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Abstract

The performance of speaker verification (SV) systems degrades
rapidly in noise rendering them unsuitable for security-critical
applications in mobile phones, where false acceptance rates
(FAR) of ∼ 10−4 are required. However, less demanding appli-
cations for which equal error rates (EER) comparable to word
error rates (WER) of speech recognizers are acceptable could
benefit from the SV technology.

In this paper we evaluate two feature-based noise compen-
sation algorithms in the context of SV: vector Taylor series
(VTS) combined with statistical linear approximation (SLA),
and Kalman filter-based interacting multiple models (IMM).
Tests with the YOHO database and the NTT-AT ambient noises
show that EERs as low as 5%–10% in medium to high noise
conditions can be achieved for a text-independent SV system.

1. Introduction
Recent studies [1] show that state-of-the-art SV technologies
achieve EERs ranging from 0.1% for text-dependent systems
trained and tested using single-microphone clean data to 25%
or higher for text-independent systems and military radio data.
Somewhere in the middle lies the performance of systems for
telephony with EERs anywhere between 1% for text-dependent,
digit strings combinations, to 10% for text-independent, conver-
sational data.

Although SV biometric does not seem to fully qualify for
security-critical applications (e.g. e-banking) yet, one could
think of an entire spectrum of applications with relaxed security
requirements such as password-protected user profiles or screen
savers for mobile phones, given an acceptable performance in
the typically noisy operating environments of these devices.

In this paper we evaluate in the context of SV two recent al-
gorithms developed for noise robust speech recognition (SR) us-
ing Mel-frequency cepstral coefficients (MFCC) [2] as features:
Kalman filter IMM [3] and an extension of VTS [4, 5, 6, 7].
We use a text-independent SV system, based on Gaussian mix-
ture models (GMM) and an MFCC front-end [8]. The EERs are
computed on speech data contaminated with car and street noise.

Our paper is organized as follows: in Section 2 we describe
briefly the SV system employed, then we present in Section 3 the
noise compensation algorithms, followed by the experimental
results in Section 4, and the conclusions in Section 5.

2. Speaker Verification Approach
2.1. Feature Extraction

We employ a standard front-end processing based on MFCC
features [2, 8]. The speech signal sampled at 8 kHz is divided
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verlapping frames of 32 ms length with a frame shift of 15
nergy-based voice activity detection (VAD) is performed

ch frame to discard silence segments.
ach frame is multiplied by a Hamming window prior to
ormation by a 256-point FFT. The squared spectral magni-
are pre-emphasized by a first order FIR filter and then trans-
d to the Mel-frequency domain using P = 15 triangle-
d filters. After taking the logarithm a vector of 15 log-
ral coefficients xt is obtained for frame t. Subsequent
ation of the discrete cosine transformation (DCT) yields a

r of 12 cepstral coefficients x
cep
t .

he convolutional effects of a linear transmission channel
r in the cepstral domain as additive biases, which can be

nated by estimating the mean and subtracting it from each
ral feature vector. Cepstral mean subtraction (CMS) is part

standard front-end processing in SV systems [8], and we
pply it to obtain channel-compensated feature vectors.

Models and Training

orld and the speaker are represented in the cepstral do-
using GMMs with J = 32 Gaussian probability density

ions (PDF) each. A GMM is completely characterized by
rameter set λ = {wj , µj ,Σj}j=1,J and the density

p(x
cep
t | λ) =

J∑
j=1

wjN (x
cep
t ; µj ,Σj) , (1)

N (·) is a Gaussian PDF and wj is the mixing weight
ying

∑J
j=1 wj = 1.

he world model λw is obtained via EM training [9] from
ooled together from 20 male and 20 female speakers, with
speaker contributing 1–2 minutes of speech. A speaker
l λs is derived from the world model via Bayesian adapta-
f means and variances [8] using about 1 minute of speech.
ained 18 gender-balanced speaker models, i.e. 9 female and
e. All training data is taken from theYOHO database [10].

Acceptance/Rejection Criterion

a sequence of cepstral vectors Xcep =
{
x

cep
t

}
t=1,T

the
ion rule for identifying the authorized user or the impostor
ed on comparing the log-likelihood ratio with a threshold

LLR = log
p(Xcep | λs)

p(Xcep | λw)
≷ θ , (2)

“>” means acceptance and “<” means rejection. It is
on practice to make the approximation

log p(Xcep | λ) ≈
T∑

t=1

log p(x
cep
t | λ) , (3)

holds exactly if and only if the feature vectors are statis-
independent.



