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Abstract—There is a strong interest in utilizing commercial
cellular networks to support unmanned aerial vehicles (UAVs)
to send control commands and communicate heavy traffic.
Cellular networks are well suited for offering reliable and
secure connections to the UAVs as well as facilitating traffic
management systems to enhance safe operation. However, for the
full-scale integration of UAVs that perform critical and high-risk
tasks, more advanced solutions are required to improve wireless
connectivity in mobile networks. In this context, integrated
access and backhaul (IAB) is an attractive approach for the
UAVs to enhance connectivity and traffic forwarding. In this
paper, we study a novel approach to dynamic associations based
on reinforcement learning at the edge of the network and
compare it to alternative association algorithms. Considering the
average data rate, our results indicate that the reinforcement
learning methods improve the achievable data rate. The optimal
parameters of the introduced algorithm are highly sensitive to
the donor next generation node base (DgNB) and UAV IAB node
densities, and need to be identified beforehand or estimated via
a stateful search. However, its performance nearly converges to
that of the ideal scheme with a full knowledge of the data rates
in dense deployments of DgNBs.

I. I NTRODUCTION
The unmanned aerial vehicles (UAVs), known as drones, are
becoming popular across numerous applications. The recent
forecasts indicate that the UAV market will grow tenfold to
$40 billion over the coming years [1]. Prominent UAV applications include newsgathering (photography and videography),
inspection, delivery, and various industrial applications.
The telecom sector is also interested in leveraging UAVs [2].
They are inherently mobile and thus highly dependent on wireless connectivity to support their communication needs. These
include authentication, authorization, control communication
for UAVs operation, and payload data transmission of the
applications onboard the UAVs (e.g., high bandwidth video
streaming). Mobile networks can provide flexible communication means to support various UAV use cases from low
latency to high bandwidth scenarios [3]. Further, emerging
fifth generation (5G) networks will empower UAV connectivity by introducing ultra-reliable low-latency communications
(URLLC). However, specific enhancements should be made
to optimize UAV connectivity with 5G and beyond cellular
systems to improve performance, agility, and flexibility while
maintaining adequate performance for ground users [4].
As interest in UAVs increases, the standardization community and telecom industry are attempting to improve the

support for UAVs. There have been standardization works in
3GPP that enhance wireless capabilities of UAVs via cellular
systems. In this context, [5] reviews the UAV functionality as
well as defines potential new service-level requirements related
to the payload and the operation of radio access nodes onboard
UAVs.
Another area of interest for the leveraging of UAVs is
aerial relays. In such deployments, UAVs employ wireless
backhauling that is initially supported by 5G networks and act
as intermediate nodes for integrated access and backhaul (IAB)
operation. By utilizing UAVs as IAB nodes, named in this
work UAV IAB nodes, significant enhancements can be made
to the connectivity, coverage, and capacity of wireless networks [6]–[9]. Further, due to their mobility, UAVs operating
as IAB nodes can optimize the number of hops and enhance
the topology flexibility [10]. The 3GPP finalized the Study
Item on IAB [11], where the feasibility of IAB over 5G
infrastructure was justified. Additionally, this study identified
and evaluated potential solutions for the efficient operation of
the target system for the frequencies of up to 100 GHz. IAB is
currently being standardized for 3GPP Rel-16 with expected
completion by Q1 2020.
The research works on wireless backhauling proliferated recently. The study in [12] discussed millimeterwave (mmWave) access and backhaul features and capabilities.
In particular, the authors analyzed the requirements and implementation challenges of mmWave systems. They concluded
that mmWave networks are more effective compared to the
current cellular technologies. The authors in [13] compared
mmWave-based IAB deployments with existing architectures.
They summarized the 3GPP standardization activities on IAB
and estimated the performance of IAB networks for various
applications and data traffic types. In [14], the authors investigated traffic forwarding strategies in mmWave-capable
IAB systems. They compared the performance of various
path selection schemes for efficient communications. The
performance of UAV access was evaluated analytically in [15],
[16] by showing that the usage of mmWave technology allows
achieving an extremely high density of supported UAVs.
One of the most critical challenges in performance optimization of aerial networks is that the environment may be varying
continuously, i.e., the available association points change over
time as UAVs travel over the area of interest. On the other
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Fig. 1. Usage of UAV IAB nodes for data traffic offloading.

