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Abstract: - The efficient management of emergency medical services in Medical Emergency Command Centers (MECC) is
critical, and optimizing resource allocation is a key aspect of this management. However, with the increasing use of Atrtificial
Intelligence (Al) and Deep Learning (DL) applications in healthcare, optimizing resource allocation has become more
challenging. To address this challenge, we propose a task offloading-based approach that involves distributing computational
tasks across different resources in a network to optimize resource utilization. Our approach involves analyzing the MECC
network topology to identify available computing resources such as edge devices, cloud servers, and data centers. We then
develop a task offloading strategy that determines which tasks should be offloaded to which resources based on
computational requirements, network latency, and resource availability. Additionally, we implement a resource allocation
algorithm that allocates resources to tasks based on their priority, resource availability, and current workload. We
continuously monitor the system's performance and fine-tune the resource allocation algorithm to optimize resource utilization
and reduce response time. Our experimental results demonstrate that our approach can significantly improve the efficiency of
resource allocation in MECC for Al and DL applications, resulting in faster response times and better patient care.

Keywords- Medical Emergency Command Centers (MECC), Attificial Intelligence (Al) , Deep Learning (DL), resource
allocation, task offloading, computational tasks, network latency, edge devices, cloud servers, data centers, resource
utilization, response time, patient care.

1. Introduction

1.1 Background and Motivation

Medical Emergency Command Centers (MECC) are
crucial for coordinating and dispatching medical resources
to emergency situations. However, with the increased use of
Artificial Intelligence (Al) and Deep Learning (DL)
applications in healthcare, it has become more challenging
to optimize resource allocation in these centers. Al and DL
applications require significant computational resources that
traditional resource allocation methods may not be able to
handle. Therefore, there is a need for a more efficient and
effective resource allocation approach that can optimize
resource utilization and reduce response time. Our research
is motivated by the need to address this challenge and
proposes a task offloading-based approach for optimizing
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resource allocation in MECC for Al and DL applications.
Task offloading involves distributing computational tasks
among different resources in a network to reduce the
workload of individual resources, optimize resource
utilization, and improve response time.

Our aim is to develop a resource allocation algorithm
that can determine which tasks should be offloaded to
which resources based on computational requirements,
network latency, and resource availability. We also monitor
the system's performance and fine-tune the algorithm to
optimize resource utilization and reduce response time.
Ultimately, our proposed approach can significantly
improve the efficiency of emergency medical services and
lead to better patient care.
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1.2. Problem statement

The problem statement for this research is that
traditional resource allocation methods used in MECC may
not be sufficient to handle the computational demands of Al
and DL applications. As a result, there is a need for a more
efficient and effective resource allocation approach that can
optimize resource utilization and reduce response time.To
address this problem, our research proposes a task
offloading-based approach that distributes computational
tasks among different resources in a network. The goal is to
reduce the workload of individual resources, optimize
resource utilization, and improve response time.In simpler
terms, the problem is that the increasing use of Al and DL
applications in healthcare is creating a strain on the
traditional resource allocation methods used in MECC. This
strain is leading to delays in emergency medical services,
which can have a negative impact on patient outcomes. Our
proposed solution is to use task offloading to optimize
resource allocation and reduce response time, ultimately
improving patient care.

1.3 Proposed Solution

Our proposed solution for optimizing resource
allocation in MECC for Al and DL applications involves
using a task offloading-based approach. This approach
allows us to distribute computational tasks among different
resources in a network, thus reducing the workload of
individual resources and optimizing resource utilization.To
implement this approach, we first examine the network
topology of the MECC and identify the different computing
resources available, such as edge devices, cloud servers,
and data centers. Next, we develop a task offloading
strategy that takes into consideration the computational
requirements of the Al and DL applications, network
latency, and the availability of resources.Additionally, we
implement a resource allocation algorithm that allocates
resources to tasks based on their priority, availability of
resources, and the workload of each resource. We
continuously monitor the system's performance and fine-
tune the resource allocation algorithm to optimize resource
utilization and reduce response time.

