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Abstract operator, followed by some regularization technidae

reduce the effects of noise. Early edge detectiethauls,
fsuch as the Sobel and Prewitt detectors [1], [2pviiased
on the concept of spatial derivative filtering, wwhédocal
gradient operators are used to detect edges odircert
orientations only. Derivative filters suffer whemetedges
are blurred and noisy and are not flexible.

Gaussian filter is biologically motivated by the
mechanisms of the human visual system and it wawrsh
by Marr and Hildreth [3] that this filter (along thi the
Laplacian operator) is a very close approximatiorthie
shape of spatial receptive fields in the visualtesys of
cats. They proposed an algorithm that finds edgdbea
zero-crossings of the Laplacian of an image. Cdudiy
proposed a method to counter noise problems from
s gradient operators, where the image is convolvel thie
‘first-order derivatives of Gaussian filter for sntitiag in
the local gradient direction followed by edge déatetby
thresholding. Non-linear techniques such as th&4U
edge detector [5] have also gained much popularity.

In recent years, fuzzy-based edge detection tqubsi
have also shown much promise in the areas of camnput
vision and image processing. Fuzzy techniques affer
new perspective to discern the imperfections ofgena
'processing. Many recent techniques have charaeteriz
edge detection as a fuzzy reasoning problem. B[6¢h
used fuzzy sets as the basis of a morphologicak edg
extraction method while Russo and Ramponi [7] z&idi

Many edge detection schemes suffer from the lack o
image quality at the global level. Global propestiare
more vital in grayscale images due to loss of had a
texture. This paper proposes a novel fuzzy-based
Gaussian edge detector that uses both global andllo
image properties for grayscale images. In the globa
contrast intensification phase, each pixel in arag® is
represented in the fuzzy domain using a modified
Gaussian membership function. A nonlinear contrast
intensification function containing three parameteis
used to further enhance the image. In the localsphave
present a novel fuzzy parameterized Gaussian-tgpge e
detector mask containing two fuzzifier parametensich
are chosen based on experimental selection rule
Optionally, the fuzzy image entropy function carubed
to optimize all the parameters through simple geadi
descent technique. In experiments conducted orowsri
classic images, this algorithm showed notable \isua
improvement on both strong and weak edges in
comparison with common edge detectors.

Keywords -Image enhancement, Gaussian edge detector
Gaussian membership function, contrast intensificat
entropy optimization.

1. Introduction fuzzy rule-based operators built on IF-THEN-ELSHEefu

In computer vision and pattern recognition, edge pased architecture for edge detection. In bothcdses,
detection is a useful low-level image processing for global information was evidently neglected. Later blo
image analysis and interpretation, as well as aand Ohnishi [8] proposed a fuzzy edge detector ukas
segmentation tool for various recognition appleasi. ~ both global and local image information for fuzzy
Edges and contours are often useful features ag thecategorization and classification (FCC) based ayesd
represent an image by its object boundaries anaragpn In view of the above strengths, we have proposed a

of dissimilar regions in terms of pixel intensities fuzzy-based parameterized Gaussian approach to edge

Furthermore, edges are considered important eleneat  detection that utilizes both global and local image

picture, as they present essential informationmobbject  information. Firstly, a modified Gaussian membegpshi

of interest in a picture. function is used to represent each pixel in thezyuz
The basic mechanism of most edge detectiondomain. Then, a global nonlinear contrast intecatfon

techniques is to devise a local first or secondvdséve operator acts to enhance the edginess of imagésire



flatten obscure textures. The actual edge detecdtikes where p(k) stands for the frequency of occurrence of
place in the local phase, where a novel fuzzy Gamss jntensity levek in histogramH ,, , which is
type edge detector mask is invoked. An improved

selection of parameter values can be achieved ghrou p(k) :HX—(k) (5)
fuzzy entropy optimization. (M -1)(N-1)
The remainder of this paper is organized as falow In the fuzzy plane, pixels of a contrast-enharioghje

Sections 2 and 3 introduce the global -contrastare either of low perception (darkke.,u O [0, 0.5], or of
intensification phase and local edge detector phasehigh perception (bright)i.e., x O [0.5, 1] values. This
respectively, while fuzzy entropy optimization is |eaves pixels neat = 0.5 having the highest ambiguity
elaborated in Section 4. Section 5 briefly sumsthg and do not belong to either perception class. Agsyim
proposed algorithm. Section 6 discusses the expetah that these pixels describe the fuzzy boundary,esmhear
results, analysis and future directions. Lastlyctea 7 0.5 are considered to contain edges.

provides conclusions of this paper.

