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ABSTRACT

Nowadays healthcare and clinical facilities have become an essential part of modern life. The triage system in
hospitals and clinics plays a crucial role in the initial assessment of patients and emergency care. However, conventional
triage processes that rely on human judgment often suffer from variability, limited resources, and the possibility of human
error. In many situations, the lack of trained personnel further worsens the problem, leading to delays and the potential
misclassification of high-acuity patients. To address these challenges, this work proposes an autonomous robotic sensor-
based triage system (RTS) designed to automate the initial patient assessment process. By using sensors for data collection,
the system standardizes information gathering and reduces errors associated with manual triage. The RTS is designed
with a robust and adaptable architecture that can be easily integrated with existing clinical systems and electronic health
record (EHR) platforms without disrupting current hospital workflows. The system utilizes non-contact sensors to capture
physiological parameters, ensuring patient comfort and reducing the risk of contamination, particularly during infectious
disease situations. Embedded artificial intelligence analyzes the collected data and generates a structured symptom
report, which is processed by a Clinical Acuity Measurement (CAM) unit to assign a Clinical Acuity Score (CAS) within

four minutes. Experimental results demonstrate 92.5% accuracy with expert clinical consensus and 98.1% sensitivity in
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identifying high-acuity patients, while reducing the time required for initial assessment by nearly 70%.

Keywords: Emergency Medical Services (EMS); Triage; Robotics; Health Care Automation

1. Introduction

In all clinics and hospitals, the outpatient department
(OPD) and the Emergency department (ED) play an impor-
tant role. The process of triage, which means the preliminary
checking/assessment of the condition of a patient in order to
determine the severity and prioritization of the treatment and
type or treatment required on the basis of the urgency. This
process of triage is critical for workflow process of OPD or
ED of any hospital. The accuracy, reliability and quick triage
are very important and determining factor in providing cor-
rect treatment quickly to the high acuity patients. Therefore,
making this initial step of triage critical for the determination
of overall treatment, performance and safety of the patient.
Despite being so important, this triage system in most hos-
pitals is dependent on human judgement. This dependence
results in several challenges like susceptibility to human er-
ror, unwanted delays in care of patient surges, inter rater
variability. These human-centric triage system result either
in under triage, causing delays in life-saving intervention
or over triage, which results in consuming finite resources
(like critical monitoring units, beds, etc.) and contributes
to unnecessary ED congestion. Recent advancements in
technology can help in low-cost non-contact physiological
sensing and provide an opportunity to overcome the flaws
of the conventional triage system. While several artificial
intelligence (AI) based, autonomous systems have been de-
veloped, but there is a critical research gap, as there does not
exist a fully automatic, interactive system which is capable
of performing a comprehensive, standardised, multi-modal
non-contact triage of the patient on arrival. Bridging this gap
requires a novel and unique solution consisting of a combi-
nation of hardware and software for objective capturing of
the physiological data of the patient, along with symptom
parsing and acuity classification.

Figure 1 depicts conventional triage system. This pa-
per introduces a Robotics Triage System (RTS), which is
designed to fully automate the initial patient triage system
through non-contact physiological sensors. The RTS utilizes

a set of sensors and a structured Al-based analysis system for

classifying the urgency of a patient on a five-point emergency

severity index (ESI), as shown in Figure 2.
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Figure 1. Conventional Triage Method.
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Figure 2. The five point emergency seventy index (ESI).

With the increasing burden on healthcare systems due to
population growth, aging demographics, and rising prevalence
of chronic and infectious diseases, emergency departments are
frequently subjected to overcrowding and operational stress.
The effectiveness of the triage system is very important and

directly impacts patient outcomes, resource utilization and
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overall system response. In a conventional triage system, the
variations in diagnostic decisions may be causal due to differ-
ences in the clinical experience of clinical workers, cognitive
fatigue and various other environmental factors. These limita-
tions become more severe during peak patient inflow in peak
hours, emergency situations, pandemics or mass causality in-
cidents. In such situations, rapid and accurate assessment of
a large number of patients at a quick speed is needed. The
Robotic triage system and Al integration is a Unique solu-
tion to resolve such challenges. RTS System equipped with
sensors, processing units and robotic assemblies can work
continuously without fatigue, continuously acquiring data and
giving consistent performance even during the most challeng-
ing sceneries. Non-contact physiological sensor employed in
RTS enables the acquisition of vital parameters needed for
rapid diagnostic decision making such as heart rate, respi-
ratory rate, temperature and oxygen saturation, etc. These
non-invasive, non-contact sensors ensure maximum patient
safety, comfort and reduce the chances of cross-contamination
and cross-infection. In combination with as used for data ana-
lytics, the system can accurately interpret multi-modal data
streams in real time, enabling early identification of high-risk
patient who requires emergency treatment.

The standardized robotic triage framework enables as-
sessment that hospitals can repeat and measure without bias
in their various medical environments. The human—machine
interface system enables structured symptom interaction,
which guarantees that medical teams will record all essential
clinical data, thus decreasing the chance of overlooking vital
signs that show patient decline. The automation of the first
triage stage enables healthcare workers to stop repetitive
patient assessment work, which permits them to dedicate
their time to complicated medical evaluation work and direct
patient treatment.

