
 

Perceptually-assessed digital processing of medical images

Citation for published version (APA):
Escalante Ramírez, B. (1992). Perceptually-assessed digital processing of medical images. [Phd Thesis 1
(Research TU/e / Graduation TU/e), Industrial Engineering and Innovation Sciences]. Technische Universiteit
Eindhoven. https://doi.org/10.6100/IR381166

DOI:
10.6100/IR381166

Document status and date:
Published: 01/01/1992

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 24. May. 2023

https://doi.org/10.6100/IR381166
https://doi.org/10.6100/IR381166
https://research.tue.nl/en/publications/d9fb2eb8-d462-4681-b804-3e0e21615696


Perceptually-Assessed 

Digital Processing of 

Medical Images 

Boris Escalante Ramirez 



Perceptually-Assessed 
Digital Processing of 

Medical Images 

Proefschrift 

ter verkrijging van de graad van doctor 
aan de Technische Universiteit Eindhoven, 

op gezag van de Rector Magnificus, prof. dr. J.H. van Lint, 
voor een commissie aangewezen door het College van Dekanen 

in het openbaar te verdedigen 
op vrijdag 11 september 1992 om 14.00 uur 

door 

Boris Escalante Ramirez 

geboren te México Stad (México) 



Dit proefschrift is goedgekeurd door de promotor 
prof. dr. ir. J.A.J. Roufs 

en de copromotor 
dr. ir . J.B .O.S. Martens 



A Paty y Alina, 
mis motivaciones 

en la vida 

A mis padres, 
por su constante apoyo 



Acknowledgements 

T HIS thesis is the result of several years of work at the Institute for 
Perception Research (IPO), Eindhoven. This work, however, would 

not have come toa successful end, had it not been for the encouragemènt, 
support and advise of many people to whom I am deeply thankful. 

I am especially grateful to: Prof.dr. Herman Bouma for his 
continuous concern and understanding during my stay at IPO; 
Prof.dr.ir Jacques Roufs for his always positive attitude and wise advises 
during critical moments of my research; Dr.ir. Jean-Bernard Martens 
for his close coaching through the long and difficult paths of research; 
Dr. Huib de Ridder for introducing me to the field of experimental psy
chophysics, and moreover, for the long discussions which helped me in
terpret my experimental data. 

1 am indebted toa number of persons from Philips Medica} Systems, 
Best: Ir. M. Adriaansz and Prof.dr.ir. F.W. Zonneveld for providing the 
many Computerized Tomography images and phantoms with which we 
have been able to test and evaluate our algorithms; Dr.ir. L.C.J. Baghuis 
for having created the opportunity to evaluate our image processing 
techniques with medical experts. 

1 thank Mrs. Fedema, Dr. Ludwig, Dr. Cobben, Dr. Claudemans, 
Ir. W.G. Koster, and my colleagues at IPO for having participated in 
my psychophysical experiments. 

1 am also thankful to Hugo van Leeuwen for making available 
HU'IF;X, the text style in which this thesis is written. 



Contents 

Acknowledgements v 
List of Figures viii 
List of Tables x 

1 Introduction 1 
1.1 The role of hwnan perception in imaging systems 1 
1.2 . Image processing based on hwnan-vision models 3 

1.2.1 Brightness models . . . . . . . . . . . . . 4 
1.2.2 Image-representation models ... .. . . 

1.3 Assessment of digital image-processing techniques . 
1.3.l Objective metrics of image quality ... 
1.3.2 Subjective assessment of image quality 

4 

7 
7 
8 

2 Noise reduction in CT images 11 
2.1 Introduction . . . . . . . . . . . . . . . 11 
2.2 Polynomial Transforms . . . . . . . . . 14 
2.3 Single-scale noise~reduction algorith.m 16 

2.3.l Energy measures . . . 16 
2.3.2 Signal detection 19 
2.3.3 Algorithm description 24 

2.4 Multiresolution noise-reduction algorith.m 26 
2.5 Processing results . . . . . . . . . . . . . . 28 
2.6 Conclusions . . . . . . . . . . . . . . . . . 31 
Appendix 2.A Probability density function of E 1 32 

3 Subjective evaluation of noise reduction techniques 35 
3.1 Introduction . . . . . 36 
3.2 Method . . . . . . . 37 
3.3 Experimental results 39 
3.4 Conclusions . . . . . 48 



Contents 

4 Characterization of preferences 
4.1 Introduction . 
4.2 Stimuli . . 
4.3 Subjects . 
4.4 Procedure 
4.5 Results . . 

4.5.1 Genera! Preference 
4.5.2 Numerical-category sealing of attributes 
4.5.3 Dissimilarity data 

4.6 Perceptual spaces . . . . . . 
4.6.1 Bottom-up approach 
4.6.2 Top-down approach 

4.7 Conclusions ........ . 

5 Image interpolation 
5.1 lntroduction . . . 
5.2 Interpolation approach . 
5.3 Processing results ... 
5.4 Subjective evaluation .. 

5.4.1 Method ..... 
5.4.2 Experimental results 

5.5 Conclusions . . . . . . . . . 

6 Discussion 

References 
Summary 
Samenvatting 
Vita 

vu 

49 
49 
52 
53 
55 
57 
57 
61 
69 
71 
73 
78 
82 

85 
85 
87 
90 
90 
90 
92 
94 

97 

101 
110 
113 
117 



List of Figures 

2.1 Noise in the energy measure E1 . . • • . . • • . . . 20 
2.2 PDF of E1 in the absence and presence of an edge 22 
2.3 Receiver operating characteristics . . . 23 
2.4 Probability of missing an edge . . . . . . . 24 
2.5 Single-scale noise-reduction algorithm. 25 
2.6 Multiresolution noise-reduction algorithm. 27 
2.7 Results of the single-scale noise-reduction algorithm 28 
2.8 Results of the multiresolution noise-reduction algorithm 30 

3.1 Score parallelism for session I 
3.2 Score parallelism for session II . 
3.3 Score parallelism for session III 
3.4 lndividual preference scores 
3.5 A verage preference scores 
3.6 Comparison of algorithms 

4.1 Examples of the stimuli of the brain scene 
4.2 Examples of the stimuli of the abdomen scene . 
4.3 Score parallelism for brain scene . . 
4.4 Score parallelism for abdomen scene 
4.5 Preference scores for brain . . . . 
4.6 Preference scores for abdomen ... . 
4.7 Expert scores for the brain scene .. 
4.8 Non-experts scores for the brain scene 
4.9 Expert scores for the abdomen scene . 
4.10 Non-experts scores for the abdomen scene 
4.11 Technical-expert scores . . . . .. .. .. . 
4.12 Goodness-of-fit measures for SINDSCAL . 
4.13 2-Dimensional perceptual space. Brain scene 
4.14 2-Dimensional perceptual space. Abdomen scene 
4.15 Attribute vector fitting in SINDSCAL . .... . 

} 

40 
41 
42 
43 
45 
47 

54 
55 
59 
60 
62 
63 
64 
65 
66 
67 
68 
71 
72 
73 
76 



List of Figures ix 

4.16 MDPREF maps . . . . . . . . . . . . . . . . . . . . . . . 81 

5.1 Comparison of interpolation techniques with a CT scan 91 
5.2 Parallelism of scores 93 
5.3 Preference scores . . . . . . . . . . . . . . . . . . . . . . 94 



2.1 

4.1 

List of Tables 

Computational laad . . . . . . . . . . . 

Goodness-of-fit measures for MDPREF 

31 

80 



Chapter 1 

lntroduction 

1.1 The role of human perception in the design of imaging 
systems 

I MAGING systems are aften conceptually subdivided into three units: 
the fust unit acquires image data, the second unit transports and aften 

processes these data, while the third unit displays the image information. 
In order to efficiently design each unit, the characteristics of the viewed 
objects, as well as those of the other units in the imaging system must 
be taken into consideration. 

hnage acquisition devices such as cameras and scanners have to take 
into asçount physical characteristics of the viewed objects in order to 
determine the relevant ranges in spatial, tempora! and spectra! band
widths needed to acquire image data. In many cases, the object to be 
depicted cannot even be sensed by humans. For instance, night-vision 
systems use infrared sensors to capture wavelengths outside the visual 
spectrum. In medica! imaging systems, objects are aften out of physical 
reach (provided one is not considering major surgery), therefore, special 
body scanning techniques are required in order to collect data. 

lt is equally important to consider the goal of the displayed infor
mation. Most imaging systems are meant to present image information 
to human observers. The characteristics of the human visual system are 
therefore critica! parameters in the design of such imaging systems. A 
clear example is the video composition in television. In standard tele
vision systems, successive frames are presented at a tempora! frequency 
of 50 or 60 Hz. At lower frequencies, we would perceive flickering in the 
high-luminance regions of the image, since the frame frequency would 
be below the critica! flicker frequency (i.e. the frequency above which 
the temp or al variations are toa fast for the visual system to follow). 
At even lower frame frequencies, the flickering would also be perceiv
able in darker areas, since the critical flicker frequency decreases with 
decreasing luminance (De Lange, 1954). 
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Since display units form the back-end of imaging systems that 
present visual information to human observers, it is to be expected that 
their design be very much influenced by characteristics of the human 
visual system. Recent and strategie research in this area concerns the 
design of perceptually optimal sampling lattices for displays. Watson, 
Ahumada & Farrel (1986) defined the 'window of visibility' as a set of 
boundary frequencies in space and time beyond which the visual system 
is unable to resolve. Hence, they extended the idea of critica! flicker fre
quency to spatiotemporal pattems. Blommaert (1988) used this notion 
to show that a spatial 'quincunx' lattice displayed in 2:1 interlace, also 
referred to as 'double quincunx' lattice, minimizes a perception-based 
visibility criterion over all sampling structures with a given density (i.e. 
number of picture elements, or pixels, per unit area). 

Matching the display to certain properties of the human visual sys
tem does not necessarily guarantee a high perceived image quality, since 
image quality is influenced by multiple factors related to both elemen
tary and complex visual functions (Roufs & Bouma, 1980). An example 
of the latter is the display of noisy Computed Tomography images. A 
very sharp noise structure in homogeneous regions makes the image too 
tiring to look at for long periods of time. Radiologists aften experience 
more comfort by looking at blurred images. They also argue sometimes 
that low-contrast image structures can be more easily detected in blurred 
images. 

lt is generally assumed that perceptual image quality can be viewed 
as a function whose domain is a multidimensional psychological space 
with dimensions that can be denoted by perceptual attributes such as 
sharpness, contrast and brightness (Roufs & Boschman, 1991; Marmolin 
& Nyberg, 1975). These perceptual attributes are in turn determined 
by the physical parameters of the imaging system. Understanding the 
relationship between physical screen parameters and perceived image 
quality can substantially improve the design of display units (Roufs & 
Boschman, 1991). An example can be found in the design of optical 
filters for spatially sampled imagery (Nijenhuis & Blommaert, 1990), 
where the physical parameters of the optical filters are optimized by 
means of psychometrical experiments assessing the perceived quality of 
the image. 

Perception-based aspècts should not only be included in the design of 
the system's back-end. The design of image acquisition and processing 
units can also be improved by including properties of the human visual 
system. For instance, sampling the input image is traditionally done 
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with rectangular lattices, mainly due to technica! limitations. However, 
since it is important to adapt the image acquisition to the display struc
ture, it is reasonable to assume that a 'quincunx.1 structure is a more 
appropriate sampling lattice for image acquisition. 

1.2 Image processing based on human-vision models 

In the introduction we have noted how characteristics of visual percep
tion can be incorporated in the design of the front-end and back-end 
units of imaging systems. In this section we will discuss the implica
tions of visual perception for the image-processing unit, i.e. the unit 
that converts data from the acquisition unit. Acquired image data aften 
contain distortions, are incomplete or consist of projections of the actual 
object. Processing techniques must then perform sophisticated opera
tions such as recovery, transformation, enhancement, restoration, etc. in 
order to make the data suitable for display. Although image-processing 
research has a long history (see for instance Pratt (1978) fora historica! 
overview), the practical implementation of complex algorithms has only 
become feasible on actual imaging systems during the last two decades. 

Image processing is applied in modern medical-imaging systems such 
as Computed Tomography and Nuclear Magnetic Resonance, where the 
images are derived from projective scans. Deriving an image from projec
tions requires complex algorithms. The resulting images contain degra
dation's in the form of noise and blur that are due to the quant urn nature 
of~he energy source and to the limited resolution of the scanning pro
cess. These degradations seriously affect the perceptual image quality 
and limit the diagnostic performance. In these cases, additional image 
processing techniques to restore the image may be considered. In this 
thesis we will focus on the problem of image restoration of Computed 
Tomography (CT) images. The approach to image processing that we 

/ 
will present is not, however, restricted to CT images, but can also be 
applied to other medica! images and/or to images of natura! scenes. 

In order to efficiently restore an image it is desirable to have de
scriptive models of both the distortion and the image. Representing all 
the events that occur over an entire image with a single model is not 
efficient, since every different image would need its own model. An al
ternative is to describe images in terms of the common structures that 
compose them (luminance transitions, for instance). Considering that 
humans observe the image, it is sensible to base this image represen
tation on structures that are relevant for human perception. Therefore 
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an understanding of the human visual system plays a crucial role in the 
design of image-processing systems. 

1.2.1 Brightness models 

Schreiber (1967) was among the first to recognize the implications of 
human-vision models in the field of image compression. Stockham (1972) 
pioneered the design of image-processing techniques in the context of 
models of the human visual system. He developed a successful con
trast enhancement technique based on the property that the brightness 
perception of natura! scenes is mainly determined by the refiection prop
erties of the illuminated scene, and not by the intensity of the illumi
nating source. Since the luminance is proportional to the product of the 
reftectance and the illumination, a logarithmic operation followed by a 
linear filter was used in order to enhance the refiectance component and 
reduce the illumination component of the luminance of an image. It was 
necessary to assume that the illumination varied only slowly over the 
image. 

A more advanced and accurate brightness model was recently de
veloped by Blommaert & Martens (1990), based on two properties 
of brightness perception, namely scale-invariance (i.e. brightness is 
approximately independent of the viewing distance) and luminance
independence (i.e. brightness is approximately independent of the lumi
nance of the light source). The model supports the idea that the incident 
light in the retina is processed by receptive fields of varying sizes, leading 
to a multichannel mechanism in the visual system (Koenderink & Van 
Doorn, 1978; Koenderink & Van Doorn, 1982). The brightness at every 
position in the visual field is then obtained by integrating the responses 
of all cells with different receptive field sizes at that position. Applica
tions of this model in image processing have to our knowledge not been 
developed yet. 

1.2.2 lmage-representation models 

The degree to which aspects of human vision can be incorporated in 
image processing depends on the depth of our understanding of the 
human visual system. At present, visual psychophysics and physiology 
have been able to decipher, with reasonable accuracy, the functioning of 
the early stages of the visual system. This comprises the formation of 
the retina! image through the opties of the eye, the conversion of (light) 
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energy into electric potentials by retina! receptor cells, the sampling 
of the retina! image by receptive fields of varying diameter, and the 
transformation of the electric potentials into electric pulses by the retina! 
ganglion cells (see for instance Mattin (1988); Young (1987)). These 
impulses are transmitted through the optical nerve to the visual cortex, 
where further complex transformations take place. Recent research aims 
at modelling higher levels of the visual system. Studying the simple 
cells of the primary visual cortex is a crucial issue (Hubel & Wiesel, 
1977; Hubel, 1982). Whether they can be modelled by Gabor functions 
(Marcelja, 1980), difference-of-offset Gaussians (Hawken & Parker, 1987) 
or derivatives of Gaussians (Young, 1985) is still a matter of discussion 
(Stork & Wilson, 1990). The higher the level of the visual cortex, the 
more difficult it becomes to interpret the operations that take place. 
Many of the tasks performed in the secondary visual cortex have to do 
with cognitive operations, and related research is still in a speculative 
phase. 

Based on existing knowledge about the early stages of the visual sys
tem, a number of models for image representation have been developed. 
A common base for most models is the theory of scale space developed 
by several authors including Witkin (1984); Koenderink (1984); Marr & 
Hildreth (1980); Babaud, Witkin, Baudin & Duda (1986). The scale
space representation of an image is obtained by filtering the original 
image with Gaussian functions with a continuously varying spread (i.e. 
the scale ). The scale-space approach was originally developed in com
pu._ter vision, where it was shown that many image-analysis algorithms 
profit from having available copies of the image at different resolutions. 
The perceptual relevance of the scale-space representation resides in the 
fact that the visual system contains Gaussian-shaped receptive fields 
of different sizes (Koenderink, 1984; Young, 1987). Supported by the 
scale-space theory, multiresolution representations have emerged as a 
useful tool for image modelling. Burt & Adelson (1983) developed the 
Laplacian pyramid as an efficient way of coding images. This scheme de
composes an image into a low-resolution representation and differences 
between successive scale representations of the image ( where the scale 
usually differs by a factor of two bet ween successive steps). 

A second major breakthrough was the development of the Gabor 
transform as an image model (Daugman, 1988; Porat & Zeevi, 1988). lt 
expands an image into a sum of localized elementary functions, consist
ing of Gaussian-modulated sinusoids. The Gabor pyramid includes basic 
characteristic features such as local action, non-uniform sampling, and 
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an optimal frequency-space compromise. Gabor expansions have been 
applied to image coding (Daugman, 1988; Reed, Ebrahimi, Marqués & 
Kunt, 1990) and image segmentation (Du Buf, 1990). 

Over recent years, the interaction between visual psychophysics and 
physiology on the one hand, and mathematics and image processing 
on the other, has increased substantially. This has resulted in image
transformation algorithms that have interesting mathematica! properties 
and that mimic some important properties of the visual system such as 
local action and multiple scales. The pyramid wavelet transform (Mallat, 
1989) is an example of such a recent algorithm with potential applica
tions in coding, processing, and analysis. It decomposes the signal onto 
a set of basis functions that are scaled and shifted copies of a single 
prototype function, called a wavelet. In this scheme the information 
redundancies between adjacent pyramid levels are avoided, outperfonn
ing the efficiency of schemes like the Laplacian pyramid and the Gabor 
transform. The main application up to now has been in subband coding 
(Vetterli, 1984; Woods & O'Neil, 1986). 

Watson & Ahumada (1989) have developed the hexagonal 
orthogonal-oriented pyramid model for image representation. This rep
resentation is based on a hexagonal input lattice as suggested by the 
distribution of the ganglion receptive fields in the retina. This transform 
also takes into account an additional property of the visual system, i.e. 
orientational selectivity, which was not incorporated in most of the ear
lier sub band schemes. In a generalization of this scheme, Watson (1990) 
has set the basis for the inclusion of color and time representations in 
this model. 

Recently, a new approach to image description, called a polynomial 
transform, was developed by Martens (1990a). This description is based 
on a local analysis of images within overlapping windows. Within each 
window the image is orthogonally expanded into a sum of polynomials. 
Hence, contrary to the Gabor transform, which adopts a frequency anal
ysis of the image, polynomial transforms adopt a spatial analysis. The 
main consequence of this altemative approach is that geometrie prop
erties of image features (position, orientation, curvature, etc.) can be 
easily determined. Especially interesting from the point of view of visual 
perception is the Hermite transform, which occurs if we apply a poly
nomial transform with ~· Gaussian-shaped window. In the case of the 
Hermite transform, the image needs to be analyzed by filters which are 
derivatives of Gaussians. These filters are well known, both in human vi
sion and computer vision. They provide an accurate taxonomy of recep-
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tive fields in the visual system (Young, 1985; Koenderink & Van Doorn, 
1987; Koenderink, 1990), and are extensively used as efficient detectors 
of important image features such as lines and edges (Marr & Hildreth, 
1980; Canny, 1983; Martens, 1990b). The polynomial transform is also 
computationally efficient, and its discrete version can be efficiently im
plemented in real-time by means of dedicated hardware (Hashimoto & 
Sklansky, 1987). Polynomial transforms were shown to have applica
tions in image coding (Martens, 1990b) and image deblurring (Martens, 
1990c). Pyramidal structures can also be used to construct multireso
lution image representations based on this transform (Martens, 1990b ). 
The polynomial transform will be explained in more detail in Chapter 2, 
since it is the basis of both the noise reduction techniques presented in 
that same chapter and the interpolation technique of Chapter 5. 

1.3 Assessment of digital image-processing techniques 

1.3.1 Objective metrics of image quality 

Imaging systems and image processing techniques have to be evaluated 
in terms of the perceived image quality they can offer. Distortions in 
the image produced by noise, blur, quantization, etc. are degrading 
factors of the quality of an image. However, objective measures of these 
distortions do not correlate well with the subjective impression of image 
quality. 

Over the past two decades much eff ort has been channeled towards 
finding objective metrics that predict the subjective quality of images. 
In image transmission applications, attention was directed at an early 
stage to Shannon's rate-distortion theory. The objective was to find 
a distortion function, as Shannon's coding theory requires, that corre
sponded to the subjective impairment criterion of humans (Budrikis, 
1972 and Mannos & Sakrison, 1974). However, such a universa! metric 
of image impairment has not emerged. 

Also based on information theory, a number of metrics have been 
proposed to evaluate image quality. A distinction can be made between 
methods based on the modulation transfer function (MTF) of the imag
ing system (meant to evaluate image quality when related mostly to 
image sharpness) , and methods based on the difference between original 
and processed images (mainly used to evaluate the quality of degraded 
or coded images). Within the first group of metrics, the area under the 
MTF of the imaging system was one of the first attempts to objectively 
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measure image sha.rpness (Biberman, 1973). In the second category of 
metrics, the mean square error (MSE) between input and output picture 
has often been used as a fidelity criterion in image restoration and image 
coding applications (see for instance Hunt, 1975). The signal-to-noise 
ratio (SNR) has also been proposed to evaluate the quality of images 
corrupted by noise (Altman, 1967). 

