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Abstract

ses two characteristics. The excision process can then
be isolated to this time-frequency subspace.
The paper is organised as follows. In Section 2 we
present a brief description of the wavelet decomposition algorithm which is used in this analysis. In Section 3 we address a number of considerations when
applying wavelet theory t o HF radar d a t a obtained
from the Australian Jindalee OTH radar. This leads
to the construction of two filtering operations aimed
a t the removal of transient signals in the data. In section 4 we apply these techniques to OTH radar data
which contain lightning and meteor echos The success of each process is indicated by the extent of transient suppression and target preservation in the reconstructed data. Finally, in Section 5 we dcduce some
conclusions on the applicability of wavelets to our data
and discuss extensions to the techniques.

I n skywave radar the removal of transients from
the signal is a major objective since t h e y reduce the
radar’s capability to detect and track targets. It is desirable t o extract the transient components from the
data without removing any other information. Current techniques only exploit the time localization of
such signals. A natural eztension would be to incorporate a frequency localization component. Wavelets
lend themselves ideally to this task by virtue of their
joint time and frequency localization properties. I n
this paper, we construct a multiresolution wavelet decomposition algorithm for H F radar data and apply
two filtering techniques specifically designed to detect
and remove lightning and meteor components from the
signal.

1

Introduction

OTH (Over-the-Horizon) radar involves transmitting and receiving high frequency (HF) signals via the
ionosphere. The received d a t a contains terrestial, environmental and target information from a particular
region. The presence of transients in the d a t a due to
meteor echoes and lightning bursts affect the ability
of the radar to detect targets because of the resultant
spread in Doppler (frequency) and the increase in the
noise floor. Therefore, the removal of transients is a
major concern in OTH radar [ I , 2, 31.
Currently, transients are detected in either the time
or Doppler domain by locating samples which exhibit
energy above a particular threshold. The samples are
removed from the data and replaced by interpolation
between the remaining data points. The effects of this
however, can degrade the non-transient information
such as ground clutter and targets. For example, if
the transient existed for a good portion of the time
series, (technically it is no longer a transient, but we
consider a signal that exists for less than the full observation time in this class), the remaining d a t a would
not produce a reliable interpolation over the affected
time interval. Hence, desired target returns could be
degraded or lost. Our aim is t o apply a technique
which minimizes the disruption to the non-transient
information when excising the transient component
from the data.
An ideal tool for such a task is wavelets. The
joint time and frequency localization properties of the
wavelet transform provides a representation of the
d a t a such that the transient can be identified by the-
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The wavelet transform is a time-scale representation of a signal with respect to the translations and
dilations of a wavelet function. In contrast to the
Fourier transform, these basis functions are localized
in both time and frequency. Furthermore, wavelets are
not restricted to a single function type, therefore, they
may be chosen (within certain guidelines) to match a
specific characteristic in the data. The transformation is linear, so the distribution does not suffer from
cross-terms as is the case for quadratic time-frequency
distributions such as the Cohen-class. A further advantage is that it enables an analysis of data a t multiple levels of resolution.
In the case of discrete data, the decomposition can
be carried out via what is known as a multiresolution wavelet decomposition, [4, 51. We include a brief
description of the algorithm as followed by our processing.
A set of subspaces {%}jeg is a multiresolution approximation of L2(R) if it possesses the following properties:
VjEZ

is dense in L 2 ( R )
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the multiresolution decomposition is carried out only
using the expansion and wavelet coefficients ai and di .
Starting with the initial expansion coefficients a:, the
ai’s are calculated at each scale from those of previous level [6]. The number of wavelet (and expansion)
coefficients is halved as the resolution goes from fine
to coarse ( j -+ -m)scales. The process ends with a
single expansion coefficient as the coarsest approximation. It is by analyzing the distribution of the wavelet
coefficients in the time-scale plane that information
about the function can be deduced.
The signal can be reconstructed by the inverse
wavelet transform which involves summing up the last
expansion coefficient and all the wavelet coefficients.
In this paper we will refer to a particular scale or
level) by the value Ijl since the finest resolution is or
j = 0, and the decomposition has j = 0, - 1 , . . ., -m.

