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Abstract

This paper investigates the degradation of detection performance in FDA–MIMO radar
systems caused by signal mismatch under constant-velocity target motion and develops a
robust detection strategy to mitigate this effect. Under the effective hypothesis, a stochastic
term is introduced into the received radar signal to account for mismatch uncertainty. This
term is modeled as a Gaussian random variable whose covariance structure is identical
to that of the noise while being scaled by an unknown robustness parameter. Based on
the resulting statistical model, three robust detectors are derived using the One-Step Gen-
eralized Likelihood Ratio Test (OGLRT), the Two-Step GLRT (TGLRT), and the Gradient
test. Simulation results demonstrate that all proposed detectors preserve the Constant
False Alarm Rate (CFAR) property under the null hypothesis. Further performance eval-
uations reveal that, in the absence of signal mismatch, the OGLRT and Gradient detec-
tors provide superior detection performance, whereas under mismatched conditions, all
three detectors exhibit improved robustness. These findings provide both theoretical insight
and practical guidance for the design and implementation of FDA–MIMO radar systems,
contributing to the enhancement and optimization of detection performance in realistic
operating environments.

Keywords: FDA-MIMO radar; robust detector design; signal mismatch; CFAR property;
GLRT-based detection; moving targets

1. Introduction
Moving target detection in frequency diverse array multiple-input multiple-output

(FDA–MIMO) radar represents a challenging problem in modern radar signal process-
ing. Owing to the inherent range–angle coupling introduced by frequency diversity,
FDA–MIMO radar exhibits a sensing geometry that differs fundamentally from that of
conventional phased-array and standard MIMO radar systems, as discussed in Refs. [1,2].
By combining range-dependent beamforming with spatial diversity, FDA–MIMO radar
provides improved parameter discrimination capability and has attracted increasing at-
tention in radar sensing and imaging applications, as summarized in Ref. [3]. Despite
these advantages, the detection performance of FDA–MIMO radar in practical scenar-
ios is often constrained by model uncertainties rather than by thermal noise alone. In
particular, array calibration errors, waveform distortions, and imperfect knowledge of
the interference environment lead to mismatches between the assumed and actual target
steering vectors, resulting in significant performance degradation in Refs. [4–7]. When the
disturbance covariance matrix is unknown and must be estimated from secondary training
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data, conventional adaptive detectors may suffer from severe detection loss, especially in
sample-limited or partially homogeneous environments in Refs. [8–10].

Moreover, the presence of mainlobe deceptive jamming poses a serious challenge
to FDA–MIMO radar detection. Due to its coherent nature and angular alignment with
the target, mainlobe deceptive jamming is difficult to suppress using conventional spatial
filtering techniques. By exploiting the joint range–angle characteristics of FDA structures,
several approaches have been proposed to discriminate and suppress deceptive jamming;
however, their performance may still deteriorate under covariance mismatch and structured
interference conditions in Refs. [11–13]. To address the above challenges, robust adaptive
detection strategies based on statistical hypothesis testing have been extensively investi-
gated. Likelihood-based detectors such as the generalized likelihood ratio test (GLRT),
Rao test, Wald test, and gradient-based detectors have received considerable attention
due to their desirable constant false alarm rate (CFAR) properties under unknown covari-
ance matrices in Refs. [6,14–17]. Recent studies have further extended these frameworks
to non-Gaussian and compound-Gaussian clutter environments, which better character-
ize practical radar interference and sea clutter conditions in Refs. [18,19]. Bayesian and
two-step adaptive detectors have also been proposed to improve robustness against in-
terference and steering vector mismatch while maintaining acceptable computational
complexity [20].

Motivated by the above considerations, this paper investigates the adaptive target
detection problem for FDA–MIMO radar in the presence of signal mismatch and structured
interference. A likelihood-based CFAR detector is developed within a rigorous statistical
hypothesis testing framework, effectively mitigating the impact of interference and mis-
match while preserving the CFAR property. Analytical performance analysis and extensive
simulation results are provided to demonstrate the effectiveness and robustness of the
proposed approach.

