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Abstract

This paper proposed a method to improve the accuracy of 
small vocabulary isolated word speaker-independent speech 
recognition in adverse environment. The proposed approach is 
implemented by using Output Probability Distributions (OPDs) 
and Support Vector Machine (SVM). OPDs improve the 
system performance by modeling inter-word relationships; 
then SVM classifiers are used to discriminate the difference 
between OPD models. The system was tested using isolated 
Mandarin digits database, corrupted with the NOISEX-92 
database. The experiments have achieved good result in noise 
conditions, the WER dropped about 30% on average when 
compared to the HMM recognizer.   

1. Introduction 

In quiet environment, isolated word recognition system has 
reached high performance, but in adverse environments such 
as factory noise the accuracy of recognition dropped 
rapidly[1]. Various techniques have been developed in the 
past and most of them were based on Hidden Markov Models 
(HMMs). The HMM-based methods normally use 
conventional training methods based on Maximum Likelihood 
(ML) estimation. ML estimation is based on training data 
from the same word and does not take into account data from 
other competing words. To achieve discriminative training, 
Minimum Classification Error (MCE) criteria [2] is used, 
which maximizes the separation between each models. 

This paper employes Output Probability Distribution 
(OPD) [3][4] to model inter-word relationships in the 
secondary classifier using SVM. In this paper we consider the 
task of speaker-independent small vocabulary isolated word 
recognition in adverse environments. The process can be 
divided into two stages (shown in Figure 1). First 
classification using HMM and the second classification using 
SVM. The secondary classifiers are trained on features based 
on the log likelihood scores output by the primary stage 
HMM recognizer. 

The remainder of this paper is organized as follows: 
Section 2 is the introduction of OPD. Section 3 is about the 
parameterization of OPD, four kinds of features of OPD were 
used to construct OPD recognizers based on SVM. 
Experiment results are shown in Section 4 and the analysis is 
in Section 5. Finally we draw the conclusion in Section 6. 

2. Output Probability Distributions 

Output Probability Distribution here refers to the distribution 
of probabilities from a set of HMMs. As shown in figure 1, 
one utterance is passed to each HMM, and the probabilities 

from several models are concatenated to form the OPD feature 
vector, that is: 
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where p(i)j indicates the log probability per frame of utterance 
i from model j, j=1..M (M is the number of words in the 
vocabulary, and also the number of HMMs in this paper). 

The OPD feature of each word is consistent and unique in 
constant environment [3]. For example, in a Mandarin 
isolated digit recognition system, if the input word is 
‘yi’(means 1 in Mandarin), model  for word ‘qi’(means 7 in 
Mandarin) will give a score comparable to the score of the 
model of ‘yi’. So ‘qi’ is called a competitor to ‘yi’. This trend 
will be reflected in the OPD for the word ‘qi’. However, the 
digit ‘wu’(means 5 in Mandarin) might constantly have low 
score. As a result, given an adequately constant environment, 
OPD is expected to be constant [3]. Figure 2 shows the OPDs 
for 60 speakers (each speaker had pronounced the same word 
twice), using the Mandarin digits ‘yi’, ’er’(means 2 in 
Mandarin), ’wu’ and ‘qi’(according to the model 1,2,5,7), 
over the 11-digits vocabulary (see details in Section 4). It can 
be seen clearly that the OPD is not only consistent for each 
digit, but also unique for each one. 

It’s obvious that when the noise levels increases, the 
output probabilities change. Sometimes the competitors 
would become strong enough to override the correct model. 
Figure 3 shows the OPD of word ‘ling’ over different SNRs, 
using 120 utterance samples of 60 speakers and 11 models. 
But the OPD for each digit at different SNRs is still unique 
and stationary approximately (However, in very low SNR 
such as 0dB, it changes for the heavy noise)[3]. This 
information could be used both to improve the recognition 
performance of an ASR system[3] and to provide a 
measurement of confidence based on the OPD[5]. In this 
paper we focused on improving the recognition performance 
of ASR system in adverse environment. 

3. OPD Modeling 

To model the OPD properly and efficiently, we use Support 
Vector Machines, which is a novel approach to pattern 
classification, developed from the theory of Structural Risk 
Minimization[6]. 