The above measures often require knowledge of the original undis
torted image. Moreover, most metrics do not refiect any properties of 
human vision. Therefore, other measures have been defined, combin
ing both channel capacity principles with human vision properties. The 
MTFA proposed by Borough, Fallis, Wa.rnock & Britt (1967) is the 
a.rea between the system's MTF and the detection threshold curve of 
the visual system. The frequency-weighted mean square error (WMSE) 
proposed by Huang, Schrei her & Tretiak ( 1971) is the area of the MSE 's 
spectrum weighted by the contrast sensitivity curve of the visual system. 
Amore sophisticated square-error measure was defined by Limb (1979) 
based on a model of the visual system that incorporates important prop
erties such as spatial masking and filtering. In a similar study, Lukas & 
Budrikis {1982) extended the square-error measure considering a model 
of threshold vision that also includes temporal masking. 

Only under specific conditions and with a very limited set of images 
do the above metrics show a fair correlation between objective mea
sure and subjective image quality. Recently, Barten (1990) developed 
the square-root integral method, which is probably the best-developed 
method along these lines. His measure, inspired by the previous at
tempts of Van Meeteren {1973), Granger & Cupery (1972) and Carl
son & Cohen {1980), calculates the logarithmic integral of the square 
root of the ratio between the system's MTF and the modulation thresh
old function of the eye. The quality measure is expressed in terms of 
just-noticeable differences. Although Barten's experimental results show 
good correlation with subjective evaluations, it is still too early to claim 
that a universa! metric for perceived image quality has been found. Im
age degradations that cannot be described by an MTF cannot, for in
stance, be accounted for. 

1.3.2 Subjective assessment of image qua.lity 

As long as the functioning of the higher stages of the visual system 
is not fully understood, objective metrics of image quality will rely on 
heuristic approaches, which are not completely reliable. This is the main 
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reason why the most reliable method for measuring image quality so far 
is through subjective experimentation. 

In a fust approach, subjective experimentation aims at finding the 
relation between perceived image quality and the physical parameters 
of the imaging system. In this case, perceptual quality is viewed as a 
single general attribute determined directly by the physical parameters. 
This problem will be addressed in Chapter 3. 

In a second approach, perceptual quality is considered as a function 
of several underlying perceptual attributes. In this case it is generally 
accepted (Marmolin & Nyberg, 1975; Roufs & Bouma, 1980; Nakayama, 
Masshaki, Honjyo & Nishimoto, 1980; Roufs, 1989) that the basic per
ceptual attributes that determine the overall quality are, in order of 
importance, sharpness, visibility of noise and contrast. Each one of 
these attributes is determined by one or more physical parameters of 
the imaging system. This is the approach used in Chapter 4 to charac
terize the subjective preference judgements in medical images processed 
by noise reduction algorithms. 

In any case, either the overall perceptual quality or each of the basic 
perceptual attributes must be subjectively evaluated by means of psy
chometrical experiments . For this purpose we will use some basic prin
ciples of measurement theory applied to psychology (Torgerson, 1958; 
Guilford, 1954). A measurement consists of assigning numbers to mag
nitudes of a kind. According to this definition, people can measure 
magnitudes using some sort of scale. There exist several types of scales 
for this purpose. In the ordinal scale the measurement consists of or
dering objects according to the magnitude of a certain property. This 
scale is aften used to order differences between perceptual attributes of 
two pairs of stimuli (Torgerson, 1958; Shepard, 1974). The ordinal scale 
is therefore a non-metric scale where only the rank order is important. 
Another type of scale is the interval scale. The interval scale, in addi tion 
to being an ordinal scale, assumes that the difference between any two 
numbers of the scale actually measures the difference of the property 
possessed by the corresponding pair of objects. The interval scale is 
therefore a metric scale. If, in addition to the interval scale, a fixed zero 
is established, then a ratio scale is obtained. Ratio scales are however 
difficult to use in the measurement of global perceptual attributes . It is 
a peculiar task to judge how much nicer a picture looks than the refer
ence. However, it has been done (Jones & Marks, 1985). An alternative 
is to use a numerical category scale (Roufs & Goossens, 1988; Roufs, 
1989; De Ridder & Majoor, 1990) in which the property of an object is 
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directly scaled with numbers, similar to school ratings .. 
Psychometrical experiments based on non-metric scales are reliable 

hut often have the disadvantage of being very time-consuming due to the 
great number of pairs of stimuli that have to be presented to the subject. 
Metric scales, on the other hand, are fast and easy to implement. Their 
validity has been proved by De Ridder & Majoor (1990) and Roufs (1992) 
by comparing metric experimental results with non-metric experimental 
results. 

In Chapter 3 of this thesis we will address the problem of evaluating 
the performance of the noise reduction algorithms presented in Chap
ter 2 by means of psychometrical experiments. These experiments show 
the quality improvement obtained in CT images after noise has been 
reduced. The experiments are also used to determine the optima! pa
rameter values of the algorithms. Chapter 4 deals with the modelling of 
the image quality as a function in a multidimensional space subtended by 
basic image attributes such as sharpness and annoyance of noise. This 
model is used to study the differences in preference between experts 
( radiologists) and non-experts. 



Chapter 2 

N oise reduction in Computerized Tomography 
images by means of polynomial transforms 1 

Abstract 

We present two related algorithms for reducing noise in 
Computerized Tomography images . The algorithms are based 
on a recently developed technique for image representation 
called a polynomial transform. With this technique it is pos
sible to decompose the image into local components, perform 
nonlinear and adaptive processing on these components, and 
resynthesize the image from the processed components. In this 
chapter we describe how this can be applied to adapt the amount 
of noise reduction to the local image content. In the first algo
rithm, a single polynomial transform is used to perform the 
noise reduction. A critica! parameter of this algorithm is the 
size of the local components. No single size is optimal for the 
entire image, so a compromise has to be made. An alternative 
approach is adopted in the second algorithm, where several poly
nomial transforms are used in parallel at different resolutions. 
This allows for a better adaptation of the size of the image com
ponents used in the reconstruction to the original image. For 
instance, uniform regions containing only noise are described 
with large-sized components. Low-contrast edges are restored 
with medium-sized components, while high-contrast edges con
tain high-resolution components. 

2.1 Introduction 

T HE subjective quality of an image decreases when noise is present. 
.. Automatic processing of images, such as segmentation, is also com-

1This chapter is a substantial part of a paper that will appear in the Journal for 
Visual Communication and Image Representation (Escalante Ramîrez & Martens, 
1992). 
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plicated by the presence of noise. Furthennore, noise can mask low
contrast features in an image. In the specific case of medical images, 
this masking can affect diagnostic performance. In view of all this, noise 
removal is considered one of the more important tasks in image process
ing. The basic problem in noise reduction is that a compromise has to 
be made between smoothing noisy regions and preserving the sharpness 
of important image features. Linear techniques can be used to remove 
noise eff ectively, hut only at the cost of blurring all image features ( Gon
zalez & Wintz, 1987). Statistical linear techniques based on parameter 
estimation are limited by the assumption that a single model has to 
be suffi.cient to describe all image events. Moreover, implementing the 
inverse filters that are required in this approach often poses serious prob
lems (Demoment, 1989). In our view, an effective noise-reduction algo
rithm must be able to adapt itself locally to the image. Several nonlinear 
techniques along this line have been proposed: median, FIR median hy
brid, K-nearest neighbour averaging, gradient inverse, and Lee additive 
filters, to mention some of them. Du Buf & Campbell (1990) evaluated 
the most popular nonlinear noise filtering techniques in terms of objec
tive error measures for synthetic images. Many of these algorithms try to 
combine the smoothing capability of the linear averaging filter with the 
edge-preserving capability of the median filter. Most of the approaches 
are based on heuristic arguments(Du Buf & Campbell, 1990) . They do 
not discriminate systematically between relevant image structures and 
homogeneous regions. Moreover, they work with relatively small fixed 
window sizes. This may seriously affect their performance in the case 
of correlated noise, since noise speckles with a correlation length com
parable to the size of the processing window might be misinterpreted as 
relevant image structures that require no averaging. The results of Du 
Buf & Campbell (1990) do not clearly indicate which algorithm should 
be considered the best . Their results are not necessarily representative 
for the performance in natural or medical images. The subjective evalu
ation study with natural images presented by Mastin (1985) is more 
relevant in this aspect. This study concludes that the Lee additive 
filter (Lee, 1980) is the best technique for noise reduction among the 
techniques included in this evaluation. Recently, nonlinear mean filters 
have been developed as an alternative (Pitas & Venetsanopoulos, 1986). 
They perform well in the case of impulse noise, which consists of either 
positive or negative spikes of short duration, but not with mixed-spike 
noise or with additive correlated (speckle) noise. Their application in 
Computerized Tomography (CT) images is therefore limited. 
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We tackle the noise-reduction problem by explicitly making a dis
tinction between transition regions ( edges) and homogeneous regions 
in the image, and by only averaging over homogeneous regions. Our 
approach is based on a model of the early stages of the human visual 
system. The main goal of early vision is to extract relevant information 
for subsequent image analysis. There is evidence that this relevant in
formation consists mainly of the location, orientation, and contrast of 
luminance transitions. This information is thought to be extracted by 
local processing with receptive fields of different sizes, i .e. at different 
spatial resolutions (Marr & Hildreth, 1980; Koenderink, 1984) . Some 
of these receptive fields have a shape which is similar to the optima! 
edge detectors found by Canny (Canny, 1983; Canny, 1986). Recently, 
a new approach to image representation, called a polynomial transform, 
was developed by Martens {1990a) in order to interpret the different 
receptive field shapes. This technique was shown to have applications in 
image coding (Martens, 1990b) and image deblurring (Martens, 1990c). 
The noise-reduction techniques we present in this paper are also based 
on this new approach. Section 2.2 of this chapter briefiy reviews poly
nomial transforms and introduces the relevant notation. Section 2.3 de
scribes how polynomial transforms can be applied to the noise-reduction 
problem. 

Since the development of the scale-space theory (1'.farr & Hildreth, 
1980; Witkin, 1984; Koenderink, 1984; Babaud, Witkin, Baud.in & 
Duda, 1986), multiresolution representations have become increasingly 
important in image coding and analysis (see Section 1.2). So far, mul
tiresolution representations have seldom been applied to the problem of 
noise reduction. Recently Ranganath {1991) developed a noise-reduction 
technique in which every output pixel value is the weighted sum of cor
responding pixel values in a number of smoothed versions of the input 
image. The weighting coefficients are estimated on a pixel by pixel basis 
by minimizing the mean-square error between the output signal and the 
theoretica! noise-free signal. This approach computes the local variance 
measured within a fixed-size window in the original noisy image in or
der to adapt the weighting coefficients to the local image content. This 
method, however, uses a suboptimal algorithm with a fixed resolution 
to detect relevant structures (e.g. edges) in noisy images. 

Multiresolution image representations with polynomial transforms 
(Martens, 1990b) can be constructed as a straightforward extension to 
image pyramids (Burt & Adelson, 1983). Section 2.4 describes a mw
tiresolution formulation of the noise-reduction algorithm. This mul-
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tiresolution algorithm improves the noise-reduction performance and di
minishes the computational complexity. Moreover, it is appropriate for 
correlated-noise reduction. Some results of both algorithms are pre
sented in Section 2.5. 

2.2 Polynomial Transforms 

In order to analyze an image on a local basis, the image L( z, y) is multi
plied by a window function V ( z, y). This windowing is applied at several 
positions over the entire input image. The window positions (p, q) con
stitute a sampling lattice S. By repetition of the window function over 
the sampling lattice, a periodic weighting function W(z, y) is defined as 

W(z,y) = L V(z - p,y- q). 
(p,q)t:S 

Provided W(z,y) is nonzero for all (z,y) we obtain 

(2.1) 

1 
L(z, y) = W(z ) L L(z, y) V(z - p, y - q). (2.2) 

'y (p,q)t:S 

Within every window V ( z - p, y - q), the image is described by a 
weighted sum of polynomials Gm,n-m(z, y) of degree min zand n-m in 
y. We use polynomials that are orthogonal with respect to the window 
function (Szegö, 1959), i.e. 

(2.3) 

for n, k = 0, . .. , oo, m = 0, .. . , n and l = 0, . . . , k, where Dn1c denotes 
the Kronecker function. When a Gaussian window is used, for instance, 
the Hermite polynomials are chosen for the expansion. 

The polynomial expansion within the window V(z - p, y - q) is de
scribed by 

V(z~p,y-q) [L(z,y) - t.to Lm,n-m(p,q)Gm,n-m(Z - p,y - q)l = 0. 

(2.4) 
The polynomial coefficients Lm,n-m(P, q) belonging to the polynomials 
Gm,n-m(z - p, y - q), for all positions (p, q) ES of the window function 
V( z - p, y - q ), are derived by convolving the input image L( z, y) with 
a filter 

Dm,n-m(z, y) = Gm,n- m( - z, -y) V2 (-z, - y), (2.5) 
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and selecting the outputs 

l +oo 1+00 
Lm,n-m(P, q) = -oo -oo L(z, y) Dm,n-m(P - z, q - y) dz dy (2.6) 

at the positions (p, q) in the sampling lattice S, for m = 0, ... , n and 
n = 0, 1, ... , oo. In practice, the maximum order of the polynornial 
expansion will be limited to a finite nurnber N. 

The mapping from the input image to the weights of the polyno
mials, henceforth referred to as the polynomial coeffi.cients, is called a 
forward polynornial transform. The resynthesized image L( z, y) is ob
tained by the interpolation process of an inverse polynornial transform. 
From Eqs. 2.2 and 2.4, we get 

N n 

Î(z,y) = L L L Lm,n-m(p,q) Pm,n-m(z - p,y - q), {2 .7) 
n=O m=O (p,q)i:S 

where the interpolation functions are defined by 

P. ( ) _ Gm,n-m{z, y) V(:z:, y) 
m,n-m :z:,y - W(:z:,y) , (2.8) 

for m = 0, ... , n and n = 0, 1, ... , N. The only condition for the exis
tence of the polynomial trans form is that the weighting function W ( :z:, y) 
be different from zero for all coordinates ( z, y). 

There are a nurnber of parameters that have to be chosen in the 
definition of a polynomial transform. First, the type of window function 
must be selected. The Gaussian window is a good choice. It is separable 
and is rotationally symmetrie. Based on psychophysical insights, the 
Gaussian function and its derivatives, which are the operators of the 
polynornial transform in this case, provide an adequate model for the 
receptive fields in the visual system (Marr & Hildreth, 1980; Koenderink, 
1984; Young, 1985; Koenderink & Van Doorn, 1987; Koenderink, 1990). 
For a discrete implementation of the polynornial transform, a binornial 
window is aften used (Martens, 1990a), i.e. 

(2.9) 

for k = 0, ... , M, where M is the order of the binornial window. Second, 
the size of the window function, also referred to as the spatial scale of 
the polynornial transform, has to be set. In our application we have 
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adopted two approaches. In Section 2.4 we describe a noise-reduction 
algorithrn in which polynomial transforms of different sizes are applied 
in parallel. In this case, the size of the window function does not have 
to be selected a priori. In the algorithrn of Section 2.3 we use only 
one polynomial transform with a fixed window size. The optima! win
dow size is then determined mainly by the autocorrelation length of the 
noise in the image. A small window produces a signa! representation 
that is very sensitive to fine local changes, such as the noise grain, and 
ca.nnot therefore be used for noise smoothing. Making the window too 
large implies that we lose control over the exact positions where noise is 
reduced. The size of the window is therefore a compromise between the 
localization and the amount of noise reduction. For typical CT images, 
the optimal window size is chosen through subjective preference tests as 
will be shown in Chapter 3. A third choice to be made is the sampling 
lattice. The density of this lattice is determined by the demand that 
the weighting function W( :i:, y) should not reach values close to zero. 
This density can therefore be directly related to the size of the window 
function (Martens, 1990a). For practical convenience, we restrict our
selves to rectangular sampling grids with a spacing that is a multiple 
of the pixel distance, although quincunx sampling would be in better 
agreement with human .vision (Blommaert, 1988; Watson & Ahumada, 
1989). 

2.3 Single-scale noise-reduction algorithm 

2.3.1 Energy measures 

The physical interpretation of the polynomial coeffi.cients can be better 
understood if we note that, in the specific case of a Gaussian window 
function, the forward polynomial transform consists of convolving the 
original image with derivatives of Gaussians (Martens, 1990a). This im
plies that the polynomial coeffi.cients can be used to effi.ciently detect 
changes in luminance (Marr & Hildreth, 1980; Hildreth, 1983) and are 
in agreement with physiological insights which sustain that filtering with 
derivatives of Gaussians is a good model of the human visual filter op
erations (Young, 1985; Young, 1987). Martens {1990a) has shown how 
polynomial coeffi.cients can be used to identify and localize features in an 
image. In the noise-reduction application, we use the energy contained 
in the polynomial coeffi.cients to detect the existence of meaningful signa! 
patterns in the image. The single-order local-energy measure of order n 
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is defined by 
n 

En= L L!.,n-m (2.10) 
m=O 

for n = 1, ... , N. The overall local-energy measure 

(2.11) 

is the sum of all local energy measures up to the maximum order N. 
In the case of images corrupted by noise, the energy measure En con
tains contributions from both signa! and noise. We derive how the noise 
contribution can be calculated. 

Photon noise is the dominant source of noise in CT images. The sta
tistical properties of the noise in a CT image, after reconstruction from 
projections, are determined by several factors, including X-ray dose, ob
ject energy absorption, pixel size, and slice thickness (Brooks & Chiro, 
1976). Therefore, strictly speaking, noise in a CT image is a nonsta
tionary random process. However, noise affects the quality and the 
diagnostic performance mainly in textured CT images containing soft 
tissue regions whose linear attenuation coefficient is in the range of that 
of water (0.19 cm-1 ) and varies only by about 33. If we assume that 
the scanning object is approximately circularly symmetrie, like the head 
or the abdomen, we find that the standard deviation of the noise is ap
proximately proportional to exp(µd/2) (Chesler, Riederer & Pelc, 1977; 
Kak & Slaney, 1988; Wagner, Brown & Pastel, 1979), where µ is the 
average linear attenuation coefficient of the tissue, and dis the diameter 
of the object. The sensitivity of the standard deviation of the noise Un 

as a function of the variation of the average attenuation coefficient is 

Ó.Un = ~/)..µ 
<Tn 2 

(2.12) 

For instance, d = 20 cm results m a maximum change of 63 in the 
standard deviation of the noise in different parts of the image. The 
noise can therefore be considered signal-independent and modeled as 
stationary additive noise with a Gaussian probability density function 
(PDF) and zero mean (Wagner et al., 1979; Riederer, Pelc & Chesler, 
1978). 

Let us denote the autocorrelation function of the CT noise by R(x, y). 
This autocorrelation function can be accurately calculated from the cor
rective filter specifications (Wagner et al., 1979; Riederer et al., 1978; 
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Tanaka & Iinuma, 1975). If the input noise image L(z, y) is a Gaussian 
random process, then the polynomial coefficients are Gaussian random 
variables, and if the order of the polynomial coefficients is larger than 
zero, then they have zero mean. The cross-correlation between polyno
mial coefficients Lm,n-m and Lz,k-l is given by 

Rm,n-m;l,k-1 = [R(z, Y) * Dm,n-m(-z, -y) * Dz,k-l(z, y)]:i:=y=O . (2.13) 

In our applications, we are exclusively interested in polynomial trans
forms that are based on a separable window function V ( z, y) = V ( z) · 
V(y). The filter functions are then also separable, i.e. Dm,n-m(z, y) = 
Dm(z) · Dn-m(y). Since we do not want a different processing for the di
rections left/right and up/down, we furthermore choose V(z) to be sym
metrie. Consequently, the filtering functions have the following proper
ties 

Dm,n-m( - z,y) 

Dm,n-m(z, -y) 

Dm,n-m(Y, Z) 

( - 1r Dm,n-m(z, y) 

(-lt-m Dm,n-m(z, y) 

Dn-m,m(z, y). (2.14) 

Since all correlation functions satisfy R(-z, -y) = R(z,y), we can de
rive that Rm,n- m;l,k- l = 0 if n + k is odd. By further imposing the rea
sonable symmetry condition R(-z, y) = R(z, y), and hence inevitably 
R(z, -y) = R(z, y), we also obtain that Rm,n-m;l,k-l = 0 if m + l is 
odd. In a similar way, if the noise autocorrelation function satisfies 
R(z, y) = R(y, z ), we obtain that the cross-correlation coefficients are 

synunetric, i.e. Rm,n-m;l,k-l = Rn-m,m;k-l,l· 
The mean of the squared polynomial coefficient L~ n-m is equal to . 

the variance of Lm,n-m, i.e. 

E[L;>-,.,n-mJ = Rm,n-m;m,n-m· (2.15) 

Since the coefficients have a Gaussian PDF, the cross-correlation be
tween the squared coefficients can also be determined very easily 
(Papoulis, 1965), i .e. 

