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Abstract

Falls and unmonitored patient movements remain leading causes of harm in healthcare settings.
Current solutions — such as weight-based alarms, remote video monitoring, and in-person sitters
— are reactive, labor-intensive, or prone to false alarms, often compromising both care quality
and staff efficiency. We developed a machine learning-enabled, proactive-preventive patient
monitoring platform that uses 17-keypoint pose estimation to detect changes in patient posture
and generate dertsin real time. The Edge-Al device integrates a Raspberry Pi 5, Hailo-8L neural
processing unit (NPU), and Raspberry Pi camera module 3, and runs Hailo-Y OLOv8-Pose at 30
frames per second to classify postures (i.e., lying, Fowler's, ditting, standing). Alerts are
transmitted via Bluetooth to caregivers through earphones or speakers. System performance was
evaluated across multiple scenarios, including bed and chair monitoring, free limb movement,
partial body occlusion (e.g., blankets), and varying lighting and care environments. The platform
maintained accurate monitoring under varying lighting conditions, including lights-off scenarios,
and because all processing occurs locally without network dependence, it is designed to continue
operating during network outages — an important resilience feature for care environments where
connectivity may be interrupted. By abstracting images into skeletal keypoints without recording
video, the system preserves privacy while potentially enabling earlier intervention and reducing
false alarms and caregiver workload. This cost-effective, scalable system supports future
enhancements such as dual alerting, multi-device full-room coverage, and continuous monitoring

for dementia patients.
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I ntroduction

Patient safety is the highest priority in healthcare settings. Falls are a significant concern
(e.g., 2to 16 fals per 1,000 bed days with around 30% fall-related injuries) (Haines et al., 2008;
Hester et al., 2016), often resulting from patients' physical limitations or changes in mentation
from their baseline due to conditions such as dementia (Allan et al., 2009; Fernando et al., 2017;
Handelsman, 2011; Morris et a., 2022; van Dijk et al., 1993). To prevent falls, patient
monitoring systems have been implemented, with bed alarm systems (e.g., Bed-Ex occupancy
monitoring system) as the first line of defense. These systems, based on weight sensors, trigger
an alarm when a change in weight is detected as the patient exits the bed (Lee et al., 2018; Shorr
et a., 2012). Simultaneously, the bed’s interface communicates with third-party systems such as
Vocera (Stryker) to sound external alarms, alerting nearby staff (Kuruzovich et al., 2008;
Rumfield, 2021; Williams, 2008). However, current bed alarm systems have critical limitations.
Because alarms are triggered only after a patient has exited the bed, the opportunity to intervene
proactively is often missed — especially given patients compromised physical and/or mental
conditions, where falls may already have occurred. Although beds allow sensitivity adjustments
to address this issue, overly sensitive settings can cause frequent false alarms, leading to alarm
fatigue — a major contributor to caregiver burnout (Asadi et al., 2022; Ding et al., 2023;
Lewandowska et al., 2020; Solet & Barach, 2012; Storm & Chen, 2021). Additionally, alarms
must be manually reset after activation; if not reset properly, monitoring lapses, further
increasing the risk of falls. Other factors, such as improper bed calibration or the addition of
equipment (e.g., oxygen tanks or other necessary medical equipment), can also compromise

alarm effectiveness (Clodfelter, 2025; Winkler et al., 2025).
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80 Other fall prevention methods include chair alarms (Knight et al., 2008), virtual sitters,
81 and in-person patient stters. Chair darms operate similarly to bed alarms, sounding after the
82  patient has aready moved or fallen. Virtual sitters monitor patients remotely via cameras,
83 derting staff when necessary (Ergal et al., 2024; Quigley et a., 2021). However, remote
84  monitoring cannot physically intervene to prevent harm and is limited by the number of available
85 devices. In-person sitters, though effective, strain staffing resources and raise privacy concerns
86 (Charles, 2023). Therefore, there is an urgent need for real-time, preventive patient monitoring
87 technologies that improve fall prevention while preserving patient privacy and reducing

88  caregiver workload.

