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Abstract

Autonomous mobile humanoid robots represent the transformative solution to healthcare's dual crises
of nursing shortages and infection control demands. This paper presents an integrated autonomous mobile
robotic system for vital signs surveillance and automated healthcare assistance in smart hospital environments.
Unlike existing healthcare robotic solutions that primarily focus on isolated functionalities such as navigation,
physiological sensing, or communication, the proposed framework combines autonomous navigation, RFID-
based patient identification, physiological monitoring, real-time healthcare communication, emergency alert
generation, and electronic health record (EHR) synchronization within a unified Robot Operating System (ROS)-
based architecture. The proposed system incorporates a Raspberry Pi 4 and Arduino Mega control architecture
integrated with LiDAR, IMU, RFID, temperature, and pulse oximetry sensors to enable autonomous patient
localization, identification, and contactless acquisition of body temperature, heart rate, and oxygen saturation
(Sp0,). Autonomous navigation is achieved through SLAM, sensor fusion, and ROS navigation frameworks, while
wireless communication enables real-time transmission of healthcare information to a centralized monitoring
server. An intelligent alert generation mechanism continuously evaluates physiological measurements against
predefined clinical thresholds and automatically notifies healthcare personnel when abnormal conditions are
detected. The obtained results validate the effectiveness of the proposed system for intelligent patient
surveillance, continuous remote healthcare monitoring, and rapid clinical decision support, thereby contributing
toward safer, more efficient, and human-centered smart healthcare environments.

Keywords: Autonomous Mobile Robot, Healthcare Robotics, ROS, RFID Patient Identification, Vital Signs
Monitoring, Sensor Fusion, LiDAR Navigation, Electronic Health Records, Emergency Alert System, Smart
Healthcare.

. INTRODUCTION

Autonomous mobile robots have gained popularity in recent years due to their adaptability and potential
applications used in today's world. The capacity of an independent versatile robot to explore an environment
without any outside direction, such as physical or electro-mechanical direction expanded its potential. The
early independent route frameworks utilized two-dimensional sensors, such as laser rangefinders, to explore
without human intercession. For an independent portable to perform its errands, a huge number of natural
sensors are required. These sensors are either joined to the robot or work as outside sensors. [1-2].
Everything became more challenging amid widespread scenarios, including overseeing waste and having
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face-to-face intuitive with patients. Figure 1 shows the structure of an autonomous mobile robot. By
analyzing the feasibility and challenges encountered during the deployment of the autonomous mobile robot
(AMR), this study provides valuable insights and recommendations for the continued development,
optimization, and adoption of autonomous robotic systems in healthcare environments. The increasing
demand for resilient and contactless healthcare solutions, particularly highlighted during the COVID-19 crisis,
has accelerated the integration of autonomous robotic systems within clinical environments. Such systems
play a crucial role in reducing direct human interaction, supporting patient care in isolation scenarios, and
enhancing operational safety and efficiency in hospitals [1]. Recent developments in robotic communication
and control, including the use of visible light-based systems, have further improved the reliability and
precision of autonomous mobile platforms operating in complex indoor healthcare settings [2].

At the same time, the expansion of telemedicine has enabled continuous patient monitoring and remote
clinical decision-making, reducing the need for physical presence while maintaining care quality [3]. The
incorporation of IoT-enabled sensing technologies, particularly RFID-based solutions, facilitates real-time
tracking of patients, medical assets, and vital parameters, thereby strengthening data-driven healthcare
management systems [4]. Moreover, research on multi-robot coordination and scheduling has demonstrated
significant improvements in hospital logistics, ensuring efficient and timely delivery of medicines and
essential supplies [5].

In this evolving technological landscape, the convergence of autonomous robotics, intelligent sensing, and
advanced communication frameworks is paving the way for next-generation smart healthcare systems. These
systems are expected to operate with increased autonomy, adaptability, and minimal human intervention. In
this context, the proposed integrated autonomous mobile robotic system is designed to enable continuous
vital signs surveillance alongside automated pharmacy services, contributing to safer, more efficient, and
human-centric healthcare facilities aligned with modern smart hospital requirements.

Il. LITERATURE REVIEW

The adoption of autonomous robotic systems in healthcare has accelerated significantly, particularly in
response to the operational constraints highlighted during the COVID-19 pandemic. Robotic assistance has
been widely explored as a means to reduce direct human interaction while maintaining continuity in patient
care. Systems designed for isolated patient support have demonstrated the ability to minimize infection risks,
enhance safety for healthcare personnel, and ensure uninterrupted service delivery in high-risk
environments [1]. These developments have laid the groundwork for contactless and automated healthcare
solutions.

Communication technologies play a crucial role in enabling reliable operation of autonomous robots within
hospital settings. Advanced frameworks utilizing visible light communication have been proposed to improve
the precision and robustness of robot control in indoor environments. Such approaches offer advantages over
conventional wireless systems by reducing signal interference and enhancing localization accuracy, which is
essential for coordinated robotic operations in complex healthcare infrastructures [2]. These improvements
contribute to more dependable navigation and task execution.

Parallel to robotic advancements, telemedicine has emerged as a transformative component of modern
healthcare systems. Remote consultation and monitoring capabilities enable continuous patient supervision
without requiring physical presence, thereby improving accessibility and reducing system burden [3]. When
integrated with robotic platforms, telemedicine facilitates real-time data exchange and remote intervention,
forming a comprehensive framework for intelligent healthcare delivery.

The heart rate data suggest that a conversation between a robot and a patient can reduce stress. The results
show that verbal interactions have a greater impact on trust than gestural ones [22]. Creating a medical aid
solution that provides a variety of non-invasive diagnoses performed by an autonomous robot whose
mobility can also be controlled manually via a mobile application or voice command [23, 24]. Real-time visual
feedback on the outcomes of actions could be used in future safety-critical human-robot interactions,
including remote patient examinations. The transfer of human capabilities to robots is a pressing concern for
human-cyber robotic systems. The fundamental problem for a mobile medical rescue robot is how to safely
transport patients or medical supplies, especially in confined spaces [25-27]. In hospitals, the robot must
perform challenging tasks both indoors and outdoors, in addition to some extensive assembly work [28].
Using optical navigation, multi-arm robotic maxillofacial surgery is being introduced as an alternative to
conventional manual surgery [29]. There are excellent applications for robotic orthopedic surgery, and the
accuracy of the robot is critical to the success of the procedure [30, 31]. It was noted that there is a need to
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support increasing workloads, including inventory monitoring, waste disposal, meal and medication delivery,
and emergency communications, including patient emergency communications and medical staff emergency
communications [32]. The safety rules for navigation must be followed by both humans and robots working
in the same space [33].

The integration of Internet of Things (IoT) technologies has further strengthened the functionality of
healthcare systems. RFID-based sensing mechanisms enable efficient tracking of patients, medical equipment,
and pharmaceuticals, providing real-time visibility into hospital operations [4], [15]. These systems enhance
data acquisition and support automated decision-making processes. Furthermore, advancements in RFID
sensor design have improved sensitivity and scalability, making them suitable for large-scale healthcare
deployments [16]. Secure communication protocols have also been developed to address privacy concerns,
ensuring that sensitive medical data is protected within interconnected environments [17].

Efficient logistics management remains a critical aspect of hospital operations, where autonomous robots
have shown considerable potential. Multi-robot scheduling techniques have been investigated to optimize
task allocation and reduce delivery delays, particularly in environments with high demand for timely service
[5]- Advanced optimization strategies for automated drug dispensing systems have further improved order
picking efficiency and resource utilization, highlighting the importance of intelligent coordination between
robotic agents and human operators [10], [11]. These approaches contribute to streamlined workflows and
enhanced service reliability.

Fundamental research in mobile robot control has provided the theoretical basis for autonomous
navigation in healthcare environments. Control strategies for non-linear robotic systems have enabled stable
path-following and precise motion control, which are essential for safe operation in dynamic and constrained
spaces [6]. Building on these principles, practical implementations have incorporated localization techniques
based on signal strength and sensor fusion, enabling robots to accurately identify patient locations and
deliver targeted services [19].

Automated medicine dispensing systems have evolved as a key component of smart healthcare
infrastructure. Early designs focused on reducing human error and improving medication management
through automated dispensing units [7]. Subsequent developments introduced integrated reminder systems
to enhance patient adherence to prescribed treatments [8]. Scalable and remotely manageable dispensing
platforms have also been proposed, enabling centralized control and monitoring of medication distribution
processes [9].

