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Abstract

In recent years, spectrum sensing technology has attracted much attention because of its impor-

NESIM: B, Gk, FWE. BT EHUNCE AN R R BO R E I B EOR D). THEAUR SR, 2022,
13(8): 1527-1537. DOI: 10.12677/csa.2023.138151


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.138151
https://doi.org/10.12677/csa.2023.138151
https://www.hanspub.org/journal/csa

BB E

tant role in effectively allocating spectrum, but the traditional spectrum sensing algorithms are
still challenged by the presence of heavy noise influence, poor detection performance and high
complexity. Therefore, this paper proposes a spectrum sensing algorithm based on discrete wavelet
transform and maximum entropy fuzzy clustering. First, the received signals of multiple antennas
are equal gain merged, thereafter the discrete wavelet transform is used to decompose the signals
to extract the corresponding detailed signals, and the eigenvector after wavelet reconstruction is
used as input of the maximum entropy fuzzy clustering for training to obtain a clustering classifi-
er. Finally this classifier is utilized to detect the unknown signal to achieve spectrum sensing. The
clustering algorithm is used for spectrum sensing, avoiding complex threshold calculation. In this
paper, the traditional clustering algorithms such as K-Means and Fuzzy Clustering were compared
through simulation and their scatter plot was visualized. The results show that the detection per-
formance of the proposed algorithm is better than that of the traditional algorithms, with higher
perceptual accuracy. The performance of extracting wavelet features of the signal outperforms
that of extracting signal eigenvalues, and the influence of noise sensitivity on the signal is reduced,
which improves the accuracy of clustering. In addition, the maximum entropy clustering algorithm
is less affected by noise, so the improvement effect is more prominent under the condition of low
signal-to-noise ratio.
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Figure 1. Wavelet transform analysis
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Figure 2. Wavelet exploded pattern of the signal. (a) Exploded view of the Hy signal; (b) Exploded view of the H; signal
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Figure 3. The effect of wavelet decomposition layers on detection performance. (a) The effect of the number of wavelet decom-
position layers on the probability of detection; (b) The effect of wavelet decomposition layers on the probability of virtual alarm
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Figure 6. Comparison of detection performance of different clustering algorithms. (a) Comparison of detection probabilities
of different clustering algorithms; (b) Comparison of false alarm probabilities of different clustering algorithms
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Figure 7. Comparison of detection performance with different sampling points. (a) Comparison of the detection probabilities
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Figure 8. Comparison of detection performance with different antenna numbers. (a) Comparison of detection probabilities
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