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Abstract—In this paper, we study the application of unmanned
aerial vehicle (UAV) base stations (BSs) in order to improve the
cellular network capacity. We consider flying BSs where BS-
equipments are mounted on UAVs, making it possible to move
BSs freely in space. We study the optimization of UAVs’ trajectory
in a network with mobile users to improve the system throughput.
We consider practical two-hop communications, i.e., the access
link between a user and the UAV BS, and the backhaul link
between the UAV BS and a macrocell BS plugged into the core
network. We propose a reinforcement learning based algorithm to
control the UAVs’ mobility. Additionally, the proposed algorithm
is subject to physical constraints of UAV mobility. Simulation
results show that considering both the backhaul and access links
in the UAV mobility optimization is highly effective in improving
the system performance than only focusing on the access link.

Index Terms—Drone Base Station, Reinforcement Learning,
Trajectory Optimization, UAV.

I. INTRODUCTION

With the recent advances in telecommunications and un-
manned aerial vehicles (UAVs), it becomes feasible to develop
flying BSs that could bring considerable benefits for wireless
networks. For example, these days UAV BSs/Drone BSs are
emerging in a broad range of applications such as agriculture
[1], telecommunication [2], [3], traffic surveillance and trans-
portation [4], [5], and etc.

Thanks to their flexibility, degree of freedom, and being
autonomous, they are emerging as a potential solution to
improve the performance of cellular networks, especially in
the emergency scenarios. In particular, the cellular industry
has recognized the importance of providing support to low-
altitude drones for establishing a reliable communication. The
Third Generation Partnership Project (3GPP) is studying the
LTE support for aerial vehicles and exploring the challenges
and the opportunities of their usage [6].

Although there are still many challenges to be solved before
integrating drones into cellular networks [7], researchers are
exploring their advantages in numerous use-cases. The drones
can be used to optimize the coverage of mobile users in
cellular networks [8], improve the network throughput by their
movements [9], or complement the traditional cellular network
in a multi-tier architecture [10].

Providing backhaul link and its performance is one of the
main challenges in employing drone networks. Millimeter-
wave [11], LTE [12], and free space optical [13] are among

the proposed solutions for backhaul of drone communications.
Then the drones’ deployment must be designed in a way to
utilize the backhaul link efficiently. Both the backhaul link and
the end user link performance are considered in [14], where the
coverage of a typical user in a UAV network is optimized. By
considering end-to-end communication links, the UAVs adjust
their heights in order to improve the probability of coverage.
Zhang et al. [15] addressed a network of multiple UAVs acting
as relays to help the transmission of information from a ground
source to a ground destination. The end-to-end communication
is considered in this work to find the optimal trajectory for the
UAV relays.

The importance of both backhaul and access links in UAV
networks motivates us to improve the system performance
using a joint optimization model. In this paper, we consider
multiple UAVs/drones as base station, serving mobile users. A
reinforcement learning based algorithm is proposed to control
the heading direction of drones, while considering both access
and backhaul link. In the proposed model, each drone uses
the information of other drones BS in the network to choose a
direction that improves the system performance. Additionally,
a simpler algorithm that only uses the local information in
each BS is developed, where the simulation results show that
adopting algorithms that are more intelligent will increase the
performance. To understand the impact of joint optimization,
we review the performance of the system through a simple
algorithm that only focuses on maximizing the access link
throughput.

This paper is structured as follows. In Section II, we present
our system model and the problem formulation. In Section III,
we describe our proposed reinforcement learning algorithm as
well as a heuristic algorithm based on the Signal to Noise
Ratio metric. Section IV presents the simulation model and
discusses the performance results. Finally, our conclusion is
drawn in Section V.

II. SYSTEM MODEL

We assume that there is a set of Drone Base Stations (DBSs)
denoted by N , which are employed to improve the two-hop
communications between users and a macro cell. The access
link is established between users and the drone base stations,
which are connected by a wireless backhaul link to a terrestrial
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Fig. 1: A two-hop communications system model

macro base station (MBS). The drones are initially distributed
randomly over the area of interest, at a fixed height of hd. In
the considered network, we assume that all drones fly with a
constant speed of v, equipped with a single omnidirectional
antenna, and transmit with a power of pd. Therefore, a 2D
mobility model is considered for drones, where they are
capable of changing their heading directions while serving
users. Note that the constant speed model is compatible with
both rotary and fixed wing UAVs. Additionally, moving with
a constant speed avoid extra energy consumption as a result
of subsequent stopping and starting the flight. In this paper,
fd denotes the transmission frequency of the DBSs.

