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Abstract: Every junction detector has a set of thresholds to make decisions about the junctionness of image points.
Low-contrast junctions may pass such thresholds and may not be detected. Lowering the thresholds to find
such junctions will lead to spurious junction detections at other image points. In this paper, we implement a
junction-regularity measure to improve localization of junctions, and we develop a method to create semantic
interpretations of arbitrary junction configurations at improved junction positions. We propose to utilize such
a semantic interpretation asfeedback mechanisto filter false-positive junctions. We show results of our
proposals on natural images using Harris and SUSAN operators as well as a continuous concept of intrinsic
dimensionality.

1 INTRODUCTION Junction detectors, no matter what the underlying
methods are, have to make a decision about the junc-

Junctions are utilized in computer vision and image tonness of image points. The decision is made by a
processing for tasks that especially require finding St of automatically or manually set thresholds (on a
correspondences between different views of the sameSet of measures) that determine s@nsitivityof the

scene, mainly due to thedlistinctivenessseldomness ~ @lgorithm to contrast (in most of the cases, a high
andstability. threshold means low sensitivity and vice versa). On

Correct localization of junctiorsis crucial be- the other hand, a method that utilizes a junction de-

cause even small errors in localization lead to wrong [ECtOT requires the detector to bemplete i.e, the
interpretations of the scene (Rohr, 1992). Neverthe- detector shoul_d be able to detect all the junctions that
less, it is shown in (Deriche and Giraudon, 1993; represent th_e image. o

Rohr, 1992) that energy-based junction detection The relation between sensitivity and completeness

methods smooth out junctions and face the problem Présumably looks like as plotted in figure 1(a). In-
of wrong localization creasing the sensitivity increases not only the com-

Junctions also have the property of beiinger- pleteness of a detectobut also increases the amount

pretable i.e., you can construct a meaningful inter- .Of faIse-po;itiyes, or‘spuriousness’, of thg detector as
pretation about how the junction is formed, as pro- |IIustratec_j in figure 1(b). These observations suggest
posed in (Parida et al., 1998; Rohr, 1992). Such a se-1at SPuriousness and completeness are two compet-
mantic interpretationgl) can be utilized in rigid body ing objectives that make the problem of junction de-
motion estimation, depth estimation, feature match- tection a multl-objecylvelopt!mlzatlpn'pro.blem, and it
ing etc. and should be more robust than a single junc- is known that a multi-objective optimization problem

tionness measure in identification of junctions and in \t,ivrl{;t;Orglfte;ggtook:‘lgc?i\rﬁasl i(;(lejtig(r)ltsr\]/s;; ﬁgrlgg"gﬂ'
correspondence finding. ' P

- 2Exact shape of this relation might be different in real
1in this paper, corners are considered to be a special caseworld; however, the authors claim that completeness should
of junctions, and the term 'corner’ is avoided. be still an increasing function of sensitivity in any case.



e.g, (Simoncelli and Farid, 1996; Hahn andilger,
2000; Parida et al., 1998; Baker et al., 1998; Rohr,

4 1992)): In (Simoncelli and Farid, 1996), steerable
4 : \ :

S = Optimal wedge filters are developed for analysing the orien-

% 3 e tation maps of edges and junctions, without creating

£ g_ an explicit representation of these features; in (Parida

O / et al., 1998), by assuming that the number of junc-
" \ - tions is known, a junction model is fitted to the data

Sensitivity Completeness

by minimizing an energy function; in (Baker et al.,
1998), parameters of junctions with just two edges
(@) (b) (i.e., corners) are extracted by using dimensionality
reduction techniques. In (Rohr, 1992), assuming the
Figure 1: The relations between sensitivity, completeness nymper of edges is known, a junction is extracted as
and spuriousness. a composition olL-junctions by fitting a parametric
model to the image data. In (Hahn andiger, 2000),
corners are detected, and their representations are cre-
pareto-optimal (see, figure 1(b) aredg, (Coello,  ated using Hough lines, and these corners are merged
1999)). to create junction representations. In current paper,
Junction detection algorithms face this 'problém’  we employ a simple method that extracts the repre-
because detecting junctions in real images is an ill- sentation of a junction by analyzing the clusters in its
posed problem at the level of feature-processing dueorientation histogram. While doing sour method
to the fact that identifyingaccurate and complete  does not make any assumpt@pout the junction and
boundaries and junctions of the objects requires anis able to create representations of any junction con-
object-recognition step which is supposed to happen figuration.
at a higher level in a vision system.

