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Abstract

Crisis management (CM) for critical infrastructures, natural
disasters such as wildfires and hurricanes, terrorist actions,
or civil unrest requires high-speed communications and con-
nectivity, and access to high-performance computational re-
sources to deliver timely dynamic responses to the crisis be-
ing managed by different first responders. CM systems should
detect, recognize, and disseminate huge amounts of hetero-
geneous dynamic events that operate at different speeds and
formats. Furthermore, the processing of crisis events and
the development of real-time responses are major research
challenges when the communications and computational re-
sources needed by CM stakeholders are not available or
severely degraded by the crisis. The main goal of the research
presented in this paper is to utilize Unmanned Autonomous
Systems (UAS) to provide an Aerial-borne Data Management
Center (ADMC) that will provide the required communica-
tions services and the computational resources that are criti-
cally needed by first responders. In our approach to develop
an ADMC architecture, we utilize a set of flexible Unmanned
Aerial Systems (UAS) that can be dynamically composed to
meet the communications and computational requirements of
CM tasks. The ADMC services will be modeled as a deep
neural network (DNN) mass transport approach to cover a
distributed target in a decentralized manner. Furthermore, our
analysis proves the stability and convergence of the proposed
DNN-based mass transport for a team of UAS (e.g., quad-
copters), where each quadcopter uses a feedback nonlinear
control to independently attain the intended coverage trajec-
tory in a decentralized manner.

1 Introduction

Over the past two decades, we have seen huge advancements
in artificial intelligence and machine learning (AI/ML), mo-
bile computing, cloud platforms, and Unmanned Aerial Sys-
tems (UAS) technologies. However, traditional information
technology (IT) architectures are not properly equipped to
utilize aerial and unmanned autonomous systems to pro-
vide agile communication and computation infrastructures
that can keep pace with rapidly evolving application de-
mands. This limitation becomes particularly critical in man-
aging natural and malicious disasters, where IT infrastruc-
tures often become unavailable or severely degraded, render-
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Unmanned Aerial Systems (UAS)

Figure 1: The proposed architecture for an Aerial-borne
Data Management Center (ADMC) for simultaneous pro-
vision of computation resources for n applications, defined
by A = {1,---,n}, using N Aerial Virtual Data Centers
(AVDCs), defined by V = {1,--- ,N}.

ing them ineffective for supporting crisis management (CM)
tasks. CM applications share key characteristics such as mo-
bility, dynamic behavior, nonlinear scaling, and sometimes
unpredictable growth, depending on the size and nature of
the inputs being processed.

The Service Level Objectives (SLOs) of CM applications
are highly dynamic and unpredictable, necessitating contin-
ual provisioning and re-provisioning of communication and
computational resources. Satisfying CM task requirements
therefore represents major research challenges, especially
when the communication and computational resources re-
quired by CM applications are unavailable or severely de-
graded by the crisis.

This paper aims to develop an innovative Aerial-borne
Data Management Center (ADMC) architecture that utilizes
a set of flexible Unmanned Aerial Systems (UAS) which can
be dynamically and automatically assembled and reassem-
bled to adapt to changing CM application demands (see
Fig. 1). To this end, we develop aerial-borne architectural
support, algorithms, and modeling techniques to enable the
realization of composable data management centers that can
efficiently and effectively respond to the evolving require-
ments of mobile, data-driven CM applications.



As shown in Fig. 1, we offer a mobile applicationaware
management system (MAMS) that is aware of both the CM
application characteristics and the underlying UAS infras-
tructures to break the barriers between CM applications,
middleware/operating system, and UAS hardware layers.
The vertical integration of these layers will enable us to
build a dynamically customizable Aerial Virtual Data Center
(AVDC) that will be optimized to meet the mobile CM ap-
plication requirements such as QoS, availability, resilience,
and energy. Our approach to develop the proposed ADMC
architecture is shown in Fig. 1 that benefits from virtual-
ization techniques in a variety of ways. Virtual Machines
(VMs) have been widely used to provide a layer that is well-
positioned in the hardware/software stack of computer sys-
tems. This provides fine-grain resource monitoring and con-
trol capabilities. In the ADMC approach, we scale the vir-
tualization concept from being at the VM level to an Aerial
Virtual Data Center (AVDC) level. For a given mobile ap-
plication class, the ADMC middleware can build an AVDC
that can meet the CM application Service Level Objectives
(SLO) such as security, performance, energy consumption,
resilience, or availability objectives. The selected AVDC
will be then mapped into a set of available UAS resources
that will provide the required computations, storage, and
communications requirements. The composable UAS build-
ing blocks include heterogeneous drones that provide gen-
eral purpose graphics processing units (GPUs), general pur-
pose processors, storage capabilities and communications
services.

