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" The movement of a man jumping hurdle" by "The Horse in Motion" by Eadweard
Etienne-Jules Marey Muybridge




Motion Capture Applications




| Existing Solutions

Optical MoCap

High-End Cameras track
reflective markers placed on
the subject.

IMU MoCap

Inertial Sensors placed on the
human body.

TATARRARA

Markerless MoCap

No need for sensors based on
AT keypoints detections
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'» Exis’ring Solutions

Feature High-end Low-end Markerless
optical optical

Cost cecee oo .o

Setup effort | eeecee cos .

Space needs cocee cos o

Cleanup effort | «. coee cocee

Data fldell"'y cecoeoe ceooe oo




The Shift Toward Accessibility
&  Lower CapEx
« Lower complexity and expertise needed to operate

/  Remove the need for manual cleanup

Q ® Move to a markerless solution
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| On what Price?

é — More Noise

&
y Automation using AL
/

Q¢

VR ¢ — Improved quality & Maturation
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Adversary I - Data Bias




GARBAGE OUT ROBUST INSIGHT OUT

10




Challenges: Data Redundancy I | 1

fARRA K

Motion cycle contains similar parts

11




TRTARRRAR

| Challenges: Long-tail distribution
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T I VAE I T
Reflect the bias of the data
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Relevance via Reconstructability
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Relevance via Reconstructability
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—> Relevance / Importance
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Oversampling using Synthesis

Sample the latent
space
around anchors

N(0,0.1)
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ai(t)vers:ampling using Synthesis mﬂxt
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Results - TAIL dataset

RMSE | MPJPE | PCK1 1 PCK3 1 PCKT 1 |

all ATINS legs all ArIs legs all arms legs
36.10 mm 3260 mm  20.10%  12.13%  23.23%  80.23%  TT.I0%  80.33%  03.12%  93.43%  94.92%
[13] 36.05 mm 3211 mm  21.01%  13.41%  24.53%  80.129%  77.43%  80.73%  03.23%  93.1% 05.12%,
Churs 3580 mm  3L15 mm  22.04%  14.99%  25.68%  80.2TY  TT.O4% RL.O0Y%  04.31%  93.% 05.21%
BMSE 3290 mm  25.21 mm 27.66% 16.21% 26.13% 81.98% 77.32% RL.10%  94.92%  93.10%  95.10%
RANDOM 3580 mm 3184 mm 23.00%  14.56%  26.01%  81.81%  TTA6%  80.20%  95.70%  93.01%  95.30%
= | LERP 3350 mm 2819 mm 25.02%  12.30% 23.229% T9.82% 76319 R1.10%  95.22%  93.05%  05.10%
= | SLERP 33.25 mm 2582 mm  24.83% 14.23%  30.20% 80.85% T7.08% 82.16% @ 95.48% 93.18%  95.78%
5 SQUAD 3268 mm 2553 mm  25.11% 16.97% 30.35% 83.78Y T9.78% 84.15% 05539 03.72%  94.63%
“ | BEZIER 3401 mm 2626 mm  24.38%  15.37%  26.14%  82.10% 78.07% 81.34% 95.81% 03.00%  95.66%
B-spline 3482 mm 2749 mm 23.30%  14.53% 24819 80.25%  T4.84%  81.83%  05.18%  94.02% 95.23%

¢ | e(R) 3.2 mm 26.1mm  2310% 12.01% 25.10% 80.88% 74.10% SLO2% 94.95% 93.12% 95.01%

g | o(R) 33.9 mm 26.4 mm | 23.61%  12.11%  26.55%  81L.00% @ 74.10%  B0.10%  95.21%  93.02%  94.33%
;g'; e(D) 3381 mm 2582 mm  25.53% 18.32% 28.67% B81.11% 75.45% 82.84% 91910 93.62% 94.93%
" | a(D) 33.79 mm 25.7 mm 22.63% 13.18% 27.27% VO.74%  T4.52%  80.40% < 958.21% 92.60% = 95.45%
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Results THuman

RMSE |  MPJPE | PCK1 1 PCK3 1 PCKT 1
all arms legs all ATINS legs all arms legs

[I25] 2200 mm 1797 mm  27.15%  19.01%  26.10% 91.45% 87.43%  95.05% 98.01% 97.13% 98.01%

