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Abstract—We focus on the problem of source enumeration in
large arrays with relatively few samples, which is solved in this
paper by using a statistic of corrected Rao’s score test (CRST)
via the generalized Bayesian information criterion (GBIC). Under
the white noise assumption, the covariance matrix of the noise
subspace components of the observations is proportional to an
identity matrix, and this structure can be tested by the CRST
statistic for the sphericity hypothesis test. The observations
are decomposed into signal and noise subspace components by
unitary coordinate transformation under a presumptive number
of sources. Only when there is no signal in the presumptive
noise subspace components, the corresponding CRST statistic
is asymptotic normal distribution. The CRST statistic of the
presumptive noise subspace components also is a statistic of
the sample eigenvalues, and can be used as the statistic in
the GBIC for estimating the number of sources. Simulation
results demonstrate that the proposed method can achieve more
accurate detection of the number of sources in the case of a large
number of sensors with relatively few samples, especially when
the number of samples is smaller than the number of sensors.

I. I NTRODUCTION
Estimating the number of source signals is a fundamental
problem of the signal parameter estimation in array signal
processing, radar and wireless communication. It is often the
first step or a prior information in the direction of arrival
(DOA) estimation, targets tracking, etc. The information theoretic criterion (ITC) like methods are common and effective
approaches for source enumeration in white Gaussian noise
when 𝑁 is large enough compared with 𝑀 , where 𝑁 and
𝑀 are the number of samples and the number of sensors,
respectively [1]–[4]. However, in some projects such as the
multiple-input multiple-output (MIMO) radar system which
contains a large number of sensors, the number of available
samples may be restricted and the value 𝑁 is on the same
order of magnitude as 𝑀 , or even 𝑁 is smaller than 𝑀 . The
ITC-like methods will be degraded or out of work in the case
that a large number of sensors with relatively few samples,
since these methods actually depend on the sample eigenvalues
which are heavily biased with respect to the true ones [5].
The conventional ITC-like methods have been developed for
the large-scale sensor array in the framework of random matrix
theory, which considers the asymptotic condition 𝑀, 𝑁 → ∞
with 𝑀/𝑁 → 𝑐 ∈ (0, ∞) and provides more accurate descriptions for the sample eigenvalues of the high dimensional
observations [6]. B. Nadler modified the Akaike information
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criterion (AIC) via increasing the penalty term based on
the probability distribution of the largest sample eigenvalue
[7]. Using the moments of the sample eigenvalues, R. R.
Nadakuditi and A. Edelman devised the random matrix theory
based AIC (RMT-AIC) [8], and E. Yazdian et al. proposed
a minimum description length (MDL) based method [9]. L.
Huang and H. C. So provided the linear shrinkage MDL (LSMDL) by making new estimations of the noise eigenvalues via
the linear shrinkage technique [10]. In addition, L. Huang et
al. reformulated the Bayesian information criterion (BIC) for
the large-scale adaptive antenna array [11]. Z. Lu and A. M.
Zoubir derived a generalized Bayesian information criterion
(GBIC), which is a general rule for constructing the BIC by
adding more information from the available data such as the
probability distribution or the statistic of sample eigenvalues
[12]. Although these methods improve the ITC-likes method,
their performance are not satisfactory when 𝑁 is smaller than
𝑀 . Moreover, some criterion functions (such as [7], [11]) are
not applicable in the case of 𝑀 > 𝑁 due with the existence
of 𝑀 − 𝑁 zero sample eigenvalues.
This paper proposes a method to overcome the insufficient
of the sample size by introducing a statistic of corrected Rao’s
score test (CRST) when we estimate the number of sources
in the case of a large array with relatively few samples. The
CRST is proposed in [13], which is used to test the structure of
a high-dimensional covariance matrix. The proposed method
based on that the covariance matrix of the white noise observations can be tested via the CRST statistic for the sphericity
hypothesis test. The observation data are decomposed into
signal and noise subspace components by unitary coordinate
transformation under a presumptive number of sources. If
the presumptive noise subspace components do not contain
signals, its covariance matrix will be proportional to an identity
matrix, and can be tested via the CRST statistic for sphericity
test. Only when there is no signal in the presumptive noise
subspace components, the corresponding CRST statistic is of
the normal distribution. Moreover, the CRST statistic also is
a statistic of sample eigenvalues and used as the statistic in
GBIC for estimating the number of sources.
The article is structured as follows. The signal model and
the GBIC are presented in section II. The CRST statistic is
described in section III. The proposed method is introduced in
section IV. Numerical simulation results are shown in section
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V. The principle conclusion is summarized in section VI.
II. S IGNAL M ODEL AND T HE GBIC
A. Signal model
We assume 𝐾 narrow-band signals with DOAs 𝜃1 , ⋅ ⋅ ⋅ , 𝜃𝐾
impinging on an array of 𝑀 sensors. At discrete time 𝑡, the
observed vector y(𝑡) ∈ ℂ𝑀 ×1 is usually modeled as
y(𝑡) =

