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Abstract—Along with the growth of satellite communication
industry, the demands and benefits to perform satellite terminal
antenna evaluation are increasing. UAV based in-situ measure-
ment can increase the efficiency of the measurement procedure.
Main beam localization is a necessary procedure to execute the
antenna evaluation test. To accelerate the process of finding the
antenna beam centre, this paper develop a meta-reinforcement
learning based algorithm. The developed algorithm is compared
with other methods and it showed the best performance in
terms of accuracy, robustness and travelling efficiency not only
in the simulated radiation pattern environment but also in the
empirically obtained radiation pattern.

Index Terms—antenna measurement, UAV measurement,
beam localization, meta-reinforcement learning

I. INTRODUCTION

The satellite communication industry and technology are

expanding, and the number of satellites in the orbit is expo-

nentially growing. The satellite in the operation is currently

around 8000 and OneWeb and SpaceX are planning to launch

more than 40000 satellites in the coming years [1]. As the

number of the communication increases, the number of the

ground terminal antenna in communication is growing. When

the communication environment is busy between the satellite

and ground terminal antennas, the issue that emerges more

frequently would be interference due to the misalignment

or undesired antenna pattern which might not meet the

requirement from organizations such as ITU and SOMAP

[2], [3]. Therefore, the importance of the satellite terminal

antenna measurement is less negligible in this context. The

far field range is a function of the frequency and antenna

aperture size. In case of the high operation frequency and

the large terminal antenna size, the antenna measurement

may require long distance to test the antenna in far field

range and it sometime goes around a few kilometres. The

available test facilities which can afford this long distance

are limited and it is generally expensive solutions in terms

of time and cost. In addition, antenna under the test (AUT)

needs to be shipped to the place where the facility is located.

To overcome these challenges and to accelerate the antenna

measurement, QuadSAT has developed UAV antenna mea-

surement solution. This solution could allow the measure-

ment procedure much faster, and it is not limited in the

location where the facility is since it can be delivered to

any site. In this work, one of the developments to extend its

function is presented.

From the perspective of the antenna measurement, knowl-

edge about the location of main beam centre is useful. For

instance, before starting radiation pattern measurement there

is a need to fix the coordinate system around the boresight.

Also, when the electronically steerable antenna is evaluated,

it might be beneficial to measure the change of the gain

of the main beam as its steering angle varies. Hence, it is

certain that speeding up the process of beam localization is

important.

Machine learning is a promising technique because of the

improvement computer technology. One of the benefits of

machine learning technique is without knowing a model of

the event, it creates the model and apply this approxima-

tion function to estimate inexperienced cases. Reinforcement

learning (RL) is one of the branches of machine learning

technique. In reinforcement learning, the agent interacts with

the environment where the agent is and takes the best action

in the given state. It has been applied for playing games

[4], generating locomotion of robots [5] and controlling

a vehicle [6]. In the conventional RL, the environment

is fixed and hence the agent learns how to play in this

certain environment. However recently RL for more general

environment has been researched and this is called meta-

reinforcement learning. One of the typical examples which

could be similar to beam localization can be found as

“MountianCarContinuous-v0” from OpenAI [7]. The simi-

larity between this example and beam localization is that the

goal of the agents is reaching a certain point of interest. The

limitation of this implementation is that it does not take the

measurement noise into account and it lacks the generality

since the scenario where the car learns to clime the same

shape of the hill from the same starting point. In case of

the beam localization discussed in this work, the shape of

the radiation pattern and the relative position to the goal

which is the beam centre is not fixed. In the situation where

the observation provides only partial information regarding
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the state of the agent, RL algorithm needs to solve Partially

Observable Markov Decision Process (POMDP). One of

the approaches which could cope with POMDP is intro-

ducing recurrent neural network such as Long Short-Term

Memory (LSTM) [8] and Gated Recurrent Unit (GRU) [9].

Also, to bring the RL toward more general purpose, meta-

reinforcement learning has been proposed [10], [11]. This

technique could be related to neuroscience and psychology

[12].

For UAV measurement, beam location can be estimated by

taking single or multiple raster scans. However, this method

is time consuming and if the main beam is outside of

the scanned range, it cannot localize the beam from the

measured information. Other considered approach is cross-

section method. In this method, the signal strength on a line

is repeatedly measured and the beam centre is estimated by

using the symmetricity of the pattern. This approach has also

long flight distance and also dependency on the symmetricity

and may not provide accurate estimation. Gradient ascent

method could decrease the traveling distance, but it may have

a difficulty in parameter tuning. To develop a method which

does not require parameter tuning and offers efficiency and

enough accuracy, RL learning based approach is developed

and discussed in this paper.

II. BACKGROUND

A. Concept of Reinforcement Learning

The basic concept of RL can be found in the inner loop of

Fig. 1. In RL, the agent interacts with the environment and

learns to make the optimal decision on action At in the given

state St in the environment. The agent takes observation Ot

which contains the information of new state St+1 after taking

an action At. Also, the agent receives a feedback signal as

reward Rt from the environment which is the evaluation

of the taken action At in the state St. One cycle of the

experience is normally named as one episode and the end

of one episode is determined by termination condition. The

purpose of the learning for the agent is to maximize the

cumulative reward from the current time step to the end of

the episode. The original RL was structured based on the

assumption of Markov Decision Processes (MDPs). In MDP

environment, the probability distribution of the response from

the environment is only depending on the current sates and

not on the entire history of the state and action (1).

