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Joint antenna selection (AS) and precoding design is essential for improving
spectral efficiency and energy efficiency in multi-antenna wireless
communication systems. However, conventional optimization-based
solutions rely on exhaustive search and iterative processing, leading to high
computational complexity that limits real-time applicability. This work
proposes a machine learning-enabled framework that shifts the
computational burden from online operation to offline training. Optimal AS
and precoding decisions are first generated offline using model-based
optimization under diverse channel conditions. A supervised machine
learning model is then trained to learn the relationship between channel state
information (CSI) and optimal transmission configurations. During online
operation, the trained model enables fast and efficient AS with significantly
reduced processing time. Numerical results demonstrate that the proposed
approach achieves near-optimal system performance while substantially

lowering computational complexity, making it well suited for real-time and
next-generation wireless communication systems.

This is an open access article under the CC BY-SA license.

Corresponding Author:

Lakshmi Durga Rajamahendravarapu

Department of Computer Science and Engineering, Koneru Lakshmaiah Education Foundation
Vijayawada, Vaddeswaram, Andhra Pradesh, India
Email: rlakshmil592@gmail.com

1. INTRODUCTION

Multiple-input multiple-output (MIMO) is an essential technology that meets the rapidly increasing
demand for data-intensive applications in both present and future mobile networks. A MIMO base station
(BS) employs a significant number of antennas to simultaneously transmit multiple information streams to
different users, all while ensuring minimal interference between users. The advantages of MIMO systems,
when implemented with suitable beamforming techniques, encompass improved spectral efficiency and
increased energy efficiency [1]. With the substantial increase in the number of antennas in MIMO systems,
the implementation of antenna selection (AS) can improve performance in terms of both hardware costs and
technological factors [2]. This happens due to the fact that the radio frequency (RF) chains generally involve
much greater expenses in comparison to antenna elements. An effective AS strategy can notably achieve
complete spatial diversity while significantly lowering the energy consumption of RF chains, thus improving
the overall energy efficiency of the system [3]. AS is categorized as a nondeterministic polynomial (NP)-hard
problem, and the sole method to guarantee an optimal solution is via exhaustive search, which entails
evaluating all potential combinations of antennas. The significant complexity of AS may limit its practical
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use, especially in 5G services that usually require stringent latency and real-time decision-making
abilities [4]. Effective solutions are crucial for making AS practically attainable, especially for BSs that are
outfitted with a medium to large array of antennas. An algorithm utilizing block diagonalization is presented
in [5] for multiuser MIMO systems, concentrating on the selection of optimal antennas to either minimize the
symbol error rate (SER) upper bound or improve the minimum capacity. This method methodically
eliminates one antenna at a time, concentrating on the one that has the greatest impact on energy
consumption within the pertinent orthogonal beamformers. Wang et al. [6] introduce a collaborative method
for beamforming design and an AS algorithm focused on minimizing transmit power for multicasting.
Employing group sparsity-promoting 1, norms instead of the 1o norm facilitates the extraction of specific
antennas and beamformers via an iterative algorithm. The application of 1> norms is employed in massive
MIMO to minimize transmit power [7] and in cell-free MIMO downlink setups for the combined selection of
access points and power allocation [8]. An AS algorithm employing mirror-prox successive convex
approximation (SCA) is presented in [9] aimed at maximizing the minimum rate in multiple-input single-
output (MISO) broadcasting systems. A similar methodology grounded in SCA is proposed in [10], [11] to
enhance energy efficiency.

