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Pivot Yoga: main features

• Yoga clothes embedding invisible inertial sensors;

• Showing to the user his/her body posture on the TV screen;

• Real-time comparison with teacher’s posture;

• Real-time human motion capture (full body);

Indoor application: NO MAGNETOMETERS
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Why do we measure stuff?

Physical phenomenon Inner state of the 

system

Sensor

“In order to determine whether a system is performing properly, and ultimately to control the

system performance, the engineer must know what the system is doing at any instant of time. In

other words the engineer must know the state of the system“ [Jazwinski]

“There is no substitute for a good sensor“  [D. Hall]

Control action



Why Kalman Filters then?

…because we wanted to go to space!



How did it happen?



Rudolf Kalman

Rudolf Kalman receives the National Medal of Science, 2008



A hot problem

Working temperature: 

5500 °C

Inner 

Temperature

Tin

https://it.mathworks.com/videos/understanding-kalman-filters-part-1-why-use-kalman-filters--1485813028675.html
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Getting really serious...

Process model��
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Let’s recap

State Observers

• Information fusion algorithms;

• Available measurements + dynamical 

system model;

• Estimate what you cannot measure;

• Closed-loop framework;

Given what I see here and 

what I know, what’s 
happening over there?



Linear state-space model

'�( � )(�(*+ $,(
-( � �(�( $ .(

vector state

�( � /+⋮/1 (

measurement state

-( � 2+⋮23 (

)( 	: state transition matrix;

�(: measurement matrix;

E ,(,	5 � 67( , 8 � 90, 8 ; 9 E .(.	5 � 6<( , 8 � 90, 			8 ; 9 E ,(.	5 � 0					for	all	9	and	8
,( and .( white Gaussian noise vectors



More vocabulary

( ( (*+ (
( ( ( (

State-space representation

LINEAR
Dynamical model

Stochastical model

Multi-Input Multi-Output

Time-variable

Markov process model

The state vector is a random vector!

(aka multivariate random variable)



A linear model for a rocket...really?
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If you can, your Kalman filter is 90% 

done
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Can you decribe your system with 

this model?



The remaining 10%



A Kalman Filter is...

• An optimal state observer (least squares sense*);

• Bayesian estimator: it estimates probability density functions, NOT 

deterministic values!

• A Recursive Bayesian estimator: prediction + correction recursion;

• An information fusion method;

• A sensor fusion method;

*See the beautiful article: Least squares estimation: from Gauss to Kalman, Soreson, 1970



Wait...sensor fusion? 

Sensor fusion are computational methods for: 

- Merging multiple data sources;

- Improving accuracy and/or robustness through

Sensing complementarities;

Sensors cooperation;

see another beautiful paper An Introduction to Inertial and Visual Sensing, Corke, 2007



How can the Kalman filter become a sensor fusion method?

( ( (*+ (
( ( ( (

Hint

Method 1 (easier):

Collecting multiple variables in the 

measurement vector -(;

Method 2 (more advanced):

Using sensor data to model system 

dynamics )(;

Question
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Vectors and orientations

x

y

z

{ }n

x
y

z

{ }
k

b

Conventions:

{bk}: Body reference frame at the  k-th instant;

{n}:  Navigation reference frame (fixed);

�(D
 � E+ EF						EG EH (5: quaternion which rotates a 

vector from {n} to {bk};

.D � �(D
 · .
0 · �(D
 *+ � J(D
.


the best reference ever, A survey of attitude representation, Shuster 1967



A KF for tilt angles estimation

Problem:

Tools:

Gyroscopes Accelerometers Kalman filters



Inertial sensors: accelerometer

If the body is not accelerated: -(KLL � M(D $ .(KLL � "sin�P8QR��	sin STUU 	cos�P8QR��cos STUU 	cos�P8QR�� (
$ .(KLL

-(KLL � M(D $ W(D $ .(KLL � X�DXYDXZD (
$ [�D[YD[ZD (

$ .(KLL
M(D:    reaction to the gravity;

