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Intensity Transformations
and Spatial Filtering

It makes all the difference whether one sees darkness
through the light or brightness through the shadows.
David Lindsay

Preview

The term spatial domain refers to the image plane itself, and image process-
ing methods in this category are based on direct manipulation of pixels in
an image. This is in contrast to image processing in a transform domain
which, as introduced in Section 2.6.7 and discussed in more detail in
Chapter 4, involves first transforming an image into the transform domain,
doing the processing there, and obtaining the inverse transform to bring the
results back into the spatial domain. Two principal categories of spatial pro-
cessing are intensity transformations and spatial filtering. As you will learn
in this chapter, intensity transformations operate on single pixels of an
image, principally for the purpose of contrast manipulation and image
thresholding. Spatial filtering deals with performing operations, such as
image sharpening, by working in a neighborhood of every pixel in an image.
In the sections that follow, we discuss a number of “classical” techniques for
intensity transformations and spatial filtering. We also discuss in some de-
tail fuzzy techniques that allow us to incorporate imprecise, knowledge-
based information in the formulation of intensity transformations and
spatial filtering algorithms.




m Background

3.1.] The Basics of Intensity Transformations and Spatial Filtering

All the image processing techniques discussed in this section are implemented
in the spatial domain, which we know from the discussion in Section 2.4.2 is
simply the plane containing the pixels of an image. As noted in Section 2.6.7,
spatial domain techniques operate directly on the pixels of an image as op-
posed, for example, to the frequency domain (the topic of Chapter 4) in which
operations are performed on the Fourier transform of an image, rather than on
the image itself. As you will learn in progressing through the book, some image
processing tasks are easier or more meaningful to implement in the spatial do-
main while others are best suited for other approaches. Generally, spatial do-
main techniques are more efficient computationally and require less processing
resources to implement.

The spatial domain processes we discuss in this chapter can be denoted by
the expression

8(x,y) =T[f(x y)] (3.1-1)

where f(x, y) is the input image, g(x, y) is the output image, and 7 is an oper-
ator on f defined over a neighborhood of point (x, y). The operator can apply
to a single image (our principal focus in this chapter) or to a set of images, such
as performing the pixel-by-pixel sum of a sequence of images for noise reduc-
tion, as discussed in Section 2.6.3. Figure 3.1 shows the basic implementation
of Eq. (3.1-1) on a single image. The point (x, y) shown is an arbitrary location
in the image, and the small region shown containing the point is a neighbor-
hood of (x, y), as explained in Section 2.6.5. Typically, the neighborhood is rec-
tangular, centered on (x, y), and much smaller in size than the image.

Origin
~ ,
— (x,)
3 X 3 neighborhood of (x, y)
S
Image f
Spatial domain
x

3.1 = Background
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Other neighborhood
shapes, such as digital
approximations to cir-
cles, are used sometimes,
but rectangular shapes
are by far the most
prevalent because they
are much easier to imple-
ment computationally.

FIGURE 3.1

A3 X3
neighborhood
about a point
(x,y) in an image
in the spatial
domain. The
neighborhood is
moved from pixel
to pixel in the
image to generate
an output image.
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ab

FIGURE 3.2
Intensity
transformation
functions.

(a) Contrast-
stretching
function.

(b) Thresholding
function.

The process that Fig. 3.1 illustrates consists of moving the origin of the neigh-
borhood from pixel to pixel and applying the operator 7 to the pixels in the
neighborhood to yield the output at that location. Thus, for any specific location
(x,y), the value of the output image g at those coordinates is equal to the result
of applying T to the neighborhood with origin at (x, y) in f. For example, sup-
pose that the neighborhood is a square of size 3 X 3, and that operator 7'is de-
fined as “compute the average intensity of the neighborhood.” Consider an
arbitrary location in an image, say (100, 150). Assuming that the origin of the
neighborhood is at its center, the result, g(100, 150), at that location is comput-
ed as the sum of f(100, 150) and its 8-neighbors, divided by 9 (i.e., the average
intensity of the pixels encompassed by the neighborhood). The origin of the
neighborhood is then moved to the next location and the procedure is repeated
to generate the next value of the output image g. Typically, the process starts at
the top left of the input image and proceeds pixel by pixel in a horizontal scan,
one row at a time. When the origin of the neighborhood is at the border of the
image, part of the neighborhood will reside outside the image. The procedure is
either to ignore the outside neighbors in the computations specified by 7', or to
pad the image with a border of Os or some other specified intensity values. The
thickness of the padded border depends on the size of the neighborhood. We
will return to this issue in Section 3.4.1.

As we discuss in detail in Section 3.4, the procedure just described is called
spatial filtering, in which the neighborhood, along with a predefined operation,
is called a spatial filter (also referred to as a spatial mask, kernel, template, or
window). The type of operation performed in the neighborhood determines
the nature of the filtering process.

The smallest possible neighborhood is of size 1 X 1. In this case, g depends
only on the value of f at a single point (x, y) and T in Eq. (3.1-1) becomes an
intensity (also called gray-level or mapping) transformation function of the form

s =T(r) (3.1-2)

where, for simplicity in notation, s and r are variables denoting, respectively,
the intensity of g and f at any point (x, y). For example, if 7(r) has the form
in Fig. 3.2(a), the effect of applying the transformation to every pixel of f to
generate the corresponding pixels in g would be to produce an image of

s=T(r) s=T(r)

so = T(ro) - :
z 5 |

3 3 Te)~ |

I

|

I

2 3 !

a a I

r A ! r
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higher contrast than the original by darkening the intensity levels below k
and brightening the levels above k. In this technique, sometimes called
contrast stretching (see Section 3.2.4), values of r lower than k are com-

ressed by the transformation function into a narrow range of s, toward
black. The opposite is true for values of r higher than k. Observe how an in-
tensity value rq is mapped to obtain the corresponding value sg. In the limit-
ing case shown in Fig. 3.2(b), 7(r) produces a two-level (binary) image. A
mapping of this form is called a thresholding function. Some fairly simple, yet
powerful, processing approaches can be formulated with intensity transfor-
mation functions. In this chapter, we use intensity transformations principally
for image enhancement. In Chapter 10, we use them for image segmentation.
Approaches whose results depend only on the intensity at a point sometimes
are called point processing techniques, as opposed to the neighborhood pro-
cessing techniques discussed earlier in this section.

3.1.2 About the Examples in This Chapter

Although intensity transformations and spatial filtering span a broad range of
applications, most of the examples in this chapter are applications to image
enhancement. Enhancement is the process of manipulating an image so that
the result is more suitable than the original for a specific application. The
word specific is important here because it establishes at the outset that en-
hancement techniques are problem oriented. Thus, for example, a method
that is quite useful for enhancing X-ray images may not be the best approach
for enhancing satellite images taken in the infrared band of the electromag-
netic spectrum. There is no general “theory” of image enhancement. When an
image is processed for visual interpretation, the viewer is the ultimate judge
of how well a particular method works. When dealing with machine percep-
tion, a given technique is easier to quantify. For example, in an automated
character-recognition system, the most appropriate enhancement method is
the one that results in the best recognition rate, leaving aside other consider-
ations such as computational requirements of one method over another.
Regardless of the application or method used, however, image enhancement
is one of the most visually appealing areas of image processing. By its very na-
ture, beginners in image processing generally find enhancement applications in-
teresting and relatively simple to understand. Therefore, using examples from
image enhancement to illustrate the spatial processing methods developed in
this chapter not only saves having an extra chapter in the book dealing with
image enhancement but, more importantly, is an eﬁfcctlve approach for intro-
ducing newcomers to the details of processing techmques in the spatial domain.
As you will see as you progress through the book, the basic material developed in
this chapter is applicable to a much broader scope than just image enhancement.

@” Some Basic Intensity Transformation Functions

Intensity transformations are among the simplest of all image processing tech-
niques. The values of pixels, before and after processing, will be denoted by r
and s, respectively. As indicated in the previous section, these values are related
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We summarize the preceding approach as follows. Let f(x, y) represent the
value of an image at any image coordinates (x, y), and let g(x, y) represent the
corresponding enhanced value at those coordinates. Then,

E -f(x, y) if ms = komG AND k10'G = S)'y = kZUG
53 3) = (3.3-24)
flx,y) otherwise

for x=0,1,2,...,M —1 and y =0,1,2,..., N — 1, where, as indicated
above, E, kg, kq, and ks are, specified parameters mg is the global mean of the
input image, and o gis its standard deviation. Parameters mg, and g are the
local mean and standard deviation, respectively. As usual, M and N are the row
and column image dimensions.

Choosing the parameters in Eq. (3.3-24) generally requires a bit of experi-
mentation to gain familiarity with a given image or class of images. In this
case, the following values were selected: E = 4.0, ky = 0.4, k; = 0.02, and
k, = 0.4. The relatively low value of 4.0 for £ was chosen so that, when it was
multiplied by the levels in the areas being enhanced (which are dark), the re-
sult would still tend toward the dark end of the scale, and thus preserve the
general visual balance of the image. The value of k, was chosen as less than
half the global mean because we can see by looking at the image that the areas
that require enhancement definitely are dark enough to be below half the
global mean. A similar analysis led to the choice of values for k; and k,.
Choosing these constants is not difficult in general, but their choice definitely
must be guided by a logical analysis of the enhancement problem at hand. Fi-
nally, the size of the local area S, should be as small as possible in order to
preserve detail and keep the computational burden as low as possible. We
chose a region of size 3 X 3.

As a basis for comparison, we enhanced the image using global histogram
equalization. Figure 3.27(b) shows the result. The dark area was improved but
details still are difficult to discern, and the light areas were changed, something
we did not want to do. Figure 3.27(c) shows the result of using the local statis-
tics method explained above. In comparing this image with the original in Fig.
3.27(a) or the histogram equalized result in Fig. 3.27(b), we note the obvious
detail that has been brought out on the right side of Fig. 3.27(c). Observe, for
example, the clarity of the ridges in the dark filaments. It is noteworthy that
the ight-intensity areas on the left were left nearly intact, which was one of
our initial objectives. u

Fundamentals of Spatial Filtering

In this section, we introduce several basic concepts underlying the use of spa-
tial filters for image processing. Spatial filtering is one of the principal tools
used in this field for a broad spectrum of applications, so it is highly advisable
that you develop a solid understanding of these concepts. As mentioned at the
beginning of this chapter, the examples in this section deal mostly with the use
of spatial filters for image enhancement. Other applications of spatial filtering
are discussed in later chapters.




The name filter is borrowed from frequency domain processing, which is
the topic of the next chapter, where “filtering” refers to agcepting (passing) or
rejecting certain frequency components. For example, a filter that passes lqw
frequencies is called a lowpgss filter. The net effect. produpqd by a lowpass fil-
" ter is to blur (smooth) an image. We can accfomphsh a similar smoothing di-
rectly on the image itself by using spatial filters (also called spatial masks,
kernels, templates, and windows). In fact, as we show in Chapter 4, there is a
one-to-one correspondence between linear spatial filters and filters in the fre-
quency domain. However, spatial filters offer considerably more versatility be-
cause, as you will see later, they can be used also for nonlinear filtering,

something we cannot do in the frequency domain.

