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ABSTRACT that can be used as an interest point detection operator. It
assumes that the branches of the detected junctions can be

This paper presents a new junction detection operator thatapproximated as straight lines in the vicinity of the point of

ggflneds jungthnts as ptO'r_llfﬁ whedr.elhlrjear tr;}dg'][es in the gtrk?'convergence. These junction radial lines can then be found
lent domain intersect, € radial fines that compose W€, , e jdentification of what we have calledcumferen-

Jun_ct|0n are therefor_e |dfent|f|ed by searchmg_, ina _C|rcular tial anchor points.
neighborhood, for directional maxima of the intensity gra- N .
. . . Other methods for characterizing junctions have been
dient. The proposed algorithm operates on two binary edge : ; .
. . ; proposed in the past. However, their computational com-
maps, the computational complexity of the detection pro- . . .
plexity generally do not allow them to be used for junction

cess is then considerably reduced. detection and localization. Instead, they would be applied
on selected interest points having been previously detected
1. INTRODUCTION by some efficient corner detector. This is the case of the
method proposed in [1] which is based on the successive ap-
In image analysis, many important algorithms rely on the plication of rotated wedge averaging filters around a given
automatic detection of interest points. These are distinc-keypoint, each of them computing the averaged accumu-
tive features of an image carrying meaningful information. lated intensity along a radius of particular angle. It results a
In the past, several works have proposed various operatord D intensity profile in which the junction edges correspond
that can detect interest points. Most of the time, these op-to maxima in its first derivative. The approach described
erators look for prominent features that correspond to high-in [2] detects junctions by fitting a junction model made
curvature boundaries in the image. For this reason, the deof a piecewise constant function that partitions a circular
tected features are often referred tocasnerseven if, in template into wedge-shaped regions. Although the method
reality, these operators are sensitive to a wider variety ofleads to an effective dynamic solution, the required com-
intensity patterns. putational effort remains important. The corner detector
An alternative way of defining interest points is to de- in [3] is based on a similar approach where junctions are
scribe them as image points where several edges meet. Indetected by minimizing the sum of squared differences be-
terest points that comply with this definition could be called tween a parametric model and the observed intensity val-
junctions The number of converging edges and their re- ues. The work presented in [4] is also another approach
spective orientations constitute then the signature characbased on the use of a model. All these works proceed by
terizing the junction. In fact, the existence of such char- examining the intensities inside a defined circular template;
acterization constitutes probably the way of distinguishing consequently, they are usually referred tor@gion-based
junction detectors from corner detectors. Indeed, most inter-approaches. An alternative strategy consists in considering
est point detectors only output the strength of their detectedthe edge image in order to explicitly identify the junction
corner. Once a threshold is applied to these values, the subbranches; the methods using this approach are catlgd-
sequent processing stages are left with a binary image carbasedapproaches. This categorization is well described
rying only information about feature location. In contrast, a in [5] where two methods for junction detection are pro-
junction detector would extract the relevant attributes of the posed and compared. The first one, that is region-based,
detected feature, thus subsuming a more informative modeluses a greedy algorithm to identify intervals of homoge-
of the point of interest and of its vicinity. neous intensity in the junction’s 1D intensity profile. The
This paper presents a new junction detection algorithm second, edge-based, approach proceeds by accumulating,



along radius corresponding to each considered direction, ev-
idence of the presence of an edge corresponding to a junc-
tion wedge limit. In [6], a junction detector is proposed that
makes use of the local properties of the gradient magnitude
near junction points in order to reconnect broken edges. In
[7], junctions are detected by measuring the rate of change
of the orientation vector along lines within a given neighbor-
hood. The detector in [8] uses a two-pass Hough transform
to identify points of intersection in an edge map.

The rest of the paper is organized as follows. The next
section discusses the problem of junction detection. Section
3 describes the proposed JUDOCA algorithm. Some exper-Fig. 1. (a) One corner of a box that produces a Y-junction.
imental results are presented in Section 4. Finally, Section(b) The junction atp with three circumferential anchors
5is a conclusion. q1, g2 andgs (superimposed on the gradient image).

