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Abstract. Various approaches to edge detection for color images, in-
cluding techniques extended from monochrome edge detection as well
as vector space approaches, are examined. In particular, edge detection
techniques based on vector order statistic operators and difference vec-
tor operators are studied in detail. Numerous edge detectors are ob-
tained as special cases of these two classes of operators. The effect of
distance measures on the performance of different color edge detectors
is studied by employing distance measures other than the Euclidean
norm. Variations are introduced to both the vector order statistic opera-
tors and the difference vector operators to improve noise performance.
They both demonstrate the ability to attenuate noise with added algo-
rithm complexity. Among them, the difference vector operator with adap-
tive filtering shows the most promising results. Other vector directional
filtering techniques are also introduced and utilized for color edge detec-
tion. Both quantitative and subjective tests are performed in evaluating
the performance of the edge detectors, and a detailed comparison is
presented. © 1999 Society of Photo-Optical Instrumentation Engineers.
[S0091-3286(99)00904-6]
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1 Introduction paramount importance. Color edge detection also outper-

The subject of color image processing has gained increas-forms monochrome edge detection in low contrast imdges.

ing recent attention because color images convey more in- There is thus a strong m_otivatjon to dgvelop efficient color
formation about objects in a scene than gray-scale images€dge detectors that provide high quality edge maps.
and this information can be used to further refine the per- Despite the relatively short period of time, numerous
formance of an imaging system. The multichannel nature of @PProaches of different complexities to color edge detec-
a color image, however, adds considerable complexity to tion have been proposed. It is important to identify their
the processing system. One of the challenges facing colorStrengths and weaknesses in choosing the best edge detec-
image processing is to extract the additional color informa- tor for an application. The major performance issues con-
tion without incurring large complexity in the system. cerning edge detectors are their ability to extract edges ac-
One of the fundamental tasks in image processing is curately, their robustness to noise, and their computational
edge detection. High level image processing, such as objectfficiency. To provide a fair assessment, it is necessary to
recognition, segmentation, image coding, and robot vision, have a set of effective performance evaluation methods.
depends on the accuracy of edge detection since edges confhough numerous evaluation methods for edge detection
tain essential image information. In a monochrome image, have been proposed, there has not been any standardized
an edge usually corresponds to object boundaries ormethod. In image processing, the evaluation methods can
changes in physical properties such as illumination or re- usually be categorized into objective and subjective evalu-
flectance. This definition is more elaborate in the case of ation. While objective evaluation can provide analytical
multispectrakcolor) images since more detailed edge infor- data for comparison purposes, it is not sufficient to repre-
mation is expected from color edge detection. According to sent the complexity of the human visual systems. In most
psychological research on the human visual systéoglor image processing applications, human evaluation is the fi-
plays a significant role in the perception of boundaries. nal step, as noted by Clinque et'aThe subjective evalua-
Monochrome edge detection may not be sufficient for cer- tion, which takes into account human perception, seems to
tain applications since no edges will be detected in gray be very attractive in this perspective. The visual assessment
value images when neighboring objects have different huesmethod proposed by Heath et°8lis entirely based on sub-
but equal intensitied.Objects with such boundaries are jective evaluation. In this paper, both types of evaluation
treated as one big object in the scene. Since the capabilitymethods are utilized for comparing various edge detectors.
to distinguish between different objects is crucial for appli- An overview of the methodology for color edge detec-
cations such as object recognition and image segmentationtion is presented in Section 2, where early approaches ex-
the additional boundary information provided by color is of tended from monochrome edge detection, as well as the

612 Opt. Eng. 38(4) 612—625 (April 1999) 0091-3286/99/$10.00 © 1999 Society of Photo-Optical Instrumentation Engineers

Downloaded from SPIE Digital Library on 06 Nov 2009 to 141.117.7.177. Terms of Use: http://spiedl.org/terms



Zhu, Plataniotis, Venetsanopoulos: Comprehensive analysis of edge detection . . .

more recent vector space approaches are addressed. Thigexican hat operator uses convolution masks generated
edge detectors illustrated in this section, among others, arebased on the negative Laplacian derivative of the Gaussian
the Sobel ogerat(f‘r,7 the Laplacian operatdrthe Mexican  distribution:
hat operator;® the vector gradient C?TPerat?)the directional
operator'® the entropy operatdr, and the Cumani 2. o 2 2. o
2 o : X‘+y—20 Xty

operator? Two families of vector based edge detection op- _ V2G(X,y)= ———s—exp —

isti i Y 27" 202 )"
erators, vector order statistic operatdré and difference o o
vector operators are studied in detail in Section 3 and 4, ] ) ) ]
respectively. A variety of edge detectors obtained as specialEdge points are located if zero-crossing occur in any one
cases of the two families are introduced and their perfor- color channel. _
mances are evaluated. The evaluation results from both ob-  The gradient operators proposed for gray-scale imdges

jective and subjective tests are listed in Section 5 followed can also be extended to color images by taking the vector
by our conclusions in Section 6. sum of the gradients for individual componehts.Similar

to Sobel and Laplacian operators, the gradient operator also
employs first derivative like mask patterns. Other ap-

©)

2 Overview of Color Edge Detection proaches consider performing operations in an alternative
Methodology color space. The Hueckel edge operstaperates in the

luminance, chrominance color space. The edges in the three

2.1 Techniques Extended from Monochrome Edge color components are also assumed to be independent un-

Detection der the constraints that they must have the same orientation.

In a monochrome image, an edge is defined as an intensity!n Studying the application of the compass gradient edge
discontinuity. In the case of color images, the additional detection method to color images, Robinbalso utilized

variation in color must also be considered. Early ap- different color coordinates. , ,
proaches to color edge detection are extensions of mono- One common problem with the preceding approaches is
chrome edge detection. These techniques are applied to thdhat they failed to take into account the correlation among
three color channels independently and then the results ardn€ color channels, and as a result, they are not able to
combined using certain logical operatidSeveral standard extract certain crucial mformatlon conveyed by color. For
techniques can be applied in this way. One of the represen-€xample, they tend to miss edges that have the same
tative classes of edge detection is the Sobel operator. It carStréngth but in opposite direction in two of their color com-

be realized by convolving the image with the following two Ponents. Consequently, the approach to treat the color im-
convolution masks: age as vector space has been proposed.

