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Controlling a constrained dynamic system in an environment with multiple obstacles is important yet challenging. Many existing methods
are either heuristic (e.g. A* algorithm) or model-based (e.g. optimal control). In contrast to these methods, this paper addresses scenarios
where the mathematical model of the dynamic system is unknown, relying solely on input-output data and environmental information.
We propose a new data-driven framework to achieve safe path planning and efficient tracking control by integrating sample-based
methods with more recent data-enabled predictive control. In the offline phase, we develop a safe path planning algorithm to generate a
sequence of convex safe sets from the initial point to the target set. This is achieved by leveraging a sample-based planning algorithm and
solving bi-linear optimization problems. The resulting adjacent safe sets have a nonempty intersection, and the distance between each safe
set and any obstacle exceeds the required safe distance. In the online phase, we develop an efficient data-enabled predictive tracking
control algorithm with the core of safe set contraction constraints to sequentially track the safe sets. The proposed algorithm transforms
the nonconvex obstacle avoidance control problem into a convex optimization problem, which can be solved efficiently. We demonstrate
that the proposed framework is safe, efficient, and scalable through quadcopter simulations, comparison simulations, and unmanned
vehicle experiments.
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1. Introduction algorithms often fail to guarantee that the trajectory
between discrete points remains free from intersections
with obstacles, as highlighted in Fig. 1. Furthermore, thor-
ough modeling and identification of robotic systems are

1.1. Motivations and contributions

Motion planning is one of the most important steps toward > i )
deploying robotic systems in real life [1]. It is of great usually expensive. The central problem of this paper is how

importance to develop efficient planning algorithms that  t© design a safe and computationally efficient motion
enable robots to safely complete desired tasks [2]. The  Planning algorithm for unknown systems subject to input
applications include but are not limited to autonomous  and output constraints in an environment with multiple
driving [3, 4], air traffic management [5], and multi-robot  polytopic obstacles.

cooperation [6, 7]. However, due to the obstacles in the In order to solve this problem, we propose a novel data-
environment, the planning problem is highly nonconvex, driven framework that convexifies the classical data-
which is difficult for real-time implementation. In particular, enabled predictive control (DeePC) [8] for safe planning in a
the popular heuristic methods and optimization-based  nonconvex environment. The key idea is to transform the
planning problem to be a two-phase problem. The offline

hase is to plan a sequence of safe convex sets by using a
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Fig. 1. The path between sample points cuts the corner of the
obstacles.

is, it only needs to access the environment and obstacle
information while not requiring any knowledge of the sys-
tem. The online phase is to sequentially track these safe
convex sets by using the DeePC. The DeePC is a new variant
of model predictive control (MPC), which however does not
rely on a parametric system representation but uses system
data to directly describe system behaviors. Different from
the DeePC in the literature [9, 10], the tracking control in
our paper does not require a given point-based reference,
but leverages a set contraction approach. Our data-driven
framework provides an alternative solution to the impor-
tant yet challenging safe planning problem. The main con-
tribution of this paper is threefold.

(i) We propose an efficient approach to convert nonconvex
obstacle avoidance control problems into convex solv-
able optimization problems. Specifically, by integrating
sample-based motion planning algorithms (such as the
A* algorithm), we generate a sequence of convex and
safe sets from the initial point to the target set. Any two
adjacent sets have a nonempty intersection, and the
distance between each set and any obstacle is greater
than the required safe distance. Additionally, each in-
dividual safe set maximally covers obstacle-free space
to reduce algorithm conservatism. Furthermore, we
demonstrate that each safe set can be computed by
solving a bi-linear optimization problem, which can be
solved in polynomial time complexity for any tolerance.
Therefore, the proposed path planning algorithm in this
paper has the advantages of efficiency, low conserva-
tism, and guaranteed safety performance.

(ii) We extend the application scope of DeePC to tracking
control of unknown systems. Based on the safe sets
sequence constructed in this paper, in the design of the
tracking controller, we innovatively introduce set con-
traction constraints, ensuring that the system state
remains within the safe sets sequence. Through the
safe set contraction strategy, the system state contin-
uously converges toward the target point. We also
develop a target switching strategy, where the system

state entering the next safe set, the target point is
switched, and the optimization problem is restruc-
tured. This allows tracking control for a series of target
points rather than a single one, ensuring that the sys-
tem state consistently meets safety constraints.

(iii) We show how to handle the noisy data in our frame-
work, which is inspired by the recent results on regu-
larization for robust control. We examine our results
through quadcopter simulations, comparison simula-
tions, and unmanned vehicle experiments. The results
of simulation and experiments validate the effective-
ness and efficiency of our algorithms.

1.2. Related work

Motion planning by and large refers to planning a collision-
free trajectory from an initial point to a target region in a
given working environment with obstacles [11]. There are
numerous works on robotic motion planning, either theo-
retical or algorithmic (or both). The problem setups vary
largely in different works, depending on the environment
assumption, performance criteria, and system kinetics [12].
In the following, we will restrict our attention to the several
classical motion planning methods that are related to this
paper.

Graph-based and sample-based methods. The graph-based
algorithms build a search tree as quickly as possible from
the original point to the target point until a feasible path is
found [13]. One popular algorithm is A* algorithm [14],
which utilizes a heuristic function to find the shortest path.
It has been shown that A* algorithm has the properties of
completeness, optimality, and optimal efficiency [13]. Sam-
ple-based algorithms rely on the random sampling in the
workspace. One example is the rapidly exploring random
tree (RRT) algorithm [15, 16], which constructs a tree that
attempts to quickly and uniformly search the workspace.
Another well-known variant of RRT algorithm is RRT* al-
gorithm [17, 18]. The RRT and RRT* algorithms are shown
to be probabilistic complete. In general, both graph-based
and sample-based methods return a sequence of discrete
points, which are independent of the system dynamics. The
robotic systems then track these discrete points through
real-time control. It may be hard to ensure the safety of
real-time tracking, in the case that the sampled points are
sparse so that the segment line of two points cuts the
corner of obstacles [19]. In order to solve this problem, the
planned discrete points from the graph-based and sample-
based methods (which we term “heuristic motion planning
methods”) are used in our paper to provide guidance for
constructing the connected safe sets (see Sec. 4).

