluating the performance of the Mean Shift
filter.In this experiment, different amounts of Gaussian noise was added to test
images. The filtered outputs were quantitatively evaluated for various values of

os and o, using the following three measures.
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1. Peak Signal-to-Noise Ratio (PSNR).

2. Region Count obtained by counting the regions obtained after segmentation

of the filtered output.

3. Pratts figure-of-merit to measure the quality of the edges obtained from the

segmented image vis-a-vis the Canny edge detector.

3.7 Test Image Database

For testing the various filtering algorithms in the research work a test image
database of 160 images was created from 40 images to each of which Gaussian
noise of mean p = 0 and standard deviation o of 10%, 20% and 30% was added.
The noisy versions of the clean images were generated using the imnoise() func-
tion available in MATLAB. The image database consisted of standard images (like
cameraman, boat, peppers, Lena, Barbara, Flinstones), images of natural objects
and landscapes, images of man-made objects, images from space missions and tex-
ture images (from the Brodatz texture image database). Thus a database of 160
images consisting of 40 original images and 120 noisy images was created to carry
out experiments. The images for the test database were chosen such that most
features seen in practical images like edges, corners, shapes, regions and textures
were covered. This test database is a comprehensive set of images and is available
in the School of Computers and Information Sciences, University of Hyderabad

for use by other researchers. Figure 3.2 shows a few samples of this database.

3.8 Experiments on images

The boat, cameraman, peppers and the Lena image were initially used to evaluate
the performance of the mean shift filter with clean images and images corrupted
with Gaussian noise (o of 10% and 20%). The mean shift filter algorithm (as
implemented by Cominiciu et al) was applied to the four benchmark images and
their noisy versions. Refer to Figure 3.3, Figure 3.4, Figure 3.5 and Figure 3.6

respectively.

1. For each image and its noisy versions, the filter algorithm was executed
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Figure 3.2: Sample images from the test image database used for the experiments

in the thesis
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repeatedly with the value of o varying from 1 to 8 and the value of o,

varying from 1 to 32 (both in powers of 2).

2. Each filtered output was quantitatively evaluated by calculating its peak

signal-to-noise ratio (PSNR) with respect to its clean image.

3. For each image, the filtered output with the highest PSNR value (corre-
sponding to a particular combination of o5 and o, ) was used to obtain the

number of regions found after segmentation.

4. The segmented outputs were subjected to edge detection using the Sobel edge
detector. The quality of the edges was measured by using Pratt’s figure-of-
merit by comparing with the output of the Sobel edge detector (applied to

the clean image).

The initial experiments with the four sample images and the noise corrupted ver-
sions indicated the presence of a particular combination of o, and o, which gives
the best quality filtered output measured by PSNR. To substantiate the existence
of an optimal o, and o, for every image, 120 images consisting of 40 clean images
and 80 noisy images For each of the 120 images, the true edges were detected
from the clean image using the Sobel edge detector. The algorithm was executed
on all three types of each image to record the PSNR value for different values of
os and o,. As mentioned earlier the filtered image was segmented and the num-
ber of regions were counted. Further, the segmented images were subjected to
edge detection. The quality of the detected edges was measured using the Pratts
figure-of-merit using the ground truth edge image (obtained from the clean image).
These 40 images have been categorized into four categories based on the number
of regions (low or high) and on the intensity variation(low or high). Table 3.2

shows the number of images in each category.

3.9 Results

The results that follow in this and subsequent chapters are shown raw as they
are. They are not post-processed, as the goal of this thesis is to analyze the weak
features.The segmented and edge detected outputs for Gaussian contaminated

images of boat, Cameraman, peppers and Lena images are shown in Figure 3.3 to
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Figure 3.3: Comparative performance of mean shift filter on boat image image
without noise (first column), with 10% noise (second column) and 20% noise(
third column). The input image is in the first row, the filtered output is in the
second row, the segmented output in the third row and the edge image in the

fourth row.
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Figure 3.4: Comparative performance of mean shift filter on cameraman image

without noise (first column), with 10% noise(second column) and 20% noise (third
column). The input image is in the first row, the filtered output is in the second

row, the segmented output in the third row and the edge image in the fourth row.
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Figure 3.5: Comparative performance of mean shift filter on peppers image with-

out noise (first column), with 10% noise (second column) and 20% noise (third
column). The filtered outputs are in the second row, the segmented outputs in

the third row and the edges in the fourth row.
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Figure 3.6: Comparative performance of mean shift filter on Lena image without

noise (first column), with 10% noise (second column) and 20% noise (third col-
umn). The filtered outputs are in the second row, the segmented outputs in the

third row and the edges in the fourth row.



Table 3.2: Image types and numbers

Image Intensity Intensity
Type Variation(Low) Variation(High)
Region Count 7 6
(Low)
Region Count 12 15
(High)
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Figure 3.7: The variation of PSNR with o, for the cameraman image with 10%

and 20% Gaussian noise for a constant o,. The curves show a distinct peaking for

a certain value of o,.
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Figure 3.8: The variation of PSNR with o, for the cameraman image with 10%

and 20% Gaussian noise for a constant ¢,. The curves show a region in which the

PSNR is maximized.
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Figure 3.9: The variation of PSNR with o, for the Lena image with 10% and 20%

Gaussian noise for a constant o,. The peaking is more pronounced for the 10%

noise case.
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Figure 3.10: The variation of PSNR with o, for the Lena image with 10% and

20% Gaussian noise for a constant o,. The again curves show a region in which

the PSNR is maximized.
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Figure 3.11: The variation of PSNR with o, for the peppers image with 10% and

20% Gaussian noise for a constant os. Here the peaking is more pronounced for

the 10% noise case.
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Figure 3.12: The variation of PSNR with o, for the peppers image with 10% and
20% Gaussian noise for a constant o,.. Here the peaking is more pronounced for

both cases.

Figure 3.6 respectively. These outputs are for the best values of o, and o,.. It may
be noted that the significant features are preserved in the segmented and edge
detected outputs for the 20% noise cases in all three images. The quantitative
assessment of the filter performance with noisy images is provided by the plots
shown in Figure 3.7 to Figure 3.12. In these figures the variation of PSNR with
o, for a constant o, and the variation of PSNR with o, for a constant o, is
indicated. The existence of a peak PSNR for a certain combination of ¢, and o,
is seen in these figures. This peaking of PSNR results because increasing the o,
value increases the bucket dimension in the spatial dimension. This causes more
number of pixels to enter the bucket resulting in a more unbiased estimate of the
mean shift vector. Further increase in value of this parameter causes pixels from
other segments/features in the image to enter the estimate leading to less correct
estimates of the mean shift. This behavior is observed for all the images.

The effect of o, on PSNR for Gaussian corrupted image is also found to be similar
for all three test images. For a given value of o4, increasing the value of o,
causes more pixels to enter the estimate of the mean shift vector. More number of

pixels will make the estimate more unbiased until a certain point where noisy and
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outlier pixels start entering the buckets and the PSNR value starts decreasing.
The detailed results for all the 40 images and the contaminated versions with
10% and 20% Gaussian noise are given in the Appendix. The following points

summarize the results of the experiments.

1. The mean shift algorithm gives the best output (highest PSNR) for a oy
and o, value of 1 for clean images. This means that a bucket size of 1 in
the spatial dimension and the range dimension preserves the identity of each

pixel in the clean image, thereby giving the best output.

2. The PSNR value is more than 50 dB for all clean images in the database
proving the effectiveness of the mode seeking approach used by the filter

algorithm.

3. For images corrupted with Gaussian noise of 10% and 20% variance o, and

Y

o, with values greater than '1” maximize the PSNR value indicating that a

certain amount of smoothing is necessary to handle noise.

4. The peak in the PSNR value becomes less pronounced with increase in the
noise in the input image for the algorithm. Beyond 20% noise, there is no

distinct peak showing that mean shift filtering does not help.

5. The best value of o, and o, are proportional to noise for noise amounts less

than 20%.

3.10 Conclusions

The performance of the mean shift filter on images corrupted with Gaussian noise
was studied. Our expectations based on a qualitative understanding of the filter
were substantiated by the experimental results. These experiments have given
useful inputs for understanding and optimizing the performance of the mean shift
filter in the presence of noise. The conclusion is that the mean shift vector concept
for detecting the modes in the image has the potential to identify the regions of
interest in a noisy image when used with optimal values of o, and o, . Finally,
mean shift filter handles noise robustly till the noise in the image is less than about

20%. To handle images with higher amount of noise, there is a need for better
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algorithms. The next chapter discusses the research carried out on the variants of

the mean shift filter for improving its performance.



Chapter 4

Study of the Mean Shift Filter on

Noisy Images

4.1 Introduction

The previous chapter has explained the initial work carried out on understanding
the behavior of the mean shift filter as a function of the normalization constants.
Identifying values for o and o, which give the best PSNR for the output image
is not easy; also, their performance is limited to images with noise less than 20%.
This chapter describes studies on developing variants of the Mean Shift filter to
see if there is any improvement in output quality or decrease in dependence on o

and o, as inputs to the algorithm.

4.2 Variants of Mean Shift Filter

The experiments on the Mean Shift filtering technique and its performance on
noisy images led to design of variants of this filter. Intuition gave the following

inputs for the development of variants.

e Compared to the mean, the median is a robust statistic. Using the median
shift vector instead of the mean shift vector should give a filter which is more

tolerant to noise in the images.

e The mean shift filter gives equal weights to all the buckets in the neigh-

borhood thus leading to an unbiased estimate in which the clean and noisy
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pixels get the same weightage in the mode seeking process. If the buckets
containing the noisy pixels are prevented from entering the neighborhood
region of the candidate pixel for which the mean shift vector is being calcu-
lated, the filtered output so obtained will not contain the noisy pixels. Using
a statistic like the variance to allow or deny a bucket to enter the mean shift
vector neighborhood is an approach to give preference to certain buckets

containing clean pixels as compared to buckets containing noisy pixels.

e Extending the concept mentioned earlier, it is possible to extract regions
by specifying two values for the statistic like the variance. This ensures
that buckets which have a value of the statistic in between the specified two
values will enter the mode seeking process. This approach is useful in region
extraction when a-priori estimate of lower and upper bounds of the statistic

is available.

e In the process of mode seeking in the neighborhood, the mean shift filter
considers equal sized buckets based on the value of o4 and o,. Using a
statistic like variance to identify buckets of unequal size is likely to detect

both the weak and strong features in the presence of noise.

