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Robust Sensitivity-Aware Chance-Constrained MPC

for Efficient Handling of Multiple Uncertainty Sources

James Zhu, Thierry Simeon, Marco Cognetti

Abstract—Robust motion planning under uncertainty is critical
for unlocking real-world robotics applications. This paper intro-
duces SupeR-MPC, a computationally-efficient, sensitivity-aware,
chance-constrained optimization framework that systematically
accounts for multiple sources of uncertainty, including state esti-
mation error, model parameter uncertainty, obstacle localization
error, and process noise. This approach advances sensitivity-
aware robust control by integrating chance-constrained opti-
mization to handle the uncertainty models of Kalman-filtering
methods. To demonstrate robustness against multiple uncertainty
sources, SupeR-MPC was validated on a range of systems and
environments, from a simple 2D example to a multi-agent dy-
namic obstacle avoidance scenario. Comparisons against existing
MPC methods show that SupeR-MPC significantly improves
constraint satisfaction and robustness while maintaining real-time
computational efficiency. These results highlight the effectiveness
of sensitivity-aware chance constraints in enhancing real-world
robotic decision-making under uncertainty.

Index Terms—Planning under Uncertainty, Robust/Adaptive
Control, Optimization and Optimal Control

I. INTRODUCTION

DVANCEMENTS in mobile robotics have fueled grow-

ing interest in deploying robots for real-world applica-
tions such as manufacturing [1], logistics [2], and personal as-
sistance [3]. To operate reliably in these environments, robots
must handle a range of uncertainties stemming from factors
such as imperfect state estimation, model inaccuracies, and
unpredictable agents [4,5]. Modern estimation, mapping, and
prediction techniques allow robots to model their environments
while characterizing the level of uncertainty arising from sen-
sor bias and variance or inaccuracies in the dynamics model.
For instance, the Kalman filter [6] provides a mean estimate
and a covariance matrix that approximates uncertainty.

This work investigates how to explicitly account for uncer-
tainties arising from Kalman filter-based estimates of state,
model parameters, and obstacle localization within a robust
planning framework. Kalman-based estimation can be chal-
lenging to integrate into robust control methods because its
unbounded Gaussian nature prevents any strict guarantees of
safety. However, this estimated information often provides
the most accurate prior to plan trajectories that are safe but
not overly conservative. This work introduces Super-Robust
Model-Predictive Control (SupeR-MPC), a novel trajectory
planning framework that propagates Gaussian uncertainty es-
timates to solve a chance-constrained robust control problem.
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Fig. 1: SupeR-MPC enables robust trajectory planning despite
uncertainties in the state estimate and mass properties of the
ego quadrotor (orange), and the state estimate of the dynamic
obstacle (black). The target position is shown in blue. At
each iteration, SupeR-MPC propagates uncertainty to perform
robust collision checks using chance constraints. In (a) and (b),
the deterministic MPC trajectory fails these checks (red stars)
and SupeR-MPC seeks a safer path. When it is safe, as in (c)
and (d), it reverts to the optimal deterministic plan. SupeR-
MPC successfully completed 20/20 trials.

This method draws from estimation data to model uncertainty
more accurately compared to approaches that employ prede-
fined uncertainty approximations, while being more effective
than sampling-based methods in allowing for real-time on-
board deployment on a computationally-limited robot. SupeR-
MPC provides the following contributions:

1) Draws from real-time estimates of system state, model
parameters, process noise, etc., to establish accurate
priors of uncertainty.

2) Leverages sensitivity analysis [7] to efficiently propagate
initial priors and quantify their effect over time, allowing
for dynamic estimation of future uncertainty.

3) Uses a chance-constrained optimization framework [8]
to approximate the probability of constraint violations,
enabling robots to balance safety with performance.

We present several experiments to validate the utility of this
method, including a multi-agent navigation environment where
an ego quadrotor must safely avoid a dynamic obstacle under
the presence of a mass disturbance and state estimation error
of both the ego agent and obstacle, Fig. 1.
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II. RELATED WORKS

In control theory, certain canonical methods have demon-
strated robustness to disturbances without requiring an ex-
plicit uncertainty model. For example, the PID controller
[9] incorporates integral and derivative feedback terms to
attenuate low- and high-frequency disturbances, respectively.
Model-Predictive Control (MPC) [10] provides robustness
by repeatedly solving an optimization problem over a finite
horizon, reacting to disturbances in real time. However, neither
approach explicitly reasons about uncertainty, limiting their
safety in highly uncertain environments.

