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ABSTRACT

The recent COVID-19 pandemic has brought
significant challenges to the traditional healthcare
industry. A novel eHealth system is required to
cope with infectious and chronic diseases. This arti-
cle proposes an online eHealth system to monitor
patients and provides edge computing services
based on the Internet of Unmanned Aerial Vehicles
(UAVs). In order to minimize the health monitor-
ing latency and guarantee the resource utilization
efficiency of UAVs, the Lyapunov optimization
method is utilized to decompose the long-term
optimization problem into a series of instantaneous
optimization problems. Then the decomposed sub-
problem is formulated as a minimum cost max-
imum flow problem by constructing a bipartite
graph that maps medical analysis requests to target
UAVs. Extensive experimental results demonstrate
the effectiveness of our system. Finally, system anal-
yses illustrate that the robustness and scalability of
our eHealth system is favorable, and our system
can provide agile edge computing services for dis-
persed patients.

INTRODUCTION

The recent pandemic of Corona Virus Disease
2019 (COVID-19) has caused huge life and eco-
nomic losses [1]. Its characteristics of extreme-
ly contagious and short incubation period have
brought significant challenges to traditional health-
care systems. Direct contact between medical
staff and patients increases the risk of infections,
and surging numbers of patients can overload
healthcare infrastructure. In addition, patients
with chronic diseases need long-term continuous
healthcare monitoring. Frequent medical treat-
ment can cause unnecessary monetary expendi-
ture and waste of medical resources. Therefore,
a remote eHealth system is needed to facilitate
effective and safe treatment.

By leveraging smart sensors, pervasive Internet
of Things (loT) devices are driving the development
of modern eHealth. Patients can be quarantined if
necessary and monitored through mobile edge
computing (MEC) servers or unmanned aerial vehi-
cles (UAVs), which are able to provide sufficient
resources for sensors to process the monitored raw
data [2]. Then the analyzed result is transmitted
to the healthcare center (e.g., hospital). To design

such a system, the following challenges need to be
addressed.

FRESHNESS OF MEDICAL INFORMATION

The most critical issue of remote eHealth is to
guarantee the freshness of the monitored med-
ical information. Ideally, sensors monitor fresh
medical information continuously [3]. However,
real-time monitoring is still impractical due to the
limitation of wireless channels. In such cases, the
monitored information is transmitted to nearby
UAVs or MEC servers periodically. The remote
eHealth system needs to schedule wireless com-
munication resources to update the medical infor-
mation of all patients in time.

L0AD BALANCE AvONG UAVS

Without the restriction of roads and buildings,
UAVs can be deployed dispersed in the urban
area. However, since remote health monitoring
enables free movements of patients, the distri-
bution of patients is difficult to predict [4]. Sen-
sors always upload medical information to the
nearest UAV to process the monitored raw data;
thus, UAVs in different zones may receive distinct
amounts of medical information, where a few
UAVs are overloaded and others are idle. The
remote eHealth system needs to achieve cooper-
ative offloading to balance the computation load
of all UAVs.

TRADE-OFF BETWEEN LATENCY AND QUEUE STABILITY

In order to keep the queue stability of UAVs and
achieve load balance, each UAV is able to under-
take limited workloads, and excessive informa-
tion processing requests need to be migrated to
adjacent UAVs. On one hand, migration allows
information offloaded to UAVs with sufficient
computation resources to relieve the burden of
overloaded UAVs. On the other hand, multihop
transmission incurs extra communication latency,
and the request processing latency can exceed
the deadline. Thus, the remote eHealth system
needs to address the trade-off between latency
and queue stability.

ROBUSTNESS AND SCALABILITY
High mobility enables UAVs to provide agile
edge computing services for patients. With this
advantage, the topology of the Internet of UAVs
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FIGURE 1. Online eHealth system for remote health monitoring.

is unstable, that is, both the number of UAVs
and the connected communication edges are
time-varying. In addition, UAVs may fail to provide
services due to power limitation. Corresponding-
ly, additional UAVs should be delivered to share
computation loads. To cope with the dynamic
network topology, the eHealth system needs to
be robust and scalable, and the time complexity
of the online request scheduling algorithm should
not be increased with the expansion of the net-
work scale.

