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Abstract

This communication presents a new method for automatic speech recognition in reverber-

ant environments. Our approach consists in the selection of the best acoustic model out of a

library of models trained on artificially reverberated speech databases corresponding to vari-

ous reverberant conditions. Given a speech utterance recorded within a reverberant room, a

Maximum Likelihood estimate of the fullband room reverberation time is computed using a

statistical model for short-term log-energy sequences of anechoic speech. The estimated rever-

beration time is then used to select the best acoustic model, i.e., the model trained on a speech

database most closely matching the estimated reverberation time, which serves to recognize the

reverberated speech utterance. The proposed model selection approach is shown to improve sig-

nificantly recognition accuracy for a connected digit task in both simulated and real reverberant

environments, outperforming standard channel normalization techniques.
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1 Introduction

During the past decade, automatic speech recognition (ASR) has been successfully deployed in

desktop applications (e.g., dictation systems) and in interactive telephone-based systems (e.g.,

voice portals). These systems typically operate with a close-talking microphone in quiet environ-

ments. Nowadays, we observe a growing interest for voice-controlled devices which can be used in

more natural conditions, the so-called hands-free devices [1]. However, there still exist important

obstacles to the mass development of such devices. The poor accuracy of the current ASR systems

in realistic hands-free operating conditions is the main one.

Today’s state-of-art ASR systems are based on stochastic models of speech acoustics. That is,

they extract a set of significant acoustic features from the speech signal and use statistical models

to represent the distribution of these features for speech items such as words, syllables or phonemes.

Recognition of an unknown utterance is then treated as a statistical pattern recognition problem.

These statistical models, often referred to as acoustic models, have to be trained on large speech

databases. Unfortunately, the performance of the ASR systems degrade dramatically when it is

presented with speech having different acoustic features than the ones statistically modeled during

the training procedure. For hands-free devices, the speech signal propagates from the speaker to a

distant microphone through an unknown acoustic environment. In realistic acoustic environments,

the speech signal is contaminated by competing noise sources and distorted by room reverberation

before reaching the microphone. Since the ASR acoustic models are usually trained on noise-free

anechoic speech, they are unlikely to match the distribution of acoustic features of the recorded

speech in a noisy reverberant environment.

In this communication, we are primarily concerned by the effect of room reverberation. When

an acoustic signal (a speech signal) is generated in a reverberant room, it follows multiple paths

from the source (the speaker) to the receiver (the microphone). While a version of the source signal

propagates directly to the receiver through the air, other delayed versions arrive after bouncing

back and forth on the reflective surfaces of the room. The phenomenon severely affects the spectral

characteristics of the acoustic signal picked up at the microphone. It globally results in a “smearing”

effect of the acoustic energy forward in time. Figure 1 shows the waveforms and the corresponding

spectrograms of an anechoic speech utterance recorded with a close-talking microphone and its

reverberant version recorded with a distant-talking microphone in a typical reverberant room.

The distortion caused by room reverberation is especially harmful for ASR systems [2, 3, 4].

Several approaches have been proposed to reduce the discrepancy between the training conditions

(close-talking/anechoic speech) and the operating conditions (distant-talking/reverberated speech)

due to room reverberation. These methods can be roughly separated into three categories:

Speech Enhancement A first approach consists in attempting to recover an “enhanced” speech

signal close to the anechoic one by processing its reverberated version while keeping the acous-

tic models unchanged. These methods may be further categorized into single-microphone
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methods [5, 6, 7, 8, 9] and multi-microphone methods [10, 11, 12, 13, 14]. While these meth-

ods can produce high quality enhanced speech, they are generally computationally demanding

and may require solving ill-conditioned mathematical problems [15, 16].

Model Adaptation Other methods propose to reduce the mismatch between the training and

the operating conditions by adapting the acoustic models from observed reverberated speech.

Many efficient adaptation schemes [17, 18, 19, 20, 21, 22] have been proposed to address the

problem of ASR in reverberant environments. However, they generally require a significant

amount of adaptation data, thereof limiting their practical use in realistic conditions where

the acoustic environment is rapidly changing.

Robust Features The last class of methods includes all the preprocessing parts of the ASR sys-

tems, the so-called front-ends, that extract acoustic features of speech insensitive to channel

distortion [23, 24, 25, 26, 27, 28, 29]. These methods have the advantage of being easy to

implement. They are cost-effective since there is no need to adapt the acoustic models given

reverberated observations or to restore the speech signal prior to computing the acoustic fea-

tures. However, they often perform poorly in moderately to highly reverberant environments.

In this communication, we investigate a new technique that can be somewhat regarded as a

model adaptation method. In our approach, a library of acoustic models are trained separately

on speech databases corresponding to various reverberant conditions. During operation, the best

model is selected and used to recognize the incoming reverberated speech. The best model is

actually the model that most closely matches the operating reverberant conditions. Unlike in

classical adaptation techniques, the speech data to be recognized are not used to adapt the acoustic

model but simply to select one from the library. This method is fast since it requires little data

for “adapting” the acoustic model by selection from the library. It is also computationally efficient

since the model “adaptation” is actually done beforehand during the training procedure. In order

to implement this approach, two issues have to be addressed: the procedure for creating the library

of acoustic models and the procedure for selecting a model from the library during operation,

Training Procedure Ideally, a training database should be collected for every possible operating

reverberant environment where the ASR system is to be deployed. Hence, numerous large

speech databases would need to be collected in order to cover most of reverberant condi-

tions. The problem is further compounded if the ASR system must be speaker-independent

and if several languages must be supported. The database collection effort rapidly becomes

unmanageable.