1.1 Related Work

Traditional centralized data centers, while powerful, often
struggle to meet emerging requirements for agility, geo-
graphic flexibility, and responsiveness. To address these lim-
itations, researchers and industry practitioners have explored
new paradigms such as mobile data centers, modular/adap-
tive data centers, and more recently, aerial and drone based
computing platforms.

Mobile data centers—typically housed in ISO containers
or portable enclosures—provide rapidly deployable comput-
ing capabilities for disaster response, military missions, re-
mote industrial sites, and bandwidth constrained edge envi-
ronments. (ENCOR Advisors 2025)

Building on these trends, the research community has
increasingly investigated aerial mobile edge computing
(MEC) systems, where unmanned aerial vehicles (UAVs)
serve as airborne compute, communication, or sensing plat-
forms. Comprehensive surveys describe how UAV enabled
aerial MEC provides on demand computing resources, dy-
namic coverage, and improved service quality for latency
sensitive IoT applications. Prior work explores challenges
such as computation offloading, UAV trajectory optimiza-
tion, resource allocation, scheduling, and the integration of
Al driven optimization strategies.

Beyond serving as communication relays, drones are
now envisioned as flying data centers capable of perform-
ing real time data processing at the extreme edge. Proto-
types demonstrate drones equipped with miniaturized cloud
stacks—using hyperconverged infrastructure—to perform
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localized analytics for applications including agriculture,
transportation, and search and rescue. These systems reduce
reliance on centralized cloud services by enabling ultra low
latency machine to machine communication and distributed
processing in the air. (Himairi 2025)

Aerial platforms have also become increasingly impor-
tant in supporting ground based data centers through au-
tonomous drone security and inspection systems. These sys-
tems offer improved coverage, faster reaction time, and re-
duced operational costs. (Adaptive MDC Ltd 2026)

Collectively, these developments demonstrate a growing
convergence between mobile, modular, and aerial comput-
ing infrastructures. This work builds upon the above ad-
vancements to investigate the architectural, operational, and
research opportunities that arise when mobile and aerial data
center concepts are integrated to build Aerial-borne Data
Management Center (ADMC).

ADMC considers UAS as Aerial Virtual Data Centers
(AVDCs) that must be optimally and safely configured to
provide the best internet coverage over specified areas on
the ground. Our proposed method can be considered as a
distributed coverage or mass transport problem, which has
received significant attention in the control community. We
propose a novel application of multi-agent coverage and
mass transport problems to airborne communication infras-
tructure, whereas prior work has focused on different opera-
tional contexts.

Multi-agent coverage has found applications in wildfire
management (Seraj, Silva, and Gombolay 2022; Haksar,
Trimpe, and Schwager 2020; Gomez et al. 2015), border se-
curity (Pan et al. 2022), and agriculture (Din et al. 2022;
Marwah et al. 2023). Related decentralized coverage for-
mulations with finite-state or learning-based policies have
also been studied for ground coverage and distributed target
monitoring (Rastgoftar 2026, 2025).

Mass transport has garnered broad interest across diverse
domains, including brain morphology (Gerber et al. 2023;
Ma et al. 2019), image processing (Shakib et al. 2020; Song,
Gu, and Kumar 2023), inverse problems (Stuart and Wol-
fram 2020), and cancer detection (Lin et al. 2021; Wang
et al. 2010). Recent work has further explored aerial trans-
port and coordination under cooperative and uncooperative
agent interactions using deep learning—based methods (Za-
hed and Rastgoftar 2025).

