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Abstract

In this report several aspects of image enhancement in low-vision are discussed. In the first
part we take a look at the effects of eye-disorders like cataract and Age-Related Macula
Degeneration (ARMD) on visual acuity, contrast sensitivity and recognition times. From
the experimental results we can conclude that observers with ARMD have a lower contrast
sensitivity than those with cataract. Contrast enhancement will therefore give good results
for observers with ARMD. Also a recognition-time model is proposed, with wich we can come
to an optimum presentation of text for low-vision observers. When no image enhancement
techniques are used, text can best be presented to low-vision observers on high contrast and
in a character size from about 75 arcminutes (7.2 mm on a reading distance of 33 cm).

In the second part of this report we will discuss the possibility to use deblurring for text and
image enhancement. Since deblurring has a negative effect on the overall contrast value of
the image, we will also take a look at the interaction between deblurring and contrast and
how these effects affect pseudo-reading rate and image appreciation. From the experiments
we can conclude that some amount of deblur used to enhance low-contrast text and images is
found better (acuity value and appreciation) than the original image. In case of high contrast
text the contrast reduction caused by deblurring, is such that most observers prefer high
contrast over deblur. In the case of complex images some amount of deblurring is almost
always preferred over the original image. This amount of deblur does not only depend on the
blur in the observers visual system, but also on the amount of important small details in the
image.

Concluding we can say that with the actual state of technology high contrast text enhancement
by means of deblurring is not possible. In case of complex images however, deblurring can
give quite good results.
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General introduction

Students of the faculty of Electrical Engineering of the Eindhoven University of Technology
finish their studies by undertaking a final project. This project can be undertaken either
at the university or in a institutional or commercial organization. For my final project I
decided to accept a project at the Institute for Perception Research - a joint institution of
the Eindhoven University of Technology and Philips Research. Within this institute I have
done my project in the vision group as part of a larger project called "Image Enhancement
in Low-Vision" .

Motivation

In every day life a vast amount of information reaches us by ways of books, television, com
puters, bank terminals, signs (e.g., traffic signs) etc. All this information reaches us through
our eyes, and makes a good functioning visual system practically indispensable. However,
for many people, especially older people, the visual capacity is often reduced. In a number
of cases problems caused by reduced visual capacity can be totally or partially solved by
ophthalmological assistance (e.g., surgery), by environmental modifications, by optical aids
or by aids which are meant to stimulate those sense organs of the visually handicapped that
are still functioning well. However, in many cases a satisfactory solution to these problems
can not be offered.

Since some time it is technically feasible to process scenes in real-time in the spatial or in
some transform domain by using digital image-processing techniques. As a consequence digital
image processing techniques are more and more used to adapt images to the specific needs of
users in general and give us the possibility to do so too in the case of low-vision observers.

In this report we are concerned with the question how the visual restcapacity of people with
eye-disorders can be used optimally and how text (or two-dimensional shapes in general) can
be optimally presented to these people, based on knowledge of specific eye diseases. We will
restrict ourselves to those disorders that affect the peripheral part of vision: optical disorders
(e.g., cataract and defocus) and neural disorders (e.g., Age-Related Macula Degeneration 
ARMD). For more information about these disorders see a.o. Young [41] and Bullimore &
Bailey [11].
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Framework

As result of the larger project Image Enhancement in Low-Vision, Roelofs and Blommaert [34]
and [32] proposed a model based on different scales, which describes the determination of fine
details by the visual system. With this model, it is possible to predict the effect of different
eye-disorders on two-dimensional shape-detail detection. From this model it can be derived
that deblurring and contrast enhancement will probably give good results when applied to
text and complex images.

Task

The task set for my final project is to determine experimentally, how a text can best be
presented to different groups of normal and low-vision people. My project can roughly be
divided into two parts:

1. determination of the optimal acuity and contrast reserve with respect to recognition
times of Landolt-C rings, which should lead to an optimal text representation, and

2. determination of the feasibility of using deblurring as an image enhancement technique.
Furthermore, the interaction between deblurring and contrast enhancement has to be
investigated.

These two points will be described in the next two parts of my report.
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Part I

Towards an Optimal Presentation
of Text
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Chapter 1

Theoretical background

This chapter is a review of general theory used in the first and partially also in the second
part of this report. In the first section we will define some quantities used throughout the
whole report. Since we are interested in reading rather than letter recognition, in the second
section we will take a look at the role of letter recognition in reading. In the last section we
will propose a recognition-time model.

1.1 Definitions

1.1.1 Contrast

The contrast measure used in this report is the Michelson contrast eM, which is defined as,

(1.1)

Where L f is the luminance level of the foreground figure (in this report usually a Landolt-C
ring), and L b the luminance level of the background.

For negative contrast stimuli, the foreground luminance level is lower than the background
level, so the contrast value for these stimuli will be negative.

For the remainder of this report, only 'contrast' will be used where Michelson contrast is
meant.

1.1.2 Acuity

The acuity value is defined as the reciprocal of the smallest resolvable detail. For a Landolt-C
ring this detail is the size of the gap, which leads to the following definition:

VA = _1_ = 1 (1)
8 th 60 i:o arctan(w / d) arcmin '
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where w is the width of the opening and d the distance from the observer to the stimulus
(both in the same measure of distance). 8 th is the finest detail that is just visible.

Since the fraction wid is usually very small, equation 1.2 can be approximated by

1
VA = -"'2---,---

603:0 (wid) .
(1.3)

Equations 1.2 and 1.3 are independent of the contrast value at which the acuity value is
determined. Since we will determine the acuity value at different contrast values, the contrast
value will be explicitly stated if it is not equal to minus one (the contrast value of high contrast
stimuli).

If we talk about the acuity reserve, we mean the factor above the acuity threshold and in
which amount this factor can be decreased without approaching the threshold to closely.

1.2 Letter recognition and its role in reading

Printed text is composed of separate words and these words again are composed of letters.
Intuitively this seems to be the basis for the hypothesis that reading letters or characters
(letter recognition) is relevant to reading words and therefore reading text.

Let us first take a look at the recognition of a single character (or in our case the identification
of a Landolt-C ring). If explicit recognition is considered as the triggering of an internalized
concept of a character ('internal letter' [7]) and knowing that the configuration of a character
can be highly variable, Bouma [7] assumes that in the process of letter-recognition less variable
'features' act as an intermediate. These features, especially combinations of features, then
trigger the internal letter. Since there are probably more possible feature combinations than
internal letters, its redundancy can be used to correct errors and increase both recognition
speed and perceptual certainty.

The assumption that letter recognition is based on features, can be extended to the recog
nition of a single word. The features now correspond with internal letters, so - if feature
combinations are most important to the recognition of a word - no explicit decision between
alternative letters has to be made when recognizing a word. This property is of considerable
importance, since most arguments against the concept of word recognition based on letter
recognition are based on the classical findings that words can be recognized even if some of
their letters can not.

In word recognition two kinds of features can be recognized. Bouma [7] calls them'analytical
features' (i.e., the characters) and 'global features' wich belong to a word as a whole (i.e,
letter position, spacing etc.). Of course word recognition is a more difficult process than
letter recognition, but a strong relationship seems to exist. Bouma and Bouwhuis [6] have
developed a word recognition model based on analytical and global features and therefore
letter recognition.

The relationship between word recognition and reading is more widely accepted. In normal
reading (text) the eyes show fixational pauses separated by quick jumps (saccades) along the
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lines. During the pauses, foveal and para-foveal images give rise to the recognition of words.
When reading codes or numbers, all words are equally important and often all characters have
to be read individually to read the 'text' accurately. In the second case letter recognition will
be more important than in the first case and have a greater influence on reading speed. Several
papers of Bouma and others concerning word and letter recognition, give us more insight in
the role of the different aspects of word recognition (e.g., see [4], [5], [6], [7]' [8], [9] and [10]).

Although it is not yet clear in which amount letter recognition is responsible for reading and
what the relationship is between letter recognition times and reading speed, it is clear that
some kind of relationship exists. Since Rome and Paris are not built the same day and it first
takes a brick to build a wall, letter recognition studies are a good starting point when trying
to understand reading.

1.3 Towards a recognition-time model

According to Donders [13] recognition times consist of three components:

• the detection component; the time used by the sense organ (the eye) and the neural
system between the appearance of the stimulus and the visual perception.

• the choice component; the time necessary to distinguish between the different possible
stimuli, and to choose the according reaction.

• the motor component; the time used by the muscles to perform the desired action.