The workload redistribution system improves staff ef-
ficiency while decreasing worker burnout, which leads to
better patient experiences. The operation of robotic triage
systems enhances OPD and ED patient flow because these
systems reduce bottle-necking problems which occur dur-
ing patient entry. Faster triage decisions enable the timely
routing of patients to appropriate care pathways, thereby opti-
mizing bed utilization and reducing waiting times. The RTS
system captures digital data, which hospitals can use to create

documents that prove compliance with requirements while

maintaining a system for ongoing performance assessment.
The combination of robotics, non-contact sensing technol-
ogy, and artificial intelligence creates an innovative system
that modernizes current triage methods. The RTS system im-
proves healthcare delivery by solving human-centric triage
model limitations, which results in healthcare systems that
create safer and more effective delivery of services to meet
current medical treatment needs.

The RTS produces these reports with unprecedented
speed and consistency. The RTS has been validated through
a rigorous process, and it demonstrates high accuracy, low
latency and improved performance than conventional human-
based triage processes. The rest of the paper is organised
as follows: Section 2 presents a detailed literature survey
on automated triage and systems. Section 3 gives the de-
tails of the proposed model and design of RTS. Section 4
outlines the validation methodology and techniques utilised.
Section 5 presents the details finding, results and their dis-
cussion, Section 6 presents the future scope of work, and
Section 7 concludes with a discussion of Implication of RTS

implementation.

2. Literature Survey

Global emergency departments face longstanding prob-
lems characterized by patient overcrowding, long waiting
times, and poor resource utilization. At the onset of the
research, several studies were being conducted in develop-
ing simulation-based models to improve patient flow and
resource utilization in EDs. For example, a study by Mahapa-
tra et al. used the emergency severity index system based on
a five-level triage system in conjunction with the computer-
aided design and simulation modeling to evaluate the impact
of ESI triage rationalization on access and throughput in
academic tertiary care hospitals!!.

Further developments included enhanced applications
of artificial intelligence and robotics to support triage pro-
cedures. For example, one important source by Wilkes et
al. presented the benefits and purposes of distributed cog-
nitive robotic systems used for supporting triage processes
by collecting logistical and medical data and offering initial
diagnostic suggestions to triage nurses[?!.

Thereafter, an in-depth inquiry studied the automation

conception of emergency triage. An automated triage system
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by Chong and Gan has been developed, integrating biomedi-
cal modules, graphical interfaces, and algorithmic decision
support to assist medical officers in evaluating patient states.
The experiments showed that automated systems greatly re-
duced assessment times and aided in consistency of triage
decision-making, addressing some of the most important
challenges faced by overcrowded emergency units!3.

During the COVID-19 pandemic, a new class of tele-
operated systems was developed to address infection control
issues. A robotic lung ultrasound platform was developed by
Tsumura et al. to conduct non-contact diagnostic imaging on
COVID-19 patients . The study demonstrated feasibility
and safety, thereby validating the archival capacity of tele-
operated triage systems to work in high-risk, resource-poor
settings.

Current clinical triage innovations have included mea-
sures that aim at enhancing the accuracy of vital-sign acqui-
sition and patient prioritization. A new triage design devel-
oped by Erol et al.’] involves the dual measurement of vital
parameters like temperature, oxygen saturation, and blood
pressure, and then automatically transmits this data into a
barcode-enabled system. This is aimed at streamlining an
existing bottleneck in triage by integrating the registration
of patients with physiological monitoring.

Robotics combined with artificial intelligence has got-
ten considerable emphasis in the pivotal studies of current
triages. The new system[®!, which incorporated robotics and
Al technologies, was proposed by Ashaolu to enhance emer-
gency triage accuracy as well as efficiency. Additionally,
Townsend et al. conducted qualitative research!” on health
practitioners that was seen to positively profile Al-assisted
triage systems. The key benefits highlighted included re-
duced wait times and better workflow efficiency.

Alongside these developments, mobile health applica-
tions have been built by Khanchai et al.!®! for others-triage
applications in an emergency department for enhancing the
triage operation at point-of-care. This mobile triage appli-
cation improved the accuracy and confidence of nursing
assessments. Although the sample size is limited, this study
demonstrates the validity of using digital tools to support
health personnel in severity assessment.

In prehospital settings, Al-empowered techniques from
Jasim et al.[) exploit technology to increase efficiency in
triaging loMT-based telemedicine systems. Graph neural net-

works are good for this. Their models run analyses on vital
signs, electrocardiogram signals, and symptoms to automati-
cally classify the patients by severity. Empirical results have
shown a better performance over conventional triage test pat-
terns and, thus, proved the potential of Al in decision-making
precision and resource allocation.