34.] The Mechanics of Spatial Filtering

In Fig. 3.1, we explained briefly that a spatial filter consists of (1) a
neighborhood, (typically a small rectangle), and (2) a predefined operation that
is performed on the image pixels encompassed by the neighborhood. Filtering
creates a new pixel with coordinates equal to the coordinates of the center of
the neighborhood, and whose value is the result of the filtering operation.T A
processed (filtered) image is generated as the center of the filter visits each
pixel in the input image. If the operation performed on the image pixels is lin-
ear, then the filter is called a linear spatial filter. Otherwise, the filter is
nonlinear. We focus attention first on linear filters and then illustrate some
simple nonlinear filters. Section 5.3 contains a more comprehensive list of non-
linear filters and their application.

Figure 3.28 illustrates the mechanics of linear spatial filtering usinga 3 X 3
neighborhood. At any point (x, y) in the image, the response, g(x, y), of the fil-
ter is the sum of products of the filter coefficients and the image pixels encom-
passed by the filter:

gx,y) = w(=1,-1)f(x — 1,y = 1) + w(-1,0)f(x —1,y) + ...
+ w(0, 0)f (%, y) + «.. + w1, Df(x+1,y+1)

Observe that the center coefficient of the filter, w(0, 0), aligns with the pixel at
location (x, y). For a mask of size m X n, we assume that m = 2a + 1 and
n =2b + 1, where a and b are positive integers. This means that our focus in
the following discussion is on filters of odd size, with the smallest being of size
3 X 3. In general, linear spatial filtering of an image of size M X N with a fil-

ter of size m X n is given by the expression: -

|

a b
gx,y) = > 2;0(89 Nf(x + s,y +1)

S= =it =]
- Where x and y are varied so that each pixel in w visits every pixel in f.

e filtered pixel value typically is assigned to a corresponding location in a new image created to hold
the results of filtering. It is seldom the case that filtered pixels replace the values of the corresponding
- location in the original image, as this would change the content of the image while filtering still is being
- performed.
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See Section 2.6.2
regarding linearity.

It certainly is possible to
work with filters of even
size or mixed even and
odd sizes. However,
working with odd sizes
simplifies indexing and
also is more intuitive
because the filters have
centers falling on integer
values.
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FIGURE 3.28 The mechanics of linear spatial filtering using a 3 X 3 filter mask. The form chosen to denote
the coordinates of the filter mask coefficients simplifies writing expressions for linear filtering.

3.4.2 Spatial Correlation and Convolution

There are two closely related concepts that must be understood clearly when
performing linear spatial filtering. One is correlation and the other i
convolution. Correlation is the process of moving a filter mask over the image
and computing the sum of products at each location, exactly as explained in
the previous section. The mechanics of convolution are the same, except that
the filter is first rotated by 180°. The best way to explain the differences be-
tween the two concepts is by example. We begin with a 1-D illustration.
Figure 3.29(a) shows a 1-D function, f, and a filter, w, and Fig. 3.29(b) show$
the starting position to perform correlation. The first thing we note is that ther®

|
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As an example, Fig. 3.31 shows a general 3 X 3 mask with coefficients la-
peled as above. In this case, Eq. (3.4-3) becomes

R = W1 71 + WyZy TN, W9 Z9

9
S wezi (3.4-4)
k=1

Il

=wiz
where w and z are 9-dimensional vectors formed from the coefficients of the
mask and the image intensities encompassed by the mask, respectively.

3.4.4 Generating Spatial Filter Masks

Generating an m X n linear spatial filter requires that we specify mn mask co-
efficients. In turn, these coefficients are selected based on what the filter is
supposed to do, keeping in mind that all we can do with linear filtering is to im-
plement a sum of products. For example, suppose that we want to replace the
pixels in an image by the average intensity of a 3 X 3 neighborhood centered
on those pixels. The average value at any location (x, y) in the image is the sum
of the nine intensity values in the 3 X 3 neighborhood centered on (x, y) di-
vided by 9. Letting z;,i = 1,2,..., 9, denote these intensities, the average is

1 9
R=§i=21zi

But this is the same as Eq. (3.4-4) with coefficient values w; = 1/9. In other
words, a linear filtering operation with a 3 X 3 mask whose coefficients are 1/9
implements the desired averaging. As we discuss in the next section, this oper-
ation results in image smoothing. We discuss in the following sections a num-
ber of other filter masks based on this basic approach.

In some applications, we have a continuous function of two variables, and
the objective is to obtain a spatial filter mask based on that function. For ex-
ample, a Gaussian function of two variables has the basic form

Py

h(x,y) = e 2

where o is the standard deviation and, as usual, we assume that coordinates x
and y are integers. To generate, say, a 3 X 3 filter mask from this function, we
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FIGURE 3.31
Another
representation of
ageneral 3 X 3
filter mask.
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sample it about its center. Thus, w; = h(-1,-1),w, = h(-1,0),...,
wg = h(1,1). An m X n filter mask is generated in a similar manner. Recall
that a 2-D Gaussian function has a bell shape, and that the standard deviation
controls the “tightness” of the bell.

Generating a nonlinear filter requires that we specify the size of a neigh-
borhood and the operation(s) to be performed on the image pixels contained
in the neighborhood. For example, recalling that the max operation is nonlin-
ear (see Section 2.6.2),a 5 X 5 max filter centered at an arbitrary point (x, y)
of an image obtains the maximum intensity value of the 25 pixels and assigns
that value to location (x y) in the processed image. Nonlinear filters are quite
powerful, and in some applications can perform functions that are beyond the
capabilities of linear filters, as we show later in this chapter and in Chapter 5.

35 Smoothing Spatial Filters

Smoothing filters are used for blurring and for noise reduction. Blurring is
used in preprocessing tasks, such as removal of small details from an image
prior to (large) object extraction, and bridging of small gaps in lines or curves.
Noise reduction can be accomplished by blurring with a linear filter and also
by nonlinear filtering.

3.5.1 Smoothing Linear Filters

The output (response) of a smoothing, linear spatial filter is simply the average
of the pixels contained in the neighborhood of the filter mask. These filters
sometimes are called averaging filters. As mentioned in the previous section,
they also are referred to a lowpass filters.

The idea behind smoothing filters is straightforward. By replacing the value
of every pixel in an image by the average of the intensity levels in the neigh-
borhood defined by the filter mask, this process results in an image with re-
duced “sharp” transitions in intensities. Because random noise typically
consists of sharp transitions in intensity levels, the most obvious application of
smoothing is noise reduction. However, edges (which almost always are desir-
able features of an image) also are characterized by sharp intensity transitions,
so averaging filters have the undesirable side effect that they blur edges. An-
other application of this type of process includes the smoothing of false con-
tours that result from using an insufficient number of intensity levels, as
discussed in Section 2.4.3. A major use of averaging filters is in the reduction
of “irrelevant” detail in an image. By “irrelevant” we mean pixel regions that
are small with respect to the size of the filter mask. This latter application is il-
lustrated later in this section.

Figure 3.32 shows two 3 X 3 smoothing filters. Use of the first filter yields
the standard average of the pixels under the mask. This can best be seen by
substituting the coefficients of the mask into Eq. (3.4-4):

1 9
_gzzi

which is the average of the intensity levels of the pixels in the 3 X 3 neighbor-
hood defined by the mask, as discussed earlier. Note that, instead of being 1/9,
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1 1 1 1 2 1
Lyl 1 1 1 Lol 3 4 2
9 16

1 1 1 1 2 1

the coefficients of the filter are all 1s. The idea here is that it is computationally
more efficient to have coefficients valued 1. At the end of the filtering process
the entire image is divided by 9. An m X n mask would have a normalizing
constant equal to 1/mn. A spatial averaging filter in which all coefficients are
equal sometimes is called a box filter.

The second mask in Fig. 3.32 is a little more interesting. This mask yields a so-
called weighted average, terminology used to indicate that pixels are multiplied by
different coefficients, thus giving more importance (weight) to some pixels at the
expense of others. In the mask shown in Fig. 3.32(b) the pixel at the center of the
mask is multiplied by a higher value than any other, thus giving this pixel more
importance in the calculation of the average. The other pixels are inversely
weighted as a function of their distance from the center of the mask. The diagonal
terms are further away from the center than the orthogonal neighbors (by a fac-
tor of \/2) and, thus, are weighed less than the immediate neighbors of the center
pixel. The basic strategy behind weighing the center point the highest and then
reducing the value of the coefficients as a function of increasing distance from the
origin is simply an attempt to reduce blurring in the smoothing process. We could
have chosen other weights to accomplish the same general objective. However,
the sum of all the coefficients in the mask of Fig. 3.32(b) is equal to 16, an attrac-
ive feature for computer implementation because it is an integer power of 2. In
practice, it is difficult in general to see differences between images smoothed by
using either of the masks in Fig. 3.32, or similar arrangements, because the area
spanned by these masks at any one location in an image is so small.

With reference to Eq. (3.4-1), the general implementation for filtering an
M X N image with a weighted averaging filter of size m,X n (m and n odd) is

given by the expression i
a b
> D wls, O)f(x + s,y + 1)
s=—a t=—b
g(x,y) = 4 oY (3.5-1)
2 s
s=—a t=—b

The parameters in this equation are as defined in Eq. (3.4-1). As before, it is un-
derstood that the complete filtered image is obtained by applying Eq. (3.5-1)
for x =0,1,2,...,M —1 and y =0,1,2,..., N — 1. The denominator in

ab

FIGURE 3.32 Two
3 X 3 smoothing
(averaging) filter
masks. The
constant multipli-
er in front of each
mask is equal to 1
divided by the
sum of the values
of its coefficients,
as is required to
compute an
average.
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Eq. (3.5-1) is simply the sum of the mask coefficients and, therefore, it is a con-
stant that needs to be computed only once.

EXAMPLE 3.13: [ The effects of smoothing as a function of filter size are illustrated in Fig. 3.33,
Image smoothing  which shows an original image and the corresponding smoothed results ob-
WILLEIgE ¢ tained using square averaging filters of sizes m = 3, 5,9, 15, and 35 pixels, re-
various Sizes. . 4 .
spectively. The principal features of these results are as follows: For m = 3, we
note a general slight blurring throughout the entire image but, as expected, de-
tails that are of approximately the same size as the filter mask are affected con-
siderably more. For example, the 3 X 3 and 5 X 5 black squares in the image,
the small letter “a,” and the fine grain noise show significant blurring when com-
pared to the rest of the image. Note that the noise is less pronounced, and the
jagged borders of the characters were pleasingly smoothed.

