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Edge detection based on human visual response

MALAY K. KUNDU+ and SANKAR K. PALY

An algorithm based on the characteristics of the human visual system is presented by
which it is possible to select automatically (without human intervention) the
thresholds for detecting the significant edges as perceived by human beings. The
threshold value changes with the background intensity according to the criterion
governed by the characteristic of one of the De Vries—Rose, Weber, and saturated
regions. The effect of background size and splitting image (dynamic thresholding),
and a provision for reducing the computation time are also included in the study.
The algorithm is found to provide a satisfactory improvement in the performance
over the conventional edge detection process for a wide range of input image.

1. Introduction

Visual information is concentrated at points of large spatial variation of light
intensity in a picture. The difference operators such as gradient, Robert gradient,
Sobel and Prewitt gradients, and laplacian (Gonzalez and Wintz 1977) give rise to
high values at the places where the change in grey-level occurs. The greater the spatial
variation of intensity, the easier is the detection of change and the stronger is the edge
intensity. Thresholding of the spatial difference of greylevels (gradient irpage) is one of
the popular techniques for sharpening the edges (i.e. selecting valid or significant edge
points according to human perception— Buchsbaum 1980, Brown and Deﬂ‘enbacbcr
1979, Nevatia 1982). The problem of edge detection therefore boils- down to ﬁt}dmg
out an appropriate threshold which may be global, local, or dynamic such thgt 1_f the
spatial difference at a point exceeds that threshold, then and only then will it be
considered as a valid edge point. . o

The present work is an attempt to make this task automatic by pro_vxdlng an
adaptive algorithm based on human psycho-visual phenomena._ The visual increment
threshold curve (Buchsbaum 1980) is piecewise linearly approximated her_e such th‘at
the spatial difference in grey-level at a point is thresholded depending on its
background intensity by one of the criteria in the De Vries-Rose, Weber and saturated
regions. Ing

The algorithm has two stages. In the first stage, grey tone _edges are extracte usul]]g
any spatial difference operator. The elimination of the undesirable edges based on the
human visual response (Buchsbaum 1980) is the task of the. second stage. ‘

Besides these, the investigation in this paper also comprises the following:

(a) studying the effect of a different background size on the edge-detected outgut;
(b) splitting the image in order to investigate the effect of dynamic thresholding
(Wezka 1978) on edge detection;

(c) proposing a new special difference operators embedded into the thresholding



2524 M. K. Kundu and S. K. Pal

process (second stage) to avoid the additional computation in stage one,

The robustness of thé algorithms is demonstrated for various images having
unimodal, bimodal, multimodal, and a flat-wide valleyed histogram, and the perfo;-
mances are compared with the standard thresholding technique.

2. [Edge operators and thresholding
Let x,,, be the grey-level of the (m, n)th pixel of an M x N-dimensional, L-leve]

image X =[x,,], form=1,2,...,M; n=1,2,..., N. The gradient x,, denoting the
edge intensity at the point (m, n) may be defined as (Hall 1979)
_ (G, +1G;)
mn 2

where G, and G, are given by (2), (3) and (4) corresponding to the ordinary gradient,
the Robert gradient, and the Prewitt and Sobel gradients.

(0

GI = Xmn — Xman+1 (20)
GZ:xmn_xm+1,n (2b)
Gl = Xpn — Xm+1,n+1 (3(1)
G2=xm,n+1 _xm+1,n (3b)
1

G, = Z—i-—W[(x'"+ 1ttt T WXt at Xy n-1)

~(Xm—tpr1+ Wy g g+ X 10— 1)] (44
Gy = AW [Xm—1 1+ Wekint 1 + X 11)

_(xm+1,n‘1 + me,n—l =+ xm—l,n—l)] (4b)

with W =1 and 2 for the Prewitt and Sobel gradients respectively. These are called the
first difference operators. The second difference operator such as the laplacian can ¢
expressed as

(5q)
(38)

Gl = %(xm-l.n + Xm+ 1,n 2xmn)
G2 = %(xm,n— 1 + xm’"+ 1 2xm,,)

The simple gradient and the Robert gradient—(2) and (3)—not only respond
strongly to the edges but also to the isolated points. The laplacian does respond to the
edges, but it responds more strongly to the corners, lines, line ends, and isolated
poInts. I,t has a zero response to a linear ramp but it responds strongly where there isa
Change in the rate of change of the grey-level. Due to some smoothing effect the
Prewitt and Sobel operators, on the other hand, possess a better noise immunity and?
gQOd edge response; added to this, the weighted average in the Sobel operator/(lﬂ
with W= 2—reduces to a great extent the blurring effect of smoothing.

