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Abstract: This paper proposes a makeup recommendation system based on network models such as CNN (Cable News

Network), Alexnet, etc. The system recommends suitable makeup methods based on differences in facial attributes to meet

users' personalized makeup needs:Erom the perspective of technical practice, development process including data collection,

model training to application development and deployment is completed. The introduction of cloud architecture solutions

makes the proposed system more powerful in application performance and extension of all aspects.
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Fig.2 Location of face feature points
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Fig.3 Skin feature

B4 JT4F4E
Fig.4 Nose features
4 HEMBRE ARFFIESD 2K (Face feature
classification in neural network model)
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Fig.7 AlexNet network structure
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