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Abstract— This paper presents a robustified time-optimal
motion planning approach for navigating an Autonomous
Mobile Robot (AMR) from an initial state to a terminal
state without colliding with obstacles, even when subjected
to disturbances, which are modeled as random process noise
and measurement noise. The approach iteratively solves the
robustified problem by incorporating updated state-dependent
safety margins for collision avoidance, the evolution of which is
derived separately from the robustified problem. Additionally,
a strategy for selecting an alternative terminal state to reach is
introduced, which comes into play when the desired terminal
state becomes infeasible considering the disturbances. Both of
these contributions are integrated into a robustified motion
planning and control pipeline, the efficacy of which is validated
through simulation experiments.

I. INTRODUCTION

The prominence of Autonomous Mobile Robots (AMRs)
is experiencing a surge, primarily due to their capacity
to successfully navigate in complex environments such as
industrial facilities, hospitals, warehouses, and homes [1].
This achievement hinges on AMRS’ localization and environ-
mental perception through onboard sensors, precise trajec-
tory tracking, flexible maneuvering, and, notably, robust and
adaptable motion planning ensuring optimality and safety in
response to changing and obstructed surroundings.

Such motion planning is often formulated as an optimal
control problem (OCP), and solved in a Nonlinear Model
Predictive Control (NMPC) fashion, as it allows to take
into account an AMR model, physical limitations, environ-
mental constraints, and desired objective [2]-[4]. Employing
the nominal planning and control pipeline in closed-loop
applications, i.e., to combine the standard NMPC-based
motion planning with an appropriate feedback controller
for trajectory tracking, enables the AMR to reject both
high-frequency and low-frequency disturbances [5]. Yet, ne-
glecting to explicitly account for these disturbances in the
planning process can have severe consequences in terms of
satisfying constraints. Time-optimal planning, for instance,
often operates on the brink of collision avoidance constraints.
In such scenarios, even minor perturbations can result in
constraint violations, posing a significant risk to the system’s
safety. Introducing a fixed heuristically chosen safety margin
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for each constraint might appear straightforward, but it does
not provide guarantees of constraint satisfaction and can lead
to an overly conservative result.

This paper focuses on motion planning for an AMR
to ensure time-optimality and collision avoidance under
disturbances modeled as random process noise and noisy
output measurements. We achieve it by formulating motion
planning as an OCP, which derives a robustified collision-free
trajectory for navigating the AMR from an initial state to a
desired terminal state in the shortest time. In terms of robus-
tification, we formulate a state-dependent safety margin for
each collision avoidance constraint. This approach showcases
significant enhancements in both system safety and closed-
loop performance. The simulations, demonstrating point-to-
point navigation for an AMR modeled as a differential drive
with a specific emphasis on avoiding collisions with circular
obstacles, validate the proposed approach.

A. Related Work

To explicitly account for modeling and propagating un-
certainty, the OCP involves a linearization-based uncertainty
propagation to robustify the nominal constraints through
approximated chance constraints as discussed in [6]—-[12].
Given that introducing additional states for uncertainty prop-
agation increases the dimension of the state-space from ng
to O(n?), finding methods to reduce computation time for
solving the robustified OCP is important. Straightforward
application of the standard Multiple Shooting transcription
leads to O (n%) computational demand. [7] attained O (n?) by
adopting a Single Shooting strategy for the additional states.
An alternative method with the same complexity, referred to
as a zero-order method, was developed in [9] for stochastic
NMPC and in [10] for robust NMPC. This zero-order method
solves the OCP and updates the state uncertainty set separately
in an iterative manner, and keeps the state uncertainty set
fixed in one optimization iteration. Based on this method, [11]
presents a trajectory tracking implementation for an AMR
under bounded process noise with precomputed feedback gain.
[12] proposes a zero-order based algorithm to also optimize
the feedback gain in the OCP for counteracting the growth of
state uncertainty. These studies do not account for disturbances
in output measurements nor do they prioritize time optimality.

