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Object Recognition Device Based on Convolutional Neural Network and
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Abstract: Deep learning is the latest trend in machine learning and artificial intelligence research, which has attracted more and more

attention from researchers because of its strong ability to extract features and high recognition accuracy. Convolutional neural

networks (CNN) have demonstrated superior performance in several areas of artificial intelligence [1]. This paper proposes an object

recognition system based on convolutional neural networks, aiming to efficiently process and analyze data captured by visual sensors

through the use of computer vision, sensors, communication technology, etc. The system uses convolutional neural networks for

object recognition and processes video streams frame by frame using the YOLO algorithm, displaying the results with high

confidence on the screen above the corresponding items. The system has high detection accuracy and fast detection speed and can be

widely applied to intelligent recognition systems under the Internet of Things.
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Fig. 1 Overall scheme design
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Fig.3 Median filter flow chart
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Fig. 4 Front view of equipment
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Fig. 6 Camera test diagram
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Fig. 7 Pre-trained model testing
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Fig. 8 Call the camera recognition test
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