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ABSTRACT 
In this paper, we present a purely incremental, scalable 
algorithm for the detection of elliptical shapes in images.  
Our method uses an incremental version of the Random 
Hough Transform (RHT) to compute the curve 
parameters from sampled image points and uses a density-
based robust stream clustering algorithm to discover the 
potential parameters from the Hough space. Finally we 
apply density and similarity tests to eliminate weak and 
redundant candidates. Being totally incremental, and not 
requiring the typically huge memory costs of Hough 
accumulator arrays or image pixels, our method reduces 
the number of computations performed and the memory 
used. The proposed method is tested on both synthetic and 
real images, including solar images captured by various 
instruments onboard NASA and ESA satellites. 

1. INTRODUCTION 
Most work in solar image data analysis relies on 
conventional image processing and pattern recognition 
that require several passes over an image in order to 
extract interesting patterns.  As measurement technologies 
improve and data throughputs increase dramatically, we 
are bound to observe the need for some paradigm shifts in 
the way image data is processed and analyzed. One of the 
most pressing needs is the ability to handle image data 
within the framework of data streams. 
This paper presents our efforts in this direction, while 
focusing on a specific image analysis problem, related to 
the detection of coronal loops on the solar corona. In 
order to be able to detect these loops, one must be able to 
automatically detect elliptical shapes from noisy images. 
One of the most popular techniques used for detecting 
(possibly multiple) such shapes in the same image, when 
they are possibly incomplete and in the presence of noise 
and clutter is based on the Hough Transform. The Hough 
transform (HT) was originally conceived to detect simple 
parametric shapes such as lines [7], but later generalized 
to detect higher degree curves and even arbitrary shapes 
[8]. The purpose of the technique is to detect the 
occurrence of imperfect instances of curves within a 

certain class of shapes using a voting procedure that is 
carried out in a parameter space, called the Hough space. 
The Hough space is constructed using the Hough 
transform which transforms each edge pixel in the 
original image into votes for possible curves that pass 
through this pixel. The curve candidates are then obtained 
as local maxima or peaks in this accumulator. One of the 
main drawbacks of the HT is that typical implementations 
require several passes over the original image data (in 
case the curve parameters need to be validated against the 
pixels) or the Hough accumulator array, to locate the 
dense areas or peaks in this space. This, in addition to a 
combinatorial explosion in the size of the Hough space as 
more parameters are included in the curve description 
(e.g. going from lines to circles), leads to serious 
scalability problems, that have heretofore not been 
addressed aggressively. In particular, despite 
commendable efforts to accelerate the HT [9,6,10], there 
have been no efforts so far, to adapt the HT to the strict 
demanding requirements of a stream environment, i.e. 
purely incremental voting and peak detection with very 
modest computational and memory costs. In this paper, 
we aim to achieve this goal by presenting a HT-based 
approach to curve detection that adheres to data stream 
requirements by reducing the processing of both the 
original image data and the Hough accumulator space to 
single passes, thus obviating the need to store a huge 
Hough accumulator array. We achieve the latter goal by 
using a stream clustering algorithm (TRAC-Streams [1]) 
hand in hand with the HT, to continuously summarize and 
extract dense areas (clusters) from the Hough space as it 
is being created via the HT.  
2. BACKGROUND 
The Hough Transform [6,8] is used  to find curves that 
can be parameterized, such as straight lines and circles. 
For higher degree curves, such as ellipses, a similar 
parameterization, albeit with more parameters (for 2D, 
one needs the center coordinates, minor and major axes 
lengths, and orientation/tilt angle) is possible, and the 
transformation methodology is essentially identical. 
However the scalability concerns become more acute 
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because of the combinatorial explosion in the Hough 
search space for the candidate parameters which increases 
the burden in terms of both computations and memory.  
Because a curve with n parameters requires an n-
dimensional parameter space, many applications of the 
HT seemed to be limited to line (2-D) and circle (3-D) 
detection. In order to overcome the computation time and 
memory limitations of the Standard Hough Transform, 
[6,12] proposed   the Randomized Hough Transform 
(RHT). Rather than taking a single point and computing 
all the possible shapes that could result from that point, 
the RHT takes only a set of points sampled randomly 
from the input set, and computes a single parameter-space 
mapping. The RHT starts with an empty accumulator, and 
either adds new parameter points or increases the count of 
existing ones.   This process continues until some 
threshold is reached and a curve is determined. Even with 
the previous improvements of the RHT,   the applications 
were limited to detect lines and circles. In order to detect 
ellipses, the RHT needs to solve a system of five 
nonlinear equations, which makes the RHT impractical.   
In order to overcome this limitation, [5,10] presented   an 
algorithm that reduces the problem of finding ellipses in 
an image to the solution of a system of three linear 
equations. The RHT approach is described in the 
algorithm below and the details of solving for the ellipse 
parameters can be found in [5]. 
 

