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This paper presents a machine learning (ML)-enhanced software defined
radio (SDR) architecture optimized for adaptive 5G  wireless
communication. The system incorporates predictive ML algorithms to
enable real-time modulation selection, finite impulse response (FIR) filter
reconfiguration, and spectrum adaptation based on dynamic channel
parameters such as bit error rate (BER), received signal strength indicator
(RSSI) and signal-to-noise ratio (SNR). A decision tree classifier and a deep
Q-learning agent dynamically determine optimal modulation schemes
(BPSK, QPSK, 16-QAM, OQAM) and filter tap configurations (4/8/16
taps), ensuring efficient communication under varying network conditions.
Implemented on a Xilinx Zyng SoC using Verilog for datapath design and
Python for ML control via AXI4-Lite, the architecture achieves a maximum
operating frequency of 182.4 MHz, 40.7% logic utilization, and only 122.3
mW power consumption. Compared to existing SDR implementations, the
system demonstrates a 17% frequency improvement, 28% power reduction,
and 21% area savings. Real-time electrocardiogram (ECG) transmission
confirms the system’s adaptability, achieving BER < 107 at 22 dB SNR
and < 107 at 26 dB. These results affirm the viability of the proposed
ML-SDR for edge-based biomedical and ultra-reliable low-latency
communications (URLLC) applications in 5G networks.
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1. INTRODUCTION

Software defined radio (SDR) has become increasingly important in modern wireless
communication because it replaces many traditional hardware radio functions with software-driven
processing, allowing systems to adapt quickly to new protocols and changing spectrum conditions [1]. This
flexibility makes SDR a strong fit for the demanding environment of fifth-generation (5G) networks, which
aim to deliver high data rates, very low latency, and connectivity for a vast number of devices. As
communication networks continue to evolve, there is a growing interest in enhancing SDR platforms with
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intelligent features that can support real-time decision-making and improve overall system performance
under dynamic channel conditions [2].

One of the key developments in this direction is the use of machine learning (ML) to support tasks
such as modulation recognition, spectrum sensing, and adaptive configuration of radio parameters. Deep-
learning models, particularly those based on convolutional and recurrent neural networks, have shown strong
capabilities in identifying and classifying wireless signals, even when noise levels are high or the
environment is rapidly changing [3]. These ML techniques have greatly improved the accuracy and reliability
of spectrum sensing in cognitive radio systems, enabling more efficient use of available spectrum resources
[3]. At the same time, advancements in hardware platforms especially field programmable gate arrays
(FPGAs) have made it possible to run ML algorithms directly on the radio hardware, achieving real-time
performance with reduced latency and power consumption [4]. Approaches such as hybrid convolutional
neural network-long short-term memory (CNN-LSTM) models further strengthen the ability of SDR systems
to recognize modulation formats accurately, supporting intelligent and adaptive communication strategies
[5]. In addition, recent studies highlight the growing importance of cooperative and ML-enabled spectrum
sensing methods, which play a crucial role in improving detection performance and spectrum utilization in
complex radio environments [6]. Research on multi-band SDR architectures also emphasizes the need for
highly reconfigurable radios capable of meeting the diverse operational requirements of next-generation
networks [7]. Together, these advancements point toward the development of an FPGA-based, ML-enabled
SDR system capable of adjusting transmission parameters such as modulation type and spectrum usage in
real time based on feedback from the communication channel. Such adaptability is essential for achieving the
reliability, efficiency, and responsiveness expected in 5G applications including massive machine-type
communications (mMTC), ultra-reliable low-latency communications (URLLC), and enhanced mobile
broadband (eMBB).

