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Abstract — 
The increasing demand for automated healthcare 
solutions has accelerated the development of intelligent 
robotic systems for medicine delivery and patient 
monitoring in hospitals and remote care environments. 
This paper proposes a novel Adaptive Healthcare 
Delivery and Monitoring Algorithm (AHDMA) integrated 
within an autonomous robotic platform. The proposed 
algorithm combines real-time patient parameter 
monitoring with optimized medicine delivery using a 
hybrid approach of sensor fusion, path planning, and 
intelligent decision-making. Vital parameters such as 
heart rate, temperature, oxygen saturation, and blood 
pressure are continuously acquired through IoT-enabled 
sensors and analyzed using a lightweight predictive 
model to detect abnormal conditions. Based on patient 
priority and urgency, the algorithm dynamically 
schedules medicine delivery tasks and computes 
optimal navigation paths using an adaptive shortest-path 
strategy with obstacle avoidance. Additionally, a rule-
based and learning-assisted decision layer ensures 
timely alerts to healthcare providers in case of 
emergencies. The system is designed to operate with low 
latency and minimal human intervention, making it 
suitable for high-demand hospital environments. 
Experimental analysis demonstrates that AHDMA 
improves delivery efficiency, reduces response time, and 
enhances patient safety compared to conventional 
manual and semi-automated systems. The proposed 
framework provides a scalable and reliable solution for 

smart healthcare automation and real-time patient 
management. 
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1. Introduction 

The rapid advancement of healthcare robotics has 
significantly transformed modern medical systems by 
enabling intelligent automation in patient monitoring and 
clinical assistance [1]. Recent developments in robotic 
platforms integrated with advanced sensing and 
actuation technologies have facilitated continuous 
monitoring of vital physiological parameters [2]. Artificial 
intelligence-based monitoring systems have further 
enhanced real-time decision-making, particularly in 
critical care environments [3]. Social and assistive 
robots have emerged as key components in patient-
centered healthcare, providing continuous monitoring 
and interaction capabilities [4]. AI-enabled robotic 
systems have also shown effectiveness in elderly care by 
supporting continuous health assessment [5]. Wearable 
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and non-invasive monitoring technologies have enabled 
multi-parameter physiological data acquisition [6]. 

The integration of IoT technologies with healthcare 
systems has enabled real-time data collection and 
remote patient monitoring [7]. Hospital robots equipped 
with monitoring modules have improved automation and 
efficiency in clinical environments [8]. Telemedicine 
systems have expanded healthcare accessibility through 
remote interaction and monitoring capabilities [9]. IoT-
based medical assistant robots have demonstrated 
capabilities in navigation, monitoring, and support tasks 
[10]. Early tele-nursing systems laid the foundation for 
continuous remote patient monitoring [11]. The 
combination of AI and IoT has further enhanced 
intelligent healthcare systems for chronic disease 
management [12]. Modern robotic platforms provide 
real-time monitoring and assistance, improving 
healthcare delivery [13]. 

Robotic systems have also been widely applied in 
rehabilitation and clinical monitoring applications [14]. 
Telepresence robots have improved patient interaction 
and accessibility in remote environments [15]. Nursing 
robots capable of monitoring vital signs have been 
developed for hospital use [16]. Advanced machine 
learning and digital twin technologies enable predictive 
and adaptive healthcare systems [17]. Medicine delivery 
robots have improved efficiency and reduced human 
intervention in hospitals [18]. Contactless monitoring 
robots have been introduced to minimize infection risks 
[19]. Cloud-based intelligent robotic systems are 
enabling scalable healthcare solutions [20]. 

Furthermore, advancements in human-robot interaction 
and modular robotic systems have enhanced system 
usability and adaptability [21]. Humanoid healthcare 
robots are being developed to provide comprehensive 
medical assistance [22]. IoT-based smart health 
monitoring systems have improved real-time tracking 
capabilities [23]. Advanced robotic platforms are also 
being used for clinical mobility and monitoring tasks 
[24]. IoT-enabled medical assistant robots further 
contribute to integrated healthcare solutions [25]. 
However, despite these advancements, existing systems 
lack unified, adaptive frameworks that integrate 
monitoring and delivery functionalities, highlighting the 
need for intelligent and scalable healthcare robotic 
solutions. 

2. Motivation of the Proposed Work 

Despite significant advancements in healthcare 
robotics, existing systems primarily focus on either 
patient monitoring or medicine delivery, resulting in 
fragmented and inefficient solutions [3], [8]. Current 
approaches rely heavily on static rule-based 
mechanisms, limiting their adaptability in dynamic 
hospital environments where patient conditions 
continuously evolve [5], [12]. Although IoT and AI-based 
systems improve monitoring accuracy, they lack real-
time integration with robotic task execution and 
decision-making [7], [10]. Furthermore, challenges such 
as inefficient navigation, lack of predictive intelligence, 
and limited multi-parameter data fusion hinder system 
performance [17], [18]. These limitations highlight the 
necessity for an integrated, adaptive, and intelligent 
framework such as the proposed AHDMA model [20]. 