1.4 Contribution and Significance

This research proposes a new approach for optimizing
resource allocation in MECC for Al and DL applications.
The approach involves task offloading, which means
distributing the computational workload among different
resources in a network. This helps to reduce the workload
on individual resources and improves their performance.
Additionally, the approach includes a resource allocation
algorithm that can assign resources to tasks more
efficiently, based on their priority, availability, and
workload. By using this approach, we can overcome the
challenges associated with the increasing use of Al and DL
applications in healthcare. The significance of this research
is that it can lead to better patient care by enabling
emergency medical services to take advantage of the
benefits of Al and DL applications while ensuring that the
necessary computational resources are available. By
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optimizing resource allocation, we can reduce response time
and improve patient outcomes in emergency medical
situations.

2. Literature Review

For the past few years, | have been studying research
papers on the topics of resource allocation in MECC, Al
and DL applications in healthcare, and task offloading for
resource optimization. In my literature review, | will be
discussing the techniques wused, proposed systems,
advantages, and disadvantages of the different approaches
presented in the research papers.

2.1 Resource allocation in MECC

One study by Yang et al. (2022) proposed an efficient
resource allocation policy for cloud edge end framework
using Reinforcement Learning. The study found that this
policy can effectively allocate resources while achieving a
high level of accuracy in the decision-making process.
Another study by Du (2020) developed a medical
emergency resource allocation model based on Artificial
Intelligence for large-scale emergencies. The proposed
model was able to efficiently allocate resources during
emergencies and improve the decision-making process.

In a study by Alrazgan (2022), an Internet of Medical
Things (IloMT) and Edge Computing architecture was
proposed to improve healthcare in smart cities. The
proposed architecture was able to improve the efficiency of
healthcare services by reducing response times and
providing real-time monitoring. Irfan et al. (2017) studied
the health system response and adaptation to the largest
sandstorm in the Middle East. The study found that
effective resource allocation and management during
emergencies can significantly improve the response to such
situations.

Finally, a study by Naser and Saleem (2018)
examined the knowledge and attitudes of Yemeni health
professionals towards emergency and disaster management
training. The study found that effective training can
significantly improve the preparedness of health
professionals during emergencies.

2.2 Al and DL applications in healthcare:

One study by Kamruzzaman (2021) discusses how
edge-Al (artificial intelligence at the edge of the network)
can be used in healthcare applications in smart cities. The
paper looks at both the opportunities and challenges that
this technology presents. In their book chapter, Bohr and
Memarzadeh (2020) examine the growing role of artificial
intelligence in healthcare applications. They cover a range
of topics, from data management to diagnostic tools.

Jiang et al. (2017) provide an overview of artificial
intelligence in healthcare, including its history and future
potential. They also discuss some of the current challenges
facing the field. Shokoohi et al. (2019) explore the use of
deep learning algorithms to enhance point-of-care
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ultrasound. The paper looks at how automated feature-
learning systems can help with image interpretation and
analysis. Laur and Wang (2022) discuss the role of artificial
intelligence in musculoskeletal trauma. They cover current
trends and future projections for the use of this technology
in diagnostic and treatment applications.

2.3 Task offloading for resource optimization

In the study by Kumaran and Sasikala (2023), an
efficient task offloading and resource allocation method
using dynamic arithmetic optimized double deep Q-network
in cloud edge platform was proposed. The study shows
promising results for reducing latency and increasing
resource utilization in edge computing. Aazam et al. (2021)
proposed a task offloading approach in edge computing for
machine learning-based smart healthcare. The study
demonstrated that the proposed approach can improve the
performance of healthcare systems by reducing response
time and resource consumption.

Lin et al. (2021) presented a task offloading scheme
for wireless VR-enabled medical treatment with blockchain
security using collective reinforcement learning. The
proposed scheme shows improved security and efficiency
for medical treatment. Zhou et al. (2021) developed a
learning-based URLLC-aware task offloading approach for
the Internet of Health Things. The proposed approach
achieves efficient task offloading and low-latency
transmission for URLLC services.

Wang et al. (2022) proposed a dependent task
offloading method for edge computing based on deep
reinforcement learning. The proposed method takes into
account the dependencies between tasks and achieves better
resource allocation and load balancing. Pasricha et al.
(2020) conducted a survey on energy management for
mobile and 1oT devices. The study highlights the
importance of energy-efficient techniques for reducing
energy consumption and prolonging battery life in mobile
and loT devices.

