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Abstract— One of the major challenges of model predictive
control (MPC) for robotic applications is the non-trivial weight
tuning process while crafting the objective function. This
process is often executed using the trial-and-error method by
the user. Consequently, the optimality of the weights and the
time required for the process become highly dependent on the
skill set and experience of the user. In this study, we present a
generic and user-independent framework which automates the
tuning process by reinforcement learning. The proposed method
shows competency in tuning a nonlinear MPC (NMPC) which
is employed for trajectory tracking control of aerial robots.
It explores the desirable weights within less than an hour in
iterative Gazebo simulations running on a standard desktop
computer. The real world experiments illustrate that the NMPC
weights explored by the proposed method result in a satisfactory
trajectory tracking performance.

I. INTRODUCTION

Model predictive control (MPC) has recently gained pop-
ularity for the control of aerospace systems, including mul-
ticopter unmanned aerial vehicles (UAVs) [1]–[5]. MPC is
able to simultaneously handle constraints and optimize per-
formance in a systematic and elegant manner via repetitive
online optimization [6]. Howbeit, one of the major obsta-
cles related to its implementation is its non-trivial tuning
process. Typically, MPC design procedure involves selection
of weighting parameters which reflect relative importance
of minimizing each variable in objective function. Mostly,
they are adjusted using the heuristic trial-and-error methods.
However, this cumbersome process takes significant amount
of trial time, while the quality of the obtained weights is
highly dependent on the skill set of the designer.

Many successful works have been reported in the literature
to tune MPC weights in a systematic way. For instance,
online/offline tuning rules, which are based on the fre-
quency domain analysis of the closed-loop MPC behavior,
are proposed in [7]. This method first identifies the most
dominating tunable parameters and later analyzes their effect
on the overall closed-loop performance. Another approach
for MPC tuning is given in [8], where an easy-to-use tuning
formulation is deduced. However, their approach is only
restricted to linear MPC without constraints, which further
requires the plant representation in a first order plus dead-
time model. This type of model representation is not suitable
for representing multicopter UAVs as their dynamics are of
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higher order as well as open-loop unstable. In addition to
offline tuning strategies, one amongst a few online tuning
methods is presented in [9], where an online adaptive tuning
strategy is proposed for the constrained linear MPC. In
this work, analytical expressions for computing the closed-
loop response sensitivity to the MPC tuning parameters are
devised. However, this method is not applicable to UAVs
as their dynamics are highly nonlinear wherein the closed-
loop response gradients cannot be represented in terms of
analytical expressions.

Apart from model-based tuning methodologies, machine
learning techniques have also been explored for MPC tuning.
In [10], a heuristic online tuning method for nonlinear MPC
(NMPC) is presented where the gradient computation to
determine the time propagation of the MPC parameters is
replaced with fuzzy logic. However, utilizing fuzzy logic
requires in-depth understanding of the underlying system
dynamics which may not be available for new or inexpert
practitioners. Recently, two other articles [11], [12] have
adopted reinforcement learning (RL) for NMPC tuning as
applied to UAVs. In the former, RL is utilized to tune NMPC
for various flight conditions that are encountered within
load transportation tasks, while in the latter, it is exploited
for computing NMPC weights wherein NMPC is used to
perform trajectory planning along with collision avoidance.
Nevertheless, both approaches are far from lending them-
selves to tune NMPC weights completely from scratch. In
addition, the applicability of these approaches for real world
experiments are yet to be investigated.

Unlike the tuning methods above, the main objective in
this study is to devise a technique which can substantially
reduce the time and effort to be dedicated by the human
user for (N)MPC tuning for real robotic systems. Thus,
as the main contribution, we propose a novel RL-based
framework for exploring the desirable (N)MPC weights in
an automated manner. Thanks to the adaptive disposition
of RL, the proposed framework is platform-independent and
can be utilized for tuning any robotic system ranging from
ground to aerial robots. As a case study, we demonstrate the
proposed method for tuning the weights of NMPC algorithm
which is employed for high-level position tracking control of
a quadrotor UAV. First, we create a realistic Gazebo model of
the UAV, and then, conduct iterative learning for the explo-
ration of the desirable NMPC weights on a standard desktop
computer for less than an hour. Thereafter, we proceed with
utilizing these weights on the real vehicle without any post-
tuning, and demonstrate a satisfactory trajectory tracking
performance.



