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Occlusion matters
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self-occlusion blocked by other objects

We can’t see this side

Any scene has occlusions

detection
tracking

reconstruction
recognition

…

Performance ↓
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Introduction
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 2D/3D occluded keypoint localization using GNN

 in a largely self-supervised manner
 Only supervision : visible keypoint annotations

 Off-the-shelf detector (e.g. MaskRCNN)

is used as keypoint heatmap generator
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Problems
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 How do we find which key points are occluded?

 How do we provide supervision for a hidden-point location?

Similar scores!
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Encoder-decoder graph network
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 Encoder classifies visible/invisible edges

 Decoder localizes the occluded node in 2D
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Encoder-decoder graph network
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 Encoder classifies visible/invisible edges

 Decoder localizes the occluded node in 2D
 Loss is computed using multi-views 

where a keypoint is seen
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Occlusion-Net
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 Finally, the 3D object shape and camera pose are estimated

 The entire pipeline is trained in end-to-end manner
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2D-KGNN Encoder: Occluded Edge Predictor
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𝒱 = 𝒱1, … , 𝒱𝑘 for k keypoints

ℰ𝑖𝑗 = 𝒱𝑖 , 𝒱𝑗 = ቊ
1, 𝑖𝑓 𝑖 ∈ 𝑣 𝑎𝑛𝑑 𝑗 ∈ 𝑣
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 𝑣 : visible keypoints
 𝑜 : invisible/occluded keypoints

Vertex (Keypoint)

Edge



J. Y. Choi. SNU

2D-KGNN Encoder: Occluded Edge Predictor
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𝒱𝑖 = {𝑥𝑖 , 𝑦𝑖 , 𝑐𝑖 , 𝑡𝑖}

𝑥𝑖 , 𝑦𝑖 : location
𝑐𝑖 : confidence
𝑡𝑖 : type of the keypoint

𝑞(ℰ𝑖𝑗|𝒱) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓𝑒𝑛𝑐 𝒱 )

Initial keypoints

encoded from the heatmap
Latent graph structure
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2D-KGNN Encoder: Occluded Edge Predictor
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ℎ𝑗
1 = 𝑓𝑒𝑛𝑐 𝒱𝑗

𝑣 → 𝑒: ℎ(𝑖,𝑗)
1 = 𝑓𝑒

1 [ℎ𝑖
1, ℎ𝑗

1]

𝑒 → 𝑣: ℎ𝑗
2 = 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)
1

𝑣 → 𝑒: ℎ(𝑖,𝑗)
2 = 𝑓𝑒

2 [ℎ𝑖
2, ℎ𝑗

2]

Message passing operations

𝐿𝐸𝑑𝑔𝑒 = − ෍

𝑖,𝑗∈𝑘

ℰ𝑖𝑗 log(ℰ𝑖𝑗
𝑙 )

PredictionGT
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2D-KGNN Decoder: Occluded Point Predictor
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𝑃𝜃(𝒱
𝑔|𝒱, ℰ)

Initial keypoints

+ edges from the encoder
Accurate keypoint locations
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2D-KGNN Decoder: Occluded Point Predictor
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𝑣 → 𝑒: ℎ(𝑖,𝑗) =෍

𝑝

ℰ𝑖𝑗,𝑝𝑓𝑒
𝑝
([𝒱𝑖 , 𝒱𝑗])

𝑒 → 𝑣: 𝜇𝑗
𝑔
= 𝒱𝑗 + 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)

Message passing operations
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2D-KGNN Decoder: Occluded Point Predictor
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𝑣 → 𝑒: ℎ(𝑖,𝑗) =෍

𝑝

ℰ𝑖𝑗,𝑝𝑓𝑒
𝑝
([𝒱𝑖 , 𝒱𝑗])

𝑒 → 𝑣: 𝜇𝑗
𝑔
= 𝒱𝑗 + 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)

