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Abstract—In this work we study the offloading decision and
computing resource allocation of tasks generated by internet-
of-medical-things (IoMT) devices into a non-terrestrial network,
comprised of local coordinating low-altitude platforms (LAPs)
working also as multi-access edge computing (MEC) servers,
and a common low Earth-orbit (LEO) satellite, which acts as
a common MEC server across the LAPs. We solve the problem
of total delay minimization across the tasks in the system. Given
the NP-hard nature of the offloading decision problem, we solve
it with a sequential greedy heuristic. To avoid biasing the of-
floading decision due to the computing resource initialization, we
formulate a mechanism for dynamically initializing the resources
at each step. We propose several methods for the computing
resource initialization, and show in simulations, regions where
each method is the most effective depending on the parameters
of the system.

Index Terms—multi-access edge computing (MEC), non-
terrestrial networks, resource allocation, task offloading, internet
of medical things (IoMT).

I. INTRODUCTION

The internet-of-medical-things (IoMT) aims to intercon-
nect internet-of-things (IoT) devices designed for healthcare
purposes, to healthcare providers, and is envisioned as an
enabler of the Healthcare 4.0 paradigm. In the context of
remote patient monitoring (RPM), some examples of IoMT
devices include continuous glucose monitoring sensors [1]],
photoplethysmography sensors [2] and portable electrocardio-
grams [3]]. The continuous monitoring of biosignals of the pa-
tient allows for a more personalized healthcare. Particularly, it
can help with the timely detection of adverse conditions within
the patient, such as fever from temperature sensors [4], cough
from acoustic sensors [5] and fatigue from heart rate [|6]. loMT
devices can be resource constrained, for which the remote
computing of their generated tasks at remote multiaccess edge
computing (MEC) servers, allows for a better use of resources,
with faster execution times.

Nevertheless, an IoMT device may find itself without access
to the network in remote areas, or in situations of network
overload. Indeed, only 15% of the surface of the Earth has
mobile coverage [[7]. Such scenarios benefit from the inclusion
and use of non-terrestrial networks (NTNs). These networks
comprise air nodes such as low-altitude platforms (LAPs),
high altitude platfoms (HAPs), as well as space nodes, such
as low Earth-orbit (LEO), medium Earth-orbit (MEO) or
geostationary Earth-orbit (GEO) satellites. In particular, LEO
satellites are closer to the surface of the Earth, for which the
propagation delays and attenuation of wireless signals are less
significant than for higher-altitude satellites.

The task offloading decision is an NP-hard problem due
to its binary nature. Common approaches involve alternating
optimization techniques in which the resources not optimized
at a given stage are kept fixed. On the other hand, LEO
satellites can have very large coverage regions, potentially
providing service to a large amount of devices. However,
LEO satellites do not have as many computing resources as
terrestrial infrastructure, for operational reasons. Initializing
the computing resources of a low-resource LEO MEC in a
fixed manner across a large number of nodes may bias the
nodes towards not offloading their tasks to the LEO satellite.

With this in mind, in this work we explore how to properly
initialize and coordinate the computing resources of a LEO
MEC so that they are effectively utilized across an increased
number of ground IoMT devices for task offloading, with the
objective of minimizing the total delay of the tasks across the
system. In order to facilitate coordination, the ground IoMT
devices are sectioned into clusters, of which, dedicated LAPs
gather the tasks, which they can compute locally or further
offload them to the common LEO satellite for remote com-
puting. We develop a low-complexity greedy heuristic for the
offloading decision problem, and propose several methods for
dynamic resource initialization of the LEO satellite computing
resources.

The remainder of this paper is structured as follows: Sec-
tion presents the related works, Section introduces
the system model together with the parameters of interest,
whereas Section presents the optimization problem to be
solved. Section [V]develops the resource allocation closed-form
solution and offloading decision algorithm, while Section
develops several mechanisms for the computing resource ini-
tialization of the resources at the LEO satellite. In Section
simulation results are presented, and finally, in Section [VIII
the conclusions are drawn.