Optimization-based methods. The optimization-based
methods work by solving optimization problems that



naturally take into account system dynamics and various
constraints (e.g. control input limitation and safety re-
quirement). Among them, mixed integer programming
(MIP) [20] and MPC [4] are two popular formulations. The
MIP-based methods use integer variables to encode the
collision avoidance between the robot and the obsta-
cles [20]. However, these methods are computationally ex-
pensive for real-time implementation. The MPC-based
motion planning problem also encounters similar compu-
tation issues due to the nonconvex nature of the problem.
Recently, some effort has been devoted to convexifying the
nonconvex feasible region, resulting in convex MPC for-
mulation [21]. In [22], the MPC is used to track the discrete
path which is initially planned as a prior. Note that these
methods are purely model-based, that is, they depend on
accurate system modeling, which may be however hard in
practice. A major difference with these work is that in this
paper, we consider dynamic systems with unknown models
and we are only accessible to input/output data.

Machine learning-based methods. Many machine learn-
ing-based methods have been proposed for robotic motion
planning. In particular, there have been many works on
(deep) reinforcement learning (RL)-based motion planning,
see e.g. [23, 24]. These methods significantly extend tradi-
tional motion planning to more complex scenarios, e.g. vi-
sion-based planning [25]. We refer interested readers to
[26] for a more comprehensive survey. We remark that the
RL-based methods highly rely on the rewarding structure as
well as the training quality if the deep neural network is
involved. Although these methods are model-free, it is very
hard to provide a provable safety guarantee.

In the field of systems and control, data-driven con-
trol [27] has attracted much attention, in particular thanks
to the behavioral systems theory [28]. It is shown that a
persistently exciting trajectory of a linear time-invariant
system suffices to reproduce all system trajectories, without
explicitly identifying the system, which we call the funda-
mental lemma. Based on this, a DeePC method was pro-
posed in the context of MPC framework [8]. Later, this
method was extended to a class of nonlinear systems [29].
In [30], a tracking controller was proposed to track a se-
quence of set points based on a behavior model. Different
from these work, we apply the DeePC framework to the
motion planning in nonconvex scenarios. More specifically,
by constructing convex safe sets in a fine-grained way, we
extend the DeePC to track a sequence of convex safe sets,
rather than a sequence of set points (see Sec. 5).

This paper is structured as follows: Sec. 2 defines the
motion planning problem with collision avoidance. Sec-
tion 3 explains the overall scheme of the proposed method.
Section 4 describes the main steps for generating the op-
timal trajectory based on safe sets sequence and Sec. 5
describes the data-driven tracking control. The proposed
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algorithm is evaluated by numerical and practical
experiments, as detailed in Secs. 6 and 7. Section 8
concludes this paper.

Notations: Let N and Z., be the set of nonnegative
integers and the set of positive integers, respectively. For
a,beN and a<b, let Ny, = {z € N|a <z<b}. The
Minkowski sum is denoted by A@B=a+ bla € A,b € B.
The inequality > is element-wise for vectors.

2. Preliminaries and Problem Statement

In this section, we first introduce the data-driven behavior
model and then formulate the problem to be studied in
this paper.

2.1. Data-driven behavior model

Consider a controllable and observable discrete-time linear
time-invariant system given by

Xey1 = Ax. + Bug, (1a)
Ve = &x; + Du, (1b)

where x, € R™, u, € R™, y, € R are the state, control
input, and output of the system at time t € N, respectively.
We assume that the matrices A € R%*%, B & R™xXM,
C ¢ R%*", and D € R»*™ gre unknown.

Instead of identifying the system parameters, one can
use the collected input and output data to characterize the
dynamics of the system through the behavioral model.

Given a horizon T € Z.o, let i}y 7 = [l)lT,ﬁzT,...,ﬁ;]T €

R™" and py; ;) = i.9s,...
jectory and the corresponding output trajectory, which are
collected from the unknown system (1) during an offline
procedure. Given L € Z., with L < T, define Hankel ma-
trices H, (U, r)) and H,(y; r)) associated with the input and

J7]T € R®T be an input tra-

output data as

1 U Ur_j 41
u, U Ur_pp

HL(a[l.T]) _ ilL lAlL+1 e ﬁT
HL()A’[LT]) Y1 0 Yro141
V2 V3 Vo142

LV Vi Ir

Each column of the Hankel matrices contains a sequence of
consecutive input or output data points of length L.
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The data used to characterize the system model should
satisfy the condition of persistent excitation, as defined
below.

Definition 2.1. Given L,T € Z., with L <T, the input
trajectory a[LT] is persistently exciting of order L if the
Hankel matrix H, (i, 7) is of full row rank.

Willems et al’s fundamental lemma [28] implies that if
the input trajectory is persistently exciting, the output tra-
jectory of the system (1) is predictable for any input. Here
we recall the lemma in a state-space system context.

Lemma 2.2. Consider system (1) and let u, ) and |, 7 be
input and output trajectories of (1), respectively. If the pair
(A, B) is controllable and the trajectory Uy, yy is persistently
exciting of order n, + L, then every length L input-output
trajectory (upy 1),y1,,) Is a trajectory of system (1) if and only
if there exists g € RT-1*1 such that

HL(IT[[LT])‘| - |:U[11L]:|
: .

YL

= g=
HL(V[LT])

2.2. Problem formulation

In this section, we will formulate the motion planning
problem of the system (1) with unknown model informa-
tion in a nonconvex environment. Let

u €U ={ze RMFz<f,), (2)
yeeVY={zeR"Fz<f} (3)

be the input and output constraints and let

j}target = {Z € ]Rny|FtargetZ S ftarget}

with )_)target C Y be the target set. In the set ), there are m
polytopic obstacles, each of which is expressed as

O(l) — {y = Rny|0(1)y S O(i)},

where 00 € R%*% o) € R4, ¢; is the number of con-
straints for the ith obstacle, and i = 1, 2,..., m. Denote by
O the set occupied by the obstacles, ie. O =00
U...U O, Without loss of generality, we assume that the
target set Viarger i safe, i€, Vigrger 1O = 0.

The objective is to design a safe and efficient motion
planning algorithm for the system (1) with unknown model
information such that

(i) the system reaches the target set ytarget from the initial
point Ysiart;
(ii) the input and output constraints (2)-(3) are satisfied;
(iii) there is no collision with the obstacle region O.

Towards this objective, we will develop a data-driven pre-
dictive control framework in the next section. Before that,

we introduce a running example to elaborate the above
notations.

Example 2.3. Consider a mobile robot moving in an
environment with six obstacles as shown in Fig. 2. The
obstacles O, j =1,2,...,6 are represented by light gray
areas. The working space ) defined in (3) is enclosed by a
thick solid gray line. The control task is to steer the robot
from the initial blue circle point [0.25,0.25] "to a red
square target set J_Jtarget centered at (2.5,2) with the side
length 0.02 m. The minimal distance between the robot and
the obstacles is 0.02 m. We assume that the system model is
unknown and only input and output data are available, and
its control input is the velocity of the x and y axes. The
control input constraint set ¢/ in (2) is therefore given by
U= {u=[vew) Il + vy | < 1.