(b)

2. DETECTING JUNCTIONS orientation of each junction branches. It follows that there
. L h | unif . will be a junction at a given image point if at least two rays
Junctions in images occur when several uniform regions ,pqing hroperties 1 and 2 can be emitted from this point.

joinatone prominent point, i.e. the .point of junction, wh_ere Also, the strength of such a junction should be proportional
the boundaries of the adjacent regions meet. When a juncyig the energy of the gradient along each accepted ray.
tion is produced by only two regions, this definition assumes

a high curvature boundary where the point of junction cor-
responds to the point of maximal curvature (in this case, we
have a simple ‘corner’).

Properties 1 and 2 form the basic principles through
which junction detection and characterization can be per-
formed. An operator that makes use of these properties is
presented in the next section. The underlying algorithm is
based on the identification of local directional maxima of
that junction detection can be accomplished from gradiemsthe_intensity_gradientvalues Iocated_ on the_circumference of

a circular neighborhood. When devising this algorithm, one

Lﬂforrlnatlor]:._ In ot_rder to fbacgltf;\tetthg detebctlon ?Ultm;i'o?; ' _concern was to obtain an operator that can perform junction
€ class otjunctions to be detected can be restricted 10 t0Sq o0 +tion in an efficient manner. For this reason, it oper-

where the joining edges can roughly be approximated byates on binary edge maps. This simplification significantly

straight fines in the_ vicinity of the p.oint ofjun.c.tic_ms. The reduces the computational cost of the method while still
detector proposed in this paper defines the vicinity of a pu- detecting junctions that adhere to properties 1 and 2. The

tatlvz pomtt of fjunf:[“r? nas atC|fr (_:ulaf[_nelg_lrjrl])orh(()jqdl ﬁf radtlrt:st proposed algorithm has been named JUDOCA for JUnction
pand centered atthe point of junction. The radialines that iy otjon from Circumferential Anchor points.

form the junction must therefore lie on some rays of this
disk, as illustrated in Figure 1. The following two proper-

ties should hold for such junctions: 3. THE JUDOCA ALGORITHM

1. The value of the gradient of the points of intersec-
tion between the circle that delimitates the junction’s
neighborhood and each of the junction radial lines
must correspond to a local maximum in the direction
of the gradient (a ridge point).

To detect junctions, the proposed operator relies on the in-
tensity gradient. This one can be conveniently estimated
using Gaussian derivatives filters. The size of the Gaussian
filter, which is specified by a variance parameteaalso of-

fers the advantage of allowing edge detection at different

2. The value of the gradient along the ray on which each Scales, i.e. only more prominent edges being detected for
junction branch lies must always be greater than a larger value ofr. Note, however, that if good localization is
predetermined value (not necessarily on a ridge thougtféquired, smz_allen value should be used.
in order to permit some minor deviations from the The algorithm proceeds as follows:

straight-edge model).
9 J ) 1. Apply vertical and horizontal Gaussian derivative fil-

Note that constraints on the orientation of the gradient on ters on imagd.

each junction radial line could have been added. However,

it can be shown that the above two properties somewhat sub- 2. Compute the gradient magnitude and create two bi-
sume that the gradient orientation will be consistent with the nary images from it:



(a) Thefirst oneB, is created by imposing a thresh- Additionally, the strength of the junction can be used to

old, ¢z, on the gradient image. perform a non-maxima suppression postprocessing phase to
eliminate clusters of junction that could arise, especially if a
permissive threshold is used in Step 5. Different definitions
for the junction strength could have been adopted. However,
the one given in Step 6 is based on an assertion stating that
3. For each poinp in B, consider a circle of radius a junction is as weak as its weakest branch. This definition

centered on this point and obtain the list of candidate also implies that a weakv-junctions can be transformed

pointsg; in B* that lie on the circumference of this  into a stronge(N' — 1)-junction.

circle (see Figure 1). These so-called circumferential

anchor (CA) points are the extremities of potential ra- 4. EXPERIMENTAL RESULTS

dial lines for the putative junction.

(b) The second ond3 ™, contains the points dB
that are local maxima in the direction of the gra-
dient.

