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Task-Aware Offloading for Cloud Computing in
Sky-Based Aerial Data Centers
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Abstract—Data Center-Enabled High Altitude Platforms (DC-
HAPs) present a promising solution for reducing terrestrial
data centers’ energy consumption through natural cooling and
solar power harvesting. This paper investigates task-aware com-
putational offloading strategies to further minimize terrestrial
data center energy consumption. We first transform the energy
consumption minimization objective to computational utilization
maximization for HAPs. By modeling both transmission and com-
putation as queuing systems, we derive closed-form expressions
for maximum achievable computational utilization under both
latency-constrained and unconstrained scenarios for single-type
tasks, revealing the critical relationship between task instruction
lengths and bit lengths. For multi-type task offloading, we for-
mulate an optimization problem and develop a heuristic sequen-
tial algorithm guided by theoretical insights, alongside a novel
feasibility-preserving transformation that significantly enhances
traditional optimization approaches. Simulations demonstrate
that our heuristic algorithm maintains consistent performance
regardless of problem complexity, outperforming conventional
methods while requiring substantially less computational time.
This work provides a foundation for practical DC-HAP deploy-
ment in next-generation green computing infrastructure.

Index Terms—Data Center-enabled High Altitude Platform
(DC-HAP), green computing network, non-terrestrial network,
task-aware offloading, queue delay

I. INTRODUCTION

DATA centers are crucial components of modern digital
infrastructures, supporting essential services such as web

search, cloud computing, and distributed storage [1]. The
rapid expansion of the IT industry and the proliferation of
diverse applications have led to a surge in demand for data
center services, resulting in significantly increased energy
consumption [2]. Statistical projections indicate that global
data center energy consumption, which accounted for 1.3%
in 2010, is expected to rise to 10% by 2050 [3]. Beyond
these energy consumption concerns, addressing this challenge
is crucial for enabling broader access to computing resources
while minimizing environmental impact [4]. This situation calls
for innovative solutions that reduce energy consumption and
enable ubiquitous access through alternative platforms.

Conventional terrestrial data centers (TDCs) consume sub-
stantial amounts of energy, with 30% – 40% dedicated to
cooling and 26% – 56% to computing operations. To address
this energy efficiency challenge, researchers have proposed
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hosting data centers on High Altitude Platforms (HAPs) [5]–
[7]. Operating in the stratosphere at approximately 20 kilome-
ters altitude, where temperatures range from −50◦ to −15◦,
these platforms can leverage the naturally cold environment to
reduce or eliminate cooling energy requirements. Additionally,
HAPs can utilize their expansive surface area to accommodate
large solar panels, harvesting renewable energy to power com-
puting operations and meet other energy needs. This solution
promises to reduce overall data center energy consumption
while promoting sustainable computing practices [5], [7].

Data center-enabled HAPs (DC-HAPs) systems show partic-
ular promise for several critical applications in 6G and beyond
wireless systems [8]. In urban areas, they can enhance the
reliability and maintainability of TDCs and other computing
systems. One investigated application is to use DC-HAPs to
assist the intelligent transportation system with their computing
and machine abilities, which achieves lower delay for users [9].
For disaster-stricken and remote areas, these systems can also
guarantee the availability of computing and communication
services. The large terrestrial footprint and line-of-sight com-
munication advantages of HAPs, combined with their naturally
energy-efficient computing capabilities due to stratospheric
temperatures, make them well-suited for these use cases [5].

However, implementing DC-HAP systems presents several
technical challenges. First, the payload limitations of HAPs
necessitate careful consideration of server numbers and charac-
teristics to maintain platform stability. Second, the link capacity
between ground facilities and HAPs must be properly managed
to avoid communication bottlenecks and potential service out-
ages. Third, the heterogeneous nature of computational work-
loads with varying quality-of-service requirements complicates
resource allocation and scheduling decisions. Moreover, ex-
treme weather conditions in the stratosphere and the need for
regular maintenance of both airborne and computing systems
add additional operational complexities [5].

Recent research on DC-HAP systems has investigated de-
ployment feasibility with two distinct tracks. The first ex-
plores DC-HAP as a green computing solution for TDC
computational load offloading. In this context, Abderrahim et
al. conducted a comprehensive analysis of DC-HAP energy
efficiency under varying conditions, including latitude, seasonal
changes, and the number of HAPs deployed [7]. In addition,
their study provides design and performance insights into
system efficiency. The second track focuses on utilizing HAP-
based data centers primarily to serve mobile users. Following
this direction, Ding et al. examined a hybrid architecture



combining HAPs and satellites equipped with servers for pro-
cessing ground users’ computational tasks [10]. However, their
focus on mobile services limited the analysis to single-task
processing scenarios. The comprehensive analysis of offloading
performance between TDC and DC-HAP, considering multiple
task types and high arrival rates, remains unexplored.

To address these challenges, we propose a task-aware of-
floading framework considering both computational capacity
and communication delay aspects of the DC-HAP system. The
main contributions of this study are summarized as follows:

• We introduce the first framework to analyze non-terrestrial
computation with multi-type tasks, considering energy
consumption and delay constraints in DC-HAP systems.

• We develop a comprehensive analytical model that inte-
grates computational and transmission processes for DC-
HAP task offloading, from which we derive closed-form
expressions for the maximum computational utilization
per task type.

• We formulate an optimization problem for single and
multi-type task offloading based on our analytical model,
and

• We formulate an optimization problem for single and
multi-type task offloading based on our analytical model,
and develop an efficient heuristic algorithm alongside
tailored adaptations of two classical methods for solving
this optimization challenge.

• We conduct extensive numerical simulations using a real-
istic simulation environment based on real-world parame-
ters. We also construct a Deep Reinforcement Learning
(DRL) based task offloading agent as a baseline, as a
competitive baseline. Experimental results demonstrate
that our proposed heuristic algorithm outperforms exist-
ing methods across key performance metrics, including
computational utilization, task drop ratio, and energy
efficiency, validating the effectiveness of our analytical
framework.

The remainder of this paper is organized as follows: Sec-
tion III presents the system model from communication and
computation aspects. Section IV develops the task-aware of-
floading framework for a single type. Section V extends the
scenario to multiple types. Section VI presents performance
evaluation results and discussion. Finally, Section VII con-
cludes the paper and suggests future research directions. The
abbreviations and notations used in the following sections are
shown in TABLE I and TABLE II.

II. RELATED WORK

Several studies have explored the feasibility and energy
efficiency of DC-HAP systems [5], [7], [8]. Abbasi et al.
demonstrated several applications for the HAP as a com-
puting node [8]. They emphasized the advantage of HAP
computing capacity compared to conventional edge devices.
Besides traditional computing, DC-HAP has also been proved
as a promising and reliable platform for quantum computing
recently [11]. Abderrahim et al. [7] first proposed the concept

TABLE I: List of Abbreviations

Abbreviation Description
DC-HAP Data Center-enabled High Altitude Platform
TDC Terrestrial Data Center
HAP High Altitude Platform
SCV Squared Coefficient of Variation
IPS Instructions Per Second
FSPL Free Space Path Loss
SNR Signal-to-Noise Ratio
FIFO First-In-First-Out
SQP Sequential Quadratic Programming
DE Differential Evolution
DRL Deep Reinforcement Learning

TABLE II: List of Notations

Symbol Description
Ns Number of servers at HAP
µ Computing capacity per server (IPS)
N Number of task types
li Instruction length of task type i (instructions)
bi Bit length of task type i (bits)
λi Offloaded task rate of type i (tasks/s)
λTDC
i Task rate processed at TDC (tasks/s)

λtotal
i Total arrival rate of type i (tasks/s)

ρcomp HAP computational utilization
E TDC energy consumption
R Channel capacity (bit/s)
B Channel bandwidth (Hz)
γ Average SNR
LHAP Distance between TDC and HAP (m)
Ptrans Transmit power (W)
N0 Noise power
T Total sojourn time (s)
Ttrans Transmission delay (s)
Tcomp Computation delay (s)
Wtrans Transmission waiting time (s)
Strans Transmission service time (s)
Wcomp Computation waiting time (s)
Scomp Computation service time (s)
ρtrans Transmission resource utilization
tdelay Maximum allowed latency (s)

of DC-HAPs and conducted a comprehensive analysis of their
energy efficiency under various conditions, including latitude
and seasonal variations. They modeled the energy consumption
of TDCs, which mainly comes from the computational energy
consumed by servers and the cooling energy. They found that
the cooling energy can be significantly reduced due to the
naturally cold environment in the stratosphere. As for the
computational energy, they modeled the energy harvesting and
consumption of the HAP, and found that the harvested energy
typically exceeds the total energy required by the servers on
the HAP [7]. This finding suggests that the DC-HAP is a
promising solution for reducing energy consumption in TDCs
by offloading computational tasks to HAPs. However, their
analysis mainly focuses on the energy aspect and the feasibility
of DC-HAPs, without considering multiple task types and the
delay constraints that may arise in practical scenarios.

