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The effects of adaptive contrast enhancement by 
residue-image processing on medical images 

E.A.E. Thans 

'An investigation about the effects of the adaptive contrast enhancement algo

rithm, introduced by Martens ([Jbm1] and [Jbm2]), on the quality of medical 

images.' 

ABSTRACT 

The goal of this study is to investigate the effect of adaptive 
contrast enhancement on medical images. For this purpose, 
we used the adaptive contrast enhancement, introduced by 
Martens. To enhance the contrast we only considered two of 
the five parameters available through the algorithm. The two 
parameters are referred to as at and av, the boundary of the 

threshold and the limit of visibility respectively. 
We find that the algorithm has a positive effect on the quality 
of the images, although the expectations were higher. More 
investigation is necessary to conclude that the algorithm is a 
useful tool for enhancing the contrast in medical images. 
We considered both the appreciation-oriented and the per
formance-oriented qualities. Six observers are asked to read 
the processed images. The results are strongly scene 
dependent for both. 
The performance oriented quality is measured using a detail 
detection experiment. The results are subject dependent, i.e. 
high between-observer variability. In order to decrease the 
uncertainty in the results, one should consider higher number 
of subjects. 
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Chapter 1 

Introduction 

It is known from different application areas that we can distinguish between appre

ciation- and performance-oriented image quality. Appreciation-oriented quality 

expresses how well the image pleases the viewer. Performance-oriented quality, 

on the other hand, is only defined for images which are used to perform certain 

tasks, i.e. diagnostic tasks in medical images. 

The main purpose of this work is to investigate the effects of the adaptive contrast 

enhancement algorithm, introduced by Martens ([Jbm1] and [Jbm2]), on the qual

ity of medical images. 

For this purpose, two different X-ray scenes are considered: one scene repre

sents cerebral vessels and the other kidney vessels. We should note that the term 

"scene" is used to refer to the original X-ray image prior to processing. 

The appreciation-oriented quality is evaluated with a so-called ranking experi

ment. The subjects had to rank eighteen different post-processed images of each 

scene. To measure the performance-oriented quality, an extra vessel was added 

to the original scenes, which were then read after processing. The quality of the 

image is evaluated according to the degree of visibility of that particular vessel in 

the image. 

This report represents the first work ever done to formally investigate the useful

ness of this algorithm in medical imaging. For this reason, we reserve the next 

chapter to explain the theory in detail. 
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§ 2.1 Introduction 

Chapter 2 

Theory 

As mentioned in chapter 1, the main goal of this work is to improve the quality of X

ray images. By quality, we mean both the appreciation, i.e. nicer images, and the 

performance, i.e. enhancing the contrast for better diagnosis. 

For contrast enhancement, we make use of the adaptive residue-image algorithm, 

introduced by J.B. Martens in [JBM1] and [JBM2]. 

The algorithm is conceptually simple and presents low computational complexity, 

which makes it suitable for real-time application. 

In the following section, a simplified explanation is presented about the theory on 

which the algorithm is based. 

§ 2.2 The algorithm 

Given is an input signal, fin (x) and a output signal fout (x). The "function" that 

transfers f. (x) to the output signal f t (x) is called an algorithm. 
ln OU 

Any windowed signal .f (x) can be decomposed as 

w (x- p)f(x) = w (x- p) V(p) + (f(x) - f(p)) J (1) 

where the window w(x) can be normalized such that 
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J w2 (x) dx = I (2) 

In Equation (1) pis the window position in a regular lattice ff), f (x) is a signal and 

f (p) is the mean value for the signal in the window, defined as 

f (p) = J w2 (x- p)f(x) dx (3) 

The residue signal is the input signal minus the mean, i.e. f(x) -f(p) . This resi

due signal can be represented as some kind of energy function as follows 

e (p) = J w2 ( x - p) [f ( x) - f (p) ] 2 dx 

(4) 

The above equation means that a window with a high contrast level, i.e. represent

ing a large difference between the mean value in the window and the input value at 

that particular position in that window, has a high energy value. On the contrary, 

regions with smaller contrast have a low energy. 

