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Abstract: The distributed multiple-input multiple-output (MIMO) radar observes targets
from different angles, which can overcome the adverse effects of target glint and avoid the
situation where the target’s tangential flight cannot be effectively detected by the radar,
thus providing great advantages in target detection. However, distributed MIMO often
encounters a scarcity of training samples for target detection. To overcome this difficulty,
this paper proposes a Bayesian approach. By modeling the target signal as a subspace
signal, where each transmit–receive pair possesses a distinct and unknown covariance
matrix governed by an inverse Wishart distribution, three efficient detectors are devised
based on the generalized likelihood ratio test (GLRT), Rao, and Wald criteria. Compara-
tive analysis with existing detectors reveals that the proposed Bayesian detectors exhibit
superior performance, particularly in scenarios with limited training data. Experimental
results demonstrate that the Bayesian GLRT achieves the highest probability of detection
(PD), outperforming conventional detectors by requiring a reduction in signal-to-noise
ratio (SNR). Furthermore, an increase in the degrees of freedom of the inverse Wishart
distribution and the number of receiving antennas enhances detection performance, albeit
at the cost of increased hardware requirements.

Keywords: MIMO radar; Bayesian theory; GLRT; Rao test; Wald test

1. Introduction
With the advancement of technology, radar systems have continued to diversify, and

their functions have expanded significantly. However, target detection remains one of the
most fundamental and crucial functions of radar [1,2]. Multiple-input multiple-output
(MIMO) radar, as a typical example of a new-generation radar, employs multiple antennas
to transmit distinct waveforms, thereby offering transmit degrees of freedom, heightened
flexibility, and immense potential for enhanced detection performance [3,4]. MIMO radar
encompasses two fundamental categories: colocated MIMO radar [5,6] and distributed
MIMO radar [7,8].

The antennas of the colocated MIMO radar are closely packed together, and by trans-
mitting different waveforms, higher spatial resolution and more flexible beam control can
be achieved [9]. The distributed MIMO radar observes targets from different angles, which
can greatly reduce the performance loss caused by target fluctuation on radar detection [10].
This paper mainly focuses on the study of distributed MIMO radar. For the convenience of
description, the MIMO radar in the following text refers to the distributed MIMO radar.

The advancement of target detection strategies in MIMO radar has been a subject of
recent research, with various studies contributing to the field [11–14]. Research indicates
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that MIMO radar can leverage target spatial diversity to enhance detection, as demonstrated
in [15]. Space–time coding (STC) is explored as a means to achieve diversity and improve
detection in [16]. A tradeoff between diversity and integration is highlighted in [17],
suggesting the absence of a universally optimal waveform for detection. The generalized
likelihood ratio test (GLRT) for MIMO radar is derived in [18], assuming a consistent
number of training data across different transmit–receive pairs, and is shown to outperform
phased array systems. This derivation is generalized in [19], which removes the constraint
on the number of training data for different transmit–receive pairs and provides a formula
for the probability of false alarm (PFA). Registration errors in MIMO radar detection,
which occur when aligning data from distributed radars into a common coordinate system,
are addressed in [20], where effective detectors are proposed that surpass conventional
methods under imperfect registration. The study in [20] introduces a two-stage detection
approach with a local threshold to regulate the communication rate and a global threshold
to set the overall PFA. In [21], a GLRT is introduced for moving target detection using
colocated MIMO radar on multiple distributed moving platforms. Simulations showcase
the superiority of this radar system in detecting moving targets compared to existing
distributed and colocated MIMO radars. In [22], the detection problem in distributed MIMO
radar is addressed when the environment is partially homogeneous in each transmitter–
receiver path and non-homogeneous for different paths. By modeling disturbance signals as
auto-regressive (AR) processes, two parametric detectors are developed using the Wald test.
In [23], the authors examine the challenge of joint target detection and clutter mitigation
in distributed MIMO radar that employs nonorthogonal waveforms. They introduce
three types of detection solutions: noncoherent detectors, coherent detectors, and hybrid
detectors, which offer a balance between the first two approaches.

