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Contour Detection Based on
Nonclassical Receptive Field Inhibition

Cosmin GrigorescuStudent Member, IEERicolai Petkov, and Michel A. Westenberg

Abstract—\We propose a biologically motivated computational such a difference in its early stages of visual information
step, called nonclassical receptive field (non-CRF) inhibition, more processing, and that isolated edges, on the one hand, and edges
generally surround inhibition or suppression, to improve contour a group, on the other hand, are perceived in different ways.

detection in machine vision. Non-CRF inhibition is exhibited by An i tant finding in th hvsiol f the vi I
80% of the orientation-selective neurons in the primary visual n important inding 1n the neuropnhysioiogy or the visua

cortex of monkeys and has been demonstrated to influence the System of monkeys and cats, made in the beginning of the 1960s,
visual perception of man as well. The essence of this mechanismi.e., before the development of edge detection algorithms for
is that the response of an edge detector in a certain point is digital image processing, was that the majority of neurons in

suppressed by the responses of the operator in the region outsideyhq rimary visual cortex respond to a line or an edge of a cer-
the area of operator support. We combine classical edge detection __. . L . o . . .
tain orientation in a given position of the visual field. Initially,

with two types of inhibitory mechanism, isotropic and anisotropic . ) :
inhibition, both of which have counterparts in biology. For edge two types of orientation-selective neuron were found, one that

detection, we also use a biologically motivated method (the Gabor was sensitive to the contrast polarity of lines and edges, called
energy operator). The resulting operator responds strongly to simple cell, and another that was not, called complex cell [13],
isolated lines, edges, and contours, but exhibits a weaker or no [14]. The study of the properties of these neurons has been an

response to edges that make part of texture. : . .
We use natural images with associated ground truth contour active area of research [15]-{20] and, in 1981, a Nobel prize for

maps to assess the performance of the proposed operator regarding Medicine and physiology was awarded to Hubel and Wiesel who
the detection of contours while suppressing texture edges. The re- pioneered this work [21].

sults show that our method enhances contour detectionin cluttered | ater, computational models were developed aiming at
visual scenes more effectively than classical edge detectors used i%imulating the function of these neurons. Simple cells can be

machine vision (Canny edge detector). Therefore, the proposed op- . ) .
erator is more useful for contour-based object recognition tasks, modeled by linear filters followed by half-wave rectification

such as shape comparison, than traditional edge detectors, which [22]-[26]. Complex cells need more intricate modeling, which
do not distinguish between contour and texture edges. Traditional includes three stages: linear filtering, half-wave rectification,

edge detection algorithms can, however, also be extended with sur-and subsequent local spatial summation [27]-[31]. Local

round suppression. Next to the advancement of contour detection g gy models, in which the activities of a pair of simple cells

in machine vision, this study contributes to the understanding of . -

inhibitory mechanisms in biology. are used to derive the activity of a complex cell, were also
proposed [29], [32].

These computational models gave the basis for biologically
motivated edge detection algorithms in image processing. In
particular, a family of two-dimensional Gabor functions was
proposed as a model of the linear filtering properties of simple
|. INTRODUCTION cells [33], [34]. Subsequently, Gabor functions were widely

DGE detection is considered a fundamental operation ged in various computer vision tasks, such as image coding and

image processing and computer vision. Consequenﬂz}gmpression [35], motion analysis [36], image enhancement
much research has been done in this area and a considerbbid face recognition [38], person identification based on iris
body of literature has been accumulated [1]-{12]. While R@ttern analysis [39], texture analysis [40]-[45], retrieval from
large number of edge detection algorithms have been propodgge databases [46]-[48], and edge detection [49]-[53].
research on edge detection continues to be a fertile field ofD€tailed neurophysiological research revealed a considerable
activity. One of the problems with contemporary edge detectdkyctional diversity in the rather broad class of orientation-se-
is that they do not make a distinction between contours lsictive cells. Besides the classes of simple and complex cells
objects—these are the actual primitives needed in most nb&3]: [14], [21], [54], further classes were identified, such as
chine vision applications—and edges originating from textur&id-stopped cells, originally also called hypercomplex cells

regions. There is evidence that the human visual system mal@&l—[59], contour cells [60]-{62], and grating cells [63],
[64]. Furthermore, the concept of a receptive field had to be

