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Abstract—Space-ground communication systems are important
in providing ubiquitous services in a large area. This paper
considers the fairness designs under a load-balancing framework
with heterogeneous receivers comprising access points (APs) and
a satellite. We derive an ergodic throughput of each user in the
uplink data transmission for an arbitrary association pattern
and imperfect channel state information, followed by a closed-
form expression with the maximum-ratio combining and rich
scattering environments. We further formulate a generic fairness
optimization problem, subject to the optimal association patterns
for all the users. Despite the combinatorial structure, the global
optimal solution to the association patterns can be obtained by
an exhaustive search for small-scale networks with several APs
and users. We design a low computational complexity algorithm
for large-scale networks based on evolutionary computation that
obtains good patterns in polynomial time. Specifically, the genetic
algorithm (GA) is adapted to the discrete feasible region and the
concrete fairness metrics. We extensively observe the fairness
design problem by incorporating transmit power control and
propose a hybrid genetic algorithm to address the problem.
Numerical results demonstrate that the association pattern to
each user has a significant impact on the network throughput.
Moreover, the proposed GA-based algorithm offers the same
performance as an exhaustive search for small-scale networks,
while it unveils interesting practical association patterns as the
network dimensions go large. The load-balancing approach,
combined with power control factors, significantly enhances
system performance compared to conventional schemes and
configurations with fixed factors.

Index Terms—Satellite-Cell-Free Massive MIMO, load balanc-
ing, fairness design, genetic algorithm.

I. INTRODUCTION

The transition to the sixth generation (6G) of terrestrial-
space communications marks the forthcoming frontier in wire-
less network technologies, set to succeed the ubiquitous 5G.
These new 6G networks are still in the initial stages of research
and development, but they are expected to bring new ways of
connecting people with faster data speeds, reduced latency,
and increased capacity compared to their predecessors [1]—-
[4]]. In particular, 6G may enable data communication at un-
precedented terabit per second speeds, achieve sub-millisecond
latency, and offer the capacity to facilitate an extraordinary
amount of connected devices within a compact square kilo-
meter area [S]. A technological breakthrough supporting 6G
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is the implementation of advanced Massive MIMO systems,
designed with numerous antennas utilizing linear beamforming
techniques to manage connections within highly concentrated
networks of devices [6]. Moreover, the advent of cell-free
Massive MIMO technology is expected to further advance
spectral and energy efficiency by overcoming the conventional
limitations imposed by cellular networks. The design of these
networks is fundamentally load balancing, characterized by
distributed transmitters cooperatively operating to provide
dedicated service to individual users, thereby intensifying the
focus on creating a customized network experience [7]. This
emphasis on load balancing Cell-free Massive MIMO network
propels the user experience to new heights, making possible
a range of disruptive technological applications, especially in
the domain of immersive extended reality; however, Cell-free
Massive MIMO is most effective within restricted coverage
areas such as urban [§].

Because of its potential to offer widespread connectivity
to numerous users over extensive areas, the field of satellite
communications has experienced renewed interest [9]], [10].
While geostationary (GEO) satellites can cover large regions,
they come with high costs, shared bandwidth, and significant
latency [10]]. These drawbacks have prompted the development
of non-geostationary (NGSO) satellites, such as those in low-
Earth orbit (LEO), which are poised to revolutionize radio
systems with the expectation of integration into future 6G
networks [11]. NGSO satellites, orbiting at lower altitudes than
GEO ones, provide benefits like reduced latency and tailored
coverage for particular uses or isolated locations [[12]. Integrat-
ing satellites with cell-free Massive MIMO is recognized as
a network architecture for advancing wireless communication
systems [[7]. Nonetheless, to the best of our knowledge, there is
a lack of research exploring a load balancing approach for hy-
brid space-ground systems, particularly under the framework
of coherent signal processing and resource management.

Evolutionary algorithms (EAs) continue to draw interest
because of their demonstrated capabilities in solving complex
optimization problems that are prevalent in real-world sce-
narios. As future networks should be multi-layered systems
with various integrated technologies, evolutionary strategies
like the genetic algorithm (GA) have shown promise in
radio resource management, attributed to their effectiveness
in effective system designs [13]-[15]. The GA operates on
evolutionary biology principles, utilizing selection, mutation,
and crossover processes to evolve populations toward high-
quality solutions [16]. The strength and adaptability of GAs
make them particularly suitable for navigating complex config-
urations, allowing them to search through large solution spaces
to identify superior solutions. Integrating diverse cutting-edge
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technologies in 6G networks introduces significantly complex
optimization problems, especially in extensive network envi-
ronments [[17]]. In addition, the ability of GAs to scale makes
them ideal for deployment in networks that must support an
enormous number of devices with a wide array of service
needs [[18]. Notably, the user association problem is a form
of combinatorial optimization, which complicates the direct
application of the standard GA.

In this paper, a load balancing network formed by cell-free
Massive MIMO and satellite is studied to improve spectral
efficiency (SE) with different fairness criteria. Our main con-
tributions are summarized as follows

« We derive the uplink ergodic SE of each user under
arbitrary association patterns. The closed-form ergodic
SE expression is further obtained as the maximum ratio
combining (MRC) locally applied at the APs and satellite.

« We formulate a generic fairness problem to seek the
optimal association between each user and the ground and
space receivers. For small-scale networks, an exhaustive
search through the combinatorial structure can obtain the
globally optimal association.

o We propose an efficient algorithm for large-scale net-
works by exploiting the GA adapted to optimize the asso-
ciation sets under a load balancing framework. The main
concept is that binary encoding can be easily adapted to
represent the user association. To further enhance system
performance, we integrate the power control into the load
balancing optimization problem. We then develop a GA
framework incorporating hybrid variables tailored to the
optimization structure.

o Numerical results demonstrate the critical roles of the
satellite and APs in enhancing the ergodic SE. The GA-
based association designs offer the same performance as
an exhaustive search for small-scale networks and further
efficiently optimize for large-scale networks. The transmit
power control leads to improved system performance by
approximately 20% compared to alternative schemes.

The rest of this paper is organized as follows: Section
presents the integrated satellite-cell-free massive MIMO sys-
tem along with the channel estimation process. In Section
the uplink data transmission is described, and then the ergodic
SE for every user is obtained in closed form. We formulate the
generic fairness optimization problem under the load balancing
topology and exploit an exhaustive search to obtain the global
optimum in Section besides, for networks with numerous
users and APs, we propose GA-based association designs
with high-quality solutions. Section |V| extends the fairness
optimization framework by incorporating power control mech-
anisms and proposes a hybrid genetic algorithm to efficiently
solve the problem. Section provides numerical results to
validate the analytical SE and efficiency of our proposals.
Finally, Section draws main conclusions.

Notation: Matrices and vectors are denoted by the capital
and lower bold letters, respectively. The matrix transpose and
Hermitian are denoted by ()7 and (-)¥, respectively. The
Euclidean norm is denoted by || - ||. The expectation of a
random variable is denoted by E{-}, and CN(-,-), U(-,-), and

B(-,-) represent the circularly symmetric Gaussian, uniform,
and Bernoulli distributions, respectively. Notations A, V, -, &
are logical operators, specifically conjunction (AND), disjunc-
tion (OR), negation (NOT), and exclusive OR (XOR).