A more explicit approach to robustness is to incorporate
a predefined uncertainty distribution into system dynamics,
such as Gaussian noise [11,12], a uniform bounded distribution
[13,14], or a discrete set of possible disturbances [15]. While
these methods can improve resilience to uncertainty, they as-
sume that the chosen distribution accurately reflects real-world
disturbances. In practice, a mismatch between the assumed and
actual uncertainty distributions can lead to either insufficient
robustness or excessive conservativeness. Instead, adapting
uncertainty models in real-time based on sensor measurements
and estimation algorithms reduces the need for ad-hoc tuning
of uncertainty distributions.

Another challenge for many robust control methods is that
different sources of uncertainty affect the robot’s future states
in different ways, requiring approaches that can reason about
them simultaneously. Many works have demonstrated robust
planning by propagating uncertainty through system dynamics
[7,16,17], but work integrating different uncertainty sources
together has been limited. Sampling-based methods [18-21]
accurately propagate non-Gaussian distributions through non-
linear dynamics and could be used to propagate any number
of uncertainty sources. However, they require a large number
of sample trajectories that often leverage GPU-based parallel
computing, which may not be feasible for computationally-
limited systems like small quadrotors. Additionally, works in
adaptive control aim to learn and adapt to unmodeled system
dynamics like quadrotor ground effects and wind [22,23].
While adaptive control techniques can improve dynamics
models under multiple unmodeled disturbances, such as in
[24], they only capture the mean of the uncertainty and not its
full distribution.

The proposed Super-Robust MPC (SupeR-MPC) method
aims to provide a more unified framework for efficiently
reasoning about multiple uncertainty sources simultaneously.
In particular, we demonstrate its effectiveness in a multi-
agent environment, where an ego quadrotor navigates robustly
despite uncertainties in state estimation, dynamic obstacle
prediction, and model parameters. To the best of our knowl-
edge, this is the first approach that explicitly integrates these
diverse uncertainties into a single robust control framework
on a computationally-limited system. SupeR-MPC maintains
robustness without excessive conservativeness and compu-
tational demands, effectively bridging gaps in prior robust
control approaches.

III. PROBLEM DEFINITION

Consider a discrete dynamical system with state dynamics

T = f(Tr—1,Uk—1,P) + Wr_1 )]

where x;, € R" represents the system state at timestep k,
ur € R™ is the corresponding control input, and p € R"»
is a vector of uncertain model parameters assumed to be
constant. The process noise wjy, follows a multivariate Gaussian
distribution, A (0, 39), with zero mean and covariance 39,

We assume the system is equipped with a Kalman-type
observer, such as an unscented Kalman filter (UKF) [25],
which estimates both the state &, € R" and the model
parameters py € R™», along with their associated covariances,
337 € R™= "= and 3P € R™ *"», respectively.

Given a reference state & and feedforward input uy, define
a tracking controller that acts on the estimated state:

uy = Ui + g(Tk, Tp) 2

For a finite time horizon of NV timesteps and initial estimates
& and Py, the optimal control problem considered in this work
is the following:

N—1
Comin = On(@EN) + Y (@) 3)
Lo:N,UO: N —1 k=0
where &g = &g 4

vk e (0,N] (5)
Vke[0,N]  (6)
Vke[o,N) (D)

T = f(Tr—1,Uk—1,P0)
Pr(ze ¢ CF) > 16,
Pr(ug ¢ CY) > 1 — 6,

where J is the cost function to be minimized and /5 and
l, are the nonlinear terminal and stage costs, respectively.
(4) and (5) are the constraints on the initial condition and
dynamics, utilizing the state and parameter estimates available
at the initial timestep. (6) and (7) are the chance constraints
for collision and input saturation, respectively, and are de-
scribed in detail in Sec. V. As will be discussed, deterministic
constraints xx ¢ C; and up ¢ C}' can be recovered when
6, = 0, = 0.5. The notation Zy.ny and wg.y_1 indicates
that the solution to the optimal control problem generates
the reference trajectory and feedforward control inputs to be
tracked. As the estimates are updated, MPC will repeatedly
solve the optimal control problem.

