Resource-Aware Rate-Adaptive Control with Discrete-Time Control
Barrier Functions and Real-Time Guarantees

Marcello Domenighinim, Paolo Pazzaglial, Christoph Mark!,
Kevin Schmidt', Laura Beermann', Alessandro V. Papadopoulos?

Abstract— In this paper, we present a resource-aware control
framework that leverages dynamic control rate adaptation to
provide both safety and real-time schedulability across multiple
concurrent control applications. Safety is enforced through a
discrete-time control barrier function with a novel formulation
that explicitly accounts for variable sampling periods. Schedula-
bility is ensured by dynamically bounding the minimum admis-
sible period under a given scheduling policy. Both constraints
are encoded in an optimization-based controller, which adapts
each sampling period, enabling longer periods when safe, and
faster ones near the safe set margins. Simulations with multiple
mobile robots show that the method preserves safety while
improving resource utilization compared to classic fixed-period
control.

I. INTRODUCTION

The joint design of control algorithms and real-time exe-
cution platforms is becoming increasingly critical in modern
cyber-physical systems, to meet the demand of predictable
and safe execution for multiple control tasks with shared
computing resources. Examples include the coordinated con-
trol of ground robots in e.g., industrial automation cells
where safety is rigorously enforced through physical bar-
riers. Traditional fixed-period control designs often result
in conservative tuning and ample allocation of resource, in
order to meet these requirements in all operating conditions.
This results in having frequent updates also when the system
operates far from safety boundaries, resulting in unnecessary
computational load and thus limiting the scalability on shared
platforms.

Contribution: This paper proposes a framework to man-
age limited computational resources shared among multiple
control tasks, by dynamically adapting the sampling period
of the controllers to the safety-criticality of the plants,
while ensuring real-time schedulability of the tasks. The key
contributions are:

1) We address real-time constraints via an online algo-
rithm that dynamically updates the smallest control
period that guarantees correct execution for each task
under a specified scheduling policy;

2) We enforce safety via a discrete-time Control Barrier
Functions (CBF) condition, with a novel formulation
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that allows for a variable period of the control appli-
cation;

3) We encode the schedulability and safety requirements
as constraints in an optimization-based controller that
simultaneously computes the control input and the
period of the task, allowing for a relaxed control rate
when the state is far from the safety constraint;

4) We test our approach in a simulated use-case with
mobile robots performing obstacle avoidance tasks.

Related Works: The co-design of control and schedul-
ing [1] has been considered to ensure realistic performance
guarantees beyond the conservative assumptions of tradi-
tional designs. This is particularly important for emerging
edge- and cloud-based architectures [2], [3], characterized
by increased resource contention and interference among
concurrent applications. Resource-aware control frameworks
have been developed to manage resources to multiple control
systems by dynamically adapting the rate of the controllers.
The design typically involves a higher-level entity to select
the control rates and achieve optimal resource allocation [4],
[5]. In this paper, we do not rely on a centralized decision and
embed the adaptation mechanism in the individual control
functions.

On the other hand, self- and event-triggered approaches,
mostly developed in the Networked Control Systems (NCS)
literature, also promote an aperiodic control activation, ex-
plicitly triggered by state-space conditions [6], [7]. Variants
include self-triggered MPC with adaptive sampling [8]-[10],
event-triggered schemes based on Control Lyapunov Func-
tions (CLF) [7], and variable-period control with discrete-
time conditions based on CBFs [6], [11]. The focus of these
works, however, is often on reducing end-to-end latency
or economizing the (communication) resource usage of a
single control application, and lack the context with multiple
control systems and shared resources.

In [12], an event-based strategy is used to assign priorities
to multiple competing tasks, where the period of each task
is however fixed. In [13] a framework is proposed to analyze
the scheduling efficiency of event-based controllers. Multi-
mode controllers have been proposed for online adaptation
under limited resources in [14]. These incorporate real-time
requirements for multiple tasks, but overlook the aspect of
safety, which is central in our paper.

To ensure safety, control barrier functions have drawn
considerable attention as they provide a systematic way
to enforce state constraints during control design. Initially
developed for continuous-time systems [15], CBFs have



been extended to discrete-time settings [16], with subsequent
work addressing sampled-data systems and the intersample
behavior [17], [18]. CBFs have been used as constraints
in optimization-based control, coupled with control Lya-
punov functions [19], [20] or integrated into predictive
controllers [21]. These latter works will provide the basis
for the control strategy in our paper.

