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Abstract: Target recognition is gradually becoming an important technology to provide accurate target category in-
formation in the field of automation, and most current target recognition methods are based on machine learning frame-
works. Generally, the input data of the machine learning framework is raw image data, but in practical applications, the way
that the detector obtains the raw image data and uses it as the input of the deep learning framework to achieve target recogni-
tion is low efficient, contains a lot of redundant information, which reduces the recognition efficiency. In this paper, by com-
bining machine learning and compressive sensing technology, a new target recognition method named as target recognition
technology based on a new joint sensing matrix for compressed learning (TRNPCL) is proposed. Through the proposed
method, the detector can quickly generate multi-dimensional compressed data of the target image, and the compressed data
can be directly used as the input data of the deep learning target recognition framework without further decompression
steps, which not only greatly reduces the amount of data input to the machine learning framework, but also maintains a high-
er recognition accuracy compared with the single-space domain data compression learning method under the same compres-
sion ratio. In the future, this method is expected to become a more effective and flexible target recognition method, and es-
pecially suitable for fingerprint recognition, face recognition and other application fields.
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