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Abstract: This paper introduces the AltumView Sentinare smart activity sensor for senior care and
patient monitoring. The sensor uses an Al chip and deep learning algorithms to monitor the activity
of people, collect activity statistics, and notify caregivers when emergencies such as falls are detected.
To protect privacy, only skeleton (stick figure) animations are transmitted instead of videos. The
sensor is highly affordable, accessible, and versatile. It was a CES 2021 Innovation Award Honoree,
and has been selected by Amazon as one of only three fall detection devices integrated into its Alexa
Together urgent response service, and has received very positive reviews from Amazon customers. It
has also been used in different senior care settings in about ten different countries. The paper presents
the main features of the system, the evidences and lessons learned from its practical applications, and
future directions.

Keywords: activity sensor; fall detection; fall risk assessment; privacy protection; smart senior
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1. Introduction

The world is aging at an unprecedented rate. In 2018, for the first time in history, seniors aged
65 or above outnumbered children under five years of age globally. In 2022, there were 771 million
seniors aged 65+ years globally, which was almost 10% of global population. In 2020, 13 countries
were super-aged, with more than 20% of their population were seniors. The number will rise to 34 by
2030, including Canada and US. By 2050, the world’s senior population will reach 1.5 billion, and the
number of persons aged 80 years or over will be tripled, from 143 million in 2019 to 426 million in 2050.

Due to people’s preference and the limited resources, most seniors grow old in their own homes
(aging in place) and in the communities nearby, and many of them live alone, especially in developed
countries. For example, 38.4% of seniors in France live alone. In US, data for 2012 show that about
59% of seniors lived with a spouse or partner only, and another 28.5% lived alone. Together, almost
88% of the seniors were in independent living arrangements. In Canada, data from the 2011 National
Household Survey show that 56.4% seniors lived as part of a couple and another 25% lived alone.

Seniors face many safety threats, such as falls, medical emergencies, chronic diseases, and
wandering. In particular, fall is a main threat to senior’s health and safety, which often causes pressure
ulcer, muscle necrosis, pneumonia, disability, loss of independence, and even death. According to the
World Health Organization, about 28% — 35% of seniors would go through at least one fall each year,
and this danger rises to 42% for individuals over the age of 70. Seniors have a 25% chance of dying
within six months to a year if they fall and break a hip. Among age-related death, falls account for 40%.
More than 50% of injury-related hospitalizations among seniors are caused by falls, which account
for 10 — 15% of all emergency department visits. In US, 29 million seniors fall in a year, resulting in 7
million injuries, and around 2.8 million seniors need emergency medical attention. Within the homes,
the National Health Interview Survey of 1997-1998 found that 43% of falls happen in the bedrooms
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and bathrooms. Therefore, how to detect falls in these places while protecting the privacy of seniors is
very critical.

In the COVID-19 pandemic, seniors are the most vulnerable people, and many long-term care
facilities have been hit hard. The social distancing requirements made it even more difficult for seniors
to receive helps from family members or care workers.

Aging population also leads to serious labor shortage. Therefore it is necessary to use new
technologies to take care of the seniors, maximize their autonomy and independence, while minimizing
the risks to their privacy.

Technologies can also improve the health inequity problem faced by people in remote areas,
people with low income, people with disabilities, or indigenous people.

As a result, many governments in the world have started to invest heavily in smart senior care
technologies. For example, in 2021, the US government invested $ 80M to Georgia Tech, Johns Hopkins
University, University of Pennsylvania, and University of Massachusetts, Amherst, to establish research
centers focusing on Al-based senior care technology and commercialization. In Dec. 2022, the Canadian
government invested C$47M to establish the envisAGE network to support 100 startup companies in
Age Tech. Recently, the Australia government is also reforming its senior care policy and strategy, with
focus on introducing new technology to take care of the seniors.

1.1. Limitations of Traditional Medical Alert Systems

Despite great advances in the technologies during the last several decades, the technologies used
by most senior care facilities and seniors living at home are very outdated. Existing medical alert
systems or personal emergency response systems usually have two types: pull cords (or call bells),
and wearable devices such as pendants, panic buttons, and wristbands. Both of them have many
limitations.

The pull cords (or call bells) are only installed at fixed locations, and may not be readily available
in case of emergencies. They are also useless when seniors lose consciousness. The wearable devices
also have various problems: 1) Their functionalities are very limited. Some only have a panic button.
2) Some devices can detect falls, but they are based on accelerometer, and cannot detect slow falls. 3)
Wearable devices need to be worn all the time, which is not convenient, especially for persons with
dementia or are very weak. Many seniors refuse or forget to wear them. Some patients with dementia
could press them randomly and create many false alarms. 4) Seniors cannot press the buttons if they
lose consciousness. 5) Wearable devices need frequent recharging.

