16™ ITU ACADEMIC CONFERENCE

ITUKALEIDOSCOPE

GENEVA2026

Al and frontier
technologies for good

7-9 July 2026
Geneva, Switzerland

IIIIIIIIIII

Y




Multi-Modal Health State
Monitoring System Using
Wearable Sensor and Spatio-
Temporal Graph Attention

Dhananjay Kumar, Chandru J, Ved P.

Kafle
07 July 2026




16™ ITU ACADEMIC CONFERENCE

Dhananjay Kumar
Department of Information
Technology, Anna University,
Chennai, India

Session #53.2

I'TUKALEIDOSCOPE

GENEVA2026




16™ ITU ACADEMIC CONFERENCE

ChandruJ

Department of Information
Technology, Anna University,
Chennai, India

Session #53.2

I'TUKALEIDOSCOPE

GENEVA2026




16™ ITU ACADEMIC CONFERENCE

Presentation Qutline

* Motivation for continuous and real-time health monitoring

* Proposed Multi-Modal Health State Monitoring (MHMS) System
* MHMS system architecture
* Workflow of the system

* Implementation details
* Sensing & edge components
* Cloud models

e Performance evaluation

 Conclusion and recommendation
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» As per

» Consumer

16™ ITU ACADEMIC CONFERENCE

WHO 2026
report®, Non-
communicable

diseases cause 74% of
global deaths, but early

warning  signs  like
chronic stress and
poor sleep go
unnoticed.

» Current health
platforms are siloed,
creating fragmented
data that lacks

interoperability and
timeline modeling.

wearables
offer reasonably
accurate, underutilized
data perfect for
continuous, proactive
home monitoring.

Need for Continuous and
Real-Time Monitoring

» Health conditions change continuously

» Wearables enable real-time
monitoring of vital signals

» Early detection and timely
intervention save lives

Limitations of
Single-Modality Systems
« Single sensors may suffer from

noise, artifacts or missing
information

* Multi-modal data provides
complementary information

« Improves reliability and robustness

Capturing Complex

Physiological Relationships

+ Physiological signals are highly
interconnected

Qe P
+ Graph models represent
O/ \) sensors/regions and their

relationships
+ Better understanding of
human physiology

Modeling Spatial and

Temporal Dependencies

« Health data have both spatial and
temporal dependencies

+ ST-GAT captures dynamic
interactions over time

* Leads to more accurate
health state assessment

*https://www.who.int/health-topics/noncommunicable-diseasestttab=tab_1
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Motivation
Common Wearable Sensors in Smart Watch

Early Detection and

Activity, Steps, "Aﬂ'rﬁf"“

SkinTemp. (i ] i i ..
S ) » @ 364C /i

90 6420,

sensors / body regions

Skin Temperature
" Body temperature — ""f"rl'f”' 5
variations

(Attention Mechanism)

v Captures spatial relationships among »

v Models temporal evolution of signals

v Learns important connections

+ Improves accuracy & interpretability

Predictive Healthcare

" Spatio-Temporal
PPG P s « Detects abnormalities early
. Heart rate, —heh Graph Attention (ST-GAT) ” (e.g., arrhythmia, stress,
e Blood oxygen (Sp0,) =t v sleep disorders)
\ / » Shifts from reactive
' < treatment to preventive
\ ( ECG \ and predictive care
- Heart rhythm, —’A‘\r\f“— . P —
| \ HRV 1/ "/Heart Rate 72 bpm %
B \ Sp0, & 98+ GI'OWth Of iOT al‘ld
Accelerometer sress @ Low Smart Healthcare

» Rise of loT, Al, Edge
Computing and Wearables

« Enables remote monitoring
and telemedicine

¢ Supports next-generation
smart healthcare

S

v

Personalized and

Adaptive Healthcare

C
@

+ Learns individual health
patterns

+ Adapts to user-specific

Early Detection | Timely Intervention Reduced Improved Quality Better Patient behaviors
Healthcare Cost of Life QOutcomes - :
* Provides personalized
Identify potential | Enables quick medical = Prevention and early | Continuous monitoring = Data-driven insights recommendations and
health issues care reduce hospital promotes healthier lead to better clinical

| response and better

at an early stage | treatment outcomes visits and expenses | lifestyle and well-being

decisions

interventions
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Wearables Layer Smart Phone Layer