The MBS, located at a height of hm, is only for backhaul
purposes. We assume all users communicate directly with their
associated DBSs, and the traffic will be offloaded to MBS
through DBSs. We assume that the MBS communicates with
DBSs using a fixed transmission power of pm, at a central
carrier frequency of fm. Additionally, the macro cell is located
at a distance of r from the center of the service area.

We consider a square service area with a width of w, where
there are U users randomly moving according to a Random
Way Point model (RWP) [16]. In the RWP model, each user
selects a random destination within the area independent of
other users, and moves there following a straight trajectory
with a constant speed selected randomly from a given range.
Upon reaching the destination, users may pause for a while
before continuing to move to another destination. The pause
duration is also chosen randomly from a given range. Each
user follows a full buffer traffic model with continuous down-
loads.

Each user selects a DBS with the highest received signal
strength (RSS), and it is assumed that each DBS allocates its
resource uniformly to the associated users during transmission.
Additionally, there is no limitation on the number of users that
can be associated to a specific DBS. The set of associated users
to a drone n is denoted by Qn. The system model is illustrated
in Figure 1.

The path loss associated with distance of d for a commu-
nication link can be modeled as [17]

η(d) =

{
ALd−αL

, with a probability of PL(d)

ANLd−αNL

, with a probability of PNL(d)
(1)

where d is the 3D distance between a transmitter and a receiver
pair. AL and ANL are the path losses at a reference distance

Fig. 2: Drone path while taking a turn of θ rad

(d = 1 m) for the Line of Sight (LoS) and the Non Line of
Sight (NLoS) cases, respectively. αL and αNL are the path
loss exponents for the LoS and the NLoS cases, respectively.
These are all obtainable from field tests [18].

The main goal of the drone movements is to provide high
quality services for the mobile users, taking into account the
two-hop communications. Therefore, the trajectories of the
DBSs need to be optimized.

To this end, we discretized the time into equally spaced time
slots, in which the best heading direction of each drone should
be found. By following the best heading directions at each time
slot, the optimized trajectory of each DBS can be achieved.
The length of each time slot is chosen to be sufficiently small
to react to the users’ movement and network changes, and
sufficiently large so that drones can follow a heading direction
and move forward. Note that choosing a heading direction
affects the distances from the DBS to both the users and the
MBS. It indicates that the location of each DBS at any time
slot is a function of its previous location.

It is important to note that when the drone is turning to
change its direction with a constant linear speed v, the drone‘s
path will follow an arc of a circle as shown in Figure 2 [19].
Given the 2D location of a drone n at the start of current time
slot denoted by [xt

n, y
t
n], then by taking a turn of θn rad, the

drone location at the end of time slot (t), starting the following
time slot (t+ 1), can be calculated by[

xt+1
n

yt+1
n

]
= R×

[
xt
n −Xt

n

ytn − Y t
n

]
+

[
Xt

n

Y t
n

]
;

R =

[
cos(θn) − sin(θn)
sin(θn) cos(θn)

]
,

(2)

where R is the rotation matrix, and [Xt
n, Y

t
n] denotes the

coordinates of the circle centre of the segment. The drone
location at t+1 is denoted by [xt+1

n , yt+1
n ]. Note that θn needs

to satisfy the drone maximum turning angle.
To simplify the presentation of the above equation, we

denote the location of drone at any time as a function of
heading direction and the its previous location, as follows:

Lt+1
n = f(Lt

n, θ
t
n), (3)

where Lt
n = (xt

n, y
t
n) represents the 2D location of DBS n at

time slot t, and θtn shows its heading direction which is taken
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at the start of time slot t. As a result, the capacity of each link
highly depends on the drones’ decision of mobility. In the rest
of this paper, we drop the time slot indicator for simplicity.

