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ABSTRACT

We present a probabilistic error correction technique to be
used with an average magnitude di�erence function (AMDF)
based pitch detector. This error correction routine provides
a very simple method to correct errors in pitch period esti-
mation. Used in conjunction with the computationally e�-
cient AMDF, the result is a fast and accurate pitch detec-
tor. In performance tests on the CSTR (Center for Speech

Technology Research) database, probabilistic error correction
reduced the gross error rate from 6.07% to 3.29%.

1. INTRODUCTION

Fundamental frequency (F0) as an acoustic correlate is
strongly related to prosodic information of stress and in-
tonation. A reliable pitch detection algorithm (PDA) is a
very important component for measuring prosodic features.
Many PDAs have been developed, with di�erent PDAs focus-
ing on di�erent properties and features of the speech signal.
However, many factors in the acoustic signal can cause the
failure of PDAs. For example, in the source spectrum of the
vocal fold vibrations during voicing, F0 has stronger spec-
tral energy than its harmonics during voicing since F0 is the
rate of the vocal fold vibrations. However, the vocal tract
resonances, i.e., formants, act like a series of band pass �l-
ters, and may reduce the spectral energy of F0 and enhance
the energy of harmonics. The harmonics therefore dominate
the spectral energy in the acoustic signal. This phenomenon
causes PDAs to select the higher harmonics to be the esti-
mate of F0, resulting in estimation errors. For most of the
PDAs, global error correction routines are needed to locate
and correct errors in the local decisions made by PDAs. We
present a new approach to global error correction that is
based on probabilistic weighting of the candidate pitch esti-
mates within each speech frame. We apply this correction
method to an AMDF-based PDA. The experimental results
show that probabilistic error correction is indeed successful
in reducing the errors that occur during pitch detection.

2. AMDF-BASED PITCH

DETECTION ALGORITHM

Many PDAs have been developed [1, 2, 3, 5, 6, 7, 8, 12, 13,
14]. The autocorrelation function and the average magni-
tude di�erence function (AMDF) [8, 12] are the two most
frequently used time domain PDAs. The AMDF pitch de-
tection algorithm is chosen in our study is because it has

relatively low computational cost and is easy to implement.

Basic Algorithm: For each frame k, the short-term di�er-
ence function AMDF is de�ned as follows:

AMDFn(j) =
1

N

NX

i=1

jxn(i)� xn(i+ j)j ; 1 � j �MAXLAG

where MAXLAG is the maximum number of AMDF values
generated in each frame. The di�erence function is expected
to have a strong local minimum if the lag j is equal to or very
close to the fundamental period. For each frame, the lag for
which the AMDF is a global minimum is a strong candidate
for the pitch period of that frame.

One major disadvantage of the short-term AMDF approach
PDA is that the magnitude of the principle minimum in each
frame is highly inuenced by the intensity variation and the
background noise of the speech signal. To eliminate the ef-
fects of intensity variation and background noise, a standard
pre-processing procedure can be applied to the signal before
calculating the di�erence function [4]:

1. Lowpass �lter the speech samples with 3dB attenuation
at 600 Hz and 40 dB attenuation at 900 Hz.

2. Segment the �ltered signal into frames.

3. Apply center clipping to each frame [8].

For each frame, the di�erence function is smoothed by a 5
point Hanning window.

Pitch Period Estimation: In most AMDF-based PDAs,
the lag for which the magnitude of the di�erence function is
a global minimum is chosen as the pitch period estimate for
that frame. In our modi�ed AMDF PDA, in addition to the
lag with global minimum, a set of candidates for the pitch
period in a frame is selected and will be used to determine
the �nal pitch period estimate in the later process. Three
terms are used to de�ne the candidates for the pitch period:

� local min: The locations of the di�erence function at
which the magnitudes are the local minima in a frame.

� marker: local min which satisfy the AMDF pattern con-
straints. Markers are the candidates for the pitch pe-
riod. There can be several markers in a frame.

� period marker: The marker whose magnitude is the
global minimum among all markers in a frame.

From observing the shape of the AMDF for the di�erent
sounds of speech, a distinct pattern di�erence can be found
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Figure 1: AMDF and markers for a frame of (A) a vowel,
(B) a voiceless consonant, (C&D) the end of a vowel segment
before a consonant. In (C) and (D), no pitch period estimate
is made. Horizontal axes are in lags.

between the AMDF of sonorants and obstruents. For vowel
segments, the local maxima of the di�erence function typi-
cally have similar values and the duration or number of lags
between two adjacent local maxima is shorter (Figure 1 A).
The di�erence function for an obstruent does not have these
characteristics. It is very easy to use pattern matching visu-
ally to determine which AMDF pattern represents a voiced
segment and which represents a voiceless consonant. A set of
constraints is designed here to utilize the inherent patterns
of the di�erence function. To be a quali�ed marker, the lo-
cal min needs to satisfy this set of constraints. With the
constraints, we can reduce the number of markers and also
decrease the chance of choosing a pitch period in a segment
where no pitch period is present.