An additional challenge arises when the replanning result
from the planner, in response to changing environments, is not
available in a timely manner. It poses a danger to the AMR
while tracking the trajectory. A commonly employed strategy,
known as the Real-Time Iterations (RTT) technique [13], aims
to mitigate computational complexity by considering only the
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initial iteration of the OCP. The RTI technique comes at the cost
of constraint satisfaction, potentially resulting in infeasible
solutions. A most recent technique, referred to as ASAP-
MPC [14], proposes an alternative strategy to ensure that the
MPC-based planner generates a seamless trajectory despite
fluctuations in computation times caused by environmental
changes. It selects an initial condition from the previously
solved trajectory for the replanning problem. ASAP-MPC has
been successfully applied in two different applications: drone
navigation [15] and AMR maneuvering [16]. Nonetheless, the
replanning process of ASAP-MPC does not take into account
state and output feedback due to on-trajectory updates.

B. Contributions:
Two main contributions are presented in this work:

1) A robustified time-optimal motion planner by adapting
the method in [9], [10]. This adaptation considers distur-
bances in both the process model and the measurement
model when deriving state uncertainty sets and state-
dependent safety margins for avoiding collisions. As a
result, it generates a robustified trajectory in a time-
optimal and collision-free manner.

2) A strategy to reselect a feasible terminal state to reach
in the event that the desired terminal state becomes
infeasible under disturbances. This strategy introduces
a slack variable into the terminal state constraint, which
is minimized to zero when the desired or reselected
terminal state is feasible.

We then propose a robustified motion planning and control
pipeline, integrating the robustified motion planner, the state
estimator, the feedback controller, and the ASAP-MPC update
strategy [14]. The cooperation between the robust motion
planner and the ASAP-MPC update strategy allows feedback
to be taken into account when replanning. We validate the
presented robustified pipeline in a ROS-based simulation.

C. Notation

At a specific time step k, a time-dependent vector variable
is represented using a bold letter with a subscript, i.e., sg =
s(tx). A trajectory of a variable is denoted by s or {sn}év =
sn,¥n € {0,..., N}, interchangeably. The absolute value is
denoted by | - |.

D. Paper Structure

In Section II, the nominal time-optimal planning and
control approach is introduced, while Section III presents
the developed robustified time-optimal planning and control
approach. The case study setup and validation results are
presented in Section IV. Section V concludes the paper.

II. NomiNaL TiME-oPTIMAL PLANNING AND CONTROL
We consider a general stochastic nonlinear system,
ds
— =F(s(0),u(t), w(r)), (1
dt
with the system’s state s(z) € R"s, control input u(t) € R"™,
and process noise w(t) € R™, to represent the kinematics of

an AMR. The state of an AMR contains its position in the 2D
plane and its heading angle.

The nominal time-optimal motion planning and control
pipeline for the AMR consists of two ingredients: 1) A
nominal time-optimal planner discussed in Sec. II-A, which
plans a collision-free trajectory for the nominal AMR system,
disregarding process noise. 2) A stabilizing feedback controller
discussed in Sec. II-B to track the position and orientation
reference encompassed in the planned nominal trajectory
and reject disturbances. The ASAP-MPC update strategy
[14] explained in Sec. II-C coordinates the planner and the
controller in the pipeline to handle varying replanning times
in changing environments with guaranteed convergence.

A. Nominal Time-optimal Planner

The nominal time-optimal motion planning is posed as an
OCP where the objective is to minimize the overall trajectory
duration required for the AMR to navigate from the initial state
to the desired terminal state. It takes the form

minimize T

T.5,a
subjectto  §o = S0
Sn+l =F(§naf4n,AIplan :=T/N) vne{0,...N-1}
SN =8¢
Umin < Uy < Umax Vne{0,...,N}