hand, most of the modern optimization techniques, including
machine learning approaches, have primarily been developed
for a stationary “fully explorable” environment, wherein an
algorithm may learn sufficiently over a limited time. In this
paper, we tailor the reinforcement learning methods to the
case of a constantly changing environment. We then proceed
to investigate its performance by comparing them with a set of
semi- and fully-dynamic approaches. The main contributions
of this work are:
• we show that in the noise-limited regime, i.e., where
extremely directional antennas are employed at the access and backhaul interfaces, a straightforward scheme
based on the Reference Signal Receive Power (RSRP)
measurements of the access links provides near-optimal
performance;
• we compare the proposed algorithms and demonstrate
that the reinforcement learning approach allows improving the performance by approximately 50% across the
wide range of donor next generation node base (DgNB),
connected to a core network through a wired interface,
and UAV IAB node densities;
• we demonstrate that the optimal exploration rate ǫ in
reinforcement learning, which is involved in deciding
upon the trade-off between exploiting and exploring, is
sensitive to the density of DgNBs and UAV IAB nodes
and has to be adjusted online.
The rest of this paper is organized as follows. In Section II,
we introduce our system model. Next, we present association
schemes and detail our performance evaluation campaign in
Section III. Numerical results are reported in Section IV.
Conclusions are drawn in the last section.
II. S YSTEM M ODEL
In this section, we introduce our system model by specifying
components including the deployment, propagation, antenna

UE
Fig. 2. Illustration of route selection for the target UAV.

design, associations, and resource allocation. We also define
the metric of interest.

A. Deployment Considerations
We consider a square geographical area with width w. We
assume that the area is covered by terrestrial DgNBs that have
wired fiber backhaul connectivity with the core network and
operate in 28 GHz band over the channel bandwidth of W
(Fig. 1). Additionally, the considered scenario encompasses
mmWave-capable IAB nodes, i.e., the moving UAVs that may
be leveraged as relays for the data transmission. They maintain
wireless connections with DgNBs and other UAVs acting as
user equipment (UE). We assume that the backhaul links from
UAV IAB nodes to DgNBs and the fronthaul links from UAVs
to UAV IAB nodes are mmWave.
In our model, we concentrate on one target UAV entering the
area of interest. We expect that this UAV is used in a critical
high data rate service, where it needs to continuously transmit
data traffic and thus be associated with the core network. For
example, this may be a surveillance UAV that captures a highresolution video and streams it over the cellular infrastructure.
Therefore, it generates heavy data traffic and requires high
throughput for the transmission. For the sake of exposition,
we assume that the target UAV enters from a corner of the
area and moves in a diagonal direction.
In the considered deployment area, the flying altitude hU
and the speed of the UAVs vU are constant, and the UAVs
travel solely in the horizontal plane. We also require that the
UAV altitude exceeds the DgNB height hD . The process of
UAVs entering the area is assumed to be homogeneous Poisson
with the intensity of λ. A fraction of UAVs is expected to act
as the UAV IAB nodes by advertising this capability over the
air interface according to [11].

B. Propagation and Antenna Modeling
To characterize the mmWave propagation, we utilize the
3GPP urban macro (UMa) model [17]. Accordingly, the path
loss measured in dB is given by
P L(fc , d) = 28.0 + 22 log10 d + 20 log10 fc ,

(1)

where d is the 3D distance, fc is the carrier frequency in GHz.
To model antenna array systems, we employ planar uniform
rectangular antenna arrays with NV × NH elements [18]. The
efficiency of the antenna array depends on the element spacing
and their weights, and is described by the Hadamard product as
f = V W , where V is the phase shift due to array placement
W
and W is the weighting factor. The phase shift V is
V = [v1,1 , . . . , v1,NV , . . . , vNH ,1 , . . . , vNH ,NV ]T ,

(2)

where vm,n are the steering matrix components


dH
dV
vm,n = ei2π (n−1) λ cos(θ)+(m−1) λ sin(θ) sin(φ) ,

(3)

W = [w1,1 , . . . , w1,NV , . . . , wNH ,1 , . . . , wNH ,NV ]T ,

(4)

where θ ∈ (0, π) is the elevation angle, φ ∈ (−π, π) is the
azimuth angle, dV and dH are the element spacing along yaxis and z-axis, respectively, and λ is the wavelength.
The weighting factor W is provided by

where wm,n are the weighting components
 (n−1)d

V sin(θ )− (m−1)dH cos(θ ) sin(φ )
et
et
es
λ
λ
ei2π
√
,
wm,n =
NH N V

(5)

where θet is the electrical down-tilt steering and φes is the
electrical horizontal steering. The weighting factor can provide
control of side lobe levels as well as perform horizontal and
vertical steering. Its phase is dependent on the required steering angles and the element spacing. In our implementation, it
is also assumed that the amplitude of the weighting vector is
identical for each radiation element.
Overall, the composite array radiation pattern in dB is
AA (θ, φ) = AE (θ, φ)+
NV
NH X
h
 X
wm,n vm,n
+ 10 log10 1 + ρ
m=1 n=1

