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ABSTRACT. A radio frequency interference (RFI) excision algorithm based on spectral kurtosis, a spectral
variant of time-domain kurtosis, is proposed and implemented in software. The algorithm works by providing a
robust estimator for Gaussian noise that, when violated, indicates the presence of hon-Gaussian RFI. A theoretical
formalism is used that unifies the well-known time-domain kurtosis estimator with past work related to spectral
kurtosis, and leads naturally to a single expression encompassing both. The algorithm accumulates the first two
powers ofM power spectral density (PSD) estimates, obtained via Fourier transform, to form a spectral kurtosis
(SK) estimator whose expected statistical variance is used to define an RFI detection threshold. The performance
of the algorithm is theoretically evaluated for different time-domain RFI characteristics and signal-to-noise ratios
n. The theoretical performance of the algorithm for intermittent RFI (RFI preseRtdnt of M PSD estimates)

is evaluated and shown to depend greatly on the duty cyclke,R/IM . The algorithm is most effective for

d = 1/(4 + 1), but cannot distinguish RFI from Gaussian noise at@amhend = 0.5. The expected efficiency

and robustness of the algorithm are tested using data from the newly desighed FASR Subsystem Testbed radio
interferometer operating at the Owens Valley Solar Array. The ability of the algorithm to discriminate RFI against
the temporally and spectrally complex radio emission produced during solar radio bursts is demonstrated.

1. INTRODUCTION due to the feasibility of their implementation using field-pro-
grammable gate arrays (FPGASs), equipped on many modern
The quality of radio astronomy scientific data can be greatly digital instruments.
affected by radio frequency interference (RFI) contaminating  Although relatively new in the context of RFI mitigation for
the natural radio emission produced by astrophysical objects.astrophysical radio instruments, the idea of using higher order
With the increasing demand for wireless communication sys- statistics in the spectral domain was originally proposed more
tems operating in frequency bands of scientific interest, the RFIthan two decades ago by Dwyer (1983) in the context of un-
environment becomes ever more hostile. At the same time,derwater acoustic signals. Pointing out that the real and imag-
astronomers seek to observe over an ever broader part of thénary parts of the digital Fourier transform (DFT) for a Gaussian
radio spectrum, both for increased sensitivity and to exploit signal separately obey Gaussian distributions, he proposed us-
spectral continuum diagnostics. These trends make it necessaring the kurtosis of the real part of the DFT as a tool for non—
to find efficient and robust methods that are able to discriminate Gaussian signal detection. He named this estimator “frequency-
and excise the RFI contamination, while preserving as muchdomain kurtosis” to distinguish it from the traditional time-
of the underlying useful information as possible. domain kurtosis estimator. However, as Dwyer (1983) himself
There is no universal solution for the problem of RFI mit- pointed out, a similar estimator can be defined for the imaginary
igation, and one must find or develop methods that are mostpart of the DFT, which should be considered for obtaining a
suitable for a particular instrument and the RFI environment complete description of the signal. Since the work of Dwyer
in which it operates (Fridman & Baan 2001). Among these (1983), others have investigated the statistical properties of
methods, RFI mitigation algorithms based on higher moments power spectral density (PSD) estimates by treating both the
of the distribution function in both the time domain (Ruf et al. real and imaginary parts of the DFT, and a theory of circular
2006) and the frequency domain (Fridman 2001; Fridman & random complex variables has even emerged from such efforts
Baan 2001) have become increasingly popular in recent years(see Amblard et al. 1996a, 1996b, and references therein). In
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a more recent work, Vrabie et al. (2003) provided a compre- domain) kurtosis statistical parameters is demonstrated. In § 3,
hensive study, from both the theoretical and practical points of a practical estimator is defined, and its statistical fluctuations,
view, of the newly emerged concept that they call spectral important for establishing a reliable detection threshold, are
kurtosis (SK), and provided a cumulant-based SK estimator rigorously determined. The expected performance of the pro-
(Kenney & Keeping 1962) and its expected variance, as well posed estimator as a detection tool for RFI signals is also
as the theoretical expectations for the SK parameter corre-presented. In § 4, we propose an efficient real-time RFI excision
sponding to some particular types of stationary time-domain algorithm that is suitable for radio spectrographs or interfer-
signals. In a subsequent study, Vrabie et al. (2004) revisitedometers. A software implementation of the algorithm is used
the subject and presented a practical application of the SKto demonstrate its efficiency and robustness using RFI-contam-
estimator in detecting bearing faults in induction motors. More inated data recorded by the FST instrument while observing
recently, Antoni (2006) refined the theoretical definition of the the solar radio emission in both quiet-Sun and solar radio burst
SK parameter, provided a direct link of this parameter with the conditions. We summarize our conclusions in 8 5.

classical time-domain kurtosis parameter, and pointed out its

value as an estimator of non-stationary time-domain signals. 2. STATISTICAL PROPERTIES OF POWER
Subsequently, Antoni (2007) proposed an algorithm for SK SPECTRA ESTIMATES

estimation based on a multirate filter-bank structure, and pre- o £ th | d methods for obtaining PSD
sented some experimental results related to the detection ot[. rt1e Of € corln?mny.usel me IOdS f[)r ° alrllngt ey 1e/s-
transient faults in mechanical systems. Imates for a real-time signal sampied at a constant r

Despite its general applicability, the extent to which the fre- ' the discreet Fourier transform, which is almost invariably
quency-domain statistical analysis has been implemented as émplemented using the fast Fourier transform (FFT) algorithm.
A legitimate question that always arises with respect to this

RFI detection tool in astrophysical radio instruments is rather . . ;
Py method is “How good is such a PSD estimate?” More-or-less

modest, possibly due to the lack of a clear and unifying picture . : : : : .
of the subject. In our opinion, such a picture should be theo- mathematically involved discussions on this subject are part of
. X almost any textbook devoted to the frequency-domain analysis

retically rigorous, but free of unnecessary mathematical so- ¢ digital sianals. Th o the ab "
phistication, and focused on the practical aspects of its impIe—O digrtal signais. The common answer 1o the above question,
which may sound striking when heard for the first time, is that

mentation. This study attempts to provide a general framework ) . .
y P b g “the uncertainty of a DFT-based PSD estimate at any given

that should be useful across disciplines, before applying it to S . .
o 1Sceip PRYINg frequency bin is as high as 100% of its computed value” (Press
the specific problem of RFI mitigation. tal. 1989) H this is strictl tonly f ticul
Another reason that there has not been more rapid progres? al. ; )- OWEVET, thiS IS strictly correct only tor a particular
type of time-domain signal, stationary Gaussian noise. The

in radio astrophysics may be the lack of existing instruments cainty of the PSD estimat h giff ¢ behavi
that are technically able to perform broadband spectral analysisunCer ainty ot the estimate may have a difterent behavior

with the temporal and frequency resolution needed for efficient Lort_tlme—%)tr::am ﬁl%:\ajs govfmid .by ‘?th‘?ff prott:)abngy d'ztr."
implementation and testing of such RFI excision algorithms. utions. oug € uncertainly IS signiticantly reduced in

Such instruments are useful in setting design requirements for_practlce by means of averaging, either in time or frequency, it

the new generation of radio instruments, such as the Frequency'—S its magnitude before averaging that proves to be a very useful

Agile Solar Radiotelescope (FASR; Bastian 2003). From this property in_ the context .Of th.is stud_y, and therefore worthy of
perspective, the newly designed FASR Subsystem Testbed"°'® detailed analysis in this ;echgn. .

(FST; Liu et al. 2007), operating in parallel with three of the If the nongvergged PSD e.st|m]atéﬂ F:orrespondlrlg o the
radio antennas of the Owens Valley Solar Array (OVSA; Gary frequency2 bmfkﬂz's chargctenzed by its mean= <P.'<> a_md
& Hurford 1999), offers a unique test bed capability. Its design Vo anc€o = (P — (P* , we can quantify its relative statis-
allows the direct comparison of various RFI excision algorithms tical fluctuation by defining the dimensionless magnitude

by playing back in a simulated real-time mode the data recorded
with full 1 ns temporal resolution, which provides a 500 MHz VZ == (1)
instantaneous bandwidth that can be tuned anywhere in the i

1-9 GHz frequency band.

