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Abstract—Microphone recognition aims at recognizing
different microphones based on the recorded speeches. In the
literature, Gaussian Supervector (GSV) has been used as the
feature vector representing a speech recording, which is obtained
by adapting a Universal Background Model (UBM). However, it is
not clear how the performance of GSV will be affected by the
number of mixture components in the UBM. Besides, the raw
GSV obtained from a speech recording contains both the
microphone response information as well as the speech
information, meaning that the raw GSV can be quite noisy as the
feature vector for microphone recognition. In this paper, we
investigate how GSV will be affected by the UBM as well as other
parameters during the calculation of GSV. In addition, in order to
improve the quality of the raw GSV, we propose a kernel-based
projection method to be applied to the raw GSV. This projection
method maps the raw GSV onto another dimensional space. It is
expected that in the projected feature space, the microphone
response information and the speech information can be
separated into different dimensions, meaning that the projected
GSV should be better as the feature vector for microphone
recognition compared to the raw GSV. Two classifiers that have
been used in the literature, namely linear Support Vector
Machine (SVM) and Sparse Representation based Classifier
(SRC), are employed to compare the performance of the raw GSV
and the projected GSV. Experimental results demonstrate that
the projected GSV can outperform the raw GSV no matter using
linear SVM or SRC as the classifier, which shows the effectiveness
of the projection method.

Index Terms—Kernel-based projection, linear support vector
machine, microphone recognition, sparse representation based
classifier

. INTRODUCTION

HE speech content conveyed by a speech recording is

usually the most important information. However, some
other information carried by a speech recording can also be
useful. For example, the speech recording may embed the
information about the recording device, such as the microphone,
that is used to record the speech. A speech recording may also
embed the recording date information; for example, if the
speech is recorded near a power grid, it will embed the Electric
Network Frequency (ENF) signal, which may be used as a time
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stamp [1]. This extra information can be very useful, or even
used as court evidence if the speech is not tampered. In this
paper, the focus is on the microphone information (i.e.
recording device information) embedded in the speech signal,
and the objective is to recognize the recording microphone
based on the recorded speech.

In [2], Nawe Bayes was employed as the classifier to do
microphone classification. Although the classification accuracy
was not good, the research showed the possibility of
recognizing the recording microphone based on the recorded
audio. After that, different feature vectors have been proposed
to capture the device information, and different classifiers have
been employed to identify the recording device. For example,
in [3], two classifiers were employed: one is the decision tree,
and the other is a linear regression model. After carefully fusing
the results from the two classifiers, the classification accuracy
can be better than that using a single classifier. In [4] and [5],
Gaussian Mixture Model (GMM) was employed as the
classifier in identifying 16 different microphones, and the
accuracy was good on three datasets.

Since speech recordings are usually of different lengths, it is
necessary to first divide a speech recording into a sequence of
frames to obtain a sequence of frame-level features, and then
form a single feature vector from the frame-level features. A
good choice of the frame-level feature is the Mel-frequency
Cepstral Coefficient (MFCC) vector, which has been widely
used in speech recognition and speaker verification. In
microphone recognition, some other frame-level features have
also been evaluated, such as the Multi-taper MFCC [5], or the
Linear Prediction Cepstral Coefficient (LPCC) [4]. Directly
using the spectrum instead of using MFCC or LPCC has also
been shown to perform well in telephone handset identification,
such as the Random Spectral Features (RSFs) [6], the Sketches
of Spectral Features (SSFs) [7], and the Labelled Spectral
Features (LSFs) [8].

On how to form a single feature vector from a sequence of
frame-level features, one way is simply to average the
frame-level features, and another way is to construct a Gaussian
Supervector (GSV). GSV has been successfully applied to
speaker recognition and verification, and is also shown to give
good performance in microphone recognition and telephone
handset recognition [9]. In fact, besides microphone
recognition, GSV has also been applied to other recording
device recognition tasks, such as mobile phone identification
[10], mobile phone verification [11] and comparison [12].

Regarding the classifier, Support Vector Machine (SVM)
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has been shown to be good in microphone recognition [9] and
telephone handset recognition [6]-[10]. In addition, Sparse
Representation based Classifier (SRC) has also been found to
be good in telephone handset recognition [6]-[8], with its
performance comparable to that of SVM. SRC has also been
applied to mobile phone verification [11] and comparison [12].

While the aforementioned studies are focusing on closed-set
microphone recognition using clean audio recordings, some
studies try to deal with noisy audio recordings [13] or open-set
microphone recognition [14]. Instead of identifying different
models of microphones, [15] tried to identify two microphones
with the same model. Besides using some machine learning
techniques in microphone identification, [16] modelled the
response of a microphone as a nonlinear system. Microphone
classification was also shown to be useful in audio tampering
detection [17].