There are other techniques such as (Pal and Majumder 1986)

x;nn = max ('xij) — min (x,-j)
Q Q

where Q is the set of pels in the 3 x 3 neighbourhood which measures the spati
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difference using the connective property such that edges can also be detected. Based

o0 the abO_Ve concept. let us formulate two edge-detection methods using contrast.
instead of intensity. as a parameter of measurement. ’

Let AC, and AC, denote the contrast of an object pel with respect to its average

background intensity and the average contr ithi T i
' ) ast within the back
dis s ground itself respec-

. _ 11 1
AC, =X, — 5[2 2 X+ Fﬁ%xm] (50
.j)eQ.. (kheg

AC, =

1 1
Z;xij—'?ﬁ%’:xkl (5d)

where 0, and Q; arc the sets of neighbouring pels with distance 1 and 2!/2 respectively.
Then x/,, can be defined as

Xms = max [(AC, — AC,), 0] (5e)
In the second method x,,, is defined as

X,,, = Max (
- [max (x;;) — min (x,-j)] 5N
) 0

5

Xomn — mélx (xij) Xmn — min (xij)
Q

The definitions (5 ¢) and (5 /) give rise to some positive results only when the contrast
of the object with respect to the background is significant.

After applying these operators on an image X, an edge is deemed to be present at
the point (m, n) if x,,, exceeds a predefined threshold value T. The general form of T is

T= f(xmrn Nmpn (m’ n)) (6)

where N,,, denotes some local property at the point (m, n) having a pixel intensity X,
The threshold is called ‘global’ if 7 depends only on X, When T depends on both
Xneand N, it is called “local’. If T depends on the coordinate (m, n) in addition to X,
and N,,, the threshold so computed is defined as ‘dynamic’. A good rc_view on
different thresholding techniques has been given by Wezka (1978). The se.lectlon of an
appropriate threshold therefore poses an important problem in detecting the valid
edge points in X. ‘

In the following sections, we are going to present an automatic threshold selec_tlon
procedure based on human psycho-visual facts. The selection is made on the balsm 'of
both local and global information available from X such that for a partxcu!ar Xmun its
threshold value adapts with its average background intensity B, fo]lowng fnther
K,(B,,)"'? in the De Vries—Rose region, K B, in the Weber region, or K3 B}, in the
saturation region (K, K, and K being positive constants).

3. H i 5
uman psycho-visual phenomena ociated with the amount of light

Brightness is a psychological sensation ass _
y p ¥ ye, absolute brightness cannot be

stimulus. Owing to the great adaptive ability of thee

measured by a human eye. The relative brightness is an observer’s feeling of difference
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in greyness between the objects. The term contrast is used to emphasize the difference
in illuminance of objects. The perceived greyness of a surface depends on its locy]
background and the perceived contrast remains constant if the ratios of contrasts
between the object and local background remain constant (Hall 1979).

In psychophysiology, the perceived contrast C refers to the ratio of the difference
in luminance of an object B, and its immediate surrounding B, ie.

IBo—Bs| _AB

C =
By Bs

U]
The visual increment threshold (or the just noticeable difference) is defined as the
amount of light AB; necessary to add to a visual field of intensity B such that it can be
discriminated from a reference field of the same intensity B. It therefore gives a limit
for a perceiveable change in luminance or intensity.

The major problems at low intensity level which any image processing system has
to face are as follows (Nevatia 1982):

(a) detection of changes occurring in a low steady but visible illumination (ie.
minimum detectable change); and

(b) detection of the mere presence or absence of light under dark adapted
condition (i.e. absolute visual threshold).

