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Abstract— In this work, we present a coordination strategy
tailored for scenarios involving multiple agents and tasks. We
devise a range of tasks using signal temporal logic (STL), each
earmarked for specific agents. These tasks are then imposed
through control barrier function (CBF) constraints to ensure
completion. To extend existing methodologies, our framework
adeptly manages interactions among multiple agents. This
extension is facilitated by leveraging nonlinear model predictive
control (NMPC) to compute trajectories that avoid collisions.
An integral aspect of our approach is the integration of a
human-in-the-loop (HIL) model. This model enables real-time
integration of human directives into the coordination process.
A novel task allocation protocol is embedded within the frame-
work to guide this process. We substantiate our methodology
through a series of experiments, which corroborate the viability
and relevance of our algorithms.

I. INTRODUCTION

In recent years, the demand for robots to undertake in-
tricate tasks has progressively risen. However, certain tasks,
like collaborative planning and traffic management, surpass
the capabilities of individual agents. These tasks necessitate
the synergistic efforts of multiple agents working in tandem.
Hence, the coordination of robots stands out as one of the
most important challenges in multi-agent systems (MAS).

However, due to the limitation of time and space resources
in the environment, collisions or deadlocks often arise in
regions where agents interact frequently. Therefore, proper
trajectory coordination is very important for enhancing the
safety and efficiency of MAS. The solutions can be catego-
rized into two types. The centralized approach is based on a
coordination node to receive requests from agents and then
plan the maneuver and trajectory for each agent [1], [2]. Dis-
tributed approaches are typically built upon a communication
graph, where each agent only receives information from its
neighbors for onboard real-time planning and control [3], [4].

Moreover, task definition and planning are pivotal features
in MAS. Temporal logic plays a crucial role in defining
complex tasks. Linear temporal logic (LTL) is primarily
focused on capturing the characteristics of discrete-time se-
quences, specifying relationships between current and forth-
coming states in a sequence of events [5]. Signal tempo-
ral logic (STL) serves as an extended version, boasting
robust semantics capable of accommodating the attributes
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of continuous-time signals [6]. Furthermore, control barrier
functions (CBFs) represent a relevant tool that satisfies
security constraints during task fulfillment. They facilitate
the design of control laws for dynamic systems that assure
the system’s operation within safe regions of the state space
[7]. While the fusion of STL and CBF has found significant
application in single-agent systems [8]–[11], several aspects
in multi-agent scenarios are yet to be explored.

In addition, incorporating a human-in-the-loop (HIL) fea-
ture in the system introduces an extra layer of flexibility,
enabling the harmonization of human judgment with auto-
mated planning. This symbiotic approach proves especially
valuable in scenarios involving unforeseen circumstances,
identification and rectification of undesirable robot behaviors,
as well as collaborative decision-making processes. There
exist several investigations on HIL. Authors in [12] designed
a mixed-initiative control system to mix human non-speech,
remote control input with robot input in the low-level control
process. Furthermore, humans can act as the full operator of
an agent or group of agents in mixed-robot environments.
Autonomous agents need to recognize and adapt to the
behavior of human-driven agents while completing their
own tasks [13], [14]. Another type is the high-level HIL,
particularly in scenarios of human-robot collaboration [15],
[16]. Humans can issue real-time commands to autonomous
agents. Agents must integrate these human-directed tasks
with their existing objectives, prioritizing as necessary. De-
veloping an effective method to coordinate and execute these
integrated tasks is the primary aim of this study.

In this work, we first expand [8] to nonlinear control
and MAS through a distributed coordination framework.
Nonlinear model predictive control (NMPC) is used to obtain
collision-free trajectories for completing different STL tasks.
Moreover, a high-level HIL model is generated for the frame-
work to apply online human commands to the coordination,
with a novel task allocation protocol.

These algorithms are applied in the precision agriculture
scenario through the EU CANOPIES project [17]. This is
intertwined with grape collection in vineyards, wherein a
network of intelligent agents assumes the role of aiding in
harvesting and pruning activities. The experiments show the
feasibility and applicability of our proposed framework.

