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What is PDR?

A method to:

— estimate the user’s trajectory (Position
& Heading)

— by integrating inertial measurements

No need of external beacons: GPS,
Cell-positioning, LPS (WiFi, BLE, UWB,
US, Light,...)

Assumes known initial conditions:

— position and orientation

Uses Inertial data:

— Acceleration (m/s”2)

— Angular rate (rad/s)




* «Acceleration & Angular rate» signals to integrate

What is PDR?

— Example: 60 meters walk
— go (18 steps) + 1802 turn (1 step) + return walk (18 steps)
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What is PDR?

* Acceleration, Angular rate, trajectory integration ??...
it sounds like «Inertial Navigation» or INS
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* Can |l use Inertial Navigation System (INS) algorithms for humans (PDR)?
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2. Inertial Navigation (INS)

— Uses an IMU (Inertial Measurement Unit)

» 3 accelerometers (measuring “specific force” Non-zero acceleration
o o due to motion
[m/s?] caused by motion and also gravity) . 1
ensitive
axis KA
. " ) oF &= }Tma gl Acceleration due to
3 giroscopes (measure “angular rate” [rad/s]) Axt<| ¢ gravity
A7 ¥ mg

mg = kKAx + ma

— )
Gyroscope <@ Fo = —2m(w X v)
Coriolis force

meas

a =—_Axmeas=a_g
m
Y

A,

Accelerometer
Vx X
—h

i —
Vx

a,

Oscillating masses. If rotation w => Measurable lateral force is generated



2. Inertial Navigation (INS)

— INS Navigation equations:

, Accelerometer —» Navigation = 3D Position
* Integrates Inertial data: souEens (NS
— From aceleration -> velocity -> position Gyroscope > — 3D Pose
A
— From angular rate -> angles (pose) :
(~ e )
 From a given initial position and pose | Initial position and attitude
Accelerometers Nongravitational ¢
- acceleration [ Coordinate Addition of Initial Initial
v 1'.(“-: ' "| transformation gravity velocity positzion
B z 7 o)
it
F. = —2m(wggrdy X v)  Coriolis f Velocity f )io)sition
Coriolis force | compensation !
Gyroscopes Angular"
Xgyro rates Compensation : Attitude
Yioro ————>of Earth rate & — f o—>
Mo Z:g,m e s A Wtransport = U/ REartn
"""" T TA transport rate

Initial attitude



2. Inertial Navigation (INS)

29

m;r;J. " b-frame
* Reference frames:

— Navigation reference frame (n-frame):

Bod I ‘ I (I I l e I I I ' ‘ ( E ) f | ( V | ) / { \\\Loc‘ll Le 'el I angents ‘l l e
r ° _\"; /(p La Inlde : “ d I an

, d oy~ R
ol \ X Longitude
e Attached to object to track (where IMU is placed) i ’
e Attitude:

— 3D orientation IMU reference system (b-frame)
respect to the global reference system (n-frame)
e Euler: Roll, Pitch, Yaw (vector 1x3)

. Equator T

* Direction Cosine Matrix (DCM): R,", (matrix 9x9)
e Quaternions, (vector 1x4)




2. Inertial Navigation (INS)

2 types of INS:

Accelerometer —p N
Navigation = 3D Position

equations (INS)
Gyroscope — 3D Pose

1) INS with stabilized ‘ ) strapdown INS
platform (Gimbal) =, &




2. Inertial Navigation (INS)

Azimuth motor v

* 1) INS with stabilized platform (Gimbal) g

 Stabilized with motors to keep gyro signals to zero.

* Readings of axis: (Roll,Pitch,Yaw) directly gives the
Attitude

* Accelerometer signals are in n-frame => so INS only
has to substract “gravity”, and double integration to Gimbgl frame
getVand P

T — —
PFitch motor Mounting frame

Gimbal angular
pickoff signals

» Orientation

Att

Initial Initial
Velocity Position

fn fn \'/ P
Accelerometer Correct for - - Position
signals gravity Global Velocity

Accel




2. Inertial Navigation (INS)

e 2)Strap-down INS:
— No stabilized platform. 3 Acc y 3Gyr fixed to the body.
— Integrate angular rate (Gyro) to keep track of Attitude (R,")

— Transform especific force (f°) measureed by acelerometers in b-frame to
n-frame (f") using Attitude.

— Eliminate gravity (g) to that acceleration (f"), obtaing: f’"
— Integrate f'" to obtain velocity (V"), and again to get position (P")

wxb - Att
W b—> ate‘gyrgfgcr?;’lg_p » Orientation
n
R, Initial Initial
Velocity Position
fb
Project fn fn \'"/ pPr
)ﬁ\c:celero_meter_b accelerations Correc_t for > L » Position
signals onto global gravity Global Velocity
axes Accel




2. Inertial Navigation (INS)

e Strap-down INS: Implementation in Matlab

% INS Wil .[ At e

% Acc: IMU Acelerometer signal (3 axis) [m/s"2] ‘ ) 3? R P -

% Gyr: IMU Angular Rate signal (3 axis) [rad/s] _ "afb . I I T

% fs: Frecuencia muestreo [Hz] ﬁvﬂMQmﬂfgﬁﬁ " Comect for ;w j Lm J L peston
£ s Gt

o

Actualizar matriz de orientaciéon con valores de los "Gyros"
SkewGyros=[0 -Gyr(i,3) Gyr(i,2),;...

