W=diag{wwy, ..., w, ...} and each element w; denotes the weight
of each log-spectra feature. The superscript ¢ denotes the cepstral
domain. The whole procedure can be interpreted as follows: the cepstral
difference vector is first reverted to the log-spectral domain, where it is
weighted and then transformed back to the cepstral domain.

MMSE-LA scheme description: First, MMSE-based speech enhance-
ment is adopted in the front-end stage to suppress the corrupted
additive noise. Meanwhile, weight factors of log-spectra featurcs are
calculated and voice activity detection (VAD) results are reserved.
Secondly, MFCC features are extracted from those enhanced speech.
Thirdly, the residual noise is modelled with a single Gaussian mixture
state. As only the mean of the model is required, we estimate it by
calculating the mean of all MFCC feature vectors taken from voice-
less speech segments. Fourthly, a residual noise compensated speech
model is acquired using the LA algorithm [3]. Finally, thc compen-
sated speech model, MFCC features of enhanced speech and weight
factors of log-spectra features enter a Viterbi decoder adapted for the
FW algorithm and recognition results are acquired.

Evaluations and conclusion: Speaker-independent TI-digits recogni-
tion experiments were carried out with an FW adapted Viterbi
recogniser to evaluatc the MMSE-FW-LA scheme. The contaminated
speech for test was generated by artificially adding different levels of
noise to the clean speech. All noise signals came from a Noisex-92
database. The model we used is continuous density HMM (CDHMM)
with left-to-right structure. 500 connected digits utterances from 15
speakers and 100 connected digits utterances from four speakers
unseen in the training set are used for training and testing, respec-
tively. The features are 13-dimension static MFCC features with their
delta parameters. Only static features are weighted.

Table 1: Recognition accuracy [%)] of baseline, using MMSE,
FW, LA separately in white noise

—5dB| 0dB | 5dB [ 10dB | 15dB
Baseline 6 8 13 30 65.33
MMSE 14.67 24 54 80.33 91
FW 24.33 [46.33| 65 | 76.67 82
LA 22.33 [ 3433 | 67.67 | 84.67 | 92.67

Table 1 shows the results of the baseline recogniser and those using
FW, MMSE and LA in noisy speech recognition. It can be seen that all
these approaches improve recognition accuracy, while at low SNRs
(<10 dB), the FW algorithm improves the recognition accuracy more
markedly. Table 2 shows the recognition performance combining the
FW algorithm with the front-end MMSE-based speech enhancement
and LA model compensation, respectively. Referring to Table 1, it is
distinct that the MMSE-FW and FW-LA schemes outperform either of
the three algorithms uscd alonc, and the lower the SNR, the more
remarkable the improvement. Table 3 compares the MMSE-FW-LA
scheme with the MMSE-LA scheme proposed in [3]. Apparently, at
very low SNRs (<5 dB), the MMSE-FW-LA scheme is superior to the
MMSE-LA scheme, and maintains high recognition accuracy over 80%
at —5dB SNR.

Table 2: Recognition accuracy [%] of MMSE-FW, FW-LA in
white noise

—5dB| 0dB | 5dB | 10dB [ 15dB
MMSE-FW | 46.33 76 85 | 91.67 | 92.67
FW-LA 32 57.33 | 77.67 | 87.33 | 94.67
MMSE-LA | 65.33 [ 79.67 | 8933 | 93 9333

Table 3: Recognition accuracy [%)] of MMSE-FW, FW-LA in
white noise

-5dB| 0dB [ 5dB | 10dB | 15dB
MMSE-LA 65.33 | 79.67 [ 89.33| 93 93.33
MMSE-FW-LA 81 86 89 | 94.33 94
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Speaker identification employing redundant
vector quantisers

W.B. Mikhael and P. Premakanthan

A novel approach for automatic speaker identification employing a
recently proposed signal compression technique, namely, the multiple
transform domain split vector quantiser, is developed and presented.
Using a normalised matching accuracy measure, the proposcd techni-
que consistently yiclds cnhanced identification performance in
comparison with existing single domain vector quantiser approaches.

