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Abstract—In source detection and localization, the presence
of a common but unknown signal can be detected from several
noisy sensor measurements using the generalized coherence (GC)
estimate. We propose to improve the performance of the GC
estimate for multisensor detection using noise-suppressed signal
estimates obtained from time-varying techniques. If one of the
sensors has a significantly higher signal-to-noise ratio (SNR) than
the other sensors, then it could be preprocessed prior to the GC
estimate to improve detection performance for the remaining,
lower SNR sensors. We perform this processing by estimating
time-varying signals of interest with nonlinear phase functions
using two methods: a) a modified matching pursuit decomposition
(MMPD) algorithm whose dictionary is similar, in time-frequency
structure, to the signal and b) an instantaneous frequency (IF)
estimation method using highly localized time-frequency representations. The MMPD can yield signal estimates with lower mean
square errors than the IF estimation technique but at the expense
of higher computational cost and memory requirements. Using
simulations, we compare the performance of the GC estimate
with the significantly improved performance of the GC estimate
that employs the signal estimate from the high SNR sensor. For
the two-sensor detection, the estimated signal is also used with
a generalized likelihood ratio test statistic to further improve
performance.
Index Terms—Generalized coherence estimate, instantaneous
frequency (IF) estimation, multisensor detection, time–frequency
representations.

I. INTRODUCTION

W

ITH recent advances in network technologies, multisensor signal processing has become increasingly
relevant for source detection and localization in numerous
applications such as remote sensing, radar, sonar, communications, and biomedical diagnosis. Often, a common but
unknown signal is to be detected and its source located using
noisy data collected from two or more spatially distributed
sensors. A common statistic for two-sensor detection is the
magnitude-squared coherence (MSC) estimate that provides a
measure of similarity between the received data from the two
sensors [1]–[3].
The MSC estimate was extended to an -sensor detection
system, forming the generalized coherence (GC) estimate as
a normalized correlation between multiple data sequences
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[4]–[8]. However, the performance of a GC-based detector decreases when used with low signal-to-noise ratio1 (SNR) data.
This decrease may be counteracted by the addition of extra
sensors to the GC-based detector system, but improvement
requires the SNR of every newly added sensor to be at least
6 dB greater than the lowest SNR sensor in the system [8].
Also, while significant performance gains can be achieved with
the addition of extra sensors, sensor cost may be a limiting
factor. Hence, if one could obtain a relatively high SNR on
one of the sensors, then an estimate of the signal, that can be
substituted for the actual sensor data in the GC estimate with
the other, lower SNR sensor measurements, is expected to
provide improved performance [9]–[11].
In this paper, we propose the use of time-frequency based
techniques as preprocessing tools to estimate the time-varying
signal of interest from a high SNR sensor for use in the GC estimate. Specifically, we estimate signals with nonlinear phase
functions using a modified version of the matching pursuit decomposition (MMPD) algorithm. The MMPD uses a dictionary
with elements similar in time-frequency structure to the analysis
signal. We also consider signal estimation by estimating the amplitude and instantaneous frequency (IF) of the signal based on a
localized time-frequency representation (TFR) of the signal. We
will demonstrate that, not only do such preprocessing steps yield
detection performance improvement gains but they can also provide information that a GC-based only detector would require
extra processing steps to determine.
This paper is organized as follows. In Section II, we provide
an overview of the GC estimate approach for multisensor signal
detection. We review the MMPD and IF estimation techniques
in Section III. In Section IV, we propose the use of these signal
estimation techniques to improve the detection performance of
the GC estimate. In Section V, we provide a two-sensor example
where we demonstrate the improved performance of the GC
estimate when it employs a signal estimate from a high SNR
sensor. We also compare the MSC estimate performance to a
generalized likelihood ratio test statistic, and we investigate the
effect of the two different estimates.
II. GC ESTIMATE MULTISENSOR DETECTION
The GC estimate provides a successful methodology for
detecting a common but unknown signal on several spatially
distributed sensors as it forms a statistic for measuring the
similarity between two or more data sequences [4]–[8]. The
GC estimate is an extension of the well-known MSC estimate
1Throughout this paper, noise is assumed to be stationary, Gaussian, additive,
and independent on each sensor channel. SNR is defined as the ratio of signal
energy to noise variance.
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tained as shown in [5]. For example, for
be shown that

