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Abstract. Nowadays the detection of the fundamental frequency (F,) in voice
signals can be evaluated by several algorithms. There are two main attributes of
these algorithms: exactness and calculation time. A considerable part of the
algorithms are based on the well-known Fast Fourier Transformation (FFT).
The Smoothed Spectrum Method is an FFT based process, which was
developed for the F, detection of recorded voice signals especially the infant
cry. As it will be shown the SSM provides a better accuracy than regular FFT
based algorithms or the Autocorrelation Function. In case of sound recordings
in noisy environment the modified SSM is able to recognize significant noise
components in the recorded signal. A further advantage of SSM is that
additional information of the analyzed signal can be given to improve the
performance of the method.
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1 Introduction

The fundamental frequency (F) is the lowest useful frequency component in the
spectrum. The detection of the fundamental frequency has several applications, e.g. in
mechanical engineering, in acoustical engineering, etc. In each of these applications
various requirements are defined: robustness, calculation time, accuracy, etc [1-3]. In
this study a novel method, named Smooth Spectrum Method (SSM) will be
introduced, which was developed for the F, detection of recorded voice signals
especially the infant cry. This method is based on the spectrum obtained by the well-
known Fast Fourier Transform (FFT) [4].

Different types of voice signals result different spectrums. Figure 1 (a) shows the
short-term spectrum of a sinusoid. An obvious way to estimate its fundamental
frequency is to measure the position of the spectral peak. However this procedure
fails for the spectrum in Fig. 1 (b) that contains multiple peaks. A simple modification
is to accept only the largest peak, but this algorithm fails for the spectrum in Fig. 1 (c)
for which the largest peak falls on a multiple of F,. A simple extension is to select the
peak of lowest frequency but this algorithm fails for the signal illustrated in Fig. 1 (d)
for which the lowest peak falls on a higher harmonic. Another cue, spacing between
partials indicates the correct F, for this signal, but not for the signal illustrated in
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Fig. 1 (e). In case of recorded acoustic signals narrow-band noises, and/or wide-band
noises, and/or significant frequency components (f) might be added into the spectrum
from background noises, the noise from the recording device, etc. It might result that
some of the useful frequency components of the recorded signal under the noise level
will disappear from the spectrum, while significant noise peaks can be treated as a
useful frequency component.
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Fig. 1. Spectra of simple signals that illustrate basic spectral F, estimation schemes. The
spectrum peak determines the F, of a pure tone (a) but a complex tone (b) has several such
peaks. The largest peak determines the F, of the waveform in (b), but not (c). The lowest
frequency peak determines the F,, of the waveform of (c) but not (d). Interpartial spacing
determines the F, of (d) but not (e). In case of recorded acoustic signals narrow-band noises,
and/or wide-band noises, and/or significant frequency components might be added as it is
shown in (f).

The inputs of the Smoothed Frequency Method are spectrums obtained from sound
recordings of the infant cry. Cry is a multimodal, dynamic behavior; this is the first
tool of communication and the sign of life at birth [5]. There are several purposes and
ways to analyze the sound of crying: acoustic, physiological, psychological, phonetic,
pediatric, etc [6-12]. The infant cry, on the analogy of voice signals, is mostly a
harmonic signal, containing the fundamental frequency and its multiple integers, i.e.
the subharmonics. The fundamental frequency of crying is typically between 200 and
800 Hz [13], while subharmonics can be found for 6000-8000 Hz. The amplitudes of
these frequency components are different; there are significant components as well as
missing ones, depending on the formant structure of the sound. [14]. In the acoustic
analysis of the infant cry the maximum frequency of interest is often above 8000 Hz
to be able to analyze special unvoiced sound phonemes.

As the Smoothed Spectrum Method is suitable not only for the F, detection of the
infant cry but for the F, detection of other voice signals, in the following the inputs
will be mostly harmonic signals (200 Hz <F, <800 Hz), containing narrow-band
and/or wide-band noises and/or significant noise components.

The sampling frequency applied was 44100 Hz; there was a window size of
2048 points. This window length (46.4340 ms) is typical in case of speech processing
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or speech recognition, and provides a suitable resolution in the time domain. In the
following these values will be used.

In regular FFT based algorithms the frequency resolution of the discrete spectrum
is limited. In case of the window length above, the resolution of the spectrum is
21.5333 Hz. The frequency resolution of the FFT spectrums can be decreased
theoretically e.g. by using a longer window, by zero padding, when possible and
allowed. The Smoothed Spectrum Method is such a novel method for fundamental
frequency detection, which provides a better accuracy than it could be reached
theoretically by regular FFT based algorithms.

2 Methodology

The SSM can be divided into two consecutive parts. In the first part the input
spectrum is smoothed and the significant peaks are detected. In the second part the
most probable value of the fundamental frequency is calculated by statistical methods.