89 In response to this need, we have developed a machine learning (ML)-enabled, real-time
90 patient monitoring platform using a Hailo-8L neural processing unit (NPU) accelerator and
91  Raspberry Pi. Our platform utilizes 17-keypoint pose estimation to continuously monitor patient
92  posturein bed or chair environments at 30 frames per second (FPS), without storing or retaining
93 identifiable video/images to protect privacy. By accurately detecting postures such as lying,
94 Fowler’'s position, gtting, and standing, the platform provides immediate voice alerts to
95 caregivers via Bluetooth-paired earphones. To evaluate the platform’s patient monitoring and
96 aert performance, four distinct patient monitoring trials were conducted: i) posture monitoring
97 and aerting for lying, Fowler’s, sitting, and standing positions on a bed; ii) posture monitoring
98  during free hand and leg motions on the bed; iii) posture detection when the patient’s body was
99 partially covered by a blanket; and iv) monitoring sitting and standing transitions in a chair
100  across various angles. We also assessed platform performance under different care environments,

101 including varying locations and lighting conditions.

102
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103 Methodsand Materials

104  ML-enabled proactive-preventive patient monitoring platform

105  The proactive-preventive edge device consists of a Raspberry Pi 5 (64-bit, 8 GB RAM), a Hailo-
106 8L NPU (Hailo-8L Al chip: 13 trillion operations per second [TOPS] neural network inference
107  accelerator), and a Raspberry Pi camera module 3 (Figure 1A). The assembled unit is mounted
108  onto a 10-inch touchscreen monitor (Roadom), with the camera module attached using a 3D-

109  printed, angle-adjustable mount (S BELGI-3DELWORLD, 2022) (Figures 1B and 1C).

110

111 Figure 1. Edge-Al device for patient bed and chair monitoring. A-B) Real-time monitoring
112 and aerting device mounted on a touchscreen display, with a 3D-printed, angle-adjustable
113 camera holder. C) Touchscreen displaying the 17-keypoint skeleton of a subject standing on the
114  floor; the on-screen camera image was removed to protect participant privacy, leaving only the
115  skeletal overlay. D) Diagram of aclinical setting (e.g., hursing home: one or two caregivers and
116  eight subjects lying in separate rooms, R1-R8). Black rectangles represent Al edge devices
117  mounted on the wall of each subject’s room. The edge device in R1 detects a subject’s stting
118  motion and wirelessly informs the caregiver(s).
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119

120  Figure 2 gives the hardware and communication block diagram. The camera is connected to the
121 host over the CSI-2 interface; the Hailo-8L is attached over a single PCle lane through the
122  Raspberry Pi M.2 HAT. The host transfers the pre-processed frame tensor to the accelerator.
123  Classification, alert-policy evaluation, and sound synthesis all run on the host CPU. The only
124  signal that crosses the device boundary is the synthesized spoken label, streamed over Bluetooth

125  to acaregiver earphone or bedside speaker.

126
Hardware and communication architecture data-egress boundary
e o e o e o e e 1 e o 1 I
] ]
\ Edge device — all inference local, no network egress L
] ]
i SENSING HOST PROCESSOR dame; ACCELERATOR
i
i Pi camera module 3 csk2 Raspberry Pi 5 * Hallo-8L NPU
i capture 1280 x 720 — BCM2712, 4 = Cortex-AT6 PCle * 1 13 TOPS
i 30 fps 8 GB LPDDR4X YOLOv8-Pose (HEF)
i ]
i
! shared memory
|
' — label + |
I 10-inch touchsereen st Posture classifier ;.-enr ; |
! local preview only L2 deterministic rules, Bluel[:ﬁ:n; h;uvd}m |
] no frames written single frame prd !
! | ! 1 - Nurse-call or paging system
' P {not implemented)
)  future 1
| | 1
___________________________________________________________________________________________ 1
only the posture label crosses this line, rendered as speech
127 no images, no video, no keypoint coordinates

128  Figure 2. Edge-Al system architecture. Hardware and communication block diagram, showing
129 the interfaces between camera, host processor, NPU accelerator, local display, and Bluetooth
130  output; the data-egress boundary across which only a spoken posture label passes; and, as an
131 unfilled box, the nurse-call or paging integration that is proposed but not implemented.