II. PROBLEM FORMULATION AND SCHEDULING
A. Control System Architecture

We consider N dynamical systems. The generic i-th
system is governed by the equation

i'(t) = fH(a'(t),u'(t)), VtE R, (1)

where #' € R™ is the state, u' € R™ the control input
and f': R™ xR™ — R™ the transition map'. Each system
is interfaced with a zero-order-hold controller—whose design
is the target of this paper—that updates the control input
uy, at discrete instants ti, k € Zx>(, with a variable period

hk € [hmina hmax]:

u(t) =ug, VtE [tg,tx + hi). )

The period hj is computed online together with the input
u. To accommodate the computation time of the control
task, the controller applies the input and period uy and hy
(computed at the previous step) while computing w4 and
hi+1 (to be applied at the next step).

The lower bound A, represents the minimum value
achievable for the period, as defined in Lemma 1. The upper
bound A., defines instead the minimum update rate of
the controller, and is defined by the user compatibly with
bandwidth of the system.

B. Real-Time Execution and Scheduling

In our target architecture, each controller is implemented
as a real-time software function, called task. For the i-th
task, the (worst-case) execution time ¢! > 0 is assumed to
be known. An instance of such task is named a job. The k-
th job released at t;: is expected to complete its execution
within a deadline dy:, coinciding with the release instant of
the next job of the control task, i.e., dy: = tiy;. Figure 1
illustrates an exemplary execution pattern of a control task.

By nature of the self-triggered mechanism, at any point
in time only one job for each control task exists, either
executing or pending (here meaning: to be released in the
future, or already released but not executing). An ordered
execution of jobs is called schedule, orchestrated at runtime
by a scheduler. Here, we consider a scheduler inspired by
the Earliest Deadline First (EDF) policy [22] which, at every
time instant, prioritizes the task whose pending job has the
earliest deadline. Jobs are also assumed non-preemptable,
that is, once a job starts executing, it cannot be interrupted
until completion. An exemplary schedule with three tasks is
depicted in Figure 2.

ITo ease the notation, the system index 4 is omitted throughout the paper,
when clear from the context.
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Fig. 1. Execution of a control task: At ¢;_1, a job is released with
deadline tj, and state x;_; sampled (a). After receiving priority, the job
starts execution (b), computes the input uj, and the period hj for the next
job (c), and updates the plant at ¢, releasing the next job at t54 (d).
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Fig. 2. Example EDF schedule with three tasks. Vertical arrows denote

the release of new jobs. Numbered lines show lower bounds for the next
deadline, in the order they are computed by the respective job via online
Algorithm 1. Blocks denote job executions, according to priorities assigned
by EDF policy.

To ensure the correct timing execution of the tasks, the
schedulability property must be satisfied.

Definition 1 (Schedulability): A set of tasks is denoted
as schedulable if there exists at least one schedule, such
that all jobs complete their execution within their respective
deadline.

The arbitrary job released at t;:_; must then choose the
step hy: for the next job, such that its deadline ¢y =
tii + hyi is sufficiently large to guarantee schedulability as
for Definition 1. A schedulability check is then required to
be run at the beginning of every job, using also up-to-date
information about the pending jobs of the other tasks. The
non-preemptable assumption ensures that such information
does not change dynamically while processing the execution.

III. CONTROL DESIGN

In this section, we provide our resource-aware control
design, composed of an online schedulability check and an
optimal control problem based on a CLF-CBF design [19].
The schedulability check runs at the beginning of each
control instance and computes hfnin’ki, i.e., the smallest
schedulable period for the next job of the i-th control task,
triggered at tj;. This value is then used as scheduling-



Algorithm 1 Schedulable Minimum Period Computation
1: Input: Ordered task set (0),...,(N — 1), based on job

deadlines
2: Output: Minimum period hy,;, for the next job of (0)
3 (V1) = gIN=1) _ (N=1) 5 Latest start of (N — 1)
4 for j=N—-2,...,1do > Latest start of (j)
50 if dY) < ¢UFD then
6: 00 = qG) — &)
7: else
8: 00) = pG+1) _ ()
9: end if
10: end for

: dﬁgi)n = min(d®, 1)) + O
> Earliest deadline of (0) executing before (1)
12: for j=1,...,N —1do
3 it dY >0 then
14: d¥ = d© 4 c6)
> Earliest deadline of (0) executing after (j)
15: end if
16: end for
17: i = d0), — d(©

min

> Minimum period for (0)

preserving lower bound for the selection of the next step
in the control optimization.

