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I. INTRODUCTION
Automated segmentation of speech signals has been under research for over 30 years. Many speech
processing systems require segmentation of Speech waveform into principal acoustic units. Segmentation is
a process of breaking down a speech signal into smaller units. Segmentation is the very primary step in any
voiced activated systems like speech recognition systems and training of speech synthesis systems. Speech
segmentation is performed utilizing Wavelet, Fuzzy methods, Artificial Neural Networks and Hidden
Markov Model. [1] [2]
In this research a review of basics of speech segmentation problem and state-of-the art solutions will be
investigated. In next section main characteristics of speech signal will be discussed. In section 3 main
aspects of speech segmentation problem will be shown. Trends in choosing segmentation units are discussed
in section 4. Types of speech segmentation are investigated in section 5. Section 6 deals with main speech
features that are used for segmentation. Different approaches used in assessment of automatic segmentation
process are discussed in section 6. Main methods used in segmentation of speech are investigated in section
7.
II. G ENERAL C HARACTERISTICS OF S PEECH
A continuous speech signal consists of two main parts: one carries the speech information, and the second
carries the silent or noise sections that are in between the utterances, without any verbal information.
The verbal (informative) part of speech can be further divided into two main types: Voiced and Unvoiced
speech. While humans speak all air paths through larynx, voiced sounds are generated when vocal cords are
semi closed while when they are opened unvoiced speech is generated.
In voiced speech is a relatively slowly changing periodic signal with case frequency of vibration of vocal
cords called pitch. Male’s contribution of pitch is commonly in the range between 50Hz to 250Hz while
female’s contribution of pitch lies between 120Hz and 500Hz.
Unvoiced speech sounds are produced by air passed directly through vocal tract formations. Unlike
voiced speech, unvoiced speech does not exhibit periodicity, and is characterized by a noise-like signal.
The speech production process involves producing speech utterances which are groups of successive
voiced and/or unvoiced sounds. These sounds usually are very smoothly connected.
Speech utterances are separated by silence regions. There is no excitation supplied to the vocal tract
during silence regions and hence there is no speech output. None-the-less, silence is considered an integral
part of speech signal [3]. Acoustic signals during silence regions are mainly background noise and speech
irrelevant mouth sounds.
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III. S EGMENTATION
Speech segmentation can be defined as the process of finding the limits (with specific characteristic) in
natural spoken language between words, syllables or phonemes. [4], [5]
The main objective of Speech segmentation is to serve other speech analysis problems such as speech
synthesis, data training for speech recognizers, or to fabricate and label prosodic databases. Therefore, it can
be viewed as a vital sub-issue for various fields in speech analysis and research. [6], [7]
The traditional approach handling this issue is by manual segmentation of speech, which is generally
performed by specialized phoneticians. However, this method is based on listening and visual judgment on
required boundaries which makes it inconsistent and time consuming. [8], [9]
Another method which is considered very convenient is an automatic segmentation. The speech can be
automatically segmented into sub word units which are defined acoustically. [10]
In Automatic speech Recognition ASR systems, segmentation can be performed:
(i) At the system training stage, when segmentation is applied to the training set recordings.
(ii) At the recognition stage. [5]
IV. S EGM ENTATION U NITS
The Speech recognition and synthesis systems need a speech signal to be segmented into some basic units
like Words, Phonemes, or syllables. Depending on the extent or size of vocabulary the decision of
representative units is made. Word is the most natural unit of segmentation. It's not suitable to use words as
the units for segmentation because of the absence of generalization and more memory space consumption.
[10]
Phonemes are the smallest segmental unit of sound employed to form meaning. The same phoneme in
various words has distinctive significance. There is an over generalization of phonemes. So the blend of
phoneme and words gives rise to next level basic unit of speech called as syllables. Syllable like units are
defined by rules, a syllable must have a vowel called its nucleus. [11]
The realization of a phoneme is strongly influenced by its adjacent phonemes. Phonemes are highly
context dependent. Hence, the acoustic variability of basic phonetic units due to context is extremely large
and is not well understood in many languages. [12][10]
V. T YPES OF AUTOMATIC