Upy) — U .
iy = ———" < fpax ¥ne{0,..,N-1}
Al‘plan

IA

Umin

h(sn) + B <0 Vne{0,...N},

2
where N denotes the planning horizon. The optimization
variables §, # represent the nominal state and control input
trajectory, respectively. The subscript n € {0, ..., N} is used
to denote the time index of the nominal trajectory in the
planning. The initial and the desired terminal state condition
at the current time step are denoted by sy and s¢. The
optimization variable 7', representing the overall trajectory
duration from the initial to the desired terminal state during
the horizon, is minimized within the objective function. The
nominal system §(¢) = F(5(t),4(¢),0), of which the process
noise is disregarded by setting w (¢) = 0, is evaluated with the
nominal trajectory and discretized by numerical integration
with the sampling time Af5, in a multiple shooting scheme:
Sn+1 = F(Sn, @y, Atplan) @ R™ x R™ xR — R™. We
adopt a piecewise linear parameterization for the control input
to enhance the smoothness of the control input and state
trajectory, and imposing constraints on both the control input
and its derivative calculated by finite differences. In terms of
the collision avoidance constraints 4(5,) : R — R" we
introduce a fixed heuristically chosen safety margin term B;afe
for keeping a safe distance between the AMR and obstacles.
It is important to note that the incorporation of a fixed safety
margin term to tighten collision avoidance constraints, while
not accounting for feedback, does not provide any guarantees
of constraint satisfaction for the real-world system. This is
our main motivation for developing the robustified motion
planning approach in Sec III.
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B. Linear Stabilizing Feedback Controller

The feedback controller is designed and implemented to
track the nominal state trajectory § while mitigating distur-
bances, working in tandem with the nominal control input
i as the feedforward control. Given the assumption of full
observability for all state variables and the system being
controlled with a sampling time of Az.y, the control policy
at each time step 7 is expressed as follows:

wp =i+ Ki(sg —Sg), 3)

where s and K denote the true state and the feedback control
gain matrix, respectively. We assume a precomputed Ky is
available, which will be further discussed in Sec. I'V.

C. ASAP-MPC Replanning Strategy

Considering that Atyja, derived by the time-optimal planner
is typically longer than the fixed predefined At and variable
due to changes in the environment, the pipeline uses the ASAP-
MPC strategy [14] to effectively deal with the variability
in computation time incurred when replanning. Moreover, it
ensures trajectory smoothness and allows solution of the OCP
to convergence.

This strategy is initiated by resampling the current nominal
state and control trajectory at the sampling time Afy. The
initial state condition of the replanning of the problem (2)
is then selected from the resampled nominal state trajectory
at a fixed update time interval, which is a tuning parameter.
The replanning result is seamlessly integrated into the current
nominal trajectory from the initial condition that was taken,
ensuring a smooth transition without any discontinuities.
Given that problem (2) does not incorporate state feedback
from the on-trajectory updates, this strategy relies on the
feedback controller to closely track the nominal trajectory.

III. RoBUSTIFIED TIME-OPTIMAL PLANNING AND CONTROL

We now propose the robustified time-optimal motion plan-
ning and control approach, enhancing the nominal one through
two aspects. First, we adapt the zero-order method [9], [10] for
time-optimal motion planning, resulting in the formulation of
a robustified time-optimal OCP in Sec. III-C. This robustified
OCP strengthens collision avoidance constraints by introduc-
ing state-dependent safety margins (Sec. III-B), which account
for both state and output feedback, and are iteratively derived
through linearization-based uncertainty propagation (Sec. III-
A). Secondly, we introduce a strategy to reselect a terminal
state condition during replanning in Sec. III-C. This strategy
is employed when the desired terminal state is deemed unsafe
under the disturbances.

A. Linearization-based Covariance Propagation

We consider the discrete-time process model of the system
(1) and the measurement model as the following system
= fi(Sk, Ui, Wi),

= i1 (Ska15 V1),

Sk+1

“)

Zk+1

which is discretized in the same way as the discrete-time

system in the problem (2) but by the sampling time Azcy

for designing the feedback controller and the state estimator.
Therein, z € Rz denotes the measurement variables. The
discrete-time process noise wy ~ N (0, Qy), the measurement
noise vy ~ N(0,Ry), and the initial state so ~ N (8¢, Zo)
are all assumed to be normally distributed. The function
fr(Sk,up,wy) is assumed to be differentiable w.r.t. the
state, control input, and process noise, and the function
8k+1(Sk+1,Vr+1) 1s assumed to be differentiable w.r.t. the state
and measurement noise.