Sensors

Overview of proposed
MHMS

Instead of treating vital signs as isolated

,  Preprocessing &
Baseline Alignment

metrics, MHMS maps data to five insightful R et et s
trackers: ;

\\____@__\‘
1' Sleep Quallty |ndeX (SQI) Cloud Intelligence Layer i
2. Psychosomatic Stress Index (PSI)
3. Cardiovascular Health Score (CVHS) eah | artes o gorecasting'Sf Deep Model
4. Cognitive Load Score (CLS) (Dashboard) AT e
5. Emotional Vitality Score (EVS) e e e sl 3N s, S

« Trends & Reports

Spatio-Temporal Modeling: Feeds these s e e e i
parameters as interconnected nodes into a m = % .. ",D’ '{WF: v & ¢
Spatio-Temporal Graph Attention - | H | ‘ j ’ ‘ B 4 48 T o 4 T
Transformer (ST-GAT) to forecast health & | @,‘i ﬁﬁ e e ) o
trajectories and learn temporal 95.3 um N S
interdependencies.
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Smart Phone N g'.éiél]'d' ---------------------------------------------------------------- \ ----------------------------------------------------- ’ © The data ingestion
Photoplethysmo vearabl ~ i | Deep Model Cluster ' module first routes
graphy (PPG) is earable ata Health Summary . the incoming
used to detect Device Sensors Acquisition Sleep Quality Estimation segregated
blood  volume (RS, Manager : 4 . batches containing
changes in the ACC, SkinTemp) _ . aligned PPG,
mlcrovgscular - ; . Lond Eetimati Graph Interpretive ACC, skin
bed of tissue. O ; eliinas Rkl [Soe i Layer . temperature and
:'Té': Baselinel .ancth.ored A derived metrics
S, normalization : R ol
The tri-axial : 2 : :- -: ! Psychosomatic Stress Prediction Directed RAXRITS ::—t(ti aIB(;esgdch,(\j/:
accelerometer | *é | v | %‘ | Temporal HNEEE cluster.
giesltri)rS]guish to Datamgzzzzrmg : 5 : Compute IBI, BVP, RR, : = : Graph '
I = HRV 1 =1 Emotional Vitality Prediction 4
purposeful L—J (=N
mpvemgnt 'from * v (I Dependency Edge
micro-vibrations. trd ' o Aggregator
Data Sync Data Segregation _J . Cardiovascular Health Estimation
Coordinator (ACC, EDA, ECG etc).. 4 :
i \ J :
- ) ‘ Perturbation Cothr(k))”et-d delt
t E Deltas [ —+X+a . perturbation  deltas
~______.$ o yvzfe_d |nJIected mt:]J
; i : individua ra
To . ad_dress _int_e_r-subject Dashboard Web App Database | Training SAT wAetitgehnttslon ¥ T nodes gWhﬁe
physiological variability, .the ) o o : ] . keeping the
edge layer performs Baseline- ( \ ° amm { 9 q . remaining node
Anchored Alignment (BAA) - - —- -Q‘ - Perturbation —~ - —— . trajectories
phase, capturing a resting | -’ : p| Historical f’ Analysis (nm . unchanged.
physiological profile to establish : — 1 l Data '
a personalized baseline. ‘ i ———————- -

::\::;f‘tBelgE;‘\";o'lzﬁg’ﬂzlse ACC: Accelerometer In ST-GAT, future state forecasting for those five parameters ITUKALEIDOSCOPE
RR: Respiration Rate EDA: Electrodermal Activity is utilized as a pretext training strategy to learn the inherent 3

HRV: Heart Rate Variability ECG: Electrocardiogram structural relationships between physiological states. GENEVA2026



o Wearable Sensing Layer

Workflow of the System

jf’ Accelerometer

EDA

I skinTemp Hierarchical Three-Layer Topology (Compliant with ITU-T H.810) :
>B 1. Wearable Sensing Layer:
i Low-power data acquisition using consumer hardware
b AR 2. Smart Phone Edge Layer:
() Preprocessing /Jf Local aggregation, preprocessing, and subject-specific baseline
* calibration

