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Pedestrian Behavior Prediction
by using Generative Adversarial Networks

BATE HE"'! XUANANG FENG'!
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Abstract: Pedestrian behavior prediction is a very interesting technique in many scenarios. If this system is equipped at the car,
the traffic accident against a pedestrian can be avoided. Suspicious people can be detected by analyzing pedestrian's data which
came through the surveillance cameras. In this research, we focus on the prediction of pedestrian behavior by using improved
Generative Adversarial Networks (GANs). The successive images of pedestrians are taken as the explanatory variables, and the
future images of the pedestrians are as the objective variable. In this study, we transform the structure of the improved GANs
algorithm for the purpose of making the better prediction of pedestrian behavior. Since the GANSs' training is unstable and it is hard
to find an objective way to evaluate the network, we used Peak signal-to-noise ratio (PSNR) as the objective evaluation method
and we trained a CNN classifier as the subjective evaluation method. The experimental data that was self-made in this research
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was collected by Kinect.
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TABLE 1. IMPROVED GANS ALGORITHM

Algorithm 1 Training adversarial networks for next frame generation
Input:
(1)M data samples:(X,Y) = (X0, Yy (1)) ... (X (M) y(M)y,
(2)Generator and Discriminator’s learning rates: [; and Ip:
(3)The weights A;
(4)The number of iteration frequency N;
OQutput: The future images that predicted.
for number of training iterations N do
Update the discriminator D:
Get M data samples:(X,Y) = (X1, Y1) ... (XM) y(M)y,
. M SLP(x0) yn
Wp =Wp —1p o}, HGe
Update the Generator G:
Get M new data samples: (X, Y) = (x, Y(”), e _.(X{MJ, Y[M));
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endfor
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6-4 274 93.0%
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