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Abstract and scale.
In Section 2, we summarize existing research on the de-
Edges are relevant information for image representation. taction and classification of edges. In Section 3, we present
this paper, we propose an algorithm for the classification efe edge models mentioned above. Then, we study their be-
step, concave slope, convex slope, roof, valleystaircase havior when differentiation operators are applied. In Section
edges. The importance of the classification is that it simpli4, we study this behavior in the scale space. In Section 5, we
fies several problems in artificial vision and image procesgresent the classification algorithm. To illustrate the classi-
ing, by associating specific processing rules to each type fidation rules, we consider the casestép In Section 6,
edge. Our classification is based on the behavioral stugye test our detector on synthetic and real images. Finally, a
of these edges with respect to differentiation operators asthort discussion is presented in Section 7.
scale. The first directional derivative, the gradient and the
Laplacian are used as operators. We test our algorithm on
synthetic and real grey-levelimages. In most cases, the cl&3- Related Work
sification obtained corresponds to the intensity profile of the
image. Parallel to the continual development of edge detection al-
gorithms, methods are necessary for their evaluation [9], and
an overview of research in edge detection is needed [25]. In
1 Introduction this section we cite those existing edge detectors which are
most commonly used and are regarded as optimal. Detectors
Edges are the most common features in an image; they arestepedges are the ones usually mentioned in the litera-
local variations in the image function. We limit ourselvedure. In general, these edges correspond to discontinuities
here to the study adtep, concave slope, convex slope, roofn the image function, and these discontinuities are gener-
valleyandstaircaseedge types. These models cover the maated by the borders of objects in the scene. The majority of
jority of edge types which can be generated by physical costepdetectors involves two operations: filtering and differ-
tours of a scene. The majority of existing edge detectors aemtiation. Lowpass filters are the most often used [2, 5, 18],
intended for only one edge type. This is a significant limiwhile the most common operators are the gradient [2, 5], the
tation, because the consideration of several edge types wWikplacian [13, 10], and the second directional derivative [8].
simplify a number of problems in artificial vision and imageStepedges are localized as maxima of the gradient modulus
processing. Thus it is necessary to identify the edge typ&aken in the direction of the gradient, or as zero-crossings
present in an image, whether by using several detectorsa@frthe Laplacian or the second derivative along the gradient
only one. In this paper, we are interested in using only ondirection.
detector, so edge classification is required. The classification Contrary tostepdetectors, those for other type of edges
of edges consists in associating, with characteristic points afe rather rare, because their usefulness was understood
the image, the type of intensity variation which takes plackater. Consideration of these types is unavoidable for sev-
at each point. In the literature, there is little work on claseral reasons: for instance, some approaches to the acquisi-
sification. We present an algorithm based on the simultangen of 3D information require the determination of all types
ous use of inflection points of the first directional derivativeof edges (e.g.;shape from contour”[13, 16]). Further-
or characteristic points of the gradient image, and those ofore, the images of fingerprints, roads or characters contain
the Laplacian image. The classification rules are derivetiin lines difficult to locate by a&tepdetector. We present
from edge behavior with respect to differentiation operatorsome of these detectors below. Haralick [7] detects lines at
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zero-crossings of the first derivative taken in the direction S
maximizing the second directional derivative. Giraudon [6] X wn31 4/ \7 9 N
identifies lines at the local extrema of the Laplacian image?  _ v '
Using Canny’s criteria, Ziou [24] proposes an optimal line \/ f jL ﬂ T
detector based on recursive filtering. Finally, Koundinyaand, o Moo 9
Chanda [12] define a plausibility measurement for lines angigure 1: Models of ideal edges. The edge point in each
they carry out a chaining using heuristic search algorithmaodel is indicated by an arrow. &tep b) Concave slope
It should be noted that each of these detectors is generadlyConvex sloped) Roof e) Valley. f) Staircase g) Peak
intended for only one type of edge.

