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Abstract

Unplanned extubation (UE)—the unintended removal of an
airway tube—remains a critical patient safety concern in in-
tensive care units (ICUs), often leading to severe compli-
cations or death. Real-time UE detection has been limited,
largely due to the ethical and privacy challenges of obtain-
ing annotated ICU video data. We propose Augmented Un-
planned Removal Alert (AURA), a vision-based risk detec-
tion system developed and validated entirely on a fully syn-
thetic video dataset. By leveraging text-to-video diffusion,
we generated diverse and clinically realistic ICU scenarios
capturing a range of patient behaviors and care contexts.
The system applies pose estimation to identify two high-
risk movement patterns: collision, defined as hand entry into
spatial zones near airway tubes, and agitation, quantified by
the velocity of tracked anatomical keypoints. Expert assess-
ments confirmed the realism of the synthetic data, and perfor-
mance evaluations showed high accuracy for collision detec-
tion and moderate performance for agitation recognition. This
work demonstrates a novel pathway for developing privacy-
preserving, reproducible patient safety monitoring systems
with potential for deployment in intensive care settings.

Code — https://github.com/seo-see/AURA
Datasets — https://doi.org/10.5281/zenodo.17577177

Introduction
Mechanical ventilation via artificial airway is a lifesaving
intervention for critically ill patients in intensive care units
(ICUs) (Chao et al. 2017). Paradoxically, one of the most
critical safety concerns in ICUs is unplanned extubation
(UE)—the unintended removal of the airway tube (Christie,
Dethlefsen, and Cane 1996). A systematic review reported
that approximately 6.7% of mechanically ventilated patients
experience UE, and over 80% of these cases are self re-
moval (Li, Sun, and Xu 2022). Such events are associated
with prolonged ICU stays, increased healthcare costs, higher
rates of infection, and elevated mortality (da Silva and Fon-
seca 2012). In response, healthcare providers have imple-
mented various preventive strategies, including physical re-
straints, standardized sedation protocols, and routine delir-

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

ium screening (Chang, Wang, and Chao 2008; Jarachovic
et al. 2011; Alaterre et al. 2023).

Several studies have identified nurse unavailability at the
bedside as the dominant factor contributing to UE, account-
ing for nearly 90% of incidents (Curry et al. 2008; Selvan
et al. 2014), and insufficient nurse staffing has been con-
sistently linked to higher UE rates (Penoyer 2010). These
findings indicate that continuous bedside oversight is crit-
ical for UE prevention but is difficult to sustain in real-
world ICUs. The COVID-19 pandemic further exacerbated
this challenge, as staffing shortages and strict isolation pro-
tocols hindered patient monitoring, coinciding with an in-
creased UE incidence (Berkow and Kanowitz 2020; Taylor,
Reynolds, and Jones 2021). In these low-resource and high-
burden settings, video monitoring has been proposed as a
potential solution (Taylor, Reynolds, and Jones 2021).

However, conventional video monitoring relies on human
observers and operates passively (Cournan, Fusco-Gessick,
and Wright 2016; Abbe and O’Keeffe 2021). Although ac-
tive patient monitoring using wearable sensors and Inter-
net of Things (IoT) devices has been explored for patient
safety (Chiang and Liu 2019; Joseph et al. 2024), these
methods impose additional maintenance burdens on clini-
cal staff. More recently, computer vision approaches have
shown promise for non-contact, sensor-free patient moni-
toring. While fall detection and risk assessment have been
widely studied to improve patient safety (Gharghan and
Hashim 2024; Gabriel et al. 2025), UE-specific applications
remain limited, largely due to the ethical and privacy con-
cerns of ICU surveillance video (Chen et al. 2024).

To address these gaps, we propose Augmented Unplanned
Removal Alert (AURA), a system that leverages synthetic
ICU video data to detect UE risk. By using visually real-
istic yet privacy-preserving synthetic footage, AURA en-
ables system development and expert evaluation without
real ICU recordings—allowing refinement and failure mode
analysis. The system relies on pose estimation of gener-
alizable anatomical cues (e.g., mouth–hand proximity) in-
stead of hand-crafted features, enabling future extension
to other critical devices such as central venous catheters.
At its current stage, AURA functions as a pre-deployment
tool, demonstrating how synthetic video can enable privacy-
preserving, reproducible development of real-time safety
monitoring systems for future clinical integration.
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Figure 1: Overview of the AURA development pipeline. The framework consists of three stages: (1) Synthetic video gener-
ation: 75 ICU videos generated using text-to-video model and refined through heuristic evaluation; (2) System development:
Pose estimation-based detection of collision and agitation behaviors, with model tuning (n=12) and testing (n=63); (3) System
assessment: Nine experts conducted video- and system-level evaluation, establishing ground truth for subsequent performance
evaluation.