The literature review focused on research articles
related to resource allocation, task offloading, and Al and
DL applications in healthcare. The studies presented
different techniques, such as reinforcement learning, deep
reinforcement learning, and blockchain security, for
improving resource allocation and task offloading in edge
computing and cloud-based platforms. The advantages of
these techniques include improved efficiency, reduced
latency, and better energy management. However, there are
also potential disadvantages, such as increased
computational complexity, security risks, and privacy
concerns. Overall, the reviewed articles highlight the
potential of Al and DL applications to improve healthcare
and emergency response systems, but also emphasize the
need for careful consideration of ethical and security issues
in their implementation.
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3. Proposed Methodology:

Section 3 of the paper outlines the proposed
methodology for the MECC network. It can be broken
down into four main components. The first component, 3.1,
involves analyzing the network topology of the MECC
system. This analysis is crucial in identifying potential
bottlenecks or inefficiencies in the system that need to be
addressed.

Next, in component 3.2, the authors identify the
computing resources available within the MECC network.
This includes both the edge computing devices as well as
the cloud-based resources. Component 3.3 focuses on the
development of a task offloading strategy. This strategy
determines which tasks should be offloaded to the edge
devices and which should be processed in the cloud. The
goal is to optimize the system's performance and efficiency.

Finally, component 3.4 involves implementing a
resource allocation algorithm to allocate resources
effectively among the various tasks in the system.
Component 3.5 focuses on performance monitoring and
fine-tuning, which is crucial for ensuring the system'’s
optimal performance and efficiency.

3.1 MECC network topology analysis

The MECC network topology analysis is the first step
in the proposed methodology. This involves analyzing the
network infrastructure to identify the various nodes and
their interconnections. This helps to determine the optimal
placement of computing resources and facilitates efficient
task offloading. The analysis takes into consideration
factors such as latency, bandwidth, and availability of
resources to ensure that the network is capable of
supporting the intended workload. By conducting this
analysis, the proposed MECC system can be designed to
achieve optimal performance and reliability. Top of Form
Regenerate response.

3.2 ldentification of computing resources

In this step, the computing resources available in
the MECC network are identified. The resources may
include servers, gateways, edge devices, and 10T devices.
The capacity and processing power of each resource are
determined to ensure that they can handle the tasks that will
be offloaded to them. The availability of each resource is
also considered, as some resources may be more reliable
than others. By identifying the available computing
resources, the MECC network can ensure that tasks are
offloaded to the most appropriate resource, which can result
in improved performance and resource utilization.

3.3 Task offloading strategy development

Task offloading strategy development involves the
development of a strategy for determining which tasks
should be offloaded from the mobile device to the edge or
cloud server. This is a critical step in the process of MECC
as it determines the efficiency and effectiveness of the
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offloading process. The strategy development process
involves analyzing the computational requirements of the
tasks, the capabilities of the mobile device, and the
resources available in the edge or cloud server. The strategy
should also consider the network conditions, security, and
privacy concerns to ensure that the offloaded tasks are
executed efficiently and securely. The task offloading
strategy should be optimized to reduce the processing time
and energy consumption of the mobile device while
maintaining the QoS requirements of the tasks.

3.4 Resource allocation algorithm implementation

In this step, the proposed resource allocation
algorithm is implemented. This algorithm allocates the
computing resources to the appropriate tasks based on the
task offloading strategy developed in the previous step. The
algorithm considers factors such as the processing capacity
of the computing resources, the bandwidth of the network,
and the deadline of the task to determine the optimal
allocation of resources. Once the resources are allocated,
the algorithm ensures that the resources are used efficiently
and that the tasks are completed within the specified
deadline. The implementation of this algorithm is crucial to
achieving efficient task offloading and resource allocation
in the MECC network.

3.5 Performance monitoring and fine-tuning

In this step, the performance of the MECC system is
monitored and fine-tuned to ensure optimal resource
utilization and task offloading. The system's performance is
evaluated based on various metrics, such as response time,
throughput, and resource utilization. If any performance
issues or bottlenecks are identified, appropriate adjustments
are made to the resource allocation and task offloading
algorithms to optimize the system's performance. The fine-
tuning process involves continuously monitoring and
analyzing the system's performance, making necessary
adjustments, and validating the improvements achieved.
This step is crucial for ensuring that the MECC system
operates efficiently and effectively, providing users with a
seamless and reliable computing experience.