Though the classification of edges is a significant task in
computer vision, it is rarely mentioned in the literature. |

what follows, we underline some of the work done on clas®
sification which we have encountered in our search. Mor-

as a maximum which we calbazimum,g, and the Lapla-
ian yields a zero-crossing which we cadlro-crossipy .

i maxlmmB >0
rone, Venkatesh and Owens [14, 20] use a quadrature pair J,..edge point maximu >0 zerg-crossing.
of filters to detect various types of edges. Robey, West :
and Venkatesh [17] propose a method to extract and clas* 0 9 m.n.mwo\/

sify occlusion/non-occlusion, shade and specularity edg . S i
on a simulated image. This method is based on ray tracir@ﬁ?ﬁé‘gﬁﬁtemdge' b) The gradientimage. ¢) The Lapla

techniques. Zhang and Bergholm [23] classifep, peak
andasymmetrical peakdges by using their behavior in the

scale space. Catanzariti [3] classifitsp, slopeand roof . LS ) - .
P [3] P P rectional derivative is atepwhose inflection point locates

edges. He convolved the image with a set of Gabor fllterﬂgIe edge (Figure 3). In the case afncave slopefresp.

and then used a maximum-likelihood classification criterion . " ;
; . . . convex slopgghe Laplacian generates a positive maximum
to sort all pixels into a number of predefined edge categorlfés

At concave slopand convex slopeedges, the first di-

Finally, Beltran, Garcia-Lucia and Navarro [1] detect an resp. a negatlve minimum) which we calazimum..
; . : resp.minimump).

classifystep, slope, staircasgndpulse(peak edges using

a neural network trained with thiBscrete wavelet transform ———

coefficients for each edge profile. AN infledon poirt infledon point im0

/ convex slope ﬂ
concave slope &
~

a b) 9

minimum <0

3 Effects of Differentiation Operators Figure 3: aConcave slopandconvex slopedges. b) The
on Edges first directional derivative. c) The Laplacian image.

At symmetricroof and valley edges (Figure 4.a), the

In this section we present some models of edges, and §x,qle of the gradient has a minimum equal to zero (Fig-

amine their behavior in the case of the gradient or the ﬁrﬁre 4.5) which we caltero,, and the Laplacian provides a
directional derivative in the gradient directiorand in the negative minimum in the cgése ofi@of and a positive max-

case of the Laplacian. We limit our study $tep, concave o in the case of aalley (Figure 4.c). Ifroof andvalley
slope, convex slope, roof, vallepdstaircaseedges (Figure edges are asymmetrical (Figure 4.a’), the module of the gra-
1). Pealfsare |mpI|q|tIy co'ns'|dered in our work, since af'terdient of each is a positive minimum (Figure 4.b") which we
smoothing, gpeakwill be similar to aroof or avalley. These a1 ,iimum,. The response of the Laplacian operator to

models cover the majority of edges which can be generatggy e oqges is similar to the symmetrical case (Figure 4.c").
by physical contours of the scene [4], hence theirimportance At astaircaseedge (Figure 5), the module of the gradient

to represent an image. _ _ _ is often a positive minimum and the Laplacian yields a zero-
We carry out this study in the discrete case, W'thouérossing.

noise, and considering a small scale of smoothing to avoid |t js well known that at stepedge, the gradient direc-
its effect on edges. For the sake of simplicity the edge prgjop, is perpendicular to its tangent. Usually, the gradient
files illustrated in Figures 1, 2, 3, 4 and 5 are plotted as copqodulus of aconcave slope, convex slope, roof, vakegd
tinuous functions. ~ staircaseis not zero. In fact, in realistic images the width
At the stepedge (Figure 2), the module of the gradienf 3 staircaseis not large and theoofs/valleysare not sym-
T oo pp - _ g sistina metric. Generally the gradient direction is perpendicular to
t shou e noted that in our Imp! ementation we do not |st|ngws O@ec H
between directiong andé + kx. So the first directional derivative in the rthe tangents of theoncave slope, convex s| staircase

gradient direction is not equal to the gradient modulus; in fact we can ha®dg€s, and less often to the tangents ofrtied andvalley
negative values. edges [4].
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problem in our study of edge behavior in the scale space;
2 \/ D ’ in fact, experimentation has shown that the effect of scale
valley valley on the edges presented in this section is not affected by the

presence of noise.

root /\ roof- in 1D remain valid in 2D. We do not consider the noise

SO NN

5 — 5 s An idealstepis defined bymn; (z) = cu(x), wherec > 0
% minimury >0 represents the contrast ané Heaviside’s function, defined
AL — MM >0 1o crossing by .
) s . L u(x):{l |fx20
o val 0 otherwise
zerocrossing  minmuy <0 zero-ciossing “g‘,n,m;,'“ - The first, second and third derivatives of the smootsteg

