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Recognition of Crowded State in Bus Based on Improved
Convolution Neural Network

XU Ming-yuan,CUI Hua,ZHANG Li-heng
(School of Informational Engineering,Chang’ an University ,Xi’ an 710000, China)

Abstract: Aiming at the problem that the traditional video image processing method is used to detect the crowded state of passengers in
the bus, such as motion shadow,dynamic background and scene illumination changes,a crowded bus state recognition method based on
improved convolution neural network VGG-16 is proposed. Based on the VGG-16 model, this method optimizes the number of all-con-
nected layers and uses the migration learning to share the weight parameters of each layer of the VGG16 pre—training model for training.
Compared with the traditional image processing methods, AlexNet model, GooleNet model and standard VGG-16 model, the improved
VGG-16 model has the highest recognition accuracy of bus congestion status,and the recognition accuracy can reach 96. 1% . The loss
value of the model converges faster than that of the standard VGG-16 model,and the model is more stable. The experiment proves that
the improved VGG-16 model can better extract the characteristics of the crowded state in the bus and solve the problem of the congestion
status in the bus.
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