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ABSTRACT

Two methods for additive noise filtering are proposed in this thesis. The
first method, Automated Noise Filtering (ANF), is a modified and automated
version of an already existing noise removal method called Noise Filtering
by use of Local Statistics (NFLS). ANF is capable of processing images with
different degradation levels. Furthermore, it is completely automated, and
thus, requires no a priori knowledge of signal or noise parameters. ANF
is able to preserve vital signal information, i.e., edges and details. It is
computationally efficient and well suited for parallel processing. The second
method, Iterative Noise Filtering (INF), is an iterative version of ANF. INF
possesses all the abilities of Automated Noise Filtering, and in addition, it is
capable of removing the additive noise completely from the highly degraded
images. This iterative process terminates automatically after the additive
noise is entirely removed. Performance of the methods of Automated and
Iterative Noise Filtering are evaluated based on their applications to various
images. Each of the two methods are shown to compare favorably to an

alternative technique of noise removal.
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CHAPTER 1

INTRODUCTION

Noise reduction and removal are recognized to be crutial in many image
processing tasks. This is particularly true when the images to be processed
are degraded by very high levels of noise. Generally speaking, the task of
noise removal may be approached in two different ways. If a great deal of a
prior1 knowledge on the images is available it is possible to model the original
image and fit that model to the data at hand. On the other hand, if there
exists little or no knowledge about the images, one can attempt to model
the source of degradation and subsequently remove its effects. In essence,
the task of noise removal reduces to an estimation problem. Whatever the
approach, noise filtering is not a trivial process and requires thorough inves-
tigation of image properties and noise statistics. If care is not taken, noise
removal can result in signal removal or loss of vital signal information. Over
the years, numerous techniques have been introduced which deal particu-
larly with noise removal, e.g., [1-3,5-16,18-20]. While these techniques are
effective, they are aimed towards specific applications, and therefore, lack
generality. In addition, no general criteria for evaluating the performance of
a method exist.

The study described in this thesis is aimed towards developing a noise

filtering method which is:

1. Adaptive (because of conceptual simplicity and computational effi-

ciency associated with adaptive filters [14]).



2. Suitable for parallel processing.

3. Able to remove noise from images that are degraded by different levels

of noise.
4. Able to preserve vital signal information, i.e., edges and details.

5. Automated and general, i.e., requires no a priori knowledge of signal

or noise parameters.
6. Able to remove noise completely from highly degraded images.

The main body of this thesis is organized into three logical units. The first
of these, Chapter 2, focuses on theoretical development and implementation
of a noise removal technique that meets the first two of the six requirements.
This technique is called Noise Filtering by use of Local Statistics [10], and
is chosen to be the basis for the methods developed in this work. Initially,
considerations were given to other filtering methods which also deal with
noise removal as an estimation problem. These methods are based on: (1)
frequency domain techniques [6], or (2) application of Kalman filtering algo-
rithm [8], or Bayesian estimation extended to two-dimesional arrays which
lead to the concept of a recursive filtering algorithm [7,10,16]. Because of
the inabilities of these methods to meet the first two requirements, they have
not been pursued any further in this thesis.

In the second part, Chapter 3, the method of Automated Noise Filtering
which is a modified and automated version of NFLS is proposed. Modifica-
tions introduced to the equation of NFLS provide for processing images that
are degraded by different levels of noise (third requirement). Automation of
NFLS on the other hand, enables Automated Noise Filtering to be applied

to arbitrary images. The proposed procedure for automatic estimation of

N



the noise variance allows ANF to preserve vital signal information. Other
filtering techniques which utilize noise removal without loss of signal informa-
tion were considered, e.g., [1,9,10,11,15,19]. However, the method proposed
by Lee [11] is singled out for comparison with ANF since the essence of
Lee’s method is also Noise Filtering by use of Local Statistics. In general,
the method of Automated Noise Filtering outperforms Lee’s method. The
method of Automated Noise Filtering meets all the requirements stated at
the beginning of this Chapter except for the last one.

Finally the third unit, Chapter 4, focuses on the development of an iter-
ative algorithm called the method of Iterative Noise Filtering. This method
meets all the stated requirements. Other filtering techniques which also
utilize iterative algorithms were considered, e.g., [5,13,14]. In this work, per-
formance of the method developed by Lev et al. [13] is compared to that of
Iterative Noise Filtering. The method developed by Lev et al. makes use
of the iterative weighted averaging of the intensities of a pixel’s immediate
neighbors to estimate the true intensity of that pixel. Comparison shows
that INF outperforms this method. This is specially evident when the input
images contain edges with orientations other than 0°,45°,90°, and 135°.

In summary, the underlying theory of the methods of Automated and
Iterative Noise Filtering are both based on Noise Filtering by use of Local
Statistics. The modifications proposed provide for their applications to ar-
bitrary images with different degradation levels. Implementation of each of
the methods of Automated and Iterative Noise Filtering is straight forward,

and is outlined by the computational procedures given in this thesis.



CHAPTER 2

NOISE FILTERING BY USE OF LOCAL
STATISTICS

The noise removal techniques developed in this work have their foun-
dations based on a filtering method called Noise Filtering by use of Local
Statistics [10]. Thus, in this Chapter, attention is focused on the theoretical
development of NFLS as well as its implementation. Consequently, strong
points and shortcomings encountered in employing this method for the pur-

pose of additive noise removal are discovered.

2.1 THEORETICAL DEVELOPMENT

This Section presents the theoretical foundation of Noise Filtering by
use of Local Statistics. First, the underlying assumptions and notations are
introduced, and then the filter equation is derived.

