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Chapter 1

Introduction

"Reading is the means by which the world
does a large part of its work ....
The slightest improvement either in the page
or in the method of reading means a great
service to the human race" (Huey, 1908/ 68)

1.1

Problem statement

Every day a vast amount of information reaches our eyes by way of books,
television screens, computer screens, bank terminals, traffic signs, etc. This
amount of information makes a properly functioning visual system practically indispensable. However, for many people, especially older people, visual
capacity is often reduced. This has to do with optical impairments, such
as defocus or cataract, or neural impairments, such as a dysfunctioning of
the retina. These impairments can result, amongst other things, in reduced
acuity, reduced contrast sensitivity, oversensitivity to glare, extra stray light,
or a partial loss of the visual field. In a number of cases, and for a number of
applications , the problems experienced can be dealt with partially or totally
by ophthalmological measures, environmental modifications (Morse, Silberman & Trief, 1987), optical or opto-electronic aids, computer adaptations
or (computer) aids that are designed to stimulate other sense organs (for
example, sound aids (Poll, 1996), or tactile aids (Nolan & Kederis, 1969)).
However, in many cases no satisfactory solution can be offered to partially
sighted people.
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One of the main problems experienced by low-vision patients is indeed their
difficulty with reading. For many jobs good reading skills are necessary and
even essential. In daily life, too, people who read very slowly or cannot read
at all have many problems, making them dependent on the help of others.
Think, for example, of subtitled programs on television, the small print on
the insurance policy and on many packages giving information about specific
products .
Both stimulus factors and visual factors influence reading performance and
these have been researched in a vast number of studies (as to the legibility
of print and the bases of reading, e.g., Tinker (1963 and 1965) , the psychophysics of reading both for normal and for low vision, e.g. , Legge, Pelli,
Rubin & Schleske (1985), Legge, Rubin, Pelli & Schleske (1985), Legge, Rubin, Pelli, Schleske, Luebker & Ross (1988) and Mansfield , Legge & Bane
(1996), and the role of letter recognition and word recognition, e.g., Bouma
& Nooteboom (1968), Bouma & van Rens (1970), Bouma & Bouwhuis (1975),
Bouma (1979), Bouma, Legein, Melotte & Za bel (1982)). A lot of valuable
information on how to present text both for normal and low vision can be
derived from these studies. It is, for example, common practice to use some
for m of optical magnification for low vision. Reading glasses and loupes are
well-known examples. Loupes increase the retinal image, but as t he magnification increases the field of view is reduced. Therefore, when magnification
causes less than four letters to be seen at one time, reading performance
is significantly reduced (Legge et al., 1985; Blommaert & Neve, 1987). Besides t hat, Bouma et al. (1982) compared oral reading rates for observers
with 'high acuity' (higher than 0.8) and 'low acuity' (0.1-0.3) for character
sizes ranging from about 0.3-2.8° . Even for the largest character sizes, the
low-acuity group read more slowly than the high-acuity group. Also, Lawton
(1988) states that magnification alone is not suffi cient for transmitting recognizable information to the visual cortex. Magnification will not deblur the
image. Only by enhancing t he less visible spatial frequency com ponents a
blurred image can be restored to the clarity seen by normal-sighted observers
(Gennery, 1973) .
Some time ago TV magnifiers also came into existence (Zabel, Bouma &
Melot te, 1982). Besides greater magnification and (com pared to lou pes) a
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larger field of view, these also made it possible to increase the contrast of
all spatial frequencies in the image and to invert the contrast. Although
this sometimes led to improved reading performance , the question remained
whether this type of contrast amplification, combined with magnification and
an enlarged field of view, is optimal with respect to performance for various
eye disorders .
Besides a problem with reading, another problem experienced by low-vision
observers is the recognition of important aspects in natural scenes, e.g. on
TV's, on photographs, or in the newspaper. Face recognition is a well-known
example. A steadily growing number of studies is being carried out on the
appearance and presentation of natural scenes (especially faces) both for
normal-sighted observers and for low-vision observers. An overview of these
is given by Pratt (1978), and by Peli, Arend & Timberlake (1986). Besides magnification, Peli et al. (1986), for example, discuss techniques such
as contrast manipulation and rescaling, histogram manipulations, (adaptive) thresholding, spatial filtering and adaptive filtering . Although these
techniques are promising, optimal application in low vision requires good
knowledge of their effects in combination with the specific degradations for
certain disorders.
Technically much more can be done than what is offered by the TV Ioupe.
Therefore, for people suffering from a certain eye disorder, it is important to
investigate what possibilities exist for utilizing the remaining visual capacity
optimally with the help of current technology in the field of image processing
and applying suitable compensation techniques for the various eye disorders.
However, the problem of optimal utilization of the remaining visual capacity
will only be solved once more is known about the visual processing of the
human visual system.

1.2

Image Processing: state of the art

Since the birth of digital im age processing at the beginning of the 1960s this
field of research has been growing enormously. Both image-processing hardware and software are continually becoming more advanced. Parallel architectures and algorithms, special-purpose very large scale integration (VLSI )
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implementations and user-friendly software developments are of great influence on the rapid growth of the field of image processing.
The digital processing of images requires three basic ingredients (Trivedi,
1990):
• The ability to create digital images
• The ability to store and manipulate these images
• The ability to display the processed images
As a consequence, digital image processing has its origin in the development
of the technologies associated with the three requirements mentioned above.
Electronic and optical technologies have made it possible to obtain t he digital
images. Digital computers and the related technologies allow these images
to be stored and manipulated. And finally, television and communication
technologies have found their application in the display possibilities.
For some time now it has been technically feasible to process scenes in real
time in the spatial or in some transform domain by using digital imageprocessing techniques (e.g., real-time compression of image sequences). In
this way the luminance profile of images can be adapted on-line to the specific
wishes of the users. Besides magnification and a global contrast amplification,
it is now possible to apply a spatial frequency-dependent contrast amplification too for example. T his might be interesting since it offers possibilities for
compensation for low-vision observers with a decreased sensitivity for certain
spatial frequencies (Peli et al., 1986). This possibility is the starting point
for the research described in this thesis.

1.3

Aim of this thesis

In t his thesis we are concerned with the question of how images, particularly
text, can be presented optimally to visually impaired observers, as based
on our knowledge of specific eye disorders. The principal objective of this
thesis on image enhancement for the visually im paired is to find guidelines
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for the processing of text images and natural scenes , so that the input for
the reading and recognition process is optimized or at least enhanced.
Previous research has indicated that it is not an easy task to determine how
optimal reading performance and/or appreciation for different groups of lowvision persons can be obtained by means of image processing (Peli, Fine &
Pisano, 1994; Engel & Jenniskens, 1994 and Fine & Peli, 1995). Lawton (1989
and 1992), for example, found that the reading abilities of low-vision patients
with a macular affection can be improved by compensating the presented text
according to the individual contrast sensitivity function. Lawton states that
by amplifying the intermediate spatial frequencies, the magnification required
for patients with maculopathy to be able to read can be reduced by 30 to
70%, while reading rate increases by a factor 2 or 3.
In an attempt to reproduce Lawton's results, a paired-comparison experiment with tachistoscopic presentation in eccentric vision was performed with
normal-sighted observers with a number of differently filtered text images
(Engel & Jenniskens , 1994). The main result of these comparisons was that
the preference in eccentric vision for the spatially filtered text did, in fact,
increase with decreasing size of the characters. However, the test persons
with normal vision still preferred the black-and-white full-contrast text to
the filtered half-tone text.
Peli et al. (1994) also did not find any improvement in subjects' ability to
read moving sentences with image enhancement , although they did find an
improvement in their ability to describe details in still scenes, and an increased appreciation for moving scenes similarly enhanced.
Peli et al. (1994), as well as Engel & Jenniskens (1994), found evidence for
the hypothesis that only text which does not take up the whole contrast
range of the display system can be significantly improved by compensating
the presented text according to the individual contrast sensitivity function.
It is only for this type of text that it would be possible to increase the contrast
to enhance the text, leading to possibilities for improvement in performance.
Fine & Peli (1995) concluded from their investigations that enhancement of
text by spatial filtering does not substantially increase reading rates for most
low-vision patients. Besides that , from the clinical information they gathered
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it was not possible to accurately predict which patients would benefit from
spatial filtering.
For the enhancement of natural scenes (especially faces) two enhancement
methods in particular were proposed and tested: adaptive filtering and adaptive thresholding (see Peli & Lim , 1982; Peli & Peli, 1984; Peli , Goldstein,
Young, Trempe & Buzney, 1991 ; Peli, 1992; Peli et al., 1994; Peli, Lee,
Trempe & Buzney, 1994). The adaptive filtering techniqu e implements a
high-pass filter that may be modified locally based on local image brightness. A modified version of the original pre-emphasis technique was based
on the fact that suprathreshold features are perceived at their correct contrast. Therefore enhancement of these features is unnecessary and can, in
fact, result in a distorted appearance of the image. The adaptive thresholding
technique transforms a gray-tone image into a binary one, with an inherently
high contrast. The adaptability consists of the assignment of a threshold to
each pixel, based on local gray-level histogram properties. The adaptability
is based on the fact that, in many cases, no single threshold value will give
a binary image of sufficient detail or clarity. This technique was found to be
effective with optically simulated cataracts (Peli et al., 1986). Although in a
number of cases the proposed enhancement algorithms proved to be useful,
the improvements were not significant in many cases. Besides that, questions
as to whether the proposed techniques are optimal , whether individualized
enhancement techniques should be used, and how the effect of image content
should be accounted for , were not answered. Also, in some cases , quite ad
hoc choices were made to deal with the problem of the limited dynamic range
of the display (e.g., the choice to permit saturation of a certain percentage
of the pixel values).
As the nature of the relation between various eye deficiencies and their effects on the visual processing of the human visual system has not yet been
determined , more fundamental research on this relation is needed in order to
be able to link the fields of low vision and image processing.
Since our main interest is in reading, our approach to the problem starts with
making the processing sequence in reading explicit (see, e.g., Marr (1982)),
as shown in Figure 1.1. Here, the input of the reading process is formed by
the output of the 2D shape-perception process. It is this latter process that
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Reading
Process

detail )
( detection

Figure 1.1: Processing sequence in reading.

we will focus on in our study, and we will therefore limit ourselves to eye
disorders that distort the output of this process. Disorders that obey this
restriction are, e.g. , optical disorders (defocus, cataract) or front-end-vision
neural disorders (Age-Related Macu lar Degeneration; ARMD). The strategy
to follow then is to find out what is wrong with the 2D shape-perception
process for these disorders and subsequently try to restore the 2D-shape
map by means of enhancement techniques. Since we will focus on the 2D
shape-perception process and not on processes more specific for reading, this
approach will also be valuable when we consider natural scenes instead of
text.
First of all, we need an experimental quality indicator of the 2D-shape output.
In selecting such an indicator we make the assumption that, since 'details '
are the weakest shape parts, the impairment results in a lack of details in the
2D-shape map, or that a less accurate shape representation results in a less
accurate representation of details. Since 'Visual Acuity ' (VA) is an adequate
measure of the resolving power, it seems a good choice to use this measure
as a quality indicator of the 2D-shape output , i.e., acuity is used to describe
shape adequacy. This choice is also supported by Legge et al. (1985), and
Bouwhuis (1993) who emphasize the importance of acuity as an indicator for
reading performance.
An acuity model, describing the 2D shape-perception process, was developed
and critically tested ; normal-sighted observers were used first (Chapter 2).
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The model is essentially based on previous models by Marr (1982),
Blommaert (1988) and Watt (1989) on 2D-shape perception. In the model,
two parameters control the detectability of shape detail: a blur parameter
that describes the amount of optical and neural pooling, and a threshold
parameter which identifies the signal-to-noise ratio of the internal shape detail representation. To be able to test the model and fit the parameters, the
effects of contrast reduction, contrast polarity and blur on visual acuity were
experimentally determined for a gro up of young normal-sighted and a group
of older normal-sighted observers . The specific degradations were chosen because of their expected relevance with respect to low vision. The groups of
observers in chapter 2 and also in the other chapters consist of only a few
observers. It would be nicer to use larger populations, but the duration of the
experiments made this practically impossible. For the chapters about lowvision an additional argument for using small populations was the difficulty
of recruiting these observers.
Subsequently, in Chapter 3 the effects of eye disorders on visual acuity were
determined experimentally for three classes of eye deficiency : (1) defocused
normals , (2) cataract patients, and (3) Age-Related Macular Degeneration
patients. Again, the model parameters were fitted, and subsequently tested
for clustering.
Although an existing simulation technique of the appearance of enhanced
images by normal-sighted observers, cataract patients (linear simulation) and
patients with central scotomata (nonlinear simulation) has been proven to be
very fruitful in testing the quality of enhancement techniques (Peli, 1990, Peli
et al., 1991, and Peli, 1995) , we chose to develop our own visual-acuity model
instead of using the model from Peli. The reason for this is that our intention
is not to simulate the appearance of images by observers, or to describe
contrast perception. Instead, we wanted to model the mechanisms underlying
detail detection. Another importa nt reason is that we aimed at developing a
model in which the parameters are relevant for low vision. In that case certain
forms of low vision could be described by simply adjusting the parameter
settings in the model. Besides that, the CSF function s that Peli used are
based on measurements with sine patterns and are therefore probably not
the best choice to model detail perception, aiming at text enhancement.
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In Chapter 4 the applicability of deblurring non blurred images as a possible
enhancement technique is tested. An existing technique for deblurring images is chosen and applied to intermediate-contrast and nonblurred Landolt
rings. A paired-comparison experiment is carried out to test whether normalsighted observers as well as subjects with simulated low vision (caused by
blurring) prefer some amount of deblur, and if so , whether the amount preferred depends on the blur in the visual system or added to it. An acuity
test is also carried out to check whether an extra amount of deblur leads to
higher acuity values.
In Chapter 5 deblurring in combination with the restrictions it poses on the
global contrast of images is tested in a number of experiments. These are
carried out with low-vision subjects, who have cataract or ARMD. Besides
individual Landolt-C rings presented in a paired-comparison and an acuity
test , pseudo-texts and natural scenes are also considered in this chapter.
In this way it is also tested whether the optimal way of presenting images
depends on the specific image.

Chapter 2

Visual Acuity of Normal-Sighted Observers Experiment and Theory

Abstract

For the development of guidelines for text enhancement for low-vision subjects, aimed at improving reading performance, it is essential to have an
understanding of the early visual processes underlying reading. Since the input of the reading process is formed by the output of the 2D shape-perception
process, it would seem to be a rewarding strategy to improve this output. If
it is assumed that 'details' are the weakest parts of a shape, vis ual acuity is
an indicator of the output quality of this 2D shape-perception process. In
this chapter the influences of contrast reduction and blur on visual acuity are
investigated for normal-sighted observers. An acuity model is developed and
critically tested . The model is based on summation of neural activity within
and across a number of size-varying channels and contains two parameters
that control the detectability of shape detail. One of t hese parameters is a
blur parameter that describes the amount of optical and neural pooling. The
other parameter, a threshold, reflects the signal-to-noise ratio (SNR) of t he
visual representation of shape. After making a refinement on the principle
of self similarity, the model >vas found to predict the influence of contrast
reduction and blur on visual acuity well, thereby giving a suitable functional
description of the early visual mechanisms involved in detail perception.
Keywords: visual acuity, detail perception, reading rate, contrast, blur,
early vision .
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Chapter 2
2.1

Visual Acuity of Normal-Sighted Observers
Introduction

For some time now it has been possible to process scenes in real time in the
spatial and the frequency domains by using digital image-processing techniques (see, for example, Trivedi, 1990). In this way the luminance profiles
of images can be adapted on-line to specific wishes of the users (see, for
example, Peli & Lim, 1982). Since people are quite dependent on reading
skills , it might be rewarding to use this technique to try to enhance text
images for people with reduced visual capacities and to use compensation
techniques for various eye deficiencies, such as cataract and Age-Related
Macular Degeneration (see Lawton, 1989 and Lawton, 1992). However, it is
not easy to determine how an optimal reading performance for various groups
of low-vision persons can be obtained by means of image processing (see, for
example, Peli, 1992, Engel & J enniskens, 1994 and Fine & Peli, 1995). It
is clear that an understanding of the perceptual process that leads to the
sensory representation of 2D shape and a knowledge of the effects of various
eye disorders on this process is beneficial when aiming at the enhancement
of text for low-vision observers. First of a ll, in this chapter, the relation
between certain stimulus degradations and their effects on the human visual
system of normal-sighted observers will be determined. Since the input of the
reading process is formed by the output of the 2D shape-perception process,
degradations that are expected to be relevant for the quality of the 2D-shape
map were chosen. Such degradations are expected to be relevant for low
vision. If it is assumed that details are the weakest parts of a shape, these
degradations will result in a lack of details or a poor representation of details
in the 2D-shape map. If we aim to improve the output quality of the 2D
shape-perception process , we will need an experimental indicator for it. We
chose 'Visual Acuity' (VA) as an adequate measure of the smallest resolvable
detail in an image. This choice is supported by Bouwhuis (1993) and also
by Legge, Rubin, Pelli & Schleske (1985) who emphasize the importance of
acuity as an indicator of reading performance.
First, the effect of contrast red uction, contrast polarity and blur on detail detection capabilities was determined experimentally for two groups of normalsighted observers: a group of younger and a group of older observers. Then,

2.2
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Experiments on Visual Acuity

by applying basic knowledge on optical and neural aspects in vision, an acuity model, describing the detail detection process, was developed and critically tested with the available data. The data could be explained quite well
by using a model based on summation of neural activity within and across
size-varying channels. The model is essentially based on previous models by
Marr (1982), Watt (1989) and Blommaert (1988) on 2D-shape perception
and uses a similar description to compute the detection of shape detail. Tvvo
parameters control the detectability of shape detail: a blur parameter that
describes the amount of optical and neural pooling, and a threshold parameter which identifies the signal-to-noise ratio of the internal representation
of shape detail. It will be shown that the model parameters fitted yield
good compatibility of theory and experiment. By combining the knowledge
described in this chapter with knowledge obtained in follow-up studies with
various groups of low-vision observers, we aim to derive guidelines for the
enhancement of the legibility of text and vision of other images for people
with eye disorders.

2.2

Experiments on Visual Acuity

So as to be able to first specify and then test a visual acuity model, several
experiments were carried out. A Landolt-C ring test was used for a number
of younger and older normal-sighted subjects to determine the threshold ring
size for rings processed in different ways, presented by using the up-and-down
method.

2.2.1

Stimuli

The stimuli used in the experiments are Landolt-C rings. Their form is characterized by the ratio between the outer diameter, the inner diameter and
the opening, being 5:3:1 for a standard ring (see Vos, 1969). The task in a
Landolt-C test is to indicate the direction (one out of four) of the opening
in the ring. There are several arguments why Landolt-C rings are preferred
(Vos, 1969). First of all, the Landolt-C test has been taken as a standard eye
test since the International Congress on Ophthalmology in 1909. Secondly,
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all optotypes are of the same form. Except for the gap, the optotype is
radially symmetric about its center. This property precludes both easy confusion of certain stimuli and easy recognition of others (see also Blommaert
& Timmers, 1987) , as is the case with letter optotypes. Thirdly, the acuity
value can be determined accurately: the spread in the results is usually small.
The acuity value is determined by the reciprocal of the just resolvable visual
angle 6 (in minutes of arc) formed by extending two lines from the observer 's
eye to the outside edges of the opening of the ring.
VA=

1
b(arcmin)

1

1

--~~---------- ~ --~~---

60 ·

360
27r

·arctan(~)
d

60 ·

360
· ~'
2:r.
d

(2.1)

where VA is the visual acuity, w (mm) is the just distinguishable width of
the opening and d (mm) is the observation distance. The illumination of the
chart has to be homogeneous, and no less than 500 lux. The surroundings of
the chart also have to be illuminated to some extent, but should not produce
too much contrast with the illumination of the chart. The general room
illumination should preferably not be too high (Vos, 1969).
Three types of Landolt rings were used in the experiments 1 :
• Rings of negative contrast with the background, which means that the
target has a lower luminance level than the background.
• Rings of positive contrast with the background, which means that the
target has a higher luminance level than the background.
• Blurred rings of negative contrast.
The contrast measure used in the experiments was the Michelson contrast,
defined as:
(2.2)
1 In fact, the standard acuity measurement is a well-defined measurem ent. Since Landolt
rings in the experiments were processed in different ways, seen from different distances,
displayed on a monitor instead of a chart, etc., the term 'ac uity measurement' was extended for the specific purpose. Vle used the term 'vis ual acuity' for th e reciprocal of the
smallest detail (in minutes of arc) that can be resolved, for different types of stimuli and
experimental circumstances (e.g., test distance).
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with Cm the Michelson contrast value ( -1 ~ Cm ~ 1), Lt the luminance level
of the target and Lb the luminance level of the background. The definition
ensures that the negative contrast rings have a negative contrast value, and
the positive contrast rings a positive value.
Rings were computed for each type of stimulus, with sizes following a logarit hmic scale (Green, 1905, Sloan, 1959). The reason for a logarithmic progression is that the visual system seems to use a logarit hmic metric for separation,
as can be inferred from the constant Weber fraction for this attribu te; i.e.,
a subject judges differences according to their relative values and not their
absolute values (see, for example, Watt & Morgan, 1983). Westheimer (1979)
also recommended the logarithmic scale because he found that t he ratio of
standard error/mean was nearly constant. On the logarithmic scale the just
noticeable differences in acuity are independent of size. The original recommendation of Green (1905) is to take 10 steps wit hin t he acuity range from
0.1 to 1, giving an average multiplication factor between the subsequent ring
sizes of 1 Dj10=1.26 (0.1 of a log unit). Corrections are made on the values
obtained in this way (Vos, 1969) to only have values that can be described
by easy fra:ctions. The average factor betvveen the subsequent ring sizes in
the experiments under consideration was 1.27 (i.e., clos~ to 1.26, the value
advised by Green (1905), Vos (1969), and Bailey & Lovie (1976); and 1.29,
the value advised by Fortuin (1951)).
For the usual range in a standard Landolt-C test, 0.1 is taken as a lower
limit and 3.0 as an upper limit. The acuity test described in this chapter is
intended for normal-vision subjects as well as (at a later stage) for low-vision
subjects. For that reason the range of acuity values was extended to lower
values. This resul ts in a range from 0.06 to 2.85 at a test distance of d =6
meters.
It is assumed that a Landolt ring can be created with an accuracy of ± 1
pixel. Since VAcx l/ (ring size), the accuracy ann
avA
with which the acuity
g stze
values can be determined is proportional to 1/ (ring size)2 and hence a lso
proportional to (VA) 2 .
When generating the Landolt ring , a square picture of 900x900 pixels with
a Landolt r ing in the middle was created first, followed by a transformation
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of pixel values by a Look Up Table (LUT), which served to linearize the
relationship between the monitor's gray values and corresponding luminance
values. Because of the given ratios of a Landolt ring, the ring size was
always chosen to be a multiple of 5 pixels to avoid different deformations
of the rings for different sizes. For blurred stimuli, the Landolt rings of the
highest negative contrast were convolved with a Gaussian blur filter before
the LUT transformation was applied:
Lg(x, y)

LUT(L,(x, y)

* G(x, y))

LUT ( L,(x,y)

* Cr~ 2

(2.3)
2
·

exp (- (x ; y

2
)))),

(2.4)

where L 1(x,y) is the original image, Lg(x,y) is the image after filtering and
linearization, and LUT() is t he pixel-value transformation for linearization
of the relation between the monitor's gray values and the corresponding luminance values.
The stimuli of the sets were made in accordance with Table 2.I and were
presented on a SUN 20-inch 'Premium Color Monitor' serially to avoid the
effects of crowding (Flom, Weymouth & Kahneman, 1963). The monitor
had a resolution of 83-dpi (triple) (900xll52 dots; 10.8x13.9 inches). At a
distance of 6 meters one triple dot had a visual angle of 0.175 arcmin. The horizontal frequency of the monitor was 71.8 kHz, the vertical frequency (screen
frequency) 77 Hz. The monitor's white point is specified by CCT=9301K,
95.5cd/m 2 and color coordinates Xc=0.286 and Yc=0 .291.

