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Abstract. The multi-target space-time cascaded monopulse
(M-STCMP) algorithm is an efficient method for parame-
ter estimation in radar systems. However, under jamming
conditions, the signal-to-jamming-plus-noise ratio (SJNR)
deteriorates significantly, causing the sum and difference
beam weights computed by the M-STCMP algorithm to be-
come unreliable for target parameter estimation. To ad-
dress this limitation, this paper proposes an anti-jamming
multi-target space-time cascaded monopulse (AM-STCMP)
algorithm as a robust framework for multi-target parame-
ter estimation. The proposed AM-STCMP algorithm im-
proves the conventional M-STCMP framework by integrat-
ing spatial adaptive monopulse processing. Unlike conven-
tional derivative-based methods, this approach adaptively
optimizes the sum and difference beam weights through max-
imum likelihood estimation, thereby effectively suppressing
strong jamming while maintaining estimation accuracy. In
addition, iterative optimization of the angle discrimination
curve enhances the SJNR and improves parameter estima-
tion accuracy. In the subsequent processing stage, the al-
gorithm employs space-time cascaded monopulse processing
for efficient range-velocity estimation and uses the RELAX al-
gorithm for high-precision angle-velocity-range estimation,
thereby maintaining accuracy while reducing computational
complexity. Theoretical analysis and Monte Carlo simula-
tions validate the AM-STCMP algorithm and demonstrate its
improved robustness under strong jamming conditions.
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1. Introduction
Monopulse angle measurement is an effective technique

for target direction estimation and generally has lower compu-
tational complexity than the MUSIC algorithm [1–3]. How-
ever, monopulse radar cannot distinguish between target sets
located within the same range-Doppler cell. As a result,
the estimation is affected by the energy center of the target
sets [4]. To improve the angle estimation performance of
monopulse radar in multi-target environments, researchers
have made extensive efforts in this direction.

In 1971, Sherman used the complex ratio of the sum
and difference signals formed from two pulses to estimate
the angles of two targets, thereby laying the foundation
for multi-target detection using monopulse radar [5]. Sub-
sequently, several methods have been proposed, including
moment-matching, maximum-likelihood, and four-channel
closed-form angle estimation methods. However, these al-
gorithms are typically limited to scenarios involving only
two targets [6–8]. To overcome this limitation, several ex-
tended methods have been proposed, including the approxi-
mate maximum-likelihood relaxation estimation method, the
joint Doppler-angle maximum-likelihood estimation method,
and the amplitude comparison monopulse-maximum likeli-
hood (ACM-ML) method [9–11]. Nevertheless, these meth-
ods rely on joint maximum-likelihood estimation, which re-
quires two-dimensional iterative optimization and leads to
high computational complexity, making real-time process-
ing difficult [12]. In [13], a time-domain monopulse veloc-
ity measurement algorithm was introduced to accelerate the
two-dimensional ML search in the ACM-ML algorithm. In
addition, an efficient multi-target parameter estimation al-
gorithm based on space-time cascaded monopulse process-
ing, referred to as the M-STCMP algorithm, was proposed.
However, the angle measurement algorithm employed in this
approach still relies on the conventional monopulse method.
In jamming-prone environments, antenna pattern distortion

DOI: 10.13164/re.2026.0323



324 L. QIAO, M. SHEN, R. CHEN, ET AL., ANTI-JAMMING MULTI-TARGET PARAMETER ESTIMATION . . .

can significantly degrade the algorithm’s estimation per-
formance. To improve the anti-jamming performance of
monopulse angle measurement, adaptive digital beamform-
ing (ADBF) has been introduced to achieve high-precision
angle estimation in jamming environments.

ADBF is a spatial filtering technique that forms nulls
in the directions of jamming sources, thereby enhancing the
desired signal output while suppressing jamming. When
integrated with monopulse angle measurement, ADBF can
effectively reduce the impact of jamming on angle estimation
and enable high-precision measurements in jamming-prone
environments [14]. Since Van Atta first proposed adaptive
array processing in 1959, researchers have sought to improve
this technique in terms of array signal processing perfor-
mance, data processing speed, and application scope. In this
context, various algorithms have been proposed, such as the
least mean square (LMS) and recursive least squares (RLS)
algorithms [15], [16]. An adaptive beamforming method
for broadening jamming nulls was introduced in [17]. This
method is easy to implement and can effectively suppress
jamming even when the jammer direction changes. In 2022,
Xiong and Xie [18] proposed a two-dimensional hierarchical
adaptive monopulse beamforming algorithm, which jointly
suppresses both main lobe and sidelobe jamming by hier-
archically processing angular and orthogonal dimensions,
thereby ensuring high-accuracy angle measurement.