And stated Donders law on recognition times as:

RT = a+ b+c. (1.4)

where a is the detection component, b the choice component and c the motor component. This
law implicitly states that all three components are mutually independent, which is probably
not the case.

As the number of possible choices (N) increases, the probability of any choice decreases.
According to Hick [19] and Hyman [21] the recognition time increases linearly with the base
two logarithm of the number of choices. The motor- and detection component on the other
hand are often considered constant. The total recognition time can then be expressed as,

(Hick). (1.5 )

where'Y represents a summation of the detection component and the motor component, or

(Hyman), (1.6)

where 'Y is the motor component, and (3 depends on the other two components.

These expressions are often criticized, since they suggest that recognition times are simply
a sum of detection, choice and motor component. The motor component is most likely
independent of the first two processes and can therefore be added to the recognition time as
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a constant factor. The other two processes might not be simple serial processes, but partially
parallel (see Smith [39J and Teichner & Krebs [40]).

The recognition time of a stimulus highly depends on characteristics as size, contrast value,
fixation point, etc. The models proposed by Hick and Hyman do not state these variables
explicitly, but assume these to be enclosed in the reaction time variable 'Y.

In this report it is assumed that small two-dimensional shapes-details determine the visibility
of the characters and therefore reading rate (see Roelofs [33] and Roelofs & Blommaert [34]).
Aberson & Bouwhuis [1] consider acuity value to be the most important variable determining
reading rate, which is probably a little over the top. But since acuity is highly dependable on
the visibility of small two-dimensional shapes, their model concerning reading rate is a good
starting point to come to a recognition-time model based on detail perception.

Aberson and Bouwhuis propose two responsible processes which explain the effects of visual
acuity on reading rate. For very small letters there is an exponential decrease in reading
rate, because for infinitely small letters, no reading is possible. Secondly, they assume that
most information can be extracted around the fixation point. For increasing pattern size the
information thins out, so more time is needed to assemble the information needed. The first
process, caused by small characters, can be explained if we consider the time needed to adjust
to smaller shapes as a Poison process. As long as the details get smaller, the visual system has
to integrate over smaller pulses of information and the time needed to do so can be expressed
as,

P[Xt = k] = (~tt e-(At) (1.7)

Where>' is the average time needed to come to an answer. This process also occurs when
we look at the recognition times of individual C-rings. The second process, the effect of the
loss of information, can be explained by the scale-model of the early visual system. Since the
scales can not be infinitely large, very large characters can not be recognized at ones. This
leads to eye-movement and thus extra time needed to recognize the characters.

Combining the two aspects, we get

(1.8)

where J.l depends on the visibility threshold and has probably some relationship with the
acuity threshold, 'Y depends on the smallest possible recognition time (around 200 ms), Q:

and (3 are scale factors and>. depends on the poison process. The x-value can be given as a
logarithmic factor above threshold.

In the previous part the relation between ringsize and recognition times is discussed. Ringsize
is of course not the only physical factor determining recognition times. Amongst others is
contrast a very important one. The effect of contrast reduction to recognition times will
probably be similar to that of ringsize. On the one hand a decrease of contrast will lead to an
exponential increase in reaction times, on the other an increase in contrast might eventually
lead to blinding, wich causes the recognition times to become constant. In some cases the
effect of blinding might even cause a slow increase in recognition times again.

The model proposed earlier can therefore be copied here,

(1.9)
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with the same parameter descriptions (y is the factor above the contrast threshold). Combin
ing equations 1.8 and 1.9, leads to a model where both the factors above acuity and contrast
threshold are combined and these values are given logarithmically,

(1.10)

We will use this model when trying to determine minimal recognition times.
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Chapter 2

Experiments

In this chapter we will describe some experiments, done to get a grip on two aspects of
low-vision: detail perception and contrast sensitivity. Therefore acuity threshold, contrast
threshold and recognition-time experiments are conducted. First we will describe some aspects
that affect al three experiments.

2.1 General properties

2.1.1 Stimuli

The stimuli used in this experiment are Landolt-C rings (see figure 2.1). The form of such a
ring is determined by its ratios between outer diameter, inner diameter and the size of the
opening, which are 5:3:1 for a standard ring. This stimulus is chosen for several reasons.
First, Landolt-C rings are taken as stimuli for the standard eye test since the International
Congress on Ophthalmology in 1909. Secondly, all optotypes are of the same form, i.e., each
optotype is a transpose of the others. This property precludes both easy confusion and easy
recognition (i.e., all optotypes are equally difficult). Last, the acuity value can be determined
accurately: the spread in the results is usually small.

In the experiments only rings of negative contrast are used (i.e., the target ring has a lower
luminance level than the background). To avoid non-linearities between grey- and luminance

Figure 2.1: Landolt-C ring
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values caused by the computer monitor, all images are transformed (linearized) by a Look Up
Table (LUT).

2.1.2 Procedure

In all experiments only the subject best eye (highest acuity on the Landolt chart, with optimal
correction) is uncovered. Sometimes, if the difference between the two eyes was small and the
better eye was not suitable for the experiments, the lesser eye remained uncovered.

All experiments were carried out at a viewing distance of 6 meters in a darkened room.
Around the monitor a white screen with an average luminance of 11.8 cdjm2 was placed. A
25 x 25 cm hole in the surrounding screen made sure that only the computers screen was
visible.

In both the threshold determination experiments the method used for determination of the
threshold was the transformed up-and-down method (see [15] and [26]). The 84.1% point
(after correction for guessing the 78.8% point) on the psychometric function was determined.

The idea behind the transformed up-and-down method is that it tends to converge on that
stimulus level (ringsize or contrast value) at which the probability of a 'down'-sequence is
equally large as the probability of an 'up'-sequence. For the 84.1% point the stimulus level
was increased by one step if the answer given by the subject was wrong. If four consecutive
correct answers were given, the ringsize was decreased by one step. So the probability of an
'up'-sequence is given by,

P('up') = P(x)3[1 - P(x)] + P(x)2[1 - P(x)] + P(x)[1 - P(x)] + [1 - P(x)] (2.1)

and the probability of a 'down'-sequence is given by,

P('down') = p(x)4. (2.2)

Where P(x) is the chance on a correct answer. Since P('up') = P('down') = 0.5 the chance
on a correct answer P(x) = 0.841.

The disadvantage of taking the 84.1% point instead of the 50% point is its accuracy. The
slope of the psychometric curve at the 50% point is slightly steeper than at the 84.1% point.
The accuracy at the 84.1% point is 0.61 times the accuracy of the 50% point, but for the
purposes still high enough.

2.1.3 Subjects

The subjects were divided in six groups, four groups consisting of low-vision subject and two
groups of normal sighted subjects. The low-vision groups all consisted of three persons, two
groups with subjects suffering from ARMD (separated according to acuity value, measured
on a standard Landolt-C chart) and two groups with subjects with cataract. The two groups
of normal sighted subjects, consisted of six older persons and three younger persons. All data
is given in table 2.1.
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Table 2.1: Data of different subjects and their groups

Group Subject Age Acuity Acuity +lD Acuity +2D eye
Younger MS 23 1.5 1.0 0.5 as

TK 29 2.0 1.0 0.65 as
PG 25 2.0 0.4 0.12 as

Averages 25 1.65 0.74 0.34
Older DM 69 1.0 aD

HP 70 1.5 as
MR 61 1.25 aD
PR 58 1.0 as
VB 67 0.8 aD
VL 61 1.0 aD

Averages 64 1.07
Cataract DR 71 0.3 aD

high AS 67 0.3 as
0.22/0.45 BS 80 0.4 aD

Averages 73 0.33
Cataract ED 81 0.12 aD

low HS 74 0.15 as
0.09/0.22 DB 73 0.2 aD

Averages 76 0.15
ARMD HU 70 0.3 aD

high LE 81 0.3 as
0.22/0.45 VW 79 0.4 aD

Averages 77 0.33
ARMD VH 77 0.15 as

low SH 78 0.10 aD
0.09/0.22 MB 78 0.12 aD

Averages 78 0.12
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2.2 Experiment 1: Acuity threshold determination

2.2.1 Stimuli

For the acuity experiments, rings were computed with sizes following a logarithmic scale.
The reason for taking a logarithmic progression is that the human visual system uses some
logarithmic metric when judging size differences. This principle has been advocated by many
researchers, amongst them Green [17] and Sloan [37]. The recommendation of Green is to
take 10 steps within the acuity range of 0.1 to 1, giving a multiplication factor of 1.26 (0.1 of a
logarithmic unit). The test described in this report is intended for both low and normal-vision
subjects, so a range of 0.1 to 1 is too limited for both the lowest vision and the highest vision
subjects. For these experiments a range from 0.038 to 2.85 at a test distance of six meters,
with a multiplication factor a of roughly 1.26 between two subsequent rings, is chosen. Now
all classes of subjects fall within the acuity-range.

