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Abstract

The global aging trend has intensified the need for in-home care-
giving, exposing caregivers to persistent physical and emotional
stress. Existing monitoring solutions are largely recipient-centric
and fail to address caregivers’ well-being. This paper presents an
IoT-enabled, privacy-preserving cyber-physical-social system (CPSS)
for real-time stress and fatigue monitoring using ambient sensing.
The proposed system employs commodity cameras and lightweight
edge Al models to extract posture and facial landmarks, processes
anonymized keypoints locally on edge devices (e.g., Raspberry Pi,
Intel NUC), and applies a human-in-the-loop annotation mechanism
for personalized stress classification. Unlike cloud-based or wearable-
dependent approaches, the framework ensures data minimization, eth-
ical integrity, and user autonomy while maintaining feasibility for
household deployment. A modular architecture integrating sensing,
edge analytics, and personalization layers demonstrates low-latency,
privacy-compliant operation validated through simulated and real-world
caregiving contexts. The study contributes a scalable and socially
aligned CPSS design paradigm for ambient healthcare applications.
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Fig. 1: Overall framework for local stress and fatigue detection.
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1 Introduction

The global aging trend has intensified demands for in-home caregiving, expos-
ing caregivers to prolonged physical and emotional stress [1]. Unlike clinical
settings, home-based care involves unique challenges such as social isolation,
irregular work schedules, and strong emotional attachment to care recipients.
Continuous exposure to these factors leads to cumulative fatigue, deteriorating
both caregiver well-being and the quality of care [2]. Current monitoring sys-
tems, however, remain predominantly patient-centric, creating a critical gap
in caregiver-oriented assessment frameworks.

Existing stress evaluation methods, such as self-reporting surveys and clin-
ical interviews, suffer from subjectivity and recall bias [3], while wearable
sensors often face low acceptance in private homes due to intrusiveness. More-
over, no existing framework effectively integrates nonverbal behavioral cues,
including posture dynamics and facial micro-expressions, for real-time stress
and fatigue assessment in unconstrained environments, despite their proven
correlation with physiological markers [4].
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To address these challenges, this study proposes a lightweight, IoT-
integrated cyber-physical-social system (CPSS) for context-aware monitoring
of in-home caregiver fatigue and stress. The framework captures multimodal
cues: body posture and facial expressions using inexpensive, non-contact
sensors embedded in everyday environments, and processes anonymized key-
points locally on edge devices. This edge-IoT architecture aligns with CPSS
principles by fusing physical signals, cyber inference, and socially adaptive
feedback, thereby enabling individualized, privacy-conscious monitoring. The
design supports scalable deployment of ambient healthcare technologies while
maintaining ethical integrity and user autonomy.

The proposed pipeline employs locally executable models such as MoveNet
(body pose estimation) and MediaPipe or face-api.js (facial landmark detec-
tion) without relying on cloud infrastructure. As illustrated in Figure 1, a USB
camera connected to a local device continuously captures RGB frames, which
are processed in real time to extract keypoints. These are temporally aligned
to build an individualized dataset, followed by a sliding-window analysis that
computes statistical features to identify abnormal patterns. Post hoc interviews
then assign semantic labels (e.g., “mild fatigue,” “stress episode”) to selected
segments, after which a lightweight large language model (LLM) is fine-tuned
locally for personalized stress classification. This design enables real-time, on-
device analysis while preserving privacy and autonomy, representing a shift
toward adaptive, human-centered monitoring for caregiving environments.

2 Preliminaries

2.1 Previous Studies

Several prior studies have explored stress mitigation strategies for elderly
individuals at home, offering insights that indirectly inform caregiver-centric
monitoring [5]. Horie et al. [6] proposed a video-based intervention frame-
work that reduced stress among elderly users through personalized video
playback. By collecting preference information and automatically generating
recommended lists via the YouTube API, the system demonstrated the feasi-
bility of aligning multimedia content with user interest and tracking emotional
responses via facial expressions.

Later, Horie et al. [7] integrated the Rakuraku Video Service with a spoken
dialogue agent (PC-Mei) [8], enabling hands-free access to personalized video
content. Their two-week user study confirmed the system’s effectiveness in elic-
iting enjoyment, relaxation, and reduced stress, emphasizing the importance
of individualized, concrete user preferences.

Although these works primarily targeted elderly users, they share key
motivations with the present study: (1) developing non-intrusive, personalized
support systems for home environments; (2) leveraging multimodal cues (e.g.,
facial expressions) for implicit emotion recognition; and (3) accommodating
usability constraints among non-expert users. In contrast, our research focuses
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on in-home caregivers, whose stress arises from different physical and emo-
tional sources. The proposed framework therefore shifts from content-based
relaxation toward real-time behavioral sensing based on pose and microex-
pression dynamics, emphasizing edge computation, privacy, and personalized
stress modeling.

