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The 6G wireless communication system will utilize the terahertz (THz)
frequency band (0.1-10 THz) to meet customer demand for increased data
rates and ultra-high-speed communication in future applications. The
exponential surge in data traffic, which is supported by dynamic resource
allocation. To mitigate this challenge, the use of artificial intelligence-based
methods, such as narrow neural network (NNN), can help to smooth the
performance of the network. In this paper, an NNN-based approach for
dynamic base station allocation for 6G wireless networks is proposed 14
different 6G parameters used to train the NNN model, initially achieving an
accuracy of 89.5% and an F1 score of 0.72 for 200 users. Results
demonstrate the efficacy of the proposed NNN approach for dynamic
decision-making in 6G networks and its potential for application in other
domains where similar problems exist. Moreover, the proposed narrow

Neural networks
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neural network model shows improved results with an increase in number of
users and decrease in fully connected layers and regularization strength
(lambda). The validation accuracy received is 98.9% and 99.6% for
thousand users with single fully connected layer, none (linear) activation
function and regularization strength lambda values of 0.01 and 0.001.
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1. INTRODUCTION

The 6G communications vision improves data rate and latency and enables pervasive connectivity [1].
It is expected to connect terrestrial, aerial, and maritime communications into a powerful, faster, more
reliable network [2]. The expansion of mobile technology has increased the need for efficient and dependable
communications networks. The base station is a crucial communications network component [3]. Base
stations connect mobile devices. Base stations handled thousands of users with high-powered signals [4].
This method was simple, but it increased base station power and decreased bandwidth and performance when
mobile devices connected. With 5G and 6G networks, base station decentralization is necessary for efficient
and reliable operation. Each home will have a pico or femto node connected to a high-speed backhaul optical
fiber network when 5G is completely deployed. It makes sense to use home routers as transceivers to reduce
power transmission.

The 6G network’s increased broadcast frequency will lower transmission distances by one, requiring
base stations to be close to consumers. Given these factors, dynamically assigning base stations, like mobile
handoffs, makes sense. This dynamic base station placement optimizes network performance and reliability
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while decreasing transmission power. In the proposed work, describes a simple approach for network nodes
to determine if they can be base stations. The method is to use a narrow neural network (NNN) to assess
fourteen 6G parameters and allocate base stations dynamically. A narrow neural network classifies data into
categories [5].

The supervised learning approach requires a labeled dataset for model training [6]. Neuron layers
understand neural network input-output relationships. Each “narrow” neural network layer in the proposed
study comprises 14 neurons. For 200 users, narrow neural network is faster and more effective. Iterating
input data and modifying neural weights based on expected and actual outputs trains the model. For accurate
categorization, narrow neural network reduce error.

Evaluation of literature dynamic base station allocation debuted in 1993 and dynamic allocation of
frequencies was needed. Only reallocation of frequencies was discussed, while we treat the entire node as a
base station or network user. Cousik et al. proposed 5G and 6G mm Wave networks, and deep 1A, a deep
learning-based solution, predicts optimum beams from few sweeps with over 100% accuracy [7]. Hadi et al.
optimized HetNet uplink radio resource allocation for 6G stroke outpatients using Big Data Analytics-
powered machine learning to signal to interference and noise ratio by 57 % and 95 % [8]. Gui et al.
demonstrated a deep learning-enhanced non-orthogonal multiple access approach that improves system
performance [9].

A deep neural network (DNN) is modeled, optimized, and trained to allocate power in distributed
automation system by Qian et al. DNN optimize power schemes better than sub-gradient methods, enhancing
spectrum and energy efficiency in communication systems [10]. Alfaia et al. recommend estimating network
use with low power amplifier and ultra compact power amplifier. employing unmaned arial vechicle-base
station to temporarily relieve mobile network congestion [11].