2. LITERATURE REVIEW

The evolution of SDR has been closely tied to the development of reconfigurable architectures and
adaptive signal processing methods. Since the early 2010s, researchers have emphasized the integration of
SDR with intelligent algorithms to address the challenges of spectrum scarcity, interference, and
heterogeneity in modern wireless networks. Ulversoy [8] provided a comprehensive overview of SDR
frameworks and their limitations in hardware adaptability. Haykin [9] introduced cognitive radio as a key
paradigm for enabling dynamic spectrum access, which set the foundation for ML-SDR integration. With the
emergence of 5G, advanced modulation recognition and adaptive coding became critical, as outlined by
Yucek and Arslan [10], who surveyed various spectrum sensing and adaptation techniques. Recent studies
have focused on the use of deep learning models to improve PHY -layer decision-making and modulation
classification. Wang [11] demonstrated how convolutional neural networks could enhance modulation
recognition accuracy in dynamic environments. LeCun et al. [12] highlighted the power of deep learning in
general signal processing tasks, inspiring its use in communication layers. Liao et al. [13] further extended
this by proposing a deep reinforcement learning model for adaptive modulation in 5G networks. In addition,
Liang et al. [14] applied multi-user reinforcement learning for spectrum sharing, proving effective in real-
time multi-agent scenarios. Ye et al. [15] showcased the use of DNNs for OFDM signal detection and
channel estimation, reducing bit error rate (BER) under noise and fading. Similarly, Wang et al. [16]
reviewed the convergence of edge computing with deep learning for wireless applications, proposing novel
edge-SDR systems. Other works, such as Tang et al. [17], implemented DRL for 5G resource allocation,
achieving low latency and high throughput in dense environments. Beyond modulation and filtering,
researchers such as Zappone et al. [18] and Restuccia and Melodia [19] emphasized full-stack ML
applications, from MAC layer scheduling to RF loop learning. More recent literature explores ML -based
adaptation of beamforming weights, finite impulse response (FIR) filter taps configurations, and power
control mechanisms. This literature provides a robust foundation for developing an FPGA-based ML-enabled
SDR capable of adapting in real time to various 5G and biomedical transmission demands.

3. PROPOSED METHODOLOGY

The proposed ML-enabled SDR architecture is designed to dynamically adjust critical baseband
processing parameters such as modulation order, FIR filter configuration, and carrier frequency in real time
based on environmental and channel conditions. This adaptability is essential for supporting advanced 5G
applications including URLLC and edge-based biomedical communication.

The system begins with a ROM-based input block that stores pre-recorded electrocardiogram (ECG)
signals, used as representative biomedical data for modulation. The incoming data is passed through a serial-
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to-parallel converter to format the bitstream for modulation processing. A reconfigurable baseband modulator
then maps the input symbols to one of four supported modulation schemes: BPSK, QPSK, 16-QAM,
or OQAM. The selection of the modulation type is controlled by a 2-bit input (MOD_SEL) generated by the
ML inference engine based on channel feedback such as signal-to-noise ratio (SNR) and BER.

The modulated output is filtered using an interpolation FIR filter, which improves spectral
efficiency and reduces inter-symbol interference. The filter is configurable for 4, 8, or 16 taps, and uses
distributed arithmetic (DA) and canonical signed digit (CSD) techniques to minimize computational
complexity and power consumption. The appropriate filter tap length is selected using a 2-bit FILTER_SEL
input, also provided by the ML engine. To enable frequency translation for RF transmission, the system
includes a digitally controlled all-digital phase-locked loop (ADPLL) that generates sine and cosine
waveforms for 1/Q modulation. The ADPLL design is fully digital and optimized for fast locking and low
jitter, enabling precise carrier generation across a wide frequency range.

The final signal is passed through an RF amplifier for transmission via an antenna. The entire
system is implemented on a Xilinx Zyng SoC, with Verilog used for the datapath logic and Python used to
control the ML inference that selects system parameters. This co-design approach enables low-latency, real-
time reconfiguration suitable for adaptive 5G SDR applications. The functional organization of the proposed
SDR framework is depicted in Figure 1, each major component ranging from the modulator and
reconfigurable FIR filter to the ADPLL and ML decision engine is positioned to show its role in enabling
adaptive 5G-oriented ECG transmission.