2.2 Image-Based Human Pose Estimation

Recent advances in computer vision have produced lightweight, deployable
models suitable for edge environments such as in-home caregiving scenarios
[9] [10]. Among these, PoseNet [11] and MoveNet [12] achieve real-time
2D pose detection from monocular RGB images [13]. The process typically
employs pre-trained MoveNet.js or PoseNet.js models that convert each frame
into structured keypoints representing skeletal joints, forming the basis for
posture and fatigue analysis. These models are optimized for local execution,
supporting deployment on low-power devices such as Raspberry Pi or within
modern browsers via WebGL and TensorFlow.js [14].

Both models take an RGB image as input and output a set of body key-
points representing anatomical landmarks with associated confidence scores.
MoveNet generates 17 standardized keypoints, including the nose, eyes, shoul-
ders, elbows, hips, knees, and ankles, which are suitable for downstream
tasks such as posture classification, fatigue inference, or motion-based stress
monitoring [15]. PoseNet, one of the first frameworks enabling browser-based
pose estimation, offers flexible model architectures for mobile inference, while
MoveNet improves speed and accuracy through TensorFlow Lite acceleration.
Their public availability enables rapid integration into real-world caregiver
monitoring systems.

These pose estimation models also support privacy-conscious design since
all image processing can occur locally, avoiding cloud-based video transmission,
an essential requirement for ethical in-home sensing.

2.3 Image-Based Human Facial Recognition

Facial recognition plays a vital role in assessing emotional states such as stress
and fatigue. Two widely used frameworks for real-time facial analysis are face-
api.js [16] and MediaPipe Face Mesh [17]. Both extract features such as
eyebrow lift, eye openness, and mouth curvature that reflect micro-expressions
linked to emotional stress. These models run efficiently on low-power platforms
like Raspberry Pi and in standard browsers using TensorFlow.js or WebGL.
Given an input RGB image, these frameworks output a set of facial land-
marks with 2D coordinates and confidence values. For example, face-api.js
detects 68 landmarks across the eyes, nose, lips, and jawline, while MediaPipe
Face Mesh produces up to 478 3D landmarks, supporting fine-grained expres-
sion analysis (e.g., smile detection or eyelid tightening) indicative of emotional
fatigue [18]. The ability to run all inference locally makes them highly suitable
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Table 1: Sample Output Keypoints Format

Model Keypoints Shape Features
MoveNet | Body joints (e.g., nose, elbow) | 17 x 3 (z,y,c)
face-api.js Facial landmarks 68 x 3 | (z,y,confidence)

for privacy-sensitive caregiver monitoring applications, aligning with ethical
requirements for unobtrusive sensing.

Recent studies have applied these frameworks in affective computing to
estimate emotional arousal and valence [19], demonstrating their scalability
and robustness for long-term home deployment with minimal computational
overhead.

3 Proposed Method
3.1 Flows of Designed Framework

The proposed framework monitors caregiver fatigue and stress in real time
through image-based sensing that combines body posture and facial microex-
pression analysis. Figure 1 outlines the data flow across components. The
implementation leverages lightweight, locally executable models introduced in
Sections 2.2 and 2.3, ensuring that all sensing and computation occur within
the home environment to protect privacy.

Step 1: Camera Deployment

A fixed-angle USB camera connected to a local edge device (e.g., Raspberry
Pi or laptop) continuously captures RGB frames under ambient lighting. To
reduce privacy intrusion and computational load, low-resolution (640x480)
images at 5-10 FPS are used.

Step 2: Real-Time Feature Extraction

Each frame is processed in real time using MoveNet for body pose detec-
tion and MediaPipe or face-api.js for facial landmark extraction. Both output
structured keypoint arrays describing skeletal and facial geometry (Table 1).

Step 3: Time-Aligned Dataset Construction

Extracted data are synchronized with timestamps for temporal fusion. Each
record includes pose vectors, facial landmarks, and derived metrics (e.g., head
tilt, eye aspect ratio). A sample frame format is shown in Listing 1.