Consider a noisy image array, M x N, wherein a pixel value, 9(z,y), z =
1,2,..,Mandy =1,2,..,N, is modeled as the sum of the true pixel value,

f(z,y), and the additive noise, n(z,y), i.e.,

9(z,y) = f(z,y) + n(z,y) . (2.1)

The objective of the method of NFLS is to estimate f(z,y) based on the

measured value, g(z,y), the local mean



_ 1 z4+n  y+m
g(w’y)=(2n+1)x(2m+1)kz 2 9(ka), (2.2)

=r-—n ¢g=y—m

and variance

1 z+n y+m

Viz,y) = (2n+1)x(2m+1)k2 > lok,9) =gz, 9)*.  (2.3)

=r—n qg=Yy—m

calculated over a (2n + 1) x (2m + 1), m,n = 1,2, ..., image subregion. !
The problem of estimating the true pixel value can be simplified by as-

suming that additive noise has zero mean, i.e.,

En(z,y)] =7(z,y) =0, (2.4)

and is spatially uncorrelated so that:

En(z,y)n(K,L)) = 0 6, 6,1, . (2.5)

The symbol § in Equation 2.5 denotes the Kronecker delta function, E is the
expectation operator, and o2 is the noise variance.

Under these assumptions, it follows from Equation 2.1 that:

Eflg(z,y)] =3(z,y) = E|f(z,9)] = F(z,y) , (2.6)
and
Q(z,y) = E { [f(2,y) = F(2, )] 2}
= E{[s(@.) ~ne,9) = Fav)] )
12n+1)x (2m+1), m,n=1,2,..., image subregion is refered to as window in this work.



= E{lg(=,y) — 9=, ) — n(z, y)*}
= E{lg(z,9) - 5(=,9)]"} + E{[n(z,y))"} -
2E {{g(z,y) — 9(z,y)] n(z,y)}
= E{lg(z,9) - 5(z,9)]'} + E{[n(z, )"} -
2E {[f(z,y) + n(z,y) — (=, y)] n(z,y)}
= E{lg(=,y) - 9=, )’} - 2E { (2, y)n(z, y)} —
2E {[n(=, )]’} + 23(z, ) E {n(z,y)} +
E{[n(z, )’} (2.7)

Furthermore, if noise and signal are uncorrelated

E{f(z,y)n(z,y)} =0, (2.8)

and Equation 2.7 becomes

Qz,v)= E{lg(=,y) - 5(z,9)]'} - E{[n(=,y)]*}
} — 52 (2.9)

]
= E{lg(z,y) — 5z, y))’
=V(z,y) —o%

Now that the basic assumptions and notations have been introduced,
a weighted least-squares estimate of f(z,y), f(:c,y), can be obtained by

considering the criterion function [4]:

_1[[few-Tew)] | [sey) - i)
T=3 { Q(z,y) * o2 } ' (2.10)

The objective to obtain an estimate (f(«, y)) that minimizes T is accom-

plished by considering



dr _ [f@y) = F=y) | [f(z,y) - 9(z, )]
df Q(z,y) o2

which yields

=0 (2.11)

H=y) =F(z,9) + o Uz, y) l9(z,v) = F(z,v)] - (2.12)

(z,y) + 07
Using Equations 2.6 and 2.9, Equation 2.12 becomes

Fe,y) = 7(a,y) + %"— o) -yl (219)

Computational procedure shown in Figure 2.1 illustrates the steps re-
quired in implementation of Noise Filtering by use of Local Statistics. As
illustrated in this figure, implementation of NFLS involves determination of
two parameters (shaded boxes): (1) selection of the size of the image sub-
region, (2n 4+ 1) x (2m + 1), within which local statistics are computed and
(2) determination of the noise variance. The choice of these two parameters

and their effects on the obained results are discussed in the next Section.
2.2 IMPLEMENTATION AND RESULTS

The effects of window size within which local statistics are to be com-
puted, and the value of the additive noise variance on the outcome of the
filtering process were studied experimentally. The study was conducted by
first experimenting with a set of artificially generated images containing re-
gions of uniform intensity degraded by random noise of known characteristics.
Then, experiments were performed on Forward Looking InFrared (FLIR) and

TV images.
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Figure 2.1: Computational Procedure for NFLS.




Window Size.The size of the window which characterizes the neighbor-

hood of each degraded pixel, playes a crucial role in effective implementation
of NFLS. The criteria for choosing the window size are the obtained results,
theoretical considerations, and computational efficiency.

A typical example of the obtained results is the noisy image of Figure 2.2a
that was processed by NFLS using window sizes which ranged from 3 x 3 to
11 x 11 (Figures 2.2b to 2.2f). It is evident by inspection of these results that
selecting a small window size, i.e., 3 x 3 or 5 x 5, introduces no significant
improvement over the noisy input image. This observation can be confirmed
theoretically since the choice of a small window size causes g(z, y) ~ g(z,y)
and f(ac,y) ~ g(z,y), Equation 2.13.

On the other hand, by choosing a very large window size, pixels which
belong to different regions of the input image will be assigned to the same
neighborhood. Processing the regions within large windows therefore, smears
the present edges and blurrs the output image. It was found based on ex-
perimental evidence that window sizes 7 x 7 and 9 x 9 are the most effective
for the classes of images under investigation, Figures 2.2d and 2.2e. Since
implementation with a 9 x 9 window is computationally less efficient, a 7 x 7
window is chosen as the best compromise, i.e., m = n = 3. These findings are
in agreement with Lee [10] who reported best results with the same window
size.

Additive Noise Variance.Determining the value of the additive noise

variance, o?

, 15 an important factor in effective implementation of NFLS.
The criteria for determining a value for ¢? is similar to that of choosing
the window size, with the exception that neither a correct nor an incorrect

estimate will have any effect on the computational efficiency of the method.



