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Abstract—Data center-enabled High Altitude Platforms (DC-
HAPs) act as a promising green computing service provider
for data centers by utilizing stratospheric cooling and solar
power. This paper investigates advanced service routing through
task-aware offloading strategies aimed at reducing the energy
consumption of ground data centers. We employ queueing
models for both transmission and computation processes. Then,
we develop a heuristic algorithm with the derived formula
to solve the task-wise offloading problem, considering task
type awareness, topology heterogeneity, and server-level het-
erogeneity. Simulation studies demonstrate that our method
consistently surpasses traditional approaches in both efficiency
and energy saving performance under different complex system
configurations. These results support the practical adoption
of DC-HAPs for next-generation sustainable Compute-as-a-
Service (CaaS) providers.

Index Terms—DC-HAP, sustainable CaaS, non-terrestrial
network, task-aware offloading, queue delay.

I. INTRODUCTION

The rapid expansion of digital services, including cloud
computing and large-scale data analytics, has led to a dra-
matic increase in data center energy consumption [1], [2].
With the proliferation of connected devices and applications,
forecasts indicate that data centers could consume as much
as 10% of the world’s electricity by 2050 [3]. Therefore, in-
tegrating energy efficiency as a core Service-Level Objective
(SLO) has become essential [4]. Sustainability is increasingly
emerging as a key Quality-of-Service (QoS) requirement in
recent services, alongside traditional performance constraints
such as latency and service drop ratio [5]–[8].

The inclusion of sustainability as a QoS dimension moti-
vates a complementary role between aerial and terrestrial in-
frastructures. Conventional Terrestrial Data Centers (TDCs)
act as service consumers with substantial energy overhead,
primarily due to cooling and computational processing. In
contrast, aerial-based Data Center-enabled High Altitude
Platforms (DC-HAPs) can operate as service providers, offer-
ing Compute-as-a-Service (CaaS) with inherent sustainabil-
ity advantages [9]–[11]. Positioned in the stratosphere, DC-
HAPs benefit from naturally low temperatures and abundant
solar energy, significantly reducing cooling demands and
enabling the use of renewable power. TDCs can leverage DC-
HAPs to route computation-intensive and energy-demanding
services. This service federation between TDCs and DC-
HAPs enables dynamic workload sharing that balances per-
formance, capacity, and sustainability [12].

Service routing between TDCs and DC-HAPs naturally
manifests as a task offloading problem. The current TDCs
to DC-HAPS task offloading solutions remain limited for

three main reasons: (1) they typically deal with a single
task type and thus fail to capture workload diversity [11];
(2) they focus on one-to-one offloading between a single
TDC and a single HAP [13], whereas practical deployments
will involve many-to-many interactions; and (3) they assume
homogeneous infrastructures, where TDCs and HAPs have
identical topologies and the same number of servers per
node [11].

To overcome these limitations, we present a task offload-
ing framework for federated DC-HAP systems that jointly
optimizes communication and computation constraints while
explicitly addressing workload diversity, infrastructure het-
erogeneity, and server-level heterogeneity. Figure 1 illus-
trates the architecture of our proposed task-aware offloading
framework for DC-HAP systems. We summarize our main
contributions as follows:

• We propose a task-aware offloading framework for
DC-HAP systems that jointly models transmission and
computation while supporting multiple task types.

• We design a heuristic algorithm with a novel indicator
that achieves robust convergence and adaptability, and
compare it against Reinforcement Learning (RL) and
throughput-based baselines.

• We evaluate the framework under realistic scenarios,
including dynamic loads, topology heterogeneity, and
server-level heterogeneity, demonstrating superior uti-
lization and stability.

II. RELATED WORK

DC-HAPs have emerged as a promising infrastructure for
next-generation service delivery in 6G and beyond, offering
computing and communication capabilities that complement
terrestrial systems [14]. By operating in the stratosphere,
DC-HAPs benefit from wide-area coverage, stable line-
of-sight links, and favorable environmental conditions that
reduce cooling energy consumption and enable renewable
energy utilization [9]. Prior studies have demonstrated that
DC-HAPs can support ultra-low-latency and computation-
intensive services in dense urban environments, such as
intelligent transportation systems [15], while also providing
resilient computing and connectivity in remote or disaster-
stricken regions. These properties position DC-HAPs as
sustainable service providers that can enhance scalability,
reliability, and energy efficiency when integrated with ter-
restrial data centers.

