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Abstract
In this paper, we present an approach to generate speaker invari-
ant features for automatic speech recognition (ASR) using the
idea of spectral centre of gravity(CG). This is based on the ob-
servation that if two signals are delayed versions of one another,
then their CG’s also differ by the same amount. We exploit this
idea to appropriately shift the mel warped log compressed spec-
tra using the estimated CG to obtain speaker invariant features.
The use of such speaker invariant or normalised features helps
improve the recognition performance of speaker-independent
ASR. We show that our proposed approach is computationally
efficient when compared to a commonly used method of nor-
malisation called Vocal Tract Length Normalisation (VTLN).
We present normalisation results to show that the performance
of our proposed approach is comparable to conventional VTLN
and yet has the advantage of computational efficiency.
Index Terms Spectral Centre of Gravity, Speaker Normalisa-
tion, VTLN, Automatic Speech Recognition

1. Introduction
Inter-speaker variability is a major source of performance
degradation in speaker-independent (SI) automatic speech
recognition (ASR) systems. One of the major sources of vari-
ability is due to the differences in vocal tract lengths (VTL’s),
that can vary by as much as 25% across speakers based on gen-
der and age. These differences in VTL lead to spectral vari-
ability for the same sound enunciated by different speakers. A
commonly accepted model is that the spectra of two speakers
enunciating the same sound are related through a linear scaling
relation [1], i.e.

SA(f) = SB(αABf) (1)

where SA(f) and SB(f) represents the spectra of speakers A
and B respectively. The linear scaling factor, αAB , is also re-
ferred to as warp-factor.

Log-warping the frequency axis in Eq. 1, we get [2]

sa(ν) = SA(f = eν) = SB(αAB eν)

= SB(eν+lnαAB ) = sb(ν + lnαAB)

= sb(ν + γAB) (2)

In the ν = ln(f) domain, sa(ν) and sb(ν) are just shifted ver-
sions of one another. In this paper, we exploit the idea that if two
signals are translated versions, with a translation factor of γAB ,
then their centre of gravities (CG) also differ by the same factor
γAB [3]. Normalisation is achieved by aligning the spectral CG
of different speakers to a reference CG.

Rohit et al.,[4] have shown that shift in the Mel warped
domain λ = 1127 ln(1 + f/700) gives better results than

ν = ln(f) used in Eq .2. The shift is estimated in the con-
ventional maximum likelihood framework of VTLN [5]. In this
paper, we propose the use of centre of gravity to estimate the
shift required in the Mel warped domain (λ) to achieve speaker
normalisation. i.e.,

sa(λ) = sb(λ+ ζab) (3)

where sa(λ) and sb(λ) are the mel-warped log compressed
spectra of speaker’s A and B respectively and ζab is the desired
shift.

The proposed method for generating speaker invariant fea-
tures is shown in Fig. 1. Using the train data, we estimate the
reference CG either for each phoneme or word based on the
acoustic unit used for building the ASR system. Normalised
features that are insensitive to speaker variations are obtained
by appropriately shifting the spectra to match the reference CG.
Here normalisation is a part of the feature generation step.

The paper is organised as follows: In Section. 2, we present
a brief review of methods to evaluate the CG of a signal. In
Section. 3, we discuss how CG can be used to estimate the shift
factor required for normalising the spectra and hence generat-
ing speaker invariant features. In section. 4, we describe how
speaker normalisation is done in the proposed CG based ap-
proach as well as in VTLN. We also present the experimental
setup used in all our recognition experiments. In Section. 5,
we present the results on RM-Task and TI-DIGITS and show
that CG based speaker normalisation has performance compa-
rable with that of VTLN and yet provides huge gain in terms of
computational complexity. In Section. 6, we present our con-
clusions.

2. Spectral Centre of Gravity
CG (η) of a continuous signal f(t), is given by:

η =

R∞
−∞tf(t) dtR∞
−∞f(t) dt

(4)

CG can be calculated in the frequency domain as discussed in
Stylianou [3]. The Fourier transform (FT) of the signal f(t) is
defined as:

F (ω) =

Z ∞

−∞
f(t)e−jωtdt = A(ω)ejφ(ω) (5)

where A(ω) and φ(ω) are the magnitude and the phase spectra
respectively. In the following analysis f(t) is considered to be
real. From the properties of FT, we have

tf(t)
FT⇐⇒ j

dF (ω)

dω
(6)
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Figure 1: Proposed CG based approach for generating speaker
invariant features. The shift estimated with respect to reference
CG is applied on the mel-warped log compressed spectra to
obtain normalised features.