Mejia et al. '% recently reported that Al-enabled clinical
decision support systems (CDSS) play a push role in enhanc-
ing the patient triage process. It proposes the incorporation of
machine learning and generative Al-based knowledge graphs
to enhance the intelligence, robustness, and personalization
of triage decisions. This system would be anticipated to fill
existing gaps in current clinical workflows and substantially
improve responsiveness in healthcare delivery.

Another innovation in Al-aided triage regards the assis-
tive frameworks being designed by Sharma et al.['!l, which
employ facial recognition, voice and video interaction, and
emotional feedback to facilitate information collection and to
automate the classification of cases according to standardized
severity scales.

Triage, which depends on modification by an Al sys-
tem, can make way for real value-added benefits in terms of
higher organizational patient prioritization, decreased wait-
ing time, and better emergency department operations, stated
Da’Costa et al. in their review!['?). However, the challenges
still exist like data quality, algorithmic bias, clinician trust
and ethical governance.

Very Large Scale Integration (VLSI)-based Field-
Programmable Gate Array (FPGA) design enables deter-
ministic, parallel, and low-latency processing required for
real-time robotic systems. Optimized FPGA architectures
using VLSI-cell placement techniques improve performance
and resource utilization, as demonstrated by Verma et al.!'3],
Additionally, FPGA-based controller design for induction
motor speed control highlights the suitability of customized
hardware for reliable and high-speed control applications 4],
These design methodologies form a robust foundation for im-
plementing efficient and dependable robotic triage systems
in resource-constrained environments.

Fuzzy logic controllers (FLCs) offer an effective frame-
work for handling uncertainty, imprecision, and nonlinear
decision-making, which are inherent in robotic triage sys-
tems operating in dynamic emergency environments. Recent

work by Rani demonstrates the capability of fuzzy inference

50



Journal of Electronic & Information Systems | Volume 08 | Issue 01 | April 2026

systems to interpret complex physiological metrics through ro-
bust de-fuzzification techniques, highlighting their suitability
for health assessment and prioritization tasks!'>], Further-
more, the fuzzy logic—based control approaches proposed
by Verma and Tiwari show how environmental and input
fluctuations can be mitigated to maintain system stability
and performance, emphasizing the adaptability of fuzzy tech-
niques under varying conditions!'®!7]. These characteristics
make fuzzy logic—driven decision frameworks particularly
well-suited for robotic triage systems, where reliable patient

assessment and prioritization must be achieved despite sensor
noise, environmental variability, and incomplete information.

The latest work of Cabarkapa et al. '] continues investi-
gations of automation and e-triage frameworks, highlighting
weaknesses of classical triage systems, and offering sugges-
tions to reduce perceptual subjectivity in their judgments.
These studies lay great emphasis on technological integra-
tion, which will ensure that the triage results are accurate,
fast, and objective. A comparative summary of robotic and

Al-based triage systems is given in Table 1.

Table 1. Comparative Overview of Robotic and Al-Based Triage Systems Reported between 2010 and 2026.

Title Year Objective

Triage nurse assistance robot 2026  To support early prioritization of emergency patients using robotic decision-support
systems[1%],

Automated emergency triage system 2025  To collect structured patient-reported symptoms for preliminary acuity estimation (2],

Distributed cognitive robotic agents 2025  To enable automated capture of basic physiological parameters during triage 211,

Tele-operated robotic diagnostic platform 2019 To assist triage nurses with rule-based and Al-assisted urgency classification 221,

Robotic vital-sign acquisition kiosk 2022  To reduce patient discomfort and infection risk using non-contact sensors (23],

Autonomous emergency triage support robot 2024  To facilitate preliminary emergency assessment in remote and telemedicine settings [>4].

Mobile robotic triage assistant 2019  To predict patient severity using machine learning-based models 2%,

Al-driven e-triage system 2025  To integrate sensor data and symptom inputs for improved triage accuracy 261,

Robotic ultrasound triage system 2023  To minimize cross-contamination during emergency assessment using autonomous
systems (271,

Triage-bot (assistive robotic framework) 2021  To deploy mobile robotic platforms for real-time triage support in EDs 28],

IoMT-based robotic triage platform 2025  To reduce waiting time and ED congestion through automated triage workflows 2%].

Autonomous triage kiosk using computer vision 2025  To manage patient surges and mass-casualty situations efficiently [30],

Robotic tele-triage system 2025  To combine robotics, Al, and IoT for standardized clinical triage 2%,

Al-assisted robotic pre-triage system 2024  To eliminate inter-rater variability in initial emergency assessment 311,

Fully autonomous robotic triage system (RTS) 2026  To achieve seamless interoperability with hospital information systems [Proposed work].