3. Challenges in Medicine Delivery and Patient 
Monitoring Robots 

The deployment of healthcare robots introduces several 
challenges related to reliability, efficiency, and system 
integration. One major issue is data privacy and security, 
as continuous monitoring involves sensitive patient 
information requiring secure transmission and storage 
[7], [20]. Algorithm reliability is another concern, as 
inaccurate predictions may lead to critical medical 
errors [3]. Integration complexity arises from combining 
IoT sensors, robotic platforms, and AI systems into a 
unified architecture [10], [12]. Additionally, energy 
constraints and scalability issues affect long-term 
operation in hospital environments [13]. Navigation in 
dynamic and crowded spaces further complicates 
medicine delivery tasks [18], [19]. These challenges 
necessitate robust, adaptive, and efficient healthcare 
robotic frameworks [17]. 

4. Problem Statement 

Although healthcare robotics has advanced significantly, 
existing solutions remain function-specific and lack 
integration between patient monitoring and medicine 
delivery systems [1], [8]. Most approaches rely on static 
scheduling and predefined rules, limiting their ability to 
adapt to real-time changes in patient conditions [5], [12]. 
Furthermore, current systems process physiological 
data independently, lacking effective multi-sensor data 
fusion and contextual analysis [6], [17]. Challenges 
related to scalability, energy efficiency, and autonomous 
navigation further restrict practical deployment [13], 
[18]. Therefore, there is a need for a unified and adaptive 
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framework that integrates real-time monitoring, 
intelligent decision-making, and efficient robotic task 
execution in dynamic healthcare environments [20]. 

5. Importance of the Proposed Solution 

The proposed Adaptive Healthcare Delivery and 
Monitoring Algorithm (AHDMA) addresses critical 
limitations in existing healthcare robotic systems by 
integrating real-time monitoring with intelligent medicine 
delivery [3], [10]. Unlike conventional methods, it 
employs adaptive decision-making based on 
continuously monitored patient conditions, enabling 
dynamic prioritization and efficient task scheduling [17], 
[18]. The incorporation of multi-sensor data fusion 
enhances accuracy and reliability in patient health 
assessment [6]. Additionally, optimized path planning 
improves navigation efficiency in complex hospital 
environments [13]. The lightweight and scalable design 
ensures suitability for real-time deployment, making the 
proposed framework a comprehensive solution for 
modern smart healthcare systems [20]. 

6. Objectives of the Proposed Work  

The objective of this research is to develop an intelligent 
and adaptive healthcare robotic framework for real-time 
patient monitoring and efficient medicine delivery. 

1. To design a multi-sensor based real-time 
monitoring system for accurate patient health 
assessment [6], [7].  

2. To develop an adaptive decision-making and 
task scheduling mechanism for efficient 
medicine delivery using robotic systems [10], 
[18].  

7. Overview of the Paper 

This paper presents a novel intelligent healthcare robotic 
framework that integrates real-time patient monitoring 
with adaptive medicine delivery mechanisms [3], [10]. 
The study begins with a comprehensive analysis of 
existing systems, identifying limitations such as 
fragmented functionality, lack of adaptability, and 
inefficient coordination [5], [12]. The proposed AHDMA 
model incorporates multi-sensor data fusion, predictive 
analysis, and adaptive scheduling to enhance system 
performance [17]. An optimized navigation module 
ensures efficient robot movement in dynamic hospital 
environments [18]. Performance evaluation is conducted 
using metrics such as monitoring accuracy, response 

time, and delivery efficiency, demonstrating the 
effectiveness of the proposed approach in real-world 
scenarios [20]. 

II. Literature Survey 

Healthcare robotics has evolved significantly with the 
integration of intelligent monitoring systems, 
autonomous navigation, and real-time decision-making 
capabilities. Early research focused on robotic systems 
for monitoring basic physiological parameters, while 
recent advancements emphasize multi-functional 
healthcare robots capable of both monitoring and 
assistance tasks. The convergence of artificial 
intelligence, IoT, and robotics has enabled scalable and 
efficient healthcare solutions. However, most existing 
systems address individual functionalities rather than 
providing a unified and adaptive framework. This section 
reviews existing literature across sensing, 
communication, energy efficiency, security, and system 
integration, highlighting research gaps that motivate the 
proposed AHDMA framework. 

2.1 Patient Monitoring and Sensing Technologies 

Patient monitoring systems have evolved from basic 
sensor-based approaches to advanced multi-parameter 
monitoring frameworks. Early robotic systems 
demonstrated the feasibility of monitoring vital signs 
such as heart rate and temperature in clinical 
environments [1]. Advanced sensing and actuation 
technologies further improved real-time monitoring 
capabilities in healthcare robots [2]. AI-based monitoring 
systems enhanced accuracy and decision-making in 
intensive care units [3]. Social robots introduced patient 
interaction along with monitoring capabilities [4]. AI-
enabled systems for elderly care provided continuous 
health assessment [5]. Wearable technologies enabled 
non-invasive monitoring of multiple physiological 
parameters [6]. However, these systems lack integrated 
decision-making and real-time adaptability. 

