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Abstract—Forensic speaker verification systems show severe
performance degradation in the presence of noise when the signal
to noise ratio (SNR) is low. A possible solution to this problem
is the use of multi-run independent component analysis (ICA) to
reduce the effect of noise from the noisy speech signals. Previous
works have used multi-run ICA in biosignal application; however,
the effectiveness of multi-run ICA on noisy speaker verification
has not been investigated yet. In this paper, we use multi-run
ICA to enhance the noisy speech signals by choosing the highest
signal to interference ratio (SIR) of the mixing matrix from
different mixing matrices generated by iterating the fast ICA
algorithm for several times. We use a combination of feature-
warped mel frequency cepstral coefficients (MFCCs) and feature-
warped MFCC extracted from the discrete wavelet transform
(DWT) of the enhanced speech signals as the feature extraction.
A state-of-the-art identity vector (i-vector) probabilistic linear
discriminant analysis (PLDA) was used as a classifier in this pa-
per. Experimental results demonstrate that the proposed method
with multi-run ICA achieves high improvements in equal error
rate (EER) of 66.68%, 69.24% and 70.78% over the baseline
noisy speaker verification system, when the test speech signals are
corrupted with CAR, STREET, and HOME noises respectively
at -10 dB SNR.

I. INTRODUCTION

A current issue in the field of speaker verification systems

is to migrate automatic speaker verification developed in the

lab to real forensic situations. The forensic audio recordings

from the suspect are often recorded using hidden microphones

in public places [1]. Such forensic audio recordings are often

corrupted with car and street noises [1], [2]. The distortion

of speech by environmental noise degrades significantly the

high performance of speaker verification in the lab [3]. There-

fore, speech enhancement in real forensic applications plays

an important role in improving forensic speaker verification

performance under noisy conditions.

Speech enhancement algorithms can be classified into single

and multiple-channel algorithms based on the number of the

microphones used to collect noisy speech signals. Various

algorithms for single-channel speech enhancement have been

proposed in previous studies [4], [5], [6], but single-channel

speech enhancement algorithms achieve less improvement in

speech quality compared to multiple-channel speech enhance-

ment algorithms [7].

Independent component analysis was used in the multi-

channel speech enhancement algorithm to separate the noise

from the noisy speech signals [8], [9], [10]. It transforms the

mixed signals into components that are statistically indepen-

dent. The principle of estimating the independent components

is based on maximizing the non-Gaussian distribution of

one of the source signals [11]. The difference between the

Gaussian distribution and the distribution of the independent

component can be estimated using various non-Gaussian mea-

surements such as Kurtosis, negentropy, and approximation of

the negentropy [11].

There is a randomness in the separation of the mixed

signals in the ICA algorithm due to the randomness associated

with choosing the unmixing matrix [12]. The randomness of

separation of the source signals in the ICA algorithm may

decrease the performance of recognition systems. The multi-

run ICA algorithm [13] was proposed to deal with this problem

and it achieved better performance for biosignal applications

under clean conditions. This method is based on iterating

the fast ICA algorithm [11] several times. Different mixing

matrices were obtained each time. The source signals can be

estimated by choosing the best of the mixing matrix. Selecting

the best mixing matrix can be performed by computing the

optimum SIR of the mixing matrices [13].

A number of techniques have been used to model acoustic

speech for speaker verification such as Gaussian mixture

model based on universal background model (GMM-UBM)

[14], support vector machine (SVM) [15] and joint factor

analysis (JFA) [16]. Recently, the identity vector (i-vector)

[17] feature has become more popular technique for speaker

verification. The i-vector represents the GMM super-vector

by using a single total variability matrix. This single total

variability was motivated by the discovery that speaker in-

formation in channel space of JFA could be used to recognize

between speakers more efficiently [18]. The i-vector can be

used in Gaussian probabilistic linear discriminant analysis

(GPLDA) and heavy-tailed PLDA (HTPLDA) [19]. It was

found in [19] that HTPLDA achieved better speaker veri-

fication performance compared with GPLDA. Recently, the

length-normalized GPLDA technique [20] has proposed. This

technique is based on transforming the distribution of i-vector

from the heavy-tailed to Gaussian distribution. The results

in [20] have indicated that the length-normalized GPLDA

achieved similar performance with less computational com-

plexity compared with HTPLDA. Thus, the length-normalized

GPLDA will be used in this paper.

