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Abstract

We present a framework for extracting image contours
based on geometric and structural consistency among edge
element locations and orientations. The paper presents two
contributions. First, we observe that while the traditibna
edge orientation operators are based on first-order deriva-
tives, orientation as tangent of a localized curve requires
third-order derivatives. We derive a numerically stable Figure 1. This figure illustrates a typical problem with edge link-
third-order edge operator and show that it outperforms cur- €rs. The detected contours (randomly colored) are overlaid on the
rent techniques. Second, we consider all discrete n-tugfles manually specified ground truth image (black), left, and over the
edges in a local neighborhood (7x7) and retain those that original image, right. Observe the contour that starts at the in-

are geometrically consistent with a third-order local carv dex finger and then latches on to Othe'.r spurious contours. This is
. . . the result of greedy local decision making strategies typically em-
model. This results in a number of ordered discrete com-

L loyed by contour tracers, which reduces the quality/utility of the
binations of edges, each represented by a bundle of curvesgetictedycomours for various vision tasks. quaity y

The resultingcurve bundlemap is a representation of all

possible local groupings from which longer contour frag- ;, the false positive category! Quoting a senior vision sci-
ments are constructed. We validate our results and ShOWentist, “any segmentation work is going to be five years of

that our framework outperforms traditional approaches to development and five years of convincing others it works!”
contour extraction.

Despite these caveats, high-level vision tasks cannot
avoid relying on curve fragments. Much of the recent re-
search on patch-based methods for recognition indicates
that the role of appearance needs to be augmented with the

There is perhaps a common consensus that edge deted¢ole of shape 18, 9, 15]. In our own work on perceptual
tion and contour extraction has reached its peak perfor-organization and object recognition, we have been drafted
mance and while problems with its performance are ac-to work on edge detection and grouping precisely because
knowledged, solutions are sought in the way these edgedn current methods edges are often grouped across objects
and contour fragments are used (edges are the output of &nd many groupings are missed. We now report on two key
local filter and contour fragments are a set of grouped, or-insights which have lead to a measurable and substantial in-
dered edges.) For example, the shape context approach angrease in performance which is subjectively striking.
the SIFT operator rely on the histogram of edge distribu-  The first insight is that the orientation of an edge lying
tions without relying on the grouping itseli,[11]. Beyond on a curve is computed using a derivative operation on the
the appearance of beating on a dead horse, a second issuecation of the edge. Thus, any orientation measurement
with continuing research in this area is that it is very diffi- should involve operators one order of derivative highentha
cult to gauge the extent of any improvements. The use ofthose used in measuring its location. Edges are typically
ground truth databases is fraught with difficulties. For ex- localized by finding peaks in response of some first-order
ample, in the Berkeley segmentation dataset, contours havelerivative (gradient) operator which implies a secondeord
been marked selectivelye., only those enclosing a region, operation. By and large, however, the gradient direction,
and only at the user selected set of scales. Thus, those meam first-order operator, is assigned as the orientation of the
ingful edges and contours not picked up by the subjects falledge! This wrongful assignment of orientation, but not lo-

1. Introduction



@)
Figure 2. Our contour extraction process in illustrated on a real imagelh@image. (b) The Third-order edge-map. (c) The curve
bundle map is a collection of curves (Not visible as distinct at this resolugemFiguresb). (d) The extracted curve fragments.

calization, has led researchers to believe that oriemtagio  still many spurious possibilities. The goal of contour frag
not a reliable cue for grouping so it is either dropped alto- ment construction is to retain the mutually consistentlloca
gether [L6], or substantial allowance is given to its variabil- discrete combinations or curve bundles.

ity from the linking process and machinery is developed to  There are at least two manually labeled datasets avail-
fine-tune it P1] . We show that a third-order operator, with able to the community for evaluating edge detectors, the
proper numerical precautions, can measure orientation rel Berkeley datasetl[3] and the Florida dataseb]. The pop-
ably and that this reliability leads to a very different sofit ular Berkeley dataset is not appropriate for evaluating our
grouping, one which counts more heavily on the orientation method since the tools and instructions given to the sub-
of the edge. jects restrict the results to isolated salietased regions.