II. RELATED WORKS

There is extensive literature on the allocation of MEC re-
sources, such as segment selection and caché [8]] service place-
ment [9] and demand-aware caching [10]. Particularly, the
resource allocation in NTNs for task offloading is a research
area that has raised interest in the last years. Considering
single-layer solutions, [[11]] jointly optimizes the deployment
and task offloading for MEC-enabled LAPs, [12]] optimizes
LAP deployment, IoT device association, task offloading and
resource allocation in an industrial IoT setting, whereas in
[13]] the optimization of task offloading, computing resources,



caching decisions and bandwidth in a HAPS-assisted and
MEC-enabled intelligent transportation system, is considered.
For LEO-enabled task offloading, while [14] considers the
joint optimization of bandwidth and transmit power for LEO-
assisted task offloading of data generated by IoT devices,
[15] performs the joint optimization of association, transmit
power, task scheduling and bandwidth in a three-tier satellite
MEC, ground cloud infrastructure. Moreover, multi-layered
NTNs have also been studied, such as in [16] where the
computation offloading and resource allocation are jointly
optimized in a multi-layer NTN with MEC-enabled HAPS
connected through a LEO-enabled backhaul, and [[17], which
considers the joint optimization of access strategy, transmit
power, computing resources and offloading in a space-air-
ground integrated network.

III. SYSTEM MODEL

Assume U clusters of IoMT devices distributed over a large
area without access to the terrestrial infrastructure, where each
cluster » is comprised of N, IoMT nodes, and the set of
IoMT devices is Z. To provide them with cellular access, a
LAP from a set of LAPs U, with [U| = U, is deployed to
each cluster to gather the tasks offloaded from their respective
IoMT nodes. Each LAP gathers IoMT tasks and can either
process them, or offload them to a LEO satellite acting as
a MEC server through orthogonal channels, with the set of
tasks gathered by LAP u being Z,,. Each task is characterized
as ¥, = [d;, ¢;], where d; is the number of bits in the task and
¢; is its computational density (in CPU cycles per bit). Each
node is located in Cartesian coordinates =[xy, yx, 2], with
ke ZTUU U {s}, as seen in Fig.
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Fig. 1. System Model

Assume a fixed communication rate between LAP v € U
and the LEO satellite as R,, s which is broadly based on their
distances to the LEO satellite and the current atmospheric
conditions. Let 3; be a binary variable that indicates if task
1, is offloaded to the LEO satellite (3; = 1) or not (8; = 0).
Then, the transmission delay of offloading all of the intended

tasks from LAP u to the common LEO is given as
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which considers the propagation delay of offloading the task
and receiving its response, where c is the speed of light.
Each LAP u has F), computing resources available to them,
while the LEO satellite has F resources available for task
computation. Assuming that task ; is computed at node k €
U U {s}, and is allocated a share of resources f}, then the
computing delay due to the processing of the task is given as
k dic;
=
(3 f,Lk
Then, the total delay experienced by all the tasks in the system
due to offloading and computing is given as

=Y (Bi (rus+77) + (1= B)7") 3)
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IV. OPTIMIZATION PROBLEM

The objective of the LAPs across the system is to minimize
the total delay of all tasks handled by them. The computational
resources at the LAPs are limited, so they make use of
the resources of the LEO satellite to aid in the processing
of the tasks within the system. To this end, the computing
resources across the system, as well as the decision to offload
each task to the LEO satellite or to compute it locally at
its corresponding LAP are leveraged to minimize the total
tezsk delay. Let B8 = [B1,...081], F = [f',...,fV £%], with
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= [fF, ..., f¥]T for k € U U {s}. Then, the optimization
problem to be solved is formulated as follows:

P: min T (4)

B.F
st. Ci: > fF<FM™, Vkeuu{s}  (4b)

i€T

Co: fF>0, VieZkelUU{s} (4c)
Cs: Bie{0,1}, VieT (4d)

where C; constraints the maximum computing resources avail-
able at the LAPs and the LEO satellite, C5 indicates that the
computing resources are non-negative, and Cs indicates that
the decision variables are binary.

V. OFFLOADING DECISION AND RESOURCE ALLOCATION
ALGORITHM

Problem P is NP-hard, due to the binary offloading decision
variables, thus, it is not convex and does not have a simple
and efficient optimal solution. For this reason, we solve it as a
two-stage optimization procedure: first, we solve the offloading
decision problem through an iterative, dynamic initialization
heuristic, and then, we solve the optimal computing resource
allocation at each LAP and the LEO satellite. For simplicity,
the offloading decision algorithm is solved centrally at a single
designated LAP, which acts as a coordinator and sends the
offloading results to every other LAP and the LEO, while the
resource allocation algorithm is ran at every computing node
parallelly.