From a service computing perspective, most service fed-
eration and task offloading studies focus on cloud-to-edge



Fig. 1: Proposed service-aware routing framework for DC-HAP systems.

(cloud-to-MEC) paradigms, mainly driven by latency reduc-
tion and user proximity [16]–[18]. These works prioritize
service placement, edge caching, elastic offloading, and
mobility-aware resource management to meet strict delay,
reliability, and quality-of-service requirements in vehicular,
IoT, and immersive applications [19]–[23]. Other Compute-
as-a-Service (CaaS) federation models include cloud-to-
cloud federation for load balancing and fault tolerance [24],
[25], multi-cloud interoperability to mitigate vendor lock-in
[26], [27], and geo-distributed clouds to improve availability
and resilience [28]–[30]. In contrast, our work shifts the
focus from latency-driven federation to sustainability-driven
federation by TDCs with DC-HAPs.

III. SYSTEM MODELING

To enable rigorous analysis of task offloading in DC-
HAP systems, it is essential to establish clear models for
both computation and communication. In this work, we
concentrate on uplink transmission and HAP computation
processes, under the assumption that the computational re-
sults generated on DC-HAPs are relatively small and can be
efficiently transmitted back to the source [31], [32]. Building
on this foundation, the remainder of this section introduces
the computation model, the wireless communication model,
and the offloading delay model.

A. Computation Model

We begin by introducing the computation model, which
defines the computational components, their processing ca-
pabilities, and task characteristics.

Consider a system with TDCs and DC-HAPs; both can
undertake computational tasks. Assume that for each HAP,
it has NHAP

s,m servers, each with a computing capacity of µ
Instructions Per Second (IPS). The tasks arrive at TDCs first
and can be processed locally or at DC-HAPs after offloading.
For each task i ∈ 1, . . . , N , we define three key parameters:
instruction length li (instructions/task) representing the
number of instructions needed for processing the task; bit
length bi (bits/task) representing the data size required for
transmission; and delay constraint τi.

Following [11], [13], the energy saved in the TDCs is in-
versely proportional to the total utilization of the DC-HAPs.
Since now we involve the consideration of heterogeneous
HAP Ns, we propose to use a normalized summation of the
DC-HAPs’ utilization as our optimization objective:

ρsum =
∑NHAP

m=1

NHAP
s,m

NHAP
s,max

t̄busy,m
ttotal,m

, (1)

where the NHAP is the total number of HAPs in the system;
NHAP

s,m is the number of servers in the HAP m; NHAP
s,max

is the max number of servers in the HAP limited by the
payload; ttotal,m is the evaluation period, and t̄busy,m is the
average busy period of all servers in the HAP.

B. Wireless Communication Model
We assume a MIMO channel is used for the communica-

tion between the TDC and the HAP. From [13], we apply
the achievable capacity for the channel as:

Rmin =B log (1 +Nrγ) . (2)

where B is the channel bandwidth. γ is the Free Space Path
Loss (FSPL) defined as [13], [33].

C. Offloading Delay Model
We assume a queue model for both the transmission and

computational process of the offloading [13], while applying
the First-in-First-out (FIFO) queueing strategy [34]. For the
transmission stage and the computational stage, the time can
be divided into the service time and the waiting time in the
queue, which gives the total sojourn time [13]:

T =Wtrans + Strans +Wcomp + Scomp (3)

For task i, if the sojourn time is larger than its delay
constraint, as Ti > τi, it will be dropped.

IV. TASK-AWARE OFFLOADING PROBLEM FORMULATION

We analyze the DC-HAP system’s resource utilization
based on the delay model developed in the previous section.
Here, we first consider a simple scenario: a single TDC-HAP
and a task queue with a single type. Then, after the analysis
of it, we will extend to a more general problem, which is
task-wise decision making.