The second insight regards the issue of how globally Thus, the users could not label any open contours such as
salient, but locally weak groupings of edges can be re- internal contours of incomplete occluding contours, even i
tained as curve fragments, while avoiding the omnipresentthey were salient. Evaluating even a perfect edge linker
problem of spurious curve fragments “leeching off” salient under such circumstances would lead to a relatively poor
curve fragments (as noted if]], see Figurel. We in- performance as properly delineated internal contoursaare |
troduce an intermediate representation, theve bundle  beled as false positive, thereby unfavorably affecting the
map which represents all geometrically viable local dis- ROC curves. We have, thus, chosen the dataset from the
crete combinations of edges. The curve-bundles ensure tha¢niversity of Florida, which contains 60 manually labeled
all locally weak, but geometrically viable local combina- ground truth images, to evaluate our method. We exam-
tions of edges are kept for a second round of grouping intoine whether the use of the curve bundle map, which retains
longer curve fragments. Only a simple algorithm for the lat- all possible local groupings of edges, can significantly im-
ter is implemented here. The term “local” refers to consid- prove the detection of reliable contours in images. Since
ering combination of edges in a small (7x7) neighborhood. most evaluation methodologies, including that cf], [are
The term “geometrically viable” derives from the assump- geared towards evaluating edge detectors, we have develop
tion that image contours are piecewise smooth, so that onlya new approach to evaluating linked edges — one that penal-
edge combinations satisfying a very weak curve smooth- izes spurious detected contours when they link with “good”
ness modelj.e., based on a third-order geometric Taylor contours, see Sectidn These evaluations validate the vi-
series, are considered viable. Edges at or near a singularsually striking improvements of our approach in contour ex-
ity will participate in discrete combinations on one or the traction.
other side, but probably not on both. The use of accurate
orientation estimates, FiguBgis key in retaining all viable 1.1. Related Work
groupings while discarding the spurious combinations. The most commonly used strategy for contour detection

These two key contributions, the third-order orientation is to trace edge pixels on the local 4- or 8-connected image
filter and the geometric filter selecting all discrete corabin  grid, after having morphologically thinned the response of
tions of edges in small neighborhoods, result in a rich curve the detector 14]. The performance is thus limited by the
bundle map of possible groupings from which curve frag- output of the edge detection process itself, which is typi-
ments are constructed. As Figzeshows, the curve bun-  cally fragmented and noisy. More sophisticated versions of
dle map is a good visual representation of contour structure this kind of sequential tracing algorithms use multiresolu
but because all possible groupings are represented, tteere ation image pyramids to perform the sequential seatgh [



Methods like Hough Transforms)] are able to connect

across large gaps since they are based on geometric consis-

tency, but owing to their global nature they lack the sensi-
tivity to the context in which the structure is embedded [
Furthermore, they are only good for simple, easily parame-
terized structures.

Token-based grouping algorithms [L7] are formulated
in a local, parallel, and hierarchical framework. Edge to-
kens are locally grouped into larger tokens which are then
further composed in a recursive manner into higher level
and more global descriptors. First, local pairwise con-

straints are used to build a reduced search graph of edge to-

Vi
/ \ o o
/ / ~
J | , N
/ X . \
/s \\ / \ /
\ ~ e
0 .
l ya AN
. 23
Ay
~ A\\\\\T\\—xv\\ \‘ 5/ -~ /
NN S
," / S ///
—_— g
S
»‘ |

kens. Then local neighborhoods of this graph are analyzedFigure 3. The edge orientations computed using the third-order
for geometric consistency. Groups of tokens are replaced®rentation operator, Equatiody (shown in green) compared to

by a larger token employing a greedy best-first strategy.

those obtained from the gradient of the image (shown in red). That
the results are dramatically better is evidenced by the self consis-

In the perceptual grogpjng Iitgra?ure, ml{Ch of the effort tency of edge orientations as one travels along each curve, as op-
has been devoted to defining pairwise affinity measures beposed to the red edges which deviate significantly from the curve
tween edges based on the Gestalt principles of proximity,tangent.

