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Mask/Neighborhood Processing

! =
1] (x,y) in animage
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image to generate
an output image.
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Point Processing

ab

FIGURE 3.2
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Image Negatives

S=(L-1)-r (3.2-1)

FIGURE 3.3 Some
Negative basic intensity
transformation
functions. All
curves were
scaled to fit in the
range shown.
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FIGURE 3.4

(a) Original digital
mammogram.

(b) Negative
image obtained
using the negative
transformation

in Eq. (3.2-1).
(Courtesy of G.E.
Medical Systems.)

Log Transformations

s=c-log(1 +r) (3.2-2)
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FIGURE 3.5

(a) Fourier
spectrum.

(b) Result of
applying the log
transformation in
Eq.(3.2-2) with

c=1.




Power-Law (Gamma) Transformations

s=c-r (3.2-3)

FIGURE 3.6 Plots
of the equation

y =010 s = cr’ for
various values of
y (¢ = linall
cases). All curves
were scaled to fit
in the range
shown.

Input intensity level, r

Gamma Correction
S=c-r (3.2-3)
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FIGURE 3.7
(a) Intensity ramp
image. (b) Image
as viewed on a
simulated monitor
with a gamma of
correction on monitor 235: (C) Gamma-
corrected image.
(d) Corrected
image as viewed
on the same
monitor. Compare
(d) and (a).

Gamma-corrected image Gamma-corrected image as
viewed on the same monitol




Power-Law (Gamma) Transformations

a) Magnetic
resonance

image (MRI) of a
fractured human
spine.

(b)—(d) Results of
applying the
transformation in
Eq. (3.2-3) with

¢ = 1and

¥ = 0.6,04,and

David R. Pickens,
Department of
Radiology and
Radiological
Scien

Power-Law (Gamma) Transformations

S=C-r
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FIGURE 3.9

(a) Aerial image.
(b)—(d) Results of
applying the
transformation in
Eq. (3.2-3) with

¢ = 1and

y = 3.0,4.0,and
5.0, respectively.
(Original image
for this example
courtesy of
NASA.)




Piecewise-Linear Transformation
Functions

Contrast stretching
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FIGURE 3.10
Contrast stretching.
(a) Form of
transformation
function. (b) A
low-contrast image.
- (c) Result of
LA L2 3L B o p contrast stretching.
Input intensity level, r ) (d) Result of
thresholding.
(Original image
courtesy of Dr.
Roger Heady,
Research School of
Biological Sciences,
Australian National
University,
Canberra,
Australia.)

Output intensity level, s

Piecewise-Linear Transformation
Functions

Intensity-level slicing
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FIGURE 3.11 (a) This
transformation
highlights intensity
range [A, B] and
reduces all other
intensities to a lower
level. (b) This
transformation
highlights range

[A, B] and preserves
all other intensity
levels.




Piecewise-Linear Transformation
Functions
Intensity-level slicing

abc

FIGURE 3.12 (a) Aortic angiogram. (b) Result of using a slicing transformation of the type illustrated in Fig.
3.11(a). with the range of intensities of interest selected in the upper end of the gray scale. (¢) Result of
using the transformation in Fig. 3.11(b), with the selected area set to black, so that grays in the area of the
blood vessels and kidneys were preserved. (Original image courtesy of Dr. Thomas R. Gest, University of
Michigan Medical School.)

Piecewise-Linear Transformation
Functions

Bit-plane slicing

One 8-bit byte Bit Pl'tll!ti N ] FIGURE 3.13

(most significant) Bitfplane
representation of
an 8-bit image.

Bit plane 1
(least significant)




Piecewise-Linear Transformation

Functions
Bit-plane slicing
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IGURE 3.14 (a) An 8-bit gray-scale image of size 500 X 1192 pixels. (b) through (i) Bit planes 1 through 8,
with bit plane 1 corresponding to the least significant bit. Each bit plane is a binary image.

Piecewise-Linear Transformation
Functions

Bit-plane slicing

FIGURE 3.15 Images reconstructed using (a) bit planes 8 and 7; (b) bit planes 8,7, and 6; and (c) bit planes 8,
7.6,and 5. Compare (c) with Fig. 3.14(a).




Definition of Histogram

The histogram of a digital image having intensity
levels [0,L-1] is h(r,)=n,, where r,is the k"
intensity value ancrnk the number of pixels in the
Image assuming intensity r,.