To the best of our knowledge, no prior work has addressed
task offloading optimization for DC-HAP systems. Neverthe-
less, related studies on task offloading for non-terrestrial plat-
forms, including HAPs, satellites, and UAVs, provide relevant
context, though the task density and workload heterogeneity in



these works are relatively low compared to our data center ap-
plication. For instance, Ding et al. [10] study a satellite–aerial
integrated edge computing network, where low Earth orbit
(LEO) satellites and HAPs collaboratively provide comput-
ing services. They formulate a joint optimization problem
of transmission power and computation resource allocation
to minimize the overall task processing delay. To address
the non-convex problem constructed, a decomposition-based
algorithm is proposed, enabling cooperative task execution
across multiple nodes. Their results show that properly bal-
ancing communication and computation resources significantly
reduces latency compared to separate optimization strategies.
However, they assume a partial offloading protocol, where tasks
can be partitioned and processed at different nodes, which may
not be applicable for all types of tasks. Moreover, the task size
and variability are not well considered in their analysis, which
is not sufficient for the practical data center scenarios where
tasks can have diverse characteristics and larger sizes. In [12],
the authors investigate a space–air–ground–sea integrated ar-
chitecture, where multiple high-altitude platforms (HAPs) col-
laboratively assist computation offloading for users in maritime
scenarios. The problem is formulated as a joint optimization of
task offloading and resource allocation, leveraging a decoupling
strategy and optimization for each sub-problem to improve
system performance under heterogeneous communication and
computing constraints. The proposed framework enhances ser-
vice availability and reduces overall latency in large-scale
integrated networks. However, this work adopts a single-type
optimization framework, where the computational resources
can be allocated to each task independently, which may not
be efficient or practical for scenarios with a large number of
incoming tasks. In contrast, our work considers indivisible task
offloading with multiple task types and incorporates queueing-
based delay modeling, which more accurately captures the
operational characteristics of DC-HAP systems.

Beyond conventional optimization approaches, learning-
based methods have also been applied to task offloading in
aerial networks and edge computing scenarios [13]–[19]. For
instance, Yadav et al. investigate task offloading in Internet-of-
Medical-Things (IoMT) systems, where a lightweight adaptive
learning-based algorithm is proposed to dynamically balance
the tradeoff between energy consumption and latency under
resource-constrained and time-varying environments [20]. Li et
al. [14] propose a MAPPO-based framework for task offloading
and resource allocation in HAP-assisted LEO satellite net-
works, where multiple agents cooperatively optimize offload-
ing decisions under a potential game formulation to improve
system efficiency. Similarly, Zhao et al. [15] investigate a UAV-
assisted MEC system and formulate the task offloading prob-
lem as a multi-agent Markov decision process (MDP), where
UAVs and users act as agents and learn offloading policies
through deep reinforcement learning. Tang et al. [16] propose a
distributed task offloading framework based on advanced DQN
variants, where each mobile device learns its offloading policy
by interacting with dynamic edge environments. In multi-

Fig. 1: Proposed task-aware offloading framework for
DC-HAP systems.

UAV edge computing scenarios, Zakaryia et al. [17] and Tang
et al. [18] further consider cooperative UAV systems, where
DRL is employed to jointly optimize task offloading, resource
allocation, and data collection, capturing the impact of UAV
mobility and heterogeneous network schemes. In addition, Fan
et al. [19] explore data offloading in smart city environments
by leveraging learning-based approaches to exploit spatial loca-
tion–functionality correlations. Despite the adaptability of DRL
in handling system dynamics and high-dimensional decision
spaces, these works typically adopt a task-wise or instantaneous
system model, where a single task is assumed to be gener-
ated per time slot. Moreover, complex neural networks entail
longer convergence times, longer execution times, and reduced
flexibility under dynamic task variability. In contrast, our
work considers a queue-based task offloading framework with
heterogeneous task types, explicitly incorporating stochastic
task arrivals under heavy task loads, which enables a more
realistic characterization of delay, congestion, and long-term
system performance in aerial edge computing systems.

III. SYSTEM MODELING

In our DC-HAP system, TDCs can offload computational
tasks to HAPs equipped with data center capabilities. Our
study focuses on uplink transmission and HAP computation
processes, assuming that the computational results on DC-HAP
are relatively small and can be efficiently transmitted back
to the source [21], [22]. Fig. 1 illustrates the comprehensive
architecture of our proposed non-terrestrial task-aware offload-
ing framework for DC-HAP systems. Throughout the rest of
this section, we present the computation model, the wireless
communication model, and the offloading delay model.

A. Computation Model

This subsection presents the computation model, defining
the computational components, their processing capabilities,
and task characteristics. We demonstrate how minimizing TDC



energy consumption can be reformulated as maximizing HAP
computational utilization.

Consider a system with two types of computational com-
ponents, TDCs and HAPs, both can undertake computational
tasks. Assume that for each HAP, it has Ns servers, each
with a computing capacity of µ instructions per second (IPS).
There are N different types of tasks in the system, all of the
tasks arrive at TDCs first, and can be processed at HAPs after
offloading. For each task type i ∈ 1, . . . , N , we define two
key parameters: instruction length li (instructions/task), which
indicates the number of instructions needed for processing the
task; and bit length bi (bits/task), which represents the data
size required for transmission. The total arrival rate for each
task type is denoted as λtotal

i = λTDC,i + λi, where λTDC,i

(tasks/s) is the processing rate at the TDC servers , and λi

(tasks/s) is the offloaded task rate to the HAP.
Following [7], HAP computational utilization is defined as:

ρcomp =

∑N
i=1 λili
Nsµ

, (1)

where the numerator represents the total instruction rate to be
processed at the HAP servers, and the denominator indicates
the total computational capacity of the DC-HAP. In the fol-
lowing discussion, the computational utilization represents the
computational utilization of the HAP for simplicity.

The primary objective of deploying DC-HAPs is to reduce
energy consumption in TDCs. According to [7], the energy
consumption E of the TDC is proportional to the total arrival
instruction numbers to the TDC:

E ∝
N∑
i=1

λTDC
i li (2)

From (1), we have
∑N

i λili = ρcompNsµ. By expressing
λi in terms of λTDC

i and λtotal
i , we can express the processed

instruction numbers at the TDC as,
N∑
i=1

λTDC
i li =

N∑
i=1

λtotal
i li − ρcompNsµ. (3)

Therefore, the energy consumption is inversely proportional to
the computational utilization. Although we omit the complex
nonlinear relationship between the energy saved in the TDC
and the workload of the HAP, the objective of maximizing HAP
utilization is valid for our system optimization problem for two
reasons: 1) the objective is proportional to the energy saved
in the TDC, since more offloaded tasks leads to fewer tasks
processed within the TDC, and lower energy consumption,
even under a non-linear relationship; 2) the objective serves as
a consistent and comparable metric across different algorithms.
Thus, in the following discussion, we use HAP utilization as
our system’s performance metric.