The above inputs based on intuition led to design of the following four variants of

the mean shift filter.
1. Median shift filter
2. Weighted mean shift filter
3. Multi-threshold mean shift filter

4. Variable bucket size mean shift filter

4.3 Filter variants and Algorithms

Using the mean shift filter as the basic filter, we have designed the following
variants. While the first of these filters uses the median of the pixels for calculating
the mean shift vector, for the remaining three filters the variance of the pixels
within a bucket plays an important role. We felt that the variance of the pixels

within a bucket is indicative of the amount of noise and could be used to guide
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the mean shift vector. The theory behind each filter is briefly explained and is

followed by a description of the algorithm used for implementing each filter.

4.4 Median shift filter

Though the mean is computationally a better statistic it is less robust than the
median. The median is less susceptible to outliers and is robust until the number
of outliers reaches 50% of the total population. As mentioned earlier, the basic in-
tuition is that while mean shift when applied to noisy images could lead to buckets
not necessarily belonging to regions of interest (ROI), median shift would perform

better because of the inherent robustness of the median.
Algorithm

If zj-1., and zj—1.., be the d-dimensional original and filtered image points
in the joint spatial-range domain. The superscripts s and r are used to indicate
the spatial and range parts of the vectors, respectively. The original image data
is normalized with the constants o, and o, for the spatial and the range part
respectively.

Foreach j=1---n
e Step 1 : Initialize k = 1 and y;, = z;.

e Step 2 : Compute yi+1 = Median(all pixels x in the neighborhood of k ) |

k < k + 1 till convergence.
e Step 3 : Assign z; = (7, Y(pn,)

The filtered data at the spatial location of x; will have the range components

of the point of convergence yconsy -

4.5 Weighted mean shift filter

The mean shift filter while calculating the mean shift assigns equal weight to all
the buckets in the 27-bucket neighborhood. We felt that this condition is not

necessary for all images. Buckets, which lie in the regions of interest should get
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preference over those which do not. To choose the buckets of interest, we used

the variance of the pixels in the bucket as a deciding factor. Buckets, whose

variance is less than a specified variance threshold T, were qualified to enter the

mean shift filter. Those buckets whose variance was more than the threshold were

disqualified. Binary weighting was used causing only some buckets to enter the

filtering process although other ”soft” weighting functions can also be used.
Algorithm

For each j=1---n
e Step 1 : Initialize k = 1 and y, = x;.

e Step 2 : Compute yr41 = iZmiGS(yk)andVariance[S(yk)]<T) zi k — k+1 till

convergence.

e Step 3 : Assign z; = (:ci,y;iom)

4.6 Multi-threshold mean shift filter

Two thresholds 77 and T, and a majority value M are given as input to this
filter. While carrying out mean shift filtering, the filter selects a candidate bucket
from the 27-bucket neighborhood for calculation of the mean shift vector, if the
candidate bucket’s variance is less than the threshold 7;. If the variance lies
between T and T the filter will examine the 27 neighbors of the candidate bucket.
If the number of neighbors having variance less than 77 is M or more then the
candidate bucket is accepted for mean shift filtering, otherwise it is rejected. If
the variance of the candidate bucket is more than 75, then the bucket is rejected
outright. Obviously, the values of T}, T and M have a significant effect on the
filtered output.

Algorithm

Foreach j=1---n
e Step 1 : Initialize k = 1 and yi = x;
e Step 2 : Find the bucket of y; , denoted by Bucket (yy) .

e Step 3: For Bucket (y) find the variances of all neighboring buckets denoted
by the set V.
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e Step 4 : For each element ,E in the set V,
if (value < Ty ) then accept the element.

else if (T} < value < Tb)
{ repeat Step 2 for the element, E and find the set V. if (number of
elements in set Vi with variance < T;) < M then accept the element. Else
reject the element. } else if (value > Ty) reject the element. [ At this stage

the set V contains all buckets which are acceptable]

e Step 5 : Compute Y41 = — > wev Ti , k< k + 1 till convergence.

ng

e Step 6 : Assign z; = (:cj,y;?om)

4.7 Variable bucket size mean shift filter

Unlike the mean shift filter, which uses buckets of equal sizes, we have designed
this filter to use buckets of variable and unequal sizes. The image, which is initially
of size 256 x 256, is split into four equal sized quadrants. Each of these quadrants
is recursively split if the variance is greater than a threshold T. As a result, areas
of high variance, i.e noisy region, have smaller buckets than more uniform (less
variance) regions. The regular mean shift filter is applied to the image with these
unequal sized buckets.

Algorithm

Step 1 : Split the input image using quadtree into 4 quadrants.

Step 2 : For each quadrant calculate the variance.

Step 3 : If the variance < T then the quadrant is a leaf in the quadtree Else
repeat Step 1 and Step 2 foreach j =1---n

Step 4 : Initialize k = 1 and y;, = ;.

Step 5 : Compute ypy1 = — > zeS(y) Ti » K < k + 1 till convergence.

ng

Step 6 : Assign z; = (2%, Ylpn,)
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4.8 Experiments

The initial experiments were conducted using all the four algorithms on the cam-

eraman, pepper and Lena images and their 10% and 20% noisy versions.

4.9 Results

The results of our initial experiments with the sample images using the median
shift algorithm are shown in Figure 4.1 to Figure 4.3 for cameraman, peppers and
Lena respectively. The quantitative results are shown in Table A.5 of the Chapter
7. Comparing the results in Table A.1 and Table A.5 indicate that for all the three
sample images the PSNR value is reduced by 3 to 6 dB for the 10% noise case
for the median shift filter compared to the mean Shift filter. Similarly there is
an increase in the region count and decrease in the Pratt’s figure of merit for the
edge quality due to over-segmentation. This is qualitatively also confirmed by the
outputs shown in Figure 4.1 to Figure 4.3. This is found true for the 20% noise
case also. The results indicate that the mean shift filter output is better than that
of the Median Shift filter. Hence the remaining images in the database were not
tested with the median shift filter.

Similarly the results for the sample images with weighted mean shift filter
are shown in Figure 4.4 to Figure 4.7. The values for PSNR, region count and
Pratt’s figure-of-merit are similar to that for the mean shift filter. One important
parameter which is an input to this filter is the variance limit as mentioned in the
description of algorithm in the earlier section. This parameter decides which of
the buckets in the neighborhood of a pixel will be considered for the computation
of the mean shift vector. It was found that for all the sample images the PSNR of
the filtered image shows a peak when this parameter is set to a value less than the
variance of the noise in the image. This behavior was observed for both 10% and
20% noise cases. The remaining images in the database were also tested with this
filter and the behavior was confirmed. The quantitative results for all the images
are shown in Table A.6 to Table A.8.

The results for the variable bucket size mean shift filter are shown in Figure 4.8
to Figure 4.11. The quantitative results indicate that the PSNR value and Pratt’s

figure-of-merit are same as that for the mean shift filter. But more regions are
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detected by this filter. This is found to be true for a majority of the images in the
database. A higher value of region count for almost the same value of PSNR means
that there is an improvement in the output quality. Comparison of Figure 4.8 to
Figure 4.11 with the corresponding images in Figure 3.3 to Figure 3.6 indicate the
presence of more regions in the filter output. The quantitative results for all the
images are shown in Table A.9 to Table A.11. An important observation for this
filter is its better performance in detecting weak features in images. Such features
are more seen in the boat image than the remaining images in the sample set.
Comparison of Figure 4.8 and Figure 3.3 shows that in the case of the variable
bucket size filter there are fewer cuts in the mast of the boat for the edge output.
The multi-threshold mean shift filter (which is basically the weighted mean shift
algorithm with two thresholds) did not show better performance than the weighted
algorithm.

A few key observations are listed below.

1. Comparison of Table A.1 to Table A.4 and Table A.6 to Table A.8 indicates
that the performance of the weighted mean shift filter is similar to the mean
shift algorithm. The weighted algorithm did not outperform the mean shift
algorithm because it could not eliminate any neighboring bucket on the
basis of variance. Thus, in the absence of major difference in variance values
between neighboring buckets, the weighted mean shift tends to behave like

the regular mean shift algorithm.

2. Qualitatively, the comparison of the weighted algorithm’s filtered, segmented

and edge detected outputs are similar to that of the mean shift algorithm.

3. The weighted algorithm shows sensitivity to the variance threshold. For
the 10% (standard deviation of noise) case, the variance threshold of 95( a
value below 100) causes the filter output to give the maximum value of the
PSNR. Similarly for the 20% case, the variance limit of 380(a value below
400) causes the filter output to give the maximum value of the PSNR. In
the former case the variance of the noise is 100 and in the latter it is 400.
When the variance limit is reduced from 95 to 50, the PSNR value is found
to reduce. Similarly, it gets reduced as the variance limit is increased above

100. A similar behavior is observed with 20% noise contaminated image



52

also. This indicates the presence of a point of inflexion for the PSNR with
respect to variance limit value of the algorithm. This reinforces our earlier
hypothesis of the "peaking” behavior of the mean shift filter based on the

size chosen for the spatial and the range buckets.

4. The comparison of data in Table A.9 to Table A.11 and Table A.1 to Ta-
ble A.3 tells how the variable bucket size mean shift filter performs compared
to the regular mean shift algorithm. An important observation is that while
PSNR value is slightly lower for the former case compared to the latter, the
region count which indicates the number of regions in the segmented output

is better for the former.

