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ABSTRACT wavelets (DyWT) [4][5] and significantly better than the pitch pre-

In the development of practical speech processing algorithms, the
ability to automatically and accurately determine the pitch period
in noisy environments remains a fundamental obstacle. In this pa-
per, we propose a new pitch detection algorithm based on an itera-
tive adaptive smoothing approach using a Gaussian Derivative fil-
ter which is the sum of a zeroth and second order Hermite function.
We refer to this new algorithm as the Adaptive Gaussian Deriva-
tive Filter (AGDF). The AGDF pitch detector works under vary-
ing noise conditions, with variable pitch periods and for different
speakers. We compare the performance of the AGDF method to
the approach based on the Dyadic Wavelet Transform (DyWT) and
the pitch prediction (PP) formulation for speech subjected to differ-
ent noise conditions and signal to noise ratios (SNR). The results
show that the AGDF is slightly better than the DyWT pitch detec-
tion scheme and significantly outperforms the PP approach.

1. INTRODUCTION

Pitch is a very important parameter in the analysis and synthesis of
speech. Accurate and robust pitch determination is difficult espe-
cially when speech is subjected to noise [1]. The difficulty arises
from the irregular and variable nature of the speech signal and ran-
dom noise interference. The human vocal tract varies tremendously
from person to person. In fact, the pitch period of humans can vary
from 2.5 ms to 25 ms. Also, the pitch period can vary depending on
the emotional state, accents and other perceptual variables [2]. In
telephony, the pitch period of the signal can be affected by noise,
phase distortion or bandwidth reduction of the signal. Therefore,
developing an algorithm that can perform well for different speak-
ers of diverse ethnic backgrounds, for different applications and
under different environmental conditions is greatly needed. Pitch
period estimation is also an excellent pre-processing block for speech
enhancement systems using comb filtering [3]. An accurate pitch
estimate leads to an accurate comb filter and successful removal of
the noise in the speechsignal. This enhancementsystem canin turn
be used to make speaker recognition systems more robust [3]. In
this paper, we introduce the Adaptive Gaussian Derivative Filter
(AGDF) which adaptively smooths the signal and determines the
pitch period under severe noise conditions (low signal to noise ra-
tios (SNR)) and various noise conditions (white, colored and bab-
ble). As demonstrated later, the performance with our approach
is slightly better than the pitch detection method based on dyadic
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diction (PP) formulation {6].

2. AGDF ALGORITHM

The Gaussian Derivative Filter (GDF) [7] was shown to give better
edge enhancement and noise suppression in digital images. Edge
enhancement in images is an event based detection that is analo-
gous to enhancement and detection of periodic peaks in the speech
signal. This is what motivated us to use GDF’s for pitch (event) de-
tection. The GDF g(z) is the linear combination of Hermite func-
tions ho(z) and h2(z) as described by

g9(z) = coho(z) + c2h2(z) )
where
1 n 1
Jnlzr dz]o)" o/

The coefficients co and c2 weight the two Hermite functions and o
is a scaling parameter.

Since the pitch period varies over different temporal regions of
the speech signal, we must divide the signal into frames and adap-
tively set the GDF parameters to extract the period. Hence, we have
the adaptive GDF or AGDF. Within a speech frame, the AGDF pa-
rameters are iteratively computed and the filter is applied to the sig-
nal. The pitch period is determined from the filtered or smoothed
signal. The general idea behind adaptive smoothing is to apply a
versatile operator which adapts itself to the local topography of the
signal to be smoothed. This principle has been adoptedin the AGDF -
algorithm to smooth the speech in order to enhance the pitch peaks
for ease in detection.

In order to develop an adaptive method to find the AGDF pa-
rameters co, c2 and o, we first set co + c2 = 1 without loss of gen-
erality (note that co and c2 are not constrained to be either positive
or negative). The factor o has a greater influence on the spatial and
frequency bandwidth of g(z) and hence, is chosen for adaptive op-
timization. We empirically found that setting co = 0.65 gave the
best results particularly when speech is subjected to noise. In im-
plementing the AGDF algorithm, the speech is partitioned into 30
ms frames and a set of pitch periods are found for each frame. Suc-
cessive frames have a 20 ms overlap thereby making each 30 ms
frame uniquely specify a 10 ms segment that is centered about the
frame. As described in more detail later, there is one pitch period

hn(z) = (-=*/0%) @)
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estimate for each 10 ms segment that is derived from the estimates
of the 30 ms frame the segment comes from and from the estimates
derived for the two neighboring frames. A finite impulse response
(FIR) discrete GDF, namely, g(n) is obtained by finely sampling
g(z) from ¢ = —20 to £ = 20 in steps of 0.1. The discrete GDF
is a linear phase FIR filter.