132

133 17-Keypoint human pose estimation for real-time monitoring and sound alerting

134  Pose estimation is performed using Hailo-Y OLOv8-Pose, enabling 17-keypoint human pose

135  detection at 30 FPS without excessive computational load. Lines are drawn connecting the
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136  detected keypoints, which include the nose, left and right eyes, ears, shoulders, elbows, wrists,
137  hips, knees, and ankles (Figure 3). Upon detecting a person (with adjustable detection confidence
138  thresholds), the X- and Y -coordinates of each keypoint are calculated and utilized to determine
139  different postures (Figure 3E). Hardware setup and software installations followed established
140  protocols (Hailo-Al, 2025; Raspberry Pi, 2024). Upon detecting programmed posture changesin
141 bed or chair environments, the system delivers real-time voice alerts through Bluetooth-paired

142 earphones or speakers.

143 Monitoring of subject postures on bed

144  Four distinct postures on a bed — supine lying, Fowler’s position, sitting, and standing — were
145  monitored and alerted (n=3 subjects; 30 trials per posture per subject; 90 trials per posture in
146  total) (Figure 3). A custom Python program identified postures in real time based on the relative
147  positions (X- and Y -coordinates; Figure 3E) of keypoints. When a subject remained in the same
148  posture (e.g., lying on bed), a voice aert (“Subject is lying on bed”) was repeated every 10
149  seconds. The repeat interval can be adjusted based on situational needs. If the subject changed
150  posture (e.g., from lying to Fowler's), an immediate alert (“Subject isin Fowler’s position”) was

151  issued to caregivers.

152 Monitoring of subject postures on bed with free hand and leg motions

153  To assess robustness during natural movements, subjects’ postures were monitored and alerted
154  while alowing free hand and leg motions (Figure 4). Natural movements included: supine lying
155  with reversed body orientation; Fowler’s position with one or two hands resting on the mattress;
156  ditting on the bed with one or two hands holding the bed rail; and sitting with one leg off the bed

157  and one hand on the mattress.


https://doi.org/10.64898/2026.11.04.26362534
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.64898/2026.11.04.26362534; this version posted November 4, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

158

159  Monitoring of subject postures on bed covered by a blanket

160  To determine system performance when parts of the subject’s body were obscured, subjects
161  postures were monitored and aerted while partially covered with a blanket (Figure 5). Tested
162  scenarios included: lying with entire body covered except for the head; lying with shoulders
163  exposed; lying with shoulders, hips, and both arms exposed; Fowler’s position with upper body
164  exposed; and stting with the upper body exposed while both hands rested on the knees or one

165 hand on therail.

166  Monitoring of subject postures on chair

167  Postures monitored on a chair included sitting (with various rotated positions) and standing (n=3
168  subjects; 30 trials per posture per subject; 90 trials per posturein total) (Figure 6). Similar to bed
169  monitoring, if the subject maintained the same posture (e.g., sitting on chair), a voice alert
170  (“Subject is dtting”) was repeated every 10 seconds. Upon posture change (e.g., Sitting to

171 standing), an immediate alert (“Subject is standing”) was issued to caregivers.

172 Monitoring across different environmental conditions

173  To simulate realistic hospital and home care environments, monitoring performance was
174  evaluated under: i) three different light brightness conditions. daytime, nighttime, and lights off
175 andii) two different testing locations: laboratory and home settings (Figure 7).

176

177 Resaults

178  Real-time bed-posture monitoring and caregiver alerting
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179  The ML-enabled patient monitoring platform detected and classified four different postures on
180 the bed — lying, Fowler's position, sitting, and standing — in 90/90 trias per posture (three
181  subjects; 30 trials per posture per subject) (Figure 3). Four different postures were determined
182  from the relative X- and Y -coordinates of 17 keypoints (Figure 3E). Real-time voice alerts were
183  correctly triggered during posture transitions. When subjects maintained a single posture,
184  repeated alerts were issued at the pre-programmed 10-second intervals without failure. Posture
185  changes, such as from lying to Fowler’s or sitting to standing, were detected without perceptible

186  delay, resulting in prompt voice notifications.