This paper proposes an anti-jamming multi-target pa-
rameter estimation algorithm based on space-time cascaded
monopulse processing. The proposed method extends the
work in [13] by introducing spatial adaptive monopulse
angle measurement into the M-STCMP framework. In
the proposed algorithm, spatial adaptive monopulse cor-
rection is applied to the sum and difference weight vec-
tors to mitigate the impact of jamming signals in radar
echoes. This enhancement improves the anti-jamming ca-
pability of the M-STCMP algorithm and enables accurate
three-dimensional parameter estimation of each target, in-
cluding velocity, range, and angle.

2. Basic Principle of the M-STCMP
Consider a linear array with 𝑁e elements, where the

spacing 𝑑 between adjacent elements is assumed to be much
larger than the physical size of each antenna element. A chirp
signal is transmitted, and all signals are assumed to be far-
field and narrowband. The target signal is incident on the
antenna array at an angle 𝜃.

The angle estimate can be expressed as [11]:

𝜃 = 𝜃′ + 1
𝑘

Re

(
𝝎H

Δ
a(𝜃)

𝝎H
Σ

a(𝜃)

)
= 𝜃′ + 1

𝑘
Re

(
GΔ (𝜃)
GΣ (𝜃)

)
(1)

where 𝜃′ represents the angle observation value; a(𝜃) repre-
sents the array steering vector; the sum and difference beam
weight vectors are 𝝎Σ = a(𝜃) and 𝝎Δ = d𝜔Σ/d𝜃, respec-
tively; GΔ (𝜃) and GΣ (𝜃) denote the difference and sum beam

amplitude gains, respectively; 𝑘 represents the slope of the
monopulse ratio in the spatial domain; Re(·) represents the
real part of the complex quantity; the superscript (·)H denotes
the conjugate transpose.

The velocity estimate can be expressed as [19]:

𝑣̂ = 𝑣′ +
wH
Δ

s(𝑣)
wH
Σ

s(𝑣)

/
𝑘𝑣 = 𝑣

′ +
Y𝑣,Δ
Y𝑣,Σ

/
𝑘𝑣 (2)

where 𝑣′ is the velocity observation value; s(𝑣) is the tem-
poral steering vector; the sum and difference beam weight
vectors are wΣ = s(𝑣) and wΔ = dwΣ/d𝑣, respectively; Y𝑣,Δ
and Y𝑣,Σ are the sum and difference beam gains, respectively;
and 𝑘𝑣 represents the slope of the temporal monopulse ratio.

When multiple targets are present in the scenario, an im-
proved RELAX algorithm is employed for multi-target pa-
rameter estimation. After fast Fourier transform (FFT) pro-
cessing of the received data, the 𝑁 targets are assumed to
be distributed across 𝐾 Doppler cells. When the targets are
clustered within the same Doppler cell, 𝐾 is equal to 1. The
sum and difference channel outputs of the 𝑛th target in the
𝑘th Doppler cell can subsequently be expressed as follows:

Y(𝑘,𝑛)
Σ

= YΣ −
𝑁𝑘∑︁

𝑙=1,𝑙≠𝑛
𝛼̂ (𝑙)Z(𝑙) (𝑟 (𝑙) , 𝑣̂ (𝑙) ), (3)

Y(𝑘,𝑛)
Δ

= YΔ −
𝑁𝑘∑︁

𝑙=1,𝑙≠𝑛
𝛽 (𝑙)Z(𝑙) (𝑟 (𝑙) , 𝑣̂ (𝑙) ) (4)

where 𝑘 = 1, 2, . . . , 𝐾 , 𝑁𝑘 represents the number of tar-
gets in the 𝑘th Doppler cell; YΣ represents the sum chan-
nel output of the 𝑁 targets and noise; YΔ represents
the difference channel output of the 𝑁 targets and noise;
and [𝑣̂ (𝑙)𝑛 , 𝑟 (𝑙)𝑛 , 𝛼̂

(𝑙)
𝑛 , 𝛽

(𝑙)
𝑛 ]𝑛∈[1,𝑁 ],𝑙≠𝑛 represents the velocity,

range, sum channel amplitudes and difference channel am-
plitudes of the remaining 𝑁–1 components. Z is the recon-
structed matrix of outputs from the remaining 𝑁–1 compo-
nents.