Related Work
Data-Driven Approaches
Several studies have integrated machine learning (ML) mod-
els into clinical workflows to mitigate the risk of unplanned
tube or catheter removal. Hur et al. (2021) developed and
validated a prediction model for UE using electronic health
record (EHR) data. Random forest (RF) was reported as the
best-performing model, with an area under the curve (AUC)
of 0.79 and a sensitivity of 0.95. Similarly, Zhang et al.
(2023) proposed a support vector machine (SVM) model
for central catheter unplanned removal, achieving an AUC
of 0.88 and a sensitivity of 0.89. These ML models, how-
ever, primarily function as early-warning risk scoring tools
based on historical features from EHR. They lack real-time
awareness and cannot capture the physical movements that
directly precede UE, leaving a gap between predictive warn-
ing and actionable patient monitoring.

Wearable Sensors
Wearable sensing has also been explored for patient
safety monitoring in ICUs. Chiang and Liu (2019) de-
veloped a wearable infrared sensor using complementary
metal–oxide–semiconductor (CMOS) technology to detect
hand movements toward airway tubes and transmit proxim-
ity data wirelessly to nursing stations. Likewise, Joseph et al.
(2024) applied accelerometer-based sensors for fall preven-
tion, a conceptually similar safety task, by continuously cap-
turing motion patterns to identify high-risk behaviors. While
feasible, these wearable solutions require patient compli-
ance and device maintenance, which may disrupt workflow
and limiting large-scale deployment.

Computer Vision Approaches
Computer vision applications provide a non-contact alter-
native by directly observing patient behavior. Chen et al.

(2024) proposed a hand-crafted spatio-temporal feature
framework that combined corner detection, trajectory dis-
tance, and wavelet transforms to characterize motion pat-
terns. Among various models, SVM model achieved an ac-
curacy of 0.85 for binary classification (UE tendency vs. no
UE tendency) and 0.62 for three-class classification (includ-
ing no movement). Although this approach demonstrated
competitive performance, it required labor-intensive feature
engineering and relied on limited, privacy-sensitive ICU
video data, restricting both scalability and reproducibility.

Our Contributions
In contrast to previous approaches that rely on struc-
tured EHR data, wearable sensors, or real ICU surveillance
footage, our proposed system introduces a fully synthetic,
vision-based framework for real-time UE risk detection. We
leverage pose estimation on synthetic videos to detect high-
risk behaviors without the need for physical sensors, hand-
crafted features. This enables scalable, reproducible real-
time safety monitoring while preserving patient privacy.

Our system is also distinct in that it incorporates struc-
tured clinical expert evaluations, an underexplored aspect
in prior UE risk detection research. Through expert assess-
ments of system reliability and clinical feasibility, we es-
tablish a clinically grounded validation framework that en-
hances the interpretability and trustworthiness of the system
prior to deployment.

Data and Methods
This section describes the development and validation of our
synthetic ICU video dataset and the proposed vision-based
system for UE risk detection. The process comprises three
main stages: (1) Synthetic video generation, (2) System de-
velopment, and (3) System assessment. Figure 1 provides an
overview of this workflow.
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Synthetic Video Generation and Dataset
The AURA dataset comprises 75 synthetic ICU videos de-
picting intubated patients. Each video is 6 seconds long,
with a frame rate of 25 frame per second (fps) and a res-
olution of 1280×720 pixels. The videos were generated us-
ing Hailuo AI’s T2V-01-Director model (Hailuo AI 2024).
This model was selected for its ability to produce static,
surveillance-like scenes, while other tested models tended
to generate continuously shifting, cinematic camera move-
ments that were unsuitable for this study’s objective.