II. PRELIMINARIES

In this section, we first consider a single-agent system and
the following system dynamics

ẋ = f(x) + g(x)u (1)
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with agent state x ∈ X =
{
x ∈ Rn : ∥x∥≤ dx

}
and control

input u ∈ U =
{
u ∈ Rm : ∥u∥≤ du

}
. f , g functions are

locally Lipschitz continuous. We assume that dx, du > 0
and g(x)g(x)T is positive definite.

A. Robot Tasks

STL [6] is a formal language to define agent tasks. We
can evaluate a continuously differentiable predicate function
h : Rn → R to decide the boolean value of a predicate µ,

µ =

{
true, h(x) ≥ 0

false, h(x) < 0
(2)

STL formulas can then be recursively defined based on
the STL syntax, i.e.,

ϕ := true |µ| ¬ϕ |ϕ1 ∧ ϕ2|G[a,b]ϕ
∣∣∣F[a,b]ϕ

∣∣∣ϕ1U[a,b]ϕ2 (3)

where ϕ, ϕ1 and ϕ2 are STL formulas, 0 ≤ a ≤ b is the time
interval of the different STL operators including always G,
eventually F , and until U . We denote by (x, t) |= ϕ that
the signal x : R≥0 → Rn satisfies ϕ at time t. The STL
semantics can be defined as Table I.

In this work, we consider multiple tasks for each agent,
which are assumed to belong to the following STL fragment

φk :=G[ak,bk]ϕ | F[ak,bk]ϕ (4)

φ :=

nφ∧
k=1

φk (5)

where ϕ := true|µ|¬µ, nφ is the number of G,F tasks and
k ∈ {1, 2, ..., nφ} is the task index.

Remark 1. Eq. (5) is extendable to some bigger fragments
consisting of certain G, F , U tasks, since the satisfaction of
G[a,b]ϕ1∧F[b,b]ϕ2 implies the satisfaction of ϕ1U[a,b]ϕ2 [8].
In addition, disjunctions can also be included [18], however,
we did not consider them in this work.

B. CBF constraints

CBFs define conditions that the system needs to satisfy to
ensure safety during task execution. A linear-time function
γk(t) can be used to design a CBF [8] so that its positivity
for t ≥ 0 implies satisfaction of (x, 0) |= φk, i.e.,

bk(x, t) = −γk(t) + hk(x) (6)

For the combination of multiple tasks in (5), an overall
CBF can be created by the conjunction of nφ candidate CBFs
using an under-approximation of the min-operator [9]:

b(x, t) := min
k∈{1,...,nφ}

bk(x, t)

≈ − ln

 nφ∑
k=1

ok(t) exp
(
−bk(x, t)

) (7)

where ok(t) : R≥0 → {0, 1} is a switch function [9], i.e.,

ok(t) =

{
0 t > bk and bk < max{b1, b2, ..., bnφ

}
1 otherwise

(8)

Thus, we can switch off the candidate CBF when its temporal
operator is satisfied. Then, we denote the switching sequence
{s0 := 0, s1, . . . , snsw} where nsw ∈ {0, 1, ..., nφ−1} is the
total number of the switches. For t > sj , we have

sj+1 := argminbk∈{b1,...,bnφ} ζ (bk, t) (9)

ζ (bk, t) :=

{
bk − t if bk − t > 0
∞ otherwise

(10)

Because each function bk(x, t) is continuously differ-
entiable, b(x, t) is continuously differentiable on Rn ×(
sj , sj+1

)
. To guarantee safety and task completion, we

need to ensure that the agent lies in the interior of C(t) ={
x ∈ X | b(x, t) ≥ 0

}
[13].

