Algorithm Selection for Automated Audio Classification based on Content
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ABSTRACT: Audio sources classification is an important task for which we propose an algorithm based on content of the
source. Our approach is based on three primary models that depends on music discrimination, average frame power and
Hz energy modulation. We found that these models are effective in various levels. To evaluate we did testing based many
musical pieces where accuracy and time consumption are assessed. We have provided a complete audio classification
system which has been proved with the statistical testing where the switching is possible. Future directions of research is
also indicated in the study.
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1. Introduction

Discrimination between speech and music signals is applied in various areas of speech signal processing, such as Voice
Activity Detection (VAD). On this occasion, many solutions, both in the time domain and in the frequency, have been pro-
posed. The most common are: 4 Hz energy modulation, entropy modulation, spectral center, spectral flow, and zerocrossing
rate (ZCR). Less frequent are spectrum overturning, spectral centroid, spectral flux variation and others [1, 2]. We will look at
some of them by striving to discriminate given signals with accuracy we will seek maximum knowledge of the content but at
the same time we will discuss the complexity of the calculations. We will focus on the discrimination of speech and sound
signals based on their energy. The energy distribution of speech and musical signals will be evaluated by looking at the fre-
quency of zerocrossings, short-term energy, and 4 Hz modulation also considering the Minimum Energy Density (MED), Low
Energy Frames (LEF), and the Modified Low Energy Ratio (MLER) [3].

In order to discriminate speech and musical signals, features that are different for both classes are used. A simple look at the
waveform of a one-minute excerpt of a voice signal, pop music, classical or opera signal shows great differences between
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classes. The shape of the signal of the speech signal shows a great difference in energy and amplitude that none of the
musical signals show. The highly compressed waveform of a song seems to lack dynamics, while the classic instrumental and
the opera performance have a low amplitude peak and show great dynamic deviations.

Even if the classes are easy to identify in wave form, the exact position of the transitions is difficult to detect. An excerpt
from pop music shows possibilities of the song dynamics stopping abruptly when vocals appear. The transition is difficult to
be spotted [4].

The rock music samples are not the same in comparison to the four examples described above but the most important and
interesting thing here are the changes. In all the examples containing music the square root of RMS never goes down to zero
and does not deviate significantly from the average value. There are many snippets in the speech signals containing null or
near null values of the frames variation and the differences are sharp. Investigating the spectra of the four examples reveals
that all musical examples have a higher peak at the low frequencies, although the peak occurs at different frequencies. This
peak is mostly responsible for the fundamental frequency of vocal components. The classical music that vocals are missing
is not as sharp as the other three examples. The speech signal has more energy in the frequency range around 1 to 3 kHz,
unlike the musical examples.

Sandars notes, “It is well known that the energy contour is capable of separating speech from music”. Discrimination of
speech from music is most likely to be based on the differences of the continuous change in the envelope of the energy
curve. In speech signals the vocals and the consonants are clearly distinguishable and on the other hand, the shape of the
musical signal that is more stable is also easily detectable. Furthermore, we are aware that the speech signal has a 4 Hz
energy modulation characteristic, which coincides with the frequency of the syllabi. Sandars uses a simple method of dis-
criminating speech and musical signals. He found that using statistics calculated on the basis of a zero crossing factor, he
could reach a classification of about 90 percent. By adding more information on the energy contour, he upgraded the accu-
racy to 98% [5].

In this paper we are investigating wide range of sound recordings differing in content which may utilize a proper algorithm
for discrimination of music vs. speech with higher reliability and in the same time in some cases with reduced computational
complexity based on three audio metrics — the ZCR, average frame power (FPOW) and 4 Hz energy modulation (4Hz). In
Section 2 the selected metrics are described. Then, experimental results follow in Section 3 with discussion on the overall
performance of the tested implementations. A conclusion is made in Section 4.

