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ABSTRACT This paper presents an iterative monopulse beamforming method for accurate angle-of-
arrival (AoA) estimation of multiple closely spaced targets in IoT-enabled frequency-modulated continuous
wave (FMCW) multiple-input multiple-output (MIMO) radar systems, with a specific focus on drone
detection and tracking applications. As the Internet of Things (IoT) continues to expand, the need for
reliable and efficient drone detection systems has become increasingly critical for security, surveillance,
and airspace management. Unlike conventional monopulse beamforming that suffers from limited
resolution and interference in multi-target environments, the proposed method formulates a constrained
convex optimization problem to design sum and difference beams with precise control over mainlobe
gain, sidelobe suppression, and monopulse slope. To further improve robustness against closely spaced
targets, we introduce a nulling method followed by an iterative refinement algorithm that alternately
updates beamformers while incorporating interference suppression constraints. Additionally, we develop a
low-complexity iterative nulling algorithm based on orthogonal projection with slope and bias calibration to
reduce computational complexity, making it suitable for resource-constrained IoT devices. Both computer
simulations and laboratory experiments using commercial radar modules demonstrate that our proposed
methods significantly outperform conventional monopulse techniques, particularly when targets are closely
spaced. The iterative nulling approach achieves up to 70% reduction in mean square error (MSE) compared
to conventional methods across various signal-to-noise ratio (SNR) levels, making it highly suitable for
IoT-based drone detection and tracking applications.

INDEX TERMS IoT-enabled radar systems, drone detection and tracking, Iterativemonopulse beamforming,
angle-of-arrival (AoA) estimation, FMCWMIMO radar.

I. INTRODUCTION
The rapid proliferation of drones in various applications, from
delivery services to surveillance and recreational use, has
created an urgent need for reliable detection and tracking
systems in the Internet of Things (IoT) ecosystem [1].
This challenge is particularly critical in urban environments
where multiple drones may operate simultaneously, requiring
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high-resolution spatial awareness and accurate angle estima-
tion capabilities. IoT-enabled radar systems, especially those
based on frequency-modulated continuous wave (FMCW)
multiple-input multiple-output (MIMO) technology, have
emerged as promising solutions for this challenge due to
their ability to provide precise spatial informationwhile being
cost-effective and energy-efficient [2].
The integration of radar systems into the IoT framework

presents unique opportunities and challenges [3], [4]. On one
hand, it enables seamless connectivity and data sharing
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across the IoT network, facilitating comprehensive drone
monitoring and management [1], [4]. On the other hand,
it requires sophisticated signal processing techniques that
can operate efficiently within the constraints of IoT devices,
such as limited computational resources and power consump-
tion [5]. This dual requirement makes the development of
efficient angle estimation algorithms crucial for the success
of IoT-based drone detection systems.

To address the Angle-of-Arrival (AoA) estimation chal-
lenge in IoT-enabled radar systems, several signal pro-
cessing techniques have been developed [6], [7], [8]. The
multiple signal classification (MUSIC) algorithm offers
high-resolution angle estimation but requires extensive signal
samples and computationally intensive eigenvalue decompo-
sition [9], [10], [11], [12]. To exploit the multi-dimensional
structure of array measurements, tensor-based AoA esti-
mation methods have been explored [13], [14], [15].
These state-of-the-art techniques, which can jointly estimate
parameters [13], [15], [16], are powerful but are primarily
designed for different system scales and applications. They
typically target large-scale systems such as Massive MIMO
or Integrated Sensing and Communication (ISAC) platforms,
which rely on large arrays and complex processing of
large data cubes (e.g., tensor decomposition), often implying
higher latency. In contrast, our work is specifically tailored
for resource-constrained IoT devices. We focus on a model-
based, low-latency approach (capable of operating on a single
snapshot) for a dedicated real-time tracking application,
offering a practical and computationally efficient alternative
for this specific domain.

While maximum likelihood methods can effectively esti-
mate target angles with limited signal samples, they require
nonlinear signal processing with high computational com-
plexity [17], which may not be practical for IoT applications.
In addition to traditional high-resolution algorithms like
MUSIC, recent advances have seen the successful application
of sparse recovery and compressed sensing (CS) techniques
to the AoA estimation problem [18], [19], [20], [21]. These
methods can achieve superior resolution by exploiting the
inherent sparsity of targets in the spatial domain. However,
they often rely on the assumption of a static scene to construct
the measurement matrix and can involve computationally
intensive convex optimization or iterative greedy algorithms.
In [22], [23], and [24], the data-driven deep-learning (DL)-
based approaches have been developed to estimate AoA
of targets. In [22], a deep convolutional neural network
(CNN) is exploited for AoA estimation and, to reduce the
complexity in the estimation of multiple target AoAs, the
neural network architecture in [22] consists of multiple sub-
networks, each supporting the subregion of the azimuth
angle range. In [23], an unsupervised learning strategy
is proposed for the AoA estimation. We note that these
DL-based approaches depend on large training datasets,
which contrasts with our model-based approach that does
not require training. In addition, these may not be ideal for
resource-constrained IoT devices that require the tracking of
dynamic targets in real-time. Our proposed approach, while

based on the classical monopulse concept, is tailored through
an iterative nulling framework to offer a balance between high
performance and computational efficiency.

