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Abstract

This paper presents a method for blind estimation of reverbera-
tion times in reverberant enclosures. The proposed algorithm is
based on a statistical model of short-term log-energy sequences
for echo-free speech. Given a speech utterance recorded in
a reverberant room, it computes a Maximum Likelihood esti-
mate of the room full-band reverberation time. The estimation
method is shown to require little data and to perform satisfacto-
rily. The method has been successfully applied to robust auto-
matic speech recognition in reverberant environments by model
selection. For this application, the reverberation time is first
estimated from the reverberated speech utterance to be recog-
nized. The estimation is then used to select the best acoustic
model out of a library of models trained in various artificial re-
verberant conditions. Speech recognition experiments in simu-
lated and real reverberant environments show the efficiency of
our approach which outperforms standard channel normaliza-
tion techniques.

1. Introduction
For the past decades, the number of applications which involve
transmitting speech in reverberant rooms has continuously in-
creased. Let’s mention hands-free telephony, video-conference
or hands-free automatic speech recognition (ASR) among oth-
ers. Room reverberation is often considered as an undesirable
effect which corrupts any speech signal propagating from a
speaker to a microphone in a reverberant room. The reverbera-
tion timeT60 [7] has been a central parameter for characterizing
room reverberation. Hence, measurement of the reverberation
time is a valuable tool for designing room acoustics and devel-
oping audio signal processing applications in order to reduce the
impact of room reverberation. The reverberation time is classi-
cally measured [7] either from an energy decay curve, or from a
room impulse response using Schroeder’s method. The former
directly measures the time interval in which the sound energy
in a room reaches one millionth of its initial value (-60dB) after
interrupting a sound source. The latter derives the reverbera-
tion time after reverse-time integration of an acoustic impulse
response measured between a source and a microphone in the
reverberant room.

In this paper, we propose an algorithm for blindly esti-
mating the reverberation time of a room from speech signal
recorded in that room. We first model the impact of room rever-
beration on echo-free short-term log-energyLeq sequences by a
parametric distortion model whose coefficients are related to the
reverberation time. Then, given a reverberatedLeq sequence,
Maximum Likelihood (ML) estimates of the distortion model
parameters are obtained using a statistical model for echo-free
Leq sequences. The last model is trained beforehand on a clean
speech database. Finally, the estimate of the reverberation time
is derived from the estimates of the distortion model parameters.
The algorithm requires little data, e.g. a few seconds of speech

signal, and is useful for on-line estimation of the reverberation
time.

We also present in this paper a technique for robust ASR in
reverberant environments. The method is based on selecting the
best acoustic model out of a library of models trained separately
in different reverberant conditions. The best model is the model
trained in the reverberant conditions most closely matching the
reverberation time of the operating environment. Hence, the se-
lection is directed by prior estimation of the reverberation time
from the reverberated speech utterance to be recognized via our
newly proposed method.

The paper is organized as follows. In the next section, we
describe the algorithm for the blind estimation of the reverbera-
tion time. Results for recognition of connected digit sequences
in reverberant environments by model selection are reported in
section 3. Concluding remarks are given in section 4.

2. Estimation Algorithm
2.1. Room Reverberation Model

The most detailed model of room reverberation is the room im-
pulse response between the speaker and the microphone. One
can propose to identify blindly the room impulse response from
recorded reverberated speech, and then compute the reverber-
ation time from the estimated impulse response, e.g. using
Schroeder’s method [7]. Since the blind identification of a room
impulse response is a badly conditioned task, we propose in-
stead to use a simpler model of room reverberation in order
to simplify theT60 estimation problem. We decide to model
the impact of room reverberation on the short-term log-energy
(Leq) sequenceXm instead of on the clean speech signalxn,
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= Fs=Fr, wheren, m, Tw, Fs
andFr denote the sample index, the frame index, the analysis
frame length [s], the sampling frequency [Hz] and the frame
rate [Hz], respectively. Figure 1 gives an example of a clean
speech utterancexn and its reverberated versionyn obtained
by convolvingxn with a typical room impulse responsehn.
The figure also shows the distortion on the correspondingLeq
sequencesXm andYm computed after proper normalization of
the speech signals. Under the assumption that the sound field
is diffuse and that the reverberation time is frequency indepen-
dent, the decays ofYm from peak to valley should be exactly
linear, and thus exponential in the linear energy domain. That
is, the impact of room reverberation can be modeled by a first
order auto-regressive (AR) filter,