Subject Lying  Fowler  Sitting  Standing | Sitting | Standing
bed bed bed bed chair chair

Subject1  30/30  30/30 30/30 30/30 30/30 30/30

Subject2  30/30 30/30 30/30 30/30 30/30 30/30

Subject3  30/30  30/30 30/30 30/30 30/30 30430

187

188  Figure 3. Monitoring of subject’s postures on a bed and chair. Representative 17-keypoint
189  skeletons for four different postures. supine lying (A), Fowler's position (B), sitting (C), and
190 standing (D). Only the skeletal keypoint overlay generated by the device is shown; the camera
191 image was removed to protect participant privacy. For context, the bed (light gray) and
192 surrounding room (dark gray) are shown as line drawings traced from the original images; parts
193  hidden behind the participant are omitted; panel E shows skeletons only. E) Screenshot of the X-
194  and Y-coordinates of each keypoint corresponding to the subject in standing and sitting postures.
195 F) Table summarizing three subjects posture detection and sound alerting on the bed and chair:
196  30/30 indicates 30 successful monitoring and sound alerts out of 30 trials.

197

198  To ensure smooth performance, the real-time camera’'s frame processing by the Hailo-8L NPU

199  and audio playback by the Raspberry Pi 5 were handled asynchronously using separate threads.

9
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200 This threading approach prevented audio playback from blocking real-time frame analysis.
201 Additionally, a cooldown interval between successive audio outputs helped reduce redundant or

202  excessive sound alerts.

203  Monitoring during free hand and leg motions on bed

204 The edge platform demonstrated robust monitoring and alert performance when subjects
205  performed free hand and leg movements while remaining in various postures (Figure 4). Postures
206  such as reversed body orientation in lying position, one or two hands resting on the mattress
207 during Fowler's position, and partial bed-exiting postures were accurately monitored and
208  classified. No misclassifications or missed alerts were observed in these scenarios, suggesting

209 that the platform is robust to minor body movements,

210

211 Figure 4. Monitoring during free hand and leg motions on the bed. Representative supine
212 lying position with reversed body orientation (A). Fowler’s position with one (B) or both hands
213 on mattress (C). Sitting on the bed with one (D) or both hands on the rail (E). Sitting on the bed
214  with one leg out of the bed and one hand on the mattress (F). Only the skeletal keypoint overlay
215  generated by the device is shown; the camera image was removed to protect participant privacy.
216  For context, the bed (light gray) and surrounding room (dark gray) are shown as line drawings
217  traced from the original images; parts hidden behind the participant are omitted.

218

10
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219
220  Monitoring of postures under blanket coverage

221 Monitoring performance was consstent even when subjects were partially covered with a
222 blanket (Figure 5). In all tested covered postures — ranging from full body coverage (except for
223 the head) to partial exposure of shoulders, hips, or arms — the platform reliably identified the
224  correct posture and issued appropriate voice alerts. The blanket did not noticeably interfere with
225  keypoint detection, indicating the platform’s robustness in common patient care environments

226 where coverings are often used.

227

228  Figure 5. Monitoring of subject’s postures on the bed with a blanket. Representative lying
229  with the entire body covered by a blanket except for the head (A). Lying with shoulders exposed
230  (B). Lying with the shoulders, hips, and both arms exposed (C). Fowler’s position with the upper
231 body exposed (D). Sitting with the upper body exposed and both hands on the knees (E) or one
232 hand on the rail (F). Only the skeletal keypoint overlay generated by the device is shown; the
233  camera image was removed to protect participant privacy. For context, the bed (light gray) and
234 surrounding room (dark gray) are shown as line drawings traced from the original images; parts
235  hidden behind the participant are omitted.

