Supplementary material for 3D Human Pose Estimation with Muscles

A Technical appendix

A.1 Human model

We assume a rigid multibody dynamics model of a human with N, = 18 joints — pelvis, lumbar
Jjoint, thoracic joint, neck, scapulas, shoulders, elbows, wrists, hips, knees, and ankles. The pelvis
is set as the root, with 3 rotational and 3 translational degrees of freedom (DoFs). The scapulas
have 2 DoFs, corresponding to depression/elevation and protraction/retraction. The elbows have 2
DoFs, corresponding to flexion/extension and forearm pronation/supination. The wrists have 2 DoFs,
corresponding to flexion/extension and ulnar/radial deviation. The knees have 1 DoF, corresponding
to flexion/extension. All remaining joints have 3 DoFs, for a total of 47 DoFs. We selected this
configuration as it aligns best with existing biomechanics models that we implemented, such as for
anthropometrics estimation [16] and MTGs [53, 25].

Anthropometrics estimation. We predict the human’s anthropometrics by combining our regressed
residuals £ with initial estimates based on literature values A scaled by our predicted human dimen-
sions. Specifically, we want to predict A = Ug{my, Iy, Xx}, Where my, is the mass of segment
k, with Iy ;. as its inertia tensor at zero rotation with scaling matrix Ay, and xy, as its local CoM
position relative to its segment length. For the remainder of the section, we assume relevant units to
be in seconds, radians, meters, kilograms, Newtons.

From the predicted 3 and Eq. (2), we can compute the human’s volume and all segment lengths L.
We further compute the human’s initial bodymass estimate M as its volume multiplied by a constant
density of 985 kg/m?. For segment k, let s1, , = Ly /H be its segment length relative to height, and
Sm.,k = my /M be its mass relative to bodymass. Let “bar" (7) denote the human values measured by
Dumas ef al. in [16]. We set our initial estimates as A scaled by SL,k/gL,k:

~ _ S — _
{M, 5, o Ay X0} = {M,sm,kﬁ,Ak,xk} +E (19)
Stk
My = S M, where s, p = —<—— (20)
225 Sm.j
I())k = kaiA}g (2])

Lastly, we compute the body weight W of the human in Newtons, with g = 9.8m/s? as
W=g) m (22)
E

A.2 GRFM Model

Let 7 = [F,M]T be the ground reaction forces and moments (GRFM) applied at the CoM of a
foot in global cartesian coordinates. Let F = [Fx, Fy, F'z]T where Y is the vertical direction, and
Z = (24, 2y, 2,7 be the center of pressure (CoP) in the foot’s local coordinates where x is along the
length of the foot, such that

M=R’ ,zxF (23)

ankle
where Ry, is joint k’s local rotation matrix, and Rz = Rg( k)Rk describes the chain of rotational

transformations from the world frame to its local frame. We use lower case x, , z to denote the foot’s
local coordinates, and its dimensions {/;, l,,, [, } as shown in Fig. 6.

We predict the force in the vertical direction scaled by body weight FY¥ = Fy /W, and CoP along
the foot scaled by foot length 2. = 2z, /I;, from initial estimates based on the foot’s kinematics ¥ and
linear coefficients 1. Furthermore, let 1 be the coefficient of friction, initialized at 0.8. With our
regressed residuals ¢, and binary contact c, we infer:

{FX‘//V> Zi:a IU/} = {nFY\I}a 'r’z:xv\l]7 08} + 5{Y,l,,u} (24)
Fy = FYY - body weight (25)
Ze =21, (26)
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SPeCiﬁcaHY, U = [17 Pank:le,Y7 PoppAnkle,Yu Pankle,Yu Pankle,Yu Gankle,z> (jankle,za dankle,zy ] in-
cludes the ankle’s linear kinematics in the direction opposite of gravity, and angular kinematics
corresponding to plantar/dorsiflexion. Linear coefficients were fitted on the forceplate data in [75],
with nrpy =[0.3116, 3.1785, -2.2963, 0.4151, 0.0088, 0.3374, -0.1206, -0.0089] and ., = [0.68996,
-3.1508, 0.5925, 0.21997, 0.0035, 0.18502, -0.03311, -0.00212].

The remaining § terms are scaling factors between -1 and 1 to ensure the values in the other directions
are physically possible (i.e. F% + Fz < p?F2 and z is within the foot’s dimensions)

FX:§XMFy, Fzzéz\/m (27)

Zy = _|5hlh‘7 Zy = (55(lw/2) (28)
y
Abduction/Adduction
Plantar/Dorsi Flexion &vcrsiun/ﬁvcrsion
7 « X
’ [ . Figure 6: Foot local coordinate system and dimen-
lp 2 @ Foot CoM . . .
[ _‘ sions, with length ; = Iy + I3, width [, = 2I,,
N o and CoM height [},.

