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Abstract
This paper presents an output combination approach for noise-
robust speech recognition. The aim of this work is to im-
prove recognition performance for adverse conditions which
contain both stationary and non-stationary noise. In the pro-
posed method, both discrete-mixture HMMs (DMHMMs) and
continuous-mixture HMMs (CMHMMs) are used as acoustic
models. In the DMHMM, subvector quantization is used in-
stead of vector quantization and each state has multiple mixture
components. Our previous work showed that DMHMM system
indicated better performance in low SNR and/or non-stationary
noise conditions. In contrast, CMHMM system was better in
the opposite conditions. Thus, we take a system combination
approach of the two models to improve the performance in var-
ious kinds of noise conditions. The proposed method was eval-
uated on a LVCSR task with 5K word vocabulary. The results
showed that the proposed method was effective in various kinds
of noise conditions.
Index Terms: speech recognition, acoustic noise, hidden
Markov models, adaptation

1. Introduction
Many efforts have been made for the issue of noise robust
speech recognition over the years. For example, Parallel Model
Combination (PMC) [1] and Spectral Subtraction (SS) [2] are
well known as effective methods of noisy speech recognition.
Many researches have, however, focused on stationary noise in
which spectrum of noise signal is stationary in time domain.
In contrast, speech recognition in non-stationary noise environ-
ments remains as a major problem. In practical use of speech
recognition systems, the speech signals can be corrupted by
transient noises created by various environmental sources. The
aim of this work is to develop a new method of robust speech
recognition for various conditions which contain both stationary
and non-stationary noise.

In order to solve the above problem, we propose
an improved system combination technique in which both
continuous-mixture hidden Markov models (CMHMMs) and
discrete-mixture hidden Markov models (DMHMMs) are used
as acoustic models. DMHMM is one type of discrete HMM
(DHMM) and was originally proposed to reduce computation
costs in decoding process [3]. In DMHMM, subvector or
scalar based quantization is used instead of vector quantiza-
tion. In addition, its state has multiple mixture components just
like conventional CMHMM state has. Since the quantization
size can be reduced by using subvector or scalar quantization,
DMHMM require a smaller amount training data than conven-
tional DHMM.

In our previous work, we showed that DMHMM based sys-
tem was effective for noisy speech recognition [4]. In particu-
lar, it showed significant improvements in non-stationary noise
conditions. Our previous work also showed that CMHMM sys-
tem indicated better performance in high SNR and/or station-
ary noise conditions than DMHMM system. As stated above,
performance advantages between two models vary according to
the type of noise. It would be better if two models could be
switched automatically according to noise condition. However,
it is difficult to estimate the type of noise accurately. Based on
the discussion above, we take a system combination approach
to improve the performance in various kind of noise conditions.
It is well known that the combination method is effective if
the features of combined models are different. In the proposed
method, complementary effects can be anticipated because the
CMHMMs and DMHMMs have different error trends,

Several kind of combination methods, such as ROVER [5],
CNC [6] and so on, have been proposed. In this paper, we em-
ploy ROVER method which is the most popular and often shows
the best performance. In the experiments in this paper, the out-
puts of DMHMMs and CMHMMs are combined by ROVER.
In order to improve the performance further, a feature normal-
ization method by using the histogram equalization (HEQ) [7]
is also used.

2. Robust speech recognition by using
discrete-mixture HMMs

2.1. MAP estimation of DMHMM parameters

Most of the speech recognition systems use CMHMMs as
acoustic models, because the DHMM system based on vector
quantization (VQ) has a problem that it is affected by quanti-
zation distortion and requires a large amount of training data.
In contrast, a DMHMM system requires a smaller amount of
training data than ordinary DHMM system because quantiza-
tion size can be reduced by using a subvector or scalar quanti-
zation. In the subvector-based method [8], feature vectors are
partitioned into subvectors and they are quantized using sepa-
rate codebooks. In the scalar-based method [3], each dimension
of the feature vectors is scalar-quantized. The quantization size
can be reduced markedly by partitioning the feature vectors. For
example, the quantization size was reported as 2 to 5 bits in [8],
and it was 4 to 6 bits in [3]. Because it is small, the DMHMMs
have superior trainability for acoustic modeling. In this work,
subvector quantization is used because it has been reported that
the subvector-based method is more effective than the scalar-
quantized method.