Lin et al. improves antenna selection and channel extrapolation in large multi input multi output
systems with adaptive switching network and advanced dynamic network. It beats uniform selection and
deep neural networks in channel, coherent channel mapping extrapolation, and beam prediction [12]. Using
Al, Luo et al. improve mobile network with Al application to improve quality of service using Chinese
telecom provider data [13]. Kumaresan et al. used artificial neural networks (ANN) to learn cluster
formations using channel gains and transmitting power to boost non-orthogonal multiple access user
clustering throughput for 5G user clustering [14]. Alwarafy et al. propose a deep reinforcement learning
framework for multi-radio access technology assignment and dynamic power allocation in 6G networks with
high heterogeneity for 6G [15].

The deep learning method by Dong et al. reduces base station power consumption and enhances
quality of service (QoS) by allocating 5G radio resources using cascaded neural networks [16]. Sun et al.
lightweight digital twin (DT) architecture for air-ground networks improves modeling efficiency and privacy
through federated ground device learning and a distributed incentive mechanism [17]. Adeogun et al.
proposed recurrent neural network (RNN) models for dynamic channel allocation in 6G networks and
improve quality of service with 97.16% accuracy [18]. Ashwin et al. 6G hybrid quantum deep learning
(HQDL) model improves QoS through resource management using CNN [19]. Alkhlefat et al. mentions 6G
wireless technologies being developed to meet the high bandwidth and capacity needs of interactive
applications like virtual reality and driverless vehicles [20].

Dynamic base station allocation, power and resource management using deep learning, machine
learning, and deep reinforcement learning frameworks were developed by the main contributors to improve
network performance and efficiency. Other methods that were optimized for 5G and 6G networks to increase
energy efficiency, throughput, and quality of service were antenna selection, channel allocation, and user
clustering. Leading researchers in the field have discovered that cutting-edge algorithms and deep learning
techniques can optimize resource allocation, improve system throughput and QoS in 5G and 6G networks,
and drastically decrease power consumption at base stations. This points to a promising future for mobile
network technologies. With an emphasis on the necessity for better ways of dynamically evaluating and
assigning base stations using narrow neural network for efficient operation and coverage, the manuscript
tackles the unresolved issue of optimizing 6G network performance and reliability through dynamic base
station allocation without increasing power consumption. Resulting in the improvement of validation
accuracy of 23.39 % as compared to the existing work.

To optimize the performance and reliability of 6G networks while minimizing power consumption,
we have developed and implemented a NNN model that dynamically allocates base stations based on
real-time evaluation of fourteen distinct network parameters. This model is one of our new contributions.
Conceptual 6G base station allocation is shown in Figure 1. The diagram explains how to choose a base
station node. Gathering fourteen node input parameters begins the procedure. Parameters train NNN.

The network is monitored and notified of base station nodes during training. The network provides
output by applying the identical input parameters to the new node after training. The network tests nodes for
base station status. An intelligent base station allocation decision requires 14 inputs. The network receives
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many input parameters during training to make an informed decision. The 6G network learns and adapts
through training. NNNs output binary decision on whether a node is a base station. The network allocates
base stations based on input parameters during the trial phase. On MATLAB classification learner, the
proposed technique had an F1 score of 0.72 and 89.5 % accuracy for 200 users, shows base station allocation
and 6G parameter analysis capabilities.
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Figure 1. 6G base station allocation with network parameters

2. METHOD

The suggested work that is used in the paper is first fourteen 6G parameters are initialized. A total of
200 users were randomly selected and assigned to each base station. To simulate real-world conditions. the
transmitted power was set at 30 dBm. To assure realism, a 6G frequency of 1 THZ was used as the primary
carrier frequency, and each user was permitted a reception power range of -65 to -75 dBm. Each user’s
position was determined using X and Y coordinates (Xc, Yc), with a specified range of 0 to 1,000 meters for
6G network base stations. Random channel noise between 0 and -0.5 dB was introduced to enhance the
simulation’s realism.

Network formation simulates real-world traffic patterns using 32-byte packets and zero to 1,000
packets per transmitter. The study examined base station user capacity limits. Base stations could handle 20
users and 10 partner nodes per transmitter. Distance between the tera-hertzs (T)-base station and partner
nodes was also considered, with a range of 0 to 20 meters [21]-[26].