13 2181 mm 1768 mm  28.10% 19.89% 26.55% 91.89% 87.12% 95.11% 98.55% O7.10%  98.49%
Ours 2141 mm 1757 mm  28.69%  21.21%  27.33%  92.08%  87.50%  95.01%  98.59%  97.30%  98.80%
BMSE 2221 mm 1800 mm 25519  19.53%  25.02%  9L.90%  86.10%  95.05%  98.62%  97.05%  98.15%
RANDOM 2152 mm 1678 mm  31.60% 24.11%  30.11% 92.49%  88.10% 95.11% 98.11% O7.10%  98.95%

e | LERP 2159 mm  1680mm  2048%  21.11%  20.07%  92.68%  88.20%  95.15%  OR.58%  97.80%  99.01%
= | SLERP 2043 mm 1629 mm  3041% 2262% 29.02% 93.67% 88.40% 95.32% 98.92% 98.04%  99.05%
g SQOUAD 18.80 mm 15.33 nun  32.94% 25.03% 31.20% 04.81% 89.10% 95.41% 99.19% 98.20% 09.31%
" | BEZIER 1894 mm 1551l mm  3290% 25.03% 31.23% 94.56% 89.92% 96.15% 99.04% 98.16% 99.22%
B-spline 20.20 mm  16.06 mm  33.88% 24.78% 36.31% 903.49% 88.47% 94.99% 98.82% 98.07% 98.81%

¢ | e(R) 2065 mm 1699 mm  31.11% 221%  28.15% 93.01% 88.5%  95.34%  98.55% 97.45%  98.89%
Z | o(R) 20.60 mm 16,67 mm  30.99% 224%  2832% 92.79% 88.65% 95.5% 98.61% 97.65% 98.91%
Z | e(D) 2083 mm 1659 mm 31.5%  25.54% 20.18% 93.39% 88.56% 04.75% 98.69% 97.72% 95.76%
= | (D) 20.49 mm 16.51 mm 31.57% 23.26% 29.35% 92.72% 86.63% 94.84% 98.72% 97.62%  98.95%

24



Bes’r Sampling

RMSE |  MPJPE | PCKI1 1 PCK3 1 PCKT 1
all ArIs legs all ArIS legs all arms legs
[1Z5) 36.10 mm 3260 mm  20.10%  12.13%  23.23%  80.23%  77.10%  80.33%  93.12%  93.43%  94.92%
[13] 36.05 mm 3211 mm  21.01% 13.41% 24.53% 80.12% T7.43% 80.73% 93.23%  931%  95.12%
Ours 3580 mm  3L15mm  22.04%  14.99%  25.68%  80.27%  7T.04%  8L.00%  94.31%  93.% 95.21%
BMSE 3290 mm  25.21 mm 27.66% 16.21% 26.13% 81.98% 77.32% 81.10% 94.92% 93.10%  95.10%
RANDOM 35.80mm 3184 mm  23.00%  14.56%  26.01%  81.81%  TT.46%  80.20%  95.70%  93.01% 95.3(!%
=0 | LERP 3350 mm 2819 mm  25.02% 12.30% 23.22% 79.82% 76.31%  81.10% ‘]-’: 22%  93.05%  95.10%
2 | SLERP 3325 mm 2582 mm  2483% 14.2: a*/ 30.29% H{J.Hﬁ‘}{- 77. nH'/ 82 16% LW 93.18% 95 75%
8 ] § : - .35" ) I ' (i
@ BEZIER 34.01 mm  26.26 mm 24 .n-a/ 15. 'ﬁwf 26.14% 82 1[}% 78 U‘r% 81.34% 95 31% ‘le:-fJ% 95.6&%
B-spline 3482 mm  2T49mm  23.30%  14.53%  24.81%  R0.25%  T4.84%  B1.83%  95.18%  94.02% 95.23%
2 |e(R) 34.2 mm 26.1 mm  23.10% 12.01% 25.10% 80.88% T4.10%  8LO2% 94.95%  93.12%  95.01%
Z | e(R) 33.9 mm 26.4 mm  23.61% 12.11%  26.55%  8L00% T4.10%  80.10% @ 95.21%  93.02% 94.33%
;:' e(D) 3381 mm 2582 mm 25.53% 18.32% 28.67% 81.11% 75.45% B2.84% 0401% 93.62% 04.03%
=1 a(D) 33.79 mm 25.7 mm 22.63% 13.18% 27.27% 79.74% T74.52% ®0.40% @ 95.21% 92.60% @ 95.45%
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PCK1 1 PCK3 PCKT
RMSE J MPJPE § all ATINS legs all ArIS legs all ArIns legs