Equation (1) represents the original signal, which is divided into small regions, 

called windows. These signals can be further altered by applying different weights 

to the mean value and the residue signal, i.e.; 

W ( X - p) f t ( X) = W ( X - p) [ µ (p) f. (p) + K (p) (f. ( X) - f. (p) )] (5) 
OU in in in 
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with µ and K as two amplification factors. Different values of µ and K are 

expected to result in different levels of image enhancement. 

In general, the amplification factors are functions of the mean signal value f (p) 

and a contrast measure c (p) that expresses how much the signal deviates locally 

from its mean value. This is already expressed in Equation (4). We take for the con

trast measure the same definition: 

C (p) = e (p) (6) 

In general, contrast measures are mostly obtained by quadratic filtering of the input 

image [JBM1], as illustrated in figure I. 

f(x) 

I 

(, )2 

lP 

l P 

[e(p)] 

Figure I: Algorithmic structure for deriving the energy of the residue signal 
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For the purpose of this work, we only change x:, while the value of µ is kept con

stant, and it is taken to be 

µ (p) - 1 (7) 

For the contrast of the input signal, also called the input contrast, we derived 

Equation (4). This equation can also be used to express the output contrast as fol

lows 

(8) 

The substitution of Equation (5) into Equation (8) gives 

(9) 

The average signal was not altered by the algorithm (Equation (7)), this means: 

(IO) 

Using Equation (7) and Equation (9), we can rewrite Equation (9) as 
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C = K2 C. out zn (11) 

if we assume that K is independent of x. 

For K a function is chosen, which is only dependent of the contrast-level: 

0 C < Ct 

K (c) 
s + (1-s ) If ct5,c5,cv (12) 

V V C 
C > Ct 

1 

In this formula, s represents the slope of the straight line between the two bound
v 

aries for the contrast: ct and c . We assume that s is equal to zero, which 
V V 

means a horizontal line (see figure Ill). 

In figure II the amplification factor K ( c) is easily seen: 
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2 

Figure II: the amplification factor K as function of the contrast level c 

The influence of the amplification factor on the output contrast level is described in 

the next figure. 

- 10 ::::, 
,.p ,,.. 

7 

3 
/ 

/ 

altered signal 
original signal 

/ 

/ 
/ 

at 
,j:J 0 2 

Figure Ill: the contrast level altered by the algorithm 

To avoid using the square root for the contrast boundaries (Equation (12)) we intro

duce: 
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(13) 

When the contrast is too low, which means less than at (the 't' stands for Thresh

old), we assume that the signal is noise. We translate that to an output contrast

level of zero. The 'v' in a stands for Vision. That is the contrast level which can be 
V 

distinguished by the eye. This means that a signal between at and av is assumed 

not to be noise, but the contrast is too low to see it. The amplification factor brings 

up the contrast level to the visible level. When the signal has an input contrast level 

above a , nothing is changed, because everything is already visible. The expecta-
v 

tion is that by changing the two parameters, an optimum will be found. An optimum 

in quality as well as in contrast. 

The algorithm also has other parameters which can be changed. It's possible to 

give the straight line between at and av a slope, which is not equal to 0. This 

means that a signal with a low contrast level will get an energy level which is lower 

than the energy level of a signal with a higher contrast. 

It is also possible to change the window length. A larger window will give a 

smoother appearance, but it takes also more time to compute. 

The lattice fp can also be changed, i.e. the distance between the lattice points can 

be varied. Raising the distance means decrease of mathematical work for the com

puter, resulting in faster image processing. 

In these experiments only the parameters at and av were changed, while the 

other three were held constant. The slope of Fo:r from at to av was taken to be 

zero and the window length equals six pixels. The lattice distance was taken two 

pixels. 
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In the figure below, the structure of the algorithm is shown: 

f(x) 

Contrast 

lP lc(p)J 

Adaptivity 

{J{p)J jµ(p) - 1t(p)J [1-(p}J 

TP 

TP 
"'1.V(x) 

i(x) 

Figure IV: structure of an adaptive residue-image processing algorithm 
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Chapter 3 

Experimental Set-Up 

§ 3.1: Image material 

Two angiographic (blood vessels) X-ray images were used. One is a subtracted 

image of cerebral vessels. This image represents low noise level and a good con

trast, i.e. very thin vessels are visible in this image. We will refer to it as 'CER'. 