: o ont TG L)

iy i g B0
‘ A = g

te) 9 Lo 11311

Figure 2.2: Effect of Window Size on the Outcome of NFLS (noise variance

is known to be 2500).
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The artificial image shown in Figure 2.3a was contaminated by random
noise of known characteristics and then processed by NFLS using: (1) the
actual value of 02, Figure 2.3b, (2) a value which was considerably less than
the actual value of ¢, Figure 2.3c and (3) a value which was considerably
greater than the actual value of 02, Figure 2.3d. It is evident by inspection of
these results that the choice of a noise variance significantly smaller than its
real value results in ineffective filtering. This conclusion is confirmed theoret-
ically by considering Equation 2.13, since as 02 — (0 = f(:c, y) — g(z,vy).
On the other hand, very large values of 62 will cause image blurring. Theory

also shows that as 0 — V(z,y) = f(z,y) — 3(z,y), Equation 2.13.

For the real images ? under consideration, characteristics of the imaging
device were not available, and therefore, values of the additive noise variance
had to be determined experimentally. Initially, extreme values for o2 were
considered. Typically, 02 __ = 500.0 was chosen as the upper bound of the
range of values for ¢, and o2, = 25.0 as the lower bound. Then, values
within the range [02;,,02 . ] were tested by incrementing/decrementing the
extreme values. It was found that values of 0% = 100.0 and ¢? = 150.0 were
the best estimates of the additive noise variance for the FLIR images under
consideration. The effect of noise variance on the obtained results are shown
in Figure 2.4. It is seen that underestimates of o2 resulted in very little
change, while overestimates introduced undesirable changes in the image.
The best result is obtained for 02 = 125.0, Figure 2.4d.

While results obtained by using Equation 2.13 are generally satisfactory,

there are definite shortcomings in applying NFLS to the classes of images

under investigation. These deficiencies limit the ability of NFLS to process

2Term real images refers to FLIR and TV images throughout this document.
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Figure 2.3: Effect of Noise Variance on the Outcome of NFLS (window size

of 7 x 7 is used).



Figure 2.4: Effect of Noise Variance on the Outcome of NFLS (window size
of 7x 7 is used).
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images with regions of semi-uniform 2 or uniform intensity. Furthermore,

NFLS can not be applied to arbitrary images due to the fact that a priori
knowledge of o? is required. Finally, since estimating the true pixel value of
a degraded pixel is based on its neighbors (within a 7 x 7 window), NFLS
is not capable of processing the boundary pixels . Appropriate modifica-
tions of Equation 2.13 as well as its automation, which will overcome these

drawbacks, are proposed in Chapter 3.

3Regions where intensities of the pixels have a maximum variation of 2.

“Boundary pixels are those that lie at image boundaries, and thus, do not have adequate

number of neighbors within a given window.
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CHAPTER 3

AUTOMATED NOISE FILTERING

The method of Noise Filtering by use of Local Statistics, described in

Chapter 2, is not capable of processing:

1. Images that contain regions of semi-uniform or uniform intensity.

2. Arbitrary images ~ since a priori knowledge of noise variance, o2, is

required.

3. Pixels lying along the boundaries of the degraded image.

The method of Automated Noise Filtering [18] is developed to overcome

these shortcomings, and is discussed in detail in this Chapter.

3.1 MODIFICATION OF NFLS

Application of Noise Filtering by use of Local Statistics to images which
contain regions of uniform or semi-uniform intensity result in two types of
problems.

Problem 1: From Equation 2.13 it follows that V(z,y) = 0 causes divi-
sion by zero and breaks the computational procedure. This particular prob-
lem is encountered when processing subregions of uniform intensity which
are noise free, such as, a 7 x 7 subregion of the encircled region in Figure 3.1.

This region has the following intensities:

15



Figure 3.1: Image Containing Regions of Uniform Intensity.
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The local mean in this case is g(z, y) = 1 and the local variance is V(z,y) = 0.

Solution 1: The following modification:

e )+ L= 0,0 — e, )] 8 Viz,u) # 0

fle,y) = (3.1)

9(z,y) if V(z,y)=0

overcomes the described problem.

Problem 2: If the local variance computed from the original image is
V(z,y) < ¢%, Q(z,y) in Equation 2.9, which represents the variance of
f(z,y), becomes negative. This problem is encountered when processing
subregions of semi-uniform intensity embedded within a noisy image. An
example of a noisy image which contains regions of semi-uniform intensity is
shown in Figure 3.2a. A 7 x 7 subregion of the encircled region in this figure

has the following intensities:

17



@ ORIGINAL IMAGE

Figure 3.2: Noisy Image Containing Regions of Semi-Uniform Intensity.
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The local mean is g(z,y) = 254.43 and the local variance is V(z,y) = 0.245.

Substitution of 6 = 105 (which has been found to be a suitable value for
noise variance in this case) in Equation 2.13 gives an estimate of f(:v, y) =11.
Clearly, this is not the desired intensity and application of Equation 2.13 has
resulted in signal removal instead of noise removal. The effects of these
undesired estimates are observed in Figure 3.2b.

Solution 2:Modification

e 9) + L= o (2,0) - 5(e, )] € V(w,9) 2 o

flz,y) = (3.2)

9(z,y) if V(z,y) < o?

guardes against this problem.

Final Solution:Combination of Equations 3.1 and 3.2 results in

19



7 y) + A= (0,0) ~ 3o, )] # Vi(z,) 2 o
f(a:, y) = 9(z,y) if V(z,y)=0 (3.3)
9(z,y) if V(z,y) < o2

The rationale behind these modifications is that a pixel in a region of uni-
form or semi-uniform intensity should retain its original value while the new
estimate is appropriate in cases when an image subregion is degraded by
noise. Equation 3.3 provides for successful processing of both FLIR and TV

images, i.e., images which are degraded by high and low levels of noise.

3.2 AUTOMATION OF NFLS

As described in Section 2.2, implementation of NFLS requires a priori
knowledge about o2. While the results obtained by using appropriate values
of ¢? are generally satisfactory, the applicability of the algorithm is limited
to images with known properties.