V, V j , i E z

Consider the function t#(z , which is called a scaling function. It satisfies the ilation equation t#(z) =
where ck are the scaling function coas a low-pass filter Fourier transform
@(w) satisfying I@(w)l 5 1 and I @ ( O ) l = 1. The translations and dilations of this function produce an orthonormal family {t#ij}ijEz = {23’2f#J(2J~- i)}ijcz
which generate the subspaces { v j } , ~ ~ An
. approximation of a function f ( x ) E L’(R) at resolution 2-’
can then be defined as the projection
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where a: = (f,t # i ~ )is the inner product of the function with the scaling function at scale J and position i.
These ezpansion coepcients capture the information
in the signal at this resolution level.
On projection from a fine to a coarser scale, some
information is lost, namely the details in f(z) that
are finer in resolution than 2 - J . There exists a subspace Wj which is the orthogonal complement of Vj in
vJ+l such that
Wj Ivj+l. The subspace Wj is
spanned by the orthogonal basis functions ( $ ; j } i E z=
{2j/’$(2Jz - i)}iE
, where
~
$(z) is the wavelet function and the set {+,j}ijez is an orthogonal basis for
L 2 ( R ) .Therefore,

where

and d! = (f,&i} are the wavelet coeficients which
contain the detad in the signal lost in going from resolution 2-J to 2-(J+’). BY iteration,

A ~ + i f ( z ) = D ~ f ( z+) D J - l f ( z )
’

where
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+ D J - K f ( z ) $. AJ-Kf(z)

DJf(z) contains the finest

detail

Application of wavelet theory

In applying wavelet theory to JINDALEE HF radar
data, a number of considerations need to be addressed.
(i) Wavelet decomposition is traditionally performed on real valued functions; our data is in complex form. However, since the wavelet transform is a
linear operator, the mathematical operations readily
extend to complex valued functions. For our analysis we choose from the first ten Daubechies wavelets
[7]. When applied to the data, complex wavelet coefficients are produced which can be viewed in both
complex and polar representations.
(ii) A multiresolution wavelet decomposition begins
with the initial expansion coefficients ay which correspond to the first approximation (2’ resolution) of the
signal with respect to the scaling function. In general,
these are the data samples. However, to be mathematically correct, the data can be pre-filtered by the
scaling function to produce the transformation into
the scaling domain [S, 91. We allow both cases.
(iii) There exists the problem of how to decompose
a beam of time series data. A beam is an azimuth
cell of time series data which are arranged in adjacent
ranges, i.e, a 2-dimensional time versus range image.
Usually for an image, 2-dimensional wavelet decomposition is performed [ 5 ] . However, here we are considering the x-axis as a time series and do not want to suppose a similar correlation across ranges. The wavelet
decomposition is therefore, only performed in the horizontal direction and repeated across each range.
(iv) The possible introduction of artificial components from the wavelet processing. Being measured
data the start and end values of the time series, in general, do not match up smoothly. This introduces a discontinuity into the data when calculating the expansion and wavelet coefficients since a periodicity condition is imposed. Having to work with relatively small
data sets of 128 or 256 sample points, the spread of
the resulting transient through the scales encroaches
on a good part of the signal. Therefore, the data is initially extended on either side u p t o the next power of
2. This is where the time localization of the wavelet is
an important property; for unlike the Fourier analysis,
the inclusion of extra data will not corrupt the time-
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and

D J - K f ( z )and A J - K ~ (which
~ ) contain the coarsest

resolution detail and approximation, respectively.
For measured (finite) data, the finest resolution is
limited to 2O = 1. Hence the decomposition is of the
form

where N = 2” is the number of data points. Because the scaling function/wavelet bases are made up
of translations and dilations of their parent functions,
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between the two which is identified as the ineteor signal. By only applying the filter to two scales we have
avoided any interference to signals in the other frequency bands, e.g, clutter.
This procedure is opposite to the more traditional
compression routines which involve rem0 ring small
coefficients (over all scales) below a threshold value.
Their aim is to ’clean up’ the image and retain the
majority of the information via the least nuinber of coefficients. These coefficients tend t o be the largest and
often represent transients or edges in the im:age/signal.
Our d a t a contains large wavelet coefficients in the
coarse scales due to the dominant ground clutter returns, so such a approach would retain mo!,tly clutter
signals.

scale (frequency) distribution of the true signal. The
wavelet decomposition is performed on the extended
data, but only the original time interval is displayed.

