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Keywords: This paper investigates the problem of formal methods guided cooperative coordination of
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Formal methods
Multi-agent systems
Coverage control

dynamic environments. A two-layer hierarchical framework is developed, where UAVs perform
coverage and monitoring tasks as the perception layer, while UGVs complete safe navigation to
avoid obstacles at the execution level. We leverage Spatial Aggregation Signal Temporal Logic
(SaSTL) to formally specify both spatial and temporal behaviors of UAVs and UGVs, which
allows real-time monitoring of collective task execution through the computation of robustness
measures of properly defined SaSTL formulas. To ensure collision-free planning, the global
SaSTL task is decomposed: an Attractive Potential Field (APF) based approach is first introduced
to incorporates the “Eventually” formula fragments into the path planning objectives; then time-
varying Control Barrier Functions (CBFs) are synthesized using a quadratic programming (QP)
solver, which enforce safety constraints defined by “Always" formula fragments. Theoretical
analysis confirms that our framework achieves optimal coverage control and safe path planning
via SaSTL task monitoring. Extensive numerical simulations further validate the coordination
performance of the proposed method and compare it with a baseline without SaSTL monitoring.

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 significant attention for their potential in complex and large-scale missions [1-4].
By leveraging the capabilities of different agents, MASs achieve superior scalability, flexibility and reliability that are unattainable
by individual agents. Typical applications include autonomous environment monitoring, infrastructure inspection, and search and
rescue after disasters, to name a few [5]. Among these scenarios, a core task is cooperative coverage control, which aims for strategic
distribution of sensor-equipped agents to surveil a target environment.

However, real-world deployment of MASs are often hindered by environmental uncertainties, such as irregular obstacle
distributions and dynamic terrain conditions. These uncertainties present two critical challenges: (1) limited local sensing capabilities
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that restrict an agent’s perception of global target locations, and (2) the risk of mission failure due to collisions or entry into restricted
zones [6]. To overcome these challenges, hierarchical task decomposition is often employed, where complex global objectives
are decomposed into multi-level coordinated ones for different agents. This paradigm has been widely applied in cyber-physical
systems [7] and autonomous driving [8]. A representative application arises in post-earthquake rescue operations [9], where UAVs
with high maneuverability and wide sensing ranges, serve as an aerial perception layer to identify targets and obstacles, and UGVs
are responsible for ground-level navigation and precise target interaction to transport supplies to the designated sites.

Ensuring safety and task completion in such sequential and reactive missions necessitates the use of formal methods. Temporal
logics, such as linear temporal logic (LTL) and signal temporal logic (STL), provide expressive languages for defining multi-agent
tasks, ranging from path planning to persistent coverage [10-14]. However, tasks in in existing works are restrictive since they are
often specified as sequential visits to target locations by individual agents, see, e.g., [6,15]. Additionally, conventional approaches
primarily focus on the temporal evolution of individual trajectories, consequently fail to capture the collective spatial distribution
properties of MASs, such as agent density or regional coverage.

To bridge these gaps, this paper leverages Spatial Aggregation Signal Temporal Logic (SaSTL), an extension of STL that incorpo-
rates spatial aggregation and counting operators into standard STL syntax [11,16-19]. Originated for smart city modeling [17], SaSTL
is uniquely suited for multi-agent coverage problems as it formally defines collective spatial configuration of MASs. For instance, a
certain area is covered by a minimum number of robots and each robot converges to its optimal point. This spatial-centric perspective
is particularly appropriate for heterogeneous MASs where agents are coordinated to satisfy global spatial-temporal constraints.

Despite the promise, standard path planning approaches usually directly embed temporal logic formulas into quadratic program-
ming (QP) into quadratic programming (QP), leading to high computational costs and poor scalability [20]. Through integrating
Control Barrier Functions (CBFs) with STL is feasible for real-time safety enforcement [21,22], existing methods are often overly
conservative to enforce multiple potentially conflicting specifications. An alternative approach encodes STL robustness into the
control objectives through smooth approximations and leverages gradient-based optimization for controller synthesis [23].

Motivated by these situations, we propose a novel hierarchical UAV-UGV coverage-planning framework that is supported by
spatio-temporal monitoring with SaSTL formulas. We adopt a “sense-then-act” coordination strategy to leverage the complementary
capabilities of heterogeneous agents: UAVs serve as a perception layer to explore the environment, perform coverage tasks, then
provide information to guide the safe path planning of UGVs at the execution layer. The two layers are connected through a
unidirectional and sequential information flow, rather than an online feedback or tightly coupled control loop. Unlike conventional
methods that focus on trajectories of individual agents, our approach utilizes SaSTL to formalize spatial aggregation requirements
such as the number of agents in a particular region. This allows for the real-time monitoring of both the spatial configuration and
temporal evolution of the MAS, ensuring successful task completion. The main contributions of this paper are summarized as follows:

(1) Our hierarchical framework functionally decomposes aerial perception of UAVs and ground navigation of UGVs. The spatial
distribution and obstacle information are monitored by the UAVs, which are then used as fixed environmental constraints for
the subsequent optimization-based path planning of UGVs.