2.3 Contrast intensification function

2. Global Contrast Intensification Poor contrast of degraded images is usually ertanc
by common methods such as histogram equalization

2.1 Fuzzy image representation stretching and gray level transformations. Zade} fitst
First, to represent a spatial domain image inftizey introduced the contrast intensification operatN[.(K)],

domain, a gray tone imagéof dimensionM x N, with L which solely depends on the membership functiomelo

gray levels, is considered as a 2D array of fuzaglston As image degradation is nonlinear and indeterminate

sets, nature, we use the nonlinear contrast intensificati

X :{(an”umn(x))“m, n) O[(00),(M -1, N _1)]}, (1) function NINT[«(K)] introduced in [14], which contains 3

tunable parametersjz., intensification operatarand the
crossover poink,, and the fuzzifief, from Equation (3).

where each pixel is characterized by the intensitye This function is a parametric sigmoid given by

Xmn @nd its grade of possessing some membejshifD <

#mn <1). Each membership value corresponds to the ;/(k) = NINT[ (k)] = 1 (6)
spatial intensity value of the image in the rar@je{1]. 1+exp[-t(uk) —x.)]
wheret controls the shape of the sigmoid function.
2.2 Histogram-based fuzzy member ship Parameters;, and x. are adjusted througik) while
function the intensification operatdrwill be fixed to control the

Fuzzy property can be expressed in terms of alevel of contrast enhancement in the image.
membership function. For the transformation of a
grayscale image X in the range of [0.1] to the fuzzy 3. Local Edge Detection
property plane in the interval [0, 1], a Gaussian
membership function of the form 3.1 Local edge detector mask

, By redefining the contrast intensification functjo

U(X) = g~ CmaxXmn)* 12,71 ) NINT[«(K)] in terms of everyrf,n)th pixel,
was suggested in [9], and contains a single fuazifj. 4(m,n)=NINT[ . ] = 1 (7)
Xmaw andXmn are the maximum andn(n)th gray values ™ 1+ explt (g, — %))
respectively. we propose a novel fuzzy parameterized Gaussian-typ

Here, we propose a histogram-based membershipedge detector given as
function to represent pixels of the spatial domiairthe Lo a

, - L4 (ki )= ()]

fuzzy domain by _ . ~e ( /g]
u(K) = g Oma)?12117] A3) n(mn)=e (8)

wherei, j O [-(w-1)/2,(w-1)/2], andw x w is the size
of the edge detector mask.(mn) is the membership
L1 value of central pixel of the mask at locatian,r{) and
Z(Xmax_k)4 p(k) n(m,n) is the output edge pixel replacing the previous
— _k=0 (4) central pixel. Parameterg and f; are both adjustable
fuzzifiers of the Gaussian mask function.
Theoretically, parametersr and f; represent the
Gaussian function more meaningfully than the prasfp

wherek is a certain gray value in the range [0]1], and
the fuzzifier parametef, can be determined as

f2

23 (X ~K)? PIK)



proposed parametersr @nd £) in [11]. With a general Finally, a simple thresholding can be applied to

Gaussian membership function, produce a binarized edge image. An optimum threshol
-(x-c)? level A determined through experiments was found to be
Honussia X 0,C) = €X 507 9) in the range of 0.75 to 0.95,

' >
the Gaussian curve depends on parametersdc. While L fory(mn)=A

the parameter is taken as the power of the exponential n (mn)= .
term, the denominator of the exponential term duced 0, forn(mn)<A
to a single fuzzifier constarft, as in

(12)

whered = 075 - 095, andmJ[0,M —1],n[O,N -1] .

B -(x-¢) a Image thresholding is an optional step, and thel feeit
Hopussian = €XQ | — depends on how relevant it is to an application.

20
=20=f 0) 4. Fuzzy Entropy Optimization
We employ fuzzy entropy optimization to estimate
3.2 Sdlection of fuzzifiers four tunable parameters;, f,, a andfy. The entropy of a

As the mask is a general Gaussian-type function, fuzzy set is a measure of the degree of fuzzinedwmbset
different values of @ and f, would yield different ~ @nd provides the indefiniteness of an image. Epti&p
variations of the Gaussian function, By experimegti  [12], using Shannon’s functid®, is defined by
with different values of fuzzifierr, the mask performance :if S, p(k) (13)
is found to be visually poor with lumpy and thicliges
when g takes an even integer while odd integersrefill
result in thinner and refined edges. Moreover lotd 0 and in fuzzy terms, we defirfas
values tend to yield too many weak eelges and ceaber S, (1 (K)) = = (K)In ' (K) = @ ' (K)) In(L— 2 (K)) -
many weak edges are eliminated on high odd values. 0< /<1 (14)