Recent research has increasingly focused on combining dispensing systems with mobile robotic platforms.
Autonomous dispensing robots capable of delivering medications directly to patients have been developed,
demonstrating improved efficiency and reduced dependency on manual intervention [12], [14]. [oT-enabled
semi-autonomous robots with obstacle detection capabilities have further enhanced safety and adaptability
in real-world hospital environments [13]. These systems represent a significant step toward fully automated
pharmacy services.

The safety and operational efficiency of robotic dispensing systems have been systematically evaluated,
with findings indicating a reduction in medication errors and improvements in workflow performance [18].
Such systems not only enhance accuracy but also contribute to better resource management within hospital
pharmacies. Additionally, RFID-based health monitoring systems have been proposed to enable continuous
tracking of patient conditions, further supporting real-time healthcare delivery [20].

Despite substantial progress, several challenges remain in achieving fully integrated healthcare robotic
systems. Issues related to interoperability between heterogeneous subsystems, real-time data
synchronization, and robust operation in dynamic environments continue to require further investigation.
Moreover, the seamless integration of vital signs monitoring, robotic navigation, and automated dispensing
into a unified platform presents significant technical complexities.

Overall, the existing body of research demonstrates a clear trajectory toward intelligent, automated
healthcare systems driven by the convergence of robotics, IoT, and advanced communication technologies.
While individual components have been extensively studied and validated, there remains a critical need for a
holistic solution that integrates these functionalities into a single cohesive system. Addressing this gap, the
proposed work focuses on the development of an integrated autonomous mobile robotic system capable of
performing both vital signs surveillance and automated pharmacy services, thereby advancing the realization
of efficient, safe, and human-centric smart healthcare environments.
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lll. METHODOLOGY

The proposed Integrated Autonomous Mobile Robotic System for Vital Signs Surveillance and Automated
Pharmacy Services in Healthcare Facilities is designed to provide contactless patient monitoring and intelligent
healthcare data management. The system integrates autonomous navigation, physiological sensing, wireless
communication, emergency alert generation, and electronic health record synchronization into a unified
healthcare framework. The methodology is organized into four major modules: Autonomous Patient Monitoring,
Healthcare Communication and Vital Signs Upload, Emergency Alert Generation and Clinical Decision Support, and
Electronic Health Record Management and Data Synchronization.

Figure 1 illustrates the complete hardware architecture and subsystem integration of the proposed
Integrated Autonomous Mobile Robotic System for Vital Signs Surveillance and Healthcare Assistance. The
system consists of seven major subsystems: navigation and localization, patient identification, vital signs
monitoring, main control, secondary control, motor driving, and power management. The operational
workflow begins with the navigation and localization subsystem, where LiDAR (RPLiDAR A2) and IMU
(MPU6050) sensors continuously collect environmental and orientation data to support autonomous
navigation and localization within healthcare facilities. Simultaneously, the patient identification subsystem
employs an MFRC522 RFID reader and patient-specific RFID tags to authenticate patient identity before
initiating physiological monitoring. Following successful verification, the vital signs monitoring subsystem
acquires body temperature, heart rate, and blood oxygen saturation (SpO.) using integrated biomedical
sensors, including the MAX30205/MLX90614 temperature sensor and MAX30102 pulse oximeter sensor. The
acquired physiological data, along with localization and identification information, are transmitted to the
Raspberry Pi 4-based main controller, which performs sensor fusion, navigation computation, healthcare data
processing, communication management, and server synchronization. To reduce computational load on the
main controller, an Arduino Mega is incorporated as a secondary controller responsible for low-level sensor
interfacing, encoder processing, and actuator management. Motion control is achieved through a motor
driving subsystem consisting of an L298N motor driver, differential-drive DC motors, and wheel encoders,
enabling precise movement and trajectory tracking. The entire robotic platform is powered through a
dedicated power management subsystem comprising a lithium-ion battery pack, battery management system
(BMS), DC-DC voltage converters, and regulated power distribution circuits. Through the integration of
sensing, control, communication, and monitoring modules, the proposed system enables autonomous patient
localization, physiological data acquisition, real-time healthcare monitoring, and intelligent healthcare service
delivery in smart hospital environments. This architecture provides a scalable and reliable framework for
reducing healthcare workload while improving patient monitoring efficiency and operational safety.
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Fig. 1. Detailed architecture of the integrated autonomous mobile robot for vital signal surveillance

A. Autonomous Patient Monitoring Module

The Autonomous Patient Monitoring Module forms the first operational stage of the proposed healthcare
robotic framework. This module is responsible for receiving monitoring requests, autonomously reaching the
designated patient location, verifying patient identity, acquiring physiological parameters, and validating
sensor measurements before further processing. The primary objective of this module is to reduce manual
monitoring efforts while enabling continuous and reliable patient surveillance.
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The monitoring process begins when the healthcare management server generates a monitoring request
containing the patient identification number and bed location. The request is transmitted to the autonomous
mobile robot through the wireless communication infrastructure. Upon receiving the request, the robot
activates its navigation controller and retrieves the target location from the hospital database. The
autonomous navigation subsystem then computes the optimal route toward the assigned patient location
while considering environmental constraints and dynamic obstacles commonly encountered in hospital
environments.

Upon arrival at the patient location, the robot initiates an identification procedure to ensure that
physiological measurements are associated with the correct patient. Patient verification is performed using
an RFID-based identification mechanism. Each patient is assigned a unique RFID tag containing identification
information linked to the hospital database. The RFID reader integrated into the robotic platform scans the
tag and validates the patient identity before monitoring activities commence.

After successful identification, the robot acquires physiological parameters using integrated biomedical
sensing devices. The selected parameters include body temperature, heart rate, and blood oxygen saturation
(Sp03), which are widely recognized as essential indicators of patient health status.

Upon arrival at the patient location, the robot initiates an identification procedure to ensure that
physiological measurements are associated with the correct patient. Patient verification is performed using
an RFID-based identification mechanism. Each patient is assigned a unique RFID tag containing identification
information linked to the hospital database. The RFID reader integrated into the robotic platform scans the
tag and validates the patient identity before monitoring activities commence.

After successful identification, the robot acquires physiological parameters using integrated biomedical
sensing devices. The selected parameters include body temperature, heart rate, and blood oxygen saturation
(Sp03), which are widely recognized as essential indicators of patient health status.

The physiological dataset is represented as
Vp={T, HR, Sp02}
Where;
e T =Body temperature
e HR =Heartrate
e  Sp02=0Oxygen saturation

The collected sensor readings undergo a validation process to eliminate erroneous measurements and

transient fluctuations caused by environmental noise or sensor inaccuracies. Threshold-based filtering
techniques are employed to verify the consistency and reliability of the acquired data. Only validated
measurements are accepted for subsequent transmission and clinical evaluation.
The autonomous patient monitoring module significantly enhances healthcare service delivery by enabling
continuous and contactless monitoring. Furthermore, the automation of physiological data acquisition
improves measurement consistency, minimizes human recording errors, and supports rapid healthcare
decision-making.

B. Healthcare Communication and Vital Signs Upload Module

The Healthcare Communication and Vital Signs Upload Module serves as the communication backbone of the
proposed robotic system. This module facilitates real-time information exchange between the autonomous
mobile robot and the centralized healthcare management server. Reliable communication is essential for
transmitting patient physiological information, receiving monitoring requests, and maintaining synchronized
healthcare records.

Following the validation of physiological measurements, the robot packages the acquired data into a
structured healthcare data packet. The packet contains patient identification information, vital signs
measurements, timestamps, and operational metadata required for healthcare record management.

The transmitted data packet is expressed as
Dt = {PID, T, HR, Sp02, t}
Where;
PID = Patient Identification Number
T = Body temperature
HR = Heart rate
Sp02 = Blood oxygen saturation
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Once the data packet is generated, the communication module establishes a secure wireless connection
with the healthcare server. The communication framework supports bidirectional information exchange,
allowing the robot to upload physiological measurements while simultaneously receiving operational
instructions from the monitoring center.

After establishing communication, the robot uploads the packaged physiological information to the
healthcare database. The server acknowledges successful reception of the data and confirms transmission
completion. This confirmation mechanism ensures communication reliability and prevents information loss
during transmission.

The communication infrastructure enables healthcare personnel to remotely access patient information
through a centralized monitoring dashboard. Real-time visualization of physiological measurements allows
clinicians to assess patient conditions without requiring physical presence. This capability is particularly
beneficial in high-dependency wards, infectious disease units, and large healthcare facilities where
continuous monitoring is necessary.

Furthermore, communication reliability is enhanced through packet verification procedures and
transmission confirmation protocols. These mechanisms ensure that physiological data are accurately
delivered to the server without corruption or duplication. The communication module also supports future
integration with cloud-based healthcare platforms, enabling large-scale patient monitoring and remote
healthcare services.

