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Abstract - The rapid expansion of the Internet of Medical Things (IoMT) has necessitated a transition from
localized medical monitoring to high-throughput, cloud-integrated analytical frameworks. However, the
inherent "best-effort" nature of traditional cloud computing often conflicts with the stringent requirements of
real-time biomedical applications, where processing delays can jeopardize patient safety. This review article
provides a comprehensive performance analysis of various cloud-based architectures—centralized, edge-fog,
and serverless—tailored for the continuous processing of high-frequency sensor data such as ECG, EEG, and PPG
signals. We evaluate these architectures against a rigorous set of performance metrics, including end-to-end
latency, jitter, packet loss ratio, and signal-to-noise ratio (SNR) preservation. The analysis highlights the critical
role of the edge-fog-cloud hierarchy in mitigating network congestion and reducing the computational
overhead of data security and interoperability protocols (e.g., HL7 FHIR). We explore specialized optimization
strategies, such as lightweight virtualization using Docker, hardware acceleration through cloud-based GPUs,
and adaptive task-offloading policies. Furthermore, we examine the performance impact of emerging
communication standards like 5G URLLC (Ultra-Reliable Low-Latency Communications) and their potential to
enable tactile internet applications like remote robotic surgery. By synthesizing empirical benchmarking data
and qualitative case studies from smart ICU and telecardiology environments, this review establishes a set of
design best practices for engineering "guaranteed-performance” clinical infrastructures. The findings
underscore that the future of biomedical data processing lies in a decentralized, autonomous architecture
capable of maintaining sub-second responsiveness within a highly scalable and secure global network.
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data, biomedical streams are time-critical and life-
I. INTRODUCTION sensitive; the utility of the information degrades
rapidly if it is not processed within a strict temporal
window. As the Internet of Medical Things (loMT)
continues to expand, with billions of wearable and
implantable devices entering the market, the
traditional approach of localized processing is no
longer sufficient to handle the sheer volume of data
or the complexity of the required analytics. This shift
has necessitated the adoption of cloud computing,
yet it has also introduced a formidable set of
performance challenges that traditional IT
infrastructures are ill-equipped to handle.

The transition of modern healthcare from a localized,
reactive model to a globally connected, proactive
ecosystem is fundamentally anchored in the
performance and reliability of cloud-based
architectures. Biomedical and sensor data, ranging
from low-frequency physiological signals like body
temperature to high-bandwidth, high-frequency
streams such as multi-lead Electrocardiograms (ECG)
and Electroencephalograms (EEG), represent a
unique class of "Big Data." Unlike generic consumer
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The primary performance dilemma in cloud-based
biomedical systems is the tension between
computational depth and transmission latency.
While the cloud offers virtually unlimited storage and
the high-performance computing (HPC) power
necessary for advanced tasks like real-time
arrhythmia detection or neuro-signal filtering, the
physical distance between the sensor and the cloud
server introduces network-induced delays. In clinical
scenarios, such as a smart Intensive Care Unit (ICU)
or remote cardiac monitoring, these delays—often
exacerbated by network jitter and packet loss—can
lead to "out-of-sync" monitoring. If a cloud-based
alarm for a respiratory arrest arrives several seconds
after the event, the window for successful
resuscitation may have already closed. Therefore, the
“real-time" requirement in this field is not merely a
technical preference but a rigorous clinical safety
constraint that mandates sub-second end-to-end
response times.

Beyond simple latency, the performance analysis of
these architectures must account for the
heterogeneous and "bursty" nature of medical
sensor data. A robust architecture must be capable
of maintaining high throughput during emergency
events, where multiple sensors on a single patient
might simultaneously trigger high-frequency alerts,
without compromising the data integrity of other
patients on the same network. This has led to the
emergence of hierarchical architectures, including
Edge and Fog computing, which act as intermediate
processing layers designed to "thin" the data and
provide immediate local feedback while offloading
long-term analytics to the central cloud.

Il. TAXONOMY OF CLOUD
ARCHITECTURES FOR BIOMEDICAL
DATA

The architecture used to process biomedical data is
no longer a monolithic cloud server; it has evolved
into a multi-tiered hierarchy. Centralized Cloud
Models remain essential for high-performance
computing tasks that are not time-sensitive, such as
deep learning model training on massive historical
datasets or complex genomic sequencing. However,

for real-time sensor streams, the industry has shifted
toward Edge and Fog Computing. In this
decentralized design, initial signal filtering, noise
reduction, and anomaly detection occur at the
edge—on the wearable device or a local gateway—
significantly reducing the volume of data that must
travel to the central cloud.

