
Coordinated Landing Control for Cross-Domain UAV-USV Fleets Using
Heterogeneous-Feature Matching

Jianing Ding, Hai-Tao Zhang∗, Bin-Bin Hu

Abstract— Coordinated landing control for multiple un-
manned aerial vehicles (UAVs) on appropriate multiple un-
manned surface vehicles (USVs) is an urgent yet challenging
mission with the tremendous development of modern marine
industry. To this end, we propose a coordinated multiple
UAV-USV landing control algorithm via heterogeneous-feature
matching. Specifically, the heterogeneous landing features of
different UAVs and USVs are extracted to establish a dynamic
UAV-USV cooperative landing ability mapping for the cross-
domain UAV-USV fleets (CDUUFs). Then, by incorporating
suitable allocation with UAV-USV landing convergence and
collision avoidance among UAVs into constraints with the
assistance of both control Lyapunov functions (CLFs) and con-
trol barrier functions (CBFs), the multiple UAV-USV landing
control problem is formulated as a constraint-based optimiza-
tion one. Therein, slack variables are introduced to fulfill the
assignment and facilitate the searching of a balanced solution
between control performance and landing safety. Finally, exten-
sive simulations are conducted to substantiate the effectiveness
of the present multiple UAV-USV landing control law.

I. INTRODUCTION

In recent years, cross-domain UAV-USV fleets (CDUUFs,
including unmanned aerial vehicles and unmanned surface
vehicles) have been demonstrated to play a pivotal role
in various engineering applications, such as environmental
exploration and monitoring [1], collective search [2], and
target convoying [3], [4] due to their low cost, superior
efficiency, flexibility, security and robustness [5]–[7].

Initially, most of the works only focus on the coordinated
control of single-domain unmanned systems. For instance,
several UAVs collaboratively transporting a payload with
environmental obstacles was investigated in [8]. A minimum
control (MINCO) trajectory representation was developed
in [9] for UAVs to conduct spatial and temporal trajectory
deformation. However, due to the limitations imposed by
UAVs, such as low payload capacity and battery endurance
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time, they may become vulnerable to environmental pertur-
bations, thereby elevating the likelihood of incidents and
losses. Additionally, research efforts have been devoted to the
coordination of USVs [10], characterized by larger effective
payload capacity and expanded accommodation space. In
this pursuit, a guiding-vector-field algorithm was proposed in
[11] to form a spontaneous-ordering platoon and execute the
path navigation for USVs. Nevertheless, USVs are naturally
limited to operating on 2D water surfaces, which hinders
their ability to perceive the ever-changing surroundings and
restricts their access to shallow shoals and narrow areas.

In order to address the limitations associated with coor-
dinating UAVs or USVs individually within their respective
domains, it becomes crucial to integrate UAVs with USVs
and harness their collective strengths [12]. This rationale
forms the basis for a typical application scenario involving
coordinated landing missions of UAVs and USVs [13].
Precisely, when the UAV has completed its assigned mission
or its residual battery energy descends below a predefined
threshold, it can discern an appropriate USV among multiple
USVs to land, then be retrieved or recharged to conduct a
task again. Meanwhile, UAVs, acting as the eyes for USVs,
can augment the environmental comprehension and decision-
making process for USVs by expanding their perception
range from 2D to 3D. For instance, a sliding-mode control
scheme was proposed in [14] for the UAV-USV tracking
and landing. A multi-layer nested 2D marker was used
in [15], and then a learning-based detection, localization,
and control framework was developed to land a UAV on
a moving USV. Later, a model predictive control (MPC)
approach was designed in [16] to handle harsh environ-
mental conditions during the landing procedure. However,
due to the intricate and arduous nature of multiple cross-
domain UAV-USV cooperation, the aforementioned studies
only concentrate on single-UAV single-USV situations. As
for several preliminary attempts in this challenging multiple
UAV-USV landing scenario, a manipulator-based assistance
system on the USV was proposed in [17], which conserves
landing space and enables the transport of multiple UAVs. A
distributed landing auction algorithm was developed in [18]
to minimize the energy consumption difference of the UAV
group. However, the issue of multiple UAVs simultaneously
landing on multiple USVs still remains an open problem.
It is worth mentioning that the energy consumption model
employed in [18] requires a rigorous assumption on the
motion of the UAV, and the allocation is implemented only
once, which limits its further application as well. Besides,
existing multi-robot coordination works [19]–[21] typically
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separate task allocation from control implementation, leading
to increased system design complexity and communication
delays that may cause performance degradation.