Due to payload limitations, the harvested energy typically
exceeds the total energy required by the servers on the HAP, as
demonstrated in [7]. Consequently, the objective of minimizing
energy consumption in the TDC servers can be reformulated as
maximizing the computational utilization. Having established

the computation model and our optimization objective, we then
present the wireless communication model that governs the task
offloading process between TDCs and DC-HAPs.

B. Wireless Communication Model

In our analysis, we consider the upper bound on the data rate
of the TDC-to-HAP link, R = RUB, for the communication
system to ensure analytical tractability. Following [23], an
upper bound on the achievable data rate is expressed as:

RUB =B log2 (1 + γ) . (4)

Under the considered communication conditions, the SNR is
given by [24]–[28],

γ =

(
c

4πfcLHAP

)2

× Ptrans10

(
Gt+Gr−Agas−Arain−NF−Lpoint−Limpl

10

)
N0

(5)

where c is the speed of light, fc is the carrier frequency;
LHAP is the distance between the TDC and the HAP; Ptrans

is the transmit power of the TDC; Gt, Gr are the antenna
gains in dBi for transmitter and receiver respectively; N0 is
the thermal noise power expressed as N0 = kTantB, with the
Boltzmann’s constant k = 1.38e − 23 and the temperature at
the receiver antennas Tant [29], while NF is the noise figure in
dB; Lpoint, Limpl are pointing loss and implementation losses
in dB; (Agas + Arain) is the attenuation from the atmosphere
in dB.

C. Offloading Delay Model

Tasks offloaded to HAPs experience delays from two
sources: transmission delays during the offloading process and
computational delays at HAP servers with limited processing
capacity. High task offloading volume can lead to congestion
in both stages. We employ queueing theory to analyze these
delays, modeling the offloading process as a tandem queue with
transmission and computation stages.

1) Single-type Tasks Offloading Delay: For single-type
tasks, the total sojourn time (T ) of an offloaded task is the
sum of its transmission delay (Ttrans) during offloading and
computational delay (Tcomp) at the HAP:

T = Ttrans + Tcomp, (6)

where each component includes both waiting time (W ) and
service time (S):

Ttrans = Wtrans + Strans, (7)
Tcomp = Wcomp + Scomp. (8)

For the transmission process, we adopt a First-in-First-
out (FIFO) M/G/1 queueing model [30], where the first
M denotes a Poisson task arrival process and the second G
indicates a general distribution for service times.



For a given task type with bit length b (bit/task), arrival rate
λ (task/sec), and channel capacity R (bit/sec), the transmission
components are:

Wtrans =
ρtrans

2(1− ρtrans)

(
1 + c2s,trans

) b

R
(9)

Strans =
b

R
(10)

where c2s,trans is the square of the coefficient of variation (SCV)
of the transmission service time; ρtrans represents transmission
resource utilization defined as:

ρtrans = λ
b

R
< 1, (11)

with this constraint preventing infinite waiting times.
The computational queue has multiple servers, which can

be modeled as a general GI/G/m queue. Based on [31], the
average waiting time of a general GI/G/m queue under heavy
traffic can be approximated as:

Wcomp =

(
c2a,comp + c2s,comp

2

)
EW (M/M/Ns) (12)

To ensure more efficient use of computational resources,
rather than randomly distributing incoming tasks among Ns

servers during the routing, we apply the join-the-shortest-
workload (JSW) algorithm to minimize the waiting time for
each task [32]. Each task has a specific resource demand
(transmission or computation), from which the expected service
time can be estimated. Thus, we can have the expected waiting
time for each server as the summation of the expected service
time of all tasks in the queue, and route the next task to the
queue with the shortest expected waiting time. Since we apply
the JSW strategy for routing among HAP servers, based on
[33], for an M/M/m queue, the advantage of JSW over static
routing is shown to approach a factor of m under heavy traffic,
which gives:

EW (M/M/Ns/JSW ) ≈ 1

Ns
EW (M/M/1) (13)

Combining the closed-form expression for M/M/1 queue
[34], we have:

Wcomp =

(
c2a,comp + c2s,comp

2

)(
1

Ns

)
ρcomp

(1− ρcomp)

l

µ
(14)

For the wireless transmission channel, there is typically a
buffer to store the incoming packets [35]. During the buffer
processing, a series of operations are performed, such as bit
error checking and retransmission due to errors. Due to the
rain attenuation, gaseous attenuation, and pointing loss, the
introduced errors vary on the timescale of each transmission
slot and are approximately independent across slots. Therefore,
assuming that the offloaded tasks are successfully executed in
the HAP, the number of transmission time slots required for
retransmission can be approximated by a geometric distribution
[36]. Given that each transmission time slot is relatively short,

we can approximate the service time of such a wireless
communication channel as exponential. Based on that, we do
the approximation setting as c2s,trans ≈ 1.0, which leads to
a tractability simplification with the transmission stage as an
M/M/1 queue.

For the computational process, since with c2s,trans ≈ 1.0, the
departure queue from the transmission stage can be approxi-
mated as a departure queue from an M/M/1 queue, which is
still a Poisson Process. The interarrival time of the departure
queue remains an exponential distribution [37], [38], which
gives c2a,comp ≈ 1.0. Thus, we have:

Wcomp =
ρcomp

2(1− ρcomp)

(
1 + c2s,comp

) l

µ

(
1

Ns

)
(15)

where c2s,comp is the computational service time SCV, which
is set to be c2s,comp = 0.1 considering the server capacity is
relatively stable. We define the utilization of the HAP ρcomp

as:
ρcomp = λ

l

Nsµ
< 1, (16)

where this constraint ensures HAP servers can process all
offloaded tasks.

The total sojourn time is therefore:

T =
λ b

R

2(1− λ b
R )

(
1 + c2s,trans

) b

R
+

b

R

+
λ l

Nsµ

2(1− λ l
Nsµ

)

(
1 + c2s,comp

) l

Nsµ
+

l

µ
.

(17)

2) Multi-type Tasks Offloading Delay: For multiple task
types, the system becomes more complex as the DC-HAP
receives different types of tasks from one or multiple TDCs.
For the i-th task type with instruction length li and bit length
bi, the sojourn time is:

Ti = Ttrans,i + Tcomp,i (18)

where each component includes its corresponding W and S:

Ttrans,i = Wtrans,i + Strans,i (19)
Tcomp,i = Wcomp,i + Scomp,i. (20)

We model the system using GI/G/1 FIFO queues for
each task type, where GI represents independent generally
distributed arrival times and G represents general service time
distribution. The transmission and computation utilizations for
each type i are defined as ρtrans,i = λibi/R and ρcomp,i =
λili/(Nsµ), respectively.

Following [39], the i− th task transmission waiting time is:

Wtrans,i ≈
∑N

j=1λjE[X2
j ]+ρtrans,jE[Xj ](c

2
aj
− 1)

2(1− ρtrans)

+
1

2
E[Xi](c

2
ai
− 1),

(21)

where Xi represents service time for task type i, ρtrans =∑N
j=1 ρtrans,j is the total utilization, and cai

= 1 for Poisson
arrivals. E[X2

j ] = (1 + c2s,trans,j)(
bj
R )2 is the second moment



of service time, where cs,trans,j is the SCV of transmission
time for type j, and E[Xj ] =

bj
R is the expected service time.