Performing the inverse fast Fourier transform (IFFT)
on (3) yields the corresponding temporal output. Substituting
this result into (2) provides the estimated velocity 𝑣 (𝑘,𝑛) . The
remaining parameters [𝛼 (𝑘,𝑛) , 𝛽 (𝑘,𝑛) , 𝜃 (𝑘,𝑛) ] are obtained ac-
cording to [13].

The remaining component of the 𝑙th iteration is defined
as:

C(𝑙) = I ·
�����Y(𝑘,𝑛)

Σ
−

𝑛∑︁
𝑛=1

𝛼̂ (𝑘,𝑛)Z(𝑘,𝑛)
(
𝑟 (𝑘,𝑛) , 𝑣̂ (𝑘,𝑛)

)����� . (5)

Let I denote an all-one vector. The iteration is terminated
when the number of iterations reaches the predefined maxi-
mum or when the rate of change in the residual components
between the 𝑙th and (𝑙+1)th iterations falls below a specified
threshold. Finally, all target parameters are jointly refined
by the RELAX iteration, yielding more accurate parameter
estimates [13].
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(a) Velocity estimation (b) Range estimation

(c) Angle estimation

Fig. 1. The impact of jamming on the performance of M-STCMP.

Compared with the maximum likelihood-based multi-
parameter joint search methods, the M-STCMP algorithm
significantly reduces the computational complexity. How-
ever, in jamming-prone environments, the estimation per-
formance of the algorithm degrades considerably. Figure 1
illustrates the impact of jamming on the velocity, range, and
angle estimation performance of the M-STCMP algorithm.
To further emphasize the effect of jamming, the jammer di-
rection is set to 5◦, close to the main lobe. The target ve-
locity is 27.9 m/s, the range is 351.2 m, the angle is 0.5◦, the
signal-to-noise ratio (SNR) is set to 20 dB, and the number
of Monte Carlo simulations is 100. As shown in Fig. 1, jam-
ming significantly affects the performance of the M-STCMP
algorithm. Specifically, when the jamming-to-noise ratio
(JNR) is relatively low, jamming has minimal impact on
parameter estimation performance; however, as the JNR in-
creases, the root mean square error (RMSE) values of all
three parameter estimates increase. To address the degrada-
tion caused by jamming, this paper introduces spatial adap-
tive monopulse processing into the M-STCMP algorithm to
enhance anti-jamming capability, thereby forming the pro-
posed AM-STCMP algorithm.

3. AM-STCMP Algorithm

3.1 Adaptive Monopulse Principle
When the target is located within the linear region of the

monopulse response, the main lobe of the radar antenna pat-
tern is steered toward the observation angle. To facilitate the
parabolic approximation used for maximum-likelihood angle
estimation, the following objective function is defined [20]:

𝐹 (𝑢) = log [𝑆scan (𝑢)] (6)

where 𝑢 = sin 𝜃, 𝜃 represents the observation angle of the
scanning antenna, and 𝜃0 is the true angle value of the tar-
get. Here, 𝑆scan (𝑢) denotes the scan power pattern associated
with the sum beam steered to the trial spatial direction 𝑢. It
is defined as

𝑆scan (𝑢) =
��wH
𝑆 (𝑢)z

��2 =

��aH (𝑢)Q−1z
��2

aH (𝑢)Q−1a(𝑢)

where w𝑆 (𝑢) is the direction-dependent sum-beam weight
vector used in the scan pattern, z is the received data



326 L. QIAO, M. SHEN, R. CHEN, ET AL., ANTI-JAMMING MULTI-TARGET PARAMETER ESTIMATION . . .

vector, a(𝑢) is the steering vector parameterized by 𝑢, and
Q is the positive-definite matrix used in the maximum-
likelihood scan formulation. When the scanning angle 𝜃 co-
incides with the true target angle 𝜃0 (𝜃 = 𝜃0), 𝐹 (𝑢) reaches its
maximum value, and the maximum-likelihood solution 𝜃ML
at this point is used as the updated value for iteration. Per-
forming a first-order Taylor expansion of 𝐹𝑢 (𝑢) at 𝜃0 yields:

𝐹𝑢 (𝑢ML) = 𝐹𝑢 (𝑢0) + 𝐹𝑢𝑢 (𝑢0) (𝑢ML − 𝑢0) (7)

where 𝑢ML = sin 𝜃ML, the subscript 𝑢 represents the first
derivative and the subscript 𝑢𝑢 represents the second deriva-
tive. When the observation angle approaches the target angle,
it can be approximately considered that 𝐹𝑢𝑢 (𝑢0) = 𝐹𝑢𝑢 (𝑢ML).
Additionally, at point 𝜃0, 𝐹𝑢 (𝑢0) = 0. Therefore, Equa-
tion (7) can be rewritten as:

𝑢0 = 𝑢ML − 𝐹𝑢𝑢 (𝑢ML)−1𝐹𝑢 (𝑢ML). (8)

In the conventional monopulse algorithm, Q is the iden-
tity matrix I, whereas in the adaptive monopulse algorithm,
Q is the estimated jamming-plus-noise covariance matrix.
Therefore, the correction factor is as follows:

𝜇𝑥 = Re
{

aH
𝑢Q−1a

aHQ−1a

}
. (9)

𝐹𝑢 (𝑢) and 𝐹𝑢𝑢 (𝑢) are expressed as follows [20]:

𝐹𝑢 =
(𝑆scan)𝑢
𝑆scan

= 2Re

{
wH

Dz
wH

S z

}
− 2𝜇𝑥 , (10)

𝐹𝑢𝑢 = 2𝜇2
𝑥 − 2

wH
Da𝑢 (𝑢)

wHa(𝑢)
(11)

where w denotes the beamforming weight vector, and wS and
wD represent the weights of the adaptive sum and difference
beams, respectively. z is the received data. Substituting
𝑢ML, 𝐹𝑢 (𝑢ML) and 𝐹𝑢𝑢 (𝑢ML) into (8) yields the angle 𝜃0 of
the target. To further improve the accuracy of the angle mea-
surement, the above process can be iterated, and the estimated
value after 𝑘 iterations is

𝜃 (𝑘+1) = 𝜃 (𝑘 ) − 𝐹𝜃 𝜃 (𝜃 (𝑘 ) )−1𝐹𝜃 (𝜃 (𝑘 ) ). (12)

Figures 2 and 3 present the simulated adaptive sum and
difference antenna patterns, as well as the angle discrimi-
nation curves, respectively. The array has 21 elements, and
the element spacing-to-wavelength ratio is 1/2. The jamming
angle is set at 6◦, and the initial target iteration value is 0◦. As
shown in Fig. 2, the adaptive sum beam forms a main lobe at
the target angle, whereas the difference beam creates a null at
the same angle. Both the sum and difference beams produce
nulls in the jamming angle. As demonstrated in Fig. 3, the
adaptive monopulse technique maintains nearly linear char-
acteristics in its angle discrimination curve within the main
lobe region under jamming conditions, exhibiting significant
improvements over conventional angle discrimination curves.
Thus, the adaptive monopulse can simultaneously suppress
jamming and generate a beam directed at the target angle.

Fig. 2. Adaptive sum and difference beam antenna pattern.

Fig. 3. Adaptive angle discrimination curve.

3.2 AM-STCMP Algorithm Principle
Under jamming conditions, the conventional derivative-

based method for constructing the sum and difference beam
weights becomes inadequate because it cannot maintain opti-
mal performance in the presence of strong jamming signals.
Therefore, the spatial adaptive monopulse algorithm from
Sec. 3.1 is employed to construct the sum and difference
beams. The received signal at the array elements can be
expressed as:

x = s(𝑛) (𝑡𝑚, 𝑡)a(𝜃) + J

= A(𝑛)s(𝑡 − 𝜏 (𝑛)𝑚 ) exp
[
j2𝜋 𝑓c𝜏 (𝑛)𝑚

]
a(𝜃) + J

(13)

where 𝑡 = 𝑡 − 𝑡𝑚 is the fast-time variable, 𝑡 denotes the dura-
tion, 𝑡𝑚 = 𝑚𝑇r is the slow-time variable, and 𝑚 denotes the
pulse index of the linear frequency-modulated (LFM) signal.
In addition, a(𝜃) is the steering vector, 𝜃 is the target angle,
A(𝑛) is the received signal amplitude of the 𝑛th target, 𝜏 (𝑛)𝑚 is
the delay of the 𝑛th target with respect to the 𝑚th pulse, and
J denotes the jamming-plus-noise component. The received
signal x is processed using FFT. Using a noise threshold, the
received signal x is separated into two components: the sig-
nal vector zc and the jamming-plus-noise matrix C. Based
on these separated components, the spatial covariance matrix
is subsequently derived as follows:
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Qc =
1
𝐿