2.2 IoT and Communication Frameworks in 
Healthcare Robotics 

The integration of IoT has enabled real-time data 
acquisition, transmission, and remote monitoring in 
healthcare systems. IoT-based frameworks facilitate 
continuous patient monitoring and improve 
responsiveness in emergency situations [7]. Robotic 
platforms integrated with monitoring modules have 
enhanced automation in hospital environments [8]. 
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Telemedicine systems have expanded healthcare 
accessibility through remote communication 
technologies [9]. IoT-enabled medical assistant robots 
support navigation, monitoring, and healthcare 
assistance tasks [10]. Early tele-nursing systems 
established the foundation for continuous remote 
monitoring [11]. The integration of AI and IoT has further 
enhanced system intelligence and efficiency [12]. 
However, challenges remain in scalability, latency, and 
real-time integration. 

2.3 Robotic Systems for Healthcare Assistance and 
Delivery 

Robotic systems have been widely applied in healthcare 
for monitoring, rehabilitation, and assistance tasks. 
Modern robotic platforms provide real-time monitoring 
and support, improving healthcare delivery efficiency 
[13]. Robotic-assisted rehabilitation systems have been 
used for patient recovery and clinical evaluation [14]. 
Telepresence robots enable remote interaction and 
improve healthcare accessibility [15]. Nursing robots 
capable of monitoring vital parameters have been 
developed for hospital applications [16]. Machine 
learning and digital twin technologies enable predictive 
monitoring and adaptive healthcare systems [17]. 
Medicine delivery robots have improved operational 
efficiency in hospitals [18]. However, integration of 
monitoring and delivery functionalities remains limited. 

2.4 Advanced Intelligent Systems and Emerging 
Technologies 

Recent advancements in healthcare robotics focus on 
intelligent and adaptive systems capable of real-time 
decision-making. Contactless monitoring robots have 
been introduced to reduce infection risks in hospital 
environments [19]. Cloud-based robotic systems enable 
scalable and efficient healthcare solutions [20]. Human-
robot interaction systems improve usability and system 
adaptability [21]. Humanoid healthcare robots provide 
comprehensive medical assistance and support [22]. 
IoT-based smart healthcare systems enable continuous 
monitoring and data-driven insights [23]. Advanced 
robotic platforms are used for clinical mobility and 
monitoring tasks [24]. IoT-enabled assistant robots 
further enhance integrated healthcare applications [25]. 
However, unified frameworks are still lacking. 

2.5 Summary and Research Gap 

The literature indicates significant advancements in 
healthcare robotics, particularly in patient monitoring, 
IoT integration, and robotic assistance systems. 
However, most existing solutions are fragmented, 
focusing either on monitoring or medicine delivery 
independently. Current systems lack adaptive decision-
making, real-time prioritization, and integrated 
frameworks that combine multiple functionalities. 
Additionally, challenges related to scalability, energy 
efficiency, and dynamic hospital environments remain 
unresolved. The absence of unified and intelligent 
frameworks motivates the development of the proposed 
Adaptive Healthcare Delivery and Monitoring Algorithm 
(AHDMA), which integrates real-time monitoring, 
predictive analysis, and optimized medicine delivery into 
a single adaptive system. 

Table I: Simplified Literature Comparison and 
Research Gap 

Ref 
Work 
Focus 

Contribution Limitation Gap 

[3] 
AI-based 
patient 
monitoring 

High 
accuracy 
monitoring 

Static 
decision-
making 

No adaptive 
prioritization 

[7] 
IoT 
healthcare 
system 

Real-time 
data 
acquisition 

Latency 
and 
integration 
issues 

No unified 
framework 

[17] 
ML-based 
monitoring 

Predictive 
analysis 

No robotic 
execution 

No task 
coordination 

[18] 
Medicine 
delivery 
robot 

Efficient 
delivery 
system 

No patient 
monitoring 

No 
integrated 
system 

Research Gap  

The analysis of existing literature reveals that current 
healthcare robotic systems are fragmented, focusing 
either on patient monitoring or medicine delivery without 
integration. AI and IoT-based systems improve 
monitoring accuracy and data acquisition but lack 
adaptive decision-making and real-time task 
coordination. Similarly, medicine delivery robots operate 
efficiently but do not consider patient health conditions 
for prioritization. This creates a significant gap in 
developing a unified and intelligent system. The 
proposed AHDMA framework addresses this gap by 
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integrating real-time monitoring, predictive analysis, and 
adaptive task scheduling within a single robotic system, 
enabling dynamic prioritization, efficient navigation, and 
improved healthcare service delivery. 

3. Proposed Methodology 

3.1 Proposed Concept 

The proposed Adaptive Healthcare Delivery and 
Monitoring Algorithm (AHDMA) provides an integrated 
framework for real-time patient monitoring and 
intelligent medicine delivery using autonomous robotic 
systems. The system continuously collects physiological 
parameters such as heart rate, temperature, oxygen 
saturation, and blood pressure using IoT-enabled 
sensors. These parameters are normalized and 
processed to evaluate patient health conditions. Unlike 
existing systems, the proposed approach dynamically 
links monitoring with robotic task execution. Based on 
patient condition severity, the system assigns priority 
and schedules delivery tasks. The framework ensures 
adaptive decision-making, reduced response time, and 
efficient healthcare service delivery in dynamic hospital 
environments. 