Figure 4: a)Roofandvalley. a’) Asymmetricalroof and are:m’(z) = c(u * g,)'(z) = c(u’ * g,)(z) = cgo (),
valley. b), b’) The gradient image. c), ¢’) The Laplacianm (z) = =g, (x), m"'(x) = J—%(i—z —1)g,(z). For all
image. o, m'(z) has a positive maximum at= 0; m"(x) is equal
to zero at this point, with a positive maximumat= —o
staircase and a negative minimum at= o (Table 1). Ass increases,

maximup >0

N m'(0) = = decreases, and the maximum and minimum
V2ro

a) b) c)

minimurrb >0

of m” (x) move away from each other.

zero—cross‘l’n»q_ . - X -00 -0 0 o + 00
minimup <0

Figure 5: a)Staircaseedge. b) The gradient image. c) The m'(x) + + max  + +
Laplacian image.

m”(x) + max + 0 - min -
m’’(x) + 0 - - - 0 +
4 Effect of Scale on Edges Table 1: Effect ofr on astepedge.

The numerical differentiation of an image is an ill-posed | ot s study the effect of scale on ticencave slope

problem. To make the differentiation robust, one uses tk@jge. The case of thnvex slopés similar. An ideakon-
technique of regularization which consists in imposing new,,e slopés defined by

criteria on the problem of differentiation, to restrict the

solution space. This can be carried out by smoothing the 0 ifx<0

image with a particular filter [19] having a form similar rilr) = { az otherwise (where > 0).

to the Gaussian function [15]. Differentiation can be

achieved by convolution of the image with derivatives offhe convolution ofr;(z) with the Gaussian filtey, is
this filter. A filter or its derivatives can be represented-(z) = axz¢(z) + ao?g,(z), whereg(z) = [*_ g, (t)dt.
by a functionf(xz,y,a), wherea is the scale of the filter The first, second and third derivatives ofz) are
or a regularization parameter. For example, the scale of(z) = a¢(z), r’(z) = ags(z), r'"(z) = =% g, (z). It
the Gaussian is the standard deviation. Generally, thgllows thatr'(z) is astepedge. The effect of scale on the
smoothing operation blurs the edges and abrupt variatioggncave slopées the same as on tistepedge.

in the image grey levels. The blurring depends on the value

of the scale. If the scale is large, obvious or unsharp edges We consider now theoof; the case of thevalley is
are picked up; whereas if the scale is small, fine detailimilar. Without loss of generality, we define theof
are obtained. In consequence, the smoothing operatigy () = g,(z). Its first, second and third derivatives
regulates rfot;]us.tess to_ noise; glovyevt;alr, it cgr}: m_odlfy thge t(x) = =2go(2), t"(x) = L(i_z — 1)go(a),
structure of the image in an undesirable way: for mstanc%,,,,(x) _ ;—ix(ﬁ—z _ 3)g.(x). For all o (Table 2)¢'(x)

by elimination and displacement of edges, creation of new < 4 zero-crossing at = 0; ¢(z) has a negative min-

edges or modification of the types of some edges. Thean m which is equal to—=l— at = — 0 and has two
effects are accentuated when the scale increases. In whaiJ q V2mo3 -

__3
follows, we study the effect of the scale on edges. Wegero-crossings (resp. two positive maxima of va%)

will consider the case of the Gaussian filter defined b¥tta; — +¢ where we have twsteps(resp. atr = +0/3)

a2 . L . i
9o(%) = 5=-e2->, whereo is the scale. To simplify our which move away from each other as the scale increases. In

e

analysis, we limit ourself to the 1D case. The main results’(x) the absolute value of the minimum is higher than that
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X © oV3 -o 0 [ o\3 +00
t'(x) + + max + 0 min
t7(x) + max + 0 min - 0 +  max +
() + 0 0 + + 0

Table 2: Effect ofr on aroof edge.

of the maximum.

