Towards using Deep Reinforcement Learning for
Connection Steering in Cellular UAVs

Hamed Hellaodi, Bin Yang', and Tarik Taleb?

ICommunications and Networking Department, Aalto University, Finland.
2University of Oulu, 90570 Oulu, Finland.
Email: f hamed.hellaoui, bin.1.yang, tarik.tatg@aalto.

Abstract—This paper investigates the fundamental connection service residing in an edge service nearby the base stations
steering issue in cellular-enabled Unmanned Aerial Vehicles (BSs) of the concerned MNOs. This service ensures seamless
(UAVs), whereby a UAV steers the cellular connection across ¢onnection to the internet by preserving one IP address if
multiple Mobile Network Operators (MNOSs) for ensuring en- teeri fi h Alth h OBU dule i
hanced Quality-of-Service (QoS). We rst formulate the issue as a §eer|ng opera 'On. appens. ) ough an s r_no u e.'S
an Optimization pr0b|em for m|n|m|z|ng the maximum outage belng 0r|g|na”y considered for vehicular Commun|cat|ons, this
probability. This is a nonlinear and nonconvex problem that principle can be also considered for UAVs. A crucial issue for
is generally dif cult to be solved. To this end, we propose a these OBU-equipped mobile UAVs is how to constantly select

new approach for solving the optimization problem based on anq connect to the right MNO for ensuring enhanced QoS and
Deep Reinforcement Learning (DRL), considering two important . .
accordingly steering the traf c.

reinforcement learning algorithms (i.e., Deep Q-Learning (DQN)
and Advantage Actor Critic (A2C)). Simulation results show
that under the proposed approach, the UAVs can make optimal
decisions to select the most suitable connection with MNOs for
achieving the minimization of the maximum outage probability.
Furthermore, the results also show that in our new approach,
the A2C-based algorithm is better than the DQN-based one,
especially when the number of MNOs increases, while the DQN-
based algorithm can be executed in a shorter time.

Index Terms—Unmanned Aerial Vehicles (UAVs), 5G, Beyond
5G, Mobile Networks, Connection Steering, and Deep Reinforce-
ment Learning.

Fig. 1: An OBU module can enable the connection to several
mobile networks at the same time.

Mobile networks have been advocated to be the commu-
nication infrastructure to support the challenging applications While the concept of traf ¢ steering among multiple MNOs
of Unmanned Aerial Vehicles (UAVs) [1]. Speci cally, UAVS, can enhance the QoS for cellular UAVSs, it comes with
which connect to cellular networks, have attracted increasiilgportant challenges. Effectively, the selection of MNOs is
attention from both military and civilian elds like remote of fundamental importance to achieve enhanced QoS. This
monitor, industrial detection, cargo delivery and remote serselection depends on different parameters and becomes more
ing. This is because cellular UAVs can provide distant commgemplex in case of a large scale network. Furthermore, given
nication services with high throughput, low delay and stronpe moving nature of UAVS, the traf c steering decision needs
security, and thus can satisfy various application requirements.be taken within a relatively short time. This underpins the
Accordingly, they have been envisioned as a critical compfscus of this paper, where we elaborate on enabling traf ¢
nent in the5" generation of mobile networks and beyond. steering for cellular UAVs in online use. To this end, we