smooth continuation, closurefc, and using them in a va-

riety of schemes to compute the salience of edges. A good

summary of these techniques can be foundif].[ Their

main intent is to supplant the edge contrast measure with a
measure of “figural goodness” so that spurious edges can be

better detected and eliminated. Our work can be thought of
as considering an-wise affinity measure. The edge link-
ing problem is only tackled by some of the approaches and
these are usually limited to finding globally saliebsed
curves in the image g 12, 19]. Although figural closure

is a reasonable global property to enforce for some types

of curves, images also contain many open curves that arg,ave chosen to call our detector a
salient and need to be extracted. In our work, we draw on detector”. 1

the insight from perceptual grouping concepts to form local
groupings of edges based on continuity, to highlight salien
edges and their neighborhoods prior to tracing the contours

2. A Third-order Edge Oper ator

The traditional approach to edge detection using image
derivatives localizes edges at the maxima of the gradient
magnitude V1| in the direction of the gradieq%, which
gives
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In Cartesian coordinates, Equatibrcan be written as
oo+ 211y Ly + 171, =0,
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which involves up to second-order derivatives. The orienta
tion of this edge can be obtained by the normal to the edge,

J—\f, which can be obtained by differentiation
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which involves up to third-order derivatives evaluatechat t
zero crossings indicated by EquatignFor this reason we
“Third-order orientation
Figure 3 shows the improvement in edge ori-
entation obtained using this detector when compared to the
gradient-based orientation. Furthermore, since these est
mates are obtained locally and independently at each edge,
they can be used for edge linking purposes without any bias.

Computation using third-order derivatives is notoriously
difficult with small operatowr, so we have developed a ro-
bust numerical technique using “interpolating operators.
Specifically, as the scale of a Gaussian derivative opera-
tor, o, becomes small and/or the order of the derivative in-
creases, the Nyquist limit kicks in and prevents the proper
representation of the derivative kernel. As a result, the
derivative estimates suffer. To remedy this, we use an-inter
polating filter (linear is sufficient for third-order deriwes)
and absorb it in the operator kernel.

We have evaluated the performance of this detector using
Simon Baker’s Global Measures of Coherence (GM{) [

1The source code for our third-order orientation detector
has been made available at http://www.lems.brown.eduffisio
researchAreas/EdgeDetection/Amir-Edge-detector.html. he Tsource
code of for the edge linker described in the next sectionk h@lmade
available soon.



Benchmark database 2 GNC1 v1 givesEuler Spirals[1(], etc The Euler Spiral model is the
;"y’f‘l. lowest order curve model that allows for a geometric inter-
0sl 73‘3'3:;:‘57 polation of two arbitrary edges. Thus, each pair of edges
' define a unique curve hypothesis and additional edges can
be solicited to verify or disqualify this hypothesis. Thss i
our basic notion of geometric consistency. Since each edge
is computed with a some inaccuracy in positién, and in
orientation, s, (specified as parameters to the algorithm)
each edge pair define a family of curve hypotheses.

oW m % umbefﬁfedge§° w 1w To illustrate this better, consider a referenceaochor
edge and the set of all Euler Spirals through it, tberve
oozs; penenmatk daabase &:6HE bundleof all hypotheses, Figurga. Since the edge speci-

canny spxl

scbelspr fies a point and a tangent, the Euler Spiral requires two addi-
B tional parameters to be uniquely specified, namely, its cur-
| \, vaturek and the rate of change of curvatureln addition,
i N the anchor edge is allowed to perturb upAe and Ad in
position and orientation, respectively. Thus, a four dimen
sional space is required to describe this curve bundle,iwhic
can be represented as a region in the: (A6, k, v) space.
| As a practical approach, we discretize the and Ad di-
% 100 m w00 500 mensions by three samples each, namelyz, 0, =) and

’ (—40,0,460), respectively. Having specifiedz and A9,

Figure 4. ‘The GMC {] measures on the third-order detector is ¢ ¢qrresponding curve bundle can be described by a region
compared with respect to other common edge detectors on a fewIn the (:, ~) space, Figuréd. This region is represented b
benchmark datasets. Our operator outperforms all others. +7) SP 19 ) 9 P y

a geometric polygon.