2. Problem Formation
Consider a collocated FDA-MIMO radar with an M-element uniform linear transmit

array and an N-element uniform linear receive array. The inter-element spacing of both the
transmit and receive arrays is d, and the transmitted orthogonal waveforms consist of K
pulses. The carrier frequency of the m-th element is

fm = f0 + (m − 1)∆f , m = 1, 2, · · · , M (1)

where f0 denotes the reference carrier frequency and ∆ f is the frequency increment between
adjacent transmit elements, where c represents the propagation speed of electromagnetic
waves. A far-field point target is assumed to be located at

(
rs, θs

)
, where θs denotes the

azimuth angle and rs is the slant range. The target moves toward the radar with a constant
radial velocity νs.

After downconversion and matched filtering at the receiver, the echoes corresponding
to the K pulses can be collected and arranged into a data matrix, which can be expressed as

Z = ζaTR(r,θ)ωT
D( fd) + N + P (2)

where Z, N, P ∈ CMN×K collect the received data, noise, and mismatch components over K
pulses, and ωD( fd) ∈ CK×1 is the Doppler steering vector, ζ denotes the complex reflection
coefficient of the target, and aTR(rs,θs) ∈ CMN×1 represents the joint transmit–receive
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steering vector; let λ = c/ f0 denote the wavelength corresponding to the reference carrier
frequency, whose explicit form is given by

atr(rs,θs) = at(rs,θs)⊗ ar(θs) (3)

where ⊗ denotes the Kronecker product.
Specifically, the transmit steering vector and the receive steering vector are denoted by

at(rs,θs) =
[
1, ej2π(d sinθs/λ−∆f 2rs/c), · · · , ej2π(M−1)(d sinθs/λ−∆f 2rs/c)

]T

and ar(θs) =
[
1, ej2πd sinθs/λ, · · · , ej2π(N−1)d sinθs/λ

]T
, respectively, corresponding to the

transmitting and receiving uniform linear arrays. The joint transmit–receive steering vector
is constructed from these two vectors through their Kronecker product. In addition, the
operator ⊗ denotes the Kronecker product, and [·]T represents the transpose. The vector
ωD( fd) denotes the Doppler steering vector, whose expression is given by

ωT
D( fd) =

[
1, ej2π fdTp , · · · ej2π fd(K−1)Tp

]T
(4)

where K denotes the number of transmitted pulses and determines the dimension of the
Doppler steering vector, and Tp denotes the pulse repetition interval (PRI). The matrix

N =
[
n0, n1, · · · , nK−1

]
∈ CMN×K represents the noise matrix, where the covariance matrix

of nk , denoted by R, is unknown in practice. The matrix P ∈ CMN×K denotes an artificially
injected random signal, which is introduced to model the interference affecting the received
signal. The matrix P can be partitioned as

P =
[
p1, p2, · · · , pK

]
∈ CMN×K (5)

we assume that Pk ∈ CMN×1, k = 1, 2, . . . , K are independent and identically distributed
(i.i.d.) complex Gaussian random vectors with zero mean and covariance νΣ, that is

pk ∼ CN(0, νΣ), k = 0, 1, . . . , K − 1 (6)

where ν is a nonnegative unknown parameter introduced to quantify and control the
robustness of the detector. The covariance matrix Σ is employed to enhance signal energy
detection under signal mismatch conditions, which facilitates favoring the correct hypothe-
sis in binary hypothesis testing [21]. Furthermore, it is assumed that the virtual signal pk

and the noise component nk are statistically independent and that the covariance structure
of the virtual signal Σ is identical to that of the noise covariance matrix R.