1.2. Limitations of Other Types of Fall Detection Devices

Since fall is a main threat to seniors, many different technologies have been developed for fall
detection. Vision-based fall detection is an active field. Some systems are similar to traditional
surveillance systems, where some human operators are needed to watch multiple video monitors in
the control center around the clock to find out if there are any accidents. This is labor-intensive, and
can only be used in hospitals or common areas of long-term care facilities, but not in bedrooms and
bathrooms.

Some other systems send the videos to a local or cloud server, where some intelligent al-gorithms
are performed, such as fall detection. This centralized approach requires more resources in the server
and high-speed network to send the videos continuously. It also could not protect the privacy of the
people. Some systems use Al algorithms in the camera to detect emergencies such as falls, but still
transmit videos out of the cameras, which cannot protect the privacy of the persons being monitored.

Some other systems use thermal cameras, depth cameras, or radar devices. These approaches
can preserve people’s privacy, but have various limitations, such as low resolutions, small range of
coverage, and difficulty in distinguishing between people and pets.
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1.3. The AltumView Sentinare Smart Visual Sensor

To address the challenges of aging population, since 2018, we have developed the Sentinare smart
activity sensor system for senior care, which includes the Sentinare smart activity sensor, Amazon
AWS-based cloud server, and mobile app.

We believe the recent advancement in artificial intelligence (AI) and computer vision offers the
enabling technology to allow us to take care of our senior population in a cost-effective manner.

The Sentinare sensor is designed to be affordable, accessible, and versatile. It uses an Al chip and
the latest deep learning algorithms to monitor the activity of people, collect activity statistics, and
notify caregivers when emergencies such as falls are detected. To protect privacy, only stick figure
animations are transmitted instead of videos, allowing it to be used anywhere in the home.

The Sentinare sensor was selected as an Innovation Award Honoree at CES 2021, the largest
consumer electronics show in the world. In 2022, it was also selected by Amazon as one of only three
fall detection devices for its Alexa Together urgent response service [1], and has received very favorable
reviews from Amazon customers.

In addition to US and Canada, the Sentinare sensor has been adopted by customers in about ten
other countries and regions, including China, Hong Kong, Japan, Australia, Italy, Spain, and some
Southeast Asian countries. It is being deployed in all senior care set-tings, from aging at homes, to
independent living, assisted living, and long-term care. It is a powerful tool for senior care facilities
to improve the efficiency of the care workers and the quality of service, reduce staff workload, stress,
and turnover rate. It has also been applied to remote patient monitoring, not just for seniors, but other
patients, for example, young patients with intellectual /developmental disabilities (I/DD), such as
autism and Down syndrome.

In this paper, we will discuss the features of the AltumView Sentinare system, the lessons learned
from its practical applications in different countries and different senior care set-tings, and future
applications.

2. Main Features of the AltumView Sentinare System

Figure 1 shows the overall architecture of the AltumView Sentinare smart activity sensor system,
which includes the Sentinare sensor, the Amazon AWS-based cloud server, the Sentinare mobile app,
the web hub, and the API (Application Programming Interface) for third-party integration.

Il
Sentinare
Mobile App

Sentinare
“ Web Hub

Sentinare Sensor
AltumView

.} Cloud
V1: 2018 v g,

V2: 2021 ﬁ API

V3: 2023 - : & - = 3¢ Party
' s Apps
Figure 1. The system architecture of the AltumView Sentinare smart activity sensor.

Three generations of the Sentinare sensor have been developed. The latest version uses a powerful
RV1126 SoC (system on chip), which is equipped with a quad-core ARM Cortex-A7 CPU and a RISC-V
MCU. More importantly, it has a NPU (Neural Processing Unit) with a capacity of 2.0 TOPS (trillion
operations per second) and supports INT8/INT16 precisions.

Thanks to the powerful CPU, we have implemented many unique features in the Sentinare sensor.
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2.1. Privacy Preservation

Preserving the privacy of users is the core concern of our design. The powerful Al chip in the
Sentinare visual sensor allows it to run various latest deep learning algorithms inside the sensor,
without having to transmit videos to the cloud for processing, thereby protecting user’s privacy, and
also reducing the transmission cost and cloud cost.