In this work, we present approach for noisy forensic speaker

verification systems. This approach uses the multi-run ICA

algorithm to reduce the effect of environmental noise from

the noisy speech signals. Combination features of DWT-based



feature-warped MFCC and feature-warped MFCCs of the

enhanced speech signals are used as the feature extraction.

These features can be used to train the state-of-the-art length-

normalized GPLDA speaker verification systems.

The effectiveness of the multi-run ICA algorithm on reduc-

ing the effect of environmental noise and improving the perfor-

mance of noisy speaker verification has not been investigated

yet in the literature. This algorithm can be used for improving

the performance of noisy forensic speaker verification because

it is based on choosing the best of the unmixing matrix to

separate the noise from the noisy speech signals; this is the

original contribution of this research.

The remainder of the paper is structured as follows: Section

II describes the speech corpus. The model of ICA is pre-

sented in Section III. Section IV describes the methodology

of speaker verification in the presence of noise. The results

and discussion are given in Section V. Finally, Section VI

concludes the paper.

II. SPEECH CORPUS

The speaker verification system was evaluated using the

Australian forensic voice comparison database [21]. This

database consists of 552 speakers and recorded in three

speaking styles for each speaker [21]. The speaking styles used

in this database include: informal telephone conversations,

information exchange over the telephone and pseudo-police

styles [21]. Informal telephone conversations and information

exchange over the telephone are recorded between two speak-

ers using a telephone channel. The pseudo-police interview

style is recorded using a microphone channel. The clean

speech signals are sampled at 44.1 kHz and 16 bit/sample

resolution [22].

The enrolment of the speech signals was obtained by using

full duration utterances from 200 speakers from the pseudo-

police interview style. The test speech signals were obtained

using 10 second durations from 200 speakers in informal

telephone conversation styles. Voice activity detection (VAD)

based on the statistical model developed by Sohn et al. [23]

was used to remove the silence frames from the enrolment and

test speech signals.

III. MODEL OF INDEPENDENT COMPONENT ANALYSIS

In most real forensic scenarios, the criminal may use a

mobile to commit criminal offenses. The test speech signals

from forensic audio recordings are often corrupted by various

types of environmental noise in open areas such as street.

Thus, the effect of reverberation on noisy test speech signals

will not be investigated in this paper. We used instantaneous

ICA to estimate the enhanced speech from the noisy speech

signals. Let the speech and noise signals emitted from n
sources be represented as s(t) = {s1(t), s2(t), ..., sn(t)}. The

mixed speech signals can be recorded instantaneously in public

places for forensic applications by using m microphones

and be expressed as x(t) = {x1(t), x2(t), · · · , xm(t)} [1].
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Fig. 1. Speaker verification based on multi-run ICA.

Instantaneous ICA assumes the mixing process as linear, so it

can be represented as [11]

x = As (1)

where A is m× n mixing matrix

The goal of ICA is to estimate the source signals from the

mixed signals when both the input sources and the parameters

of the mixing matrix are unknown. The estimates of source

signals (ŝ) can be represented by the following equation [11]:

ŝ = Wx (2)

where W is the unmixing matrix. The unmixing matrix equals

to the inverse of the mixing matrix A and the ICA assumes

the number of the mixed signals equal to the number of the

source signals [24]. In this paper, we use two source signals

(speech and noise) and two microphones to record the noisy

speech signals (m = n = 2). Thus, the mixing and unmixing

matrices are square and they have a size of 2× 2.

