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Occlusion matters

Any scene has occlusions

WWe can‘t see this-side
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self-occlusion blocked by other objects
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Introduction

» 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

Input ROI Keypoint Heatmaps
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Problems

» How do we find which key points are occluded?
» How do we provide supervision for a hidden-point location?

Keypoint Confidence Scores
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Encoder-decoder graph network

* Encoder classifies visible/invisible edges
= Decoder localizes the occluded node in 2D

Occlusion Edge Loss
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Encoder-decoder graph network

» Encoder classifies visible/invisible edges

= Decoder localizes the occluded node in 2D

= Loss is computed using multi-views | ‘( "i ) -) !
where a keypoint is seen -~ 0

Trifocal Tensor Loss

2D-KGNN
Encoder

2D-KGNN
Decoder

Input ROI Keypoint Heatmaps Occluded Edge Prediction Occluded Keypoint Prediction
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Occlusion-Net

* 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

Vertex (Keypoint)
V==W,,.., V) for k keypoints

- v . visible keypoints
- o : invisible/occluded keypoints

Edge
. )1, ifi€evandj ev
&ij = {V"VJ} B {O, otherwise
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2D-KGNN Encoder: Occluded Edge Predictor

Initial keypoints

encoded from the heatmap

Vi = {x, v ¢t}
(x;,v;) : location

¢; . confidence
t; . type of the keypoint
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2D-KGNN Encoder: Occluded Edge Predictor

Message passing operations
— fenc(vj)

v — e: h(l = fel([hll,h}])

vy
e - v hz fv (Z h(lj)) X5, hi

%]
LEdge — z gl] log(8

v — e. h(l]) ( hlz; hjz]) I,jJEk

T

GT Prediction
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2D-KGNN Decoder: Occluded Point Predictor

Initial keypoints

+ edges from the encoder Accurate keypoint locations

/
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2D-KGNN
»‘ E> Decoder
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2D-KGNN Decoder: Occluded Point Predictor

Message passing operations

VUV — e. h(i,j) — Z gij,pfep([vi' 17]])
p

e — V. ,Ll]g — 17] +fv (Z h(l,])>

L#]
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2D-KGNN Decoder: Occluded Point Predictor

J. Y. Choi. SNU

Message passing operations

VUV — e. h(i,j) — Z gij,pfep([vi' ]7]])
p

e v =+ fo (Z h(tj))

L#]

Current state is added
—~>Model is learning to deform the keypoint
l.e., predict the difference AV = V9 -V
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2D-KGNN Decoder: Occluded Point Predictor

J. Y. Choi. SNU

Message passing operations

VUV — e. h(i,j) — Z gij,pfep([vi' ]7]])
p

e v =+ fo (Z h(tj))

L#]

Current state is added
—~>Model is learning to deform the keypoint
l.e., predict the difference AV = V9 -V

> Po(VIIV,€) = N (i, p?D)
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2D-KGNN Decoder: Occluded Point Predictor

Prediction Trifocal tensor

i i
Lrrifocal = z [ng]x (E(V,);:Ti)[vfn]x
JEO [ T T

GT (another views)

'], (2 xﬁ) %] = O

i

< Trifocal tensor property >
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3D-Keypoint GNN

3D-KGNN
Encoder
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3D Reconstruction

q(B,|V) = fenc(V)

3D object shape W

n
W = by + B * 0y * by
k=1

by : mean shape
b; : principal shape components

o; . standard deviations
B; . principal components

Camera projection matrix

baeproy = - [ln() =

jEk
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Total Loss
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—
B X %‘!"

\_ Mean 3D shape /

.

2D-KGNN
Decoder

2D-KGNN
Encoder

-'.4—-
\. 3D-KGNN
’ Encoder
@

m Shape Basis

Input ROI Keypoint Heatmaps Occluded Edge Prediction Occluded Keypoint Prediction 3D Reconstruction
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Experimental Results

= 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 aL of the GT

» To evaluate the 3D reconstruction
—> Project the reconstructed keypoints and compute the 2D PCK error
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Experimental Results

Number of Invisible Points = 3/12
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Figure 5: Accuracy with respect to different alpha values
of PCK for the Car-render dataset. Graph based methods
(2D/3D) outperform the MaskRCNN trained keypoints for
all the occlusion types. Specifically at alpha=0.1 we ob-
serve an increase of 22% for cases with 3 invisible points
and 10% in case of 9 invisible points (out of 12 keypoints).
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Figure 8: Accuracy vs Alpha on the CarFusion dataset. Fo-
cusing on Alpha=0.1 across the plots, graph based meth-
ods show an improvement of 6% for cases where only 3
(out of 12) points are occluded and nearly 10% or more im-
provement for more severe occlusion, justifying the usage
of graph networks for occlusion modeling.
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Experimental Results