𝐾
∑

a(𝜃𝑘 )𝑠𝑘 (𝑡) + w(𝑡)

𝑘=1

(1)

= As(𝑡) + w(𝑡),
where A = [a(𝜃1 ), ⋅ ⋅ ⋅ , a(𝜃𝐾 )] ∈ ℂ𝑀 ×𝐾 is the steering
matrix with unit norm directional vectors a(𝜃𝑘 ) ∈ ℂ𝑀 ×1 , 𝑘 =
1, ⋅ ⋅ ⋅ , 𝐾, and s(𝑡) = [𝑠1 (𝑡), ⋅ ⋅ ⋅ , 𝑠𝐾 (𝑡)]𝑇 ∈ ℂ𝐾×1 contains
source signals, and w(𝑡) ∈ ℂ𝑀 ×1 is the white additive noise.
We assume there are 𝑁 samples collected in the observed
sample matrix Y𝑁 , and
Y𝑁 = AS𝑁 + W𝑁 ,

(2)

where Y𝑁 = [y(1), ⋅ ⋅ ⋅ , y(𝑁 )], S𝑁 = [s(1), ⋅ ⋅ ⋅ , s(𝑁 )],
and W𝑁 = [w(1), ⋅ ⋅ ⋅ , w(𝑁 )]. The model (1) satisfies the
following assumptions.
A1. The number of source signals 𝐾 is unknown and
satisfies 𝐾 < min(𝑀, 𝑁 ).
A2. The signals are incoherent Gaussian sequences with zero
mean and covariance 𝐸{s(𝑡)s𝐻 (𝑡)} = diag{𝑝1 , ⋅ ⋅ ⋅ , 𝑝𝐾 } ≜
P𝑆 , where 𝑝𝑖 is the received power of the 𝑖-th signal.
A3. The noise is assumed to be the complex white Gaussian
noise with zero mean and power 𝜎 2 , and is independent of
signals.
Under the assumptions A1∼A3, the covariance matrix of
y(𝑡) is 𝐸{y(𝑡)y𝐻 (𝑡)} = AP𝑆 A𝐻 + 𝜎 2 I𝑀 ≜ R, and I𝑀 is
an 𝑀 -dimensional identity matrix. We denote the eigenvalues
and the corresponding eigenvectors of R as 𝜆1 ⩾ ⋅ ⋅ ⋅ ⩾ 𝜆𝐾 >
𝜆𝐾+1 = ⋅ ⋅ ⋅ = 𝜆𝑀 = 𝜎 2 and u1 , ⋅ ⋅ ⋅ , u𝑀 , respectively. The
sample covariance matrix of the observation Y𝑁 is
Ŝ =

1
𝐻
Y𝑁 Y 𝑁
.
𝑁

(3)

