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Abstract - A great imperative to develop healthcare
monitoring systems that are real-time, accurate and low-
latency has emerged since the COVID-19 pandemic.
Traditional cloud-based solutions and machine learning
methods face problems of latency, poor flexibility and inferior
feature representation which hinder significantly their
utilization in IoT- and IoMT-powered healthcare systems. To
solve these problems, a Perfumer Optimization- Attention-
based Dynamic Multilayer Graph Neural Network (PO-
ADMGNN) for COVID-19 risk prediction over fog-assisted
healthcare systems has been presented in this research. The
platform provides secure citizen registration, ongoing data
collection from wearables and the environment through IoT
sensors, and effective preprocessing at the fog layer, in which
the Superb Fairy-Wren Optimization Algorithm makes
choice of the most important features. The features are then
differentiated via ADMGNN which is designed based on
multilayer graph, temporal dynamics and attention
mechanism to capture complicated health issues. In addition,
the Perfumer Optimization Algorithm adjusts hyper-
parameters to improve model performance, which includes
real-time decision support and alert modules for instant
notification, personalized guidance and facility navigation as
well as synchronized storage which translates to quick local
data access, and secure cloud-based epidemic surveillance.
Experiment results prove that PO-ADMGNN achieves better
performance with almost 98% classification precision, an F-
measure of 0.978 for the negative class, a 7.6 X response time
reduction (380 ms in the cloud vs. 50 ms in the fog), and a 54%
latency reduction with an optimum peak accuracy of 0.9777.
These results validate that PO-ADMGNN provides accurate,
adaptive, and efficient healthcare monitoring with effective
COVID-19 control.

Keywords: Citizen registration, Dynamic Multilayer Graph
Neural Network, Health monitoring systems, Perfumer
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I. INTRODUCTION

The COVID-19 outbreak reveals vulnerabilities in
global healthcare infrastructures. This found an immediate
need for intelligent, real-time monitoring technologies
capable of processing various forms of big health data [1,2].
The Internet of Things (IoT) and the Internet of Medical
Things (IoMT) have emerged as promising technologies to
achieve continuous patient monitoring through wearable
devices, environmental monitors, and intelligent healthcare
apps [3,4]. But cloud-based health monitoring technologies
suffer from significant issues, such as high latencies,
network congestions, and low adaptability, making them
unsuitable to scale big in pandemics [5,6].

Traditional machine learning (ML) and deep learning
(DL) approaches were also applied to the forecasting of
COVID-19 and patient tracking [7,8]. However, they tend
to suffer from poor adaptability, poor quality of feature
representation, and high demands on computational
resources, particularly in resource-poor [oMT scenarios
[9,10]. Consequently, effective, efficient, and scalable
tracking of health is still a challenge. Fog computing has
been a potential substitute with shifting computation and
storage towards the data creation point [11,12]. Minimizing
dependence on remote cloud servers, fog-assisted
infrastructure has generated faster, more reliable, and more
scalable healthcare services with increased time-critical
application scenarios [13,14]. Success with fog-assisted
healthcare, though, relies heavily on employing next-gen
data-based models with the capacity to extract nuanced
health relationships and adapt intelligently to shifting
situations [15,16].

In order to address such issues, a Perfumer
Optimization- Attention-based Dynamic Multilayer Graph
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Neural Network (PO-ADMGNN) is proposed to forecast
the risk of COVID-19 in healthcare networks with fog
computing [17,18]. The architecture has three principal
novel concepts: Attribute selection using the Superb Fairy-
Wren Optimization Algorithm (SFOA) to augment
multimodal IoMT data [19,20]. Intensive multilayered
graph neural modeling with added attention modules to
accommodate time-related dependencies and complex
patient - health interactions. Perfumer Optimization
Algorithm (POA) hyperparameter optimization to realize
ultimate model efficiency. Experiments indicate PO-
ADMGNN performs better with higher precision, reduced
delay, and faster decision-making compared with
traditional machine learning and cloud-based algorithms.
Therefore, it is an appropriate solution to monitor
epidemics and contain COVID-19 [21,22].

The rest of the work is organized accordingly: Section
2 discusses related works on IoT/IoMT healthcare, fog
computing, and graph neural networks. Section 3 explains
the proposed PO-ADMGNN framework. Section 4 shows
experimental setup and results. Section 5 explains
meaningful results, while Section 6 concludes with future
research direction.