Pt{Rt+1 = r, St+1 = s′|S0, A0, R1, . . . , St, At}
= Pr{Rt+1 = r, St+1 = s′|St, At}

(1)

However, in many scenarios, observation does not directly

represent state (Ot �= St). In this case, RL needs to

learn solving Partially Observable Markov Decision Process

(POMDP) and then the agent learns the interpretation be-

tween observation and state.

B. Twin Delayed Deep Deterministic Policy Gradient Algo-
rithm

In RL, the agent could include the following components:

policy, value function and model. Policy decides the action

of the agent and value function is a function to evaluate

the state and/or action. Model is the representation of the

environment for agent. Action value function is normally

Fig. 1. Meta-reinforcement learning

described as Q(s, a) which is the evaluation of the current

state and action. In the deep RL, this value is approximated

by neural network with the parameter θ. When the action has

continuous action field, there are infinite number of possible

actions. In this case, the policy is also approximated with

neural network with the parameter of φ in case of determin-

istic policy [13]. During the training process, φ is trained

by the deterministic policy gradient and θ is also learned.

Twin Delayed Deep Deterministic policy gradient algorithm

(TD3) is one of the latest RL algorithm which shows eminent

stability in performance [5] and it is implemented in this

development.

C. Recurrent Neural Network

In the condition of POMDP, the action value function is

Q(ot, at|θ) �= Q(st, at|θ) due to the partial observability

to the true state. Therefore, the agent needs to find the

representation of the own state based on the observation.

Recurrent Neural Network (RNN) is one of the effective

approaches for POMDP condition [14]. GRU and LSTM

are the most popular RNN. In addition to output value,

RNN generates hidden state ht which contains the sequential

information from the previous time steps to be carried in the

next time step.

D. Meta-Reinforcement Learning

In general, a MDP is determined by a 4-main tuple,

Mi = [S,A,P,R] where S is a set of states, A is

a set of actions, P is a transition probability function

Pss′ = P[St+1 = s′|St = s] and R is a reward function

Rs = E[Rt+1|St = s]. The agent learns their policy πθ

for the environment which is governed by Mi. In meta-

reinforcement learning, the agent experiences multiple MDPs

to perform toward more general purpose. As proposed in

[10], [11], during the training procedure, new Mi ∼ M is

sampled. Also, LSTM is implemented to policy which can

help tracking the characteristics of the trajectories changed

by the outer loop.

III. METHOD

A. Definition of POMDP Elements

When the position of the agent with respect to the beam

centre is unknown, the representation of the observation of

the agent cannot rely on it. Alternatively, global coordinate



system, which is common in any environment, can be prede-

fined and the state is described on coordinate system. Then,

observation definition would be the position of the agent

and the measured signal strength (ot = [x, y, Pr]). However,

because the environment is not fixed and various MDPs

exist, the interpretation between this state definition and the

observation cannot be fixed. Also, the coordinate system

could be defined by taking the origin at the initial position of

the agent. The drawback of this definition would be when the

distance between the initial position of the agent and the goal

position is unexpectedly large in implementation. In this case,

since the agent will encounter unexperienced observation, it

would not be able to make the right decision. Therefore, the

observation representation in this work is described as the

displacement of the position in 2 dimension and variance

of the measured signal strength from the previous time step

(ot = [Δx,Δy,ΔPr]). In this way, the state representation

and interpretation between the state and the observation is

generalized. Then, when the observation and hidden stated

from the previous time step are given to the actor, the actor

generates the displacement as an action for the next time step

to the agent.

a = μ(ot, ht−1) (2)

Also, the reward is defined as

r = ΔPr − 0.1 (3)

where ΔPr is the variance of the received power from the

previous time step in order to encourage the agent to move

to position expecting higher gain position. Also, −0.1 in (4)

works as a punishment as it receives negative reward every

time it steps. This element is to terminate the episode as small

steps as possible. Finally, the termination condition is turned

to true if the number of the steps reaches to the maximum

allowed steps or the agent reaches to the beam centre with

certain accuracy.

B. Meta Data to Generate the Environment

In meta-reinforcement learning, various environments of

MDPs are generated at outer loop (Fig. 1). The radiation

patterns are created based on theoretical models to collect

the training data-set. The given meta parameters to change

are 3dB beam width, maximum possible signal to noise

ratio (SNR), relative position between initial position of the

agent and the beam center. By randomly changing these

parameters, infinite number of MDPs are produced so that

the trained system can be guided toward the goal position in

any environments.

C. Network structure

For the sake of POMDP and meta-reinforcement learning,

implementing RNN in the neural network could be effective

[6], [15]. Several approaches have been developed to im-

plement RNN in TD3 algorithm [14]. To avoid training on

full episode, hidden states are directory stored in the replay

buffer and used in the training in this work. Fig. 2 shows the

comparison between original TD3 neural network and the

developed one.