We now describe the AGDF algorithm for one 30 ms frame.

1. For the GDF function g(z), we set co = 0.65 and the ini-
tial condition for the parameter o is set to be ¢ = 0.5. Let
niter be the number of iterations. The initial value of niter
is niter = 0.

2. The parameter niter is incremented by 1. If niter = 20,
we stop the algorithm and use the most recent pitch estimates
as the final estimates. The discrete GDF function g(n) is
convolved with the speech frame to get the signal r(n).

3. The absolute maximum value of r(=) is determined and de-
noted asrmaz. A set of estimated pitch periods of 7 (n) are
taken by (1) picking the local peaks (or maxima) of r(n) for
which |r(n)| > 0.7 rmaz, (2) finding the corresponding
time indices of these local peaks and (3) finding the differ-
ence in the time indices between successive local peaks. For
example, if two successive peaks of r(n) are at » = 10 and
n = 75, the estimated pitch period is 65 samples.

4. Pitch period estimates below 2.5 ms and above 25 ms are
discarded. There are two peaks that will have led to the dis-
carded estimate. Of these two peaks, the pitch peak that has
a lower absolute signal amplitude is ignored. The pitch pe-
riods are recalculated.

5. From the set of pitch period estimates, an average pitch pe-
riod and a standard deviation are calculated. The standard
deviation reflects how much the pitch period varies in a par-
ticular frame. For clean speech, we can expect a maximum
variation of about 10% above and below the average pitch
period. For noisy speech, the variation is much more and in
this case, we have to repeatedly apply the GDF with an up-
dated o to get areliable estimate. If the standard deviation is
above 20% of the average pitch period, the GDF function is
recomputed using the new updated value o + € where eis a
small number (usually around 0.1) and we go back to Step 2.
If the standard deviation is below 20% of the average pitch
period, the pitch periods are approximately equally spaced
indicating that the pitch period estimation is good and the
algorithm terminates. Note that if only one pitch period es-
timate is found, no standard deviation is calculated and the
algorithm terminates.

6. Upon termination of the algorithm, a set of pitch period es-
timates are recorded. If no estimates are found, the pitch pe-
riod for this frame is made equal to 0.

Candidate pitch period estimates for each 30 ms frame are found.

A final postprocessingstep is executed as described below. As men-
tioned earlier, the 20 ms overlap between successive frames speci-
fies a 10 ms segment that is centered about a particular frame. We
get one pitch period estimate for each 10 ms segment by first gath-
ering the pitch period estimates of the 30 ms frame the segment
comes from, the first one-third of the estimates derived for the next
frame and the last one-third of the estimates derived for the previ-
ous frame. If there is only one pitch period estimate for the next
and/or previous frame, that one estimate is taken. Otherwise, the

number of estimates taken for the next or previous frame is the near-
est integer greater than or equal to one-third the total number of
estimates found. The median of all gathered estimates defines the
pitch period for the 10 ms segment of interest. In computing the
median, any estimate of 0 is not counted. This postprocessing step
takes advantage of the fact that the pitch period varies slowly from
frame to frame, eliminates outliers due to algorithm imperfection
and mitigates pitch doubling and tripling.

3. OTHER METHODS

We compare the new AGDF method to the approach based on the
dyadic wavelets (DyWT) [5] and to the pitch prediction (PP) for-
mulation [6] that is used in speech coding.

3.1. Dyadic Wavelet Approach

The dyadic wavelet transform (DyWT) has been used for image
analysis [8], image coding [9] and pitch detection of speech [S].
The wavelet function used to obtain the transform is a cubic spline
which is in turn the first derivative of a smoothing function [5]. The
general properties of the cubic spline wavelet are particularly good
for obtaining the DyWT and using it for speech analysis. The mul-
tiresolution properties of the DyWT make it very attractive since
the signal can be examined at different levels of detail. In addition,
the modulus of the DyWT of a signal exhibits local maxima around
the points of discontinuity [5]. In speech, there are sharp signal dis-
continuities at the points of glottal closure which correspond to the
pitch pulses.