First, the input FFT spectrum is smoothed by a suitable (e.g. bell shape),
symmetric kernel function. This smoothing can be realized by weighted addition in a
predetermined bandwidth. The purpose of this step is to emphasize the significant
peaks in the spectrum (i.e. the harmonic components) and to reject the wide-band
noises in the spectrum. Figure 2 shows an original spectrum and its smoothed version.
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Fig. 2. An original spectrum (A) and its smoothed version (B). The significant peaks of the
original spectrum are preserved, while the smaller (noise) components are rejected.

By the detection of the local maxima in the smoothed spectrum the significant
peaks of the original spectrum are found. Note that the smoothing of the spectrum
does not change the frequency position of the significant peaks.

The second part of the Smoothed Spectrum Method is based on these obtained
peaks. As it was shown before there are several types of spectrums. In some cases the
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fundamental frequency or higher frequency components are missing, or some
significant noise components are present. First, let us see the cases without any noise
components.

2.1 SSM Without Noise

In ideal case, the subharmonics (F, j.,) are whole multiples of the fundamental
frequency (Fp).
F

n _ideal

=F,n (1)

From this expression, if a subharmonic of Fy is detected and its serial number is
known, the fundamental frequency can be calculated by a simple division:

F,=F

n _ideal

/n 2
But the distance between two neighboring points in the discrete spectrum is
B=F./N 3)

where F| is the sampling frequency and N is the window length applied at the FFT. In
the worst case a spectral component (F,) of the signal is placed to F,+B/2. In this case
(1) is modified as

F,=F,-ntB/2 4)
From (2) and (4)
B F ’
Fn/n:Fi—zFi f =F +th=F lihn (&)
0 m 0 nN 0 0 ( )
Where h is the absolute error of the calculation of F, and &’ is the relative error:
, F
h =——= 6
" 2nNF, ©)

As the sampling frequency (F;) and the window length (V) are given with the input
spectrum, the relative error can be decreased by applying higher n value, i.e.
determining higher harmonic component in the spectrum.

The significant peaks in the input spectrum are the local maxima in the smoothed
spectrum. The positions of these peaks are close to the real subharmonics of F). If the
frequency values of these peaks are divided by their serial numbers, the resulted ratios
will be close to the real F, with the relative error from (6).

Example from Figure 2: the fundamental frequency is 340 Hz, the second and the
fifth subharmonics are missing. As the frequency resolution of the spectrum (B) is
21.53 Hz, the detected peaks in the smoothed spectrum are at F,,;=335.47 Hz,
Fu.,=102794 Hz, F,;=1363.41 Hz, F,.,=2034.35Hz and F,,s=2369.81 Hz. After
the division with their serial numbers the resulted ratios are: 335.47, 342.64, 340.85,
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339.06 and 338.54 Hz. The differences between these results and the exact value of
the fundamental frequency are within the theoretical error bands.

For these divisions the exact serial numbers of the detected peaks are needed. How
could these serial numbers be obtained? By the combination of possible serial
numbers the algorithm generates test sequences, and the ratios of the obtained peaks
and all of these sequences are calculated. In case of the best sequence of serial
numbers the standard deviation of the obtained ratios will be the least.

Continuing the previous example, five test sequences are given, and the ratios are
calculated (see Table 1). As the standard deviation of these ratios has the smallest
value at the second case, the best sequence of serial numbers is <1,3,4,6,7>.

Table 1. Examples of the sequences of serial numbers. As the standard deviation of the ratios is
the smallest in the second line, the best combination is <1,3,4,6,7>.

Sequence of | Ratios of the detected peaks and possible sequence of | Standard

serial numbers serial numbers (Hz) deviation
Feur Ferz Fes Fe Faers (Hz)
<1,2,3,4,5> 335.47 513.97 454 .47 508.59 473.96 72.41
<1,3,4,6,7> 335.47 342.65 340.85 339.06 338.54 2.69

<1,2,4,6,8> | 335.47 513.97 340.85 339.06 296.23 85.22
<2,3,4,5,6> | 167.73 342.65 340.85 406.87 394.97 95.83
<2,3,4,6,7> | 167.73 342.65 340.85 339.06 338.54 77.18

As the least value of the standard deviations is found, the fundamental frequency of
the signal can be calculated by the division of the highest detected frequency
component and its serial number. In this example the original F, at 340 Hz was
positioned in the spectrum to 335.47 Hz, while a better estimation (338.54 Hz) was
calculated with the SSM.

2.2 SSM with Narrow-Band and/or Wide-Band Noises

In case of wide-band noises, some of the useful peaks in the input spectrum might not
be visible; but the Smoothed Spectrum Method can detect the fundamental frequency
from the remaining significant peaks.

In case of narrow-band noises, or especially significant noise components, the
smoothing of the spectrum might not reject these components. If such a noise
component is expected in the signal, the algorithm of the SSM can be modified to
recognize the extraordinary peak. In the modified algorithm divisions are evaluated
not only with the detected peaks (including the noise peak), but with smaller groups
of the detected peaks as well. There will be at least one group, where no noise peak is
present.