2.2.2

Procedure

Only the subject's best eye (highest acuity on the Landolt chart, with optimal
correction) was uncovered during the experiment. The experiments were
carried out at a viewing distance of 6 m . A white screen (140 x 100 em) was
placed around the monitor on which the stimuli were displayed. The screen
had a square hole (25 x 25 em) in the middle, subtending a visual angle of
2°23' seen from the observer. The average surround luminance (determined
at 8 positions on the screen a round the opening) was 11.8 (standard deviation
0.7) cd/m 2 . See Table 2.I for screen lumina nces.
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Table 2.I: Michelson contrast Cm and luminance values for the
negative-contrast stimuli (left) a nd the positive-contrast stimuli
(middle) (Lt: target luminance; Lb: background luminance) . Righ t:
(}" of the blur filter and luminance values of the blurred stimuli .
negative contrast

Lt

Lb

Cm (cd/ m 2 ) (cdfm 2 )
97.2
-0.986
0.7
-0.286
97.2
54 0
-0 .083
82.3
97.2
-0.024
97.2
92.6

positive contrast

Lt

Lb

Cm (cd/m 2 ) (cd / m 2 )
7.7
0.853
97.2
16.5
7.7
0.363
10.5
7.7
0.156
7.7
0.067
88

blur (Cm = -0.986 )
a of blur
Lt
Lb
(arcmin.) (cd / m 2 ) ( cd / m 2 )
0.7
97 .2
0 88
97.2
0.7
1.24
0.7
97.2
1.75
248
8.77

0.7
0.7

97.2
97.2

The method used to determine the t hreshold was the transformed up-anddown method (see Falmagne, 1986 a nd Levitt, 1971). Using this method
t he 84.1 % point (after correction for guessing, the 78.8% point; see Grimm,
Rassow, Wesemann, Saur & Hilz, 1994) on the psychometric fun ction was determined for the different stimuli by means of an algorithm with the following
strategy:
1. Every time a Landolt ring was displayed, the observer was required to

report one of the four possible gap orientations, even if he or she could
not discern it.
2. After the observer had given four consecutive correct answers, the ring
size was reduced by one step.
3. If the observer made an error, the ring size was made one step larger,
regardless of whether the previous answers had been correct.
Every time a reversal in the ring sizes occurred, the last size used before the
reversal was saved in a n a rray. The first two values of this array were test
values to get the subject accustomed to the type of rings and let him or her
adapt to the luminances and contrast used. Furthermore, by taking a test
series it was possible to start the real experiment with a ring size close to
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the end threshold. The end threshold was calculated by averaging over six
reversals (three upper and three lower values). A pilot experiment revealed
that the. average acuity is not changed significantly by using more reversal
determinations for the calculation of the average.
The theory behind this algorithm (see also Levitt, 1971) is that the transformed up-and-down strategy tends to converge on that stimulus level at
which the probability of a DOWN response sequence equals the probability
of an UP response sequence (i.e., the probability of either equals 0.5). In other
words, if we use + for a correct answer, - for a wrong answer and P(x) for
the chance of a correct answer, then a DOWN response sequence is + + ++,
whereas UP response sequences are+++-, + + -,+- and -. The chance
of a DOWN response sequence is [P(x)] 4 and the chance of an UP response
sequence [P(x)j3[1- P( x)] + [P(x)j2[1- P(x)] + [P(x)][1- P(x)] + [1 - P(x)].
If [P(xW = 0.5 then [P(x)] = 0.841.
The disadvantage of taking the 84.1% point instead of the 50% point is that
the accuracy of the threshold is lower then, since the slope of the psychometric
function is slightly steeper at the 50% point . However, it can be calculated
that the accuracy at the 84.1% point is 0.61 of the accuracy at the 50%
threshold point, which is still high enough, for reasonable values of the 50%
point slope.

From Brown & Cane (1959) it is known that the end threshold determined
using the method of limits may depend a lot on the initial stimulus level.
Since the up-and-down method is similar to the method of limits, except for
the fact that the up-and-down method is not terminated after the first reversal, a pilot experiment was performed to check the dependence of the end
threshold on the initial stimulus level for the up-and-down method. Given
two test reversals, the resulting acuity did not appear to be influenced by
the initial ring size. Due to this independence it was decided to estimate the
threshold ring size and then start the experiment. This resulted in experiments that were less time-consuming, which is important for the prevention
of fatigue effects.
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Observers

The observers were three young normal-sighted persons in the age group 2426 years (mean: 24 .7, median 24) and seven normal-sighted persons in the
age group 59-68 years (mean: 62.3, median 60). The individual subject data
are given in Table 2.IL So we could study the influence of age on visual
acuity. Besides that, the low-vision observers with which the experiments
will be carried out further on will mainly be of an older age, and the age
difference can then be assumed to be of minor importance .
Table 2.II: Age and visual acuity (on the Landolt chart) of the
normal-sighted observers used in the acuity task .

Acuity of best eye
Group

Observer Age (Landolt-C Chart)

Young

HF

Observers

MM
MO

GI
HE

Older

JO

Observers

LA
RO
VL

WE

2.2.4

26
24
24

2.0
2.0
1.5

64
68
60
60
60
59
65

1.25
1.25
0.8
0.65
1.0
1.5
1.0

Experimental Results

The logarithmically averaged results of the acuity experiments for the two
groups of normal-sighted observers are given in Figure 2.1. For the calculation of the ±CTx intervals, it is assumed that the acuity data will have a
Gaussian distribution on a logarithmic scale, vvhich is plausible if the system uses a logarithmic metric for size. For that reason O"x is based on the
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Figure 2.1: Top left: Average acuity values with standard deviations
±o-x for normal-sighted subjects as a function of the Michelson contrast, for negative-contrast stimuli. Top right: Average acuity values
with standard deviations for normal-sighted subjects as a function of
the Michelson contrast, for positive-contrast stimuli.
Bottom: Average acuity values with standard deviations for the
normal-sighted subjects as a function of the visual angle of the oof the blur filter, for blurred stimuli.
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logarithmic values of the data:

C!x

=

(

(~i((log(xi))2))- (log(x)) 2

~i(log(xi) -log(x)) 2 )

(

n·(n-1)

·

n)

n·(n-1)
(2.5)

2.2.5

Discussion

As can be seen in Figure 2.1, there is some difference in average acuity
for negative and positive-contrast stimuli for both groups of observers. In
general, acuity for the negative-contrast stimuli proved to be higher, probably
due to the higher average luminance for those stimuli (Rabin, 1994); there
will be an adaptation effect due to the different luminances of the various
types of stimuli (Rupp & Taylor, 1986). The results can also be understood
(see Table 2.1) if it is assumed that the eye adapts to a level biased toward the
peak luminance in the field being viewed (see Rupp & Taylor, 1986). Another
cause of the difference might be the same mechanism as that responsible for
the size effect. This effect states that a light square against a dark background
beside an equisized dark square against a light background shows a difference
in apparent size such that the light square (compare to the Landolt-C gap
in case of negative contrast rings) appears larger than the dark one (Van
Erning, Gerrits & Eijkman, 1988).
It can also be seen in Figure 2.1 that for the negative-contrast stimuli the

difference in the results for the two groups of observers is relatively large
compared to the difference for the positive-contrast stimuli. This large difference might be due to a higher amount of intraocular scattering of light
being caused by the lenses of the older observers. The scattering should
cause an almost parallel dowmvard shift of the acuity curve for older observers compared to the curve for younger observers, due to the decreased retinal
contrast (Legge, Rubin & Schleske, 1986).
For the blurred stimuli the acuity does not decrease much up to a certain
degree of stimulus blur, but decreases more rapidly after that point. This
can be understood if the total blur is assumed to consist of stimulus blur,
monitor blur (which is assumed to be negligible) and intrinsic eye blur. Be-

22

Chapter 2

Visual Acuity of Normal-Sighted Observers

cause of the squared summation of standard deviations, for small amounts
of stimulus blur relative to the intrinsic blur, the total amount of blur is approximately equal to the intrinsic blur and is therefore almost constant. For
larger amounts of stimulus blur, the total blur is almost entirely determined
by the stimulus blur. This would also explain the converging acuity curves
for the younger and older observers.
The relation between the acuity value on the chart and the acuity value
determined experimentally for the highest negative contrast for the individual
subjects is shown in Figure 2.2. It can be seen that, in general, the two
measurements agree quite well for the lower acuity values. For the higher
chart-acuity values , however, there is quite a large discrepancy between the
two measurements . For these values the experimental acuity values are too
low. It should be noted however, that, first of all, the accuracy with which
the rings can be made decreases quadratically with increasing acuity (see
subsection 2.2.1) and, secondly, that the steps in ring size for higher acuity
values (smaller rings) are much larger 2 .

2.3

An Acuity Model Based on Summation of Neural Activity

2. 3.1

Introduction

In recent years a number of models have been developed in which it is assumed that independent units or receptive fields of different sizes are distributed across the visual field. These models are generally based on scale invariance, which has been found in many psychophysical experiments (see Watson,
1987 and Peli, Yang & Goldstein, 1991). A model which turns out to be suitable for explaining the acuity results is the two-dimensional multi-layer 'stack
model' (Koenderink & van Doorn, 1978 and Wilson & Bergen, 1979), as is
shown in Figure 2.3. At each eccentricity in the visual field the existence of
circular detection units of all sizes between a minimum diameter (depending
on eccentricity) and a maximum diameter is assumed. The cut-off for small
stimuli for a particular eccentricity is determined by the smallest units for
2
e.g., at 6 meters a ring of 15 pixels is related to an acuity value of 1.90, while the next
smaller size is 10 pixels, which relates to a.n acuity value of 2.85.
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Figure 2.2: Scatter diagram . The chart acuity values for the individual subjects are given on the horizontal axis and the experimentally determined acuity values for the highest negative contrast are
shown on the vertical axis. Dashed line: experimental acuity value
equal to chart acuity value. Solid line: optimal regression.

'

'

{~~
..-- Eccentricity ----..

Figure 2.3: Left: 'Stack-model'. Right: receptive field profiles.
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that eccentricity. Physically, the minimum diameter in the center is limited
by the size and spacing of the photoreceptors (see Snyder & Miller, 1977
and Marr, Poggio & Hildreth, 1980). We assume that the system is selfsimilar, which means that the circular detection units differ only in scale.
As a consequence of the profile of the circular detection units (see Figure 2.3),
a stimulus is detected most effectively by units whose dimensions approximately fit t he structures occurring in the stimulus. The assumption that many
units of different sizes are present at each eccentricity accounts for the very
broad range of the model. The model describes the detection of a stimulus, using only spatial properties of that stimulus. Many studies report that
receptive fields are described well by a point-spread function with a small
positive center and relatively broad negative lobes (see, e.g., Blommaert &
Roufs, 1981; Marr, 1982; Blommaert , Heynen & Roufs, 1987) . This means
that even units that are several center wid ths away from an edge will be
influenced by the luminance pattern at the edge.
In the next subsection we will examine t he previously described model in
more detail and see how it can be used to predict the recognition of LandoltC targets.

2.3. 2

The Model Structure

For the recognition of the Landolt-C target , we assume that the quality
of the output of the early-vision process is directly related to the quality
of the Landolt-C-gap representation . Recognition of C orientation is then
uniquely determined by C-gap detection. Our acuity model therefore involves
determination of the detectability of the gap. This is realized by comparing
the spatial activity of a filtered Landolt ring with the spatial activity of
a similarly filtered closed ring, and by integrating the resulting difference
activity within and across scales, and finally by thresholding the resulting
gap activity. The last step is motivated by the existence of a certain amount
of intrinsic noise.
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Our acuity model consists of seven consecutive steps (see Figure 2.4):
1. Filtering of a Landolt ring by the optical media (i.e., cornea, pupil, lens

and the aqueous and vitreous humor).
2. Filtering of the resulting image on a neural level.
3. Detecting differences from circularity.
This is implemented by taking the difference between the resulting
spatial activity and the spatial activity of a similarly filtered closed
ring .
4. Integration of the difference activity over different units within individual scales.
5. Integration ofthe scale output activity over different size-varying scales.
6. Thresholding the resulting activity, the result of which we use as a
model for recognizability.
7. Deriving orientation discrimination from gap detection.
The individual steps in the model are discussed further below.

Unit Representation
The first and second stages in the model consist of a transformation of the
luminance image to an image in which the activity of individual units is
described as a function of their positions.
The first stage, the optical filtering stage, can be described by a convolution
of the luminance image with a two-dimensional Gaussian filter:
10 (x, y)

Lg(x,y)

*G

( Lg(x, y)

0

(2.6)

(x , y)

* ( 7f~~

2
·

exp (- ( x

~y

2
))))

(2.7)

Here, Lg(x,y) is the luminance image reaching the eye, G 0 (x,y) is the optical
blur filter (with spread 170 ), and 10 (x, y) is the resulting optically filtered
image.
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Figure 2.4: The acuity modeL

The second step in the model consists of a neural filtering, based on the
theory that ganglion cells, taking input from several bipolar and amacrine
cells, each have a receptive field built up of a small excitative center and a
larger inhibitive surround. This form of the receptive field makes t he cells
especially sensitive to positions of luminance change in the image. There are
several ways of describing these Mexican-hat-like receptive fields. According
to Marr (1982) the most satisfactory operator would be the V' 2 G operator,
defined by the Laplacean (sum of second order spatial derivatives) applied
to a Gaussian kernel:
(2.8)
We have:
In(i, x,y)

\7 2 Gn(i, x,y)
2

\7 Gn(i,x,y)

* Io(x,y)

* Go(x,y) * Lg(x,y)

\7 2 Go,n(i,x,y)

* Lg(x,y)

(2.9)
(2. 10)
(2.11)

Here, Gn( i,x,y) is the neural blur filter on scale i, Go,n(i,x,y) the total blur
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filter (optical and neural blur combined) on scale i and In(i,x,y) the resulting filtered image on scale i, which can be considered to be made up of
excitation by the central part of the \7 2 G filter (In ,c (i, x, y)) and of inhibition by the surround part of the filter (In,s(i, x, y)). In order to make this
neural-activity function luminance-independent for the higher contrasts, it
is divided by the neural response of the linear center mechanism In ,c( i, x, y)
(see also Blommaert & Marten s, 1990, Schouten, 1993). The luminance dependence for lower contrasts is incorporated by adding an extra term in the
denominator:

ls(i,x,y)

I 11 (i,x,y)
k

(2.12)

+ In,c(i, X, y)'

where l 5 (i, x , y) stands for the adapted activity on position (x,y) on scale
i, and the scale-invariant constant k represents the transition flux at which
the cell starts to be photopically adapted.

This expression is consistent

with the photopic gain of ganglion cells at background luminance levels that
are not too low (Blommaert & Martens, 1990 and Enroth-Cugell, Hertz &
Lennie, 1977). It is also in accordance with the experimental finding that
cell adaptation is mainly determined by a pooling area comparable in size
to the receptive field center (Cleland & Enroth-Cugell , 1968).
total filter \7

2

( Go,n

Since our

(i, x, y)) can be approximated by a Difference of Gaussians

(DOG) function, for which O"center is 0.74 times the

0"

of G 0 , 11 (i,x,y) (with

ratio O"surround:O"center equal to 2 and both Gaussians of the form as used in
equation 2.7), we took this value for the Gaussian adaptation filter:

ln,c(i, X, y)

with O"o,n(i) having the value as in the Go,n(i ,x,y) filter.
In Figure 2.5 the effect of the filtering process on a Landolt-C ring is illu strated, for the case that 20"o,n(i) is equal to the size of the opening in the
ring, i.e. , the filt er size is of the same order as the size of the opening.
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b).

a).
Figure 2.5:

a).

Luminance pattern Lg(x, y) of Landolt-C ring of

positive contrast. b). Filtered version Is(i, x, y) (equation 2.12) of a).

Comparison of activity of a filtered Landolt ring and a filtered closed ring

Since recognition of a Landolt ring involves detection of the opening, we
are interested in the neural activity in the area of the opening. We therefore
compare the spatial activity of a filtered Landolt ring with the spatial activity
of a similarly filtered closed ring:
Ict (i, X, Y) = lis , Landolt ring (i, X, Y) - Is, closed ring(i, X, Y) I,
with Id(i, x, y) being the difference image on scale i.

(2.14)

We typically obtain

representations Id (i, x, y) as illustrated in Figure 2.6, in which the effects of
the intrinsic blur parameter and contrast on the difference area are shown.
In this figure the value of O"o,n(i) (henceforth

0",

or O"intrinsic) is changed from

top to bottom (top row: 20"=0.5w (with w the width of the opening); middle
row: 20"=w; bottom row: 20"=2w). Different contrasts are used on the left
and the right. From the middle row (Figures c. and d.) it is clear that the
stimulus is detected most effectively by units with dimensions approximately
fitting the structures occurring in the stimulus (20" is equal to the diameter
of the central part of the V 2 G filter).
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a).

b).

c).

d).

e).

f).

Figure 2.6:

Effect of the intrinsic blur parameter and the objective

(Michelson) contrast on the difference activity Id(i,x,y). The value
of

rT

increases from top to bottom (2CT=0.5w (top row), 2CT=w, and

2CT=2w; respectively, with w the width of the opening in the Landolt
ring). Left: high contrast; right: low contrast. Note the decrease in
sampling density from top to bottom.
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Assemblage of Unit Signals on a Single Scale

Once the excitation of the individual contributing units on the different spatial positions on a certain scale has been calculated, we have to integrate
activity across the different positions on that scale. On the assumption
that the psychometric function is adequately described by a Weibull function (Weibull, 1951), Quick Jr. (1974) derived a convenient expression for
the calculation of the total response of a single scale from the activity of the
individual units:
1/ cx

Is(i) =

[

:l)Ict(i, x, y))cx
x,y

,

]

(2.15)

where Is(i) is the total neural activity on scale i, contributing to detection.
Assemblage of Scale Signals

After having calculated the excitation on a single scale, we will now consider the contribution of other scales in the computation of the total activity.
Campbell, Nachmias & Jukes (1970) measured discrimination limits for spatial frequency and found that over a wide range 6.f/f is approximately 4 %,
corresponding to 0.017 on a log scale (see also Sachs, Nachmias & Robson,
1971). We take this factor as a multiplication factor for the size of our scales
(i.e., cro,n(i)). A formula similar to that used for the computation of the
excitation on one scale was used for this multiple-scale computation:

1/o:
Itotal

=

[ ~(Is(i))o: ]

,

(2.16)

with I5 (i) being the integrated activity of the individually contributing scales,
separated from each other by 0.017 of a log unit, and ex having the same
value as in equation 2.15. In this way 128 scales were combined , starting at a
minimum scale size, i.e., the largest scale has a size almost 150 times that of
the smallest scale. In equations 2.15 and 2.16 the parameter ex describes the
degree of summation among different units and different scales. It is generally
assumed that a large number of independent units and scales contribute to
the detection of a stimulus at contrast threshold, but it is not yet clear how
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the responses of individual units or scales contribute to the total response
of the visual system. Probability summation has often been assumed , which
means that a stimulus is detected if and only if the threshold is exceeded
in at least one unit. If probability summation is an adequate descrip tion of
the detection process, a not only describes the degree of summation among
the different units, but also relates to the slope of the psychometric function.
Model calculations based on equations 2.15 and 2.16 usually lead to values of
a between 3.5 and 6 (e.g., Graham, 1977 (a=4 or 5); Wilson & Bergen , 1979
(a=4); Nachmias, 1981 (a=3-4.2); Watson, 1987 (a=3.5)). The influence of
the value of a on the total activity Itotal (as a function of the ring diameter)
is given for the highest negative contrast in Figure 2.7 (left-hand figure) . The
right-hand figure in Figure 2. 7 shows the activity as a function of t he ring
diameter for the different contrast values (a=4). From Figure 2.7 it can be
concluded that the value chosen for a especially influences the predictions
for the low- contrast stimuli. The fun ction describing the total activity as
a function of the ring diameter for a certain contrast value and a certain
value of a is what we will call the 'activity function'. In Figure 2.7 the

Activity for various contrast values; <X=4
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Figure 2.7: Left: total activity Itotal as a function of ring diam eter for
different values of a (highest negative contrast). Right: total activity
ltotal as a function of ring diameter for different contrast values (N:
negative contrast; P: positive contrast; l: highest contrast; a=4).
Note the different scale from the left-hand figure.
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ring diameter at which the slopes of the activity curves change is determined
by the maximum sensitivity of the smallest channel. This can be seen as
follows: when we take only one scale into consideration, the activity of a
unit of that scale in response to a square stimulus (e.g., the opening in a
Landolt ring) is represented by a curve with a maximum at the stimulus
diameter approximately fitting the size of the center part of the unit (see
Figure 2.8). When both other units on the same scale and other scales
(which are all larger) are also taken into account, activity from these units
and scales will contribute to the calculation of the total activity, but will
hardly influence the position of the point where the slope of the activity
curve changes (especially in the case that a is large, when the result of
summation is mainly determined by the maximum value) . Assuming that

__.Diameter

JY JY
''

0

0

Figure 2.8: The activity of a single unit is maximal when the size of
the unit fits the structures that are occurring in the stimulus.

the total blur consists of experimentally introduced blur, monitor blur and
a certain amount of intrinsic blur (of optical and neural origin) , the CJ of the
total blur can be calculated as follows :
CJtotal

=

2

(J s timulus

+

2

(J monitor

2
+ (!intrinsi c

(2.17)
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Since the total blur in the case of the blurred stimuli is larger than just
the intrinsic blur combined with the monitor blur, the system's maximal
sensitivity is shifted to a coarser scale, the size of which depends on the
amount of stimulus blur. Since the system is assumed to be scale-invariant,
the activity functions in the case of blurred stimuli are simply horizontally
shifted versions of the curve for the highest negative contrast Nl.
Thresholding
Based on the existence of a certain amount of intrinsic noise, we assume that
recognition occurs whenever the total activity exceeds some fixed threshold:
Itotal

~

8

(2.18)

Deriving orientation identification from gap detection
Orientation identification of Landolt rings is assumed to consist of detection
of the C-gap plus discrimination between possible C-gap orientations. From
introspection, we know however that discrimination between possible C-gap
orientations does not require substantial extra effort. We therefore assume
that Landolt-C orientation identification is uniquely determined by C-gap
detection.

2.4

Model Predictions

To obtain model predictions, values for a and k have to be specified. Based
on the literature (see page 31) the summation parameter a in equations 2.15
and 2.16 was given the value a=4 (see also Wilson & Bergen, 1979). For
the constant kin equation 2.12 the value k=10.0 turned out to be a suitable
value 3 . Then the model was optimized for 8 and CTint r insic (assuming that
CTmonitor « CTintrinsic), such that the predicted threshold diameters give a
minimal error compared to the experimentally obtained threshold data. The
predicted diameters are obtained by first calculating the intersection of the
line Itotal = 8 with the activity curves for the different contrast and blur
3 Since

k is an internal threshold it is taken as dimensi onless.
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values. Subsequently, these intersections were projected onto the horizontal
axis (ring diameter).
Since our experimental results suggested that the acuity functions (acuity
as function of contrast) for younger and older observers differed by only a
scale factor, we assume that these results can be described by almost the
same model (i.e., the value of the threshold e should be almost equal in both
cases), starting at a different scale. The model was optimized for values of

e

and CTintrinsic. Optimal settings were found for the groups of young observers
and of older observers when the intrinsic blur parameter had values of 2.8
and 3.6 arcminutes respectively. These values are comparable with the experimentally determined point-spread functions of Blommaert et al. ( 1987) .
The threshold
was almost equal for both groups: (1.86 · 10- 3 ) for the

e

young observers and (1.74 · w- 3 ) for the elderly. Both experimental data
and model predictions are given in Figure 2.9. Left of every line the interval
is given indicating the average value of ±crx for the experimental values along
this line. The correlations with the experimental data were 95 % and 94%,
respectively, as is shown in Figure 2.10. The model was also optimized for
the different individual observers. For every subject the intrinsic blur and
the threshold were estimated by the model and the correlation of the model
predictions obtained with this parameter setting with the experimental data
was also calculated. The results are given in Table 2.III. Both the experimental data and the individual predictions are given in scatter diagram 2.11.

As can be seen from Figure 2.9 our model performed well for all stimulus
types, except for the model predictions for the higher amounts of stimulus
blur. For these, the predictions were too high. In the optimalization process it was found that the acuity predictions for the low contrasts were too
low, when the value for CTintrinsi c calculated from equation 2.17 a nd the experimental blur curves was used to optimize t he threshold (i.e. the model
predictions for the blurred stimuli would be optimal) 4 . Clearly, in our present
model good predictions for the blurred stimuli exclude good predictions for

e

4 0"intrinsic would be somewhat lower than the valu e obtained in our optimalization, such

that the experimentally introduced amounts of blur would have a larger effect, and the
predicted acuity values for t he large amounts of blur would be somewhat lower.
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Table 2.III: Estimated intrinsic blur value, threshold , and correlation between experimentally determined acuity values and model
predictions for every individual subject .