Number of Invisible Points = 3/12

100 alpha=0.1
Ssa == MaskRCNN
80 SN — = 2D-KGNN
2 N — = 3D-KGNN
2D 3D | yaw(Error) S 604 o > RN
Method | Full | Truncation | Car-Occ [ Oth-Occ [ All | Full Full VS NN N
[18] 88.0 760 | 810 [ 827 [ 820 NA 4 TN RN SN
[521 | 736 NA 73.5 7.3 207 RO il J
[25] | 931 78.5 82.9 853 | 850 | 953 2.2 T, A
Ours | 89.73 | 8741 8168 | 8645 | 88.8 | 932 1.9 O o Varianeey
Table 1: PCK Evaluation[o=0.1] and comparison of Number of T ey e = 7/12
. . . . . 100
Occlusion-Net on 2D visible keypoints annotated in KITTI- - —— MaskRCNN
. 80 """-g\ == 2D-KGNN
3D. Full denotes unoccluded cars, Truncation denotes cars s Sa.  -- 3DKGNN
. . . o 601 A S
not fully contained in the image, Car-Occ denotes cars oc- < RN
40 1 ~ AR
cluded by cars, and Oth-Occ denotes cars occluded by other g R
. . . . . 20 ~a B R
objects. All represents combining the statistics for all the R bl

=

occlusion categories. Our method outperforms in most of
the occlusion categories. The 3D keypoint localization (last
two columns) in [25] is only evaluated on Full.
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Figure 10: The plots depict the change in accuracy for the
methods when Gaussian noise is_added to the input key-

points.

As expected, 3D-KGNN (green) performs much

better in the presence of strong noise.
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Experimental Results

Self-Occlusion
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Reproducing

« AEL WX github0ll B7HE A BESHA O, U
. | — A —
parsing & €F2t= +=EoIA=

= 2 X X} Github link
= https://github.com/dineshreddy91/Occlusion Net

» 2 project®| A1 2| Reproducing 22} Github link
» https://github.com/minggii/Occlusion Net
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GeneralizedRCNN(nn.Module)

Same with MaskRCNN __init__(self, cfg)
super(GeneralizedRCNN, self).__init_ ()
‘ self.backbone = build_backbone(cfg)

’ \ self.rpn = build_rpn(cfg, self.backbone.out_channels)
self.roi_heads = build_roi_heads(cfg, self.backbone.out_channels)
forward(self, images, targets )

Image Ifeatures — I — . result
Backbone I :I RPN proposals R roi heads —

! |

pl’OpOS&lUOSSGS detector_losses self.training targets
ValueError("In training mode, targets should be passed")

images = to_image_list(images)
features = self.backbone(images.tensors)
proposals, proposal_losses = self.rpn(images, features, targets)

self.roi_heads
x, result, detector_losses = self.roi_heads(features, proposals, targets)

« Implemented in lib/occlusion net/detector/generalized rcnn.py

« proposal_losses@} detector_lossesg& Zf 2=0i| A A4Sk, N
osses.update(detector_losses

Ol% maln_E_O_”A_I backprop—é—l_o:l -O:|I-§_6|'E _T_'_}_ losses ggggzg(proposal_losses)

result
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Rol Heads

roi heads
Cfg MODEL RETINANET_ON
[1
cfg.MODEL.RPN_ONLY
-~ roi_heads.append(("box", build_roi_box_head{cfg, in_channels)))
features -> g graph cfg.MODEL . MASK_ON
. roi_heads.append({("mask", build_roi_mask_head(cfg, in_channels)))
box head detections head > result cfg.MODEL . KEYPOINT_ON
proposals > » roi_heads.append(("keypoint", build_roi_keypoint_head(cfg, in_channels)))
cfg.MODEL . KEYPOINT_ON cfg.MODEL . GRAPH_ON
; roi_heads.append(("graph", build_roi_graph_head(cfg, in_channels)))
loss’ box loss_graph
| I roi_heads
roi_heads = CombinedROIHeads(cfg, roi_heads)

A 4

roi_heads

detector_losses

« Implemented in lib/occlusion net/roi heads/roi heads.py
* box head= maskRCNNIt &L SHA proposal 25 E (keypoint) detection 21HE M-S
- graph head%| A= keypoint detection Z21HE 0| &% encoder-decoder graph network2 A
X BZH2E occluded keypoint localization Z21tE XS
« T E4 mask head, keypoint head= 7|Z& MaskRCNN frameworkXl & LSHH H| W AH S sl AHEAS
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Graph Head