C. NMPC Approach

Considering an NMPC problem analogous to [8] for the
real-time agent control, we assume a control interval ∆t, the
length of the predicted horizon Np, and the current time tc.
The planning state and control input at tc can be represented
as x̃(t|tc) and ũ(t|tc), t ∈

[
tc, tc +Np∆t

]
. Then, the NMPC

problem can be represented as

P1 : min
ũ,ϵ

∫ tc+Np∆t

tc

J(x̃, ũ, ϵ)dt (11)

s.t. ˙̃x
(
t|tc

)
= f

(
x̃
(
t|tc

))
+ g

(
x̃
(
t|tc

))
ũ
(
t|tc

)
(12)

b
(
x̃(t | tc), t

)
≥ −ϵ, ϵ ∈ [0,∞) (13)

x̃
(
tc +Np∆t | tc

)
∈ CF

(
tc +Np∆t

)
(14)

x̃
(
tc | tc

)
= x (tc) (15)

x̃
(
t | tc

)
∈ X (16)

ũ
(
t | tc

)
∈ U (17)

(11) shows the differentiable objective function J . Equa-
tions (12) and (13) are the system dynamics and the CBF
constraint with a relaxation factor ϵ respectively. (14) is
designed for the terminal condition of the state, by generating
a terminal barrier function bF (x, t) with φF := φ ∧ φ′ in
order to obtain CF (t) :=

{
x ∈ X | bF (x, t) ≥ 0

}
[8], where

φ′ := G[0,maxk{bk}+Np∆t](dx−∥x∥≥ 0). (15) sets the initial
state. (16) and (17) are the limitations of the state and control.

Lemma 1. Assume that any control input ũ satisfying
constraints (12)-(17) is continuous in

[
tc, tc +Np∆t

]
. If P1

is feasible at tc = 0, then P1 is recursively feasible.

Proof. See related parts in [8, Theorem 2].

Lemma 2. Consider the system dynamics (1) subject to u ∈
U, the STL formula φF and an extended class K function
αF . Let [9, Assumptions 1,3] hold. Define the control law

u :=


−g(x)T

(
g(x)g(x)T

)−1
f(x),

if
∂bF (x,t′)

∂x = 0n, for t′ ∈ [sj , t]
u from P2, otherwise

(18)

where P2 is given by u = argminu∈U uTu, subject to:

∂bF (x, t)

∂x
(f(x) + g(x)u) +

∂bF (x, t)

∂t
≥ −αF

(
bF (x, t)

)
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TABLE I: STL Semantics [9]

(x, t) |= ϕ h(x(t)) ≥ 0
(x, t) |= ¬ϕ ¬((x, t) |= ϕ)

(x, t) |= ϕ1 ∧ ϕ2 ((x, t) |= ϕ1) ∧ ((x, t) |= ϕ2)
(x, t) |= G[a,b]ϕ ∀t1 ∈ [t+ a, t+ b], (x, t1) |= ϕ
(x, t) |= F[a,b]ϕ ∃t1 ∈ [t+ a, t+ b], s.t. (x, t1) |= ϕ

(x, t) |= ϕ1U[a,b]ϕ2
∃t1 ∈ [t+ a, t+ b] s.t. (x, t1) |= ϕ2

∧ ∀t2 ∈ [t, t1] , (x, t2) |= ϕ1

for each t ∈ [sj , sj+1), j = 0, 1, ..., nsw. Then, x(t), t ∈
[0,maxk{bk}+Np∆t] satisfying (1) for u, a.e. guarantees
(x, 0) |= φF provided that x(0) ∈ CF (0).

Proof. See in [9, Theorem 2] and [8, Theorem 1].

III. MULTI-AGENT COORDINATION

In this section, N agents (N > 1) are existing in the
scenario. For each agent i, i ∈ I = {1, 2, ..., N}, its
dynamics are ẋi = f(xi)+g(xi)ui. In general, we consider
xi = [pi, ...]

T , containing the Cartesian position pi of the
robot and other agent states such as heading, velocity and so
on, depending on the type of robot involved.