Gyr{(i,3) 0 -Gyr(i,1);...

-Gyr(i,2) Gyr(i,1) 0]*pi/180; %= rad/s
Rot_nb(:,:,i}=Rﬂt_nb(:,:,i—1}*(2*eye(3}+Skewarosffs}*inv(2*eye(3)—Skewarosffs); % Pade(1,1)

[=]

% Transformar medidas sensoriales de "b-frame™ a "n-frame"
Rcc_n{i,:}={Bﬂt_ph{:,:,i}*hcc{i,:}'}'; %Z(en "n-frame": Hoth-West-Up)

[=]

% Eliminar gravedad terrestre (que se lee en acelerdometros)

ncc_n_sin_g{i,:}=Ecc_p{i,:} - [0 0 gravedad],; %S(en "n-frame": Hoth-West-Up)

% Integrar doblemente aceleraciones (ahora yva sin la grawvedad)
?el_n{i,:}=?el_p{i—1,:} + 0.5*{ncc_n_5in_g{i,:}+Ecc_n_5in_g{i—1,:}}ffs; % integracion trapezoidal

Pos n(i,:)=Pos n(i-1,:) + ﬂ.5*(?el_n(i,:}+?el_n(i—1,:}}ffs; % integracion trapezoidal



2. Inertial Navigation (INS)

* INS concept is easy and we have the code

/
7
/

N / /
N \ 7
X /-
%

a\ant 2
— 0{; g

* So, PDR problem is solved:
— Let’s take an IMU and
— implement PDR as INS !!!

* Any problem with that?
— Yes, several....
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3. Implementation problems

* The size and weight of IMU:
— Pure INS solutions require bulky sensors
— Not good to be carried by a person in PDR

Wifi Camera eTLigm UWB
Proximity nrc O emperature

G ) Compass  Bluetooth
YroSCopes = Accelerometer
GNSS (GPS) .

@) Barometer Microphone
Infrared (,) Magnetometer




3. Implementation problems

X (acc)
_*_ X(base)

e The noise in the MEMS IMU:

— Systematic (calibrable):

* Ortogonality, scaling, thermal i e

O (base)

Y (gyro)

— Stocastic:

I ]
Z (gyro) ¥ v¥ Z(acc)
Z (base)

* Additive noise in Acc & Gyr readings

Allan variance

 Bias (systematic, unstability, turn on)

Rate Random Walk

Angle Random Walk slope=
[

|

buantization
'Noise slope=-1/2

|

slope=+1/2 Rate
slope

A
Bias instability




3. Implementation problems

* Ruido en senal en IMU segun categoria (“sensor grade”)

— Girdscopos —

Bias repeatability (turn-on)
In-run bias stability (BRW)
ARW (Angular Random Walk)
— Acelerémetros —

Bias repeatability (turn-on)
In-run bias stability (BRW)
VRW (Velocity Random Walk)
— Otros —

Precio (MEMS)

Consumer

1 000 - 10 000 °/h
10-100 °/h
0.5-2°/Vh

20-50 mg
0.05-1mg

0.1-0.5 m/s/vh

1-20€

Industrial

50-500 °/h
1-10°/h
0.1-0.5°/vh

1-5mg
0.01-0.1mg

0.02 -0.1 m/s/Vvh

100—-2 000 €

Tactical

1-10°/h
0.1-1°/h
0.03-0.1°/Vh

0.1-0.5mg
0.005 -0.05 mg

0.01 -0.03 m/s/vh

2 000-20000 €

Navigation

<0.05°/h
<0.01°/h
< 0.005 °/vh

<0.05mg
<0.005 mg

< 0.005 m/s/vh

>20000 €




3. Implementation problems

* Noise generates:
— Integration errors (Velo, Pos)

— Errors in Attitude (degress)

Xsens Mti:

Acceleration VRW BRW

Acc | Range (g) (ng/VHz) | (mg) Static accuracy (roll/pitch) | <0.5 deg
| £5/18 | 122 [ 005 | » Static accuracy (heading)! | <1 deg
Dynamic accuracy 2 deg RMS

Angular Rate | ARW BRW Angular resolution 0.05 deg

Gyr Range (°/s) | (°/hr) | (°/hr) 1 in homogeneous magnetic environment
[ £300 [3 [ 50 | . -

1 degree of inclination error - dramatic integration effects




3. Implementation problems

e Attitude error => gravity to leak as acceleration

Velocity Position
Time — Time — =

10004

good [ - _
= 600 '§ B
400
S 200]

o00d o e

East [m] North [m]

1 degree error - metros de error en pocos segundos. Imposible usar el INS puro.
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4. PDR algorithmic solutions

* Ways to improve INS for Pedestrians:
— 1) Split the INS problem into pieces: Step by step