ˆ1 ⩾
The eigenvalues and eigenvectors of Ŝ are denoted as 𝜆
ˆ
⋅ ⋅ ⋅ ⩾ 𝜆𝑀 and û1 , ⋅ ⋅ ⋅ , û𝑀 , respectively, and also called as
sample eigenvalues and sample eigenvectors. Consequently,
the source enumeration is to estimate the number of the
sources 𝐾 from the matrix Y𝑁 .
B. The GBIC
The GBIC improves the BIC by incorporating the probability density or the statistic of sample eigenvalues. There are two
different expressions of the GBIC, namely, GBIC1 and GBIC2
(see Eq. (17) and Eq. (19) in [12], respectively). The BIC
and GBIC1 consider the density of the observations and have
a common log-likelihood term which is not applicable when
there are zero sample eigenvalues. Therefore, the BIC as well
as GBIC1 is not applicable when 𝑀 > 𝑁 . While GBIC2 drops
the density of the observations from GBIC1 , and just utilizes
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the statistic of sample eigenvalues. In this paper, we use GBIC2
with a statistic of sample eigenvalues to estimate the number
of sources. We assume 𝒵 is a statistic of sample eigenvalues
(𝑘)
corresponding to the unknown parameter vector Θ𝑧 with the
(𝑘)
possible number of sources 𝑘. We denote 𝑓 (𝒵∣Θ𝑧 ) is the
probability density function (pdf) of the statistic 𝒵 under the
(𝑘)
unknown parameter vector Θ𝑧 . The expression of the GBIC2
is
(𝑘)
log 𝑁,
(4)
GBIC2 (𝑘) = −2 log 𝑓 (𝒵∣Θ̂(𝑘)
𝑧 )+𝑛
(𝑘)

(𝑘)

where Θ̂𝑧 is the maximum likelihood estimation of Θ𝑧 ,
(𝑘)
and 𝑛(𝑘) is the number of free parameters in Θ𝑧 .
III. T HE C ORRECTED R AO ’ S S CORE T EST
The proposed method is inspired by the corrected Rao’s
score test (CRST) which is used to test the structure of a
covariance matrix of high dimensional observations [13]. Let
X = [x1 , ⋅ ⋅ ⋅ , x𝑁 ] be an observation matrix with independently and identically distributed (i.i.d.) samples from an 𝑀 dimensional random vector x with mean 𝝁 and covariance
matrix Σ. We assume the observations x1 , ⋅ ⋅ ⋅ , x𝑁 have the
1
representation x𝑗 = Σ 2 𝝃𝑗 + 𝝁, where the 𝑀 × 𝑁 table
{𝝃1 , ⋅ ⋅ ⋅ , 𝝃𝑁 } = {𝜉𝑖𝑗 }1≤𝑖≤𝑀,1≤𝑗≤𝑁 are made with an array
of i.i.d. standardized random variables (mean 0 and variance
1). We introduce the parameter 𝜅 with values 1 and 2 for the
complex and real variable 𝜉𝑖𝑗 , respectively. Also, we define
the kurtosis coefficient 𝛽 = 𝐸{∣𝜉𝑖𝑗 ∣4 } − 1 − 𝜅 for both case,
and note that 𝛽 = 0 for Gaussian variable. We assume 𝜉𝑖𝑗
satisfies 𝐸{∣𝜉𝑖𝑗 ∣4 } < ∞ and the condition
√
1 ∑
𝐸{∣𝜉𝑖𝑗 ∣4 }𝐼(∣𝜉𝑖𝑗 ∣ ≥ 𝑁 𝜂) → 0
𝑁 𝑀 𝑖𝑗
for any fixed 𝜂 > 0.
To test the structure of the matrix Σ, the Rao’s score test
(RST) considers the hypothesis
ℋ 0 : Σ = Σ0

vs.

ℋ1 : Σ ∕= Σ0 ,

(5)

where Σ0 is the objective matrix, for example, Σ0 = I𝑀 for
the identity hypothesis test and Σ0 = 𝛾I𝑀 (𝛾 is a positive
constant) for the sphericity hypothesis test. Under the null
hypothesis ℋ0 , the RST statistic is defined as
𝑁
2
(6)
RST(X, Σ0 ) = 𝑡𝑟{(Σ−1
0 Σ̂ − I𝑀 ) },
2
where Σ̂ is the
sample covariance matrix of the observation
∑𝑁
∑𝑁 X,
ˆ )(x𝑗 − 𝝁
ˆ )𝐻 with 𝝁
ˆ = 𝑁1 𝑗=1 x𝑗 .
and Σ̂ = 𝑁1 𝑗=1 (x𝑗 − 𝝁
The CRST statistic modified the RST statistic and made
it can be applicable for the high-dimensional observations.
Under the above conditions and 𝑀/𝑁 = 𝑐𝑁 → 𝑐 ∈ (0, +∞),
the CRST statistic is described as (the Theorem 3.1 in [13])
1
2
˜}, (7)
CRST(X, Σ0 ) = 𝜐˜− 2 { 𝑅𝑆𝑇 (X, Σ0 ) − 𝑀 𝑐˜𝑁 − 𝜇
𝑁
˜ = (𝜅 − 1)𝑐 + 𝛽𝑐 and
where 𝜐˜ = 2𝜅𝑐2 (1 + 2𝑐) + 4𝛽𝑐3 , 𝜇
𝑐˜𝑁 = 𝑀/(𝑁 − 1) ∕= 1. When 𝑁 → ∞, the CRST statistic is
asymptotic normal distribution under the hypothesis ℋ0 , i.e.,
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If Σ0 = 𝛾I𝑀 , the hypothesis test (5) will be the sphericity
hypothesis test. Then the CRST statistic in (7) will become
1