In the majority of the aforementioned references concerning MIMO radar detection,
the assumption is often made that either the covariance matrices across different range
bins are identical or that there are sufficient amounts of training data available to estimate
the covariance matrix. In reality, it is common to encounter scenarios where the clutter
in different resolution cells or transmit–receive pairs displays distinct characteristics [24].
These location-dependent clutter traits result in heterogeneity, with the covariance matrix
varying across different resolution cells. Consequently, there tends to be a limited amount
of independent and identically distributed (IID) training data available to form a reliable
estimate of the unknown covariance matrix. To address the challenge posed by limited
training data, two types of detectors are introduced in [25]. The first is a sparsity-based
detector that leverages the sparse representation of clutter in the Doppler domain. The
second is an adaptive parametric detector that utilizes a parametric autoregressive clutter
model. Both detectors are designed under the assumption that clutter is confined to a
specific subspace. However, the complexity of clutter in real-world environments may
not align with these constraints. To tackle this issue, the Bayesian theory is applied in [26]
by assuming that the covariance matrix follows an inverse Wishart distribution governed
by an appropriate scale matrix, which can be derived from antenna configuration or
historical data.

Note that several limitations are present in the approach outlined in [26]. Firstly, it
assumes that the covariance matrices between different transmit–receive pairs maintain the
same structure, differing only in power levels. In actual scenarios, because MIMO radar
observes targets from various angles, the covariance matrices for different transmit–receive
pairs not only vary in power levels but also in structure. Secondly, the detectors proposed
are specifically designed for rank-one signals. However, due to actions such as target
maneuvering and turning, it is often challenging to accurately model the target signal with
a rank-one model, necessitating a more robust subspace model instead. Lastly, only the
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GLRT criterion is used in [26]. Given the complexity of the problem, with a multitude of
unknowns, there is no uniformly most powerful (UMP) test. Therefore, it may be beneficial
to explore alternative criteria beyond the GLRT for detector design.

Based on the above considerations, this paper uses Bayesian theory to solve the prob-
lem of target detection in MIMO radar when training samples are insufficient. Specifically,
the target signal is modeled as a subspace signal, and each transmit–receive pair has a
different unknown covariance matrix. The covariance matrix is ruled by a different inverse
Wishart distribution. Based on the GLRT, Rao, and Wald criteria, three effective detectors
are designed and compared with existing detectors. The results show that the performance
of the designed detectors is superior to existing detectors.

2. Problem Formulation
Suppose that the MIMO radar includes M transmit antennas and N receive anten-

nas. Each transmit antenna transmits K coherent pulses within a coherent processing
interval (CPI), and the waveforms transmitted by different antennas are orthogonal. Af-
ter matched filtering, the pulse-echo data transmitted by the mth transmitting antenna
and received by the nth receiving antenna can be represented as a K × 1 dimensional
column vector xmn. Under hypothesis H0, xmn only contains noise nmn, while under
hypothesis H1, xmn also contains signal s′mn, expressed as s′mn = βmnsmn, with βmn and
smn being signal amplitude and signal steering vector, respectively. smn has the form

smn = [1, e−j2π fmnTr , · · · , e−j2π(K−1) fmnTr ]
T

, where Tr is pulse repetition frequency (PRF),
fmn is the target Doppler frequency, and (·)T denotes transpose.

In the real environment, due to the maneuvering flight of the target and other reasons,
there usually exists uncertainty in the target’s Doppler frequency. To overcome this problem,
a feasible idea is to use a subspace model to characterize the Doppler steering vector of
the target. In other words, it is assumed that the target Doppler steering vector is located
in a given subspace. It follows that we can model smn as smn = Hmnαmn, where Hmn is
a K × p full-column-rank signal matrix and αmn is the p × 1 coordinate vector. Suppose
that nmn is zero-mean, Gaussian distributed, with covariance matrix Rmn, which is usually
unknown. To estimate Rmn, a certain number of training data are needed. Let ylmn

be the
lmn th training data, which only contain noise wlmn , lmn = 1, 2, · · · , Lmn, with Lmn being the
number of the training data. wlmn shares the same covariance matrix Rmn. To sum up, the
detection problem can be expressed as