(2) This work formalizes multi-agent coverage tasks by SaSTL formulas, especially the collective spatial distribution properties of
heterogeneous MASs. Specifically, we model spatial aggregation requirements and monitor them in a real-time manner using
properly defined SaSTL formulas. This is usually unattainable for conventional STL planning and control methods without
introducing extensive auxiliary variables, since they primarily investigate temporal properties of individual agents.

(3) We decompose SaSTL specifications into Eventually and Always fragments for collision-free planning of UGVs. The former is
incorporated into the planning objective function using an attractive potential field (APF) defined from manipulation of the
robostness measure; and the latter is encoded as time-varying CBF constraints of a QP problem.

(4) We provide a comprehensive complexity analysis to prove that our SaSTL monitoring algorithm scales logarithmically O(log n)
with respect to the number of agents n, which is highly competitive for potential applications in large-scale fleets.

The remainder of the paper is organized as follows. Section 2 introduces the preliminaries of CBFs and SaSTL, as well as multi-
agent modeling of UAVs and UGVs. Section 3 first formulates the hierarchical coverage control-path planning problem of UAVs
and UGVs, then presents the integrated coverage control and safe planning approach that is baded on real-time monitoring under
SaSTL formulas. Substantial simulation results are provided in Section 4 to illustrate the performace of our approach against baseline
methods, followed by conclusions and a brief discussion of future extension directions in Section 5.

2. Preliminaries and system modeling
2.1. Control barrier functions

Consider a general nonlinear control-affine system:

X = f(x)+ g(x)u, 1)

where x € R" and u € R™. The functions f: R” — R"” and g : R" - R"™" are locally Lipschitz continuous. For a continuous control
input u(?), the trajectory x(¢) is defined as the solution of (1) over time 7. A continuously differentiable function b(x,7) : R" — R is
referred to as a barrier function. The objective of a control barrier function (CBF) is to ensure the forward invariance of the safe set

C() :={x €R" | b(x,1) > 0} @
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by appropriately designing the control input u.

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

That is, once the system state starts within the safe set, it remains there for all future time. To enforce this property, we introduce
the concept of control barrier functions.

Definition 2 (Control Barrier Functions). A continuously differentiable function b(x, ) is control barrier function (CBF) for system
(1) if there exists an extended class K, function « such that, for all ¢ € [1y,,], x(r) € C(¢), the following condition holds:

sup [ L b(x,7) + Lyb(x, )u + 9b(x.1) +a(b(x,1)| >0,

uev ot

where U is the feasible control input set, a: R, — R, is strictly increasing with a(0) = 0. Here, L rb(x,1) = % f(x) and
Lob(x,1) = % g(x) denote the Lie derivatives of b along f and g, respectively.

Lemma 1 ([24]). If b(x,1) is a time-varying CBF, then any Lipschitz continuous controller u € K., ;(x), defined as
db
Keps(x) :={ueU: L;b+ Lbu+ 5 +ab >0},

ensures the forward invariance of C(t), and guarantees the safety of the system (1).
2.2. Spatial aggregation signal temporal logic

Spatial aggregation signal temporal logic (SaSTL) is a formal language that specifies temporal properties with spatial information.
An SaSTL formula is consists of a predicate y, defined by a predicate function A(y(t, z)) : R” — R:

{True if h()(1,2)) 2 0,

U= 3)

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

where z is the spatial location. SaSTL extends Signal Temporal Logic (STL) by introducing two spatial operators: A%p for spatial
aggregation and Cgp for spatial counting across a set of agents. The syntax is given as

=l =@l ey Ayl 01Uy 02 | Ay~ | Clo~e,

where ¢, and ¢, are SaSTL formulas, ~€ {<, <,=,>,>}, and ¢ € R is a constant. The temporal operators Uy, ., Fj; ;)¢ and Gy, ;¢
denote Until, Eventually, and Always, respectively, while - and A represent Boolean Negation and Conjunction.

Spatial relations are described by an undirected weighted graph G = (Z, €, w), where Z is the set of locations, £ C Z x Z is the
set of edges connecting nodes and w : € — Ry defines the distances between agents. The spatial domain is specified as

D :=(ld,,d,],7),
7 :=True | pos |7 |7 V1,

where [d|, d,] specifies a spatial interval with radii d,,d, € R, pos is the proposition, and = encodes the spatial property over the
set of propositions to be satisfied at each location. For a given location z € Z, the set

z P ! !’ !
Z([dl,dz],r) ={2 €Z|0<d fw(z,z)<dyAZ ET}

collects the neighboring locations within range [d,, d,] that satisfy 7. Then for signal y, the set of values at time ¢ and location z
over Z7, is defined as

w2 = | (v, 2)).
z/ EZZZ)

An operation set op(wp (3, 1, z)), with op € {min, max, sum, avg}, computes the corresponding aggregation value over wy,. SaSTL
defines spatial aggregation operators A(Z))p y ~ ¢ for op € {min, max, sum, avg} to evaluate the aggregated values op(wp(y.1, z)) across
locations z € Z%. Similarly, spatial counting operators Cgpq; ~ ¢ are defined to quantify the satisfaction of traces across locations.
Specifically, C% @ = op({9((,1,2) F @) | Z € Z%)), where 9((y.1,2) F @) = 1 if (y,1,2) F @, and 9((3.1.2) F @) = 0 otherwise.
(»,1,z) E @ indicates that the signal y satisfies formula ¢ at time ¢ and location z. Then SaSTL semantics is defined recursively as:

».1,2) Fpu s h(y(t,2) =20

0LDEQ APy & (112 Fo A 1L,2)F @,

O LDEF, oo €lt+i,1+10]0.02)Fe
D LDEGy eV €lt+i,t+1,],0.1 2 F e
nt,2)E A%py ~c & op(wp(y,t,2)) ~ ¢
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Fig. 1. Overview of the proposed two-layer framework for UAV coverage and UGV path planning under SaSTL monitoring. UAVs provide dynamic
sensing coverage, while UGVs perform safe navigation and obstacle avoidance based on the generated spatial information.

0.2 ECPe~c s op@(nr2) ko) |2 € Z]) ~ ¢
The robustness semantics p quantifies the degree to which the signal y satisfies an SaSTL formula [17]:

p(y, 1,2, 4) = h(y(1, 2))
Py, 1,2, 01 A @) = min{p(y,1, 2, @,), p(y, 1, 2, p3) }

P12 Fy @)= sup  p(y.t'.z,¢)
1 E[t+1,.,1+1p]

p(:1,2, Gy g1 P) P12, 9)

= inf
V' E[t+1 4., 1+1p]
sum(wp)—c

Ptz ARy ~ ) = [wol
op(wp) —c¢, op \ sum

s op =sum

p(y,1,2,Clp ~ ¢)

maxz’EZz{p(y’I’ Z,’ o)}, Op = max
_ minz'ezlg{l’(% 1.2, 9)}, op = min
L([el (o1, 2, 0) | 2/ € ZE)D), op =sum

I'(Jex1Z31].{p(1. 2", 0) | 2 € Z5)),  op =avg,

where I'(5,d) returns the 6-th smallest number of set d. For op = sum, the operator specifies that at least [¢] locations satisfy ¢.
For op = avg, it indicates that at least [c x | Z7|] locations satisfy ¢, representing the average satisfaction ratio across the spatial
domain. When no spatial variable z is involved, SaSTL naturally reduces to STL.

2.3. Modeling of UAV-UGV systems

Consider a three-dimensional space K c R> containing s signals and m obstacles, denoted by the sets S and O, respectively. Let
Q c R? denote the ground projection of K. The projection of an obstacle i € © onto Q is modeled as a circular region Co(x?,r,) with
center x? € Q and radius r, € R, . The environmental information is characterized by a spatial density function:

B@)= ) £'(q.0,x), “
ies
where g € Q, x;] is the center of the signal, and g/ (¢, 0;, x) is a Gaussian function defined as ziﬁ exp(—#llq -x] I12).
Consider a UAV-UGV system as a multi-agent system consisting of n UAVs and UGVs, denoted by v and R, respectively. Each
UAV moves in K, while each UGV operates on Q. The UAV positions are denoted by p(t) = (p(?), ..., p,(®)" € R>", and the UGV
positions by x?(r) = (x’l’(t), ,xZ(t))T € R>", Throughout this work, all UAVs are assumed to operate at the same altitude, and

obstacle avoidance is not considered in the coverage-control layer. The ground projections of the UAV positions are represented as
x4(t) = (x{(@®), ... ,xﬁ(t))T € R>", For simplicity, the dynamics of UAVs and UGVs are modeled by first-order integrators:

0 =u'(), x@) =ub@), 5)

where u“(t) and u’(¢) are the control inputs constrained by minimum and maximum linear velocities, denoted by u,;;, < u“(t),u’(t) <
Up.x- Each UAV i € V senses the environment within a circular region C{/(x{(?),r,) of radius r; € R, where the sensing capacity
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decreases with distance:

—Alg—x2(D)|1?
Fastay =17 la= 01" —y g = xe@ll < 7
A 0, llg = x¢@ll > r,.

where y = e~ ensures boundary continuity, g € (0, 1) denotes maximum sensing range, and 1 > 0 is the attenuation coefficient.
Two UAVs can communicate if ||x{(r) — x;?(t)|| <r,, where r, € R .

Remark 1. The first-order integrator model (5) is a kinematic abstraction of the system, which primarily provides a clear and
concise exposition of the control and monitoring process in the following sections. By focusing on the kinematic model, we highlight
the core theoretical contributions regarding spatial aggregation and temporal logic encoding without the additional algebraic
complexity associated with high-order dynamics. It is important to emphasize that this modeling choice does not restrict the
fundamental nature of the coverage and planning problem studied in this work. This abstraction is widely used in robotic control
architectures [11,25,26], where high-level planners generate motion or velocity references, and low-level controllers (e.g., PID, MPC,
or geometric controllers) are responsible for tracking these references while handling the underlying vehicle dynamics [27-29].
When the tracking is sufficiently fast, the resulting closed-loop system can be well approximated by a first-order integrator.