The result for m = 5 is somewhat similar, with a slight further increase in
| blurring. For m = 9 we see considerably more blurring, and the 20% black cir-
! cle is not nearly as distinct from the background as in the previous three im-
| ages, illustrating the blending effect that blurring has on objects whose
intensities are close to that of its neighboring pixels. Note the significant fur-
ther smoothing of the noisy rectangles. The results for m = 15 and 35 are ex-
| treme with respect to the sizes of the objects in the image. This type of
i aggresive blurring generally is used to eliminate small objects from an image.
i For instance, the three small squares, two of the circles, and most of the noisy
rectangle areas have been blended into the background of the image in
Fig. 3.33(f). Note also in this figure the pronounced black border. This is a re-
sult of padding the border of the original image with Os (black) and then
trimming off the padded area after filtering. Some of the black was blended
into all filtered images, but became truly objectionable for the images
smoothed with the larger filters. n

As mentioned earlier, an important application of spatial averaging is to
blur an image for the purpose of getting a gross representation of objects of
interest, such that the intensity of smaller objects blends with the back-
ground and larger objects become “bloblike” and easy to detect. The size of
the mask establishes the relative size of the objects that will be blended with
the background. As an illustration, consider Fig. 3.34(a), which is an image
from the Hubble telescope in orbit around the Earth. Figure 3.34(b) shows
the result of applying a 15 X 15 averaging mask to this image. We see that a
number of objects have either blended with the background or their inten-
sity has diminished considerably. It is typical to follow an operation like this
; with thresholding to eliminate objects based on their intensity. The result of
‘ using the thresholding function of Fig. 3.2(b) with a threshold value equal to
| 25% of the highest intensity in the blurred image is shown in Fig. 3.34(c).
| Comparing this result with the original image, we see that it is a reasonable
representation of what we would consider to be the largest, brightest ob-
jects in that image.

e p—— e Py Py




..aomEE --=nEE

© L&
o0 o000

i S

,aaaaaad aaaaaaad

---umEl c+ummBl

i 3
(X X J ‘X X

AT 11111

aaaaadadaad |s22aaaad

«ummn Rl
-
‘e L ‘l

(T T

saaaaaad o R R
e

FIGURE 3.33 (a) Original image, of size 500 X 500 pixels. (b)-(f) Results of smoothing
- with square averaging filter masks of sizes m = 3,5,9,15, and 35, respectively. The black
squares at the top are of sizes 3,5,9,15,25,35,45, and 55 pixels, respectively; their borders
are 25 pixels apart. The letters at the bottom range in size from 10 to 24 points, in
increments of 2 points; the large letter at the top is 60 points. The vertical bars are 5 pixels
wide and 100 pixels high; their separation is 20 pixels. The diameter of the circles is 25
pixels, and their borders are 15 pixels apart; their intensity levels range from 0% to 100%
black in increments of 20%. The background of the image is 10% black. The noisy
rectangles are of size 50 X 120 pixels.
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FIGURE 3.34 (a) Image of size 528 X 485 pixels from the Hubble Space Telescope. (b) Image filtered with a
15 X 15 averaging mask. (c) Result of thresholding (b). (Original image courtesy of NASA.)

2

Z Order-Statistic (Nonlinear) Filters

Order-statistic filters are nonlinear spatial filters whose response is based on or-
dering (ranking) the pixels contained in the image area encompassed by the fil-
ter, and then replacing the value of the center pixel with the value determined
by the ranking result. The best-known filter in this category is the median filter,
which, as its name implies, replaces the value of a pixel by the median of the in-
tensity values in the neighborhood of that pixel (the original value of the pixel is
included in the computation of the median). Median filters are quite popular be-
cause, for certain types of random noise, they provide excellent noise-reduction
capabilities, with considerably less blurring than linear smoothing filters of simi-
lar size. Median filters are particularly effective in the presence of impulse noise,
also called salt-and-pepper noise because of its appearance as white and black
dots superimposed on an image.

The median, ¢, of a set of values is such that half the values in the set are
less than or equal to &, and half are greater than or equal to & In order to per-
form median filtering at a point in an image, we first sort the values of the pixel
in the neighborhood, determine their median, and assign that value to the cor-
responding pixel in the filtered image. For example, in a 3 X 3 neighborhood
the median is the Sth largest value, in a 5 X 5 neighborhood it is the 13th
largest value, and so on. When several values in a neighborhood are the same,
all equal values are grouped. For example, suppose that a 3 X 3 neighborhood
has values (10, 20, 20, 20, 15, 20, 20, 25, 100). These values are sorted as (10, 15,
20, 20, 20, 20, 20, 25, 100), which results in a median of 20. Thus, the principal
function of median filters is to force points with distinct intensity levels to be
more like their neighbors. In fact, isolated clusters of pixels that are light or
dark with respect to their neighbors, and whose area is less than m?/2 (one-
half the filter area), are eliminated by an m X m median filter. In this case
“eliminated” means forced to the median intensity of the neighbors. Larger
clusters are affected considerably less.
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IGURE 3.35 (a) X-ray image of circuit board corrupted by salt-and-pepper noise. (b) Noise reduction with
a3 X 3 averaging mask. (c) Noise reduction with a 3 X 3 median filter. (Original image courtesy of Mr.
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Joseph E. Pascente, Lixi, Inc.)

&

~ Although the median filter is by far the most useful order-statistic filter in
image processing, it is by no means the only one. The median represents the
50th percentile of a ranked set of numbers, but recall from basic statistics that
ranking lends itself to many other possibilities. For example, using the 100th
percentile results in the so-called max filter, which is useful for finding the
brightest points in an image. The response of a 3 X 3 max filter is given by
— max{z/k = 1,2,...,9}. The Oth percentile filter is the min filter, used
for the opposite purpose. Median, max, min, and several other nonlinear filters
are considered in more detail in Section 5.3.

Figure 3.35(a) shows an X-ray image of a circuit board heavily corrupted

an filtering over average filtering in situations such as this, we show in Fig.
3.35(b) the result of processing the noisy image with a 3 X 3 neighborhood av-
eraging mask, and in Fig. 3.35(c) the result of using a 3 X 3 median filter. The
averaging filter blurred the image and its noise reduction performance was
poor. The superiority in all respects of median over average filtering in this
case is quite evident. In general, median filtering is much better suited than av-
eraging for the removal of salt-and-pepper noise. &l

@

t{). Sharpening Spatial Filters i

The principal objective of sharpening is to highlight transitions in intensity.
Uses of image sharpening vary and include applications ranging from electron-
ic printing and medical imaging to industrial inspection and autonomous guid-
ance in military systems. In the last section, we saw that image blurring could be
accomplished in the spatial domain by pixel averaging in a neighborhood. Be-
cause averaging is analogous to integration, it is logical to conclude that sharp-
g can be accomplished by spatial differentiation. This, in fact, is the case,

by salt-and-pepper noise. To illustrate the point about the superiority of medi-

See Section 10.3.5 regard-
ing percentiles.

EXAMPLE 3.14:
Use of median
filtering for noise
reduction.
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We return to Eq. (3.6-1)
in Section 10.2.1 and
show how it follows from
a Taylor series expansion.
For now, we accept it as a
definition.

and the discussion in this section deals with various ways of defining and imple-
menting operators for sharpening by digital differentiation. Fundamentally, the
strength of the response of a derivative operator is proportional to the degree
of intensity discontinuity of the image at the point at which the operator is ap-
plied. Thus, image differentiation enhances edges and other discontinuities
(such as noise) and deemphasizes areas with slowly varying intensities.

3.6.1 Foundation

In the two sections that follow, we consider in some detail sharpening filters
that are based on first- and second-order derivatives, respectively. Before pro-
ceeding with that dis_cusszn, however, we stop to look at some of the funda-
mental properties of these derivatives in a digital context. To simplify the
explanation, we focus attention initially on one-dimensional derivatives. In
particular, we are interested in the behavior of these derivatives in areas of
constant intensity, at the onset and end of discontinuities (step and ramp dis-
continuities), and along intensity ramps. As you will see in Chapter 10, these
types of discontinuities can be used to model noise points, lines, and edges in
an image. The behavior of derivatives during transitions into and out of these
image features also is of interest.

The derivatives of a digital function are defined in terms of differences.
There are various ways to define these differences. However, we require that
any definition we use for a first derivative (1) must be zero in areas of constant
intensity; (2) must be nonzero at the onset of an intensity step or ramp; and
(3) must be nonzero along ramps. Similarly, any definition of a second deriva-
tive (1) must be zero in constant areas; (2) must be nonzero at the onset and
end of an intensity step or ramp; and (3) must be zero along ramps of constant
slope. Because we are dealing with digital quantities whose values are finite,
the maximum possible intensity change also is finite, and the shortest distance
over which that change can occur is between adjacent pixels.

A basic definition of the first-order derivative of a one-dimensional func-
tion f(x) is the difference

g—f =f(x+1) - f(x) (3.6-1)
X

We used a partial derivative here in order to keep the notation the same as
when we consider an image function of two variables, f(x, y), at which time we
will be dealing with partial derivatives along the two spatial axes. Use of a par-
tial derivative in the present discussion does not affect in any way the nature
of what we are trying to accomplish. Clearly, 9f/ax = df /dx when there is
only one variable in the function; the same is true for the second derivative.

We define the second-order derivative of f(x) as the difference

o*f
2 = [+ D)+ fx = 1) = 2f(x) (3.6-2)

It is easily verified that these two definitions satisfy the conditions stated
above. To illustrate this, and to examine the similarities and differences between
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first- and second-order derivatives of a digital function, consider the example
in Fig. 3.36.

Figure 3.36(b) (center of the figure) shows a section of a scan line (inten-
sity profile). The values inside the small squares are the intensity values in
the scan line, which are plotted as black dots above it in Fig. 3.36(a). The
dashed line connecting the dots is included to aid visualization. As the fig-
ure shows, the scan line contains an intensity ramp, three sections of con-
stant intensity, and an intensity step. The circles indicate the onset or end of

1

) intensity transitions. The first- and second-order derivatives computed
i using the two preceding definitions are included below the scan line in Fig.
o 3.36(b), and are plotted in Fig. 3.36(c). When computing the first derivative
8 at a location x, we subtract the value of the function at that location from
" the next point. So this is a “look-ahead” operation, Similarly, to compute the
is second derivative at x, we use the previous and the next points in the com-
putation. To avoid a situation in which the previous or next points are out-
side the range of the scan line, we show derivative computations in Fig. 3.36

from the second through the penultimate points in the sequence.
Let us consider the properties of the first and second derivatives as we tra-
-2) verse the profile from left to right. First, we encounter an area of constant inten-
sity and, as Figs. 3.36(b) and (c) show, both derivatives are zero there, so condition
ed (1) is satisfied for both. Next, we encounter an intensity ramp followed by a step,

and we note that the first-order derivative is nonzero at the onset of the ramp and
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a
b
c

FIGURE 3.36
Tllustration of the
first and second
derivatives of a
1-D digital
function
representing a
section of a
horizontal
intensity profile
from an image. In
(a) and (c) data
points are joined
by dashed lines as

a visualization aid.
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the step; similarly, the second derivative is nonzero at the onset and end of both
the ramp and the step; therefore, property (2) is satisfied for both derivatives. Fi-
nally, we see that property (3) is satisfied also for both derivatives because the
first derivative is nonzero and the second is zero along the ramp. Note that the
sign of the second derivative changes at the onset and end of a step or ramp. In
fact, we see in Fig. 3.36(c) that in a step transition a line joining these two values
crosses the horizontal axis midway between the two extremes. This zero crossing
property is quite useful for locating edges, as you will see in Chapter 10.