2. Measures Used
The first method we select for discriminating speech from music signals is the zero-crossing rate (ZCR). The frequency of

zero crossings is a simple method of describing the content based on its most energetically pronounced frequency. We
observe the definition of zero crossing frequency in the next expression [1]:

n = Yo |sgn/x(m)]-sgn[x(m-1)] | w(n-m), (1)
where: sgnfxm)]= 1, x(n)>0, 2)
sgnfxm)]=-1, x(n)<O0. (3)

And w(n) is the window comprising of N number of frames:
W= 1/2N, 0<n<N-1, 4
W= 0, otherwise. (5)

The short-term energy method is a little more complicated than the above-mentioned, but it’s simpler to apply than finding the
4Hz measure. Given that the amplitude of the nonintuitive segments is noticeably lower than those of the speech segments, the
short-term energy of the speech signals reflects the amplitude dispersion. By observing a speech signal, we can notice that the
peak of the signal amplitude is noticeable as well as the fundamental frequency in the speech parts of the signal. This suggests
that simple time processing techniques could derive useful information about signal characteristics. Most short-term pro-
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cessing techniques that derive features from the time domain Q[n] can be represented mathematically as [6]:

on = N%__. T[x(m)]w(n-m). (6)

T is the transposed matrix, which may be linear or nonlinear, x(m) represents the information sequence, and w(n—m) repre-
sents a time-limited window sequence. The energy of a discreet signal is defined by the expression:

E; = Tm=-w S%(m), (7

where E is the total energy and s(m) is the discreet signal. For the calculation of Short-Term Energy, the signal is considered
in short frames, whose size is usually between 10 and 30ms. It is necessary to take all samples in a frame from the signal from
m =0 to m = N-1, where N is the length of the frame. Then:

E = 7_n1=—oo s%(m)+ ervn_:l—oo s%(m)+ Ym=—oo Sz(m)- (8)
The samples value’s are zero outside the frame. Therefore:
E; = Y=o S°(m). ©)

From (9) it could be estimated that the total energy of a frame for the signal from 0 to N—1 samples. The short-term energy is
defined as the sum of the squares of the samples in a frame according to:

e(n) = Yre—o [Sa(m)]*. (10)
After splitting in frames and windows, the N-th frame of the signal becomes s(m). w(n—m) and therefore Eq. (10) becomes:

e(n) = Ym-—o [s(m).w(n-m)]?, (11)

where w(n) is represented with a window function of limited duration, and # is the offset of the frame in number of samples.
This shift may be as small as one sample or as large as one full frame.

The most complex for realization of the three methods is 4Hz modulation [7]. This method implies better discrimination and
a higher rate of success than the previous two methods, but its implementation goes through more stages. First it is needed to
derive MEL coefficients. Preemphasis is introduces, then the signal spectrum is reemphasized and the constant component is
removed. A loworder digital filter (most commonly a first order FIR filter) is attached to the input x(n) so it is aligned in its
spectrum:

H(z)=1-az"t, 0.9<a<l. (12)

Then follows splitting in frames and the spectral analysis is performed on them. This is because human speech does not change
much over time and can be treated as a quasi-static process. Very popular frame length is 20-30ms. Hamming window weight-
ing of each frame takes place according to:

y(m)=x(m)wn), (13)
W(n)=0.54-0.46cos(——). (14)
Every frame undergoes Discrete Fourier transform:
j2m
X()= YnZ3y(m)e™ N 0<n,k>N-1, (15)

A set of triangular band-pass filters that simulate the characteristics of the human ear are applied to the signal spectrum. This
process is called Mel filtering. Human hearing perception analyzes audible spectrum of groups based on the number of over-
lapping critical bands. These bands are allocated in such a way that the frequency resolution is high in the low frequency area
and low in the high frequency area. Mel frequency is found from linear frequency based on:

fm=2525x log(1+%). (16)
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The energy of the filter bank is found by:

and after DCT over all MEL coefficients, finding their second derivatives and filtering the result in 40 channels with another
FIR filter, all the energies contained in them are summed together and the total energy is normalized with the average energy
of the frame. The modulation is characterized by the variation of the filtered energy in dB per a second from the whole signal.

