Fuzzy Edge Detector Using Entropy Optimization
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Abstract: This paper proposes a fuzzy-based approach tooperator used local gradient method to detect ediges)

edge detection in gray-level images. The proposedyf
edge detector involves two phases ...
intensification and local fuzzy edge detectiontha first

a specified direction. The lack of noise contrauléed in

global contrastheir poor performance on blurred or noisy images.

Canny [1] proposed a method to counter noise

phase, a modified Gaussian membership function isproblems, wherein the image is convolved with tingt-f

chosen to represent each pixel in the fuzzy plargobal
contrast intensification operator, containing three
parameters, viz., intensification parameter t, fiiez f,
and the crossover point,Xs used to enhance the image.
The entropy function is optimized to obtain the
parametersfand x using the gradient descent function
before applying the local edge operator in the sgco
phase. The local edge operator is a generalizeds&San
function containing two exponential parametergnd .
These parameters are obtained by the similar egtrop
optimization method. By using the proposed teclaiqu
marked visible improvement in the important edges i

order derivatives of Gaussian filter for smoothingthe
local gradient direction followed by edge detection
thresholding. Marr and Hildreth [2] proposed an
algorithm that finds edges at the zero-crossingghef
image Laplacian. Non-linear filtering techniques éalge
detection also saw much advancement through the
SUSAN method [3], which works by associating a $mal
area of neighboring pixels with similar brightnéssach
center pixel.

More recently, techniques have been proposed that
characterize edge detection as a fuzzy reasonuigem.
Fuzzy logic by the local approach has been uséd] ifor

observed on various test images over common edgenorphological edge extraction method. etoal. [5] used

detectors.

Keywords- Edge detector, fuzzy image processing, image

enhancement, entropy, contrast intensification afuer
fuzzifier, crossover point, Gaussian membershiptfan

1. Introduction

both global and local image information for fuzzy
categorization and classification based on edges.

In this paper, we have proposed a fuzzy-based
approach to edge detection that uses both glolghlomal
image information. Firstly, we used a modified Gaas
membership function to represent each pixel inftlzay
domain. After which, a global contrast intensifioat
operator is used to enhance the image by adjudting
parameters. In this process, pixels having morénedg

In many computer vision and image processing will be enhanced while that with the lesser will be

applications, edge detectors are important tootafour
feature extraction. The separation of a scene innatge

decreased. The optimization of the entropy functign
gradient descent function produces new optimized

object and background, by tracing the edge betweenParameters of contrast enhancement. The secone phas

them, is an important step in image interpretation.

involves the edge detection process with local enag

Therefore, precise edge detection is required forinformation by a local fuzzy mask, similar to theeo
numerous image analysis, evaluation and recognitionsuggested in [4, 5]. The last step is a simplestiokling

techniques. In the past, a lot of research has dera in
the area of image segmentation in various apptinati
using edge detection.
The underlying
techniques is by the computation of a local firssecond
derivative operator, followed by some regularizatio
technique to reduce the effects of noise. Earlidgee
detection methods, such as Sobel, Prewitt and B3ber
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idea of most edge detection

method based on experimental observations.
2. Global Contrast Intensification

2.1 Fuzzy image representation

In the representation of a spatial domain imagehmm
fuzzy domain, a gray tone imageof dimensionM x N,

YF]',F.
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and L levels, can be considered as an array of fuzzyu « [0.5, 1] values. This leaves pixels ngar 0.5 having

singleton sets;

X = {(Hmn Xm); m=1,f, M; n=1,f, N;} (1)

where each pixel is characterized by the intensity value

Xmn @nd its grade of possessing some membership ”
Mnn "1), relative to some brightness level in the rafige
L-1].

2.2 Histogram-based fuzzy membership function

the highest ambiguity and do not belong to either
perception class. They can be treated as pixelyibdesy

the fuzzy boundary. Thus, a range of values neand).
considered to contain edges.

2.3 Contrast intensification function

Poor contrast of degraded images is usually emthnc
by common methods such as histogram equalization
stretching and gray level transformations. As image
degradation is nonlinear in nature, we use theineat

Fuzzy property can be expressed in terms of new contrast intensification function introduced [8],

continuous function called as membership functidere,

NINT[(K)] with 3 tunable parameters, viz., intensification

we use a modified Gaussian membership function asoperatort, fuzzifier f, and the crossover poirt, defined

suggested in [6], being a simpler transformatiamcfion
that contains only one fuzzifiéy, and is given as

i = Gl = @ (s 7o) 120 @
where Gkq) is a Gaussian function, amgly, Xmn are the
maximum andrf,n)th gray values respectively.