Fig. 1. Block diagram of the multisensor GC detector.

for two data sequences [1]–[3], and, as a result, it embodies
many of the desirable properties of the MSC estimate [5]. An
-channel MSC-based detector is depicted schematically in
Fig. 1. We consider the two-hypothesis scenario2
(1)
(2)
and
. Here,
corresponds to
for
is complex, indepenthe common signal on the sensors,
dent additive white Gaussian noise (AWGN) on the th sensor,
is the data observation from the th sensor. Based on
and
this scenario, the GC estimate statistic is given as [4]–[8]
(3)
where

is the determinant of the Gram matrix
..
.

..

.

sensors, it can

The
for higher order multisensor detectors can be calculated using similar techniques as in the two- and three-sensor
detection cases. Specifically, a recursion formula was obtained
in [5] for the distribution of the GC estimate for larger number of
sensors. The GC estimate was shown to yield remarkable results
for moderate noise levels, but its performance deteriorates as
the data sequences become very noisy [8]. Work in [5] showed
that the addition of an extra sensor to the GC-based detector
system (increasing ) improves the detector performance provided the SNR of the newly added sensor is at least 6 dB higher
than the poorest sensor in the original system. In this paper, we
propose the use of time-frequency methodologies to improve
the performance of the GC estimate even at low SNRs when a
time-varying signal is received from multiple sensors.
III. TIME-FREQUENCY METHODOLOGIES FOR
SIGNAL ESTIMATION
Time-varying signals are signals whose spectral content
varies with time. Examples of such signals include the generalized chirp

..
.

(7)

Here, the inner product is defined in discrete time as
and
. For
sensors, the
MSC estimate statistic in (3) simplifies to
(4)
The probability distribution function of the MSC estimate is
given by [1], [5]
(5)
where is the detection threshold.
The statistical properties of the MSC and GC estimates are
hypothesis [4]–[8]. As a result, the
well understood for the
can be calculated from the
probability of false alarm
hypothesis, and its corresponding probability of detection
can be obtained via Monte Carlo simulations. Derivations in [8]
of an MSC estimate
is
show that the
(6)
, the detection threshold is
Thus, for a fixed
. As the number of sensors increases, new expressions for the
and the corresponding thresholds can be ob2Throughout this paper, we interchangeably refer to both continuous-time signals x(t) and their appropriately sampled versions x[n] = x(nT ), where T is
the sampling period.

