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Abstract

As an alternative to the methods listed above, noise and reverberation can also be tackled through model adaptation by using speciﬁc training material matching the test conditions [15].
Similarly, data contamination [16] is a technique that exploits
some information about the real environment, such as the impulse responses and the background noise level of the room,
in order to reduce the mismatch between the training and test
conditions. The main drawback of these approaches is the need
of speciﬁc material. This solution is not feasible in a domestic
scenario since it would require acquiring training material, or
measuring impulse responses, for each possible condition and
position of speaker and microphone.
Following the strategy adopted in [17], we try to compensate the effects of reverberation through a data contamination
approach. But instead of measuring the real Room Impulse
Response (RIR) between the source and the microphone, we
estimate the RIR through the method of image sources [18],
which describes the acoustic propagation with a simple geometric model. With respect to traditional data contamination
strategies, this way we avoid the time consuming activity of acquiring speciﬁc material or measuring real impulse responses.
Similar approaches have been recently investigated in [19,
20, 21] where multiple speaker models are trained from some
previously reverberated material (either real or simulated), representing a variety of environmental conditions and source positions. In particular, in [20] contaminated models based on
artiﬁcial RIRs created with the image method are used in real
rooms. With respect to these works, the approach described
here presents several differences. First of all, we only focus on
early arrivals which affect directly the speaker related spectral
characteristics, without considering the reverberation tail: this
reduces the mismatch between the real recordings and the ideal
conditions reproduced by the application of the image method.
Secondly, we employ an enhanced version of the image method
which accounts for source orientation and directivity. Finally,
we do not consider multiple models, and the related selection.

Reverberation generated by multi-path acoustic propagation in
enclosures is one of the most critical issues for distant-speech
speaker veriﬁcation systems. While late arrivals can be treated
as additive noise, early reﬂections critically affects the speech
spectral properties that allow differentiating among speakers.
Considering a standard GMM/UBM speaker veriﬁcation system
based on MFCC, a geometric data contamination scheme relying on a rough modeling of the sound propagation through the
image method is presented to attack the reverberation. The contribution of this paper is twofold: ﬁrst, an analysis of the amount
of knowledge of the impulse response needed for an effective
contamination is carried out on simulated data; second, the geometric contamination is applied to real impulse responses to
validate its use in real application contexts. Preliminary experimental results are provided to support the theoretical study and
show the effectiveness of the approach.
Index Terms: speaker veriﬁcation, distant speech, data contamination

1. Introduction
The goal of text-independent speaker veriﬁcation is to validate
the claimed identity of a speaker without knowing the spoken
utterance [1, 2]. This technology is crucial in many speech
enabled applications, in particular when access permission and
user proﬁling are concerned. To this regard, an emerging application ﬁeld is related to home automation where a natural voice
interaction with the house appliances is allowed, as envisaged in
the EC funded DIRHA project1 . In this scenario, veriﬁcation is
performed in distant-talking mode; under these conditions nonstationary environmental noise and reverberation represent crucial issues to address.
So far the problem of speaker veriﬁcation has been mainly
addressed considering telephone or close-talking recordings,
typically using Gaussian Mixture Model (GMM) in combination with Mel Frequency Cepstral Coefﬁcient (MFCC) [3].
Only recently, solutions have been investigated to tackle the
effects of reverberation. A ﬁrst set of approaches focus on
modifying the test signals in the feature domain. Examples
are: Cepstral Mean Subtraction (CMS) [4], RASTA processing [5], Feature Warping [6] and long-term feature normalization [7]. Other works have addressed the reverberation problem by means of multichannel processing [8, 9, 10]. Some research activities instead focus on different feature sets or classiﬁers which may result less sensitive to noise and reverberation
than the traditional GMM based on MFCC: Support Vector Machines (SVM) [11], Joint Factor Analysis (JFA) [12], Gaussian
SuperVectors (GSV) [13] and Total Variability (TV) [14].
1 See