Moreover, to provide necessary visual information, the sensor converts people’s activities into
skeleton (stick figure) animation, which can be streamed to the cloud and the mobile app or included
in the alert notification when emergencies such as falls are detected. This approach strikes a good
balance between protecting the privacy of the seniors and providing necessary visual information for
the caregiver to know what has happened and identify false alarm, allowing the sensor to be used in
bedrooms and washrooms.

The Sentinare sensor also gives users the options to save the raw videos in the SD card of the
sensor, which are never transmitted out of the sensor. These raw videos can be used for detailed
analysis or as legal evidences.

2.2. Automatic Fall Detection [31,32]

We have developed and implemented a deep learning-based automatic fall detection algorithm in
the Sentinare sensor. When the sensor detects a fall (and other emergencies as described below), it will
automatically send a push notification to the mobile app via the server. It does not need any action
from seniors, such as pressing the emergency button, which is not a viable solution when seniors lose
consciousness, or when the seniors have dementia. We have made numerous improvements to the
algorithm based on field trials and customer feedback, and achieved state-of-the-art performance.

2.3. Fall Risk Assessment [41]

The Sentinare mobile app includes a fall risk assessment tool. In the past, patients had to go to the
hospital for the doctors to assess their risk of falling. Our system allows them to do the assessment at
home whenever they want. This makes it easier for the users to keep track of the fall risk of seniors,
review the corresponding recordings, and identify early sign of high risk of falling, so that preventive
precautions can be taken to prevent falls.

2.4. Low-Cost Stick-Figure Recording and Storage [42,43]

Since the Sentinare sensor only transmits stick figure animation to the server and the app, it needs
much less data bandwidth and cloud cost than traditional surveillance video cameras. For example,
the bit rate of surveillance videos is at least 50KB/sec, or 180MB/hour. Compared to this, one hour
of stick figure streaming only needs about 5MB, which can be further reduced by using some simple
compression methods. Therefore the transmission and storage costs can be easily reduced by more
than 30 times. This allows us to store the stick figure data for much longer time in the cloud for review
and analysis, and with much lower cost than videos.

The stick figure recording can provide many useful information. For example, how long a senior
sleeps at night, and how many times the senior goes to kitchen or bathroom. These statistics can
provide good indication of the senior’s health, and allow caregivers to identify some conditions earlier,
such as urinary track infection. It can also be used by doctors and family members to monitor the
results of treatments for some chronic diseases, such as dementia.

The Sentinare system is currently the only commercial system that can collect large-scale,
real-world behavioral data from patient’s homes in a low-cost and privacy-preserving way. Therefore
it has huge potential in many medical applications.
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2.5. Face Recognition [33,34,36,37,39,40]

The Sentinare sensor has built-in deep learning-based face recognition feature, which can be very
useful in various applications, as explained below.

2.6. Daily Activity Statistics [42]

Based on the built-in face recognition and action recognition features, the Sentinare sensor can
collect the statistics of a person’s activity in each day, for example, how much time is spent in different
rooms, different locations of a room, and the time spent on lying, sitting, and standing. The information
can be used by caregivers for analysis and diagnosis. It can also be used by the seniors and their family
members to understand the senior’s health condition, and identify changes to their health earlier.

2.7. Region of Interest (ROI) Monitoring

The Sentinare sensor provides flexible ROI features, including Restricted Region, Overstay
Detection, and Absence Detection. Users can define regions of interests via the app, and receive
push notifications when the targeted events happen in the ROL The restricted region feature can also
be used to prevent residents from wandering away from the facility, or entering rooms that they are
not supposed to go (e.g., to prevent resident-to-resident aggressive actions). The overstay detection
can be used to encourage the seniors to do more exercise, or as a backup if the fall detection algorithm
does not work. The absence detection can be helpful to detect emergencies even if the person has an
accident in an area not covered by the Sentinare sensor.

2.8. Hand-Waving Detection

The fall detection is a passive feature. To allow seniors to actively seek help, for example, in
emergencies such as heart attack or stroke, the Sentinare sensor implements a hand-waving detection
feature. It also serves as a backup if the senior falls but the fall de-tection algorithm fails to detect
it. This can also be used if the seniors need other non-emergent helps from the caregivers. Different
sensitivities are provided for hand-waving detection. In the high sensitivity, only raising hand is
needed to trigger the alert, and there is no need to wave hand. This is suitable if the person is weak.

2.9. Voice Calls

The Sentinare sensor has a built-in microphone and a speaker. It allows the caregiver to call the
Sentinare sensor directly. The seniors do not need to do anything to answer the call. This has been
found to be very valuable to check the seniors” condition and relieve the anxiety of seniors in case of
emergency.

