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Speaker-Independent Korean Digit Recognition
Using HCNN with Weighted Distance Measure
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ABSTRACT

Nonlinear mapping function of the HCNN(Hidden Control Neural Network) can change over time
to model the temporal variability of a speech signal by combining the nonlinear prediction of con-
ventional neural networks with the segmentation capability of HMM. We have two things in this
paper. First, we showed that the performance of the HCNN is better than that of HMM. Second,
the HCNN with its prediction error measure given by weighted distance is proposed to use suitable
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distance measure for the HCNN, and then we showed that the superiority of the proposed system
for speaker-independent speech recognition tasks., Weighted distance considers the differences be-
tween the variances of each component of the feature vector extraced from the speech data.
Speaker-independent Korean digit recognition experiment showed that the recognition rate of 95%
was obtained for the HCNN with Euclidean distance. This result is 1.28% higher than HMM, and
shows that the HCNN which models the dynamical system is superior to HMM which is based on
the statistical restrictions. And we obtained 97.35% for the HCNN with weighted distance, which
is 2.35% better than the HCNN with Euclidean distance. The reason why the HCNN with weighted
distance shows better performance is as follows : it reduces the variations of the recognition error
rate over different speakers by increasing the recognition rate for the speakers who have many
misclassified utterances, So we can conclude that the HCNN with weighted distance is more suit-
able for speaker-independent speech recognition tasks.
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Table 1. Control input values used in the experiment,
(Each column for one row indicates input val-
ues at one state assigned to each neuron in
the control input layer of the HCNN),
Cil| 1.0 1.0 -1o -L0 -1.0 -10 -1L0 -10 ~1.0
C2[-10 10 1.0 -L0 -1.0 -10 -10 -1.0 -10
C3j-10 ~10 L0 L0 -1.0 -10 —-L0 -10 —~10
C4/-10 ~1.0 -1.0 L0 1.0 -1.0 -L0 -10 —-10
C5(-10 ~1.0 -1.0 ~L0 10 10 -L0 -1.0 -1.0

C6|-10 -1.0 -1.0 -1.0 =10 10 L0 -10 ~1.0
C7{-10 ~1.0 -1.0 -10 -1.0 -10 1.0 1.0 ~-10
C8|-1.0 ~1.0 -1.0 -1.0 -1.0 -10 -10 10 1.0
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Figure 5. Covariances of the feature vector components.
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Figure 7. Feature vector components variances and we-
ighting values of the weighted distance extr-
acted from the raining data of the (a)data set
I and (b)data set II.
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