Edges in digital images often are ramp-like transitions in intensity, in which
case the first derivative of the image would result in thick edges because the de-
rivative is nonzero along’ ramp. On the other hand, the second derivative would
produce a double edge one pixel thick, separated by zeros. From this, we con-
clude that the second derivative enhances fine detail much better than the first
derivative, a property that is ideally suited for sharpening images. Also, as you will
learn later in this section, second derivatives are much easier to implement than
first derivates, so we focus our attention initially on second derivatives.

3.6.2 Using the Second Derivative for Image
Sharpening—The Laplacian

In this section we consider the implementation of 2-D, second-order deriva-
tives and their use for image sharpening. We return to this derivative in
Chapter 10, where we use it extensively for image segmentation. The approach
basically consists of defining a discrete formulation of the second-order deriv-
ative and then constructing a filter mask based on that formulation. We are in-
terested in isotropic filters, whose response is independent of the direction of
the discontinuities in the image to which the filter is applied. In other words,
isotropic filters are rotation invariant, in the sense that rotating the image and
then applying the filter gives the same result as applying the filter to the image
first and then rotating the result.

It can be shown (Rosenfeld and Kak [1982]) that the simplest isotropic de-
rivative operator is the Laplacian, which, for a function (image) f(x, y) of two
variables, is defined as

85, B
27 _

vof Py + P (3.6-3)
Because derivatives of any order are linear operations, the Laplacian is a lin-
ear operator. To express this equation in discrete form, we use the definition in
Eq. (3.6-2), keeping in mind that we have to carry a second variable. In the

x-direction, we have

O*f
g:f(x—i_15y)+f(x_1’y)_2f(x’y) (36’4)

and, similarly, in the y-direction we have

&f

P fO,y + 1)+ fx,y — 1) = 2f(x, y) (3.6-5)




both ‘erefOT& it follows from the preceding three equations that the discrete
S. i 1 placi an of two variables is
{ the N i) = fEF L) L)+ fEyt D+ fluy - 1)

D. In p ! —4f(x7 y) (36-6)
'i‘hiS equation can be implemented using the filter mask in Fig. 3.37(a), which
ives an isotropic result for rotations in increments of 90°. The mechanics of
implementation are as in Section 3.5.1 for linear smoothing filters. We simply
* are using different coefficients here.
" The diagonal directions can be incorporated in the definition of the digital
oull | Laplacian by adding two more terms to Eq. (3.6-6), one for each of the two di-
‘% agonal directions. The form of each new term is the same as either Eq. (3.6-4) or
(3.6-5), but the coordinates are along the diagonals. Because each diagonal term
| also contains a —2 f(x, y) term, the total subtracted from the difference terms
now would be —8f(x, y). Figure 3.37(b) shows the filter mask used to imple-
* ment this new definition. This mask yields isotropic results in increments of 45°.
" You are likely to see in practice the Laplacian masks in Figs. 3.37(c) and (d).
They are obtained from definitions of the second derivatives that are the nega-
' {ives of the ones we used in Eqgs. (3.6-4) and (3.6-5). As such, they yield equiva-
Jent results, but the difference in sign must be kept in mind when combining (by
* addition or subtraction) a Laplacian-filtered image with another image.
 Because the Laplacian is a derivative operator, its use highlights intensity
~ discontinuities in an image and deemphasizes regions with slowly varying in-
tensity levels. This will tend to produce images that have grayish edge lines and
other discontinuities, all superimposed on a dark, featureless background.

o1 0 el : :
ords, Background features can be “recovered” while still preserving the sharpening
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FIGURE 3.37

(a) Filter mask used
to implement

Eq. (3.6-6).

(b) Mask used to
implement an
extension of this
equation that
includes the
diagonal terms.

(c) and (d) Two
other implementa-
tions of the
Laplacian found
frequently in
practice.
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EXAMPLE 3.15:
Image sharpening
using the
Laplacian.

effect of the Laplacian simply by adding the Laplacian image to the original,
As noted in the previous paragraph, it is important to keep in mind which def-
inition of the Laplacian is used. If the definition used has a negative center co-
efficient, then we subtract, rather than add, the Laplacian image to obtain a
sharpened result. Thus, the basic way in which we use the Laplacian for image
sharpening is

g(x.y) = f(x,y) + c[V*f(x, )] (3.67)

where f(x, y) and g(x, y) are the input and sharpened images, respectively.
The constant is ¢ = —1 if the Laplacian filters in Fig. 3.37(a) or (b) are used,
and ¢ = 1 if either of the*sther two filters is used.

M Figure 3.38(a) shows a slightly blurred image of the North Pole of the
moon. Figure 3.38(b) shows the result of filtering this image with the Lapla-
cian mask in Fig. 3.37(a). Large sections of this image are black because the
Laplacian contains both positive and negative values, and all negative values
are clipped at 0 by the display.

A typical way to scale a Laplacian image is to add to it its minimum value to
bring the new minimum to zero and then scale the result to the full [0, L — 1]
intensity range, as explained in Egs. (2.6-10) and (2.6-11). The image in
Fig. 3.38(c) was scaled in this manner. Note that the dominant features of the
image are edges and sharp intensity discontinuities. The background, previously
black, is now gray due to scaling. This grayish appearance is typical of Laplacian
images that have been scaled properly. Figure 3.38(d) shows the result obtained
using Eq. (3.6-7) with ¢ = —1. The detail in this image is unmistakably clearer
and sharper than in the original image. Adding the original image to the Lapla-
cian restored the overall intensity variations in the image, with the Laplacian in-
creasing the contrast at the locations of intensity discontinuities. The net result is
an image in which small details were enhanced and the background tonality was
reasonably preserved. Finally, Fig. 3.38(e) shows the result of repeating the pre-
ceding procedure with the filter in Fig. 3.37(b). Here, we note a significant im-
provement in sharpness over Fig. 3.38(d). This is not unexpected because using
the filter in Fig. 3.37(b) provides additional differentiation (sharpening) in the
diagonal directions. Results such as those in Figs. 3.38(d) and (e) have made the
Laplacian a tool of choice for sharpening digital images. u

3.6.3 Unsharp Masking and Highboost Filtering

A process that has been used for many years by the printing and publishing in-
dustry to sharpen images consists of subtracting an unsharp (smoothed) ver-
sion of an image from the original image. This process, called unsharp masking,
consists of the following steps:

1. Blur the original image.

2. Subtract the blurred image from the original (the resulting difference is
called the mask.)

3. Add the mask to the original.

|




Domain

Filter: A device or material for suppressing
or minimizing waves or oscillations of certain
frequencies.

Frequency: The number of times that a periodic
function repeats the same sequence of values during
a unit variation of the independent variable.

Webster’s New Collegiate Dictionary

Preview

Although significant effort was devoted in the previous chapter to spatial fil-
tering, a thorough understanding of this area is impossible without having at
least a working knowledge of how the Fourier transform and the frequency
domain can be used for image filtering. You can develop a solid understanding
of this topic without having to become a signal processing expert. The key lies
in focusing on the fundamentals and their relevance to digital image process-
ing. The notation, usually a source of trouble for beginners, is clarified signifi-
cantly in this chapter by emphasizing the connection between image
characteristics and the mathematical tools used to represent them. This chap-
ter is concerned primarily with establishing a foundation for the Fourier trans-
form and how it is used in basic image filtering. Later, in Chapters 5, 8, 10, and
11, we discuss other applications of the Fourier transform. We begin the dis-
cussion with a brief outline of the origins of the Fotltier transform and its im-
pact on countless branches of mathematics, science, and engineering. Next, we
start from basic principles of function sampling and proceed step-by-step to
derive the one- and two-dimensional discrete Fourier transforms, the basic sta-
ples of frequency domain processing. During this development, we also touch
upon several important aspects of sampling, such as aliasing, whose treatment
requires an understanding of the frequency domain and thus are best covered
in this chapter. This material is followed by a formulation of filtering in the fre-
quency domain and the development of sections that parallel the spatial

Filtering in the Frequency
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smoothing and sharpening filtering techniques discussed in Chapter 3. We con-
| clude the chapter with a discussion of issues related to implementing the |
Fourier transform in the context of image processing. Because the material in
Sections 4.2 through 4.4 is basic background, readers familiar with the con-
cepts of 1-D signal processing, including the Fourier transform, sampling, alias-
ing, and the convolution theorem, can proceed to Section 4.5, where we begin
a discussion of the 2-D Fourier transform and its application to digital image
processing.

Background .

4.1.1 A Brief His;fory of the Fourier Series and Transform

The French mathematician Jean Baptiste Joseph Fourier was born in 1768 in
the town of Auxerre, about midway between Paris and Dijon. The contribution
for which he is most remembered was outlined in a memoir in 1807 and pub-
lished in 1822 in his book, La Théorie Analitique de la Chaleur (The Analytic
Theory of Heat). This book was translated into English 55 years later by Free-
man (see Freeman [1878]). Basically, Fourier’s contribution in this field states
that any periodic function can be expressed as the sum of sines and/or cosines
of different frequencies, each multiplied by a different coefficient (we now call
1 this sum a Fourier series). It does not matter how complicated the function is;
| if it is periodic and satisfies some mild mathematical conditions, it can be rep-
i resented by such a sum. This is now taken for granted but, at the time it first
appeared, the concept that complicated functions could be represented as a
sum of simple sines and cosines was not at all intuitive (Fig.4.1),so it is not sur-
prising that Fourier’s ideas were met initially with skepticism.

Even functions that are not periodic (but whose area under the curve is fi-
nite) can be expressed as the integral of sines and/or cosines multiplied by a
weighing function. The formulation in this case is the Fourier transform, and its
utility is even greater than the Fourier series in many theoretical and applied
disciplines. Both representations share the important characteristic that a
function, expressed in either a Fourier series or transform, can be reconstruct-
ed (recovered) completely via an inverse process, with no loss of information.
This is one of the most important characteristics of these representations be-
cause it allows us to work in the “Fourier domain” and then return to the orig-
inal domain of the function without losing any information. Ultimately, it was
the utility of the Fourier series and transform in solving practical problems
that made them widely studied and used as fundamental tools.