A.3 Muscle torque generators

We compute MTG torque 7,7 using the equations below that are parameterized by the v coefficients
that can be found in the tables of [56, 55]. For each joint rotational DoF ¢ € g6}, with angular
velocity ¢, let muscle signal « € [0, 1] represent the joint’s corresponding activation level for this
DoF, we separate its 7)1 into active torque generation T,ctjve and passive impedance Tpqssive

TMTG = Tactive + Tpassive (29)

We compute the active torque as
Tactive — ATy THTO (30)
where 7, models the active-torque—-angular-speed relationship [72, 69] and is paramterized as a
piecewise function with coefficients 7;.3.
(1 B 71)|wma:r| — (’72 + 1)71’}/3(1 1 <0 |wmaz| - q )
(1 - ’Yl)|wm(l$| =+ (’72 =+ 1)714 = |wmax| =+ ’YQQ

The peak velocity wy,q, for each joint we use the values from [56, 55]. The coefficient v, is the
ratio of the maximum eccentric isokinetic torque over the maximum isometric torque [72, 15], 72
is the slope of the eccentric and concentric functions when the angular velocity is zero [72], and
3 is a shape factor that influences the curvature of the hyperbola in the torque-velocity concentric
relationship [4].

(3D

Tw(g) =Lg<o(

Tp models the active-torque-angle relationship [21, 34] and is represented by the non-negative
portion of a polynomial (32) with coefficients 7y4.¢

70(q) = (Y4 + V59 + Y64%) + (32)

T is the peak isokinetic torque that controls peak MTG output at zero joint velocity, which can be
measured via dynamometry.

Tpassive 15 the passive torque [1] of a joint that arises when the surrounding muscles, tendons, and
ligaments are strained and intensifies near anatomical joint limits [1, 24, 85]. A joint’s viscous
damping and nonlinear stiffness are commonly described by a double exponential function [83]

_ ~—711(a—min) —Gmax
Tpassive = V10e el — 7126713(q 1 ) — Y14W (33)

where v19_14 are passive coefficients from [50] and 71, is the rotational damping linear coefficient
[82] to reflect viscoelasticity. This encourages the joint to move within its range of motion (RoM),
as a large restoring torque is produced otherwise.
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A.4 Inverse dynamics '

We compute 7, using Lagrange’s equations derived from d’ Alembert’s Principle of virtual work

Tg=MG+<C—-F (34)
We can write the terms on the right hand side as:
M= JI My, (39)
k
=S M+ 7 [0 0 | Medd (36)
- k k10 [Jakd]s

T = JgFoot]:LFoot + J}EFOOt]:RFoot (37)

where I is the identity matrix, ([-]s) denotes the skew-symmetric form, and

mkIg 0

My = 38
K { 0 R%onk(Rg)T} (38)

To deal with potential energy, we offset the root acceleration in the direction of gravity by -9.8 m/s.
Jacobian matrix J is the mapping from the generalized space to the global Cartesian coordinates,
such that for linear and angular velocities V4, €2, in global Cartesian coordinates, we have:

. J: . V;
Jeq = [ Jgﬂ q= {Qﬂ (39)

J can be computed analytically using a recursive algorithm such as in [17]. For segment &, we define
its parent segment p(k) as its neighboring segment that is closer to the root. Other than the root,
each segment has one and only one parent. We define k’s children ch(k) as its neighboring segments
further away from the root. Let r,_,; denote the 3D displacement from point a to b. For segment k,
with linear velocity V;, at its CoM and linear velocity V;’*""* at its corresponding joint, we have

‘/;Cjoint _ Vb(’@) + Qp(k) X Tp(k)—skioint = ijfolint = JV’P(k) - [Tp(k)ﬁkai’Lt]JQ,p(k‘) (40)
and the velocity at the CoM of segment k becomes:

Vi = ijOint + Qp X Thjoint 1, = Jvi = JV,p(k) - [Tp(k‘-)ﬁkjoint]g]gz’p(k) — [’I“k.jm‘nt_m}‘]g’k

(41)

From (41), we can compute the time derivative recursively as:
v = Jvp) = [Ppy—wiem ] Jape) — [Prome il Jok (42)

The global angular velocity of k in skew symmetric form is:

[24] = RQ(RY)T = (RO, Ri)) (RS 4 Rie)T 43)
= e = By (Roq)™ + B (RRRD (BT “44)
= [@p09] + R [wr] (RO (. [wi] = RuR]) @5)
=0 = Q) + Ry @i (" [Ab] = A[b]AT) (46)

. . . L . A . .
To avoid confusion of notation, we also write joint k’s rotation 8, = qi, i.e. we have generalized

coordinates ¢ = Fgo] € RNporx1 where X is the global root translation, 8 is the global

root rotation, @y, describes the local rotation of segment k relative to its parent p(k), and T =

el o7 .. OJTVk]. Let J,,  be the local Jacobian such that wy, = J,, ;6. We can compute €2,
recursively:

Dy = Qi) + Ry S 15 (47)

= 0+ Ju 080 + . + R0 o) Oy + Bogiy oo O (48)

2 Jawd (49)

"Derivations in this section are based on C. Karen Liu and Sumit Jain’s multibody dynamics notes: https:
//fab.cba.mit.edu/classes/865.18/design/optimization/dynamics_1.pdf.

