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Abstract:
This paper addresses the cooperative coordination of unmanned aerial vehicles (UAVs) and
unmanned ground vehicles (UGVs) in complex environments under formal task specifications.
A two-layer control framework is developed, where UAVs perform coverage and monitoring tasks
as a perception layer, while UGVs execute ground-level path planning with obstacle avoidance.
The framework leverages Spatial Aggregation Signal Temporal Logic (SaSTL) to formally
specify both spatial and temporal behaviors, which allows real-time monitoring of collective
task execution through computing robustness measures of properly defined SaSTL formulas. To
ensure feasibility, an Attractive Potential Field (APF) approach incorporates the “Eventually”
specifications into the path planning objectives, while time-varying Control Barrier Functions
(CBFs) enforce “Always” safety constraints via a quadratic programming (QP) solver. The
proposed framework ensures optimal coverage and collision-free planning via task monitoring,
whose performance is validated through substantial numerical simulations over several scenarios.

Keywords: Signal temporal logic, formal methods, multi-agent systems, coverage control, path
planning, real-time monitoring

1. INTRODUCTION

Multi-agent systems (MASs), particularly heterogeneous
teams comprising quadrotor unmanned aerial vehicles
(UAVs) and unmanned ground vehicles (UGVs), have
garnered attention for their potential in complex, large-
scale missions Lizzio et al. (2022); Zhang et al. (2024);
Zhang and Ji (2025b,a). By leveraging the capabilities of
different agents, MASs achieve superior scalability, flex-
ibility and reliability unattainable by individual agents.
Typical application includes autonomous environmental
monitoring, infrastructure inspection, and search and res-
cue after disasters Zhong and Cassandras (2011). In these
scenarios, a core task for the agents is cooperative coverage
control, which involves the strategic distribution of sensor-
equipped agents to surveil a target environment.

Despite their promise, real-world deployment of MASs is
often hindered by irregular obstacles and dynamic terrains.
These uncertainties present two critical challenges: (1)
limited local sensing capabilities that restrict an agent’s
perception of global target locations Wang et al. (2025),
and (2) the risk of mission failure due to collisions or
entry into restricted zones Palacios-Gasós et al. (2017).
To address the issues, a hierarchical decomposition is
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often employed, where UAVs with high maneuverability
and wide sensing ranges serve as an aerial perception
layer, while UGVs handle ground navigation and precise
target interaction. A representative application is post-
earthquake rescue Yousefi et al. (2024), where UAVs per-
form aerial perception to identify targets and obstacles,
while UGVs transport supplies to designated sites. The
hierarchical control paradigm, where complex tasks are
decomposed into multiple coordinated levels, requires for-
mal specifications Zhang et al. (2026). Signal temporal
logic (STL) Maler and Nickovic (2004) provides a pow-
erful framework for encoding temporal requirements, but
not for spatial reasoning. To bridge this gap, this pa-
per leverages Spatial Aggregation Signal Temporal Logic
(SaSTL), which extends STL with spatial operators Zhao
et al. (2025). Originated for smart city modeling Ma et al.
(2021), SaSTL is uniquely suited for MASs, as it formally
defines tasks involving collective spatial configuration.

However, path planning through direct embedding of tem-
poral logic formulas into quadratic programming (QP) of-
ten leads to computation burden and poor scalability Belta
and Sadraddini (2019). While integrating Control Bar-
rier Functions (CBFs) with STL has shown promise for
real-time safety enforcement Lindemann and Dimarogo-
nas (2019), existing methods are often overly conservative
when handling multiple specifications. An alternative ap-
proach incorporates STL robustness into the optimal con-
trol objectives through smooth approximations and lever-
ages gradient-based optimization Haghighi et al. (2019).