The initial application of Fourier’s ideas was in the field of heat diffusion,
where they allowed the formulation of differential equations representing heat
flow in such a way that solutions could be obtained for the first time. During the
past century, and especially in the past 50 years, entire industries and academic
disciplines have flourished as a result of Fourier’s ideas. The advent of digital
computers and the “discovery” of a fast Fourier transform (FFT) algorithm in
the early 1960s (more about this later) revolutionized the field of signal process-
ing. These two core technologies allowed for the first time practical processing of
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FIGURE 4.1 The function at the bottom is the sum of the four functions above it.
Fourier’s idea in 1807 that periodic functions could be represented as a weighted sum
E,of sines and cosines was met with skepticism.

a host of signals of exceptional importance, ranging from medical monitors and
scanners to modern electronic communications.

- We will be dealing only with functions (images) of finite duration, so the
- Fourier transform is the tool in which we are interested. The material in the
- following section introduces the Fourier transform and the frequency domain.
It is shown that Fourier techniques provide a meaningful and practical way to
~ study and implement a host of image processing. ‘Pproﬁches In some cases,

these approaches are similar to the ones we developed in Chapter 3.

412 About the Examples in this Chapter

As in Chapter 3, most of the image filtering examples in this chapter deal with
- image enhancement. For example, smoothing and sharpening are traditionally
associated with image enhancement, as are techniques for contrast manipula-
tion. By its very nature, beginners in digital image processing find enhance-

ment to be interesting and relatively simple to understand. Therefore, using
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(hat is off-axis slightly to the left. This component was caused by the edges of
the oxide protrusions. Note how the angle of the frequency component with
respect to the vertical axis corresponds to the inclination (with respect to the
horizontal axis) of the long white element, and note also the zeros in the ver-
tical frequency component, corresponding to the narrow vertical span of the
oxide protrusions.

These are typical of the types of associations that can be made in general
petween the frequency and spatial domains. As we show later in this chapter,
even these types of gross associations, coupled with the relationships men-
tioned previously between frequency content and rate of change of intensity
Jevels in an image, can lead to some very useful results. In the next section,
we show the effects of modifying various frequency ranges in the transform

of Fig. 4.29(a).

4.7.7 Frequency Domain Filtering Fundamentals

Filtering in the frequency domain consists of modifying the Fourier transform
of an image and then computing the inverse transform to obtain the processed
result. Thus, given a digital image, f(x, y), of size M X N, the basic filtering
equation in which we are interested has the form:

g(x, y) . S_l[H(u, ’U)F(u, 'U)] (47-1) If H is real and symmet-
ric and fis real (as is typ-
ically the case), then the

where 37! is the IDFT, F(u, v) is the DFT of the input image, f(x, ), H(4, V)  1pFTinEq. (47-1)

is a filter function (also called simply the filter, or the filter transfer function),  should yield real quant-

and g(x, ) is the filtered (output) image. Functions F, H, and g are arrays of e f:&igg;’égﬁ;me’

size M X N, the same as the input image. The product H(u, v)F(u, v) is  contains parasitic com-

formed using array multiplication, as defined in Section 2.6.1. The filter func- D Ll

tion modifies the transform of the input image to yield a processed output, —computational inaccura-
s P . . e 3 & . cies. Thus, it is customary

g(x, y). Specification of H (u, v) is simplified considerably by using functions ke the real part of

that are symmetric about their center, which requires that F(u, v) be centered  the IDFT to form g.

~ also. As explained in Section 4.6.3, this is accomplished by multiplying the

input image by (—1)**” prior to computing its transform.

- We are now in a position to consider the filtering process in some detail. One

of the simplest filters we can construct is a filter H (u, v) that is 0 at the center of

the transform and 1 elsewhere. This filter would reject the dc term and “pass”

(ie., leave unchanged) all other terms of F(u, v) when we form the product

H(u, v)F (1, v). We know from Eq. (4.6-21) that the dc term is responsible for the

average intensity of an image, so setting it to zero will reduee the average intensi-

~ ty of the output image to zero. Figure 4.30 shows the T&sult of this operation using

Eq. (4.7-1). As expected, the image became much darker. (An average of zero

Many software implementations of the 2-D DFT (e.g., MATLAB) do not center the transform. This im-
plies that filter functions must be arranged to correspond to the same data format as the uncentered
transform (i.e., with the origin at the top left). The net result is that filters are more difficult to generate
and display. We use centering in our discussions to aid in visualization, which is crucial in developing a
clear understanding of filtering concepts. Either method can be used practice, as long as consistency is
maintained.
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FIGURE 4.30
Result of filtering
the image in

Fig. 4.29(a) by
setting to 0 the
term F(M/2, N/2)
in the Fourier
transform.

implies the existence of negative intensities. Therefore, although it illustrates the
principle, Fig. 4.30 is not a true representation of the original, as all negative in-
tensities were clipped (set to 0) for display purposes.)

As noted earlier, low frequencies in the transform are related to slowly
varying intensity components in an image, such as the walls of a room or a
cloudless sky in an outdoor scene. On the other hand, high frequencies are
caused by sharp transitions in intensity, such as edges and noise. Therefore, we
would expect that a filter H (i, v) that attenuates high frequencies while passing
low frequencies (appropriately called a lowpass filter) would blur an image,
while a filter with the opposite property (called a highpass filter) would en-
hance sharp detail, but cause a reduction in contrast in the image. Figure 4.31 il-
lustrates these effects. Note the similarity between Figs. 4.31(e) and Fig. 4.30.
The reason is that tHe highpass filter shown eliminates the dc term, resulting in
the same basic effect that led to Fig. 4.30. Adding a small constant to the filter
does not affect sharpening appreciably, but it does prevent elimination of the
dc term and thus preserves tonality, as Fig. 4.31(f) shows.

Equation (4.7-1) involves the product of two functions in the frequency do-
main which, by the convolution theorem, implies convolution in the spatial do-
main. We know from the discussion in Section 4.6.6 that if the functions in
question are not padded we can expect wraparound error. Consider what hap-
pens when we apply Eq. (4.7-1) without padding. Figure 4.32(a) shows a sim-
ple image, and Fig. 4.32(b) is the result of lowpass filtering the image with a
Gaussian lowpass filter of the form shown in Fig. 4.31(a). As expected, the
image is blurred. However, the blurring is not uniform; the top white edge i
blurred, but the side white edges are not. Padding the input image according t0
Egs. (4.6-31) and (4.6-32) before applying Eq. (4.7-1) results in the filtered
image in Fig. 4.32(c). This result is as expected.

Figure 4.33 illustrates the reason for the discrepancy between Figs. 4.32(b)
and (c). The dashed areas in Fig. 4.33 correspond to the image in Fig. 4.32(2)-
Figure 4.33(a) shows the periodicity implicit in the use of the DFT, as eX-
plained in Section 4.6.3. Imagine convolving the spatial representation of the
blurring filter with this image. When the filter is passing through the top of the
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FIGURE 4.31 Top row: frequency domain filters. Bottom row: corresponding filtered images obtained using
Eq. (4.7-1). We used a = 0.85 in (c) to obtain (f) (the height of the filter itself is 1). Compare (f) with Fig. 4.29(a).
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FIGURE 4.32 (a) A simple image. (b) Result of blurring with a Gaussian lowpass filter without padding.
(c) Result of lowpass filtering with padding. Compare the light area of the vertical edges in (b) and (c).
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H(u, v) as an image. As, expected, the function is odd, thus the antisymmetry
about its center. Function H(u, v) is used as any other frequency domain filter
in the procedure outlined in Section 4.7.3.

Figure 4.39(c) is the result of using the filter just obtained in the proce-
dure outlined in Section 4.7.3 to filter the image in Fig. 4.38(a). As expected
from a derivative filter, edges are enhanced and all the constant intensity
areas are reduced to zero (the grayish tone is due to scaling for display).
Figure 4.39(d) shows the result of filtering the same image in the spatial do-
main directly, using 4(x, y) in the procedure outlined in Section 3.6.4. The re-
sults are identical. W

m Image Smoothing Using Frequency Domain Filters

The remainder of this chapter deals with various filtering techniques in the fre-
quency domain. We begin with lowpass filters. Edges and other sharp intensity
transitions (such as noise) in an image contribute significantly to the high-
frequency content of its Fourier transform. Hence, smoothing (blurring) is
achieved in the frequency domain by high-frequency attenuation; that is, by
lowpass filtering. In this section, we consider three types of lowpass filters:
ideal, Butterworth, and Gaussian. These three categories cover the range from
very sharp (ideal) to very smooth (Gaussian) filtering. The Butterworth filter
has a parameter called the filter order. For high order values, the Butterworth
filter approaches the ideal filter. For lower order values, the Butterworth filter
is more like a Gaussian filter. Thus, the Butterworth filter may be viewed as
~ providing a transition between two “extremes.” All filtering in this section fol-
lows the procedure outlined in Section 4.7.3, so all filter functions, H (u, v), are
understood to be discrete functions of size P X Q; that is, the discrete frequency
variables are in the rangeu = 0,1,2,...,P —landv =0,1,2,...,0 — 1.

4.8.1 Ideal Lowpass Filters

A 2-D lowpass filter that passes without attenuation all frequencies within a
circle of radius D from the origin and “cuts off” all frequencies outside this
circle is called an ideal lowpass filter (ILPF); it is specified by the function

1 if D(u, v) = Dy
H = 4.8-1
s2) {0 if D(u, v) > D, (o)
o
where Dy is a positive constant and D(u, v) is the disthnce between a point (u, v)
- in the frequency domain and the center of the frequency rectangle; that is,

D(u,v) = [(u— P2 + (v—0/2?]" (4.8-2)

Where, as before, P and Q are the padded sizes from Egs. (4.6-31) and (4.6-32).
Figure 4.40(a) shows a perspective plot of H(u, v) and Fig. 4.40(b) shows the
filter displayed as an image. As mentioned in Section 4.3.3, the name ideal
indicates that all frequencies on or inside a circle of radius D, are passed
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B H(u, v)

D(u, v)

ailbiic

FIGURE 4.40 (a) Perspective plot of an ideal lowpass-filter transfer function. (b) Filter displayed as an image.
(c) Filter radial cross section.

without attenuation, whereas all frequencies outside the circle are completely
attenuated (filtered out). The ideal lowpass filter is radially symmetric about
the origin, which means that the filter is completely defined by a radial cross
section, as Fig. 4.40(c) shows. Rotating the cross section by 360° yields the fil-
ter in 2-D.

For an ILPF cross section, the point of transition between H(u, v) = 1 and
H(u,v) = 0is called the cutoff frequency. In the case of Fig. 4.40, for example,
the cutoff frequency is Dy. The sharp cutoff frequencies of an ILPF cannot be
realized with electronic components, although they certainly can be simulated
in a computer. The effects of using these “nonphysical” filters on a digital
image are discussed later in this section.