In this paper, we show that junction detec-  The contributions of this paper are (1) proposal
tors can be followed by a 'semantic interpretation’ o 4 new method for creating representations of junc-
step as a feedback mechanism to achieve a bettekjons and (2) pinpointing a common problem in
completeness-to-spuriousness ratio. We achieve thisy| junction detectors (namely, CS-problem) and (3)
by (1) increasing the sensitivity of the junction detec- proposing a way to improve junction detectors with
tors (by decreasing their thresholds), (2) iImproving respect to this problem. We test our improvements on
the positioning of the detection step using a regular- 41| images, using three different junction detec-
ity or intersection consistency step and then (3) ex- yqrs: SUSAN, Harris operators and the intrinsic di-
tracting the se_mantjc interpretation of the junctions to mensionality. The aim of this paper is not to compare
filter spurious junctions. _ the performance of these methods but propose a feed-

The intersection-consistency, or regularity mea- pack mechanism to improve them. For a comparison
sure that is implemented in this paper is based on theof 5 set of interest point and junction detectors, the
observation that the position of a junction is defined nterested reader is directed to (Schmid et al., 2000).
by the intersection of its edges (Parida et al., 1998).

Our measure is similar to t function in equa- . . . .
M) g Biological vision systems are claimed to be

tion 5 of (Parida et al., 1998) and the regularity func- : : : ; .
tion ) in equation 4 of (Brstner, 1994). Both of equipped with feedback mechanisms for disambigua-
’ : tion at several steps, especially in early cognitive vi-

these functions are based on the local image gradient .
whereas our method utilizes another edgeness mea_smnk(.seee.g,.éBayderl agd Nel;]mafnn,dzboo4k)). Cuhr rer_1t
sure called intrinsic dimensionality (see section 2.1 ¥vorb IS CO(TS' ere tc;. € such a feedback mechanism
and (Kriger and Felsberg, 2003) for details). or better detection of junctions.
For semantic interpretation of junctions, we pro- . . ) )

pose representing junctions in terms of their con-  This paper is organized as follows: In section 2,
stituents (e, the edges that form the junctions) and the main junction detection approaches and the con-
how they form the junctionsi.€. the directions of  finuous definition _of intrinsic dimensionality are in-
the constituent edges). There have already been studiroduced. In sections 3 and 4, the new methods for

ies related to the representation of the junctions (see,improving the positioning and the semantic interpre-
tation of junctions are proposed, respectively. In sec-

3In the rest of the paper, CS-problem will denote the tion 5, we present and discuss our results, concluding
completeness-spuriousness problem. the paper in section 6.



2 JUNCTION DETECTION
ALGORITHMS

In this section, we briefly describe the main ap-
proaches for junction detection without any claim of
being complete (see.g, (Schmid et al., 2000; De-
riche and Giraudon, 1993; Smith, 1997) for more de-
tailed reviews) and give a short presentation of intrin-
sic dimensionality (see (Harris and Stephens, 1988)
and (Smith and Brady, 1997) for information about
Harris and SUSAN operators, respectively).

Since the first attempts around late 1970s, there
have been quite a number of works on the detection
of junctions. The methods can be roughly divided into
three main categories:

e Contour-based: These methods involve extract-

ing an edge representation and then processing the

maxima curvature or the linking of the edges to
find the junctions (seeg.g, (Asada and Brady,
1986; Deriche and Giraudon, 1990; Horaud and
Veillon, 1990)).