IV. SENSITIVITY ANALYSIS

This work aims to analyze how uncertainties in modeling
and estimation influence the state and input uncertainty of
a planned trajectory. Specifically, we consider three common
sources of uncertainty: 1) state estimation errors, 2) parameter
variations, and 3) process noise in the dynamics model.
We rely on a Gaussian approximation of uncertainties and
linearization of the dynamics, which sacrifices some accu-
racy in favor of computational tractability. We believe this
choice is not overly harmful for many real-world applications,
as Gaussian-based Kalman-filtering estimation and linearized
feedback control are widespread in the field.

Denote &, and py as the state and parameter estimates
provided to the MPC solver at the initialization of an execution
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to solve (3). 25 and ﬁ:g represent the respective covariance
matrices of the estimates. Over a time horizon N, we aim to
compute the trajectory uncertainties of the state and inputs,
25: N and 231 > which represent the propagation of initial
uncertainties over the trajectory. Given a feedforward sequence
of inputs wg.y_1, define the reference trajectory xo.n as the
rollout of &( based on wg.ny_1 and Py, such that for any integer
k € (0, N],

Z, = f(Th—1,Uk—1,D0) 8

where &g = @g. Note that the effect of future measurements
are not considered in the planning stage, so we assume the
estimates read at the beginning of the MPC execution are used
for the entire time horizon.

In general, py is an imperfect estimate of the true parameter
vector p:

P = Po + dpo )

Given the true value of p, the estimate trajectory dynamics
are a function of the closed-loop feedback input w1 =

g(@p—1,&Tp—1):

Ty = f(@p—1,Up—1 + g(&r—1,&—1),P0 +0po) (10)

In the case where dpy = 0, & = @y, for all k£ > 0.
If there is also error in the initial state estimation, the true
initial state oy can be expressed as:

Ty = Lo + dxo

Y

The true trajectory then has dynamics that evolve according
to the true initial state and true parameters:

T = f(Tr—1+0Tp_1,Up—1 + g(Er—1,Tr—1),Po + 0Po)
(12)

Because the true state is unmeasured and unknown, it is
impossible to perform feedback control on the true state. Thus,
the feedback actions in (12) and (10) are equivalent:

Up—1 = Up—1 = Uk—1 + G(Tx—1, Tx—1) (13)

In order to safely control xj at every timestep, we aim
to understand the sensitivity of aj with respect to initial
variations resulting from state and parameter estimate error:

. 8£Bk
vy = 920 (14)
II, = % (15)
dpo

We can approach deriving these matrices with a chain rule
expansion. First, regarding (14), note that the dynamics law
in (12) does not contain any dependency on dxj_1 within the
terms @yx_1 + g(&p_1,&x_1) and Py + dpp. As a result,

dzy  Of
aﬂ?k—l_

(16)
8ﬂ3k—1 (r—1,ur—1,p)=(@r—1,%r_1,P0)
where the linearization is taken around the zero-variation
reference state, input, and parameters (Zx_1,Ux—1,Po). All
derivatives in this section will be linearized around this point,
so we will drop the notation for readability.

W, can then be defined recursively as:

om, __of

\P = =
g 8580 8mk_1

U 1, ¥9=1I (17
where the initial condition stems from the fact that ‘9:”0 =1
Now considering (15), the chain rule expansion 1s shghtly

more complex. Consider that

8f 0xp_1

Omi _
Opo Oxp—1 Opo

of 8uk-_1 of
8uk,1 8p0 a Po

I, = (18)

where the input sensitivity @;_; = 6;;;1

rule expansion:

has its own chain

Oup_1 _ 0g Oxp_q
Opo Oxp_1 Opo

Note that under linear feedback control, dg/0x_1 is exactly
the feedback gain matrix Kj,_; that is used during execution
for feedback control of the tracking error.

Some simple algebra yields another recursive equation:

Op_ = 19)

of of of
I, =——1II,_1+ e + , IIy=0
kamk_lklak_lklao 0
Jg
=11
Gk 8([1k k
(20)

The initial condition in this case is derived from g—zg =0

This derivation of the state and input sensitivities with re-
spect to parameter variation mirrors prior work in sensitivity
analysis, which has been leveraged to design robust controllers
under parametric uncertainty [13,16]. However, to the authors’
knowledge, this is the first presentation of state sensitivity with
respect to state estimation error.

