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Research Context

Motion analysis, expertise modeling and synthesis for...

Motion and force tracking
for ecological ergonomic
assessment

Sport training in Real and Virtual Environments
with focus on rowing

Complex articulated motion (26 DOF)
100Hz loop embedded for feedback and VR
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Motion Capture Techniques
Different types of MoCap systems

Vision IMU Mechanical Electromagnetical
|
| |
Marker Based Markerless
— Passive — Multi-view
— Active — Depth
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Wearable MoCaP

Inertial sensors embedded in suit
® Gyroscopes

Accelerometers

® Magnetometers

+ Real-time -

recording No global
High accuracy position

Self-contained Drifts
Portability
No occlusion
Low cost

'#'J © 2014 Scuola Superiore Sant’Anna
rceptual




Obijectives

* Modeling Objectives
— Multiple Body Links
— Flexibility in Modeling

« Supporting changes in configuration such as
sensor position

« Computing Objectives
— Real-time Reconstruction
— Scalability
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Bayesian Filters for Inertial Reconstruction

« Each of the variables

Linear o (Non Iinear\
involved in the models is
model model .
g < — potentially correlated to all
[Cheng2007] the _Others
o T . Losmg control of the
[Zhu2004] [El-Gohary 2012] covariance matrices makes
PF Impossible to directly
[Zhang 2011] :
LN /) ) represent variables

Independence
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Proposed Approach: PGM

* More flexibility in variables representation

» Variable independencies are directly
represented, this leads to more realistic
assumptions

* Already successfully exploited for human
motion analysis [Ganapathi2010] [Cheng2013]

NBR
'#"‘ © 2014 Scuola Superiore Sant’Anna

"""""""""""""""""""""""""""""
— Robotics Laboratory




Proposal

In this work we propose:

* A novel approach to motion reconstruction based on
PGM, adopting a PGM framework particularly suitable
for exploiting IMUs sensors measurements

* We show an example of how to apply PGM to human
motion reconstruction. In particular:

1. We present two PGMs for reconstructing body pose
and motion based on IMUs signals

2. We evaluate the models against an optical tracking

system and state of the art Kalman Filters based
models
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Body Kinematics

The chosen Kinematic representation is based on Denavit-Hartenberg that,
in comparison to quaternion approaches:

« Automatic enforcement of axial constraints of joints

« Extraction of joint variables for force modeling

The model discussed is 5SDOF, more complex models are possible (e.g.
7DOF with clavicle in Peppoloni 2013)

Frame «a; «o; d; v
1 0 7T/2 0 191

0 #n/2 0 dJy—m/2

3 lua 0O 0 vJ3+m/2

4 0 wn/2 0 Jq44m/2
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Kinematic Model

State Model 1 T, 717
T; = AZQ?Z 1% A;i=10 1 T
zi =g, G, ;)T i=1,2,....n _ 0 0 1 _
Random Walk
Measurement Model [El-Gohary 2011 and
Peppoloni 2013]

z=h(z)+¢€
Every joint measurements vector can be written as a
function of all the previous joints state of the kinematic
chain . — hy(213)
S1 113 A L T
252 = h2($15)
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UKF Complexity

Definition
— S sensors
— fframes
— n state variables
— m observations
 Linear Prediction: 4n3
« Cholesky: n%/6
« Sigma Points: 2n+1
* Measurement Function: 250 (s + f)
— S sSensors
— fframes
« Kalman Correction: m3+2m2"+28mn?+8n3
e Overall (s,f,n,m)
— 20n3 + (52m)n? + (2m? + 500f + 500s)n + m3 + 250f + 250s
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PGM Representation

One DoF — One sensor DAG representation
ms1 :  Barth Magnetic Field

Z¢1 . Linear Acceleration w; = Ri(wp + dp+120)
ws1 - Angular Velocity w; = Ry (wp — dp+15(20)wp + Gp+120)

&; = Ry, — S(r}, Jios + S(wi)’r) ; + gi

QOO i
m'i:R;mp

Explicit
Expression Tree
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PGM Representation

One DoF — One sensor DAG representation
ms1 :  Barth Magnetic Field

Z¢1 . Linear Acceleration w; = Ri(wp + dp+120)
ws1 - Angular Velocity w; = Ry (wp — dp+15(20)wp + Gp+120)
&; = Ry, — 8(r}, Jao; + S(wi)’r) ; + gi

QOO ik
mizR;’mp

—©—@

Five DoF — Two sensors DAG representation

Explicit
Expression Tree
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PGM Adoption

 Itis well known that an Expression Tree of Linear
dependent equations with Gaussian distributions is
equivalent to a single Matrix sparse problem

* Non-linearity in the Equations makes the propagation of
belief using Sigma points non-trivial

« We propose a decomposition of the tree that exploits
the kinematic structure allowing:
— Reduction of computational cost
— Flexibility in the structure
— (Future) adoption of priors in the D-H parameters
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Message Passing: Algorithm

* Propagation of Belief involving Sigma Points
decomposition

« Exemplified using the two blocks of the SDOF
structure above

 Two approaches discussed and evaluated:
— Single propagation $S1S2
— lterated propagation S1S5251