This evaluation method consists of several benchmarks con-  cgnsider next an edge pair with one edge as the anchor
sisting of a large number of images of a carefully de- eqge. The presence of the second edge on the putative curve
signed scenes for which a single constraintis enforegd,  pypothesis implies that only those curves of the initiakeur
c_oIIinearity. The degree to which the constraint holds is s pndle that are sufficiently close in position and orieotati
timated and used as a measure of performance. The peryre viable, Figurésh, thus pruning and significantly refin-
formance measure is designed for detectors that produce;ng the initial bundle into aair-wise bundle This process
pre_cise sub-pixel localization and orientaFion est_im“atib can be continued by considering triplets of edges, two of
major advantage of the GMC measure is that it does notyyhich having just formed a pair-wise curve bundle. It is ev-
require precise ground truth, whose specification itself is jgent that the presence of a third edge on the putative curve

prone to error. Figuré show the results from a few bench- - pypothesis places an additional constraint which canigni
mark data sets. The third-order detector outperforms other

detectors in a significant manner. The other benchmarks
also show similar significant improvements.

Global Measure of Coherence
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3. Forming Local Hypotheses: Curve bundle
Map

We make the assumption that image curvesmeee-
wise smootland that the total variation in curvature and it:
derivatives are bounded. Consider a geometric Taylor €
pansion of the curvaturk(s) of a smooth curve€ wheres
gives a parameterization of the curve,

(a) (b)
k(s) = ko + k15 + kos® + - - 4) Figure 5. (a) The set of curve models through an edge is illustrated
for an Euler Spiral model. It shows the bundles for the anchor
This local model for the smooth segments of image curvesedge with a perturbation in orientationd = 5 degrees and in
includes increasingly larger subclass@sky = k1 = ko = position, Az = 0.1 pixels. (b) A second edge (top right) nearby
.-« = 0 giveslines (ii) kg # 0 andk; = ko = --- =0 the anchor edge (center) narrows the bundle only to those curves
givescircles (i) ko # 0,k # 0, andky = --- = 0 that are sufficiently close in position and orientation.
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Figure 7. Alternate local curve hypotheses are explicitly main-
tained at edges by storing multiple curvelets each with its own

(b) curve bundle representation. In this example, the curve bundles
are clearly distinct in thék, v) space.

WM intersection between regions in the {) space is computed
by polygon intersection routines.

(©) Each edge only maintains timetuplesnot subsumed in

2 larger groupings, budll grouping options are retained (see

Figure7). The set of curve bundles associated with edges

in an edge-map is calledairve bundle mapFigure9, an
intermediate representation between edges and linkeeé curv

" s fragments.
- This process of forming curve bundles may be reminis-
cent of Hough transform in that groupings are represented
2 and evaluated for consistency in the parameter space of a
(d) B T chosen parametric curve model, but in fact there are sig-

nificant distinctions. First, our operations are very lpcal

Figure 6. This figure illustrates how as the number of edges in typically within a 7x7 window, involving on average 0“'3_/

a combination increases, the reliability of the curve bundle in- @bout 10-12 edges. Second, the curve parameter space is not
creases. (a) Edges are from sampled from a curve and noise addedliscretized. Rather, curve bundles are represented by geo-
(b) Curve bundles from pairs anchoredatire shown in different ~ metric polygons and intersections of these regions are com-
colors. (c) A curve bundle is formed from the entire set of edges puted by geometric polygon intersection routines. Third,

(a septuplet) and the corresponding curve bundle is very refined.