Finally, process noise uncertainty does not require sensitiv-
ity analysis because process noise is modeled as an additive
term to the dynamics. At tlmestep k, the uncertainty in state
contributed by process noise is E = k39,

Now we can compute the trajectory uncertainties 26": N and
5)6‘: n as the sum of covariance propagations:

21
(22)

27 = U 220 + IS 4 k3@
¥ = @,3ref

V. CHANCE CONSTRAINTS

Chance-constrained optimization is a well-studied approach
in the literature and has been applied to trajectory planning
under state estimation errors, dynamic obstacle uncertainty,
and more [8,11,26-29]. This work primarily builds on the
formulation presented in [8] due to its balance of accuracy
and computational simplicity.

In general, a chance constraint imposes a probabilistic
bound on constraint satisfaction by ensuring that the random
variable @ ~ N (&,3) lies outside a constraint region C with

at least a specified probability:
Prlx ¢C)>1-§ (23)

where 0 < § <1 is the probability threshold parameter. Note
that each chance constraint can be assigned an independently
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chosen threshold parameter, though throughout this section we
will use the generic variable 6.

In this work, we consider two classes of chance constraints.
The first is a linear chance constraint, defined as Pr(aT:c >
b) > 1 — ¢ where a has the same dimension as x and b is a
scalar. The corresponding constraint region is

C={z|a"z < b} (24)

A common approach to handling chance constraints is to
convert them into deterministic constraints [30]. Following the
derivation in [8], the deterministic equivalent for this class of
constraints is

a’& —b>erf 11 -26)V2aT3a

where erf(z) =

(25)

% Iy e~t"dt is the standard error function.
In the limit case as & — 0, erf '(1 — 26) — oo due to
the unboundedness of the Gaussian distribution. Conversely,
as § — 0.5, erf '(1 — 26) — 0, collapsing into a standard
deterministic constraint on the mean. In robotics applications,
linear chance constraints can model input limits and linear
obstacles such as walls.

The second class of chance constraints considered in this
work models collision avoidance between two circular or
spherical bodies. Let the Cartesian position vectors of the two
bodies be ¢; ~ N (¢;,3;) and ¢; ~ N(¢;,3;) with respective
radii 1 and r9. Approximating the collision region as a half-
space, define

CY = {x;]a” (c

G — Cj) < T} (26)

where a = (éz — é])/Héz — é]” and r = r; + Tj.
The deterministic formulation of the chance constraint is
a’ (e —¢j) —r>erf (1 -20)

al(Z; +3)a (27

VI. SUPER-ROBUST MPC

In this section, we introduce a novel framework for robust
trajectory planning under multiple sources of probabilistic
uncertainty called Super-Robust MPC, or SupeR-MPC. Our
approach extends the safe planning capabilities of Sensitivity-
Aware Tube MPC [14], which handles bounded perturba-
tions in model parameters. However, a bounded parameter
distribution is not compatible with Gaussian estimates that
are provided by Kalman-filter methods, limiting the utility
of [14] in real-world applications. Thus, we improve upon
[14] by integrating sensitivity analysis with chance-constrained
optimization, enabling robustness not only to model parameter
variations but also to general classes of Gaussian uncertainties,
such as state estimation errors, dynamic obstacle localization,
and process noise.

Broadly speaking, MPC works by constantly replanning
trajectories over the course of a deployment. As new measure-
ments are processed by the state estimators, MPC can rapidly
adapt its plan to handle unforeseen disturbances [10]. SupeR-
MPC makes use of this structure to solve the sensitivity-
aware, chance-constrained trajectory planning problem while
maintaining real-time computational performance with strate-
gies like warm-starting. Algorithm 1 outlines the structure of

Algorithm 1 SupeR-MPC

1: @0, po, 35, = + UPDATEESTIMATE()

2: &, u, A, fi < SOLVEDETERMINISTIC(Z0,P0)

3: K* <~ COMPUTEGAINS(Z, u, A, f1) o ~

4: 3%, X" <~ COMPUTESENSITIVITIES(Z, &, 337, 35 K?®)
5: W < COMPUTEDERIVATIVES(Z, @, X%, X%)

6: while running do

7: 2o, Po, ) 2" < UPDATEESTIMATE()

8: z, u, }\ o+~ SOLVE(:BO, Do, W)

9: SENDCOMMAND(uo)

10: N TR SR TR SHIFTSOLUTION(:I: a, A, f1)

11: K’” — COMPUTEGAINS(:I: w*, A", ")

12: DILD Yoo COMPUTESENSITIVITIES(:): u* 20, zg, K®)
13: W <+ COMPUTEDERIVATIVES(Z*, @*, 3%, %)

the SupeR-MPC method, which is further detailed below.
For readability, trajectory-wise subscripts such as 0 : N and
0: N —1 are omitted in Algorithm 1 but are included in the
subsequent discussion.