2

i
−1 ,

(6)

where AE (θ, φ) is a single element radiation pattern, ρ is the
correlation coefficient between the patterns of elements.
C. Traffic, Associations, and Resource Allocation
In our study, we concentrate on a single UAV that travels
across the area of interest. We assume the full-buffer traffic
model, where the UAV always has data to transmit, i.e, it occupies the entire set of provided resources. Furthermore, along
with its flight through the area, UAV is allowed to associate
either with UAV IAB nodes or with DgNBs according to the
association schemes introduced in Section III.
To reflect realistic deployment conditions, we assume that
the fixed amount of bandwidth, W , is available to the overall

system. This bandwidth is then divided between DgNBs
access, IAB backhaul, and IAB access links as follows. We
expect that terrestrial UEs receive a higher priority in service
and occupy Y (t) share of the resources, where t is the time
step. The remaining set of the resources is divided equally
between the backhaul links of UAV IAB nodes that are
currently associated with DgNB. Here, with each UAV IAB
node receives (W − Y (t))/N (t), where N (t) is the number
of currently associated UAV IAB nodes. The same set of
resources is available at UAV IAB nodes to the target UAV
interface, i.e, the resources are used for both backhaul and
access links. We require that a UAV IAB node is able to
support at most one UAV. Therefore, if the current UAV
IAB node is associated with one UAV, the latter receives
exactly (W − Y (t))/N (t) share of bandwidth. Note that
there might be interference between different entities in the
system as DgNBs do not perform explicit coordination in their
bandwidth allocations. We explicitly take it into account as
discussed in Section III.
To capture the resource utilization at DgNBs by terrestrial
UEs, we model the current amount of occupied resources
at DgNBs by using the covariance-stationary autoregressive
process of order 1, AR(1), {Y (t), t = 0, 1, . . . }. Recall that
this process is defined by [19] as
Y (t) = φ0 + φ1 Y (t − 1) + ǫ(t), t = 0, 1, . . . ,

(7)

where φ0 and φ1 are constants, {ǫ(t), t = 0, 1, . . . } are independent and identically distributed (i.i.d.) random variables
having zero-mean Normal distribution with variance σǫ2 .
The parameters of AR(1) models are given as in [20]


φ1 = KX (1),
(8)
φ0 = µX (1 − φ1 ),

 2
2
(1 − φ21 ),
σǫ = σX

2
where KX (1), µX , and σX
are lag-1 autocorrelation coefficients, mean, and variance of the amount of the occupied
resources, respectively.
As one may observe, the proposed DgNBs loading model
is straightforward and allows to account for gradual changes
in the expected load generated by the terrestrial UEs. It also
allows to abstract the amount of resources occupied by the
terrestrial UEs at the access mechanism of DgNBs, while
simplifying our evaluation methodology.

D. Metric of Interest
In this paper, we concentrate on the ergodic achievable
capacity of the target UAV. Let R(t) be the instantaneous data
rate provided to it. The metric of interest is then defined as
R = lim R(t),
t→∞

(9)

where the instantaneous data rate, R(t), is calculated as
R(t) = B(t) log(1 + S(t)),

(10)

where B(t) is a share of bandwidth available for UAV
IAB node and S(t) is the signal-to-interference-plus-noise
ratio (SINR).