Normalization of histogram: h(r,)/MN (M-N is the
total number of pixels)

Histogram reflects important information about
the image.

— How do gray levels distributed in the image ?

— Sitill, not one-to-one

Important basis for numerous image processing
techniques.

Fig. 3.16 Four
basic image
types: Dark,
light, low
contract, high
contrast, and
their
corresponding
histogram




Histogram Equalization

Consider for a moment a continuous image, r(x,y), simply r
A transform of r as follows:

s=T(), 0 r 1
T is strictly monotonically increasing, hence a one-to-one
mapping
Then, according to probability theory, we have

Ps(S) = p(n)ldr/ds|

If the function T is the CDF of r and is strictly
monotonically increasing, then [dr/ds| = 1/p(r) according to
probability theory, hence

p(s)=1

This is called histogram equalization.

Histogram Equalization
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FIGURE 3.17

(a) Monotonically
increasing
function, showing
how multiple
values can map to
Single k / a single value.
value, s, (b) Strictly
monotonically
increasing
function. This is a
one-to-one
mapping, both
ways.

Single
value, s

Multiple Single L — 1
values  value

T(r) is non-decreasing T(r) is monotonically increasing
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Histogram Equalization

— Eq.(3.3-4) -

0

ab

FIGURE 3.18 (a) An arbitrary PDF. (b) Result of applying the transformation in
Eq.(3.3-4) to all intensity levels, r. The resulting intensities, s, have a uniform PDF,
independently of the form of the PDF of the r’s.

Analogue case: histogram is exactly equalized

Histogram Equalization: One Example

Table 4.1

ny Pr(rk) =

790
1023
850
656
329
245
122
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Histogram Equalization: One Example

L
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Figure 4.8 lllustration of the histogram-equalization method. (a) Original histogram,
() T ion function. (c) Equalized hi:

0 e
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Histogram Equalization

FIGURE 3.21
Transformation
functions for
histogram
equalization.
Transformations
(1) through (4)
were obtained from
the histograms of
the images (from
top to bottom) in
the left column of
Fig.3.20 using
Eq.(3.3-8).

Histogram Specification

Histogram equalization is only one way of
manipulating histogram

Sometimes, it does not work well
— Example 3.9 (Figures 3.23 and 3.24)
— next 2 slides

Hence, we would like to work on histogram
specification

r(x,y): given image having its histogram p(r)
z(x,y): desired image with histogram p(z)

13
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FIGURE 3.23

(a) Image of the
Mars moon
Phobos taken by
NASA’s Mars
Global Surveyor.
(b) Histogram.
(Original image
courtesy of
NASA.)
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FIGURE 3.24
(a) Transformation

Qutput intensity

(b) Histogram-
1 | equalized image
128 192 : (note the washed-
Input intensity out appearance).
T (c) Histogram
of (b).

Number of pixels ( X Ill")

|
128

Intensity
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a
b
d

FIGURE 3.25

(a) Specified
histogram.

(b) Transformations.
(c) Enhanced image
using mappings
from curve (2).

(d) Histogram of (c).

Histogram Specification

For given r(x,y), we can do histogram equalization,
end up with s(x,y) such that p(s) = CDF of r = T(r).

For desired z(x,y), also do histogram equalization,
end up with v(x,y) and p(v)=CDF of z = G(2).

Note that both s and v are roughly uniformly
distributed.

Hence, we have z = G1[T(r)]

For discrete case, we use mapping.

15



Histogram Specification

Example 3.8 (continuation of Example 3.5)
First, equalization of r and end up with

s =T(r)

Then, equalization of z, end up with v =
G(2)

Note that both s and v are (roughly)
uniform distributed.

Hence, we have z = GT(r)]
This is discrete case, we use mapping.

Histogram Specification

16



Histogram Specification
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Histogram Specification
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FIGURE 3.22

(a)F fistogram of a
3-bit image. (b)

(¢) Transformation
function obtained

from the specified
histogram.

(b) and (d).
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Specified Actual L‘:ﬁlflgfd and
P:(zy) Pz(zi) actual histograms
0.00 000 | omn are
0.00 0.00 from the
0.00 0.00 computations
0.15 0.19 performed in the
0.20 0.25 body of Example
0.30 0.21 3.8).
0.20 0.24
0.15 0.11

TABLE 3.3

All possible
values of the
transformation
function G scaled,
rounded, and
ordered with
respect to z.

