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Abstract: Power Spectral Density(PSD) prediction is an important part of spectrum management. Due
to the high complexity, nonlinearity and uncertainty of the PSD, it is difficult for a single prediction model
to ensure the accuracy and efficiency of the prediction. In order to overcome the disadvantages of a single
prediction method, a hybrid machine learning model is proposed to combine a Self-Organizing Map(SOM)
network with a Regression Tree(RT) to predict the PSD of the signal. First, the method uses a self-
organizing map network to cluster the original sample sets with similar manual features. Then, a RT is
constructed for each cluster to predict the PSD. Finally, the data of RWTH from Aachen University are
adopted for experiments. The root mean square error of the prediction result is 0.824 higher than that of
the existing method, which proves that the hybrid model has higher prediction accuracy and better
generalization ability.
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Tablel Measurement locations

name short name short description
Aachen, indoor IN modern office building
Netherlands NE rooftop location in a mostly residential area in Maastricht, the Netherlands
Aachen, balcony AB third floor balcony of a residential building in a rather central housing area of Aachen
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Table2 Training error for different numbers of neurons

2x2 2x3 3x3 3x4 4x4 4x5 5x5
MAE 0.842 0.827 0.619 0.618 0.614 0.624 0.620
RMSE 1.066 1.050 0.811 0.810 0.808 0.816 0.813
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Table3 Contrast error

RT GBRT SVR LSTM Attention-LSTM proposed
MAE 1.952 1.392 1.408 1.707 1.621 0.614
RMSE 2.394 1.632 1.659 2.693 2.576 0.808
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