3. Data-Driven Predictive Control Framework

In this section, we will provide an overview of the sample-
based DeePC framework. This framework consists of the
offline planning phase and the online tracking phase. In the
offline phase, we employ the sampled-based algorithm to
produce a sequence of safe sets in an alternating way. These
safe sets satisfy a group of properties that facilitate the
online tracking phase. In the online phase, leveraging the
behavioral systems theory and a set contraction method, we
solve a sequence of DeePC problems in real time to se-
quentially track the safe sets that are generated from
the offline phase.

Before providing the details, we define the distance
between sets.

3
2.5
2 o
Eus 0
=
2,
1 D
0.5
N\
0
0 0.5 1 1.5 2 2.5 3

Fig. 2. Control task in the environment with six obstacles.



Definition 3.1 ( Set distance). The distance between two
sets X; and X,, where X;,X, C R", is defined as

dist(Xy, X;) = inf{(|x; — x;|l[x; € Xq,x, € X5}, (4)

Now let us elaborate the offline planning phase. The
problem to be solved in this phase is as follows.

Problem 3.2. Given the information yg,, jtarget, Y, and O,
design an algorithm that automatically generates a
sequence of safe sets Y = {y&fe ysfe ﬁif_l,yfvasif
with y,s\?sif = Vtarget Such that

(i) Ystart € y?)afe;

(i) Vi C Y, Vi € N
(i) dist(V®, 0) > dpyin, Vi € Nig 5
(IV) y?afe N ylsifle # 0’ vl € N[O*Nset_l]'

where d,;, is a strictly positive constant.

In order to efficiently solve this problem, we parameterize
each safe set yfafe to be in the form of

Isafe _ 5)(%@70[1.) =Y ® (11— oz,-)yf, (5)

where y{ € Y and «; € [0,1]. The key idea is to employ
the sample-based heuristic planning algorithms, e.g. A* al-
gorithm [14], to generate yj, and then find the optimal

scaling coefficient a; = max,cj o such that dist(Y

f ), O) > dp,. Note that the randomness of the sample-
based planning algorithms may result in a sequence of
samples that are not sufficiently dense such that condition
(iv) is not satisfied. In this case, there is a need to inter-
polate new samples. On the other hand, if the generated safe
sets are too nested, the online computation cost will be
high. Thus, removing redundant safe sets is necessary.
A detailed solution to Problem 3.2 is given in Sec. 4, where
we propose a new algorithm that automatically returns a
sequence of safe sets Y = {Y(Vstare, %), Y5, 1),..., Y
(Vo —1> Oy —1)s Viarger ythat fulfills the conditions (i)-(iv).
An illustration is shown in Figs. 3(a) and 3(b). In Fig. 3(a),
the red dots are the outcomes from the sample-based
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planning algorithm. These samples are collision-free and
connect the initial point y,,. and the target region jﬁtarget.
Given these samples, Fig. 3(b) shows the constructed safe
sets (the green rectangles). We can see that these safe
sets are nested with each other and satisfy the conditions
D-(v).

The safe sets obtained by solving Problem 3.2 are then
used for the online tracking problem.

Problem 3.3. Given a sequence of safe sets Y that satisfy
the conditions (i)-(iv), design a data-driven tracking
controller such that the system with unknown dynamics
can sequentially move along the safe sets and satisfy the
input constraints.

In order to solve Problem 3.3, we leverage the historical
data of the system (1) and the behavioral systems theory to
describe the unknown dynamics. We reformulate the pop-
ular DeePC to track the safe sets in a set-contraction man-
ner. The structure of the resulting optimization problem is
parameterized by the safe set Y (y3, «;), more precisely, by
the vector y; and the scalar ;. This parameterization offers
us a more efficient way to solve the problem using the off-
the-shelf solver. As shown in Fig. 3(c), the blue rectangles
are the contraction sets while the black dotted line is the
actual trajectory under our tracking controller. The solution
to Problem 3.3 will be detailed in Sec. 5.

The algorithm proposed in this paper mainly addresses
the above two problems by providing path planning and
tracking control algorithms. In the path planning part, an
initial path is obtained using heuristic control algorithm
based on the given environmental information. Subse-
quently, the safety set sequence generation method
designed in this paper is used to determine the tracking
target points and corresponding safety set control sequen-
ces. A tracking controller is then designed to track the
target points by applying contraction constraints. When the
set conditions are met, the tracking target is switched to
achieve tracking control of target points and safety set
sequences, thereby implementing path planning and

Sample points

(i | Safe sets s
] Contraction scts . Yi

—e  Actual rajectory a -

Ro®

(a) Sample-based planning

Fig. 3.

(b) Safe set planning

(¢) Data-enabled predictive control

Sketch of sample-based DeePC framework.
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Envirorment Heuristic Algorithm Path Planner Based
information Path Planner on Safe Set

Initial path
Safe set sequence
Optimal control input
I Data sample Construct the trackingl Solver I Executer —>
| P b control problem | |

Update the target safe set
and target point

Enter the next
safe set?

Update the state variables

Output

< Sensor

Fig. 4. Data-driven tracking control block diagram.

tracking control under a data-driven framework. The block
diagram is shown in Fig. 4.

4. Sample-Based Safe Set Planning

In this section, we first show how to construct safe set ) (y*
,a) in (5) satisfying dist(Y(y*,a), ©O) > dpin. Then, we
design an algorithm that is able to automatically generate a
sequence of safe sets satisfying the conditions in Problem 3.2.

4.1. Constructing a single safe set ))(y*,c)

Following [31], let us first recall some basic properties of
the set Y(y*, «) defined in (5). It is easy to show that

Yy5a)={(1-a)y’}oay
={y eR"|Fy < of, + F,(1 — a)y’}.
For any y*e€R"™, the set Y(y% ) is monotonically
increasing in the sense of set inclusion with q, i.e. Y(y*, aq)
C Y%, ay) for any 0 <a; <ap, <1. Recall that O =
U™, 0. Thanks to the monotonicity, we are interested in
solving the following problem:

max (6%
a€l0,1] B ‘ (6)
st dist(Y(5, @), 00) > duyiy, Vi € Ny,

where y* € R and d,;, > 0 are known.

Note that even through the sets Y(y°,a) and O are
convex polytopes, the constraint dist(Y(y*, a), OW) > dpn
is nonconvex with respect to a. Leveraging the results
in [32], we reformulate the safety constraints that only in-
volve continuous decision variables, which is provided in
the following lemma.