Motivated by these considerations, we propose a hierarchi-
cal perception-planning framework supported by spatio-
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temporal monitoring with SaSTL formulas. Adopting a
“sense-then-act” coordination strategy, the framework ex-
ploits the complementary capabilities of heterogeneous
agents: UAVs act as a perception layer to explore the envi-
ronment, monitor spatial distributions and obstacles, and
provide environmental constraints for the safe planning
of UGVs through a sequential information flow. Different
from conventional approaches focusing on trajectories of
individual agents, our method utilizes SaSTL to formalize
and monitor collective spatial aggregation requirements of
heterogeneous MASs in real time, capturing both spatial
configurations and temporal evolution without requiring
extensive auxiliary variables as in standard STL. Further-
more, SaSTL specifications are decomposed into Eventu-
ally and Always fragments for collision-free UGV plan-
ning, where the former is incorporated into the objective
function through an APF, and the latter is encoded as
time-varying CBF constraints within a QP framework.

2. SYSTEM MODELING AND PRELIMINARIES

2.1 System Model of UAV–UGV Systems

Consider a three-dimensional environment K ⊂ R3 con-
taining signal sources S and obstacles O. Let Q ⊂ R2

denote the ground projection of K. Each obstacle i ∈ O
is represented on Q by a circular region Coi (xoi , ro) with
center xoi and radius ro. The environmental information is
described by the spatial density function

ϕ(q) =
∑

i∈S
gsi (q, σi, x

s
i ), (1)

where gsi (·) is a Gaussian function centered at xsi with σ2
i .

We consider a heterogeneous multi-agent system composed
of n UAVs and UGVs, denoted by V and R, respectively.
UAVs move in K, while UGVs operate on Q. Their
projected positions are denoted by xa(t) ∈ R2×n and
xb(t) ∈ R2×n. All UAVs are assumed to fly at the same
altitude, and obstacle avoidance is not considered in the
coverage layer. The dynamics of both UAVs and UGVs are
modeled as first-order integrators:

ẋa(t) = ua(t), ẋb(t) = ub(t), (2)

the control inputs satisfy umin ≤ ua(t),ub(t) ≤ umax.

Each UAV i ∈ V senses the environment within a circular
region Cai (xai (t), rs) of radius rs ∈ R>0, with the sensing
strength decreasing with distance:

fi(q, x
a
i (t)) =

{
βe−λ∥q−xa

i (t)∥
2 − γ, ∥q − xai (t)∥ ≤ rs,

0, ∥q − xai (t)∥ > rs,

where γ = βe−λr2s ensures boundary continuity, β ∈ (0, 1)
and λ ∈ R>0. Two UAVs can communicate if ∥xai (t) −
xaj (t)∥ ≤ rc, where rc ∈ R>0.

2.2 Control Barrier Functions

Consider a nonlinear control-affine system:

ẋ = f(x) + g(x)u, (3)

where x ∈ X ∈ Rn and u ∈ U ∈ Rm. The functions
f : Rn → Rn and g : Rn → Rn×m are locally Lips-
chitz continuous. Given a safe set C(t) := {x ∈ Rn |
b(x, t) ≥ 0} defined by a continuously differentiable func-
tion b(x, t) : Rn → R, the objective of a control barrier

function (CBF) is to ensure the forward invariance of the
safe set by appropriately designing the control input u.

Definition 1. (Forward Invariance). A set C(t) is said to
be forward invariant under a control input u if, for any
initial condition x(t0) ∈ C(t0), there exists a continuous
trajectory x(t) such that x(t) ∈ C(t) for all t ∈ [t0, t1].

Definition 2. (Control Barrier Function). A continuously
differentiable function b(x, t) is CBF for system (3) if there
exists an extended class K∞ function α such that, for all
t ∈ [t0, t1],x(t) ∈ C(t), the following condition holds:

sup
u∈U

[
Lfb(x, t) + Lgb(x, t)u+

∂b(x, t)

∂t
+ α(b(x, t))

]
≥ 0,

where Lfb(x, t) =
∂b(x,t)

∂x f(x) and Lgb(x, t) =
∂b(x,t)

∂x g(x)
denote the Lie derivatives of b along f and g, respectively.

Lemma 1. (Ames et al. (2017)). If b(x, t) is a time-varying
CBF, then any controller u ∈ Kcbf (x) := {u ∈ U : Lfb +

Lgbu + ∂b
∂t + αb ≥ 0}, ensures the forward invariance of

C(t), and guarantees the safety of the system (3).

