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Abstract

This paper proposes a data-driven design approach for generating wideband frequency-invariant uniform beams to mitigate the beam
squint phenomenon, where beamwidth varies with frequency in antenna array systems. The proposed framework utilizes three machine
learning models —supervised learning, unsupervised learning, and reinforcement learning —to derive optimal weight vectors that maintain
a constant beamwidth across the entire operating band while maximizing reception performance. In particular, robustness against
hardware imperfections and real-world channel environments is secured by pre-training the models with simulation data and subsequently
fine-tuning them using calibrated data acquired from outdoor radiation tests. For performance analysis, frequency invariance is validated
through the root mean square error of the half-power beamwidth with respect to a target uniform beamwidth of 20°. Furthermore, bit
error rate analysis confirms that the proposed method maintains reception performance comparable to the theoretical Linearly Constrained
Minimum Variance (LCMV) beamformer.
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Fig. 1. Architecture of the supervised learning model.
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Table 1. Physical specifications of the wideband antenna
array testbed.

Category Low band Mid/High band
Number of ant.enna 16 2%
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Element spacing (cm) 77 5
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transmitting antenna, and high-power
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Signal radiation
environment
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Calibration method | branch injection of a single calibration
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Generating | Computational | Inference time | Training time
model load (MFLOPs) (ms) (hours)
Supervised 12 <0.05 35
learning
Unsupervised | 4 <001 15
learning
Reinforcement >24 (including
~ <
learning 0911 =005 NAS search)
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through modeling and simulation (unit: °).
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52

E 4 o W HAEE 5@ 304 29 WED o
2E A9 )
Table 4. Results of frequency-invariant beamforming test
through radiation testing (unit: °).

Generating Low band | Mid band | High band Total
model

SuperYlsed 553 6.19 5.03 5.54
learning

Unsupervised 5.36 6.41 4.87 5.57
learning

Reinforcement 5.62 6.55 5.08 5.74
learning

il

o] oFe] WAL HIAE ARE Foll 4T F ok Fi3

HHd e R (HPBW: half power beam width)$1 20°0l] tf gt

RMSEE &4 ¢ A3, AlEH oA (3 3)dl4= HIA

SHE(UL) o] A4l o] 4 RMSE 343°% 714

g For NS Bt ol SEJIIHTL I Y
o

pi et

ol o & > Ho
—|>:‘ n]I }Ol' _b'
>
2
o
1o

ofr
-

N o2 lo

o fo
o

2 Hr
=

9

i)
b
>

2

o

ri

i,

=
X
N
oX,
=
=
@
g
5.
©
ofr
o
% e T
o
ox
9,
>,
clot
o,
=2
B
1o
o,
olr
e

460

3 B7F Ak AR Al 7HA] BY B Al ol
R oke] AR BIZE ANk S 9209 S
L2 A o 55°~57°9 44F RMSE A5e €
JBIATh ok E o] £ LOMV WEM 4] HE 2F-&
e B FEFEA, W e 2 A%
FA 7N AT ke EFelEL xS A3 OR HA5)
Aoe A

References

[11 C. A. Balanis, Antenna Theory: Analysis and Design,
Hoboken, NJ, John Wiley & Sons, 2016.

[2] H. L. Van Trees, Optimum Array Processing: Part IV of
Detection, Estimation, and Modulation Theory, New York,
NY, John Wiley & Sons, 2002.

[3] D. H. Johnson, D. E. Dudgeon, Array Signal Processing:
Concepts and Techniques, Englewood Cliffs, NJ, Prentice
Hall, 1993.

[4] P. Pal, P. P. Vaidyanathan, "Nested arrays: A novel
approach to array processing with enhanced degrees of
freedom," [EEE Transactions on Signal Processing, vol. 58,
no. 8, pp. 4167-4181, Aug. 2010.

[5] R. DuHamel, D. Isbell, "Broadband logarithmically periodic
antenna structures," in /958 IRE International Convention
Record, New York, NY, Mar. 1966, pp. 119-128.