This study is organized as follows: Section II discusses
the quadrotor dynamic model. Section III illustrates the
NMPC problem formulation along with the RL-based tuning
framework. Section IV presents statistical results for learning
over batched simulations and a qualitative benchmark study
on them. Thereafter, Section V validates the applicability
of the explored NMPC weights in real world experiments.
Lastly, Section VI draws conclusions from this study.

II. SYSTEM MODELING

The UAV used in this work is a quadrotor with ‘x-
configuration’. It is considered as a rigid-body having two
rotors in the front – front right rotor rotating counter-
clockwise and front left rotor rotating clockwise – and two
rotor at the back – back right rotor rotating clockwise and
back left rotor rotating counter-clockwise – as shown in
Fig. 1.

The translational kinematic equations, describing position
of the UAV, are obtained using the transformation from body
frame (FB) to Earth-fixed frame (FE ) [13]: ẋ

ẏ
ż

= REB

 u
v
w

 , (1)

where x, y, z represent the translational position which is
defined in frame FE ; u, v, w are the translational velocities
that are defined in frame FB; REB is the translation transfor-
mation matrix between frames FE and FB, and is expressed
as (c : cos, s : sin, t : tan):

REB =

 cθcψ sφsθcψ− sψcφ cφsθcψ + sφsψ

cθsψ sφsθsψ + cψcφ cφsθsψ− sφcψ

−sθ sφcθ cφcθ

 ,
(2)

where φ , θ , ψ represent rotational attitude of the UAV
defined in frame FE .

On the other hand, the rigid-body dynamic equations are
derived based on the Newton-Euler formulation in the body
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Fig. 1: Coordinate frame and sign conventions for the con-
sidered quadrotor UAV. Additional notation: τi is the torque
generated by ith rotor; τx, τy, τz are the external moments
about x-, y- and z-axes respectively.

coordinate system. The quadrotor is assumed to be a point
mass, wherein all the forces act at the CG [13]:

u̇ = rv−qw+gsin(θ)+
1
m

Fx, (3a)

v̇ = pw− ru−gsin(φ)cos(θ)+
1
m

Fy, (3b)

ẇ = qu− pv−gcos(φ)cos(θ)+
1
m

Fz, (3c)

where Fx, Fy, Fz are the total external forces acting on
the quadrotor body in frame FB. These external forces are
generated when a rotor (or propeller) is propelled through
the surrounding air. Using the momentum theory, a hovering
rotor can be modeled as: Fi = KF Ω2

i , where Fi is the force
generated by ith rotor with Ωi angular velocity. In addition,
KF is some positive intrinsic parameter of the rotor and is
commonly referred as the force coefficient. Moreover, with
respect to the quadrotor configuration shown in Fig. 1, the
expressions for total external force (Fext ) acting in FB frame,
is written as:

Fext =

 Fx
Fy
Fz

=

 0
0

F1 +F2 +F3 +F4

 . (4)

The constant intrinsic parameters for the DJI F330 Flame-
Wheel UAV in our laboratory are listed in Table I. While
the parameters such as mass (m) and arm length (l) are
directly measured, the thrust coefficient is evaluated based
on a simple experimentation. It involves measuring thrust
generated for various rotor RPMs and finding a simple
relation between thrust and RPM values using data fitting
techniques. One may refer [14] for details.

For the real-time dynamic optimization framework, the
nonlinear quadrotor model is discretized based on direct
multiple shooting method, utilizing a shooting grid size of
∆ts = 0.01s. In addition, the explicit Runge-Kutta 4th order
integrator, with 2 steps per shooting interval is incorporated.
Finally, the discretized nonlinear model of the quadrotor
UAV can be represented as:

xk+1 = fd(xk,uk), (5)
zk = h(xk,uk), (6)

where the state and control vectors, x∈Rnx and u∈Rnu are:

x= [x,y,z,u,v,w]T , u= [φ ,θ ,ψ,Fz]
T , (7)

and z ∈ Rnx is the measurement vector. Also, the state and
measurement functions are denoted by fd(·, ·):Rnx×Rnu −→
Rnx and h(·, ·):Rnx ×Rnu −→ Rnx , respectively.