3.2 Proposed System Architecture 

 

Figure 1: Representing the overall system architecture 

The proposed system architecture in figure 1 consists of 
sensing, processing, decision-making, scheduling, and 
execution layers integrated into a unified framework. The 
sensing layer collects real-time physiological data, 
which is processed using multi-sensor fusion techniques 
to improve reliability. The decision layer evaluates 
patient conditions and assigns priority levels based on 
severity. The scheduling layer dynamically allocates 
tasks to the robot, ensuring efficient operation under 
multiple patient scenarios. The execution layer performs 
navigation using optimized path planning with obstacle 
avoidance. This layered architecture ensures scalability, 
modularity, and real-time adaptability, enabling efficient 
coordination between monitoring and medicine delivery 
in complex healthcare environments. 

3.3 Algorithm Overview (AHDMA) 

Algorithm 1: Adaptive Healthcare Delivery and 
Monitoring Algorithm (AHDMA) 
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Input: Sensor data 𝑋𝑖(heart rate, temperature, SpO₂, BP) 
Output: Delivery decision 𝐷and optimal path 𝑃𝑎𝑡ℎ∗ 

1: Initialize system parameters and patient database 
2: Initialize robot state and environment map 
3: while (system active) do 
4:     Acquire sensor data Xi from all patients 
5:     Preprocess data (noise removal, normalization) 
6:     for each patient i do 
7:         Compute health index Hi 
8:         Detect anomaly Ai using predictive model 
9:         Compute priority Pi based on Hi and Ai 
10:    end for 
11:    Normalize priorities and compute scheduling score 
Si 
12:    Select patient k with highest priority 
13:    Compute optimal path Path* using shortest-path 
algorithm 
14:    Apply obstacle avoidance and navigation 
constraints 
15:    Execute medicine delivery to patient k 
16:    Update system state and patient status 
17: end while 
18: Return final decision D and updated system state 

The proposed AHDMA algorithm operates as a 
continuous closed-loop system that integrates sensing, 
analysis, prioritization, and execution. Initially, 
physiological data is acquired from multiple patients and 
preprocessed to ensure accuracy. A predictive model 
evaluates patient conditions and assigns priority scores 
based on health severity and detected anomalies. The 
scheduling module selects the highest-priority patient 
and computes an optimal navigation path using 
shortest-path strategies with obstacle avoidance. The 
robot then executes medicine delivery while 
continuously updating system states. This iterative 
process ensures real-time adaptability, efficient 
resource utilization, reduced response time, and 
improved reliability in dynamic healthcare environments. 

3.4 Mathematical Formulation and Implementation 

The proposed system models patient priority and 
decision-making using mathematical formulations. Let 
𝑥𝑖represent normalized physiological parameters. The 
patient health index is defined as: 

𝐻𝑖 =∑𝑤𝑗

𝑛

𝑗=1

𝑥𝑖𝑗  

 

where 𝑤𝑗 represents parameter weights. The priority 
score is computed as: 

𝑃𝑖 = 𝛼𝐻𝑖 + 𝛽𝐴𝑖 
 

where 𝐴𝑖 represents anomaly detection output. The 
scheduling function is defined as: 

𝑆𝑖 =
𝑃𝑖

∑ 𝑃𝑘
𝑁
𝑘=1

 

 

The path cost function is given by: 

𝐶 = ∑ 𝑑(𝑢, 𝑣)

(𝑢,𝑣)∈𝑝𝑎𝑡ℎ

 

 

The optimal path is: 

𝑃𝑎𝑡ℎ∗ = argmin𝐶 
 

The decision function is defined as: 

𝐷 = 𝑓(𝐻𝑖 , 𝑃𝑖 , 𝑆𝑖) 
 

These formulations ensure adaptive prioritization, 
efficient scheduling, and optimized navigation in 
dynamic environments. 

Table II: Representing the overall Notation 
requireemnts 

Symbol Description 

𝑥𝑖𝑗  Physiological parameter 𝑗of patient 𝑖 

𝑤𝑗  Weight of parameter 𝑗 

𝐻𝑖  Health index of patient 𝑖 

𝑃𝑖  Priority score 

𝐴𝑖  Anomaly detection output 

𝑆𝑖  Scheduling factor 

𝐶 Path cost 

𝑃𝑎𝑡ℎ∗ Optimal path 

𝐷 Final decision output 

3.5 Experimental Setup  
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The proposed AHDMA framework is evaluated using a 
simulated healthcare environment with multiple patients 
and dynamic conditions. During the training phase, 
historical sensor data is used to calibrate parameter 
weights and anomaly detection thresholds. Synthetic 
datasets representing normal and abnormal conditions 
are generated for model tuning. In the testing phase, 
real-time sensor inputs are processed to evaluate 
system performance under varying workloads and 
emergency scenarios. The robot navigation is simulated 
using grid-based path planning with obstacle avoidance. 
Performance metrics such as response time, delivery 
efficiency, monitoring accuracy, and system latency are 
analyzed to validate the effectiveness of the proposed 
framework. 

