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Ellipse detection isan important task in vision based systems because many real world objects can be described

by this primitive. This paper presents a fast data driven four stage filtering process which uses geometric
features in each stage to synthesize ellipses from binary image data with the help of lines, arcs, and extended
arcs. It can cope with partially occluded and overlapping ellipses, works fast and accurate and keeps memory

consumption to a minimum.

1 INTRODUCTION

The detection of ellipses in digital image data is an
important task in vision based systems as shapes of
real world objects can often be described by geomet-
ric primitives like ellipses or be assembled by them
(Sanz et al., 1988; Radford and Houghton, 1989).Ap-
plications include but are not limited to gaze track-
ing (Canzler and Kraiss, 2004), ball tracking in soccer
games (d' Orazio et al., 2004), vehicle detection (Rad-
ford and Houghton, 1989), cell counting in breast can-
cer cell samples (Mclaughlin, 1998) or traffic sign de-
tection (Piccioli et a., 1994).

Algorithms for ellipse detection have to cope with
noisy image data and partially occluded ellipses and
they also have to produce accurate results as fast as
possible to be suitable for realtime applications. Fur-
thermore, memory usage should be low, since ellipse
detection is mostly just a preprocessing step for algo-
rithms applied in later stages.

Ellipses are described by 5 parameters: center point
(zg,yE), two semi-axes (a, b), and orientation . The
best known method to estimate these parameters is
the standard Hough transform (Duda and Hart, 1972)
and its derivatives, e.g. (Xu et a., 1990). Specid
versions of Hough transforms adapted to ellipse ex-
traction also exists (Ho and Chen, 1996; Guil and
Zapata, 1997). There is however a common disad-
vantage: Hough transforms demand a trade off be-
tween processing speed and accuracy and consume a
lot of memory. This led to the development of meth-
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ods independent of any Hough transform. McLaugh-
lin (McLaughlin and Alder, 1998) proposed an algo-
rithm called "UpWrite” for ellipse detection. It works
faster and more accurate than the above mentioned
methods, it fails however in case of partially occluded
elipses. The latter problem is addressed by Kim et
a. (Kim et al., 2002). They introduced a two-stage
reconstruction algorithm which is able to detect par-
tially occluded ellipses but do not treat memory con-
sumption.

The agorithm presented in this paper can be added
to the category of Hough transform independent algo-
rithms. Ellipse detection is regarded as a data driven
four stage filtering process (Fig. 1). The first stage
extracts short straight lines from a binary input im-
age which is created with Canny’s algorithm (Canny,
1986). In the second stage, these lines are combined
to small arcs which are synthesized to extended arcs
in the third stage. Extended arcs are finally used to
create ellipses. Each stage uses geometric features of
the extracted objects to synthesize them from objects
extracted in the previous stage.

Theremaining part of this paper isstructured asfol-

Binary Line Arc Ext. arc Ellipse
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Figure 1. Ellipse detection as four stage filtering process.
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(a) Segment (b) Line (c) Arc (d) Ext.arc  (e) Ellipse
Figure 2: Extracted objects during ellipse detection.

lows: Section 2 gives an overview on the entire filter-
ing process and basic definitions. Section 3 describes
the process according to Fig.1 in detail. First results
and performance of the algorithm are presented in
section 4.

2 OVERVIEW AND DEFINITIONS

The elements extracted in each processing stage are
depicted in Fig. 2. A segment consists of at least
two adjacent pixels and belongs to one of the line ori-
entation groups denoted in Fig. 3. Within each sep-
arate group of segments lines are synthesized from
adjacent segments which do not exceed a predefined
quantization error with regard to the ideal analogue
line represented by these segments. An arc is created
from at least two adjacent lines of one line orienta-
tion group. The lines must not exceed a given error in
the tangents to an estimated circle which these lines
represent. During arc extraction each line orientation
group is split in two arc orientation groups (Fig. 4)
depending on the arc’s orientation with respect to the
ellipse’s midpoint. Extended arcs consist of three ad-
jacent arcs from consecutive arc orientation groups.
Findly an ellipse is constructed from one ore more
extended arcs which describe the same ellipse with a
predefined tolerance and cover the circumference of
the described ellipse to a predefined degree.