CRST(X, 𝛾I𝑀 ) = 𝜐˜− 2 {𝑡𝑟[(ˆ
𝛾 −1 Σ̂ − I𝑀 )2 ] − 𝑀 𝑐˜𝑁 − 𝜇
˜}, (9)
where 𝛾ˆ =

𝑡𝑟(Σ̂)
𝑀

is the maximum likelihood estimation of 𝛾.

The key point of the proposed method is how to use the
CRST statistic for the sphericity hypothesis test to estimate
the number of sources. If there are 𝑘 signals in the vector
y(𝑡), the signal eigenvalues of the covariance matrix R will be
𝜆1 , ⋅ ⋅ ⋅ , 𝜆𝑘 and the noise eigenvalues will be 𝜆𝑘+1 , ⋅ ⋅ ⋅ , 𝜆𝑀 .
We denote the signal subspace and noise subspace as U𝑘 ≜
[u1 , ⋅ ⋅ ⋅ , u𝑘 ] and U𝑀 −𝑘 ≜ [u𝑘+1 , ⋅ ⋅ ⋅ , u𝑀 ], respectively.
Using the unitary coordinate transformation, the model y(𝑡)
is decomposed as
]
[
]
[
(𝑘)
(U𝑘 )𝐻
y𝑆 (𝑡)
,
(10)
y(𝑡) ≜
(𝑘)
(U𝑀 −𝑘 )𝐻
y𝑊 (𝑡)
(𝑘)

where y𝑆 (𝑡) = (U𝑘 )𝐻 y(𝑡) ∈ ℂ𝑘×1 and y𝑊 (𝑡) =
(U𝑀 −𝑘 )𝐻 y(𝑡) ∈ ℂ(𝑀 −𝑘)×1 are the signal and the noise
subspace components of y(𝑡), respectively [8]. Hence, the
covariance matrices of the signal and the noise subspace
components are
(𝑘)

(𝑘)

1
1 (𝑘)
(𝑘)
{𝑡𝑟[( 2 Ŝ𝑊 − I𝑀 −𝑘 )2 ] − (𝑀 − 𝑘)˜
𝑐𝑁 }, (13)
𝑇 (𝑘) = √
(𝑘)
𝜎
ˆ
𝜐˜
𝑘
(𝑘)
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(𝑘)

with the complex Gaussian distributions, the parameters in the
CRST statistic are 𝜅 = 1 and 𝛽 = 0. Hence, the statistic 𝑇 (𝑘)
under the assumptions of model (1) is

(𝑘)

𝐸{y𝑆 (𝑡)[y𝑆 (𝑡)]𝐻 } = diag{𝜆1 , ⋅ ⋅ ⋅ , 𝜆𝑘 } ≜ R𝑆 ,

(𝑘)

(𝑘)