Recently, the use of machine learning in communication systems has attracted considerable
attention [12]-[14]. The main advantage of employing machine learning in communications lies in its
capacity to discern relationships between system parameters and desired outcomes, facilitating the shift of
computational requirements from real-time processing to the offline training phase. Xia et al. [15] present a
beamforming neural network (BNN) designed to minimize transmit power in multiuser MISO systems. This
method employs convolutional neural networks (CNN) in conjunction with a supervised-learning technique
to predict both the magnitude and direction of the beamforming vectors. This method is elaborated upon in
references [16]-[18] for unsupervised learning aimed at optimizing the weighted sum-rate of the system. A
transmission strategy enhanced by deep learning is introduced for a single-user MIMO system with
constrained feedback, focusing on pilot-aided training and the selection of channel codes. Lin and Zhu [19]
introduce a deep learning approach to beamforming design that focusses on maximizing the spectral
efficiency of a single-user millimeter wave (mmWave) MISO system, showing enhanced spectral efficiency
in comparison to conventional hybrid beamforming designs. The application of Q-learning is elaborated
in [20] to tackle the combinatorial complexity associated with choosing the optimal channel impulse response
for vehicle to infrastructure communications. A similar approach utilizing Q-learning is introduced in [21] to
tackle the integrated design of beamforming, power control, and interference coordination within cellular
networks. Mismar et al. [22] introduce a deep reinforcement learning framework aimed at autonomously
optimizing broadcast beams in MIMO broadcast systems, leveraging measurements from users. A commonly
utilized data set for training mmWave MIMO networks is detailed in [23]-[25], considering various
performance metrics. The incorporation of machine learning into the design of the physical layer offers a
compelling strategy to tackle the challenges linked to adaptive systems. A collaborative design for AS and
hybrid beamformers for single-user mmWave MIMO is presented in [26], employing two sequential CNNs.
One CNN is focused on predicting the chosen antennas, whereas the other CNN is aimed at estimating the
hybrid beamformers. Jadhav and Kumaravelu [27] propose a multi-class classification approach to tackle the
AS problem in single-user MIMO systems, employing two classification methods: multiclass k-nearest
neighbors and support vector machine (SVM). A neural network (NN)-based method is presented in [28] to
reduce the computational complexity of AS for broadcasting. The NN is employed to directly predict the
selected antennas that enhance the minimum signal to noise ratio among the users. Khurana [29] present a
learning-based method for selecting transmit antennas designed to improve security in the wiretap channel.
This study explores two learning-based methodologies, namely SVM and naive Bayes schemes. The
potential to improve secrecy performance while reducing feedback overhead is clear; however, the
configuration analyzed in [29] is limited to a single AS.

2. METHOD

This section presents a novel approach that leverages recent advancements in machine learning to
address the significant high-complexity challenge associated with the selection process. A learning-based AS
and precoding design (L-ASPD) algorithm was proposed to enhance efficiency. The proposed L-ASPD
algorithm is designed to utilize machine learning predictions to assist the optimal algorithm in addressing the
most challenging and time-intensive aspects of the optimization process. A deep neural network (DNN) is
employed as the learning model in order to develop latent relationships between the system parameters
(inputs) and the antenna subset that has been chosen. There are three primary components that make up the
DNN, which are as follows: one input layer, one output layer, and hidden layers, as shown in Figure 1. The
learning parameters, such as the cost function, are optimized by the DNN based on the labeled data in order
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to reduce the amount of error that is associated with the prediction. There are three stages involved in the
implementation of the L-ASPD algorithm: i) offline training data creation, ii) creating the learning model,
and iii) real-time prediction are the stages.

Input Output

Hidden layers

Figure 1. DNN with three hidden layers

3.  RESULTS AND DISCUSSION

This section evaluates the effectiveness of the proposed algorithms through numerical results. The
distribution of users is uniform across a distance spanning from 50 to 300 meters from the BS. The WINNER
IT line-of-sight pathloss model is employed, resulting in a pathloss that ranges uniformly from
-59.4 dB to -74.6 dB. Every wireless channel undergoes Rayleigh fading. The bandwidth of the channel is
1 MHz, with a noise spectral density of -140 dBm/Hz. The long-term evolution (LTE) requirements are
employed, indicating that one code unit (c.u.) lasts for one symbol, which corresponds to 66.7 pus, while a
block duration comprises 200 c.u. The BS is anticipated to utilize 0.2 computational units for the resolution
of a single convex optimization problem. As a result, implementing the proposed L-ASPD method
necessitates 0.2 kilo-symbols (KS) c.u., with KS representing the expected number of subsets. A DNN
featuring two hidden layers is employed to train the learning model for the L-ASPD algorithm, with each
layer comprising 100 nodes. SVM offer a quick training phase; however, their performance tends to be
inferior when compared to DNN. This occurs because SVM creates hyperplanes to distinguish data, whereas
DNN utilizes more intricate functions to achieve the same goal. The DNN undergoes training utilizing the
scaled conjugate gradient method.

