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Abstract
A new fully automatic method for detecting auroral ovals
in images produced by the NASA IMAGE satellite’s Far Ultra Violet (FUV) sensor is introduced. The method exploits
the shape characteristics of the auroral oval and utilizes domain knowledge. The shape exploitation involves an efficient Hough-based process. Experimental results show that
the new method can accurately detect the auroral oval in
the FUV images.
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Figure 1. (a) A sample FUV image, (b) Manual auroral oval detection result

1. Introduction
At the speed of several hundred or more kilometers per
second, solar wind constantly strikes the Earth’s magnetic
field. The interaction between the solar wind and the magnetic field causes the spectacular phenomena of the aurorae. Study of auroral activity is important due to its helpfulness in analyzing high-latitude ionosphere-thermospheremagnetosphere (ITM) behaviors. One source of a large
collection of imagery for study of auroral activity is the
Far Ultra Violet (FUV) sensor on board the NASA Imager
for Magnetopause-to-Aurora Global Exploration (IMAGE)
satellite. Since the start of its mission in March 2000, FUV
has so far produced over 1.5 million images.
Many auroral physics studies require determination of
the location of auroral activity in imagery. The auroral activity occurs within a ring, called the auroral oval. Manual
determination of the auroral oval in an image is somewhat
tedious, and, sometimes, difficult. Fig. 1(a) shows a sample FUV image. Fig. 1(a) (and the others of FUV images)
in this paper are identified by the date and time of capture
(e.g., Fig. 1(a) was captured at 00:20 on the 346th day of
year 2000). Fig. 1(a) also has labels for some features of interest overlaid on it. This figure, and the other FUV images
shown in this paper, are contrast-enhanced using histogram
equalization for viewing clarity. Fig. 1(b) shows a manual
auroral oval detection result for this image. From Fig. 1(a),

it can be seen that the intensity contrast around the auroral
oval remains very low even after enhancement; low contrast
is a challenge for automated detection. Yet automated methods to detect the auroral oval in imagery can be beneficial,
especially since study of auroral behavior over time requires
consideration of a series of images. Besides the low level of
contrast, another major complication for both manual and
automatic detection methods is the dayglow contamination
in many FUV images. Dayglow is caused by emission of
the excited atoms and molecules in the upper atmosphere
[7]. The bright crescent-shaped part near the bottom of Fig.
1(a) is an example of dayglow. In FUV, dayglow intensities
usually are significantly higher (e.g., as much as an order
of magnitude or more) than auroral intensities. In addition,
the presence of bright stars, which are also present in Fig.
1(a), can complicate processing, especially for automated
methods.
In this paper, a method for automatic and accurate auroral oval detection in FUV imagery is introduced. The
method is, to our knowledge, the first automatic method for
auroral oval detection in FUV images. The new method is
motivated by the method of Cao et al. [1] for Polar Ultraviolet Imager (UVI) images. Although several methods,
including the Cao et al. method, have been successfully ap-
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rons that fire first become the linking inputs to the nearby
neurons. When no more neurons fire, those pixels whose
associated neurons have fired are viewed as auroral oval
pixels. Fig. 2(a) shows the result of applying the method
to the Fig. 1(a) image.
The HKM method of Hung and Germany [4] detects the
auroral oval in UVI images using a K-means approach. It
first divides the image pixels into different clusters. Then, it
finds the clusters with the highest intensity means and takes
them as the auroral regions. Histogram information is exploited when computing the cluster means and when clustering the pixels. Fig. 2(b) shows the method’s result for the
Fig. 1(a) image. Since UVI data is normalized to [0..255]
and FUV is floating point data, applying the PCNN-based
and HKM methods’ codes directly requires normalizing the
intensity range of the FUV image to [0..255].
The AMET method of Li et al. [6] detects the auroral
oval in UVI images by first dividing the image into subzones based on the Magnetic Local Time (MLT). MLT is
related to magnetic longitude; all the points with the same
magnetic longitude have the same MLT [9]. For example,
when the magnetic longitude line is facing the sun, the MLT
for all the points on this line is 12:00 [9]. AMET then applies minimum error thresholding [5] in each subzone. Finally, the threshold value applied to each pixel is the average of the thresholds of the three nearby subzones. Fig. 2(c)
shows the result of applying AMET to the Fig. 1(a) image.
The shape-based method of Cao et al. [1] exploits the
elliptic shape trait of the auroral oval to detect it in UVI
images in a fully automated way. The method finds regions of high activity and then the edges of these regions.
The set of edges is separated into two parts roughly corresponding to the inner and the outer boundary of the oval.
Then, linear least-squares fitting (LLSF)-based randomized
Hough transform (RHT) [10] is used to determine ellipses
that well-model each boundary. The region between the two
fitted ellipses is taken as the auroral oval. Fig. 2(d) shows
the result of applying the method to the Fig. 1(a) image.
The Fig. 2 results are typical; the existing methods used
for auroral oval detection for UVI images do not produce
accurate results when applied to FUV imagery.