. Here,
is a posithat has nonlinear phase function
tive reference time point (which we set to unity in the rest of
the paper without loss of generality) and is the signal’s frequency-modulation (FM) rate. The signal’s IF is given by the
and dederivative of the phase function
scribes the frequency variation of the signal as a function of
time. Due to this variation, classical Fourier-based techniques
are not adequate for processing such signals. Instead, TFRs or
time-frequency-based techniques can jointly provide a signal’s
time-frequency information [12]–[14].
Our goal is to use time-frequency techniques to obtain a
noise-suppressed estimate of the highest SNR sensor output in a
multisensor detector of time-varying generalized chirp signals.
The time-frequency techniques include a modified matching
pursuit decomposition iterative algorithm and IF estimation
techniques from TFRs. The output estimate can then be used as
part of the GC estimate to increase the detection performance
of the common signal on the other, lower SNR, sensors.
A. Modified Matching Pursuit Decomposition Approach
The matching pursuit algorithm was proposed by Mallat [15]
to decompose any signal into a linear expansion of waveforms
that belong to a redundant dictionary. The elements of this dictionary consist of time-frequency shifted and scaled versions of one
basic atom that is chosen to be a Gaussian signal due to its high
localization in the time-frequency plane. The atoms are also allowed to rotate in the time-frequency plane in [16]. Although this
is an iterative nonlinear algorithm, it can preserve signal energy
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due to its use of orthogonal expansions and can guarantee convergence [15]. As a result, it has been used in many applications including analysis and classification [17]–[22]. Depending on the
time-frequency structure of the analysis signal, the matching pursuit algorithm may require many dictionary elements to decompose it, and thus can become very computationally intensive. In
order to process signals with different types of time-frequency
characteristics, a modified version of the matching pursuit decomposition algorithm expands the analysis signal into dictionary waveforms that match it in time-frequency structure [23],
[24]. The advantage of using a dictionary matched to the analysis data is that only a small number of elements is used to decompose a signal, and thus fewer iterations are required, leading
to a parsimonious representation.
B. IF Estimation Approach
The IF is a representation that ideally depicts the time
varying spectral peaks of only monocomponent signals. In
general, when the signal is multicomponent [such as a linear
combination of signals of the form in (7)], then the IF does
not provide an accurate representation. Various methods have
been proposed in the literature to estimate IF based on TFRs
including (but not limited to) [25]–[37]. This is because the IF
of a signal follows the highly localized region of a TFR, and
a mapping of this region can yield the IF estimate [28]. This
entails that the chosen TFR can provide a highly concentrated
signal representation.
Different TFRs are best suited for different signal structures
[14], and the ideal choice of TFR for IF estimation is the one
that produces the best time-frequency localization for the signal
under consideration. For example, the Wigner distribution (WD)
or Cohen’s class TFRs [12], [38] are best suited for signals with
linear structures in the time-frequency plane such as sinusoids or
linear FM chirps. On the other hand, hyperbolic chirps (signals
with hyperbolic IF) are best analyzed using the Altes Q-distribution or other hyperbolic class TFRs [39], [40].
IV. GC-BASED DETECTION WITH SIGNAL ESTIMATION
In many multisensor signal-processing applications, one of
the sensors will have a relatively higher SNR than all the other
sensors in the system. Note that this sensor is often known in
practice. For example, in passive sonar applications, the signal
of interest is often initially detected on a single-channel basis,
but time difference of arrival estimation with other sensors is
highly desirable for geographic localization of the signal source.
However, the signal is often considerably weaker on other sensors due to distance from the source or acoustic convergence
zone effects. If not known in advance, the sensor with the maximum SNR can be found by estimating the noise variance [41]
and then choosing the sensor with the lowest noise variance estimate. Our multisensor detection method proposes to extract the
common signal from the highest SNR sensor using either the
MMPD algorithm or the IF estimation method. The extracted
signal will then be used to detect the presence of the signal from
the remaining low SNR sensors. Note that for the hypothesis
testing of the GC-based detection system to be valid, we assume
in (2) to be extracted is a time-varying genthat the signal
eralized chirp in (7) that is identical on all the sensors.
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A. MMPD and GC-Based Detection
1) MMPD Approach: For the MMPD approach, we form a
dictionary using waveforms that are matched, in time-frequency
structure, to the signals of interest; in our case, these signals
correspond to the time-varying generalized chirps in (7). For
example, in a sonar multisensor detection application, a linear
FM chirp could be chosen to form the dictionary; this signal has
and linear IF
in (7). In
quadratic phase
order for the dictionary to be complete, we transform the basic
signal atom via time-frequency shifts as well as a transformation that causes a constant shift to the IF of the waveform [23],
[24]. In the case of linear FM chirps, this corresponds to a conis a linear
stant shift in the FM rate; that is, if
FM chirp with rate , then the aforementioned transformawhich is another
tion yields
. In the time-frequency plane,
linear FM chirp with rate
this corresponds to a change in the slope of the linear instantaneous frequency of the chirp. Thus, if the basic signal atom is
[the signal
the time-varying generalized chirp
], then the dictionary elements are formed as
in (7) with
(8)
for different ranges of the time shifts , frequency shifts , and
IF shifts . The specific ranges of these transformation parameters depend on the application at hand, and, if possible, they
should be limited to reduce the size of the dictionary and thus
the MMPD algorithm computational complexity. Note that the
dictionary can be composed of more than one basic atom of the
. To create the
form in (8) with different phase functions
dictionary for such a case, we can allow each basic atom to undergo its corresponding transformation in (8) by changing
accordingly.
Following the original matching pursuit algorithm [15] and
that is to be dethe MMPD algorithm [24], a given signal
composed using the MMPD is first correlated with every element in the dictionary, and the dictionary element that provides
. This sethe maximum correlation is denoted as
lected atom is the waveform that is most similar to the analysis
. Specifically, during the first iteration
signal
(9)
where
. The residue
is obtained by subtracting from
the first expansion element
that is weighted by the correlation coefficient
[(see
can be shown to be orthogonal to
(9)]. Since
, then it can be shown that