Monopulse beamforming techniques have gained
widespread adoption in IoT radar systems due to their ability
to estimate target angles using a single snapshot of received
signals with reasonable computational complexity [25], [26],
[27], [28], [29], [30]. However, applying these techniques to
scenarios involving multiple closely spaced drones presents
considerable challenges. The interference from adjacent
targets can severely distort the sum and difference beam
outputs, leading to inaccurate monopulse ratios (Here, the
monopulse ratio is defined as the difference-to-sum ratio
(DSR) of the difference beam output to the sum beam output)
and consequently, erroneous angle estimates. This issue is
particularly problematic in urban IoT environments where
multiple drones may operate in close proximity [31]. In most
previous works [26], [27], [28], [30], multiple closely-spaced
targets are not considered, assuming that a single target is
located within the beamwidth of the sum beam. In [32]
and [33], they consider that the radar signal is composed of
the direct path signal and the surface-reflected path signal
from a single target. The AoAs of two signal components
lie within the array antenna beamwidth and the angular
separation between the two is small. Here, by exploiting
the geometrical relation between the AoAs of direct and
specular paths, the estimation of two angles boils down to a
single-target angle estimation problem, which is not possible
to multiple closely-spaced target angle estimation.

This paper proposes an iterative monopulse beamforming
approach that addresses these limitations through: (1) a
constrained convex optimization formulation for adaptive
beam design with nulling constraints, (2) an iterative
algorithm that alternately updates beamformers while incor-
porating interference suppression, and (3) a low-complexity
orthogonal projection method with slope and bias calibration
for real-time implementation in IoT devices. The proposed
method is specifically designed to meet the requirements of
IoT applications, including low computational complexity,
energy efficiency, and real-time processing capabilities.
We note that our approach considers scenarios without pre-
defined geometrical relationships between target angles. The
major contributions of this paper are summarized as follows:
– We propose an iterative convex monopulse beam-

forming algorithm that adaptively refines beamforming
weights with updated null constraints. By employing a
full common weight vector for both sum and difference
beams, we reduce optimization parameters while main-
taining performance. The algorithm iteratively updates
monopulse beams through convex programming with
dynamically adjusted null constraints.

– Furthermore, to reduce computational complexity,
we propose a low-complexity iterative nulling algorithm
based on orthogonal projection. Specifically, to avoid
the process of solving the optimization problem during
the iterations, an iterative nulling method is proposed
using orthogonal projection. We also analyze the effect
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of the orthogonal projection on DSR slope and offset
at the boresight angle and then, propose a calibration
method to compensate for these effects.

– We validate the proposed algorithms through the com-
puter simulation. In addition, we implement them using
the commercial radar module to evaluate the perfor-
mance in the laboratory experiment. The effectiveness of
these proposed methods in mitigating inter-target inter-
ference and enhancing angle estimation accuracy is ana-
lyzed, providing valuable insights for high-resolution
radar in challenging multi-target environments.

To provide a comprehensive overview of the contributions of
this work, Table 1 summarizes and compares the proposed
methods with existing angle estimation techniques. The
comparison highlights the unique advantages of our approach
in terms of multi-target capability, computational complexity,
and suitability for IoT applications.

The rest of this paper is organized as follows. In Section II,
the system model for MIMO FMCW radar is introduced
and the monopulse beamforming based angle estimation
process is presented. In Section III, convex optimization
problem is formulated with constraints of the nullity of
difference beam at the boresight angle, interference sup-
pression, and slope control. The iterative convex monopulse
beamforming algorithm is also proposed. In Section IV,
low-complexity iterative nulling monopulse beamforming
algorithm is proposed. In Section V, we present various
simulation results. In addition, we also provide experimental
results of the proposed algorithms implemented by using the
commercial radar module in Section VI. Finally, Section VII
presents the concluding remarks.

II. SYSTEM MODEL AND MONOPULSE BEAMFORMING
BASED ANGLE ESTIMATION
A. SIGNAL MODEL
We consider a MIMO FMCW radar system equipped with
a uniform linear array (ULA) composed of 2M antenna
elements in Fig. 1. The system aims to estimate the angles of
arrival (AoA) of closely spacedmultiple targets by processing
the received signal at the radar receiver. Specifically, we focus
on the challenging scenario where targets are located
within the same range-Doppler bin, meaning they cannot be

FIGURE 1. Monopulse beamforming based angle estimation system.