The capacity can be formulated according to the Shannon
Theorem as

C = log2(1 + SINR) = log2(1 +
S

I +N0
), (4)

where N0 denotes the additive white Gaussian noise power at
each user. The received signal power, S, varies based on the
drone decision, as follows

S = ptxη(d)g, (5)

where g is the channel gain, modeled as an exponential random
variable with a mean of one, and ptx is the sender’s trans-
mission power. Additionally, I in equation (4) represents the
aggregated interference from other transmitters. We consider
orthogonal frequency allocation between the backhaul and the
access links, which means that we do not have any interference
between these two links. All drones, however, use the same
frequency band, thus creating the potential for interference. As
a result, I for the access link between a DBS n and a user
can be modeled as:

∑
i∈N ,i�=n

pdη(d)g (6)

where d is the distance from the user to the interfering drone
base stations. The above equations show that the movements
of each drone not only impacts the signal strength of their
associated users, but also it has a considerable influence on
the interference signal on other users in the network.

Denoting the capacity of access link by Ca, and the capacity
of backhaul link by Cb, then the overall capacity that can be
delivered to the associated users is defined as the minimum of
them.

Therefore, the problem of finding the best heading directions
for drones at each time slot can be formulated as:

θ∗ = arg max
(
min(Ca, Cb)

)
s.t. θ∗ ∈ [−θmax θmax]

(7)

where, without loss of generality, we assume that the range of
heading directions that a drone can select is bounded between
−θmax and θmax due to physical limitations of UAVs [20],
[19].

III. PROPOSED ALGORITHMS

In this section, we propose algorithms to optimize the
system capacity in a network including several mobile users,
and mobile DBSs.

A. Reinforcement Learning Method

Reinforcement learning is a model in which the learner or
the agent must discover which actions yield the most reward
by trying them. The agent can use its experience to improve
its performance over time. The agents are connected to the
environments and make decisions by taking actions. Despite

the uncertainty in the environment, the agents always pursue
achieving a goal [21].

In our scenario, the DBSs which are moving are the
agents. The environment consists of locations of users, the
MBS, and neighboring DBSs. And finally, the DBSs moving
directions are the actions taken in the reinforcement learning
model. For any DBS decision on heading direction, there is a
corresponding reward.

The trade-off between exploration and exploitation is the
most important challenge of reinforcement learning models.
An agent can earn more rewards by exploiting previous expe-
riences, but exploration will help make better decisions in the
future. The estimated average associated users’ performance
of each DBS is defined as the reward of an agent action,
hence, the policy of each agent is to maximize the average user
performance. Given the state of users, MBS and other DBSs,
each DBS makes a decision to improve its performance. To
this end, each DBS considers the history of other DBSs to
make more intelligent decision. We suppose that the drones
can communicates with other drones and send their heading
direction when there is a change. In this model, each DBS
assumes that there is a high probability for other agents to
follow their previous directions. It can be expressed that a
DBS estimates the location of other drones for the next time
slot, using their previous direction:

Lt+1
n = f(Lt

n, θ
t−1
n ). (8)

Note that considering possibilities of changing the previous
direction and taking a new heading direction is left for future
work. That will help each drone decide more wisely, however,
the time complexity of the reinforcement learning algorithm
will increase. In the presented model in this paper, each drone
assumes the probability of zero for taking a new direction for
the other DBSs.

Given the location of other DBSs following their previous
decisions, the best direction that optimizes the average user
performance is calculated through brute force search for each
DBS. All DBSs then follow their selected directions to achieve
the estimated performance, while they have no information
of other drones’ decisions. The actual user performance then
could be different from the estimated one, as there is a
possibility that drones won’t follow their previous directions.
The actual performance can be computed according to the
final decisions of all drones. The difference between the actual
performance and the reward of selected policy (estimated
performance) is defined as regret.

As a result of DBSs’ movements, and the mobility of users,
the state of environment changes for the following time slot.
DBSs share their last taken heading directions with each other.
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The reward of DBS n can be defined as follows

Rn =arg max
θn

∑
u∈Qn

min(Ca, Cb)
|Qn| , ∀ n ∈ N

Ca = log2(1 +
Sn

N0 +
∑

i∈N i �=n pdgη(d(θ
t−1))

)

Cb = 1

|N | log2(1 +
Sm

N0
)

s.t. θn ∈ [−θmax θmax]

(9)

where d(θt−1) denotes the distance of a DBS from users
assuming that it moves forward the previous direction (θt−1 ).
Additionally, the actual system performance, will be calculated
according to the final decision of each DBS at the end of time
slot t. It means that we need to replace d(θt−1) by d(θt) in
equation (9).

