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Emotional image classification model of
the car front face based on residual networks

LIU Baoqi, LIN Li

(School of Mechanical Engineering, Guizhou University, Guiyang 550025, China)

Abstract; The development of deep learning technology provides new methods for design. This article takes the front face of a car
as the research carrier, uses deep learning algorithms to construct an emotional image classification model to fit the emotional
cognition of humans to the appearance of the product. Firstly, a large—scale and high—quality car front face image dataset is obtained
through data collection, and representative sample datasets are selected after screening and preprocessing. Secondly, two —
dimensional emotional labels are selected, and the dataset is emotionally annotated through expert evaluation, resulting in an
emotional classification dataset. Finally, using ResNet, a car front face emotional classification model is constructed, and the
performance of models of different depth is compared, obtaining an optimal emotional image classification model for car front faces.
The experiment proves that applying the image classification model to emotional classification can effectively fit the emotional
cognition of humans to the product and provide a feasible practice for product emotional design combined with deep learning
technology. By constructing an emotional image classification model, consumers” emotional market response to the design scheme
can be effectively predicted, thereby improving research and development efficiency and sales success rate.
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Fig. 1 Schematic diagram of ResNet—34 network structure
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Fig. 2 Image preprocessing process
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Fig. 3 [Example of representative dataset samples
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Fig. 4 Example of emotional classification dataset samples
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