In mathematical terms, the fuzzifidy defines the SH=
width of the Gaussian function. Here, the selectibra
low f, value would produce a narrower Gaussian mask,4.1 Optimization of x; and f,

which in turn reduces the approximation distanceato Among the three tunable parameters in the global
crisp set. The closer the function to a crispthetmore is ~ phase, only parameters and f, are optimized using
edge information, and vice versa for highalues. entropy optimization. Optimization is not needed fioe

To ensure good performance in a required appticati  predetermined parameter
both parametersa and f; should be pre-determined The derivatives ofE with respect tox. and f, are

through initial experimentation and entropy optiatien ~ obtained as:
(see Section 4).
E _ 0E (K

3.3 Removal of strong edges and impulse noise ox, oy (k) ox,
Strong edge and impulse noise are encountered when 1 L1

we have Z[t (1(k) = x.)g(u )Ip(k)
» large values ofy, i.e. f(mn) > 1; and (15)
* small values of, i.e. n(mn) < 0 0E _ 0E ou' (k) ou(k)

By applying the followingedge attenuatoscheme, we of, B op (k) du(k) of,
can contain the edge values within an approximaitge

f[0,1]: £ () ((K) =X o) K max = K)* G ()
orio.1] |nzz[ 3 1p()
7' (m,n) =minf{7(m,n)|mO[0,M -1], nO[0, N -1}], (16)
On(m,n) >1; -
AND whereg(u ) is denoted as
. ~t(p(K)-%,)
7' (m,n) = max{(m,n)[mO[O,M -1, nO[0,N -1]}] 9(u) = 1/ (K)(L- 1 (K)) :% (17)
On(mn) <0 (11) [L+e™07]

These derivatives are used in the recursive legrof
3.4 Edgeimage thresholding the parameters. andf;, by gradient descent technique:



: oE
X =X —& — 18
C C 1 aXc ( )
: oE
f =f —¢,— 19
h h € of. (19)

where g and & are learning rates for both parameters
andf, respectively. The nearest optimization point ofrbot
positive and negative search directions is taken.

4.2 Optimization of aand fg
In the local phase that involves the decisive sigp
extracting edges, optimization can also be apghefind
optimized values for parametessandf,. Considering the
fuzzy entropy function at the local level, we mgdif
Equation (14) by replacing (k) with the local edge pixel
n(mn),
E(7(m,n)) =—n(m,n)Inn(m,n) + 1-7(m,n))In(L-7(m,n)]
(20)
The derivatives ofE with respect toa and fy are
obtained as:

a£: 0E  9n(mn)
da dn(mn) Oda
K) (K
e )
1=\ 1, fy 21)
0£: 0E  dn(mn)
of, dn(mn) of;
nay y Ke
= | u'j+1 In{ ,7 }
fq 1=-n (22)

whereK =[g (m+i,n+j) - (x,y)]-

Global Phase:
1. Determine value of the paramefier
2. Determineu(k) for k=1,...-1.
3. Determing: (k) using NINTE(K)].
4. Optimizex, andf,. (Optional)
i. Repeat step 2 with nefy
ii. Repeat step 3 with new.

L ocal Phase: ‘
5. Represent the membershi(k) in pixel level as
p(m,n)

6. Apply an edge detector mask to obtain the edge
output, 72(m,n).

7. Optimizea andf,. (Optional)
i. Repeat step 6 with newandf;.

8. Remove strong edges and impulse noise to produce
he filtered edge outputg (m,n).

9. Binarize the edge output at a threshold ledelp
obtain binary edge outpyiOptional)

6. Results and Discussions

In our experiments, the proposed algorithm was
implemented on 3 classic test images — the ‘Lena’,
‘Cameraman’ and ‘Barbara’ images; all grayscalegesa
of size 256x256. Prior to the experiments, no pre-
processing was done on these images.

As the algorithm has two phases — global enhaneceme
phase and local detection phase, we present the
experimental results and discussion separatelyckoity
of illustration, we use the Lena image mostly im wisual
assessment and analysis.

