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Abstract. Due to the new techniques of analysis and synthesis of speech signals, the musical signal processing has gained particular weight, and therefore, the classical sound analysis techniques are used in processing music signals. In this paper, a general three-level algorithm for discriminating three general types of signals: speech, music, and mixture of both signals is proposed. The proposed classifier is based on the well-known zero-crossing rate (ZCR) [1] and short-time energy (STE) [2,3] algorithms, with the positive derivative and voting procedures. Some theoretical analysis and simulation has been applied to a library of different types of musical and speech signals to show the performance of the proposed algorithm.

1.  Introduction

Though many systems exist for content-based classification and retrieval of images, little work has been done on the audio portion of the multimedia stream [3,4]. All fields of signal processing have attracted a considerable number of researchers and have enjoyed success in recent years, as new software techniques ride the surging waves of faster computers [5-7], however, only a few of them have touched the discrimination of music and speech signals [8-12]. Saunders [11] has developed techniques for music detection and used only a two-level algorithm for discrimination. He applied the average zero crossing rate and energy features, and applied a simple threshold procedure. El-Maleh [12] has also developed a two-level music/speech classifier and used long-term features such as differential parameters, variance, time-averages of spectral parameters, and zero 

crossing. Even though both of them have considered two-level algorithms, non have considered the mixture case.

In this paper, a general statistical three-level classifier is proposed for content-based audio classification that distinguishes speech from music and from a mixture of them and based on a three-level approach on the general types of  audio signals: speech, music, and mixture of both signals. A human being seemingly makes no effort to discriminate between speech, music and mixture of both. Two algorithms have been developed to identify and so classify an audio signal as a speech, music or mixture. The proposed algorithm can also be extended for speaker identification and classification [13-15].

The proposed classifier is based on the following real-time algorithms: The first one is the zero crossing rate (ZCR) while the second one is based on the short time energy (STE).  The ZCR is a very common, famous and powerful technique and discrimination tool that works in time domain. The STE will be used as a complementary informer to increase the accuracy in the discrimination process. The proposed algorithm can work with any other classifier to increase the accuracy process. Figure 1.1 shows the process flow of the algorithm. 
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Fig. 1.1. Block diagram of the three-level classifier.

The process of separating music from speech is outside the scope of this paper. In Section 2, we will discuss some of the general differences between speech and music signals, however, in Sections 3 and 4 a brief introduction and background of the ZCR and STE algorithms, respectively, is given. In Section 5, we analyze the proposed algorithm and test it by means of simulations. In Section 6 we conclude our observations and results.

2. Common Characteristics and Differences 

Since both the speech and music signals are non-stationary in their nature, the ZCR and the STE suffer from the non-stationarity behavior of speech and music signals. In this section, we will briefly discuss the main characteristics and differences between the two signals. They can be summarized as follows [9-12]:

1) Tonality: Music tends to be composed of a multiplicity of tones, each with a unique distribution of harmonics. This pattern is consistent regardless of the type of music or instruments.

2)  Randomness: The randomness of speech is more than that of music.

3)  Bandwidth: Speech is usually limited in frequency to about 8KHz whereas music can extend through the upper limits of the ear's response at 20KHz. Because of that, usually the highest frequency of the music spectrum is higher than that of the speech and the lowest frequency in music is lower than that of speech. 

4) The power distribution: In general, the power distribution of speech is concentrated at low frequencies, however, the power of music is distributed over the whole frequency spectrum.

5)  Excitation patterns: The pitches of speech are distributed only over a span of three octaves while the fundamental music tones can span up to six octaves.

6)  Tonal duration:  The duration of vowels in speech is very regular, following the syllabic rate. Music exhibits a wider variation in tone lengths, not being constrained by the process of articulation. Hence tonal duration would likely be a good discriminator.

7)  Energy sequences: Due to the existence of voiced and unvoiced speech, the energy envelope of speech has high-energy conditions followed by low-energy ones. This is not often the case in music.

8)  Zero crossing rate  (ZCR): The ZCR in music is greater than that in speech because usually the dominant frequency of music signal is more than that in speech.

9)  Continuity: The Speech signal contains too much consonant (unvoiced speech) while music is usually continuous through time.