5. Qualitatively, the results of the variable bucket size mean shift filter are
better than the remaining two filters for all the three sample set images.
This is indicated by the detection of the small features in the filter output.
This can be observed by comparing the results in the corresponding images
in Figure 4.4 to Figure 4.11. Quantitatively, for the same value of PSNR

more number of regions are detected by this algorithm.

4.10 Conclusions
Some of the significant conclusions on the variant algorithms are listed below.

1. The median shift algorithm does not seem to be suitable for filtering of

images contaminated with Gaussian noise.

2. The weighed mean shift filter does not appear to be suitable for images
in which the noise is uniformly spread on the entire image. However, this
seems to be a good candidate for images in which noise is localized to limited
regions. More research on such types of images needs to be carried out. The
multi-threshold mean shift filter which replaces the single threshold of the
weighted algorithm with two thresholds has not shown any improvement

compared to the latter case for the sample set.

3. The variable bucket size filter performs well qualitatively even for the highly

noisy images (with 20% standard deviation of Gaussian noise). Quantita-



53

Figure 4.1: Comparative performance of median shift filter on cameraman image
with 10% noise(first column) and 20% noise(second column). The filtered outputs
are in the second row, the segmented outputs in the third row and the edges in

the fourth row.
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Figure 4.2: Comparative performance of median shift filter on peppers image with
10% noise(first column) and 20% noise(second column). The filtered outputs are
in the second row, the segmented outputs in the third row and the edges in the

fourth row.
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Figure 4.3: Comparative performance of median shift filter on Lena image with
10% noise(first column) and 20% noise(second column). The filtered outputs are
in the second row, the segmented outputs in the third row and the edges in the

fourth row.
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Figure 4.4: Comparative performance of weighted mean shift filter on boat image
with 10% noise(first column) and 20% noise(second column). The filtered outputs
are in the second row, the segmented outputs in the third row and the edges in

the fourth row.
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Figure 4.5: Comparative performance of weighted mean shift filter on cameraman
image with 10% noise(first column) and 20% noise(second column). The filtered
outputs are in the second row, the segmented outputs in the third row and the

edges in the fourth row.
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Figure 4.6: Comparative performance of weighted mean shift filter on peppers
image with 10% noise(first column) and 20% noise(second column). The filtered
outputs are in the second row, the segmented outputs in the third row and the

edges in the fourth row.
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Figure 4.7: Comparative performance of weighted mean shift filter on Lena image
with 10% noise(first column) and 20% noise(second column). The filtered outputs
are in the second row, the segmented outputs in the third row and the edges in

the fourth row.



60

Figure 4.8: Comparative performance of variable bucket size mean shift filter on
boat image with 10% noise(first column) and 20% noise(second column). The
filtered outputs are in the second row, the segmented outputs in the third row and

the edges in the fourth row.
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Figure 4.9: Comparative performance of variable bucket size mean shift filter on
cameraman image with 10% noise(first column) and 20% noise(second column).
The filtered outputs are in the second row, the segmented outputs in the third

row and the edges in the fourth row.
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Figure 4.10: Comparative performance of variable bucket size mean shift filter on
peppers image with 10% noise(first column) and 20% noise(second column). The
filtered outputs are in the second row, the segmented outputs in the third row and

the edges in the fourth row.
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Figure 4.11: Comparative performance of variable bucket size mean shift filter on
Lena image with 10% noise(first column) and 20% noise(second column). The
filtered outputs are in the second row, the segmented outputs in the third row and

the edges in the fourth row.
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tively, the number of regions after segmentation are greater for this algorithm

compared to the remaining two.

. Thus the weighted mean shift filter and the variable bucket size filter are
suitable for robust filtering of Gaussian noise contaminated images. Both
these algorithms use the region properties to identify the modal pixels. While
in this research variance was used as a decision criteria, it is possible to use
other criteria which are more relevant for the feature space. Thus outlier
rejection in non parametric estimation can consider these algorithms for

achieving robustness.

. The research on these variants of the Mean Shift filter indicates that it is
possible to improve the performance of this filter and images having upto
20% Gaussian noise can be filtered without losing the small features. With
higher amounts of noise in the input image, there is need for a different

approach. This is discussed in the next chapter.



Chapter 5

Stochastic Resonance and Mean
Shift Filter for Highly Noisy

Images

5.1 Introduction

In Chapter 3 the research on the impact of choosing different values for the two
constants and how they affect the output quality in the presence of noise was
discussed. In Chapter 4 the variants developed for the mean shift filter were
compared qualitatively and quantitatively. In continuation, a novel technique
which combines stochastic resonance with mean shift filtering for handling images
corrupted with large amounts of Gaussian noise i.e noise greater than 20% is

discussed in this chapter.

5.2 Combining Stochastic resonance and Mean

Shift filter

The basic aspects of stochastic resonance (SR) have been discussed in Chapter 2
in the literature survey. As mentioned earlier SR occurs when the signal-to-noise
ratio of a nonlinear device is maximized for a moderate value of noise intensity. It
often occurs in bistable and excitable systems with subthreshold inputs. For lower

noise intensities, the signal does not cause the device to cross threshold, so little
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signal is passed through it. For large noise intensities, the output is dominated by
the noise, also leading to a low signal-to-noise ratio. For moderate intensities, the
noise allows the signal to reach threshold, but the noise intensity is not so large as
to swamp it. Thus, a plot of signal-to-noise ratio as a function of noise intensity
shows an upside-down ”U” shape.

We draw a parallel between the functioning of a mean-shift filter (in particular
and kernel density estimation techniques in general) and double-well potential
systems. The equilibrium state of the mean-shift filter is defined by a set of
modes which characterize the potential wells. The pixels in the original image
(given by their distribution in the 3D or 5D feature spaces) take their filtered
values (modes), i.e. settle down in a potential well following a path defined by the
successive mean shift vectors.

The potential barrier is a function of the difference in the mean shift vectors
that lead to the different mode values. For example, if two mode values differ only
slightly in the paths taken by pixels, then even a small amount of noise causes a
pixel to move from one mode to another. In other words, the potential barrier
between two such modes is small. The potential barriers are correspondingly
large if the paths leading to the mode values are significantly different. As the
computation and updates of the mean shift vector are critically dependent on the
distributions of pixels within a bucket and its neighboring buckets, the potential
barriers are equally dependent on the bucket structure. As a specific case of the
bucket structure, the potential barrier between two mode values is high if the
buckets are small in size. A small bucket defines a similarly small neighborhood
and restricts the number of pixels that participate in the calculation of mean shift
vectors. Consider two pixels separated by a distance d in the 3D feature space.
If the bucket sizes are small in comparison to d, the two pixels fall in different
neighborhoods, influence each other less and are more likely to reach different
mode values. That is, the potential barrier is high. On the other hand, if the
bucket size is large in comparison to d, the two pixels are likely to be in the same
neighborhood and have a greater likelihood of having similar mean shift vectors
and reaching the same mode value. Therefore, in this case, the potential barrier
may be characterized by the bucket size: the smaller the bucket size, the larger

the potential barriers and vice versa.
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The output from mean shift filter is a set of modes and their associated local
neighborhoods. Each such neighborhood is commonly taken to define a segment
and one of the successful applications of mean shift filter has been in image seg-
mentation [83] and edge detection. We find that image segmentation may be
compared with the potential well problem as follows. The mode is the representa-
tive of the segment. A pixel in the middle of the segment has a well defined path
to its mode because of the averaging process of the mean shift filtering algorithm
due to which the effect of any disturbance like noise is reduced. On the other
hand, for a pixel at the boundary between two regions could have a path to the
modes associated with any of the two regions. This situation is analogous to the
double-well problem in which electric charges can move towards any one of the two
wells. The wells are analogous to the regions, the electric charges are analogous
the pixels and the potential barriers are analogous to the difference in the two
mode values as a function of the bucket size. The segmented output is analogous
to the distribution of the charged particles into multiple potential wells each cor-
responding to a different segment. So the bucket sizes are related to the noise
characteristics and the sizes that resonate with the underlying pixel distributions
may be expected to provide a higher performance.

Our first attempt at combining SR with mean-shift filtering is in the empirical
spirit and is relatively naive. This approach led to the development of a Stochastic
Bucket algorithm. A more rigorous approach is described in Section 5.8 and
5.9 after fully presenting the experiments and results of the stochastic bucket

algorithm.

5.3 Stochastic Bucket Algorithm

From the relationship between potential double well problem and mean shift fil-
tered output we felt that Stochastic Resonance may help us circumvent the prob-
lem of identifying the optimal values for normalization constants - o5 and o,.
Choice of o4 determines which pixels fall into which well. There are two com-
peting forces here: bias when small buckets are present, and mixture of different
distributions when the bucket sizes are too large. Introducing noise into the size
of the buckets allows stochastic resonance to produce correct filtered output when

the underlying distributions resonate at the correct bucket size.
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In this algorithm which we call the Stochastic Bucket Algorithm, we use the
mean shift filter to generate multiple filtered outputs by choosing random values
for o5 and o,. These outputs are again thresholded and combined. By choosing
different values for o, and o,, the algorithm chooses different bucket sizes thus
causing the potential barriers between the modes to vary. This has the effect of
varying the underlying potential well structure. It is expected that some of the
potential well structures resonate with the image segments leading to better pixel
distributions.

Steps of the Algorithm

Step 1 : Input the minimum and maximum values for os and o, for the mean

shift filter.
e Step 2 : Input the number of outputs to be generated (N).

e Step 3 : Mean shift filter generates N filtered outputs by
randomly selecting the values for o, and o, each time between the specified
lower and upper bounds.

e Step 4 : Post-processing of the multiple outputs by

(i) Generating a binary image for each filtered image using the mean value

of the image as the threshold value.

(ii) Obtaining the mean value of all the binary images.