It is known that a recorded speech signal can be regarded as
the convolution of the source speech signal and the recording
device impulse response [18]. For microphone recognition, the
device information is useful whereas the speech information is
not only useless but also interfering. However, it is inherently
difficult to separate the device information from the speech
information, because both the device information and the
speech information are unknown beforehand. Thus some
studies try to make use of the near-silence segments of the
recorded audio signal [19], or non-speech segments [20] or
noise signal [21], to extract features. These segments usually
contain a small amount of speech information, thus the features
extracted from these segments may be less interfered by the
speech information. However, these near-silence signals are
unstable since they are quite noise-like, and insufficient to train
a good classifier if the audio signal is filled with speech
information. Instead, in [22], the low-energy segments (i.e.
near-silence segments) and the high-energy segments were
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combined in a weighted manner, and the Weighted Support
Vector Machine (WSVM) was employed.

In this paper, to carry out microphone recognition, GSV is
used as the feature vector representing a speech recording, and
both linear SVM and SRC are used as the classifier. GSV is
believed to be a good feature vector, as it is of high
dimensionality, and thus can capture enough information about
the recording device. However, this device information is
usually interfered by other prominent information, such as the
speech information. In order to separate the source information
(i.e. speech signal) and the device information (i.e. the impulse
response of the recording device), a kernel-based projection
method is proposed. This method projects the raw GSV onto
another dimensional space. It is expected that in the projected
space, the source information and the device information can be
well separated, meaning that the projected GSV should be
better oriented towards microphone recognition than the raw
GSV. This projection method is inspired by the Nuisance
Attribute Projection (NAP) method [23][24] applied to speaker
recognition and verification. It will be shown later that no
matter using linear SVM or SRC, the projected GSV
outperforms the raw GSV. An overview of different feature
extraction methods and classifiers is depicted in Fig. 1.

This paper is organized as follows. In Section I, the
formulation of GSV is described. In Section IlI, the
kernel-based projection method is described. In Section 1V,
sparse representation and SRC are briefly explained. In Section
V, the microphone speech corpus is briefly described. In
Section VI, experimental results on how GSV will be affected
by the UBM as well as other parameters, and the comparison of
the raw GSV and the projected GSV employing linear SVM
and SRC as the classifier, are presented and discussed. In
Section VII, the conclusion is drawn.
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Fig. 1. Overview of different feature vectors (averaged frame-level feature, raw GSV, projected GSV) and different

classifiers (linear SVM, SRC).



Il. FRAME-LEVEL FEATURE AND GAUSSIAN SUPERVECTOR

A. Frame-level Feature

The popular MFCC vector is used as the frame-level feature,
whose detailed formulation can be found in [25]. Hamming
window with 50ms frame length and 10ms frame shift is used
to obtain the short-time frames. Then 48 Mel-scale triangular
filters are used to filter the frequency spectrum of a frame,
followed by the Discrete Cosine Transform (DCT) applied to
the filtered spectrum. Finally, the first 24 DCT coefficients
(starting from the second coefficient) are used to form a
24-dimension MFCC vector, which excludes the energy
coefficient.

B. Gaussian Supervector

GSV is constructed through adapting a Universal
Background Model (UBM), which is namely a GMM. The
UBM s used to reflect the general statistics of a large number
of speech recordings, while a GSV corresponding to one speech
recording combines the statistics from this specific speech
recording and the statistics from the UBM. Given a set of
speech recordings for the UBM construction, each speech
recording is first divided into short-time frames. Then, the
short-time frames are transformed into MFCC vectors. These
MFCC vectors are used to construct the UBM, using the
mixture splitting technique [26] and the
Expectation-Maximization (EM) algorithm [27][28]. The
mixture splitting and EM retraining process is carried out as
follows. Suppose there have already been an m-mixture UBM
with the parameter set denoted as 6., ={z;, 14,0; |i =12..m},

where 7, ui and oi are the weight, the mean vector and the
standard deviation vector (assuming a diagonal covariance
matrix in the UBM) for the i-th Gaussian mixture component in
the UBM. Having the parameter set 6y, in order to build a
2m-mixture UBM, two new parameter sets are first constructed

from 6m, denoted as O© :{%, i +0.20,0; | =1,2..m} and

62 = %,,ui —0.20;,07 |i =1,2..m} respectively. Then the

initial parameter set for the 2m-mixture UBM is the
combination of these two sets, denoted as 6,,, = 6% UG .

G2 is then retrained using EM algorithm. To build a UBM with
M (which is assumed to be a power of 2) Gaussian mixture
components, a UBM with a single Gaussian mixture
component is split for logaM times, and each time the number
of Gaussian mixture components is doubled.

Suppose there have already been an M-mixture UBM, then
for a training or testing speech recording, a sequence of MFCC
vectors {zi1, z,...zr} are first calculated, where T is the total
number of MFCC vectors obtained from this speech recording.
Then, GSV is calculated using (1) ~ (4). In (1) ~ (4), z is the t-th
MFCC vector, 6, ={=;, 4,0 |i =12...M}is the parameter set

for the M-mixture UBM, p(z |x,0;7) is the Gaussian

probability density function of the i-th Gaussian mixture
component, and vy is a relevance factor [27]. After calculating
the statistics using (1) ~ (3), the adapted mean vector

4 calculated from (4) is concatenated to form GSV
[9][29][30]. GSV s therefore denoted by the column vector

Hosy = [,ul'T A y,’v,T]T , Which is a “super” vector,
whose dimensionality is M times that of z . If the

dimensionality of the MFCC vector is Dxl, then the
dimensionality of GSV is MD L.

