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Abstract—The strong uncorrelating transform (SUT) provides
estimates of independent components from linear mixtures using
only second-order information, provided that the components
have unique circularity coefﬁcients. We propose a processing
framework for generating complex-valued subbands from
real-valued mixtures of speech and noise where the objective is to
control the likely values of the sample circularity coefﬁcients of
the underlying speech and noise components in each subband. We
show how several processing parameters affect the noncircularity
of speech-like and noise components in the subband, ultimately informing parameter choices that allow for estimation of each of the
components in a subband using the SUT. Additionally, because the
speech and noise components will have unique sample circularity
coefﬁcients, this statistic can be used to identify time–frequency
regions that contain voiced speech. We give an example of the
recovery of the circularity coefﬁcients of a real speech signal from
a two-channel noisy mixture at 25 dB SNR, which demonstrates
how the estimates of noncircularity can reveal the time-frequency
structure of a speech signal in very high levels of noise. Finally, we
present the results of a voice activity detection (VAD) experiment
showing that two new circularity-based statistics, one of which
is derived from the SUT processing, can achieve improved performance over state-of-the-art VADs in real-world recordings of
noise.
Index Terms—Speech processing, short-time Fourier transform
(STFT), noncircularity, improper, circularity coefﬁcients, voice activity detection (VAD).

I. INTRODUCTION

C

OMPLEX-VALUED frequency subband analysis tools,
such as the short-time Fourier transform (STFT), have
been very effective and widely-used tools for the analysis of
real-valued acoustic data for decades [1]. In many applications,
the magnitude (or magnitude-squared) of each complex value is
used, which is an implicit assumption of statistical circularity.
However, as we will show, sinusoidal and harmonic input sig-
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nals can produce noncircular subbands. In this paper, we propose a processing framework in which the noncircularity of
a subband provides important information about a harmonic
signal, using a speech signal as an example because the voiced
portions are harmonic. Within this framework, we are able to
choose processing parameters that help to control the likely
values of the sample circularity coefﬁcients of the speech and
noise components in a subband, ensuring with high likelihood
that they are unique. Through the use of the strong uncorrelating
transform, we are then able to estimate the noncircularity of
the clean speech signal subbands in very high levels of additive noise. Because the noncircularity of the subbands conveys
information about the original signal, this information can be
used for voiced speech detection, fundamental frequency estimation, and speech enhancement [2], [3].
In this processing framework, we decompose the input noisy
harmonic signal with a complex ﬁlter bank and analyze the
structure of the resulting subbands in the complex plane by computing estimates of the circularity coefﬁcients of the underlying
signal and noise components. The circularity coefﬁcient characterizes the eccentricity and angle of the probability distribution of a complex random variable in the complex plane [4],
[5]. Sinusoids of similar frequency to the subband center will
produce subbands with a circularity coefﬁcient magnitude near
unity. Thus, with a sufﬁcient number of subbands, the circularity
coefﬁcient can be used to identify the frequencies of sinusoids
present in a signal. If additive noise is present, however, the circularity coefﬁcient magnitude in those subbands will decrease
as the signal-to-noise ratio (SNR) decreases, limiting the effectiveness of this approach.
The strong uncorrelating transform (SUT), a form of complex independent component analysis (ICA), can blindly recover independent components within a linear mixture using
only second-order information, provided that the latent components have unique circularity coefﬁcients [6], [7]. The processing chain used in this work is designed to generate subbands in which the harmonic signal and noise components have
unique sample circularity coefﬁcients, allowing an estimate of
each component to be recovered by the SUT.
We will show that several factors contribute to the circularity
of each component in a subband: the alignment in frequency
of the demodulator and the underlying sinusoidal signal, the
bandwidth of the ﬁlterbank analysis ﬁlter for broadband noise,
and the sample sizes used to compute the sample estimates of
the second-order statistics. We propose a processing framework
that will allow us to control the likely values of the sample circularity coefﬁcients of the underlying components through the
choice of the demodulation, ﬁltering, and sample size parameters, thereby enforcing the requirement that each circularity co-
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efﬁcient is unique. We then use the SUT to obtain estimates of
the latent signal and noise components in each subband. We note
that the estimates of the latent signals in each subband are accurate only up to a phase shift and magnitude scaling, meaning
that recombining the recovered subbands to form the full bandwidth latent signals is not possible without further information.
However, the estimated circularity coefﬁcients from this processing are accurate, and they can be used for speech analysis.
We give an example of deriving useful information about the
underlying speech signal via the recovered circularity coefﬁcients from a mixture of speech and noise at
dB SNR. To
demonstrate how the recovered circularity coefﬁcients could be
applied, we give the results of a voice activity detection experiment in which we compare two new circularity-based statistics
versus two state-of-the-art magnitude-based VADs in real-world
noise. We will show that for many noise environments, the circularity-based VADs achieve improved performance over the
baseline systems. We note that as proposed, no estimates of the
noise statistics are required for this analysis. It does, however,
require a critically determined mixture, where the number of receivers is equal to the number of signals.
A. Background
Independent component analysis (ICA) [8] has been extensively studied for the blind source separation (BSS) problem [9].
The general framework for the BSS problem is that we observe
a vector that is composed of linear mixtures of independent signals. In BSS, we wish to ﬁnd a demixing matrix that recovers
the underlying signals from the observed mixtures. There are
many algorithms for performing ICA, each of which may use a
different characteristic of the underlying signals to form the estimate of the demixing matrix. Popular methods for performing
ICA rely on maximizing the non-Gaussianity of the estimated
components, because sums of non-Gaussian components will
always be more Gaussian, per the central limit theorem [10],
[11]. Other characteristics of the latent components can also be
used for estimation; a review of ICA algorithms and the signal
characteristics that each uses is given in [12]. For ICA with complex-valued signals, the noncircularity of the underlying components can be used to estimate the latent signals via the SUT.
The theory of complex random variables, and, in particular,
the characterization of the variables as second-order circular
or proper has gotten attention in recent years. In brief, the full
second-order characterization of a complex-valued random
variable requires the estimation of the complementary covariance (also called the pseudo-covariance). Taken together with
the usual covariance, it describes the second-order circularity1
(or propriety) of the distribution of the random variable via a
statistic called the circularity coefﬁcient. The circularity coefﬁcient magnitude ranges from zero to unity, with unity indicating
perfect noncircularity. In the literature, perfect noncircularity
is also described as rectilinear, because the signal will appear
as a line in the complex plane. Yeredor [13] has shown that a
rectilinear source can be perfectly separated from more circular
sources with the SUT. A review of current developments and
applications of complex-valued signal processing is given in
Adali, Schreier, and Sharf [14] and with a focus on BSS in [15].
1We