Substituting into (21):

Wtrans,i ≈

∑N
j=1 λj

(
1 + c2s,trans,j

) ( bj
R

)2
2(1− ρtrans)

. (22)

The service time Strans,i = bi/R is similar to (10).
The transmission resource utilization must satisfy:

ρtrans =

∑N
i=1 λibi
R

< 1. (23)

For the multi-type queue, considering that the data center
system may have a large number of types, we adopt the com-
mon approximation that the superposition of many independent
renewal type-specific queues remains Poisson [40]. Combining
with Burke’s theorem [37], the total departure process can be
approximated as Poisson, leading to c2d,trans = c2a,comp ≈ 1.0
for the superposition of multi-type queues as a tractability
simplification. With ρcomp =

∑N
j=1 ρcomp,j and cs,comp,j as

the SCV of computational service time for type j, we have the
SCV for the computational service time of such a superposition
queue as:

c2s,comp =

∑N
i

(
λi∑N
i λi

(c2s,comp,i + 1)( liµ )
2
)

(∑N
i

λi∑N
i λi

( liµ )
)2 − 1 (24)

where c2s,comp,i is the SCV for the computational service time
of type i. We also apply a similar approximation in the multi-
type average waiting time expression. By substituting (24) and
c2a,comp ≈ 1.0 into (14), we have:

Wcomp,i ≈

∑N
j=1

λj

Ns

(
1 + c2s,comp,j

) ( lj
µ

)2 (
1
Ns

)
2(1− ρcomp)

, (25)

Scomp,i =
li
µ
. (26)

The computational resource utilization must satisfy:

ρcomp =

∑N
i=1 λili
Nsµ

< 1. (27)

IV. SINGLE-TYPE OFFLOADING SCENARIO

In this section, we analyze the DC-HAP system’s resource
utilization based on the delay model developed in the previous
section, considering single-type tasks with a latency constraint.
Our optimization approach aims to maximize the computa-
tional utilization of the HAP data center while satisfying all
system constraints, including latency requirements. Specifi-
cally, we optimize offloading task rate (λ) and the offloaded
task properties (l, b) to maximize the computation utilization
(ρcomp), which can help us to define the DC-HAP operational

limits under various conditions. In this regard, we define our
design optimization problem as follows:

max
λ,l,b

ρcomp (28a)

subject to ρtrans < 1, (28b)
ρcomp < 1, (28c)
T ≤ tmax, (28d)
λ > 0, (28e)
lmin ≤ l ≤ lmax, (28f)
bmin ≤ b ≤ bmax, (28g)

where the constraints (28b) and (28c) ensures the transmission
and computation stability conditions, respectively. The latency
constraint is captured by (28d), while the λ positive conditions
and task properties bounds are defined by (28e), (28f) and
(28g), respectively. We assume that the TDC has much more
servers than the HAP, and the generated task rate is high, which
gives λtotal

i ≫ λi [5], [7]. To solve (28), we decompose it
into three subproblems with relaxed conditions and use their
solutions to find the optimized λ, l and b, as will be seen in the
rest of this section. Note that for the Ka-band carrier frequency,
rain fade is highly dynamic under moderate-to-heavy precipi-
tation, which will drastically impact the offloading bounds. In
the rest of this section, we assume a Clear-Sky to Light-Rain
atmosphere condition with relatively static fading parameters.

A. Maximizing Utilization without Latency Constraint

We first consider a a simplified version of (28) that focuses
on optimizing λ for given task parameters l and b and relax
the latency constraint:

max
λ

ρcomp (29a)

subject to λ > 0 (29b)
ρtrans < 1 (29c)
ρcomp < 1. (29d)

Since ρcomp is linear in λ, the optimal λ will be the maxi-
mum value that satisfies constraints (29c) and (29d) that are
equivalently to λ < R

b and λ < Nsµ
l , respectively. Hence,

the utilization is maximized at λmax = min
{

R
b ,

Nsµ
l

}
− ϵ,

where ϵ is an infinitesimally small positive number to strictly
satisfy the constraints. λmax can be written in terms of the
task’s computational-to-transmission ratio l

b and the system’s
computational-to-transmission capacity ratio Nsµ

R as:

λmax =


Nsµ

l
− ϵ,

l

b
≥ Nsµ

R

R

b
− ϵ,

l

b
<

Nsµ

R

. (30)



By substituting λmax into (16), we obtain the maximum
achievable computational utilization ρmax

comp:

ρmax
comp =


1− ϵl

Nsµ
,

l

b
≥ Nsµ

R

lR

Nsµb
,

l

b
<

Nsµ

R

. (31)

B. Impact of Latency Constraint

We now extend our analysis to determine the maximum
achievable computational utilization while satisfying an addi-
tional end-to-end latency constraint tdelay. Hence, the optimiza-
tion problem is defined as follows:

max
λ

ρcomp (32a)

subject to λ > 0 (32b)
ρtrans < 1 (32c)
ρcomp < 1, (32d)

T ≤ tdelay. (32e)

The following theorem establishes both the feasibility con-
dition, the maximum offloaded task rate and the maximum
achievable computational utilization considering a latency con-
straint, with the proof shown in the appendix.

Theorem 1. In a DC-HAP system with Ns servers at the HAP,
each with a computing capacity of µ IPS, and a communication
link between the terrestrial and HAP data centers with a trans-
mission rate R bit/sec, a task with a bit length b, instruction
length l, and a latency constraint tdelay can be offloaded to the
HAP if tdelay > b

R + l
µ . In this case, the maximum offloaded

task rate, λ̃max, is given by:

λ̃max =
−B −

√
B2 − 4AC

2A
(33)

which provides a maximum computational utilization as:

ρmax
comp =

λmaxl

Nsµ
(34)

where A, B, and C are defined as

A = 2

(
tdelay −

b

R
− l

µ

)
b

R

l

Nsµ

+
(
1 + c2s,trans

) b2

R2

l

Nsµ
+
(
1 + c2s,comp

) l2

N2
s µ

2

b

R
(35a)

B = 2

(
tdelay −

b

R
− l

µ

)(
− b

R
− l

Nsµ

)
−
(
1 + c2s,trans

) b2

R2
−
(
1 + c2s,comp

) l2

N2
s µ

2

(35b)

C = 2

(
tdelay −

b

R
− l

µ

)
. (35c)

C. Optimal Task Properties for Constrained Systems

Building on Theorem 1, we now address (28) to determine
the optimal task properties. Since ρcomp is strictly increasing
with λ in (16), and λ̃max from Theorem 1 inherently satisfies
all operational constraints, i.e., transmission stability (28b),
computation stability (28c), latency requirements (28d), and
positivity (28e), we substitute λ with λ̃max(b, l) to obtain the
following equivalent problem:

max
b,l

ρcomp =
λ̃max(b, l)l

Nsµ
(36a)

subject to lmin ≤ l ≤ lmax (36b)
bmin ≤ b ≤ bmax. (36c)

To solve (36), we characterize two fundamental properties
of the maximum computational utilization function through the
following Lemmas, with the proof shown in the appendix.

Lemma 1. Under transmission stability, computation stability,
and latency constraints, ρmax

comp of a DC-HAP system decreases

strictly with bit length b, i.e.,
∂ρmax

comp

∂b < 0.

Lemma 2. Under transmission stability, computation stability,
and latency constraints, ρcomp of a DC-HAP system is concave

in l, i.e.,
∂2ρmax

comp

∂l2 < 0.

With Lemma 1 and Lemma 2, we propose Theorem 2
through the process shown in the appendix.

Theorem 2. In a DC-HAP system with a latency constraint
tdelay, the optimal task properties b∗ and l∗ that maximizes
the computational utilization ρcomp are:

b∗ = bmin (37)

l∗ =

 l̂, if l̂ ∈ [lmin, lmax]

arg max
l∈{lmin,lmax}

ρmax
comp(bmin, l), otherwise

(38)

where l̂ is computed from
∂ρmax

comp

∂l |(bmin,l̂)
= 0.