The implementation of a robust communication framework contributes significantly to healthcare
efficiency by enabling continuous data exchange between robotic systems and healthcare professionals. As a
result, patient conditions can be monitored in real time while reducing delays associated with manual data
collection and reporting procedures.

C. Emergency Alert Generation and Clinical Support Module

The Emergency Alert Generation and Clinical Decision Support Module is responsible for evaluating patient
physiological conditions and identifying abnormal health situations that require immediate clinical attention.
This module enhances patient safety by enabling rapid detection of critical physiological events and
automatically notifying healthcare personnel.

Following successful data transmission, the uploaded physiological parameters are compared against
predefined clinical threshold values established according to healthcare guidelines. The comparison process
allows the system to distinguish between normal and abnormal physiological conditions.

The alert generation condition is defined as
Ae={1’ Vp > Vth
0, otherwise
Where;
e Ac=Alertstatus
e V,=Measured biological data
e Vi = Clinical Threshold value

If the acquired measurements exceed or fall below predefined limits, the system classifies the
patient's condition as abnormal. Examples include elevated body temperature, irregular heart rate, or
reduced oxygen saturation levels. Upon detecting such conditions, the emergency alert subsystem
automatically generates an alert notification.

The generated alert contains critical information including patient identification, measured
physiological values, timestamp, and alert severity level. The notification is transmitted immediately to the
healthcare monitoring dashboard and made available to medical personnel for rapid intervention.

The alert management framework supports multiple alert categories, including warning-level
notifications and critical emergency notifications. Warning alerts indicate early physiological deviations that
require observation, whereas critical alerts indicate potentially life-threatening conditions requiring
immediate medical response.

In addition to alert generation, the module supports clinical decision-making by providing healthcare
professionals with real-time physiological trends. Historical monitoring data can be analyzed to identify
patient deterioration patterns and support preventive medical interventions. This capability contributes to
improved patient outcomes through proactive healthcare management.

The integration of automated alert generation significantly reduces response times compared with
conventional manual monitoring procedures. Furthermore, continuous surveillance ensures that abnormal
physiological conditions are detected even when healthcare personnel are occupied with other clinical
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responsibilities. Consequently, the proposed system enhances patient safety, improves clinical efficiency, and
supports intelligent healthcare decision-making within smart hospital environments.

D. Electronic Health Record Management and Data Synchronization Module

The Electronic Health Record (EHR) Management and Data Synchronization Module constitutes the final
stage of the proposed healthcare robotic framework. This module is responsible for maintaining accurate
patient records, updating healthcare databases, and ensuring continuous synchronization of clinical
information across healthcare systems.

Following physiological data analysis and alert generation, the robotic platform updates the patient's
electronic health record with newly acquired information. The updated record includes physiological
measurements, monitoring timestamps, alert notifications, and operational logs associated with the
monitoring session.

The record updating process can be represented as
Ru=Rp+ Dn
Where;
e Ru=Updated patient record
e R, = Existing patient record
e Dy = Newly acquired healthcare information

The update mechanism ensures that healthcare professionals have immediate access to current
patient information. By maintaining a continuously updated electronic record, the system eliminates delays
associated with manual documentation and improves overall healthcare efficiency.

Data synchronization plays a critical role in ensuring consistency between the robotic platform and
the central healthcare database. Whenever new patient information is generated, synchronization procedures
automatically update all connected healthcare systems. This process prevents discrepancies between local
and centralized records and ensures that clinicians access the most recent patient information.

The synchronization framework also supports historical data storage and long-term patient
monitoring. Continuous accumulation of physiological measurements enables trend analysis, disease
progression monitoring, and predictive healthcare analytics. Such capabilities support evidence-based clinical
decision-making and improve treatment planning.

To maintain data integrity and confidentiality, secure synchronization protocols are employed during
information exchange. Authentication mechanisms verify authorized access, while encrypted communication
channels protect sensitive healthcare information from unauthorized disclosure. These security measures
ensure compliance with healthcare data protection requirements.

The implementation of automated electronic health record management offers several advantages
over conventional manual record-keeping approaches. These include reduced documentation errors,
improved data accessibility, enhanced record consistency, and greater operational efficiency. Furthermore,
automated synchronization minimizes administrative workload, allowing healthcare personnel to focus on
patient care activities.

Overall, the Electronic Health Record Management and Data Synchronization Module establishes a
comprehensive healthcare information management framework that supports continuous patient
monitoring, real-time clinical decision-making, and intelligent healthcare service delivery within modern
smart hospital environments.

IV. SYSTEM IMPLEMENTATION

A. Hardwgqre Architecture and Mobile Robotic Platform
The proposed healthcare monitoring system was implemented using an autonomous mobile robotic platform
designed to perform patient monitoring operations within indoor healthcare environments. The hardware
architecture consists of a differential-drive mobile robot integrated with sensing, processing, communication,
and identification modules. The primary objective of the hardware subsystem is to provide reliable
autonomous mobility while supporting physiological data acquisition and patient identification.

The robotic platform utilizes a Raspberry Pi 4 as the central processing unit responsible for
coordinating navigation, sensing, communication, and data processing tasks. An Arduino Mega is employed as
a secondary controller to manage low-level motor control and sensor interfacing operations. The motion
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subsystem consists of two DC geared motors, wheel encoders, motor drivers, and a rechargeable lithium-ion
battery pack.

Environmental perception is achieved using a LiDAR sensor and an Inertial Measurement Unit (IMU).
The LiDAR continuously scans the surrounding environment to identify obstacles and generate spatial
information required for autonomous navigation. The IMU provides orientation and motion data that
improve localization accuracy through sensor fusion techniques. Similar combinations of LiDAR and inertial
sensing have demonstrated reliable navigation performance in autonomous hospital service robots and
logistics platforms [2], [5], [19].

The patient identification subsystem is implemented using an RFID reader and RFID tags assigned to
individual patients. RFID technology has become increasingly important in healthcare applications because it
enables rapid and reliable patient identification while minimizing human error [4], [15], [16]. Upon arrival at
a designated patient location, the RFID reader retrieves the patient identification information and verifies it
against the centralized healthcare database.

Physiological monitoring is performed using biomedical sensors capable of measuring body
temperature, heart rate, and blood oxygen saturation. The MAX30102 pulse oximeter sensor is employed for
heart rate and SpO, measurements, while a non-contact temperature sensor is used to acquire body
temperature data. The acquired measurements are processed locally before transmission to the healthcare
server.

The integration of autonomous mobility, patient identification, and physiological sensing establishes
a comprehensive robotic platform capable of supporting continuous healthcare monitoring in smart hospital
environments.

B. Software Architecture and Autonomous Navigation Framework

The software architecture of the proposed system was developed using the Robot Operating System (ROS)
framework, which provides a modular environment for sensor integration, navigation, communication, and
data processing. ROS facilitates interoperability between hardware modules and simplifies the
implementation of autonomous robotic functionalities.

The navigation framework consists of simultaneous localization and mapping (SLAM), localization,
path planning, and obstacle avoidance modules. Environmental mapping is performed using LiDAR and IMU
data to generate a two-dimensional occupancy grid map of the healthcare facility. The generated map serves
as the reference environment for navigation and localization processes.

Localization algorithms continuously estimate the robot position within the mapped environment by
combining LiDAR observations and inertial measurements. Sensor fusion methods have been shown to
improve localization robustness and navigation accuracy in autonomous mobile robots operating in dynamic
indoor environments [2], [6].

Following localization, the ROS navigation stack computes an optimal route between the robot's
current position and the designated patient location. The navigation framework incorporates both global and
local planning algorithms. The global planner determines the shortest feasible route, whereas the local
planner dynamically adjusts robot movement according to environmental changes.

Table.1. presents the software architecture and development framework employed in the proposed
healthcare robotic system. The implementation was developed using the Ubuntu 20.04 operating system and
the ROS Noetic middleware, which provided a modular platform for integrating navigation, sensing,
communication, and healthcare monitoring functionalities.

Table. 1. SOFTWARE COMPONENTS AND FUNCTIONALITIES

Software Component | Tool/Framework Function

Operating System Ubuntu 20.04 System platform

Middleware ROS Noetic Robot communication and control
Mapping Hector SLAM Environment mapping

Localization AMCL Robot position estimation

Navigation ROS Navigation Stack Path planning and obstacle avoidance
Database MySQL/Firebase Patient data storage

Programming Language | Python/C++ Algorithm implementation
Visualization RViz Real-time robot monitoring
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Dashboard | Node-RED/Web Interface | Healthcare monitoring interface |

Obstacle avoidance is achieved through real-time LiDAR scanning and local costmap generation. Detected
obstacles are continuously incorporated into the navigation framework, allowing the robot to modify its
trajectory and avoid collisions. This capability is particularly important in healthcare facilities where patients,
medical staff, and equipment frequently move throughout the environment.