3. System Architecture and Design

3.1. Clinical Integration, Human—Robot Col-
laboration

The successful operationalization of the robotic triage
system (RTS) requires a transition from validated paper results
to real-world implementation because its deployment depends
on algorithm accuracy and sensor accuracy, together with the
capability to work with existing healthcare systems and effec-
tive human-robot teamwork and emergency department opera-
tional requirements 21, Automated systems must demonstrate
dependable performance within emergency care environments
which feature unpredictable patient traffic and various clinical
presentation types and different infrastructure components.
The complete operational potential of the robotic triage sys-
tem requires a complete operational framework that needs to
address all clinical integration requirements and human-robot
interaction needs and operational deployment needs and sys-
tem lifecycle management requirements**!. The deployment

of automated triage systems faces its most difficult obstacle in
the process of clinical integration. Emergency departments im-
plement their operations through established protocols, which
guide their decision-making processes at multiple organiza-
tional levels while their staff members execute assigned legal
duties. The RTS system operates according to standard triage
procedures which include the Emergency Severity Index (EST)
while maintaining proper clinical authority within medical
environments. The RTS system functions as a decision sup-
port system that combines intelligent automation with im-
proved operational performance to enhance both operational
efficiency and service delivery capacity. The system enables
clinical staff to focus more on complex decision-making and
patient care by automating repetitive tasks, which include vi-
tal sign acquisition and symptom structuring and preliminary
acuity scoring.

The core element of clinical integration depends on
its ability to exchange data with hospital information sys-

tems. The electronic health record systems receive real-time
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data from RTS, which includes physiological parameters
and symptom summaries and Clinical Acuity Scores. The
failure to integrate RTS outputs into existing digital infras-
tructures will create parallel workflows and increase docu-

mentation burden and decrease clinician acceptance. The

system architecture design mandates the implementation of
standardized data formats and secure interface systems and
the requirement of manual work to be kept at its lowest level.
A comparison between conventional and RTS-enabled triage

workflows is provided in Table 2.

Table 2. Comparison between conventional triage processes and RTS-enabled triage workflows.

Parameter

Conventional Triage

RTS-Enabled Triage

Vital sign acquisition

Manual, contact-based

Automated, non-contact

Assessment time High (8-12 min) Low (2-4 min)
Inter-rater variability High Minimal
Data standardization Limited High

Clinician workload High Reduced
Scalability Limited High

Robotic triage systems depend on human—robot col-
laboration to achieve their full acceptance and operational
success 4. The delivery of emergency healthcare services
needs human professionals to handle clinical situations by
using their medical knowledge and their ethical decision-
making skills. RTS is designed to support human strengths
not to undermine them. The collaborative triage models
establish a balanced system that enables RTS to conduct
initial assessments while clinicians maintain control over
final decision-making processes based on their professional
knowledge. These models help to decrease cognitive work-
load while preventing fatigue-related mistakes and they boost
decision-making accuracy during peak patient surge peri-
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ods'®. Figure 3 shows the collaborative triage model.
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Figure 3. Collaborative triage model.

People need to establish trust because it serves as
the main factor that determines their ability to work with

robots 3637

1. Doctors are more likely to adopt RTS when
its outputs are transparent, explainable, and consistent with
clinical reasoning**]. The RTS interfaces need to display all
elements, which include the complete acuity classification
and the parameters and confidence indicators that led to the
final decision. Clinicians can create situational awareness by
using explainability to understand system recommendations,
which they can validate or reject at any moment. People
begin to trust a system when it demonstrates the capacity to
deliver stable results and handle workflow operations with

better efficiency.

3.2. Real-World Deployment Framework for
Robotic Triage Systems

Training and change management play an important
role in RTS deployment using robotic systems in clinical
and emergency departments, which requires an important
paradigm shift in conventional practices, requiring rigorous
training programs for the personnel attending/performing
clinical duties. The training will consist of in-depth knowl-
edge of system operation along with interpretation of re-
sults, special handling of emergency and critical cases and
full understanding of protocols during system malfunction.
These trainings may be conducted in a simulation-based en-
vironment through a parallel conventional system, which
will enhance the learning understanding and in-depth analy-
sis, allowing clinicians to interact with RTS under realistic
scenarios without compromising patient safety. A robust
feedback mechanism should also be established to capture
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patient experiences and guide iterative system refinement.
The deployment of RTS requires taking in to considera-
tions various physical infrastructure-related and environmen-
tal considerations. The emergency department of various
hospitals/clinics vary widely in terms of layout, number of
patients, availability of sensors, display units, and robotic
interface. An important requirement is that the system should
adhere to criterions like compact, modular and adaptable to
various clinical configurations. The placement of the triage
system should ensure minimum congestion and optimal per-
formance of all the sensors. For accuracy and system relia-
bility, various other factors, such as ambient noise, lighting
conditions and patient movement should also be considered
carefully. Key operational challenges and their mitigation

strategies are summarized in Table 3.

Scalability is a defining requirement for real-world de-
ployment. RTS functions effectively under varying patient
numbers, from routine patient loads to mass casualty inci-
dents. The system architecture will enable simultaneous
processing of work while handling fast patient arrivals and
maintaining system stability. Edge computing capabilities
enable systems to process data with minimal delays while
decreasing their need for external network connections. The
system enables healthcare facilities to expand because it sup-
ports multiple clinical site distribution through common in-
stallation methods and active system monitoring and remote
management of system updates. The scalable architecture of
the proposed robotic triage system is shown in Figure 4.

Table 3. Operational challenges in RTS deployment and corresponding mitigation strategies.