The multiplication factor a is not alway exactly 1.26, because Landolt-C rings can only be
computed with sizes which are are multiple of 5 pixels.

Because of the findings that observers judge the contrast value of a image according to a
metric of Ccr. with a ~ 0.3 (see Legge [24]), the contrast values are chosen according to a
logarithmic scale, which spans the space of contrast values optimally (see Roelofs [33]).

2.2.2 Procedure

Every time a Landolt-C ring was displayed, the subject was required to report the direction
of the opening, even if the subject could not see it. According to the subject's answers the
ringsize was increased (after a sequence of four correct answers) or decreased (after one wrong
answer).

Every time a reversal between ringsizes occurred the last ringsize was stored in an array.
The first two reversals were not used for averaging, but are only included to let the subject
adapt to the experiment, and to let the subject start the actual test at a ringsize close to
their threshold. The threshold was calculated by averaging six reversals. A pilot experiment
showed that the average threshold did not change significantly by taking more reversals before
averaging.

2.2.3 Results

Figure 2.2 shows the average acuity thresholds on different contrast values for all groups of
subjects. The averages and standard deviations are computed using the logarithmic values of
the data. The bars in the figure represent the standard deviations of the group. In figure 2.2,
it can be seen that for some contrast values the acuity threshold is not present. This is due
to the fact that some of the subjects could not see the stimuli with this contrast value. The
acuity thresholds for each subject can be found in figure A.1 in appendix A.

In figure 2.2, three curves for younger subjects are plotted (you, you-1D and you-2D). The
first curve (you) represents the data of the group of younger subject with optimal correction.
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Figure 2.2: Acuity thresholds versus contrast (averages)

The second and the third curve represent the data of the same group of subjects, but now
with one or two extra diopters. This way two groups of pseudo low vision subjects are created.

From figure 2.2 and 2.3 some remarks can be made:

• the acuity values decrease with decreasing contrast values. For contrast values close
to high negative contrast (close to one), the decrease in the acuity thresholds happens
more slowly than at lower contrast thresholds;

• the acuity curves for the two groups with macular degeneration fall off more rapidly
than the curves of the other groups;

• the curves of the different groups of younger subjects seem to be a vertically shifted
version of the original curve.

2.3 Experiment 2: Contrast threshold determination

2.3.1 Stimuli

The contrast threshold experiment was very much like the acuity experiment. The main
difference was the fact that in the contrast experiment the stimulus levels were based on their
contrast values, whereas the stimulus levels of the acuity experiment were based on their
ringsizes. The ringsizes chosen for this experiment are based on the values proposed by Legge
et al.[25]' which makes comparison with his results easier.

18



1

?
'8
'-'....
ro

---......
"-'

>,...,
'S
'-'
~

0.1

, " . . . . ...... ..,. , .. , . ..,
::: :::: : : : : : (you~ :~

.::::: ::::::: ::::: :::::: ::~ J. :;... ::::: ... ::.;::::::::~:: :::~::):: :::: :l::~:!:~:: :::::f~~~~g) :l~~ :j~:.

.......: : : : ·;··············;········:······~····:····:···~··:··;T ; ; ; .

TIltH!!_ :~.--~-~FFrItit!T:

1_]--W----1t,T-·---j.,.~~ILnlriil
:--j::TiHlCEftTiHHHT!!. . . . , , . . ,." , . , , . '"
- ••• _. -'- - - - •• '- - • - -' - • - .. - .'. - • - - •••• - - - • - - •• _ ••••• - - - - - - ~ •• - .-. - - _'A • _ - - - - - - - •• - - _. - • - - _ .. - - - - ••• - •. " , . , .. , t..

0.1 1
Michelson contrast (abs. value)

Figure 2.3: Acuity thresholds versus contrast for younger subjects (averages)

2.3.2 Procedure

The same procedure is followed as in the acuity experiment. The only difference is the
variation in contrast instead of a variation in ringsize.

2.3.3 Results

Figure 2.4 shows the contrast thresholds on different contrast values for all groups of subjects.
Again, the averages and standard deviations are computed using the logarithmic values of
the data and some of the stimuli could not be seen by all subjects. The contrast thresholds
for each subject can be found in figure A.2 in appendix A.

The results in figure 2.4 could also be extracted from the acuity experiment (see figure 2.2).
This can be seen in figure 2.5.

In figure 2.4 some interesting things can be seen:

• contrast thresholds decrease with an increasing ringsize.

• for ringsizes greater than about 105 arc-minutes, all contrast thresholds are decreasing
again;

• the spread in the results is usually very small for large ringsizes, but increases for smaller
C-rings. The overall spread of the lower vision groups is usually larger than the spread
of the normal sighted groups;

• the contrast thresholds of the low-vision groups are much higher than those of the
normal-vision groups;
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Figure 204: Contrast threshold versus ringsize (averages)

• observers with ARMD seem te have a lower contrast sensitivity than those in the same
acuity class with cataract.

In the acuity threshold determination experiment and in the contrast threshold experiment
more or less the same curves are determined: contrast versus acuity and vice versa. If we
combine these results in one figure (figure 2.5) we can see that:

• for the groups of younger and older subjects, the curves of the acuity and the contrast
experiment link up very closely. For the groups of low-vision observers the curves do
not link up so close;

• the differences that exist between the curves of the first and second experiment are due
to the spread in the curves. The acuity and contrast determination experiments were
held on two different days.

2.4 Experiment 3: Recognition times

2.4.1 Stimuli

The contrast and acuity values above the subject's thresholds, were used to determine the
recognition time curves for the different subjects.

2.4.2 Procedure

Each time before a stimulus was displayed a beep made the subjects clear that a new stim
ulus would appear quickly. The subjects again were supposed to report the direction of the
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Figure 2.5: Contrast threshold versus ringsize (averages), based on acuity threshold experi
ment and the contrast threshold experiment

opening, when the wrong direction was reported the stimulus was presented again (only times
corresponding with correct answers were stored for averaging). If the recognition times were
either too small (less then 100 ms) or too large (larger then two times the average value) they
were excluded from calculating the average value.

2.4.3 Results

In figure 2.6 to 2.11 the results of the recognition time experiments are shown. The numbers
in the legenda of the different figures are ringsizes (in arcminutes) or contrast values. The
results of the individual observers can be found in section A.3 in appendix A.

As can be seen in most of the figures some of the data points are not present, again this is
due to the fact that some of the individual subjects could not see those C-rings which had
grey values under the subjects contrast threshold or ringsizes that were under their acuity
threshold.

From figures 2.6 to 2.11 the following remarks can be made:

• in all figures we can see that an increase in ringsize leads to a decrease in recognition
time. The same can be said about the effect of contrast on recognition times;

• in the figures concerning ringsize, decreasing contrast values lead to overall larger reac
tion times. Again, the same can be said about those figures concerning contrast;

• the distance between two curves in a single figure becomes larger when approaching the
contrast or acuity threshold;

• the recognition times remain nearly constant for large ringsizes and high contrast values.
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However, if the acuity or contrast threshold is approached, the recognition times increase
drastically.

• for the lower vision groups the recognition times are overall higher. E.g., the smallest
recognition times for younger subjects are close to 400 ms, whereas the smallest recog
nition times for the higher cataract group are close to 500 ms. However, the recognition
times for the low-vision groups might decrease some more with an increase in ringsize.

• The recognition curves of the different groups are not only a vertically shifted version
of the others. They are also shifted horizontally due to the differences in contrast and
acuity thresholds;

• the spread in the results is usually large. It decreases when ringsize or contrast increases.
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Chapter 3

Discussion

3.1 Experiments

Acuity threshold experiment

The curves determined with the acuity-threshold experiment of the different classes of younger
subjects show that with an increase of one diopter artificial blur the acuity curves are shifted
vertically about half a log-unit, which - since no other factors change - can be mainly ascribed
to an increase in blur. The effect of an age-related increase in blur can be seen if the curves
of the younger (OD) and older group are compared. Since the low-vision groups all consist of
older people, the age-related increase in blur also occurs here. The effect of their eye-disorder
however is a lot bigger. If the acuity curves are compared, the effect of an eye-disorder is in
the case of the higher low-vision groups about twice as large as the effect of age. In case of
the lower low-vision groups the effect of their eye-disorder is almost three times bigger than
that of age.