Remark 1: Since the presented algorithm is not utilized
to perform the low-level (attitude) control for the UAV, the
rotational kinematic and dynamic equations are omitted in
this study.

TABLE I: DJI F330 FlameWheel quadrotor intrinsic param-
eters.

Par. Description Value
m Mass of quadrotor UAV 1.25kg
l Moment arm 0.233m

K f Aerodynamic force coefficient 4.209 × 10−4N− s2



III. REINFORCEMENT LEARNING-BASED TUNING OF
NONLINEAR MODEL PREDICTIVE CONTROLLER

A. Nonlinear Model Predictive Control

(N)MPC computes an optimum current control action by
optimizing model’s behavior over a finite prediction horizon
(Nc). The optimal forecast of the system behavior results
from an open-loop online optimization, represented in the
form of a constrained, finite horizon, optimal control problem
(OCP). The solution of this open-loop OCP for the current
system’s state and at the current time instant results in an
optimal sequence of control actions; the first term of which
is then regarded as the optimal control action [6].

For our trajectory tracking application similar to [15],
we formulate the parametric OCP for NMPC in the form
of a least square function that penalizes the deviations of
predicted state and control trajectories from their specified
references, over the given prediction horizon window (t j ≤
t ≤ t j+Nc ). In discrete time, the optimization problem is of
the form:

min
xk,uk

1
2

{ j+Nc−1

∑
k= j

(∥∥∥xk−xref
k

∥∥∥2

Wx

+
∥∥∥uk−uref

k

∥∥∥2

Wu

)
+

∥∥∥xNc −xref
Nc

∥∥∥2

WNc

}
(8a)

s.t. x j = x̂ j, (8b)
xk+1 = fd(xk,uk), k = j, · · · , j+Nc−1, (8c)
xk,min ≤ xk ≤ xk,max, k = j, · · · , j+Nc, (8d)
uk,min ≤ uk ≤ uk,max, k = j, · · · , j+Nc−1, (8e)

where xk ∈Rnx is the differential state, uk ∈Rnu is the control
input and x̂ j ∈Rnx is the current state estimate; time-varying
state and control references are denoted by xref

k and uref
k ,

respectively; terminal state reference is xref
Nc

; Wx ∈ Rnx×nx ,
Wu ∈Rnu×nu and WNc ∈Rnx×nx are the corresponding weight
matrices, which are assumed constant for this application.
Furthermore, xk,min ≤ xk,max ∈Rnx and uk,min ≤ uk,max ∈Rnu ,
specify the lower and upper bounds on the states and control
inputs, respectively.

Implementation of NMPC for Position Tracking: Utilizing
the current feedback of other states, NMPC computes the op-
timized solution for the control input in terms of total thrust
and attitude angles. This optimized solution is then passed
to the low-level controller as a desired setpoint. Moreover,
the low-level attitude controller is selected as a proportional-
integral-derivative (PID) controller, which is designed in-
dividually for each axis with the control vector uPID =
[Ω1,Ω2,Ω3,µ]

T . Moreover, the overall control scheme is
summarized within the UAV block of the schematic diagram
shown in Fig. 2.

