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Abstract

Airborne Wind Energy (AWE) is an emerging technology that promises to be
able to harvest energy from strong high-altitude winds, while addressing some of
the key critical issues of current wind turbines. AWE is based on flying devices
(usually gliders or kites) that, tethered to a ground station, fly driven by the wind
and convert the mechanical energy of wind into electrical energy by means of a
generator. Such systems are usually controlled by adjusting the trajectory of the
kite using Optimal Control techniques, such as Model-Predictive Control. These
methods are based upon a mathematical model of the system to control, and they
produce results that are strongly dependent on the specific model at use and difficult
to generalize. Our aim is to replace these classical techniques with an approach
based on Reinforcement Learning (RL), which can be used even in absence of a
known model. Experimental results prove that RL is a viable method to control
AWE systems in complex simulated environments, including turbulent flows.

1 Introduction

In the field of renewable power sources, wind energy is particularly appealing since it can potentially
power the entire world and it is largely available almost everywhere on the planet [1]. Currently,
wind power generation happens through wind turbines, huge three-bladed devices often found in very
large on-shore or off-shore wind farms.

Airborne Wind Energy (AWE) is an alternative lightweight technology for wind energy harvesting,
based on tethered flying devices, usually power kites. These devices fly under the effect of aerody-
namic forces (drag and lift) and convert wind energy to electrical energy by means of a generator,
which can be placed either directly on the device or on the ground [2]. Such technology promises to
address most of the issues of traditional wind turbines, since kites can be controlled to fly at higher
altitudes, where strong and constant winds can be found and since their smaller, lighter structure
leads to much lower material costs and environmental impact [3, 4]. However, AWE technology
is operationally more complex than traditional turbines and it may face reliability issues in case of
critical wind anomalies [5].

In order to safely and profitably operate an AWE system, the trajectory of the kite can be optimized
by controlling its attack and bank angle through the lines that connect it to the ground station. Several
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Figure 1: (A) Schematic representation of an AWE system in the yo-yo configuration [6]. (B) Side
view of the kite, showcasing the state variables α (attack angle) and β (relative wind-speed angle).
Controlling the attack angle allows the kite to soar and glide. (C) Rear view of the kite, depicting the
bank angle ψ, which is used to turn the kite left and right.

works [6, 7, 8] have successfully explored the possibility of applying Model-Predictive Control (MPC)
to AWE systems. However, there are two shortcomings to this approach. First, traditional Optimal
Control techniques are strongly model-dependent, meaning that the control strategies they provide
are usually hard to generalize from one configuration to another and that the quality of the results that
can be achieved depends on the quality of the model. The issue can be partially tamed by applying
Robust Control techniques [9]. Second, MPC for AWE usually focuses on minimizing the excursions
from a predefined path [8], which in general is not the one that optimizes power production. This lack
of alignment between the objective trajectory of MPC and the final optimization objective has been
highlighted by recent research [10] in the context of drone navigation, showcasing the fact that the
trajectories obtained with MPC may be suboptimal in real conditions. Such problem is particularly
acute in changing environments like the turbulent atmosphere, where the kite should dynamically
adapt its trajectory to wind fluctuations in order to efficiently extract energy.

In this study, we take a different standpoint and give a proof of concept that classical control techniques
can be replaced with Reinforcement Learning (RL), which can be used even in absence of a known
model, to directly aim at the maximization of energy production. RL has already proven successful in
addressing flight optimization problems [10, 11, 12] and it has already been employed in the context
of AWE in a towing setting, in which kites are used to move a ship or a vehicle on the ground [13].
In this work, we present a way to control AWE systems with RL for electrical energy production.

The code required to reproduce our results is publicly available at https://github.com/
lorenzobasile/KiteRL.

2 Methods

In a RL setting, a decision maker (the agent) interacts with its surroundings (the environment) and
based on this interaction it receives a numerical signal which can be seen as a reward (or a penalty)
for the actions it took. By trial and error, on the long run the agent understands which actions are
to be preferred in each state in order to maximize the reward it obtains from the environment and
optimizes its decision-making strategy accordingly. We adopt two RL algorithms: SARSA [14] and
TD3 (Twin Delayed Deep Deterministic policy gradient) [15].

