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Abstract: - Speaker identification applications are the highly commercialized during the speaker 
recognition and voice biometrics applications. Like other applications it has been experiencing an 
increasing market and investor interest [1]. However, it is still an open area for research. In this paper we 
considered creating a real-time speaker identification system as an optimization problem. However, many 
researches proceeded in this direction. Here, we took a newly proposed technique proposed by Karpov [2] 
to compare our technique with it. The results, when testing both systems on ELSDSR voices database, 
show that the newly proposed technique is better than the old proposed one in terms of timing, memory 
usage and accuracy. 
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1 Introduction 
Speaker Identification (SID) is a process of 
recognizing who is speaking on the basis of 
individual information included in speech waves 
[3]. It is done by comparing the speaker speech 
waves with others stored in the database in order 
to identify the closest match of speeches. The 
input of the system is the speech data and the 
output is the identified speaker information like 
number, name, image, etc. Speaker Identification 
applications include access control and 
telephone banking. It is reported that high-tech 
computer thieves annually steal multi billion 
dollars in the US. Automatic Speaker 
Recognition (ASR) can substantially reduce this 
crime by reducing these fraudulent transactions 
[6].  
In this paper, we focus on an optimization 
problem. The main purpose is to increase the 
speed of SID. We exploit FFCM [3] to increase 
accuracy and decrease distortion while existing 
systems [2] use Vector Quantization as a 
clustering technique in the pattern matching step. 
FFCM performs better in terms of time than VQ 
[3] because it excludes points unnecessary in the 
calculation step in each iteration while VQ 
considers all points. Since FFCM does not fall in 

local minimas as other gradient descent 
algorithms, similar to VQ, it finds the best 
cluster for each group and does not stop before 
that. 
Many versions of Speaker Pruning have been 
proposed for matching and decision making [13, 
14]. Pre-Quantization Pruning was used with 
Cohort Scoring [15, 16]. Users’ Pruning 
algorithms proposed earlier need the time to 
detect speech tokens and compare with the 
Speech database to prune users one by one 
which means that it is a time taking process. 
Instead, we use P-Tree search to reduce the time 
for comparing codebooks for all sounds linearly 
rather than making too many iterations to prune 
users one by one. This search compares by group 
cluster, if it fails, it compares group by group, 
and the best cluster with acceptable error is 
being chosen.  
The performance results show that the proposed 
scheme increases accuracy as well as 
performance and shows better results than 
Karpov’s scheme on the test environment. 
This paper is organized as follows. Section 2 
describes the related work. Section 3 explains 
design considerations and Section 4 provides the 
details fo the proposed scheme. Performance 
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evaluation is discussed in Section 5. Conclusion 
follows in Section 6. 
 
 
2 Related Work 
A large number of techniques have been 
proposed for SID systems, but with different 
modeling algorithms. [2, 4, 5, 6, 7] While some 
of them use Neural Networks (ANN),[12, 18] 
others [2, 4, 5, 6] exploit clustering techniques 
such as VQ. And because VQ is known to be 
faster than ANN in terms of training and does 
not require empirical parameters’ definition such 
as network structure (topology), it is preferred to 
be used in real-time systems, unlike ANN where 
it needs long training times and predefinition for 
network structure and layers.[17] 
Karprov’s approach contains two major 
components that need to be improved: the 
clustering part, and the matching part. It was 
chosen because it is the most recent, and the 
most efficient among previously proposed real-
time speaker identification systems. 
As for clustering, VQ is used in most speech 
applications that needs clustering, but looking 
from another side will show how VQ is time 
consuming, compared with FFCM, and this is 
concluded from the different ways of 
calculations for them. VQ is a statistical 
approach that includes all data points in 
clustering calculations regardless of their 
position on the multi-dimensional space as 
outliers or they are suitable to represent the data 
points or not. Another drawback for VQ is that it 
falls simply in local minima, and thus no optimal 
solution can be found.  
Fuzzy C-Means (FCM) is a data clustering 
technique wherein each data point belongs to a 
cluster to some degree that is specified by a 
membership grade. This technique was 
originally introduced by Jim Bezdek in 1981 
[19] as an improvement on earlier clustering 
methods. It provides a method that shows how to 
group data points that populate some 
multidimensional space into a specific number of 
different clusters. 

