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Data!

e “Large, well-designed, well-labelled, diverse and multi-
institutional datasets drive performance in real-world settings
far more than model optimization.”[1]

e Benefits of our own data collection:

Researchers have better appreciation of the problem

Work with patients/physicians/users and understand their
problems

Analyze and apply methods that experienced physician use

Understand what is different in our data from the available
online data

Understanding the domain shift

[1] A. Zhang, et al. (2022) Shifting machine learning for healthcare from development to deployment and from models to data.

Nature, Biomedical Engineering
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Stages of the projects

Stage 1 Stage 2 Stage 3
@r Development for a : ) Development for : ;Deployment for1i
L. _. L. _. |
' controlled situation | . “inthe wild” ! . “in the wild” |
_____________ Lo e

ML Models

|
Y DSP

Short-term Data- - Classifying/

algorithms

Real-time

i Long-term Data estimatin
e Data collection and ML s 2 implementation

e Data collection parameters

e Existing datasets models based
e Simulated data

on short-term o
historical data Prji'ec;:;g a Data shift problem
Sensors/ | R

progression

De.zt.a‘ Patient
acquisition identification
systems
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What can be monitored at a distance?

Observable Properties

= | =

Spatio-Temporal Properties Behavioral Properties Physiological Properties
Identity Group Behavior Blood Pressure
T T . Temperature
Track Behavior l ) )
T T . Weight Skin color |
Location Activity Heart rate
etc...
Count Action
Presence Pose

Figure is from Reference: T. Teixeira, at al, “A survey of human-sensing methods for detecting presence, count,
location, track and identity,” 2015.
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Classification of cardiac and respiratory sensors
and operating principles for contactless devices

Physiological source

Cardiovascular
system

Respiratory
system

N,

Physical effects Mechanical

Thermal

— T v

What can be Blood perfusion

Organ motion and

Temperature
changes due to air

observed remotely? deformations g blood flow
Color change Displacement Temperature
change
Camera, Thermal
BENEEIE B iPPG camera
measurement methods | /
. 3D
Radar Sonar Cam.era Laser
motion camera

uOttawa.ca

Sensors that can detect displacement
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[1] M. Bolic, Pervasive Cardiovascular and Respiratory Monitoring Devices:
Model-based design, Elsevier, 2023.
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CARG’s current or recently completed

biomedical projects
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Operating principles of video
processing

@ Video Frame ROI
an ambient or /® r
dedicated lightsource 4 L :
—
L Subject i E
e y G g
\\ . . R 1 \;‘;"__ E
one or muliple A el
imaging devices i [
: -1
i [ ..
! i ; -
Body Surface Position at t, 1 Time t "
@ f, (expiration)
t, (inspiration)
) B Figure is from : C. Bruser et al. "Ambient and Unobtrusive
Image frames extracted Pixel channel Physiological signals . - ) . . N
and seamented signals calculated recovered Cardiorespiratory Monitoring Techniques,” 2015.

D. J. McDuff, et al., “A Survey of contactless Optical
Photoplethysmographic Imaging Methods,” Conf Proc
IEEE Eng Med Biol Soc. 2015.
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Vein pressure estimation

SCM
muscle \

* The jugular venous pressure

« the indirectly observed pressure over the
venous system via visualization of the
internal jugular vein.

* It can be used to differentiate different
forms of heart and lung diseases.

* Project

o Detection of right atrial pressure via detecting
jugular venous pressure in RGB videos
* Novelty

« Smart-phone based — no need for special T @ """""""""" —
cameras or lighting

Al-based — follow the physician’s diagnostic
procedure

o What do physicians observe e @
o Double pulsation during one cardiac cycle
o Movement of the vein during breathing

Different vein height at different postures
; = g uOttawa

Externa
jugular

Internal
jugular
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Example of videos

Optical flow — extracting pixel motion Eulerian magnification

JVP vertical direction

1

0

-1
-1 0.5 0 0.5 1

J\{I)P horizontal direction and breathing

-0.1
-0.2

-0.3
=1 0.5 0 0.5 1

Carotid horizontal direction
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Project stages

Stage 3
Stage 1 Stage 2 Ongoing Starts in Aug. 2024
_JDeveIoping a systemL ___________________ : Deployment :
_for JVP estimation ! . “inthe wild” |

+ Smartphone

camera data
Ultrasound
labels

30 subjects

Smartphone

camera

uOttawa.ca

HR, BR
estimation,
Feature
extraction,
NEGEL
quality
assessment

( ort-term Data
e Smartphone

camera data
Ultrasound
labels

200 cardiac
patients

Developing
processing
pipeline
Determining
best
methods/
parameters
Automated
estimation of
JVP height