Lemma 4.1. The safety constraint (6) holds if and only if
there exist {u;}i21, A and z with appropriate dimensions

such that
Vie N[l’m],
NT
{ —0" = (afy + Fy(1 = 0)y") A = o,
O(i)T,u‘I' —Z= 05 i > 07 (7)
F/X+2z=0,
Izl <1, A>o0.
Proof. Please refer to [32] for a detailed proof. O

To this end, the problem (6) can be rewritten as

max «
as{ui}?;l-/\’z (8)
st. «a€]0,1] and (7).

The problem (8) is nonlinear since the constraints involve
the multiplication of o and . Let us denote by II(«) the set
of {g;}i1, A, and z such that (7) holds. Note that when « is
fixed, the set II(«) consists of a group of convex inequalities
and equalities, and thus one can check if II(«) is empty by
solving a convex optimization problem.

In order to efficiently solve this problem, we propose to
use a bisection method, as detailed in Algorithm 1. We
initialize ¢, &, and ap;q to be 0, 1, and 1/2, respectively. In
the while-loop, we repeat to check if the set II(ap;q) is
empty and update o« and & accordingly, until the difference
between o and & converges to a certain tolerance e.

Proposition 4.2. If the problem (8) is feasible, Algorithm 3
terminates in |log,(1/¢)| steps and a* — &* < g, where a* is
the optimal solution to the problem (8) and &* is the output
from Algorithm 1.

Proof. If the problem (8) is feasible, it is easy to see that
II(0) is nonempty. From Algorithm 1, we have that II(«) is
always nonempty, that is, the problem (8) is feasible if « is
fixed to be «. The bisection method yields that
a—a = (1/2)%, where k is the iteration step. Let



Algorithm 1. Bisection Method for Solving (8)
Input: 0<e<1
Output: &*
Q<_0564(_17amid<_1/27k<_0
while @ — a > ¢ do
if TI(miq) is empty then
Q < Qmid
Qmid — (@ +a&)/2
else
& < Opid
Omid — (a+a&)/2
end if
k—k+1
: end while

Ak

C A =a

—_ =
- ee

—
\V)

(1/2)k <&, which gives that the maximal iteration step
satisfies k > |log,(1/¢)]. Since the optimal solution a* to
the problem (8) lies in the interval [a, @], we have that
a* —a* <e O

4.2. Sample-based safe set planning

Based on the construction of a single safe set in Sec. 4.1, this
subsection will show how to construct a sequence of safe
sets that fulfil the requirements in Problem 3.2. The de-
tailed procedures are outlined in Algorithm 2. In the fol-
lowing, we will elaborate this algorithm.

Input: The inputs consist of the initial point yg.., the
target zone jitarget, the set O occupied by obstacles, the
working space ) and the safe distance d;,. A sequence of
samples in the working space ), denoted by P =
oY1 Y Nompe—19Y N }» 1S generated by leveraging
the heuristic algorithm, e.g. A* algorithm. Here Ng,pypc is the
number of samples. This sequence starts from the initial
point yg = Yseare and ends within Virger, L€y € Vearger-
Moreover, all the samples are collision-free in the sense of
dist(y;, O) > dp, forall j € N1V gpmpte]

In order to illustrate the above algorithm, we continue to
use Example 2.3 for discussion.

Example 4.3. Let us consider the planning task as shown
in Example 2.3. For the input step of Algorithm 2, we run A*
algorithm to plan a safe path, as shown in Fig. 5(a), where
colored line segments represent different exploration
directions. Based on this, we distill a safe path that starts
from the initial point yg,« and reaches the target set J_Jtarget
while avoiding collision with the obstacles, which is shown
in Fig. 5(b).

Initialization (line 1): We initialize the safe set se-
quence to be Y = { Viyreer } and the sample sequence to be
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Algorithm 2. Sample-based Safe Set Planning (8)
Input: B
Initial point Ysiart, target zone Viarget, obstacles O,
working space ), and safe distance dpi,. A sequence
of Samples P = {y87 yfv e vyjs\/'samplc—la y]SVsamplc} with
the following properties:

y; €Y, Vj € N[l,Nsample_]7
yé = Ystart y?Vsa,nple € ytarget

dist(yj,(’)) > dmin, Vj € Ny,

sample]
Output: A  sequence of safe sets Y =
{y(yga Oéo), y(yf» al)u e 7y(y}gvset_1a ?Nsct71)7 ytarget}
Initialize P < P[1 : Ngample], Y < {Vtarget }
while P is not empty do
if %i e N[0, Length(?)—1] such that y7 € Y[1] then
Interpolate a new sample yS., between P[End|
and Y[1] such that yg., € Y[1] and dist(yZ.,,O) >

min

5: Let
yiength(P) — yré;ew
P — {P7 yiength(P)}
6: end if
7 Let
i < min{j | y; € Y[1]}
Yt =y
P —P[1: 1]

8:  Solve the optimization problem (11) and let a* be
the optimal solution

9:  Let Y — {J(y°,a*), Y}

10: end while

11: > For a sequence P, P[1 : i] denotes a sequence gen-
erated from the first 4 elements from P, P[1] denotes
the first element of P, and P[End]| denotes the last
element of P

12: Rename and 7re-index Y to be Y =
{y(yaa 040)7 y(qu7 Oé1)7 s 7y(y(1g\/'set715 aNset—l>7 ytarget}
> Nget denotes the number of the safe sets

13: Return Y

P = P[1: Ngample] (i.e. removing the last sample yf\,sample),
where P[1: 1] denotes a sequence of the first i elements
from P.

While loop (lines 2-10): In the while-loop, we recur-
sively select the active sample y* from the sequence P and
construct the safe set accordingly by solving the optimiza-
tion problem (8). More specifically, we first check if there
exists some sample in P that lies in the set Y[1], where Y[1]
denotes the first element of Y. If not, we interpolate a new
sample y;. between P[End] and Y[1] such that y;., € Y[1]
and stack this new sample to the end of the sequence of P
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(@)
Fig. 5.

(lines 3-6). Otherwise, we select i = min{j|y; € Y[1]} and
update the sequence to be P < P[1:i] (line 8). By setting
y$ =yi, we solve the optimization problem (8) and obtain
the optimal scaling coefficient a*. To this end, we get the
new safe set )(y°,a*) and stack this set to be the first
element of the sequence Y (lines 8-9).

Re-index and output (lines 12-13): We re-index the
obtained sequence of safe sets and return it in the form of
Y= {y(ystarta 0‘0)7 3’0’?, al)a ceey y(stvm—h aNsetfl)v ytarget}'

The following proposition states that the output of Al-
gorithm 4.2 is a solution to Problem 3.2.