4 Wavelet domain filters
4.1 Thresholding wavelet coefficients
In the wavelet domain, we want to identify and reduce the contribution of transient signals in the data.
We propose two methods to achieve this aim.
One method is to lower the magnitude of the
wavelet coefficients which correspond to these signals.
Figure 1 is a display of a multiresolution wavelet decomposition of a single, 128 point, complex time series
using a Daubechies 8 wavelet. The two plots depict
the magnitude of the real and imaginary wavelet coefficients in the time-scale plane starting from the finest
detail d,’ a t resolution 1/2 (scale 1) t o the coarsest detail d,-7 at resolution 1/128 (scale 7). The two
colours indicate positive or negative values. As plotted, each scale has been normalized with respect to
its maximum value. In reality, the magnitude of the
coefficients a t the coarsest scales (top) are much larger
than those in the finest, hence the d a t a is dominated
by low frequency signals. The meteor information is
characterized by a group of time localized peaks in the
finest two scales. It is well separated from the strong
ground clutter in the coarse scales (‘low frequencies’),
and stands out from the background noise in the finest
scale (‘high frequencies’) during its brief existence.
RFA.

IMAG W A ? Y

Figure 2. Coefficients in scales I and 2 of Fisure 3 are
thresholdfd to suppress the meteor components in the
original clitia( top) then reconstructed (rrticldle). T h e
bottom graph is the extracted meteor com ,orient.

For t h i , data there was no target presei t. If t,he.re
had been, the filter might have removed the target first
(see next .,ection). Therefore, scales in whi:h a target
is present should not be filtered by this method.
4.2 Pc ak detection and suppression
Figure 3 is a displaj of the wavelet ilecomposition of a seam of time series data compr sing of 20
ranges. ‘
I
he first four scales {&
& 4 ’, d-4 1 are
illustrated with the finest scale plotted at i he boftorn
right. Thi. colour range is from the minimum to the
maximum (white) absolute value in each scale. The
data was llrocessed by a Daubechm 6 wavtiet. A high
frequenry target can be seen in scale I o f 1 he wavelet
decontpos.tion, and is 1x1 fact confined t u this ievrl.
Targets e J k t for the full observation time (r ,hererit i n tegration lime), and hence have small DopIder spread
In contraE,t, transients exlst for short time; and have
large 13opIder spread T h e lightning produc.es vertical
streaks m e r ranges in scales 1 , 2 and 3 ’I he thresholding filt-r cannot be used in scale 1 bxausc the
lightning I omponents are smaller than that o f the t a r get. The cxcision technique needs t o avoid 1 be removal

‘,

Figure 1 Daubechies 8 wakelet decomposition (time
X‘s scale) of complex time series data containing a meteor.

The meteor component is removed by a thresholding ‘filter’ which simply intolves reducing the coefficients in each scale to a value chosen as a percentage
of the maximum coefficient Figure 2 illustrates the
result of applying the filter to the finest two scales
in the wavelet decomposition The top plot is of the
original time series d a t a T h e middle plot is of t h e reconstructed data after the coefficients in scales 1 and
2 had been reduced to 10 percent o f the maximum
coefficient. The bottom plot displays the difference

1 ox2

in the Doppler domain where horizontal streaks (due
to the spread in Doppler of the lightning) have been
reduced. The target which shows up as a peak at high
Doppler in the top two beams, has not been removed
by the suppression process.

of target information when detecting and suppressing
transient coefficients.

ORIGINAL SIGNA1

-ECONSTRUCTEO

Figure 3: Time-range-scale distribution of a beam using a Daubechies 6 wavelet. A target is seen in the
finest scale and lightning in the finest 3.