During thefiltering processit is necessary to access
the base objects of a constructed element. Therefore,
each synthesized object keeps a reference to all base
objects it is composed of. Fig. 5 visualizes this con-
cept which makes it possible to trace back each ex-
tracted object down to the single pixels belonging to
this object.

3 ELLIPSEDETECTION

This section describes the used algorithms and the
geometric features of the extracted objectsin the sin-

Figure 3: Line groups.

Figure 4: Arc groups.
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Figure 5: Extracted elements and their relationships.

glefilter stages. All algorithms are described for ori-
entation group | only. The same agorithms may be
applied to al other groups after rotating the pixel co-
ordinates by +45° and 90° respectively.

3.1 LineExtraction

In the first step lines are extracted from the bi-
nary input image using the algorithm proposed by
Kim (Kim et a., 2003). The agorithm outputs for
each line orientation group ge[I,11,111,IV] a set
of ng lines LS, = {L;,i = l.ng} withL;, =
(Tsi, Ysis Teir Yei> Tarir Yari, ©;) describing the start
position (x4, ys:), end position (z.;, ye;), midpoint
(i, yai), and slope ©; of each line. The last three
elements are calculated by the following equations:

TsitTei — YsitYei
2 2

TMi =

0, = tan— ! (gsi_yei>

Tei—Lsi

y  YMi

3.2 Arc Extraction

The second processing stage combines lines to small
arcs for each line set LS,. The agorithm selects a
target line L, from LS, and stores it in an empty arc
line set LA. Subsequently it searches for a candi-
date line L; within an adaptive triangular search win-
dow (Fig. 6a). With the predefined maximum distance
Dyine thewindow parameters are calculated by:

Tei — Tsi + 1

GAP,, = — s 1
GAPIQ = Dline
GARJ = Dline -1

If a candidate line L; isfound L; and L; will be
considered parts of the same arc if they satisfy the
following two conditions:
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Figure 6a: Search window for arcs.
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Figure 6¢c: Tangent error.

1. Theintersection angle ©,; = |0, — ©,| hasto be
intherange 0° < ©;; < 45° (Fig. 6b).

2. The error of ©; compared to the estimated circle
tangent O, in the midpoint (x5, yas;) of L;
must not exceed a given angle tolerance O¢,r jine
(Fig. 6¢). By using al linesin LA and the can-
didate line L; the circle midpoint (Z¢, yc) and its
radius R are estimated with the help of Thomas' al-
gorithm (Thomas and Chan, 1989). Now, ©.; can
be calculated and the condition checked by:

@est = tan_l (7$Mj_ic)

Yo —Ymj

|6j_®est‘ 5 @err,line

If L. satisfies all conditionsit is added to LA and
anew iteration starts with L, asthe new target. If L;
isnot found or fails either test and LA contains more
than one element, anew arc is found. In this case the
final circle parameters x¢, yo and R are estimated
from the lines contained in LA and stored in a vector
A = (LA, z¢,yc, R). Depending on the arc’s po-
sition to the estimated circle midpoint, it is assigned
to one of two possible arc groups (see Fig. 4). After-
wards the algorithm chooses a new target line from
LS, which is not aready part of an arc and starts at
the beginning. It terminates when all lines have been
visited.

After application of this agorithm to all line sets
the result is a set of n, acs AS, = {A,,i =
1.ng}withA; = (LA;, z¢q,yci, R;) for each group
gell.g].

3.3 Extended Arc Extraction

In the third step arcs are combined to extended arcs.
This is necessary because arcs are too small for an
accurate ellipse estimation. For one extended arc
three adjacent arcs A, A, and A_ of consecutive
arc groups have to be found. This can be achieved
by selecting a target arc A, of the arc set AS, and
searching the sets AS,_; and AS,, for the candi-
datearcs A, and A .. To ensure that target and candi-
dates describe the same ellipse, several conditions are
checked. Conditions 1-3 apply to both arc pairs a/b
and b/c, but are described for a/b only. Conditions 4-
6 apply to al three arcs a/b/c. For arc pairs we define

the gap vector [l pointing from the endpoint of one
arc to the start point of the other. We define <(a, b)
to be the angle between the vectors a and b.