However, the DMHMMs still require a larger amount of
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training data than CMHMMs. We proposed a MAP estimation
of DMHMMs to reduce the amount of training data further [9].
The MAP estimation method for DMHMM parameters is de-
scribed as follows. The feature vector is partitioned into S sub-
vectors,
ot = [o1t, . . . ,ost, . . . ,oSt]. VQ codebooks are provided for
each subvector, and then the feature vector ot is quantized,

q(ot) = [q1(o1t), . . . , qs(ost), . . . , qS(oSt)]. (1)

The output distribution of the DMHMM, bi(ot), is given by

bi(ot) =
X

m

wim

Y

s

p̂sim(qs(ost)), (2)

where wim is the mixture coefficient for the mth mixture in
state i, and p̂sim is the probability of the discrete symbol for the
sth subvector.

The ML estimate of the discrete probability psim(k) is cal-
culated in the following form:

psim(k) =

PT
t=1 γimt δ(qs(ost), k)

PT
t=1 γimt

(3)

δ(qs(ost), k) =



1 qs(ost) = k
0 otherwise , (4)

where k is the index of the subvector codebook and γimt is the
probability of the mth mixture component being in state i at
time t. We assume that the prior distribution can be represented
by the Dirichlet density. The MAP estimate of DMHMM,
p̂sim(k), is given by

p̂sim(k) =
τ · p0sim(k) + nim · psim(k)

τ + nim
(5)

nim =
T

X

t=1

γimt, (6)

where p0sim(k) is the constrained prior parameter and τ indi-
cates the relative balance between the corresponding prior pa-
rameter and the observed data. In our experiments, τ was set to
10.0 based on the results of experiments in [4]. Although both
the mixture coefficient and the transition probability can be es-
timated by MAP, we estimate only the output probability in this
paper.

2.2. Prior distribution

The specification of the parameters of prior distributions is one
of the key issues of MAP estimation. In our work, it is assumed
that the prior distributions can be represented by models that
are converted from CMHMMs to DMHMMs. In this case, the
parameters of the prior distribution p0sim(k) are given by

p0sim(k) =
b′sim(�s(k))

X

k

b′sim(�s(k))
, (7)

where b′sim() is the probability density of the CMHMM, and
�s(k) is the centroid for each subvector s. While p0sim(k) has
the constraint that it must be a normal distribution, p̂sim(k) in
Eq. (5) does not have such a constraint. Thus, it is expected that
p̂sim(k) will be updated to represent more complicated shapes
in the training session.

2.3. Compensation for Discrete Distributions

To improve noise robustness, a compensation method for dis-
crete distributions is applied. It is more likely that the signif-
icant degradation of output probability will appear in the case
of mismatch conditions caused by unknown noise. This method
can reduce the negative effect of unknown noise in the decoding
process. It is effective particularly for short-duration noise [4].
If one of the subvector probabilities, p̂sim(qs(ost)), is close to
0 in Eq. (2), the value of output probability, bi(ot), is also close
to 0. In this case, serious effect is caused in decoding process,
even if the length of noise segment is short. In the compensa-
tion method, threshold for discrete probability is set, and neg-
ative effect is reduced in decoding process. The compensation
method is given as follows: If p̂sim(qs(ost)) < dth in Eq. (2)
, the output probability is set to dth, where dth is the threshold
for the subvector.

2.4. Normalization by using histogram equalization

The histogram equalization (HEQ) technique is applied for fea-
ture space normalization [7]. In this method, a transform func-
tion is calculated directly from the histograms of both training
data and test data, and the method can compensate the nonlinear
effects of additive noise. In this paper, this technique is applied
for feature normalization of both DMHMMs and CMHMMs.
The transform function HEQf () for feature space normaliza-
tion is given by

o
′
st = HEQf (ost) = C−1

T (CE(ost)), (8)

where CE is the CDF estimated from test data and CT is the
CDF from training data.

