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Absiract: An atlempt is made in this note to invesligate Lhe effeet on edge extraclion when the theory of HVS (human visual
system) based (hresholding [1] is made to operatc on the intensily domain of a grey tone image. A (amily of § and $~* [uncticns
is considered 1o lake eare of Lhe grey level Lo inlensily (ransformation. The performance ol the system is also quantitatively ana-

lysed using the measure ‘entropy’ of a fuzzy set.
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1. Intreduction

An algorithm for thresholding based on the facts
of human psychovisual phenomena or the response
of the human visual system (HVS) was reported in
[1]. We cali this method HVS based thresholding
throughout this text. This made it possible to select
automatically (without human intervention) the
thresholds for detecting the significant edges as per-
ceived by human beings. The thresheold value
adapts the background intensity according to the
criterion governed by a characteristic of one of the
De Vries—-Rose, Weber and saturation regions.
These regions are characterised in the intensity do-
main by

AB; « /B, (1a)
A4Br « B, and (Ib)
ABr o B2, (lc)

respectively. 4Br and B denote the incremental
threshold and background intensity. Equation (1)
respresents HVS characteristics. The algorithms
were found for a wide range of images to provide
a satisfactory improvement in the performance in
the conventional edge detection process,

It is to be neted that while implementing the
above mentioned algorithms for a digital grey tone
image, it was implicitly assumed that there exists a
linear relation between the discrete intensity and
grey level so that the intensity values can well be
substituted by its corresponding transformed grey
level values without affecting the above characteris-
tic equations (1) of the HVS.

In practice, when scanning an image, there is a
non-trivial transformation function which [inks in-
tensities going in and grey scales coming out. The
question may therefore arise (in fact, raised by
many readers) how the results [1] will be affected il
one considers the exact transformation used during
the digitisation process.

A typical form of the response C = f{B) between
the digitised grey value (C) and the intensity value
(B) (sensor input luminance value) is shown in
Figures 1 [2]. The compensation methods to have
a distortion free grey image are discussed in the lit-
erature [2].

An attempt is made in this letter to investigate the
effect on the HVS based edge thresholding when a
grey tone image undergoes an inverse transforma-
tion B = f~YC) belore taken as input. Different
versions of S function [3] which closely resemble the
response in Figure 1 have been considered. The
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Figure 1. A typical inlensily — grey level Lransformation {2].

concept of ‘entropy of fuzzy subsets’ [3,4] is used as
a tool for providing quantitative analysis of the re-
sults obtained.

2. HVS based edge extraction [1]

If we assume that the composite visual response
curve representing De Vries—Rosc, Weber and satu-
ration regions could be represented by piecewise li-
near segments, then the characteristic equations for
the diflferent regions could be expressed as [1]:

log 4By =log B + log k4, (2a)

log 4By = 5 log B + log k5, (2h)

log AB; =2 log B + log k, (20)
where

where B, and B, are the upper- and lower-end
background intensity values for the Weber region,
and § is the constant representing characteristics of
the Weber region.

The minimum amount of brightness (4Bg) by
which the intensity of an object must be greater or
less than its background intensity B in order to
make the object appear brighter or darker s given
by the following set of refations:
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/B [AB
I - / ‘
ABT - 100 ﬁ( B )max sz’ (33)

B, =B>B,,
B, = absolute minimum visual threshold,

B (4B
=— (=) , B, >B2B,, (D)

100"\ B
= 2. i 45 ! B=>8 (3¢}
B ]00 B max Bxs’ o "

So if the intensity difference between the point
under consideration and its background (4B7) ex-
ceeds the minimum as expressed by the above equa-
tions under different background intensity condi-
tions, then the point will be considered as
detectable (valid) edge point.

3. Sand §~ ! functions

In order to generate a reasonably approximated
version of the response curve in Figure 1, let us con-
sider first of all the S-type function 3],

Bmax AU
C=f(B) = [1 + (——Fd j } (4)

which 1s widely used in the image processing prob-
jems. Here F, and F, are the positive constants
which control the slope and spread of the enhance-
ment function. Varying these parameters one can
achieve any desired amount of enhancement. These
are alse termed as [uzzifiers when C = f{B) repre-
sents an S-type membership function of a fuzzy set
[3]. In that case they control the amount of fuzziness
m the set. From equation (4) we sce that C lies in
the interval [z, 1] where

B O\F—1
a—[w(Td” >0 )

2 denotes the intercept on the C-axis. From eq. (4)
we can generate another function (modified), such
that

Bmax — BA\F]—1
C:fl(B):[l +(«—> ] “ 2 (6)
Fy

whose response is shown in Figure 2 for different
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Figure 2. S-type functions.

values of F, with F, = 8.

Thus Figure 2 has a clese resemblance to Figure 1.
It 1s to be noted that C ineq. (6) lies in [0,2], o' < 1,
o being the value of C lor which B = B_,.. There-
[orc the inverse transformation

B=j7(C) (7)
32
18-
24—
20+
3
(=
L1
=
[ !
lL I I ! 1 1 i |
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Gray lavel —
Fo=22:10a)
¢ = 21: (b}
= 20 (¢}
=19 (d)
= 18¢ {e)

Figure 3. 5~ "-1ype luncuions.

can bc used to recover the discrete intensity value
[rem its corresponding grey level value. A plot of
eq. (7) 15 shown in Figure 3.