The decrease of the acuity thresholds is generally not the only effect of the two eye-disorders.
The effect of cataract on visibility can almost totally be explained by an increase of blur in the
visual system (which sounds very obvious, since cataract generally only causes the eye-tens
te become more cloudy). The effect of ARMD however can not be explained with an increase
in blur only. As can be seen in the experimental results, ARMD also causes a decrease of the
contrast sensitivity.

Contrast threshold experiment

Assuming that the decrease of the contrast-threshold curves for ringsizes larger than 120
arcminutes are caused by environmental circumstances (during the experiment the observers
were moved closer to the screen to create a visual angle of 240 arcminutes), we can see that a
minimal area exists in the contrast threshold curves, where the contrast sensitivity is highest.
This area shifts to larger ringsizes when the overall contrast sensitivity is lower. For older and
younger people contrast sensitivity is highest for C-rings of about 60 arcminutes. For low
vision observers this ringsize varies from 100 to 200 arcminutes (assuming that the contrast
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thresholds at 240 arcminutes are not reliable), depending on their eye-disorder and in which
amount the disorder has affected the visual system.

Both age and eye-diseases lead to a reduced contrast sensitivity. Again, the effect of age is
much smaller than that caused by the eye-disease.

Recognition-time experiment

This experiment shows us that recognition times are nearly constant when measured close to
the optimal contrast and ringsize. For younger and older observers a decrease of about 80%
in contrast does not lead to increasing recognition times. The same applies to ringsizes.

Recognition times are generally higher for older and low-vision observers. This of course is
partially due to their reduced visual capacities, but also because these people are older, which
generally causes them to become a little slower. As can be seen in the figures the minimum
recognition times for older and low-vision observers are about 400 ms, whereas the minimum
for younger subjects is about 200 ms.

3.2 Recognition time model

In section 1.2, we assumed that recognition of individual characters is a first step towards
reading. Therefore, we try to obtain some kind of optimum in ringsize and contrast from
the recognition-times experiments. Since it is not clear that an absolute minimum exists, we
choose to determine that point on the curve that has a local first derivative of -0.2. This
point then gives us a measure, where recognition time is smallest. This measure should have
a strong correlation with the acuity and contrast threshold of the individual observers.

In figure 3.1 and 3.2 we can see the results of equation 1.10 being fitted on the individual data
of subject BS (CatH). As can be seen in the lower-right corner of figure 3.1, the individual
curves can not always be fitted by equation 1.10. This is probably not the fault of the function,
but that of the variance in the data points. These kind of curves are not taken into account
when determining the 'optimal' contrast versus ringsize curves. Also the fits based on only
one data point are excluded from further calculations.

If the curves of all observers are combined, we can plot the 'optimal' factor above contrast
threshold versus the 'optimal' factor above threshold ringsize. These plots are given in fig
ure 3.3 and 3.4. In figure 3.3 we can see that the differences between the different groups are
rather large. The curve of the group of younger subjects score the overalliarges factors. This
can be explained by the fact that younger subjects prefer relatively large characters compared
with their threshold. For the higher cataract group the overall factors are lowest. Within
one group of observers, there seems to be no clear difference between the factors at different
contrast values. Maybe a slight decrease can be detected when the absolute contrast value
increases. This means that generally smaller C-rings are preferred when high-contrast rings
are presented.

In figure 3.4 there seems to be no clear effect of ringsize on the factor above contrast threshold.
The differences between the groups are, however, clearer. The curves of the subjects with
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Figure 3.1: Fit of the individual recognition-time versus factor above ringsize curves of subject
BS. Upper row, from left to right, contrast values: -0.9857, -0.2857, -0.1934. Lower row: 
0.0854, -0.0542, -0.0215

cataract are overall lower than those of observers with ARMD. This effect can be explained
by the lower contrast sensitivity of subjects with ARMD. In spite of fact that the younger
subjects have the highest contrast sensitivity, their curves again score the highest factors,
which is probably due to the same effect as in figure 3.3.

3.3 Sequence of measurements

All the experiments have been done in the same sequence: first the acuity thresholds were
determined using the test described in chapter 2. The thresholds were measured from high
contrast to low contrast. This could lead to the subject getting tired (and therefore, perform
less for lower contrast values), but frequent breaks between the measurements should have
solved this problem. After these, the contrast thresholds were measured at those ringsizes that
were above threshold. First, the contrast thresholds for the larger ringsizes were measured.

The second time the subjects came, the recognition time experiments were conducted. Here,
first the highest contrast stimuli were presented (on all ringsizes). Frequent pauses should
again reduce the effects of fatigue.
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Figure 3.2; Fit of the individual recognition-time versus factor above contrast curves of subject
BS. Upper row, from left to right, ringsizes (arcmin): 240, 120, 59.6. Lower row: 29.8, 14.9

3.4 Preview of contrast and deblurring

If we take a look at the results of the experiments described in this chapter, and keep in
mind that we want to enhance images and regular text, a few points of interest come up.
As pointed out in section 3.1, the contrast sensitivity of observers with ARMD is lower than
that of people with cataract. In case of deblurring, where (as we will see in the next chapter)
generally the overall contrast value has to be reduced, it might be less effective with ARMD
than with observers with cataract. From the recognition time experiments it was clear that
small changes in contrast and ringsize (around the minima in recognition times) only have
small effect on recognition times. Therefore, we can conclude that low-vision observers might
have enough contrast reserve to make deblurring possible.
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Part II

Contrast Enhancement versus
Deblurring
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Chapter 4

Theoretical background

4.1 Blurring

Gaussian degradation (blur) is the linear process of convolution against a Gaussian blurring
kernel. Such degradation is typically due to low quality optics of the recording or imaging sys
tem or to movement. But also the lens of the human eye, blurs images in this fashion (see a.o.
Kimia & Zucker [23]). In previous research (see Roelofs [33], and Roelofs & Blommaert [34]
and the previous part of this report) it was shown that blur was one of the two parameters
that are relevant in describing the effects of eye disorders such as cataract and Age-Related
Macular Degeneration (ARMD) on visual acuity. This can be understood by looking at blur
as a parameter controlling the resolution of shape detail of which visual acuity is a measure.

In theory, blurring is a reversable operation, so undoing the effects of blur is possible. Fur
thermore, it is a linear operation, which means that reversing the order of the blurring and
deblurring operations is also a possibility, see figure 4.1. This is interesting from our point of
view, as deblurring beforehand might compensate (some of) the blur imposed by the visual
system.

Let us first take a closer look at the blurring process.

Image

f(x,y)

Figure 4.1: Deblurring/Blurring
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Mathematical formulation

We consider spatially invariant Gaussian blur, defined as follows. If a bounded 1 function
f(x), x E IRn is given, the blurred output is given by

h(x) = r K(x -~, t)f(Od~,llRn

where the Gaussian kernel K is defined as

(4.1)

(4.2)

and t is a fixed positive constant, parameterizing the amount of blur, by defining its variance.
The function f (x) is generally interpreted as a signal (n = 1) or an image (n = 2).

Our final goal is to find f(x) when only the blurred image h(x) and the amount of blur tare
known.

The heat equation

The parameter t has a physical meaning, when we look at the fundamental connection between
Gaussian blurring and the heat equation (or diffusion equation). Consider a rod of infinite
length, onto which an impulse of heat is placed. The heat will diffuse in time and the resulting
distribution will approximate a Gaussian, whose width is determined by the elapsed time. The
process effectively convolves the initial distribution by that Gaussian. The heat equation can
be formulated as follows. Given f(x) piecewise continuous and bounded, find h(x, t) bounded
and twice differentiable for t > 0, satisfying

8h 2
8t (x, t) = \7 h(x, t), x E IRn

, t > 0;

h(x, t) - f(xo) as (x, t) - (xo, 0), Xo E IRn
, t > O.

(4.3)

(4.4)

The \72 operator is a shorthand for the sum of second partial derivatives; it models the spread
of energy in the rod. If we write equation 4.3 without using \72, we get

8h( )_82h(x,t) 82h(x,t)
8t x, t - 8x2 + 8y2 . (4.5)

We will denote the operator that takes f to h(·, t) by nt, so h(x, t) = (ntf)(x). When nt is
restricted to a Hilbert space, i.e., the space is linear and a norm2 exists for every operator, it
becomes a symmetric bounded linear operator.

IBounded functions have a limited range, i.e., '<Ix : I/(x)1 < 00.