Signal-based:These methods involve finding the
junctions by directly using the image intensities.
The second order derivatives of intensities, or the
Hessian matrix (Beaudet, 1978; Dreschler and
Nagel, 1982), autocorrelation function of the im-
age patch (Moravec, 1980; Harris and Stephens,
1988; Forstner, 1994) are the main tools used by
such approaches.

Template-based:These methods detect junctions
that match certain templates (Rohr, 1992; Parida
etal., 1998).

2.1 Continuous Concept of Intrinsic
Dimensionality (iD)

In image processing, th® was introduced by (Zet-
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Figure 2: lllustration ofD (Sub-figures (a,b,c) taken from
(Felsberg and Kiger, 2003)). (a) Three image patches for
three different intrinsic dimensions. (b) The 2D spatial fre-
qguency spectra of the local patches in (a), from top to bot-
tom: i0D, i1D, i2D. (c) The topology ofD. Origin vari-
ance is variance from a point, i.e., the origin. Line variance
is variance from a line, measuring the junctionness of the
signal. gyp for N =0, 1,2 stands for confidence for being
i0D, i1D and i2D, respectively. Confidences for an arbitrary
point P is shown in the figure which reflect the areas of the
sub-triangles defined by P and the corners of the triangle.
(d) The decision areas for local image structures.

Recently, it has been shown (ger and Felsberg,

zsche and Barth, 1990) and was used to formalise a2003; Felsberg and kiger, 2003) that the structure of

discrete distinctiorbetween edge-like and junction-
like structures. This corresponds to a classical inter-
pretation of local image structures in computer vision.

Homogeneous, edge-like and junction-like struc-
tures are respectively classified iy asintrinsically
zero dimensional (i0OD)ntrinsically one dimensional
(i1D) andintrinsically two dimensional (i2D)

When looking at the spectral representation of a

theiD can be understood as a triangle that is spanned
by two measures: origin variance and line variance.
Origin variance describes the deviation of the energy
from a concentration at the origin while line variance
describes the deviation from a line structure (see fig-
ure 2(b) and 2(c)); in other words, origin variance
measures non-homogeneity of the signal whereas the
line variance measures the junctionness. The corners

local image patch (see figure 2(a,b)), we see that theof the triangle then correspond to the ’ideal’ cases of

energy of an i0D signal is concentrated in the origin
(figure 2(b)-top), the energy of an i1D signal is con-
centrated along a line (figure 2(b)-middle) while the
energy of an i2D signal varies in more than one di-
mension (figure 2(b)-bottom).

iD. The surface of the triangle corresponds to signals
that carry aspects of the three 'ideal’ cases, and the
distance from the corners of the triangle indicates the
similarity (or dissimilarity) toidealiOD, i1D and i2D
signals.



As shown in (Kiiger and Felsberg, 2003; Fels- definition involves intersection consistency of edge-
berg and Kiiger, 2003), this triangular interpretation like structures.
allows for acontinuous formulatioof iD in terms of ic(P) value will be high (1) if the image patch has
3 confidences assigned to each discrete case. This i®nly one edge which goes through the center of the
achieved by first computing two measurements of ori- patch or (2) if the image patch has a junction whose
gin and line variance which define a point in the tri- intersection point is located at the center of the patch.
angle (see figure 2(c)). The bary-centric coordinates  For comparison.® () function of (Parida et al.,
(see, e.g., (Coxeter, 1969)) of this point in the trian- 1998) andS() function of (Forstner, 1994) are given
gle directly lead to a definition of three confidences in equations 2 and 3 respectively:
that add up to one. These three confidences reflect the w 21§
volume of the areas of the three sub-triangles which 17{2/ / (6—)g*(r)rdrd9, (2)
are defined by the point in the triangle and the corners . 0 Jo r . . .
of the triangle (see figure 2(c)). For example, for an where(r,0) is the pplar coordinate of points relative
arbitrary pointP in the triangle, the area of the sub- {0 the center of the image patch, agidr) is a modu-
triangle i0DP-i1D denotes the confidence for i2D as !ating function and can be set tGq(r) whereGo is
shown in figure 2(c). That leads to the decision areas € Gaussian.