Voronoi-based multi-agent coverage (Bai et al. 2021) has
been widely investigated by the control community for un-
covering distributed targets. In (Ating, Stipanovié, and Voul-
garis 2020, 2014), Voronoi-based coverage is formulated
as leader—follower and supervised control problems, where
leaders identify regions of interest and followers perform
coverage tasks. In (Chen, Georgiou, and Pavon 2016), the
authors study the mass transport of linear systems from an
initial configuration to an arbitrary target configuration and
formulate it as an optimization problem with energy mini-
mization objectives. Furthermore, mass transport has been
cast within a linear quadratic Gaussian (LQG) regulation
framework in (Hudoba de Badyn et al. 2021).



1.2 Contributions

The main contributions of this paper are summarized as fol-
lows:

e Contribution 1: Unified architectural framework for
mobile and aerial data centers. We introduce a com-
prehensive ADMC architecture that unifies traditional
portable containerized data centers, adaptive modular
data center designs, and emerging UAV-based computing
platforms. This framework clarifies how heterogeneous
mobile and aerial infrastructures can operate cohesively
to support scalable edge and near-edge computing ser-
vices.

¢ Contribution 2: On-demand aerial data management
services under infrastructure degradation. We de-
velop an aerial-borne data management paradigm that
provides on-demand and real-time communication ser-
vices and computational resources for target areas where
IT infrastructures are unavailable or severely degraded
due to natural or malicious disasters (e.g., wildfires,
earthquakes, hurricanes).

¢ Contribution 3: DNN-based inter-AVDC communica-
tion and configuration modeling. We employ a DNN
to define inter-AVDC communications, where the DNN
structure accurately represents the reference configura-
tion of the AVDC team. The reference configuration
and the corresponding DNN structure are dynamically
updated whenever the number of AVDCs changes, ac-
commodating the limited mission duration and dynamic
availability of aerial assets.

¢ Contribution 4: Forward training method for fast and
stable convergence. We propose a novel forward train-
ing method for the DNN that enables fast convergence,
in contrast to conventional neural network training ap-
proaches that do not necessarily guarantee convergence.

* Contribution 5: Decentralized multi-AVDC coordi-
nation with stability guarantees. We formulate the
AVDC-based internet service provision problem as a
decentralized multi-AVDC coordination problem with
time-varying weights. By modeling each AVDC as a
multi-copter drone, we guarantee inter-AVDC stability
using a nonlinear dynamic model recently developed
in (El Asslouj and Rastgoftar 2023).

This paper is organized as follows. Section 2 provides
a solution for determining the DNN structure based on
the AVDC reference configuration. Our proposed forward
method for training the DNN is presented in Section 4. We
define the data service provision problem as a decentral-
ized multi-AVDC coordination with time-varying weights in
Section 5. Simulation results are presented in Section 6, fol-
lowed by concluding remarks in Section 7.

2 Problem Statement

The proposed ADMC architecture requires a mathematical
formulation to enable the real-time management of the op-
erational requirements of the AVDCs such that they can
provide the required aerial computation and communica-
tion services over geographically distributed crisis zones.
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We consider an aerial-borne data center environment to be
consistent of N AVDCs operating above the ground, where
the set V = {1,..., N} identifies the AVDCs. The AVDCs
are deployed to provide internet connectivity and computa-
tional services for distinct applications, defined by the set
A = {1,...,n}. Each application i € A is executed over
a two-dimensional geographic domain consisting of multi-
ple desirable target zones, each of which is geofenced by a
ground-based polygon.

Each AVDC represents a mobile, resource-constrained
aerial platform whose physical position directly determines
both wireless coverage quality and computational service
availability. Consequently, the collective behavior of the
AVDC team must continuously adapt to spatially heteroge-
neous and time-varying service demands induced by crisis
response applications. To capture this interaction in a prin-
cipled and scalable manner, we model the AVDC team as
a graph-structured, DNN-equivalent system. This represen-
tation enables explicit encoding of inter-AVDC communica-
tion, coordination, and hierarchy in a form that is compatible
with decentralized control and dynamic reconfiguration.