I Automated Data

Data collection

by patients
Automated
storage
Preparations for
multi-center trial

App and cloud
implementation
Making
application
rodust

Making ML
models more
robust
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JVP processing stages

B. Divide Rol on the neck
into different block

D. Feature extraction

I. Final assessment

. . i G. JVP detection and estimation
A. Region of interest (Rol) E. Grouping, classifying or selecting
detection

B1.Coarse block based D1. General feature

Video
input >

on proximity

extraction:
frequency-based,

signals in different regions

G1. Feature-based JVP

11. Evaluation of patient ~ Patient

- 1 ! conditions based on current _conditions
time-based, statistical, E1. (i;r%uplng the dewc“";‘ ar;q height and previous measurement
LA o iR
selection > B2. Track every pixel —» A
] E2. Selecting the G "
n 2. JVP detection and i
DB1. Large database of B2 olee ioahire L signais based on 2 height estimation based |
labeled images of the ear B3. Blocks based on " :X rﬁc on: - P on deep leaming
SenEllenely amplitude changes during >
- A2. Detect ear breathing cycle, A h’
— - using deep rising edge of the E3. Clustering based A i )
learning pulses,... on similarity of DBS. Patient-specific data
lp multitude of features %
DB2. Large database of C. Extract pulsatile signals DBA. Large database 0
labeled images of the clavicle > per blocks o i JVP height and
A3. Detect F. HR and BR Estimation i arrhythmias for
-p Clavicle using CiiExuactcolonbased i each recorded video
deep learning i seg:)sdf(or g2t i forall patients
F1. Heart rate and
breathing rate estimation H. Detecting o parameters
C2. Extract and conditions
motion-based time 1l '
A4. Automated Rol series for each block
HefRcie F2 Heartrateand P~ H1. Arthythmia detection
> i~ breathing rate estimation
DB3.Large database of | based on deep learning *r——>»
C3. Filter signals HRand BRfor |
each recorded video
- Legend
C4. Quality -
assessment/motion Traditional
detection Al method
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Results

Heart rate estimation accuracy JVP height estimation
Proposed method 5] SNR HEATMAP - o x
1.6 - :
@ outliers
@® HR Data
—— Linear fit [ ]
144—@ i
% 1.2 1
::3 1.0
0.8 4

0.8 1.0 12 1.4 1.6 1.8
Estimated HR / Hz

P
uOttawa.ca T. Zhang, et al., “Non-Contact Heart Rate and Respiratory Rate Estimation from Videos u Ott awa

of the Neck," accepted for presentation at EMBC conference, 2024.
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Ongoing work and future direction

e Sometimes there are not good quality signals from the
neck

e Features are not consistent throughout the subjects

e The models have problems with atrial fibrillation
patients

e It is difficult to train ML model based on time series
when we have so many time series per recording per
subject.

e Quantification of JVP height in relation to the neck
based on the locations of detected jugular venous
waveforms within the neck region. The pulses are
propagated through the skin on the neck.

| uOttawa
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Camera-based breathing and cardiac monitoring

RGB camera-based heart rate estimation

Dete.ctlon of Forehead E‘xtractlorl of the
regions of signal of interest,

interest filtering

Heart rate
estimation

Face detection
and tracking

¥ Nostril area

Extracti f th
ZTacon ohhs Breathing rate

i signal of interest . .
Image allignment P sig joil! 5 estimation
filtering
Thermal . . .
Thermal camera-based breathing rate estimation
camera
(a) 4 Extracted respiration signal & Reference measurement (Subjectl)
05F
8
g 0
2
05
-1
Time (s)
(b)

Extracted respiration signal & Reference measurement (Subject2)

Amplitude

) 2 4 6 8 10 12 14
Time (s)

F. Yang, S. He, S. Sadanand, A. Yusuf and M. Bolic, “Contactless Measurement of Vital Signs [T u OJ[t awa
Using Thermal and RGB Cameras: A Study of COVID 19-Related Health Monitoring,” '

Sensors, MDPI, 2022.
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Processing radar signals
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Radar-based heart failure monitoring

Project
* Monitoring heart failure patients with radar
* Monitoring elderly people in nursing

home with radar

O bjeCtive Data Collection
* Implementing passive and contactless activity -
recognition and vital sign monitoring g
H = If target is detected e rg:; ﬁ;il'llz:zon
Motivation ;
» To develop a privacy-preserving daily health — Motion Detection i

stationary § v moving

monitoring solutions that can detect heart
failure decompensation, falls as well as report | s e brecten
on activities of people " vital signs Analyss

‘ Activity Recognition
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Project stages

Stage 1 Stage 2 Ongoing Stage 3 in 2025
@[Developing breathing pattern} _________ »@r Developing BP classifier : _______________ J Deployment atji
! (BP) classifierinthe lab | i for heart failure patients :_ |patients’ homes;