3. Noise Compensation Approaches
3.1. Environment Model

The effect of the environment on the clean speech can be mod-
eled in the time domain by a linear transmission channel and
additive noise as shown in Fig. 1. Having incorporated CMS in

Linear
channel

Clean speech Noisy speech

Noise

Figure 1: Environment model.

our system for channel normalization (see Section 2.1), we will
consider only the effect of the additive noise.

Although linear in the time domain, the noise contamination
rule in the log-spectral domain changes to the non-linear function

zt = f(xt,nt) = xt + log[1 + exp(nt − xt)] (4)

where xt, nt, and zt denote the clean speech, noise, and noisy
speech log-spectral vectors, respectively [4].

3.2. Linear Approximations

Assuming that the PDF of clean speech log-spectra can be well
represented by a GMM with K = 32 components p(xt) =∑K

k=1 wx,kN (xt; µx,k,Σx,k) and the PDF of noise log-spectra
is a single Gaussian p(nt) = N (nt; µn,Σn), what is the distri-
bution of the noisy speech log-spectral vectors zt? Looking at
the non-linear model from Eq. 4, we find no easy answer. How-
ever, if we approximate the noise contamination rule in each
GMM component by a linear model

zt ≈ Akxt + Bknt + ck, k = 1, ..., K, (5)

then each Gaussian of clean speech log-spectra will transform
into a Gaussian of noisy speech log-spectra. Note that Ak and
Bk are P ×P matrices and ck is a P ×1 vector. If the matrices
{Ak,Bk}k=1,K are diagonal, the transformation models the
shifting of means and scaling of variances.

Moreno [4, 5] follows this approach and proposes the Tay-
lor series as a way to linearize Eq. 4 around the mean of each
Gaussian component. Furthermore a batch EM algorithm is em-
ployed to learn the noise statistics and compute the PDF of noisy
speech. Once the distribution of noisy speech is known, the un-
observed clean speech log-spectra are obtained from the noisy
speech log-spectra via minimum mean squared error (MMSE)
estimation.

Raj et al. [6] argue that it is more important for a linear
approximation of the noise contamination function to optimally
represent the parameters of the Gaussians describing the noisy
speech log-spectra rather than the function itself. A third or-
der polynomial approximation of Eq. 4 is used as the basis for
deriving the optimal slope and intercept of a linear model.

Kim [7] introduces SLA, where the expected error between
a higher order Taylor series expansion of the non-linear noise
contamination rule and the linear model is minimized, giving
similarly to [6] a statistical meaning to the optimal linear ap-
proximation. It is found that a third order Taylor series suffices.
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resent a batch EM algorithm to estimate the statistics of
log-spectra. Given are the GMM model parameters of
ean speech log-spectra λx = {wx,k, µx,k,Σx,k}k=1,K

he observed sequence of noisy log-spectral vectors Z =

=1,T . The goal of the EM algorithm is to obtain an estimate

{µ̂n, Σ̂n} of the noise PDF parameters. It starts with an
l guess for λ̂n = λ̂

(0)
n computed from the first few frames,

proves it iteratively to become λ̂
(i)
n in the i-th step.

the i-th step, we first apply the third order SLA to linearize
nt) around the mean log-spectral vectors µx,k and µ̂

(i−1)
n

ch k [7]. This computation yields {Âk, B̂k, ĉk}k=1,K in
th step1. The linear approximation maps the k-th clean
h Gaussian component to the corresponding noisy speech
sian with mean and covariance

µ̂
(i−1)
z,k = Âkµx,k + B̂kµ̂(i−1)

n + ĉk (6)