~{3.| Baseline Calibration

Quality Check

3. Cloud Intelligence Layer:
Heavy computational offloading for deep model clustering,

o trajectory forecasting, and perturbation analysis
o Cloud Intelligence Layer ¢
Deep Model Clustering ® o
. e g

. s

@ Trajectory Forecasting iy | ﬁ i

R o C D

Perturbation Analysis ® (@] @
\.54
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Wearable
Acquisition

Baseline
Alignment
(BAA)

Opportunistic
Sampling

Edge Feature
Derivation

Cloud Storage
Optimization

@8 | PPG
% ) acc

EDA

- 'V‘

Population
Baseline

Prolonged
Inactivity
Detected

Raw Data

R

At~ =2 W

N

\fﬁw@ Not Uploaded
W

Saves Bandwidth)

§ ) skinTemp

AN\ ‘”f_ e J-\ff\v\/p’\’

Personalized
Baseline

Derived Data Only

* Hh b

Q

Receiving... b 1

/A‘v A VAR ]

A

Normalized
e Data

A

Baseline
Updated

820 18
ms br/min 98%
IBI RR SpO;

Uploaded & Stored
(Privacy Protected)

Implementation Details
(Sensing & Edge layers)

Wearable (Sensing layer: Data Collection)
Device: Samsung Galaxy Watch 6

Engine: Native Wear OS 5 (Kotlin)
Role: Real-time sensor data retrieval, batching, and data

transfer via Bluetooth interface

Mobile Smart Phone (Edge layer: Computing)
Engine: Android 16 (API level 36) - Kotlin running as a

constant background service
Features: Live Ul (Jetpack Compose Material 3) for data

monitoring and immediate edge feature derivation

Core Logic: Implements baseline alignment and opportunistic

sampling to compute resting baselines
IDE: Android Studio (Ladybug/Quail)
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Implementation (Cloud layer: Models)

Parallel cloud inference pipeline routes incoming feature
vectors simultaneously to five specialized deep learning
models.

Each model is trained on domain-specific datasets to
compute distinct health scores. (e.g., DREAMT -> Sleep
Score, WESAD - Stress & Emotional Vitality).

Models are deployed as Serverless Firebase Functions
(Gen 2), automatically triggered when new derived
metrics are stored. ST-GAT is triggered upon anomaly
detection.

Predicted health metrics are aggregated and fed into a ST-
GAT for forecasting, trend analysis, and longitudinal
health modeling.

Technology Stack: TensorFlow 2.15+, Keras 3.0+, Python
3.11, Firebase Cloud Functions (Gen 2).

SQI Model
0
°~ =0 9
o<\| o
o
=
—
I
|
|
I®I
==
-®

Historical Data

PSI Model

CVHS Model

ST-GAT Engine

Scheduled
Retraining

11

CLS Model EVS Model

o o
o =0 9 @ plo g 1
(o (o] (o]
O (o 8
= =

__________________

Updated Models
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Accuracy

R2 Score

R2 Score

Fig 1: Performance for the health state models: (a) SQl, (b) PSI, (c) CVHS, (d)
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Model / Parameter

Sleep Quality Index (SQlI)

Psychosomatic Stress
Index (PSI)

Cardiovascular Health
Score (CVHS)

Cognitive Load Score
(CLS)

Emotional Vitality Score
(EVS)

Trajectory Forecasting
(ST-GAT)

e\
D

<
n @

Performance of the System
Model

Primary
Performance

88.00%
Accuracy

95.26%
Accuracy

R? =0.81
R?>=0.73

R?=10.823

R*=0.82
(Global)
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Conclusion and Recommendation

Conclusion:
* Proposed a deep learning-based Multi-Modal Health State Monitoring System

* Implemented on a consumer-grade wearables, paired with smartphone edge nodes and a
cloud intelligence platform.

 Achieved classification accuracies of 88.00% and 95.26% for sleep and stress, respectively.

Standardization Perspective:
» The proposed architecture complies with the ITU-T H.810 reference model.
* |t relates to ITU-T Study Group 21 work, dealing with digital health technologies.
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