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1. Introduction

Major complications arise from the recent increase in the amount of high-dimensional data, including high computational costs and memory requirements. Feature selection, which identifies the most relevant and informative
attributes of a dataset, has been introduced as a solution to this problem [1]. Most of the existing feature selection methods are computationally inefficient; inefficient algorithms lead to high energy consumption, which is not

desirable for devices with limited computational and energy resources. We present a novel feature selection method, named QuickSelection, which introduces the strength of the neuron in sparse neural networks as a criterion to

measure the feature importance . This criterion, blended with sparsely connected denoising autoencoders trained with the sparse evolutionary training procedure, derives the importance of all input features simultaneously. The

corresponding paper is available online on arxiv [2].
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To evaluate the methods, we compute a ranking-based
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