Σ̂
(i−1)
z,k = ÂkΣx,kÂ

′
k + B̂kΣ̂

(i−1)
n B̂′

k ,

determines the distribution of z for a given λ̂
(i−1)
n as the

model λ̂
(i−1)
z = {wz,k, µ̂

(i−1)
z,k , Σ̂

(i−1)
z,k }k=1,K , where

= wx,k are fixed. The prime denotes transposition.
et us define logL(λ̂

(i)
n | Z) = log p(Z | λ̂

(i)
n ) to be

g-likelihood of λ̂
(i)
n . In order to make the optimization

log-likelihood mathematically tractable, we assume apart
the observed data Z the existence of some additional un-
ved data K. The unobserved data K = {kt}t=1,T with
{1, ..., K} specifies the sequence of dominant mixture

onents of λ̂
(i−1)
z generating Z = {zt}t=1,T .

xtending the log-likelihood by taking into account the ob-
d data as well as the unobserved data (Z,K), the expec-
value w.r.t. the unobserved data K given the observation
and the previous step’s estimation of the noise statistics

) can be written as (called E-step)

λn, λ̂(i−1)
n ) = E

{
log p(Z,K | λn) | Z, λ̂(i−1)

n

}
. (7)

is to be maximized with respect to λn yielding the next
ate (called M-step)

λ̂(i)
n = arg max

λn

Q(λn, λ̂(i−1)
n ) . (8)

it more detail, computation of the E-step leads to

, λ̂(i−1)
n ) =

K∑
k=1

T∑
t=1

log p(zt, k | λn) · p(k | zt, λ̂
(i−1)
n ) ,

(9)
he contribution of the k-th Gaussian to the PDF p(zt | λn)

p(zt, k | λn) = wz,kN (zt; µz,k,Σz,k) , (10)

e probability of the k-th Gaussian mixture component

p(k | zt, λ̂
(i−1)
n ) =

p(zt, k | λ̂
(i−1)
n )∑K

κ=1 p(zt, κ | λ̂
(i−1)
n )

, (11)

y computed by filling the known terms from Eq. 6 into

(zt, k | λ̂(i−1)
n ) = wz,kN

(
zt; µ̂

(i−1)
z,k , Σ̂

(i−1)
z,k

)
. (12)

or simplicity, the superscript i is omitted here.
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Figure 2: Noise statistics estimation using EM.

The unknown model parameters in Eq. 10 are replaced by

µz,k = Âkµx,k + B̂kµn + ĉk (13)

Σz,k = ÂkΣx,kÂ
′
k + B̂kΣnB̂

′
k ,

where the only remaining unknowns (µn,Σn) constitute the
model λn which is subject to optimization in Eq. 8.

The E-step and the M-step are repeated either until the log-
likelihood has converged, or up to a maximum iteration imax. A
flowchart description of the algorithm is given in Fig. 2.

Once the noise statistics λ̂n = λ̂
(imax)
n has been estimated,

the log-spectral vectors of the clean speech are MMSE estimated
by

x̂t = E
[
xt | zt, λ̂n

]
=

∫
X

∫
N

xt p(xt,nt | zt, λ̂n) dxt dnt ,

(14)
which reduces to

x̂t = zt −
K∑

k=1

p(k | zt, λ̂n)
{
(Âk − I) µx,k + B̂k µ̂n + ĉk

}
(15)

by using Eq. 5. Note that in Eq. 15 above also the parameters
{Âk, B̂k, ĉk} depend on the noise statistics estimate λ̂n.

3.4. IMM

In contrast toVTS-SLA, IMM provides an estimate λ̂n,t for each
log-spectral vector zt [3]. The algorithm employs a bank of K
Kalman filters, which share the state transition equation but have
different observation models

nt = nt−1 + ut−1 (16)

zt = Âkxt + B̂knt + ĉk .

Note that the noise log-spectral vector is treated as the state of
interest, and ut is a zero-mean Gaussian process with covariance
matrix Σu.
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he sequential IMM (S-IMM) algorithm uses an initial guess

,t=1 and applies the Kalman prediction/update scheme to
estimate of noise statistics for each mixture component.
estimates are combined in the mixing step to obtain a

estimate

n,t =
K∑

k=1

p(k | Zt)µ̂n,t,k (17)

n,t =

K∑
k=1

p(k | Zt)
(
Σ̂n,t,k + ∆µ̂n,t,k ∆µ̂′

n,t,k

)

Zt = {z1, . . . , zt} and∆µ̂n,t,k = (µ̂n,t,k − µ̂n,t). This
ate is used to recompute Âk, B̂k, ĉk for the next frame and
initial value for λ̂n,t+1.
batch processing is allowed, then S-IMM is applied both

rd and backward on the buffered sequence Z to obtain two
ates of the noise parameters for each frame t, which are
quently combined in a single estimate