A procedure for automatic determination of additive noise variance, which
allows Automated Noise Filtering to be applied to arbitrary images is pro-
posed. The proposed procedure is developed under the premise that at least
K% of an image corresponds to regions of uniform intensity. Local variances
obtained from regions of uniform intensity are the smallest variances, and
are good estimates of the noise variance.

The proposed procedure consists of three steps as follows:
Step 1: Calculate local means and variances for each pixel g(z,y) of the

degraded image using Equations 2.2 and 2.3, respectively. As described in



Section 2.2, the size of the window, within which local statistics are com-

puted, is chosen to be 7x 7,i.e., m =n = 3.

Step 2: Find K% of the smallest local variances, V(z,y). Generally, the
choice of K is related to the choice of the window size. For the classes of
images under consideration and a window size of 7 x 7, K is chosen to be 5.

Step 3: Choose the noise variance, o2, as follows:

o? = —J—NXAgmvar(i) (3.4)
NXMX TO i=1 ‘

where:

Var(7) : Local variances arranged in ascending order.

M x N : Dimensions of the noisy image.

Experimental results have shown that a sample size of K=5% was a good
compromise in the case where a 7 x 7 window size was chosen. The choice
of a smaller sample size of the smallest local variances, e.g., 1%, results in
underestimation of ¢? and as a result no noise is removed. On the other
hand, if the sample size is too large, e.g., 25%, the value of o2 is likely to be
overestimated which results in: (1) image blurring - since ¢? ~ V(z,y) in
regions of the image where there is an edge present, and therefore, f(z, y) =~
g(z,y) (Equation 3.3), or (2) no noise removal — since f(:r,y) ~ g(z,y)
(Equation 3.3).

The computational procedure for this method of Automated Noise Fil-
tering is shown in Figure 3.3. An evaluation of its performance is discussed

in Section 3.4.
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Figure 3.3: Computational Procedure for Automated Noise Filtering.



3.3 PROCESSING OF BOUNDARY PIXELS

Frequently in image processing, the objective is to generate an output
image whose elements fo(¢,j), 7,7 = 1,2, ...,N, are obtained by manipulating
the pixels lying within a (2n + 1) x (2m + 1) neighborhood centered at pixel
f1(z,7) of the input image array (Figure 3.4). Difficulties arise when the
(2n 4+ 1) x (2m + 1) neighborhood is centered at a pixel which lies in rows
1 thru n or (N —n + 1) thru N or columns 1 thru m or (N —m + 1) thru
N. In these cases windows fall beyond the boundaries of f;, and therefore,
particular pixels do not have complete neighborhoods, Figure 3.5.

In this work, the method of pixel reflection is utilized to generate appro-
priate neighbors for pixels lying at image boundaries. Accordingly, fi(i,5 —
1), the neighbor of pixel fi(7,7) (Figure 3.6), is generated as fi(i,j — 1) =
f1(6,3+1). Similarly, f1(i—1,7) = fi(i+1,7), fr(i—1,5+1) = fi(i-+1,5+1).
A neighborhood of a pixel generated in this way is a good estimate of an ex-
tension of regions having uniform intensities or textural propertics which are
likely to appear at image boundaries.

In general when using a (2n+1) x (2m+1) window, in order for all pixels
of the original N x N image ! to have an adequate number of neighbors, Figure

3.7, 1t 1s necessary to:

1. Reflect m rows around the first row, such that:

fI(_L,]):fI(Z+17J) (35)

'Dimensions of N x N are chosen for ease of derivation. Original image can just as well be

M x N, where M # N.
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Figure 3.4: fi(¢, ) and its Neighborhood for m = n = 1.
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Figure 3.5: A 3 x 3 Window Falling Beyond the Boundaries of an N x N
Image, f;.
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Figure 3.6: Generation of Neighbors for f;(z, 7).
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forevery: = 1,2,....m

let ;7 = 1,2,...,.N

2. Reflect m rows around the last row, such that:

SN+ +1,5) = fi(N -4, )

forevery: = 1,2,...,m

let j = 1,2,.,N

3. Reflect m columns around the first column, so that:

fi(t,=j) = f1(4,5 + 1)

forevery: = -m,...,—-2,-1,1,2,... N4+ m+1

let;j = 1,2,...,m

4. Reflect m columns around the last column, such that:

fi(i,N+7+1) = f1(;,N — j)

forevery: = -m,...,—2,-1,1,2, .. N+m+1

let 7 = 1,2,...,m

(3.6)

(3.7)

(3.8)

Examples shown in Figures 3.8 and 3.9 illustrate the described procedure.



99 114 93 104 90
110 98 105 122 74
79 81 124 106 9%
93 104 115 113 69
101 82 119 78 117

Figure 3.8: A 5 x 5 Digital Image.

98 110 98 105 122 74 122
11/ 99 114 93 104 90 104
98 110 98 105 122 74 129
81 79 81 124 106 94 106
104 93 104 115 113 69 113
82 101 82 119 78 117 78
104 98 104 115 113 69 113

Figure 3.9: Result of applying pixel reflection to the image of Figure 3.8,
for m = n = 1. Bold numbers represent original pixel values, while italic

numbers represent extended pixel values.
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3.4 PERFORMANCE EVALUATION OF ANF

The method of Automated Noise Filtering has been tested on numerous
images. In addition, performance of ANF has been compared to an alterna-
tive noise removal technique developed by Lee [11]. The comparison is based

on:

1. The ability to remove noise without destroying vital signal information

when applied to:

(a) An artificial image specially generated to illustrate how and when

either of the two methods is effective.

(b) FLIR and TV images.