The outcomes are based on 200 random realizations of channel fading coefficients and user
positions. For each instance, algorithms are implemented until convergence is reached. Figure 2 depicts the
total rate attained by the two proposed algorithms as a function of the iteration count. Both algorithms
demonstrate swift convergence, accomplishing this in under 10 iterations, thus highlighting the effectiveness
of the suggested iterative methods. Figure 3 illustrates the relationship between sum-rate and simulation time,
providing valuable insights into the computational performance of the developed algorithms.

Figure 4 demonstrates the performance-complexity tradeoff of the proposed L-ASPD algorithm,
employing M =4 RF chains and a total of N =8 antennas. The L-ASPD algorithm achieves over 96% of the
optimal sum rate obtained via exhaustive search, all while decreasing complexity by more than 95%. The
L-ASPD algorithm achieves 86% optimal performance while consuming merely 2% of the computational
time, thus confirming its efficacy. The L-ASPD algorithm demonstrates a reduction of more than 13% in
computational time when compared to the heuristic solution, all while upholding a target performance gain of
95%. Figure 5 demonstrates the comparative effectiveness of the L-ASPD algorithm in real-time prediction
based on the quantity of training samples utilized. The relative performance is expressed as the ratio of the
sum rate achieved by the L-ASPD algorithm compared to that obtained by the joint AS and precoding design
(JASPD) algorithm. Every training sample is produced randomly, capturing the diversity in both channel
small-scale fading and user positioning. Typically, augmenting the number of training samples improves
prediction accuracy, as the L-ASPD algorithm gains a more profound comprehension of the inherent
relationship between the chosen antennas and the input features. The L-ASPD algorithm shows that 200,000
training samples are sufficient to achieve more than 94% of optimal performance.
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Figure 6 demonstrates the achievable sum rate in relation to KS, emphasizing the most promising
subsets identified through the proposed L-ASPD algorithm. To illustrate the benefits of the proposed
beamforming design, a curve that employs zero-forcing based power control on the antenna subsets
identified by the algorithm was presented. The curve is labelled as proposed-zero forcing in the figures.
The L-ASPD algorithm shows enhanced performance relative to all other schemes across the various KS
values examined.

Figure 7 presents the effective sum rate associated with different total antenna counts, N. To
guarantee a fair evaluation, the total transmit power is set at 30 dBm, taking into account the entire overhead
related to channel estimation and computation. In the former scenario, obtaining the channel state
information (CSI) demands 8 c.u. with a total of 6, 7, or 8 antennas, while it requires 12 c.u. when the
antenna count increases to 9 or 10. Upon analysis, it becomes clear that the L-ASPD algorithm limits its
search to the 10 most promising candidates, while the JASPD algorithm assesses all (NM) antenna subsets.
The findings indicate that a higher number of antennas results in a better effective sum rate across all
schemes, thus confirming the benefits of AS. The proposed L-ASPD algorithm exhibits exceptional
performance, especially for large N, challenging the traditional notion that exhaustive search methods
provide the optimal outcomes. The comparison takes into account the computation time, as illustrated. The
comprehensive search approach thus dedicates considerable time to pinpointing the best subset, particularly
when N is substantial, resulting in reduced effective rates. When N equals 10, the exhaustive search method
requires a computation time that is 21 times more than that of the L-ASPD algorithm.
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of the methods that were proposed

The obtained experimental results are consistent with and well supported by existing studies on joint
AS and precoding in multi-antenna wireless systems. Prior optimization-based works have demonstrated that
jointly selecting antennas and designing precoders significantly improves spectral efficiency compared to
separate or heuristic designs, but at the cost of prohibitive computational complexity that limits real-time
applicability. Recent machine learning-assisted approaches reported in the literature show that learning-based
models can effectively approximate optimal AS decisions by capturing the underlying relationship between
channel conditions and transmission strategies. In line with these findings, the proposed method achieves
performance close to optimal benchmark solutions while drastically reducing execution time. Similar trends
have been observed in learning-assisted beamforming and AS studies, where offline training enables fast
online inference without noticeable performance degradation. Therefore, the results presented in this work
not only validate the effectiveness of the proposed approach but also reinforce the growing consensus that
machine learning provides a practical and scalable alternative to exhaustive optimization for next-generation
wireless communication systems.

