Click Here: Human-Localized Keypoints as Guidance for Viewpoint Estimation
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Objective and Contributions Click-Here CNN (CH-CNN) Experiments: Accuracy and Median Error
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over 8,500 CAD models from ShapeNet [2] Training Data
: : : bus car motor mean
* Better viewpoint estimates: :
. ineli | , , R4CNN [1], fine-tuned 2.93 5.63 11.7 6.74
Extend Render for CI.\IN. pipeline ?1] . Object bounding  boxes, | [']h |
to ger.]erate Synthe’uc |mages Wlth keypoint Iocations, and ::!XE: WE!ghtS, Ga:ssmn 3.00 5.88 11.4 6.76
PrOblem Statement keypomt d.ata | | viewpoint labels included IXxed weights, uniform 3.01 5.72 12.1 6.93
« Sample viewpoint and cropping . CH-CNN (KPM only) 3.04 5.73 11.3 6.68
Given an image, information about one keypoint (2D parameters, add background image Crop the. o?Ject andf creatﬁ CH-CNN (KPC only) 292  5.29 6.41
location and class), and the object class, predict the  Extract keypoint location and one training |.nstance or €ac CH-CNN (full model) 11.4
azimuth, elevation, and tilt of the camera w.r.t. the visibility from rendering engine visible keypoint .
object  CH-CNN surpasses state-of-the-art image-only model
* Weighing conv4 columns dynamically from keypoint
Training Procedure data works better than hand-crafted maps
. | . * Best results from using both keypoint location and class
1. Initialize image feature layers with RACNN [1] weights Geometric structure-aware loss [1]:
. . . Y . .
Azimuth 2. Fine-tune on synthetic data until convergence Ly, (S) = — 2 2 o~ (0,04t)/t log(P(8|s)) Experiments: Error Histograms
3. Fine-tune on PASCAL 3D+ data until convergence S 0cO
Keypoint class Keypoint map sCo vC 2000 200
car_left front_wheel (X,Y) 2500 2500
I - Qualitative Results 2000 2000
é(/& é% %, %o,
Vo e on e Gray bars indicate confidence across 360 azimuth angles o o
N X N2 \6c9 . . . . ) . . .
" %o, e %, * Green triangles mark the ground truth, purple lines indicate each model’s most confident prediction 1o 18
\%S N s, Se m = max(li — x|, |j — 5 5
0 R, 0 i = max(li =l =D Buses Cars Motorcycles " N
' 3 . - \ 0.0 0.5 1.0 1.5 2.0 2.0 0.5 1.0 1.5 2.0
Error (rad) Error (rad)
* CH-CNN: Large errors are less frequent
* CH-CNN takes advantage of keypoint features when
S— , — image features are insufficient
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