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Abstract; After achieving great success in Euclidean data, convolutional neural network began to generalize on non-Euclidean data such
as graph structure and geometric popularity. At present,the graph convolutional nerve has become a research hotspot. In the digital image
denoising, compression, enhancement, fusion and encrypted, Fourier transform and wavelet transform are indispensable means of
processing. There is a convolution theorem in the graph convolutional nerve to realize the convolution operation on the graph by spectral
Fourier transform and fast convolution algorithm by spectral wavelet transform. The study is over how to convolutions on the graph
structure , which does not really play its role and greatly limits the performance of the graph convolutional neural network. Therefore, we
analyze and study the Fourier transform and wavelet transform basis of spectrogram and also the relationship between the basis and graph
structure. The experiment shows that the characteristic information of the graph structure can be obtained by the Fourier transform and
wavelet transform of the spectrum, which provides a reference for the deeper combination of the wavelet transform and Fourier transform
of the spectrum with the convolutional neural network of the graph.
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import os

import os. path as osp

from torch_geometric. datasets import Planetoid

import torch_geometric. transforms as T

dataset ="Cora”

path = osp. join ( osp. dirname ( osp. realpath (“__file__")),
“data”, dataset)
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dataset = Planetoid ( path, dataset, T.NormalizeFeatures( ) )

data =dataset[ 0 ]
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