In order to address the above-mentioned chal-
lenges, this article concentrates on the coopera-
tive offloading, medical information processing,
and transmission for the remote eHealth system.
The optimization problem is formulated to min-
imize the average execution latency of medical
analysis requests. Since the decision variables in
the long-term optimization problem are coupled,
the Lyapunov optimization algorithm is utilized to
decompose the formulated problem into a series
of instantaneous optimization problems. Then we
solve each sub-problem in three steps: request
admission, request scheduling, and queue update.
The main contributions of this article can be sum-
marized as follows:

+ Based on the Internet of UAVs, this article pro-
poses an online eHealth system for remote
health monitoring. The system is robust and
scalable, and can provide agile edge comput-
ing services.

+ By utilizing the Lyapunov optimization tech-
nique, the formulated long-term latency minimi-
zation problem is decomposed into a series of
instantaneous optimization problems.

+ An improved shortest augmenting path algo-
rithm is developed to solve the formulat-
ed minimum cost maximum flow problem,
where constraints of UAVs are carefully
addressed.

The rest of this article is organized as follows.
The following section overviews the online eHealth
system. Then the optimization problem is for-
mulated. Following that, we propose the online
scheduling algorithm. Performance results are then
presented. Finally, this article provides system anal-
ysis and conclusions.

OVERVIEW OF THE ONLINE EHEALTH SYSTEM

Figure 1 illustrates a sketch of the online
eHealth system for remote health monitoring.
By equipping smart body sensors, patients are
able to receive treatment without direct contact
with doctors. Specifically, health monitoring has
little impact on the physical health of patients.
They are distributed randomly in our consid-
ered urban area. In order to process the arriv-
ing medical analysis request, multiple UAVs are
deployed to provide timely and efficient edge
computing services. Compared to traditional
MEC servers on the network edge, UAVs out-
perform in three aspects. First, the deployment
of UAVs is flexible and not restricted by roads
and buildings. Second, the network of UAVs is
decentralized, and offloading scheduling can be
implemented in a distributed manner. Third, the
mobility of UAVs enables eHealth systems to
cope with emergencies (e.g., plagues), where
abundant edge computing resources are need-
ed in a short time. However, traditional fixed
MEC servers cannot satisfy the above require-
ments. We assume that wireless transmission
is privacy-protected and all UAVs are trusted.
Since the analyzed medical report by UAVs is
sent to healthcare centers (e.g., hospitals), the
mobility of patients does not affect the transmis-
sion process.

MEDICAL INFORMATION ANALYSIS REQUESTS

Sensors collect raw data and upload the med-
ical information to UAVs regularly. Let the
monitored data be timestamped when they are
collected. After receiving medical information
analysis requests, UAVs decide whether the
requests are processed by themselves or off-
loaded to peers. Finally, the medical analysis
report is sent to the medical center for expert
diagnosis. The main focuses of remote health-
care monitoring are medical information fresh-
ness and privacy-protected transmission. In this
article, we concentrate on the former, while
trusted offloading for the eHealth system is con-
sidered in our future work. We utilize age of
information (Aol) [5] to measure the freshness
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of medical information. From the perspective
of the medical center, Aol depicts how old the
medical information is since it was monitored.
While the medical center does not receive new
medical analysis reports from UAVs, the Aol
value increases linearly with time, indicating
that the existing information about the corre-
sponding patient becomes old. As soon as the
medical center receives new reports, the Aol
value updates instantaneously. In our proposed
remote eHealth system, the Aol value is numer-
ically equal to the request execution latency,
including information transmission, queueing,
and processing latency. Intuitively, good Aol
performance can be achieved by minimizing
the average request execution latency while sta-
bilizing the queue of UAVs [3]. In summary, the
online eHealth system guarantees that UAVs
are not overloaded, and the medical informa-
tion can be delivered promptly and regularly,
benefiting both network operators and patients.

Queues oF UAVS

UAVs are responsible for information transmission
and request processing. There are two queues for
each UAV, that is, front-end transmission queue
(UAV-T) and back-end processing queue (UAV-
P), where UAV-T schedules the arriving medical
information analysis requests, and UAV-P process-
es the dispatched requests from UAV-T. Other
requests are transmitted to peers through cooper-
ative offloading.

At the beginning of time slot t, the remaining
medical information analysis requests in UAV-T are
scheduled; that is, some requests are dispatched
to UAV-P, and some are offloaded to peers. At the
end of slot t, new requests from patients or other
UAVs arrive, and the UAV decides whether to
accept and put them in UAV-T or not. This process
is similar to [6].