36.10 mm 32,60 mn 20010% 12.13%  23.23%  80.23%  TT.I0%  80.33%  03.12%  93.43%  94.02%

[13] 36.05 mm 3211 mm 21.01% 13.41% 24.53% 80.129%  77.43%  80.73%  03.23%  93.1% 05.12%

Chrs 3580 mm 3115 mm  22.04%  14.99%  25.68%  80.2TY  TT.04% RL.O0%  04.31%  93.% 05.21%

BMSE 3290 mm  25.21 mun  27.66% 16.21%  26.13%  81.98%  77.32%  BL10%  04.92%  93.10%  95.10%

RANDOM 3580 mm 3184 mm  23.00%  14.56%  26.01%  81.81%  TT.46%  80.20%  05.70%  93.01%  95.30%
en | LERP 3350 mm 2819 mem 25.02%  12.30%  23.22%  79.82%  T6.31%  BLI0%  95.22%  93.05%  95.10%
% SLERP 3320 mm 2582 mm  24.83%  14.23%  30.20%  80.85%  TT.08% B216%  05.48%  93.18%  95.75%
g | SQUAD 32,68 mm 2553 mm  25.11%  16.97% 30.35% 83.78% T79.78% B4.15% 05.55%  03.72%  04.63%
“ | BEZIER 3401 mm 2626 mm 24.38% 15.37%  26.14%  82.10%  TROTH  81.34%  95.81% 93.69%  95.66%

B-spline 3482 mm  2T49mm  23.30%  14.53%  24.81%  80.25%  T4.84% 81.83%  95.18%  94.02% 95.23%
2 | e(R) 3.2 mm 2.1 mm  23.10% 12.01% 25.10% 80.88% 74.10% SLO2% 94.95%  93.12% 95.01%
g 33.9 mm 26.4 mm 23.61%  12.11%  26.55%  8LO0%  74.10%  80.10% 95.21%  93.02%  94.33%
z 338l mm 2582 mm 25.53% 18.32% 28.67% 81.11% 75.45% B82.84% 094901% 93.62% 04.93%
= (D) 33.79 mm 25.7 mun  22.63%  13.18% 2v.27%  79.74%  T4.52%  80.40%  95.21% 92.60%  05.45%
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Best Relevance

wahalanobis .

mmse

error
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Synergistically

RMSE| MPJPE | PCK1 1 PCK3 t PCKT
all ATINS legs all ArIS legs all ArIns legs

36.10 mem 32,60 mem 20010%  12.13% 23.23%  80.23%  TTI0%  80.33% 093129 93.43%  94.02%
[13] 36.05 mm 3211 mm  21.01% 13.41% 24.53%  80.12% TT.43%  80.73% 93.23%  931%  95.12%
Ours 3580 mm 3115 mm  22.04%  14.99%  25.68%  80.2TY%  TT.O4% RL.O0Y%  94.31%  93.% 05.21%
BMSE 3290 mm  25.21 mun  27.66% 16.21%  26.13%  8L.98%  77.32% BL10%  04.92%  93.10%  95.10%
RANDOM 35,80 mm 3184 mom  23.00% 14.56%  26.01%  B1.81%  TT46%  80.20%  095.70%  93.01%  95.30%
e | LERP 3350 mm 2819 mm  25.02%  12.30%  23.229% T9.82%  T6.31% R1.10%  95.22%  93.05%  95.10%
% SLERP 3325 mm 2582 mm 24.83%  14.23%  30.20%  S0.85%  TT.08%  B216%  95.48%  03.18%  95.75%
5 SQUAD 32.68 mm 2553 mm  25.11% 16.97% 30.35% 83.78% T9.78% 84.15% 95.553% 03.72%  94.63%
“ | BEZIER 34.01 mm 2626 mm 24.38% 15.37%  26.14% 82.10%  TROTW  S1.34%  95.81% 93.60%  95.66%
B-spline 3482 mm 2749 mm  23.30%  14.53% 24819 80.25% TA84% B1.E3% 05.18%  94.02% 95.23%