Finally, we study the effect of scale on thircase An
idealstaircaseis defined bye; (z) = cyu(z+1)+cou(x —1),
wherec; andc, represent the contrast at= [ respec-
tively. Let us assume that > c» > 0 andl > 0 (the
casecs > ¢; > 0 is similar). The convolution o&;(x)
with the first and second derivatives 9f aree'(z) =
€192 (@ +1) + 2go(x = 1), €"(2) = ZHer(x + Dgo(x +
1)+ ca(z = 1)go(xz = 1)].

D(x) =0 /

o - 110 Iox d) - 110 I ox

Figure 6: Effect ofr on the sign of the second derivative of

thestaircasein the interval(—1,1).

For all o we havee/(z) > 0 Va, €”(0) = ZH(c; —
c2)lgs(1) < 0,€e"(x) > 0Ve < —1,ande’ (z) < 0 Va > 1.

Let us study the effect of on the sign ofe”’ (z). In the
case ofr € (0,1), €"(x) > 0if 0? < lnf% and
co(—z+1)

e''(z) < 0 elsewhere. In the case ofe (—1,0), e’ (x) >0

if 0 > 285, ande’(z) < 0 elsewhere. Thus,
n

ozt

let us consider the functiog(z)

2zl
1 (a1 0
lnc2(7w+l)

the

(Figure 6.b), ther" () > 0if z € (—I,l;) U (I2,13), and
e''(x) < 0if z € (I1,l2) U (I3,1). Consequently, there
are three zero-crossings in the vicinity lefl> andis (Ta-
ble 3.b). The third, ifD(x) > maz{y(z),z € (0,1)}, let
us considerl; € (—I,0) such thaty(l;) € D(z) N y(z)
(Figures 6.c and 6.d). Thert (x) > 0 VY € (—I,l;) and
e"(xr) < 0 Vo € (I1,1). Thus, we have only one zero-
crossing which is located in the vicinity of = [, (Table
3.0).

X |-00 -l 0 | +00
e'(x) + max + min + max +
a) e"(x) + + zc - - zc + zc -
X |-00 -l I 0 Iy Iz | +00
e'(x) + max + min  + max +
b) e"(x) + zc - zc + zc
X |-00 -l I 0 | +00
e'(x) + max +
) e"(x) + zc -

Table 3: Effect ofr on astaircaseedge. a) When — 0 the
staircaseis located close ta: = 0. b) Whenos > 0, such
asD(z) < maz{y(z),z € (0,])} andD(z) N y(x)
{y(l),y(l2),y(l5)}; then, ifx € (0,1), min and max
of ¢'(z), as well as the twac of e”(z), move closer to-
gether; ifx € (—1,0), max of ¢'(z) and zc of €' (x)
move towardsz = 0. c¢) Wheno increases such that
D(z) > maz{y(x),x € (0,1)} thestaircasebehaves like a
stepin the vicinity ofz = 0.

5 Classification Algorithm

According to the study of the behavior of edges described in
the two previous sections, the rules for the classification of

these edges are straightforward (Table 4). To illustrate these

rules, let us consider the case of $tep The rules of the
other types are in [4].

Let us recall that the Laplacian image can contain
three classes of characteristic points. Thus in the vicin-
ity V(P) of a pixel P, there are eight possibilities. In
the case wherd’ is a step the characteristic poirgero-

straight line D(z) = o (Figure 6) and the three follow- crossirny;, must belong tal’(P) (Table 4). Consequently,
ing situations. The first, i tends towards zero, such thatthe number of combinations is reduced to fodeeto-

D(z) Ny(z) = {y(=1"),y(0"),y(™)} (Figure 6.a) where
—I*,0%, andi~ belong to the vicinity of-/,0, and! re-
spectively, ther” (z) < 0 Vz € (—I*,0), ande” (1) > 0.
Thus there is a zero-crossing in the vicinity of = —I.
e(z) > 0 Yz € (0*,17), and since we have’(0) < 0

crossiryz, minimumr, mazximumrg}, {zZero-crossipr,
minimumy}, {zero-crossipr, mazimumy} and {zero-
crossiryz }). Let us note that the existence of the character-
istic pointmazimum, of the gradient image and tlzero-

crossiry,, of the Laplacian image i (P) does not neces-

ande”(l) < 0, two zero-crossings occur in the vicinity of sarily imply the presence ofstep For example, if we have

x = 0 andx = [ (Table 3.a). The second, é¢f > 0, such
that D(z) < max{y(z),z € (0,1)} andD(x) N y(x)
{y(l1),y(l2),y(l3)} wherely, Iy andi; belong to(—1,1)