Estimated
intrinsic
Group

(}

Observer blur (min .) (xl0- 3 ) Correlation

Younger

HF

4.1

1.01

0.88

Observers

MM

2.3

2.32

0.96

MO

2.4

2.32

0.92

GI

3.4

1.45

0.93

HE

3.0

2.43

0.97

Older

JO

4.5

2.43

0.96

Observers

LA

4.5

1.80

0.94

RO

4.3

1.04

0.87

VL

2.7

1.74

0.85

WE

4.1

1.04

0.84
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Figure 2.11: Scatter diagram of experimentally determined acuity
values and model predictions for all individual observers. Dashed
line: predicted acuity value equal to experimental acuity value. Solid
line: optimal regression.

the lower contrast values, and vice versa. As was already mentioned on
page 31, from Figure 2.7 it can be found that the value chosen for a especially determines the predictions for the low-contrast stimuli. However, in the
literature (see page 31) cx=4 was found to be a suitable value, and it therefore did not seem a good idea to change this value to compensate for the too
low low-contrast model predictions. Therefore the question arose whether
it actually is proper to simply base the value of O"intrinsic on equation 2.17
and the blur curves, and to what extent the self-similarity principle holds
within the present type of model. This will be the topic of the investigations
described in the next subsection.

Refinement of the model

Until now it has been shown that the acuity model performs quite well for
the available acuity data, except for the higher stimulus blur values. For
these, predictions were generally 20-40% too high. Since a scale-invariant
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visual system was assumed, a constant relation between the threshold gapsize (Bgap, in minutes of arc) and the total blur (a-total, i.e. the intrinsic eye
blur combined with the stimulus blur) at the acuity threshold was expected.
On a log-log plot we expect a line with slope 1 (or -1 if we consider acuity
instead of threshold gap size):
(2.19)
Model predictions for the threshold gap-size and the total blur for the blurred
and the highest negative contrast stimuli are given in the scatter diagram in
Figure 2.12. In this figure the optimal regression line and, for comparison,
the optimal line with slope 1 are given too. Note that for the latter line the
degree of freedom only allows a vertical shift of the line. Since these results
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Figure 2.12: Scatter diagram of model predictions for CTtotal (based
on model predictions for a-intrinsic) and threshold gap-size for every
individual observer. Dashed line: optimal regression assuming that
the power should be 1. Solid line: optimal regression (power larger
than 1).

suggest that the scale invariance does not completely hold, an experiment
was conducted in which the power of the relation between CTtotal and the
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acuity was determined. This power could not be derived directly from Figure 2.12 since the data displayed in this figure are based on an overall fit of
all data, i.e. , the low-contrast data are also used in the optimalization of the
parameters. It is the discrepancy between the parameter predictions based
on the low-contrast stimuli and the blurred stimuli that suggested the importance of conducting an experiment to test the self similarity of the scales
used in our model. What we need to know is the power in the dependence of
the threshold gap-size on the value of O"total in the experimental data. Since
the intrinsic blur is unknown from the observers we tested so far , and since
it is easy to see that the intrinsic blur and the power are parameters that
very much depend on each other, these data are not useful for the refinement
of our model. In a new experiment with four young normal-sighted subjects
the acuity was determined using Landolt rings of high contrast with three
amounts of stimulus blur (large values , making the total amount of blur almost equal to the amount of stimulus blur) at two distances (4 and 6 meters).
At 6 meters we used blur values (in minutes of arc) 0" 1 =17.54, 0" 2 =26.31, and
0"3=35.08, at 4 meters 0" 1 =26.31, 0" 2 =39.47, and 0"3=52.62. In Figure 2.13, a
regression fit between the acuity and the total amount of blur O"total is given
by:
(/1.14
total

= 3.38,

(2.20)

Bgap

whereby a coefficient of determination of 98.6% was obtained and the standard deviation of the average data points was negligible (± 0.015 log-unit).

The reason that the experiment was carried out at two distances was to test
whether the distance was also a factor in determining the visual acuity as a
function of the total blur. The power 1.14 rather th an 1.00 can be interpreted
as a decreasing sensitivity as a function of scale size in the visual system. If
the scales are shifted 0.017 log-unit from each other (see page 30), it can be
calculated that a relative sensitivity from scale n compared to scale (n-1) of
about 0.989 is equivalent to the power 1.14. For reasons of simpler calculations, the scale variance was incorporated in the model as a power function.
Figure 2.14 shows the optimal predictions of the scale-variant model using
the average acuity data of younger and older normal-sighted observers. In
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Figure 2.13: Threshold gap-size as a function of total amount of
stimulus blur at two distances. Data points and model fit.

this plot only data of the highest negative contrast and the blurred stimuli
are shown, although the model was optimized for all stimuli. In the error criterion used in the optimization the inverse values of the standard deviations
of the averages were used as weight factors . The details of this criterion will
be described in subsection 3.4 .4 (page 59). Regression shows that the data are
indeed very well described by a line with slope 1.14 (r 2 =99.9 %, coefficient:
0.26). These results indicate that the discrepancy between the parameter
predictions based on the low-contrast stimuli and the blurred stimuli has
completely disappeared.

2.5

Discussion

The aim of this chapter was to develop a model describing the functional
aspects of detail perception in normal vision . Since details are assumed
to be the weakest parts of a shape, such a model can be used to determine the output quality of the 2D shape-perception process. When adapted
to various forms of low vision that affect th e 2D shape-perception process
(next chapter), such a model might be helpful in deriving which image-
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Figure 2.14:

Threshold gap-size as a function of the total amount

of blur. Optimal model prediction data of normal-sighted young
and older observers (only data for the highest negative contrast and
blu rred stimuli are shown) . A line with slope 1.14 fits the data very
well.

enhancement techniques are useful for specific forms of low vision.
A fami ly of visual models of central (foveal) vision characterized by a pyramidal struct ure of bandpass-filtered versions of the image have been used in basic research and various applications (Wilson & Bergen, 1979, Watson, 1987b,
Wilson, 1995, Garcia-Perez & Sierra-Vazquez, 1995, Peli, 1995, Cannon,
1995, Lubin, 1995 and Peli, 1996). The general approach of each of t hese
models is very similar. Differences can be found in t hings like space versus
spatial frequency domains, continuous versus discrete approach , the use
of anchored channels or shifting channels (Garcia-P erez & Sierra-Vazquez,
1996), and the focus of the model on threshold versus supra threshold contrast.
For the simulation of the appearance of images for normal-sighted observers,
Peli (1990 and 1995) developed a model based on the nonlinear characteristics of the visual system. Since Peli applied his model to low vision (Peli,
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Goldstein, Young, Trempe & Buzney, 1991), this model is of particular interest to us. In the images a local band-limited contrast is calculated first.
This contrast measure, together with
tions (CSF 's), expressed as thresholds,
of images to observers. In this way the
different spatial frequencies, or scales.

observers' contrast sensitivity funcwas used to simulate the appearance
model applied different thresholds at
Contrast constancy (Cannon, 1985;

Cannon & Fullenkamp, 1988) was incorporated, and the processing was done
in the nonlinear contrast domain rather than the amplitude domain. This
approach improved a lot upon the linear simulations of the appearance of
images to normal-sighted subjects (Ginsburg, 1975), in which the CSF is
treated as an MTF, which is applied to the image amplitude rat her than to
contrast.
Although Peli's simulations proved to be very useful, we preferred to develop
our own visual-acuity model (which is basically only a variation on Peli's
model), instead of using Peli's model. The reason for this is that our intention
is not to simulate the appearance of images by observers, or to describe
contrast perception . Instead, we want to model the mechanisms underlying
detail detection. Since this is a local process, it can be modelled adequately
by using local operators such as \7 2 G operators, rather than by calculating
the local band-limited contrast. Another important reason is t hat we aimed
at developing a model in which the parameters are relevant for low vision. In
that case certain forms of low vision could be described by simply adjusting
the parameter settings in the model. Besides that, in P eli's model the CSF
for low-vision observers is used for the thresholding process. These CSF
functions, however, are based on measurements with sine patterns and are
therefore probably not the best choice for modelling detail perception, aimed
at text enhancement.
Essentially, our model is a two-dimensional multi-layer 'stack model' (Koenderink & van Doorn, 1978 and Wilson & Bergen, 1979), which uses a similar
description for computing the detection of shape detail as do previous models by Marr (1982), Blommaert (1988), and Watt (1989). The choice of a
slightly modified version of the existing models is based on our aim to model
the functional aspects of low vision at a later stage. The model is representative for low vision since its parameters, a blur parameter and a threshold
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parameter, are expected to describe increased diffusion and increased noise
in low vision.
For modelling recognition, the approach of thresholding a certain amount of
internal activity (which is obtained by means of summation with a certain
power) was chosen. This approach is similar to others, for example, determining the position uncertainty of zero crossings in the second derivative of
an edge. It is clear that the position uncertainty of such a zero crossing depends on the steepness of the slope in that zero crossing and, therefore, on
the relation between the peak-trough difference near the zero crossing and
the peak-trough distance in the second derivative of an edge. Also, using
the peak-trough difference, for example, is similar to our approach, since this
gives results close to summation with a power of infinity. There is a simple
reason why we selected the power law: analysis showed that summation by
means of a power law yielded a higher correlation with the experimentally
obtained results than other mechanisms, like for example the average slope
in the zero-crossing, the peak-trough difference or the area unequal to zero
of the image representing the difference between the second derivative of the
Landolt ring and that of an ideal ring.
The reason for taking a multiple-scales representation instead of a singlescale representation was that the multiple-scales representation resulted in
somewhat better model predictions, especially for low contrasts.
Although changing the value of the constant k appears only to have a small
effect on the predictions for the negative-contrast stimuli, it has a larger effect
on the predictions for the positive-contrast stimuli. The parameter O"center
seems to mainly affect the higher positive-contrast values.
It is important to notice that when the value of the intrinsic blur parameter
O"intrinsic is changed, the whole system shifts to a different scale. This implies
that the diameter-activity curves, as given in Figure 2.7, will also shift horizontally, resulting in a vertical parallel shift of the contrast-acuity plots. This
might be an important parameter in explaining acuity results for observers
with increased optical blur (e.g., cataract patients).
After making a refinement on the principle of self similarity, we arrived at
a model that performed well for all stimulus types. It can therefore be con-
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eluded that it is possible to predict the major influences of contrast reduction
and blur on visual acuity, using a simple well-known multiple-scales model
in which two parameters are optimized .
The knowledge obtained in this chapter greatly increased our insight into
the functioning of the visual system as far as it concerns detail detection.
In the literature attention has been given to the topic of detail detection,
but the proposed models either are not meant for describing low-vision data
or not able to describe low vision by adjusting parameters that are relevant
for low vision. Although the CSF of the observer in Peli's model can be
considered to be the input parameter of his model, the technique of inverse
filtering ·(Lawton, 1989 and Lawton, 1992) for image enhancement (which
logically follows from that model) was found not to be a very fruitful technique (see page 5, Peli, 1992, Engel & Jenniskens, 1994 and Fine & Peli,
1995). In a follow-up study we will investigate whether it is possible to use
a model similar to our model, to explain the results from acuity experiments
carried out with various groups of low-vision observers. Since the two parameters in the model are expected to be relevant in a low-vision context, one
of the main questions will be whether it is possible to describe the various
disorders merely by adjusting the parameter settings. The insight into the
early-visual processes underlying detail detection obtained by these models
and the differences between them is relevant for investigations in the field of
text enhancement for low-vision observers. It might suggest which enhancement techniques could result in increasing detail-detection abilities (and thus
increasing reading abilities) for these groups. Besides that, the models also
allow the effect of such enhancement techniques on detail perception capacities to be tested both for normal-sighted and low-vision observers. It also
could be used to develop and test new types of acuity tests and new optotypes.

Chapter 3

Visual Acuity of Low-Vision Observers Experiment and Theory

Abstract
In chapter 2 a model description based on summation of neural activity
within and across a number of size-varying channels was proposed and confirmed for normal-sighted observers. In this chapter the model description is
applied and extended to three different eye disorders (including one artificial
disorder) . It is shown that by adjusting the model parameters, the model is
able to describe the effects of the various disorders quite well. Besides t hat
the model can also discriminate between the various disorders. A model with
an extra parameter, describing stray light, was also tested. This extension
appeared to be useful in the expected situations (e.g., cataract). The results
of the work described in this chapter will be used in the following chapters
on enhancement techniques for low vision .
Keywords: visual acuity, detail perception, contrast, blur, stray light, early
vision, low vision, defocus , cataract, Age-Related Macular Degeneration.
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Introduction

In this chapter the model description proposed in chapter 2 will be applied
and extended to three different eye disorders (including one artificial disorder)
by using our knowledge of optical and neural deficiencies in vision. Two of
the deficiencies are of optical origin (defocused normal vision and cataract),
whereas the third is of neural origin (Age-Related Macular Degeneration,
ARMD). The extension of the model consists of the addition of an extra
parameter, describing stray light. This addition will be shown to be useful
for cataract and low vision simulated by blurring. To enable testing of the
model and the extension, the effects of contrast reduction, contrast polarity,
and blur on visual acuity were determined in several experiments with a
group of young defocused normal-sighted subjects, a group of cataractous
observers (four of whom were also tested after being operated on) and a
group of observers having Age-Related Macular Degeneration.
First, we will give a summary of the acuity model for normal vision. This
model will then be taken as a starting point in the subsequent study of the
early-visual system of low-vision observers.

3.2

The Normal-Vision Acuity Model

In the acuity model the detectability of the gap was assumed to be related to
a certain measure, called the internal activity. The calculation of the internal
activity was based on summation of neural activity within and across anumber of size-varying scales, each consisting of independent units or receptive
fields of a certain size.
Roughly, the detail-detection model described in chapter 2 consists of seven
consecutive steps (see Figure 2.4):
1. Filtering of a Landolt ring by the optical media.

This step was described by a convolution of the luminance image with
a two-dimensional Gaussian filter.
2. Neural filtering.
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This step was performed by the application of Mexican-hat-like filters
(being a mathematical approximation of the receptive fields of retinal
units) of different sizes to the optically filtered image. An adaptation
correction was made by dividing the neurally filtered image on scale i
by a locally averaged image added to a scale-invariant constant.
3. The modelling of the detection of differences from circularity.
This was done by taking the difference between the resulting spatial
activity and the spatial activity of a similarly filtered closed ring.
4. Integration of the difference activity across different units within individual scales.
5. Integration of the scale output activity across different size-varying
scales. The function describing the total activity as a fun ction of the
ring diameter was defined as the ' activity function'.
6. Thresholding the resulting activity, which formalizes detection.
7. Deriving orientation identification from gap detection.
It was assumed that Landolt-C orientation identification is uniquely
determined by C-gap detection.

The model was tested with the available acuity data of young and older
normal-sighted observers. The summation parameter a was given the value
o:=4 (see also Wilson & Bergen, 1979). For the adaptation constant k (see
equation 2.12, page 27) the value k=10.0 turned out to be a suitable value.
Except for the model predictions for the higher amounts of stimulus blur, the
model performed quite well for all stimulus types (young observers: cr=2.9
arcmin, r=95 %; older observers: cr=3.6 arcmin, r=94 %). A small scale
variance was found experimentally in chapter 2. Implementing this variance
in the model considerably improved upon the model predictions, and solved
the problem with the higher amounts of stimulus blur.
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3.3
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The Low-Vision Acuity Model
3.3.1

The two-parameter model

To see whether our previously described model can be successful in describing
low-vision acuity data, we have to find out what the relation is between the
main characteristics of the various deficiencies and the two model parameters
that can be used to optimize the model (i.e., CJ and B). We will consider three
conditions (i.e., defocused normal vision, cataract and Age-Related Macular
Degeneration), and describe each of them in t urn in the subsections that
follow.

Defocused normal vision

In this subsection we will use defocused young normal-sighted observers to
simulate myopia. We preferred to choose these subjects rather than subjects
with real myopia since this also enables us to compare the results in the
various defocusing conditions with the optimally corrected condition for the
same subjects.
When a subject is defocused with +1 or + 2 diopters, an extra blur is introduced. This will result in decreased visual acuity. The extra amount of
blur can be modelled by changing the value of the intrinsic amount of blur.
However , by defocusing a subject the size of the pupil, and therefore also the
retinal illuminance, can change to some extent. This can be modelled by a
small increase of the threshold parameter e.

Cataract

Cataract is an opacification of the normally transparent lens, which interferes
with vision by diffusing light and blurring. In the United States it is the
principal cause of poor vision in the elderly; nearly one out of five individuals
is affected before the age of 75, nearly one half by the age of 84, and seven
out of 10 beyond the age of 85 years suffer visual impairment from cataract
(Young, 1994) .
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Visual function loss in cataract is due to light scatter within the lens, which
reduces the physical contrast of the retinal image. It also leads to a gradual
decrease in retinal illuminance as the cataract matures (Pardhan, Gilchrist &
Beh, 1993, Weale, 1981). The effect of media cloudiness on the retinal image
(projection of the external light distribution) can be described by the pointspread function (PSF). The PSF is defined as the retinal light distribution
of a point source of light. The PSF for normal-sighted observers typically
has a high, small central peak and a wide peripheral part of low amplitude.
As a model for the pathological PSF being influenced by stray light, it was
assumed to have the same general shape as in the nonpathological case (Van
den Berg, 1987). In the pathological case, however, the central peak can
be wider and the peripheral part can be increased (Figure 3.1), producing
a veiling luminance on the retina (Elliott, 1993). Effectively, this means
that light scatter can be distinguished into scatter across large angles (the
so-called wide-angle light scatter) and scatter across small angles. The wideangle light scatter can be modelled by decreasing the contrast of the stimuli
forming the input of the model (which is equivalent to increasing the value
of the threshold (} compared to the value for normal vision, and keeping the
input fixed). The small-angle light scatter can be modelled by using a larger
value for the blur parameter u compared to the value for normal vision.
A typical effect probably caused by stray light, relevant for reading, is the
contrast polarity effect: subjects with cloudy media seem to read better with
white characters on black than vice versa (Legge, Rubin, Pelli, Schleske,
Luebker & Ross, 1988 and Legge, Rubin & Schleske, 1986).

Macular Degeneration

Age- Related Macular Degeneration ( ARMD) is a. disease resulting from the
deterioration and death of receptor cells in the central (macular) part of the
retina. (Young, 1994), where visual acuity is highest. Age-Related Macular Degeneration is the major cause of legally recognized blindness in many
western countries (Young, 1994, Hyman, 1992).
In the human eye, deterioration of the retina is most progressed in the centrally situated visual cells (cones), and the adjacent supporting retinal pig-
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.--nonpathological case
pathological case

,/

_ _ __ t
Figure 3.1 : Typical point-spread function for normal-sighted observers and cataractous observers (after Van den Berg, 1987).

ment epithelium (RPE). Vision may be impaired as a result of death of cones
secondary to the degradation of the RPE (the atrophic, geographic or 'dry'
fo rm of t he disease), or to disruptive changes consequent upon the ingrowth
of choroidal vessels into the RPE (the exudative, disciform or 'wet' form)
(Young, 1994).
In the case of an 'absolute' central scotoma (central blind spot) on the retina,
we assume that none of the scales functions any longer on the site of the
scotoma. The subject will select a new location on the retina in order to
resolve the relevant detail in the stimulus. In general, this will be a single
area, immediately adjacent to the scotoma, but not necessarily always as
close as possible to the foveola (Timberlake, Mainster, Peli, Augliere, Essok

& Arend, 1986; Timberlake, P eli, Essok & Augliere, 1987) . How such a
location is selected is unclear, but the new focus area may represent an
optimal trade-off between visual quality (e.g., acuity), interference by the
scotoma (e.g., obscuration of text), and proximity to the foveola . If t he
position of the new preferred retinal locus is outside the central retinal area,
where all scales 1 to n are active for normal-sighted observers, then, at the
more eccentric location, only scales m ton (1::S:m ::S: n) are left to resolve the
detail. For the model this means that it will shift to a coarser scale (with a
slightly lower sensitivity). This idea is in line with the assumption of Peli,
Goldst ein, Young, Trempe & Buzney (1991), that the perception of patients
with central scotoma is affected by visual capacities of the peripheral ret ina,
not by the presence of a scotoma.
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In the case of a 'relative' central scotoma, we assume that the scales in the
center all have lower sensitivity, resulting in a downward shifting activity
func\ion (see chapter 2) and a lower acuity. When the sensitivity is so low
that the activity function drops below that of a higher eccentricity (starting
at a coarser scale), the subject will start to fixate at that eccentricity. This,
in fact, is comparable to the situation of an absolut e scotoma. In terms of
the model the relative scotoma can be described by decreasing the activity
function , compared to the threshold e. In terms of implementation this, of
course, is equal to increasing and leaving the activity function unchanged.
We will therefore optimize e, while using the same activity functions as for
normal-sighted observers.

e

We assume that the pathological circumstances of an observer having ARMD
cannot generally be described by just an absolute central scotoma or a central
sensitivity decrease. In fact, the condition of the retina is probably more variable: a not exactly circular scotoma, a sensitivity decrease that varies across
the scotoma, etc. We therefore expect that compared to a normal-sighted
observer the real ARMD observer can be described by both an increased
value for (J and an increased value for e (which is equivalent to decreasing
the contrast and keeping the threshold e fixed).

3.3.2

The three-parameter model

In subsection 3.3.1 we have seen that the point-spread function for cataractous observers can be described by a widened central peak (compared to
the nonpathological case) and an increased peripheral part. The widened
central peak leads to increased blurring of the image, whereas the increased
peripheral part results in decreased contrast. Since in the pathological case
the central peak of the PSF has the same general shape, but can be wider
than in the nonpathological case, it is possible to describe this widening by
an increase in (J. The contrast-decreasing effect can be fairly accurately modelled by a decrease of the activity function, compared to the threshold e. In
terms of implementation this, of course, is equal to increasing the threshold
e and leaving the activity function unchanged. We will therefore optimize e,
while using the same activity functions as for normal-sighted observers.
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A more adequate and explicit way to model stray light would be to extend
the two-parameter model by a preceding operation describing t he effect of
stray light on the input luminance image. Such a model would also be able
to deal with contrast polarity effects since it acts on luminance levels. Modelling the contrast decrease by a variation in the parameter does not give
this possibility, as it acts on the processed image and in the same way for all
contrasts. It should be emphasized that the extension of the two-parameter
model to the three-parameter model is mainly for reasons of purity of the
description of stray light. Except for the ability to deal with contrast polarity effects, the third parameter is not expected to give much better model
predictions. Probably there will even be a large interchangeability of the
stray light parameter with the threshold parameter.

e

To model the wide-angle effect of stray light we assume that a fixed fraction fs
of the incident light is diverted from image formation in a random direction ,
i.e., we obtain a uniform veiling luminance. Since we are dealing with acuity
tasks, we assume that the area of the stimulus is negligible compared to
the background area over which the fraction fs of the total light flux will
be diffused. In that case the luminance level of the background will hardly
change with an increasing amount of diverted light :
(3.1)

where Lb is the original background luminance and
level after scattering. For the foreground we have:

L~

is the background

(3.2)

where L 1 is the original target luminance and L~ is the target level after
scattering. For the Michelson contrast this results in:
L~- L~

L~

(3.3)

+ Lb

(1 - fs)Lt +(f. - 1)Lb
(1 - fs)Lt + (fs + l)Lb '

(3.4)

where Cm(fs) is the Michelson contrast after the fixed fraction fs of the total
light flux has been scattered and
Cm(O)

= Lt Lt

Lb

+ Lb

= Cm,

(3.5)
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by definition.
In Figure 3.2 Cm(fs) is plotted as a function of the fr action of diverted light .
As can be seen in this fig ure, the effect of stray light is much larger for high
negative contrast stimuli than for high positive contrast stimuli and for lower
contras t stimuli. It appears, for example, th a t for high positive contrast
stimuli the effect is negligible up to a bout 60% diverted light. Figure 3.3
shows the three-para meter model.

0.1

O.QJ

0.00 l .___ ___.__ _ __,___ ____._ _ __.__ _
0.2
0.6
0
0.4
0.8

..l.....l~J

Fraction of scattered light

Figure 3.2: Cm(fs) as a fun ction of the fraction of diverted light for
different negative and positive contrast va lues as indicated.

3.4

Testing the models

Several experiments were carried out to test the proposed visual acuity model.
For a number of younger defocused normal-sighted subjects and a number of
low-vision subj ects, a Landolt-C ring test was used to determine threshold
ring size for rings processed in different ways, presented using the up- anddown met hod .
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Figure 3.3: The three- parameter model.

