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Abstract

We present a new interest point operator based
on the regular polygon detector developed by
Loy and Barnes [2004]. This operator nds

square-like features as a basis for scenerecon-
struction and visual Simultaneous Localisation
and Mapping (SLAM) from robot camera se-
guences.In this paper we show results from the
application of this detector asan interest point

operator on a robot camerasequencen an in-
door oce ervironment. The detector shows
good results for non-trivial frame baselines.

1 Intro duction

Reconstructing the elemeris within a video sequenceis
an aspect of computer vision that has application in vi-
sual SLAM (Simultaneous Localisation And Mapping)
for robotics. An important aspect of scenereconstruc-
tion and image analysis is the interest point operator;
a good interest point operator should detect the same
feature presen in a scenefrom dierent camera posi-
tions with high repeatability, This results in high qual-
ity point correlation matchesbetweentwo video frames.
Typical interest point operators, such asthe Harris cor-
ner detector [Harris and Stephens, 1988], detect point
represenations of corners.

In their work on road sign detection, Loy and Barnes
outlined their regular polygon detector, which detects
equiangular polygons basedon their inherent properties
of symmetry[Loy and Barnes, 2004]. The radial symme-
try operator for circle detection[Loy and Zelinsky, 2003;
Barnesand Zelinsky, 2004]was extendedto detect regu-
lar polygonshby extending the vote from ead pixel along
a region of possible certres perpendicular to the gradi-
ent of the pixel. This algorithm has beenshown to be
e ectiv e on detecting polygonal road signs, suc as the
regular triangular, square and octagonal shapes preva-
lent in use. In the caseof detecting landmarks suc as
road signs, the shapes are well distinguished from the

badkground, and usually orthogonal to the direction of
trac. This detector can provide the position of the
polygon as well asthe radius and shape rotation angle.

In this paper, we introduce a new interest point op-
erator based on the regular polygon detector that is
preserily under developmert for usein feature extrac-
tion for scenereconstruction and robot SLAM. As shown
by Loy and Barnes [2004], the regular polygon detec-
tor is well suited for road sign detection, however the
presenceof such well de ned regular polygonsin a more
general environment is not as guaranteed. This paper
outlines the use of this polygon shape detector in order
to nd square basedinterest points, for application in
robotic vision as part of localisation and scenerecon-
struction. The use of the shape detector for the locat-
ing of road signsrequired a reasonablethreshold for the
sum of votes from pixels to signal the presenceof a poly-
gon. By lowering these thresholds the detector can be
usedto locate features within an image that have part
of the qualities of a polygon, such as corners or paral-
lel lines, that can be reliably located in similar images,
such as those in close proximity frames from on-board
robot cameravideo. Finding square-basedeatures has
the advantage of providing many dimensionsof informa-
tion per shape, such asthe radius, rotation angleand a
measureof “squareness'.Square-basedeaturesalso pos-
sessthe property of being robust to changesin scalein
the image.

2 Algorithm

The regular polygon detection algorithm is described in
detail by Loy and Barnes[2004],however for the sake of
completenessn this paper the algorithm will be outlined
here.

The regular polygon detector is an extention of the
fast radial symmetry transform[Loy and Zelinsky, 2003],
which detectscircles of speci ed radii. It operateson the
gradient of the gray-scaleof an image. Let G denotethe
gradient elemerns of the image, i.e. G is a vector eld
with two componerts Gy; Gy.



Only the gradient elemeris above a threshold (des-
ignated ) are consideredby the algorithm; these are
normalised, with the other elemerts set to zero. i.e. let
G =10= 392G | kgk> g

Each of theseremaining normalised gradient elemeris
vote for the potential circle certre for a given radius r
alongthe direction of the normalisedvector §. The votes
are tabulated into another vector eld, where the total
scorefor potential circle certre pixel c is the sum of all
vectors 2 G for which c is the circle certre point, or
a e cted pixel, and is de ned by:

c(pc) = c(p) + g(p), wherepc = p + rg.