Alternatively, the reverberated speech databases may be obtained by adequately reverberating

an anechoic speech database. It is commonly assumed that the transmission of an acoustic

signal from a source to a microphone within a reverberant enclosure may be modeled by a
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linear filter. Under this assumption, a reverberated speech database may be obtained by

convolving an anechoic speech database with a room impulse response measured between the

source and the microphone in the operating reverberant environment [30, 17, 31]. However,

this approach ignores that room impulse responses are highly dependent on the acoustic

characteristics of the reverberant enclosure (e.g., a room impulse response changes when

the temperature and the humidity vary or when air currents shift [32]), on the geometric

characteristics of the room (e.g., a room impulse response changes when doors are opened or

closed), on the source and the microphone locations (e.g., a room impulse response changes

when the speaker moves around [15]), etc. It is thus extremely hard to guarantee that the

measured room impulse response would exactly match the room impulse response of the

operating reverberant environment. There is a risk that the ASR system will then “over-fit”

the reverberant conditions observed while measuring the room impulse response, leading to

disappointing results when the operating conditions change, even slightly [3].

To resolve this problem, we proposed in [3] to use a “randomized” synthetic reverberating

filter instead of a measured room impulse response to obtain reverberated speech databases.

The impulse response for the synthetic reverberating filter is generated multiple times ran-

domly during the reverberation process of the anechoic speech database. It is constrained

to match a high-level, perceptually meaningful, acoustic property of the operating rever-

berant environment, namely the fullband reverberation time T60 [33]. The randomization

of the low-level details of the impulse response is expected to model the effects of possible

speaker/microphone movements and of small variations in enclosure geometry or acoustic

characteristics, consequently avoiding over-fitting the acoustic models to a particular room

impulse response. Artificially reverberated speech databases (and the acoustic models thereof)

can be generated for various reverberation times to build the desired library of acoustic mod-

els. This approach requires neither collecting large speech databases nor measuring room

impulse responses. While the assumption that the fullband reverberation time T60 is suffi-

cient to capture the properties of a reverberant environment may seem overly simplistic, it has

been found to yield good results in the framework of ASR. The complete training procedure

is presented in details in [3].

Selection Procedure Given a reverberated speech utterance to be recognized, we want to select

the best acoustic model out of the library generated with the training procedure described

above. In our approach, it is sufficient to estimate the fullband reverberation time T60 for

the speech utterance and then select an acoustic model accordingly. This communication

describes an algorithm for the blind estimation of T60 given a speech utterance recorded

with a distant-talking microphone in a reverberant environment. The proposed algorithm is

inspired by the Stochastic Matching concept introduced by Sankar and Lee in [34]. Its basic

principles can be briefly summarized as follows.
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The impact of room reverberation is defined in the short-time log-energy domain by a para-

metric model whose parameters are related to the reverberation time. Although this model

relies on a strong assumption, namely that room reverberation can be entirely characterized

by the fullband reverberation time T60, it allows us to obtain a mathematically tractable

model and, as will be seen later, it works satisfyingly in practice. Given a reverberated

speech utterance and its corresponding short-term log-energy sequence, the estimation algo-

rithm computes a Maximum Likelihood (ML) estimate of the parameters of the distortion

model, and an estimate of the reverberation time is derived. This algorithm requires a sta-

tistical model of short-term log-energy sequences for anechoic speech that must be trained

beforehand on an anechoic speech database.

In the next section, we define the simplified room reverberation model used for the selection

procedure. Then, the algorithm for the blind estimation of T60 is presented in section 3. In

section 4, we report experimental results for the recognition of connected digit sequences. For

these experiments, our model selection procedure is tested with a library of acoustic models built

with artificially reverberated speech databases. Results are given for both simulated and real

reverberant environments. In the former case, test material is obtained by simulating a rectangular

room with the Image Method [35, 36]. In the latter case, test recordings have been collected

in various real reverberant enclosures. The model selection approach is compared with standard

channel compensation techniques [23, 24]. Although the hands-free ASR problem is addressed only

partially in this communication (i.e., reverberant but noise-free conditions are considered), the

method shows promising results. The results obtained in section 4 allow us to identify limitations of

the current approach. Conclusions and directions for future research to address these shortcomings

are given in section 5.

2 Room Reverberation Model

The propagation between a source and a microphone within a reverberant enclosure is classically

modeled in the time domain by a linear filter. A reverberated speech waveform yn is obtained by

convolving its anechoic version xn with a causal room impulse response hn,

yn = xn ∗ hn.