The second image is a contrast image of the artery feeding the kidney. Not only the 

vessels, but also the kidney it self is filled with a contrast liquid. Both the artery and 

its ramifications are important, as well as the contour of the kidney against the 

background. We will refer to this image as 'KID'. 

The two images are shown in the next figures. Every picture shows different values 

for a1 and av- In those pictures it can be seen that some details are easier to detect 

than others. That is of course due to the algorithm (see§ 2.2). In the upper right 

comer, the original image is shown. 
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Figure IV: the cerebral images with different settings for the algorithm 
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Figure V: X-rays of the kidney with different settings for the algorithm 
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For every scene two versions were made. In the original image an artificial 

bloodvessel was added. For the cerebral image, a vessel was added either up or 

down. For the kidney-scene, the artificial vessel is either placed left or to the right. 

(For classification, see also the four images of enlarged regions where the extra 

detail appear). The extra detail is changed and varied in contrast and noise along 

with the rest of the image. 

Figure VI: Detail of scene 'CER'. The arrows point to the artificial vessel. For illustra

tion purposes, the contrast is higher than that used in the actual stimuli 
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Figure VII: Detail of scene 'KID'. The arrows point to the artificial vessel. For illustrat

ing purposes, the contrast is higher than that used in the actual stimuli. 
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§ 3.2 Testing environment 

The goal is to provide a testing-environment which is comparable to the hospital sit

uation. This means that the luminance of the lightbox and the background is cho

sen to be as close as possible equal to that situation [OVE1]. The images were 

viewed on a lightbox with a luminance of 2500 cd m·2• There were also six spots in 

the ceiling and a desk-lamp that lit the wall behind the box. Due to this, light with a 

luminance of (65 ± 5) cd m·2 was reflected from the view-box. The centre of the 

viewbox was chosen as calibration point. 

The luminance strongly depends on the time that the box was lit. In the next figure 

the luminance versus the time is plotted: 

...... 
C\I 

I 

E 
"C 
CJ 

('I) 

b 
~ ...... 
Cl) 
CJ 
C 
ctl 

,£; 
E 
.2 

2.5 

2.0 

1.5---------..-------------
0 5 10 

time [minutes] 

15 

Fig. VIII: Luminance versus the time for the viewbox 

The measurements were done with a L 1000 luminance-meter (brand LMT; IPO reg. 
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no. 4006), with a measuring field size of 3 ~ 

After about five minutes the luminance is constant. Just to be sure, the box was lit 

for at least thirty minutes before an experiment took place and then adjusted to 

2500 cd m-2• 

The viewing distance was 50 cm for the ranking experiment and 100 cm for the 

detection experiment. The reason why the viewing distance for the latter wasn't 50 

cm., is that the added details were too easy to see at that distance, so that the 

detail would be detected in 100% of the cases. 

§ 3.3: Algorithm settings 

A total of eighteen images for every scene were printed. For each image, different 

values for at and av were considered. Both were varied between 0 and 25, with the 

restriction of course that at~ av. Due to this restriction, it was only possible to con

struct a half filled matrix: implying twenty different combinations, but on the viewbox 

we only had place for eighteen pictures, so that two values of at and av were 

skipped. Every image was randomly numbered from 1 to 18, and then randomly 

positioned at the view-box. 

In table 1, the eighteen different input values are shown: 
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image direction direction 
a, av detail detail 

number 
'CER' 'KID' 

0 0 4 up right 

0 10 16 up right 

0 15 10 down left 

0 20 1 down left 

0 25 18 up right 

5 5 9 up right 

5 10 11 down left 

5 15 14 down left 

5 20 7 up right 

5 25 2 down left 

10 15 6 down left 

10 20 5 up right 

10 25 12 up right 

15 15 3 up right 

15 25 8 down left 

20 20 15 down left 

20 25 17 up right 

25 25 13 down left 

Table 1: input values for a 
1 

and av 

As seen from the table, the original image is number 4. 