2.10. Night Vision

The Sentinare sensor has built-in infrared lights, allowing the sensor to be able to detect people
and emergencies in the night.

2.11. Secondary User

Each Sentinare account can invite some secondary users to access selected sensors and people
in the account. This can be useful for senior care facilities or home care companies to assign jobs
to different care workers, so that each of them only receives alerts from selected residents of the
organization. They can also invite family members of a senior to access the sensor in their loved ones’
room, but not from other residents.

2.12. API for Third-Party Integration

The Sentinare system provides cloud API for third-party integration. All the data from the sensor
can be retrieved from our server via the API, and integrated into other systems.
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2.13. Email Summary

The account activity statistics can be emailed to the account holders on a weekly or daily basis, so
that they can know if everything is normal without opening the Sentinare app.

2.14. Security

The Sentinare system has adopted various security protocols, including the TLS/SSL
cryptographic protocols, the secure AWS protocols, the OAuth 2.0 authentication protocol, and the
light-weight, secure, and scalable MQTT protocol designed for IoT devices. Together with the fact
that only stick figure animation is transmitted, the system is more secure than traditional surveillance
camera systems, and can easily meet the privacy and data security regulations in various countries,
such as HIPAA in US and the GDPR in Europe. The system also has Amazon AWS cloud servers in
different countries to make sure the data do not leave its original country.

3. Main Algorithms in the Sentinare Sensor

We design various deep learning-based neural networks using different optimization approaches,
so that they can run in real-time on the embedded CPU in the Sentinare sensor, including network
pruning, quantization, and depth-wise convolution. As a result, the Sentinare sensor can perform
real-time deep learning-based pose estimation, action recognition, fall detection, face detection, and
face recognition. The main block diagram of the different algorithms is shown in Figure 2.

Scene

Segmentation

Input Pose Action Fall Alarm
5 . Pl B -
Frame Estimation Recognition Detection

Face Face
- - le |
Detection Recognition People ID

Figure 2. The main block diagram of the visual sensor’s algorithms.

3.1. Pose Estimation

The sensor monitors human action by first detecting and estimating the pose of each per-son in
each video frame, i.e., localizing all human keypoints (also known as joints) such as head, arms, hands,
and legs. A skeleton diagram of the person can be obtained by connecting neighboring keypoints with
straight lines. A typical method uses 18 keypoints to represent a person (two eyes, two ears, nose,
neck, two shoulders, two elbows, two wrists, two hips, two knees, and two ankles), and the resulting
skeleton has 17 line segments, as shown in Figure 3.
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Figure 3. Human keypoints and skeleton.

In order to achieve real-time pose estimation algorithm in the resource-limited embedded CPU,
we applied various channel pruning techniques to reduce the feature map width of the network.
We also quantize the model and use 8-bit integer precision instead of 32-bit floating-point precision.

During the training, we apply data augmentation to improve the pose estimation performance from
different visual sensor angles.

3.2. Frame-Level Action Recognition

After locating the keypoints from pose estimation, we crop the person from the image by forming
a bounding box from the detected keypoints. Then, we feed the cropped person image into an action
classifier to predict the probability of each action of interests to us. To improve the accuracy, we
develop a two-level convolutional neural network (CNN) approach to detect falls and other activities
from a single image, as shown in Figure 4.

For the first level, a CNN with a binary classifier is used to detect “fall” actions from “normal”
actions. The second level contains two CNNs, with one of them further classifying “fall” actions into
“lying” or “struggling” actions, and the other one further classifying “normal” actions into “standing”,

v

“sitting in chair”, “sitting on floor”, “bending”, and “squatting” actions.

— Lying
—  Fall E— CHN

Struggling

Input image —= CHN | — Standing

Sitting in chair

——= Sitting on floor

—  Normal —— CNM

Bending

Squatting
Figure 4. Two-level CNN approach for action recognition.
3.3. Fall Detection Algorithm [31,32]

The pose estimation model described above provides the locations of the human key-points in
the image, and the frame-level action recognition model generates frame-by-frame action labels, and
can distinguish dangerous actions and normal actions. To achieve more reliable fall detection, image
layout and temporal information need to be considered. We build a reliable fall detection system with
automatic scene segmentation and state machine [31].