As mentioned above, room impulse responses are highly dependent on the acoustic and geometric

characteristics of the room, and on the source and microphone locations. However, under the diffuse

sound field assumption [33], it can be shown that the ensemble average εn of the squared room

impulse responses is a decaying exponential:

εn
4
= < h2

n >= ε0e
−kn, (1)
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where the damping constant k is related to the fullband reverberation time T60 [s] of the reverberant

room by

k = log 106/(T60 × Fs) (2)

with Fs [Hz] standing for the sampling frequency. Equation (2) is based on the classical defini-

tion of the reverberation time [33]: T60 is the time interval in which the sound energy within a

reverberant room reaches one millionth (i.e., -60 dB) of its initial value once the sound source has

been interrupted. These equations suggest that it is possible to generate a synthetic room impulse

response matching a given reverberation time by modulating a zero-mean random sequence with

a decaying exponential [37]. This forms the basis for the technique proposed in [3] to generate

artificially reverberated speech databases by filtering an anechoic speech database in order to train

acoustic models in various reveberant conditions, i.e., for various reverberation times.

Room reverberation is fully described by the room impulse response between the speaker and

the microphone. In order to estimate the reverberation time T60 for selecting an acoustic model,

one can propose to identify blindly the room impulse response from recorded reverberated speech,

and then to compute the reverberation time from the estimated impulse response, for instance,

using Schroeder’s method [33]. But since the blind identification of a room impulse response is a

difficult ill-conditioned problem, we propose to use instead a coarser model of room reverberation

to simplify the T60 estimation problem. We decide to model the impact of room reverberation

on short-term energy sequences instead of on time-domain speech signals. The short-term energy

sequence Wm of an anechoic speech signal xn (the speaker voice) is obtained by slicing it into

(possibly overlapping) frames, and by computing the energy of every frame. For the m-th frame,

we have

Wm
4
=

1

Nw

mNr+Nw−1
∑

n=mNr

x2
n, (3)

where Nw
4
=Tw×Fs and Nr

4
=Fs/Fr with Tw [s] and Fr [Hz] denoting the frame length and the frame

rate, respectively. Likewise, we define Zm as the short-term energy sequence of the reverberated

speech signal yn (the microphone signal). Under the assumption that the sound field is diffuse

and that equation (1) is valid, the energy of the m-th frame Wm will smear forward in time, its

contribution to the following frames decaying exponentially. We assume that this smearing effect

in the short-term energy domain can be modeled by a first order auto-regressive (AR) filter:

α0Zm = Wm − α1Zm−1, (4)

with α0 > 0 and α1 < 0.

Figure 2 summarizes the reverberation model for short-term log-energy sequences and its re-

lation to the original signals. Figure 3 gives an example of an anechoic speech utterance xn and

its reverberated version yn recorded with a close-talking microphone and a distant-talking micro-
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phone, respectively, in a typical reverberant room. The figure also shows the distortion on the

corresponding short-term log-energy sequences Xm
4
= 10 log10 Wm and Ym

4
= 10 log10 Zm computed

after proper normalization of the speech signals. The short-term energy sequences are represented

in the logarithmic domain instead of the linear domain because of better conditioned dynamics

there. In figure 3, we observe that the decay of Ym from peak to valley is almost linear. The decay

is thus exponential in the short-term linear-energy domain, which validates the model postulated

in equation (4). Like in equation (2), the decaying rate of the short-term energy can be related to

the reverberation time T60 by

T60 = log 106/(− log(−α1) × Fr). (5)

3 Blind T60 Estimation Algorithm

We present here an algorithm for blindly estimating the parameters (α0, α1) of the reverberation

model given a reverberated utterance yn. Once α1 has been estimated, T60 of the reverberant room

can be derived via (5). The algorithm is blind because no other information (e.g., silence/speech

segmentation or close-talking reference of the speech signal) other than a speech utterance recorded

with a distant-talking microphone are needed. First, a statistical model for short-term log-energy

sequences of anechoic speech utterances is introduced. Next, an estimation algorithm using this

model is described. Finally, some results to demonstrate its convergence properties are reported.

3.1 Model for Speech Production

Typical short-term log-energy sequences for anechoic speech are non-stationary and characterized

by two states, called the silence and speech states. Furthermore, successive values in a given

state are undoubtedly not statistically independent (see figure 3.(c)). Hence, we decide to model

short-term log-energy sequences for anechoic speech by a 2-state one-dimensional Linear Predictive

Hidden Markov Model (LP-HMM) [38, 39]. In this model, a short-term log-energy sequence Xm

for anechoic speech is generated by processing an emission sequence Em with an AR filter of order

P ,

β0(sm)Xm = Em −
P

∑

p=1

βp(sm)Xm−p (6)

whose coefficients βp(sm), p = 0, . . . , P , vary in time according to the evolution of a hidden Markov

chain. The emissions Em are assumed to be conditionally independent given the LP-HMM state

sequence sm and to have a Gaussian distribution with mean µi and standard deviation σi for state

sm = i, i = {0, 1}. To complete our model, we define the transition probabilities aij
4
= P [sm =

j|sm−1 = i].

Figure 4 illustrates a 2-state one-dimensional LP-HMM with AR filters limited to first order (i.e.,
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P = 1) which is used in this work for modeling short-term log-energy sequences of anechoic speech

utterances. Note that the LP-HMM is defined for log-energy sequences instead of linear-energy

sequences because these data have better conditioned dynamics, and their statistical distributions

are easier to model. All the parameters of the LP-HMM can be estimated by an Expectation-

Maximization (EM) algorithm [40, 39]. Table 1 gives the parameters of the LP-HMM used in this

work. The model has been trained on a noise-free part of the AURORA speech database [41].