V. MULTI-TYPE OFFLOADING SCENARIO

In this section, we extend our analysis to multi-type task of-
floading within a TDC-HAP system. We determine the optimal
offloading rate λi for each task type i to maximize ρcomp. To
this end, we assume a given set of task types with properties
(b, l). While Theorem 2 established offloading performance
limits for the single-type scenario, we now focus on optimizing
λi rather than (b, l), which are typically determined in data
centers by application requirements [41]–[43].

A. Problem Formulation

Consider a system with N task types, each offloaded at rate
λi. We define our problem that maximizes ρcomp while meeting



delay constraints tdelay,i and ensuring stable operations as:

max
λi

ρcomp (λ1, . . . , λN ) (39a)

subject to λi ≥ 0,∀i, (39b)
ρtrans (λ1, . . . , λN ) < 1 (39c)
ρcomp (λ1, . . . , λN ) < 1, (39d)
Ti (λ1, . . . , λN ) ≤ tdelay,i, ∀i. (39e)

The non-convex nature of this optimization problem precludes
finding a global optimum, requiring suboptimal iterative so-
lution algorithms. However, these methods frequently produce
intermediate solutions that violate the constraints, leading to
instability, performance degradation and wasted computational
resources. To overcome these feasibility violations, we adopt a
feasibility-preserving transformation [44]–[46] that ensures all
variables inherently satisfy the utilization constraints.

Firstly, we let ui =
bi
Rλi and vi =

li
Nsµ

λi to decouple the
constraints (39c) and (39d). To address the resulting depen-
dency between ui and vi, we redefine λi as:

λi = min

(
Rui

bi
,
µNsvi
li

)
. (40)

This transformation ensures λi respects both utilization con-
straints, allowing ui and vi to be optimized independently. The
optimization problem becomes:

max
ui,vi

ρcomp =

N∑
i=1

vi (41a)

subject to ui ≥ 0,∀i (41b)
vi ≥ 0,∀i (41c)
N∑
i=1

ui < 1 (41d)

N∑
i=1

vi < 1 (41e)

Ti

(
min

(
Ru1

b1
,
µNsv1
l1

)
, . . . ,min

(
RuN

bN
,
µNsvN
lN

))
≤ tdelay,i, ∀i. (41f)

Secondly, to ensure feasibility-preserving, we implement
Softmax to impose constrained summation. To satisfy the
inequality conditions in (41d) and (41e), we add slack variables
u0 and v0 to vectors u and v, and apply the Softmax function:

ui = S(u′) =
eu

′
i∑N+1

j=0 eu
′
j

, i ∈ [0, ..., N ] (42a)

vi = S(v′) =
ev

′
i∑N+1

j=0 ev
′
j

, i ∈ [0, ..., N ] (42b)

As a result, we can reformulate (41) with design variables
v′i, u

′
i ∈ R1, ∀i ∈ [0, ..., N ] while inherently satisfying con-

straints (41b), (41c), (41d) and (41e):

max
v′
i,u

′
i

ρcomp (43a)

s.t. Ti

(
min

(
R

b1

eu
′
1∑N

j=0 e
u′
j

,
µNs

l1

ev
′
1∑N

j=0 e
v′
j

)
, . . . ,

min

(
R

bn

eu
′
n∑N

j=0 e
u′
j

,
µNs

ln

ev
′
n∑N

j=0 e
v′
j

))
≤ tdelay,i,

(43b)
∀i ∈ [1, ..., N ]. (43c)

After solving the problem, we can calculate λi of task i ∈
[1, ..., N ] from:

λi = min

(
R

bi

eu
′
i∑N

j=0 e
u′
j

,
µNs

li

ev
′
i∑N

j=0 e
v′
j

)
. (44)

For the complete validation proof of the transformation, we
have the following lemmas, which are proved in the appendix:

Lemma 3. The transformed problem (43) always satisfies
constraints (41b)-(41e) in problem (41), for ∀u′

i, v
′
i ∈ R after

the transformation (42). Equivalently, it satisfies constraints
(39c)-(39b) in problem (39) after transformation (42) and
recovery (44).

Lemma 4. The domain of the transformed problem (43)
remains the same as the original problem (39) after trans-
formation (42) and recovery (44).

Therefore, Equation (42)-(44) ensures the utilization con-
straints are always satisfied, and it is a valid feasibility-
preserving transformation, which maintains the same domain.

In the rest of this section, we develop an efficient heuristic
algorithm guided by Theorem1. For comparative evaluation,
we implement tailored adaptations of two classical methods:
Sequential Quadratic Programming (SQP), which offers com-
putational efficiency through gradient descent; and Differential
Evolution (DE), which explores a broader solution space to
increase the probability of finding the global optimum.

B. Heuristic Sequential Algorithm

Given the non-linear, non-convex nature of our optimization
problem (39), finding a global optimum using conventional
methods is challenging. We therefore develop a heuristic se-
quential algorithm that builds upon the insights from Theo-
rem 1 while addressing the multi-type scenario. This approach
leverages the computational utilization analysis for individual
task types to construct an effective composite solution

Our strategy involves sequentially adding task types to the
offloading schedule, prioritizing those with higher compu-
tational utilization potential. For each task type i, we first
determine its maximum achievable computation utilization



using (33) and (34) from Theorem 1. We then sort types
in descending order of their computational utilization and
progressively incorporate them into our solution.

A key innovation in our approach is the adaptive scaling
mechanism we employ when adding each new task type. Rather
than simply adding tasks at their individual optimal rates,
we recognize that task interactions may require adjustments
to previously allocated resources. For each newly considered
task type, we define a scale factor rs ∈ [0, 1] that scales the
previously selected task rates λprev = [λ1, λ2, ..., λn−1]. We
then conduct a linear search with nstep = 1000 intervals to
find the optimal balance between existing and new task types.

For a given scaling factor rs, we can derive the optimal
offloading rate λn,rs for the newly added task type n as:

λn,rs =
−B′ −

√
B′2 − 4A′C ′

2A′ (45)

The expression of the variables is similar to (35):

f(λn,rs) = A′λ2 +B′λ+ C ′ (46a)
A′ = A (46b)

B′ = 2

(
tdelay −

b

R
− l

µ

)(
− b

R
(1 + z4)−

l

Nsµ
(1 + z2)

)
−
(
1 + c2s,trans

) b2

R2
(1 + z4)

−
(
1 + c2s,comp

) l2

N2
s µ

2
(1 + z2) +

b

R
z3 +

l

Nsµ
z1

(46c)

C ′ = 2

(
tdelay −

b

R
− l

µ

)
(1 + z2)(1 + z4)− z1(1 + z4)

− z3(1 + z2)
(46d)

where the auxiliary variables z1 through z4 capture the influ-
ence of previously selected tasks:

z1 =

n−1∑
i=1

rsλi
b2i
R2

(
1 + c2s,trans

)
(47a)

z2 = −
n−1∑
i=1

rsλi
bi
R

(47b)

z1 =

n−1∑
i=1

rsλi
l2i

N2
s µ

2

(
1 + c2s,comp

)
(47c)

z2 = −
n−1∑
i=1

rsλi
li

Nsµ
(47d)

An important consideration is that adding new task types
increases system congestion, potentially violating delay con-
straints for previously added tasks. To address this, we im-
plement a final rescaling step using binary search to find
a rescale factor rb that, when applied to all task rates
rb[rsλ1, rsλ2, ..., λn,rs ], ensures all sojourn time constraints
remain satisfied. The binary search stops when the left and
right margin is less than ϵ = 1e − 6 or the iteration number
is larger than miter = 1000. This guarantees the feasibility

Algorithm 1: Heuristic Sequential Algorithm

1: Input:
R,µ,Ns, c

2
s,trans, c

2
s,comp,b, l, tdelay, nstep,miter, ϵ

2: Output: λ, ρcomp

3: Initialize selected set S ← ∅, λ← 0, ρcomp ← 0
4: Compute λmax,i and ρmax

comp,i using (33)–(34).
5: Sort types into list L.
6: for type i ∈ L do
7: if S = ∅ then
8: λ← λmax,i; ρcomp ← ρmax

comp,i

9: S ← S ∪ {i}
10: else
11: Initialize rs ← 0, best candidate (λprev, λi)
12: for j = 1 to nstep do
13: r′s ←

j
nstep

; λ′
prev ← r′sλ

14: Compute λ′
i using (45).