236

237

11
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238

239  Real-time monitoring and alerting of chair postures

240  Posture monitoring on a chair likewise detected and classified the postures in 90 of 90 trials per
241  posture (three subjects; 30 trials per posture per subject), with appropriate sound alerts generated
242 inal trials (Figure 3F). The platform accurately distinguished between sitting (even at various
243  rotational angles) and standing postures across all three subjects (n=30 per subject) (Figure 6)
244  and two different testing locations (lab and home environment). Congistent voice alerts were
245  triggered every 10 seconds during prolonged sitting, and immediate alerts were issued upon

246  standing transitions. No false aerts were observed during thetrials.

247

248  Figure6. Monitoring of subject’s postureson a chair. Subject 1 in the laboratory environment:
249  standing next to a chair (A), sitting facing the camera (B), sitting rotated 90 degrees (C), sitting
250 rotated 180 degrees (D), and sitting rotated 270 degrees (E). Subject 2 standing in front of achair
251 in the home environment (F). Only the skeletal keypoint overlay generated by the device is
252 shown; the cameraimage was removed to protect participant privacy. For context, in panels A—E
253  the chair (light gray) and surrounding room (dark gray) are shown as line drawings traced from
254  the original images; parts hidden behind the participant are omitted. Panel F (home environment)
255  shows the skeleton only.

256
257

12
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258

259  Monitoring under different lighting and location conditions

260 The platform’'s posture detection and alerting performance remained stable under varying
261 environmental conditions: i) various light conditions. Real-time posture recognition and alerts
262  were congistent across daytime lighting, nighttime lighting, and even under lights-off conditions;
263  and i) various testing locations. Performance was equally robust in both laboratory and home
264  environments, demonstrating the platform’s adaptability across different care settings (Figure 7).
265  Across al tested conditions, the platform maintained real-time monitoring at 30 FPS, showed no
266  noticeable degradation in posture detection accuracy, and reliably delivered Bluetooth voice
267 derts.

268 Importantly, because the Edge-Al device performs all processing locally and does not
269  require external network connectivity, it is designed to continue posture monitoring during
270  network outages; this was not tested experimentally in the present study. Such network
271 independence could enhance patient safety by maintaining monitoring when hospital or home
272 network connectivity is interrupted. Continuous operation during an electrical power outage,
273 however, would additionally require a battery or uninterruptible power supply, which the current

274  prototype does not include — a direction for future hardware devel opment.

13
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275

276 Figure 7. Monitoring of subject’s postures on a chair or bed under different environments:
277  light brightness and location. Subject 1 sitting on a chair in the lab environment, with room
278  light adjusted to daytime, nighttime, and lights off (A-C). Subject 1 on a bed covered with a
279  blanket in the lab environment, with room light adjusted to daytime, nighttime, and lights off (D-
280 F). Subject 2 sitting on a chair in the home environment, with room light adjusted to daytime,
281  nighttime, and lights off (G-1). Only the skeletal keypoint overlay generated by the device is
282  shown; the cameraimage was removed to protect participant privacy. For context, in panels A—F
283  thechair or bed (light gray) and surrounding room (dark gray) are shown as line drawings traced
284  from the original images, with parts hidden behind the participant omitted; for the lights-off
285 panes (C, F), the outlines were traced from lit images of the same scene. Panels G-I (home
286  environment) show the skeleton only.

287

288  Discussion

289 In this study, we developed an ML-enabled, proactive-preventive patient monitoring platform
290  capable of real-time posture detection and alerting for subjects on beds or chairs in various care
291  environments. The system leverages a lightweight Edge-Al device integrating a Raspberry Pi 5

292 and a Hailo-8L NPU to perform 17-keypoint human pose estimation. It delivers immediate

14
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293  posture alerts to caregivers through a Bluetooth-paired earphone or speaker, enabling proactive

294  responses to patient movements.