E[L;>-,.,n-mLl,k-l] = Rm,n-m;m,n-m R1,k-l;l,k-l + 2 R;>-,.,n-m;l,k-1· (2.16) 

Based on the preceding expressions, the mean value and the variance of 
the energy measure En for a pure noise input can be derived, i.e. 

n 

µEn = L Rm,n- m;m,n-m 
m=O 

(2.17) 
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and 
n n 

u}: = 2 """ """R;,. n-m·lc n-lc· 
ft, L-JL....J 1 Il 

(2.18) 
m=Olc=O 

Higher-order moments can be calculated in a similar way. Since all 
moments can be calculated, the characteristic function, and hence also 
the PDF, of En can be determined. For example, provided that the 
noise autocorrelation function satisfies all the above-mentioned symme
try conditions, we obtain that E1 has the following PDF 

1 [ E1] p(E1) = -exp -- , 
2u2 2u2 

(2.19) 

with 

u 2 = R1 0·1 o = Ro i ·o l · '1 1 • 1, 
(2.20) 

For the derivation of Eq. 2.19 see Appendix 2.A. The left side of Fig. 2.1 
shows the histogram of E 1 , measured in a region of a CT phantom image 
where there is only noise (against a uniform background) . Note that 
this histogram can be well approximated by the exponential PDF of 
Eq. (2.19). 

In the case of a Gaussian window function and uncorrelated input 
noise, we derive from Eq. (2.13) that u is proportional to 1/w, where 
w is the spread of the Gaussian window. This is to be expected, since 
the energy measure E 1 is obtained by averaging the noisy input image 
over the window, and hence the variance in the polynomial coefficients 
is inversely proportional to the window area. In the discrete case, where 
we use binomial windows of varying order M, we find . a similar relation
ship, provided that we define an equivalent width w = ..JMT2 (Martens, 
1990a). The right side of Fig. 2.1 illustrates that this relationship be
tween window width and noise variance also holds for real CT images. 
Moderate deviations from the 1/w-behaviour usually occur, since real 
CT noise is not completely uncorrelated. 

2.3.2 Signal detection 

As already mentioned, the detection of edges is crucial for a human 
observer analyzing an image. Therefore our noise~reduction algorithms 
will also aim at detecting and restoring these edges as completely ·as 
possible. Noise removal will be applied only in locations of the image 
where no edges are detected. Canny (Canny, 1983; Canny, 1986) has 
shown that the optimum detection and localization of edges is closely 
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Figure 2.1: At the left, the measured histogram of E 1 and the 
predicted exponential PDF for a pure noise input (CT scan of 
a water phantom). The noise spread u is inversely proportional 
to the window spread w used in the polynomial transform, as it 
is illustrated at the right side for binomial windows of varying 
size. The continuous line represents the theoretica! value, while 
the squares represent measured values. 

4 

approximated by an operator equal to the fust-order derivative of a 
Gaussian. His approach is based on the optimization of three criteria, 
namely the detection, the localization, and the existence of a single 
response to a single edge. Therefore, we use the energy measure E1 to 
decide where edges are present in the image. 

The energy measure E1 is a noisy information source from which 
we have to decide whether the information observed corresponds to an 
image feature or to noise. This is a binary-decision problem in which we 
know the statistica! properties of the noise, hut do not know the signa.l. 
In order to study the decision performance quantitatively, we model the 
signa! as an ideal edge of magnitude A", located at a distance z" from the 
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center of the analysis window. Provided that the edge orientation makes 
an angle 0 with the horizontal axis, we obtain the following first-order 
polynomial coefficients 

with 

Le cos 0 

Le sinO, 

Ae [ (:Z:e ) 2
] Le = ./27r exp - -z;; 

(2.21) 

(2.22) 

(Martens, 1990b ), where w is the spread of the Gaussian window. For a 
different window function the dependence on the angle () will be identical, 
although the value of Le will be different. 

H only noise is present, the PDF of Ei is given by Eq. (2.19). H both 
noise and an edge are present, then the PDF of Ei is 

(2.23) 

where Io is the modified Bessel function of order zero ( Abramowitz & 
Stegun, 1965). Derivation of Eq. 2.23 can be found in Appendix 2.A. 
Fig. 2.2 shows the above PDF of the energy measure E1 for a typical 
CT image detail with an without an edge feature. The parameters in 
Fig. 2.2 are given in CT ~umbers or Hounsfield units (H) defined as 

H = 1000 x µ - µw = 5263µ - 1000 
µw 

(2.24) 

where µ is the linear attenuation coefficient of the tissue to measure, 
and µw is the linear attenuation coefficient of water (0.19 cm- 1 ). 

In binary decision problems, such as the one presented in Fig. 2.2, 
a threshold has to be set in order to choose between noise and edge 
information. A very concise way of representing the performance of such 
a decision scheme is by means of the receiver operating characteristic 
(ROC), as Van Trees (1968) has demonstrated. In such a ROC the 
value of PF, the probability of not removing noise in a uniform region, 
is plotted versus the value of PM, the probability of deleting valid edge 
information. The different values along a curve are obtained by changing 
the decision threshold. The ROCs are shown in Fig. 2.3 for different 
values of the edge strength De = Le/ u. 
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Figure 2.2: PDF of E 1 in the absence and presence of an edge. 
The shaded area to the right of the threshold is equal to PF, 
the probability of not removing noise in a uniform region, while 
the shaded area to the left of the threshold is equal to PM, the 
probability of deleting valid edge information. H = Houn'sfield 
units. 

In a practical situation, it is difficult to select the optimum combi
nation for PF and PM, especially since the edge strength De varies over 
the image. Therefore, we have taken the simplest possible approach, in 
which the decision threshold is fixed at a multiple of u 2 , i.e. 

(2.25) 

This is similar to the Neyman-Pearson criterion (Van Trees, 1968) in 
which, due to an absence of realistic penalty casts for the probabilities 
of miss and false alarm, the decision threshold is chosen by constraining 
the probability of false alarm. This is also a logica! choice, since the 
expressions for the PDFs show that the decision problem scales with u 2 . 
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Figuxe 2.3: ROCs for the decision task of Fig. 2.2. The curves 
correspond to different values of the edge strength De. The dotted 
lines are the ( PF, PM) combinat!_ons that can occur for different 
values of the threshold parameter D. 

The corresponding error probabilities are 

- D 2 /2 e , 

23 

(2.26) 

where Q is Marcum's Q-function (Van Trees, 1968). Since this fWlction 
is not readily available, we have plotted PM as a fWlction of D for 
different values of De in Fig. 2.4. 

For a given threshold parameter D, different combinations of PF and 
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Figure 2.4: Probability PM of deleting valid edge information as a 
function of the threshold parameter D, Cor different edge strengths 
De. 

PM are obtained, depending on the edge strength De. These combina
tions are plotted in Fig. 2.3 as dotted lines. 

2.3.3 Algorithm description 

On the basis of the preceding discussion, we present a noise-reduction 
algorithm for CT images in Fig. 2.5. The algorithm performs a forward 
polynornial transform on the CT image. This is denoted by A(V) in 
Fig. 2.5, where V makes explicit that the window function must be 
chosen a priori. The result is a number of polynomial coefficients. The 
coefficients of the same order can be assembled in a vector 

(2.27) 

Cor n = 0, ... , N. The first-order energy measure E 1 , defined in 
Eq. (2.10), is derived from these coefficients and used as a control im
age. An estimate of the noise spread u is calculated from the noise 
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characteristics measured in uniform regions of the original CT image. 
Using the decision criterion described in the previous subsection, sig
na! contribution is discriminated from noise contribution in the control 
image. The decision threshold is set by means of the parameter D, 
defined in Eq. (2.25). In all cases in which signa! is detected, a full 
inverse polynomial transform is performed in S(V). In the remainder 
of the image, only the zero-order polynomial coefficient is included in 
the inverse transform; all others are set equal to zero. This implies that 
the original noisy image is replaced by the window-weighted average in 
those regions. The adjustable parameters of the system are the thresh-

LN ....... 

L (:z:, y) L2 ....... i(z, 
A(V) L, ........ S(V) r--'-+-

y) 

Ln -

E A E1 > D2a2 ~D 

Figure 2.5: Single-scalE'. noise-reduction algorithm. 

old parameter D, the window function V, and the sampling lattice. As 
will be discussed in the next section, the choice of the window func
tion is subject to confücting demands. The sampling lattice infl.uences 
mainly the number of computations that are required to implement the 
algorithm. The degree of subsampling that can be allowed is a linear 
function of the window size (Martens, 1990a). Once we have selected 
the parameters of the polynomial transform, we still have to choose the 
threshold parameter D. The compromise consists in selecting D so that 
the noise is concentrated around the edges without affecting the edges 
too much. A high value of D guarantees that most of the noise is sup
pressed, hut that all edges, except the ones with high contrast, become 
blurred. Hence, selecting the threshold parameter is equivalent to fixing 
the edge amplitude below which blurring is allowed. 

In practice, we tried different alternative parameter settings and used 
subjective evaluations to choose between them as explained in Chapter 3. 
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2.4 Multiresolution noise-reduction algorithm 

There are a nurnber of confücting demands that have an influence on 
the choice of the window function of the single-scale noise-reduction 
algorithm. The window size is limited, at the low and the high end. If 
the window size is less than the correlation length of the noise, smoothing 
the noise within a window has little or no effect. Increasing the window 
size beyond the point where the smoothed noise is no longer visible 
makes no sense either . Furthermore, if the window size is large, we 
become involved in practical and theoretica! problems . The practical 
problems arise because a large number of polynomial coefficients are 
needed in order to get an adequate reconstruction. This results in a 
high computational cost of the algorithm. The theoretica! argument for 
incieasing the window size is that it allows the noise spread u to be 
reduced. This is the prime objective of the noise-reduction algorithm. 
Another reason is that, since the edge strength De = Le/a increases, 
a more reliable decision between edge and noise can be made, even for 
low-contrast edges . The price that has to be paid is that the presence of 
an edge inhibits the noise reduction in the neighbourhood of the edge. 
Hence, a band of unreduced noise occurs along the edges . The width of 
this noise band depends. on the window size and the edge contrast . This 
width can be estimated by solving Eq. (2.22) for Ze, with Le replaced by 
the threshold value Du. In order to reduce the width of the noise band, 
and hence also its visibility, it is necessary to reduce the window size, 
especially for high-contrast edges . This is possible because high-contrast 
edges can be reliably detected with small windows. 

From the above discussion we can conclude that an optimum noise 
reduction is not possible with a single window function. lt is preferable 
if the size of the window function can be decreased for increasing edge 
amplitudes and decreasing distances from the edge. As discussed in 
Section 2.1 a well-known technique for implementing such a variable
window processing is to use pyramid structures. Martens (1990b) has 
demonstrated how pyramid structures can be extended to the case of 
polynomial transforms. 

Transforming the single-scale noise-reduction algorithm of Fig. 2.5 
into a pyramid structure is straightforward and is illustrated in Fig. 2.6. 
At each level of the pyramid the smoothed image of the preceding pyra
mid level is taken as the input . Although it is not strictly necessary, 
the window functions 'Vi at the different pyramid levels can be identical . 
A subsampling factor of 2 will most often be included at each level, so 
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Figure 2.6: Multiresolution noise-reduction algorithm. 

that the equivalent window size also increases by a factor of 2 for each 
successive level of the pyramid. In our experiments up to naw, we have 
always taken the same threshold parameter D at all levels of the pyra
mid. The threshold decreases with the level because the noise spreads 
<Tï decrease. We assume that reliable estimates for these noise spreads 
are available. 

lt can be easily verified that the multiresolution noise-reduction al
gorithm of Fig. 2.6 does indeed adjust the noise smoothing to the edge 
amplitude and position. In the case of high edge strengths, the energy 
measure E 1 exceeds the threshold at all levels, so that no noise reduction 
is performed. Decreasing the edge strength implies that noise smoothing 
is applied at an increasing number of pyramid levels, starting with the 
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smallest window size. 

2.5 Processing results 

Fig. 2. 7 illustrates the operation of the single-scale noise-reduction algo
rithm. The original image, with a 12-bit resolution, is shown at the top 

Figure 2. 7: Results of the single-scale noise-reduction algorithm. 
Top left: original image magnified twice; bottom left: energy mea
sure E 1 ; bottom right: detected signal in E1 ; top right: resynthe
sized image. 
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left through an 8-bit display window comprising the Hounsfield units (H) 
from -68 to 124 (Kak & Slaney, 1988). A ramp filter was used as cor
rective filter during the reconstruction from projections (Kak & Slaney, 
1988). The standard deviation of the noise is 8.3 H. A binomial window 
of order 4, without subsampling, is used for the polynomial transform. 
In this case u = 2.3 H. The derived energy measure E 1 is shown at 
the bottom left. The result of thresholding the energy measure E 1 with 
a threshold parameter D = 3.5 is displayed at the bottom right. The 
resynthesized image is presented at the top right . 

Fig. 2.8 illustrates the multiresolution noise-reduction algorithm. 
The image at the top left is the original, as in Fig. 2.7. The zero-order 
coefficient and the first-order energy measure for the different levels of 
the pyramid are displayed below the original image. At the top right, 
we present the resynthesized image. Intermediate processing stages, 
consisting of the detected signal and the estimated zero-order coefficient 
at each level of the pyramid are also shown. Note that the low-contrast 
edges, corresponding to tissue changes, are detected only with large win
dow sizes, i.e. at the higher levels. The high-contrast edges, such as the 
boundaries between bone and tissue, are detected at all levels of the 
pyramid. An identical binomial window of order 2 is used at each level 
of the pyramid. The subsampling is increased by a factor of 2 at each 
level of the pyramid. The threshold parameter D is equal to 3.5 at all 
levels of the pyramid. 

From these illustrations, it can be seen that the performance of bath 
algorithms is very similar over large areas of the image. The perceptual 
importance of the different noise smoothing along high-contrast edges 
will be studied in Chapter 3. From a computational point of view, the 
multiresolution algorithm must be preferred in cases where a binomial 
window of order larger than 4 is needed. Implementation of the single
scale algorithm with a binomial window of order 8 and a subsampling 
factor of 2, requires 72.5 additions and no multiplications per pixel for 
the analysis stage, following the fast method of Hashimoto & Sklansky 
(1987) . For the synthesis stage a standard convolution-method has to 
be followed, consuming 405 additions and 405 multiplications per pixel. 
A performance-comparable multiresolution algorithm, with a two-level 
pyramid structure, subsampling factor of 2, and binomial window of 
order 2, needs 6.25 additions and no multiplications per pixel for the 
analysis stage, and 7 .5 additions and 2.5 arithmetic shifts per pixel for 
the synthesis stage. In this case, bath analysis and synthesis stages 
can be implemented using a subsampling-adapted version of the fast 
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Figure 2.8: Results of the multiresolution noise-reduction algo
rithm. Top left: original image magnified twice; lower left: zero
order coefficients and fust-order energy measures for each level of 
the pyramid; lower right: detected signal and estimated zero-order 
coefficient at each level of the pyramid; top right: resynthesized 
image. 

method of Hashimoto & Sklansky (1987). Determining the fust-order 
energy requires two multiplications and one addition, while the decision 
can be performed with one table-look-up per pixel. Table 2.I shows the 
computational laad needed for different structures of the single-se ale and 
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mnltiresolution algorithms. 

Structure M=2 M=4 M=8 
Adds. Mults. Adds. Mults. Adds. Mults. 

Single An al 20 0 72 0 290 0 
T=l Synt 36 36 150 150 810 810 
Single An al 5 0 18 0 72.5 0 
T=2 Synt 6 2 75 75 405 405 
Comp. An al 40 0 6.25 0 
Multi Synt 72 72 7.5 2.5 

Table 2.I: Computational load for different structures of the 
single-scale and the multiresolution algorithms. Number of ad
ditions and multiplications needed per pixel are indicated in the 
table for the single-scale algorithm with binomial windows of or
ders M = 2, M = 4 and M = 8, with subsampling factors T = 1 
and T = 2. Computational load of performance-comparable mul
tiresolution algorithms is also indicated. 

2.6 Conclusions 
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We have shown how the image representation model based on polyno
mial transforms can be used in image-processing applications, specifi
cally in noise reduction. This is part of a new approach to image pro
cessing that parallels human visual perception. We have argued that 
image processing can be efficiently performed by analyzing the image 
at different spatial scales, in a way similar to the human visual system. 
In the case of noise-reduction techniques, we need to discriminate at 
least two resolutions: the original resolution, at which meaningful image 
features are restored, and a lower resolution, insensitive to the spatial 
dimensions of the noise speckle at which regions containing only noise 
are represented. This is the case for the single-scale algorithm. In the 
multiresolution algorithm we have increased the number of resolutions 
at which the image is analyzed in order to adjust the degree of noise 
reduction to the position and contrast of nearby edges. The choice be
tween the two algorithms also depends on the characteristics of the noise, 



32 Chapter 2 Noise reduction in CT images 

the multiresolution algorithm being preferred for reduction of correlated 
noise, and the single-scale algorithm for reduction of uncorrelated noise. 
In terms of computational complexity, the multiresolution algorithm is 
clearly superior. 

Appendix 2.A Probability density function of E1 

Given the presence of noise and an edge, we assume that the random 
variables L 1,o and L0 ,1 have normal probability density functions equal 
to 

p Ll o = -- exp - -'----'-------( ) 1 [ (L1,o - Le cos 0)2 ] 

• ./'iiu 2u2 
(2.28) 

and 

( ) 1 [ (Lo1- Lesin0)2 ] 
p Lo,1 = ./'iiu exp - ' 2u 2 , (2.29) 

respectively, where u and Le are defined in Eqs. 2.20 and 2.22 respec
tively. According to the arguments of Section 2.3.1 they are independent 
variables and their joint density function is therefore given by 

(L L ) = _1_ ex [- (L1,o - Le cos0)2 + (Lo,1 - Le sin0)2 ] 
p 1,0, 0,1 2 2 p 2 2 . 

~u u 
(2.30) 

According to Papoulis (1965), the density function of Ei = Lt0 +LÖ,1 
can be obtained as 

where 

b..D = b..(L~.o + L~.1 ~ E1) 

Substituting the variables 

we obtain 

L1 ,o 

Lo,1 

vfEi cos</> 

vfEi sin</> 

(2.31) 

(2.32) 

(2.33) 
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Thus 

1 [ E1 + L 2
] [ 2.,, [L ] p(E1) = 41r0'2 exp - 20'2 e Jo exp u; ./Ei cos(</> - 0) d</>. 

(2.35) 
The last integral can be expressed in terms of the modified Bessel func
tion of order zero (Abramowitz & Stegun, 1965): 

1 la27r lo(z) = -· exp(z cos</>) dtjJ. 
211" 0 

(2.36) 

Hence 

( ) 1 [ E1 + L~l (Le ID) p E1 = - 2 exp - 2 · lo 2 v E1 . 
20' 20' O' 

(2.37) 

This equation describes the PQF of E1 in the presence of bath an edge 
and noise, as denoted by Eq. 2:23. In case E1 contains only noise infor
mation the PDF of E1 can be obtained from Eq. 2.37 by making Le = 0, 
as expressed in Eq. 2.19. 
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Chapter 3 

Subjective evaluation of noise-reduction 
techniques 1 

Abstract 

A subjective evaluation of the noise-reduction techniques of 
Chapter 2 is presented. There are a number of reasons to per
form such a subjective evaluation. Frrst, the parameters of the 
noise-reduction algoritluns'have to be tuned in order to optimize 
their performance. The window size in the single-scale algo
ritlun determines the degree of noise smoothing and is therefore 
an important parameter. The number of pyramid levels has 
a similar function in the multrresolution algoritlun. Changing 
the decision threshold in both algoritluns varies the percentage 
of homogeiieous regions where noise is removed as well as the 
percentage of edges that are blurred. 

Second, we wish to evaluate the perceptual differences be
tween the single-scale and the multÏiesolution algoritluns. A 
band of unreduced noise appears along high contrast edges in 
the single-scale algorithm. This effect does not occur in the mul
tÏiesolution algorithm and is one of the reasons for the presumed 
superiority of this algorithm. By means of psychometrical ex
periments, we wish to evaluate whether this band of unreduced 
noise seriously impairs _the single-scale algoritlun. 

Third, we wish to quantitatively evaluate how much subjec
tive quality improvement can be achieved in images processed 
with our algoritluns with respect to the original noise-corrupted 
images and to other existing noise reduction techniques. 

The subjective evaluations were carried out in a series of 
psychometrical experiments. The stimuli used in the experi-

1 This chapter is a part of papers that wil! appear in the J ournal for Visual Com
munication and Image Representation (Escalante Ramirez & Martens, 1992), and in 
the Proceedings of the SPIE Conference on Human Vision, Visual Processing, and 
Digital Display 111 (Escalante Ramîrez, Martens & De Ridder, 1992). 
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ments consisted of scenes processed with our algoritluns, with 
different parameter settings . Original noisy images, as well as 
images processed with existing noise-reduction techniques, were 
also included in the stimulus set. 

3.1 Introduction 

I T was shown in Chapter 2 that in the case of the single-se ale algoritlun 
the choice of the window size is subject to a number of confücting de

mands. Intuitively, we can think of the lower bound being determined 
by the correlation length of the noise and the upper bound being lim
ited by the maximum degree of noise smoothness that can be visually 
detected. In the multiresolution algoritlun a similar conflict determines 
the number of pyramid levels necessary to effi.ciently smooth the noise 
in homogeneous regions, i.e. too many levels do not achieve further 
perceivable noise smoothing while a single level might not sufficiently 
smooth the noise structure. At first glance the upper bound seems a 
good choice for both algoritluns. However, since in CT imagery there 
is no original noise-free image to compare with, human observers often 
prefer images with somé residual texture in homogeneous regions. They 
argue that this results in amore "natura!" appearance of the tissue. 

The selection of the decision-threshold parameter D presents a sim
ilar subjective dependence, since some viewers prefer somewhat more 
noise left in the image in exchange for the detection of lower contrast 
structures. 

