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Abstract

In this paper, we deal with modulation classification method using WT capable of classifying incident digital signals
without a priori information. These key features should have good properties of sensitive with modulation types and
insensitive with SNR variation. The 4 key features for modulation recognition are selected using WT coefficients, which
have the property of insentive to the changing of noise. The numerical simulations for classifying 8 digital modulation
types using these features are performed. The numerical simulations of the 3 types (ie. DTC, MDC, and SVMC) of
modulation classifiers are performed the investigation of classification accuracy and execution time to design the
modulation classification module in software radio. The simulation result indicated that the execution time of MDC and
DTC was best and MDC and SVMC showed good classification performance.

Keywords : Wavelet Transformation, Modulation Classification, Decision Tree, Minimum Distance,

Support Vector Machine
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Fig. 1. The procedure of automatic moduiation recogni

—tion using WT.
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Table 1. Processing time of classifiers.
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SVMC - DAG B 32.58

E 2 DIC H=AlsH QAR (SNR=10dB)
Table 2. Confusion matrix of DTC at 10dB of SNR.

2ASK}4ASK | 2FSK | 4FSK | 2PSK | 4PSK | MSK | 16QAM
2ASK | 100
4ASK 25 | 175
2FSK .75 | 2.2
AFSK 165 | 05 | 8l75 125
2PSK 95 | 05
4PSK 35 1 795 | 16.0
MSK 32.25 | 67.75
16QAM | 2.25 07 | 97

F 3 MDC HixaAlsd olAlE (SNR=10dB)
Table 3. Confusion matrix of MDC at 10dB of SNR.
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Table 4. Confusion matrix of SYMC at 10dB of SNR.
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16QAM 4 %6
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