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Abstract 
 

The amount of training data used in automatic speech recognition and pronunciation aiding systems is one of the most important factors 

that can significantly affect the quality of the resulting systems. However, as the amount of training data increases, a huge effort in tran-

scribing the data by professional linguists is needed. This task is usually expensive in terms of time and money. In this paper, we present 

an algorithm to automatically select more accurate subsets of speech data with high accuracy. The suggested algorithm utilizes confi-

dence measures and posterior probabilities to extract parts of the data based on a confidence score. Experimental results and comparisons 

with a manually verified selection process and a random selection process show that the proposed algorithm is Robust and effective 
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1. Introduction 

Automatic Speech Recognition (ASR) and Computer Aided Pro-

nunciation Learning (CAPL) are among the most important appli-

cations of machine learning. As of any machine learning applica-

tion, the training data play a significant role in the resulting sys-

tem quality. Regarding ASR and CAPL systems, the amount of 

training data is of special importance, however, the more training 

data used in the system, the more effort needed to transcript and 

validate the data. This process can be expensive in terms of time 

and money. While traditional speech data can be transcribed by 

non-specialized data entry operators, some CAPL systems –e.g. a 

Holy Quran recitation aiding system-need professionals who 

should master a special knowledge. This may make the process 

even more costly to accomplish. So, there is always a need to 

robust algorithms that can extract more accurate subsets from 

training data to meet both high accuracy and cost effective re-

quirements. 

Automatic selection of speech data has gained a wide attention in 

the last years. Several algorithms have been proposed to tackle the 

problem. For examples, in [1] the authors developed a data selec-

tion technique that is based on the maximum entropy principle to 

select speech utterances that contribute to a uniform distribution 

across different speech units. Also in [2], the authors presented a 

technique that uses principal component analysis to map the vari-

ance of the utterances in a speech database into a low-dimensional 

space, followed by clustering and a selection procedure to auto-

matically choose subsets from the database. Other methods sug-

gest a speech data subset selection approach based on submodular 

functions [3, 4]. Automatic selection can be also applied to speak-

ers [5] or age groups [6]. This may be used when there are large 

variations in the speakers' spaces or to improve speech recognition 

accuracy using age group-specific acoustic models respectively. 

Speak correctly system [7] have been implemented to estimate the 

correct words to speak using HMM's states to find the acoustic 

features and back propagation algorithm to train that networks. 

 

In this paper, we present a new algorithm to automatically select 

high quality subsets of speech data with high accuracy. The selec-

tion criterion is based on confidence measures and posterior prob-

abilities to choose subsets of the data based on a prespecified con-

fidence score. The experiments and comparisons with a manual 

selection criterion and a random selection criterion show that the 

proposed algorithm is promising. The rest of the paper is orga-

nized as follows: Section describes the proposed automatic selec-

tion algorithm. Section III illustrates the experimental and com-

parisons results. And finally the conclusions will be presented in 

section IV. 

2. Proposed Algorithm 

The inputs of the algorithm are a set of speech utterances from 

which we need to select a more accurate subset, a threshold of the 

confidence (i.e. the minimum confidence for each accepted recog-

nized phoneme) and a Hidden Markov acoustic Model. 

 

Each utterance in the aforementioned set is decoded using the 

acoustic model and recognition lattice is extracted for this utter-

ance. After that, the N-best paths (i.e. best hypotheses generated 

from recognition) are generated from the lattice. 

Then, backward probability is computed for each node in the N-

best paths. Backward probability of a node is the summation of 

log probabilities of all paths from this node to the end of the N-

best lattice. In addition, forward probability is also calculated for 

the node, which is the summation of log probabilities of all the 

paths from the beginning of lattice to that node. 

 

After that, the total summation of log probabilities of all possible 

paths in the lattice is subtracted from the summation of forward 

and backward probabilities for each node. The result of such divi-
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sion is called the confidence score of the node. Now, the best path 

in the lattice is selected as the path with the largest summation of 

confidence measures. Each confidence score for each node in the 

selected path is compared with the threshold. If confidence scores 

of all the nodes in the best path exceed the specified threshold, the 

utterance is accepted and included in the selected subset. Other-

wise, the full utterance is rejected. Finally, the accepted ratio is 

calculated as the number of accepted utterances divided by the 

number of utterances in the input set. The proposed algorithm is 

summarized in figure 1. 