¢ | e(R) 34.2 mm %1 mm  2310% 12.01% 25.10% 80.88% 74.10%  BLO2% 94.95% 93.12% 95.01%
Z | o(R) 33.9 mm 26.4 mm  23.61%  12.11%  26.55%  8L00% < T4.10%  B0.10%  9521%  93.02%  94.33%
;g'; e(D) 3381 mm  25.82mm 25.53% 18.32% 28.67% 81.11% T75.45% 82.84% 94.91% 93.62% 94.93%
= | a(D) 33.79 mm 25.7 mm 22.63% 13.18% 27.27% 79.74%  T4.52%  80.40% < 95.21% 92.60% 95.45%
= | e(D) + SQUAD _34.06 mm___26.50 mm __25.21% _14.28% 30.16% _82.780% _78.21% _83.33% 05.80% _ 95.94% 95.35%

g lo(D)+ SQUAD  32.54 mm  24.48 mun  28.15% 18.90% 29.68% 83.89% T79.85% 82.90% 95.54% 95.60% 94.33% |

29




30



31




TATRAFRARA

Results - TAIL dataset
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RMSE | MPJPE| PCKIt PCK31 PCKT?
113] 21.81 mm 17.68 mm 28.10% 91.89%  98.55%

liesul’rs - Different Model Architecture

o]

E [13] + BMSE  22.01 mm 18.05 mm 25.06%  91.79%  98.65%
13] + Ours  19.95 mm  16.45 mm 32.30% 92.45% 98.70%

~ 13 36.05 mm 32.11 mm  21.01%  R0.12%  93.23%

5 [13] + BMSE 33.34 mm  26.15mm  25.35% 81.03%  93.52%
[13] + Ours  33.01 mm  25.55 mm 24.99% 82.75% 93.90%

= [13] 190.32 mm 105.33 mm  28.01%  59.92%  73.45%

% 13 + BMSE 150.15 mm  101.0L mm  28.50%  60.01%  74.65%

[13] + Ours  110.01 mm 70.55 mm 30.15% 62.75% 80.05%
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Resul‘rs - Different VAE

TATRAFRARA

RMSE | MPJPE | PCK1t PCK31t PCK71?1
~, Benchmark 21.41 mm 17.57 mm 28.69%  92.08%  98.59%
E Benchmark + [4] 19.01 mm 16.556 mm  31.11%  93.33%  98.85%

Benchmark + Ours 18.69 mm 15.20 mm 35.59% 94.53% 99.09%
1 Benchmark 35.80 mm 31.15 mm 22.04%  80.27%  94.31%
E Benchmark + [4] 33.45 mm 26.01 mm  24.35%  82.03%  94.25%

Benchmark + Ours 32.54 mm  24.48 mm 25.15% 83.29% 95.54%
1 Benchmark 170.31 mm 103.83 mm  29.04%  60.91%  73.85%
% Benchmark + [4] 125.15 mm  75.50 mm  30.01%  61.01%  75.65%
O Benchmark + Ours 108.74 mm 65.33 mm 31.52% 62.85% 81.48%
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Adversary IT - Noise
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Model Noise

AT model -> information noise
(certain -> predictions)




Signal Noise

Low-cost sensors ->
noisy inputs & intense ghosting

Sparse views -> missing information

38




Result is affected by the different sources
of noise

MoSh: Mosen snd Shape Capere vom Sparse Markers

Molwood et al.

Lope_r et al.
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Iiobus’r Estimators

Robust Smoothing

Huber et al. Hanson et al.

Barron et al.

TATRRARRR

Known distribution
Intensive tuning
Require confidence
knowledge

40



Noise-aware solver

Adaptive fitting

- optimize for the
observations/estimations’ uncertainty
region

L
1 - 5
Edata = _2||£est,i - g;k”z + log o;
20;

1

Different weights for each landmark

CL
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L
/\’\/7 /N Thand — X
(Noisy/Occluded

Point)

~ 07, — 0 (Stable Point) . Separate noise

CY = =N 02D distribution
-  Each landmark has its

own variance
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Iterative
Optimization

Loy ———> 1/20%|Leu—L*|| +log(e) <——
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Experiments

Data Noise

- Ghost markers

- Occluded markers

- Measurement Noise
as random offset to
the markers

Inference Noise mn

Automatic Labeling
from previous model

44
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ng n,| RMSE| MAE| PCKl1t PCK31 PCKT71