When considering the operation of FDA-MIMO radar in noise environments that
include receiver thermal noise as well as suppression interference or compensated
clutter [22–24], training data can be extracted from angle cells or range cells surrounding the
cell under test (CUT) to estimate the unknown covariance matrix, which can significantly
improve detection performance. Therefore, this work focuses on the design of detectors
based on training data and derives their statistical performance. Let X = [X1,X2, . . . , XL] ∈
CMN×L denote the training data matrix, where Xl ∈ CMN×1, ∂ = 1, 2, . . . , L, are (i.i.d.)
training samples sharing the same noise covariance matrix as the test data. Under these
assumptions, the received test data Zk can be expressed as

Zk ∼ CN
(

ζaTR(r,θ)ωT
D( fd), (1 + ν)R

)
(7)
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similarly, under the null hypothesis H0, we have

Zk ∼ CN(0, R) (8)

Furthermore, the detection problem associated with the binary hypotheses can be
formulated as 

H0 :

{
Z = N
Zl = Nl , l = 1, 2, · · · , L

H1 :

{
Z = ζaTR(r,θ)ωT

D( fd) + N + P
Zl = Nl , l = 1, 2, · · · , L

(9)

Under the alternative hypothesis H1, the joint probability density function (PDF) is
given by

f (Z, Y | ζ, ν, R, H1) =
1

πMNK(L+1)(1 + ν)MNKdetK(L+1)(R)
exp

{
−Tr

[
R−1Z1ZH

1
1 + ν

]
− Tr

[
R−1S

]}
(10)

where Z1 is given by
Z1 = Z − ζaTR(r, θ)ωT

D( fd) (11)

and S denotes the sample covariance matrix, given by S = YYH , where

Y =
[
Z1, Z2, · · · , ZL

]
∈ CMN×KL (12)

Similarly, the joint probability density function (PDF) under the null hypothesis H0

can be expressed as

f (Z, Y | R, H0) =
1

πMNK(L+1)detK(L+1)(R)
exp

{
−Tr

[
R−1ZZH

]
− Tr

[
R−1S

]}
(13)

3. Detector Design
3.1. OGLRT

The one-step GLRT (OGLRT) can be expressed

Λ =

max
ζ,ν,R

f (Z, Y | ζ, ν, R, H1)

max
R

f (Z, Y | R, H0)

H1
Q
H0

λ (14)

First, to optimize the molecular component, we derive the maximum likelihood es-
timate (MLE) of the covariance matrix R for f (Z, Y | ζ, ν, R, H1). By taking the logarithm,
differentiating with respect to R, and equating the derivative to zero, the MLE of R is obtained:

R̂1 =
Z1ZH

1 /(1 + ν) + S
K(L + 1)

(15)

substituting (15) into (10) yields

f
(
Z, Y | ζ, ν, R̂1, H1

)
= cont. × det (S)−K(L+1)

{
(1 + ν)MNK det

[
ZH

1 S−1Z1/(1 + ν) + I
]K(L+1)

}−1
(16)

For notational convenience, the following transformed variables are introduced as

Z̃ = S−1/2Z, ã = S−1/2aTR(r, θ) (17)

Accordingly, (16) can be equivalently expressed as
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f
(
Z, Y | ζ, ν, R̂1, H1

)
= cont. × det (S)−K(L+1)

{
(1 + ν)MNK det

[(
Z̃ − ζãωT

D( fd)
)(

Z̃ − ζãωT
D( fd)

)H/(1 + ν) + I
]K(L+1)

}−1 (18)

Consequently, maximizing (18) is equivalent to minimizing the following expression

g(ζ) = det

[
I +

(
Z̃ − ζãωT

D( fd)
)(

Z̃ − ζ ãωT
D( fd)

)H

1 + ν

]
(19)

Let Pω̂D ( fd) =
ω̂D( fd)ωT

D( fd)

ωT
D( fd) ω̂D( fd)

denote the projection matrix of ω̂D( fd) and P⊥
ω̂D

( fd) =

IK − Pω̂D ( fd) represent the orthogonal projection matrix. Further simplification yields:

g(ζ) = det

I +

(
Z̃ − ζ̃ ã ωT

D( fd)
)(

P⊥
ω̂D( fd)

+ Pω̂D( fd)

)(
Z̃ − ã ωT

D( fd)
)H

1 + ν

 (20)

Furthermore, the following quantity is defined

Z̃⊥ =
(

Z̃ − ζ ãωT
D( fd)

)
P⊥

ω̂D( fd)
(21)

Z̃∥ =
(

Z̃ − ζ ãωT
D( fd)

)
Pω̂D( fd)