−1
n,t =

(
Σ̂f

n,t

)−1

+
(
Σ̂b

n,t

)−1

(18)

n,t = Σ̂n,t

[(
Σ̂f

n,t

)−1

µ̂f
n,t +

(
Σ̂b

n,t

)−1

µ̂b
n,t

]
.

uperscripts “f” and “b” denote the forward and the back-
estimate, respectively. This method of estimation is called
interval smoothing IMM (FIS-IMM) [3]. It is important to
hat FIS-IMM provides an estimate of the noise parameters
ch frame t, similarly to S-IMM.

4. Experimental Results
training and testing data is taken from the YOHO database

The testing data is contaminated with noises from the
AT dababase [11] as follows. The clean speech signal is
normalized to -26 dB using the ITU tools [12]. The noise
l level is adjusted to yield SNR levels between 0 and 40
ter addition to the clean speech signal. The experiments
nducted on clean speech contaminated with car or street

.
or testing each of the 18 speakers acts once as the authorized
nd 17 times as the impostor for the other speakers. The

g data is different from the training data and consists of 2
inutes utterances per speaker.
ased on the pooled male and female training data that was

for the GMM world model λw in the cepstral domain, log-
ral vectors x are taken to compute the clean speech GMM
l λx via EM iterations. Three algorithms using λx for
compensation, namely VTS-SLA, S-IMM, and FIS-IMM,
applied to the testing data. Initialization of noise statistical
eters of all algorithms was taken from the first five frames,
e maximum number of iterations in the VTS algorithm is
three.
he SV performance was evaluated by its equal error rate
) based on the LLR scores from Eq. 2. The frame shift
R computation is a single feature vector and the segment
in Eq. 3 is T = 200. Taking the mean of the LLRs over

gments, one gets 18 × 18 scores. 18 of them belong to
ue speakers (target scores), the rest to the impostors (non-
scores). The EER is determined as the intersection of the

lative density functions of the two sets of scores.
igs. 3 and 4 show that the plain SV system without any noise
ensation approach achieves a good EER = 2.43% on clean
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Figure 3: EER for speech in car noise.

speech. On noisy data, the SV performance degrades severely up
to an EER around 22% for SNR = 0 dB. As a second reference,
the EER system performance is given when it is simply retrained
on noisy data.

Looking at the results for the SV system with a noise com-
pensation technique, it can be clearly seen that a significant im-
provement is achievable. Particularly in car noise, the EER im-
proves drastically to values of 6% to 8% for SNR = 0 dB. In
general, S-IMM turns out to perform slightly better than any
other algorithm tested. This is a surprising result, since S-IMM
is a real-time approach, while the other two compensation tech-
niques are processed in batch mode.

In Fig. 3, it is shown that all algorithms in car noise have
more or less similar performance. This was expected, because
the car noise exhibits stationary characteristics which allows for
a single estimate of the noise statistics for the whole utterance as
it is done in VTS-SLA. VTS-SLA reveals a good performance
especially in very low SNR conditions.

Fig. 4 shows that in highly non-stationary street noise both
versions of IMM perform better than the VTS-SLA algorithm,
as they provide a new estimate of the noise for each log-spectral
vector and are thus able to track the non-stationary character-
istics. Performing noise compensation to a long utterance in
highly non-stationary noise becomes a disadvantage of our spe-
cific VTS-SLA implementation, since a single estimate for the
whole utterance is then no longer sufficient.

5. Conclusions
In this contribution we evaluated a batch and a sequential pro-
cessing variant of the IMM algorithm as well as an extension
of VTS, called VTS-SLA. All three algorithms investigated in
our baseline text-independent SV system show a significant de-
crease of EER down to a range of 5% to 10% for medium to high
background noise levels.

For street noise, which is highly non-stationary, both IMM
variants perform better than VTS-SLA. This is mostly due to the
fact that the IMM algorithms compute an estimate of the noise
parameters for each frame. This allows for better tracking of the
background noise statistics thanVTS-SLA. In car noise however,
which exhibits mostly stationary characteristics, all algorithms
perform about equally well.
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Figure 4: EER for speech in street noise.
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