When we got the OPDs from primary HMMs, it can be 
used as the feature of each utterance directly. However, it’s 
necessary to apply some additional processes to the primary 
OPD vectors because of the wide dynamic range of log 
probability values and the distortion affected by noise 
environment.  
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In noisy environments, the utterance samples are distorted 
by the noise greatly, when a dirty utterance is passed to each 
HMM in the template set, the probability will become smaller 
for the proper template than that in noise-free environment. 
Therefore the values of each element of OPD vector would 
decrease at different level according to different noise. So the 
values of each OPD are normalized to [0,1] first: 
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where j=1..M. From above equation, vector X(i) is obtained 
from vector OPD(i). Also a secondary feature vector for each 
test utterance is formed from original OPD vector to model 
OPD more accurately. It can be obtained from the following 
two functions: 
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where j=1…M-1. Elements in A(i) are the same as OPD(i),
but had different order according to their values. D(i)
represents the difference between successive peaks in the 
OPD vector, and DR(i) represents the relative difference 
between successive peaks in the OPD vector. Vector X(i) and 
DR(i) are combined to form a big vector as feature for each 
utterance:

 )](),([)( iDiXiOPD Rfeaturefull   (6) 

Then the original OPD vector is called OPDoriginal

correspondingly. 
Linear Discriminant Analysis (LDA) is a well-known 

Figure 1. Two-stage recognizer block diagram

Figure 3:. OPDs for Mandarin digits ‘ling’ in different 
noise environments.

Figure 2. OPDs for Mandarin digits 
1(‘yi’) ,2(‘er’),5(’wu’) and 7(‘qi’)
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technique in statistical pattern classification for improving 
discrimination of the classes and compressing the information 
contents (with respect to classification) of a feature vector by 
a linear transformation [7][8]. To model OPD features more 
efficiently, class-independent LDA is applied on OPD feature 
vectors (both OPDoriginal and OPDfull feature) to reduce redundant 
information in OPD vectors.  

Gaussian Mixure Models (GMMs)[9] can be one 
approach used to model the OPD feature vectors[3]. GMMs 
have the advantage of being able to represent the multimodal 
distribution of the OPD accurately as they consist of several 
mixtures, each of which has a Gaussian distribution. But in an 
isolated word recognition task with whole word acoustic unit, 
there would not be adequate utterance samples for each word 
in vocabulary. Moreover one utterance sample can only 
generate one OPD vector. So we could not train GMMs well 
for the lack of data. However, SVM has the ability to learn 
from very small sample sets and a firm estimation of the 
generalization capacity of the learned model. 

Since the isolated digits recognition is a multi-class 
classification problem while the SVM classifier is a binary 
classifier, we extend SVM to the multi-class problem by 
applying one vs. one classifiers of SVM to handle the 
problem. Each two Mandarin digits out of 11 digits were put 
into one group and a SVM classifier constructed based on 
them two. There were 55 SVM classifiers combined and the 
final results were decided based on these classifiers’ votes. 

Another problem in SVM classification is the selection of 
kernel function. Different types of kernel function have 
different performance on different recognition task. 
Experiments based on several kinds of kernel function were 
carried out to compare the Word Error Rate (WER) of 
SVM-based recognizers. 

4. Experimental Results 

To evaluate the performance of the two-stage recognition 
system in adverse environment, we test this method on the 
task of speaker-independent isolated Mandarin digits 
recognition. The performance was compared with a standard 
HMM-based recognizer.  

The database used here including isolated Mandarin digits 
and NOISEX-92. The database is divided into three parts: 
database for training the original HMMs (DB1); database for 
training the OPD models (DB2); and database for testing 
(DB3). The vocabulary is 11 Mandarin digits from 0 to 9, also 
with another pronunciation of 1 (they 
are ’yi’, ’er’, ’san’, ’si’, ’wu’, ’liu’, ’qi’, ’ba’, ’jiu’, ’ling’ 
and ’yao’). The database for training original HMMs 
consisted of 50 speakers’ 2200 utterances (25 male and 25 
female), database for training the OPD models consisted of 10 
speakers’ 440 utterances(5 male and 5 female), and the test 
database included 60 speakers’ 1320 utterances (30 male and 
30 female). The speakers in above three databases are 
completely different. Different kinds of noise from 
NOISEX-92 were only added to the test corpus (DB3) 
according to different SNR. That is, we trained the templates 
using clean speech and test them with both clean and noisy 
speech. 

Acoustic feature used in our experiments were 12 
Mel-frequency cepstral coefficients (MFCCs) and logarithmic 
energy, plus the corresponding delta coefficients which can 
consist of a 26-dimension vector. The HMM we used was 
CDHMM, and the acoustic model unit was syllable. Each 

HMM had 7 states with left-to-right transfer and each state 
had 4 Gaussian components. A Baum-Welch re-estimation 
formula was used in training process. The HMMs were 
trained using DB1 and tested with DB3. In baseline 
experiments the HMMs were used to recognize utterances in 
test database directly. The noise kinds tested in this paper 
were Babble, Factory and Pink, at SNRs of 
20dB,15dB,10dB,5dB and 0dB. The Word Error Rate (WER) 
results are shown in table 1. 