The integration of localization, mapping, path planning, and obstacle avoidance modules enables safe
and reliable autonomous operation within hospital settings.

C. Healthcare Monitoring and Communication Infrastructure

The healthcare monitoring subsystem facilitates physiological data acquisition and real-time
communication between the robotic platform and the centralized healthcare server. This subsystem forms
the communication backbone of the proposed healthcare monitoring framework.

After patient verification, the physiological sensing subsystem acquires body temperature, heart rate,
and blood oxygen saturation measurements.

To ensure measurement reliability, multiple sensor readings are collected and validated before
transmission. The validated data are subsequently packaged into a structured healthcare information packet
containing patient identification information, physiological parameters, and monitoring timestamps.

Wireless communication is established using a Wi-Fi-based infrastructure that enables secure data
exchange between the robot and the healthcare server. IoT-enabled communication frameworks have
demonstrated significant effectiveness in healthcare monitoring applications by supporting real-time data
accessibility and remote supervision [15], [17], [20].

The transmitted data packet is expressed as

Di={PID, T, HR, Sp02, t}

where (PID) denotes patient identification and (t) represents the monitoring timestamp.

Table. 2. presents the physiological parameters monitored by the proposed autonomous healthcare robotic
system along with the corresponding sensing devices, normal operating ranges, and measurement units.

Table. 2. PHYSIOLOGICAL PARAMETERS MONITORED BY THE SYSTEM

Parameter Sensor Used Normal Range | Unit
Body Temperature MLX90614 36.5-37.5 °C
Heart Rate MAX30102 60 -100 BPM
Oxygen Saturation MAX30102 =295 %
(Sp02)

Following successful transmission, the healthcare server stores the received information in the monitoring
database and updates the healthcare dashboard. This architecture enables healthcare personnel to access
real-time patient information from remote locations.

D. Emergency Alert and Clinical Decision Support Framework

The emergency alert subsystem was implemented to provide automated detection of abnormal
physiological conditions and support rapid medical intervention. The subsystem continuously evaluates
uploaded physiological measurements against predefined clinical threshold values.

Whenever abnormal conditions are detected, the system automatically generates an alert notification
containing patient identification information, physiological measurements, alert severity, and monitoring
timestamps. The generated alerts are transmitted to healthcare personnel through the monitoring dashboard.

Historical physiological data are retained within the database to support trend analysis and clinical
assessment. This functionality enables healthcare professionals to evaluate patient progression and identify
early indicators of clinical deterioration.

Table. 3. presents the hardware components incorporated into the proposed autonomous healthcare
robotic system along with their respective functions. The hardware architecture was designed to support
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autonomous navigation, patient identification, physiological monitoring, communication, and healthcare data
management within a unified platform.

Table. 3. MATERIALS AND WEIGHT

Component Model/Type Function

Processing Unit Raspberry Pi 4 Central system control and data processing
Microcontroller Arduino Mega Sensor interfacing and motor control
Navigation Sensor RPLiDAR A1/A2 Environment mapping and obstacle detection
IMU Sensor MPU6050 Orientation and motion estimation

RFID Reader MFRC522 Patient identification

RFID Tag Passive RFID Tag Patient information storage

Temperature Sensor MLX90614 Non-contact body temperature measurement
Pulse Oximeter Sensor | MAX30102 Heart rate and SpO, monitoring

Motor Driver L298N DC motor actuation

Communication Module | Wi-Fi (ESP32/0Onboard Wi-Fi) | Data transmission to healthcare server
Power Source Li-ion Battery Pack Power supply for robotic platform

V. EXPERIMENTAL DESIGN

The experimental design was developed to evaluate the performance of the proposed Integrated Autonomous
Mobile Robotic System for Vital Signs Surveillance and Healthcare Assistance under realistic healthcare
operating conditions. The objective of the experiments was to validate the robot's capability to autonomously
navigate within a healthcare environment, identify patients, acquire physiological parameters, transmit
healthcare information, and generate emergency alerts when abnormal conditions were detected.

Unlike conventional healthcare monitoring systems that primarily focus on physiological sensing or
communication infrastructure, the proposed framework integrates autonomous mobility, RFID-based patient
identification, biomedical sensing, healthcare communication, and clinical decision support within a unified
robotic platform. Therefore, the experimental evaluation was designed to assess the complete operational
workflow rather than evaluating individual subsystems independently.

Initially, a virtual healthcare environment was developed using Gazebo and RViz within the ROS framework.
The simulated environment consisted of hospital corridors, patient beds, healthcare workstations, and
various static obstacles that represented real-world hospital infrastructure. The virtual environment was
designed to replicate common navigation challenges encountered in healthcare facilities, including narrow
pathways, multiple patient locations, and obstacle-rich operating conditions.

A. Hospital Environment Mapping and Navigation Evaluation

The first stage of experimentation focused on evaluating the autonomous navigation capability of the
robotic platform. During the mapping process, the robot was manually teleoperated throughout the virtual
healthcare environment to ensure complete exploration of all accessible areas. LiDAR and IMU measurements
were continuously collected and processed using the Hector SLAM algorithm to generate a two-dimensional
occupancy grid map of the environment.

The generated map served as the reference environment for autonomous localization and path planning.
Following map generation, patient bed locations were designated as navigation goals within the ROS
navigation framework. The robot was instructed to autonomously navigate toward assigned patient locations
while avoiding static obstacles positioned throughout the environment.

The experimental evaluation measured navigation accuracy, obstacle avoidance performance, path
completion success rate, and localization consistency. The navigation experiments verified the robot's
capability to safely operate in healthcare environments while maintaining accurate positioning during patient
monitoring tasks.
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Fig. 2. Virtual environment for navigation

B. Patient Identification and Physiological Monitoring Evaluation

Following successful navigation, the second stage evaluated the patient identification and physiological
monitoring capabilities of the robotic system. RFID tags were assigned to individual patient locations, and the
robot was required to verify patient identity before initiating monitoring procedures.

Upon reaching the designated patient bed, the RFID reader scanned the patient tag and compared the
retrieved identification information with records stored in the healthcare database. Successful verification
triggered the physiological monitoring subsystem.

The monitoring subsystem acquired body temperature, heart rate, and oxygen saturation measurements
using integrated biomedical sensors. Multiple measurements were collected to assess sensing stability and
repeatability. Experimental observations included sensor response time, identification accuracy,
measurement consistency, and monitoring reliability.

This experimental stage verified that the robotic platform could accurately associate physiological
measurements with the correct patient and reliably acquire healthcare information without requiring manual
intervention.

| e v
v e

36.6'c 78 bpm 98 %
Figure 3. Autonomous Navigation, RFID Verification, and Vital Signs Acquisition Process

C. Healthcare Communication and Data Transmission Evaluation

The third stage focused on validating the communication framework responsible for transferring healthcare
information between the robot and the centralized healthcare server. Following physiological data
acquisition, patient information and vital sign measurements were packaged into structured healthcare data
packets and transmitted through a Wi-Fi communication network.

The communication experiments evaluated packet delivery success rate, transmission latency,
acknowledgment response time, and database synchronization performance. Data received by the healthcare
server were automatically stored and visualized through a healthcare monitoring dashboard.

The communication evaluation demonstrated the system's capability to provide continuous remote patient
monitoring while maintaining reliable information exchange between robotic and healthcare infrastructures.
D. Emergency Alert and Clinical Response Evaluation
The final experimental stage assessed the effectiveness of the emergency alert generation subsystem.
Controlled physiological scenarios were created by introducing predefined abnormal temperature, heart rate,
and oxygen saturation values into the monitoring framework.

Vol.6, No.2, 2026 129


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

Whenever physiological measurements exceeded predefined threshold values, the system automatically
generated emergency notifications and transmitted them to the healthcare dashboard. The generated alerts
contained patient identification information, alert severity level, physiological measurements, and monitoring
timestamps.

The experimental evaluation measured alert detection accuracy, notification latency, and database update
performance. Additionally, the synchronization of generated alerts with patient electronic health records was
verified.

The results demonstrated the capability of the proposed framework to provide continuous patient
surveillance, rapid emergency detection, and timely clinical notification, thereby improving healthcare
response efficiency and patient safety.