At low intensity near the absolute visual threshold, the visual increment threshold
AB; is constant. With increases in intensity B, AB; converges asymptotically to the
Weber behaviour, i.e. AB; oc B. This type of behaviour is exhibited in the brightness
incremental threshold for white broad band spectra and monochromatic narrow band
spectra (Buchsbaum 1980).

Figure 1 presents such a characteristic response in the log AB; — log B plare.
Weber behaviour is characterized by a unit slope of the curve. The preceding region
with slope 1/2 is known as the De Vries—Rose region. It has been shown (Buchsbaum
1980) that if the centre visual processor behaves as an optimum probabilistic detector,
the incremental visual threshold follows the square-root law, ie. ABToc(B)""l.

/WEBER REGION
SLOPE = 1

0
/—« De VRIES-ROSE REGION SLOPE=1/2
Al ] i P
o 1 2 3 4 5

Log B

Figure 1. Increment threshold AB; as a function of reference intensity B.
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However. in an actual case this rule is followed in a small restrict

ed region (Fig. 1).
dashed curve shows the devi gion (Fig. 1). The

.ution from the Weber law. This deviation (which
represents a saturation region) is not usually exhibited by the retinal cone mechanism
even under very high intensities but could happen in very restricted cases.

From Fig. 11t is seen that the variation of log ABy against-log B in the De
Vries Rose region is slower than that in the Weber region. In other words, the
diserimination ability in the De Vries—Rose region is greater than in the Weber
region. The possible reason for this deterioration in discrimination ability can be
attributed to visual non-lincarity.

Assuming the response curve (Fig. 1) to be piecewise linear, the Weber region and
the De Vries Rose region can be represented as

log AB; =log (K ,B) =log B+log K, (8)
and

log AB,; =log (K,(B)'?)=1}log B +log K, 9)

respectively. Here K| and K, are the constants of proportionality.
Furthermore, the saturation which might occur even rarely, only at very high
intensities can be approximated as

log AB; =2log B+log K, (10

K, being a constant.

Therefore. when the brightness value of an object is higher (or lower) than its
surrounding. background, or reference intensity B by an amount > ABy, it corre-
sponds to a point on or above the curve (Fig. 1), and the object will appear e}ther
brighter (or darker). In case of a variable object and background intensity, the visual
system adapts to an average intensity. . ) )

Furthermore. Fig. 2 shows the variation of AB;/B with B. It is seen that in the
Weber region. the ratio AB,/B remains fairly constant at about B % of its maximum
value over a very wide range of its B-value. In the literature the value of B is said to be
around 0-02.

4B/B
e )
i 1 "I R S E—
1072 100 102 104

Blarb. unit) ——>
. . i ity B for uniform
Figure 2. Variation of contrast sensitivity ABy/B with background mtensity
background.

1S
It is also mentioned in the literature (Zuidema 1983) that the threshold value }

ize i the
highly dependent on the size of the background. As the background size 1nCreases

a s . me maximum size of
threshold value also increases; this variation continues up to so

. ize. This
the background beyond which it becomes independent of the background size
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indicates that a larger value of AB will be required for the values of B computed over
a larger background or window size. So it is expected that as the size of the
background increases a smaller number of edge points will be detected by the visual

system.

4. Adaptive threshold selection
The piecewise linear approximation of the visual increment threshold curve

(Fig. 1) is shown in Fig. 3. Here, the threshold values in the De Vries-Rose region,
the Weber region, and the saturation region are defined by the linear equations (8),
(9) and (10) respectively. Although the demarcation between these regions represented
by various equations is not very sharp and definite, we assume here for the sake of
simplicity and ease of analysis that the De Vries—Rose region extends between x, and
x,—Fig. 3—(x, corresponds to the absolute visual threshold), the Weber region
between x, and x5, and the saturation region beyond x;. The value of B correspond-
ing to log B = x is assumed here to be B, , for i =1, 2, 3. In other words

x;=logB,, i=1,23 (11)

e— Slope =2

s A A
|
Slope = 1

WE BER REGION

Log ABy(arb unit)

o(l‘Y.)
b= 0 Slope = 1/2 !
opei= 4 DEV v N
ABS.ITH E;SHQLD RIES. ROSE REGIO
XL X3 x

Log B (arb unit)

Figure 3. Increment threshold AB; vs reference intensity B curve (Fig. 1) with linear
approximation for different regions.