N
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TABLE 3.4
Mappings of all
the values of s;,
into corresponding
values of z,,

EEEEY

Local Histogram Processing

» Discussed above is Global histogram
processing
— Transformation is based on global histogram
— Sometimes, this does not work effectively
— Example 3.10 (Fig. 3.26, the next slide)

Hence, we sometimes need local
histogram processing
- Based on local histogram

20
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FIGURE 3.26 (a) Original image. (b) Result of global histogram equalization. (c) Result of local
histogram equalization applied to (a), using a neighborhood of size 3 x 3.

Histogram Statistics for Image Enhancement

r: intensity value (treated as a random variable)
— Range of r: [0, L-1]
p(r) : pdf - normalized histogram

n" central moment: ()= ;i (r; - m)"p(r)

Mean:m=;r.p(r)

measure of average intensity
Variance: ,(r) = 4 (1 - m)?p(ry)
measure of contrast

Sample mean: m = (1/(M-N)) ,  f(x,y)

Sample variance: 2= (1/(M:N)) , , [f(x,y) - m]?
Sample mean and sample variance always can be found.
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IGURE 3.27 (a) SEM image of a tungsten filament magnified approximately 130x.
b) Result of global histogram equalization. (¢) Image enhanced using local histogram
statistics. (Original image courtesy of Mr. Michael Shaffer, Department of Geological
sciences, University of Oregon, Eugene.)

SEM: Scanning electron microscope
for processing refer to the next slide

Parameters used in Figure 3.27

* S, a3x3 neighborhood
— Msyy»  sxy - l0Cal mean and local standard deviation
— mg,, compared with Mg (global mean)
sxy compared with Dg (global standard deviation)

* gxy)= Ef(xy) ifmg kMg &KiDg sy KoDg
= f(x,y) otherwise

» Parameters used in Figure 3.27:
- E=4.0, ko= 0.4, k,=0.02,

22



Window operation (filtering)

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 smlp]nfes writing E\pressinns for linear filtering.

Window operation (filtering)

o g(x,y)=w(-1,-1)f(x-1,y-1)+w(-1,0)f(x-1,y)+...
+w(0,Df(X,y)+...+w(1,1)x(x+1,y+1)
o Spatial filter: linear vs. non-linear
 Linear spatial filtering:
9(XY) = szawa t=biob WS DIX+s,y+t)
where x and y are varied so that each

pixel (x,y) in the image has been visited by
the window center.

23



Correlation and Convolution

Correlation Convolution

/— Origin f B p ~ Origin f w rotated 180°
(@ 00010000 12328 00010000 82321

'
(b) Do0o01O00O0O0D goo10000
12328 32321

4 N
L Starting position alignment

i Zero padding 1
r T —
000000010000 0000 00000001 00000000 (k

12328 82321

(O0O0OODO0DTO0O00DO0O00 00000001 00000000 ()
12328 82321
¢ Position after one shift

D000 OD0OO0LO0OOODOO0OD 00000001 0000000 0 (m)
12328 82321

i =
— Position after four shifts

M oooo0oo0O0D01O0000DOD0ODO0 DO O00000DO01TO0O0ODO0DO0O0O0O0O0 (n)
123238 82321
Final position —!

Full correlation result |3 = 1= 12 Full convolution result
000823210000 0D00D123280000 (0)

Cropped correlation result Cropped convolution resull

(h) 08232100 01232800 (p)

FIGURE 3.29 Illustration of 1-D correlation and convolution of a filter with a discrete unit impulse. Note that
correlation and convolution are functions of displacement.

Correlation and Convolution

Correlation:
WXY) 9(X.Y)= s—atoa t=btob W(S,DF(X+S,y+t)

f(x,y): image
w(X,y): linear filter, size mxn, m and n are odd numbers
a=(m-1)/2, b = (n-1)/2

Convolution:
WOGY)*O(GY)=  smatoa t=btob W(S:DI(X-S,y-t)

Convolution/Correlation filter, mask, kernal




Correlation and Convolution

Padded f

(middle row) and
convolution (last
w(x, y) row)of a2-D
1 123 filter with a 2-D
4356 discrete, unit
789 .
(@) (b) impulse. The Os
w_ Initial position for w Full correlation result Cropped correlation result are shown in gray
23 to simplify visual
analysis.