2.2 Vector Space Approach

1 0 -1 1 2 1 . .
Various approaches proposed consider the problem of color
M={2 0 -2, M= 0 0O 0/ (D edge detection in vector space. Color images can be viewed
1 0 -1 -1 -2 -1 as a 2-D three-channel vector figfiwhich can be charac-

terized by a discrete integer functid(x,y). The value of
this function at each point is defined by a 3-D vector in a
given color space. In the RGB color space, the function can
be written asf(x,y)=(R(x,y),G(x,y),B(x,y)), where

These two masks are applied to each color channel inde-
pendently and the sum of the squared convolution gives an
estimated gradient in each channel. A pixel is regarded as : . ; .
an edge point if the maximum of the gradient magnitude (x,y) refers to the spatial dimensions in the 2-D plane.

values in the three channels exceeds a predetermined0St €xisting edge detection algorithms use either first or
threshold. second difference between neighboring pixels for edge de-

Another operator that can also be used in a similar fash- tection. A significant change gives rise to a peak in the first

PR, IR : ., derivative and zero-crossing in the second difference, both
Icoonnifotlﬂgoer:grfrll;gslghgg{irl;gg) Iggl?g}lg\?vitator. The Laplacian of which can be identified fairly easily. Some of these op-

erators are considered in the following.

10 22 1 2.2.1 Vector gradient operators
M=| 22 128 22|, (2 The vector gradient operator employs the concept of a gra-
10 22 1 dient operator, except that instead of scalar space the op-

erator operates in a 2-D three-channel color vector space.
) _ ) _ There are several ways of implementing the vector gradient
Again, the Laplacian mask is applied to the three color gperator® One simple approach is to employ &3 win-
channels independently and edge points are located byqow centered on each pixel and then obtain eight distance
thresholding the maximum gradient magnitude. values 0;,D,,...,.Dg) by computing the Euclidean dis-

Another group of edge detectors commonly used in 00 petween the center vector and its eight neighboring
monochrome edge detection is based on second denvatlvg/ectors The vector gradieng) is then chosen as

operators, and they can also be extended to color edge de-
tection in the same way. A second derivative method can
be implemented based on the preceding operator. Theg=maxD,,D,,...,Dg). 4
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Another approach employs directional operators. Let 2.2.2 Directional operators

the —image be a vector function f(X,y)  The direction of an edge in color images can be utilized in
=(R(x,y),G(x,y),B(x,y)), and letr, g, andb be the unit 5 variety of image analysis taskSA class of directional
vectors along the R, G, and B axes, respectively. The hori- vector operators was proposed to detect the location and
zontal and vertical directional operators can be defined as: grientation of edges in color imag&sin this approach, a
color c(r,g,b) is represented by a vectorin color space.

9R G 9B Similar to the well known Prewitt operafdrshown below,
UZEF‘F Kg+ Wb, (5)
-1 0 1 -1 -1 -1
1 1
R 4G 4B AH=§—101,Av:§000,
V= T ey 9T ey ©6) 10 1 1 1 1
(13
JR|? |9G|? |oB|? the row and column directional operatdi=., in the hori-
Gux=U-u=| o+ Ix + x| (7 zontal and vertical directionseach have one positive and
one negative component. For operators of size/{2)
X (2w+1) the configuration is the following:
IR 2+ ple 2+ B |? -
=\V-V=| — R — — ,
. ay| |yl [dy V.
AH=[H_OH,], Av=| 0], 14
_aR&R+aGaG+aBaB . V.,
S~ ox oy P ax oy T ax oy ©

where the parametev is a positive integer. These positive
Then the maximum rate of changefofind the direction of  and negative components asenvolution kernelsdenoted
the maximum contrast can be calculated as: byV_, V,, H_ andH,, whose outputs are vectors cor-
responding to the locahverage colors To estimate the
color gradient at the pixelxg,y,), the outputs of these

o= %arctan&, (10 components are calculated as follows:
Oxx— gyy
1 Y=YotW X=Xo+W
F(6)= 3[(9xct Gyy) +COS 20( Gy Gyy) + 20y Sin 4], H (X0 Y0) = a2 2,y SOV,
(11) Y=Yo 0
Edge can be obtained by thresholdirfey ) ]Y2. 1 YTYorw xsXew

> cxy),

The image derivatives along theandy directions can H_(Xg,Yo)= —=———
g g y ( (o] yO) W(2W+ l) y:%_w X:XO—l

be computed by convolving the vector functibmwith two

spatial masks as follows: (19
Y=YotW X=Xg+W

P [—1 0 1 V.(X0,Yo)= my=yo+l szio‘tw c(X,y),
— =2 =1 0 1|#f;,
X 6

L -1 0 1 Y=Yo—W X=Xg+tW

] (12 V_(X0,Yo) = my:y%_l o c(X,y),

1 1 1

a_fi:l 0 0 0 |*f.. wherec(x,y) denotes the colorr(g,b) at the image loca-
Ny 6 1 ' tion (x,y).