15: Evaluate ρ′comp.
16: if ρ′comp ≥ ρcomp then
17: (rs,λprev, λi)← (r′s,λ

′
prev, λ

′
i).

18: end if
19: end for
20: repeat
21: Binary search on (λprev, λi) to satisfy (39e).
22: until margin < ϵ and iteration > miter

23: Compute ρ′′comp using (1)
24: if ρ′′comp ≥ ρcomp then
25: λ← refined solution; ρcomp ← ρ′comp.
26: end if
27: S ← S ∪ {i}
28: end if
29: end for
30: return λ, ρcomp

of our composite solution while maximizing computational
utilization. The complete procedure is detailed in Algorithm 1.
The type-wise properties are provided via vector b for bit
length, l for instruction length, and tdelay for delay constraint.
Output λ is the vector of task rates for each type of task.
Complexity Analysis: The complexity of the algorithm is
O(Nnstep log nstep), where N is the number of task types
and nstep is the number of linear search steps, which is a
constant. The log nstep factor arises from the binary search
used to determine the rb in each linear search step. The nstep

is a constant, which decide the search accuracy. Therefore, the
complexity is linear with the number of types of tasks in the
set, and we can control the accuracy of the search by adjusting
the nstep.

C. Sequential Quadratic Programming Algorithm

Having transformed our original problem (39) into the form
shown in (43), we ensure that hard utilization constraints are
inherently satisfied. This transformation enables more effective
application of gradient-based optimization methods. We im-



plement SQP, a powerful technique for constrained non-linear
optimization problems [47], [48]. Note that our implementation
adapts the Sequential Least Squares Programming (SLSQP)
variant specifically to our transformed problem, due to its
efficiency and robustness, with complexity analysis provided.
While we reference the transformed problem formulation (43)
in our discussion and algorithm presentation, we will compare
results from both formulations in our experimental evaluation.
It is important to note that since the problem is non-convex,
SQP cannot guarantee global optimality but often produces
high-quality local optima.

SQP operates by iteratively solving quadratic approxima-
tions of the original problem. To prevent excessive computation
time, we impose a maximum iteration limit miter.

SQP starts by constructing the Lagrangian function for (43):

L = ρcomp + k(T− tdelay) (48)

where k represents the Lagrange multiplier associated with the
delay constraint. At each iteration, SQP constructs and solves
a quadratic programming subproblem:

min
p

1

2
pTHp+ gT p

s.t. (T− tdelay) +∇(T− tdelay)T p ≤ 0
(49)

where p is the search direction, H is the Hessian matrix
of the Lagrangian function, and g is the gradient of the
Lagrangian function. This subproblem linearizes the constraints
while approximating the objective function with a quadratic
model. The detailed procedure is listed in the Algorithm 2.
The SQP algorithm stops when the search direction norm
||p|| < ϵ = 1e − 6 or the iteration number is larger than
miter = 1000. The type-wise properties are provided via vector
b for bit length, l for instruction length, and tdelay for delay
constraint. Output λ is the vector of task rates for each type
of task.
Complexity Analysis: The complexity of the SQP algorithm is
O(miterN

3), where miter is the maximum iteration limit, and
N is the number of types of tasks in the set. The O(N3) is due
to the Hessian matrix calculation, which is a cubic complexity
with the number of variables. The miter is a constant, which
decides the maximum iteration limit. Therefore, the complexity
is cubic with the number of types of tasks in the set. However,
the real time spent can vary due to the convergence speed of
the algorithm, which is hard to predict since the problem is
non-convex and non-linear.

D. Differential Evolution Algorithm

While gradient-based methods like SQP can effectively find
local optima, the non-linear and non-convex nature of our
optimization problem motivates the exploration of alternative
approaches capable of searching more broadly for global solu-
tions. DE represents a powerful population-based metaheuristic
particularly well-suited for such challenging scenarios [49],
[50]. Based on evolutionary principles, DE efficiently explores
broad solution spaces to find close-to-optimal solutions. Our

Algorithm 2: Sequential Quadratic Programming

1: Input: R,µ,Ns, c
2
s,trans, c

2
s,comp,b, l, tdelay,miter, ϵ

2: Output: λ, ρcomp

3: Initialize (u′,v′), Lagrange multiplier k; citer ← 0.
4: repeat
5: Transform u = Softmax(u′), v = Softmax(v′).
6: λi = min

(
uiR
bi

, viµNs

li

)
7: Identify active branch for optimization.
8: Construct Lagrangian L as (48).
9: Compute gradient ∇L and Hessian ∇2L.

10: Solve subproblem (49) to obtain p.
11: Perform line search to get step size α.
12: Update (u′,v′)← (u′,v′) + αp.
13: Update Lagrange multiplier k.
14: citer ← citer + 1
15: if ∥p∥ < ϵ then
16: break
17: end if
18: until citer > miter

19: Compute λ using final (u,v) with (44), check (43c).
20: return λ, ρcomp

implementation adapts the algorithm with a custom candidate
selection mechanism specifically designed for our problem
formulation, accompanied by a comprehensive time complexity
analysis.

Similar to the previously discussed hard utilization con-
straints, the evolutionary algorithm may generate initial popu-
lation samples that fall outside the feasible region. Therefore,
we compare both problem formulations in our implementation
and use (43) as the reference formulation in the following
discussion and algorithm pseudo-code.

Our DE implementation begins by generating an initial
population of Npop random candidate solutions. To manage
computational resources, we limit the evolutionary process to
a maximum of miter generations. The parameters F and rc
control the differential weight and crossover rate, respectively.
Given our constrained optimization context, we implement a
modified selection mechanism that prioritizes feasibility while
promoting improved objective values:

• When comparing two feasible solutions, select the one
with the higher computational utilization.

• If one solution is feasible and the other is infeasible, select
the feasible one.

• If both solutions are infeasible, select the one with the
smaller constraint violation.

After that, we randomly select two individuals to generate a
trial vector (ut,vt):

ut = ubest + F (ub − uc) (50a)
vt = vbest + F (vb − vc) (50b)



Then, perform the crossover to generate the new individual
(unew,vnew) for each individual:

unew,i =


ut,i if rand(0, 1) ≤ rc or

i = rand(1, N)

ui otherwise
(51)

vnew,i =


vt,i if rand(0, 1) ≤ rc or

i = rand(1, N)

vi otherwise
(52)

Finally, replace the old individuals if the new one outperforms
the old one based on the aforementioned rules. The detailed
procedure is shown in the Algorithm 3. We also apply the
SciPy library in Python to implement the Differential Evo-
lution algorithm for our problem. The DE algorithm stops
when the best individual between generations has improvement
∆ρcomp < ϵ = 1e − 6 or the iteration number is larger than
miter = 1000. The type-wise properties are provided via vector
b for bit length, l for instruction length, and tdelay for delay
constraint. Output λ is the vector of task rates for each type
of task.
Complexity Analysis: The complexity of the DE algorithm
is O(miter(NpopN + N2

pop)), where miter is the maximum
iteration/generation limit, Npop is the population size, and N
is the number of types of tasks in the set. The O(NpopN) is
due to the crossover operation, and the O(N2

pop) is due to the
selection of the best individual. The miter is a constant, which
decides the maximum iteration limit. The real time spent can
vary due to the convergence speed of the algorithm, which is
hard to predict since the problem is non-convex and non-linear.