Within this framework, the provision of services is mod-
eled as a mass-transport problem, where application demand
over the ground induces a spatial redistribution of AVDCs
through continuous deformation of their formation. Com-
munication weights act as physically meaningful influence
coefficients that determine how local AVDC interactions
collectively realize global coverage objectives. At the same
time, the nonlinear multi-copter dynamics governing each
AVDC ensure that the resulting service allocation and re-
configuration remain dynamically feasible. As a result, the
proposed formulation establishes a direct bridge between ab-
stract coordination laws and the practical requirements of re-
silient, on-demand aerial crisis management infrastructure.

We define the joint provision of communication and com-
putational services as a decentralized multi-agent coordina-
tion problem over a finite time horizon with time-varying
communication weights. The objective is to ensure safe,
scalable, and adaptive service provision starting from an ar-
bitrary initial AVDC configuration and converging to a de-
sired target configuration dictated by application demand. To
this end, the problem is decomposed into the following three
sub-problems.

Problem 1 (Communication Structure): Determine a
directed communication graph G(V, ) among the AVDCs,
where £ C V x V defines inter-AVDC communication
links, such that the resulting graph admits a deep neural net-
work (DNN) representation. The communication structure
must support decentralized coordination, scalability with the
number of AVDCs, and safe convergence from arbitrary ini-
tial formations to desired coverage configurations.

Problem 2 (Communication Weights): Given the com-
munication structure, determine initial, final, and time-
varying communication weights that are consistent with
AVDC configurations and reflect the spatial distribution
and priorities of ground applications. The communication
weights must enable smooth, stable, and collision-free re-
configuration of the AVDC team from the initial configura-
tion to the desired target configuration.



Problem 3 (Decentralized Service Provision): Assum-
ing each AVDC is modeled as a multi-copter UAS with non-
linear dynamics, design decentralized control laws that use
the time-varying communication weights to ensure dynami-
cally feasible motion and convergence of the AVDC team to
the desired service-provision configuration.

3 Inter-AVDC Communication Structure

This section translates the ADMC architectural requirement
for scalable AVDC reconfiguration into an analytical for-
mulation by constructing a DNN-convertible inter-AVDC
communication graph that supports decentralized CM ser-
vice provision. To ensure that graph G (V, £), defining fixed
inter-AVDC communication links, can be converted to a
deep neural network, we first divide V into M + 1 disjoint
subsets that are denoted by Vy, V1, -- -, Var, i.e. V can be
expressed as V = | J; o V1. We can also express set ) as

v=Jw, M
lem
where W, is related to V; by
V le{0,M}
= . 2
Wi {vluwl_l e M\ {0, M} @

We then define in-neighbors of every AVDC i € V; by finite
set \V; such that the following condition holds:

AN N\ WNicweiy, 3)
leM\{0} i€V,
Given N, we define
. M 1€V
Lo={l Tk e MEMUD, @

as the set of neurons connected to ¢ € Wj, from layer{—1 €
M.

Set Vy: Given reference positions of the AVDCs, set V
can be expressed as V = Vp U V;, where Vg and V;
are disjoint subsets of V defining “boundary” and “inte-
rior” AVDCs , respectively. In this work, we assume that
the AVDC team are contained by a convex polytope whose
vertices are occupied by the boundary AVDCs.

Given the reference configuration of the AVDC team, we
also determine the core leader AVDC. Core leader is an inte-
rior AVDC that is at the closest distance from the boundary
AVDCs, and assigned by solving the following optimization
problem:

&)

JEVI

¢(Vp) = argmin <

wawq

heVp

where a; is the reference (initial) position of agent ¢ € V.
Set

Vo =Vs| Je(Vs) (6)

includes the boundary and core AVDCs. Note that Vy’s
AVDC:s are called leaders because they do not communicate

121

with any other AVDCs to evolve in the motion space. This
property of V) can be formally specified by

A NG =0).

1€V

Sets V; through V), _1: AVDCs defined by V,, for every
I € M\ {0, M} can act as both followers and in-neighbors.
More specifically, V;’s AVDCs act as followers because their
in-neighbors are subsets of V;_;. On the other hand, every
AVDC ¢ € V) is an in-neighbor for at least one AVDC be-
longing to V;41, when ! € M\ {0, M}.