The above algorithm was tested on a number of images and the results are

described in the next section.

5.4 Experiments and results on noisy images with

Stochastic Bucket Algorithm

The stochastic bucket algorithm was tested with the test database described in
Chapter 3. Fixing the lower and upper bounds for o, and o, was a pre-requisite for
using the algorithm. The following approach was followed for testing the algorithm

with the noisy images.
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1. The experiments are conducted using 2 < 04,0, < 8 and N = 25. These
values are chosen empirically from initial experiments where they are varied

from 2 to 32 and N is varied from 10 to 40.

2. The stochastic bucket algorithm was run on the 120 images in the database.
Performance is measured both qualitatively and quantitatively. For each im-
age the PSNR, the region count and the edge figure-of-merit were calculated
for quantitative evaluation. The filtered image, segmented image and edge

image (using Sobel edge detector) were studied for qualitative evaluation.

Figure 5.1 shows the outputs obtained using the algorithm on the cameraman
image. The first row shows the contaminated images with 10%, 20% and 30%
Gaussian noise. The second row shows the filtered output.The third row shows
the segmented output and the fourth row shows the edge detected output. The
important observation is that even in the presence of 30% Gaussian noise, the
stochastic bucket algorithm has been able to detect a weak feature like the tower
in the background.

Figure 5.2 and Figure 5.3 show the results for the peppers and Lena images
respectively. It was found that the quality of the results from stochastic bucket
algorithm is highly variable. For example, the tower is not detected in the images
with 10% and 20% noise whereas it is detected in other runs of the algorithm.
This is attributed to the empirical nature of the algorithm and is addressed in
the rigorous approach described in the next section. Hence it is recommended to
repeat the algorithm on a noisy image to extract the weak features which may

appear in some outputs and disappear in others.

5.5 Experiments on low contrast images with

Stochastic Bucket Algorithm

The performance of the stochastic bucket algorithm was also evaluated on low
contrast images.The test image was an extremely low contrast image of a car taken
in the night using a digital camera. The image was tested with this algorithm.
The result obtained was compared with the output obtained from mean shift filter

algorithm alone. Figure 5.4 shows the outputs for this experiment.The observation
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Figure 5.1: Application of stochastic bucket algorithm on cameraman image. First

row shows the image with 10%,20% and 30% Gaussian.Second,third and fourth

rows show the filtered,segmented and edge detected output images respectively for

each of the noisy images. Note the detection of the tower in the 30% noise case.
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Figure 5.2: Application of stochastic bucket algorithm on peppers image. First
row shows the image with 10%, 20% and 30% Gaussian.Second, third and fourth
rows show the filtered, segmented and edge detected output images respectively

for each of the noisy images.
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Figure 5.3: Application of stochastic bucket algorithm on Lena image. First row

shows the image with 10%, 20% and 30% Gaussian. Second, third and fourth

rows show the filtered, segmented and edge detected output images respectively

for each of the noisy images.
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from the experiment is that stochastic bucket algorithm outperforms the mean
shift filter in the filtered output and the edge detected output. The input image
is an extremely low contrast image and the car in the image is not visible to the
human eye. After filtering with the mean shift filter, the output does not indicate
again any features when seen by the human eye. However edge detection using a
small value of the threshold parameter in the Sobel edge detector indicates in the
edge output of the mean shift filter. Compared to this, the third row in Figure 5.4
which gives the results for the stochastic bucket algorithm shows the structure of
the car in the filtered output. Similarly the edge output shows a better boundary
for the car compared to that obtained from the mean shift filter. The stochastic
bucket algorithm which applies SR to the mean shift filter output, boosts the weak

signal of the car and makes it noticeable in the filtered image.

5.6 Experiments on very high noise images with

Stochastic Bucket Algorithm

The stochastic bucket algorithm was also tested with the cameraman image with
50% Gaussian noise. The results obtained were again compared with the results
obtained from the mean shift filter alone. The results are shown in Figure 5.5. In
this figure, the results obtained by using the mean shift filter alone and by using
stochastic bucket algorithm are compared. Qualitatively, even at 50% Gaussian
noise in the input image, the stochastic bucket algorithm shows segments of the
cameraman’s coat though the remain segments are not very clear. In contrast,
the mean shift filter output is the same as the input noisy image. In the edge
detected images too, the stochastic bucket algorithm produces edges which are

more continuous than those produced by the mean shift filter.

5.7 Study of Edge Models and Simulation

In order to further strengthen the practical results obtained with the stochastic
bucket algorithm, research was carried out on edge models both theoretically and
empirically. Subsequently, the algorithm was applied on noisy images for detecting

weak features. This work has given the requisite foundation for proving that the
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Figure 5.4: Comparative performance of mean shift filter and stochastic bucket
Algorithm on a very low contrast image(top-most image). The second row indi-
cates the filter and edge output for the mean shift filter. The last row indicates

the same for the stochastic bucket algorithm.
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Figure 5.5: Comparative performance of mean shift filter and stochastic bucket
algorithm on cameraman with 50% Gaussian noise(top-most image). The second
row indicates the filter and edge output for the mean shift filter. The last row

indicates the same for the stochastic bucket algorithm.
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phenomenon of stochastic resonance exists in images with weak edges and can
be used effectively for extracting weak features. The work proves the efficacy of
stochastic resonance in boosting weak signals which is complementary to tolerance
to noise exhibited by the mean shift filter. This work is explained in detail in the

following sections.

5.8 Application of AMASE for SR

Consider a signal that lies entirely below a detection threshold and therefore is
completely undetected. Adding moderate amounts of noise to such a signal causes
the combination of signal and noise to cross the detection threshold without too
much distortion of the characteristics of the original signal. With greater amounts
of noise, the output becomes entirely dominated by noise characteristics and the
signal is again undetectable. Therefore, SNR is low for both no noise and addition
of large amounts of noise. SNR initially decreases until noise begins to dominate
the signal. Thus, a plot of SNR versus added noise intensities shows an upside-
down ‘U’ shape. The presence of such a curve is often taken as the evidence for
SR in a system.

Several interesting systems that exhibit SR have been studied by Greenwood
et. al in [87]. We follow the analysis presented there to show the existence of
SR in image domain where weak signals are equated with narrow regions and
low-contrast edges.

Consider a signal s(t) and a detectability threshold a. The signal is detected
if at any ¢;, s(t;) > a. Using a kernel k for estimating s, the minimum value of

asymptotic mean average square error (AMASE) is shown in [87] to be

l n p Z)2 % l n tz (tz))>
n;fF p(ti)))2> ( n; (p(£:)))?
(5.1)

where n is the number of samples, p2(k), R(K) are kernel constants and p(t) is

AMASE = %n ( K)?

the kernel estimator. AMASE is the theoretical measure of the mean squared
error commonly used as a goodness-of-fit estimate in model fitting. The general
approach is to take a Taylor approximation of the least squared error [88]. A num-
ber of kernels — triangular, bi-weight, tri-weight, Epanechnikov — are popular

in the vision community and we use the Epanechnikov kernel in this paper. The
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Epanechnikov kernel [4] is given by K(u) = (3/4)(1 — u?), |u] < 1 and is radially
symmetric. If we assume Normal error distribution and the Epanechnikov kernel,

AMASE has been shown as

=

AMASE = 2n-4 ( ! Xn: (a_z(ti)s/(ti)z‘l's“(ti)) )

(S

3 gl

on = " (&)2
In Equation 5.2, pa(k) = 1/5 and R(K) = 3/5 and o2 is the noise variance that
results in SR. s’ and s” are the first and second derivatives of s. We model the

weak edges and narrow regions as step edges smoothed by a Gaussian and a narrow

pulse respectively.

5.9 Simulation Studies

In this section, we show through simulation that weak edges when modeled by a
smoothed step edge exhibit SR. A weak edge is modeled by an ideal step edge

that is smoothed by a Gaussian filter and we write it as

1 _@=w)?
s(z)=A /e 207 dx (5.3)
2ro

where A is the edge magnitude and p is the location of the edge. o is the parameter
used to represent the distortion in the ideal step edge caused by the imaging
system. This approach is along the lines of that followed by John Canny|[89]. The

first and second derivatives are given by Equations 5.4 and 5.5.

, 1 _(zﬂt)2

s(l‘) e A e 202 (54)
2ro

(z) = ALY () (5.5)

V2mo?

It is important to note that there are two os now: the first is the o present in
Equation 5.2 and characterizes the added noise for SR; and, the second is the o of
the signal and its derivatives (Equations 5.3 to 5.5). This second o that describes
the signal is not present explicitly in Equation 5.2 and is really because of the
weak-edge model of Equation 5.3.

Consider a signal given by Equation 5.3 with A = 1.0, = 0 and o = 1.0.
The detectability threshold a = 1.05 which is slightly above the maximum value
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Figure 5.6: Theoretically calculated AMASE as a function of noise sigma (Equa-
tion 5.3)

of the signal making the signal undetectable. A plot of AMASE (Equation 5.2)
for various values of added noise with ¢ ranging from 0.1 to 1.6 is shown in
Figure 5.6. The AMASE values are normalized to the range 0 — 1. The plot shows
the characteristic minimum in AMASE value at o = 0.6 indicating the occurrence
of SR.