 

 
Algorithm 1: Automatic selection of speech data 

 

 
input : An HMM acoustic model M, a set S of n utterances, a threshold τ 

output: A selected subset Ss, an acceptance ratio R. 

 
1 Initialize K = 0 

for each utterance U in S do 

 
2 Using M, Extract the lattice of U 
3 Generate the N-best alternatives in recog-

nition for each node in the lattice do 

4 Compute the log forward probability of the node 
5 Compute the log backward probability of the node 

6 Subtract total score of the whole lattice paths from the 

sum of forward and backward probabilities 

 
end 

 
7 Add the confidence scores of each node for each complete path 

and select the best path. 

 

8 for each node in the best path do 

 
if ( the confidence score of the node > τ) 

 
Include U in Ss 

 
K = K + 1 
else 

Reject U 

 
end 

end 

end 

 
9 R = K/n 

 

10 Return Shq and R 

 
Fig. 1 Data selection proposed algorithm 

3. Experimental Results 

In order to evaluate the proposed algorithm, several experiments 

have been conducted. First, we have built a triphone-based HMM 

acoustic model using 24 training hours dataset of a recitation of 

the Holy Quran. We have used another dataset for testing consists 

of a half an hour of a Holy Quran recitation. The total number of 

phonemes in the testing dataset is about 5,000 phones. This da-

taset was manually transcribed and revised by Holy Quran recita-

tion experts. The features extracted from speech utterances were 

Mel frequency cepstral coefficients (MFCCs) and energy, along 

with their first and second temporal derivatives. Figure 2 shows 

the accuracy percentage ranges of the subgroups of the testing 

data. 
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Fig. 2 Accuracy of sub-groups of testing dataset utterances 

 
To check the sensitivity of the confidence score parameter, we 

have applied the proposed technique on the testing data and calcu-

lated the accuracy in terms of Phoneme Error Rate (PER) obtained 

after changing the value of the confidence score. The results are 

summarized in Table I. 

 
Table I. Acceptance Ratio And Per Obtained Under Confidence Score 
Variations 

Confidence Acceptance PER 

Score Ratio (%) (%) 

0.7 40 93.4 

0.8 33 94.34 

0.85 32 94.69 

0.9 30 95.16 

0.95 27 95.93 

The confidence score here is calculated on the phoneme level. 

e.g., if confidence score equals 0.7, this means that if any utter-

ance contains any recognized phoneme with score less than 0.7, 

the full utterance will be rejected. This is a tough criterion since it 

can lead to many rejections that could be avoidable if the confi-

dence score was applied on the utterance level. 

 

It is clear from Table I that if the confidence score is small, the 

acceptance ratio of the selected data will be large. On the other 

hand, we will not be confident of our recognition results. 

 

However, if the confidence score is large, the acceptance ratio of 

the selected data will be small, and our confidence in the selected 

data will be higher. 

 

Another experiment has been done to evaluate the effectiveness of 

the presented technique. We have compared the proposed algo-

rithm with a manual selection process that extracts the highest 

quality subsets from the data. We have also compared the pro-

posed algorithm with a random selection process. Both of the 

three techniques (proposed, manual and random) have been used 

to extract 10%, 25%, 30%, 40% and 50% from the data then we 

have calculated the accuracy of the extracted subsets in terms of 

PER. The results are summarized in figure 3. 

 

selections and random selections show that the suggested tech-

nique is effective and efficient. Future work may include investi-

gating confidence score improvements using different probabilis-

tic models. In addition, it is interesting to investigate the proposed 

algorithm to extract a small ratio from a speech dataset with very 

high confidence score and merge the selected subset with the data 

used to build the current acoustic model. Such acoustic model is 

used to build a new model and repeating such process recursively 

in the sake of a more accurate acoustic model that can select more 

data with higher confidence. 
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As we can see, while there is a significant difference in accuracy 

between the manual selection process and the random selection 

one, the proposed technique has a comparable accuracy with the 

manual selection criterion. Moreover, our proposed technique is 

far from random selection method. 

4. Conclusions 

In this paper, we have presented an algorithm for automatically 

select subsets from speech dataset. We have conducted several 

experiments to validate the proposed algorithm. Experimental 

results and comparisons with manual 
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