Set Vj;: The AVDC defined by V), are pure followers
which mean that Vy;’s AVDCs update their own positions
based on positions of ther in-neighbors, belonging to Va,_1,
but, they do not act as in-neighbors for any other AVDCs.

We desire that the reference communication weights are
unique and consistent with the AVDC’s positions. To this
end, we restrict inter-AVDC communication to satisfy the
following two requirements:

Requirement 1: Every AVDC ¢ € V \ V), solely commu-
nicates with three AVDCs. Therefore,

AN\ (Wil =3),

le M\{0} i€V,

@)

®)

To be more precise, in-neighbors of i € V \ V), are placed at
vertices of a triangle that encloses i € V \ V. This triangle,
is called the communication triangle of AVDC i € V \ V.
Requirement 2: If this requirement is satisfied, reference
communication weight w; ;, between AVDC i € V \ Vp and
j € N, is unique, positive, consistent with reference con-
figuration, and obtained by solving the following equations:

a; = Z wi,jaj, Vi S V, (93)
JEN;
dwiy=1,  VieV, (9b)
JEN;

4 Forward Method for Training the DNN

This section formalizes how CM-driven service demand is
incorporated into the ADMC control framework by mapping
the CM service distribution, represented by a heat map, into
desired AVDC positions and time-varying communication
weights within the DNN. To train the DNN, we first gener-
ate a heat map to specify the target distribution by a contin-
uous and differentiable field over a two-dimensional motion
space. By knowing the heat map and the DNN structure, we
develop a mass-centric approach to update the desired final
position of every AVDC. Lastly, we formulate DNN weights
based AVDCs’ desired positions in Section 4.3.

4.1 Service Distribution Heat Map

For service application j € A, we let set D; define discrete
target points where d; ; denotes the position of target i €
D;, for j € A. Then, we define heat map #; : R* — R for
j € A by the following multi-variate Gaussian distribution:

H; (1,D5) = 7 @m) " Tiep, det (5) % exp (— (0= diy) =7 (r = diy)”)
(10)



where ¥; is the covariance matrix corresponding to target
i € Dj; o € [0,1] is a positive weight to quantify the pri-
ority of application j € A, where

Zaj:l'

jEA

(1)

The service distribution heat map (SDHM) is defined by
H(r)=> oajH;(r,D)). 12)

JEA
4.2 AVDCs’ Desired Positions

Given the target set distribution, we determine the (final)
desired position of every AVDC ¢ € V so that the best
coverage of the SDHM is achieved. Desired position of the
core AVDC is assigned based on the desired positions of the
boundary AVDCs by

ZiGVB Pi
VB

Therefore, positions of Vj’s AVDCs are known and constant
at any time ¢. By defining

Pe(vp) = (13)

Ci=4 > P CR": > v =1,7%>0YjeN;
JEN; JEN;

(14)
as the convex hull specified by the in-neighbors of AVDC
i € V'\ Vo, desired position of every multi-copteri € V\ V
is obtained by

B fCi H (r)dr
Pi = fci dr )

4.3 Communication Weights

In-neighbors of every multi-copter i € V, defined by A, are
at vertices of a triangle enclosing ¢ € V. Because of this, we
can express (final) desired position p; as the convex com-
bination of desired positions of its in-neighbors as follows:

1€ V\ . (15)

P = Z wi_,jpj, \V/Z € V, (163)
JEN;
Y wmij=1,  Vie, (16b)
JEN;

where w; ; is the final communication weight of ¢ € VV with
in-neighbor j € N;. The communication weight of AVDC
i € V with j € NV is then denoted by w; ;(t) and defined as
follows:

w; ;(t) = {(1 — BlE)wis + A

Wi,j

t e [0,ty]

17
poq, D)

where tg and ¢ denote the reference and final times, respec-
tively; w; ; is the initial communication weights obtained by
Egs. (9a) and (9b); and S : [0,t¢] — [0, 1] is an increasing
function satisfying 3(t9) = 0 and 3(tf) = 1. The quintic
scheduling profile used for 3(¢) is shown in Fig. 5.
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Xi

W
w; = Ki(za — %) H“i = Mj{(w; — M;)
ul

X; = f;(x;) + Gu;

Figure 2: The block diagram of the trajectory tracking con-
trol used by every AVDC ¢ € V.