Remark 2. For the sake of investigation on multi-agent coverage control and path planning of UAVs and UGVs, the SaSTL spatial
graph G = (Z, €, w) is defined where the set of nodes Z represent the positions of the agents. The SaSTL specifications are defined
over global spatial domains, including D, = ([0, 0], V) and D, = ([0, r,], S), where the spatial index sets represent the set of all agents
V and the set of spatial signals S, respectively. In these global domains, spatial aggregation and counting operators are evaluated
across entire agents and signals, i.e., le)l =V and Zéz = S for all locations z and time steps 7. This formulation facilitates the
evaluation of the collective distribution and coverage performance of the complete UAV-UGV system relative to the entire mission
area during monitoring, regardless of instantaneous local connectivity. Since specifications are defined over the global domains, the
resulting G effectively serves as a complete graph, ensuring persistently well defined spatial relations throughout missions.

3. Hierarchical coverage control and path planning via SaSTL monitoring
3.1. Problem formulation

Consider a multi-agent system consisting of n UAVs operating in a three-dimensional space X and n UGVs navigating on a
two-dimensional plane Q, with complementary tasks. UAVs are responsible for coverage and monitoring, and UGVs undertake path
planning and obstacle avoidance. This is a two-layer setting illustrated in Fig. 1. In the aerial layer, UAVs conduct coverage and
transmit target and obstacle information to UGVs. In the ground layer, UGVs perform path planning by solving a QP, where obstacle
avoidance is enforced via a SaSTL-based CBF approach. Both layers are formally monitored using SaSTL specifications, allowing
real-time detection of requirement violations and adaptive responses, such as path modification or action rejection.

1. Coverage-monitoring layer:

(a) Coverage: Each UAV i € V moves to a designated target position p* = (p]*,..., p:)T € R¥™" before time t.. The
corresponding ground projection x* = (x],... ,x)T € RP" js determined such that the sensing impact over Q is
maximized. During this process, UAVs detect both signal distribution g; and obstacle information C;.

(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 unsuccessful if any UAV fails to satisfy the coverage
specification, 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 t,, to eliminate signal impacts, and
avoid obstacles | J;co C{. This is formulated using timed reach-avoid formulas, which are a subset of SaSTL. Only safety and
reachability behaviors 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(x“(t), Q) = max / fi(g, x{()d(g)dq, (6a)
Q
[T -
JWb(@) = mihn/ ub Pub, (6b)
u 1.
st. piH ek, x'(eQx'mea\Jcr (60)
€O
u’(n),ub(t) € U, au(t), Aub(r) € AU (6d)

where P is a positive definite matrix. Eq. (6a) represents the coverage objective, which maximizes the sensing impact on Q. Eq. (6b)
specifies the path planning objective for UGVs with quadratic costs. Constraint (6¢) enforces feasible states within the operational
environment and ensures obstacle avoidance, meanwhile constraint (6d) describes the admissible inputs and their variations.
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3.2. Coverage control

The coverage objective in (6a) aims to maximize the sensing impact of UAVs over the target region Q. A widely adopted approach
employs Voronoi tessellation [30] to partition Q into disjoint regions assigned to UAVs. Specifically, each UAV computes the centroid
of its Voronoi cell based on its position, neighboring positions, and sensing radius. UAVs are steered toward their centroids and
converge to a Voronoi-based equilibrium configuration. The Voronoi tessellation associated with UAV i at time ¢ is given by:

Vi) =g € Q| [la - x¢@] < |l —xs@| . vi # i
Accordingly, (6a) can be reformulated as
HY0, V@) = Z/ fi(g, x}®)p(q)dq, @
= RAACHO)
where V(1) = (V,(x{(®), ..., V,,(x;‘(t)))T denotes the Voronoi tessellation of the UAVs. Following a gradient-based optimization method,
the derivative of H with respect to x{(r) can be expressed as

o X (1) #lg.Ddq

= My, (x¢(1) = ey, (1),

OH (1), V() _ / afi(g, x{ (1))
Vi)

where My (1) and ey, (1) denote the mass and centroid of the Voronoi cell V(), respectively:

N a 2
0= [ 2pae et g aq, (8a)
’ Vi
Alg—xa |
" J 2P2e” =01 pg1q dg (sb)
ey (1) = .
i My, ()
Thus, the control law for each UAV i is designed as
uf (1) = =k, (x{ (1) — ¢y, (0), 9

where k, > 0 is a control gain.

Theorem 1. Consider a swarm V of n UAVs governed by the control law (9). Then, each UAV i € V asymptotically converges to the
centroid cy, = x; of its Voronoi cell V.