. . . reconsidered. By definition, the receptive field is the region
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60 30 0 .30 <60 490 Fig. 2. (a) The pop-out effect of an oriented line segment on a background of
ORIENTATION OF GRATING (dea) other segments, the distractors, correlates well with the response of the neuron
shown in Fig. 1 as a function of the orientation contrast: the segment pops out
Fig. 1. Effect of orientation contrast in non-CRF inhibition [69]: the plotonly if its orientation is sufficiently different from that of the background. (b)
shows the response of a neuron to a stimulus composed of a single Bae three legs of the triangle are not perceived in the same way: the leg that is
of optimal orientation in the CRF (central circle) and a grating of varyingarallel to the bars of the grating is less salient than the other two legs [80].
orientation outside the CRF. The inhibition by the surrounding grating is
strongest when its orientation coincides with the orientation of the optimal

stimulus. (Courtesy of C. Blakemore and Exp. Brain Res.). two lines [77], or in the so-called orientation contrast pop-out
effect [67], see Fig. 2(a). Fig. 2(b) illustrates the suppression

studies have shown that once a cell is activated by a stimuRfscontour perception by a grating. The contour “disappears”
in its CRF, another, simultaneously presented stimulus outsifle? grating most easily when the grating consists of elements
that field can have an effect on the cell response [65], m@_mﬂqr to the contour. The latter gffect was shown to e>§h|b|t a
This, mostly inhibitive effect is referred to asonclassical specnﬁc dependence on the spatial frequency of the distractor
receptive field (non-CRF) inhibitigrit turned out to be the rule Signal [78], [79].
rather than the exception, being exhibited to a different extentAS Non-CRF inhibition seems to be a common property of
by 80% of the orientation-selective cells [67], [68]. Manyiological edge detectors that determines human perception of
studies focussed on the effect of orientation contrast [66], [BJ9€es and lines, we considered a more close examination of the
[69]-[73]. Blakemore and Tobin [69], for instance, measurd@!e of this mechanism in the process of edge detection and eval-
the response of a cell to a white bar of optimal orientatiodating its potential usefulness inimage processing and computer
position, and size in the presence of a grating covering the aMgon algorithms to be worthwhile. Our main hypothesis is that
outside the CRF. They observed an inhibitory effect caused ByS mechanism suppresses edges which make part of texture,
the grating. This effect was strongest when the grating had #gile it does not suppress edges that belong to the contours of
same orientation as the optimal bar stimulus; in this case tpiects. An edge detection algorithm which employs this inhi-
response of the cell was reduced to the level of spontaned\i{&on mechanism will thus primarily detect contours of objects,
activity. The inhibitory effect of the grating decreased witnd it will not respond (sufficiently) to edges which belong to
the deviation of its orientation from the optimal orientationi€xture regions. The edge maps generated by such an edge de-
see Fig. 1. The dependence of the non-CRF inhibition on tkRetor will thus be more useful for contour-based object recogni-
relative orientation, contrast, spatial frequency, and positiée" tasks, such as shape comparison [81], [82], than traditional
of the distractor stimulus was studied in [74]. In general, g#fige detectors which do not make a difference between contour
orientation-selective cell with non-CRF inhibition will respondnd texture edges.
most strongly to a single bar, line, or edge in its receptive field The paper is organized as follows. Section Il describes com-
and will show reduced response when more bars are addgational models. Simple cell and complex cell models and the
to the surroundings. In an extreme case, such a cell respofidted Gabor and Gabor energy filters are briefly discussed,
to an isolated bar or line, but does not respond to a systémd two contour operators that employ non-CRF inhibition are
of such stimuli [64]. Such cells have actually been found pfitroduced. In Section Ill, we evaluate the performance of the
neurophysiologists: Schilleet al. [75], for instance, found contour operators. A performance measure is defined, and ex-
many cells in area V1 which responded strongly to single bapg§rimental results obtained with the contour operators and the
and edges but did not respond to sine-wave gratings. Simife®nny edge detector are compared. Finally, we summarize the
cells were encountered by Peterhans and von der Heydt [62§ults and draw conclusions in Section IV.
in experiments with bars, edges, and square-wave gratings as
test stimuli. This type of cell was called thar cell, referring
to the preference of the cell for bars versus gratings, and a Il. COMPUTATIONAL MODELS
computational quel vyas proposed.for it [76]. A Simple Cells and Gabor Filters

