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Abstract— For wireless remote access security, forensics, border control and surveillance applications, there is an emerging
need for biometric speaker recognition systems to be robust to
speech coding distortion. This paper examines the robustness
issue for three codecs, namely, the ITU-T 6.3 kilobits per second
(kb/s) G.723.1, the ITU-T 8 kb/s G.729 and the 12.2 kb/s 3GPP
GSM-AMR coder. Both speaker identiﬁcation and speaker veriﬁcation systems are considered and use the Gaussian mixture
model classiﬁer. The systems are trained on clean speech and
tested on the decoded speech. To mitigate the performance loss
due to mismatched training and testing conditions, four robust
features, two enhancement approaches and fusion strategies are
used. A detailed two-way ANOVA analysis is performed.
Keywords: speaker recognition, robust system, fusion, ANOVA

I. I NTRODUCTION AND M OTIVATION
Robust speech processing for wireless applications is an
active area of research especially in terms of gaining remote
access to voice activated services [1] (like performing a
bank account transaction). This includes remote access using
mobile telephony and the internet. Although most practical
applications are aimed at a wireless internet connection, the
technical approach described in this paper can be applied to a
wired connection. In this context, the particular applications
of speaker recognition [1][2][3][4][5][6][7][8] and speech
recognition have been investigated [9][10]. The challenge
is the diminished performance due to background noise,
speech coding distortion and communication channel errors.
In this paper, biometric speaker recognition in the presence
of speech coding distortion is addressed. Both speaker identiﬁcation (SI) (determining the most likely speaker among
a set of candidates) and speaker veriﬁcation (SV) (accepts
or rejects a claimed identity) systems are described. The
systems are both text-independent and language-independent.
The operation of the proposed system is as follows. A
person seeking remote access speaks into the microphone
of his/her wired node (desktop PC) or mobile/wireless node
(laptop or smart phone). This speech signal is communicated
to a remote server via the internet and is subject to speech
coding distortion. The remote server uses a biometric based
speaker recognition algorithm. The algorithm can either
accomplish (1) speaker identiﬁcation (SI) in which a person is identiﬁed among a set of candidates or (2) speaker
veriﬁcation (SV) that accepts or rejects the claimed identity
of a person. The database acts as the central storage for all
biometric data. The communication between the database and
the server is secure and encrypted.