4. Results and Discussion 

4.1 Simulation Setup and Parameter Configuration 

The proposed AHDMA framework is evaluated using a 
MATLAB-based simulation environment that models a 
real-time multi-patient healthcare system with 
autonomous robotic assistance. The simulation 
incorporates physiological parameters such as heart 
rate, temperature, oxygen saturation, and blood pressure 
under both normal and abnormal conditions. A grid-
based environment with dynamic obstacles is used to 
simulate hospital navigation. The robot computes 
optimal paths using shortest-path strategies with 
obstacle avoidance. System performance is analyzed 
across varying patient loads and environmental 
conditions. The simulation ensures realistic evaluation 
of monitoring accuracy, response time, and delivery 
efficiency, enabling comprehensive validation of the 
proposed framework. 

Table III: Simulation Parameters 

Parameter Value 

Number of Patients 30 

Sensor Types HR, Temp, SpO₂, BP 

Sampling Interval 1 s 

Simulation Time 1000 iterations 

Grid Size 20 × 20 

Robot Speed 1.2 m/s 

Parameter Value 

Obstacle Density 15% 

Platform MATLAB R2023a 

4.2 Training Phase Analysis 

During the training phase, historical and synthetically 
generated datasets are used to calibrate system 
parameters and optimize the predictive model. The 
model learns to classify patient conditions based on 
normalized physiological inputs and anomaly detection 
thresholds. MATLAB-based simulations are used to train 
the system over multiple iterations, ensuring 
convergence and stability. Feature weights are optimized 
to improve the accuracy of health index computation 
and prioritization. The training phase enables the system 
to distinguish between normal and critical conditions 
effectively, ensuring reliable performance during 
deployment and minimizing false predictions. 

Table IV: Training Configuration 

Component Value 

Dataset Size 5000 samples 

Training Iterations 500 

Learning Rate 0.01 

Feature Count 4 

Anomaly Threshold 0.65 

Training Accuracy 93.2% 

Training Loss 0.08 

4.3 Testing Phase and Performance Evaluation 

The testing phase evaluates the real-time performance 
of the proposed framework under dynamic conditions. 
Sensor inputs are processed continuously, and the 
system assigns priority scores to patients based on 
health conditions. MATLAB simulations are conducted 
with varying patient loads and emergency scenarios to 
evaluate system robustness. The robot dynamically 
schedules medicine delivery tasks and computes 
optimal paths. Performance metrics such as monitoring 
accuracy, response time, delivery efficiency, and system 
latency are analyzed. The results demonstrate that the 
proposed AHDMA framework maintains high accuracy 
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and efficiency while adapting effectively to changing 
healthcare conditions. 

Table V: Testing Results 

Metric Value 

Monitoring Accuracy 94.6% 

Response Time 2.34 sec 

Delivery Efficiency 92.8% 

System Latency 0.85 sec 

Task Completion Rate 96.2% 

4.4 Comparative Analysis and MATLAB Plot 
Discussion 

The performance of the proposed AHDMA framework is 
compared with existing manual and semi-automated 
healthcare systems using MATLAB-generated plots. The 
results show that the proposed method achieves higher 
accuracy, lower response time, and improved delivery 
efficiency due to adaptive prioritization and intelligent 
scheduling. Training and testing plots indicate stable 
convergence and consistent performance across 
iterations. The system demonstrates scalability under 
increasing patient loads and maintains reliable 
operation in dynamic environments. Overall, the 
proposed framework outperforms existing approaches 
by providing an integrated and efficient solution for real-
time healthcare automation. 

Table VI: Layer-wise Performance Metrics 

Layer Accuracy (%) Processing Time (ms) 

Sensing Layer 96.5 120 

Processing Layer 95.2 150 

Decision Layer 94.8 110 

Scheduling Layer 93.9 100 

Execution Layer 92.7 180 

Table VII: Comparative Performance Analysis 

Method 
Accuracy 
(%) 

Response 
Time (sec) 

Efficiency 
(%) 

Method 
Accuracy 
(%) 

Response 
Time (sec) 

Efficiency 
(%) 

Manual 
System 

81.3 5.72 68.5 

Semi-
Automated 

87.6 3.95 78.9 

Proposed 
AHDMA 

94.6 2.34 92.8 

4.5 Results Analysis 

4.5.1 Accuracy Analysis 

 

Figure 2: Accuracy versus number of patients showing 
logistic growth behavior and comparative performance 
of Manual System, Semi-Automated System, and 
Proposed AHDMA. 

The accuracy plot in figure 2 demonstrates a logistic 
growth pattern with respect to the number of patients, 
reflecting realistic system learning and adaptability. 
Initially, all methods exhibit lower accuracy due to 
limited data and system initialization effects. As the 
number of patients increases, the proposed AHDMA 
framework achieves a faster and more stable increase in 
accuracy compared to manual and semi-automated 
systems. The proposed method reaches approximately 
94–95% accuracy, while semi-automated and manual 
systems saturate at lower levels. The smooth S-shaped 
curve indicates efficient learning and robustness, 
highlighting the effectiveness of adaptive decision-
making and multi-sensor data fusion in improving 
patient monitoring performance. 

4.5.2 Training Loss Analysis 
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Figure 3: Training loss convergence curve illustrating 
exponential decay and stable learning behavior of the 
predictive model. 