Message passing operations

Current state is added

Model is learning to deform the keypoint

i.e., predict the difference ∆𝒱 = 𝒱𝑔 − 𝒱
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2D-KGNN Decoder: Occluded Point Predictor
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𝑣 → 𝑒: ℎ(𝑖,𝑗) =෍

𝑝

ℰ𝑖𝑗,𝑝𝑓𝑒
𝑝
([𝒱𝑖 , 𝒱𝑗])

𝑒 → 𝑣: 𝜇𝑗
𝑔
= 𝒱𝑗 + 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)

Message passing operations

Current state is added

Model is learning to deform the keypoint

i.e., predict the difference ∆𝒱 = 𝒱𝑔 − 𝒱

 𝑃𝜃 𝒱𝑔 𝒱, ℰ = 𝒩(𝜇𝑗
𝑔
, 𝜌2𝐼)
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2D-KGNN Decoder: Occluded Point Predictor
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𝐿𝑇𝑟𝑖𝑓𝑜𝑐𝑎𝑙 =෍

𝑗∈𝑜

𝒱𝑗
𝑔

×
(෍

𝑖

𝒱′
𝑗
𝑖𝑇𝑖) 𝒱𝑗

′′

×

x′ × ෍

𝑖

𝑥𝑖𝑇𝑖 x′′ × = 03×3

< Trifocal tensor property >

Prediction Trifocal tensor

GT (another views)
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3D-Keypoint GNN
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𝑊 = 𝑏0 +෍
𝑘=1

𝑛

𝛽𝑘 ∗ 𝜎𝑘 ∗ 𝑏𝑘

𝑏0 : mean shape
𝑏𝑗 : principal shape components

𝜎𝑗 : standard deviations

𝛽𝑗 : principal components

3D object shape W

𝑞(𝛽, 𝜋|𝒱) = 𝑓𝑒𝑛𝑐 𝒱

Camera projection matrix 𝜋

𝐿𝑅𝑒𝑝𝑟𝑜𝑗 =෍

𝑗∈𝑘

𝜋 𝑊𝑗 − 𝒱𝑗
𝑔 2
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Total Loss
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𝐿 = 𝐿𝐾𝑒𝑦𝑝𝑜𝑖𝑛𝑡𝑠 + 𝐿𝐸𝑑𝑔𝑒 + 𝐿𝑇𝑟𝑖𝑓𝑜𝑐𝑎𝑙 + 𝐿𝑅𝑒𝑝𝑟𝑜𝑗
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Experimental Results
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 Datasets 
 Car-render self-occlusion dataset using CAD model

 CarFusion dataset

 Evaluation
 PCK metric 
 a keypoint is considered correct if it lies within the radius 𝛼𝐿 of the GT

 To evaluate the 3D reconstruction
 Project the reconstructed keypoints and compute the 2D PCK error
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Experimental Results
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Experimental Results

20
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Experimental Results
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구현 및 실험결과
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Reproducing
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코드는저자 github에공개된것을활용하였으며, 실험을위해 argument와 image 
parsing 등일부만을수정하였음

원저자 Github link
 https://github.com/dineshreddy91/Occlusion_Net 

본 project에서의 Reproducing 결과 Github link
 https://github.com/minggii/Occlusion_Net

https://github.com/dineshreddy91/Occlusion_Net
https://github.com/minggii/Occlusion_Net
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코드 구조
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Backbone RPN roi heads
features

proposals

Same with MaskRCNN

proposal_losses detector_losses

Image result

• Implemented in lib/occlusion_net/detector/generalized_rcnn.py

• Backbone과 RPN은 MaskRCNN에서 사용하는 것과 동일함

• proposal_losses와 detector_losses를 각 모듈에서 계산하고,

이를 main문에서 backprop하여 학습하는 구조
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RoI Heads
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proposals