The state, control, and measurement vectors for the posi-
tion tracking NMPC are composed of:

xNMPC = [x,y,z,u,v,w]T , uNMPC = [φ ,θ ,ψ,Fz]
T , (9a)

zNMPC = xNMPC (9b)

and the following state and control reference trajectories are
selected for the optimization problem of NMPC:

xref = [xr,yr,zr,0,0,0]
T , uref = [0,0,0,mg]T , (10)

where m and g are mass and gravitational constant, re-
spectively. It is to be noted that for the OCP formulation
of NMPC, the parameterization of the nonlinear model (in
translation) is also done with respect to p, q and r. Hence, the
three rotational rates are fed to NMPC along with the other
states, as also illustrated in Fig. 2. Some input constraints
are imposed in the definition of NMPC in order to achieve
a stable behavior from the low-level controller:

0.5mg (N)≤Fz ≤ 1.5mg (N), (11a)
−35 (◦)≤φ ≤ 35 (◦), (11b)
−35 (◦)≤θ ≤ 35 (◦). (11c)

While the weight matrices Wx and Wu are tuned by RL,
the terminal weight WNc is selected as: WNc = 1.3×Wx, in
order to maintain the stability of NMPC. Furthermore, the
prediction window Nc = 30, is selected to facilitate the real-
time applicability of the control framework.

B. Reinforcement Learning

RL is a nature-inspired, experience-based, learning method
which has three main elements such as state, action, and
reward. Agent makes a selection among possible actions, it
observes state and reward as a consequence of its action, and
it makes a new decision using them. The aim of the agent
is to find the actions which maximize the rewards [16].

In this work, we adapt incremental RL technique for
episodic learning of NMPC weights. Incremental RL is a
desirable choice for episodic learning tasks [17] since it
provides computationally efficient learning, as the rewards
obtained in each episode can be used directly for updating
the Q-values, without the need of an excessive memory [16].
The Q-update rule for incremental RL is given as:

Qn+1(s,a) = Qn(s,a)+
1
n
(Rn−Qn(s,a)) , (12)

where Qn(s,a) is the current Q-value for the action a taken
at the state s. The symbol n represents the number of visits to
the action a while Rn is the observed reward, and Qn+1(s,a)
is the updated Q-value for the state-action (s−a) pair.

In our proposed algorithm, state s, is defined as the flight
mode of the quadrotor. There are two flight modes of interest
such as ‘hover’ and ‘move-to-a-setpoint’ in this work. In
hover mode, the vehicle tries to maintain its original position,
whereas in move-to-a-setpoint mode, it tries to navigate to
a pre-defined setpoint as fast as possible. Action a, on the
other hand, is defined as the NMPC weight sets (Wx, Wu)
where the action space is bounded as follows:

Wx ∈ diag([O(102)]1×3, [O(10−1)]1×3),

Wu ∈ diag([O(102)]1×3,O(10−2)),
(13)

while O represents the order of magnitude in the above
equation. As regards to reward R, it is defined by certain
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Fig. 2: RL-based tuning framework for NMPC which is employed as a position controller for the quadrotor UAV.

characteristics such as position error, rate of change of
position error, jerk, or combinations thereof, details of which
are provided in the Section III-B.

Implementation of the Learning Algorithm: Learning,
which is represented by the RL module block within Fig. 2,
mainly consists of two stages. In the first stage, the quadrotor
is deployed with hover mode, and a broad set of weights
which can hold the vehicle in the air safely are explored. In
the second stage, the quadrotor is deployed with move-to-a-
setpoint mode, and new weights are learned for a desirable
transient response of the vehicle by directing the search
towards the weights obtained in the first stage1. In this vein,
while the weight sets explored in the first stage provide rough
guidelines for the second stage, the second stage functions
as the ultimate decision-maker to converge to a few set of
weights which result in a favorable flight performance during
trajectory tracking. The performance is evaluated based on
the reward function which is expressed as:

R = f (Re,Rė,R jerk,Ress),

Re,Rė,R jerk,Ress ∈ SR,

SR = {x : x ∈ R, 1≤ x≤ 100 ∨ x =−100},
(14)

where Re, Rė, R jerk, and Ress represent the rewards obtained
upon the evaluation of the four characteristics, i.e., position
error, rate of change of position error, jerk, and steady-state
position error, respectively. The details of each element of
the reward function are given as:

RE =


100, for E <

Emax

100
Emax

E
, for

Emax

100
≤ E ≤ Emax

−100, for Emax < E,

(15)

where E indicates the criteria of interest. While the param-
eters Emax can be chosen diversely based on the specific
needs of the applications, they are selected for two different

1New weights are searched within 10% variance of the desirable weights
obtained in Stage 1 (see the red arrow in Fig. 2).