The lowpass filters introduced in this chapter are compared by studying
their behavior as a function of the same cutoff frequencies. One way to estab-
lish a set of standard cutoff frequency loci is to compute circles that enclose
specified amounts of total image power Pz. This quantity is obtained by sum-
ming the components of the power spectrum of the padded images at each
point:(u, v),foru =0,1,:..;,P—=1and » =0, 1,..., @ —1; that is,

P-1 Q-1
Pr= > > Puv) (4.8-3)
u=0 v=0

where P(u, v) is given in Eq. (4.6-18). If the DFT has been centered, a circle of
radius D, with origin at the center of the frequency rectangle encloses a per-
cent of the power, where

a =100 X > P(u,v)/Pr (4.84)

and the summation is taken over values of (u, v) that lie inside the circle or 0
its boundary.




Figures 4.41(a) and (b) show a test pattern image and its spectrum. The
circles superimposed on the spectrum have radii of 10, 30, 60, 160, and 460
i,ixels, respectively. These circles enclose a percent of the image power, for
o= 870, 93.1, 95.7, 97.8, and 99.2%, respectively. The spectrum falls off
rapidly, with 87% of the total power being enclosed by a relatively small
circle of radius 10.

@ Figure 4.42 shows the results of applying ILPFs with cutoff frequencies at
the radii shown in Fig. 4.41(b). Figure 4.42(b) is useless for all practical pur-
poses, unless the objective of blurring is to eliminate all detail in the image,
except the “blobs” representing the largest objects. The severe blurring in
this image is a clear indication that most of the sharp detail information in
the picture is contained in the 13% power removed by the filter. As the filter
radius increases, less and less power is removed, resulting in less blurring.
Note that the images in Figs. 4.42(c) through (e) are characterized by “ring-
ing,” which becomes finer in texture as the amount of high frequency con-
tent removed decreases. Ringing is visible even in the image [Fig. 4.42(e)] in
which only 2% of the total power was removed. This ringing behavior is a
characteristic of ideal filters, as you will see shortly. Finally, the result for
o = 99.2 shows very slight blurring in the noisy squares but, for the most
part, this image is quite close to the original. This indicates that little edge
information is contained in the upper 0.8% of the spectrum power in this
' particular case.
It is clear from this example that ideal lowpass filtering is not very practi-
-~ cal. However, it is useful to study their behavior as part of our development of
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FIGURE 4.41 (a) Test pattern of size 688 X 688 pixels, and (b) its Fourier spectrum. The
Spectrum is double the image size due to padding but is shown in half size so that it fits
in the page. The superimposed circles have radii equal to 10, 30, 60, 160, and 460 with
respect to the full-size spectrum image. These radii enclose 87.0, 93.1, 95.7, 97.8, and
99.2% of the padded image power, respectively.
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EXAMPLE 4.16:
Image smoothing
using an ILPF.
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FIGURE 4.42 (a) Original image. (b)—(f) Results of filtering using ILPFs with cutoft

frequencies set at radii values 10, 30, 60, 160, and 460, as shown in Fig. 4.41(b).
power removed by these fllters was 13, 6 9,4. 3 2.2 and 0. 8% of the total, respect1v6
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filtering concepts. Also, as shown in the discussion that follows, some interest-
ing insight is gained by attempting to explain the ringing property of ILPFs in
the spatial domain. ]

~ The blurring and ringing properties of ILPFs can be explained using the
convolution theorem. Figure 4. 43(a) shows the spatial representation, 4(x, y), of
an [LPF of radius 10, and Flg 4. 43(b) shows the 1nten51ty profile of a hne passing

hatial domain is done by convolving 4(x, y) with the image. Imagme each pixel
in the image being a discrete impulse whose strength is proportional to the in-
tensity of the image at that location. Convolving a sinc with an impulse copies
the sinc at the location of the impulse. The center lobe of the sinc is the principal
cause of blurring, while the outer, smaller lobes are mainly responsible for ring-
ing. Convolving the sinc with every pixel in the image provides a nice model for
explaining the behavior of ILPFs. Because the “spread” of the sinc function is in-
versely proportional to the radius of H (u, v), the larger D, becomes, the more
the spatial sinc approaches an impulse which, in the limit, causes no blurring at
all when convolved with the image. This type of reciprocal behavior should be
routine to you by now. In the next two sections, we show that it is possible to
achieve blurring with little or no ringing, which is an important objective in
lowpass filtering.

4.8.7 Butterworth Lowpags Filters
‘The transfer function of a Butterworth lowpass filter (BLPF) of order 1, and
‘with cutoff frequency at a distance D, from the origin, is defined as

1
1 + [D(u, v)/ Do]*"

H(u,v) = (4.8-5)

where D(u, v) is given by Eq. (4.8-2). Figure 4.44 shows a perspective plot,
image display, and radial cross sections of the BLPF function.

4.8 = Image Smoothing Using Frequency Domain Filters
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The transfer function of
the Butterworth lowpass
filter normally is written
as the square root of our
expression. However, our
interest here is in the
basic form of the filter, so
we exclude the square
root for computational
convenience.

ab

FIGURE 4.43

(a) Representation
in the spatial
domain of an
ILPF of radius 5
and size

1000 X< 1000.
(b) Intensity
profile of a
horizontal line
passing through
the center of the
image.
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The whole is equal to the sum of its parts.
Euclid
The whole is greater than the sum of its parts.
Max Wertheimer

Preview

The material in the previous chapter began a transition from image processing
methods whose inputs and outputs are images, to methods in which the inputs are
images but the outputs are attributes extracted from those images (in the sense
defined in Section 1.1). Segmentation is another major step in that direction.
Segmentation subdivides an image into its constituent regions or objects. The
level of detail to which the subdivision is carried depends on the problem being
-~ solved. That is, segmentation should stop when the objects or regions of interest
in an application have been detected. For example, in the automated inspection
of electronic assemblies, interest lies in analyzing images of products with the
objective of determining the presence or absence of specific anomalies, such as
missing components or broken connection paths. There is no point in carrying
segmentation past the level of detail required to identify tHose elements.
Segmentation of nontrivial images is one of the fifost difficult tasks in image
- processing. Segmentation accuracy determines the eventual success or failure
of computerized analysis procedures. For this reason, considerable care should
be taken to improve the probability of accurate segmentation. In some situa-
tions, such as in industrial inspection applications, at least some measure of
control over the environment typically is possible. The experienced image pro-
cessing system designer invariably pays considerable attention to such oppor-
tunities. In other applications, such as autonomous target acquisition, the
system designer has no control over the operating environment, and the usual

Image Segmentation

689




See Sections 6.7 and
10.3.8 for a discussion of
segmentation techniques
based on more than just
| gray (intensity) values.

See Section 2.5.2
regarding connected sets.
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approach is to focus on selecting the types of sensors most likely to enhance
the objects of interest while diminishing the contribution of irrelevant image
detail. A good example is the use of infrared imaging by the military to detect
objects with strong heat signatures, such as equipment and troops in motion.

Most of the segmentation algorithms in this chapter are based on one of two
basic properties of intensity values: discontinuity and similarity. In the first cate-
gory, the approach is to partition an image based on abrupt changes in intensity,
such as edges. The principal approaches in the second category are based on par-
titioning an image into regions that are similar according to a set of predefined
criteria. Thresholding, regign growing, and region splitting and merging are ex-
amples of methods ig:this category. In this chapter, we discuss and illustrate a
number of these approaches and show that improvements in segmentation per-
formance can be achieved by combining methods from distinct categories, such
as techniques in which edge detection is combined with thresholding. We discuss
also image segmentation based on morphology. This approach is particularly at-
tractive because it combines several of the positive attributes of segmentation
based on the techniques presented in the first part of the chapter. We conclude
the chapter with a brief discussion on the use of motion cues for segmentation.

m Fundamentals

Let R represent the entire spatial region occupied by an image. We may view
image segmentation as a process that partitions R into n subregions,
Ry, R,, ..., R,, such that

@ UJR =R
i=1
(b) R;isaconnectedset,i =1,2,...,n.
(© RNR; = Jforalliandj,i # j.
@) O(R) = TRUEfori =1,2,...,n.
(e) O(R;UR)) = FALSE for any adjacent regions R; and R;.

Here, Q(R)) is a logical predicate defined over the points in set Ry, and & is the
null set. The symbols U and M represent set union and intersection, respec-
tively, as defined in Section 2.6.4. Two regions R; and R; are said to be adjacent
if their union forms a connected set, as discussed in Section 2.5.2.

Condition (a) indicates that the segmentation must be complete; that 1S,
every pixel must be in a region. Condition (b) requires that points in a region be
connected in some predefined sense (e.g., the points must be 4- or 8-connected,
as defined in Section 2.5.2). Condition (c) indicates that the regions must be
disjoint. Condition (d) deals with the properties that must be satisfied by the -
pixels in a segmented region—for example, Q(R;) = TRUE if all pixels in Ri -
have the same intensity level. Finally, condition (e) indicates that two adjacent
regions R; and R; must be different in the sense of predicate 0.

In general, Q can be a compound expression such as, for example, Q(R;) = TRUE if the average inten-
sity of the pixels in R; is less than 1, AND if the standard deviation of their intensity is greater than 7is
where m; and o; are specified constants.
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Thus, we see that the fundamental problem in segmentation is to partition
an image into regions that satisfy the preceding conditions. Segmentation al-
gorithms for monochrome images generally are based on one of two basic
categories dealing with properties of intensity values: discontinuity and sim-
ilarity. In the first category, the assumption is that boundaries of regions are
sufficiently different from each other and from the background to allow
boundary detection based on local discontinuities in intensity. Edge-based
segmentation is the principal approach used in this category. Region-based
segmentation approaches in the second category are based on partitioning an
image into regions that are similar according to a set of predefined criteria.