For each agent i, depending on the properties of different
tasks, STL formulas φik, k = 1, 2, ..., niφ can be reorganized
into two sets, which can be described as

ΦiH = {φ̃i1, φ̃i2, ..., φ̃ini
H
} (19)

ΦiS = {φ̂i1, φ̂i2, ..., φ̂ini
S
} (20)

ΦiH refers to hard tasks, where their specifications should
strictly be satisfied for safety, like collision avoidance tasks.
ΦiS refers to soft tasks, whose satisfaction is less stringent
and can be violated or delayed in some situations. niH and
niS are the cardinalities of the two sets, with niH+niS = niφ.
Thus, Eq. (5) can be rewritten as

φi =

ni
φ∧

k=1

φik =

 ni
H∧

k=1

φ̃ik


 ni

S∧
k=1

φ̂ik

 (21)

A. Agent avoidance based on priority

A priority mechanism is utilized before planning, and is
particularly decided by the following ranking function Mi

Mi = wd

∥∥∥pi (tc)− pikc∥∥∥2︸ ︷︷ ︸
Task Efficiency

+ws

∫ tc

0

∥∥∥∥∥∂2xi(t)∂t2

∥∥∥∥∥
2

dt︸ ︷︷ ︸
Path Smoothness

(22)

The first part is for task efficiency. Here we consider position-
based tasks φ̂ik in ΦiS , where hik(x) = dik−

∥∥pi − pik∥∥ with a
constant dik and target position pik. Thus, the efficiency can be
described by the distance between the current robot position
pi (tc) and pikc of the first incoming task {φ̂ikc |bkc = sj+1}.
This part can also be adjusted to other types of tasks. The
second part reflects the smoothness of the trajectory.

Definition 1. A place symbol 1 ≤ δi ≤ N, δi ∈ N+ can
be assigned to each agent by ordering the Mi values from

smallest to largest. Lower δi means higher priority. Thus, we
can obtain an order list L to save the priorities, i.e.,

L = {(i,Mi, δi) | i = 1, 2, ..., N} (23)

New hard tasks need to be created for agent i to avoid
collisions with higher priority agents {j | δj < δi} according
to Definition 1. Agent i can obtain pj through the communi-
cation with agent j. A safe tunnel [2] can be used to describe
the occupied area of each agent j based on its estimated
positions pj(t), t ∈ [tc, tc+Np∆t]. As shown in Fig. 1, the
tunnel is a three-dimensional region, generated by joining
continuous circular regions with a safe radius dsafe around
pj at each future time t ∈ [tc, tc+Np∆t]. Agent i creates a
G-task to stay away from the tunnel at each time step inside
the predicted horizon, i.e.,

φ̃ik,j :=G[tc+(k−1)∆t, tc+k∆t](∥∥∥pi − pj
(
tc + (k − 1)∆t

)∥∥∥− dsafe ≥ 0

)
(24)

Then, Eq. (19) is updated by adding the new tasks for all
higher-priority agents, which can represented as

ΦiH ← ΦiH ∪

{
φ̃ik,j

∣∣∣∣ δj < δi, j ∈ I
k = 1, 2, ..., Np

}
(25)

Fig. 1: Safe tunnel used to avoid collisions with agent j.

B. NMPC Optimization
After updating agent priority and ΦiH in Definition 1 and

(25), the total CBFs biH (xi, t), biS (xi, t) can be created
through (7) for the task sets ΦiH , ΦiS , respectively. The CBF
constraints corresponding to (13) are

biH (x̃i, t) ≥− ϵiH , ϵiH ∈ [0,∞) (26)

biS (x̃i, t) ≥− ϵiS , ϵiS ∈ [0,∞) (27)

We design an objective function Ji with the form as

Ji =wu1

∥∥∥ũi (t | tc)∥∥∥2︸ ︷︷ ︸
Control Magnitude

+wu2

∥∥∥∥∥∂ũi
(
t | tc

)
∂t

∥∥∥∥∥
2

︸ ︷︷ ︸
Control Smoothness

+ wϵH∥ϵiH∥2+wϵS∥ϵiS∥2︸ ︷︷ ︸
CBF satisfaction

(28)

with weights wu1 , wu2 , wϵH , wϵS and wϵH >> wϵS . A finite
difference method [19] can be used for discretization. The
NMPC problem for each agent i is represented as