Note that
is minimized by choosing
such that
is maximum. The residue is iteratively subdecomposed such that at the th iteration, it is given by
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Fig. 2. Block diagram of a GC detector that utilizes MMPD estimation.

where
position continues until the residue
In practice, if
is decomposed
proximated as

. Ideally, this decombecomes zero.
times, then it can be ap-

(10)
It should be noted that the MMPD forms its dictionary such that
is small for any signal decomposition [24]. A monocomponent linear FM chirp, for example, could be decomposed with
a single iteration if the chirp is a member of the dictionary. For
of appreciable SNR, signal components
any received signal
are more localized than noise components and will have the
highest correlation with matched dictionary atoms. The MMPD
uses this property to extract signal atoms until some iteration
when nearly all signal atoms have been extracted or when
the residual signal energy is less than a fixed threshold. The
MMPD results in a small mean square error (MSE) provided
that the number of iterations or the energy threshold are chosen
such that very little noise enters the estimate in (10). This can
be achieved by first preprocessing the signal to be decomposed
in order to estimate the number of signal components and thus
limit the number of iterations accordingly. The preprocessing
can also be used to determine the time-frequency structure of
the signal if it is not known a priori, as this information is necessary to correctly form the dictionary. Another method to ensure low MSE using the MMPD is to increase the fineness of the
dictionary grid; this, however, will increase computational complexity. Note that more details on the MMPD algorithm can be
found in [24].
2) GC-Based Detection: The block diagram of the MMPD
approach with the GC estimate is given in Fig. 2. Here, we asfrom Sensor 1 has high SNR,
sume that the observation
in (2). In
and it will be used to obtain a signal estimate
order to demonstrate the successful performance of the MMPD
method in extracting a noise-free signal from a high SNR signal,
we consider a linear FM chirp signal in noise with SNR
dB. Recall that the IF of such a signal is a line in the time-frequency plane, as is demonstrated by the highly localized WD
TFR in Fig. 3. The WD of the high SNR chirp is plotted in
Fig. 3(a), and the WD of the corresponding decomposed signal
using the MMPD is shown in Fig. 3(b). Fig. 3(c) shows the WD
of a 19 dB SNR signal from the second, low SNR sensor to be
detected using the proposed method. Note that the signal would
be difficult to detect simply from the Sensor 2 measurement.
The GC estimate performance is expected to be higher when

0
0

Fig. 3. WD of (a) Sensor 1 output with SNR = 3 dB, (b) MMPD output of
Sensor 1, and (c) Sensor 2 output with SNR = 19 dB.

the noise-free extracted signal in Fig. 3(b) is used instead of the
high SNR signal in Fig. 3(a).
B. IF Estimation and GC-Based Detection
1) IF Estimation: Although with a matched dictionary the
decomposition can be parsimonious, the MMPD may still have
high memory usage and can be computationally intensive. Another time-frequency technique capable of generating a noisesuppressed equivalent of the high SNR sensor, but with lower
computational and memory requirements than the MMPD, is
the use of time-frequency-based IF estimation techniques.
When the signals are linear FM chirps, then we use the WD3
in (7). The WD of a
for estimating their linear IF
is defined as
signal
WD

Indeed, the WD of a linear FM chirp
can be
obtained in closed form as the highly localized representation
3In practice, the signals in (7) would correspond to the analytic signal representations of the real data obtained from the sensors, and the Wigner–Ville
distribution would be used instead of the Wigner distribution [25].
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estimate single linear FM chirps using the WD. As a result, a
peak detector is employed to locate the peak of the WD for all
time instants, corresponding to the linear IF of the chirp in the
time-frequency plane. Poor localization of noise components
in the time-frequency plane enables this method to work well,
but performance deteriorates as the noise components become
stronger.
Fig. 4. Block diagram of a GC detector that utilizes time-frequency IF estimates. Here, x [n] is assumed to be the output of the highest SNR sensor and
s^[n] is the noise-suppressed signal estimate.

