WARE-Care: a novel RF-based system to assess and prevent falling
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Many falls in nursing facilities are not reported during night when older Our experiments utilize the IWR6843ISK-ODS mmWave radar from Texas Frail and Fall Risk Assessments

adults are alone. It can lead to reduced quality of life, increased fear of Instruments (TIs) and the Microsoft Azure Kinect to generate GT joint We perform joint angle rotations calculation using Inverse Kinematics (IK), and automatic signal segmentation, extract feature for
falling and restriction of activities, decreased ability to function, and positions. We designed a 3-D-printed bracket to hold the radar and Kinect each activities, for example, Sit-to-Stand (STS), Gait, Timed Up & Go (TUG), Upper Extremity Functional (UEF) and Balance. Features

increased risk of injuries or death. We propose WARE-Care: mmWave based together. We employ the built-in body-tracking feature from Kinect to calculated from these activities are used to classify individuals into low, moderate, or high fall risk categories. Figure 6 shows the
fall Assessment and pRevEntion, as a non-intrusive system to work during obtain the positions of 25 joints, which serve as our GT. However, we only features we extracted.

the night to collect and assess older adults’ falling data. WARE-Care will utilize the 17 key joints as depicted in Figure 3. Wearable sensors were also ) A A : e -
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Figure 6. Main Feature extracted from ADLs

e o

‘ ‘g_ /O ‘ AnkleRight (\‘ﬁ/> (\53//] AnklelLeft
U' | Figure 3. T-Pose Joints

Data collection Tasks:
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We perform statistical analysis and provide older adult participants with individualized feedback reports. This report summarizes
each participant’'s performance and offers advice to improve balance and strength exercises. Below is an example.

Figure 1. Ware-Care Project Pipeline
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To more accurately estimate the size of the dataset needed to
achieve our desired outcomes, such as a target detection rate of
>99.5% and a false alarm rate of < once a week (0.006 N. / Hs), we
find the S values corresponding to target rates using inverses
functions.
To achieve the goal of false alarm rate, we need at lease 500 hours of
ADL data to evaluate. O e e :
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Figure 2. mmPose-FK Architecture
We recruited a group of healthy adults (18 or older) for setting up and
training the proposed system. The model is further validated on a targeted
older group (65 and older) and be compared with wearable motion sensors.
An interdisciplinary team has been assembled to develop and perform
initial clinical validation of this novel system.
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Figure 8. Detection and False Alarm Rates
Figure 5. The experimental setup
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