Challenge Impact Mitigation Strategy
High patient surge System overload Parallel processing
Sensor calibration drift Reduced accuracy Periodic self-calibration
Network dependency Latency Edge computing

User resistance
Maintenance downtime

Low adoption
Service disruption

Training & simulation
Predictive maintenance

?elnsnr Suuel Robotic Interface ll:?isp1ay Units ]
(Optimized for noise, (Minimal congestion
.. ; (Adaptable to ED layouls)
lighting, patient movement) placement)
Real-time dala Real-time data Real-time data
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(Modular, Compact Design)
Interoperability Interoperability Interoperability
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Rapid Patient i Edge Computing Parallel Procelssmg ;
i Data flow {Low-latency, {Handles routine to Data flow
fault-tolerant) F—=] mass casualty volumes) i
Adapiabili Adaplability™ 7O ‘Adaptability
( (-Adilplabilily Adaptability Adaplability
Centralized Remote Standardized
Monitoring Updates Installation

Figure 4. Scalable architecture of the proposed RTS system.

The design of the RTS system, depicted in Figure 5,
enables it to function continuously with minimal interrup-
tions through its built-in self-diagnostic system and its abil-

ity to predict maintenance needs. The system will maintain

operational capability through ongoing sensor calibration
activities and software updates, plus cybersecurity measures.
The healthcare system provides an economical solution that

can be implemented with difficulty in sites that have limited
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resources. The RTS system uses economical sensor technol-
ogy and interchangeable system parts, plus minimal resource
requirements to make its system accessible to more users
while supporting system growth. The implementation of the
RTS system brings total value because its operation impacts
every worker who handles patient needs at the clinic. The use
of automation technology in triage processes creates worries
about potential job losses among healthcare workers. Robots
used for triage purposes do not eliminate jobs because they
shift work duties from one person to another. Nurses and
physicians can dedicate more time to essential clinical work
because RTS decreases their need to handle repetitive ad-
ministrative duties which boosts their work satisfaction and
helps them avoid burnout. A positive work environment
needs clear communication of how the RTS system supports

workers to eliminate their worries.

RTS Deployment

|

Workload Redistribution
Automation of triage &
admin tasks

Benefits
v" Focus on high value
v" Clinical activities
v" Reduced burnout
v' Improved satisfaction
Note: Nurses &
physicians gain time

Employee Concerns
Job loss Fear

Clear Communication
Supportive role emphasis

Positive Environment

|

Successful Integration

Figure 5. A framework of integration of RTS.

Patient perception and patient acceptance both require
equal consideration. Patients show uncertainty about robotic
systems that operate at the point of care during emergency sit-
uations. RTS interface development uses user-centred design
principles which bring forth three essential qualities: clarity,

empathy and accessibility. The system provides voice-guided

instructions and supports multiple languages while designing
interactions to respect different cultures to make patients feel
better and follow medical guidance better. The visible pres-
ence of doctors and nurses who supervise care gives patients
assurance that human decision-making remains crucial for
their treatment process.

Site deployment activities require ethical assessment
because they contain fundamental ethical elements. The
ethical framework becomes vital because RTS systems de-
termine various aspects, which include treatment options
and resource distribution and patient results. The clinical
integration frameworks establish detailed guidelines to man-
age situations when clinical cases become uncertain and
when systems lack reliability and when RTS results conflict
with clinician evaluations. The system needs human over-
ride mechanisms that allow doctors and nurses to maintain
their responsibility for medical decisions. The ethical re-
view boards will evaluate three aspects for patient safety and
complete equity and open operations.

RTS system operation will maintain compliance with
all government rules while following safety regulations and
effectiveness standards and data protection regulations that
apply to the system. The data governance framework defines
data ownership and access control and data retention require-
ments and allows research access to data only for system
enhancements or secondary purposes. Patient privacy protec-
tion uses anonymization and encryption methods to secure
your data. The system uses transparent consent mechanisms
to educate patients about how their data will be used and
stored and what rights they possess. Ethical data governance
assures regulatory compliance while building public trust in
automated healthcare technologies.

Sustainable systems need evaluation plus ongoing en-
hancements to function properly. The system will handle
performance assessment after deployment by measuring two
distinct categories: technical performance and clinical results
and operational workflows and user experience. The system
establishes feedback loops that collect input from clinicians
and administrators and patients to enhance algorithm de-
velopment and interface design and operational procedures.
Beyond classification accuracy, multidimensional evaluation
metrics for RTS are listed in Table 4.
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Table 4. Multidimensional evaluation metrics for real-world RTS performance.

Evaluation Domain

Metric

Description

Clinical outcomes
Workflow efficiency
User acceptance
Reliability
Ethics

Under-triage rate
Time to triage
Clinician satisfaction
System uptime
Bias audit results

Safety indicator
Operational benefit
Adoption readiness

Sustainability
Fairness compliance

The deployment frameworks will assess interoperabil-
ity requirements between multiple hospitals to enable RTS
connections with both regional healthcare systems and pre-

hospital care networks 1.