5 Decentralized Internet Coverage

This section implements the ADMC analytical framework
at the execution level by embedding the DNN-based coordi-
nation law into the nonlinear UAS dynamics, enabling each
AVDC to follow the intended service trajectory in a decen-
tralized manner. The internet coverage problem is defined
as decentralized multi-agent coordination structured by the
DNN, where the DNN’s neurons are operated by differential
equations. Particularly, neuron i € W, (I € M) represents
AVDC i € V where the dynamics of AVDC ¢ € V iven by

{5(1‘ =F; (xi,w;)
r; = h; (x;)

operates neuron ¢ € ). Note that x; and u; are the state and
input vectors of dynamics (18), respectively, and r; denoting

position of AVDC ¢ € V), is considered as the output vector
of dynamics (18). The input vector of agent ¢ € V is defined

by
rig= {pi
Wi, 5T

5.1 AVDC Motion Model

Assuming AVDC ¢ € V is a multi-copter UAS with mass
m;, we use the nonlinear dynamics presented in (Rastgof-
tar and Kolmanovsky 2021) to obtain F; (x;, u;). The state
vector x; € R*1 is given by

... 1T
X = [mz Yi 25 T3 Y 25 O 05 s i 05 05 i fi (20)
where z;, y;, and z; define UAS position components at
(continuous) time ¢; ¢;, 6;, and v); define roll, pitch, and yaw

angles of AVDC ¢ € V; and f; is the magnitude of the thrust
force generated by AVDC ¢ € V. We also define

o T
u; = [Ul,i U2,5 U35 U4,i]

(18)

1€V

ieV\ W (19)

21

where w1 ; = fi, U2 = ¢4, ug; = 0, and ug; = ;. We
can express F; (x;,u;) as

F; (xi,w;) = fi (x;) + Gu;, (22)
where
- i
Ui
K
n (sin ¢; sinv; + cos ¢; cos ¥; sin ;)
ro’, (cos ¢ sin 1 sin 0; — sin ¢; cos ;)
1% cos ¢; cosb; — g 09x1 Ogxs
) 0. I
fi (x;) = Z‘ ,G=[g1 - gl= 30Xl Oli2 .
- 1 Oixs
Vi
0
0
0
fi
0

Note that g = 9.81m/s? is the gravity acceleration.



Figure 4: The structure of the DNN assigned based on the
reference configuration of the AVDC team.
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Figure 5: The quintic polynomial used for defining 3 versus
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5.2 AVDC Trajectory Tracking

The objective of trajectory tracking is to choose u; such
that r; 4 stably tracks the desired input r; 4. By applying the
feedback linearization method developed in Refs. (El Ass-
louj and Rastgoftar 2023; Rastgoftar and Kolmanovsky
2021), we define state transformation

z:(x) = [f7 #T ¥ ¥T oy 4] (23)
and let z; be updated by the following dynamics:
z = Az + Bw;, 24)
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where w; = [%° T F w]T is the control input of
external dynamics (24), and
Ogx3  Io Ogx1i Ogx1
03x3 O3x9 O3x1 0341
A= 25
O1x3 O1x9 O 1 (25)
O1x3 O1x9 O 0
O9x3 Ogx1
IS O3><1
B = 26
O;x3 O (26)
O1x3 1

Note that w; is related to the control input of multi-copter
UAS, denoted by u;, by

w; = M;1u; + M, 0, 27
where
Ly, Lzlx Lg, L}z Ly, inx Lg, L}z
R LglL Y ngL Y L93L Y L94L Y 4x4
e Y S S S e IR
Loy Lytb Loy Ly Loy Lyyp Loy Lyt
(28a)
Mi»=[Liz Liy Li- L2y¢]" eR™  (28b)
M,, = [Lie Lty Liz L2¢]" e R (29)
To achieve the control objective, we choose
w; = K; (Zi,d - Zi) (29)

such that z; stably tracks
T
zig=[rlq Oixo va 0

)
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Figure 6: Formation evolution of the AVDC team at selected time instances.