— 2) Apply human motion models:
e Step frequency: 1Hz (useful for signal filtering and stance length estimation),
e Foot on floor: Acceleration peak (if IMU at foot => Velocity=0 at stance; ZUPT)

el iicagl
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4. PDR algorithmic solutions B { [ [ IBBERE

* Walking Phases:

— 2 phases (stance and swing) and 7

different sub-phases

— The stance (60%) and swing (40%)

phases

— For a foot-mounted IMU: Magnitude
of Acc & Gyr are stable during
Midstance (central stance phase)

Events Fo tFI t H |D1f Heel

St k (HS) (FF) fleft toe-otn {left HS) OH (TC) Strike(HS)

1 L]
% 103 20% 30%  40% 0% ﬁ'{:"’}‘b T BO%%  90% 113'1]%

- bl 8
»  STAMCE phase (nght} . ' SWING phase(right)
. :
Swing phase (left) . Stance phase(lef)
support: e 4 »he ple sid »
sDoubles Right single support 'Double! Left single support 'Doubla!
supporf :suppcl't: *suppart
Total cycl M :
STRIDE duration {right foat cycle)
35
30 . Accelerometer Magnitude I
251 '
20
15k
10
5L
0
g B
B
5
a 4 |
3 L
2k
1L
0




4.

PDR algorithmic solutions

* Foot-attached IMU signals at stance:

Accelerometer

Acceleration [m /]

Angular Rate [ rad/s]

Magnetometer

11— T T T T T T T T T

08

061

04}

02

(1] 8

Mag (a.u.)

02+

04k

06k

08F

L L L L R ! L

63 64 65 66 57 68 59

57 &8 6.1 62
seconds

IMU signals at foot stanceJ

Gyroscope

1 1
6.1 62
seconds

63 64 65 66



4. PDR algorithmic solutions

* There are 2 main types of PDR algorithms:

North

— “INS-ZUPT”: Integrates accelerations (INS) and
correct velocities with zero velocity updates (ZUPT)
at stance. IMU must be on foot.

— “SL+0”: Accumulates Stride Length (SL)
estimations, along the Orientation angle (0) at foot
stance. General purpose (IMU anywhere)

-
L
[




4. PDR algorithmic solutions

* General block diagram for an IMU-based Pedestrian Navigation

Position, Velocity

System:

/._ L [ _-“\\

Acceleration PDR Integration and Fusion

IMU Step/ Stance

Angular ratti Detection { SL-based } or { INS-based J

— ,/
T Drift Correction Data

~ ~

Drift Reduction Methods

metric, Camera,...) Building-Maps,...) (GPS, LPS)

N

Self-contained Sensors Movement Constrains Absolute External
(Magnetometers, Baro- (ZUPT, ZARU,HDR, Positioning Sensors

7

and Attitude
>



4. PDR algorithmic solutions

e Step detection

Step
Detection
Methods

|

(

Ad-hoc

Advanced
Processing

Additional
Sensors

)

( Signal Thresholds
Multicondition Thresholds

Zero-crossing

k Peak detectors
( Wavelet
Transform

Gait Phase
Classification

\

f Pedometer
Contact foot-switches

Foot radar

.



4. PDR algorithmic solutions

* Step detection using Accelerometers:

Step detection with Acceleration readings

) 50 I T T T T
Magnitude of acceleration | &
a;
Ta;
1 a; = \/“3-; + a2, + a2, S __5
/ BQ
+ a0k ® Step
| Local acceleration variance ‘
1 i+ 35 B
2 —\2
2 Ta; = 57 Z ((1] - (1,_]')
2+ 1 PR 30F
— 1 14w
aj = 2w+1 Zq:r’—ur Uq ‘ o, 25 /\

m/s

* . 20} A

| Thresholding /"‘
Tl o0, >TI 15

3 By = { 0  otherwise 1 \J
/

10_‘-"

B, —{ T2 04, <T2 v v
. 2071 0 otherwise
\ J 5 — ] -

[ Conditions step detection (i sample) 0 —— ] 1_,— )= | =) i
4 By < By, L A L ! ! ! ! !

50 100 150 200 250 300 350 400
max(Ba;.; ) = T2 samples




4. PDR algorithmic solutions

*___HIP

» Step Length (SL) Weinberg Algorith. e

— Assumes SL is prop. to BOUNCE
(vertical movement of hip)

— Bounce estimated from largest Acc. ALY AN N 4

RIGHT LEFT LEFT RIGHT
LEG LEG LEG LEG

Magnitude of acceleration

1

Weiberg SL

a; = \/a- —I—(1~ + a?

v

Low-Pass Filter

(~L,' = LP((II)

v

1.8f

1'6... oA oA | o oo DI P e . I A e . . Cagpeen

—
=

Stride Length (m)

—_
n

Weiberg hip bounce model " —— Fast (estimated)
‘‘‘‘‘ Fast (actual mean)
1/4 Slow (estimated)
. _ . o Slow (actual mean)
SLWe[bel‘Cr - IX {n]dx [1 :tl ] lnln l :I:l } 0.8f —— Normal (estimated) <
Sk -+ Normal (actual mean)
50 100 150 200 250

Steps



4. PDR algorithmic solutions

e Attitude estimation (AHRS):