The final feature matrix for dynamic base station allocation included parameters needed are
Bandwidth, channel noise, delay, base station distance, center frequency, packet number, packet length,
partner node, transmitted power, location, and load were these factors. Allocating base stations to more than
10 nearby users were required for the devices to become a base station. The previous base station must be 20
meters from the current device.

The implementation of these test conditions created a supervisory dataset for NNN training. The
NNN was trained using 80% of the input data matrix as binary outcomes (Y train). The remaining 20% was
validated and kept as categorical results. A confusion matrix was used to examine accuracy of 200 randomly
selected samples for validation and testing. The accuracy, precision-recall, and F1 scores from this
investigation were utilized to evaluate the deep learning-based dynamic base station allocation. The neural
network model and hyperparameters are set as below:

Number of fully connected layers=1, 2, 3

Size of each fully connected layer=10, 20, 30, 40, 50, 60

Activation function for all layers except the final layer=ReLU, Sigmoid, Tanh and None

Iteration limit=1,000

Regularization strength (Lambda)=0.1, 0.2, 0.3

Standardize the numeric predictors.

Binary output decision is a y parameter, and the trained model classifies input parameters to
determine base station allocation. Model hyperparameters were carefully tuned using classification learner.
The number of fully connected layers and their sizes were given. For all layers except the final one, rectified
linear unit (ReLU), Sigmoid, Tanh, and None were evaluated for activation. This study used a neural network
model with 14 input parameters and a binary output decision representing base station allocation.
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3. RESULTS AND DISCUSSION

NNN architecture evaluation results for 6G base station allocation are shown in Figure 2. The
findings of the confusion matrix evaluation are reported as true positive (TP), true negative (TN), false
positive (FP), and false negative (FN) values. The model was trained to predict base stations from 200 nodes.
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Figure 2. NNN architecture

The performance of a NNN for base station allocation has been evaluated with 200 users.
Hyperparameters such fully connected layers, activation functions, regularization strength, and iterations
were used to train the network. A single fully connected layer with 20 neurons, None activation function, 0.1
regularization strength, and 1,000 iterations performed best. This model achieved 89.5% validation accuracy,
which was much higher than ReL U, Sigmoid, and tanh models.

Figure 3 compares validation accuracy and activation function. Figure 3(a) demonstrates None
activation function has 82% validation accuracy, greater than Tanh. The network has three fully connected
layers, and Figure 3(b) indicates that None activation function has higher validation accuracy than ReLU,

Sigmoid, Tanh, and None for two fully connected layers. The accuracy of None and Tanh is higher than
RelLU and Sigmoid.
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Figure 3. Validation accuracy Vs activation function (a) with three fully connected layers for Tanh and None
activation function and (b) with two fully connected layers for Tanh and None activation function

The relation between validation accuracy and activation function is shown in Figure 4. Figure 4(a)
demonstrates that the validation accuracy improves to 89.5% when only single fully connected layer of 20
neurons is used. Figure 4(b) shows that the validation accuracy of the None activation function with single
fully connected layer is 89.5%, which is higher than the validation accuracies of the None activation function
with fully connected layers 2 and 3, which are 88% and 82%, respectively. NNN with one fully connected
layer are used to determine additional performance indicators.
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Figure 4. Validation accuracy Vs activation functions and number of fully connected layers (a) validation
accuracies for various activation functions and (b) gives the comparison of None activation function for 1, 2,
3 fully connected layers

Performance measurements for single fully connected layer neural network using ReLU, Sigmoid,
Tanh, and None activation functions. For three, two, and one hidden layer, the NNN model has the maximum
accuracy. This study compares Tanh and various activation functions to None, which offers 82%, 88%, and
89.5% validation accuracy. After explaining None activation function measuring parameters, 152 of 200
nodes were accurately categorized as non-base stations. However, the network misidentified 2 nodes as base
stations, causing false positives. The network properly identified 27 of 46 base stations and misclassified 19
others. The network identified 58.70% of base stations with 0.5870 sensitivity. The network discovered
98.74% of non-base station nodes with specificity 0.9874. The network’s positive predictions are accurate
with 0.9310 precision. The F1 score was 0.72, indicating strong precision and recall. Equation 5 yielded
0.895 network accuracy. The graphical representation of the various measuring parameters based on
confusion matrices for single fully connected layers with different activation functions, namely RelLU,
Sigmoid, Tanh, and None are shown in Figure 5.