Sinceit is possibleto have either light shapeson a dark
badkground or vice versa,two circle certres are voted for.

¢ ve(p) = p round (rg(p))

For circle detection, the a ected pixel vote scorecan
be calculated by tallying up the votes for it, the score
is just the number of votes cast. The aected pixels
with the highest scoreare the most likely candidatesfor
circles of the speci ed radius.

This algorithm is extendedto detect regular polygons.
Here the radius is de ned asthe perpendicular distance
from the edgeto the certroid of the shape (c of the poly-
gon). Sincethe direction to the certroid is not always
directly perpendicular to the tangent of the perimeter
of the shape, the voting system must be extended to
accourt for this. A line of votes is required for all the
possiblecertroid positions, cast for a ected pixels on a
line segmen (parallel to the edge)perpendicular to the
vector. The length of the vote line segmen diers for
ead type of regular polygon to be detected, given by the
formula w = round (r tan ); for squares,w = r.

To detect regular polygonswith the appropriate num-
ber of sidesthe nature of voting for a ected pixels is
changedto accommalate this. Sincethe anglesof regu-
lar polygonsare all congruert, this can be usedto form
a rotationally invariant method of detecting this type of
polygon. The method is to perform a transformation on
the vector to be addedto the a ected pixels.

If v = (1; ), where(r; ) is the polar coordinates of
the vector (note that r = 1 asv is normalised), then
let u = (1;n ), where n is the number of sides of the
regular polygon being detected. For a regular polygon
with n sides,the possiblegradient vectorsare of the form
v=(1 + Zn—"), wherek 2 [0;n 1]. With this transform
this becomesu = (1; +nZX)=(1; +2 k)= (1; )
for all the points in the perimeter of the polygon. The
sum of these vectors will be maximal at the certroid of
the polygon. Good candidatesfor polygon certroids will
have many such adjusted gradient vectors summed at
their pixel position in the vote vector eld, and as such
the result will have a large magnitude.

This vector sum can also be usedto detect the angle
of rotation, as for strong candidates a large number of

voting pixels from the perimeter of the polygon will have
the appropriately angledvector. With alarge proportion
of perimeter pixels to noisethe resulting vector vote will
give a good measureon the polygon angle.

1. Determine the gradient vector eld. Threshold the
magnitude, setting values below the threshold to
zero and those above to unity. Denote the output
g.

2. Determine the n-anglegradient suc that kvk = kgk
and6v = nég.

3. For ead radius under consideration:

(a) Consider each non-zero elemen of g in turn,
for eadh such elemer:
i. Determine the vote locations.
ii. Accumulate the contribution to the vote im-
age Oy, and the equiangularimage B, .
(b) Calculate the output image S; at radius r, as
Or (p)Br (p), and accommadate for scale.

4. Sum S, over all radii r 2 R to determine the nal
output image S.

Figure 1: Summary of the regular polygon detector.
Reproduced from paper by Loy and Barnes[2004].

3 Implemen tation

In order to be usedin generalisedindoor environments,
someadaptions were required to the regular polygon de-
tector for use as a interest point operator. Since the
typical indoor environment does not include many reg-
ular polygons, the detector is usedto detect polygonal
features. In this case,due to the rectilinear nature of
man-made ervironments, the regular polygon detector
is used to detect square-like features, such as corners.
As these features are common in indoor ervironments,
and are re-detectablewith small baselinechangesin cam-
era position, they are suitable candidatesfor detection.
This detection processworks as the voting system will
give reasonablescoresto featuresthat only have someof
the structure of a square, such as only two sidesof the
shape. Thus persistert featuressud asright-angled cor-
ners or parallel lines will get half the scoreasa properly
realisedsquare.