Note that each speech utterance is normalized with respect to its energy prior to computing its

short-term log-energy sequence.

3.2 Algorithm Description

The proposed algorithm for estimating T60 is inspired by the Maximum Likelihood (ML) Stochastic

Matching paradigm introduced by Sankar and Lee [34]. The Stochastic Matching method assumes

that some features X are observed after a parametric distortion F (· | α) such that only the distorted

features Y = F (X | α) are available. It provides a framework for deriving a ML estimate of the

distortion parameters α given some observed features Y and a statistical model for the unobserved

features X.

Here, we consider the short-term log-energy sequences of reverberated speech utterances (micro-

phone signal) as the observed features. The short-term log-energy sequences of the corresponding

anechoic speech utterances (speaker voice) are the unobserved features. The distortion model is the

room reverberation model in the short-term log-energy domain of figure 2. Hence, the distortion

parameters are the coefficients (α0, α1) of the first-order AR filter of equation (4). The statistical

model of the unobserved features is the 2-state LP-HMM described in section 3.1.

Let Y0,M = {Y0, . . . , YM} denote the finite-length short-term log-energy sequence of a rever-

berated speech utterance and define s0,M = {s0, . . . , sM} as the corresponding hidden state se-

quence of the underlying LP-HMM. We want to compute an estimate of the distortion parameters

α = (α0, α1) based on the Stochastic Matching paradigm. That is, we want to solve the ML

estimation problem

α̂ = arg max
α

log p(Y0,M | α) (7)

where p(Y0,M | α) denotes the likelihood of the data Y0,M given the distortion parameters α. Since

the underlying state sequence is unknown, we have to solve a ML problem for incomplete data. We

naturally resort to an Expectation-Maximization (EM) algorithm [40] to derive a solution. The

EM algorithm consists in a two-step iterative procedure.

E-step – Given current estimates α
(`) of the distortion parameters at iteration ` and some obser-

vations Y0,M , compute the conditional expectation, also known as the auxiliary function:

Q(α | α
(`))

4
= E

[

log p(Y0,M , s0,M | α) | Y0,M ,α(`)
]

. (8)
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M-step – Find new estimates α
(`+1) of the distortion parameters by maximizing equation (8) with

respect to α:

α
(`+1) = arg max

α

Q(α | α
(`)). (9)

Although numerical optimization techniques can be used to solve (9), we prefer deriving an

explicit solution, the so-called re-estimation formulae. We first compute the first derivative of the

auxiliary function with respect to α. Next, we solve for its zeros to obtain the new estimates α
(`+1).

They are then substituted in (8) to iterate the procedure, unless convergence is reached.

In order to derive close-form re-estimation formulae, we first apply the Bayes rule and note that

the state sequence does not depend on the distortion parameters. Hence, we can equivalently solve

α
(`+1) = arg max

α

E
[

log p(Y0,M | s0,M ,α) | Y0,M ,α(`)
]

. (10)

In appendix A, we derive an approximation of the transformation E0,M = G(Y0,M | s0,M ,α)

between a finite length sequence of observations Y0,M and the corresponding sequence of emissions

E0,M given a state sequence s0,M . The approximation allows us to express the likelihood function

for the observations with respect to the likelihood function for the emissions [42] as

p(Y0,M | s0,M ,α) = p(E0,M | s0,M ,α) |J|, (11)

where |J| denotes the determinant of the Jacobian matrix J of the transformation G(·). In ap-

pendix A, we also show that |J| depends only on α0 (see equation (32)). By proper normalization

of the energy levels of the speech utterances during the training procedure of the LP-HMM and

during the estimation of T60, we can constrain α0 = 1. The maximization problem is then reduced

to

α
(`+1)
1 = arg max

α1

E
[

log p(E0,M | s0,M , α1) | Y0,M , α
(`)
1

]

. (12)

By definition of the LP-HMM in section 3.1, the emissions E0,M are conditionally independent, and

equation (12) becomes,

α
(`+1)
1 = arg max

α1

M
∑

m=0

E
[

log p(Em | sm, α1) | Y0,M , α
(`)
1

]

. (13)

The expectation operator can be factored out at `-th iteration by introducing the a posteriori state

probabilities γ
(`)
m,i

4
= P [sm = i | Y0,M , α

(`)
1 ], i = {0, 1}, yielding

α
(`+1)
1 = arg max

α1

M
∑

m=0

1
∑

i=0

γ
(`)
m,i log p(Em | sm = i, α1). (14)

Given the parameters of the LP-HMM, the a posteriori state probabilities can be efficiently com-

9



puted for any sequence of observations with the Forward-Backward algorithm [39]. Using the

assumption that the emissions have Gaussian distributions and that the distribution parameters

are state-dependent, we find

α
(`+1)
1 = arg max

α1

M
∑

m=0

1
∑

i=0

γ
(`)
m,i(Em − µi)

2/σ2
i , (15)

where constant terms have been left out for ease of notation. Next, we can use the linear approxi-

mation (24) derived in appendix A and make α
(`+1)
1 appear explicitly:

α
(`+1)
1 = arg max

α1

M
∑

m=0

1
∑

i=0

γ
(`)
m,i





1
∑

p=0

βp(sm)

[

1
∑

k=0

α
(`+1)
k

ξW
(`)
m

Zm−p−k + X(`)
m − 1/ξ

]