MEC SERVERS

Although this article constructs a remote eHealth
system based on the Internet of UAVs, tradi-
tional MEC servers are still necessary for two
reasons. First, since the physical size of UAVs
is limited, the storage and computation capabil-
ities are correspondingly constrained. Rejected
medical analysis requests can be offloaded to
MEC servers. Much existing research on MEC-
based energy harvesting [7, 8] can guarantee
the stable power supply of MEC servers. Sec-
ond, the Internet of UAVs is often constructed
for a dedicated employment, for example, health
monitoring of patients infected with COVID-19.
Thus, other patients can move out of the wire-
less communication range of UAVs. In order to
update their medical information in time, body
sensors can choose the nearest MEC server as a
backup option.

LATENCY MINIMIZATION PROBLEM FORMULATION

This section formulates the latency minimization
problem for the remote eHealth system. Con-
straints are first specified. Then the Lyapunov
optimization method [9] is utilized to decouple
the long-term optimization problem into a series
of time-instantaneous optimization subproblems,
which are reduced to a minimum cost maximum
flow (MCMF) problem [10].

CONSTRAINTS OF THE LATENCY MINIMIZATION PROBLEM

With the objective of minimizing request execu-
tion latency, there are three constraints for the
optimization problem:

+ The monitored raw data by sensors are atomic
and cannot be divided, that is, we do not con-
sider partial offloading for the remote eHealth
system. Each medical information analysis
request can only be scheduled to one UAV or
MEC server to process.

+ The length of UAV-T queues cannot exceed

the threshold; that is, the storage capability of

UAVs is limited. Excessive requests are offload-

ed to MEC servers.

The length of UAV-P queues cannot exceed the

threshold; that is, the computation resources of

UAVs are limited. We do not assign priorities to

different patients, and all requests in the UAV-P

queue share computation resources equally.

The higher the number of requests, the higher

the resource utilization efficiency. Correspond-

ingly, the average processing rate decreases.

LYAPUNOV-BASED PROBLEM DECOMPOSITION

There are two challenges to solve the latency
minimization problem. First, request scheduling
variables are coupled in the long-term optimiza-
tion problem. The scheduling decision in the cur-
rent time slot affects the decision in the next slot
by updating UAV-T and UAV-P queues. Second,
there is a trade-off between computation resource
utilization efficiency and the average processing
rate. Both factors influence the request execution
latency.

In order to resolve the above-mentioned chal-
lenges, an online eHealth scheduling OHS) meth-
od is developed by utilizing Lyapunov optimization.
First, a quadratic Lyapunov-drift function is defined
to capture the changes of UAV-T and UAV-P in
each time slot. Then the optimization objective
(i.e., request execution latency) is incorporated
with the Lyapunov-drift function by minimizing
the obtained Lyapunov-drift-plus-penalty function.
Three main reasons motivate us to formulate the
latency minimization issue by a Lypapunov optimi-
zation problem:

+ The long-term optimization problem is decom-
posed into a series of time-instantaneous
optimization problems. Correspondingly,
scheduling variables over continuous time slots
are decoupled, facilitating problem-solving pro-
cesses.

+ The Lyapunov-drift-plus-penalty function is
strictly positive correlated to the original opti-
mization objective. In addition, a tunable
parameter is added as the coefficient of the
penalty, weighting the importance on the
request execution latency.

+ To minimize the Lyapunov-drift-plus-penalty
function, the Lyapunov-drift function and the
request execution latency need to be jointly
minimized. Based on the definition, the chang-
es of both UAV-T and UAV-P are minimized,
keeping UAV-T and UVT-P stable over con-
tinuous time slots. Then the computational
resource utilization efficiency of UAVs can be
guaranteed.

By minimizing the upper bound of the Lyapun-
ov-drift-plus-penalty function, OHS can minimize
the request execution latency while guaranteeing

There are two challeng-
es to solve the latency
minimization problem.

First, request schedul-
ing variables are cou-
pled in the long-term
optimization problem.

The scheduling decision

in the current time slot
affects the decision
in the next slot by
updating UAV-T and

UAV-P queues. Second,

there is a trade-off
between computation
resource utilization
efficiency and the
average processing rate.
Both factors influence
the request execution
latency.
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FIGURE 2. Request flow network for online eHealth system.

the stability of UAV-T and UAV-P queues. The per-
formance gap can be derived theoretically [11].

MiNIMum CosT MAXIMUM FLo PROBLEM FORMULATION
Consider a time-instantaneous request scheduling
problem for a remote eHealth system with the
three constraints formulated above. The problem
can be reformulated into an MCMF problem with

several constraints.