where r; 4 € R3*! given by Eq. (19) is the UAS desired
trajectory, and )4 = 0 is the desired yaw angle of AVDC ¢ €
V. This control objective is achieved, if A—BK; is Hurwitz,
for every ¢ € V. Then, the AVDC control is obtained by

Figure 2 shows the block diagram of the proposed control
applied by every AVDC ¢ € V. Proofs for the stability and
convergence of the proposed trajectory tracking control were
provided in (Rastgoftar, Atkins, and Kolmanovsky 2021;
Rastgoftar and Kolmanovsky 2021; El Asslouj and Rastgof-
tar 2023).

6 Simulation Results

The simulations evaluate whether the proposed ADMC ar-
chitecture satisfies CM task requirements by verifying that
the DNN-based mass transport model yields stable, conver-
gent, and decentralized AVDC reconfiguration under non-
linear UAS dynamics. We consider an AVDC team identi-
fied by set V = {1,---,165} with the reference configu-
ration shown in Fig. 3. We desire that the AVDC team pro-
vides computation resources over the separated rectangular
and triangular domains shown in Fig. 3. Given the refer-
ence formation, the inter-agent communication is obtained
and graphically shown in Fig. 3. This inter-AVDC commu-
nication links can be represented by the deep neural network
shown in Fig. 4.

By knowing the DNN structure, the initial communica-
tion weight and final desired position of every AVDC are
obtained by using the approach presented in Section 4.2.
The desired configuration of the AVDCs is shown by points
in Fig. 3. By knowing the final desired positions of the
agents, the final communication weights are obtained by
(16) and the transient communication weigh is defined for
every agent ¢ € ) using Eq. (17) over the time interval
[0,60s], where /3(t) is defined by a quintic polynomial and
plotted in Fig. 5.

To implement the proposed coverage approach, we as-
sume every agent is a quadcopter UAS and apply the
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quadcopter model and trajectory tracking control developed
in (El Asslouj and Rastgoftar 2023; Rastgoftar and Kol-
manovsky 2021) to operate DNN neurons. Figure 6 presents
the formation evolution snapshots at ¢ = 35s and ¢t = 805,
where the actual path of every AVDC i € V, from a; to p;,
is shown by dashed red.

6.1 Limitations and Practical Considerations

Despite its adaptability under nonlinear dynamics, the
ADMC framework may incur computational and communi-
cation overhead in large-scale deployments. In addition, un-
certainty in demand estimation during crisis scenarios may
affect resource allocation performance.

7 Conclusion

In summary, this work links ADMC requirements for CM
tasks to a provable framework using DNN-based mass trans-
port with time-varying weights and decentralized nonlin-
ear UAS dynamics. Our research approach will utilize mo-
bile application-aware management system (MAMS) that
is aware of both the application characteristics and the un-
derlying UAS infrastructures to break the barriers between
applications, middleware/operating system, and UAS hard-
ware layers. The vertical integration of these layers will en-
able us to build a dynamically customizable Aerial Virtual
Data Center (AVDC) that will be optimized to meet the mo-
bile application requirements such as QoS, availability, re-
silience, and energy. Our approach to develop the proposed
Aerial-based Mobile Composable Data center (AMCDC) is
shown in Figure 1 that benefits from virtualization tech-
niques in a variety of ways. Virtual Machines (VMs) have
been widely used to provide a layer that is well-positioned
in the hardware/software stack of computer systems. This
provides fine-grain resource monitoring and control capa-
bilities. In the AMCDC approach, we scale the virtualiza-
tion concept from being at the VM level to an Aerial Virtual
Data Center (AVDC) level. For a given mobile application
class, the AMCDC middleware can build a AVDC that can
meet the application Service Level Objectives (SLO) such



as security, performance, energy consumption, resilience,
or availability objectives. The selected AVDC will be then
mapped into a set of available UAS resources that will pro-
vide the required computation, storage, communications re-
quirements. The composable UAS building blocks include
heterogeneous drones that provide general purpose graphics
processing units (GPUs), general purpose processors, stor-
age capabilities and communications services.
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