We tested the regular polygon feature detector on a
robot camera sequence. The sequenceconsists of the
camerainput of arobot travelling in a closedloop in cor-
ridors around a typical indoor o ce ervironment. The
thresholdsfor thesetests have beenempirically set: ne-
tuning of thesethresholds is still an ongoing considera-



tion. For this test the cut-o threshold for the gradient
vector eld () is setto 0:125, and the shape detection
threshold for the voting system( ) is setto 0:667. The
detector is set to look for squares,with a range of only
three radii: 4:5;6:75 and 10:125.

The regular polygon feature detector is run on frames
from the video sequencdo nd a setof potential squares
within the frame. The detector providesthe certroid co-
ordinates, radius, rotation angleand strength of the vote
(a measureof the “squareness',i.e. the degree of how
much the feature is like a square). The detected squares
are then matched using a correlation comparison of the
local neighbourhood of the certroid of eat square. An
advantage preseried in this step by using the regular
polygon detector over more corvertional point corner
detectorsis the extra information provided can be used
asan aid, assuminga reasonablysmall baselinebetween
frames. In this experiment only pairs of squareswith a
rotation angledi erence of lessthan 1z radians are com-
pared when correspondencesare found in the correlation
stage.

4 Results

In order to test the e ectivenessof this interest point
operator for a sample pair of frames on this sequence,
the pair corresppndenceshetweensquaresin two frames
are compared with a fundamental matrix found in-
dependertly. The measure used (adapted from sim-
ilar approaches used for other interest point detec-
tors[Mik olajczyk and Schmid, 2003])is to considera pair
correspondencea match if the closestgeometricdistance
between a point and the expected epipolar line is less
than a speci ed threshold (5 pixels in this test).

For longer sequence®f comparisonsit is not practical
to nd independert fundamertal matrices. Thus a fur-
ther test usedis to calculate a fundamertal matrix using
a limited form of RANSAC and comparing the output
with the matchesfound. A high number of match points
suitable with the found fundamertal matrix is afair indi-
cator of a good data set, while a low number is a certain
indicator of a bad data set.

4.1 Image Pair Analysis

As an example of the application of the detector, a sam-
ple pair of frames are taken from the robot camera se-
guence,shown in gures 2(a) and 2(b). Thesetwo im-
agesare separatedby 10frames,or around 3.3 secondsn
time, sothat although reasonablyclosein the sequence,
it can be seenthat the robot has moved a signi cant
distance betweenthe two. The gradient vector eld cal-
culated for thesetwo framesis shown in gures 3(a) and
3(b).

After performing the regular polygon detector onthese
frames, the squaresfound are shown in Figures 4(a) and

4(b) respectively. Basedon the strength of the vote the
squaresare coloured from red to yellow (dark grey to
light grey), from low strength to high. Each squarefound
has v e dimensions of information: the 2 dimensional
coordinates of the certroid of the square,the radius, the
rotation angleand the strength of the vote (represerting
the squarenessf the feature).

As can beenseenin theseimages,many of the strong
square candidatesarise from parallel lines of the appro-
priate radius. As a feature found with the regular poly-
gon detector they have the disadvantage of being vari-
able; without a texture to in uence the vote the spacing
of the squaresalong theseparallel lines are somewhatar-
bitrary . The counterbalance to this is the parallel lines
themselwesare very persistert to detection, and the large
number of squaresfound will ensurethat some pairs of
squareswill be matched in the correlation stage.

The found square features are matched between the
two frames by correlation, comparing the local neigh-
bourhood of image around the certroid of the shapes.
This step is improved by using the extra information
presert in the shape data. As only three radii are be-
ing searded for in these examples,the squaresare only
matched betweenthose of the sameradius. The matches
are also decided by the similarity of their rotation and
vote strength. Figure 5 shows the pair correspondences
that were consideredmatches between squaresin these
frames. The dark lines indicate good matches, the light
lines indicate erroneousmatches. Good matchesare de-
cided by comparing the position of the points with the
expectedepipolar line from a fundamertal matrix deter-
mined from an independert set of reliable data. This
measure has some degree of error as erroneous points
may fall closeto the epipolar line, however it acts asa
reasonableindicator of the correctnessof the data set.
In this particular case,the pillars and door at the end
of the corridor have a high match correspondence, to-
gether with the light xtures in the ceiling. There are
a high proportion of erroneousmatcheswith the doors
on the edgeof the frames due to the particular aliasing
e ect asthe baselinechosenwith the speed of the robot
happensto correlate to the spacing of the doors. Nev-
ertheless,43% of the pairs were consideredgood by the
metric given above.