Figure 2 illustrates the request flow network for
an online eHealth system. Source node S, denoting
one UAYV, connects to all requests that need to
be scheduled in the current time slot, where the
capacity and cost of the green edges in Fig. 2 are
set to 1 and 0, respectively. Then requests and all
available UAVs constitute a fully connected dia-
gram. Since each request can only be scheduled to
one UAV for processing, the capacity of the yellow
edges in Fig. 2 between each request and UAV is
set to 1. In addition, the cost of the edge equals
the Lyapunov-drift-plus-penalty function defined
above. Specifically, the purple edges in Fig. 2 indi-
cate that requests are sent to the UAV-P queue
without cooperative offloading. Correspondingly,
there is no extra transmission latency for this type
of scheduling. Finally, UAVs connect to virtual sink
node D, where the cost of the blue edges in Fig.
2 is set to 0. Considering the limitation of storage
and computation capabilities of UAVs, the capac-
ity of the edge between each UAV and node D
is no larger than the remaining capacities of both
UAV-T and UAV-P queues. In such cases, the three
constraints illustrated above are satisfied. Minimiz-
ing the cost of the flow network is equivalent to
minimizing the Lyapunov-drift-plus-penalty function,
and maximizing the flow in the eHealth network
guarantees the utilization efficiency of computation

resources of UAVs.

In existing offloading scenarios, MEC servers
need to send task results back to users, and backhaul
transmission latency needs to be considered. How-
ever, in the eHealth system, UAVs transmit medical
analysis results to the hospital rather than patients. In
addition, the communication between UAVs and the
hospital is independent of patients. Thus, we ignore
the latency of resulting backhaul transmission. To
solve that issue, our model can easily be extended
by setting the cost of the edges between UAVs and
the virtual sink node D (blue edges in Fig. 2) to the

corresponding backhaul transmission latency.

ONLINE EHEALTH SCHEDULING ALGORITHM

Our proposed OHS algorithm consists of three
steps: request admission, request scheduling, and
queue update.

REQUEST ADMISSION

When a medical analysis request arrives at one
UAYV, the UAV needs to decide whether and
where to process the request. Generally, there are
two decision variables for each request: admission
and scheduling variables. Previously, the instan-
taneous request scheduling problem was formu-
lated into an MCMF problem. Before solving this
problem, the request admission variable needs to
be decided.

We propose a simple rule to control request
admission decisions. For each UAV, a newly arrived
request is admitted when the length of the UAV-T
queue does not reach the threshold; otherwise,
it is rejected to enter the UAV-T queue to avoid
system overload. Those rejected requests are off-
loaded to MEC servers.

Note that the request admission procedure can
be aggregated into a request scheduling procedure
by adding the MEC server as an optional process-
ing platform in the constructed request flow net-
work. Specifically, in Fig. 2, an MEC server is added
into the UAV set. The cost of edges between
requests and the MEC server is set to the accu-
mulation of transmission and computation latency.
The weight is set to the computation capability of
the MEC server. However, two reasons motivate
us to separate request admission and scheduling
procedures. First, we mainly utilize UAVs to pro-
vide edge computing services, and MEC servers
are merely backup options. When UAVs are over-
loaded, excessive requests are offloaded to MEC
servers. Second, adding an MEC server into the
request flow network increases the time complex-
ity of our proposed OHS algorithm. Furthermore,
to compute the accurate edge weight, the synchro-
nization of UAVs and MEC servers leads to extra
communication costs.

REQUEST SCHEDULING
In each time slot, UAVs perform the Improved
Shortest Augmenting Path ISAP) algorithm [12] to
obtain the maximum flow and minimum cost of
the remote eHealth network. The upper bound of
time complexity for the ISAP algorithm is O(E2V),
where variables E and V denote the number of
edges and nodes in the constructed flow graph,
respectively. Although the time complexity is a
quadratic function of the number of edges, two
characteristics guarantee the efficiency of the
ISAP algorithm. First, our constructed flow graph
is sparse, where edges between the source node
and requests as well as that between UAVs and
sink nodes do not need to update when the short-
est augmented path is found. Second, we consid-
er an extreme case in which the sets of requests
and UAVs constitute a fully connected bipartite
graph. However, due to the accumulation of
transmission costs, the hops of cooperative off-
loading are usually restricted to a small number in
reality. In such cases, the number of edges in our
constructed flow graph decreases significantly.
This characteristic not only guarantees the scal-
ability of our designed eHealth system, but also
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provides an efficient UAV deployment strategy,
that is, deploying multiple small-scale Internet of
UAVs to cover different areas instead of a whole
large network. Specifically, this ensures that the
request set and the UAV set in Fig. 2 constitute a
complete bipartite graph; that is, any two UAVs in
a small-scale Internet of UAVs can communicate
within the maximum number of hops.