4. CONCLUSION

This study examines the integrated design of AS and precoding vectors in multi-user, multi-antenna
systems to optimize spatial diversity utilization. A (near) optimal joint AS and precoding algorithm is
initially introduced to maximizing the system sum rate, while adhering to users' quality of service (QoS)
requirements and constraints on transmit power. The proposed joint design optimizes the precoding vectors
through two iterative optimization algorithms, utilizing semidefinite relaxation and SCA methods. To
enhance optimization efficiency, a machine learning-based solution is developed for timely and accurate
antenna predictions. The proposed learning-based algorithm demonstrates robustness concerning user
quantity and distribution, BS transmit power, and channel fading effects. Simulation results demonstrate that
the proposed learning-based solution significantly surpasses current selection schemes and the exhaustive
search-based solution. This work suggests several potential research directions. Improving the efficiency of
the training phase presents a significant challenge, particularly when dealing with a large number of available
antennas. A low-complexity precoding design, such as zero-forcing, can be employed to efficiently acquire
adequate training samples. The second issue pertains to managing network dynamics, necessitating the
learning model to be frequently and promptly adapted. Transfer learning and reinforcement learning present
effective approaches to circumvent the necessity of retraining the entire network.

ACKNOWLEDGMENTS

The authors would like to express their sincere gratitude to their Institutions for providing the
necessary resources and support throughout this research. The authors also extend the appreciation to
colleagues and collaborators for their valuable feedback and insightful discussions that contributed to
improving the quality of this work.

Machine learning-enabled joint antenna selection and precoding (Monica Nilesh Kalbande)



2374 3 ISSN: 2252-8938

FUNDING INFORMATION
The authors declare that no funding was received for conducting this research.

AUTHOR CONTRIBUTIONS STATEMENT
This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author
contributions, reduce authorship disputes, and facilitate collaboration.

Name of Author C M So Va Fo 1 R D O E Vi Su P Fu
Monica Nilesh Kalbande vv v v v v v v v v v
Kanala Sai Madhuri v v v v v v v v v v
M. VenkateswaraRao v v v v v vV v v v v
Saradha Rani Sabbavarapu v v v v v v v
Rajyalakshmi Uppada v v v v v v v
Lakshmi Durga v v v v
Rajamahendravarapu

C : Conceptualization I : Investigation 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
Fo : Formal analysis E : Writing - Review & Editing

CONFLICT OF INTEREST STATEMENT
The authors declare that there are no conflicts of interest regarding the publication of this paper.

ETHICAL APPROVAL

This research does not involve any studies with human participants or animals performed by any of
the authors.

DATA AVAILABILITY

The data that support the findings of this study are available from the corresponding author, [LDR],
upon reasonable request.

REFERENCES

[1] T. V. Thai, M. T. P. Le, H. V. Nguyen, O.-S. Shin, and M.-G. D. Benedetto, “Next-generation MIMO empowered mobile edge
computing: a comprehensive survey toward 6G systems,” Ad Hoc Networks, vol. 182, Mar. 2026, doi: 10.1016/j.adhoc.2025.104095.

[2] Y. Lee, “Receive antenna selection for MMSE signal detection in multiuser massive MIMO uplink,” ICT Express, vol. 9, no. 1,
pp. 34-38, Feb. 2023, doi: 10.1016/j.icte.2022.07.005.

[3] H.H. Ibrahim et al., “Radio frequency energy harvesting technologies: a comprehensive review on designing, methodologies, and
potential applications,” Sensors, vol. 22, no. 11, May 2022, doi: 10.3390/s22114144.

[4] M. Hoppari, M. Uitto, J. Mékel4, 1. Harjula, and S. Rantala, “Performance of the 5th generation indoor wireless technologies-
empirical study,” Future Internet, vol. 13, no. 7, Jul. 2021, doi: 10.3390/f113070180.

[5] S. Kim, “Efficient transmit antenna subset selection for multiuser space—time line code systems,” Sensors, vol. 21, no. 8§,
Apr. 2021, doi: 10.3390/s21082690.

