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PREFACE

The field of digital image processing has grown considerably during the
past decade with the increased utilization of imagery in myriad applications
coupled with improvements in the size, speed, and cost effectiveness of
digital computers and related signal processing technologies. Image proc-
essing has found a significant role in scientific, industrial, biomedical,
space, and governmental applications. Such applications include the digital
transmission of spacecraft imagery and personal telephone carrier tele-
vision; the resolution improvement of electron microscope images and the
compensation of sensor and transmission errors of pictures transmitted
from deep-space probes; the automatic classification of terrain and detec-
tion of resources from earth resources satellite pictures; the formation and
enhancement of biomedical imagery, including radiographs, thermograms,
and nuclear scanned images; automatic map making from aerial photo-
graphs; and the detection of cracks and flaws in machine parts from
industrial radiographs. In the future image processing will, no doubt, be
utilized to a greater extent to aid medical practitioners in the detection and
diagnosis of disease from biomedical images. Industrial applications should
abound; image processing systems will analyze scenes from the “eyes’ of
industrial automatons to control their actions. Efficient image coding
techniques offer the promise of scores of personal two-way television
channels for homes and businesses. The list is limited only by imagination.

This book is intended to serve as a text for an electrical engineering or
computer science graduate course in digital image processing, and as a
reference for practicing engineers and scientists engaged in image process-
ing research and development activities. Digital image processing is a
broad subject encompassing studies of physics, physiology, electrical en-
gineering, computer science, and mathematics. Readers are assumed to
have an undergraduate technical background in one of these areas. Knowl-
edge of linear system theory, vector algebra, probability, and random
processes is certainly beneficial, but not absolutely necessary.

The book is divided into six parts. Part 1 contains three chapters con-
cerned with the characterization of continuous images. Topics covered
include the mathematical representation of continuous images, the psy-
chophysical properties of human vision, and photometry and colorimetry.
In Part 2 image sampling and quantization techniques are explored along
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Noise Cleaning 319
12.3. NOISE CLEANING

An image may be subject to noise and interference from several sources
including electrical sensor noise, photographic grain noise, and channel
errors. These noise effects can be minimized by classical statistical filtering
techniques to be discussed in Chapter 14. Another approach is the ap-
plication of spatial ad hoc processing techniques.

Image noise arising from a noisy sensor or channel transmission errors
usually appears as discrete isolated pixel variations that are not spatially
correlated. Pixels that are in error often appear markedly different from
their neighbors. This observation is the basis of many noise-cleaning al-
gorithms (8-11). Figure 12.3-1 describes a simple ‘“‘out-range” noise-
cleaning method. With this technique, each pixel is sequentially examined,
and if the magnitude of a pixel is greater than the average brightness of its
immediate neighbors by some threshold level, it is replaced by the average
value. Figure 12.3-2 provides examples of this noisc-cleaning algorithm for
PCM pictures subjected to simulated binary symmetric channel errors with
an error rate of 1077,

Noise in an image generally has a higher spatial frequency spectrum than
the normal image components because of its spatial decorrelatedness.
Hence simple low-pass spatial filtering can be effective for noise smooth-
ing. Following the techniques outlined in Part 3, an output M X M image
array Q is formed by discrete convolution of the input N X N image array
F with the L X L convolution array H according to the relation

Q(my,my)=) Y F(n,ny))H(m,—n,+1,my—n,+1) (12.3-1)

nyn2
0,10,(0,
. Og| X |04
07 06 05 |
| 8
IF [X_E..zl oi] >e THEN
% & %EB:O; FIGURE 12.3-1. Example of noise-cleaning

algorithm.



320 Image Enhancement

(b)

(c) (d)
FIGURE 12.3-2. Examples of noise cleaning with out-range algorithm with ¢ = 49. (a)
Noisy GIRL. (b) Noisy MOON. (c) Cleaned GIRL. (d) Cleaned MOON.

For noise smoothing H should be of low-pass form with all positive
components. Several.convolution arrays of low-pass form are listed below.