For example, let the maximum hop of cooper-
ative offloading be 3. The number of requests and
UAVs are represented by variables M and N (N >
3), respectively. Each UAV is directly connected
to n UAVs on average, which is much smaller than
N. Then the number of effective edges can be rep-
resented by min{3Mn, NM}. Correspondingly, the
time complexity is O(9n2M2(M + 3n + 2)). Due
to the limitation of storage capability, each UAV
schedules a limited number of requests (i.e., M is
small). In summary, the ISAP algorithm can be effi-
ciently executed in an online manner. In addition,
note that the time complexity in reality is indepen-
dent of the number of UAVs. With the expansion
of the eHealth network, the consumed time of our
method for each UAV has little change.

After request scheduling, requests transmitted
through each UAV node to the sink node are
offloaded to the corresponding UAV for process-
ing. The virtual sink node can also be viewed as
the medical center. The communication between
UAVs and the medical center is beyond the scope
of this article; thus, the results of transmission laten-
cy are omitted.

QueuE UpDATE

At the beginning of time slot t, UAVs schedule
some requests in UAV-T queues to UAV-P queues
for processing. The remaining requests are off-
loaded to other UAVs. At the end of time slot t,
UAV-T queues admit requests from cooperative
offloading and nearby patients. UAV-P queues
receive workloads from UAV-T queues. In the
next time slot, UAV-T and UAV-P queues update
correspondingly.

PERFORMANCE EVALUATION

We utilize the Electroencephalography (EEG)
dataset, recording the brain state information of
patients, in [13] to evaluate our proposed OHS
algorithm. Various brain diseases such as epilep-
tic seizures can be monitored by analyzing EEG
time series data. Each medical information anal-
ysis request consists of 4096 samples of EEG
data. The data size of each request is between
[560, 747] kB. The bandwidth for communication
between sensors and UAVs is set to 0.5 MHz.
Our proposed OHS algorithm is compared to the
following two methods.

Source Destination Pair Matching (SDM)
Algorithm [14]: It is a Gale-Shapley-based central-
ized matching algorithm. Each request is matched
up with one target UAV. Under the premise of
underload, each UAV is able to admit multiple
requests.

Independent eHealth Monitoring (IHM) Algo-
rithm: Without cooperative offloading, UAVs pro-
vide MEC services independently. All overloaded
burden is sent to nearby roadside units (RSUs).

Figure 3 shows performance results in terms of
the average request execution latency. In Fig. 3a,
the latency decreases with the increasing number of
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Due to the limitation of
storage capability, each
UAV schedules a limit-
ed number of requests,
that is, M is small. In
summary, ISAP algo-
rithm can be efficiently
executed in an online
manner. In addition,
note that the time
complexity in reality

is independent of the
number of UAVs. With
the expansion of the
eHealth network, the
consumed time of our
method for each UAV
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UAVs. This is because more computation resources
can be utilized to process medical analysis requests,
and the queue latency and the computation laten-
cy decrease correspondingly. With cooperative off-
loading, the performance of our proposed OHS
algorithm is 47 percent better than that of the IHM
method. In Fig. 3b, when the number of requests
increases, the computation burden of UAVs aggra-
vates, and the average request execution latency
increases. Since both OHS and SDM algorithms
derive asymptotically optimal solutions, the perfor-
mance of the OHS and SDM algorithms is similar.

Performance trends of the algorithm execution
time are illustrated in Fig. 4. For the IHM meth-
od, UAVs provide edge computing services inde-
pendently. The time of MFMC flow construction
and policy iteration process is saved. Thus, the exe-
cution time of the IHM method is lower than that
of the other two algorithms. When the number of
UAVs or requests is small, the OHS and SDM algo-
rithms consume almost the same time to sched-
ule the arriving requests. Then, with the increase
of the network size or computation burden, the
algorithm execution time of the SDM algorithm
increases faster than that of the OHS algorithm.
This is because the SDM algorithm constructs a
fully connected bipartite graph between requests
and all UAVs. The policy iteration process con-
sumes much time to converge.