.................. e e —— T
| | Detecting
v activity
—_Long-term Data Monitoring only
Building e 15 patients 2 when the
breathing days of data patient is
pattern each unlabeled. stationary
classifier e Nurse recordings BP classifier
Detecting
improvements
Radar, Radar, or deterioration
Breathing Thermal
belt camera

—Short-term Data - Real-time
e Maneuvers with
healthy students

e 10 subjects

implementation
Making ML
models more
robust

collection

Respiration belt

1 M/MAMMNM

@
Time (s)

- ______ I ’ "” . . ! mﬁﬁ : ; = ﬂﬁs,resp:alionw
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Results

Patient data:

|
w

Phase (in radians)

|
EN

Activity detection: Large (white) and

Index:51 Distance:2.705m

0 10 2 30 a0
Time (in seconds)

Normal breathing pattern

Small (green) movements

4| Figure 3 = o

File

Edit View Insert Tools Desktop Window Help

Index:24 Distance:1.316m

|
N

|
w

Phase (in radians)

0 10 2 0 4 50 80
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Abnormal breathing pattern

Breathing pattern classification results in
the lab - Random forest

Dade 2|08 |3

Range Time Map
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Bounded Target Detected
sl
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I
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precision recall fl-score support
Eupnea 0.86 0.74 0.79 24
Cheyne Stokes 0.55 0.81 0.66 52
Eussmaul 1 1 1 34
Apnea 0.73 1 0.3 11
Moving 0.84 0.77 0.8 93
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Monitoring inmates

Motion detection W Stationary
(Shoulders’ middle point)J

‘ Kinect H Preprocessing loci?iIZI:tSiOH

Radar
selection

Detect orientation
based on shoulders

Radars s . Respiratory Respirati.o.n pgtterns Signal qu.ality Respil'"atiop rate
signal extraction classification Normal evaluation estimation
breath
A B Respiration signal (Radarl) C Respiration signal (Radar3)
— = 1.0 1.0
E radar2 © 0.8 © 0.8
= =
Zo0s Z06
=04 =04
Kinect ? 0.2 g 0.2
radarS radarl 0.0 0.0
0 3 6 ) 12 15 0 3 [ 9 12 15
[ﬂ D] Time (s) Time (s)
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©08 © 08
X+ Zos 206
=04 2,04
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=N
uOttawa.ca S. He, Z. Han, C. Iglesias, V. Mehta, M. Bolic, “A Real-Time Respiration Monitoring and E u Ottawa
Classification System using a Depth Camera and Radars,” Frontiers in Physiology, 2022.
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Classifying breathing during radiation
treatment

[r e s e o £ i 0 4 £ S

Processing steps

Estimating the Removing noise Range bin Classification of
noise power from the weighted breathing
using ANN respiration signal averaging paterns

Breathing

Breathing Enhanced |
; signal without breathing class
interference signal
20 Raw radar signal from 1 target bin
No-Gantry Noise Gantry Noise

25
% Sensitivity Specificity Sensitivity Specificity
3
é. 'm No breathing 0.86 0.97 0.86 0.86
g 15 Hold breathing 0.73 0.89 0.47 0.87
2
® 10 SB-ANN  Regular breathing 0.90 0.96 0.66 0.87
[T}
x Deep inspiration 1 0.99 0.83 0.98

5 Output of SB-ANN

Overall accuracy 0.85 0.72

V] 50 100 150 200 250 300

P
uOttawa.ca Fallatah, A. et al., 2022. "Monitoring Respiratory Motion during VMAT Treatment u Ottawa
Delivery Using Ultra-Wideband Radar" Sensors 22, no. 6: 2287.
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Other projects

UAV-related project

e Completed

Multiple intruder UAS detection using UAV
interceptors, with Thales and NRC

Detecting UAS intruders using ground
sensors, with CS Group Canada and NRC

e Current

Power line detection
BVLoOS infrastructure inspection

Multitarget UAV detection, classification
and tracking

e Starting this summer

Comprehensive simulator of interceptor-
based solution for multiple UAS intruder
detection, tracking and intent-detection

Detecting intruder UAVs that communicate
over 5G networks, with CS Group Canada

Wearable devices

Simulation and modeling of
biomedical devices

Uncertainty quantification and
sensitivity analysis

: ! -. = o L .8 ‘L Eld - i
Respimiory Monitoring Devices

(4
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UOttawa Computational Analysis and
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Detection and classification
of objects using UAVs

UAV
Detection

Detecting UAVs using 5G
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Biomedical Blood pressure monitoring

wearables Emotion recognition

Biomedical
contactless

Monitoring breathing and

detecting falls using radars
Monitoring using cameras
and thermal cameras

Scientific machine learning
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