This subjective dependence of the algoritlun parameters suggests 
that only a subjective evaluation will allow a proper choice for the op
tima! parameter values of both the single-scale and the multiresolution 
algoritluns. Furthermore, we wish to subjectively compare the perfor
mance of both algoritluns. As explained before, the single-scale algo
ritlun produces a band of unreduced noise along high contrast edges. 
The width of this band depends on the window size. By means of a 
subjective evaluation we assess for different window sizes how much this 
band of unreduced noise along high-contrast edges impairs the quality 
of images processed with the single-scale algoritlun. A subjective evalu
ation will also allow us to compare our algoritluns with the well-known 
median filter and the Lee additive filter (Lee, 1980) which was considered 
the best in a recent study (Mastin, 1985). 
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3.2 Method 

Two scenes were used for the subjective evaluation. Both consisted of 
brain CT scans, sirnilar to the one shown in Fig. 2. 7. Both scenes were 
processed with the single-scale algorithm. Since no significant difference 
was found in the subjective assessment of bath scenes, as will be shown 
later, only one of these scenes was used to evaluate the multiresolution al
gorithm. For the single-scale algorithm, three different binornial-window 
orders were used: 2, 4, and 8 · with equivalent wid ths of w = 1, V2, and 
2, respectively. These algorithm structures will be hereafter referred to 
as M. = 2, M. = 4, and M. = 8. Five values of the decision-threshold 
parameter were used: D = 1, 2, 3, 4, and 5. For the multiresolution al
gorithm, an identical binornial window of order 2 was used at every level 
of the pyrarnid. In order to provide stimuli comparable with those of the 
single-scale algorithm, images were processed with a one-level structure 
without subsampling, a two-level structure without subsampling, and 
a two-level structure with subsampling. These choices produce images 
whose lowest resolution level are sirnilar to images processed by single 
binornial windows of order 2, 4, and 8, respectively, and therefore will 
be referred to as Mm = 2, Mm = 4 and Mm = 8. The parameter D 
had identical values as in the case of the single-scale algorithm. Origi
nal scenes, as well as scenes processed with a 3 x 3 median filter and a 
3 x 3 Lee additive filter (Lee, 1980), were included among the stimuli. 
We recall here that the median filter replaces every pixel of the input 
image by the median value of all its neighbouring pixels within a fixed
size window. The Lee filter works also within a fixed-size window and 
replaces every pixel of the image by a weighted sum of the original pixel 
value and the mean pixel value: 

( . ') u! - u~[ (' ') ] Y i, J = µw + 2 Z i, J - µw 
O'w 

(3.1) 

where z(i,j) is the input pixel value, y(i,j) is the output pixel value, µw 
is the mean pixel value within the window, u! is the measured variance 
of the signa! within the window, and u~ is the estimated variance of the 
input noise. Hence, for windows where the signal-to-noise ratio is low, 
the weight of the mean pixel value will be larger than that of the original 
pixel. Conversely, if the signal variance within the window is large, the 
weight of the original pixel value will dominate. For bath median and 
Lee filters a window of 3 x 3 pixels showed to be the most appropriate in 
our case. Larger windows would introduce too much blur in edges and 
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very annoying blocking effects. 
A CONRAC-7211 high-resolution interlaced monitor was used to 

present stimuli. The images consisted of 256 x 256 pixels, with 12 
bits/pixel, displayed through an 8-bit window comprising the Hounsfield 
units from -68 to 124 (see Section 2.3 for a definition of Hounsfield 
units). The mean luminance of the displayed images was 8.25 cd/m2 . 

The stimuli occupied an area of 14 x 14 cm on the monitor. Subjects 
viewed the monitor at a distance of 84 cm, thus with stimuli subtend
ing a visual angle of 9.5°. This corresponds to a ratio of 6 between 
viewing distance and stimulus height. Seven subjects with experience in 
subjective-quality tests of natural images took part in the experiment. 
All the subjects had normal or corrected-to-normal vision. Their visual 
acuity, measured on a Landolt chart at 5 m distance, varied between 
1.25 and 2.5. 

The experiments were divided into three sessions. One session for 
the stimuli processed with the single-scale algorithm and a second ses
sion for the stimuli processed with the multiresolution algorithm and 
the median filter. A third session included the stimuli processed with 
the Lee additive filter in the evaluation. This session took place after 
the results of sessions I and II were obtained. This allowed us to include 
stimuli processed with the optimally tuned single-scale and multireso
lution algorithms in the third session. Furthermore, the median filter, 
the Lee additive filter, and a stimulus processed with the single-scale 
algorithm with a window of order 2 (M. = 2) and D = 5, were also 
included in this last session. This last stimulus was included in order to 
have an additional stimulus common to all three experimental sessions. 
The original images were also included in all sessions. This arrange
ment resulted in 16 stimuli for the first session, 17 stimuli for the second 
session, and 6 stimuli for the last session. 

Each session consisted of a factorial-design experiment. The stimuli 
of each scene were combined to form all possible pairs of stimuli, 256 
for the first session, 289 for the second session, and 36 for the third 
session. The two images of a pair were simultaneously displayed during 
6 seconds on the monitor, one on the left-hand side of the monitor and 
the other on the right-hand side. The subjects were asked to rate the 
difference in preference between the two stimuli using a scale ranging 
from -10 to +10. If the stimulus on the left-hand side of the monitor 
was preferred, the score should be a negative number, -10 for much more 
preferred, and 0 for equally preferable. If the stimulus on the right-hand 
side was preferred, then the score should be positive. Using the testable 
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assumptions of functional measurement theory (FMT) (Anderson, 1974) 
that (1) subjectsjudge differences when they are requested to do so, and 
(2) subjects use a linear number scale, an interval scale of preference can 
be derived from these data. An interval scale means that stimulus ratings 
are determined up to an arbitrary offset and scale. This approach, based 
on the FMT, has proved to be an efficient tool for the assessment of small 
impairments in digital images (De Ridder & Majoor, 1990). 

Stimuli processed with a single level of the multiresolution algorithm 
(Mm = 2) are identical to those processed with the single-scale algorithm 
with a window size of 2 pixels (M. = 2), This allows us to map the 
results of sessions 1 and II by means of a linear transformation onto a 
common preference scale (i.e. by assigning coordinates to the common 
stimuli). A similar transformation can be used to integrate the results 
of the third session in the combined preference scale of sessions I and Il. 
Indeed, all stimUli of the third session hut one (Lee-filter stimulus) are 
included in the common preference scale of sessions 1 and II. 

3.3 Experimental results 

For each subject, one 16 x 16-element matrix per scene was obtained in 
the single-scale session, one 17 X 17 matrix in the multiresolution session, 
and one 6 x 6 matrix in the third session. Thus, one row and one column 
per stimulus. · Element ( i, j) in such a matrix represents the score given 
by the subject for the difference in preference between thè pair of stimuli 
(i,j), stimuli i and j being displayed on the left and right hand sides of 
the screen, respectively. 

In order to arrive at a single preference scale, it is necessary that there 
be no interaction between the rows and the columns of the matrices 
(Anderson, 1974), i.e. that the scores within the different rows and 
columns form parallel curves. This can be observed in Figs. 3.1, 3.2, 
and 3.3 for sessions I, II, and UI, respectively. 

The interaction between rows and columns has also been examined 
statistically by means of Analysis of Variance. No significant interaction 
was found (F221;,3012 = 0.62, p > 0.05 for session I; F256,1734 = 0.58, 
p > 0.05 for session II; and F25,216 = 0.91, p > 0.05 for session Hl). 
In addition, no significant effect of the scene content was observed in 
session I (F1,3012 = 0.02, p > 0.05) . Since the effect of the scene was 
negligible, we used only one scene in the last two sessions. 

According to FMT, it is now possible to determine the preference 
value for each stimulus by averaging with opposite sign the row and 
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Figure 3.1: Difference-in-preference scores, averaged over the 
scenes and subjects for session I. Numbers on the abscissa rep
resent column stimuli. There is one curve for each row stimulus. 
Each point on the curves represents the score for the difference 
in preference between the corresponding row and column stimuli. 
Note the parallelism of the curves. 

column of the matrix that correspond to this stimulus (De Ridder & 
Majoor, 1990). This was done for each subject and all stimuli. As men
tioned before, the stimuli processed with a binomial window of order 
2 (M. = 2), as well as the original image, are common in both the 
multiresolution and the single-scale sessions. This allowed us to com
bine the preference values of sessions I and II per subject in a common 
preference scale via a linear transformation between the scores of the 
common stimuli. The results of the third session were also included in 
the preference scale of sessions 1 and II by means of a linear transforma
tion between the common stimuli. The individual preference scores are 
shown in Fig. 3.4. These scores are represented on an interval scale ( see 
Section 1.3), so that the preferences are known but for a linear transfor-
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Figure 3.2: Difference-in-preference scores, averaged over the sub
jects for session II. Numbers on the abscissa represent column 
stimuli. There is one curve for each row stimulus. Each point 
on the curves represents the score for the difference in preference 
between the corresponding row and column stimuli. Note the par
allelism of the curves. 
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mation. The original image is the point for D = 0, where all the lines 
join. The preference scores of the median and the Lee additive filters 
are represented as horizontal lines . 

Fig. 3.4 shows that subjects preferred stimuli processed with deci
sion thresholds of values either D = 2 or D = 3. According to the 
subjects' reports, this obeys to the fact that those subjects who chose 
D = 2 preferred somewhat more noise left in the image in exchange 
for sharper low-contrast structures, and vice versa. Around the optimal 
D values, subjects opted for multiresolution structures above the com
parable single-scale structures, with the exception of subject AT. This 
subject reported that the band of unreduced noise along edges produced 
by the single scale algorithms suggested sharper edges. The rest of the 
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Figure 3.3: Difference-in-preference scores, averaged over the sub
jects for session III. Nurnbers on the abscissa represent column 
stimuli. There is one curve for each row stimulus. Each point 
on the curves represents the score for the ditference in preference 
between the corresponding row and column stimuli . Note the par
allelism of the curves . 

subjects reported that this band of unreduced noise along edges was 
annoying and that it did not improve the sharpness impression. Since 
the stimuli processed with M, = 8 present the widest band of unre
duced ·noise along edges, they are judged as being severely impaired by 
all subjects except AT. 

· For all subjects hut two, AT and IO, the best multiresolution struc
ture around the optimal D values is M = 4. Subjects reported that this 
structure provides a semi-rough texture in homogeneous regions which 
gives an effect of "naturalness" to the image. The deviation from this 
preference by subject AT is explained by his preference for . unreduced 
noise along edges, as explained before, while subject IO reported a pref~ 
erence for very smooth homogeneous regions. The median filter was 



3.3 Experimental results 

5 

4 
'-
I> J .... .... 
I> 

2 .D 1>. Ms=2 
A 
1 

4> 
0 o M9=4 • Mm=4 ~ Median 

0 -1 c: 
~ -2 o M5=8 • Mm=B 11 Lee 
I> -~ -3 
a.. 

-4 
-------------------5 

5 

'-
4 

I> J .... -I> 
2 .D 

A 
1 

4> 0 
0 -1 c: 
~ -2 
~ 
~ -J 

a.. 
-4 

-5 
5 

'-
4 

QI 3 ..... -QI 
2 .D 

A 
1 

4> 
0 

0 -1 c: 
~ -2 4> -~ -3 

-4 AT MN HR 
-5 

0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 
Threshold D Threshold 0 Threshold D 

Figure 3.4: Individual preference scores of subjects AT, MN, HR, 
GS, TH, BE and 10. Empty symbols show the scores for images 
processed with the single-scale algorithm. Filled symbols show the 
scores for images processed with the multiresolution algorithm. 
The scores of images processed with the median and Lee additive 
filters are represented as horizontal lines. 
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low ranked by all subjects. The Lee filter was ranked higher by all the 
subjects, hut is still inferior to the optimally tuned single-scale and mul
tiresolution algorithms. Especially the subjects MN and HR ranked this 
filter high in comparison to the rest of the subjects. 

A genera! preference scale for all subjects can be obtained by aver
aging the individual preference scores. However, in order to minimize 
the variation between subjects, the individual preference scores were 
normalized using a Z-score transform (Hays, 1965), i.e. 

(3.2) 

where Zi,j is the original score (subject i, stimulus j), Zi,i is the trans
formed score, and µi and Ui are the average and standard deviation of 
the scores of the subjects, i.e. 

(3.3) 

(3.4) 

where N is the number of stimuli. This transform reduces spread be
tween subjects, since the individual gain factor used by the subjects to 
map s'ensation differences into an interval scale is normalized. Finally, 
estimates of the preference values were found by averaging the norrnal
ized scores of the subjects. 

The average estimates of the preference values are shown on the left 
in Fig. 3.5. The preference values are scaled so that a unit in the pref
erence scale is equal to the average standard error of the mean. The 
rnedian-filtered image is rated only slightly better than the original im
age. The Lee additive filter scores substantially higher but is still inferior 
to the optimally tuned single-scale and multiresolution algorithms. 

Fig. 3.5 shows a preference for stimuli processed with a decision
threshold parameter D = 3 for all structures of the single-scale and the 
multiresolution algorithms. The preferred structure around the optima! 
D value is the two-level multiresolution algorithm without subsarnpling, 
i.e. Mm = 4, as the right side of Fig. 3.5 shows. At high decision 
thresholds, the small window functions are ranked higher than the large 
window functions. This is to be expected since most of the edges are 
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Figure 3.5: Average preference scores for all stimuli are shown at 
the left side. Empty symbols show the scores for stimuli processed 
with the single-scale algorithm. Filled symbols show the scores for 
stimuli processed with the multiresolution algorithm. The scores 
for stimuli processed with the meclian and Lee adclitive filters are 
represented as horizontal lines. A unit in the preference scale is 
equal to the average standard error of the mean. The scores for 
stimuli processed with clifferent algorithm structures with D = 3 
are shown at the right side. 

blurred. At low decision thresholds, clifferences between stimuli are dif
ficult to detect because reconstruction at full resolution has taken place 
almost everywhere in the image. 
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Around the optima! D value, the multil'esolution structures are 
ranked better than their comparable single-scale structures. Since the 
texture of homogeneous regions is similar in stimuli processed with com
parable single-scale and multil'esolution algorithms, we conclude, in ac
cordance with introspective reports of the subjects, that this difference 
in preference scores is indeed due to the perceived annoyance produced 
by the band of unreduced noise along edges in the stimuli processed by 
the single-scale algorithm. This effect limits the use of the single-scale 
algorithm for large-sized windows, as the graph shows for the window 
function of order 8. For smaller window sizes, however, this effect is also 
present hut is much less annoying, as the band of unreduced noise is 
much thinner (see for instance the case of M. = 4). 

Comparing the different multiresolution structures around the opti
ma! D value, we note that the two-level structure without subsampling, 
Mm = 4, is the preferred one. The one-level structure M. = 2 and 
the two-level structure with subsampling Mm = 8 score approximately 
equal. M, = 2 produces very rough surfaces because the noise cannot be 
efficiently smoothed within a very small window. In contrast, Mm = 8 
produces very smooth surfaces. The two level structure without subsam
pling Mm = 4 produces intermediately textured surfaces which subjects 
seem to prefer. This order of preference based on differences of texture 
in homogeneous regions is also present in the stimuli processed with the 
single-scale algorithm. However, the unreduced noise along edges brings 
down the score of M. = 4 to the level of M, = 2. 

Fig. 3.6 shows the results of processing a CT image with the single
scale algorithm and the multiresolution algorithm, both tuned with their 
respective optimal parameter values, i.e. M. = 4, D = 3, and Mm = 4, 
D = 3, respectively. The results obtained with the 3 x 3 median filter 
and the 3 x 3 Lee additive filter are also shown in Fig. 3.6. From this 
figure it is clear that the median filter and the Lee additive filter do not 
efficiently smooth noise in comparison with our algorithms. The median 
filter introduces block-shaped artifacts in the image. This effect is also 
present, although toa lesser degree, in the case of the Lee additive filter. 
Furthermore the median filter and, to a somewhat smaller extent, the 
Lee additive filter, blur the edges of the image, while our algorithms 
preserve the original sharpness of the edges. The difference between 
the single-scale and the multil'esolution algorithm can be appreciated 
mainly in the high-contrast edges. The single-scale algorithm shows a 
small overshoot in the reconstruction of these edges and a small band 
of unreduced noise along them. This problem does not appear in the 
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b) 

Figure 3.6: a) Original image magnified twice. b) Images pro
cessed with: top left: the single-scale algorith.m; top right: the 
multiresolution algorith.m; bottom left: the 3 x 3 median filter; 
bottom right: the 3 x 3 Lee additive filter. 
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multiresolution algorithm due to the progressive reconstruction of high
contrast edges along all the pyramid levels. 

3.4 Conclusions 

A subjective evaluation of the noise-reduction algorithms shows that 
the multiresolution algorithm is preferred in the case of CT images with 
fairly uncorrelated noise. However, the single~scale algorithm performs 
almost as well as the multiresolution algorithm, since the band of unre
duced noise is too thin to produce serious perceptual annoyance. For 
other types of CT images, or other types of noise-corrupted images with 
higher-correlated noise due to, for instance, a larger point spread func
tion of the image scanner, this effect will probably be much more visible. 
The preference for the multiresolution algorithm will, in that case, be 
more pronounced. In the case of white noise, the single-scale algorithm 
is already very efficient, since a single relatively small window function 
can accomplish sufficient reduction of the noise without seriously affect
ing the resolution of the image. A more in-depth study on the relations 
between the objective parameters of the algorithms (i.e. window size, 
number of resolution levels, and decision threshold) and the perceptual 
attributes of the image ( such as sharpness and annoyance of noise) is 
necessary in order to fully understand and characterize the global sub
jective preference. Such a study will be presented in Chapter 4, and was 
conducted in part to see if any systematic difference in preference could 
be found between experts ( radiologists) and non-experts. 



Chapter 4 

Characterization of expert and non-expert 
subjective preferences 

Abstract 

Judging the subjective quality of processed images is a cog
nitive process in which the perceived impressions of basic image 
attributes, such as sharpness and annoyance of noise, play an 
important role. In medical images, subject-expertise could also 
be an important factor . In this chapter, we study the percep
tual factors that influence the quality impression of Computed 
Tomography images with different degrees of noise reduction . 
A series of psychometrical experiments, including evaluations of 
overall image quality, assessments of image attributes andjudge
ments of dissimilarities, were perfonned with expert and non
expert subjects. We show how the results of the experiments 
can be integrated in a single model and test the hypothesis that . 
the subjective quality judgements of experts and non-experts 
can be characterized in a multidimensional space spanned by 
basic perceptual image attributes . We prove the basic assump
tion of homogeneity of perception on which multidimensional 
sealing techniques are based (i.e. all subjects perceive images in 
a very similar way, hut may judge the quality differently). We 
show how inter-subject differences in the assessment of image 
attributes can be characterized in this model. 

4.1 Introduction 

S UBJECTIVE evaluation of image quality has been the topic of sev
eral studies in the last decade. Subjective quality is usually stud

ied as a single psychological impression directly determined by physical 
parameters. However, and especially when images are simultaneously 
multiply impaired, it is more illustrative to consider the overall image 
quality as being determined by several basic perceptual attributes, such 
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as sharpness, annoyance of noise, and brightness contrast. In this light, 
several authors have adopted the view that image quality can be ex
pressed as a function whose domain is a multidimensional space with 
axes that are subtended by basic perceptual attributes. Multidimen
sional sealing comprises a series of mathematica! algorithms for deter
mining how stimuli can be positioned in a multidimensional space. It 
can be used in any area of research dealing with the subjective evaluation 
of stimuli varying in more than one aspect. 

Multidimensional sealing techniques are based on the principle of ho
mogeneity ofperception (Green, Carmone & Smith, 1989) which sustains 
that subjects perceive stimuli in a similar way, independently of their in
dividual preferences for specific stimuli. Hence, differences in preferences 
cannot be explained by differences in perception hut by personal likes or 
dislikes aften based on personal history. The data needed to construct 
the space is either taken from dissimilarity (or similarity) judgements 
between stimuli or from multiple attribute judgements for each stimu
lus (Schiffman, Reynolds & Young, 1981; Jackson, 1978). The distance 
measure used to determine the position of the stimuli in the space can 
be metric or non-metric. By non-metric models it is understood that 
the distances between stimulus positions in the multidimensional space 
are only monotonously related to the judged dissimilarities (or similar
ities ), i.e. only the rank order of the dissimilarity data is important. 
Metric models, in contrast, maintain a linear relation between the dis
similarity judgements and the distances between stimulus positions. The 
Euclidean distance is the most frequently used metric, although more 
genera! Minkowsky metrics are sometimes used. In the present chapter, 
we will only consider metric spaces, and more specifically, Euclidean 
spaces. Hence, the perpendicular projections of a stimulus position on 
selected attribute axes will represent the strengths of the corresponding 
attributes in the stimulus. 

In the field of image quality, Marmolin & Nyberg (1975) used multi
dimensional sealing to subjectively evaluate impaired images. The phys
ical variables were the system's modulation transfer function (MTF), 
the noise power spectrum, the noise level, and the gamma value, the 
latter being the parameter of the luminance reproduction function. By 
observing the distribution of the stimulus positions in the multidimen
sional space, they associated the subjective attributes sharpness, noise, 
and contrast with three orthogonal directions in their 4-dimensional 
space. They also found an additional, non-identified dimension that 
was scene-dependent. In a similar work, Goodman & Pearson (1979) 
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studied the multidimensional space of television images impaired by 
DPCM-quantization errors, echo, noise, and bandwidth limitation. Four 
independent dimensions in the space were identified and labelled with 
sophisticated names that describe concepts similar to visibility of echo, 
noise, sharpness, and visibility of objects. In bath studies, the indepen
dent directions were interpreted by visually inspecting the distribution 
of the stimulus positions in the multidimensional space. It was not ver
ified, however, that the labelling associated with each direction actually 
corresponded toa perceptually-relevant attribute. This practice may in
duce wrong assumptions about the perceptual attributes of the space, as 
was shown by Linde (1981) who found that blur and noise, measured in 
terms of physical parameters do not imply orthogonal (i.e. independent) 
directions in a multidimensional perceptual space. 