𝐿−1∑︁
𝑙=0

CCH (14)

where 𝐿 is the number of samples used to estimate the co-
variance matrix. Therefore, the adaptive sum beam weight
vector can be expressed as:

wcp (𝜃) =
[
a(𝜃)HQ−1

c a(𝜃)
]− 1

2 Q−1
c a(𝜃). (15)

A function 𝐹 (𝑢) = log [𝑆scan (𝑢)] is constructed, where
𝑢 = sin(𝜃), and its first-order derivative is given as:

𝐹𝑢 = 2Re

{
wH

Dzc

wH
cpzc

}
− 2Re

{
aH
𝑢Q−1

c a
aHQ−1

c a

}
. (16)

The second-order derivative can be expressed as:

𝐹𝑢𝑢 = 2
(
Re

{
aH
𝑢Q−1

c a
aHQ−1

c a

})2

− 2
wH

cma𝑢 (𝑢)
wH

cpa(𝑢)
(17)

where wcm is the weight vector of the adaptive difference
beam, which can be expressed as:

wcm =

(
aHQ−1

c a
)− 1

2 Q−1
c a𝑢. (18)

After multiple iterations of the above equation, the ini-
tial angle observation 𝜃c is obtained. Substituting it into (15)
and (18) yields the final sum and difference weights wS and
wD, respectively. Therefore, the modified sum channel out-
put by the ADBF algorithm can be written as:

y(𝑛)
Σ

= wH
S x

= G(𝑛)
S (𝜃 (𝑛) )s(𝑡 − 𝜏 (𝑛)𝑚 ) exp[j2𝜋 𝑓c𝜏 (𝑛)𝑚 ] + NΣ .

(19)

The difference channel output is as follows:

y(𝑛)
Δ

= wH
Dx

= G(𝑛)
D (𝜃 (𝑛) )s(𝑡 − 𝜏 (𝑛)𝑚 ) exp[j2𝜋 𝑓c𝜏 (𝑛)𝑚 ] + NΔ

(20)

where NΣ and NΔ represent the residual noise components in
the sum and difference channels after jamming suppression,
respectively. At this stage, the jamming signals have been
effectively suppressed, and the M-STCMP algorithm is sub-
sequently employed to estimate the parameters as follows:

𝑣̂ (𝑛) = 𝑣 (𝑛)0 + 1
𝑘𝑣

y(𝑛)
Δ

y(𝑛)
Σ

, (21)

𝑟 (𝑛) = arg max
𝑟

���Y(𝑛)
Σ

M−1 [Z(𝑛) (𝑟, 𝑣̂ (𝑛) )]
���2

Z(𝑟, 𝑣̂ (𝑛) ) (𝑛)
Σ

M−1 [Z(𝑛) (𝑟, 𝑣̂ (𝑛) )]H
, (22)

𝛼̂ (𝑛) =
Y(𝑛)
Σ

M−1 [Z(𝑛) (𝑟 (𝑛) , 𝑣̂ (𝑛) )]H

Z(𝑟 (𝑛) , 𝑣̂ (𝑛) ) (𝑛)
Σ

M−1 [Z(𝑛) (𝑟 (𝑛) , 𝑣̂ (𝑛) )]H
, (23)

𝛽 (𝑛) =
Y(𝑛)
Δ

M−1 [Z(𝑛) (𝑟 (𝑛) , 𝑣̂ (𝑛) )]H

Z(𝑟 (𝑛) , 𝑣̂ (𝑛) ) (𝑛)
Δ

M−1 [Z(𝑛) (𝑟 (𝑛) , 𝑣̂ (𝑛) )]H
(24)

where Y(𝑛)
Σ

and Y(𝑛)
Δ

represent the frequency-domain forms
of y(𝑛)

Σ
and y(𝑛)

Δ
, respectively; M denotes the time-domain

covariance matrix; and Z corresponds to the matrix form
of the original received signal. Since the signal model em-
ployed in this study is based on a far-field jamming model,
jamming affects only the spatial covariance matrix Qc, while
the temporal covariance matrix M remains unaffected. As
derived from (16), the first-order derivative is equivalent to
the difference-to-sum ratio minus a correction term. Conse-
quently, by substituting (23) and (24) into (16), we obtain the
following result:

𝐹
(𝑛)
𝑢 = 2 Re

{
𝛽 (𝑛)

𝛼̂ (𝑛)

}
− 2 Re

{
aH
𝑢Q−1

c a
aHQ−1

c a

}
. (25)

Therefore, the sine of the angle estimate is

𝑢̂ (𝑛) = 𝑢𝑐 − 𝐹𝑢𝑢
(
𝑢̂ (𝑛)

)−1
𝐹𝑢 (𝑢𝑐) (26)

where 𝑢̂ (𝑛) = sin 𝜃 (𝑛) , and 𝑢𝑐 is the sine value of the maxi-
mum likelihood solution of the ADBF algorithm.