2The norm of an operator is a measure of the maximum amplification of a small change in the operand.
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Figure 4.2: Deblurring a one-dimensional pulse. Left: original image, right: deblurred image

4.2 Deblurring

Many approaches have been proposed to counteract the effects of blur on images (see Haar
et at. [18]). Traditional image processing techniques deal with the problem by using Fourier
methods, such as high-pass filtering or Wiener techniques (see Gonzalez & Woods [16]).
However, all of these algorithms have problems such as their numerical stability and the
enhancement of noise. In general, the process of reversing Gaussian blur is unstable, and is
hard to be represented as a convolution filter in the spatial domain (see figure 4.2). Therefore,
a major attack to the problem is the regularization of the 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 inverse does exist (see Hummel et at. [20]).

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 (when 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 deblurring will give rise to an amount of overshoot near
edges in the original image. This overshoot increases for greater amounts of deblurring. This
means that, in practical applications, when the result is displayed on a computer monitor,
the amount of deblurring will be limited by the range of grey levels that can be displayed
on the monitor. In particular, sharp images that already have full contrast, i.e., grey levels
o and 255 for an 8-bit image, will be impossible to deblur, as clipping occurs for v:ery small
amounts of deblurring already. In such a situation, deblurring is only possible at the expense
of scaling, i.e., contrast reduction.

A number of algorithms have been developed for deblurring (see a.o. [18], [20], [23] and [27]).
The main disadvantage of most of these algorithms for our task is that the overshoot peaks go
to infinity and that there is no way to control those peaks, and with them the edge contrast
in the images. In the algorithm of Martens [27], however, aside to the parameter which
controls the amount of applied deblur, two extra parameters control the effects of inherent
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noise and sampling. These parameters, called the Signal-to-Noise-Ratio parameter and the
order parameter, are also of influence on the height of the overshoot peaks and therefore give
the possibility to control the edge contrast. We will now first proceed by a summary of the
algorithm of Martens [27] which will be used for subsequent image enhancement attempts.

4.3 Polynomial transforms

This algorithm makes use of polynomial transforms - more specifically Hermite transforms -;
we will therefore discuss these first, based on a paper by Martens [29].

4.3.1 One-dimensional polynomial transform theory

The analysis by a polynomial transform involves two steps. In the first step the original
signal L(x) is localized by multiplying it by a window junction V(x). A complete description
of the signal requires that the localization process is repeated at a sufficient number of window
positions.

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

W(x) = L V(x - kT),
k

by periodic repetition over period T. If "Ix: W(x) 'I- 0, we get

1
L(x) = W(x) ~L(X)V(X - kT).

(4.6)

(4.7)

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(Gn ) = n, orthonormal with respect to V 2(x), i.e.,

(4.8)

where 8mn is the Kronecker-8 function (8mn = 1 if m = n, and °if m 'I- n). The orthonor
mal polynomials for an arbitrary window function V(x) can be computed using a technique
detailed in Martens [29].

Under very general conditions for the original signal L(x), we get that

with

V(x - kT) (L(X) - %0 Ln(kT)Gn(x - kT)) = 0,
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1
+00

Ln(kT) = -00 L(x)Gn(x - kT)V2(x - kT)dx, (4.10)

Which means that, L(x) can be written as an infinite sequence of polynomial coefficients
within the window V(x). For most window functions convergence of the series expansions
in 4.9 is guaranteed if L(x) is both integrable and finite for all x. Hence, the approximation
error can be made arbitrarily small by taking the degree of the polynomial expansion suffi
ciently 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 4.7 and 4.9, we get the following expansion of the complete signal

00

L(x) = L L Ln(kT)Pn(x - kT),
n=O k

where

Pn(x) = Gn(x)V(x)jW(x).

Equation 4.10 implies that the polynomial coefficients can be expressed as

with filter functions

(4.11)

(4.12)

(4.13)

(4.14)

followed by sampling at multiples of T. 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 function Pn(x) and summing over all orders n.

The forward and inverse polynomial transforms are illustrated in figure 4.3.

L(x)

Figure 4.3: Polynomial transform
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4.3.2 One-Dimensional Hermite transform

We now concentrate on the important special case that the local window function is Gaussian,
with width CT, i.e.,

(4.15)

where the normalization factor is such that V 2(x) has unit energy. The orthogonal polyno
mials that are associated with V 2 (x) are known as the Hermite polynomials, and therefore
we refer to the resulting local decomposition technique as the Hermite transform.

Properties of the weighting function

Since the weighting function W(x) is periodic with period T, it can be expanded into a Fourier
series, Le.,

with

J2../ffCT
W(x) = T w(x),

~ [1 ( 27fCT)2] ( 27fX)w(x) = 1 + 26 exp -2" k T .cos k r .

(4.16)

(4.17)

The contrast of this weighting function is determined by the sampling parameter T = T / CT. In
a digital implementation W(x) must be approximately constant - Le., the window functions
V(x) sum to 1. To achieve this end, we require the terms of the sum in equation 4.17 to be
small, Le., T ~ 2.

To obtain stable numerical results, 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 as small as one pixel, while the window width CT is usually quite large.

Properties of the filter functions

The polynomials orthonormal to the window-function V 2 (x) are the polynomials

(_1)n H (X)
J2n n!' n -;; ,

where the factor is necessary to normalize the Hermite polynomials Hn(x), defined as
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n

Hn(x) = L bmxm,
m==O

where the bi denote coefficients listed in most mathematical handbooks.

From equation 4.14, we can now derive that

by substitution.

(4.19)

(4.20)

It can be demonstrated, using the ROdriguez formula (see Martens [29]), that the filter func
tion Dn(x) is equal to the nth order derivative of a Gaussian, i.e.,

(4.21 )

Properties of the pattern functions

The pattern functions Pn (x) are required for resynthesizing the original signal. Combining
equations 4.12, 4.14, we get

Dn ( -x)
Pn(x) = V(x)W(x)'

By substituting Dn(x), W(x) and V(x) using 4.20, 4.16 and 4.15 we get

Finite Hermite transform

(4.22)

(4.23)

In practice, the Hermite transform will often be limited to the first few terms. In order to
describe the signal adequately, the window width () must be properly selected. On the one
hand, we want () to be as large as possible, because numerically integrating over large areas
attenuates sampling effects. On the other hand, () 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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4.4 Polynomial transforms In image deblurring

4.4.1 Introduction

Using the theory treated above, we can devise a deblurring algorithm based on polynomial
transforms. The technique extends previous work by Hummel et at. [20] 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 the polynomial transform coefficients are an equivalent way of describing an image, we
can deblur by estimating the coefficients of the original image from the blurred image.

4.4.2 Deblurring

Consider a system with a blur filter and a sampling device. Referring to figure 4.3, we see
that the output of this system might be regarded as the zero-order term of the polynomial
expansion with window function D(x) = Go(-x)V2( -x) = V 2 ( -x). The deblurring consists
of estimating the higher-order terms from this zero-order term.

These estimates are made by digital filters Fn , for n = 0, ... ,N. The estimated coefficients
£o(kT) can be used to make an estimation of the original image £(x). The system is shown
in figure 4.4.

L(x) £o(kT)

Figure 4.4: Deblurring algorithm

£(x)

Using equation 4.11 this algorithm computes the signal estimate

N N

£(x) = L L Pn(x - kT) L Fn(k - j)S(jT) = L S(jT) L In(x - jT),
n=O k j j n=O

where figure 4.4 shows that Fn(k - j)S(jT) = £n(kT) and

In(x) = L Fn(l)Pn(x - tT)
I
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is called the n-th order deblurring kernel. The overall deblurring function lex) = L;;=o In(x)
can be controlled by the order N.

The order of l(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 sampling density 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 lex).