13



Let Py, denote the set of all ancestors of k and itself (k € Py), we split Jq i into Ny, + 1 blocks of
size 3 X 3:

Jok = [03x3  Juo ]l1ekag(1)Jw,1 ]lNkGPkRg(K)Jw,Nk]€1R3XND°F (50)

For segment k, if we represent rotation 8, = [0y 1 62 Ok 3] 2 [@ B 4] € R3 using 3 Euler
angles, removing subscript & for notation simplicity, we have

) OR __. OR OR _. OR
= RRT = —R"0;,= —R'a+ —RT —RT4 51
and it remains to compute J’s s.t.
OR OR OR
Jo = J2 5], where )] = %RT7 [J2] = %RTv [Js] = avaT (52)
which satisfies [w] = Z[Jl]& and w = J,,0 (53)

i

Finally, let segment [ € P}, be an ancestor of & and denote {Jq 1}, 2 Rg(l)Jw,l as the (I + 2)-th
3 x 3 block in Jg j, from (50), we can compute its time derivative as:

. ) . ) 0J, 1 -
_ o 0 ; — ) )
{Jarh = Rp(l)Jw,l + Rp(l)Jw,l, with J, ; = ) Wz,zﬂl’l (54)
following (52), it remains to compute J’s s.t.
. A - . . . AR
Joi = [lia T2 Jis], wherel;; = 80?]- 01,i (55)
1,i it

A.5 Neural network

We trained a transformer encoder consisting of 8 layers with a latent dimension of 256, using total
loss L4 With weights Ay, = [0.5, 10,1000, 1,20, 1000] and Ay, = [100, 100, 20]. We trained
on AMASS with a sequence input length of 16 frames, after removing sequences containing non
feet-ground contact, with contact labels from [87], for 25 epochs. We used the AdamW optimizer
[46] with a weight decay of 10~* and an initial learning rate of 10~ that decreases by 20% every 5
epochs. The entire process can be trained in about 12 hours on a single Titan Xp GPU.

B Additional discussion

Limitations. Overall, we introduced MusclePose as a prototype for human pose estimation at a
more comprehensive musculoskeletal level. While this current version employs basic physics models,
more complex and SOTA models could be swapped in and explored. For one, our experiments were
trained on foot-ground contact labels from [87], but could be extended to full body-ground contact
cases using precomputed pseudo contact labels, and employing a full body GRFM model. The SMPL
kinematic model can also be replaced by more biomechanically accurate ones such as SKEL [80, 33].
Furthermore, we are working on collecting force-annotated video data from athletes, to better assess
physics pose estimators.

Societal impact. Our research hopes to create accessible biomechanical analyses for all, such
as for amateur athletes and rehab patients to track their dynamics from a monocular video (e.g. a
smartphone camera), without the need for expensive and intrusive physical sensors, that may only be
available in specialized labs. We foresee minimal negative societal impact from this work.

C Datasets and code

While our code is not yet ready for open source, our method and experiments can be reproduced in
PyTorch? based on the publicly available datasets and code repositories that we heavily borrowed,

?PyTorch license: https://github. com/pytorch/pytorch/blob/main/LICENSE.
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listed below. All physics models in this paper can be implemented based on the equations in Sec. 3
and Sec. A

Datasets

Code

* Training data:
AMASS [48], url: https://amass.is.tue.mpg.de,
license:https://github. com/nghorbani/amass?tab=License-1-ov-file#
readme

Evaluation data:
Human3.6M [27], url: http://vision.imar.ro/human3.6m,
license: http://vision.imar.ro/human3.6m/eula.php

3DPW [74], url: https://virtualhumans.mpi-inf.mpg.de/3DPW/,
license: https://virtualhumans.mpi-inf .mpg.de/3DPW/license.html

PennAction [88], url: http://dreamdragon.github.io/PennAction/,
license: http://dreamdragon.github.io/PennAction/

Additional qualitative comparison with biomechanics results from [75, 18, 79, 8, 29, 78, 57,
84, 64].

Model coefficients used:

Anthropometrics from [16], url: https://www.tandfonline.com/doi/full/10.1080/
23335432.2015.1112244,

license:  https://www.tandfonline.com/action/showCopyRight?scroll=top&
doi=10.1080%2F23335432.2015.1112244

GRFM coefficients fitted on [75], url: https://zenodo.org/records/6457662,
license: https://zenodo.org/records/6457662

MTG coefficients from [56, 55], url: https://link.springer.com/article/10.1007/
511044-024-10021-5,
license: https://link.springer.com/article/10.1007/s11044-024-10021-5

Neural network: for implementation, as well as training and evaluation, we heavily borrow
from:

SMPL [45], url and license: https://github.com/vchoutas/smplx.

SPIN [36], url and license: https://github.com/nkolot/SPIN.

MDM [70], url: https://github.com/GuyTevet/motion-diffusion-model, MIT li-
cense.

CLIFF [41], url and license: https://github.com/huawei-noah/noah-research/
tree/master/CLIFF.

PhysPT [89], url: https://github.com/zhangy76/PhysPT, MIT license.

WHAM [67], url: https://github.com/yohanshin/WHAM, MIT license.

Physics models: all physics models in this paper can be implemented based on equations in
Sec. 3 and Sec. A.
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