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Abstract: Deep convolutional neural network (CNN) has too many parameters to initialize, and the usual random
initialization method is easy to disappear of modified gradient and the problem of premature. The unsupervised PCA
learning method is used to obtain oriented initialization parameters. And the gradient descendent method with
exponential flexible momentum for updating free parameters of the network is proposed on the basis of analyzing the
error propagation of the network. Image detection experiments are respectively carried out on pedestrian detection,
and the results show that, compared with other artificial feature detection algorithms, this method can effectively
improve target detection accuracy and the detection speed of this method is 20% faster than that of classical CNN;
compared with homologous updating mechanism of other momentum, our method has faster convergence and smaller
oscillation, and can improve the detection accuracy by 1.6%, 1.8% and 6.19% respectively in different depth
models.
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Fig.1 Deep convolutional neural network model
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Tab.1  Comparison of detection speed

Tk SR ]/ ms
HOG+CSS+SVM 59.32
HOG+SVM 42.49
f£45 CNN 32.15
OURS 25.84
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Tab.2  Comparison of momentum algorithm accuracy %

Ak PRESE RSN PSR RS

EFM-CNN 96.9 97.1 97.7 98.6
LeNet5 96.4 97.0 98.2 98.9
FrifE NN 68.5 63.2 69.5 73.2
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