Video generation prompts were carefully designed and
validated by an experienced ICU nurse. A structured prompt
template was used to systematically create diverse scenarios
varying by patient gendered appearance and racial appear-
ance, behavior (e.g., calm, agitated, lifting hands, pulling
tube), and the presence of medical staff in the scene. To
enhance visual diversity, we explicitly included Hispan-
ic/Latino as a distinct appearance category. We limited our
dataset to 75 videos to balance diversity with practical con-
straints while ensuring adequate coverage of key variations
and keeping the evaluation feasible for experts.

Baseline
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Prompt
Elaboration

Exploratory Video
Generation

Heuristic
Evaluation

Prompt Refinement Quality Control

Batch Video
Generation

Static Shot?

Dataset

Physically
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Figure 2: Overview of the AURA synthetic video dataset
generation. Prompts are refined via exploratory generation
and heuristic expert evaluation, then used for batch video
generation. Outputs pass two screening stages and only ac-
cepted videos form the final dataset (solid = pass; dashed =
feedback/fail). This integrated human–AI workflow ensures
realism and feasibility while preserving reproducibility.

The generation process involved iterative prompt refine-
ment through heuristic evaluation, including exploratory
generation and quality control, to ensure realistic and con-
textually accurate ICU scenes (Figure 2). Prompts were
tuned through small-scale generations, and outputs exhibit-
ing cinematic shots or physically implausible patient move-
ments were excluded. This process maintained both visual
fidelity and reproducibility, providing a robust foundation
for subsequent video- and system-level validation.

Each video required approximately two minutes to gen-
erate, and about 20% of the outputs failed quality control

and were re-generated. Importantly, no real-world resources
(such as photographs or videos) were used as inputs during
generation. The complete set of synthetic videos, along with
representative prompts, is publicly available on Zenodo and
a summary of the final dataset is shown on Table 1. Notably,
the dataset’s gendered appearance distribution (56% male,
44% female) closely mirrors that reported among ICU pa-
tients worldwide (Merdji et al. 2023).

Attribute Count (n) Proportion (%)
Gendered appearance

Male 42 56.0
Female 33 44.0

Racial appearance
Black 21 28.0
Asian 20 26.7
White 20 26.7
Hispanic/Latino 14 18.7

Behavior
Movement 49 65.3
Calm 26 34.7

Camera angle
Vertical 61 81.3
Diagonal 7 9.3
Horizontal 7 9.3

Full body visibility
No 66 88.0
Yes 9 12.0

Medical staff
None 64 85.3
Interaction 8 10.7
Presence 3 4.0

Table 1: Descriptive statistics of the full synthetic ICU video
dataset (n = 75). All appearance attributes reflect visually
generated characteristics.

System Development
The purpose of this study is to detect risk of unplanned air-
way removal in ICU patients. We implemented a pose es-
timation model to enable future extensions beyond airway
monitoring, including detection of risks related to other crit-
ical devices (e.g., central venous catheters and chest tubes).
All thresholds were fixed by clinical expert after optimiza-
tion on a 12-video tuning set. We then validated on 63 un-
seen videos to avoid leakage.

Multiple studies have identified agitation as the most
significant patient-related risk factor for UE (Hur et al.
2021). Agitation, a key clinical indicator of UE risk, is for-
mally captured by the Richmond Agitation-Sedation Scale
(RASS) (Sessler et al. 2002). According to the RASS, agi-
tation ranges from restless and anxious behavior to overtly
combative actions. A very agitated state often includes di-
rect risk behaviors such as ”pulling on or removing tubes,”
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Figure 3: Examples of overlays for collision (left) and agitation (right) in synthetic intensive care unit videos. Colored “auras”
around hands and mouth indicate risk zones (green = normal; red = collision). Numeric overlays show hand proximity (LH,
RH), movement velocity (VEL).

whereas moderately agitated states manifest as anxiousness,
restlessness, and frequent non-purposeful limb movements.

To capture both immediate and early risks, we devel-
oped two behavior detection mechanisms: collision, which
indicates purposeful hand movements toward the airway
tube and requires immediate intervention, and agitation, a
broader behavioral state that may predispose the patient to
collision events. This distinction also reflects practical dif-
ferences in detection: collision is spatially well-defined and
more reliably detectable, while agitation is inherently more
abstract and challenging to capture (Figure 3).