− µi





2

/σ2
i (16)

with ξ = log(10)/10. The re-estimation formula for α1 is finally obtained by setting the first-order

derivative of the right-hand term of (16) with respect to α
(`+1)
1 to zero. Note that this first-order

derivative is linear for α1. We finally get

α
(`+1)
1 = (−p(`) − q(`))/r(`), (17)

with p(`), q(`) and r(`) defined by

c
(`)
m,i

4
=

1
∑

p=0

βp(i)Zm−p−1/ξW
(`)
m−p, (18)

r(`) 4
=

M
∑

m=0

1
∑

i=0

γ
(`)
m,i

σ2
i

(

c
(`)
m,i

)2
, (19)

q(`) 4
=

M
∑

m=0

1
∑

i=0

γ
(`)
m,i

σ2
i





1
∑

p=0

βp(i)Zm−p

ξW
(`)
m−p



 c
(`)
m,i, (20)

p(`) 4
=

M
∑

m=0

1
∑

i=0

γ
(`)
m,i

σ2
i





1
∑

p=0

βp(i)(X
(`)
m−p −

1

ξ
) − µi



 c
(`)
m,i. (21)

The resulting iterative algorithm for the ML estimation of the distortion parameter α1, and

therefrom the reverberation time T60 via equation (5), is summarized in table 2. Note that the

Viterbi approximation [38, 39] may be postulated, taking into account only the most likely state

path s0,M instead of considering all the possible state sequences via the Forward-Backward algo-

rithm. In this case, the a posteriori state probabilities are constrained to be null except for one state

at every time instant. This results in a computationally more efficient but suboptimal estimation

algorithm.
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3.3 Convergence Results

The proposed algorithm for the estimation of T60 has been derived in the EM framework. We can

thus expect it to be convergent, if not for the approximations that had to be made. In this section,

we do not mathematically prove the convergence of the estimation algorithm but rather report

some results which demonstrate its convergence properties in practice.

First, we show by an example the convergence of the estimation algorithm for various values of

the distortion parameter α1. For every estimation trial, 256 observations are produced by applying

the distortion model (see section 2) to emissions drawn from the LP-HMM for anechoic speech

(see section 3.1). Actually, α0 is set equal to 1 and five values of α1 ranging from -0.45 to -0.85

are tested. The estimation algorithm is initialized with α
(0)
1 = −0.95. The iterative estimation

procedure is stopped when two successive estimates do not differ by more than δ = 10−4 or if a

maximum number `max = 128 of iterations is reached. Figure 5 shows the evolution of the estimate

α
(`)
1 as a function of the number ` of iterations. The estimation algorithm clearly converges and an

accurate estimate of the distortion parameter α1 is obtained after a few iterations only.

Next, we run a series of Monte-Carlo experiments. Observations are again generated by applying

the distortion model (α1 varying from -0.45 to -0.85) to emissions of the anechoic speech LP-HMM

(M + 1 varying from 8 to 512). The initialization and the stopping criterion are as described

above. For every setup, 1024 Monte-Carlo trials are performed and the mean squared error (MSE)

between the estimated distortion parameter α
(`+1)
1 and the true one α1 is computed. Figure 6 shows

that the estimation algorithm is consistent, that is, the MSE value decreases when the number of

observations increases. We clearly observe that the more observations the better the estimate,

especially for high values of the distortion parameter α1.

4 Speech Recognition Results

In this section, we report some results of our model selection approach for automatic speech recog-

nition in reverberant environments. We first describe the experimental setup. Next, we give ASR

results for both simulated reverberant speech and for real data recorded in reverberant enclosures.

4.1 Experimental Setup

The speech database used in this work comes from the noise-free part of the AURORA [41] corpus.

It consists of connected digit sequences and it is divided into a training set of 8840 utterances

and a test set of 1001 utterances, pronounced by 110 speakers and 104 other speakers, respectively.

Recognition experiments are performed with a phoneme-based hybrid system relying on the Hidden

Markov Model / Multilayer Perceptron (HMM/MLP) paradigm [43]. That is, a MLP is used for the

acoustic modeling stage. The MLP is fed with acoustic features computed from 30ms long/10ms

overlapping frames of speech signal sampled at 8kHz. For every frame, it estimates the phoneme
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a posteriori probabilities. In the ASR experiments, three types of acoustic features are used:

Mel-warped frequency cepstral coefficients (MFCC), MFCC with cepstral mean subtraction (CMS)

[23] and logRASTA-PLP [24] coefficients. The last two front-ends are known to be robust to

channel distortion. Speech decoding is done by Viterbi search, with neither pruning nor grammar

constraints.

As described previously, we need to build a library of acoustic models (MLP’s) trained on

speech databases corresponding to various reverberant conditions. We first train a MLP on anechoic

speech. Then, we train eight MLP’s on artificially reverberated training sets. Training material is

obtained with the reverberation process described in [3] for eight values of T60 varying uniformly

from 200ms to 1600ms. All MLP’s are obtained with the classical supervised back-propagation

algorithm [43].