use the word circularity by itself in this work to describe second-order
circularity.
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Fig. 1. Flowchart of the computation of the signal subband.

Recently, several researchers have begun analyzing the noncircularity of real-valued signals in complex-valued transform
domains. In particular, Clark, Kirsteins, and Atlas [16] studied
the spectral circularity of real time-domain signals using a modulation model and showed that certain properties of a real timedomain signal can produce noncircularity in the spectral domain. In the work presented here, we study the circularity of
complex-valued subbands for a class of signals modeled on
voiced speech. Additional recent work in complex-valued signal
processing has shown that omitting the assumption of subband
circularity can lead to improved performance in tasks such as
speech enhancement [17], [18], [19].
Millioz and Martin [20] studied the noncircularity of STFT
subbands for signal and noise segmentation and proposed a
modiﬁed transform that ensures that noise-only bins are circular, using spectral kurtosis to detect bins with signal energy.
In contrast, in this work we use a processing chain that ensures
that the noise and signal components are noncircular—with
unique degrees of noncircularity—to facilitate accurate latent
component estimation via the SUT.
B. Complex Subband Analysis
For a given signal
, the complex subband centered at frequency is computed by demodulating and ﬁltering the signal,
(1)
where is the imaginary unit with
,
is an FIR lowpass ﬁlter, and denotes linear convolution (Fig. 1). We choose
to be a Hamming window, which has a low-pass transfer function. Using the symmetry of the window, we have
(2)
which is the deﬁnition of the discrete-time STFT [1]. For computational efﬁciency, we implement the complex subband analysis using FFTs.
The observed vector will be made up of linear combinations
of a signal and noise, represented mathematically as
(3)
where
is the observed vector,
is the vector of the latent
signal (S) and noise (V) components,
(4)
and
gains,

is a spatial mixing matrix composed of complex-valued
(5)