- Local colors and local statistics affect the output of the
operator componentfV, (x,y), V_(x,y), H,.(x,y) and
H_(x,y)]. To estimate the local variation in the vertical
and horizontal directions, the following vector differences
are calculated:

Unlike the gradient operator extended from the men-
tioned monochrome edge detection, the vector gradient op-
erator can extract more color information from the image
because it considers the vector nature of the color image.
On the other hand, the vector gradient operator is very sen-
sitive to small texture variation'$. This may be undesirable AH(Xy,Yo) =H (Xo,Yo) —H_(Xs.Yo),
in some cases since it can cause confusion in identifying (16)
the real objects. The operator is also sensitive to Gaussian
and impulse noise. AV(Xo,Yo) =V (Xo:Yo) —V_(Xo,Yo)-
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The scalar§AH(X,,Y,)|| and||AV(X,,Y,)| give the varia-
tion rate at &,,Y,) in orthogonal directiongi.e., are the

pass$ effectassociated with the convolution mask. There-
fore, the larger the size of the convolution mask, the stron-

amounts of color contrast in the horizontal and vertical di- ger the low pass effect and the less sensitivity the operator

rections. The local changes in the color channgls., R, G

has to high spatial frequencies. Also, note that, H

and B can not be combined properly by simply adding the V_ andV, are in fact convolution masks, and could easily

R, G and B components afH and AV. This approach

implement the latest vector order statistics filtering ap-

leads to a mutual canceling out effect in several situations proaches.

(e.g., when contrast is in phase opposition in different chan-

nels. Instead, the local changes in R, G and B are assumed2.2.3 Compound edge detectors

to be independerit.e., orthogonal and the intensity of the

The simple color gradient operator can also be used to

local color contrast is obtained as the magnitude of the imp]ement Compound gradient Operatb‘}@\ well known

resultant vector in the RGB spacesing the Euclidean
norm), as shown in Equationd7) and(18). Therefore, the
magnitudeB of the maximum variation rate ak{,y,) is
estimated as the magnitude of the resultant vector:

B(Xo.Yo) =[IIAV(Xo,Yo) [ +I|AH(Xo,y0) 7142 17

and the directiond of the maximum variation rate at
(Xo,Yo) is estimated as:

AV'(X5,Y0)

————— |+ km,
AH'(xo,yoJ i

0= arctar% (19

where,k is an integer, and:

if IV (X0, Yo) [Z[[V - (X0, ¥o)l

AV’ (Xo,Yo) =1 then [[AV(X,,Y,)]

otherwise, —||AV(X,,Yo)lls

it [H4 (X0, Yo [Z[H-(Xo, Y0l
AH'(Xo,yo)= then ”AH(Xoayo)”

otherwise, —||AH(X,,Yo)l,

where||| denotes théEuclideannorm. In this formulation,

example of a compound operator is tierivative of Gauss-

ian (AG) operator! In this case, each channel of the color
image is initially convolved with aGaussiansmoothing
functionG(x,y, o), whereo is thestandard deviationand,
after then this gradient operator is applied to the smoothed
color image to detect edges. Torre and Pogjigstated that
differential operations on sampled images require the im-
age to first be smoothed by filtering. The Gaussian filtering
has the advantage that it guarantees the bound-limitedness
of the signal, so the derivative exists everywhere. This is
equivalent toregularizingthe signal using a low pass filter
prior to the differentiation step.

The low pass filteringregularization step is done by
the convolution of aGaussian G&x,y,o) with the image
signal. In a multispectral image, each pixel is associated to
a vectorc(x,y) whose components are denoteddyix, y),
andi=1,2,3. This convolution is expressed as follows:

G(x,Y,0)01=G(x,y,0)l;, Vi, (19
wherel andl; denote the image itself and the image com-
ponenti. The image edges are then detected using the op-
erator described before, and at each pixel the edge orienta-
tion 6(x,y) and magnitudeB(x,y) are obtained. The
filtering operation introduces an arbitrary parameter, the
scaleof the filter, e.g., the standard deviation for the Gauss-

the color contrast has no sign. To obtain the direction of ian filter. A number of authors have discussed the relation-
maximal contrast, a convention is adopted to attribute signsship existing between multi resolution analysis, Gaussian
to the quantities\V’ (x,,yo) andAH’(x,,Y,) in Equation filtering and zero-crossings of filtered sign&ls’

(18). These quantities are considered positive if the lumi- ~ The actuakdge locationsire detected by computing the
nance increases in the positive directions of the image co-Z2ero-crossings of the second-order differences image, de-
ordinate system. The luminance quantities are estimatednoted by ZCg,y), obtained by applying first-order differ-
here by the norms{H. |, [H_|, [V.] and|V_]||. Typi- ence operators twice. Once the zero-crossings are found,
cally the luminance has been estimated by ltmainance they still must be tested for maximality of contrast. In prac-
quantity, using the normjc|,=r+g+b. However, the  tice the image components are only known at the nodes of
norm||c|,= (r2+g2+b?) 2 also has been used to estimate & rect_angular _g.rld of sampling pointg,{), and the zero-
luminance?? Here |.|, is denoted simply byl.. Another ~ €rossing condition ZG(,y)=0 often does not apply. The
possibility would be to consider the local color contrast Simple use ofocal minimaconditions leaves a margin for
with respect to a referende.g., the central portion of the ~Uncertainty. The zero-crossing image locations can be lo-
operatorc,), instead of the luminance quantity. However, Cat€d by identifying how the sign of Z&(y) varies in the
this last possibility could present some ambiguifies., in d'reCF'Oqz of maximal contrast, near the zero-crossing
vertical ramp edges |H_—c,|=|H,—c,, then Iocat|on._ Therefore, the condltlo_n Z(X(y)=“0 must then
AH’(%,,y,) would have positive sign, irrespective of the be substituted by the more practical condition:

actual sign of the ramp slop&’

Note the similarity between the color gradient formu-
lated above and a Prewitt-typeW2-1)X (2w+ 1) mono-
chromatic gradiemt* The larger the parametew, the where the sampling pointsx(,y;) and ;,y;) are eight-
smaller the operator sensitivity to noise, and also to sharpadjacent, and the derivatives required for the computation
edges. This happens because there ismmothing(low of ZC(x,y) are approximated by convolutions with the

ZC(x;,yi) - ZC(x;,y;) <0, (20)

Optical Engineering, Vol. 38 No. 4, April 1999 615
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masks proposed by BeaudétNotice that &;,y;) and

(xj,y;) are in the direction of maximal contrast calculated F=

at (Xo,Yo), the center of the eight-adjacent neighborhood.
To improve the spatial locatiofmostly with larger operator
sizesw), a local minimum condition is also usedi.e.,
|ZC(Xy,Yo)| <7, 7=0]. With the compound detector, the

of of IRIR 4G IG 4B B

=t — —, (27)

ax ay  ox dy  ax dy  dx ay

of of IRAIR 4G IG 4B IB
k= — b —, (29)

ay ay dy ay ay dy dy dy

Gaussian noise can be reduced due to the Gaussian smooth-

ing function. Though this operator improves performance
in Gaussian noise, it is still sensitive to impulsive noise.