Proof. Define the Lyapunov candidate function as
1
LOEE DN OG!S
i€y
Taking its time derivative along system trajectories yields
LOEDNCAOETAGHEAON
iev
Substituting x¢(r) = uf(t) = —x,(x{ () — ¢y, (1), we get
V() ==k, Y Ix0) = ey, > 0, (10)
iev
therefore, V (¢) is non-increasing. By LaSalle’s invariance principle [31], the trajectories converge to the largest invariant set satisfying
Vi) =0, ie., x{(t) = ey, (0 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:
w ii=True | u| —puly Ay, (11a)
@ = Flapw | Gapw | wiUpgpvs |
ARy ~c|Clo~cl o A, (11b)

where y denotes the non-temporal formula, and ¢ stands for the temporal formula. The objective in (6) can be encoded as a
monitoring SaSTL specification that consists of four formulas:

@1 = FiguiAfo, .56 = Xj1I < 30s, (122)
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»2 C(TOHZ,Q) 2 (Firg e Ix = ey Il < £) = (12b)
(%N Gt ity] (”x =X = 7,), (120
4 1= F[zcztf](”x -x" <e), (12d)

where the range of 3¢; is generally considered as the main distribution region of signal i, implying that 99.7% of the signal is
concentrated within a radius of 3¢. Egs. (12a)-(12b) specify UAV-related coverage objectives:

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

In particular, ¢, requires that, for every signal i, there exists at least one UAV j within distance 30; during the interval [z,,7,].
The formula ¢, ensures that each UAV eventually converges to its Voronoi centroid ¢y, and remains within an e-neighborhood,
where ¢ > 0 is the error bound. Alternative formulations of ¢, share the same semantics and include two conditions below:

cmax o (Fpera(lx = %8l <30) ) = 1,

g o (Fpura(lx = x40 <30) ) 2 5,

where each signal i is covered by at least one UAV within the distribution range 3¢;. Egs. (12¢)-(12d) define UGV tasks. Formula ¢;
enforces obstacle avoidance by requiring the UGV obstacle distance to remain greater than r, during [7.,7,]. Formula ¢, guarantees
that each UGV eventually reaches its designated target x* within [r,,7,] and subsequently remains within a e-neighborhood.

The detailed monitoring process is presented in Algorithm 1, which evaluates requirements ¢,—¢,. The inputs of the monitor
include locations, environmental information, time intervals, and graph topology, and the outputs are numerical values indicating
the satisfaction degree for each requirement. The algorithms in [17] are adopted to compute the operators A%p and C°p Additionally,
the distributed parallel search algorithm deScan () [32] is adopted to identify locations satisfying D. In essence, AOp computes the
aggregated signal values over the spatial domain, whereas Cgp computes the corresponding cumulative values in the same region.

The computational complexity of Algorithm 1 is determined by the structure of SaSTL formulas and the efficiency of spatial
queries. Inspired by formal verification methods [33,34], the complexity of monitoring logical and temporal operators in SaSTL is
comparable with that of STL. Our monitoring approach decouples the logical evaluation from the system dimension, ensuring linear
complexity growth with the formula size rather than the state space size, similar to the lightweight observer designs in [35,36].

To achieve the decomposition, a spatial indexing structure called Range Tree [37] is leveraged to organize agent positions, which
allows logarithmic time retrieval of agents within a spatial domain D. Formally, let || denote the number of operators in the SaSTL
syntax tree, T}, the maximum temporal horizon, n the total number of agents, and | Z|,,,, the maximum number of agents satisfying
a spatial predicate. Given existing SaSTL monitoring results [17], the overall time complexity is derived and bounded by:

O(19] X Tnax X (102(1) + | Z |1may))-

This logarithmic dependence on n, i.e., O(log n), confirms that the monitoring overhead remains manageable even as the fleet size
increases, validating the scalability of the proposed SaSTL framework.

3.4. Path planning with obstacle avoidance

This subsection integrates SaSTL semantics into the path planning problem with obstacle avoidance. Motivated by the method
in [38], the Eventually specification ¢, is incorporated into the objective function (6b) through an APF, and the Always specification
@3 is enforced as a hard constraint by a CBF.

Consider an Eventually formula ¢, = Fyi¥» where the robustness measure of the atomic formula y is defined as p(x?,1,y) =
h(x"(t)), and the cumulative robustness of ¢ is given by p(x®,t, pp) = Zt,e[,m,b] p(x®,t + 1, y). For real-time feedback controller
design, p(x®,t,y) is employed as the optimization objective, enabling the optimal control satisfying ¢ to be obtained by gradient
descent [23]. Task satisfaction is enforced through the APF formulation as follows:

1
App 0 = Jicp || p(x", 1, True) = p(x”, 1) |2, (13)
where k, > 0 is a tuning parameter. The gradient with respect to p(x,1,y) is

b
04, (x*.1)

VA, = ——
P 9p(xb,t,y)

= sl p(x?. 1. True) — p(x’, 1, y)]|.

Since VAW(xb, t) decreases along trajectories satisfying u = True, it can be incorporated in the minimization objective of the path
planning problem. Moreover, the Eventually specification ¢, can be decomposed into »n atomic formulas as

@4 1= Fy (16 = x| <€)

= ﬂ F[,C:,f](”xll.’ _x;F” <e)= ﬂ (ﬂiy a4

i€ER i€ER
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Algorithm 1 SaSTL Monitoring Algorithm

Input: Signals g/(g, 0, x}), time interval [, ], locations (x{, x ,x°, x*), parameters r,r,, €, graph G
Output: Satisfaction values PoiPays Poys Py,
begin

// Task ¢,: Signal covered by UAV
Py < 005

forte[z0 :t.] do

=0; v :=+oo;

Z[(;r] _deScan(x,,g([O rol, S));

for x € Zdr s do
U = min(v, [} () —x“(f)ll),

0:=0+1;
ifo==0 then return p, « —oo;

else return p, < r, —v;
Py, < max(py . py);