separated by round-trip time or velocity information alone.
After reflecting from K multiple targets, the received FMCW
baseband signal at the n-th snapshot can then be expressed as

x[n] =

K∑
k=1

αka(uk )exp{j2πβcτkTsn+ φk} + n[n], (1)

where αk and uk (≜ sin θk ) denote the aggregated target
reflection coefficient and the AoA of the k-th target,
respectively. Without loss of generality, because uk = sin θk
is one-to-one mapping for θk ∈ [−π/2, π/2], we use uk for
the AoA for simplifying the notation. In addition, βc and
Ts are the FMCW chirp rate and the sampling time. The
propagation time delay and the phase offset are denoted as
τk and φk , respectively. The time delay can be given as 2Rk/c
with c = 3× 108m/s and the distance between the radar and
the k-th target. The additive white Gaussian noise is denoted
as n[n]. The steering vector a(uk ) is given by

a(uk ) =

[
ej(M−

1
2 )

2π
λ
duk , . . . , ej

1
2
2π
λ
duk ,

e−j
1
2
2π
λ
duk , . . . , e−j(M−

1
2 )

2π
λ
duk
]T

, (2)

where λ is the wavelength and d is the inter-element spacing,
typically set to λ/2.

B. MONOPULSE BEAMFORMING BASED ANGLE
ESTIMATION PROCESS
In conventional monopulse beamforming, assuming that
there is a single target (i.e.,K = 1), sum and difference beams
are simultaneously formed to estimate the target angle. The
monopulse ratio, defined as the ratio of the difference beam
output to the sum beam output, provides a slope around the
boresight angle that allows for linear angle estimation [33]:

DSR = ℜ

[
y1(w1,1)
y6(w6,1)

]
, (3)

where y6(w6,1) and y1(w1,1) are the beamformer outputs
with the sum and difference beamforming weights (w6,1
and w1,1), respectively. That is, the beamformer outputs are
computed as

y6(w6,1) = wH
6,1x[n], y1(w1,1) = wH

1,1x[n]. (4)

Here, ℜ[·] and ℑ[·] denote the real and imaginary parts,
respectively. In Fig. 2 (a), the beam patterns are exhibited
when Taylor and Bayliss weights are employed for the sum
and difference beams with the boresight angle, ub = 0.
In Fig. 2 (b), the DSR is evaluated around ub. If the slope
of DSR is given by κ , the target angle can be estimated as:

û1 =
1
κ

ℜ

[
y1(w1,1)
y6(w6,1)

]
+ ub. (5)

In Fig. 1, the monopulse beamforming based angle
estimation process is described. In the first step, targets are
detected through sequential scanning using sum beams with
different boresight angles. Then, the angle of each target
can be finely estimated by transmitting the difference beam.
When multiple targets are separated by an angle difference
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TABLE 1. Comparison of angle estimation methods for IoT-enabled multi-target detection.

FIGURE 2. (a) Sum and difference beam patterns and (b) DSR when Taylor
and Bayliss weights are exploited.

larger than the beam width, and by designing the sum and
difference beam patterns to have a low side-lobe level, the
target angles are separately estimated using (5). However,
when targets are closely spaced, the performance degrades as
interference from adjacent signals leads to erroneous angle
estimation.

III. ITERATIVE MULTIPLE TARGET ANGLE ESTIMATION
A. CONVEX OPTIMIZATION PROBLEM FOR MONOPULSE
BEAM DESIGN
To reduce the number of parameters to be optimized,
we consider a full common weight vector to generate sum
and difference beams in [26] and [27]. Specifically, the
array gains of the sum and difference beam patterns used to

estimate the i-th target angle are given by:

F6,i(u) = aH (u)wi, F1,i(u) = aH (u)P1wi, (6)

where wi =

[
wT
i,1,w

T
i,2

]T
with wi,1,wi,2 ∈ CM×1. Here,

P1 =

[
IM 0
0 IM

]
and IM is an M × M identity matrix.

Then, we consider the beam design objective to maximize
the beamforming gain of the sum beam while satisfying
constraints such as the nullity of difference beam at the
boresight angle, sidelobe suppression, and slope control. The
joint optimization problem is formulated as:

(P.1) max
wi

|F6,i(ub)|2 (7)

s.t. Constraint set 1:

F1,i(ub) = 0 (8)

|F6,i(us)| ≤ τ 2s , ∀us ∈ 2SL (9)

|F1,i(us)| ≤ τ 2s , ∀us ∈ 2SL (10)
∂F1,i(u)

∂u

∣∣∣∣
u=ub

= κF6,i(ub) (11)

Constraint set 2:

F6,i(ucj) = 0, ∀ucj ∈ 2NULL,i (12)

F1,i(ucj) = 0, ∀ucj ∈ 2NULL,i (13)

where 2SL indicates the angular region excluding the
mainlobe (i.e., sidelobe region) and τs is a threshold for
sidelobe suppression. The constraint (11) ensures that the
monopulse ratio has a desired slope κ near the boresight,
which is critical for accurate linear angle approximation.
2NULL,i contains the estimated target angles close to the
i-th target angle. In multi-target scenarios, signal leakage
from nearby targets may significantly bias AoA estimation.
To suppress interference from known or estimated target
angles, we impose additional nulling constraints on both sum
and difference beams, as shown in Constraint Set 2.