The collision detection algorithm integrates 2D overlap
analysis and 3D proximity measurement to address the lim-
itations of 3D depth estimation from monocular cameras.
While 3D coordinates provide depth information, they are
often noisy and unreliable due to variability of camera an-
gle and full body invisibility. Therefore, we complement 3D
proximity with 2D overlap analysis, which yields more sta-
ble and robust measurements in the image plane.

The 2D overlap score between mouth and hand auras is
calculated as:

overlap score = max

(
0, 1− d2D

rh + rm

)

where d2D =
√

(xh − xm)2 + (yh − ym)2 is the 2D dis-
tance between hand and mouth coordinates, and rh, rm are
the hand and mouth aura radii respectively.

The 3D proximity score is computed as:

proximity score = max

(
0, 1− d3D

τbase

)
where d3D =

√
(xh − xm)2 + (yh − ym)2 + (zh − zm)2

is the 3D distance and τbase is the distance threshold.
The final collision score combines both metrics with

weighted averaging:

score = α · overlap score + β · proximity score

where α and β denote the respective weights. A colli-
sion is triggered when the final score exceeds the threshold
τscore. To mitigate false alarms caused by anchor instabil-
ity, we apply a persistence-based mechanism that confirms
a collision only if the risk state lasts longer than a minimum
duration (τduration). In addition, keypoints with visibility
scores below τvalid are excluded from the analysis to reduce
noise from low-confidence detections.

For agitation detection, we quantify movement intensity
based on the 3D velocity of each keypoint i, defined as vi,
where di represents the 3D displacement between consecu-
tive frames:

vi =
di
∆t

,

di =

√
(xt

i − xt−1
i )2 + (yti − yt−1

i )2 + (zti − zt−1
i )2.

Only keypoints with visibility ≥ τvalid are included to en-
sure reliability in motion estimation. For a temporal window
of w frames, we derive three motion statistics:

mean velocity =
1

|Vvalid|
∑

v∈Vvalid

v,

peak velocity = max
v∈Vvalid

v,

cumulative velocity =
∑

v∈Vvalid

v.

Agitation is detected when any of the following condi-
tions are met:

is agitation =


True if (mean velocity > τspeed)

or (peak velocity > τspeed)
or (cumulative velocity > τspeed · w)

False otherwise.

A key feature of AURA is the visualization of augmented
spatial zones for collision detection. Circles surrounding
the patient’s hands and mouth—like an aura—appear green
during normal status and change to red when a collision
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is detected. These overlays were purposefully designed to
enhance clinical interpretability and situational awareness,
while they do not affect the underlying detection logic.

All system parameters were optimized through iterative
clinical expert evaluation with tuning set of 12 videos. The
expert reviewed system performance across various scenar-
ios and adjusted parameters to achieve optimal balance be-
tween detection sensitivity and false alarm reduction (Table
2).

Parameter Value Description
τbase 0.3 3D distance threshold
rm 150 pixels Mouth Aura radius
rh 100 pixels Hand Aura radius
α 0.7 2D overlap weight
β 0.3 3D proximity weight
τscore 0.3 Final score threshold
τduration 0.3s Persistence duration
τspeed 0.18 Agitation speed threshold
τvalid 0.7 Keypoint visibility threshold
w 5 frames Analysis window size

Table 2: Parameter settings for the AURA system

After prototype development, the AURA system was ap-
plied to the test set of 63 unseen videos. Each video was pro-
cessed through the optimized detection pipeline, generating
collision and agitation alerts based on clinically calibrated
thresholds. As the primary objective was feasibility valida-
tion using pre-recorded data, real-time streaming integration
was not implemented at this stage.

Pose estimation was performed using MediaPipe, selected
for its cross-platform efficiency and low-latency stream pro-
cessing capabilities (Lugaresi et al. 2019). All experiments
were conducted with Python 3.9 and OpenCV on macOS
(Apple M3 Max), without GPU acceleration. The source
code is publicly available on our GitHub repository.

System Assessment
We designed a single integrated validation framework that
simultaneously assessed the realism of the synthetic ICU
videos and the performance of the AURA system. A struc-
tured web-based questionnaire, co-developed by clinical and
informatics experts, holistically evaluated three domains: (1)
the quality of the synthetic videos, (2) the clinical appropri-
ateness of system-generated alarms, and (3) the feasibility
of integrating the system into real-world ICU workflows.