Five features are used to set up the constraints. For the ith

local minimum, local mini, we de�ne:

� global max = largest value in the di�erence function in
each frame.

� peak ratio = local maximum
global max

� heighti = min(left heighti; right heighti).

� diffi = jleft heighti � right heightij.

� lobe width = distance between right and left local max-
ima.

To be a marker, the ith candidate needs to satisfy:

1. peak ratio � 0:8

2. heighti � 0:3� global max

3. diffi � 0:1� global max

4. lobe widthi � 100 lags

The values of the parameters in the constraint rules were
decided by running the evaluation experiment on the CSTR
database[1]. The values are selected to achieve the best per-
formance in reducing both the error in the voiced/voiceless
decision and the gross error rate.

Once markers have been selected, the initial estimate of the
pitch period for each frame is chosen to be the marker with
the AMDF global minimum. A global distribution of the
initial estimates of period markers is then established.

3. GLOBAL ERROR CORRECTION

In most PDAs, the pitch extractor uses only local informa-
tion to determine the estimate of the period period for each
frame of speech samples. The estimates can be incorrect. Er-
rors occur when PDAs fail to select the correct pitch period
candidate. For those PDAs that obtain the pitch period es-
timate by selecting one of the candidates for the pitch period
in each frame, incorrect estimates occur when the PDAs fail
to select the correct candidate. A global error correction rou-
tine is required for the pitch detection system to locate the in-
correct estimates and correct the errors. Various techniques
for global error correction have been proposed [4, 11, 14],
ranging from Reddy's logical decision-based approach[11], to
Secrest and Doddington's dynamic programming and pat-
tern matching approach [14]. Linear and non-linear smooth-
ing procedures are often used as global correction routines
to enforce continuity of the pitch contour[4].

3.1. Probabilistic Approach

In our algorithm, a probabilistic approximation approach is
used. Global error correction is performed on a sentence-
by-sentence basis. Using the set of local initial estimates,
the distribution of initial pitch period estimates for an entire
sentence is obtained. This distribution is then approximated
with a normal distribution. The heights for all the mark-
ers in each frame are weighted with the value of the normal
distribution. Finally, the new pitch period estimate is se-
lected based on the weighted heights of the markers. The
marker with the largest height is the new period marker in a
frame. Markers located around the mean of the distribution
will have a stronger height value than the ones away from
the center of the distribution. The procedure, summarized
as follows, is performed twice.

1. Approximate the initial pitch period estimates with a
normal distribution (Figures 2 A and B).

2. Weight the heights of the markers in each frame with
the value of the distribution.

3. Select the new pitch period marker based on the
weighted markers in each frame.

Figure 2 (A and B) shows that the normal distribution is
a good approximation of the initial pitch period estimate
for both speakers. The normal distribution makes a better
pitch period estimate approximation for female speech than
for male speech because, for female speech, the distribution
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Figure 2: Typical histogram and the distribution approxi-
mation of the initial pitch period estimate for (A) a female
utterance, (B) a male utterance. (C) AMDF for a voiced
frame from a male speaker. The dashed line shows the nor-
mal distribution approximation.

of the pitch period estimates has smaller variance. Figure 2
(C) shows how the global error correction can help the PDA
avoid selecting the period marker incorrectly. In this �gure,
the solid line is the AMDF function of a voiced frame of a
male speaker and the dashed line is the normal distribution
approximation of the pitch period of the whole utterance.
Marker 2, lag � 330, would be assigned as the pitch marker
initially since it is the global minimum in that frame. How-
ever, according to the distribution, marker 1 makes a better
candidate for the pitch marker and marker 2 actually repre-
sents the sub-harmonic of the fundamental frequency. After
weighting the height of each marker with the normal distri-
bution, the weighted height of marker 2 is much smaller than
the height of marker 1. Therefore marker 1 is assigned as the
pitch marker.

4. PERFORMANCE EVALUATION

4.1. CSTR Database

Evaluation is done on a database 1 provided by the Center
for Speech Technology Research at University of Edinburgh,
Scotland, UK [1]. This database includes 50 sentences from
two speakers, one male and one female. A laryngeal fre-
quency (FX) contour provides reference F0 values. The sam-
pling rate for the speech signal is 20kHz using a 16-bit A/D
converter. To be consistent with the experiments done at
CSTR, a frame length of 38.4 msec is used and a new frame
is processed every 6.4 msec. At these rates, approximately
16,400 pitch period estimates are made. As described in
Bagshaw's paper [1], the speech was pre-processed with a
low pass �lter with -3dB at 600Hz and -85dB at 700Hz in
his experiment, which is di�erent than the �lter used in this
experiment.