Proposition 4.4. The sequence Y = {Y(y§, o), Y(Vi, 1),

o YW, 15N 1) Viarget } from Algorithm 2 satisfies the
conditions (i)-(iv) in Problem 3.2.

Proof. The condition (i) holds since the sample starts from
the initial point y§ = Y. The condition (ii) Y(yf, ;) C Y
naturally holds since the safe set Y (y3, o;) is a scaled set of
Y with respect to the sample y$. The condition (iii) is true
since each sample satisfies dist(y;,O) > dy,;n and the
scaling coefficient is obtained by solving the problem (8),
which incorporates the safety constraint. Finally, thanks to
the point inclusion check and the interpolation in lines 4-8,
it is easy to see that any two adjacent safe sets have a
nonempty intersection, which validates the condition (iv). O

If the sequence of safe sets obtained from Algorithm 4.2
is too nested, the computation for online tracking will be
high. Thus, we expect a sequence of safe sets that are as
spare as possible while fulfilling conditions (i)-(iv) in
Problem 3.2. Algorithm 2 is proposed to simplify the output
from Algorithm 2.

In detail, we start from the first element of the set se-
quence by setting Y = Y[1] and store the remaining sets as
Y = Y[2 : End] (line 1). In the while loop, we recursively
update ¥ and Y. That is, we select i= max{j|Y[j]N

2 2.5 3

(b)
Initial planning in Algorithm 2 by A* algorithm: (a) running process and (b) distilled path.

Y[End] # 0}, stack Y][i] to the end of Y (ie. Y = {Y,¥[i]}),
and accordingly update Y= Y[iJr 1:End] (lines 2-4). A
byproduct of Algorithm 3 is a sequence of reference points
T =1{y0:¥1,---:Yn, 1) that will be used for online track-
ing in Sec. 5 (line 3). These reference points lie in the in-
tersection of two adjacent safe sets. Finally, we re-index the
sequences Y and 7, and return them as outputs (lines 5-7).

Corollary 4.5 implies that after removing the redundant
safe sets, the output of Algorithm 3 is still a solution to
Problem 3.2.

Algorithm 3. Simplification of Safe Set Sequence

Input: The sequence of safe sets Y =

{j}(ySa Oéo), J_)(yf7 Oé]), RS J_)(y?vsct—lﬁ aNsetfl)? ytarget}
obtained from Algorithm 2

Output: A  sequence of safe sets Y — =
{y(yga Oéo), y(yi 041), RS y(y}g\lsct—lﬁ aNset_l)? ytarget}
and a sequence of reference points
T= {y(r)vy{v s 7yjrvse,71}

1: Initialize Y « Y[1],Y < Y[2: End], 7 < 0
2: while Y is not empty do

3: Let
i — max{j | Y[j] N Y[End] # 0}
select y" € Y[End] N Y[i]
Y — {Y, ¥[i]}
YA{W—Y[i—I—l:End}
T —A{T, y"}

4: end while

5: Let Ngot = Length(Y)

6: Rename and re-index Y and 7 to be Y =
{y(ySa O50)7 y(yfv al)a cees y(y(]g\]setfla aNset_l)? ytarget}
and 7 = {yg, 1, -, Yn..,_1)> respectively

7: Return Y and 7




Corollary 4.5. The sequence Y = {Y(yj, ), Y(¥i, ),
ooy YN -1, N —1)s Vwarger ) from Algorithm 3 satisfies
the conditions (i)-(iv) in Problem 3.2.

Proof. The conditions (i)-(iii) hold since the input to
Algorithm 2 comes from Algorithm 2, which satisfies the
conditions (i)-(iv) in Problem 3.2, as shown in Proposi-
tion 4.4. It is easy to verify the last condition (iv) due to the
operations in line 3. O

Let us continue Example 4.3 for illustrating how to
compute the safe sets from Algorithms 2 and 3.

Example 4.6. Based on the path from A* algorithm, the
implementation of Algorithm 2 returns a sequence of safe
sets, which are the sets circled by the blue line in Fig. 6(a).
We can see that the safe sets are nested densely. We further
implement Algorithm 3 to remove redundant sets, which
leads to a new sequence of safe sets shown in Fig. 6(b). The
number of sets in this new sequence is 16, much smaller
than 56, the number of sets in the sequence in Fig. 6(a). The
sequences in both Figs. 6(a) and 6(b) fulfill the require-
ments as stated in Problem 3.2. As shown in Fig. 6(b), the
intersection area of two adjacent safe sets is colored in light
blue, and the reference point sequence is marked as colored
asterisks.

5. Data-Enabled Predictive Tracking Controller

In this section, we will first briefly review DeePC frame-
work [8], and then will adapt DeePC framework to design a
data-driven tracking control method based on the safe set
sequence for solving Problem 3.3 in Sec. 3.

(@)
(a) A sequence of safe sets generated by Algorithm 2; (b) a simplified sequence of safe sets generated by Algorithm 2.

Fig. 6.
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5.1. Review of DeePC

Consider Tini, N, T €N  such  that T>(n,+1)
(Tini + N + ny) — 1. Let &y 7y and y;; 7 be the input trajec-
tory and the corresponding output trajectory measured
offline from system (1). We organize the input-output data
into the Hankel matrices Hr, n(Uy r) and Hr, vV 1),
which are further partitioned into two parts

U . Y, R
{Ufp] =Hr, n(Upr), [Y?] =Hr, nUp11)s

where U, € RuTn*% and Y, € R X" are the first Tjy

block rows of Hr, n(Uy ) and Hr, vV 1)), respectively;

Ur € RWN>% and Yy € R»V*" are the last N block rows of

Hr,n(Uy ) and Hy y(Vy 7)), respectively; and k=
— Tini — N+ 1 is introduced for brevity.

Assumption 5.1. Assume that the offline input trajectory
1][”] is persistently exciting of order Tj,; + N + n,.

At each time instant t € N, let wy; = [u/ r ul ¢ 4,...

T ” T T
U] e Rl and  yy, = D’t—nm,yffnmfu oyl e
R™%Tmi  be initial input and output trajectories with
length Ty and w = [ug,, uj,, ... ,uy 4] € R"V and y =
VoY e -+ Yya) € R be the predicted trajectories
starting from the initial trajectories with length N. From
Lemma 2.2, the entire input-output trajectory
[ul,u’ yr.y']" is a trajectory of (1) if and only if there
exists g € R* such that

Up Ujpj
U
Fa=1. (9)
Y, Vini
Yy y

(b)
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The length Tj,; of the initial trajectory should be chosen
no smaller than the lag of system (1), such that the pre-
dicted output trajectory y is uniquely determined through
(9) for any given predicted input trajectory u. The lag is
defined as the smallest integer p € N such that the matrix
[CT,ATCT,...,(A")P~1CT] has rank n,.