SPEECH SEGMENTATION

Automatic speech segmentation strategies can be grouped in various perspectives, however one very
common classification is the division to blind and aided segmentation algorithms.
1) Blind segmentation: The term blind segmentation refers to methods where there is no pre-existing or
external knowledge regarding linguistic properties, such as orthography or full phonetic annotation of the
signal to be segmented. Blind segmentation is applied in various applications, for example speaker
verification systems, speech recognition systems, language identification systems, and speech corpus
segmentation and labeling [13].
S o l u t i o n s t o t h i s p r o b l e m comprise of algorithms which do not require any background
knowledge about the phonetic content and are based predominantly on statistical signal analysis [26]. [5]
Due to the lack of external or top-down information, the first phase of blind segmentation relies
completely on the acoustical features present in the signal. The second phase or bottom-up processing is
normally built on a front-end parameterization of the speech signal, often using MFCC, LP-coefficients, or
pure FFT spectrum. [14]
2) Aided segmentation: Aided segmentation Algorithms use some sort of external linguistic knowledge
of the speech stream to segment it into relating segments of the wanted type. An orthographic or phonetic
transcription is used as a parallel contribution with the speech, or training the algorithm with such data. [15]
These algorithm types are computationally consuming. This group includes algorithms using recognition
with Hidden Markov Models (HMMs) [21], [22], [23], Dynamic Time Warping (DTW) [24] or Artificial
Neural Networks (ANNs) [25]. The algorithms of this group are employed only in the ASR system
training stage.
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One of the most common methods in ASR for utilizing phonetic annotations is with HMM- based
systems [16]. HMM-based algorithms have dominated most speech recognition applications since the 1980s
because of their high performance in recognition and relatively small computational complexity in the field
of speech recognition [17][18][19][20].
VI. T YPES OF FEATURES ARE USED

FOR SEGMENTING

Two types of signal features are used for segmenting speech signal: time-domain features and frequencydomain features.
A. Time-Domain Signal Features
Time-domain features are widely used for speech segment extractions. These features are useful when it
is needed to have algorithm with simple implementation and efficient calculation.
1) Short-Time Signal Energy: Short-time energy is the dominant and most natural feature that has been
used. Physically, energy is a measure of how much signal there is at any one time. Energy is used to discover
voiced sound, which have higher energy than silence/unvoiced sound in a continuous speech. The energy of
a signal is typically calculated on a short-time basically by windowing the signal at a particular time,
squaring the samples and taking the average. [27], [28]
The square root of this result is an engineering quantity, known as the Root Mean Square (RMS) value.
The short-time energy function of a speech frame with length N is defined as:
∑ [ (
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The short-term root mean square (RMS) energy of this frame is given by:
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Where x(n) is the discrete-time audio signal and w(n) is rectangle window function. [1], [29], [30],
[31]
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2) Short-Time Average Zero-Crossing Rate: The average zero-crossing rate refers to the number of times
speech samples change algebraic sign in a given frame. [27]
The rate at which zero crossings occur is a simple measure of the frequency content of a signal. It is a
measure of number of times in a given time interval/frame that the amplitude of the speech signals passes
through a value of zero. [32] Unvoiced speech components normally have much higher ZCR values than
voiced ones.
The short-time average zero-crossing rate is defined as:
∑
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And w (n) is a rectangle window of length N, given in equation (3). [1], [30]
B. Frequency-Domain Signal Features
The most information of speech is amassed in 250Hz-6800Hz frequency range. In order to extract
frequency-domain features, discrete Fourier transform can be used. The Fourier representation of a signal
demonstrates the spectral composition of the signal. [33]
1) Spectral Centroid: The spectral centroid is a measure used in digital signal processing to characterize
a spectrum. It indicates where the center of gravity of the spectrum high values corresponding to brighter
sounds. [34] [35]
The spectral centroid, SCi , of the i-th frame is defined as the center of gravity of its spectrum and it is
given by the following equation:
∑

