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1.  Pitch Tracking

• Pitch is a big part 
of hearing
orthogonal to 
formants (vowels) 
in speech
follows fundamental 
frequency (f0) of sounds
because of speech?  because of periodicity?

• Pitch extraction (tracking) is useful
for coding / representation (telephony)
for extracting information

• .. but can be tricky
sounds without clear f0
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Challenges to Pitch Extraction
• Pitch extraction challenges include...

3

noise / multiple f0s

Voice Activity 
Detection

unclear f0

note segmentation

time / s

time / s

fre
q /

 kH
z

dB
am

pl.

0.5 1 1.5 2 2.5 3 3.5
0

1

2

3

4

0 1000 2000 3000 4000
-20

0

20

40

0.75 0.76 0.77 0.78 0.79

-0.2
-0.1

0
0.1
0.2

3.3 3.31 3.32 3.33 3.34

-0.2
-0.1

0
0.1
0.2

0 1000 2000 3000 4000
-20

0

20

40

“Oh, I’m just about to lose my mind...”

freq / Hz

Talkin, 1995



E4896 Music Signal Processing (Dan Ellis) 2013-03-11 -    /18

Multiple f0s
• Common in music (“polyphony”)

cross-terms...
identify-remove-repeat?
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2. Spectral Approaches
• Just pick the most intense spectral peak?

fundamental may not be strongest...

5

fre
q 

/ k
Hz

0

1

2

3

4

time / s

fre
q 

/ k
Hz

0.5 1 1.5 2 2.5 3 3.5
0

1

2

3

4



E4896 Music Signal Processing (Dan Ellis) 2013-03-11 -    /18

Spectral Templates
• “Filter” log-freq 

spectrum 
with template
matched
filter ...
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Cepstrum
• Spectrum 

shows periodicity 
at f0
reveal via Fourier 
transform of log|Y| 
= cepstrum
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“Specmurt”
• Log-spectrum is like convolution of 

pitch peaks and harmonics profile
esp. for multiple notes by one instrument (piano)

• Separate out by deconvolution
inverse Fourier transform of log-f spectrum V(y)
divide out harmonic template H(y)
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Sagayama et al., 2004
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Sinusoid Tracks

• Do sinusoid tracking before pitch tracking
apply templates / sieve on tracks
consider each strong sinusoid as a candidate
limits to clearly periodic energy (normalized?)
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Maher & Beauchamp 1994
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3. Time Domain Approaches
• Periodicity is primarily time-domain

time-domain processing avoids FFT

• Early approaches: Look for common gap 
between wave features
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Autocorrelation
• Directly measures 

period of self-similarity
(autoco is inverse FT of 
magnitude spectrum)
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Post-processing
• Can assume & exploit pitch smoothness

• Median filtering
only knows best point

• Dynamic programming (Viterbi path)
can look at all underlying values
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4. Examples: YIN
• Like autocorrelation, but

difference function - robust to changes in amplitude
progressive normalization by cumulative average
- eliminates lag = 0 advantage
outperforms others without post processing
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Examples: sigmund~
• Miller Puckette’s Pd pitch tracker

• Sinusoids + sieve

• Also performs 
note segmentation

and polyphony
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Puckette et al. 1998
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Examples: Weighted Sieve Polyphonic
• Based on more complex multi-f0 system

• Chooses f0 via weighted sieve
spectrum is whitened before measuring peaks
weights are optimized for training data

• Multiple f0s are found via cancel+repeat, or 
joint optimization

15

Klapuri 2006
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Example: SAcC
• Subband Autocorrelation Classification

multiple subbands
autocorrelation + PCA
trained MLP classifier to find pitch
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Summary
• Pitch

Important perceptually, for speech & music

• Spectrum
Combine multiple harmonics to f0

• Time
Autocorrelation directly measures 
periodicity
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