3.4.1

Stimuli

Stimuli and procedures are described in greater detail in chapter 2. Three
types of Landolt rings were used in the experiments:
• Rings of negative contrast relative to the background , which means
that the target has a lower luminance level than the background.
• Rings of positive contrast relative to the background, which means that
the target has a higher luminance level than the background.
• Blurred rings of negative contrast.
The contrast measure used in the experiments was t he Michelson cont rast.
Rings were computed for each type of stimulus with sizes following a logarithmic scale. T he average factor between t he consecutive ring sizes in the
experiments under consideration was 1.27. The ra nge of corresponding acuity values in our experiments was: 0.038 to 2.85 at a viewing distance of
d=6 meters, 0.019 to 1.42 for d=3 meters, a nd 0.01 to 0.71 for d=l.5 meters
viewing distance.
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The rings of negative contrast all had a background luminance of 97.2 cd/m 2 .
The contrast values used were -0.986, -0.286, -0.083, and -0.024. The positive contrast rings all had a background luminance of 7.7 cd/m 2 . The contrast values used were 0.853, 0.363, 0.156, and 0.067. For blurred stimuli
the Landolt rings with the highest negative contrast were convolved with a
Gaussian blur filter. This resulted in values of(]" of 0.88, 1.24, 1.75, 2.48 and
8.77 arcminutes at 6 meters, 1.75, 2.48, 3.51, 4.96 and 17.53 arcminutes at 3
meters, and 3.51, 4.96, 7.01, 9.92 and 35.07 arcminutes at 1.5 meters. The
stimuli were presented on a SUN 20-inch 'Premium Color Monitor' one at
a time to avoid effects of crowding (Flam, Weymouth & Kahneman, 1963).
The monitor had a resolution of 83-dpi (triple). At a distance of 6 meters
one triple dot had a visual angle of 0.175 arcminutes.

3.4.2

Observers

Four groups of observers were tested in this experiment:
1. A group of young normal-sighted observers, who were stepwise defocused.

First, they used their own optimal correction, then they had one extra
diopter, and finally they had two extra diopters.
2. A group of cataract patients.
3. A group of Age-Related Macular Degeneration (ARMD) patients.
4. A group of post-operatic cataractous observers.
The observer groups cataract and ARMD were subdivided into two acuity
classes:
Low: a. class with the chart acuity (VA) within the range 0.09::; VA < 0.22.
High: a class with the chart acuity (VA) within the range 0.22::; VA < 0.45.
The reason for setting these limits was that these numbers are in between
the acuity values given on the standard Landolt chart, divided by two (since
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the distance on which the chart acuity was determined was 2.5 meters). As
a result there was no doubt as to the category in which any subject should
be placed. Also, the group of post-operatic observers was divided into two
classes. Since this group consisted of observers that were also tested in the
cataract group (two from each acuity class), the distinction was based on the
observers' acuity before the operation.
The ARMD patients were recruited from the patients of the Visual Advisory Center in Eindhoven (VAC-E), the Netherlands. The cataract patients
were recruited from the patients of the Department of Ophthalmology at
the Catharina Hospital in Eindhoven, the Netherlands. The young normalsighted observers were recruited from the staff of our institute.
Apart from dividing the subjects into the various disorder groups and acuity
classes, another division could be made, according to the stimuli presented
to the observers (i.e., two 'stimulus' groups) . The first group of observers
(group I) did the acuity test for all stimuli described in the previous subsection. The young normal-sighted observers of this group were the same
as those tested in chapter 2. The second group (group II) only did the
acuity test for the negative contrast stimuli, but in this case the contrast values -0 .193, -0.054, and (only for the young normal-sighted observers (+OD))
- 0.016 were added. This was done to obtain a better indication of the shape
of the contrast-acuity curve near threshold contrast.
All four subjects that were tested again after their cataracts had been operated on were from group I, i.e., they did the acuity test for all stimuli
described in the previous subsection.
The relevant data for all observers are summarized in Table 5.I. The mean
and median ages and the mean chart acuity for the different groups were:
• Normal vision: mean age: 24.8, median age: 24,
mean acuity: 1.82 ( +OD), 0.65 ( +1D), 0.29 ( +2D).
• Cataract, low acuity class: mean age: 77.9, median age: 74, mean
acuity: 0.15.
• Cataract, high acuity class: mean age: 69.8, median age: 69, mean
acuity: 0.30.
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Table 3.I: Acuity class (Low: 0.09:SVA <0.22; High: 0.22:SVA<0.45),
stimulus group (I: negative contrast, positive contrast and blur, II:
only negative contrast with extra contrast values), observer code,
age and chart acuity value of all observers from the various observer
groups.
Observer group 1: Young normal-sighted defocused
Stimulus
group
I

II

Obs.
HF
MM
MO
MS
PC
TK

Age
26
24
24
23
23
29

Chart
Chart
acuity OD ac ui ty 1D
vos 2.0
08
VOD 20
03
VOD 15
0.8
vos 1.5
1.0
VOS 20
0.4
VOS 2.0
1.0

Observer g rou p 3: ARMD

Observer gr oup 2: Cataract
Acuity
class

Stimulus
group

Low
II

Hi gh
II

HR
PI
WB
WI
DB
ED
HS
BU
GA
SP
AS
BS
DI

89
86
72
70
73
81
74

VOD 0 15
VOS 0 15
vos 0 15
VOD 0.20
VOD 0.15
VOD 0.12
vos 0.15

62

vos 0.33
VOD 0.25
VOD 0.33
vos 0.30
VOD 0.30
VOD 0.30

84
55
67
80
71

II Observer
Acuity
class
Low
Htgh

Acuity
class

Chart
acuity

Obs. Age

Chart
acuity 2D
0.4
0.2
0.3
0.3
0.12
0.65

Stimulus
gro up

I
Low

II

I
High
II

group 4: Cataract operated

Stimu lus
group
I

Chart
acuity

Obs. Age
WB 72
WI
70

VOS 1.00
VOD 0 38

BU
62 I
SP I 55

vos 0.65
VOD 1.25

Chart
Obs . Age
acuity
DR 75 VOD 0.13
HA 84 VOD 0.20
LS
79 vos 0.15
ME 76 VOD 0.13
SM
78 VOD 0.10
MB 78 VOD 0.12
SV
79 VOD 0 10
VH
77 vos 0.15
DU
HU
lD
HL
LM

vw
on II

88
68
78
70
81
79

vos 0.33
VOD 0.33
VOD 0.33
VOD 0.30
vos 0.30
VOD 0.40
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• ARMD, low acuity class: mean age: 78.3, median age: 78, mean acuity:
0.13.
• ARMD, high acuity class: mean age: 77.3, median age: 78 .5, mean
acuity: 0.33 .
• Cataract operated on, low acuity class: mean age: 71, median age: 71 ,
mean acuity: 0.62.
• Cataract operated on, high acuity class: mean age: 58.5, median age:
58.5, mean acuity: 0.90.

3.4.3

Procedure

The procedure of the experiments described in this chapter is essentially
the same as the procedure in chapter 2. We therefore refer the reader to
subsection 2.2.2 . A few minor deviations from the procedure described in
chapter 2 are mentioned here.
First, just as in chapter 2 the experiments were carried out monocularly.
As a rule, the subject's best eye (highest acuity value on the Landolt chart,
with optimal correction) was tested. In a few cases however the other eye
was chosen, viz. when the chart acuity was in none of the two acuity classes
(see subsection 3.4.2), and when the chart acuity for the two eyes did not
differ very much.
Second, as in chapter 2, before the experiment was started, the subjects
were first optimally refracted and their acuity was measured with a standard
Landolt-rings chart . However, in the experiments described here for the
group of young normal-sighted observers the chart acuity value was also
determined with an additional +1 and +2 diopter.
Third, since the experiments with 'stimulus' group I of low-vision observers
were carried out at a viewing distance of 1.5 meters, the subjects' chart
acuity was again tested at 1.5 meters to check whether they were able to
accommodate sufficiently. Besides that, because of the change in test distance
from 6 to 1.5 meters for 'stimulus' group I oflow-vision observers , the (5 values
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of the stimulus blur were four times larger than those for the normal-sighted
observers tested at 6 meters (see also subsection 3.4.1).
Finally, the cataract patients who were tested again after being operated
on, were tested (only the second time) at a viewing distance of 3 meters.
Therefore, in these cases the

IJ

values of the stimulus blur were two times

smaller than those for the same observers when tested at a distance of 1.5
meters before their operation.

3.4.4

Experimental Results and Model Predictions

First of all, the relation between the acuity value on the chart and the acuity value determined experimentally for the highest negative contrast for the
individual subjects is shown in Figure 3.4. It can be seen that, in general ,
the two measurements agree quite well for the lower acuity values. For the
higher chart-acuity values, however, similar to the normal-sighted observers
in chapter 2, there is quite a large discrepancy between the two measurements. For these values the experimental acuity values are too low . Again ,
the results can be explained by the accuracy with which the rings can be
made and the increasing step size between subsequent ring sizes for higher
acuity values (see also page 22).
The procedure used for fitting the two-parameter model was described in
detail in chapter 2.

It consisted in minimizing the error

predictions compared to the experimental data.

E

of the model

However, in order to fit

the two-parameter and three-parameter models for low-vision observers, a
modification was made by using an error criterion in which the inverse values
of the standard deviations of the averages were used as weight factors. If
we assume that N types of Landolt rings (e.g., 7 negative contrast values,
4 positive contrast values and 5 amounts of blur) for a specific group of
observers were used in the experiments, then the error

E

could be calculated

as:
(3.6)
where

IJx

is the standard deviation of the logarithmic data (see chapter 2,
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Figure 3.4: Scatter diagram. The chart acuity values for the individual subjects are given on the horizontal axis and the experimentally determined acuity values for the highest negative contrast are
shown on the vertical axis. Dashed line: experimental acuity value
equal to chart acuity value. Solid line: optimal regression.

page 21 ), and di and Pi are the experimental and predicted acuity values,
respectively. Since an average calculated for a smaller group of observers
gives a larger standard deviation and therefore yields a lower weight , this
error criterion also makes it possible to deal with the differing numbers of
data points for the various stimulus types , due to the division of the observers
into two 'stimulus' groups.

Results of the two-parameter model

The two-parameter model predictions for the optimal values for CJ an d () are
given in Table 3.II (first three columns). It should again be stressed that in
the two-parameter model effects of light scatter are described by an increase
in the threshold (see page 51). It is immediately clear, as is expected , that the
values of both CJ and () increase for (simulated) low vision in comparison with
normal vision. Besides that, the values of CJ decreased again after observers
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had been operated on.

Table 3.II: Estimated values for cr and{) for the two-parameter model.
In the last column the ratio between the minimal error of the threeparameter model and the minimal error of the two-parameter model
is given for the individual groups.

Group

Estimated Threshold
()
intrinsic
3
)
(x10blur (min.)

ratio
€3pl-\l"<HII.

€2

Hlrttln.

Young, 0 Diop.

2.6

1.45

0.95

Older

3.6

1.74

0.92

Young, 1 Diop.

6.9

1.74

0.78

Young, 2 Diop.

11.7

2.82

0.59

Cataract, low VA

15.7

1.86

0.85

Cataract, high VA

10.1

2.09

0.60

ARMD, low VA

12.5

6.03

1.00

ARMD, high VA

7.2

3.89

0.97

Cat. operated on, low VA

7.5

2.29

0.51

Cat. operated on, high VA

4.7

2.57

0.80

Both the experimental data and the optimized model predictions for the twoparameter model are shown in Figures 3.5 to 3.8. Figure 3.5 concerns young
observers (both normal sighted and with simulated low vision), whereas the
other figures show data of older observers (both normal sighted and with real
low vision). Left of every line in these figures, the interval is given indicating
the average value of ±cr.r for the experimental values along this line.
From these results \ve can see that the effect of contrast reduction on acuity
for the higher contrast values (both negative and positive) appears to be
about equal for all groups of observers (parallel lines). For the lower contrast
values, however, the groups seem to differentiate: the group of cataractous
observers appears to perform in about the same way as the older normalsighted observers, whereas the ARMD observers show a larger decrease in
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Figure 3.5: Experimental data and model predictions for the twoparameter model (young normal-sighted observers; OD, +1D and
+2D). Left of every line the interval indicating the average value
of ±O"x for the experimental values along this line is given. See also
following pages.

acuity with decreasing contrast. This can be explained by a higher contrast
threshold for the ARMD groups compared to the cataract groups.
Another important finding is that when we compare the acuity value for
high positive contrast and high negative contrast, it is only in the case of
the cataractous observers (both groups) that the positive contrast acuity
is considerably higher than the negative contrast acuity. We have already
referred to this contrast polarity effect in subsection 3.3.1 (page 49).
The experimental data for the defocused normal-sighted observers appear to
be in close agreement with the literature. Data for acuity in uncorrected
myopia are given by Laurence (1926) and corroborated by Hirsch (1945) and
Peters (1961). All three found a decrease in acuity of about 0.5 log-units
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Figure 3.6: Caption as for Figure 3.5 but now for cataract low-acuity,
cataract high-acuity, and older normal-sighted observers.
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Figure 3.7:

Caption as for Figure 3.5 but now for the ARMD low-

acuity, ARMD high-acuity, and older normal-sighted observers.

with 1 diopter and about 0.8 log-units with 2 diopters. Even though these
data might depend on the pupil size, light level and age, it is obvious that
our data match these findings.
Considering the model predictions, in Figures 3.5 to 3.8 it can be seen that
the two-parameter model gives quite good results for all groups of observers.
For the two groups of post-operatic cataractous observers the results appear
to be less good. However, in each of these groups only two subjects were
tested and the standard deviations in the experimental data were large.
Figure 3.9 shows the optima (minimal E) for each group of observers, including the 5% (E :S 1.05 ·Em in) error areas for the two-parameter modeL From
this figure it can be seen that the two-parameter model discriminates quite
well between the various groups of observers. The parameter estimations
agree with the predictions described in subsection 3.3.1, where each of the
disorders and its predicted effect on detail-detection capabilities has been
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Figure 3.8: Caption as for Figure 3.5 but now for low-acuity and
high- acuity observers operated on for cataract and for older normalsighted observers.
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Figure 3.9: Optima (minimal E) for each group of subjects, including
the 5% ( E :S 1.05 · Em in) error areas for the two-parameter model.

discussed. For all disorders we find an effect both on the blur parameter
(J and on the threshold parameter B. For the defocused observers the main
effect, in the first instance (one extra diopter), clearly is the increased blur.
·when, however, the subjects are defocused with 2 diopters, the parameter B
is also increased somewhat. This increase might be explained by a smaller
retinal illuminance for this amount of defocus , caused by a decreased size of
the pupil. For the cataract groups we see a large effect on the parameter (J
and a smaller effect on the threshold B. The effect on (J can be explained by a
widening of the central peak of the point-spread function for these observers,
whereas the effect on B can be explained by an increase of the peripheral part
of this function. For both ARMD groups the value of 0 is higher than for
both cataractous groups. This is in agreement with the decreased sensitivity
and the higher contrast threshold for these groups (see page 62) . The effect
on the intrinsic blur (J (which can be explained by the shift of the visual system to a coarser scale) , however, is somewhat smaller than for the cataract
groups.
We can see that the data of cataractous observers from the low-acuity group
have a very large confidence interval. The parameters (J and B seem to be
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interchangeable to a great extent. Finally, in Figure 3.9 we can see that the
results of the cataractous observers operated on compared to the unoperated
observers shift in the expected direction, namely towards the normal-sighted
observers. However, they do not coincide with the normal-sighted observers.
There are two possible explanations for that. First of all, as we mentioned
already, the standard deviations for these groups of observers were high.
Besides that, looking at the average acuity values of the observers operated
on, we can see that their acuity values are still somewhat lower than those of
normal-sighted older observers. This indicates that the operation does not
completely restore their visual capacities.

Results of the three-parameter model

For the three-parameter model, the optima for each group of observers are
given in Figure 3.10 (three projections), including the 2.5% error areas. In
the last column of Table 3.II the ratio between the minimal error of the
three-parameter model (E3 param.) and the minimal error of the two-parameter
model (E 2param.) is given for the individual groups. In Figure 3.10 we can
see that the three-parameter model discriminates well between the various
groups of observers. Even though there is a high degree of interchangeability
between the amount of light scatter and the value for the threshold, the
finding that the amounts of stray light for the ARMD observers predicted by
the model are very low, whereas these are very high for cataractous observers,
lends credibility to the model. It is also encouraging (Table 3.II, last column)
that the greatest improvement of the three-parameter model compared to the
two-parameter model is obtained for the cataractous observers (both before
and after their operation) and the defocused observers.

3.5

Discussion

In this chapter the visual-acuity model developed in chapter 2 was applied to
various forms of low vision. The model is first meant to guide us in deriving
which image-enhancement techniques might be useful for specific. forms of
low vision. Besides that, it is also intended to allow the effeet of proposed
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the 2.5% ( E :::; 1.05 ·Em in) error areas for the three-parameter model.
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enhancement techniques to be tested by indicating their effect on detaildetection capabilities. Furthermore, an extended model version was used,
which explicitly enables the description of light scatter in the optic media.
In previous research (Ginsburg, 1975 and 1981) it was shown how the simple
concept of spatial filtering can help us understand how we see the everyday
world in the case of normal and certain cases of abnormal vision. Also, the
improved reading rates that Lawton (1988, 1989 , 1992 ) measured for agerelated maculopathies with her pre-emphasis filters were based on a linear
model. She divided the CSF of a patient by the CSF of an age-matched
norm al-sighted observer. This resulted in the so-called Normalized Contrast
Sensitivity Function (NCSF), the inverse of which was the basis for the enhancement filters. Peli (1995), however, noticed that this linear systems approach to simulation ignores many aspects of the nonlinearities of the visual
system. For the simulation of the appearance of images for normal- and lowvision observers a model was develop ed (P eli , 1990, P eli et al. , 1991 , and Peli,
1995) , based on the nonlinear characteristics of the visual system. It applied
different thresholds at different spatial frequencies, or scales. This pyramidal image-contrast struct ure proved to be fruitful in testing the quality of
enhancement techniques for patients with central sco tomata. Peli assumed
that regardless of the nonlinear nature of t he visual sys tem, it is possible to
use linear processing to simulate the appearance of images for cataractous
observers. This assumption was based on the fact that cataract can be represented as a linear optical filter. The ratio of a patient's Contrast Sensitiviy
Function (CSF) to a normal observer 's CSF, th e so-called Visual Degradation Transfer Function (VDTF; see P eli , Arend & Timberlake, 1986) , was
assumed to quantify the change of the optical transfer function (OTF) of the
cataractous lens. The inverse of this rat io was used as the linear filter applied
to the image. There are a few main differences between the work of Lawton
and the work of P eli. First of a ll , Lawton applied the linear model for a
disorder of typical nonlinear origin (ARMD), whereas P eli only applied it to
cataracts . Secondly, Lawton bases her enhancement filters on individualized
modified Wiener filters, whereas Peli used a standard filter for all subjects.
Finally, the two approaches differ in the way in which clipping was dealt
with: Peli adjusted the mean luminance, whereas Lawton scaled the stimuli
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to use the complete luminance range of the monitor. Although Peli's simulations in particular proved to be very useful, for reasons given in chapter 2
we preferred to develop our own visual-acuity model (which is basically only
a variation on Peli 's model).
For the optimization of our model (i.e., the estimation of the parameters) a few particular types of stimuli play an important role, namely the
high negative-contrast and low negative-contrast stimuli, the high positivecontrast stimuli , and the high negative-contrast stimuli blurred with a large
blurring kernel. This can be seen as follows. If we consider the relative
position of the activity functions of these stimuli and take the curve of the
high-negative contrast as the reference, the low-contrast curve is a downward shifted version (almost a copy, except for an adaptation effect) of this
curve, and therefore is very important for estimating the threshold e. The
high positive-contrast stimuli influence the adaptation (i.e., the choice of the
value of k and O"center, which we chose equal for all groups of observers). Besides for the adaptation, the high positive-contrast stimuli are also important
for the estimation of the stray light parameter. The high negative-contrast
stimuli blurred with a large blurring kernel, finally, determine, in combination with the high-negative-contrast non-blurred stimuli the value of the
intrinsic blur parameter O"intrinsic . Given the above, it seems to be necessary
and sufficient to determine accurate acuity values for the above mentioned
stimulus types, when aiming at optimal estimation of the model parameters.
It is also possible to explain the interchangeability between the parameters O"
and e, which was observed in Figure 3.9 for the data of cataractous observers
from the low-acuity group. For this group of observers there are no data describing the fa ll-off of the acuity curve near the contrast threshold accurately.
If available these particular data would limit the choice of the parameter e,
since it describes the position of the threshold relative to the activity curve
for low contrasts (near threshold contrasts) . However, it should be noted that
the value of the threshold 8 for which the error E is minimal for this cataract group is higher than the value for the older normal-sighted observers (see
Table 3.II). A value lower than that for older normal-sighted observers would
have been quite unrealistic. Also, the interchangeability between the amount
of light scatter and the value for the threshold which was found in Figure 3.10
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is not completely surprising, given the limited amount of experimental data
used to fit the model. The data of the highest negative contrast rings and
the highest positive contrast rings are especially suitable for discriminating
between those parameters.

3.6

Conclusion

We have shown that for disorders that reduce the output quality of the
2D shape-perception process, shape-detail detection capabilities (which are
assumed to be a good predictor for this output quality) can be predicted
quite well by estimating only a few visually relevant parameters, viz. a blur
parameter and a threshold parameter. The blur parameter describes the
amount of optical and neural pooling, and the threshold parameter identifies
the signal-to-noise ratio of the internal shape detail representation. In order
to be able to describe the effect of light scatter on visual acuity better, an
extra parameter, describing the fraction of the incident light that is diverted
from imag~ formation in a random direction, has proved to be valuable. It
should be emphasized that the extension of the two-parameter model to the
three-parameter model is mainly for reasons of purity of the description of
stray light, although it gives the possibility to deal with contrac;t polarity
effects.
Both the two-parameter model and the three-parameter model appeared to
be able to predict the experimentally determined acuity values quite well.
The two-parameter model discriminated well bet-ween the different groups
of observers and the parameter settings for the optima were in line with
the expectations based on the knowledge of the specific disorders. For the
three-parameter model more data, especially near-contrast-threshold data
and data describing the difference between high negative and high positive
contrast, are required to reduce the interchangeability of the parameters
and fs. It is obvious that the acuity data for the blurred stimuli both in the
two-parameter and the three-parameter model are suitable for estimating the
value of cr.

e

In the next two chapters we will use the knowledge obtained thus far for the
development of image enhancement techniques for low-vision observers.

Chapter 4

The Applicability of Deblurring 1n Simulated

Low Vision
Abstract
In chapters 2 and 3 the effects of eye disorders on visual acuity were experimentally determined and modelled. It appeared possible to describe these
effects quite well using a model with two parameters that control the detectability of shape detail. A blur parameter describing the amount of optical
and neural pooling was one of those parameters. Model fits showed that eye
deficiencies such as cataract, Age-Related Macular Degeneration (ARMD)
and also simulated low vision (defocus) could be described by such factors
as an increased amount of blur. The deblurring of nonblurred images could
therefore increase image quality for people with low vision. In this study the
applicability of an existing algorithm for deblurring was investigated. The
algorithm was chosen because of its flexibility and its control of the amount
of deblurring and of the height of the overshoot peaks, which are inherent
side-effects of deblurring. The effects of deblurring an image prior to blurring
in the visual system were tested for defocused normal-sighted observers. This
form of simulated low vision was chosen since it can mainly be described by
an extra amount of blur, the amount of which can be controlled. Deblurring
nonblurred images appears to be useful as long as there is enough contrast
room for the overshoot peaks. The gain is roughly equal to the gain obtained
with contrast enhancement. The experimental acuity results with deblurred
stimuli were accurately predicted by the acuity model.
Keywords: Deblur, blur, low vision, visual acuity, polynomial transforms,
overshoot.

