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Abstract the progress of the severity of psoriatic lesions under influ-

L . . ence of different treatments. The body is divided into four
The assessment of psoriatic lesions on human skin by hu-> . .
main areas: the head, the upper extremities, the trunk, and

man observers is not objective or consistent, and the e%ﬁ— . .
e lower extremities. The areas represent, respectively, 10,

mates typically involve too considerable variation. T%O 30 and 40% of total body surface. The parameters pro-
facilitate the evaluation of psoriatic patients, an objective as- . . ’ -

. . . vide an evaluation of tharea of involved skin A) and the
sessment of involved skin surface is needed.

In this work, a segmentation scheme was developed to ﬁ?grig()é)ofi;?iirlaeﬁé%n(Byat:ézistga%ia%?m%?ms’ naesty

vide the skin surface into non-involved and involved re- -
The area of involvement has to be calculated. In analogy

gions. Based on the bi-modality of small subimages, dith the assessment of burn lesions on skin surface, the
variable thresholding scheme was generated. To take b(\ﬁ\{ln '

- . . - rule of nines” method was used [6]. Studies [6],[7] have

local and global impacts into account, an iterative metha . h L .
. . . . . shown, however, that this method is not objective. The esti-
with variable window size was developed. Multiple pass€es . S S
Mates involve wide inter-observer variation. The lack of ob-

improve the classification of pixels. A number of post- . - . - .

. . ective indicators of disease severity make consistent

processing steps are applied. These steps operate on a small . . . , o

; - observations of the evolution of the patients’ condition inac-

3x3 neighbourhood of the centre pixel. The number of false . - -
. . CUrate or even impossible. There is a need for accurate area

segments is reduced, defects are removed from the im

S . EFculation for pharmaceutical development and evaluation
and smoother transition is obtained.

of disability.
. In this paper, we will first give a brief overview of the
1 Introduction system by which a doctor can make an objective assessment

. . . .. of the area of involvement in psoriasis, and will then con-
In the field of dermatology, digital imaging applications.gntrate on the sub-problem of segmentation.
were rare before 1985, but progressive growth has been go-

ing on since then. The benefits of digital image processirégo . fth t
in the field of dermatology are obvious: the method is obje€- verview o € system

tive, quantifiable and interactive, and allows easy permanent

. Our goal is to develop an objective method of estimating

storage [2].The number of papers and reports addressin - . . .
e L . - involved surface area in patients with psoriasis.The current
digital imaging in the field of dermatology has increased ex-

. o . Image processing method can be divided into four main
ponentially [1]. One of the topics is the psoriasis. - . .
o2 - S hases. The image is pre-processed to remove the informa-
Psoriasis is a non-contagious skin disorder of probabl

genetic origin [3]. The most common typeplaque psoria- tn unnecessary for segmentation and highlighting and to

. S ; . . clarify the necessary parts. Next, the image is segmented by
sis which is manifested as swollen skin lesions covered by Q. . . .
. ) L - using colour information to extract unhealthy skin to a max-
silvery white scales. Although the origin of the disease IS R
. X L . imum extent. Classification of the segments affected by pso-
not quite clear, it appears that psoriatic lesions are developed.. . ; . . .
. : ) riasis is then carried out manually. Finally, the white skin
because local skin cells behave as if a skin wound were - -
. P syrface area of the whole body is determined, to calculate
present. Because of this accelerated cell production is foun ST .
. ; the percentage area of psoriasis involvement. A schematic
to replace and repair the (non-present) skin wound. Other ™ L A
averview of the system is given in Figure 1.

variations are, however, also possible: pus-like blisters as mThe assessment is based on segmentation with a previ-
?Ou dsét'rl:?ircpsggﬁzlssizz\r/esr?nift%g?r:zgrgééh?esﬁ?{saigm' ously developed hierarchical connected components analy-
psor . - €9 ' sis [13, 16, 17]. One important aspect of the system is pre-
verse psorla_SLSThe severity of skin lesions can also Var)fsrocessing of the image, including extraction of Ohta 12
from one patient to another. r{&8], the normalized green (g) colour feature, SNN (Sym-

To facilitate the development of curative treatments a . . - S
- N o metric Nearest Neighbor) and median filterings. The pur-
medicines, gsoriasis area and severity ind¢RASI) has Lo . .
se of these filterings is to enable accurate segmentation

been developed [4][5]. It is a way to evaluate the area aﬁ” hout too many false segments.