 
 

Figure1. The standard  RHT algorithm 

3. PROPOSED SCALABLE ELLIPSE 
DETECTION METHOD 
Our algorithm for ellipse detection (Incremental RHT, for 
I-RHT) consists of three separate modules: 1) the 
preprocessing module, 2) the incremental processing 
module, 3) the post-processing module  

3.1 PREPROCESSING 
The preprocessing module is executed only once. First the 
image is preprocessed to obtain a binary image by 
applying edge detection, despeckling, thresholding and 
binarization. The binary image is then used to generate a 
stream of random sets of 3 points. The TRAC-Stream 
parameters and the number of iterations of the RHT, are 
initialized in this module.  

3.2 INCREMENTAL PROCESSING 
MODULE 
The incremental processing module is composed of two 
separate incremental programs: The I-RHT, used to 
compute candidate ellipse parameters (p, q, r1,r2, ө), and 
TRAC-Streams, used to cluster the Hough space in one 
pass, as it is being generated, and to discover candidate 
ellipses.  

3.2.1 The TRAC-Streams Clustering Algorithm  
Several clustering algorithms have been proposed to 
achieve scalability, by processing the data records in an 
incremental manner or by processing small batches of 
data in one single pass [2,3,4]. From the existing 
algorithms, we chose to use the TRAC-Stream algorithm 
(Tracking Robust Adaptive Clusters in evolving data 
streams) [1] because it is totally incremental and resistant 
to unknown rates of outliers. Our implementation of the   
TRAC-Stream algorithm is given in figure 2 and the 
details about how robust weights Ws and WDs, the 
clusters centroids and scales are computed can be found 
in [1].  
 

For  K=1 to M (M is the number of epochs) { 
       Randomly generate N sets of 3 points.  

   For i=1 to N { N is the  number of iterations)  
Select the ith tuple of 3 points  and solve for the parameters 
of the ellipse passing through them (see [5])   
Find the number of points (nbPoints) on the original image 
that fit this ellipse; 

       If (nbPoints <threshold) Then { 
            Ignore the ellipse and select the next tuple of points.      
        } 
       Else { 

   If (the ellipse is similar to an ellipse in the 
accumulator) Then { 

 Average the two ellipse parameters to replace the 
one in the accumulator and add 1 to the score. 

                } 
 Else { Insert the ellipse into an empty position in the  

Accumulator with a score of 1. 
              } 
       } 

Select the ellipse with the best score and save it in a Best 
Ellipse table. 
Remove the best ellipse’s pixels from the original image; 
 Clear the accumulator; 

      } 
  k=k+1 

} 

Input: 
 1) jth data record (p,q,r1,r2,ө); 

 2) 3 pixels p1, p2, p3 used to compute the jth ellipse’s parameters via 
the RHT. 

The algorithm  
Let the cluster model be B=B1 U B2 U B3…… U Bc; and the cluster 
representatives after j-1 data records Bi= (ci, σi, Wi, WDi), i=1,…,C; 
For i=1 TO  C DO { // C is the number of clusters in model B 

Compute the distance dij
2 and the robust weight wi,j , see [1]. 

} 

// if the new input data record is an outlier  

If C<C_max and record j is an outlier in all clusters Bi, i=1..C then  

K=C+1; // increment cluster index 
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Figure 2: TRAC_Streams algorithm  

3.3 POST-PROCESSING  
3.3.1 Eliminating weak ellipses  
 After all the records have been processed by TRAC-
Streams, the clusters with density below a predefined 
minimum density are removed from the set of clusters.   

3.3.2 Eliminating redundant ellipses  
3.3.2.1 Ellipse validation in the original image. 
This solution was used in the original RHT [6,11,12].  
The ellipses found by the RHT are validated by 
computing the number of pixels from the original image 
located on it, and if this number exceeds a given 
threshold, the ellipse is added to the set of candidate 
ellipses, and the pixels belonging to it are removed from 
the original image. We found that this method has three 
disadvantages: 1) the number of computations is 
increased because all the pixels of the original image are 
verified for each ellipse; 2) the deleted pixels may be 
useful to detect   more interesting ellipses in the future 
iterations of RHT; 3) this method needs to keep the 
original image in main memory during the entire 

execution of the RHT algorithm, even though this is no 
longer required (since all the image sample triples have 
been generated and stored).   