Pl 3010 mm  349°  11.79% 66.85% 93.34%
[20] s x| 3080mm 310°  1271%  6T.06% 97.71%
Ours (€M) 28.90 mm  2.98° 14.71% 69.86%  98.18%
Ours (£7"|¢) 23.40 mm  2.29° 19.66% 81.06% 99.11%
2 20.60 mm  1.93°  28.71% 89.03%  99.05%
[20] x o | 21TLmm  191°  36.38% 8775% 98.22%
Ours (€M) 18.70 mm  1.85°  41.99%  90.95%  98.81%
Ours (€£™[€7) 18.50 mm  1.49° 42.18% 91.44% 98.56%
2 23.80 mm  2.03°  24.26% 85.63% 98.22%
[20] S| 248Tmm 194 31.99%  84.05%  97.00%
Ours (€M) 2240 mm  1.79°  36.01% 87.14% 97.53%
Ours (£™[€7) 21.90 mm 1.52° 36.67% 88.09% 97.69%

TRTARRRAR

Table 5.2:

Noisy landmark fitting on THuman 2.0. Comparison of our noise-aware
fitting approach vs. a variant of the fitting method from [2 [5]. RMSE is in meters
and PCK in (%). Subscripts j and m denote “joints”™ and “markers”, while ny and
n,, indicate data and marker noise, respectively.
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Results vs Mosh++
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- USB Cable
— Audio Jack

x 53 x Markers

TATRRARRR
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- Detect Markers in IR

¢/

Ring Around Marker -
> Centroid-> Output:
(x,y, depth) for each
marker ->Deproject

to Sensor Space " 46




le\/\ar'ker' Fusion RR?‘
~133

Fused in Global Space o -> Cluster ->

Input Markers~57

20
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Labelling & Solving

L est

Labeled Markers & Joints

Itm'uiivc\\
Optimization\ .
\\_)/: ore

Leyy ———— 1/20%|Lus— L] + loglo) <

Noise Aware Solver
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Blueprint - depth_cam_0 ? /' depth.cam_1 *  rgb_cam_0

» @ depth_cam_0
¥ @ depth_cam_1
* depth_cam_1
v @ depth_cam_2
* depth_cam_2
v @ depth_com_3
+ depth_cam_3

¥ @ rgb_cam_0
+ rgb_cam_0

depth_cam_3

frame_nm 30FPS

Stroams

¥ depth_cam_
» predicted/
* tensor

» depth_cam_1

» depth_cam_2

» depth_cam_3

infrared_cam_0/



http://drive.google.com/file/d/1q8OR80CjTZxLoRVCGVCR8asUF4Nqc0GE/view

In the wild results

—
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Adversary ITI - Markerless MoCap
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Markerless Challenges

¥ High-frequency jitter and sudden changes
© Missing key points due to body part occlusions
Flipping body parts

X Inconsistent predictions across adjacent frames

56




LMahmood et al. 20197

£ Temporal

Prior constraints

= Toenforce
temporal consistency

flw:l Lye et al. 20223 LAmab et al. 20191
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Iiela’red Work

@ Time consuming

Y Require several Resources
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 {

Bund leMoCap

\
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Vg

k2] Gains robustness to outlier estimates
@ Produces smooth motions, even without smoothness terms

¥ Maximizes runtime efficiency
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Pose Interpolation




Pose Interpolation
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Approach

t* =0

= G(S'(2",2T))
S Rt St(RO RT ) _____

dbbddbdd

t
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Appr'oach

multi-view 2D
keypoint constraints
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Slldmg Wmdows
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tt = 1: 04T
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multi-view 2D
keypoint constraints

-




multi-view 2D
keypoint constraints

o‘ 9(S'(2", Fa ))
= YR, R™)
t' = L', ¢™)
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TATRAFRARA

Results on standard benchmarks

[ MPJPE| RMSE| MAE| PCK31 PCK71  accel |
MuV S 53.36 mm 5854 mm  10.23°  28.02%  79.57%  10.99 mm/s?
DCT [6] 50.88 mm  56.72 mm  12.32°  29.21%  80.41%  09.19 mm/s?
DMMR. [9] 60.69 mm  65.16 mm  11.48° 20.93%  69.48% 09.57 mm/s*
SLAHMR [10] 50.49mm 5452 mm  08.57° 28.92%  79.20%  09.02 mm/s*
ETC [7] | 7274 mm  T7.83 mm 05.73° 32.63% 84.42% 07.92 mm/s?
BundleMoCap  38.36 mm 4310 mm  04.31°  33.70% 86.24%  06.18mm/s?
BundleMoCap++ 36.32mm  40.93mm 04.11° 46.27% 93.77% 02.52mm/s>