SARSA is a simple temporal-difference control algorithm, in which for each state-action pair the
agent keeps an estimate of the future reward it expects to receive. SARSA is a tabular algorithm,
meaning that the information the agent keeps about expected rewards is stored in a table indexed by
states and actions. This requires the definition of a discrete state space and of a discrete set of actions,
which can be a substantial limitation when dealing with complex systems, in which the number of
state variables may be too large to handle in a tabular way because of memory constraints or the
discretization of continuous state variables may result in a poor approximation.
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One feasible approach to overcome the limitations of discrete states and actions, when dealing with
continuous problems, is by using policy gradient methods, such as TD3. It is an actor-critic algorithm,
directly derived from DDPG [16], which employs neural networks to learn both a parameterized
policy and value. The actor is the policy structure that, given the current state of the system, decides
which action should be taken, while the critic, computing a scalar quantity called temporal-difference
error, informs the actor about the value of the actions it takes. This scalar quantity drives the learning
in both actor and critic.

Detailed information about the training setup we employ for our RL algorithms is provided in the
Appendix.

3 Setup

3.1 System configuration

Many different configurations can be used for AWE but, in this work, we focus on the “yo-yo
configuration” [6] (Fig. 1A), in which a power kite is linked by means of a tether to an electric
machine. The movement of the kite unrolls the cable and puts into rotation the shaft of the machine,
which acts as a generator (active or traction phase); then, when the line is at its maximum extension,
the machine acts as a motor and rewinds the cable (passive or reel-in phase), preparing for a new
traction phase. In this work, our aim is the optimization of the sole traction phase. We train our RL
algorithms on simulated kite trajectories, computed using a mathematical model based on the one
presented in [6].

3.2 Reward structure and state variables

The structure of the reward signal that the environment delivers to the agent is designed to maximize
energy production and to keep the kite airborne: at each time step the agent receives a reward equal
to the energy produced since last time step or a penalty if the kite falls to the ground.

We test our approach in three increasingly complex simulated wind patterns: constant and uniform
wind, constant wind whose speed increases linearly with altitude, and turbulent Couette flow [17].
Due to limitations in the turbulent flow data at our disposal, we constrain the kite to fly at altitudes
lower than 100 m. To ensure that this requirement is always met, we assume a tether length of
100 m, and consider the episode terminated when the tether is fully unrolled (or if the kite hits the
ground). Throughout all training simulations, our algorithms are tested using a kite of mass 1 kg and
characteristic area of 10 m2.

We provide our algorithms with a small amount of information in the form of three easily measurable
state variables, namely the attack angle, the relative wind-speed angle (Fig. 1B) and the bank angle
(Fig. 1C). By definition, these variables are continuous, hence a discretization step is needed for
SARSA, which can only handle discrete state and action spaces. Two of the state variables (i.e. the
attack and bank angles) also serve as the controls of our system: at each decision step the agent can
increase, decrease or keep still these angles, resulting in the possibility to control the trajectory of the
kite by making it glide, soar and turn.

4 Results

Even though they can access very limited state information, both SARSA and TD3 are able to learn
suitable policies to keep the kite airborne in all the three aforementioned wind patterns. From this
point, we will only discuss results obtained in the turbulent Couette flow.

In all the simulations that we produce, despite different configurations and different algorithms,
the agent learns to drive the kite in an approximately helical motion (Fig. 2). Given the specific
wind pattern in which the kite is flying, this means that it is almost always moving crosswind. This
result is in agreement with theoretical findings that proved crosswind flight to be optimal for energy
production [18]. The results of our algorithms in terms of energy production are reported in Table 1.
Our optimization objective is the maximization of energy production, and according to this metric
TD3 yields a small improvement (approximately 5%) with respect to SARSA.
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Figure 2: Sample trajectories under the policies learned by (A) SARSA and (B) TD3 in the turbulent
Couette flow