3. The Zero-Crossing Rate (ZCR) Algorithm

The ZCR of the time domain waveform is one of the most indicative and robust measures to discern voiced speech. It has been widely used in practice as strong measure to discern fricativity from voiced speech [1]. The ZCR of a signal is defined as the count of crossing zero magnitude of the signal during a fixed window size and it is said to occur if successive samples have different algebraic signs. Equation (3.1) defines the required computation for the ZCR of a discrete-time signal x(n).

	
[image: image2.wmf]å

+

-

=

-

-

=

N

1

N

n

m

|

1)]

sgn[x(m

sgn[x(m)]

|

2N

1

n

Z


	(3.1)


where Zn is the ZCR, sgn[x(n)] = 1 when  x(n) ( 0 and sgn[x(n)] = -1 when x(n) < 0, and N is the number of samples in one window. The ZCR is a time-domain algorithm and it deeply depends upon the frequency of the input signal x(n). Moreover, the sampling rate should be high enough to illustrate any crossing through zero. Also, normalize x(n) to have a zero mean and a unity standard deviation.

From equation (3.1), it is clear that the ZCR is proportional to the dominant frequency of x(n), so it can be considered that the ZCR of music is usually higher than that of speech, however, there is an abrupt increase of ZCR in speech due to strong unvoiced speech. That is a hole of this informer since, in some regions, the ZCR of speech exceeds the ZCR of music. Since the standard deviation of the ZCR of speech is greater than that of music, we will not use this difference in this informer.

Properties of the ZCR

The ZCR of a signal has many properties [1] and can be summarized as following:

1)
Dominant Frequency (DF) principle: If a signal is a pure sinusoidal waveform, the dominant frequency is the only one in the spectrum. This frequency equals to the number of zero crossings of the signal in one second. In other words, it equals to the value of the ZCR if the rate is taken every second. For a non-sinusoidal periodic waveform, the dominant frequency has the largest amplitude that brings the signal across the zero in every cycle if the amplitude average is zero, i.e., the dominant frequency, approximately, equals to the ZCR for non-sinusoidal periodic waveform. An accurate dominant frequency (wo) can be calculated using the formula
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where wo is the dominant frequency in radians per second, Do is the ZCR value counted in every interval, taking one second as the unit of rating the ZCR, N is the number of intervals and E{.} denotes the expected value.

2)
Highest frequency detection: Since D0 denotes the ZCR of a discrete-time signal Z(i), let us assume that D1 denote the ZCR of the first derivative of Z(i) and Dn denote the ZCR of its nth derivative. The highest frequency in the signal can be approached using the following equation 
	
[image: image4.wmf] 

1

N

}

πE{D

i

max

i

lim

w

-

¥

®

=


	(3.3)


where wmax denotes the maximum frequency of the signal and N is the number of samples. If the index i in (3.3) reaches a value of 10, the change of wmax can be ignored if the sampling rate equals to 11K samples/second.

3)
Lowest frequency detection: In discrete-time signals, an approximate derivative can be evaluated by simply subtracting the amplitude of a sample from the amplitude of the previous sample, assuming that the time between any two samples is unity, so (Z(i) = Z(i) – Z(i–1). If we define another operator (+as the positive derivative effect, where 

	(+ [Z(i)] = Z(i) + Z(i–1)
	(3.4)


Let then nD denote the ZCR of the nth positive derivative, then the lowest frequency of the signal can be described as
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where wmin is the minimum frequency. 

By knowing the dominant, maximum and minimum frequencies of a signal, we get a general shape of the signal spectrum. 

4)
Periodicity measure
The signal is pure periodic if an only if
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where 1D and 2D denote the ZCR of the 1st and the 2nd positive derivatives, respectively. When 1D and 2D approach each other, the signal becomes more periodic. Now, using this measure we can prove that music is usually more period or more tonal than speech. 

4. Short-time Energy (STE) Algorithm 

The total energy of a discrete-time signal is defined as [2,3]
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Such a quantity has little meaning or utility for speech since it gives little information about the time dependent properties of the speech signal. A simple definition of the STE can be expressed as
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which means that the short-time energy at segment n is simply the sum of squares of the N segments, n-N+1 through n. Before evaluating the STE, x(m) should be normalized to a zero mean and a unity standard deviation.