where each variable represents one frequency-dependent complex-valued gain. The gains represent delays and scaling of the
individual components caused by the physical geometry of the
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collection of the data. An example of how the gains relate to the
collection of the data is given in Section V.
C. Second-order Statistics of Complex Random Vectors
Complete second-order characterization of a complex
random process requires the estimation of both the usual Hermitian covariance and the complementary covariance, which is
deﬁned similarly to conventional Hermitian covariance, except
that the conjugate operation is omitted [5], [21], [22].
Let be a zero-mean complex random vector, where
;
and
are the real and imaginary parts of , respectively. The mean of is given by
, where
indicates expected value.
The conventional Hermitian covariance is given by
(6)

where
is the sample size of the estimate. In the case of
Gaussian random variables, the sample circularity coefﬁcient
is the maximum likelihood estimate of the true circularity
coefﬁcient [23]. The squared sample circularity coefﬁcient, ,
is a generalized likelihood ratio test (GLRT) for second-order
noncircularity (impropriety) for a scalar complex random
variable [5, Result 3.8].
II. SIGNAL SUBBAND NONCIRCULARITY
In this section we analyze the sinusoidal signal components
and show that a clean sinusoid aligned with subband center will
be maximally noncircular. We compute the effect of additive
noise on the noncircularity of a perfectly demodulated sinusoid,
and we ﬁnd the effect of mistuning the demodulator. The signal
is deﬁned as a real valued sinusoid with frequency , phase ,
and amplitude ,

denotes Hermitian (conjugate) transwhere the superscript
pose. It is positive semideﬁnite. Complementary covariance is
deﬁned as
(7)

(13)

where the superscript denotes a transpose operation with no
conjugation. The complete second-order model is then given by
the augmented mean and augmented covariance [5]

The sample variance (mean power) of
is given by
. As in (1), we demodulate the signal with a complex exponential of frequency and apply a lowpass ﬁlter. When
,
the subband is given by

(8)

(14)

where the asterisk denotes complex conjugation. Signals for
which the complementary covariance vanishes are called circular because the constellation of such signals in the complex
plane takes on a circular appearance, while the constellation of
a maximally noncircular signal in the complex plane appears as
a line. The circularity coefﬁcient quantiﬁes the degree of noncircularity in the signal and is deﬁned as the ratio of the complementary covariance and the Hermitian covariance when both are
diagonal matrices. In this case, for each dimension in the signal
vector, the circularity coefﬁcient is given by
(9)

Assuming that the cutoff frequency of
the subband is

is lower than

,

(15)
The sample circularity coefﬁcient for

is
(16)

Substituting the relation in (15), (16) reduces to
(17)

where and are the th diagonal element of the complementary and Hermitian covariances, respectively. The magnitude of
the circularity coefﬁcient assumes values between zero and one,
where zero represents a completely circular signal and one represents a maximally noncircular signal [5]. For a scalar , the
circularity coefﬁcient may be written as
(10)
A signal is noncircular if the numerator is nonzero, that is, if the
variances of the real and imaginary parts are not equal or if the
.
real and imaginary parts are correlated, i.e.
In practice, the sample circularity coefﬁcient can be used as
an estimate of the true circularity coefﬁcient. For a scalar , the
sample circularity coefﬁcient is given by
(11)

Thus,
linear.

; the perfectly demodulated sinusoid is recti-

A. Effect of Additive Noise on Subband Noncircularity
Assume now that
is complex-valued, zero mean, circular Gaussian noise with variance given by . We add it to
the rectilinear subband
(18)
and the expected sample circularity coefﬁcient is then
(19)
If we deﬁne the signal-to-noise ratio (SNR) as the ratio of the
Hermitian variance of the signal to the Hermitian variance of
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Fig. 2. Circularity coefﬁcient magnitude versus SNR for a linear combination
of a rectilinear signal and circular noise. As the SNR decreases, the noncircularity of the mixture also decreases.

the noise,
, then we can write the circularity
coefﬁcient in terms of the SNR:
(20)
A plot of the circularity coefﬁcient magnitude versus SNR is
given in Fig. 2. As the noise level is increased relative to the
signal (decreasing SNR), the magnitude of the circularity coefﬁcient approaches zero.
B. Effect of Demodulation Mistuning on Subband
Noncircularity
Now assume that the demodulator is mistuned,
where
is the amount of mistuning, then

Fig. 3. Monte Carlo simulation using 1000 trials of
for an improper (known
) modulated Gaussian test signal with constant
circularity coefﬁcient,
in demodulation. The sample size is
.
IF error

where
is the sample circularity coefﬁcient of the perfectly demodulated signal. Using the identity

(25)