Using Eq. 5 and Eq. 6 in Eq. 4, we have

η =
jF ′(0)

F (0)

=
j(jA(0)φ′(0))

A(0)
= −φ′(0) (7)

From above, we note that CG of a real signal f(t) is a function
only of the first derivative of the phase spectrum at origin. CG
can be used to estimate the shift, when two signals are delayed
versions of one another [3]. To illustrate this idea, consider two
signals f1(t) = δ(t) and f2(t) = δ(t − to) which differ by a
delay to. Their corresponding FT’s are given by:

δ(t)
FT⇐⇒ 1 and δ(t− to)

FT⇐⇒ e−jωto

Now, from Eq.7, the CG’s are given as:

η1 = −φ′1(0) = 0 and η2 = −φ′2(0) = to

This shows that, if the two similar signals differ by a delay of
to, then their CG’s also differ by the same shift ( η2− η1 = to ).
In the following section, we discuss how speaker invariant fea-
tures can be generated using CG in a computationally efficient
manner.

3. Speaker Normalisation using CG
As mentioned in the introduction, inter-speaker variabilities that
arise due to the differences in VTL’s manifest as shifts in the λ
domain. In general for a particular phone “ph”, let sref (λ) be
the mel-warped log compressed spectra of the hypothetical ref-
erence speaker with the corresponding CG of ηref . Similarly,
let the mel-warped log compressed spectra of ith speaker be
si(λ) with the corresponding CG of ηi. From Eq. 3, since we
assume that sref (λ) and si(λ) are translated versions of one
another for a particular phone, the shift factor ζi will simply be
the difference of their CG’s, i.e., ζi = ηi− ηref . Therefore, we
have

sref (λ) = si(λ+ ζi) (8)

In Eq. 7, the CG is evaluated for a time domain signal us-
ing FT’s. Here, we are interested in evaluating the CG in mel-
warped spectral domain and hence all the calculations will be
done in the cepstral domain. Let the Inverse Fourier Transform
(IFT) of sref (λ) be given by:

sref (λ)
IFT⇐⇒ |D(c)|ejφref (c) (9)

where |D(c)| and φref (c) are the magnitude and phase cepstra
respectively. The centre of gravity for sref (λ) is given by:

ηref = φ′ref (0) (10)

In Eq. 10, the derivative of phase cepstra is evaluated at origin
while in Eq. 7 the derivative of phase spectra was evaluated
at origin. Note that there will be a sign change in the above

equations as from Eq. 6 we have: λF (λ)
IFT⇐⇒ −j(df(c)/dc)

Similarly, for the ith speaker:

si(λ) = sref (λ− ζi)
IFT⇐⇒ |D(c)|ejφref (c)ejζic ∀i (11)

= |D(c)|ejφi(c) (12)

Hence the CG of si(λ) is found by taking the derivative of φi(c)
(= φref (c) + ζic) at c = 0 i.e.,

ηi = φ′i(0) = φ′ref (0) + ζi (13)

Once ηref and ηi are found, the speaker specific spectra si(λ)
is shifted by ζi (= ηi − ηref ) to obtain the normalised spectra.
This is given by:

si(λ+ ζi)
IFT⇐⇒ |D(c)|ejφref (c) ∀i (14)

We note that, all the speaker spectra are shifted to the reference
speaker spectra and hence normalised. The normalisation on
spectra is illustrated using a speech frame in Fig.2. Speaker A is
taken as the reference spectra, and Speaker B as the test spectra.
Shift is calculated as the difference between CG of test spectra
and reference spectra. The shifted test spectra (shown in dashed
line) closely matches the reference spectra.

In practice, there exists no reference speaker with respect
to whom we can evaluate the shift factor. In the proposed ap-
proach, we take the average of the CG’s estimated for all the
speakers in the train data as the reference CG for a particular
phoneme.