H0 : xmn = nmn, ylmn
= wlmn ,

m = 1, · · · , M, n = 1, · · · , N, lmn = 1, · · · , Lmn

H1 : xmn = Hmnαmn + nmn, ylmn
= wlmn ,

m = 1, · · · , M, n = 1, · · · , N, lmn = 1, · · · , Lmn

(1)

It is noteworthy to emphasize that for an accurate estimation of Rmn, the quantity of
training data, Lmn, must be sufficiently large. At least, Lmn is greater than or equal to K
to ensure that the sample covariance matrix (SCM) is nonsingular. However, in practice,
the above requirement is often difficult to meet due to the heterogeneous characteristics of
the environment.

To solve the detection problem when the training samples are insufficient, i.e.,
min{Lmn}M,N

m,n=1 < K, this paper designs adaptive detectors for MIMO radar based on
Bayesian theory. Specifically, Rmn follows an inverse Wishart distribution with µmn degrees
of freedom (DOFs), and a scalar matrix µmnΣmn, denoted as

Rmn ∼ CW−1
K (µmn, µmnΣmn) (2)
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It is known that E[Rmn] = [µmn/(µmn − K)]Σmn and E[∥Rmn − Σmn∥2] ≈ tr2(Σmn)/
µmn [27], where the symbol E[·] denotes a statistical expectation. From the above two
equations, it can be seen that the greater the DOF µmn, the higher the credibility of the prior
information for Rmn.

3. Detector Design
We derive the Bayesian GLRT, Rao, and Wald tests in sequence in this Section.

3.1. GLRT

For the detector problem in (1), the joint probability density function (PDF) for fixed
Rmn is

M

∏
m=1

N

∏
n=1

Lmn

∏
lmn=1

f1(xmn, ylmn

∣∣Rmn) =
M

∏
m=1

N

∏
n=1

exp
[
−xH

mn,1R−1
mnxmn,1 − tr(SmnR−1

mn)
]

πK(Lmn+1)
∣∣Rmn

∣∣Lmn+1 (3)

where xmn,1 = xmn − Hmnαmn, Smn = ∑Lmn
lmn=1 ylmn

yH
lmn

, tr(·) is the matrix trace, and |·| is the
matrix determinant.

The Bayesian GLRT can be written as

tGLRT =

max
αmn , Rmn

M
∏

m=1

N
∏

n=1

Lmn
∏

lmn=1
f1(xmn, ylmn

∣∣Rmn) f (Rmn)dRmn

max
αmn , Rmn

M
∏

m=1

N
∏

n=1

Lmn
∏

lmn=1
f0(xmn, ylmn

∣∣Rmn) f (Rmn)dRmn

(4)

where the PDF f (Rmn) is found to be [28]

f (Rmn) =
|Σmn|µmn

c|Rmn|µmn+N etr(−µmnΣmnR−1
mn) (5)

with c = πK(K−1)/2
K
∏
i=1

Γ(µmn − K + i). It follows from Equations (3) and (5) that

Lmn

∏
lmn=1

f1(xmn, ylmn

∣∣Rmn) f (Rmn) = c

∣∣∣∣∣∣Σmn

∣∣∣∣∣∣µmn

etr
[
−R−1

mn(xmn,1xH
mn,1 + Smn + µmnΣmn)

]
|Rmn|µmn+K+Lmn+1 (6)

Performing integration of Equation (6) with respect to (w.r.t.) Rmn results in

∫ Lmn

∏
lmn=1

f1(xmn, ylmn

∣∣Rmn) f (Rmn)dRmn = cλ−K

∣∣∣∣∣Σ
∣∣∣∣∣µmn

∣∣∣xmn,1xH
mn,1 + Smn + µmnΣmn

∣∣∣−(µmn+Lmn+1)
(7)

Taking Equation (7) into Equation (4) leads to

tB-GLRT =

M
∏

m=1

N
∏

n=1
gmn,0

M
∏

m=1

N
∏

n=1
min
κmn

gmn,1(αmn)

(8)

where
gmn,0 =

∣∣∣Φmn

∣∣∣µmn+Lmn+1(1 + xH
mnΦ−1

mnxmn)
µmn+Lmn+1

(9)

gmn,1(αmn) =
∣∣∣Φmn

∣∣∣µmn+Lmn+1(1 + xH
mn,1Φ−1

mnxmn,1)
µmn+Lmn+1

(10)
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and we have used the identity
∣∣∣B + cdH

∣∣∣=∣∣∣B∣∣∣(1 + dHB−1c) for compatible matrix B, vec-
tors c and d.