As for the AGDF algorithm, the speech is partitioned into 30
ms frames and a set of pitch periods are found for each frame. Suc-
cessive frames have a 20 ms overlap. One pitch period estimate is
found for the 10 ms segment that is centered about the frame. The
steps of the DyWT method for a particular 30 ms frame are sum-
marized as follows:

1. The DyWT of a 30 ms speech frame is computed on a dyadic
scale correspondingto 27 for j = 4and j = 5.

2. The global maximum value of the DyWT for j = 4 and
7 = 5 are found.

3. A setof estimated pitch periods are taken by (1) picking the
local peaks (or maxima) of the DyWT which exceed the thresh-
old value equal to 0.8 of the global maximum, (2) finding
the corresponding time indices of these local peaks and (3)
finding the difference in the time indices between succes-
sive local peaks. This is done for the DyWT obtained for
bothj =4 andj = 5.

4. A check is made to see whether the number of local max-
ima and their locations of the DyWT for j = 4and j = 5
match. If the locations match, the pitch periods obtained for
J = 4 are chosen. If they do not match, a comparison of the
DyWT for y = 5 and j = 6 is performed as above. Now,
if there is a match in the locations of the local maxima, the
pitch periods for j = 5 are chosen. If there is still no match,
no pitch period is found for this frame.

5. Pitch period estimates below 2.5 ms and above 25 ms are
discarded. There are two peaks that will have led to the dis-
carded estimate. Of these two peaks, the pitch peak that has
a lower absolute DyWT amplitude is ignored. The pitch pe-
riods are recalculated.
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SNR | Additive white Colored Babble SNR | Additive white Colored Babble
(in dB) noise noise noise (in dB) noise noise noise

30 100 100 99.7 100 100 99.7 100 10099.7 30 100 100 98.9 100 10098.4 100 100 98.4
20 100100 93.8 10010094.3 100 100 93.6 20 100 100 90.2 99.999.990.3 | 99.999.9 89.2
10 99.999.980.6 | 99.999.981.8 | 99.899.982.1 10 100 10070.9 | 99.899.879.3 | 99.799.7 76.7

5 95.390.979.8 | 99.799.777.0 | 98.598.579.7 5 99.499.470.4 | 99.899.773.4 | 99.599.572.5

0 74.468.979.1 | 99.093.268.9 | 95.392.170.4 0 98.697.566.6 | 99.494570.9 | 99.398.372.4
-5 71.169.966.1 | 88.085.962.8 | 77.072.160.9 -5 87.686.565.6 | 98.590.970.0 | 94.793.565.5
-10 59.559.5629 | 72.572.362.3 | 62.563.358.3 -10 68.464.563.0 | 88.785.363.9 | 75.569.3 60.2

Table 1. Relative accuracy as a percentage for the pitch estimates
of synthetic speech (vowel /a/ with 10 ms pitch period) corrupted
by different types of noise. Entries along a row refer to the perfor-
mance of the AGDF, DyWT and PP methods, respectively.

If no pitch estimates are found, the pitch period for this frame
is made equal to 0. Candidate pitch period estimates for each 30 ms
frame are found. As for the AGDF method, a final postprocessing
step of taking the median of all gathered estimates from the current
frame and neighboring frames defines the pitch period for the 10
ms segment of interest.

3.2. Pitch Prediction Formulation

The pitch prediction (PP) formulation models the evolution of the
pitch information in the speechsignal and allows for distant-sample
prediction in the form of a difference equation [6]

s(n) = Bs(n — M) + e(n) 3
where s(n) is the speech signal, e(n) is the prediction error, M is
the pitch estimate in samples and § is a prediction coefficient. Min-
imization of the mean-square value of e(n) over a frame leads to a
pitch estimate as the value of M between 20 and 200 (2.5 ms to 25
ms range for 8 kHz sampled speech) that maximizes a correlation
function given by [6]

2

N
[>_ s(r)s(n — M)

Table 2. Relative accuracy as a percentage for the pitch estimates
of synthetic speech (vowel /tu/ with 17.5 ms pitch period) corrupted
by different types of noise. Entries along a row refer to the perfor-
mance of the AGDF, DyWT and PP methods, respectively.

where N is the number of frames, z is the true pitch period of the
synthesized speech and y « is the estimated pitch period in the kth
frame. The robustness of the algorithms are tested by corrupting
the synthetic speech with different types of noise, namely, additive
white Gaussian, colored and babble. Different signal to noise ra-
tios (SNR) are tested. The colored noise was generated by pass-
ing white Gaussian noise through a recursive linear predictive fil-
ter computed from a frame of speech corresponding to a sustained
vowel. Babble noise was generated by combining the speech sig-
nals (different utterances) of 10 interfering speakers (similar to the
noise heard at a cocktail party).