74

Chapter 4

Th e Applicability of Deblurring in Simulated Low Vision
4.1

Introduction

Gaussian degradation (blur) is the linear process of convolution of an image
with a Gaussian blurring kernel. Such degradation typically occurs if the
optics in the recording or imaging system are of low quality, or if the image
moves relative to this system. However, the lens of the human eye also blurs
images in this fashion (Kimia & Zucker, 1993, Campbell & Gubisch, 1966).
In chapters 2 and 3 it was shown that blur was one of the two relevant
parameters in describing the effects on visual acuity of eye disorders , such
as cataract and Age-Related Macular Degeneration (ARMD). This can be
understood by looking at blur as a parameter determining the detectability
of shape detail, of which visual acuity is an indicator.
For the purpose of enhancing images for low-vision observers, it might be
practical to undo the effects of blurring. In theory, blurring is a reversible
operation, so its effects can be undone. Furthermore, it is a linear operation , which means that reversing the order of the blurring and deblurring
operations is also a possibility. This is interesting from our point of view, as
deblurring beforehand might compensate (at least partially) the blur imposed
by the visual system .
Many techniques have been proposed to counteract the effects of blur on images (Carasso, Sanderson & Hyman, 1978; Hummel, Kimia & Zucker, 1987;
Martens, 1989; Kimia & Zucker, 1993; Ter Haar Romeny, Florack, Wilting & Viergever, 1994). Traditional image processing techniques deal with
the problem by using Fourier methods such as high-pass filtering or Wiener
techniques (Gonzalez & Woods, 1992). However, all of these traditional algorithms have their problems, such as their limited numerical stability and
the enhancement of noise along with the signal. In general, the process of
reversing Gaussian blur is unstable. It can only be represented as a convolution filter in the spatial domain when there are no constraints on the
lumina nce range and when the amount of noise is negligible. Therefore,
a suitable approach to the problem is the regularization of t he inverse operators. The ill-posed problem can be made well-behaved by introducing
assumptions about the input image. For example, if we restrict the space of
allowable functions to polynomials of fixed finite degree, then a convolution
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inverse does exist (Hummel et al., 1987).
As Gaussian blurring in the Fourier domain consists of multiplying the Fourier transform of the image and the Fourier transform of the Gaussian filter
kernel, the effects of blurring can be undone (if we leave numerical instability
and enhancement of noise out of the discussion for the moment) by dividing
by the Fourier transform of the Gaussian. It is obvious that applying this
technique to unblurred images will give rise to peaks (Mach Band-like effects,
called overshoot) near edges in the original image. In practical applications,
when the result is displayed on a computer monitor, the luminance range
that can be displayed on the monitor is a limiting factor of deblurring nonblurred images. In particular, sharp images such as texts that already have
full contrast will be impossible to deblur, as clipping already occurs for very
small amounts of deblurring. This clipping results in a noisy appearance
of the image, which is very unattractive to the observer (Peli & Peli, 1984).
Subsequent low-pass filtering of the noisy image will reduce some of the noise,
but the clipping effect is irreversible, i.e., there is a net loss of information.
Therefore, in such a situation of full-contrast text, de blurring is only possible
at the expense of contrast reduction. However, in natural scenes the relevant
details usually do not occupy the full range of the display unit. In that case
deblurring is possible without contrast reduction. In this chapter we will test
the applicability of deblurring nonblurred low-contrast Landolt-C rings, for
which the luminance range of the monitor is not a limiting factor since there
is room for the overshoot peaks. After this, we will test deblurring in the
next chapter in combination with contrast reduction of Landolt-C rings, and
deblurring without contrast reduction of natural scenes.
The main disadvantage of most deblurring algorithms is that the overshoot
peaks go to infinity and that there is no way to control those peaks, and along
with them, the edge contrast in the images. In the algorithm of Martens
(1989), however, two extra parameters control the effects of inherent noise
and sampling, besides the parameter that controls the amount of applied
deblur. These parameters also influence the height of the overshoot peaks,
making it possible to control the edge contrast. We therefore decided to
study the applicability of deblur for low vision by using the Martens (1989)
approach. Since this algorithm works in the spatial domain and is based
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on local polynomial approximation, it has the additional benefit that typical
deblurring side-effects, such as ringing, are limited to a certain area in the image, and therefore are strongly reduced. This in contrast to algorithms which
are based on Fourier methods. For the interested reader we will summarize
the algorithm in the next section.

4.2

Polynomial transforms

This algorithm makes use of polynomial transforms and, more specifically,
Hermite transforms. We will therefore discuss these first, based on a paper
by Martens ( 1990b).

4.2.1

One-dimensional polynomial transjoTm theoTy

The analysis with a polynomial transform involves two steps. In the first step
the original signal L(x) is localized by multiplying it by a window function
V(x).

A complete description of the signal requires that the localization
process be repeated at a sufficient number of window positions.

Given the signal £( x), we apply a window function V ( x ) to it a t regular
intervals. We can construct a weighting function W(x) with

W(x) =

L V(x -

( 4.1)

kT),

k

by periodic repetition over period T. If \fx : W(x)
1

L(x) = W(x)

f.

0, we get

L L(x)V(x- kT).

(4.2)

k

The second step consists of approximating the signal within the windows
V(x-kT) by a polynomial. As basis functions for the polynomial expansion,

we take polynomials Gn, with degree n, orthonormal with respect to V 2 (x ),
i. e.,

4.2
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(4.3)
where Omn is the Kronecker-8 function (Omn = 1 if m = n, and 0 if m -::f. n).
The orthonormal polynomials for an arbitrary window function V(x) can be
computed using a technique detailed in Martens (1990b).
Under very general conditions for the original signal L(x) (L(x) is analytic
and finite for all x 1 ), we get

V(x- kT) ( L(x) -

t;,

Ln(kT)Gn(x- kT))

~ 0,

(4.4)

with

Ln(kT) =

j

·+oo

L(x)Gn(x- kT)V 2 (x- kT)dx,

- oo

(4.5)

which means that L(x) can be written as an infinite sequence of polynomial
coefficients within the window V (x). Convergence of the series expansions
in 4.4 is guaranteed for most window functions if L( x) is both integrable and
finite for all x. Hence, the approximation error can be made arbitrarily small
by making the degree of the polynomial expansion sufficiently high. This
implies that the description of the localized signal L( x) · V (x - kT ) can be
reduced to specifying a finite set of polynomial coefficients Ln(kT).
Combining 4.2 and 4.4, we get the following expansion of the complete signal
00

L(x) =

L L Ln(kT)Pn(X- kT),
n=O

(4.6)

k

where

Pn(x) = Gn(x)V(x)/W( x) .
1

( 4.7)

Then convergence in equation 4.4 ca.n be guaranteed for most window fun ction s.
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Equation 4.5 implies that the polynomial coefficients can be expressed as

( 4.8)
with filter functions

(4.9)
followed by sampling at multiples ofT. This mapping from L(x) to Ln(kT)
is called a forward polynomial transform. The inverse polynomial transform
consists of interpolating the coefficients Ln(kT) with the pattern functions

Pn(x) and summing over all orders n.
The forward and inverse polynomial transforms are illustrated in figure 4.1.

Lo(kT)

Figure 4.1:

L(x)

Polynomial transform. Left part: forward transform.

Right part: inverse transform.

4.2.2

One-Dimensional Hermite transform

We now concentrate on the special case that the local window function is
Gaussian, with width

CJ,

i.e.,

(4.10)
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where the normalization factor is such that V 2 (x) has unit energy. The
orthogonal polynomials associated with V 2 (x) are known as the Hermite
polynomials H(x), and we therefore refer to the resulting local decomposition
technique as the Hermite transform. Using equation 4.9 and the definition
of normalized Hermite polynomials, we can derive that the filter functions
are defined by

(4.11)

where Hn(x) is the Hermite polynomial of order n. The amplification factor
a: is irrelevant at this point of the discussion, and can be assumed equal to
one. Using the Rodriguez formula (Martens, 1990b), it can be derived that
the filter function Dn(x) is equal to the nth order derivative of a Gaussian,
i.e.,

(4.12)

The contrast of the window function is determined by the sampling parameter
T = Tja. In a digital implementation W(x) must be approximately constant,
i.e. , the window functions V ( x ) must sum to 1. To achieve this, we require
T to be small, i.e., T ~ 2.
To obtain stable numerical res ults, we require the sampling distance to be
sufficiently smaller than the extent of the filter function. In practice this
constraint will be met, as our sampling distance is the size of one pixel, while
the window width a is usually quite large, especially in a low-vision context.
In practice, often only the first few terms of the Hermite transform are used.
In order to describe the signal adequately, the window width a must be properly selected. On the one hand, we want a to be as large as possible, because
integrating numerically across large areas attenuates sampling effects. On
the other hand, a cannot be too large, because then the signal cannot be
described accurately by the first few terms of the Hermite transform.
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Polynomial transforms in image deblurring

4. 3.1 Introduction
Using the theory described above, a deblurring algorithm can be devised
based on polynomial transforms. The technique extends previous work by
Hummel et al. (1987) in a number of ways. First, non-Gaussian blurring
kernels are incorporated in the analysis. Second, the effects of noise and
sampling are taken into account.
As we have seen, the polynomial transform coefficients are a way of describing
an image. Vve can return from these coefficients to the original image by
applying the so-called pattern functions.

Starting with a blurred image ,

we can deblur this image by estimating the polynomial coefficients of the
unblurred image directly from the blurred image and subsequently applying
the pattern functions.

4.3.2

Debhtrring

Consider a system with a blur filter and a sampling device . R efe rrin g to
figure 4.1, we see that the output of this system might be regarded as the
zero-order term of the polynomial expansion with window function D (.r:) =
G 0 ( - x)V 2 ( -x) = V 2 ( -x). The deblurring consists of estimating the higherorder terms from this zero-order term.
These estimates are made by digital filters Fn, for n = 0, ... , N. The estimated coefficients

L0 (kT)

can be used to make an estimation of the original

im age L(x). The system is shown in figure 4.2.
Using equation 4.6 this algorithm computes the signal estimate

N

L(x) =

L L Pn(X n =O

k

kT)

L Fn(k- j)S(jT) = L
j

N

S(jT)

j

L

In(X- jT),

n=O

(4.13)
where figure 4.2 shows that Fn(k- j)S(jT) = L n( kT) and
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L(x)

L(x)

Figure 4.2: The deblurring algorithm.

(4.14)
is called the n-th order deblurring kernel. The overall deblurring function
I (x) = L:~=O In(x) can be controlled by the order N.
The order of I(x) is limited by two factors. First, it is impossible to obtain
good estimation filters Fn if the sampling density is too low. We cannot
simply change the sampling density by using the sampling theorem, as we
have not put bandwidth restrictions on the signal. Second, the noise on the
sampled and quantized signal S(kT) will limit the order of I(x).
4.3.3

D eriving optimal coefficients

We derive the optimal filter coefficients for the digital filters Fn by choosing
to minimize the mean square error between the actual polynomial coefficients
of the signal (4.8) and the estimated coefficients

Ln(kT) =

L Fn(j)S((k - j)T) = L Fn(j) · (
j

Qk - j

+ D(x) * L(x) lx=( k - j )T),

j

(4.15)
where Qk is the quantization error of the sampled signal S(kT) . Assuming
that the error is uncorrelated between samples as well as being uncorrela ted
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with the signal L(x), Martens (1990a) derived that minimizing E[(Ln -Ln) 2 ]
leads to the optimum coefficients that are a solution to the system of linear
equations

L Fn(j) (sb ·Dij + D(x) * D( -x) * Rk(x)lx=(i-j)T) =
j

(4.16)

for all values of the filter index i (and fixed n). In this equation Rk(x) is the
signal autocorrelation function around kT (it is assumed to be locally spaceinvariant), and
is the variance of the quantization error. We can further
simplify these equations if we assume the signal autocorrelation length to be
much smaller than the size of the blurring kernel, the window function to be
Gaussian, as in equation 4.10, and the blurring kernel to be D(x) = V 2 ( -x).
Then, the following system can be derived (Martens, 1990a):

sb

with the normalization condition Lj Fn(j) = Dn (Dn is the discrete 8 pulse,
i.e., Do = 1 and 'Vi # 0 : Di = 0). In these equations s% is the signal variance
and Dn(x, CJ, a) is the parameterized variant of Dn(x),

(4.18)

The linear system therefore looks like this:
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~+Do(O)
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Dn(-rn)

Do( - 2m)

Do( - 1)

·'k

2

Do(l)

~+Do(O)
... k:

Do (l-2rn)

Do(2rn-l)

4+Do(O)
'I•

Fn(-rn)

Dn(l-rn)

Fn(l-rn)
,2

Do(2rn)

Fn(m)

Dn(rn )
8.,.,.

(4.19)
where Dn(i) = Dn(iT, u../2, ~),t he discrete variant of Dn(x), and m is the
required filter order. Note that the estimation filters have a range [-m, m]
and that the coefficient matrix does not depend on n, so it can be used to
compute all the filters F n .
4.3.4

Deblurring in two dimensions

In the most general sense, deblurring in two dimensions is achieved by using
a deblurring kernel
N

I =

N-n

LL

Irn,n,

(4.20)

n=O rn=O

where I m ,n is a 2D kernel, equivalent to the 1D kernel In = FnPn· Note the
indices of the sums in the above expression : when a kernel
N

J' =

N

LL

Im,n

(4.21)

n = O rn=O

is used, then the order of deblurring is effectively higher in the oblique direc- .
tions. This means that although the individual deblurring kernels I m ,n may
be separable, the overall deblurring kernel I is not .
Even if V(x), D(x), and Rk(x) are all separable, the optimum estimation
filters, and thus the deblurring kernels Im,n, need not be separable. If, for
the sake of computational efficiency, we approximate the 2D filter bank by
two 1D filter banks, i.e., using
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Im,n(X, y) = Im(x)In(y),

(4.22)

we make an approximation error becoming smaller with decreasing order n
and increasing signal-to-noise ratio of the input image. As the signal-tonoise ratio of our image is high and the order of deblurring will generally be
limited, this is a valid approach.

4.4

Characteristics of deblurring

In the previous sections we have seen that Martens' algorithm (Martens,
1989) depends on three variables: order, deblur sigma (udeb), and signalto-noise ratio (SNR). We will now take a closer look at the influence these
parameters have on the amplitude and the width of the overshoot peaks. In
this section we only consider the deblurring of a one-dimensional unblurred
step edge, since it provides us with all the necessary information , without
being unnecessarily complex.
First , we will look at the effect of the parameter
amount of applied deblur.
original
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Figure 4.3: Results of the polynomial transform algorithm applied to
a one-dimensional step edge. The O"deb values are expressed in pixels.
Order = 6, SNR = 48 dB.

is the parameter indicating the width of the deblurring filters, i.e., it
determines the amount of deblur in the same way as O"stimulus determines

O"deb
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the amount of blur applied to the stimulus. In Figure 4.3 we can see that
an increase in O"deb only leads to wider overshoot peaks. The height of the
overshoot peaks remains constant for ..,fi · O"deb values larger than 2 pixels.
For values smaller than 2 pixels the amount of energy of the filter is not
constant because of approximation errors; this is reflected in the height of
the overshoot peaks. As can be seen with large amounts of O"deb the overshoot
peaks are very wide, which might cause small details to become more or less
smeared out. When a high O"deb value is used a high order should also be
used.
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- · . 1:a~ 1:r n
-10 150 250 350 -10 150 250 350 ·10 150 250 350 ·10 150 250 350 -10 150 250 350
~

J

-

~

~

~

v

~

Figure 4.4: Results of the polynomial transform algorithm applied
to a one-dimensional step edge. O"deb = ~ pixels, SNR = 48 dB.

The order is the parameter that determines the highest degree used in the
polynomial approximation process of the localized signal. Ideally, of course,
the order should be infinity. If we take a look at Figure 4.4, we can see
the effect of order on deblurring : the height of the overshoot increases when
the order increases. The width, or rather the number of oscillations, of
the overshoot also increases with an increasing order. The order parameter
(together with SNR) determines the accuracy of the de blurring process.
Finally, if we look at Figure 4.5, we can see the effect of the signal-to-noise
ratio on the deblurring process. This signal-to-noise ratio is the quadratic
ratio of the signal spread and the spread of the quantization error and, like
the order parameter, is a measure for the accuracy of the de blurring process.
This SNR parameter controls the trade-off between enhancement of resolution and rejection of noise. As can be seen in the figure, a small value of
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the SNR parameter severely limits the amount of overshoot. The SNR can
thus be used to limit large overshoot peaks that occur when high orders are
used. However, lowering the SNR generally leads to poor de blurring results.
Besides that, due to the fast growth of the overshoot with increasing order,
we can not use very high orders for our enhancement algorithm anyway. For
those reasons, the SNR in our case has been chosen to always be 48 dB, which
is the maximally attainable level for an 8-bit signal representation.

4.5

Experiment: Testing the applicability of deblurring

In this experiment we will test whether the principle of de blurring nonblurred
images works for defocused normal-sighted observers. This form of simulated
low vision was chosen since it can mainly be described by an extra amount
of blur, the amount of which can be controlled.
First of all, two deblurred Landolt-C rings were presented pairwise to defocused normal-sighted observers, who had to choose the ring in which the
opening was best visible. The aim was to determine whether an optimum
could be found along the deblur scale (parameter O"deb) with respect to the
judged visibility of the opening. Since all stimuli were compared with each
other, it was possible to make an ordering that is monotonic with the judged
visibility of the opening. The choice to carry out a paired-comparison experiment instead of a determination of reading rate was primarily based on the
findings of Roufs & Bosch man (1991) in their letter-contrast experiments,
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namely that subjective estimates provide a more sensitive measure of print
quality than reading rate. Besides that, such an experiment is less time consuming than a determination of reading rate , which is important to prevent
effects of fat igue. Since pilot experiments with low-vision observers revealed
that direct scaling of the judged difference in visibility was not sensitive, the
task was simplified to giving a preference for left or right only. Consequently,
only a ranking order of the stimuli can be derived from these preference data.
After the paired-comparison experiment, an acuity test was carried out to
test whet her the stimuli with maximum visibility also give rise to a maximum
acuity. The results of both tests were compared with the predictions of the
acuity model described in chapters 2 and 3.

4. 5. 1 Stimuli
The stimuli used in the first part of this experiment (the paired-comparison
experiment) were Landolt-C rings of negative contrast and sizes 2.9 and 5.8
em (16.6 and 33.2 arcmin, at a distance of 6 meters) . These rings were
deblurred with different values of t he deblur parameter

CJcteb

and orders 1 to

3. The values for v'2 · CTct eb (expressed in pixels on an 83-dpi monitor) were:
1, 3, 5, 7, 9, 11, 14, 17, 21, 26, 38, 56. In minutes of arc, at a distance of 6
meters, this results in the values: 0. 12', 0.37', 0.62', 0.87', 1.12', 1.36' , 1.74',
2.11 ', 2.60', 3.22', 4.71', and 6.94'. This gives a fine sampling in the middle
range and a somewhat coarser sampling a t the ends of t he range. T he initial
Michelson contrast value of the nondeblurred stimuli was -0.215 (foreground:
37.9 cd/m 2 ; background: 58 .6 cdjrn 2 ) . The contrast was kept this low to
keep the overshoot peaks for order 3 (see subsection 4.5.2) within the range
of the monitor. In a ll cases the opening was on the upper side of the ring.
In the second part of the experiment (the acuity test) five types of rings
were used: nondeblurred rings (Michelson contrast values -0.986 and -0.215)
and rings of orders 1 to 3 and CTcteb equal to the deblur values for which the
judged visibility was maximal in t he first part of the experiment. Again, the
background luminance was 58.6 cd/m 2 The ring sizes followed a logarithmic
scale with an average factor of 1.27 between the consecutive rings. The range
of acuity values was 0.038 to 2.85 at a test distance of 6 meters.
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4. 5. 2 Pr-ocedure

First of all, the subject 's chart acuity was determined with both eyes after the
subject had been optimally corrected. The nondominant eye was covered and
after that the subject was given zero, one, or two extra diopters in front of his
dominant eye. The acuity with this correction was then determined on the
chart and after that on the monitor, with nondeblurred stimuli of contrast
-0.986 and -0.215. Subsequently, the distance for the paired-comparison
test was selected such that the rings were observed with a size three times
above the acuity threshold size (contrast -0.215). To prevent subjects from
sitting too close to or too far from the monitor, a decision also had to be made
about whether to use the rings of 2.9 em or 5.8 em. First the subject was
optimally corrected for the new distance. After that he was again given the
extra number of diopters (OD, +1D, or +2D). Then the paired-comparison
test was started. In this test two rings were presented simultaneously on
the monitor: one on the left-hand side and one on the right-hand side (see
Figure 4.6). All combinations of stimuli appeared once, in random order.
The subjects were asked to judge for which stimulus the visibility of the
opening was better.
In the second part of the experiment , at a distance of 6 meters, an acuity test
was carried out with the nondeblurred rings of contrast -0.986 and -0.215
and with the stimulus types of the maxima of the deblur-visibility curves for
the three orders.

4.5.3

Observer-s

The observers were 12 young normal-sighted observers. Four of them wore
their own optimal correction, four were given one extra diopter and four were
given two extra diopters. The observers , their ages and their chart acuity
values (with extra diopters) are given in Table 4.1.

4.5 Experiment: The applicability of deblurring

Figure 4.6: Stimuli used in the paired-comparison experiment . The
images are de blurred with the same order (3) but have different values
for CTcteb (Left: 2.25'; right: 9.55'; distance: 33 em).

Table 4.1: Age and chart acuity value of the three groups of observers .

Group

OD

1D

2D

Obs. Age Chart acuity

GE

21

VOD 1.5

SR
ST

20
22

VOD 1.25
vos 1.25

VP

26

VOD 1.5

DO

22

VOD 0.5

LE

21

VOD 0.5

MS

24

vos 0.8

PA

21

VOD 0.5

BI

23

VOD 0.25

JE
SI

27
26

vos 0.5

su

24

VOD 0.25

VOD 0.2
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Experimental results and model predictions

Figures 4.7 to 4.9 show the results of the first part of the experiment, the
paired-comparison experiment. In these figures the percentages for how often
a certain stimulus was preferred to all other stimuli are given. This implies
that the average percentage always is 50%. The horizontal solid line in
the plots gives the percentage for the nondeblurred low-contrast case. The
maximum-contrast stimuli were always preferred to all other stimuli, but were
not used in the calculations. Note that the percentage scale is only monotonic
with the judged visibility of the gap and depends on the choice of the stimulus
set. From these figures we can see that the subjects do indeed prefer some
amount of deblurring: the judged visibility of the opening in Landolt-C rings
first increases when the ring is increasingly deblurred, and decreases after a
certain maximum . Both the amount of deblur belonging to this maximum
and the relative height of it (i.e. , the height compared to the level in the
nondeblurred case) are determined by the order used in the deblurring and
the number of diopters with which the observer is defocused : in general, t he
peak is relatively higher and shifts to a larger amount of deblur for higher
orders and when the subject is more defocused. The curves converge for
small amounts of deblur and fa ll off steeply for the large amounts.
In order to t est whether the acuity model of chapter 3 can predict these
results, the activity was calculated (see chapter 2) of each type of ring used
in the experiment . The amount of intrinsic blur put into the model depended
on the number of extra diopters. In the OD case 2.6' of blur was used, in the
+lD case 6.9', and in the +2D case 11.7'. Since no acuity data for positive
contrast and blurred Landolt rings were available for the observers tested in
the experiments described in this chapter, it would be difficult to determine
accurate intrinsic blur values for these groups of observers. The estimated
values from similar groups in chapter 3 were therefore used instead . For the
deblur values used in the model a similar range as in the experiments was
chosen. A somewhat finer sampling was used , however, in order to determine
the location .of the peak more accurately. To compare the model output with
the experimental data a higher activity on eit her side, left or right, in the
paired-comparison test was associated with a better visibility of t he opening.
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For all stimuli, the percentage by which a particular stimulus had a higher
activity than the other stimuli was computed. The model predictions are
plotted together with the experimental data in Figures 4.7 to 4.9. Note that
for the model predictions as well the percentage scale is only monotonic with
the calculated activity and depends on the choice of the stimulus set. Actual
visibility might be nonlinearly related to the percentage variable.
From Figures 4.7 to 4.9 it can be seen that the results obtained experimentally
are confirmed by the model predictions: the predicted curves overlap for small
amounts of deblur and fall off very steeply for large values of CTdeb· The shape
of the curves agrees well with the shape found experimentally.
In Table 4.II the value of CTdeb belonging to the peak value is given for every
observer, every order, and all three groups. The averages and model predictions for the peaks are also given in this table and are depicted in Figure 4.10.
From Table 4.II and Figure 4.10 it is clear that, in general, the peaks are
predicted quite well by the model: there is an increase of the peak position
with order and diopters. For +2D there is quite a discrepancy between the
peaks found experimentally and the mod el predictions. This also causes th e
deviation of the optimal regression line from the line with slope 1 in Figure 4.10. This discrepancy can be explained by the large error area which
was found in Figure 3.9 (page 66) for the +2D observers. Obviously, their
is uncertainty about the value of D"intrinsi c to be used in the model. This
uncertainty about the value for the intrinsic blur gives an uncertainty about
the optimal amount of deblur.
The individual and average results of the acuity test are shown in Figures 4.11
to 4.13. The results show that the high-contrast stimulus ('h') results in the
highest acuity value and that the acuity then quickly drops when the image
contrast is reduced ('1'). After that , the acuity increases again for increasing
order. The only anomaly is the +2D case, where the 'd1' stimulus scores the
lowest acuity value.
A model simulation was also carried out in this case. The activity functions
(see chapter 2) of the stimulus types belonging to the peaks of the model
predictions given in Figures 4.7 to 4.9 were calculated and put into the acuity
model. The parameters CJ and were given the values estimated by means of

e
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Table 4.II: Value of CTcteb (in arcmin) belonging to the peak value
of the curve for every observer, every order, and every group. The
average values and the model predictions for the peaks are given in
the bottom lines.

