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Abstract. Currently Hough transform and its variants are the most
common methods for detecting analytic curves from a binary edge image.
However, these methods do not scale well when applied to complex noisy
images where correct data is very small compared to the amount of
incorrect data. We propose a Genetic Algorithm in combination with the
Randomized Hough Transform, along with a different scoring function, to
deal with such environments. This approach is also an improvement over
random search and in contrast to standard Hough transform algorithms,
is not limited to simple curves like straight line or circle.

1 Introduction

Extracting curves from a binary edge image is an important problem in com-
puter vision and robotics. The Hough transform (HT) [7, 21] is recognized as a
powerful tool to handle this. Although it gives good results in the presence of
small amounts of noise and occlusion, it does not scale well when applied to com-
plex, cluttered scenes, with lot of noise. In a study on the noise sensitivity of the
generalized HT by Grimson and Huttenlocher [5], it was concluded that even
for moderate amounts of noise and occlusion, these methods can hypothesize
many false solutions, and their effectiveness is dramatically reduced. So these
techniques are reliable only for relatively simple tasks, where the edge data cor-
responding to correct solutions is a large fraction of the total data. We confirm
this finding in the case of simpler Hough transforms also, used for detecting an-
alytic curves like straight lines and circles. Based on this, we propose a different
approach, using a Genetic Algorithm (GA) [4] in combination with the Random-
ized Hough Transform (RHT) [25, 26] but using a different scoring function than
usual. A number of other researchers have considered the problem of detecting
lines or other simple curves in noisy images [3, 8, 19, 22, 24]. However, all of
them assume a uniform noise distribution and in some cases knowledge about
the distribution. Califano et al. [2] and Leavers [17] attempted to deal with the
effects of correlated noise by preferential segmentation of the image with respect
to the shape under detection. Connective HT [27] is another method used in the
case of correlated noise. But the method that we present is much more robust
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than any of these and makes no assumption about the noise distribution. It is
particularly effective in the case of complex, cluttered and noisy images where
the number of pixels belonging to genuine curves is a very small fraction of the
total data.

Another problem of the HT is that its computational complexity and storage
requirements increase exponentially with the number of parameters of the curve
to be detected. In spite of the large number of papers which address this issue,
straight lines and circles are still the only curves for which HT can be effectively
used. Comprehensive reviews of the development in this field can be found in
references [9] and [16].

To alleviate these problems, recently a new kind of approach in the form of a
set of methods called Probabilistic Hough Transforms has been developed. Most
of them use random sampling of the image data in various ways. A good review
of these techniques along with comparisons with standard methods is done in
reference [11]. However our method can be used for any analytic curve detection
without incurring any additional computational or storage requirements, over
those required for simple curves like straight line and circle. The method can
be used independently of the RHT, but in the case of images with low noise,
combination with RHT yields a considerable speedup.

The concept of using GA for curve extraction has been explored in the past
[6, 23]. However the problem of noise was not addressed. Moreover, much simpler
cases were considered than we do in this paper.

In the next section we briefly describe the Hough transform, its randomized
variant, the RHT, and identify cases where these methods fail due to the presence
of excessive noise and clutter, following which we describe our method. In Section
4 we give test results with a complex noisy image and compare the performance
with known methods. Section 5 concludes the paper.

2 Motivation

In the conventional implementation, the Hough transform essentially consists of
two stages. The first stage is based on a transformation mapping from each edge
point to points in the parameter space, represented by an accumulator array,
and a voting rule which determines how the transformation mapping affects the
contents of the accumulator array. The second stage is an exhaustive search for
parameters in the accumulator array which are local maxima. Each such local
maximum represents a candidate curve in the edge map.

In the probabilistic versions of the Hough transform, mainly two approaches
are used. In the first, due to Kiryati et al. [15], image data are randomly sampled
and only the sampled subset of points is transformed. In the second approach
due to Xu et al. [25, 26], Leavers et al. [17], Bergen et al. [1], and Califano et al.
[2], for a curve with n parameters, n image points are sampled, the equation of
the curve passing through these n points is determined and the corresponding
point in the parameter space is incremented.
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In all these approaches, points on the same curve result in points in the pa-
rameter space which are close together, whereas noise points result in randomly
distributed points in the parameter space. Thus a large cluster of points in the
parameter space represent a curve in the edge map. The validity of this assump-
tion, however, depends on there being a low likelihood that clusters due to noise
points will be comparable or larger in size than clusters due to points on genuine
curves. We believe that in many real life images, this assumption does not hold.
Fig. 1(a) shows two straight lines L; and Lo, where each line is composed of a
small number of disconnected points. In Fig. 1(b), random noise is superimposed
on the line Ly (Fig. 4 in Section 4 shows one example where such a situation
really arises in practice). Let us call the lines in Fig. 1(a) as true lines and the
line in Fig. 1(b) that corresponds to line Ly of Fig. 1(a), as a pseudo line. Line
L5 in this figure still remains a true line. Ideally the detection algorithm should
detect both Ly and Lo from Fig. 1(a) but only Lo from Fig. 1(b). Note that
there are a large number of pseudo lines in the noise region in Fig. 1(b). Since
the number of points on each of these pseudo lines is comparable or more than
than the number of points on the line Lo, it gets masked in the parameter space
by these pseudo lines.