3.1. Estimating the Reference Spectral CG

Average CG calculated over all speakers in the train set uttering
the same phone is used as the reference CG. i.e.,

η̂ref =
ΣN

i=1ηi
N

(15)

η̂ref is the estimated reference CG for a particular phone and N
is the total number of speakers. The estimated shift correspond-
ing to a specific speaker is given by ζ̂i = ηi − η̂ref

3.2. Calculation of CG for Digital Signals

From Eq. 13, the CG of an analog cepstra is given by η = φ′(0).
In the case of discrete representation, we have the cepstra given
by

D[k] = |D[k]|ejφ[k] (16)

and therefore the first derivative of phase is now represented by
the difference operation .i.e.,

η̂ =
φ[k = 1]− φ[k = 0]

1− 0
(17)

As φ[k = 0] = 0 for real signals, we have

η̂ = φ[k = 1] (18)

4. Recognition Experiments
In this section, we discuss how spectral CG can be used for
speaker normalisation in an ASR frame work. Since we com-
pare the performance of our proposed normalisation approach
with conventional vocal tract length normalisation (VTLN) in
this paper, we also present a brief review of how speaker nor-
malisation is achieved in VTLN.
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Figure 2: Illustrating the normalisation of speaker spectra in
the proposed CG based approach. speaker B is shifted to
speaker A with a shift corresponding to difference in their CG’s

4.1. Normalisation Experiments using Spectral CG

In the proposed approach, speaker normalisation is integrated
into the feature generation stage. Estimating the shift required
for normalisation of the speaker spectra is a crucial step in the
proposed approach. It depends on the estimation of reference
CG for each phoneme/word based on the acoustic unit used for
modelling. From here on we refer to phonemes/words as models
in our discussion.

Reference CG for each model is estimated from the avail-
able training data. One limitation in estimating the reference
CG is the need for the time boundary information of each model
(phone/word) in the train data, i.e., the information that a partic-
ular utterance has model1 from t0 ms to t1 ms, model2 from t1
ms to t2 ms, and so on. The idea of time boundary information
is illustrated in Fig. 3. The following steps are involved in the
proposed CG based normalisation:
• Run the recogniser on the train data using SI model to obtain
the time boundary information.
• Using the time boundary information, the reference CG for
each model (phone/word) is calculated by averaging the CG’s of
all occurrences of that model in the training data using Eq. 15.
• For each frame in the train utterance depending on which
model it belongs to, calculate the shift with respect to the ref-
erence CG of that model. To obtain normalised features in our
experiments, we use a single shift for all frames in an utterance.
This is similar to a single warp factor being applied to all frames
in an utterance in VTLN. The single shift per utterance is ob-
tained by averaging the shifts over all frames in the utterance.
This is illustrated in Fig. 3. Applying this utterance shift over
all frames, we obtain normalised features. The normalised fea-
tures are then used for building normalised models.
• During recognition, we follow a two-pass approach similar
to VTLN. Using the un-normalised features and SI model, we
do an initial (first-pass) recognition and obtain the time bound-
ary information at phone/word level. We use this information
and the reference CG for each frame to obtain the appropriate
utterance shift as described above and then obtain normalised
features. The final recognition is done using these normalised
features and the normalised acoustic models.

4.2. Brief review of VTLN

VTLN is a commonly used technique to reduce the inter-
speaker variability and improve the performance of most state-
of-the-art ASR systems. VTLN is preferable over adaptation
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Figure 3: Steps involved in estimating a single shift per utter-
ance. This is obtained by averaging the shifts for all frames
estimated using the reference CG of the model to which they
belong.

based approaches when very little adaptation data is available.
The normalisation is brought about by scaling the spectra of
one speaker to match that of another speaker as shown in Eq. 1.
In general, there exists no reference or golden speaker with re-
spect to whom an optimal warp-factor α can be estimated. So in
practice, a maximum likelihood (ML) based grid search over a
discrete set of α’s is followed. The range is usually restricted to
be in between 0.80 and 1.20 based on physiological arguments
of the vocal tract. The optimal warp-factor estimation for the
ith utterance Xi is given as:

α̂i = argmax
α

Pr(Xα
i |M,Wi) (19)

where, Xα
i represents the warped features for the ith utterance,

M being the SI or the previous iteration model and Wi is the
true transcription during training or first pass recognition dur-
ing testing. In Eq. 19, the likelihood has to be calculated for all
values of α before finding an optimal estimate α̂ and hence is
computationally expensive. The following steps are followed in
VTLN based speaker normalisation:
• Generate warped features for all values of α in the search
range and then estimate the optimal warp factor α̂ using Eq. 19.
The features corresponding to the optimal warp factor are taken
as normalised features.
• Using the normalised features obtained above, the model pa-
rameters are updated for the case of training or used for recog-
nition in case of testing.