Figure 10.1 illustrates the preceding concepts. Figure 10.1(a) shows an image
of a region of constant intensity superimposed on a darker background, also of
constant intensity. These two regions comprise the overall image region. Figure
10.1(b) shows the result of computing the boundary of the inner region based
on intensity discontinuities. Points on the inside and outside of the boundary
are black (zero) because there are no discontinuities in intensity in those re-
gions. To segment the image, we assign one level (say, white) to the pixels on, or
interior to, the boundary and another level (say, black) to all points exterior to
the boundary. Figure 10.1(c) shows the result of such a procedure. We see that
conditions (a) through (c) stated at the beginning of this section are satisfied by

> »

abc
dle ' f

FIGURE 10.1 (a) Image containing a region of constant intensity. (b) Image showing the
boundary of the inner region, obtained from intensity discontinuities. (c) Result of
segmenting the image into two regions. (d) Image containing a textured region.
(e) Result of edge computations. Note the large number of small edges that are
connected to the original boundary, making it difficult to find a unique boundary using
only edge information. (f) Result of segmentation based on region properties.
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When we refer to lines,
we are referring to thin
structures, typically just a
few pixels thick. Such
lines may correspond, for
example, to elements of a
digitized architectural
drawing or roads in a
satellite image.

this result. The predicate of condition (d) is: If a pixel is on, or inside the boundary,
label it white; otherwise label it black. We see that this predicate is TRUE for the
points labeled black and white in Fig. 10.1(c). Similarly, the two segmented
regions (object and background) satisfy condition (e). :

The next three images illustrate region-based segmentation. Figure 10.1(d)
is similar to Fig. 10.1(a), but the intensities of the inner region form a textured
pattern. Figure 10.1(e) shows the result of computing the edges of this image.
Clearly, the numerous spurious changes in intensity make it difficult to iden-
tify a unique boundary for the original image because many of the nonzero
intensity changes are connected to the boundary, so edge-based segmentation
is not a suitable apprgach. We note however, that the outer region is constant,
so all we need to solve this simple segmentation problem is a predicate that
differentiates between textured and constant regions. The standard deviation
of pixel values is a measure that accomplishes this, because it is nonzero in
areas of the texture region and zero otherwise. Figure 10.1(f) shows the result
of dividing the original image into subregions of size 4 X 4. Each subregion
was then labeled white if the standard deviation of its pixels was positive (i.e.,
if the predicate was TRUE) and zero otherwise. The result has a “blocky” ap-
pearance around the edge of the region because groups of 4 X 4 squares
were labeled with the same intensity. Finally, note that these results also satisfy
the five conditions stated at the beginning of this section.

m Point, Line, and Edge Detection

The focus of this section is on segmentation methods that are based on detect-
ing sharp, local changes in intensity. The three types of image features in which
we are interested are isolated points, lines, and edges. Edge pixels are pixels at
which the intensity of an image function changes abruptly, and edges (or edge
segments) are sets of connected edge pixels (see Section 2.5.2 regarding con-
nectivity). Edge detectors are local image processing methods designed to de-
tect edge pixels. A line may be viewed as an edge segment in which the
intensity of the background on either side of the line is either much higher or
much lower than the intensity of the line pixels. In fact, as we discuss in the fol-
lowing section and in Section 10.2.4, lines give rise to so-called “roof edges.”
Similarly, an isolated point may be viewed as a line whose length and width aré
equal to one pixel.

10.2.1 Background

As we saw in Sections 2.6.3 and 3.5, local averaging smooths an image. Given
that averaging is analogous to integration, it should come as no surprise that
abrupt, local changes in intensity can be detected using derivatives. For 1éd-
sons that will become evident shortly, first- and second-order derivatives are
particularly well suited for this purpose.

Derivatives of a digital function are defined in terms of differences. Ther®
are various ways to approximate these differences but, as explained. m
Section 3.6.1, we require that any approximation used for a first derivative
(1) must be zero in areas of constant intensity; (2) must be nonzero at the ons.et
of an intensity step or ramp; and (3) must be nonzero at points along an intensity
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ramp. Similarly, we require that an approximation used for a second derivative
(1) must be zero in areas of constant intensity; (2) must be nonzero at the
onset and end of an intensity step or ramp; and (3) must be zero along intensi-
ty ramps. Because we are dealing with digital quantities whose values are fi-
nite, the maximum possible intensity change is also finite, and the shortest
distance over which a change can occur is between adjacent pixels.

We obtain an approximation to the first-order derivative at point x of a
one-dimensional function f(x) by expanding the function f(x + Ax) into a
Taylor series about x, letting Ax = 1, and keeping only the linear terms (Prob-
lem 10.1). The result is the digital difference

T p) = o+ 1) - 10 (102-1)

We used a partial derivative here for consistency in notation when we consid-
er an image function of two variables, f(x, y), at which time we will be dealing
with partial derivatives along the two spatial axes. Clearly, f/ox = df/dx
when f is a function of only one variable.

We obtain an expression for the second derivative by differentiating Eq.
(10.2-1) with respect to x:

2
DY pern -
X

=f(x+2)—f(x+1)—f(x+1)+f(X)
= fle +2) —2f(x + 1) & f(x)

where the second line follows from Eq. (10.2-1). This expansion is about point
x + 1. Our interest is on the second derivative about point x, so we subtract 1
from the arguments in the preceding expression and obtain the result

P

2= [0 =fa+ )+ flx = 1) = 2f(%) (10.2-2)

It easily is verified that Egs. (10.2-1) and (10.2-2) satisfy the conditions stated
at the beginning of this section regarding derivatives of the first and second
order. To illustrate this, and also to highlight the fundamental similarities and
differences between first- and second-order derivatives in the context of
image processing, consider Fig. 10.2. #

Figure 10.2(a) shows an image that contains variots solid objects, a line, and a
single noise point. Figure 10.2(b) shows a horizontal intensity profile (scan line)
of the image approximately through its center, including the isolated point. Tran-
sitions in intensity between the solid objects and the background along the scan
line show two types of edges: ramp edges (on the left) and step edges (on the
right). As we discuss later, intensity transitions involving thin objects such as
lines often are referred to as roof edges. Figure 10.2(c) shows a simplification of
the profile, with just enough points to make it possible for us to analyze numeri-
cally how the first- and second-order derivatives behave as they encounter a
noise point, a line, and the edges of objects. In this simplified diagram the

Recall from Section 2.4.2
that increments between
image samples are
defined as unity for
notational clarity, hence
the use of Ax = 1 in the
derivation of Eq. (10.2-1).
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transition in the ramp spans four pixels, the noise point is a single pixel, the line
is three pixels thick, and the transition of the intensity step takes place between
adjacent pixels. The number of intensity levels was limited to eight for simplicity.

Consider the properties of the first and second derivatives as we traverse the
profile from left to right. Initially, we note that the first-order derivative is
nonzero at the onset and along the entire intensity ramp, while the second-
order derivative is nonzero only at the onset and end of the ramp. Because
edges of digital images resemble this type of transition, we conclude that first-
order derivatives produce “thick” edges and second-order derivatives much
finer ones. Next we encoupter the isolated noise point. Here, the magnitude of
the response at the pqint is much stronger for the second- than for the first-order
derivative. This is not unexpected, because a second-order derivative is much

g ; _— Isolated point iR
]
>
a 5 oo Iy 1
2 4 - /_Ramp i \‘ Linex Step\ll
= N 1
= 3 bt I\ Flat segment A I
2 . [ £ !
1 e P \ PR ]
0 “o—e 4 o—0—o ¢ - o—0 6
Image strip[5]5[4]3]2]1]0]0]0]6]o[oJo[o]1[3]t][0]olo[o]7][7]7][7]-]*
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Second derivative =10 0 0 0 1 0 6-126 0 0 1 1 —41 1 00 7-700
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FIGURE 10.2 (a) Image. (b) Horizontal intensity profile through the center of the image
including the isolated noise point. (c) Simplified profile (the points are joined by daSheS
for clarity). The image strip corresponds to the intensity profile, and the numbers 1n the
boxes are the intensity values of the dots shown in the profile. The derivatives Wer®
obtained using Eqgs. (10.2-1) and (10.2-2). k.
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more aggressive than a first-order derivative in enhancing sharp changes. Thus,
we can expect second-order derivatives to enhance fine detail (including noise)
much more than first-order derivatives. The line in this example is rather thin, so
it too is fine detail, and we see again that the second derivative has a larger mag-
nitude. Finally, note in both the ramp and step edges that the second derivative
has opposite signs (negative to positive or positive to negative) as it transitions
into and out of an edge. This “double-edge” effect is an important characteristic
that, as we show in Section 10.2.6, can be used to locate edges. The sign of the
second derivative is used also to determine whether an edge is a transition from
light to dark (negative second derivative) or from dark to light (positive second
derivative), where the sign is observed as we move into the edge.

In summary, we arrive at the following conclusions: (1) First-order derivatives
generally produce thicker edges in an image. (2) Second-order derivatives have
a stronger response to fine detail, such as thin lines, isolated points, and noise.
(3) Second-order derivatives produce a double-edge response at ramp and step
transitions in intensity. (4) The sign of the second derivative can be used to de-
termine whether a transition into an edge is from light to dark or dark to light.

The approach of choice for computing first and second derivatives at every
pixel location in an image is to use spatial filters. For the 3 X 3 filter mask in
Fig. 10.3, the procedure is to compute the sum of products of the mask coefficients
with the intensity values in the region encompassed by the mask. That is, with ref-
erence to Eq. (3.4.3), the response of the mask at the center point of the region is

R =wizy + wozp + -+ + Wozg

9
= Ewkzk
k=1

where z;, is the intensity of the pixel whose spatial location corresponds to the
location of the kth coefficient in the mask. The details of implementing this op-
eration over all pixels in an image are discussed in detail in Sections 3.4 and
3.6. In other words, computation of derivatives based on spatial masks is spa-
tial filtering of an image with those masks, as explained in those sections.’

(10.2-3)

wq Wy W3

Wy Ws We ¥
B

Wy wg Wy

fAs explained in Section 3.4.3, Eq. (10.2-3) is simplified notation either for spatial correlation, given by
Eq. (3.4-1), or spatial convolution, given by Eq. (3.4-2). Therefore, when R is evaluated at all locations in
an image, the result is an array. All spatial filtering in this chapter is done using correlation. In some in-
stances, we use the term convolving a mask with an image as a matter of convention. However, we use
this terminology only when the filter masks are symmetric, in which case correlation and convolution
yield the same result.

FIGURE 10.3
A general 3 X 3
spatial filter mask.
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10.2.2 Detection of Isolated Points

Based on the conclusions reached in the preceding section, we know that point
detection should be based on the second derivative. From the discussion in
Section 3.6.2, this implies using the Laplacian:

9
f &’f
V2 i 2:4)
flx,y) = 6y2 (10.2-4)
where the partials are obtained using Eq. (10.2-2):
L
P Cr,
D v+ fe -1y -2y (1029
and
*f(x,
D = fny £ 0+ ey =D -2y 1026
The Laplacian is then

sz(x,y)=f(x+1,y)+f(x—1,y)+f(x,y+1)

(10.2-7) -
+ f(x’y - 1) - 4f(x,_Y)

As explained in Section 3.6.2, this expression can be implemented using the
mask in Fig. 3.37(a). Also, as explained in that section, we can extend Eq. (10.2-7) |
to include the diagonal terms, and use the mask in Fig. 3.37(b). Using the

Laplacian mask in Fig. 10.4(a), which is the same as the mask in Fig. 3.37(b), we
say that a point has been detected at the location (x, y) on which the mask i ,
centered if the absolute value of the response of the mask at that point exceeds

a specified threshold. Such points are labeled 1 in the output image and all
others are labeled 0, thus producing a binary image. In other words, the output
is obtained using the following expression:

1 if|R(x,y)| =T
= 10.2-8
8(x.y) {0 otherwise ( ) ‘

where g is the output image, T is a nonnegative threshold, and R is given by
Eq. (10.2-3). This formulation simply measures the weighted differences be-
tween a pixel and its 8-neighbors. Intuitively, the idea is that the intensity of ai
isolated point will be quite different from its surroundings and thus will be €as-
ily detectable by this type of mask. The only differences in intensity that ar¢
considered of interest are those large enough (as determined by 7') to be col-
sidered isolated points. Note that, as usual for a derivative mask, the coeffi-
cients sum to zero, indicating that the mask response will be zero in areas of
constant intensity.
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1 1 1.
1 -8 il
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Il We illustrate segmentation of isolated points in an image with the aid of
- Fig. 10.4(b), which is an X-ray image of a turbine blade from a jet engine. The
- blade has a porosity in the upper-right quadrant of the image, and there is a
single black pixel embedded within the porosity. Figure 10.4(c) is the result of
- applying the point detector mask to the X-ray image, and Fig. 10.4(d) shows
the result of using Eq. (10.2-8) with 7" equal to 90% of the highest absolute
pixel value of the image in Fig. 10.4(c). The single pixel is clearly visible in this
image (the pixel was enlarged manually to enhance its visibility). This type of
detection process is rather specialized, because it is based on abrupt intensity
changes at single-pixel locations that are surrounded by a homogeneous back-
ground in the area of the detector mask. When this condition is not satisfied,
other methods discussed in this chapter are more suitable for detecting inten-
sity changes. i
3
N
10.2.3 Line Detection

The next level of complexity is line detection. Based on the discussion in
Section 10.2.1, we know that for line detection we can expect second deriva-
- tives to result in a stronger response and to produce thinner lines than first
derivatives. Thus, we can use the Laplacian mask in Fig. 10.4(a) for line detection
also, keeping in mind that the double-line effect of the second derivative must
be handled properly. The following example illustrates the procedure.

a
bliciid

FIGURE 10.4

(a) Point
detection
(Laplacian) mask.
(b) X-ray image
of turbine blade
with a porosity.
The porosity
contains a single
black pixel.