VI. SIMULATION RESULTS

We consider a DC-HAP system with one TDC and one HAP
positioned 20 km directly above the TDC (LHAP = 20km).
The HAP is equipped with Ns = 20 identical servers, each with
computational capacity µ = 580MIPS (million instructions per
second) [7]. The link budget is shown in TABLE III. Following
[51], we simulate tasks with data sizes ranging from 300KB
to 800KB and computational requirements from 100 to 1000
MegaCycles, with an average cycles-to-instructions ratio of
3.7. We set the latency constraint to 500ms for all subsequent
simulations unless otherwise stated. The overall simulation
settings are shown in TABLE IV.

A. Single-type Offloading Scenario

We first investigate the performance of ρmax
comp without la-

tency constraints, as defined in (31) and illustrated in Fig. 2.
Here, we present heatmaps showing the performance of the
system under different (b, l) type task queues. The ranges
of b and l follow settings in TABLE IV. The color bar
indicates the metric values. The results reveal that the rela-
tionship between instruction length and bit length follows a
specific proportional pattern for achieving high computational
utilization, with the optimal ratio following a linear boundary.

Algorithm 3: Differential Evolution Algorithm

1: Input:
R,µ,Ns, c

2
s,trans, c

2
s,comp,b, l, tdelay, Npop,miter, ϵ

2: Output: λ, ρcomp

3: Initialize population {(u′,v′)}Npop

1 ; citer ← 0
4: repeat
5: for each individual (u′,v′) do
6: Transform u = Softmax(u′), v = Softmax(v′) as

(42).
7: Calculate λi = min

(
uiR
bi

, viµNs

li

)
.

8: Evaluate ρcomp and delay constraint.
9: end for

10: Select (ubest,vbest) as rules in V-D.
11: for each individual (u,v) do
12: Select random (ub,vb), (uc,vc).
13: Generate (ut,vt) with (ub,vb), (uc,vc) as (50).
14: Crossover ((u,v), (ut,vt)) to (unew,vnew) as in

(51)-(52).
15: Evaluate new individuals.
16: Replace (u,v) with (unew,vnew) if better.
17: end for
18: citer ← citer + 1
19: if best individual improvement ∆ρcomp < ϵ then
20: break
21: end if
22: until citer > miter

23: Compute λ using best individual with (44), check (43c).
24: return λ, ρcomp

TABLE III: Link Budget Table

Parameter Symbol Value / Range
Carrier frequency fc 31 GHz
Tx power (TDC) Ptrans 5 W
Rx temperature Tant 216.5 K [52]
Bandwidth B 50 MHz
Tx antenna gain Gt 20 dBi
Rx antenna gain Gr 20 dBi
Noise figure NF 2 dB
Pointing loss Lpoint 1 dB
Implementation loss Limpl 2 dB
Gaseous attenuation Agas 0.5 dB
Rain attenuation Arain 3 dB

TABLE IV: System Parameters

Parameter Symbol Value / Range
HAP altitude LHAP 20 km
Servers per HAP Ns 20
Server capacity µ 580 MIPS [7]
Task data size b 300–800 KB [51]
Task compute load l 100–1000 MCycles [51]
Cycles-to-instructions ratio CPI 3.7 [51]
Latency constraint tdelay 500 ms

The ρmax
comp = 1 boundary represents the system’s operational

limit, above which the computational resources become fully
saturated. Data center operators can use this boundary as



Fig. 2: ρmax
comp for tasks without latency constraints.

a guideline for identifying ideal task types for offloading
when energy reduction is the primary goal. This finding has
significant practical implications: when latency is not critical
(e.g., for batch processing tasks), selecting tasks whose l and
b values fall within the optimal region can ensure maximum
computational utilization that maximizes the energy efficiency
benefits of DC-HAPs.

When considering the practical 500ms latency constraint,
Fig. 3 shows λmax for different l and b values. The results
demonstrate that smaller l and b values generally enable higher
λmax, as expected due to reduced transmission and processing
times per task. Particularly noteworthy is the red line indicating
where ρtrans = ρcomp. This boundary creates two distinct op-
erational regions: below the line (transmission-limited region),
reducing bit length yields the most significant improvements
in offloading capacity; above the line (computation-limited
region), reducing instruction length is more effective. This
insight provides system operators with clear guidance on which
task characteristics to prioritize for optimization based on their
workload properties.

Fig. 4 presents ρmax
comp under the latency constraint, com-

bining the effects of l and b on λ and hence ρmax
comp. Unlike

the unconstrained scenario, the boundaries for high utilization
form curved regions due to the complex interplay between
two competing factors: 1) a larger b or l leads to a larger
waiting time and limits the λmax; 2) a larger λmax does not
necessarily yield higher ρmax

comp without sufficient instruction
length l. This fundamental trade-off creates the curve-like
boundaries in Fig. 4 traces the optimal instruction length for
each bit length, providing system operators with a practical
guide for task prioritization to maximize energy savings.

B. Multi-type Offloading Scenario

We now evaluate multi-type task scenarios using our Heuris-
tic Sequential Algorithm compared against SQP and DE algo-
rithms, the later two are solved using both Problem (39) and its

Fig. 3: λmax for tasks under latency constraint of 500ms.

Fig. 4: ρmax
comp for tasks under latency constraint of 500ms.

transformed version Problem (43). We show the performance
of the algorithms under different numbers of task types. To
evaluate the generalization ability of the algorithms across
varying numbers of task types, in each set of experiments, we
randomly sample 10 task types with property pairs (b, l) within
the range shown in TABLE IV. Tasks are ordered by their
ρmax
comp values (calculated using Theorem 1) from high to low

and added to the set one by one. Then let each algorithm run on
these cumulative sets and record the performances. To obtain
more general results and mitigate the effect of randomness,
the average performance is evaluated across 1000 random
experimental runs, with results shown in Fig. 5.

Our heuristic sequential algorithm and the DE algorithm
consistently achieve the highest average ρmax

comp. SQP shows
significant performance degradation as N increases, while DE
exhibits greater robustness. This difference stems from the
non-convex nature of the problem: gradient-based algorithms



Fig. 5: Average ρmax
comp for different algorithms.

like SQP are prone to local minima entrapment, while DE’s
random initialization and mutation operations better navigate
the complex search space. Notably, the heuristic sequential
algorithm maintains consistent performance regardless of prob-
lem size, indicating that the theoretically-identified best type
already achieves near-optimal computational utilization, with
additional types offering minimal benefit.

Our feasibility-preserving transformation substantially im-
proves algorithm reliability. Without it, DE experiences per-
formance degradation with increasing dimensions, while SQP
frequently fails to generate valid solutions by entering re-
gions with incompatible constraints (utilizations exceeding 1
and waiting times becoming negative). This demonstrates the
essential nature of our transformation approach for practical
implementation.

For computational efficiency (Fig. 6), SQP requires the least
time, followed by our heuristic algorithm, i − th DE, taking
the longest due to its population size and mutation operations.
For practical implementation, we could further optimize our
heuristic by eliminating the sequential searching step in Al-
gorithm 1, effectively using only the solution from N = 1
when rapid computation is required. However, with the original
formulation, DE experiences a dramatically increasing runtime
as problem complexity grows due to generating infeasible
solutions.

In conclusion, our heuristic algorithm provides the optimal
balance between solution quality and computational efficiency
for TDC-HAP task offloading, while our feasibility-preserving
transformation significantly enhances both SQP and DE perfor-
mance in complex multi-type scenarios. This demonstrates that
theoretical insights can guide practical algorithm development
more effectively than increasing algorithmic complexity alone.

Fig. 6: Average runtime for different algorithms.

