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Abstract— With the rapid expansion of IoMT devices, there
is a growing need for rapid and dependable processing of
healthcare tasks at the edge of the network. The traditional fog
scheduling approaches are limited by the dynamic workloads,
node resource heterogeneity, severe deadlines, and changing
resource constraints. The proposed framework doesn't fix a
specified historical period in the implementation phase but
rather adopts a workload of healthcare IoMT. The task
attributes are the required CPU time, data size, deadline, task
type, priority, node processing capacity, memory, and available
energy. The node loads, queue lengths, task urgency, task size,
remaining deadline and energy levels are input to the state
vector through preprocessing and then undergo min-max
normalisation, urgency encoding, action masking and reward
computation. The two most main learning models are DQN and
PPO. The base cases are Round Robin, Greedy and Random
scheduling. Task completion ratio, average response latency,
energy consumption, load balance index, deadline violation rate
and convergence behaviour are used to measure the
performance. The DRL based infrastructure demonstrates 97%
on-time completion of critical healthcare tasks with balanced
fog-node utilisation of around 60% which is 26% better than
Round Robin baseline. The findings show that in critical
healthcare scenarios, adaptive scheduling, load balancing,
deadline constraints, and resource efficiency are improved.

Keywords— Deep Reinforcement Learning, Fog Computing,
Task Scheduling, Load Balancing, Internet of Medical Things,
Healthcare Systems.

1. INTRODUCTION

The IoMT is expanding at an accelerated pace and
changing the face of healthcare by empowering the continuous
monitoring of physiological data from wearables, smart
sensors and interconnected medical devices. These systems
produce time-sensitive data that needs to be analysed quickly
to enable patient monitoring, emergency detection, and
clinical decision making. Cloud computing offers us a lot of
space and processing power but if we are sending healthcare
information to servers located somewhere else, it may not
always be timely which is not good for the applications that
need to be done before time. To solve this problem, fog
computing is a method which places the processing, storage
and communication resources closer to the data sources,
reducing the communication delays and facilitating faster
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services. The existing fog architectures designed for
healthcare have proved the significance of local processing
and distributed resource management for important medical
applications [1]. The hybrid fog-edge solutions have also
pointed to the need of reducing latency, communication
overheads and resource consumption in real-time healthcare
scenarios [2]. Such advances render fog computing as an
important enabler for healthcare services in terms of time and
distribution.

But, it is challenging to manage work loads in healthcare
efficiently because the fog configurations consist of a
collection of heterogeneous resources and their task arrivals
and resource states are constantly changing. Such
conventional scheduling techniques may rely on a fixed
criterion or on a fixed optimisation decision and hence are not
able to react to varying workloads. These have resulted in
improvements in processing efficiency and resources
utilisation in existing resource scheduling systems; however,
issues of flexibility, training complexity and scalability
remain [ 3 ]. In addition, dynamic scheduling algorithms have
also proved useful in reaction time and resource allocation;
however, their usefulness is limited in critical situations in
healthcare. Priority and optimisation based methods can help
improve job allocation and load sharing, but may not be
adaptive enough to the rapidly changing system states [5].
Thus, an intelligent scheduling system is needed that will
consider the urgency of the healthcare tasks, availability of the
healthcare resources, response requirements, load-balancing
and energy constraints all at once.

This paper is an effort to create an adaptive scheduling
system for critical healthcare systems that can decide on
resource allocation based on the current state of the fog
infrastructure. The proposed framework is aimed at
optimizing the timely completion of healthcare tasks while
maintaining a balance on fog resources utilization. It is also
meant to facilitate important activities based on the priority
and time limits as per the availability of resources and energy.
The proposed approach will be able to cope with the varying
workloads and the varying node conditions rather than only on
the well-known scheduling rules. Previous work has proven
the promise of learning based resource management in
dynamic edge/fog scenarios [6] and adaptive decision making
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in resource management for Healthcare [7]. The proposed
framework is based on these instructions and brings a lot of
operational requirements into a coherent scheduling objective.