We note that maximizing a convex function, as in (7),
is not a convex problem. Therefore, by restricting the weight
vector to have a conjugate symmetric structure, as done
in [26] and [27], it is transformed into a convex problem.
Specifically, in (6), we set

wi,2 = P2w∗

i,1, (14)
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where P2 denotes an M × M anti-diagonal identity matrix,
which has 1’s on its anti-diagonal positions and 0’s elsewhere.
Then, F6,i(u) can be given as:

F6,i(u) = ℜ{aH (u)wi} = aTS (u)w̄i, (15)

where aS (u) =

[
ℜ{[a(u)]1:M+P2[a(u)]M+1:2M }

ℜ{[a(u)]1:M+P2[a(u)]M+1:2M }

]
and w̄i =[

ℜ{wi}
ℑ{wi}

]
. Similarly, F1,i(u) can be given as:

F1,i(u) = ℑ{aH (u)wi} = aTD(u)w̄i, (16)

where aD(u) =

[
ℜ{[a(u)]1:M+P2[a(u)]M+1:2M }

ℜ{[a(u)]1:M+P2[a(u)]M+1:2M }

]
. Then, the

optimization problem in (7) can be transformed into the
convex problem as:

(P.2) max
w̄i

aTS (ub)w̄i (17)

s.t. Constraint set 1:

aTD(ub)w̄i = 0 (18)

− τs ≤ aTS (us)w̄i ≤ τs, ∀us ∈ 2SL (19)

− τs ≤ aTD(us)w̄i ≤ τs, ∀us ∈ 2SL (20)

∂aTD(u)
∂u

∣∣∣∣∣
u=ub

w̄i = κaTS (ub)w̄i (21)

Constraint set 2:

aTS (ucj)w̄i = 0, ∀ucj ∈ 2NULL,i (22)

aTD(ucj)w̄i = 0, ∀ucj ∈ 2NULL,i (23)

Because the objective function and the constraints in (P.2)
are linear functions of w̄i, it can be effectively solved
using convex programming. Once w̄i is obtained, wi can be
obtained as

wi =

[
[w̄i]1:M + j[w̄i]M+1:2M

P2 ([w̄i]1:M − j[w̄i]M+1:2M )

]
. (24)

We note that the optimization problem in (P.1) is non-convex
due to the magnitude square operation in the objective
function. However, by imposing a conjugate symmetric
structure on the weight vector, we can reformulate it as the
equivalent convex problem (P.2). This conjugate symmetric
constraint forces the beam pattern to be real-valued, allowing
us to replace the magnitude square maximization with linear
maximization. Importantly, this transformation preserves the
optimal solution - problems (P.1) and (P.2) are mathemati-
cally equivalent and yield identical beamformers.

B. ITERATIVE MULTIPLE TARGET ANGLE ESTIMATION
PROCESS
The optimization problem (P.2) in (17) requires the angle
information of closely spaced targets. That is, Constraint set 2
forces deep nulls in the undesired directions, thereby reducing
the interference on the DSR and improving estimation
accuracy for θi. Accordingly, we propose an iterative convex
monopulse beamforming algorithm that adaptively refines
the beamforming weights with the updated null constraints.
The detailed process is summarized in Algorithm 1.

Algorithm 1 Iterative Convex Monopulse Beamforming
1: Output: Estimated angle ûi, i = 1, . . . ,K .
2: Obtain the common monopulse beamforming weights,

wi, from (P.2) with Constraint set 1.
3: Estimate initial target angles as

ûi =
1
κ

y1(wi)
y6(wi)

+ ub,i. (25)

4: Set 2NULL,i for i = 1, . . . ,K based on the estimated
target angles.

5: Estimate θ̂
(0)
2 using current beam.

6: for n = 1 to Niter do
7: Obtain wi from (P.2) with Constraint set 1 and 2.
8: Estimate ûi with the updated wi as in (25).
9: Update 2NULL,i for i = 1, . . . ,K .

10: end for
11: return ûi for i = 1, . . . ,K .

The key idea is that we do not need to know the interference
angles a priori. Instead, we use the estimated angles from
the previous iteration to form the nulling constraints for the
current iteration. For estimating the angle of the i-th target, the
estimated angles of all other targets, {ûj}j̸=i, from the previous
step are considered as interference and are included in the null
set 2NULL,i

IV. LOW-COMPLEXITY ITERATIVE NULLING MONOPULSE
BEAMFORMING ALGORITHM
We note that Algorithm 1 requires solving the optimization
problem (P.2) at each iteration with updated ûi. To avoid
the process of solving the optimization problem, an iterative
nulling method is proposed using orthogonal projection.
That is, instead of solving the optimization problem (P.2),
we project the monopulse beamforming weights onto the
orthogonal space with respect to the column space of[
a(u(i)c1), . . . , a(u

(i)
cKc )

]
. Here, u(i)cj ∈ 2NULL,i and Kc is the

number of targets close to the i-th target. To get insight into
the iterative nulling method, let us assume that Kc = 1. Then,
the orthogonal projection with respect to a(u(i)c1) is given as