TABLE II: Design parameters for Stage 1.

Parameter (max) x y z
Position error 0.1m 0.1m 0.05m
Velocity error 0.01m/s 0.01m/s 0.005m/s

Jerk 0.5m/s3 0.5m/s3 0.5m/s3

Steady state position error 0.1m 0.1m 0.05m

TABLE III: Design parameters for Stage 2.

Parameter (max) x y z
Position error 0.25m 0.25m 0.1m
Velocity error 0.2m/s 0.2m/s 0.12m/s

Jerk 5m/s3 5m/s3 8m/s3

Steady state position error 0.05m 0.05m 0.03m

stages as given in Tables II and III in this work. We set
the first three parameters in an acceptable region for stable
hover in Stage 1, and we relax them in Stage 2 for move-
to-a-point configuration because those criteria generally have
higher values when the vehicle navigates. The only parameter
restricted when proceeding from Stage 1 to 2 is essmax since
it yields similar values for two different flight modes, and
it is desired to search for better NMPC weights in Stage 2,
based upon the ones obtained in Stage 1.

The maximum number of episodes for both stages is kept
as the same. Actions are governed by ε-greedy method.
While the ε-greedy policy is initialized as 1.0 and annealed
linearly with the episode number for the first half of each
stage, it is kept as constant for the second half [18]. The
states and actions together with their respective rewards are
stored in a Q look-up table whose maximum dimension is
equal to total number episodes since the episodic learning is
employed in this work.

IV. SIMULATIONS

For the iterative simulations, we create a realistic model
of our quadrotor UAV in Gazebo by exploiting the identified
parameters in Section II. We repeat each simulation ten
times in order to statistically validate our approach. We
compare four different reward functions which are proposed,
examined, and assessed throughout the search for the best



evaluation criteria for NMPC weight tuning in this study.
After obtaining the desirable weight sets, we benchmark
them qualitatively for a square-shaped trajectory tracking.

A. Learning

Through the search for the best assessment criteria of
NMPC weights, we generate four different reward function
candidates. Starting from position error, we enrich the reward
function by adding rate of change of position error, jerk, and
steady state position error criteria at each step gradually. We
assign these reward functions to four different agents:

Ri =


f (Re), for i = 1
f (Re,Rė), for i = 2
f (Re,Rė,R jerk), for i = 3
f (Re,Rė,R jerk,Ress), for i = 4,

(16)

where Ri represents the reward function for the Agent(i).
The agents are deployed for two-stage learning. Each

stage includes 50 episodes. The actions of the agents are
governed by the ε-greedy policy which is initialized as
1.0 and annealed to 0.5 for Stage 1, 0.3 for Stage 2. The
motivation for this selection is to converge to only a few
sets of highly desirable NMPC weights at the end of two
stages by focusing the search without compromising on the
exploration. There is no prior knowledge provided to the
agents other than the action space given in (13).

Average number of desirable NMPC weights obtained by
the agents is illustrated in Fig. 3. Since the complexity of
the reward function increases from Agent(1) to Agent(4),
the latter explores the least number of desirable NMPC
weights. It needs to satisfy more criteria simultaneously
which results in a lower quantitative performance. The same
quantitative performance applies for all the agents proceeding
from Stage 1 to 2. As depicted in Fig. 3, the number of
the desirable NMPC weights decreases more than a half
for each agent while moving from Stage 1 to 2. Since it
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Fig. 3: Average number of desirable NMPC weight sets
obtained by different agents.
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Fig. 4: Average rewards obtained by different agents in Stage
1 on the left, in Stage 2 on the right.

is relatively easier for the quadrotor to hover as compared
to moving to a particular setpoint, the agents satisfy their
respective criteria more easily. In the same vein, they acquire
a higher number of desirable weights and positive rewards
accordingly, as depicted in Fig. 4. However, there is a trade-
off between the number of the weight sets obtained and the
flight performance with those sets as discussed in the next
subsection.

