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ABSTRACT

With the recent development of machine learning technology, various methods of scene recognition through
deep learning are being studied in industrial fields. The performance of scene recognition using deep learning
is greatly affected by the algorithm structure and learning method. As a result of the preliminary study for this
study, it was confirmed that the manufacturing workspace classification accuracy by the data model trained
with the Places365 dataset was 54%, which was difficult to use in the real environment. Therefore, in this
paper, in order to solve this problem, a classification model of the manufacturing workspace is presented using
a scene recognition technique after learning by reconstructing a learning dataset with three strategies based on
CNN (Convolutional Neural Network). When learning through the proposed algorithm and data set
configuration method, it was confirmed that the scene recognition performance for the manufacturing workspace

was improved by 28%p compared to the existing method.
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Trials (%) Trials (%) Trials (%)

147 67.6 165 81.8 118 79.8
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257 66.8 218 81.0 222 79.0
59 66.4 228 81.0 240 79.0
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