Pi
3 : min

ũi,ϵiH ,ϵ
i
S

∫ tc+Np∆t

tc

Ji dt (29)

s.t. (12), (15)− (17), (26), (27)

x̃i
(
tc +Np∆t | tc

)
∈ CiF

(
tc +Np∆t

)
(30)
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with t ∈ [tc, tc + Np∆t]. CiF (t) =
{
xi ∈ X|biF (xi, t) ≥ 0

}
with φiF := φi ∧ φ′. For the constraints, ũ, x̃,x is replaced
with ũi, x̃i,xi in (12), (15) - (17). Pi

3 can be solved by
many off-the-shelf solvers, including IPOPT and SQP.

Assumption 1. Assume that for each agent i, i ∈ I, the
tasks and task times in ΦiH and ΦiS as well as those in
agents {j|δj < δi} are allocated in a manner that ensures
there exists a feasible solution for Pi

3.

Remark 2. We also assume that the communication and
computing delays are negligible.

Theorem 1. For each agent i, i ∈ I, consider the system
(1) and the STL formulas ΦiH , ΦiS . Let the assumptions of
Lemmas 1-2 and Assumption 1 hold. Assume that any control
input ũi satisfying all the constraints of (29) is continuous in[
tc, tc +Np∆t

]
, and the NMPC problem (29) is feasible at

tc = 0. Then, all Pi
3, i = 1, ..., N are recursively feasible.

Proof. First, for agent {i, δi = 1}, Pi
3 is recursively feasible

by Lemma 1. Then, for agent {i, δi > 1}, we assume that
{Pj

3 | δj < δi} are recursively feasible and Pi
3 is feasible at

tc. Through agent info sharing, ΦiH and φiF are updated by
(25). According to Assumption 1 and Lemma 2 applied to
φiF , there also exists an admissible control law ui(xi(t), t)
that is continuous in xi and t, since xi(t) is absolutely time-
continuous. We consider ũi

(
t|tc +∆t

)
= ui(t) when t ∈

(tc+Np∆t, tc+(Np+1)∆t], and ũi
(
t|tc +∆t

)
= ũi

(
t|tc

)
when t ∈ [tc +∆t, tc +Np∆t]. Thus constraints (16), (17)
and (30) are satisfied for ũi(t|tc+∆t) with dynamics (1). For
ΦiS and updated ΦiH , the violation factor ϵio can be used to
achieve bio(x̃i

(
t|tc +∆t

)
, t) ≥ ϵio(t|tc +∆t), o ∈ {H,S}:

ϵio(t|tc +∆t) =

{
ϵio(t|tc), t ∈

[
tc +∆t, tc +Np∆t

]
ϵio(t), t ∈

(
tc +Np∆t, tc + (Np + 1)∆t

]
ϵio(t) =

{
0, bio(x̃i, t) ≥ 0

−bio(x̃i, t), bio(x̃i, t) < 0
(31)

Then, according to the proof of [8, Theorem 2], we can
similarly deduce that {ũi(t|tc+∆t), ϵiH(t|tc+∆t), ϵiS(t|tc+
∆t) | t ∈

[
tc +∆t, tc + (Np + 1)∆t

]
} also satisfies all the

constraints in Pi
3, which implies its recursive feasibility.

Therefore, NMPC problems Pi
3 can be proven, in the in-

creasing order of δi, to show the overall recursive feasibility
of the proposed MAS system if the constraints hold.

C. Distributed Implementation

For distributed implementation, we considered the undi-
rected graph G = (V, E) that describes the communication
links between the agents. Agent i can only share information
with its neighbors N i = {j|(i, j) ∈ E}. Each agent i will
store an ordered list Li locally, i.e.,

Li = {(z,M i
z, δ

i
z) | z = 1, 2, ..., N}, i ∈ I (32)

The process of the distributed implementation is shown in
Fig. 2. The first step is for exchanging M -values between
neighbors, where agent i will update M i

j ← M j
j , j ∈ N i

and subsequently reorganize the priorities δiz, z = 1, ..., N in

Li according to Definition 1. The second step is sharing the
planned trajectories between neighbors, such that agent i can
avoid higher-priority neighbors {j|j ∈ N i and δij < δii}.

