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Application of the Joint Feature Capsule Network in
Precise Classification of Vehicle Types
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Abstract; The precise classification of vehicle types is a research focus in the fields of intelligent transportation.

Traditional methods based on convolutional neural networks cannot express the mutual relationships among features,

and they are prone to cause misjudgments. To solve the above problems, capsule network is introduced, and

convolutional kernels with different sizes are used to obtain joint features, expressing the spatial relationships among

features. And binary cross-entropy loss function is introduced to increase the penalty for misclassification. The method

proposed in this paper can be applied to vehicle classification tasks achieving classification accuracies of 99. 8% and

97.7% on the training and test sets, respectively. It maintains high accuracy rate in some scenes with insufficient

lighting.
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