The uncertainty propagation can be made computationally
tractable by linearization around the resampled nominal state

and control input trajectory, yielding the linear system
= Ai(sk = 51) + Bi(up —ig) + Tow, (5a)

(5b)

S+l — Sk+l

Zitl = Tkt = Cra1 (Sga1 = Spa1) + A1 Va1,

with the nominal measurement variable Zz;
and Jacobian matrices
Ak — 5fk(sak,uk,0)’ B, =
i) 0

Crsl = %ﬁ”) Ars
The equation (5a) deﬁnes the dynamlcs of the error state
€+l ‘= Sk+l — Skl-

The state estimate §;,; can be obtained via an extended
Kalman filter as

= gik+1(8k41,0),

Ofx (St x,0)

Ofr(Sk,ur,0)
flsl\k’l—'k: S ,

agk+1 (Sk+1 0)

Sie1 = fiBro i, 0) + L1 (Tt — Zis1), (6)

where L1 denotes the Kalman gain. Regarding the linearized
system (5), a time-varying Kalman filter is derived by
linearizing the estimator (6) around the nominal trajectory.
The Kalman gain is computed based on the linearized system
matrices and thus are essentially functions of the nominal
trajectory. The dynamics of the estimated error state €41 :=
Sk+1 — Sk+1 can then be formulated as follows:

= (I = Lis1 Cra) (A 8k — s) — Trwy)
+ Lis1 Akr1Vis1-

Ske1 = Sk+1

(7

Considering é; and ey, the control policy is reformulated as

wy =i+ Ki (8, —5k) ®)

=u; +Kreé, + Kreyp.

Introducing an augmented error state é; = [e é;]" and

input &, = [w/ v, ,]", we obtain the augmented error system
e = Arey + Britt,
A Ay + BrKy BiKy ]
0 (I'= L1 Cre1) Ak )
B = [ IV 0 ]
—(I=Lit1Cie)lk Lir1 A |’

of which the state has a zero mean E{é } = 0, and a covariance
defined by

« - e 2T
= T = 19 /\k

Zk E{ekek} [Zk Zk] 5 (10)

where X, = E{ere; } is the predicted uncertainty for devi-

ations of the true state s; from the nominal state trajectory

§i, 3k = E{éeé, } is the predicted uncertainty of the state

14260



estimation error, and ¥ = E{éy eZ} is the correlation between
the estimated error state &, and the error state ey.
The covariance propagation of the error system (9) is
approximated as
ik+1 ZAkikAZ+gkiZegz, (ll)
with the initial augmented error state distribution &y ~
N(0, %), and augmented input distribution ﬁi ~ N(O, Z',:( ),
where
1 -1
-1 1
and ® denotes the Kronecker product.

- < e 0
2o = ] ® X, ZZ = [on Rk+1] s

B. Robustified Path Constraints Formulation

We introduce individual chance constraints to ensure that the
probability of satisfying each path constraint ;(sg) : R™ —
R is higher than a defined probability level €; as

PI'(/’Zj(Sk) <0) > €, J € {1,...,np}. (12)

Subsequently, we proceed to demonstrate how the individual
probabilistic constraints can be approximated as deterministic
constraints, which is the sum of the nominal constraint /1 (§ R
and the state-dependent safety margin based on X, the upper
left term of (10), by the method introduced in [8, Sec 3.2.2] as

hj(51) + B = hj(51) + @ \JHixZeH], <0, (13)

with the Jacobian matrix H, x = ahgs(sk). The safety margin
coefficient «; is selected to ensure the probability level ;.

Remark. One option for general probability distributions
lf—’EJ which
may lead to relatively conservative safety margin term [17].
Assuming a normal distribution, we approximate it by using
aj = Cdf_l(ej), where cdf™(-) is the inverse cumulative
density function of a standard normal distribution.

is to use the Chebyshev inequality a; =

By vectorizing each individual safety margin, we obtain a
vector of the state-dependent safety margins

safe safe safe
P = B T

for robustifying the nominal constraints i(§y) at time step f.

(14)

C. Robustified Time-optimal Planning and Control

We propose the following robustified OCP, which aims to
integrate time-optimal, collision-free motion planning with
state-dependent safety margins, as outlined below:

minimize T' + 1€ Iy,
T gL, 500 !
. i
subject to §y = 510
i prel mi A4
5,0 = F(sn,un,Atplan) vne{0,...,.N-1}

<i i i
Sy +&n =5

Umin < 0}, < Wmax Vne{0,...,N}
vne{0,..,N—1}

h(5) + Bafi(s a1y < 0 vnefo....N}.