A. Queue-wise Optimization Problem

When considering a queue with a certain type of task
offloading in a single TDC-HAP system, we optimize the
offloading task rate λ of the type to gain maximum single
HAP utilization. Previous work has established the maximum
offloaded task rate considering a latency constraint in [13,
Theorem 1]. The λ to gain maximum ρ:

λ̃max =
−B −

√
B2 − 4AC

2A
(4)

where A,B,C are:

A = 2

(
τ − b

R
− l

µ

)
b

R

l

NHAP
s µ

+
(
1 + c2s,trans

)
b2

R2

l

NHAP
s µ

+
(
1 + c2s,comp

) l2

(NHAP
s )2µ2

b

R

(5a)

B = 2
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τ − b

R
− l
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)(
− b

R
− l

NHAP
s µ

)
−
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1 + c2s,trans

) b2

R2
−
(
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(NHAP
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C = 2

(
τ − b

R
− l

µ

)
. (5c)

where cs,trans, cs,comp are the coefficient of variation of the
service time for the two stages. Then, we get the maximum
achievable computational utilization as:

ρ =
λmaxl

NHAP
s µ

(6)

B. General Task-wise Problem Formulation

Although 6 gives us a closed-form expression for the
achievable performance of the system, it can not be well
generalized since different types of tasks are mixed in general
situations. Therefore, for general practical deployment, we
need to decide the offloading action for each incoming task
i at time ti, with bit length bi and instruction length li.

We aim to maximize computational utilization ρsum for
HAPs, while maintaining delay constraint for each task. Our
optimization variables are the action ai for each task i. There-
fore, we can formulate the task-wise problem as follows:

max
ai

ρsum (7a)

s.t. Ti(ai) ≤ τi,∀i ∈ [1, N ] (7b)
ai ∈ {0, 1, 2, . . . , NHAP},∀i ∈ [1, N ] (7c)

where N is the total number of tasks, NHAP is the number
of HAPs, and τi is the maximum delay for task i. The
sojourn time Ti(ai) is the time taken to process task i with
action ai, which is a function of the offloading action ai.

Note that the objective (7a) has a constant denominator
when the number of HAPs and servers are fixed, so we can
ignore it in the optimization. The problem has delay con-
straints (7b) for each task, and a discrete action space, which
makes it hard to solve with traditional optimization methods.

V. MULTI-TYPE TASK OFFLOADING IN HETEROGENEOUS
DC–HAP SYSTEMS

Previous works have proposed algorithms optimizing the
offloading task rate for different task queues [13], [35]. In
this work, we construct algorithms for task-wise offloading
under general heterogeneous systems.

The majority of methods to handle task-wise decision
making are RL algorithms [36]–[38]. Although the RL algo-
rithm is powerful, it requires an extra computational resource
and time for model training. At the same time, it is difficult
to converge when the number of nodes in the system is large.
Hence, we propose a heuristic algorithm that is based on the
previously derived indicator ρ in 6, which maintains both the
flexibility to arbitrary task properties and the efficiency.

A. Task-wise Reward Function

Since we need to consider task-wise decision-making, a
fine-grained feedback is needed to each decision made. Here,
we borrow the reward function idea from RL algorithms [36],
[39], and make modifications for our problem.

Considering the delay constraints, we need to add a
penalty term to the reward function when the task exceeds
the delay constraint. At the same time, for the tasks that
were successfully processed in the HAPs, a reward should
be applied to reflect the energy it saved for the TDC. As
for the tasks finished in the TDCs, they didn’t contribute
to our energy saving target, thus should be assigned a minor
reward if they are successfully finished. Therefore, we define
the reward function as follows:

r =



{
l0, if success
−l0, if dropped

, if am,i = 0,

{
li, if success
−li ∗ p, if dropped

, if am,i ̸= 0.

(8)

B. Adjusted Preference Indicator

We utilize the derived analytical results ρ in 6 to indicate
the probability of offloading: if offloading can get higher
expected ρ, then it has a higher probability.

Considering multiple TDC-HAP scenarios, we propose
to deploy distributed algorithms for each TDC to enable
flexibility of the algorithm. Assume we have the throughput
matrix RNTDC×NHAP , if task i is generated in TDC n, then
we use R[n, :] to calculate vector ρ. To increase the adap-
tation performance of the algorithm for different topologies,
we propose to use the power factor p to adjust the preference
indicator ρ. The adjusted indicator vector is then expressed
as ρp, where the power factor p can influence the sensitivity
of the algorithm to the ρ, as in line 10.