IV. METHODOLOGY

Experiments were conducted to evaluate the performance

of the forensic speaker verification system in the presence of



environmental noise. The system of speaker verification based

on multi-run ICA consists of the following steps, which are

shown in Figure 1 and described in the next sections.

A. Noisy speech signals

Each of the test speech signals was mixed with one random

session of the environmental noises (CAR, STREET, and

HOME noise) from the QUT-NOISE database [25], resulting

in a two-channel noisy speech signal. These noises were

downsampled from 48 kHz to 44.1 kHz before mixing with

the clean speech signal. The down sampling is necessary to

match the sampling frequencies of the clean speech and noise

signals.

Figure 2 shows configuration of sources (s(n) and e(n))
and microphones (x1 and x2) in instantaneous ICA. The noisy

speech signals can be recorded by the microphones, x, as
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Fig. 2. Configuration of sources and microphones in instantaneous ICA.

x = As(n) (3)[
x1

x2

]
=

[
a11 a12
a21 a22

] [
s(n)
e(n)

]
(4)

where s(n) is the clean speech signal and e(n) is the environ-

mental noise. The mixing matrix used in this paper is

A =

[
1.0 1.0
1.0 0.6

]
(5)

B. Fast ICA

The procedure for a fast ICA algorithm for one unit can be

illustrated by the following steps [11]:

1) Remove the mean value from the noisy signal and center

its distribution.

2) Whiten the noisy speech signal (x) to get (xw) by using

eigenvalue decomposition of the covariance of the noisy

speech signal.

xw = V D−1/2V Tx (6)

where V is the eigenvector matrix of the covariance of

the noisy speech signal, and D−1/2 is the inverse square

root diagonal of the eigenvalue matrix.

3) Choose an initial vector of unmixing matrix.

4) Estimate a row vector of unmixing matrix

w+ = E{xw g(wT xw)} − E{g′(wT xw)}w (7)

where w+ is the new value of the row vector of the

unmixing matrix, E is the sample mean, g and g′ are the

first and the second derivatives of the contrast function

respectively. The Gaussian contrast function was used in

this paper and it can be defined as [26]

G(u) = −exp(−au2/2) (8)

where a is a constant and it equals to one.

5) Normalize the row vector of w+

w∗ =
w+

‖w+‖ (9)

where w∗ is the normalization of the new row vector of

the unmixing matrix.

6) Insert w = w∗ in step 4 and repeat the procedure until

there is convergence.

The criterion of convergence is that the direction of previous

and new values of w must be in the same direction, i.e.

the dot product of these w points is almost equal to one

[11]. It is necessary to run one unit fast ICA algorithm for

n times to estimate all source signals. To prevent different

row vectors of w from converging to the same maxima,

a deflation decorrelation of the output wT
1 x,w

T
2 x, · · · , wT

nx
must be performed after every iteration [11].

C. Multi-run ICA

Independent component analysis is an iterative blind source

separation approach [12]. The original source signals can be

estimated from the mixing matrix A each time. The quality of

the estimation of the source signals is based on the unmixing

matrix W . Since the unmixing matrix is estimated from the

random matrix, there is a randomness in the quality of the

separation of the estimated source signals [12].

The multi-run ICA algorithm [13] deals with this problem of

randomness. This algorithm is based on computing the mixing

matrices several times and choosing the unmixing matrix that

has the maximum quality of separation. In this paper, we

iterate the fast ICA algorithm [11] for 15 times. Different

mixing matrices A1, A2, .., A15 are obtained from the fast ICA

iteration. To estimate the enhanced speech from the noisy

speech signals, we require just one mixing matrix. Thus, the

best of the mixing matrix has to be chosen among different

mixing matrices in order to obtain better speaker verification

performance. There are various methods to compute the qual-

ity of the separation of the unmixing matrix. For audio and

biomedical applications, the SIR was found to be the more

popular method to compute the quality of the separation [27]

and is used in this paper. The SIR is the ratio of the power of

the wanted signal to the power of the unwanted signal and it

can be represented as [28]

SIR =
||Starget||2
||einterf ||2

(10)



where Starget is the modified version of the clean speech

signal s(n) by an allowed distortion and einterf is the in-

terference error. The enhanced speech signal can be estimated

by choosing the unmixing matrix that has the maximum SIR.