Nine ICU nurses independently evaluated 63 annotated
videos. The evaluators were evenly distributed across three
experience levels (early-career: 1–3 years, mid-career: 3–5
years, and senior-level: over 5 years) to ensure diverse clini-
cal perspectives. For each video, they rated four dimensions
of visual realism (visual tone, background setting, patient
behavior, and clinical plausibility) as well as alarm appropri-
ateness using a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree). To assess the reliability of these expert
ratings, intraclass correlation coefficients (ICCs) were cal-
culated for alarm appropriateness scores.

When an alarm was deemed clinically inappropriate, eval-
uators selected one of four predefined categories: false
alarm, missed alarm, premature alarm, or delayed alarm.
These annotations provided both qualitative insights and
consensus-based reference labels for computing perfor-
mance metrics (accuracy, precision, recall, and F1-score).
95% confidence intervals (CI) were estimated using boot-
strap resampling. Notably, alarms classified as premature or
delayed were still counted as system-triggered alarms during
evaluation, reflecting a conservative labeling strategy that
prioritizes sensitivity over exact temporal alignment.

After video-level evaluation, system-level feasibility was
also assessed with the same Likert scale across three crite-
ria (clinical usefulness, reliability, and recommendation to
others).

Robustness Analysis
Two complementary analyses were conducted to evaluate
system robustness with respect to both spatial scale and pa-
rameter perturbation.

Scale Robustness. As the system initially relied on a fixed
pixel aura, variations in video size, camera zoom, view-
ing angle, and patient body size could potentially influence
model performance. To examine scale robustness, we tested
a relative pixel aura by normalizing all distance measure-
ments to each subject’s head and hand dimensions. The nor-
malized body sizes were computed as follows:

head size = max(dist(Lear, Rear),

2× dist(Leyebrow, Lmouth),

2× dist(Reyebrow, Rmouth))

hand size = max(max(dist(Lpinky, Lthumb), dist(Lwrist, Lindex)),

max(dist(Rpinky, Rthumb), dist(Rwrist, Rindex)))

Let λ denote the scaling coefficient for the aura radii. The
final aura radii were computed as:

head aura radius = λ · head size,
hand aura radius = λ · hand size.

In our implementation, λ was empirically set to 2.0 to
balance sensitivity and stability in the tuning set. Addition-
ally, we tested relative mode for down-scaled video (from
1280×720 to 854×480) to demonstrate the system robust-
ness in low resolution video.

Parameter Robustness. We conducted a concise, 3-fold
cross-validation–style sensitivity analysis. In each fold, 21
videos were used as a tuning set and 42 as a held-out
validation set. Key hyperparameters were perturbed within
±10% of their expert-defined baselines, and a 33 grid search
(27 configurations) was performed over the agitation speed
threshold (τspeed), visibility threshold (τvalid), and radius scal-
ing factor (sr), which scales the fixed pixel radius of the aura
regions as rfinal = sr × rbase.

The selection objective on the tuning set was the com-
bined F1 score (mean of collision and agitation-F1), which
was then evaluated on the held-out set. This procedure was
repeated over three non-overlapping validation splits.
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Domain Definition Mean ± SD Range
Visual tone Visual tone (brightness/contrast) of the video is similar to clinical setting 4.4 ± 0.1 4.0–4.7
Background setting Background of the video is similar to clinical setting 4.3 ± 0.2 3.3–4.6
Patient behavior Behavior of the patient in the video seems natural 4.6 ± 0.2 3.9–4.8
Clinical plausibility The event presented in the video is plausible in the clinical context 4.6 ± 0.2 4.2–4.9

Table 3: Evaluation framework for synthetic ICU video dataset (5-point Likert, with range)

Results
Expert Evaluation
In the video quality assessment, the synthetic ICU videos
were perceived as highly realistic and clinically valid. All
four evaluation domains (visual tone, background setting,
patient behavior, and clinical plausibility) received mean
Likert scores ≥ 4.3 (range: 3.3–4.9), with patient behavior
and clinical plausibility showing the highest ratings at 4.6
(Table 3).

For alarm appropriateness, mean video-wise ratings with
standard deviation (SD) indicated high appropriateness for
collision alarms (4.3 ± 0.6) and moderate appropriateness
for agitation alarms (3.8 ± 0.6). Inter-rater reliability was
excellent for both alarm types, with ICC(3,k) values con-
firming consistent expert agreement (Table 4).