2. Computational efficiency.

The essence of Lee’s method is also Noise Filtering by Use of Local Statis-
tics. Lee estimates noise variance for each pixel g(z, y) separately by aver-
aging the five smallest variances associated with pixels in a 7 x 7 window
centered at g(z,y). Then, edge preservation is employed by redefining the
neighborhood (where the local statistics are computed) of a pixel near the
regions where the degraded image shows abrupt changes (these changes are
detected by an edge detection method [17]). Redefining the neighborhood of
a pixel occurs only when the corresponding local variance computed from its

7 x T neighborhood is greater than some arbitrarily chosen threshold variance

(TVAR).




3.4.1 Ability to Remove Noise and Preserve Vital Signal Infor-

mation

Processing an Artificial Image. Implementation of Automated Noise Fil-

tering, Figure 3.3, is straight forward. It does not require a priori knowledge
about any parameter or any particular conditions regarding the image prop-
erties. On the other hand, as it will be illustrated, Lee’s algorithm requires:
(1) a priori knowledge about the threshold variance, and (2) that there exists
no more than one edge within the 7 x 7 region of the degraded image. If
either one of these requirements is not met, this technique will fail to produce
the desired results, i.e., remove noise and preserve edges.

The artificial image shown in Figure 3.10a was generated to illustrate
the effects of threshold variance on the obtained results. In this example, no
more than one edge occurs in each 7 x 7 window. In addition, the exact value
of the desired threshold variance is known (TVAR = 2984.69). Using these
ideal conditions, the best possible result (Figure 3.10b) has been generated.
However, such conditions are rarely met when dealing with real images. A
more realistic result that is likely to be obtained by Lee’s technique is shown
in Figure 3.10d, where a threshold value of TVAR = 800 was chosen. In this
case, underestimation of TVAR has caused notable changes in the resulting
image. In essence, underestimation of TVAR causes neighborhoods to be
redefined unnecessarily. On the other hand, overestimation of this parameter
allows only a limited number of neighborhoods to be redefined, making this
method equivalent to NFLS. The result obtained by using ANF is shown in
Figure 3.10c.

In conclusion Lee’s method has the potential to perform very well only

when the ideal conditions are met. Under realistic conditions ANF performs
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BILEE’S METHOD
(TVAR=2984.69)

(c) RESULT OF ANF (A)LEE’S METHOD
(TVYAR=800.0)

Figure 3.10: Comparison of Obtained Results.
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https://TVAR=2984.63

consistantly, and on the average outperforms Lee’s algorithm. Typical results

are shown in Figure 3.11.

Processing Real Images. Images shown in Figure 3.12 show the abil-

ity of the two methods to preserve edges and details. As illustrated in these
images, the method of Automated Noise Filtering proved to be very success-
ful in preserving edges and small detail. On the other hand, application of
Lee’s algorithm resulted in edge blurring and loss of detail despite of the fact
that variance distribution graphs such as the one shown in Figure 3.13 were

used to help choose a reasonable value for threshold variance.

Edge blurring caused by Lee’s method can be explained by the fact that
the noise variance is computed for each pixel by averaging the five smallest
local variances corresponding to that pixel and its neighbors (withina 7x 7
window). Consequently, 0 at coordinates (z,y) is very close to the pixel
variance at those coordinates. From Equation 2.13 it is seen that as o2 —»
V(z,y) = f(x,y) — g(z,y). Automated Noise Filtering avoids edge
blurring by choosing a ¢? which is significantly smaller than the variance in
the regions where an edge is present.

ANF can also be used to process images that are noise free, eg., TV
images. Presence of regions of uniform intensity in such images helps this
method to estimate a very low value for ¢ ,and therefore, generate a resul-
tant image which is very close to the original one. It is also evident from
Equation 3.3, that as 0? — 0 = f(:c,y) — g(z,y). On the other hand,
due to the blurring caused by Lee’s technique, processing of TV images by
this method introduces undesirable changes in them. Illustrations of such

effects are shown in Figure 3.14.




@) CRIGIHAL IMAGE

Figure 3.11: Comparison of Obtained Results.

33




Figure 3.12: Edge Preservation Ability.
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Figure 3.14: Processing Images with Uniform Regions.
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3.4.2 Computational Efficiency

The method of Automated Noise Filtering is computationally more efficient

than Lee’s algorithm because of the following:

1. While both methods compute all the local variances, Lee’s technique

requires their modification afterwards.

2. Lee’s algorithm computes a noise variance corresponding to each pixel.
In contrast, ANF calculates o2 only once and it remains constant for

the whole image.

Eventhough results obtained by applying ANF to degraded images are
satisfactory, presence of noise can still be detected visually in some of the
output images. Since it is desired to remove the additive noise completely
from the original image, the need for further removal of noise has brought
about the idea of developing an iterative filter as an extension to ANF.

Derivation of an iterative filter is the subject of Chapter 4.
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CHAPTER 4

ITERATIVE NOISE FILTERING

Automated Noise Filtering does not remove the additive noise completely
in cases where images are degraded by high levels of noise. In order to satisfy
the criterion of complete removal of noise, described in Chapter 1, the method
of Iterative Noise Filtering is proposed in this work. This iterative algorithm
and its performance are discussed in detail in this Chapter.

In general, development of an iterative filter as an extension to Auto-

mated Noise Filtering, requires:

1. Formulation of the iterative process.

2. Development of a method for selection of the window size within which

the local statistics are calculated during each iteration.

3. Development of the procedure for automatic estimation of the additive

noise variance during each iteration.

4. Establishment of a criterion that terminates the iterative process au-

tomatically.