The speech coders [11] investigated in this paper include
the ITU-T 6.3 kilobits per second (kb/s) G.723.1 coder
[12][13], the ITU-T 8 kb/s G.729 coder [14] and the 12.2
kb/s 3GPP GSM-AMR coder [15]. The three coders are
based on the Code Excited Linear Prediction (CELP) format.
The G.723.1 and the G.729 are used in voice over internet
protocol (VoIP) applications. The GSM-AMR is widely used
in cellular telephony. The ITU implementations are used for
the G.729 and GSM-AMR coders. The implementation in
[13] is used for the G.723.1 coder.
Training of the SI and SV systems is done on clean
speech. Testing (performance evaluation) is done on the
decoded speech which is the clean speech passed through
the speech coder and then, decoded. The systems are based
on a Gaussian mixture model (GMM) classiﬁer. A speaker
independent universal background model (UBM) is ﬁrst
conﬁgured [8][16] using the expectation maximization (EM)
algorithm [18][19]. Individual speaker models are obtained
by maximum a posteriori (MAP) estimation of the UBM
parameters using the training speech of the speaker [17]. Four
robust features, namely, the linear predictive cepstrum (CEP),
the adaptive component weighted (ACW) cepstrum [20],
the postﬁlter (PFL) cepstrum [20] and the mel frequency
cepstrum (MFCC) [3][4] are compared.
Since the mismatch between training and testing leads
to diminished performance, feature enhancement using the
afﬁne transform and signal enhancement using the McCree
technique [8] are individually investigated and combined. Fusion of the four features [21][22] is also attempted. Statistical
methods based on analysis of variance (ANOVA) [23] will
compare the performance of the individual features, fusion
methods and feature and signal enhancement. The aim is to
examine the relative performance of the various approaches
as a function of the bit rate. This paper extends the work in
[6] by examining three speech coders, implementing both SI
and SV and performing two-way ANOVA.
II. S YSTEM D ESCRIPTION AND E XPERIMENTAL
P ROTOCOL
The TIMIT database is used for the experiments. The
speech in this database is clean and ﬁrst downsampled from
16 kHz to 8 kHz. The UBM is ﬁrst conﬁgured using all ten
sentences from each of 168 speakers. The k-means algorithm
is used to initialize the parameters of the UBM with a
diagonal covariance matrix assumed. Ten iterations of the
EM algorithm results in the ﬁnal UBM. Ninety individual
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GMM speaker models (different speakers from those used
to train the UBM) are obtained by MAP adaptation of the
UBM parameters. Both adaptation of the (1) weights, mean
vectors and elements of the covariance matrix and (2) only
the mean vectors were attempted but no signiﬁcant difference
in performance was obtained. As in [17], only adaptation of
the mean vectors is performed. Eight of the ten sentences
for each speaker are used to obtain the feature vectors and
perform the MAP estimation. Since four different features
are investigated, there are four different speaker recognition
systems.
For testing the system, the two sentences from each of the
90 speakers not used in training are processed. These sentences are the decoded speech from a particular speech coder.
The overall system consists of ﬁve components, namely, (1)
Signal enhancement using the McCree method, (2) Feature
extraction for ensuring speaker discrimination, (3) Feature
compensation using the afﬁne transform that maps the test
feature vectors to the space reﬂecting the training condition,
(4) GMM classiﬁer and decision logic and (5) Feature fusion.
A. McCree Technique
The basic steps as outlined in [8] were implemented,
namely, (1) Perform linear predictive (LP) analysis of the
decoded speech to obtain the nonrecursive A(z), (2) Pass
the decoded speech through A(z) to remove the distorted
spectral envelope and (3) Perform LP synthesis ﬁltering with
the transmitted LP information of the input speech to the
coder in order to restore the correct spectral envelope.
B. Feature Extraction
The speech is preemphasized by using a nonrecursive ﬁlter
1 − 0.95z −1 and then divided into frames of 30 ms duration
with a 20 ms overlap. A 12th order LP analysis is performed
using the autocorrelation method. The LP coefﬁcients are
converted into 12 dimensional CEP, ACW and PFL feature
vectors. The PFL feature is obtained by weighting the CEP
feature by the factor [1 − 0.9n ] for n = 1 to 12 [20].
A 12 dimensional MFCC feature vector is computed in
each frame. The success of the MFCC is due to the perceptually based ﬁlter bank processing of the Fourier transform
of the speech followed by cepstral analysis using the DCT
[3][4].
For each of the four features, a 12 dimensional delta
feature [3] is computed in each frame using a frame span
of 5 in order to derive ﬁrst derivative information. Second
derivative information is also obtained. Concatenation of the
feature vector, the ﬁrst derivative and the second derivative
results in a 36 dimensional vector that is used for speaker
recognition.
Energy thresholding is performed over all frames of an
utterance to determine the relatively high energy speech
frames. This is the most simple form of voice activity
detection [5]. The 36 dimensional vectors are considered only
in these high energy frames.

C. Afﬁne Transform
The afﬁne transform accomplishes feature compensation
by mapping a feature vector x derived from test speech
to a feature vector y in the region of the p-dimensional
space occupied by the training vectors. This forces a better
match between training and testing conditions and in effect,
compensates for the distortion of the test speech (in this case,
the codec). The transform relating x and y is given by Eq. (1)
as
y = Ax + b
(1)
where A is a p by p matrix and y, x and b are column vectors
of dimension p. Expanding Eq. (1) gives
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where aTm is the row vector corresponding to the mth row
of A.
The afﬁne transform parameters A and b are determined
from the ﬁve (the ”sa” and ”si”) sentences of each of the
90 speakers under consideration. The afﬁne transform is
computed only during training and is different for each
feature and for each of the three codecs. A total of 12 afﬁne
transforms are computed. It is only computed for the 12
dimensional feature vector and not for the ﬁrst and second
derivative information.
Let y(i) be the feature vector for the ith frame of the
training speech utterance. Let x(i) be the feature vector for
the ith frame of the training speech utterance passed through
the distortion encountered during testing (in this case, the
clean utterance is compressed and decoded by the codec).
By using a number of training speech utterances, N sets of
vectors are collected, namely, y(i) and x(i) for i = 1 to N .
A squared error function is formulated as
E(m) =