W(D:    body acceleration;.(KLL:   random white noise

Accelerometer measurement model:

see Estimating Three-Dimensional Orientation of Human Body Parts by Inertial/Magnetic Sensing, Sabatini, 2010



Inertial sensors: gyroscopes

\ ]^, �_ � exp
0 bZD "bYD b�D"bZD 0 b�D bYDbYD "b�D 0 bZD"b�D "bYD "bZD 0

�c � cos ]de �_F fg $ hij ]de �_k]de �_k

0 bZD "bYD b�D"bZD 0 b�D bYDbYD "b�D 0 bZD"b�D "bYD "bZD 0
�c

Strap-down integration:

		�^lmn � \�](D , �c� · �n̂ 											.^lmn � "exp %](D o&�c .n̂ 	
-(pYq � ](D $ .(M-r � b�DbYDbZD (

$ .(pYq
Gyroscopes measurement model:

Unbounded drift error

exp %](D o&�c � exp 0 "bZD bYDbZD 0 "b�D"bYD b�D 0 �c � cos ]de �_F fg $ hij ]de �_k]de �_k

0 "bZD bYDbZD 0 "b�D"bYD b�D 0 �c



Back to work

Creating the ideal accelerometer with a Kalman filter

-(KLL � M(D $ W(D $ .(KLL � X�DXYDXZD (
$ [�D[YD[ZD (

$ .(KLL

-(pYq � ](D $ .(M-r � b�DbYDbZD (
$ .(pYq
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Tools:

Kalman filter W(D

M(D

-(KLL

-(pYq

M(D =

"sin�P8QR��	sin STUU 	cos�P8QR��cos STUU 	cos�P8QR�� (
Computing body pitch and roll



Step 1

-(KLL � M(D $ W(D $ .(KLL � fG fG M(DW(D $ .(KLL

'�(l+ � )(�( $,(
-( � �(�( $ .(

What should I put in the state vector?

Let’s rewrite the accelerometer measurement model:

�( � M(DW(D �( � � � fG fG .( � .(KLL
Looks like a good idea to assign:



Step 2a

M(DW(D � )( M(*+D
W(*+D $,(

-(KLL � fG fG M(DW(D $ .(KLL

What about the state transition matrix?

M(DW(D � ? ?? ? M(*+D
W(*+D M(DW(D � ? tGtG ? M(*+D

W(*+D M(DW(D � <DdDduv tGtG ? M(*+D
W(*+D

M(DW(D � "exp %](D o&�c tGtG ? M(*+D
W(*+D M(DW(D � "exp%](D�c& tGtG RKfG M(*+D

W(*+D



Step 2b

M(DW(D � "exp %](D o&�c tGtG RKfG M(*+D
W(*+D $,(

-(KLL � fG fG M(DW(D $ .(KLL

Almost done:

M(DW(D � "exp %](D o&�c tGtG RKfG M(*+D
W(*+D $ "%M(*+D o&�c tGtG RDfG -(pYq-(w3

-(KLL � fG fG M(DW(D $ .(KLL
see A Novel Kalman Filter for Human Motion TrackingWith an Inertial-Based Dynamic Inclinometer, Ligorio, 2015

Done:



Part 4

Part 1: The idea

Part 2: Understanding Kalman filtering

Part 3: Developing a Kalman filter

Part 4: The prototype



Human motion capture

• We ported our Kalman filter code in 

our Pivot Units;

• Our 20 subjects wore 14 Pivot units;

• We collected VICON ground-truth 

data;



Prototype is up

Fourteen copies of our Kalman filter at work!



Prototype validation

• Provisional patent already issued in US;

• Publications on international journals are (hopefully) coming soon!



namaste

Thanks for your attention!

A special thanks to our 

yoga teachers
Ruggero Ruggeri

Arianna Renzetti

www.yogawave.it

Chaitanya Mayi

www.atmayoga.it

Umberto Iglina

www.umbertoiglina.it

Flavia Marchetti