Prior to task execution, the algorithm initializes by generat-
ing a warm-start trajectory to feed to the online MPC. Warm-
starting is a common strategy to make MPC more efficient and
reliable by leveraging the fact that successive trajectory plans
are typically similar, apart from a time shift [31]. By warm-
starting each MPC execution with the previous solution shifted
forward, solver convergence can be significantly accelerated.
Many MPC optimization packages natively incorporate the
warm-starting method, such as Prox-QP [32], which is utilized
in this work.

The initial warm-start procedure begins with the func-
tion UPDATEESTIMATE retrieving mean and covariance es-
timates for the state and parameters from the estimator.
Then, SOLVEDETERMINISTIC solves (3) deterministically,
disregarding sensitivity analysis. As discussed in Sec. V, this
is equivalent to setting 9, = J,, = 0.5. This step produces
a nominal trajectory of states &o.n, inputs wg.ny—1, primal
variables 5\0: N, and dual variables fig.n .

Next, the algorithm computes trajectory uncertainties (21)
and (22). As mentioned in Sec. IV, in order to accomplish
this, MPC must first estimate the feedback gains I~{§: N1
equivalent to dg/0xi_1 in (19). These can be efficiently
solved by leveraging the primal-dual structure of modern
optimization solvers. A solver like Prox-QP ensures optimality
by operating on both primal variables A and dual variables
ft, which can also be utilized to compute future feedback
gains, as derived in [14]. This procedure is performed by
COMPUTEGAINS which returns K2 ;.

Then, COMPUTESENSITIVITIES calculates 3%, and
>u v, according to (21) and (22), based on the derivation
in Sec. IV. Finally, COMPUTEDERIVATIVES seeds the solver
with the proper search directions to efficiently find an optimal
solution. In this work, the derivatives were computed with
the autodiff library [33]. These derivatives, along with the
trajectory variables ®g.n, Wo:N—1, Ao:N, HO:N> 2§:N, and
f}g: N _1 are stored in the data structure W for warm-starting.

Once this initialization process is complete, the robot begins
its navigation task. At each iteration of the MPC loop, updated
state and parameter estimates are read, and the robust chance-
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constrained optimization problem in (3) is solved by incorpo-
rating the previously computed sensitivity covariances, 23 N
and 3¢\, into (25) and (27). Once the solver converges
to a robust solution, the computed control input is applied to
the robot via SENDCOMMAND. Following this, the warm-start
process is reinitialized. SHIFTSOLUTION shifts the current so-
lution forward by one timestep. Formally, * = [Z{.5_1, Z N
with §.,_; = Z1.n and the final value T}, is estimated
by simulating one additional timestep forward. Similar shifts
are performed for wu, 5\ and f, obtaining u*, 5\* and
o, respectively. The warm-start procedure is completed as
before, invoking COMPUTEGAINS, COMPUTESENSITIVITIES,
and COMPUTEDERIVATIVES to store the data structure W.

VII. EXPERIMENTS & RESULTS

The proposed method was validated on two types of sys-
tems. First, a simple 2D toy example illustrates how the
sensitivity-aware chance-constrained approach improves ro-
bustness to multiple sources of uncertainty. Next, SupeR-
MPC is deployed on a quadrotor system, demonstrating the
improved performance of SupeR-MPC in practical robotic
deployments compared to state-of-the-art baselines.

A. 2D Toy Example

To illustrate the sensitivity-aware chance-constrained ap-
proach, we present a simple 2D open-loop kinematic system
with the following dynamics:

0.1+ p1:| |:U1

(=15 e B+ o ]

A trajectory optimization problem is formulated to represent
a single execution of the MPC process. Because the persistent
replanning of MPC provides a layer of robustness on top of the
sensitivity framework, this example isolates the contributions
of the sensitivity-aware chance constraints.

The system starts at an initial state of o = [0,0.1]7 and
is tasked with reaching a target state of @7 = [1,0.1]7. The
y-coordinate is constrained to be 0 < y < 0.2. Additionally,
a circular obstacle is placed at ¢ = [0.5,0.2]7 with radius
r® = 0.175. The default parameters are [p;, p2] = [0.1,0.25].