Nulling the derivative of Equation (10) w.r.t. αmn, we have

α̂mn = (HH
mnΦ−1

mnHmn)
−1

HH
mnΦ−1

mnxmn (11)

Taking Equation (11) into Equation (10)
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∏∏
H

x x
x P x
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1 1
*

ln ( ) ln ( )( ) E T
f f∂ ∂ =  ∂ ∂ 

X XF Θ
Θ Θ

 (14)

which needs to be partitioned as 

r r r s

s r s s

, ,

, ,

( ) ( )
( )

( ) ( )
 

=  
  

F F
F

F F
Θ Θ Θ Θ

Θ Θ Θ Θ

Θ Θ
Θ

Θ Θ
 (15)

Then, the Rao test is expressed as [29,30] 

r r
0 0

11 1
Rao 0 *,

ˆ ˆr r

ln ( ) ln ( )ˆ( )
T

f ft −

= =

∂ ∂ =  ∂ ∂
x xF

Θ Θ
Θ Θ Θ Θ

Θ
Θ Θ

 (16)

where 

r r r r r s s s s r

11 1
, , , , ,[ ( )] = ( ) ( ) ( ) ( )

−− − − F F F F FΘ Θ Θ Θ Θ Θ Θ Θ Θ ΘΘ Θ Θ Θ Θ  (17)

Using Equation (3), we have 

11ln ( ) ( )Hmn mn mn mn mn
mn

f −∂ = −
∂

x x H α R H
α

 (18)

11
*

ln ( ) ( )H
mn mn mn mn mn

mn

f −∂ = −
∂

x H R x H α
α

 (19)

Taking Equations (18) and (19) into Equation (14) yields 
1

, ( )
mn mn

H
mn mnmn mn

−=α αF H R HΘ  (20)

Furthermore, it can verify that 
r s, ( )FΘ Θ Θ  is a null matrix. Hence, we have 

(12)

where
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Using Equation (3), we have 

11ln ( ) ( )Hmn mn mn mn mn
mn

f −∂ = −
∂

x x H α R H
α

 (18)

11
*

ln ( ) ( )H
mn mn mn mn mn

mn

f −∂ = −
∂

x H R x H α
α

 (19)

Taking Equations (18) and (19) into Equation (14) yields 
1

, ( )
mn mn

H
mn mnmn mn

−=α αF H R HΘ  (20)

Furthermore, it can verify that 
r s, ( )FΘ Θ Θ  is a null matrix. Hence, we have 

(13)

3.2. Rao Test

To derive the Rao test, we first define Θ = [ΘT
r , ΘT

s ]
T , where Θr = [αT

11, · · · ,αT
MN ]

T ,

Θs = [vec(R11)
T , · · · , vec(RMN)

T ]
T

. The Fisher information matrix (FIM) for Θ is [29]

F(Θ) = E
{

∂ ln f1(X)
∂Θ∗

∂ ln f1(X)
∂ΘT

}
(14)

which needs to be partitioned as

F(Θ) =

[
FΘr,Θr(Θ) FΘr,Θs(Θ)

FΘs,Θr(Θ) FΘs,Θs(Θ)

]
(15)

Then, the Rao test is expressed as [29,30]

tRao =
∂ ln f1(x)

∂Θr

∣∣∣∣T
Θ=Θ̂0

[
F−1(Θ̂0)

]
Θr,Θr

∂ ln f1(x)
∂Θ∗

r

∣∣∣∣
Θ=Θ̂0

(16)

where
[F−1(Θ)]Θr,Θr

=
[
FΘr,Θr(Θ)− FΘr,Θs(Θ)F−1

Θs,Θs
(Θ)FΘs,Θr(Θ)