This paper brings together what is known about spectral- where\, is the coefficient of dispersion (Kenney & Keeping
domain statistical methods from the broader literature, places1962)- We further refer t&* , at least for the moment, by the
it in context with the somewhat better known time-domain More descriptive term “spectral variability.”
statistical methods, and develops a unitary framework of prac-  1he expectation value of the spectral variability depends on
tical use in RFI excision. In § 2, the statistical properties of the underlying probability distribution of the time-domain sig-
the PSD estimate are derived in a transparent and rigorous
manner, a statistical RFI discriminator is derived, and its equiV- = Throughout this paper, we use a “hat” notation to indicate an estimator of
alence with both the preexisting spectral and classical (time a quantity to distinguish it from the quantity itself.
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nal from which the PSD estimate is derived. Since our goal is in a frequency-dependent correction of the PSD statistical prop-
to distinguish departures of the signal from natural noise, we erties that has been overlooked in previous studies. Although
first examine the expected spectral variability in the particular this correction will eventually prove negligible for the sym-
case of a time-domain signal governed by a Gaussianmetrical time-domain windows (e.g., Hanning and Hamming)

distribution. usually employed in standard spectral analysis, an evolving
Gaussian background, such as that presented by a solar radio

2.1. Spectral Variability of a Gaussian Time-Domain burst, can be mathematically modeled as the product of a sta-

Signal tionary Gaussian background and a time-domain window of

arbitrary shape. The effect of such an asymmetric window is
generally not negligible.
The actual expressions for the spectral powers corresponding
1. The time-domain data samples are random variables drawrto each of theN/2 + 1 discrete frequency bins,
from the same Gaussian parent population characterized by a
zero mean{x,) = 0 , and a constant varian¢e= (x?) . 2k N
2. The time-domain data samples are uncorrelated random =yt k=01 ..
variables; i.e., they have null covarian€v (x,, X,,) = 0

3. The signal has a natural or artificial bandwidth limitation of the PSD estimate are subject to different normalization con-

We assume that the digitized time-domain signdt )} =
{x.} is characterized by the following properties:

(4)

exactly bounded by the frequency interf@/f.] , whére= ventions. The one adopted here is
1/2At is the Nyquist frequency associated with the sampling
rate At . - 2
4. The test signal does not carry any spectral information; P = | X,l%, (5)

. L L . ; ) N> w?
i.e., it is a band-limited Gaussian white noise. 2 W,

To obtain a PSD estimate of a time-domain signal, one haswhereX, andX,,, are real magnitudes, and we have taken into

to compute first the complex DFT coefficients given by account that for a real-time signal, the other DFT coefficients
and their complex conjugates are relatedXas= XJ_, . Note

pa v that for the power spectral densities correspondind,to (DC

Xe= 2, wxe* ™ k=0, .. N-1 (2)  component) and,, (Nyquist frequency), the above normali-

n=0

zation convention is different by a factor of 2 from the classical
half-spectrum periodogram normalization convention (Press et

where{w,} is a set oN real coefficients of an arbitrary time 9
window such as usually employed in order to reduce the spec-al' 1989, p. 464). This is _becguﬁ’e shoul_d_be regarded asa
true power spectral density (i.e., power divided by the unit

tral leakage among the PSD frequency bins (Press et al. 1989), _ :
Although the use of a time-domain window is a common prac- frequency interval), and thus we have taken into account the

tice, its potential influence on the statistical properties of the fact that the frequency bins corresponding to these two special

PSD estimates is ignored in most theoretical studies addressindréduencies are half as large as the others. L

this subject, yet we show below that the concept of an arbitrary . 1 N€ Statistical properties of the PSD estimate defined in equa-

window plays a central role in our generalized results. tion (5) can be_ derived from the statistical properties of the
The DFT coefficients obtained from a windowed stationary €8l and imaginary parts of the DFT coefficient, =

time-domain Gaussian signék}  can be regarded as corre- (%) @ndB, = I(X,), which, being linear combinations of

sponding to a nonwindowed DFT of a modified time sequence Z€70-mean Gaussian variables, are themselves zero-mean Gaus-

{w,x}, which, being a linear combination of Gaussian random sian variables characterized by their individual variangés

5 ! L :
variables, should also obey a Gaussian distribution whose time-2nd o5, . The rigorous derivation of the mean and variance of

; o 5 : i .
domain variance is (Kenney & Keeping 1962) the PSD _esUmateEk = Ak + By , requires rather mvolvmg
mathematical manipulations, which are presented for the in-

= terested reader in Appendix A. The remarkably simple results
ol = N 2 W, (3 of this detailed analysis are summarized below.
=0 Because the DC and Nyquist frequency bins are purely real,

The fact that a time-domain window cannot change the Gaus_the!r prob?blhty distribution can be expressed in terms of the
varianceos = p, as

sian nature of the original signal seems a good reason for not
investigating its influence in more detail. However, as we show -
presently, there is a subtle connection between the statistical P) = (2xuP) " ex (_ ﬂ) k=0 N2 6
properties of the PSD estimate at each frequency bin and the p( k) ( T k) P 2ud ’ ©
spectral properties of the time-domain window, which results

Py
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(Appendix A), which is ax? distribution with 1 degree of spectral variability,
freedom. Equation (6) can be employed to evaluate the ex-

pected values ViE =1+ [Wy? (13)
~ - where
<Pk> = Mo <PE> = 3/‘51 k = Ov N/21 (7)
1 X _
which, employed in equation (1), provide W, = S > wer ik (14)
I n=0
V2 =2, k=0,N2, 8)

is the normalized DFT of the squared time-domain window
evaluated at the even-indexed discreet frequerfgies 2f,

Since by definition, the normalized DFT of the squared time-
domain window,|W,,|? , is bounded by th8, 1] interval, the
spectral variability of a windowed Gaussian signal can range,

(i'e".W“ = 1), it can be shown that fd.( * 0,N/2 _’ the real at least in principle, anywhere between 1 and 2, depending on
and imaginary parts of the DFT coefficients are mdependentthe particular shape of the time-domain window. However, be-

zero-mean Gaussian variables characterized by equal variance@ause windows (e.g., Parzen, Hanning, Hamming, etc.) are cho-
02 = o5 = wJ/2. The probability distribution associated with ol ’ ' ) Stbe

; 3 X ) ) - =" sen to reduce spectral leakage, they are invariably well-be-
the PSD estimate in this case is an exponential distribution haved, symmetric time-domain windows that gradually
given by approach zero at both ends of the time-domain interval. This
R has the effect of drastically reducings,|>  in most frequency
A 1 e bins, so thad? = 1 in all but a few of them—those near the
p(P) = ;kexp(— Z) ©) DC and Nyquist frequency bins. However, we consider it
worthwhile to investigate the influence of the time-domain win-
which provides the expected values dow not only in the case of these standard windowing functions,
but also in the more general case of an arbitrary time-domain
window, which as we already mentioned can be used to model
an evolving Gaussian background.

For this purpose, we present in Figure 1 a comparison
between théW,,|*> spectra corresponding to a Hanning win-
dow,w, = [1 — cos (2rn/N))/2, and a Hanning window mul-

V& =1, k=#0N2 (11) tiplied by a linearly increasing factow, = (1 + n)[1 —
cos (2rn/N))/2. The rather extreme change rate, one per sam-

However, as shown in Appendix A, in the general case of ple, is chosen just for illustration purposes. All spectra have
a windowed time-domain signal, the varianegs  afjd  are peen obtained by performing &h= 8192 point FFT, resulting
no longer identical, and if the windowing function is asym- in 4097 frequency bins. The lower line in Figura displays
metric, the zero-mean Gaussian random variahles Band arghe normalized\W,,|? = |FFTWZ2)/ 3 w2|? spectrum corre-
no longer independent, being characterized by a nonzero corsponding to a Hanning window, while the upper line represents
relation coefficienp, . Although in this general case the prob- the spectrumW,, |2 = |[FFTWZ)/ S wZ|? , normalized for the
ability distribution of the PSD estimate cannot be written in a window functionw, , but not for the linear increase. Notice that
closed form, the joint probability distribution of two correlated except for a few frequencies at both ends of the frequency
Gaussian variables, interval, the\W,,|> andW,,|?> spectra have overall flat shapes

that are many orders of magnitude below 1, which translates
(_ A B Akek)

which is a result that is independent of the shape of the time-
domain windoww, .
If no special time-domain windowing function is applied

(P = me (P2 =2u2 k=0,N2; (10)

hence,

to a negligible contribution to the expected spectral variability
expressed by equation (13) at most of the PSD frequency bins.
To better quantize this behavior, we display in Figurasafd
1b a close-up view of the same spectra at both ends of the
; frequency interval. Except for a couple of bins at both ends of
the frequency interval, thé\W,,|> contribution to the spectral
(12) variability corresponding to the Hanning window is negligible.
However, the partially normalizef\V, |>  spectrum is several
(Davenport & Root 1958) can be employed to obtain a gen- orders of magnitude above 1 for a few tens of frequency bins.
erally valid and remarkably compact expression of the PSD However, by fully normalizing the spectrum|W,|*> =

p(Aw Bk) = eXp l _ pf

-1

X (ZWUAkoBk\l — pf
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Fic. 1.—Comparison of normalized spec{id,,|?>  and unnormalized sppatsa* corresponding to a Hanningwyindow , and to the same window multiplied

by a linearly increasing functiog, = 1+ n obtained fdr= 8192  pointa) (W, | (lower spectrum) and |W,, | Upper spectrum). (b) and €) Expanded view
of the low- and high-frequency ends of the spectra presented)ifTkie dotted lines show the normalized version| @, |? at both ends of the spectrum. For
comparison purposes, a horizontal dashed line in all three panels indicates the unity level.