Recently, a constraint-based task-execution algorithm was
proposed in [22]–[24], where different task allocations and
executions are interpreted through prioritization and control
barrier functions (CBFs), respectively, and then are encoded
as constraints in the minimum energy consumption opti-
mization problem. This formulation naturally satisfies the
long-term autonomy and provides a model accounting for
the robot heterogeneity. Motivated by these works [22]–[24],
we propose a unified multiple UAV-USV coordinated land-
ing control algorithm via heterogeneous-feature matching.
Specifically, the heterogeneous landing features of different
UAVs and USVs are extracted to establish a matching mech-
anism for the calculation of the CDUUF cooperative landing
ability. Then, by encoding allocation requirements, UAV-
USV landing convergence, and collision avoidance among
UAVs into constraints, the proposed landing controller is
formulated to be a constraint-based optimization one, which
thus can assign each UAV to the most suitable USV and
generate control inputs for the UAVs. The contribution of
this paper is two-fold.

1) Extract heterogeneous landing-related features from
UAVs and USVs to facilitate appropriate UAV-USV
matching.

2) Design an optimal coordinated landing controller for
multiple UAVs on suitable USVs, which minimizes
both energy cost and cooperative landing ability vi-
olations.

II. PROBLEM FORMULATION

A. Preliminaries

To achieve a trade-off between control performance and
landing safety of the CDUUFs, we first introduce some
necessary definitions.

Definition 1. (Control Lyapunov functions (CLFs)) [25] For
a continuously differentiable function V (x) : Rn → R+ and
a typical affine control system

ẋ = f(x) + g(x)u, (1)

with the state x ∈ Rn, input u ∈ U ⊂ Rm, the locally
Lipschitz continuous functions f : Rn → Rn and g :
Rn → Rn×m, then V (x) becomes a CLF for Eq. (1) if there
exist continuous and positive definite functions W1(x) ∈
R+,W2(x) ∈ R+,W3(x) ∈ R+ and u ∈ U such that the
following inequalities hold for all x ∈ Rn,

W1(x) ≤ V (x) ≤ W2(x),

LfV (x) + LgV (x)u+W3(x) ≤ 0, (2)

where Lf and Lg denote the Lie derivatives of V (x) in the
directions f and g, respectively.

In Definition 1, the CLF V (x) accounting for the control
performance of a vehicle will finally converge to zero under
the condition (2), i.e., limt→∞ V (t) = 0.

Definition 2. (Control barrier functions (CBFs)) [26] Let
C ⊂ Rn be the safe set of a continuously differentiable
function h : Rn → R, i.e. C = {x ∈ Rn : h(x) ≥ 0}, then h
becomes a CBF if there exists an extended class K∞ function
γ such that for Eq. (1) the following inequality holds for all
x ∈ Rn,

sup
u∈U

{Lfh(x) + Lgh(x)u+ γ(h(x))} ≥ 0. (3)

Definition 2 illustrates that the state x can stay in the safe
set C all along under the condition Eq. (3) due to the forward
invariance property [26], i.e., x(0) ∈ C ⇒ x(t) ∈ C,∀t > 0.