,
where
(21)

is small, within the passband of the lowpass
We assume that
ﬁlter. Thus, the mistuned subband is

(26)
is Dirichlet’s kernel [24], combined with the fact that

(22)
where
is the perfectly demodulated subband. Thus, the
th sample of
is
rotated by
.
Intuitively, when the demodulator is mistuned to the signal,
the error
will cause a slow rotation over time of the estimated modulator. When the sample circularity coefﬁcient of
is computed using (16), the slow rotation causes the
estimated modulator to look more circular. The speed of this
slow rotation is simply . The more samples over which the
sample circularity coefﬁcient
is computed, the more circular
will look. That is, the estimated degree of noncircularity
will be less than the expected degree of noncircularity
for a perfectly demodulated signal. If the
interval over which
is computed is greater than or equal
to
samples,
will appear to be completely circular.
We now derive a closed-form expression for the sample circularity coefﬁcient
when
is a subband of a signal
that has been demodulated with slight error . Plugging (22)
into (16) yields
(23)
Following (15), we may write (23) as

(27)
yields
(28)
With a variable substitution of

we can write (24) as
(29)
(30)

is a function of
Thus, we can see that the behavior of
the circularity coefﬁcient of the perfectly demodulated signal,
, and is dependent both on the number of samples
and the constant frequency error . To show this in a more
general case than a perfectly demodulated sinusoid, we performed a Monte Carlo simulation using a modulated Gaussian
with known noncircularity. Over various errors in demodulation, the Dirichlet kernel shape appears. Fig. 3 shows these results for an improper Gaussian with known circularity coefﬁcient
.
III. NOISE SUBBAND NONCIRCULARITY

(24)

In this section we examine the noncircularity of a complexvalued subband computed from an input signal deﬁned as a
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Fig. 4. Plot of expected value of the magnitude of the circularity coefﬁcient for
demodulated white noise as given by (35) for various values of and . Except
and , the expected value is close to zero, indicating
for very low values of
that demodulated white noise will be circular.

real-valued, zero-mean, unit variance Gaussian random variable. The subband is computed as in (1): a complex demodulation operation followed by a lowpass ﬁlter,
(31)
where
is the Gaussian random variable, and
is the
subband at frequency .
Initially, we will look at the effect of complex demodulation
on noncircularity, neglecting for now the effect of the subband
ﬁlter. We demodulate the Gaussian random variable with a complex exponential at frequency ,
(32)
The demodulated signal is a complex-valued random variable
that, for long sample sizes, is completely circular. To see this, we
compute the expected value of the sample circularity coefﬁcient,
(33)
This equation is identical to (23), except for the input signal.
Following the development through (29), we have
(34)
Because the input noise signal,
, is real-valued, its support
in the complex plane is limited to the real line. Thus, the realvalued input signal is perfectly noncircular, and
. For the
complex subband, we then have
(35)
The magnitude of
is dependent upon both the demodulation frequency, , and the sample size, . The expected value
of the magnitude of the sample circularity coefﬁcient of the demodulated noise over and
as given by (35) is shown in
Fig. 4. In the majority of the space of likely values of and
, the demodulated noise is circular, as indicated by very low
values of the magnitude of the sample circularity coefﬁcient.

Fig. 5. Monte Carlo simulation of the effect of ﬁltering on a circular random
variable. For each Hamming window length, 5000 realizations of a ﬁltered circular random variable were generated. Sample size for computing the circularity coefﬁcient was ﬁxed at 2048 samples. The curve shows that as Hamming
window length increases (and therefore bandwidth decreases), a ﬁltered circular
random variable appears more noncircular.