. ) .
Umin < U, < Umax

The superscript i € {0, ...,imax} on variables indicates the
iteration index used for solving the problem with the same ini-
tial state condition and collision avoidance constraints, where
imax represents the maximum number of iterations. The state-
dependent safety margin term B (57~ 71y is defined
according to equations (13) and (14), yet its computation relies
on the nominal trajectory from the preceding iteration, aligning
with the idea of the zero-order method [9], [10].

Compared with the nominal problem (2), this robustified
problem optimizes an additional slack variable ng € R™,
representing the difference between the planned and desired
terminal state. The quadratic norm of fﬂ\,, weighted by a
large weighting matrix Wy, is minimized within the objective
function. In the normal situation, g;, is minimized to zero,
enabling the AMR to attain the desired terminal state in the
shortest time. However, there might arise situations where
both time optimality and feasibility under the disturbance
conditions cannot be met. In such instances, ‘f;.v assumes a
non-zero value, indicating that it is unsafe to reach the desired
terminal state, and therefore a new feasible terminal state is
required. The terminal state is then adapted by subtracting the
value of the slack variable from the desired terminal state.

We then encapsulate the robustified time-optimal motion
planning approach in Algorithm 1. Given sy, X, s?f, the
initial guess on the safety margin term B%%©° and fixed
predefined parameters including N, Atcy1, imax, @ time variable
convergence threshold 67, and a slack variable convergence
threshold o€, the robustified approach begins by solving the
initial iteration of the problem (15) with B There are
four main steps in each subsequent iteration: First, it resam-
ples the preceding normal trajectory using Afcyl, resulting
{E;;"}{)V’H,{ﬁ;;"}(’)‘”k] with a length of M‘~!. Then, the
resampled nominal trajectory is employed to compute the
covariance trajectory {22—1}(1)\/1 ! via (9) and (11). Following

Algorithm 1 Robustified time optimal motion planner

Given sy, 2o, 5%, B0, N, Atei, imax, 6T, 6€,1 =0
Solve the initial iteration of the problem (15)
- Derive the nominal trajectory {89}, {@)}?'.
repeat
-i—i+1
Resample the nominal trajectory with Az
B R T TR A A LI T
Derive the covariance matrix {~!}} -
- Propagate the augmented covariance via (9) and (11).
Update the safety margin _
- Derive {2/ }(I)V by interpolating {2;'(’1 }34171.
with Arlo L= T"1/N.
- Derive 8541 (5= @'=1) via (13) and (14).
Resolve the problem (15)
- Update s, « sir! — &1 if €7 > o€,
- Derive the nominal trajectory {5/}, {@! }}'.
until (|77 — T~'| < 6T and |£}| < 6&) ori > imax
Output {5¢}0", {ar}y" «— {5,}{ (@, )y
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this, the covariance trajectory is interpolated using Ar'~! :=
plan

Ti=!/N to match the horizon length N, and the safety margin
term is updated by using equation (13) and (14). Finally, we
resolve the problem (15) with the updated state-dependent
safety margin, and the reselected terminal state if |§§; "> €.
The entire process continues iteratively until either |§§V| < o€
and the absolute difference between the optimization variable
T from two consecutive iterations is smaller than 67, or the
iteration index i surpasses imax. The robustified planner finally
outputs the resampled nominal trajectory {§ k}é” ‘Aa k}o .

The robustified time-optimal motion planning and control
pipeline integrates the robustified motion planner, the state
estimator, the feedback controller, and the ASAP-MPC update
strategy [14]. It is important to underline that feedback can
indeed be considered during the replanning process. The initial
state condition Sy = sy for replanning, where sy is selected
from the current resampled nominal trajectory, denotes the
mean value of the state uncertainty distribution that the
system can reach under disturbances. The covariance of this
distribution leads to formulate the initial collision avoidance
constraint as h(5g) + ﬂf)afe’o <0.