Let x, and B, be the maximum value of log B and B, respectively. Let us assume
further that

xi:aix()’ i= 1, 233 (12)
and
Bxi=a;Bt, l= 1, 2,3 ) (13)
where :
O<oy<a,<az<
O<dy<ay<ay<1

As mentip ned in§ 1, the value of ABy/B remains fairly constant over the entire Weber
region with a value approximately equal to § % of (AB/B) . the maximum value of
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AB B over the entire dynamic range. Therefore, from (8) one can write
e >

Kl = ABI 2 —-—1‘7[} .‘A.E
B wo"\ B ), (14)
‘1;13:1 (8 and (9 ure both satisfied ag the point (x,, y,} of Fig, 3. Therefore, we can
Vi, o+ lOg K‘ :%XZ —}-log K2
or
1 <, —log (Kz)
X, =log| -2 15
5 K. (15)
Using (11) for ¢ == 2
I K,
ploe Br.=log (K 1>
or
Ky=K,(B,)'"? (16)
Similarly. considering (8) and (10) at the point (xs, y3) we have
K
K, = 171 (17)
The minimum values of the increment threshold are therefore
(B)'* [AB 1/2
p= KB =0 p(22) (B )2 B >B>B, (184
AB, = K,(B) oo P B max( ;) 2
B AB g
=K,B= " p(=") . B, >B>B8B, (18 b)
KB 100’(3),,,“ ’
B* [(AB 1
=K,B*= " p(Z2} - B=B (18¢)
’\3 B JOOI}( B )max Bxl X3

corresponding to the De Vries— Rose, Weber, and saturation regions. Equation (12}
defines the minimum amount of brightness level, in three different regions, by which
the intensity of an object must be greater or less than its background 1ntcn31t§ Bfm
order to make the object appear brighter or darker (i.c. detectable). In other words, for
a particular point in a picture having intensity B, if we have either

-AP~>K2 when o5 B, > B> o) B, (19 a)
(B)'?
or
éézKl when o5B, =2 B> a2 B, (19 b)
B
or
(19 ¢)

AB K, when B>aB,

B>~
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with
then and only then can it be considered as a detectable edge point having edge
intensity AB.

5. Computation of B,,, and (AB/B).x
Figure 4 shows the flow chart for extracting valid edges of an M x N-dimensional
L-level image X = [Xp, ), form=1,2,... M;n=12,..,N using the above-men“mm"
daptive thresholding scheme.

INPUT IMAGE
[Xmn!
m:1,2;--M
n=1,2---N

s
. l
COMPUKE COMPUTE
[Bmpl [ mnl

A 4

P

COMPUTE
max {xmn/amn}
AND STORE
COMPUTE
< K'
AND STORE
COMPUTE
o Ky AND K3
AND STORE
DE CIDE {Edge)mn =0 DECIDE (Edge)mn = Xmn
STORE
[(Edge)mn)
PRINT
ouTPUT

Figure 4. Flow chart for the proposed thresholding algorithm.
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Here B,, which denotes the background intensity
considered to be the welghted average over its neighbouy
background we consider

B at the point (m, n) was
1s. For a 3 x 3 window size

111 1
{5[2 g: X+ W %: xu] + an}
= = —~‘7\2x
(L) eQn (k)e Q (21)

where @, and () denote the set of neighbouring pels X;jand x,; which are at 3 distance
of land (2)" 2 units, respectively, from X
Fora 5 x 5 size of background

mn

By =3(x, +1+B) (229
where
1 1 1 1 1 (22
= . e —~ 8(5)172 2 Xen o > X (22 D)
_42_‘;.\,,1-4‘4(2)12%-‘((4+8sz:xef+8(5)1/2glz: gh 8(2)1/2§ j
abeQ, ¢ deq,, e,feQ,
& heQy, ijeQy

where Q,. Q4 and Qf are the sets of pels in the 5 x 5 neighbourhood of X With
distances 2 for Q:.(5)" * for Q, and 2(2)'2 for Q5.
Similarly. for a 7 x 7 window size for a background