By using (9) as an alternative model of (1) to predict the
future system behavior, the DeePC algorithm solves the
following optimization problem to obtain the optimal pre-
dicted input trajectory u at every sampling instant t.

N-1

min y  (Iiell§ + e | &+ el ?
IV =0

Up Ujp

Y, Yini

Yy y
lelt S U, Vk e N[O,N—1]7
yk\t€y7 vkGI\I[O,N]v

where Q € R*, R € R™*™, and P € R™*"v are positive
definite. The general process of DeePC algorithm at each
time t is summarized below.

5.2. Data-enabled predictive tracking control

This section will show how to leverage the DeePC and the
safe set sequence obtained in Sec. 4 to design a new data-
enabled predictive tracking controller.

Consider the output from Algorithm 3, i.e. the sequence
of safe sets Y ={Y{¥p ao), VWi, 1), YW, 1,
o, 1), Vearger} and the sequence of reference points 7 =
o,¥1,---»YN,-1}. Given the output y, at time t, if
Ve & Viargerr the active safe set V(yi,a;) is defined by
selecting i = max{jly, € Y(y{,q;)}. The new optimization
problem to be solved at time step t is parameterized by the
current output y,, the active safe set J(y{, a;), and the ac-
tive reference point y!, denoted by OPT(y,, Y (y$, oy),y!):

min - Sy,
9~“7{ﬂk\t}k,o
l[jp Wiy
s.t. Yf g= v ,
p Yini (11)
Yr y
uk|t S Z/{, Vk e N[O.,N*l]?
Yie € (1 = Bue)yi @ Bre Yi, i),  Vk € Ny,
1> 50\t > 51\t > 2 BN\t > 0.

The only difference between the problem (11) and the
problem (10) for the DeePC is the objective function and the

last two constraints. We introduce a new sequence of scalar
decision variables {ﬁk‘t}ﬁ'zo. Similar to the scaling coeffi-
cient q; to define the safe set Y (y$, o), Bk plays the same
role to scale the active safe set ) (y{, ;) with respect to the
active reference point y/ (which lies in Y (y{, ;) based on
Algorithm 3).

More specifically, the problem (11) aims at driving the
predicted output trajectory yy, to the active reference point
yi asymptotically. To achieve this, the last two constraints
establish a sequence of shrinking active safe sets in the
sense that (1 - ﬂk+1\t)y1 D ﬁkJrl\ty(yHal = (1 - ﬁk\t) Ir D
Bre Y V$, ;) and enforce the predicted output trajectory yy.
to track these shrinking sets. Given the last monotonicity
constraint on Sy, the objective function of (11) is to find
the optimal scaling coefficients 3}, such that the last pre-
dicted output yy, is as close to the reference point y; as
possible. We remark that the predicted trajectory yj is safe
in the sense that dist(yy;, O) > dpn, in virtue of the prop-
erty of safe sets we construct in Sec. 4.

Remark 5.2. Note that the quadratic cost function in (10)
can be incorporated into the problem (11) to achieve a trade-
off between control performance and convergence to the
active reference point. For example, the objective function

can be replaced by ming,u,{@k“};y:opﬂN\t + Zf(v;ol[ﬂ)/k\t —J’ir”é
+[uge | % where p > 0 is the weighting parameter.

5.3. Robust data-enabled predictive tracking control
through regularization

In practice, it is inevitable to encounter various uncertain-
ties, for example, numerical errors in data collection or
disturbances from the environment. Thus, it is of great in-
terest to explore a robust variant of the DeePC that is able
to tolerate these uncertainties to some extent. A popular
way to achieve this is to incorporate regularization into the
optimization problem, see for example [8, 9]. Following the
same line, we extend the problem (11) to a new formulation
for robust data-enabled predictive tracking control.
The new optimization problem, denoted by ROPT
e, Yi, o), y0), is as follows:

min By + AgllgllZ + A loll3
ISk} k=0,

UP Wip;

st. | Tlg=1| " |,
Y, Yini -0 (12)
7 y

Ukt € ua Vke N[O.N—l]a

Vit € (1- 6k|t)Yir D ﬁk|t5)(y?7 a;),
1> ﬁo\t > ﬁl\t > 2 ﬁN\t > 0.

Vk e N[O.N]a




In this problem, the decision variable ¢ is introduced to
ensure that the problem is feasible despite the data noises.
Different from the problem (11), the objective function of
the problem (12) consists of the new regularization on g
and o. The parameters )\, and A, are weights. Like the
regularization in linear regression, the term A ||g|| 5 enables
a trade-off between tracking performance and preventing
overfitting [30].

5.4. Online data-enabled predictive tracking
control algorithm

Based on the new optimization problem (11) for the data-
enabled predictive tracking control, we are ready to
design an online implementation algorithm, as detailed in
Algorithm 4. Algorithm 4 starts from the offline phase which
consists of safe set planning as done in Sec. 4 and the data
collection. For the online phase, we initialize the active safe
set to be Y (v, ap) since the initial output is in this set. The
while loop terminates until the output y, reaches the target
set j)target. Otherwise, we will check if
Ve € Y(yi,af) N Y (i, aiq), which is used to update the
active safe set (lines 4-6). Then, we solve the problem OPT
(yt7 y(yx ’ al) yl) in (11) (OI' ROPT(.ytv y(yx ’ az .yl in (12))
whose optimal solution gives the control input for imple-
mentation (lines 7-8). Using the online input-output data,
we refresh the information for the data-based model (9)
(line 9).

Next we apply the data-enabled tracking controller to
Example 4.6.

Algorithm 4. Sample-based DeePC for Safe Motion
Planning
Offline:
(a) Determine the

Vs, a0), Y(yi, 1), ..

sequence of safe sets Y =
y(yN et — 170‘Nset—1) ytdrget}

and the sequence of refer-
ence points 7 = {yg,v1,..-,Yn.,_1} using Algorithms
2-3;

(b) Collect Wini, Yini, (Up1,77,Jj1,7)) With 7 persis-
tently exciting of order Tin; + N + ng.

Online:
1: Initialization ¢ = 0 and ¢ = 0 (note that yy, €
y(yS’ 048)) Yt ¢ ytarget

2: Measure the output v, y: € Y(y$, ) ﬁj(yf_H, agyq)
Leti—i1+1

4: Solve the problem OPT(yt,?(yf,ai),y[) in (11) (or
ROPT (y,, j(yf, ), yf) in (12)) to obtain the optimal
g* and calculate u* = U g~

5: Implement the control input u; = ugl ;

6: Update (Ujni, yini) and let ¢ « ¢ + 1

w
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Fig. 7. Tracking control performance under Algorithm 4.

