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performed using the 1996 NIST Speaker Recognition
ABSTRACT Evaluation database. The main foci of the comparison are Sl

) ] system computational complexity, and Sl.
Input level fusion and output level fusion methods are

compared for fusing Mel-frequency Cepstral Coefficients with 2 THE SPEAKER IDENTIFICATION
their corresponding delta coefficients. A 49 speaker subset of SYSTEM
the King database is used under wideband and telephone

conditions. The best input level fusion system is mMOrgng g system used for this study is based on Gaussian Mixture
computationally complex than the output level fusion systemyqqq [7]. The concept of a GMM is to model a target

Both input and output fusion systems were able to outperformobab“ity Density Function (PDF) with multiple weighted

the best purely MFCC based system for wideband data. FOL \ssjan component PDFs (typically referred to as mixtures).

King telephone data, only the output level fusion based systefjq probability of a D dimensional test vectfr belonging to
was able to outperform the best purely MFCC based syste

rget modelA is given by:
Further experiments using NIST'96 data under matched arE% g g y

mismatched conditions were also performed. Provided it was Q M Q]O
well tuned, we found that the output level fused system always P(X|A) = Z Wig(x,1,%) )
outperformed the input level fused system under all =1

experimental conditions. . . ) .
P wherew, is the weight of théth gaussian component PDF and

1. INTRODUCTION gX1i,5)is the likelihood of X belonging to gaussian

. o component PDE. The value of the latter is given by:
Traditionally closed-set Speaker Identification (SI) systems use

LPC or FFT derived spectral coefficients as input features. _ 1 01 - 0
Transitional spectral representations such as first ordé}(g’ﬂii) - (2")D/2|Zi p/zeXpa_E(Q_ﬁ) 2 (Q_]Oi)g @
differences of LPC or FFT derived Cepstral coefficients may

provide additional uncorrelated information for Sl. First ordeghere T’i and ¥ are the mean vector and covariance matrix of
delta coefficients [1] have been investigated for text: aussian component PDFThe number of component PDFs is

indc_ependent Sl and in_ t_hat study i.t was found that the_ !‘P eferred to as the order of the mod&l In this study we use
derived Cepstral coefficients and first order delta coeﬁluenlﬁ

) . o odal, diagonal covariance matrices in line with [6]. Gign
could be linearly combined at the classifier output (output lev%ample training vectors, the parameters of a GMM are generally
fusion) to improve performance for telephoneeexth [2]. ’

Results obtained in this stud believed o b I stimated by iterating through the Expectation-Maximisation
esults obtaned In this study were believed o be equa&M) algorithm [4] forl iterations, it is relativly simple to show

applicable to filterbank and FFT derived cepstral coefficient§hat the computational complexity of GMM training is
Appending the delta coefficients to the cepstral coefficients 6(&DxMxl) and GMM testing is CBDXM) as SD,M and |

the clasgifier jnput (input Ievellfusion) [3][5][6] has be,enbecome large. In this study GMM training was terr;winated when
recently investigated anadind to improve Sl performance in either a fixed number of iterationgxkd was reached or when
telephone spech. the change in training between two consecutive iteratidnan

In this paper, we investigate and compare input level fusion ahdor 1< i < Ifixed was less than a set threshAlgthresh In an
output level fusion of Mel-Frequency warped FFT derivednput level fusion based Sl system, the two parameter types
Cepstral Coefficients (MFCC) and their corresponding delt®FCC and DeltaMFCC are simply concatenated, thus
coefficients (DeltaMFCC) in the framework of text-independenincreasingd. One GMM modelA i (i=1,2,...N) is then trained

Sl. The SI system used is based on Gaussian Mixture Modéts each of theN speakers. For a given test sequenceT of
(GMMs) [6]. A GMM based Sl system is chosen because it igectors, the input level fusion S| system computes a speaker
well known and has previously been used with input fusioientity using:

[3][6]. The investigation is carried out mainly on the KING T

database but some supplementary experiments are aly0=arg max Z|og p(f(’t [An) (3)
l1<n<N t=1
"This project is partially funded by an Defence Science and In output fusion, for each speaker, one GMM is trained and

Technology Organisation of Australia research contract. tested SO|e|y W|th DeltaMFCC COEf‘fICIentS and a SeCOI’]d GMM



solely with MFCC coefficients. For each test vector, the GMMaverage duration of the test segments was 3.5s and 2.2s for the
outputs (in the form of log-likelihoods) are equalised by theiWvB and NB portions respectively. The accuracy of our Sl
corresponding averages of pooled intraspeaker log-likelihoodgstems is the percentage of test segments correctly identified.