Definition 3. (Constraint-based optimization) For the CLF
V (x) and CBF h(x) given in Eqs. (2) and (3), respectively,
a vehicle governed by the dynamics in Eq. (1) can be guar-
anteed asymptotic stability and safety simultaneously if the
following quadratic programming optimization is addressed,
i.e.,

min
u,δ

1

2
uTH(x)u+ pδ2

s.t. LfV (x) + LgV (x)u+W3(x)− δ ≤ 0

Lfh(x) + Lgh(x)u+ γ(h(x)) ≥ 0, (4)

where H ∈ Rm×m is a positive definite matrix, p > 0 is a
penalty constant, and δ is a slack variable used to ensure
the solvability, which implies that the control performance
can be sacrificed to always maintain the system’s safety.

B. Cross-Domain UAV-USV Fleets

We consider a CDUUF composed of na UAVs represented
by V1 = {1, 2, . . . , na} and ns USVs represented by V2 =
{1, 2, . . . , ns}, respectively.

The dynamics of each UAV is simplified to be a second-
order integrator [27]

q̇i(t) = pi(t),

ṗi(t) = ui(t), (5)

where qi(t) ∈ R3, pi(t) ∈ R3, and ui(t) ∈ R3 are the
position, velocity, and acceleration input of the i-th UAV,
respectively.

The dynamics of each USV is assumed to be described
by a second-order dynamic [28]

η̇j(t) = νj(t),

ν̇j(t) = τj(t), (6)

where ηj(t) ∈ R3, νj(t) ∈ R3 and τj(t) ∈ R3 are the
position, velocity and control input of the j-th USV, respec-
tively. Note that Eq. (6) implicitly contains ηj,z(t) = 0, such
dynamics is commonly utilized in previous works [29], and
can be easily achieved by a hierarchical control framework.

In a practical coordinated landing task, the heterogeneous
property of the CDUUF originates from their different fea-
tures. For instance, the UAVs may have different body sizes
and battery capacities. At the same time, the USVs are
equipped with different-sized landing platforms and remain-
ing charging energies, which thus pose challenging issues to
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Fig. 1. System architecture. The USV fleet is guided externally, and the
UAV group is controlled through the optimization framework.

match among these features and govern multiple UAVs to
land on suitable USVs.

C. Problem Formulation

Problem 1. (Multiple UAV-USV landing control) For a UAV
group V1 governed by Eq. (5) and a USV fleet V2 governed
by Eq. (6), we design a constraint-based optimization frame-
work to generate optimal control inputs ui, i ∈ V1 for UAV
i, such that

lim
t→∞

αj,i(t)∥qi(t)− ηj(t)∥ = 0, ∀i ∈ V1,

∥qi(t)− qk(t)∥ ≥ Dmin, ∀t ≥ 0,∀i, k ∈ V1, i ̸= k, (7)

with αj,i ∈ {0, 1} being the matching priority for USV j to
UAV i, and Dmin ∈ R+ being the safe distance.

III. MAIN RESULTS

A. Landing Feature Compatibility

The basic system architecture is depicted in Fig. 1. For the
heterogeneous features possessed by each vehicle, we define
a mapping from nr vehicles to their corresponding feature
bundle [24]

F ∈ Rnr×nf ,

where nf denotes the length of each feature bundle, Fi,j

represents the specific value of the feature j owned by
vehicle i.

Precisely, we consider features that could potentially result
in landing failure, then the UAVs/USVs-to-feature bundle
mappings denoted by F a ∈ Rna×nf and F s ∈ Rns×nf

(nf = 2) become

F a =




fa
1,1 fa

1,2

fa
2,1 fa

2,2
...

...
fa
na,1 fa

na,2


 , F s =




fs
1,1 fs

1,2

fs
2,1 fs

2,2
...

...
fs
ns,1 fs

ns,2


 ,

where the first and second columns of F a represent the
diagonal length (m), i.e., the sum of the wheelbase and
propeller diameter, and rated battery energy (Wh) of UAVs,
respectively. The first and second columns of F s represent
the side length (m) of the square landing platform, and
available charging energy (Wh) carried by USVs.
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Fig. 2. (a) An illustrative example of the heterogeneous CDUS consisting of
3 UAVs and 3 USVs (including two monohulls and a catamaran), robots
in each species own distinct feature values. (b) The matching between
features possessed by UAVs and USVs, and the UAVs/USVs-to-feature bundle
mappings are shown through hyperedges. Note that features drawn here only
represent types instead of concrete values.

