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Image—free single—pixel object recognition using machine learning
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Single—pixel imaging (SPI) is a computational imaging technique to obtain images using a single—

pixel detector. SPI is expected to be used in terahertz imaging, bio—imaging, and 3D sensing

where it is difficult to use 2D image sensors. Recently, image—free SP1 has been studied, which

performs high—level vision tasks (e.g., object classification, detection, recognition, etc.) from

measurements obtained by an SPI system without image reconstruction. Image—free SPI is expected

to realize a measurement system for fast object recognition. In this study, we developed a method

to jointly optimize SPI patterns and a classifier using machine learning to realize a fast and

accurate Image—free SPI system. SPI patterns are important design parameters of the SPI system,

and optimized SPI patterns and classifier enable fast and accurate object recognition. We tested

our method on two datasets: synthetic data obtained by simulation and real data obtained by an

SPI optical setup. The experimental results show that our jointly learned patterns and classifier

outperforms conventional method using Hadamard and random patterns.
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