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Fig.1 Examples of pose estimation results. (a) Single person
pose estimation results from Ref. [5]. (b) Multi-person pose
estimation results from Ref. [3].
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Fig. 6 An example of heatmap-based single-person pipeline with heatmap. (a) Original image, (b) heatmap generated by
estimator, and (c) detection result.

Qi Dang, Jiangin Yin, Bin Wang, Wenging Zheng,

Deep Learning Based 2D Human Pose Estimation: A SurveyDeep Learning Based 2D Human Pose Estimation: A Survey,

Tsinghua Science and TechnologyTsinghua Science and Technology, 3 3
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Fig. 3. An illustration of a single “hourglass” module. Each box in the figure corre-
sponds to a residual module as seen in Figure 4. The number of features is consistent
across the whole hourglass.
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