Fig. 2: Distributed Implementation.

IV. HIGH-LEVEL HUMAN-IN-THE-LOOP CONTROL

In this section, we consider that agents are given real-time
high-level human commands. A simple human command
(HC) consists of three parts, including Task Command (TC),
Task Priority Command (PC), and Subject Command (SC).
For example, in the command “All agents follow me now”,
“follow me” is TC, “now” is PC, and “all agents” is SC.

For different TCs, we can create a command dictionary
to map human tasks to different STL formulas, as shown in
Table II. Similar to Eq. (19) and (20), human tasks at each
transmission are classified into hard and soft sets ΨH , ΨS :

ΨH = {ψ̃1, ψ̃2, ..., ψ̃nh
H
} (33)

ΨS = {ψ̂1, ψ̂2, ..., ψ̂nh
S
} (34)

with ψ̂k, ψ̃k := G[ah
k,b

h
k]
ϕ | F[ah

k,b
h
k]
ϕ.

For soft tasks, we must delay the execution times of ΦiS ,
ΨS to get Φ′i

S ,Ψ
′
S , based on different PCs, which are given

as follows: (i) Now: ak, bk of the unfinished original tasks
{φ̂ik|bk > sj , φ̂

i
k ∈ ΦiS} should add ∆tψ to get the new

set Φ′i
S with ∆tψ = max{bhk|ψ̂k ∈ ΨS}. (ii) Later: ah

k, b
h
k of

ΨS should add ∆tiφ to obtain Ψ′
S with ∆tiφ = max{bk|φ̂ik ∈

ΦiS}. (iii) A specific location (do HCs at time th): {ak, bk |
bk > th} should delay th +∆tψ , then ah

k, b
h
k should delay th.

Hard tasks ΦiH and ΨH are usually unchangeable. But
for the static obstacle avoidance tasks, their execution times
need to be extended automatically for extra activity due to
the increasing of total time, bk = bh

k ← ∆tiφ +∆tψ .
There are three types of SCs. The first two are “All agents”

and “Agent i ∈ Nh” with subset Nh ⊂ I, where human
soft tasks are assigned to specific agents Φ′′i

S = Φ′i
S ∪ Ψ′

S

with i ∈ I and i ∈ Nh respectively. The third one is “nh
agents” with nh ∈ I, which only specifies the number of
agents for HC. Task allocation for Ψ′

S needs to be carried out
among agents. It is based on agent priority with a novel Mi

function compared to equation (22), by adding two criteria
with weights wn, wt, i.e.,

Mi ←Mi + wn

(∣∣∣Φ′′i
S

∣∣∣+ ∣∣∣ΦiH ∣∣∣)︸ ︷︷ ︸
Task Fairness

+wt(∆t
i
φ +∆tψ)︸ ︷︷ ︸

Total Time

(35)

The allocation process is shown in Algorithm 1. Human tasks
are only allocated to nh higher-priority agents in (36).

As for the human hard tasks, they must always be consid-
ered by all agents for safety ΦiH ← ΦiH ∪ΨH , i ∈ I.

4844



Task Commands STL Formulas
Do not do task ¬ψ
Do task 1 and task 2 ψ1 ∧ ψ2

Do task 1 until task 2 finished ψuntil,[a,b] := ψ1U[a,b]ψ2 := G[a,b]ψ1 ∧ F[b,b]ψ2

Go to (Goal) ψ̂go,[a,b] := F[a,b](dr −
∥∥p− pgoal

∥∥ ≥ 0)
with the central position pgoal and radius dr of the goal region.

