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A Study on the Recognition of Korean Numerals Using Recurrent Neural
Predictive HMM
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In this paper, we propose the Recurrent Neural Predictive HMM (RNPHMM), The RNPHMM is the hybrid
network of the recurrent neural network and HMM, The predictive recurrent neural network trained to
predict the future vector based on several last feature vectors, and defined every state of HMM. This
method uses the prediction value from the predictive recurrent neural network, which is dynamically
changing due to the effects of the previous feature vectors instead of the stable average vectors. The
models of the RNPHMM are Elman network prediction HMM and Jordan network prediction HMM, In the
experiment, we compared the recognition abilities of the RNPHMM as we increased the state number,
prediction order, and number of hidden nodes for the isolated digits, As a result of the experiments, Elman
network prediction HMM and Jordan network prediction HMM have good recognition ability as 98.5% for
test data, respectively,
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Fig. 2. Predictive neural network.
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Fig. 5. Elman network prediction HMM.
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Table 1. The speech data.
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Table 2. Analysis conditions of speech dala.

. ADHDEL 16KHz, 16Bit
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Table 3. Recognition rate of CHMM.
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Table 4. Recognition rate of predictive recurrent neural
network.

10 96.8 94.0 97.2 930
2%} 15 987 95.5 98,7 97.0
20 99.0 95.0 99.2 975
10 97.2 95.5 98.3 955
3%t 15 99.0 955 98.5 97.0
20 99.0 94.0 99.2 97,0
10 98.2 975 972 945
4%} 15 9.3 95.0 9.5 95.0
20 99.3 95.0 99.7 98.5
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Table 5. The recognition rate of the MLP prediction HMM.

10 | 975|975 987 | 980 | 993 | 990

2%} 15 965 | 965 995 [ 985 982 | 97.0
20 955960 ( 982 ) 980 | 99.3 | 985
10 977 1 960 | 97.7 | 97.5| 988 | 96.0

T 1A% 3%t 15 19631960982 985(990] 985
S Ry D} 20 | 965 960|990 | 980 [ 920 980
4 987 985 10 |970] 90975} 960|985 [ %65
5 1000 99.0 4%} 15 |972]965]992)90( 992} e85
6 993 980 20 |968]90]988]95][992] 980
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Table 6, The recognition rate of the Elman network predict-
ion HMM.

10 96,3 | 950 | 98.0 | 970 | 99.0 980
2%} 15 970955 | 992 | 980 | 990 | 975

20 967 965|988 970 | 982 | 965
10 962|945 | 987 970 | 995 | 965
3xt 15 97.0)| 965 | 983 | 970 | 990 | 985
20 972960 | 982 970 | 988 | 97.0
10 958|950 | 99.0 ( 980 | 995 | 97.0
4%} 15 96.5)960| 975980 | 988 | 950
20 96.2| 960 | 982 | 965 | 992 | 980

E 7, Jordan® 0 HMME| QlAl@
Table 7. The recognition rate of the Jordan network predict~
ion HMM.

10 | 973 | 965 | 987 | 970 | 988 | 980

2%} 15 | 970 | 955 | 983 | 975 | 982 | 970
20 | 968 | 960 | 978 | 965 | 985 | 975
10 | 960 | 955 | 985 | 985 | 993 | 965
3%} 15 | 98| 970 | 982 965 | 988 | 980
20 | 973 | 960 | 988 | 97.0 | 993 | 965
10 | 97.3 | 955 | 983 | 980 { 990 | 970
4%} 15 | 968 | 965 | 988 | 980 | 992 | 970
20 | 958 | 950 | 992 | 975 | 993 | 980
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Fig. 7. Recognition result of the isolated digits.
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