The reconfigurable modulator accepts a 2-bit MOD_SEL input to choose between four modulation
schemes-BPSK (00), QPSK (01), 16-QAM (10), and OQAM (11). The symbol mapping logic is
implemented using Verilog FSMs and lookup tables. For instance, the BPSK output can be modeled as:

y(t) = A-cos(2nf ct + mb), where b € {0,1}

The FIR filtering block supports 4-, 8-, and 16-tap configurations, selected using a 2-bit
FILTER_SEL input. Filter coefficients are implemented using DA and CSD representations to reduce logic
complexity and power consumption. The filter output is computed as:

y[n] =X {i=0}"{N-1} h[i]-x[n-i], where N = 4, 8, or 16

The ADPLL module generates quadrature carriers for upconversion. It uses a 16-bit sine/cosine
lookup table with digital phase accumulator. The loop bandwidth and settling time are optimized using the
equation:

t_settle = 4.6/ _n, where { = damping factor, ® n = natural frequency

The ML model is trained using a dataset of channel parameters including received signal strength
indicator (RSSI), BER, and SNR. A decision tree classifier or a deep Q-learning agent is used to infer
optimal MOD_SEL and FILTER_SEL values in real time. For example, an input SNR of 22 dB may result in
MOD_SEL=10 (16-QAM) and FILTER_SEL=01 (8-tap) for a tradeoff between throughput and noise
resilience. This end-to-end pipeline supports real-time ECG signal transmission optimized for 5G
environments with SNR variations from 10 to 30 dB, achieving BER below 1072 at 22 dB and below 1075 at
26 dB with adaptive configuration. The system is implemented on a Xilinx Zyng SoC. Verilog RTL is used
for SDR datapath, while Python-based ML inference runs on ARM Cortex-A9. AXI interface bridges the
decision outputs with modulation and filter control lines.

Figure 2 illustrates the operational flow of the proposed ML-enabled SDR system, detailing the
sequential processing stages from data acquisition to modulation, filtering, frequency synthesis, and adaptive
reconfiguration driven by machine-learning decisions. Table 1 summarizes the outcomes of functional
simulations performed on each subsystem of the proposed SDR architecture, confirming correct operation of
the modulation, filtering, frequency synthesis, and ML control modules prior to hardware synthesis. Figure 3
presents the synthesis results of the proposed SDR architecture, summarizing the resource utilization and
timing performance obtained from FPGA implementation.

To evaluate the energy efficiency of the architecture, Table 2 presents the power consumption
distribution across individual SDR modules, highlighting the contribution of each block to the total dynamic
power. Figure 4 highlights how the proposed SDR design improves over earlier implementations. All
synthesis results were obtained using Quartus Il 13.1 on a Cyclone Ill EP3C16F484C6 device, with
functional checks completed in ModelSim 6.4a and ML-based control validated through a Python AXI
interface on a Zyng simulation setup.
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The architecture delivers a clear boost in maximum operating frequency, lowers power use by about
12.3 mW, and reduces logic-element usage by roughly 21%. It also provides wider modulation flexibility
around a 17% improvement showing stronger support for diverse communication standards compared to the

works in [20]-[23].
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Figure 1. SDR system architecture for ECG transmission
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Figure 2. Flow diagram of proposed work
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Figure 3. Synthesis report (Quartus Il 13.1-cyclone I1l EP3C16F484C6)
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Table 1. Functional simulation summary

Module

Simulation tool

Functional result

Modulation block
FIR filter block
ADPLL
SDR top module

ML interface (Python)

ModelSim 6.4a (Altera)
ModelSim 6.4a
ModelSim 6.4a
ModelSim 6.4a

PyVerilator/AXI monitor

BPSK, QPSK, QAM, OQAM transitions
4/8/16-tap DA and CSD filtering verified
16-bit digitally controlled carrier output
End-to-end ECG modulated 1Q signal
Correct MOD _sel and FILTER_sel control

1801

160

Max Frequuct MHz

40

Table 2. Breakdown of power consumption

120

]
o

Block Power (mW)
Modulator (RBM) 28.1
FIR filter 21.7
ADPLL 314
ROM (ECG data) 18.6
ML control logic 225
Total dynamic 122.3
B Proposed Work r~17%
Best in Literatu r
T 182.4 MHz
1123 mW
4 -21%
|
|
Max Frequency Power Ar;aa Modu]ation
Dissipation (LE usage) Flexibility
—-28% 6.280 T Higher
standard support
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Figure 4. Performance summary compared to existing works