The purpose of this chapter is to study the perceptual factors that 
contribute to the subjective impression of quality in Computed Tomog
raphy (CT) images with different degrees of noise reduction. In the case 
of medical images, the goal is to choose the best image among two or 
more images in order to perform a diagnosis. We will therefore refer to 
the subjective preference of images based on a. subjective quality crite
rion. Quality expresses a degree of excellence. However, the criterion 
on which quality is based may depend on the main goal of the image 
material, as well as on the observer's expertise. We therefore can make a 
distinction between performance-oriented and appreciation-oriented im
age quality (Roufs, 1992). At this point, we assume that in the case 
of medical images, subjective preference considers both types of image 
quality. We will discuss more about this issue further on in this chapter . 

We wish to characterize the subjective preference in a model that 
allows the study of the differences in preference judgement between 
experts and non-experts or simply between subjects of any category. 
At this point it is logical to hypothesize differences between experts 
and non-experts when they subjectively assess medical images processed 
with noise reduction techniques. First, the lack of medica! knowledge 
may lead non-experts to either include diagnostically irrelevant struc
tures in their judgement or, conversely, exclude the relevant ones from 
consideration. Second, being used to noisy medical images for many 
years may influence the expert 's preference differently from that of the 
non-experts, for whom noise is always an artifact. Third, the prefer
ence judgement of expert subjects is expected to be more influenced 
by performance-oriented quality aspects than by appreciation-oriented 
quality aspects. Non-expert subjects, on the contrary, are expected to 
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base their preferences criteria mainly on appreciation-oriented quality 
aspects. In Section 4.4, we show that in the case of the experiments 
presented in this chapter, experts as well as non-experts based their 
preferences more heavily on appreciation-oriented aspects due to exper
imental conditions. 

We will adopt multidimensional sealing techniques in order to create 
a space subtended by basic perceptual attributes. We will show special 
regard conceming the identification of the dimensions found in the mul
tidimensional analysis. This can be achieved by separately sealing the 
perceived impressions of basic image attributes, and fitting these data 
into the multidimensional space. Assuming that preference is a linear 
function of basic attributes, and that the latter span a multidimensional 
space, we will also test the idea of correlating the subjective preference 
with a direction in the multidimensional psychological space. 

4.2 Stimuli 

The image-processing technique we consider in this work is the mul
tiresolution noise-reduction algorithm of Chapter 2. It was shown in 
Chapter 3· that this algorithm is not only theoretically, subjectively 
and in many cases computationally preferable over the single-scale 
noise-reduction algorithm, hut also over many existing non-linear noise
reduction techniques such as the median filter and the Lee filter (Lee, 
1980; Mastin, 1985). 

Two CT-scans, one from a brain and one from an abdomen, were 
used to generate stimuli. Bath consisted of 512 x 512-pixel scans . A 
region of interest of 240 x 512 pixels was chosen from each scene in order 
to be able to simultaneously display two images on the monitor, one on 
the left and one on the right si de of the monitor. The region of interest 
in the available scans was chosen by the group of expert subjects. Differ
ent degrees of noise reduction were provided by varying the parameters 
of the algorithm, i.e. the algorithm structure and the noise-decision 
threshold D . In the present study, a fixed binomial window of order 2 
was adopted. Three different multiresolution algorithm structures were 
used: one level, two levels without subsampling between pyramid lev
els, and two levels with subsampling. These structures produce output 
images whose pixel values are weighted averages over at most 32 , 52 or 
72 input pixels. These three structures will be identified hereafter with 
M = 3, M = 5, and M = 7 respectively. It is important at this point 
to mention that multiresolution structures with more than 2 levels were 
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not included in the experiment because pilot experiments showed that 
the resulting output images were hardly distinguishable from the case 
M = 7. The few subjects that could make a distinction reported no 
further improvement of image quality for those structures. 

The noise-decision threshold was varied discretely over the values 
D = 1, 2, 3, 4, 5. Not all the possible combinations of pyramid structures 
and threshold values were used. From the 15 possible combinations 
only 11 were chosen, since some of the combinations gave very similar 
results. The original unprocessed images were included among the stim
uli. Stimuli processed with a 5 x 5 median filter and a 5 x 5 Lee filter 
were also included. A 5 x 5-pixel window seemed the most appropriate 
for both filters since smaller windows could not reject noise efficiently, 
and larger windows introduced much blur and annoying block artifacts 
in the image. The choice of this window size for the median and Lee 
filters differs from that of Chapter 3 since the noise correlation-length 
is larger in the images used in the experiments of the present chapter. 
Stimuli processed by the median and Lee filters were included in the 
overall-preference evaluation sessions hut not in the rest of the sessions 
since they produce extra impairments (block effects) in the image which 
might give rise to additional perceptual dimensions which are out of the 
scope of this research. 

Stimuli were displayed on a BARCO-CCID7351 high-resolution mon
itor. The field frequency was set at 70 Hz in order to reduce line fücker. 
Viewing conditions complied as closely as possible with the CCIR rec
ommendations (CCIR, 1989), except for the viewing distance which was 
equal to 40 cm, following the medical-experts' advice. Stimuli were dis
played through an 8-bit grey-level window comprising the Hounsfield 
units from -16 to 64 for the brain scene and from -35 to 215 for the 
abdomen scene. The mean luminance of the stimuli on the screen was 
11.5 cd/m2 for the brain scene, and 10.5 cd/m2 for the abdomen scene. 
Figs. 4.1 and 4.2 show examples of the stimuli used in the experiments . 

4.3 Subjects 

One of the objectives of this study is to characterize differences in prefer
ence between expert and non-expert subjects. For this purpose 4 medi
ca! expert subjects, one technica! expert and 4 non-expert subjects took 
part in the experiment. The medical-expert group consisted of 3 ex
perienced radiologists and one experienced radiographer. The technica! 
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Figure 4.1: Exarnples of the stimuli of the brain scene. The stim
ulus on the left is the original unprocessed image. The stimulus 
on the right is processed with the algorithm parameters M = 7, 
and D = 3. Bath stimuli show the region of interest chosen for 
the brain scene. 

expert was a CT development engineer. The non-expert group consisted 
of 4 subjects with no mèdical training hut with experience in percep
tual quality assessment of natural images. All subjects had normal or 
corrected-to-normal vision. Their visual acuity, measured on a Landolt 
chart at a distance of 40 cm varied between 1.25 and 2.5. 
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Figure 4.2: Examples of the stimuli of the abdomen scene. The 
stimulus on the left is the original unprocessed image. The stimu
lus on the right is processed with the algorithm parameters M = 7, 
and D = 2. Both stimuli show the region of interest chosen for 
the abdomen scene. 

4.4 Pro eed ure 

55 

There were three experimental sessions for each scene. In the first session 
dissimilarity data were obtained by combining all 12 stimuli of the same 
scene to form all 144 possible pairs of stimuli. In random order, each 
pair of stimuli was displayed on the monitor during a period of 6 seconds 
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presenting one stimulus on the left-hand side of the monitor and the 
other one on the right-hand side, in a similar way as Figs . 4.1 and 4.2 
show. The subjects had to give an integer score, between 0 and 10, 
rating the dissimilarity between both stimuli . A 10 score accounted for 
the largest dissimilarity and a 0 score meant that both stimuli were 
equal. The subjects were strongly urged not to base their score on any 
preference, nor quality, nor emotional criteria, but only on the perceived 
difference between both stimuli . 

The second session obtained preference data. Here, the stimuli pro
cessed by the median and the Lee filters were also included, making a 
total of 14 different stimuli for each scene. In this case, however, only 
56 different pairs of stimuli were included in the experiment. These con
sisted of all possible combinations between two reference stimuli and all 
the 14 stimuli . Hence, each pair of stimuli was presented twice, once 
with the reference stimulus on the left side of the monitor and once 
on the right side. The reference stimuli were the original unprocessed 
image and the stimuli processed with the parameters M = 7, D = 3. 
This latter stimulus was judged to have the best image quality in a 
pilot experiment . Similar to the previous session, each pair of stimuli 
was displayed on the monitor for 6 seconds following a random order. 
The subjects were asked to give an integer score, between -10 and 10, 
rating the difference in general preference between both stimuli . lf the 
stimulus on the left side was preferred, the score should be negative, a 
-10 for much more preferred and a 0 for equally preferred. lf on the 
contrary, the stimulus on the right side was preferred, then the score 
should be positive. This method, based on Functional Measurement 
Theory (FMT) (Anderson, 1974) has proved its efficiency in similar ex
periments on coded images (De Ridder & Majoor, 1990), and was also 
used in Chapter 3. Medical-expert subjects reported that their prefer
ence judgement was mainly based on an appreciation-oriented quality 
criterion, since in order to include a performance-oriented quality cri
terion longer observation times and additional diagnostic information1 

would be needed. These requirements would have made the experiment 
too long to carry out within a resonable period of time, and, therefore 
they were not complied with in the experimental procedure. 

The third session consisted of a series of three numerical-category 
sealing experiments based on 11 points . The validity of this scale has 

1 Radiologists usually study a complete set of adjacent CT scans, as well as other 
types of medical information, in order to formulate a diagnosis. They usually take 
several minutes to observe each scan of the set. 
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been studied by Roufs & Goossens (1988); Roufs & Boschman (1991); 
Roufs (1992). Each sealing experiment evaluated a different perceptual 
attribute, namely sharpness of structures, annoyance of noise, and vis
ibility of structures. Subjects were instructed that the term structures 
referred to relevant structures, thus brain or abdominal structures, and 
not noise structures. From a methodological point of view, this choice 
may not have been completely fortunate, since annoyance of noise is 
not considered as a basic image attribute, however, it is monotonously 
related to the basic attribute noise strength or noisiness. Visibility of 
structures also imposes a limitation, since visibility is a term which has 
not been fully defined. It is, however, known to be related to the term 
contrast of structures. These attributes were selected after an inquiry 
among expert as well as non-expert subjects. They were asked to choose, 
out of 12 different image attributes, the 3 most relevant ones that best 
described the perceived impairments of the stimuli. This inquiry took 
place after the subjects had performed experiments of sessions I and II 
and therefore had become familiar with the stimuli. One of the reasons 
for carrying out this third session was to collect perceptually-scaled at
tributes which can help interpret the multidimensional space created by 
the dissimilarity data of session 1. In the sealing experiments, each of 
the 12 stimuli was displayed on the monitor during 6 seconds in random 
order and replicated 4 times. The subjects had to give a score between 
0 and 10 (i.e. Il-point scale), rating the strength of the corresponding 
attribute for each stimulus. The stronger the presence of the attribute 
in the image, the higher should be the score. 

4.5 Results 

4.5.1 Genera! Preference 

We will first present the results of session II, in which the genera! pref
erence of the stimuli was .evaluated. The data obtained in this session 
consist of a matrix of 4 x 14 scores for each subject and each scene. The 
columns corresponded to the 14 stimuli, while the rows corresponded to 
the reference stimuli, i.e. original image on the left, original image on the 
right, highest-quality stimulus on the left, and highest-quality stimulus 
on the right, respectively. The scores reflect differences in preference of 
the subject for the pair of stimuli corresponding to the element 's row 
and column. In the ideal situation, the scores of the rows corresponding 
to the same reference on the left and on the right should be opposite. In 
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order to sirnplify further analysis, the signs of the scores were inverted 
for the cases that the reference was on the right. 

In order to check for a possible effect of the position (left or right), 
of the reference stimuli ( original image or highest quality stimulus), or 
interaction between reference stimuli and column stimuli, Analysis of 
Variance (ANOVA) was carried out. In this analysis the matrices of all 
subjects for each scene were included. The analysis showed no significant 
effect of the position of the reference stimuli (F1 ,7 = 1.52,p > 0.05 for 
the brain scene and Fi,7 = 0.56,p > 0.05 for the abdomen scene), nor 
interaction between reference and column stimuli (F13,l3 = 4.25,p > 
0.05 for the brain scene and Fi3,13 = 0.54,p > 0.05 for the abdomen 
scene). These conclusions can be confumed by platting the 4 rows of 
the score matrices averaged over all subjects, as Figs. 4.3 and 4.4 show 
for the brain and abdomen scenes respectively. We note that the plots 
are approximately parallel for the different reference stimuli, implying 
that there is no significant interaction between the reference stimuli and 
the column stimuli. The scores for the cases that a reference stimulus 
appears on the left or on the right side of the monitor even overlap. 
Therefore we conclude that the position of the reference stimuli had no 
significant effect ei ther. 

The absence of an interaction between reference and column stimuli 
irnplies, according to FMT, that the preference value for each stimulus 
can be obtained by averaging the scores within the columns of the ma
trices. Rather than averaging, however, the 4 scores of each column can 
be considered as replicas of the same stimulus by removing the offset 
between the scores of upper and the lower rows (see Figs. 4.3 and 4.4) . 
These scores can be translated into sensation values on a psychologi
cal scale following Thurstone's law of category judgement (Torgerson, 
1958). The method we used for this purpose is based on condition D 
(Torgerson, 1958) of Thurstone's model of the psychological continuum. 
This model assumes that the strength of the momentary impression 
of a stimulus as well as the boundaries of the categories are normally 
clistributed on a psychological continuum. The variance of the stimuli 
strength clistributions is constant. The same applies to the variance of 
the category boundary distributions. The category ratings are, however, 
not necessarily normally distributed, and therefore, the category scale 
has to be locally stretched or shrunk so that the category ratings for 
all stimuli will resemble normal distributions with a constant variance. 
The resulting scale is considered psychologically linear. This transfor
mation was carried out by means of the software program THURCATD 
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Figure 4.3: Parallelism between preference scores for brain scene. 
Each pair of overlapping curves in upper and lower part of the 
plots represent the scores of the stimulus pairs with the same ref
erence stimulus. One curve for the case that the reference stimulus 
appears on the left side of the monitor, and the other curve for 
the case that the reference stimulus appears on the right side of 
the monitor. Upper plots correspond to the scores of stimuli pairs 
with one of the reference stimuli, and the lower plots with the 
other reference stimulus. 

(Boschman, 1991). 
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Using this procedure, preference scores were obtained for each sub
ject and for each scene. These preference values are represented on an 
interval scale, i.e. a scale that is unique up to linear transformations. 
These results are plotted in the first row of Figs. 4.7, 4.8, 4.9, 4.10, and 
4.11. The scores of the original unprocessed image are shown at D = 0, 
where all lines join. The scores of the median and Lee filters are indi
cated as horizontal lines. Although there are differences, mostly within 
the group of medical experts, there is no systematic difference between 
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Figure 4.4: Parallelism between preference scores for abdomen 
scene. Each pair of overlapping curves in upper and lower part 
of the plots represent the scores of the stimulus pairs with the 
same reference stimulus. One curve for the case that the reference 
stimulus appears on the left si de of the monitor, and the other 
curve for the case that the reference stimulus appears on the right 
si de of the monitor. Upper plots correspond to the scores of stimuli 
pairs with one of the reference stimuli, and the lower plots with 
the other reference stimulus. 

medica! experts and non-experts. All these subjects present common 
characteristics, such as low preference for the original image and similar 
parameter setting for the most preferred stimulus, with the exception of 
subject CO with the abdomen scene, who does not show a peak as the 
rest of the subjects. Around the optimal values of D, they all present 
similar pref eren ces for the values of the parameter M, the order . of pref
erence being M = 7, M = 5, and M = 3. The preference scores of 
the technica! expert KO are completely different from the rest of the 
subjects. He regards the original image as the best. In an introspective 
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interview with this subject he revealed that, due to the nature of his 
professional activities, he observes the noise structure in order to judge 
the sharpness of CT images, regardless of the appearance of other image 
structures. Since this strategy neglects the goal of the multiresolution 
noise-reduction technique, i .e. to preserve relevant edges while blurring 
the noise, and does not follow the instructions given to the subjects, we 
consider this subject's scores to be biased. This bias will be confumed 
in the results of the sealing experiments presented in the next section. 

For the purpose of confuming that there is no systematic difference 
between the preferences of medical experts and non-experts, we will sep
arately average the scores of both groups of subjects. In order to mini
mize subject variation, the individual preference scores were normalized 
using a Z-score transform (Hays, 1965) and averaged. See Section 3.3 for 
more details on the Z-score transform. Furthermore, the averaged pref
erence scores were scaled so that a unit in the preference scale is equal 
to the average standard error of th~ mean. Fig. 4.5 shows the preference 
scores for the brain scene for medical experts as well as for non-experts. 
Fig. 4.6 shows the preference scores for the abdomen scene. 

The fust remark regarding bath figures is that there is no significant 
difference between the average medical-expert and non-expert prefer
ences. Medical experts as well as non-experts choose the same stimulus 
as optimum, and the relative position of the sub-optima! stimuli is sim
ilar. The median and Lee filters are clearly low ranked. The optimal 
algorithm structure is M = 7 for bath brain and abdomen. This differs 
from the scores found in Chapter 3 because the noise correlation-length 
is much larger in the stimuli used in the present chapter and, as ar
gued in Chapter 3, the optima! window size depends on the degree of 
noise correlation. The optima! value for the noise-threshold parameter 
is D = 3 in the case of the brain scene, and D = 2 in the case of the ab
domen scene. This means that, according to Fig. 2.2 and recalling that 
the threshold criterion Tin this figure is given by T = D 2 u 2 (Eq. 2.25), 
783 of the regions in the brain scene ( 1 - PF = 0. 7), and 623 in the 
case of the abdomen, can be considered as homogeneous. A visual in
spection of both scenes shows that, indeed, the abdomen scene contains 
more structural regions than the brain scene. 

4.5.2 Numerical-category sealing of attributes 

In the third session, three numerical-category sealing experiments were 
carried out to evaluate the sharpness of structures, annoyance of noise, 
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Figure 4.5: Preference scores for the brain scene. Medical-expert 
scores on the left side and non-expert scores on the right side. A 
unit in the preference scale is equal to the average standard error 
of the mean. 

and visibility of structures respectively. In each sealing experiment the 
subjects gave four numerical scores on an 11-point scale for each of the 
12 stimuli. lnstead of averaging over the replicas, in a similar way to 
the method used in the previous section, these scores can be translated 
into sensation values on a psychological scale following Thurstone's law 
of category judgement (Torgerson, 1958). The individual results can be 
seen in the plots of the three lower rows of Figs. 4.7, 4.8, 4.9, 4.10 and 
4.11. 
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Figure 4.6: Preference scores for the abdomen scene. Medical
expert scores on the left side and non-expert scores on the right 
side. A unit in the preference scale is equal to the average standard 
error of the mean. 

By observing the individual results of the technica} expert KO, we 
confum the bias experienced by this subject as discussed before, In 
agreement with his individual strategy, the scores show that his judge
ment was exclusively based on noise characteristics, and not on image 
structure characteristics. This explains the fact that all his attribute 
ratings resemble those of his general preference scores, with the excep
tion of the visibility of structure for the brain scene, where he seems to 
have had difficulties to assign numerical categories to this attribute. For 
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Figure 4.7: Scores for the brain scene by experts CL, CO, FE, 
L U. From top row to bottom row, the plots show the scores for 
general preference, annoyance of noise, sharpness of structure, and 
visibility of structure. 
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Figure 4.8: Scores for the brain scene by non-experts BE, GS, 
IO, VK. From top row to bottom row, the plots show the scores 
for general preference, annoyance of noise, sharpness of structure, 
and visibility of structure. 
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Figure 4.9: Scores for the abdomen scene by experts CL, CO, 
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Figure 4.10: Scores for the abdomen scene by non-experts BE, GS, 
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Figure 4.11: Scores for the brain (left) and abdomen (right) scene 
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show the scores for genera! preference, annoyance of noise, sharp
ness of structure, and visibility of structure. 
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these reasons and for those exposed in the previous subsection, we wil! 
exclude this subject from further data analysis. 

Looking first at the annoyance of noise scores, we note that all sub
jects hut one (CL with brain scene) demonstrate a similar behaviour. 
The original image appears as the most annoying. For constant values 
of D, stimuli processed with small values of M are more annoying than 
stimuli processed with large values of M. This is to be expected, since 
the lower the order of the structure (i.e. the window size), the rougher 
the texture of homogeneous regions. 

With regard to the sharpness scores, we note that all subjects hut 
two (CL and CO) show similar sharpness impressions. It is important 
to note that the original noisy image does not appear to be the sharpest 
stimulus, with the exception of subject FE for the abdomen scene. Most 
of the subjects experience the highest sharpness impression with stimuli 
processed with values of D around 2, for both the brain and the abdomen 
scene. This is an important remark since the noise-reduction technique 
does not perform any deblurring hut only noise removal. Therefore, 
edges are reconstructed at their original full resolution. This means 
that the presence of noise masks the sharpness impression of edges. We 
wil! comrnent on this later. 

The visibility of structure scores do not show a consistent pattern 
across subjects. lnstead, the visibility scores show a strong correlation 
either with the genera! preference score.s (e.g. CO and GS with brain 
scene; CL, BE and FE with abdomen scene) or with the sharpness scores 
(CL, BE and IO with brain scene; IO and BE with abdomen scene). This 
is true for all subjects, medical experts as well as non-experts. After 
interviewing the subjects, it seemed clear that the different strategies 
that subjects used to judge this attribute were indeed similar to the 
strategies they used for the judgement of either general preference or 
sharpness. 