(22)

accordingly, (20) can be equivalently expressed as

g(ζ) = det

[
I +

Z̃⊥Z̃⊥H + Z̃∥Z̃∥H

1 + ν

]
= det

[
I +

Z̃⊥Z̃⊥H

1 + ν

]
(23)

The second equality employs the inequality [25]: det(A + B) ≥ det(A), where A is a
Hermitian positive definite matrix and B is a Hermitian positive semidefinite matrix with
compatible dimensions. Equality holds if Z̃∥ = 0 , where

Z̃ Pω̂D ( fd) = α̃ ωT
D( fd) Pω̂D ( fd) = α̃ ωT

D( fd) (24)

Multiplying both sides of Equation (16) by ãH (left) and ω̂D( fd) (right) yields the MLE
of the unknown amplitude ζ as

ζ̂ =
ãH Z̃ ω̂D( fd)

ãH ã ωT
D( fd) ω̂D( fd)

(25)

inserting (25) into (20) give

g(ζ̂) = det

I +

(
Z̃ − PãZ̃Pω̂D( fd)

)(
Z̃ − PãZ̃Pω̂D( fd)

)H

1 + ν

 (26)

where Pã =
ããH

ãH ã .
Under hypothesis H0, the covariance matrix estimate is given by

R̂0 =
ZZH + S
K(L + 1)

(27)
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substituting (13) and (27) into the likelihood function leads to

f
(

X, Y | ν, R̂0, H0

)
= cont × det(S)−K(L+1)

{
det
[
Z̃Z̃H + I

]}−K(L+1)
(28)

by incorporating (14), (16), (26), and (28), the OGLRT detector for a given ν is obtained as

Λ =
min

ν
{det[I+Z̃Z̃H]}

min
ν

(1+ν)
MN
L+1 det

I+

(
Z̃−Pã Z̃Pω̂D( fd)

)(
Z̃−PãZ̃Pω̂D( fd)

)H

1+ν




H1
Q
H0

λ
(29)

According to Ref. [26], the unknown parameter ν can be determined as

ν̂ =

{
0, ∑R

r=1
ρr

ρr+1 ≤ MN
L+1

ν̂, Others
(30)

where ν̂ is the unique positive solution of (30) in (0, ∞).

R

∑
r=1

ρr

ρr + b + 1
=

MN
L + 1

(31)

where b denotes the unknown parameter, ρr and R represent the nonzero eigenvalues and

rank of
(

Z̃ − PãZ̃Pω̂D( fd)

)
,
(

Z̃ − PãZ̃Pω̂D( fd)

)H
, respectively. Substituting (30) and simpli-

fying yields the final OGLRT detector expression

Λ =
det
[
I + Z̃Z̃H]{

(1 + ν̂1)
MN
L+1 det

[
I +

(
Z̃−Pã Z̃Pω̂D( fd)

)(
Z̃−Pã Z̃Pω̂D( fd)

)H

1+ν̂1

] H1
≷
H0

λ (32)

3.2. TGLRT

The formulation of the TGLRT detector follows a two-stage strategy. Initially, the
covariance matrix is assumed to be known, under which a closed-form expression of
the detection statistic can be obtained. Subsequently, to make the detector practically
implementable, the unknown covariance matrix is replaced with its sample-based estimate
derived from the available training data. Through this procedure, the final analytical
expression of the TGLRT detector is established and is presented below

Λ =

max
ζ,ν

f
(

Z, Y | ζ, ν, R, H1

)
f
(

Z, Y | R, H0

) H1
Q
H0

λ (33)

inserting (10) and (13) into (33) results in

Λ =

max
ζ,ν

1

πMlK(L+1)(1+ν)MlK
K(L+1)

det (R)

exp
{
−Tr

[
R−1Z1ZH

1
1+ν

]
− Tr

[
R−1S

]}
1

πMNK(L+1)
K(L+1)

det (R)

exp{−Tr[R−1ZZH ]− Tr[R−1S]}

H1
Q
H0

λ (34)

simplifying and taking the logarithm yields:

Λ = f (ζ, ν) = max
ζ,ν

− MNK ln(1 + ν)− Tr

[
R−1Z1ZH

1
1 + ν

]
− cont.