6.1 Experimental resultsand analysis

Using the gradient descent technique, the above

derivatives are applied recursively to learn theapeeters:
oE

a=a-&,— (23)
*oa
. o0E
fg :fg_g4a (24)

whereg; and & are learning factors for both parametars
andfg respectively. The feasible range of valuesdand
fy to avoid the problem of convergence and divergemee
as follows:

« a-025<a <a+025

+ 30<f, <100

If the values ofa andf; exceeds the range specified,
optimization is halted, and the old values areineth
5. Algorithm Flow

The algorithm flow of the fuzzy-based Gaussianesdg
detection algorithm is as follows:

I. Global Phase

The contrast intensification operator that perferm
global enhancement contains 3 parametegs, fy, t.
Parametet is preset and values of 5t< 7 would show a
reasonable amount of contrast boost. Initiatlyis taken
as X, = 0.5. Upon optimizationy. varies around 0.5, or
may reach as high as 0.7 in some cases. The in#iaé
of f, is obtained from Equation (4) and usually varies
within 5-15 units after optimization. The quaniiat
result of enhancement, before and after entropy
optimization, for the three test images is showmable 1.

The original and enhanced images of Lena are shown
in Fig. 1. After enhancement, the weak edges aptmear
have sufficient contrast and this allows better
discrimination of the weaker edges during edgediiete.



Table 1. Entropy and contrast intensification parameter values for Table 2. Initial and new optimized values for parameters a and f;

the Lena, Cameraman, and Barbara images for the Lena, Cameraman, and Barbara test images. The
Image E fn t Xe optimized global enhancement parameters from Table 1 are used
Stage* preset for their respective irqages. ’
Lena | 0.6719 | 116.5739] 500 o0s500p | 'mage a a fo fo
256x256 EU | 05941| 1205549 500 05000 | (Withlearning factors) i
Eo 06354 1222086 50d 05783 | Lena 2.9500 | 2.9819| 63.0004 60.3985
& =0.001 & =0.0001
Cameraman I 0.5490 | 120.2502| 5.00] 0.500p Cameraman 2.9000 | 2.8987| 72.000Q 73.9379
256x256 EU | 05641 96.0800] 500 _0.500p | &=01&=01
EO 0.7800| 108.7025 5.00 0.6931 Barbara 3.2000 | 2.7706| 57.000Q 89.5218
&= 0.01,84 =0.2
Barbara | 0.6596 116.7062 5.00 0.5000
256x256 EU 0.6249 104.3196 5.00 0.5000

EO 0.7069 110.3554 5.00 0.5974
*|: Initial; EU: Enhanced, unoptimized; EO: Enhand:eoptimized

4 ) F gl #
Fig. 2. Blnary edge output image for Lena with initial parameters
(left) and optimized parameters (right). Both edge images are
thresholded at A = 0.75.

Fig. 1. The orlglnal (left) and, enhanced and parameter-opt|m|zed 1. Comparative Analysis

(right) Lena image with ¢=5. For comparison, we have applied the Canny [4], and

scale-space Gaussian gradient diffusion [13] edge
I1. Local Phase detectors on the Lena test image as well (FigABYhree
In the local phase, the proposed mask contains 2methods produced very contrasting outcomes. TheCan

tunable parametersy andfy. a is the measure of edge detector yields many needless edges and does et tse
strength; higha values yield prominent edges but discard preserve vital shape details whereas the propostettor
weak ones while lowr values keep both the prominent favors many important edges that define the ovstalpe.
edges and most of the weak edges as Wgeljives the The Gaussian gradient diffusion operator causesdalu

fuzziness or scale of visibility of edges in theagm; and thick edges despite having its advantages gé ed
smaller values of; show more textured details or edge clarity. Most valuable texture details of the fabajr and
information, and vice versa. hat are lost. Even by human visual perception, ae c

By these experiments, suitable valuegrafre found in conclude that the proposed algorithm is able talpce an
the range of 2.8-3.2, centered arourwd 3. Values above  edge image that has the most recognizable face.
or below this range would produce thick, lumpy exlge Further comparison with the Canny detector usigg t
The values off, range from 30-100, wheifg below 30 Cameraman image is shown in Fig. 4. Note that hiape
would result in much unwanted texture and speckled of the face (in side view), camera tripod and tecure
edges, whilef; above 100 would purge too much edge of the background buildings are well malntalned and
information. Table 2 shows the initial and new pptied ] /
values ofa andf, for the three test images.

The Lena edge images before and after entropy
optimization are shown in Fig. By visual assessment,
we find that the overall basic object shape isimeth in
the Lena image, with a good balance of detail amxtuted
edges. In addition to that, the sketchy and jagedges
that were produced with our initial parameters aisibly
improved by using the optimized parameters.