FFCM [3] is an extended algorithm of FCM. 
FCM is an unsupervised clustering technique 
that finds representatives of the multi-
dimensional data based on similarity. Similarity 
measure, which is widely used, is Euclidean 
Distance. Membership or relativity of each point 
to its centroid has a fuzzy value. Higher 
membership means more similar points. FCM is 
a learner technique that needs more iterations to 
find almost specific centers with low error rate. 
Error rate is calculated by the mean square error. 
As for the matching part, the previous model 
uses Pre-Quentization Pruning (PQP) which is a 
merged technique between Static Pruning (SP) 
and Pre-Quentization (PQ) algorithms. SP idea is 
to maintain an ordered list of the best matching 
speakers. At each iteration of comparison, M 
vectors of the clustered speech are inserted for 
comparison reasons. Then, the worst K matching 
sounds in the database will be removed from the 
comparison at the next step. During this process, 
scoring is being updated cumulatively and 
efficiently. 
 
 
3 Proposed Scheme 
In this paper, we focus on building a similar 
system to the one proposed by Karpov [3] and 
apply our modifications to get better 
performance and accuracy. The first 
modification is to apply FFCM instead of VQ in 
the same system. The second modification is to 
use P-tree search instead linear search for 
matching. All the work is done in the matching 
and searching steps, and modifies clustering and 
searching techniques in different ways.  
FFCM solves the problems of VQ described 
above. First, it includes only specific points 
based on their relativity to a centroid position. 
Second, it does not fall in local minima. Third, it 
finds better centroids than VQ, and saves time 
by reducing the number of iterations needed for 
calculations using a good initialization 
technique.  
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3.1 FFCM Work (1st Modification) 
First part of modifications is to replace VQ by 
FFCM. In this part, where the applied algorithm 
must cluster the received dataset, FFCM does 
exactly the same as VQ but with more speed. 
Both algorithms take the dataset, received from 
the MFCC step, and consider the clustering 
dataset. The acceleration happens because of 
some modifications to the basic algorithm, FCM, 
to be faster. These modifications are in the 
initialization part and the calculations part. In the 
initialization part, the initial points to start 
clustering are no more selected as random unreal 
points; instead staring points are randomly 
selected from within the dataset. In the 
calculations part, the regular FCM is allowed to 
run five iterations only to allow the algorithm to 
approximate the final cluster centers, then points 
will be entered in the calculations depending on 
their membership values. In [3] the suitable 
membership value was 0.7 to consider a point in 
its cluster calculations, and this value was fixed 
for all our experiments. The stopping criterion 
was to calculate the same cluster twice with an 
error of 10-5 which includes that the algorithm 
has converged to an exact cluster center. After 
running FFCM on the features dataset a 
clustered features’ set will be sent to the 
matching step or to the enrollment part. 
 
 
3.2 Matching Work (2nd Modification) 
The proposed P-Tree search solves the problem 
of PQP identified by the cumulative scoring 
methodology and the multi-iteration users   
pruning. P-Tree search calculates scoring 
depending on the distance in a multi-dimensional 
space and conducts cluster-by-cluster search. 
The aim of using P-Tree search is to increase the 
matching speed by changing the database search 
technique. Originally, after running FFCM in the 
training part, clusters must be shaped as a tree. 
After clustering the results, each speaker should 
have his own cluster centers. In the old 
technique, the whole speaker features must be 
matched with the whole database more than once 
in order to prune speakers' tree until one speaker 

is found. The proposed solution reduces this 
overhead by conducting comparisons cluster by 
cluster. If no match is found within an error 
margin, the users will be compared one by one. 
The search methodology is similar to the 
Breadth-First Search. 
 