V. RESULT AND ANALYSIS
The experimental evaluation was conducted to assess the performance of the proposed autonomous
healthcare robotic system in terms of navigation reliability, localization accuracy, and operational
effectiveness within a hospital environment. Since healthcare facilities involve dynamic conditions, frequent
human movement, and safety-critical operations, it is essential to evaluate the robot's ability to navigate
accurately while maintaining reliable patient monitoring services.
The experiments focused on two key aspects of system performance: autonomous navigation success and
localization accuracy achieved through sensor fusion techniques. Autonomous navigation was evaluated by
measuring the robot's ability to successfully reach designated patient locations under realistic operating
conditions. Additionally, the effectiveness of the proposed sensor fusion framework was assessed by
comparing localization accuracy obtained from individual sensors, including GPS, IMU, and LiDAR, against the
integrated multi-sensor approach.
Accurate localization and reliable navigation are fundamental requirements for healthcare robots because
they directly influence patient safety, monitoring efficiency, and the overall quality of healthcare service
delivery. Therefore, the obtained results provide valuable insights into the capability of the proposed system
to perform autonomous healthcare tasks with minimal human intervention. The following subsections
present a detailed analysis of navigation performance and sensor fusion accuracy, followed by a discussion of
their implications for smart healthcare environments.

Navigation Success Rate

Figure 4. Autonomous navigation performance analysis

The navigation performance of the autonomous healthcare robot was evaluated by measuring the percentage
of successful and unsuccessful navigation attempts during experimental trials. As illustrated in Figure 4, the
robot achieved an overall navigation success rate of 80%, while 20% of the navigation attempts resulted in
failure.

The high success rate indicates that the robot was capable of reaching designated patient locations in most
experimental scenarios without human intervention. The successful navigation outcomes demonstrate the
effectiveness of the integrated localization, obstacle detection, and path-planning mechanisms implemented
within the robotic platform.

The observed failures may be attributed to factors such as:
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Dynamic obstacles introduced during navigation.
Temporary localization drift.

Sensor measurement noise.

Environmental uncertainties within the hospital corridor.

Despite these challenges, the achieved success rate confirms that the proposed navigation framework
provides a reliable foundation for autonomous healthcare service delivery.

Sensor Fusion Accuracy Comparison
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Figure 5. Sensor Fusion accuracy analysis
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Figure 5. compares the localization accuracy achieved using individual sensing modalities and the proposed
sensor fusion approach.
The IMU-based localization produced the lowest accuracy (75%) among the evaluated methods. Although
IMUs provide continuous motion information, accumulated drift errors over time significantly reduce
localization precision.
GPS achieved higher accuracy (82%) than the IMU due to its ability to provide global position estimates.
However, GPS signals are often degraded in indoor hospital environments because of signal attenuation and
multipath effects, limiting its effectiveness for precise navigation.
LiDAR demonstrated superior performance (89%) compared to GPS and IMU. The laser-based sensing
mechanism enabled accurate obstacle detection and environmental mapping, resulting in improved
localization accuracy. Nevertheless, LiDAR performance may still be affected by environmental complexity
and map-matching uncertainties.
The proposed sensor fusion framework achieved the highest localization accuracy of 96%. By integrating
information from GPS, IMU, and LiDAR sensors, the system effectively compensated for the limitations of
individual sensing modalities.
The improvement can be attributed to:

e Reduction of IMU drift errors.

e Enhanced environmental perception through LiDAR.

e Global position correction from GPS measurements.

e Improved state estimation through multi-sensor data integration.
The communication reliability of the healthcare robotic system was evaluated by measuring packet loss
during ten consecutive communication trials. Figure 6 illustrates the packet loss percentage observed during
data transmission between the robot and the healthcare monitoring server.
The packet loss values ranged between 1.5% and 2.5%, with an average packet loss of approximately 1.85%.
The highest packet loss occurred during Trial 3 (2.5%), whereas the lowest packet loss was recorded during
Trial 8 (1.5%).
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Figure 6. Sensor Fusion accuracy analysis

The communication results indicate that packet loss remained consistently below 3% throughout all
experimental trials. Such low packet loss levels suggest that the Wi-Fi communication framework provides
stable and reliable healthcare data transmission.

The minor fluctuations observed across trials can be attributed to:

e Temporary wireless interference.

e Network congestion.

e Environmental signal attenuation.

e Variations in communication distance.
Despite these variations, the overall packet delivery performance remained highly reliable, ensuring
successful transmission of patient identification information, physiological measurements, and emergency
alerts.

Table 4 presents a comparison between the proposed healthcare robotic system and previously
reported healthcare monitoring and autonomous robotic platforms. In contrast, the proposed system
combines all essential healthcare monitoring components within a unified ROS-based robotic framework. The
system not only performs autonomous navigation and RFID-based patient verification but also acquires vital
signs including body temperature, heart rate, and oxygen saturation. Furthermore, collected healthcare data
are transmitted in real time to a centralized healthcare server, where patient records are automatically
updated and synchronized. Therefore, compared with existing approaches, the proposed system offers a
more comprehensive and intelligent healthcare solution by integrating navigation, patient identification,
physiological monitoring, wireless communication, emergency response, and healthcare database
management into a single autonomous platform. This integrated architecture enhances patient safety,
improves healthcare monitoring efficiency, reduces manual workload, and supports the development of next-
generation smart healthcare environments.

Table. 4. COMPARISON OF PROPOSED SYSTEM FUNCTIONALITIES WITH EXISTING METHODS
Features [1] | [4] | [13] | [19] | Proposed System

Autonomous Navigation Vv X v v N
RFID Patient Identification X |V X v v
Vital Signs Monitoring v N4 X X v
Real-Time Data Upload v |V |V X v
Emergency Alert Generation X | X X X v
Electronic Health Record Update | X | X X X v
Integrated Healthcare | X | X | X X v
Framework

VI. CONCLUSION AND FUTURE WORK
This research presented the design and implementation of an autonomous healthcare monitoring robot based
on the Robot Operating System (ROS) framework for intelligent patient monitoring and healthcare assistance
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applications. The proposed system integrates autonomous navigation, RFID-based patient identification,
physiological monitoring, wireless healthcare communication, and emergency alert generation into a unified
robotic platform capable of operating with minimal human intervention.
The developed system combines LiDAR sensing, IMU measurements, sensor fusion techniques, and PID-based
motion control to achieve reliable indoor navigation and localization. Experimental evaluation demonstrated
an autonomous navigation success rate of 80%, while the sensor fusion framework achieved a localization
accuracy of 96%, outperforming individual sensing modalities such as GPS, IMU, and LiDAR. The obtained
results confirm the effectiveness of multi-sensor integration for improving navigation reliability in dynamic
healthcare environments.

The RFID-based patient identification subsystem successfully verified patient information prior to monitoring

operations, ensuring that physiological measurements were correctly associated with the corresponding

patient records. Furthermore, the integrated biomedical sensors consistently acquired body temperature,
heart rate, and oxygen saturation measurements, demonstrating stable and reliable monitoring performance.

The communication framework provided efficient data transmission between the robotic platform and the

centralized healthcare server. Communication experiments showed an average packet loss of approximately

1.85%, indicating reliable wireless information exchange and effective database synchronization. In addition,

the emergency alert subsystem successfully detected abnormal physiological conditions and generated timely

notifications, enabling rapid clinical response and continuous patient surveillance.

Overall, the experimental results validate the capability of the proposed healthcare robotic system to perform

autonomous navigation, patient identification, physiological monitoring, healthcare data transmission, and

emergency alert generation. The developed framework provides a practical foundation for intelligent
healthcare assistance systems that can improve patient safety, reduce healthcare personnel workload, and
support continuous remote monitoring in modern smart healthcare environments.

Future work can be focused on the following such as,

1. Integrate additional sensing technologies such as depth cameras, stereo vision systems, and visual-
inertial odometry to further improve localization accuracy and robustness in complex indoor healthcare
environments.

2. Incorporate ultrasonic, infrared, and RGB-D sensors to enhance real-time obstacle detection, enabling
safer navigation in highly dynamic hospital environments with patients, visitors, and healthcare
personnel.

3. Integrate machine learning and artificial intelligence algorithms for intelligent patient condition
assessment, anomaly detection, and predictive healthcare monitoring based on historical physiological
data.

4. Develop intelligent task allocation and scheduling mechanisms that allow the robot to autonomously
prioritize patient visits and monitoring tasks according to urgency and clinical requirements.

REFERENCES AND FOOTNOTES

1. L Haider, K. B. Khan, M. A. Haider, A. Saeed, and K. Nisar, “Automated Robotic System for Assistance of
Isolated Patients of Coronavirus (COVID-19)”, I. Haider et al., Automated Robotic Assistance System for
Isolated COVID-19 Patients, IEEE 23rd International Multitopic Conference (INMIC), 2020.

