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Motion Tracking in VR

- For controller and head-mounted display (HMD)

- 3D orientation and position
- Continuously tracked over time
- Traditionally with computer vision

+ |sotropic accuracy is important




How to Get Position Tracking Data
- For Windows Mixed Reality (MXR)

MXR
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How to Get Position Tracking Data
- For Windows Mixed Reality (MXR)

MXR
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Performance of MXR Tracking
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Proposed Approach

- Lightweight Sensor
- Learning-based Model
- Data Fusion System
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1. Lightweight Sensor for Ultrasound Ranging

- Principle
- Calculate the distance via time of flight

HMD Controller
Ultrasound d Ultrasound
Transmitter Receiver
B ITTAHENNTE R R R R R » T2 receive

* A =Yguna* (T2 = T1);
* Vsound = 331 + 0.6 * Temperature(m/s).

Need time synchronization for accurate measurement



1. Lightweight Sensor for Ultrasound Ranging

- Architecture

‘ VR Projection Layer

‘ Data Transmission Layer

Ultrasound Ranging Layer
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1. Lightweight Sensor for Ultrasound Ranging
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1. Lightweight Sensor for Ultrasound Ranging

- Hardware
MCU Ultrasound Sensor
(Adafruit ESP8266) (MB1330 MaxSonar)
Frequency 80 MHz range 20-765 cm
Flash 4 MB Rate 10 Hz
Vdd 3.3V Vdd 3.3-55YV
Protocol WiFi UDP Resolution 1 em
Total Power 478 mW Ultrasound 42 KHz
Frequency

Debugging Tool

KeySight DSO1024A Oscilloscope (200 MHz)

Time difference should match the physical distance.
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1. Lightweight Sensor for Ultrasound Ranging

- Synchronization performance

- Bluetooth, Router WiF1 have large random delay (upto 15 ms).
- We use internal WiF1 channel.
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1. Lightweight Sensor for Ultrasound Ranging

- Synchronization performance

- Bluetooth, Router WiF1 have large random delay (upto 15 ms).
- We use internal WiF1 channel.

Sample#

Std1: 0.55ms; Std2: 1.09ms; Std3: 1.40ms
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1. Lightweight Sensor for Ultrasound Ranging

- Synchronization performance
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1. Lightweight Sensor for Ultrasound Ranging

- Tracking accuracy (distance and angle)

Linear Position Index

Average Distance Error: 9.74cm; Std:10.31cm



2. Learning-based Model for Tracking

- Autoregressive time-series forecasting model

Xt = Qg T alXt_l 5P Cngt_Q g ORI a'pXt—p i Et,t € Z

+ Can also be learned using machine learning
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2. Learning-based Model for Tracking

- RNNs: Natural model for tracking time-series data
- We use LSTMs to track time-series data
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2. Learning-based Model for Tracking

- RNNs: Natural model for tracking time-series data
< time-series data

- We use LSTMs to trac

Forget Gate:
fe = o(Wr * [he—q, x¢] + bf)
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2. Learning-based Model for Tracking

- RNNs: Natural model for tracking time-series data
- We use LSTMs to track time-series data

Forget Gate:
ft = o(Wr * [he—q, x¢] + bf)

______ [nput Gate:
Pos1 | | .
. = | i, = o(W; * [hy_q, x;] + b;)
Trajectory 1 cee | »@ L L t—=1,"*t L
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2. Learning-based Model for Tracking

- Tracking performance for Sinusoid and MXR data

Autoregression on Autoregression on
sinusoid MXR Data
LNNAAAA NN = = -
- 1 [ 0.65 \‘
wlRARARRRRRRRRRAN . =




2. Learning-based Model for Tracking

- RNNSs: Natural model for tracking time-series data
- We use LSTMs to track time-series data

Forget Gate:
ft = o(Wr * [he—q, x¢] + bf)

______ Input Gate:
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2. Learning-based Model for Tracking

- Tracking performance for Sinusoid and MXR data

Autoregression on Autoregression on
sinusoid MXR Data
A= =
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2. Learning-based Model for Tracking

» Tracking performance for Sinusoid and MXR data

Autoregression on Autoregression on
sinusoid MXR Data




3. Data fusion System for Trajectory Tracking

- Spherical Projection to get the estimated position

(X, ¥, Z2)hma

HMD (=~ thd)2 +(y— }’hmd)z +

(z — thd)2 - dgst

(x’ y’ Z)C

dest

Given dgg, (x,¥,2)E" = 3 [ = Xpma), O™ — Yhma) (28" — Zuma)]l + [Xhmd» Yrmdr Zhma]