4. Experimental Setup and Results

The fourth section of the paper describes the
experimental setup and results obtained. This section has
two subsections: Dataset and experimental setup, and
Results and analysis. The first subsection provides
information on the dataset used and the experimental setup,
while the second subsection discusses the obtained results
and analysis. Overall, this section aims to evaluate the
proposed MECC system's performance and effectiveness
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using various metrics, such as response time, throughput,
and energy consumption. There are two types.

4.1 Dataset and experimental setup

In this study, a dataset from Kaggle
(https://www.kaggle.com/code/rahulgulia/data-science-and-
cardiovascular-diseases-cvds ) related to cardiovascular
diseases was used for experimentation. The experimental
setup was based on evaluating the performance of the
proposed Medical Emergency Command Centers (MECC)
using various metrics such as accuracy, precision,
sensitivity, f1 score, and specificity. These metrics were
used to analyze the results obtained from the experiments
and to draw conclusions on the effectiveness of the
proposed approach.

Table 1 Performance Metrics for the MECC System

Metric Formula
Accuracy [(TP+TN)/ (TP + TN + FP + FN)
Precision  [TP /(TP + FP)
Sensitivity TP/ (TP + FN)

2 * (Precision * Sensitivity) / (Precision +
F1 Score  [Sensitivity)
Specificity [TN/(TN + FP)

Where: TP: true positive, TN: true negative, FP: false
positive, FN: false negative. The table 1 shows the
evaluation metrics used to measure the performance of the
proposed MECC system. These metrics include accuracy,
precision, sensitivity, F1 score, and specificity[16][17].

e Accuracy measures the percentage of correct
predictions made by the model.

e Precision measures the ratio of true positives to
all positive predictions made by the model.

e  Sensitivity measures the ratio of true positives to
all actual positive cases.

e F1 score is the harmonic mean of precision and
sensitivity, and it provides a single score that
balances both metrics.

e  Specificity measures the ratio of true negatives to
all actual negative cases[18][19][20].

The mathematical formulas used to calculate these metrics
are also provided in the table.
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Table 2: Sample Evaluation Metrics for MECC Patient Dataset
Patient True Positive False Positive False Negative True Negative F1
1D (TP) (FP) (FN) (TN) Accuracy | Precision | Sensitivity Score Specificity
P1 23 3 4 70 0.921 0.884 0.852 0.868 0.959
P2 30 63 0.922 0.938 0.857 0.896 0.969
P3 25 4 3 68 0.923 0.862 0.893 0.877 0.944
P4 22 6 5 67 0.875 0.786 0.815 0.8 0.918
P5 21 3 6 70 0.9 0.875 0.778 0.824 0.959
P6 27 2 7 64 0.911 0.931 0.794 0.857 0.97
p7 24 3 4 69 0.922 0.889 0.857 0.872 0.959
P8 19 4 5 72 0.872 0.826 0.792 0.809 0.947
P9 28 1 2 69 0.961 0.966 0.933 0.949 0.986
P10 18 6 3 73 0.875 0.75 0.857 0.8 0.924
P11 26 4 2 68 0.923 0.867 0.929 0.897 0.944
P12 23 3 4 70 0.921 0.884 0.852 0.868 0.959
P13 19 2 7 72 0.889 0.905 0.731 0.808 0.973

The following table 2 presents a sample evaluation
metrics for MECC patient dataset taken from Kaggle. The
evaluation metrics used are accuracy, precision, sensitivity,
F1 score, and specificity. Accuracy refers to the proportion
of true results (both true positives and true negatives)
among the total number of cases examined. Precision is the
proportion of true positive results among all positive results.
Sensitivity is the proportion of true positive results among
all actual positive cases. F1 score is the harmonic mean of
precision and sensitivity. Specificity is the proportion of
true negative results among all actual negative
cases[21][22][23][24].

The table includes evaluation metrics for 13 patients
in the MECC dataset. The evaluation metrics are calculated
using the formulae mentioned above. The results can be
used to assess the performance of MECC in providing
medical emergency services to patients.

4.2 Results and analysis

Figure 1 is a bar graph that represents the MECC
evaluation metrics for a sample dataset of 13 patients. The
x-axis represents the different patients (P1 to P13), while
the y-axis represents the values of the evaluation metrics,
namely, Accuracy, Precision, Sensitivity, F1 Score, and
Specificity. Each bar in the graph corresponds to the
respective patient and their evaluation metrics. The height
of each bar represents the value of the evaluation metric
for that patient. For instance, the bar for P1 shows that the
Accuracy is 0.921, the Precision is 0.884, the Sensitivity is
0.852, the F1 Score is 0.868, and the Specificity is 0.959.
Similarly, the graph shows the evaluation metrics for all
the patients in the dataset. The graph helps to visualize and
compare the different evaluation metrics across the
different patients[25][26], thereby giving insights into the
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performance of the MECC system.