Note that noncircularity is highest for low values of and/or
.
The expression in (35) is very similar to the expression in
(30). The difference between the two situations is that, in practice, the mistuning parameter
in (30) will be orders of magnitude smaller than the demodulation frequency in (35). For
most demodulation frequencies and sample sizes, a real-valued
Gaussian noise input will result in a circular complex output in
(32) when dealing with the full bandwidth. However, when we
add the subband ﬁlter to the processing, we introduce correlation between successive samples of the demodulated noise, and
the resulting subband no longer appears circular.
To illustrate this, we generate a perfectly circular complex
Gaussian random variable,
, with unit variance and zero
mean. We then apply a Hamming window ﬁlter, given by
,
to
and evaluate the circularity coefﬁcient of the ﬁltered
signal.
(36)
A Hamming window has a lowpass transfer function. The
sample size for computing the sample circularity coefﬁcient
samples. We generate
samples of
is
, where
is the length of the Hamming window, and
we use the last
points of
to compute the circularity
coefﬁcient in order to avoid the ﬁlter edge effects. Fig. 5 shows
the expected value and standard deviation of the circularity
coefﬁcient over 5000 independent realizations of
. As the
bandwidth is reduced by increasing the length of the Hamming
window, the ﬁltered signal becomes more noncircular.
In addition to the bandwidth of the ﬁlter, the sample size used
to compute the circularity coefﬁcient also affects the estimated
circularity of the sub band. Fig. 6 shows the effect of varying the
sample size on the sample circularity coefﬁcient. In this case,
Hamming window length was ﬁxed at 512 samples while the
sample size for computing the circularity coefﬁcient varied from
16 samples to 2048 samples. As the sample size is reduced, the
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Fig. 8. Flowchart of the SUT processing framework. The demodulation and
ﬁltering parameters allow us to control the sample circularity coefﬁcients of the
underlying signal and noise components, facilitating separation via the SUT.

IV. SUT ANALYSIS FRAMEWORK

Fig. 6. Monte Carlo simulation showing the effect of sample size on the circularity coefﬁcient magnitude. For each sample size, 5000 realizations of a ﬁltered
circular random variable were generated. The ﬁlter was a Hamming window of
length 512. As sample size for computing the circularity coefﬁcient decreases,
the sample circularity coefﬁcient appears more noncircular.

Building on the results of the previous two sections that show
how parameters of complex subband analysis such as demodulation frequency and bandwidth affect the noncircularity of
the latent components of the subbands, we employ the SUT,
which uses the noncircularity of the latent signals to estimate
the demixing matrix (Fig. 8). To ensure accurate demixing, the
underlying signals must have unique circularity coefﬁcients [6].
Given our assumption that the two signals present are a harmonic signal and a broadband noise signal, we are able to control the circularity coefﬁcients of the components by choosing
appropriate center frequencies and ﬁlter bandwidths. Because
we are assuming that there are two underlying components (the
harmonic signal and noise) the SUT processing requires two
independent looks at the data. We assume that these looks are
collected by two spatially separated receivers, meaning that the
components will have a unique relative delays and scalings at
each receiver. The subbands are then computed via the STFT
for each mixture, such that each subband is a complex-valued
linear combination of signal and noise component subbands, as
described in Eqs. (3) through (5). To estimate the individual
component subbands from the mixture, we use the SUT algorithm as described by Schreier and Scharf [5] (given previously
by [7], [25]). First, we compute the coherence matrix,
(37)

Fig. 7. Monte Carlo simulation showing the combined effect of sample size and
the bandwidth of the subband ﬁlter on the expected value of the magnitude of the
circularity coefﬁcient for a ﬁltered circular white Gaussian random variable. For
each sample size and bandwidth, 1000 trials were run. For long window lengths
(narrow bandwidths) and short sample sizes, the subband will appear to be more
noncircular.

expected sample circularity coefﬁcient magnitude increases. Intuitively, this effect occurs because in many cases it takes more
sample points to create a circular constellation in the complex
plane.
Finally, we can examine the effect of varying the parameters
together. Fig. 7 shows the expected value of the circularity
coefﬁcient over a range of sample sizes and Hamming window
lengths. As would be expected from the preceding discussion,
the expected value of the circularity coefﬁcient magnitude is
highest for short sample sizes and long Hamming window
lengths (narrow bandwidths). This property will allow us to
choose appropriate parameters to facilitate separation of signal
and noise in the SUT analysis framework discussed in the next
section.

which has a singular value decomposition (SVD) given by
(38)
In addition to the usual SVD, there exists a special SVD called
[5]. To form the
the Takagi factorization, given by
Takagi factorization from the SVD in (38), we deﬁne as
(39)
The SUT is then performed with the demixing matrix
(40)
An estimate of the latent sources is produced by applying the
demixing matrix to the observed vector
(41)
The estimates of the latent sources are accurate only up to a
scaling and phase shift, which makes reconstruction of the
original, full-bandwidth signal from the estimates impossible
without further information. However, the singular values,
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which are the diagonal elements of
in (38), are known as
the circularity spectrum. The circularity spectrum is made
up of estimates of the circularity coefﬁcients of the maximally-decorrelated components of
[5, Section III-B]. In
other words, if the requirement for the SUT to be successful is
fulﬁlled, namely, that the underlying components have unique
circularity coefﬁcients, then the circularity spectrum computed
in the SUT processing is made up of estimates of those underlying circularity coefﬁcients. The algorithm for estimating
the circularity coefﬁcients in this manner is summarized below
as Algorithm 1. In the following sections we show how the
circularity coefﬁcients can be used directly for analysis.
Algorithm 1 Circularity Spectrum Estimation

Fig. 9. Geometry of the simulated experimental setup. The harmonic signal
arrives simultaneously at two receivers spaced ﬁve centimeters apart. The
arrives from an angle of 30 degrees ( ), and thus reaches
noise signal
receiver 1 slightly before reaching receiver 2.