The continuous care process,
which begins during initial contact and proceeds until ul-
timate treatment, will be supported by RTS output con-
nections to ambulance services and referral centers and
telemedicine systems. The system integration provides ad-
vantages through better situation awareness and resource
distribution and increased overall system resilience.

The Robotic Triage Systems framework will consist of
five essential components which include clinical integration,
human-robot collaboration, infrastructural adaptability, ethi-
cal governance, and long-term sustainability. Emergency sit-
uations require more than technical performance to achieve
successful outcomes in actual field operations. The RTS
system functions within current healthcare systems while
maintaining clinical authority to improve operational effi-
ciency and protect patient rights and enable ongoing system
enhancements. The creation of RTS will establish a new med-
ical technology platform for emergency healthcare delivery
through its development from multiple areas of study.

The RTS consist of a 3-layer multimodal assessment
platform RTS is designed for continuous autonomous opera-
tion in highly crowded environments such as hospital. The
robust architecture of RTS ensures rapid data acquisition and
integration resulting in an immediate acuity classification on

the basis of patient condition.
Data Acquisition Layer (Robotic Interface)

This Involves collection of physiological data of the
patient in a non-contact way. It consists of two subsystems.

1.  Non-Contact Physiological Sensor: The RTS em-
ploys an advanced sensor array to collect vital statistics
of the patient. Remote photoplethysmography (rPPG)
via a high-definition camera array is used to measure.

2. A Nursing Attendant: A nursing attendant whose role

is not to perform concurrent measurements of physio-

55

sion:

1)

logical data alongside the RTS triage systems, but to
support data input and periodic validation. The atten-
dant initially feeds essential patient-specific data such
as age, gender and post-clinical history (if any) into
the system. In addition, conventional medical-grade
equipment is used by nursing attendants to acquire
physiological data on a sample basis, not continuously,
to validate and cross verify readings generated by the
RTS system. This process is part of the validation
protocol described in Section 4 (step 4), ensuring accu-
racy and also identifying and calibration requirements.
The sample frequency is initially defined and can be
varied, for instance, after every 40-50 patients, one
manual reading will be taken concurrently. Thus, man-
ual measurement by a nursing attendant series is to
achieve the purpose of higher accuracy and error free
operation rather than a parallel or redundant process.
The requirements of the autonomous triage system are
that it should be a non-contact type, fast, robust and
should quickly capture vital physiological parameters
at triage station/kiosk. It should have low latency and
high reliability.

The system will consist of sensors and sensor data fu-

Sensor system consisting of a thermal camera for non-
contact measurement of temperature, an RGB (Red,
Green, and Blue) camera for autonomous detection of
patient and distress recognition, optical sensor for mea-
surement of pulse, Doppler sensor for respiration rate,
microphone to detect whoozing, cough or any other
physiological sounds, proximity sensor to start mea-
surement. In the proposed system, sensor fusion is used
to combine information from multiple sensors, such
as cameras, radar, and microphones, to obtain a more
reliable understanding of the surrounding environment.
Each sensor captures a different type of data, which is

first processed individually to extract meaningful fea-
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tures. Image data from the camera is analyzed using a
convolutional neural network (CNN) to detect visual
patterns and objects. A CNN is used for the sensor
fusion process the data acquired by the RTS sensors
by extracting their spatial and few temporal features.
This combines them into a unified representation. For
each sensor input x; like image from camera, spectrum
from microphone is used. Convolutional layers apply

learnable filters W to generate feature maps:

Fi=oWi+xi+ 4) 1
Frused = [F1, F2, F3y -y Fyl @)
Yy = f(]:fused) 3)
Where:
X represents input data from i sensor.

W represents the learnable convolution filters applied
to that input to extract relevant feature.

1 18 the bias associated with the convolution operation.
o is the nonlinear activation function.
F; is the feature map extracted from the i sensor.
Frusea 18 the concatenated vector combining feature
map of all sensor.
y denotes the final output of model.
Radar signals are processed to estimate distance and
motion characteristics, and audio signals from micro-
phones are converted into spectrogram features for
sound analysis. These initial processing tasks and
feature extraction operations are accelerated using an
FPGA, which enables parallel and low-latency process-
ing of high-volume sensor data. After feature extrac-
tion, the outputs from all sensors are combined using a
feature-level fusion approach, where the feature vec-
tors are merged into a unified representation and passed
through neural network layers for final classification
or decision making. By leveraging FPGA-based hard-
ware acceleration together with multimodal Al process-
ing, the system achieves faster computation, improved
energy efficiency, and more reliable real-time perfor-
mance!!3:14],
Microcontroller-based computation system. A micro-
controller for sensor interfacing, a user interface, a dis-
play, a voice-activated input system with a preferred
algorithm to detect the severity level, distress level, etc.
of the patient.

Figure 6 depicts the building block diagram of the
automatic triage system.

Figure 6. Block diagram of automatic triage system.