IV. CasE StupY AND DIscussioN

We first validate the presented robustified motion planning
approach through a case study that focuses on avoiding
collisions with a circular obstacle and a wall represented as
a straight line. Subsequently, we demonstrate the replanning
capability within the presented robustified planning and
control pipeline, showcasing collision avoidance with multiple
circular obstacles in a ROS simulation environment.

We assume the AMR is a point mass and represent it using
the differential drive model

x(1) v(t) cos O(1)
y) | = [v()sind(t) | + w(z), (16)
6(1) w(t)

which is discretized using the explicit Runge-Kutta method
of order 4. The state variables s = [x y 6]T € R? includes
position x(m) and y(m) in the 2D plane, and the heading angle
6(rad). The control inputs # = [v w]T € R? includes the
forward velocity v(m/s) and the angular velocity w(rad/s). Note
that the case study incorporates additive normally distributed
process noise, i.e., w(t) in (16), and measurement noise.
Consequently, we have the condition n,, = n, = ny = 3,
and the Jacobian matrices ', A, and C are all identity
matrices. The value of the noise covariance in the discrete-
time are Qp = diag[4cm?/s 4cm?/s 4deg’/s]Atyy, and
Ry = diag[2cm?s 2cm?s 1deg?s]/Atey, respectively. The
value of the safety margin coefficient @ = 3 is selected based
on the probability level € ~ 0.997 for all collision avoidance
constraints with the assumption of normal distribution.

To design the feedback controller gain matrix K, we adopt
the approach presented in [16], [18], which takes into account
the deviations of state variables expressed in the trajectory
coordinate frame and is piecewise linear w.r.t the nominal

TABLE I: Values of common parameters

At(:lrl Vmin/max ‘)min/max Wmin/max u')min/max
0.04s 0/1m/s +0.2m/s? +Zrad/s +0.9rad/s?
5¢ ST N Wi imax
[2mm 2mm 2mrad]" 2ms 30 5000 5
forward velocity v. K at the time step 7 is
_ cos(8) sin(8;) 0
Ki=— Kx(i) 0 0 - Silf(éi) cos((élli)) 0
0 Ky (‘_}k) K9 (Vk) 0 0 1

The robustified OCP is formulated in Python using the
Rockit toolbox for rapid OCP prototyping [19], and solved
with Ipopt [20] using ma57 as linear solver [21]. Key steps in
the implementation including integrator and Jacobian matrix
calculation are handled using Casadi [22]. All computations
are performed on a laptop with an Intel® Core™ i7-1185G7
processor with eight cores at 3GHz and 31.1GB RAM.

A. Case Study on Robustified Planning

In this case, we study the performance of the presented
robustified motion planning approach. We plan a trajectory for
the AMR in the presence of disturbances, starting from sy and
reaching s in the shortest time while avoiding collisions with
a circular obstacle and a wall. The large circular obstacle is
located at coordinates (2m, 2m), and it has a radius of 2m. This
configuration is chosen to ensure that the collision avoidance
constraint (x — 2m)% + (y — 2m)> < (2m)? is frequently
triggered. The straight wall is located at x = 3.8m, and the
feasible region is x < 3.8m. We choose a desired terminal
state s¢¢ = [3.8m 3.6m Orad]" for the AMR to reach. The
initial condition of AMR is s = [-0.5m 2m Frad] " without
initial uncertainty, i.e., X = 0.

As depicted in Fig. 1, the time-optimal robustified trajectory
is generated after three iterations. In the initial iteration, we
solve the problem without taking the safety margin terms into
account. The resulting nominal trajectory can successfully
reach the desired terminal state without violating 6€. In the
second iteration, we incorporate the safety margin term derived
from the results of the initial iteration. However, this results
in a trajectory that violates both 67 and 6&, notably a non-
zero &), with a 0.1 meter difference in the x position. In
the third iteration, we incorporate the safety margin term
in the same way. Additionally, we reselect a terminal state
to reach by subtracting g,‘v from s, resulting in the final
time-optimal trajectory that satisfies both 67 and & without
violation. The final trajectory has a total duration of 10.315
seconds, which corresponds to a total of 258 tracking points.
To assess the advantage of the robustified approach, this
trajectory is then subsequently tracked by the control policy
(8) for 100 times under different realizations of the process
and measurement noises. The outcomes reveals that the actual
trajectories of these 100 samples remain essentially within the
derived uncertainty sets, satisfying the requirement on €.