|[FFT(W,2)/ = wi|? as shown by the dotted line in the bottom is, up to a constant, mathematically equivalent to Dwyer's def-
panels, the spectral variability is practically indistinguishable inition for frequency-domain kurtosis, for both the DC (assum-

from that of the original Hanning window. ing a zero-mean time-domain signal) and Nyquist frequencies,
whereB,,, = 0, and/2, = K(f,,) — 1 has an expected value

2.2. Equivalence of Spectral Variability and Spectral of 2.

Kurtosis More recently, Vrabie et al. (2003) provided a cumulant-

We now compare our definition of spectral variabilivg based definition of the newly emerged concept of “spectral

to that of similar statistical parameters defined by other authorsKUrosis” (SK) as

as a means of discriminating Gaussian and non-Gaussian sig- . -

nals. Historically, as already mentioned in the introduction, SK(f,) = (%) = 2(1%d*) , (16)
Dwyer (1983) was the first one to employ frequency-domain (IXd?)?

analysis with the goal of detecting non-Gaussian signals in

underwater acoustics experiments. Pointing out that the realwhich is expected to be exactly O for a Gaussian time-domain
and imaginary parts of the DFT are zero-mean random vari- signal. Taking into account thak,|>~ P, , itimmediately fol-
ables, Dwyer (1983) used their moments about the origin to lows that

define

V2 = SK(f) + 1, 17)

_ A
K(f) = (15) which proves, up to a constant, the mathematical equivalence

(A)?
of these parameters at all but the DC and Nyquist frequencies.
which is expected to be exactly 3 for a Gaussian process. InHowever, Antoni (2006) has already pointed out that the SK
this respect, the spectral variability as defined in equation (1) parameter should be redefined to reflect the purely real nature
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of the X, andX,, DFT coefficients, and when this is done, the timator as
equivalence becomes exact.

Therefore, the spectral variabil¥y? , as derived in Appendix
A, completely characterizes the statistical nature of a time-
domain signal at all its spectral components, including the DC
and Nyquist frequency bins, hence unifying previously pub- where5? andj, are unbiased estimators of their associated
lished, incomplete results. Although one may argue whetherparameters; i.e.(o?) = 67 andl,) = g, . In practice, these
Vi’ is a second- or fourth-order statistical parameter, the defi-two unbiased estimators will be computed from a number of
nition of SK given by equation (16) lacks an immediate phys- \ adjacent blocks oN time-domain samples used to obtain
ical interpretation, as recognized by Antoni (2006). This is M spectral estimateB, k(=0, ...,NI2; i=1, ...,M ).
because the only directlgbservable physical quantity in the Introducing short-hand notations for the sums,
frequency domain i®, ~ |X,|*> , whose expected vaRg can
be used as a meaningful physical reference from which its Mo Mo
higher moments can be always computed. In contfa&t, is S = E Pi, S = E (Pki) ) (19)
an artificially defined parameter whose statistical expectation =t =t

. - 2 1/2 - . _
{IX) (which is not the same 48 ), aside from being phys the unbiased estimators of the trig  and  are given by the

ically meaningless, cannot be analytically computed, even for L ; . .
most of the simple statistical distributions. Hence, in terms of k—stqtlst[cs .unplased estimators of the first two cumulants of
the P, distribution as:

observable quantitiesf?> can be regarded as a second-order
statistical parameter. 1

However, from the perspective of its practical application, L =—S,
the spectral variability}> plays a role equivalent to that of the
more familiar time-domain kurtosis. Since “spectral kurtosis”
is an appropriate name for such a spectral tracer of non-Gaus{Kendall & Stuart 1958, p. 280), whel® ~ a®&l  should be
sian processes, and since we have proven their practical equivinderstood as having an implicit dependencé.on . Using these
alence, we see no reason not to refenfo by this already&XPressions, the spectral kurtosis estimator becomes
familiar name, keeping in mind that it differs by a constant
from the original definition, equation (16). This parallels the V2 = M (M S _ 1) (21)

. . . k 2 3

common practice of using the term “kurtosis” for what one M-1\" &
may, in a more formal way, refer to as “kurtosis excess” (Ken- _ _
ney & Keeping 1962). Henceforth in this paper, we refer to which is similar in form, but only asymptotically equivalent,

;2 as spectral kurtosis, ang , defined below, as the spectralto the SK estimator obtained by Vrabie et al. (2003) in terms
kurtosis estimator. of the second- and fourth-order cumulants of the complex

distribution.

In Appendix B, we present a detailed derivation of the var-
iance of the spectral kurtosis estimator defined in equation (21).
The result, which is dependent on the particular shape of the
time-domain windowing function, is

V2= %, (18)

H{EY

2 = MSZ_Slz

KTM(M—1)° (20)

3. SPECTRAL KURTOSIS ESTIMATOR
3.1. Definition and Variance

Our goal is to decide with some level of confidence whether e) _
S . ) Var(VE) =

or notthe observed PSD estim®e  corresponding to a physical
process may be assumed to be driven by an underlying Gaus-
sian distribution. The statistical parameter defined by equa-However, as discussed & 2 and shown in Figure 1, at the
tion (1) is to be estimated from the data and subsequentlyDC and Nyquist frequency bin§\,,| = 1 , and at most of the
compared with the expected value, equation (13), for an idealother bins|W,,| = 0 ; hence, th&M -order approximation of
Gaussian process. The ideal estimator would be an unbiase@&quation (22) simplifies to
one, in other words an estimator having an expectation value
identical to the expected value of the magnitude being esti- Var(\AF) _[24M, k = 0,N/2,
mated. Due to its linearity, the PSD estimB{e is an unbiased k aM, k=1, ...,(N2-1),
estimator of the true spectral power density of the signal. How-
ever, the statistical parameter defined by equation (1) as thewhich can be used as a statistical detection threshold for prac-
ratio of the variance and the squared mean of the PSD estimatéical applications.
is no longer a linear combination of its components. Therefore, Remarkably, equation (23) reveals that the variance of the
the best option we have is to define the spectral kurtosis es-SK estimator at the DC and Nyquist frequencies, where it

aMm
L S Mt 9. (22)

(23)

2007 PASP119:805-827



RFI EXCISION 811

equals the variance of a kurtosis estimator, is about 6 timesmean and variance of the PSD estimé;e as

larger than the variance at other frequency bins. We consider

it worthwhile to discuss this difference in more detail, due to me=20*(L+n), ol =401+ 2), (25)

its importance from a practical point of view, as related to the

implementation of a classical kurtosis estimakor ~ for non- Wheren, = A%2¢? denotes the signal-to-noise ratio (S/N) at

Gaussian signal detection using filter-bank spectrometers (Rufthe frequency birf, .

et al. 2006). Using the results above, the correspondiffg  statistical pa-
To correctly quantify the difference between the variances rameter can be written in terms of S/N as

of the VZ andK estimators, we have to take into account the )

fact that in the case of a finite impulse response (FIR) filter- VZ=1- "k , (26)

bank spectrometer, the amplitudes of the filtered signal at (1+n)?

N/2 + 1 frequencies are obtained directly as real linear com-

binations of N/2 + 1 time-domain samples. Therefore, from Which is the same, up to a constant of 1, as the result obtained

the sameN x M data samples as used by the DFT-based PS[Y Vrabie et al. (2003) based on similar considerations.

estimator, one would obtain in each filter-bank frequency chan-  Equation (26) shows that in the case of a monochromatic

nel a set ofN x M/(N/2 + 1) = 2M independent PSD esti- Sine wave mixed with Gaussian noise, #¢ monotonically

mates. Therefore, for a given amount of time-domain data, thegoes from 1 to O whem, goes from zero to infinity. If we

(ﬂk variance of~4/M has to be compared withke  variance of consider a conservativé?  detection threshold of about 3

about~12M. Therefore, for a given time-domain data set, the (i-€., 6/\M), we can determine an expression for the number

SK estimator relying on DFT-based PSD estimates may beM of PSD estimates needed for a reliable detection from the

more efficient by a factor of 3, in terms of its variance, than background Gaussian noise of a monochromatic RFI signal,

a kurtosis estimator based on filter-bank PSD estimates. which is given by

M(n,) = 36(1+ 1/m,)" 27)
3.2. Performance and Limitations of the SK Estimator
Equation (27) reveals that, for exampM,= 600  should be
In general, non-Gaussian signals should cause the SK estisyfficient for a reliable detection of a signal having an average
mator Vi to deviate statistically (with respect to its variance, power equal to the background noise, while only about 60 PSD
eq. [23]) from its expected value, equation (13). Thus, the SK estimates would be needed to reliably detect a monochromatic
estimator provides a potentially useful tool for discriminating  sjgnal about 10 times stronger than the background noise. How-

Gaussian and non-Gaussian signals. We now use simulationgyer, the same relationship shows that f8r< 36 , the SK
to examine the performance and limitations of this detection estimator would not be able to detect a monochromatic SignaL
tool for various non-Gaussian time-domain signals. even if its S/N goes to infinity.