= Orientation from gyroscopes (relative) :
w® = (Wi, Wy s ws)  Gyro signals @
t e
C(t)=C(0)-exp (f Q(’r)d’r) Y
0 S

C (rotation matrix) computed integrating the
skew simetric matrix from an initial orientation

8 —1
: ) . Ly .
= Orientation from accelerometers and magnetometer ¢ = tan (:) Pitch
(absolute references): » -
m® = (mf;-. 'TT?;-_ 'mﬁ) magnetometer signals g ( (a$)? + (as )2) Roll
h —1
a® = (a®.a%.a’ ; : T —m!
( Ly Qs z) acceleration signals ) = tan ( -m,,;fj ) + D Yaw

=  Some Integrated AHRS algorithms (optimal weighting):

= Madwick AHRS algorithm (Gradient descent optimization gyro vs. accel/magne).

= Mahony AHRS algorithm (complementary filter) Grused(k) = v qg(k) + (1 =) - qa/m(k)
used\v) = ) g\l 1) " Ha/m



4. PDR algorithmic solutions

| e
. 7 ”, | = }
PDR Algorithm: SL+0”: v 0.

— The SL can be computed, e.g.:

. o e L 1/4
SLWelbergk = K {maxj:[,i(m 1] — IN, zmiu}

— The 0 angle at foot stance, computed using gyros
(& opt. magnetometers).

— Accumulates Stride Length (SL) estimations along
the Orientation (0)

Py (north) = Py (north) + SLj - cos(Ostance,)  North
Py (east) = P (east) + SLy - sin(fgtance,, )-
— “K” number of steps

— Method valid con “norma
(only forward walk).

|II

walking e

P, East



4. PDR algorithmic solutions

—

Acceleration PDR Integration and Fusio

* PDR Algorithm: “INS-ZUPT” : L (B [ |

— Integrate accelerations to obtain velocity (INS).

Position, Velocity
and Attitude

at roscope J‘ Att
s‘\gnals_’ Orientation
Rbn Initial l)Iniit[i.al
[ ! d
r accilr:g:tcitons r Correct fi r v il P
s onto global gravity Global Velocity —— Position
axes Accel
ok
. 0
— Correct velocity at foot stance (ZUPT).
1 G £
Correct U; r
35 Mean velocity stgmce k ol [—— ‘r'f
3 e = Z;i::;t_u lgr/(‘zu' + -l) - |
3b Correct all samples in step by interpolation ® Tsé. eo event .
AG o G - We Kknhiow it should
U; i [[l.,l;(l —10f
\ ?(Afl)) + ,{1.;‘._1(’[:(/‘,) — I)]/Tn;,/ . be ZERQ VEILOC!TY .

- L 1 1
0 200 400 600 800 1000 1200 1400 1600 1800 2000
samples



4. PDR algorithmic solutions

* PDR Algorithm: “INS-ZUPT” (cont):

— Accumulates position increments:
AP, =Y - AT

P;(north) = P;_(north) + A P;(north)
P;(east) = P;_1(east) + AP;(east).

— Method valid for “any” type of walk
(forward/lateral/backwards walk, running,
crawling, etc).

— ...but IMU must be on foot

North
A




Resumen Estrategias PDR viables

| S

INS

Sistema de navegacion inercial

Plataforma estable Strapdown

IMU sobre cardan mecanico IMU solidario al cuerpo

- Sensor-MEMS-{pequeio) ->RUIDO

<
~)
~
PDR S
N
Pedestrian dead reckoning \\
/
\
o . \
Acceleration PDR Integration and Fusion Position, Velocity
o * | step/stance — and Attitude | ) ) ) ) !
Angular rate Detection SL-based or INS-based — \ e ~\ - N |
gular rate ] /
T Drift Correction Data \ SL + 8 INS-ZUPT /
~ Drift Reduction Methods \ Paso + rumbo Strapdown + ZUPT /
Self-contained Sensors Movement Constrains | Absolute External S \ IMU en torso/cadera | | IMU en el pie . P 7
(Magnetometers, Baro- (ZUPT, ZARU,HDR, Positioning Sensors N . >y . >y
_ Metric, Camera,...) | Building-Maps....) ) (GPS, LPS) ~ ~ P s
e A ~ - _ -~
~ -
- -~ - -

— —
e em e = == T
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Practice: Introduction
* Tools needed for practice:

— Laptop computer (any O.S. valid: Mac / Linux / Windows). &2 Microsoft Windows

Note: All installers below bundle several Octave package
Read more

h ‘ — Octave software (or Matlab) should be installed in your + vindows o4 ecommene)

« octave-11.1.0-w64-installer.exe (~ 540 MB) [signature

computer. Octave is freely available at: » e 0 2 C 0w e

Octave MATLAB « octave-11.1.0-w64 zip (~ 820 MB) [signature]
https://octave.org/download

Internal Sensors:

LOPSI Group ‘

| — A smartphone with Android operating system is needed [~ =
for one of the practices.
The "GetSensorData_2025.apk" app should be installed.