severity O.f psc_)_rlat_lc IeS|_ons In a patient. If an objective indi- The segmentation method used in this work is basically a
cator of disability is available, more research can be done on
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Principle

The pixel greyscale level belongs to one of the two Gaus-
sian curves, either that of ‘normal skin’ or that of ‘involved
variable thresholding method [9-12]. A classificatiorsKin'- This assumption makes it possible to classify the pix-
scheme with overlapping classes was developed. Differéflf into two different classes. The histogram is used to deter-
passes with variable window size are performed to impro{ine a chal variable threshold. Pixels with algreyscale Ievgl
classification on a global and local scale. The resulting ifAPOVe this threshold belong to one class, while the ones with

age is thresholded to obtain the different objects (involvedj 9reyscale level below the threshold belong to the other
skin and non-involved skin regions). class. After thresholding, a binary segmented image is ob-
tained.

In most variable thresholding schemes [9-11] the valley
between the two Gaussian curves is chosen as the threshold.

A schematic overview of segmentation is given irl_h's threshold splits the sub-population into two clearly dis-

Figure 2. Based on the typically bi-modal histogram of Ski%lgtcliftr?kl)a?sssrﬁosc?;]ﬁ':tt:erranT?f)hggferuriieﬂlﬁecijr::/:stﬂﬁ dgf
surface with psoriatic lesions, a new method to create the[ IStriou Istog !

itial ‘region graph’ is presented in section 3.1. The image %Zt]h Int:lhls vtvr:)rk,ha Iglfferent app(;(_)?ﬁh Wa;mctuossn.t Alto-
then divided into several small images (e.g. 50x50 pixel er dr::ﬁ tvrves oas Wered usef.th eGnne [ne histo-
where the local variable thresholds are determined. Cofior) @nd IN€ tWo meany andimy of INe faaussian curves.

pared to a globally determined threshold, better independ-.The two curves overlap. This is inevitable because psori-

ence of the irregular lighting on skin surface is gained. T Ic Ie5|c_)ns and blend smpothly Into normal skin. In the
%\éerlappmg area, no definite decision can be made about

segmentation process is here illustrated with images of o ) ;
9 b g at class a given pixel belongs to. Below the nreaand

patient. The original colour image, body extraction and el . .
hanced greyscale image are shown in Figure 3 above the meam, of the two Gaussian curves, each pixel

can be classified to a certain class with a fair amount of cer-

. tainty. The chance of a pixel with a greyscale value larger

3.1 Create region graph thanm, belonging to the other class (curgis very small
The ‘create region graph’ consists out of four parts: clagthe bell shape of Gaussian distribution). Pixels with greys-

Figure 1 Schematic overview of the system.

3 Segmentation
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In this scheme, the resulting image is not a binary one,
but has four classes. Each of the four classes can be given a
corresponding label or greyscale level for visual presenta-
tion. ‘Normal skin’ is given the value 20 (white), ‘probably
normal skin’ 15 (light grey), ‘probably involved skin’ 5
(dark grey) and ‘involved skin’ O (black). A number of clas-
sified areas are shown in Figure 4. For the construction of
these images, a simplified version of the following algo-
rithm was used.
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Figure 3 (a) Original colour image, (b) body extraction, anc
(c) pre-processed image.

cale values belown, are very likely to belong to curvé %) ©

and pixels with greyscale values abowg to curve B.

Therefore, the two means of the Gaussian curves are usegggre 4 A number of small (50x50 pixels) image areas (top
thresholds. This results in three distinct classes: ‘mvolvergw) with their classification (bottom row).