2.3 Spatial Aggregation Signal Temporal Logic

SaSTL extends STL by incorporating spatial aggregation
and counting operators to specify both temporal and
spatial properties of multi-agent systems. A predicate µ
is defined by a predicate function h(y(t, z)) : Rn → R as

µ :=

{
True, h(y(t, z)) ≥ 0,

False, h(y(t, z)) < 0,
(4)

where z is the spatial location. The syntax of SaSTL is

φ ::= µ | ¬φ | φ1∧φ2 | φ1U[ta,tb]φ2 | Aop
D y ∼ c | C

op
D φ ∼ c,

where op ∈ {min,max, sum, avg}, ∼∈ {<,≤,=, >,≥},
and c ∈ R. The temporal operators F[ta,tb] and G[ta,tb]

denote Eventually and Always, respectively.

Spatial relations are modeled by an undirected weighted
graph G = (Z, E , w), where Z is the set of spatial locations,
E is the edge set, and w defines pairwise distances. The spa-
tial domain is defined as D := ([d1, d2], τ), where [d1, d2]
specifies the spatial interval and τ encodes spatial proposi-
tions. For a location z ∈ Z, the neighboring set satisfying
D is Zz

D := {z′ ∈ Z | d1 ≤ w(z, z′) ≤ d2, z
′ |= τ}. The

corresponding signal values are collected as ϖD(y, t, z) =⋃
z′∈Zz

D
{y(t, z′)}. Then, Aop

D y ∼ c evaluates aggregated

signal values over ϖD, while C
op
D φ ∼ c quantifies the num-

ber or ratio of locations satisfying φ. Specifically, Cop
D φ =

op({ϑ((y, t, z′) |= φ) | z′ ∈ Zz
D), where ϑ((y, t, z) |= φ) = 1

if (y, t, z) |= φ, and ϑ((y, t, z) |= φ) = 0 otherwise.

Let (y, t, z) |= φ denote that signal y satisfies φ at time t
and location z. The semantics are recursively defined as

(y, t, z) |= µ⇔ h(y(t, z)) ≥ 0

(y, t, z) |= F[ta,tb]φ⇔ ∃t
′ ∈ [t+ ta, t+ tb], (y, t

′, z) |= φ

(y, t, z) |= G[ta,tb]φ⇔ ∀t
′ ∈ [t+ ta, t+ tb], (y, t

′, z) |= φ

(y, t, z) |= Aop
D y ∼ c⇔ op(ϖD(y, t, z)) ∼ c

(y, t, z) |= Cop
D φ ∼ c⇔ op(ϑ((y, t, z′) |= φ) | z′ ∈ Zz

D) ∼ c

Robustness semantics ρ(y, t, z, φ) quantifies the satisfac-
tion degree of φ. Temporal operators use sup and inf in
time intervals, while spatial operators evaluate robustness
by aggregation over neighboring locations.
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3. HIERARCHICAL UAV–UGV FRAMEWORK

3.1 Problem Formulation

We consider n UAVs operating in K and n UGVs mov-
ing on Q. UAVs perform coverage and monitoring, while
UGVs execute path planning with obstacle avoidance.
UAVs transmit target and obstacle information to UGVs,
which then plan paths under SaSTL-based CBF con-
straints. All tasks are monitored using SaSTL specifica-
tions, enabling real-time detection of violations and adap-
tive responses such as path adjustment or action rejection.

(1) Coverage–monitoring layer:
(a) Coverage: Each UAV i ∈ V moves to a designated

target position p∗ = (p∗1, . . . , p
∗
n)

⊤ ∈ R3×n before
time tc. The corresponding ground projection
x∗ = (x∗1, . . . , x

∗
n)

⊤ ∈ R2×n is determined such
that the sensing impact over Q is maximized.
During this process, UAVs detect both signal
distribution gsi and obstacle information Coi .

(b) Monitoring: UAVs employ SaSTL semantics to
monitor both their coverage performance and the
UGVs’ execution of path planning and obstacle
avoidance. The mission is regarded as unsuccess-
ful if any UAV fails to satisfy the coverage speci-
fication, or if any UGV collides with an obstacle
or fails to reach its assigned target.