[6] B. D. Van Veen, K. M. Buckley, "Beamforming: A versatile
approach to spatial filtering," IEEE ASSP Magazine, vol. 5,
no. 2, pp. 424, Apr. 1988.

[71 C. L. Koh, S. Weiss, "Constant beamwidth generalised
sidelobe canceller," in IEEE/SP 13th Workshop on Statis-



tical Signal Processing, Bordeaux, Jul. 2005, pp. 283-288.

[8] W. Liu, S. Weiss, "Frequency invariant beamforming in sub-
bands," in Conference Record of the Thirty-Eighth Asilomar
Conference on Signals, Systems and Computers, Pacific
Grove, CA, Nov. 2004, pp. 1968-1972.

[9] M. A. Elbir, K. V. Mishra, "Deep learning in antenna and

array processing: A review," IEEE Journal of Selected Topics
in Signal Processing, vol. 16, no. 3, pp. 465-484, Apr. 2022.

[10] T. O'Shea, J. Hoydis, "An introduction to deep leaming for the
physical layer," IEEE Transactions on Cognitive Communications
and Networking, vol. 3, no. 4, pp. 563-575, Dec. 2017.

[11] C. F. Hayes, R. Radulescu, E. Bargiacchi, J. Kallstrém, M.
Macfarlane, and M. Reymond, et al., "A practical guide to
multi-objective reinforcement learning and planning," Auto-
nomous Agents and Multi-Agent Systems, vol. 36, no. 1, p.
26, Apr. 2022.

[12] J. Tobin, R. Fong, A. Ray, J. Schneider, W. Zaremba, and

P. Abbeel, "Domain randomization for transferring deep

A e/ I AT ]

https://orcid.org/0000-0001-8677-3263

2003 2€: M7 St AAbgett (et
AR

2005 29: M EhaL A ekt (&St
A1Ah

20119 29 ML ARt (5
HhA})

2011 1€~3A: SAeGdT A A

g

274
[ BAROH AR, WA, N5HY 5

2 A I [FRAATaAYdTY)
https:/orcid.org/0000-0001-8714-2404
2010 8Y: Aty AFHT I (T

StAh

2013 2€: AAd Sty AFE A (7
8H4 A}

2013 12€~AA: AT AT L A
drd

(& =0l AA714 ES, SW

neural networks from simulation to the real world," in 2017
IEEE/RSJ International Conference on Intelligent Robots
and Systems(IROS), Vancouver, BC, Sep. 2017, pp. 23-30.

[13] S. J. Pan, Q. Yang, "A survey on transfer learning," I[EEE
Transactions on Knowledge and Data Engineering, vol. 22,
no. 10, pp. 1345-1359, Oct. 2010.

[14] O. L. Frost, "An algorithm for linearly constrained adaptive
array processing," Proceedings of the IEEE, vol. 60, no. 8,
pp. 926-935, Aug. 1972.

[15] L. van der Maaten, G. Hinton, "Visualizing data using
t-SNE," Journal of Machine Learning Research, vol. 9,
pp. 2579-2605, Nov. 2008.

[16] Y. Sun, J. Zhang, A. Tibo, P. Aghabeyki, Z. Wei, and S. Luo,
et al, "Data-driven Bayesian optimization framework for
rapidly developing novel wideband, low-profile dipole antenna
with 3-D-printed technology," IEEE Transactions on Antennas
and Propagation, vol. 73, no. 1, pp. 108-120, Jan. 2025.

U [T A7)

https //orcid.org/0000-0002-3678-4041

1989 2€: A7IH st AAA LYkt (&
)

1991 2:
(T84 Ah

19979 59: ARAANZHEE71EA}

20074 2¢¥: FEUIgty ARENF ST

-~ (F8HAh
1919 2€ ~AA: AR ATA FAATL
[ A ZO0H B4 AzAE, MM o o] NeHE &

Qe AAA 23

>

461