2. Multi-path Acoustic Propagation
In enclosures, acoustic waves propagate through multiple paths
due to the presence of reﬂecting surfaces (e.g. walls). This
results in multiple replica of the emitted signal reaching the microphone, each one with a given delay and attenuation depending on the speciﬁc propagation path. The multi-path propagation, which results in the so-called reverberation, is detrimental
for distant-speech related applications. The effects of the enclosure acoustics are described through the RIR h:
y(t) = h ∗ s(t) + η(t),

where the RIR is assumed time-invariant, ∗ denotes convolution, s(t) is the emitted speech signal, y(t) is the reverberated

http://dirha.fbk.eu for details.
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signal captured by the microphone and η(t) is the environmental noise. In this paper we are not interested in addressing the
environmental noise and the term η(t) will be discarded hereafter.
It is a common approach to model the RIR as a sequence of
pulses representing all the possible propagation paths connecting the source to the microphone:



dk
h(τ ) =
βk δ τ −
,
(2)
c

Similarly to what done in [17], we use the approximated
RIR to contaminate the clean signals and try to compensate the
mismatch between the models and the test signals. For each
training and enrollment sentence sT (t) we create a contaminated version through ĥ:
 
sC
(5)
T t, ĥ = ĥ ∗ sT (t),

which will be used in model training. Note that with respect
to [17], environmental noise is not included in the contamination procedure, i.e. only reverberation effects are here addressed.

k

where c is the speed of sound and dk is the length of the kth path. The attenuation βk includes the propagation loss, the
directivity gains of the microphone and the source and the energy absorption due to reﬂections [22]. This representation is
particularly effective in modeling the direct path and early arrivals, which are in general strong and sparse and hence can be
described with a linear system. Hence, it is often convenient to
split the RIR into two parts [23]:
h(τ ) =

K−1

k=0



dk
βk δ τ −
+ hr (τ ),
c

4. GMM-UBM speaker veriﬁcation
To evaluate the effectiveness of the proposed data contamination approach, a traditional GMM-UBM [3] system is adopted.
Note that the contamination scheme can be couple to any other,
possibly more effective, veriﬁcation system. The GMM-UBM
approach was adopted as a standard benchmark to evaluate our
contamination strategy. The feature distribution of each speaker
is modeled by means of a GMM trained on speaker speciﬁc material; the distribution of any other speaker is modeled by a
Universal Background Model (UBM). A GMM is completely
identiﬁed by the weights wn , the mean vector μn , the covariance matrix Σn and the number of Gaussian components
G (n = 1, · · · , G). In the following, the GMM of the l-th
speaker and the UBM are denoted as Γl = (wl,n , μl,n , Σl,n )
and ΓU = (wU,n , μU,n , ΣU,n ) respectively. In the GMM-UBM
approach a set of sentences that are representative of the population is used to train a UBM through the iterative Expectation
Maximization (EM) algorithm. Then, speaker dependent models are adapted using the Maximum A Posteriori (MAP) algorithm applied only to the UBM mean vector μU,n .
The adopted front-end samples the incoming speech signals
at 16 kHz and codes them into a 30 dimensional feature vector
sequence composed of 15 MFCC with their ﬁrst order derivatives. The analysis window length is 20 ms and the analysis step
is 10 ms. Pre-emphasis is applied with a ﬁrst order FIR ﬁlter:
Hpe (z) = 1 − 0.97z −1 .
For a feature vector x, the corresponding likelihood given
the model Γl is deﬁned as:

(3)

where K early arrivals are considered and hr (τ ) represents the
late diffuse reverberation in the RIR tail. In this work we are
mainly interested in modeling the ﬁrst part related to early arrivals, which introduce a reshaping of the signal spectrum depending on the inter-path delay and relative attenuation. In the
simple case where only one reﬂected path is present together
with the direct path, the RIR behaves as a comb ﬁlter [22].
When multiple reﬂected paths reach the microphone, with varying attenuation, the complex combination of each comb ﬁlter
results in an irregular sequence of peaks and deeps in the amplitude of the RIR frequency response. These ﬂuctuations affect
the speaker speciﬁc information, e.g. the formants and pitch, reducing the performance of veriﬁcation algorithms. Conversely,
the reverberation tail produces a time smearing of the spectrum
which is not so crucial for the veriﬁcation task, since the likelihoods are typically evaluated on the full input sentence.

