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Abstract—Nowadays, a large amount of services are deployed
on the edge of the network from the cloud since processing data
at the edge can reduce response time and lower bandwidth cost
for applications such as healthcare in smart homes. Resource
management is very important in the edge computing since
it is able to increase the system efficiency and improve the
quality of service. A common approach for resource management
in edge computing is to assign tasks to the remote cloud or
edge devices just according to several factors such as energy,
bandwidth consumption, and latency. However, the approach is
insufficiently efficient and falls short in meeting the requirements
of handling health emergency when being applied in smart
homes for healthcare. Possible health emergency needs immediate
attention and different health tasks have different priorities to be
processed. In this paper, we propose a task scheduling approach
called HealthEdge that sets different processing priorities for
different tasks based on the collected data on human health status
and determines whether a task should run in a local device or
a remote cloud in order to reduce its total processing time as
much as possible. Based on a real trace from five patients, we
conduct a trace-driven experiment to evaluate the performance
of HealthEdge in comparison with other methods. The results
show that HealthEdge can optimally assign tasks between the
network edge and cloud, which can reduce the task processing
time, reduce bandwidth consumption and increase local edge
workstation utilization.

I. INTRODUCTION

Although the integration of smart Internet of Things (IoT)
and cloud computing enables many applications, completely
moving all the computing tasks to the cloud is inefficient in
several scenarios. For instance, when the bandwidth is limited
and response time requirement is strict, uploading the data
to the cloud for processing may incur longer response time
and occupy large portion of the bandwidth. A study reported
that the bandwidth demand nearly double each year [1], which
would even increase the response time. Fortunately, since the
IoT devices become increasingly powerful nowadays, the data
processing can be executed at the edge of networks, namely
the edge computing [2]. By allowing the computation near
the data source and avoid unnecessary data movement, edge
computing gains several benefits, e.g., providing efficient net-
work operation and fast service delivery to ensure the quality
of service and improve the user experience [3]. Therefore,

recently, an increasing amount of services are pushed back to
the edge of the network from the cloud to reduce response
time and lower bandwidth cost.

Meanwhile, the healthcare domain starts to leverage edge
computing to improve healthcare services. The healthcare
platform deployed in a smart home enables utilizing sensors
and mobile devices, and scaling data storage and processing
power, for different kinds of healthcare analysis. It enables the
sharing of analytical results and accessing to the processing
and storage infrastructure with reduced response time and
optimized resource utilization [2]. For example, in a standard
healthcare scenario, assisted persons are monitored by many
different sensors gathering data and processing the data in
edge workstations (i.e., servers) or the private cloud data center
managed by the hospital. The doctors can diagnose and make
decisions with these data processing results. Computing tasks
on processing the collected data facilitate inferring complex
human behaviors [4], [5] Also, this healthcare platform pro-
vides an infrastructure for large-scale data analysis for health
in communities, public and global.

In edge computing, resource management plays an signifi-
cant role for assigning tasks (that are generated by local de-
vices) to the remote cloud (the central of the network) or local
servers/devices (the edge of the network). A common approach
for resource management in edge computing is to assign tasks
to the remote cloud or local servers according to several factors
such as energy, bandwidth consumption and latency. These
methods can be generally classified into three categories based
on their goals: (1) reducing energy consumption (e.g., [6]), (2)
improving system throughput (e.g., [7], [8]), and (3) reducing
task completion time (e.g., [9]).

In this paper, as in Figure 1, we consider the resource man-
agement in the healthcare platforms in smart homes between
the network edge (e.g., smart home sensors ) and the central of
the network (e.g., the private cloud data center). Specifically,
we propose a task scheduling approach called HealthEdge that
sets different processing priorities for different tasks based
on the collected data on human health status, and determines
whether a task should run in a local device or a remote cloud
in order to reduce its total processing time as much as possible.



Fig. 1: The overview of HealthEdge, which consists of three major components: task priority determination, latency estimation and priority-
considered task queuing.
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Fig. 2: Bandwidth utilization.

In HealthEdge, the system architecture is separated into two
tiers, where the private cloud data center is in the first tier, the
network edge including sensors and edge workstations are in
the second tier. All the tasks are generated by the sensors and
then the tasks will be transferred to the edge workstation.

II. PERFORMANCE EVALUATION

In this section, we evaluate the performance on network
bandwidth utilization for all the methods which include
Distributed, Centralized and Spanedge [10]. We attempt to
check if the methods use most of the available bandwidth,
leaving little bandwidth to users for daily use and hence
adversely affecting user experience. In Figure 2, we show
the average bandwidth utilization at each hour per day per
smart home from the one-month trace. Bandwidth means the
average bandwidth utilization by the user’s family excluding
the bandwidth utilization for the health systems. We can see
that the bandwidth utilization varied a lot over time. From
9:00 to 14:00 and 20:00 to 23:00, the bandwidth utilization
is almost 50% on average. In order to provide better user
experience, a task assignment method should limit the network
bandwidth usage and leave enough bandwidth to users for
daily use. HealthEdge assigns the tasks based on their dataset
size and predicted available bandwidth at that time. Its total
utilization is from 85% to 90%. HealthEdge can avoid the
problems of SpanEdge and Centralized. That is, HealthEdge
leaves a certain amount of bandwidth to users for daily use, it
constrains network cost and won’t cause network congestion
which enable to complete tasks timely.

III. CONCLUSION

In this paper, we propose a priority-based task queuing
method that enables emergency tasks to be processed earlier.
Meanwhile, it avoids delaying waiting tasks according to the
task waiting time and processing time. Further, HealthEdge
predicts human behaviors and hence available resources for
each server and its bandwidths to the cloud. based on which
it estimates the data transmission latency, queuing latency and
computing latency to predict the total processing time of a task
in each edge workstation and the private cloud data center.
Finally, HealthEdge assigns the task to the destination with
the shortest estimated processing time. We construct a trace-
driven simulation to evaluate the performance of HealthEdge
in comparison with other methods. The experimental results
demonstrated that HealthEdge can optimally assign tasks to
significantly reduce task total processing time, especially for
some emergency tasks.
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