Fig. 3. Canny edge operator (left) and Gaussian gradient diffusion
edge operator (right)



4, using the proposed
fuzzy edge detector (left) and Canny edge detector (right)

Fig.

clearly traced out while the Canny edges are messy,

resulting in much uncertainty in the shape of otgjec

6.2 Discussion and future work

We have made a visual assessment of detected &miges
shape to ascertain the edge quality, as done it pacst
literature.

mask) properties in the fuzzy domain. In brief, our
algorithm uniquely applies contrast intensificatido
enhance the image globally, and subsequently, al loc
Gaussian-type edge detector mask is used to fied th
edges. Both phases contain tunable parametersahdie
adjusted through fuzzy entropy optimization to dabta
more refined edges.

In our experiments on three classic test images, w
have shown that this edge detector is immenséigtda
for many applications such as face and fingerprint
recognition as it does not distort the shape arable to
retain the important edges. For future directionsg
intend to conduct a quantitative evaluation usimgwn
performance evaluation measures to make further
comparisons with these popular techniques.

References
[1] Pratt, W.K., Digital Image ProcessingNew York: Wiley-
Interscience, 1978.

The enhancement phase is essential for creatings] Gonzalez, R.C., and Woods, R.Bigital Image Processing

contrast in the images as lack of contrast oftedeto
loss of sharp details and texture. Generally, ecéaent
is not part of many existing edge detectors in the
literature. This is one reason they do not fare vmethe
shape preservation of objects. Thus, this addeturiza
makes it different from other common edge detectors

The proposed edge detector is also tailored waigh t
ability to reduce the number of false edges while
strengthening significant edges. Unlike the Canny
detector, which uses directional gradients, thigeed
detector is built on the basis of nonlinear funesioThus,
edges can be selected according to their signiieand
strength depending on the parameter set. This tbeteas
another distinctive feature — it retains the textof the
original image.

Although the performance of the proposed fuzzyeedg
detector excels as a shape and texture detectsufférs
from two drawbacks that can be easily mitigatedoum
future work, these drawbacks will be properly addes
to improve on its final output:

The presence of thick edges at some locations
can be addressed by non-maxima suppression.
The problem of broken edges can be easily dealt
with using edge linking techniques [2].

To reduce computational time, we can actuallytomi
the optimization of the enhancement parameteysf).
Furthermore, images that possess good contrastnoiay
need contrast intensification at all.

7. Conclusions

In this paper, we have proposed a novel fuzzedas
parameterized Gaussian edge detector that utibiogls
global (membership function based on gray level
histogram) and local (membership function in a Gaus

Addison-Wesley, Reading, M.A., 1992.

[3] Marr, D., and Hildreth, E.C., “Theory of edgetdction”,
Proc. of the Royal Society of Londdw207, 1980, 187-217.

[4] Canny, J.F., “A computational approach to edgection”,
IEEE Trans. on Pattern Analysis and Machine Ingellice
8(6), 1986, 679-698.

[5] Smith, S.M., and Brady, J.M., “SUSAN — A newpapach
to low level image processing’International Journal of
Computer Vision23(1), 1997.

[6] Bloch 1., “Fuzzy sets in image processingCM Symposium
on Allied Computing1994.

[7] Russo, F., and Ramponi, G., “Edge extraction FiRE
operators”Proc. of the 3rd IEEE Conference on Fuzzy Systems
1994, 249-253.

[8] Ho, K.H.L.,, and Ohnishi, N., “FEDGE - Fuzzy edg
detection by fuzzy categorization and classificataf edges”,
Fuzzy Logic in Artificial Intelligence Springer, 1JCAI'95
Workshop, Montreal, Canagd’188:182-196.

[9] Hanmandlu, M., Tandon, S.N., and Mir, A.H., flew fuzzy
logic based image enhancement34th Rocky Mountain
Symposium on Bioengineerir@ayton, USA, 1997, 590-595.
[10] Zzadeh, L.A., “Outline of a new approach to toealysis of
complex systems and decision processéSEE Trans. Sys.
Man and Cyber.SMC-3, 1973, 29-44.

[11] Hanmandlu, M., See, J., Vasikarla, S., “Fuzegige
detector using entropy optimizatioriit. Conf. on Information
Technology: Coding and Computati®2Q04, 665-670.

[12] Chi, Z.R., Yan, H., Pham, TFuzzy Algorithms: with
applications to image processing and pattern redbogm,
World Scientific, Singapore, River Edge, N.J., 1996

[13] ter Haar Romeny, B.MFEront-End Vision and Multi-Scale
Image AnalysisKluwer Academic Publishers, 2002.

[14] Hanmandlu, M., and Devendra Jha., “Color image
enhancement based on fuzzy entropy optimizatiorgyised
paper communicated t&EE Trans .on Image Processing.