295 The use of 17-keypoint pose estimation instead of full raw image data offers several key
296 advantages in healthcare environments where privacy, real-time performance, and operational
297  efficiency are critical: 1) Enhanced patient privacy: The system abstracts human figures into 17
298  skeletal keypoints, omitting facial details and identifiable features. This significantly reduces the
299 risk of violating patient confidentiality. While subjects can view their posture status via the
300 touchscreen interface (Figure 1C), no video recordings are stored, reducing privacy risks
301  associated with stored video; 2) Real-time responsiveness: The Hailo-Y OLOv8-Pose modd runs
302 at 30 FPS on the Hailo-8L NPU, enabling low-latency inference and instant alert ddivery; 3)
303 Lightweight data processing: The use of keypoint coordinates (X, Y positions of 17 keypoints,
304 Figure 3E) reduces data bandwidth and processing needs compared to high-resolution video
305 frames, optimizing system performance for real-time monitoring and alerts; 4) Lower power
306  consumption: The pose-estimation-enabled monitoring operates efficiently within a2-8 W range
307 for the Hailo-8L NPU and 3—-7 W for the Raspberry Pi 5 (Hailo-Al, 2024), making it suitable for
308  aways-on deployment in both clinical and homecare settings; 5) Scalability and modularity:
309 Pose estimation outputs are easy to integrate with rule-based logic and alert systems, facilitating
310 system expansion across multiple beds, rooms, or entire facilities without added complexity
311 (Fgure 1D); and 6) Suitable for monitoring patients in various care environments. Pose
312  edtimation is adjusted to only recognize persons so the monitoring is not disturbed by

313 surrounding care environments such as home, hospital, bed, or chair types.

314 Compared to traditional monitoring approaches such as weight sensors, remote sitters,

315 and in-person dtters, our ML-enabled platform offers several transformative advantages. 1)
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316  Proactive (proactive-preventive) monitoring: Unlike weight sensors, which typically trigger
317 aarms only after a patient has exited the bed, our system detects and alerts on early posture
318 trangtions — such as sitting up or attempting to stand — giving caregivers an earlier window to
319  respond than post-exit alarms allow. Because our evaluation did not include staged fall events,
320 the platform’s effect on actual fall incidence remains to be established in future studies; 2)
321  Reduced aarm fatigue: Traditional systems often produce false alarms due to minor patient
322  movements such asrolling over or shifting weight. Our posture-aware alerts are context-specific,
323 improving clinical response accuracy and reducing staff desensitization; 3) Privacy-conscious
324  monitoring: Compared to remote sitters viewing live video or in-person sitters stationed bedside,
325 the use of pose estimation preserves patient dignity and confidentiality through skeletal
326  abstraction; 4) Operational efficiency and workforce support: ML-enabled monitoring alleviates
327  the staffing burden, offering consistent and uninterrupted surveillance across shifts. The system
328 isunaffected by fatigue, distractions, or turnover — challenges inherent to human sitters; and 5)
329 Robust performance across settings: The system is resilient to variability in lighting, room
330 configurations, and furniture types, areas where traditional solutions often require recalibration

331  or fail atogether.

332 To further advance the capabilities of this first-generation ML-based platform, we
333  propose several future enhancements. First, dual sound alerting: In addition to caregiver alerts
334  delivered via Bluetooth, the system could directly communicate with patients. Upon detecting
335  posture trangitions (e.g., from lying to Fowler’s position or sitting to standing), the device could
336  issueimmediate verbal prompts — such as “Please stay in bed” or “Help is on the way” — through
337 built-in or paired speakers, enhancing patient safety and compliance; second, full-room

338  monitoring using multiple devices. As camera-based systems are limited to their field of view,
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339  deploying multiple synchronized units can eliminate blind spots. With a unit fabrication cost
340 below $200, a multi-device setup is feasible for full-room coverage without compromising
341  affordability; and third, automatic detection of multi-person presence: To maintain data integrity
342  and privacy, the system can be programmed to temporarily pause monitoring when additional
343  individuas (e.g., caregivers) are detected in the frame. It can then notify out-of-room staff (e.g.,
344  “Monitoring temporarily paused due to caregiver presence’), and resume automatically once the

345 roomiscleared (e.g., “Monitoring resumed for Room 1) (Supplementary Figure 1).