We had two large sheets, one for the cerebral images and one for the kidney. On 

each large sheet, the images were placed as follows: 
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3 18 1 10 2 7 

4 11 14 12 15 5 

16 6 8 13 17 9 

Figure X: position of the images during the experiment. 

§ 3.4: Subjects and tasks 

A total of 36 images were used for these experiments. The subjects' first task was 

to rank the different images on quality. The best image, according to the observer, 

gets a 1 and the worst gets number 18. And this for every scene, three times. All 

images of a single scene were shown on the view box at a time. 

In a second session, also called the "contrast part", subjects had to detect the local

isation of the added detail (see also §3.2). Before the start of this section, the sub

ject was shown the two possible locations of the detail. A two-alternative-forced 

choice paradigm was used: when the subject was not certain in which of the two 

locations the detail appeared, he or she had to guess. The subject had to judge 

every image five times in a pseudo-random order. 

In half of the trials, the whole sheet was reversed to exclude the learning-

effect. 

Six subjects did the experiments. In this report I shall use only the initials of the per

sons, more information about the subjects are given in the following table: 

p.23 



Init-
date of date of 

ials 
name age visus experiment experiment 

1 2 

ma Minke Apontoweil 27 1.5 19-10-94 25-10-94 

mv Marianne Verschueren 26 2.0 13-10-94 13-10-94 

io lneke van Overveld 32 1.25 11-10-94 12-10-94 

nb Najoua BelaYd 28 2.25 12-10-94 12-10-94 

el Elmer Lie 20 2.5 25-10-94 27-10-94 

sy Sergey Yendrikhovsky 25 2.0 12-10-94 21-10-94 

Table 2: The subjects 

To give every subject the same instructions, an instruction-letter (in Dutch) was 

given before performing the experiments.The instruction-letter is shown on the next 

page: 
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INSTRUCTIES 

Dit experiment onderzoekt de invloed van een algoritme op het gebied van 
kwallteit en contrast voor medische plaatjes. 
Het onderzoek bestaat uit twee delen: een kwaliteits-gedeelte en een 
contrast-gedeelte. 

1. KW ALITEIT 

Je krijgt 36 verschillende plaatjes te zien. 18 r6ntgenfoto's van 
bloedvaten van een nier en 18 van hersenbloedvaten. 
Aon jou de took om de foto's op volgorde van kwaliteit te leggen, het 
volgens jou mooiste plaatje krijgt het nummer 1 en het lelijkste plaatje 
dus nummer 18. Je moet alle nummers gebruiken en ieder plaatje kan 
slechts een nummer krijgen. 

2. CONTRAST 
Ook nu krijg je weer 36 verschillende foto's te zien. Van zowel het nier
als van het hersenplaatje zijn er twee verschillende versies, die miniem 
van elkaar verschillen. De experimentator zal de desbetreffende details 
eerst een keer aanwijzen, zodat je weet waar je moet zoeken. 
Het is jouw took om aan te geven welke versie van de twee je ziet. 

Als er nog iets onduidelijk is. vraag don nadere uitleg aan de experimentator. 

Alvast bedankt en vooral veel succes. 

Figure XI: the instruction letter 
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CHAPTER 4 

RESULTS 

This chapter is divided into two parts: one presents the appreciation-oriented quality, 

and the other the performance-oriented quality. 

§ 4.1 Appreciation-oriented quality 

As explained in chapter 3, the subjects had to rank the eighteen different images of 

every scene. The results are transformed to an interval scale from 1 to 10, using the 

program "RANK/NT', a program written by Van Overveld and it is based on 

Thurstone's theory. For more information about the program and the theory behind 

it, we refer to [OVE3]. 

Table 3 gives the result of the ranking experiment after transformation: 

image 
App. App. App. 

at av Quality Quality Quality 
number 

'CER' 'KID' CER+KID 

0 0 4 4.023 7.056 4.619 

0 10 16 3.455 7.962 4.875 

0 15 10 4.115 6.583 4.403 

0 20 1 4.113 5.617 3.668 

0 25 18 4.551 4.355 3.247 

5 5 9 6.844 8.619 7.730 

5 10 11 3.133 6.794 3.732 

5 15 14 6.510 5.804 5.425 

p.26 



5 

5 

10 

10 

10 

15 

15 

20 

20 

25 

image 
App. App. App. 