// Task ¢,: UAV convergence to centroid ¢y,
P, < 7%

for t e [ty : t.]1 do

= 0; E := EmptyList();

z[(;m]v : deScan(x G, ([0, 01, V));

for ¢y, € Z 0.00]. do
=&~ X - ey, OIl;
E.add(p,);
oo+l
if o == 0 then return p, « —oo;
else return p, — E.min();
Py, < Max(py,,, p;);
// Task ¢5: UGV obstacle avoidance

« +o00;

Po;
forrer, 1,1 do
< IIx*(0) = x°Ol =1,
Py, < min(p,., p,);
// Task ¢,: UGV reaching the target

< —00;

Py,
forrefr, :t,]do

pr = &= X0 = x* )l
Py, < max(p,,, p;);
return (p(Pl’p‘Pz’p%’pw);

Accordingly, the objective function (6b) is reformulated as

J*®, xb)—mmu Pub +ZVA (x 1). (15)
iER
Although classical APF based methods may suffer from local minima, we alleviate this issue in the proposed approach by
the structural design of the SaSTL-based synthesis. Specifically, the Always and Eventually specifications are first decoupled, with
safety enforced as hard constraints and task completion encoded as an objective term. Obstacle avoidance is then enforced via CBF
constraints rather than repulsive potential fields, preemptively preventing undesired scenarios where attractive and repulsive forces
cancel out. Moreover, the APF in (13) is constructed based on atomic Eventually formulas whose robustness measure p(x’,7,y) is
norm-based, resulting in a convex quadratic potential with respect to the robustness metric. As a result, the optimization problem
does not end with local minima from the APF component; instead, the gradient descent direction VA 7 in (15) consistently guides
the system toward the global minimum. Finally, when multiple Eventually formulas are involved, we decompose time-ordered task
specifications ¢’ ", to exclude conflicting STL requirements.
For obstacle avoidance, the Always specification ¢; is encoded as hard constraints using a CBF. Since multiple obstacles may
exist, @5 is expressed as a conjunction of atomic formulas:

k
! I !
3= /\(pG, g =Gy ¥ - (16)
I=1
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For each ¢, a candidate CBF is defined as b;(x”,1) = h(x*(1)) through the robustness of ', such that

by(xb, 1) > p(xb, t,w"), VY €[t +1,,t+1,]. a7

If b;(x%,#) > 0 holds for all + > 0, then (x%,7) F (p’G is satisfied. To facilitate the conjunction of Always operators, the minimum of
hy(xb(#)) is smoothly approximated following the manipulation in [21]:

k
h(xb@) = _% ()" exp(=nhy(x" (), n > 0, (18)
=1

which provides a smooth under-approximation of the minimum function, i.e., (x?(r)) < min hy(xb(1)). According to this, a composite
CBF is constructed from individual CBFs below:

k
1
b(xb,1) = - In()” exp(=nb(x*,1)). (19)
=1
The CBF constraint in Definition 2 is then expressed as
0b(x?, 9b(x?,
D ety + gx ) + 5D > —ahiat, 0, (20)

where a(-) is a class-K function that ensures the forward invariance of the safe set.

Finally, the feasibility issue of the optimization problem may arise in the presence of potential conflicts between safety-critical
and liveness-driven specifications. To resolve this problem, we introduce a slack variable § into the CBF constraints. Combining the
APF-based objective (15) and the CBF-based constraints (20), the path planning problem is reformulated as the following QP:

b b _ bl b b 2
JWw’, x ,5)-1;}7{lr$1u Pu +ZVA¢’4(xi’t)+K5 s 21)
iIER
ab(x?, 1) b b by Ob(x, 1)
s.t. 5 (f&xP) + gxPu’) + Py
> —a(b(x’,1)) =8, 6 > 0. (22)

where « > 0 is a large penalty coefficient and § > 0 is the slack variable. The slack variable is penalized in the objective function
with a sufficiently large weight, ensuring that safety violations occur only when strictly necessary and are minimized in magnitude
and duration. This formulation establishes a clear priority structure between the Always specifications, enforced as (relaxed) safety
constraints, and the Eventually specifications, encoded as liveness objectives. The introduction of § ensures that the admissible control
set is non-empty even under extreme environmental constraints, preventing optimization solver failures.

By allowing minimal and penalized relaxation of the CBF constraints, the proposed QP formulation improves feasibility even in
highly constrained or transiently conflicting scenarios. In practice, when the APF-driven liveness objective directs the agent toward
an obstacle (a conflict), the QP solver prioritizes the CBF constraint. The agent will follow the safe set’s boundary, effectively
bypassing the obstacle while maintaining the minimum possible deviation from the APF’s intended path. This synthesis mitigates
conservativeness and provides a robust compromise between task completion and collision avoidance.