P⊥
i = I2M − a(u(i)c1)(a(u

(i)
c1)a

H (u(i)c1))
−1aH (u(i)c1)

= I2M −
1
2M

a(u(i)c1)a
H (u(i)c1). (26)

From (6), the projected sum and difference beam weights are
given as

w6,i = wi −
aH (u(i)c1)wi

2M
a(u(i)c1), (27)

w1,i = P1wi −
aH (u(i)c1)P1wi

2M
a(u(i)c1). (28)

The updated w6,i and w1,i suppress the interference from
the direction of u(i)c1, but the optimization constraints in (P.2)
are not satisfied. That is, the DSR slope is no longer κ , and
the DSR is biased at ub. Specifically, when w6,i and w1,i
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are utilized, from (6) and (11), the DSR around ub can be
approximated as

κn =
1

aH (ub)w6,i

∂aH (u)w1,i

∂u

∣∣∣∣
u=ub

=
1

aH (ub)wi − 1S

(
∂aH (u)P1wi

∂u

∣∣∣∣
u=ub

− 1D

)
, (29)

where

1S =
aH (u(i)c1)wiaH (ub)a(u

(i)
c1)

2M
, (30)

1D =

aH (u(i)c1)P1wi
∂aH (u)

∂u

∣∣∣
u=ub

a(u(i)c1)

2M
. (31)

Then, for small 1S and 1D, κn can be approximated as

κn = κ + κ

 1S
aH (ub)wi

−
1D

∂aH (u)P1wi
∂u

∣∣∣
u=ub

 . (32)

The bias at ub is given as

βn = −
aH (u(i)c1)P1wiaH (ub)a(u

(i)
c1)

2M (aH (ub)wi − 1S)
. (33)

Therefore, the target angle can be estimated as:

ûi =
1
κn

(
y1(w1,i)
y6(w6,i)

− βn

)
+ ub,i. (34)

In Algorithm 2, iterative nulling monopulse beamforming
algorithm with slope and bias calibration is summarized.

Algorithm 2 Iterative Nulling Monopulse Beamforming
With Slope and Bias Calibration
1: Output: Estimated angle ûi, i = 1, ..,K .
2: Obtain the common monopulse beamforming weights,

wi, from (P.2) with Constraint set 1.
3: Estimate initial target angles as

ûi =
1
κ

y1(wi)
y6(wi)

+ ub,i. (35)

4: Set 2NULL,i for i = 1, . . . ,K based on the estimated
target angles.

5: for n = 1 to Niter do
6: Obtain w6,i and w1,i from (27) and (28).
7: Update DSR slope and bias at ub as (32) and (33).
8: Estimate ûi using (34).
9: Update 2NULL,i for i = 1, . . . ,K .

10: end for
11: return ûi for i = 1, . . . ,K .

In Figs. 3 (a) and 3 (b), sum and difference beam
patterns are exhibited when Algorithm 1 and Algorithm 2
are exploited with M = 22, respectively. Here, the boresight
angle is given as ub = 0, and the interfering target is
located at uc1 = sin(5/180π) = 0.087. From Figs. 3 (a)
and 3 (b), both sum and difference beam patterns show a null

FIGURE 3. Sum and difference beam patterns when (a) Algorithm 1 and
(b) Algorithm 2 are exploited. Here, the interfering target is located at
uc1 = sin(5/180π) = 0.087.

at uc1 = sin(5/180π) = 0.087, regardless of the algorithm
used. We note that the optimized beamforming weights can
be achieved using Algorithm 2, efficiently avoiding the
iterative optimization problem-solving process. In Fig. 4,
DSR values are evaluated when Algorithm 1 and Algorithm 2
are exploited, respectively. It can be observed that, due
to the orthogonal projection, the slope of the DSR with
Algorithm 2 is changed and a non-zero offset is observed at
ub = 0. Therefore, when orthogonally projected monopulse
beamformingweights are utilized, the target angles need to be
estimated using the calibrated slope and the non-zero offset,
as shown in (34).
Remark 1: (Computational complexity analysis) When

the interior point method is used, the computational
complexity of solving the convex problem in (P.2) is
O((Nc)3/2(2M )2), where Nc is the number of linear con-
straints. For example, if 2SL has Ns sample points, Nc is
approximately 2Ns [35]. Therefore, the computational com-
plexity of Algorithm 1 is O(Niter (2Ns)3/2(2M )2), where
Niter is the iteration number of Algorithm 1. In contrast,
Algorithm 2 requires only one convex problem-solving
process at the beginning and four inner products of 2M × 1
vectors at each iteration. Therefore, the computational
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FIGURE 4. DSRs when Algorithm 1 and Algorithm 2 are exploited.

complexity of Algorithm 2 is O((2Ns)3/2(2M )2 + 8NiterM ).
To provide a more concrete comparison, let us consider
specific parameter values (M = 20, Ns = 180 (sidelobe
constraint points), and Niter = 5 iterations). Under these
conditions:

- Algorithm 1: O(5 × 3601.5 × 1600) ≈ O(5.5 × 107)
- Algorithm 2:O(3601.5×1600+8×5×20) ≈ O(1.1×107)

This shows Algorithm 2 achieves approximately 5× com-
putational savings. The key advantage of Algorithm 2 is
that it solves the convex optimization problem only once
at initialization, then uses simple vector operations (inner
products) for subsequent iterations, making it much more
suitable for real-time implementation. We also note that,
while MUSIC does not require beam updates, it has its own
significant computational burdens that make it challenging
for real-time IoT applications: 1) Eigenvalue Decomposition:
MUSIC requires computing the eigenvalue decomposition of
the (2M × 2M ) covariance matrix, which has complexity
O((2M )3) = O(8M3). 2)Spectrum evaluation: MUSIC
requires evaluating the pseudo-spectrum over a dense angular
grid (typically hundreds of points) to locate peaks, with
complexity O(Ngrid × (2M )2) where Ngrid is the number of
search points. 3) Spectral Search and peak detection: Reliable
peak detection in the presence of noise requires sophisticated
algorithms and multiple snapshots for averaging. In contrast,
our Algorithm 2 performs the convex optimization only
once at initialization and then uses simple vector operations
(O(M ) per iteration). This makes our approach more suitable
for resource-constrained IoT devices requiring real-time
processing.

V. SIMULATION RESULTS
This section presents a comprehensive performance evalua-
tion of the proposed iterative convex monopulse beamform-
ing techniques for multiple target scenarios through extensive
computer simulations.

A. SIMULATION SETUP
We consider a uniform linear array with 2M = 40 antenna
elements spaced by d = λ/2 and operating at a carrier

frequency of 24 GHz. Two targets are placed within the
field of view and Table 2 summarizes the key simulation
parameters. These parameters are from a typical automotive
radar specification in [36], [37], but they can be extended
to other parameters on common commercial radar modules,
as given in Table 4. The rationale for key constraints involves
a deliberate trade-off: the sidelobe threshold (τs = 0.2) is
selected to maintain robust general interference suppression
while preserving sufficient degrees of freedom for the
adaptive nulling algorithms (Algorithms 1 and 2). Similarly,
the DSR slope (κ = −26) is chosen to ensure a steep and
linear response in the boresight region, which is critical for
estimation accuracy.

TABLE 2. Simulation parameters.

B. CONVERGENCE ANALYSIS OF PROPOSED
ALGORITHMS
Fig. 5 shows how the AoA estimate of two targets (û1 and û2)
converges over successive iterations when using the proposed
iterative nulling methods (i.e., Algorithm 1 and Algorithm 2).
The initial estimates exhibit bias due to mutual interference
between targets. However, as the iterations proceed, the
estimated angle converges rapidly toward the true target
angle. This demonstrates the effectiveness of the proposed
method to dynamically suppress mutual interference and
accurately localize the targets even under closely spaced
multi-source conditions.

FIGURE 5. Convergence of estimated angles θ̂1 and θ̂2 with iterative
nulling methods. (Algorithm 1 and Algorithm 2).
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C. MSE PERFORMANCE ANALYSIS
Fig. 6 presents the MSE of the estimated angle θ̂1 across
a range of SNR values from -10 to 20 dB. We compare
the performance of our proposed iterative convex monopulse
beamforming (Algorithm 1) and iterative nulling monopulse
beamforming (Algorithm 2) with non-iterative convex
monopulse beamforming. In addition, the MSEs of the
MUSIC algorithm [9], [11] and Orthogonal Matching Pursuit
(OMP) [18] are also evaluated. To provide a fundamental
benchmark for evaluating AoA estimation performance, CRB
is also evaluated. For our signal model in (1), following the
classical derivation in [38] and [39], the CRB for the k-th
target angle is given by:

CRB(θk ) =
σ 2
n

2Nsn · E[|αk |2]

[
DH
k P

⊥

AkDk

]−1
(36)

where Nsn is the number of snapshots, Dk =
∂a(θk )
∂θk

is
the derivative of the steering vector, and P⊥

Ak
= I −

Ak (AH
k Ak )−1AH

k is the projection matrix orthogonal to the
interference subspace. Here, Ak contains the steering vectors
of all targets except the k-th target.