Compute STFT of two-channel input
for each time step
for each subband

do
do

Compute Hermitian covariance using

samples

Compute complementary covariance using

samples

Compute coherence matrix
Compute SVD of coherence matrix
singular values of coherence matrix
end for
end for
V. EXAMPLES
In this section we give two examples of how the proposed
approach can be used to recover information from a mixture
of speech and noise collected with two receivers. The ﬁrst example is synthetic and the exact frequencies of the harmonics
are known, meaning that the subbands can be made to be perfectly noncircular by aligning the centers with the harmonics.
The second example, however, uses real speech, and we will
show that even without perfect alignment of the subband center
frequency with the harmonics, the subbands are signiﬁcantly
noncircular when voiced speech is present.
A. Synthetic Signal Example
For this example we deﬁne the desired signal as a sum of ﬁve
harmonics with equal amplitude
(42)
The fundamental frequency,

, is given by
(43)

Hz and the sampling frequency is
kHz.
where
The noise signal,
, is zero mean, real-valued white
Gaussian noise with variance ,
, and it is generated
in MATLAB with the randn command. The variance of the
noise signal is chosen to arrive at an SNR of 25 dB, where

Fig. 10. Spectral magnitudes of the mixture at receiver 1
, the noise
, and the harmonic signal
. The mixture is very similar to the noise,
while the harmonic signal is much smaller in magnitude.

SNR is measured by the ratio of the sample variances of the
signal and noise.
We simulate the signal and noise arriving at two receivers
separated by ﬁve centimeters, as illustrated in Fig. 9. The desired
signal,
, arrives from the direction directly perpendicular to
the line that joins the two receivers (
), while the noise
signal arrives from an angle of 30 degrees from the line that
joins the two receivers (
). At a sampling rate of 8 kHz,
there is a delay of one sample on the noise signal at receiver 2.
The signals at the two receivers are given by:
(44)
(45)
The complex ﬁlterbank is implemented as an STFT with a
window length of 512 samples, a step size of one sample (511
sample overlap), and 512 FFT points. Sliding the processing
window along the input signal induces a complex rotation
that is an artifact of the processing. We compensate for this
rotation by calculating it at each window step and undoing it.
The Hermitian covariance and complementary covariance are
computed using a sample size of 2048 samples. Given these
processing parameters, the Monte Carlo simulations predict a
noise circularity coefﬁcient magnitude of 0.420.

OKOPAL et al.: SPEECH ANALYSIS WITH THE SUT

1865

underlying circularity coefﬁcient magnitude is estimated as the
ﬁrst coefﬁcient in the circularity spectrum. In the subbands
containing harmonics, the greater magnitude corresponds to
the signal. However, in the other subbands, the greater magnitude corresponds to the noise. Note that, in the subbands
corresponding to harmonics, the second circularity coefﬁcient
has a value that corresponds to the noise.
B. Real Data Example

Fig. 11. Circularity coefﬁcient magnitudes for the mixtures of the harmonic
signal and noise at receivers 1 and 2. The magnitudes are low and very similar,
indicating that they are both dominated by the noise.

Fig. 12. Plots of the estimated circularity coefﬁcient magnitudes of the latent
components as computed by the SUT. The ﬁve harmonics of the signal are
component.
clearly present in the