TABLE I
NOTATION

USVs
Features
f1
s f2

s

s1 0.6 85
s2 0.8 150
s3 1 200

UAVs
Features
f1
a f2

a

a1 0.4 70
a2 0.65 100
a3 0.75 175

represent the side length (m) of the square landing platform
and available charging energy (Wh) carried by each USV type.

Furthermore, there exists a cooperative relationship between
an USV and the UAVs if and only if it can satisfy all of their
requirements. Namely, the landing area on the USV should be
larger than the UAV itself and the remaining charging energy
should meet the needs of the UAV’s battery. This can also be
viewed as a service-provider and service-receiver connection.
In order to assign certain robots in set V1 and V2 to cooperate
with each other and accomplish the landing task, we need to
check their feature compatibility first. The cooperative ability
matrix M ∈ {0, 1}ns×na is defined as follows

Mi,j =

{
1, if F s

i,− − F a
j,− ≥ 0

0, otherwise
(11)

where Mi,j = 1 if and only if USV i can supply all the
demands of UAV j, Xi,− represents the ith row of the matrix

X , the inequality in (11) holds elementwise. In line with
Assumption 1, we have

∑

i∈V2

Mi,j ≥ 1, ∀j ∈ V1

As such, the matrix M indicates whether an USV is a
prospective candidate to be selected by an UAV, then we get
the specialization matrix for UAV j as follows

Mj = diag(M−,j) ∈ Rns×ns (12)

where for g ∈ Rn, diag(g) = G ∈ Rn×n is the diagonal-
ization operator. An example of the heterogeneous CDUS is
depicted in Fig. 2(a), and the feature bundle matching process
is pictorially shown in Fig. 2(b), while Table I gives the

B. Landing Execution and Collision Avoidance

The core idea of performing the landing task is to derive
control actions for the UAVs that ensure position and velocity
convergence between the matched UAV and USV, as well as
collision avoidance among UAVs at each point in time. In [14],
to finish the extended set-based task of tracking a predefined
trajectory, a CBF is applied for the robot modeled using a
single integrator dynamic. However, with respect to the double
integrator dynamical system (5), a CBF h(x, t) that is only
concerned with the Cartesian position q has relative degree
2, resulting in Lgh(x, t) = 0, i.e., u(t) is not constrained as
expected [20].

To deal with this issue, we introduce a CLF to guarantee
asymptotic stability of the CDUS. Define the position error
between the matched UAV i and USV j as follows

ei,j(t) = qi(t)− ηj(t) (13)

It follows from (5) and (6) that

ėi,j(t) = pi(t)− νj(t) (14)

A candidate CLF V (ei,j , ėi,j) to achieve both horizontal
and vertical regulation of UAV i is thus defined as

V (ei,j , ėi,j) =
1

2

[
eT
i,j ėT

i,j

]
P
[
eT
i,j ėT

i,j

]T

=
1

2

[
eT
i,j ėT

i,j

] [P1 P2

P T
2 P3

] [
eT
i,j ėT

i,j

]T
(15)

where P denotes a symmetric, positive definite block matrix,
i.e. P1 and P3 − P T

2P
−1
1 P2 are positive definite, P2 is also

positive definite.

Lemma 1. The candidate Lyapunov function V (ei,j , ėi,j)
in (15) is a valid CLF for the system (5), renders both the
position error and velocity error between the matched UAV
and USV asymptotically converge to zero.

Proof. The proof is similar to Lemma 2 in [21], thus omitted
here.