[6] F.Wang, A. L. Swindlehurst, and H. Li, “Joint antenna selection and transmit beamforming for dual-function radar-communication
systems,” in 2023 I[EEE Radar Conference (RadarConf23), May 2023, pp. 1-6, doi: 10.1109/RadarConf2351548.2023.10149772.

[71 S. Qin, G. Li, G. Lv, G. Zhang, and H. Hui, “L1/2-regularization based antenna selection for RF-chain limited massive MIMO
systems,” in 2016 IEEE 84th Vehicular Technology Conference (VIC-Fall), 2016, pp. 1-5, doi: 10.1109/VTCFall.2016.7881064.

[8] T. X. Vu, S. Chatzinotas, S. ShahbazPanahi, and B. Ottersten, “Joint power allocation and access point selection for cell-free
massive MIMO,” in ICC 2020-2020 IEEE International Conference on Communications (ICC), Jun. 2020, pp. 1-6,
doi: 10.1109/ICC40277.2020.9148948.

[9] M. S. Ibrahim, A. Konar, M. Hong, and N. D. Sidiropoulos, “Mirror-prox SCA algorithm for multicast beamforming and antenna
selection,” in 2018 IEEE 19th International Workshop on Signal Processing Advances in Wireless Communications (SPAWC),
Jun. 2018, pp. 1-5, doi: 10.1109/SPAWC.2018.8445845.

[10] O. Tervo, L.-N. Tran, H. Pennanen, S. Chatzinotas, B. Ottersten, and M. Juntti, “Energy-efficient multicell multigroup
multicasting with joint beamforming and antenna selection,” /EEE Transactions on Signal Processing, vol. 66, no. 18,
pp- 4904-4919, Sep. 2018, doi: 10.1109/TSP.2018.2864636.

[11] S. Liu, T. Wang, and S. Wang, “Toward intelligent wireless communications: deep learning-based physical layer technologies,”
Digital Communications and Networks, vol. 7, no. 4, pp. 589—-597, Nov. 2021, doi: 10.1016/j.dcan.2021.09.014.

Int J Artif Intell, Vol. 15, No. 3, June 2026: 2369-2376



Int J Artif Intell ISSN: 2252-8938 a 2375

[12]

[13]

[14]

[15]

[16]
[17]
[18]
[19]

[20]

[21]

[22]

[23]
[24]

[25]

[26]

[27]

[28]

[29]

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, Oct. 2019, doi: 10.1109/TCOMM.2019.2924010.
A. Zappone, M. Di Renzo, M. Debbah, T. T. Lam, and X. Qian, “Model-aided wireless artificial intelligence: embedding expert
knowledge in deep neural networks for wireless system optimization,” IEEE Vehicular Technology Magazine, vol. 14, no. 3,
pp. 60-69, Sep. 2019, doi: 10.1109/MVT.2019.2921627.

D. Wang, Y. Bai, and B. Song, “A knowledge graph-based reinforcement learning approach for cooperative caching in MEC-
enabled heterogeneous networks,” Digital Communications and Networks, vol. 11, no. 4, pp. 1237-1245, Aug. 2025,
doi: 10.1016/j.dcan.2024.12.006.

W. Xia, G. Zheng, Y. Zhu, J. Zhang, J. Wang, and A. P. Petropulu, “A deep learning framework for optimization of MISO
downlink beamforming,” [EEE Transactions on Communications, vol. 68, no. 3, pp. 1866-1880, Mar. 2020,
doi: 10.1109/TCOMM.2019.2960361.

H. Huang, W. Xia, J. Xiong, J. Yang, G. Zheng, and X. Zhu, “Unsupervised learning-based fast beamforming design for downlink
MIMO,” IEEE Access, vol. 7, pp. 75997605, 2019, doi: 10.1109/ACCESS.2018.2887308.

H. Huang, Y. Peng, J. Yang, W. Xia, and G. Gui, “Fast beamforming design via deep learning,” IEEE Transactions on Vehicular
Technology, vol. 69, no. 1, pp. 1065-1069, Jan. 2020, doi: 10.1109/TVT.2019.2949122.

J. Jang, H. Lee, S. Hwang, H. Ren, and 1. Lee, “Deep learning-based limited feedback designs for MIMO systems,” IEEE
Wireless Communications Letters, vol. 9, no. 4, pp. 558-561, Apr. 2020, doi: 10.1109/LWC.2019.2962114.