The spectral magnitude of the harmonic signal, the noise, and
the sum of the two at receiver 1 are shown in Fig. 10. The magnitude of the noise is much greater than that of the harmonic
signal, and the sum of the two signals is dominated by the noise.
The magnitudes of the sample circularity coefﬁcients of the
mixtures at each receiver are shown in Fig. 11. The magnitudes
are very similar for both mixtures, because they are both dominated by the noise in this case.
The magnitudes of the circularity coefﬁcients of the components as estimated by the SUT are given in Fig. 12. The circularity coefﬁcient for
clearly shows strong peaks at the locations of the ﬁve harmonics, while the coefﬁcient for
is consistently of smaller magnitude. In this synthetic example, it is
clear that it would be easy to detect the harmonic subbands by
thresholding the ﬁrst circularity coefﬁcient.
The mean value of the magnitude of the ﬁrst circularity
coefﬁcient (neglecting those that correspond to the harmonics)
is 0.444, which is close to the predicted noise circularity coefﬁcient magnitude of 0.420. For each subband, the greater

In this example we demonstrate how the proposed analysis
can recover information about voiced speech from a mixture of
an actual speech recording and real-valued, zero-mean, white
Gaussian noise (as generated by the MATLAB command randn)
at an SNR of 25 dB. No prior knowledge of the characteristics
of the speech or noise are required for this processing.
The utterance is taken from the narrowband speech included
with Loizou [26] and is a recording of the phrase “Smoky ﬁres
lack ﬂame and heat” spoken by a male. The audio ﬁle is sampled
at 8 kHz. The complex subbands are computed via the STFT
with a window length of 512 samples, a step size of one sample
(511 sample overlap), and 2048 FFT points. The spectrogram
computed from the clean speech with these parameters is shown
in the upper-left panel of Fig. 13.
We simulate a two receiver collection as in the synthetic example presented above. The two receivers are ﬁve centimeters
apart. The speech signal originates at an angle 90 degrees from
the line connecting the two receivers, while the noise source,
scaled to create an SNR of 25 dB, originates at 30 degrees off
of the same line. Propagation losses are not taken into account;
that is, the geometry of the problem only induces a relative delay
of approximately one sample for the noise component at the receivers; there is no relative magnitude scaling. The spectrogram
of the mixture of speech and noise at receiver 1 is shown in the
upper-right panel of Fig. 13. None of the distinguishing characteristics of speech as shown in the clean speech spectrogram
(upper-left panel) are visible in the spectrogram of the mixture
(upper-right panel).
The complex subbands are processed with the SUT in sample
sizes of 1024, and this processing has a step size of one sample.
Given these processing parameters, the Monte Carlo simulations predict a noise circularity coefﬁcient magnitude of 0.552.
The circularity coefﬁcients are estimated as the circularity spectrum computed during SUT processing. Prior to computing the
SVD, we compensate for a complex rotation that is induced by
sliding the processing window. This rotation is an artifact of the
processing parameters, and we remove it by computing the expected rotation induced by sliding the window and undoing that
rotation.
In the lower-left and lower-right panels of Fig. 13, we
show the ﬁrst and second recovered circularity coefﬁcient
magnitudes. As in the synthetic example, the ﬁrst circularity
coefﬁcient represents the signal with very high magnitudes in
the time-frequency regions where signal is present. In time-frequency regions where no signal is present, the ﬁrst circularity
coefﬁcient corresponds to the noise. The second circularity
coefﬁcient, then, has magnitudes that correspond to the noise in
those time-frequency regions where voiced speech is present,
while the other regions are of a much smaller magnitude.
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Fig. 13. An example of using SUT processing to recover the circularity coefﬁcients of the subbands of a speech signal from a mixture with white noise at
dB
SNR. (a) Spectrogram of the clean utterance “Smoky ﬁres lack ﬂame and heat” spoken by a male. (b) Spectrogram of the mixture of speech and noise at receiver
1. Features of the clean speech are not visible in this image. (c) Magnitude of the ﬁrst circularity coefﬁcient recovered by the SUT from the mixture of speech and
noise. The time-frequency regions containing voiced speech are highly noncircular, while the other regions represent the circularity of the noise. (d) Magnitude
of the second circularity coefﬁcient recovered by the SUT from the mixture of speech and noise. The circularity coefﬁcients corresponding to noise that were not
present in the ﬁrst coefﬁcient, i.e. in the regions containing voiced speech, are represented here. The other time frequency regions are more circular.