Table 1: WERs (%) of baseline experiments using 
HMMs in different kinds of noise  

SNR Babble Factory Pink Average
Clean 2.20 2.20 2.20 2.20 
20dB 26.74 31.06 34.17 30.66 
15dB 35.53 37.27 39.02 37.27 
10dB 43.26 44.47 46.74 44.82 
5dB 55.15 57.88 59.85 57.63 
0dB 72.50 72.20 72.65 72.45 

Average 39.23 40.85 42.44 40.84

In the experiments of OPDs, the HMMs mentioned above 
is also used to get the OPDs both for training and testing. First 
the trained HMMs were used to recognize the utterance 
samples in DB2, then OPD feature of each utterance sample 
was obtained from HMM decoding. With the utterance labels 
we knew previously, we could train the OPD models using 
standard SVM methods. The kernel functions used were 
Linear function and Radial Basis function (RBF).  

In Section 3, four kinds of OPD features were mentioned. 
They were: OPDoriginal, OPDfull feature, OPDoriginal with LDA 
and OPDfull feature with LDA. They are also called OPD1, 
OPD2, OPD3 and OPD4 in the following part respectively. 
The results of using different OPD features are shown in 
Table 2 and Table 3, where the WERs were the average 
WERs of three kinds of noise as mentioned in baseline 
experiments.  

Table 2: WERs (%) of various OPD features (SVM 
classifiers of linear kernel) 

SNR OPD1 OPD2 OPD3 OPD4
Clean 5.53 7.42 9.55 7.58 
20dB 24.17 10.71 13.38 9.92 
15dB 38.66 17.78 17.20 15.78
10dB 57.50 32.37 26.24 26.87
5dB 71.16 56.84 45.28 47.53
0dB 81.04 70.86 64.85 64.12

Average 46.34 32.66 29.41 28.63

Table 3: WERs (%)of various OPD features (SVM 
classifiers of RBF kernel) 

SNR OPD1 OPD2 OPD3 OPD4
Clean 9.99 11.59 9.24 8.11 
20dB 25.53 14.95 14.90 12.00
15dB 36.46 19.77 20.33 18.06
10dB 55.40 33.46 32.88 29.52
5dB 69.95 57.32 52.50 49.29
0dB 80.58 74.07 71.44 64.12

Average 46.32 35.19 33.55 30.18



When applying LDA on original OPD feature, 7 
eigenvalues greater than 1 were preserved and 8 eigenvalues 
greater than 1 preserved in the case of full OPD feature. 

5. Analysis 

As shown in Table 1, the normal HMM recognizer reached 
relatively high performance in clean environment. But as the 
SNR increased, the WER of HMM recognizer increased 
greatly. Because the HMM templates were trained in clean 
environment, when the test data distorted by noise, these 
templates could not model them properly as in clean case.  

When applying OPD and the second stage classification, 
the situation changed. WERs of various OPD features were 
compared in Figure 4. In clean case the WER slightly dropped. 
For the OPD recognizer considered all the candidates rather 
than candidate with maximum probability, who would most 
probably be the best answer in clean case, some of the best 
answer would be ignored. 

But in various noisy conditions, secondary classification 
using OPD have shown more robustness than that of HMM. 
When the SNR changed from 20dB to 0dB, the WER of 
two-stage recognizer applying OPDs were lower than one 
stage recognizer using HMM, despite of the different kind of 
OPD features (except for the original OPD). This due to that 
OPD considered more inter-word information while HMM 
considered only the highest score during recognition. In fact, 
the inter-word information became more important especially 
when speech utterances were distorted by noise and the 
candidate with the most probability might not be the base 
answer any longer.  

Figure 4: Comparison of HMM and OPD

The SVM classifiers with kernel of linear function and 
RBF kernel reached approximate performance. SVM 
classifiers with linear kernel function is relatively better. 
When four kinds of OPD feature were compared, it can be 
seen that full OPD feature had better performance than 
original OPD feature, OPD feature after LDA had lower WER 
in different SNRs. This is because that the full OPD features 
contained more information, which is helpful to recognition. 
What’s more LDA reduced the dimension number of feature 

vector, so that less computation and storage were required. In 
the best case (using OPD4, SVM classifier with linear kernel 
function) the average WER of all kinds of noise reached 
28.63%, dropped about 29.89% when compared to that of 
baseline (40.84%). 

6. Conclusions 

In this paper we proposed a new method to using two-stage 
recognition on small vocabulary robust speech recognition 
and applying SVM on the secondary classification. 
Experiments on Mandarin digits recognition showed that the 
combination of SVM and original HMM framework worked 
well especially in noisy environment. The most important 
point of this method is that all templates (HMM templates and 
SVM templates) were trained without any information of 
noise.

In the future work, confidence measurement and OPD 
recognition should be combined together to get better 
performance. To find more efficient and proper 
parameterization of OPD for both recognition and confidence 
measurement is also important. 
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