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Severa Belotti, 82, and Luigi Carrara, 86, from Albino, Bergamo, 
who died from the COVID-19 just hours apart in northern Italy on 
March 10. 

They spent eight days locked at 
home with a fever of 102°F (39ºC).

I tried to call emergency services 
but no one came to the rescue.

”

“
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Reference: Daily Mail, March 12, 2020, By Ryan Fahey

– Luca Carrara, son of victims
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Seniors are the most vulnerable to COVID-19
They are more likely to contract COVID-19 and die from the virus

Population-adjusted cases: Cases with confirmed age per 1 million people in age group

Reference: The Epidemiological Characteristics of an Outbreak of 2019 Novel Coronavirus Diseases (COVID-19) — China, 2020, The Novel Coronavirus Pneumonia Emergency Response Epidemiology Team



Chronic Health Condition

6

Various reasons put seniors at a higher risk

Age Community Living

Asymptomatic Caregiver Medical Triage Poor Chronic Care

65yr
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Various reasons put seniors at a higher risk

Reference: Chinese Center for Disease Control and Prevention; National Council on Aging; 65+ in the United States: 2010, U.S. Census Bureau

Nursing Home Population Aged 65+COVID-19 Death Rate by Age Common Chronic Conditions for Adults 65+

Chronic Health ConditionAge Community Living

Seniors are at a higher 
risk of infection and death 

75% of seniors have chronic 
health conditions, which 

dramatically worsen prognosis

More vulnerable to 
community outbreaks
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Various reasons put seniors at a higher risk

Symptomatic cases
(Fever)

Asymptomatic cases
(Mild)

Severe cases

Deaths

Cases 
detected

Level 1
Life threatening

Level 2
Emergent care

Level 3
Urgent care

Level 5
Non urgent

Within
120 minutes

Immediate 
care

Within
60 minutes

Within
30 minutes

Within
15 minutes

Reference: KAUST Health Emergency Room Triage System; Centers for Medicare & Medicaid Services; Oculus Health

2/3 of Medicare 
beneficiaries have 2 or 
more chronic conditions

24/7 access to the care 
team management

Providers must give at 
least 20 minutes of 

clinical staff time per 
month with a patient

Asymptomatic Caregiver Medical Triage Poor Chronic Care

Seniors rely on younger 
caretakers who could be 
asymptomatic patients

Younger patients are prioritized 
to maximize the chance 
of therapeutic success

Routine chronic care could be 
delayed or dangerous due to 
cross-infection in hospitals

Level 4
Less urgent
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Monitor Patients with 
Mild Symptoms

Manage Chronic Conditions

How to take care of seniors 
while keeping them safe?

Early Symptom Detection 
of COVID-19

9
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$
Low-cost Burden-free

Mobility Infection

Sleep Diet

Versatile Scalable

Endowing in-home care with 

AI-Powered Smart Sensor Technology



Reference: Bedside Computer Vision - Moving Artificial Intelligence from Driver Assistance to Patient Safety, Yeung et al., New England Journal of Medicine (NEJM) 2018 
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Multimodal & privacy-preserving data collection

Data Collection Data Annotation Model Development Activity Detection

A system overview

Use case

Perceives the world 
in visible light

Measures 
distance

Measures 
temperature 

Measures vital 
signs and motion

Object recognition, 
person detection,
complex behavior 

understanding

Pose estimation,
gait analysis

Fever detection,
respiratory rate 

monitoring

Heart rate, sleep, 
and step tracking

Our research

Sensor
RGB

(smartphones & 
cameras)

Depth Thermal
Wearable
(Fitbit/Apple 

Watch)

Function

Example 
data

1 2 3 4



Reference: Bedside Computer Vision - Moving Artificial Intelligence from Driver Assistance to Patient Safety, Yeung et al., New England Journal of Medicine (NEJM) 2018 
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Data encryption, transfer, and annotation
A system overview

Data Collection Data Annotation Model Development Activity Detection

1 2 3 4
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Model development and deployment 
A system overview