MPJPE | RMSE | MAE ] PCK31 PCK7TT accel |
MuV'S 64.99 mm  76.12 mm  6.28°  28.20%  73.75%  14.45 mm/s’
DCT 6243 mm 6813 mm  6.18°  35.84% 83.77%  12.01 mm/s?
DMMR. [9] 57.51 mm  67.66 mm  6.06°  37.52% 81.11%  11.52 mm/s?
SLAHMR. [10] | 61.8 mm 6255 mm  5.74°  A0.86%  83.97%  11.34 mm/s®
ETC [7] 59.51 mm  61.32 mm  5.64°  39.30%  84.50%  10.01 mm/s?

BundleMoCap 56.41 mm 5912 mm  5.43°  44.51% 85.71%  07.39 mm/s?
BundleMoCap ++ = 48.27 mm  56.44 mm  4.33° 48.75% 89.34% 05.66 mun /s’
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TRTARRRAR

Results on standard benchmarks

\

[ MPJPE| RMSE| MAE| PCK3{ PCK71 a accel |
MuV S 53.36 mm 5854 man  10.23°  28.02%  79.57% f§ 10.99 mm/s?
DCT [6] 50.88 mm  56.72 mm  12.32°  29.21%  80.41% | 09.19 mm/s*
DMMR. [9] 60.69 mm  65.16 mm 11483 ° 20.93%  69.48% | 09.57 mm/s*
SLAHMR [10] 50.49mm 5452 mm  08.57° 28.92%  79.20% § 09.02 mm/s*
ETC [7] | 7274 mm 7783 mm  05.73° 32.63% 84.42% | 07.92 mm/s?
BundleMoCap  38.36 mm 4310 mm  04.31°  33.70%  86.24% | 06.18mm/s?
BundleMoCap++ 36.32mm  40.93mm 04.11° 46.27% 93.77% | 02.52mm /s>

- h
MPJPE | RMSE| MAE] PCK37T PCKT‘r accel |
MuV'S 64.99 mm 7612 mm  6.28°  28.20% 14.45 mm/s?
DCT 62.43 mm 6813 mm  6.18°  35.84% 12.01 mm/s?
DMMR. [9] 57.51 mm  67.66 mm  6.06°  37.52% 11.52 mm/s?
SLAHMR. [10] | 61.8 mm 6255 mm  5.74°  40.86% 11.34 mm/s*
ETC [7] 5051 mm 6132 mm  5.64°  39.30% 10.01 mm/s*
BundleMoCap 56.41 mm  59.12 mm  543°  44.51% 07.39 mm/s?
BundleMoCap ++ 48.27 mm 56.44 mm  4.33° 48.75% 05.66 mim,/s? )
A\ .
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. i

Realism of the provided motion

FS |

MuV'S
DCT
DMMR
SLAHMR
ETC
BundleMoCap
BundleMoCap+-+

0.09 em/ f
0.09 em/ f
0.06 em/ f
0.07 em/ f
0.06 em/ f
0.07 em/ f
0.03 cm/ f

TATRAFRARA
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TATRAFRARA

Performance vs Efficiency

® Bundle++
Bundle
= SLAHMR
‘55 ETC
E DMMR
(53 DCT
MuVS

MPIJPE (mm)
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TATRAFRARA

VAE Quality

Synthesis Reconstruction
FID | DIV 1| MPJPE | PCK31 PCK71
VPoser 0.94 12.11 | 26.21lmm  62.33%  89.82%
RVPoser 8.57 13.24 | 24.91mm  70.01% 94.05%
LieVAE 14.55 13.20 | 32.45 mm  55.32%  85.65%
SVAE 12.22  19.51 | 27.81 mm  66.14%  91.07%
SPoser(ours) 3.45 1812 | 24.88 mm 69.67%  93.99%
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VAE Quality

SRR 2

AAA AR AN A NS

,,QA

-

SIDER2(z;, zj, 2k)

AAA A A & & &2
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THTERRRR

SIDER Interpolation

dga = SLERP(qg, qo, 2), dgb = SLERP(ql, qa2, 2),

drp
A then
N Cinner = SLERP(qh d2a: t): Couter = SLERP(de: qs. t):

and finally
SIDERQ(ql, q2,q3, t) = SLERP(Cz'nner: Couter; t)-

77




MPJPE | RMSE| MAE| PCK31 PCKT 1 accel |

3782 mm 42,62 mm  04.15°  35.86%  86.94%  3.66 mm/s?
36.32 mm 40.93 mm 04.09° 46.27% 93.97% 02.52 mm/s®
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Smoothness