Introduction: Automatic spcaker recognition (ASR) has always been
a challenging task. ASR can be accomplished in two stages, namely,
automatic speaker identification (ASI), and automatic speaker verifi-
cation (ASV). ASI is achieved by determining a speaker from a group
of speakers, while in the ASV process, by setting thresholds, the
existence of the speaker in the database is confirmed.

Transform coding of speech vectors compacts the signal information
into fewer coefficients [1]. For speaker modelling, vector quantisation
(VQ) has been used as an efficient means of characterising the short
time spectral featurcs of a speaker [2]. Various techniques that combine
the advantages of VQ and transform coding for speech signal compres-
sion have been proposed. In this Letter, a novel algorithm for ASI
which employs the recently reported multiple transform domain split
vector quantiser (MTSVQ) signal compression technique is developed
and presented. Sample results are presented which confirm the
improved accuracy of this algorithm at the expense of increased
computational complexity.

Multiple transform domain split vector quantiser (MTSVQ): Multiple
transform domain signal representation techniques represent signals
using combinations of basis functions chosen from two or more
transform domains. For most practical signals, each transform
domain representation from an appropriately selected set of domains
of a stationary signal segment yiclds different encrgy compaction
characteristics. The domain that gives the best energy compaction is
selected to represent this particular segment. For a given compression
ratio, the signals represented in multiple transform domains have been
shown to yield better signal reconstruction quality than the single
transform domain approaches. Multiple transform representation in
conjunction with VQ has been shown to cxploit the improved
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accuracy of the first and the enhanced coding cfficiency of the
latter [3].

Proposed waveform-based ASI (WASI) algorithm. The algorithm has
two modes, namely, the training mode, and the running mode.
Initially, the silence parts of the speech signal arc removed and
the signal amplitude is normalised over the signal record. During
the training mode ¢, for the kth speaker, the speech record X is
segmented into N vectors (scgments), each of length S samples, using
overlapping trapczoidal windows, i.e. Xi{x', x% ..., x, ..., 2™
Each x/, i=1 to N, is transformed into P transform domains. This
yields, in the jth domain, (/)f‘_/,jz 1 to P. In the jth domain, the (/)f\,-s,
i=1to N, are split into M subbands, ¢} ;{L, L. ... , Ljj}, such that,
averaged over all i, i = | to N, the energy in each of the M subbands is
approximately equal. In general, the subbands are of diffcrent lengths.
Thus, Lj/, I=1 to M, denotes the /th subband in the jth transform
domain of the ith segment ¢} {Lf1, L}, ... , Lja}. Tn the jth transform
domain, for the /th subband, each set of the subvectors L},, i=1toN,
is collected and clustered using a suitable vector-quantising algorithm
[2] to yicld the codebook C;‘, This is repeated for all 4, /=1 1o M.
Since the energy content in each of the subbands is nearly the same,
an equal number of bits is allocated to each Cf,, =1 to M. The
resulting compositc codebook in the jth domain for the kth speaker is
denoted by C;‘(C"f-‘l, Cf-‘z, e Cj/fM). Similarly, codebooks Cj/-‘ arc
obtained for all j, j=1 to P. This process is repeated for all the
speech records from the Q speakers, i.c. for k=1 to O speakers, who
are enrolled in the databasc. Thus, at the end of the training stage, the
codebooks Cf (j=1 to P transforms, and k=1 to Q speakcrs) arc
obtained, which form the speaker databasc.