23 a
Bow =3[ pn + $(B + B")] (25 4)

B

where
1 1
R L P
B —]2;-‘H+8(10)1/2§ rq

1 1 (23 b)
TEED I R
T e @

k,le Q;, p,qeQ;

11

r.seQ3, uveQy

i i f x,,, With
where 05, 0. 0% and Q75 are the sets of pels in the 7 x1/72nelghb0urhood of x
3 3. 3 3 - . |

the corresponding distances 3, (10)'/2, (13)*/2 and 3(2) ot (diffsrence in intensity of

Here x,,,, denoting the value of AB at the (m, n)th poin st feons (D050
X, with. ':'gspect to its neighbouring p1x§ls), can bt;) g e (D)
c")n;respondin,g to different spatial edge detecthn ( gradlent' : ;()i iﬂerem,:e oi———
calculated from the operators (5 e¢) and (5 f) using tht;sspa ia
which are a function of the intensity valuc_e of the pels. ¢ (@8] Tepsseniing Hhc

It is to be noted here that the indiv1dyal terrps o Aol i
average background intensity for different window sizes ads fOrpcomputing % wihen
a resflt no additional computation would be require

L) aresed j = 3 we consider

( ;Tir(lal};))l, for computing the constants K, for i=1,2,

24)
Bt =max [xmn] — min [X"m] (
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AB\ Xonn
_B— max - max an (25)

m=1,2,...,M,andn=12,...,N.

Here, B, has been taken to be equal to the dynamic range of the input image,

As shown in Fig. 4 the task of thresholding has two stages. In the first stage, each
pixel intensity x,, is chosen, on the basis of its local information (namely, background
intensity B,,,), to satisfy the requirement in one of the three regions. The second stage
consists of checking whether x,, satisfies its respective criterion—(19). If that
condition is satisfied, x,,, is then treated as a valid edge point having edge intensity
x.... Otherwise, the edge intensity at the (m, n)th point is taken to be zero. It is to be
noted here that the thresholding criterion—(18) or (19)—for a particular x,,, is seen
to be adaptive (ie. changing with its B,,, value according to K,(B,,,)"%, K,B,,, or
K, B2, in the respective cases).

Although it was mentioned in § 4 that the threshold value of the Weber region is
B % of the (AB/B),,., calculated globally, it is often found, in practice, that due to the
imperfection of the acquisition process, the true contrast of the original object is not
truly reflected in the captured image. A global type of approach for the computation of
(AB/B),,.x over the entire image may not be suitable for images having a wide
variation of contrast at their different portions. Instead, a semi-global approach
(Rosenfeld and Kak 1982), i.e. (AB/B),,,, calculated over a smaller segmented block
will be desirable. The threshold selection based on this segmented approach may
therefore be referred to as ‘dynamic’ (Wezka 1978).

and

6. Implementation and results

The algorithm discussed in the previous section was simulated on EC 1033
computer. The output images were generated by an overprinting technique as there is
no facility for graphic printing. Some output images were generated with numeric
representations of grey-levels due to a printer problem. A set of images having
different types of histogram was taken as test data of size 64 x 64 and with 32 grey-
levels. Although it was mentioned in the earlier section that the Weber region covers
the major portion of the total dynamic range and both the De Vries—Rose and
saturated regions cover a very small portion of it (Buchsbaum 1980), there is no
quantitative figure available for the fength of span of each region discussed.

Experiments were carried out (Kundu and Pal 1986) for different lengths of span
for different regions, namely (o, =033, o =066), (o, =01, a3=07), (2, =03
®3=09), and (¢, =01, oy =09). It was found that the combination (a;="01
«3 =09) provided the optimum result as far as connectivity and thinness of edges
were concerned.

Figures (5)~(9) show the edge-detected output for Biplane, Lincoln, Boy, Jet, and
Chrqmosome images when x;,, was computed with a Robert gradient and By, W
obtained with (21) for the thresholding parameters o, =01, 0, =09 and = 45. The
effect of the variation of B is discussed in our earlier report (Kundu and Pal 1986).
Resul:s with other operators such as Sobel and Prewitt are also available in that
report.