The neurophysiological data mentioned above correlates well
with the results of various psychophysical experiments, which The spatial summation properties of simple cells can be mod-
have shown that the perception of an oriented stimulus, such aded by a family of two-dimensional Gabor functions [83]. We
line, can be influenced by the presence of other such stimuli (disse a modified parameterization to take into account restrictions
tractors) in its neighborhood. This influence can, for instanciund in experimental data [76], [84]. A receptive field func-
manifest itself in an overestimation of an acute angle betwetion of such a cell, in engineering terms the impulse response,
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Fig. 3. Intensity map of a Gabor function, which models the receptive fieldig. 4. Non-CRF inhibition is caused by the surroundings of the CRF, which
profile of a simple cell. Gray levels which are lighter and darker than this defined by the weighting functioa. (x, y), cf. (5).

background indicate zones in which the function takes positive and negative

values, respectively. The bright ellips€ + (yy)> = 402 specifies the L. . .

boundary of the (classical) receptive field outside which the function tak&8€tric filters are combined in the Gabor enefgy,, ¢(z,y) as

negligibly small values. follows:

Broo(@,y) = /13 mo0(@y) + 13 0 s (@.9) ()

Irno0.0(2,y), (1,y) € Q C R?, whichis centered in the origin,

is given by It can be shown that the Gabor energy is equal to the square
- ; rqot of t'he local power spectrum of the image within a given
Irob.p(T,y) =€ 207 cos <27r_ + (p) orientation and spatial frequency passband [85].
A In the following, we will use Gabor energy maps
T =mxcost +ysinb, Ej 6. (z,y) for a number of Ny different orientations
Y= —xsinf 4+ ycosb 1) o
wherey = 0.5 is a constant, called the spatial aspect ratio, that 0; = w, 1=1,2,..., Ng. (4)

determines the ellipticity of the receptive field. The standard de- No

viation o of the Gaussian factor determines the size of the re-

ceptive field. The paramete is the wavelength andl/\ the C. Models of Non-CRF Inhibition

spatial frequency of the cosine factor. The ratjo\ determines  We now extend the Gabor energy operator presented above
the spatial frequency bandwidth, and, therefore, the numbengith an inhibition term to qualitatively reproduce the non-CRF
parallel excitatory and inhibitory stripe zones which can be olrhibition behavior of most orientation-selective cells. We con-
served in the receptive field, see Fig. 3. In this paper, we fsider two types of inhibition: i) anisotropic, in which only re-
the value of this ratio ter/A = 0.56, which corresponds to a sponses obtained for the same preferred orientation as a central
half-response bandwidth of one octave. The angle parafietefesponse contribute to the suppression and ii) isotropic, in which
0 € [0,7), determines the preferred orientation. The parametgl responses outside the CRF contribute to the suppression in
¢, ¢ € (—m, 7], is a phase offset that determines the symmetgh equal way, independently of their preferred orientations.

of gx,0,6, (2, y) With respect to the origin: fop = 0 andy = For a given point in the image, the inhibition term is com-

it is symmetric (or even), and fas = —(7/2) andy = (7/2) puted in a ring-formed area surrounding the CRF centered at
itis antisymmetric (or odd); all other cases are asymmetric mithe concerned point, see Fig. 4. We use a normalized weighting

tures. functionw, (z,y) defined as follows:
The response, ..., (z,y) of a simple cell with a receptive
field function gx ¢ . (z, y) to an input image with luminance we(z,y) = ;H (DoGy(z,7)) .
distribution f(z, ) is computed by convolution [H (DoGo)lly
0, 2<0
H(z) = ’ 5
Pt (2.9) = (F % 0r.0.0)(2.9) (=) { 2 220 ©)

= // f(u,0)gxr 0.6,0(x —u,y —v)dudv. (2) wherel|.||; denotes thé; norm, the functiorff (z) ensures that
3 the operator has only positive response, Bgs,, (z, y) is the
following difference of Gaussian functioas:
The model used in [84] also involves thresholding and contrast
norr_nalization, but we do not neeq these aspects of the func_tion DoGy(z,y) = ———e 2097 — 5 se” L (6)
of simple cells in the context of this paper. In image processing 27 (40) ma
and computer vision, the filter defined by (1) and (2) is known 1) Anisotropic Non-CRF Inhibition:We model anisotropic