skin’ (below my and thus belonging to curv), ‘normal

skin’ (abovem, and thus belonging to cuni) and ‘un- Algorithm

known’ (betweenm, andmy). L It can be seen from the images that the overall segmenta-
Some information is omitted if the classification is onlyjon of the subimages is good. The simple principle could
done into three (_:Iasses. It i_s better to specify the ‘U”k_”owﬂa’sult in a very powerful segmentation algorithm. Some
class more precisely. Consider the meaof the whole dis-  roplems, including the implementation itself, should, how-
tribution. This mean is between, andm,. Pixels with @ - eyer siill be solved. The following remarks elaborate the al-
greyscale level lower tham, but higher tham,, are more gorithm some more.
likely to belong to curve\ than to curveB, and are thus la- = the aigorithm has to find out if the distribution is Gaus-
belled as “likely to belong to involved skin’. Analogously.ian or not. If a bi-modal histogram is found, the classifica-
pixels with a greyscgle level higher tham but Iower than _tion can be done by locating the threshatysm; andm,
my, are labelled as ‘likely to belong to normal skin’. In thisyng thresholding the image. A Gaussian distribution, how-
way, a more precise distinction is made between the classgfsr \ould indicate that the whole area is normal skin or in-
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volved skin. The histogram itself contains no information gsixel to belong to one of the two Gaussian curves. Succes-
to which one of the classes it belongs to. One possible mesivve passes would then result in a combined probability that
od would be to use the thresholds of the neighbourirg@n be calculated with the ‘rule of Bayes'. A continuous
subimages. In [11], for instance, the threshold (the valley) ohanging label presenting the probability level could then be
each subimage is calculated. The threshold of the subimagsigned instead of current four discrete labels. This would
with a Gaussian distribution is calculated by a weighted alead too far, however, which is why different approach was
erage of the threshold of the eight neighbouring subimagesed here.
After that, the thresholds are smoothed and assigned to thelo save the earlier classification, a gradual distinction be-
central pixel. For each individual pixel, the threshold is thetwveen normal skin and involved skin is needed. In this work,
calculated as an interpolation of the thresholds in the foavery pixel was assigned a label from O (involved skin)
nearest centre pixels. A continuous variable threshold cantheough 10 (unknown) to 20 (normal skin). The initial value
formed this way. The complexity of this scheme is quitéor every pixel in the image is naturally 10 (unknown).
high if the three thresholds have to be dealt with. Every pass changes the label of the pixel as follows:

In this work, a different approach is used to handle Gaus- if it belongs to ‘involved skin’, 3 is subtracted from the
sian distributed histograms. Letbe the mean of the whole  present label.
distribution. The pixels with a greyscale value lower than if it belongs to ‘probably involved skin’, 1 is subtracted
are then classified as belonging to ‘probably involved skin’, from the present label.

while the pixels with a greyscale value higher tmamre if it belongs to ‘probably normal skin’, 1 is added to the
said to belong to ‘probably normal skin’. No assignments present label.
are made to ‘normal skin’ or ‘involved skin’. if it belongs to ‘normal skin’, 3 is added to the present la-

The idea behind this is as follows. If an area really belongs bel.
to one category only, e.g. ‘normal skin’, then the distribution Like this, pixels that really belong to ‘involved skin’ and
of assigned labels to the pixels is statistical. In other wordtus have 3 subtracted from their label in every pass, will ul-
neighbouring pixels are given different labels without cetimately have the label 0 and be classified as ‘involved skin’
tain labels clustering together. However, if the area hasaéter a certain number of passes. The same is true of ‘normal
(small) psoriasis lesion inside it, the lower labels will clusteskin’ pixels.
together around the psoriasis lesions. In the case of ‘probably involved skin’ 1 is subtracted.
An example of this is shown in Figure 4.b. In the imageRixels on the edges of lesions (in the smooth transition be-
the second Gaussian curve (skin lesion) is so small as totlween skin and psoriasis) are classified as ‘involved skin’ af-
hardly noticeable. Because the algorithm does not detect tee a number of passes. This is agreement with the ‘rule of
second curve, it categorises the subimage as uniform ‘n@&ayes’: if a pixel has a large enough probability to belong to
mal skin’ or ‘skin lesion’. Small areas of involved skin area certain class in every pass, the probability that it really be-
however, still noticeable in the image because of the clustésngs to that class is high.
ing of identical labels. Pixels belonging to ‘normal skin’ in one pass and to ‘in-
Instead of dividing the image into smaller subimagegolved skin’ in another are classified as ‘unknown’. Exam-
once, it is also possible to do the classification throughpées of such pixels are the ones that are classified when the
number of passes. Every pass can have a different windbigtogram is pure by Gaussian. The statistical distribution of
size (e.g. 50x50, 100x100 or 500x500). In this way, twiabels in these regions allows pixels to switch between in-
things can be combined: volved and normal skin. The expected value of the label is
Larger windows give a more global overview of the im10 (‘'unknown’).
age, which allows detection of large regions of skin or psori- The windows are moved through the image. A skin lesion
atic lesions. The details and smaller regions, however, ménat lies on the edge of a window, is divided into two, one
be overlooked because of local quality differences in the irpart in each of the windows. It is then possible that, because
age or irregular lighting. of different threshold values, the skin lesion is classified dif-
Smaller windows may detect even very small psoriati@rently in the two subimages. For instance, the lesion could
areas. If the windows are too small, however, many areas aee considered ‘probably normal skin’ in one subimage and
classified as ‘unknown’, and no information about the imadprobably involved skin’ in another.
area can therefore be obtained. To avoid this, the different windows should overlap. Skin
Four discrete classification levels are not sufficient to dlesions that lie on the edges are centred in the next pass,
low good classification in the different passes. Pixels mayhen the windows are shifted. The position of the windows
change the class in successive passes. There should be aiw#ye different passes is shown in Figure 5.