N


[y (i) (m) − aTm x(i) − b(m)]

2

(3)

i=1

where aTm is the mth row of A and y (i) (m) and b(m) are the
mth components of y(i) and b, respectively. Minimization of
E(m) with respect to aTm and b(m) results in the system of
equations [6]
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and the other two are used for testing. This enables 10 trials
for each experimental condition.
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The function E(m) is minimized for m = 1 to p. Hence,
m different systems of equations of dimension (p + 1) as
described by Eq. (4) are solved. The left hand square matrix
of Eq. (4) is independent of m and hence, needs to be
computed only once.
D. GMM Classiﬁer and Decision Logic
A GMM speaker model λ is completely speciﬁed by a
conditional probability density expressed as a linear combination of Gaussian densities as given by
p(x|λ) =

V


wi ci (x)

(5)

i=1

where x is a p-dimensional feature vector, ci (x) is a p-variate
Gaussian 
probability density function and wi are the mixture
weights ( wi = 1) for i = 1 to V (V is the number of
Gaussian mixtures). The Gaussian density ci (x) is speciﬁed
by a vector of means μi and a covariance matrix Σi .
A test speech utterance is processed such that a set of
test feature vectors X = (x1 , x2 , · · · , xq ) are computed. In
computing these feature vectors, the option of using or not
using the McCree technique and the afﬁne transform exists.
For the SI system, there are M = 90 speakers for which
speaker i is represented by GMM λi , the identiﬁed speaker
M  is chosen to maximize the a posteriori log-probability
as given by
M  = arg max

1≤j≤M

q

i=1

log p(xi |λj ) = arg max d(j) (6)
1≤j≤M

where p(xi |λ) is computed as given in Eq. (5) and d(j) is the
SI score for speaker j. When many utterances are tested, the
identiﬁcation success rate (ISR) is the number of utterances
for which the speaker is identiﬁed correctly divided by the
total number of utterances tested. For each codec, a total of
180 utterances are tested to get the ISR.
For the test utterance for the SV system, let the claimed
identity be speaker k. The a posteriori log-probability, as in
Eq. (6) is calculated for the speaker model λk and for the
UBM model. These two quantities are subtracted to yield the
SV score. The SV score is compared to a threshold to either
accept of reject the claimed identity. Different thresholds are
attempted to yield a receiver operating characteristic (ROC)
from which the equal error rate (EER) is the performance
measure. For each codec, there will be 180 genuine attempts
and (180)(89) = 16, 020 impostor attempts.
For each speaker, the 2 ”sa” and three ”si” sentences are
always used in training the GMM speaker model as they are
used in computing the afﬁne transform. Of the remaining
ﬁve ”sx” sentences, three are rotated for training purposes