Given the above description, an agent requires the following
information to calculate the reward, and make decision:

• The location of MBS for calculating the backhaul perfor-
mance.

• The location of the associated users to evaluate the signal
power.

• The location of other DBSs and their previous directions,
in order to compute their estimated location and the
interference signal power

The detail of the reinforcement learning model is described
by Algorithm 1.

Algorithm 1 RL Algorithm for DBS n

1: procedure
2: for each timleslot t do
3: Lt+1

i ← f(Lt
i, θ

t−1
i )), i ∈ N , i �= n

4: for each possible direction θ do
5: Cb ← 1

|N | log2(1 +
pmgη(d(θ))

N0
)

6: for each user u ∈ Qn do
7: Cu[u] ← Min(Ca(u, n), Cb)
8: end for
9: C[g] ← Sum(Cu)/|Qn|

10: end for
11: Performance[t] ← Max(C)
12: θtn ← Index(Max(C))
13: end for
14: end procedure

B. SNR based

In this algorithm, only the knowledge of the associated users
at each DBS is used for choosing heading directions. Each
drone neither requires DBS-to-DBS communications, nor does
it need to know the location of other users in the network.

Using only the knowledge of its own associated users, each
DBS calculates the access link SNR (Signal to Noise Ratio) for
every associated user and every candidate moving direction.
Additionally, for each candidate moving direction, the SNR of
backhaul link is also calculated. The minimum of the SNRs
for backhaul and access link of candidate directions is then

TABLE I: parameters and their adopted value

parameters DBS/access link MBS/backhaul
Height (h) 10 m 20 m

Frequency (f ) 2 GHz 1.8 GHz
Transmission power (p) 24 dBm 30 dBm

AL 10−3.24−2log(f) 10−2.8−2log(f)

N0 -95 dBm -95 dBm
ANL 10−2.24−2.13log(f) –
αL 2.1 2.2
αNL 3.53 –

Area size (w) 500 m
MBS distance(r) [250 m 4000 m]

Number of Users (U ) 100
Number of DBSs (|N |) 20

User speed [0.2 5] m/s
Time slot duration 5 sec

chosen to compute user capacity. After examining all the
possible directions, the direction that provides the maximum
average user capacity over all associated users is chosen as the
DBS’s heading direction in the next time slot. This algorithm is
formulated in equation (10), where θn represents the selected
direction for drone n. SNRa, and SNRb represent the SNR
of access link and backhaul link, respectively.

θn =arg max

∑
u∈Qn

min(SNRa, SNRb)

|Qn| ∀ n ∈ N
s.t. θn ∈ [−θmax θmax]

(10)

IV. SIMULATION

To understand the impact of two-hop communications on
the network performance, and to compare the potential of
proposed algorithms, we used Python to conduct computer
simulations.

We choose a low altitude for our DBSs, as it was shown
that due to high interference, reducing the height of drones
will improve the performance [22]. Hence, the recommended
height of 10 m [23] is selected for the DBSs in this section.
Given the height of DBSs, the following probabilistic Line of
Sight (LoS) model is employed to evaluate the probability of
having a LoS connection between a user and a drone [6]:

PL =

{
1, d2D ≤ 18m
18
d2D

+ exp
(
− d2D

36

)(
1− 18

d2D

)
, d2D > 18m

(11)
where d2D denotes the distance between the ground user and
the projection of drone location onto the ground. Clearly, the
probability of having a NLoS (Non Line of Sight) connection
is PNL = 1− PL. Additionally, we assume that PL is equal
to 1 for the backhaul link.

In the considered area, with the width of 500 m, there
exists 100 users moving according to RWP model with the
speed range of [0.2-5] m/s. Initially, 20 DBSs are located at
random locations to serve users during their movements. The
parameters are as shown in Table I.
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Fig. 3: performance of one-hop and two-hop algorithms as a
function of MBS distance

To average out the randomness, we repeated the simulation
over 20 times independently, each for a period of 500 seconds,
and averaged the results to obtain an unbiased numerical result.