2.2.4 Entropy operator

The entropy operator is employed for both monochrome
and color images. It yields a small value when the chroma-
ticity in the local region is uniform, and a large value when
there are drastic changes in the chromaticity. The entropy
in a processing windowi.e., 3X 3) centered on vectov,,
=(ry,09,,b,) is defined as:

H=0grHr+dcHs+0sHg (21)

whereHg, Hg, andHg denote the entropies in the R, G,
and B directions, respectively, and

— r0 _ gO — bO
qR ro+go+bo, qG r.0_|—g0_|—b0' qB ro+go+bo.
(22)
Let X5,X1,.... XN, (X=R,G,B) denote the values in each

corresponding channel inside the processing window, and
Hy is defined as:

B EiN:1pxi log (px,)
Hy=— Tlog(N) (23
% (24)
Px= =
il aX|

The eigenvalues of thex22 matrix € §) coincide with the
extreme values o§(P,n) and are attained whem is the
corresponding eigenvector. The extreme values are

_E+G*[(E-G)?+4F?]'?
+ 2 ’

(29

and the two corresponding eigenvectars and n_ are
given as

n. =(cosf. ,sind.) (30
( o
7 if (E-=G)=0 and F>0
ar .

- if (E-G)=0 and F<O0
0+:{ 4

undefined ifE=F=G=0

! 2F +k otherwise

zarctarm v y

' 31)

a
0_=0,.*+—. (32

2
Possible edge points are considered as pBinthere the
first directional derivativeD¢(P,n) of maximal squared
contrastA , (P) is zero in the direction of maximal contrast

n, (P). The directional derivative is defined as:

Edges can be extracted by detecting the change of entropy

H in a window region. Since the presence of noise can Ds(P.n)=VA,.n,

disturb the local chromaticity in an image, the entropy op-
erator is sensitive to noisé.

2.2.5 Second derivative operators

A more sophisticated approach which involves second de-
rivative operator is suggested by Cumani. Given a vector
field f(x,y) for a color image, the squared local contrast of
f at point P=(x,y) in the direction of the unit vector
n(nq,n,) is defined as:

S(P,n)=En2+Fn;n,+Gn3, (25)
where
E of of IRIR 9G IG B B 26
= —f— = — — —_— —_——
IX X IX X  IX IX  IX IX’ (26

616 Optical Engineering, Vol. 38 No. 4, April 1999

(33
AN, N,
= X nq an (34)
=Exn;+ (2Fx+Ey)niny+ (G+2F,)nyn3
+Gyn3. (35

The edge points are determined by computing zero-
crossings ofD¢(P,n). Since the local directional contrast
must be a maximum or minimum, the sign bf along a
curve tangent aP in the direction ofn, is checked and the
edge point is located if it is found to be a maximal point.
The ambiguity of the gradient direction in the above
method causes some difficulties in locating edge points.
Cumani suggested the subpixel technique with bilinear in-
terpolation to solve the problem. Alshatti and Lambert
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suggested a modification in solving the ambiguities by es- 3.2 Edge Detectors

timating the eigenvectan, , which can avoid the compu-  The vector rangéVR) edge detector is the simplest color
tational costly subpixel approximation. Other technidues edge detector based on order statistics. It expresses the de-

have also been proposed to reduce the complexity of theyiation of the vector outlier in the highest rank from the
Cumani operator. Similar to the vector gradient operator, \,actor median inW as follows:

the second-order derivative operator is very sensitive to

texture variations and impulsive noise, but it produces thin-

ner edges. The regularizing filter applied in this operator yr=p(x™ x@1)), (39)
causes a certain amount of blurriness in the edge map.

where VR is small in a uniform area since all vectors are
close together, and it gives large output when discontinui-
ties exist. Edges can be obtained by thresholding the VR

3.1 Introduction outputs.

One i tant familv of tors for i N The VR detector, though simple and efficient, is sensi-
ne important family ol operalors Tor Image processing IS e 1o nojse, especially to impulsive noise. It will respond

e e B e & NS ke at the ceter 8 i picis. To i
gep g prove noise performance, a more general class of operators,

to color image filtering and edge detecti@tiThis approach : . . ;
S 4 vector dispersion edge detectofDED), is defined as a
is inspired by the morphological edge dete&ggg that ginear com%ination ofgthe order%'::i vec{ors:

have been proposed for the monochrome images. This clas
of color edge detectors is characterized by linear combina-
tions of the sorted vector samples. Different sets of coeffi-
cients of the linear combination give rise to different edge ypEp=
detectors that vary in performance and efficiency. The pri-
mary step in order statistics is to arrange a set of random

variables in ascending order according to certain criteria. In where||-| denotes the appropriate norm. Note that VR is a
color space, since we are dealing with 2-D, multichannel gpecial case of VDED withy;= — 1, a,=1, ande; =0, i

variables, there is no universal way of defining an ordering. =2,...n—1. The preceding equation can be further gener-
A number of ways have been proposed to perform multi- 5i;64 by employing several sets of coefficients and com-
variate data} orderir an.d they can be classified into Mar- hining the resulting vector magnitude in a suitable way.
ginal ordering (M-ordering, reduced aggregate ordering The coefficients can be chosen in a way to attenuate noise.
(R-ordering, partial orderingP-ordering, and conditional  One proposed class of operator is the minimum vector dis-
ordering (C-ordering. In M-ordering, the ordered vectors persion(MVD) detector, and it is defined as:

do not correspond to the original vectors, dhardering is

difficult to implement for digital image processing. .