In addition to our indicator ρ, we also prepare two
indicators as baselines: 1) an identical 1/NHAP, which is
represented as random since it has equal preference; 2) nor-
malized throughput-based preference R/||R||, which makes
the decisions based on the throughput to the HAPs.



Algorithm 1 Heuristic Algorithm for Task-wise Offloading

1: Input: b, l, τ : task property vectors with size N ; R:
transmission throughput matrix; µ: computation capacity
for each server; NHAP

s,m : number of servers on the HAP
m; NHAP: number of HAPs.

2: Output: ai ∈ {0, 1, 2, . . . , N} for each task.
3: Initialization: Initialize: α = 1.0; p = 1.0; ∆α = 0.2;

∆p = 0.2. Initialize the action-reward history queue
Q = {} with fixed size K. Initialize the periodic reward-
parameter history queue Qθ = {}.

4: Begin:
5: for task i do
6: Calculate the ρi using (6). Sample s2 ∼ U(0, 1)
7: if s1 < α then
8: Process the task locally, i.e., ai = 0.
9: else

10: Get the adjusted probability Pi = (ρi)
p; sample

index j ∼ U(1, NHAP), s2 ∼ U(0, 1).
11: if s2 < Pi[j] then
12: Offload the task to HAP j, i.e., ai = j.
13: else
14: Process the task locally, i.e., ai = 0.
15: end if
16: end if
17: Record the reward ri using (8) to Q.
18: if |Q| ≥ L then
19: r̄ = mean(Q); Clear Q = {}.
20: if r̄ > max(Qθ(r̄)) then
21: αr = α, pr = p.
22: end if
23: Append (r̄, α, p) to Qθ.
24: α = αr +∆α ∗U(−1, 1), p = pr +∆p ∗U(−1, 1).
25: Cut α and p as: α ∈ [0, 1], p ∈ [0.1, 5.0].
26: Update step with decay ∆α = β∆α, ∆p = β∆p.
27: end if
28: end for
29: END.

C. Sampling-based Decision Making

The details of our algorithm is shown in Algorithm 1. The
algorithm is sampling-based with the help of our constructed
indicator ρp, and has a local sample ratio factor α.

For each incoming task i, we first random sample s1 ∼
U(0, 1), and process i locally if s1 < α as line 8. This step of
the statistical filter can reduce the possible congestion when
a large task-generating rate is considered. If s1 ≥ α, we
sample j ∼ U(1, NHAP) and s2 ∼ U(0, 1). If s2 < ρp[j],
then we offload i to HAP j, otherwise we process it locally,
as from line 9 to line 16.

D. Hyperparameter Tuning

To find the optimal values for hyperparameters α and p,
we apply a stochastic search. We record the reward of each
decision in queue Q. Whenever |Q| == L, we calculate the
average reward as r̄, as line 19. Then, we compare the current
r̄ with maximum r̄ in the parameter history queue Qθ: if
the current average reward is higher, we replace the reserved
αr, pr with α, p, as line 21. Finally, we do a stochastic move
for α, p as line 24, and do step decay in 26.

TABLE I: System Parameters

Parameter Symbol Value / Range
HAP altitude LHAP 20 km
Servers per HAP Ns,HAP 40 *Varied in Exp. 4
Servers per TDC Ns,TDC 200 *Varied in Exp. 4
Workload of TDC ρTDC 30% [40]*Varied in Exp. 2
Server capacity µ 580 MIPS [11]
Tx power (TDC) Ptrans 100 W
Tx antennas (TDC) Nt 2
Carrier frequency fc 31 GHz
Bandwidth B 100 MHz
Rx antennas (HAP) Nr 16
Task data size b 300–800 KB [41]
Task compute load l 100–1000 MCycles [41]
Cycles-to-instructions ratio – 3.7 [41]
Latency constraint τ 500–1000 ms

VI. SIMULATION RESULTS

We evaluate the framework under multiple HAP–TDC
settings. The common approach to solve this problem is
to use reinforcement learning (RL) methods [36]–[39]. We
employ the Deep Q-Network (DQN) as our reinforcement
learning baseline, as it is well-suited for discrete action
spaces. For fairness, we will use the same reward function
for the RL baseline during simulation experiments. In ad-
dition, we provide two baselines for our heuristic algorithm
architecture: 1) randomly select the HAP to upload; 2) select
the HAP based on the throughput from the TDC.