Acc(X): 3.56377 m/s*2
Acc(Y): 7.7207 2

7 0
cef 4.84527
Fi 108

Mag(X)
Mag(Y): -28.80000 uT
Mag(2)

= R e D https://lopsi.car.upm-csic.es/downloads/

App stores Log_files in your phone => transferred to your =
computer via USB cable, Bluetooth, e-mail,...

Mark First Position



https://octave.org/download
https://lopsi.car.upm-csic.es/downloads/

Practice: Introduction

* Download PDR scripts (octave/matlab)

lopsi.car.upm-csic.es/teaching/

PDR Tutorial slides

LOPSI Group

Localization and Perception for Intelligent Systems. Centre for Automation and Robotics. CAR. CSIC-UPM

CONSEJO SUPERIOR - — IVI O re > Tea C h i n g
: e e (RS

Home

CSsiC

People v Research v Projects ~

Publications Videos Demo More v

News / noficias Contact

Teaching

We teach a Pedestrian Dead-Reckoning Tuterial. You can download the PDR The Matlab code to do the practice is available here; and a similar code for
Tutorial powerpoint slides here .

3]z

Octave is available here

pedestrian_dead-reckoning__pdr__ tutorial_ipin2017.pdf ‘ \ tutorial_pdr.zip

Download File \) I Download File

tutorial_pdr_octave.zip

Ll
PDR_Tutorial_UAH2026.pdf ‘\_JJ —
[ owioasre ] _ Download PDR SW



Practice: Introduction

* Matlab algorithms and logfiles:

— Three main files, for 3 practices
— PDR algorithms: Name

. . * i
* INS for position & Attitude éﬂ:::ﬁﬁ
) Step deteCtion *| ZUPT_Stridelen i iti
. . _ gth_Heading_Position.m
* Step length estimation ) Weiberg_StrideLength_Heading_Position.m
) Jfﬂ visualizar_IN5_results.m
¢ TWO PDR types' fﬂ StepDetection_Gyro.m
— |NS_ZUPT’ fﬂ StepDetection_Acel_smartphone.m
fﬂ StepDetection_Acel.m
— Sl+theta %) ReadLogFilem
. £ NSm
— Tools: B L log_files

logfile_3loops_forward.bd
logfile_3loops_1lateralbackwards. bt
ideal_footlMU_rectangulo.tt
|_t| logfile_3loops_1lateralbackwards.mat
|_t] ideal_footlMU_rectangulo_GT.mat
|_‘|:] ideal_footlMU_rectangulo.mat

* Visualization and

* Log file interpretation
— Log_files:

* #1 ideal (4 loops),

* #2 rectangular (3 loops) with 2 different IMUs

* You will create your own log_files

Size Date Modified Type =

2KB 31/01/17 1232 MATLAE Scrip
3 KB 310117 1258 MATLAB Scripr
PKE  B1/01/171534  [MATLAB Scrip
9 KB 3070117 16:37 MATLAB Fun..
5 KB 3070117 16:30 MATLAB Fun..
3 KB 26/01/1712:27 MATLAB Fun..
3KB 2/11/0913:36 MATLAB Fun.,
3 KB 30/01,/17 16:00 MATLAE Fun..
4 KB 2770117 17:40 MATLAB Fun..
25 KB 3070117 1551 MATLAB Fun..
o KB 31/01/17 15:34 MATLAB Fun..

3170117 15:50 File Folder

& MB 25/01/1713:26 Documento ...
& MB 25/01/1713:31 Documento ...
4 MB 240171212 Documentao ...
3 MB 31/01/17 13:08 MAT File

892 KB 24/01/1712:12 MAT File

474 KB 31701717 15:34 MAT File
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PDR with pre-recorded logfiles

e PRACTICE 1: Effects of noise on INS
— Using a synthetic logfile:
* Simulated IMU:

— acceleration (Acc), turn rates (Gyr) and magnetic field (Mag)

Ground-truth included (4 loops):
— position (Pos), velocity (Vel) and orientation (Euler & DCM)

Units are in:
— meters, seconds and radians.

Sampling frequency: 100 Hz

IMU rotated on foot as in picture.
All trajectories starts at point (0,0,0)
e Gravity is 9.8 m/s2

— Study INS results for noiseless and noise cases




PDR with pre-recorded logfiles

e PRACTICE 1: Effects of noise on INS

% _________________________________________

Z PDRE Tutorial: PRACTICE 1 (main Pl.m)

Z Lop=si Group. CAR-CSIC/UPM

3 2017

F———————————————————————————————————————_——

cler clear all: close all; disp('PRACTICE 1: Effects of noise on INS5'):

% PFRACTICE 1: Effects of moise on IHS

% 1) Load ideal noise-free data (ideal footlIMU rectangulo.txt) and inspect

%3 2) Apply INS algorithm (INS5.m) to ideal ITMO =signals and check correct integration

% 3) Add noi=se (rand or bias) to IMO =ignal=s and inspect drift in wvelocity and position generated