as the (linear) Gabor filter. non-CRF inhibition by computing an inhibition term

1 PO T

B. Complex Cells and Gabor Energy Filters 1The combination of standard deviations &ndo was chosen in such a way
that the zero crossings BfoG., (, y) are near the circle? + y> = 402. More
The Gabor energy is related to a model of complex celigecisely, one can tak&® + (v)? instead ofe2 4 y2 as an argument on the
which combines the responses of a pair of simple cells withright hand side (_)f (6) withé and ¢ according to (1)._The_3 concerneq area will
. then have an elliptic boundary as the one shown in Fig. 3. We did not do that
phase difference dfr/2) [29], [_32]- The reSU!tS"A,a,e,O($3 Y) for reasons of simplicity and computational efficiency, and also because this did
andry 5.6, —(x/2)(x,y) of a pair of symmetric and antisym-not influence the results substantially.
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Fig. 6. (a) Synthetic input image. (b) The Gabor energy operator responds to
Fig. 5. Inhibition term for a given point is computed by integration over théines and edges independently of the context, i.e., the surroundings in which
shaded annular area surrounding that point. In a contour pbjitihe inhibition  these lines and edges are embedded. (c) The contour operator with anisotropic
termt{ _, (x,y) is small. In a texture point3, this term can become very inhibition responds selectively to isolated lines and edges and lines that are
strong. surrounded by a grating of a different orientation. (d) The contour operator with

isotropic inhibition responds selectively to isolated lines and edges only.

t5 5. (z,y) for each orientationd; as a convolution of o .
the Gabor energyt, 6. (z,y) with the weighting function Weakest for surround stimuli that are orthogonal to the main
Wwe(z,y) Y stimulus. For this reason, we refer to this type of modulation as

anisotropic inhibition This type of differential response mod-
t;“’(,?gi (z,y) = (Ex 50, *ws)(T,y). (7) ulation for parallel and orthogonal surround texture has been
. observed in 24% of a large population of orientation-selective
We now introduce a new operatb{ s, (x,y) which takes as cells in area V1 of anesthetized macaque monkeys [86]. These
its inputs the Gabor energy .6, (#, y) and the inhibition term  authors call such neurons “orientation contrast cells.” In further
t/\A,o,Oz (z,y): 12% of the cells, the reverse effect of stronger suppression by
A A an orthogonal surround texture was observed. The same authors
by, (€:y) = H (Ex o, (2,y) — aty 54.(2,9))  (8) call these latter neurons “uniform cells.” Similar data were ob-

. A0 i :
with H (z) defined as in (5). The factar controls the strength of tained _for alert monkeys [67]: 32% orientation contrast cells and
6% uniform cells.

the inhibition of the surroundings on the Gabor energy operator._l_he operator defined by (8) is similar to the bar cell operator

If there is no texture in the surroundings of a given point (see, . L
point A in Fig. 5), there will be (almost) no inhibition, and themtroduced in [76]. The authors of that work use as an inhibition

; : . Eerm the response of a grating cell, which is computed in a more
response of this operator at that point will be (almost) equal 10, . g .
mtqcate way from the simple or complex cell responses in the

th.e Gabor energy response. An.edge passing throgg_h that P roundings. These authors introduced the term “bar cell” to
will be detected by this operator in the same way as it is detecte :
: 4 . emphasize the preference of the operator for bars versus grat-
by the Gabor energy operator (of appropriate orientation). HOV}I{ S
ever, if there are other edges in the surroundings (see paimt gs. . . . .
. N A The various terms mentioned above—bar cell, orientation
Fig. 5), the inhibition ternty , , (=, y) may become so strong

; S contrast cell, and uniform cell—focus on different aspects of
that it cancels completely the contribution of the Gabor energy . . . . i . .
o e function of an orientation-selective neuron with anisotropic
operator, resulting in a zero response.