4.2. Performance Comparison of PDAs

The evaluation is done by calculating the gross error rate
for each of the PDAs in the experiment. The F0 value from
the reference laryngeal frequency contour is represented by

1The authors would like to thank Dr. Bagshaw for providing

the database and for allowing us to use his results in this paper.

Male Female
Overall

gross error
(%)

Gross errors Gross errors

PDAs high
(%)

low
(%)

High
(%)

Low
(%)

CPD 4.09 0.64 0.61 3.97   4.65

FBPT 1.27 0.64 0.60 3.55   3.10

HPS 5.34 28.2 0.46 1.61 18.27

IPTA 1.40 0.83 0.53 3.12   2.98

PP 0.22 1.74 0.26 3.20   2.76

SRPD 0.62 2.01 0.39 5.56   4.41

eSRPD 0.90 0.56 0.43 0.23   1.03

mAMDF 3.35 5.19 1.22 14.8   6.07

mAMDFp 1.94 2.33 0.63 2.93   3.29

Table 1: Comparison of 8 di�erent PDAs.

FX[REF ], and that from the PDA estimate is represented
by F0[PDA]. Based on Bagshaw's de�nition, a gross error is
counted when F0[PDA] is more than 20% higher or lower than
FX[REF ] when they both represent voiced speech [1]. Table
1 shows the gross error results of seven PDAs in Bagshaw's
experiment and two in our study. The PDAs are

� Cepstrum pitch determination (CPD)[6]

� Feature-based pitch tracker (FBPT)[7]

� Harmonic product spectrum (HPS)[13]

� Integrated pitch tracking algorithm (IPTA)[14]

� Parallel processing method (PP)[3]

� Super resolution pitch determinator (SRPD)[5]

� Enhanced version of SRPD (eSRPD)[1]

� Modi�ed AMDF-based PDA without error correction
(mAMDF)

� Modi�ed AMDF-based PDA with probabilistic error
correction (mAMDFp)

In Table 1, the results for the �rst seven PDAs were provided
by Dr. Bagshaw. The last two lines of the table compare the
performance of the raw AMDF PDA with the results using
probabilistic correction. The reduction in error rate from
6.09% to 3.29% is very promising.

Figures 3 shows a comparison of FX[REF ] and F0[PDA]

contours extracted by mAMDFp. No separate procedure
of voiced/voiceless/silence classi�cation was applied to the
PDA. Voiced and voiceless classi�cation of a frame is done
by detecting the existence of F0[PDA]. The frame is voiced if
F0[PDA] is not zero; voiceless/silence otherwise. The �gures
show that most of the voiced/voiceless classi�cation errors
happen at the beginning and the end of each voiced seg-
ment. Since the PDA is a short-term time-domain approach
PDA and the frame size is six times the frame rate, it is
very di�cult to have pitch synchronous frames so that the
PDA will know where exactly voicing starts. Therefore, the
voiced/voiceless errors at both ends of the voiced segments
can be ignored if the number of consecutive errors is small,
e.g., � 3, which corresponds to 50% of a frame.
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Figure 3: Comparison of asynchronous FX[REF ] and
F0[PDA] contours on male speech

5. CONCLUSION

The probabilistic error correction is quite di�erent from most
other techniques that have been used to correct pitch esti-
mate errors [11, 14]. In contrast to both linear and nonlinear
�ltering techniques [10], the preservation and use of markers
ensures that the �nal pitch estimate for a frame is in fact
drawn from one of the AMDF candidates for the frame's
pitch. No logic-based decisions are used, as required in [11].
The probabilistic error correction involves signi�cantly less
computation than the dynamic programming and dynamic
pattern matching technique in [14]. As shown in Figure 4,
the technique successfully removes anomalous discontinuities
in the overall pitch contour.

Pitch contour before error correction

Pitch contour after error correction
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Figure 4: Pitch contour for a sentence spoken by a female
speaker before and after probabilistic error correction.

The gross error count of this this modi�ed AMDF PDA with
probabilistic error correction is still higher than other PDAs'
performance. However, initial experiments at extending this
technique indicate that the gross error count can be reduced
further by using a �ner approximation of the distribution.
New experiments are being conducted that combine two dis-
tributions, one for the whole utterance and the other for
a local region. By including both distributions, we expect

to better capture the dynamics of regional pitch changes,
while preserving the desirable properties of the probabilistic
method.
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