Ly

.-L2

(a) (h)

Fig. 1. A binary edge image (a) Two straight lines (b) Noise superimposed on one of
the lines

To overcome the effects of noise, extensions of the basic Randomized Hough
Transform has been proposed in [10]. These are Window RHT and Random
Window RHT. Both of them randomly place a window on an edge point and try
to locate a curve within the window. Although it is possible that they will work
in Fig. 1(b), the probability that the window is placed on the line L, is extremely
small. Moreover, when the window is placed on the noise region, pseudo lines
will be detected.

The Connective Hough Transform [17, 18, 27] and its randomized version,
the Connective Randomized Hough Transform [13, 14] tries to make use of the
connectivity between points on a true curve to distinguish between true and
pseudo curves. So they fail when the points on the curve are not connected i.e.
there are gaps between the edge points, as in the case of line Ls. Such cases do
arise in practice, for example in bubble-chamber photographs of particle tracks.
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3 A Genetic Algorithm for Analytic Curve Detection

The kernel of our algorithm is conceptually similar to the Window RHT of
Kalvidinen et al. [10]. But instead of placing a ‘window’ on a randomly chosen
edge point, we place a weighted mask on the edge point. The mask measures
the weighted difference between pixels on a real curve and the noise surrounding
the curve. The placement of the mask is guided by a genetic algorithm. Since
we are considering cases where the number of edge points on real curves is very
small compared to the total number of edge points, this leads to an improvement
over a simple random search. A Randomized Hough Transform with a very low
parameter resolution and a smaller number of sample points than usual, is used
to identify prospective regions of the parameter space. The genetic algorithm
searches the entire parameter space with a bias towards these regions. For simple
curves with low noise, this leads to a considerable speedup.

3.1 The Weighted Mask

Given a binary edge map and the family of curves being sought (such as straight
line, circle, ellipse, etc.), the algorithm should produce the set of curves from that
family which appears in the image. Let the family of curves being sought be given
by f(A,z) = 0, where A = (a1,as,...,a,) denotes the parameter vector. We
say that a curve segment with parameter values A, occurs in the given image at
location 2" if ).\, Zz > Nmin, where Z; is the gray level of the pixel z (0 or
1 in a binary edge map), M = {z :|f(Aq,Z)| <6 and d(z,z') < D}, d(z,z’)
is the Eucledian distance between the points Z and Z', and 6, D and N,,;, are
parameters defined by the algorithm. The set M denotes a mask centered on the
pixel Z' and has length D and width 2d. N, is the minimum number of edge
points that must occur within the mask so that the presence of a curve segment
located at Z', having parameters A, , can be ascertained.

For images with low or no noise such as Fig. 1(a), this formulation is sufficient,
and is in fact similar to the Window RHT, except for the fact that we do not use
any transformation from the image to the parameter space but rather simply
count the number of points lying within the window or mask. But in the case of
noisy images such a Fig. 1(b), whenever the mask is placed on the noise region,
pseudo curves will be detected. To extend this method to include such images,
we use a weighted mask rather than a simple one. The response of the mask
defined with respect to its center location is given by R = .\, WzZz, where
W3 is the mask coefficient of the pixel z. We shall say that a curve segment with
parameter values A, occurs in the edge map at z’ if the response, R, of the mask
centered at T’ is greater than a constant R,,;,, fixed, depending on the mask
length, width and coefficients. The mask coefficients of the pixels that lie away
from the curve f(Aq,Z") = 0 are assigned negative values. So when a lot of noise
is present near a curve, as in the case of pseudo curves, the positive response due
to the points on and near the curve is offset by the negative response due to the
noise points surrounding it. Hence pseudo curves are not detected. An example
of a weighted mask for straight line detection is shown in Fig. 3 in Section 4.