The theoretical analysis is confirmed by an empirical study. The weak step
edge signal is given by the same equation (Equation 5.3). The threshold is set
to the same value of t = 1.05. Note that the signal is perfectly estimated if the
strength of the combined signal does not exceed the threshold for all samples that
are to the left of the step edge and exceeds the threshold for all samples to the right
of the step edge. We, therefore, measure the error as the number of samples that
are detected above the threshold and are to the left of the edge location plus the
number of samples that lie below the threshold to the right of the edge location.
Initially, the error is 50% because the step edge does not exceed the threshold at
all and there are as many samples to the left of the edge position (and therefore
are correctly not detected) as there are to the right of the edge location (which
are incorrectly not detected). Then, Gaussian noise with ¢ ranging from 0.1 to

1.6 is added to the signal.
Figure 5.7 to Figure 5.10 illustrate the empirical study. The step edge corre-
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Figure 5.9: Weak edge corrupted with different amounts of noise (o = 0.75)

Figure 5.10: Weak edge corrupted with different amounts of noise (o = 1.5)
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Figure 5.11: AMASE values calculated for images corrupted with different values

of noise o

sponding to Equation 5.3 is labeled Original FEdge in the plots. FEdge with Added
Noise indicates the combined signal while the threshold value is shown as the
horizontal line labeled threshold. If the value of the signal exceeds the threshold,
then it is detected as a 1, otherwise it is undetected and has a value 0. Detected
Edge, indicated by the ‘+’ symbols, is the result of thresholding. It may be seen in
Figure 5.7, with the addition of noise having ¢ = 0.1, only one sample (No. 24) is
detected, i.e., exceeds or equals the threshold. Thus, the error is 46.67% (14/30),
that is 14 out of the 30 samples are incorrectly estimated. Note that this is a
small improvement over the initial error of 50%. As we increase the added noise
to 0 = 0.4, many more samples to the right of the step edge cross the threshold
and are detected as seen in Figure 5.8. As we further increase the noise to o = 1.5,
many samples both to the left and right of the edge location cross the threshold
and the error, consequently, increases. If the theory is correct and SR occurs, then
there is a specific level of noise for which the error is minimized. A plot Figure 5.11
of the error versus o (noise) confirms SR and shows the same characteristic as that
of the theoretical AMASE curve of Figure 5.6. The minimum, however, appears
at 0 = 0.45 which is slightly lower than the theoretical value of ¢ = 0.6 which
may be due to the discrete nature of the sampling in the empirical study. Note

that the number of samples is set to 30 for the plots so that the analysis is clear.
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In the calculations shown in Figure 5.11, the number of samples is 10000 and the
experiment is repeated 20 times for each case to get more accurate estimates of
the average errors. Other plots in Figure 5.11 are for different values of the de-
tectability threshold a. As the value of a increases it indirectly makes the edges
weaker and harder to detect. However, SR occurs in all the cases but we need to
add greater amounts of noise, indicated by the increased values of o (SR noise)
at which the minima occur, to boost the increasingly weak edge strengths. The
minima are also at higher values of AMASE which suggests that the improvement
reduces with increasingly weak edge strengths (higher values of a). Also, the val-
leys are becoming shallower and it suggests that when the edges are extremely
weak, SR may not help. In fact, when the threshold a = 10, it has been observed
that there is no SR in that the AMASE curve does not show any minimum.
Similar theoretical and empirical analysis has been done for narrow regions
which are modeled as a pulse of width 2a and height h. The smoothing is modeled
as two different step edges — one going from low to high, and the other, from high

to low — separated by 2a. The results for such a case also show that SR occurs.

5.10 Experiments on noisy images with weak fea-

tures

In this section, we show that mean-shift filter can be combined with SR to reveal
weak edges and other features that are missed by applying mean-shift filter alone.

The outputs from mean-shift algorithm for three images corrupted by the ad-
dition of Gaussian noise of 10%, 20% and 30% are shown in Figure 5.12. For
relatively low noise levels of 10% and 20%, mean-shift filter preserves weak edges
and narrow regions. In Figure 5.12, in the left image in the second row, the two
sets of three narrow masts each on top of the boat are clearly seen. There are
also low-contrast edges on the tower to which the masts are fixed. These are also
clearly seen. In center image in the second row, with noise of 20%, the masts are
‘broken’ and unclear, while in the right image in the second row, the masts are no
longer visible and even the tower to which they are attached is so highly distorted
in shape that it is virtually unrecognizable. These results support our hypothesis

that robust techniques render undetectable certain features that are detectable in
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the original images.

We applied SR to the mean-shift filtered output shown in the second row of
Figures 5.12. As we know the parameters of the buckets used in the mean-shift
algorithm, we know the size of the neighborhoods that participated in deriving the
mean-shift. We used o, = 4 and o, = 8 for the highly noisy images and from the
size of the buckets, we estimated the optimal noise sigma as ¢ = 1.2. It is done
by using experiments similar to the ones described in Section 5.9 with varying
values of o for smoothing the step edges. These ¢ are analogous to the size of the
buckets. We then added the optimal amount of noise to the mean-shift filtered
output and thresholded each pixel using a local threshold. The local threshold is
the average gray scale value in the neighborhood of the pixel. The final images so
generated for the images in the second row of Figures 5.12 are shown in the last
row of Figures 5.12.

It may be seen from the left image in the last row of Figure 5.12, that at
low-noise levels, SR results in a cleaner image but appears to remove some low-
contrast edges. Note the differences in the appearance of the tower on the boat.
However, the narrow regions are preserved, if not improved. For higher noise
levels, center and right images in the last row of Figure 5.12, it may be seen that
the outputs continue to preserve and in the case of the right image in the last row
Figure 5.12, even re-detect the narrow masts which were undetected in the original
mean-shift output. The tower, which has become distorted in the right image in
the second row corresponding to the Mean Shift filter, is also better detected.
Thus, the addition of SR to mean-shift filter combines the tolerance to noise for
gross features that mean-shift filter has with the ability to detect weak and narrow
regions that SR gives. The result is noisy and there is a need to perform post-
processing to clean up the image. We have done experiments directly on the 30%
noise corrupted input image, but the image, as expected, is noisier than the one
obtained when using mean-shift.

We tested the combination of SR and mean-shift filtering on a set of 40 images
corrupted by 10%, 20% and 30% Gaussian noise (giving a set of 120 images)
and found that the combination improves the performance of either if applied
individually. In all these cases, the improvement is in the detection of the weak

and narrow regions which were missed by the mean shift algorithm. The result
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Figure 5.12: Comparative performance of mean shift filter and stochastic bucket
algorithm on boat image with 10% noise(first column) and 20% noise(second col-
umn)and 30% noise(third column). The input image is in the first row,the edge
output for mean shift filter only and in combination with SR is indicated in the

second and third rows respectively.

is more noisy than the mean shift filtered output, but for applications where the

weak and narrow region detection is important, SR provides a powerful tool.

5.11 Results

The results of the application of SR on the output of the Mean Shift filter to detect
weak features in noisy images have been brought out in our paper [95].Thus, the
addition of SR to mean shift filter combines the tolerance to noise for gross features
that mean shift filter has with the ability to detect weak and narrow regions
that SR gives. This complementary approach has further been demonstrated to

enhance IR images and medical ultrasound images in our papers [96] and [97]



85

respectively.

5.12 Conclusions

The significant conclusions emerging from this research work are enlisted below.

1. The concept of combining mean shift filter and stochastic resonance to im-
prove the overall performance when handling noisy images has been intro-
duced. This has been implemented by developing the stochastic bucket

algorithm.

2. The performance of the stochastic bucket algorithm has been evaluated on
very low contrast and very high noise images. The results indicate better

performance than the mean shift filter alone.

3. A mathematical treatment of the application of stochastic resonance to edge
detection in the presence of threshold by addition of noise has been carried

out using theoretical, empirical and algorithmic study not done earlier.

4. The experiments have indicated that the integration of mean shift filter with
stochastic resonance enables the detection of weak features in noisy images
which remain undetected using robust techniques. While robust techniques
can tolerate noise, they cannot improve weak signals. This is achieved by
SR which boosts such signals to cross the detection threshold by addition of

noise.



Chapter 6

Conclusions

In the preceding chapters, we described the work done on segmenting noisy images
with particular emphasis on the preservation of certain weak features. The work
proceeded in two major directions. The performance of the mean shift filter on
noisy and low contrast images was investigated systematically. An innovative
approach leading to the development of algorithms that go beyond the mean shift
filter and with a potential to define a complementary path to robust techniques
for segmentation was proposed.

An interesting outcome of the research was the study of segmentation algo-
rithms with respect to image SNR. In this framework, it is possible to classify
algorithms into four categories: those that work on images with high signal and
low noise (clean images of Category - I), high signal and high noise (noisy images
of Category - II), low signal and low noise (low contrast images of Category - I1I)
and low signal and high noise (low contrast and noisy images of Category - IV).

All the segmentation algorithms including the early ones based on thresholding
and edge detection work on Category - I images. Most of the research on segmen-
tation is focussed on Category - II as there appears to be an implicit assumption
that the signal is detectable despite the presence of noise. Robust techniques,
including robust clustering approaches, are the best examples for algorithms that
work on Category - II images. Very little work appears in literature on Category
- IIT and Category - IV images although such images routinely figure in civilian
surveillance applications (such as CCTV video), military, infra-red photography
and radar applications.

Another observation is that there is also an implicit notion of scale in robust



87

techniques. Scale is a parameter that is loosely related to the features in the im-
age. It is either assumed known or is estimated from the data through parameter
estimation. It is felt that this dependence on scale, either implicitly or explicitly,
is one of the limitations of the robust techniques on Category III and IV images.
For example, robust statistical techniques like LMS and M-estimators need care-
fully chosen tuning parameters to ensure outlier resistance. The breakdown of
MINPRAN, MUSE and ALKS when the amount of noise becomes large has also
been studied.

Scale enters Mean Shift algorithm in the form of the two normalization con-
stants. The appropriate values (those that lead to good segmentation) are closely
linked to noise and when the noise exceeds 20%, the algorithm breaks down. The
breakdown occurs even when explicit dependence on these two constants is re-
moved. Such a result is shown by our experiments on the weighted mean shift
and variable bucket extensions to the mean shift filter. In these two variants,
“optimal” values are discovered from the data based on the variance in the image
data.

The limiting value of 20% noise for mean shift filter seems real in that no variant
or selection of parameters resulted in good segmentation. Also, the weak features
characterized either by their small size or low contrast are rendered undetectable
by the algorithm. This, we conclude, is due to their scale as measured against the
normalization constants is too small for them to be signals.