II. LOAD BALANCING INTEGRATED SYSTEM, PILOT
TRAINING, AND CHANNEL ESTIMATION

This section delves into space-ground communications, tak-
ing the practical challenges posed by imperfect channel state
information and limited associations.

A. System and Channel Models

We consider an integrated space-ground network where an
LEO satellite with M antennas cooperates with N single-
antenna APs to serve K single-antenna users. For load bal-
ancing purposes which enable the high spectral and energy
efficiency, we assume that users can flexibly associate with the
satellite and APs. To obtain a good spectral efficiency for each
terrestrial user, it should hold that M + N >> K. As illustrated
in Fig[l] the APs utilize optical fronthaul links, whereas the
satellite connects to the ground station via a radio downlink
(feeder link). The ground station then relays the uplinks signals
from users to the CPU. We assume that both the optical
fronthaul links and the feeder link has imperfect channel gains
modeled by a complex Gaussian distribution, affecting the
performance of both the pilot training and data transmission
phases Although the propagation channels vary over the
time and frequency plane, we adopt the quasi-static fading
model where the propagation links are static and frequency-flat
over each coherence intervals of 7. symbols. We assume the
network operates in a fast-fading environment, and K symbols
in each coherence interval are dedicated to the pilot training
phase. The remaining 7. — K symbols are used for the uplink
data transmission.

Due to sharing the same time and frequency resource, each
AP and satellite can simultaneously receive the transmitted
signal from all the users. Coherent processing allows us to
define the terrestrial and/or non-terrestrial mode by optimizing
the load balancing. For the load balancing design, let us denote
ax € {0, 1} the binary variable that establishes the association
between user k and the satellite. If @, = 1, user k is served
by the satellite. Otherwise, it is not served by the satellite. If
user k is served by the satellite, the space channel h; € CM
is distributed as hy ~ CN (hg, Ry). Here, hy € CM consists
of the line of sight (LoS) components, while Ry € CM*M
denotes the spatial correlation. For the user-APs association,
we introduce the binary variables a; € {0, 1}, where a = 1
implies APs provide service to user k, otherwise, APs do not
serve user k. Besides, if user k is served by AP n, g,x € C

By utilizing the optical links, the fronthaul enables ideal gains and
therefore the exact CPU’s position is not necessarily stated due to the
assumption on the Gaussian distribution. However, extending our framework
to incorporate fronthaul-aware pilot allocation and user association strategies
represents a valuable direct for future work.
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Fig. 1: Illustration of a Satellite-Cell-Free MIMO network.

denotes the ground channel between AP n and user k, which
is distributed as gnx ~ CN (0, Bur)

B. Uplink Pilot Training Phase

During the pilot training phase in the uplink, all the K users
simultaneously transmit their pilot sequences to the receivers.
More specifically, user k transmits its pilot sequence ¢ € CK
with |[@k|l2 = 1 and n//fl//kr =0,Vk # k’. Then, the pilot signal
received at AP n, denoted by y,, € CK, and at the gateway,
denoted by Y, are respectively formulated as

K

Yon = D VPR + 10, (1)
K

Y, =) pKhy +N,, )

where p > 0 is the transmit power allocated to each pilot
symbol. The additive noise at AP n is denoted by n,, € CK
and distributed as n,, ~ CN(0, 02Ig). Besides, N,, € CM*K
denotes the additive noise at the satellite whose elements
are i.i.d. CN(0,02) random variables. From (I) and (2), the
channel estimates and estimation errors are obtained by the
minimum mean square error (MMSE) estimation [[19].

Lemma 1. If the MMSE estimation is exploited to estimate
the channel g,i, then the channel estimate &,y is

A pKﬁnk H
= """ s 3
8nk pKﬂnk + O_g anlllk ( )
distributed as g, ~ CN (0, 0,1) and the variance oy as
PKB.
onk = ———%—. )
PKBnk + 0

The estimation error, defined as ek = 8mk —&mk, is distributes
as emr ~ CN (0, Bk — Omi). Note that the channel estimate
8mk and the estimation error e are independent.

2Uncorrelated Rayleigh fading is considered for terrestrial links where APs
are deployed in rich scattering environments that are aligned with measure-
ment data. Inclusion of correlated Rayleigh to describe spatial correlation or
Rician fading to characterize the LoS components are also of interest for
particular propagation environments. These potential extensions are left for
future work.

If the MMSE estimation is exploited to estimate the channel
hy, the channel estimate hy is formulated as

ﬁk = ﬁk + \/pKRk‘Pk(Ypl/fk - VpKl—lk), (5)

where ¥, = (pKRy + O'EIM)_I. The channel estimate hy
distributes as hy ~ CN(hg, pKR ¥ Ry). Let us define the
estimation error of the space link e = hy — flk, then it
distributes as ey ~ CN(0,Ry — pKR ¥ Ry).

Proof. To estimate the channel g,i, we first project the
received pilot signal ygn in () into ¢« and perform the MMSE
estimation as g, = E{gnkly;[”l//k} by noting that, in our case,
the MMSE estimation and the linear MMSE estimation are
the same. A similar methodology can be applied to the space
link to obtain the channel estimate hy = E{hleplpk,Hk} by
the MMSE estimation. O

The channel estimates and estimation errors are analytically
obtained in Lemma [T] as a function of the space and ground
links. One can improve the channel estimation quality by
carefully selecting the satellite and APs. The spatial correlation
Ry shows the contributions to the channel estimates of the
space links. The channel estimates in Lemma [T] are applicable
for the fast-fading models, whose channel errors are negligible
under the limited pilot power and finite coherence time.

III. UPLINK DATA TRANSMISSION AND ERGODIC
THROUGHPUT ANALYSIS

A. Uplink Data Transmission

In the uplink data transmission phase, all the K users
transmit signals to its served APs and/or the satellite. In
particular, user k transmits a symbol s; with E{|sz|*} = 1
and the received signal at AP n, denoted by y, € C, is

K
Yn = Zk:l VPk&nkSk + 1, (6)

where py is the transmit power that user k and and n, ~
CN(0,02) is the additive noise. Similarly, the received signal
at the gateway of the satellite, denoted by y € CM, is

K
Y= o VPiesi+m, @)

where n ~ CN(0, O'SZIM) is the additive noise during the
uplink data transmission. At the CPU, the signal sent from
user k is decoded by the following combination
N
S =wlary +ak ). Whivn, )

where wy € CM and w,,;, € C are the detection vectors utilized
at the gateway and AP n, Vn, respectively.

B. Ergodic Throughput Analysis

In order to decode the transmitted data symbol s; sent by
user k, let us use the formulations of the received signals in

(@) and (7) into (8) and obtain
~ K ~ H N ~ %

+whn + N )
Wit ag ) W,
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pilE{oi}?