The cellular UAVs could bring many new opportunitiesadvocate an approach based on Deep Reinforcement Learning
Particularly, the UAVs can exibly switch their connections(DRL). Recently, available works on DRL for cellular UAVs
with different network operators (MNOSs) within their coveragenainly focus on the studies of path planning and resource
range for routing the traf ¢, aiming to signi cantly improve management. However, to the best of the authors' knowledge,
the Quality-of-Services (Qo0S). Indeed, some new OBUs (One work has considered DRL for traf ¢ steering, particularly
Board Units), which are used to enable vehicular communida-the context of cellular UAVS.
tions to cellular networks, integrate the possibility to connect The rest of this paper is organized in the following fashion.
to several mobile networks at the same time. As illustratéfe review some related works on connection steering and
in Fig. 1, an OBU can support the simultaneous connectiorenforcement learning in Section Il. The considered system
to several mobile networks [2]. The trafc from the OBUmodel and the formulation of the problem are presented in
is rst directed, using one selected MNO, to a steerin§ection Ill. Thereafter, we introduce the proposed deep rein-
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forcement learning approach for traf ¢ steering in Section IV. Although the application of DRL for cellular UAVs is
Performance evaluations are provided in Section V. The paggtting more interest, their use for traf ¢ steering has not been

concludes in Section VI. investigated, and that is to the best of the authors' knowledge.
Such an application is very crucial, mainly to enable quick
1. RELATED WORK and online decisions for ying UAVs. In the next section, we

present the system model for traf ¢ steering in cellular UAVs
In the literature, some works considered the concept of cass well as the problem formulation.
nection steering to route the traf c between different network
functions [3], [4]. However, this principle is less studied for !!l- SYSTEMMODEL AND PROBLEM FORMULATION
the part between the connected devices and the serving BS4) System ModelWe consider a cellular network consist-
The work in [5] focused on LTE-connected vehicles. Thing of UAVs and BSs. BSs belong to different MNOs. We use
authors target enhancing the communication by anticipati@y U and V, to denote the sets of MNOs, UAVs and BSs,
QoS degradation and directing the traf c to different Radioespectively. We also denote 6y the set of sub-carrier used
Access Technologies (RAT). In [6], the authors considered thg the MNOo 2 O. As shown in Fig 2, each UAW 2 U has
problem of connection steering in cellular-enabled UAVs. Theeserving BS in each MNO, and can steer its communication to
proposed solution steers UAV communication to the mobilenly one selected MNO. We also consider the uplink scenario
network ensuring the best Radio Signal Strength Indicatand we use the termv, to denote the link between the UAV
(RSSI) quality. The work is analyzed by applying Discrete 2 U and the BSv, 2 V,, while the termtv, is used to
Time Markov Chain (DTMC) to evaluate the performance adenote the link between the interfering UAV2 U and the
the testbed results. However, while RSSI can be consideredhas serving BS/, 2 V,. The instantaneous received signal-to-
a good indicator for terrestrial communication, aerial communoise ratio (SNR) for the linkiv,, which is denoted by,
nication presents different characteristics imposing the revisioan be computed as
of such indicators. In [7], the authors proposed a coalitional P 2 N 1
game-based solution for traf ¢ steering in cellular UAVs. The Wo = TUuve TR0 @
goal is to form UAVs in coalitions around MNOs in a waywhereP, stands for the transmission power of UAY e
to enhance their QoS. However, the convergence of the ga@ehe fading coef cient andN, refers to the variance of a
takes time which makes such a solution more adequate $@ro-mean additive white Gaussian process. The instantaneous
of ine use (planning) rather than for online use. received signal-to-interference-plus-noise ratio (SINR) for the
Recently some studies have proposed the use of DRbk between a UAVU and the BSv, can be obtained as

for cellular UAVs, mainly for path planning and resource 56 u
management. Ir_1 [8], thg a_uthors proposed a DRL for ceI_IuIar SINRw, = w,=(1+ w,): )
UAVs. The goal is to optimize UAV path planning while taking
resource management into consideration by achieving a trade-
off between maximizing energy efciency and minimizing
both wireless latency and the interference. The authors in [9]
tackled the problem of UAV navigation in a way to have
the best UAV-ground link. The authors considered massive
multiple-input-multiple output (MIMO) and proposed a deep
Q-learning for selecting the optimal policy. In [10], the authors
considered the application of providing wireless charging for
UAVs deployed to collect data from sensor devices scattered
in the physical environment. A reinforcement learning based
approach is proposed to plan the route of a UAV, where the
problem is formulated as a Markov decision process and Q-
learning is used to nd the optimal policy. The authors in [11]
considered the problem of providing computation resources to
ground UE using Flying Mobile Edge Computing (F-MEC)

on top of UAVs. A reinforcement learning based algorithm iﬁig_ 2: System model (uplink): a UAV can connect to different

proposed to optimize the trajectory of the UAVs. In anothqiiNOs and steer the connection only via one selected MNO.
work [12], the authors focused on network aided UAVs, where