C-ordering considers only one color component. o (n—j+1) x®

R-ordering is hence more appropriate for color image pro- MVD =min;} D} X 21 T [

cessingR-ordering reduces each multichannel variable to a

3 Vector Order Statistic Operators

n

> ax®

i=1

: (39

scalar value according to a distance criterion. Let the image j=12,..kklI<n. (40
vectors in a windowW denote X;, i=1,2,..,n and

D(X;,X;) be a measure of distance between veckgrand The choice ofk and|l depend om, the size ofW. These
X;. The reduced scalar quantity associated Wths de- two parameters control the trade-off between complexity
fined as and noise attenuation. This more computationally involved

operator can improve edge detection performance in the
presence of both impulsive and Gaussian noise. It can
n eliminaté* up tok— 1 impulse noise pixels iW. Let there
d=> DX, X)), 1=1,2,..n. (36) bek—1 impulsive noise pixels in a window of pixels. By
k=1 their nature, impulsive noise differ from the rest of the
pixels by a large amount. Therefore, after ordering, the im-
pulsive noise pixels have the highest ranks,

The arrangement df; in ascending orderd®<d®=<... X(n—k+2) x(n—k+3)  x(M  Since the distance between
Sd'(“)) corresponds to the same ordering to the multivariate these noise pixels and the rest of the pixels are large, Equa-
variables: tion (40 can be reduced to MVD

=D[x(-k+*1) 3! XD/1]. Notice that none of the noise

pixels appears at this equation, and thus would not affect
XV<x@<,  <xm, (37 the edge detection process. The MVD is also robust in

Gaussian noise due to thepoints average term.

An alternative design of the generalized VDED opera-

In the ordered sequenc¥(® is the vector median and vec- tors utilizes the adaptive nearest-neightiéN) filter.3* The
tors appearing at high ranks are referred to as outliers be-coefficients are chosen to adapt to local image characteris-
cause they diverge the most from the data population. tics. Instead of constants, the coefficients are determined by
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an adaptive weight function for each windd. The op- B
erator is defined as the distance between the outlier and the Yoo-
weighted sum of all the ranked vectors: T T

X-‘goo

. (41)

n
NNVRzD{x“‘),Z w; X1
i=1

The weight functionw; is determined adaptively using

transformations of a distance criterion at each image loca- Vise Yisse
tion and it is not uniquely defined. There are two con- . .
straints on the weight function: Xase X13s0

1. Each weight coefficient is positivey;=0.
2. The weight function is normalize&_,w;=1. Fig. 1 Subwindow configurations.
Since the operator should also attenuate noise, it is impor-

tant to assign a small weight to the pixels with high ranks Where them is the number of vector components, in the
(i.e., outliers. A possible weight function can be defined as case of color imagen= 3, corresponding to the three chan-

follows: nels(R, G, and B. The angular distance meastiés de-
fined as:
dMm—g®
Wi (42) X+ X:
n-d™-3p,d” D(X;,X; =arccos<—' ! ) 46
! (%) EAEIA (49

One special case for this weight function occurs in highly
uniform areas where all pixels have the same distance. Thewhere|-|| denotes the magnitude of the color vector
preceding weight function can not be used since the de-Based on these three distance measures, a variety of color
nominator is zero. Since no edge exists in this area, theedge detectors can be established.
difference measure NNVR is set to zero.
The MVD operator can also be incorporated with the 4 Difference Vector Operators
NNVR operator to further improve its performance in the The class of difference vectofDV) operators can be
presence of impulse noise as follows: viewed as first derivative like operators. This group of op-
erators is extremely effective from the point of view of the
n computational aspects of the human visual system. In this
NNMVD=minJ-| D{X“‘””—Z Wix<i>H, approach, each pixel represents a vector in the RGB color
i=1 space, and a gradient is obtained in each of the four pos-
sible directions(0, 45, 90, and 135 dedy applying con-
volution kernels to the pixel window. Then a threshold can
be applied to the maximum gradient vector to locate edges.
The gradients are defined as:

i=1.2,.. kk<n. (43)

A final annotation on the class of vector order statistic
operators concerns the distance meadd(&;,X;). By
convention, the Euclidean distance meas{irg norm) is

adopted. The use df; norm is also considered because it |Vflo deg=Yo deg=Xo dged: (47)
reduces the computational complexity by computing the
absolute values instead of squares and square root, and i

d q er|9o deg= Y 90 deg— X0 ded (48)

shows no notable deviation in performance. A few other

distance measures are also considered in the attempt to lo-

cate an optimal measure, namely, the Canberra metric|Vf|,s geq=Y 45 deg— X5 ded: (49
implementation, the Czekanowski coefficient, and the an-

gular distance measure. Their performances are addresseTj

later. The Canberra metric implementaflbis defined as: V135 deq[|Y 135 deg™ X135 dgedf (50)
O IXi— Xl DV=max|Vflo deg|Vfloo deq|Vflas aeq|Vl135 dged.