2.  R.Murai, H. Yamaguchi, K. Takahashi, et al., “A Novel Visible Light Communication System for Enhanced
Control of Autonomous Delivery Robots in a Hospital”, R. Murai et al., Visible Light Communication-
Based Autonomous Hospital Delivery Robot System, IEEE/SICE International Symposium on System
Integration (SII), 2012..

3. R.Wootton, “Recent Advances: Telemedicine”, R. Wootton, Advances in Telemedicine Technologies and
Healthcare Communication Systems, BM], vol. 323, no. 7312, pp. 557-560, 2001.

4. J.Xiang, A.Zhao, G. Y. Tian, et al., “Prospective RFID Sensors for the [oT Healthcare System”, ]. Xiang et al.,
RFID Sensor Technologies for loT-Based Healthcare Systems, Journal of Sensors, vol. 2022, Article ID
8787275, 2022.

5. S.Jeon and]. Lee, “Performance Analysis of Scheduling Multiple Robots for Hospital Logistics”, S. Jeon
and J. Lee, Multi-Robot Scheduling Strategies for Hospital Logistics Applications, International
Conference on Ubiquitous Robots and Ambient Intelligence (URAI), 2017.

Vol.6, No.2, 2026 133


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

6.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

C. Samson, “Control of Chained Systems: Application to Path Following and Time-Varying Point-
Stabilization of Mobile Robots”, C. Samson, Mobile Robot Path Following and Motion Control Strategies,
IEEE Transactions on Automatic Control, vol. 40, no. 1, pp. 64-77, 1995.

Md. M. Rahman, R. Aktar, and S. K. Dey, “Design and Implementation of a Low-Cost Automated Medicine
Dispenser”, M. M. Rahman et al., Low-Cost Automated Medicine Dispensing System, IEEE International
Conference on Advanced Electrical and Electronic Engineering, 2022.

S. Sharmin, M. I. K. U. Ratan, and A. H. Piash, “An Automated and Online-Based Medicine Reminder and
Dispenser”, S. Sharmin et al., Online Medicine Reminder and Automated Dispensing System, 2022.

J. Pak and K. Park, “Construction of a Smart Medication Dispenser with a High Degree of Scalability and
Remote Manageability”, ]. Pak and K. Park, Smart Medication Dispensing and Remote Management
Framework, Journal of Biomedicine and Biotechnology, 2012.

M. Yuan, N. Zhao, and K. Wu, “Order Picking Efficiency: A Scattered Storage and Clustered Allocation
Strategy in Automated Drug Dispensing Systems”, M. Yuan et al., Optimization of Automated Drug
Dispensing Systems through Clustered Allocation Strategies, arXiv, 2023.

M. Yuan, K. Wy, and N. Zhao, “Human-Machine Cooperation: Optimization of Drug Retrieval Sequencing
in Automated Drug Dispensing Systems”, M. Yuan et al., Human-Machine Cooperative Drug Retrieval
Optimization in Automated Dispensing Systems, arXiv, 2023.

S.A.P,A.S, A.S, P.Ramesh, S. P. M., and P. T. V. Bhuvaneswari, “MDR: Smart Medicine Dispensing
Rover”, S. A. P. et al,, Smart Medicine Dispensing Rover for Healthcare Applications, International
Conference on Power, Energy, Control and Transmission Systems (ICPECTS), 2024.

M. V. T. Ching, M. |. Dionisio, S. G. F. Garbo, et al.,, “Design and Development of [oT-Enabled Semi-
Autonomous Medicine Dispensing Mobile Robot with Obstacle Detection Capabilities”, M. V. T. Ching et
al, IoT-Enabled Semi-Autonomous Medicine Dispensing Robot with Obstacle Avoidance, TENCON IEEE
Region 10 Conference, 2024.

P.R. Budhvant, T. Borse, and A. S. Gaikwad, “Automatic Medicine Dispenser Robot”, P. R. Budhvant et al.,
Automated Robotic Medicine Dispensing System, International Journal of Advanced Research in Science,
Communication and Technology, 2021.

G. B. Mohammad, S. Shitharth, S. A. Syed, et al,, “Mechanism of Internet of Things (IoT) Integrated with
Radio Frequency Identification (RFID) Technology for Healthcare System”, G. B. Mohammad et al., RFID-
Integrated IoT Framework for Smart Healthcare Applications, Mathematical Problems in Engineering,
2022.

A. Subrahmannian and S. K. Behera, “Chipless RFID Sensors for [oT-Based Healthcare Applications: A
Review of the State of the Art”, A. Subrahmannian and S. K. Behera, Chipless RFID Sensor Technologies
for Healthcare Monitoring Applications, IEEE Transactions on Instrumentation and Measurement, 2022.
M. Shariq and K. Singh, “A Secure and Lightweight RFID-Enabled Protocol for IoT Healthcare
Environment: A Vector Space Based Approach”, M. Shariq and K. Singh, Secure RFID-Based
Communication Protocols for IoT Healthcare Systems, Wireless Personal Communications, 2022.

T. Takase, N. Masumoto, N. Shibatani, et al., “Evaluating the Safety and Efficiency of Robotic Dispensing
Systems”, T. Takase et al., Safety and Efficiency Assessment of Robotic Drug Dispensing Systems, Journal
of Pharmaceutical Health Care and Sciences, 2022.

U. Naik, S. Bhuatara, and B. Chougala, “An Experimental Framework for Automated Bed Localization and
Drug Identification Using ZigBee Signal Strength and Mobile Robot”, U. Naik et al., Mobile Robot-Based
Bed Localization and Drug Identification Framework for Healthcare Applications, IEEE DISCOVER
Conference, 2019.

S. D. Patil and Madhu, “RFID-Based Health Monitoring Secure System on 1oT”, S. D. Patil and Madhu,
RFID-Enabled Secure 10T Healthcare Monitoring System, AIP Conference Proceedings, 2024.

Xingguang Duan, Yonggui Wang, Xiangzhan Kong, Meng Li, Yang Yang, “Mechanical Design and
Kinematic Analysis of a Medical Robot Assisted Maxillofacial Surgery”, ICME International Conference on
Complex Medical Engineering May 25 - 28, [2013]

S. C. Mukhopadhyayl and G. Sen Gupta, “Sensors and Robotic Environment for Care of the Elderly”, ROSE
2007 - IEEE International Workshop on Robotic and Sensors Environments Ottawa - Canada, 12-13
October 2007

Abdelrahman Sayed Sayed, Hossam Hassan Ammar, Rafaat Shalaby, “Centralized Multi-agent Mobile
Robots SLAM and Navigation for COVID-19 Field Hospitals”, Proceedings of NILES2020: 2nd Novel
Intelligent and Leading Emerging Sciences Conference

Vol.6, No.2, 2026 134


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Shumaila Javaid , Sherali Zeadally , Senior Member, “Medical Sensors and Their Integration in Wireless
Body Area Networks for PervasiveHealthcare Delivery: A Review”, IEEE SENSORS JOURNAL, VOL. 22,
NO. 5, MARCH 1, 2022

Dangdang Shao, Chenbin Liu, Francis Tsow, Yuting Yang, Zijian Du, Rafael Iriya, Hui Yu, “Noncontact
Monitoring of Blood Oxygen Saturation Using Camera and Dual-Wavelength Imaging System”, Digital
Object Identifier 10.1109/TBME.2015.2481896[2015]

Thilina D. Lalitharatne, Leone Costi, Ryman Hashem, Ilana Nisky, Rachael E. JackThrishantha
Nanayakkara & Fumiya lida, “Face mediated human-robot interaction for remote medical Examination”,
https://doi.org/10.1038/s41598-022-16643-z[]

Yue Teng, Jinlei Bao, Yinfeng Li3 and Haichun Ye , “Efficient Deep Neural Network For Intelligent Robot
System: Focusing On Visual Signal Processing”, doi: 10.3389/fnbot.2023.1120560[2023]

Simone Nertinger, Robin Jeanne Kirschner, Abdeldjallil Naceri, Sami Haddadin“Acceptance of Remote
Assistive Robots with and without Human-in-the-Loop for Healthcare Application”,
https://doi.org/10.1007/s12369-022-00931-9, [2022]

Anya L. Greenberg, Shareef M. Syed, Adnan AlseidiPatricia S. O’Sullivan, Hueylan Chern, “Robotic training
for medical students: feasibility of a pilot simulation curriculum”, https://doi.org/10.1007/s11701-022-
01508-4,[2022]

Dan Li1, Dingwei Gao, Suyun Fan, GangHua Lu, Wen Jiang, Xueyu Yuan, Yanyan Jia, Ming Sun,
“Effectiveness of mobile robots collecting vital signs and radiation dose rate for patients receiving
Iodine-131 radiotherapy: A randomized clinical trial”, Front. Public Health 10:1042604. doi:
10.3389/fpubh.2022.1042604, [2022]

Almazov National Medical Research Centre, S.-Petersburg, “Robot-assisted bladder diverticulectomy in a
9-year-old boy”, https://doi.org/10.17816/psaic1305[2023]

Omi, Y., Sasa, H., Matsui, T., Kato, D., Nakagawa, M., Hirogaki, T., & Aoyama, E, “Investigation of
Localization and Posture Accuracy of AMR During Indoor Mapping Using SLAM With LiDAR and Camera
Technology. In International Symposium on Flexible Automation” (Vol. 87882, p. V001T07A010).
American Society of Mechanical Engineers., [2024].

