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Zebra Pose, Shape, and Texture
from Images “In the Wild”
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The Grevy's zebra

https://zebra.wildbook.org/
First census of the Grevy's zebra
with photographs of ordinary
citizens
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e Skinned Multi-Animal Linear model

* A 3D shape model representing articulation
and shape variation across different species

Taasi g Examples from the training set
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* From 3D data, fast to compute

S. Zuffi, A. Kanazawa, D. Jacobs, M. J. Black, 3D Menagerie: Modeling the 3D
Shape and Pose of Animals, CVPR 2017
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SMAL shape space

Training set: Toys scans Auem— e — AN A
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Applications of SMAL

Automatic segmentation and keypoints detection from silhouette

3D Fit

Model Fitting

Alternative View

RGB SMAL [9] Ours

B. Biggs, T. Roddick, A. Fitzgibbon, R. Cipolla, Creatures great and SMAL:
Recovering the shape and motion of animals from video, ACCV2019




Our work

* GOAL: Estimate 3D shape and pose as a direct
regression from RGB

* APPROACH: Supervised, training based only on
synthetic data




= SMAL with Refinement (SMALR)

1. SMAL model fitting 2. Model-free shape Refinement
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S. Zuffi, A. Kanazawa, M. J. Black, Lions and Tigers and Bears:
Capturing Non-Rigid, 3D, Articulated Shape from Images, CVPR2018




Animals avatars with SMALR

Capturing Non-Rigid, 3D, Articulated Shape from Images, CVPR2018



Grevy'’s zebra avatars

Multiple images of the same subject
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Synthetic dataset from avatars

Synthetic




Network

texture map
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SMAL horse
template

input image

—  translation

Parz?ms T focal length e
predictor [ 3D pose

prediction

Shape predictor:

Vsha,pe(fs) — Vtemplate +dv
dv=Wfs,+0b

SMAL model:

Vshape (5) — Vitemplate + BSB
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prediction

Ltrafin — Lmask(sgtv S) + Lkpgp (KZD,gt7 KZD) +
Lcam(fgta f) =+ Limg (Iinputa Ia Sgt) + L;pose(egta 9) +
Ltra,ns (f}/gta fY) + Lshape (dvgta dV) _|_ Luv(uvgtv uv) +
Liex(Tyt, T) + Lar(uv, Sqe)



Results on test set
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Unsupervised optimization

texture map
features ey e \f ‘; i .?g
) > Stitching ) YAUAN Ly
H e —
predictor — i
zebra T- pose.
Shape dv T*"
predictor ( ack ;
ackgroun
input image SMAL horse odel
template
ey LFANSslation —
Para?ms .— focal length ) @ + ‘
B Regression network predictor 3D pose N\ O

Per-instance optimization
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Unsupervised optimization

prediction predicted optimization
input overlap image result




Method PCK@0.05 PCK@(.1 IoU
(A) SMAL (gt kp and seg) 92.2 99.4 0.463
(B) feed-forward on synthetic P 97.1 0.423
(C) opt features 62. 81.6 0.422
(D) opt variables 59.2 80.6 0.418
(E) opt features bg img S5+ 80.5 0.416
(F) feed-forward pred. 59.5 80.3 0.416
(G) no texture 52.3 76.2 0.401
(H) noise bbox f 58.7 79.9 0.415
Texture Better to
prediction  optimize over

helps!

features
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