4.4.3 Deriving 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 (4.13) and the
estimated coefficients

£n(kT) = L Fn(j)S((k - j)T) = L Fn(j) . (Qk-j + D(x) * L(x)lx=(k_j)T)'
j j

(4.26)

where Qk is the quantization error of the sampled signal S(kT). Assuming that the error
is uncorrelated between samples as well as uncorrelated with the signal L(x), (i.e., Qk-j =
s~. Oij), Martens has derived that minimizing Ln(Ln - £n)2 leads to the optimum coefficients
that are a solution to the system of linear equations

LFn(j) (s~. Oij + D(x) * D(-x) * Rk(X)lx=(i_j)T) =
j

(4.27)

for all values of the filter index i (and fixed n). In these equations s~ is the spread of the
quantization error and

Rk(x - y) = E[L(kT - x) . L(kT - y)J (4.28)

is the signal autocorrelation function around kT; it is assumed to be locally space-invariant.
We can further simplify these equations if we assume the signal autocorrelation length to be
much smaller than the size of the blurring kernel, so

D(-x) * Rk(X) = s~ . D(-x) + m~, (4.29)

where s~ is the signal spread and m~ is the signal mean. If we furthermore assume the window
function to be Gaussian, as in equation 4.15, and the blurring kernel to be D(x) = V 2(-x),
we can derive the following system

(4.30)
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with the normalization condition Lj Fn(j) = 8n (8n is the discrete 8-pulse, i.e., 80 = 1 and
Vi #- 0 : 8; = 0). In these equations Dn(x, CT, a) is the parameterized variant of Dn(x),

(4.31)

The linear system thus looks like

S2

Do(-1)=!t + Do(O) Do(-2m)
Sk

s2 Fn(-m)
Do(l) =!t + Do(O) Do(l - 2m)

Fn(1- m)Sk

s2
Fn(m)Do(2m) Do(2m - 1) -j + Do(O)

Sk

1 1 1

, (4.32)

where Dn(i) = Dn(iT,CTV2, ./2), the 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 for computing all the filters Fn .

4.4.4 Deblurring in two dimensions

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

N N-n
1= L L Im,n,

n=Om=O
(4.33)

where Im,n is a 2D kernel, equivalent to the 1D kernel In = FnPn. Note the indexes of the
sums in the above expression: when a kernel

N

I' = L Lm = ONIm,n
n=O

(4.34)

is used, then the order of deblurring is effectively higher in the oblique directions. This means
that though the individual deblurring kernels Im,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

(4.35)
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we make an approximation error that gets smaller with decreasing order n and increasing
signal-to-noise ration of the input image. As the signal-to-noise ratio of our image is high and
the order of deblurring will generally be limited, this is a valid approach.

4.5 Characteristics of deblurring

In the previous sections we have seen that Martens algorithm [27] depends on three variables:
order, deblur-sigma (O"deb) and signal to noise ratio (SNR). We will now take a closer look
at the influence these parameters have on overshoot, amount of deblur and the width of the
overshoot peaks. In this section we only consider the deblurring of a one-dimensional step
edge, since it provides us with all the necessary information, without making it unnecessary
complex.

First we will look at the effect of the parameter O"deb.

original O"deb = 4 O"deb = 8

j -1 ~I~
I ...~ r-1~
'1 I'~'.. . . . . I ">. • • • •

O"deb = 16 O"deb = 32

Figure 4.5: Results of the polynomial transform algorithm applied to a one-dimensional step
edge. Order = 6, SNR = 48 dB

From figure 4.5 we can see that an increase in 0"deb only leads to wider overshoot peaks. The
height of the overshoot peaks remains constant for O"deb-values larger than 2 pixels. For values
smaller than 2 pixels the amount of energy of the filter is not constant due to 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 blurred. With a high O"deb-value also the order should be high.

original order = 2 order = 4 order = 6

"

:r~-~A

v . ~f

. . . . . . . . . .• . . . . . . . .

order = 8

Figure 4.6: Results of the polynomial transform algorithm applied to a one-dimensional step
edge. 0"deb = 16, SNR = 48 dB

If we take a look at figure 4.6, we can see the effect of order on deblurring. From this figure we
can see clearly that the height of the overshoot increases when the order increases. Also the
width, or rather the amount of oscillations, of the overshoot increases with an increasing order.
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The order parameter determines (in cooperation with SNR) the accuracy of the deblurring
process.

original SNR = 48 dB SNR = 28 dB SNR = 8 dB SNR = OdB

A 1\
v -

j

Figure 4.7: Results of the polynomial transform algorithm applied to a one-dimensional step
edge. O"deb = 16, Order = 6

Finally, if we look at figure 4.7, we can see the effect of SNR on the deblurring process. As
can be seen in the figure the SNR parameter brutely limits the amount of overshoot. The
SNR can thus be used to limit large overshoot peaks, that occur when high orders are used.
In our case the SNR will always be 48 dB, since lowering the SNR will generally lead to poor
deblurring results.
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Chapter 5

Experiments

5.1 Experiment 1: Testing the applicability of deblurring

In this experiment we will test the applicability of deblurring. First of all, deblurred Landolt
C rings will be presented pairwise to defocussed normal-sighted observers in order to find an
optimum along the deblur scale (parameter O"deb) with respect to the estimated visibility of
the opening. After that, an acuity test will be carried out to test whether the stimuli with
maximum estimated visibility also give rise to a maximum acuity.

5.1.1 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. These rings were deblurred
with different values of the deblur parameter O"deb and orders 1 to 3. The values for O"deb

(expressed in pixels) are: 1, 3, 5, 7, 9, 11, 14, 17, 21, 26, 38, 56. This gives a fine sampling
in the middle range and a somewhat coarser sampling on the ends of the range. The initial
Michelson contrast value of the non-deblurred stimuli was -0.215 (foreground: 37.9 cd/m2 ;

background: 58.6 cd/m2 ). The contrast was kept this low to keep the overshoot peaks for
order 3 (see subsection 5.1.2) within the range of the monitor. All rings had their opening on
the upper side of the ring.

In the second part of the experiment (the acuity test) five types of rings were used: non
deblurred rings (Michelson contrast values -0.986 and -0.215) and rings of orders 1 to 3 and
O"deb equal to the deblur values belonging to the maxima of the visibility curves determined
in the first part of the experiment. Again, the background luminance was 58.6 cd/m2 • As
well as in the acuity tests described in Chapters 2 and 3, here again the ringsizes followed a
logarithmic scale with an average factor between the subsequent rings of 1.27. The range of
acuity values was 0.038 to 2.85 at a test distance of 6 meters.
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5.1.2 Procedure

First of all the subject's chart acuity was determined with both eyes after the subject was
optimally corrected. The non-dominant eye was covered and after that the subject was given
zero, one or two extra diopters in front of his dominant eye. Then the acuity with this
correction was determined on the chart and after that on the monitor with non-deblurred
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 an angle three times above the acuity
threshold angle (contrast -0.215). Along with this selection also a decision was made to use
the rings of 2.9 em or 5.8 em. An extra distance correction was made on the number of
diopters. Then the paired-comparison test was started. In this test two rings were presented
simultaneously on the monitor, one on the left side, one on the right side (see Figure 5.1).
The task for the subjects was to choose that stimulus for which the visibility of the opening
was judged to be better.

Figure 5.1: Stimulus used in the paired comparison experiment. The images are deblurred
with the same order (3) but have different values for CTdeb

In the second part of the experiment, with the non-deblurred rings of contrast -0.986 and
-0.215 and with the stimulus types belonging to the maxima of the deblur-visibility curves
for the three orders an acuity test was carried out.

5.1.3 Observers

The observers were 12 young normal-sighted observers. Four of them used their own optimal
correction, four got one extra diopter and four got two extra diopters. The observers, their
age and their chart acuity values (with extra diopters) are given in table 5.1

5.104 Experimental results

In Figure 5.2 the results of the first part of the experiment, the paired comparison experiment,
are shown. In this figure the percentages that a certain stimulus was preferred over the stimuli

46



Table 5.1: Age and chart acuity value of the three groups of observers.

Group Obs. Age Chart acuity
ge 21 VOD 1.5

OD sr 20 VOD 1.25
st 22 VOS 1.25
vp 26 VOD 1.5
do 22 VOD 0.5

1D Ie 21 VOD 0.5
illS 24 VOS 0.8
pa 21 VOD 0.5
bi 23 VOD 0.25

2D je 27 VOS 0.5
si 26 VOD 0.2
su 24 VOD 0.25

it was compared with, are given.

The results of the acuity tests are shown in figure 5.3. The averages per group are given in
figure 5.4.

5.1.5 Discussion

From Figure 5.2 we can see that the subjects indeed do prefer some amount of deblurring:
the curves for all three orders generally show a peak. We can also see that in general the
peak is higher for higher orders and shifts to a larger amount of deblur when the subject is
more defocussed. Comparing the position of the peaks for the three different orders we can
see that the amount of preferred deblurring increases with the order. In general the curves
converge for small amounts of deblur and fall of steeply for the large amounts (right side of
the peak).

Since the accuracy of the deblurring process depends on the order parameter, it can be
assumed that with infinite order the observers choose that value of C7deb that is equal to
their own visual blur. However if the order is finite not all the visual blur can be deblurred
(large C7deb and a relatively low order lead to a somewhat blurring process), the observers
will choose a lower value of C7deb' It can be seen in some figures in figure 5.2 that the peaks
shift to the right for larger orders (e.g., see observer DO (lD)).