Stay in (Goal) ψ̂stay,[a,b] := G[a,b](dr −
∥∥p− pgoal

∥∥ ≥ 0)

Avoid collision with (Obstacle) ψ̃ob,[a,b] := G[a,b]

(
∥p− pob∥ − dsafe ≥ 0

)
with obstacle position pob and safe distance dsafe .

Follow me ψfollow,[a,b] := ψ̂go,[a,b] ∧ ψ̃ob,[tc,b] := F[a,b](dr −
∥∥p− ph (tc)

∥∥ ≥ 0) ∧G[tc,b]

(∥∥p− ph (tc)
∥∥− dsafe ≥ 0

)
With the current human position ph (tc), dsafe ≤ dr.

Pick (X) ψ̂pick

Bring (X) ψbring,[a,b] := F[a,b1]ψ̂pick ∧ ψfollow,[a2,b] with a ≤ b1 ≤ a2 ≤ b
... ...

TABLE II: Dictionary of human task command (TC).

Algorithm 1 Task allocation in distributed coordination

1: Initialization. Set the number of agents N , original task
sets ΦiH , ΦiS , and ranking list Li with i ∈ I.

2: Human gives HCs to all agents.
3: Parallel For i = 1 to N do in parallel
4: repeat
5: Agent i receive HCs, create ΨH , ΨS based on TCs.
6: Change times in ΦiS ,ΨS to get Φ′i

S ,Ψ
′
S by their PC.

7: Add tasks ΦiH ← ΦiH ∪ΨH and Φ′′i
S = Φ′i

S ∪Ψ′
S .

8: Agent i calculate its M -value M i
i based on (35).

9: Agent i exchange M -value with its neighbors j ∈ N i,
then update M i

j and δiz, z = 1, 2, ..., N in Li.
10: Agent i receives pj(t), t ∈ [tc, tc+Np∆t] from higher

priority neighbors and update ΦiH based on (25).
11: Remove human soft tasks for lower-priority agents,

Φ′′i
S ← ΦiS , δii > nh

Φ′′i
S ← Φ′i

S ∪Ψ′
S , δii ≤ nh

(36)

12: Construct constraints (26) and (27) with ΦiH , Φ′′i
S .

13: Solve the optimization problem Pi
3 for control.

14: until the coordination process is finished.
15: End Parallel For

V. EXPERIMENTS

A testing scenario has been developed in connection
with the EU CANOPIES project. This scenario involves
configuring a laboratory setting to replicate a 3.8 m× 4.6 m
artificial vineyard, which is depicted in Fig. 3a. In this setup,
there are grapes positioned on the shelves that need to be
harvested. The main objective of the robots is to navigate to
specified locations for picking or placing, all while carefully
avoiding collisions with the poles present in the environment.

Three HEBI Robotics Rosie robots [20] are used for
experiments, operated by ROS-based Intel NUC computers
each equipped with a two-core 4.1 GHz CPU and 16 GB of
DDR4 RAM. The system dynamic of (1) is re-written as ẋi

ẏi
θ̇i

 =

 cos θi 0
sin θi 0
0 1

[
vi
ωi

]
(37)

(a) Artificial vineyard. (b) Robot task model.

Fig. 3: Laboratory settings for experiments.

where i ∈ {1, 2, 3}, xi = [xi, yi, θi]
T and ui = [vi, ωi]

T ,
with robot position (xi, yi), yaw angle θi, forward velocity vi
and angular velocity around the z-axis ωi. The QUALISYS
system [21] tracks the positions of robots and humans in real-
time. Task allocation and agent message sharing are managed
through the ROS API via a wireless connection.

The graphic model of the robot tasks is also shown in Fig.
3b. There are two types of hard tasks. The first one is for
obstacle avoidance with the poles, i.e.,

φ̃ik := G[0,Tmax]

(
||pi − pob,k||−0.4 ≥ 0

)
, k = 1, ..., 9 (38)

with pole positions pob,k. The second is for agent avoidance
which is added before each planning in section III-A.