]−1
(17)

Using Equation (3), we have

∂ ln f1(x)
∂αmn

= (xmn − Hmnαmn)
HR−1

mnHmn (18)

∂ ln f1(x)
∂α∗

mn
= HH

mnR−1
mn(xmn − Hmnαmn) (19)

Taking Equations (18) and (19) into Equation (14) yields

Fαmn ,αmn(Θ) = HH
mnR−1

mnmnHmn (20)
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Furthermore, it can verify that FΘr,Θs(Θ) is a null matrix. Hence, we have

[
F−1(Θ)

]
Θr,Θr

=


(HH

11R−1
11 H11)

−1 · · · 0K
...

. . .

0K · · · (HH
MNR−1

MNHMN)
−1

 (21)

Taking Equations (18), (19), and (21) into Equation (16) results in the Rao test for given
Rmn as

tRaoR =
M

∑
m=1

N

∑
n=1

xH
mnR−1

mnHmn(HH
mnR−1

mnHmn)
−1

HH
mnR−1

mnxmn (22)

To derive the final Bayesian Rao test, we need an estimate of R under hypothesis
H0. Nulling the derive of Equation (6) w.r.t. R, we have the maximum a posteriori (MAP)
estimate of R under H0 as

R̂mn,0 =
1

cmn
(xmnxH

mn + Φmn) (23)

where cmn = µmn + K + Lmn + 1. Taking Equation (23) into Equation (22) and ignoring the
constant, we have the final Bayesian Rao test for MIMO (B-Rao-MIMO) radar

tB-Rao-MIMO =
M
∑

m=1

N
∑

n=1
xH

mn(xmnxH
mn + Φmn)

−1Hmn[
HH

mn(xmnxH
mn + Φmn)

−1Hmn

]−1
HH

mn(xmnxH
mn + Φmn)

−1xmn

(24)

Using the matrix inversion lemma, we have

(xmnxH
mn + Φmn)

−1
= Φ−1

mn −
Φ−1

mnxmnxH
mnΦ−1

mn

1 + xH
mnΦ−1

mnxmn
(25)

Using the matrix inversion lemma again, we arrive at

[
HH

mn(xmnxH
mn + Φmn)

−1
Hmn

]−1
= (HH

mnΦ−1
mnHmn)

−1
+

(HH
mnΦ−1

mnHmn)
−1HH

mnΦ−1
mnxmnxH

mnΦ−1
mnHmn(HH

mnΦ−1
mnHmn)

−1

1 + xH
mnΦ−1

mnxmn − xH
mnΦ−1

mnHmn(HH
mnΦ−1

mnHmn)
−1

HH
mnΦ−1

mnxmn

(26)

Taking Equations (25) and (26) into Equation (24) results in another form of the B-Rao-
MIMO as

tB-Rao-MIMO =
M

∑
m=1

N

∑
n=1

xH
mnΦ−1

mnHmn(HH
mnΦ−1

mnHmn)
−1HH

mnΦ−1
mnxmn

(1 + xH
mnΦ−1

mnxmn)
[
1 + xH

mnΦ−1
mnxmn − xH

mnΦ−1
mnHmn(HH

mnΦ−1
mnHmn)

−1
HH

mnΦ−1
mnxmn

] (27)

3.3. Wald Test

The Wald test is [29,30]

tWald = (Θ̂r1 − Θr0)
H
{
[I−1(Θ̂1)]Θr,Θr

}−1
(Θ̂r1 − Θr0) (28)

where Θ̂r1 is the value of Θr under H1, and Θr0 is the value of Θr under H0.
Substituting Equations (11) and (21) into Equation (28) yields the Wald test for fixed R as

tWaldRmn
=

M

∑
m=1

N

∑
n=1

xH
mnR−1

mnHmn(HH
mnR−1

mnHmn)
−1

HH
mnR−1

mnxmn (29)
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To obtain the final Wald detector, it is necessary to provide the Bayesian estimation of
R under the hypothesis test H1. By setting the derivative of Equation (6) w.r.t. R to zero,
the MAP estimation of R under H1 is obtained as

