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Data Shape Mappings SHAPY
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Valo & Fomale Maloonly | Female only #) Annotation images  Internet Model Data P2P2ok (Mm) |
short ong neck skinny arms pear shaped C.(B) =1.03m l wiid) Methoo Female Male
big ong legs average petite Cy(B) = 0.9m R | - N A2S 10.9 + 5.2 11.1 4 5.2
tall ong torso rectangular slim waist Cy(8) = 1.01 m 1JUISTIC 00Q) *
muscular  short arms delicate build | large breasts : - Attributes ' H2S 12.8 +=7.0 12.1 == 6.1
broad shoulders | soft body skinny legs AH2S 72+28(—5.6 mm) 6.8+£2.3(—5.3 mm)
masculine feminine HW2S 7.9+ 3.2 .1 +2.7
Annotation model) Y Virtual Measurements (VM) AHW?2S 6.4+25(—1.5mm) 6.3+2.1(—1.8mm) SHAPY
Linguistic shape attributes: A € {1,2,3,4, 5} VxAxK Anthropometric measurements: | - S . C2S 19.5 + 10.8 197 +11.1 (best model)
. . - AC2S 9.6 £4.3 (—9.9 mm) 9.6 £4.4 (—10.1 mm)
» A attributes Weight: W () - . A A 1112
. K annotators » Chest, waist and hips circumference: Shape to Attributes (S2A): A = S2A(3), A € |0, 5] HC2S 7.3 £2.38 (.7 £2.6 Lty = | ‘A — A| |2
Ce(B), Cw(B) and Ch(B) Virtual Measurements (VM): 4, W, C., Cw, Ch, = VM(3) AHC2S 6.3+ 24 (—1.0mm) 6.0+2.0(—1.7mm) Ao
CAESAR: Model agency dataset: Attributes & Measurements to Shape (AHWC2S): HWC2S 72429 (.31 2.6 Lhﬁ‘«ight — | |H — | |2
+ Linguistic shape attributes - Images | + B = AHWC2S(A, H, W, C¢, Cw, Ch) _ARWees 62x24(-10mm) 58=200715mm) || . 3 1O, — G2
f | L * Anthropometric measurements * Linguistic shape attributes * B =HGC25(H, C¢, Cw, Ch) Predicting 3D shape with attributes is always more accurate. cre ic{c,why vz
_ Silhouettes unsuitable « SMPL-X shape parameters, 3 * Anthropometric measurements —
Images 3D body shape _
for loose clothing [5] R e S u I tS
Impractical to scan 1000s of subjects

Keypoints are
insufficient [2]
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Ground-truthf] SHAPY ] Sengupta et al. [5][ ]

Images 3D body shape &
Linguistic shape |
attributes T Method Model Height Chest Waist Hips P2P5ok
Lo Mo Ski Ul
Ng legaSculy NNy 4 me & SMPLR [1] SMPL 182 267 309 305 69
S v STRAPS [2] SMPL 135 167 145 102 47
SPIN [3] SMPL 59 92 78 101 29
References TUCH [4] SMPL 58 89 75 o7 26
[1] g/loazdoadi et al., SMPLR: Deep learning based SMPL reverse for 3D human pose and shape recovery, PR, | Sengupta et a|_ [5] SMPL 82 1 33 1 07 63 32
[2] ggggupta et al., Synthetic training for accurate 3D human pose and shape estimation in the wild, BMVC, + 3D bOdy SCans fOr 39 .SUbJeCtS (20 tfemale, 15 male) ExPose [6] SMPL-X 85 99 92 94 35
[3] Kolotouros et al., Learning to reconstruct 3D human pose and shape via model-fitting in the loop, ICCV, and SMPL-X reQIStr_atIOnS _ . SHAPY (OUFS) SMPL-X 51 65 69 57 21
o omsatcontact and o oo « 1318 lab and 1225 in-the-wild photos for each subject
Uller et al., On self-contact and human pose, , : : : :
[5] Sengupta et al., Hierarchical kinematic probability distributions for 3D human shape and pose estimation e Validation set: 10 SUbJeCtS (6 female, 4 male), /81 Images :
[6] f(;?w?ultrgsiisall.r,] mSnvggii;?g(\érgggile body regression through body-driven attention, ECCV 2020 * TeSt Set: 25 SUbjeCtS (1 4 female: 1 1 male), 1 5762 images H BW teSt Set resu ItS A” erro rS In m m ]