The flowchart of the proposed AM-STCMP algorithm
is shown in Fig. 4, and its main steps are summarized as
follows:

Step 1:

(1) Perform an FFT on the array received signal x, and
use noise thresholding to separate the signal zc and jamming-
plus-noise matrix C.

(2) Substitute C into (14) to obtain the spatial covari-
ance matrix Qc. By substituting [x, zc,Qc] into (15)–(18)
and performing multiple iterations, the adaptive sum and dif-
ference weights wS and wD can be obtained, along with the
initial angle observation value 𝜃c.

(3) Using the adaptive weights [wS,wD] corrected by
the ADBF, the sum and difference channel gains are ob-
tained. Substituting them into (19) and (20) yields the sum
and difference channel outputs yΣ and yΔ, respectively.

Step 2:

Based on the FFT result of yΣ, the data are
separated into 𝐾 Doppler-cell components, denoted by
x(𝐴)
Σ
, x(𝐵)

Σ
, · · · , x(𝐾 )

Σ
, with the corresponding initial ve-

locities 𝑣 (𝐴)0 , 𝑣
(𝐵)
0 , · · · , 𝑣 (𝐾 )

0 . The components are ordered
in descending energy.
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Fig. 4. Flowchart of the proposed AM-STCMP algorithm.

Step 3:

M-STCMP operations are applied to each beam, where
𝑘 = 𝐴, 𝐵, · · · , 𝐾 . For each beam x(𝑘 )

Σ
, the initial observed

velocity is denoted by 𝑣 (𝑘 )0 . The parameter estimation pro-
cess for

[
𝑣̂
(𝑘 )
𝑛 , 𝑟

(𝑘 )
𝑛 , 𝛼̂

(𝑘 )
𝑛 , 𝛽

(𝑘 )
𝑛

]
𝑛∈{1,2, · · · ,𝑛𝑘 }

is carried out
iteratively until the energy of the residual components falls
below a predefined noise threshold. Here, 𝑛𝑘 denotes the
number of targets detected within beam 𝑘 .

Step 4:

(1) To further refine the initially estimated param-
eters, an iterative substitution procedure is conducted
for each of the 𝑁 targets. The estimates obtained in
Step 3 are denoted as

[
𝑟 (𝑛) , 𝑣̂ (𝑛) , 𝛼̂ (𝑛) , 𝛽 (𝑛)

]
𝑛∈{1,2, · · · ,𝑁 } .

The initial observed velocities corresponding to
the targets are recorded as

[
𝑣
(𝑛)
0

]
𝑛∈{1,2, · · · ,𝑁 }

=𝑣
(𝐴)
0 , · · · , 𝑣 (𝐴)0︸            ︷︷            ︸

𝑛𝐴

, 𝑣
(𝐵)
0 , · · · , 𝑣 (𝐵)0︸            ︷︷            ︸

𝑛𝐵

, · · · , 𝑣 (𝐾 )
0 , · · · , 𝑣 (𝐾 )

0︸             ︷︷             ︸
𝑛𝐾

 .

The estimated set is denoted as Θ, where Θ =

[
𝑟 (𝑛) , 𝑣̂ (𝑛) , 𝛼̂ (𝑛) , 𝛽 (𝑛)

]
𝑛∈{1,2, · · · ,𝑁 } .

(2) In each iteration, the parameters of the 𝑛th target
are updated by excluding its current estimates and substitut-
ing the remaining 𝑁–1 target estimates into (3) and (4) to
obtain Y(𝑛)

Σ
and Y(𝑛)

Δ
. Then, Y(𝑛)

Σ
, Y(𝑛)

Δ
and 𝑣 (𝑛)0 are substi-

tuted into (21)–(24) to obtain
[
𝑟 (𝑛) , 𝑣̂ (𝑛) , 𝛼̂ (𝑛) , 𝛽 (𝑛)

]
, and the

corresponding estimates in Θ are updated.

(3) The procedure of Step 4(2) is repeated until all 𝑁
targets are updated.

Step 5:[
𝛼̂ (𝑛) , 𝛽 (𝑛)

]
𝑛∈{1,2,...,𝑁 } is substituted into (26) to ob-

tain the sine estimate of the angle
[
𝑢̂ (𝑛)

]
𝑛∈{1,2,...,𝑁 } . The

corresponding angle estimate
[
𝜃 (𝑛)

]
𝑛∈{1,2,...,𝑁 } is then ob-

tained.