II. LITERATURE SURVEY

Tang, Z Some Al- and IoT-based healthcare models
have been proposed for enhanced disease diagnosis and
patient monitoring [23,24]. Crow search optimization and
IoT-based data collection is one of the models that gives
excellent diagnostic accuracy for diseases like diabetes and
cardiovascular disease [25,26]. The model is advantageous
in that it can optimize parameters of classification and
efficiently use IoT devices. Nevertheless, its reliance on
high-quality sensors and computationally intensive
processing capabilities makes it less scalable in resource-
limited healthcare setups [27,28].

Yet another model integrates fog computing with
fuzzy-assisted machine learning to improve healthcare
monitoring [29,30]. The model was less latency-intensive,
had lower energy usage, and better cost savings while
holding the same amount of precise monitoring, prediction,
and data management [31,32]. The best resource allocation
is received via fuzzy logic, but the added complexity from
integrating the combination of fuzzy logic with fog—cloud
layers creates the complexity of large-scale integration
[33,34].

Another one uses adaptive heuristic edge-assisted fog
computing for offloading processing at edge and fog levels
[35,36]. This kind of architecture supports real-time, low-
latency medical analysis with data privacy to facilitate
better patient care and speedier decision-making. It benefits
from low latency, high reliability, and decentralization. The
use of heuristic algorithms in distributed systems, however,
it has the drawback of introducing a greater system
overhead as well as intricate coordination in extensive
deployments [37,38].

Though these improvements have been made, existing
COVID-19 detection and prevention models are still
bedeviled by key limitations [39,40]. The most widely used
approaches' dependence is on centralized cloud computing,
which results in latency, spotty connectivity, and poor real-
time reactivity in dynamic healthcare settings [41,42]. A
majority of machine learning and loT-based solutions also
depend on small or partial datasets with little incorporation
of holistic symptom profiles or ensemble wisdom. These
create bottlenecks in early detection, slow down alerts, and
inhibit intervention by healthcare providers [43,44].

To bridge these gaps, an integrated framework is
necessary that employs fog computing to ensure low
latency for processing and ensemble intelligence based on
Al to deliver accurate real-time and scalable COVID-19
prediction and prevention [45,46]. Table 1 illustrates
existing healthcare frameworks that leverage Al, IoT, fog,
and cloud computing.

TABLE 1 SUMMARY FOR LITERATURE SURVEY

Reference | Approach Strengths Limitations
[2] Cloud-based ML High accuracy in diagnosis High latency, poor scalability
[3] Fog-assisted [oMT Reduced latency Basic classifiers, weak adaptability
[4] Fog + CNN Improved accuracy High computational cost
Swarm optimization for
[5] COVID-19 Better feature selection Limited adaptability
[6] GNN for healthcare Captures relational dependencies No fog integration, higher latency

III. PROPOSED METHODOLOGY

This research work proposes a novel Perfumer
Optimization— Attention-based Dynamic Multilayer Graph
Neural Network (PO-ADMGNN) framework for real-time
COVID-19 risk prediction for fog-assisted IoT/IoMT
healthcare systems.
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Figure 1: The flowchart of POA

The flowchart of POA is presented in Figure 1. By the
combination of exploration and exploitation, POA strikes a
balance between dynamic global search with varied
hyperparameter settings and local finetuning for precise
fine-tuning. The process enables the ADMGNN to induce
better generalization, resistance, and classification rates
with efficient avoidance of local minima commonly seen
with human involvement or grid search processes. The
architecture was implemented over a fog—cloud testbed and
subsequently emulated using iFogSim for performance
testing.