Various measures based on confusion matrices for single fully connected layers
with different activation functions: ReLU, Sigmoid, Tanh, and None
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Figure 5. Various measures based on confusion matrices for single fully connected layers with different
activation functions: ReLU, Sigmoid, Tanh, and None

In the previous section, 200 users’ accuracy and measurement parameters were computed. A NNN
with a single fully connected layer is validated using a None activation function and regularization strength
lambda values of 0.1, 0.05, 0.01 and 0.001 for a dataset with 200, 300, 400, 500, 600, 700, 800, and 1,000
users. Validation accuracy improves as the number of users increases and lambda decreases. Table 1 shows
99.6% accuracy for 1,000 users with 0.001 regularization.
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Table 1. Accuracy for NNN with single fully connected layer for None activation function or different
Regularization strength value (lambda)
Neural network with single fully connected layer for None

Regularization Strength (Lambda) Number of users
200 300 400 500 600 700 800 1000
0.1 895 89 906 911 942 911 916 917
0.05 90 92 95 96.8 96.2 96.7 96.8 97.7
0.01 93 94.1 96 97 97.2 98.7 986 989
0.001 94 95 953 97 981 99 99.2 996

Figure 6 shows the relation between the validation accuracy and number of users. Bar graph and line
graph of single fully connected layer with 20 neurons, 1,000 nodes, None activation function, regularization
strength of 0.01 and iteration limit of 1,000 differentiation between base stations and non-base stations are
shown in Figures 6(a) and 6(b) The NNN method may distinguish base stations from non-base stations. To
boost sensitivity, future studies may examine further NNN design changes. For instance, more calculations
are done.
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Figure 6. Effect of regularization strength (lambda) for 0.1, 0.05, 0.01, 0.001 on validation accuracy and
number of users (a) relation between validation accuracy and number of users using a grouped bar graph and
(b) relation between validation accuracy and number of users using a line graph

The research shows that the NNN methodology can facilitate dynamic decision-making in 6G
networks, suggesting its use in similar circumstances. As the users increases, the NNN model performs better
with fewer fully linked layers and lower regularization strength (lambda). This trend shows the model’s
capacity to scale and manage larger datasets without sacrificing efficiency or accuracy. The NNN technique
is robust in complex, dynamic contexts and can be fine-tuned for best performance, according to findings.
Table 2 gives the comparison of proposed work with existing work. Which show the various author’s work.

Table. 2 Comparison of proposed work with existing work

Method % Improvement  Validation accuracy %  Frequency GHz  Number of users equipments
Guietal. [9] 0 76 - 32
Qian et al. [10] 7.6 92 - -
Alfaia et al. [11] 14.65 85 0.02 2,000
Linetal. [12] 8.6 91.04 28 -
Luo etal. [13] 4.84 95 28 -
Kumaresan et al. [14] 1.63 98 - 12
Alwarafy et al. [15] 2.57 97.1 6 -
Dong et al. [16] 10.66 90 0.00012 2,500
Sunetal. [17] 3.12 96.58 - -
Adeogun et al. [18] 245 80 6 -
Ashwin et al. [19] 251 97.16 - -
Proposed Method 23.39 99.6 1,000 2,000
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Gui et al. [9] dosent show improvement with 76% accuracy. Alfaia et al. [11], showed enhanced
validation accuracy of 85% and improvement of 14.65%. Whereas Qian et al. [10] improved by 7.6%
showing 92% validation accuracy for 2,000 users. Lin et al. [12] noted an 8.6% gain with 91.04% validation
accuracy at 28 GHz. Luo et al. [13] showed improvement of 4.84% at 28 GHz with validation accuracy of
95%. With 12 users, Kumaresan et al. improved 1.63% with 98% of validation accuracy. Alwarafy et al. [15]
resulted in 97.1% validation accuracy with enhancemet of 2.57% at 6 GHz. Dong et al. [16]
enhanced 10.66% and 90% validation accuracy at 120 KHz with 2,500 users. Sun et al. [17] increased
accuracy by 3.12% which is 96.58%. Adeogun et al. [18] increased accuracy 24.5 at 6 GHz which is 80%.
Ashwin et al. [19] improved 2.51% which is 97.16% validation accuracy. Finally, with 1 THz frequency, and
2,000 user devices, our method enhanced accuracy by 23.39% which is validation accuracy of 99.6%.