PoszG

PosyG PosxG



PDR with pre-recorded logfiles

e PRACTICE 1: Effects of noise on INS

% 1) Load ideal noise-free data (ideal footlIMU rectangulo.txt) and inspect

% Read log file
disp('l) Load ideal nolse-free data (ideal footlMU rectangulo.txt) and inspect');

disp('REeading Logfile..."'"}):
[~,~,Acc,Gyr]=ReadLngFile('.1;cg_f;;esl;dea;_fcthHU_recta:g:;c.txt','Kse:s']; % load IMU =imulated data: I
1Dadi'.H;cg_f;;esl;dea;_fcctZHU_:ecta:g:;c_E?.mat']: % load Ground truth data: 'Pos G','Vel G','Att G','Rot_
dizp('Logfile Eead...'):

disp('—-> TO DO: Imspect IMO =ignals (press enter to continue) ') !

pause;

e

3 2) Apply INS algorithm (INS.m) to ideal IMUO =ignals and check correct integration

disp(sprintf("\n2) Apply INS algorithm (IN5.m) to ideal IMUO =signals and check correct integratiomn®)):

% Apply INS to obtain Pos,Vel v Att:

disp('"Applvyving INS..."});

[Foe_G rec,Vel G rec,Att G rec]=INS (Acc,Gyr):;

disp("IN5 ended. Showing results...'):;

wvisualizar IN5S results(Pos G rec,Vel G rec,Att G rec,Pos G,Vel G, Att G,Rot G5,5tance,StepDectSample,10);
disp('-> T0O DO: Check correct integration (press enter to continue) ')

pause;



PDR with pre-recorded logfiles

e PRACTICE 1: Effects of noise on INS

% 3) Add noise (rand or bias) to IMUO signals and inspect driftc

disp(sprintf({'\n3) L4dd noise (rand or bias) to IMIJ =2ignals and inspect drifc')):
Amplitud=0.0; % m/fs"2
Bias=0.0; i mi="2

samples=length (Acc) ;
Beo(:,1:3)=Rcc(:,1:3)+inplitud*randn (sanple=, 3) ;
Leoo(:,3)=kcc(:,3)+Bia=*ones (=amples, 1) ;

PoszG

Anplitud=0.0; % rad/s

Eias=ﬂ.ﬂﬂh: % rad/=

ganples=length (Gvr) :
Gyr({:,1:3)=Gyr(:,1:3)+inplitud*randn (zanple=,3) ;
Eyr(:,3)=Gyri:,3)+Bia=s*ones= (=ample=z,1);

PosyG PosxG

% Lpply INS to obtain Pos,Vel vy AtT:

disp('Applying INS with nois=ze...'"):
[Fos_ G rec,Vel G rec,Att G rec]=INS (Acc,Gyr):;
disp("INS with noise ended. Showing results..."):

wisualizar IN5 results(Pos G rec,Vel G rec,Att G rec,Pos G,Vel G,Att G,Rot_ G5,5tance, StepbectSample, 20);
disp('-> TC DO: Check correct integration (press enter to continue) '):



PDR with pre-recorded logfiles

e PRACTICE 1: Effects of noise on INS

— Conclusions:

* INS works perfectly on ideal or noiseless IMU

data
* INS does not work if sensor data has: | SN N R N o
— Bias, Noise, N A— ................ E
— Low sampling frequency P ---------------- ------------------ --------
— Quantization, saturated b of —————————————————— ————————
— Axis misalignements B ------------------ --------




PDR with pre-recorded logfiles

e PRACTICE 2: PDR with foot-mounted real Xsens-MEMS IMU

— One square 3 times (76 steps: 22+23+31, forward walk, but last 3
sides lateral/backwards walk)




PDR with pre-recorded logfiles

e PRACTICE 2: PDR with foot-mounted real Xsens-MEMS IMU

% _________________________________________

% FDE Tutorial: PRACTICE 2 (main PZ.m)

% Lopsi Group. CAR-CSIC/UPHM

% 2017

% __________________________________________

clc; clear all: close all: disp('PRACTICE 2: PDE with FOOT-MOUNTED real XSENS-HMEMS IMO") ;
PELCTICE 2: PDR with FCOOT-MOUNTED real XSENS-MEMS IMO

1) Load real data with foot-mounted IMU (logfile 3loops llateralbackwards.Txt)
-One sqguare 3 times (76: 22423431 =steps, forward walk, but last 3 sides lateral/backwards walk)
Apply INS5 PDE algorithm and analyse drifts in position

hpply INS-ZUPT and analyse processing:

Ll

—Detection of =steps and =stance

-Correction of Velocities to zero (ZUPT)

g o e o df df o o o
%]

-Walking direction



PDR with pre-recorded logfiles

e PRACTICE 2: PDR with foot-mounted real Xsens-MEMS IMU

¥ 1) Load real data with foot-mounted IMU (logfile 3loops llateralbackwards.txt)

% -Cne square 3 times (Te: 22423431 =teps, forward walk, but last 3 =sides lateral/backwards walk)

% Read log file

dizsp('l) Load real data with foot-mounted test and inspect'):;
dizsp('Eeading Logfile..."'});

% load IMUO read data: hcc,Gyr de X=sen=s (3 loops)