Now, the nonlinear form (Figure 2) lor intensity—
grey level transformation can also be viewed as a
contrast enhancement [unction [3]. In other words,
the digitisation procedure inherently introduces
some enhancement in the image while transforming
the intensity values to grey level. Thereflore, the grey
level-discrete inlensity transformation (Figure 3)
can be viewed as an operation which leads to reduc-
tion 1n dynamic range by compressing the levels in
the middle region. Because of the compression in
dynamic range, the entropy of the resulting image
which denotes in a global sense, the average
amount of difficulty (ambiguity) in deciding
whether a pixel would be considered a member of
the ‘bright’/*dark’ image will increase. Entropy of
an mage is defined in the foliowing section.

4. Entropy of an image

Entropy of an M x N L-level image in the light
of fuzzy set theory is defined as [3]:

[

H(X) Il Z 2 Sn(“x(xmn))

8
MN In2 %5 ®

wilh
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Sn(ﬂ,‘((xmn)) = - J‘l,\'(xmn) ln J'l/\’(xrnn)
- (l - lu')'(xmn)) ln(l
m=12....M, n=12...N

Py () (12 jty(x,,) = 0) denotes the grade of pos-
sessing some drightness property (defined by equa-
tion {12)) by the (m, n)th pixel intensity x,,,.

H{X) has the [ollowing properties:

H(X) = 0 (minimum)
(o1 p1y(x,,) =0 or | ¥(m,n}, (10a)

H{X) = | {maximum)

for py(x,,,) = 0.5 Yim n), (10b)
H(X)=H(X). X =complement ol X, (10c)
H(X) = H(X¥) (10¢)
where X* is the sharpened (intensified) version of X

such that

Fn

; ,\ MAXIWUM FREQ =231 ‘
Y OLINCOLN /\ = ‘
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Froure 4 (u) Lincoin amage (b) Histogram.
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Novemher [958

fu}l’*(xmn) =2 ‘L" (Xnm jf}“').'(xmu) 2 0‘5 (l la)
< px(¥pa) Ly} <050 (11b)

It is thus seen rom property (10d) that the entropy
of an image X increases/decreases with decrease/in-
crease in contrast on X*. Details with varous appli-
cations are available in [3,5).

5. Results

To study the eflect of the translormation {[rom
discrete grey value to corresponding intensity val-
ue) on the HVS based thresholding, the ' * func-
tion (eq.{7)) was applicd on different images such as
Lincoln, Boy, Chromosome and Biplane which
have multimodal, ummedal and bimedal histo-
grams. It is assumed that the nature of transforma-
tion between discrete intensity and the correspond-
ing grey value 1s very similar to that of Figure 2.
The original input images and corresponding histo-

grams are shown in Figures 4-7. The vanous trans-
formed versions of the input images together with

| MAX LM

): _‘ A s FREQ =342 1
M \

[rf ‘\\

! e
L V\/Lx/ \

Figure 5. (a) Boy image (b) Histogram
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their histograms for different values of F, (as an il-
fustration, results corresponding to Fy = 18, 20 and
22 are considered) of ¢q. (7) are shown in Figures
8-11.

The program was simulated on a PDP-]1/24 mi-
nicomputer system. The dot matrix printer was
used to produce hard copy image output which rep-
resents various grey levels of the image with differ-
ent graphic patterns. The ‘Fuzzy Entropy’ H(x) of
both original and transformed images were com-
puted using cq. (8) and corresponding values are
shown in Table I.

a . ) )
e = Here the membership function, denoting bright
f MAXIMUM FREG. =343 / \J image, is computed by Zadeh’s S-function which is
CHROM ) defined as
g ‘\i‘ ‘
////'H ‘ | luX(‘rmn) = O! Xmn < a,
r - [ A
Fd - 2 ' a=< \mn S b
Ve J ¢ —a
1
b Ly_,:‘:/\/\/\/\/\’/ i X — €2
FTIrr1yr 1 1T 1T 37T 17 Yrry1r 11 1717 1T 7 17 17T 71 7117 =I‘;2 b(r <C
C' . a mn — 1
Figure 6. {u) Chromosome image. {b) Histogram.
=1 Ymze (12)
where
a-+te¢
a= Imin = Imax - 2

e 20d 1. denote minimum and maximum level
respectively of the image.

From Table 1 it is seen that the H{X) values of
the trunsformed images are always greater than that
of the original form. This implies that the § = ! func-
tion (eq.(7)) results in loss of overall contrast of the
input images. The increase in H{X) (or loss in con-
trast) 1s seen to be mimmum for Fy = 22, This has
(as mentioned in Section 3) also been reflected in
the transformed histograms which are seen (o have

decrease 1n dynamic range with decrease in F, val-
[ MAXIMUM FREQ. =538 . . . .
2 ANE ve. As a result, the different regions of an input im-
/ age tend to be closer. thus making some of the inter-
| i mediate clusters finally shifted and merged.