SINR;, =

Yo PrBlork 2} = prlB{oxi}? + E{lwk|2}o? + XL BY w2, Yo

(14)

n

which is the superposition of the transmitted signals associated
with the several receivers and additive noise. In @]), we denote
that a proper load balancing approach will mitigate mutual
interference, while additive noise is accumulated from the
satellite and all the APs. Let us introduce a new variable

N
- H -
Okk = @pw; hp + anl AW, 1 8k s (10)

which stands for the overall channel and taking the association
into account. Besides, let us denote the aggregated noise as

N
ik = win+ ) . (11)

After that, by utilizing (I0) and (TI) into (9), the decoded
signal of user k performed at the CPU is equivalent to as

K [
Sk = Zk’:l P;COkk'Sk’ + 7 = VPkE{Okk}Sk"'

K -
Pk (okk — E{ork})sk + Zk,zl ek VPR Ok Sk + ks

where the first part in the second equation of (I2)) represents
the desired signal from user k with a deterministic channel
gain; the second part denotes the beamforming uncertainty;
and the remaining parts contain mutual interference and noise.
By exploiting the use-and-then-forget channel capacity bound-
ing technique, the uplink ergodic throughput of user k is

R = B (1 - K/7.)log,(1 +SINRy), [Mbps],

(12)

13)

where B [MHz] is the system bandwidth and the effective
signal-to-interference-and-noise ratio (SINR) is given as in
(T4). The uplink ergodic throughput in (I3) can be applied
for an arbitrary channel model and detection vectors by
numerically evaluating several expectations in the numerator
and denominator of over many different realizations of
small-scale fading coefficients. However, these expectations
are costly for large-scale networks with many APs and users.
By exploiting the MRC technique, one can compute (I3) in
closed form as shown in Theorem

Theorem 1. If the MRC technique is deployed at the gateway

and APs, the uplink ergodic throughput of user k is
R} = B (1 - K/7.)log, (1 + SINR}™), [Mbps], (15)

where the effective SINR is computed as

— 2
pic (@l + GpK (@) + i T, o)
Ml + NOy

SINRI™ =
(16)

3In this paper, we can derive the exact closed-form solution of the uplink
ergodic rate for MRC detection for an arbitrary M, N, and K. Furthermore,
MRC is a scalable framework to expand the network with many APs and users.
Developing a framework to approximately derive a closed-form expression
of the uplink ergodic rate as partial MMSE detection can, in fact, be
developed. However, the approach would be different because an assumption
(M +N)/K — oo at a fixed rate should be used to align the closed-form
expression of the uplink ergodic rate and Monte-Carlo simulations. Since this
is a different approach, we would prefer to leave this interesting issue for our
future research.

The mutual interference, denoted as Mly, and the noise,
denoted as NOy, are respectively defined as follows

K — oy K _ _
Mlk = &k&k,(zk’:l Ktk pk/lthhk/|2+pK Zk’:l pk/hg(-)khk,
K — _ K
+ Zk’:l Pk'thRk’hk + pK Zk’ZI Pk/tr(Rk’ek))

K N
+aap Zk,zl anl Pk QnkBnk’»
(17)

_ N
NOy = @ (0'3||hk||2+PK0'3tf(®k)) +ayog Zn:] Onk- (18)

Proof. The proof is based on computing the expectations
in (T4) with the channel estimates and estimation errors in
Lemma [T} The detailed proof is available in Appendix [A] O

The numerator of the SINR in (I6) demonstrates the con-
tributions of the space link with both the LoS and NLoS
components. The array gain from the satellite antennas and
coherent combination scales up with the order of O((M+N)?)
as shown in the numerator of (I6). The mutual interference due
to multiple access is expressed in (I7), which scales up with
the order of O(KM + NK). Moreover, the strength of additive
noise is added from the APs and satellite with the order of
O(M + N). Consequently, the optimal association obtained for
each user will effectively reduce mutual interference and noise,
leading to improved data throughput. In our network setting,
the coherence time is sufficient long to deploy the orthogonal
pilot signals, so the system does not suffer from pilot contam-
ination. For the scenarios with the short coherent time and the
pilot reuse, large-scale fading decoding can efficiently mitigate
both coherent and non-coherent interference thanks to sharing
the signaling through the backhaul among the satellite and
APs. This potential extension will be left for future work.

IV. FAIRNESS OPTIMIZATION FOR INTEGRATED SYSTEM

This section presents and analyzes a trio of widely con-
sidered optimization problems that highlight the benefits of a
cooperation between space and ground links.

A. Problem Formulation

Due to the intricate interactions among user utility functions,
simultaneous optimization seems elusive. Our primary objec-
tive is to optimize the aggregate utility function f(ag, @) to
match the requirements of user k within the system, where
ag,Vk, denote the association rules for ground links, and
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ag, Vk, represent those for space linksﬂ With the associated
notations, the generic fairness optimization problem is

maximize f({ax}, {@r}) (19a)

{ar}.{dx}

subject to ay € {0, 1}, Vk, (19b)
ay € {0, 1}, Vk. (19¢)

In this paper, the three popular choices are typically considered
for the system utility function f({ar},{@x}) as

i) Arithmetic mean utility:

Fllond (@) = = S Rellah (@), Q0)
ii) Geometric mean utility:
fUanhAah = ([, Rettend, @)™ . @D

iii) Max-min fairness utility:
f{ar} {ax}) = min Rp({ar}, {@r}),
1<k<K

with R ({ax}, {@r}) being defined in (T3). We emphasize that
the max-min fairness optimization provides an equal perfor-
mance across the users. Contrarily, the arithmetic throughput
approach disregards the experience of each individual, priori-
tizing the overall system utility instead. The geometric mean
utility function provides a middle ground between the sum-rate
and max-min utilities. It achieves a balance by ensuring that
the system maintains a high overall spectral efficiency and
provides a reasonable quality of service for each user. The
transmit power of each user is fixed so that the framework
totally focuses on examining association patterns and their
implications on system-level spectral efficiency and fairness.
Despite this assumption, the optimization problem is NP-hard
due to the binary nature of the association variables. Adding
power control would significantly increase the complexity of
the algorithm design since it is transformed into a mixed-
integer non-convex problem and require more sophisticated
approaches to seek for the solution. Jointly optimizing asso-
ciation and transmit power is, therefore, left for future work.

(22)

B. Globally Optimal Solution to the Fairness Design Problem

The globally optimal solution to the fairness optimization
problem in (T9) can be obtained through an exhaustive search,
as outlined in Algorithm|[I] This method involves generating all
possible solutions and evaluating their corresponding fairness
levels, which are defined by the objective function. Once all
possibilities have been generated, the globally optimal solution
that maximizes the objective function is selected. However,
the computational complexity of an exhaustive search grows
exponentially with the number of available users and receivers,
including APs and the satellite, resulting in a complexity of
O(4%). As a result, Algorithm [1| becomes impractical for
large-scale networks due to the limited computing power of
practical hardware configurations. While an exhaustive search
may still be feasible for small-scale networks with a limited

4To maintain analytical tractability and focus on the influence of channel
conditions and interference, our model assumes an infinite number of con-
nections per AP and satellite.

Algorithm 1 Exhaustive Search Algorithm

Ensure: The optimal solution

1: Initialize the current maximum solution as maxVal «— —oco.

2: Set parameter D = 2K.

3: for k < 2P — 1 down to 1 do

4:  Convert the index k to its D - dimension binary repre-
sentation, then convert to a vector with 2K dimensions
similar to [[[V-CT]).

5 Using the created vector, evaluate the fitness value F.

6 if F > maxVal then

7 Update maxVal « F.

8 end if

9: end for

return maxVal as the best solution found.

._
4

number of users and APs, alternative methods that are more
efficient in solving fairness design problems must be explored
for large-scale networks.