In table 5.2 the value of C7deb belonging to the peak value is given for every observer, every
order and all three groups. This table also shows us that the optimal values of C7deb shift
to larger values for higher orders. With each optimal order-C7deb combination an acuity
threshold was determined (figure 5.3). From this figure and figure 5.4 we can seen that the
high-contrast stimulus ('h') introduces the highest acuity value, then acuity quickly drops
when the contrast of the image is reduced ('1'). After that, for increasing order it can be seen
that the acuity gets better again. The only anomaly is the 2D-case, where the 'dl'-stimulus
scores the lowest acuity value. This can be explained by the fact that these observers prefer
large amount of deblur, which can only be presented optimally with a high order. A low order
and a large value of C7deb will probably even blur instead of deblur the image. The effect that
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Figure 5.2: Results of the paired comparison experiment. Left: aD; Middle: ID; Right: 2D.
The values along the vertical axes give the percentages that a certain stimulus was preferred
over the stimuli it was compared with. The horizontal line in the plots gives the percentage
for the non-deblurred case contrast. The high contrast stimulus was always preferred over all
other stimuli, but is not used in the calculations.
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Figure 5.5: Scatter diagram of threshold gapsize versus preferred 0"deb

has the acuity value on O"deb is given in figure 5.5. In this figure we can see that there is a
clear linear relationship between acuity and preferred 0"deb' This means that we can predict
the preferred amount of deblur, based on the acuity value of the observers.

In figure 5.5 we can also see the effect of order on preferred O"deb, on the right-hand side of
the figure the lines spread out, wich means that the order is to low to deblur optimally.

Table 5.2: Value of O"deb belonging to the peak value of the curve for every observer, every
order and separate groups

OD 1D 2D
Order Order Order

Obs 1 2 3 Obs 1 2 3 Obs 1 2 3
GE 0.76 1.06 1.36 DO 1.84 2.36 3.42 BI 7.88 9.39 14.27
SR 1.82 2.14 2.14 LE 2.46 7.37 8.77 JE 1.88 14.27 14.27
ST 1.22 1.78 1.58 PA 2.21 3.19 2.21 SI 6.84 20.00 20.00
VP 0.94 1.70 3.98 MS 3.19 5.16 3.19 SU 6.32 17.54 17.54

Avg. 1.12 1.78 2.06 Avg. 2.38 4.11 3.81 Avg. 5.03 14.72 16.35

5.2 Experiment 2: Deblurring and contrast enhancement ap
plied to text

In the second experiment the applicability of deblurring will be tested in combination with
the limitations it poses on the global contrast of the image. This experiment is carried out
with low-vision observers. The experiment consist of three parts.

The first part is similar to experiment 1 (previous section): in a paired-comparison experiment
a topology in visibility of the opening is determined for rings deblurred with different orders.
This part differs from the first part of experiment 1 in that the stimuli are scaled within the
range of the monitor. Since there is a trade-off in deblurring and global contrast amplitude,
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we aim at finding an optimum in the application of those two techniques for the different
groups of observers.

In the second part an acuity test is carried out with maximum contrast non-deblurred rings
and with those stimulus types for which an optimum was found in the first part.

The third part of the experiment is meant to approach a reading situation more closely than
the previous parts in this experiment did. A search task is performed with pseudo texts
consisting of rings processed in the same way as the optimum rings in the first part. The
subject was instructed to scan the pseudo text line by line as fast as possible, and to push
a button every time a ring having the opening on the right-hand side (the target) was seen.
The choice to use pseudo texts instead of normal texts is made because of a number of serious
disadvantages of normal text:

• The dependence of reading speed on the difficulty of the text presupposes a kind of
standardization, which is hard to realize.

• A coherent text can normally only be used once, since subjects tend to skip known
parts.

• Redundancy of readable text has a detrimental effect on the sensitivity of the method.

The way out to a search task that approximates closely to reading was found by Roufs [35] (see
also Roufs & Boschman [36] and Boschman & Roufs [3]). Although the task approximates very
closely to reading, it cannot be stated with absolute certainty that it represents it completely.
Some confirmation may be found in Boschman & Roufs [2], where an experiment involving a
direct comparison of search and reading is described.

5.2.1 Stimuli

In the first and second part of this experiment the same types of stimuli as in experiment 1
were used. However, the rings were scaled maximally in the range of the monitor (Le., the
background of the stimuli is determined completely by the order). Because of the scaling
there are no non-deblurred stimuli of low contrast anymore.

For the third part pseudo texts were created consisting of 10 lines of 14 Landolt-C rings,
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-hand side. The inter-character space was 0.375 times
the ringsize. The inter-line space was 0.875 times the ringsize, which means a quotient of line
distance and line length of 1:10. This is much above the minimum value of 1:30 for this
quotient (see Bouma [8]) 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 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 re
maining directions.

An example of a pseudo-text is given in figure 5.6.

Figure 5.6: Stimulus used in the target-search task in experiment 2

5.2.2 Procedure

First of all, the subject's chart acuity was determined with both eyes after the subject was
optimally corrected. The non-dominant eye was covered and the acuity with the dominant eye
was determined on the monitor with non-deblurred stimuli of contrast -0.986. Subsequently,
the distance for the paired-comparison test was selected, such that the rings were observed
with an angle three times above the acuity threshold angle (contrast -0.986). Along with
this selection also a decision was made to use the rings of 2.9 em or 5.8 em. An extra
distance correction was made on the number of diopters. Then, the paired-comparison test
was started. In this test two rings were presented simultaneously on the monitor, one on the
left-hand side, one on the right-hand side (see figure 5.7). The task for the subjects was to
choose that stimulus for which the visibility of the opening was judged to be better.

In the second part of the experiment an acuity test was carried out with the non-deblurred
stimuli of maximum contrast and with the stimulus types belonging to the maxima of the
deblur-visibility curves for the three orders.
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Figure 5.7: Stimulus used in the paired comparison experiment in experiment 2. The images
are deblurred with different orders (Left: 2; Right: 3) and have different values for O"deb. Note
the difference in the background luminance due to the different orders and the scaling into
the range of the monitor

In the third part of the experiment 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 oculo motor
behaviour is similar to the eye movements that occur during reading. The subjects used a
button to count the targets, thus preventing any memory load. The subjects were instructed
to perform the task as quickly and as accurately as possible. By Boschman & Roufs [3]
the number of errors (missed targets) was not found to be a sensitive performance measure.
Subjects typically slow down their speed in order to improve their accuracy. The cases that
a subject made more than three errors in a trial, the text was presented again later on. All
texts were presented eight times, in random order. Since there were eight different layouts,
all layouts were presented only once.

5.2.3 Observers

The observers were 3 low-vision observers in 4 categories, namely two cataract categories and
two ARMD categories. Subjects in the first category for both diseases had a chart acuity
between 0.09 and 0.22, subjects in the other group between 0.22 and 0.45. The observers,
their deficiency, class, age and chart acuity values (with extra diopters) are given in table 5.3

In the target-search task subjects BA and BE suffered that much from fatigue that in her
case all texts only were presented six times (six different layouts). The texts where presented
in such an order that the number of targets was always 20 for two subsequent texts. For that
reason, subjects BA and BE on the average have seen as many targets as the other subjects.
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Table 5.3: Disorder, age and chart acuity value of the three groups of observers in the second
experiment

Group Class Obs. Age Chart acuity
BA 62 VOS 0.15

0.09~VA<0.22 BE 72 VOS 0.10
Cat. BO 72 VOS 0.15

AA 84 VOS 0.3
0.22~VA<0.45 AS 68 VOSO.4

FE 65 VOD 0.25
ME 78 VOD 0.125

0.09~VA<0.22 SH 79 VOD 0.2
ARMD VH 77 VOS 0.15

HU 70 VOD 0.25
0.22~VA<0.45 LM 82 VOSO.4

VW 80 VOD 0.4

5.2.4 Experimental results

In figure 5.8 the results of the first part of experiment 2, the paired comparison experiment,
are shown. In this figure the percentages that a certain stimulus was preferred over the
stimuli it was compared with, are given. Figure 5.9 shows the results of the acuity test.
Finally, figure 5.10 shows the results of the target-search task.

5.2.5 Discussion

In deblurring the overshoot gets higher when the order increases, which leads to reduced
contrast. This effect can be clearly seen in figure 5.8. Initially the highest orders get the
lowest appreciation (little deblur, large contrast reduction), which we call the effect of contrast.
Furtheron, for larger amounts of O"deb we can see that the curves (especially for the highest
orders) increase rapidly, this is the effect of deblurring. The initial high-contrast text, always
scores better than the rest (near or at 100%). Thus we can say that the effect of contrast is
found more important than the effect of deblur.