for iOD, i1D and i2D as seen in figure 2(d). S(p,0) = //dz(p,q) 1 Og(a) |2 Go(p—q)da. (3)
For the example image in figure 2, compuiBds
shown in figure 3. where p is the center of the image patch;denotes

image points in the image patcH{p,q) is the dis-
tance of center poinp to the line defined by; and,

3 IMPROVING LOCALIZATION Og(a) is the intensity gradier(igy gy)-

Our approach is to detect junctions (using Harris, Su- 4 SEMANTIC INTERPRETATION

san oriD), and then to compute a junction regularity

measure, called intersection-consisteni),(in the OF JUNCTIONS

neighborhood of the detected junctions. The rew

provedposition of a junction is determined by the lo- In this section, we describe how we estimate the se-
cal maximum ofiC in the 3x3-neighborhood. mantic interpretation§l) of a junction. This estima-

IC is measured by checking whether the pixels in tion process does not make any assumptions on the
the image patch point towards the center of the patch configuration of the edges (interested reader is di-
or not. Pointing towards the center of the local image rected to (Waltz, 1975) for different classes of junc-
patch is measured by the distance between the centefions and their properties). TH8l of a junction that
p. and the line going through the pixel. The line is de- does not fall into any meaningful junction category
fined according to the position of the pixeland the ~ can be used to find false-positives.

computed orientation informatio®,. The weighted InourS|, a junction is represented by a set of rays
average of these distances then defines the intersect1..-n corresponding to the set afedges that inter-
tion consistency g sect at the junction. Each rayrepresents a specific

edgei, defined as a half-line expanding from the in-

ic(pe) = /[Cilo(p)]z[l— d(I?,pe)/d(p,pe)ldp, (1) tersection point in a certain direc_titﬁl We introduce
another parametes; for the confidence of the edge

wherep is the index of the pixels in image patéh which can be used as a weight when 81ef a junc-
ciip(p) is the confidence for i1D of pixed; IP is the tion is uuhzgd._ With thes_e parameters, we can define
line going through pixep with a slope defined ac- the semantic interpretatiofil(7) of a junction as
cording to the orientatiofi,; d(IP,pc) is the distance follows:

betweenlP andpc; and,d(p,pc) is the distance be- SI7) ={re, ...t} = {(Cl,él) . (cmén)}. 4)
tweenp andpc. Note thad(IP, p.) is normalized with
d(p, pc) because we would like to give equal weights
to votes of every pixel whether they are close to the
center or not.

The distances between the center of the local im-
age patch and the lines through the pixels is weighted 5 _ Bp, if tan~1[(x—Xp)/(Y—Yp)] < TU
by (ci1p)? because the computed orientation informa- P~ | 6, +1 if tan Y[(x—Xp) /(Y —Yp)] > TU
tion is defined only for edge-like structures, dfdby (5)

6 € [0,2m) is the junction-relative orientation; the im-
age relative orientatio®, € [0,1) of a pixel p at
(Xp,Yp) is transformed to junction-relative orientation
for junction 7 at(x,y) as follows:



Figure 3: ComputedD for the image in figure 2, black means zero and white means one. From left togightiip, Ciop
and highest confidence marked in gray, white and black for iOD, i1D and i2D, respectively.
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Figure 5: lllustration of theSl of a junction. From left to

r right: the junction marked with a circle; the distribution of
junction-relative orientation; detected ray orientations; esti-
@) (b) matedSl.
Figure 4: Image- and junction-relative representations of Table 1: The parameters used in the experiments.

the directions of the edges of an example junction. (a) _ I _ __
Image-relative directions. (b) Junction-relative directions. | Algorithm | Low sensitivity | High sensitivity
SUSAN brightness> 20 | brightness> 13

Harris E > 1000 E > 300
iD Ciop > Cip & Ciop > 0.3
Ci2p > Ciob

In figure 4, the image-relative and junction-relative
orientations of two edges are shown for a junction.