3.4. Automatic Scene Segmentation

To robustly detect falls, especially falling from bed and sofa, the system needs to distinguish
different lying and struggling actions: regular actions (e.g. lying in bed or sofa) and dangerous actions
(e.g. lying or struggling on the floor). Therefore, a scene segmentation network is developed. It
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segments the indoor scenes into three categories: the dangerous region which contains floor and carpet;
the safe region which contains the objects where one can lie down, such as bed and sofa; and the
background region. We also made various efforts to reduce the complexity of our network so that it
can run faster. Note that the segmentation algorithm does not have to run in real time, because it is
only called one time, and only needs to be updated when the installation or the room layout changes.

3.5. State Machine for Fall Detection

To reduce false alarms caused by the frame-level action recognition method described above,
we develop a state machine to incorporate temporal information from consecutive video frames,
making the falling detection system more robust and reliable. Our state machine includes four states
representing increasing levels of falling possibility. The probability increases if the person is detected
as falling in consecutive frames, and reduce if the person is detected as not falling in a frame.

3.6. Fall Detection Performance

Our fall detection algorithm was initially trained using data collected in our lab based on the
typical installation position of our sensor. In addition, our algorithm has been tested for several
years in several senior care facilities in different countries. We also received feedback from many
other customers, including Amazon users, who have identified various special cases that our original
algorithm did not work well. Based on the feedback from these real-world examples, we have
made numerous modifications to improve our performance in different scenarios, such as body
postures, lighting conditions, room layout, sensor heights, and angles. Therefore our solution is much
more robust than other research papers, which are usually only based on data collected in the lab
environments.

In this section, we test the fall detection performance of our sensor on two popular public available
datasets. The results show that our method achieves state-of-the-art accuracy compared to existing
methods.

3.6.1. Dataset 1 — CNRS Fall Dataset [10]

The CNRS dataset is proposed by the French National Centre for Scientific Research. It consists of
130 simulated fall videos in total. There are 4 room setups (Homel, 2, Coffee room 1, 2). The camera
position is medium to high, simulating mounting position of typical surveillance cameras. Ground
truth bounding box information is provided for the test videos. The start and end frames of fall events
are also provided. In the literature there are 2 different experiment setups for this dataset.

1) Following [2], 96 video clips are extracted with 45 frames before the start of the fall action and
15 frames after the end of fall action. In [2], frame-level accuracy is used to evaluate the performance
of fall detection, i.e., each frame is labelled as fall or normal frame. The training and testing split also
has two setups, 2-fold cross-validation and 4-fold cross-validation. In the 2-fold test, the models are
trained on either home or coffee room setup, and tested on the other setup. In the 4-fold test, the
models are trained on 3 of the 4 setups, and tested on the remaining 1 setup. The average accuracy is
reported for both 2-fold and 4-fold tests.

Table 1 shows the results of our fall detection algorithm and results reported in [2]. Our method
achieves higher frame-level results in the 2-fold test and slightly lower than theirs for the 4-fold test.

We also test the performance of our event-level fall detection algorithm, which achieves 100%
accuracy for both 2-fold and 4-fold tests. No event-level result was reported in [2].
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Table 1. Fall detection accuracy on CNRS dataset, Setup 1.

[2] Ours
2-fold / 4-fold 2-fold / 4-fold
Frame-level accuracy 75% / 88% 83.53% / 86.61%
Event-level accuracy Not reported 100% / 100%

2) Following [3], 127 videos are randomly selected as training and testing set in a 2-fold
cross-validation setup. The event-level accuracy is reported in [3]. Table 2 shows the experiment results
of our method and results reported in [3]. Our method achieves significantly higher sensitivity and
specificity compared to the method in [3]. Our method only has 2 false negative detections (sensitivity
97.92%) and no false positive detection (specificity 100%), and the overall accuracy is 98.43%.

Table 2. Fall detection accuracy on CNRS dataset, Setup 2.

[3] Ours
Sensitivity 90% 97.92%
Specificity 89.6% 100%

3.6.2. Dataset 2 — UMontreal Dataset [11]

The UMontreal dataset is developed by the University of Montreal, Canada. Simulated fall events
are recorded in a single room setup with 8 cameras around the room. The camera position is high,
simulating mounting position of typical surveillance cameras. There are 184 fall actions and 920 normal
actions annotated in the videos. Videos are randomly selected as training and testing sets in a 2-fold
cross-validation setup.

Table 3 shows the experiment results of our method and results reported in [4-9]. Our method
achieves one of the best sensitivity among the existing methods. [5] and [8] have better sensitivity, but
their specificities are lower than our method. We also achieve the second best specificity after [7], but
[7] has a very low sensitivity of only 80.60%. In short, our method achieves the best overall sensitivity,
specificity, and accuracy among the existing methods.