Pr(ilztlHM): Mﬂ-i p(ztl/'li7o-i) (1)
2. 7Pz | 1y o))
=1
T .
N =D Pr(i|z,6y) (2
t=1
14
Ei :—ZPI’(I | 2¢,600m) 7, 3)
N =1
Hi = i E+—L—p 4)
n+y n+y

Il1l. KERNEL-BASED PROJECTION

In this section, the derivation of the proposed kernel-based
projection method is described in detail. Suppose there are N
training vectors {xi, X2...Xn}, for the i-th feature vector x; (i.e.
the raw GSV in this paper), instead of directly using it, x; is first
mapped to another dimensional space using a mapping function
o(x). The reason of using the mapping is that, in the mapped
space, the projection method may find better projecting
directions since the feature space is different.

In the mapped space, we would like to find a D@>P
projection matrix V() where D@ is the dimensionality of ¢(x)
and P is the number of projecting directions, so that after the
projection, 1) the feature vectors belonging to the same device
are moved closer together, and 2) the feature vectors belonging
to different devices are moved farther apart. It is expected that
the device information is mainly concentrated in some
projecting directions whereas the interfering information is
mainly concentrated in other projecting directions, as the
projection is oriented to different devices. Through applying
this projection, it is hoped that the device information and the
interfering information could be well separated into different
dimensions, which will be beneficial for recognition. Let y; be
the projected version of ¢(x;), then y; (i.e. the projected GSV in
this paper) can be expressed using (5), where V&) comprises P
columns with each column denoting a projecting direction.

Yi =V @ p(x) ®)

The above two goals of the projection method can be
achieved by minimizing the objective function in (6) for those
pairs of x; and x; belonging to the same device, and maximizing
the objective function in (6) for those pairs of xi and x;



belonging to different devices.
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Through utilizing an N> coefficient matrix W defined in (7),
the two goals of the projection method can be achieved by
minimizing the objective function J, which is defined in (8).

1 if x;, x; are fromthe same device .
-1 if x, x; are from different devices ()
N N T T 2
1= 2w ox) v o) @
i=1 j=1

To make the projection matrix V® unique, the unit-length
constraint is applied on each column vector vg") of V@, as

shown in (9) below.
T
Vgp) vg") =1 forp=12.P )

Instead of using the compact expression in (8), J can be
expanded in terms of the summation of vg/’) , as shown in (10).
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Through combining all the mapped training vectors into a
D@>N matrix X&) whose i-th column vector is the i-th mapped
training vector ¢(x;), and introducing an N>l vector e whose
elements are all one, (10) can be rewritten as (11).

P
J= Zng")T X () (diag (We) )X (‘/’)Tvg")

p=1
P T T
_ZZ:lvgﬂ) X @hx @) Vgﬂ)
p=
P ; (11)
=2 v X @ (diag(We) W )X @) v(¥)
p=1
PT T
:zzvgﬂ) X((ﬂ)z(w)x((ﬂ) Vgﬂ)
p=1
where
Z(W) =diag(We) -W (12)

Combining (9) and (11) and neglecting the constant factor 2
in J, the minimization problem can be formulated as shown in
(13), where J' is the new objective function to be minimized in
place of J. Minimizing J' is equivalent to minimizing J.

P
min J' = Zv%‘”)T X @z W)X ((/’)Tvg)w)
p=l (13)

subject to vg/’)Tvg”) =1 forp=12..P

The objective function J' and the constraint can be combined
using Lagrange multipliers A1, ... e, as shown in (14) below,
where L(V®, 13, ... 1p) is the Lagrangian function to be
minimized in place of J'.

LV, 2y, 20)

P T T P T (14)
— zvg/)) X mZ(\N)X (») V(p</’) _z/lp(vgﬂ) Vga) -1)

p=1 p=1

The optimal solution of (14) can be obtained by setting the
partial derivative of L(V®), ... Jp) to be zero with respect to

vfj") and Ap, as shown in (15).

oLV ) Ay, Ap) Q] @7y 5
vy =2XPZW)X vy =22,vp" =0
LNV @ A, 2p) —v@'y® _1_¢
04y "
for p :1,2P

(15)

Rearranging the expression in (15), an eigenvalue problem
can be formulated as shown in (16). Then vg”) is the p-th
eigenvector of (16) and A, is the p-th eigenvalue. The

unit-length constraint can be fulfilled by normalizing the
eigenvectors.



T
X (¢)2M)x(¢) Vgﬂ) _ /lpvg/’) (16)
Rearranging (16), vg”) can be expressed as follows.
ZW)x @ y@
Vg/’) - X©® p (17)
A

p

It can be seen from (17) that, in fact vg") can be expressed as

a linear combination of the mapped training vectors ¢(x;). In
other words, if defining the coefficient c(p‘”) as in (18), vfj")

can then be expressed in terms of X, as shown in (19).

T
7 X (@) (@)
c _ZWIXT V5T ~ P (18)
p
V(pcﬂ) =X (fﬂ)Cgﬂ) (19)

By substituting v in (16) by (19), (16) can then be
rewritten as (20).