A. Optimal Computing Resource Allocation

Consider node k& € U U {s}, which allocates its available
resources F}, to its offloaded tasks Z*. Then, to minimize its
total task delay, we consider problem P with only the terms
related to the computing resources, such that node k solves
the following convex optimization problem

di 7
min o (52)
Uiherr o7 i
s.t. S H<h (5b)
i€k
fi>0 VieIt (5¢)

We write the partial Lagrangian considering the first con-
straint as

LOEN) =) df: +A (Z f;iE?) (6)

icTk i€,
Taking the derivative of the partial Lagrangian with respect
to f; and equaling to zero we obtain
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Replacing this expression in constraint (3b) and working
out the algebra, we obtain
1 R
VA > Vdic
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Let us write for simplicity & = /d;c;. Then, replacing in
(@, the optimal point is given as
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B. Optimal Offloading Decision

We can write problem P considering only the offloading
decision variables, and with some algebraic manipulation, as

XZ: Bid;
i L1, di
P mmzﬂi dics (T_7>+ + —F%—— +TRrRTT
b,F i€T fz fz RU,S Ru,s
(10a)
st. B; €{0,1}, VieZ (10b)

We can write the objective function as ® = ZiEI B;P;.
The value of ®; is negative when the delay from offloading
and computing in the LEO satellite is smaller than locally
computing at the LAP. Then, as a low-complexity solution to
the NP-hard offloading decision problem, we adopt a simple
greedy heuristic in which we choose iteratively the tasks with
the lowest, most negative, value of ®; with fixed §; values
for the rest of the tasks. With this heuristic, at each step, the
task that presents the best improvement from being offloaded
to the LEQ, is the one set for offloading, until there is no task

in the system that would decrease its delay by offloading to
the LEO.

Furthermore, the initialization of the computing resources
at the LEO can bias the offloading strategy obtained. For
that reason, we adopt a dynamic initialization approach in
which the computing resources at the LEO are initialized
before every task allocation. The details on this initialization
are presented in the next section. An outline of the greedy
offloading heuristic can be seen in Algorithm [I]

Algorithm 1: Greedy Computing-Adaptive Offfload-
ing Strategy

1 foreach u € U do

Initialize B, = 01, x1;

Initialize Z,, = Zy;

repeat

foreach v € U do
Initialize fi* as in @) Vi € Z, ;
Initialize f; as in Section Vie T,
Compute ®; as in Vi € Ly:

if min{®;};ez > 0, then return;

Choose i* = argmin{®; }ic7 ;

Set Tux 1= L \{i"};

Set B« = 1;

Update Fy := Fj — f;
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VI. ADAPTIVE NON-ORTHOGONAL COMPUTING
RESOURCE INITIALIZATION

The offloading decision problem highly depends on the
initialization of the computing resources from available com-
puting nodes (LAPs and LEO satellite), and can highly bias
the offloading decision. Assume that the computing resources
in s are initialized as f; for all the tasks in the system ¢ € Z.
If the initialized resources at s for task ¢ are less than the
computing resources allocated by its LAP, that is f7 < f",
then the task will never be offloaded. This is clear by the fact
that smaller computation resources imply larger computation
delay, and that accessing the LEO satellite incurs in higher
delay due to transmission and propagation. If the number of
nodes |Z| is large, and the resources available Fy are not too
large, then it is clear that having f’ < f!* for all i € 7 is
likely, even when F; >> f* for any given <. In this situation,
no task will be offloaded to s, and its resources are not utilized,
even when there is a clear advantage to using them.

To solve this problem, we propose an overlapping resource
advertisement of the computing resources of the LEO satellite,
to all of the LAPs. Let F* be the resources of the LEO satellite
that are advertised to LAP wu, so that it initializes the resources
for its corresponding tasks f; for i € Z,,. We set the values of
F¢ such that ) ., Fy' > F, which is to say, that the total
resources advertised by the LEO satellite, are larger than the
ones available. By allocating one task at a time, the situation
in which more resources than available at the LEO satellite
are allocated, is prevented.