( ) ( )
∑

( )

( )

Where x(n) represent the weighted frequency value, or magnitude, of bin number n,
and f(n) represents the center frequency of that bin in DFT spectrum. The DFT is given by the
following equation and can be computed efficiently using a fast Fourier transform (FFT) algorithm. [33]
∑

( )

Here, Xk is the DFT coefficients of i-th short-term frame with length N. [29], [1], [30]
2) Spectral flux: Spectral flux is a measure of how quickly the power spectrum of a signal is changing
calculated by comparing the power spectrum for one frame against the power spectrum from the previous
frame, also known as the Euclidean distance between the two normalized spectra. The spectral flux can be
used to determine the timbre of an audio signal, or in onset detection [36] among other things. The
equation of Spectral Flux, SFi is given by:
∑(| ( )|
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Here, Xi(k) is the DFT k-th coefficient of i-th short-term frame with length N, given in equation (7). [1],
[30]
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VII. AUTOM ATIC SPEECH SEGMENTATION METHODS
Some of the various methods involved in automatic segmentation are described below.
A. Wavelet Method
B. Zioko, S. Manandhar, Richard C. Wilson and M. Zioko has discussed the technique of the wavelet
method to recognize the beginnings and ends of the phonemes based on (DWT) analysis and with the aid
of spectral analysis, it happened to be an extremely effective technique. [37]
S. Ratsameewichai, N. Theera-Umpon, J. Vilasdechanon, S. Uatrongjit, and K. Likit- Anurucks have
divided the speech into low and high frequency components by breaking down the wavelet. Then they used
the energy contour to identify the boundaries of the phoneme. They have performed the experiment using
1,000 syllables data recorded from 10 speakers. The accuracy rates are 96.0, 89.9, 92.7 and 98.9% for initial
consonant, vowel, final consonant and silence, respectively. [35]
M. F. Tolba, M. E. Gadallah, T. Nazmy and A. A. Abdelhamid has presented a technique without any
linguistic information and based on wavelet transform and spectral analysis focused on searching the
transient between consonant and vowel parts. He performed the experiment using a set of 20 Arabic
words of which each of it recorded 6 times.
The accuracy rate obtained was about 88.3 % for Consonant-vowel segmentation. [38]
B. Artificial Neural Networks
J. Kamarauskas has presented a technique using perceptron and back propagation artificial neural
network to recognize distinctive phonemes, by utilizing various features of the speech signal used in speech
or speaker recognition (linear prediction coding, Cepstral coefficients, and coefficients of the Fourier
transform). He also determined that artificial neural networks can also be used in setting beginning and
end points of the word and separate voiced and non-voiced phonemes.
From his experiments he noted that the error rate of recognition of the back propagation artificial neural
network is lower than that of perceptron, but its training is much longer [39]
Y. Suh and Y. Lee have discussed the technique of implemented phoneme segmentation method using
MLP (multi-layer perceptron). The segmenter consisted of three elements preprocessor, MLP based
phoneme segmenter, and post processor. The pre-processor utilized a sequence of 44 order feature
parameters for each frame of speech, based on the acoustic-phonetic knowledge. The MLP has one hidden
layer and an output layer. The feature parameters for four consecutive inter-frame features (176 parameters)
are served as input data. The output value decides whether the current frame is a phoneme boundary or not.
In post processing, they have decided the positions of phoneme boundaries using the output of the MLP.
They have obtained 84 % for 5 msec accuracy and 87 % for 15 msec accuracy. When they decreased the
threshold by 0.4, they obtained 5 msec accuracy of 92 % with insertion rate of 3.4 % for the insertions that
are more than 15 msec apart from phoneme boundaries (The insertion rate is the ratio of the number of
frames incorrectly decided as boundary to that of total non-boundary frames). [40]
C. Blocking Black Area Method
Md. Mijanur Rahman, F. Khatun and Md. Al- Amin Bhuiyan offered a method for automatic speech
segmentation named blocking black area to block the voiced regions of the continuous speech signal to
distinguish voiced from unvoiced (silence) by utilizing Ostu's method for dynamic threshold, The edges of
the block are used as word boundaries in the continuous speech. To test the performance of the system,
the database contains 500 Bangla sentences with 3280 words. All the algorithms and methods used in this
research are implemented in MATLAB and the proposed system has achieved the average segmentation
accuracy of 90.58. [2]
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D. Short Term Energy
E. A. Kaur and E. T. Singh have used Short Term Energy of speech method for segmentation of speech
into syllables. Technique has been implemented in Matlab 7.8. Various speech signals in Punjabi have been
recorded and segmented. Proposed method has been implemented and analyzed for different Punjabi speech
signals. [10]
S. Hossain, N. Nahid, N. Nuzhat Khan , D. Gomes, S. Mohammad Mugab has a technique of Short Term
Energy of Speech Signal. The overall accuracy of speech samples was about 85%. [41]
E. Hybrid Speech Segmentation Algorithm
M. Kalamani ,S. Valarmathy and S. Anitha have discussed the technique of hybrid segmentation method
proposed for Automatic Speech Recognition. The segmentation methods are based on time domain features
and frequency domain features. The time domain features are short time energy, short time zero crossing
rate. The frequency domain features are spectral centroid and spectral flux. The features are extracted then a
simple threshold methodology is used to detect the boundaries of the word. Hence the segmentation is
characterized to breakdown continuous speech into a sequence of words or sub words. This method
achieved segmentation accuracy of 98.33% and error rate is 1.67%. [30]
F. Word Chopper Technique
N. Sharma and P. Singh have proposed the technique of segmentation of speech into syllables using
Word Chopper. They proposed a new approach which has three stages comprising of feature extraction, Rule
Matching and segmentation. [42]
G. Hidden Markov Model
P. Bansal, A. Pradhan, A. Goyal, A. Sharma, M. Arora has used for implementation for phonetic
segmentation and analysis of speech at phonetic level. The accuracy rate obtained was about 78.14%. An
observation by the researcher was more the states better the alignment and precision obtained during
modeling. [43]
J. Dines, S. Sridharan and M. Moody have explained the aspects of their automatic speech segmentation
system that they have used in conjunction with their speech synthesis research. It was based on a Hidden
Markov Model phone recognizer by using training strategies optimized for the segmentation task. They
illustrated their phone recognizer design and identified the differences in paradigms estimation for speech
segmentation. System evaluation demonstrates the ability of their system to provide high reliability speech
segmentation. [44]
A.
Stolcke, N. Ryant, V. Mitra, J. Yuan, W. Wang and M. Liberman have presented techniques for
boosting the accuracy of automatic phonetic segmentation based on HMM acoustic-phonetic models. They
have shown improved test results by using more powerful statistical models for boundary correction that are
conditioned on phonetic context and duration features. They concluded that combining multiple acoustic
front-ends gave an additional gain in accuracy, and that conditioning the combiner on phonetic context and
side information helps with results, which reduced segmentation errors on the TIMIT corpus by almost one
half, from 93.9% to 96.8% boundary accuracy with a 20-ms tolerance. [45]
VIII. C ONCLUSION
Key papers of techniques and methodologies have been read. Among the techniques investigated the
short term energy technique which suffered from the problem of thresholding. The Word Chopper based
segmentation cannot be used for segmentation of all words. In the neural network the error rate of
recognition of the back propagation artificial neural network is lower than that of perceptron, but its training
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is much longer. One of the efficient methods for segmentation of speech is Discrete Wavelet Transform
(DWT) because this method uses the frequency and time simultaneously. The most accurate and efficient
methodology researched was hidden Markov model as the results which were obtained was approximately
same as obtained using manual segmentation. [43]
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