4.5.3 Dissimilarity data 

The results of the first session consisted of dissimilarity judgements. As 
mentioned before, subjects were urged not to use any kind of emotional 
or preference impression in this experiment but only perceptual differ
ence. This is the reason why this experiment took place before all the 
other sessions in which subjects would construct preference opinions. 
From every subject a full matrix of dissimilarity data was obtained for 
each scene. One row and one colullUl for each stimulus. The upper and 
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lower half-matrices were averaged in order to obtain a single distance 
measure for every possible pair of stimuli. These data were used to study 
the distribution of stimuli in a multidimensional perceptual· space. For 
this purpose we used the Symmetrical INDSCAL (SINDSCAL) software 
program (Schiffrnan et al., 1981) for multidimensional sealing. Similarly 
to other multidimensional methods, SINDSCAL converts dissimilarity 
data into distance measures following a metric model. Distances be
tween stimuli are then represented in a space of arbitrary dimensional
ity. A goodness-of-fit measure, representing the loss of variance of the 
fitted distances, can be used to find the appropriate dimensionality of 
the psychological space in which stimuli are represented. This program 
assumes that all ~ubjects share a common perceptual space, and that 
individual subjects differ only ih the weights they attribute to the dif
ferent orthogonal dimensions of the space. The program delivers both a 
common perceptual stimulus space and a subject weight space, showing 
the weights that each individual assigns to each dimension. The percep
tual meaning of these dimensions can, however, not be obtained from 
the SINDSCAL solution. This problem will be addressed in the next 
section. We opted for this program because of previous positive experi
ences (personal and by other authors in the literature ), and because of 
SINDSCAL's ability to analyze individual. differences. The dissimilar
ity matrices of all subjects were entered in SINDSCAL in two separate 
groups, one for the brain scene and the other for the abdomen scene. 
Several SINDS CAL runs were tried with different starting configurations 
and the outputs with the best data fit were taken. Solutions from 1 to 5 
dimensions were looked at. According to the goodness-of-fit measures, 
shown in Fig. 4.12, a 3-dimensional solution would at first glance seem 
adequate. However, the third dimension explained only about 53 of the 
variance in both scenes and, moreover, it could not be interpreted. Fur
thermore, we will show in the next section additional and independent 
results which suggest that the perceptual space for our case is indeed 
2-dimensional. 

In the case of the brain scene, 723 of the variance was explained by 
the first dimension, and only 103 by the second dimension. In the case 
of the abdomen scene, the corresponding percentages were 663 and 83. 
The 2-dimensional solution showed individual correlations per subject 
varying from 0.96 to 0.85 for the brain scene and from 0.91 to 0.77 for 
the abdomen scene. In the subject-weight space no systematic grouping 
of subjects was found. The average subject-weights are 0.84 and 0.27 
for the first and second dimensions respectively in the case of the brain 
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scene, and 0.81 and 0.27 in the case of the abdomen scene. Figs. 4.13 and 
4.14 show the 2-dimensional normalized stimulus spaces for both scenes. 
Comparing bath figures, we note that there is no significant difference 
between the configurations. The interpretation of the dimensions will 
be treated in the next section. 

4.6 Perceptual spaces 

In this section we deal with the interpretation of the experimental re
sults and discuss how the results of the three sessions can be combined in 
order to build a model of preferences. So far, no systematic differences 
between medica! experts and non-experts have been found. We found 
instead two medical experts (CL and CO) whose assessments differ from 
those of the rest of the subjects. The main source of variation is their 
assessment of sharpness. Furthermore, they also demonstrate smaller 
differences in the assessment of general preference (CO with bath brain 
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Figure 4.13: 2-Dimensional normalized perceptual-space found by 
SINDSCAL. Brain scene. Continuous lines link stimuli processed 
with the same algorithm structure M. The original image is the 
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and abdomen scenes) and annoyance of noise (CL with brain scene and 
CO with abdomen scene). lt is important to note that the small range 
of scores used by these subjects, most clearly seen with subject CO for 
sharpness and visibility of structures with the abdomen scene, suggests 
that these subjects had d.ifficulties translating the strength of psycho
logical impressions of image attributes into values in a numerical scale. 

For the above reasons, instead of subd.ividing the subjects into med
ical experts and non-experts, we will make a d.istinction between a ho
mogeneous group of subjects, these being the med.ical experts FE and 
LU and the 4 non-experts, and two deviating subjects, CL and CO, who 
will be handled separately hereafter. 

As mentioned in the introduction, we will test the idea that the image 
quality, and therefore preference, increase along a well defined d.irection 
in a multid.imensional space subtended by basic perceptual d.imensions. 



4.6 Perceptual spaces 

0.6 Abdomen 

0.4 

0.2 

0.0 

-0.2 

-0.4 

-0.6 
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 

Figure 4.14: 2-Dimensional normalized perceptual-space found 
by SINDSCAL. Abdomen scene. Continuous lines link stimuli 
processed with the same algorithm structure M. The original 
image is the point where all lines join. 

73 

As mentioned in Section 4.1, this model of preference assumes the ho
mogeneity of perception (Green et al., 1989), i.e. all subjects share a 
common perceptual space, and differences in preference cannot be ex
plained by differences in perception. Thus, the stimuli have a fixed 
position in the perceptual space, and different perceptual attributes can 
be described by coordinates along different directions in this space. We 
use two alternative approaches to test this model. 

4.6.1 Bottom-up approach 

This approach starts with the most peripheral component of the psy
chological judgement, i.e. the detection of differences between stimuli. 
From this, one tries to describe psychological tasks at a higher level, such 
as the mental transformation of the differences between stimuli into a 
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single preference (or quality) judgement,: a synthesis approach, thus. 
The necessary assumption in this case is that the perceptual multidi
mensional space created with dissimilarity data is sufficiently genera! so 
that it can be used to identify all the relevant perceptual attributes which 
contribute to the overall preference judgement. This assumption shows 
the critica! importance of deciding how many dimensions are needed to 
efficiently represent dissimilarity data. As a basis for this approach, we 
will use the 2-dimensional stimulus spaces found by SINDSCAL, shown 
in Figs. 4.13 and 4.14. 

The main problem of this approach is to associate directions in the 
multidimensional space with perceptual attributes. This task is often in
tuitively accomplished by observing how stimulus positions vary with the 
physical parameters. We very seldom see in the literature, however, that 
these interpretations are double-checked by separate subjective evalua
tions of the interpreted attributes on the stimuli. As we mentioned 

. before, the sealing experiments of session II are meant to fill this gap. 
H the initia! assumption holds, namely that the perceptual space is 

spanned by perceptual image attributes, then the three scaled attributes 
in session III, i.e. sharpness, annoyance of noise, and visibility of struc
tures, which were chosen as the most relevant by the subjects, should 
correlate with well-defined directions in the 2-dimensional space. 

We fitted the data of the numerical-category sealing experiments 
in the multidimensional stimulus-space by means of Multiple Linear Re
gression. The sharpness, annoyance of noise, visibility of structures, and 
genera! preference scores of the homogeneous group of subjects (FE, 
LU, BE, GS, 10, VK) were averaged and fitted in the denormalized 
2-dimensional space. Denormalization was achieved by stretching the 
space of Figs. 4.13 and 4.14 with the square root of the average weights 
of the six subjects for the X and Y dimensions. The attribute scores of 
the deviating subjects (CL, CO) were separately fitted in their individ
ually weighted space in order to visualize differences with the rest of the 
subjects. 

Perceptual attributes were associated with directions in the 2-
dimensional space. Multiple Linear Regression was used to determine 
these directions so that the perpendicular projections of the stimuli on 
these directions are linearly related to minimum-square-error estimates 
of the scores of the numerically-scaled perceptual attributes. The good
ness of fit is expressed as the correlation factor between the linearly 
transformed estimates and the original scores. Results of this fit are 
shown in Fig. 4.15 for the homogeneous group of subjects and for the 
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two deviating subjects. The d.irections are represented by vectors with a 
length that is proportional to the gain in the linear transformations. The 
correlation factor for the vector fitting is ind.icated along each vector. 

We note that for the homogeneous group of subjects all perceptual 
attributes can be represented by well-defined vectors with a good cor
relation factor. For this group of subjects, there is no fundamental 
d.ifference between the brain and abdomen scenes. Annoyance of noise 
clearly correlates with the first (horizontal) axis, i.e. the axis that ex
plains about 703 of the total variance in the SINDS CAL solution. This 
implies that d.ifferences in noise influence the perception of d.ifferences 
much more than any other factor. Sharpness is not independent of noise, 
since the correspond.ing d.irections are not orthogonal, hut form an an
gle of approximately 45 degrees (correlation factor of 0.7). This means 
that the presence of noise influences the sharpness perception. Visibility 
of structures is somewhat more independent of noise, especially for the 
abdomen scene. The vertical d.irection cannot be fully associated with 
any specific imag~ attribute. Consequently, there are no two indepen
dent image attributes that can be used to characterize the 2-d.imensional 
space. Hence, the genera! preference vector cannot be expressed as the 
vectorial sum of two orthogonal vectors that can be associated with ba
sic image attributes, as was the case for the evaluation of impairments 
in d.igital-coded images (De Ridder, 1992). However, we can still express 
the genera! preference vector as a vectorial sum of two non-orthogonal 
vectors. We considered two alternatives, the genera! preference vector 
as the sum of either the annoyance-of-noise vector and the sharpness 
vector, or the annoyance-of-noise vector and the visibility-of-structures 
vector. Expressions for both alternatives are ind.icated in Fig. 4.15. We 
consider the first option as more reliable, since subjects showed more 
stable results in the judgement of sharpness than in the judgement of 
visibility of structure. 

In contrast to the case of the homogeneous group of subjects, not all 
attribute vectors of subjects CL and CO give rise to a good correlation 
with the original scaled values . Annoyance of noise, followed by genera! 
preference and sharpness, show the best correlation factors. Comparing 
the attribute d.irections of the homogeneous group of subjects with those 
of subjects CL and CO, we note that the main d.ifference remains in the 
sharpness and the visibility of structures. Subject CO also shows d.iffer
ences in the judgement of general preference, especially for the abdomen 
scene. For both subjects, CL and CO, the sharpness and visibility-of
structure d.irections d.iffer significantly, relati ve to the annoyance of noise 
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and preference directions, from the six homogeneous subjects. This is 
refl.ected in the changes of sign of the terms in the vectorial sum repre
senting the general-preference vector. For subject CL with the abdomen 
scene and subject CO with the brain scene, the sharpness vector is even 
opposite to the annoyance-of-noise vector. Since bath subjects presented 
normal visus, we interpreted this phenomenon as a misinterpretation of 
either the experimental task or the term sharpness of structures. lt 
seems that the attribute judged in these cases was absence of annoying 
noise. In the case of subject CO, however, this singular perception of 
sharpness does explain his differences in the judgement of genera! pref
erence. This is not the case of subject CL, whose genera! preference is 
similar to that of the group of homogeneous subjects, hut his percep
tion of sharpness is different. Annoyance of noise seems to be the only 
attribute that all eight subjects judged in a sirnilar way. In the specific 
case of subject CO with the brain scene, the vector fitting seems to in
dicate that the stimulus configuration can be efficiently described by a 
single dimension. This is confumed by the subject's small weight for 
the second (vertical) ·dimension, found by the SINDS CAL analysis, and 
noticeable in Fig. 4.15. 

Looking at the high correlation factor of the annoyance-of-noise vec
tor and its strong correlation with the horizontal axis for all subjects, 
we conclude that the first dimension can be safely interpreted as an
noyance of noise. Moreover, looking back at the percentage of data 
variance explained by this dimension (723 for brain and 663 for ab
domen) we also conclude that this attribute plays the most important 
role in the perception of dissimilarities of CT images processed by the 
multiresolution noise-reduction algorithm. This might at first look like a 
contradiction with previous studies (Marmolin & Nyberg, 1975), which 
show that sharpness is more relevant than noise in dissimilarity data, 
however, it is a logica! result in our case, since the multiresolution algo
rithm preserves the sharpness of edges within a large range of parameter 
settings. Therefore, the sharpness impression varies in a much smaller 
perceptual range than the strength-of-noise impression. 

The vertical dimension cannot be completely identified, since none of 
the perceptual attributes shows a. clear correlation with this dimension. 
We can only conclude that it is closely related to visibility of structures 
and to a. lesser degree to sharpness of structures. lt is however an im
portant dimension, since genera! preference seems highly infl.uenced by 
this dimension. Nevertheless, looking at the small percentage of data 
variance explained by this dimension ( around 93 for both scenes) we 
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conclude that this dimension had only a small effect on the perception 
of dissimilarities. 

4.6.2 Top-down approach 

In the previous approach, we synthesized genera! preference and basic 
perceptual attributes from the position of the stimuli in a perceptual 
space (based on dissimilarity data) . Now we will address an alterna
tive approach in which the more centra! psychological judgements, i.e. 
genera! preference and the three perceptual attributes (sharpness, an
noyance of noise, and visibility of structure), are analyzed to find a 
multidimensional space in which the stimuli can be presented. The re
sulting space can then be compared to the perceptual space found from 
dissimilarity data. The necessary assumption in this case is that the im
age attributes that we selected for sealing are indeed the most relevant 
ones, since they completely determine the stimulus space, and that any 
other attribute could be predicted from these basic attributes. 

We used the multidimensional-scaling model MDPREF (Green et al., 
1989) for our purpose. This model represents stimuli and attribute vec
tors simultaneously in a multidimensional space. The attribute vectors 
can be used to correlate the judgements of a single attribute by different 
subjects, or, as in our case, the judgements of different attributes by a 
single subject or group of subjects. lt uses principal components analy
sis in order to decompose a matrix of N attributes x n stimuli into two 
matrices, one matrix of N attributes X r dimensions and another matrix 
of r dimensions x n stimuli according to a least-squares criterion. The 
first matrix defines the attribute vectors and the second matrix repre
sents the coordinates of the stimuli in the r-dimensional space. In a 
similar way to the vector fitting in SINDSCAL, the perpendicular pro
jections of the stimuli on the attribute vectors, scaled by the length of 
the vectors, represent the strength of the corresponding attributes in 
the stimuli, and are least-squares estimates of the data in the original 
input matrix of N attributes x n stimuli. The goodness of fit measure 
is the cumulative proportion of variance accounted for by all dimensions 
of a certain solution. Similarly to SINDS CAL, MDPREF uses the first 
dimensions to represent the attributes that cause the largest proportion 
of variance in the input data. 

For each subject and for each scene, a 4-attribute x 12-stimuli ma
trix was formed containing the scores for general preference, sharpness, 
a.nnoyance of noise, and visibility of structures for each stimulus. The 
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matrices of the six subjects belonging to the homogeneous group were 
averaged and the resulting matrix was entered in MDPREF. The matri
ces of the two deviating subjects were entered in MDPREF in separate 
runs. 

Since the inputs in MDPREF are four scaled attributes, it is sensible 
to look for solutions of dimensionality lower than 4. Table 4.I shows the 
goodness of fit measures for the different dimensional solutions. With the 
only exception of subject CO for the abdomen scene, a two dimensional 
solution is adequate for both brain and abdomen scenes. In all these 
cases, the cumulative variance accounted for by the first two dimensions 
is about 953. 

Similarly to SINDS CAL, MDPREF provides weighting factors repre
senting the importance that the subject, or group of subjects, attributed 
to each dimension. The weighted, or denormalized, 2-dimensional solu
tions of MDPREF are shown in Fig. 4.16. 

The MDPREF maps of Fig. 4.16 strongly resemble the corresponding 
SINDS CAL maps of Fig. 4.15. Although the MDPREF maps are rotated 
with respect to the SINDS CAL maps, the relative positions of the vectors 
representing sharpness, annoyance of noise, visibility of structures, and 
genera! preference are very similar. So is the relative position of the 
stimuli in both spaces. Subject CO i,i; the only exception; his stimulus 
distribution in the MDPREF space is somewhat disordered with respect 
to the SINDSCAL space, especially for the stimuli processed with the 
parameter M = 3. In the MDPREF maps, the genera! preference vectors 
can also be expressed as a vectorial sum of two basic non-orthogonal 
vector attributes. These expressions are shown in Fig. 4.16. 

In the case of the homogeneous group of subjects, the resemblance 
between both types of spaces is so strong that the expressions for the 
genera! preference as a vectorial sum are practically identical for the 
brain scene as well as for the abdomen scene. We again do not find two 
perceptual attributes with orthogonal representations. Sharpness and 
visibility of structure show the same dependance on annoyance of noise 
as they showed in the SINDSCAL map. MDPREF presents sharpness 
and visibility-of-structures vectors aligned with the first dimension, im
plying that these attributes accounted for most part of the data variance. 
This corresponds to previous experiences in the literature (Marmolin & 
Nyberg, 1975) in which sharpness is the most important image attribute. 

In the case of the two deviating subjects, the resemblance between 
the MDPREF and SINDSCAL maps also remains. The vectorial sums 
for the genera! preference match very well in bath maps, the only excep-
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Group of homogeneous subjects. Brain scene 
Dimensional order 1 2 3 4 
Variance per dimension 0.601 0.381 0.015 0.003 
Cumulative variance 0.601 0.982 0.997 1.000 

Subject CL. Brain scene 
Dimensional order 1 2 3 4 
Variance per dimension 0.788 0.144 0.042 0.026 
Cumulative variance 0.788 0.932 0.974 1.000 

Subject CO . Brain scene 
Dimensional order 1 2 3 4 
Variance per dimension 0.812 0.148 0.028 0.012 
Cumulative variance 0.812 0.961 0.988 1.000 

Group of homogeneous subjects. Abdomen scene 
Dimensional order 1 2 3 4 
Variance per dimension 0.622 0.356 0.014 0.008 
Cumulative ·variance 0.622 0.978 0.992 1.000 

Subject CL. Abdomen scene 
Dimensional order 1 2 3 4 
Variance per dimension 0.706 0.232 0.041 0.021 
Cumulative variance 0.706 0.938 0.979 1.000 

Subject CO. Abdomen scene 
Dimensional order 1 2 3 4 
Variance per dimension 0.594 0.194 0.153 0.059 
Cumulative variance 0.594 0.788 0.941 1.000 

Table 4.I: Goodness-of-fit measures for MDPREF solutions 
of dimensions 1 to 4. The first line indicates the proportion 
of total variance acconnted for by each dimension, and the 
second line represents the cumulative variance acconnted for 
by all dimensions. 
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Figure 4.16: Denormalized MDPREF maps . Plots on the left 
correspond to the brain scene and those on the right to the ab
domen scene. The upper row corresponds to the six homogeneous 
subjects FE, LU, BE, GS, 10, VK . The middle and lower rows cor
respond to the deviating subjects CL and CO. Projections of the 
stimuli on each vector represent the strength of the corresponding 
attribute on the stimuli . P = Genera! preference. S = Sharp
ness of structures. A = Annoyance of noise. V = Visibility of 
structures. 
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tion being one of the vectorial sums of subject CO for the brain scene. 
The same differences between the two deviating subjects and the homo
geneous group of subjects can be seen in both the MDPREF maps and 
the SINDS CAL maps with vector fit. As argued before, these differences 
reside mainly in the judgement of sharpness and visibility of structures . 
Subject CO also presents differences in the judgement of general prefer
ence. Since for all cases hut one (subject CO for the abdomen scene) the 
sharpness vector is approximately aligned with the horizontal axis of the 
MDPREF maps, the differences of the deviating subjects are refiected 
by a rotation of the stimuli distribution, and/or changes in the position 
of the rest of the attribute vectors, with respect to the MDPREF maps 
of the homogeneous group of subjects. 

The similarities between the MDPREF and SINDSCAL spaces for 
all subjects suggest that, indeed, two perceptual dimensions underlay 
the perceptual space for our stimuli . 

4. 7 Conclusions 

We have tackled the problem of characterizing the perceptual quality of 
CT images processed by the so-called multiresolution noise-reduction al
gorithm from different starting points . We first found that, with respect 
to quality, there is no fundamental nor systematic difference between 
the genera! preference of medical experts and non-experts. In genera!, 
medical experts, as well as non-experts prefer images processed by the 
multiresolution noise-reduction algorithm over the original noisy images. 
They show similar preferences for the optima! parameter settings, de
spite some differences in the perception of image attributes, as seen in 
Figs. 4.7, 4.8, 4.9 and 4.10. 

The single technical expert participating in the evaluation, subject 
KO, showed biased preferential results since hls judgement was exclu
sively based on the appearance of the noise. Although a single individual 
is far from a representative sample withln the category of technica! ex
perts, hls assessment strategy suggests that further research should be 
devoted to the study of the subjective image-quality assessment of pro
fessionals involved in the design of medica! imaging systems. 

An interesting finding was the fact that by reducing noise in CT 
images, the perception of sharpness increases, since the noise masks the 
sharpness of relevant structures. Thls is one of the more important 
reasons why subjects prefer images processed with the multiresolution 
noise-reduction algorithm. 
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Within the group of medica! experts, we found two deviating subjects 
whose judgement of some image attributes, most noticeably sharpness 
and visibility of structures, differs from that of the rest of the subjects. 
One of them (CO) also deviated in his judgement of general preference. 
This could be explained by his singular assessment of sharpness and 
visibility of structures. The other deviating subject (CL) had a general 
preference which was similar to that of the rest of the subjects, hut 
had a different interpretation of sharpness. Finding different strengths 
for the more basic image attributes suggests that subjects weigh these 
attributes differently with respect to the overall preference judgement. 
We used multidimensional sealing techniques in order to study these 
diff erences. 

A bottom-up approach assurnes that the underlying perceptual di
mensions can be obtained from perceived differences between stimuli . 
A 2-dimensional perceptual space was obtained with the SINDSCAL 
model. By fitting the data of the numerical-category-scaling experiment 
in this space, we clearly identified noise as the first and most important 
dimension ( assuming that annoyance of noise is monotonously related 
to the subjective strength of noise ). The second dimension could not be 
associated with a specific attribute, hut it is correlated with sharpness 
and visibility of structures. Sharpness was found to be infiuenced by 
noise. Although noise accounted for most of the data variance in the 
dissimilarity data, general preference was approximately equally infiu
enced by sharpness and noise. We remark that sharpness varied in a 
much smaller perceptual range than the noise in our stimuli, since the 
algorithm preserves edges over a wide range of parameter values. Hence, 
small variations of sharpness accounted for large variations in preference. 