(») @)y @)a(o) _ (@) (9)
XOzZW)X @ XDl = 2, X Petf (20)
T
By multiplying X )" on both sides of (20), we have,
@7 y () @7 y @) (o) _ @7y @) (9)
X XOzwW)X @ x el =2 X x W) (21)

By substituting X @' X @ in (21) by an N>\ kernel matrix
K, whose ij-th entry is given by a kernel function k(xi,x;) defined
in (22) below, (21) can be reformulated as (23).

(X((P)TX(‘P)) :Kij:k(xi,xj):go(xi)T(o(Xj) (22)

ij

KZW)Ke¥ = 2, Kcl) (23)

By introducing a diagonal matrix A=diag(41, ... 1p) Whose
size is P>P, a compact form of (16) can be obtained, which is
given by (24). By defining an N>P coefficient matrix C¢

whose p-th column vector is cfj") , @ compact form of (23) can

be obtained, which is given by (25).
X @z W)x @y @ _y© 4 (24)

KZW)KC® =KCc® 4 (25)

Now instead of directly solving (24) for vg/’) , itis feasible to
first solve (25) for cg‘” and then make use of (19) to solve
vfj") . As can be seen from (25), the sizes of KZ(W)K and K are

both N>N, meaning that there are at most N independent Cgp) ,

namely P<N. At the very beginning, the raw input feature
vector x; is first mapped to a new vector ¢(x;). On using (24) to
find the projection matrix V), the mapping ¢(x) has to be
expressed explicitly. However, on using (25) to find the
projection matrix, it is only necessary to know the inner product

of the two mapped vectors @(x,)" @(X;), instead of knowing

the mapping function. This kernel trick gives great flexibility,
since it is possible to employ any valid kernel function without
knowing the explicit mapping, as long as the kernel function
satisfies the Mercer’s condition [31]. In this paper, the Gaussian
kernel defined in (26) is employed, where d is the kernel
parameter.

3) = o04)T ) =PI

(26)

On using the Gaussian kernel in (26), ¢(xi) and ¢(x;) are of
infinite dimensionality if written out explicitly (i.e. D® has
infinite dimensions), but fortunately, on using the kernel
version (25), it is only necessary to calculate the inner product

o(x)" @(x;), which is finite [31]. Gaussian kernel has the

capability to map the feature vector onto an infinite
dimensional space. In this mapped space, as the dimensionality
is higher than that of the original feature space, the projected
feature vectors may work better. This kind of mapping can only
be applicable when using (25) to find the projection matrix. It is
impossible to use (24) to find the projection matrix, as the
column vectors of X have infinite dimensions. In addition, on
using the Gaussian kernel, as D®>>N, K will be of full rank
(assuming the training vectors are linearly independent of each
other), then solving (25) is equivalent to finding the
eigenvectors of Z(W)KC@W=Cw¥)4,

After solving (25) and obtaining cg”) , for a given vector t, its

projected version t' can be calculated using (27), where t|; is

the p-th element of t', and (CE)"’))i is the i-th element of CE@ .

t; — Vg”)T (p(t) — (x (<P)CE)¢’))T go(t) — C:)co)T X )7 ¢(t)

=3 ) k(xD) @

After finding t, , vg") can be normalized implicitly by

normalizing t, with respect to vg") as shown in (28).
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IV. SPARSE REPRESENTATION AND SRC

In order to apply the Sparse Representation based Classifier
(SRC) for a given feature vector, the sparse representation of
the feature vector must be computed first. Suppose there is a
matrix A whose dimensionality is D>, (this matrix A is often
called the dictionary), for a given input vector a whose
dimensionality is Dxl, the sparse representation of a is
obtained by solving the optimization problem defined in (29)
below, where as is the sparse representation of a, and both as
and b are of dimensionality NxL. ||.||o is LO norm.

as =argmin|b], subjectto a=Ab (29)
b

The optimization problem in (29) aims at finding a linear
combination of the column vectors of A, such that the number
of nonzero coefficients are minimized, i.e. the number of
nonzero elements in as is minimal [32]. Under some conditions,
the solution of (29) can be approximated by solving the
optimization problem in (30). If the solution is sparse enough,
(29) is equivalent to (30), where (30) can be more easily solved
because LO norm is replaced by L1 norm [32].

a; =argminb|, subjectto a=Ab (30)
b

Having the sparse representation, the Sparse Representation
based Classifier (SRC) was introduced in [33]. SRC is found to
be good in telephone handset recognition [6]-[8] and mobile
phone verification [11] and comparison [12]. According to [33],
for a given input feature vector (i.e. the raw GSV or the
projected GSV), the corresponding sparse representation is
obtained by solving (30). In this paper, the optimization
problem in (30) is solved by the Basis Pursuit (BP) algorithm
[34] implemented by SparseLab [35]. The i-th column vector A,
of the dictionary A in (30) is the i-th raw GSV or the i-th
projected GSV in the training set with L2 normalization. In
other words, the training data are used to form the dictionary.
SRC then works as follows.