A. Simulation Setup and Experiments

We consider a multi-HAP to multi-TDC system. The
positions of TDCs and HAPs are randomly generated within
a square of 50*50 km. The positions are consistent for each
series of experiments to ensure the fairness of comparison.
We simulate the experiments on a single Intel Cascade Lake
CPU with 2.5GHz and 16GB of memory. The simulation is
designed around four experiments as follows:

• Experiments 1 and 2 (Baseline Convergence and
Dynamicity): We fix the number of HAPs and TDCs
to 4 and 4. The setting aims to measure the algorithm
convergence and robustness under dynamic variations.

• Experiment 3 (Topology Heterogeneity): We inves-
tigate heterogeneity in terms of system topologies by
varying the number of HAPs and TDCs.

• Experiment 4 (Server-Level Heterogeneity): Finally,
we extend heterogeneity to the infrastructure layer by
varying the number of servers within both HAPs and
TDCs. This introduces variability not only in topology
but also in computational capacity.

Note that the task data size and computational load are
randomly drawn in all experiments, ensuring that the eval-
uation naturally covers the challenge of handling different
task types. Moreover, the use of multiple transmitting and
receiving antennas enables multi-directional communication,
supporting the many-to-many offloading relationships central
to practical DC-HAP deployments. The main system param-
eters used across all experiments are summarized in Table I.

B. Results and Discussion

1) Convergence Analysis: By convergence, we refer to
the ability of an algorithm to stabilize its performance after



Fig. 2: Convergence analysis

a sufficient number of iterations, regardless of the choice of
initial hyperparameters. This property is essential to ensure
reliability under diverse deployment conditions.

As shown in Figure 2, the algorithms are tested under
different random seeds, learning rates, and initializations.
The proposed heuristic consistently converges to a stable
utilization level, demonstrating strong robustness. In contrast,
while the RL-based baseline also converges, it exhibits
slower stabilization, lower final utilization, and higher vari-
ance, highlighting its reduced reliability in practice.

2) Dynamic Adaptation: By dynamic adaptation, we refer
to an algorithm’s ability to maintain stable performance when
system conditions fluctuate over time. Such resilience is
critical since TDC utilization rarely remains constant.

Figure 3 illustrates this behavior across three layers:
the bottom subplot shows the scheduled increase in TDC
utilization at each timestep, the middle subplot reports the
resulting task drop ratio, and the top subplot depicts the
HAP utilization achieved under different algorithms. The
proposed heuristic algorithm maintains both high utilization
and a near-zero drop ratio despite the shifting load, while
the RL algorithm still remains around a 2% drop ratio.
The throughput-based heuristic performs adequately but
deteriorates once computational congestion dominates, since
the increasing computational service waiting time is not
considered. In contrast, the RL-based baseline suffers the
most, with frequent utilization drops and higher task loss
whenever the TDC utilization changes, underscoring its
limited adaptability to dynamic environments. The main
reason is that the RL agents’ exploration rate is low when
they converge to a stable state, which leads to the failure of
adapting to new conditions.

3) Topology Heterogeneity: By topology heterogeneity,
we refer to changes in the system structure caused by varying
the number of TDCs and HAPs. Such scenarios capture prac-
tical deployments where the distribution and arrangement of
computing resources cannot be assumed fixed.

We first fix the number of HAPs at four and vary the
number of TDCs from 1 to 8. Figure 4 shows the resulting
HAP utilization, where the proposed heuristic with the
ρ indicator consistently achieves the highest utilization
across all topologies. As the number of TDCs increases,
the sum utilization increases due to: 1) more workloads are
considered; 2) new TDCs may involve higher transmission
throughput. The corresponding drop ratios remain zero for
up to four TDCs. When the system scales to eight TDCs, ρ
slightly increases the drop ratio compared to the R indicator

Fig. 3: Dynamic adaptation

Fig. 4: Sum HAP utilization for varying number of TDCs

but maintains significantly higher utilization as a trade-off,
and our heuristic algorithm still gets a lower drop ratio than
the RL method. In contrast, the RL baseline delivers both
the lowest utilization and the highest drop ratios.