« QOperations expressed in terms of Canonical of
Normal form of the Gaussian

Different from @ @ Composed states

Cascade Kalman

5 Gy G
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Message Passing: Operations

Operations involved in the approach,
classical steps from UKF

TempUpdate
Covariance Y- =AY, AT LR
Tig, Tig_q
UT Transform
2n (m)
Yi=h(x;)) 1=0,...,2n y:z‘:owi Vi
2n
Py=3w” %-7) % -7)
2n
Poy= 3w (=) =)
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Message Passing: Operations

UT Update

Evidence is pushed towards x
Y, = Yw szQ 1Yw7;Yx—
Marginalize

Y =Y(s,s)—Y(s,s)Y (t,t) Y (s,t)
g =y(s) =Y(s, )Y (t,8) " y(t)

Where s is the set of indices to keep in the marginalization
and t the remaining ones to be marginalized out
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Message Passing: Algorithm
S251 Algorithm

- l\[iu.uf)k 24:15 ] TempUpdate(/J’xlE’ 1’ z]‘Elf’k—l)

Y,.,] = Marginalize
('y:cm 15 {1 2 3

Y

- -
-
- -
-
_”
7 _ _ ) . _ _
/ \ e [252,; mekzﬂk] = UT Transform(z 5, , ha(7y5, )
| _ _ _ A \
\5.[z51k, YmmszIk] =UT Transform(q:lgk, hl(a:lgk})\ | \
N 1 \
S 1 |
S o |
~o i \
~ o - \
— — —
[J.Llik sk] - il “
_ _ - \
UT Updat.e(ywlixk,Kmk,lek Yllikzbl Qs1, Zs1) \ ,
N ” 3. [yl‘mk de’lsk] -
— UT Updato(y;mk ) x_15k ) Z§2k, Y$_15k.252k.’ QSQ: 252)
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Message Passing: Algorithms
S251S2 Algorithm

7.[z§2k,Yl;5kZS2k] = UT Transform(zys, , ha(215, ))

This two steps can
be repeated with
S1and S2, butitis
not guaranteed to
converge to a
better estimation Nt

UT Upda‘to(ymmk: YT:mk: Z§2k? }/;’qf’kzszk ) QSZ: ZSQ)
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Validation

Two validation steps:

1. Synthetic joints angles and q
measurements

2
N

2

)
NN TN TN TN

~

2. Real measures obtained from a
healthy male volunteer wearing
two Bluetooth Invensense
MPU9150 IMUs (upper arm and
fore arm).
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Results: Synthetic Data

Averaged RMS of the joint variables in the 5 DoF kinematic chain and
comparison between S2S1, S251S2 and UKF

S251 S2S51S52  UKF
q |rad| 0.034 0.029 0.029
rad/sec|]  0.084  0.077  0.078
 [rad/sec?] 1.0782 0.9832 1.0243

.
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Results: Experimental Setup

* Results are compared against Vicon optical motion
capture system

« Six reflective markers allowed to reconstruct upper
limbs kinematic.

* The subject performs a sequence of functional
movements involving all arm DoF

NBR
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Results: Real Data

Comparisons between optical estimation and S251, S2351

and UKF algorithms

RMS

5251  S25152  UKF

¢ |deg] 6.68 6.78 6.84
¢ |deg| T.67 6.64 7.58
q3 [deg] 3.81 3.77 3.80
qs |deg| 7.25 7.24 7.29
qs [deg] 1547 1549 15.50

Correlation coefficient

$2ST S2S1S2  UKF
¢ 094 094 093
@ 081 081  0.80
¢; 0.98 098  0.98
gs 0.98 098  0.98
¢ 075 074  0.74
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Results: Real Data

Motion tracking results obtained with the S251S52
algorithm. The DoF-related functional movements are

highlighted by the boxes.
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Results

« Synthetic measures:

— The iterated message passing algorithm performs as
the UKF with a slight improvement in ¢ estimation.

— The basic message passing algorithm performs
iInstead slightly worse than the UKF.

« Real data:

— The message passing algorithm performs as the
UKF

— The iterated message passing algorithm performs
slightly better with an increment of accuracy of 1°
on the shoulder rotation estimate.
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Conclusions

 We presented a novel approach to human
motion reconstruction with IMUs that exploits PGMs.

* The model represents better the actual dependencies of
the variables compared to Kalman Filters.

 We proposed a message passing algorithm and an
iterated message passing algorithm to estimate joints
variables

« The results of the two algorithms have been compared
to the UKF showing a slight improvement in the
estimation using the iterated message passing
algorithm
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Further Developments

1. Refining the message passing algorithm to maintain
also the independence among different joints variables
and increase the accuracy of estimates

2. Evaluation of computational cost, to make the
algorithm suitable for real-time embedded motion
tracking

3. Implementation using Information Matrix and Squared
Root representation for improved precision

Data and values of covariances used will be published for
comparative testing.
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Thanks for the attention

email:
e.ruffaldi@sssup.it
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