R̂mn,1 =
1

Lmn + 1

[
(xmn − Hmnαmn)(xmn − Hmnαmn)

H + Φmn

]
(30)

Taking Equation (11) into Equation (30) leads to
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1 1
( )

M N
H H H
mn mn mn mn mn mn mn mn mn

m n
t − − − −

= =
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4. Performance Evaluation 
This Section evaluates the detection performance of the proposed Bayesian detectors 

B-GLRT-MIMO, B-Rao-MIMO, and B-Wald-MIMO. To decrease the computational de-
mands, the PFA is set to be 3PFA 10−= . To determine the detection threshold, 510  data 
simulations are used. To ascertain the probability of detection (PD), 410  data simulations 
are conducted. The 1 2( , )k k  element of the Bayesian scalar matrix mnΣ  is set to be 

2
1 2| |

1 2( , ) k k
mn mnk k ρ −=Σ , 1 2, 1,2, ,k k K=   (35)

The signal-to-noise ratio (SNR) is defined as 

1

1 1
SNR

M N
H H
mn mn mn mn mn

m n

−

= =

=α H H αΣ  (36)

In order to verify the effectiveness of the proposed Bayesian MIMO radar detectors, 
this Section also presents the traditional subspace GLRT for the MIMO (GLRT-MIMO) 
radar, i.e., 

11

GLRT-MIMO 1 1 1 1 1
1 1

1
1 ( )

mnLHM N
mn mn mn

H H H H
m n mn mn mn mn mn mn mn mn mn mn mn mn

t
+−

− − − − −
= =

 +=  + − 
∏∏ x S x

x S x x S H H S H H S x
 (37)

which is a subspace extension of the rank-one GLRT proposed in [19]. 
Figure 1 shows the probability of false alarms (PFAs) under different clutter covari-

ance parameters mnρ  with a fixed detection threshold. For convenience, all mnρ  are set 
to be the same, i.e., 11 12 MNρ ρ ρ ρ= = = = . It can be seen from Figure 1 that the PFA re-
mains basically constant, which verifies that the proposed detectors have the characteristic 
of constant false alarm rate (CFAR) properties. 

(31)
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In order to verify the effectiveness of the proposed Bayesian MIMO radar detectors, 
this Section also presents the traditional subspace GLRT for the MIMO (GLRT-MIMO) 
radar, i.e., 
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which is a subspace extension of the rank-one GLRT proposed in [19]. 
Figure 1 shows the probability of false alarms (PFAs) under different clutter covari-

ance parameters mnρ  with a fixed detection threshold. For convenience, all mnρ  are set 
to be the same, i.e., 11 12 MNρ ρ ρ ρ= = = = . It can be seen from Figure 1 that the PFA re-
mains basically constant, which verifies that the proposed detectors have the characteristic 
of constant false alarm rate (CFAR) properties. 

(32)

It follows from Equation (32) that

HH
mnR̂−1

mn,1Hmn = (Lmn + 1)HH
mnΦ−1

mnHmn (33)

Taking Equation (33) into Equation (29) and ignoring the constant, we have the final
Bayesian Wald test for MIMO (B-Wald-MIMO) radar

tB-Wald-MIMO =
M

∑
m=1

N

∑
n=1

xH
mnΦ−1

mnHmn(HH
mnΦ−1

mnHmn)
−1

HH
mnΦ−1

mnxmn (34)

4. Performance Evaluation
This Section evaluates the detection performance of the proposed Bayesian detectors B-

GLRT-MIMO, B-Rao-MIMO, and B-Wald-MIMO. To decrease the computational demands,
the PFA is set to be PFA = 10−3. To determine the detection threshold, 105 data simulations
are used. To ascertain the probability of detection (PD), 104 data simulations are conducted.
The (k1, k2) element of the Bayesian scalar matrix Σmn is set to be

Σmn(k1, k2) = ρ
|k1−k2|2
mn , k1, k2 = 1, 2, · · · , K (35)

The signal-to-noise ratio (SNR) is defined as

SNR =
M

∑
m=1

N

∑
n=1

αH
mnHH

mnΣ−1
mnHmnαmn (36)