The optimal control problem follows the structure of (3) —
(7). In particular, the objective function (3) is given as

} (28)

N-1

J =@y — )" Qr(@n — xr) + Y (Gf Retix)  (29)

k=0

The dynamics constraints in (5) are enforced with the dis-
cretization of (28). The two collision chance constraints for the
y-position are transcribed following (25) where, for instance,
the constraint y < 0.2 maps to @ = [0,1]7 and b = 0.2. The
collision chance constraint for the circular obstacle follows
(27), as defined in Sec. V. Input limits (7) are enforced as
linear chance constraints (25) with —6 < w; < 6. While
each constraint could be assigned an independent threshold
parameter, we use a constant parameter § for all collision and
input constraints. The optimization is executed over a time
horizon of N = 20 with a timestep interval of At = 0.01s.
The weighting matrices are set as Q7 = 5001, Ry, = 5e 1.

54.0% Success

SupeR-TO

88.4% Success

Fig. 2: The robust obstacle avoidance task is shown comparing
D-TO (top) with the proposed SupeR-TO at a § = 0.1
threshold (bottom). Green trajectories successfully avoided
the obstacle, while red trajectories experienced a collision.
Nominal planned trajectories are shown in purple (for D-TO)
and orange (for SupeR-TO), respectively.

In this experiment, we compared the sensitivity-aware
chance-constrained SupeR-TO with a standard deterministic
trajectory optimization (D-TO) formulation, which only en-
sures constraint satisfaction of the mean estimate.

To assess robustness, uncertainty in initial state estimation,
model parameters, and process noise were introduced using
the following covariance estimates, selected to create a chal-
lenging yet feasible scenario: 3¢ = 2e5I, 3% = 2¢731,
319 = 2¢61. For each formulation, 1000 randomly perturbed
trajectories were simulated, with initial state errors, parameter
variations, and process noise sampled from zero-mean distri-
butions with these covariances.

The D-TO trajectory achieves cost minimization and nomi-
nally satisfies constraints in the deterministic setting. However,
nearly half of the perturbed trajectories fail, primarily due to
collisions with the obstacle. Evaluating SupeR-TO requires
tuning the threshold parameter §, where lower § values yield
more robust trajectories but make finding feasible solutions
harder. We found 6 = 0.048 to be the lowest feasible value,
achieving a 90.4% success rate in simulations. However, a
change in uncertainty distributions can cause this parameter
value to produce infeasible chance constraints, so it is more
practical to choose a less strict value of J. Here, we chose
0 = 0.1, which successfully navigated the environment 88.4%
of the time, a significant improvement from D-TO and nearly
the rate of the empirically optimal 6 = 0.048 value. The com-
parison of D-TO and SupeR-TO with § = 0.1 is illustrated
in Fig. 2.

This example highlights the trade-off between safety and
performance, where environments with high levels of uncer-
tainty can not always be safely navigated at strict probability
thresholds. Proper values of § are highly system-dependent,
and future work could draw from the field of risk-sensitive
control [34,35] to adaptively modify the threshold parameter.

B. Quadrotor

Following [14], define a 3D quadrotor model with a ge-
ometric center position ¢ = [z,y, 2|7 and velocity v =
[&,7, 2|7 defined with respect to the world inertial frame.
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Fig. 3: Image of the quadrotor deployed in experiments. In
hardware tests, a mass perturbation was applied at the end of
one of the quadrotor arms, shown in the blue ellipse.

TABLE I: MPC Parameters for Quadrotor Experiments

P " Value
arameter Simulation Hardware
Freq. (Hz) 100 Hz 50 Hz
N 20 8
At (s) 0.025 0.05
1) 0.02 0.02
Q. 181 101
Q. 0.61 0.61
Qq diag([0.01,0.01,0.5))  diag([0.01,0.01, 0.5])
Qu 0.011 0.0251
R, I I
q= [qw,qw,qy,qZ]T is the unit quaternion representing the
orientation of the body, and w = [wy,w,,w,]? are the
angular velocities. This gives a 13-dimensional state vector
x = [c,v,q,w]T. The dynamics of the system are defined
in [14], but are omitted here for brevity. We consider the
uncertain variables p = [m, Ty, Ym, zm]’ representing the

total mass and 3D center-of-mass deviation.

The quadrotor utilized in these experiments was custom-
built based on the MikroKopter platform (Fig. 3) with a
nominal total mass of 1.088 kg and nominal center-of-mass
co-located with the geometric center. The quadrotor bounds
are approximated as a sphere with radius 0.35 m.