We now construct a contour o eraﬁﬂ”“( ) with values non-CRF inhibition.
X Ao P 7 I'/y_ . 2) Isotropic Non-CRF Inhibition:No significant difference
of maximum response @7, (-, y) over all orientations was found in the modulation of the response to a center line

e A _ stimulus by surround textures that were parallel or orthogonal
by, (z,y) = max {bk,’a,ei (z,y)li=1,... =N0} (9)  tothe center stimulus in 40% of the V1 cells studied in monkeys
under anesthesia [86]. The authors of that paper use the term
and an orientation ma@(z, y) with the orientation for which «general suppression cells to refer to the neurons which exhibit
this maximum response is achieved this type of inhibition.
04 (2, y) = i We refer_to this type .of suppre;s_,ign iastropic inhibitiop
’ ’ R and model it by computing an inhibition tertﬁn’a(a; y) that is
k = argmax {bi’;’ﬂi (z,y)i=1,... ,Ne} -(10) independent of orientation. First, we construct an energy map

E\ +(z,y) with values of maximum Gabor energy response
Defined in this way, the operator will respond to isolated lines,

edges, and bars (of any orientation), but it will not respond to EA,(,(;p,y) =max{E\ 50, (z,y)|i =1,...,No} (11)

groups of such stimuli that make part of a texture grating (of the

same orientation), see Fig. 6(c). and an orientation map’(z, y) with the orientation for which
Note that, for the type of suppression modeled by (7) and (8pese maximum responses are achieved

surround lines and edges of the same orientation as the main

stimulus over the CRF will have stronger suppression effect O (z,y) = bk,

than such stimuli of other orientations, with suppression being k = argmax {Ex o0, (z,y)li =1,..., Ng}. (12)

’ ’



GRIGORESCUet al: CONTOUR DETECTION BASED ON NONCLASSICAL RECEPTIVE FIELD INHIBITION 733

Now, the isotropic inhibition ternnf\_’a(x./ y) is computed as performance is task dependent. In this respect, some edge detec-
a convolution of the maximum energy mﬁh,a(iv, y) with the tors may perform better for a specific task (e.g. structure from

weighting functionw, (z, y) motion, object recognition) and worse for other tasks. Since the
R contour operators suppress edges in presence of surrounding
5.0 (2,9) = (Exo *x wo)(2,y). (13) texture, and retain isolated edges, we evaluate their performance

on images representing objects on textured background. We se-
We now introduce the contour operatl»i"_‘;(%y) which lected a set of 40 images which depict either man-made objects
takes as its inputs the maximum energy ﬁﬁga(x,y) and on textured background or animals in their natural habitat; for
the inhibition termtl _(z,y) each image, an associated ground truth binary contour map was
’ drawn by hand. Fig. 7, first and second row, presents a subset
bi’_i(z./ y)=H (E%U(x_/ y) — at! (z, y)) (14) of these images together with their corresponding g_round truth
’ ’ contour maps. Note that the ground truth maps spedifitours

with H (=) defined as in (5). As before, the factercontrols the Of OPJECts not just edges.

strength of the inhibition of the surroundings on the maximum

Gabor energy term. This operator will respond to isolated lined; Performance Measure

bars, and edges in the same way as the operator with anisotropicet Eqt and Bgt be the set of contour pixels and back-
inhibition, but it will not respond to groups of such stimuli thatyround pixels of the ground truth contour image, respectively,

make part of texture (of any orientation); see Fig. 6(d). and Ep and Bp be the set of contour pixels and background
. _ pixels of the contour image generated by an operator, respec-
D. Binary Contour Map Construction tively. The set of correctly detected contour pixel&is= EpnN

Binary contour maps are constructed by the standard proéest- False negatives, i.e. ground-truth contours missed by the
dure of nonmaxima suppression followed by hysteresis thregigntour detector, are given by the sétx = Egr N Bp,
olding [1], [87]. From the responslt{"_(;(a;y) (or b;_,:(%y)) while false positives (qurious contours) are given by the set
and corresponding orientation még (z, y) (or ©4(z, y)) that Erp = Ep N Bar. We define gperformance measud a con-
specify the local edge strength and local edge direction, respl@ur detector as
tively, nonmaxima suppression thins the edges to one-pixel wide card £)
candidate contours. The final binary contour map is computed P = card E) + card(Epp) + card(Erx)
from the candidates by hysteresis thresholding. This process in- FP FN

volves two threshold valuels andiy, ¢ < t,. Commonly,t, iy which card(X) denotes the number of elements of theXet

is computed as a quantitg(1 — p), wherep is the minimum  The performance measufeis a scalar taking values in the

fraction of_ candidate pixels to be retained in the final contoykieryal [0,1]. If all true contour pixels are correctly detected

map. We fix the low threshold valug to #; = 0.5),. and no background pixels are falsely detected as contour pixels,
Although a multitude of other post-processing methods C@en P 1. For all other cases, the performance measure takes

be found in the literature [10], [88], some of which may deliveg,-ynitary values, being closer to zero as more edge pixels are

better results than the one used here, we decided to performfmge|y detected and/or missed by the contour operator.

