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Motivation
I Current quadcopter stabilization is done using classical PID con-

trollers. They usually perform well expect for :
I Altitude control due to complex airflow interactions

present in the system
I when non-linearities are introduced, which is the case in

clustered environments.
I RL avoids creating manually-tuned control algorithms to com-

plete specific tasks.
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Abstract— The problem of balancing an inverted pendulum
on an unmanned aerial vehicle (UAV) has been achieved using
linear and nonlinear control approaches. However, to the best of
our knowledge, this problem has not been solved using learning
methods. On the other hand, the classical inverted pendulum is
a common benchmark problem to evaluate learning techniques.
In this paper we demonstrate a novel solution to the inverted
pendulum problem extended to UAVs, specifically quadrotors.
This complex system is underactuated and sensitive to small
acceleration changes of the quadrotor. The solution is provided
by reinforcement learning (RL), a platform commonly applied
to solve nonlinear control problems. We generate a control
policy to balance the pendulum using Continuous Action Fitted
Value Iteration (CAFVI) [1] which is a RL algorithm for high-
dimensional input-spaces. This technique combines learning of
both state and state-action value functions in an approximate
value iteration setting with continuous inputs. Simulations verify
the performance of the generated control policy for varying initial
conditions. The results show the control policy is computationally
fast enough to be appropriate of real-time control.

Index Terms— Aerial robotics, quadrotor control, inverted pen-
dulum, approximate value iteration, reinforcement learning.

I. INTRODUCTION

A pendulum on top of a quadrotor, Fig. 1, requires controls
to balance the pendulum and to stabilize the aerial vehicle.
Solving this complex problem offers insight into advanced
control strategies that can be considered for similar aerial
manipulation tasks. The flying inverted pendulum was first in-
troduced in [2] where it was solved designing linear controllers
for stabilization. However, the results indicated that a learning
approach could improve the system performance [2].

Reinforcement learning (RL) has grown as an effective
framework for control applications in recent years, due to its
ability to learn from available data rather than fully-understood
system models. For example, RL has been used to solve the
classical inverted pendulum control problem [3], [4]. Also,
iterative learning has improved quadrotor flips [5].

We previously employed RL for suspended load delivery
with a quadrotor [7], [8], [1]. Combining motion planning with
reinforcement learning, we generated collision-free trajectories
with minimal residual oscillations [9].

Our method for balancing a flying inverted pendulum is
based on a RL technique, Continuous Action Fitted Value
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Fig. 1. The inertial frame {W } and the body-fixed frame {B} for a
quadrotor balancing a pendulum.

Iteration (CAFVI) developed by Faust et al., [1]. CAFVI was
tested both in simulation and in experiments for the aerial
suspended cargo task. CAFVI is sample-efficient, needing only
a constant number of samples at every time-step to produce
a control input, and is consistent, meaning that the resulting
control input does not depend on the available samples. For
these characteristics we selected CAFVI as our learning al-
gorithm that learns the problem’s value function. Once the
value function is learned, convex sum policy [1] is used to
generate control input for the system starting at different initial
conditions.

The novel approach presented here decomposes the flying
inverted pendulum task into two subtasks, Initial Balancing
that places pendulum very close to upright position, and Bal-
anced Hover that slows down the quadrotor to a hover while
maintaining the upright inverted pendulum position. We learn
both tasks with CAFVI, and generate trajectories with the
convex sum policy also developed by Faust et al., [1]. The joint
controller, Flying Inverted Pendulum, sequentially combines the
two subtasks to solve the flying inverted pendulum. It produces
a control action that drives the system from an arbitrary
initial inverted pendulum displacement to a stable state where
the aerial vehicle hovers maintaining the inverted pendulum
minimally displaced from the upright position.

Dynamics of inverted pendulum on a quadcopter [2]

I Our approach builds an RL controller to balance an inverted
pendulum on a drone modelled with the dynamics shown in
[1].We aim to keep the drone stable at a position in 3D space
while balancing the pendulum even when perturbations such as
wind are introduced.

Problem definition
Three main parts constitute the project :
I The simulator of the quadcopter and inverted pendulum
I The reinforcement learning algorithm
I The reward function maximized by the RL algorithm
Once we have learned a controller using RL, the system evolves
as follows:

Controller

Coupled drone 
and pendulum 

dynamics
Action converter

A first approach: flying platform

We coded a Matlab simulator based on the copupled dynamics
outlined in the paper by Hehn et.al. [1]. To get a better under-
standing of how to solve this problem we started with a simplified
dynamics model:
I The state vector X is [x, y, z, ẋ, ẏ, ż, a, b, ȧ, ḃ] ∈ R10 (position

and velocity of the drone and the pendulum center of mass)
I The actions are the acceleration rates for the center of mass of

the drone: [ax, ay, az] ∈ R3. They were discretized into a 53

dimensional space.
I Time was updated discretely at 0.01 second intervals.
Solving strategy
I Since our state space is continuous, we approximate our value

function as V (s) = θᵀφ(s) where φ(s) is a high dimensional
feature mapping of our state space. We obtain the approxima-
tion V (s) using fitted value iteration.

I φ(s) is a combination of quadratic terms from s.
I Our reward function was simply −1, whenever the drone was

too far from the origin or the displacement of the center of mass
of the pendulum was too large, 0.01 otherwise.

Without perturbations
We first analyzed how the system evolved when we had no external
perturbations.

-0.6 -0.4 -0.2 0.2 0.4

x

-0.4

-0.2

0.2
y

Drone trajectory in the xy-plane

0 5 10 15 20 25 30

time

-0.8

-0.6

-0.4

-0.2

0

0.2

v
e

lo
c
it
y

Drone velocities in the xy-plane

x velocity

y velocity

0 5 10 15 20 25 30

time

0

0.2

0.4

0.6

0.8

d
is

ta
n

c
e

Distance of the drone to the origin

in the xy-plane

0 5 10 15 20 25 30

time

-0.4

-0.3

-0.2

-0.1

0
z

Drone altitude

-0.02 -0.01 0.01

x

-0.025

-0.02

-0.015

-0.01

-0.005

y

Pole COM with respect to drone COM

in the xy-plane

0 5 10 15 20 25 30

time

0

0.01

0.02

0.03

0.04

d
is

ta
n

c
e

Distance of the pole COM to the origin

in the xy-plane

Performance of the system without perturbations
With perturbations
When we introduced randomly distributed wind, our approach was
still able to stabilize the drone and keep the inverted pendulum
upright. We also observed the average action was compensating
for the added wind.

Incorporating full quadcopter dynamics

I The state vector X is [x, y, z, ẋ, ẏ, ż, α, β, γ, a, b, ȧ, ḃ] ∈ R13

(position and velocity of the drone and the pendulum center of
mass and the Euler angles).

I The actions are [a, wx, wy, wz] ∈ R4 (the mass normalized col-
lective thrust, rotational rates about the vehicle body axis).
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(a) Distance to origin without
perturbations
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(b) Distance to origin with
perturbations
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(c) Pendulum center of mass
displacement without perturbations
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(d) Pendulum center of mass
displacement with perturbations

Conclusions and Future Work
I The main difficulty was to find an appropriate reward function

and suitable feature mapping. An approach using deep learning
to find a better feature mapping could be explored.

I We hope to test our learned policy on a real drone.
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