Analytic Curve Detection from a Noisy Binary Edge Map 133

3.2 Using Genetic Algorithm

Instead of placing the mask on a randomly chosen edge point, as done in Win-
dow RHT, we use a genetic algorithm to search the space (A, %) for all instances
of curve segments for which the response of the mask is greater than R,,;,. For
this, each of the parameters aq,a,...,a, of A and = of Z are coded as fixed
length binary strings. Since the y-coordinate of Z is the dependent variable, it
is not included in the string. The resulting string, obtained by concatenating all
these strings, gives the chromosomal representation of a solution to the problem.
Note that the domains of each of the parameters may be different and the length
of the string coding for a given parameter depends on the required parameter
resolution. The fitness of a solution (A4, Z') is taken to be the response of the
weighted mask, centered at Z', as described in the previous section.

[Step 1] Creation of initial population and the use of Randomized
Hough Transform. In most GA applications, the initial population consists
of entirely random structures to avoid convergence to a local optima. But in
this problem, the question is not of finding the global optima, but of finding all
solutions with fitness greater than R,,;,. To identify prospective regions of the
search space, Randomized Hough Transform with a low parameter resolution
and a smaller number of trials than usual, is used.

For a curve expressed by a n-parameter equation, n points are randomly
chosen from the edge data and n joint equations are solved to determine one
parameter point A4,. In the accumulator corresponding to the parameter space,
the count of A, is then incremented by one. After repeating this process for a
predefined number of times, points in the parameter space with counts exceeding
a predefined threshold, indicate prospective curves in the image space. Whereas
only the global maximum of the parameter space is used in RHT, here, all points
with counts exceeding a specific threshold are used. So, the threshold value used
here is much less than what is used in RHT. Corresponding to each of these
points in the parameter space, a suitable number of solutions, proportional to
the count values, with the z-coordinates randomly chosen, are introduced into
the initial population. To reduce the effect of the sampling error, due to the
low threshold value and hence smaller number of samples, a fixed number of
random samples from the solution space are also introduced. The total number
of solutions is kept fixed over all the generations.

[Step 2] Selection. The selection used here falls into the category of dynamic,
generational, preservative, elitist selection [20]. Let there be M distinct solutions
in a given generation, denoted by S1,S5s, ..., Sy . The probability of selecting a
solution S; into the mating pool( ;s) given by :
F(S:
P(S;) = m
Where F(S;) is the fitness of the solution S;. A fixed number of solutions are
copied into the mating pool according to this rule and the remaining solutions

are newly created from parameter values indicated by the RHT with the z-
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coordinate randomly chosen. In each generation, a fixed number of best solutions
of the previous generation are copied in place of the present worst solutions, if
they happen to be less fit compared to the former. This is a slight modification
of the Elitist model where only the best solution is preserved.

[Step 3] Crossover. Since the number of parameters may not be small, it is intu-
itive that the single point crossover operation may not be useful. So crossover is
applied to each substring corresponding to each of the parameters ay, as, ..., ay,
and z, the operation being the usual swapping of all bits from a randomly cho-
sen crossover site of the two parents, chosen randomly from the mating pool [4].
Hence this crossover is similar to the standard single-point crossover operator,
but operated on substrings of each parameter. Therefore, there are n + 1 single-
point crossovers taking place between two parent strings.

[Step 4] Mutation. We have used two mutation operators. The first is the clas-
sical mutation operation in which each bit position of the solution strings is
complemented with a small mutation probability p.,,:1- The second operation is
as follows : let by b; 1 ... bg be the binary substring corresponding to a parameter
a; whose domain is [a;, 3;], and whose real value is decoded as c. In the parameter
space corresponding to the RHT implementation, let the parameter a; be quan-
tized as ¢i,¢2,...,qiy (2 < @ and ¢;, < ;) and let ¢ € [gj,qj+1]. Then after
mutation we get ¢’, where ¢’ is chosen uniformly from [g;, gj+1]. So, the muta-
tion of the binary string b; b;_1 ... bg results in the binary string corresponding
to the real value ¢’. This mutation operation is applied with a probability pu
on each substring corresponding to the parameters a1, as, . . ., a,, to take care of
the low parameter resolution used in the RHT.

The overall algorithm. The initial population consisting of a fixed number
of solutions is created as already described. In each generation, the entire pop-
ulation is subjected to selection, crossover and the first mutation. The second
mutation operation is applied just after the selection process, only to the solu-
tions generated by the RHT technique.

At the end of each generation, curve segments corresponding to solutions
having fitness greater than R,,;, are removed from the edge map and after fixed
number of generations, the accumulators are reset and RHT is again applied to
the current edge map, so that the solutions corresponding to the removed curve
segments are dropped from the population. This iteration is continued until no
new curve segments are extracted for a given number of generations, which in
our experiments was set to 200. A schematic diagram explaining the algorithm
is shown in Fig. 2.