A. Enforcing Real-Time Schedulability

Algorithm 1 is run at the start of the execution of each
job. It takes as input the worst-case execution times and the
deadlines of the pending jobs of each control task. Note,
that at any moment there is one and only one pending
job for every task. During initialization, tasks are sorted in
ascending order of their pending jobs’ deadlines (matching
their execution order according to the EDF policy). We
denote by (0),...,(N — 1) the ordered set of tasks, and
d©® < ... < dN=1 the corresponding deadlines. Task (0)
is in execution.

Algorithm 1 first computes the latest starting time ¢()
that allows completion within the corresponding deadline
d9), for (j) = (N —1),...,(1) (lines 4-11). Subsequently,
the lower bound dfj}i)n for the deadline of the next job of
Task (0) is determined, such that all programmed jobs can be
executed sequentially without deadline violations (lines 12—
17). Specifically, this part of the algorithm checks whether
scheduling a new execution of Task (0) immediately after
the latest schedulable completion time of the job of Task (1)
keeps all remaining jobs schedulable; if not, it iteratively
attempts to schedule it after the next job of Task (2), and
so on. Finally, using dfr?i)n we can compute the lower bound
hmin,, (line 18) for the next job of (0). Figure 3 provides
an illustrative example with N = 4 tasks.

Lemma 1: The lower bound Apin 1 of the k-th job of Task

Task (0):

Task (1):

Task (2):

(—c(S)%

Task (3): R ¢
£(3) d®)

Fig. 3. Algorithm 1 for N = 4 tasks. Task (0) is in execution. Dashed areas
show the latest possible execution of the jobs. Values £(9) are computed
backwards for Task (3), then (2) and (1). Bound d®) " for the next deadline

min
of Task (0) is obtained appending ¢ to the latest completion instant of
the job of Task (2). Solid areas show the actual execution of the jobs.

(0) computed from Algorithm 1 always satisfies

N-1
Bmin £ C(O) < hmin,k < Z c(j) £ BWCm' (3)

§=0
Proof: The best case is attained in the case () >
d© + 0, Vj > 0; then, the condition at line 14 is never
true, and Apin x = ¢(?) £ hyi,. On the other hand, the worst
case is obtained if condition at line 14 is true Vj > 0; then
hmin,k = E;V:_ol c(j)_é 7wcm~ u

Lemma 1 defines Ay, the minimum period achievable for
task (0) (equal to its worst-case execution time), and Bwerms
the minimum period achievable in worst-case conditions.

Remark 1 (Worst-case schedulability): The  worst-case
schedulability conditions are achieved when all tasks
consistently choose to apply the minimum period possible.
By doing so, each task appends its job to the chain of jobs
evaluated with true at line 13 when the Algorithm is called
by the next task. When this occurs for all N — 1 tasks
(besides the one calling the Algorithm), hyin ; = hwem 1S
achieved.

It follows that a period smaller than hwem for the task is
possible only if one or more of the other tasks chose a step
larger than Ay, for their pending job.

Remark 2: The approach presented in this paper exploits
the capability of selecting a step larger than the minimum
one to save resources, when the conditions of the controlled
systems allow it. Given Amin 5 from Algorithm 1, any choice
of the period larger than A, guarantees schedulability,
since the time window within which the execution of the job
must be performed is increased and the feasible schedule
with hpin  is still possible.

In order to provide schedulability under worst-case con-
ditions, the real-time system (i.e., number of tasks, exe-
cution times, available CPU) must be dimensioned such
that Awem < A% .., Vi, where A is the maximal period

max? max

defining the slowest update rate of the controller.