where 𝜐˜(𝑘) = 2(˜
𝑐𝑁 )2 (1 + 2˜
𝑐𝑁 ), 𝑐˜𝑁 = (𝑀 − 𝑘)/(𝑁 − 1)
(𝑘)
1
2
and 𝜎
ˆ𝑘 = 𝑀 −𝑘 𝑡𝑟(Ŝ𝑊 ) is the estimation of 𝜎𝑘2 .
If there is no signal in the 𝑘-th presumptive noise sub(𝑘)
(𝑘)
space components Ŷ𝑊 , the hypothesis R𝑊 = 𝜎𝑘2 I𝑀 −𝑘 is
(𝑘)
is of the normal distribution.
established and the statistic 𝑇
(𝑘)
Otherwise, the covariance matrix R𝑊 is not spherical and the
(𝑘)
doesn’t have the normal distribution. Moreover,
statistic 𝑇
the statistic 𝑇 (𝑘) also is a statistic of the 𝑀 − 𝑘 smallest
sample eigenvalues of the observations Y𝑁 . Therefore, the
statistic 𝑇 (𝑘) can be used as the statistic 𝒵 in GBIC2 (Eq.(4)).
The number of sources can be estimated via GBIC based
on the principle that 𝑇 (𝑘) is of the normal distribution only
when there is no signal in the 𝑘-th presumptive noise subspace
(𝑘)
components Ŷ𝑊 .
Under 𝑘 signals assumption, the unknown parameter vector
(𝑘)
Θ𝑧 in GBIC2 is [𝜆1 , ⋅ ⋅ ⋅ , 𝜆𝑘 , 𝜎𝑘2 ] ≜ Θ(𝑘) , and Θ̂(𝑘) =
ˆ1, ⋅ ⋅ ⋅ , 𝜆
ˆ𝑘 , 𝜎
[𝜆
ˆ𝑘2 ] is the estimation of Θ(𝑘) . The pdf of the
(𝑘)
under Θ̂(𝑘) is
statistic 𝑇
(
)
1 (𝑘) 2
1
(𝑘)
(𝑘)
√
exp − (𝑇 ) .
𝑓 (𝑇 ∣Θ̂ ) =
(14)
2
2𝜋
(𝑘)

and
(𝑘)

(𝑘)

Substituting (14) into (4) with 𝑓 (𝒵∣Θ̂𝑧 ) = 𝑓 (𝑇 (𝑘) ∣Θ̂(𝑘) ) and
the parameters number 𝑛(𝑘) = 𝑘 + 1 and ignoring the constant
term, we have the proposed CRST-GBIC function

(𝑘)

𝐸{y𝑊 (𝑡)[y𝑊 (𝑡)]𝐻 } = diag{𝜆𝑘+1 , ⋅ ⋅ ⋅ , 𝜆𝑀 } ≜ R𝑊 ,
respectively.
(𝑘)
If the presumptive noise subspace components y𝑊 (𝑡) do
not contain signals, the 𝑀 − 𝑘 smallest eigenvalues of R
(𝑘)
are equal and the covariance matrix R𝑊 is proportional to
(𝑘)
an identity matrix, i.e., R𝑊 = 𝜎𝑘2 I𝑀 −𝑘 , where 𝜎𝑘2 is the
(𝑘)
noise power under the 𝑘 signals assumption. If y𝑊 (𝑡) contain
signals, the 𝑀 − 𝑘 smallest eigenvalues of R are not equal
(𝑘)
and R𝑊 is just a diagonal matrix. Therefore, we can infer
the number of sources based on that the structure of the 𝑘(𝑘)
th presumptive noise subspace covariance matrix R𝑊 can be
tested via the CRST statistic for sphericity test.
Using the sample eigenvectors û1 , ⋅ ⋅ ⋅ , û𝑀 , the presumptive noise subspace components of the observation matrix Y𝑁
is estimated by
(𝑘)

Ŷ𝑊 = (Û𝑀 −𝑘 )𝐻 Y𝑁 ,

(11)

where Û𝑀 −𝑘 = [û𝑘+1 , ⋅ ⋅ ⋅ , û𝑀 ] is the sample noise sub(𝑘)
space. The estimation of R𝑊 is
(𝑘)

Ŝ𝑊 =

1 (𝑘) (𝑘) 𝐻
ˆ 𝑘+1 , ⋅ ⋅ ⋅ , 𝜆
ˆ 𝑀 }.
Ŷ [Ŷ𝑊 ] = diag{𝜆
𝑁 𝑊
(𝑘)

(12)

(15)