8t 8v Quality Quality Quality 
number 'CER' 'KID' CER+KID 

20 7 4.984 1.000 1.544 

25 2 4.678 2.137 1.941 

15 6 8.231 8.794 8.813 

20 _ 5 8.685 10.000 10.000 

25 12 10.000 8.532 9.613 

15 3 1.000 4.749 1.000 

25 8 4.619 7.898 5.655 

20 15 1.736 8.843 4.454 

25 17 3.214 8.530 5.184 

25 13 2.052 9.117 4.715 

Table 3: the results of the appreciation quality experiment 

transformed to an interval scale 

Notice that the right most column results from entering all the ranking data for the 

'CER' as well as for the 'KID'-scenes into the program RANK/NT, and not from the 

average of the two other columns, i.e. App. Quality 'CER'.and App. Quality 'KID' 

The values in table 3 are plotted in 30-plots. The quality appears in the Z-direction, 

and a
1 

and av in the X- and Y- direction, respectively. 

p.27 



'{(ER) 

10 

8 

6 

4 

2 

0 

,,,,,~~ 

,' ', 

-· _,. 

' ' ' ' -- ' 

, 
I 

n' ,, ,, ,, ,, 

,:(/ 
,,:, ,' 

, , , 

f>-----:/ / 
/'_~~:~:-.- ,;: .... ,,_, __ --- _:,..., 
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4 

2 

0 

Figure XIV: 3D-plot of the appreciation quality versus a 
I 

and 

a for both scenes 
V 

As seen from the plots and the table, there is a huge difference between the 

scenes. In general after transforming, the kidney-scene gets higher values than the 

cerebral image. We can not draw any conclusion about that, i.e. this does not mean 

that the 'KID'-scene is more appreciated in general than the other scene. This 

effect is due to the program RANK/NT. 

To illustrate the scene dependency, the next figure is shown. In this figure, the 

quality is plotted versus the image number. 

The two solid lines in the figure represent the average of each scene. The differ

ence between the averages is about two points. 
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Figure XV: the appreciation quality is scene dependent. In the figure, 

the quality is plotted versus the image number. 

The effect of the algorithm on the quality of the image is quite large. The score of 

the original image (image number 4) is, in both cases, almost equal to the average 

score. When at= 10, an optimum score is found (see table 3). The best value of 

av is 20 for the kidney image and 25 for the brains. When at increases above 10, 

the quality score drops. This means that the chosen range for at is appropriate. 

For a , it is possible that an optimum can be found beyond the value 25. The opti-
v 

mum value for the pair (at ,av> is almost the same for both scenes. Thus we can 
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conclude that the optimum is not scene dependent. 

In figure XVI the correlation between the subjects is plotted. It is possible that the 

six subjects can be divided into three groups. This means that the ranking number 

of an image, differs from person to person, or from a group of observers to an 

other. For example, SY and MA made a remark during the experiment that they 

liked the images with more noise. In this case, they were sure that they did not 

loose information. On the contrary 10 and NB made the remark that they did not 

like those noisy images. This might be the reason that both two groups do not cor

relate at all. 
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Figure XVI: correlation clustering between the subjects. We should note that a cor

relation coefficient of 1 corresponds with maximum correlation and a coefficient of 

0 means there is no correlation at all. 

We should note that figure XVI does _not show negative correlation between the 
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groups, which is, actually, expected to exist between the two groups mentioned 

above (IO&NB vs SY&MA). To show this negative correlation, the following table is 

made. In this table we can also see that the three trials of the subjects are reason-

ably consistent. r-. .. 
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Table 4: the correlation between the trials of each person 
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.,. § 4.2 Performance-oriented quality 

In the second experiment, the subjects had to detect an added detail to the original 

scene. The subjects were instructed about the nature of the detail and its position in 

the image. We used a two-alternative-forced choice paradigm (see chapter 3). 