H1
≷
H0

λ (35)
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To obtain the maximum likelihood estimate (MLE) of ν, set the derivative of the
log-likelihood function with respect to ν to zero:

∂ f (ζ, ν)

∂ν
= −MNK

1 + ν
+ Tr

[
R−1Z1ZH

1

(1 + ν)2

]
= 0 (36)

the resulting estimate is given by

ν̂ =
Tr
[
R−1Z1ZH

1
]

MNK
− 1 (37)

substituting (37) into (35) yields

f (ζ, ν̂) = max
ζ

− MNK ln
[

Tr
(

R−1Z1ZH
1

)]
− cont. (38)

next, the maximum likelihood estimate of ζ is obtained by solving

∂ f (ζ, ν̂)

∂ζ
= MNK

ωT
D( fd)

(
Z − ζaTR(r, θ)ωT

D( fd)
)H R−1aTR(r, θ)

Tr
(

R−1Z1ZH
1
) = 0 (39)

From the above derivations, it follows that

ζ̂ =
aH

TR(r, θ)R−1 Z ω̂D( fd)

aH
TR(r, θ)R−1 aTR(r, θ)ωT

D( fd) ω̂D( fd)
(40)

Substituting (40) into (38) yields

f (ζ̂, ν̂) = MNK ln

[ ∣∣aH
TR(r, θ)R−1 Z ω̂D( fd)

∣∣2
aH

TR(r, θ)R−1 aTR(r, θ)ωT
D( fd) ω̂D( fd)

]
− cont. (41)

by combining (35) and (41), the following test statistic is obtained

Λ =

∣∣aH
TR(r, θ)R−1 Z ω̂D( fd)

∣∣2
aH

TR(r, θ)R−1 aTR(r, θ)ωT
D( fd) ω̂D( fd)

H1
≷
H0

λ (42)

Finally, substituting the sample covariance matrix S = YYH yields the final detec-
tor expression

Λ =

∣∣ã+Z̃ω

∣∣2
ã+ ã

H1
≷
H0

λ (43)

where Z̃ω = Z̃ ω̂D( fd)√
ωT

D( fd) ω̂D( fd)
.

3.3. Gradient Test

The general complex parameter gradient test with nuisance parameters is given as

TG(x̃) =
∂ ln px̃(x̃; Θ̃)

∂Θ̃
T
r

∣∣∣∣∣
Θ̃=Θ̂0

(
Θ̂r1 − Θ̂r0

) H1
≷
H0

λ (44)

It is straightforward to verify that

Θ̃r =

[
θ̃r

θ̃
∗
r

]
=

[
αr + jβr

αr − jβr

]
= 2

[
1
2 Ep

j
2 Ep

1
2 Ep − j

2 Ep

][
αr

βr

]
= 2Tθr (45)
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where Θ̂0 is the MLE of Θ under H0, Θr0 is the value of Θr under H0, Θr1 is the MLE of Θr

under H0, λ denotes the detection threshold.
By substituting Θr into the test statistic (44), the following expression is obtained

∂ ln f1

∂ΘT
r

=

(
∂ ln f1

∂Θ∗
r

)H
=


∂ ln f1

∂α∗
∂ ln f1

∂α
∂ ln f1

∂ν


H

(46)

Under hypothesis under H1, the expressions reported below are obtained by evaluat-
ing the partial derivative of the logarithm of the joint probability density function in (10)
with respect to Θ∗

r , following the principles of complex matrix calculus

∂ ln f1

∂α∗
=

1
1 + ν

(
tHR−1y0 − αtHR−1t

)
(47)

∂ ln f1

∂α
=

1
1 + ν

(
yH

0 R−1t − αHtHR−1t
)T

(48)

∂ ln f1

∂ν
= − N

1 + ν
+

1

(1 + ν)2

[
(y0 − αt)HR−1(y0 − αt)

]
(49)

From the test statistic (44), it can be seen that the MLE of Θ under H0 and the MLE of
Θr under H1 are also needed. After some calculation, we obtain

dR ln f1 = −(K + 1)tr
(

R−1dR
)
+ tr

{[
S + (y0 − αt)(y0 − αt)H/(1 + ν)