(c) Notation

Fig. 2. (a) Illustration of the heterogeneous CDUS consisting of 3 UAVs and 3
USVs (including two monohulls and a catamaran), robots in each species own
distinct feature values. (b) The matching criteria of heterogeneous features
possessed by UAVs and USVs. Only when all features between them are
compatible, can the USV be considered as a viable candidate to accommodate
the UAV. F s and Fa denote the USVs/UAVs-to-feature bundle mappings,
respectively. M is the resulting cooperative ability matrix. (c) The concrete
feature values used in this example.

TABLE I
NOTATION

USVs
Features
f1
s f2

s

s1 0.4 85
s2 0.6 180
s3 1 200

UAVs
Features
f1
a f2

a

a1 0.3 70
a2 0.55 100
a3 0.85 175

represent the side length (m) of the square landing platform
and available charging energy (Wh) carried by each USV type.

Furthermore, there exists a cooperative relationship between
an USV and the UAVs if and only if it can satisfy all of their
requirements. Namely, the landing area on the USV should be
larger than the UAV itself and the remaining charging energy
should meet the needs of the UAV’s battery. This can also be
viewed as a service-provider and service-receiver connection.
In order to assign certain robots in set V1 and V2 to cooperate

with each other and accomplish the landing task, we need to
check their feature compatibility first. The cooperative ability
matrix M ∈ {0, 1}ns×na is defined as follows

Mi,j =

{
1, if F s

i,− − F a
j,− ≥ 0

0, otherwise
(11)

where Mi,j = 1 if and only if USV i can supply all the
demands of UAV j, Xi,− represents the ith row of the matrix
X , the inequality in (11) holds elementwise. In line with
Assumption 1, we have

∑

i∈V2

Mi,j ≥ 1, ∀j ∈ V1

As such, the matrix M indicates whether an USV is a
prospective candidate to be selected by an UAV, then we get
the specialization matrix for UAV j as follows

Mj = diag(M−,j) ∈ Rns×ns (12)

where for g ∈ Rn, diag(g) = G ∈ Rn×n is the diagonaliza-
tion operator. An example of the heterogeneous CDUS and
the feature bundle matching process are pictorially shown in
Fig. 2, then we can get the corresponding cooperative ability
matrix

M =



1 0 0
1 1 0
1 1 1




B. Landing Execution and Collision Avoidance

The core idea of performing the landing task is to derive
control actions for the UAVs that ensure position and velocity
convergence between the matched UAV and USV, as well as
collision avoidance among UAVs at each point in time. In [14],
to finish the extended set-based task of tracking a predefined
trajectory, a CBF is applied for the robot modeled using a
single integrator dynamic. However, with respect to the double
integrator dynamical system (5), a CBF h(x, t) that is only
concerned with the Cartesian position q has relative degree
2, resulting in Lgh(x, t) = 0, i.e., u(t) is not constrained as
expected [20].

To deal with this issue, we introduce a CLF to guarantee
asymptotic stability of the CDUS. Define the position error
between the matched UAV i and USV j as follows

ei,j(t) = qi(t)− ηj(t) (13)

It follows from (5) and (6) that

ėi,j(t) = pi(t)− νj(t) (14)

A candidate CLF V (ei,j , ėi,j) to achieve both horizontal
and vertical regulation of UAV i is thus defined as

V (ei,j , ėi,j) =
1

2

[
eT
i,j ėT

i,j

]
P
[
eT
i,j ėT

i,j

]T

=
1

2

[
eT
i,j ėT

i,j

] [P1 P2

P T
2 P3

] [
eT
i,j ėT

i,j

]T
(15)

where P denotes a symmetric, positive definite block matrix,
i.e. P1 and P3 − P T

2P
−1
1 P2 are positive definite, P2 is also

positive definite.