With the continuous growth of IoMT deployments, this
work is important as it can further enhance the responsiveness
and dependability of the fog enabled healthcare services.
Proper task distribution helps to reduce unnecessary delays,
prevent overloading individual fog nodes, boost resource
utilization, and ensure timely processing of critical medical
tasks. These are particularly important for health care
applications where a slow processing speed could affect
monitoring and emergency response capabilities. Recent
research efforts on cooperative healthcare scheduling, energy-
aware resource management and adaptive edge intelligence
have highlighted the need of jointly considering the
performance and resource restrictions [8]. Scalability,
computational complexity and convergence are also identified
ongoing issues in the wider research context of learning-based
management of fog resources [9]. Furthermore, it is known
that for IoT edge applications, adaptive task scheduling
decisions made with dynamic decision-making can increase
the satisfaction of tasks and enhance the efficiency of task
executions when compared with the conventional methods
[10]. Therefore, the proposed solution can help to make
healthcare fog more responsive, balanced and scalable to
accommodate more dynamic workloads of [oMT.

II. RELATED WORK

In recent advances of distributed computing, resource
management and task scheduling have emerged as a major
problem with latency-sensitive applications. Mao et al. [11]
surveyed mobile edge computing comprehensively from a
communication standpoint, and stressed the need of
minimising the communication delay and efficiently using the
resources close to the end devices. Their research is general
and gives a good foundation to understand the requirements
of edge computing but is a health care specific scheduling
system. To solve multi-objective optimisation problems
Zhang and Li [12] proposed MOEA/D, which is a
multiobjective  evolutionary  algorithm  based  on
decomposition. Although this would demonstrate the benefit
of breaking down big optimisation problems into smaller
subproblems, the evolutionary nature of the approach would
not explicitly cater to the continuously changing scheduling
situations.

More emphasis has been paid to task scheduling and load
balancing in fog and cloud-edge situations. Yu and Zheng [13]
proposed a hybrid evolutionary technique for job scheduling
and load balancing improvement for fog computing. They
exhibit potential for integration optimisation methods to
enhance resources allocation. But it will be challenging for
evolutionary methods to run in locations where “rapid”
decisions must be made based on changing workloads and
resource conditions. Abbas et al. [14] presented a detailed
survey on mobile edge computing that included resource
management, compute offloading and latency issues. The
survey reveals major needs in distributed computing, and
recommends no adaptive solution for vital healthcare
workloads.

Work urgency, response speed and reliability are other
constraints imposed by healthcare orientated fog computing.
Mutlag et al. [15] proposed MAFC, a multi-agent fog
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computing model to deal with the management of crucial
healthcare tasks while taking into account the significance of
the task, network load and available resources. The technique
shows the feasibility of fog computing for healthcare task
management. The decision mechanism is, however, based on
predetermined decision structures and therefore may not be
very adaptive to fast changes in the situation. A hybrid fog-
edge architecture for real-time IoMT health monitoring,
focusing on reducing latency, handling data efficiently, and
ensuring attack resilience was proposed by Islam et al. [16].
The design improves real-time processing of healthcare
information, however, the scheduling decisions are not much
influenced by continual learning to allocate resources.

The learning-based scheduling has been more and more
regarded as a viable direction for dynamic computing
environment. In the collaborative edge-cloud environment,
Wang and Yang [17] used DRL to optimise resource
scheduling, which improved processing efficiency and
resource utilisation. Wang et al. [18] proposed a scheduling
method based on DRL to deal with edge and fog setting, which
achieved better performance in system load management and
reaction time compared with traditional methods. However,
there are still issues in terms of training overhead,
convergence stability, scalability and the general scheduling
methods for essential healthcare circumstances. Arunarani et
al. [19] analyzed the job scheduling strategies in cloud
computing and highlighted the challenges for efficient job
scheduling in heterogeneous clouds. Singh et al. [20] assessed
the meta-heuristic scheduling systems and demonstrated their
importance and efficiency in optimisation; however, they also
highlighted the broader issue of achieving efficient scheduling
in complex cloud environments.

