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Abstract

An approach to very rapid computation of one class
of randomized Hough transform (RHT) using paral-
lel processing capabilities of a programmable graphics
processing unit is described. The method is able to de-
tect ellipses in real-time, even in large images. It uses
[fragment processing in recovering ellipse shape param-
eters. Its effectiveness is evaluated through experiments
on synthetic and real images.

1 Introduction

Automated ellipse detection is beneficial in many ap-
plication domains, including manufactured object in-
spection, face detection, medical imaging, remote sens-
ing, etc. Fast and robust ellipse detection is especially
valuable when there are tight real-time processing re-
quirements or when very large numbers of images need
to be processed. In this paper, exploitation of pro-
grammable graphics processing unit (GPU) capabilities
to enable very fast ellipse detection is described.

One target application of our work is the automated
processing of a collection of several million satellite
images of the Earth’s aurorae collected over the past
10 years by the NASA Polar Ultraviolet Imager (UVI).
Aurorae (especially the outer boundary of the aurorae)
have an elliptic shape in such images and localization of
the auroral oval in them is a key precursor to effective
use of the images for a variety of geophysical studies.
Localizing the oval also can enable content-based re-
trieval of aurorae imagery. Figure 1 shows two example
UVI images of the aurora. The white arcing structure
in each image is the auroral oval. While we focus on
such imagery, our approach is applicable to detection of
ellipses in any problem domain.

A typical avenue to ellipse detection is the Hough
Transform (HT) [4] and its variants. The HT methods
transform features of an image into a parameter space
in which patterns representative of ellipses can be de-
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Figure 1. Examples of UVI Aurora Images

tected. In HT, each boundary point maps to one or more
“bins” of the parameter space. The parameters associ-
ated with the high count bin are then taken as the HT
result. Standard HT, however, is of limited use for fast
ellipse detection since it requires a lot of computational
processing (and memory). One HT variant that is well-
suited to ellipse detection due to its lessened usage of
memory and fast processing characteristic is the Ran-
domized Hough Transform (RHT) [5] for ellipses, as
proposed by McLaughlin [6]. While HT considers ev-
ery boundary pixel, RHT instead uses many groups of
boundary pixels, with each group made up of a few ran-
domly selected boundary pixels. Each group maps to a
single entry in a parameter space.

Here, we describe how one class of RHT for el-
lipse detection can be made to operate very quickly
through use of the parallel processing capabilities of
a programmable GPU. The approach enables real-time
ellipse localization and parameter recovery. To our
knowledge, the work here is the first one to exploit the
GPU for any form of RHT.

2 Related Work

HT-based processing has been used successfully in
many shape-based processing schemes, especially in
the detection of simple shapes. One challenge to use of
HT-based schemes for detecting more complex shapes
is the large amount of memory consumed by the pa-
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Figure 3. Overview of New GPU LLS-
based RHT Steps

each row of a texture are shifted by a random amount.
Figure 2 shows an example of random shuffling of a
3 x 11 texture. The original texture is shown in Fig-
ure 2(a). Figure 2(b) shows the texture after column
swapping. Figure 2(c) shows the final result after row-
shifting. The corresponding items of each texture are
used to form the pixel groups used by LLS-based RHT
(i.e., 5-tuples of boundary pixels are taken from the ran-
domly shuffled textures). The shuffling is performed on
the GPU’s fragment processor.

Following shuffling, least squares fitting of the gen-
eral quadratic is performed. The fitting and parameter
determination can be done in parallel by the fragment
processor since the same processing operations must be
performed on each element of the original texture.

Figure 3 illustrates the LLS-based RHT’s processing
steps using the GPU-based approach. The steps on the
GPU’s fragment processor are shown in red. We note
that the iterative component of LLS-based RHT is han-
dled via the fragment processor’s operation on packed
textures in a data-parallel way; the fragment processor’s
data parallel approach avoids encoding the iterations ex-
plicitly. The approach performs the final accumulation
step on the CPU. This step is one that is not easily per-
formed on the GPU. The transfer to the CPU is quite
efficient, however, since only one GPU texture-to-CPU
accumulator array mapping needs to be performed.