C. Link Budget Sensitivity Analysis

Here, we analyze the metric ρmax
comp sensitivity to the link

budget components under a single-type scenario in Fig. 7.
To conserve space, we use box plots instead of heatmaps
to present the statistical performance across the task type
range shown in TABLE IV. Note that the performance of
the system is ensured under good weather conditions and
hardware capacity. When the wireless communication channel
experiences adverse conditions, due to weather or antenna
settings, the performance drops significantly. Thus, the channel
condition represents a key bottleneck of the DC-HAP system.

Besides the results for single types of tasks, we evaluate
the sensitivity of our algorithms to changes in transmission
conditions. Since the link budget comprises numerous
variables that jointly determine the overall transmission
condition, performing a single-factor sensitivity analysis
for each variable is impractical. Thus, we directly show
the algorithms’ performance under a series of transmission
throughputs, which directly captures the aggregate influence
of the link budget parameters on system performance. Here,
we present the performance for 10 different task types at the
TDC. The result is shown in Fig. 8 and Fig. 9. Note that
when the transmission throughput reaches around 250 Mbps,
the HAP computational capacity is efficiently utilized with a
heavy load of around 90%. Moreover, across all transmission
conditions, our heuristic algorithm consistently achieves the
best performance. This demonstrates the robustness of our
algorithm across varying channel conditions. At the same
time, the simplified version of our algorithm, which eliminates
the binary search process, achieves the same performance as
the full algorithm, while its computation time is the lowest
(less than 1 ms). Thanks to the detailed modeling of the queue
system and analytical derivation for optimal task rate, our



algorithm can achieve strong performance with an extremely
short execution time.

D. Dynamic System Evaluation

To validate our theoretical findings, we construct a realistic
simulation environment with real-world parameters that eval-
uates algorithm performance in terms of HAP computational
utilization, i.e., ρcomp and TDC task drop ratio (rdrop). We
maintain most of our previous configuration in TABLE IV
while extending maximum delay tolerance to 0.5s-1.0s to allow
greater flexibility. We configure the TDC with NTDC

s = 1000
servers at 30% load. Then, we sample task types with property
tuples (b, l, tdelay), and generate random tasks evenly for these
task types based on TDC load. During the simulation, algo-
rithms will decide whether to offload each task, then we will
statistic the performance metric within the simulation system.
Each evaluation frame spans 10 seconds and the task is updated
every 10 frames.

During each frame, our algorithms analyze task properties
for each type and determine the optimal offloading rates
(λi). The actual offloading decision implements a probabilistic
sampling approach: with the calculated optimal offloading rate
λi and observed total task generation speed λtotal

i (obtained
through real-time moving average statistics), we establish an
offloading probability roffload

i = λi

λtotal
i

for each task type. For
comparison, we implement a "Random" baseline that offloads
tasks based on the server ratio roffload,random

i = Ns

NTDC
s

.

TABLE V: Comparison of Algorithms: HAP Utilization and
Drop Ratio with Static Throughput

Metric Ours DE SQP Random RL
ρcomp 90.73% 88.88% 76.55% 6.92% 34.22%
rdrop 1.18% 1.18% 1.13% 12.99% 2.16%

TABLE VI: Comparison of Algorithms: HAP Utilization and
Drop Ratio with Dynamic Throughput

Metric Ours DE SQP Random RL
ρcomp 79.41% 78.15% 59.59% 4.49% 22.84%
rdrop 1.25% 1.26% 1.19% 13.25% 2.05%

To compare with the state-of-the-art task offloading method,
we develop a Deep Reinforcement Learning (DRL) based
offloading agent. The DRL-based method uses a deep neural
network to generate offloading decisions (offload or process
locally), which is widely used for general sequential decision-
making in complex environments [15]–[18]. We applied the
Deep Q-learning Network (DQN) based DRL algorithm given
our small discrete action space [16].

The realistic simulation results demonstrate that our pro-
posed heuristic algorithm achieves strong performance with
consistently high HAP utilization (ρcomp) while maintaining
very low TDC drop ratios. As shown in Fig. 10 and Fig. 11,
the DE algorithm exhibits performance comparable to our

heuristic, while SQP demonstrates inconsistent behavior, oc-
casionally yielding invalid results with zero utilization. The
random baseline performs the worst, with a significantly higher
drop ratio and lower HAP utilization. The RL baseline con-
verges to a state in which the drop ratio is well controlled.
However, it fails to achieve high HAP utilization. The RL
agent fails to maintain satisfactory system performance under
highly dynamic workload variations. The statistical summary
in TABLE VI confirms that our algorithm outperforms the
alternatives across key metrics.

Although DE achieves competitive performance in terms of
utilization and drop ratio, its computational cost renders it im-
practical for real-time applications, requiring more than 10.0s
to compute a solution, exceeding our 10.0s frame duration. In
contrast, our heuristic algorithm completes in approximately
1.0s and can achieve sub-millisecond execution times with a
simplified version that reduces unnecessary search iterations,
as demonstrated in Fig. 5 and Fig. 6. This combination of ac-
curacy and efficiency makes our approach particularly suitable
for dynamic edge computing environments with strict timing
requirements.

Besides, we also evaluate the robustness of our algorithm
when the transmission link between the TDC and the HAP is
not stationary. We randomly sample the transmission through-
put with a mean value for different time frames, which mimics
the throughput fluctuations due to wireless variations. The dy-
namic of throughput is shown in Fig. 14, and the performance
is shown in Fig. 12 and Fig. 13. The performance is similar
to that of the ones with static transmission channel conditions.
These results confirm that our algorithm maintains robust and
efficient performance in such a dynamic environment.

VII. CONCLUSION

This study investigated task-aware offloading in DC-HAP
systems and its potential for reducing energy consumption
in terrestrial data centers. Our mathematical analysis demon-
strated that transforming the energy minimization objective into
computational utilization maximization, using a queueing sys-
tem model for both transmission and computational processes,
provides an effective framework for optimization. The sim-
ulation results revealed that task characteristics substantially
impact system performance, with the relationship between
instruction lengths and bit lengths determining achievable com-
putational utilization in delay-unconstrained scenarios. Fur-
thermore, we proposed three algorithms that optimize hybrid
multi-type task offloading, validating the practical value of
our analytical framework. In a realistic simulation environment
based on real-world parameters, the proposed approach outper-
formed both traditional and learning-based methods, demon-
strating its effectiveness and efficiency in complex dynamic
environments. These findings provide valuable insights for the
practical implementation of DC-HAP systems and establish a
foundation for future research on multi-TDC and multi-HAP
architectures, offering a promising direction for next-generation
green computing infrastructure.



(a) Sensitivity analysis of rain
attenuation on ρmax

comp.
(b) Sensitivity analysis of
bandwidth on ρmax

comp.
(c) Sensitivity analysis of
antenna gain on ρmax

comp.
(d) Sensitivity analysis of
transmit power on ρmax

comp.

Fig. 7: Sensitivity analysis on different link budget components.

Fig. 8: Sensitivity analysis with various transmission
throughputs.

Fig. 9: Execution time with various transmission throughputs.

Fig. 10: ρcomp versus time frame under static transmission
throughput.

Fig. 11: rdrop versus time frame under static transmission
throughput.

Fig. 12: ρcomp versus time frame under dynamic transmission
throughput.



Fig. 13: rdrop versus time frame under dynamic transmission
throughput.

Fig. 14: Transmission throughput versus time.

For practical deployment, several system-level considera-
tions and challenges remain open. First, partitioning TDCs
and HAPs based on geographic districts can reduce the com-
plexity of multi-TDC multi-HAP coordination. Second, robust
operation requires online adaptation to non-stationary links,
weather effects, and intermittent backhaul, together with fault-
tolerant mechanisms. Third, deployment cost and scalability
should be evaluated. Future research should also extend the
current CPU-centric framework to heterogeneous AI workloads
and incorporate high-throughput or ultra-reliable links such as
optical communication. In addition, learning-based methods
with reliability guarantees are needed to improve long-horizon
stability and real-time decision quality in large-scale DC-HAP
systems.
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