(c) Notation

Fig. 2. (a) Illustration of the heterogeneous CDUS consisting of 3 UAVs and 3
USVs (including two monohulls and a catamaran), robots in each species own
distinct feature values. (b) The matching criteria of heterogeneous features
possessed by UAVs and USVs. Only when all features between them are
compatible, can the USV be considered as a viable candidate to accommodate
the UAV. F s and Fa denote the USVs/UAVs-to-feature bundle mappings,
respectively. M is the resulting cooperative ability matrix. (c) The concrete
feature values used in this example.

TABLE I
NOTATION

USVs
Features
fs
1 fs

2

s1 0.4 85
s2 0.6 180
s3 1 200

UAVs
Features
fa
1 fa

2

a1 0.3 70
a2 0.55 100
a3 0.85 175

represent the side length (m) of the square landing platform
and available charging energy (Wh) carried by each USV type.

Furthermore, there exists a cooperative relationship between
an USV and the UAVs if and only if it can satisfy all of their
requirements. Namely, the landing area on the USV should be
larger than the UAV itself and the remaining charging energy
should meet the needs of the UAV’s battery. This can also be
viewed as a service-provider and service-receiver connection.
In order to assign certain robots in set V1 and V2 to cooperate

with each other and accomplish the landing task, we need to
check their feature compatibility first. The cooperative ability
matrix M ∈ {0, 1}ns×na is defined as follows

Mi,j =

{
1, if F s

i,− − F a
j,− ≥ 0

0, otherwise
(11)

where Mi,j = 1 if and only if USV i can supply all the
demands of UAV j, Xi,− represents the ith row of the matrix
X , the inequality in (11) holds elementwise. In line with
Assumption 1, we have

∑

i∈V2

Mi,j ≥ 1, ∀j ∈ V1

As such, the matrix M indicates whether an USV is a
prospective candidate to be selected by an UAV, then we get
the specialization matrix for UAV j as follows

Mj = diag(M−,j) ∈ Rns×ns (12)

where for g ∈ Rn, diag(g) = G ∈ Rn×n is the diagonaliza-
tion operator. An example of the heterogeneous CDUS and
the feature bundle matching process are pictorially shown in
Fig. 2, then we can get the corresponding cooperative ability
matrix

M =



1 0 0
1 1 0
1 1 1




B. Landing Execution and Collision Avoidance

The core idea of performing the landing task is to derive
control actions for the UAVs that ensure position and velocity
convergence between the matched UAV and USV, as well as
collision avoidance among UAVs at each point in time. In [14],
to finish the extended set-based task of tracking a predefined
trajectory, a CBF is applied for the robot modeled using a
single integrator dynamic. However, with respect to the double
integrator dynamical system (5), a CBF h(x, t) that is only
concerned with the Cartesian position q has relative degree
2, resulting in Lgh(x, t) = 0, i.e., u(t) is not constrained as
expected [20].

To deal with this issue, we introduce a CLF to guarantee
asymptotic stability of the CDUS. Define the position error
between the matched UAV i and USV j as follows

ei,j(t) = qi(t)− ηj(t) (13)

It follows from (5) and (6) that

ėi,j(t) = pi(t)− νj(t) (14)

A candidate CLF V (ei,j , ėi,j) to achieve both horizontal
and vertical regulation of UAV i is thus defined as

V (ei,j , ėi,j) =
1

2

[
eT
i,j ėT

i,j

]
P
[
eT
i,j ėT

i,j

]T

=
1

2

[
eT
i,j ėT

i,j

] [P1 P2

P T
2 P3

] [
eT
i,j ėT

i,j

]T
(15)

where P denotes a symmetric, positive definite block matrix,
i.e. P1 and P3 − P T

2P
−1
1 P2 are positive definite, P2 is also

positive definite.

(c) Notation

Fig. 2. (a) Illustration of the heterogeneous CDUUF consisting of 3 UAVs
and 3 USVs (including two monohulls and a catamaran), vehicles in each
species own distinct feature values. Each UAV selects the most suitable
USV for landing, the consequent matching status and landing trajectories are
shown in dash lines. (b) The matching mechanism of heterogeneous landing
features possessed by UAVs and USVs. Only when all features between
them are compatible, can the USV be considered as a viable candidate
to accommodate the UAV. F s and Fa denote the USVs/UAVs-to-feature
bundle mappings, respectively. M is the resulting cooperative landing ability
mapping. (c) The concrete feature values used in this example.