T. Lin and Y. Zhu, “Beamforming design for large-scale antenna arrays using deep learning,” IEEE Wireless Communications
Letters, vol. 9, no. 1, pp. 103—107, Jan. 2020, doi: 10.1109/LWC.2019.2943466.

T. E. Bogale, X. Wang, and L. B. Le, “Adaptive channel prediction, beamforming and scheduling design for 5G V2I network:
analytical and machine learning approaches,” IEEE Transactions on Vehicular Technology, vol. 69, no. 5, pp. 5055-5067,
May 2020, doi: 10.1109/TVT.2020.2975818.

R. Shafin et al., “Self-tuning sectorization: deep reinforcement learning meets broadcast beam optimization,” IEEE Transactions
on Wireless Communications, vol. 19, no. 6, pp. 4038—4053, Jun. 2020, doi: 10.1109/TWC.2020.2979446.

F. B. Mismar, B. L. Evans, and A. Alkhateeb, “Deep reinforcement learning for 5G networks: joint beamforming, power control,
and interference coordination,” [EEE Transactions on Communications, vol. 68, no. 3, pp. 1581-1592, Mar. 2020,
doi: 10.1109/TCOMM.2019.2961332.

A. Alkhateeb, “DeepMIMO: a generic deep learning dataset for millimeter wave and massive MIMO applications,” Feb. 2019,
arXiv:1902.06435.

M. Liaq, S. Sharif, S. Zeadally, and W. Ejaz, “Utilization of machine learning in future wireless networks for resource
optimization: a survey,” Ad Hoc Networks, vol. 178, Nov. 2025, doi: 10.1016/j.adhoc.2025.103983.

M. O. F. Goni, M. Nahiduzzaman, M. S. Anower, 1. Kamwa, and S. M. Muyeen, “Integration of machine learning with economic
energy scheduling,” International Journal of Electrical Power & Energy Systems, vol. 142, Nov. 2022,
doi: 10.1016/j.ijepes.2022.108343.

A. M. Elbir and K. V. Mishra, “Joint antenna selection and hybrid beamformer design using unquantized and quantized deep
learning networks,” [EEE Transactions on Wireless Communications, vol. 19, no. 3, pp. 1677-1688, Mar. 2020,
doi: 10.1109/TWC.2019.2956146.

H. K. Jadhav and V. B. Kumaravelu, “Transmit antenna selection for spatial modulation based on machine learning,” Physical
Communication, vol. 55, Dec. 2022, doi: 10.1016/j.phycom.2022.101904.

T. X. Vu et al., “Machine learning-enabled joint antenna selection and precoding design: from offline complexity to online
performance,” [EEE Transactions on Wireless Communications, vol. 20, no. 6, pp. 3710-3722, Jun. 2021,
doi: 10.1109/TWC.2021.3052973.

M. Khurana, “Deep learning based low complexity joint antenna selection scheme for MIMO vehicular adhoc networks,” Expert
Systems with Applications, vol. 219, Jun. 2023, doi: 10.1016/j.eswa.2023.119637.

BIOGRAPHIES OF AUTHORS

Dr. Monica Nilesh Kalbande Bl 2 is an assistant professor in the Electronics
Engineering. She holds an Ph.D. degree and has been serving in academia since August 2005.
Her academic and research interests include VLSI design, digital communication systems,
signal processing, IoT, Al, machine learning, and quantum computing applications. Her
academic career demonstrates strong engagement in teaching, research, curriculum
development, and professional training, making her a dedicated and accomplished educator.
She can be contacted at email: monicakalbande@gmail.com.

Dr. Kanala Sai Madhuri = B4 B8 © is an assistant professor in the Department of Computer
Science and Engineering-Data Science at B. V. Raju Institute of Technology, Narsapur,
Hyderabad, with 16 years of teaching experience across institutions in Hyderabad and
Bangalore. She earned her Ph.D. from Visvesvaraya Technological University Belagavi in
network intrusion detection systems using machine learning algorithms, M. Tech, and B. Tech
from Jawaharlal Nehru Technological University. With expertise in Python, Java, machine
learning, and cybersecurity, she has published multiple Scopus-indexed journals, IEEE
conferences, and a patent on multimodal transformers. She can be contacted at email:
saimadhuri.k@bvrit.ac.in.