The degree of visibility highly depends on the scene. This is illustrated in the follow

ing figure. 
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Figure XVII: the scene-dependency tor the performance

oriented quality. In the figure the average percentage of 

detection is plotted versus the image number. 

The line in figure XVII represents the 'line of visibility'. Above the 75%detection, the 

detail is clearly visible. It is obvious that the added detail in the 'Kl D' -scene is much 

easier to detect than the detail in the brain image. Due to the scene-dependency, 

we consider both scenes separately. We should note that there is absolutely no 

p.33 



relationship between this figure (the scene-dependency for performance-oriented 

quality) and figure XV (the scene-dependency for appreciation-oriented quality). 

First, we discus the effects of the algorithm on the cerebral image. In the following 

figure, the degree of visibility is shown versus the parameter at. Five lines are 

drawn in the figure, each representing a different value for a . 
V 
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Figure XVIII: the degree of visibility versus at for different val

ues of a for the 'CER'-scene. When the degree of visibility 
V 

was lower than 50%, it was lifted to this percentage. Note that 

a =:zero stands for a =0; low=5; average= 1 O; high= 15;very 
V V 

high=20; max=25. 

As seen from figure XVIII, the degree of visibility decreases for higher values of at. 

The maximum score is found for at =0. This means that when the threshold param

eter of the algorithm equals zero, the degree of visibility is optimum. At at =0; the 

original image (in the figure represented by a bold point) gives the worst result. An 

optimum for the degree of visibility is found for the pair (at ,a) equals (0, 15). 
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Increasing a up to 15, gives a better visibility, when a increases more, the degree 
V V 

of visibility decreases. 

We should take into account that the standard deviation in the degree of detection 

varies between 5% and 30%, with an average of 13%; which is rather large. This 

means that it may be too early to draw definite conclusions about the optimum. To 

lower the standard deviation, the amount of subjects should be increased. The 

increase in the degree of visibility for high values of at at a = 20 and a = 25 is 
V V 

probably due to the high standard deviation. 

The effect of the algorithm on the degree of visibility for the kidney image, is plotted 

in figure XIX. 
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Figure XIX: the degree of visibility versus at for different val

ues of a for the 'KID'-scene. Note that a =:zero stands for 
V V 

a =0; low=5; average= 1 O; high= 15;very high=20; max=25. 
V 
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Just like expected {see figure XVII), the degree of detection in the figure above is 

much higher than in figure XVIII. The standard deviation for the 'KID'-scene varies 

between 3.5% and 14%, with an average of 8.1 %. Although the average standard 

deviation for this scene is lower than the standard deviation of the 'CER'-scene, it 

does not mean that it is 'better'. The range for the 'KID'-scene, except for 1 point, is 

between approximately 70% and 95%, while for the 'CER'-scene the range is 

between 50% and 87%. Relatively to the range, the standard deviation in both case 

is almost the same: 

* 8.1/(90-70)=0.32 

* 13/(87-50)=0.35 

==> 'KID'-scene 

==> 'CER'-scene 

The curves in figure XVIII, are presenting the detection coefficient with respect to 

the threshold value at in a more systematic way than in figure XIX. This effect is 

seen before in [OVE1], where the cerebral image gives also the 'best' results. 

Evidently the curve for av= 25 looks very irregular. That is why we took an extra 

measurement for these six images [(at ,a) == {0,25); (5,25); (10,25); (15,25); 

(20,25) and (25,25)]. 

Nine subjects had to judge every image three times in a pseudo-random order. The 

result of this extra experiment is shown in the figure by the dashed line. We see that 

the line differs a lot from the original line: it looks smoother by comparison to the 

original one. The dashed line shows something comparable with what is seen 

before for the 'CER'-image: increasing at means decreasing the degree of visibility. 

The best degree of visibility is reached for a 
1 

= 0, which we have also seen for the 

'CER'-scene. However, this is not completely true because increasing a
1

, does not 

automatically means decrease the visibility, as shown with the pair (a
1 
,av)== 

(15, 15) which gives also an optimum. But when we consider all curves, then we can 

say that at = 0 gives the best degree of visibility. 