same post-processing operations as in the Canny edge detect@ince contours cannot always be detected at exact integer

(15)

[1] in order to simplify comparison in a later stage. image coordinates, we consider that a contour pixel is correctly
detected if a corresponding ground truth contour pixel is present
l1l. PERFORMANCEEVALUATION ina5x 5 square neighborhood centered at the respective pixel

Methods for evaluation of edge detector performance can gRordinates. The false negatives and false positives are deter-
categorized as using either synthetic or natural images, witined by eliminating those pixels which are correctly detected
or without specified ground truth [10], [12]. When the groun@‘fom the ground truth contours and detected contours, respec-
truth is given, performance evaluation can be readily carried direly- ) .
by comparing detected edges with the ground truth edges. Al-Other measures, often used for evaluating segmentation re-
though synthetic images allow precise objective definition GuIts [93], cast the performance into a classification error com-
ground truth and seem appropriate for any performance evaiitted for atwo class assignment problem. In this case, the error
ation criterion, the conclusions drawn in most of the cases &i@n be expressed as the number of misclassified contour pixels
not easily extrapolated for natural scenes [89]. Additional qudl-€-, false positives and false negatives) divided by the total
itative metrics such as smoothness, continuity, thinness, whig#mber of pixels in the image. Though intuitively appealing,
may sometimes be computed in absence of the ground tritHCh @ measure has the drawback that it does not scale linearly
do not always properly reflect performance [90]. For these re(ith the number of detected contour pixels (e.g., an increase
sons, most of the current evaluation methods use natural im&¥éhe same number of misclassified pixels for a contour image
scenes with an associated ground truth specified by a hunYdich has 10 contour pixels delivers the same performance as
[12], [91], [92]. For a comprehensive list of performance evali" image consisting of 1000 contour pixels, assuming tha_t both
ation methods for edge detection we refer to [12]. images have the same size). In contrast, the measure defined by

Some evaluation methods [91], [92] assess edge detector Pefrhe images and associated ground truths are available at
formance in the context of a well-defined task, suggesting thatip://www.cs.rug.nli~imaging).
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Fig. 7. One synthetic image and three natural scenes with objects on textured backgrounds (first row), their corresponding ground truth cqstmanmaps
row), the binarized Gabor energy maps (third row), the best edge maps obtained with the Canny edge detector (fourth row), the best contour thaih obtaine
the anisotropic contour operator (fifth row), and the best contour maps obtained with the isotropic contour operator (last row).
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(15) reflects an increase/decrease in the number of misclassified
contour pixels versus the number of detected contour pixels pro-
portionally.

TABLE |

OPERATOR PARAMETERS, ERRORS AND
PERFORMANCES FOR THHMAGES PRESENTED INFIG. 7

735

0 P « €pp  EFN P
B. Experimental Results Triangle
We compare the performances of the two contour operators Gabor energy 7.0 0.5 0.93 0.00 0.04
defined above with the performance of the Gabor energy op- CaI.my . 3005 0.950.00 0.04
) . - ] AT Anisotropic 70 05 2.0 0.02 0.06 0.91
erator as defined in (3), i.e., without inhibition, and the Canny Tsotropic 70 05 2.0 0.00 100 0.00
edge detector. Goat 3
The Canny edge detection operator [1] consists of a gradient Gabor energy 2.0 0.1 0.72 0.38 0.25
computation for each pixel of the image, and construction of Canny 24 01 0.83 0.55 0.14
a binary edge map by post-processing with nonmaxima sup- Anisotropic 2.4 0.1 12 036 0.60 0.32
pression and hysteresis thresholding. The gradient is computed ~ —2toPic 20 01 10 046 051 0.34
using a scale-dependent differential geometry operator. We ap- glephant 2
. - L abor energy 2.0 0.1 0.59 0.36 0.32
plied the same type of post-processing for binarization to the Canny 24 0.1 071 050 0.23
Gabor energy operator. Anisotropic 2.4 0.1 1.2 0.36 045 0.40
The two parameters of the Canny edge detectoroarine Isotropic 20 0.1 10 031 049 042
standard deviation of a Gaussian smoothing kernel zarie Hyena
minimum fraction of edge pixels that have to be retained in the Gabor energy 2.0 0.1 0.52 032 039
final edge map. The same parameters are used for the Gabor en- girilsrtl)};ropic gi g'} 19 8'23 8“;’(5) 8'?13
ergy operator, where the parametedenotes the standard de- Tsotropic 20 01 1.0 022 035 055