(c) Result of
convolving the
mask with the
image. (d) Result
of using Eq. (10.2-8)
showing a single
point (the point
was enlarged to
make it easier to
see). (Original
image courtesy of
X-TEK Systems,
Ltd.)

EXAMPLE 10.1:
Detection of
isolated points in
an image.
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EXAMPLE 10.2:
Using the
Laplacian for line
detection.

ab
cd

FIGURE 10.5

(a) Original image.
(b) Laplacian
image; the
magnified section
shows the
positive/negative
double-line effect
characteristic of the
Laplacian.

(c) Absolute value
of the Laplacian.
(d) Positive values
of the Laplacian.

I Figure 10.5(a) shows a 486 X 486 (binary) portion of a wire-bond mask for
an electronic circuit, and Fig. 10.5(b) shows its Laplacian image. Because the
Laplacian image contains negative values,’ scaling is necessary for display. As
the magnified section shows, mid gray represents zero, darker shades of gray
represent negative values, and lighter shades are positive. The double-line ef-
fect is clearly visible in the magnified region.

At first, it might appear that the negative values can be handled simply by
taking the absolute value of the Laplacian image. However, as Fig. 10.5(c)
shows, this approach doubles the thickness of the lines. A more suitable ap-
proach is to use only the pgsitive values of the Laplacian (in noisy situations
we use the values that exceed a positive threshold to eliminate random vari-
ations about zero caused by the noise). As the image in Fig. 10.5(d) shows,
this approach results in thinner lines, which are considerably more useful.
Note in Figs. 10.5(b) through (d) that when the lines are wide with respect to
the size of the Laplacian mask, the lines are separated by a zero “valley.”

N l‘l'y/: W
wns

i

"When a mask whose coefficients sum to zero is convolved with an image, the pixels in the resu!ting
image will sum to zero also (Problem 3.16), implying the existence of both positive and negative pixels
in the result. Scaling so that all values are nonnegative is required for display purposes.
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This is not unexpected. For example, when the 3 X 3 filter is centered on a
line of constant intensity 5 pixels wide, the response will be zero, thus pro-
ducing the effect just mentioned. When we talk about line detection, the as-
sumption is that lines are thin with respect to the size of the detector. Lines
that do not satisfy this assumption are best treated as regions and handled by
the edge detection methods discussed later in this section. w

The Laplacian detector in Fig. 10.4(a) is isotropic, so its response is indepen-
dent of direction (with respect to the four directions of the 3 X 3 Laplacian
mask: vertical, horizontal, and two diagonals). Often, interest lies in detecting
lines in specified directions. Consider the masks in Fig. 10.6. Suppose that an
image with a constant background and containing various lines (oriented at 0°,
+45°, and 90°) is filtered with the first mask. The maximum responses would
occur at image locations in which a horizontal line passed through the middle
row of the mask. This is easily verified by sketching a simple array of 1s with a line
of a different intensity (say, 5s) running horizontally through the array. A similar
experiment would reveal that the second mask in Fig. 10.6 responds best to lines
oriented at +45°; the third mask to vertical lines; and the fourth mask to lines in
the —45° direction. The preferred direction of each mask is weighted with a larg-
er coefficient (i.e.,2) than other possible directions. The coefficients in each mask
sum to zero, indicating a zero response in areas of constant intensity.

Let Ry, R, Rs, and R, denote the responses of the masks in Fig. 10.6, from
left to right, where the Rs are given by Eq. (10.2-3). Suppose that an image is
filtered (individually) with the four masks. If, at a given point in the image,
|Ri| > IR)], forall j # k, that point is said to be more likely associated with a
line in the direction of mask k. For example, if at a point in the image,
|R;| > |R| for j = 2,3, 4, that particular point is said to be more likely asso-
ciated w1th a horizontal line. Alternatively, we may be interested in detecting
lines in a specified direction. In this case, we would use the mask associated
with that direction and threshold its output, as in Eq. (10.2-8). In other words,
if we are interested in detecting all the lines in an image in the direction de-
fined by a given mask, we simply run the mask through the image and thresh-
old the absolute value of the result. The points that are left are the strongest
responses which, for lines 1 pixel thick, correspond closest to the direction
defined by the mask. The following example illustrates this procedure.

Recall from Section 2.4.2
that the image axis con-
vention has the origin at
the top left, with the pos-
itive x-axis pointing
down and the positive
y-axis extending to the
right. The angles of the
lines discussed in this
section are measured
with respect to the posi-
tive x-axis. For example, a
vertical line has an angle
of 0°,and a +45° line
extends downward and
to the right.

Do not confuse our use of
R to designate mask re-
sponse with the same
symbol to denote regions
in Section 10.1.

=il =i =i 2 =1 =il Ay EQZ =1 =1 -1 2

2 2 2 =1 2 =il = 2 -1 =1 2 -1

= = =l =i -1 2 = 2 =i 2 -1 =]
Horizontal +45° Vertical —45°

FIGURE 10.6 Line detection masks. Angles are with respect to the axis system in Fig. 2.18(b).
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Although we follow
convention in using 0
intensity for the
background and 1 for
object pixels, any two
distinct values can be
used in Eq. (10.3-1).

original image. The lines were obtained by joining all gaps not exceeding
20% of the image height (approximately 100 pixels). These lines clearly corre-
spond to the edges of the runway of interest.

Note that the only key knowledge needed to solve this problem was the ori-
entation of the runway and the observer’s position relative to it. In other
words, a vehicle navigating autonomously would know that if the runway of in-
terest faces north, and the vehicle’s direction of travel also is north, the runway
should appear vertically in the image. Other relative orientations are handled
in a similar manner. The orientations of runways throughout the world are
available in flight charts, and direction of travel is easily obtainable using GPS
(Global Positioning §ystem) information. This information also could be used
to compute the distance between the vehicle and the runway, thus allowing es-
timates of parameters such as expected length of lines relative to image size, as
we did in this example. n

<\ Thresholding

Because of its intuitive properties, simplicity of implementation, and computa-
tional speed, image thresholding enjoys a central position in applications of
image segmentation. Thresholding was introduced in Section 3.1.1, and we
have used it in various discussions since then. In this section, we discuss thresh-
olding in a more formal way and develop techniques that are considerably
more general than what has been presented thus far.

10.3.7 Foundation

In the previous section, regions were identified by first finding edge segments
and then attempting to link the segments into boundaries. In this section, we
discuss techniques for partitioning images directly into regions based on inten-
sity values and/or properties of these values.

The basics of intensity thresholding

Suppose that the intensity histogram in Fig. 10.35(a) corresponds to an image,
J(x, ), composed of light objects on a dark background, in such a way that ob-
ject and background pixels have intensity values grorped into two dominant
modes. One obvious way to extract the objects from the background is to se-
lect a threshold, 7, that separates these modes. Then, any point (x, y) in the
image at which f(x, y) > T is called an object point; otherwise, the point is
called a background point. In other words, the segmented image, g(x, y), is
given by

o if f(x,y) > T ?
g(x,y) = {0 (e y) < T (10.3-1)

When T is a constant applicable over an entire image, the process given in this
equation is referred to as global thresholding. When the value of T changes
over an image, we use the term variable thresholding. The term local or
regional thresholding is used sometimes to denote variable thresholding in




T T T,

which the value of T at any point (x, y) in an image depends on properties of
a neighborhood of (x, y) (for example, the average intensity of the pixels in
the neighborhood). If T depends on the spatial coordinates (x, y) themselves,
then variable thresholding is often referred to as dynamic or adaptive thresh-
olding. Use of these terms is not universal, and one is likely to see them used
interchangeably in the literature on image processing,.

Figure 10.35(b) shows a more difficult thresholding problem involving a
histogram with three dominant modes corresponding, for example, to two
types of light objects on a dark background. Here, multiple thresholding classi-
fies a point (x, y) as belonging to the background if f(x, y) = T, to one ob-
ject class if Ty < f(x, y)=T,, and to the other object class if f(x, y) > T.
That is, the segmented image is given by

a if f(x,y) > T,
glx,y)=4b ifT, < f(x,y) =T, (10.3-2)
c if f(x,y) =Ty

where a, b, and ¢ are any three distinct intensity values. We discuss dual thresh-
olding in Section 10.3.6. Segmentation problems requiring more than two
thresholds are difficult (often impossible) to solve, and better results usually
are obtained using other methods, such as variable thresholding, as discussed
in Section 10.3.7, or region growing, as discussed in Section 10.4.

Based on the preceding discussion, we may infer intuitively that the success
of intensity thresholding is directly related to the width and depth of the val-
ley(s) separating the histogram modes. In turn, the key factors affecting the
properties of the valley(s) are: (1) the separation between peaks (the further
apart the peaks are, the better the chances of separating,the modes); (2) the
noise content in the image (the modes broaden as neise increases); (3) the rel-
ative sizes of objects and background; (4) the uniformity of the illumination
source; and (5) the uniformity of the reflectance properties of the image.

The role of noise in image thresholding

As an illustration of how noise affects the histogram of an image, consider
Fig. 10.36(a). This simple synthetic image is free of noise, so its histogram consists
of two “spike” modes, as Fig. 10.36(d) shows. Segmenting this image into two
regions is a trivial task involving a threshold placed anywhere between the two
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FIGURE 10.35
Intensity
histograms that
can be partitioned
(a) by a single
threshold, and

(b) by dual
thresholds.