Domain ICC(3,k) 95% CI F p-value
Agitation 0.95 [0.89, 0.99] 19.62 <0.001
Collision 0.95 [0.89, 0.99] 19.42 <0.001

Table 4: Inter-rater reliability for alarm appropriateness eval-
uation by nine experts, calculated using the intraclass corre-
lation coefficient ICC(3,k). Degrees of freedom for the F-
statistic: df1 = 8, df2 = 496.

System-level feasibility scores showed medium-to-high
acceptance, with mean ratings of 3.9 ± 0.9 for clinical use-
fulness, 3.2 ± 1.0 for reliability, and 3.9 ± 0.8 for recom-
mendation to others.

Performance Evaluation
The collision detection module achieved near-perfect per-
formance, with F1-score of 0.98 and recall of 1.00. In con-
trast, the agitation detection module demonstrated moderate
performance (F1-score: 0.78), reflecting the complexity of
capturing agitation behaviors (Table 5).

Metric Collision Detection Agitation Detection
Accuracy 0.98 [0.93, 1.00] 0.86 [0.76, 0.95]
Precision 0.96 [0.81, 0.99] 0.89 [0.74, 1.00]
Recall 1.00 [0.86, 1.00] 0.70 [0.51, 0.88]
F1-score 0.98 [0.93, 1.00] 0.78 [0.62, 1.00]

Table 5: Performance metrics of AURA with 95% confi-
dence intervals.

Robustness Analysis
The relative aura radii achieved performance comparable to
the fixed-radius baseline, with similar F1 and recall scores
for both behaviors (collision: F1 = 0.94, recall = 1.00; agita-
tion: F1 = 0.78, recall = 0.70). When tested on down-scaled
videos (854×480), collision detection remained highly ro-
bust (F1 = 0.92, recall = 1.00) while agitation detection
showed moderate degradation (F1 = 0.65).

Across the three validation folds, collision detection
maintained stable performance (F1 = 0.94–1.00, recall =
1.00), whereas agitation detection showed moderate vari-
ability (F1 = 0.69–0.83, recall = 0.60–0.75). The best-
performing configuration was consistent across folds, with
τspeed = 0.18, τvalid = 0.63, and sr = 0.9. The over-
all cross-fold deviation in combined F1 was within 0.05,
demonstrating stable performance under ±10% parameter
perturbations.

Discussion
The proposed system demonstrates the feasibility and ethi-
cal viability of developing a real-time early warning system
for UE using only synthetic videos. By integrating pose esti-
mation with realistic synthetic data, AURA bridges the gap
between traditional risk-scoring models and continuous be-
havioral monitoring. This represents a practical and ethical
alternative to real ICU video collection, overcoming privacy
and logistical barriers in high-acuity settings.

Synthetic ICU videos proved to be a viable resource for
both system development and expert validation. High evalu-
ation scores (all ≥ 4.3) across realism domains indicate that
synthetic videos can replicate key visual cues necessary for
risk assessment. These results validate the use of synthetic
datasets for scalable and privacy-preserving development of
vision-based patient monitoring tools.

The reliability of alarm appropriateness assessments,
which served as the reference standard for performance
evaluation, was supported by strong inter-rater agreement.
The ICC(3,k) exceeded 0.95 for both collision and ag-
itation ratings, demonstrating the robustness and consis-
tency of the evaluation framework. In addition to validat-
ing the system’s performance, this work contributes a novel
expert-annotated dataset. Given the inherently ambiguous
and context-dependent nature of agitation, these annotations
capture subtle clinical judgments that cannot be fully rep-
resented through rule-based definitions. This resource pro-
vides a valuable foundation for future research on behavioral
monitoring and UE risk stratification.

Subsequent performance evaluation revealed a clear dis-
tinction in system accuracy across behavior types. Collision
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detection achieved near-perfect results (F1: 0.98; Recall:
1.00), benefiting from its spatially well-defined characteris-
tics and the high contrast between normal and high-risk hand
trajectories. In contrast, agitation detection yielded moderate
performance (F1: 0.78; Recall: 0.70), reflecting the broader
variability and subtlety of agitation-related movements. Fu-
ture work should focus on improving quantification and cat-
egorization of agitation using advanced temporal modeling
and expanded behavior taxonomies.