In the thesis, higher amounts of noise are handled by the use of stochastic
resonance (SR). SR boosts the signal strength and converts a Category III or
IV image into a Category II image. Thus, SR and robust techniques appear to
provide a way to handle Category III and IV images. From this perspective, the
work in this thesis may be considered the first step towards the development of a
new family of algorithms for the hitherto little explored area of segmentation.

Our results show that SR works even on images with 30% and higher noise as
well as on weak, barely detectable signals. Thus, it is possible to state that SR
may be complementary to robust techniques in that robust techniques are useful
in dealing with low SNR signals caused by high noise (with S strong enough to be
detectable above a threshold) while SR improves low SNR caused by weak signals.
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6.1 Conclusions

The work in this thesis makes two major contributions to the area of segmenting
noisy and low contrast images. The first contribution is the systematic study of
mean shift filter and its performance on images with varying levels of noise. Mean
Shift filter is limited in its performance to images with less than 20% Gaussian
noise. On higher amounts of noise, neither the basic filter nor any of its variants
produce good performance. Moreover, they also eliminate weak features which
may sometimes be important.

The second contribution is the development of novel approach to handling
images with high amounts of noise. The novelty lies in viewing certain robust
techniques, in particular mean shift filtering, from the perspective of stochastic
resonance. We developed an algorithm that combines stochastic resonance with
mean shift filtering and the results obtained on nearly 120 images show that the
new approaches work on low SNR images where the other techniques begin to
fail. Stochastic resonance improved upon mean shift filter in the case of low
SNR caused by high noise when the underlying signal is not strong enough to be
detectable. Stochastic resonance has also been shown to handle low SNR caused
by weak signals (i.e., low contrast images) within the same framework. Finally, we
showed that kernel density estimation framework provides the necessary potential
well structure which forms the basis for stochastic resonance observed and being
exploited by research communities in Physics and Biology.

Other significant results include the performance analysis of mean shift filter
and its variants and the creation of a database of 160 images (40 clean and 40
each of images corrupted with 10%, 20% and 30% Gaussian noise) which is useful
to researchers in the area of image segmentation. The research has demonstrated
mathematically, empirically and practically (by using noisy images) the existence
of stochastic resonance phenomenon during the edge detection process. The results
also show that stochastic resonance works even on images with 30% and also higher
noise content(50% noise) having weak, barely detectable signals. The research
convinces that the study of stochastic resonance in computer vision merits greater

attention.
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6.2 Scope for further work

There is immense scope for robust filtering of images by using the complementary
techniques of reducing the effect of noise and boosting the weak signal considering
the useful results obtained in detecting weak features in noisy images by using this
approach.

The present research work has been carried out on gray scale images. There
is scope to develop variants for colored images contaminated with Gaussian noise.
Also these algorithms can be studied for their performance on images contaminated
with other types of noise (non-Gaussian).

Other areas of Computer Vision like surface fitting and estimation can also
be studied using this approach. Such problems can be studied theoretically, em-
pirically and experimentally. Another area of research could be to extend the
three-dimensional feature space to a higher dimension feature space by including
a variable like time for developing robust algorithms for filtering time varying
noisy images (typically found in astronomical images). Finally, an extremely in-
teresting approach would be to modify the equation for the mean shift vector by
adding stochastic resonance which provides a mathematically rigorous foundation

for handling the complementarity of SR and robust techniques.
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Appendix A

Results of Experiments

The results obtained by the use of the mean shift filter, weighted mean shift filter,
variable bucket size mean shift filter and SR based mean shift filter (stochastic
bucket algorithm) are given in the tables included in this appendix. The test image
database used has 160 images. It consists of 40 original images and 120 noisy
images obtained by contaminating the original images with Gaussian noise of o
of 10%, 20% and 30%. The images are of different types with low/high number
of regions and low/high intensity variations. The values of the normalization
constants o, and o, used for filtering the images are those which give the highest
value of the PSNR when the mean shift filter is used. The filtered output is
measured quantitatively in terms of three measures (i) PSNR (ii) region count
and (iii) Pratts figure-of-merit for the edge quality in the output image.

The effect of the normalization constants on the filter output is evident for the
mean shift filter in the presence of noise of up to 20%. The filter fails to segment
the image when the noise is increased beyond 20% and the results for 30% noise
is not given. The results show that there are no significant improvements for the
weighted mean shift filter. This is because the noise that is present in these images
is not localized to any particular region of the image. However, in the variable
bucket size filter, more number of regions get segmented than the basic mean shift
filter even when there is 20% Gaussian noise.

Finally, in the case of SR based mean shift filter it is observed that even for
the high noise case of 30% Gaussian noise also, more regions get detected. Where
the region count is less, the edge quality is superior as measured by Pratts figure-

of-merit. The complementary approach of using mean shift filter to reduce the
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effect of noise and stochastic resonance to boost the weak signal in the image to

improve the SNR is demonstrated by these results.



Table A.1: Results of mean shift filtering
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S.No. Image Gaussian Noise O o, | PSNR| Region | Pratts Fig-
Count | of-merit
1 cameraman nil 1 1 54.06 | 1053 0.86
10% 8 4 34.02 | 713 0.87
20% 8 8 28.59 | 362 0.82
2 peppers nil 1 1 54.39 | 732 0.87
10% 4 4 29.72 | 748 0.83
20% 4 8 25.30 | 398 0.82
3 mandrill nil 1 1 54.34 | 1860 0.86
10% 1 1 28.19 | 2413 0.83
20% 4 4 22.47 | 1457 0.82
4 lena nil 1 1 54.33 | 735 0.82
10% 4 4 31.01 | 615 0.79
20% 4 8 27.15 | 264 0.77
5 boat nil 1 1 55.47 | 973 0.86
10% 4 4 30.70 | 747 0.80
20% 4 8 25.89 | 379 0.72
6 flower nil 1 1 54.12 | 303 0.45
10% 4 4 31.73 | 484 0.73
20% 4 8 27.11 | 158 0.37
7 oranges nil 1 1 54.22 | 566 0.57
10% 2 4 30.08 | 747 0.79
20% 8 4 23.99 | 744 0.76
8 cactus nil 1 1 54.40 | 953 0.80
10% 4 4 31.39 | 859 0.80
20% 8 4 24.83 | 1182 0.77
9 duck nil 1 1 53.82 | 187 0.69
10% 4 4 35.59 | 269 0.79
20% 4 8 30.12 | 174 0.75
10 bridge nil 1 1 51.18 | 1244 0.67
10% 4 4 37.90 | 840 0.72
20% 4 8 32.78 | 470 0.69




Table A.2: Results of mean shift filtering(contd..)
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S.No. Image Gaussian Noise O o, | PSNR| Region | Pratts Fig-
Count | of-merit
11 tank nil 1 1 55.22 | 287 0.56
10% 2 4 30.00 | 327 0.40
20% 4 4 23.90 | 580 0.66
12 butterfly nil 1 1 54.91 | 527 0.18
10% 4 4 32.96 | 618 0.72
20% 4 8 29.81 | 467 0.67
13 cat nil 1 1 53.85 | 1330 0.77
10% 4 4 28.58 | 716 0.76
20% 8 4 23.48 | 1001 0.71
14 barbara nil 1 1 54.25 | 1283 0.61
10% 2 4 28.67 | 1376 0.61
20% 4 4 22.94 | 1628 0.60
15 flintstones nil 1 1 54.19 | 1064 0.89
10% 2 4 29.02 | 1253 0.89
20% 2 8 23.28 | 1022 0.86
16 clock nil 1 1 54.92 | 152 0.59
10% 4 4 32.20 | 285 0.69
20% 4 8 26.92 | 308 0.73
17 fruits nil 1 1 51.99 | 920 0.74
10% 2 4 29.80 | 1307 0.85
20% 4 8 24.62 | 651 0.76
18 grapes nil 1 1 54.11 | 2723 0.82
10% 1 1 28.31 | 2929 0.80
20% 4 4 22.56 | 2384 0.79
19 house nil 1 1 56.43 | 367 0.65
10% 4 4 32.98 | 297 0.54
20% 4 8 28.77 | 178 0.58
20 Plane nil 1 1 53.55 | 68 0.24
10% 2 4 30.24 | 260 0.62
20% 4 8 30.72 | 108 0.43




Table A.3: Results of mean shift filtering(contd..)
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S.No. Image Gaussian Noise O o, | PSNR| Region | Pratts Fig-
Count | of-merit
21 Plant nil 1 1 53.37 | 1813 0.82
10% 4 4 28.98 | 1398 0.79
20% 4 8 24.79 | 531 0.79
22 Scenel nil 1 1 53.50 | 1294 0.88
10% 4 4 30.88 | 1490 0.85
20% 4 8 25.50 | 1092 0.82
23 Shark nil 1 1 53.44 | 64 0.41
10% 2 4 33.13 | 234 0.62
20% 4 8 32.27 | 57 0.49
24 Ship nil 1 1 53.26 | 1319 0.79
10% 4 4 30.78 | 1213 0.78
20% 4 8 25.09 | 822 0.73
25 Shore nil 1 1 53.67 | 1177 0.85
10% 4 4 29.74 | 988 0.83
20% 4 8 24.77 | 564 0.79
26 Copter nil 1 1 54.24 | 742 0.82
10% 4 4 31.67 | 866 0.80
20% 4 8 26.54 | 537 0.69
27 Brodatz nil 1 1 54.39 | 1040 0.83
10% 2 4 28.69 | 1196 0.77
20% 4 8 23.91 | 358 0.79
28 Scene2 nil 1 1 54.64 | 1730 0.74
10% 4 4 30.82 | 1337 0.75
20% 4 8 25.88 | 732 0.69
29 Scened nil 1 1 54.41 | 1287 0.76
10% 4 4 34.62 | 1018 0.70
20% 4 8 30.38 | 491 0.71
30 Scene4 nil 1 1 54.21 | 864 0.85
10% 4 4 32.11 | 899 0.83
20% 4 8 27.79 | 673 0.75