Ming-Zhang Pan, Xiao-Lan Liao, Zhen Li ,Ya-Wen Deng, Yuan Chen and Gui-Bin Bian, “Semi-Supervised
Medical Image Segmentation Guided by Bi-Directional Constrained Dual-Task Consistency”,
Bioengineering 2023, 10, 225. https://doi.org/10.3390/bioengineering10020225[2023]

Adam Rogowski, “Scenario-Based Programming of Voice-Controlled Medical Robotic Systems”, Sensors
2022,22,9520. https://doi.org/10.3390/s22239520, [2022]

Miller, A, “Visual SLAM Transforms Navigation for Autonomous Mobile Robots (AMRs)”. Quality, 64(9),
34-34,[2025].

Xiaodong Wang, “A magnetic soft robot with rolling and grasping capabilities”, Proceedings of the
Institution of Mechanical Engineers Part C Journal of Mechanical Engineering Science 1989-1996 (vols
203-210) [2022]-

Fabio Cunha, Tiago Ribeiro, Gil Lopes, Fernando Ribeiro, “Large-Scale Tactile Detection System Based on
Supervised Learning for Service Robots Human Interaction”, https://doi.org/10.3390/s23020825,
[2023].

Jie Chang , Lipeng Yu , Qingqing Li , Boyao Wang, “Development and Clinical Trial of a New Orthopedic
Surgical Robot for Positioning and Navigation.”, https://doi.org/10.3390/jcm11237091 [2022]

M. N. Mohammed, M. Alfiras, S. Al-Zubaid, Omar Ismael Al-Sanjary, Eddy Yusuf ,M. Abdulrazaq, “2019
Novel Coronavirus Disease (Covid-19): Toward a Novel Design for Smart Waste Management Robot”,
2022 IEEE 18th International Colloquium on Signal Processing & Applications (CSPA 2022), 12 May
2022, Selangor, Malaysia

Abdelhakim LATOUI, Mohamed El Hossine DAACHI, “Implementation of Q-Learning Algorithm on
Arduino: Application to Autonomous Mobile Robot Navigation in COVID-19 Field Hospitals”, Proc. of the
International Conference on Electrical, Computer and Energy Technologies (ICECET) [2021].

Mst. Alema Khatun, Mohammad Abu Yousuf, Sabbir Ahmed, Md. Zia Uddin, Salem A. Alyami Samer Al-
ashhab, Hanan F. Akhdar, Asaduzzaman Khan, “Deep CNN-LSTM With Self-Attention Model for Human
Activity Recognition Using Wearable Sensor”, Digital Object Identifier
10.1109/JTEHM.2022.3177710[2022].

Sudarshan Sreeram, Lokesh Shanmugam, “Autonomous Robotic System Based Environmental
Assessment and Dengue Hot-spot Identification”, 978-1-5386-5186-5/18/$31.00 ©2018 IEEE

Vol.6, No.2, 2026 135


http://www.svedbergopen.com/
https://doi.org/10.1007/s11701-022-01508-4,%5b2022
https://doi.org/10.1007/s11701-022-01508-4,%5b2022
https://doi.org/10.3390/bioengineering10020225%5b2023
https://doi.org/10.3390/s23020825

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

43.

44,

45.

46.

47.

48.

49,

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Nicky Gregson and Mike Crang, “From Waste to Resource: TheTrade in Wastes and GlobalRecycling
Economies”, d0i:10.1146/annurev-environ-102014-021105,

Dr. Lakshmi, ]. Refonaa, ].Vivek, “Tracking of Bio waste Global Positioning System”, 2015 International
Conference on Circuit, Power and Computing Technologies [ICCPCT]

ikaru Sasaki, Terushi Hirabayashi, Kaoru Kawabata, Yukio Onuki, and Takamitsu Matsubara, “Bayesian
Policy Optimization for Waste Crane With Garbage Inhomogeneity”, IEEE ROBOTICS AND AUTOMATION
LETTERS, VOL. 5, NO. 3, JULY 2020

Jianglong Guo, Member, Thomas Bamber, Student Member, Yuchen Zhao, Matthew Chamberlain, Laura
Justham, and Michael Jackson, “Toward Adaptive and Intelligent Electroadhesivesfor Robotic Material
Handling”, IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 2, NO. 2, APRIL 2017

Pengyu Yue, Jing Xin, Huan, Mao Shan, Jian Zhang,” Experimental Research on Deep Reinforcement
Learning in Autonomous navigation of Mobile Robot”, 978-1-5386-9490-9/19/$31.00 ¢ 2019 IEEE

Don Brutzman, Robert McGhee, Duane Davis, » An Implemented Universal Mission Controller with Run
Time Ethics Checking for Autonomous Unmanned Vehicles—a UUV Example », Modeling, Virtual
Environments and Simulation (MOVES) Institute, Naval Postgraduate School, Monterey, California USA
Daniel Withey, Katlego Mogokonyane, Mayur Tikam, Ross Holder, Mahalingam Veeraragoo, Mxolisi
Gambushe, “Context-Aware Action with a Small Mobile Robot”, 978-1-7281-4162-6/20/$31.00 ©2020
IEEE

V.Anbarasu, Karthikeyan S.P.Anandaraj, “Turning Human and Food Waste into Reusable Energy in a
Multilevel Apartment Using [oT”, 2020 6th International Conference on Advanced Computing &
Communication Systems (ICACCS)

Md. Nafis Raihan, Mahbubur Rahman, Fahad Bin Alam, Ekra Bin Syed Mojib, “A Novel Approach for
Waste Collection: Automated Waste Collecting Robot with Advanced Image Recognition Technology and
Onboard Robotic Arm”, 2020 IEEE Region 10 Symposium (TENSYMP) 5-7 June 2020, Dhaka, Bangladesh
Lefteri H. Tsoukalas, Dimitrios T. Bargiotas, “Modelling instructible Robots for Waste Disposal
Application”, 0-8186-7728-7/96 $5.00 0 1996 IEEE

Di Guo, Huaping Liu, Bin Fang,Fuchun Sun, Wugqiang Yang, “Visual Affordance Guided Tactile Material
Recognition for Waste Recycling”, ieee transactions on automation science and engineering [2021]
Samiha Tasnim, Md. Zahid Hasan, Touhid Ahmed, Md. Tanvir Hasan, Ferdousi Jamal Uddin, Tanjila
Farah,” A ROS-based Voice Controlled Robotic Arm for Automatic Segregation of Medical Waste Using
YOLOv3”, 2022 2nd International Conference on Computer, Control and Robotics

Divya BV, Latha N, “Smart Garbage Collection autonomous vehicle”, 2021 4th International Conference
on Recent Developments in Control, automation and power engineering

Soyeon Shin, Dahyun Kang, Sonya Kwak, “User-centered Exploration of Robot Design for Hospitals in
COVID-19 Pandemic”, 2022 17th ACM/IEEE International Conference on Human-Robot Interaction
(HRI)

Divyendu Kumar Mishra a, Aby Thomas b, Jinsa Kuruvilla b, P. Kalyanasundaram c, K. Ramalingeswara
Prasad d, Anandakumar Haldorai, “Design of mobile robot navigation controller using neuro fuzzy logic
system”, Computers and Electrical Engineering 101 (2022) 108044

Kiwon Yeom, “Design of Deep Neural Network Based Model Predictive Controller for a Car-like Mobile
Robot”, International Journal of Mechanical Engineering and Robotics Research Vol. 11, No. 8, August
2022

Hiep Do Quang, Thang Le Tran, Tien Ngo Manh, Cuong Nguyen Manh and Toan Nguyen Nhu, Nam Bui
Duy, “Design a Nonlinear MPC Controller for Autonomous Mobile Robot Navigation SystemBased on
ROS ", International Journal of Mechanical Engineering and Robotics Research Vol. 11, No. 6, June 2022
Tooba Khan, Meltem Civas, Oktay Cetinkaya, Naveed A. Abbasi, Ozgur B. Akan, “Nanosensor Networks
for Smart Health Care”. DOI: 10.1016/B978-0-12-819870-4.00022-0

Zofia Gr dek-Szostak, Luis Ochoa Siguencia, Anna Szel g-Sikora, “The Impact of Industry 4.0 on the Labor
Market . 978-1-7281-9105-8/20/$31.00 ©2020 IEEE

Alaa Awad Abdellatif, Amr Mohamed, “User-Centric Networks Selection With AdaptiveData
Compression for Smart Health”. 1937-9234 © 2017 IEEE.