In order to verify the effectiveness of the proposed Bayesian MIMO radar detectors,
this Section also presents the traditional subspace GLRT for the MIMO (GLRT-MIMO)
radar, i.e.,

tGLRT-MIMO =
M

∏
m=1

N

∏
n=1

(
1 + xH

mnS−1
mnxmn

1 + xH
mnS−1

mnxmn − xH
mnS−1

mnHmn(HH
mnS−1

mnHmn)
−1

HH
mnS−1

mnxmn

)Lmn+1

(37)

which is a subspace extension of the rank-one GLRT proposed in [19].
Figure 1 shows the probability of false alarms (PFAs) under different clutter covariance

parameters ρmn with a fixed detection threshold. For convenience, all ρmn are set to be the
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same, i.e., ρ11 = ρ12 = · · · = ρMN = ρ. It can be seen from Figure 1 that the PFA remains
basically constant, which verifies that the proposed detectors have the characteristic of
constant false alarm rate (CFAR) properties.
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Figure 1. PFAs of the detectors under different clutter structure. M = 2, N = 2, K = 8,
{Lmn}2

m,n=1 ={9, 10, 9, 10}, and p = 2.

Figure 2 shows the performance comparison between Bayesian detectors and the
conventional GLRT-MIMO when the number of training samples is greater than the number
of system channels. In this case, the number of transmitting antennas is M = 2, the number
of receiving antennas is N = 2, the number of pulses within a CPI is K = 8, and the Bayesian
degrees of freedom are set to {µmn}2

m,n=1 = {9, 10, 9, 10} for different transmitting-receiving
antenna pairs. The values of ρmn for the sale matrix in Equation (35) are {ρmn}2

m,n=1 =

{0.8, 0.86, 0.92, 0.98}. The number of training samples is set to {Lmn}2
m,n=1 = {9, 10, 9, 10}.

For ease of writing, the above parameters are set as follows: Group 1 parameter settings.
The dimension of the signal subspace is set to be p = 2. From the results in Figure 2, it can
be seen that the detection performance of the Bayesian MIMO radar detector is much higher
than that of the conventional detector GLRT-MIMO. Among the three Bayesian detectors,
the B-GLRT-MIMO has the highest PD. When the detection probability is 0.9, compared to
the conventional detector GLRT-MIMO, the Bayesian MIMO radar detector B-GLRT-MIMO
requires a reduction in SNR of more than 7 dB, which means an improvement in SNR of
approximately 7 dB.
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Figure 2. PDs of the detectors under different SNRs. M = 2 , N = 2 , K = 8 , {µmn}2
m,n=1 = {9, 10, 11, 12},

{ρmn}2
m,n=1 = {0.8, 0.86, 0.92, 0.98}, {Lmn}2

m,n=1 = {9, 10, 9, 10}, and p = 2 .
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The parameters in Figure 3 are the same as those in Figure 2 except for the higher DOF
of the inverse Wishart distribution. By comparing Figures 2 and 3, it can be seen that when
the DOF of the inverse Wishart distribution increases, the PD of each Bayesian detector
increases. This is mainly due to the more accurate prior information about the unknown
covariance matrix.
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m,n=1 = {9, 10, 9, 10}, and
p = 2 .

The parameters in Figure 4 are the same as those in Figure 2, except for the increase in
the number of training samples. Compared with the results in Figure 2, it can be seen that
the detection performance of each detector has improved, especially for the conventional
detector GLRT-MIMO. However, it still has lower PD than the Bayesian detectors, and
B-GLRT-MIMO also has the highest PD.
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Figure 5 shows the PD of each Bayesian detector when the training samples are too
limited to form an invertible SCM. Compared with the parameter settings in Figure 2, only
the number of training samples is different. In this case, the conventional GLRT-MIMO
fails, so it is not shown in the figure. It can be seen from Figure 5 that each Bayesian detector
can effectively detect the target, and the detection performance of B-GLRT-MIMO is the
best. Compared with Figure 2, the detection performance of each detector has decreased,
mainly due to the insufficient number of training samples, which leads to a significant
estimation error in the noise covariance matrix.
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The parameters in Figure 6 are the same as those in Figure 2 except for the signal
subspace dimension p. By comparing the results in Figures 2 and 6, it can be seen that the
increase in the dimension of the subspace will lead to a decrease in the PD of each detector.
This is because the increase in the dimension of the subspace leads to an increase in the
dimension of the unknown signal coordinates, and the increase in the number of unknowns
will lead to a decrease in detection performance.
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Figure 7 shows the detection performance of each detector when the receiving antenna
is increased. Comparing the results of Figures 2 and 7, it can be seen that the increase in the
number of antennas in MIMO radar will lead to an improvement in detection performance.
This seems reasonable, as more receiving antennas receive more reflected energy from the
target, resulting in improved detection performance. However, the amount of equipment
required for MIMO radar also increases at this time.