OD
Order
Obs.

GE

2

1

3

Obs.

0.53 0.74 1.16
1.41 1.67 1.67

DO

SR
ST

0.86 1.12 1.12

MS

LE

VP

0.66 1.20 2.79

PA

Avg.

0.81 1.13 1.57

Avg.

Model 0.74 1.12 1.61

1D
Order
2
1
1.30 1.67
1.74 5.21
2.26 3.65
1.56 2.26

2D
Order
3

Obs.

2.64
9.43

BI
JE

3.65

SI

Model 1.74 3.22 4.46

2

5.57

6.64

3

10.09
3.45 10.09 10.09
6.33 14.14 14.14

su

3.89 10.79 10.79

Avg.

4.66 10.06 11.16
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1.68 2.91 3.78
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Figure 4.10: Scatter diagram of the average experimental values
for D"cteb at the peaks of the curves found in the paired-comparison
experiment, and the model predictions for these peaks. The dashed
line indicates the case when the model predictions of CTcteb are equal to
the experimental values. The solid line gives the optimal regression.
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the acuity model (see chapter 3). In addition, the resulting model predictions
are given in Figures 4.11 to 4.13 .
Again, the model predictions agree well with the data obtained experimentally. There is a strong shape similarity in the curves of experimental data
and model predictions. The model prediction for 'd3' is very close to the prediction for the high contrast. It should be noted that the overshoot peaks for
'd3' almost occupy the whole range of the display unit. The vertical difference for +lD and +2D can be entirely explained by the amount of intrinsic
blur put into the model. Once again, the intrinsic blur value put into the
model was obtained from chapter 3 with a different group of observers, which
might result in a slightly different value of the intrinsic blur. If we compare
the acuity value for the highest negative contrast for these two groups with
the value obtained in chapter 3 (see page 62), we find a difference that is
of the same order of difference between the experimental data and model
predictions found in this chapter.
In Figure 4.14 we can see the effect of the order and the high-contrast
threshold gap size (inverse of the acuity value) on the preferred O"deb· This
threshold gap size is considered a fairly good indicator for the amount of
intrinsic blur (except for a small scale variance and a small effect of the difference in the threshold parameter B for the three groups) . In this figure we
can see that the regression lines are almost parallel for the various orders,
and all have a slope close to 1 (order 1: 0.96; order 2: 1.18; order 3: 1.06).
This means that the increase in the optimal value of O"deb with increasing
threshold gap size (decreasing acuity; increasing amount of intrinsic blur) is
almost independent of the order used in the algorithm.

4. 5. 5 Discussion
In a paired-comparison experiment with Landolt-C rings it was tested
whether applying some deblurring could improve the visibility of the opening in these rings for observers with normal vision and simulated low vision.
Although both the experimental results and the model predictions are very
promising, a few remarks on the results have to be made. First of all, it
should be noted that there is only a limited accuracy in the determination
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Figure 4.14:
Scatter diagram of the individual values for the
threshold gap size for the highest contrast and the values for O"deb at
the peaks of the curves found in the paired-comparison experiment.
The regression lines for the various orders are also drawn.

of the position of the peak for all results, due to the limited sampling on the
deblur axis. Also, the limited number of presentations (all combinations are
presented only once) results in a change of 2.8 percent for the two presented
stimuli when the subject makes only one 'error '. For some subjects, therefore,
the results in Figures 4.7 to 4.9 appear quite 'noisy'. Finally, in a number
of cases (see, for example, subject GE (OD)) for the optimal value of O"deb a
choice had to be made between a few values that had the same percentage.
In those cases the value that was most in line with the curve was chosen.
From the results of the acuity test and the model predictions it seems that the
acuity very much depends on the luminance range in use. This would mean
that maximal acuity can be obtained by using maximal contrast, or by the
optimal amount of deblur combined with the order that scales the overshoot
peaks maximally into the range of the display unit. Since the shapes of the
curves of the model predictions are all similar , it seems that all three orders
lead in all three cases (OD, +1D, +2D) to abo ut the same acuity increase.
This means that the effect of optimal deblurring on acuity is independent of
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the amount of intrinsic blur, for the orders we used.
A very important implication that can be derived from the approximately
linear relationship between the amount of intrinsic blur and the amount of
preferred deblur found in Figure 4.14, is that the amount of remaining blur
for a given order is a fixed percentage of the amount of intrinsic blur. This
percentage decreases with increasing order. In other words, with a certain
amount of intrinsic blur a subject increases the amount of deblur up to a
point at which the order allows no further improvement of the image. This
point is linearly dependent on the amount of intrinsic blur, but can be shifted
to a higher amount of deblur by using a higher order.
This implication is in line with the aforementioned idea that the effect of
optimal deblurring on acuity is independent of the amount of intrinsic blur.
If we assume amounts of intrinsic blur belonging to OD, +1D, +2D, then we
know from Figure 4.14 that the amount of deblur and therefore the remaining
amount of blur after deblurring increases linearly with the amount of intrinsic
blur. Due to the linear increase of the remaining amount of blur we have a
linear increase in threshold gap size, and therefore a linear decrease of the
acuity. This is the case for every order.
It has been shown in this chapter that deblurring sharp images in isolation
(i.e ., without placing limitations on the range of the monitor) works fine
as far as the judged visibility and acuity tests with low-contrast Landolt
rings are concerned. Furthermore, the acuity model has shown to be able to
adequately predict the experimental results both from the paired-comparison
experiment and the acuity test. This result has proved the great value of the
model when used for testing of image enhancement techniques.
The results we obtained are in line with Lawton's results (Lawton, 1988,
1989, and 1992). With her pre-emphasis enhancement filters applied to text,
she obtained improved reading rates for observers with age-related maculopathies . She divided the CSF of a patient by the CSF of an age-matched
normal-sighted observer. This resulted in the so-called Normalized Contrast Sensitivity Function (NCSF), the inverse of which was the basis for the
pre-emphasis enhancement filters . These enhancement filters, designed by
Gennery (1973) for deblurring photographic images, were in fact modified
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'Wiener filters, and t herefore quite comparable to our technique of deblurring. If the assumption made by Engel & Jenniskens (1994) is true, that
Lawton's unfiltered words are not displayed in full contrast, then her experiments are quite comparable to the experiments carried out in this chapter,
namely a comparison between unfiltered and filtered low-contrast stimuli.
She found improved reading rates with filtering; we found increased visibility
and detail-detection capacities of Landolt-C rings.
Since the range of a display unit is limited, sharp, high-contrast text can
only be deblurred at the expense of the contrast, i.e., when a text image is
deblurred the overall contrast has to be reduced (Peli & Peli, 1984). In this
chapter we did not deal with this necessity to reduce the contrast, since we
aimed at testing deblurring in isolation. Naturally, it generally also holds
for deblurred natural images that the overshoot peaks exceed the luminance
range of the monitor. However, for these images the relevant details usually
do not occupy the full range of the display unit and therefore there is often
room for the overshoot peaks, which eliminates the necessity to reduce the
contrast. Of course, this will result in the clipping of some overshoot peaks.
As long as those peaks do not generally include the detail-enhancement peaks,
the noise due to the peaks (see Peli & Peli , 1984) will probably not be too
annoying for recognition of the image. The question arises as to whether the
combination of deblurring and contrast decrease (for text) or deblurring in
isolation (for natural scenes) can lead to image enhancement for low-vision
observers. This will be the topic of the investigations in t he next chapter.

Chapter 5

Evaluation of an image enhancen1ent technique
for Low Vision

Abstract
In this chapter a technique for the possible enhancement of text and natural scenes for low-vision observers is tested and discussed. Our aim in this
chapter is to apply the knowledge obtained in the previous chapters and study
the feasibility of improving the output quality of the 2D shape-perception
process . To attain this goal, based on the developed acuity model, two methods are distinguished: contrast enhancement and deblurring. In chapter 4
it was shown that deblurring nonblurred low-contrast Landolt-C rings works
quite well for simulated low vision (defocused subjects). For those stimuli
there was room for the overshoot peaks, which are inherent to deblurring.
However, because of the overshoot peaks, deblurring generally conflicts with
contrast enhancement. In this chapter we will show in a paired-comparison
test, that for Landolt rings presented to low- vision observers, contrast enhancement is the dominant technique with respect to the judged visibility of
the opening. These results were predicted quite well by the acuity model.
In an acuity test a nd a pseudo-text target-search task no improvement was
found by deblurring and subsequent reducing of the contrast of single highcontrast Landolt rings and text. For natural scenes, however, the judged
image quality can be improved by using a certain amount of deblurring.
Keywords: contrast enhancement, deblurring, text , natural scenes, detail
perception, acuity, pseudo-texts, search task, low vision.
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5.1

Introduction

The aim of the investigations underlying the work described in this chapter is
to propose enhancement techniques for the presentation of text and possibly
also natural scenes to low-vision observers.
Lawton (1989 and 1992) found that the reading abilities of low-vision patients
with a macular affection can be improved by compensating the presented
text according to the individual contrast sensitivity function. Lawton states
that by amplifying the intermediate spatial frequencies, the magnification
required for patients with maculopathy for reading can be reduced by 30 to
70 %, while the reading rate increases by a factor 2 or 3.
In an attempt to reproduce Lawton's results, a paired-comparison experiment with tachistoscopic presentation in eccentric vision was performed with
normal-sighted observers with a number of differently filtered text images
(Engel & Jenniskens, 1994). The main result of these comparisons was that
the preference in eccentric vision for the spatially filtered text did, in fact,
increase with decreasing size of the characters. However, the test persons
with normal vision still preferred the black-and-white full-contrast text to
the filtered half-tone text.
Peli, Fine & Pisano (1994) did not find any improvement in subj ects' ability
to read moving sentences with image enhancement either, although they did
find an improvement in their ability to describe details in still scenes, and an
increased appreciation for moving scenes similarly enhanced. A number of
possible reasons were given to account for the difference between the studies
of Lawton and Peli , e.g., the small number of observers Lawton used in
her study, the difference in enhancement algorithm between the two studies
(Lawton used a partially individualized modified Wiener filter, whereas Peli
used a standard adaptive enhancement for all subjects; see also chapter 1,
page 6), and finally Lawton's repetitive use of the same stimuli.
From their investigations Fine & Peli (1995) concluded that enhancement of
text by spatial filtering does not substantially increase reading rates for most
low-vision patients. Besides that, from the clinical information they gathered
it was not possible to accurately predict which patients would benefit from
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spatial filtering.
Peli et al. (1994), as well as Engel & Jenniskens (1994), found evidence for
the hypothesis that only text that does not take up the whole contrast range
of the display system can be significantly improved by compensating the
presented text according to the individual contrast sensitivity function. It
is only for this type of text that it is possible to increase the contrast to
enhance the text, leading to possibilities for improvement in performance.
From the above it is clear that it is not easy to determine how text images can
be optimally presented to various groups of low-vision persons . Vve therefore
have chosen a top-down approach to tackle this problem . As the nature of
the relation between different eye disorders and their effects on the visual
processing of the human visual system had not been fully determined, more
fundamental research on this relation was first carried out to link the fields
of low vision and image processing.
In chapters 2 and 3 we proposed an acuity model both for normal-sighted and
low-vision observers. It was shown that a large part of the effect of cataract
compared to normal vision could be modelled by a higher amount of blur
in the eye lens and a small increase of the threshold parameter, ascribed to
absorption and diffusion (decrease of the contrast in the image). For ARMD,
the greatest effect is an increase of the threshold parameter, while some extra
blur is observed.
The effect of the increased threshold parameter can be compensated by increasing the contrast of the images . There are many ways to increase image
contrast. These can be separated in linear and nonlin ear ways (see, for example, Peli & Lim, 1982, Peli , Arend & Timberlake, 1986, and Martens,
1995) . In the case of text images , in general, only two luminance levels exist.
Hence, the most straightforward and logical way to increase the contrast of
a text image is to scale the luminance levels of the image maximally into the
range of the monitor.
In chapter 4, using observers with simulated low vision , an existing deblurring
algorithm was tested with respect to its applicability to undo the effects of
subsequent blurring. The experiments revealed that the judged visibility of
the opening in Landolt-C rings starts to increase when the ring is increasingly
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deblurred, and decreases after a certain maximum . The position of this
maximum depended on, among other things, the observer's intrinsic blur. It
was shown that the rings with the optimal deblur values give rise to a higher
acuity value than in the nondeblurred case. In the case of these optimal
de blur values, when the overshoot peaks (which are inherent to deblurring
sharp images) approached the maxima of the display unit, the acuity value
approached the value obtained with nondeblurred maximum contrast rings.
Considering text, from both the experimental data and the model predictions
we concluded that contrast enhancement is a technique at least as fruitful
or even more fruitful than de blurring, for simulated low vision (defocused
observers).

In this study we will mainly extend the work in chapter 4 in two ways. First
of all, in this chapter we will combine deblurring and contrast enhancement in
such a way that the complete range of the display unit is used. Since de blurring sharp images leads to overshoot peaks, and since the range of a display
unit is limited , deblurring sharp, high-contrast text is only possible at the expense of the overall contrast, i.e., when a text image is deblurred the overall
contrast must be reduced (see, e.g., Peli & Peli, 1984). We will test whether
deblurring in combination with contrast reduction is a useful enhancement
technique for text. This will be evaluated by means of a paired-comparison
experiment, an acuity test, and a search task with pseudo-texts. For natural
scenes the relevant details usually do not occupy the full luminance range of
the display unit . Therefore, for this type of image, we will apply deblurring
without contrast reduction. This generally results in clipping of the image.
Secondly, all experiments described in this chapter will be carried out by real
low-vision observers instead of observers with simulated low vision, as was
the case in chapter 4.

In the next section we will t est the applicability of deblurring techniques
in combination with contrast enhancement for text images, with respect to
appreciation and performance in low vision. In the section after that, natural
scenes will be considered.
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Experiment 1: Low Vision- Deblurring and Contrast
Enhancement applied to Text

In this experiment the applicability of deblurring was tested in combination
with the limitations it imposes on the contrast of an image with only two luminance levels. Instead of the simulated low vision ( defocused subjects) with
which the experiments described in chapter 4 were carried out, this experiment was carried out with real low-vision observers. First of all, we aimed to
test whether there is a difference in preferred presentation for cataract and
ARMD. Besides that, we checked whether subjects suffering from increased
stray light sensitivity (e.g., cataractous observers) prefer and perform better
with deblurring with the overshoot peaks scaled maximally into the luminance range of the display unit, rather than with an overall higher luminance
(nondeblurred stimuli of maximum contrast or stimuli deblurred with a lower
order). The experiment consisted of three parts: judged visibility measurements, acuity measurements and a pseudo-text search task.
5.2.1

Judged visibility

In the first part a paired-comparison experiment was carried out to obtain
a topology in visibility of a detail in processed stimuli, viz. Landolt-C rings
with different amounts of applied deblur and different orders of the polynomials used in the deblurring process. This topology is monotonic with the
judged visibility of the opening of the Landolt rings. Two rings were presented simultaneously on a computer monitor to the observer. The observer had
to choose the ring (left or right) for which the visibility of the opening vvas
better. This part differed from a similar experiment described in chapter 4,
in that the stimuli were scaled within the luminance range of the monitor.
Stimuli

The stimuli used in this part of the experiment were nonblurred Landolt-C
rings of negative contrast and sizes 2.9 and 5.8 em (16.6 and 33.2 arcmin,
at a distance of 6 meters). These rings were deblurred with different values
of the deblur parameter adeb and orders 1 to 3. The values for /2 · adeb

Chapter 5 An image enhancement technique for Low Vision

108

(expressed in pixels on an 83-dpi monitor) were: 1, 3, 5, 7, 9, 11, 14, 17, 21,
26, 38, 56. In minutes of arc, at a distance of 6 meters, this results in the
values: 0.12 ', 0.37', 0.62', 0.87', 1.12', 1.36', 1.74', 2.11', 2.60' , 3.22', 4.71',
and 6.94'. This gives a fine sampling in the middle range and a somewhat
coarser sampling at the ends of the range. The luminance range of the rings
was always scaled maximally in the range of the monitor (i.e. , since the order
determines the height of the overshoot peaks, the background of the stimuli
is determined completely by the order). In all cases the opening was on the
upper side of the ring.
Procedure

To start with, the subject's chart acuity was determined with both eyes after
the subject had been optimally corrected. The nondominant eye was covered
and the acuity with the dominant eye was determined on the monitor with
nondeblurred stimuli of contrast -0.986. Subsequently, the distance for the
paired-comparison test was selected, such that t he rings were observed with
a size three times above the acuity threshold angle (contrast -0.986 1 ). To
prevent subjects sitting too close to or too far from the monitor, a decision
also had to be made about whether to use the rings of 2.9 em or 5.8 ern .
The subject was optimally corrected for the new distance and after that the
paired-comparison test was started. In this test two rings were presented
simultaneously on the monitor, one on the left-hand side and one on the
right-hand side (see Figure 5.1). All combinations of rings appeared once,
in random order. The task for the subjects was to choose the stimulus for
which the visibility of the opening was better.
Observers

The subjects were three low-vision observers in each of four categories,
namely two cataract categories and two ARMD categories. Subj ects in the
first category for both disorders had a chart acuity of between 0.09 and 0.22,
subjects in the other group of between 0.22 and 0.45. The observers, their
deficiency, classes, ages and chart acuity values are given in Table 5.I.
1 Note

t hat in chapter 4 the acuity determined with contrast -0.215 was used.
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Figure 5.1 : Stimuli used in the paired-comparison experiment in experiment l. The images are deblurred with different orders (Left: 2,
right: 3) and have different values for O"deb (Left: 2.25', right: 9.55';
distance: 33 em). Note the difference in the background luminance
due to the different orders and the scaling into the range of the monitor.

Experimental results and model predictions

Figures 5.2 to 5.5 show the results of the paired-comparison experiment. In
these figures the values showing how often certain stimuli are preferred to all
other stimuli are given in percent. This implies that the average percentage
always is 50% . The percentage for maximum contrast is at or just below
100%. Note that the percentage scale is only monotonic with the judged
visibility of the gap and depends on the choice of the stimulus set.
Apart from the effect of deblurring, the order appears to be an important indicator for the judged visibility in the paired-comparison experiment, at least
up to fairly high deblur values. For higher deblur values the curves merge.
The judged visibility for the highest order (for which the overshoot peaks are
most prominent) initially decreases somewhat with very low increasing O"deb
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Table S.I: Disorder, age and chart acuity value of the four groups of
observers in the experiment.

Group

Class
0.09.SVA <0.22

Cataract
0.22:s;VA<0.45

0.09:s;VA<0.22
ARMD
0.22:s;VA<0.45

Obs. Age Chart ac uity
62
72
72

BA
BE
BO
AA
AS

84
68

VOS 0.15
vos 0.10
vos 0.15
vos 0.3
vos 0.4

FE

65

VOD 0.25

ME
SH
VH

78
79
77

VOD 0.125
VOD 0.2
vos 0.15

HU
LM

70

VOD 0.25
VOS0.4
VOD 0.4

vw

82
80

values. For larger values of udeb all curves increase because of the deblurring
effect to a certain maximum, and decrease rapidly after that maximum. In
general a sub-peak before reaching the main peak can be observed. This
sub-peak is due to interaction of the overshoot peaks with the stimulus.
In order to test whether the acuity model of chapter 3 can predict these
results, the internal activity (see chapter 2) of each type of ring used in the
experiment was calculated. The amount of intrinsic blur put into the model
depended on the eye disorder and th e acuity class. In the cataract low-acuity
case 15.7' of blur was used, in the cataract high-acuity case 10.2', in the
ARMD low-acuity case 12.5', and in the ARMD high-acuity case 7.2'. Since
no acuity data for positive contrast and blurred Landolt rings were available
for the observers tested in the experiments described in this chapter , it would
be difficult to determine accurate intrinsic blur values for these observers.
The estimated values from similar groups in chapter 3 were therefore used
instead. For the deblur values used in the model a similar range as in the
experiments was chosen. A somewhat finer sampling was used, however,
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Figure 5.2: Results of the paired-comparison test of experiment 1
(Landolt rings) for cataractous observers (low acuity). The values on
the vertical axes give the percentages for how often a certain stimulus was preferred to all other stimuli. This implies that the average
percentage always is 50%. Bottom row, right-hand side: model predictions. The values on the vertical axes give the percentages for how
often a certain stimulus had a higher activity than the stimuli with
which it was compared (see page 112) . The horizontal solid line in
the plots for subjects BA, and BO gives the percentage for maximum
contrast. For subject BE and the model predictions this line is at
100%.
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Figure 5.3: Same caption as for Figure 5.2 but now for the highacuity cataract group .

to determine the location of the peak more accurately. To compare the
experimental data with the model output, a better visibility of the opening
on either side (left or right) in the paired-comparison test was associated
with a higher activity. For all stimuli, t he percentage by which a particular
stimulus had a higher activity than t he other stimuli was computed and
plotted in the right-hand lower fi gures of Figures 5.2 to 5.5. Note th at for the
model predictions the percentage scale is only monotonic with the calc ulated
activity and depends on the choice of the stimulus set. It is important to note
that the line for nondeblurred high-contrast stimuli for the model predictions
reach es 100 % for every group of observers.
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Figure 5.4: Same caption as for Figure 5.2 but now for the low-acuity
ARMD group.

The curves of the model prediction generally have the same shape as those
of the experimental results. First, the order appears to be an important
indicator for the judged visibility for the model predictions too, at least up to
fairly high deblur values. For higher deblur values the curves merge. Second,
all curves increase because of the deblurring effect to a certain maximum,
and decrease rapidly after that maximum. A sub-peak before reaching the
main peak is also observed for the model predictions, due to interaction of
the overshoot peaks with the stimulus.
In Figure 5.6 both the average experimental values for the optimal O"cieb in the
paired-comparison experiment, and the model predictions for those values are
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Figure 5.5: Same caption as for Figure 5.2 but now for the highacuity ARMD group.

given for each of the observer groups. To calculate the average experimental
values, in a number of cases for the optimal value of O"deb a choice had to
be made between a few values that had the same percentage for the judged
visibility. In those cases the value that was most in the line with the curve
was chosen. Since the deblur filters appeared to be quite inaccurate for 1 or 2
pixels of deblur (see also page 116), the determination of the peak position in
the experimental results was only based on larger amounts of deblur. With
the exception of the cataract group with 'high acuity', the average results
are quite good. For this cataract group the model predictions were too high.
The bad results for this group can be explained by the difference in intrinsic
blur for the group tested in this chapter compared to the group tested in
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chapter 3. As can be seen in the results of the next section in this chapter,
the acuity for this group was found to be much higher than for the group in
chapter 3, suggesting a smaller amount of intrinsic blur.
Cataract low acuity

Cataract high acuity

20

c

=
E 10

.E

I:!

"8"
"'0.

-"

"

~
.0
-o
"
t:>

0
0

~
.0

~

2

10
DO

0

2

"0.

;:;

;:;
-o

"8

:a

20

0

0.5
0.5

2

10

20

:::.: 0.5
0.5

Experimental peak Odeb (arcmin)
ARMD low acuity

~
.D

c

"

E

10

1:!

~

5

.D

-o

-"'

""'0.

"'0.

0

2

0

"

I

;:;

t

0

5

"

-"'

-o

10

t:>

2

;:;

20

20

-o

0

t:>

10

ARMD high acuity

'2
I:!

5

Experimental peak Odeb (arcmin)

20

E

2

-o
0

:::.: 0.5

:::.: 0.5
0.5

2

10

Experimental peak octeb (arcmin)

20

0.5

2

10

20

Experimental peak Odeb (arcmin)

Figure 5.6: Scatter diagram of the average experimental values for
the optimal a-deb in the paired-comparison experiment, and the model
predictions for those values for each of the observer groups .