D. Combination of DWT and MFCC feature warping ap-
proach

The approach of extracting the features is based on the

multi-resolution property of the DWT. The MFCCs were

computed over Hamming windowed frames of the enhanced

speech signals with 30 ms size and 10 ms shift. The MFCCs

were obtained using a mel filterbank of 32 channels, fol-

lowed by a transformation to the cepstral domain, keeping 13

coefficients. The first and second derivatives of the cepstral

coefficients were appended to the MFCCs. Feature warping

with a 301 frame window is applied to the features extracted

from the MFCCs. The frame of the enhanced speech signal

is decomposed into two frequency sub-bands: low-frequency

sub-band (approximation coefficients) and high frequency sub-

band (detail coefficients). The approximation and detail coef-

ficients are combined into a single vector. The decomposition

process can be repeated by applying the DWT to the low-

frequency sub-band. To capture the essential characteristics

of the vocal tract, the feature-warped MFCCs are applied to

the concatenated vector from the DWT. Finally, the combi-

nation of DWT and feature-warped MFCCs approach can be

performed by combining the feature-warped MFCCs from the

full band of the enhanced speech signal with MFCC feature

warping extracted from the DWT in a single feature vector

[29]. Figure 3 shows combination of DWT and MFCC feature

warping technique. The symbol (FW) in Figure 2 represents

the acronym of feature warping.

E. Speaker verification system
The speaker verification system was conducted with a state-

of-the-art Gaussian PLDA (GPLDA) i-vector framework. It

used a combination of DWT and feature-warped MFCCs as

a front-end. The universal background model (UBM) with

256 components was used in the experiments. The UBM was

trained on telephone and microphone speech using 348 speak-

ers from the Australian forensic voice comparison database

[21]. The UBM was used to calculate the Baum-Welch

statistics for calculation of the total variability subspace of

dimension 400. The total variability was used to compute the i-

vectors. The i-vectors were projected into a linear discriminant

analysis (LDA) space to reduce the dimension of i-vectors

to 200. The i-vectors length normalisation was used before

GPLDA modeling using centering and whitening of the i-

vectors [20]. The performance of the i-vector PLDA speaker

verification system was evaluated using the Microsoft research

(MSR) identity toolbox [30].

V. RESULTS AND DISCUSSION

This section describes the performance of the speaker verifi-

cation systems based on multi-run ICA under noisy conditions.

The EER was used to evaluate the performance of speaker

verification systems.
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Fig. 3. Combination of DWT and MFCC feature warping.

A. Effect of level decomposition

This experiment evaluated the effect of level decomposition

used in the performance of noisy speaker verification without

using speech enhancement (baseline). The full duration of

enrolment speech signals was kept in clean conditions, while

10 sec of the test speech signals were corrupted with a

random session of STREET, CAR, and HOME noises at SNRs

ranging from -10 dB to 10 dB. The enrolment and noisy test

speech signals were decomposed into 2, 3, and 4 levels using

Daubechies 8 DWT.

Figure 4 shows the effect of the decomposition levels on

the performance of speaker verification without using speech

enhancement in the presence of various types of environmental

noise. It was found that increasing the number of levels to

more than three over the majority of SNR values degraded

the speaker verification performance in the presence of various

types of environmental noise. In this case, the number of

samples in the lowest frequency subbands was so low that

the essential characteristics of the speech signals could not

be estimated accurately by the classifier [31]. Thus, level 3 is

used in the feature extraction based on combination of DWT
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Fig. 4. Effect of the decomposition levels on the performance of speaker verification without using speech enhancement in the presence of environmental
noise.
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Fig. 5. Experimental results for PLDA speaker verification in the presence of STREET, CAR and HOME noises. Lower EER indicates better performance

and MFCC feature warping in the presence of noise in the

next section.