The results show how narrow neural network may be used to optimize dynamic base station
allocation in 6G networks, emphasizing the significance of scalability and hyperparameter tuning for
enhancing decision-making precision and network efficiency. Long short-term memory (LSTM) and other
deep learning algorithms could be used to improve base station allocation in future studies. The NNN
architecture may potentially improve base station identification by adding additional relevant data, such as node
movement patterns and location. Future research should aim to improve 6G dynamic base station allocation
methods. Future work can increase or decrease the amount of input characteristics used in decision-making for
accuracy or speed. This research suggests that small neural network could be used for dynamic base station
allocation in 6G networks, and that artificial intelligence could be crucial to their growth.

4. CONCLUSION

The study demonstrates the efficacy of NNN techniques in dynamically allocating 6G base stations.
Utilizing 14 input parameters, the NNN model accurately classified stations and non-stations, achieving
89.5% accuracy and a 72% F1 score. While offering a viable solution for 6G network allocation challenges,
the algorithm’s performance can be enhanced through hyperparameter tuning. Validation results highlight the
correlation between user count, regularization strength, and precision. This research lays the groundwork for
further exploration of NNNs in 6G base station allocation, emphasizing their potential for optimizing
resource allocation. It underscores the pivotal role of deep learning in shaping the evolution of advanced 6G
networks.

ACKNOWLEDGEMENTS
The authors would like to thank the colleagues of Thadomal Shahani Engineering College for all
their support.

REFERENCES

[1] A. A. A. Solyman and 1. A. Elhaty, “Potential key challenges for terahertz communication systems,” International Journal of
Electrical and Computer Engineering (IJECE), vol. 11, no. 4, pp. 3403-3409, 2021, doi: 10.11591/ijece.v11i4.pp3403-3409.

[2] A. A. A. Solyman and K. Yahya, “Key performance requirement of future next wireless networks (6G),” Bulletin of Electrical
Engineering and Informatics, vol. 10, no. 6, pp. 3249-3255, Dec. 2021, doi: 10.11591/eei.v10i6.3176.

[31 G. R. MacCartney and T. S. Rappaport, “Millimeter-wave base station diversity for 5G coordinated multipoint (CoMP)
applications,” |EEE Transactions on Wireless Communications, vol. 18, no. 7, pp. 3395-3410, Jul. 2019,
doi: 10.1109/TWC.2019.2913414.

[4] J. Guo, L. Wang, W. Zhou, and C. Wei, “Powering green digitalization: Evidence from 5G network infrastructure in China,”
Resources, Conservation and Recycling, vol. 182, Jul. 2022, doi: 10.1016/j.resconrec.2022.106286.

[5] R. Miao et al., “Real-time defect identification of narrow overlap welds and application based on convolutional neural networks,”
Journal of Manufacturing Systems, vol. 62, pp. 800-810, Jan. 2022, doi: 10.1016/j.jmsy.2021.01.012.

[6] K. Sohn et al., “FixMatch: simplifying semi-supervised learning with consistency and confidence,” Advances in neural
information processing systems, pp. 596-608, Jan. 2020.

[71 T.S.Cousik, V. K. Shah, T. Erpek, Y. E. Sagduyu, and J. H. Reed, “Deep learning for fast and reliable initial access in AI-Driven
6G mm wave networks,” IEEE Transactions on Network Science and Engineering, pp. 1-12, 2024,
doi: 10.1109/TNSE.2022.3201748.