Table 3. Fall detection accuracy on UMontreal dataset.

[4] [5] [6] [7] [8] [] Ours
Sensitivity  91.60% 93.7% 89.40%  80.60%  9540%  91.30%  93.48%
Specificity ~ 93.5% 92.0% 93.23% 100% 95.80%  91.67%  98.59%
Accuracy  90.6% 89.7% 90.1% 96.76%  93.07%  89.06%  97.74%

3.7. Backups of Fall Detection

The fall detection performance of our product (and any other products) in real-world application
can be affected by many factors, such as distance, sensor’s angle, the person’s pose after fall, lighting
condition, and occlusion.

To improve the fall detection performance in the real world, the hand-waving detection and the
overstay detection features can be used as backups for fall detection. The former needs the person to
actively wave hand to the sensor. The overstay detection can be set up as another backup in places
where fall detection could fail and the person is not supposed to stay long, such as bathrooms, bedside,
or hallways.

The absence detection can serve as another layer of backup. It can be set up in an area where a
person should show up regularly. An alert will be generated when nobody is detected for the defined
duration, which could happen when the person has accidents in another place not covered by the
Sentinare sensor.
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3.8. Fall Risk Assessment [41,42]

Fall risk assessment is another desired feature, which can prevent falls. The Sentinare app
implements a fall risk assessment method, which allows users to evaluate the fall risk of seniors or
patients regularly in long-term care facilities, community centers, or at homes, without having to go to
hospitals to do the test, and identify people with high fall risk earlier, so that necessary interventions
can be taken to reduce falls and the damages they could cause.

The fall risk assessment method implemented in the Sentinare app is a combination of two widely
used methods in the medical community, the Morse Fall Risk Assessment Scale and the three-meter
Timed Up and Go (TUG) method [12-14].

The Morse Fall Risk assessment method assigns scores based on answers to six questions, and the
total score determines the fall risk [13]. The six questions are: 1) History of falling in the last 3 months;
2) Secondary diagnosis; 3) Ambulatory aid; 4) Intravenous or saline assistance; 5) Mental illness; 6)
Gait quality.

The Morse method’s has a sensitivity of 78%, specificity of 83%, and interrater reliability of 0.96,
meaning repeated tests by different examiners are highly consistent. Therefore the method has been
widely adopted by hospitals and senior care facilities around the world.

The first five questions of the Morse Fall Scale are quite straightforward, but the last step of the
Morse Fall Scale is to assess the gait or walking quality of the person. In order to avoid relying on the
doctors or nurses to do the gait assessment, we obtain the gait quality assessment of the Morse fall scale
using another popular method, the three-meter Timed Up & Go (TUG) test [14], which was initially
designed for seniors, but has also been found to be very accurate for people with Parkinson’s Disease,
Alzheimer’s, hip fracture, routine orthopaedic surgery, and other conditions. The TUG method’s
sensitivity and specificity are both 87%, and interrater reliability is 0.98. which is as good as the
Morse Fall Scale. The TUG test is used by Centers of Disease Control (CDC) in US and many other
organizations.

To do the TUG test [14], users only need to have a room with an empty area of at least 3m long. It
is better to do the assessment within the view of a Sentinare sensor, so that the process can be recorded
for future review and analysis. The person being assessed starts by sitting on an armchair. Another
user of the Sentinare app will start the timer in the app. After starting the test, the person being
assessed stands up from the chair, walk 3m away from the chair (a marker can be put on the floor in
advance), turn around, walk back to the chair, and sit down. The app user will then stop the timer.

The time (in seconds) needed to complete the TUG assessment will be used to determine the gait
quality in the Morse Fall Scale. If the time is more than 12s, the gait is impaired, and 45 points are
assigned to the gait quality in the Morse Fall Scale. If the time is between 10-12s, the gait is considered
weak, and 30 points are assigned to the gait quality of the Morse Fall Scale. If the time is less than 10s,
the gait is normal, and 0 point is assigned to the gait quality of the Morse Fall Scale.

Finally, if the total score of the six factors in the Morse Fall Scale is 0-24, the fall risk is low. If the
total score is 25-44, the fall risk is medium. If the score is more than 45, the fall risk is high.

Since our fall risk assessment method combines the two popular methods of Morse Fall Scale
and TUG, and avoids the need of doctors or nurses (and thus the interrater discrepancy), it is more
accurate that each of the two methods. It also provides the stick figure re-cording of the assessment,
which can be reviewed and analyzed in the future.