IMEcc and I_AM,:CC over the whole test sequence and then

4.1. Pure MFCC and DeltaMFCC

linearly combined on a frame-by-frame basis as in [2]. The . .
output level fusion based Sl system thus computes a speaker Optlmlsatlon

identity: To optimise the purely MFCC and DeltaMFCC based Sl

systems required for the output fused approach we trained Sl
T log p(Qt | AMFCC) systems using GMMs with model_ ord\ar:_l...GO inclusive. _F(_)r
X =arg max Z{ og————t"n 7 each value oM, GMM were trained with one of 4 training
lsnsNi=] ImFcc 4) conditions [(fixed=25 and AethresiF0.005, lfixedm40 and
AethrestF0.0005, Ifixed=80 and AethrestF0.00005, lfixed=200
log p(Qt |)\ﬁMFCC)} andAethrestt0.000005). For the remainder of this paper we will
= simply refer to each trainingoadition by itslfixed value. So
when we refer tdfixeg=25 we also meafethresir0.005.

+(1-a)
AMFCC

where 0< o < 1. Fusing the outputs increases the number ofo determine the optimum Sl system we chose the system

GMMs (two for every speaker). The estimation of GMM modeivhere further increasinil or lfixed , resulted in less than 0.1%

parameters may be differently affected by the two approachpsrformance improvement. Table 1. shows the optimum Sl

(even for diagonal covariance matrices). system parameters. The actual average number of iterations
used to train each of the GMMs are also shown.

3. SPEECH PARAMETERISATION

In this study we use 15 dimensional Mel-Frequency FFT| Data | Param. TypeM | lfixed | Avg. | | Sys. Acc. (%)
derived Cepstral Coefficients and their corresponding Delta

-, . - WB | MFCC 30| 80 77 65.0
Coefficients [1] as input features. MFCC Coefficients were
derived with a frame size of 32ms and a frame advance af DeltaMFCC | 20| 25 12 45.9
10ms. DeltaMFCC are calculated using the formula: NB | MFCC 50| 80 78 30.9

DeltaMFCC | 10| 40 26 24.0

K
> k(Ck = Ct—k)
dp =S ©)
22 k2
k=1

Table 1: Optimum system parameters for King data.

During the optimisation process it was found that for the

where dis a delta coefficient at timecomputed from the static narrowband data a purely DeltaMFCC based system had
coefficientsct-k to ct+k . The value oK determines the size of comparable perfomance with a purely MFCC based system
the “window” of static coefficients used. Except for results ifvhen the value oM was between 3 to 10 inclusive. With this
Section 4.5 the value &f used is always 5. exception, it appears that the purely MFCC based system
always performs better than the purely DeltaMFCC based
Silence and low energy frames are removed from all speealystem for the same model order. These results are shown in
Cepstral mean subtraction is performed on the teleph@®elsp Figure 1 forlfixed =200 but they also hold for the other three
only. The telephone spch is also bandlimited in the rangevalues ofifixed
300-3400Hz.

70

4. EXPERIMENTS ON KING DATA _at Bl A wrcc s

o0 A/A/E Data
50

Experiments speaker have been carried out using the 4
speakers of the King database [8] which have exactly 1
recording sessions per speaker for both the wideband W,

DeltaMFCC
" Wﬁﬁ‘j e XX WB Data
(clean speech) and narrowband NB (iblene) spech

—&— MFCCNB
30 paw 'y
portions. The first 5 recording sessions are recorded ¢

Data
20 —l— DeltaMFCC
approximately 1 week intervals and the others at approximate| NB Data

1 month intervals. The first session for each speaker was us 123 455 8 10152025 0 405060
for GMM training and the other 9 sessions for testing. GMM Model Order (M)

Percentage Accurac y

Test speech for each session was divided into overlapping 5s

test segments with a 10ms frame advance. Silence was remoté@tre 1: Accuracy vs the GMM model ordelfiked =200) for
after this division of the test speech. In tofal56234 test the King data.

segments are created this way. After silence removal the



4.2. Optimising the Input Level Fusion 4.3. Optimising the Output Level Fusion
System System

To optimise the input level fusion system, the same was us€&thoosing an output level fusion system using the optimum
with M in the range 30 to 90. The results are shown in Table 2MFCC and DeltaMFCC Sl systems from Section 4.2 resulted in
peak accuracies of 68.0% and 32.2% for wideband and
narrowband data respectively with the optimum value=df.8.

Data | M | kixed | Avg. | Sys. Acc. (%) These systems are chosen as our “optimal’ output fusion
WB 50 | 200 200 66.2 systems. Output level fusion performance as a functianfof

a number of systems from Section 4. is shown in Figure 2.
NB 50 | 200 173 27.1 From the narrowband results of Figure 2 it can be seen that a
Table 2: Optimum Input level fusion system GMM based system needs somewhat greater than the 0.5
parameters for King data required for similar Vector Quantisation based SI systems [2].