UAVs serve as aerial base stations for multiple ground usersWe consider a probabilistic model for the propagation
The trajectory design is investigated to maximize the expecteldannel which depends on the line-of-sight (LoS) condition
uplink sum rate with inaccessibility to user-side informatiol"l?l';\f’oS de ned in 3GPP [13]. The LoS situation results in better
such as locations and transmit power as well as chanweblnnel conditions for the UAV. The path loss expression,
parameters. The problem is formulated as a Markov decisiBriLy,, is therefore expressed in terms of this condition

process and is solved with model-free reinforcement learnirigtroduced in [13]. We also take into account the effect of
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the received actions. More precisely, a reward for a UAV
u is based orPlj’V“},( th ), wherev, is the served BS of the
selected MNO after executing the action. The system reward is
therefore de ned as' = (r{ . v, 2 [0; 1Y€ 1), where

¢ o= 1 P& (w); If U2 Uju= Wy,

fviies = 1; Otherwise.

13)

As we can see, the system reward is based on the outage
probabilities of UAVs according to their assignment order to
the rst MNO, as it is the case for the action.

B. Learning Process

In the proposed framework, we consider two important
reinforcement learning algorithms, namely Deep Q-Network
(DQN) and Advantage Actor-Critic (A2C). A DQN agent
relies on replaying experiences to ensure a stable learning. It
uses Q-values (which is the maximum expected reward) and
computes the temporal difference error based on the distance
between Q-targets (which is the maximum value that can be
captured from the next states) and the predicted Q-values. Two
networks are used in our implementation of the DQN agent,
namely Q-network and target network, to reduce the relevance
between choosing actions and training the model [16]. In A2C
algorithm, we consider two networks, i.e., the actor and critic
networks. The Actor observes the environment and selects a
given action by outputting a probability distribution across the
action space. After that, the Critic evaluates the quality of
the selected action regarding both the current state and the

in a way to accommodate the dynamic of the network, oext ;tate [1_7]. Furthermore, we use a.replay memory to store
effective decisions can be made when the number of UAZXPerience in our framework, which is implemented as part of
changes. In this regard, the number of MNOs, BSs, and sﬁgilage_nrt]‘ 1 _ he | . d di
carriers does not change frequently in practice. Taking this into gorithm 1 summarizes .t € learning process optg n
consideration, we de ne the functiomy, ., that returns the the proposed approach. This process is executed in episodes

UAV u being served by the MN® and assigned with the Sub_until reaching a maximum valug. This process is common
carrierc, from the BSv, 2 V4. At a time stept, the system for both DQN and A2C agents. At ea_ch episdgehe agent
gets the system statg from the environment. Thereafter,

Fig. 3: Architecture of the DRL framework.

_ (&l o OV oiiC o
ﬁst;ecan be de ned & = (Soy,c,)ovorco 2 R ' the agent selects an acti@. This action is chosen based
) on the Q-network in the case of DQN agent, and based on
s, o = A_UVo * Buv,; I 9U2Uju= wygeo); the Actor network in the case of A2C agent. After executing
mere 0 Otherwise. the selected action, the agent gets the immediate reward
(12)  and the new state'*! . This allows to construct the transition