D(Xi X)) =2 " (44 (51)

=1 Xt X
where ||-|| denotes theL, norm, andX andY are three

The Czekanowski coefficietitis defined as: dimensional vectors used as convolution kernels. The varia-
tion in the definitions of these convolution kernels give rise
2SM in (X 4 X to a numbgr of operators. F|gu_re 1 shov_vs_the partition of
D(X;,X;)=1— k‘ml Kijt X1 , (45) the pixel window into two subwindows within which each
2= 1 (XK kX 1) convolution kernel is calculated in all four directions.
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The basic operator of this group employs & 3 win- The vector median filter is very effective for reducing im-
dow involving a center pixel and eight neighboring pixels. pulse noise because it can reject up\te- 1 impulse noise
Let each pixel denoteg(x,y), and the convolution kernels  pixels in a subwindow. However, since only the median
for the center pixel(xo,yo) in all four directions are de- ~ vectors are used for edge detection, some edges may be
fined as: rejected as noise and not able to be detected.
The second type of filter is the vector mean filter. This
filter reduces the effect of Gaussian noise by averaging all

Xo deg=V(X-1,Y0)s Yo deg=V(X1.,Y0), (52 the vector samples:
N
X =V(X_1,Y1), Y =V(X1,¥Y_1), 53 1
45 deg= V(X-1,Y1) 45 deg=V(X1,¥Y-1) (53 fW(VLVz,---,VN)=Ni21Vi- (60
X90 deg=V(X0.Y-1), Y90 deg=V(X0.Y1), (54) Due to the simplicity of the averaging operation, the vector

mean operator is much more efficient than the vector me-
dian operator. The vector mean operator may cause certain
false edges since the pixels used for edge detection are no
longer the original pixels.

The third type of filter, then-trimmed mean filter, is a
mpromise between the preceding two filters. It is defined

X135 deg=V(X1,¥Y1)s Y135 deg=V(X-1,Y-1)- (59

This operator requires the least amount of computation
among the edge detectors considered so far. However, ag.,
with the VR operator, the DV operator is also sensitive to
impulsive and Gaussian noi$2As a result, more complex
operators with subfiltering are designed. A larger window
size is required in this case to allow more data for process- 1
ing. Although there is no upper limit on the size of the fa—trim(V1,V2,---,VN)=m 2
window, usually a X5 window is preferred since the RELEE
computational complexity is directly linked to the size of
the window. In addition, when the window becomes too

large it can no longer represent the characteristics of theis 0.5, all vectors except vector median are rejected and the
local region. For amxn window (n=2k+1, k=2,3,..), filter reduces to vector median filter. For othervalues,

the number of pixels in each of the subwindows illustrated ;g operator can reject 266 of impulse noise pixels, and
P eN— (n2 : - _ o ;

in Figure 1 isN=(n"—1)/2. A filter function can be ap- it outputs the average of the remaining vector samples.
plied to theseN pixels in each subwindow to obtain the Therefore ther-trimmed mean filter can improve noise per-

N(1-2a)
v, (61)

wherec is in the rangd0,0.5. When e« is 0, no vector is
rejected and the filter reduces to vector mean filter. Wdaen

respective convolution kernels: formance in the presence of both Gaussian and impulse
noise.
The last type of filter to be addressed is the adaptive
o suby suby suby - . - - -
Xd deg™ F(Vy deg.1rVd deg2rVd degn): (56) nearest-neighbor filté¥ As introduced in the last section,

the output of this filter is a weighted vector sum with a
weight function that varies adaptively for each subwindow:

_ sub, sub, sub,
Yd deg™ F(Vy deg.1rVd deg2 - Vd degn)” (57)
N
where d=0,45,90,135. (58  fadafVi:Var V)= 2 Wivi, 62

Depending on the type of noise one wishes to attenuate,where the weight functiom; was given in Eq(42), and it
different filters can be utilized. Four types of nonlinear im-  assigns a higher weight to the vectors with lower ranks, and
age filters based on order statistics are employed in ourg |ower weight to the outliers. This filter is also effective
work. ] ] with mixed Gaussian and impulsive noise and it bears ap-
The first type of color edge detector incorporates the proximately the same complexity as thaetrimmed mean
vector median filte?> This filter outputs the vector median filter since they both need to perform tReordering. Again
of the N vector samples in the subwindow using the con- since edge detection is performed on the outputs of the
cept of vector order statistics introduced earlier, where the fjlter instead of the original pixels, there may be a reduction
N vector samples are arranged in ascending order usingin resulting edge qualities.
R-ordering, viW=v@®<_. vV and the vector with the Another group of operators denotes a similar concept as
lowest rank,v(1), is the vector median. We can make this the subfiltering operators where prefiltering is used instead.
operator more efficient by locating the vector with the Any one of the preceding filters can be used to perform
minimum reduced distance calculatedRrordering instead ~ prefiltering on an image with a>83 window, and then the
of ordering allN samples since only the vector median is of DV operator with the same window size is used for edge

importance here. The Output of the filter is: detection. Unlike the preViOUS group, in this famlly the
pixel window is not divided into subwindows during filter-

ing, and the filter is applied only once to the whole win-
fum(Ve,Va,....vy) =V, (59 dow. The advantage with this group of operators is that it is
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considerably more efficient than the previous group since

Table 1 Edge detectors for evaluation.

the filtering operation, which accounts for most of the com-

Description

Sobel edge detector extended from monochrome
edge detection

plexity, is performed only once instead of eight timieso Edge
for each of the four directiondor each pixel. Detector
One last proposed variation for the DV operators con-
siders edge detection in only two directions, horizontal and ¢
vertical, instead of four directions:
DV—hU:ma)(|Vf|O deg’|Vf|90 deg}- (63) VRO
VR1
It is anticipated that such a design will be as powerful as
the other DV operator due to the facts tiiBthuman vision VR2

is more sensitive to horizontal and vertical edges than to g5
others and?2) the horizontal and vertical difference vectors

are able to detect most of the diagonal edges as well, which

in turn can reduce the thickness of these edges by eliminat- ~ ~
ing the redundancy from the diagonal detectors. In addition, MVP-52
the amount of computation involved with this operator is MVD_5b

slightly reduced. NNVR_3
NNVR_5
5 Evaluation Procedures and Results NNMVD_3

To investigate further the performance of the vector order NNMVD_5a
statistic operators and the DV operators, we must determinennmvp_sb
how these two classes of operator compare to each other

and how the individual edge detectors in each class rank

among themselves. Both quantitative and qualitative mea- bV

sures are used to evaluate the performance of the edge dePV_hv
tectors in terms of accuracy in edge detection and robust-

ness to noise. The quantitative performance measures camVvadap
be grouped into two types, probabilistic measures and dis- pyadap_hv
tance measures. The first type is based on statistics of cor-
rect edge detection and false edge rejection. The secon
type is based on edge deviation from true edges. The firstPVmean
type of measure can be adopted to evaluate the accuracy obVmedian
edge detection by measuring the percentage of correctlyspyvadap
and falsely detected edges. Since a predefined edge map

