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3D Human Pose Estimation from Monocular Image

Using Regression Analysis and Particle Filter
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Abstract In this paper, we propose a method to estimate 3D human pose from a monocular image without using
markers. The framework requires that the visual features should be powerful enough to discriminate the subtle
differences between similar human poses. We use HOG feature to describe the visual features. A 3D human body is
expressed by a multi-joint model, and a set of the joint angles describes a pose. Generally, the human pose estima-
tion method has two approaches. One is bottom-up approach that observes the image, and estimates the 3D pose.
The other is top-down approach that estimates it in the opposite direction. In this paper, we propose a method to
estimate the human pose by integrating the bottom-up and top-down approach to improve the pose precision. In
the bottom-up approach, we use linear regression analysis to model the mapping from visual observations to human
poses. On the other hand, in the top-down approach, the particle filter is employed. We use the CMU Graphics
Lab Motion Capture Database for training.

Key words Pose estimation, HOG, linear regression analysis, particle filter
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