Next, we fix the number of TDCs at four and vary
the HAPs. As shown in Figures 5, our ρ-based heuristic
outperforms all alternatives. This demonstrates the benefit of
jointly considering transmission and computation loads. Note
that the sum HAP utilization does not rise after 4 HAPs,
which is caused by the low general workload of TDCs and
the bottleneck of throughput limitation of transmitters. We
also observe that the drop ratio of the heuristic algorithms
remains zero except increases to around 1% when the number
of HAPs is 1 and 2, but still lower than the RL baseline.
Similar to the aforementioned observation, this suggests that
congestion will occur in HAP servers when the number of
TDCs is much larger than the number of HAPs and multiple
incoming offloading links are considered. This highlights
the importance of balancing the HAP-to-TDC ratio. Such
behavior gives a practical insight into the appropriate
deployment density of HAPs in real-world scenarios.

Finally, Figures 6a and 6b report the efficiency results.
Figure 6a shows the inference time cost for each decision-
making. The ρ-based heuristic requires slightly more time as



Fig. 5: Sum HAP utilization for varying number of HAPs

(a) Inference time

(b) Training time

Fig. 6: Time cost for varying number of HAPs

the number of HAPs increases, since it explicitly evaluates
both transmission and computation states, but its overhead
remains very low compared to RL. The throughput and
random-based heuristics have constant inference time since
they rely only on direct observations. However, as shown in
Figure 5, the overall performance plateaus once the number
of HAPs exceeds twice that of the TDCs. Moreover, the
average interval time (4ms) is much larger than the inference
time (0.2ms) shown in Figure 6a. Therefore, the inference
time of our algorithm is acceptable and still has advantages
over the RL algorithm for a reasonable number of HAPs.

Figure 6b highlights the training cost. The RL algorithm
requires substantially longer training to reach a usable policy,
while all heuristic variants, including ρ, remain lightweight
with negligible training requirements. This makes the pro-
posed approach far more practical for deployment in large-
scale or frequently changing topologies.

Fig. 7: Sum HAP utilization

4) Server-Level Heterogeneity: By server-level hetero-
geneity, we refer to variations in the effective number of
servers available at each TDC and HAP, since in practice
not all servers may be usable (e.g., some may be damaged,
reserved for storage, or allocated to other functions). As a
homogeneous baseline, we first consider a system with four
TDCs, each equipped with 500 servers, and six HAPs, each
with 30 servers. We then introduce heterogeneity by setting
the servers in the TDCs to [100, 200, 500, 1000] and in
the HAPs to [40, 40, 30, 30, 20, 20]. Figures 7 report the
performance under these conditions.

The heuristic algorithm with the ρ indicator consistently
achieves the highest HAP utilization while maintaining a low
drop ratio, demonstrating robustness across both homoge-
neous and heterogeneous infrastructures. In contrast, the RL-
based baseline shows poor convergence in the heterogeneous
setting, resulting in significantly lower utilization and higher
drop ratios. This highlights the difficulty of learning stable
policies when server capacities vary widely across nodes.
Note that when heterogeneous TDCs are considered along
with heterogeneous HAPs, the performance rise a little. The
reason is that now the HAP with more servers can be
assigned by a TDC with more servers, which can balance
the heterogeneity of server numbers of HAPs.

VII. CONCLUSION

This work has investigated efficient task-aware offloading
algorithms for DC-HAP systems to reduce energy con-
sumption. We derive a sampling-based heuristic algorithm
combining our derived preference indicator. To compare, we
construct an RL-based model, as well as a random and a
throughput-based indicator for our sampling decision-making
architecture, as baselines. The simulation results reveal that
our heuristic algorithm with the ρ indicator consistently
got the best performance, varying the utilization level of
TDCs and topologies of the system, as well as the server-
level heterogeneous situation. From the efficiency aspect,
our heuristic algorithm got a lower time delay for decision
making, while extremely low resource is needed for training.
The outstanding performances make our heuristic algorithm
suitable for the real-world deployment of the DC-HAP sys-
tem to achieve next-generation green computing propagation.
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