retain information of the class to which the pixel belonged The determination of the means of the two Gaussian dis-

in the previous pass. o tributions is not straightforward. It is possible to find an op-
In theory, it is possible to calculate the possibility of eaclimal solution (fitting, [15]), but this would require time-
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Figure 5 Windows overlap each other in successive
passes to avoid wrong classification of objects that
lie on the edges.

consuming calculations. The thresholds must be calculat
separately for multiple passes. In this work, an approxim
tion is made that is quicker to calculate.

The mean of a Gaussian curve corresponds to the me £
mum of the distribution. Therefore, the search for the two *
means is basically a search for the two maxima. @ (b)

The output of the algorithm is dabelled imagé This e
structure is an image that contains for every pixel the a aat” »}6‘”
signed label instead of the pixel greyscale level. The ‘la PGS \ R
belled image’ obtained by applying the algorithm is showr
in Figure 6.a.

3.3 Post-processing of labelled image

The classifying algorithm with thresholding works quite
well for a large number of images. An example is given it
Figure 6.a. The overall classification is good compared wit
Figure 3.

The result is not, however, optimal yet. Some pixels adje
cent to a skin lesion are labelled differently, although the
clearly belong to the lesion. This is because the lesior
blend into normal skin, and a gradual evolution of the labe
can be expected if one proceeds from the centre of the lesi
to normal skin. Other small pixel groups labelled ‘involved
skin’ lie in normal skin areas, but clearly belong to the nor- ©

mal skin. This may be due to the small window size. Loc

deviations are treated as skin lesions and classified accd%rlﬁlun.a.6 ‘I._abelled image’ of the example image (a) after
ingly. classification, (b) after post-processing, and (c) after

These deficiencies can be eliminated or at least reductE'EEShc’lding'
by applying some post-processing. In the previous deriva- e ¢jassification is now slightly better. The isolated pix-

tion of the algorithm, no attention was given to the ne'gna'ls are mostly upgraded to the right label. Isolated pixels are

bourhood in Whi?h the pixel occurs. Smgller windovys focu&nes that lie in a uniform area, but are labelled differently.
on a small neighbourhood of the pixel, but still tak

. . . . 8% ne porder pixels around skin lesions are also labelled clos-
10x10=100 pixels into account. The immediate or adjaceg} to the area they belong to. An example is given in

pixels play no greater role in the decision than the pixels I?igure 6.b.
cated further away.

It is logical for a pixel to belong to a skin lesion if the ad3 3.1 Thresholding of the labelled image
jacent pixels in a 3x3 neighbourhood belong to a skin lesion, In the algorithm described above, the labels range from 0

too. The same is true of pixels in a normal skin neigthl{r- 20. The idea, however, was to segment the image into two

.hOOd.' Th.e following post—proces;ing step Is thus propose stinct classes: involved and not involved skin. The labels
if a pixel is in a ‘mainly normal skin’ neighbourhood, the la-

bel of the pixel is i d and if it is in & ‘mainly invol Cihould be thresholded so that labels below a certain value
e ? € PIXEL IS Increased, and ITILIS Ina mainly INVOIVEQ, .o ¢ |5ssified as ‘involved skin’, while labels above another
skin’ neighbourhood the label is decreased.

value are classified as ‘normal skin’.

