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Fig. 4: The illustration of weight mask. From left to right: UV texture map, UV
position map, colored texture map with segmentation information (blue for eye
region, red for nose region, green for mouth region and purple for neck region),
the final weight mask.
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Fig. 3: Architecture of the mu]ﬂ-stage CNN The first set
of stages predicts PAFs L, while the last set predicts con-
fidence maps S*. The predictions of each stage and their
corresponding image features are concatenated for each
subsequent stage. Convolutions of kernel size 7 from the
original approach [3] are replaced with 3 layers of convolu-
tions of kernel 3 which are concatenated at their end.
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Figure 1. A diagram of our approach. The building block of our network 1s a linear layer, followed by batch normalization, dropout and a

RELU activation. This is repeated twice, and the two blocks are wrapped in a residual connection. The outer block is repeated twice. The
input to our system is an array of 2d joint positions, and the output is a series of joint positions in 3d.
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Figure 3. Qualitative results on the MPII test set. Observed image, 2d detection with Stacked Hourglass [ 0], (in green) our 3d prediction.
The bottom 3 examples are typical failure cases, where either the 2d detector has failed badly (left), or slightly (right). In the middle, the 2d
detector does a fine job, but the person is upside-down and Human3.6M does not provide any similar examples — the network still seems
to predict an average pose.
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Figure 1. Network architecture. The proposed architecture builds upon ResNet-50. We replace the fully-connected
ayer, which was part of the original architecture, with our novel up-sampling blocks, yielding an output of roughly half
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RGB Image proposed ground truth

Figure 5. Depth Prediction on Make3D. Displayed are
RGB images (first row), ground truth depth maps (mid-
dle row) and our predictions (last row). Pixels that corre-
spond to distances > 70m in the ground truth are masked
out
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Deeper Depth Prediction with Fully Convolutional Residual Networks (Proposed by
Iro Laina and Christian Rupprecht at the IEEE International Conference on 3D Vision
2016.)

FCRN-DepthPrediction _ github

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields
(Proposed by Gines Hidalgo, Zhe Cao, Tomas Simon, Shih-En Wei, Hanbyul Joo, and
Yaser Sheikh at CVPR 2017))

Openpose, CMU-Perceptual-Computing-Lab _ github

A simple yet effective baseline for 3d human pose estimation(Proposed by Julieta
Martinez, Rayat Hossain, Javier Romero, James J. Little In ICCV, 2017)
3d-pose-baseline, una-dinosauria _ github

Lifting from the Deep: Convolutional 3D Pose Estimation from a Single Image
(Proposed by Denis Tome, Chris Russell and Lourdes Agapito at CVPR 2017)
OpemMMD, peterljq _ github

Human-action-classification, dronefreak _ github

Lifting-from-the-Deep-release, DenisTome _ github
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- Analyzing and Improving the Image Quality of StyleGAN (Proposed by Tero Karras,
Samuli Laine Miika Aittala, Janne Hellsten, Jaakko Lehtinen and Timo Alia at NVIDIA,
2020)

- Stylegan2, NVlabs _ github

- Stylegan2-pytorch, rosinality _ github

- Stylegan2-ada-pytorch, NVlabs _ github

- PRNet: Self-Supervised Learning for Partial-to-Partial Registration (Proposed by Yue
Wang and Justin Solomon at ML, 2019)

- PRNet, YadiraF _ github

5. 3=

https://github.com/Al-14-A2/Al_14_A2
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