C. Binary-Coded Genetic Algorithm (BCGA)

We introduce a low computational complexity algorithm
based on GA associated with an individual encoding to address
the three fairness optimization problems.

Algorithm 2 Binary-Coded Genetic Algorithm

Require: Large-scale fading coefficient, bandwidth, number
of subcarriers in an (OFDM) symbol, carrier frequency.
Ensure: The sub-optimal solution.

\\ Initialization
1: Generate initial population S, [[V-CI].
2: Set max generations Sysax, initialize S « 1.
3: Set parameters: crossover rate p., mutation rate p,,, off-
spring count n, = 2LpC%J, mutants count n,, = | p,Q].
4: while S < Sp;ax do

5:  Initialize next generation S, = @.
\\ Crossover
6 for k. =1 to n./2 do
7: Select two distinct parents from S,,.
8 Generate two offspring via [[V-C2]}, add to S.
9:  end for
10: for k,, =1 to n,, do
11: Select an individual from S..

12: Generate mutant via [[V-C3]|, add to S,,.
13:  end for
\\ Selection
14:  Evaluate fitness of S, = Sc U S,,,.
15:  Select Q individuals from S, U S, for next S,,.
16: S S+1.
17: end while
18: return Best solution found.

1) Solution representation and Initialization: The popula-
tion S, in the BCGA represents a set of Q potential solutions.
The i-solution, ¢; = {¢;1,Pi2,...,¢ix} with i € {1,...,0},
represents a vector that is made up of K segments, each
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having 2 dimensions. Thus, the total dimensions of the vec-
tor are 2K. Each component of these vectors, referred to
as genes, are binary, meaning they can be either 0 or 1.
Specifically, the vector segment ¢;;, being two-dimensional
denoted by ¢;; = {¢ij1,¢ij2} as z = 1, ¢;;, indicates the
connectivity of user j and APs, and z = 2, ¢;;, indicates
the connectivity of user j and the satellite. In detail, with a
value of one signifying a connection and zero indicating no
connection. During the initialization phase of the algorithm,
a special individual is created with all the 2K genes set to
one, representing a scenario where the users are served by
both the satellite and N APs. The remaining Q — 1 individuals
are randomly assigned values as ¢,;; = 0 if u < 0.5
with i € {1,...,0 - 1},j € {l,...,K},z € {1,2}, and
u ~ U([0, 1]). Otherwise, ¢;;, = 1.

2) Binary crossover operator: Instead of limiting to one
type of the crossover method, we incorporate three different
crossover techniques, which are applied based on dynamically
adjusted probabilities £; and &, that reflect their effectiveness
during the search process. We create two children solutions
¢.1 and ¢, to form crossover offspring population S, from
the two parent solutions ¢,,1 and ¢, as

{ $er = (Cmask A B 1) V (mCmask A @ 2), (23)

¢c2 = (cmask /\ ¢p2) V (_‘cmask /\ ¢pl)’

and cp,ek 1s especially designed for particular crossover. In
particular, it holds that

» One-point mask crossover with the probability of &;:
Cmask[] = 0,if i < cp, and cpask [i] = 1, otherwise, where
cp is the crossover point and cp ~ U(K(N + 1)).

o Two-point mask crossover with the probability of &;:
cmask[i] = 0,ifcp; < i < Cpy, and cemuk[i] =
1, otherwise, where cp; and cp, are two pivotal crossover
points. These points are dependently selected: cp, ~
UA,N(K+1)—1) and cp, ~ U(Cp; + 1, N(K + 1)).

« Uniform mask crossover with the probability of 1-&1—&5:
Cmask ~ B(2K,0.5). Each mask[{] is either O or 1, chosen
randomly with a probability of 0.5. The mask cpagk in
uniform crossover is not determined by specific crossover
points. Instead, it is generated randomly for each gene
position across the entire length of the chromosome.

3) Bitwise mutation operator: Following the mutation pro-
cess shown in pseudocode of Algorithm based on the
probability p,,, the parent vector ¢. is selected from the
current population S, and undergoes mutation to produce the
trial solution ¢,,, to form mutated offspring population S, as

On=¢:® M(nmuytate 2K),

where nmyate 15 @ set of indices randomly chosen from 1 to 2K
and create a binary mask M (npyeee, 2K) of length 2K where
the selected indices are set to 1 (indicating mutation), and
others are 0. Besides, the mutation probability p,, is a critical
parameter in this process. It determines the probability of each
solution undergoing mutation. Setting a higher mutation prob-
ability can increase the frequency of mutations, allowing the
algorithm to explore a broader range of genetic variations. This

(24)

can be advantageous for escaping local optima and enhancing
the genetic diversity within the population. However, if the
mutation probability is too high, it might lead to premature
convergence, where the algorithm settles too quickly on less
optimal solutions. A low mutation probability may slow down
the evolution, potentially causing the algorithm to stagnate in
local optima due to inadequate exploration.

4) Survival selection operator: After generating the off-
spring population S,y = S. U S,,, using the above crossover
and mutation, the parent population S, is combined with to
form the merged population Sperged as:

Sierged = Sp USy = 8p USe U Sy, (25)

then sort the merged population Sperged based on the fitness
value and select the best Q individuals to the new generation
as

S, = argsort(value(Smerged)[1 : O], (26)
the best solution is selected for the next generation, and the
equation guarantees that the objective function of
does not decrease across generations.

5) Convergence and Computational Complexity: To ana-
lyze the computational complexity of the proposal described
in Algorithm [2] to solve the problem (I9), we break down the
computational effort required by its different components. An
initialization of the population requires the complexity of the
order of O(QK). For each generation, if ¢ denotes the count of
chromosomes involved in crossovers, the computational load
for the crossover operation amounts to the order of O(¢K).
The mutation process operates at a basic computational com-
plexity O(1), and the selection phase requires O(Q log(Q)).
Combining these costs, the total computational complexity of
Algorithm [2] is in the order of O(QK + S(gK + Qlog(Q))),
where Q is the size of the population, S represents the number
of generations, and K denotes the number of users. These
complexity formulas show that the algorithm’s performance
depends on the number of users K and the GA parameters
Q and S, but not on the number of antennas M, which
is an important advantage of our approach. Regarding the
convergence, we define the expected first hitting time as the
average number of generations needed for Algorithm [2] to
achieve a fixed solution as shown in Theorem [2

Theorem 2. From an initial population, solving the fairness
design in problem using the BCGA with bitwise mutation
at a specified probability p,,, and assuming the population
size matches the solution size, the expected first hitting time
is constrained by the following bound:

E{r} > c(1 = pm) K7, @7
where T signifies the number of generations until the best
solution is reached, c is a positive constant, and p,, € (0,0.5]
in our experiments.

Proof. The proof is completed by formulating the procedure
of the BCGA as a Markov chain and investigating its features.
The detailed proof is available in Appendix [C] O
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Based on Theorem [2] our BCGA algorithm guarantees
convergence to the optimum from an initial population as the
number of generations increases, ensuring the reliability of our
optimization framework even in complex network scenarios.

Remark 1. The optimization problem (19) is NP-hard and
complicated due to the network setting with both the terrestrial
and nonterrestrial links. The combinatorial complexity makes
it challenging to solve, especially for large-scale networks.
That is the main reason why intelligent computation algo-
rithms as GA are proposed since the quality of the solution
is updated without computing the first and second derivatives
of the objective function and constraints. The extension of our
framework to support multi-antennas APs is straightforward
but non-trivial, which may change the mathematical analysis
of network performance and optimization structure. We there-
fore leave this potential extension for future work.

