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Figure 2. A schematic overview of the time and frequency resolutions of the
different transformations in comparison with the original time-series dataset. The

size and orientations of the block gives an indication of the resolution size.
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(3) Short Time Fourier Transform(o]s}, STFT)
It has medium sized resolution in both the frequency and time domain.
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(4) Wavelet Transform
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ZA] : < Time Series Classification with Discrete Wavelet Transformed Data : Insights from an Emprical Study

- Daoyuan Li >)
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Figure 3: Example of Haar transform: the original signal, the
Haar approximation and the residual details.
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