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Abstract

This study proposes a windowed Fourier transform method based on the Convolutional Neural
Network (CNN) to reveal the temporal evolution of the spectrum of non-stationary signals. We de-
signed a CNN with a dual-layer structure, randomly initialized network weight coefficients, and no
bias terms. The input data consists of randomly generated one-dimensional signals, with their
Fourier transforms serving as label data. Using the mean square error as the loss function and ap-
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plying gradient descent for network training, the network gradually learns the mapping rules from
input signals to their Fourier transforms. Simultaneously, we observed that the network weight
coefficients gradually approximate the Fourier transform kernel during the iterative process.
Based on the learned kernel function, we conducted a time-frequency analysis of signals. Numeri-
cal experimental results demonstrate that the windowed Fourier transform obtained through the
learned kernel function as basis functions achieve consistent results with the traditional win-
dowed Fourier transform, confirming the effectiveness of the proposed method. This CNN-based
windowed Fourier transform method provides a novel and effective approach for processing
non-stationary signals.
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network topology diagram
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Figure 2. Graph of loss function versus iteration numbers
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Figure 3. Kernel functions corresponding to Fourier transforms with different lengths. The first row
shows the kernel functions obtained after 20 iterations of learning, the second row represents the
theoretical kernel functions, and the third row illustrates the error between the two
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Figure 4. Kernel functions corresponding to Fourier transforms with different lengths. The first row
shows the kernel functions obtained after 100 iterations of learning, the second row represents the
theoretical kernel functions, and the third row illustrates the error between the two
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Figure 5. The learned kernel function (input signal length is 128). (a) After 10 itera-

tions; (b) After 100 iterations
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Figure 6. Learned basis functions (Input signal length is 128), where blue represents the real part, and red represents the im-
aginary part of the basis function. (a) After 10 iterations; (b) After 100 iterations
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Figure 7. Comparison of time-frequency analysis for simulated signal. (a) Represents the
synthetic signal and its spectrogram. From top to bottom: Synthetic signal, short-time Fourier
transform (STFT) spectrogram. Spectrogram using the proposed method (kernel function after
20 iterations). Spectrogram using the proposed method (kernel function after 100 iterations);
(b) Is an enlarged view of the red dashed box in (a)
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Figure 8. Comparison of time-frequency analysis for simulated signal. (a) Represents the
synthetic signal and its spectrogram. From top to bottom: Synthetic signal, short-time Fourier
transform (STFT) spectrogram, spectrogram using the proposed method (kernel function after
20 iterations). Spectrogram using the proposed method (kernel function after 100 iterations);
(b) Is an enlarged view of the red dashed box in (a)
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