1. The absolute distance of the arcs in horizontal
and vertical direction given by |G| and |G, | must
not exceed the predefined maximum distance D, ..
‘Gaz’ S Darc
‘Gy| S Darc

2. The relative distance d,.; of the arcs must be
greater than the predefined minimum d,,,;,,. Vector

AB connects the arc startpoints and Z, B are vec-
tors pointing from start- to endpoint of each arc.

A |AB|

AB B drel = W > dmin

3. The gap angles of both arcs must be less than the
predefined maximum © g4 maz. With L, aslast line
of arc A, and L, asfirstlineof A, the gap angles can

be cal culated as the angl es between these linesand G.

®gap,b
1= =

@gap,a, = A(Lav 6)
Ogap,p = 4Ly, G)

Openi

4. Theinner angles of al arc line pairs must be less
than 90°. Let LX betheset of al linesof A, A, A,
and L, L, be two lines of LX. The inner angles are

the angles between their normal vectors JVZ , JV; and
— —
their startpoint connection 7.J and JI respectively.

5. The tangent error of al arc lines compared to
the estimated €ellipse must be less than the predefined
mMaximum Ocyy qre. USINg A, A,, A the ellipse

177



VISAPP 2006 - IMAGE ANALYSIS

parameters I g,45,a,b,G are estimated with the algo-
rithm proposed in (Fitzgibbon and Fisher, 1999). For
each arc line L, we compare the line tangent ©, and
the ellipse tangent ©.5; in the midpoint (s, yasi)-

“2'yAli

7‘.24
Ocst = tan™* (7_b IM’)

|@’L - eest| < eerr,arc

6. Theline beam of the three extended arcs must run
within the maximum distance D5 from their esti-
mated ellipse center point C; = (Zg;, §g:). With L,
being the first line of A, and L, being the last line
of A thelinebeam L B; can be calculated astheline
passing through the points T; and M;, whereas T; is
the intersection point of the line tangents ©, and 6,
and M, isthe midpoint of the connection of the mid-
pointsof L, and L...

If al three arcs satisfy all conditions, a new ex-
tended arc X is created. After all arcs have been
visited the result of this stage is a set of n ex-
tended arcs XS = {X,,i = l.n} with X, =
(A Apis Ay, TRi, UBi, Qq, by, G, LB;).

3.4 Ellipse Extraction

In the last step extended arcs are used to create €l-
lipses. The agorithm merges extended arcs X, be-
longing to the same ellipse E; to a set XE; =
{X,,i = l..n} in three steps. Merged extended arcs
X, areremoved from the set XS because they can be
part of one ellipse only.

Because each extended arc consists of three arcs,
adjacent extended arcs can overlap in up to two arcs.
In the first step, these overlapping arcs are identi-
fied by searching extended arcs composed of identical
arcs. The identified objects are then checked by three
conditions whether they describe the same ellipse:

1. The tangent error of all arc lines compared to the
jointly estimated ellipse must belessthan © ¢y grc.
Thisisidentical to condition 5 in section 3.3.

2. The line beams of all extended arcs have to inter-
sect within the maximum distance Dy g from the
ellipse center point.

3. Theéllipse contour mismatch of the start- and end-
points (x;, y;) of al arc lines must not exceed the
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predefined maximum d.;; mq, and is checked by:

2\ 2 N\ 2
)
a b

In the second step non-overlapping extended arcs
are taken from XS and it is tried to assign them to
one of the merge sets XE; created in the first step.
An extended arc has to fulfill the same conditions 1-3
to become part of aset XE;.

The third step tries to merge the remaining ex-
tended arcs in XS. The agorithm compares the el-
lipse parameters of each extended arc and merges
those that match with a predefined accuracy. The el-
lipse center must not differ more than D+, and
the semi-axis have to match with a relative percent-
ag€ Tmatch.-

Finally the ellipse parameters x g5, y £, a4, b;, and
a; are calculated for every merge set XE;. Subse-
quently, the ellipse circumference C; is approximated
by:

< 6ell,maw

Cimm (1.5 %e; O ajbj)

If the set of &l arc lines in XE; covers C; to a
predefined percentage C,,;,, the ellipse is added to
the final ellipse set ES = {E;,j = 1..n} with
E; = (XEj, vg;,Yr;, aj, bj, aj).