3. Experimental Results

Experimental testing relies on a custom built database comprising of 5 speech and 10 music recordings in non-compressed
format. Sampling frequency is 44100 Hz with resolution of the samples of 16 bits and all being stored in single channel wav

E= TRl XB). ; (k)

files. The duration for all sounds captured is 1 minute.

Table 1 contains the ZCR, FPOW and 4Hz values obtained from the speech signals where speechf labels identify recording

with a female voice and speechm — a male one.

Test set ZCR FPOW 4Hz

speechfl 0.0947 0.0018 45.5400
speechm?2 0.0671 0.0034 45.3575
speechf3 0.0743 0.0036 36.4281
speechm4 0.0853 0.0035 41.4678
speechm5 0.0793 0.003 43.5407
Average 0.0801 0.0031 42.4668

In Table 2 the resulting values for the three parameters are given when found over the 10 music recordings some of which are
typical folklore works from different geographical locations.

Table 1. Speech Signals Measures

Test set ZCR FPOW 4Hz

Rock 0.1971 0.0024 0.6245
Jazz 0.0971 0.0016 13.8121
Latino 0.2086 0.0035 0.5937
Folk 0.0899 0.0067 5.4985
Hindi 0.0916 0.0056 5.6968
Nordic 0.1083 0.0023 2.5773
African 0.0888 0.000837 64.8428
Chinese 0.0421 0.0036 25.4098
Russian 0.0612 0.0038 14.1327
Classic 0.0688 0.0029 11.7992
Average 0.1053 0.0033 14.4987

Table 2. Music Signals Measures
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In order to discriminate speech and music signals based on these methods using full validation, we must use the average
values for all files of a given type - musical or speech signals, and by them to calculate a threshold to use. To compute the
threshold of a method, we collect the two average values of the musical and speech signals and divide them into two, and thus
we get the threshold that will discriminate against the signals. For the zero crossing frequency, the values below the thresh-
old, i.e. the signals with a lower frequency of zero crossings, will be defined as speech signals and those with higher values
- as musical. Related values found for the thresholds are ZCR = 0.0928, tFPOW = 0.0032, and t4Hz = 28.4830.

The results from full validation of the speech database are shown in Table 3.

Measure ZCR FPOW 4Hz
Threshold 0.0928 0.0032 28.4830
Classify Right | Wrong |Right | Wrong| Right |Wrong
speechfl 0 1 1 0 1 0
speechm?2 1 0 0 1 1 0
speechf3 1 0 0 1 1 0
speechm4 1 0 0 1 1 0
speechm5 1 0 1 0 1 0
Accuracy,% 80 20 40 60 100 0

Table 3. Classification Accuracy of Speech Signals

Let’s take a look at the data in the second and third columns referring to the ZCR method. We determine the accuracy of the
validation against the correct classification of the speech signal due to the threshold of the different methods that are used
according to the method described above. After the classification of all speech files for the zero crossing frequency method,
we obtain accuracy of 80% at full validation. Taking into account the simplicity of this method, its accuracy is very satisfac-
tory. We continue with the examination of the fourth and fifth columns where the shortterm energy method is described. When
it is classified after all the speech files, we obtain the accuracy of the 40% full validation, which is an unsatisfactory result.
The following method is observed in columns six and seven, where the dispersion method of 4 Hz modulation energy is
described. For it, we get 100% validation accuracy, which is the highest possible result we are looking for. By comparing the
three methods, we can categorically define the 4Hz modulation energy method as the best method for determining speech
signals, given its complexity compared to the other two methods, the result is expected. But the simplest method - the fre-
quency of zero crossings is more effective for determining speech signals than the more sophisticated method - the shortterm
energy method.

The first wrong classification we notice for the ZCR method in the first female voice record. Given the simplicity of the
method, it is not the most reliable classifier since the values of the source data do not differ dramatically from the wrong
classification and may be due to the low energy in this record and the presence of more consonant letters or silence mixed
with some noise. Let’s look at the short-term energy method, and we see that all but one values are very close. We see that
wrong classification is in both female and male speech records. Their values are so close that we can not identify features that
are clear and suggest an increase or decrease in energy to a subsequent misclassification. These close values may be due to the
peripheral devices used, the non-isolated environment, etc. So the accuracy of the shortterm energy method is unsatisfactory
for end-user applications.