3. System combination approach
In this work, we used ROVER to integrate the outputs of two
kinds of acoustic models. It is well known that system combina-
tion has showed significant improvements over the results with
just a single system if systems are sufficiently different. The
ROVER is a simple voting mechanism over just the hypothesis
from each component system. There are three voting schemes
such as word frequency, average confidence scores, and word
maximum confidence scores. In this work the word frequency
method, in which the word occurrences are counted and the
most frequent word is selected, is used. In order to improve
the voting accuracy, multiple hypotheses are obtained from one
system by varying a language weight and an insertion penalty
in decoding process. In this work, The number of hypotheses
from one system is 25.

4. Experimental setup
The proposed method was evaluated on a LVCSR task with 5K
word vocabulary. We used ”JNAS: Japanese Newspaper Article
Sentences” as training and test data. The training data set con-
sisted of 15,732 Japanese sentences uttered by 102 male speak-
ers. The method of multi-condition training [10] was used as
the acoustic model training. For the multi-condition training,
the utterances were divided into 20 subsets. No noise was added
to 4 subsets. In the rest of the data, noise was artificially added.
Four types of noise (car, exhibition hall, crowd and train) were
selected and added to the utterances at SNRs of 20, 15, 10 and
5 dB.

Two sets of test data were prepared for evaluation. Testset
A: The noise condition is the same as that in the multi-condition
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Table 1: Codebook size for each subvector.

Parameter logP c1, c3, c5, c7, c9, c11,
c2 c4 c6 c8 c10 c12

CB size 64 64 64 64 64 64 64

training set. Car, exhibition hall, crowd and train noises are
used. Testset B: The noise condition is different from that in the
multi-condition training dataset. Station, factory, street crossing
and elevator hall noises are used. Each type of noise was added
to 100 sentences uttered by 10 male speakers at SNRs of 20, 15,
10 and 5 dB.

We used both DMHMMs and CMHMMs for recognition. A
set of shared state triphones was used as the acoustic models for
each model scheme. The total number of states and the number
of mixture components were the same for both models. The
total number of states was 2,000, and the number of mixture
components was 16. Table 1 shows the subvector allocation
and the codebook size for DMHMMs. In the table, although
∆ and ∆2 are omitted, these codebooks were designed in the
same manner. The LBG algorithm was utilized for creating the
codebook. A two-pass search decoder using word 2-gram and
3-gram with 5K word vocabulary was used for recognition. In
the first pass, a word graph was generated with acoustic models
and a 2-gram language model. In the second pass, a 3-gram
language model was applied for rescoring the word graph, and
recognition results were obtained.

5. Results and discussion
The proposed combination method was compared with the
CMHMM and DMHMM system. The results are shown in Ta-
ble 2 for testset A and Table 3 for testset B. In the evaluation,
recognition experiments using a feature normalization by HEQ
were also conducted. In these experiments, the histogram of test
data was calculated only by each utterance that would be recog-
nized. Then, histogram estimation was carried out using a very
short calibration speech. These experiments are denoted by ’ut-
terance’. In order to investigate the effects of speech length for
estimation, another normalization method was tested. In this
case, the histogram of test data was calculated for all the utter-
ances of each noise type. This method is denoted by ’noise’.