[()n_ﬂm flx,y)

56
8 9]

(c) (d) (e)

. Rotated w Full convolution result Cropped convolution result

123
4 5 6

Vector representation of linear filtering

FIGURE 3.31
Another
representation of
ageneral 3 X 3
filter mask.

R=" 1109 WiZk=W'Z
w and z are 9-D vectors

w: weights (filter coefficients)

z: image intensities encompassed by the mask
Normalization: dividing the w'z by the sum of all the nine weights.
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Average filter (a LPF)

FIGURE 3.31
Another
representation of
ageneral 3 X 3
filter mask.

* R=(1/9) |-1109 2k, 1.€., W, =1/9 for all i.

» This will lead to image smoothing.

Non-linear filtering

» Non-linear filtering is also possible.

* For example: maximum filter. There the
maximum value among 9 pixel values is
used to replace the central pixel value.

* Ordered filter will be discussed later.

26



Smoothing Spatial filtering

FGURE 3.3 (a) Origial image, of size 50 Wl PL\LS (b)-{f) Results of smoothing
with square averaging fl]lil‘mﬂikwfﬂld‘ 9‘15 nd 35, respectively, The black
squares at the top are of sizes 3,5,9,15,2 5 pm respectively, their borders
are 25 pixels opart. The letters at the bﬂllem range in size from 10 to 24 points, in
increments of 2 points; the large letter at the lop is bl points. The vertical bars are 5 pixels
wide and 100 pixels high; their separation is 20 pixels. The diameter of the circles is 25
pm]s.:md their borders are 15 puelx apart, their umlmu 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 % 120 pixels.
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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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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.)

Threshold = 25% of the highest intensity in (b)

(c) shows the largest, brightest objects in image (a)

Order-Statistic Filters

Non-linear filtering
Median filter
Able to remove impulse noise

— Often called salt-and-pepper noise
— 50t percentile of a ranked set of numbers

Maximum filter
— looth
Minimum filter
— Oth

28



Sharpening Spatial Filter

» 1storder derivative of a 1-D function f(x)
fl x = f(x+1) — f(x)
(Suitable for edge detection)

« 2nd order derivative of a 1-D function f(x)
2fl x? = f(x+1) + f(x-1) — 2f(x)
(Sensitive to change)

* In both cases, using difference to approximate
differentiation.

29



Laplacian — Using 2 "d order
derivative for image sharpening

e Laplacian

2 (x,y)= 2fl x2+ 2f] y?
2/ x2 = f(x+1,y) + f(x-1,y) — 2f(X,y)
2ol y2 = f(x,y+1) + f(x,y-1) — 2f(x,y)

A (xy) = f(x+1y) + f(x-1y) + f(x,y+1) +
f(x,y-1) — 4f(x,y)

30



“Recover” background

* The Laplacian highlights intensity
discontinuity and de-emphases regions
with slowly varying intensities.

» Background can be “recovered” while still
preserving the sharpening effect by adding
the Lapalacian image to the original one:

—g(xy) = f(x,y) + c[ 2f (x,y)]
—C=1o0or-1
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Gradient — Using 1 st order derivative
for image sharpening

Gradiant
f (x,y) = grad(f)
=lgcgl" =[x flyI
Magnitude of gradient M(x,y)
M(x.y) = mag( f) = [(9,)* + g,)?]*?
Gradient image (each element is gradient)

In DIP, M(x,y) = mag( f) g, + g,

32



Gradient — Using 15t order derivative
for image sharpening

* Roberts gradient
M(x,y) =mag( f) [zg-zs| + [zg- Zg]

» Sobel gradient
M(x,y) = mag( f)
|(z; + 2zg+ 29) — (21 + 22, + Z5)|
+|(Z3+ 225+ 2g) — (21 + 224+ Z,)|

33
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lllustration of Figure 3.43

Aim: To have more skeletal detail
Utilize the Laplacian to highlight fine detail

Utilize gradient to enhance prominent
edges

Use a smoothed version of the gradient
Image to mask the Laplacian image
(hence removing noise in the background)

Increase the dynamic range of intensity by
using power law
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Summary

Image enhancement in spatial domain
Two ways: point-wise and window-wise

Smooth, noise removal
Sharpening, edge enhancement
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