(ground truth is required, synthetic images are used for this (pyagap_nv
experiment. The second type of measure can be adopted tqDVatrim_
evaluate the noise performance by measuring the deviation
of edges caused by noise from the true edges. Since N an
merical measures are not sufficient to model the complexity

of human visual systems, qualitative evaluation using sub-
jective tests is required in most image processing applica-

Vatrim

fDVmedian

Vector Order Statistic Operators
VR operator (W:3x3) with L; norm

VR operator (W:3 X 3) with Canberra metric
implementation

VR operator (W:3Xx3) with Czekanowski coefficient

VR operator (W:3x3) with angular distance
measure

MVD operator (W:3X3) with k=3, I=4
MVD operator (W:5X5) with k=3, I=4
MVD operator (W:5X5) with k=6, /=9
NNVR operator (W:3 X 3)

NNVR operator (W:5X5)

NNMVD operator (W:3x3) with k=3
NNMVD operator (W:5X5) with k=3
NNMVD operator (W:5X5) with k=6

Difference Vector Operators
DV operator (W:3X3) in four directions

DV operator (W:3x3) in only horizontal and
vertical directions

DV operator (W:5x5) with adaptive subfilter
Same as DVadap except in only two directions

DV operator (W:5Xx5) with atrim subfilter

DV operator (W:5Xx5) with vector mean subfilter
DV operator (W:5X5) with vector median subfilter

DV operator (W:3x3) with adaptive prefilter on
entire window

same as fDVadap except in only two directions

DV operator (W:3x3) with atrim prefilter on
entire window

DV operator (W:3x3) with vector mean prefilter
on entire window

DV operator (W:3Xx3) with vector median prefilter
on entire window

tions. Also, evaluation based on synthetic images has lim-

ited value because they can not be extrapolated to real
images easily® As a result, real images are also used in the
evaluation process. All the images used for evaluation are
defined in the RGB color space.

caused by variation in only one, only two or all three com-

A total of 24 edge detectors from the class of the vector ponents; isoluminant and nonisoluminant areas. In this ex-

order statistic operators and the difference vector operatorsperiment, noise is not added to the images. The resulting
are implemented and their performance are evaluated alongedge maps from each detector are compared with the pre-
with the Sobel edge detector. Table 1 provides a list of the defined edge maps, and the number of correct and false
25 edge detectors for later reference. edges detected are computed and are represented as hit and
fault ratio, as shown in Table 2. The hit ratio is defined as
the percentage of correctly detected edges and the fault
ratio is the ratio between the number of false edges detected
Several artificial images with prespecified edges are createdand the number of true edges in the predefined edge map.
for accessing the probabilistic performance of selected edgeThese two parameters are selected for this evaluation be-
detectors. To analyze the responses of the edge detectors toause they characterize the accuracy of an edge detector.
different types of edge, these images contain vertical, hori-  From the results in Table 2, a few conclusions can be
zontal, and diagonal edges; round and sharp edges; edgedrawn:

5.1 Probabilistic Evaluation
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Table 2 Numerical evaluation with synthetic images.

Table 3 Noise performance.

Edge Detector Hit (%) Fault Ratio Edge Detector PSNR (dB)
Sobel 97.9 1.21 Sobel 30.9
VRO 99.4 1.55 VRO 24.4
VR1 93.9 1.49 DV 29.4
VR2 92.9 1.48 MVD_3 26.3
VR3 91.3 1.46 MVD_5a 33.6
MVD_3 88.7 0.95 MVD_5b 35.4
MVD_5a 99.2 3.33 NNVR_3 23.2
MVD_5b 98.3 1.53 NNVR_5 28.6
NNVR_3 99.4 1.55 NNMVD_3 25.9
NNVR_5 99.6 4,01 NNMVD_5a 335
NNMVD_3 87.5 0.95 NNMVD_5b 35.2
NNMVD_5a 94.4 3.3 DVadap 52.4
NNMVD_5b 93.6 151 DVadap_hv 52.2
DV 99.4 1.55 DVa-trimmed 45.5
DV_hv 99.1 1.14 fDVadap 62.6
DVadap 4.6 0.06 fDVadap_hv 62.3
DVatrim 60.5 0.65 fDVa-trimmed 59.6
fDVadap 98.4 2
fDVadap_hv 97.7 1.58
fDVatrim 98.4 1.99

are compared with the edge maps of the original image for

each edge detector. The noise performance is measured in

terms of the peak SNRPSNR values, and the results are
given in Table 3. The PSNR is a easily quantifiable mea-

. Dgtectors such as the Sobel operator, the VR 0|_oeratorSure of image quality, although it provides only a rough
with L, norm, and the DV operator without any filter- ¢y a1yation of the actual visual quality the eye may perceive
ing all give good performance for images free of noise i, an edge map.
contamination. A few observations can be made from the results:

* MVD with 3 X3 window size has a lower hit ratio, but
it also gives less false edges. The MVD operators with
larger window siz€i.e, 5X5) are able to provide high
hit ratio.

» The NNVR operators also show good performance but
the NNMVD operators give slightly lower hit ratio
than those achieved by the MVD operators.

e The L; norm used in VR operators shows superior

» The simple operators such as Sobel, VR and DV are
sensitive to both impulsive and Gaussian noise. The
noise performance can be improved with added com-
plexity.

* In the case of vector order statistic operators, the
MVD and NNMVD operators show more robustness
in the presence of noise. We can also confirmed that
the noise performance improves with the increase

performance than other distance measures.