346

347  Supplementary Figure 1. Subject lying on a bed with a caregiver. Representative image
348  showing two personsin the camera view: a subject lying on a bed and a caregiver sitting on a
349  chair. Only the skeletal keypoint overlay generated by the device is shown; the cameraimage
350 wasremoved to protect participant privacy. For context, the bed (light gray) and surrounding
351  room (dark gray) are shown as line drawings traced from the original images; parts hidden
352  behind the participants are omitted.

353

354 Finally, Supplementary Figure 2 highlights that these Edge-Al devices can be assembled
355 into highly compact, screenless form factors. This compact footprint enables discreet placement

356  on patient beds, wheelchairs, and bedside furniture, allowing continuous real-time monitoring
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357  without interfering with clinical workflow or patient comfort. Together, these enhancements
358 illustrate the potential of this platform to evolve into a robust, patient-centered, and privacy-

359  preserving monitoring ecosystem.

360 This study has several limitations. The evaluation involved a small sample of three
361  subjects, all of whom were also co-authors, rather than an independent cohort of older adults or
362 individuals with dementia; performance across different body types, mobility patterns, and
363  comorbidities remains to be established. The study was reviewed by the Office of Regulatory
364  Services, Division of Research Administration, The University of Texas at Arlington, which
365 determined that the activity constituted Not Human Subjects Research (Non-HSR) and that
366 Institutional Review Board review and approval were not required. Future studies involving
367 externa participants, particularly vulnerable populations such as individuals with dementia, will
368  require prospective ethic/IRB review and appropriate consent procedures. The evauation
369  assessed posture and posture-trangition classification but did not include staged falls or near-fall
370  events, so whether earlier alerts trandate into fewer actual falls or faster caregiver response has
371 not been tested. The posture classifier relies on fixed geometric thresholds rather than a model
372 trained on various postures and body types, which may limit generalizability beyond the tested
373  conditions. Finally, all trials were conducted in a controlled laboratory or single home setting;
374  performance in busier clinical environments with multiple occupants, medical equipment, or
375 complex bedding was not assessed. Larger, IRB-approved studies with independent participants

376  and real-world deployment are needed to validate the platform’s fall-prevention benefit.
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377

378  Supplementary Figure 2. Compact, screenless preventive Edge-Al devicesfor patient bed
379  and chair monitoring. A Raspberry Pi 5, aHailo-8L NPU, and a Raspberry Pi camera module 3
380  can be assembled into compact form factors without ascreen: 10x 9x 6 cm (A) and 9x 6 x 3cm
381 (B).

382

383 Conclusion

384  This study presents the development and feasibility evaluation of a machine learning-enabled,
385  proactive-preventive patient monitoring and alerting platform using 17-keypoint human pose
386  estimation for real-time posture detection on beds and chairs across various care environments.
387 Implemented on a low-cost Edge-Al device integrating a Raspberry Pi 5 and a Hailo-8L NPU,
388 the system delivers immediate, privacy-conscious alerts to caregivers via Bluetooth-paired
389  speakers or earphones. Unlike traditional systems such as weight sensors or in-person sitters, this
390 platform enables proactive detection of posture transitions — including early indicators of bed
391  exit, such as ditting up or moving to the bed edge — and operates reliably under the lighting,

392  room, and coverage conditions tested here.

393 The results demonstrate high performance and robustness in detecting a wide range of

394  postures, including those partially obscured by blankets or involving free limb movements.
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395  These findings support the system’s potential as a scalable, always-on, and privacy-preserving
396  solution for continuous patient monitoring. Future enhancements such as dual sound aerts,
397 multi-device room coverage, and automated interruption handling will further strengthen its
398 utility in clinical and homecare settings. Overall, the proposed platform represents a significant
399 step toward intelligent, preventive, and cost-effective patient safety monitoring, and it can be
400 further adapted to support dementia patient care through continuous mobility and behavioral

401  monitoring.

402

403
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