Pixel-wise-Attention (= X % Point U547 # H O BRI 7T AL,

Y

AR B BN Y BRI R [ SN

8

M

Visualizing the basis of Point-base pedestrian detection using Pixel-wise-Attention

Shuto Kimura Atsuki Osanai Tsubasa Hirakawa  Takayoshi Yamashita  Hironobu Fujiyoshi

Pedestrian detection is a necessary technology to ensure safety in automated driving. In order to realize a safer and more secure automated
driving, itis necessary to clarify the basis of the pedestrian detection. Conventional pedestrian detection methods use Convolutional Neural
Network (CNN) object detection to detect pedestrians. Several methods use Region Proposal Network (RPN), which predicts the position
of a pedestrian by determining the offset between the pedestrian and a set of rectangular boxes called anchors. RPNs compute coordinates
and size offsets, there are other areas to focus on besides pedestrians. However, they are not clear as a basis of judgment for pedestrian
detection. In this study, we visualize the basis of judgment for pedestrians by using Pixel-wise-Attention in the Point-base object detection
method, which detects without anchors. This method introduces a Pixel-wise-Attention mechanism to obtain the attention map for an
arbitrary pixel in the Center and Scale Prediction (CSP), which detects pedestrians based on the center of the detection target and the scale
from that point. By acquiring the attention map of the center of the estimated pedestrian, we can obtain pedestrians and the surrounding
area of interest as a basis for judgment. In our experiments, we visualize the attention area of the CSP with the Pixel-wise-Attention
mechanism and show the basis for the decision of pedestrian detection.
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Fig.4 Pixel-wise-Attention mechanism
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Fig.5 Visualization of attention map
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Fig.6 Visualization of attention map in case that the network is trained only with center
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Fig.7 Visualization of attention map in case that the network is trained only with scale
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