Formulation of the iterative process, and considerations given to the se-
lection of the window size are presented in Section 4.1. Development of the
procedure for automatic estimation of the additive noise variance as well as
establishment of the criterion for automatic termination of the iterative pro-
cess, because of their crucial role in the method of Iterative Noise Filtering,

are discussed separately in Sections 4.2 and 4.3 respectively.
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4.1 FORMULATION OF INF AND CHOICE OF WINDOW
SIZE

Formulation of the iterative process is fairly straightforward, and can be

achieved by introducing iterative notation into Equation 3.3, i.e.,

( Voi(z,y) — 02, 12 _
T (@) + === (o (3,9) = Ga (2, )
falz,y) = 4 if Vo-r(2,9) 2 04y (4.1)

fam1(2,v) if Vo-1(2,9) =0
| L fq—l(x’ y) if V:z—l(x’ y) < 0'2-1
i where:
qg = 1,2,3,... : Number of iteration.
‘ Filz,y) : Output of the iterative filter after (k-1)

: iterations.

i folz,y) = g(z,y) : Original noisy image.

g.(z,y) and Vi(z,y) : Local mean and variance calculated from

i Fe(z,y) within a [(2n + 1) x (2m + 1)),
window in the (k + 1)* iteration.

o} : Additive noise variance in the (k + 1)

: iteration.

It is seen from Equation 4.1 that in the first iteration, i.e., ¢ = 1, equation of
Iterative Noise Filtering becomes identical to that of ANF. In the subsequent
iterations, output image of the (¢ — 1) iteration becomes the input image

in the ¢** iteration.

39




The next step in formulating INF is to consider the choice of the window
size within which the local statistics are computed during each iteration.
Since the first iteration of the iterative process is intended to be identical
to the method of Automated Noise Filtering, a 7 x 7 window size is used.
Experimental results showed that if the window size is not decreased on the
second iteration or thereafter, edges and small details contained in input
images can no longer be preserved. Local statistics are therefore computed

over a [(2n + 1) x (2m + 1)], window in the ¢** iteration, such that:

Tx7ifqg =1
[(2n + 1) x (2m + 1)], = ? (4.2)
3x3ifqg > 1

This choice is based on experimental results as well as considerations regard-

ing the computational complexity.
4.2 ADDITIVE NOISE VARIANCE ESTIMATION IN INF

Asin Automated Noise Filtering, estimation of the additive noise variance
is the most crucial step in the iterative filtering process. Underestimation
or overestimation of this parameter can result in no noise removal or image
blurring, respectively. Furthermore, the negative effects of determining an
incorrect value for noise variance magnify (during each iteration) in an iter-
ative process, resulting in undesirable changes in the final output. Keeping
this in mind, based on theoretical considerations and experimental evidence,
the following procedure for automatic estimation of the additive noise vari-

ance in iterative filtering is proposed.
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Analogous to ANF, in the first iteration, the noise variance is estimated

by averaging K% (K = 5, refer to Section 3.2) of the smallest local variances

(calculated within a 7 x 7 window), i.e., in iterative notation

Nx Mx 135
ol — Varo(z 4.3)
i} NXMXT“?D- ; 0() (

where:

Varo(z) : Local variances (Vo(z,y)) arranged in ascending order.
F : Additive noise variance in the first iteration.

M x N : Dimensions of the noisy image.

In the second iteration, noise variance is estimated in a different manner.
This is necessary since the local variances calculated within a 3 x 3 window,
correspond to smaller variations than those calculated within a 7 x 7 win-
dow. Furthermore, the input image in the second iteration, fl(m, ¥), contains
significantly smaller amount of noise than on(:1:, y). Consequently, in the sec-
ond iteration there exists an overall drop in the values of the local variances
computed from the input image, causing the percentage of the smallest local
variances corresponding to uniform regions to increase at this step. Thus,
a different method of obtaining the smallest local variances which represent
regions of uniform intensity is required. In this work the noise variance
obtained from the first iteration, o2, is chosen to be the upper limit of lo-
cal variances to be considered (in the second iteration) when determining

2

o2, Local variances smaller than og are averaged to give the additive noise

variance used in the second iteration, i.e.,

0’12 = m Z Varl(i) (44)

41




where:

Vary(z) : Local variances (Vi(z,y)) arranged in ascending order.
o? : Additive noise variance in the second iteration.

[ : Smallest number for which Var,(I) = o2.

The same procedure for automatic determination of noise variance is
followed in the subsequent iterations. For example in the fourth iteration,
noise variance (03) is estimated by averaging those local variances that are
found to be less than the noise variance obtained in the third iteration (o2).
Consequently, after the first iteration the additive noise variance is estimated

as

o) = —1 Z Vary(¢) (4.5)

Varg(i) : Local variances (Vi(z,y)) arranged in ascending order.
o} : Additive noise variance in the (k + 1)* iteration.

l : Smallest number for which Vary(l) = o?_,.

As will be proven in the following Section, the noise variance estimated in
this way is ensured to decrease consistently during each consecutive iteration,
ie., 0f <o <...< 02 < o Intuitively, a decrease in the value of noise

variance is an indicator of noise removal during each iteration.



4.3 AUTOMATIC TERMINATION OF INF

This criterion for automatic termination of the iterative process is devel-

oped based on:

Theorem 4.3.1 The noise variance estimated in Iterative Noise Filtering

decreases consistently during each consecutive iteration, and

lim 02 = 0.
g—oo 1

Proof:
In the k** iteration largest local variance corresponding to regions of uni-
form intensity, Vary(l), is set equal to the noise variance obtained from the

previous iteration, that s

Vari(l) = 0}_, (4.6)

Where:
Var(z) : Local variances computed from the M x N input

image and arranged in ascending order so that
Vary(0) < Varg(1) < ... < Varg(M x N).

The noise variance in this iteration is obtained by Equation 4.5, i.e.,

-1
o? = z_li S Var(s). (4.7)
- =1

It follows from Equation 4.7 that

of < Vary(l-1). (4.8)

Furthermore,




Vark(l - 1) < Vark(l). (49)

It follows from Equations 4.8 and 4.9 that

o} < Vary(l). (4.10)

Finally, by considering Equations 4.6 and 4.10 it is seen that

ol <ol (4.11)
and therefore
lim o7 = 0. (4.12)

Theorem 4.3.1 and the graph shown in Figure 4.1, prove that regardless
of how noisy the image is in the first iteration, the noise variance estimated
during each iteration approaches zero as the number of iterations increases.
It is also evident by inspection of Equation 4.1 that as noise variance ap-
proaches zero, the output image ( fi(z,y) ) becomes identical to the input
image ( fk_l(m,y)). As a consequence of Theorem 4.3.1 and Equation 4.1,
the iterative process of the method of Iterative Noise Filtering is convergent.