E. Feature Fusion
Since four different features are used, each with a separate
GMM classiﬁer, an ensemble system [21] results which
naturally leads to the investigation of fusion. For SI systems,
decision level fusion is the simplest technique and involves
taking a majority vote of the four different features to get
a ﬁnal decision. The second fusion method is to use Borda
count based on the SI scores d(i) for i = 1 to M = 90 (see
Eq. (6)) obtained for the four features. For the SV system,
the genuine and impostor SV scores are normalized to be in
the range [0,1] for each feature separately. Fusion of these
normalized SV scores for the four features are used to obtain
the EER. The three methods of fusion considered are the
sum of the scores, product of the scores and taking only the
maximum score.
III. G ENERAL R ESULTS
The ﬁrst aspect was to examine how many mixtures to
use for the UBM and the individual speaker models. The
performance of the four features for all conditions (clean,
codec only and using the McCree method and/or the afﬁne
transform) was compared when the number of mixtures was
varied from 16 to 2048, each time doubling the number
of mixtures. The use of 256 and 512 mixtures yielded
the best and statistically comparable performance. Using
more than 512 mixtures did not necessarily result in higher
performance. The results continue for the case of using 256
mixtures.
Tables I and II show the speaker identiﬁcation and veriﬁcation results respectively. The average performance over 10
trials is given.
IV. T WO - WAY ANOVA
The balanced two-way ANOVA model (two factors) is
considered. A model is considered for each codec separately
and within each codec, the SI and SV scenarios separately.
There is a continuous response, Y , and two factors, A and
B. In this case, Y refers to either the ISR or EER. Factor A
are the methods used and has a = 4 levels, namely, coder
distortion only, coder distortion mitigated by the McCree
method, coder distortion mitigated by the afﬁne transform
and coder distortion mitigated by both. Factor B are the
features and the fusion methods and has b levels. With two
fusion methods for SI, b = 6. With three fusion methods
for SV, b = 7. The interests lie in determining whether
or not the response (performance) differs due to the two
factors and the interaction between the factors. For the SI
and SV systems involving each codec, ANOVA revealed that
there is a signiﬁcant interaction between the methods and the
features.
Experiments with multiple factors will generally look
at a factorial treatment structure. This implies ‘treatments’
are combinations of the levels of different factors. The
experiments in this study are complete in that there are
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Condition
Clean
G.723.1
G.723.1, McCree
G.723.1, Afﬁne
G.723.1, McCree and Afﬁne
G.729
G.729, McCree
G.729, Afﬁne
G.729, McCree and Afﬁne
GSM-AMR
GSM-AMR, McCree
GSM-AMR, Afﬁne
GSM-AMR, McCree and Afﬁne

CEP
93.1
64.6
70.4
77.7
82.8
65.7
85.0
84.3
86.8
75.9
86.1
86.5
85.3

ACW
93.2
62.5
67.6
74.2
78.9
61.4
83.5
80.9
85.5
73.8
83.7
86.6
84.2

PFL
92.1
65.3
71.2
77.7
80.7
64.6
83.6
82.1
86.7
75.3
84.2
86.2
83.8

MFCC
95.4
79.3
83.0
86.3
85.8
78.5
91.1
89.3
90.3
78.9
84.2
84.0
83.6

Decision Level Fusion
95.2
69.0
75.3
83.4
86.5
69.9
88.3
87.8
90.2
78.9
87.7
89.8
88.2

Borda Count
95.2
72.3
77.3
84.3
87.9
70.2
89.3
88.9
91.1
76.3
84.4
85.3
83.8

TABLE I
I DENTIFICATION SUCCESS RATE (%) FOR VARIOUS CONDITIONS ( AVERAGE OVER 10

Condition
Clean
G.723.1
G.723.1, McCree
G.723.1, Afﬁne
G.723.1, McCree and Afﬁne
G.729
G.729, McCree
G.729, Afﬁne
G.729, McCree and Afﬁne
GSM-AMR
GSM-AMR, McCree
GSM-AMR, Afﬁne
GSM-AMR, McCree and Afﬁne

CEP
3.61
8.43
7.87
5.75
4.95
8.11
4.82
5.29
4.05
6.63
5.38
4.65
5.34

ACW
3.35
8.79
8.09
6.61
5.73
8.59
4.85
4.85
4.04
6.18
4.86
4.58
4.96

PFL
3.39
8.87
7.67
6.22
5.51
8.44
4.80
4.79
3.93
6.25
4.94
4.55
4.96

MFCC
3.13
5.98
5.43
4.59
4.29
6.69
3.90
4.07
3.51
4.61
3.29
3.44
3.39

Sum Fusion
2.78
6.48
5.75
4.60
4.10
6.44
3.74
3.79
3.13
4.90
3.51
3.26
3.66

TRIALS )