Before continuing to evaluate the performance and limita-
) ) - tions of the SK estimator, it should be mentioned that as shown
3.2.1. Detection of Stationary Deterministic Signals by Fridman (2001), the system of equations (25) may in prin-
We consider in this section the simplest case of a time- CiPle be solved fos® an@® interms of the observed quantities
domain signal composed of background Gaussian noise of zerg« and oy, leading to a cleaned background spectrum and an
mean and variance? mixed with a deterministic sinusoidal averaged power estimate of the deterministic signal. Although
signal of modulated amplitudd, and random phase  uni- aftractive, we want to point out that the method proposed by
formly distributed on thd0, 2a] interval. Moreover, we con- F_ridmap (2001) can be valid only for the particular case under
sider that the frequency of the deterministic signal exactly discussion. However, the method could still be used W|th some
matches one of the non-DC or Nyquist discrete DFT frequen- degree of reliably as long 8° <1-30 . As shown later in the
ciesf,, and that no windowing function is applied. A rigorous t€xt, such sityations are less frequently observeq than the case
mathematical treatment under these assumptions can be foun8f @an SK estimator having values well above unity.
in McDonough & Whalen (1995), where the probability dis-

tribution of the PSD estimate is given as 3.2.2. Detection of Transient Signals
Although derived for the assumption of time-domain sta-
A 1 P4 A2 JPA _tionarity Qf the signal, the SK estimato_r can be very effective
p(P) = 257 exp(— k2 -2 ) 0 (7) , (24) in detecting transient signals mixed with the stationary back-

ground noise, as noted by Vrabie et al. (2003). To support this
assertion, which may be of particular practical importance, we
which is a noncentral® distribution with 2 degrees of freedom. consider below the case of a transient monochromatic time-
Equation (24) can be straightforwardly employed to obtain the domain signal that is switched on and off during the observed
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Fic. 2.—SK estimator vs. duty cycle of transient RFI for different S/Ng.Theoretical expectation for S/Ns ranging from 1 to 50. The horizontal dotted lines
represent thet 3 ¢ detection thresholds fdvl = 1000 PSD estimatesb) Simulated SK results corresponding to the theoretical parameters preseragdTing
duty-cycle ranges for which the transient signal cannot be statistically distinguished from the Gaussian background lie between the iraéthecBB8nsurves
and the horizontal dotted lines.

N x M time-domain samples. To simplify the discussion, we equation (21), is

further assume that the randomly occurring on/off transitions

exactly coincide with some of the edges of tlenonoverlap- - M (M/IR— 2)1,5]

ping blocks of lengthdN. Although this assumption is rather V) = V=1L (MR+17)7 (30)

unrealistic, we believe that it will not significantly affect the

validity of the result. _ which, as expected, reduces to equation (26)Rot M and

. Therefore, measurement; under the assumptions abqve res“lléasonably largé.

in M PSD estimates at a given frequerigy , out of which, let  gq,ati0n (30) allows us to evaluate the performance of the

us say,R estimates have a finitg, , while the remaining gy estimator for different duty cycles, = RIM , of the ran-

(M —R) haven, = 0. Hence, for each individual data block, gomiy occurring transient signal at different values of the

equation (24) provides the expectation values SIN parameten, . First of all, the duty cycle dependence of
the SK estimator is not monotonic, having a local maximum

(R) = =201+ ), atd = 1/(4+ n,), given by
<sz> = .lef + sz =4 ‘74(2 + 4dny + 77k2): (28)
R 1 M n?
2 = . (31)
which, with the appropriate valuesqf , can be used to estimate 4+ M-1 8+ 4y

the power sums entering the SK estimator,
This result indicates that the SK estimator may indeed be very
(S) = 2R(L + 0% + 2(M — R)o?, efficient in detecting low—duty-cycle transients, which may re-
sult in a value for the estimator well above 1, depending on
(S,) = 4R(2 + 4+ nf)o* + 8(M — R)g*. (29) the S/N parameter. However, it should be mentioned at the
same time that equation (30) also reveals an important limi-
Hence, for the particular case being discussed, the SK estimatortation of the estimator. Indeed, if the duty cycle is exactly 50%
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10, and 50. The dotted lines show tHe3 ¢ limits for M =

© 40 I 1000 PSD estimates. The figure shows thatihe 1 signal
< . can be detected from the background noise only for a duty
= 20 cycle exceeding about 90%, while even fgr= 50 , the es-
g I timator fails to detect the transient signals having a duty cycle
< i between~45% and~55%. Figure B presents a simulation
o 0 i obtained for the same parameters as used in FigurBesides
";3 a very good agreement with the theoretical expectations, this
o s I figure also illustrates how the statistical variance of the esti-
2 : mator is influenced both by S/N level and duty cycle. It can
= I ] be seen that this variance strongly decreases with the increase
—40 : : . . of the S/N level, and it also decreases to some extent with the
0 5 10 15 20 increase of the duty cycle.
Sample Index /1000
3.2.3. Quasistatic Gaussian Background
We now turn to the case of an evolving Gaussian background,
o 006 T T ] such as that expected for a strong solar radio burst. To simulate
9 0.04 I L s o ] this, we assume that each individual data sample is drawn from
- T different Gaussian distributions with variancgs . This situ-
a 0021 ation is mathematically equivalent to replacing the original data
<EE ) i set{x} with a linear combinatiofic;x} , where the real co-
- 0.00 4 efficientsc, may have a continuous time evolution that extends
® . beyond the range of thd samples used to produce one PSD
= —0.02¢} estimate. However, we assume that the timescale of the ana-
g lyzed physical process is slow compared with the time span of
5 —0.04 St 53 theN x M data samples, so that the coefficients have only
= i - S a smooth temporal variation. From the example illustrated in
—0.06 ' ' ' ' Figure 1, we have already learned that {ié,|” spectrum of
0 5 10 15 20 a Hanning window multiplied by a smooth function, such as

Sample |nde></1 000 ¢, = 1+ an, cannot significantly deviate from 1 in more than
a few frequency bins of the SK estimator. However, this as-
sumes a periodic sawtooth variation of the  coefficients, in-
Fic. 3.—Windowed time-domain signal obtained from a stationary Gaus- dependent of PSD indeM. Fortunately, we show that a similar
sian signal{x} multiplied by a linear facter = 1+ «i . Each of the three  behavior can be obtained by building an SK estimator based
data blocks displayed contaifs= 8192 data samples; the sample index on normalized PSD estimates. Indeed, if after each realization
runs from 0 to3N; anda = 10/(&) . & Original time-domain signal ¢ 5B astimate its spectrum is normalized to the full-bandwidth
{cx} multiplied by three successive Hanning windows, b) $ignal dis- ~ ~ .. . L
played in @) normalized to the total power contained in each data block, total powerX P, , thé/ﬁ statistics become insensitive to smooth
{WCX/S ek (WiCX)T 3 - temporal variations of the input signal. Note that this spectral-
domain normalization is equivalent to a time-domain normal-
(i.e., R = M/2), the value of the SK estimator becomes prac- ization obtained by dividing each windowed data block by
tically 1. This makes the transient signal statistically indistin- [> ... (Wc;%)?]" Figure 3 displays the original and normal-
guishable from a Gaussian signal, regardless of the S/IN—be-ized time sequences for three consecutive blockdNof
havior that is identical to that known in the case of the 8192data samples generated by numerical means. The bottom
time-domain kurtosis estimator (De Roo et al. 2007). panel of this figure suggests that the normalized time-domain
To better quantify this limitation, one should compare the sequence might be statistically equivalent to the case of a sta-
estimate given by equation (30) with the detection threshold tionary Gaussian signal analyzed with a modified Hanning win-
limits above and below the expected value for a Gaussian signaldow similar to the one analyzed in Figure 1.
(i.e.,1 = 6/yM), which provides the range of duty cycle over  To validate our expectations, we present in Figure 4 a nu-
which the transient signal is undetectable by means of the SKmerical simulation obtained foM = 1000 data blocks of
estimator. The dependence of equation (30) is shown graphi-N = 8192 data samples. The data set consists of a linearly
cally in Figure 2. Paneh presents the expected behavior of increasing Gaussian backgrouegl, = 1+ o[(m—1)N+n]
the SK estimator in the case of monochromatic transient signalsmixed with two deterministic signals. The first one, corre-
having duty cycles ranging from 0% to 100% afd= 1 , 5, sponding to the frequency bin= 1000 , is a continuous mono-
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Fic. 4.—SK estimator spectra for a time-domain signal obtained for a stationary Gaussian bacKgepund multiplied by a linear=fattorai o , with
indicated in each panel. The background signal is mixed with a 100% duty cycle random-phase sinusoidal §igadl0f0 and a 20% duty cycle random-
phase sinusoidal signal §= 3000 . Both signals have S/Ns of 1000. Each data block cohtai®i92 sampléss ado data blocks were used to

generate the statisticseft column: f/ﬁ spectra obtained from PSD estimates corresponding to the original time-domain data blocks multiplied by a Hanning window.
The horizontal dashed lines indicate the6/\M ranges about the medians of each spectriBight column: V2 spectra obtained from PSD estimates normalized
to their full-bandwidth total powers. The horizontal dashed lines indicatetB4M ranges about 1.