(2) Planning–avoidance layer: The UGVs must reach
their target positions x∗ before tf , to eliminate signal
impacts, and avoid obstacles

⋃
i∈O Coi . This is formu-

lated using timed reach-avoid formulas, which are a
subset of SaSTL. Only safety and reachability behav-
iors are explicitly considered in this work, whereas the
specific process of signal elimination is omitted.

Our objective is to design control laws to optimize the
following cost functions under safety and input constraints:

H(xa(t),Q) = max

∫
Q
fi(q, x

a
i (t))ϕ(q)dq, (5a)

J(ub(t)) = min
ub

∫ tf

tc

ubTPub, (5b)

s.t. p(t) ∈ K,xa(t) ∈ Q,xb(t) ∈ Q\
⋃

i∈O
Coi (5c)

ua(t),ub(t) ∈ U ,∆ua(t),∆ub(t) ∈ ∆U (5d)

where P is a positive definite matrix. Equation (5a) repre-
sents the coverage objective, which maximizes the sensing
impact on Q. Equation (5b) specifies the path planning
objective for UGVs with quadratic costs. Constraint (5c)
enforces feasible states within the operational environment
and ensures obstacle avoidance, while constraint (5d) de-
scribes the admissible inputs and their variations.

3.2 Coverage Control

The coverage objective (5a) aims to maximize the impact
on Q. A widely adopted approach employs Voronoi tessel-
lation Cortes et al. (2004), which divides the environment
into disjoint regions assigned to each UAV. Specifically,
each UAV computes the optimal point of the Voronoi cell
based on its position, neighboring positions, and sensing
radius. The Voronoi tessellation of UAV i is given by
Vi(x

a
i (t)) = {q ∈ Q | ∥q − xai (t)∥ ≤

∥∥q − xaj (t)∥∥ , ∀j ̸= i}.

Accordingly, (5a) can be reformulated as

H(xa(t),V (t)) =
∑

i∈V

∫
Vi(xa

i
(t))

fi(q, x
a
i (t))ϕ(q)dq, (6)

where V (t) = (V1(x
a
1(t)), . . . , Vn(x

a
n(t)))

⊤. Following a
gradient-based optimization method, the derivative of H
with respect to xai (t) can be expressed as

∂H
∂xai

=

∫
Vi(t)

∂fi(q, x
a
i (t))

∂xai (t)
ϕ(q, t)dq =MVi

(xai (t)− cVi
(t)),

where MVi
(t) and cVi

(t) denote the mass and centroid of
the Voronoi cell Vi(t), respectively:

MVi(t) =

∫
Vi(t)

2βλe−λ∥q−xa
i (t)∥

2

ϕ(q) dq, (7a)

cVi
(t) =

∫
Vi(t)

2βλe−λ∥q−xa
i (t)∥

2

ϕ(q)q dq

MVi
(t)

. (7b)

Thus, the control law for each UAV i is designed as

uai (t) = −κa(xai (t)− cVi
(t)), (8)

where κa > 0 is a control gain.

Theorem 1. Consider a swarm V of n UAVs governed by
the control law (8). Then, each UAV i ∈ V asymptotically
converges to the centroid cVi

= x∗i of its Voronoi cell Vi.

Proof. Define a Lyapunov candidate function as V (t) =
1
2

∑
i∈V ∥xai (t)− cVi

(t)∥2. Taking its time derivative along

trajectories yields V̇ (t) =
∑

i∈V(x
a
i (t) − cVi

(t))T ẋai (t).
Substituting ẋai (t) = uai (t) = −κa(xai (t)− cVi(t)), we get

V̇ (t) = −κa
∑

i∈V
∥xai (t)− cVi

(t)∥2 ≤ 0, (9)

which implies that V (t) is non-increasing. By LaSalle’s in-
variance principle, the trajectories converge to the largest
invariant set satisfying V̇ (t) = 0, i.e., where xai (t) = cVi(t)
for all i ∈ V. Hence, each UAV asymptotically converges
to the centroid of its Voronoi cell. ■