Product Fusion
2.77
6.65
5.88
4.56
4.13
6.57
3.67
3.77
3.19
4.90
3.47
3.24
3.58

Maximum Score Fusion
3.40
6.62
6.01
5.27
4.74
6.63
4.12
4.38
3.77
5.77
4.55
4.37
4.89

TABLE II
E QUAL ERROR RATE (%) FOR VARIOUS CONDITIONS ( AVERAGE OVER 10

observations at each level combination. The parameterization
of the Two-way ANOVA model is
Yijk = μ + αi + βj + (αβ)ij + Eijk

(7)

for i = 1, ..., a, j = 1, ..., b, and k = 1, ..., nij . Normality
is assumed for the errors. The parameter constraints sum to
zero in order to get a unique solution. The variable Yijk is the
k th observation on the ij th treatment, where k = 1, ..., nij
and nij is the size of the sample drawn from each treatment
(this is a balanced design so all treatment samples are of size
n). The variable μ denotes the global mean. The quantity αi
is the differential effect of the ith level of factor A on the
meanresponse (the mean of the dependent variable) such
that i (αi ) = 0. The quantity βj is the differential effect of
the jth level of factor B on the mean
 response (the mean of
the dependent variable) such that j (βj ) = 0. The quantity
(αβ)ij is the differential 
effect of the ijth treatment
on the

mean response such that i (αβ)ij = 0 and j (αβ)ij = 0.

TRIALS )

The error is denoted by Eijk .
A. Speaker Identiﬁcation
A discussion of the comparison among the methods and
features individually is given. Considering the interaction
between the methods and features, the best approaches are
also mentioned.
1) G.723.1: Figure 1 and 2 show the 95% conﬁdence
interval for the methods and features respectively. It is
clear that combining the McCree technique and the afﬁne
transform is the best method. The features (includes decision
level fusion and Borda count) are similarly compared and the
best feature is the MFCC. Due to the interaction of the feature
and method, the best performance (average ISR of 87.9%) is
obtained using the McCree technique and the afﬁne transform
in conjunction with Borda count fusion.
2) G.729: Figures 3 and 4 show the 95% for the methods
and features respectively. As in the case of G.723.1, (1) the
best method is to combine the McCree technique and the
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Fig. 1.

Speaker identiﬁcation: Comparison of the methods (G.723.1).

Fig. 3.

Speaker identiﬁcation: Comparison of the methods (G.729).

Fig. 2.

Speaker identiﬁcation: Comparison of the features (G.723.1).

Fig. 4.

Speaker identiﬁcation: Comparison of the features (G.729).

afﬁne transform and (2) the best feature is the MFCC. Due
to the interaction of the feature and method, the best performance (average ISR of 91.1%) is obtained using either (1)
the McCree technique and the afﬁne transform in conjunction
with Borda count fusion or (2) the McCree technique with
the MFCC feature.
3) GSM-AMR: Figure 5 and 6 show the results. The best
method is using only the afﬁne transform. The best feature is
the use of decision level fusion. It is the same two approaches
that interact the best achieving an average ISR of 89.8%.
B. Speaker Veriﬁcation
Results based on the EER are given for the SV system.
1) G.723.1: Figure 7 and 8 show the 95% conﬁdence
interval for the methods and features respectively. It is

clear that combining the McCree technique and the afﬁne
transform is the best method. The features (includes sum,
product and maximum score fusion) are similarly compared.
Although the best feature is the MFCC, its 95% conﬁdence
interval overlaps with that of sum and product fusion. Due
to the interaction of the feature and method, the best performance (average EER of 4.1%) is obtained using the McCree
technique and the afﬁne transform in conjunction with sum
fusion. Using product fusion is statistically comparable and
leads to only a slightly higher average EER of 4.13%.
2) G.729: Figures 9 and 10 show the 95% conﬁdence
interval for the methods and features respectively. The best
method is to combine the McCree technique and the afﬁne
transform. Although the sum fusion is the best feature, its
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Fig. 5.

Speaker identiﬁcation: Comparison of the methods (GSM-AMR).

Fig. 6.

Speaker identiﬁcation: Comparison of the features (GSM-AMR).

Fig. 7.