Listing 1: Sample Frame Data

"timestamp": "2025-06-01T15:43:272",
"pose": [[341, 183, 0.95], [353, 240, 0.88], ...1,
"facial_landmarks": [[121, 98, 0.93], [125, 102, 0.91], ...]
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Table 2: Annotated Dataset Example

Window Avg. Eye Ratio | Posture Variance Label
2025-06-01 15:40-15:45 0.19 0.03 Mild Stress
2025-06-01 15:45-15:50 0.31 0.15 Normal

\ }

Step 4: Temporal Analysis via Sliding Window

A moving time window (e.g., 5-minute non-overlapping segments) is applied to
compute statistical features such as body sway, posture variance, or eyebrow
angle change. These are aggregated for anomaly detection, as illustrated in
Listing 2.

Listing 2: Feature Aggregation Code

window_data = get_window (dataset, start_time, end_time)
mean_eye = np.mean([eye_ratio(f) for f in window_datal)
std_shoulder = np.std([shoulder_tilt (p) for p in window_datal)

Step 5: Ground Truth Annotation

Flagged time segments (e.g., inactivity or facial strain) are reviewed in post
hoc interviews. Caregivers assign semantic labels such as “normal,” “mildly
stressed,” or “physically tired,” which are stored as ground truth (Table 2).

Step 6: Local Classification using LLM

The labeled dataset is used to fine-tune a lightweight transformer-based clas-
sifier or local large language model (LLM). Each feature vector is encoded as
short textual input (e.g., “unstable head tilt, raised eyebrows”) and mapped
to a stress category. A simplified pseudocode is shown in Listing 3.

Listing 3: Model Training Pseudocode

from transformers import AutoTokenizer,
AutoModelForSequenceClassification

tokenizer = AutoTokenizer.from pretrained("sentence-—
transformer-local")

model = AutoModelForSequenceClassification.from_pretrained ("
local-stress—detector")

train (model, tokenizer, annotated_dataset)

This closed-loop, privacy-preserving framework adapts to each caregiver’s
behavioral pattern while remaining fully local and modular for future multi-
modal integration.
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3.2 Design Considerations

The framework provides a novel, privacy-aware approach for real-time stress
and fatigue monitoring. Its local deployability allows all sensing and
inference on low-power devices (e.g., Raspberry Pi, laptops) without cloud
dependence, ensuring data privacy and low-latency feedback. The system
is also modular and extensible: each component from acquisition to classifi-
cation can be independently improved, and the human-in-the-loop annotation
step supports personalized calibration.

Despite these strengths, several limitations remain. First, pose and facial
data alone may not fully capture complex physiological or emotional states,
especially without additional modalities such as speech or biosignals. Second,
accuracy may be affected by environmental factors (lighting, occlusion, camera
angle), introducing noise and missing data. Third, manual annotation is labor-
intensive and may introduce bias, while local fine-tuning of LLMs, though
feasible, imposes computational constraints on edge devices. Future versions
could address these issues through multi-modal fusion and adaptive model
compression.

From a communication perspective, the proposed CPSS operates as a closed
local-area network (LAN) system, where camera nodes transmit compressed
keypoint packets (< 10KB per frame) to the processing unit via TCP/IP.
This local connectivity design minimizes bandwidth usage (approximately
0.8 Mbps) and eliminates cloud dependency, aligning with the principles of
efficient and secure embedded communication in IoT-based healthcare systems.

4 Experimental Implementation

4.1 Implementation Purpose

This implementation validates the practicality of the proposed framework and
its deployment in realistic caregiving contexts. The objectives are threefold:

1. Technical realization: demonstrate feasibility of executing the pipeline
on edge devices, highlighting real-time capability and resource efficiency.

2. System integration: show how stress-related features are extracted
through temporal aggregation and personalized via lightweight LLM fine-
tuning.

3. Privacy-aware deployment: verify that local processing safeguards data
privacy while supporting functional caregiving applications.

These objectives emphasize implementation feasibility rather than quanti-
tative benchmarking.

4.2 Implementation Setup
4.2.1 Hardware and Environment

The system was deployed on two representative edge platforms:
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¢ Raspberry Pi 4B (Broadcom BCM2711, 4 GB RAM) for resource-
constrained use.
e Intel NUC 11 (i5-1135G7, 16 GB RAM) for mid-tier home environments.

Both ran Ubuntu 22.04 LTS with TensorFlow Lite 2.12.0. Webcam input
was processed at 640x480 resolution (10 FPS) through the OpenCV pipeline
described in Section 3.1.

4.2.2 Demonstration Scenarios
Two representative scenarios were implemented:

e Simulated caregiving session: a participant (female, age 63) performed
standardized tasks in controlled conditions to verify pipeline functionality.
¢ Real home deployment: an experienced caregiver (5.2 years) used the

system during daily routines, with only anonymized keypoints stored locally.