4 Test Results and Comparisons

We have experimented with a complex real world image containing a lot of noise
points and a few straight lines. Although the simplest, straight line detection
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Create initial (1) Fitness proportionate selection apply the second mutation

population ~ (2) Create some solutions using RHT tosolutionsgenerated by . @Pply Crossover
(3) Replace some bad solutions with the RHT technique

good solutions of the last generation
YES Any new curve Periodically clear Remove curve segments v first
segments  <— the accumulator < fromthe edge map with - ?an?t;/tl on
NoO detected during and apply RHT to fitness greater than
Stop <=— last 200 the current edge map threshold

generations ?

Fig. 2. The proposed algorithm

was chosen for ease of comparison with the various Hough transform algorithms.
However, as evident from the previous section, our algorithm is blind to this
fact. For comparing the performance of our method with HT, we used a public
domain software package for line detection, XHoughtool [12], where a number
of non-probabilistic and probabilistic Hough transform algorithms have been
implemented.

As indicated in the previous section, there are various parameters that our
algorithm uses. Parameters related to the mask are its dimensions, mask coeffi-
cients and the threshold response R,,;,. The mask length has an effect on the
minimum allowable size of a curve segment, and the quality of the curves de-
tected are determined by the mask coefficients and its width. A wide mask with
more than one row of positive coefficients will detect curves whose pixels are
spread out along its width. Thus a suitably designed mask, along with a proper
threshold value, will be able to distinguish between fuzzy and spread out curves,
and noise regions. We have used a mask length of 100 and width 3, to detect
only perfect straight lines. The coefficients of all pixels lying on the straight line
were set to 2 and the others to —1 as shown in Fig. 3. Too low a value, R,,;y, of
the threshold might detect a pseudo line whereas a too high value might miss a
faint, disconnected, but visually detectable line. The results shown in this section
were obtained with R,,;, set to 100.

O S T I 4|1 |1
2| 2| 2| = 2| 2] 2
o R IS 1|1 |1

Fig. 3. A mask of length 100 and width 3

For the GA parameters, we used mutation probabilities p,ei1 and P
to be 0.1 and 0.5 respectively. Any population size around 100 was found to
work well, and in each generation, 25% of the solutions were created using the
RHT and the rest copied from the mating pool in accordance with the fitness
proportional selection. Further, the best 10% solutions of the previous generation
were copied in place of the worst solutions of the current generation. We used
the p,0 parametric representation of a line, where each line is represented by
xcos(f) + ysin(f) = p. Each of 8, p and x were coded as binary strings and
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concatenating them gives the chromosomal representation of a potential solution.

Fig. 4(b) shows a 512 by 512 binary image obtained after edge detection of the
corresponding grayscale image shown in Fig. 4(a). Note the three disconnected,
but visible real lines in the image, two at the centre and one the the extreme
left end. The straight lines detected by our algorithm are shown in Fig. 4(c).
Altogether seven different Hough transform algorithms are implemented in the
XHoughtool package. In spite of a serious attempt being made to select the test
parameters for each method as optimally as possibly, none of the algorithms gave
useful results because a large number of pseudo lines were detected. A typical
result is shown in Fig. 4(d). Since the number of edge points lying on the real
lines are much less compared to those lying on many of the pseudo lines, no
suitable accumulator threshold value exists which can detect only the real lines.
Generally these algorithms work well even in the case of noisy images, where
the lines are connected and the number of edge points lying on these lines are
atleast comparable to the number of noise points.

L i}

Fig. 4. Test results (a) A 512 by 512 gray scale image (b) The corresponding binary
edge map obtained after edge detection (c) Straight lines detected by the proposed
method (d) A typical result obtained using a Hough transform algorithm

This example was executed on a moderately loaded DEC Alpha 2000 4/233
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(Dual Processor system) workstation and required around ten seconds to com-
plete.

5 Conclusion

The Hough transform and its variants are still the most popular methods for
detecting analytic curves from binary edge data. However, we conclude that
they can be effectively used only in cases where the noise ratio is not too high.
The main bottlenecks of the standard Hough transform are its computational
complexity and storage requirements. Hence it is rarely used beyond circle de-
tection. Some efforts to deal with these problems have led to parameter space
decomposition, parallel architectures, and probabilistic techniques. In this paper
we have seen that apart from its use in complex noisy images, the GA approach
can also help to deal with these problems to some extent. Moreover, the concept
of using the weighted mask introduced a flexibility in the quality of the curves
to be detected, which is difficult, if not impossible to achieve using conventional
Hough transform algorithms.

The probabilistic Hough transforms work well in the case of complex images;
however, in the kind of data we considered in this paper, a search guided by
a GA is probably superior to a simple random search for good edge points.
Further, as also mentioned by Roth and Levine [23], another main advantage of
using GA is the ease with which it can be implemented over a wide variety of
parallel architectures compared to Hough transform, which is more difficult to
parallelize.
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