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Abstract: Deep learning and neural network models have been new research directions and hot issues
in the fields of machine learning and artificial intelligence in recent years. Deep learning has made a
breakthrough in the applications of image and speech recognitions, and also has been extensively used in
the fields of face recognition and information retrieval because of its special superiority. Bone X-ray images
express different variations in black—white—gray gradations, which have image features of black and white
contrasts and level differences. Based on these advantages of deep learning in image recognition, we
combine it with the research of bone age assessment to provide basic datum for constructing a forensic
automatic system of bone age assessment. This paper reviews the basic concept and network architectures
of deep learning, and describes its recent research progress on image recognition in different research
fields at home and abroad, and explores its advantages and application prospects in bone age assessment.
Keywords: forensic anthropology; age determination by skeleton; review; image processing, computer—as-
sisted; deep learning; neural networks (computer); image recognition
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XA AN B AT i A B | A0 455 5 45 AR I 2% (decon-
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