Fig. 2. Neural network structure

D. Assumption

The important assumption to be noted is that this devel-

opment is focused on the case without local maxima. This is

because when the location of the main beam is approximately

known and the area of interest is narrow, it is hardly expected

that there are local maxima. In the scenario where there is

no prior information or where local maxima is considered,

additional development could be required.

IV. EXPERIMENT

A. Training

During the training, the meta parameters (i.e., 3dB beam

width maximum possible SNR, and initial position to the

beam centre) are randomly generated in every episode. The

range of the parameters can be found in Table I. The antenna

patterns are simulated based on TE11 circular source model

and perfectly symmetrical. One agent is randomly placed

with respect to the centre of the main beam within the range

of φ, θ in Table I on the spherical coordinate system. The

agent makes a measurement at the current location. Based

on the observation as it is defined in the previous section,

the system is trained to go close to the centre of the main

beam. To confirm the performance of RNN, both networks

with and without RNN are tested. The termination accuracy

is set to 0.05 in x and y direction where x = θ cosφ and

y = θ cosφ.

TABLE I
META PARAMETER RANGE

Min Max
Beamwidth [deg] 3 6

SNR [dB] 40 60
Initial relative position in spherical angle [φ,θ] [0, 0] [360, 3]

B. Evaluation

In the evaluation stage, firstly the performance of the

system is evaluated in the environment based on Table I with

randomly generated theoretical radiation pattern. Secondly,

the trained system is tested on the radiation pattern based on

the real measurement. The latter radiation pattern has never

been used during the training and this pattern is not perfectly

symmetrical.



C. Sampling based gradient ascent method

In addition to reinforcement learning based approach, sam-

pling based gradient ascent approach is applied to compare

the performance. In this method, the peak of the beam is

estimated based on

w = w + α
∂Pr(ψ)

∂ψi
(4)

, where partial derivative in this example is obtained by

sampling at Pr(ψ + δψi), e.g.,

∂Pr(x)

∂x
=

Pr(x+ δx)− Pr(x)

δx
∂Pr(y)

∂y
=

Pr(y + δy)− Pr(y)

δy

(5)

with the parameters of δx = δy = d.

V. RESULT

Table II shows the averaged result of the trained system

(TD3-RNN and TD3 represents the network architecture with

and without RNN respectively) and sampling gradient ascent

method with the parameter of d after 1000 times trial. In

terms of accuracy, trained algorithm showed the best root

mean square error (RMSE) value with the best robustness

observed from the standard deviation (Std). Also, it can

be found that the performance of sampling gradient ascent

approach has high dependency on the parameter. Success

rate describes the number of the trial which reached the

estimation accuracy less than 0.05. Displacement in success

is the total displacement distance required to reach the final

position from the trials in success. The RL based algorithm

showed much more efficient in term of the displacement

which represent the traveling distance. Fig. 3 shows one

of the example trajectories from the trained algorithm with

RNN. To have a further analysis Fig. 4 and Fig. 5 are

illustrated. Orange dots show the successful trial and blue

dots show unsuccessful ones. “DbyL” is a parameter to

control the beam width of the AUT. When this value is larger

the beam becomes sharper. From these figures, when the

SNR goes smaller and the beam becomes fatter, it becomes

more difficult to perform accurately, and this analysis shows

compliance with physical interpretation. The success rates

of the trained algorithm with and without RNN within SNR

40 − 42 dB are 0.78 and 0.67 respectively. This could be

explained as the effect of introducing RNN in the network.

Finally, Table III shows the performance in the empirical ra-

diation pattern. The RL based algorithm remained to perform

the best although the trained systems have never experienced

the environment. The performance of the gradient ascent

algorithm varied noticeably. The algorithm with d = 0.01
showed the high success rate which had the worst perfor-

mance in the theoretical radiation pattern environment.

VI. CONCLUSION

The reinforcement learning based antenna beam local-

ization algorithm was proposed and evaluated. The meta-

reinforcement learning algorithm with RNN is compared

with other methods and showed considerable performance in

terms of accuracy, robustness, and efficiency in displacement

not only in the simulated environment but also in the empir-

ical radiation pattern environment. This application could be

Fig. 3. Trajectory example from TD3-RNN

Fig. 4. Performance analysis of TD3-RNN

Fig. 5. Performance analysis of TD3



TABLE II
EVALUATION RESULT WITH THEORETICAL RADIATION PATTERN

RMSE Std Success rate Displacement in success
TD3-RNN 0.056 0.091 0.921 2.812

TD3 0.062 0.101 0.895 2.964
GA d=0.05 0.450 8.027 0.858 7.101
GA d=0.01 281.83 487.80 0.274 9.317

TABLE III
EVALUATION RESULT WITH THEORETICAL RADIATION PATTERN

RMSE Std Success rate Displacement in success
TD3-RNN 0.059 0.272 0.982 2.817

TD3 0.145 0.541 0.872 2.861
GA d=0.05 0.439 0.670 0.274 4.300
GA d=0.01 0.236 0.810 0.930 3.540

extended to multiple beam localization where local maxima

exist.
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