During the running mode r, the system is presented with the speech
record X,", from the uth speaker. The system is required to identify u.
As described in the training mode, X", is scgmented into N segments,
X“x), %2, ..., xM}. Bach, x, i=1 to N, is transformed into the jth
domain and divided into M subbands to yield ¢} {Lj, L, ... , Lias}.
¢y, s arc obtained for i=1to N and j=1 to P. These transform vectors
are mapped using the corresponding codebooks for the Ath speaker in
the database by cmploying the MTSVQ technique proposed in [3],
where the domain that best represents each segment, x%, is determined
and used to represent that particular segment . The reconstructed
signal vectors %, i=1 to N, are concatenated to form the best-
reconstructed signal waveform, X,“ ¥ The best representation thus
obtained for X, using the codebooks of the kth speaker in the database
is denoted by X, ¥. The process is repeated for all &, k=1 to Q. Let
the normalised matching accuracy mecasure A4, between the original
signal waveform of the unknown speaker X, and the signal waveform
reconstructed using the kth speaker codebooks in the database, X~ *
be defined as

LK)

_"—A |
SIXu(n) — Xk )] o

Ay = 10log,

where the subscript B denotes that A is evaluated using the proposed
technique. A4, is computed for k=1 to Q, and & that yields the
highest 4,4 5 is identified to be the match for u.

Experimental results: A five (Q=5)-speaker database is usced to
illustrate the performance of the proposed algorithm. Each spcaker
k has two different speech recordings of the same utterance X'f, used
for the training mode, and X,", uscd for the running (identification)
modec, for k=1 to 5, and u=1 to 5. The speech record, which is
sampled at 8000 Hz, consists of 25508 samples. Vector (scgment)
length §=32, and trapezoidal windows with 10-sample overlap,
arc used. In the training mode, the vectors are projected onto three
domains (P =3), namely, the discrete cosine transform (DCT), the
HAAR transform, and the discrete wavelet transform (db1 basis) [4].
As described earlier, the transformed vector is then divided into five
subbands (M=35) of approximate equal energy. MTSVQ is then
applied to obtain vector-quantised codebooks Cf, Jj=1 to 3, and
k=1 to 5. During the running modc, the unknown speakers are
presented to the system for identification and the normalised matching
accuracy measure 4,45 u=1to 5, and k=1 to 5, is calculated. On
average, it is found that the quantiser sclects 30, 25 and 45% of
vectors from the DCT, the HAAR, and the wavelet domain code-
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books, respectively. Due to lack of space, representative results are
given. Fig. 1 gives, for X, u=2, A, ;5 (u=2, and k=1 to 5),
against the number of bits per sample (bps) used. Fig. 1 shows the
proposed algorithm’s matching accuracy, and consequently identifica-
tion ability, when an unknown speaker record is reconstructed using
cach of the five unknown speaker codebooks. In Fig. 2, for X,* u=1
10 5, Ayxn (=110 5, and k=5), are obtained against bps used.
Fig. 2 shows the ability of the new technique to identify an unknown
spcaker by reconstructing each of the five speaker records using
a particular speaker set of codebooks. From the results in Figs. 1
and 2, the approach presented uniquely identifies the unknown
spcaker. Figs. 3¢ and b show the performance improvement of the
WASI over single transform vector quantisation (VQ) representation.
In Figs. 3a and b, 4,4, and 4, ;7 against bps arc given. 4,4, and
Ay, represent the normalised matching accuracy measurc when
single transform DCT, or the HAAR VQ representation is used,
respectively. From Fig. 3, it can be scen that the single transform
approach is not successful in identifying the unknown speaker. In
addition, the values of 4,4 5, and 4,4 arc found to be lower than
those obtained in Fig. 1.

14
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Conclusions: In this Letter, a waveform-based ASI algorithm is
developed. Sample simulation results are given which successfully
demonstrate the improvement in the speaker identification accuracy
employing the proposed WASI technique. The algorithm differentiates
between the true speaker and the imposters at low bit rates. The
discrimination ability improves as the bit rates increase. The perfor-
mance of the proposed WASI is found to be experimentally superior
by at least 3 dB in comparison with the existing single transform
domain VQ approaches. This is achieved at the expense of an increase
in the computational complexity.
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Effective algorithm for multilevel converters
with very low computational cost

M.M. Prats, JM. Carrasco and L.G. Franquelo

An effective and fast modulation algorithm for high power voltage
sourcc multilevel converters is presented. This approach drastically
reduces the computational load maintained, permitting the on-line
computation of the switching sequence and the on-state durations of
the respective switching state vectors. It has been satisfactorily
implemented in very low-cost microcontrollers.

