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Research on an improved Multi-task Cascade Network face detection algorithm
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[ Abstract] Traditional face detection algorithms have always had problems such as low detection accuracy and low efficiency in
the context of complex environments. In recent years, it has benefited from the growth of face data sets and the rapid development of
computer hardware. Face detection algorithms using deep neural networks are in accuracy. This aspect has been greatly improved,
but the structure of the model used is becoming more and more complex. The detection speed is relatively slow. Therefore, it is very
important to design a detection model that takes into account both accuracy and real —time performance. This paper proposes an
improved multi—task convolutional neural networks ( MTCNN) algorithm.The first in the manufacturing data sets changes the /OU
threshold parameter to obtain a more accurate face samples. Secondly, the cross emotion loss function related to the confidence loss
and the average of the mean square error function related to the offset loss make the convergence of the entire network more stable.
After experiments on the AFW, PASCAL and FDDB data sets, compared with traditional algorithms, this algorithm improves the
detection accuracy while ensuring real-time performance, which could be applied to face detection systems pursuing higher accuracy.
[ Key words] deep neural network; MTCNN; face detection
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