In Fig. 5, the resource utilization efficiency of
UAVs is evaluated by comparing the standard devi-
ation of the resource utilization ratio (the ratio of
occupied queue length and total queue length). It
can be observed that the standard deviation of the
SDM algorithm is approximately 2.5 times higher
than that of the OHS algorithm. This is because
the SDM algorithm maps requests to UAVs with
the objective of minimizing the request execution
latency and does not consider the queue stability
of UAVs. This result demonstrates that our pro-
posed OHS algorithm can reach load balance, and
the resource utilization efficiency of UAVs can be
guaranteed.

SYSTEM ANALYSIS

This section analyzes the robustness and scalabili-
ty of our remote eHealth system, and discusses its
ability to provide agile edge computing services.

ROBUSTNESS

Without stable power supply, UAVs may fail to
provide edge computing services. Let variable N
denote the number of UAVs. Our system is tolerant
to n(n < N) UAV failures with a well-designed queue
threshold. In ideal circumstances, no UAV can fail.
Then we set the queue threshold to the true capa-
bility of UAV-T and UAV-P queues, making full use
of the storage and computation capability of UAVs.
However, in reality, when UAVs fail, their received
requests need to be migrated to guarantee that
all patients’ medical information can be updated
in time. Thus, adequate storage and computation
resources need to be reserved in advance; that is,
the queue threshold is set to be lower than the true
capacity to cope with UAV failures.

In order to accommodate requests on n failed
UAVs while improving resource utilization efficien-
cy, the queue threshold is an n-dependent func-
tion. Let f denote the ratio of the designed queue
threshold and the true capacity. Taking UAV-P
queues as an example, the workloads in n failed
UAVs can be computed by nf. Correspondingly,
the residual resource capacity in other UAVs can
be represented by (N - n)(1 - f). To accommodate
requests in n failed UAVs, the residual resource
capacity should be no less than the workloads in
them. Thus, the range of ratio f can be derived,
and the robustness of our system can be guar-
anteed. Note that the smaller ratio f is, the more
robust the system is. However, the resource utili-
zation efficiency of UAVs is low, and the trade-off
between system efficiency and robustness needs to
be carefully addressed.

SCALABILITY

As mentioned before, the time complexity of our
developed OHS algorithm is a function of the
number of scheduled requests and that of cooper-
ative UAVs. When UAV-T and UAV-P queues are
stable, the number of scheduled requests during
each time slot is relatively constant. Thus, the time
complexity mainly depends on the number of
cooperative UAVs. Ideally, when a new UAYV joins
the remote eHealth system, each UAV needs to
add M offloading edges to the original flow graph.
The graph update operation for one edge is not
complicated and does not influence other edges.

Actually, the expansion of the UAV network by
adding a new member merely affects UAVs with-
in their cooperative offloading ranges. In a large
health monitoring network, those affected UAVs
merely account for a small percentage of total
UAVs. In summary, the scalability of our system is
strong.

AGILE EDGF COMPUTING

Since the distribution of patients is difficult to
predict, traditional edge computing servers are
empirically deployed, resulting in unbalanced
loads. Due to the mobility of patients, the com-
munication between body sensors and RSUs may
be interrupted. Although emerging techniques,
such as dynamic service migration, are proposed
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to solve this problem, the migration cost puts an
extra burden on the eHealth system. With the
advantage of high mobility and self-organization,
UAVs can provide agile edge computing services,
known as the paradigm of follow me at the edge
[15]. In particular, when a sudden outbreak of an
infectious disease exists (e.g., COVID-19), UAVs
can be accurately scheduled to a patient isolation
area for health monitoring and online treatment
services.

CONCLUSION

This article focuses on the latency and stability
issues of remote health monitoring, and constructs
the online eHealth system based on the Internet
of UAVs to provide edge computing services for
patients. By considering the constraints of storage
and computation capability of UAVs, the long-
term latency minimization problem is formulat-
ed. In order to guarantee the resource utilization
efficiency of UAVs, a Lyapunov-drift-plus-penalty
function is constructed to keep the stability of ser-
vice queues. After that, the original optimization
problem is reformulated into an MCMF problem,
where constraints are addressed by appropriately
setting the edge weights. Numerical results based
on an EEG dataset illustrate that our eHealth sys-
tem can achieve satisfactory performance on
request execution latency minimization. In addi-
tion, our proposed OHS algorithm is able to bal-
ance computation loads of UAVs. System analyses
demonstrate that our system is robust and scalable.
Agile edge computing services can be provided for
patients. Privacy protection and secure transmis-
sion will be considered in our future work.
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