4 RESULTS

This section presents results which were obtained on
a Pentium 4 system with 2.8 GHz. Fig. 6 visualizes
al intermediate results during ellipse extraction on an
outdoor real world image of size 800 x 600 pixels. Al-
though there is lots of clutter in the binary edge im-
age al relevant ellipses are found and no false pos-
itives are detected. However, false positives may be
detected in case lines form a partia ellipse which ac-
tually do not belong to area world ellipse as demon-
strated in the top row of Fig. 7. This happens because
lines and the derived structures are the only infor-
mation used to search for ellipses. By incorporating
more knowledge in the detection process, e.g. color
or texture analysis within an ellipse candidate, false
positives can be reduced. Thisis one task for future
work.

Tab. 1 summarizes the amount of extracted objects
in each filter stage, the memory consumption and
processing time for theimage in Fig.6. Each process-
ing stage reduces the number of processed objects ap-
proximately by one order of magnitude, which means
that the time consuming checks are only applied to
very few objects. Memory is alocated only for the
extracted objects. Of course memory consumption
and processing time depend on the complexity of the
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Figure 6: Visualization of the different steps during ellipse detection in an outdoor real world image. From top left to bottom
right: Input image, binary edge image, lines, arcs, extended arcs and ellipses. The extracted elements are superimposed on

the input image (800 x 600 pixels).

Table 1: Memory consumption and processing time for im-
age (800x 600 pixels) in Fig. 6.

Object Quantity Memory usage Time
Segments 89295 20929 KByte 62 ms
Lines 9094 931.8 KByte 172ms
Arcs 540 63.7 KByte 47 ms
Ext. arcs 21 3.6 KByte 12ms
Ellipses 5 0.3 KByte 3ms
Total 3092.3 KByte 296 ms

original image. On an image of size 320x 240 pix-
els the average processing time is 45 ms. However,
with a more sophisticated preprocessing which nar-
rows the search space, speed can be increased and
memory consumption can be decreased even further.
This optimization is the second task for future work.

The two bottom rows of Fig.7 show example im-
ages demonstrating the detection of overlapping and
partially occluded ellipses. All elipses are found in
al images but their accuracy depends on the amount
of their visible circumference. The more datais avail-
able for one ellipse the more precise are its estimated
parameters.

Finally, the number of parameters introduced in
section 3 has to be discussed. On the one hand many
parameters allow to adapt the algorithm to nearly all
situations but on the other hand it is sometimes hard to
find the optimal configuration. For the latter case we
ranked the parameters to identify the important once.
Tab. 2 shows which parameters should be changed

Figure 7: Examples for the detection of false positives (top
row) and overlapping and partially occluded (bottom rows)
ellipsesin real world images. All results were obtained with
the same parameter settings (see Tab. 2).

first to adapt the algorithm in case it does not produce
the desired results with its default settings. Parame-
ters marked with "+" are most important for an adap-
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Table 2: Importance of parameters. The 3" column shows
the values used to obtain the resultsin Fig. 7.

Symbol Importance  Value Ref.
Diine - 3 p|X 3.2
err,line + 18.0° 3.2
Dgre + 37 p|X 3.3
gap,max - 30.0° 33
err,arc + 14.0° 33,34
Drp o 4pix. 33,34
5ell,maa: - 2.7 34
Dmatch [0} 5.0 3.4
Tmatch - 0.8 34

tion and have to be changed first. Parameters marked
with "0” can be used for fine tuning the results and
parameters marked with ”-" do not influence the final
results. They can be replaced by constant values in
future versions of the algorithm. In thisway only four
parameters remain which isafair amount for an algo-
rithm of this complexity. However, all elipsesin this
paper were found using the same parameter settings.

5 CONCLUSION

This paper introduces a fast and robust algorithm for
ellipse extraction from binary image data based on
a four stage data driven filtering process. The ob-
tained results support the conclusion that it is able to
cope with partially occluded ellipses and noisy image
data. It produces accurate results and keeps memory
consumption to a minimum. Future work includes
the incorporation of more knowledge, e.g. color in-
formation, to distinct between real ellipses and false
positives and speed optimization. The agorithm is
available as open source in the LTI-LIB project at
http://1tilib.sourceforge.net.
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