WD
. This corresponds to a line in the timefrequency plane, which is the IF of the chirp, whose slope is the
of the linear
FM rate . Thus, using the WD, the estimate
IF can be obtained as [10], [28]
(11)
Note that, as the data have finite duration in practice, the variance of the IF estimate in (11) will increase due to time-windowing effects in the WD computation.
When the signals are multicomponent linear FM chirps,
the WD may not be the most suitable IF estimation approach,
as it contains oscillatory cross terms. For these signals, other
smoothed TFRs of Cohen’s class may be more appropriate for
use in the estimation.
When the signals are nonlinear FM chirps [the generalized
], then we use the
chirp in (7) with an arbitrary nonlinear IF
,
matched warped Wigner distribution (WWD). For a signal
is given by [42]
the WWD with warping function
(12)
where
is the
, and
is
warped signal,
the inverse function. It can be shown that the WWD in (12) of
the signal in (7) is highly localized along the signal’s matched
[42] provided that
. Thus,
nonlinear IF
the estimate of the nonlinear IF can be obtained as in (11) but
with the WD replaced by the WWD in (12).
2) GC-Based Detection: Assuming a constant amplitude
for the signal
in (7), if one could obtain very good estimates
of the signal’s amplitude and IF
, then a noise-suppressed
estimate of the signal can be reconstructed from these estimates
. Thus, this signal estimate could be
as
used as part of the GC-based detection, instead of the MMPD
estimate, to reduce the computational cost of the MMPD and
still yield improved detector performance. Fig. 4 depicts a block
diagram of this approach. The amplitude estimate can be obtained using maximum likelihood techniques [41] once the IF is
from
estimated from a TFR. Note that the signal estimate
Sensor 1 in Fig. 4 depends on the estimates and
. Hence,
any bias in the IF estimates will have a significant effect on the
detector performance. The examples we consider in this paper

V. SIMULATIONS AND PERFORMANCE COMPARISONS
In order to demonstrate the performance of our proposed
methods, we simulate a two-sensor detection problem with
in
a complex linear FM chirp sequence of length
, and for
complex zero-mean AWGN of known variance
varying SNRs. Although we considered a single component,
the simulations could be similarly extended to multicomponent
signals. We first consider an MSC-based detector that uses the
Sensor 1 decomposed signal from a) the MMPD algorithm
(MSC-MMPD) and b) the IF estimation technique (MSC-IF).
We compare the performance of the MSC estimate (used
without prior signal estimation) with the MSC estimate that
uses an estimate of the common signal from the highest SNR
sensor.
For further comparison, we also consider a generalized likelihood ratio test (GLRT) statistic [41] for the two-sensor problem
with both the MMPD (GLRT-MMPD) and the IF (GLRT-IF)
estimation techniques. A GLRT-based detector pertains to the
detection problem of a deterministic signal with unknown parameters in AWGN [41]. Here, the MMPD will be used to obtain a reasonably good estimate of the transmitted signal from
the high SNR sensor permitting the use of a GLRT statistic. The
MMPD decomposed signal estimate has a low MSE [9], [10].
Thus, the resulting GLRT-MMPD detector (though not optimal)
is expected to be close to the optimal matched filter (that assumes full knowledge of the signal) detector performance depending on the MSE of the MMPD.
All methods are simulated using 1000 Monte Carlo simulations, and the results are demonstrated using receiver operating characteristic (ROC) curves of probability of detection
versus probability of false alarm
. For all our figures,
the worst performance, which is obtained for the lowest SNR
on Sensor 1, is depicted by the rightmost curve for any of the
is obtained from (6),
methods. For the MSC estimate, the
is obtained from the Monte Carlo simulations.
whereas the
The GLRT detection statistic for the output of a noisy sensor is
derived in [41] as

where is the energy of the estimated signal
a detection threshold is given by

. The

for

where
is the Q-function [41].
Note that the GLRT approach can be depicted as in Figs. 2 and
4 but with the GC estimate replaced by the GLRT statistic.
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Fig. 5. ROC curves showing the stable performance of the MSC-MMPD
(cluster of dash-dotted lines) to the diminishing performance of the MSC-based
detector (solid lines) as Sensor 1 SNR decreases from 10 dB to 10 dB (in 5
dB steps), with a fixed 19 dB SNR on Sensor 2.

0

0

Fig. 6. ROC curves for MSC estimate (solid line) and MSC-MMPD detector
performances for 0 dB SNR on Sensor 1 and very low SNR ( 25 dB) on
Sensor 2.