Regarding the computation time, we present in Fig. 2 the
average results for each step when solving this case 20 times. In
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this context, the initial iteration, primarily focused on solving
the nominal OCP without warm starting, consumes roughly
one-third of the total computation time. In the subsequent
iterations, the computation time required to resolve the OCP
is significantly reduced due to the warm starting provided by
the previous results. Additionally, the covariance propagation
step consumes some time, as it involves matrix inversion
computations. Both the computation time of the covariance
propagation step and the trajectory resampling step depend
on the total trajectory length and Af.y, essentially on how
finely the trajectory is resampled. To enhance computational
efficiency, one can explore strategies to smartly warm start the
initial solve, use more efficient solvers such as Fatrop [23], and
prototype the robustified approach in a C++ environment.

B. Case Study on Robustified Replanning

In this case, we study the replanning performance of
the robustified motion planning and control pipeline when
handling new obstacles within a ROS simulation environment.
There are three randomly positioned circular obstacles with
radii ranging from 0.3m to 0.5m. The AMR is able to detect
circular obstacles from a perfect bird’s eye view image using
the OpenCV Library [24]. The goal for the AMR is to reach
the desired terminal state s¢ = [6m 3m Frad]™ from the
initial state condition sy = [Om Om %rad]T with 2o = 0, in
the shortest time and without colliding with any obstacles in
the field of view (FOV). To use the ASAP-MPC strategy, we
select a 1.8-second update time interval. This interval strikes
a balance between allowing both sufficient time for replanning
computations to complete, and newly detected information to
be incorporated into the replanning process promptly.

As depicted in Fig. 3, initially, only obstacle A is in the
FOV, and consequently, the planned trajectory only avoids
this one. Upon completion of the current planning, the
pipeline promptly initiates a new planning by considering
updated initial conditions and obstacle information. As an
illustration, the pipeline takes into account both obstacles
A and B for the first time in the 5th replanning, seamlessly
integrating the replanned trajectory with the previous one to
avoid both obstacles. In the 8th replanning, the pipeline takes
into account the obstacle C for the first time, which blocks
the trajectory to sy. It results in a trajectory that avoids a
collision with obstacle C and reaches a reselected feasible
terminal state. A video of this simulation can be found at
https://youtu.be/qPGFleQklSo.

In summary, the pipeline yields a robustified time-optimal
trajectory by combining all replannings that avoids collisions
with all three obstacles and reaches a reselected feasible
terminal state. The AMR cannot track this trajectory perfectly
with the feedback controller under disturbances. However,
the tracking safety is guaranteed to a significant extent, as
the actual AMR motion trajectory usually remains within the
uncertainty sets used to derive the safety margins. The derived
safety margins also give a better idea of which routes are
accessible in very restrictive environments, e.g., cluttered with
obstacles or consisting of very narrow passages. It can even
act as a guide to decide upon a lower velocity which decreases

tracking results == iter. 0: traj. =X~ iter. 2: traj.
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Fig. 1: Single robustified motion planning and closed-loop
trajectory tracking.
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Fig. 2: Average computation time of each step in each iteration,
with black bars denote the standard deviation.
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Fig. 3: Closed-loop replanning results. Bold ellipses indicate
the initial uncertainty set for each replanning, within which
the actual position of the corresponding time step (X) lies.

the uncertainty and makes passages that would not be safe to
pass at high velocities feasible.

V. CONCLUSION

We present a robustified approach to plan time-optimal and
collision-free trajectories for the AMR under disturbances
that account for both process and measurement noise. This
approach iteratively solves the robustified OCP by integrating
state-dependent safety margins to ensure collision avoidance,
and integrates a strategy to reselect a terminal state when the
desired terminal state becomes infeasible. We then introduce
and validate a robustified motion planning and control pipeline
within a ROS simulation environment. Future work involves
improving computational efficiency and implementing the
proposed pipeline on an actual AMR.
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