Minimizing (15) with respect to 𝑘 yields the estimate of the
number of sources
𝑘ˆ𝑛𝑒𝑤 = arg min CRST-GBIC(𝑘),
𝑘
(16)
𝑘 ∈ ℕ : 0 ⩽ 𝑘 ⩽ min(𝑀, 𝑁 ) − 1.
The steps of proposed CRST-GBIC method for source enumeration is summarized as follows.
Step 1: Perform eigenvalue decomposition on Ŝ (calculating
ˆ𝑀 .
ˆ1 ⩾ ⋅ ⋅ ⋅ ⩾ 𝜆
by (3)) and obtain the sample eigenvalues 𝜆
(𝑘)
Step 2: For 𝑘 = 0, ⋅ ⋅ ⋅ , min(𝑀, 𝑁 ) − 1, let Ŝ𝑊 =
(𝑘)
ˆ 𝑀 }. Then calculate 𝑇
ˆ 𝑘+1 , ⋅ ⋅ ⋅ , 𝜆
and the function
diag{𝜆
CRST-GBIC(𝑘) with (13) and (15), respectively.
Step 3: The source number estimate 𝑘ˆ𝑛𝑒𝑤 is the 𝑘 corresponding to the minimum value of CRST-GBIC(𝑘).
Remark: If the parameter 𝛽 in the CRST statistic can be
estimated, the proposed method is applicable for the nonGaussian observations with the white noise assumption.
V. N UMERICAL E VALUATION

Under the hypothesis R𝑊 = 𝜎𝑘2 I𝑀 −𝑘 , the CRST statis(𝑘)
tic CRST(Ŷ𝑊 , 𝜎𝑘2 I𝑀 −𝑘 ) ≜ 𝑇 (𝑘) can be used to test the
sphericity of the covariance matrix of the 𝑘-th presumptive
(𝑘)
noise subspace components Ŷ𝑊 . When the observations are
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CRST-GBIC(𝑘) = (𝑇 (𝑘) )2 + (𝑘 + 1) log 𝑁.

There are 𝐾 = 8 narrow-band signals impinging upon
a uniform linear array, which consists of 𝑀 sensors with
half-wavelength element separation. The DOA of the signals
are {−55∘ , −40∘ , −25∘ , −10∘ , 5∘ , 20∘ , 35∘ , 50∘ }. Hence, the
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Fig. 1. Probabilities of correct detection versus the SNR.
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Fig. 2. Probabilities of correct detection versus the sample size.
cN=1.25, SNR=6dB, K=8
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directional vectors in the model (1) are a(𝜃𝑘 ) =
𝑒𝑗𝜋 sin 𝜃𝑘 , ⋅ ⋅ ⋅ , 𝑒𝑗𝜋(𝑀 −1) sin 𝜃𝑘 ]𝑇 , 𝑘 = 1, ⋅ ⋅ ⋅ , 𝐾. The signals
are generated by i.i.d. Gaussian sequences with mean zero and
unit variance. The additive noise is complex white Gaussian
noise with power 𝜎 2 . The signal-to-noise ratio (SNR) is defined by SNR= −10 lg 𝜎 2 . We compare the proposed method
with the RMT-AIC method in [8] and the LS-MDL method
in [10], which are suitable for the scenario of a large array
in the white Gaussian noise. The empirical probabilities of
correct detection (i.e. the probability of 𝑘ˆ = 𝐾) are calculated
from 2000 independent numerical trials.
Fig.1 shows the empirical probabilities of correct detection
versus SNR with 𝑀 = 100 and 𝑁 = 60. Under the condition
of 𝑀 > 𝑁 , the proposed method and the LS-MDL can achieve
the correct detection with probability 1 when 𝑆𝑁 𝑅 ≥ 10𝑑𝐵,
while the RMT-AIC fails to estimate the number of sources
even with a high SNR. It illustrates that the RMT-AIC is out of
work when the number of samples is smaller than the number
of sensors. Since the basic mathematical result of the RMTAIC is the distribution of sample eigenvalues which is defined
under the condition of 𝑀/𝑁 < 1.
Fig.2 shows the empirical probabilities of correct detection
versus the number of samples under the condition of 𝑀 = 100
and SNR=6dB. Among of all methods, the proposed method
detects all sources with the smallest sample size. Compared
Fig.2 with Fig.1, the RMT-AIC works only in the condition
of 𝑀 < 𝑁 , and the LS-MDL performs well when the SNR
is high. However, the proposed method has a satisfactory
performance not only in the case of insufficient samples but
also in the case of low SNR.
Fig.3 shows the empirical probabilities of correct detection
versus the number of sensors at SNR=6dB with a fixed ratio
𝑀/𝑁 = 𝑐𝑁 = 1.25. The correct detection probability of
the proposed method increases quickly and is the first one to
reach 1 when 𝑀 > 𝑁 and 𝑀, 𝑁 increase with a fixed ratio.
Moreover, the proposed method is outstanding of all methods.
Although the number of sensors is large enough, the RMTAIC is still out of work as long as the sample size is less than
the sensors number.
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Fig. 3. Probabilities of correct detection versus the number of sensors.