As a further test of the data, a fundamental matrix
was generated with a RANSAC algorithm (using the
techniquesgiven by Hartley and Zisserman[2000]), lim-
ited to 1000 random data sets. Figure 6 showvs some
sample epipolar lines with the epipole at their intersec-
tion generatedby this method.



(a) First frame

(b) Secondframe

Figure 2: Framesfor comparison

|

|

(a) First frame

(b) Secondframe

Figure 3: Gradient image from frames

(a) First frame

(b) Secondframe

Figure 4. Squaresdetectedin frames



Figure 5: Pair corresppndencematchesbetweensquares
in frames

Figure 6: Projected epipolar lines

4.2 Sequence Analysis

The frame matching processdescribed above is applied
to the entire robot camera sequence. The step of 10
frames (3.3 seconds)is usedas a non-trivial baselinebe-
tweenimages. The resulting data is summarisedin g-
ures 8, 9 and 10.

Figure 8 shows the number of squaresfound in eadh
frame. Over 700 squareswere found in all frames with
one exception (a relatively featurelessframe captured
when the robot is turning, see gure 7.

Figure 9 shows the number of pair correspondences
found between sequettial candidate frames that were
consideredto be matches by the algorithm. There are
a reasonablenumber of matches found for the periods
when the robot is travelling straight down the corridor.
The periods with low matchescorrespond to the frames
when the robot is turning which is unavoidable, as the
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Figure 7: Samplebad frame to detect squares

robot can turn through 90 in 10 frames. The frames
with high numbers of matchesarisefrom when the robot
has stopped or hardly moving.

Figure 10 showsthe fraction of pair matchesthat were
actually consideredmatchesin the calculation of the -
nal fundamertal matrix decidedby RANSAC. As canbe
seencomparing this with gure 9, the fraction of good
matchesis correlated with the number of matchesfound.

Figure 11 shows six sequettial candidate frames dur-
ing a straight corridor section of the camera sequence,
with the epipole marked by a cross. While some vari-
anceis presen from the true epipole of motion, it showvs
reasonableaccuracy for the degreeof variance between
the frames.

4.3 Present Limitations

One limitation with this detector that is still presen at
this time is the necessarydependenceon well-de ned
edgesfor the shape detector. As can be seenin g-
ures 4(a), 4(b) and in particular gure 7, squareswill
not be found in areaswithout a signi cantly sharp in-
tensity change. While featurelessblank areas cannot
be expected to provide much information for an inter-
est point operator, more faintly de ned lines such asthe
tiling in the ceiling could be usedasa sourcefor potential
squares. This problem can be addressedby adjusting the
gradient threshold usedin the operation of the detec-
tor; at present determining the optimal values of these
thresholds is yet to be completed.

5 Conclusion

We have preseried our interest point operator basedon
regular polygon detection, which hasbeendemonstrated
over a robot camera sequence. This method has been
shown to give good performance on real robot camera
data with a non-trivial baselinebetweencameraframes.



Figure 8: Number of squaresdetected

Figure 9: Light region (blue): Number of pair corresppndencematchesbetweensquares
Dark region (red): Number of good matchesas determined by fundamertal matrix

Figure 10: Fraction of matches tting expected epipolar geometry from calculated fundamenal matrix



Figure 11: Framesfrom robot camerasequenceshowing
epipole

We feel that the regular polygon detector shows strong
potential to be used as the basis of an generalinterest
point operator for usein robot localisation and mapping.
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