chromatic signal with S/N= 1000, while the second one, The second effect is that the expected duty-cycle behavior
corresponding to the frequency bin= 3000 , has the same described in Figure 2 is altered for both normalized and un-
S/N but is randomly occurring with a 20% duty cycle. The normalized spectra. Indeed, the left column shows that in the
figure is organized in three rows and two columns. Each row case of unnormalized spectra, the SK estimator level of the
of the left column, from top to bottom, corresponds to a dif- 100% duty-cycle line decreases whenincreases, while the
ferent change-rate parametgri.e., 0/M x N), 5/(M x N), 20% duty-cycle line becomes practically indistinguishable from
and20/(M x N), respectively, corresponding to 0%, 0.5%, and the background. On the other hand, when normalized spectra
2% variation overN samples. The right column presents the are used right column), the low—duty-cycle signals can be
results corresponding to the same parameters, but for an SKeasily detected, while for particular values of the change rate,
estimator built on normalized spectra. Two important effects « = 5/(M x N) in this case, the continuous signal may be-

are apparent. The first is that without normalizatiteft (col- come undistinguishable from the Gaussian background. How-
umn), theVZ spectrum is shifted above unity, while its variance ever, foro. = 20/(M x N), the SK estimator for the continuous
obviously becomes larger than for the stationary casted signal becomes larger than unity and is well above the threshold

lines). This problem is avoided by applying the normalization level. In this respect, the change in the background power level
(right column). We actually observed this phenomenon on real appears to have a similar effect on the SK estimator for con-
solar data during solar bursts, where the estimator failed until tinuous signals as the change of the duty cycle has for the
we applied the normalization. transient ones.
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FiG. 5.—RFI-contaminated dynamic spectrum produced from FST radio data obtained during a quiet-Sun observation. The time and frequency resolution of

the averaged dynamic spectrum ar®42 ms and~1 MHz, respectively. Various types of continuous, clustered, and scattered RFI contamination are evident.

4, IMPLEMENTATION AND RESULTS 4.1. Software Implementation of an RFI Excision
Algorithm for the FST Interferometric System

Having established the theoretical properties of the SK es-

timator, our aim is to suggest a general approach for its practical

implementation as an RFI detection and excision tool. A . - . o
. . . - . for studying methods of RFI excision. The design of this in-
straightforward implementation of an RFI excision algorithm . . L .
strument, which records full time-resolution time-domain data

for a one-channel DFT-based radio spectrograph would requireat a sampling rate of 1 ns. allows blavback of data in simulated
accumulating the suny a8  defined in equation (19) over ping ’ piay

he desiredM h derived f blocks of ti real time while experimenting with software-implemented RFI
the esire spectra, each derive rom ocks of time- excision algorithms in either time or frequency domains over
domain data and normalized by the band-integrated total POWer, . instantaneous 500 MHz bandwidth. This 500 MHz band

@f necessary. From these sums,_the SK estimator, equation (21).41 pe tuned anywhere in the 1-9 GHz frequency range. Since
is calculated and compared with a threshold value based ony,e FST system is composed of three independent data channels
equation (22) (or eq. [23]) to define a flag array to be applied |jnked to three of the seven antennas of the Owens Valley Solar
to S, to remove bad channels. Because of the narrow bandwidthArray (OVSA; Gary & Hurford 1999), the performance of the
of most RFI, one can maximize retention of RFI-free data RF| excision algorithms on correlated data can also be inves-
channels by accumulating the SK statistics at a finer frequencytigated. However, this flexibility does not come without cost.
resolution than the desired (science-based) bandwidth and compye to the limitation to 2 Mbytes per channel of on-board
bine frequency channels after RFI excision. memory of the 8 bit resolution digitizing system (Acqiris

In the case of an interferometric radio array, the logiab DC271), no more than about 2 ms of contiguous time-domain
of the RFI flag arrays (assuming channels with RFI are flagged data segments can be recorded at a time, with time gaps between
as zero) yield an RFI flag array for each pair of antennas. Notedata segments that are due to the time needed to download the
that this approach avoids the theoretical difficulties of defining recorded data and store it on the host computer hard drive. The
a statistical estimator for the correlated spectra, which would duty cycle for data acquisition is roughly 1%. The data we use
have to take into account the fact that the data sets recordedo illustrate the SK algorithm were taken in modes 1 and 3, as
by two different antennas are not statistically independent (Frid- defined in Liu et al. (2007), and a standard Hanning window
man 2001). has been applied to reduce the FFT spectral leakage. For three-

One of the main goals of the newly developed FASR Sub-
system Testbed (FST; Liu et al. 2007) is to provide a test bed
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Fi. 6.—RFI-cleaned dynamic spectrum obtained from the same data displayed in Fig. 5. For each averaged spectrum, the RFI flags have been generated based
the V2 statistics obtained frofl = 244 contiguous PSD estimates. Most of the RFI spikes have been removed, and the continuous RFI spectral lines are reduced.

channel data taken in mode 1, 2 ms of contiguous time-domainthe contiguous SK statistics cannot be extended beyond an
data are recorded, with time gaps between segments on thaipper limit (for mode 1 data) dff x M = 2 x 10° contiguous

order of 160 ms. In mode 3, 10 of data are separated by data samples, which, depending on the frequency resolution
20 ms gaps. As a consequence of these hardware constraintslesired, puts an upper limit on the maximum number of PSD
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1820 - . L L L T T T T T T T T T T T
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Time [s after 22:00:00 UT]

Fic. 7.—(@) Magnified portion of Fig. 5 containing RFIb( Same portion of Fig. 6, with some of the RFI remover). Jumber of subchannels flagged for
RFI, in dynamic spectrum format, corresponding to the same portion of the dynamic spectrumaasmd ). The number of subchannels is color-coded
according to the scale above).(
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Fic. 8. —RFI-cleaned dynamic spectrum obtained from the same data displayed in Fig. 5, but with frequency resolution reduced by a factor of 8 in order to
improve the SK statisticd = 1952 contiguous PSD estimates). To allow a better comparison with Figs. 5 and 6, no subchannel integration has been performed

estimatesM, that can be obtained from the same contiguous the extent to which the assumption of an underlying Gaussian
data set. Nevertheless, as shown later in the text, this limitationparent population still holds in the presence of various coherent
can be overcome by ignoring the time gaps and performing or incoherent emission mechanisms that might be responsible
SK statistics based on more-or-less evenly distributed, non-for the natural radio emission produced by the solar radio
contiguous PSD estimates. But one should keep in mind thatbursts. In particular, we want to investigate whether or not a
the efficiency of the estimator using this operating mode may dynamic SK-based RFI excision algorithm can be safely used
be affected by the temporal behavior of nonstationary RFI during a radio burst, without the risk of confusion with artificial
signals. RFI signals.

The FST system also provides the ability to investigate the
validity and efficiency of the RFI excision algorithms under
extreme conditions of rapidly varying power levels of the Gaus-
sian signal, which occur during the impulsive phases of some
solar radio bursts recorded by the instrument. As shown in the In the 1-9 GHz observational range of the FST instrument,
previous section, it is necessary in such situations to obtainthe 1.5-2.0 GHz frequency band is one that is strongly con-
SK statistics based on normalized PSD estimates. However, theéaminated by RFI. Figure 5 displays a dynamic spectrum of
FST system does not need special treatment in such situationghe quiet Sun that is heavily contaminated by RFI signals with
due to its built-in automatic gain control (AGC) loop, which a variety of time-domain characteristics. The dynamic spectrum
dynamically maintains a fixed power level of 6 dBm over the has a frequency resolution efL MHz and a time resolution
500 MHz bandwidth data channel inputs of the digitizer. There- of ~142 ms, each spectrum being obtained by averaging data
fore, the unscaled PSD estimates obtained directly from theobtained from 2 ms segments of contiguous data corresponding
raw data are already normalized by the default behavior of theto one mode 1 acquisition, separated by 140 ms of dead time.
system. However, it is one of the main goals of this study to Each segment has been divided iMo= 244  adjacent blocks
check whether or not the SK estimator really behaves as ex-of N = 8192data samples each, resulting in 244 PSD estimates
pected under the extreme conditions of fast-varying radio in each of 4097 frequency channels, having a frequency res-
bursts, a situation we consider of great practical interest for theolution of ~122 kHz. We then integrate over eight frequency
design of future solar radio telescopes with real-time RFI ex- bins (subchannels) and accumulate in time to produce a time-
cision capability. Moreover, studying the behavior of the SK averaged spectrum with a frequency resolutior-dfMHz.
estimator under radio burst conditions should help us evaluate Figure 6 illustrates the performance of the RFI excision al-