Table 1 summarizes the performance gain of the Bayesian detectors compared to
the conventional detector GLRT-MIMO in Figures 2–7 at a PD of 0.8. The performance
advantage of the Bayesian detectors can be intuitively seen from the table. Even when
the training samples are sufficient, the proposed Bayesian detectors can still provide a
performance gain of about 1.5 dB.
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Table 1. Performance improvement of the Bayesian detectors w.r.t. the GLRT-MIMO at PD = 0.8.

Detector Figure 2 Figure 3 Figure 4 Figure 5 Figure 6 Figure 7

B-GLRT-MIMO 7.21 dB 8.77 dB 1.72 dB - 7.20 dB 7.43 dB

B-Rao-MIMO 7.02 dB 8.79 dB 1.68 dB - 7.14 dB 7.31 dB

B-Wald-MIMO 6.42 dB 8.70 dB 1.49 dB - 6.75 dB 6.79 dB

While enhancing the performance of radar target detection, the distributed MIMO
system increases complexity due to the need for more antennas; the increase in data
dimensions and data rates also raises the difficulty and time required for processing. The
following strategies can be used to address or mitigate these issues:

1. Optimized antenna design. Adopting advanced antenna technologies to reduce the
physical size and complexity of the antennas without compromising performance.
This may include the use of metamaterial-based antennas.

2. Antenna selection techniques. Instead of using all available antennas, select a subset
of antennas that offers the best trade-off between performance and complexity. This
can reduce the number of antennas required and the associated system complexity.

3. Compressed sensing. Utilizing compressed sensing techniques to reduce the amount
of data that need to be processed. This method can effectively recover sparse signals
from a small number of measurements.

4. Parallel processing. Implementing parallel processing hardware, such as multi-core
processors or field-programmable gate arrays (FPGAs), to handle the increased data
processing demands. This can significantly reduce processing time.

5. Algorithm optimization. Developing and implementing more efficient signal process-
ing and data analysis algorithms. This may include algorithms specifically designed
for processing high-dimensional data with lower computational complexity.

6. Resource management. Implementing effective resource management strategies to
efficiently allocate processing power and bandwidth. This helps optimize the use of
available resources and reduces the overall system complexity.

5. Conclusions
This paper has successfully demonstrated the effectiveness of Bayesian theory in

enhancing target detection performance in MIMO radar systems, particularly under condi-
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tions of insufficient training samples. By modeling the unknown covariance matrices as
governed by inverse Wishart distributions and leveraging the GLRT, Rao, and Wald criteria,
three Bayesian detectors were designed and evaluated. The results conclusively show
that the proposed Bayesian detectors have CFAR properties and outperform conventional
detectors, with the B-GLRT-MIMO detector exhibiting the highest PD. Remarkably, the
B-GLRT-MIMO enhances performance by over 7 dB in SNR, compared with the existing
detection method. Furthermore, the proposed Bayesian detectors are capable of functioning
effectively even in the absence of training data. The study highlights the importance of prior
information accuracy in improving detection performance, as evidenced by the increased
PD with higher degrees of freedom for the inverse Wishart distribution. Additionally,
increasing the number of receiving antennas in MIMO radar systems enhances detection
capabilities, albeit with a corresponding increase in hardware complexity. Overall, this
work provides a robust framework for addressing the challenges of target detection in
MIMO radar with limited training data, offering valuable insights for future research and
practical applications.
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