 

The training loss curve in figure 3 follows an exponential 
decay trend, indicating effective convergence of the 
predictive model during training. Initially, the loss value 
is high due to untrained parameters and system 
uncertainty. As training progresses, the loss decreases 
rapidly and stabilizes around a minimal value, 
demonstrating that the model has learned meaningful 
patterns from the data. The smooth decay without 
oscillations confirms stable training behavior and proper 
parameter tuning. The low final loss value indicates high 
model accuracy and reliability, ensuring that the system 
can effectively distinguish between normal and 
abnormal patient conditions in real-time deployment 
scenarios. 

4.5.3 Response Time Analysis 

 

Figure 4: Response time versus patient load 
demonstrating nonlinear growth and improved efficiency 
of the proposed AHDMA framework. 

 

The response time plot in figure 4 exhibits a nonlinear 
growth trend with increasing patient load, representing 
realistic system behavior under scalability constraints. 
The manual system shows the highest response time 
due to lack of automation, while the semi-automated 
system performs moderately. The proposed AHDMA 
framework maintains significantly lower response times 
due to optimized scheduling and efficient path planning. 
The gradual increase in response time with patient load 
indicates system scalability, while the lower slope for the 
proposed method highlights its efficiency in handling 
multiple tasks simultaneously. This demonstrates the 
advantage of adaptive prioritization and intelligent 
resource allocation in reducing delays. 

4.5.4 Efficiency Analysis 

 

Figure 5: Efficiency versus number of patients showing 
exponential saturation behavior with common initial 
baseline for all methods. 

The efficiency plot in figure 5 follows an exponential 
saturation curve starting from a common baseline for all 
methods, ensuring fair comparison. Initially, efficiency is 
low due to system initialization and limited data 
availability. As the system processes more tasks, 
efficiency increases rapidly, with the proposed AHDMA 
framework achieving the highest growth rate and 
saturating above 90%. In contrast, semi-automated and 
manual systems stabilize at lower efficiency levels 
around 80% and 70%, respectively. The exponential 
growth behavior reflects improved task scheduling and 
execution efficiency over time. The results confirm that 
the proposed method effectively utilizes resources and 
adapts to dynamic healthcare environments. 
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Achievements of the Proposed Work 

The proposed Adaptive Healthcare Delivery and 
Monitoring Algorithm (AHDMA) demonstrates significant 
improvements in intelligent healthcare automation by 
integrating real-time patient monitoring with adaptive 
medicine delivery. The system achieves a monitoring 
accuracy of 94.6%, ensuring reliable detection of patient 
conditions, while maintaining a low response time of 
2.34 seconds, which is critical for emergency healthcare 
scenarios. The delivery efficiency reaches 92.8%, 
indicating effective task scheduling and optimized 
robotic navigation. Additionally, the system maintains a 
high task completion rate of 96.2%, reflecting 
robustness under dynamic patient loads. The lightweight 
design ensures low system latency (0.85 seconds), 
making it suitable for real-time deployment in hospital 
environments with minimal human intervention. 

Overall Observations 

The simulation results indicate that the proposed 
AHDMA framework consistently outperforms existing 
manual and semi-automated healthcare systems across 
all evaluated metrics. The integration of multi-sensor 
data fusion and predictive analysis enables accurate 
assessment of patient conditions, while adaptive 
prioritization ensures timely response to critical cases. 
MATLAB-based analysis shows stable convergence 
during the training phase and consistent performance 
during testing, even under varying patient loads and 
environmental complexities. The layered architecture 
contributes to efficient processing and decision-making, 
reducing delays and improving system reliability. 

Furthermore, the proposed system demonstrates strong 
scalability and adaptability in dynamic healthcare 
environments. The optimized path planning and 
scheduling mechanisms significantly reduce delivery 
time compared to conventional approaches. Unlike 
existing fragmented systems, AHDMA provides a unified 
framework that seamlessly integrates monitoring, 
decision-making, and robotic execution. The results 
confirm that the proposed approach enhances overall 
healthcare efficiency, improves patient safety, and 
supports real-time automation, making it a promising 
solution for next-generation smart healthcare systems. 

Conclusion 

This paper presented a novel Adaptive Healthcare 
Delivery and Monitoring Algorithm (AHDMA) for 
integrating real-time patient monitoring with intelligent 
medicine delivery using autonomous robotic systems. 
The proposed framework successfully combines multi-
sensor data acquisition, predictive health analysis, 
adaptive prioritization, and optimized path planning into 
a unified architecture. The system demonstrated high 
monitoring accuracy, reduced response time, and 
improved delivery efficiency, validating its effectiveness 
in dynamic healthcare environments. The MATLAB-
based simulation results confirmed that the proposed 
approach outperforms conventional manual and semi-
automated systems. By enabling real-time decision-
making and minimizing human intervention, AHDMA 
provides a reliable, scalable, and efficient solution for 
smart healthcare automation and patient management. 