Table 1: Average performance in turbulent flow

Algorithm Episode duration Energy Average power

SARSA 8.7 s 0.056 kWh 23.4 kW
TD3 8.2 s 0.059 kWh 25.5 kW

Moreover, TD3 is quicker at fully unrolling the tether, leading to slightly shorter episodes. Combined
with the previous consideration, this means that the average power produced using TD3 is higher
than using SARSA. This point is particularly meaningful in the perspective of full cycle optimization
(also including the reel-in phase) and on-field deployment. Both SARSA and TD3 tend to move the
kite upwards, to reach profitable zones where the wind is stronger. Reaching high altitudes is also
preferable for the optimization of the passive reel-in phase, as usually in this phase the kite is initially
led towards the zenith following a "low-power" trajectory [19]. The effective wind speed measured
on the kite and the instantaneous power produced by the system are reported in Fig. 4 and 5 in the
Appendix for three sample episodes.

The policies learned by SARSA and TD3 are shown in Fig. 3, always considering three distinct
traction episodes. Some large fluctuations are due to the random initialization values of both the
attack and bank angle, but the overall pattern is regular and it shows that both algorithms tend to
choose relatively low attack angles and make very limited use of the bank angle, which oscillates
between two nearby values with SARSA and is discarded altogether by TD3, which learns to keep it
constant.

Figure 3: Control variables over 3 episodes using the policy learned by (A) SARSA (B) TD3

4



5 Conclusions and perspectives

The results outlined in the previous section show how powerful RL can be in addressing the control of
AWE systems in a model-free way, allowing simulations in very complex environments like turbulent
flow, which would be intractable with a traditional Optimal Control approach.

We are currently working on optimizing the whole working cycle of the system, including the passive
reel-in phase, in which the focus is on the minimization of the amount of energy spent to take the
kite back to its initial position in the least possible amount of time. Moreover, in the perspective
of full automation and optimization of the system, it would be interesting to make the decision to
switch between the two phases learnable as well, as it is far from obvious that this switch should only
happen when the tether is fully unrolled.

Finally, it is worth pointing out that further work on feature selection could benefit our results, as it is
likely that the state variables we employ only provide our agent with a partial view of its surroundings.
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A Appendix

A.1 Wind speed and power profiles

Here we provide some additional plots relative to the same sample episodes of Fig. 3, in the turbulent
flow. Fig. 4 represents the norm of the wind velocity measured on the kite: it is clear that both
SARSA and TD3 succeed in taking the kite to high-altitude regions, where the wind is stronger. This
behaviour is desirable in terms of energy production, as it results in high-power trajectories (Fig. 5),
and a quick unrolling of the tether.

Figure 4: Effective wind speed over 3 episodes using the policy learned by (A) SARSA (B) TD3

Figure 5: Power produced over 3 episodes using the policy learned by (A) SARSA (B) TD3
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A.2 Training details and hyperparameters

A.2.1 SARSA

SARSA can access three discrete state variables: the attack angle α, ranging between −8◦ and 20◦

(as in [6]), the bank angle ψ, ranging between −3◦ and 3◦, and the relative wind speed angle β, which
can take 10 discrete values between −π

2 and π
2 . At each decision step (every 0.1 s) the agent can

apply one of three actions (increase by one, keep still, decrease by one) on the two control variables
α and β, resulting in a total of 9 possible actions.

While learning, actions are chosen using an ϵ-greedy policy to favor exploration. The parameter ϵ is
initially set to 0.01 and later decayed using a power law scheduling through training. The same decay
schedule is used for the learning rate, which is initially set at 0.1.

A.2.2 TD3

TD3 uses the same state variables and the same ranges as SARSA, but in a continuous way. However,
at each decision step the actions of the agent are constrained so that the control variables α and β
cannot be varied by more than 1◦. The TD3 agent adopted in this work employs the same critic and
actor network architecture as in [15], a learning rate for both actor and critic of 0.001 and Adam
optimizer [20]. To favor exploration, Gaussian noise with mean 0 and standard deviation 0.2 is added
to the policy at training time.
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