3.3 Monitoring with SaSTL

To formally specify the monitoring tasks, we employ
SaSTL formulas defined as follows:

ψ ::= True | µ | ¬µ | ψ1 ∧ ψ2, (10a)

φ ::= F[a,b]ψ | G[a,b]ψ | ψ1U[a,b]ψ2 |
Aop

D y ∼ c | C
op
D φ ∼ c | φ1 ∧ φ2, (10b)

where ψ denotes the non-temporal formula, and φ is the
temporal formula. The objective in (5) can be encoded as
a monitoring specification under SaSTL semantics:

φ1 := F[t0:tc]A
min
([0,rs],S)∥x

s
i − xaj ∥ ≤ 3σi, (11a)

φ2 := Cmin
([0,∞),V)

(
F[t0:tc](∥x

a
i − cVi

∥ ≤ ε)
)
= 1, (11b)

φ3 := G[tc:tf ](∥x
b − xo∥ ≥ ro), (11c)

φ4 := F[tc:tf ](∥x
b − x∗∥ ≤ ε), (11d)

where the range of 3σi is generally considered the main
distribution region of signal i, implying that 99.7% of
the signal is concentrated within a radius of 3σ. Equa-
tions (11a-11b) specify UAV-related coverage objectives:

(1) each signal is covered by at least one UAV;
(2) each UAV converges to its Voronoi centroid.

In particular, φ1 requires that, for every signal i, there
exists at least one UAV j within distance 3σi during
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the interval [t0, tc]. The formula φ2 ensures that each
UAV eventually converges to its Voronoi centroid cVi

and remains within an ε-neighborhood, where ε > 0 is
the error bound. Equations (11c-11d) define the UGV-
level tasks. Formula φ3 enforces obstacle avoidance by
requiring UGV–obstacle distance to remain greater than
ro during [tc, tf ]. Formula φ4 guarantees that each UGV
eventually reaches its designated target x∗ within [tc, tf ]
and subsequently remains within an ε-neighborhood.

The detailed monitoring process is summarized in Algo-
rithm 1, which evaluates each requirement φ1–φ4, respec-
tively. The distributed parallel search algorithm deScan()
is adopted to identify locations satisfying D.

Algorithm 1 SaSTL Monitoring Algorithm

Input: Signals gsi (q, σi, x
s
i ), time interval [t0, tf ], locations

(xai , x
b
i , x

o, x∗), parameters rs, ro, ε, graph G
Output: Satisfaction values ρφ1

, ρφ2
, ρφ3

, ρφ4

begin
ρφ1
← −∞;

for t ∈ [t0 : tc] do
ϱ := 0, v := +∞;

Z
xs
i

[0,rs],S := deScan(xsi ,G, ([0, rs],S));
for xaj ∈ Z

xs
i

[0,rs],S do

v := min(v, ∥xsi (t)− xaj (t)∥), ϱ := ϱ+ 1;
if ϱ == 0 then return ρt ← −∞;
else return ρt ← rs − v;
ρφ1
← max(ρφ1

, ρt);

ρφ2 ← −∞;
for t ∈ [t0 : tc] do

ϱ := 0, E := EmptyList();

Z
xa
i

[0,∞],V := deScan(xai ,G, ([0,∞],V));
for cVi

∈ Zxa
i

[0,∞],V do

ρt ← ε− ∥xai (t)− cVi(t)∥, E.add(ρt);
ϱ← ϱ+ 1;

if ϱ == 0 then return ρt ← −∞;
else return ρt ← E.min();
ρφ2 ← max(ρφ2 , ρt);

ρφ3 ← +∞;
for t ∈ [tc : tf ] do

ρt ← ∥xb(t)− xo(t)∥ − ro; ρφ3 ← min(ρφ3 , ρt);
ρφ4 ← −∞;
for t ∈ [tc : tf ] do

ρt ← ε− ∥xb(t)− x∗(t)∥; ρφ4 ← max(ρφ4 , ρt);
return (ρφ1 , ρφ2 , ρφ3 , ρφ4);

3.4 Path Planning with Obstacle Avoidance

Motivated by Zhang et al. (2025), the Eventually specifi-
cation φ4 is incorporated into the objective function (5b)
through an APF, while the Always specification φ3 is
enforced as a hard constraint by a CBF.