V. FAIRNESS OPTIMIZATION WITH JOINT DATA POWER
CONTROL AND LOAD BALANCING

A. Problem Formulation

To further enhance the network performance and ensure
fairness among users, we extend the association optimization
framework by incorporating transmit power control. In this
enhanced formulation, each user’s transmit power is con-
strained within a practical range [0, Pmax.x], where Pmax k
denotes the maximum allowable transmit power of user k.
The problem (T9) with power control optimization is given by

maximize f({ax}, {@}) (28a)

{ar}, {ar}

subject to ag, @, € {0, 1}, Vk, (28b)
0 < pi < Pmax.k, Vk. (28c)

To normalize the power allocation variable, we define a new
variable & such that px = &rPmax ik, Where 0 < & < 1.
Consequently, the problem (28) becomes

maximize f({ak} {ar}, {€x}) (29a)

{ar}.{an} . { &}
subject to  ayg, @, € {0, 1}, Vk, (29b)
&, €10, 1], Vk. (29¢)

which makes the optimization problem more tractable, espe-
cially when employing optimization algorithms.

Lemma 2. Let {pk}f=1 denote the original power allocation
variables with individual constraints 0 < px < Pmax k. Define
the normalized variables & = P:;tk such that & € [0,1]
for all k. Suppose the system performance metric is modeled
by a utility function f(p) = f(pi,...,pPk), where f is
quasi-concave |[7] over the box-constrained domain P =
I ,’f:] [0, Pmax.x]- Define the transformed utility function in the
normalized domain as f(&) % S (Pmax.1€15 - - - » Pmax, K§K)
Then, f(£) is quasi-concave over the unit cube B [0, 11X
Furthermore, if f is strictly quasi-concave and continuously
differentiable, then so is f, and the set of global maximizers
of f and f correspond via a one-to-one affine mapping.

Proof. Let £ £? e [0,1]X and consider any 1 €
[0,1]. Define the convex combination £V = &) + (1 —
/l)f(z). Under the affine transformation pr = &xPrmax.ks
this implies p¥ = /l_(l) + (1 = )p?, where p¥) =
(P 1€, P k€)) for i = 1,2, Since f(p) is
quasi-concave, we have: f(p“Y) > min{f(p"), fF(p®)}.
Therefore, f(£™) = f(W) = min{f(£"), f(?)},
which proves that f is quasi-concave on [0, 1]X. When f
is strictly quasi-concave and continuously differentiable, f
similarly exhibits these traits through the one-to-one affine
transformation. The global maximizers correspond directly due
to the invertibility of the mapping px = Pmax k€k- O

B. Hybrid Genetic Algorithm (HGA)

We propose a low-complexity Hybrid Genetic Algorithm
(HGA) framework, incorporating a mixed-variable encoding
scheme, to efficiently tackle the fairness-driven power control
and user association optimization problems. In detail, the
updated i-solution, denoted as y; = {y;1,¥i2,...,Yix} for
ie{l,...,Q}, is structured as a composite vector consisting
of K segments. Each segment comprises three core dimen-
sions, augmented by an additional dimension to incorporate
power control constraints. The current representation is hybrid
in nature: one component comprises binary-coded vectors
initialized as described in while the other consists of
real-valued vectors. For the binary components, the optimiza-
tion procedure follows Algorithm 2] which addresses discrete
association variables. Meanwhile, the real-valued segments are
optimized using a Real-Coded Genetic Algorithm framework,
following the methodologies i.e. Simulated Binary Crossover
and Parameter-based Mutation based on [20], [21].

1) Simulated Binary Crossover (SBX): For the real-valued
power allocation variables {&;}, we employ SBX to generate
offspring solutions. Given two parent solutions 51’; ! and 55 2
for user k, SBX produces two offspring 521 and f,fz through
the following procedure: i) Compute boundary parameters

o . 2£P!
within the normalized bounds [0, 1]: &1 = 1 + fl,f—kf,,l, and
k k
12060 o €71 < £P2 1) Then caleul
e =1+ e with assuming fk f . ii) Then calculate:

9 =2-¢ “(nerl) . The distribution index 7. controls the proxim-
ity of offspring to their parents. Based on a random parameter
u ~ U0, 1), determine the spread factor £ using polynomial

1
(F) e if u < L

5 and

probability distribution as & =

fem 2 1
otherwise & = (2_ o

allocation variables
et =05 (@€' + el - ael - €'1).
2 =05 (@€ + el + 5l - ell).

2) Parameter-based Mutation: For the normalized power
variables &, € [0,1], polynomial mutation generates
a perturbed solution ¢ in the neighborhood of the
original &; as follows: i) generate random parameter
u ~ U(0,1); ii) compute the perturbation factor § =

(2 + (1 =2p)(1 = 65) )T — 1 if y < 0.5 and 5 = 1 —

)("CH) . iii) Generate offspring power

(30)

€1y
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(2(1=p) +2(u—0.5)(1 - 6;()”"1“)ﬁ , otherwise. Where
O0r = min[&g, (1 — &¢)] ensures the mutated solution remains
within [0, 1] and the distribution index 7,, controls mutation
intensity; and iii) generate the mutated power allocation

£ = & +6. (32)

C. Convergence and Computational Complexity for HGA

To analyze the computational complexity of the proposed
HGA solving problem (29), we examine its hybrid com-
ponents. Population initialization requires O(QK) complex-
ity. For each generation, binary crossover operations require
O(@pK), real-valued crossover (SBX) requires O(¢,K), real-
valued mutation requires O(7,K), and selection requires
O(Qlog(Q)). The total computational complexity is O(QK +
S((@b + o+ U)K + QlOg(Q)))’ where @p, ¢r, and U,
represent the number of individuals participating in binary
crossover, real-number crossover, and real-number mutation
per generation, respectively. For convergence analysis, we
must account for both discrete (association variables) and
continuous (power control variables) components.

Theorem 3. Consider the HGA solving problem (29) with hy-
brid solution space Y = {0, 1}*K x [0, 11X, where the optimal
solution set is Y* C Y. Let pp,nm € (0,0.5] be the binary
mutation probability and the polynomial mutation distribution
index, respectively. The expected of EFHT T satisfies

E{r} > é(1 - pm) K1 =) KK, (33)

where ¢ > 0 is a constant, and 7 is the number of generations
until the optimum is found.

Proof. The proof is completed by formulating the procedure
of the HGA as a Markov chain and investigating its features.
The detailed proof is available in Appendix O

Remark 2. Theorem [3| reveals that HGA convergence is
limited by the slower of two components binary and real
values.