The acuity experiments do not show any significant effect of contrast or deblurring on acuity.
So even though most people prefer high contrast, we can see no important difference in acuity.
When we take a look at the averages of the search-task experiment there is no evidence that
the search times do decrease for the deblurred stimuli. Moreover, in case of the lower cataract
and higher ARMD-group there seems to be an increase in search times. In the figures of the
averages, we can see that the lower groups need generally more time than the higher acuity
groups do. Concluding we can say that deblurring has hardly any effect on search times.
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Figure 5.8: Results of the paired comparison experiment of experiment 2. First row: cataract,
low acuity; Second row: cataract, high acuity; Third row: ARMD, low acuity; Fourth row:
ARMD, high acuity. The values along the vertical axes give the percentages that a certain
stimulus was preferred over the stimuli it was compared with. The horizontal line in the
plots for subjects BA, SH and LM gives the percentage for maximum contrast. For the other

\

subjects this line is at 100%
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Figure 5.9: Results of acuity tests of experiment 2. First row: cataract, low acuity; Second
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Figure 5.10: Results of target search tests of experiment 2. First row: cataract, low acuity;
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5.3 Experiment 3: Deblurring and contrast enhancement ap
plied to complex scenes

In the first experiment we have seen that the technique of deblurring is applicable to increase
the appreciation and the acuity. In the second experiment we saw that the decrease of the
global contrast of text images has a degrading effect on appreciation, acuity and reading speed
which is larger in magnitude than the increase of those variables due to deblurring. As we
mentioned earlier, this effect can be explained by the fact that text images in general only
have two luminance levels. Keeping those at the maximum and minimum luminance levels of
the screen results in a lack of room for improvement. It might be the case however, that for
complex images the relevant details might be on lower than maximum contrast. Therefore
a third experiment was set up in which complex scenes were deblurred and subsequently
clipped. Again, in a paired-comparison experiment low-vision subjects were asked for their
appreciation. In this way again a topological ordering was brought in the stimuli.

5.3.1 Stimuli

In this experiment three complex scenes were used (see figure 5.11): "Ball", "Lighthouse" and
"Wanda". The scenes had dimensions 10.71 x 13.77 cm. The images were deblurred with lJdeb

values (expressed in pixels): 1, 3, 5, 7, 10, 13, 17, 23, 29, 38, 56, and 61 pixels. This gives a
fine sampling in the middle range and a somewhat coarser sampling on the ends of the range.
On 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 well. Only order 3 was
used. Overshoot peaks going beyond the range of the monitor were clipped. The background
was again 58.6 cd/m2, the same value as in the paired-comparison tests with Landolt rings.

a). b). c).

Figure 5.11: The complex scenes used in experiment 3. a). Ball; b). Lighthouse; c). Wanda
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5.3.2 Procedure

Since the observers used in this experiment were the same observers as in experiment 2, no
chart acuity or acuity on the monitor had to be determined anymore. The distance was kept
the same as in the paired-comparison test in experiment 2. In the paired-comparison test two
complex images were presented simultaneously on the monitor, one on the left side, one on
the right side. The two stimuli were of the same type (e.g., "ball"), but they were processed
in different ways. The task for the subjects was to choose the stimulus which they preferred.
Arguments could be that the details were better visible, that they could recognize better
which is in the picture, etc. First of all, all combinations of the picture "Ball" were presented,
after that "Lighthouse", and finally "Wanda".

5.3.3 Observers

The observers used in this experiment were the same low-vision observers as in the second
experiment (section 5.2). Therefore we refer to table 5.3 for the data of the observers.

5.3.4 Experimental results

In figure 5.12 the results of the first part of experiment 3, the paired comparison experiment,
are shown. In this figure the percentages that a certain stimulus was preferred over the stimuli
it was compared with, are given.

5.3.5 Discussion

From figure 5.12 we can see that almost all observers appreciate some amount of deblur
applied to the three images. Since the images were only shown 12 times each, the curver are
rather jumpy due to mistakes and other effects that would have been filtered out if the images
were presented more often. However the effects of deblurring can be seen at all observers.
Especially the curves of subject AS are very clear.

First we can see an effect caused by the image, the preferred value of adeb is generally
lowest for Wanda, than Lighthouse and finally Ball. This can be explained by the amount of
important small details in the image. Wanda, of course, contains most details, whereas Ball
contains hardly any. If an image contains a lot of details that are important to the observer,
this image is hard to deblur with low orders and large sigma values (because of the wide filters,
details might be deblurred away). Images without small details however are much easier to
deblur and generally a larger adeb is preferred. This value of adeb depends, of course, highly
on the amount of visual blur.

Assuming that the observers prefer compensation of all their visual blur by deblur, those
observers with more visual blur will choose overall higher adeb values, which is only possible
when the order-adeb combination does not cause small important details to become less
visible. For those observers, who do not see the smallest details anyway (e.g., observers like
ME), the difference between the images gets much smaller, which leads to a 'one-size-fits-all'
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Figure 5.12: Results of the paired comparison experiment of experiment 3 (complex scenes).
First row: cataract, low acuity; Second row: cataract, high acuity; Third row: ARMD,
low acuity; Fourth row: ARMD, high acuity. The values along the vertical axes give the
percentages that a certain stimulus was preferred over the stimuli it was compared with
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value of 0"deb' Overall we can say that deblurring has a positive effect on the appreciation of
a complex image.
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Chapter 6

Conclusion

From the previous we can conclude that deblurring in the actual state of technology is not
suited for text enhancement in low-vision. In the future screens with locally high luminance
levels (values that might cause damage to the visual system when whole text-images are
shown at this level) might be able to give the space needed for deblurring without effecting
the overall contrast value of the image. In the actual range of luminance levels, high-contrast
text is preferred over deblurred low-contrast text.

For complex images however, deblurring can be very useful. The preferred amount of deblur
depends not only on the blur in the observers visual system, but also on the amount of
important details in the image.

Finally, we have seen that the chosen approach to tackle some problems caused by low-vision,
based on the assumption that the early visual system can be described by the scale-model,
was proven successful. Although not all problems could be solved, more understanding about
the early visual processes has clearly been reached.
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Appendix A

Individual data of all subjects

Here all individual curves concerning part one of this report will be given. First all acuity,
then all contrast and finally all recognition time figures will be plotted.

A.I Acuity experiments
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Figure A.l: Acuity as a function of contrast, individual results per group plus average
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A.2 Contrast experiments
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Figure A.2: Contrast as a function of ringsize, individual results per group plus average
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A.3 Recognition times experiments

A.3.1 Recognition times versus ringsize

RecognitIOn times VersUl; ringsize. conlrast -0.986 (young)

..

ms ......

Ringllize (arcmin)

,'\,
'\\ ..

Recognition times versus ringsize. contrast -0,054 (young)

1700
1500
1300

! 1100

~
900

."a 700
:a
1!'• 500

'"

100
Ringslze (an.::mm)

10

500

Recognition times ve~us ringsize, contrast -0.193 (young)

700

1700
1500 HH······················· + i 1'········ ·,iYc .;=c.,
1300 H· ..; ·· ·.. ;····..··•· · ·;..·; .. ···,···· .. ·· ·
1100 H'.,+·..·· · ···i , ,., ··; , llg .•''''.c ~

900

..•y.e. ...~ ..
ms ·G···

.. ··lk·""X:·::;···

100

700

500 "fCS:·····.·.·., ....·.,i'··.

LO

1700
1500 c,···,·,·········
1300

1100

900

Recognition times versus ringsize. conlrasl-O.2M6 (young) Recognition times versus ringsize. conU'a..'il -0.083 (young) Recognition limes versus ringsize. C0f1trasl-O.024 (yOWlg)

.\;
\ ms ....

~: .:
'.\\ [

·'~t'Z:,·;
1"""1>.~,_._. r--

~'-,- T 'I.. .~

ms ......
. Uf-:e:·:"

pg-..;:~:::-_ ...

100
IUngsize (arcmin)

10

1700
1500
1300

! 1100

~
900

'"a 700."'a
8' 500.Jt

100
Rinesize (arcmin)

LO

700

500

300

\700
1500
1300

1100

900

100
Ringsize (arcmin)

LO

500

700

\70n
1500

1300

1100

900

Figure A.3: Recognition times versus ringsize, individual results per group plus average
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