The top-down approach assumes that the underlying dimensions of 
the perceptual space can be found by constructing a multidimensional 
space directly from sealing the most relevant image attributes. The 
MDPREF model showed a 2-dimensional spä.ce that was perfectly com
patible with the space found by SINDSCAL. The dependance between 
sharpness and annoyance of noise was confirmed in this alternative ap
proach. The expressions that represent the genera} preference as a surn 
of the attribute vectors in the SINDSCAL space were almost identical 
to those found in the MDPREF space, with the exception of one subject 
who does not belang to the homogeneous group of subjects. 

The similarities between the MDPREF and SINDSCAL spaces re
inforce the confidence of both multidimensional sealing techniques and 
support the principle of homogeneity of perception which sustains that 
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differences in preferences can be based on a conunon perceptual space. 
F'urthermore, the validity of the nurnerical-category sealing techniques is 
confumed, since the basic image attributes evaluated with this method 
could be fit in a satisfactory way in the perceptual spaces. 

The multidimensional approaches used in this study reveal that dif
ferences of preferences between subjects can be visualized by expressing 
their subjective judgement along directions in a multidimensional space. 

This study did not sustain the idea that perceptual spaces can be 
spanned by independent image attributes. The eosine of the angle be
tween the noise and sharpness vectors reflects the influence of noise in the 
perception of sharpness. This was confumed in Section 4.5 by noticing 
that a slight reduction of noise increases the perceived sharpness in CT 
images . In order to be able to generalize on this topic, it is necessary to 
perform a similar study as the one presented in this chapter, with other 
types of noisy images, such as natural images, and with other types of 
noise characteristics. This would give more insight into the dependance 
between sharpness and the scene characteristics. 

Still, we can not conclude that the dimensions of the perceptual 
space cannot be associated with independent basic perceptual attributes . 
In our case we found that the first dimension can be associated with 
noisiness, hut we could not interpret the second dimension . lt might 
well be that it represents an image attribute which was not considered 
for evaluation in the nurnerical-category-scaling experiments. 



Chapter 5 

Image interpolation with polynomial transforms 

Abstract 

We present a new technique for image interpolation based on 
polynomial transforms. This is an image representation model 
that analyzes an image by locally expanding it into a weighted 
sum of orthogonal polynomials. In the discrete case, the im
age segment within every window of analysis is approximated 
by a finite set of polynomial coefficients. We show how the 
problem of interpolating an image can be approached by inter
polating the smooth window function used to locally analyze the 
image. Comparison with the existing interpolation techniques 
illustrates the good performance of the method presented in this 
chapter. 

5.1 Introduction 

I MAGE interpolation is an ill-posed problem whose solution implies 
a-priori assumptions (i.e. a description model) for the image. These 

assumptions are traditionally formulated in the frequency domain by 
considering the image to be band-limited. Interpolation kemels have 
been developed based on the so-called Nyquist frequency, this being the 
minimum frequency at which an image can be sampled without produc
ing aliasing, i.e. a frequency equal to twice the signal bandwidth. This 
is the case for the standard cubic-convolution filter (Keys, 1981) and the 
parametric cubic-convolution filter (Park, 1982). Frequency-based mod
els are however not always suited to describe images since they cannot 
efficiently model the local luminance changes of an image. Techniques 
formulated in the spatial domain present an alternative to this problem. 
The most frequently used spatial interpolation techniques, i.e. nearest
neighbour and linear interpolation, are however fairly simple and do not 
produce very good results. Recently, Oakley & Cunningham (1990) de
veloped an alternative method to interpolate images based on a filter 
matched to the point-spread-function of the sensory device. Since this 
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is an inverse-filter approach, i.e. the specification of a filter whose fre
quency response approximates the inverse of the sensor 1s point-spread
function, it can introduce undesirable noise amplification when used in 
natural or medical noisy images. Furthermore, this kind of filters often 
impose stability problems and are complex to implement. 

In the specific case of medical images, interpolation techniques are 
very often used to display images on monitors. This is especially the 
case for CT ( Computed Tomography) and MRI (Magnetic Resonance 
Imaging) brain-scans which are usually reconstructed from projections 
in a 256 x 256-pixel format. In this case an interpolation factor of 2 x 
2 is mostly used. Fast and easy-to-implement algorithms are needed 
for this purpose. At the same time, medical images are degraded by 
noise or blur, for which restoration techniques are needed. An efficient 
image processing technique must be able to solve both, restoration and 
interpolation problems, within a single model. 

We propose the polynomial transform, as an alternative to repre
sent images. As argued in Chapters 1 and 2, this is a perceptually 
relevant model which incorporates important properties of visual per
ception, such as the Gaussian-derivative model of early vision (Young, 
1985; Young, 1987). 

In Section 2.2, the polynomial transform was introduced as an image 
description model. It basically consists of a local description of an im
age. Localization is achieved by multiplying the image with overlapping 
window functions. In the case of the discrete polynomial transform, the 
contents of the image within every position of the analysis window is 
represented by a finite set of coefficients. These coefficients correspond 
to the weights in a polynomial expansion that reconstructs the image 
within the window function. We showed in Chapter 2 how the polyno
mial transform can be used to design efficient noise-reduction algorithms 
by means of adaptively transforming the coefficients of every window 
according to the image contents. Martens (1992) showed how the poly
nomial coefficients must be transformed in order to achieve other types 
of image restoration, such as deblurring. In all cases, the restored image 
is obtained by means of an inverse polynomial transform which consists 
of interpolating the transformed coefficients with pattern functions that 
are products of a polynomial and a window function. We show in this 
chapter how image interpolation can be incorporated in the process of 
the inverse polynomial transform by modifying the pattern functions, 
especially the window component of them. The big advantage of this 
approach is that both restoration and interpolation can be achieved in 
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a single model without any extra operational expense. 

5.2 lnterpolation approach 

Our approach departs from the local description of a signa! in terms of 
a polynomial expansion. According to Eq. 2.4, under genera! conditions 
and for the one-dimensional discrete case 

V((k -p)Ti) [L(kT1)- t. Ln(p)Gn((k- p)T1)] = o, (5.1) 

where k assumes only integer values, T1 is the sampling period of the 
input signa! L(kTi), and the positions peS define the sampling points 
of the polynomial transform. Within the analysis window V((k - p)Tt) 
at position pT1, the signal L( kT1) is fully specified by the finite set of 
polynomial coefficients Ln(P), for n = 0"" ,N, where Nis the maxi· 
mal order of the polynomial expansion. Note that Gn(kT1 ) are discrete 
samples of the continuous functions Gn(:i:), which are the orthogonal 
polynomials of order n belonging to the discrete window V(kTi). 

Assuming that the polynomial expansion of Eq. 5.1 can be applied 
bet ween samples of the signa! L( kT1 ), the values of the signa! sampled 
with a new period T2, where T2 < T1 , can be obtained by using a 
higher density window V(kT2 - pTi) . No further changes are needed, 
since the orthogonal polynomials are known for all arguments, hence 
also Gn(kT2 - pTi) for k integer and peS. 

Within the analysis window, the interpolated image can be expressed 
as 

Adding together the contributions of the localized signals over all 
the sampling positions, we get 

N 

L V(kT2 - pTi) Î(kT2) = L L Ln(P) Gn(kT2 - pTi) V(kT2 - pTi) 
peS n=O peS 

(5.3) 
Similarly to Eq. 2.1, we will define a function W(kT2) such that 

W(kT2) = L V(kT2 - pTi), (5.4) 
peS 
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The weighting function is periodic, i.e. 

(5.5) 

for all k and peS. 
Provided W(kT2 ) is non-zero for all k, we find that the interpolated 

image is defined by 

N 

L(kT2) = L L Ln(P) Pn(kT2 - pT1) (5.6) 
n=O peS 

where 

(5.7) 

Eqs . 5.6 and 5.7 show that implementing this interpolation algorithm 
only requires defining the window function V(kT2) at the higher sam
pling density defined by T2 since the orthogonal polynomials exist for 
all arguments. This does not impose a major problem, since the window 
function is usually smooth. H we further specify, as in most practical 
cases, T1 = R T2, where R is an integer value, then we only need to 
find the N(R - 1) missing values of the window function V(kTif R) for 
k = i · R + 1, i · R + 2, ... , i · R + R - 1, where i = 0, ... , N - 1, since 
the rest of the values are already specified by V(kTi) . As argued in 
Chapters 1 and 2, in order to have a perceptually-relevant image repre
sentation, Gaussian windows must be used. Interpolated values for this 
window are readily availa.ble from its own definition, since it is a continu
ous function. We showed in Chapter 2 that a good approximation of the 
Gaussian window for discrete implementations is the binomial window 
which has also the advantage of being computationally effi.cient. Since 
this is also a smooth window, there will not be significant differences 
when using any standard technique for the interpolation of this window 
function . 

Extension to the two dimensional case is straightforward at this 
point, and according to Eq. 5.6, the interpolated image L(kT2 , lT2 ) is 
defined as 

N n 

L(kT2,lT2) = L L L Lm,n-m(p,q)Pm,n-m(kT2 - pT1,lT2 - qT1), 
n=O m=O (p,q)eS 

(5.8) 
where k and l are discrete varia.bles, and S represents the sampling 
lattice of the polynomial transform. 
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Similarly to Eq. 5.7, the interpolation functions Pm,n-m(kT2 , lT2 ) are 
defined by 

for m = 0, ... ~ n and n = 0, 1, .. . , N, where 

W(kT2,lT2) = L V(kT2 - pT1,lT2 - qTi), 
(p,q)eS 

(5.10) 

and Gm,n-m( z, y) are the orthogonal polynomials belonging to the dis
crete window function V ( kT11 lTi). 

H a model for an eventual source of degradation is available, im
age restoration can be achieved by linearly transforming the polyno
mial coefficients before the inverse polynomial transform is applied to 
them. We explained in Chapter 2 how such a transfonnation can be 
adapted to the image content for the case of noise reduction in CT im
ages. Martens (1992) showed how different image restoration problems, 
such as deblurring, can be formulated as transformations on the polyno
mial coefficients. A subsampling filter could be similarly compensated 
for. 

The free parameters of this interpolation algorithm are the form and 
size of the analysis window. We will concentrate on Gaussian and bi
nomial windows for the reasons given above. The size of the window 
can be adjusted depending on the specific application. H the interpo
lation technique is to be coupled to some restoration algorithm, such 
as the noise reduction algorithm presented in Chapter 2, then the opti
mal window size for this application (as shown in Chapter 3) must be 
used. H the polynomial transform is used only to interpolate an image, 
a small window size should b.e chosen, since the latter determines the 
degree of the polynomial approximation, and therefore the sharpness of 
the interpolated pattern. A small window size is also desirable because 
of the computational efficiency of the interpolation algorithm. On the 
other hand, the window size should be large enough to provide sufficient 
neighbouring values to smoothly interpolate the window function . As 
it will be shown in Sec . 5.4, for practical interpolation factors, such as 
R = 2, 3, 4, this does not impose a major problem since a small window 
already gives near to optimal results . 



90 Chapter 5 Image interpolation 

5.3 Processing results 

We tested our interpolation technique with a CT scan of the brain with 
a 256 x 256-pixel format . In order to provide comparison with ex.isting 
interpolation techniques, we did not apply any noise reduction or image
enhancement transformation to the polynomial coefficients. Fig.5.1 
shows the results of interpolating a CT image with a factor of R = 4 by 
means of a polynomial transform of order N = 2. In the same figure, 
the results of interpolating the same image with a nearest-neighbour, 
linear, and 4-neighbour cubic-convolution filters are presented. 

Interpolation techniques usually produce two kinds of image impair
ments, namely artifacts, such as blocking effects, and blur. From Fig. 5.1 
we notice that the result of the nearest-neighbour technique looks sharp, 
hut is seriously impaired by block artifacts . Thls is an annoying ef
fect whlch gives an artificial appearance to the texture of homogeneous 
regions. The linear interpolation technique suffers from the same prob
lem, although toa lesser extent. The main drawback of thls technique is, 
however, the serious loss of sharpness . The cubic interpolation technique 
gives bet ter results . lt does not introduce artifacts in the image, and the 
loss of sharpness is moderate. However, the interpolation method based 
on the polynomial transform gives even better reslilts . It does not intro
duce artifacts in the image either and, although the difference is small, it 
presents sharper results than the cubic convolution technique does . The 
perceptual differences between the different interpolation techniques will 
be studied systematically in the next section. 

5.4 Subjective evaluation 

In the previöus section we compared the interpolation results of the 
technique presented in thls chapter with those of standard techniques . It 
is important to know, however, whether differences between the different 
types of approaches are perceptually relevant . A simple psychometrical 
experiment was carried out for thls purpose. 

5.4.1 Method 

A CT brain scan, similar to the ones used in the evaluation of Chap
ter 3 was used for the experiment . A grey-level window comprising the 
Hounsfield units from -68 to 124 was · used in thls case. Five stimuli 
were created by interpolating the brain scan by a factor R = 4 with the 
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Figure 5.1: Detail of a CT scan interpolated by a factor R = 4. 
Top left: nearest neighbour. Top right: polynomial transform. 
Bottom left: cubic-convolution. Bottom right: linear interpola
tion. 

91 

following algorithms: nearest-neighbour, linear, cubic convolution, poly
nomial transform with a binomial window of order 2, and polynomial 
transform with a binomial window of order 4. 

Stimuli were displayed on a BARCO-CCID7351 hlgh-resolution mon
itor. The field frequency was set at 70 Hz in order to reduce fticker. 
Viewing conditions complied with CCIR recommendations (CCIR, 
1989). The viewing distance was equal to six times the monitor height, 
thus with stimuli subtending a visual angle of 9.5 degrees. The mean 
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luminance of the stimuli on the screen was 8.5 cd/m2 . 

Similar to the cases of Chapters 3 and 4, the perceptual quality of 
images was evalua.ted by means of a preference experiment b~sed on 
FUnctional Measurement Theory (FMT). The stimuli were combined to 
form all 25 possible pairs of stimuli. Each pair of stimuli was displayed 
on the monitor in random order for a period of 6 seconds, presenting one 
stiniulus on the left side and the other on the right side of the monitor. 
The subjects were asked to give an integer score, between -10 and 10, 
for the difference in preference between both stimuli of each pair. If 
the stimulus on the left-side was more preferred, the score should be 
negative, a -10 for much more preferred and a 0 for equally preferred. If 
on the contrary, the stimulus on the right side was more preferred, then 
the score should be positive. 

5.4.2 Experimental results 

A 5 x 5-element matrix of scores was obtained for each subject. Thus, 
one row and one column per stimulus. Each element of the matrix corre
sponds to the difference-in-preference score given by the subject for the 
pair of stimuli correspond.ing to the element's row and column. Fig. 5.2 
shows the row scores averaged over the subjects. From this figure, we ob
serve that there is no significant interaction between columns and rows, 
since the curves are approximately parallel. 

Since no interaction between rows and columns was found, according 
to FMT, the preference value for the stimuli can be obtained by averag
ing with opposite sign the row and column means of the matrix. This 
was done for each subject. The resulting ind.ividual preference scores 
were normalized using a Z-score transform (see Section 3.3) and then 
averaged over the subjects. Fig. 5.3 shows the preference va.lues aver
aged over the subjects. The preference values were scaled so that a unit 
in the preference scale is equal to the average standard error of the mean. 

The scores of Fig. 5.3 show a clear preference for stimuli interpo
lated with the polynomial-transform techniques . Apparently a. window 
of order 2 is more preferred than the window of order 4, however, the 
perceived difference between both structures is too little to be consid
ered significant. Nevertheless, this small difference suggests that bigger 
window orders would produce bigger perceivable differences, probably 
due to loss of sharpness, as argued in Sec. 5.2. 

The nearest neighbour and linear interpolation techniques are low 
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Figure 5.2: Difference-in-preference scores, averaged over the sub
jects. Numbers on the abscissa represent column stimuli. Each 
curve corresponds to one row stimulus. Each point on the curves 
represents the score for the difference in preference between the 
corresponding row and column stimuli. Note the parallelism of 
the curves. 
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ranked in the preference scale. Retrospective interviews with the sub
jects indicate that this is due to the the blocking artifacts and the blur 
produced by these techniques respectively. It seems, however, that the 
nearest-neighbour interpolation is preferred over the linear interpolation. 
According to the subjects' reports, this is explained by the sharper re
sults of the nearest neighbour technique. This suggests, that in the case 
of CT images, blur is a heavier impairment than the introduction of 
blocking artifacts. This can be seen in Fig. 5.1. 

The cubic convolution interpolation shows intermediate preference 
scores. The subjects reported that the cubic-convolution is impaired by 
the loss of sharpness with respect to the polynomial transform. This 
can also be seen in Fig. 5.1. 
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Figure 5.3: Preference scores averaged over the subjects. A unit 
in the preference scale is equal to the average standard error of 
the mean. 

5.5 Conclusions 

We have shown how the problem of image interpolation can be tackled by 
modelling an image by means of a polynomial transform. The problem 
of interpolating samples of a digital image is translated t~ the alternative 
one of interpolating the smooth window function which is used in the 
polynomial transform to locally analyze the image. 

The advantage of this method is that it can be efficiently combined 
with other image restoration algorithms based on the polynomial trans
form, without having to perform any additional operations. This makes 
the polynomial transform an ideal tool for the processing and interpo
lation of medica! images. 

We compared this new interpolation method with existing tech
niques. For this purpose we did not include any transformation of the 
poly:nomial coefficients which might have led to enhancement or restora
tion of the image. A subjective evaluation showed that the method 
based on the polynomial transform is superior to the nearest-neighbour 



5.5 Conclusions 95 

and linear interpolation techniques, due to the artifacts and blur that 
these methods introduce in the images respectively. The polynomial
transform-based method is also superior to the cubic convolution filter 
since the polynomial transform presents sharper results. For an interpo
lation factor R = 4, no significant perceptual difference was found in the 
images interpolated with the polynomial transforms of order 2 and 4. 



96 



Chapter 6 

Discussion 

Image processing is a relatively new field of research and technological 
development. Many of the most commonly used image-processing tech
niques are based on empirically-developed methods. This suggests that 
much research is still needed to master this field. Based on the research 
experience in audio and speech processing, image processing techniques 
have been traditionally based on frequency-based models . The limita
tions of this approach have become clear with the development in recent 
years of image representation models. These alternative models allow 
the description of local luminance changes in images more efficiently 
than frequency-based models would do. Moreover, human vision char
acteristics have inspired the development of efficient image processing 
and coding techniques (see for example Stockham, 1972; Granath, 1981; 
Porat & Zeevi, 1988; Watson, 1990; Martens, 1990a). This interest 
in human visual modelling has also influenced the noise-reduction and 
interpolation techniques presented in Chapters 2 and 5 of this thesis. 
By adopting the polynomial transform as a perceptually-relevant image 
representation model, we have shown how this model can be used as a 
common platform for the development of image restoration techniques . 
In any case, the polynomial transform was shown to be an adequate 
image description model that is based on the analysis of local changes in 
an image. Moreover, it can be used, in combination with psychometrical 
experimentation, for the study of perceptual image quality. 

The search for new techniques for image processing continues. Many 
alternative image representation models have been proposed in the 
literature, such as the Gabor transform (Porat & Zeevi, 1988), the 
wavelet transform (Mallat, 1989), and the hexagonal pyramid (Watson 
& Ahumada, 1989). All -of them incorporate, in one way or the other, 
important properties of the human visual system. Applications of these 
models in processing and coding are readily available, and a subject of 
future research would in this case be to systematically compare the ad
vantages and disadvantages of these models in specific image processing 
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and coding problems. 
Another important aspect in the design of image processing tech

niques is the need to evaluate their performance . Ideally we would like 
to have an objective metric which could provide a reliable score reflecting 
the image quality provided by a processing technique . Despite several 
efforts to reach this goal, such a metric is still not available. The main 
obstacle against fin ding such a metric is the lack of knowledge about the 
psychological processes at the higher levels of the visual system which 
determine, to a large extent, the subjective quality of images. 

Direct subjective evaluation is presently the only reliable way to 
assess image quality. We followed this approach in Chapters 3 and 4 
in order to assess the results provided by the noise-reduction algorithms 
developed in Chapter 2. In Chapter 3 we optimized the parameter values 
of these algorithms and found that these algorithms perform better than 
existing non-linear filter techniques, including the Lee filter, considered 
as one of the best (Mastin, 1985). 

In Chapter 4 we presented amore in-depth subjective assessment of 
the multiresolution noise reduction technique of Chapter 2. Experts as 
well as non-experts took part in this experiment . We found that there 
is no systematic difference in the subjective assessment of the general 
preference of images between medical experts and non-experts. This is 
not trivia!, since differences in preferences might have existed due to 
differences in subject 's background and history. 

In Chapter 4, we also studied the subjective assessment of the most 
relevant image attributes that determine the subjective overall quality of 
image processed by noise reduction algorithms, namely noise, sharpness, 
and "visibility;' of structure. Rather than differences between experts 
and non-experts, we found an homogeneous group of subjects, consist
ing of all the non-experts and two medica! experts, who present similar 
judgements of basic attributes . The remaining two medica! subjects 
showed a singularly different perception of sharpness. Furthermore, the 
only participating technical-expert showed biased results by exclusively 
assessing the noise characteristics and not the image structure. Since 
this bias was produced by his professional background, it calls for fur
ther subjective evaluations within the group of technica! experts. We 
showed that multidimensional sealing techniques are a suitable tool to 
represent and study differences between subjects . By using two different 
approaches to build a multidimensional perceptual space for stimuli pro
cessed by the multiresolution noise-reduction algorithm, we found that 
the first dimension of this space can be associated with annoyance of 
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noise. The second dimension could not be fully identified, hut is cor
related with visibility of structures and, to a lesser extent, sharpness. 
FUrthermore, we added circumstantia.l evidence to the principle of ho
mogeneity of perception. This implies that differences in preference can 
exist in a common perceptual space. 