4 Experimental Results

The approach’s effectiveness has been evaluated
for synthetic and real images. The evaluation in-
cluded comparisons of computational performance of

Figure 4. Parameter Error versus Noise

our GPU-based approach versus LLS-based RHT on
a CPU. The synthetic imagery testing involved Monte
Carlo testing on ellipse boundary images. Such tests
considered five image sizes and seven levels of Gaus-
sian noise, allowing determination of the impact of
noise on fitting and image size on computation speed.
Ellipses were oriented at 5 orientations and each had
semi-axis sizes of 40% and 18% of image size. The real
imagery testing involved 20 satellite images (collected
by the POLAR satellite’s UVI sensor) of aurorae and
20 scaled-up versions of the images. Tests were done
on a computer with a 3.2 GHz Pentium-D with 3 GB of
RAM running Linux. Tests of the GPU-based approach
were done on the same computer’s NVIDIA GeForce
7950GT that has 512 MB of memory.

The synthetic image testing considered images of the
sizes shown in Table 1. The added Gaussian noise had
zero mean and o’s of 0, 1, 2, 3, 5, 10, and 15 and was
used to perturb boundary positions in one dimension.
A total of ten images for every combination of size and
noise were tested (i.e. 350 images in all). Averages over
the images are reported here. Due to space limits, we
show the GPU-based approach’s parameter fitting errors
for only the largest images (in color Figure 4). For the
GPU-based approach, average parameter errors across
the entire set of tests averaged less than 3 pixels for
the centroid and axis lengths and less than 1 degree for
orientation. We note that the errors of the GPU-based
RHT are comparable to those observed for the CPU.
Table 1 shows the execution times and speedups for the
approaches. The GPU-based approach was much faster
(about 7 to 9 times) than LLS-based RHT on the CPU,
as shown in Table 1, with speed-up increasing slightly
with image size.

The UVI images are 200 x 228. The scaled-up im-
ages were each versions of an underlying UVI image.
They were created six times larger in each dimension
using bilinear interpolation. The aurorae outer bound-



ary pixels were found in these images using the UVI im-
age pre-processing described by Cao and Newman [1].
Since the true parameters are unknown for these images,
the ellipse detection results were manually inspected.
The recovered ellipses were always within a few pixels
of the optimal (manually-determined) boundary. The
average errors in parameters recovered by our GPU-
based approach versus manual inspection are shown in
Table 2. Two example results are shown in Figure 5 (for
the images first shown in Figure 1). In the figure, the
blue overlay is the ellipse detected by LLS-based RHT
on the CPU and the red overlay is the ellipse detected by
our GPU-based approach. The GPU-based approach’s
speed advantage ranged from 7 to 9 times, as shown in
Table 3. It is worth noting that although the GPU-based
approach was a less random approach than LLS RHT on
a CPU, the random shuffling process did not noticeably
impact method accuracy.

5 Conclusion

We have presented a very fast ellipse detection ap-
proach for a class of RHT. The core of our approach
is performing the LLS-based RHT ellipse parameter re-
covery using the fragment processor on a programmable
GPU. Through evaluation of the approach, we have
shown that the approach can provide consistent and
very fast automated detection of ellipses. The approach
achieved 226 f.p.s. and 52 f.p.s. for single ellipse de-
tection in 200228 and 1200 1368 real aurora images,
respectively.

Table 1. Execution Times (msec.) and
Speedups using Synthetic Images

Image Sizes [ On CPU [ New Approach [ Speedup

200x228 30.1 42 7.167

400%456 445 5.6 7.946

800x912 93.6 10.8 8.667

1200x1368 | 1775 19.1 9.293

1600x1824 | 283.4 30.5 9.292
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