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ABSTRACT

points can cause false alarms. Gabor waveletdilee
Perspective is a fundamental structure that is dot;n  used by Rasmussen [7] to obtain dominant texture
some extent in most images that reflect 3D strectutis  orientation in images of roads.
thought to be an important factor in the human alisu The approach taken in this paper is based upon a
system for obtaining understanding and extractingmodel of human visual attention [8,9] that ideesfivhat
semantics from visual material. This paper dessrih  is important in a scene. The same basic mechahn&sm
method of detecting vanishing points in images thmgs  been used to extract reflective symmetries [10inages,
not require prior assumptions about the image beingorrect the colour balance in poorly illuminatedofs
analysed. It enables 3D information to be inferfien [11], and measure similarity [12]. The approadars
2D images. The approach is derived from earlietkvam some similarity with the RANSAC algorithm in thdtet
visual attention that identifies salient regionsdan goal is sought by iteratively selecting random sthof

translational symmetries. data points. However, whereas RANSAC normally
requires a pre-defined and parameterised modehiohw
Index Terms— Machine vision points are fitted, no such model is assumed hdre.next
sections briefly outline this model and how it igdified
1. INTRODUCTION to extract symmetries of perspective. Some ilaiiste

results on natural images are provided.

Perspective is present to some extent in all imdgas
reflect 3D information. Parallel lines in the tare
dimensional scene project to vanishing points ie th 2. VISUAL ATTENTION
image. Locating the vanishing points provides waerful
way of inferring 3D structure from a 2D image esplyy ~ Salient regions in images may be detected through a
in a man-made environment where a scene may bBrocess that compares small regions with othetsimihe
captured into an architectural CAD program, forregle. ~ image. A region that does not match most otheioresg
Lutton et al [1] app|y the Hough transform to asbEm in the image is very I|ke|y to be anomalous and st&nd
line segments which point towards vanishing poiffthis ~ out as foreground material. For example, the edies
approach requires knowledge of camera parametets aarge objects and the whole of small objects nadgmal
relies heavily upon edge extraction to identifyergint  attract high attention scores mainly because obwol
features. Problems arise when dealing with largebers ~ adjacencies or textures that only occur rarely&image.
of very short segments that arise in certain imagesRepetitive backgrounds that display a translational
McLean et al [2] cluster gradient orientations fgaia  Symmetry are also assigned low attention scores.
detect line structure in images and evaluates tethod Region matching requires a few pixels (a fork) with
against two grey level images. Along with othethass  that region to match in a translated position imther
Shufelt [3] uses a Gaussian sphere representation aregion. If the difference in colour of one pixeaip
addresses the pr0b|em of Spurious edges in |magbaw excegds a Certa..in. threshold a mismatch is coumedhe
limited range of object orientations. attention score is incremented.

Rother [4] applies the ideas to architectural Let a pixelx in an image correspond to a measureraent
environments and rejects falsely detected vanispoigts ~ Where
by making use of camera parameters. Cantoni {&]al X = (X1, %) anda = (ay, a, as)
explores two approaches, one using the Hough temsf Define a functiort- such thata = F(x).
and the other edge detection. Successive anams ConSideraneigthUFhOMOfXWith radiusr where

required to locate multiple vanishing points. Ahma et {x 7 Niff P - xif <ri i}
al [6] proposes a method not dependent on camer&elect a fork ofnrandom points, in N where
parameters which searches for image regions thtico Sc={X'y, X'2, X3, ooy X'}

maximum numbers of line segment intersections.v@lir  Shift S by a displacementin the image to becont;
boundaries in images that do not contain actualiéng where



[Fi(xpd - Fi(Xq| > g for at leash values ofp.
Transformed forks S;f are generated by transforming

theS: where

Sl; = {Y1 Yo Yako -+ Ymid
with %¥-Yi=al xo-x " ik (2
EE where 4 is a scalar constant ang is the location of a
potential vanishing point.

The fork S'y‘ is now a perspective transformed and shifted

version ofSL‘, andmatches the pixels iSf indicating a
possible vanishing point & if
IFi(xid - Fi(yidl < g " .
Figure 2 shows a 5 pixel fork matching an image and
its perspective transform also matching the imhgeeby

Figure 1. Fork at x mismatching at y with= (6,4).

S ={x1* X+ ,.. X+ }andy=x+ The forkS, providing evidence for a possible vanishing pointhee
matchesS, if dot. In this case transformed versions of all forks
IFi(x) - R+ <™ iyj. containing just white pixels would trivially matcthe

background and are excluded by (1). Distributiofis
measures of the strength of perspective acrosgrthge
are produced in the following steps:

In Figure 1 a fork ofm = 4 pixelsx' is selected in the
neighbourhood of a pixed and is shown mismatching in
the neighbourhood of pixgl The neighbourhood of the
second pixely matches the first if the colour intensities of 1. Set histogram of perspective values to zero.
the corresponding pixels all have values witlgiof each 5 F hi el in (2
other. The attention scorg(x) for each pixelx is - Foreachimage pLxe 0 Xoin (2))

incremented each time a mismatch occurs in the fork 3. Generate a forkS, with h pixels mismatching
ccylrlnrgarisonshwithfa sequ_enci of pixgls A Iocitlionkx remaining(m-h) pixels andncluding pixel {,j)

will be worthy of attention if a sequence offorks Ko _

matches only a few other neighbourhoods in the espac 4. TransformS, with & = 1/2.
Pixels x that achieve high mismatching scores over a 5. |If SIJ matches increment histogram binigd (
range oft forks S, and pixelsy are thereby assigned a high
estimate of visual attention. An application toage
compression is described in [9]. It should be ddteat  Loop to step 2 for each pixel.
this technique takes no account of saliency whiéghtn

arise from semantic relationships with other images 4. RESULTS

6. Loop to step k=M times.

3. VANISHING POINT DETECTION A number of images from the Corel Database with
obvious perspective structure were processed aed th

In this paper measures of perspective are compugiedy  measure of perspective at each pixel calculatembase.
the same mechanism for measuring attention, exbept In these results, except where otherwise stated, th
forks are passed through a perspective transfmefore  number of elementar( in each fork was set at 12, the
translation and testing for a match. Peaks in thewumber of comparisonsM) at 100, and & at 0.5.
distributions of matches across the image indidate  Performance was not very sensitivetp however values
locations of vanishing points in the image. FoOEt® close to unity or zero gave noisy results and adrid
constrained to include somi) (pixels that mismatch each value was used. The position of the peak markirg th
other. This ensures that the measure is direcwdrtls  principal vanishing point was indicated on the imamd
attentive regions of the image and not large bamkatl  the individual scores plotted as 3D histograms.

tracts of self-matching sky, for example. In Figure 3 the perspective of the road, treesskyd
A fork of m random pixelsS, is defined as a set of pixel all appear to converge on virtually the same poifibe
positions where distribution of highest scores centre on a maxinwatoe
Sc={Xq, X2, X3, «os X} - in this same area. Figure 4 shows the distributibn
A series of M such forks is given by scores generated using single and 3 pixel forkss It
5'; = { Xy Xoko Xaio - Xmd K=1,2,..., M (1) apparent that the scores become less noisy anch@ne

with peaked at the vanishing point as the number of pot&ls



Figure 2. Pixels transformed wi@ = 0.5 and matching image.

is increased. The peak of perspective is sligiatiihe left

of the entrance in Figure 5 because of the asynenetrresonance with specific types of filter.

vegetation. Subsidiary peaks follow the lines bé t
hedges on each side.
Figure 6 lies on the horizon but slight asymmetuiispthe

The detected vanishing point contains no sharp edges.

characterise the presence of perspective, suchges er
This noeth
should still function even if the image is blurreshd
In addition no knowledge
required of camera parameters or their calibratiod no

vanishing point to the right of that which might be restrictions are placed on the minimum strengthay

indicated by the road. In Figure 7 the same Vamis
point is obtained on the extreme right using jugiag of
the image in Figure 6. Figure 8 highlights thosecls
that play a part in the matching during the calioiaof
scores in the vicinity of the vanishing point igiie 6.
It can be seen that most of the image apart froraioce
portions of the sky and the path contribute to shere.
High scoring pixels cover the neighbourhood of thad
as it disappears to the left in Figure 9. The peliks into
account the trees and the sky as well as the rpddts
markings. Finally the principal vanishing pointfigure
10 is identified.

5. DISCUSSION

More accurate results with larger forks could iadécthat
features containing most perspective informatioansine
whole image rather than more local neighbourhoods.

The results generated in this paper restrict thation of
vanishing points to within the boundaries of theagm,
but the approach is equally applicable to the diete®f
vanishing points outside the image providing thécimiag

fork pixels Sfand S‘; themselves all lie within the
image. In this special case of testing for vamghpoints
at infinity the transform becomey, X, +a,and
peaks in the distribution of the direction of thefts @),

for matching forks give the directions of the digta
vanishing points.
Key advantages

perspective structure that must be present in #ia fbr
the algorithm to function effectively. Finally tleis no
manual intervention necessary to either initiabseguide
the process. However, further work is clearly isseey to
assess the performance on much larger sets of data.

The results reported in this paper have been peatiuc
with 100 iterations of fork generation per pixélthough
the computational steps are very simple there dezge
number of them and a vanishing point analysis takesit
10 seconds on a 1.8GHz machine running in C++. The
computation may be reduced on a sequential madiyine
only scoring sampled pixels where it may not beessary
to obtain positional accuracy to the nearest pixel.
However, the matching of forks can be carried out i
parallel as each match is independent of the nesgt a
related implementations on the Texas Instrument$4M
DSP platform indicate that processing can take eplaic
video speeds.

6. CONCLUSIONS

This paper has described a technique for extracting
vanishing points in images that does not requireuah
intervention or the prior specification of featurdsat
characterise perspective. The features or forks ar
produced through a modified attention focussing
mechanism that selects the best positions that misei
the matching of forks after a perspective transfoFature
work will be to test the approach on a greater ity of
images and to implement the algorithm at video dpee

in this approach over othekyith a view to capturing scenes for virtual worlds.

techniques include the absence of the need for the This research has been conducted with the support o

specification of any a priori features that

might British Telecom and within the framework of the



European Commission funded Network of Excellence
“Multimedia Understanding through Semantics,
Computation and Learning” (MUSCLE) [13].
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