4. Practical Applications and Less Learned

4.1. Long-Term Care Facilities

Since 2019, the Sentinare sensor has been deployed in various long-term care facilities in several
countries, including China, Canada, Japan, and Australia. It has been shown that the Sentinare sensor
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can improve the efficiency of the care workers and the quality of service, reduce their workload, stress,
and turnover rate.

Based on our experience, several factors could affect the successful adoption of the system (and
other new technologies).

First, the facility needs to have a WiFi network in order to use the Sentinare system. This can be a
challenge for some facilities, because their IT infrastructure is outdated. Some facilities do not have
WiFi at all, or the existing WiFi coverage and bandwidth is not good enough. Some initial investments
are needed to upgrade the WiFi networks. Sometimes it is necessary to provide a dedicated WiFi
network for Sentinare, if there are already too many users in the existing network. Fortunately many
telecom operators or IOT (internet of things) service providers offer WiFi packages for these facilities
at affordable price. Some of them use SIM-card-based mobile WiFi routers, and do not need too much
construction efforts.

Second, some existing workflows or protocols of the facility need to be changed to incorporate
the Sentinare system. For example, the facility needs to provide mobile phones or tablets to the staffs
(if they do not currently use the mobile devices) so that they can use the Sentinare app. If the facility is
using other systems to manage all of their devices and alerts, they might need to integrate the Sentinare
system into their existing systems, which requires some software development from their platform
developer.

Some protocol changes might need approval from the governments or changes of the
corresponding regulations. For example, some governments might require the care worker to do a
room check once every two hours. If these regulations are not changed, there will be less motivation
for the facility to adopt new technologies. Therefore the support from the government is important to
encourage the facilities to adopt new senior care technologies.

Insurance policy also plays an important role that affects the adoption of new technology. If
Sentinare or other new technologies are accepted by the government or private insurance, it will be
easier for the facilities to adopt the new products. For example, recently Sentinare has been approved
by the long-term care insurance in Japan.

Since no product is perfect, how to reduce the number of false alarms in the facility is another
important factor. If there are too many false alarms, it could lead to staff alert fatigue. In the Sentinare
system, we have implemented the following methods to reduce the number of alerts (can be true alerts
or false alarms), based on user feedback. We are also always improving our algorithms to reduce the
number of false alerts.

¢ Delay Fall Alert: If this flag is turned on, the sensor will wait for 30s before sending a fall
detection alert.

* Duplicate Alert Prevention: If this flag is turned on, after an alert is generated from a sensor in
a room, the subsequent alerts of the same type from any sensor of the same room within the
specified period of time will not be sent to the app, even if they are true alerts.

¢ Ignoring Similar Alerts: If certain types of false alarms are frequently generated from the same
location, users can turn on the Ignoring Similar Alerts flag when resolving the alert. Subsequent
alerts of the same type from the same location will be ignored.

4.2. Consumer Market for Aging at Homes

Amazon has invested extensively in healthcare in the last few years. Alexa Together is a new
service launched in Dec. 2021 by Amazon to help seniors, especially those living alone, with 24/7
emergency response. It is a paid service currently only available in the United States. Alexa Together
is based on the Alexa Echo smart speaker and certified third-party fall detection devices. Since early
2022, AltumView’s Sentinare sensor has been selected by Amazon as one of only three fall detection
devices integrated into Alexa Together. As a result, the Sentinare sensor has been available on Amazon
US and Canada for the consumer market since May 2022. Note that the Sentinare system can still work
independently without Alexa Together.
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We have integrated the Sentinare system into the Alexa Together via Amazon’s API. As a result,
when the Sentinare sensor detects a fall, it will send a message to the Alexa, and the Alexa speaker
in the Amazon account of the seniors will talk to the seniors if they have fallen and if they need any
help. If they answer Yes, a 24x7-available human operator will call the seniors to provide emergency
support. This process is illustrated in Figure 5.
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Figure 5. Integration between the Sentinare sensor and Amazon Alexa Together.

Since May 2022, we have got feedback from many Amazon customers about the Sentinare system.
We have also made numerous improvements to improve our design. As a result, Sentinare receives
very favorable reviews from Amazon users, which confirm the need of the product and its advantage
in the market.

From the direct feedback from Amazon customers (including Amazon reviews), we have learned
the following important knowledge and lessons.