4. RESULTS AND DISCUSSION

The ML-enabled SDR was tested using real-time ECG signals and synthetic 5G baseband inputs,

with adaptation to channel SNR values ranging from 10 dB to 30 dB. The design was implemented on a
Xilinx Zyng-7020 SoC using Vivado and Python for embedded ML control. The ML classifier predicted
modulation order (MOD_SEL) and filter tap length (FILTER_SEL) for runtime reconfiguration, resulting in
improved link performance. Table 1 presents performance metrics compared to prior SDR works, while
Figure 5 illustrate waveform transmission under OQAM respectively. Table 3 compares our proposed work
with recent designs. The proposed design achieves better delay, power efficiency, and reconfigurability,
referencing works.

Table 3. Comparison of ML-SDR with state-of-the-art approaches

. Power
Methodology/ . Adaptation BER Latency  Throughput .
Ref. Platformgy Modulation tecr?nique FPGA/Hardware %) | (ms) ly Gain (gﬂ AE 1 savag (%)
[24] ECG Fixed BPSK None Cyclone Il 51 N/A N/A Low
denoising
with FIR
[25] SoC-SDR for QPSK Manual Cyclone Il + 4.6 18 N/A Medium
ECG reconfig Nios-11
[26] FPGA ECG Various Reconfig. Xilinx Artix-7 4.3 10 8-12 10-15
SDR survey (Manual) FSM
[27] RL-based 16-QAM Q-learning Zynq MPSoC 3.9 7.8 18 20
Beamforming
[Proposed] Modulator + BPSK/QPSK/  Decision tree Zynq SoC + 3.2 4.2 25.3 28.6
FIR + ADPLL 16QAM/OQ + Q-Learning  Python + Verilog
+ ML AM

An machine learning-enhanced reconfigurable software defined radio

... (Vijaya Bhaskar Chalampalem)



704 a

ISSN: 2252-8776

Original ECG Signal

Amplitude

0.0 0.4 0.6

P

| Component After Modulation (cos carrier)

) ;‘I', Jllr III'-II Ifrl'. A i :Il-v'.lllI

.f '*-.\_,. N\.N“\l

."II I'I
I\ IIIr I".
\/ \

-2k . H i
0.0 0.2 0.4 0.6

W v \J

Amplitude
=]
=
_f
‘“—C.,\__
—
-
""‘———.
I

Q Component After Modulation (sin carrier)

A

\ = i
I: / '\.\Iu "\-"",ﬂﬁ'ﬂ'u\ Illf
\ | \ \

l‘- |'r\\ .I H |“-_\ A | (_.' 1 llFI \ f./‘ll f' \ F\\
[1]; Ny /J L B ||l j L .J I'_. e ,'.I\ { I\ LI B | |III \
0 LYRVERERY VYW [ YA
A\ \ NEATY. \ J Us \}{ u

Amplitude

.'I II'. Ilﬁ’",l II(\,L Il"" If’lll II'II I|II IlL'I I."'
|||" lllllu."J “Urﬂhx ‘..f \wll III|I I|'I I. 'II \

no |
\ /W .
V U

0.8 1.0

|I Iﬁ'H. |". A -I
VAW L‘[ |

0.0 0.2 0.4 0.6
Time (s

Figure 5. Simulated ECG waveform via OQAM modulation with 16-tap FIR

5. CONCLUSION

0.8 10

filter at 20 dB SNR

The proposed ML-driven SDR architecture significantly enhances adaptability in 5G wireless

systems by enabling real-time reconfiguration of modulation schemes and FIR
dynamic channel conditions. By integrating decision tree and deep Q-learnin

filter structures based on
g algorithms, the system

intelligently selects optimal transmission parameters to maintain communication reliability and spectral
efficiency. Hardware implementation on Cyclone 111 and Zynq SoC platforms validates the design’s practical
feasibility, achieving a maximum frequency of 182.4 MHz with low power consumption of 122.3 mW and
efficient resource utilization. Compared to existing SDR solutions, the architecture demonstrates measurable
improvements in power efficiency (28% reduction), area (21% savings), and modulation flexibility, while

maintaining BER below 10~° under high-SNR conditions. The system’s ability to

adapt to SNR, RSSI, and

application-specific demands makes it especially suited for edge computing in biomedical and URLLC traffic
scenarios, where latency and robustness are critical. These outcomes confirm that the ML-SDR framework is

a viable candidate for next-generation 5G communication nodes.