For the DV operators, the detectors with only horizon-
tal and vertical direction detection have almost the
same hit ratio as the DV operator with all four direc-
tions, but they detect considerably less false edges.

The DV operator with adaptive andtrimmed subfil-
tering show very poor results. Note that this is not the
case with real images, as we see later. The subfiltering

seems to have undesirable effects on synthetic images.

When prefiltering is performedfDVadap, fDVa-
trim), this undesirable effect does not exist, and these
operators show good performances.

complexity of the operators, which are controlled by
the two parameterk andl.

For the class of DV operators, the added filtering im-
prove the performance drastically. Since mixed noise
is present, we used adaptive aadrimmed filter for
this experiment. The use of adaptive filter as prefilters
on the whole window demonstrates the best perfor-
mance in noise suppression. Hence we can conclude
that the adaptive filter outperforms thetrimmed fil-

ter and the prefiltering method is better than the sub-
filtering method in terms of noise suppression. Opera-
tors in only the horizontal and vertical directions show
very slight deviation in PSNR values from ones in all

5.2 Noise Performance four directions.

Real images with corrupted mixed noise are used for this L .
experiment. The mixed noise contain 4% impulsive noise >3 Subjective Evaluation

and 30% Gaussian noise, with 5% variance for both types Since subjective evaluation is very important in image pro-
of noise. The edge maps of the images corrupted with noisecessing, we have applied the aforementioned operators to a
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collection of real and artificial images ranging from face
features to outdoor scenes. The subjective evaluation en-
ables us to investigate further the characteristics of the ob-
tained edge maps through the involvement of human fac-
tors. In the subjective evaluation, images to be compared
are viewed simultaneously, under identical viewing condi-
tions by a set of observers. The operators are rated in terms
of several criterion: ease in recognizing objects; continuity
of edges; thinness of edges; performance in suppressing
noise. The results obtained are in good agreement in all
cases with our selected criterion.

After examining large quantities of edge maps produced
by each edge detector, the following conclusions can be
drawn:

« As suggested in the quantitative tests, the performance
of Sobel, VR, and DV operators are very similar in
that they all produce good edge maps for noiseless
images.

e« The MVD and NNMVD operators produce thinner
edges and are less sensitive to small texture variations
because of the averaging operation, which smooths
out small variations. Also as expected, these two
groups of operators are able to extract edges even in
noise corrupted images.

» The two groups of DV operators with subfiltering and
prefiltering all demonstrate excellent performance for
noise corrupted images. The vector mean operator per-
forms best in impulsive noise, vector median operator
performs best in Gaussian noise, and adaptive and
a-trimmed operators perform best in mixed noise. The
subfiltering operator with adaptive filter is able to pro-
duce fair edge maps for real images despite its unsuc-
cessful attempts with synthetic images during the nu-
merical evaluation. However, the visual assessments
are in agreement with the numerical tests in that the
group of prefiltering operators outperform the group
of subfiltering operators of the same filter.

« One last note on the difference vector operators is that
the operators with only horizontal and vertical direc-
tions produce thinner diagonal edges than those in all
four directions.

Figure 2 shows one of the images used in the experiment,
“Lenna.” This image is corrupted by 4% of impulse noise
and 30% of Gaussian noise. Figures 3—6 provide the edge
maps produced by four selected operators. Figure 7 is an-
other real image used, “Flower,” and four of the edge
maps are shown in Figures 8—11. One of the synthetic im-
ages, “Ellipse,” is shown in Fig. 12 and Figs. 13—16 show
a set of edge maps of “Ellipse.”

6 Conclusion

Recently, many effective methods for color edge detection
have been proposed and this paper presented a comparative
study of some of the representative edge detectors. Two
classes of operators, vector order statistic operators and VD
operators were studied in detail because both of these are
effective with multivariate data and are computationally ef-
ficient. Several variations were introduced to these two
classes of operators to achieve better noise suppression and
higher efficiencies. We discovered that both classes offer a

622 Optical Engineering, Vol. 38 No. 4, April 1999

Fig. 2 Test image “Lenna.”

Sobel Operator

Fig. 3 Sobel detector: edge map of “Lenna.”

MVD(5a) Operator

Fig. 4 MVD; detector: edge map of “Lenna.”
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DVadap Operator

Sobel Operator

Fig. 5 DV detector: edge map of “Lenna.”

fDVadap Operator

T T T T T T T 7 T

L L L L L L L L L

Fig. 8 Sobel detector: edge map of “Flower.”

VR Operator

T i ol

Fig. 6 Filtered-based DV (fDV) detector: edge map of “Lenna.”

Fig. 7 Test image “Flower.”

Fig. 9 VR detector: edge map of “Flower.”

DV Operator

Fig. 10 Distance vector detector: edge map of “Flower.”
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DVadap Operator VR Operator

Fig. 11 The fDV detector: edge map of “Flower.” Fig. 14 VR detector: edge map of “Ellipse.”

DV Operator

Fig. 12 Synthetic image “Ellipse.”

Fig. 15 VR detector: edge map of “Ellipse.”

DV_hv Operator
Sobel Operator T T T T T T T T T

T T T T T T T T

Fig. 16 DV-hv detector (horizontal/vertical processing only): edge
Fig. 13 Sobel detector: edge map of “Ellipse.” map of “Ellipse.”
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mean of improving noise performance at the cost of in- 30
creasing complexity. The performance of all edge detectors 5,
was evaluated both numerically and subjectively. The re-

sults presented demonstrate a superiority of the DV opera-32.

Zhu, Plataniotis, Venetsanopoulos: Comprehensive analysis of edge detection . . .

tor with adaptive prefiltering over other detectors. This op-

erator scores high points in numerical tests and the edge
maps it produces are perceived favorably by human eyes.34.
Note that different applications have different requirements

on the edge detectors, and though some of the general charss.
acteristics of various edge detectors were addressed, it is
still better to select edge detectors that are optimum for the .

particular application.
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