Example 5.3. We implement Algorithm 4. The output
trajectory is represented by a sequence of blue asterisks as
shown in Fig. 7. The reference points y; are the colored
asterisks. The actual position trajectory of the mobile robot
under Algorithm 4 is the blue asterisked line. We can see
that the mobile robot tracks the sequence of safe sets with
respect to the reference points and safely reach the target
set, which is the red square in Fig. 7.

6. Numerical Simulations

In this section, we provide several numerical simulations
for validating our proposed algorithm. In particular, the
advantages of the proposed algorithm in terms of compu-
tational efficiency and control performance are highlighted
by comparing it with an MIP-based DeePC algorithm. Both
simulations are solved by using YALMIP [33] with the
solver CasADi [34] version 3.6.2 on an Intel(R) Core(TM) i7-
10700Kkf 3.8 GHz Desktop PC with 64 GB RAM.

6.1. Safe planning of aerial robot

We first consider the planning of a quadcopter in a safety-
critical environment. The states of the quadcopter are given
by the three-dimensional space coordinates (py,py,p,) and
their velocities, and the three angular coordinates («, 3, 7)
and their velocities, which can be represented as
(x,y,2,%,9,2,, 3,7, ¢, 3,%). The inputs are given by the
thrusts from the four rotors (uj,u,,us,u,). As shown in
[35], the model of a quadcopter can be approximated by a
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high-fidelity linear model, which motivates us to consider
the data-driven planning framework. The control period is
set to be 0.01s. We assume that the system model is un-
known and only input and output data are available.

Consider an environment as shown in Fig. 8. The
working space )Y is 10m long, 3m wide, and 3 m high,
which is enclosed by a thick solid gray line. There are two
walls, consisting of the obstacles O® i=1,2,...,5,
represented by light gray areas. The control task is to steer
the robot from the initial point [1,0.5,0.5] ", through small
safe holes on the two walls, to a square target set j}target
centered at (9,1.5,1.5) with the side length 0.1 m, while
ensuring safety, by only using the data. The desired safe
distance between the safe sets and the obstacles is set to be
0.02 m.

For the initial step of Algorithm 2, we use A* algorithm
to plan a safe path, which is shown in Fig. 8. The running
process of A* algorithm is shown in Fig. 8(a), where colored
line segments represent different exploration directions.
Based on this, we distill a safe path that starts from the

initial point yg.« and reaches the target set ytarget while
avoiding collision with the obstacles, which is shown in
Fig. 8(b).

Based on the path from A* algorithm, the implementa-
tion of Algorithm 2 returns a sequence of safe sets, which
are the sets circled by the blue line in Fig. 6(a). We can see
that the safe sets are nested densely. We further implement
Algorithm 3 to remove redundant sets, which leads to a new
sequence of safe sets shown in Fig. 9(b). The number of sets
in this new sequence is 25, much smaller than 77, the
number of sets in the sequence in Fig. 9(a). The sequences
in both Figs. 9(a) and 9(b) fulfill the requirements as stated
in Problem 3.2. As shown in Fig. 9(b), the intersection area
of two adjacent safe sets is colored in light blue, and the
reference point sequence is marked as colored asterisks.
The total computation time for offline planning is 34.445s.

For the historical data collection in the offline stage of
Algorithm 4, the inputs are sampled uniformly from the
input constraint set &/ and the output data refers to the
system state data. The predictive model in (9) is formulated

(a)
Fig. 8.

(b)

Initial planning in Algorithm 2 by A* algorithm: (a) running process and (b) distilled path.

(@
(a) A sequence of safe sets generated by Algorithm 2; (b) a simplified sequence of safe sets generated by Algorithm 3.

Fig. 9.

(b)



by using the input and output data (l)[”],ﬁ[”]) of the
controlled quadcopter via the Hankel matrix. The para-
meters of the behavior predictive system model are set as
follows: Tj,; =10, N =10, T = 246, L = 20, and x = 227.
We then implement Algorithm 4. The output trajectory is
represented by a sequence of green asterisks as shown in
Fig. 10. We can see that the quadcopter tracks the sequence
of safe sets with respect to the reference points and safely
reach the target set, which is the red square in Fig. 10. The
total online calculation time is 0.47 s, the number of control
steps is 100, and The average computation time during
online tracking is 0.0047 s per time step.

p-(m)

py(m) 0 p=(m)

Fig. 10. The tracking performance of UAV under the control of
Algorithm 4. The reference points y| are the colored asterisks. The
actual position trajectory of the UAV under Algorithm 4 is the
green asterisked line.

py(m)

(@
Fig. 11.
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6.2. Comparison with MIP-based DeePC, subspace
identification DeePC and MPC Algorithm

In this subsection, we compare our method with the MIP-
based DeePC, subspace identification DeePC and MPC Al-
gorithm. In the DeePC algorithm based on MIP, as many
literature has done e.g. [20], we use MIP [20] to offline plan
a safe path, and then use DeePC for tracking control to
compare the path planning capability of the algorithm
proposed in this paper. In the DeePC algorithm based on
subspace identification [36], the algorithm proposed in this
paper is used for path planning, and then the system model
is identified from historical data using subspace identifica-
tion method. The identified model is used instead of the
behavioral model combined with the set contraction con-
straints proposed in this paper to achieve tracking control,
thus comparing the performance of the data-driven control
algorithm. In the MPC [32] algorithm, the path planned by
the algorithm proposed in this paper is used as the refer-
ence trajectory, the precise controlled object model is used
instead of the behavioral model, without combining the set
contraction constraints proposed in this paper for tracking
control, thereby comparing the performance of the data-
driven tracking control proposed in this paper. As
highlighted in [20], the computational complexity of MIP-
based method increases exponentially with respect to the
number of obstacles. To this end, we consider the same
system in the previous subsection but a simple scenario
with two obstacles for comparison, which is shown in
Fig. 11. The initial point ., is (0.05,0.15), the target point
YVend 1S (1.4,0.8) and the desired safe distance is 0.1 m.
The red dotted lines in Fig. 11 represent the offline path
planning results of the MIP-based method and our method.
The blue, green and cyan lines in Fig. 11 depict the online

1.5
= = Reference
—#— Algorithm 4
—#—Subspace Identification DeePC
~—MPC
1
£
=
&
0.5
0
0 0.5 1 15

pa(m)

(b)