AUTHOR CONTRIBUTIONS STATEMENT

This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author

contributions, reduce authorship disputes, and facilitate collaboration.

Name of the Author C M So Vva | Fo R D O E Vi Su P Fu
Vijaya Bhaskar v v v v v v v v v

Chalampalem

Sancarapu Nagaraju v v v v v v v

Venkata Vara Prasad v v v v v v

R. Kiran Kumar v v v v
Shanmugham v v v

Balasundaram

C : Conceptualization Fo : Formal analysis Vi : Visualization

M : Methodology R : Resources Su : Supervision

So : Software D : Data Curation P : Project administration
Va: Validation O : Writing - Original Draft Fu : Funding acquisition

I : Investigation E : Writing - Review & Editing

Int J Inf & Commun Technol, Vol. 15, No. 2, June 2026: 699-706



Int J Inf & Commun Technol ISSN: 2252-8776 a 705

DATA AVAILABILITY
The data supporting this study are included in the article. Additional results, synthesis reports, power
analysis files, and FPGA bitstreams are available from the corresponding author upon reasonable request.

REFERENCES

[1] R. Akeela and B. Dezfouli, “Software-defined radios: architecture, state-of-the-art, and challenges,” Computer Communications,
vol. 128, pp. 106-125, 2018, doi: 10.1016/j.comcom.2018.07.012.

[21 V. Mohanakurup et al., “5G cognitive radio networks using reliable hybrid deep learning based on spectrum sensing,”
Wireless Communications and Mobile Computing, vol. 2022, 2022, doi: 10.1155/2022/1830497.

[31 Y. Zhang and Z. Luo, “A review of research on spectrum sensing based on deep learning,” Electronics (Switzerland), vol. 12,
no. 21, 2023, doi: 10.3390/electronics12214514.

[4]  S. Soltani, Y. E. Sagduyu, R. Hasan, K. Davaslioglu, H. Deng, and T. Erpek, “Real-time and embedded deep learning on FPGA
for RF signal classification,” Proceedings - IEEE Military Communications Conference MILCOM, vol. 2019-Novem, 2019,
doi: 10.1109/MILCOM47813.2019.9021098.

[5] Z. Zhang, H. Luo, C. Wang, C. Gan, and Y. Xiang, “Automatic modulation classification using CNN-LSTM based dual-stream
structure,” IEEE Transactions on Vehicular Technology, vol. 69, no. 11, pp. 1352113531, 2020, doi: 10.1109/TVT.2020.3030018.

[6] A. Nasser, H. A. H. Hassan, J. A. Chaaya, A. Mansour, and K. C. Yao, “Spectrum sensing for cognitive radio: recent advances
and future challenge,” Sensors, vol. 21, no. 7, 2021, doi: 10.3390/s21072408.

[7]1  B. Shakibafar, F. Farhangian, J. M. Gagne, R. J. Landry, and F. Nabki, “An adaptive RF front-end architecture for multi-band
SDR in avionics,” Sensors, vol. 24, no. 18, 2024, doi: 10.3390/s24185963.

[8] T. Ulversoy, “Software defined radio: challenges and opportunities,” IEEE Communications Surveys and Tutorials, vol. 12,
no. 4, pp. 531-550, 2010, doi: 10.1109/SURV.2010.032910.00019.

[9] S. Haykin, “Cognitive radio: Brain-empowered wireless communications,” IEEE Journal on Selected Areas in Communications,
vol. 23, no. 2, pp. 201-220, 2005, doi: 10.1109/JSAC.2004.839380.

[10] T. Yiicek and H. Arslan, “A survey of spectrum sensing algorithms for cognitive radio applications,” IEEE Communications
Surveys and Tutorials, vol. 11, no. 1, pp. 116-130, 2009, doi: 10.1109/SURV.2009.090109.