The subjective quality eva.luations presented in this thesis were 
appreciation-oriented. This means that we did not perform any 
performance-oriented tests which can prove that noise reduction tech
niques can actually improve diagnostic performance, for instance by 
making visible a certain pathology that is hidden in the noise. However, 
in informa.l interviews, radiologists reported no missing information in 
the noise-reduced images. Some of them even indicated that they could 
see some low-contrast contours in the processed images which were al
most imperceivable in the original images. 

Similar conclusions can be found in the literature. Myers, Barrett, 
Borgstrom, Patton & Seeley (1985) found that the observer's ability to 
detect disks in noisy medica.l images significantly improves in low-pass 
filtered images. This is even true when comparing low-pass filtered and 
high-pass filtered images with equal pixel-SNR (signal-to-noise ratio). 
Hanson (1979) reports lower contrast detection thresholds in linearly 
smoothed CT images. This is similar to the phenomenon that everyone 
experiences by looking at natural images through the eye lashes. He 
argues that, although detection thresholds should theoretically not de
crease in low-pass filtered images according to the ideal-observer model, 
there seems to be a weakness in the human-observer detection system 
which is overcome by smoothing the CT images. In both cases, authors 
have used linear low-pass filters to smooth the image. 

These arguments suggest that non-linear noise-reduction techniques, 
such as the ones presented in Chapter 2, can improve bath quality and 
performance in medical images. Quality, as we showed in Chapters 3 
and 4, is improved by the non-linear operation of maintaining sharp 
high-contrast edges while averaging the background. Performance, ac
cording to the above arguments, is improved even if the noise-reduction 
a.lgorithm cannot maintain the sharpness of very low contrast edges. 
The blur produced on these very low contrast edges that cannot be de
tected and restored by the a.lgorithm is not perceptually relevant, since 
as Hamerly & Dvorak (1981) show, blur thresholds increase as the edge 
contrast decreases. 

From the above discussion, we conclude that future performance
oriented tests should be useful. The set-up of these tests is however 
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limited by the availability of proper stimuli. On the one hand, the CT 
scans used as stimuli should contain morphological structures of medi
cal relevance, such as tumors or other types of pathology, whose lumi
nance contrast on the screen is around the detection threshold. On the 
other hand, in order to control the test results, there must be absolute 
certainty that such scans actually contain the presumed morphological 
structures. Finding this kind of stimuli is a difficult task. An alternative 
is to perform tests with CT scans of physical phantoms. The disadvan
tage of this alternative is that actual morphological body structures are 
difficult to simulate in phantoms. Changes in tissue, for instance, are 
usually simulated in phantoms by abrupt changes of materials with vary
ing absorbtion coefficients. This is not how they usually occur in the 
human body, and is the reason why phantoms usually look much sharper 
than actual CT scans of the body. 

Equally important is to consider that most of the data in medica! 
images represents non-relevant information, i.e. noise. As we showed in 
this thesis, about 603 of the regions in medica! images corresponds to 
uniform regions containing only noise. This rneans that by representing 
uniform regions by their local average value, the entropy of relevant in
formation can be dramatically reduced. This leads to very interesting 
applications for the compression of medical images, which is so impor
tant nowadays for the storage and transmission of data in multimedia 
systems. 
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Summary 

T HIS thesis presents a link between digital image processing and 
human visual perception. We have directed our interest to the dig

ital processing and the subjective assessment of medicalimages, specif
ically Computed Tomography (CT) images. However, the techniques 
and methods presented in this thesis can also be applied to other types 
of visual images, medica! as well as non-medical images. 

lt is argued in this thesis that imaging systems that present visual 
information to human observers can be improved by considering aspects 
of human perception in their designs . 

The design of digital image-processing techniques, namely noise re
duction and interpolation, is an important subject of this thesis. These 
techniques are based on an image representation model that mimics 
some important properties of human visual perception. This model is 
the polynomial transform (Martens, 1990a). 

The subjective assessment of the quality of images processed by dig
ital techniques is the second major topic of this thesis . We adopt two 
approaches for this purpose. The first approach relates image quality di
rectly to the parameter values of the processing algorithms. The second 
approach considers image quality as a function of basic perceptual im
age attributes, such as noisiness and sharpness. These basic attributes 
are in turn determined by the parameter values of the image process
ing algorithm. In this latter approach, images processed with different 
combinations of parameter values are represented by specific coordinates 
in a multidimensional perceptual space. The subjective impressions of 
image attributes correlate with directions in this space. 

Chapter 1 discusses the relevance of including aspects of human per
ception in the design of imaging systems. The framework of image 
processing techniques based on models of human visual perception is 
reviewed. Several image description models that have been proposed in 
the literature are discussed. We argue for the choice of the polynomial 
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transform as a basis for our image processing techniques. Furthermore, 
the topic of subjective quality assessment is introduced and alternative 
methods to evaluate image quality are discussed. 

Chapter 2 presents two algorithms for noise reduction in CT images. 
Both algorithms are based on a description of images in terms of local 
components by means of polynomial transforms. This description model 
allows the study and analysis of the local luminance changes of an image. 
The local character of the polynomial transform and the fact that its 
operators are good models of the neural cells of the early stages of the 
human visual system, make the polynomial transform a perceptually 
relevant model for image description. 

The fust noise-reduction algorithm uses the polynomial transform 
with a fixed spatial resolution. The coefficients of the polynomial trans
form are used to discriminate relevant transitions in the image, such as 
edges, from noise. An adaptive inverse polynomial transform restores 
the image so that the relevant image structures are reconstructed at 
their original full resolution, while homogeneous regions containing only 
noise are blurred. The second algorithm uses two or more polynomial 
transforms at different spatial resolutions. This multiresolution scheme 
is implemented by means of a pyramidal structure. Every level of the 
pyramid analyzes and restores the image analogous to the single-scale 
technique. This multiresolution technique offers performance and com
putational advantages over the single-scale technique (see Section 2.5 
and Table 2.1). 

In Chapter 3, a subjective evaluation of the noise-reduction tech
niques of Chapter 2 is presented. Here, we adopt the approach of image 
quality directly related to the parameter values of the algorithms. By 
means of this evaluation, the parameter values of both the single-scale 
and the multiresolution algorithms are tuned for optimal performance. 
The results of this evaluation show that the multiresolution algorithm 
is preferred over the single-scale algorithm. It is also found that both 
algorithms, tuned with their optima! parameter values, are superior not 
only to the well-known median filter hut also to the Lee additiv~ filter, 
considered one of the best non-linear filtering techniques (Mastin, 1985). 

Chapter 4 presents a more in-depth study of the subjective assess
ment of CT images processed with the multiresolution noise-reduction 
algorithm. Four medica! experts, one technica! expert, and four non
experts participated in the experiments. In this study, we evaluated 
not only the overall image-quality hut also some basic image attributes, 
namely sharpness, annoyance of noise and visibility of structures. We did 
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not find fundamental differences in the judgement of subjective qua.lity of 
medica! experts and non-experts. We found instead two medica! experts 
whose subjective evaluation of sharpness and visibility of structures dif
fers from that of the rest of subjects. Besides, one of these subjects also 
had a deviating judgement of the overall image-quality. We attributed 
these deviations to a misinterpretation of the experimental task, rather 
than to a different perception of the corresponding attributes. 

Two different multidimensional sealing techniques were used to in
tegrate the subjective evaluations of the different image attributes in 
a single multidimensional perceptual space. One technique constructed 
the multidimensional perceptual space from data collected in a separate 
experiment in which subjects had to scale the dissimilarity between im
ages. The other technique obtained the space from the results of the 
subjective evaluations of image attributes . The perceptual spaces ob
tained by both techniques showed similar distributions of stimulus posi
tions. The different perceptual image-attributes could also be identified 
with similar directions in both spaces. In the case of the two deviating 
subjects, the distribution of the stimulus positions was analogous to the 
that of the rest of the subjects, hut the image attributes were associated 
with different directions in the perceptual space. This confumed the 
principle of homogeneity of perception, i.e., differences in preferences 
between subjects can be represented in a common perceptual space. 

The only participating technica! expert showed biased results at
tributed to his professional history. All his judgements were based on 
the noise c;:haracteristics and not on the appearance of relevant image 
structures. This fact suggests that more research should be devoted 
to the study of the subjective image-quality assessment of professionals 
involved in the design of medical imaging systems. 

In Chapter 5, a method to interpolate images based on the poly
nomial transform is presented. The polynomial transform offers a simple 
and efficient way to interpolate images by increasing the spatial sampling 
density of the the analysis window. We discuss how this interpolation 
method can be coupled to any image restoration algorithm based on 
the polynomial transform, without extra computational cost . A sub
jective evaluation shows that CT images interpolated with the polyno
mial transform are preferred over images interpolated with the nearest
neighbour, linear, and cubic-convolution interpolation techniques. 

A final discussion on the results presented in this thesis , and 
prospects for future research are given in Chapter 6. 



Samenvatting 

I N dit proefschrift wordt ingegaan op het verband tussen digitale 
beeldverwerking en menselijke visuele perceptie. Meer specifiek 

richten we ons op de digitale verwerking en de subjectieve appreciatie van 
medische beelden, met name 'Computed Tomography 1 (CT) beelden. De 
technieken en methodes in dit proefschrift kunnen echter ook toegepast 
worden op andere types van beelden, zowel medische als niet-medische 
beelden. 

Het uitgangspunt van dit proefschrift is dat beeldsystemen, d.w.z. 
systemen die visuele informatie presenteren voor menselijke waarneming, 
verbeterd kunnen worden door in hun ontwerp rekening te houden met 
belangrijke kenmerken van de menselijke visuele perceptie. 

Een eerste belangrijk onderwerp in dit proefschrift is het ontwerp van 
nieuwe algoritmen voor de digitale verwerking van beelden, met name 
ruisonderdrukking en interpolatie. Deze algoritmen maken gebruik van 
een beeld-representatiemodel dat enkele belangrijke eigenschappen van 
de menselijke visuele perceptie nabootst. Dit model is de polynoom
transformatie (Martens, 1990a). 

De subjectieve beoordeling van de kwaliteit van beelden verwerkt 
met digitale technieken is het tweede belangrijke onderwerp in dit proef
schrift. Dit onderwerp is op twee manieren benaderd. In een eerste 
aanpak wordt de beeldkwaliteit direct gerelateerd aan de parameter
waarden van de verwerkingsalgoritmen. In een tweede aanpak wordt 
beeldkwaliteit beschouwd als een functie van fundamentele perceptieve 
beeldattributen, zoals ruis en scherpte. Deze basisattributen zijn op hun 
beurt afhankelijk van de parameterwaarden in de beeldverwerkingsal
goritmen. In deze laatste aanpak worden de beelden, behorende bij 
verschillende instellingen van de parameterwaarden, voorgesteld door 
punten in een multi-dimensionale perceptieve ruimte. De subjectieve 
indrukken van de beeldattributen correlleren dan met richtingen in deze 
ruimte. 
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In hoofdstuk 1 wordt besproken waarom het beschouwen van as
pecten van de menselijke visuele perceptie bij het ontwerp van beeldsys
temen relevant is. Het raamwerk van beeldverwerkingstechnieken 
gebaseerd op modellen van menselijke visuele perceptie wordt behan
deld. Bestaande modellen voor beeldbeschrijving worden kort bespro
ken, en de keuze van de polynoomtransformatie als basis voor onze 
beeldverwerkingstechnieken wordt beargumenteerd. Subjectieve kwali
teitsbeoordelingen worden geïntroduceerd en alternatieve methodes om 
beeldkwaliteit te evalueren worden behandeld. 

In hoofdstuk 2 worden twee algoritmen voorgesteld voor de ruison
derdrukking in CT-beelden. Beide algoritmen zijn gebaseerd op een 
beeldbeschrijving in lokale componenten met behulp van polynoomtrans
formaties. Deze lokale beschrijving laat toe om de plaatselijke lumi
nantieveranderingen van een beeld te bestuderen. Dit lokale karakter 
van de polynoomtransformatie, gekoppeld aan het feit dat de benodigde 
operatoren goede modellen zijn voor de receptieve velden in de vroege 
stadia van het menselijk visueel systeem, maken de polynoomtransfor
matie tot een perceptief relevant model voor beeldbeschrijving. 

Het eerste algoritme voor ruisonderdrukking maakt gebruik van een 
polynoomtransformatie met een vaste spatiale resolutie. De coëfficienten 
van de polynoomtransformatie worden gebruikt om relevante transities 
in het beeld, zoals randen, te onderscheiden van ruis. Een adaptieve 
inverse polynoomtransformatie herstelt het beeld zodanig dat de rele
vante beelddetails gereconstrueerd worden met de originele resolutie, 
terwijl homogene gebieden die alleen ruis bevatten gemiddeld worden. 
Het tweede algoritme maakt gebruik van twee of meer polynoomtransfor
maties met verschillende spatiale resoluties. Dit multi-resolutie-schema 
wordt geïmplementeerd met behulp van een pyramidale struktuur. Elle 
niveau van de pyramide analyseert en herstelt het beeld op een ge
lijkaardige manier als in het geval van de bovenstaande enkelschalige 
techniek. De multi-resolutietechniek is echter te verkiezen boven de 
enkelschalige techniek, zowel wat betreft prestatie als het vereiste aantal 
berekeningen (zie sectie 2.5 en tabel 2.I). 

In hoofdstuk 3 wordt een subjectieve evaluatie gemaakt van de tech
nieken voor ruisonderdrukking uit hoofdstuk 2. Er wordt gekozen voor 
een benadering waarin beeldkwaliteit direct gerelateerd wordt aan de 
parameterwaarden van de algoritmen. De resultaten van deze evaluatie 
geven aan hoe de parameterwaarden van de enkelschalige en de multi
resolutie algoritmen ingesteld moeten worden voor optimale prestatie. 
Tevens wordt aangetoond dat het multi-resolutie algoritme te verkiezen 
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is boven het enkelscha.lige algoritme. Er is ook vastgesteld dat beide 
algoritmen, met hun optimale parameterwaarden, betere resultaten op
leveren dan bestaande algoritmen, zoals het mediaan filter en het addi
tieve filter van Lee. Deze laatste techniek staat bekend als één van de 
beste niet-lineaire filtertechnieken (Mastin, 1985). 

Hoofdstuk 4 bevat een diepgaander studie van de subjectieve waarne
ming van CT-heelden die verwerkt zijn met het multi-resolutie algo
ritme voor ruisonderdrukking. Vier medische specialisten, één techni
sche expert, en vier non-expert proefpersonen namen deel aan de ex
perimenten. In deze studie werd niet alleen de globale beeldkwaliteit 
geëvalueerd maar ook de indruk van meer fundamentele beeldattributen 
zoals scherpte, hinderlijkheid van ruis en zichtbaarheid van strukturen. 
We hebben geen belangrijke verschillen geconstateerd in de beoordeling 
van de subjectieve kwaliteit door medische experts en non-experts. Er 
waren daarentegen twee medische experts wiens subjectieve evaluaties 
van scherpte en zichtbaarheid van strukturen verschilden van die van 
de andere proefpersonen. Eén van deze afwijkende proefpersonen had 
bovendien een afwijkend kwaliteitsoordeel. Deze af wijkingen konden 
toegeschreven worden aan een misinterpretatie van de experimentele 
taak, eerder dan aan een verschillende perceptie van sommige funda
mentele beeldattributen. 

Er zijn twee verschillende multi-dimensionale schalingstechnieken ge
bruikt om de subjectieve evaluaties van de verschillende beeldattributen 
te integreren in één multi-dimensionale perceptieve ruimte. Met één 
techniek werd de multi-dimensionale perceptieve ruimte geconstrueerd 
op basis van data uit een afzonderlijk experiment waarin proefperso
nen de ongelijkheid tussen beelden moesten schalen. Met de andere 
techniek werd de multi-dimensionale ruimte verkregen op basis van de 
resultaten van de subjectieve evaluaties van alle beeldattributen. De per
ceptieve ruimten die resulteerden uit beide technieken vertoonden gelijk
aardige verdelingen van de stimulus-posities. De verschillende percep
tieve attributen konden eveneens met identieke richtingen geïdentificeerd 
worden. Voor de twee afwijkende proefpersonen goldt dat de stimulus
posities identiek verdeeld waren, als in het geval van de homogene groep 
proefpersonen, maar dat de belangrijke perceptieve attributen werden 
geassociëerd met andere richtingen in de multi-dimensionale ruimte. Dit 
bevestigde het principe van homogeniteit van perceptie dat stelt dat ver
schillen in voorkeur tussen proefpersonen kunnen voorgesteld worden in 
een gemeenschappelijke perceptieve ruimte. 

De enige technische expert liet bevooroordeelde resultaten zien die te 
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wijten zijn aan zijn professionele voorgeschiedenis. Alle oordelen waren 
gebaseerd op de kenmerken van de ruis en niet op de aanwezigheid van 
relevante beeldstrukturen. Dit feit geeft aan dat het aangewezen is om 
meer onderzoek te verrichten naar de subjectieve beeldkwaliteitsbeoor
deling van technici die zich bezighouden met het ontwerp van medische 
beeldsystemen. 

In hoofdstuk 5 wordt een methode gepresenteerd om beelden te in
terpoleren met behulp van polynoomtransformaties. Met de polynoom
transformatie kunnen beelden eenvoudig en efficiënt geïnterpoleerd wor
den door de bemonsteringsdichtheid van het analyse-venster te verhogen. 
Er wordt besproken hoe deze interpolatietechniek kan gecombineerd 
worden, zonder bijkomende berekeningskosten, met andere beeldbe
werkingstechnieken die gebaseerd zijn op de polynoomtransformatie. Uit 
een subjectieve evaluatie blijkt dat CT-beelden die met behulp van poly
noomtransformaties geïnterpoleerd zijn, verkozen worden boven beelden 
die geïnterpoleerd zijn met bestaande technieken, zoals de 'nearest
neighbour', lineaire en kubieke interpolatietechnieken. 

In hoofdstuk 6 worden de resultaten van dit proefschrift samen
gevat, en worden mogelijke onderwerpen voor voortgezet onderzoek 
aangegegven. 
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Stellingen 
behorende bij het proefschrift 

Perceptually-assessed digital processing of medica[ images 
van Boris Escalante Rarnirez 

1. The polynomial transform is an appropriate image-description model 
for designing perceptually-relevant image processing techniques. More
over, in combination with psychometrical experimentation the polyno
mial transform is a useful tool for the study of perceptual image quality 

This thesis. 

2. Many image compression techniques are inspired by properties of the 
human visual system. They aften include operators that are models of 
receptive fields in the early stages of the human visual system (see for 
instance Kunt, 1985). In order to optimize the reduction of perceived
lossless data-compression rates, we have to knowhow the upper stages 
of the human visual system (i.e. the visual cortex) combine and use 
the data processed by the early stages. 

Kunt, M. (1985). Second-generation image-coding techniques Proceed
ings of the IEEE 73, 549-574. 

3. Although some of the recent objective measures for perceptual image 
quality include properties of the early stages (i.e. the front-end) of the 
human visual system, (see for instance Lukas & Budrikis, 1982), their 
failure as universa! measures is mainly due to the fact that perceptual 
image quality is determined to a large extent by the more central stages 
of human vision (i .e. the back-end), where cognitive-related operations 
take place. 

Lukas, F.X.J. & Budrikis, Z.L. (1982). Picture quality prediction based 
on a visual model. IEEE Trans. Commun. COM-30, 1679-1692. 

4. The fact that medical experts, as well as non-experts, prefer medi
ca! images processed by edge-preserving noise-reduction techniques is 
explained not only by the removal of annoying noise, but also by an 
increase of the perceived sharpness. 

This thesis. 



5. A noiseless image with infinitesimal resolution is an Utopia, since nei
ther an instrument can record it nor a human being can see it. 

"IJ the doors of perception were cleansed everything would appear as it 
is, infinite". William Blake 1757-1827. 

6. One of the reasons for the lack of cooperative links between industry 
and universities is the fact that many engineering-directed research and 
development projects in the universities try to find needs that can be 
met by specific methods and techniques, a strategy which is opposed to 
the very basic engineering principle of finding methods and techniques 
to meet specific needs. 

7. Gi~en the alarming degrading conditions of the environment on our 
planet, and the intransigence of world politicians and industrial inter
ests, it has to be decided which is amore important issue to concentrate 
on: a new ecological polities, or a new politica! ecology. 

8. The wrong hut corrunonly used term 'americans', referring to the in
habitants of the United States of America, can be thought of as being 
adopted in order to give an actualized meaning to the Monroe doctrine, 
"America is for the americans", according to the past and the present 
century expansionist and economical-oppression policies of that coun
try towards its latin-american neighbours. 

9. The so-called "Discovery" of America is a motive for huge celebrations 
in Europe. For the americans (these being the inhabitants of the amer
ican continent) it is unclear, however, why the term "Discovery" should 
be used, and why it has to be celebrated with so much joy, since 1492 
represented the beginning of the destruction of brilliant civilizations. 

10. The two basic axioms for weather forecasting in The Netherlands are: 

• The weather conditions during the weekends are always worse 
than those during weekdays. 

• The wind direction is always opposite to the direction one cycles. 