In summary, the proposed AM-STCMP algorithm en-
hances the conventional M-STCMP framework by incorpo-
rating an adaptive monopulse technique in the spatial domain.
This integration maintains high parameter estimation accu-
racy even under severe jamming conditions and significantly
improves jamming suppression capability.
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4. Simulation Results and Analysis
To evaluate the effectiveness of the AM-STCMP algo-

rithm, several simulations were conducted. The simulation
parameters are provided in Tab. 1 for reference.

To ensure consistency across experiments, a 21-element
linear array, 9 pulses, and linear frequency-modulated signals
are used for all targets. The main beam width spans approx-
imately from −3◦ to 3◦. The target signals, noise compo-
nents, and jamming signals are assumed to be mutually un-
correlated, and the jamming signals are modeled as far-field
sources. The RMSE metric is employed to quantitatively
evaluate parameter estimation accuracy. Following [13], two
simulation scenarios are considered for a systematic compar-
ison with the baseline M-STCMP algorithm: (1) all targets
are confined within the same Doppler cell, and (2) the targets
are distributed across multiple Doppler cells. For clarity,
in the legends, the suffixes 1–3 denote Targets 1–3, respec-
tively; AM-STCMP, M-STCMP, and No Jamming denote
the proposed algorithm under jamming, the conventional M-

STCMP algorithm under jamming, and the jamming-free
M-STCMP case, respectively.

Simulation 1. All targets are distributed within the same
Doppler cell. The target parameters are shown in Tab. 2.
The JNR is varied with a single jammer located at 6◦. Fig-
ure 5 compares the parameter estimation performance of the
M-STCMP and AM-STCMP algorithms. It displays the RM-
SEs of velocity, range, and angle, respectively, as functions
of the JNR.

Parameter Value
Bandwidth 𝐵 5 MHz

Carrier frequency 𝑓c 1 GHz
Number of array elements 𝑁e 21

Signal wavelength 𝜆 0.3 m
Inter-element spacing 𝑑 0.15 m

Pulse width 𝑇 20µs
Pulse repetition frequency PRF 800 Hz

Number of pulses 𝑁p 9

Tab. 1. System simulation parameters.

(a) Velocity estimation (b) Range estimation

(c) Angle estimation

Fig. 5. Comparison of RMSE when targets are located in the same Doppler cell.
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Target number 1 2 3
Velocity [m/s] 27.9 25.6 23.7
Doppler cells 7 7 7

Range [m] 351.2 379.4 400.3
Angle [◦] 0.5 0.55 0.52
SNR [dB] 20 17 14

Tab. 2. Target information in Simulation 1.

Simulation 1 evaluates the parameter estimation perfor-
mance of the AM-STCMP and M-STCMP algorithms un-
der jamming conditions and compares them with the perfor-
mance of the M-STCMP algorithm in a jamming-free envi-
ronment. The x-axis represents the JNR, ranging from 5 to
35 dB, in increments of 1 dB. At each JNR level, 100 Monte
Carlo simulations were performed, and the covariance matrix
was estimated using 100 snapshots.

As shown in Fig. 5, the performance of the M-STCMP
algorithm in estimating the velocity, range, and angle de-
creases as the JNR increases. When the JNR exceeds 25 dB,
the estimation accuracy declines sharply. The AM-STCMP
algorithm maintains strong estimation performance even un-
der relatively high jamming conditions. For Target 1, when

the JNR is 35 dB, the AM-STCMP algorithm reduces the
RMSEs of velocity, range, and angle by 35.58 m/s, 1.28 m,
and 5.66◦, respectively, compared with the M-STCMP algo-
rithm. Among the three RMSEs of the M-STCMP algorithm,
the range performance remains relatively stable due to the in-
herent anti-jamming properties of maximum likelihood esti-
mation. In contrast, the velocity performance decreases most
significantly, as excessive jamming severely degrades the ac-
curacy of the observed velocity values. Additionally, the
dotted line in the figure represents the performance of the M-
STCMP algorithm with an SNR of 20 dB and no jamming.
Comparing this curve with the AM-STCMP results shows
that the proposed algorithm achieves performance compara-
ble to that of the M-STCMP algorithm under jamming-free
conditions, confirming the effectiveness of the AM-STCMP
algorithm.