The results demonstrate that the proposed iterative convex
monopulse beamforming consistently outperforms other
methods, primarily due to its adaptive optimization of
monopulse beam patterns through updated interference
nulling constraints at each iteration. The iterative nulling
monopulse beamforming (Algorithm 2) also shows superior
performance compared to conventional non-iterative meth-
ods, which is comparable toMUSIC algorithmwith 100 snap-
shots. We note that Algorithm 2 avoids the computational
burden of solving optimization problems in each iteration.
At low SNR levels, the interference nulling constraints
do not significantly improve the MSE performance of
Algorithms 1 and 2 due to the inherent difficulty in accurately
estimating target angles. However, at higher SNR levels, the
proposed framework effectively handles strong interference
and significantly improves localization accuracy. We also
note that in Fig. 6(a), the MSE curves for the proposed
methods exhibit an error floor at high SNR levels. This floor
is caused by residual inter-target interference, which becomes
the dominant error source when thermal noise is negligible.
The fundamental cause of this residual interference is the
high spatial correlation between steering vectors when targets
are very closely spaced. This is empirically confirmed by
comparing Fig. 6(a) and Fig. 6(b): when the targets are
placed farther apart (Fig. 6(b)), the interference is weaker,
and the MSE floor for Algorithm 1 disappears entirely
within the observed SNR range. Quantitatively, in Fig. 6(b),
to achieve an MSE of 10−5, the proposed Algorithm 1
requires approximately 5 dB SNR, whereas the conventional
monopulse method fails to reach this accuracy even at 20 dB
SNR, demonstrating a significant SNR gain of more than
15 dB.

In Fig. 7, we have conducted a simulation to evaluate
the bias of the AoA estimates. That is, E[ûi − ui] is
evaluated for two proposed beamforming methods. The

FIGURE 6. MSE versus SNR for various beamforming methods when
(a) θ2 ∈ [2.5◦, 3.5◦] (b) θ2 ∈ [4.5◦, 5.5◦] with θ1 ∈ [−1.5◦, 1.5◦].

FIGURE 7. Bias versus SNR for the proposed beamforming methods.

results clearly show that the bias of our proposed iterative
methods approaches to zero as SNR goes high.

In Fig. 8, the angular resolution capability of the proposed
methods is evaluated. Specifically, MSE performance is
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evaluated for various angle separation (1) when θ1 ∈

[−1.5, 1.5] and θ2 ∈ [1.5, 2.5] + 1. Here, we focus
on the small angular separation range (1 ∈ [0.5◦, 1.5◦])
specifically to investigate the super-resolution capability in
the challenging region below the Rayleigh limit. The results
show that as the angular separation decreases, the MSE
of conventional methods degrades rapidly. In contrast, the
proposed schemes (Algorithm 1 and 2) effectively suppress
inter-target interference andmaintain a lowMSE, empirically
demonstrating their super-resolution capability to resolve
targets spaced closer than the array’s conventional Rayleigh
limit (i.e., λ

2Md ×
180
π

≈ 2.86◦ for our array with
2M = 40).

FIGURE 8. MSE versus Angle separation for various monopulse
beamforming methods.

D. IMPACT OF SLOPE AND BIAS CALIBRATION
To demonstrate the effectiveness of the slope and bias
calibration in Algorithm 2, Fig. 9 compares the MSE
performance of the iterative nulling monopulse beamforming
with and without calibration for (a) two targets and (b) three
targets. The results clearly show that the uncalibrated version
exhibits significantly worse performance, highlighting the
importance of compensating for the changes in DSR slope
and non-zero offset at ub caused by orthogonal projection.
The proposed calibration method effectively mitigates these
effects, leading to improved estimation accuracy. Further-
more, Fig. 9(b) validates the scalability of the proposed
method by demonstrating its effectiveness in a three-target
scenario. Although the overall MSE is higher than the
two-target case, the iterative nulling process successfully
suppresses the complex multi-target interference, achieving a
lowMSE at high SNR and confirming themethod’s capability
to resolve more than two targets.

To provide a quantitative validation of the computational
load, Table 3 shows the measured runtime per frame for
each algorithm, executed on a standard Intel Core i9 CPU
with 2M = 40 and Niter = 5. For comparison, the
computing times for the MUSIC and OMP benchmarks are
also evaluated. The results confirm that Algorithm 1 is the
most computationally intensive (3.76 s), as it requires solving

FIGURE 9. MSE versus SNR for iterative nulling monopulse beamforming
with and without the calibration for (a) two targets and (b) three targets.

TABLE 3. Computing time for angle estimation process.

the convex optimization problem at each iteration. In contrast,
Algorithm 2 is exceptionally efficient (0.39 ms). It is not
only orders of magnitude faster than Algorithm 1 but also
significantly outperforms the high-resolution benchmarks,
running approximately 10 times faster than OMP and
80 times faster than MUSIC (100 snapshots). This result,
combined with its comparable MSE performance (shown in
Fig. 6), validates the practical feasibility of Algorithm 2 for
real-time, resource-constrained IoT applications.

VI. EXPERIMENTAL RESULTS
This section presents experimental validation of the proposed
algorithm’s performance in a laboratory environment.
We demonstrate that the iterative nulling monopulse
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beamforming can achieve real-time accurate angle estimation
even in practical, noisy environments.

A. EXPERIMENTAL SETUP
Fig. 10 (a) illustrates the experimental setup, which consists
of an off-the-shelf FMCW MIMO radar module, a control
PC, and two UAVs serving as targets. In Fig. 10 (b),
FMCW radar frame structure is given, where each frame
consists of 384 chirps and the frame duration is given
125.34ms.We employ the TI AWR2944 FMCWMIMO radar
module, with system specifications detailed in Table 4. Here,
although the physical antenna count is small, the MIMO
configuration (Ntx = 3,Nrx = 4) creates a virtual array of
12 elements, providing sufficient aperture for beamforming.
While the large bandwidth provides high range resolution,
beamforming is indispensable for resolving targets located at
the same range.