4.2.3 Annotation Protocol

Post-session interviews followed the labeling protocol in Section 3.1, Step 5:

L ={normal,mild_stress,physical _fatigue,emotional_strain}

(1)
This process demonstrated how multimodal streams can be mapped to
interpretable categories without requiring large-scale datasets.

4.2.4 Baseline References
For contextualization, two reference approaches were included:

1. Local-based pipeline: MoveNet.js with face-api.js.
2. Wearable-based: SVM classifier using Empatica E4 biosignals.

These baselines served as qualitative references, not for performance compar-
ison.

4.3 Implementation Highlights
The implementation confirms that:

® The full framework runs on both constrained and mid-tier edge devices
without cloud dependence.

® Real-time pose and facial feature extraction is feasible under caregiving
conditions.

® Privacy is preserved through exclusive local processing and anonymized
storage.

Table 3 summarizes the demonstrated capabilities.
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Table 3: Implementation aspects and demonstrated capabilities

Aspect Demonstrated Capability

Technical realization Deployment on Raspberry Pi and Intel NUC

System integration End-to-end pipeline with temporal features and LLM-based
personalization

Privacy-aware deployment  Local-only processing with anonymized keypoint storage

Avg. FPS I CPU Util. (%) B Latency (ms)
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Fig. 2: Performance comparison across edge devices (higher FPS is better;
lower CPU/latency is better).

Table 4: Performance comparison of edge devices

Platform Avg. FPS CPU Util. (%) Latency (ms)
Raspberry Pi 4B 8.7 72.4 142.5
Intel NUC 11 17.9 38.6 61.3

4.4 Performance Evaluation

To further validate system efficiency, real-time performance was measured on
both edge devices under identical settings (640x480, 10 FPS). Table 4 summa-
rizes average frame rates, CPU utilization, and end-to-end latency, confirming
the feasibility of on-device operation. Compared with conventional cloud-based
stress monitoring pipelines, the proposed edge configuration reduces average
processing latency by over 70 % while fully eliminating outbound data transfer.
As shown in Figure 2, the Intel NUC 11 achieves nearly double the frame rate
of the Raspberry Pi 4B while maintaining lower CPU utilization and latency.
Figure 3 illustrates the inverse relationship between FPS and latency, confirm-
ing the advantage of higher-performance edge hardware. These results confirm
that both configurations achieve real-time inference suitable for continuous
caregiver monitoring while maintaining acceptable computational loads and
energy efficiency.
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Fig. 3: Latency versus frame rate under identical settings (640x480, 10 FPS
capture).

4.5 Discussion

The implementation confirms the framework’s technical feasibility on
commercially available edge devices, demonstrating low-latency multimodal
processing without cloud support. The integration of pose estimation, facial
analysis, and local LLM-based classification highlights the potential for
adaptive, privacy-preserving stress recognition in home environments.

However, several limitations remain. The study scale is small, restrict-
ing generalizability, and results were obtained under controlled conditions
that may not fully reflect real-world variability in lighting or activity. Man-
ual annotation, while essential for personalization, introduces subjectivity,
and local fine-tuning of LLMs imposes computational constraints. Future
work will expand validation with larger datasets, explore hybrid edge—cloud
architectures, and optimize model compression for sustained deployment.

Overall, the findings verify the framework’s operational practicality and
privacy compliance, establishing a foundation for scalable, stress-aware care-
giving support systems. In addition to latency, bandwidth and power consump-
tion were profiled. The average data rate per camera node was approximately
0.8 Mbps, and total system power consumption on the Raspberry Pi remained
below 6.5W during continuous inference, confirming suitability for 24/7
operation in home environments.

5 Conclusion

This study presented a locally deployable, privacy-aware framework for detect-
ing stress and fatigue in in-home caregivers through image-based sensing. By
integrating lightweight models such as MoveNet and MediaPipe for pose and
facial landmark extraction, the system enables real-time, low-latency moni-
toring without cloud dependence, aligning with ethical requirements for data
privacy in domestic environments. The main contributions are threefold: (1)
demonstrating the feasibility of integrating pose and facial data into a unified
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temporal dataset tailored to individual caregivers; (2) introducing a semi-
supervised annotation process based on real user feedback to link objective
sensing with subjective perception; and (3) implementing a modular pipeline
from acquisition to personalized classification on affordable edge devices such
as the Raspberry Pi.

Nevertheless, several challenges remain. The exclusive reliance on visual
cues limits sensitivity to internal states such as mental fatigue or emotional
burnout. Environmental factors, camera occlusion, and the computational cost
of local LLM training also affect long-term scalability and robustness. Future
work will focus on multimodal fusion with speech and wearable data, auto-
mated annotation through anomaly detection, and real-time intervention via
dialogue agents.
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