TIME
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Figure 4: AEimuth-range-time and azimuth-rangeDoppler plots of the original (top) and lightning suppressed (bottom) data. The suppression filter was applied to scdes 1, 2 and 3 of each of the three beams.

A second, more sophisticated algorithm incorporates a peak detector followed by amplitude suppression. For a chosen scale the arithmetic mean for each
range over all times is calculated. Any wavelet coefficient whose amplitude is greater than 3dB of the
average is not included in the calculation of the revised
average value. All wavelet coefficients with amplitudes
greater than 3dB of this new average are thresholded
down to this value. The process detects and suppresses peaks in the time series while ignoring the
target. This is because the target exists for the full
coherent integration time, so it simply contribute to
the background noise.
This method follows similar lines to that which is
currently employed for transient detection [8]. The advantage of the implementation in the wavelet domain
is that an initial clutter filter does not need to be applied in order to reveal the generally weaker impulsive
noise; the wavelet decomposition effectively separates
the high frequency bands from the low which contain
the clutter. By thresholding the peaks via amplitude,
the power associated with the transient is reduced such
that it no longer interferes with target detection.
To remove the lightning from the data we run the
peak detection and suppression routine over the three
finest scales and reconstruct. Figure 4 illustrates the
result of this filter on three adjacent beams. The top
two images are the time and Doppler representations
of the original data, where the lightning can be seen
in the time domain as vertical streaks over all ranges
and beams. The bottom two images are of the data
after wavelet processing, lightning suppression and reconstruction. For plotting purposes a first difference
filter was applied for the time plot and a BlackmanHarris window was used on the data before Doppler
processing. On comparison in the time domain, most
of the lightning has been removed. This is also evident

Figure 5 is a display of the wavelet decomposition
of a beam of time series data which contains a meteor
echo. The data was decomposed by a Daubechies 6
wavelet. The peak detection and suppression filter
is run on scales 1,2 and 3. The filter is not applied
to scales greater than four (less than eight wavelet
coefficients), since the time localiaation is too low to
discern between a transient and a target, and above
all, targets should not be removed.
Figure 6 illustrates the result of this filter on three
adjacent beams which contain meteor echoes. The
meteor is seen in the Doppler plot as a short, bright
streak from medium to low negative frequencies. In
the reconstructed data, the meteor echo has been reduced. However, not all of it has been removed. This
could be due to the amplitude cutoff not being severe
enough in the filtering process or the components of
the meteor echo existing a t the coarser scales which
were not filtered.

5

Conclusion

We have performed a wavelet decomposition of
OTH radar data and demonstrated two techniques designed to remove transient signals.
For this initial investigation we combined the traditional Daubechies wavelets with a standard multiresolution wavelet decomposition process modified to describe complex-valued, OTH radar data. The resulting time-scale distributions provided an informative
representation of the timeseries data. The separation of the frequency components allowed weak signals which are usually dominated by the low frequency
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Figure 5: Time-range-scale distribution of a beam using a Daubechies 6 wavelet. A meteor echo contains
components in the finest three scales.

DOPPLER

Figure 6 : Asimuth-range-time and asimuth-rangeDoppler plots of the original (top) and meteor suppressed (bottom) data. The transient suppressing filter was applied t o scales 1,2 and 3 of each of the three
beams.

clutter returns, t o be revealed.
Two wavelet filtering techniques were applied t o
OTH radar data which contained lightning and meteor echoes. By implementing the filtering on individual scales in the wavelet domain the process was restricted in frequency as well as time, thus the removal
of transients, although not always complete, caused
less disruption to the non-transient information than
the standard excision technique. Improvements t o this
process could be achieved through a better choice of
wavelet, the use of higher multiplicity wavelets or the
expansion into a wavelet packet algorithm [lo].
We are currently exploring the construction of an
optimal wavelet [ll, 121 for our data. The aim is to
match the wavelet t o the unwanted transient signal so
that it can be removed by eliminating a single scale
subspace from the time-scale distribution.
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