FIGURE 10. (a) Experimental setup and (b) FMCW radar frame structure.

The experimental scenario involves two UAVs in urban
airspace: one hovering at an azimuth angle of −10o and
another moving laterally. We implement Algorithm 2 to
estimate both target angles in real-time, with the estimated
angles recorded in the control PC. To validate the practi-
cal applicability and substantiate the real-time processing,
we analyzed the processing latency within our experimental
setup. The processing flow per frame is as follows: the
de-ramped data is received, range DFT is applied for target
detection, and then ten samples from the detected range bins
are used by Algorithm 2 to estimate the AoA. The total
time budget available for this entire process is dictated by

the frame duration, which is 125.34 ms as in Fig. 10 (b).
As shown in Table 3, the measured execution time for our
proposed Algorithm 2 is only 0.39 ms. While this benchmark
was obtained on a standard Intel Core i9 CPU, not an
IoT device, this extremely low latency provides massive
computational headroom. Even if a resource-constrained
embedded processor (e.g., NVIDIA Jetson or similar) were
100 times slower, the resulting processing time (approx.
39ms) would still be comfortably within the 125.34ms frame
budget. This analysis confirms the practical feasibility of
Algorithm 2 for real-time IoT applications. For comparison,
we have saved the raw radar data to compute the MUSIC
spectrum offline using 128 chirp samples, as its high
latency (shown in Table 3) is prohibitive for real-time
implementation.

TABLE 4. Experimental parameters for FMCW radar system.

B. ANGLE TRACKING PERFORMANCE
Fig. 11 presents the angle tracking results for both (a)
conventional monopulse beamforming and (b) the proposed
iterative nullingmonopulse beamforming (Algorithm 2). As a
baseline reference, the high-resolution MUSIC spectrum is
computed offline, revealing the two target tracks. Fig. 11
presents the angle tracking results for both (a) conventional
monopulse beamforming and (b) the proposed iterative
nullingmonopulse beamforming (Algorithm 2). As a baseline
reference, the high-resolution MUSIC spectrum is computed
offline, revealing the two target tracks. In Fig. 11(a), the
conventional method’s angle estimates are clearly corrupted
when the targets are closely spaced. In contrast, Fig. 11(b)
shows that the proposed iterative nulling method provides
significantly improved and more stable angle estimates,
effectively mitigating the off-angle interference.

To supplement this qualitative analysis with a quantitative
one, we performed an RMSE analysis. Obtaining precise
ground truth for the moving UAV is challenging in a live
experiment. Therefore, we used the stationary UAV (Target 1)
as a robust performance measure. Any deviation in its angle
estimate is a direct measurement of the algorithm’s failure
to reject interference from the moving UAV (Target 2). We
established a pseudo-ground truth reference for the stationary
target by time-averaging the offline MUSIC estimates.
Against this reference, the conventional monopulse method
yielded a very high RMSE of 9.76◦, confirming it
was severely impacted by the interference. In contrast,
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FIGURE 11. Angle tracking results when (a) the conventional monopulse
beamforming and (b) the proposed iterative nulling monopulse
beamforming are exploited.

the proposed iterative nulling monopulse beamforming
(Algorithm 2) achieved a low RMSE of 1.83◦. This
quantitative result powerfully reinforces our claim of superior
interference mitigation and tracking accuracy in a real-world
context.

While the physical experiment was conducted with two
UAVs due to operational and safety constraints, the scalability
of the proposed algorithm to scenarios with more than two
targets is validated through the comprehensive simulations
presented in Section V-D.

VII. CONCLUSION
This paper presented an iterative monopulse beamforming
technique for multi-target angle estimation in IoT-enabled
FMCWMIMO radar systems, with a specific focus on drone
detection and tracking applications. The convex optimization
framework with adaptive nulling constraints effectively
suppresses inter-target interference, making it particularly
suitable for urban IoT environments where multiple drones
may operate simultaneously. The key contributions include:
(1) a constrained convex formulation enabling precise beam

control, (2) an iterative algorithm with adaptive nulling,
and (3) a low-complexity orthogonal projection method
with slope and bias calibration. These contributions are
specifically designed to meet the requirements of IoT
applications, including low computational complexity and
energy efficiency.

Simulation and experimental results demonstrate up to
70%MSE reduction compared to conventional methods, con-
firming practical applicability for IoT-based drone detection
and tracking systems. The proposed method’s ability to han-
dle closely spaced targets makes it particularly valuable for
urban IoT applications where multiple drones may operate in
close proximity. The low-complexity implementation ensures
that the method can be deployed on resource-constrained
IoT devices, making it suitable for widespread adoption
in smart city applications, security systems, and airspace
management.
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