[8] M. S. Hadi, A. Q. Lawey, T. E. H. El-Gorashi, and J. M. H. Elmirghani, “Patient-centric HetNets powered by machine learning
and big data analytics for 6G networks,” IEEE Access, vol. 8, pp. 85639-85655, 2020, doi: 10.1109/ACCESS.2020.2992555.

[91 G. Gui, H. Huang, Y. Song, and H. Sari, “Deep learning for an effective nonorthogonal multiple access scheme,” IEEE
Transactions on Vehicular Technology, vol. 67, no. 9, pp. 8440-8450, Sep. 2018, doi: 10.1109/TVT.2018.2848294.

[10] G. Qian, Z. Li, C. He, X. Li, and X. Ding, “Power allocation schemes based on deep learning for distributed antenna systems,”
IEEE Access, vol. 8, pp. 31245-31253, 2020, doi: 10.1109/ACCESS.2020.2973253.

[11] R. D. Alfaia, A. V. de F. Souto, E. H. S. Cardoso, J. P. L. de Aradjo, and C. R. L. Francés, “Resource management in 5G
networks assisted by UAV base stations: machine learning for overloaded macrocell prediction based on users’ temporal and
spatial flow,” Drones, vol. 6, no. 6, Jun. 2022, doi: 10.3390/drones6060145.

Indonesian J Elec Eng & Comp Sci, Vol. 34, No. 3, June 2024: 1690-1697



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 O 1697

[12]

[13]
[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]
[22]

[23]

[24]
[25]

[26]

B. Lin, F. Gao, S. Zhang, T. Zhou, and A. Alkhateeb, “Deep learning-based antenna selection and CSI extrapolation in massive
MIMO systems,” |EEE Transactions on Wireless Communications, vol. 20, no. 11, pp. 7669-7681, Nov. 2021,
doi: 10.1109/TWC.2021.3087318.

G. Luo, Q. Yuan, J. Li, S. Wang, and F. Yang, “Artificial intelligence powered mobile networks: from cognition to decision,”
IEEE Network, vol. 36, no. 3, pp. 136-144, May 2022, doi: 10.1109/MNET.013.2100087.

S. P. Kumaresan, C. K. Tan, and Y. H. Ng, “Efficient user clustering using a low-complexity artificial neural network (ANN) for
5G NOMA systems,” IEEE Access, vol. 8, pp. 179307-179316, 2020, doi: 10.1109/ACCESS.2020.3027777.

A. Alwarafy, A. Albaseer, B. S. Ciftler, M. Abdallah, and A. Al-Fugaha, “Al-based radio resource allocation in support of the
massive heterogeneity of 6G networks,” in 2021 IEEE 4" 5G World Forum (5GWF), Oct. 2021, pp. 464-469,
doi: 10.1109/5GWF52925.2021.00088.

R. Dong, C. She, W. Hardjawana, Y. Li, and B. Vucetic, “Deep learning for radio resource allocation with diverse quality-of-
service requirements in 5G,” IEEE Transactions on Wireless Communications, vol. 20, no. 4, pp. 2309-2324, Apr. 2021,
doi: 10.1109/TWC.2020.3041319.

W. Sun, S. Lian, H. Zhang, and Y. Zhang, “Lightweight digital twin and federated learning with distributed incentive in air-
ground 6G networks,” IEEE Transactions on Network Science and Engineering, vol. 10, no. 3, pp. 1214-1227, May 2023,
doi: 10.1109/TNSE.2022.3217923.

R. Adeogun, G. Berardinelli, and P. Mogensen, “Learning to dynamically allocate radio resources in mobile 6G in-X
subnetworks,” in 2021 IEEE 32" Annual International Symposium on Personal, Indoor and Mobile Radio Communications
(PIMRC), Sep. 2021, pp. 959-965, doi: 10.1109/PIMRC50174.2021.9569345.