It is worth noting that although the paper adopts a first-order integrator model f(x) = 0 and g(x) = I for clarity, our CBF-based
formulation in (21)-(22) also works for general nonlinear control-affine systems of the form x = f(x)+g(x)u. For agents with higher-
order or nonlinear dynamics, such as double-integrator or nonholonomic models, our framework can be extended by employing
standard techniques, including High-Order Control Barrier Functions (HOCBFs) [39,40] or tracking-based controllers [41,42], to
map high-level planning commands to physical control inputs. Importantly, the SaSTL monitoring layer operates on the resulting
state trajectories and therefore does not require fundamental modification when applied to complex dynamic systems.

Remark 3. In principle, it is also feasible to design a controller by incorporating the robustness degree of SaSTL into the objective
function of coverage control. However, this turns out to be unnecessary in the present context. The coverage task involves only a
single Eventually specification over one time interval, rather than multiple avoidance tasks across different intervals. As a result,
embedding robustness into the objective would not yield any notable performance improvement, which justifies our design choice.

4. Numerical simulations

Consider a 3D space K and a 2D plane Q, each with side length 100 m, where 20 UAVs and 20 UGVs are deployed, respectively.
There are 3 environmental signals located at xi =[25,25], x% =[80,40], and x§ = [40, 80], with corresponding variances of af =100,
ag = 110, and a§ = 150, respectively. Each UAV has a communication radius of r, = 20 m and a sensing radius of r, = 50 m, with
parameters § = 1 and 4 = 0.02. The control gains are set as «, = 0.6, k; = 2, the penalty coefficient is 100, and the bounded error
is € = 0.15 m. The coverage task is required to be completed within ¢, = 100 s, and the path planning task within 7, =200 s.

The UAVs first perform the coverage task, as illustrated in Figs. 2 and 3. At t = 0 s, the UAVs are randomly distributed in £,
and each UAV constructs its Voronoi tessellation according to the positions of its neighboring UAVs, as shown in Fig. 2(a). At this
stage, not all UAVs cover a signal, and their positions do not coincide with the centroids of their respective Voronoi cells, as shown
in Fig. 3(a). The green circles and yellow crosses represent the UAVs and the centroids of the Voronoi cells, respectively.
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3D Voronoi Tessellation (t=0s) 100 2D Voronoi '1: Ilation (t=0s) 3D Voronoi Tessellation (t=10s) 100 2D Voronoi Tessellation (t=10s)
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(b) t =10s

2D Voronoi Tessellation (t=50s) 3D Voronoi Tessellation (t=100s)

2D Voronoi Tessellation (t=100s)

80

20

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

Fig. 2. UAV coverage evolution under the Voronoi-based control law at different time instants. The 3D and 2D Voronoi tessellations illustrate
how UAVs gradually redistribute to improve spatial coverage over the mission area.
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Fig. 3. Temporal evolution of UAV and centroid trajectories at different time intervals from 7 =0 s to + = 100 s. The green solid lines and dots
represent the UAVs’ trajectories and current positions, while the orange dashed lines and crosses denote the moving centroids, visualizing the
dynamic tracking and convergence process. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 4. Environmental information and corresponding UGV path planning results.
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Fig. 5. Evaluation of SaSTL robustness for UAV and UGV task monitoring across four specifications: (a) signal coverage ¢,, (b) UAV convergence

@,, (c) obstacle avoidance ¢;, and (d) target reaching ¢,. In each subfigure, the left plot visulizes the overall performance across different
agents/signals, while the right plot illustrates the corresponding temporal evolution.

Table 1
Robustness results under multiple simulations.

Task semantics Simulation number = 100 Success rate

sat vio Pave
@\ 100 0 1.576 x 10! 100%
[ 94 6 8.923 x 1072 94%
@3 97 3 2744 x 1072 97%
Py 100 0 9.999 x 107! 100%

Once the UAVs start executing the coverage control algorithm , their positions gradually converge to the corresponding centroids
of their respective Voronoi cells. As shown in Figs. 3(b) and 3(c), the green solid lines represent the UAV trajectories, and the
yellow dotted lines denote the centroid trajectories. Meanwhile, the Voronoi tessellations evolve dynamically, as shown in Figs.
2(b) and 2(c). At = 50 s, all UAVs successfully cover a signal, thus their positions lie within the 3¢ range of the signal. When
t = 100 s, the coverage state remains nearly unchanged compared to that at r = 50 s, indicating completion of the coverage task.
This result demonstrates that the proposed control law maximizes the coverage performance and achieves the objective defined
in (6a).

After completing the coverage task, the UAVs transmit the environmental information at + = 100 s to the UGVs, including the
final position projections x*, the centroid coordinates cy,, and the obstacle information C7, as shown in Fig. 4(a). Based on this
information, the UGVs perform path planning with obstacle avoidance, as illustrated in Fig. 4(b). Three circular obstacles with
radii of r, = 5 m are considered, and the UGVs are initialized at the same starting point [80,0], representing a rescue center or
a base station in practical applications. Each UGV then navigates toward its assigned target along the shortest feasible path and

11
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Table 2
Performance comparison between the proposed framework and non-monitoring baseline approach.
Metrics Baseline Proposed
(No monitor) framework
Success Rate (¢,-¢,) 75% 100%
Min. Safety Margin (¢;) 0.02 +0.01 0.28 + 0.05
Avg. Robustness Degree p 0.08 0.42
Relaxation Variable 6 (Avg.) 1.25 0.14
Computing Time per Step (ms) 2.1 4.5

Note: The baseline employs the same QP-CBF controller but lacks the SaSTL-based proactive strategy adjustment.

avoids obstacles, which is guaranteed by solving the optimal control problem with CBF constraints. As shown in Fig. 4(b), the UGVs
successfully reach their designated targets without any collisions or violations of safety constraints.

