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Digital Audio Fundamentals: The Discrete Fourier Transform

Recall: There is a tradeoff between

Temporal Resolution – What is the shortest musical event we can observe?
Spectral Resolution – How many frequencies can we measure?

But then temporal and frequency resolution are in an inverse relationship:
ß Window of W Samples à
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Digital Audio Fundamentals: The Discrete Fourier Transform

But it is not clear that the only frequencies are multiples of the fundamental, and 
each “peak” is not a simple value, but a ”triangular mountain”:
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Digital Audio Fundamentals: The Discrete Fourier Transform

Let’s try two of these in our experiment on a non-integral frequency of 50.4 Hz, 
using the Rectangular (as before), the Triangular, and the Hann Windows:
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Digital Audio Fundamentals: The Discrete Fourier Transform

Conclusions on windowing for the DFT:

(1) Window size determines frequency resolution: given a window size of W 
samples, with a fundamental frequency of f = SR / W, we can only probe for the 
integral frequencies (the harmonics of F): 

0, f, 2*f, 3*f, …., k*f, ….., Nyquist Limit

Any other frequencies will be subject to the “picket fence” problem and only 
approximated. 

(2) Non-integral frequencies cause “leakage” to adjacent integral frequencies; good 
windowing functions (e.g., Hann) mitigate leakage effects and provide reasonably 
accurate measurements of amplitude of components, after correction.  
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Digital Audio Fundamentals: The Discrete Fourier Transform

Understanding Spectra:

Things to keep in mind when interpreting scales in spectra (y-axis in instantaneous 
spectrum, z-axis (color) in spectrum)

o The squared spectrum (“power spectrum”) corresponds more closely to human 
perception and is generally preferred; note that log scale obscures the difference 
between these two (since  log(x2) = 2 * log(x) )
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Digital Audio Fundamentals: The Discrete Fourier Transform

Understanding Spectra:

Things to keep in mind when interpreting the scales in spectra:

o Y-axis (z-axis on spectrogram):  The squared spectrum (“power spectrum”) 
corresponds more closely to human perception and is generally preferred; note 
that log scale obscures the difference between these two, since  

log(x2) = 2 * log(x) 

o X-axis (y-axis on spectrogram):  Log scale corresponds to music notation and 
the piano keyboard;

o But human perception of pitch 
corresponds better with the “Mel Scale”:

o Log scales in displaying frequency OR amplitude/power axis help with 
understanding but do NOT change the data (unless you make it so)
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Digital Audio Fundamentals: The Discrete Fourier Transform

Example: Trumpet Example in Librosa
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Digital Audio Fundamentals: The Discrete Fourier Transform

Spectrum of Trumpet:   It only really makes sense to take the “instantaneous 
spectrum” of a short window of a signal; otherwise, the spectrum mixes up all the 
pitches AND includes timing information; here is the spectrum of the whole signal:
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Digital Audio Fundamentals: The Discrete Fourier Transform

Here is a small window, isolating the sound of a single note:
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Digital Audio Fundamentals: The Discrete Fourier Transform

Here is a spectrum of the window:
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Digital Audio Fundamentals: The Discrete Fourier Transform

Ha, the spectrogram doesn’t tell you much, even with a small hop length 
(=skip):
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Digital Audio Fundamentals: The Discrete Fourier Transform

There are a variety of ways to scale the frequency axis:   Here is linear scale:



Computer Science

Digital Audio Fundamentals: The Discrete Fourier Transform

There are a variety of ways to scale the frequency axis:   Here is log scale:
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Digital Audio Fundamentals: The Discrete Fourier Transform

The mel spectrogram uses the mel (as in MELody) scale which corresponds more 
to the human perception of pitch:
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Digital Audio Fundamentals: The Discrete Fourier Transform

There are a variety of ways to scale the frequency axis:   Here is mel scale:
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Digital Audio Fundamentals: The Discrete Fourier Transform

We can also combine all octaves into pitch classes uses a ”chroma”:
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Digital Audio Fundamentals: The Inverse DFTR

The Fourier Transforms come in pairs:

Discrete Fourier Transform:    

signal (amplitude vs. time) ->  spectrum (amplitude vs frequency)

Inverse DFT:

spectrum (amplitude vs frequency)  ->  signal (amplitude vs. time)

FFT

IFFT
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Digital Audio Fundamentals: The Inverse DFTR
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Digital Audio Fundamentals: The Inverse DFTR
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Digital Audio Fundamentals: The Inverse DFTR



Computer Science

Digital Audio Fundamentals: The Inverse DFTR

Except for the always-present “floating-point error,” these are 
symmetric:

S = FFT( X )                   X = IFFT( S )

X =  IFFT( FFT( X ) )        S = FFT ( IFFT( X ) )
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Digital Audio Fundamentals: The Inverse DFTR

Except for the always-present “floating-point error,” these are 
symmetric:

S = FFT( X )                   X = IFFT( S )

X =  IFFT( FFT( X ) )        S = FFT ( IFFT( X ) )
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Digital Audio Fundamentals: Spectral

IMPORTANT NOTE:

We are only talking about magnitude or power spectra, which don’t 
show the phase!

Your ears can’t distinguish phase information for a simple signal with 
only tonal data:
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Digital Audio Fundamentals: The Inverse DFTR

The spectrum contains

• Tonal data (pitches)
• Timing data (onsets and rhythm)
• Noise 

But that is only for simple signals, here is what happens if you 
remove all the phase information from the trumpet signal: The spectra 
look the same, but the signal is NOT the same in the time domain:


