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Abstract — The paper describes a novel method that improvises the procedure for supervised speaker diary compilation. The 
procedure supposes that the database of the speakers is available. Initially, the database and observation signal of the speakers, are 
prepared. The audio features have been extracted from the database and the observation signal. Instead of using one of Mel 
Frequency Cepstral Coefficient, Perceptual Linear Prediction, or Power Normalized Cepstral Coefficients, a combination of all of 
them have been used. The combination form of these features is independent, i.e. they are concatenated in the feature matrix. The 
comparison between features of observation signal and statistical properties of database features, has been made. A comparing 
procedure is used to make the decision of the logical mask for comparison. Both of bottom-up and top-down scenarios collaborate 
to complete the last decisions successfully. Diary compilation Error Rate test denotes that combination of features has less errors 
than any one alone. 

Keywords - Speaker diary compliation; Segmentation; Clustering; Mel Feature Cepstral Coefficient; Power Normalized Cepstral 
Coefficient; Perceptual Linear Predictive. 

 

I. INTRODUCTION 

Speaker Diary compilation is speech signal processing 
dealing with the dialogue conversation among persons. 
Although more than one speaker participate on the dialogue, 
the dialogue format is the talking of only one person alone 
at any specific time. This description is the ideal format of a 
dialogue, but real format of a dialogue contains an 
overlapping periods of mixture speech between more than 
one talkers. In addition to dialogue and mixture speech, the 
conversations may contain background noise and unwanted 
signals (e.g. the coughing) [1] [2]. 

Mixture speech is different format of conversation, 
where, more than one speaker are talking simultaneously at 
specific time. Speech separation is audio and speech signal 
processing which deals with mixture speech. Almost, speech 
separation has different approaches to overcome mixture 
problem and restore the isolated speech of each speaker [3]. 

When the input of diary compilation or separation is 
only the observation signal, the processing is unsupervised 
Machine Learning ML. They are called speaker diary 
compilation and Blind Speech Separation respectively. But 
sometime, a useful information can be evolved during the 
unsupervised ML processing, then if this information 
supports the job, the ML becomes semi-supervised ML. In 
contrast, when the database and/or information about 
speech/ speaker are available initially with the observation 
signal, the processing is called Supervised ML [4], and the 
above processing are called Supervised Speaker Diary 
compilation and Informed Speech Separation [5] 
respectively. Fig. 1 illustrates the typical block diagram of 
supervised speaker diary compilation. The inputs are the 
speaker’s database in addition to the observation dialogue 
speech signal (Fig. 2 line 1). The outputs (Fig. 2 lines 2, 3 & 
4) are the isolated speech signals of each speaker alone A, B 
or C in addition to the errors. Fig. 2 shows illustrative time 

domain of ideal inputs and outputs speech signals of speaker 
diary compilation process. The conversations (dialogue) are 
arbitrary configured from 3 speakers. Each one is speaking 
alone, either A, B or C. 

Speaker diary compilation consist of two main 
processing, Speaker Segmentation and Clustering. The task 
of the segmentation is the finding of the switching instances 
from any speaker to next speaker. For Fig. 1 example, the 
finding of these instances (from A to B, from B to C, from 
C to B, from B to A, from A to C and from C to A) 
produces 7 segments of speech signal. The task of clustering 
is the assignment of the 1st, the 5th & the 7th segments to 
the cluster A; the assignment of the 2nd & the 4th segments 
to the cluster B; and the assignment of the 3rd & the 6th 
segments to the cluster C. The clusters A, B and C belong to 
the speakers A, B and C respectively [6]. 

For the speaker segmentation, initially, the input signal is 
prepared by removing unwanted signals, then the audio 
features (coefficients) of the input signal are extracted. PLP, 
MFCC, LFCC, PNCC… etc. are well-known algorithms for 
extracting the features. The mathematics can describe the 
statistical model of these features e.g. Gaussian Mixture 
Model and/or describe the chances of transitions from 
specific state to other using Hidden Markov Model HMM. 

 
 
 
 
 
 
 
 
 

Figure 1.  Typical block diagram of supervised Speaker Diary 
compilaiton. 
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Figure 2. Ideal Speaker Diary compilation, the 1st line is the input 

observation signal (dialog conversation); the 2nd , the 3rd and the 4th lines 
are the outputs signals (speech of the persons A, B & C respectively). 

 

For the clustering process, the segments are configured 
hierarchal, then starting from the top or the bottom of this 
configuration. Iteratively, the process divides the segments 
to clusters, where number of clusters equal number of 
speakers. Feedback loop is necessary to perform the 
iteration.  

Speaker diary compilation has different application on 
multimedia, broadcasting, banking, conferencing…etc. [7]. 
Recently, many software for speaker diary compilation are 
available e.g. ALIZE [8]. Some of these software are free 
open source. 

II. EXTRACTION OF AUDIO FEATURES 

Because of limitation of the time domain representation 
of the audio signal on its processing, other representation of 
such signal had been employed. Via the classical STFT, 
frequency domain was the first choice. STFT is an all-pass 
liner-scaled filter-bank based on the mapping of time domain 
to frequency domain, mathematically. Several decades ago, 
coefficient-domain was suggested to transmit audio by the 
sending of the corresponding confidents of the signal instead 
of the signal itself. In addition to the traditional linear-scaled 
STST filter-bank, other nonlinear-scaled had been utilized. 
Those scales are, experimentally, found according to the 
natural behavior of cochlea of human ear. There are three 
famous rescaling. The first is the Critical-Band Frequency 
Integration, Equivalent Rectangular Bandwidth ERB. The 
ERB formula is: 


)137.4(7.24)(  ffERB 


 

where f is the center of linear-scaled filter-bank (by Hz), and 
ERB (f) is its corresponding nonlinear ERB scale. The 
second scale is the Triangular Frequency Integration. Mel-
scale. The Mel-scale formula is: 


)700/1(log2595)( 10 ffM   (2) 

The third scale is Gammatone Frequency Integration, 
Bark-scale. The Bark-scale formula is: 


)1960/(81.2653.0)( fffB   

 

(3) 

Since the mathematical formula of these nonlinear filter-
banks cannot be derived, experimentally, the measurements 
are the alternatives. Since the characteristics of the human 
hearing are non-standard and different from listener to other 
listeners, all the above scales have their other formulas. 

Decade by decade, more of algorithms have been trialed, 
successfully, for the extracting of audio coefficients 
(features). The tasks of these features was expanding to solve 
problems of speech recognition, speaker identification and 
verification, speaker diary compilation...etc. [9]. 

Figure 3. ERB, Mel & Bark frequency domain scaling. 

Most of those are based on the above nonlinear scales. 
The Mel-Frequency Cepstral Coefficients MFCC uses 
triangular filters those centers located according to Mel-
scale. ERB is used for Perceptual Linear Predictive PLP to 
extract its features. The RASTA filter is located inside PLP 
processing to robust its ability to perform this task, which is 
called RASTA-PLP. Power Normalized Cepstral Coefficient 
PNCC is the last algorithm that extract the audio features. 
Bark-scale is used for PNCC. There are several other 
methods for extraction the audio features, but the above three 
have been used in this paper. For specific DSP fields, these 
algorithm can use linear scale instead of the nonlinear 
successfully. Vertically, Table I summaries the time-domain 
sequences of the MFFC, the RAST-PLP and the PNCC [10]. 

TABLE I.  PROCEDURES OF MFCC, RASTA-PLP AND PNCC 

MFCC RASTA-PLP PNCC 
Pre-emphasis 
Filter

None Pre-emphasis 
filter 

STFT STFT STFT 
Square of magnitude Square of magnitude Square of magnitude

Triangular frequency 
integration Mel scale 

Critical-band 
frequency 
integration ERB-
scale 

Gammatone 
frequency integration 
Bark scale 

None Nonlinear 
Compression 

None 

None RASTA Filtering Time-Frequency 
Normalization 

None Nonlinear Expansion Mean-Power 
Normalization 

Logarithmic 
Nonlinearity

Power-Function 
Nonlinearity ( )1/3 

Power-Function 
Nonlinearity ( )1/15

DCT IDCT DCT 
None LPC-Based Cepstral 

Recursion
None 

Mean Normalization Mean Normalization Mean Normalization
Output the Features Output the Features Output the Features

Bark ERB Mel 

Frequency (Hz) 
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III. PROCESSING OF DATABASE 

Standard TIMIT library of speech has been used for the 
implementing of the paper process [11]. Approximately, the 
database of the library is 20 minutes speaking for each 
Female F and Male M. This time is enough for covering the 
required statistical properties of the speaker. Each speech 
signal is divided to overlapped frames. The overlapping 
between the adjacent frames is 2/3 of any frame period. The 
frame is scaled by hamming window. The period of each 
frame is 32 msec, so the increment frame is 10.75 msec i.e. 
1/3, approximately. 10.75 msec is chosen, because the ML 
of the system is speaker dependent, and the speech keeps its 
statistical stationary characteristics for the short times, 
approximately, equal 10 msec. The sampling frequency is 
8000 samples/sec, so each frame consists of 256 samples 
and the increment is 86 samples. Each speech file contains 
Nt of speech samples. Number of overlapped frames Nf is Nt 
/86. To remove the unwanted unvoiced speech signals, pitch 
detection algorithm is used e.g. YAAPT [12].  

The MFCC, the RASTA-PLP and the PNCC features 
(coefficients) of these speech signals, are extracted. The 
procedure is done frame by frame; with 13 features per 
frame. Total features of the MFCC, the RASTA-PLP or the 
PNCC are configured as 13-by-Nf matrix. For F, the features 
matrices of the MFCC, the RASTA-PLP and PNCC are Mf, 
Rf, and Pf respectively and each matrix is 13-by-Nf. For M, 
the features matrices of the MFCC, the RASTA-PLP and 
PNCC are Mm, Rm, and Pm respectively and each matrix is 
13-by-Nf. For any matrix, the first row is the collection of 
the first feature sequentially frame by frame. The first 
column is contains the 13 features of the first frame and so 
on for the other rows and columns. 

The above database is adequate for the requirements of 
supervised ML and speaker dependent process. According 
to our framing for the TIMIT recorded speech, each speaker 
(F or M) signal can extracts about 12,000 set of features. 
Each matrix (of those 6 M matrices) is 13 12,000. 
Statistically, each feature has 12,000 trials.  

To prepare the statistical characteristics of the features, 
one by one, Histogram of each one is calculated at first. 
Histogram does not have fair balance in the comparison 
between any two patterns. Per unit histogram, which is the 
Probability Density Function (PDF) has this balance 
perfectly. The results are, 13 PDFs per speaker for MFCC, 
PLP and PNCC. Feature-by-feature, pattern of both speakers 
are prepared. The final PDFs are shown the in Fig. 3 4 & 5 
for the best and the worst cases of the 13 features. The best 
feature for the MFC is the 1st, for the PLP is the 7th and for 
the PNC is the 12th. The worst features for the MFC is the 
5th, for the PLP is the 11th and for the PNC is the 1st. These 
are according to the Euclidean Distance (EDM, EDR and EDP 

for MFCC, RASTA-PLPC and PNCC respectively) between 
the patterns of the features of F and M [13]: 

 

|||| 2222
mffmM MMMMED    (4) 

|||| 2222
mffmR RRRRED   

|||| 2222
mffmP PPPPED   

(5)
 
(6) 

|.| is the absolute-value operator. Neither MFC, PLP nor PNC 
has the perfect ability to extracts the optimal audio features 
because the ED of each feature is fluctuating. But, co-
operatively, ED of them, almost, has distances those 
indicates that the overlapped area between F & M patterns 
are acceptable. Traditionally, the cooperation between MFC, 
RASTA-PLP and PNC can be expressed by concatenation 
matrix form ||M||P||N|| of their matrices [14]. The condition 
for MFC, PLP and PNC concatenation is the dimensionality 
of their matrices. This condition can be exist by choosing 
equal number of features per frame for each of them. In 
addition to that, period of the incremental frames are equal 
for all of them (we suppose that all of them have the same fs). 
This matrix alignment is independent combination and it 
does not have the ability to create any interactions 
between || fM , || fR and || fP . In order to create this 

interactivity, dependent combination between them is tested 
in this paper. Several mathematical relationships between 
these matrices have been trialed. According to the output 
results, the best is the addition between these matrices: 



|||||| ffff PRMMRP   

|||||| mmmm PRMMRP   

|||||| fmfmfmfm PRMMRP   
  







Obviously, the ED of this combination is not the best for 
all the 13 features, but it has the ability to avoid the worst 
cases (large amount of overlapping). In Fig. 4 12 features 
have acceptable ED compared with the ED of each one alone 
of MFCC, PLP & PNCC. The exception is the 5th feature, 
and the reason of this exceptionality is the 5th feature of each 
one of MFCC, PLP & PNCC are bad ED. Fig. 5 & 6 
illustrate the situation of the best of them alone and the best 
feature of the dependent combination. The Fig. 5 & 6 also, 
shows the worst cases according to the ED. 

 

Figure 4. Eucledian distances between PDF patterns of, F & M, of 13 
features (MFC, PLP, PNC and Combination). 
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Figure 5. The best feature for the MFC is the 1st, for the PLP is the 7th, for the PNC is the 12th and for the combined features is the 8th. 

Figure 6. The worst features for the MFC is the 5th, for the PLP is the 11th, for the PNC is the 1st and for the combinded features is the 5th. 

IV. PROCESSING OF OBSERVATION SIGNAL 

A. Segmentation 

From TIMIT standard library [11], for the same speakers 
F & M, observation signal is prepared. The signal is a 
conversation between them. It is 2 minutes of a dialogue 
speech. The same procedure of the database processing is 
used, i.e. same sampling frequency, large frames, Hamming 
windowing, incremental period…etc. YAAPT also removes 
the unwanted signals. 

For the segmentation process, the same previous 
algorithm (of the database) has been used. The features of 
the observation signal is extracted using the MFCC, the 
RASTA-PLP & PNCC. For each method, 13 features is 
extracted from each frame. The dependent combination 
forms the vector of each frame because the process of 
clustering is implemented frame by frame. Each vector is 
the result of addition of the 3 vectors of three above 
methods. Parameters of observation signal processing 
should be the same of the parameters of the database 
processing (samples per frame, filter per frame, features per 
frame... etc.).  

B. Clustering and Scenarios 

The second part of speaker diary compilation is the 
clustering process. This process assigns each segment to 
specific speaker. Number of clusters is equal number of the 
speakers who are involving with the conversation 
observation signal. Hierarchal Scenarios is used in this 
paper to perform the clustering task. There are two 
scenarios, Top-Down and Bottom-Up. Top-down scenario 
supposes that all the segments belong to one speaker then 
eliminates the undesired segments one-by-one till reaches to 
the steady state. Feedback loop is essential to perform this 
task. Iterations of this loop continue till the constraints be 

existed. Bottom-up scenario supposes that each segment 
belongs to one speaker then merges the adapted segments 
together and produces one cluster. One-by-one till reaches 
to the steady state, the scenario collects clusters equal to 
number of speakers. Feedback loop is essential to perform 
this task also using the same steps, where, iterations of this 
loop continue till the constraints be existed. Fig. 7 illustrates 
the basics of these scenarios. 

Instead of the segments, the clustering (this paper) is 
collecting the frames because they do not need the segment 
processing and the switching times between any frame and 
its adjacent are known. This paper uses the bottom-up 
scenario, so the process try to merge the adjacent frames. 
Each frame has two types of neighbors, adjacent frame and 
non-adjacent. Except the first and the last frames, each 
frame has two adjacent frames at Left Hand Side LHS and 
Right Hand Side RHS. Also, each frame has large number 
of non-adjacent frames at LHS and RHS. Adjacent frames 
have more effects on the correction of the merging decision 
than the non-adjacent. But, limited number of the adjacent 
(two) reduces the ability for making the decision. In 
contrast, non-adjacent frames are more than two but their 
abilities for correction are poor. The compromised solution 
for this case is the choosing of the double adjacent frames in 
addition to several effective non-adjacent [15]. 

    

 
Figure 7. Typical diagram of the Hierarchal Scenarios of clustering. 
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V. IMPLEMENTATION AND TEST 

The following procedure is the overall implementation. 
From TIMIT [11], speech database of F & M is prepared. 
Each speech file is about 20 minutes of speaking. Arbitrary, 
the dialogue input observation signal FM also prepared from 
this library. The signal is 8 minutes. The speech 
configuration of this signal is 2 minutes for F then 2 minutes 
for M then 2 minutes for F and then 2 minutes for M. This 
signal is the upper line in Fig 8. Each speech signal is 
divided to frames of signal. Duration of each frame is 32 
msec, i.e. 256 samples per frame (sampling frequency is 
8000 Hz). The overlapping between each adjacent frames is 
170 samples (67%). The incremental period is 10.75 msec 
(256 – 170 = 86 samples). Each frame is scaled by 
Hamming window. Using the YAAPT algorithm [12], 
unwanted signals are removed from the three speech signals 
F, M & FM. For each signal, the methods MFCC, RASTA-
PLP then PNCC extracts the audio features, method by 
method. 13 features per each frame is extracted for each 
method. The resulting features of MFC, RASTA-PLP then 
PNC are formatted as 9 matrices Mf, Rf, & Pf for F; Mm, Rm, 
& Pm for M; and Mfm, Rfm, & Pfm for FM. Using the equation 
6 & 7, MRPf, MRPm & MRPfm are calculated. 

 In order to define the statistical chances of MRPf & 
MRPm each one alone, Histogram of both of them is 
calculated for each feature of the 13. To avoid the 
possibilities of unfair, two alignments are done. The first is 
the finding of the distance between the maximum and the 
minimum values of each matrix elements. This distance 
represents the resolution of the histogram. The second 
alignment is the per-uniting of the histogram, i.e. the 
defining of the PDF of each feature. The right curves in Fig 
5 & 6 are the PDF of the best and the worst of these 
combined features. 

The audio features of the observation signal is located 
inside the 13-by-Nf matrix MRPfm, where, Nf is number of 
frames of this signal. The frames are arranged frame beside 
it’s the following-in-time frame. This configuration makes 
that each frame has relationship with its RHS & LHS 
adjacent neighbor frames. Because the time of each frame is 
10.75 msec, this relationship is strongly enough [15]. We 
suppose that this relationship of the non-adjacent frames is 
less than the adjacent. This reduction will be increased when 
the distance between the frames become larger. These 
details are useful for the frames clustering by the down-up 
scenario. For each frame, its relationships with the neighbor 
(adjacent and non-adjacent) frames, determine the identity 
of this frame, F or M. For each frame, the best number of 
neighbor frames are 20 to 30, i.e. 10 to 15 for RHS and 10 
to 30 for LHS. For the optimized results, iterative loop is 
performed according to the suitable constraints. The 
masking of this procedure is logical (F or M), and the 
resulting are two speech signals, the first is F plus the error 
(M signal) and the second is M plus the error (F signal). 

The 2nd & the 3rd lines in Fig. 8 are the outputs when 
MFCC is used; the 4th & the 5th lines are the outputs when 

RASTA-PLP is used; the 6th & the 7th lines are outputs 
when PNCC is used and the 8th & the 9th are the outputs 
when dependent combined features is used. 

Subjectively, the combined-dependent-features method 
improves the results positively. The listener evaluate this 
modification and they answered those are an improvement. 
For the clear investigation, objective test is calculated. The 
well-known Diary compilation Error Rate DER [16] is 
chosen to evaluate and compare this procedure with the 
tradition procedures: 
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(10) 

where F is total number of speaker Frames. The observation 
and outputs speech have the same speakers. Nref(f) and 
Nhyp(f) are the number of the person who is speaking in the f 
frame. Ncorrect is the number of persons who are speaking in 
f. The calculated DER for the four methods is tabulated in 
the TABLE II. The results indicate, clearly, that there are 
better output diary speech signals. 

TABLE II.  PERCENTAGE DIARY COMPILAITON ERROR RATE OF MFC, 
PLP & PNC, COMPAIRED WITH  THE COMBINED-DEPENDENT FEATURES 

METHOD. 

DER MFCC PLP PNCC COMBINED-DEPENDENT 

F 7.2% 5.7% 12.5% 3.1% 

M 1.2% 20.6% 1.3% 2.0% 

ALL 4.5% 15.3% 7.1% 2.7% 

VI. CONCLUSIONS 

The described procedure is based on the interactive 
dependent combination of the MFCC, the PLP, the PNCC 
modifies these algorithms, positively, when they are using 
each one alone or they are combined independently. The 
subjective tests tell us about this improvement, in addition 
to the objective test DER which is calculated, and its results 
obvious this improvement. This procedure is checked 
successfully for two speakers only with different genders. 
For the audio and speech DSP, each ML & PR algorithm 
alone has positive & negative properties, but the dependent-
combined form(s) of them, much times, can reduce(s) their 
negative effects and/or expand their positive effects. The 
dependent combination, sometimes also, is better than the 
traditional concertation independent combination. 

VII. FUTURE WORKS 

In this paper, the inner addition between the matrices of 
audio features is used to create the dependency between the 
different features. In the future, there are other different 
mathematical operations which can be investigated to check 
their adaptively for the ML & PR dependency. 
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Figure 8. The 1st line is the input signal. The 2nd & the 3rd are F & M of 
MFCC. The 4th & the 5th are F & M of PLP. The 6th & the 7th are F & 
M of PNCC. The 8th & 9th are F & M of dependent combined of them. 

REFERENCES 

[1] M. T. Knox, "Speaker Diary compilaiton: Current Limitations and 
New Directions," PhD desertaion, University of California, Berkeley/ 
Electrical Engineering and Computer Sciences, 2013. 

[2] X. A. Miro, S. Bozonnet, N. Evans, C. Fredouille, G. Friedland and O. 
Vinyals, "Speaker diary compilaiton: A review of recent research," 
Audio, Speech, and Language Processing, IEEE Transactions on, vol. 
20, no. 2, pp. 356-370, 2012. 

[3] Cooke, M., and Te-Won Lee. "Speech separation challenge, 2006."
http://www.dcs.shef.ac.uk/martin/SpeechSeparationChallenge.htm 

[4] M. Mohri, A. Rostamizadeh and A. Talwalkar, Foundations of 
machine learning, MIT press, 2012. 

[5] A. Liutkus, J.-L. Durrieu, L. Daudet and G. Richard, "An overview of 
informed audio source separation," in Image Analysis for Multimedia 
Interactive Services (WIAMIS), 2013 14th International Workshop on, 
2013. 

[6] S. E. Tranter, D. Reynolds and others, "An overview of automatic 
speaker diary compilaiton systems," Audio, Speech, and Language 
Processing, IEEE Transactions on, vol. 14, no. 5, pp. 1557-1565, 
2006. 

[7] M. Rouvier, G. Dupuy, P. Gay, E. Khoury, T. Merlin and S. Meignier, 
"An open-source state-of-the-art toolbox for broadcast news diary 
compilaiton," IDIAP Resraech Report 2013. 

[8] J.-F. Bonastre, N. Scheffer, D. Matrouf, C. Fredouille, A. Larcher, A. 
Preti, G. Pouchoulin, N. W. Evans, B. G. Fauve and J. S. Mason, 
"ALIZE/spkdet: a state-of-the-art open source software for speaker 
recognition.," in Odyssey, 2008. 

[9] J. O. Smith III and J. S. Abel, "Bark and ERB bilinear transforms," 
Speech and Audio Processing, IEEE Transactions on, vol. 7, no. 6, pp. 
697-708, 1999. 

[10] C. Kim and R. M. Stern, "Power-normalized cepstral coefficients 
(PNCC) for robust speech recognition," in Acoustics, Speech and 
Signal Processing (ICASSP), 2012 IEEE International Conference on, 
2012. 

[11] J. S. Garofolo, L. F. Lamel, W. M. Fisher, J. G. Fiscus and D. S. 
Pallett, "DARPA TIMIT acoustic-phonetic continous speech corpus 
CD-ROM. NIST speech disc 1-1.1," NASA STI/Recon Technical 
Report N, vol. 93, p. 27403, 1993. 

[12] S. A. Zahorian and H. Hu, "A spectral/temporal method for robust 
fundamental frequency tracking," The Journal of the Acoustical 
Society of America, vol. 123, no. 6, pp. 4559-4571, 2008. 

[13] M. M. Deza and E. Deza, Encyclopedia of distances, Springer, 2009.  

[14] V. Vapnik, The nature of statistical learning theory, Springer Science 
\& Business Media, 2013. 

[15] N. Evans, S. Bozonnet, D. Wang, C. Fredouille and R. Troncy, "A 
comparative study of bottom-up and top-down approaches to speaker 
diary compilaiton," Audio, Speech, and Language Processing, IEEE 
Transactions on, vol. 20, no. 2, pp. 382-392, 2012. 

[16] http://www.nist.gov/speech/tests/rt/rt2006/spring/docs/rt06s-meeting-
eval-plan-V2.pdf. 

 


