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Extraction of Important Areas Using Feature Feedback
Based on PCA
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Abstract In this paper, we propose a PCA-based feature feedback method for extracting
important areas of handwritten numeric data sets and face data sets. A PCA-based feature
feedback method is proposed by extending the previous LDA-based feature feedback method.
In the proposed method, the data is reduced to important feature dimensions by applying the
PCA technique, one of the dimension reduction machine learning algorithms. Through the
weights derived during the dimensional reduction process, the important points of data in each
reduced dimensional axis are identified. Each dimension axis has a different weight in the
total data according to the size of the eigenvalue of the axis. Accordingly, a weight
proportional to the size of the eigenvalues of each dimension axis is given, and an operation
process is performed to add important points of data in each dimension axis. The critical area
of the data is calculated by applying a threshold to the data obtained through the calculation
process. After that, induces reverse mapping to the original data in the important area of the
derived data, and selects the important area in the original data space. The results of the
experiment on the MNIST dataset are checked, and the effectiveness and possibility of the
pattern recognition method based on PCA-based feature feedback are verified by comparing
the results with the existing LDA-based feature feedback method
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