3. Geometric Data Contamination
For an empty room, assuming that geometry, microphone location, source positions and orientation as well as wall reﬂection
coefﬁcients are known, realistic RIRs can be artiﬁcially generated using the image method [18] by mirroring the microphone
(or the source) with respect to the 6 surfaces of a parallelepipedic enclosure up to the images of order I. With image order
we denote the number of reﬂections in the corresponding propagation path. If we limit our study to the main reﬂections, the
image method can be used to approximate the real RIR as:


NI −1

dˆi
ĥ(τ ) =
β̂i δ τ −
,
(4)
c
i=0

p(x|Γl ) =

G


wl,n pl,n (x),

(6)

n=1

where pl,n (x) is the n-th multidimensional Gaussian probability density function with mean vector μl,n and covariance matrix Σl,n . In general, the speaker identity is veriﬁed on the full
spoken sentence. Denoting with X = {x1 , · · · , xT } the feature vector sequence, where T is the number of feature vectors
extracted from the utterance, the average log-likelihood given
the model Γl is:
L(X|Γl ) =

where i indexes the image sources while β̂i and dˆi are obtained
by the image method technique. In our implementation, the path
attenuation β̂i is derived using a modiﬁed version of the original
formulation, which accounts for source directivity and orientation through a parameterized acoustic radiation model [24]. NI
in eq. 4 is the number of propagation paths with order lower or
equal than I: in our work we consider relatively small values
for I (smaller than 20) to address only early arrivals and neglect
aspects related to diffuse reverberation.

T
1 
log p (xt |Γl ) .
T t=1

(7)

The resulting log-likelihood is then compared with the UBM
log-likelihood, through a likelihood ratio:
λ(X|Γl ) = L(X|Γl ) − L(X|ΓU ).

(8)

If λ(X|Γl ) is above a given threshold the speaker identity l is
accepted. Figure 1 sketches a block diagram of the proposed
contamination and veriﬁcation system.
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Figure 2: Map of the set up adopted in the generation of the
simulated database.
Figure 1: Simpliﬁed block diagram of the proposed speaker veriﬁcation system.
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5. Experiments and Results
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An extended version of the Acoustic Phonetic And spontaneous
Speech Corpus of Irst (APASCI) database was used to evaluate
the impact on speaker veriﬁcation performance of the proposed
geometric contamination procedure. The database includes 164
speakers, each of them uttering about 20 italian phonetically
rich sentences. The average utterance length is about 4.8 seconds. 80 speakers were selected for training of the UBM, resulting in 1710 utterances, while the remaining speakers were
chosen for individual model adaptation and testing purposes.
For each speaker, 10 utterances were selected for the enrollment
stage to adapt models from the UBM. The remaining utterances
were used for testing, resulting in 928 correct user trials and
77024 impostor trials. Following a best practice in speaker veriﬁcation, performance is evaluated in terms of Detection Error
Tradeoff (DET) curves and Equal Error Rate (EER). In the next
sections, we report experimental results on artiﬁcial as well as
real data.
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Figure 3: EER on the simulated data varying I and T60 for
G=256. The continuous line at the bottom is the lower bound
obtained on the clean material. “Mismatch” refers to models
trained on clean material and test performed on reverberated
speech. “Match” refers to experiments in matched conditions.

5.1. Simulated Data
As a ﬁrst study, we consider artiﬁcially generated data. The
goal of this experimental analysis is to understand if modeling
the early reﬂections only is actually effective and what is a good
choice for I. The APASCI sentences were reverberated with
RIRs generated with the image method. Various reverberation
times T60 were considered for a room whose dimensions are
6×4×4 meters. The source was placed in a central position and
oriented toward the microphone which was mounted on one of
the walls at 3.5m from the source, as depicted in Figure 2. Note
that given the same set up, different reverberation times are obtained by properly changing the wall absorption coefﬁcients (we
assume identical coefﬁcients for all walls). Experiments varying the position of the source led to a similar trend of results,
and hence are not reported in this work.
The training material was created by reverberating the
dry signals with shorter RIRs, obtained with the same image
method procedure, but limiting the maximum reﬂection order I
(basically the RIR is truncated up to a maximum length).
Figure 3 reports the EER obtained when G=256 for 4 reverberation times and various I. In the ﬁgure, “mismatch”
refers to model training on clean material and test on the reverberated speech while “match” indicate experiments in per-

fectly matched conditions where the same full RIR is used for
reverberating the training and test material. First of all note
the regular decreasing trend of the EER as I increases. When
T60 = 0.2s, considering only 6-th order images is enough to get
almost the same performance as for the matched case (I  75
in the full RIR). For the mid-low reverberation time T60 = 0.4s,
the RIR truncated at I = 8 almost achieves the minimum EER.
For higher T60 larger I are needed. However, also in these challenging cases a considerable improvement with respect to the
mismatch case is obtained for values of I around 8. Note that,
in this setup, when I = 8 the longest path takes approximately
157ms to reach the microphone. Finally, it is worth noting the
gap in performance for the 4 reverberation times in the EER
with matched models. It clearly shows the effects of the diffuse
reverberation which just introduces entropy in the feature vectors and cannot be modeled even with full knowledge of the RIR
(in this case an inverse ﬁlter dereverberation strategy would be
more successful).
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5.2. Experiments with real RIRs
4