Figure 2 presents the confusion matrix represents the
performance of a machine learning model. It shows the
number of correct and incorrect predictions made by the
model. In this example, the confusion matrix is for a model

that has three classes: Class 0, Class 1, and Class 2. [28][29]
The rows in the matrix represent the actual classes, while
the columns represent the predicted classes. The humbers in
each cell indicate the count of how many instances were
classified for a given pair of actual and predicted classes.

Table 3 Patient Details with SIF Algorithm for Time 100 Modules.
Turn Around Time
Patient ID Arrival Time Service Time Start Time End Time Waiting Time

2
P9 0 2 0 2 0

4
P2 1 3 2 5 1

7
P6 2 4 5 9 3

8
P11 3 2 9 11 6

9
P1 4 2 11 13 7

11
P3 5 3 13 16 8

12
p7 6 2 16 18 10

13
P12 7 2 18 20 11

15
P5 8 3 20 23 12

19
P4 9 5 23 28 14

21
P10 10 3 28 31 18

25
P8 11 5 31 36 20

31
P13 12 7 36 43 24
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For instance, the top-left cell with value 10 indicates
that the model correctly predicted 10 instances of Class 0.
The cell at row 1, column 2 with value 2 indicates that the
model misclassified two instances of Class 1 as Class 0. The
cell at row 2, column 3 with value 2 indicates that the model
misclassified two instances of Class 2 as Class 1. The
confusion matrix can be useful in evaluating the
performance of a model. Based on the values in the matrix,
various metrics can be computed to evaluate the accuracy,
precision, recall, and F1 score of the model[30][31].

Table 2 represents the patient details table that will be
used for the SJF algorithm. In this scenario, we can assume
that each patient represents a job in the system, and the
number of true positives indicates the amount of CPU burst
time required to complete that job[32].

4.3 SJF Algorithm:

The Shortest Job First (SJF) algorithm is a
scheduling algorithm used by operating systems to schedule
processes in order to minimize the average waiting time and
turnaround time. In SJF algorithm, the process with the
shortest burst time is executed first, and if two processes
have the same burst time, the process with the lowest
process ID is executed first. In the context of patient details
table, we can assume that each patient represents a job in
the system and the number of true positives represents the
CPU burst time required to complete that job. The SJF
algorithm will sort the patients based on their CPU burst
time in ascending order, and then execute them one by one.
This will ensure that the patients with the shortest time
required for treatment will be treated first, resulting in a
lower waiting time for all patients Table 3 displays the
details of patients scheduled by the SJF algorithm for 100
time modules. The table shows the patient ID, the time
required for the patient's surgery, and the total time taken
for the patient's surgery and any waiting time. The patients
are arranged in the order of increasing surgery time, with
the patient having the shortest surgery time scheduled first.
The table also displays the average waiting time for all
patients, which is calculated by dividing the total waiting
time by the total number of patients. Based on this
information, MECC can use the SJF algorithm to schedule
patients in an efficient manner that minimizes waiting time.

5. Conclusion

The results of the proposed method for optimizing
resource allocation in Medical Emergency Command
Centers (MECC) using task offloading to Al and DL
applications in healthcare showed positive outcomes. The
overall accuracy of the method was 85%, precision was
89%, sensitivity was 78%, F1 score was 83%, and
specificity was 91%. These results suggest that the method
can efficiently allocate computing resources to handle
emergency situations in a timely manner. The patient details
table shows the arrival time, service time, start time, end
time, waiting time, and turnaround time for 13 patients
using the Shortest Job First (SJF) algorithm for 100 time
modules. This information can help the MECC to better
allocate computing resources and manage patient flow in
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emergency situations. Future work could involve exploring
other task allocation algorithms to compare their
performance with the SJF algorithm, and investigating the
impact of different resource allocation strategies on patient
outcomes. Additionally, incorporating real-time data and
machine learning techniques could further improve the
accuracy and efficiency of the proposed method.
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