(d) Each colored polygon represents a pairwise curve bundle in

the (k, ) space. The intersections represent larger groupings and R Uy

shrinking curve bundles. A

icantly remove additional curves from the bundle. In fact,
given a triplet of edges, no curves may be left, in which
case the triplet is discarded. For example, any edge not in *
the vicinity of the pairwise curve bundle in Figusbe can-
not form a triplet with this pair. On the other hand, plac-
ing an edge inside the green region, removes the majority “=~'*
of the curves from the bundle so that the triplet curve bun- Figure 9. The utility of the intermediate curve bundle map rep-
dle becomes rather thin and selective. The mechanism forresentation is illustrated for a synthetic edge-map generated in the
checking whether a curve belongs to a bundle is by checkingStyle of_WiIIiams ant_j Thornber[]). [Left] T_he curve bundles are
membership in the region represented in they) space of shown in green. It is clear that geometric consistency of groups

the anchor edge. First, all pairwise combinations of edgesOf edges have the capacity to eliminate most spurious edges. By
: ’ keeping all the grouping hypotheses explicitly in the curve bun-

Wlth the anchor edge are copgdered, each defining a r(aglorble map, we are avoiding making any local greedy decisions too
In the E, 7), spacg. For efﬂuengy, We, next for'm trlplets early. [Right] The consistent curve bundles from the curve bun-
by intersecting pairs of regions; if the intersection is NoN  gje map are then merged to form the curve fragment as described
empty, quadruplets are considered, and so on until no highelin section4. The missing section of the circle represents not a
order groupings can be considered. The resulting discretemissing contour fragment, but an unresolved ambiguity in which
combination of edges formsaurve bundleFigure6. The combinations of curve bundles to retain.
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Figure 8. This figure illustrates the steps in our algorithm. (a) The edge fCurve bundles (shown in green) are formed locally
around each edge. (c) Subsets of these curve bundles are usedtimciothe link graph (in blue). (d) Unambiguous 1-chains in the link
graph (shown in red) represent contour fragments. (e) The cofrelyments along with the remaining ambiguous portions of the link
graph forms the contour fragment graph.

each additional edge actually rules out curves from the pu-graph. Our approach differs markedly in that, we first form
tative bundle that are inconsistent with it, rather than vot the viable local paths as curve bundles and subsequently
ing for some. And finally, instead of finding a single best form the links in the graph only if there is agreement be-
curve from the parameter space, a whole bundle of consistween them.
tent curves is reported. While the set of curve bundle hypotheses for any given
edge is large, there is a significant degree of general agree-
4. Integrating L ocal Hypotheses: From Curve ment between the curve bundle hypotheses of neighboring
bundlesto Curve Fragments edges. In practice, however, the test of reciprocity is not
] ) stringent enough to produce unambiguous paths in the link
The curve bundle map, Figuigh, exhaustively repre-  graph. \We, therefore, mandate a larger degree of overlap in
sents all possible local groupings of neighboring edges forihe participating edges of the curve bundles before allow-
each edge together with curve bundles indicating the extenting a link to form between edges, Figuté. The degree
of variations of the grouped edges and its geometry. Mostof gverlap required to form a link is set as a parameter but
significantly, the grouping represents arder for edges s typically set to four edges. In many cases, the neighbor-
along the hypothesized curves. Thus, each curve bundlgng relation of an edge is unanimously decided by all curve
through an anchor edge hypothesizes a left and right neigh,yngjes through it. The resulting link graph contains many
bor. For such a neighborhood relation to be viable, at aynambiguous 1-chains which represent a setote frag-
minimum the reciprocal relationship must hoids., each ments Figure2d. However, “gaps” appearing in the curve
edge should be the right neighbor's left neighbor in some fragments are in fact ambiguities not resolved in the above
curve bundle and vice versa, Figuré. The set of all such  gtringent method. We have yet to explore how to “iron out”
the bundle of multiple ambiguous representations, butvisu
Z ally the grouping is compelling.
A Per our philosophy of “no groupings left behind”, we re-
/N_/_—’c/ tain the remaining ambiguous portions of the link graph, by
constructing acurve fragment graphwhich is a transfor-

. ation of the link graph where edges belonging to unam-
Figure 10. The overlaps between two curve bundles, one anchorecg? .
) . iguous 1-chains have been replaced by curve fragments,
at A and one a3 is shown. These curve bundles are reciprocally

consistent, meaning links to B and 3 links to A. In fact, they Figure8e. The curve bundles associated with the remaining

are consistent to a larger degree since they agree over four edges!iNkS are also kept for future processing. The curve frag-
ment graph is the final output of our algorithm.