Suppose there are totally K classes. After obtaining the
sparse representation as for the feature vector a, the residual

r®(a) of a with respect to class k is calculated using (31),

where aék) is an N1 vector whose i-th element is given by
(32).

r<k>(a):“a—Aa§k) \2 fork =1,2..K (31)
where
a.); if A belongsto class k
(agk))i: (as)i A ‘ g (32)
0 otherwise

Having obtained the residual r®(a), the feature vector a
will then be classified to the class having the minimum residual,

as given by (33).

class(a) =argminr® (@) fork =12..K (33)
k

V. MICROPHONE SPEECH DATASET

In this paper, Ahumada-25 is used to carry out the
microphone recognition task. Ahumada-25 is a part of
AHUMADA Spanish speech corpus [36]. It consists of the
speech recordings coming from 25 speakers. The speeches are
recorded using 4 different microphones, as listed in Table I.
The contents of the speeches vary from isolated numbers to
texts, and from sentences to continuous speeches. This dataset
is then divided into three separate subsets: a training set, a
testing set, and a UBM set. The training set consists of the
speeches coming from 12 speakers, while the testing set
consists of the speeches coming from the remaining 13
speakers. There are 20 speech recordings coming from each
speaker used in the training set and the testing set. Another 599
speech recordings are used to construct the UBM set, where all
the 25 speakers are involved, and each speaker contributes
almost the same number of speech recordings. Totally 960
speech recordings are used in the training set, 1040 speech
recordings are used in the testing set, and 599 speech recordings
are used in the UBM set.

VI. EXPERIMENTAL RESULTS AND DISCUSSIONS

In Part A of this section, different methods used to form the
feature vector are compared, including the averaged
frame-level features and GSV, as illustrated in Fig. 1. Different
UBMs are used to calculate GSV, in order to investigate how
the performance of GSV will be influenced by the number of
mixture components in the UBM. The number of mixture
components in the UBM determines the dimensionality of GSV,
and the larger the number of mixture components, the higher
the dimensionality will be. Different relevance factors are also

TABLE
MICROPHONE DATASET

Set Microphone model Number of speeches Duration
Training Testing
M1 AKG C410B Head 240 260 2s~5s
Mounted
M2 AKH D80S Desktop 240 260
M3 SONY ECM 66B Lapel 240 260
M4 TARGET Lapel 240 260
UBM All the models 599 10s ~ 100s




TABLE Il
MICROPHONE RECOGNITION ACCURACY USING AVERAGED MFCC AND GSV
EMPLOYING SVM As CLASSIFIER (%)

TABLE Il
MICROPHONE RECOGNITION ACCURACY USING AVERAGED MFCC AND GSV
EMPLOYING SRC AS CLASSIFIER (%)

Feature vector No. of mixtures Relevance Recognition Feature vector No. of mixtures Relevance Recognition
M in UBM factor y accuracy M in UBM factor y accuracy
Averaged MFCC n/a n/a 79.23 Averaged MFCC n/a n/a 75.87
Raw GSV 32 5 78.17 Raw GSV 32 5 69.04
10 78.65 10 69.62
15 79.62 15 71.15
20 79.71 20 70.58
64 5 83.27 64 5 77.02
10 84.71 10 79.04
15 85.19 15 78.56
20 85.48 20 78.65
128 5 85.58 128 5 85.77
10 85.67 10 84.13
15 85.10 15 83.46
20 84.81 20 82.69
256 5 85.10 256 5 85.67
10 84.04 10 85.00
15 83.27 15 83.46
20 82.98 20 83.08

used in the calculation of GSV. Two different kinds of
classifiers, namely linear SVM and SRC, are employed. The
linear SVM is implemented using LIBSVM [37]. In Part B and
C of this section, the performance of the raw GSV and the
projected GSV is compared, employing both linear SVM and
SRC as the classifier. On using the projection method, different
values of the kernel parameter are evaluated. The value of the
kernel parameter is chosen in a heuristic way, varying from 50
(smaller than the dimensionality of the raw GSV) to 2000
(larger than or approximately the same as the dimensionality of
the raw GSV), so as to investigate the performance change
trend with respect to the kernel parameter. The number of
projecting directions is set to be equal to the number of training
vectors, namely P=N, hoping that making use of all the
projecting directions may give the best performance. In Part D
of this section, how different UBMs influence the effectiveness
of the projection method is investigated, employing both linear
SVM and SRC as the classifier. In Part E of this section,
whether the performance improvement offered by the
projection method is statistically significant, is illustrated with
respect to different confidence levels. In Part F of this section, a
brief summary is given.

Performance of SVM and SRC on using raw GSV
and averaged MFCC

'g raw GSV (y=5) + SVM
§ :é raw GSV (y=10) + SVM
tgn 83 raw GSV (y=15) + SVM
g 81 raw GSV (y=20) + SVM
28 79 averaged MFCC + SVM
g % 77 raw GSV (y=5) + SRC
§ ;2 raw GSV (y=10) + SRC
2 raw GSV (y=15) + SRC
g n

2 6 raw GSV (y=20) + SRC
e 32 64 128 256 averaged MFCC + SRC

Number of mixture components M in the UBM

Fig. 2. Microphone recognition accuracy using raw GSV and the averaged
MFCC as the feature vector, and SVM and SRC as the classifier.