4.2. Performance of the Algorithm in the Case of Strong
RFI
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Fic. 9.—Total power dynamic spectrum of a weak solar radio burst recorded on 2006 April 5, around 21:06:30 UT, in the 1-1.5 GHz frequency band. The
time resolution of the dynamic spectrum is 25 ms, and the frequency resolution is 1 MHz. The vertical black stripes in the plot represent variaple time g
needed to dump each separate acquisition on the storage media. Four on/off periodic RFI signals can be seen at 1190, 1360, 1400, and 1440 MHz, in additio
to a few narrowband features scattered below 1200 MHz, most likely due to aircraft distance-measuring equipment. RCP and LCP labels indicateea few of t
periodic changes in the background intensity, about every 4 s, due to periodic switching of the observed circular polarization, which is theodefafilt m
operation of OVSA.

gorithm in the case o¥2 statistics based on a single averagedquency and time bin. It is evident that in the case of continuous
spectrum. A detection threshold el + 3 ¢ = 1 = 6/M has RFI components, for much of the time, at least one out of eight
been used to flag the RFI-contaminated channels and removdrequency channels are flagged as being contaminated by RFI,
them prior to subchannel integration. Channels for which sub- and we anticipate that if better statistics (lard&r were pos-
channels have been removed are proportionally scaled in amsible, the results would have been better. The general salt-and-
plitude to correct for the missing subchannels. Given the small pepper aspect of the flag spectrum is explained by normal
number M = 244) of PSD estimates we have available as a statistical fluctuations of the SK estimator, expected to be on
result of the low duty cycle of the FST, we consider the per- an order o~1% for the 3o detection threshold used. The total
formance illustrated by Figure 6 to be promising. Even in this number of bins flagged as RFI represet5% of the original
case of low-number statistics, Figure 6 shows that the algorithmdata, which suggests thatl.5% of the data have been suc-
successfully removes most of the transient RFI without af- cessfully identified as contaminated with RFI, and removed.
fecting the continuum background. The removal of the strong, To check the extent to which the performance of the SK
apparently continuous RFI is less effective, perhaps due to aestimator would be improved by better statistics, we present
combination of low-number statistics, time gaps forced by the in Figure 8 the results obtained by reducing the estimator fre-
low duty cycle of the instrument, or residual nonstationary quency resolution by a factor of 8, yielding = 1952 PSD
power level, which can reduce the effectiveness of the algo- estimates in each frequency-time bin. To allow a better com-
rithm for continuous RFI as shown in Figure 4. We anticipate parison with the results presented in Figure 6, we have not
that the algorithm will perform better for continuous RFI in performed in this case any frequency integration, so that the
an instrument with a 100% duty cycle. Indeed, a detailed in- RFI-flagged bins appear black in the plot. Although the results
spection of the RFI flags generated by the algorithm revealshave improved, we note that the algorithm performance is still
that it is sensitive to the continuous RFI. Figure 7 zooms in not optimal. This is because by reducing the frequency reso-
on two areas in Figures 5 and 6 and shows the number (zerdution of the estimator, the S/N of narrowband RFI is also
to eight) of surviving (unflagged) subchannels in each fre- reduced, due to the wider frequency bins. The total data loss
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Fic. 10.—RFI-cleaned version of the spectrum displayed in Fig. 9, using a running buffer as explained in the text. ANbtal 2880 PSD estimates have

been used to evaluate the SK estimator and generate the RFI flags. In comparison with the dynamic spectrum displayed in Fig. 9, the periodinfiyed-freque
RFI signals, and nearly all of the scattered RFI spikes, have been removed, while the spectrum of the solar radio burst is not affected by thgakbision al

The algorithm fails to detect the RFI spectral lines at the earliest times, until a statistically significant number of PSD estimates is accuthelatathing

buffers. The RFI spikes in a few time bins at about 1090 MHz, having a very low duty cycle at the timescale of the running buffers, results in the removal of
most of the data for the affected frequency channel.

in this case is~7%, which may be partially due to better per- of the SK algorithm may be greatly improved by accumulating
formance, but is also due to the fact that the narrowband RFIthe sumsS, ands, , on which the SK estimator is based, in

contaminates larger frequency bins. running buffers{S} angS,} that span a much longer time.
Sums over theM = 12 PSD estimates for each time bin are

4.3. Weak Solar Radio Burst Spectrum Contaminated by added to limited-length arrays holding a predefined number of

Moderate RFI partial sums. When the length limit of these arrays is reached,

Figure 9 displays a dynamic spectrum corresponding to athe (_)Idest{Sl, SZ}_ pair is discarded to make room for the in-
solar radio burst recorded by the FST instrument on 2006 April €0Ming one. This procedure allows us to generate, based on
5in the 1.0-1.5 GHz range. The burst consists of several weakihe total sums§, = 3§, an&, = ¥ S, , a statistically sig-
emissions, the most intense being observed around 21:06:3@mificant SK estimator that is used to flag the RFI-affected spec-
UT. Four on/off periodic RFI signals can be best observed at tral components of the incoming time bin.
about 1200, 1360, 1400, and 1440 MHz, in addition to a few  Figure 10 presents the cleaned version of the spectrum pre-
transient RFI spikes near 1100 MHz. A periodic change in the sented in Figure 9, based on running history buffers maintain-
background intensity every 4 s is due to feed-switching betweening 240 partial sums of 12 contiguous PSD estimates. Thus,
right-hand and left-hand circular polarization. The spectrum in the statistics are generated frovh = 2880  PSD estimates.
each time bin results fronN x M = 10° time samples of Comparing Figs. 10 and 9, we conclude that the approach
1 ns each = 8192 M = 12 Af = 0.122 MHz) separated successfully removes most of the RFI spectral components
by 25 ms dead time, while100 ms time gaps occur between without affecting the spectrum of the solar radio burst. Note
20 consecutive spectregftical black stripes), due to additional that the algorithm fails to detect the RFI in the first few seconds,
dead time needed for writing the data to disk. before a statistically significant number of PSD estimates is

Although the number of PSD estimaté$,= 12 , is far too accumulated in the running SK buffers. While the “learning
small for useful statistics for an individual bin, the efficiency curve” of the estimator should not be of concern, given the
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Fic. 11.—Portion of the dynamic spectrum of a solar radio burst recorded by FST on 2006 December 6, 19:41:00 UT, when strong radio spikes where observed.
The frequency and time resolutions of the dynamic spectrum~@r&22 MHz and 25 ms, respectively. However, each averaged spectrum corresponding to a
25 ms time bin was obtained only from 0.1 ms of contiguous data samples, resulfihg=iri2 consecutive PSD estimates. The first 4 s of data, taken with a
right-hand—polarized (RCP) feed, reveal intense radio spikes, with only weak RFI contamination. The rest of the data, taken with a left-rrzttidpORYi
feed, reveal just a few radio spikes and clear RFI contamination. However, some of the spiky structures present in both polarizations mighttaléovbeddtoe
cycle RFI.

fact that this is a time-limited “start up” effect, the high sen- burst (Fig. 9), each time bin of the spectrum is obtained from
sitivity of the estimator to transient RFI spikes might resultin N x M = 10° time samples of 1 ns eaciN(= 8192 M =

an undesired complete blanking of some spectral regions thatl2, Af = 0.122 MHz), separated in this case by 20 ms dead
are only transiently affected by RFI, as shown by the missing time.

channel near 1090 MHz. RFI spikes in a few time bins can A legitimate question arising from the displayed spectral
result in removal of all data for the affected frequency until structures in Figure 11 is whether or not ¢ statistics will
the contribution to the sum “ages off” and leaves the buffer. remain insensitive to the natural spiky structures while still
A balance must be struck between increasing buffer size for discriminating the true RFI contamination. The answer to this
improved statistics and the corresponding loss of data due toquestion is important from both practical and theoretical points

overlong response to transient RFI. of views. From a practical standpoint of a real-time RFI ex-
cision algorithm, it would be highly undesirable for the natural

4.4. Strong Solar Radio Burst with Fine Time-Frequency solar emission to be irreversibly removed due to its being mis-

Structures taken for low—duty-cycle RFI contamination, to which we al-

One of the solar radio bursts recorded by FST that occurredready proved the high sensitivity of the SK estimator. From a
on 2006 December 6 displayed extremely strong, narrowbandtheoretical point of view, th&; analysis of this data set might
(few MHz), short-duration€20 ms) radio spikes thatnominally ~ reveal whether or not the intensity of such natural radio spikes,
look a great deal like RFI. Figure 11 displays s of the generally believed to be produced by the electron cyclotron
dynamic spectrum, where the highly right-circularly polarized maser emission mechanism (see Fleishman et al. 2003 and
(RCP) spike bursts are apparent during the fis, when the references therein), nevertheless obeys a Gaussian statistical
system was measuring RCP, but are nearly absent when thelistribution.
system was switched to left-circular polarization (LCP) inthe  The numbeM = 12 of contiguous PSD estimates within a
last ~3 s. At the same time, RFI is weak during the first single time bin is too small to be statistically significant, and
~4 s, but more readily visible in the las8 s. Asinthe previous ~ when we applied the running buffer approach of the previous
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Fic. 12.—Same dynamic spectrum displayed in Fig. 11, but with much lower frequency resolution. Each of the contiguous 0.1 ms data segments have beer
divided inM = 390 adjacent blocks ™ = 256 data samples, for~&819 MHz frequency resolution. No integration in the frequency direction has been performed.
Most of the spike clusters are still partially resolved in the RCP segment of the spectrum, while only one RFI spectral line at about 1020 MHz iatyains cle
visible.