307



Psariatic skin Non- involved skin

(©

(b)

G
Dilation & iﬁi o o
erosion | §° Jy

Figure 7 Typical histogram of the labels after classification. . 55
(d)

Figure 7. Most pixels are classified as psoriatic (0) or nofidure 8 (@) Enhanced image, (b)a thin line connects

L] 5 10 15 20
Labels

Many images have label histograms of the kind shown in

involved skin (20), and only a few pixels in between are ngifférent regions, (c) in the end result this could not be
certain yet. These pixels are divided into three groups, usiHgdone- (d) After a dilation and erosion step, the result is
the thresholds 6 and 10. The pixels between 6 and 10 &f€ch better.
classified into 5 unknown classes. Some methods have beﬁn :

. . ! . in surface) and removes very thin structures, e.g. the small
tentatively applied to find a threshold that would classify aE adow line. Erosion then expands the biaaer classified pso-
the pixels correctly in one of the two classes. Both fixecp ) P 99 "

thresholds and thresholds calculated on the basis of the Iart')atllc regions back to their original size. Th_e overall classifi-
cation remains the same, and only the thin structures, such

histogram have been applied. For most images, however, 2 .
S shadows and really small psoriatic lesions, are removed.
these methods were not successful. Shadows are mostly %so

- L . igure 8.d shows the same image. The two regions are no
classified as psoriatic involved skin. The threshold woul L .
. . - longer connected to each other. The two psoriatic lesions are
then merge both areas as one object. This should be avoi

e
Therefore, some uncertainty remains in the classification.

J&]t ividually assessable.
the ‘edit region graph’ step, this uncertainty is removed bé/_3_3 Conversion into the ‘region graph’ format

merging regions based on global pixel greyscale informa- Next, the classified image is converted into a ‘region

tlop. A. Labelled.lma}ge of the example image after threShg}raph' for better post-processing. The classification infor-
olding is shown in Figure 6.c.

mation is preserved in the region graph format. The initial
regions are made of the labelled image, so that the pixels be-

3.3.2 Dilation of the thresholded labelled image . . .
. . . longing to one region have the same classification label. The
Another post-processing step is then applied to the la, ) . . . .
. : : ... Information about pixels is also restored. It is possible to ac-
belled image. The previous step improved the classification S T
i ; . .. cess the greyscale level of each individual pixel in the re-
but some psoriatic regions are connected with very thin linés ha .
e o : gion, but it is also possible to calculate such parameters as
of low classification. A ‘region graph’ made connects re3

. . the mean intensity of a region, the variation of greyscale in a
gions that are located far from each other and are in no way . . :
. : - o re%non, and the average border contrast with an adjacent re-
connected. This problem is present in Figure 8.a. In this im: o S
) . . ; on. This information is averaged out over a large number
age, the connection of different regions is due to the shag- . . o o o
. of pixels. The influence of local deviations within a region is
ows of the ridges on the back of the hand. The shadows
! . : : réduced.
between the fingers or strange objects in the image, such as
underpants, W|II also cause t_h|s problem. .Because qf the asy Region merging
sumption of bi-modality, subimages classify these pixels as _ o _ . _ _
‘involved skin’, because it has clearly a lower greyscale val- In this work, the initial region graph is obtained by varia-
ue than the surrounding skin in every pass and with evetle thresholding. Unfortunately, it also gives a lot of false
window size. Figure 8.b shows the initial ‘region graphsegments, e.g. ;hadovys in areas without psoriatic lesions.
constructed out of this ‘labelled image’. The two distincRegion merging is applied to remove these false segments.
psoriatic lesions are connected to each other by a thin lifemerging step requires two parameters: the merging meth-
At the subsequent steps, this connection cannot be undo?féand the merging threshold.
The result is a wrong region (Figure 8.c).

To remove the thin lines, a dilation and erosion step is ap-4.1 Methods . _ .
plied. Dilation expands the higher label (i.e. non-involved Methods are the cost functions on which the two regions

are evaluated. If this cost function is smaller than a specific
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threshold, the two adjacent regions are merged into one bam the basis of individual pixels, but rather on the basis of

ger region. the different regions and the chosen method. A histogram is

M ker calculated and the mean, median or maximum of this histo-
This method is the original method also used in the Hcgfam s chosen as the threshold.

SNF procedure [13]. Calculation of histograms
In ‘merge weaker’, two adjacent regions are Two histograms are calculated. The histogram of average
merged if the average boundary contrast is boundary contrast between adjacent regions is used to calcu-
lower than a certain threshold. late of ‘merge weaker’ thresholds. The histogram of average

intensity difference between adjacent regions is used to cal-

The average boundary contrast is defined as the sum e of ° milar thresholds. Th wo hist
the difference in greyscale between pixels that lie on boffy'a'€ Of merge simiiar thresholds. these two histograms
e calculated by looping through all the regions and their

sides of the common boundary divided by the number 8f

pixels on that boundary. The idea behind this method is thaaqjacent regions, calculating the specific cost-function and

if the contrast between two boundaries is small, the two Hg_crementmg the entry in the histogram.