SupeR-MPC iteratively solves the optimization problem in
(3) = (7). The cost function to be optimized in this scenario
is (29), where Qr is a block diagonal matrix consisting of
blocks Q., Q., @4, and Q.,, whose values are reported in
Tab. 1. For all of the following experiments, collision chance
constraints with walls and obstacles are defined following (27)
and input limit chance constraints follow (25), with 960 <
ur, < 6000 constraining propeller speed in rpm.

1) Simulation Experiments: In simulation, the quadrotor
was tasked with tracking an aggressive “racetrack” trajectory
starting at position [0, 0, 1]7 and each second passing through
target waypoints at [0,2,1]7, [2,2,1]7, and [2,0,1]7 before
coming to rest at its initial position. The environment consists
of two walls centered at the origin, an inner wall with a radius
of 0.55 m and an outer wall with radius 1.65 m, see Fig. 4.

While the positions of the walls were assumed to be
perfectly known, online state estimation was performed with
an unscented Kalman filter [25] with a simulated measurement
noise with covariance 5e~3I. The parameter uncertainty was
not estimated online, but provided with covariance 5e~*I.
Future work will also incorporate online estimation of param-

eters. MPC parameters are presented in Tab. I.

Three MPC algorithms were compared in this experiment.
The first is Deterministic MPC (D-MPC) that does not con-
sider any uncertainty. Next is a Parameter-Sensitive MPC
(PS-MPC) that considers only parametric uncertainty, treating
3 = I, ZPTIY in lieu of (21). This is the probabilistic adap-
tation of [14]. We believe PS-MPC is an appropriate baseline
because it is also able to leverage the probabilistic Gaussian
parameter estimates. Other methods such as scenario-based
MPC [15] may struggle to handle Gaussian uncertainties and
can be computationally demanding as multiple optimization
problems must be solved across a set of disturbances. As a
result, we did not consider these methods for our experiments.
Finally, the proposed SupeR-MPC considers multiple sources
of uncertainty. Several values of § were evaluated for PS-MPC
and SupeR-MPC, with § = 0.02 empirically determined to
perform well.

Each of the three methods was evaluated on 10 sets of
randomly sampled model parameters, representing variations
in mass and center-of-mass. For each parameter set, 10 trials
were simulated with random measurement noise, resulting in
100 total trials per method.

Figure 4 shows the trajectory of the geometric center of
the quadrotor for each trial. Without accounting for any
uncertainties, D-MPC is ineffective at navigating this envi-
ronment, successfully finishing only 52% of the time. While
PS-MPC shows an improvement in performance with a 70%
success rate, SupeR-MPC is definitively superior, achieving
a 93% success rate. This comparison highlights the need for
robust algorithms capable of integrating multiple sources of
uncertainty in order to navigate realistic environments. Our
implementation of SupeR-MPC ran at 100 Hz on an Intel
Core i7 CPU, with an average iteration time of 8.48 ms.
The sensitivity propagation required on average 4.21 ms. This
makes up a significant portion of the computation, but is still
easily fast enough for real-time control at 100 Hz.

2) Hardware Experiments: Real-world experiments were
conducted using a physical quadrotor, shown in Fig. 3. An
unmodeled 46 g mass was attached to the end of one of the
quadrotor arms by a rope approximately 0.12 m in length
and approximately 0.23 m distally from the robot’s geometric
center. The parameter covariance was set to be 5e~*I.

All computations ran on-board the quadrotor, which was
equipped with an Odroid XU4 computer. Because of the
limited power of this CPU, the MPC horizon was reduced
to 8 timesteps, with the timestep length extended to 50 ms,
resulting in a 50 Hz update rate. These limitations emphasize
the need for computationally efficient robust planning meth-
ods. The MPC parameters are provided in Tab. 1.

To evaluate the performance of D-MPC, PS-MPC, and
SupeR-MPC on hardware, the quadrotor was tasked with
tracking a 1.5 m long straight-line trajectory while avoiding a
cylindrical obstacle with radius 0.3 m. To prevent damage to
the quadrotor, the obstacle was represented by a small dummy
object. State measurements for both the quadrotor and the
dummy were obtained using a motion capture system with
injected random noise with covariance 5e 1.
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Parameter-Sensitive MPC
70% Success

Deterministic MPC
52% Success

SupeR-MPC
93% Success

Fig. 4: D-MPC struggles with navigating a circular track in the presence of parameter and state estimation error, only achieving
52% success. PS-MPC demonstrates significant improvements, but without considering state estimation error, it is limited
to 70% success. Synthesizing both sources of uncertainty allows SupeR-MPC to reach 93% success. Green trajectories
successfully navigated the environment while red trajectories experienced a collision. The bold trajectories (purple for D-
MPC, pink for PS-MPC, and orange for SupeR-MPC) represent the nominal trajectories under perfect estimation.