4. Experimental Setup and Validation

The proposed autonomous triage system was tested and
validated in a controlled simulated environment to closely
match the emergency department triage area. The setup
consisted of a stimulated triage section within the institu-
tion’s healthcare facilities, where a room was configured
to closely match emergency department conditions, such as
triage furniture and equipment, etc. Participants were few
healthy volunteers who were mimicking various trial sce-
narios, simulated patients showing symptoms with common
ED alignments and clinical staff consisting of an emergency
physician and a nursing attendant. The whole set up consisted
of several sensor, such as thermal camera for non-contact
temperature estimation, rPPG based optical sensor for heart
rate*) and SpO2 (Peripheral Capillary Oxygen Saturation)
levels, for respiration rate*!) mm wave radar sensor?!, fa-
cial detection camera module!*?] for detecting distress in
patient, microcontroller-based data position and processing
system for data acquired using sensor and a backend triage
algorithm with autonomous decision support43].

All sensors were mounted on a single triage system,
which is suitably positioned around 1 to 1.5 m from the pa-
tient for optimal non-contact measurement of physiological
data.

Data collection protocol: Each patient was subjected
to an autonomous triage system for 2—4 min. The protocol

was as follows:
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e Step 1: The system automatically detects patient and
starts initial sensing of parameters.

*  Step 2: Sensor captures temperature, heart rate, SpO2,
respiration rate, etc. of the patient.

* Step 3: Patient can also add additional symptoms
through a voice-activated input system.

*  Step 4: A trained nursing attendant also records these
parameters using medical grade equipment such as ther-
mometer, pulse oximeter, blood pressure monitoring

equipment, pulse counter, etc.

The experimental setup for the robotic triage system
involves several components: data acquisition from multi-
ple sensor modalities (such as cameras, electrocardiogram
(ECG) sensors, and thermal sensors), data processing, Al

decision-making, and robotic actuation. The setup is divided

into four key stages:

1.  Data Acquisition: Raw data is collected from the
robotic interface.

2. Preprocessing and Filtering: Sensor data is cleaned
using signal processing algorithms.

3. Decision-Making: embedded controller, process the
data for triage classification.

4. Actuation: The robot takes action based on the triage

decision.

To illustrate this process, Figure 7 provides a flow di-
agram of the four-stage process. In our experiments, we

observed the following metrics:

*  Accuracy of triage classification: 92.5%.
*  Average response time: 180 s.
*  Energy consumption: 150 W.

Physiological data
acquired form

Patient Detected
Proximity sensor

=

conventional

methods
Output

Acquired

. : Physiological Report
+ Thermal Initial sensing data Data
R camera of Pa.rr.:tmeters analysis
initiated
Detected
Camera -
modules il

v

bl Microphone

validation

Temperature
sensor
Heart rate PhVSiolo.gi.c.?::I data
sensor acquisition
initiated

SPO2 sensor

Patient Respiration

rate sensor

Figure 7. Flow diagram of RTS.

To validate the system, evaluation is done by mean
absolute error between physiological parameters, that is tem-
perature, heart rate, respiration rate, SpO2, etc. #4431,

A correction coefficient between that automated and clin-

ical result also helps to establish thte validity of the proposed

system. Further classification accuracy, sensitivity, response
time, users’ satisfaction etc are also considered. However,
all validations were done in a simulated environment, not
in a live ED on a real patient. Table 5 lists the performance

parameters of the conventional human-led triage system.
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Table 5. Performance parameters of the conventional human-led triage system.

S.N. Parameter Parameter of Conventional System

1. Accuracy Conventional triage methods are less accurate and are prone to human led errors. The literature review indicates
human-led triage accuracy between 75% to 85% 121,

2. Response time Conventional human-led triage system has inherent delays, due to manual intervention and this increases in case
of emergencies like accidents or sudden increase in rush of patients. Conventional systems are slower by
between range 60 to 75%.

3. Error rate The error rate in a conventional system ranges between 15% to 25%.

4. Latency The conventional systems are 60 to 70% slower.

5. Power consumption Power requirements are very low or minimal in the case of conventional systems.

5. Results and Discussions

This section gives a detailed quantitative analysis of
the results obtained after validation of RTS. The results focus
on three areas: accuracy, sensitivity to high acuity cases, and
operational efficiency measured in terms of latency or time
to triage. The retrospective validation of RTS is done against
the established results derived from expert clinical consensus.
Here, clinical expert consensus refers to the facts established
through agreement among qualified medical professionals.
In the presented work, the consensus was formed by a panel
of three experienced emergency physicians who indepen-
dently reviewed patient data, indicating vital signs and other
clinical indicators. Any discrepancies in their assessment
were resolved through discussion among them until agree-
ment was reached. This structured approach ensures that
the reference values used for model validation are reliable,
clinically relevant, and reflective of real-world diagnostic

and clinical scenarios.