Wm = �0Zm + �1Zm�1 (2)
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Figure 1: Waveforms for (a) a clean speech utterance xn and (b)
its reverberant version yn, and the corresponding Leq sequences
(c) Xm and (d) Ym for Tw=30ms and Fr=100Hz.
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Figure 2: Room reverberation process (upper part) for tempo-
ral signal and equivalent diffuse model (lower part) for Leq se-
quence.

whereWm

4

=10
Xm=10 andZm

4

=10
Ym=10 denote the short-term

linear energy sequences of the clean and reverberated speech
signals, respectively. The assumed reverberation model is sum-
marized in figure 2. In the sequel, we describe a method for ML
estimation of the AR coefficients (�0; �1) from the observed
Leq sequence Ym only. Our estimation algorithm requires a
statistical model for the echo-free Leq sequence Xm which is
briefly presented in the next section. Once �1 has been esti-
mated, T60 can be derived via [7]

T60 = log 10
6
=(� log(��1)� Fr): (3)

2.2. Echo-free Leq Sequence Model

The clean speech Leq sequence Xm is typically non-stationary
and characterized by two states, called the silence and speech
states. Furthermore, successive values are undoubtedly not
statistically independent: they are correlated (see figure 1.c).
Hence, we choose to model Xm by a 2-states one-dimensional
Linear Predictive Hidden Markov Model (LP-HMM) [6]. In
this model, the Leq sequence Xm is generated by processing
the emission sequence Em with an AR filter of order P ,

�0(sm)Xm = Em �

PX
p=1

�p(sm)Xm�p (4)

whose coefficients �p(sm), p = 0; : : : ; P , are function of the
LP-HMM state sequence sm. The emissions Em are assumed
to be conditionally independent given the state sequence sm and
have a Gaussian distribution with mean �i and variance �i for
sm = i, i = 0; 1. To complete our model, we define the

transition probabilities aij
4

= P [sm = jjsm�1 = i]. All the
parameters can be estimated by an Expectation-Maximization

Table 1: Parameters of a 2-states one-dimensional first-order
LP-HMM for Leq sequence of clean speech for Tw=30ms and
Fr=100Hz.

sm = i aii aij �i �i �0(i) �1(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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Figure 3: 2-states one-dimensional first-order LP-HMM for
modeling Leq sequence of clean speech (0: silence state,
1: speech state).

(EM) algorithm [6] from Leq sequences extracted from a clean
speech database. Note that the modeling is done over the log-
energy sequences because these data have a better conditioned
dynamics than the linear energy sequences. Figure 3 illustrates
a 2-states one-dimensional LP-HMM with AR filters limited to
first order (P = 1) which is used in this work. Table 1 gives the
parameters of the model trained on a clean part of the AURORA
speech database [2].

2.3. Maximum Likelihood T60 Estimation

In this section, we present the algorithm for blindly estimating
the reverberation time T60. The algorithm is inspired by ML
stochastic matching [8]. Given a statistical model of the un-
observed clean Leq sequence Xm (section 2.2), the parameters
(�0; �1) of the distortion model (section 2.1) are estimated so
as to maximize the likelihood of the observed reverberated Leq
sequence Ym. Maximization is performed by an iterative EM-
like algorithm. Given an observed Leq sequence YM

0 of length
M + 1, or equivalently its linear counterpart ZM0 , and current
estimates (�(`)0 ; �

(`)

1 ) of the distortion model, we first compute
(E-step) the auxiliary function,
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where sM0 denotes the hidden state sequence of the LP-HMM.
We then find re-estimation formulae by maximizing (M-step)
equation (5) with respect to (�

(`+1)

0 ; �
(`+1)

1 ). Since the distor-
tion parameters do not depend on the state sequence, we can
equivalently solve,
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where conditioning arguments have been dropped for ease of
notation. In order to derive closed-form re-estimation formulae,
we assume that the `-th estimate W (`)

m = �
(`)

0 Zm +�
(`)

1 Zm�1

is close to the next estimation W
(`+1)
m . Hence, one can write

the following linear approximation,
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using Taylor series expansion limited to first order. Equation (7)
can be rewritten as