3. Data fusion System for Trajectory Tracking

- How to get the d

+ Source 1: Ultrasound ranging
+ Source 2: LSTM model/MXR

Source 1

Source 2

est

(

N\

Kalman

Filter

=

Filtered
Distance

J

Kalman Filter

+ Predict:

- Update:

Xpk-1 = FrXp_1k-1 + Brug
T
Pur-1 = FrPrp1Fp +Qp

Vi = 2 — Hp Xy

Sk = Ry + Hi Py H

Ki =Py H; S;

Xpk = Xik-1 + Ki¥i

P = (I - KHi)Prsr (I - KiH)T + KRy KT

Vi = 2k — HpXpg



3. Data fusion System for Trajectory Tracking

- How to get the d

+ Source 1: Ultrasound ranging
+ Source 2: LSTM model/MXR

Source 1

Source 2
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+ Predict: Xpp-1 = F+ B uy

- »Update:

Pui1 = FiProqp 1 Fi + Qg
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Sk = Ry + Hy Py Hy
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3. Data fusion System for Trajectory Tracking

- How to get the d

+ Source 1: Ultrasound ranging
+ Source 2: LSTM model/MXR
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3. Data fusion System for Trajectory Tracking

 How to get the d_

+ Source 1: Ultrasound ranging
+ Source 2: LSTM model/MXR

Kalman Filter

- Predict: FiXp_ k-1 + Brug
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3. Data fusion System for Trajectory Tracking

- Pipeline

Tracking Status (every 20ms)

2 1 2 1 1 2 2 2
MXR Prediction (every 20ms)

Po+6 | Pn+s | Putsa | Pns3 | Pas2 n+1 | H P3 P2 P
LSTM Prediction (every 20ms)
Pni6 | Pn+s | Po+sa | Pusz | Pas2 n+1 P3 P2 Pi




3. Data fusion System for Trajectory Tracking

- Pipeline

Tracking Status (every 20ms) Downsampled Tracking Status (every 60ms)
2 1 2 1 1 1 1 2 2 2 1 1 2
MXR Prediction (every 20ms) Downsampled MXR Prediction (every 60ms)
Pu+é 2| Pot1 [ Pa| =« | P3 | P2 | Pu d,. d, d,

Prediction (every 20ms) Downsampled LSTM Prediction (every 60ms)

Pn+6 Pn+s Pn+4 Pun+3 Pun+2 Pn+1 Pn see Ps P2 P dlﬂ*“ dm P dl

Ultrasound Distance (every 60ms)
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3. Data fusion System for Trajectory Tracking
- Pipeline

Downsampled Tracking Status (every 60ms)

1 1 2
Downsampled MXR Prediction (every 60ms)
dmﬂ dm “re dl > Z
Ultrasound Distance (every 60ms) G
<
dm+l dm “ee dl E—




3. Data fusion System for Trajectory Tracking

- Pipeline
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3. Data fusion System for Trajectory Tracking
- Pipeline

Downsampled Tracking Status (every 60ms)

1 1 2
Downsampled MXR Prediction (every 60ms)
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- < 4 N
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m+1 m vee 1 > Kalma I d’m-ﬂ d,m . d’l
Downsampled LSTM Prediction (every 60ms) n
e d_ T 14 Filter ] ¥
Spherical
Projection

l

P P’ P,




3. Data fusion System for Trajectory Tracking

- Pipeline

Tracking Status (every 20ms)

2 1 2 1 1 2 2 2
MXR Prediction (every 20ms)
Pui6 | Pn+s | Pota | Pn+3 | Pas2 n+1 P3 P2 P1
LSTM Prediction (every 20ms)
Pa+6 | Pn+s | Pn+s | Pns3z | Pas2 n+1 P3 P2 Pi
Fused Prediction (every 60ms)
Plass Der P’s




3. Data fusion System for Trajectory Tracking
- Pipeline

Tracking Status (every 20ms)
2 1 2 1 1 1 1 es 2 2 2 ™

MXR Prediction (every 20ms)
Pan+6 Pu+s Pn+4 Pun+3 Pn+2 Pa+1 Pn one P3 P2 Pi

Final Prediction (every 20ms)

LSTM Prediction (every 20ms) 4 '

Pu+3 —P’l.ﬂ-i Po+1 P

Pos6 | Pn+s | Pn+s | Pns3a | Pns2 | Pa+1 | Pon | --- Ps3 P2 P

Fused Prediction (every 60ms)

i Pea - [ -
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3. Data fusion System for Trajectory Tracking

+ Offset-based Correction

Tracking Status (every 20ms)