 
4 Performance Evaluation 
For evaluation, we use the ELSDSR database. 
The language of the DB is English, and it 
contains two parts, training part which contains 
161 speeches for 23 persons (7 for each), and the 
testing part which contains totally different 46 
speeches for the 23 persons (2 for each). 
Sampling rate is 8 KHz for all sounds. Speakers 
in the DB are 10 Females, 13 Males, ages 
covered from 24 to 63. All are Danish except 
one international student. Each person is given 
seven different sentences each of which is two 
lines to train the system. However, two more 
different paragraphs are used for testing sounds. 
As shown in Figure 1, the evaluation results 
show that using FFCM in the matching step 
gives better results than using VQ for 128 
clusters for each person’s speech. For a small 
number of clusters, VQ shows better results but 
not as accurate as using FFCM in 128 clusters. It 
is because FFCM identify users using the small 
error margin accepted for each user (10-5). 
Rather than committing a false acceptance, it 
commits a false reject, which is considered more 
secure. As for 128 clusters, it is considered 
enough data to take a correct decision. We repeat 
the tests for 15 times. 98% accuracy is achieved 
only once and 100% for the other 14 times. 
It is apparent that the more clusters used, the 
more accurate results. It is because the 
representatives are few numbers of points which 
help saving more information in the codebook, 
but the more space to save is needed also. 
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Fig.1: FFCM Vs VQ accuracy results 

 
Figure 2 shows the difference in average time 
needed for identification for each new user. 
FFCM runs faster than VQ in terms of time for 
all clusters sizes because it considers a 
decreasing number of points in the calculation 
process. 
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Fig.2: FFCM Vs VQ average time used for 

identification for each user 
 
Table 1 show the overall results obtained after 
running VQ and FFCM in terms of accuracy 
(Acc), error rate (ER), failure rate (FR) and 
Average Identification Time (AIT).  
 

Table 1: Results after testing FFCM and VQ 
  

VQ 
 (128) 

FFCM 
(32) 

FFCM 
(64) 

FFCM 
(128) 

 Acc (%) 89.1 2 11 98-100 
 ER (%) 10.9 60 19.5 0-2 
 FR (%) 0 38 69.5 0 
 AIT(Sec) 2.6 0.1 0.7 1.18 

 
The table shows a comparison of results 
obtained. The small number under each 

algorithm name indicates the number of clusters 
considered. 
The smallest number of clusters the less 
calculations needed, and the less time also. The 
table also shows that FFCM increases accuracy 
with the increasing number of clusters with 
decreasing error rate. 
For the first glance you might think that failure 
rate and error rate are the same, but the most 
designers prefer to distinguish both error and 
failure to show some efficiency matters. 
Considering the space required for database 
storage, and taking into an example the first 
sound in the training part, the sound first 
extracted into features takes around 2126x20 
doubles. However, the data used in calculations 
are only 500x20. After clustering, only 128x20 
is stored for each speech. With simple 
calculation, 2126/128=17 times less storage 
space is required. This depends on the file size 
so 10 times (48MB / 4.7MB) less in the real 
world. This simple calculation shows that using 
the proposed scheme will reduce the space 
needed for speech database at least 10 times. 
 
 
5 Conclusions 
We present a new real-time identification system 
that is faster than the old proposed one. It is 
more accurate algorithm in terms of 
identification, it compresses the size of stored 
data in the DB at least eight times, and it is at 
least two times faster. 
It is recommended for future work to add a silent 
detection algorithm to detect sounds at run-time. 
Because we test on a database silent detection is 
not needed. To make a compilation to MATLAB 
code to be compatible with .NET environment in 
order to implement the whole real project is also 
a missing part in our project. 
 
 
References: 
[1] Markowitz, Speaker Verification: A survey, 
Biometric Technology Today, 2001.  