As it can be seen, a system state is based on the mean SNRa‘;r';s'*!) and store it in the replay memory. Finally, the

from each UAV to the serving BS of the selected MNO.  agent takes samples from the replay memory and learns from
2) Action Space:After receiving a state, optimal selection

of the target _MNOs needs to be performed. The actiqyorithm 1 DRL algorithm,

therefore consists of the target MNOs to be selected by eaeh—

UAV and is de ned asa' = (&l )v,.c, 2 OVHIC 1, The MMPUL Agent (DQN or A2C)

actions are also applied to the UAVs in their assignment orde} fOr episodet =1 to E do

to the rst MNO. This allows to make a mapping between the® Otbserve the stats' .

captured state and the taken action, in terms of the order g a= Agent.geletcjactlon(s)

the UAVs. This order will also be considered for the system®  EXecute actlorat

reward as detailed in what follows. 5. Get the reward "
3) System RewardThe goal is to select for each UAV 6:  Observe the state ettt

the best MNO ensuring the enhanced QoS in the networ: Agentpushreplay memorys';a’;rt;s™")

The system reward is therefore de ned by considering theé® Agent.learn()

outage probabilities achieved by the UAVs after executing(a: end for




(a) Outage probability (Two MNOS) (b) Outage probability (Three MNOSs) (c) Outage probability (Four MNQOs)
Fig. 4: Evaluation of the average reward and outage probabilities for DQN agent.

(a) Outage probability (Two MNOSs) (b) Outage probability (Three MNOSs) (c) Outage probability (Four MNQOs)
Fig. 5: Evaluation of the average reward and outage probabilities for A2C agent.

it. This is translated into updating the Q-network in the caswange color (the more light color in black-and-white printed
of DQN agent, and both Actor and Critic networks in the caderm) in Figs. 4 and 5).

of A2C agent. As we can see, both agents are able to learn optimal

solutions in selecting the MNOs to be used to steer the
V. PERFORMANCEEVALUATION connection for UAVs. The obtained results show that the
agents are able to increase the reward function, which is
In this section, we provide the performance evaluation @fanslated into reduced outage probabilities as shown in Figs. 4
the proposed reinforcement learning approach. The simulatiad 5 (note that the reward function is the inverse of the
environment is implemented using python. We consideredoatage probability, as provided in Equation (13)). Furthermore,
carrier frequencyf . of 2 GHz, a noise varianchlp of 130 the achieved reward increases with the number of considered
dBm [18], and a Nakamai parameter = 2. Furthermore, MNOs. This observation is valid for the two agents. Indeed,
in order to reduce the action space we limit detected area fae more MNOs are available, the more choices are present
UAVs to a region of500m 500m and of 4 BSs and 20 UAVs to distribute the MNOs on the UAVs in a way to achieve
in total. As for the DNN, we used Pytorch 1.7.1 [19]. For thenore enhanced spectral ef ciency. The evaluation also shows
hyper-parameters, we considered a learning rate of 0.003 fleat A2C agent achieves better results compared to DQN
the two agents. agent, especially when the number of MNOs increases. Indeed,
We evaluated the proposed DRL-based approach for trafiecreasing the number of MNOs is translated into increasing
steering considering DQN and A2C algorithms in terms dhe action space. In this regard, the A2C agent demonstrates
the achieved outage probabilities. The obtained results deeffectiveness in supporting a large action space compared
respectively depicted in Fig. 4 and Fig. 5. These evaluatiotts the DQN agent. Compared to the initial assignment, the
have been performed considering 5000 episodes and a \@rtage probabilities have been reduced by 4.13%, 4.08%, and
ied number of MNOs. In terms of the outage probabilitie.56% when considering the DQN agent on a deployment of
we have compared the achieved results using DRL-appro&MNOs, 3 MNOs and 4 MNOs, respectively. It has also been
against the initial deployments consisting of a grid topologeduced by 8.04%, 8.31%, and 11.13% when considering the
and uniform distributions of MNOs on the UAVs (plotted in amA2C agent on a deployment of 2 MNOs, 3 MNOs and 4
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