Mask 1

Mask 2

1
H=—1|1 2 1 (12.3-2b)
1
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Mask 3

1
2 (12.3-2¢)
|

L
16

—_— D e
SO RSN )

These arrays, which are often called noise-cleaning masks, are normalized
to unit weighting so that the noise-cleaning process does not introduce a
brightness bias in the processed image. The effect of noise cleaning with
these arrays is shown in Figure 12.3-3. If the required noise mask becomes
large in order to achieve adequate noise cleaning, it is usually more
computationally efficient to perform the convolution operation indirectly
by the Fourier filtering techniques outlined in Chapter [1.

(d)

FIGURE 12.3-3. Examples of noise cleaning with low-pass convolution masks. (a)
Noisy original. (b) With mask No. 1. (c) With mask No. 2. (d) With mask No. 3.



322 Image Enhancement
12.4. EDGE CRISPENING

Psychophysical experiments indicate that a photograph or visual signal
with accentuated edges is often more subjectively pleasing than an exact
photometric reproduction. Edge enhancement or crispening can be ac-
complished in a variety of ways.

For electronically scanned images the scanner signal can be passed
through an electrical filter with a high-frequency bandpass characteristic.
Another possibility for scanned images is the technique of unsharp mask-
ing (12). In this process the image is effectively scanned by two overlapping
apertures, one at normal resolution and the other at a lower resolution,
producing normal and low-resolution images F(j, k) and F,(j, k), respec-
tively. A masked image

Fu(j, k) = cF(j, k) = (1= c)FL(j, k) (124-1)

is then formed electronically where ¢ is a proportionality constant. Typi-
cally, ¢ is in the range of 2 to 3 so that the ratio of normal to low-resolution
components in the masked image is from 1.5:1 to 5:1. Figure 12.4-1
illustrates typical scan signals for scanning over a sharp edge. The masked
signal has a longer duration edge gradient as well as an overshoot com-
pared to the original high-resolution signal. Subjectively, the apparent
sharpness of the image is improved.

Edge crispening can also be accomplished by discrete convolutional
filtering, as defined by Eq. 12.3-1, in which the impulse response array H is

‘T

(a)'HIGH RESOLUTION

'

\

(b) LOW RESOLUTION

f

(c) UNSHARP MASKED SIGNAL

FIGURE 12.4-1. Waveforms in an unsharp masking image enhancement system.
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of high-pass form (13-15). Several typical high-pass masks are listed
below.

Mask 1
0 -1 0]
H=|-1 5 -1 (12.4-2)
-1 0]
Mask 2
=1 =1 =1]
H=|-1 9 -1 (12.4-3)
=1 = —1~
Mask 3
1 -2 1
H= |-2 § 3 (12.4-4)
1 -2 1

These masks possess the property that the sum of their elements is unity.
Figure 12.4-2 provides examples of edge crispening with unsharp masking
and with high-pass masks.

Another form of edge enhancement called statistical differencing (7, 16,
p. 100) involves the generation of an image by dividing each pixel value by
its measured statistical standard deviation o (J, k) according to the relation

) F(j, k)
G(j,k)=—"—""= (12.4-5)
R =00
where the standard deviation
o’(j, k)= L2 [F(j, k)-F(j, k)T’ (12.4-6)
i k
ik eN (k)

is computed over some neighborhood N(j, k) of the pixel at coordinate
(j, k). The function F(j, k) is the mean value of the original image at point
(j, k), which is approximated by blurring or smoothing the original image
by a smoothing operator of low-pass form as described by Eq. 12.3-1. The
enhanced image G(J, k) will be increased in amplitude with respect to the
original image F(j, k) at edge points that deviate from their neighbors, and
decreased in relative amplitude elsewhere. It should be stressed that noise
components may be accentuated as well as valid edge structure.



(d) (e)

FIGURE 12.4-2. Examples of edge crispening with unsharp masking and with high
pass masks. (a) Original. (b) Unsharp masking ¢ =3. (c) Mask No. 1. (d) Mask No. 2. (e)
Mask No. 3.

FIGURE 12.4-3. Example of statistical differencing (17). Photographs provided by R.