7th WSEAS International Conference on APPLIED COMPUTER SCIENCE, Venice, Italy, November 21-23, 2007     427



[2] Kinnunen, Karpov and Franti, Real-Time 
Speaker Identification and Verification, IEEE 
Trans. On Audio, Speech and Language 
Processing, Vol.14, No.1, 2006. 
[3] Al-Zoubi, Hudaib and Al-Shboul, A 
Proposed Fast Fuzzy C-Means, WSEAS Conf., 
Corfu, 2007. 
[4] Kinnunen, Kilpelainen and Franti, 
Comparison of Clustering Algorithms in Speaker 
Identification, Proc. IASTED Int. Conf. Signal 
Processing and Communications (SPC'00), 2000, 
pp. 222-227. 
[5] Cordella, Foggia, Sansone and Vento, A 
Real-Time Text-Independent Speaker 
Identification System, Proc. of the 12th Int. Conf. 
on Image Analysis and Processing, IEEE, 
ICIAP'03, 2003. 
[6] Campbell, Speaker Recognition: A Tutorial, 
Proc. of the IEEE, Vol.85, No.9, Sept 1997, pp. 
1437-1462 
[7]  Pusateri and Hazen, Rapid Speaker 
Adaptation Using Speaker Clustering, In Proc. 
7th Inter. Conf. on Spoken Language Processing, 
Denver, Colorado, 2002, pp. 61-64. 
[8] Linde, Buzo, and Gray, An Algorithm for 
Vector Quantizer Design, IEEE Trans. On 
Communications, Vol.28, No.1, 1980. 
[9] Karpov, Real-Time Speaker Identification, 
MSc Thesis, University of Joensuu, 2003. 
[10] Sun, Liu and Zhong, Hierarchical Speaker 
Identification Using Speaker Clustering, Beijing 
Institute of Technology, 2003. 
[11] Dempster, Laird and Rubin, Maximum 
Likelihood from Incomplete Data via the EM 
Algorithm, Journal of the Royal Statistical 
Society, Vol.39, No.1, 1997, pp. 1-38. 
[12] Bishop, Neural Networks for Pattern 
Recognition. Oxford Clarendon Press, 1995. 
[13] Pan, Kotani and Ohmi, An on-line 
hierarchical method of speaker identification for 
large population, in proc. NORSIG, Kolmarden, 
Sweden, 2000. 
[14] Kinnunen, Karpov and Franti, A speaker 
pruning algorithm for real-time speaker 
identification, in Proc. Audio and Video-Based 

Biometric Authentication (AVBPA), Guildford, 
UK, 2003, pp. 639-646. 
[15] Finan, Sapeluk and Damper, Impostor 
cohort selection for score normalization in 
speaker verification, Pattern Recognition. Lett., 
Vol.18, 1997, pp.881-888. 
[16] Ariyaeeinia and Sivakumaran, Analysis and 
comparison of score normalization methods for 
text independent speaker verification, in Proc. 5th 
Eur. Conf. Speech Communication and 
Technology (Eurospeech), Rhodes, Greece, 1997, 
pp.1379-1382. 
[17] Han and Kamber, Data Mining Concepts 
and Techniques, 2nd edition, Morgan Kaufmann, 
Chapter 7, 2006, pp.20. 
[18] Pawar, Kajave and Mali, Speaker 
Identification using Neural Networks, 
Transactions On Engineering, Computing And 
Technology, Vol.7, August  2005. 
[19] Bezdek, Pattern Recognition with Fuzzy 
Objective Function Algorithms, New York, 1981. 

7th WSEAS International Conference on APPLIED COMPUTER SCIENCE, Venice, Italy, November 21-23, 2007     428



<<
  /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>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HUN <>
    /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 <>
    /POL <>
    /PTB <>
    /RUS <>
    /SUO <>
    /SVE <>
    /TUR <>
    /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