X
(`+1)
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E
(`+1)
m =

1X
p=0

�p(sm)

"
1X

k=0

A
(`+1)

k;m�p
Zm�p�k +B

(`+1)

m�p

#
:

(9)

Hence, we have now to solve,

(�
(`+1)

0 ; �
(`+1)

1 ) = argmaxE
h
log

�
p(E

M

0 jsM0 )jJ j
�i

(10)

with jJ j denoting the determinant of the Jacobian of the matrix
form of the linear transformation (9) between the observation
vector ZM0 and the emission vector EM

0 . By proper normaliza-
tion of the speech utterances during training of the LP-HMM
and during estimation of T60, we can constrain �0 to be equal
to 1. Under this constrain, one can easily show that jJ j is in-
dependent of (�0; �1). Furthermore, since the emissions are
conditionally independent, equation (10) becomes

�
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Equation (11) can be further developed by introducing the a

posteriori state probabilities (`)
m;i

4
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1 ], i =
0; 1. Using the assumption that Em is Gaussian distributed, we
find
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where constant terms have been cancelled out. The re-
estimation formula for �1 is obtained by setting the first deriva-
tive of the right-hand term of (12) with respect to �(`+1)1 to zero
after using relation (9). We finally obtain,
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The resulting iterative estimation algorithm is outlined be-
low:

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

(�0 = 1) and set ` = 0, and compute Zm = 10
Ym=10,

m = 0; : : : ;M ;

2. Apply the inverse distortion filter to obtain
W

(`)
m = �

(`)

0 Zm + �
(`)

1 Zm�1, and compute
X

(`)
m = 10 log10W

(`)
m , m = 0; : : : ;M ;

3. Estimate the a posteriori state probabilities (`)
m;i

via the
Forward-Backward algorithm [6] given the LP-HMM
parameters and X(`)

m , m = 0; : : : ;M ;

4. Obtain updated estimate of �(`+1)1 by applying the re-
estimation formula (13)–(17);

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

6. Derive the reverberation time T60 from �
(`)

1 via (3).

3. Application to Robust ASR
In [3], we showed that training acoustic models on artificially
reverberated speech can provide robust systems for hands-
free speech recognition in reverberant environments. We pro-
posed in [3] to produce reverberated speech by processing clean
speech with a filter whose finite-length impulse response hn
is designed to match the reverberation time of the target re-
verberant operating environment. Under the assumptions that
the sound field is diffuse and that the reverberation time is fre-
quency independent, the synthetic impulse response hn can be
obtained by shaping a Gaussian white random sequence with
a decaying exponential whose damping constant is directly re-
lated to the reverberation time. Once a reverberated database
has been generated by convolving a clean speech database with
hn, an acoustic model corresponding to the specified T60 can
be trained for speech recognition. Repeating the process for dif-
ferent values of T60, a library of acoustic models can be build
for various reverberation times. Since the reverberation time is
rarely known in advance, T60 has to be estimated during oper-
ation from the speech utterance to be recognized. Hence, the
proposed T60 estimation algorithm can be used for selecting the
best acoustic model.

3.1. Speech Material and Recognizer Description

The speech material used in this work comes from the clean
part of the AURORA [2] database and consists of connected
digit sequences. Recognition experiments are performed with
a phoneme-based hybrid Multilayer Perceptron(MLP)/HMM
recognizer. The phoneme a posteriori probabilities are esti-
mated by a MLP fed with acoustic features computed from
30ms long/10ms overlapping frames of speech signal sampled
at 8kHz. The acoustic features are obtained by one of three fol-
lowing front-ends: Mel-warped frequency cepstral coefficients
(MFCC), MFCC with cepstral mean subtraction (CMS) [4] and
logRASTA-PLP [5] 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 con-
straints.

3.2. Experimental Results

First, we trained nine acoustic models: one on echo-free speech
and eight on artificially reverberated training sets for T60 vary-
ing uniformly from 200ms to 1600ms. For each T60, the cor-
responding training set was obtained by using the method de-
picted in the previous section. Meanwhile, test sets were gen-
erated by convolving the clean test set with room impulse re-
sponses computed by the Image Method [1]. The wall absorp-
tion coefficients of the reverberant room simulator were chosen
to get specific reverberation times. Table 2 reports cross-testing
results. 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 (main diagonal). Even
if there is no acoustic model which matches exactly the test T60,
the performance of the selected model does not degrade much if
the grid for T60 in the library of acoustic models is tight enough.
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Table 2: Performances WER [%] of MFCC-based acoustic models trained on artificially reverberated speech for various reverberant
testing conditions.