DCT Bundle E1LC

Knee flexion

time
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THTERRRR

Compar'lsons

MuVS Bundle SLAHMR

AR
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TATARRARA

Comparisons vs Pose Estimators

MPJPE | RMSE | PCK3+ PCK71 accel |
MVN [14] 85.34 mm  114.03 mm  10.76%  62.48%  07.45 mm/s*
BundleMoCap++ | 48.27 mm 56.44 mm 48.75% 89.34% 05.34 mm/s*

MPI-INF-3DHP

82




e

Comparisons vs Monocular

MPJPE | PAMPJPE | RMSE| MAE| PCK31 PCK71 accel |

HAD 49.05 mm 56.70 mm  7.56°  40.34% 82.35%  18.10 mm/s”
TCMR 110.4 mm 135.4mm  1556° 10.94%  55.46% = 10.70 mm/s>
BundleMoCap++  48.27 mm 56.44 mm  4.33° 48.75% 89.34% 05.66 mm/s*

MPI-INF-3DHP
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Comparisons vs Monocular

MPJPE | PAMPJPE | RMSE| MAE| PCK31 PCK71 accel |

H4D 49.05 mm 56.70 mm  7.56° 40.34%  82.35%  18.10 mm/s*
TCMR 110.4 mm 135.4mm  1556° 10.94%  55.46% 10.70 mm/s*>
BundleMoCap++  48.27 mm 56.44 mm  4.33° 48.75% 89.34% 05.66 mm/s*

\

MPI-INF-3DHP
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TATARRARA

Low-cost setup results

wn 8% (calibrated & synchronised sensors)
B & 60 fps

0 1920x1080
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TRTARRRAR

® CVMP2023
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http://drive.google.com/file/d/1m1U6icoGDm70jc4nq-AQUQ1uWegsNJsM/view

Scientific Publications

Towards Scalable and Real-time é«
Markerless Motion Capture.

Noise-in, Bias-out: Balanced and Real-time I C CVQS

MOCGP Solving PARIS

BundleMoCap: Efficient, Robust and
Smooth Motion Capture from Sparse @ CVM P2023
Multiview Videos.

BundleMoCap++: Efficient, Robust and 27 iR

Smooth Motion Capture from Sparse Multi R
view Videos.

From bias to balance: Leverage
representation learning for bias-free
MoCap solving

Robust and Efficient AL Motion Capture V I— V/\|—
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TATARRARA

Scien’rific Demos

MoCatalyst: Accelerating and Automating I C CVQS

MOCGp PARIS

LightMoCap: Light-weight,
Real-time and Scalable Markerless Motion CVM P2023

Capture
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THTRRR

Representation learning to solve real-world problems around MoCap

)

Summary

A
Adversary I: T deersary Il:
Data Bias Compound Noise

Common Poses
(e.g., Walking, Standing)

Rare Poses
(e.g,, Yoga, Combat)

/ S e e e,

The Problem: Datasets are
dominated by walking and
standing. Complex poses (yoga,
combat) are statistically ignored.

The Solution: Representation
Learning & Rare-Pose Synthesis.

i

o LR
(& .
je o °

The Problem: Low-cost sensors
introduce noise, which combined
with information noise from the Al
model is difficult to handle.

The Solution: Uncertainty-Aware

Neural Solvers.

-

Adversary lll:
Markerless MoCap

Raw Estimation

Solved Trajectory

The Problem: Frame-by-frame
estimation lacks continuity, leading
to shaking and sliding.

The Solution: Hyperspherical

Manifolds & Bundle Solving.
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Future Investigation

- Disentangled VAE — Better Representations (SO3)

Trunk VAE

d [ Ercoder N” 8 nwaaj
: <—rm;)f—> L "V TS
/ 4 Gaussian i v
/ 2 7/ / 7
X A
7
\f/\

Sm«p'el‘
(y, @)
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Future Investigation

- Bundle Fingers

V

3481773
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Future Investigation

- Towards implicit representations
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Stickman

.{:"’ ““‘:t.
Mesh-Based

Lmplicit




Thank you

"Nothing happens until something moves” - Albert Einstein

Candidate: Georgios Albanis, Supervisor: Dr. Konstantinos Kolomvatsos
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