In the JUDOCA algorithm, four parameters control the de-
tection of junctions. The first tway andtpg, concern the
creation of the two binary edge ma@,and B*. Their
values influence the sensitivity of the detection and deter-
mine the scale at which the junction detection is performed.
For example, comparing Figure 3(a) to 3(b), it appears that
several textural details can be filtered out, if wished, by a
proper choice or. Parameter plays also an important
role regarding the noise robustness of the operator. This is
illustrated in Figure 2 where the detector has been tested on
a synthetic image to which Gaussian noise has been added.
By increasing the value of, it has been possible to consid-
erably reduce the impact of noise on the detection of junc-
tions. In other cases, noise effect can be overcome by re-
ducing the edge detection threshalg,

4. For each CA poiny; in the list, consider the set of
all points located at a distance less than one pixel to
the segment that joins the current CA point to the
central pointp. This set is used to determine if the
corresponding putative junction radial line will be ac-
cepted (considering the pointsB) and if yes, what
the strength of this junction line would be (consider-
ing the points inBT), that is:

(a) To be accepted as a junction line, a continuous
path of B points joining the CA point and the
central pointp must exist. If not, then reject
this radial line and repeat the scanning operation
with the next CA point.

(b) The strength,S;(< p,q; >), of this junction

radial line is defined as the sum of the squared : ,
distances from th@™ points in the currently . .
considered set to the p,q; > line segment. ! : .

This strength is normalized by the length of this

segment. ‘ . ( 2 ‘ . %
> ¢ >
5. If the strength of this junction radial line is smaller ¢ ¢
(@) (b)

than a predetermined threshold;, then reject this
radial line. Otherwisex p, ¢; > becomes one of the
branch of the putative junction at

_ Fig. 2. Junction detection on a synthetic test image with
6. If the number of branches found afis less than 2, Gaussian noise of variance=400. (a) Detected junctions
then there is no junction at this location. Otherwise, with & = 1.0. (b) Detected junctions with = 1.5.

record the orientation of the accepted junction radial

lines and set the strength; (p), of this junction as The lengthy, of the radial lines that are scanned during

being the minimum across all radial line strengths, the detection process has an impact on the number of found

1.e.. junctions. Normally longer radial lines are more desirable
S(p) = minS;(< p, q; >) (1) since they better support the defined straight-edge junction

model. By choosing a smaller length, the detector will act
In the particular case of 2-junction, an extra step must beas a ‘regular’ corner detector sensitive to prominent high
undertaken in order to ensure that this junction is not, in fact, curvature points. In Figure 3(c), a smaller radial length has
a simple line. This can be verified by looking at the angle been used, compared to Figure 3(a), resulting in an increase
between the two radial lines. If this one is closel&°, in the number of detected junctions (125 detected junctions
then the junction should be rejected. In practice, a thresholdwith p = 7 compared to 79 witlp = 10). We found that
is set on the maximal and minimal acceptable angle for 2- values betweef and20 usually give good results.
junctions. The accuracy of the junction orientation is also better



with larger value ofp. To demonstrate this fact, we took 5. CONCLUSION

different pictures of a triangular shape (28 in total). Know-

ing that, no matter what the point of view is, the sum of The JUDOCA algorithm presented in this paper is a junc-

the three angles should always b#)°, we computed for  tion detection operator that detects junctions and character-

each of these images, the sum of the junction angles as deizes them in terms of junctions strength, number of branches

tected by JUDOCA. We repeated this experiment for differ- and junctions orientation. Because of its efficiency, this

ent values ofp. As expected, the mean value of this sum Operator can be used as an interest point detector, provid-

approached 80° as p increases (fron202° to 187° for p ing rich information to subsequent steps, such as matching.

betweers and20). Also the variance of this sum decreases Comparative tests with other methods still have to be made,

with increasing. This shows that not only do longer radial however Cazorla [5] reports an execution time of 7s and 4s

lines increase the accuracy of the angles but also make thestr his two methods to detect 100 junctions on 64@0 im-

measurements more reliable. ages using a Pll 266MHz. With JUDOCA, we measured an
Finally, the thresholds; defines the degree of adher- excution time of 1.1s to compute the two binary edge maps

ence to the straight edge assumption. Indeed, because cind 0.5s, 1.49s, 2.4s to detect 140, 236, 409 junctions on

noise, shading and contrast variation, the edge contours irdifferent images using a similar machine. An implementa-

B+ will not be perfectly straight. Consequently, a level of tion of the JUDOCA algorithm has been made available to

tolerance must be defined for the acceptance of a junctioninterested researchers through our Web'site.

If one wants to perform a more selective junction detection,
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Fig. 3. Junction detection on a simple image using JU-
DOCAwith (a)oc = 1.8, p = 10ands; = 0.6. (b)o = 1.0,
p=10ands; =0.6. (c)o = 1.8, p = Tands; = 0.6. (d)
o=18,p=10ands; = 0.7.
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