Once the library of acoustic models have been generated, we use them to recognize various

reverberant test sets by selecting the most appropriate model. The selection is based on the

estimation of the fullband reverberation time T60 by the method described in section 3. Like all

iterative methods, our T60 estimation algorithm requires an initial estimate α
(0)
1 (see section 3.2),

and a stopping criterion. In practice, the reverberation time is lower than 2 seconds in most real

reverberant enclosures. This upper bound is used to compute the initial estimate via equation (5),

that is, α
(0)
1 = −0.933. The stopping criterion is the one described in section 3.3. The LP-HMM

modeling short-term log-energy sequences (see section 3.1) is trained on a 64-utterance subset of

the anechoic training set.

4.2 Results on Simulated Speech Data

Our model selection method is first tested on simulated reverberant speech. The test sets are

obtained by convolving anechoic speech with room impulse responses computed by the Image

Method [35, 36]. The main advantage of the room simulation approach is the flexibility and control

it offers on the reverberation time. Various test sets are generated within a 9m long × 6m wide ×

4m high simulated room. The microphone is located 2m away from the speech source. The wall

absorption coefficients are set such that T60 is ranging from 200ms to 1600ms.

First, we report cross-testing results (see table 3). We see that the lowest word error rate

(WER), i.e., the sum of the substitution (SUB), deletion (DEL) and insertion (INS) error rates,

is always achieved by the acoustic model most closely matching the testing conditions (along main

diagonal). Note that, as could have been expected, WER increases for the matching acoustic model

when the reverberation becomes stronger.

Next, we apply our model selection approach by blind estimation of T60. For all test sets, each

reverberated speech utterance is processed prior to its recognition: the speech signal amplitude is

normalized, the short-term log-energy sequence is computed for Tw = 30ms and Fr = 100Hz, T60 is

estimated and the most closely matching MLP of the library is activated. Note that the blind T60
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estimation algorithm becomes ill-conditioned for anechoic speech. But since real rooms are never

anechoic, this is not a problem in practice.

Table 4 reports the performance of the selection method in terms of median absolute value

errors (MAVE) for T60 estimation and confusion rates (CR), i.e., wrong acoustic model selection

rates. The estimation algorithm performs satisfactorily and the most closely matching MLP is

very often selected. The proposed model selection method approaches the recognition performance

of the “Oracle” method (see table 5) for which T60 is assumed to be known in advance and the

best model is always selected. Clearly, the model selection method outperforms systems based on

standard channel-robust acoustic features like MFCC-CMS and logRASTA-PLP. These frame-based

front-ends are not effective for handling reverberation because they have been designed to reduce

the effect of short-time spectral coloration. However, the duration of acoustic impulse responses

is typically longer than the temporal analysis window (e.g., 30ms). Therefore, the reverberation

effect is no longer multiplicative in the short-term spectral domain and cannot be considered as

spectral coloration.

4.3 Results on Real Speech Data

Our model selection method has been also tested on speech recorded in four different reverberant

enclosures, namely the “office”, “meeting”, “lavatory” and “cafeteria” enclosures. The names of the

enclosures are self-explanatory. For every reverberant environment, the anechoic test set is played

back with a loudspeaker and simultaneously recorded with a distant omnidirectional microphone.

The distance between the loudspeaker and the microphone is set to 2 meters. Room impulse

responses are also measured using a correlation method based on an optimal time-stretched pulse

(TSP) [44]. No attempt is made to compensate for the transfer functions of the loudspeaker and the

microphone since both are studio-grade devices. The fullband reverberation times are estimated

from Schroeder’s decay curves [33] (i.e., using the time-reverse integrals of the squared room impulse

responses) and are reported in table 6.

First, we report cross-testing results (see table 7). The same conclusions as for simulated rever-

berated speech can be drawn: the best results are obtained when the model most closely matching

the reverberation time is activated. Unfortunately, we observe that the recognition performance

are not as good as for simulated reverberated speech when the training conditions match exactly

the testing conditions, e.g., for the “office” environment. Moreover, the performance degrade more

severely if the conditions do not match. These differences can be explained by noting that the rever-

beration time T60 is not independent of the frequency while our reverberation process for training

databases assumes so. Indeed, most real materials are more absorptive at high frequency and

the absorption property of the air increases with frequency. Consequently, the reverberation time

decreases with frequency in real acoustic environments leading to a mismatch with our proposed

model. Nevertheless, our model selection method has been applied to the four real reverberated
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test sets. The performance of the estimation algorithm are reported in table 8. Although the

estimation algorithm does not perform as well as for simulated reverberated speech, the model

selection method still yields significant improvements over the baseline ASR system (see table 9).

5 Summary and Concluding Remarks

In this communication, we have proposed a model selection method for automatic speech recog-

nition in reverberant rooms. Our method consists in selecting the best acoustic model out of a

library of models trained separately on artificially reverberated speech databases matching various

reverberation times. The selection is based on the estimation of the fullband reverberation time.

The estimation algorithm computes a Maximum Likelihood estimate of the reverberation time us-

ing only the short-term log-energy sequence of a reverberated speech utterance recorded in the

reverberant operating environment

Experimental recognition tests on connected digit sequences have shown that the estimation

algorithm performs well and the model selection approach improves significantly recognition ac-

curacy for both simulated and real reverberated data. However, the performance improvement is

not as high as expected on real data. This can be explained by the fact that the current modeling

and estimation methods assume that the acoustic field is diffuse and that the reverberation time is

independent of frequency. Further improvements can be expected by relaxing these severe assump-

tions. For example, we might consider estimating the reverberation time in frequency subbands.