A. Investigation of the Influence of Different UBMs on GSV

In this part, the performance of the averaged frame-level
feature and GSV is compared, and how the performance of
GSV will be influenced by the number of mixture components
in the UBM is investigated. The recognition results of using the
averaged frame-level feature and GSV are shown in Table Il
and Table I11. Table 1l shows the results on employing SVM as
the classifier. Table 111 shows the results on employing SRC as
the classifier. On using GSV, different relevance factors (y=5,
10, 15, 20) and different UBMs (with M=32, 64, 128, 256) are
evaluated. As explained in Section Il, the larger the M, the
higher the dimensionality of GSV. The results are also
illustrated in Fig. 2.

Regarding the feature vector, GSV can outperform the
averaged MFCC when a large enough number of mixture
components in the UBM (i.e. M=64, 128, 256) is used. The
reasons could be explained from two aspects. First, GSV is of
high dimensionality and makes full use of each frame-level
feature; while the averaged MFCC simply averages all the
frame-level features, which results in loss of information. So
intrinsically, GSV can carry more information than the
averaged MFCC. Second, GSV is calculated based on a UBM,
and therefore can absorb extra information from the UBM.

It is also noticed that increasing M may not always improve
the performance of GSV. The performance of GSV tends to
stabilize when M is large; for example, when M=128. This may
be explained from the construction procedure of the UBM,
which involves lots of frame-level features (i.e. MFCC vectors
in this paper). These frame-level features carry both the source
speech information and the recording device information.
When people are listening to speeches recorded using different
devices, usually they are unable to distinguish one recording
device from another because the effect due to device response
is weaker than the source speech signal. This causes the UBM
to model more of the source speech signal than the device
response. Hence, in the UBM, the device response information
is distorted. This distortion becomes severer as the value of M



TABLE IV
MICROPHONE RECOGNITION ACCURACY USING GSV AND PROJECTED GSV
EMPLOYING SVM As CLASSIFIER (%)

No. of Feature Kernel Relevance factor y
mixtures vector parameter 5 10 15 20
in UBM d

32 Raw GSV nla 78.17 78,65 79.62 79.71
Projected 50 86.06 86.15 86.06 85.87

GSV 100 86.44 86.06 86.06 86.35

200 87.40 87.12 86.92 87.12

500 87.02 86.83 86.35 86.06

1000 85.77 8529 8529 85.10

2000 85.10 84.33 83.65 83.17

64 Raw GSV nla 83.27 8471 8519 8548
Projected 50 88.27 88.46 88.37 87.88

GSvV 100 89.04 88.65 88.27 87.79

200 88.46 8837 88.94 88.17

500 89.04 8846 87.31 86.63

1000 87.88 8712 86.25 85.58

2000 86.83 86.15 84.71 82.88

128 Raw GSV n/a 85.58 85.67 85.10 84.81
Projected 50 88.08 8740 86.15 85.10

GSV 100 88.08 86.54 8577 85.19

200 87.12 86.73 85.87 85.77

500 87.79 8721 86.83 85.77

1000 87.88 86.73 8548 82.98

2000 8750 8558 81.35 80.87

increases. This results in the quality of GSV being affected.

Regarding the classifier, on using the averaged MFCC, SVM
outperforms SRC. On using GSV, SVM can perform better
than SRC when M is small (e.g. M=32, 64), but may perform
worse than SRC when M is large (e.g. M=256). The different
behaviors of SVM and SRC are probably owing to the different
classification mechanisms adopted by SVM and SRC. SVM
builds a model for classification and therefore the performance
is more dependent on the quality of the feature vector (i.e.
GSV). On the contrary, SRC does not build any model, and the
classification is based on the reconstruction error of a group of
feature vectors, as can be seen from (31) and (32). Hence, SRC
is more resilient and less dependent on the quality of the feature
vector (i.e. GSV). However, practically, SVM is faster than
SRC.

B. Effectiveness of the Projection Method with SVM as the
Classifier
In this part, SVM is employed as the classifier for the
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Fig. 4. Microphone recognition accuracy employing SVM as the classifier,
with the GSV adapted from a 64-mixture UBM.
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Fig. 3. Microphone recognition accuracy employing SVM as the classifier,
with the GSV adapted from a 32-mixture UBM.

comparison of the raw GSV and the projected GSV in doing
microphone recognition. The results are shown in Table 1V; the
effectiveness of the projection method on GSV calculated from
different UBMs (i.e. number of mixture components M=32, 64,
128) are also illustrated in Figs. 3 ~ 5. On using the projection
method, different kernel parameters d are evaluated.

From Figs. 3 ~ 5, it can be seen that the projected GSV with a
suitable choice of the kernel parameter can give improvement
over the raw GSV, which exhibits the effectiveness of the
kernel-based projection method. Comparing Figs. 3 ~ 5, it
seems the larger the M, the less heavily the solid polylines will
overlap. This indicates that the relevance factor y increases its
influence on the projected GSV with the increase of M. In
addition, it seems the larger the M, the smaller the improvement
of the projected GSV over the raw GSV. This is probably
owing to two reasons. First, the larger the M, the possibly better
the performance of the raw GSV, due to the increase of the
dimensionality, as illustrated in Fig. 2. So, the performance of
the raw GSV may be improved by increasing M and therefore
the performance gap between the raw GSV and the projected
GSV may be narrowed. Second, the larger the M, the possibly
lower the quality of the GSV, due to the quality of the UBM, as
explained in Part A of this section. So, the effectiveness of the
projection method may be affected, resulting in the
performance gap between the raw GSV and the projected GSV
being narrowed.
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Fig. 5. Microphone recognition accuracy employing SVM as the classifier,
with the GSV adapted from a 128-mixture UBM.