Performance Metrics Overview

The developed RTS system was evaluated across the
five-level emergency severity index (ESI) scale (Figure 2). A
structured dataset was generated in a simulated environment
using an FPGA. This dataset is entirely from a simulated en-
vironment with healthy volunteers, as already discussed in
Section 4. FPGAs are highly suitable for storing and process-
ing large, structured datasets (N > 10,000) due to their high-
speed, on-chip memory resources (Block Random Access
Memory, Block RAM/BRAM), allowing them to outperform

central processing units (CPUs) in applications like matrix
multiplication, key-value stores, and machine learning. For
storing data points, FPGAs utilize several on-chip resources
with a 32 Bit width configuration. An M9K block can store
256 elements, depending on the data type. Data can be stored
directly within look-up tables (LUTs) or registers. Matrix op-
erations are 10,000 x 10,000 single precision matrix, FPGA
implementation is approximately 2.2 times faster and 5 times

more energy-efficient than a complete processor core!!317],

The RTS was evaluated for overall classification accuracy 46,
defined as the proportion of correctly assigned ESI Levels
across the entire validation dataset (N = 10,000). Although
the model was validated on a dataset of N = 10,000, samples
generated in a simulated environment, its generalizability to
a real patient population requires careful consideration. Sim-
ulated data may not fully capture all the variabilities, such as
noise, patient movement, and other unpredictability that are
present in a real clinical environment. There are a number
of parameters present in the real-world clinical settings, such
as patient physiology, sensor placement and environmental
conditions. To improve the generalization presented to vali-
date the model presented in the paper, the RTS model should
be further trained and tested on real patient data and diverse
clinical scenarios. Techniques such as dynamic adaptation
and real-time calibration can help bridge this gap, ensuring
that the system performs reliably and safely when deployed
in real-world healthcare scenarios. Table 6 lists the overall
performance metrics for the RTS system.

The RTS achieved an overall classification accuracy of
92.5%.

Table 6. Overall performance metrics for RTS.

Metric Value Interpretation

Opverall accuracy 92.5% Proportion of all patients correctly triaged by RTS to the ESI level

Precision (Macro Avg.) 0.91 Measure of relevant results low false positive rate

Recall (Macro Avg.) 0.93 Measure of how many actual positives were correctly identified, i.e., low false negative rate
F-1 score (Macro Avg.) 0.92 Harmonic mean of precision and recall

Area under ROC curve (AUC) 0.97 Excellent discrimination between acuity levels
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To check the consistency, accuracy and reliability of
the RTS system and avoid under triage, a detailed analysis
of models performance on the higher acuity groups*’! (ESI
level 1 & 2) was conducted.

The combined sensitivity for correctly identifying pa-
tients of ESI <2 was 98.1% this depicts that out of every 100
truly critical patients, the RTS correctly identified 98 out of

them.

Figure 8 shows the confusion matrix for the RTS, high-
lighting the distribution of misclassifications. The misclassifi-
cations predominantly occurred between adjacent ESI levels
of ESI 3 and ESI 4 rather than across far-off levels like ESI 1
and ESI 513511 The rate of under triage of RTS for classify-
ing a patient as ESI 3 or lower, where the patient is actually
from level ESI 2 or lower, was less than 1.9%. This confirms
the RTS’s robust safety profile for high acuity patients.

Figure 8. Confusion matrix of RTS performance across ESI levels 1-5, showing high sensitivity for critical patients and misclassifications

mainly between adjacent middle levels.

The operational efficiency of RTS was an average of
180 s, approximately 3 min, whereas the human-led triage
averaged to 598 s, 9.97 min/patent. This represents 70.07%
reduced time to triage achieved by the RTS, the same is
depicted in Figure 9.

Time to Triage (sec)
700
598

600
500
400
300

200 180

100

RTS Human-led

Figure 9. Comparison of average triage time for RTS and human-
led triage, with RTS achieving a 70.07% reduction in time.
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The prior study indicates human-led triage accuracy be-
tween the range 75% to 85%. The RTS accuracy of 92.5% in
significantly higher than human-led triage system, as shown
in Figure 10.

100.00% 92.50%

80%
80.00%

60.00%

40.00%

20.00%

0.00%

RTS Human-led

Figure 10. Comparison of RTS accuracy (92.5%) with the reported
75-85% accuracy range of human-led triage.

The key advantage of RTS is consistency, accuracy,
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robustness and low latency.

6. Future work

In future, the RTS can be improved by expended sens-
ing capabilities by using more advanced sensors like a gait
sensor etc. Finally, the goal of RTS is not only for the re-
placement of human triage systems from hospitals but as
an indispensable and reliable system that will fundamen-
tally improve the reliability, efficiency and safety of medical

services.

7. Conclusions

In the present work, a model of RTS was presented. The
RTS was successfully developed and validated. It showed
that it outperforms the conventional manual triage system in
terms of speed, accuracy and performance. By using non-
contact sensors and advanced computational methods, the
RTS was able to effectively address the shortcomings of
human-led triage systems. The RTS represents a major step
in bridging the gap in emergency assessment. Making the
triage more data-driven, reliable, objective and scalable. De-
spite promising results, the current validation is based on
retrospective data sets. Therefore, the proposed system has
to undergo prospective relative clinical trials for assessing
its efficiency and seamless integration into the system of
hospitals.
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