At the value at = 0, the original image gives, just as in case of the 'CER'-scene, the 

worst degree of visibility, which means that the algorithm does have a positive influ

ence on the degree of detection. An optimum is found for (a
1
,a) = (0,10). But for 
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this scene, the difference between the degree of detection of other input values are 

much less than in case of the 'CER'-scene. The difference for the 'KID'-scene is so 

small that the optimum is unreliable. 

An important question is: why is the standard deviation so large? This is due to the 

large difference between the performance of the subjects, i.e. between-observer 

variability. Table 4 shows the large difference between the subjects: 

mean standard mean standard mean standard 

subject 
detection error detection error detection error 

'CER' 'CER' 'KID' 'KID' CER+ CER+ 
[%] [%) [%] [%) KID(%] KID[%] 

EL 93 6 94 2 94 3 

MV 78 5 73 5 75 5 

SY 62 7 75 4 69 6 

IO 50 6 95 2 73 7 

NB 48 7 81 6 65 8 

MA 39 5 85 6 62 8 

Table 4: the mean percentage of detection of each subject 

Note that, just like in table 3, the column of (CER+KID) is not the 

average of the other columns 

The mean degree of detection of the subject is mostly scene dependent, like we 

have seen before. The reason that one subject is 'better' than the other, might be 

related to the visus. Figure XX shows the mean detection with respect to the visus, 

which is presented in table 2. 
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Figure XX: average degree of detection of all scenes versus the 

visus of the subjects, with error-bars. 

As we can see from figure XX, the reason why there is such a difference between 

subjects can not be explained by the visus alone. It appears too random to draw 

any conclusions. However the subject with the highest visus has the highest degree 

of detection. 
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Chapter 5 

Conclusions and Recommendations 

As explained in chapter 1, the main purpose of this work was to investigate the 

effects of the adaptive contrast enhancement algorithm, introduced by Martens 

([Jbm1] and [Jbm2]), on the quality of medical images. For this purpose, we consid

ered two forms of quality, i.e. appreciation-oriented quality and performance-ori

ented quality. The algorithm consists of five important parameters, i.e. the lattice 

constant, the window length, the slope (s ) and the two boundaries of the contrast 
V 

a and a (see chapter 2 for more information). We considered only the effects of 
t V 

the last two parameters (at and av). 

For the appreciation-oriented quality, the effect of the algorithm is positive, i.e. the 

post-processed images are more pleasing to the viewer. The original image (for both 

scenes) gets a value which is almost equal to the average score. The optimum of 

the appreciation-oriented quality is found for at = 10, for both scenes. For av, the 

optimum is found at 20 for the cerebral image, and 25 for the kidney image. 

The appreciation-oriented quality is strongly scene dependent. For example the 

worst cerebral image, i.e. if quality equals 1, is obtained at (at ,a)= (15, 15), the 

quality is 1; the same parameter value used to process the kidney image results in 

4.7 score for quality. The worst kidney image results from processing the original 

using (at ,av)= (5,20), heaving a quality score of 1. At this parameter pair, the cere-

bral image gets a quality score of 5.0 (see table 3). 

The performance-oriented quality is even more scene dependent, the detail in the 

kidney scene is much easier to detect than in the cerebral scene (see figure XVII). 

The best degree of visibility is found with the threshold parameter at equals 0. At at 
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= 0, the original image, i.e. (a
1
,a) = (0,0), gives the worst result. This means that 

the algorithm also has a positive effect on the performance-oriented quality. An opti

mum is found for a = 15 for the cerebral scene and a = 1 0 for the kidney scene. 
V V 

We should note that the degree of visibility has a high standard deviation. This 

means that the effect of the algorithm on the degree of visibility (as shown in figure 

XVIII and XIX), has a large uncertainty (s.d.(kidney) = 8.1%; s.d. (cer) = 13%). 

These high standard deviation values are due to the large difference between the 

degree of detection between the subjects, i.e. one subject detects the detail in the 

'CER'-scene correct for about 93% of the time, while an other only detects 38% cor

rect. 

The difference in the degree of detection could be explained by a difference in the 

visus of the subjects. Figure XX shows that this can not be the only reason. 