detector_losses

result
features

roi heads

box head
graph
headdetections

loss_box loss_graph

• Implemented in lib/occlusion_net/roi_heads/roi_heads.py

• box head는 maskRCNN과 동일하게 proposal로부터 (keypoint) detection 결과를 제공

• graph head에서는 keypoint detection 결과를 이용함. encoder-decoder graph network을 거쳐

최종적으로 occluded keypoint localization 결과를 제공

• 코드상 mask head, keypoint head는 기존 MaskRCNN framework과 동일하며 비교실험을 위해 구현되었음
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Graph Head
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• Implemented in lib/occlusion_net/

roi_heads/graph_head/graph_head.py

• 2D-KNN encoder, 2D-KGNN decoder, 

3D-KGNN encoder 등이 구현됨
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backbone feature와 keypoint detection 결과를 이용하여 keypoint heatmap 생성

heatmap으로부터 graph feature 생성 ( keypoint V = (x, y, c, t) )

Encoder-decoder network을 거쳐 edge prediction & keypoint localization

Loss computation
- loss_edges : occlusion edge loss
- loss_trifocal : trifocal tensor loss
- loss_kgnn3d : reprojection keypoint loss

lib/occlusion_net/roi_heads/graph_head/graph_head.py
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2D-KGNN Encoder
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MLP : 2-layer fully connected ELU network with batch norm

𝑣 → 𝑒: ℎ(𝑖,𝑗)
𝑡 = 𝑓𝑒

𝑡 [ℎ𝑖
𝑡 , ℎ𝑗

𝑡]

𝑒 → 𝑣: ℎ𝑗
𝑡+1 = 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)
𝑡

< edge to node >

< node to edge >
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2D-KGNN Encoder
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ℎ𝑗
1 = 𝑓𝑒𝑛𝑐 𝒱𝑗

𝑣 → 𝑒: ℎ(𝑖,𝑗)
1 = 𝑓𝑒

1 [ℎ𝑖
1, ℎ𝑗

1]

𝑒 → 𝑣: ℎ𝑗
2 = 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)
1

𝑣 → 𝑒: ℎ(𝑖,𝑗)
2 = 𝑓𝑒

2 [ℎ𝑖
2, ℎ𝑗

2]
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2D-KGNN Decoder
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𝑣 → 𝑒: ℎ(𝑖,𝑗) =෍

𝑝

ℰ𝑖𝑗,𝑝𝑓𝑒
𝑝
([𝒱𝑖 , 𝒱𝑗])

𝑒 → 𝑣: 𝜇𝑗
𝑔
= 𝒱𝑗 + 𝑓𝑣 ෍

𝑖≠𝑗

ℎ(𝑖,𝑗)

Message passing을 통해 state prediction

Skip connection
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3D-KGNN Encoder
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2D-KGNN과 동일한 구조이며 dimension만 다름
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실험 결과
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 Training
 Learning rate = 0.00025 with weight decay = 0.0001

 Max iteration = 220000

 Using CarFusion dataset – train set
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 Test
 CarFusion dataset – test set (car_penn1, car_penn2) 사용

 Evaluation은따로구현하지못하여 2D image에서의 visualization 결과만첨부

실험 결과
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 Success case

실험 결과
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 Success case

실험 결과
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 Failure case

실험 결과

Detection에 실패한 경우 겹쳐진 객체의 keypoint를 검출한 경우
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 대체로정확한 keypoint를찾았지만, image에따라차량이오검출되거나붙어있는차량의

boundary를잘못잡는경우가있었다.

 이유는여러가지가있겠지만, 본연구가 occluded keypoint localization을 GNN task로삼은첫논

문이기때문에개선할여지가많다고생각한다.

 그중한가지로, ResNet50을사용하는 backbone network에비해 encoder-decoder network으로

구성된 roi heads는 shallow하기때문에파라미터의비율이맞지않는데, 이것이학습에안좋은

방향의영향을미칠것같다는생각이들었다.

 또한 Human gait recognition 등의다른 task에서도활용가능성이높다고생각된다.

Discussion