Machine learning-enabled joint antenna selection and precoding (Monica Nilesh Kalbande)


https://orcid.org/0009-0003-0629-5874
https://scholar.google.com/citations?user=MBeMOBYAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57194452204
https://orcid.org/0000-0001-8291-1526
https://scholar.google.com/citations?user=ntdDTvMAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=59372027300

2376 O3 ISSN: 2252-8938

Dr. M. Venkateswara Rao ) E:J B3 € received the B.Tech. degree in Computer Science and
Information Technology from Vallurupalli Nageswara Rao Vignana Jyothi Institute of
Engineering and Technology at Hyderabad, India, in 2002 and the M.Tech. degree in
Computer Science and Engineering specialization from Jawaharlal Nehru Technological
University in 2011, respectively. Currently, working as a professor at the Department of
Computer Science and Engineering, Vignana Bharathi Institute of Technology, Hyderabad,
India. His research interests include wireless sensor networks, artificial intelligence and
machine learning, cyber security, data science and big data, computer vision, distributed
systems, and cloud computing. He can be contacted at email: venkat2m2@gmail.com.

Saradha Rani Sabbavarapu #4 B3 © is awarded Ph.D. in Department of Electronics and
Communication Engineering from Jawaharlal Nehru Technological University, Kakinada,
M.Tech. in Radar and Microwave Engineering from Andhra University, Visakhapatnam, and
B. Tech. in Electronics and Communication Engineering from Jawaharlal Nehru
Technological University, Hyderabad, in 2005 respectively. She is now working as an
assistant professor in GITAM (Deemed to be University), Visakhapatnam, India. She has 20
years of experience. Her research interests include image processing and communications. She
can be contacted at email: ssabbava@gitam.edu.

Dr. Rajyalakshmi Uppada g 2 received her Ph.D. from Jawaharlal Nehru
Technological University, Kakinada in 2018. She completed master of Technology from
Andhra University, Visakhapatnam in 2009. Currently she is working as associate professor of
ECE Department in Aditya University, Surampalem from the year 2018. Under her credit, she
received research funding worth 17.76 lakhs from WOS-A, DST, New Delhi at Jawaharlal
Nehru Technological University, Kakinada in 2015 while pursuing Ph.D. She also received
one MODROB project worth 8.73 lakhs from AICTE, India in 2020 to carry out her research
work at Aditya University. She also received one seminar grant from NCW, New Delhi worth
2.5 lakhs. Her research interests include digital image processing, machine learning, and
communications. She can be contacted at email: rajyalakshmiu@adityauniversity.in.

Lakshmi Durga Rajamahendravarapu Bl 2 received the B.Tech. degree in
Computer Science and Engineering from DJR College of Engineering and Technology,
Vijayawada, India, in 2014 and the M.Tech. degree in Computer Science and Engineering
specilization from Lakireddy Balireddy College of Engineering affiliated to Jawaharlal Nehru
Technological University Kakinada, India in 2016, respectively. Currently, she is an assistant
professor at the Department of Computer Science and Engineering, Koneru Lakshmaiah
Education Foundation, Vaddeswaram, India. Her research interests include artificial
intelligence and machine learning, cybersecurity, data science and big data, computer vision,
distributed systems, and cloud computing. She can be contacted at email:
rlakshmil592@gmail.com.

Int J Artif Intell, Vol. 15, No. 3, June 2026: 2369-2376


https://orcid.org/0000-0003-4189-199X
https://scholar.google.com/citations?user=3vcC9pQAAAAJ&hl=id&oi=sra
https://www.scopus.com/authid/detail.uri?authorId=59739776400
https://www.webofscience.com/wos/author/record/AAW-3345-2021
https://orcid.org/0000-0002-6890-3447
https://www.scopus.com/authid/detail.uri?authorId=57217215473
https://orcid.org/0000-0002-8173-1758
https://scholar.google.com/citations?user=xBoV2iEAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57276179100
https://www.webofscience.com/wos/author/record/2148124
https://orcid.org/0009-0000-4304-7405