Due to the high standard deviation and the fact that for the appreciation-oriented 

quality as well as for the performance-oriented quality the results were strongly 

scene dependent, we have to take caution in drawing our conclusions. 

We can conclude that the algorithm has a positive effect on both qualities, but the 

algorithm input values, when the optimum is reached, for both qualities are not the 

same. 

We should note, however, that the effect is found to be lower than expected. 

More investigation about the effect of the algorithm on medical images is necessary, 

before we can draw any final conclusions about the importance of this algorithm in 

medical imaging. For future study, we should especially, note that the performance

oriented quality is subject dependent. Also more subjects should be considered for 

lower standard deviation. 

p.40 



[Jbm1] 

[Jbm2] 

[Ove1] 

[Ove2] 

[Ove3] 

[Rami] 

[Rouf] 

[Rade] 

REFERENCE 
Adaptive Contrast Enhancement By Residue-Image Processing 

J.B. Martens; !PO-Manuscript 966. (1993) 

Noise Reduction And Enhancement By Means Of Adaptive Residue

Image Processing 

J.B. Martens; I PO-Manuscript 1035. (1994) 

Design considerations for X-ray: trade-offs in noise, contrast and blur 

affect image quality and performance 

W.M.C.J. Van Overveld; IPO Annual Progress Report 29.(1994) 

<to appear> 

The Effect Of Gamma And Noise On Perceived Quality Of X-Ray 

Images 

W.M.C.J. Van Overveld; !PO-Rapport 952. (1993) 

Description Of Rankint: A Program To Transform Ranking Data To An 

Interval Scale 

W.M.C.J. Van Overveld; IPO-Handleiding 130. (1994) 

Perceptually-Assessed Digital Processing Of Medical Images 

Boris Escalante Ramirez; Thesis (1992) 

Licht En Geluid 

J.A.J. Roufs/Duifhuis; Dictaat 0310.0 TUE (1989) 

Hard-Copy-Experiment, Vergelijken Van: -Schalen En Ordenen -Hard

En Soft-Copy 

F.P. Rademakers/ S.A.H. Spiertz; !PO-Rapport 903. (1993) 

p.41 



APPENDIX 

How to make a stimulus 

We present a short explanation for making a hard copy stimulus. 

On the SUN we start the program 'NEWCANTATA . The framework we used was: 

Raw Poly- V-

Input - 2 - -- - -
Viff Resi convert 

1 2 3 4 

Al 

l • 

Edit 

PolyF 

Image 

6 5 

Fig XI: Framework Khoros for adapting images 

ad 1 ): The input is of course the original picture. The image used, was a so called 

RAW-format image (1024x1024, 8 bit/pixel). 

ad 2): To transform the image to a format which can be manipulated, we used the 

'Raw2Viff' option. 
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ad 3): This frame represents the algorithm. In here you can change all the parame

ters, except for the window length. The output of this process is a image described 

with reals. 

ad 4 ): To convert these reals to bytes, block 4 was used. 

ad 5): This block is only used for displaying the image on the screen. 

ad 6): The window length can be changed in this block. 

Block 6 has to be first runned, and PolyPs output is used as an input to PolyResi. 

After that block 1 till 5 can be runned. 

When this is finished, click on 'Workfile' and choose 'Save temp files'. Save the 

image after the conversion (block 4). The original image is now changed by the 

algorithm. Now we have to make a hard copy. 

To make a hard copy, we transport the file to the Macintosh. On the Macintosh, click 

the 'Apple'-symbol and choose 'Communication--> SUN. Type in your name and 

password, to enter the UNIX-system. Click on 'NetworK and choose 'Send FTP

command (FTP= File Transport Program). 

Click on 'File' and choose 'Set transfer directory. Pick the directory where you want 

to send your image to. 

When this is done, type in 'BIN, because you're going to send over binary numbers. 

And finally type 'MPUT <filename.>' and confirm with Y(es). The image is now on 

the Macintosh. 

For printing the program 'Adobe Photoshop' was used. Click on 'File' and choose 

EXPORT--> KODAK XL7700. Now the image will be printed. 
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