Future Scope 

The proposed work can be extended by incorporating 
advanced machine learning and deep learning models to 
improve predictive accuracy and early detection of 
critical health conditions. Integration with real-time 
hardware systems such as embedded controllers and 
IoT devices can further enhance practical deployment in 
hospitals. Future research may focus on multi-robot 
coordination to handle large-scale healthcare 
environments efficiently. Additionally, the inclusion of 
advanced navigation techniques such as SLAM and 
vision-based obstacle detection can improve robot 
autonomy. Security and privacy mechanisms can also be 
strengthened using blockchain or secure 
communication protocols. The system can be further 
expanded to support telemedicine and cloud-based 
healthcare platforms, enabling remote monitoring and 
intelligent healthcare services at scale. 

 

References 

[1] F. Rabby, A. N. Oishi, S. T. Mubassir, S. Barua, M. S. S. 
Tanjim, and M. A. Alam, "Robot for Contagious Patient to 
Monitor Three Vital Signs with Multiple Care and 
Technology," in Proc. Int. Conf. Comput. Inf. Technol. 
(ICCIT), Cox's Bazar, Bangladesh, 2024, pp. 1909-1913, 
doi: 10.1109/ICCIT64611.2024.11021841. 

[2] P. Dhivya, V. G. Karthiga, S. Vinotha, S. 
Saravanakumar, T. Abinith, and T. Varunsri, "Advanced 
Sensing and Actuation Health Monitoring Robot," in Proc. 



Journal of Computational Analysis and Applications                                                                                               VOL. 35, NO. 9, 2026 
   

                                                                                                                                     10.48047/jocaaa.2026.35.09.02 

                                                                                                                                 28                                                        P.Revathi et al 18-29 
 

5th Int. Conf. Electron. Sustain. Commun. Syst. (ICESC), 
Coimbatore, India, 2024, pp. 177-183, doi: 
10.1109/ICESC60852.2024.10689853. 

[3] P. L. Lobo, P. Kavitha, K. Saranya, Selvaraju, C. Kumar, 
and D. Venkatachalam, "Artificial Intelligence (AI) based 
on Real Time Patient Monitoring System in Intensive Care 
Unit and its Applications," in Proc. 8th Int. Conf. Inventive 
Syst. Control (ICISC), Coimbatore, India, 2024, pp. 328-
332, doi: 10.1109/ICISC62624.2024.00063. 

[4] R. Goraksha, A. Bongale, S. Sayyad, and S. Kumar, 
"Healthcare Monitoring Companion: The Social Robot," 
in Proc. 3rd Int. Conf. Artif. Intell. Internet Things (AIIoT), 
Vellore, India, 2024, pp. 1-6, doi: 
10.1109/AIIoT58432.2024.10574758. 

[5] B. C. R, A. M. I, N. P. S, S. Joy, and H. Namrin, "Patient 
Monitoring System for Elderly Care using AI Robot," in 
Proc. 6th Int. Conf. Comput. Syst. Inf. Technol. Sustain. 
Solut. (CSITSS), Bangalore, India, 2022, pp. 1-5, doi: 
10.1109/CSITSS57437.2022.10026384. 

[6] B. Liu, Y. Zhang, and Z. Liu, "Wearable monitoring 
system with multiple physiological parameters," in Proc. 
5th Int. Summer Sch. Symp. Med. Devices Biosens., 
Hong Kong, 2008, pp. 268-271, doi: 
10.1109/ISSMDBS.2008.4575071. 

[7] R. T. Iype, "Autonomous Ambulance Management 
System with Real-Time Patient Monitoring using IoT," in 
Proc. IEEE 5th Int. Conf. Convergence Technol. (I2CT), 
Bombay, India, 2019, pp. 1-4, doi: 
10.1109/I2CT45611.2019.9033729. 

[8] K. A. Mamun, A. Sharma, A. S. M. Hoque, and T. 
Szecsi, "Remote patient physical condition monitoring 
service module for iWARD hospital robots," in Proc. Asia-
Pacific World Congr. Comput. Sci. Eng., Nadi, 2014, pp. 
1-8, doi: 10.1109/APWCCSE.2014.7053854. 

[9] P. Lepage et al., "Telehomecare telecommunication 
framework — From remote patient monitoring to video 
visits and robot telepresence," in Proc. 38th Annu. Int. 
Conf. IEEE Eng. Med. Biol. Soc. (EMBC), Orlando, FL, 
USA, 2016, pp. 3269-3272, doi: 
10.1109/EMBC.2016.7591426. 

[10] S. Pradeep, M. L. Reddy, M. Harika, N. Kiranmai, and 
V. Aarthi, "Development and Testing of an IoT-Based 
Medical Assistant Robot: A Design for Enhanced 
Healthcare Support," in Proc. IEEE 5th Int. Conf. Cybern. 
Cogn. Mach. Learn. Appl. (ICCCMLA), Hamburg, 

Germany, 2023, pp. 292-297, doi: 
10.1109/ICCCMLA58983.2023.10346647. 

[11] B. Yang, S. Rhee, and H. H. Asada, "A twenty-four 
hour tele-nursing system using a ring sensor," in Proc. 
1998 IEEE Int. Conf. Robot. Autom., Leuven, Belgium, 
1998, vol. 1, pp. 387-392, doi: 
10.1109/ROBOT.1998.676438. 