B. Safety Requirements

For each dynamical system, we consider a safe set S
defined as a superlevel set of a continuously differentiable



function H : R®" =+ R
S={zeR"|H(z) > 0}. 4)
To enforce safety, we consider the standard CBF condition
H(a(t)) = —y H(x(1)), (5)

which guarantees forward invariance of the safe set S in
continuous time for v > 0. We compare (5) with the linear
ODE Z£(t) = —v z(t), with solution z(t) = 2z(0) exp(—~t)
for ¢ > 0. For our sampled-data system, this equation holds
in the interval [ty,tr11], for k € Zso, with z(tx41) =
z(ty) exp(—v(tg+1—tx)). The comparison principle ensures
that H(x(t)) > z(t). Substituting in the linear ODE, we get
the discrete-time condition

H(x(ths1)) > H(x(tr)) exp(=y (et — tr)),

which can be written as
H(xzgy1) > H(xg) exp(—vhe). (6)

Safety violation in the inter-sample interval can be made
arbitrarily small by choosing a sufficiently small sampling
period hy, a notion often referred to as practical safety [18].

Condition (6) explicitly links safety to the sampling step,
providing the basis for integrating CBF constraints with real-
time schedulability.

C. Stability Requirements

Within the safety margins, the controller is required to
stabilize (1). Following [23], we incorporate a stability
requirement based on a control Lyapunov function V' : R" —
R. For some o > 0, the continuous-time CLF condition is
given by

V(z(t)) < —aV(x(t)). @)
This condition guarantees exponential stability in continu-
ous time. Since the system is sampled-data with variable
sampling interval hi, we derive a discrete-time counterpart
of (7). Applying the same comparison argument as in the
derivation of (6) over each interval [tg,tx+1], yields

V(zk+1) < V() exp(—ahy), (®)

which enforces an exponential decay of the Lyapunov func-
tion with rate « across sampling instants.

D. Optimization Problem

In what follows, we introduce an optimization-based con-
trol algorithm that minimizes a cost function subject to safety
and real-time resource constraints. The design builds upon
the CLF-CBF approach in [19] and is executed in a discrete-
time setting with a variable sampling period.

1) Prediction dynamics: To find the control input ug, we
use a one-step ahead prediction of the measured state x. To
this end, we define the discrete prediction dynamics on the
interval [tg, tx + hy] with variable step size hy as

hi

T (T, ug) = 2(ty) + fx(ty +7),ulty)) dr, (9)

0
where f(x,u) is the continuous-time transition map (1). The
one step ahead prediction is then readily given by

g1 = frp (T, up)- (10)

2) Problem Formulation: At each time step k, we solve
the following optimization problem:

omin ol + @ (= hoa) + D (1)
s.t. H(QA?/CJrl) — H(ik) exp(—’yhk) >0, (11b)
V(Zr41) — V(2k) exp(—ahg) < e, (1lc)

Trg1 = fu (T, ur), (11d)

hi; > hmink, (11e)

€x > 0, (11f)

uy €U. (11g)

The objective function (11a) combines the control energy,
resource utilization and slack variable €, via the correspond-
ing weights R, @) and D, respectively. The constraint (11b)
enforces safety using the discrete-time CBF, whereas (11c) is
a relaxed discrete-time CLF that imposes convergence up to
a non-negative slack variable (11f). The relaxation of (11c)
prioritizes safety over stability in conflicting situations [19].
Constraint (11e) imposes the lower bound on hj computed
from the scheduling requirements. Finally, (11g) defines the
set of admissible control inputs ug.

Remark 3 (Feasibility): The feasibility of the classic
CLF-CBF problem has been discussed in literature [16], [19].
The introduction of the additional decision variable h; and
constraint inequality (1le) does not significantly alter the
arguments about the feasibility of the problem. From a state-
space perspective, feasibility depends on the intersection
between the reachable set

Rayh, ={z €R" |2 = fp, (vg,u), u €U} (12)
and the superlevel set of the barrier function
Suyny = {z € R" [ H(z) = H(xy) exp(—yhx)}.  (13)

Notice how both sets depend on the variable period hyg.
Problem (11) then is feasible if Ry, n, N Sy, # 0 for
some hj > Amink, With a possibly active CBF constraint if
Rrk,hk n 589%7}1,C 3& 0.

Remark 4 (Handling infeasibility): In exceptional
situations—such as when multiple plants simultaneously
approach the safety boundaries—the resource constraint
may represent a bottleneck on how much the period of the
individual tasks can be decreased. In worst-case scenarios,
the optimization problem may become infeasible for some
tasks.