Simulation 2. The targets are distributed across multi-
ple Doppler cells, and the target parameters are provided in
Tab. 3. The JNR is varied with a single jamming source at
an arrival direction of 6◦. The JNR ranges from 5 to 35 dB.
Figure 6 compares the parameter estimation performance of

(a) Velocity estimation (b) Range estimation

(c) Angle estimation

Fig. 6. Comparison of RMSE when targets are located in different Doppler cells.
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the M-STCMP and AM-STCMP algorithms under jamming
conditions, as well as that of the M-STCMP algorithm under
jamming-free conditions. It displays the RMSE as a function
of JNR for velocity, range, and angle, respectively.

In Simulation 2, 100 Monte Carlo simulations were
performed at each JNR level, with the covariance matrix
estimated via 100 snapshots. The x-axis of the simulation
graph represents the JNR. Under low JNR conditions, the two
algorithms exhibited comparable performance due to the rel-
atively high SNR. The maximum likelihood and monopulse
algorithms inherent to the M-STCMP algorithm possess cer-
tain anti-jamming capabilities, making them less susceptible
to jamming when it is minimal. As with Simulation 1, the
proposed algorithm demonstrates superior performance in
the velocity, range, and angle estimation as the JNR increases,
compared with the conventional M-STCMP algorithm. The
most significant improvement is in the estimation of velocity,
which is particularly susceptible to errors in the presence of
jamming and noise. The dotted line in the figure represents
the performance of the M-STCMP algorithm with an SNR

of 20 dB and no jamming, similar to Simulation 1. The per-
formance of the proposed algorithm is comparable to that
of the M-STCMP algorithm under jamming-free conditions,
confirming the effectiveness of the AM-STCMP algorithm.

When comparing Simulation 1 and Simulation 2, the
overall parameter estimation performance in Simulation 2 is
superior to that of Simulation 1. This improvement is due
to the separation of signals in the Doppler cells, which al-
lows for the isolation of multiple targets located within the
same range resolution cell. As a result, the number of targets
within each Doppler cell is reduced, effectively minimizing
jamming from targets in other Doppler cells and thereby im-
proving estimation accuracy.

Target number 1 2 3
Velocity [m/s] 11.9 41.3 13.8
Doppler cells 7 9 7

Range [m] 350.4 379.4 401.1
Angle [◦] 0.5 0.52 0.55
SNR [dB] 20 17 14

Tab. 3. Target information in Simulation 2.

(a) Velocity estimation (b) Range estimation

(c) Angle estimation

Fig. 7. The impact of the number of jamming sources on algorithm estimation performance.
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Number of jamming sources 1 2 3
Jamming angle [◦] 8 8, −9 8, −9, 10

Tab. 4. Jammer configuration in Simulation 3.

The two simulations show minor fluctuations due to the
limited number of Monte Carlo iterations, but the overall
trend of the curves is unaffected, ensuring a valid compar-
ison of the two algorithms’ performance. The simulations
demonstrate the effectiveness of the proposed algorithm in
jamming environments. To further analyze the performance
of the proposed algorithm, additional simulations were con-
ducted in different jamming environments.

Simulation 3. The parameters for the jamming envi-
ronment are provided in Tab. 4. In Simulation 3, one target
is considered. The SNR is set to 20 dB, with a range of
351.2 m, a velocity of 27.9 m/s, and an angle of 1.5◦. This
simulation analyzes the impact of varying the number of jam-
ming sources on the performance of the proposed algorithm.
Figure 7 displays the RMSEs of the velocity, range, and an-
gle, respectively, as a function of JNR. To prevent mainlobe
jamming from unduly affecting the analysis, sidelobe jam-
ming is considered, with an arrival direction close to that of
the target.

As shown in Fig. 7, increasing the number of jamming
sources significantly degrades estimation performance, lead-
ing to decreased overall accuracy. Consistent with previous
simulations, range estimation is less affected by jamming
than velocity and angle estimation, due to the inherent anti-
jamming properties of the maximum likelihood algorithm.
Furthermore, the performance under a single jamming source
demonstrates that the AM-STCMP algorithm remains robust
even at a JNR of 80 dB, verifying the effectiveness of the
proposed method.

5. Conclusion
To address the limited jamming resistance of the con-

ventional M-STCMP algorithm, this study proposes the AM-
STCMP algorithm. The proposed solution integrates spatial
monopulse processing with ADBF techniques to dynamically
optimize the sum and difference channel weight vectors for
target signals. This adaptive optimization significantly im-
proves anti-jamming capability while maintaining estimation
accuracy. Comprehensive simulation results demonstrate
that, in complex jamming environments, the AM-STCMP
algorithm achieves parameter estimation performance com-
parable to that of the conventional M-STCMP algorithm un-
der jamming-free conditions.
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