A fuzzy histogram is used to obtain the frequeaty
occurrence of membership functions of gray levelthe
fuzzy image. Thus,

X { RX), p(xX)} {Fr’m/xmn};m L..M;n 12,..,N

3)
where Y(x) is the membership of pixel with intensity
value ofx, andp(x) is the number of occurrences of the
intensity valuex, in imageX. The distribution ofp(x) is
normalized such that

U p(x) 1 @
0

X

Here, we propose a histogram-based membership

function to represent pixels of the spatial domiairthe
fuzzy domain by histogram fuzzification function as

RX) d O k)?121,2] )
wherek is a certain gray value in the range [0]], and
the fuzzifier parametef,, can be determined as

! (Ko K)*P(R)
0 (6)

2k
fy

L1
21 (Ko K)2P(K)
k0

where pk) stands for the frequency of occurrencek fi
histogramX.

In the fuzzy plane, a contrast-enhanced imagewis |
perception (dark)t « [0, 0.5] or high perception (bright),

Proceedings of the International Conference on Information Technology: Coding and Computing (ITCC'04)
0-7695-2108-8/04 $ 20.00 © 2004 |IEEE

as

1
1 exp[ t(RK) x.)] @)

wheret controls the shape of the sigmoid function and the
initial value ofx. is taken as 0.5.

Parameterd, and x; are adjusted througpk) while
the intensification operatot will be fixed instead to
control the level of contrast enhancement in thagen
The image information remains unchanged when the
value oft is approximately 5.

AK)  NINT[ RK)]

2.4 Entropy optimization of parametersx. and fy,

Different types of measures are reported to agbess
image quality, which is difficult to be quantifieth this
fuzzy-based approach, the entropy of a fuzzy set is
functional to measure the degree of fuzziness faizay
set, giving the value of indefiniteness of an image
Entropy E [7], which is based on Shannones functi&n
is defined by

1 Lll
— k 8
2,1 5PK) ®
where
S.( P(k)) P(k)In P(k) @ P(K)In(L  AP(k))
(O aif a1)
9)

is Shannones entropy function [8]. Thereafter, finezy
entropy function can be rewritten as

L

E( AK)) é :l [AKIN AK) @ AK)In@  AK)Ip(K)
(10)
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SinceE provides the basis on which the information A fuzzy parameter-based new Gaussian-type edge
can be quantified, we use to optimize the parameter detector is proposed as

andf,. The intensification operataris fixed and will not 11 [Aminj) Amn)? i
be optimized. We propose an entropy optimization Kmn) e H 2(fh)
method with the pre-set initial valuesxgandf;. ’ a7)

The derivatives ofE with respect tox. and f, are wherei, j « [ (w 1/2,(w 1)/2], andw x w is the size

obtained as: of the edge detector maski(mn) is the membership
. » value of central pixel of the mask at location,) and
VE VE k 1 . i i i i
e WAk 15 (R x)a( Alp(k) Kmpn) is the output edge pixel replacing the previous
w, wWAk) w, In2.[ central pixel. The fuzzifief, is earlier optimized using
(11) equation (15).

: ParametersDand Fare adjustable and are pre-selected
N \E WALk) wik) by experiments. As the mask is a generalized Gauissi
W wAk) wRk) g function, different values ofand Awould yield different
1552 RR)(RK) X)X K)ZO(A) K functions, i.e. selectingD= £ = 1 would produce an
In2 k|o[ £3 Ip(k) exponential mask, whileD="£= 2 would yield a normal
h

Gaussian mask.

12) The operation performed by the mask is a nonlinear
" mapping process and the output pixel val@mn) o [-
whereg(l) is denoted as AR %) f, f], though in general, the value &m,n) lies in [0,1].
. . . e
a(A AKA AK) ———mvoz (13) o
[1 e!(RI ]2 3.2 Entropy optimization of parametersa#and /E

These derivatives are used in the learning of the At the local window, optimization is also requirem
parametersc. and f,, recursively by the gradient descent fine-tune parametersDand £ as the final edge output

technique: depends very much on the values of these two
parameters.
EE Taking into consideration that the edge mask is
Xomew Xood A (14)  applied locally and does not involve the entire gemathe
W, entropy function is taken as
i
frnew  frod HW 15 E(mn) [AmninAmn) @ Amn)in@ Amn)]

(18)

where &and Hare learning factors or learning rates for
both parameters. andf,, respectively. Ifx. andf, diverge
or converge too quickly, the value dfand fhave to be
altered respectively in order that the convergerideese

where the global membership valygk) is now replaced
by the local edge pixeKm,n).
The derivatives ofE with respect to Dand Eare

. obtained as:
values is ensured.
We note that the optimization of moves in both - o
decreasing positive and negative search directi®hs. B E  wKmn) K 11 K7InK - KW
nearest optimization point of the both is take®asy — : —————1In 3,
wo  w{mn) WD 2(f,) K
3. Local edge detection (19)
3.1 Local edge detector mask s 11 KO
Redefining contrast intensification functioNJNT(.) B € wKmn) Nty ] KW
. . o " I In 3
in terms of (,n)th pixel, WE WKmn)  wE (1) @7({4
Am,n) NINT[ 2] 1 - : (20)
: ™ 1 exp[ (P, x)I whereK=[ Am i,n j) AXY)]