viation of the Gaussian factor of the concerned Gabor function.
The contour operators have an additional parametewhich

is the texture inhibition factor. For the Canny edge detector, Wepo second (Goat 3) and last column (Hyena) are very good

used eight scales, € {1.0,1.2,1.4, 1.6, 1'8’2'072'2’2;4}' For examples of the texture suppression behavior of the contour
the contour operators we used four scales covering the sg@@ aiors. The example in the second column shows also that
domain,c € {1.2,1.6,2.0,2.4} and two texture.atte.nuatllonthe Canny edge map contains so many spurious edges that it is
factors,a € {1.0,1.2}. For all methods, we applied five highy4q tg distinguish the contours of the object. In contrast, dis-
hysteresis threshold values based on the fragtiohthe can- j,qishing the object contours in the output of the contour op-
d|_date pixels that should be retaln_ed in the contour edge M@Paiors can be done without difficulty. The performance mea-
with P e _{0'5’ 0.4,0.3,0.2,0.1}. This results in 40 parameterg, o ig consistently higher for the contour operators, and this is
combinations for each of the methods. For the Gabor energy sty due to a reduced percentage of false positives. This is
contour operators, we used 12 orientatial,= 12. in agreement with the proposed model of non-CRF inhibition:

The maps with best contour detection performance for a smaljg s resulting from a texture background (false positives) are
selection of our test images are shown in Fig. 7. The first a@ﬁppressed while object contours are retained.

second row show the inputimages and the ground truth imagesgjg g shows comparative statistical box-and-whisker plots

respectively, the third row shows the responses of the binarizgdyen, of the images used in our experiments. The plots reveal
output of the Gabor energy operator, and the fourth, fifth, anfl.sistent better performance of the contour operators. In all
sixth rows show the results for the Canny edge detector, i&seq the best performance (the top end of a whisker) is higher
contour operator with anisotropic inhibition and with isotropig, comparison to the best performance of the Canny edge de-

inhibition, resp(_actively. For a bg_tter illustration, v_ve also COMzactor and the Gabor energy operator, and, in most of the cases,
puted the fraction of false positivegp as the ratio between e isotropic inhibition gives the most effective results.
the number of false positives and the number of correctly de-

tected contour pixelseqp = card Erp)/card £)), and the
fraction of false negativesyy as the ratio between the number
of false negatives and the number of ground truth contour pixelsThe models of non-CRF inhibition we use in this study are
(ern = card Ern)/card Egt)). The performance measuressimple and straightforward. In the anisotropic inhibition model,
parameters, and fractions of false positives and false negatitles response of an orientation- and scale-specific operator in a
are listed in Table I. given position is suppressed by the responses of the same op-
The results show that the contour operator indeed suppressesgor in other positions. In the isotropic inhibition model, sup-
edges in the presence of surrounding texture for both anisotropiession is caused also by activity in channels responsible for
and isotropic inhibition. The synthetic image presented in tlmther orientations. Our models make use of a single parameter
first column of Fig. 7 is an interesting special case. Our percep-that is the coefficient with which the inhibition term is taken
tual interpretation of the image, two lines superimposed onirgo account. The value of this parameter can be determined in
grating, is paired by the response of the contour operator wih optimization problem derived from a specific goal, e.g., max-
anisotropic inhibition only. The other operators—the Gabor emnization of the performance of the operator for a certain set of
ergy operator, Canny, and the contour operator with isotropinages. One can think of more intricate or general inhibition
inhibition—do not deliver results matched by perception. models, such as the division normalization proposed in [94],