B. Comparison of noisy speaker verification performance

This section describes the performance of speaker verifica-

tion based on the multi-run ICA (highest SIR) and it compares

with baseline speaker verification, traditional ICA and multi-

run ICA (lowest SIR) in the presence of various types of

environmental noises at SNRs ranging from -10 dB to 10 dB

as shown in Figures 5. The SNRs on the x-axis of Figure 5

were computed from the first microphone (x1).

It is clear from Figure 5 that the performance of speaker

verification based on the multi-run ICA (highest SIR) algo-

rithm achieved high improvements in EER over baseline noisy

speaker verification at low SNR. The improvement in EER

of speaker verification based multi-run ICA (highest SIR)

decreased when SNR increased and there is a degradation

in the speaker verification performance compared with the

baseline noisy speaker verification in the presence of CAR,

STREET and HOME noises at SNRs from 5 dB to 10 dB.

The reduction in EER for speaker verification with multi-run

ICA (highest SIR) was 66.68%, 69.24% and 70.78% over

the baseline noisy speaker verification when the test speech

signals were mixed with CAR, STREET and HOME noises

respectively at -10 dB SNR. The multi-run ICA (highest SIR)

algorithm achieved a significant reduction in EER at -10 dB

SNR because this algorithm is based on choosing the best

unmixing matrix that has the maximum SIR. The best matrix

gives a clear separation of noise from the noisy speech signals.

The multi-run ICA with the lowest SIR degraded the noisy

forensic speaker verification performance compared with tra-

ditional ICA. The estimation of the speech signals from the

worst mixing matrix (lowest SIR) may occur at any instance in

the traditional ICA algorithm due to the randomness associated

with choosing the unmixing matrix. Thus, the traditional ICA

algorithm may fail to separate the speech from the noisy



speech signals in this case and this leads to decreased noisy

forensic speaker verification performance.

The multi-run ICA (highest SIR) algorithm improved the

forensic speaker verification performance over traditional ICA

when the test speech signals were corrupted with different

sessions of CAR, STREET and HOME noises at SNRs ranging

from -10 dB to 10 dB. The reduction in EER for multi-run

ICA over traditional ICA , EERred, can be computed as

EERred =
EERICA − EERmulti(ICA)

EERICA
(11)

where EERICA is the equal error rate for traditional ICA

and EERmulti(ICA) is the equal error rate for multi-run ICA

(highest SIR) approach. The average reduction in EER can

be computed by calculating the mean in EERred for various

types of environmental noise at each noise level, as shown

in Figure 6. The average reduction in EER for the multi-run

ICA (highest SIR) algorithm ranges from 16.08% to 11.05%

over conventional ICA in the presence of various types of

environmental noise at SNRs ranging from -10 dB to 0 dB

SNR.
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Fig. 6. Average reduction in EER for multi-run ICA algorithm over traditional
ICA in the presence of various types of environmental noise at SNRs ranging
from -10 dB to 10 dB. Higher average reduction in EER indicates better
performance.

VI. CONCLUSION

In this paper, we investigated the effectiveness of the multi-

run ICA algorithm to improve the performance of forensic

speaker verification in the presence of environmental noise.

This method is based on using the multi-run ICA algorithm to

separate the noise from the noisy speech signals. Fusion of the

DWT and feature-warped MFCCs was used to extract the fea-

tures from the enhanced speech signals. Experimental results

demonstrate that the method achieved great improvements in

EER over the baseline noisy speaker verification when the test

speech signals were mixed with various types of environmental

noise at -10 dB SNR. These results indicate that the multi-run

ICA algorithm can be very useful to improve the performance

of forensic speaker verification in the presence of high levels

of noise. Further work is required to investigate the effect of

channel delay duration on the performance of noisy forensic

speaker verification.
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