ROIGraphHead(torch. nn le):
__init_ (self, cfg, in_channels)
super(ROIGraphHead, self).__init_ ()

self.ctq - cfg.clone() « Implemented in lib/occlusion net/

self.predictor_heatmap = make_roi_keypoint_predictor(

[-11) 1
Selfcfg cfg.MODEL.ROI_KEYPOINT_HEAD.CONV_LAYERS[-1 roi headS/graDh head/graph headpy

feature_extractor = make_roi_graph_feature_extractor(cfg)
self.feature_extractor_heatmap = make_roi_keypoint_feature_extractor(cfg, in_channels)
self.post_processor = make_roi_graph_post_processor(cfg) i 2D‘KNN enCOdeI’, 2D‘KGNN deCOdeI‘,
self.post_processor_heatmap = make_roi_keypoint_post_processor{cfg) — O "':I |
self.loss_evaluator_heatmap = make_roi_keypoint_loss_evaluator{cfg) — — | o
self.loss_evaluator = make_roi_graph_loss_evaluator(cfg) 3 D KG N N en COd er o —_I-L o
self.edges cfg.MODEL. ROI_GRAPH_HEAD . EDGES
self.KGNN2D cfg.MODEL.ROI_GRAPH_HEAD.KGNN2D
self.KGNN3D = cfg.MODEL.ROI_GRAPH_HEAD.KGNN3D

3D Deformation
O
o
o—"Q\.
o e}
o T8
B X r”

Mean 3D shape

Shape Basis

3D-KGNN
Encoder o ,% °
«--q
A\
. --®-. @ P

Camera

0
®
Occluded Edge Prediction Occluded Keypoint Prediction 3D Reconstruction

v | y '

Heatmap keypoifit Loss Occlusion Edge Loss Trifocal Tensor Loss Reprojection keypoint Loss
P L [ |_” ” -|-” ” i) - 9”
=) -F 1 || m—) - € (£ )-V, T(esy) -V

Input ROI Keypoint Heatfhaps

Losses:
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lib/occlusion net/roi heads/graph head/graph head.py

forward(self, features, proposals, targets

self.training
torch.no_grad()

proposals = self.loss_evaluator_heatmap.subsample(proposals, targets)

RS IR hackbone feature®f keypoint detection 1S 0| &30 keypoint heatmap ‘&4
kp_logits = self.predictor_heatmap(x)

x.shape[0] 0
0 torch.zeros({(0,x.shapel[2],3)),proposals, {}

heatmap2 2£ H graph feature ‘% ( keypoint V = (x, y, ¢, 1))

graph_features = heatmaps_to_graph(kp_logits)

inc,proposals_per_image enumerate(proposals)
proposals_per_image = proposals_per_image.convert("xyxy")
width = proposals_per_image.bbox[:, 2] - proposals_per_image.bbox[:, @]
proposals_per_image.bbox[:, 3] - proposals_per_image.bbox[:, 1]
0
ratio = width/height

~ ratio = torch.cat((ratio,width/height))

2 . . . . .
edge_logits, KGNN2D,KGNN3D = self.feature_extractor(graph_features, ratio) EnCOder_deCOder netWOFkE 7-| X:i edge predICtlon & keyPOInt locallzatlon

'loés'_'kp' = self io's's_evaluator_heatmap(proposals kp_logits)

self.edges == Tru
loss_edges = self.loss_evaluator. loss_edges(valid_vis_all, edge_logits) .
loss_dict_all = dict(loss_edges=1loss_edges, loss_kp=loss_kp) Loss computatlon

- self.loss_evaluator. loss_kgnn2d(keypoints_gt,valid_invis_all, KGNN2D) - |OSS_edgeS . occlusion edge loss

dict(loss_edges=loss_edges, loss_kp=loss_kp, loss_trifocal=loss_trifocal)

AT e - loss_trifocal : trifocal tensor loss

valid all = (valid_vis_all+valid_invis_all)+0 +1 _ . H H H
T, o e loss_kgnn3d : reprojection keypoint loss
valid _alll:,8] = valid_alll[: 8]+0

loss_kgnn3d = self.loss_evaluator.loss_kgnn3d(KGNN2D, valid_all, KGNN3D)

loss dict_all = dict(loss_edges=1loss_edges, loss_kp=1loss_kp, loss_trifocal=1loss_trifocal, loss_kgnn3d-19ss_kgnn3d