]
R−1dRR−1

}
(50)

R̂1 =

[
S +

1
(1 + δ)

(y0 − αt)(y0 − αt)H
]

/(K + 1) (51)

R̂0 =
(

S + y0yH
0

)
/(K + 1) (52)

Θ̂0 =
[
01×3, vecT(R̂0)

]T
(53)

where R̂0 and R̂1 denote the maximum likelihood estimates of R under hypotheses H1 and
H0, respectively, for given values of α and ν. By substituting R̂1 into the joint probability
density function in (10), the maximum likelihood estimate of α for a fixed ν can be obtained
by solving

α̂ = argmin
α

∣∣∣S + (y0 − αt)(y0 − αt)H/(1 + ν)
∣∣∣

= argmin
α

(1 + ν)−1|S|
[
(1 + ν) + (y0 − αt)HS−1(y0 − αt)

] (54)

from which the MLE for α̂ is obtained as

α̂ =
tHS−1y0

tHS−1t
(55)

Subsequently, substituting α̂ and R̂1 into the joint density function f1, the maximum
likelihood estimate of ν is obtained by minimizing

(1 + ν)
N

K+1

∣∣∣∣S +
1

(1 + ν)
(y0 − α̂t)(y0 − α̂t)H

∣∣∣∣ (56)

with respect to ν. By exploiting the properties of the determinant, the MLE of ν can be
derived accordingly [27]
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minν(1 + ν)
N

K+1

∣∣∣S + 1
(1+ν)

(y0 − α̂t)(y0 − α̂t)H
∣∣∣

= min
ν

|S|(1 + ν)
N

K+1−1
[
1 + ν + ỹH

0 ỹ0 − ỹH
0 t̃
(
t̃H t̃
)−1 t̃H ỹ0

] (57)

ν̂ =

{
(ζ − 1)T − 1, (ζ − 1)T − 1 > 0
0, else

(58)

where T = ỹH
0 P⊥

t̃ ỹ0, ỹ0 = S− 1
2 y0, t̃ = S− 1

2 t, P⊥
t̃ = IN − t̃

(
t̃H t̃
)−1 t̃H , ζ̃ = K+1

N .
The adaptive complex parameter gradient detector can be obtained by plugging

(47)–(58) into (44) and simplifying the result:

Λ = 2Re

(
yH

0 R̂−1
0 ttHS−1y0

tHS−1t

)
+ ν̂
[
tr
(

yH
0 R̂−1

0 y0

)
− N

] H1
≷
H0

λ (59)

4. Simulation Results
In this section, we provide numerical simulation results to validate the effectiveness

of our proposed approaches. Suppose we use a pulsed Doppler radar, we set M = 4,
N = 3, ∆ f = B = 1 MHz, which operates at f0 = 2 GHz. The array has an inter-elements
pacing as dT = dR = c

2 f0
. The slant distance of the target is Rs = 15 km, the azimuth

angle is −0.49 rad, the radial velocity is 100 m/s, and the pulse repetition interval is 10 µs.
The range and direction for the target of interest are 15.120 km, 28◦. We assume there are
two false targets generated by the deceptive jammer, with their locations being (14.085 km, 28◦)
and (30.075 km, −30◦), δjam,1 = δjam,2 = 20 dB, respectively. Moreover, we model the noise
covariance matrix R as exponentially shaped with the (i, j) entry being

R(i, j) = σ2
nρ|i−j|. (60)

where σ2
n denotes the power of disturbance and without otherwise stated ρ = 0.9. The

definition of signal-to-noise ratio (SNR), in decibel, is given by

SNR = 10log10
|α|2

σ2
n

(61)

while the jamming-to-noise ratio (JNR) is defined as

JNR = 10log10
ξ†ξ

σ2
n

. (62)

unless otherwise stated, L = 2 and JNR = 5 dB.
Due to the composite nature of the proposed adaptive detectors, which involve

nuisance-parameter estimation and covariance matrix learning from secondary data, a
closed-form expression of the false-alarm probability under H0 is analytically intractable.
Therefore, the CFAR property of the proposed OGLRT, TGLRT, and Gradient detectors is
assessed empirically via Monte Carlo (MC)-based threshold calibration.