3.3.2.2 Incremental solution for testing ellipse 
redundancy 
In order to keep our solution scalable we propose an 
incremental method that uses a similarity matrix S to keep 
track of the counts of pixels lying on each candidate 
ellipse, and the count on each pair. Each diagonal element 
S[i,i] contains the number of pixels that  belong to the ith 
ellipse defined by the parameters of the centroid of cluster 
i. The off-diagonal elements S[i,j] with j>i  contain the 
number of pixels simultaneously belonging to the ellipse 
defined by the centroids of  clusters i and j. The similarity 
matrix is incrementally updated and only the counts are 
saved instead of all pixels. After all the data records have 
been processed, we compute the Jaccard similarity 
between each two clusters as follows:  

 
j))S(i,-j)(j, S+i)(S(i, 

j)S(i,=j)(i, Coeff Jaccard . 

If jaccard-Coeff>similarity threshold, we delete the 
ellipse with the minimum density.  

4. EXPERIMENTS  
4.1 Testing on synthetic images 
We first tested the standard RHT and the Incremental 
RHT with different synthetic noise-free images. The 
results obtained show that both methods found the 
ellipse(s) in the original images as shown in the example 
in figure 3. However the experiments on noisy images 
showed that the standard RHT is biased towards ellipses 
with smaller circumference since the detected ellipses are 
validated based on the ratio between the number of pixels 
from the original image lying on the detected ellipse and 
the ellipse’s total circumference. Therefore an ellipse with 
a smaller circumference tends to be given a higher 
validity score (figure 4(c)). 

   
(a) original image (b) I-RHT (c) standard RHT 

Figure 3.  Detected ellipse in noise-free image. 

   
(a) original image (b) I-RHT (c) standard  RHT 

Figure 4. Detected ellipse(s) in images with noise  
 

Create a new cluster Bk and add it to B, such that 
ck=record j; (the input record j becomes the centroid of the new 
cluster Bk) 
σk=initial_sigma; 
 Wk=WDk=0 // initial sums of weights 

C=C+1; //increment the number of clusters 

} 

Else { 

For i=1 to C DO { 

Update cluster C i’s centroid and scale σi
2 ,  see [1]; 

Wi=Wi+wij; 

WDi=WDi+wij*dij
2; 

}} 

//update the similarity matrix of the clusters  

For each triple of points p1, p2 and p3 , update the similarity matrix  
to keep track of coverage between ellipse pairs incrementally 

// merge the compatible clusters   

For i=1to C-1 { 

For k= (i+1) to C{ 

If compatible (i, k) then { 

Merge the two clusters i and k 

Update the new cluster’s centroid c, scale σ   and 
weights W and WD using a weighted average of the two 
compatible clusters’ parameters 

Update the similarity matrix  

} 

} 

} 

474747

Authorized licensed use limited to: IEEE Xplore. Downloaded on April 29, 2009 at 11:26 from IEEE Xplore.  Restrictions apply.



4.2 Testing on real solar corona images  
The  experiments  with real solar  images containing 
coronal loops from the TRACE data set2 confirmed  that 
the standard RHT is biased toward ellipses with smaller 
circumference, and that it is more  prone to returning local 
sub-optimal solutions. In contrast to the standard RHT, 
the I-RHT generally returns more global solutions (figure 
5). While the standard RHT uses the circumference to 
validate the ellipses, and deletes the pixels of the ellipses 
found in the previous iteration, the I-RHT keeps all the 
candidate ellipses and filters out the non interesting ones 
at the end of the process based on their density and 
redundancy. 

   
(b) original image (d) I-RHT (f) RHT 
Figure 5.  The best clusters found on a TRACE solar image  

4.3 Scalability Experiments 
In order to compare the scalability of the standard RHT 
and the I-RHT we plotted the average of the computation 
times of several runs of both methods on a set of ellipse 
images with increasing sizes. Figure 6 shows a significant 
advantage of the I-RHT, as the image size increases. 
Indeed,   whereas the standard RHT  resorts back to the 
image pixels and performs a heavy fitting and validation 
procedure, whereas no such costly steps are done in I-
RHT. Instead, all the candidate models are left to survive 
through the continuous stream-clustering algorithm 
(TRAC-Streams) then the non interesting ellipses are 
filtered out.  
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Figure 6. Execution time of the standard RHT (our baseline) 

and I-RHT (proposed) vs. image size.  

                                                                 
2 TRACE: The Transition Region and Coronal Explorer is a NASA 

Small Explorer (SMEX) mission to image the solar corona and 
transition region at high angular and temporal resolution. 

 

5. CONCLUSIONS 
We presented an incremental and scalable method for 
ellipse detection that adheres to data stream requirements. 
Our method combines an incremental version of the 
Random Hough Transform (RHT) to compute the ellipse 
parameters with a density-based robust stream clustering 
algorithm to discover the potential candidate ellipses  
from the Hough space. After testing our method on both 
synthetic and real solar images captured by various 
instruments onboard NASA and ESA satellites, we can 
conclude that, from a quality perspective, our method can 
detect more accurate ellipse models from the data, while 
from a computational time perspective, our method is 
scalable, and can be used regardless of the size of the 
images.  
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