Test set
Training set

clean T60 = 200ms 400ms 600ms 800ms 1000ms 1200ms 1400ms 1600ms
clean 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
300ms 7.8 3.9 4.4 6.4 9.8 12.3 13.9 15.0 15.7
400ms 18.7 9.6 5.2 5.7 8.5 12.2 12.8 14.7 15.3
500ms 20.1 11.2 5.9 5.9 8.7 12.2 12.8 14.7 15.4
600ms 29.7 20.2 11.3 9.2 10.0 12.6 13.7 15.6 16.4
700ms 33.2 24.7 14.9 11.2 11.3 13.6 14.4 16.1 17.1
800ms 41.0 33.7 22.1 17.3 14.0 15.9 16.6 18.2 19.1
1000ms 43.4 35.8 24.0 20.4 16.0 17.0 17.1 18.7 19.7
1200ms 49.3 43.1 32.0 27.9 20.9 20.7 20.4 21.6 22.1
1400ms 51.1 48.5 36.8 33.5 26.0 24.9 23.2 24.5 24.4
1600ms 52.9 50.1 37.3 36.6 28.1 26.7 25.3 25.1 25.1

Table 3: Median absolute value error (MAVE) [ms] and rela-
tive MAVE [%] for blind estimation of T60 and corresponding
confusion rate (CR) [%] for model selection.

Test Set MAVE [ms] relative MAVE [%] CR [%]
A 51.4 8.2 24.0
B 80.9 9.7 26.8

As could have been expected, WER increases for the matching
acoustic model as the reverberation becomes stronger.

Next, we tested our model selection approach by blind es-
timation of T60. Test sets were generated by mixing groups of
utterances reverberated at different levels. Each group was at
least 5s long and obtained by convolving clean utterances with
a room impulse response corresponding to a specific T60. Prior
to its recognition, every group was processed: the Leq sequence
was computed for Tw = 30ms and Fr = 100Hz, T60 was es-
timated and the most closely matching MLP of the library was
activated. Two sets of experiments were performed: test sets
were generated by convolution with room impulse responses ei-
ther computed in one of the previous simulated rooms (test A),
or measured in real reverberant enclosures (test B) using a cor-
relation method based on an optimal time-stretched pulse [9].
Table 3 gives the median absolute value errors (MAVE) for
T60 estimation. Reference reverberation times for computing
MAVE are known by design for test A while they were esti-
mated by Schroeder’s method from the measured impulse re-
sponses for test B. Table 3 also reports confusion rates, i.e.
wrong acoustic model selection rates. Table 4 shows that the
proposed model selection method outperforms systems based
on standard channel-robust acoustic features. Furthermore, it
approaches the performance of the “Oracle” method for which
T60 is assumed to be known in advance and the best model is
always selected.

4. Conclusion and Future Work
We have proposed an algorithm for blind estimation of the re-
verberation time, and successfully applied it to robust speech
recognition in reverberant environments by acoustic model se-
lection. Even if satisfactorily results were obtained in terms of
both estimation error and selection error, further improvements
can be expected by relaxing the main hypothesis which sup-
poses that the reverberation time is frequency independent. To
do so, the method has to be extended to a multiband approach
for which T60 is assumed constant inside frequency subbands
only.

Table 4: Comparison between performances WER
(SUB/DEL/INS) [%] of two standard normalization tech-
niques, our model selection method and the “Oracle” method.

Method
Test Set

A B
MFCC-CMS 35.7(10.2/15.8/9.7) 40.3(12.1/18.7/9.5)

logRASTA-PLP 35.2(12.6/13.9/8.7) 38.2(11.5/18.1/8.6)
Model Selection 14.0(4.8/5.4/3.8) 18.1(6.5/8.4/3.2)

“Oracle” 13.6(4.7/6.1/2.8) 17.5(6.2/8.4/2.9)
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