Consider an Eventually formula φF = F[ta,tb]ψ, where the
robustness measure of the atomic formula ψ is defined as
ρ(xb, t, ψ) = h(xb(t)), and the cumulative robustness of
φF is given by ρ(xb, t, φF ) =

∑
t′∈[ta,tb]

ρ(xb, t+ t′, ψ). For

real-time feedback controller design, ρ(xb, t, ψ) is employed
as the optimization objective, enabling the optimal control
satisfying φF to be obtained by gradient descent. Task
satisfaction is enforced by the APF formulation as follows:

AφF
(xb, t) =

1

2
κf ∥ ρ(xb, t,True)− ρ(xb, t, ψ) ∥2, (12)

where κf > 0. The gradient with respect to ρ(xb, t, ψ) is

▽AφF
=
∂AφF

(xb, t)

∂ρ(xb, t, ψ)
= κf∥ρ(xb, t,True)− ρ(xb, t, ψ)∥.

Since ∇AφF
(xb, t) decreases along trajectories satisfying

µ = True, it can be integrated in the objective of the path
planning problem. Moreover, the Eventually specification
φ4 can be decomposed into n atomic formulas as

φ4 := F[tc:tf ](∥x
b − x∗∥ ≤ ε)

:=
⋂
i∈R

F[tc:tf ](∥x
b
i − x∗i ∥ ≤ ε) =

⋂
i∈R

φi
4. (13)

Accordingly, the objective function (5b) is reformulated as

J∗(ub,xb) = minubTPub +
∑

i∈R
▽Aφi

4
(xbi , t). (14)

With multiple obstacles, the Always specification φ3 is
encoded via a CBF as a conjunction of atomic formulas:

φ3 =

k∧
l=1

φl
G, φl

G := G[ta,tb]ψ
l. (15)

For each φl
G, a candidate CBF is defined as bl(x

b, t) =
hl(x

b(t)) through the robustness of ψl, such that bl(x
b, t) ≥

ρ(xb, t, ψl), ∀t′ ∈ [t + ta, t + tb]. If bl(x
b, t) ≥ 0 holds for

all t ≥ 0, then (xb, t) |= φl
G is satisfied. To handle the

conjunction of Always operators, the minimum of hl(x
b(t))

is approximated Lindemann and Dimarogonas (2019) as

ĥ(xb(t)) := −1

η
ln(

k∑
l=1

exp(−ηhl(xb(t)))), η > 0, (16)

which provides a smooth under-approximation of the min-

imum function, i.e., ĥ(xb(t)) ≤ minhl(x
b(t)). According

to this, a composite CBF is constructed as

b(xb, t) =− 1

η
ln(

k∑
l=1

exp(−ηbl(xb, t))). (17)

The CBF constraint in Definition 2 is then expressed as

∂b

∂xb
(f(xb) + g(xb)ub) +

∂b

∂t
≥ −αb. (18)

Combining (14) and (18), the path planning problem is
reformulated as the following QP:

J(ub,xb, δ) = min
ub,δ

ubTPub +
∑

i∈R
▽Aφi

4
(xbi , t),

s.t.
∂b(xb, t)

∂xb

(
f(xb) + g(xb)ub

)
+
∂b(xb, t)

∂t
≥ −α(b(xb, t)).

When the APF-driven objective directs the agent toward
an obstacle (a conflict), the QP solver prioritizes the CBF
constraint. The agent will follow the safe set’s bound-
ary, effectively bypassing the obstacle while maintaining
the minimum possible deviation from the APF’s intended
path. This mitigates conservativeness and provides a ro-
bust between task progress and collision avoidance.