The training procedure should be modified accordingly.

Another shortcoming of the current model selection approach to hands-free speech recognition

is that it deals only with reverberation: the speech signal is supposed to be noiseless. The proposed

method should be extended to noisy environments to constitute a complete solution. This will be

the subject of future work.

A Linear Distortion Model

Consider the distortion model of figure 2 and the LP-HMM of figure 4. Define G(·) as the transfor-

mation related the observation sequence Ym to the LP-HMM emission sequence Em given a state

sequence sm. The transformation G(·) is given by the following equations:

Em =
1

∑

p=0

βp(sm)Xm−p, Xm = 10 log10(Wm), Wm =
1

∑

k=0

αkZm−k, Zm = 10Ym/10. (22)

Clearly, the transformation is non-linear because of the logarithm and power functions. In section 3,

we describe an iterative method for the ML estimation of the distortion parameters (α0, α1) based

on the EM algorithm. In order to derive close-form re-estimation formulae, the transformation (22)
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has to be linearized with respect to the distortion parameters. Let us assume that the successive

estimates of the distortion parameters are varying slowly enough such that the sequence W
(`)
m =

α
(`)
0 Zm + α

(`)
1 Zm−1 estimated at `-th step is close to the next estimate W

(`+1)
m = α

(`+1)
0 Zm +

α
(`+1)
1 Zm−1. Using a Taylor series expansion limited to the first order, we get the following linear

approximation:

10 log10(W
(`+1)
m ) ' 10 log10(W

(`)
m ) + (W (`+1)

m − W (`)
m )/ξW (`)

m , ξ = log(10)/10. (23)

Equations (22) becomes

E(`+1)
m '

1
∑

p=0

βp(sm)

[

1
∑

k=0

A
(`+1)
k,m−pZm−p−k + B

(`+1)
m−p

]

(24)

with

A
(`+1)
k,m

4
= α

(`+1)
k /ξW (`)

m (25)

and

B(`+1)
m

4
= X(`)

m − 1/ξ. (26)

If we neglect the boundary effects, that is, if we assume Zm = 0 for m < 0 and m > M , equation (24)

can be written in a matrix form for a finite-length sequence of observations Z0,M = {Z0, . . . , ZM}

and the corresponding finite-length sequence E0,M of emissions:

E
(`+1)
0,M = G(Y0,M | s0,M ,α(`+1)) ' B(`+1)

[

A(`+1)Z0,M + b(`+1)
]

, (27)

where the (M + 1) × (M + 1) matrices B and A, and the (M + 1) × 1 vector b are defined by,

B(`+1) 4
=





















β0(s0) 0 . . . 0

β1(s1) β0(s1)
...

0
. . .

. . .
... 0

0 . . . β1(sm) β0(sm)





















, (28)

A(`+1) 4
=





















A
(`+1)
0,0 0 . . . 0

A
(`+1)
1,1 A

(`+1)
0,1

...

0
. . .

. . .
... 0

0 . . . A
(`+1)
1,M A

(`+1)
0,M





















, (29)
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and

b(`+1) 4
=













B
(`+1)
0

B
(`+1)
1
...

B
(`+1)
M













, (30)

respectively.

The approximation of the transformation G(Y0,M | s0,M ,α) is linear with respect to the dis-

tortion parameters α = (α0, α1). Using equations (22) and (27), its Jacobian matrix J can be

computed as

J
4
=

∂G(Y0,M | s0,M ,α(`+1))

∂Y0,M
=

∂G(·)

∂Z0,M
·
∂Z0,M

∂Y0,M
= B(`+1)A(`+1)D, (31)

with D denoting a diagonal matrix whose elements are equal to ξY0,M . It is straightforward to

verify that the determinant of the Jacobian matrix J is given by

|J| = |B(`+1)| |A(`+1)| |D| =
M
∏

m=0

β0(sm)A
(`+1)
0,m ξYm. (32)
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Figure 1: Waveforms of (a) an anechoic speech utterance xn (digit sequence “z485-71-1483”) and
(b) its reverberant version yn; (c) and (d) show the respective spectrograms.
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Table 1: Parameters of a 2-state one-dimensional first-order LP-HMM for modeling short-term
log-energy sequences of anechoic speech (Tw=30ms and Fr=100Hz).

sm = i aii aij µi σi β0(i) β1(i)

0 0.95 0.05 -4.3 4.2 1.0 -0.92
1 0.03 0.97 1.1 3.2 1.0 -0.77
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Table 2: Iterative algorithm for the estimation of the fullband reverberation time T60 from the
short-term log-energy sequence Y0,M of a reverberated speech utterance.

1. Initialize the estimate of the distortion parameter α
(0)
1

(α0 = 1); set ` = 0; and compute Zm = 10Ym/10,
m = 0, . . . ,M .

2. Apply the current inverse distortion filter to obtain

W
(`)
m = α

(`)
0 Zm + α

(`)
1 Zm−1; and compute X

(`)
m =

10 log10 W
(`)
m , m = 0, . . . ,M .

3. Estimate the a posteriori state probabilities γ
(`)
m,i via

the Forward-Backward algorithm [39] given the LP-

HMM parameters and X
(`)
m , m = 0, . . . ,M .