Giuseppe Fragapane, , René de Koster, Fabio Sgarbossaa, Jan Ola Strandhagen, “Planning and control of
autonomous mobile robots for intralogistics: Literature review and research agenda”,
https://doi.org/10.1016/j.ejor.2021.01.019

Vol.6, No.2, 2026 136


http://www.svedbergopen.com/
https://doi.org/10.1016/j.ejor.2021.01.019

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

S. Kalpana, S. Rajagopalan, R. Ranjith R. Gomathi, ” Voice Recognition Based Multi Robot For Blind People
Using Lidar Sensor”, 10.1109/ICSCAN49426.2020.9262365

Dr. Hameem Shanavas, Muhammad Hameem Safwat Hussain, Syed Aatif Ahmed , “Design of an
Autonomous Surveillance Robot using Simultaneous Localization And Mapping”, Design of an
Autonomous Surveillance Robot using Simultaneous Localization And Mapping

Md. A. K. Niloy1, Anika Shama1l, Ripon K. Chakrabortty, Michael J. Ryan, Faisal R. Bada, Sajal K. Das, Md
R. Islam, “Critical Design and Control Issues of Indoor Autonomous Mobile Robots: A Review”, Digital
Object Identifier 10.1109/ACCESS.2021.3062557

Jash Mota, Prutha Edwankar , Yash Shetye , Manisha Sampat, Dattatray Sawant, “Autonomous Mobile
Robot using RGB-D SLAM and Robot Operating System”, January 2022 D0OI1:10.1007/978-981-15-0146-
3.93

Iman Abaspur Kazerouni , Luke Fitzgerald b, Gerard Dooly b, Daniel Toal, “A survey of state-of-the-art
on visual SLAM”, https://doi.org/10.1016/j.eswa.2022.117734

Misha Urooj Khan, Syed Azhar Ali Zaidi, Arslan Ishtiaq, Sana Samer, Ayesha Farman, “A Comparative
Survey of LiDAR-SLAM and LiDAR based Sensor Technologies ”, 978-1-6654-2413-4/21/$31.00 ©2021
IEEE.

Hamid Taheri , Zhao Chun Xia, “SLAM; definition and evolution”,
https://doi.org/10.1016/j.engappai.2020.104032

Ruihao Li, Sen Wang, “DeepSLAM: A Robust Monocular SLAM System with Unsupervised Deep
Learning”, IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

Jun Zhu, Hongyi Li, and Tao Zhang, A Comparative Analysis of LIDAR SLAM-Based Indoor Navigation for
Autonomous Vehicles, Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/)

M. W. M. Gamini Dissanayake, Member, IEEE, Paul Newman, Member, IEEE, Steven Clark, Hugh F.
Durrant-Whyte, Member, IEEE, and M. Csorb, “A Solution to the Simultaneous Localization and Map
Building (SLAM) Problem”, IEEE TRANSACTIONS ON ROBOTICS AND AUTOMATION, VOL. 17, NO. 3,
JUNE 2001

ABHISHEK THAKUR, (Graduate Student Member, IEEE), AND P. RAJALAKSHM], (Senior Member, I[EEE),
LiDAR-Based Optimized Normal Distribution Transform Localization on 3-D Map for Autonomous
Navigation, Technology Innovation Hub on Autonomous Navigation (TiHAN) at the Indian Institute of
Technology, Hyderabad, India, and in part by the Prime Minister ResearchFellowship (PMRF).
https://creativecommons.org/licenses/by-nc-nd/4.0/

Qin Zou, Senior Member, IEEE, Qin Sun, Long Chen, Senior Member, IEEE, Bu Nie, and Qingquan Li,
"Open-Source Tools for Efficient ROS and ROS2-based 2D Human-Robot Interface Development”, IEEE
TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

V.K. S, R. K, S. Uma, A. R, V. Thanikaiselvan and H. Mahalingam, "Simulation of a Wheeled Robot using
ROS," 2023 2nd International Conference on Vision Towards Emerging Trends in Communication and
Networking Technologies (ViTECoN), Vellore, India, 2023, pp. 1-6, doi:
10.1109/ViTECoN58111.2023.10157323.

D. Tola and P. Corke, "Understanding URDF: A Survey Based on User Experience," 2023 IEEE 19th
International Conference on Automation Science and Engineering (CASE), Auckland, New Zealand, 2023,
pp. 1-7, doi: 10.1109/CASE56687.2023.10260660.

Mary B. Alatise, Gerhard P. Hancke, “A Review on Challenges of Autonomous Mobile Robot and Sensor
Fusion Methods”, M. B. Alatise, G. P. Hancke, Review on Challenges of AMR and Sensor Fusion Methods
[2020].

Yong Song, Changshen Xu, Xing Fang, Di Wang, Simon X. Yang, “Design and Control of an Intelligent
Wheeled Robot”. 2018 IEEE Conf on Internet of Things, Green computing and communications.

Takuya Kiyokawa, Jun Takamatsu, Shigeki Koyanaka, “Challenges for Future Robotic Sorters of Mixed
Industrial Waste: A Survey”, IEEE Transactions On Automation Science And Engineering [2022].

Teoh Ji Sheng, Mohammad Shahidul Islam, Norbahiah Misran, Mohd Hafiz Baharuddin, Haslina Arshad,
Md. Rashedul Islam, Muhammad E. H. Chowdhury, Hatem Rmili, And Mohammad Tariqul Islam, “An
Internet of Things Based Smart Waste Management System Using LoRa and Tensorflow Deep Learning
Model”, [2020].

Teoh Ji Sheng, Mohammad Shahidul Islam, Norbahiah Misran, Mohd Hafiz Baharuddin, Haslina Arshad,
Md. Rashedul Islam, Muhammad E. H. Chowdhury, Hatem Rmili, And Mohammad Tariqul Islam, “An

Vol.6, No.2, 2026 137


http://www.svedbergopen.com/
https://doi.org/10.1109/ICSCAN49426.2020.9262365
http://dx.doi.org/10.1007/978-981-15-0146-3_93
http://dx.doi.org/10.1007/978-981-15-0146-3_93
http://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

83.

84.

85.

86.

87.

Internet of Things Based Smart Waste Management System Using LoRa and Tensorflow Deep Learning
Model”, [2020].

Gopika Manoj,Fathimathul Kibthiya,Anagha Sujith K, Jomel Thomas and Anandhi, “Swarm Robotics
System for Hospital Management”, International Journal of Creative Research Thoughts (IJCRT)[2021].
Salvatore Livatino, Dario C. Guastella, lovanni Muscato, Vincenzo Rinaldi, Luciano Cantelli, Armelo D.
Melita,Alessandro Caniglia, Riccardo Mazza and Gianluca Padula, «Intuitive Robot Teleoperation
Through Multi-Sensor Informed Mixed Reality Visual Aids”,
https://creativecommons.org/licenses/by/4.0/[2020].

Stephina, Sushmitha S2, Thanmaya H, Thejaswini Y, Smt. Asha, “Smart Waste Disposal System in
Hospitals using Robot.”, International Research Journal of Engineering and Technology (IRJET) e-ISSN:
2395-0056, [2020].

Holland, J.; Kingston, L.; McCarthy, C.; Armstrong, E.; O'Dwyer, P.; Merz, F.; McConnell, “Service Robots in
the Healthcare Sector”, https://doi.org/10.3390/robotics10010047[2021].

Marie Lindblad, Eva Tano, Claes Lindahl c, Fredrik Huss, “Ultraviolet-C decontamination of a hospital
room: Amount of UV light needed”, Published by Elsevier Ltd. [2019]

Vol.6, No.2, 2026 138


http://www.svedbergopen.com/
https://creativecommons.org/licenses/by/4.0/%5b2020
https://doi.org/10.3390/robotics10010047%5b2021