(d)

Figure 2. (a) PCNN-based method result, (b) HKM
result, (c) AMET result, (d) Shape-based method result

plied to UVI images for auroral detection, we have found
that direct application of these methods to FUV imagery
produces poor results. These existing methods and the auroral oval detection results they produce for UVI imagery
are described in Section 2. One reason that the existing
methods for UVI imagery fail to produce accurate results
for FUV imagery is that the dayglows in FUV images are
much brighter than those observed in UVI images. This
problem is due to the fact that the FUV sensor has a much
larger field of view (15◦ ) than the UVI sensor (8◦ ), causing
more and brighter dayglow to be imaged.
This paper is organized as follows. In Section 2, related
work in auroral oval detection is presented. In Section 3, the
new method is introduced. In Section 4, results of applying
the new method to a set of FUV images are shown. The
paper is concluded in Section 5.

2. Related Work
In this section, related works are described. We focus
on the four methods that have been applied to auroral oval
detection in UVI imagery. UVI is a sensor aboard the longrunning NASA Polar Satellite that has acquired over 9 million images. The methods are the pulse-coupled neural network (PCNN)-based [3], histogram-based K-means (HKM)
[4], adaptive minimum error thresholding (AMET) [6], and
shape-based [1] methods. Although developed for UVI imagery, later in this section we exhibit application of the
methods to FUV imagery. To our knowledge, these exhibits
are the first application of those methods to FUV imagery.
The PCNN-based method described by Germany et al.
[3] was the first method applied to aurora detection in UVI
imagery. The method associates a pulse-coupled neuron (a
segmentation neuron [8]) with each pixel in the image. Every segmentation neuron has an internal activity that is determined by combining the feeding input, which is the intensity of its associated pixel, and the linking input from
neurons associated with nearby pixels. A neuron will “fire”
if its internal activity is above a threshold value. The neurons associated with pixels whose intensities are above a
preset threshold fire first. The output impulses of the neu-

3. New Method Description
In this section, the new method is described. It has three
major stages. These stages exploit domain knowledge (e.g.,
the auroral oval’s inner boundary is completely inside its
outer boundary). First, stars and part of the dayglow and the
background are automatically removed based on knowledge
of the aurora’s location. Second, the outer boundary of the
auroral oval is automatically found. Based on the found
outer boundary, the inner boundary is then automatically
found. Fig. 3 shows the flow of processing.
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ing radial-based processing. This processing scans starting
just inside Eo and proceeds along the directions from Eo
toward N . Similar to the radial-based processing in the second stage, the boundary pixels encountered first along the
scans are ignored since they are probably the outer boundary pixels. The second boundary pixels encountered along
the scans are taken as inner boundary pixels unless they are
too close to the outer boundary pixels (e.g., within 2 pixels).
Then, an ellipse Ei is fit to the inner boundary pixels using
the LLSF-based RHT. Finally, the region between Eo and
Ei is taken as the auroral oval.














































































































































































































































































