Discussion
In this experiment, by means of a paired-comparison test , the applicability
of deblurring for low vision was tested in combination with the limitations it
imposes on the contrast of an image with only two luminance levels.
In deblurring, the overshoot gets higher when the deblurring order increases,
leading to reduced global contrast. Therefore, the effect of order on judged
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visibility can be explained by the effect on the contrast of the image. The
amount by which the global contrast had to be reduced seems to be an
important indicator (apart from deblurring) for the judged visibility in the
paired-comparison experiment. The increase for all curves with increasing
2
!Tdeb indicates that deblurring with almost constant contrast is a fruitful
technique, which confirms the results of chapter 4. However, when the contrast has to be reduced to keep the overshoot peaks within the luminance
range of the monitor, then the gain obtained by deblurring seems to be at
least undone. We therefore conclude that contrast has a stronger influence
on judged visibility than deblur. This conclusion is confirmed by the finding
that the initial high-contrast rings scored better than the deblurred stimuli
in all cases (100 %).
Due to inaccuracy of the deblur filters, for only 1 or 2 pixels of de blur the overshoot peaks are lower than for higher amounts of deblur, for which they are
constant (except from effects due to interaction with the stimulus). Therefore, the judged visibility for the highest order (for which the overshoot peaks
are most prominent) first decreases somewhat for very low ITdeb values. For
the model predictions this effect can not be observed since for these predictions scaled stimuli 3 were used.
Regarding all results it should be noted that there is only a limited accuracy in the determination of the position of the peak, due to the limited
sampling on the de blur axis. Also, the limited number of presentations (all
combinations are presented only once) results in a change of 2.8 percent in
judged visibility for th e two presented stimuli when the subject makes only
one 'error'. Therefore the resu lts are quite 'noisy'.
The model predictions agree quite well with the experimental data regarding
the shape of the curves: the highest order has the lowest judged visibility.
Further on , all curves increase to a maximum. With the exception of the
results for the cataract group with 'high acuity', the experimentally obtained
2 In fact , the contrast is not completely constant. The height of the overshoot peaks
varies somewhat due to interaction with the stimuli.
3 In the model the ringsize, the amount of intrinsic blur, and the value for O"deb were
expressed in minutes of arc. The distance parameter was chosen such that even for smaH
values of O"deb relatively long, accurate filters were used.
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optimal amounts of deblur are predicted quite well by the model. Especially
when it is kept in mind that besides changes in the amount of deblur, small
contrast and luminance variations also occur due to the interaction of the
deblur filters with the stimuli, this is an indication of the fairly high quality
of the model.
Although it was shown that deblurring could increase the visibility of the
opening in Landolt-C rings, we were not able to distinguish between the
various disorders from the present results, except for a small difference (see
Figure 5.6) based on differences in chart acuity between the groups.

5.2.2

Acuity

In the second part of the experiment a comparative acuity test was carried out
with maximum contrast nondeblurred rings and with those stimulus types
for which an optimum was found in the first part. This part was intended to
check whether the optimal stimuli from the judged visibility part also led to
improved detail detection.

Stimuli
In this part of the experiment four types of rings were used: nondeblurred
rings (Michelson contrast value -0.986) and rings of orders 1 to 3 and lTdeb
equal to the deblur values of the maxima of the visibility curves determined
in the first part of the experiment. The ring sizes followed a logarithmic scale
with an average factor of 1.27 between the consecutive rings. The range of
ring sizes was such that acuity values from 0.038 to 2.85 at a test distance of
6 meters could be measured.
Procedztre
Since the observers tested in this part of the experiment were the same observers as in the paired-comparison test, it was no longer necessary to determine which was the dominant eye and what its chart acuity was. Also,
the acuity with nondeblurred stimuli of contrast -0.986 was already determined for the paired-comparison experiment. What remained to be tested
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was the acuity determined with the stimulus types of the maxima of the
deblur-visibility curves for the three orders. The test distance was 6 meters.
Observers

The observers who took part in this experiment were the same low-vision
observers as in the first part of the experiment (see Table 5.I, page 110).
Experimental results

Figures 5. 7 and 5.8 show the individual results of the acuity test. The averages are given in Figure 5.9. As can be seen in this latter figure, there is
no significant effect of optimal deblurring combined with contrast scaling on
average acuity compared to the acuity obtained with stimuli of maximum
contrast. So, even though most people prefer high contrast stimuli rather
than deblurred lower-contrast stimuli, no significant difference in average
acuity can be found.
Discussion

In this part of the experiment a comparative acuity test was carried out
with maximum contrast nondeblurred rings and with those stimulus types
for which an optimum was found in the first part. This part was intended to
check whether the optimal stimuli from the judged visibility part also led to
improved detail detection.
In this experiment it was not possible to carry out an accurate model simulation. In chapter 2 it was shown how the acuity was determined, based
on so-called activity functions. The problem that we arrive at, when we
determine activity functions for the type of stimuli used in this chapter, is
that both the background luminance and the contrast of the stimuli vary
somewhat with ring size. This variation is due to variation in peak height
(both upper and lower peaks), caused by interference of the deblur filters
with the stimuli and by the type of scaling used. This variation is especially
observed for stimuli for which the opening has a size of about the acuity
threshold angle, since in this range the interference of the filters with the
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Figure 5.7: Individual results of the acuity test. Left column: cataract, low acuity. Right column: cataract, high acuity. Horizontal axis:
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to 3.
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Figure 5.8: Same caption as for Figure 5.7 but now for the ARMD
group. Left column: low acuity. Right column: high acuity.
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rings is highest. In the paired-comparison test this effect was only relevant
for high amounts of deblur (see page 116), since there we used stimuli with
a size three times above the acuity threshold angle. This interference results
in activity functions that initially increase fast and then are more or less
constant for about a factor two in ring sizes. After that they have about the
same shape as the activity functions shown in chapter two. It is exactly at
this almost constant part of the function vvhere the threshold () intersects the
activity function (see page 34), which results in a very low accuracy of the
acuity determination.
The observation that the optimally deblurred and contrast scaled stimuli do
not lead to a change in acuity compared to the acuity obtained with stimuli
of maximum contrast is in line with the assumption that the acuity largely
depends on the luminance range in use, which is made in chapter 4. This
means that maximal acuity can be obtained by using maximal contrast, or
by the optimal amount of deblur combined with the order that scales the
overshoot peaks maximally into the range of the display unit or, as is the
case in this chapter, another order value combined with scaling.
Just as in the paired-comparison test, except for a difference based on differences in chart acuity between the groups, we were not able to distinguish
between the various disorders.
5.2.3

Pseudo texts

The third part of the experiment was intended to approach a reading situation more closely. A search task was performed with pseudo-texts consisting of rings processed in the same way as the optimal rings in the pairedcomparison experiment and of high-contrast nondeblurred rings. The subjects were instructed to scan the pseudo-text line-by-line as quickly as possible, and to push a button every time a ring with the opening on the righthand side (the target) was seen.
The decision to use pseudo-texts instead of normal texts is supported by the
following arguments (Roufs & Boschman, 1997):
• The dependence of reading speed on the difficulty of the text presup-
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poses a kind of standardization, which is hard to realize.
• A coherent text can normally be used only once, since subjects tend to
skip known parts.
• Redundancy of readable text has a detrimental effect on the sensitivity
of the method.
The solution to use a search task that closely approximates reading was found
by Roufs, Boschman & Leermakers (1986) (see also Roufs & Boschman, 1997
and Boschman & Roufs, 1997). Methodological details can be found in Boschman & Roufs (1994), where an experiment involving a direct comparison of
search and reading is described.

Stimuli
For this part of the experiment pseudo-texts were created consisting of 10
lines of 14 characters, viz. Landolt-C rings or spaces. The Landolt rings
were processed in the same way as the optimal rings in the first part of the
experiment. Targets were rings with the opening on the right. The intercharacter space was 0.375 times the ring size. The inter-line space was 0.875
times the ring size, which means a quotient of line distance and line length
of 1:10. This is well above the minimum admissible value of 1:40 for this
quotient for normal texts, according to Roufs & Bouma (1980). Besides
nondeblurred pseudo-texts with maximum contrast for every subject three
sigma-order combinations were selected, namely those for which the curves of
the paired-comparison test reached their maximum. Eight different layouts
were used. The layouts of these texts were made randomly, although there
were a number of constraints:
• 15 percent of each text consists of spaces. Thus, each text has 119
Landolt rings and 21 spaces.
• Each text contains between 9 and 11 targets.
• The targets never occur at the beginning or end of a line.
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• Spaces do not exist in the two first and two last positions of a line.
• The minimum word length is two characters.
• The maximum word length is seven characters.
• The characters not equal to the target directions are equally distributed
over the remaining directions.
An example of a pseudo-text is given in Figure 5.10.
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Figure 5.10: Stimulus used in the target-search task.

Procedure

As for the paired-comparison test, the distance fo r the pseudo-texts search
task was selected such that the rings were observed with a size three times
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above the acuity threshold angle (contrast -0.986). The subjects were instructed to scan texts line-by-line from the top left to the bottom right of
the block of pseudo-text. By doing so, the oculomotor behaviour is more
or less similar to the eye movements that occur during reading. To indicate
the targets the subjects used a button, thus preventing any memory load.
They were instructed to perform the task as quickly and as accurately as
possible. The number of errors (missed targets) was not found to be a sensitive performance measure by Boschman & Roufs (1997). Subjects typically
slow down their speed to improve their accuracy. If a subject made more
than three errors in a trial, the text was presented again later on . Except
for two subjects (see next subsection), every text type was presented eight
times, in random order. Since there were eight different layouts, all layouts
were presented once.
Observers
The observers who took part in this experiment were the same low-vision
observers as in the first part of the experiment (see subsection 5.2.1). We
therefore refer the reader to Table 5.I (page 110) for the data on the observers.
Two subjects (BA and BE) suffered from too much fatigue which made it
impossible to present the text types eight times. For those subjects all text
types were presented only six times (six different layouts), but in such a way
that the number of targets was balanced 4 .
Experimental results
Figures 5.11, 5.12, and 5.13 show the individual and average results of the
target-search task. In calculating the individual average results the first two
search times for each text type were not taken into account, since there
appeared to be a small learning effect. This means that in general six values
were used in the calculation of the average for every stimulus type for a
single observer. Only for observers BA and BE four values were used instead.
4 The

texts were presented in such an order that the number of targets was always 20
for two successive texts of the same type. For that reason, subjects BA and BE saw as
many targets on average as the other subjects.
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Subject ME could not see stimulus type 'd3'. Therefore, for this subject only
three values are given. In calculating the group averages the results of the
three subjects in each group were first normalized, then averaged, and finally
transformed back to a time scale (seconds). This was done since there was
a large variation in the search times between the individual subjects. For
this normalization all search times of the individual subjects were divided by
the total average search time of the subject. After calculation of the group
averages and the standard deviations, these values were multiplied by the
average normalizing factor for the group.

Discussion

In the search-task experiment, where the speed with which subjects could
find a target in a pseudo-text was determined, no improvement was obtained
with deblurring either (see Figure 5.13) . It again seems that the decrease
of the global contrast for the higher deblurring orders at least cancels out
the positive effect of deblurring on target-search time. This would be in line
with the results from the acuity test, where it was assumed that the total
luminance range in use is an important predictor for the acuity.
Once again, except for a difference in search time based on differences in
chart acuity between the groups, we were not able to distinguish between
the various disorders.

5.2.4

General discussion

In the first experiment in this chapter we saw that the decrease in the global
contrast of individual Landolt rings and pseudo-text images has a degrading effect on the judged visibility, acuity, and search rate. For the judgedvisibility task this degrading effect was found to be larger in magnitude than
the increase caused by deblurring. For the acuity task and the pseudo-text
search task the effects were about equal. These results can be explained by
the fact that text images only have two luminance levels generally. Keeping
those at the maximum and minimum luminance levels of the screen results
in a lack of room for improvement. Our results are in line with the findings
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Figure 5.11: Individual results of the target search test. Left column:
cataract, low acuity. Right column: cataract, high acuity. Horizontal
axis: 'h': high-contrast stimuli; 'd1' to 'd3': de blurred stimuli of
orders 1 to 3.
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Figure 5.12: Same caption as for Figure 5.11 but now for the ARMD
group. Left column: low acuity; Right column: high acuity.
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Figure 5.13: Average results of the target search test. First row :
cataract; second row: ARMD; left: low acuity; right: high acuity.

of Peli et al. (1994), and Engel & Jenniskens (1994), who assumed that only
text that does not take up the whole contrast range of the display system
can be significantly improved by compensating the presented text according to the individual contrast sensitivity function . This means that for text
with maximal contrast it would not be possible at all to enhance the text,
leading to an improvement in performance. As is also suggested by Engel
& Jenniskens (1994), one exception might be the case where the maximum
display luminance is not fully used, such as with photophobic observers. This
still has to be investigated however.
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5.3

Experiment 2: Low Vision - Deblurring and Contrast
Enhancement applied to Natural Scenes

In chapter 4 it was shown that the technique of deblurring can be used
to increase the appreciation and the acuity in normal vision and simulated
low vision. However, in the first experiment in this chapter we saw that
the decrease in the global contrast of text images has a degrading effect on
judged visibility, acuity and search rate. For the judged-visibility task this
degrading effect appeared to be larger in magnitude than the increase caused
by deblurring. For the acuity task and the pseudo-text search task the effects
were about equal. Since, in contrast to text images, the relevant details in
natural scenes usually do not occupy the full range of the display unit, room
for improvement is expected. A second experiment was therefore set up in
which natural scenes were deblurred and subsequently clipped to fit into the
range of the display unit . Again, in a paired-comparison experiment lowvision subjects were asked for their appreciation. In this way a topology was
obtained, that was monotonic with the appreciation of the stimuli.

Stimuli
In this experiment three natural scenes were used (see Figure 5.14): '\i\landa',
'Ball' and 'Lighthouse'. Their dimensions were 10.71 x 13.77 em. The images
were de blurred in the luminance domain with J2 · O"deb values (expressed in
pixels) : 1, 3, 5, 7, 10, 13, 17, 23, 29, 38, 56, and 61 pixels. In minutes of
arc, at a distance of 6 meters, this results in the values: 0.12', 0.37', 0.62',
0.87', 1.24', 1.61', 2.11', 2.85', 3.60', 4.71', 6.94', and 7.56' . This gives a fine
sampling in the middle range and a somewhat coarser sampling at the ends
of the range. At the far right end of the range two values (56 and 61) were
chosen close to each other to test whether the observers could discriminate
between those values. Only order 3 was used. Overshoot peaks going beyond
the range of the monitor were clipped. The background (around the scenes)
again was 58.6 cdjm 2 , the same value as in the paired-comparison tests with
nonscaled Landolt rings (see chapter 4). The original image of 'Wanda'
used a luminance range 0.77-80.2 cdjm 2 , 'Ball' used 1.53-84.1 cd/m 2 , and
'Lighthouse' used 0.69-97.2 cd/m 2 (i.e., the complete range of t he monitor).
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A complete range of processed images of 'Wanda' is given in Figure 5.15.

a).

b).

c).

Figure 5.14: The natural scenes used in experiment 2. a). Wanda;
b). Ball; c) . Lighthouse.

Procedure

Since the observers in this experiment were the same as in experiment 1,
there was no longer any need to determine the chart acuity or acuity on
the monitor. The distance was kept the same as in the paired-comparison
test in experiment 1. In the paired-comparison test two natural scenes were
presented simultaneously on the monitor: one on the left-hand side and one
on the right-hand side . The two stimuli were of the same type (e.g., 'Ball'),
but they were processed with different amounts of deblur. The task for the
subjects was to choose the stimulus which they preferred. Arguments could
be that the details were more clearly visible, that they could better recognize
what was in the picture, etc. All combinations of the picture 'Ball ' were
presented first (in random order), then 'Lighthouse', and finally ' Wanda'.
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Figure 5.15: A complete range of processed images of 'Wanda'. With
slightly narrowed eyes, or by looking at a fairly large distance the
deblurring effect becomes clear. On top of each figure the deblur
value is given in minutes of arc (distance: 33 em).
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Observers

The observers who took part in this experiment were the same low-vision
observers as in the first experiment (section 5.2). We therefore refer the
reader to Table 5.I (page 110) for the data on the observers.
Experimental results

The results of experiment 2, the paired-comparison experiment with natural
scenes, are shown in Figures 5.16 and 5.17 for the individual observers in
every group. In this figure, the percentages are given that show how often
certain stimuli were preferred to all other stimuli of the same type but with
different amounts of applied deblur. This implies that for each stimulus type
(each line in the figures) the average percentage always is 50%. From this
figure we can see that almost all the observers appreciate some amount of
deblur applied to the three images. Although the curves are rather jumpy
due to 'noise', the effects of deblurring can be seen for all observers. Some of
the subjects also noted the improved visibility of the details in the deblurred
images.
Discussion

For all results it should first be noted that there is only a limited accuracy in
the determination of the position of the peak, due to the limited sampling on
the deblur axis. Also, the limited number of presentations (all combinations
are presented only once, i.e., every image is only shown 11 times) results in a
change of 9.1 percent for the two presented stimuli when the subject makes
only one 'error'. For the optimal value of O"cteb, finally, in a number of cases
a choice had to be made between a. few values that had the same percentage.
In those cases the value that was most in the line with the curve was chosen.
For a number of subjects in Figures 5.16 and 5.17 there seems to be an effect
caused by the content of the image. In these cases the preferred value of
O"cteb is generally lowest for 'Wanda', then for 'Lighthouse' and finally for
'Ball'. This effect can be clearly seen when we average the results for the
different groups (see Figure 5.18). Since there are differences in distance for
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Figure 5.16: Results of the paired-comparison test of experiment 2
(natural scenes). Left column: cataract, low acuity. Right column:
cataract, high acuity. The values on the vertical axes give the percentages showing how often certain stimuli were preferred to all other
stimuli of the same type, but with different amounts of applied deblur.
This implies that for each stimulus type (each line in the figures) the
average percentage always is 50%.
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the individual observers, and therefore also in deblur range, the curves had
to be shifted to an average deblur range before the results could be averaged
on the percentage scale. The deblur range for each observer depends on the
distance, which in turn depends on the subject's acuity, and therefore on the
amount of intrinsic blur. In this way the de blur range varies with the amount
of intrinsic blur. Since the de blur peak is also expected to vary approximately
linearly with the amount of intrinsic blur (see chapter 4, page 101), it can
be expected that the peak shifts (on the average) along with the selected
deblur range. For that reason the averaging technique described above gives
a nice way to reduce the noise in the data. Particularly for the two cataract
groups it can be seen that the deblur value of the peak is lowest for 'Wanda',
then for 'Lighthouse', and highest for 'Ball'. For the ARMD high-acuity
group the peaks of '"Wanda' and 'Lighthouse' have the same deblur value.
For the ARMD low-acuity group the peaks completely coincide. Of course,
the average results are only calculated from groups of three observers, which
gives limited value to the accuracy for the individual groups. However, the
trend that the deblur amount of the peak depends on the content of the
image is clear (see Figure 5.18, last row). The effect of image content can
be explained by the amount of details in the image. 'Wanda' contains most
details, whereas 'Ball' contains hardly any. If an image contains many details,
this image is hard to deblur with low orders and large deblur values (because
of the wide filters, details might be deblurred away). Images without or
with few details are much more suitable to deblur, however , and a larger
O"cteb is generally preferred. Our results are in line with the findings of Peli ,
Goldstein, Young, Trempe & Buzney (1991), and Peli (1992), who stressed
the importance of the possibility of on-line tuning of an enhancement device
to deal with spectrum changes (due to image content changes or changes
in the observation distance) and patients' visual sensitivity changes with
progression of the disability.
Vve expect those observers with a larger amount of intrinsic blur to prefer
overall higher deblur values, which is only possible when the order-O"cteb combination does not cause small details to become less visible. This, however,
can not be seen directly in Figures 5.16 and 5.17, because of the large amount
of 'noise' in the data. For those observers who do not see the smallest details
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Figure 5.18:
Results after averaging the results of the pairedcomparison test of experiment 2 (natural scenes). First two rows
for separate groups. Last row : all results.
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anyway (e.g., observers like ME, with a very low acuity; see also Table 5.1) ,
the difference between the images gets much smaller, which leads to a 'onesize-fits-aJl' value of CTdeb·
Based on the results of this experiment we conclude that deblurring nonblurred natural scenes in general has a positive effect on the appreciation
of natural scenes. This is in line with the results of Peli et al. (1994), who
found that, with enhancement, low vision patients with central vision loss
had a measurable improvement in perception of information such as facial
expression and fine scene details. The background and implementation of
their contrast enhancement algorithm based on adaptive filtering, however,
is different from our approach (Peli & Lim, 1982, Peli & Peli, 1984, Peli,
1992). Therefore, we suggest a direct com paris on (concerning the usefulness) between Peli's adaptive enhancement technique, and our algorithm for
natural scenes in a follow-up study. Also the usefulness of the adaptive
thresholding technique (Peli et al., 1991; see also chapter 1, page 6) and
other (simple) contrast enhancement techniques might be studied in such
investigations . One of these techniques might be contrast enhancement by
histogram manipulation . For two reasons testing this technique would be
interesting . First, it has been shown that contrast is very important and in
some cases even dominant to deblurring. Second, no artifacts such as the
'ringing' in deblurring are introduced with this technique. It might also be
the case that simply placing a small high-contrast border near edges gives
results comparable to the relatively time-consuming deblurring operations.
This might be relevant for implementation purposes. If so, then the proposed
techniques become very similar to a technique proposed by Jones (1992) , who
investigated what kind of print would look sharp and clear when seen out of
focus.
The suggestion of comparing the deblurring technique with other enhancement techniques is also important because of the finding that we were not
able to distinguish between the various disorders groups, except for effects
based on differences in chart acuity between the different groups. This might
mean that the optimal enhancement technique is not very dependent on the
exact nature of the disorder (but is dependent on the progression of the disorder) and, therefore, that similar but more easily implemented algorithms
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might give comparable results.
The optimal amount of deblur found in the experiments with natural scenes
appeared to depend both on the content of the scene and on the amount of
intrinsic blur in the visual system of the observers. For low-vision observers
this would mean that the ability to deblur scenes on a display could be a
fruitful technique. Given the dependence of the optimal amount of deblur
on the image content, the observation distance, and the patient's amount of
intrinsic blur, it would however be preferable if the amount of deblur could
easily be adjusted.

