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Wireless Traffic Reasoning Method Based on Support Vector Machine
according to the Probability of Incumbent User’s Channel Occupancy
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Abstract

In this paper, we propose a case-based reasoning Cognitive Radio(CR) engine that uses limited resources efficiently in military tactical
wireless communication environments. A CR engine should be able to learn and infer, and thus predict the available channel information
of a secondary user based on information about traffic usage. To be able to do so, a low probability of channel collision should be associated with
the engine. The engine should, thereby, be able to indicate the probability of channel occupancy of an incumbent user who requires inter-
ference protection. We used a Support Vector Machine(SVM) to measure the histogram-type wireless traffic usage environment in accordance
with the change in the probably of channel occupancy of the incumbent user. SVM is a sorting algorithm of machine learning. Next, we
calculated the histogram's skewness and kurtosis for traffic modeling. Finally, to analyze the performance of the SVM-based wireless traffic
usage environment, we compared the inference accuracy and time complexity of the proposed SVM with those of k-Nearest Neighbors(k-NN).
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Fig. 1. Structure of cognitive radio engine.
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Table 1. Function of cognitive radio engines.

Component Function
Cognitive Collecting PU channel usage pattern through
engine spectrum sensing
Learning | Create traffic model and store in DB using channel
engine information generated from cognitive engine
. Classify new cases and store updated information
Reasoning | . . .
. in learning engine DB after occupancy pattern
engine

matching between traffic models
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Fig. 3. Histogram variation of traffic model with variation
of average occupancy probability.
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Table 3. Predicted accuracy by SVM kernel.

SVM kernel function prediction accuracy (%)
Dataset
Linear RBF Sigmoid | Polynomial
100 75.1 76 74.6 81.2
200 83.4 85.6 78.6 85.6
300 86 87 874 87.2
400 86.9 87.3 88 874
500 88 87.6 88.8 87.8
600 89 88.1 88.9 87.2
700 89.3 88.5 89 874
800 89.5 89.9 89.2 88.6
900 89.7 89 90.2 88.8
1,000 90 89.4 90.2 88.8
1,100 90.2 90 90.4 89.1
1,200 90.2 90.4 90.5 89.8
1,300 91.2 91 90.8 90.2
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