The amplitude of the speech signal varies appreciably with time. In particular, the amplitude of unvoiced segments is generally much lower than that of voiced segments. The STE of the speech signal provides a convenient representation that reflects these amplitude variations. However, the music signal does not contain unvoiced segments, so the STE is usually bigger than that of speech.

5. Three-level Classifier

In the proposed algorithm, two threshold values of the ZCR and the STE are evaluated during the training phase. These thresholds are used to distinguish whether the input signal is a speech, a music or a mixture of both. In the testing phase, if the ZCR of a signal is less than th1, then the signal is considered a speech. If the ZCR of the signal is greater than th2, then the signal is considered a music. However, if the ZCR of the signal lies between th1 and th2, then the signal is most likely a mixture signal. A similar thing can be considered for the STE.

5.1 Algorithm structure

In this section, we will discuss the structure of the algorithm, the training phase, and then our observations and the suggested thresholds.

5.1.1: Preliminary requirements

 In constructing this three-level discriminator algorithm the following parameters were chosen:

1)  The sampling rate used is 11K samples/second, however, a larger sampling rate is appreciated.

2)  Segment the signal into a length of 26368 samples (about 2.39 seconds). Although this time segment seems to be long, the processing time is short.

3)  Subdivide each segment into 103 windows. Each window has a size of 256 samples (about 32.22 milliseconds.) This interval size is chosen to avoid the non-stationarity behavior of speech signal. 

5.1.2 Training phase

The main target in this phase is to evaluate the approximate location of the ZCR and the STE threshold values. The steps of training phase are as follow:

1) Compute the ZCR and the STE for each window within one segment.

2) Obtain a mean for the ZCR and another mean for the STE for one segment.

3)  Normalize the ZCR mean vector by dividing each element by the vector's standard deviation, and do the same for the STE. This transaction is executed to have a standard deviation equals to unity.

4)  Repeat steps 1, 2, and 3 for 500 segments of speech, 500 segments of music and 500 segments of mixture.

5) Obtain the following quantities:

 The means and standard deviations for 500 normalized ZCR and STE speech segments.

 The means and standard deviations for 500 normalized ZCR and STE music segments.

 The means and standard deviations for 500 normalized ZCR and STE mixture segments.

6) Define the thresholds according to the membership function shown in Fig. 5.1.
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where th1 and th2 are the recommended threshold values, using the following straight-line relationships
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Similarly, the STE thresholds can be found as

th3 = 1.2007 unit / window

th4 = 1.5016 unit / window

The results of applying the above algorithm are shown in Table 5.1.

	Table 5.1. Means and standard deviations of the ZCR and the STE in the training phase

	Type of measurement
	 Speech
	 Mixture
	Music

	Mean of the normalized ZCR
	mzcrs = 1.0861 cross/window
	mzcrx = 1.9557

cross/window 
	mzcrm = 2.8488 

cross/window

	Mean of the standard deviation of the normalized ZCR
	sdzcrs = 0.3930
	sdzcrx=0.6677
	sdzcrm=1.0823

	Mean of the normalized STE
	mstes = 1.0771

unit/window
	mstex=1.3533 

unit/window
	mstem = 1.7669 

unit/window

	Mean of the standard deviation of the normalized STE
	sdstes = 0.3826
	sdstex = 0.4722
	sdstem = 0.8443


     5.1.3 Observations

Any sample with an absolute magnitude below 10% of the maximum magnitude of the signal is considered noise, so its affect on the ZCR is ignored. It is clear that the ZCR of a speech signal is most likely a value less than the mean of the ZCR in speech samples plus standard deviation of them. For a music, the ZCR is usually larger than the mean of ZCR in the music samples minus standard deviation, however, for a mixture the ZCR is most likely a value in the interval surrounded by the mean of ZCRs in mixture samples minus and plus the standard deviation and we can say the same for the STE. The above thresholds are not accurate since there are overlaps in these regions. Define the following parameters:

a = mzcrs



b = mzcrs + sdzcrs

c = mzcrx



d = mzcrx - sdzcrx

e = mzcrx + sdzcrx


f = mzcrm

g = mzcrm - sdzcrm

Let us assume that the probability of correct discrimination has its maximum value, which is one, if the ZCR value equals the mean and decreases linearly from the mean value to reach a probability close to zero for the value of the mean plus or minus standard deviation for all speech, music and mixture of both signals, as shown in Fig  5.1. Our results show that discriminating speech and music is very accurate, however, in the mixture case, the accuracy reduces. Also, experimentally, it has been noticed that the voice of a child, a woman, or a screaming has very high ZCR value.