(16)

TEEE .2
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These derivatives are used in the learning of the4, Proposed algorithm

parameters¢ and f,, recursively by the gradient descent
technique:

The steps of the fuzzy-based edge detection #hgori
are as follows:

Global level:

iE
Bew L /ZE (21)
E
ﬁew gd /%E (22) ;
where fHand Hare learning factors for both parametéps 3

and Erespectively. Similarly, if Dand Ediverge or
converge too quickly, the value of4and f£have to be 4
altered respectively to ensure stability. '

Since the optimization formulae might be
burdensome, we may not use all points,r) on the
image. We proposed using only the maximum and
minimum intensity points or a selection of points t
represent different intensity ranges.

Some conditions and assumptions are needed to
monitor the convergence of these values and prevent
optimization process from yielding local minima or

6.

© ® ~

Calculate the value of the paramdtdrom (6).
Calculate the membership functipfk) from (5) for
k=1,f, L-1.

Determine p'(k) by performing  contrast
intensification, NINT(.) on all membership values
Optimizex. iteratively until it converges.
Optimizefy, (using optimizedx,) iteratively until it
converges.

Local level:

Optimize Oteratively until it converges.

Optimize Ateratively until it converges.

Apply the local fuzzy edge detectom,n).

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

maxima. The following are the selection criteriadan
feasible range of values faband £

X Bewtland Ry d Bqt+0.2

X Eewt ﬁdlz and Eewdlad
If the value of Dand Econverges outside the above range
of values, optimization can be discarded, and thit o
values, [3q and 54, are used.

10. Apply simple edge thresholding according to the
selected threshold levelp
11. Assess final edge image visually.

5. Results and Discussions

The fuzzy edge detector algorithm is implementad o
3 common 256x256 pixel gray level test images,the.
Lena, Cameraman and Barbara images. Prior to the

However, when strong edge and impulse noise are@pplication of this algorithm, no pre-processingswiane

encountered Am,n) will have either on these images.
x very large values omn) > 1;  or As the algorithm has two phases global
x  very small values of/(’n,1 n) < O enhancement phase and local detection phase, we present

Thus, the AND operation is taken to avoid such ':_r:e re?ﬁltSLOf |n_1pleme_ntat|or(1j ?n thesel |ma?es_ atgr
situations, so that the membership is within [Otd4t is ere, the Lena Image IS used for visual analysis.

3.3 Removal of strong edges and impulse noise

K(mn) min[Kmn)] |1; when Kmn) > 1; AND 5.1 Experimental results

K(m,n) max[Am,n)] | 0; when Kmn) < 0; (23) The enhancement phase, is essential for creating
contrast in the images. Lack of contrast oftendaadoss
of visible information, i.e. sharp details, texture.
Generally, enhancement is not part of many existithge
After the edge image is produced through the edgedetectors in the literature. This is the reasoly ttie not
detector, simple thresholding is required to birerit fare well when it comes to the retaining of theibakape
according to a certain threshold level. An optimum Of the object. This added feature to the proposigee
threshold level Gs determined through experiments to be detector makes it different from other availableged

in the range of 0.7 to 0.9, where detectors. .
Enhancement is performed by a contrast

intensification operator that contains 3 parameterd,

3.4 Edge image thresholding

él o070 09 o4 t. Generally after optimizatiors. varies around 0.5, and
Kmn) @® (24) may reach up tag0.7 in some cases. The initial value of
0, 007009 fn is found from the approximate formula (6). However

usually does not change much after optimizatiorth wi

YF]',F.
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possible changes of + 1.0. The valug &f pre-set and  edge images before and after parameter-optimization are
by experimentation, values of 5t< 7 allows reasonable  shown in Fig. 2.
amount of contrast enhancement on these images. With

these initial values, the entropy optimization ggelthe Table 2. Initial and new optimized values for parameters Dand £
final values as shown in Table 1 for the Lena, Cameraman, and Barbara images using optimized
’ enhancement parameters from Table 1

Table 1. Entropy and contrast intensification parameter values for

the Lena, Cameraman, and Barbara images Image ) D b . E E
Image E f i x (initial) (new) (initial) (new)
reset Lena & 0.75
Stage™ P b 0 00(1 he 0 ())001 2.9500 | 2.9819| 2.400Q  2.4000
Lena | 0.6719 116.5739 5.00 0.5000 : :
256x256 EU 0.5941 120.5549 5.00 0.5000 Cameraman (o
EO 0.6354 122.2986| 5.00 0.5783 =0.90) 2.9000 2.8987 2.5000 2.5126
H=0.1, #=0.1
Cameraman I 0.5490 | 120.2502| 5.00]  0.5000 Ba_rboagi (_COtZO.QO) 32000 | 2.7706| 2.6000 2.6000
256x256 EU | 05641 96.0800| 5.00] _ 0.500D H=0.01, #=0.
EO 0.7800 108.7025 5.00 0.6931
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: Enhardieoptimized

The original and enhanced image of Lena is shown in
Fig. 1. As can be seen, the enhanced image appears to be
more suitable for the detection of edges as there i
sufficient contrast at the weak edges.