[11] X. Wang, “Automatic modulation recognition based on deep learning,” Journal of Computing and Electronic Information
Management, vol. 18, no. 2, pp. 76-81, 2025, doi: 10.54097/834yjh71.

[12] Y. Lecun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521, no. 7553, pp. 436444, 2015, doi: 10.1038/nature14539.

[13] Y. Liao, Z. Yang, Z. Yin, and X. Shen, “DQN-based adaptive MCS and SDM for 5G massive MIMO-OFDM downlink,”
IEEE Communications Letters, 2022, doi: 10.1109/LCOMM.2022.3210928.

[14] L. Liang, H. Ye, and G. Y. Li, “Spectrum sharing in vehicular networks based on multi-agent reinforcement learning,”
IEEE Journal on Selected Areas in Communications, vol. 37, no. 10, pp. 2282-2292, 2019, doi: 10.1109/JSAC.2019.2933962.

[15] H. Ye, G. Y. Li, and B. H. Juang, “Power of deep learning for channel estimation and signal detection in OFDM systems,”
IEEE Wireless Communications Letters, vol. 7, no. 1, pp. 114-117, 2018, doi: 10.1109/LWC.2017.2757490.

[16] X. Wang, Y. Han, V. C. M. Leung, D. Niyato, X. Yan, and X. Chen, “Convergence of edge computing and deep learning:
a comprehensive survey,” |EEE Communications Surveys and Tutorials, vol. 22, no. 2, pp. 869-904, 2020,
doi: 10.1109/COMST.2020.2970550.

[17] H. Zhou, M. Erol-Kantarci, and H. V. Poor, “Learning from peers: deep transfer reinforcement learning for joint radio and cache
resource allocation in 5G RAN slicing,” IEEE Transactions on Cognitive Communications and Networking, vol. 8, no. 4,
pp. 1925-1941, 2022, doi: 10.1109/TCCN.2022.3204572.

[18] A. Zappone, M. Di Renzo, and M. Debbah, “Wireless networks design in the era of deep learning: model-based, Al-based, or
both?,” IEEE Transactions on Communications, vol. 67, no. 10, pp. 7331-7376, 2019, doi: 10.1109/TCOMM.2019.2924010.

[19] F. Restuccia and T. Melodia, “Big data goes small: real-time spectrum-driven embedded wireless networking through deep
learning in the RF loop,” in IEEE INFOCOM 2019 - IEEE Conference on Computer Communications, Apr. 2019, vol. 2019,
pp. 2152-2160, doi: 10.1109/INFOCOM.2019.8737459.

[20] K.A. A.Kumar, “A low power implementation of PSK modems in FPGA with reconfigurable filter and digital NCO using PR for
SDR and CR applications,” in 2012 International Conference on Green Technologies (ICGT), Dec. 2012, vol. 8, pp. 192-197,
doi: 10.1109/ICGT.2012.6477971.

[21] S. R, J. Manjula, and A. R. Bevi, “Design of all digital phase locked loop for wireless applications,” International Journal of
Engineering & Technology, vol. 7, no. 3.12, p. 836, 2018, doi: 10.14419/ijet.v7i3.12.16513.

[22] V. B. Chalampalem and M. Pidugu, “An efficient high performance reconfigurable canonical sign digit architecture for software
defined radio,” International Journal of Reconfigurable and Embedded Systems (IJRES), vol. 13, no. 1, pp. 25-32, 2024,
doi: 10.11591/ijres.v13.il.pp25-32.

[23] F. Daghero, A. Burrello, D. J. Pagliari, L. Benini, E. Macii, and M. Poncino, “Energy-efficient adaptive machine learning on loT
end-nodes with class-dependent confidence,” ICECS 2020 - 27th IEEE International Conference on Electronics, Circuits and
Systems, Proceedings, 2020, doi: 10.1109/ICECS49266.2020.9294863.

[24] C. Uttraphan, M. I. A. Ardani, C. W. Heng, N. Ahmad, K. B. Ching, and A. A. E. Raj, “Hardware implementation of FIR filter for
ECG signal processing: design, optimization, and performance analysis on an FPGA,” Journal of Advanced Research in Applied
Sciences and Engineering Technology, vol. 40, no. 2, pp. 50-61, 2024, doi: 10.37934/araset.40.2.5061.