False alarms were primarily attributed to two sources: an-
chor instability and staff interference. Anchor jumps (mo-
mentary misplacement of pose keypoints near critical zones)
occasionally triggered false collision alerts. Similarly, inter-
action between patient and medical staff in the frame led to
misidentified limb movements. These issues point to limi-
tations of the current pose estimation backend (MediaPipe),
which lacks temporal smoothing and multi-person detection.
Incorporating temporal filtering and gating mechanisms, as
proposed in recent work (Chen et al. 2024), may reduce false
positives and improve clinical reliability.

Beyond quantitative performance, expert feedback also
revealed the system’s practical limitations, particularly re-
garding alert precision. The overall clinical reliability was
rated moderate (3.2/5), reflecting the high standards of accu-
racy expected by ICU professionals. These findings empha-
size the importance of aligning algorithmic detection thresh-
olds with clinical expectations. Accordingly, this study in-
troduces one of the first clinician-centered evaluation frame-
works for UE detection, providing a replicable foundation
for validating safety-critical monitoring systems.

Despite these practical limitations, AURA demonstrated
stable detection performance when tested with relative aura
radii, under ±10% parameter perturbations, and across vary-
ing video resolutions. Collision detection remained highly
accurate (F1 = 0.92) even at reduced resolution (854×480,
67% of original), indicating strong robustness to video qual-
ity degradation. Although agitation detection exhibited a
moderate performance decline at lower resolutions, this is
unlikely to pose significant constraints given the widespread
adoption of high-definition cameras (1280×720) in modern
ICU surveillance systems. These findings demonstrate that
the system’s underlying detection logic is stable to moderate
variations in both algorithmic parameters and input quality,
supporting potential deployment in real-world ICUs.

Although this study evaluated system outputs on pre-
recorded video, the same detection logic can be deployed
in real time by subscribing to existing Closed-Circuit Tele-
vision (CCTV) streams, requiring no new sensors or camera
replacements. Deploying AURA in real-world ICUs would
enable continuous UE risk monitoring, bringing this ap-
proach closer to clinical deployment.

To support such deployment, future iterations of AURA
should incorporate adaptive thresholding, temporal stabi-
lization, and robust multi-person tracking. Together with
real-time evaluation in actual ICU workflows, these en-
hancements will be essential for ensuring safe, trustworthy,
and clinically reliable vision assistance in critical care set-
tings.

Limitations

Our fully synthetic dataset may lack rare postures, extreme
agitation, or uncommon device configurations, limiting gen-
eralizability to complex ICU scenarios. Visible phenotype
categories serve solely as visual proxies and do not capture
the full diversity of real-world patients.

Despite high scores for realism and plausibility, the syn-
thetic videos may differ from real ICU footage in light-
ing, saturation, or camera perspective. To improve robust-
ness, future work should incorporate diverse visual augmen-
tations. In addition, overlays (“aura” visualizations) were
visible during expert evaluations and may have influenced
perceptions of video quality and event plausibility. We re-
tained them to reduce evaluators’ cognitive load during rapid
assessments, but will conduct overlay-free evaluations in fu-
ture studies to better estimate potential bias.

Conclusion
We introduced AURA, a pose-estimation-based early warn-
ing system for UE, developed and validated entirely on
a fully synthetic ICU video dataset. Without relying on
real ICU footage or patient-worn sensors, AURA demon-
strates the feasibility of scalable, privacy-preserving behav-
ioral monitoring in critical care.

The synthetic videos achieved high realism across all
evaluation domains (mean Likert ≥ 4.3), and nine ICU
nurses reached excellent agreement (ICC > 0.95) when as-
sessing system-generated alarms. Based on this rigorously
validated ground truth, AURA achieved near-perfect colli-
sion detection (F1 = 0.98) and respectable agitation recogni-
tion (F1 = 0.78). Subsequent robustness analysis confirmed
stable performance of the system with moderate variations
in parameters and relative mode settings.

Our findings establish synthetic video as a valuable
and viable resource for developing safety-critical AI in
privacy-sensitive healthcare settings. Beyond UE monitor-
ing, AURA’s reproducible pipeline provides a blueprint for
ethical AI development that can be extended to other critical
devices and patient safety applications. This work demon-
strates that privacy-preserving approaches can deliver clini-
cally meaningful, deployable monitoring solutions for inten-
sive care environments worldwide.
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