VI. NUMERICAL RESULTS

This section provides numerical results to demonstrate the
system’s performance and the effectiveness of two proposed
algorithms in comparison to state-of-the-art benchmarks. We
simulate a network involving up to 50 APs and 70 users. These
users are uniformly dispersed within a 15 square kilometer
area, visually represented within a three-dimensional Cartesian
coordinate system (x,y,z), as illustrated in Fig. [} An LEO
satellite, positioned at the coordinate (300, 350,400) [km], is
equipped with 100 antennas and features an antenna gain
of 26.9 [dBi], contrasting with the 10.0 [dBi] gain of the
ground devices [[22[]. The system operates on a bandwidth of
100 [MHz] with a carrier frequency of 20 [GHz], employing
a coherence block of 10000 OFDM subcarriers for data
transmission. Each data symbol is transmitted at 20 dBW [7]].
The noise figures are set at 6 [dB] and 1.3 [dB] for the APs and
satellite, respectively. The parameter settings adhere to 3GPP
standards outlined in [23]], which consider both large and small
fading effects in the propagation channels, e.g., for a rural area

Algorithm 3 Hybrid Genetic Algorithm (HGA)

Require: Large-scale fading coefficient, bandwidth, number
of subcarriers in an (OFDM) symbol, carrier frequency.
Ensure: The sub-optimal olution.

\\ Initialization

Generate initial population G, with hybrid individuals.

Set max generations Sysax, initialize § « 1.

Set crossover and mutation parameters: pc, P, Mns Nm-

while S < Spax do

Initialize next generation G, = @.
\\ Crossover

6: for k. =110 2| (p.+n.)Q/4] do

Select two parents from G,.

8: Generate two offspring. Binary vector follows as
in [IV-C2]|; meanwhile, the real-valued vector follows
as in [V=BT]}, add to G..

9:  end for

\\ Mutation

10 for k,, =1to [(pm+1m)Q/2] do

11: Select an individual from from G..

12: Generate mutant. Binary vector follows as in [TV-C3J|;
meanwhile, the real-valued vector follows as in
[V-B2]}, add to G,

13:  end for

\\ Selection

14:  Evaluate fitness of each individual in G,» = G, U Gp.

15:  Select Q best individuals from G, U G,.

16: S« S+1.

17: end while

18: return Best solution found.

AN

~

as Bnk = Hyp+Hi—8.50-2010g,(( fc) —38.63 108 (rnk) +1nk,
where H,,, and Hj are represented the antenna gains at AP n
and user k, respectively, whereas f. is the carrier frequency.
The distance between this user and AP n is denoted as r,,
and shadow fading, 7,%, is modelled as a random variation
following a log-normal distribution with a standard deviation
of 7 [dB]. The large-scale fading coefficient between user k
and the satellite is determined using one of the models
proposed in [24] as

Bi = H+Hy + Hy —32.45 - 201og,(fori) + i, (34)

where H is the receiver antenna gain at the satellite, and its
normalized beam pattern is [22]], as

2
e 4(]1 (27”asin(q)k)) /(%’Tasin(c])k))‘ . if0< < 2,
0, if ¢ =0,

(35
where o denotes the radius of the antenna’s circular aper-
ture; A is the wavelength; and ¢y is the angle between
user k and its beam center. In (34), the shadow fading ny
is determined by a log-normal distribution with the standard
derivation depending on the carrier frequency, channel condi-
tion, and the elevation angle [24]]. Besides, r; [m] represents
the distance between the satellite and user k, defined as

% = \/R2 sinz(é’k) + z(z) +2z0R — Rsin(¢y), where R is the
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Fig. 2: The optimal results of the proposed algorithms com-
pared the fully connected model.

Earth’s radius and zo is the satellite altitude. The system
model and proposed algorithms were evaluated through a
MATLAB environment installed in a personal desktop with an
Intel(R) Core(TM) i7-12700 2.80 [GHz] and 64 [GB] RAM.
The following benchmarks compare the performances of the
proposed algorithms (Exhaustive search in Algorithm [I] and
Binary-coded genetic algorithm in Algorithm [2) to the full
connected model in [[7], another evolutionary algorithms called
differential evolutionary (DE) built in [25] and real-coded
genetic algorithm (RCGA) built-in [26].

In a small-scale network with four users and the numbers
of APs is in {2, 3, 4} together with the values of fitness
functions under different benchmarks are presented in Fig. [2]
The results demonstrate that Algorithm [2] yields solutions that
are nearly identical to the globally optimal solution obtained
through an exhaustive search algorithm [l| Additionally, we
compare the performance of our proposed algorithms with the
full association approach. When considering the Arithmetic
mean throughput, our proposed algorithms consistently out-
perform the full association, with fitness values surpassing it
by 10% to 20%. The superiority of our proposed algorithms
becomes even more evident when evaluating the Geometric
mean throughput and the Max-min fairness throughput, where
improvements range from 30% to an impressive 50%.

To observe the convergence of the proposed algorithm
(BCGA) and the impact of the problem size, we compare
its performance with DE and RCGA. Firstly, within a com-
munication system of 15 users and 15 APs, the performance
of all these considered benchmarks is evaluated in terms of
the number of generations, as displayed in Fig 4a. Across all
three throughput metrics, Arithmetic mean throughput, Geo-
metric mean throughput, and Max-min fairness throughput,
the BCGA algorithm consistently outperforms both DE and
RCGA. In the first utility, arithmetic mean, BCGA converges
to a higher value compared to DE and RCGA, showcasing its
superiority in maximizing the overall system throughput. In
detail, the optimal result provided by BCGA is slightly better
than that by DE and RCGA. Meanwhile, for the remaining
utilities, geometric mean and max-min fairness, BCGA excels
over another counterpart by reaching notable optimal values.
These results highlight the potential of BCGA in effectively

Arithmetic Utility
231.145
0.0085

Geometric Utility
225.927
5.1648

Max-min Utility
225.365
6.3699

Total Throughput
Minimum Throughput

TABLE I: The total throughput and minimum throughput in
optimized utility systems.

Arithmetic Utility
Satellite only 56.80 68.80 74.40
APs only 40.40 25.20 22.40
Both of Satellite and APs 1.20 6.00 3.20

Geometric Utility Max-min Utility

TABLE II: The proportion (%) of user connections between
satellite and APs for different optimization utilities.

addressing various utility functions and its robustness in de-
livering improved network performance compared to other
evolutionary algorithms such as DE and RCGA. Furthermore,
while keeping the number of APs at 5 and gradually increasing
the number of users, we observe a decreasing trend in the
throughput of the objective functions, as shown in Fig. 4b,
clearly demonstrating the impact of user density on system
performance. It is explained that when the number of users is
sufficient for the number of APs, the system can still provide
sufficiently good throughput for each objective function; how-
ever, as the number of users becomes too large, the throughput
of each objective function gradually decreases. This trend is
attributed to the fixed serving resources of the system. To
investigate this phenomenon further, we analyze the results of
the three algorithms for each utility. With the Arithmetic Mean,
there is no significant difference among the three algorithms
when the number of users exceeds 40. For the Geometric Mean
and Max-min fairness utilities, even when the number of users
surpasses 50, there remains a small discrepancy between the
algorithms. Nevertheless, BCGA consistently delivers the best
results across all scenarios. On the contrary, a monotonically
increasing trend is observed by fixing the number of users at 20
and continuously increasing the number of APs. Regarding the
rate of improvement, for the Arithmetic Mean and Geometric
Mean, the optimal value achieved by the proposed algorithms
exhibits a significant enhancement compared to smaller values
of N. Conversely, for the Max-min fairness objective, the
optimal value delivered by the algorithms is exhibited as a
slight climb. The monotonically increasing trend is a direct
consequence of the independent nature of the connections
between APs and users. Adding more APs can improve the
data throughput of each individual user.

