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Abstract

In this paper, we propose an algorithm that shortens the learning time by performing individual learning using
partitioning the deep learning structure. The proposed algorithm consists of four processes: network classification origin
setting process, feature vector extraction process, feature noise removal process, and class classification process. First, in
the process of setting the network classification starting point, the division starting point of the network structure for
effective feature vector extraction is set. Second, in the feature vector extraction process, feature vectors are extracted
without additional learning using the weights previously learned. Third, in the feature noise removal process, the
extracted feature vector is received and the output value of each class is learned to remove noise from the data. Fourth,
in the class classification process, the noise-removed feature vector is input to the multi-layer perceptron structure, and
the result is output and learned. To evaluate the performance of the proposed algorithm, we experimented with the
Extended Yale B face database. As a result of the experiment, in the case of the time required for one-time learning, the
proposed algorithm reduced 40.7% based on the existing algorithm. In addition, the number of learning up to the target
recognition rate was shortened compared with the existing algorithm. Through the experimental results, it was confirmed
that the one-time learning time and the total learning time were reduced and improved over the existing algorithm.
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Fig. 1. The overall flowchart of proposed algorithm.
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Table 1. Comparison of time required for learming once.
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Model VGGNet algorithm
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Table 2. Error rate of data according to learning progress
(VGGNet).
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Errorrate

Fig. 10. Graph of error rate of data according to learning
progress(VGGNet).
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Table 4. Comparison of recognition rate of proposed
algorithm with VGGNet.
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Fig. 12. Comparison of recognition rate of VGGNet and
proposed algorithm.
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