Reference: Bedside Computer Vision - Moving Artificial Intelligence from Driver Assistance to Patient Safety, Yeung et al., New England Journal of Medicine (NEJM) 2018 

Data Collection Data Annotation Model Development Activity Detection

1 2 3 4
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Edge computing and data analytics
A system overview

14

Early detection of COVID-19 
symptoms

Monitoring of home isolation 
after COVID-19 exposure

Early detection of chronic 
disease escalationUrgent care Family

Reference: Bedside Computer Vision - Moving Artificial Intelligence from Driver Assistance to Patient Safety, Yeung et al., New England Journal of Medicine (NEJM) 2018 

Data Collection Data Annotation Model Development Activity Detection 

1 2 3 4

GPU



Falls
Slowed movements
Unstable transfers
Front door loitering

Immobility

Eating
Fluid intake

Alcohol consumption
Pill consumption
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Sleep

Fever

Urinary frequency
Respiratory rate

Sleeping

Day/night reversal

DietMobilityInfection

Descriptive analytics of clinical status
Can be further interpreted by clinicians and family members

Reference: Computer Vision-based Descriptive Analytics of Seniors' Daily Activities for Long-term Health Monitoring, Luo et al., Machine Learning for Healthcare (MLHC) 2018; Video Magnification, MIT CSAIL



Fever

Urinary frequency
Respiratory rate

Fever

Urinary frequency
Respiratory rate

Infection
Respiratory rate monitoringFever detection

Descriptive analytics of clinical status

Reference: Computer Vision-based Descriptive Analytics of Seniors' Daily Activities for Long-term Health Monitoring, Luo et al., Machine Learning for Healthcare (MLHC) 2018; Video Magnification, MIT CSAIL
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Original video Magnified video

Infection 



Metric: mAP

90.3%Mobility

Falls
Slowed movements
Unstable transfers
Front door loitering

Immobility

Descriptive analytics of clinical status

Reference: Computer Vision-based Descriptive Analytics of Seniors' Daily Activities for Long-term Health Monitoring, Luo et al., Machine Learning for Healthcare (MLHC) 2018
17

Mobility
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7

8

9

10

Hours of sleep Sleep stages

Awake

Sleep

Deep sleep

1 2 3 4 5 6 7
AM

* In progress

Sleep

Sleeping

Day/night reversal

Descriptive analytics of clinical status

Reference: Computer Vision-based Descriptive Analytics of Seniors' Daily Activities for Long-term Health Monitoring, Luo et al., Machine Learning for Healthcare (MLHC) 2018
18

Sleep 



* In progress

Diet

Eating
Fluid intake

Alcohol consumption
Pill consumption

Descriptive analytics of clinical status

Spatial-temporal scene graph

Reference: Action Genome: Actions as Composition of Spatio-temporal Scene Graphs, Ji et al., Conference on Computer Vision and Pattern Recognition (CVPR) 2020
19

Diet 
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Ethics, privacy, and security

IRB approval
Minimized population bias
Proxy consents for cognitively impaired adults

Step 1

HIPAA compliant platform
Data and disk encryption 

Step 2

Face & private area blurring
Step 3

Recruit 
participants 

Collect & 
store the 
data

Annotate 
the data

Develop & 
deploy the 
model

Edge computing
Federated learning

Step 4

Reference: Communication-Efficient Learning of Deep Networks from Decentralized Data, B. McMahan et al., Conference on Artificial Intelligence and Statistics (AISTATS) 2017
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AI-powered sensors: Keeping seniors safe and 
provide assistive care during a pandemic   

In-home Health 
Monitoring

Early Infection & 
Respiratory Distress
Detection 

Mitigation of 
Hospital Overload

Image credit: Alissa Eckert, MS; Dan Higgins, MAM



In-home Health 
Monitoring

Early Infection & 
Respiratory Distress
Detection 

Mitigation of 
Hospital Overload
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AI-powered sensors: In-home care opportunities 
beyond seniors and COVID-19

Assistive, Accessible, and 
Affordable Home Care

Chronic Disease 
Management

Rehabilitation

Image credit: Alissa Eckert, MS; Dan Higgins, MAM
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