TABLEV
MICROPHONE RECOGNITION ACCURACY USING GSV AND PROJECTED GSV
EMPLOYING SRC AS CLASSIFIER (%)

No. of Feature Kernel Relevance factor y
mixtures vector parameter 5 10 15 20
in UBM d

32 Raw GSV n/a 69.04 69.62 7115 70.58
Projected 50 81.35 8250 84.23 84.52

GSV 100 83.94 8452 8538 85.77

200 85.48 86.06 86.63 86.63

500 86.15 86.35 86.25 85.77

1000 86.54 85.87 84.81 84.23

2000 86.15 84.42 83.37 8279

64 Raw GSV n/a 77.02 79.04 7856 78.65
Projected 50 82.69 8481 86.92 87.88

GSV 100 84.81 8740 87.98 87.88

200 86.73 87.69 87.79 87.50

500 86.63 86.92 87.12 86.92

1000 85.67 85.77 85,58 85.58

2000 84.62 84.13 83.94 83.65

128 Raw GSV n/a 85.77 84.13 8346 82.69
Projected 50 84.04 86.73 87.69 87.98

GSV 100 87.21 88.17 87.60 87.69

200 88.65 88.27 87.60 87.60

500 88.37 8750 86.63 85.48

1000 87.88 86.44 8538 84.23

2000 87.40 85.67 84.33 83.65

C. Effectiveness of the Projection Method with SRC as the
Classifier

In this part, SRC is employed as the classifier for the
comparison of the raw GSV and the projected GSV in doing
microphone recognition. The results are shown in Table V; the
effectiveness of the projection method on GSV calculated from
different UBMs are also illustrated in Figs. 6 ~ 8. On using the
projection method, different kernel parameters d are evaluated.

It can be seen from Figs. 6 ~ 8, on employing SRC as the
classifier with suitably chosen kernel parameters, the projected
GSV can also give improvement over the raw GSV, which is
similar to what has been observed on employing SVM as the
classifier. Like the observation in Part B of this section, the
larger the M, the more influence the relevance factor will exert
on the projected GSV, and the smaller improvement the
projection method will give.
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Fig. 7. Microphone recognition accuracy employing SRC as the classifier,
with the GSV adapted from a 64-mixture UBM.
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Fig. 6. Microphone recognition accuracy employing SRC as the classifier,
with the GSV adapted from a 32-mixture UBM.

D. Investigation of the Influence of Different UBMs on the
Projection Method

In this part, the influence of the number of mixture
components on the effectiveness of the projection method is
investigated. The recognition results of the projected GSV are
shown in Figs. 9 ~ 12, where each figure corresponds to one
relevance factor.

From Figs. 9 ~ 12, on using SVM, the performance of the
projected GSV starts to degrade when M is large (e.g.
comparing M=64 and M=128). On using SRC, the performance
of the projected GSV tends to stabilize when M is large (e.g.
comparing M=64 and M=128 in Fig. 12). The different
behaviors between SVM and SRC are induced by the different
classification mechanisms adopted by SVM and SRC as
explained in Part A of this section. SVM is a model-based
classifier, while SRC is an example-based classifier. These
figures also indicate that too many mixture components may
lower the quality of GSV, and consequently may not benefit the
projection method much.

Comparing SVM and SRC, in general, SVM outperforms
SRC when M is small (e.g. M=32, 64), whereas SRC
outperforms SVM when M is large (e.g. M=128). Besides, on
using SVM, the performance of the projected GSV degrades
faster (e.g. M increases from 64 to 128) when the relevance
factor is large (e.g. comparing y=5 and y=10). On using SRC,
the performance of the projected GSV tends to stabilize faster
(e.g. M increases from 64 to 128) when the relevance factor is
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Fig. 8. Microphone recognition accuracy employing SRC as the classifier,
with the GSV adapted from a 128-mixture UBM.
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Fig. 9. Microphone recognition accuracy using projected GSV, with the
relevance factor equal 5.
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Fig. 11. Microphone recognition accuracy using projected GSV, with the
relevance factor equal 15.

large (e.g. comparing y=15 and y=20). As can be seen from (4),
for a speech recording, its corresponding GSV contains the
information from this recording as well as the UBM. The larger
the relevance factor, the more information GSV obtains from
the UBM. Since the UBM is shared by all GSVs, the more
information GSV obtains from the UBM, the more similar to
the others this GSV will be. In other words, the larger the
relevance factor, the higher the similarity of different GSVs.
Since the projection method aims to group those GSVs coming
from the same device and separate those GSVs coming from
different devices, the similarity of different GSVs indeed
affects the effectiveness of the projection method.