H. Wallis, Stanford Technology Corp., Sunnyvale, California. (a) Original. (b) Neigh-

borhood average. (c) Neighborhood standard deviation. (d) Enhancement « =0.8,
mg =128, ay =85, A =6. (e) Enhancement a =0.1, my =128, ay =85, A =6.
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326 Image Enhancement

Wallis (17) has suggested a generalization of the statistical differencing
operator in which the enhanced image is forced to a form with desired first-
and second-order moments. The operator is defined by

AO’d

m]+[ama+(1—a)1:(f,k)]

(12.4-7)

G, k)=[F(f,k)—F<f,k)][

where m, and o, represent desired mean and standard deviation factors, A
is a gain factor that prevents overly large output values when o (j, k) is
small, and a is a proportionality factor controlling the ratio of edge to
background composition of the enhanced image. Figure 12.4-3 illustrates
the effect of statistical differencing on a scene with deep sun shadows. In
this example the experimental mean and standard deviation factors are
computed in nonoverlapping 20 X 20 pixel blocks. Bilinear interpolation of
the four nearest block values is used to compute the mean and standard
deviation at each point.

12.5. TRANSFORM PROCESSING

Unitary image transforms such as the Fourier and Hadamard transforms
provide a spectral decomposition of an image into coefficients that tend to
isolate certain features of an image. For example, the first or d.c. spectral
component is proportional to the average image brightness, and the higher
spatial frequency or sequency components are measures of the image edge
content. This inherent property of many image transforms can be exploited
for image enhancement. Let %(u, v) represent the discrete two-dimen-
sional unitary transform of a sampled image F(j, k) as given by the trans-
form pairs

]

Fuv)=3 I F(, kKA k;u,0) (12.5-1a)
Y j=0 k=0
N-1N-1

F(j, k)= Y Y F(u,v)B(j,k;u,v) (12.5-1b)
=0 p=0

where A(j, k; u,v) and B(j, k; u, v) are the forward and inverse transform
kernels, respectively.

Coefficient Rooting (3)

In the coefficient rooting process the magnitude of each transform domain
coefficient is raised to a power and the sign or phase portion of the
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coefficient is retained. The modified transform coefficient is given by

F(u,v)

?(u, v)= |J’(

IIJ'( v)l“ F(u, v)l./'(u v)|° . (12.5-2)

For a Fourier transform in which
F(u,v)=M(u,v) exp {i®(u, v)} (12.5-3)

where /(u, v) and ®(u, v) are the magnitude and phase components of the
transform coeflicient, respectively, the modified coefficient becomes

F(u,v)=[Mu,v)] exp {i®P(u, v)} (12.5-4)

In the limiting case for which @ =0, the modified transform coefficient is
simply the phase component of the image. If the rooting factor « is chosen
to be less than unity, the coefficient rooting operation tends to reduce the
magnitude of high-amplitude transform coefficients and increase the am-
plitude of low-magnitude coefficients. The result of this energy redistribu-
tion in the transform domain is often a better utilization of the image
dynamic range, and a more subjectively pleasing reproduction. Figure
12.5-1 contains examples of the coefficient rooting process.

Generalized Cepstrum

Another method of nonlinear transform image enhancement consists of
taking the logarithm of each transform coefficient. Qualitatively, this
operation tends to reduce the dynamic range of samples in the transform
domain and increase the dynamic range in the image domain upon recon-
struction. Bogert, Healy, and Tukey (18) have introduced a similar trans-
formation for speech processing as a means of detecting echoes. In their
transformation, called the cepstrum,® the power spectrum is taken of
the logarithm of the power spectrum of a signal. This concept has been
extended by Oppenheim, Schafer, and Stockham (19), who defined the
complex cepstrum as the Fourier transform of the logarithm of the
Fourier transform. For an arbitrary transform a generalized logarithmic
transform cepstrum is defined as (20)

F(j,k)=K ; Z [In {a +b|F(u, v)|}]|¢2u’ U)IB(i,k;u, v)
(12.5-5)

* Cepstrum is a juxtaposition of letters of the word Spectrum.