KGNN2D, proposals, loss_dict_all
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3D Deformation
0.
S
_e2) °
B e

Mean 3D shape

Shape Basis

o
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2D-KGNN - 9' 3D KGNN
9| Decoder Encoder

Camera

2D-KGNN Encoder ;

°
Input ROI Keypoint Heatmaps Occluded Edge Prediction Occluded Keypoint Prediction 3D Reconstruction

ss.GraphEncoder(nn.Module) : v ¥
_in lt_( Self n_in n_hid n_oUt do _prob @I factor . Heatmap keypoint Loss Occlusion Edge Loss Trifocal Tensor Loss Reprojection keypoint Loss
super(GraphEncoder, self).__init_ () S = u e (€ R [ a Al | lIm(eez) - ve |l }
self.factor = factor
self.mlpl = MLP(n_in, n_hid, n_hid, do_prob) . .
self.mlp2 — MLP(n_hid + 2, n_hid, n_hid, do.prob) : 2-layer fully connected ELU network with batch norm

self.mlp3 = MLP(n_hid, n_hid, n_hid, do_prob)
self.factor
self.mlp4 = MLP(n_hid * 3, n_hid, n_hid, do_prob)
print("Using factor graph MLP encoder.")

self.mlp4 = MLP(n_hid * 2, n_hid, n_hid, do_prob)
print("Using MLP graph encoder.")

self.fc_out = nn.Linear(n_hid, n_out)
self.init_weights() t+1 t
e->v: hi" =, E he

init_weights(self)
m self.modules()
isinstance(m, nn.Linear) l;t_]
nn.init.xavier_normal_(m.weight.data)

m.bias.data. fill_(0.1)
< edge to node >

edgeZnode(self, x, rel_rec )

incoming = torch.matmul(rel_rec.t(), x)
incoming / incoming.size(1)

node2edge(self, x, rel_rec, rel_send)

receivers = torch.matmul(rel_rec, x)_

v . t f t 1.t
senders = torch.matmul(rel_send, x)

edges - torch.cat([receivers, senders]l, dim-2)
A < node to edge >
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2D-KGNN Encoder

J. Y. Choi. SNU

forward(self, inputs, rel_rec

X

X

X
X

x_skip

inputs.view{inputs.size{(@)

self.mlpl(x)

self.node2edge(x, rel_rec
self.mlp2(x)

X

self.factor
self.edge2node(x, rel_rec, rel_send)

X

self.mlp3(x)

rel_send)

inputs.size(1), -1)

rel_send)

self.node2edge(x, rel_rec, rel_send)

torch.cat((x, x_skip)
self.mlp4(x)

self.mlp3(x)
torch.cat((x, x_skip)
self.mlp4(x)

self.fc_out(x)

dim=2)

dim=2)

; b
/ £ -
K /“g 4/ ?
Input ROI Keypoint Heatmaps

Occluded Edge Prediction

¥

2D-KGNN
9| Decoder

¥

3D KGNN
Encoder
E
|
m

Occluded Keypoint Prediction

3D Deformation
0.
S
e
B e

Mean 3D shape

°

Shape Basis

o
e
«--

o
3D Reconstruction

m o oo P —

Heatmap keypoint Loss

=) - v, I

Losses:

Occlusion Edge Loss

-l G

=

Trifocal Tensor Loss

vl

Reprojection keypoint Loss

[z - ve |

vV > e: h(l’])

fenc (Vj)

— fel([hll'

)

emv W2 =f( ) h,
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2D-KGNN Decoder

< GraphDecoder(nn.Module)

single_step_forward(self, single_timestep_inputs, rel_rec

receivers

senders
pre_msg

all_msgs

rel_send
single_timestep_rel_type)

torch.matmul(rel_rec, single_timestep_inputs)
torch.matmul({rel_send, single_timestep_inputs)
torch.cat([receivers, senders]l, dim=-1)

Variable(torch zeros(pre_msg. size(@) pre_msg size(1l) self.msg_out_shape))

single_timestep_inputs.is_cuda
all_msgs = all_msgs.cuda()

self.skip_first_edge_type
start_idx = 1

start_idx = 0

i

msg
msg
msg
msg

range(start_idx, len(self.msg_fc2))
F.relu(self.msg_fcl[i] (pre_msg))
F.dropout(msg, p=self.dropout_prob)
F.relu(self.msg_fc2[il (msg))

msg * single_timestep_rel_typel

all_msgs msg

agg_msgs
agg_msgs

all_msgs.transpose(-2, -1).matmul{rel_rec).transpose(-2, -1)
agg_msgs . contiguous()

aug_inputs = torch.cat([single_timestep_inputs, agg_msgs]l, dim--1)

pred
pred
pred

F.dropout(F.relu(self.out_fcl(aug_inputs)), p=self.dropout_prob)
F.dropout(F. relu(self.out_fc2(pred)), p=self.dropout_prob)
self.out_fc3(pred)

single_timestep_inputs + pred

J. Y. Choi. SNU
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3D-KGNN Encoder

GraphEncoder3D(nn.Module)