E. Statistical Significance of the Improvement Offered by the
Projection Method

In this part, whether the performance improvement offered
by the projection method is statistically significant, is evaluated
with respect to different confidence levels. Let (1-a) be a
confidence level where 0<a<I, z, be a value related to a, fo be
the recognition accuracy of using the raw GSV and p be the
recognition accuracy of using the projected GSV. According to
[38], if the relationship between f, and p: satisfies the
inequality as given by (34) where N is the number of testing
data (N=1040 in this paper), then we can say that the
performance improvement is statistically significant with the
confidence level being (1-a).
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Fig. 10. Microphone recognition accuracy using projected GSV, with the
relevance factor equal 10.
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Fig. 12. Microphone recognition accuracy using projected GSV, with the
relevance factor equal 20.
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Taking square on both sides of (34), an equivalent inequality
can be obtained as given by (35), where a new variable A is
defined in (36) for simplification.
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According to (35), if g > (—(zﬁ /N —2ﬁ0)+\/X)/2 , then
the difference between Sy and f1 is considered to be statistically
significant with the confidence level being (1-a).

(—(zi/N —2,BO)+\/K)/2 is namely the lower bound for the

recognition accuracy to be statistically significant. With this
lower bound, it is then feasible to evaluate whether the
performance of the projected GSV is statistically significantly
better than that of the raw GSV.

Fig. 13 shows the lower bound for the performance
improvement to be statistically significant with respect to
different confidence levels. According to [38], z,=2.33
corresponds to the confidence level of 99% (i.e. «=0.01),
2,=1.65 corresponds to the confidence level of 95% (i.e.
0=0.05), z,=1.28 corresponds to the confidence level of 90%
(i.e. ¢=0.1). Fig. 14 and Fig. 15 illustrate the recognition
accuracy of using the projected GSV and the raw GSV, and the
lower bound for the recognition accuracy of the projected GSV
to be statistically significantly better than that of the raw GSV
(dotted polylines). The relevance factor y is chosen to be 5 and
the kernel parameter d is chosen to be 200 as an example. On
using SVM as the classifier (Fig. 14), when the number of
mixture components in the UBM is small (i.e. M=32, 64), the
performance improvement offered by the projection method is
statistically significant with the confidence level being 99%,
while the number of mixture components is large (i.e. M=128),
the performance improvement is not statistically significant or
at least the confidence level is below 90%. On using SRC as the
classifier (Fig. 15), the performance improvement offered by
the projection method is statistically significant with the
confidence level being 99%, for M=32, 64 and 128.

F. A Brief Summary

By employing both SVM and SRC as the classifier, it is
shown that the kernel-based projection method can improve the

performance of GSV, when suitable kernel parameters are used.

On increasing the number of mixture components in the UBM,
the performance of the raw GSV and the projected GSV cannot
always be improved, and the performance tends to stabilize
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when the number of mixture components in the UBM is large.
As explained in previous parts, although the increase in the
number of mixture components in the UBM increases the
dimensionality of GSV and consequently increases the
information that GSV can provide to the classifier (i.e. SVM or
SRC in this paper), this increase may distort the device
information embedded in GSV and consequently lower the
quality of GSV.

By comparing the recognition results using SVM and SRC,
it has been observed that when the number of mixture
components in the UBM is small (i.e. the dimensionality of
GSV is small), SVM is more effective; when the number of
mixture components in the UBM is large, SRC tends to work
better. The difference is caused by the different classification
mechanisms adopted by SVM and SRC. SVM is a model-based
classifier while SRC is an example-based classifier. Thus,
SVM is more dependent on the quality of the feature vector (i.e.
GSV). Since SRC relies on a group of feature vectors for
classification, it is less dependent on the quality of the feature
vector. However, practically SVM is usually faster than SRC in
doing classification.

VII. CONCLUSION

In this paper, the focus is on a closed-set microphone
recognition task. In terms of feature extraction, different feature
formation methods have been compared, including the
averaged frame-level feature and Gaussian Supervector (GSV).
It is shown that GSV can outperform the averaged frame-level
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feature, as GSV makes full use of all the frame-level features.
The influence of the Universal Background Model (UBM) on
GSV has also been investigated. It is found that, increasing the
number of mixture components in the UBM (i.e. increasing the
dimensionality of GSV) may not always improve the
performance, because the device information carried by GSV
may be more severely distorted on increasing the
dimensionality. In terms of recognition, the performance of
using linear Support Vector Machine (SVM) and Sparse
Representation based Classifier (SRC) as the classifier, has
been compared. Although SVM and SRC exhibit different
behaviours in  different situations (e.g.  different
dimensionalities of GSV), the performances of these two
classifiers are basically quite similar.

Facing the situation that the raw GSV may not always
perform very well, a kernel-based projection method is
proposed, which can project the original feature vector (i.e.
GSV in this paper) onto another dimensional space. As GSV
embeds both the speech information (which is useless) as well
as the device information (which is useful), hopefully the
proposed projection method can separate these two types of
information into different dimensions in the projected GSV,
which benefits the recognition. Experimental results
demonstrate that, with suitably chosen kernel parameters, the
projected GSV can outperform the raw GSV, no matter using
SVM or SRC as the classifier. The improvement shows the
effectiveness and the potential of the kernel-based projection
method in microphone recognition.
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