In the tables, each result of the best performance among
three is indicated in boldface type. Almost all conditions except
the condition of no normalization on testset B show the best re-
sults by using combination method. Comparing the results of
the normalized CMHMMs in both testset A (15.27%) and test-
set B (27.33%), significant improvement could be achieved by
the combination methods in the conditions of the ’Utterance’
normalization at the level of statistical significance of 5%. Im-
provement of 6.2% was obtained over the normalized CMHMM
by using the combination method and the HEQ in testset B.
Comparing the results of the normalized DMHMMs in the ’Ut-
terance’ condition, the combination method showed statisti-
cally significant in testset A. In testset B, the improvement of
the combination method is small. However, the combination
method is effective because it is hard to determine which model
should be used in advance. Comparing the performance be-
tween ’noise’ and ’utterance’, the difference is small. It means
that one utterance is enough to estimate the histogram. Since
the average length of a test utterance is 3.9s, the normalization

can be carried out using a very short calibration speech.
Figure 1 indicates the examples of the transform function

of HEQ in the ’Station’ condition. The left figure shows the
function for c1 dimension and the right one shows that for c2
dimension. These figures indicated that the nonlinear effects
could be normalized by the HEQ method.

Table 2: Results of output combination for tetstset A
(WER(%)). Bold font shows the best performance among the
three methods.

w/o normalization
SNR(dB) CMHMM DMHMM combination

∞ 6.83 6.42 6.63
20 7.96 8.85 7.79
15 10.72 10.66 9.97
10 15.55 14.88 14.65
5 25.93 25.31 24.69

ave. 16.75 16.53 15.93
normalization by HEQ (utterance)

∞ 6.00 6.31 5.80
20 8.03 8.28 7.63
15 10.64 10.20 9.55
10 14.67 14.57 13.72
5 21.74 21.51 20.03

ave. 15.27 15.22 14.18
normalization by HEQ (noise)

∞ 5.80 6.52 5.69
20 7.92 7.97 7.43
15 10.07 9.97 9.45
10 13.98 13.90 13.15
5 21.92 23.27 21.74

ave. 14.92 15.41 14.37

Table 3: Results of output combination for tetstset B
(WER(%)). Bold font shows the best performance among the
three methods.

w/o normalization
SNR(dB) CMHMM DMHMM combination

∞ 6.83 6.42 6.63
20 8.31 8.28 8.05
15 16.75 14.26 15.19
10 37.09 32.17 33.96
5 67.80 61.96 64.34

ave. 34.20 30.77 32.04
normalization by HEQ (utterance)

∞ 6.00 6.31 5.80
20 9.47 8.85 8.93
15 14.57 13.87 13.46
10 25.62 25.83 24.15
5 53.65 50.75 50.21

ave. 27.33 26.40 25.64
normalization by HEQ (noise)

∞ 5.80 6.52 5.69
20 8.60 8.54 8.28
15 13.05 13.54 12.81
10 26.48 26.71 25.11
5 52.95 53.08 51.22

ave. 26.72 27.10 25.78
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Figure 1: Transform functions of HEQ for ”Station” condition
(left fig. : c1, right fig. : c2 ).
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Figure 2: WER (%) results for each noise condition at SNR of
10 dB in testset B. Normalization was done by HEQ (utterance).

Figure 2 indicates the WER (%) results for each noise con-
dition at SNR of 10 dB in testset B. The results were obtained
after the HEQ normalization process. The normalization was
done with each one utterance. It is found that the recognition
performance depends on noise type. The combination approach
shows the best performance for every condition excepting the
’Crossing’ condition. If the difference in performance is large
between the two systems like the ’Crossing’, the combination
method tends to be intermediate in performance between them.
However, it is effective for various noise conditions because it
is difficult to switch between the two systems automatically.

6. Conclusions
This paper presented an output combination approach to im-
prove recognition performance in various adverse conditions.
In our previous work, the results showed that the DMHMMs
were effective for non-stationary noise and the CMHMMs were
effective for stationary noise. Thus, we took a system combi-
nation approach of two models to improve the performance in
various kind of noise conditions. We used ROVER to integrate
the outputs of the two systems. In addition, the HEQ technique
was applied for the feature space normalization. The proposed
method was evaluated on a LVCSR task with 5K word vocabu-
lary. The results showed that our proposed method were effec-
tive in various kinds of noise conditions. Finally, improvement
of 6.2% was obtained over the normalized CMHMM by using

the combination method and the HEQ in testset B.
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