A. Overlapping Resource Advertisement Model
The share of resources of s allocated to u can be expressed

as
U,
o= 2 9F,  Vueu 1
s Zl/m u e (11)
meU

where v, is the corresponding weight of LAP u and 6 is a
term that amplifies or reduces the perceived resources of s
across the system. If § < 1, then the resources of s across the
system are advertised without overlap, whereas if # > 1 there
is resource overlap across LAPs.

B. Total Overlapping Resources

If we set # = U and v, = 1 for all © € U, we obtain
a total overlap of the LEO resources, in which every LAP
can freely allocate all of the resources available at the LEO
satellite having F; = F, for all v € . However, there are
some issues with this method:

o Early LAP biasing: when a given LAP w allocates a
task to s, the total resources F are reduced. This implies
that, in the next allocation step f7(t +1) < f(¢) for all
j € IT\Z,, while ff(t+ 1) = f7(t) for i € Z,. This
biases the resources of s in favor of the tasks in Z,,, so it
is more likely that the next allocation of resources from
s is also given to a node in Z,. This leads to a higher
likelihood of all of the resources from s being allocated
solely to Z,,.

« Early resource depletion: if one of the LAPs u has only
one task to be offloaded 1);, then all of the remaining
resources of s will be initialized completely to task %,
as f7 = F,. This will make it more likely that task ; is
offloaded to the remote node that has the larger resource
pool available. This is an issue, because it may waste
a very large pool of resources in a single task, which
otherwise could be used to serve a larger number of tasks.

These problems cause an uneven and suboptimal use of the

resources of the remote nodes.

C. Optimality-based Overlapping Resources

Another natural choice for v,, which would follow an
optimal allocation across the whole system is

Vuzz&

1€L,,

12)

so that the resources of remote node & allocated for device ¢
would be given as

i §L Vy
= 0F, 13
fs Z é-j Z Vm ( )
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Nevertheless, this type of allocation does not guarantee that
a node is allocated more resources than there are available at
s for an arbitrary 6. To ensure this, we derive the following
condition

fi<F, VieI (16)
&i

> &
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which can be accomplished by setting
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However, this value of 6 guarantees that at each iteration
at least one of the tasks in the system is allocated all of the
resources of s. This is desirable when all of the LAPs have a
single task left to allocate, but not in any other situation, since
it would potentially cause immediate resource depletion. Thus,
let us introduce an adaptive parameter 0 < 7 < 1 such that

> &
0 —nlt (20)

n
max¢;
icT &

Thus, by adjusting the 1 parameter we can control the max-
imum amount of the total resources of the LEO satellite that
are initialized to any given node.

1) Fixed n = 1: By setting 7 = 1, the resources of s at a
given task ¢ are initialized as

> &

; & JET
f; = ] ) Fy (21)
JgIgj gleaIXQ
_ G éFS. (22)

This causes the most amount of resources to be allocated to the
tasks that have a larger amount of CPU cycles, allocating all
of the resources to the task with the largest amount of cycles.
This manner of choosing 7 risks an immediate depletion of
resources after a single task allocation.

2) Fixed n < 1: The resources of s at a given task ¢ are
initialized as
&

L
max ¢,
jeT &

(23)

Here, the same behavior is followed, in which the most amount
of resources to be allocated to the tasks that have a larger
amount of CPU cycles. However, the task with the largest
amount of cycles has only a proportion of 7 of the total
resources of FY initialized. This avoids an early depletion of
resources at s, however it also avoids a future full usage of its
resources.



3) Adaptive n : To avoid an early depletion of resources,
but also allowing more resources to be advertised when there
are fewer tasks to be allocated, we design a heuristic for
choosing an appropriate value of 7 after each allocation. We
choose the value of 7 such that the resources initialized across
the tasks of any LAP do not exceed the total amount of
resources at the LEO satellite.