S —

Furthermare, because of the relatively sharp vana-

/1 |
| / \ tion at the ends of the transformation lunction
N/ {especially for F; = 18 in Figure 3), some of the lev-
b. J ¢ls in the transformed histograms are found to be

TIT I i yrfr1fyyrrrryrrvyrr ry i Ty auTf R . R
missing al ¢ither end.
The effect of grey level (o intensity domain trans-

Figure 7 (a) Biplane image. (b) Histogram._
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Enliopy of imiages

Entropy
lmiaye Ongmal Transfermed
=18 Fy=19 £y =20 =2 Fy=23
Luicoln ) 4516 08195 {.7804 0.7337 0.6903 06474
Cinled Boy (0.3105 0 6492 0.6085 0.5574 0.5145 0.4818
Chromosame 02258 0.6563 0.6504 0.6034 05994 0.5871
Riplane 0.3047 {.8202 {1.807] 0.7654 0.7388 (0.7088
1 i= e =+
a R b iTrFoen
C R (Tr) d o
igure 110 (x) Robert gradient edges of Figure 4¢a) (b) HVS thresholded edges of Figure 4(a) (¢) Robert gradient edges of Figure ${c)

{dy HVS thresholded cdges of Figure 8(c).

266



Volume §. Number 4

L T
RO T
o it
L T

R
c {Tr}

PATTERN RECOGNITION LETTERS

November 1988

anii—

—_ A
h, i ==
il o
& vy I
o PR
| E
& & ITul;q B
i J i
B 0 VL )
Ly
> 1 Gt
d ITR (FD/22)Tr

Figure 13, (a) Robert gradient edges of Firgure 5(a) (b) HVYS thresholded edges of Figure 3(a). (c) Roberi gradient edges ol Figure 9(c).
(d) HVS thresholded edges of Figure 9(c).

formation on the HVS based edge delection is dem-
onstrated through Figures 1215 when both origi-
nal images and their transformed versions are
considered separately as input. As an illustration,
the effect only on the transformed images cor-
responding 10 £, = 22 is shown here. The figures
correspending to part (a) represent Roberl( gradient
image of the original images and those of part (b)
show their significant edges extracted by HVS
thresholding (eq. (3)). Parts (c) and (d) on the other
hand correspend to translormed images (intensity
domain) for F, = 22. The parametcrs considered for
HVS thresholding are the same as in [1].

For Lincoln and Boy images, it is seen that the
edges of Figures 12(d) and 13(d) (for transformed
images) are more thinned as compared to those ol
Figures 12(b) and 13(b} and have lost some of the
information. Tlis is because of Lhe [act Lhat, the
transformed images have less dynamic range and
consequently the weak edges due 1o the weak level

differences in the original images are no morc pre-
sent here. In case of the Biplane and Chromosome
images, the picture is to some extent different. Here
the transformed images possessed some additional
overlapping regions because of splitting and merg-
ing of clusters in the original image. These additio-
nal regions generated some undesirable edges (Fig-
ures 14{d) and 16(d)) in addition Lo losing some
significant edges.

6. Conclusion

The effect ol grey level-intensity transformation
on HVS based edge detection is investigated. A typ-
ical form of such transformation as mentioned by
Pratt [2] is simulated here by a family of 5 '-type
(uncuions with varying slopes. The effect is investi-
gated on a set of images having unimodal, bimodal
and multimodal histograms.
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Figure 14 (a) Robert gradient edges of Figure 6{a} (b) HVS bresholded edges of Figure 6(a). (¢) Robert gradient edges of Figure 10(c)
{d) HYS thresholded edges of Figure [0(¢)
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Figure 15 {a) Rabert gracdient edges of Figure 7{a). (b) HVS thresholded edges of Figure 7(a). (¢} Robert gradient edges of Figure 11(c)
(dy RVS thresholded edges of Figure 11(c)



Volume & Number 4

The translormed intensity domain is found to
have reduction in dynamic range, some unoccupied
ntensity levels and some undesirable regions be-
cause of splitting and merging of clusters of the
original image. This is what is reflected in their en-
tropy measures which are found to be greater than
that of the original image. The final edge detected
outputs thus do not seem (especially for Chromo-
some and Biplane images) to be encouraging.

This is probably because of the lact that the map-
ping lunctions used during transformation {rom
discrete intensity levels to discrete grey levels were
markedly different from the widely used S-type
transformation [2] function [or quality enhance-
ment. So when § ™! type transformation (which is
not appropriate here) was used to recover the dis-
crele intensity levels, it gave rise to undesirable ¢f-
fects. Because it tends to split the levels around the
higher and lower ends of the dynamic range and at
the same time merges the levels at the middle range.
As a result, spurious undesirable edges appear
during the edge extraction proeedure. Furthermore,
the error due 1o digitization, round-off and inherenl
nonlinearity of the device makes it difficult to get
back the original luminance values [2].
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