[12] S. Porkodi and D. Kesavaraja, "Healthcare Robots 
Enabled with IoT and Artificial Intelligence for Elderly 
Patients," in AI and IoT-Based Intelligent Automation in 
Robotics, Wiley, 2021, pp. 87-108, doi: 
10.1002/9781119711230.ch6. 

[13] T. Porselvi, A. G. R, V. K, S. G, and S. T, "Robot-Based 
Healthcare Monitoring Platform," in Proc. Int. Conf. 
Power, Energy, Control Transmiss. Syst. (ICPECTS), 
Chennai, India, 2024, pp. 1-3, doi: 
10.1109/ICPECTS62210.2024.10780270. 

[14] R. Colombo et al., "Upper limb rehabilitation and 
evaluation of stroke patients using robot-aided 
techniques," in Proc. 9th Int. Conf. Rehabil. Robot. 
(ICORR), Chicago, IL, USA, 2005, pp. 515-518, doi: 
10.1109/ICORR.2005.1501154. 

[15] C. S. Ranganathan et al., "IoT-Driven Telepresence 
Robots for Telemedicine using AI for Improved Patient 
Interaction," in Proc. 1st Int. Conf. Innov. Commun. 
Electr. Comput. Eng. (ICICEC), Davangere, India, 2024, 
pp. 1-6, doi: 10.1109/ICICEC62498.2024.10808988. 

[16] R. Hossain et al., "Design and Development of a 
Nursing Robot for Non-Invasive Monitoring of Human 
Body Temperature and Heart Rate," in Proc. 7th Int. Conf. 
Comput. Commun. Control Autom. (ICCUBEA), Pune, 
India, 2023, pp. 1-5, doi: 
10.1109/ICCUBEA58933.2023.10392259. 

[17] S. Ullah, S. Khan, D. Vanecek, and I. U. Rehman, 
"Machine Learning and Digital-Twins-Based Internet of 
Robotic Things for Remote Patient Monitoring," IEEE 
Access, vol. 13, pp. 57141-57165, 2025, doi: 
10.1109/ACCESS.2025.3555495. 

[18] A. Joy et al., "MedRobo Medicine Delivering and 
Patient Parameter Monitoring Robot," in Proc. 7th Int. 
Conf. Adv. Comput. Commun. Syst. (ICACCS), 
Coimbatore, India, 2021, pp. 1808-1812, doi: 
10.1109/ICACCS51430.2021.9441692. 

[19] M. N. Hussain and M. Idrissi, "Contactless Vital 
Signs Monitoring in Hospital Wards: A Quadruped Robot 



Journal of Computational Analysis and Applications                                                                                               VOL. 35, NO. 9, 2026 
   

                                                                                                                                     10.48047/jocaaa.2026.35.09.02 

                                                                                                                                 29                                                        P.Revathi et al 18-29 
 

Approach," in Proc. 10th Int. Conf. Autom. Robot. Appl. 
(ICARA), Athens, Greece, 2024, pp. 75-80, doi: 
10.1109/ICARA60736.2024.10552924. 

[20] R. S et al., "Cloud-Powered Virtual Doctor Robots for 
Enhancing Elderly Care and Chronic Disease 
Management with Recurrent Neural Networks," in Proc. 
3rd Int. Conf. Electr. Electron. Inf. Commun. Technol. 
(ICEEICT), Trichirappalli, India, 2024, pp. 1-6, doi: 
10.1109/ICEEICT61591.2024.10718608. 

[21] A. Burz et al., "HRI Based Command System of a 
Modular Parallel Robot for Brachial Monoparesis," in 
Proc. IEEE Int. Conf. Autom. Quality Testing Robot. 
(AQTR), Cluj-Napoca, Romania, 2022, pp. 1-6, doi: 
10.1109/AQTR55203.2022.9802034. 

[22] J. M. Anson et al., "Exode: Humanoid Healthcare 
Robot," in Proc. Int. Conf. Sustain. Comput. Data 
Commun. Syst. (ICSCDS), Erode, India, 2023, pp. 967-
972, doi: 10.1109/ICSCDS56580.2023.10104997. 

[23] S. Bhatnagar, "A New Prototype Based Smart Health 
Monitoring System in IoT System," in Proc. 3rd Asian 
Conf. Innov. Technol. (ASIANCON), Ravet IN, India, 2023, 
pp. 1-7, doi: 10.1109/ASIANCON58793.2023.10270794. 

[24] A. Vitanza, P. Pagliuca, F. Cantucci, and S. Nolfi, 
"Skeleton Timed Up and Go on MARIO Robot," in Proc. 
IEEE Int. Conf. Metrol. Extended Reality Artif. Intell. 
Neural Eng. (MetroXRAINE), Milano, Italy, 2023, pp. 1171-
1176, doi: 10.1109/MetroXRAINE58569.2023.10405769. 

[25] M. A. Hossain et al., "Design and Implementation of 
an IoT Based Medical Assistant Robot (Aido-Bot)," in 
Proc. IEEE Int. Women Eng. (WIE) Conf. Electr. Comput. 
Eng. (WIECON-ECE), Bhubaneswar, India, 2020, pp. 17-
20, doi: 10.1109/WIECON-ECE52138.2020.9397958. 

 