[~,~,hcc,Gyr]=ReadLogFile('.%“1lo

1

;;Esi;:gf;;e_S;:cps_L;atera;backwa:ds.txt','ESE:S',l]: % hE steps (2 loops
%:~,~,Ecc,Ey::=Read1:gF;;Ei'.1;:g_f;;esi;cgf;;e_i;ccps_fcrwa:d.txt','ESE:S',L]; % 866 step=s (3 loops)
disp('Logfile Eead...'}):

dizsp('-> TO DO: Inspect IMU =2ignals and bias (press enter to continue) ')
pause;



PDR with pre-recorded logfiles

e PRACTICE 2: PDR with foot-mounted real Xsens-MEMS IMU

% 2) Apply INS PDR algorithm and analyse drifts in position (remove bias)
disp (sprintf(''"nZ) Zpply IN5 FDE algorithm and analyse drifts in position (remove bias) ")) :

-

% Bemowve bia= Gyro

P

100 H=z)

sanples=53000; % asumo 50 segundos parado (v f£=
bias Gyr=[mean (Gyr(l:samples=s,1)), mean(Gyr(l:samples,2?)), mean(Gyr(l:=zamples=,3))]:;

Gyr unbiased=Gyr:; %[nx4]

Gyr unbiased(:,1:3)=[Gyr(:,1l)-bias Gyr(l), Gyr(:,2)-bias Gyr(ld), Gyr(:,3)-bias Gyr(3)]:

% Apply INS to obtain Pos,Vel v ATCL:
dizsp('Applying INS5..."):
[Pos G rec,Vel G rec,Att G rec]=INS(Acc,Gyr);

rec]=IHS (Acc,Gyr unbiased) ;

01|

3[Pos G rec,Vel G rec,Att G
disp ('INS ended. Showing result=s..."'):
idx fig=10:;

visualizar IN5 results(Pos G rec,Vel G rec,Att G rec,idx fiqg):;

disp('-> TC DO: Check uncorrect INS integration/ remove bias (press enter to continue) '):

pause;



PDR with pre-recorded logfiles

e PRACTICE 2: PDR with foot-mounted real Xsens-MEMS IMU

Step detection with Acceleration readings

SL-ZUPT+Theta: Positions of trayectories in the global coordinate frame (G)
-

T T T T |
S — @
35H FE B
76 steps should be detected e
30H Step
B i i i e i e e e e a e e e mEr e aas e s E s a e n e
% 3) Apply INS5-ZUPT and analvyvse processing:
% —-Detection of steps and stance f
% -Correction of WVelocitie= to zero (ZUPT) 10 Z
£ -Walking direction
5_
dizgp(sprintf('"\n3) Lpply IN5-ZUPFT and analyse processing')): 0
disp('Bpplying INS-ZUBT...'); = o0 T 7000
Fo—— Step detection—-——-——-— samples
idx fig=20;
[um =steps,Step_events, StancePhase, idx fig]=Stepletection Acel (Acc,l,idx fig): 7 -6 5 4 -3

[Stridelengths, Theta=z, Positions,idx fig]=ZUPFT_Stridelength Hegding Poszition (Acc,Gyr, 5tep events, StancePhase,l,idx fig):

%[[5Stridelengths, Thetas, Positions,idx fig]=ZUPT_Stridelength Heading Position (Acc,Gyr unbiaszed,Step events, StancePhase,l,idx fig):;

disp("'IN5-ZUFT ended. Showing results...'):s

Check: Step detection thresholds

disp('-> TC DC: Check correct integration INS-ZUPFT"):;



PDR with pre-recorded logfiles

* PRACTICE 2: PDR with foot-mounted real Xsen-MEMS IMU

— Conclusions:

* Bias&noise in Gyros cause attitude errors growing
linear with time => big problems

* INS does not work with MEMS IMUs, even with bias
removed

* INS-ZUPT makes PDR, with bias removed, to
work pretty well (for foot-mounted IMU)




PDR with pre-recorded logfiles

 PRACTICE 3: PDR with hand-held real smartphone IMU (Samsung S4)

95 _________________________________________
% PDR Tutorial: PRACTICE 3 (mai P3.m)
% Lopsi Group. CAR-CSIC/UEM

% 2017

95 __________________________________________

clc; clear all; close all; disp('PREACTICE 3: PDRE with hand-held real smartphone IMO (Samsung 54) ') ;!

%

L PRLCTICE 3: PDE with hand-held real smartphone IMU (Samsung 54)

¥ 1) Load real data with smart-phone IMO (logfile 3loops llateralbackwards.txt)

L —-0Ome sguare 3x (76 steps, forward walk, but last 3 sides lateral/backwards walk)
% 2) Apply SL+theta PDE algorithm and analyse results:

% —Check bias remowve effect

% -5tep detection & 5tride Length estimation

L -Position estimation while walking lateral/backwards

ot i it e e e e e ma e aeamaeeommaeemm o ae o we e am e w e e e e e

% 1) Load real data with smart-phone IMU (logfile Zloops llateralbackwards.Txt)

L -0ne sguare 3 times (76 steps, forward walk, but last 3 sides lateral/backwards walk)

% Read log file
disp('l) Load real data with smart-phone IMUO and inspect'}:;

disp('Eeading Logfile...");