Table 1 shows the results for synthesized speech (vowel /a/)
having a pitch period of 10 ms. Table 2 shows the results for syn-
thesized (vowel /w/) having a pitch period of 17.5 ms. Both the
AGDF and DyWT approaches outperform the PP formulation for
SNRs between -5 dB and 10 dB. The AGDF approach is slightly
better than the DyWT approach for SNRs less than or equal to 0 dB.
The relative accuracy is generally the lowest for the case of white
Gaussian noise. Both the AGDF and DyWT algorithms perform
better for the higher pitch period of 17.5 ms. The reason appears
to be the fact that both algorithms use smoothing. In the process of
smoothing, controlling the smoothing of closely positioned peaks
in the presence of noise is very difficult to accomplish.

n=1
N @ In terms of real speech, we first demonstrate the ability of the
Z g% (n— M) AGDF to find the pitch of the vowel /a/ spoken by a male speaker
— continuously. Since this is real speech, the pitch period of the speaker

where N is the number of samples in the frame. For the PP method,
we use a framesize of 5 ms since it has been found that this small
framesize leads to more accurate pitch estimates.

4. RESULTS AND DISCUSSION

We tested the accuracy and robustness of our new AGDF method
against the DyWT and PP methods and present the results below.
We first used synthesized speech sampled at 8 kHz as was done in
[5]. This is convenient since the pitch period can be set apriori and
the accuracy of the methods can be compared. For quantifying the
performance of the algorithms, we use the relative accuracy (simi-
lar to the relative error used in {5]) which is expressed as a percent-
age as

N
. _ 1 fz — yi|
Relative Accuracy = [1 — N’; 1 T] x 100%  (5)

is not known apriori and can vary slightly with time. The AGDF,
DyWT and PP methods reveal that for clean speech, the pitch pe-
riod is about 57 samples (about 7.1 ms). Figure 1 shows the cor-
responding pitch tracks obtained by the AGDF method for clean
speech, speech corrupted by white Gaussian noise (SNR of 5 dB)
and speech corrupted by colored noise (SNR of 5 dB). Some pitch
doubling is observed.

We now provide an example of the use of the AGDF algorithm
for real conversational speech (spoken by a female) taken from the
TIMIT database. The signal consists of several temporal portions
of silent, unvoiced and voiced segments. The algorithm will de-
termine the pitch period for all voiced segments and set the pitch
period to zero for unvoiced and silent segments. Prior to applica-
tion of the AGDF algorithm, energy thresholding was used to first
discriminate between speech and silent segments. For the speech
part, voiced segments are those for which eight of the twelve poles
of the linear predictive filter [10] have a magnitude between 0.85
and 1. This approach hasbeenused in the context of speakerrecog-

11 - 845



8

2

Pitch period estimats in samples
8 8

700 800 900 1000

Fig. 1. Pitch tracks obtained by the AGDF method for the vowel
/a/ spoken by a male. The top plot shows the pitch track for clean
speech. The middle plot shows the pitch track for speech corrupted
by white Gaussian noise (SNR of 5 dB). The last plot shows the
pitch track for speech corrupted by colored noise (SNR of 5 dB).

nition to select only the voiced frames and use them to identify the
speaker [11]. The linear predictive analysis was performed using
the autocorrelation method [10]. Also, the AGDF method was ap-
plied to the linear predictive residual which is the original speech
filtered by the linear predictive coefficients. This prior filtering was
found to improve the pitch estimates. In fact, it has been demon-
strated that the PP formulation as applied to the linear predictive
residual is more beneficial for speech coding [6]. Figure 2 shows
a conversational speech segment (clean and corrupted with bab-
ble noise having an SNR of 10 dB) and the associated pitch tracks.
A zero pitch value for low energy unvoiced segments is observed.
There are some frames for which estimates due to pitch doubling
and tripling occur.

5. SUMMARY AND CONCLUSIONS

In this paper, an Adaptive Gaussian Derivative filter (AGDF), com-
monly used in image processing, has been introduced for the de-
termination of the pitch period in speech. The cubic spline DyWT
wavelet and the pitch prediction (PP) formulation are used for com-
parison. It is shown that the AGDF method is slightly more ro-
bust to noise than the DyWT pitch detector. The AGDF method
is much better than the PP approach. The AGDF algorithm can be
used for the accurate determination of the pitch period in conver-
sational speech even under noisy conditions.
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