To prevent infeasibility, the authors of [19] propose to
relax the CBF constraint. In (11), we may replace (11b) with:

H(i‘k+1) — H(i‘k) exp(—'yhk) 2 —WEk (11b2)

The slack variable wy, is then penalized in the cost function
by a weighted term C'w?. This modification gives the user
some degree of control on safety violation (via the weighting
factor C'), in an otherwise infeasible situation. In particular,
the choice C' = +oo correspond to the original, unrelaxed
problem (when feasible), with the option of a feasible
solution when the intersection between the unrelaxed CBF
and input constraints is empty. This solution selects the
admissible input uy € U that gives the least value of wy.

Theorem 1 (Practical exponential stability): Consider
system (1) under control law (2) resulting from optimization
problem (11) with sampling periods Ay € [Amin, hmax)- Let
€ be a constant such that, for all £ € N,

V(zks1) — V(xg) exp(—ahg) < e <&, (14)
and let
V(z) > vz|? (15)
for some v > 0. Then, for k£ — oo,
€
li 1% < _ , 16
i sup (%) < 7 exp(—ahmm) (16)
and
lim sup [l < [/ ‘ a7
imsup ||z — = .
k—)oop k= vl-— exp(_ahmin)

If € =0, then V(x},) < p*V(x0) and x;, — 0 exponentially.
Proof: Unrolling the recursion (14) yields
k—1 k=1 k—1
Vizg) < V(xg) H exp(—ah;) + Z H exp(—ah;) €;.
j=0 §=0 i=j+1
Since h; > humin, €ach factor satisfies exp(—ah;) <
exp(—ahmin) and €; < € Thus,
k—1

V(zr) < V(zo) exp(—ahmin k) + Z exp(—hmin j) €
j=0
1 — exp(—ahmin k) _

<V — Bmin k h
~ (Jf()) eXp( @ ) + 1-— eXp(—ahmin)

Taking & — oo gives (16). The state bound follows
from (15). |

IV. SIMULATION RESULTS
A. Experiment Design
We simulate multiple mobile robots in a cluttered space.
Each robot is controlled using the proposed self-triggered
approach, executed as corresponding tasks on a shared plat-

form under the constraint of limited computational resources.
Each robot is described as a 2D kinematic vehicle model
Pz = v cosf
Dy = v sinf (18)
b=

I
4 4
|
%
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}
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o
Fig. 4. Selection of design parameters. The graph shows the cost (11a)

for Task 0, integrated for ¢ < 65, for different feasible combinations of «
and 7.

where the state = [p,, p,, 0] represents the position and
the heading angle, and the input v = [v,7]" represents the
forward traveling speed and the yaw rate.

We consider N = 3 robots. Each robot is required to travel
along the xy-plane from zo = [0,0,0] towards a target
position z4 on the x-axis, driven by a Lyapunov function
V(z) = ||z — 24]|%, with P = diag(1,1,0). A minimum
granularity of the velocity of 0.05m/s is considered. Obsta-
cles on the plane are enforced via barrier functions of the
form H(z) = ||z — 2,/|% — s(1 — n"v)? — p?, where =,
denotes the location and p the size of the obstacle, n and
v are unit vectors pointing in the direction of travel of the
vehicle and in the direction of the obstacle, and s = 0.2
is a shape factor. For each robot, the corresponding x4 and
z, are slightly offset along the x-axis. For each task, we
consider an execution time ¢ = 0.05s = Ayi,. The worst-
case minimum period is hwem = 0.15s and the maximum
period is set to hmax = 0.4s. Simulations are carried out
using the nonlinear solver [POPT.

B. Tuning CLF-CBF Parameters

The selection of the parameters « and y defines the trade-
off between the performance and safety specification.

The parameter o determines the desired convergence rate
of the CLF, and therefore specifies how fast the system is
driven toward the target. The upper bound on « corresponds
to the largest convergence rate compatible with the physical
limits of the system. Conversely, the lower bound on «
corresponds to the smallest convergence rate that produces
appreciable behavior, within the considered time horizon;
below this threshold, the resulting motion is excessively
slow and uninformative. On the other hand, ~ determines
how aggressively the CBF condition restricts the approach
to the safety boundary. The lower bound on ~ is imposed by
feasibility, as a too restrictive safety condition either implies
excessive stability violation or requires control actions that
exceed the physical limits of the system. The upper bound
on ~ instead relaxes the CBF constraint toward the hard
safety condition H(xy) > 0, allowing the system to approach
the boundary more closely and potentially compromising
feasibility at subsequent sampling instants.

In Figure 4, we individuate a valid range for o and v and
we evaluate the cost (11a) for Task 0, integrated over the first
6 seconds of the simulation (where the robots are meeting



Fig. 5.