On the other hand, to evaluate the effectiveness of the
benchmarks, Table [I] presents the total throughput and min-
imum throughput for the different fitness functions using
through tests problem set of 70 users and 50 APs. It compares
the system-level throughput and user-level fairness across dif-
ferent optimization approaches. The total throughput indicates
the overall performance of the system. The minimum through-
put represents the throughput experienced by the worst-off
user, which reflects fairness. In the Arithmetic Throughput
utility, the overall system performance reaches its peak with
a total throughput of 231.145 [Mbps]. However, some users
are neglected, with throughput as low as 0.0085 [Mbps].
Conversely, in the Max-min fairness utility, the performance
of each individual user improves significantly, even though
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Fig. 3: The system performances of different evolutionary algorithms within model in Problem (19): (a) The convergence rate
as the number of generations increases; (b) The evaluation of the gap between the optimal values of different algorithms as
the test sets vary; (c) The evaluation of the gap between the optimal values of different algorithms as the test sets vary.

the overall system performance is not as high, with a total
throughput of 225.365 [Mbps] and a minimum throughput of
6.3699 [Mbps]. The geometric mean throughput utility offers
a balanced trade-off between these two utilities, as previously
mentioned. It achieves a total throughput of 225.927 [Mbps],
which is slightly lower than the arithmetic throughput utility
but higher than the max-min fairness utility. Additionally,
the minimum throughput in the Geometric Mean Throughput
utility is 5.1648 [Mbps], which is a significant improvement
compared to the Arithmetic Throughput utility and only
slightly lower than the Max-min fairness utility. Therefore,
the Geometric Mean Throughput utility balances maximizing
total system performance and ensuring fairness among users.
This makes it a proper optimization target that considers the
demands of all users.

The roles of the space and ground links in enhancing
the uplink spectral efficiency are captured by optimizing the
connection of the satellite, APs, and users. We compared the
differences between the ergodic throughput of three distinct
network architectures: spacial satellite-only (Mode S), terres-
trial APs only (Mode A), and our proposed cell-free-terrestrial
integrated model in Fig. 4} The box plots demonstrate that
our proposed model achieves superior performance metrics
compared to both baseline approaches. Using only terrestrial
APs might reduce throughput in areas with high user den-
sity. Similarly, satellite-only deployment yields reduced user
throughput, albeit with minimal variance observed across ex-
perimental trials. This indicates a hybrid approach, providing
users with the benefits of the joint connectivity where both APs
and satellite connections are optimized for different types of
traffic or service levels. Moreover, our analysis of the model
optimized by Algorithm [2| reveals preferred connections to
either satellite or APs, with priority given to the satellite due to
the LoS links. Table [T} shows the percentage of users served
only from either the single link or from both. Furthermore,
the preference for satellite connectivity is most pronounced
in the max-min fairness that optimizes the connection quality
for the weakest users. Specifically, this objective shows the
highest percentage of users up to 74.40% served only by the

satellite, suggesting a prioritization of ensuring that each user
achieves at least a minimum level of service quality, even if
it might reduce the overall system performance. This obser-
vation highlights reliance on satellite connections, which may
provide more consistent coverage and bandwidth compared to
terrestrial networks. Integrating a satellite enhances coverage,
especially in areas where terrestrial APs struggle. Without
the satellite, terrestrial networks would offer limited coverage.
Conversely, the sum throughput utility shows a percentage of
users (56.80%) served by the satellite only. This objective dis-
tributes resources more evenly across all the users, balancing
the load between the satellite and APs. In all the realizations,
there are 40.40% served by the only APs. This approach can
lead to a compromise in individual performance to enhance
the total throughput, making it suitable for scenarios where
the overall network performance is critical. The geometric
throughput, which balances between the total network and per-
user throughput, shows intermediate values in both categories,
with an enhanced percentage of users about 6.00% connecting
through both the satellite and APs.

We benchmark the system performance with and without the
incorporation of power efficiency constraints across three util-
ity optimization models in Fig. 5| The numerical evaluations
consistently reveal that integrating power efficiency constraints
yields a system throughput gain ranging from 10% to 20%.
These findings confirm that although this enhancement entails
a moderate increase in computational complexity, it leads to
a notably more energy-efficient and high-performing network
design.

VII. CONCLUSION

This paper has investigated the applications of adapted
GA to solve the user association in integrated space-ground
cell-free Massive MIMO systems, where a load balancing
approach is utilized to enhance spectral efficiency. Moreover,
we formulated and solved the APs and satellite cooperation
problem in an effective manner by adjusting the Binary-coded
genetic algorithm. Numerical results demonstrated that the
proposed algorithm BCGA yields the fairness level closed
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Fig. 5: The system performance comparison between the fixed
and optimized power allocation systems based on the optimal
results obtained by BCGA and HGA.

to the global optimum for small-scale networks. Besides, it
provides a superior solution compared with the full association
benchmarks for large-scale networks. We also highlighted
the critical roles of the satellite and APs in improving the
throughput of each user. Furthermore, the inclusion of power
control strategies into the proposed framework enables more
flexible resource allocation, which significantly boosts system
performance under varying user demands and channel condi-
tions.

APPENDIX

A. Proof of Theorem|]]

The closed-form expression of the desired signal gain is
N N
E{oxk} = @B b} + ) GkE{&) 8}
(@ r N A
& GBIy + > axB{lanl’}

®) -~ i ~ N
= @l + pKaxtr (R Wi R) + an] Onk

(36)

where (a) is obtained by the independence of the channel
estimate and its estimation error from user k to the satellite
and APs. Meanwhile, (b) is obtained by the channel statistics
in Lemma [T} Consequently, the numerator of (T4) is

pilBl{ok})? =

il + pRar(RER) +ax 3 on

(37)

The first term in the denominator of (T4) is reformulated as

K K
Zk,zl prB{low [’} = Zk’:l,k/;tk prB{loxw [} +pkE{loxc|*}.

(38)
Each expectation of the mutual interference in (38) is com-
puted for k # k’ as follows

N N
Eflor [’} = @ B{R e 7} + aw Y| Bllgnkgne’} =

_ _ N
(R R Wi Ry ) + @ Ry W Rihy + g anl OnkBnk’»
(39)

where the first expectation on the right-hand side of (39) is
computed in closed form by decomposing the space link into
the LoS and NLoS components. The second expectation on
the right-hand side of (39) is obtained by the independence of
the channel estimate and the estimation error. For kK’ = k, the
second expectation on the right-hand side of (38) is driven as

N N 2
E{loxk} = B Il +hffex + > 12l + " 20 pem
n=1

n=1

. . N 2
=E{||hk||4}+E{|h£ek|2}+E{|Zn_, &P }

i {‘ZnN-l 8nienk 2} + 28 { e »r gul?}, (0)

where the remaining expectations in the last equation of (@0)
are disappeared since the zero mean of the additive noise. The
first expectation in the last equation of (@0) is computed as

~ _ 2
B{fl1*) = (@Bl + 2pKaiutr (R ¥eRo) )+

ZpK@kl_llek\PkRkl_lk + szZ@ktI‘ (Rk‘PkRkRk\PkRk) ,
(41)
which is obtained based on the channel estimate in (3) and

the Boolean property Eyi = @ .The second expectation in the
last equation of (@0) is computed as