Overall, the contributions are quite mature in the areas of
edge and fog resource management, optimisation and
healthcare-oriented computing. But many of them use static
decision rules or optimisation algorithms that are not
necessarily very effective to respond to continuously changing
workloads, heterogeneity of fog resources, strict deadlines in
healthcare applications, as well as concurrent load and energy
demands. In general, learning-based systems give flexibility,
but may not always be suitable for crucial healthcare needs.
This work addresses this gap by introducing an adaptive
scheduling framework for critical healthcare fog scenarios
without taking pre-scheduled decisions, whether it is timely
task execution or resource allocation balance, or deadline
consideration or energy-aware operation.

IIT. MATERIALS AND METHODS

Adaptive task scheduling and load balancing for critical
healthcare applications in fog environment is the suggested
approach. It uses a synthetic IoMT healthcare workload
varying in terms of the amount of required CPU time, data
size, deadline, job type, priority, and fog-node attributes like
processing capability, memory, and available energy. The
system then generates an environment state by collecting the
node loads, queue lengths, job urgency, task size, remaining
deadline and energy levels after general data preparation.
Normalisation of features stabilises learning. To represent the
scheduling problem as a Markov Decision Process, the
learning agent can make proper decisions about task
assignment, depending on the current state of the system. The
following baselines are used: Round Robin, Greedy and
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Random scheduling, which are all trained using DQN and
PPO. A reward mechanism jointly evaluates the latency, the
satisfaction of deadline, load distribution and energy
consumption for each task. The developed framework is
expected to improve on timely task completion, utilisation of
resources, load balancing and adaptability for dynamic
healthcare workloads.

DRL-Based Adaptive Task Scheduling in Fog Computing for Healthcare
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Fig. 1. System Architecture
A) Modules:

State Vector Construction: A single representation of
state is created by merging the node loads, queue lengths, task
urgency, task size, remaining deadline and energy levels, for
use in the preprocessing phase. This representation shows the
operating state of inbound healthcare jobs and the available
fog resources. It aims at providing the scheduling decision
making agent with critical context information before every
scheduling decision. It brings together the task and resource
features in the same system state and facilitates informed
decisions while maximizing adaptability in the face of
dynamic workloads.

Feature Normalization: Min-max scaling is used to scale
the numerical state attributes to the range [0, 1]. This reduces
the scale differences between variables like workload, queue
size, deadlines and energy level, thus preventing that
variables with larger numerical ranges dominate the learning
process. Consistent scaling is an important aspect of stable
training of neural networks and reliable policy updates.
Normalisation enables meaningful correlation to be found
between the system circumstances in the scheduling
framework and increases the convergence and the numerical
stability.

Urgency Encoding: Task urgency encoding is done to
convert healthcare task priority information into a numeric
representation that still preserves the categorical meaning.
There is a difference between Critical, Urgent, Normal and
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Routine tasks. This enables the 'relative priority' of tasks to
be added to the scheduling state. This preprocessing phase is
necessary as healthcare tasks have wvarying response
requirements and deadlines. Using the consistent urgency
representation facilitates the identification of critical
workloads by the scheduling agent and also provides a bias
for time-constrained resource allocations, when scheduling
under constrained resources.

Dead-Zone Masking: The dead-zone masking discards
the fog nodes which are not available for task allocation, such
as offline nodes and nodes running out of resources such as
energy. This phase restricts scheduling decisions to those
resources that can perform incoming tasks, preventing
scheduling of them to resources that are not able to perform
them wunder changes. This is particularly true for a
heterogeneous fog scenario where nodes may come and go.
Masking eliminates unnecessary nodes which can no longer
reach the chosen action, so as to avoid unnecessary decisions,
guarantee operation reliability and let the scheduling agent
concentrate on the valid resource allocation.

Reward Computation: To support adaptive decision
making, the reward computation maps the outcomes from
scheduling to the feedback. The reward analysis considers
latency, energy consumption and successful execution of
tasks, which are the performance requirements for the
healthcare fog environment. Positive reinforcement is
provided if the execution is on time and on target while
consequences of delay, excessive energy consumption and
poor scheduling are less rewarding. The formulation is
important because it establishes a congruence between
learning goals and operational goals and leads to decisions
that improve responsiveness, utilisation of resources, load
balancing and deadline conformance during various
interactions.