Table A.4: Results of mean shift filtering(contd..)
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S.No. Image Gaussian Noise O o, | PSNR| Region | Pratts Fig-
Count | of-merit
31 Sceneb nil 1 1 53.27 | 1222 0.85
10% 4 4 31.32 | 1009 0.83
20% 4 8 26.08 | 691 0.76
32 Scene6 nil 1 1 54.39 | 1457 0.79
10% 4 4 30.57 | 835 0.81
20% 8 4 24.81 | 989 0.72
33 Scene7 nil 1 1 54.28 | 2161 0.84
10% 4 4 29.66 | 1414 0.83
20% 8 4 24.07 | 1739 0.74
34 Spacel nil 1 1 55.07 | 681 0.71
10% 2 4 30.12 | 850 0.75
20% 4 8 26.59 | 308 0.68
35 Space2 nil 1 1 55.64 | 1442 0.88
10% 4 2 29.06 | 1935 0.84
20% 4 8 23.55 | 760 0.74
36 Tree nil 1 1 55.72 | 1417 0.87
10% 4 4 31.08 | 825 0.86
20% 4 8 26.29 | 414 0.65
37 Vegetables nil 1 1 53.87 | 1779 0.86
10% 1 1 28.31 | 2674 0.81
20% 2 8 23.45 | 1245 0.81
38 Bird nil 1 1 52.89 | 248 0.65
10% 4 4 34.62 | 301 0.82
20% 8 8 29.80 | 109 0.78
39 Barco nil 1 1 54.59 | 512 0.82
10% 4 4 30.94 | 700 0.72
20% 4 8 27.44 | 347 0.69
40 Lizard nil 1 1 53.60 | 1338 0.68
10% 4 4 32.25 | 1167 0.66
20% 4 8 27.81 | 676 0.68




Table A.5: Results of median shift filtering for sample images
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S.No. Image Gaussian Noise O o, | PSNR| Region | Pratts Fig-
Count | of-merit
1 cameraman 10% 8 4 28.02 | 965 0.75
20% 8 8 22.19 | 745 0.69
2 peppers 10% 4 4 26.62 | 1130 0.77
20% 4 8 21.15 | 751 0.74
3 lena 10% 4 4 27.01 | 999 0.69
20% 4 8 21.40 | 718 0.66




Table A.6: Results of weighted mean shift filtering
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S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
1 cameraman 10% 8 4 34.06 | 714 0.87
20% 8 8 28.59 | 361 0.82
2 peppers 10% 4 4 29.75 | 759 0.83
20% 4 8 25.28 | 396 0.82
3 mandrill 10% 1 1 28.19 | 2413 0.83
20% 4 4 22.46 | 1473 0.82
4 lena 10% 4 4 31.01 | 615 0.79
20% 4 8 27.06 | 266 0.77
) boat 10% 4 4 30.72 | 756 0.80
20% 4 8 25.92 | 380 0.72
6 flower 10% 4 4 31.60 | 473 0.75
20% 4 8 26.97 | 161 0.37
7 oranges 10% 2 4 30.03 | 758 0.78
20% 8 4 23.97 | 747 0.76
8 cactus 10% 4 4 31.38 | 869 0.80
20% 8 4 24.79 | 1184 0.77
9 duck 10% 4 4 35.44 | 282 0.79
20% 4 8 29.83 | 173 0.75
10 bridge 10% 4 4 37.85 | 850 0.72
20% 4 8 32.72 | 477 0.69
11 tank 10% 2 4 29.98 | 344 0.41
20% 4 4 23.84 | 586 0.64
12 butterfly 10% 4 4 3291 | 617 0.72
20% 4 8 29.81 | 463 0.67
13 cat 10% 4 4 28.60 | 732 0.76
20% 8 4 23.46 | 1002 0.71
14 barbara 10% 2 4 28.67 | 1366 0.61
20% 4 4 22.92 | 1628 0.60




Table A.7: Results of weighted mean shift filtering(contd..)
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S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
15 flintstones 10% 2 4 29.04 | 1276 0.89
20% 2 8 23.31 | 1046 0.85
16 clock 10% 4 4 32.30 | 286 0.70
20% 4 8 26.91 | 315 0.72
17 fruits 10% 2 4 29.79 | 1335 0.86
20% 4 8 24.60 | 658 0.77
18 grapes 10% 1 1 28.31 | 2929 0.80
20% 4 4 22.56 | 2399 0.79
19 house 10% 4 4 33.03 | 299 0.54
20% 4 8 28.67 | 178 0.58
20 Plane 10% 2 4 30.20 | 259 0.62
20% 4 8 30.65 | 108 0.43
21 Plant 10% 4 4 28.96 | 1394 0.79
20% 4 8 24.73 | 536 0.79
22 Scenel 10% 4 4 30.91 | 1492 0.85
20% 4 8 25.54 | 1105 0.82
23 Shark 10% 2 4 32.76 | 248 0.63
20% 4 8 31.73 | 54 0.49
24 Ship 10% 4 4 30.80 | 1211 0.78
20% 4 8 25.18 | 826 0.73
25 Shore 10% 4 4 29.77 | 987 0.83
20% 4 8 24.74 | 581 0.79
26 Copter 10% 4 4 31.72 | 866 0.81
20% 4 8 26.48 | 539 0.71
27 Brodatz 10% 2 4 28.70 | 1178 0.77
20% 4 8 23.97 | 362 0.79
28 Scene2 10% 4 4 30.91 | 1348 0.75
20% 4 8 25.88 | 738 0.69




Table A.8: Results of weighted mean shift filtering(contd..)

108

S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
29 Scene3 10% 4 4 34.60 | 1027 0.70
20% 4 8 30.23 | 494 0.71
30 Scene4 10% 4 4 32.11 | 896 0.82
20% 4 8 27.73 | 681 0.75
31 Sceneb 10% 4 4 31.30 | 1014 0.82
20% 4 8 26.01 | 695 0.76
32 Sceneb 10% 4 4 30.56 | 840 0.81
20% 8 4 24.79 | 983 0.72
33 Scene7 10% 4 4 29.68 | 1418 0.82
20% 8 4 24.06 | 1743 0.74
34 Spacel 10% 2 4 30.13 | 850 0.75
20% 4 8 26.55 | 313 0.66
35 Space2 10% 4 2 29.07 | 1931 0.84
20% 4 8 23.55 | 753 0.72
36 Tree 10% 4 4 31.07 | 825 0.86
20% 4 8 26.25 | 411 0.64
37 Vegetables 10% 1 1 28.31 | 2674 0.81
20% 2 8 23.42 | 1240 0.81
38 Bird 10% 4 4 34.43 | 299 0.82
20% 8 8 29.71 | 109 0.79
39 Barco 10% 4 4 30.92 | 700 0.72
20% 4 8 27.34 | 352 0.69
40 Lizard 10% 4 4 32.15 | 1163 0.66
20% 4 8 27.67 | 684 0.68




Table A.9: Results of variable bucket size mean shift filtering
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S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
1 cameraman 10% 256 4 33.24 | 963 0.87
20% 256 8 28.92 | 484 0.81
2 peppers 10% 256 4 29.38 | 783 0.84
20% 256 8 24.78 | 398 0.81
3 mandrill 10% 256 1 28.19 | 2365 0.83
20% 256 4 22.28 | 1588 0.83
4 lena 10% 256 4 30.13 | 726 0.77
20% 256 8 26.23 | 272 0.78
5 boat 10% 256 4 30.44 | 852 0.79
20% 256 8 25.57 | 395 0.70
6 flower 10% 256 4 30.52 | 513 0.77
20% 256 8 26.07 | 98 0.27
7 oranges 10% 256 4 28.97 | 602 0.73
20% 256 4 23.71 | 910 0.77
8 cactus 10% 256 4 31.44 | 1013 0.79
20% 256 4 24.73 | 1513 0.80
9 duck 10% 256 4 33.22 | 267 0.80
20% 256 8 28.99 | 148 0.70
10 bridge 10% 256 4 36.15 | 912 0.67
20% 256 8 28.54 | 425 0.70
11 tank 10% 256 4 29.18 | 222 0.36
20% 256 4 24.16 | 451 0.49
12 butterfly 10% 256 4 31.13 | 641 0.72
20% 256 8 27.48 | 541 0.54
13 cat 10% 256 4 28.00 | 855 0.75
20% 256 4 22.92 | 1349 0.71
14 barbara 10% 256 4 28.20 | 1193 0.61
20% 256 4 22.95 | 1614 0.60
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Table A.10: Results of variable bucket size mean shift filtering(contd..)

S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
15 flintstones 10% 256 4 29.08 | 1146 0.89
20% 256 8 23.30 | 794 0.79
16 clock 10% 256 4 32.49 | 303 0.67
20% 256 8 27.77 | 322 0.74
17 fruits 10% 256 4 30.01 | 1178 0.85
20% 256 8 24.86 | 530 0.77
18 grapes 10% 256 1 28.29 | 2963 0.80
20% 256 4 22.44 | 2545 0.79
19 house 10% 256 4 32.96 | 346 0.58
20% 256 8 28.20 | 182 0.58
20 Plane 10% 256 4 34.72 | 94 0.29
20% 256 8 31.28 | 72 0.33
21 Plant 10% 256 4 28.26 | 1583 0.78
20% 256 8 23.87 | 587 0.80
22 Scenel 10% 256 4 30.35 | 1501 0.85
20% 256 8 25.15 | 616 0.83
23 Shark 10% 256 4 37.06 | 101 0.46
20% 256 8 33.29 | 60 0.48
24 Ship 10% 256 4 30.73 | 1290 0.79
20% 256 8 25.01 | 448 0.70
25 Shore 10% 256 4 29.63 | 1061 0.83
20% 256 8 24.49 | 504 0.73
26 Copter 10% 256 4 31.15 | 831 0.84
20% 256 8 26.28 | 315 0.73
27 Brodatz 10% 256 4 28.54 | 913 0.81
20% 256 8 23.84 | 460 0.79
28 Scene2 10% 256 4 30.43 | 1484 0.76
20% 256 8 26.08 | 586 0.65
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Table A.11: Results of variable bucket size mean shift filtering(contd..)