It appears that if the model order is sufficiently close to the
optimum, output fusion with DeltaMFCC does not improve the
It is interesting to note that the optimum input level fusioperformance much. However, for smaller model orders (which
system (shown in Table 2) was unable to outperform thare more attractive in terms of computational and storage
optimum MFCC based system for the narrowband data underguirements) a fused system gives better accuracy and there is
the available training conditions. This appears to be contrary &m optimal linear combination for each order.
results obtained by others using a 16 speaker subset of

narrowband speech from the King database [6]. 4.4. Computational Complexity
70 Let the complexity of training an Sl system wibs1M=1 and
o5 1=1 be equal to 1 unit/frame and the complexity of testing an Sl
—¥—MFCC: M=5 & Ifixed=25, system withD=1M=1 andI=1 be 1 te_unit/frame (where
= %97 DellaMFCC M=20 & Ifxed=25 prefix te denotes testing). Table 3 shows that the training
g 55 1 ——MFCC: M=10 & Ifixed=25, complexity of the output level fusion approach is approximately
s} DeltaMFCC M=20 & Ifixed=25 . . .
< 50 - 4 times more complex at our chosen optimums for the wideband
g 5 —2—MFCC: M=30 & fixed=80, data and about 2 times more complex for the narrowband data.
@ DeltaMFCC M=20 & Ifixed=25 . .. .
e 0 Testing complexities are the same as shown in Table 3 except
o ——MFCC: M=30 & Ifixed=80, i i
e - DM G Me10 & fed=25 that they are in terms of te_units/sample.
30 MFCC: M=30 & Ifixeq:SO,
P ~ < © o P DeltaMFCC M=5 & Ifixed=25 D*M*| Complexity
'j o o o o 8 . .
) . L (optimal) units/frame
S =1
WB input level fusion |15*50*200 150000
) WB output level fusion15*(30*77+20*12) 38250
(2) wideband NB input level fusion [15*50*173 129750
33 NB output level fusion|15*(50*78+10*26) 62400

31 ﬁaéji\f Table 3: Training complexity for the “optimum” fusion
> —&—MFCC: M=10 & Ifixed=25,
29 ‘—% DeltaMFCC M=10 & Ifixed=40 systems.

—l—MFCC: M=30 & Ifixed=25,

g 2 S \ DeltaMFCC M=10 & Ifixed=40
< o
e e K M| lixed | Avg.1 | Sys. Acc. (%)
5 23 eltal = Ixea=:
@ /K \ —K—MFCC: M=50 & Ifixed=80, 2 25 40 34 46.4
21 1Y DeltaMFCC M=8 & Ifixed=25 3 20 80 68 47.9
19 MFCC: M=50 & Ifixed=80,
DeltaMFCC M=4 & fixed=25 4 20 40 33 46.5
17
i : ) 5 20 25 12 45.9

Table 4: Optimal DeltaMFCC based Sl systems
corfiguraton ard perormanceor K from2 tob indusve.

(b) narrowband

Figure 2: Output level fusion perfomance as a functiom of



4.5. Window Size 6. CONCLUSIONS

The accuracy may also depend on thenthaw” size K, used to In all experiments carried output level fusion system always out
compute the DeltaMFCC from MFCC. A study similar to theperformed the purely MFCC or DeltaMFCC based systems. In
one in [2] was proposed for the wideband data. The optimuour experiments it was not possible to construct an input level
system for eacK was found in the same fashion aske5 in - fusion based system which could outperform the best purely
section 4.2. The results are shown in Table 4. The optimal valM~CC based system for the telephone data used. This is
of Kis 3. contrary to results reported in the literature [6][5] and the cause

of this may need be investigated in the future. Theoretically an

5. EXPERIMENTS ON NIST'96 SPEAKER input level fusion system should be able to classify better than
RECOGNITION SPEECH DATA each individual system if there is extra information. In practise,
classifiers with input level fusion may not converge to “true”
As a final study the two fusion approaches are compared optimal states with limited training. Perhaps the higher
NIST's 1996 Speaker Recognition Evaluation database und#imensional input level fusion systems were better able to
various telephone handset conditions. In the our study tlkenverge in these other studies due to the larger amounts of
development data consisting of 43 male and 45 female speakigasning data used by those researchers.

is used. Training is performed using approximately the same .
amount of spech (on average 30s after silence removal, which My be necessary to recompute optimalalues for when

was approximately 45s prior to silence removal) as was used {8{9rating to different experimental conditions. Investigations
the King narrowband experiments. The 30s test sessions pres&fif the information content and separability properties of the
were used for test data. The test data was divided up into 5s parameter sets and their relationship to classifier
segments in the same fashion as for the prior experiments Bfformance will yield more insight into the experimental
King (939966 test segments in total). SI input and output lev&FSUlts presented.
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