For the soft tasks, we consider the most common type of
tasks, going to a shelf to pick and place, i.e.,

φ̂i[a,b](q) := F[a,b]

(
0.2−

∥∥pi − pgoal,q
∥∥ ≥ 0

)
(39)

with the shelf positions pgoal,q . Thus, we created soft lists,

Φ1
S = {φ̂1

[15,30](11), φ̂
1
[45,60](2), φ̂

1
[75,90](11), φ̂

1
[105,120](2)}

Φ2
S = {φ̂2

[15,30](2), φ̂
2
[45,60](9)}

Φ3
S = {φ̂3

[15,30](8), φ̂
3
[45,60](1), φ̂

3
[90,120](12), φ̂

3
[120,150](1)}

High-level HIL is also under consideration in the exper-
iment. At around t = 45s, a human sequentially gives two
human commands to the robots, “HC1: Agent 1 and 2 go to
my position now” and “HC2: One agent follow me later”. At
the same time, there is also a hidden command that “HC3:
All agents avoid collision with the human”. STL formulas
for human commands can be created through Table II.
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(a) CBF for original soft tasks. (b) CBF for human soft tasks. (c) Planned agent trajectories (0-45s).

(d) CBF for hard tasks (obstacle avoidance). (e) CBF for hard tasks (agent avoidance). (f) Planned agent trajectories (45-150s).

Fig. 4: Evolution of different types of CBFs, and moving trajectories of all agents and the human.

Each robot establishes CBFs with (6) for the received STL
tasks. Then, in the NMPC optimization process, we set ∆t =
0.1 s, Np = 30, wu1

, wu2
, wϵH , wϵS = 1, 10, 106, 103 and

wd, ws, wn, wt = 100, 10, 100, 1. Also, we give limitations
to the control input |vi|≤ 0.5 m/s and |wi|≤ 0.5 rad/s.

The experimental results for various types of CBFs and
pre-planned trajectories are depicted in Fig. 4. The motion
process is demonstrated in a video available at the given link
[22]. We can see that (i) the framework can obtain smooth
feasible solutions to achieve all the STL tasks without any
collisions between agents and humans. (ii) Fig. 4a and 4b
display the CBFs for both the original and human soft tasks.
Notably, it becomes evident that during certain time intervals,
the soft tasks may be temporarily breached when CBF values
enter the negative regions, particularly when characterized
by a larger ϵiS . But eventually, the CBFs returned to the
non-negative regions, enabling the completion of the tasks
as intended. Nonetheless, it is crucial to highlight that in
Fig. 4d and 4e, the CBFs for hard tasks, which encompass
obstacle avoidance and interaction with other agents, must
consistently remain positive to ensure safety. This is achieved
through the adoption of smaller and more stringent values
for ϵiH . (iii) Furthermore, there exists a priority hierarchy
for agent collision avoidance, as shown in Fig 4e. Specifi-
cally, Agent 1 with the highest priority is exempt from the
consideration, while Agent 2 is tasked with avoiding Agent
1, and Agent 3 is responsible for avoiding both 1 and 2. (iv)
For the human tasks started from 45s, Fig. 4b and 4f show
that HC2 are allocated to agent 2 with the minimum task
length and least total time, based on protocol (35).

Fig. 5 shows the cumulative distribution function (CDF) of
the average computation time per planning step. The obser-
vation is that the distributed strategy typically necessitates
less computation time than the centralized one since the
computing is distributed among each agent.

Fig. 5: Comparison on average computing time.

VI. CONCLUSION

This work addresses the coordination challenge in MAS
for managing multiple tasks involving different robots. A
distributed coordination framework is developed using CBF-
based nonlinear MPC. This proposed framework efficiently
produces smooth, collision-free trajectories to accomplish
different STL tasks. In addition, the system is also able to
manage high-level human commands by merging HIL into
the coordination framework. A novel task allocation protocol
is introduced to facilitate task distribution among agents.
Practical cases involving grape collection within the EU
CANOPIES project demonstrate the real-world applicability
and viability of these algorithms.
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