2 1 2 1 1 2 2 2
MXR Prediction (every 20ms)
Pu+6 | Pn+s | Po+a | Puia | Pas2 n+1 P3 P2 Pi
LSTM Prediction (every 20ms)
Puts | Po+s | Pots | Pat3z | Pas2 n+1 P3 P2 Pi
Fused Prediction (every 60ms)
Pass Pz P
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3. Data fusion System for Trajectory Tracking

+ Offset-based Correction

Tracking Status (every 20ms)

2 1 2 1 1 1 1 2 2 2 G

MXR Prediction (every 20ms)
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3. Data fusion System for Trajectory Tracking

+ Offset-based Correction

Tracking Status (every 20ms)

2 1 2 1 1 1 1 2 2 2 -

MXR Prediction (every 20ms)
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3. Data fusion System for Trajectory Tracking

+ Offset-based Correction

Tracking Status (every 20ms)
2 1 2 1 1 1 1 - 2 2 2 ™

MXR Prediction (every 20ms)
Pu+6 pn+5 Pn+4 pn+3 pn+2 Pa+1 pn oo p3 pZ Pi

Final Prediction (every 20ms)
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3. Data fusion System for Trajectory Tracking

Tracking
Status’

Ultrasound estimation

MXR estimation’

XN

Fused prediction

Tracking
Status

LSTM prediction’

Kalman
Filter

Spherical
Projection

MXR estimation

LSTM prediction

A4
XN
v

Final
Prediction




Data Collection Setup

- Motion capture

- 8-camera OptiTrack, Windows Mixed
Reality, in-FOV tracking

- Additional Information
- Ultrasound Sensor, NN-based Model

Flex 3, OptiTrack System



Data Collection Framework

» T

Ultrasound Smooth LSTM Data Estimated
Data Raw Data Networks Fusion Position

Total no. trials 10

;M Avg. length of each trial 12 mins

: % Total length of data 2 hours

i k LSTM groups Ultrasound sampling freq. 60 Hz
OptiTrack sampling freq. 100 Hz

Mixed reality sampling freq.  50-60 Hz
me Rate: 100 Hz

cking Accuracy: <0.5 mm Ground truth collection 8 Flex3
y Ground Camera +
[ruth Motive 2.0.2

Position




Tracking Performance

+ Ultrasound distance tracking

Tracking Distance on Test Sample
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Tracking Performance

- Ultrasound distance tracking
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Tracking Performance
- LSTM tracking in FOV

: 0.6
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Tracking Performance — Out of FOV
- LSTM tracking with different window size

Distance Distance Distance
10 4 - actualDistance —— actualDistance 8 - — actualDistance
R —— mxrDistance 71 - mxrDistance (\ mxrDistance
- predictedDistance - predictedDistance 7 4 - predictedDistance
8 6 -
6 4
5 -
6 4 LE
4.
4 4
4 3 -
2 * | Target: 1 s
. . |
01— ' ’ ' v v ' . ' ’ ' ' . . . = ' . y X ' . .
0 20 40 60 80 100 120 140 0 0 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Window Length = 51 Window Length = 101 Window Length = 201
(Using the past 1 s info) (Using the past 2 s info) (Using the past 4 s info)

Able to predict up to 200 ms
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Ongoing: Longer Out of FOV Tracking

- De-trend data, remove non-stationarity
- Larger models, hierarchical LSTMs, Windowed MLP

- Other forecasting strategies

- Trade off computation for tracking accuracy
- Direct H-step ahead forecasting, multiple input multiple output models




Ongoing: Longer Out of FOV Tracking

- Direct H-step ahead forecasting
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Ongoing: Longer Out of FOV Tracking

- Direct H-step ahead forecasting

Good Inaccurate
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Ongoing: Longer Out of FOV Tracking

- Direct H-step ahead forecasting

Good Inaccurate
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Ongoing: Longer Out of FOV Tracking

- Direct H-step ahead forecasting

Good [naccurate
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Ongoing: Longer Out of FOV Tracking

* Direct H-step ahead forecasting

Good Inaccurate

O O & o D@
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Pros: No error accumulation.

Cons: High computation cost.

Learning window size
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Ongoing: Longer Out of FOV Tracking

- Multiple input multiple output models
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Ongoing: Longer Out of FOV Tracking

- Multiple input multiple output models

® O ® 6 O O O O
\ ) J
Y Y
Learning window size \-/

Prediction length

Pros: 1. Only one model is trained.
2. No error accumulation.

Cons: 1. Prediction length is fixed. Less flexibility.



Conclusions

» Built an ultrasound ranging system
- Distance accuracy of around 8 cm

- Develop an iterative time series prediction model based on
STM

+ Prediction range up to 200 ms

- Establish a sensing fusion system which fuses the available
data to estimate the position information.
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