Fig. 2. The initial (left) and parameter-optimized (right) edge
image for Lena with 0#~2.95, Eu~2.4, G- 0.75.

By visual assessment, the basic shape is retairedt
the tested images, with a good balance of detailed and
speckle-textured edges. For comparison purposéawe
applied the Canny, and scale-space Gaussian gradient
diffusion [9] operators on the test images. Resals
shown in Fig. 3.
Now, Figs. 2 and 3 reveal much difference in the
Fig. 1. The original (left) and, enhanced and parameter-optimized appearance of Lena. Canny yields more unnecessary
(right) Lena image with 7= 5. edges thus cluttering the main shape details whettea
proposed detector drops some edges in favor of iz
In the local phase, edge detection is performed by theedges that make up the shape. The Gaussian gradient
proposed edge operator, which contains 2 tunablediffusion operator causes blurred edges, and mainly
exponential parameterspand £ The Dgives a measure accentuates only the strong edges but most valuable
of edge strength, with higher values yielding pnoemit details of the face are lost. This distinctive featof the
edges while discarding weak ones, and vice versa. Ahe proposed detector goes a long way as an operatablsu
gives the scale of visibility of edges in the imagéth for face recognition applications.
lower values of £showing more fine textured detail, and
vice versa. It is also found thatshould always be less
than or equal toRi.e. £” D
By experiments, suitable values défare in the range
of 2.5 to 3.2, where values above or below thigeanill
result in thick, lumpy edges. SimilarlyEvalues range
from 2 to 3.2, where Ebelow 2 will result in much
unwanted texture and speckled edges. With theainiti
values of Dand Efixed, implementation of the edge
detection operator yields the new optimizedand £ _ _ S
values for the test images, as shown in Table 2. The Lena{:'g' 3. Canny edge operator (left) and Gaussian gradient diffusion

edge operator (right)
IF]‘,F.
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5.2 Discussion of results

[5] Ho, K.H.L.,, and Ohnishi, N., *FEDGE ... Fuzzy egdg
detection by fuzzy categorization and classificataf edgesZ,

Though the performance of the proposed fuzzy edgeFuzzy Logic in Artificial Intelligence Springer, 1JCAI-95

detector excels as a shape and detail detectsrfraught
with some drawbacks. It fails to provide all thidne
edges. The presence of thick edges at some location
needs to be addressed by the proper choice of pseesn
The weak edges are not eliminated but for some
applications, these may be required. This detebtw
another distinctive feature, i.e. it retains theuee of the
original image. This feature can be utilized foreth
identification of fingerprints, where the ridges yriaave
different intensities. As far as the parametersedfe
detection operator are concerned, optimizationtbase
simplified by devising simple solutions for theigsition

Workshop, Montreal, Canadh188:182-196.

[6] M. Hanmandlu, D. Jha, and R. Sharma, <Color gma
enhancement using fuzzificationZ, Pattern Recagnitietters,
Vol. 24(1-3) 2003, pp. 81-87. [3]

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

[8] Pal N.R. and Pal S.K., *Entropy: A new definitiondaits
applications)EEE Trans. Sys., Man, Cyberneti&vC-21(5).
[9] ter Haar Romeny, B.MEront-End Vision and Multi-Scale
Image AnalysisKluwer Academic Publishers, 2002.

of these parameters. Furthermore, by the determination of
proper initial values forDand £ optimization work could

be lightened. As the success of the edge detection
depends on these parameters, we are experimeming o

several images to come up with a useful selection
guideline.

6. Conclusions

The fuzzy edge detector presented in this papes us
both global (histogram of gray levels) and local
(membership function in a window) information. The
local information is fuzzified using a modified Gasian
membership function. Using the contrast intensiitca

operator, the image is enhanced to the required level of

visual quality by the entropy optimization of paktarsf,
andx.. Then, the local edge detection operator is applied
on the enhanced image using paramet®asd £ which

are again obtained from entropy optimization. Hinal
simple edge thresholding is applied to produce the final
edge image.

Results show that this edge detector is immensely
suitable for applications such as face recognition and
fingerprint identification, as it does not distdine shape
and is able to retain the important edges unlikeGanny
edge detector. Choice of some of the parameterdand
As crucial for the success of this algorithm.
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