F_lg“r_es 5(d), 6(d), ..., 9(d) therefore demonstrate the thresholding version of th¢
(g;_l;‘if)“ images—Figs 5(c), 6(c), ..., 9(c)—using the proposed thresholding algorith®

1£2. .
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B

Frequency of occurrence —

Al lu: ,“;llﬂhh l

Grey level —

{a) 4]

(d)

¢) gradient image

) . input image; (
Figure 5. {a) Input image of Biplane; (b) histogram of the inpu £ using proposed

of Biplane (using Robert gradient); (d) thresgglded version of (c}
thresholding algorithm (25 = 01, 03=09 8= ).
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Figure 6. (a) Input image of Lincoln;
of Lincoln (

thresholding algorithm (oy =01, oy =09, f = 4-5).

: (b) histogram of the input image; (¢) gradient imagé3
using Robert gradient); (d) thresholded version of (c) using propos®
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(d)

image: ient image of
‘nput image; (¢) gradien o
i i ; (b) histogram of th'c npy i ed thresholding
Figure 7B (?) !np\ll{t gnatge ;fiig:t)),: ((db)) t}1111rsesohgolded version of (¢) using propos
oy (using Robert gr :

algorithm («, =01, o5 =09, g =45).
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Figure8. (a) Inputimage of Jet;(b) histogram of the input image; () gradientimage of Jet {using
Robert gradient); (4} thresholded version of (¢) using proposed thresholding algorithms
(o, =01, oy = 09, B=45).

CReO!

Frequency of occurrence ——»

& 3 w & ® 7
Grey level ——

(b)




Edge detection based on human visual response 2537

{o) (d)

Figure 9. (al Input image of Chromosome: (b) histogram of the input image; (¢) gradient image
of Chromosome (using Robert gradient), (d) thresholded version of (¢) using proposed
thresholding algorithms (x5, = 01, o5 = 09, f =4-5).

Figures 10(q) and 10(h) give the thresholding versions of Fig. 8(c) when this is
individually thresholded (Rosenfeld and Kak 1982) at levels 4 and 6. The threshold at
4 could not isolate the jet from the background resulting in undesirable edges. On the
other hand. the threshold at 6 made the contour separate out at the cost of
disconnecting the right wing. This is shown as an illustration of the improvement of
the proposed technique over the conventional one.

(a) (b)

. : i h-
Figure 10. (a) Thresholded version of Fig. 8(c) using normal histogram thresholding tec

niques when thresholded at edge intensity level 4: (b) thresholded version of Fig. 8(¢)
using the same technique with level of threshold 6.

As discussed in § 5, the results shown in Fig. 11 using (5 s) do not;len ziege;?t]
additional computation (as in the case of Robert, Sobel etc.) fo_r o talm;:ji O s e
constituting terms of x,,,. The parameter (%, f, background Slge) f(iinfsor (5f), but the
the same as in Figs (5)~(9). A similar experiment was also conducte ;

results are not included here.
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(c)

Figure 11. Edge detected version using the new §dge operat(?r (5¢) and_tzlg.{);;)fg(r)i;(i
thresholding technique with 3 x 3 background size, oy =01,05= 0-9'and ﬁ‘— é ey
input image Fig. 7(a); (b) for the input image Fig. 8(a); (¢) for the input image Fig.

6.1. Effect of background size —
It was discussed in § 3 that the threshold value is dependent on the size O =
background considered for detecting edges. In fact, the threshold value mcreasles“(’jl i
the increase in background size resulting in a smaller number of detectable edg
oints. .
’ The above fact resembles well the experimental results shown in FlgS 12 ?gd ij
corresponding to the Robert gradient and (5 ) when Fig. 7 (a)—B.OY—.—ls consi 7e(rd)
as input with a 5 x 5 and 7 x 7 window size (background). Considering Figs N 7’
11 (a), 12 and 13 it is seen that as the background size increases frorp 3x3to rs’
the contour becomes thinner. With a further increase in background size, the contou
were found to be disconnected. {imum
Some more results in the above context are shown in Fig. 14 for some optl
window sizes.