An example for the recognition of a significant noise component: supposing that
the fundamental frequency is 60 Hz, and in the signal there are significant peaks
around 40, 60, 120, 180 and 300 Hz. In this example the significant noise component
is at 40 Hz. The divisions are evaluated first with all the peaks, second with smaller
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Table 2. An example for the recognition of a noise component. The harmonic signal has
components at whole multiples of 60 Hz, while an extra peak at 40 Hz illustrates the significant
noise component. When the noise component is skipped, the resulted fundamental frequency
value differs from the others. That is the indicator of the noise component.

Detected peaks (Hz) The best sequence of serial | The calculated value of the

numbers after simple SSM |fundamental frequency (Hz)
40, 60, 120, 180, 300 <2,3,6,9,15> 20
60, 120, 180, 300 <1,2,3,5> 60
40, 120, 180, 300 <2,6,9,15> 20
40, 60, 180, 300 <2,3,9,15> 20
40, 60, 120, 300 <2,3,6,15> 20
40, 60, 120, 180 <2,3,6,9> 20

groups of the peaks. See Table 2 how the modified SSM algorithm detects a noise
component.

However the recognition of a noise component needs more SSM divisions, the
modified algorithm is able to select the extraordinary peak from the significant peaks
detected in the smoothed spectrum.

3 Comparison

To test the accuracy of the Smoothed Spectrum Method, harmonic signals were
generated randomly and several fundamental frequency detection algorithms were
applied and their results were compared.

There were constant values, as the sampling frequency (F,=44100 Hz) and the
length of the signal (N=2048 points), which resulted a B=21.53 Hz frequency
resolution in the FFT spectrum. The fundamental frequency of the generated test
signals were integers between 200 and 800 Hz. The amplitudes of the frequency
components were randomly generated in each case; a maximum of 10 subharmonics
were present.

In the comparison, besides the Smoothed Spectrum Method (SSM) the
Autocorrelation Function (XCOR) and Regular FFT (RFFT) algorithms were
applied. The Autocorrelation Function is a special type of the cross-correlation
function, which is a typical method for F, detection e.g. in speech recognition [1, 4].
The Regular FFT algorithms collectively use the resolution of the FFT spectrum; such
algorithms are the local maximum detection in the spectrum within a predetermined
frequency interval, and the Harmonic Product Spectrum method [2].

For each test signal the value of the fundamental frequency was determined by all
of the algorithms mentioned above, and the differences between the exact Fy and the
detected F, values were calculated. After this, the mean value of the absolute
differences and the standard deviation of the differences were obtained. The following
table (Table 3) shows the accuracy of the compared methods.
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Table 3. Comparison between the accuracy of F, detection algorithms. IDEAL: in ideal case;
SSM: by the Smoothed Spectrum Method; XCOR: by the Autocorrelation Function; and RFFT:
by Regular FFT algorithms.

Difference between the Standard deviation of the
original and the detected difference between the original
values on the average (Hz) and the detected values (Hz)
IDEAL 0.0000 0.0000
SSM 0.6427 0.7617
XCOR 1.6717 2.2149
RFFT 5.3852 6.2251

As it is shown by Table 3 after the ideal case the Smoothed Spectrum Method
provides the least detection error. The Autocorrelation Function also has a better error
band than what a Regular FFT algorithm could reach.

Note that in case of regular FFT algorithms, a uniform distribution is expected for
the detection difference between 0 and B/2=10.7666 Hz, which has an average value
at 5.3833 Hz.

4 Discussion and Conclusion

A novel algorithm for fundamental frequency detection of the infant cry was
introduced in this study. However the Smoothed Spectrum Method was developed to
detect the fundamental frequency of crying signals, its conceptions are relevant for
several voice signals, as speech, singing, and musical instruments.

In summary, the algorithm of the Smoothed Spectrum Method is the following:

e Smooth the input spectrum by a chosen kernel function in a chosen bandwidth;

e Detect the local maxima in the smoothed spectrum within a chosen frequency
range;

e Generate possible sequences of serial numbers for the detected peaks;

e Divide the peaks with these sequences and calculate the standard deviation of the
resulted ratios;

e Choose the smallest standard deviation to find the exact sequence of serial numbers
and to calculate the fundamental frequency.

A further advantage of the SSM is that additional information of the analyzed
signal can be given to improve the performance of the method. Users can give:

The type of the kernel function and the bandwidth of smoothing;

The interval of the local maximum detection in the smoothed spectrum;

Rules and limitations for generating sequences of serial numbers for the division;
Rules for detecting and skipping noise-peaks from the division.

For exactness the Smoothed Spectrum Method is a promising algorithm for
fundamental frequency detection of voice signals. The modified algorithm of the SSM
is able to recognize and eliminate the significant noise components in the signal. The
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disadvantage of the SSM might be the calculation time, because it contains numerous
divisions.
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