Moreover, we study optimizing the drones movement con-
sidering one-hop communication (access link), as the reference
model. In this model, each drone only evaluates the perfor-
mance of access link and changes its direction in a way to
maximize the access link performance. In more detail, for
the candidate directions, the average access link SNR of the
associated users of each DBS are calculated. The heading
direction that maximizes the average SNR of access link,
ignoring the backhaul link, is selected for the next movement
of each drone. It is worth noting that neither of two-hop
SNR-based and one-hop SNR based models examines the
interference to choose a heading direction.

We first evaluate the performance of the two-hop rein-
forcement learning and two-hop SNR models, and compare
the results with the one-hop SNR model. The main goal
of this comparison is to quantify the impact of considering
joint optimization of the backhaul and access links on the
system performance. In this study, all drones move at a fixed
speed of 4m/s, while serving users. We discretize all possible
heading directions into a finite set of 36 different heading
directions, which are separated by 10 degrees. Each drone
can turn at most 50 degrees. For example, if a drone is
moving towards 0◦, it can choose a direction that belongs to
[−50◦,−40◦, . . . , 0◦, . . . ,+40◦,+50◦] for the next time slot.
The distance of MBS, denoted by r, varies from 250 m of the
center of considered network to 4000 m.

According to Figure 3, we observe the following results:
• Considering both the access link and the backhaul link,

the drones can make more intelligent decisions, resulting
in a higher performance. Taking into account the access
link only will force the DBSs to fly closer to the users
in order to improve the access link SNR, however, such
movement will cause them moving away from the MBS.
Increasing the distance between MSB and DBSs reduces

Fig. 4: performance of one-hop and two-hop algorithms as a
function of DBSs’ speed

the backhaul performance, and subsequently, decreases
the end-to-end users performance. The performance gain
of two-hop reinforcement learning model to one-hop
reaches up to 17% according to Figure 3.

• We can observe that the reinforcement learning algorithm
can achieve a better performance than the two-hop SNR
maximization algorithm. An improvement of up to 10%
in terms of the capacity performance can be obtained
which is the result of using the history of drones’
movements, and considering the interference power for
controlling the drones’ mobility.

• Another important note is that the system performance
reduces as the distance of MBS increases. This is the
direct result of the deteriorating signal power across
large distances. However, it remains true that the two-
hop communication algorithms outperform the one-hop
one with a large MBS distance.

Additionally, to evaluate the impact of drone’s speed, we
display the results for different speeds, namely 1m/s to 8 m/s.
The MBS is located at the distance of 1000 m from the center
of considered network. The results are plotted in Figure 4.
Not surprisingly, the system shows a higher performance with
faster drones. It is because that drones are able to follow the
environment changes faster and move to the selected location
quicker. Additionally, similar to Figure 3, we can observe that
the two-hop models outperform the one-hop model.

As we have mentioned in section III-A, the difference
between the reward and the actual performance is measured
as regret. Figure 5 exhibits the regret metric during the
simulation.

The regret value, as shown in Figure 5, indicates that there
is potential room for improving the reinforcement learning
algorithm to increase the network performance. As mentioned
in Section III-A, in this paper, each drone considers a prob-
ability of 1 for other DBSs to retain its previous direction,
and assumes a probability of zero for any other direction.
Following this assumption, each DBS selects a direction that
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Fig. 5: regret during the simulation time.

results in a higher performance. A higher regret represents a
higher error in predicting the movement of other drones. By
revisiting this assumption, we may be able to reduce the regret
value and enhance the system performance.

V. CONCLUSION

Based on reinforcement learning, we have solved a joint
optimization problem where both the access link and the
backhaul link are considered to design the trajectory of drone
base stations. Simulation experiments have confirmed that the
proposed joint optimization can significantly improve the UAV
network performance compared to optimizations that consider
only the access links. In our current work, we have assumed
only a LoS model for backhaul links and leave the more
advanced models that incorporate both LoS and NLoS as
future work. The investigation of more advanced states and
probabilities in the reinforcement learning algorithm is also
left for future research.
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