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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).
The actions are [a, wx, wy , wz ] ∈ R4 (the mass normalized collective thrust, rotational rates about the vehicle body axis).
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Fig. 1. The inertial frame {W } and the body-fixed frame {B } for a
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We coded a Matlab simulator based on the copupled dynamics
outlined in the paper by Hehn et.al. [1]. To get a better understanding of how to solve this problem we started with a simplified
dynamics model:
10
I The state vector X is [x, y, z, ẋ, ẏ, ż, a, b, ȧ, ḃ] ∈ R
(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) = θ|φ(s) where φ(s) is a high dimensional
feature mapping of our state space. We obtain the approximation 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.
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Incorporating full quadcopter dynamics
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A first approach: flying platform
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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.
We hope to test our learned policy on a real drone.

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.
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