The iterative process is thus terminted automatically only when the out-
put image in the k' iteration is identical to the input image in that iteration.
Computational procedure shown in Figure 4.2 illustrates the steps involved

in the method of Iterative Noise Filtering.
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Figure 4.1: Behavior of Noise Variance vs. Number of Iteration.
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Figure 4.2: Computational Procedure for Iterative Noise Filtering.
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Figure 4.2: Continued.
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4.4 PERFORMANCE EVALUATION OF INF

The method of Iterative Noise Filtering has been tested on numerous
images. In addition, its performance has been compared to an alternative
technique of additive noise removal, called Iterative Enhancement of Noisy

Images (IENI) [13]. These two methods are evaluated based on:

1. The ability to remove noise without destroying vital signal information

when applied to:

(a) An artificial image specially generated to illustrate how and when

either of the two methods is effective.

(b) FLIR and TV images.

2. Computational efficiency.

The method of IENI assumes that the images under consideration are
approximately piecewise constant, and estimates a neighbor-weighted aver-
age for each pixel centered within a 3 x 3vneighborhood of the noisy image.
The iterative application of this method, described by Equation 4.13, com-
pensates for the small size of the neighborhood within which the averaging

takes place, and causes further removal of noise,

F96,5) = 3230 DY, v) ) (u,v) (4.13)
where:
f®)(E,5) : Estimated gray level of point (i,7) at kt* iteration.
fO(,5) : Originally observed gray level of (1,7)-
D®(u,v) : Nonnegative weights that sum to 1 at & iteration.

(u,v) : Neighbors of (¢, j) within a 3 x 3 window.
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An obvious shortcoming of the method of IENI is the fact that, unlike Iter-
ative Noise Filtering, the iterative process is not terminated automatically,
instead, it is done by visually inspecting the results at the end of each iter-
ation.

Lev et al. [13] consider two methods of constructing the weights D®*)(u, v).
They report that the first method called the Edge and Line Weights, yields
poor results, thus, this method is not used in this work. The second method,
called the Contrast-Sensitive Weights, computes the final weight, D) (u, v),
as a product of four intermediate weight patterns D,(k), 0 <1 < 3, each
corresponding to one of the directions 0°,45°,90°, and 135°. The comparison
between Iterative Noise Filtering and IENTI is performed by using Contrast-
Sensitive Weights.

4.4.1 Ability to Remove Noise and Preserve Vital Signal Infor-

mation

Processing an Artificial Image. The method of Iterative Noise Filtering

has the ability to preserve edges and small details in the input image. This
ability is due to estimating a value for o7 that is significantly smaller than
the local variances computed in the regions where an edge is present. The
method of IENI, on the other hand, preserves only those edges that can
be modeled by the intermediate weight patterns. Thus, any edge with an
orientation other than those modeled by ka) is blurred.

To illustrate this, the artificial image of Figure 4.3a was generated. A
3 x 3 subregion within the encircled region of this image has the following

intensities:
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It is evident that there is a vertical edge present in this subregion. The final

weight pattern, D(!)(u,v), corresponding to this subregion is computed as:

0.31 2.2x 10711 | 7.5 x 1072
2.9 x 10°8 0.11 1.7 x 10730
0.57 3.5%x10°% | 8.2 x 1022

As illustrated by the pattern of these weights, pixels that do not belong to
the same neighborhood as the center pixel (45) are rightfully weighted less

than those that do.

Consider another 3 x 3 subregion of the same encircled region of Fig-

ure 4.3a :

92| 81 | 47
53 | 165 | 194
45 | 135 | 142

It is obvious that there is a corner edge present in this subregion. The

computed weight pattern for this particular subregion is

ol




As the pattern of weights show, the top right pixel in the given subregion
(47), that does not belong to the edge, is weighted more than the two edge
pixels (135) and (194). This distribution of weights causes a tremendous
drop in the value of the center pixel (from 165 to 62), and therefore, destroys
the edge which was present in the subregion.

In contrast, Iterative Noise Filtering takes in the 7 x 7 neighborhood of

the pixel from which the noise is to be removed (165), namely

33 |70 | 55| 24 | 87 | 60 | 61
30 {19 (40| 41 | 57 | 77 | 43
45 (60192 81 | 47 | 49 | 72
20 {57 |53 | 165|194 | 173 | 170
113 148 | 45| 135 | 142 | 133 | 178
47 132 | 45| 128 | 148 | 165 | 136
19 |31 |53 | 164|153 | 152 | 142

and computes a local mean of g(z,y) = 85.4 (Equation 2.2), a local variance
of V(z,y) = 2759.4 (Equation 2.3), and estimates the additive noise variance
for the encircled region of Figure 4.3a to be 6 = 227.0 (Equation 4.5). Thisis
significantly less than the value computed for the local variance. Substitution

of all these values in Equation 4.1 yields an estimate of fl(:v,y) = 138 for



the center pixel and thus the existing edge is preserved.

Images of Figures 4.3b and 4.3c are the results obtained after ten itera-
tions of the methods of IENT and Iterative Noise Filtering, respectively. Note
that because of the problems discussed, corners of the squares in Figure 4.3b
are destroyed. Tables 4.1 and 4.2 show how much noise was removed by
each method as well as the maximum values by which a pixel intensity was
increased or decreased at the end of each iteration. Signs of instability are
apparent for the method of IENI when looking at the numbers of Table 4.2.
On the other hand, it is evident from Table 4.1 that noise is removed consis-
tantly by the method of Iterative Noise Filtering during each iteration (the
amount of removed noise decreases as the number of iterations increases)
untill the tenth iteration when the process finally stops.