Although interesting from a theoretical point of view, the previous analysis requires a perfect knowledge of the RIR up to a
given reﬂection order I. In this section we investigate the applicability of the proposed approach to real RIRs. Given knowledge of the room dimensions and of source and microphone
positions, an artiﬁcial RIR is generated by the image method
procedure. With respect to the simulated data, we introduce
here a further degree of uncertainty since the artiﬁcial RIR is
an estimation based on a simpliﬁed propagation model. In this
experiment the nominal values for the source and microphone
positions as well as for the room dimensions are available. In
a more general framework, the position and orientation of the
speaker could be estimated automatically [25].
To conduct this analysis the APASCI database was reverberated using a RIR measured in the living room of a real apartment through the use of speciﬁc exponential sweep excitation
signals [26]. The dimensions of the room are similar to those
adopted in the simulations and the reverberation time ranges
between 0.6 and 0.8s, depending on the source position. Real
environmental noise was then added creating a Signal-to-Noise
Ratio (SNR) of about 30 dB. The geometrically based RIRs for
data contamination were created for various image orders and
two reverberation times: 0.3s and 0.6s.
Figure 4 shows the DET curves for T60 =0.6s and for I equal
to 4, 18 and for the full RIR, in comparison with the match
and mismatch cases, when the GMM models include G=256
gaussians.
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Figure 5: EER on the real RIR data. The two lines (continuous and dashed dotted) represent the lower and upper bounds in
matched and mismatched conditions. RIRs are estimated using
two T60 and various image orders.

fact that the effect of early arrivals is dominant in the speaker
veriﬁcation task. As a matter of facts, the amplitude of low order reﬂections is mostly inﬂuenced by the room geometry rather
than by the reﬂection coefﬁcients, which are instead crucial for
the reverberation tail.

6. Conclusions
This paper addressed the effects of early arrivals on a GMMUBM approach for speaker veriﬁcation in reverberant speech.
A data contamination scheme based on artiﬁcially generated
RIRs through the image method is presented to account for the
spectral reshaping due to the early reﬂections. Experimental results on simulated data justify the idea of focusing on early arrivals only, rather than including the reverberation tail. Further
experiments on real RIRs conﬁrm the feasibility of the approach
even in real application contexts.
One of the main drawbacks of the proposed approach is the
time consuming re-training on the contaminated data which is
required as soon as the speaker position or the room geometry
change. This limitation could be addressed by considering a
spatial grid of possible source positions for which pre-computed
models are available or by using adaptation, starting from some
general models, instead of training from scratch.
A further aspect to address in future works is the robustness
against the accuracy of the source and microphone positions as
well as of the room geometry. This is of particular interest because in real applications the source position and orientation are
not known (they can be obtained employing a source localization algorithm) and the room layout is typically available with
nominal and not accurate measures.
Finally, the image method could be replaced by an automatic estimation of the main propagation paths (i.e., dominant
reﬂections) in the RIR.
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Figure 4: DET curves on the real data for T60 =0.6s. To make
easier the interpretation of this ﬁgure, only curves for I=4, I=18
and for the full RIR are shown together with the match and mismatch cases.
Figure 5 reports the EER for the two reverberation times.
The two lines (continuous and dashed dotted) represent the
lower and upper bounds obtained under matched and mismatched conditions respectively. Note that a gain with respect
to the mismatch case is achieved for I=10, while using larger
image orders does not provide any signiﬁcant improvement.
The best performance is obtained using 0.6s as reverberation
time and I=18: the EER is reduced from 4.01% to 2.57%. Interestingly, the quality of the contaminated material seems to be
not so sensitive to the selected reverberation time in the artiﬁcial
RIR generation, with models for T60 =0.3s performing slightly
worse than those obtained with T60 =0.6s. This conﬁrms the
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