6.2. Semi-global selection of (AB/B),,.,

The results presented so far are based on the (AB/B),,., value obtained (l)1 i
entire picture (globally). In this section we will be demonstrating the effect of the
global selection of that parameter.

ver the
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(b)
d
he Robert gradient and propose
2 detected version of F1g 7(a) using t - B
Heiss lthrcjli(i%ész_ icecdfmque (1, =01, 05 = 09, f = 45) with: (a) background size (b)
background size =7 x 7.

i
;; . mu--igp! l"--{

i A

e (b)

usmg dsize=5x5
it dete‘:tid Ver81(O ; Ofol?g 7(a)  p=49) with: (a) backgroun
thresholding technique (2
(b) background size =7 x 2

d
new edge operator (5¢) and propose
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Fi . .
1gure 14. Edge-detected version using proposed thresholding technique (e =01, “Sb .
ize (back-

M. K. Kundu and S. K. Pal

S50 hC TR

= 09

gr;:nfi))‘f((;'é.“) 9F‘g- 6(a) using the Robert gradient and 5 x 5 window siz¢ (%
B B ! ig. 9(a) same operator and window size as in Fig. 14(a); (¢) Fig. 8(a) usine
Operatc%r an% ra.to(; (5 €) and same window size as in Fig. 14(a); (d) Fig. 9(a) using samj
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Figure 15 shows the edges of the Jet and Chromosome images using the Robert
gradient when the images are divided into four blocks each having dimensions 32
x 32. The (AB, B),,., value was computed separately for each block in order to select
the thresholds in the respective blocks. The threshold selections have thus become
dynamic which enables one to detect more information in the content. Here, the
background size, x-values and B-values are the same as in Figs (5)-(9). ’
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(b)

Figure 15.  Edge-detected version using the Robert gradient and the semiglobal selection for
the computation of (AB/B) . Over window size 32 x 32 for thresholding (with o, =01,
¥y =09, f=45) for: (a) Fig. 8(a); (b) Fig. 9(a).

6.3. Effect of thresholding on histogram

To demonstrate the effect of thresholding on the histogram let us consider for
example, Fig. 16 (a) which shows the histogram of the Jet image after the Robert
gradient is used, and Fig. 16 (b) when it is thresholded adaptively using the proposed
thresholding algorithm. Figure 16 (a) shows the frequency of occurrence of probable
edge points with different edge intensities. In the normal histogram thresholding

H J(R]
; JIRI/T

Frequency of occurrence ————

Frequency of occurrence

; -
Edge intensity ——— Edge intensity ——

(a) (b)

Robert gradient) for the Fig. 8(a);

Figure 16. (a) Histogram of edge intensity (using the )—using proposed thresholding

(b) histogram of thresholded edge intensity—Fig. 16(a
technique.
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technique, the occurrence of all the levels up to .the' point of thresholding is
deliberately mapped to zero (globally) without considering their local importance
(connectivity). This effect is demonstrated in Fig. 10.

On the other hand, the proposed thresholding technique used to map a certain
number of edge points at different edge intensity levels—Fig. 16 (b)—to zero instead
of all the edge points corresponding to a few edge intensity levels. This is the reason
why the proposed technique based on human visual characteristics gives a better
result over the conventional technique.

7. Discussion
Algorithms based on human psycho-visual phenomena are presented here for the

automatic extraction of the significant edge points from those obtained by normal
edge operators. Human visual characteristics are used to make the threshold selection
procedure adaptive in order to eliminate the undesirable edge points. The results are
found to be improved as compared to those obtained with standard thresholding
techniques when unimodal, biomodal, multiple-valleyed, and flat-wide valleyed
images are considered as input.

The task of gradient edge detectors was also replaced in a part of our study by
some operators inherent to the thresholding procedure so that the computation time
could be reduced without affecting the performance.

The background intensity computed over a larger window size makes the edges
thinner. Splitting an image into sub-blocks (i.e. making the threshold selection
procedure dynamic) on the other hand, enables one to detect more information.

The edge detection technique proposed in this paper does not require any human
intervention. Although certain portions of the edges are found to be more than one pel
width, these could be thinned out using standard edge-linking techniques. The
probable application of the technique will be in the field of robot vision where the
scope of human interaction is very limited.
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