gions are likely to belong to the same object. After all, tw@alculation of thresholds

regions belonging to the same object blend smoothly in one Of these two histograms, three values are calculated: the
another. mean, the value corresponding to the maximum, and the me-

On body surfaces, this may cause a problem becaudian.

shadow regions and normal skin regions also blend smooth-These three values are taken because they are significant
ly into one another. The boundary of skin lesions is also view of probability. For example, when the mean value of
mostly not well-defined and blends into normal skin. If thishe histogram is used it is likely for two regions to belong
method is used with a threshold that is too high, it is inevitéegether if the difference in the cost function used (differ-
ble that wrong regions may merge. ence in average intensity or average boundary contrast) is
Merde similar smaller than the ‘normal’ difference between regions. The

Pixels that belong to the same classification (normal skme reasoning can be done for the maximum (most regions

. . I 0, -
or involved skin) have greyscale values that are close to eddf SO close tlo eact?h Othﬁr) t";nd the median (50% of the re
other (the colour feature is derived based on this assunfi2"'s @€ SO close to each o er).

tion, see section 3.3). It is equally likely that regions belon 43D - ¢ . ‘
ing to the same object or classification have similar avera%e -5 Lescription of merging steps . N
In this work, three merging steps are applied. The initial

greyscale values. . i .
In ‘merge similar’, two adjacent regions are regions are well defm_ed in most cases. They are, however,
merged if the difference in average intensity is St'_" _surroundgd b_y thin and small regions. An example of
lower than a certain threshold. this is shown in I_:|g_ure 9.
Two ‘merge similar and weaker’ steps are performed on
The average intensity of a region is defined as the sumigé ‘region graph’. The thresholds are determined in a dif-
all the greyscale values of the pixels belonging to the regi@avent way: in the first merging step, the median of the simi-
divided by the number of pixels in that region. lar histogram and the mean of the weaker histogram are
The comparison between two adjacent regions does fiigken as the two thresholds. In the second merging step, the
take place on a local scale (the boundary between the tw@ximum and the median are taken, respectively.
regions), but applies to the whole region. Local deviations After the conversion of the labelled image into a region

on region boundaries have less influence. graph many small regions are present round the psoriatic le-
Merge weaker and similar sions. In the first merging step a relatively higher threshold

One obvious generalisation is to merge the regions tHat@ken, which means that most of these regions merge with
have sufficient boundary contrast as well as similar greydne of their adjacent regions. The second step is not needed
cale intensities. The two thresholds can be set independeri@lyy @ll the images, but it gives an improvement for some.

of each other. Lower thresholds must be chosen (relatively). The regions
In ‘merge weaker and similar’, two adjacent are already well defined. Too high thresholds would merge
regions are merged if the average boundary the psoriatic regions with normal skin. After these two
contrast is lower than a certain threshold AND merging steps, there are still some very small false segments
the difference in average intensity is lower than in the region graph.These regions are sometimes on borders
another threshold. of psoriatic regions, and sometimes they are small false seg-

ments of skin surface. The regions should be removed to
3.4.2 Calculation of thresholds make assessment of the psoriasis area easier. Regions small-

In general, the calculation of thresholds is no longer dor§é than 50 pixels in area are removed.

309



Figure 10 Assessment of the psoriasis area in the example
patient.

4 Conclusions

A segmentation algorithm was derived, which is based on
the typical bi-modality of skin with lesions. A variable
thresholding scheme was used to segment the skin surface.
Multiple passes with different window sizes iteratively im-
proved the classification. The defects in the classification
were removed with different post-processing steps operating
in 3x3 neighbourhoods. Dilation and erosion steps were

é} added, to remove thin structures from the image that caused
@D’ﬁ B mismerger of different objects on the skin surface. False
& % segments were removed by applying region merging tech-
4 T} . . ) .
oo ﬁ%&%&ﬁ niques that use global information of the region, such as av-
(c) erage boundary contrast and average intensity.

) ) ) The system is not accurate in all cases. Some segmenta-
Figure 9 The gradual improvement of the region graph aftef,, t5its remain in the system. Small psoriatic lesions are

(a, b) merging of similar and weaker regions and (c) smallgfmqyeqd from the image in the same way as thin structures.

regions. The dilation and erosion could be specified differently to

The final psoriasis area assessment is done with the intaynmiz€ this problem.

active tool described in more detail previously [14], and it
gives the result shown in Figure 10. The reliability and acc® Acknowledgments
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