Introduction: Although the advantages of multilevel converters were
known since Nabae proposed the topology neutral point clamped
(NPQC) inverter in 1981 [1], its implementation was limited owing to
the complexity of the switching control. [n recent years, multilevel
voltage source inverters have been usced in medium and high power
applications. They present the capability of incrcasing the output
voltage magnitude and reducing the output voltage and current
harmonic content, the switching frequency and the voltage supported
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by each power semiconductor. Owing to thesc attractive character-
istics, scveral control algorithms of multilevel converters have been
recently proposed [2, 3]. However, in this Letter, an effective
approach that drastically reduces the computational load using a
decision-making algorithm is presented.

Description of modulation technique: This method is based on the
decision-based pulse width modulation developed by Holtz [4].

Three-phase quantities arc usually transformed into phasor represcn-
tation since it simplifics the analysis of the modelled system. Since the
switching of any power topology stays at discrete states, space vector
modulation is used to approximate a reference voltage vector u*
calculating the time to its surrounding state vectors.

V., V;, and V, are the threc-phase quantities usually transformed into
the phasor representation. Three vectors, u,, #, and u3, are used to
approximate the desired voltage vector #* in polar co-ordinates in a
control cycle 7),,. The modulation law requires the actual voltage vector
u to equal its reference value u* - u* is represented in the stationary
reference frame:

U= =V, +V,é5 + V,é% =Relu*) +jImgl) (1)
During each modulation subcycle of duration 7, a switching
scquence is generated. It is composed of three switching state vectors
u1(#), ua2(t>) and us(tz), where ¢y, 1, and t3 are the on-state durations of
the active switching state vectors. The three vectors nearest to the
reference vector must be identified. Referring to first sextant of the
regular hexagon, the voltage space vector averaged over one subcycle
T, is:

u=(tyu +6w)/T, (2)
In this Letter, the problem is solved for the voltage vector in the first
sextant. However, this reference vector can be located in any of the six
sectors of the regular hexagon which contain the switching state
vectors. This problem is easily solved rotating u* anti-clockwisc by
an angle (r — 1)n/3, where »n is the sextant number, n=1,..., 6. This
rotation displaces any reference vector to the first 60° to be studicd
there. The switching state vectors for the multilevel inverter control arc
determined by reverse rotation. The input to the modulation algorithm
of the threc-level converter is the normalised reference voltage vector.
The normalisation depends on the number of levels of the multilevel
converter and the voltage level value of the DC-link capacitors. As a
result, M, Vb and Ve (1) take entire values between 0 and n — 1, where
n is the number of the level of the multilevel converter. Thus, the first
step consists of localising the sextant n=1,..., 6 where is located the
reference voltage vector u*. The voltage vector »* is transformed into
g This transformation consists of scaling an imaginary part and
multiplying it by 1/+/(3). The hexagon is flattened. Fig. 1 shows the
regular hexagon defined by the switching state vectors before and after
transformation in the complex plane. Since the transformed sextants are
sepatated by 45° lines, the sextant can now be readily identified by
comparing the real and imaginary parts of the complex transformed
reference voltage vector ug,In addition, it can be easily proven [4] that,
once the sextant has been determined, the numeric evaluation of the
switching times is reduced to a single addition involving u, and up.
The transformation of u* into ugmakes it possible to avoid on-line
computations. These computations are substituted by decision making.
The states space consists of a main regular hexagon. Each sextant of
this hexagon is now divided into several sectors. The number of sectots
depends on the number of levels of the multilevel converter.

Determination of sextant of reference voltage vector: Once the
sextant # has been localised into the main regular hexagon, the
identification of the sector into thc sextant, the ncarest switching
sequence to approximate a reference voltage vector and the on-state
durations are calculated by rotating u* to the first sextant. The rotated
reference voltage vector is:

ug:uga+jugb:u~exp(—j(n—1)§);n=1,...,6 3)

This vector u,, is transformed in another with an identical real part and a
reduced imaginary part:

ELECTRONICS LETTERS 24th October 2002 Vol. 38 No. 22



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