¢ Almost all customers of our product in the consumer market are adult children between 40-60
years of age. They use Sentinare to take care of their parents, mostly living alone. The seniors
usually have high risk of falling and cognitive impairments, but they still live in their own homes
and not in the facilities, due to various reasons. Having a device like Sentinare can protect the
safety of the seniors, and provide much needed peace of mind to the family.

® The adult children need to get the permission of the seniors in order to install our product, even
if the seniors have cognitive impairments.

¢ The privacy-preserving stick figure view provided by the Sentinare sensor is well received and
appreciated by both the adult children and the seniors. Many customers state that this is a good
use of Al The visualization provided by the stick figure gives the family members a convenient
and comfortable way to check the condition of their loved ones while respecting their privacy.
Even occasional false alarms are welcomed by many customers, which show the system is
running. Besides, false alarms can be easily identified by playing back the stick figure recording.

* Most users purchase three or two sensors, and many of them install the sensors in bedrooms and
bathrooms.

¢ User-friendly design of the system is extremely important, because many of the mid-aged adult
children that purchase Sentinare are not tech-savvy. The app and the sensor have to be well
designed to reduce the efforts of learning how to set up and use the system.

¢ Since many customers are not good at new technologies, providing good customer support is
also very important to help them learn how to use the system.
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¢ Similar to long-term care facilities, some homes also do not have good WiFi signals. Making
the system work reliably in these environments is also very critical that could affect the user
experience.

* Our Amazon page and positive reviews also attract some business customers to us.

5. Future Directions

5.1. More Advanced Algorithms

The Sentinare system is a joint edge/cloud computing platform. Currently our algorithms mainly
run on the sensor, and only detect simple actions such as standing, sitting, lying, and falling in the
Sensor.

In the future, we plan to develop more advanced deep learning algorithms in the cloud to
recognize more complex actions. We will first detect instrumental activities of daily living (ADL) such
as eating, drinking, cooking, and making phone calls [15-20]. Recognizing these activities is very
useful to evaluate the health of seniors.

Our long-term goal is to develop algorithms to identify some behavioral diseases earlier, such as
Parkinson’s disease, dementia, depression, and autism, by collaborating with physicians and hospitals
[22-28]. It is also possible to employ the fast evolving large language model (LLM) and large vision
model (LVM)-based Al technologies in our system.

These features will greatly enhance healthcare decisions while supporting service providers in
their health interventions.

5.2. Applications in Remote Patient Monitoring (RPM) and Remote Therapeutic Monitoring (RTM)

The Sentinare system has great potential in medical applications, especially RPM and the new
field of RTM.

In current RPM applications, hospitals and health systems mainly use devices that automatically
record and transmit patients’ vital signals, such as weight, temperature, blood pressure, and pulse
oximetry. As the advancement of new sensors, it is possible to monitor more data, including the
activity data provided by the Sentinare sensor.

In 2021, the Centers for Medicare and Medicaid Services (CMS) approved a new category of
service, the Remote Therapeutic Monitoring (RTM) [21], which refers to outpatient rehabili-tation
therapy services that include monitoring the musculoskeletal disorders (MSKDs) and respiratory
system conditions, as well as therapy adherence and therapy response in patients, through automatic
or self-reported metrics. In US, over half of the adults suffering from MSKDs, and the annual costs
have been estimated to be $874 billion, or 5.7% of the annual GDP [29]. The Sentinare sensor is very
suitable for RTM.

RTM services can be ordered and billed to CMS codes by physical therapists (PTs), occupational
therapists (OTs), and speech-language pathologists, without a physician or nurse practitioner.

5.3. Integration with More Third-Party Systems

We can also integrate with more third-party systems to make the new system more powerful and
useful. For example, once the Sentinare sensor identifies signs of some behavioral diseases, it can refer
the patients to some patient navigation systems [30].

6. Conclusions

This paper introduces AltumView’s privacy-preserving Sentinare smart activity sensor for senior
care and patient monitoring. We discuss the main features and performances of the system, and its
applications in different senior care settings in various countries. The outcomes from these applications
show that Sentinare is an affordable and versatile tool to protect the safety of seniors, maximize their
autonomy and independence, while minimizing the risks to their privacy. We also summarize the
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lessons learned from the practical deployments of Sentinare. Finally, we outline its great potential in
some future directions, including recognition of activities of daily living, early identification of some
behavioral diseases, and applications in the new field of Remote Therapeutic Monitoring. All of these
show that the Sentinare sensor can greatly enhance healthcare decisions while supporting service
providers in their health interventions.

7. Patents

The patents resulting from the work reported in this manuscript are included in [31-43].
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