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There are three major contributions in our research. The first
contribution was the confidence analysis for multi-class object recognition using the intermediate
values from machine learning algorithms. By using the confidence, it has been made possible to
improve the recognition accuracy. The second contribution was the methods to automatically find
optimal parameter settings for convolutional neural networks (CNNs) by using an evolutionary
algorithm called particle swarm optimization (PSO). We have also developed two candidate pruning
algorithms for efficient evolutionary process. The third contribution was taking contextual
information into consideration such as the co-occurrence of objects and the location of objects in
object detection. We developed candidate pruning and object rescoring methods that leverage
contextual information and that can improve the state-of-the-art CNN-based object detection methods
such as Fast R-CNN and Faster R-CNN.
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