section, the algorithm did indeed incorrectly flag the spikes as near 50%. The random removal of spectral bins is about equally
RFI. However, as mentioned above, we can incredsby numerous in both the RCP and LCP sections and is consistent
decreasingN (i.e., decreasing spectral resolution), which is with the 1% removal expected for ad3discriminator.
likely to be fruitful, since the spikes have an intrinsic spectral  Therefore, we can conclude that the implementation of an
width of several MHz. Figure 12 displays the dynamic spectrum SK-based RFI excision algorithm in a real-time instrument,
obtained for the same data set, but with a frequency resolutionwhich can be designed to ensure sufficient statistics in the
of 3.9 MHz. As expected, most of the individual spikes are 20 ms lifetime of a spike, would be unlikely to trigger more
still resolved, while some of the weaker RFI spectral lines than statistically expected false RFI alarms, even in the pres-
present in Figure 11 are no longer visible, due to the fact that ence of intense and highly fluctuating natural radio emission.
their S/N has been decreased by increasing the width of the
frequency bins. While the temporal resolution of the dynamic
spectrum remains the same, each of the individual spectrogramg, 5, Rapidly Varying Gaussian Transients
is now obtained fromM = 390 contiguous PSD estimates,
which according to equation (27) should be sufficient to dis-  The success described in the previous section may be artificial,
criminate continuous RFI with a S/N as low a4.3. since the natural radio spikes do not vary over the A80of
Figure 13 presents the results of the RFI excision algorithm contiguous data, yet on longer timescal&8Q us< 7 < 20 ms)
applied to the data displayed in Figure 12, with no frequency they must rise from a low background to some peak level and
integration. Remarkably, almost all of the natural radio spikes then subside. To quantify the SK estimator sensitivity to such
survived the application of theé  discriminator. This indicates natural transient signals that obey Gaussian statistics, we follow
that in the limit of the 390 PSD estimates available, a Gaussiansimilar steps to those in § 3.2.2, considering this time that a
distribution is at least a good approximation for the probability stationary Gaussian background, characterized by a constant
distribution function of spike intensity. On the other hand, two variances? , is mixed foR out of theM analyzed data blocks,
of the three adjacent RFI spectral lines have been completelywith a narrowband Gaussian transient signal characterized by
removed, as have a few other bright features believed to bethe varianceys? , where the ratio of the two varianegs, , is
RFI. The low-frequency edge of the main RFl-affected bins is still referred as a signal-to-noise ratio. Under these consider-
not removed, possibly due to a too low S/N or a duty cycle ations, the power sums entering the SK estimator can be ex-
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Fic. 13.—Results of the RFI excision algorithm applied to the data displayed in Fig. 12. Since no frequency integration has been performed, the RFI-flagged

spectrogram bins appear black in the plot. Remarkably, the SK estimator proves to be insensitive to the natural spiky emission, while it sdetastsfutlgst

of the continuous RFI spectral line at about 1020 MHz. The spectrogram also reveals a few scattered bins flagged by the algorithm, most likelydatze RFI a
However, the total data losses).7% in the RCP section, are close to tiE% losses due to statistical fluctuations expected for-t3ss RFI detection threshold
used.

pressed as tively limits the accumulation time to times shorter than the
intrinsic variation of the natural emission, which is normally
(S)) = 2R1 + g, )0% + 2(M — R)o?, not a problem, except for such extreme events as solar spike
bursts. Whether the difference in behavior demonstrated in Fig-
ures 2 and 14 can be exploited for reliable discrimination be-
tween RFI and Gaussian transients is an issue that may be
worth addressing in a future study.

(S,) = 8R(L+ 7n)%*+ 8(M —R)o*, (32)
and subsequently

M 2(MIR — 1))
M1l R nk)sz . (33) 5. CONCLUSION

S ) The statistical properties of the PSD estimates obtained in
transient RFI signal given by equation (30). _ an RFI excision algorithm suitable for real-time implementa-

Figure 14 displays the expected SK estimator as given bytion in radio telescopes has been proposed. However, the the-
equation (33), along with the corresponding simulated results, gretical analysis is general and should be directly adaptable for

for the same S/N values as in Figure 2. Comparing these twomany applications in addition to RFI mitigation in radio as-
figures, we can conclude that the SK estimator is indeed highly {ronomy. The main findings are as follows:

sensitive not only to RFI transients, but also to Gaussian tran-

sients, the only difference being that the SK estimator in the 1. There exists a discriminator that we refer to as the spectral
case of a Gaussian transient is always greater than unity forkurtosis, which for the special case of Gaussian noise has the
any particular duty cycle other than exactly 0% or 100%. Thus, valueVi? = 1 + |W,|*, where\,, is given by equation (14).

if we had longer contiguous data for the event in Figure 11, 2. Using sumsS, ané, , which are sums of the first two
so that the Gaussian noise level varied significantly over the powers ofM PSD estimates, we define a discriminator for
accumulation period, it is likely that the algorithm would have Gaussian noise that we call the spectral kurtosis estimator,
“failed” and the spikes would be flagged as RFI. This effec- V2 = M(MS,/S? — 1)/(M — 1).

) =

2007 PASP119:805-827



RFI EXCISION 823

T

\ — — — —SNR=1

Spectral Kurtosis (Expectation)
Spectral Kurtosis (Simulation)

Olllllllllllllllllll- O||||||||111|1111111<

0 20 40 60 80 100 0 20 40 60 80 100
Signal Duty Cycle(%) Signal Duty Cycle(%)

Fic. 14.—SK estimator vs. duty cycle of a transient Gaussian signal for different SNEh¢oretical expectation for S/Ns ranging from 1 to 50. The horizontal
dotted lines represent the 3 ¢ detection thresholds fdvl = 1000 PSD estimatesb) Simulated SK results corresponding to the theoretical parameters presented
in (a).

3. The value of this SK estimator is unity in most spectral either can be used interchangeably, with the choice being driven
bins, with a variance given by equation (22), which for practical by whether spectral channels are derived from an FFT-based

purposes (see 8§ 3) reduces to approach (where SK would be used) or from a finite impulse
response (FIR) or polyphase filter approach (where time-do-

var (V2) 24M, k = 0,N/2, (34) main kurtosis would be used).
am, k=1, .., (NN2-1). The above results have been applied to the problem of RFI

identification and excision using full-resolution time-domain
The variance in the DC and Nyquist bins £ 0,N/2 ) is the data recorded by the FST instrument (Liu et al. 2007) during
well-known value24M obtained from time-domain analysis RF| surveys and solar observations. Taking into account the
(e.g., Ruf et al. 2006), which unifies the time- and spectral- jimitation on the number of PSD estimates allowed by the FST
domain approaches. instrument, we consider the results to be a successful experi-

Using the above expectation values of the estimator and itsMental validation of the use of the SK estimator for RFI ex-
variance, one can determine whether any time-domain signalCision. Moreover, the algorithm appears to be most effective
obeys Gaussian statistics by performing a Fourier transform,in the case of transient, low—duty-cycle RFI. If it proves to be
accumulating sums, and examining whether the result in anyless effective for channels with continuous RFI, such channels
frequency bink agrees with the expected value within a pre- are easy to detect from simple power-level considerations, and
defined deviation [e.g3 ¢ = 3(4M)¥? ]. However, the extent it is always possible to flag them using a predefined static
to which the presence of non-Gaussian signals can be distinfrequency mask.
guished from noise depends on both the $(N  and the duty We have also demonstrated the robustness of the SK esti-
cycled = RIM of the signal, according to equation (30). In mator for identifying RFI in conditions of considerable tem-
particular, the algorithm is “blind” to RFI with a duty cycle poral and spectral complexity presented by solar radio bursts.
near 50%, as has been noted previously for the case of time-The algorithm successfully identifies the non-Gaussian artificial
domain kurtosis (De Roo et al. 2007). In fact, we have shown signals for flagging while passing the natural solar radio emis-
that spectral kurtosis and time-domain kurtosis are completelysion, which recommends it as a promising and valuable tool
equivalent, with the same strengths and weaknesses. Hencdp be considered for a real-time implementation in future radio
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instruments, such as FASR. However, Gaussian transients such We thank the anonymous referee for pointing out the effect
as spike bursts may limit the time window over which to gather of Gaussian transients, and for other comments that improved
statistics. We agree with Fridman & Baan (2001) that no single the paper. This work is supported by NSF grant AST 03-52915
RFI excision technique will be 100% successful in identifying to the New Jersey Institute of Technology. We acknowledge
all possible artificial signals, but the SK estimator is a powerful additional support for the Owens Valley Solar Array through
tool when used in combination with other techniques. NSF grant AST 06-07544 and NASA grant NNG06GJ40G.