SupeR-MPC
20/20 Success

11/20 Success

17/20 Success

Fig. 5: In this hardware experiment, the quadrotor is tasked with robustly avoiding a static obstacle. Again, PS-MPC can
improve upon D-MPC, which struggles greatly. However, SupeR-MPC displays superior robustness performance with a 100%
success rate. Green trajectories successfully navigated around the obstacle while trajectories in red experienced a collision.
The final position of successful trajectories is visualized with colored quadrotors (purple for D-MPC, pink for PS-MPC, and

orange for SupeR-MPC), and gray quadrotors show the robot state at the moment of failure.

To assess robustness to real-world uncertainties, 20 trials of
each algorithm were conducted, evaluating performance under
mass parameter and state estimation uncertainty of the ego
quadrotor and the obstacle. Due to real-world randomness, the
initial state of the quadrotor varied across trials.

Since the cylindrical obstacle was not physically present,
Fig. 5 renders each trial with the obstacle digitally visualized.
Consistent with results from the simulation experiments, D-
MPC struggled with safe obstacle avoidance, successfully
completing only 11 out of 20 trials and colliding with the
obstacle 9 times. PS-MPC demonstrated improved perfor-
mance, successfully completing 17 out of 20 trials. However,
in two instances, uncertainty caused the quadrotor to violate
the obstacle chance-constraint, and in one case, MPC failed
to converge due to a violation of the input chance-constraint,
resulting in a loss of control and a crash. In contrast, SupeR-
MPC succeeded in all 20 trials, underscoring the importance

of jointly considering multiple sources of uncertainty for
safe and robust trajectory planning. On the Odroid CPU, the
average SupeR-MPC iteration required 13.57 ms, of which
6.32 ms was spent on sensitivity propagation. This experiment
shows that SupeR-MPC is efficient enough to run in real time
with limited computation power. To emphasize the challenge
with implementing sampling-based methods, simulating a sin-
gle timestep on the on-board CPU took on average 0.063 ms.
For a short 8 timestep horizon, sampling a trajectory would
take approximately 0.504 ms, yielding a maximum of 39
samples per iteration running at 50 Hz. Without more powerful
parallel processing capabilities, this is not sufficient for MPPI
or similar sampling-based methods.

To further evaluate the capabilities of SupeR-MPC, a final
experiment introduced a dynamic obstacle in the form of a
wheeled robot. Its state was estimated using a motion capture
setup with injected sensor noise, and its motion was predicted
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using a constant-velocity model. The quadrotor, still subject to
the unknown mass disturbance, was tasked with following the
same straight trajectory while robustly avoiding the moving
obstacle at a perpendicular crossing, as shown in Fig. 1.
Given that the previous hardware experiment suggested that
neither D-MPC nor PS-MPC could reliably handle dynamic
obstacle avoidance, this experiment was conducted exclusively
with SupeR-MPC. The algorithm successfully completed all
20 trials, further emphasizing its effectiveness in real-world,
uncertainty-rich environments.

VIII. CONCLUSION

Uncertainty is inherent in real-world robotic deployments,
arising from state estimation errors, model parameter vari-
ations, unmodeled dynamics, and obstacle localization in-
accuracies. Fortunately, these uncertainties can generally be
effectively modeled using Gaussian approximations.

This work introduces SupeR-MPC, a robust trajectory plan-
ning framework that synthesizes multiple sources of Gaussian
uncertainty to enhance probabilistic safety without excessive
conservatism. Compared to Deterministic MPC and a state-of-
the-art Parameter-Sensitive MPC, SupeR-MPC demonstrates
significant performance improvements in both simulated and
real-world quadrotor experiments.

Building on these contributions, future work will explore
integrating SupeR-MPC into an adaptive control framework
to better estimate unmodeled dynamics, such as quadrotor
ground effects [22,23], and to accelerate computations through
learned sensitivity matrices [13]. Additionally, we aim to
extend this approach to hybrid systems, such as legged robots,
by incorporating the saltation matrix [36].
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