Figure 3. New method’s (fully automated) processing

3.1

The Three Major Stages

Aurorae normally appear in a certain magnetic latitude
(MLAT) range called the aurora zone [2]. Usually, the auroral emissions excited by precipitating protons only appear
between MLAT 57.5◦ and 67◦ within the aurora zone [2].
Therefore, our method’s first stage zeroes the pixels that
have MLAT below 55◦ to 0. (We note here that the MLAT
and MLT of every FUV image pixel are known.) In addition, since the dayglows should appear on the day side
of the Earth, pixels that have magnetic local time between
8:00 and 15:00 are zeroed. After that, the method applies
AMET to the resulting image to binarize the image into two
regions. The region containing higher intensity pixels is
considered to be the foreground region (i.e., the potential
auroral oval); although it usually contains part of the dayglow, it is saved for further processing.
In the second stage, the outer boundary of the auroral
oval is localized. Localization involves first extracting the
boundary of the foreground region. Then, radial-based processing is used to find the outer extent of the foreground.
The radial-based processing involves scanning the image
along the outgoing directions from the North Pole (N ) inside the foreground region to the border of the image. Point
N is located by averaging the positions of the pixels whose
MLAT’s are very close to 90◦ . The boundary pixels Pi ’s
encountered first in each radial scan of the region are ignored. The second boundary pixels encountered along the
scans are taken as candidate outer boundary pixels unless
they are within a small distance (e.g., 5 pixels) of a Pi pixel.
We note here that since the foreground region may contain
part of the dayglow, the outer boundary pixels may be from
the boundary of the dayglow. To find the true auroral oval’s
outer boundary, the method fits an ellipse Eo to the set of
candidate outer boundary pixels using LLSF-based RHT, as
was described in the shape-based method for UVI of Cao et
al. [1]. Eo is then taken as the true outer boundary of the
auroral oval.
In the third stage, the inner boundary of the auroral oval
is localized. First, the pixels outside Eo in the original image are zeroed due to the fact that the auroral oval should
be completely inside Eo . Then, the method applies AMET
to the resulting image to find the potential auroral oval. After that, the method extracts the inner boundary pixels us-

3.2

Processing Illustration

Fig. 4 illustrates these three stages for the FUV image
shown in Fig. 4(a). Fig. 4(b) shows the result of zeroing
the pixels whose MLAT is smaller than 55◦ and the pixels
whose MLT is between 8:00 and 15:00. Fig. 4(c) shows
the foreground region obtained in the first stage. Fig. 4(d)
shows the extracted boundary of the foreground region in
the second stage. Fig. 4(e) shows the scan directions of
the radial-based processing in the second stage. Fig. 4(f)
shows the extracted outer boundary pixels and the Eo . Fig.
4(g) shows the extracted inner boundary pixels and the Ei .
Fig. 4(h) shows the Eo and the Ei overlaid on the original
image. Fig. 4(i) shows the final result.

4

Experimental Results

This section presents some auroral oval detections from
applying the new method to a set of 131 FUV images taken
from five days of the year 2000. Fig. 5 shows some sample results for these images. The first row of Fig. 5 shows
the original images. The second row of Fig. 5 shows the
detected ellipses for the inner and the outer boundary of the
auroral oval overlaid on the original image.
The 131 results accurately matched human experts in
123 (93.8%) cases. In 8 (6.2%) cases, the method’s results
were subpar, although there were no abject failures. Among
the subpar results, 3 have inaccurate outer boundaries and 8
have inaccurate inner boundaries. One reason for the subpar
results is that some images have auroral oval inner boundaries that are irregular in shape (due to substorms). Another
reason is that the auroral activity in some images is very
low. In those images, there is a very low contrast between
the auroral oval and the background.

5

Conclusion

This paper presents, to our knowledge, the first automatic method for auroral oval detection in FUV images.
The method utilizes domain knowledge of the shape and
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Figure 5. Auroral oval detection results: original images (first row) and detections (second row)
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