VI. C ONCLUSION
This paper has provided a method of source enumeration in
the case of a large sensor array with relatively few samples in
the white Gaussian noise. The proposed method overcomes the
insufficient samples by introducing the corrected Rao’s score
test (CRST) statistic for sphericity test, which is of normal
distribution only when there is no signal in the presumptive
noise subspace components of the observations. The CRST
statistic of the presumptive noise subspace component also is
a statistic of the sample eigenvalues and used as the statistic
in the generalized Bayesian information criterion (GBIC) for
estimating the source number. Compared with the pervious
works, the proposed method achieves a higher correct detection probability when the number of samples is smaller than
the number of sensors.
ACKNOWLEDGMENT
The authors are grateful to the reviewers for their helpful
comments and suggestions, which have led to improvements of
this article. This work was supported by the National Natural
Science Foundation of China (Grant No.61171137).
R EFERENCES
[1] H. Akaike, “A new look at the statistical model identification”, IEEE
Trans. Automat. Contr., vol.AC-19, no.6, pp.716-723, 1974.

1448

2017 25th European Signal Processing Conference (EUSIPCO)

[2] G. Schwarz, “Estimating the dimension of a model”, The Annals of
Statistics, vol.6, no.2, pp.461-464, 1978.
[3] M. Wax and T. Kailath, “Detection of signals by information theoretic
criteria”, IEEE Trans. Acoust., Speech, Signal Process., vol.33, no.2,
pp.387-392, 1985.
[4] S. Valaee and P. Kabal, “An information theoretic approach to source
enumeration in array signal processing”, IEEE Trans. Signal Process.,
vol.52, no.5, pp.1171-1178, 2004.
[5] F. B. Georges and R. R. Nadakuditi, “The eigenvalues and eigenvectors
of finite, low rank perturbations of large random matrices”, Advances in
Mathematics, vol.227, no.1, pp. 494-521, 2011.
[6] D. Paul and A. Aue, “Random matrix theory in statistics: A review”, J.
Statistical Planning and Inference, vol.150, pp.1-29, 2014.
[7] B. Nadler, “Nonparametric detection of signals by information theoretic
criteria: performance analysis and an improved estimator”, IEEE Trans.
Signal Process., vol.58, no.5, pp. 2746-2756, 2010.
[8] R. R. Nadakuditi and A. Edelman, “Sample eigenvalue based detection
of high-dimensional signals in white noise using relatively few samples”,
IEEE Trans. Signal Process., vol.56, no.7, pp.2625-2638, 2008.
[9] E. Yazdian, S. Gazor and H. Bastani,“Source enumeration in large arrays
using moments of eigenvalues and relatively few samples”, IET Signal
Processing, vol.6, no.7, pp. 689-696, 2012.
[10] L. Huang and H. C. So, “Source enumeration via MDL criterion based
on linear shrinkage estimation of noise subspace covariance matrix”,
IEEE Trans. Signal Process., vol.61, no.19, pp.4806-4821, 2013.
[11] L. Huang, Y. Xiao, et al., “Bayesian information criterion for source
enumeration in large-scale adaptive antenna array”, IEEE Trans. Vehicular
Technology, vol.65, no.5, pp.3018-3032, 2016.
[12] Z. Lu and A. M. Zoubir, “Generalized Bayesian information criterion
for source enumeration in array processing”, IEEE Trans. Signal Process.,
vol.61, no.6, pp.1470-1480, 2013.
[13] D. Jang, “Test for large-dimensional covariance structure based on Rao’s
score test”, J. Multi. Analys., vol.152, pp.28-29, 2016.

ISBN 978-0-9928626-7-1 © EURASIP 2017

1449