The main difference between CG and VTLN based speaker
normalisation approaches is the way normalised features are ob-
tained. In CG based approach, speaker normalisation is an in-
tegral part of the feature generation process. In case of VTLN,
we choose normalised features from an existing set of warped
features that best match the model. Hence the features need to
be generated for each value of α. This is the main reason for
achieving computational efficiency in CG based approach.

We compare the performance of our proposed CG based ap-
proach with VTLN on both TI-DIGITS and Resource Manage-
ment (RM) Task. We use 128 filters that are uniformly spaced
with uniform band-width in the Mel domain. The BW of each
filter is equal to the BW (in mel-domain) of the mel filters used
in a 29 bank filter. In all the experiments we map frequency
points zero and pi onto themselves using piecewise linear warp-
ing. While applying the shift on the mel-warped spectra, we can
either append zeros or repeat the last or first sample based on the
direction of the shift. In all our experiments, we repeat the last
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Database TI-DIGITS RM-Task
Method adult male female child adult

Base 99.52 99.38 99.69 97.44 95.16
VTLN 99.59 99.45 99.72 99.28 95.78

CG 99.55 99.40 99.70 98.08 95.63

Table 1: Recognition Performance of VTLN and proposed CG
based approaches on TI-DIGITS and RM-Task

or first sample based on the direction of shift. In TI-DIGITS, the
digits are modelled as whole word simple left-to-right HMMs
without skips and have 16 states per word with 5 diagonal co-
variance Gaussian mixtures per state. On the RM database we
perform the recognition task using triphones, starting with 49
monophones. The phone HMM models consist of 3 states with
15 diagonal covariance Gaussian mixtures per state. In both
the tasks, we use a silence model having 3 states and a single
state short pause model tied to the middle state of the silence
model. The features in all tasks are of 39 dimensions, compris-
ing normalised log-energy, c1, . . . , c12 (excluding c0) and their
first and second order derivatives. In all cases, cepstral mean
subtraction was applied.

5. Results and Discussion
In TI-DIGITS, we have models trained on adults and tested on
adults, male, female and children separately. In case of RM-
Task, models are trained on adults and tested on adults. Table. 1
shows the recognition performance of the proposed CG based
normalisation along with VTLN. In the case of TI-DIGITS, we
observe that the recognition performance of CG is comparable
to that of VTLN for the cases of adults, male and female. But,
in the case of children there is some degradation in the perfor-
mance. In the case of RM-Task, CG method has performance
comparable to that of VTLN.

The main advantage of CG based method over VTLN is the
huge computational gain in obtaining normalised features. The
computational complexities at various stages in the recognition
experiment for TI-DIGITS are summarised in Fig. 4. The num-
bers presented are in normalised time scale. We consider the to-
tal time for complete VTLN experiment to be at 100 time units
and relatively calculate the time taken for CG experiments. The
figure presents the details separately for both the training and
testing phases. We observe that major gains in computation are
in the feature generation and alpha estimation steps for the CG
approach. Feature generation in CG includes calculation of the
reference CG for all the models, estimating the utterance shift
and obtaining normalised features. Reference CG is calculated
only during the training phase. As opposed, VTLN not only re-
quires all the warped features to be computed for each value of
α in the search range but also requires performing a grid search
(alpha estimation) to obtain normalised features. While build-
ing normalised models, we follow single-pass retraining [6] in
VTLN where as in CG we build from scratch. This is the rea-
son for increased time taken in CG based approach while build-
ing the normalised models. In the overall experiment, we gain
about 8 times in computation using CG based approach when
compared to VTLN.

6. Conclusion
In this paper, we proposed a computationally efficient approach
for speaker normalisation using spectral centre of gravity. This
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Figure 4: Computational complexity involved at various stages
of CG and VTLN based recognition experiment for TI-DIGITS
(adult train - adult test) on a normalised time scale. Number of
train utterances: 8623, Number of test utterances: 8700, Num-
ber of warp-factors in VTLN: 21

is based on the observation that if two signals are delayed ver-
sions of one another, then their CG’s also differ by the same
amount. This idea is exploited to shift the mel-warped log com-
pressed spectra of different speakers to the reference CG. We
also discussed in detail the implementation of the proposed ap-
proach in a practical ASR system. We show that the perfor-
mance of the proposed approach is comparable to conventional
VTLN. Obtaining speaker invariant features using CG based ap-
proach is computationally efficient when compared to VTLN as
the speaker normalisation is integrated into the feature genera-
tion step.
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