Speaker veriﬁcation: Comparison of the methods (G.723.1).

Fig. 8.

Speaker veriﬁcation: Comparison of the features (G.723.1).

C. Comparison with Testing on Clean Speech
95% conﬁdence interval has considerable overlap with the
product fusion and partial overlap with the MFCC. Due to the
interaction of the feature and method, the best performance
(average EER of 3.13%) is obtained using the McCree
technique and the afﬁne transform in conjunction with sum
fusion.
3) GSM-AMR: Figure 11 and 12 show the results. The
best method is using only the afﬁne transform. The best
features are the MFCC, sum fusion and product fusion.
Due to interaction, the three best approaches are MFCC
with McCree (3.29%), sum fusion with afﬁne (3.26%) and
product fusion with afﬁne (3.24%). All three are statistically
indistinguishable.

In the case of testing on clean speech, neither signal
nor feature enhancement is necessary. Also, there is no
statistical difference among the features and fusion methods
for both SI and SV systems. The purpose is to compare the
performance of the best approaches for each speech coder
with the performance on clean speech.
Table III gives the average ISR comparisons for the SI
case. There are two approaches that achieve the best average
ISR for the G.729 codec. The MFCC feature is selected as
the benchmark for clean speech as it achieves the highest
average ISR. The best approach for each codec is individually
compared to the test case of clean speech only. Therefore,
a two sample statistical t-test with a 5% signiﬁcance level
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Fig. 9.

Speaker veriﬁcation: Comparison of the methods (G.729).

Fig. 11.

Speaker veriﬁcation: Comparison of the methods (GSM-AMR).

Fig. 10.

Speaker veriﬁcation: Comparison of the features (G.729).

Fig. 12.

Speaker veriﬁcation: Comparison of the features (GSM-AMR).

and unequal variances is performed to determine if the
performance on clean speech is signiﬁcantly better than the
technique used for each codec. The test is based on the 10
trials that are performed for each experiment. Table III gives
the obtained p-values. Although the methods have mitigated
the train/test mismatch and led to a substantial performance
improvement, the low p-values indicate that the ISR values
are not statistically comparable to that of clean speech.
Table IV gives the average EER comparisons for the SV
case. Product fusion is selected as the benchmark for clean
speech as it achieves the lowest average EER. Again, the
best approach for each codec is individually compared to the
test case of clean speech only using a two sample statistical
t-test with a 5% signiﬁcance level and unequal variances.

Again, the methods mitigate the train/test mismatch but are
not statistically comparable to that of clean speech.
V. S UMMARY AND C ONCLUSIONS
Both the signal (McCree method) and feature (afﬁne transform) enhancement strategies are highly useful in improving
the performance of SI and SV systems that are trained on
clean speech and tested on the decoded speech. For the
G.723.1 and G.729 codec at the relatively lower bit rates,
the combination of the McCree technique and the afﬁne
transform in conjunction with a fusion strategy is generally
the best approach. For the higher bit rate 12.2 kb/s GSMAMR coder, using only the afﬁne transform with a fusion
strategy is the best approach.
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Test Speech
Clean
G.723.1
G.729
G.729
GSM-AMR

183

Approach
MFCC
McCree and Afﬁne, Borda Count
McCree and Afﬁne, Borda Count
McCree with MFCC
Afﬁne transform, Decision Level

ISR
95.4
87.9
91.1
91.1
89.8

p-Value
1.6e-07
6.4e-05
1.06e-04
1.52e-07

TABLE III
I DENTIFICATION SUCCESS RATE (%)

FOR COMPARISON WITH CLEAN

SPEECH

Test Speech
Clean
G.723.1
G.729
GSM-AMR

Approach
Product Fusion
McCree and Afﬁne, Sum Fusion
McCree and Afﬁne, Sum Fusion
Afﬁne transform, Product Fusion

EER
2.77
4.10
3.13
3.24

p-Value
2.3e-05
0.02
9.9e-04

TABLE IV
E QUAL ERROR RATE (%)

FOR COMPARISON WITH CLEAN SPEECH
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