VI. VOICE ACTIVITY DETECTION
One application for the estimated circularity coefﬁcient magnitudes is voice activity detection, which is the process of determining whether speech is present at a given moment of a noisy
speech signal. This is a good application for this processing because, by design, voiced speech signals produce circularity coefﬁcient magnitudes that are unique from the noise circularity
coefﬁcients. This section summarizes results that were originally reported at ICASSP 2015 [2].
The experiment uses the
subset of the QUT-NOISETIMIT corpus [27], which consists of 100 hours of TIMIT utterances [28] embedded in ﬁve real world two-channel recordings
of noise (see Table I) at six SNRs ranging from 10 dB to
15 dB. Two noise types, CAR and REVERB, convolve the
speech events with reverberant impulses responses measured
in the recording environments.
We will examine two circularity-based test statistics to use
as a voice activity detector (VAD). The ﬁrst is based on the
circularity coefﬁcients estimated in the SUT algorithm as the
diagonal elements of the matrix
in (38), which we will denote
because they will be computed at each time-frequency point. To create a test statistic, we use linear discriminant analysis [29] to train two FFT-length vectors,
and

TABLE I
QUT-NOISE NOISE TYPES AND LOCATIONS

, using
and ground-truth voice activity labels. The
resulting statistic is given by
CS-LDA

(46)

where indicates the LDA vector and the index of the circularity
spectrum. We refer to this statistic as the “circularity spectrum
with linear discriminant analysis” (CS-LDA) statistic.
The second statistic, referred to as the “summed degree of impropriety” (SDOI), is the squared sample circularity coefﬁcient
at each time index averaged over frequency:
(47)
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prising, because adding multiple delayed copies of the signal to
itself tends to make the subbands more circular.
VII. CONCLUSION

Fig. 14. VAD results on the QUT-NOISE-TIMIT corpus. In each stack, top
, and bottom darker-shaded bar corlighter-shaded bar corresponds to
.
responds to

where
is the number of frequency points. For each of the
circularity-based VADs, we compute STFTs with an FFT size
of 1024 and a Hamming window length of 1024 with a step size
of 16. The Hermitian covariance, complementary covariance,
and sample circularity coefficients are computed with a sample
size of
and a step size of 80. The decision labels for
the circularity-based VADs are median filtered with a window
of one second, which corresponds to a 100 sample window.
The VAD performance is evaluated in the same manner as
Dean et al. [27] and Ghaemmaghami et al. [30], each of which
uses the half-total error rate (HTER), computed as the average
of the false alarm rate (FAR) and the miss rate (MR):
false positives

false negatives

(48)

We compare the circularity-based VADs to two baseline
methods: the statistical model-based likelihood ratio test of
Sohn et al. [31] (as implemented in the VOICEBOX Matlab
toolbox [32] with default parameters) and the long term spectral
divergence method of Ramirez et al. Ramirez, with the default
parameters as specified in their paper. These methods are both
single channel, so to make a fair comparison to the two-channel
CS-LDA, we first apply a delay-and-sum beamformer (DSB) to
the two-channel data before running the single channel VADs.
The DSB provides an average improvement of 4.57% in overall
HTER in this experiment.
To choose the detection thresholds for all methods (and additionally for CS-LDA, to train the LDA vectors), we follow the
procedure of Ghaemmaghami et al. [30] which uses cross-validation in each noise type to choose the thresholds. For example,
within the CAFE noise type, the cafe location is used to choose
the thresholds for the food court location.
The results of this experiment are shown in Fig. 14. The circularity-based VADs demonstrate equivalent or superior performance on all noise types except for REVERB when compared to the baseline methods. The poor performance of the circularity-based methods on the REVERB noise type is not sur-

In this work we have shown that the strong uncorrelating
transform (SUT) offers new features for speech analysis in very
noisy environments, such as
dB SNR. The key is our proposed processing framework, which allows us to control the
likely values of the sample circularity coefficients of the underlying speech and noise components, ensuring that they will be
unique. Because the circularity coefficients are unique, we are
then able to estimate them with SUT processing.
We described how several processing parameters will affect
the noncircularity of a complex subband: alignment of the
subband and underlying sinusoidal signal, bandwidth, and
sample size. We gave two examples of this analysis, one with
a synthetic harmonic signal and one with a real speech signal.
In both cases, the SNRs were quite low, and the SUT was able
to recover useful information about the harmonic or speech
signal in very high noise levels. For the real speech signal, high
values of the circularity coefficient identify the time-frequency
regions that contain voiced speech energy. Finally, we applied
this analysis to the problem of voice activity detection by
developing and evaluating two new circularity-based statistics,
and we demonstrated that they can achieve equivalent or superior performance when compared to two state-of-the-art VADs,
except in the presence of heavy reverberation. In future work,
we will explore the utility of the SUT analysis approach in low
SNR environments for intelligibility enhancement as well as
automatic speech recognition.
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