To evaluate the performance of the SaSTL monitoring guided coverage control-path planning scheme, we compute the robustness
degrees of formulas ¢,-¢, in the simulation using Algorithm 1. Fig. 5 illustrates the temporal evolution of the robustness values
for 20 UAV coverage tasks and 20 UGV planning tasks. Unlike binary satisfaction results, these quantitative values reveal the
safety margins and execution quality of the agents throughout the simulation. Specifically, Fig. 5(a) shows the robustness of
¢, which quantifies the coverage margin between UAV sensing regions and the assigned signals. Larger values indicate stronger
coverage redundancy. Fig. 5(b) depicts the robustness of ¢, for each UAV, reflecting the convergence margin toward the centroid
of the corresponding Voronoi cell. The differences across indices indicate that through all agents satisfied the specifications, their
convergence margins varied due to different initial spatial configurations and neighbor interactions.

More importantly, Fig. 5 illustrates the temporal evolution of the robustness degrees p(y,1, z, @) for the core specifications, which
capture the dynamic constraints of the system. In Fig. 5(c), which depicts the obstacle avoidance specification (¢;), the robustness
degree for each UGV represents its minimum distance margin to obstacles over the entire trajectory [#.,7,]. A temporary dip in the
robustness (e.g., for UGV 7 and UGV 13) corresponds to a UGV approaching an obstacle and nearing the safety boundary, while the
subsequent increase reflects the execution of an avoidance maneuver. This illustrates the predictive capability of the SaSTL monitor,
as decreasing robustness values indicate imminent constraint activation before an actual violation occurs. Similarly, in Fig. 5(d), a
lower robustness value (UGV 8) indicates a case where the agent reached the target region x* with a minimal spatial or temporal
margin relative to the deadline 7,. Increasing robustness values indicate that the UGV is progressing toward the target region with
a growing satisfaction margin. In general, the fact that all values remain positive confirms satisfaction of specifications, while the
variations provide a dynamic interpretation of how strictly the constraints were met under varying conditions.

We then conduct 100 simulations under random initial conditions, and the results are summarized in Table 1. sat and vio
denote the number of satisfied and violated cases for each SaSTL formula, respectively; and p,,. represents the average robustness
degree. It can be observed that all four task semantics achieve a high satisfaction rate, with ¢, and ¢, satisfied in all simulations,
while ¢, and ¢; exhibit minor violations. Specifically, minor violations of ¢, occur when some UAVs slightly exceed the prescribed
convergence tolerance e. Such deviations can be mitigated by appropriately enlarging the error bound. Regarding ¢5, occasional
violations arise when the centroids of certain UAV Voronoi cells coincide with obstacle locations, leading to rare UGV collisions,
which are unlikely to occur in practical applications due to inherent physical constraints. However, these situations are extremely
rare, hence are regarded as special edge cases that do not affect the validity of the proposed framework.

To quantify the advantages of our SaSTL-based framework, we conduct a comparative study. First, a non-hierarchical approach,
where a single controller directly enforces all spatial-temporal specifications, is unsuitable for our scenario. In that sense, each
agent is required to have global environmental knowledge (e.g., signal distributions S and global obstacle maps), which contradicts
with the limited sensing capabilities of UGVs. Thus, we compare the proposed method with a non-monitored baseline, where
agents rely solely on the lower-level QP controller without the robustness-driven feedback from the SaSTL monitor. As shown in
Table 2, although the baseline controller (Eq. (21)) utilizes CBFs to prevent collisions, it lacks the foresight provided by SaSTL
robustness degrees. In scenarios with high-density obstacles, the baseline’s robustness p(¢;) often approaches the zero-threshold,
leaving no margin for sensor noise or unexpected disturbances. Conversely, the proposed framework utilizes the monitor to detect
early warnings of low robustness, allowing for proactive trajectory adjustments. This ensures that the system achieves a 35% higher
average robustness margin compared to the baseline, significantly enhancing the reliability of the mission in complex environments.

5. Conclusion

This paper proposed a two-layer integrated coverage control and path planning framework for UAV-UGV cooperation under
SaSTL specifications. UAVs perform aerial coverage and monitor the explored area to gather spatial information. In addition, UGVs
are responsible for collision free path planning at the ground level. Complex spatial-temporal specifications are properly decomposed
into Eventually and Always fragments, then the proposed framework integrates APF and time-varying CBFs to achieve both task
satisfaction and safety in real time. The SaSTL-based monitoring mechanism further provides quantitative evaluation of system
performance and specification satisfaction. Numerical simulations demonstrated that our approach achieves robust cooperation
between UAVs and UGVs. Future extensions will involve implemention of our framework on high-fidelity nonlinear UAVs and UGVs,
also experiments on robotic platforms to validate its effectiveness under real-world dynamics and large-scale physical constraints.
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