B. Benchmark

After exploring the NMPC weight sets by different agents,
we deploy the quadrotor using these weights for a benchmark
study. Unlike the previous subsection, here we present a
qualitative discussion. The quadrotor follows a square-shaped
trajectory with challenging jumps of 2m from one setpoint to
another. We utilize all the weights obtained during learning
for each agent, and assess the performance of them based on
the averaged mean Euclidean error1. As can be seen in Fig. 5,
Agent(4) yields the least averaged error over the trajectory.
The NMPC weights explored by Agent(4) are competent on
executing sudden jumps precisely, thanks to Ress component
of its reward function. Some NMPC weight sets explored by
the other agents are also able to yield desirable performance
but degraded performance is also present with the other
weights obtained by those agents. The reason for these
results is that, from Agent(1) to Agent(4), the assessment of
the NMPC weights become more strict with added criteria.
While Agent(1) explores the widest set of NMPC weights
which includes both favorable and unfavorable weights for
realistic flight conditions, Agent(4) searches only for the ones
which satisfy all the four criteria simultaneously. Therefore,
it is able to explore more reliable weights at the end of the
training. This outcome is also depicted in Table IV, where
we define a failure criteria for the quadrotor as an altitude
drop of 1.2m and a horizontal deviation of 5m from the
nominal path. In this vein, Agent(4) yields the safest weight
sets without failure. All the other agents have some degree of

1In this application, we consider the tracking error to be the distance
between the current position and the corresponding closest point on the
trajectory.

TABLE IV: Failure percentages for different agents.

Agent(1) Agent(2) Agent(3) Agent(4)
Failure percentage 19.6% 10.3% 11.1% 0%
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Fig. 5: Mean Euclidean error calculated using median for
different agents.



failure. These results validate the reward function of Agent(4)
for exploring reliable NMPC weight sets.

V. EXPERIMENTS

After selecting the most desirable reward function for
training, we utilize the NMPC weights obtained over a single
run of learning with Agent(4) for a real flight in OptiTrack
Lab at Nanyang Technological University. Similar to the
benchmark study in the previous section, we deploy the
quadrotor for tracking a square-shaped trajectory with sudden
jumps of 1m. The agent converges to two weight sets at the
end of 2-stage learning with 50 episodes in each stage, within
40 minutes on a Dell Precision Tower 5810 desktop com-
puter, where the two weight sets are (i) weight set 1: Wx =
diag(40.06,39.3486,64.2519,0.8437,0.8626,0.7841), Wu =
diag(50.194,45.5608,39.916,0.0393), and (ii) weight set 2:
Wx = diag(12.304,13.5076,44.929,0.6657,0.6759,0.4969),
Wu = diag(13.069,13.006,50.455,0.0788).

As can be seen from Fig. 6, both NMPC weight sets yield
a satisfactory performance in terms of trajectory tracking.
The deviation levels in the horizontal plane are in the
range of a few centimeters for the second weight set. The
low deviation in the altitude also demonstrates a sufficient
tracking. Among the two weight sets, while the second one
has better performance in precision, the first one yields faster
maneuvers. At this point, it is user’s decision to choose
either of the weight sets based upon the specific needs of
the application of interest. As demonstrated, our learning
framework is able to provide a few desirable NMPC weight
sets within 40 minutes of training without requiring any
human effort to tune NMPC weights or any prior knowledge
other than the orders of magnitude of the NMPC weights.

VI. CONCLUSION

In this paper, we present a novel, automated tuning frame-
work for (N)MPC in order to decrease the time and effort
to be put by the human user. The incorporated RL technique
facilitates a generic and system-independent tuning process.
As a case study, we tested the proposed method for tuning of
NMPC which is employed for position tracking of quadrotor
UAV. The results have validated the computational efficiency
of the proposed method as it obtains the desirable weights
within less than an hour from the iterative Gazebo simula-
tions running in a standard desktop computer. What is more,
the real world experiments have demonstrated the direct
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Fig. 6: Square-shaped trajectory tracking results on the left,
Euclidean error on the right.

applicability of the weights obtained from simulation while
resulting in a satisfactory trajectory tracking performance.
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