Specifically, for a prescribed false-alarm probability PFA = 10−3, the detection thresh-
olds are obtained by performing 100/PFA independent noise-only Monte Carlo trials under
H0. The detection probabilities are then evaluated using 104 independent trials under H1.
This procedure is consistently applied to all detectors to ensure a fair comparison.

To further examine the robustness and statistical stability of the empirical CFAR cali-
bration, the threshold estimation procedure is repeated multiple times for each parameter
setting. The resulting mean values and standard deviations of the thresholds indicate a
very limited variability, confirming that the calibrated thresholds are statistically stable.
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Moreover, the achieved false-alarm probability is verified by applying the calibrated thresh-
olds to an additional large set of independent noise-only realizations, showing that the
empirical false-alarm rates closely match the nominal value across different noise power
levels and correlation coefficients.

The results demonstrate that the proposed detectors maintain a nearly constant false-
alarm behavior with respect to variations in the disturbance power and correlation structure,
providing strong empirical evidence of CFAR performance in practical scenarios where the
exact distribution of the test statistics is unavailable.

Figure 1a,b illustrate the CFAR characteristics of the OGLRT, TGLRT, and Gradient
detectors. In particular, Figure 1a depicts how the detection thresholds vary with different
noise power levels denoted by ρ, whereas Figure 1b presents the corresponding thresholds
as functions of the parameter γ. An examination of these figures reveals that the thresholds
associated with the three detectors exhibit only minor variations as either ρ or γ changes.
This observation confirms that the proposed OGLRT, TGLRT, and TGradient detectors
maintain CFAR behavior with respect to both the noise power ρ and the parameter γ, which
characterizes the structure of the covariance matrix R.
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Figure 1. Detection threshold versus (a) noise power ρ and (b) correlation coefficient γ.

Figure 2a and Figure 2b illustrate the detection probability versus SNR for cases where
the number of training data matrices is set to 4 and 6, respectively. The curve denoted as
benchmark corresponds to the theoretical performance limit of the OGLRT, TGLRT, and
TGradient detectors, which is derived from (29). It is worth noting that the analytical results
given in (42) and (59) can also be treated as benchmark references, since all three expressions
(29), (42) and (59) are obtained under the assumption that the covariance matrix structure is
perfectly known. the label “no” denotes detectors in which the virtual signal introduced in
this chapter is not taken into account, including OGLRT-no, and TGLRT-no. From Figure 2a,
it can be seen that the OGLRT and TGradient detectors exhibit almost indistinguishable
detection behavior and slightly outperform the TGLRT detector. In addition, Figure 2b
demonstrates that increasing the amount of training data leads to a convergence in detection
performance among all detectors, accompanied by a noticeable reduction in the discrepancy
between the simulated results and the theoretical upper bound.

However, in practical radar systems, deviations between the ideal steering vector and
the actual received signal [28–30] commonly arise due to factors such as array calibration
inaccuracies and waveform mismatch. To quantitatively describe the extent of this discrep-
ancy, the generalized squared cosine function is adopted as an effective metric [11,31] for
measuring the similarity between the nominal and mismatched steering vectors. Using this
measure, the level of mismatch can be systematically characterized, and the corresponding
formulation is expressed as follows.
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cos2ϕ =

∣∣aH
TR(r, θ)R−1aTR(r0, θ0)

∣∣2
aH

TR(r, θ)R−1aTR(r, θ)aH
TR(r0, θ0)R−1aTR(r0, θ0)

(63)

the parameter cos2ϕ quantifies the signal mismatch error in the spatial-range domain,
where aH

TR(r, θ) and aTR(r0, θ0) denote the actual and ideal transmit-receive steering vectors,
respectively. Analogously, cos2Φ is defined to characterize the Doppler-dimension signal
mismatch, the expression is

cos2Φ =

∣∣ωH
D( fd,0)ωD( fd)

∣∣2∥∥ωH
D( fd,0)

∥∥2∥ωD( fd)∥2
(64)

where ωD( fd,0) and ωD( fd) are the actual and ideal Doppler steering vectors, respectively.
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Figure 2. Detection probability versus SJNR = for different training data and different numbers of
snapshots in the absence of signal mismatch when (a) L = 4, K = 4, (b) L = 6, K = 4.