The junction-relative orientatiod for each rayr; 5 RESULTS AND DISCUSSIONS

is extracted by finding the dominant orientations in
the neighborhoodN of the junctiony. We can con-
struct the set of pixels iN that point towards the cen-
ter of the junctiony as follows:

SUSAN implementation is taken from the author of
(Smith and Brady, 1997), and Harris implementation
is taken from (Noble, 1989). The parameters of SU-
B . SAN, Harris andD are provided in table 1.

Oc = {ep | p€ Nandd(lp, (x,y)) < T}, (6) In figure 6, the results of the three junction detec-

tion methods are presented for several image patches
; : - ; ; — extracted from real images. For each example and
\t’;:i:]eép is the line defined by the pixel with orien e_a_ch method, original detection results, improved po-
P o _ sitions and theS| are plotted.

The number of rays and their orientations are  The examples demonstrate that junction detection
determined by the clusters in the histografi{Qc) methods face the problem of wrong localization as
Wherel iS the indeX Of the binS. The set Of C|US'[eI’S pointed out in (Deriche and Giraudon, 1993, Rohr,
{Gn} is the set ofH; (1) where the first derivative  1992). Moreover, it is very likely that the methods
0H, /3l changes sign, and (2) where the enengy.(  produce false positives especially visible in the case
the number of elements in the bin) is above a thresh- of SUSAN andiD. However, we show in figure 6
old. Figure 5 shows the rays extracted from an exam- that the effect of the positioning problem can be de-
ple junction. creased, and false positives can be removed by using

A junction is marked as false-positivenf< 2 or the Sl of the junctions.
n=2andB; ~ 6. As mentioned in section 1, junction detectors have
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Figure 6: A set of example junctions and the results of junction detectors and the red@taral Slon these results. For
each example, S, H and iD denote SUSAN, Harris @ndespectively. In each example, the first column shows the original
detections of the algorithms; the second column shows the effect of improved positioni@g &, the third column shows
the estimatedl and how it can be used to get rid of spurious junctions. Spurious junctions that are estimat&d avéh
marked in small squares.
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Figure 7: The effect of high 'sensitivity’ on the performance of junction detectors. Junction detectors can now detect low
contrast junctions that they miss with low sensitivity. H and S denote Harris and SUSAN respectively. For each subfigure,
the first column shows original detection results, the second the results of improved positionih@ euitth the third theSl.
Spurious junctions that are estimated withare marked in small squares.

a level of sensitivity that cannot be made universal; 6 CONCLUSION
i.e, it is not possible to adjust the parameters of a
junction detector in order to detect every junction

without producing a big ratio of false positives. Inthis paper, we proposed two methods for improving

the detection and the representation of junctions: (1)
In figure 7, we show a set of examples for SU- an operator caII_eihterseption.cor!sistgnqylat mea-
SAN, Harris andD with low thresholds (table 1). The ~ Sures how consistent a junction is with its neighbor-
thresholds have been decreased so that the detectord00d, and (2) a way to create semantic interpretation

can detect the junctions that they have missed with Of junctions.

their default parameter values.¢, the junction in the As shown in (Deriche and Giraudon, 1993; Rohr,
center of figure 7(a)). From 7(a), we see that increas- 1992), energy-based junction detectors face the prob-
ing sensitivity of a detector can help in detecting low lem of wrong positioning. Using our intersection con-
contrast however important junctions. On the other Sistency, itis possible to achieve better positioning.
hand, figure 7 shows that all methods produce spuri-  We also addressed the issue of having thresholds
ous results when the sensitivity is high, especially in on the detection of junctions with respect to the 'com-
the case of SUSAN ani®d. However, by making use pleteness’ and ’spuriousness’ of the detection. By
of IC andS|, itis possible to get rid of most of the spu- making use of our semantic interpretation as a feed-
rious junctions and detect a wider range of junctions back mechanism, we show that using semantic inter-
with more accuracy even for high sensitivity levels.  pretation can improve detection performance of junc-



tion detectors.
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