4. Update the estimate of α
(`+1)
1 by applying the re-

estimation formula (17)–(21).

5. Set ` = `+1 and go to 2 unless convergence is reached.

6. Derive the reverberation time T60 from α
(`)
1 via (5).
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Table 3: Performance (WER [%]) of MFCC-based acoustic models trained on artificially reverber-
ated speech for various simulated reverberant testing conditions.

Test set
Training set

anechoic T60 = 200ms 400 600 800 1000 1200 1400 1600

anechoic 1.7 2.9 7.6 11.9 15.9 19.8 20.6 22.7 23.8
T60 = 200ms 7.0 3.6 4.5 6.4 9.8 12.5 13.7 15.1 16.1

300 7.8 3.9 4.4 6.4 9.8 12.3 13.9 15.0 15.7
400 18.7 9.6 5.2 5.7 8.5 12.2 12.8 14.7 15.3
500 20.1 11.2 5.9 5.9 8.7 12.2 12.8 14.7 15.4
600 29.7 20.2 11.3 9.2 10.0 12.6 13.7 15.6 16.4
700 33.2 24.7 14.9 11.2 11.3 13.6 14.4 16.1 17.1
800 41.0 33.7 22.1 17.3 14.0 15.9 16.6 18.2 19.1
1000 43.4 35.8 24.0 20.4 16.0 17.0 17.1 18.7 19.7
1200 49.3 43.1 32.0 27.9 20.9 20.7 20.4 21.6 22.1
1400 51.1 48.5 36.8 33.5 26.0 24.9 23.2 24.5 24.4
1600 52.9 50.1 37.3 36.6 28.1 26.7 25.3 25.1 25.1
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Table 4: Median absolute value error (MAVE) [ms] and relative MAVE [%] for blind estimation
of T60 and corresponding confusion rate (CR) [%] for model selection in the case of simulated
reverberated speech.

Test set MAVE [ms] relative MAVE [%] CR [%]

200ms 53.4 29.2 3.3
300ms 37.8 12.6 1.2
400ms 67.9 17.0 10.8
500ms 64.1 12.8 9.0
600ms 70.8 11.8 22.7
800ms 88.7 11.1 10.7
1000ms 52.4 5.2 20.6
1200ms 95.0 7.9 47.8
1400ms 103.8 7.4 51.1
1600ms 130.3 8.1 31.8

Average 76.4 12.3 20.9
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Table 5: Comparison of the performances (WER (SUB/DEL/INS) [%]) of the baseline system,
two standard normalization techniques, the T60-based model selection method and the “Oracle”
method for simulated reverberated speech. Scores are averaged over all testing environments.

Method WER [%] SUB/DEL/INS [%]

MFCC-baseline 32.2 9.9 / 18.6 / 3.7
MFCC-CMS 37.5 8.7 / 27.4 / 1.4

logRASTA-PLP 36.1 11.0 / 24.1 / 1.0
T60-based mod. sel. 13.3 4.7 / 5.9 / 2.7
“Oracle” mod. sel. 12.7 4.6 / 5.2 / 2.9
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Table 6: Fullband reverberation times T60 [ms] measured by Schroeder’s method in real reverberant
environments.

Room Description T60 [ms]

office medium size room with windows and concrete floor and walls 604.0
meeting medium size room with glass windows and cement floor 873.3
lavatory small room with tiled floor and walls 1307.1
cafeteria large room with wooden floor and glass walls 1461.8
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Table 7: Performances WER [%] of MFCC-based acoustic models trained on artificially reverber-
ated speech for various real reverberant testing conditions.

Test set
Training set

anechoic T60 = 200ms 400 600 800 1000 1200 1400 1600

anechoic 1.7 2.9 7.6 11.9 15.9 19.8 20.6 22.7 23.8
office 30.2 24.8 13.8 11.2 15.6 19.0 21.2 22.7 27.2

meeting 47.7 44.8 29.2 23.0 20.5 23.7 28.0 28.0 30.4
lavatory 57.9 59.2 50.5 47.9 43.7 39.6 36.9 33.9 37.9
cafeteria 57.8 56.4 47.9 42.7 38.4 35.6 36.1 32.9 37.7
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Table 8: Median absolute value error (MAVE) [ms] and relative MAVE [%] for blind estimation of
T60 and corresponding confusion rate (CR) [%] for model selection in the case of real reverberated
speech.

Test set MAVE [ms] relative MAVE [%] CR [%]

office 143.8 23.8 34.0
meeting 120.8 13.8 21.8
lavatory 126.1 9.7 19.9
cafeteria 137.4 9.4 22.8

Average 132.0 14.2 24.6
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Table 9: Comparison of the performances WER (SUB/DEL/INS) [%] of the baseline system, two
standard normalization techniques, the T60-based model selection method and the “Oracle” method
for real reverberated speech. Scores are averaged over all testing environments.

Method WER [%] SUB/DEL/INS [%]

MFCC-baseline 48.4 22.3 / 21.8 / 4.2
MFCC-CMS 53.3 14.6 / 36.9 / 1.8

logRASTA-PLP 51.9 19.9 / 27.2 / 4.8
T60-based mod. sel. 28.2 14.7 / 8.8 / 4.7
“Oracle” mod. sel. 24.7 12.8 / 7.5 / 4.4
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