E{lflfek|2} = &kl_lkHRkl_lk - pK&kl_lng\PkRkBk+
pKatr (R R Wi Ry) — p*Kaptr (R YRRy ¥Ry )
(42)
where the channel estimate is given in (3) and the channel
estimation error together with its statistics are defined in

Lemma [T} The third expectation in the last equation of (#0)
is computed as

N o o N o, N 2
E {‘Zn_] Ignkl ‘ } = Zn:] an + (Zn:l an) ’ (43)

where the channel estimate §,; is defined in (EI) and its
variance given in (@). The fourth expectation in the last
equation of @0) is computed as

N %
E {‘Zn:l 8nk€nk

2 N
} = ok Bk = on),  (44)
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which is based on the independence of g, and e, Vn, k. The
last expectation in the last equation of is computed as

A N
B{IBel? ), 18uil} =
_ N
(PRt RER) + axllBel?) D" one (45)

thanks to the independent of the space and ground channels.
Substituting, @I)-@3) into (@0), obtaining the closed-form
expression

_ 2
B{lokl?} = (/B + pKactr (R ¥Ry +
ZPK&kﬁg‘I’kl_lk + szszkktr(Rk‘PkRkRk‘PkRk), (46)

after some algebra. The other expectations are computed in a
similar manner and we obtain the result as in the theorem.

B. Useful Definition and Lemmas of Theorem

Definition 1 ( [27], [28]). In the initial stage, we shall
introduce essential notations and definitions used for the proof.
Let us consider a population space denoted by X, and X*
represent a collection of all the optimal solutions. We define a
Markov chain as a sequence {{;};2, where each {; is a state
at time instance t (t = 0,1,...). The notation u; denotes the
probability of {; belonging to X*, which is

M = erx* Pr({; = x),

where Pr(-) is the probability of an event. We note that {;}7°,
is said to converge to X if lim,_,o, pt; = 1 and the convergence
rate is measured by 1 — u; at time instance t. In this paper,
absorbing the Markov chain will be utilized to model the
procedure that obtain a solution to problem due to its
desirable theoretical attributes and their feasibility in practical
applications. We recall that {{;}}2, is an absorbing chain if
Vit €{0,1,...} : Pr({s41 € X* | & € X*) = 0. Let’s introduce
a random variable T representing the events

(47)

T:O;é’OGX*andT=l‘:§,GX*/\Q',‘%X*

(Vie{0,1,....t—1}),Vt > 1. (48)

The expectation E{t}, is called the expected first hitting time
of the above Markov chain.

Lemma 3 ( [29]). Given an absorbing Markov chain {{;}7°,,
with {; € X and a target subspace X* C X, if two sequences
{Ar}72, and {B.}}2, satisfy

[ (1-4n=o
Biz) Pl eX |4=x)

(49)

Z At7

P({ =x)
e 0

t

then the Markov chain converges to X* and the convergence
rate (1 — u;) is bounded by

(o) [ [y =4 2 1= = (o) [ |, (1-By). (51)

Lemma 4 ( [29]). Let m and n represent two discrete random
variables that take on non-negative integer values with the

finite expectations. We denote F,(-) and F,(-) their respective
cumulative distribution functions

Fo(f) =Pr(m < 1) = ZZ_O Pr(m = i),
i-
Fo(t)=Pr(n < 1) = ZH) Pr(n =i).
If F,,(t) = F,(t)(Vt =0, 1,...), then the expectations satisfy

(52)
(53)

E{m} < E{n}, (54)
with BE{u} = 3, tPr(u = t),E{v} = 3, tPr(v = 1).
C. Proof of Theorem 2]
By utilizing Lemma 3] with (50), one obtains
-1
T—p < (=po) [ ], (1= 40 (55)

Note that u, expresses the distribution of 7, i.e., u, = F(t),
we can get the lower bound of F(7) as

F(t) > Ho, | t=0,
1= (1=po) [Ty 1-A), 121

Let’s denote a virtual random variable n with its cumulative
distribution function equal the lower bound of F.(¢). After
that, the expectation of 7 is

E{n} = O0uo + 1 (1 — (1= Ag) (1 — o) — po) +
S [ =A== [ ], (1-4)
= (Ao Y A T (1= 40) (1= ).

(57

Since D () = D,(t), according to Lemma 4] E{r} < E{n}.
Thus, the upper bound of the expected first hitting time is

Blr} < (do+ > oAt [ [ (1= 40) (1 - o). (58)

We have assumed that Algorithm [2| begins with a non-optimal
solution, which implies po = 0. In a similar manner, the lower
bound of the expected first hitting time can be derived as

Bir} > (Bo+ Y B [ o (1= B)) (1= o). (59)

By mutation, the max probability of a solution being mutated
to be the optimal solution is p,,(1 — p,,)?>X~!. Consequently,
the maximum probability of a mutated population to become
an optimal population is 1 — (1 = p,,(1 = p,)**~1)?K . Due to
the fact that

Pr({u € X[ & =x) < 1= (1= pum(1 = pu)* " H*, (60)

(56)

we obtain the following upper bound

E Pr(¢, =
XX+ Pr({n+1 eXx* | é} ZX)Tg_—lhx)
— Pr({t :x)
1= (1= pp(1 = p,,)2K-1)2K
SZMJ (1= pm(1 = pm) Z) 1:(15_#[) (61)
= (1= (1= pyu(1 = pyy)2K-1)2K) Zxex TRE 20
_(1 (1 pm(l pm) ) ) —

(a) _
¥ 1= (1= pm(1 - pu)*H*,
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where (a) is obtained by the definition u; = 3, ¢ x+ Pr({; = x)
as shown in Definition (I} Hence, 1 — u; = 3 ¢x- Pr({; = x).
Let B, = 2Kp,(1 - p;y)?%~! and by utilizing (59), we obtain

B S =2 11 1 \E!
{T}ZBU"'Zt:ztBt—l]—[i:O( —Bi)—;p—m m

1= -2K
Sl ) = :) . (62)
In

as
D.

fact, p,, is predetermined and therefore, E{7} is obtained
in the theorem.

Proof of Theorem [3]

We extend Theorem (2) by modeling HGA as a Markov
chain over the hybrid state space. Each solution is a vector
vy = (¢,€), where i) ¢ € {0,1}?X (binary associations), if)
& € {0, %, %, ..., 1}X (discretized power levels). The entire
state space has size 22X x (L + 1)K Let analysis the mutation
probability: 1. Probability of binary-mutating to the optimal
¢* is <1 - (1 - p,,)* (as in Theorem . 2. Probability of
Real-mutating to the optimal £* is < 1 — (1 — 1,,)X, where
N is the minimal probability to jump to a specific discretized
level. Real-valued power variables &, are discretized into L
levels (e.g., fixed-point precision). Then, the minimal mutation
probability to reach the optimal discretized power level is 1, =
®(1/L). In worst-case transition probability, the probability
to generate the optimal solution from any suboptimal state is

bounded below by Pr(phybria) < 1= (1 = p)*® x (1 = n,)% .
——— —

binary real
Using the same Markov chain absorption and framework as

(61) and (39), the EFHT satisfies
1
(1= pm)?K (1 =nm)X|SI)

Accounting for |S| = ©(K) (as in Theorem [2), we obtain the
bound E{7} > &(1 = p,y) " 2K(1 = n,,) KK~

E{r} > Q (63)
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