[25] J.R. Cérdenas-Valdez, M. de J. Garcia-Ortega, A. H. Corral-Dominguez, and P. J. Campos-Hermnandez, “Sistema de transmision
de RF de sefiales biomédicas para aplicaciones en telemedicina,” P&di Boletin Cientifico de Ciencias Basicas e Ingenierias del
ICBI, vol. 10, pp. 204207, 2022, doi: 10.29057/icbi.v10iespecial4.9332.

[26] M. M. Alam, H. Malik, M. I. Khan, T. Pardy, A. Kuusik, and Y. Le Moullec, “A survey on the roles of communication
technologies in loT-Based personalized healthcare applications,” IEEE Access, vol. 6, pp. 36611-36631, 2018,
doi: 10.1109/ACCESS.2018.2853148.

[27] X. Zhou et al., “Deep reinforcement learning coordinated receiver beamforming for millimeter-wave train-ground communications,”
IEEE Transactions on Vehicular Technology, vol. 71, no. 5, pp. 5156-5171, 2022, doi: 10.1109/TVT.2022.3153928.

An machine learning-enhanced reconfigurable software defined radio ... (Vijaya Bhaskar Chalampalem)



706 a ISSN: 2252-8776

BIOGRAPHIES OF AUTHORS

Vijaya Bhaskar Chalampalem RIE s currently in the Department of Electronics
and Communication Engineering, Siddharth Institute of Engineering and Technology, Puttur,
India. Currently his research interest is developing low power and area efficient high-
performance architectures for future wireless communications. He can be contacted at email:
vijayasdu@gmail.com.

Sancarapu Nagaraju Bd 12 Is currently in the Department of Electronics and
Communication Engineering, Srinivasa Ramanujan Institute of Technology, Ananthapuramu,
Andhra Pradesh, India. He has completed B.Tech. INTUH Hyderabad, M.Tech. and Ph.D.
from INTUA, Ananthapuramu. He can be contacted at email: snagaraju02@gmail.com.

Venkata Vara Prasad Bl 12 |s currently in the Department of Electronics and
Communication Engineering, Aditya college of engineering, Madanapalle, Andhra Pradesh,
India. He has completed B.Tech. INTUA Anantapur, M.Tech. from SV University, Tirupati
and Ph.D. from GITAM University Vizag. His research and interesting areas are Wireless
communication. He can be contacted at email: vvara75@gmail.com.

R. Kiran Kumar Bl 2 is currently in the Department of Electronics and
Communication Engineering at Madanapalle Institute of Technology and Science,
Madanapalle, with 12 years of dedicated teaching experience. He holds a B.Tech. from
JNTUA and M.Tech. from SJCET under the same university. He obtained his Ph.D. from Vel
Tech Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, Avadi, Chennai,
India.He can be contacted at email: royalkiran406 @gmail.com.

Shanmugham Balasundaram RIBI s currently in the Department of Electronics and
Communication Engineering, Dhanalakshmi Srinivasan University, holds a Ph.D. in video
authentication algorithms and completed M.E., B.Tech., and ECE. Served in various
academic roles including professor, associate professor, HOD, and lecturer across institutions
in Tamil Nadu, Puducherry, and Andhra Pradesh. He can be contacted at email:
shanbk132@gmail.com.

Int J Inf & Commun Technol, Vol. 15, No. 2, June 2026: 699-706


https://orcid.org/0000-0001-7250-0950
https://www.scopus.com/authid/detail.uri?authorId=57219121973
https://orcid.org/0000-0003-0682-1371
https://www.scopus.com/authid/detail.uri?authorId=57211773047
https://www.webofscience.com/wos/author/record/ABZ-8978-2022
https://orcid.org/0000-0001-6816-3429
https://orcid.org/0000-0003-0671-9641
https://www.scopus.com/authid/detail.uri?authorId=57212111551
https://www.webofscience.com/wos/author/record/AAP-2132-2021
https://orcid.org/0000-0002-2340-9541
https://www.scopus.com/authid/detail.uri?authorId=58915753400