S A=Y S F<FE  Vueu (24)
: S5 maxg;
€T, €Ty jET
=y & <1 VYuel (25)
: max &
1€Ly JET
max &
jeT
=n< Yueld (26)
&
max
=n= _Jez 27)
max ». &
u€U e,

With this heuristic, the initializations can be written as
; &i
3 — F
T &

ueU GE€Tu

(28)

VII. RESULTS

We present results gathered from computing simulations
performed in Matlab, showing the total task delay obtained
by different initialization methods. The methods used in sim-
ulations are

« Non-Overlapping Optimal: as in (9) across all of the

tasks.

o Total Overlapping: as in (IT) with # = U and v,, = 1 for

allu e l.

o Adaptive 7: as in (28).

« Custom 7 value: as in 23).

As per 3GPP recommendations [18]], the carrier frequency
for the LAP-LEO link is in the Ka band, chosen as 28GHz
with bandwidth By, = 200MHz. We assume 16 clusters
with 14 IoMT devices per cluster generating tasks of pa-
rameters ¢; = 100 and d; following an uniform distribu-
tion U(100Kb, 10Mb), where larger task sizes correspond to
data acquired from IoMT devices with high computational
demands, such as wearable ultrasound systems used for image
processing or continuous high-frequency time-series data from
wearable ECG monitors. In contrast, smaller task sizes are
associated with less intensive workloads, including time-series
processing from IoMT devices such as wireless stethoscopes
or wearable pulse oximeters. We consider the altitude of LAPs
as 120m, which is the maximum allowed altitude by the
European Union Aviation Safety Agency (EASA) [19]]. We
consider a LEO satellite at an altitude of 500 km at horizontal
coordinates [0, 0].

In Fig. ] the task average delay is plotted for varying LAP
computing resources F),, under the different resource initial-
ization modes. The available resources at the LEO satellite
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Fig. 2. Average delay of tasks for varying LA available resources F,.

are of F; = 1GHz. It can be clearly seen that different
initialization modes perform best under different conditions
of the resources at the LAPs. When the resources at the LAPs
are small, the resources at the LEO satellite are much larger,
thus the non-overlapping initialization has good performance,
since this is enough to incentivize tasks being offloaded to the
LEO satellite. This is also the case for small n values, which
allow the resources of the LEO satellite to be distributed across
a larger number of tasks without depleting the LEO resources.
When the computing resources at the LAPs increase, the better
initialization methods are the adaptive and total overlapping,
in which the resources of the LEO satellite are adaptively
given to tasks that benefit the most from a bigger share of
resources from the LEO satellite. Also, note that the very
large average delays on the left region are due to the large-
sized tasks, by the computing of tasks at the LAP with very
low computing resources, and by the overall low amount of
computing resources in the system, for a large number of tasks.

To show how the choice of value of n impacts on the
performance of the algorithm, we show Fig. 3] In this figure,
we show the delay obtained by using custom 7 values, for
different amount of resources at the LEO satellite, assuming
F,, = 100MHz. The performance of the adaptive 1 method is
also shown. In all of the custom 7 curves, it can be seen that
there is a global minimum point. To the left, the value of 7 is
too small, so that it is not beneficial for the tasks to offload,
whereas to the right, the value of 7 is too large, so that there is
an earlier depletion of resources unto fewer tasks. Moreover,
as the amount of resources available at the LEO satellite are
larger, the region of minimum delay is wider, and is obtained
further to the left, given that the resources are large enough so
that, even when advertised only a small fraction, it is enough
for the tasks in the system to prefer offloading to the LEO
satellite. Moreover, the adaptive 7 curves show regions where
they outperform the custom 7 curves, but as Fy increases, the
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regions where custom 7 outperforms the adaptive case also
grow wider. However, for optimal performance, the value of
a fix n is chosen empirically.

VIII. CONCLUSIONS

In this work we studied the problem of task offloading
decision and computing resource allocation of tasks generated
by IoMT devices, unto an NTN comprised of LAPs deployed
as local coordinators for clusters of ground IoMT devices,
which also work as MEC servers, and a common LEO satellite
working as a common MEC server. To minimize the total
task delay across the tasks in the system, we designed a
greedy heuristic for the offloading decision problem, while
solving the per-MEC resource allocation problem in closed
form. The offloading decision heuristic implements a dynamic
resource initialization mechanism in which the computing
resources of the LEO satellite are initialized after each task
allocation. To allow for better advertisement of the computing
resources at the LEQO, several resource initialization methods
were developed, and simulated to show under which conditions
they perform best regarding the resources available at the
LAPs and the LEO satellite.
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