The most effective and accurate method that end-user can use is the dispersion of 4 Hz modulation energy. Depending on the
priority, if it is the accuracy and not time consumption, the best and most appropriate is this method.

The classification accuracy for the music signals is presented in Table 4.
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Table 4. Page Layout Description

After the necessary calculations for all the music signals for the zero crossing method, we get the accuracy of the full valida-
tion of 40%. The accuracy of this method of recognizing musical signals is not satisfactory. Some of the errors that are
introduced in classifying using this method may be due to the type of music used. We observe a proper classification for rock,
jazz, etc., while in classical, Russian, Chinese music, etc., we observe a wrong classification, which may be due to the instru-
ments and pauses contained in a certain type of music. For example, classical and Chinese music is experiencing energy
accumulation at low and high frequencies, as are the moments of silence caused by instruments used in this type of music such

as string, wind, keyboard instruments - flute, violin, piano.

The next method that we are looking at is the short-term energy method for it after the classification of all the music files we
get the accuracy of the full validation 50%. The accuracy of this method for recognizing a musical signal is better than the
accuracy of the zero crossing frequency method and its accuracy of speech recognition but is still unsatisfactory and the use

of this method is not very reliable.
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Figure 1. Overall accuracy of classification for the three tested algorithms
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After the classification of all music files with 4Hz method, modulation energy has a 90% accuracy of full validation. The only
error that has been made is with African music, yet this method is the closest to the maximum accuracy we are looking for. By
comparing the three methods, we can conclude that the method of 4 Hz modulation energy dispersion is the most reliable
method for recognizing musical signals. But this time for the classification of musical signals, the short-term energy method
is more applicable than the zero crossing frequency method. Observing Table IV we can see that the wrong classification,
which is present in the 4Hz method, is not correctly classified in the other two methods.

In Figure 1 the overall performance is given for the three algorithms of classifying the test audio content into speech and
music with the complete variability in different styles.

4. Conclusion

The best and most accurate method that most satisfies the discriminatory condition and can be used by an end user in an
objective environment with publicly available and relatively cheap peripherals for speech and music discrimination is the 4Hz
method. The following method, which certifies the discrimination condition to some extent and can be used is the method of
the zero crossing rate, although it is not very reliable, but the calculation is much simpler, which makes it an ideal choice if the
main goal is speeding-up the process rather than achieving accuracy close to 100%. For future improvement of the zero
crossing method and the short-term energy method, professional peripheral devices and soundproofing environment can be
used to increase their classification accuracy. End user use can use those along with other methods or features to improve
their performance.

References

[1] Carey, M., Parris, E., S. Eluned, S., Lloyd-Thomas, H. (1999). A comparison of features for speech, music discrimination.
In: Proceedings of the IEEE International Conference on Acoustics, Speech, and Signal Processing, p 149-152, 1999.

[2] Lu, L., Jiang, H., Zhang, H. (2001). A robust audio classification and segmentation method. /n: Proceedings of the 9th
ACM International Conference on Multimedia, p 203-211, October.

[3] Velayatipour, M., Mosleh, B. (2014). A review on speech-music discrimination methods, International Journal of Com-
puter Science & Network Solutions, February 2.2, 2014.

[4] Ericsson, L. (2010). Automatic speech/music discrimination in audio files. Skolan for datavetenskap och kommunikation,
Kungliga Tekniska hogskolan, 2010.

[5] Spina, S. (2000). Analysis and transcription of general audio data, PhD Thesis. Massachusetts Institute of Technology,
2000.

[6] Shete, D., Patil, S., Patil, S. B. (2014). Zero crossing rate and Energy of the Speech Signal of Devanagari Script. IOSR-
JVSP, 4.1: 1-5, 2014.

[7] Logan, B. (2000). Mel Frequency Cepstral Coefficients for Music Modeling. In: ISMIR, p. 1-11, 2000.

Journal of Electronic Systems Volume 10 Number 4 December 2020 129





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