III. A LGORITHMS AND S IMULATIONS
In this section, we first propose the association algorithms
for the UAV connectivity. Then, we proceed to specify details
of the simulation environment and performance assessment
procedures.
A. Association Algorithms
Owning to the inherently dynamic nature of the considered environment, we introduce and assess several association
schemes, including semi-dynamic and fully-dynamic ones,
having different types of information taken into account.
1) Ideal Case: This scheme is a theoretical abstraction of
the ideal association rules that maximizes the instantaneous
data rate of the UAV at all times by assuming perfect knowledge of the system state. Accordingly, UAV chooses the best
association point among associated nodes at any given instant
of time. We focus on access link selection, assuming fixed
backhaul topology formation. In practice, this scheme can be
facilitated by providing the following timely knowledge to
the target UAV: (i) channel quality of backhaul and access
links, (ii) current amount of resources available at the backhaul
and access links, and (iii) bandwidth of DgNBs. Having these
parameters, for any given time instant t, the target UAV may
determine an association point that maximizes its ergodic rate.
2) RSRP-based Associations: In this case, the decision on
the choice of an association point is taken based on the RSRP
measurements of the UAV’s access links to either DgNBs
or UAV IAB nodes. Note that in this scheme, the UAV
does not account for the backhaul links nor for the set of
resources available at DgNBs or UAV IAB nodes. This scheme
represents a naive approach, where the target UAV attempts to
maintain the quality of its access link, by making selections
solely based on RSRP.
3) Classification-based Associations: This strategy employs multiple steps to perform node selection. The goal
is to permit the UAV to select the nodes, which may potentially be better in terms of the instantaneous data rate
while having worse RSRP. In this approach, upon entering
the area of interest, the target UAV assesses the detected
UAV IAB connectivity options and DgNBs to perform their
classification. To rank the nodes, the density-based spatial
clustering of applications with noise (DBSCAN) algorithm is
employed [21]. It is a density-based non-parametric clustering
algorithm, which groups together the points that are packed
closely and marks as outliers the points that lie alone in lowdensity regions. At the next step, the UAV chooses a random
UAV IAB node or DgNB from the best group, where it is
determined by an arithmetic average of the RSRP values of
each node of the group. In addition, when a new UAV IAB
node/DgNB appears or leaves the operating area of the target
UAV, the classification and selection procedure is repeated.
Therefore, as one may observe, the algorithm is semi-dynamic
in nature, and reevaluates the connectivity options solely at the
connectivity changing time steps.

4) ǫ-greedy: This approach introduces a dynamic reinforcement learning based method. Reinforcement learning is a
computational approach and one of the three basic machine
learning principles, alongside with supervised learning and
unsupervised learning. It is different from other methods by its
emphasis on learning by an agent from direct interactions with
its surrounding environment. In particular, this approach does
not require supervision or detailed models of the environment.
In this work, we employ the multi-armed bandit (MAB)
learning scheme [22]. It is named by its similarity to a slot
machine, or “one-armed bandit,” except that it has several
levers instead of one. The goal of the method is to maximize
the aggregated reward via repeated learning iterations.
The main challenge of the problem at hand is to strike
a balance between sufficient exploration of the environment
and exploitation of the optimal action. In this scheme, to find
an association point, we leverage a conventional approach
to balance the exploitation-exploration trade-off, named ǫgreedy algorithm. Particularly, the best node is selected for
the proportion 1 − ǫ of the trials, and a node is selected at
random for the proportion ǫ. The estimated value of action
a at time step t is calculated according to the experience by
averaging the corresponding rewards Rt associated with the
target action
Pt−1
i=1 Ri · 1Ai =a
,
(11)
Qt (a) = P
t−1
i=1

1Ai =a

where 1 is a binary indicator function.
5) Upper Confidence Bound (UCB): The ǫ-greedy solution
indiscriminately selects actions without preference among
those that are nearly greedy or particularly uncertain. To avoid
such inefficient exploration, we follow the UCB approach,
where the target UAV favors exploration of actions with
a strong potential to reach the optimal value. Actions are
selected by taking into account both how close their estimates
are to the maximum and the uncertainties in those estimates
as provided by
s


ln t
,
(12)
At = arg max Qt (a) + c
Nt (a)
a

where c > 0 controls the degree of exploration and Nt (a)
denotes the number of times that action a has been selected
prior to time t.
B. Simulation Environment
1) Implementation: We implemented the proposed system
using our dedicated simulation environment that captures the
details of the system model specified in Section II. The
simulation engine is based on the discrete-event method [23]
and is written in Python with multi-threaded implementation
for parallel execution.
We capture the effects of interference and time-dynamics
as the two most critical aspects of the implemented modeler.
Since the system operates with the shared bandwidth for
DgNBs and UAV IAB nodes, the simulation environment

M
X
ki PTi GT,i (α, β)GR (α, β)
,
I=
102 log10 fc +2.2 log10 d+2.8
i=1

1.0

31.9 Mbps

0.8

0.6
CDF

explicitly recreates interference between these interfaces with
the help of the radiation patterns detailed in Section II by
accounting for the orientation of active transmissions. When
there are M links, each using ki , i = 1, 2, . . . , M , fraction of
radio resources that is currently assigned to the target UAV,
the overall interference is computed as