20

only {zero-crossigz,, maximump} C V(P), then the dis-
tance betweenrero-crossip;, and P must be lower than that
betweenmazimum andP. However,P is astepedge if it



Conditions on the gradient or

Inflection point
concave slope

Edge types the first directional derivativg Conditions on the Laplacig
I step 1| maximurg >0 zero-crossing

maximur'ﬂ >0

' Inflection point
convex slope

minimurn <0

zer
OTQJ

minimurrb >0

roof A

minimuq’l <0

Zer@

or.
m|n|munb >0

vaIIey\/

maximurﬂ >0

s minimung >0
staircase

zero-crossing

7.d). This rule means that ¥ (P) there are onlyero-
crossiry, andmaximumy. A zero-crossig;, must be
the closest ta.

e rule 4 {zero-crossip;,} C V(P) and
{mazimumr, minimumg} ¢ V(P) (Figure 7.e).
There are onlygero-crossigy, in V(P).

It should be noted that these rules reduce the negative ef-
fects of missing Laplacian characteristic points in the vicin-
ity V(P) of P.

Original image

Table 4: Rules for the classification of edges. The edge
points we are interested are illustrated in Figure 1.

First directional
derivative (FDD)

l ' l

Gradient image Laplacian image

is amaximumg (Figure 7.a) and one of the following rules
holds:

Location FDD
inflection points which

correspond neither to | |

Location of the
characteristic points
of the gradient image

Location of the
characteristic points
of the Laplacian ima

@

Y

step

maxim
radient
I gadent Je\
a)

maxlmurn >

=

I

I

I

I

444444
8
)
5
e

;

I

I

|

Ss SR

Lay
zero crossmq_ } p

minimuny <0t ___ V(P) P __.

Figure 7: Sltuatlons in WhICh atepedge is present: a and

(borcordore).

Zero- crossmq

g

zero- crossmq_
0
Laplacian  e)

VP)

maximup >

Laplacian

_-zero-crossing

Laplacian

e rule 1: {zero-crossip,, minimumy, mazimumy}

C V(P)

0

i minimun_ <0

(Figure 7.b). This means that in the vicinity

V' (P) of P there are one or more zero-crossings, ne

ative minima, and positive maxima of the Laplacian o

the pixelP.

{mazimump} € V(P) and

rule 2: {zero-crossip;,, minimumy} C V(P) and

Distance(P,C..) < Distance(P,C,,;,) (Figure 7.c).

C:c (resp. Cmim

Cmaz) IS the set ofzero-crossip,,

(resp.minimumy, maximumy) of the Laplacian im-
age, which belong t& (P). Distance(P,C..) (resp.
Distance(P,Cpin), Distance(P,Cypaz)) is the dis-
tance betweer® and the closestero-crossig;, (resp.
minimumyr, maximumy). This rule means that in
V(P) there are onlyero-crossig;, andminimumy,.
A zero-crossip, must be the closest 1B (cf. Sections

3 and 4).

{minimumy} ¢ V(P) and
Distance(P,C..)

rule 3: {zero-crossip,, maximumzg} C V(P) and

< Distance(P,Cpq..) (Figure

21

the roofs nor to the - maximug >0 - maximup >0
valleys - minimugh >0 - minimun <0
- zerg, - zero-crossing

Matching of inflection
points andcharacteristic
points of the gradient
image with those of the
Laplacian image

Edge classification

Figure 8: General algorithm for detection and classification
of edges.