Beyond physical tiering, the review examines the rise
of Serverless (FaaS) Architectures. In a serverless
model, medical signals trigger specific discrete
functions only when an anomaly is detected, offering
an event-driven approach that is highly cost-
effective and scalable. However, "cold start"
latency—the time it takes for a function to
initialize—remains a performance bottleneck for
critical alerts. Hybrid models attempt to solve this by
keeping critical life-support logic on local fog nodes
while utilizing the cloud for secondary analytics and
long-term  Electronic  Health Record (EHR)
synchronization. This taxonomy provides a structural
map of the current landscape, allowing for a
comparative analysis of how each model handles the
velocity and variety of biomedical data.
Performance Evaluation Metrics and
Benchmarking

To scientifically analyze cloud architectures for
healthcare, we must employ a standardized set of
performance metrics. Temporal metrics are the most
critical; we measure end-to-end latency, which
includes the time from data acquisition at the sensor
to the moment a clinical alert is generated in the
cloud. Jitter, or the variation in latency, is particularly
troublesome for biomedical signals, as it can distort
the waveform of an ECG or EEG, leading to false
positives in automated diagnostic algorithms.
Benchmarking these systems requires specialized
tools like CloudSim or iFogSim to simulate
thousands of concurrent sensor streams and
measure the resulting network congestion.

Resource utilization metrics, such as CPU load and
memory footprint, are evaluated to ensure that edge
and fog nodes are not overwhelmed by complex
signal processing tasks. Reliability metrics are
equally vital; we track the packet loss ratio and the

system'’s "uptime" in the face of intermittent network
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connectivity. For biomedical data, we also introduce
Data Quality Metrics, such as the preservation of the
Signal-to-Noise Ratio (SNR) after data has
undergone cloud-side compression. This section
provides a rigorous framework for benchmarking,
showing that a high-performance healthcare system
must not only be fast but also mathematically
accurate and consistently available under stress.

Challenges in Real-Time Biomedical Processing
The processing of biomedical data is uniquely
difficult due to the heterogeneous nature of the
streams. A single patient may be equipped with a
temperature sensor sampling at 1 Hz, a pulse
oximeter at 60 Hz, and a multi-lead ECG at 500 Hz.
Synchronizing these streams in a cloud environment
where packets may arrive out of order is a significant
architectural challenge. Furthermore, the network
overhead of data security protocols—such as AES-
256 encryption and TLS tunneling—can add
significant latency, sometimes accounting for up to
30% of the total processing time.

Interoperability also presents a performance "tax."
Translating raw binary sensor data into standardized
medical formats like HL7 FHIR or DICOM requires
significant computational resources at the gateway
level. If this translation is not optimized, it creates a
bottleneck that negates the speed of a 5G
connection. This section explores these friction
points, analyzing how network congestion and
encryption overhead can degrade the performance
of a real-time system. We conclude that "intelligent
data thinning" at the edge—sending only the
significant clinical changes rather than the entire raw
stream—is a necessary strategy to overcome these
persistent infrastructural challenges.

Optimization Strategies and Case Studies

To overcome the aforementioned challenges,
researchers have developed several optimization
strategies.  Lightweight  virtualization,  using
containers like Docker instead of full virtual
machines, allows for faster deployment and lower
overhead in the cloud. Task offloading policies are
also critical; these are dynamic algorithms that
evaluate current network latency and battery levels
to decide whether a specific biomedical calculation

should happen locally or be sent to the cloud.
Hardware acceleration, such as using GPUs in the
cloud to process high-definition medical imaging or
FPGAs at the edge for rapid signal filtering, has
shown to reduce processing times by over 60%.

Practical case studies illustrate these benefits. In
remote cardiac monitoring, hybrid edge-cloud
systems have successfully reduced the time-to-alert
for atrial fibrillation from several minutes to under
five seconds. Similarly, in smart ICU environments,
edge-resident systems have been shown to reduce
"alarm fatigue" by pre-filtering nuisance alarms
before they reach the central nursing station. These
real-world examples prove that performance
optimization is not just a theoretical exercise but a
practical requirement for clinical adoption. This
section synthesizes these strategies into a set of best
practices for engineers designing the next
generation of real-time biomedical systems.

I1l. FUTURE DIRECTIONS AND
CONCLUSION

The horizon of real-time biomedical processing is
being redefined by 5G and 6G technologies,
specifically through Ultra-Reliable Low-Latency
Communications (URLLC). These networks promise
"sub-millisecond" latency, which could finally make
remote robotic surgery a widespread reality.
Furthermore, the integration of Quantum Cloud
Computing offers the potential to process complex
biological simulations—such as real-time drug
interaction modeling or personalized protein
folding—at speeds that are physically impossible for
classical silicon-based computers. As these
technologies mature, we will see the emergence of
"autonomous performance tuning," where Al agents
monitor the cloud-to-sensor pipeline and
reconfigure network paths in real-time to maintain
clinical SLAs.

In conclusion, the performance analysis of cloud-
based biomedical systems reveals a clear trend: the
centralized cloud is no longer sufficient for real-time
healthcare. The future lies in a highly orchestrated,
hierarchical architecture that pushes intelligence as
close to the patient as possible. While challenges in
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security overhead and data synchronization remain,
the combination of hardware acceleration and 5G
connectivity is rapidly closing the gap between local
and remote processing speeds. This review serves as
a call to action for the development of "guaranteed-
performance” clinical infrastructures. By prioritizing
latency and reliability as core design principles, we
can move toward a truly global, real-time healthcare
system that improves patient outcomes through the
power of intelligent cloud-integrated sensing.
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