Train-Validation-Test ~ Partitioning: The workload
environment is divided into training, validation and testing
phases so that learnt scheduling policies can be reliably
evaluated. 70% training, 15% validation and 15% testing
environment. Validation is for tuning parameters and to see
if overfitting occurs; held-out testing is to see how the system
behaves if it gets a surge workload, if a node fails, or if it gets
a large workload burst. This distinction increases the
legitimacy of performance assessment, and demonstrates
generalisation beyond training circumstances.

B) Algorithms

Deep Q-Network (DQN): The DQN is used to learn the
values of actions given the state of the system observed, and
select scheduling options to maximise the cumulative reward.
It facilitates adaptive learning capability to efficiently
distribute the tasks under varying workloads, thereby
minimizing the response latency and optimizing the resource
distribution among the different fog nodes.

Proximal Policy Optimization (PPO): Proximal strategy
Optimisation learns a scheduling strategy without imposing
too much restriction on policy changes during training. This
allows for stable learning and reliable decision making in
varying fog conditions, leading towards efficient job
allocation, deadline compliance and regular resource usage.

Round Robin Scheduling: Round Robin Scheduling
schedules jobs in the order they arrive with all the available
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fog nodes, irrespective of their current load and resources. It
provides a baseline to compare against, and can be used to
assess the benefits of adaptive scheduling in a heterogeneous
and dynamic resource environment.

Greedy Scheduling: The work is assigned to the node
which appears to be most suitable according to the resources
present in that node or estimated time of execution. The
simple choice procedure is an efficient instant allocation
procedure which also acts as a baseline to compare adaptive
scheduling in response to varying workloads.

Random Scheduling: Random Scheduling Randomly
assigns the incoming jobs to the available fog nodes, ignoring
their workload, urgency or resource information. It's
straightforward — and offers a way to gauge the value of
intelligent scheduling solutions for achieving job completion,
latency, and load distribution.

IV. EXPERIMENTAL RESULTS
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Algarithm Performance Comparison
DRL vs. Baseline Schedulers
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Fig: 5 Algorithm Comparison Bar
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V. CONCLUSION

In conclusion, the designed system aims to address the
challenges of static scheduling in dynamic IoMT workloads
by offering adaptive task scheduling and efficient load
balancing for critical healthcare applications in fog
computing environments. The system uses a simulated
workload of healthcare tasks, task urgency, processing time,
quantity of data, deadlines, and features of the fog-nodes. The
scheduling environment is formalized as a Markov Decision
Process and both DQN and PPO are used to learn adaptive
task allocation strategies. Round Robin, Greedy and Random
scheduling are compared with. In a multi-criteria incentive
scheme, besides completion of job, delay and deadline, load
distribution and energy use are also taken into account so that
the decisions about scheduling are more balanced.
Experimental results show that 97% of important healthcare
tasks were completed on time, a 26% improvement over the
Round Robin baseline. Centralised training with
decentralised execution substantially facilitates the
deployment of policies in the fog world and helps to cope
with changing workloads and node failures. The overall
developed approach displays reliable and responsive resource
management and offers a realistic basis for boosting timely
healthcare task execution, efficient fog utilisation and
dependable decision support in dynamic IoMT environments.

Future work could include validation of the system with
more diversified and sized real-world IoMT healthcare
workloads. The scheduling environment can be expanded to
other fog nodes, varying network conditions, and more
complex dependency of healthcare jobs. Future research
could be focused on distributed learning and privacy-aware
learning for secure resource management in healthcare
settings. When integration with real hospital IoT
infrastructures is made possible, realistic testing can be
carried out in real time. Better monitoring and fault-handling
capabilities can also be used to increase dependability in
cases of node failures and workload surges, as well as during
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changes in resource availability, to enable scalable delivery
of healthcare services.
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