To summarize, the various stages of our algorithm for

gfetection and classification (or classification alone) are illus-
r

ated in Figure 8. The input to this algorithm is the original
Image and the scale of the Gaussian function. As out-
put, it provides edges as well as their type. The algorithm
consists of four steps. In the first, using the same scheme
as in [11], we calculate the gradient, the first directional
derivative, and the Laplacian of the smoothed image. In the
second step we locate the characteristic points of the gra-
dient (i.e.,mazimumg, minimumg, zero,) and Laplacian
(i.e.,maximumy, minimumjp,, ZEro-crossig) images, as
well as the inflection points of the first directional derivative,
which are neither in the vicinity ofwinimumg nor in that
of zero, [4]. At the minimum, andzero, characteristic
points, one can haveof, valleyor staircasesdges. It should
be noted that we cleaned up the gradient image by choos-
ing only the characteristic pointsazimum, whose mod-
ules are higher than a given threshold. In the third step we
carry out a matching between the located inflection points
or characteristic points of the gradient image, and those of
the Laplacian image. The matching algorithm is described



in [4]. Finally, we perform the classification, using twenty

four rules. »L =
N - ’ T‘
1

6 Experimental Results s %\‘ L)
|

Our classification has been tested on synthetic images. S ——

the image presented in Figure 9.a we detectattave slope )

b)
andconvex slopeedges with scale = 0.95 (Figure 9.c).
At o = 2 the locations otoncave slop@andconvex slope
edges did not change; this agree with the theoretical stu
of the behavior of these edges in the scale space (cf. Secti
4). However, a newtep edge was created (Figure 9.d), be
cause the scale was large enough to cover both slopes. T

. e f)
demonstrates th_e possibility th_at new edges may be Crea%@ure 10: a) Synthetic image. b) Its horizontal profile. c)
when the scale increases. This new edge can be found %nges detected with — 1. d) Valleyon the left,roof in the

ing the gradient and Laplacian of Gaussian. This calls imr‘ﬁiddle andstaircaseon the right. eStep f) Concave slope
guestion the results presented in [22, 21], where the aUthoa{ﬁdconvex slope

claim to prove that the Laplacian of Gaussian does not create
new edges when the scale increases.

a) I b)
C) . d)
Figure 9: a) Synthetic image. b) Its horizontal profile. c)

Concaveandconvex slopeletected withr = 0.95. d) Con-
cave slopeconvex slopgandstepdetected withr = 2.

B

are in the vicinities of theoof and thevalley have moved.

convex The twostepswhich are in the vicinity of thestaircase are
slope reduced to a single one. Lastlypncave slopendconvex
A slopeedges have moved, except two of them which occupy

the third and fourth positions starting from the right edge of
Figure 11.d. Indeed, if the scale is too small to overlap these
slopes, then they do not undergo displacement. However,
g?onpcea"e" note the disappearance of tbenvex slop@and theconcave
slopelocated to the left and right of thetaircase(Figure
10.b) (cf. Section 4).

) . b) .
The image illustrated in Figure 10.a contastep, roof, 9 . d).
valley, staircase, concave slo@md convex slopeedges. Figure 11: a) All types of edges detected in image 10.a with
Those detected with = 1 are shown in Figure 10.c. Fig- ¢ = 2.1. b) Step c) Valleyon the left andoof on the right.
ures 10.d, 10.e, and 10.f represent the different classesd)fConcave slopandconvex slope
edges.

The classification algorithm was run again on the image We also tested our algorithm on several real images of
in Figure 10.awithr = 2.1 (Figure 11). Note the disappear- 256 x 256 pixels and 256 grey levels. In Figure 12 we illus-
ance of thestaircaseedge, which is replaced bystepedge. trate the classification of edges in the image shown in Figure
Theroof andvalleyedges move, because they are asymmet=2.a. It should be noted that this image is a difficult test for

rical. There is no displacement stiepswhich are not in the our algorithm. Indeed, it is complex because its edges are
vicinities of theroof, valley, andstaircase Thestepswhich  close together and the detection of an edge is influenced by
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B i
=

1 s o

d) = ' 9 0)

Figure 13: a) Polyhedric image. BYaircase c) Valley. d)
Roof e) Concave slopandconvex slopef) Step The scale
usediss = 1.

cian of the image. We considered the casstepto illus-
trate these rules. In order to evaluate our classification, we
used synthetic and real grey-level images. Most often, the

) ,
lg:igure 12: a) Image of Lenna. b) All types of edges, ag¢lassification obtained corresponded to the intensity profile
o = 1.5. c) Staircase d) Roof e) Valley. f) Step g) ©f the image. In further work, we will take into account
Concave slopandconvex slopeh) Slopesvhich are neither Other types of edges suchjasctions

roofsnorvalleys i) All slopeswithout classification.
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