% load IMU read data: acc,Gyr de X=sens (3 loops)
%[~,~,Acc,Gyr]=ReadLDgFile('.\lng_files\logfile_ﬂlnnps_llateralhackwards.txt','Hsens',l]; FCN FOOT %(2 loop=s + 1 1
[hcc,Gyr,~,~]=ReadLngFile:'.\lDg_files\lDgfilE_SlDops_llateralbackwards.txt','smartpnone',l}; FCN HLWND %(2 loops -
disp('Logfile Eead...');



PDR with pre-recorded logfiles

 PRACTICE 3: PDR with hand-held real smartphone IMU (samsung S4)

e
% 2) Apply SL+theta PDR algorithm and analyse results

% —Check bias remowve effect

% —-5Step detection & S5tride Length estimation

i —Position estimation while walking lateral/backwards

disp(sprintf({"\n2) Apply S5L+theta PDR algorithm and analyse rsults')):

—

¥ BEemove bia=s Gyro

P

samples=5000; % asumo 50 segundos parado (v £=2=100 H=z)

bias Gyr=[mean (Gyr(l:samples,l)), mean(Gyr(l:samples,2)), mean(Gyr(l:samples,3))]:;

Gyr unbiased=Gyr:; 3%[nx4]

Gyr unbiased(:,1:3)=[Gyr(:,1l)-bias Gyr(l), Gyr(:,2)-bias_Gyr(2), Gyr(:,3)-bias Gyr(3)]:

% Apply INS to obtain Pos,Vel v Att:
disp("Apply 5L+theta PDE..."}):
- Step detection————-—

idx fig=20;
% [Hum steps,Step _events, StancePhase, idx fig]=StepDetection Acel (Acc,l,idx fig):

[fum =steps, Step events,5tancePhase,idx fig]=5tepDetection Acel smartphone (Acc,l,idx fig):

[Stridelengths, Thetas, PFositions,idx fig]=Weiberg Stridelength Heading Position (Acc,Gyr unkbiased, Step events, Stam



PDR with pre-recorded logfiles

 PRACTICE 3: PDR with hand-held real smartphone IMU (samsung 54)

SL+Theta: Positions of trayectories in the global coordinate frame (G)
"SL+theta POR": Acclerometer processing for Step detection . . . . . . .
I I I

[Ace 151 .
16 lowpasslace]) I

detrend(lowpass(accl))
14 ——— Binary H

detected Steps

AR AA)

Accleration

] ] ] ] 1
5500 £000 G500 Fooa 7500
time (seconds) | | | |
0 5 10 15 20 25 30
East (m)




PDR with pre-recorded logfiles

 PRACTICE 3: PDR with hand-held real smartphone IMU (samsung s4)
— Conclusions:

* Step detection is more challenging

e SL+theta PDR is good for forward walking, but can be cheated if direction of
motion and direction of IMU/phone is not the same

* Still to be done: create a robust PDR method for free phone position vs person’s
motion

WORK

IN PROGRESS




Outline

* Some theory:
1. What is PDR?
2. Inertial Navigation (INS)
3. Implementation problems
4. PDR algorithmic solutions

* Practice (Matlab):

1. Introduction
2. PDR with pre-recorded logfiles
# 3. PDR with your own phone



PDR with your own phone

@ GetSensorData 2025 (2.6.0)

Show Sensor Hide Real-time Start Saving a

* PRACTICE 4: SL+0 PDR with your phone bemasensrs "

. Acc(X)E 3.56377 m/s*2
— Now is when you need: | =

Fre 100 Hz

Gyr(X): -0.07297 rad/s
Gyr(Y): 0.07963 rad/s
Gyr(Z): -0.13183 rad/s
Freq: 100 Hz

Mag(X): 8.17500 uT
Mag(Y): -28.80000 uT
Mag(Z): -44.81250 uT

1. Your Android phone

2. App «GetSensorData».
Download App from:

https://lopsi.car.upm-csic.es/downloads/

Mag(X): -84.52500 uT Bias(X): -93.24000 uT
Mag(Y): -1.29375 uT Bias(Y): 27.54000 uT
Mag(Z): -38.64375 uT Bias(Z): 5.34000 uT

— If not such a phone &App => Team

Light Intensity:  324.0 Lux
Freq: 4 Hz

Proximity: 5.0 Units
Freq: 0Hz

Mark First Position



https://lopsi.car.upm-csic.es/downloads/

Start Button

PDR with your own phone

 PRACTICE 4: SL+0 PDR with your phone

— Tasks to be done:

* Design a trajectory of your wish (control number of
steps, turns, ending position,..)

Remember to keep phone in front of you
’_L Start recording with the App (Start button)
'« |nitial 30 sec still (easy Gyro bias removal)
* Move along planned trajectory. Pres Stop button.
* Transfer recorded logfile to your PC \ S

* Apply the SL+theta PDR algorithm (main_P3.m)

* Analize results by teams (repeat test if necessary). Ask -
any question... b coe e

EAPConfig
Carpeta de archivos

LogFiles_GetSensorData
Carpeta de archivos



Some PDR references

Oliver J. Woodman, “An introduction to inertial navigation”,
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