IV. RESULTS AND DISCUSSION

All these features captured both physiological and
environmental factors critical to COVID-19 risk prediction,
with body temperature, difficulty breathing, and room
temperature as the most important indicators. Once the
dataset was optimized, classification was performed with
the help of the created PO-ADMGNN framework. In this,
the Attention-based Dynamic Multilayer Graph Neural
Network (ADMGNN) was employed to represent the
healthcare setting as a dynamic multilayer graph where
every citizen was represented as a node enriched with static

attributes such as age, comorbidities, and location, and
dynamic attributes such as body temperature, SpO: level,
and heart rate. This modeling framework enabled the
network to integrate topological dependencies, temporal
changes in symptoms, and attentional weights across
heterogeneous streams of data and produce a highly
adaptive inference method. To further enhance
performance, the Perfumer Optimization Algorithm (POA)
was integrated to automatically optimize hyperparameters.
Compared with grid-based or manual techniques, which
become stuck in local minima, POA was able to effectively
achieve a balance between global search and local
exploitation, hence improving generalization, stability, and
accuracy. Experimental results confirmed the method's
superiority with its performance calculated on the basis of
recall and F-measure—two common healthcare
classification evaluation scores—maintaining high values
for all COVID-19 risk groups.
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Figure 2: Response Time Comparison

As shown in Figure 2, the fog-supported PO-ADMGNN
architecture performed much better than cloud-only models
with a response time of 50 ms against 380 ms for cloud
processing, a reduction of almost 7.6 times owed to
localized fog-level computation and reduced data
transmission delays.
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Figure 3: Confusion Matrix for COVID-19 Risk
Classification using PO-ADMGNN
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Figure 4: Feature Importance after SFOA Selection

Further testing with a confusion matrix in Figure 3 showed
the consistency of the model, achieving 98% for low- and
high-risk classifications and 97% for medium-risk
predictions with almost no misclassifications across
categories. Feature importance analysis in Figure 4 also
validated the contribution of the leading symptoms,
identifying body temperature of 0.95, difficulty breathing
of 0.92, and room temperature of 0.88 as most important,
while tightness of chest i.e., 0.85, body ache of 0.82, and
travel history of 0.78 were moderately important, and pre-
existing conditions as 0.75, running nose as 0.72, levels as
0.68, and heart rate as 0.65 added to smaller but non-zero
percentages. In addition, latency decomposition across six
pipeline stages in Figure 5 revealed that cloud processing
resulted in a total delay of 500 ms due to excessive
transmission and classification overheads, while fog-aided
processing reduced this to 230 ms, a 54% total reduction.
Overall, results confirm the effectiveness of the PO-
ADMGNN framework, which in addition to offering high
accuracy, performs fast, reliable, and scalable COVID-19
risk prediction. With the incorporation of secure citizen
enrollment, enduring multimodal data harvesting, SFOA-
based feature selection, inference using ADMGNN, and
the tuning of hyperparameters using POA within a fog-
supported environment, the framework presents an
efficient and pragmatic solution to epidemic surveillance,
real-time decision-making support, and timely intervention
in healthcare in IoT/IoMT-centered settings.
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Figure 5: Data Processing Pipeline Latency Breakdown

V. CONCLUSION

A novel Perfumer Optimization— Attention-based Dynamic
Multilayer Graph Neural Network (PO-ADMGNN)
framework has been proposed in this research to enable
real-time COVID-19 risk prediction in fog-assisted
[IoT/IoMT healthcare environments. The developed
framework integrates secure citizen registration,
multimodal data collection wusing wearable and
environmental sensors, and fog-level preprocessing with
Superb  Fairy-Wren  Optimization—guided  feature
extraction to ensure that only the discriminant attributes are
used during analysis. By representing static and dynamic
health properties in a multilayer graph pattern, the
ADMGNN efficiently learns both temporal and topological
dependencies, and the Perfumer Optimization Algorithm
adjusts the hyperparameters automatically for balancing
exploration and exploitation so that local minima are
evaded and generalization is encouraged. Experimental
performance tested the effectiveness of the new approach,
with nearly 98% classification accuracy, strong recall and
F-measure scores, and good performance on low-,
medium-, and high-risk classes. In addition, fog-level
processing reduced response times from 380 ms in cloud-
only systems to just 50 ms, i.e., a 7.6-fold improvement,
whereas pipeline analysis of details demonstrated a 54%
reduction in end-to-end latency. These findings confirm
that PO-ADMGNN gives a secure, accurate, and efficient
solution with the ability to support large-scale epidemic
surveillance, personalized health guidance, and -early
intervention. Apart from COVID-19, the flexibility of the
method suggests great potential for application to other
infectious diseases and timely healthcare problems, for
which rapid, stable, and frugal monitoring is essential.
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