0

A. MMPD Estimation and MSC-Based Detection
Fig. 5 shows the performance of the MSC-MMPD (dashdotted lines) compared to the MSC-based detector (solid lines)
for a fixed 19 dB SNR on Sensor 2, while the Sensor 1 SNR decreases from 10 dB to 10 dB (in steps of 5 dB). This ascertains
that the MSC estimate performs well for high Sensor 1 SNRs,
but its performance retrogresses as Sensor 1 becomes noisier.
Our proposed preprocessing method retains high performance
even for low Sensor 1 SNRs (as seen by the closeness of the
MSC-MMPD ROC curves in Fig. 5). This is because the MMPD
estimate is quite accurate even at low SNRs. Note that both
methods produce comparably good performance when Sensor 1
has high SNR (10 dB). This is because we expect that the estimate
obtained from the MMPD approximately equals the original
Sensor 1 output if Sensor 1 has high SNR. As no preprocessing
was performed on Sensor 2, any increase (or decrease) in Sensor
2 SNR will have similar performance gains (or losses) in both
the MSC-based and MSC-MMPD detectors. However, for a very
low SNR on Sensor 2, the common signal will be overwhelmed
by noise and no amount of preprocessing on the output of Sensor
1 will yield any performance gain as demonstrated in Fig. 6.
Ideally, the MMPD should be terminated after all signal terms
have been extracted or when noise terms become the most localized terms in the TFR of the residual signal [15], [24]. If
the MMPD is terminated long before this critical point (i.e.,
underdecomposed), then if the residual terms are low in energy, it is possible that the effect on the performance is minimal. This is demonstrated in Fig. 7 where the signal consists
of three linear FM chirps, but two of these chirps have very
low amplitudes. On the other hand, if these two terms are dominant in the transmitted signal, then they will be lost and hence a
larger MSE for the noise-suppressed estimate (and consequently
poorer performance gain) will be obtained. This is demonstrated
in Fig. 8. Similarly, if the MMPD is continued even after this
critical point (i.e., overdecomposed), noise terms will be included in the noise-suppressed estimate resulting in poor detec-

Fig. 7. ROC curves demonstrating the negligible effect of underdecomposing
Sensor 1 if the undecomposed components are small in magnitude. Shown here
are an MSC-based detector (solid line), an MSC-MMPD that used the fully decomposed Sensor 1 data (squares), and an MSC-MMPD that used the underdecomposed Sensor 1 data (dash-dotted line). Here, the SNR is 0 dB on Sensor 1
and 19 dB on Sensor 2.

0

tion performance. Additional performance plots investigating
these cases can be found in [11].
B. MMPD Estimation and GLRT-Based Detection
Fig. 9 shows the performance of the GLRT-MMPD (dashdash lines) compared to the MSC-based detector (solid lines)
for a fixed 19 dB SNR on Sensor 2, while the Sensor 1 SNR
decreases from 10 dB to 10 dB (in steps of 5 dB). The scenario is similar to the one in Fig. 5 with an MSC-MMPD. When
we compare these two figures, we observe improved detector
performances of the GLRT-MMPD over the MSC-MMPD.
While negligible performance gains are obtained with the
MSC-MMPD for high Sensor 1 SNRs (see Fig. 5), we observe
significant gains with the GLRT-MMPD. So, even for high
SNRs on Sensor 1, the GLRT-MMPD yields significant perfor-
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Fig. 8. ROC curves demonstrating the adverse effect of underdecomposing
Sensor 1 if the undecomposed components are dominant terms. Shown here
are an MSC-MMPD detector that used the fully decomposed Sensor 1 data
(squares), an MSC-MMPD detector that used an underdecomposed Sensor 1
data (dash-dotted) and an MSC-based detector (solid line). Here, the SNR is 0
dB on Sensor 1 and 19 dB on Sensor 2.

3359

0

Fig. 10. ROC curves for five detectors for 5 dB SNR on Sensor 1 and 19
dB SNR on Sensor 2. The detectors are the MSC-based (no signal estimation),
matched filter (MF) (assuming full signal knowledge), MSC-MMPD, MSC-IF,
GLRT-MMPD, and GLRT-IF.