5.4

Conclusions

In this chapter we started with the knowledge obtained in previous chapters
that the effect of various eye disorders on shape-detail detection capabilities
can be described by a variation of two parameters in an acuity model, proposed in chapter 2 of this thesis. This knowledge led us to suggest that it
might be possible to enhance images by inverting the change in the parameters. For an increase in the first of the two parameters, the blur parameter,
this means we have to deblur. For the second one, the threshold, we have to
increase the contrast of the image.
We started by carrying out a paired-comparison experiment, in which
Landolt-C rings, deblurred with different amounts of O"deb and subsequently
scaled in the range of the monitor, were presented pairwise to the low-vision
observers. Those observers were asked for which of the two rings the visibility
of the opening was better. In general, the subjects preferred nondeblurred
high-contrast rings to de blurred rings of lower contrast. The amount by which
the global contrast had to be reduced seemed to be an important indicator
for the judged visibility in the paired-comparison experiment, although the
visibility could be increased to a certain extent by deblurring. It appeared
to be possible to predict the experimental results by the acuity model.
Next, an acuity test was carried out. In this test the acuity determined with
high-contrast Landolt-C rings was compared with the acuity determined with
rings deblurred with the optimal values of O"deb obtained from the paired-
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comparison test. Again in this case no improvement in performance was
obtained by deblurring, combined with scaling. Evidence was found for the
assumption that the total luminance range in use is an important measure
for the acuity.
Finally, in a pseudo-text search task, subjects were asked to search for a
certain target in pseudo-texts as quickly as possible. Again, no improvement
in search time was obtained with deblurring. Just as in the acuity test, the
total luminance range in use seemed to be important.
From the above we can conclude that for the range of luminance levels used in
our experiments at least, high-contrast text is preferred to deblurred lowercontrast text. It therefore seems that deblurring is not suitable for text
enhancement in low vision. However, it might be the case that for display
units with higher luminances, photophobic observers prefer a lower overall
luminance combined with some amount of deblur. This means that contrast
enhancement no longer is the dominant technique in that case. In the future,
screens with local high luminance levels (values that might be annoying for
the visual system when whole text images are shown at this level) might
be able to give the space needed for deblurring without affecting the global
contrast of the image.
We found evidence that the perception of details can only be improved by
deblurring when there is room for the overshoot peaks, which are inherent to
deblurring. This led us to the assumption that natural images, for which the
relevant details usually do not occupy the full range of the display unit, can
be improved by deblurring. A paired-comparison experiment was therefore
carried out, in which natural scenes were deblurred with different deblur
amounts . These stimuli were presented pairwise to the observers, who were
asked for which of the two scenes the visibility of the details was better .
Indeed, almost all observers appreciated some amount of deblur applied to
the three images. The preferred amount of deblurring appeared to not only
depend on the intrinsic blur in the observer's visual system, but also on the
amount of details in the image, i.e., the image content.
The conclusion that deblurring might be helpful for the perception of natural
scenes may have interesting applications. The algorithm could, for example,
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be built into a CRT television set or a TV magnifier. Since the optimal
amount of applied deblur seems to depend both on the intrinsic blur in the
visual system of the observers and on the image content, it should be possible
to easily adjust the amount of deblur. However, first a direct comparison
between the deblurring algorithm and other algorithms is proposed. From
these studies it might appear that an algorithm that is simpler to implement
in real time (e.g., placing a high-contrast border near edges in the scenes)
might give comparable results to the deblurring technique.
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Since the time when it became possible to process images in real time, there
has been an increasing interest in processing these images for low-vision observers. Previous research has shown that the enhancement of text images
for low-vision observers is not always straightforward (Peli, 1992; Engel &
Jenniskens, 1994 and Fine & Peli, 1995). In general, techniques have been
based on contrast sensitivity functions or some clinical measures for the functioning of the human visual system. The disadvantage of these techniques
is that they do not give us much insight into the effects of the specific disorders on the processes that determine reading and recognition in general.
This thesis has dealt with a structured approach to the enhancement of images, aiming at suggestions and recommendations for image improvement for
visually impaired observers. As the nature of the relation between various
eye disorders and their effects on the visual processing of the human visual
system had not been sufficiently determined , more fundamental research on
this relation was first carried out to be able to link the fields of low vision and
image processing. Our approach began with the interpretation and analysis
of specific disorders in terms of an increased diffusion (blur) and a decreased
signal-to-noise ratio. After that, compensation by inverse diffusion (deblur),
and an increase in contrast was applied and tested.
We started by assuming that visual acuity is an indicator for the ability to
detect the weakest parts in the 2D-shape map, viz. the details. For that
reason acuity was used as a measure for the output quality of the 2D shapeperception process. This output forms the basis for further processing, such
as reading and recognition. On the basis of this assumption, in Chapters 2
and 3 we proposed an acuity model both for normal-sighted and low-vision
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observers. The model is based on a multiple-scales concept: the visual system
uses various filters of different sizes to process finer and coarser str uctures . It
contains two parameters that control the detectability of shape detail: a blur
parameter that describes the amount of optical and neural pooling, and a
threshold parameter which identifies the signal-to- noise ratio of the internal
shape-detail representation . The model was verified by experimental data
and, after making a refinement on the principle of self-similarity, it proved to
be capable of predicting quite well the effects of blur and contrast on visual
acuity. Besides that, it appeared to be able to discriminate between different
classes of disorders and different subclasses per disorder.
It was shown in Chapter 3 that a substantial part of the effect of cataract

compared to normal vision could be modelled by a greater amount of blur
in the eye lens and a small increase of the threshold parameter, ascribed to
absorption and diffusion. For Age-Related Macular Degeneration (ARMD),
the largest effect appeared to be an increase of the threshold parameter.
Besides that, some extra blur is introduced. Finally, it was confirmed that
defocus was mainly identified as blur . The obvious conclusion is that cataract
might be compensated mainly by deblur, that ARMD might be compensated
mainly by increased contrast, and that defocus might be compensated mainly
by deblur. It was shown that the experimentally obtained high positivecontrast acuity is considerably higher than the high negative-contrast acuity
for cataractous observers only. In order to better describe the effect of light
scatter on visual acuity, a third parameter, describing the fraction of the
incident light that is diverted from image formation in a random direction,
has proved to be valuable. A large interchangeability between this parameter
and the threshold parameter was found , however. It was argued that for
the optimization of the model (i.e., the estimation of the parameters) a few
types of stimuli play an especially important role, namely the high negativecontrast and low negative- contrast stimuli, the high positive-contrast stimuli
and the high negative-contrast stimuli blurred with a large blurring kernel.
When aiming at optimal estimation of the model parameters, it seems to be
necessary and sufficient to determine accurate acuity values for these stimulus
types . This would also redu ce the interchangeability of the optimiza tion
parameters.
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In Chapter 4 we explored the applicability of an existing deblurring algorithm for simulated low vision (defocused observers). In this chapter the
contrast of Landolt-C rings was decreased to make space for deblur in the
luminance domain. The experiments revealed that when the ring is increasingly deblurred, the judged visibility of the opening in Landolt-C rings first
increases, and decreases after a certain maximum. The position of this maximum along the deblur scale is determined by such factors as the amount of
enforced blur. Besides that, the rings at the optimal deblur values give rise
to a higher acuity than in the nondeblurred case. There is an indication that
the acuity largely depends on the luminance range in use. This means that
maximal acuity can be obtained either by using maximal contrast, or by the
optimal amount of deblur combined with overshoot peaks scaled maximally
into the range of the display unit. The experimental results for the various groups of observers were in good agreement with the model predictions
both for the paired comparison test and the acuity test, as had been carried
through.
Since deblurring sharp images leads to overshoot peaks, and since the range
of a display unit is limited , proper deblurring of sharp high-contrast text is
only possible at the expense of an overall contrast reduction . For natural
images this is not necessarily the case, since in these images the relevant details usually do not occupy the full range of the display unit. As described in
Chapter 5, tests were therefore carried out to determine whether the combination of de blurring and contrast increase might lead to improved visibility
of details in images for low-vision observers or, more specifically, where in
the space spanned by contrast enhancement and deblurring the optimum is
for various groups of observers and different types of images (text, natural
scenes). The combination of contrast and amount of deblur was chosen such
that the luminance scale was maximally exploited.
In deblurring, the overshoot gets higher with increased deblurring accuracy,
leading to reduced global contrast. The extent to which the global contrast
had to be reduced seemed to be an important indicator for the judged visibility in a paired-comparison experiment. The shape of the curves of the model
predictions agreed well with the experimental data. With the exception of
the cataract ' high-acuity ' group, the model 's predictions of the positions of
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the deblur peaks were satisfactory. For the cataract 'high-acuity' group the
discrepancy could be explained by a difference between the experimental
values of the amount of intrinsic blur and the value used in the model. The
initial high-contrast rings scored better in all cases than the deblurred stimuli (near to or at 100 %). Hence, we can conclude that, in general, contrast
enhancement is found to be more effective than deblur.
An acuity experiment in Chapter 5 did not show any significant effect of
contrast or deblur on acuity, as long as the range of the display unit was
used optimally. So, even though most observers prefer high contrast, we can
see no difference in acuity. It seems that performance is constrained by the
luminance range. This was confirmed with the search-task experiment, in
which the speed with which subjects could find targets in a pseudo-text was
determined. No significant positive effect of de blurring could be found in this
experiment either.
A paired-comparison test with de blurred images of natural scenes was carried
out. Almost all the observers appreciated some amount of deblur. Scene dependent effects were also found in this experiment, which could be explained
by the amount of relevant details in the image. If an image contains a lot
of details that are relevant for the observer, this image is hard to de blur
with large a deb values (because of the wide filters, details might be deblurred
away). Images without small details, however, are much easier to deblur
and a larger adeb is generally preferred . This value of adeb also depends ,
of course, on the amount of intrinsic blur. For those observers who do not
see the smaller details anyway, the difference between the images gets much
smaller, which leads to a 'one-size-fits-all' value of adeb· Overall we can say
that deblurring has a positive effect on the appreciation of natural scenes
by low-vision observers. Based on the present data gathered in chapter 5,
and with the exception of a difference based on acuity, no clear distinction
between the results for the various disorders could be made.
To conclude, we can say that at least in the range of luminance levels used
in our experiments, high-contrast text is slightly preferred to deblurred lowcontrast text. It therefore seems that deblurring is not suitable for text enhancement for low-vision. In the future, however, screens with local high luminance levels might be able to give the space needed for deblurring without
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affecting the global contrast of the image. From the experimental acuity results of chapter 3 we can deduce that the technique of inversing the contrast
of the text will be especially suitable for observers with cataracts, and will
probably also be useful for photophobic observers .
For nonblurred natural scenes, deblurring can be quite useful. The preferred
amount of deblur not only depends on the intrinsic blur in the observer's
visual system, but also on the amount of relevant details in the image. It
might be interesting to implement the proposed enhancement technique in a
high luminance visual display unit, such as the TV magnifier or in a CRT
television set. The observer should have the ability to easily adjust the parameters to his or her individual preference. The technique might also be useful
for (electronic) photographs. First, however, the deblurring technique has to
be compared to other enhancement techniques, such as the adaptive filtering technique proposed by Peli (Peli & Lim, 1982, Peli & Peli , 1984, Peli,
1992), the adaptive thresholding technique (Peli, Goldstein, Young, Trempe & Buzney, 1991), and other (simple) contrast enhancement techniques.
Contrast enhancement by histogram manipulation would seem to be a suitable technique for two reasons. First of all , it has been shown that contrast
increase is very important and in some cases even dominant to deblurring.
Second , no artifacts such as the 'ringing' in deblurring are introduced with
this technique. It might also be the case that simply placing a small highcontrast border near edges would give results comparable to the relatively
time-consuming deblurring operations. This might be relevant for implementation in practice.
Finally, the acuity model developed in our investigations has proved to be
successful in predicting acuity data for nondeblurred and deblurred LandoltC rings, and also in predicting the judged visibility of details. It has increased
our insight into how the various disorders affect the 2D shape-perception
process and its output . In the literature up to now attention was given to
the topic of detail detection, but the proposed models either are not meant
for describing low-vision data or not able to describe low vision by adjusting
parameters relevant for low vision. Next to the goal for which the model
was developed in our studies, there might be additional applications for this
acuity model. For example, as we saw in chapters 4 and 5, it might be useful
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in predicting the quality of image enhancement techniques, which are related
to detail perception. Besides that, it could be used in developing and testing
optotypes.
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Summary

Every day an enormous amount of information reaches our eyes by way of
books, television screens, computer screens, bank terminals, traffic signs,
etc. This information makes a properly functioning visual system practically
indispensable. However, for many people, especially older people, visual capacity is often reduced. One of the main problems experienced by low-vision
patients is their difficulty with reading. Both stimulus factors and visual
factors influence reading performance and are being studied in a steadily
growing number of investigations. A lot of valuable information on how to
present text both for normal and low vision was derived from these studies,
but the question whether the proposed techniques are optimal still had to be
solved.
Besides a problem with reading, another problem experienced by low-vision
observers is the recognition of important aspects in natural scenes, e.g. on
TV's, on photographs, or in the newspaper. Although a number of studies
was carried out on the appearance and presentation of natural scenes (especially faces), optimal application of proposed techniques in low vision requires
good knowledge of their effects in combination with the specific degradations
for certain disorders.
The principal objective of this thesis on image enhancement for the visually
impaired was to find guidelines for the processing of text images and natural
scenes, so that the input for the reading and recognition process is optimized
or at least enhanced. This might result in increased reading performance for
text images, and increased appreciation of images in general for partiallysighted people.
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Previous research indicated that it is no easy task to determine how optimal
reading performance and/or appreciation for different groups of low-vision
persons can be obtained by means of image processing. Therefore, it was
decided to first acquire a better understanding of the early-visual processes
underlying reading.
Since the input of the reading process is formed by the output of the 2D
shape-perception process, it seemed to be a rewarding strategy to aim at
improving this output. It was assumed that 'details' are the weakest parts
of a shape. In that case visual acuity serves as a suitable indicator of the
output quality of this 2D shape-perception process. The influence of contrast
reduction and blur on visual acuity was investigated for normal-sighted observers, and an acuity model was developed and critically tested . The model
is based on summation of neural activity within and across a number of sizevarying channels and contains two parameters t ha t control the detectability
of shape detail. One of these parameters is a blur parameter that describes
the amount of optical and neural pooling. The other parameter, a threshold ,
reflects the signal-to-noise ratio (SNR) of the visual representation of shape.
The model was found to predict the influence of contrast reduction and blur
on visual acuity well, thereby giving a suitable functional description of t he
mechanisms involved in detail perception for normal-sighted observers.
In the following stage, the influence of stimulus degradation on visual acuity
was experimentally determined for observers with some frequently occurring
eye disorders, namely Age-Related Macular Degeneration (ARMD ), cataract
and simulated low-vision (by defocussing) . Subsequently, t he model was
applied to describe t he effects of these disorders on acuity. It was shown
that by adjusting the parameters, the model could describe the effects of
the various disorders quite well. Besides that , t he model also appeared to
be able to discriminate between the different disorders. A model with a n
extra parameter, describing an extra effect of stray light, was also tested.
This extension was able to describe acuity data of cataractous observers
satisfactorily.
Based on the model, two methods to enhance images were distinguished:
contrast enhancement and deblurring. First, the applicability of an existing
algorithm for deblurring was investigated for nonblurred Landolt rings of
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intermediate-contrast. This type of Landolt rings was taken since it has the
necessary luminance room for the overshoot peaks, which are inherent to
deblurring, without having to scale or clip the stimulus. The algorithm was
chosen because of its control of the amount of deblurring and of the height of
the overshoot peaks. The effects of deblurring an image prior to the blurring
in the visual system were tested for defocused normal-sighted observers . This
form of simulated low vision was chosen, since it can mainly be described by
an extra amount of blur, the amount of which can be controlled. Deblurring
of intermediate-contrast nonblurred Landolt rings appeared to be fruitful as
long as there is enough luminance room for the overshoot peaks. Here, both
an increase in judged visibility of the opening, and in acuity was found. The
gain obtained in the acuity results was roughly equal to the gain obtained
with contrast enhancement. Therefore, it was assumed that the luminance
range in use is an important indicator for the acuity. Also, evidence was
found for the assumption that the amount of intrinsic blur and the optimal
amount of deblur are linearly related . Moreover, the optimal amount of
deblur was found to be higher when the order (polynomial approximation)
in the algorithm was higher. The experimental acuity results with deblurred
stimuli could be accurately predicted by the acuity model.
Due to the overshoot peaks, deblurring generally conflicts with contrast enhancement. We showed, both experimentally and by means of the acuity
model, that for images of Landolt-C rings presented to low-vision observers,
contrast enhancement is the dominant technique with respect to the judged
visibility of the opening. In an acuity test and a pseudo-text target-search
task no improvement was found by deblurring and subsequent reducing of
the contrast of single high-contrast Landolt rings and pseudo-texts, respectively. This means that, even though the judged visibility of high- contrast
nondeblurred Landolt rings was higher than for deblurred and subsequent
luminance range-scaled rings, no difference in performance for the two tasks
was found. This finding can be interesting for photophobic observers, who
prefer having a lower average luminance. For natural scenes, however, the
judged image quality can be improved by using a certain amount of deblurring. This result suggests that there is room for the improvement of images
for low-vision observers by using deblurring. The optimal amount of deblur

162

Summary

appeared to depend both on the intrinsic blur in the visual system of the observers and on the content of the images. Therefore, in order to be successful,
an application of the algorithm should offer the ability to easily adjust the
amount of deblur. Except for effects based on differences in chart acuity
between the different groups of observers, we were not able to distinguish
between the different disorder groups. This might mean that the optimal
enhancement technique would not depend much on the exact nature of the
disorder.(bu t would depend on the progression of the disorder) and, therefore,
that similar but more easily implemented algorithms might give comparable
results.

Samenvatting

Iedere dag bereikt een enorme hoeveelheid informatie onze ogen via boeken,
televisieschermen, computerschermen, bank terminals, verkeersborden, enz.
Deze informatie maakt een goed functionerend visueel systeem praktisch
onmisbaar. Echter, voor veel mensen, en in het bijzonder voor ouderen, zijn
de visuele capaciteiten vaak beperkt. Een van de grootste problemen ervaren
door slechtzienden is het lezen. Zowel stimulus factoren als visuele factoren
be"invloeden de leesprestatie en zijn bestudeerd in een gestaag groeiend
aantal onderzoeken. Een grote hoeveelheid waardevolle informatie over de
vraag hoe tekst gepresenteerd zou moeten worden, zowel aan normaalzienden
als aan slechtzienden, is verkregen middels deze studies. De vraag of de technieken zoals deze voorgesteld zijn optimaal zijn, was echter nog steeds niet
beantwoord.
Behalve problemen met lezen hebben veel slechtzienden ook problemen met
het herkennen van belangrijke aspecten in natuurlijke afbeeldingen, bijvoorbeeld op de televisie, op foto's, of in de krant. Hoewel veel onderzoek
is gedaan naar de waarneming en de presentatie van natuurlijke afbeeldingen (in het bijzonder gezichten), is voor een optimale toepassing van
voorgestelde technieken voor slechtzienden goede kennis nodig van de effecten
van deze technieken in combinatie met de specifieke degradaties behorende
bij bepaalde aandoeningen.
Ret hoofddoel van dit proefschrift over beeldverbeteringstechnieken voor
slechtzienden is het vinden van richtlijnen voor de bewerking van tekst en
natuurlijke beelden, zodanig dat de invoer tot het lees- en herkenningsproces
is geoptimaliseerd of op zijn minst verbeterd. Dit zou dan kunnen resulteren
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in een verbeterde leesprestatie voor tekst en een hogere waardering voor
beelden in het algemeen voor slechtzienden.
Voorgaand onderzoek gaf reeds aan dat het geen eenvoudige taak is om
te bepalen hoe een optimale leesprestatie enjof waardering van tekst voor
verschillende groepen van slechtzienden behaald kan worden door middel van
beeldbewerkingstechnieken. Daarom werd besloten om allereerst te komen
tot een beter begrip van de vroegvisuele processen die ten grondslag liggen
aan het lezen.
Gezien het feit dat de invoer van het leesproces wordt gevormd door de
uitvoer van het 2D-vormwaarnemingsproces, leek het een veelbelovende
strategie om de verbetering van deze uitvoer als doe! te stellen. De aanname werd gemaakt dat "details" de zwakste delen in een vorm zijn. In dat
geval is de gezichtsscherpte (visus) een zinvolle maat voor de kwaliteit van
de uitvoer van het 2D-vormwaarnemingsproces. De invloed van contrastverlaging en van vervaging op de visus werd onderzocht voor normaalzienden
en een visusmodel werd ontwikkeld en kritisch getest. Ret model is gebaseerd
op sommatie van neurale activiteit binnen en over een aantal in grootte
varierende schalen en bevat twee parameters die de waarneembaarheid van
details bepalen. Een van deze parameters is een vervagingsparameter, die de
hoeveelheid optische en neurale "pooling" beschrijft. De andere parameter,
een drempel, representeert de signaal-ruis verhouding (SNR) van de visuele
vormrepresentatie. Ret model bleek de invloed van contrastverlaging en
vervaging op de visus goed te kunnen voorspellen en gaf daarbij een geschikte
functionele beschrijving van de mechanismen relevant voor detailwaarneming
voor normaalzienden
Als volgende stap werd de invloed van stimulus degradatie op de visus
experimenteel bepaald voor personen met vee! voorkomende oogaandoeningen, te weten Leeftijdsgebonden Macula-Degeneratie (ARJVID),
staar en defocussering (gesimuleerde slechtziendheid). Vervolgens werd het
model toegepast met als doe! de effecten van deze aandoeningen op de visus te
beschrijven. Er werd aangetoond dat het model door aanpassing van de
parameters de effecten van de verschillende aandoeningen behoorlijk goed
kan beschrijven. Daarnaast bleek het model ook in staat te zijn om
onderscheid te maken tussen de verschillende aandoeningen. Een model
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met een extra parameter, die een extra effect van strooilicht beschrijft , werd
ook getest. Deze uitbreiding bleek in staat te zijn de visusdata voor staar
patienten redelijk te kunnen beschrijven.
Gebaseerd op het model werd onderscheid gemaakt tussen twee methoden
om beelden te verbeteren: contrastverbetering en opscherping. Allereerst
werd de toepasbaarheid van een bestaand opscherpingsalgoritme onderzocht
voor scherpe Landolt ringen van middelmatig contrast. Dit type Landolt
ringen werd gekozen omdat het de noodzakelijke ruimte biedt, voor wat
betreft luminantiebereik, voor de uitslaande pieken die inherent zijn aan
opscherpingstechnieken. Op deze wijze hoefden de pieken niet afgekapt te
worden. Het algoritme werd gekozen vanwege de mogelijkheid die het biedt
om de hoeveelheid opscherping en de hoogte van de uitslaande pieken te
controleren. De effecten van het opscherpen van een beeld alvorens vervaging plaatsvindt in het visueel systeem werden getest voor gedefocusseerde
normaalzienden. Deze vorm van gesimuleerde slechtziendheid werd gekozen
omdat hij voornamelijk beschreven kan worden door een extra hoeveelheid
vervaging, die te controleren is. Het opscherpen van scherpe Landolt ringen
van middelmatig contrast bleek een zinvolle techniek te zijn zolang er genoeg
ruimte is in het luminantiebereik voor de uitslaande pieken. In dat geval
werd zowel een verbeterde zichtbaarheid van de opening, alsmede een hogere
visus gevonden. De te behalen winst is ruwweg gelijk aan de winst bereikt
met contrastverbetering. Op grond van deze bevindingen werd verondersteld dat het luminantiebereik dat gebruikt wordt een belangrijke indicator
is voor de visus. Ook werd evidentie gevonden voor de veronderstelling dat
de hoeveelheid intrinsieke vervaging en de optimale hoeveelheid opscherping
lineair gerelateerd zijn. Hierbij werd gevonden dat de optimale hoeveelheid
opscherping hoger is, wanneer de orde (polynoom benadering) in het algoritme hoger is. De experimentele visusdata met opgescherpte stimuli konden
nauwkeurig voorspeld worden door het visusmodel.
Vanwege de uitslaande pieken gaat opscherping in het algemeen niet samen
met contrastverbetering. We toonden aan, zowel experimenteel als door
middel van het visusmodel, dat voor Landolt-C ringen gepresenteerd
aan slechtzienden, contrastverbetering de dominante techniek is voor wat
betreft de zichtbaarheid van de opening. In een visustest en een pseudo-tekst
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zoektaak werd geen verbetering gevonden door gecombineerde opscherping
en contrastverlaging bij respectievelijk enkelvoudige hoog-contrast Landolt
ringen en pseudo-teksten. Dit betekent dat, zelfs terwijl de zichtbaarheid
van de opening voor niet opgescherpte Landolt ringen van hoog contrast
beter gevonden werd dan voor opgescherpte en vervolgens geschaalde (in
het luminantiebereik) ringen, toch geen verschil in prestatie voor de twee
taken werd gevonden. Deze bevinding zou interessant kunnen zijn voor
lichtschuwe personen, die een lagere gemiddelde luminantie prefereren. Voor
natuurlijke beelden bleek de beoordeelde beeldkwaliteit echter verbeterd te
kunnen worden door een zekere mate van opscherping. Dit resultaat suggereert dat er ruimte is voor de verbetering van beelden voor slechtzienden
door middel van opscherping. De optimale hoeveelheid opscherping bleek
af te hangen van zowel de hoeveelheid intrinsieke vervaging in het visueel
systeem van de proefpersonen, als van de inhoud van de beelden. Daarom
zou een toepassing van het algoritme, wil deze succesvol zijn, de mogelijkheid
moeten bieden om de hoeveelheid opscherping gemakkelijk te kunnen
instellen. Afgezien van effecten die gebaseerd zijn op verschillen in visus op
de kaart tussen de verschillende groepen proefpersonen, kon geen onderscheid
gemaakt worden tussen de verschillende groepen aandoeningen. Dit zou
kunnen betekenen dat de optimale verbeteringstechniek niet erg afhankelijk
is van de exacte aard van de aandoening (echter wel van het stadium van
de aandoening) en daarom, dat vergelijkbare, maar gemakkelijker te implementeren algoritmen vergelijkbare resultaten zouden kunnen geven.
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Stellingen
behorende bij het proefschrift
Image Enhancement for Low Vision
van Ton Roelofs

1. Het is onbevredigend dat er meer tijd en geld gestoken wordt in

beeldkwaliteitsonderzoek voor normaalzienden dan voor slechtzienden.
2. Voor verbetering van de leesbaarheid van tekst voor slechtzienden is een nieuwe generatie displays nodig met een groter
locaalluminantiebereik.
Dit proefschrift.
3. Een aanzienlijk deel van de wetenschappelijke literatuur omtrent
beeldverbetering voor slechtzienden mist een gedegen basis.
4. De negatieve effecten van vuile autoruiten en koplampen op de
verkeersveiligheid worden onderschat.
5. Het implementeren van intelligente algoritmen in verkeerslichten
op de vele kruisingen in grote steden kan een positieve bijdrage
leveren aan het milieu.
6. De techniek van het klonen geeft een nieuwe dimensie aan de
evolutietheorie van Darwin.
7. Maatschappelijke blindheid kan ernstiger vormen aannemen dan
visuele blindheid.
8. Het symbool van een lopend mannetje bij verkeerslichten voor
voetgangersoversteekplaatsen zou beter vervangen kunnen
worden door dat van een atleet.
9. Voorstanders van een "top-down" benadering graven hun eigen
graf.
10. Het schoppen tegen de oudere generatie doet ook in de toekomst
PlJn .