4. NUMERICAL SIMULATIONS

Consider K and Q containing 20 UAVs and UGVs, with
side length 100 m. There exists 3 signals located at xs1 =
[25, 25], xs2 = [80, 40], and xs3 = [40, 80], with σ2

1 = 100,
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(a) t = 0s (b) t = 10s

(c) t = 50s (d) t = 100s

Fig. 1. UAV coverage trajectories under the Voronoi-based control law with different time instants.

σ2
2 = 110, and σ2

3 = 150, respectively. The parameters of
UAV are rc = 20 m, rs = 50 m, β = 1 and λ = 0.02. The
control gains are κa = 0.6, κf = 2, and error bound is
ε = 0.15 m. The coverage task must be completed within
tc = 100 s, and the path planning task within tf = 200 s.

The UAV coverage results are shown in Figs. 1 and 2.
Initially, the UAVs are randomly distributed in K, and
each UAV constructs a Voronoi tessellation, as shown in
Fig. 1(a). At this stage, some UAVs do not cover any
signal, and their positions do not coincide with the cen-
troids of the corresponding Voronoi cells, as illustrated in
Fig. 2(a), where green circles and yellow crosses denote
UAVs and Voronoi centroids, respectively. After the cov-
erage control algorithm is activated, the UAVs gradually
converge to the centroids of their Voronoi cells, while
the Voronoi tessellations evolve dynamically, as shown in
Figs. 1(b)–(c) and Figs. 2(b)–(c). The green solid and
yellow dotted lines represent the trajectories of UAVs and
centroids, respectively. At t = 50 s, all UAVs successfully
cover the signals within the corresponding 3σ regions. The
coverage state at t = 100 s remains nearly unchanged,
indicating convergence and successful completion of the
coverage task. These results demonstrate that the pro-
posed control law effectively maximizes the coverage per-
formance and achieves the objective in (5a).

After completing the coverage task, the UAVs transmit the
environmental information at t = 100 s to the UGVs, in-
cluding the final projected positions x∗, Voronoi centroids
cVi

, and obstacle information Coi , as shown in Fig. 3(a).
Based on this information, the UGVs perform obstacle-
aware path planning, as illustrated in Fig. 3(b). Three
circular obstacles with radius ro = 5 m are considered,
and all UGVs are initialized at [80, 0], representing a rescue
center or base station. Each UGV then moves toward its

(a) t = 0s (b) t = 10s

(c) t = 50s (d) t = 100s

Fig. 2. UAV and Centroid Trajectories.

assigned target along a feasible shortest path by solving
the optimal control problem with CBF constraints. The
results show that all UGVs successfully reach their targets
while avoiding collisions and satisfying safety constraints.

To evaluate the proposed SaSTL-based monitoring scheme,
the robustness degrees of formulas φ1–φ4 are computed
throughout the simulation by Algorithm 1. Fig. 4 presents
the robustness values for 20 UAV coverage tasks and 20
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(a) Environmental information (b) UGV path planning results

Fig. 3. Environment and UGV planning results.

(a) φ1: Signal coverage (b) φ2: UAV convergence

(c) φ3: Obstacle avoidance (d) φ4: Target reaching

Fig. 4. Evaluation of SaSTL robustness for UAV and UGV.

UGV planning tasks, where Figs. 4(a)–(d) correspond to
signal coverage, UAV convergence to Voronoi centroids,
UGV obstacle avoidance, and successful arrival at x∗ be-
fore tf , respectively. All robustness values remain positive,
indicating that all specifications are satisfied and demon-
strating the effectiveness of the monitoring approach.

5. CONCLUSION

This paper proposed a two-layer UAV–UGV coopera-
tive framework under SaSTL specifications, where UAVs
perform aerial coverage and environmental monitoring,
while UGVs execute obstacle-aware path planning. By
decomposing spatial–temporal specifications into Eventu-
ally and Always fragments, the framework combines APF
and CBFs to ensure real-time task satisfaction and safety.
In addition, the SaSTL-based monitoring mechanism pro-
vides quantitative evaluation of system performance and
specification satisfaction. Numerical simulations verified
the effectiveness of the proposed approach in achieving
robust UAV–UGV cooperation. Future extensions will im-
plement the framework on real robotic platforms.
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