0

Fig. 9. ROC curves comparing the stable performance of the GLRT-MMPD
(cluster of dash-dash lines) to the diminishing performance of the MSC-based
detector (solid lines) as the SNR of Sensor 1 decreases from 10 dB to 10 dB
(in 5 dB steps) for a fixed 19 dB SNR on Sensor 2.

0

0

mance gains over the MSC estimate, unlike the MSC-MMPD
that resulted in similar performance as the MSC estimate. As
the noise-suppressed MMPD estimate obtained from the high
SNR sensor has a very small MSE, the resulting performance of
the GLRT-MMPD is comparable to that of an optimal matched
filter, where the signal is assumed completely known. Fig. 10
shows the performance of a GLRT-MMPD (solid line) to be
approximately the same as an optimal matched filter (circles)
as they overlap each other. This simulation used 5 dB SNR on
Sensor 1 and 19 dB SNR on Sensor 2.
Except for the increase in gain, the performance pattern of
the GLRT-MMPD follows that of the MSC-MMPD (see Figs. 5
and 9). Note that with the near optimal performance, the GLRTMMPD also permits reasonable detection even at lower Sensor

Fig. 11. ROC curves demonstrating the performance gain of the GLRT-MMPD
detector even for very low SNRs on Sensor 2. Shown here are the performance of
the optimal matched filter (MF) detector (circles) and MSC-based detector (solid
line), compared to a GLRT-MMPD detector (dash-dash) and an MSC-MMPD
detector (dash-dotted) for 10 dB SNR on Sensor 1 and 25 dB on Sensor 2.

0

0

2 SNRs; on the other hand, the MSC and MSC-MMPD methods
succumb to the poorer detector performance associated with
lower SNRs as demonstrated in Fig. 11. Note that, similarly to
the MSC-MMPD, the GLRT-MMPD performance deteriorates
as the MSE of the MMPD estimate increases.
C. IF Estimation and MSC-Based Detection
The IF estimation technique was shown to be a viable alternative for the MMPD algorithm due to its reduced computational complexity. However, it yielded favorable MSEs only
for a limited range of SNRs. This is attributed to the tradeoff
between performance and computational cost for signal estimates. Fig. 12 compares the performance of the MSC-IF to the
MSC estimate over the range of Sensor 1 SNRs considered for
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low MSE signal estimate, compared to the higher signal MSE
obtained via IF estimation. Note that the GLRT-IF has lower
performance that the GLRT-MMPD in Fig. 10. When Sensor 1
has 5 dB SNR as in Fig. 10, as the GLRT-IF is within its favorable region of operation, it still outperforms both the MSC and
the MSC-MMPD methods.
E. Discussion

Fig. 12. ROC curves comparing the MSC estimate (solid lines) to the MSC-IF
as the SNR of Sensor 1 decreases from 10 dB to 10 dB (in 5 dB steps). Sensor
2 SNR is 19 dB.

0

0

Fig. 13. ROC curves comparing the MSC estimate (solid lines) to the GLRT-IF
(dotted lines) as the SNR of Sensor 1 decreases from 10 dB to 10 dB (in 5 dB
steps). Sensor 2 SNR is 19 dB.

0

0

the MSC-MMPD. The MSC-IF outperforms the MSC-based detector for high Sensor 1 SNRs, but it is more susceptible to noise
than the MSC-MMPD in Fig. 5. The favorable region of operation for the MSC-IF is between 5 and 10 dB, compared to the
12 dB (not shown in Fig. 5) and 10 dB of the MSC-MMPD.
However, within this favorable region, the MSC-IF in Fig. 12
performs comparably to the MSC-MMPD in Fig. 5.
D. IF Estimation and GLRT-Based Detection
Fig. 13 summarizes the performance of the GLRT-IF over the
range of Sensor 1 SNRs considered for the preceding methods.
The GLRT-IF outperforms the MSC-based detector (solid lines)
for high SNRs but has the narrowest range of Sensor 1 SNRs (0
to 10 dB) for improved performance gain. Because of that, the
magnitude of the performance gain for the GLRT-IF (outside
its favorable region of operation) is the least among all the proposed methods. This is because the GLRT statistic requires a