5.2 Discriminator operation

Measure the ZCR and the STE and classify the signal according to the roles shown in Table 5.2, assuming that if the value of the ZCR is less than th1 then it is small however if it is in between the two thresholds it is medium otherwise it is large.

	Table 5.2. Membership function table

	ZCR

STE
	Small
	Medium
	Large

	Small
	Speech
	Speech
	Mixture

	Medium
	Speech
	Mixture
	Music

	Large
	Mixture
	Music
	Music


Table 5.2, depicts that if the ZCR is less than  th1 and STE is less than th3 then the signal is speech and so on
. Applying the above procedure to a new sets of 200 segments of speech, 200 segments of music and 200 segments of mixture signals, the results are shown in Table 5.3.

	Table 5.3. Results using the ZCR and the STE algorithms

	Detection
	Speech
	Mixture
	Music

	Correct
	82 %
	35%
	73 %

	Error
	14% Mixture

4% Music
	34% Speech

31% Music
	16% Speech

11% Mixture


5.3 Discriminator Improvement

5.3.1 Positive Derivation Operator:

Table 5.3 shows that the ZCR and STE are not precise enough to be used in real world conditions, especially in discriminating the mixture signal. To reduce this pitfall, we pass the signal through a high-order positive derivative filter before evaluating its ZCR, as depicted in Fig. 5.2
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This process reduces the ZCR of the speech and increases the ZCR of music, however it will cause some delay. Figure 5.3 shows a case of a music sample with a ZCR less than a ZCR of a speech signal. The x-axis represents the index n for the nD and the y-axis represents the ZCR.
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Fig. 5.3. ZCR of music and speech after positive derivative.

Figure 5.4 shows the averages of the ZCR in speech, music and mixture after positive derivation of 50 times.

After these modifications, the results shown in Table 5.3 are improved to get new results in Table 5.4, which shows the accuracy of the discriminator for the index n=1 of nD. The thresholds of the ZCR after positive derivative should be recalculated in the training phase using the same procedure to get dth1=1.7477 and dth2= 2.6527.
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Experimentally, we observed that increasing the order of the positive derivation would not improve the accuracy of the discriminator. That is because we approach their steady states.

	Table 5.4. Results of the three-level classifier after applying the positive derivative

	Detection
	Speech
	Mixture
	Music

	Correct
	84 %
	37%
	70 %

	Error
	15% Mixture

1% Music
	32% Speech

31% Music
	18% Speech

12% Mixture


5.3.2 Voting technique

Using the voting discrimination technique, the discriminator improvement has an amazing effect on the results. The main idea is to use three discriminators simultaneously instead of two, the first one is the ZCR, the second one is the STE and the third one is the ZCR after one positive derivative. Using this procedure, the last six thresholds are used, then the results are passed to the voting algorithm and have the final results according to the majority vote. The two thresholds for each discriminator are shown in Table  5.5.

	Table 5.5. Thresholds of voting technique

	Discriminator
	th1
	th2

	ZCR
	1.4082
	2.2964

	(+ [ZCR]
	1.5790
	2.6527

	STE
	1.2007
	1.5016


After the training phase, the voting algorithm is tested using 600 segments of speech, music and mixture of both, with 200 segments each. The results of the three-level discriminator are shown in Table 5.6, which show a 15% improvement in identifying the mixture signal.

	Table 5.6. Results of the classifier using the voting

	Detection
	Speech
	Mixture
	Music

	Correct
	84 %
	52%
	70 %

	Error
	15.5% as Mix

0.5% as Music
	20% as Speech

28% as Music
	9% as Speech

21% as Mix


5.4 Special cases
The proposed algorithm can be reduced from a three-level to a two-level classifier by considering the mixture case as music or as speech. In this case, one threshold is considered. For this two-level case and after the training phase, Table 5.7 shows the suggested threshold in each of the three discriminators.