S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
29 Scene3 10% 256 4 32.66 | 1196 0.69
20% 256 8 28.89 | 587 0.67
30 Scene4 10% 256 4 30.65 | 1014 0.83
20% 256 8 25.65 | 635 0.77
31 Sceneb 10% 256 4 31.23 | 1143 0.83
20% 256 8 25.84 | 650 0.75
32 Scene6 10% 256 4 30.34 | 947 0.80
20% 256 4 24.50 | 1307 0.71
33 Scene7 10% 256 4 29.66 | 1574 0.82
20% 256 4 23.93 | 1935 0.74
34 Spacel 10% 256 4 29.16 | 690 0.78
20% 256 8 25.58 | 303 0.53
35 Space2 10% 256 2 29.06 | 1932 0.87
20% 256 8 23.56 | 800 0.78
36 Tree 10% 256 4 31.03 | 1024 0.86
20% 256 8 25.56 | 556 0.69
37 Vegetables 10% 256 1 28.30 | 2663 0.81
20% 256 8 22.50 | 787 0.84
38 Bird 10% 256 4 34.28 | 299 0.84
20% 256 8 29.67 | 155 0.79
39 Barco 10% 256 4 29.49 | 659 0.71
20% 256 8 25.41 | 265 0.68
40 Lizard 10% 256 4 31.17 | 1245 0.66
20% 256 8 26.61 | 669 0.67
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Table A.12: Results of stochastic resonance based mean shift filtering

S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
1 cameraman 10% 2.8 2.8 23.15 | 424 0.80
20% 2,8 2,8 21.28 | 592 0.78
30% 2,8 2,8 23.05 | 697 0.68
2 peppers 10% 2,8 2,8 21.73 | 558 0.79
20% 2,8 2,8 22.74 | 595 0.81
30% 2,8 2,8 18.03 | 714 0.79
3 mandrill 10% 2,8 2,8 19.08 | 702 0.05
20% 2,8 2,8 21.03 | 913 0.45
30% 2,8 2,8 18.01 | 1171 0.16
4 lena 10% 2,8 2,8 20.40 | 400 0.79
20% 2,8 2,8 20.86 | 473 0.76
30% 2,8 2,8 25.19 | 559 0.77
5 boat 10% 2,8 2,8 22.24 | 528 0.70
20% 2,8 2,8 24.10 | 134 0.73
30% 2,8 2,8 21.52 | 282 0.40
6 flower 10% 2,8 2,8 23.75 | 547 0.34
20% 2,8 2,8 18.16 | 30 0.72
30% 2,8 2,8 25.43 | 44 0.41
7 oranges 10% 2.8 2.8 21.63 | 449 0.43
20% 2,8 2,8 19.89 | 184 0.49
30% 2,8 2,8 20.83 | 812 0.59
8 cactus 10% 2,8 2,8 17.14 | 630 0.64
20% 2,8 2,8 18.03 | 448 0.54
30% 2,8 2,8 23.34 | 952 0.75
9 duck 10% 2,8 2,8 25.81 | 203 0.69
20% 2,8 2,8 22.12 | 41 0.65
30% 2,8 2,8 20.54 | 89 0.65
10 bridge 10% 2,8 2,8 20.53 | 503 0.65
20% 2,8 2,8 26.87 | 80 0.65
30% 2,8 2,8 25.26 | 517 0.66
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Table A.13: Results of stochastic resonance based mean shift filtering(contd..)

S.No. Image Gaussian Noise Os o PSNR/| Region | Pratts Fig-
Count | of-merit
11 tank 10% 2,8 2,8 20.50 | 90 0.07
20% 2,8 2,8 22.87 | 171 0.05
30% 2,8 2,8 26.28 | 267 0.10
12 butterfly 10% 2,8 2,8 23.08 | 628 0.63
20% 2,8 2,8 22.70 | 564 0.65
30% 2,8 2,8 13.61 | 807 0.45
13 cat 10% 2,8 2,8 21.33 | 378 0.56
20% 2,8 2,8 22.18 | 174 0.73
30% 2,8 2,8 20.22 | 102 0.38
14 barbara 10% 2,8 2,8 21.11 | 563 0.61
20% 2,8 2,8 22.77 | 360 0.61
30% 2,8 2,8 22.96 | 174 0.61
15 flintstones 10% 2.8 2.8 14.94 | 1025 0.58
20% 2,8 2,8 19.77 | 298 0.64
30% 2,8 2,8 18.31 | 182 0.75
16 clock 10% 2,8 2,8 25.96 | 481 0.76
20% 2,8 2,8 22.73 | 168 0.79
30% 2,8 2,8 21.15 | 153 0.76
17 fruits 10% 2,8 2,8 20.77 | 839 0.61
20% 2,8 2,8 22.49 | 509 0.68
30% 2,8 2,8 15.33 | 304 0.71
18 grapes 10% 2,8 2,8 19.61 | 1894 0.85
20% 2,8 2,8 20.45 | 1970 0.83
30% 2,8 2,8 19.62 | 632 0.84
19 house 10% 2,8 2,8 19.37 | 236 0.76
20% 2,8 2,8 24.32 | 110 0.58
30% 2,8 2,8 25.22 | 60 0.48
20 Plane 10% 2,8 2,8 26.87 | 64 0.38
20% 2,8 2,8 17.56 | 42 0.62
30% 2,8 2,8 28.74 | 21 0.31
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Table A.14: Results of stochastic resonance based mean shift filtering(contd..)

S.No. Image Gaussian Noise O o, PSNR/| Region | Pratts Fig-
Count | of-merit
21 Plant 10% 2,8 2,8 24.37 | 1207 0.83
20% 2,8 2,8 21.21 | 258 0.65
30% 2,8 2,8 23.22 | 241 0.78
22 Scenel 10% 2,8 2,8 19.77 | 708 0.80
20% 2,8 2,8 21.33 | 157 0.84
30% 2,8 2,8 16.94 | 93 0.81
23 Shark 10% 2,8 2,8 27.41 | 27 0.44
20% 2,8 2,8 19.35 | 38 0.59
30% 2,8 2,8 17.29 | 24 0.59
24 Ship 10% 2,8 2,8 17.68 | 530 0.42
20% 2,8 2,8 21.59 | 189 0.67
30% 2,8 2,8 19.30 | 145 0.58
25 Shore 10% 2,8 2,8 16.72 | 131 0.65
20% 2,8 2,8 20.02 | 392 0.72
30% 2,8 2,8 24.54 | 143 0.64
26 Copter 10% 2,8 2,8 21.34 | 374 0.42
20% 2,8 2,8 23.15 | 102 0.78
30% 2,8 2,8 25.32 | 71 0.73
27 Brodatz 10% 2,8 2,8 21.49 | 406 0.13
20% 2,8 2,8 20.51 | 87 0.74
30% 2,8 2,8 21.86 | 387 0.25
28 Scene2 10% 2,8 2,8 19.10 | 246 0.55
20% 2,8 2,8 19.93 | 361 0.47
30% 2,8 2,8 18.36 | 157 0.79
29 Scene3 10% 2,8 2,8 17.13 | 686 0.68
20% 2,8 2,8 24.51 | 84 0.25
30% 2,8 2,8 22.87 | 133 0.62
30 Scene4 10% 2,8 2,8 20.98 | 411 0.77
20% 2,8 2,8 18.11 | 972 0.37
30% 2,8 2,8 16.71 | 120 0.46
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Table A.15: Results of stochastic resonance based mean shift filtering(contd..)

S.No. Image Gaussian Noise Os o PSNR| Region | Pratts Fig-
Count | of-merit
31 Sceneb 10% 2,8 2,8 26.35 | 982 0.73
20% 2,8 2,8 26.06 | 101 0.73
30% 2,8 2,8 22.62 | 303 0.74
32 Sceneb 10% 2,8 2,8 20.62 | 237 0.75
20% 2,8 2,8 15.61 | 370 0.46
30% 2,8 2,8 18.25 | 1477 0.57
33 Scene7 10% 2,8 2,8 22.97 | 753 0.69
20% 2,8 2,8 20.56 | 251 0.61
30% 2,8 2,8 18.58 | 1101 0.80
34 Spacel 10% 2,8 2,8 19.11 | 72 0.73
20% 2,8 2,8 23.37 | 117 0.74
30% 2,8 2,8 20.08 | 136 0.30
35 Space?2 10% 2,8 2,8 20.81 | 935 0.67
20% 2,8 2,8 17.52 | 442 0.32
30% 2,8 2,8 20.39 | 2282 0.42
36 Tree 10% 2,8 2,8 21.39 | 239 0.47
20% 2,8 2,8 23.02 | 569 0.30
30% 2,8 2,8 24.18 | 853 0.53
37 Vegetables 10% 2,8 2,8 22.87 | 1300 0.66
20% 2,8 2,8 22.91 | 251 0.82
30% 2,8 2,8 20.79 | 303 0.76
38 Bird 10% 2,8 2,8 28.95 | 168 0.79
20% 2,8 2,8 25.37 | 116 0.73
30% 2,8 2,8 17.71 | 34 0.69
39 Barco 10% 2,8 2,8 12.40 | 333 0.27
20% 2,8 2,8 21.05 | 99 0.68
30% 2,8 2,8 18.61 | 95 0.68
40 Lizard 10% 2,8 2,8 21.06 | 286 0.65
20% 2,8 2,8 22.47 | 181 0.65
30% 2,8 2,8 25.62 | 156 0.68
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