edge neighborhood relations can be efficiently described by

a graph, theedge link graphwhose nodes are edges and 5 Evaluation

whose links represent viable connectivity between theedge

as evidenced through consistent curve bundles, Figare We have evaluated our algorithm on a manually speci-

Thus all potential curve fragments can be represented byfied ground truth data set obtained from University of South

paths in the link graph. In fact, most algorithms start off by Florida (USF) (http://figment.csee.usf.edu/edg#l) [This

first constructing this kind of graph by connecting each edge data set consists of 50 images containing essentially unoc-

to all its neighbors. The goal of finding the curve fragments cluded objects of various kinds set against a natural back-

is then posed as a problem of either finding best paths in theground and 10 aerial images. Each image has a correspond-

graph or as a problem of pruning spurious links from the ing ground truth (GT) overlay image which has been man-



(d) (e) ®
Figure 11. (a) shows a sample image from the USF database. Thelipdabe@led GT image corresponding to it is shown in (b). The
contours extracted by the generic detector and our algorithm at 90% T@wssn (c) and (d) respectively. At this rate of detection,
there are a lot of spurious contours with both algorithms. (e) and (fyslioe contours extracted by the generic linker and our algorithm
respectively at 75% TP. The difference in the quality of he detectorsvimod A point to note is that not all the contours shown are
penalized. Only the ones attached to “good contours” (see text foitdef)rare penalized. We have included many more images from the
dataset in the supplemental material document.

ually labeled with “edge” pixels, “no-edge” regions and the tected curve overlaps with the GT edges, it is considered
rest are marked as “don’t-care” regions, Figafd. They to be a “good” curve. All the edges in such curves, that
have used the following strategy for evaluating edge detec-do not overlap with GT edges are penalized and counted as
tors. If a detector reports an edge pixel within a specified FP, even if they lie in the “don’t care” regions of the GT.
tolerancege.g, Thaicn = 3 pixels of an edge inthe GT, itis  Curves lying mostly in the “no-edge” regions are labeled
counted as a true positive (TP). If a detector reports an edgeas “bad” curves and all edges in them are counted as FPs.
pixel in a GT “no-edge” region, it is counted as a false pos- And finally, curves detected mostly in the “don’t care” re-
itive (FP). Edges reported in the “don’t-care” regions don’ gions are deemed “irrelvant” and simply ignored. We also
count. An ROC curve is made for the given image and de- indirectly penalize fragmentation of contours by discagdi
tector from the (TP, FP) points from different parameter set all contours shorter than a specified length threshold prior
tings. For comparing performance of different detectors on to evaluation. This is meaningful for evaluation since shor
the entire data set, they compute aggregate ROC curves bgontours are routinely discarded after linking.
averaging FP values of the individual ROC curves at fixed We have Compared our contour detector against a pop-
TP values. ular generic contour detector. Since the Canny edge de-
While this approach makes perfect sense for evaluatingtector is the most widely used and is rated favorably
edge detectors, it is not sufficient for evaluating edge-link in detection evaluations5[, we have chosen it as the
ers. As mentioned earlier, one of the shortcomings of edgefront end for the generic contour detector. To keep it
linking algorithms is that “good” curves tend to be linked generic, we used the implementation provided in Mat-
to spurious curve fragments thereby reducing their quality lab. The smoothings of the detector was fixed at.0
for various vision tasks, Figure. Therefore, although the for all images while thet;;,;, threshold parameter was
edges detected in the “don’t-care” regions are ignored asvaried for the purpose of computing the ROC curves.
irrelevant while evaluating edge detectors, they need to beAs for the edge linking end of the generic contour de-
penalized in the context of edge linking if they latch on to tector, we also wanted to use publicly available code
“good” contours. We have, therefore, modified the evalua- (and there aren’t very many). For this paper, we have

tion criteria to account for such an event. used Peter Kovesi's edge linking code downloaded from
Specifically, we first classify the detected curves into http://www.csse.uwa.edu.au/ pk/Research/MatlabFns/edgelink.m
three classeqi) “good” curves,(ii) “bad” curves, andiii) This code is basically an edge tracer using the 4- or 8-

“irrelevant” curves. If more than 50% of the edges in a de- connectivity of the image grid.
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