	Table 5.7. Thresholds evaluation

	Discriminator
	ZCR
	(+ [ZCR]
	STE

	Threshold
	1.4564
	1.7868
	1.2455


Based on Table 5.7 in the voting algorithm and using 400 segments in the test phase, 200 segments of each class, we get the results shown in Table 5.8.

	Table 5.8. Simulation results of speech and non-speech classification

	Detection
	Speech
	Non-speech

	Correct
	88 %
	84 %

	Error
	12% non-speech
	16% speech


After adding the voting technique, Table 5.9 shows threshold values after training phase and Table 5.10 depicts the results of the classification, which shows that the percentage rate of the error is lower in this case.

	Table 5.9.Thresholds evaluation

	Discriminator
	ZCR
	(+ [ZCR]
	STE

	Threshold
	1.5556
	1.8676
	1.2922


	Table 5.10. Simulation results of speech and non-speech classification with voting

	Detection
	Speech
	Non-speech

	Correct
	90 %
	91 %

	Error
	10% non-speech
	9% speech


6. Conclusion

In this paper, a three-level algorithm for the discrimination of speech, music and mixture signals was proposed. The algorithm was applied to 600 samples. The experimental results have shown that combining the ZCR and the STE algorithms produced good estimations of speech, music and mixture, especially after applying the positive derivative operator and the voting technique. If the signal was embedded in noise then its ZCR increased. It has also been noted that the voices of a child, a woman, and a screaming have very high ZCR value. We have also observed, during the training phase, that if there is noise embedded in the signal or the number of the silence periods is large, then the ZCR algorithm failed in the discrimination, however, the STE succeeded.
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مصنف للإشارات الصوتية، الموسيقية، والمختلطة ذو ثلاث مستويات

عبدالله إبراهيم الشوشان ، عطية محمد العطية*  و خالد المعشوق*
قسم هندسة الحاسب، كلية علوم الحاسب والمعلومات، جامعة الملك سعود ، ص .ب 51178،  الرياض  11543،

و *قسم الهندسة الكهربائية، كلية الهندسة، ص .ب 800،  الرياض  11421، الرياض ،

المملكة العربية السعودية
( قدم للنشر في 5/8/2001م ؛ وقبل للنشر في 19/3/2003م)

ملخص البحث. نظرا للتقنيات الحديثة لتحليل الإشارات الصوتية، الموسيقية والخليط منهما، فإن معالجة الإشارات الصوتية والموسيقية قد شهد تقدما ملحوظا، حيث إن استخدام تقنيات الصوتيات الكلاسيكية قد استخدمت في معالجة الموسيقى. في هذا البحث ،تم دراسة طريقة رياضية مقترحة لتصنيف الإشارات الصوتية والموسيقية والخليط منهما إلى ثلاث مستويات. و تم في هذه الطريقة الاعتماد على تقنيتين مشهورتين لتصنيف الإشارات الصوتية والموسيقية إلى مستويين فقط، وهما: طريقة تقاطع الإشارة مع محور الصفر، وطريقة طاقة الإشارة المحدودة في الزمن القصير، حيث تم في هذا البحث بعض التعديلات على التقنيتين المذكورتين كي نتمكن من إضافة تصنيف الإشارة المختلطة التي تحتوي على الصوت والموسيقى معا، إضافة إلى بعـض التحليلات الرياضية التي تم تطبيقها في هذا البحث على مكتبة صوتية تحتوي على أنواع الإشـارات الثلاث. في نهاية هذا البحث ، تم الحصــول على بعض النتائج الرقمية والبيانية لإثبات نجاح الطريقة المقترحة في النمذجة.
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Fig. 5.2. Positive derivative before ZC counting.















































Fig. 5.1. Membership function.














� The procedure that has been used to evaluate the thresholds th1 through th4 is derived from Fuzzy set theory [11] and [12]. It provides means for representing uncertainties and imprecision by producing a value of output between crisp sets (0 or 1) according to the membership function of Fig.5.1, In other words, the membership function of classical logic is either zero or one but in fuzzy logic it can take any continuous function. The fuzzy logic decision is done through defuzzification (Conversion of a fuzzy value to a single number.) There are four methods of defuzzification, the height method has been used here.  The final result is achieved throw the role bases described in Table 5.2.
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