__init_ (self, n_in, n_hid, n_out, n_kps, do_prob=0.
super(GraphEncoder3D, self).__init_ ()

self.factor = factor

self.mlpl = MLP(n_in, n_hid, n_hid, do_prob)
self.mlp2 = MLP(n_hid * 2, n_hid, n_hid, do_prob)
self.mlp3 = MLP(n_hid, n_hid, n_hid, do_prob)
self.factor
self.mlp4 = MLP(n_hid * 3, n_hid, n_hid, do_prob)
print("Using factor graph MLP encoder.")

self.mlp4 = MLP(n_hid * 2, n_hid, n_hid, do_prob)
print("Using MLP graph encoder.")
self.fc_out = nn.Linear(n_hid*n_kps, n_out)
self.flatten Flatten()
self.init_weights()

init_weights(self)
m self.modules()
isinstance{(m, nn.Linear)
nn.init.xavier_normal_(m.weight.data)
m.bias.data.fill_(@.1)

edge2node(self, x, rel_rec )

incoming = torch.matmul(rel_rec.t(), x)
incoming / incoming.size(1)

receivers
senders
edges

torch.matmul{rel_rec, x)
torch.matmul(rel_send, x)
torch.cat( [receivers, senders]
edges

dim=2)
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Losses:

Trifocal Tensor Loss

|[SEDERA

Reprojection keypoint Loss. }
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forward(self, inputs, rel_rec, rel_send)

inputs.view(inputs.size(0)

self.mlpl(x)

self.node2edge(x, rel_rec, rel_send)
self.mlp2(x)

x_skip = x

self.factor
x = self.edge2node(x, rel_rec, rel_send)

self.mlp3(x)
self.node2edge(x, rel_rec, rel_send)

torch.cat((x, x_skip), dim=2)
self.mlp4(x)
self.edge2node(x, rel_rec, rel_send)

self.flatten(x)

self.mlp3(x)
torch.cat((x, x_skip)
self.mlp4(x)
self.edge2node(x, rel_rec, rel_send)
self.flatten(x)

dim=2)

self.fc_out(x)

T ZX0|H dimensionZt CH=

inputs.size(1), -1)
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* Training

3

= Learning rate = 0.00025 with weight decay = 0.0001
= Max iteration = 220000
» Using CarFusion dataset — train set

J. Y. Choi. SNU

loss_classifier: 0.0235 (0.0471) 1loss_box_req: ©0.0089 (0.0282) 1loss_edges: 0.0819 (0.1478) loss_kp:
2.8448 (3.2825) 1loss_trifocal: 0.0231 (0.0608) loss_objectness: 0.0003 (0.0042) loss_rpn_box_reg:
0.0007 (0.0037) time: 0.1916 (0.4864) data: 0.0043 (0.2811) 1r: 0.000250 max mem: 4406

2020-06-17 15:02:32,928 maskrcnn_benchmark,utils.checkpoint INFO: Saving checkpoint to ./log/
model_0220000.pth

2020-06-17 15:02:33,632 maskrcnn_benchmark,utils.checkpoint INFO: Saving checkpoint to ./log/
model_final.pth

2020-06-17 15:02:34,347 maskrcnn_benchmark.trainer INFO: Total training time: 1 day, 6:06:57.843496
(0.4928 s / it)

model_0200000.pth 581.1 MB 2020/06/17 9:19 PM
model_0205000.pth 581.1 MB 2020/06/17 10:00 PM
model_0210000.pth 581.1 MB 2020/06/17 10:41 PM
model_0215000.pth 581.1 MB 2020/06/17 11:21 PM
model_0220000.pth 581.1 MB Yesterday 12:02 AM
model_final.pth 581.1 MB Yesterday 12:02 AM
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= Test

= CarFusion dataset — test set (car_pennl, car_penn2) A&
= Evaluation2 2 A& SHA| 2£610] 2D imageOl| A{ 2| visualization Z21t2F &2
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= Success case

J. Y. Choi. SNU 34



AlS| 247

= Success case
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= Failure case
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