Planning trajectories under (a) MIP-based DeePC and (b) Algorithm 4, subspace identification DeePC and MPC. The red lines are

the offline planning paths and the blue, green and cyan lines are the online tracking trajectories under the Algorithm 4, subspace

identification DeePC and MPC algorithm.
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Fig. 12. The minimum distance between the mobile robot and the
obstacles at each time step. Black dotted line: MIP-based DeePC
algorithm; blue dotted line: Algorithm 4; green dotted line: sub-
space identification DeePC; cyan dotted line: MPC. The red dotted
line denotes d,,;, = 0.1 m.

tracking results using MIP-based DeePC, our method, sub-
space identification method and MPC method. As shown in
Fig. 12, the trajectory using MIP-based DeePC and MPC vi-
olate the safe distance constraint, while the trajectory using
our method and subspace identification DeePC satisfy the
safe distance constraint. That is, the use of DeePC to track
a point-based safe path may not come up with a safe tra-
jectory. The safe sets in our method serve as safe
barriers when implementing DeePC for tracking. The total
computation time (including offline and online phases) of
our method is 6.470s, much shorter than 58.651 s for the
MIP-based method and 12.438s for the subspace identifi-
cation DeePC, slightly longer than 6.421s for the MPC
algorithm.

To compare the performance of two methods, we in-
troduce the running step t.,q (i.e. the time of reaching
the target set) and the quadratic cost, measured by
Jp = S 1y ~ Yendll} + luc| 31, where the weighting ma-
trices in J, are set to be Q= diag{30,30} and
R = diag{0.5,0.5}. From Table 1, we can see that in com-
parison with the MIP-based DeePC, our method can com-
plete the control task safely and computationally efficiently
with less control cost and shorter running step. Compared
with MPC algorithm, our costs and computation time are

similar. Compared with the DeePC algorithm based on
subspace identification, we have made significant
improvements in the offline computation part, slightly lag-
ging behind in online computation efficiency, but having a
slight advantage in overall control costs.

7. Experiments

In this section, we apply our method to a four-wheel-
mecanum mobile robot in a real-world environment. In this
situation, it is inevitable to encounter noisy data collection
and thus we implement the robust version of the algorithm.

7.1. Experiment setup

The experimental environment is a 3.6 m by 1.5 m rectan-
gle, and there are five obstacles (see Fig. 13). Each obstacle
is composed of one or two square blocks with a standard
length, width and height of 30 cm. The initial position and
the target set are marked by pink square areas.

7.2. Mobile device

The four-wheel-mecanum mobile robot with a length of
50 cm, a width of 40 cm and a height of 30 cm used in this
experiment is shown in Fig. 13. Each wheel of the mobile
robot can be assigned and operated separately, which
guarantees the omni-directional movement ability. Four
motors are installed and independently driven by IMDR4
motor driving board. The real-time position information is
provided by VINS-Fusion method developed in [37]. A
ZED2i camera is used to obtain the image of the environ-
ment which is essential to apply the positioning method.
The image information is transmitted to a Nvidia Jetson TX2
via a USB hub. A VIO terminal is run on TX2 to process the
image information and calculate the optimization problem
for obtaining the real-time position of the mobile robot, and
a control terminal provides the control input, and the ex-
periment data is saved on TX2. STM32F407 is the control
board of the low layer which is responsible for executing
the control input transmitted from TX2 via RS232. Limited

Table 1. Comparison of computation time, running step and control cost.
Control scheme MIP-based DeePC  Algorithm 4  Subspace identification DeePC MPC
Offline computation time (s) 58.536 6.382 12.365 6.382
Online computation time (s) 0.115 0.088 0.073 0.049
Running step t.,q (step) 44 41 42 39
Online computation time per step (s) 0.0026 0.0022 0.0017 0.0012
Control cost J, 48.29 45.96 46.35 42.56




ZED2i camera

STM32F407

Fig. 13. Four-wheel-mecanum mobile robot in the experiment
environment.

by the motor drive capacity, the combined control inputs of
the wheeled robot in the x and y axes cannot exceed 1 m/s.

7.3. Data collection

Before the experiment, the mobile robot is controlled for
20 s from a randomly selected initial point, by implement-
ing a pre-specified control input sequence which satisfies
the persistent excitation condition. With a sampling period
of 0.1 s, we obtain an output trajectory. Then the inputs and
outputs of the robot are stored in pairs as the historical
data. The parameters of the behavior predictive system
model are set as follows: Tj,; =20, N=10, T = 200,
L =30,and k = 171.

7.4. Experimental results

Our objective is to control the robot from the initial point of
(0.1,0.1) to a rectangle area with a length of 0.036 m and a
width of 0.015m centered on (3.3,1.2). When taking into

Fig. 14. Position trajectory of the mobile robot wunder

Algorithm 4.
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Fig. 15. Evolution of the control inputs and constraint under
Algorithm 4.

account the space occupied by the robot, we require that
the distance between the center of the robot and the
obstacles is no less than 25cm (half of the length). We
implement our data-driven motion planning algorithm to
this mobile robot. The results are reported in Fig. 14. The
rectangles circled in blue lines are the sequence of safe sets
by Algorithms 2 and 3. The blue asterisked line is the po-
sition trajectory under the data-enabled predictive tracking
controller. We can see that the trajectory is safe in the sense
that its distance from the obstacles is greater than 25 cm.
The input trajectory is shown in Fig. 15. The first two
subfigures plot the inputs v, and v,, while the last subfigure
shows the evolution of |v|+ |v,|, where the green line
represents the constraint boundary. It can be seen that at all
time steps, |v,| + |v,| never exceeds the constraint boundary
1. The experimental results verify the computational effi-
ciency of Algorithm 4 and validate that the proposed data-
based method is able to ensure the safety of the mobile
robot in practice. A video of the experiment can be seen at
ExpVideo.

8. Conclusions

In this paper, we have proposed a novel sample-based
DeePC method for safe motion planning of unknown sys-
tems. We developed an efficient way to generate a sequence
of convex and safe sets from the initial state to the target set
and showed that each set can be computed by solving a bi-
linear optimization problem, which can be solved in a
polynomial time complexity for any tolerance. Then we
extended the DeePC to the set tracking of unknown sys-
tems. That is, by leveraging the behavioral systems theory
and a set contraction method, we formulated a sequence
of data-driven optimal control problems. Solving each
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problem in a receding-horizon manner enables the system
to move along the sequence of safe sets. We examined our
results through both numerical simulations and practical
experiments.

There are a few interesting future research directions.
For example, it is of interest to incorporate the occupied
space of the dynamical systems into the safety constraint,
rather than a mass point as in this paper. Another important
extension is safe planning in an environment with moving
obstacles.
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