IV. DISCUSSION
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LN e e

T tors used in image processing. The role of a CRF is taken over
: by the area of essential support of the corresponding edge de-
| tector, e.g. the circular area which gives rise to 95% of the norm

| of a Gaussian used in a Canny operator. The surround is de-
: fined as the region outside the area of essential support. In this
: case, it would be more appropriate to more generally speak
: of surround inhibitionor surround suppressiorfor instance,

| isotropic inhibition can easily be added to the Canny edge de-

: {1 tector as an intermediate step between the gradient computa-
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. tion and the edge thinning and binarization. The inhibition term
E L is computed by convolving the gradient magnitude field with
+ 1+ 1 the functionw,(z,y). With this modification, the Canny al-
gorithm becomes essentially very similar to the contour oper-
ator with isotropic inhibition presented above: the only differ-
ence is the way in which the edge strength computation is done,
R Y R R A N R T by a ;cale—specn‘lc dlffere_ntlal geometry operr_:ltor (m the Car_my
— — ——r— algorithm) versus a multichannel bank of orientation-specific
Gabor energy filters (in the case of the contour operator). The
anisotropic inhibition, very effective when the background con-
1 sists of oriented texture, can also be incorporated, while less
directly, as a computational step into the Canny algorithm and
other similar algorithms which operate on a gradient magnitude
and orientation map. The inhibition step may be expected to im-
prove contour detection performance when images contain ob-
é ﬁ | jects of interest on a textured or cluttered background.
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The non-CRF inhibition algorithms presented in this paper
treat different classes of edges and lines in different ways: single
4 contour lines and edges, on one hand, being considered as non-
texture features, are not affected by the inhibition, while groups
of lines and edges, on the other hand, viewed as texture features,
1 are suppressed. As already noted in the introduction, this dif-
S S S S S S S S S S S S S S ferent treatment correlates well with human visual perception.
comRcoBRCAmMBECE BB CO BB For instance, while the contours of a single leaf of a tree on a
Fig. 8. Box-and-whisker plots of the performance of the Canny edge detecg)lf"lin baCkground are to be seen as nontexture features, the same
(denoted by C), the Gabor energy operator (denoted by G), the contour oper&@AtOUrs can occur as texture features when they appear in a fo-
with anisotropic inhibition (denoted by B1) and isotropic inhibition (denoted bljgge image together with the contours of many other leaves. The
B2) for ten of the test images. . i . “ "

emergence of a separate linguistic entity, the word “texture,” for
a group of edges indicates a semantic difference associated with

where the inhibition weights of the responses of all orientatidhe context in which an edge appears: stand-alone as a contour
and scale channels and all positions are not fixed in advance btian object versus in a group of similar edges forming texture.
are determined such that mutual dependencies between thdruk similar way, separate entities have evolved in language to
timate responses are minimized. indicate a semantic, contextual difference between a strege

Inhibition mechanisms have been applied previously to bind a collection of trees, farest
ologically motivated edge detectors in order to improve cer- It was suggested by Nothduet al.[86] that non-CRF inhi-
tain aspects of their function. A symmetric Gabor filter, willpition may play a certain role in texture segmentation by gener-
for instance, respond not only along a line but will also give ating sensitivity to (texture) feature contrast. Our computational
flanking response alongside the line at a certain distance fromrmitodels supports this assumption. The anisotropic surround in
Similarly, the largest response of an antisymmetric Gabor filteibition operator (8), for instance, will respond more strongly
to a line will be displaced from the line. (These issues do nat the boundary between two textures of different preferred ori-
arise with the Gabor-energy filter.) In [50] and [95]-[97], varentations than inside uniform texture regions. Both the isotropic
ious inhibition mechanisms have been proposed to remove théb$) and the anisotropic (8) operator will respond more strongly
flanking responses. These works differ from the current work &t the boundary between two textures of different frequency
two major aspects. First, the inhibition mechanisms act withgpectra than inside these textures. Next to this role of non-CRF
the CRF. Second, the purpose of the inhibition is quite differernitthibition, we think that the main biological utility of non-CRF
it deals with the removal of flanking responses, rather than withhibition is the separation of contour from texture information
the suppression of texture edges. and the mediation of object contours to higher cortical areas as

The inhibitory mechanisms presented in this paper can pmposed previously in [76], [98]. Indeed, while non-CRF in-
applied as an additional processing step to most edge deteibition scarcely influences the responses to isolated contours,

1+
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i.e., contours that are not embedded in texture, it strongly re25]
duces the responses to texture. The biologically (in our view)
most important effect of this neural mechanism might thus bq%]
that of contour (versus texture) detection.

In summary, in this work we have shown that non-CRF inhi-[2
bition, more generally surround inhibition, is a useful computa-
tional mechanism that substantially improves contour detectiori2s]
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