Processing Real Images. The ability of the methods INF and IENI

to preserve edges was further tested on real images. The image shown in
Figure 4.4a is an example of a FLIR image which contains delicate edges
(represented by branches of the tree) as well as small details embedded in a
region of constant intensity (represented by objects appearing on the road).
Result of applying Iterative Noise Filtering to this image, Figure 4.4b, is
generated after eight iterations (when the iterative process is terminated
automatically), while noise is removed completely leaving the edges and de-
tails contained in the input image unchanged. Application of IENI however,
has caused severe damage to the input image after only five iterations, Fig-
ure 4.4c.

Image of Figure 4.5a is an example of another FLIR image. It is obvious
by inspection that this image is degraded by very low levels of noise. As a
result process of Iterative Noise Filtering stopped after only four iterations

giving the result shown in Figure 4.5b. Method of IENI has also produced a
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Table 4.1: Data Obtained by Applying INF to the Image in Figure 4.3a.

% of pixels Max. 1nt<.an31ty Max. intfansxty
Iteration Es;i(r)ril:ét ed f?cfir}sewgvl;csh pix:lz iv;t:l;::};sed pixetig (vifclzlr(;};sed
number | variance removed in value in value
1 252.5 87.46 41 50
2 102.5 53.29 26 25
3 44.52 37.52 17 17
4 21.57 26.16 12 12
) 11.46 17.74 9 9
6 6.05 9.29 6 6
7 3.50 7.81 5 5
8 1.60 1.44 3 3
9 0.94 1.42 2 9
10 0.00 0.00 0 0
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Table 4.2: Data Obtained by Applying IENI to the Image in Figure 4.3a.

% of pixels from

Max. 1ntensity by

Max. intensity by

Iteration which noise which pixels which pixels
number was removed | increased in value decreased in value

1 97.09 69 103

2 95.49 78 86

3 93.49 50 72

4 90.11 51 54

5 84.54 68 60

6 78.05 56 47

7 69.74 32 52

8 61.78 41 41

9 53.63 37 35

10 46.86 42 44
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Figure 4.4: A FLIR Image Processed by both Methods.
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Figure 4.5: A FLIR Image Processed by both Methods.
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satisfactory result after four iterations, Figure 4.5c.

The TV image of Figure 4.6a is also degraded by very low levels of noise.
Iterative Noise Filtering was applied to this image producing the image of
Figure 4.6b after three iterations. Process of IENI was stopped manually
after three iterations leaving the image shown in Figure 4.6c. Note that
edges of the dark objects are blurred in this image, whereas, the image of

Figure 4.6b is almost identical to the original image.

4.4.2 Computational Efficiency

The method of Iterative Noise Filtering is computationally more efficient

than IENI because:

1. The number of pixels processed by Iterative Noise Filtering decreases
consistantly after each iteration. The method of IENI on the other

hand, processes every pixel during each iteration.

2. In the process of noise removal, the method of IENI generates a series
of very small real numbers which not only take a long time to be manip-
ulated, but they also occupy a huge amount of the computer memory.
Iterative Noise Filtering, on the other hand, only uses integer values

which makes it fast and efficient.

In conclusion, Iterative Noise Filtering is a fully automated method which
processes input images without requiring any a priori knowledge about the
signal or the noise parameters. Furthermore, it terminates the iterative pro-
cess automatically upon complete removal of noise. On the other hand, the
method of Iterative Enhancement of Noisy Images does not terminate auto-

matically, instead, the decision of when to terminate the process is done by
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Figure 4.6: A TV Image Processed by both Methods.
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visual inspection of the results. Iterative Noise Filtering preserves edges and

small details without the use of any edge detection methods, and finally, it
is computationally more efficient in comparison with the method of Iterative

Enhancement of Noisy Images.
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CHAPTER 5

CONCLUSIONS

As discussed in Chapter 1, the study described in this thesis is aimed

towards developing a noise filtering technique which is:

1. Adaptive (because of conceptual simplicity and computational effi-

ciency associated with adaptive filters [14]).
2. Suited for parallel processing.

3. Able to remove noise from images that are degraded by different levels

of noise.
4. Able to preserve vital signal information, i.e., edges and details.

5. Automated and general, i.e., requires no a priori knowledge of signal

or noise parameters.
6. Able to remove noise completely from highly degraded images.

The method of Noise Filtering by use of Local Statistics is investigated
theoretically, and experimentally in Chapter 2. The advantages of this
method are: (1) adaptivity, and (2) readiness for parallel processing. The
disadvantages of NFLS are: (1) signal removal while processing images con-
taining regions of uniform or semi-uniform intensity, and (2) requirement of
a priori knowledge of additive noise variance.

The method of Automated Noise Filtering is developed and discussed in

detail in Chapter 3. This method is the modified and automated version
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of NFLS. Therefore, in addition to possessing all the advantages of NFLS,
ANF also overcomes its shortcomings. ANF is capable of preserving the
fine detail and edges embedded in the degraded image. An evaluation of
the performance of ANF and a comparison of this method to an alternative
technique of noise removal proves its effectiveness. The method of Automated
Noise Filtering meets all the requirements stated at the beginning of this
chapter. However, when dealing with highly degraded images, ANF lacks
the ability to remove the additive noise completely.

Iterative Noise Filtering is thus developed in Chapter 4 to satisfy the
last requirement. INF is an extension to Automated Noise Filtering, and
1t removes additive noise completely from the input images (regardless of
the level of degradation), while preserving the vital signal information. The
iterative process terminates automatically after the additive noise is entirely
removed. Performance of INF is compared to an alternative iterative method.
The obtained results and computational efficiency were the deciding factors

in choosing INF as the more effective method.
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