Figure 3a–c depict the relationship between detection probability and the signal-to-
jammer-plus-noise ratio (SJNR) under signal mismatch across different dimensions. As
shown in Figure 3b, when mismatch occurs in the transmit–receive dimensional signal,
the proposed TGLRT and TGradient detectors preserve comparatively high detection
performance, indicating strong robustness against such mismatch. Conversely, the OGLRT
detector experiences a pronounced degradation in performance under the same conditions.
In contrast, the OGLRT detectors do not incorporate virtual signals show higher selectivity
but reduced robustness. Figure 3c illustrates the detection results in the presence of Doppler-
domain signal mismatch, where all detectors exhibit performance degradation to varying
extents. A comparative analysis of Figure 3b,c further reveals that, for an identical level of
signal mismatch, discrepancies in the transmit–receive dimension exert a more substantial
adverse effect on detection performance than those in the Doppler dimension.

Figure 4 presents the detection probability as a function of the mismatch level for
different detectors under signal mismatch conditions. The results indicate that the proposed
TGLRT and TGradient detectors maintain stable detection performance as the mismatch
level increases, demonstrating strong robustness against signal mismatch. In contrast,
the OGLRT detector exhibits a more pronounced performance degradation under severe
mismatch conditions. Overall, the comparative results confirm that the detection strategies
developed in this work achieve reliable performance and enhanced robustness in the
presence of signal mismatch.
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Figure 3. Detection probability versus SJNR under signal mismatch for different signal dimensions,
with L = 6 and K = 4: (a) no signal mismatch, (b) cos2 ϕ = 0.7448, cos2 Φ = 1, (c) cos2 ϕ = 1,
cos2 Φ = 0.75.

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

P
ro

b
ab

il
it

y
 o

f 
d

et
ec

ti
o

n

OGLRT

TGLRT

TGradient

(a)

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

P
ro

b
ab

il
it

y
 o

f 
d

et
ec

ti
o

n

OGLRT

TGLRT

TGradient

(b)

Figure 4. Detection probability versus mismatch level for different detectors under signal mismatch,
with L = 6 and K = 4. (a) cos2 ϕ, (b) cos2 Φ.

To evaluate the computational complexity of the proposed detector, the average
execution time of eight competing detectors is investigated under a fixed false alarm
probability PFA = 10−3, with cos2 ϕ = 1, cos2 Φ = 1, SNR = 10 dB, and K = 6. For both
threshold determination and detection probability estimation, 104 independent MC trials
are performed.

The mean operation time is obtained by averaging over ten independent experiments,
and the results are summarized in Table 1. It is observed that the OGLRT test exhibits the
lowest computational cost, whereas the TGradient detector incurs the highest computa-
tional burden among the considered detectors.

Table 1. Computation complexity of the detectors.

Parameters Operation Time (s)

OGLRT 70.5731
TGLRT 76.8180

TGradient 83.1374
OGLRT-non 73.5082
TGLRT-non 76.5389

5. Conclusions
To address the problem of robust target detection in FDA–MIMO radar systems under

signal mismatch, this paper developed a likelihood-based detection framework and derived
three CFAR detectors based on different statistical criteria. The simulation results demon-
strate that under matched signal conditions, the OGLRT and TGradient detectors achieve
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superior detection performance, showing higher detection probability compared with the
TGLRT detector. However, when signal mismatch occurs, the TGLRT and TGradient detec-
tors exhibit improved robustness, maintaining more stable detection performance, whereas
the OGLRT detector experiences more noticeable degradation. Overall, the TGradient detec-
tor provides a favorable balance between detection capability and robustness, performing
consistently well under both matched and mismatched scenarios. The proposed modeling
strategy and detector designs offer practical and flexible solutions for FDA–MIMO radar
systems operating in realistic environments where signal uncertainty cannot be ignored.
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