Trajectories of the robots in the xy-plane. Circular frames along
the trajectories correspond to update instants. The update rate is increased
in proximity of the obstacles (gray areas), while maintaining a sustained
velocity. The velocity decreases as the robots approach the targets (red dots).

the obstacles), for different combinations of the parameters,
from wich we select « = 0.35s~ ! and v = 7.0s7 1.

C. Evaluation

Figure 5 shows the simulated paths of the 3 robots with
the proposed approach. Away from obstacles, the controllers
maximize the sampling rate and reduce the input energy,
enough to meet the prescribed stability convergence rate a.
When approaching the obstacles, the robots slow down to
initiate a steering maneuver. At the same time, the method
allows for the update rate to increase, as the safety conditions
become more critical. This effect can be seen in the time
plots of Figure 6, where, in correspondence to the obstacles,
utilization and slack violation increase simultaneously. The
smaller step allows for a timely correction of the input,
necessary to avoid exceeding the maximum barrier function
decrease rate 7.

In Figure 7, we provide the schedule of all jobs during
the most relevant time window in the experiment, when
the robots are in proximity of the obstacles. Vertical arrows
denote the activation instants of the jobs, while banded colors
denote their execution. As expected, the system allocates
more resources to the task facing the most critical conditions,
while maintaining a minimal level of functionality for the
others.

Table I compares the proposed approach with two fixed-
step CLF-CBF implementations with A = 0.25s (which
gives the same average utilization as the proposed method)
and h = 0.158 = Awem (Which gives 100% utilization).

We run an experiment in the three methods and, to
isolate the portion of the experiment where the adaptation
mechanism is relevant, we stop the evaluation after the
last robot reaches p, = 3.75m passing the last obstacle.
The individual components of cost (11a) for Task O are
evaluated and reported in reported in Table I. Namely, we
evaluate control energy, resource utilization, and stability

Task 0
Task 1
Task 2

t [s]

Fig. 6. The first graph shows the CBF H () for the three robots during
the interaction with the obstacles. The second graph shows a deviation of
the slack variables €, indicating relaxation of the stability constraint under
critical conditions. The third graph shows the resource utilization of the
three tasks: in correspondence to the obstacle, the controllers operate at
higher update rate.
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Fig. 7. Detail of the schedule in correspondence to the robots approaching
the obstacles. The update rate is increased sequentially from Task O to Task 2
according criticality of the corresponding plant.

slack, weighted by the respective weights R = diag(0.75,0),
@ = 0.125 and D = 1.667, and integrated over the duration
of the simulation.

The efficiency of the proposed approach is highlighted by
a lower slack penalty (0.86 vs 0.96 and 1.12 of the fixed-step
approaches), resulting in a reduced elapsed time to the reach
the target (6.1s vs 6.6 and 7.4s), indicating that the flexible
step allows finding a faster path. Further tests with a fixed
step of h = hmax = 0.4s made the problem unfeasible in
the vicinity of the obstacles, while h = Bmin = 0.05s made
the task set unschedulable.

Our approach works optimally when the criticality of the
tasks arises at different points in time, such as in Figure 5;
then, all tasks can flexibly get the bandwidth when needed,



TABLE I
PERFORMANCE OF FIXED VS VARIABLE STEP (N = 3 TASKS)

Metric Variable (ours) Fixed 0.25s Fixed 0.15s
Avg. tot. util. 60% 60% 100%
Control energy 2.11 2.24 1.73
Resource util. 1.10 1.24 3.85
Stability slack 0.86 0.96 1.12
Elapsed time 6.1s 6.6s 7.4s

with no need to over-dimension the resources.

V. CONCLUSION AND FUTURE WORK

We introduced a self-triggered control framework that
integrates discrete-time CBFs with real-time schedulability
analysis for multiple controllers on a shared platform. The
proposed design guarantees safety while adapting sampling
rates to system criticality and timing constraints, yielding sig-
nificant resource savings compared to fixed-period designs.

Future work will focus on testing the approach in a
realistic usecase. Tailored assumptions and implementation
will be developed to improve the real-time functionality, as
well as testing its scalability. Furthermore, the modularity
of the approach makes it suitable to be combined with
different control strategies, e.g., prediction-based approaches
such as MPC-CBF [21] and soft-constrained scenario-based
MPC [24].
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