APPENDIX A
SPECTRAL VARIABILITY OF A WINDOWED TIME-DOMAIN GAUSSIAN SIGNAL

To derive the spectral variability of a windowed Gaussian is the real part of the normalized Fourier transform of the
signal, we start by conveniently rewriting equation (5) as squared time-domain window,

= A +Bj (A1)

[ 2 Niw COS(Zwkn)
NEWnZn:O h% N '

evaluated at the discreet frequendigs= 2f,
e Note that by definitionW, = W, = 1 for any windowing
\/ Z 2 WXnSIn(Z ki ) (A2) function, which implies that for the DC and Nyquist
N> wZ a=o frequenciesg? = ¢, = 26, /N . On the other hand, sirke
) ] o andB, are zero-mean random variables, it immediately follows
Since A, andB, are linear combinations of zero-mean y .. (A2) = g2 and(B?) = o2 ; hence, the expected mean of

Gaussian variables, they are also random variables belonginqhe PSD estimatey, = (B,) , is given at all frequencies bins
to normal parent distributions of zero mean, and have variancesDy ¥ K

oz and o that can bexactly computed from the formula,
generally providing only the first-order approximation for the
variance of a function oN random variables,

where

N—
z 21r|anN (A6)

>
[

99 9 '
= S gmam COVX) (A3 N
h=e k=01, .. N2, (A7)
(Kendall & Stuart 1958, p. 232), whesg/om  are the partial
derivatives evaluated at the mean values= (x) , and

Cov (x, %) is the covariance of the two random variables, which indicates that the power of the Gaussian signal (white
which is zero for independent variables (as is the case here)oise) is, as expected, equally distributed among the frequency

and reduces to the varianeg  fo=j . bins of the PSD estimate. However, contrary to the case of a
After some basic mathematical manipulations, equation (A3) square windowing function (generally an unstated assumption),
leads to remarkably simple results: equations (A4) and (A5) reveal that the variances of the real
) and imaginary parts of the PSD estimate are not generally
=1+ g}{(WZk)]ﬁ, (A4) equal. This means that at any given frequency bin, even a
N symmetrical time-domain window may produce an asymmetric
) . 2 distribution of the spectral power between the real and
o5, = [1 = N(Wa)] N’ imaginary parts of the PSD estimate in a way that is dependent
on the Fourier transform of the normalized, squared time-
where domain windoww? 3, w? .

Since for the particular DC and Nyquist frequency bins we
47k n) < have B, = By, = 0, the PSD probability distribution
RWa) = E W COS( /n:O W (AS) function associated with these frequency bins can be derived
directly from the Gaussian distribution associated with the
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correspondingd, coefficients, samplegx,} , we get
0_2
1 A2 s, = COV (A, B) = I(Wa) 3 » (A14)
P(A) = == exp(— —2), (A8) ‘ N
\2T0), 20,
where
which after the variable chang® — I5k , becomes N-1 Aok
Sw) = wsin(TY) S wr (A1)
n=0 N n=0
p(P) = ora P Y2 exp(— 202 Pk) , is the imaginary part of the normalized Fourier transform of
Ak the squared time-domain window evaluated at the discreet
k = 0,N/2. (A9) frequencied,, = 2f, . In the case of a symmetric time-domain

window, it immediately follows thatJ3(W,,) = 0 , which

. implies the statistical independence &Af aBd . However,
Equation (A9) can be used to compute afy-ordermoment  gince for the reasons mentioned in § 2.1 we do not want to

about the origin of the PSD estimajg(n) = (R") , whichis jh05e any constraints on the time-domain window, we notice

given by that according to equations (A14) and (A15), any asymmetric
time-domain window would induce a statistical correlation of
w(n) =1x3 ... x (20— 1)g2", the DFT coef_ficients tha_t has to be taken in_to consideration
when computing the variance of the PSD estimate.
k =0,N/2, (A10) We have established so far that in the most general case, the

DFT coefficientspA, and@, corresponding to a given frequency
_ ) ) \ bin are Gaussian random variables of zero mean and known
and the variance of the PSD estimatg,= u,(2) — (1) . at yariances. However, since far# ON/2  the PSD estimate is

the DC and Nyquist frequency bins, as a quadratic combination of two random variables that may be
statistically correlated, its expected statistical moments should
85 be derived from the joint distribution of two dependent
o =02, = N; . (A11) Gaussian variables, which is

o o _ P(A. B) = explid; (4 — 22 + o]
Hence, taking into consideration equations (A7) and (Al1l), the
spectral variabilities corresponding to the DC and Nyquist

frequency bins turn out to be X

-1

/ 2
210051 — pg

. , (Al6)
Vo =M =2, (A12)
(Davenport & Root 1958), where

which is a generally valid result, independent of the actual o2

shape of the time-domain windowing function. p =~ (A17)
However, for all other frequency bins, a complete statistical Kt

description of the PSD estimate cannot be obtained without

evaluating the covariances of thAe  aBd  coefficients. Again,

the linearity of these coefficients assures us that the generah

is the correlation coefficient of the DFT coefficients.
The evaluation of the PSD variance in the most general case
escribed by equation (A16) can be greatly simplified by using

formula the moment-generating function
Y of ag M(t) = (e®éea)
Cov (f,g) = — — Cov (X, %), Al13
(f.0) zwmm (. %), (A13) ) L
1= 22+ @)t + daZo2(I — pAt?
provided by Kendall & Stuart (1958, p. 232) only as a first- (A18)

order approximation, leads in this case to an exact result.
Recalling the assumed zero correlation of the time-domain datawhich can be straightforwardly employed to computeritie
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order moments about the origin, defined by equation (1), can be now expressed as
/ dn 2 4 + 4 + 2 2
W) = o | MO). (A19) Ve - (on, + 08, oAksk)' (A21)

(UA2k + aék) 2

Hence, the variance of the PSD estimateKog 0, N/2 is _ _ )
which, making use of equations (A4), (A5), and (A15), can be

o2 = 2(0i + o + 20,%), (A20) rewritten in a remarkably simple, compact form as

which can be formally reduced to equation (Al1) fgf = Ve =14 W2 (A22)
og, =0, 0s, = 0,8, =0, ando? = gy, = 20,IN.

Therefore, using equations (A7) and (A20), as well as Taking into consideration equation (A12), and that= W, =
equations (A4) and (Al4), the PSD spectral variability, as 1, this is a result that is valid for ak = 0, 1, ... N/2 .

APPENDIX B
VARIANCE OF THE SK ESTIMATOR

We rewrite equation (21) in terms of the first two sample where the covariance of any moment with itself should be

moments about the origin of the random variaBlg ; i.e., understood as its variance. Using these relationships, equation
m; = S/M andm’, = S,/M, which leads to (B3) becomes
N M m/ m/ 1 o 12 4 1o 4 !
vﬁ:—( 22—1). (B1) Var( i):—{’“—ﬂz—”—sz"%riﬁ} . (B5)
M —1\m; m;; MU uf T T8y
Hence, from equation (A3), we obtain Fork = 0,N/2, equation (A10) leads to
- M \2 m’z) (m’z) 24
=|—— —= Var{—;) = —, B6
var (V2) (M — ) Var(m,12 , (B2) 2 v (B6)

which translates the problem of determining the variance of which, as expected, is the same as the variance of the classical
V2 to the more general problem of determining the variance of kurtosis parameter computed from the fourth and second
the ratio m,/m?? of any statistical distribution. Taking into moments of the time-domain amplitude (Kendall & Stuart
account the fact that the expectation values of any sample1958).

moment of ordeq, my,, is the parent population moment of the ~ Fork # 0,N/2, equations (A19) and (A4) lead to

same ordery, , we can again employ equation (A3) to obtain

m; 4
Var (M) = 1 S~ W+ 9,

m/ 4 12
Var (m) = T2 Var (m,)

1 231 (B7)
4y, / , 1 , . . .
— —5 Cov (my, m;) + —2 Var (m’). which becomes equation (B6) fér= 0,N/2 , sind@j| =
251 M1 |\N\|| — 1
(B3) Therefore, the variance of the SK estimator (eq. [18]) is given

at all PSD frequency bins by the unique expression
The exact variances and covariances entering equation (B3) are
given by Kendall & Stuart (1958, p. 229) for any distribution
as

4M
(M- 1)
X (14 BWoy |2 — |+ [Wy|9 .

Var (V) =

/ Ny — l / I
COV (rnqi m) - M (uq+r /J’q“r)! (B4) (BS)
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