0.4

(13)

where PTi is the transmit power, GT,i (α, β) is the transmit
gain of interferer i towards the target UAV, GR (α, β) is the
receive gain of the target UAV towards interferer i, and ki is
the bandwidth sharing coefficient. The denominator is the path
loss value in linear scale as specified in (1).
The antenna alignment between the target UAV and the
currently serving DgNB or UAV IAB node is assumed to be
ideal owing to the periodic beamforming procedure. Further,
the SINR and Shannon capacity are computed to obtain the
instantaneous data rate. In the simulation model, the time
discretization step is set independently of the UAV speed
and is taken as 1 ms that corresponds to the standard New
Radio (NR) frame duration. The initial share of radio resources
utilized by the terrestrial UEs at DgNBs is set to be randomly
and uniformly distributed in (0, 1).
2) Data Collection and Analysis: To apply standard statistical methods and ensure that the obtained samples contain
i.i.d. observations, we employed a combination of sampling
and data aggregation techniques. Particularly, to gather the
simulation data, we sampled the state of the system every
100 seconds of simulation time. Further, we applied the batch
means data aggregation technique to remove the remaining
residual correlation in the data [24]. The results were tested
using the Ljung-Box portmanteau test for residual correlations [25]. As a result, the data that passed the test was used
for calculating the metric of interest.
To demonstrate accurate point estimates of the sought
metrics, we employed our simulation procedure with a given
accuracy. Accordingly, we did not initially limit the sample
size thus performing in-simulation assessment of accuracy by
using the interval estimates [26]. The target accuracy was set
to x ± 0.05x, where x is the point estimate. To achieve this
type of results in a limited deployment size, we considered a
long simulation run that repeats the passing of the target UAV
through the area on interest. This procedure leads to the point
estimates in the next section.
IV. N UMERICAL R ESULTS
In this section, we evaluate the performance of the discussed schemes. We start by highlighting the importance of
interference for the considered scenario and then proceed with
evaluating the considered association algorithms. The default
system parameters are provided in Table I.
A. Effect of Interference
We begin our analysis by assessing the effect of interference
on the performance of the considered system. Fig. 3 illustrates
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Fig. 3. CDF of instantaneous data rate of the target UAV.

the ergodic data rates for the ideal and RSRP-based schemes
under the density of DgNBs ζ = 0.0005 node/m2 , density of
UAV IAB nodes λ = 0.001 node/m2 , UAV speed of v = 10
m/s, mean DgNB load by terrestrial users µY = 0.5. First,
even in the presence of directional antennas at all the radio
interfaces, the effect of interference is not negligible as the
mean data rate for the ideal scheme decreases from 230 down
to 197 Mbps. Another key observation is that the RSRPbased scheme displays results that are fairly close to those
of the ideal scheme as the maximum deviation between the
observed data rates is around 7 Mbps. These two conclusions
hold across a wide range of system parameters. Recalling the
results of [27], we may conclude that for extremely directional
antennas, the naive RSRP-based scheme may prove to be
sufficient for the data rate optimization at the UAV access
interface.
Further, analyzing the results in Fig. 3, one may observe
that for today’s realistic antenna arrays, there is a large
gap totalling up to 32 Mbps that can be explored by using
more comprehensive algorithms. For different values of system
parameters, it varies from 15% to approximately 30% of the
data rate achieved with the ideal scheme. We now proceed by
assessing whether the considered algorithms allow bridging
this gap by exploiting the knowledge of dynamically changing
instantaneous data rates with UAV IAB nodes.

TABLE I
D EFAULT SYSTEM PARAMETERS .
Parameter
w
W
fc
NV × NH
ρ
hU
vU
hD
ζ
λ
PT X

Value
200 m
400 MHz
28 GHz
4×4
1
30 m
10 m/s
20 m
0.0005 node/m2
0.001 node/m2
24 dBm

Description
Deployment area
Bandwidth of mmWave DgNB
mmWave carrier frequency
Antenna array size
Correlation coefficient
UAV altitude
UAV velocity
DgNB height
Density of DgNBs
Density of UAV IAB nodes
Transmit power