Based on our simulation comparisons for the two-sensor detection problem, we can make some deductions regarding the
two detection statistics—the MSC and the GLRT—and the two
signal estimation methods—the MMPD and the IF. Note that
Fig. 10 provides a comparison between the four different combinations of detectors: MSC-MMPD, GLRT-MMPD, MSC-IF,
and GLRT-IF. For a fair comparison, the SNR on Sensor 1 was
chosen to be 5 dB in order to include a favorable region of operation that is common to all proposed methods.
• The MSC-MMPD provides improved performance over
using the MSC that does not employ prior signal estimation. The performance deteriorates only when there is a
very low SNR on one or all the sensors and when the
MMPD signal estimate has a large MSE error. This large
error could result either from an insufficient or an excessive
number of iterations. Depending on the application, the
computational intensity of the MMPD could be reduced by
using a small dictionary as that would decrease the number
of correlation operations needed per iteration. This could
also be achieved by some initial processing to obtain information about the time-frequency structure of the signal or
the number of its components.
• Since the estimate obtained from the MMPD has low
MSE, the GLRT-MMPD has higher performance than the
MSC-MMPD. This is because, depending on the MSE
between the estimated and the true transmitted signal, the
performance of the GLRT-MMPD can be comparable to
the matched filter where the signal is assumed completely
known. Thus, the tremendous improvement in detector
performance (even at much lower Sensor 1 SNRs) of
the GLRT-MMPD makes it very suitable for two-sensor
detection in high noise applications when compared to the
MSC-MMPD. The performance of the GLRT-MMPD,
just like the MSC-MMPD, also highly depends on the
resulting MSE from the MMPD algorithm.
• The MSC-IF or the GLRT-IF can be used instead of
the MSC-MMPD or GLRT-MMPD when computational
power and memory are limited. From Fig. 10, for a relatively high SNR on Sensor 1, the IF estimation approach
will be chosen over the MMPD for a tradeoff between cost
and performance.
Note that the GLRT approach has only been verified for the
two-sensor problem; for multiple sensors, the GC estimate is
applicable as discussed in Section II.
VI. CONCLUSION
The GC estimate provides a statistic for detecting the presence of a common signal on multiple sensors. It extends the
widely used magnitude-squared coherence estimate approach
for the two-sensor detection. However, the performance of the
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GC-based detector diminishes significantly in high noise environments. To offset the degrading performance, the GC estimate
would require the use of extra sensors with SNRs at least 6 dB
greater than the worst sensor already in the system. In this paper,
we proposed to estimate the signal from the sensor with the
highest SNR in the multisensor detection of time-varying generalized chirp signals, and then use the estimate with the GC
estimate to detect the presence of the signal on the other, even
noisier, sensors for improved overall detection performance.
One of our proposed techniques uses the modified matching
pursuit algorithm that is based on generating the dictionary from
waveforms that match, in time-frequency structure, the signal to
be estimated. The success of this method depends on knowing
the signal structure of all signal components and an approximate number of the signal components. As this information
is not always available for all applications, different time-frequency based techniques can be used to preprocess the signal
and extract the necessary information a priori. This method can
result in low MSE errors, and can thus provide a noise-free
estimate to be used with the GC-based detector. As we have
demonstrated, this method results in remarkable performance
gains over simply using the GC estimate without signal estimation. As this is an iterative algorithm, it can be computationally intensive, especially when no a priori information is available on the signal. Without specific signal information, the original matching pursuit decomposition can be used with Gaussian
waveforms as the basic atom in the dictionary, but the number
of iterations needed may be large before convergence.
In order to reduce the computational complexity of the
MMPD, we also proposed to estimate the time-varying signal
using IF estimation techniques that are based on highly localized TFRs. With this method, the estimate was not as accurate,
but in some applications trading a small level of performance
for computational cost may be of essence. Note that recent
studies in IF estimation may be used to improve the estimation
accuracy.
As we showed, the GC estimate can be applied to a set of
sensors in applications such as source detection and localization. For the two-sensor problem, we also obtained a GLRTbased detector making use of the estimated signals from the
high SNR sensor. With the GLRT statistic, we observed performance gains even for very low-SNR sensors, for which an
MSC estimate, with or without the extracted signal, had poor
performance. Overall, we have successfully showed via simulation that these time-frequency preprocessing techniques can be
used to significantly improve the performance of a GC-based
multisensor detector without having to increase the number of
sensors in the GC estimate detection system.
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