M. Ashwin, A. S. Alqahtani, A. Mubarakali, and B. Sivakumar, “Efficient resource management in 6G communication networks
using hybrid quantum deep learning model,” Computers and Electrical Engineering, vol. 106, Mar. 2023,
doi: 10.1016/j.compeleceng.2022.108565.

Y. Alkhlefat, S. M. Idrus, and F. M. Igbal, “Optimization of system’s parameters for wavelength conversion of E-band signals,”
International Journal of Electrical and Computer Engineering, vol. 12, no. 2, pp. 1659-1666, 2022,
doi: 10.11591/ijece.v12i2.pp1659-1666.

G. Amponis et al., “Drones in B5G/6G networks as flying base stations,” Drones, vol. 6, no. 2, Feb. 2022,
doi: 10.3390/drones6020039.

Q. Guo, F. Tang, and N. Kato, “Federated reinforcement learning-based resource allocation in D2D-enabled 6G,” IEEE Network,
vol. 37, no. 5, pp. 89-95, Sep. 2023, doi: 10.1109/MNET.122.2200102.

J. Du, C. Jiang, J. Wang, Y. Ren, and M. Debbah, “Machine learning for 6G wireless networks: carrying forward enhanced
bandwidth, massive access, and ultrareliable/low-latency service,” IEEE Vehicular Technology Magazine, vol. 15, no. 4,
pp. 122-134, Dec. 2020, doi: 10.1109/MVT.2020.3019650.

M. S. Hossain and Z. Becvar, “Soft frequency reuse with allocation of resource plans based on machine learning in the networks
with flying base stations,” IEEE Access, vol. 9, pp. 104887-104903, 2021, doi: 10.1109/ACCESS.2021.3099535.

K. Rikkinen, P. Kyosti, M. E. Leinonen, M. Berg, and A. Parssinen, “THz radio communication: link budget analysis toward 6G,”
IEEE Communications Magazine, vol. 58, no. 11, pp. 22-27, Nov. 2020, doi: 10.1109/MCOM.001.2000310.

M. H. Essai Ali, A. B. Abdel-Raman, and E. A. Badry, “Developing novel activation functions based deep learning LSTM for
classification,” IEEE Access, vol. 10, pp. 97259-97275, 2022, doi: 10.1109/ACCESS.2022.3205774.

BIOGRAPHIES OF AUTHORS

Pradnya Kamble £ B © received her B.E. degree in Electronics and Communication
from Visveswaraiah Technological University Belgaum and M.E degree in Electronics and
Telecommunication engineering from University of Mumbai. She is currently pursuing her
Ph.D. from Thadomal Shahani Engineering College. She has 18 years of teaching experience
and publications in International Journals and Conferences. Her areas of interest are wireless
networks and mobile communication. She can be contacted at email: pkamble@somaiya.edu.

Alam N. Shaikh g 12 received B.E. (Electronics), M.E. (Electronics) and Ph.D.
(Electronics and Telecommunication) in 1994 and 2007 respectively from Shivaji University
Kolhapur. Dr. Alam Shaikh is currently the “Campus Director and Principal of Vasantdada
Patil Pratishthan’s College of Engineering and Visual arts”, Mumbai, India. He serves as VC
nominee and subject expert on interview panel of Mumbai and Shivaji University. He is life
member of ISTE. He has published five patents and more than twenty-five papers in national
and international conference and journals. Dr. Shaikh is an approved Ph.D. guide with four
research scholars working under him till date. He has received “Dr. A.P.J. Abdul Kalam
Shikshan Ratan National Award” from IISER, Bengaluru and various others. His research
interests are wireless networks, and mobile communication. He can be contacted at email:
dralamshaikh99@gmail.com.

Dynamic base station allocation for 6G wireless networks through narrow neural network (Pradnya Kamble)


https://orcid.org/0009-0000-4626-4093
https://scholar.google.com/citations?user=V_HG2p8AAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57225671569
https://www.webofscience.com/wos/author/record/KAL-9115-2024
https://orcid.org/0009-0006-9750-4687
https://scholar.google.com/citations?user=uyTgqH0AAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57207623766
https://www.webofscience.com/wos/author/record/KBB-5871-2024