34.09 Mbps
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Fig. 4. Average data rate as a function of ǫ.

We continue by analyzing the performance of the alternative
association algorithms in Fig. 4, which illustrates the mean
achievable data rate as a function of the coefficient ǫ for
several values of DgNBs and UAV IAB nodes densities. First,
observe that the maximum feasible data rate obtained by using
the scheme with the full knowledge of the instantaneous rate
varies drastically as a function of DgNBs and UAV IAB nodes
densities. Similar fluctuations are observed for the RSRPbased scheme. However, the gap between these schemes is
relatively similar and remains within 24 to 35 Mbps.
Analyzing the data presented in Fig. 4, we may infer that
the optimal value of ǫ is insensitive to the density of DgNBs
and UAV IAB nodes. Indeed, as one may see for ζ = 0.00005
m−2 and λ = 0.005 m−2 , the optimal value is 0.09, while
for the drastically different densities of ζ = 0.00001 m−2
and λ = 0.005 m−2 , the optimal value is 0.08. Given these
results, the proposed reinforcement learning algorithm allows
exploiting up to 50% of the gap between the naive RSRPbased method and the ideal scheme with the full knowledge
of the connectivity options.
However, an unguided choice of ǫ may lead to severe
performance degradation in terms of the mean achievable data
rate. First, when ǫ increases from 0 up, the achievable data rate
grows quickly towards its optimal value. Any further increase
in ǫ leads to a slow degradation of the achievable data rate
and eventually yields to a smaller data rate than in the case of
the RSRP-based scheme. Therefore, the value of ǫ has been
updated online, where the initial values can be selected within
the range of 0.07 to 0.09. Similar conclusions hold for other
system parameters.
To provide a direct comparison between all of the considered algorithms and study their response to a wider range
of systems parameters, we illustrate the mean achievable
data rate as a function of the density of DgNBs in Fig. 5
for the fixed density of UAV IAB nodes set to λ = 0.005
m−2 and the optimal values of ǫ. We see that the mean
achievable data rate increases exponentially, as the density of
DgNBs in the area grows for all the alternative algorithms.
As we observed in Fig. 4, the gap between the ideal and the
RSRP-based schemes remains similar for all the densities of

DgNBs. Proceeding with the analysis of data rate optimization
algorithms, we learn that the semi-static classification-based
scheme that identifies the set of the best DgNBs and UAV
IAB nodes, performs similarly to the RSRP-based option at the
times of connectivity changes, which offers no further benefit.
Both reinforcement learning methods demonstrate significant
improvements over the RSRP-based scheme, with marginal
gain on top of the UCB approach for small values of the DgNB
density. Conversely, a higher density of DgNBs in the area
leads to a smaller gap between the considered reinforcement
learning algorithms and the ideal scheme.
Finally, we assess the response of all algorithms as a
function of the density of UAV IAB nodes in Fig. 6 for the
fixed density of DgNBs with ζ = 0.00005 m−2 and the optimal
values of ǫ. Here, one may observe that contrarily to Fig. 5,
the gap between the ideal scheme with full knowledge of the
instantaneous data rate and the naive RSRP-based approach
increases as the density of UAV IAB nodes grows. The
reason is that the higher density of UAV IAB nodes augments
interference on the backhaul links. Analyzing the performance
of the data rate optimization algorithms, the semi-dynamic
classification-based approach shows no improvement over the
naive RSRP-based option. Similarly to Fig. 5, both considered
reinforcement learning schemes display similar performance
and allow to bridge at least 50% of the available gap.
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V. C ONCLUSION
The utilization of UAVs as moving relays with the recently
introduced IAB feature is one of the promising ways to
improve the data rate and coverage performance of beyond-5G
systems. In our study, we account for the realistic deployment,
propagation, antenna, and resource allocation models, to introduce several data rate optimization algorithms. These include
semi- and fully-dynamic schemes, for which we investigate
the performance in inherently non-stationary dynamic UAVbased IAB systems having mmWave radio technology at both
IAB access and backhaul interfaces.
Our numerical results demonstrated that the considered
reinforcement learning approach allows bridging up to 50% of
the gap between the ideal scheme having the full knowledge
of the instantaneous data rates and the straightforward RSRPbased association algorithm. However, the performance of the
proposed solution heavily depends on the choice of its parameters, which is highly sensitive to the densities of DgNBs and
UAV IAB nodes. Therefore, the parameters of this algorithm
need to be provided in advance or learned online. Finally, we
observed that the said algorithm nearly achieves the optimal
data rate in dense DgNB deployments.
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