Furthermore, a cooperative landing ability between a USV
and any UAV exists if and only if all feature requirements
of the UAV are satisfied, i.e., the landing area on the USV
should be larger than the UAV itself and the remaining
charging energy should meet the needs of the UAV’s battery.
It can also be viewed as a service-provider and service-
receiver connection.

To match vehicles in set V1 and V2 to accomplish the
landing task, the cooperative landing ability mapping M ∈
{0, 1}ns×na is defined as follows

Mi,j =

{
1, if F s

i,− − F a
j,− ≥ 0

0, otherwise
, (8)

where Mi,j = 1 if and only if USV i can supply all the
demands of UAV j, Mi,− represents the ith row of the matrix
M , the inequality in (8) holds elementwise.

Assumption 1. For the whole UAV group V1, there always
exists at least one suitable USV that meets the specific
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landing feature requirements of UAV j, j ∈ V1, i.e.,
∑

i∈V2

Mi,j ≥ 1, ∀j ∈ V1.

Since the mapping M indicates whether a USV is a
prospective candidate to be selected by a UAV, one has that
the specialization matrix for UAV j is

Mj = diag(M−,j) ∈ Rns×ns , (9)

where M−,j represents the jth column of the matrix M . An
illustrative example of the heterogeneous CDUUF is given in
Fig. 2, where the corresponding cooperative landing ability
mapping M is calculated to be

M =



1 0 0
1 1 0
1 1 1


 .

B. Landing Convergence and Collision Avoidance

After calculating the cooperative landing ability mapping
in Sec. III-A, we are ready to introduce two kinds of sub-
tasks, namely, UAV-USV landing convergence and collision
avoidance among UAVs in the landing mission.

Assumption 2. Each USV in set V2 is able to accommodate
at most one UAV.

Firstly, the UAV-USV landing convergence is to ensure
position and velocity convergence between the matched UAV
and USV. However, the traditional CBF in [24] only remains
on the single-integrator dynamic, which cannot be utilized for
Eq. (5) because Lgh(x, t) = 0, i.e., u(t) is not constrained
[30].

To address this issue, we define the position error between
the matched UAV i and USV j to be

ei,j(t) = qi(t)− ηj(t). (10)

It follows from (5), (6) and (10) that

ėi,j(t) = pi(t)− νj(t), (11)

which implies that a candidate CLF Vi,j(ei,j , ėi,j) for UAV
i and USV j to be

Vi,j(ei,j , ėi,j) =
1

2

[
eT
i,j ėT

i,j

]
P
[
eT
i,j ėT

i,j

]T

=
1

2

[
eT
i,j ėT

i,j

] [P1 P2

P T
2 P3

] [
eT
i,j ėT

i,j

]T
.

(12)

Here, P denotes a symmetric, positive definite block matrix,
i.e. P1 and P3 − P T

2P
−1
1 P2 are positive definite, P2 is also

positive definite. Using Definition 1, we can formulate the
following constraint to ensure UAV-USV landing conver-
gence

V̇i,j(ei,j , ėi,j) +W3(ei,j , ėi,j)− δi,j ≤ 0, (13)

where W3(ei,j , ėi,j) is the positive definite function in
Eq. (2), and δi,j ∈ R+ is the corresponding slack variable.
The validity of this constraint can be proved similarly to [31].

Secondly, it is imperative to uphold a safe distance be-
tween any pair of UAVs during the landing process. Analo-
gous to [32], we first define the normal component p̄i,k of
the relative velocity between UAVs i and k to be

p̄i,k =
qT
i,k

∥qi,k∥
pi,k, (14)

where qi,k := qi−qk, pi,k := pi−pk are the relative position
and velocity between UAVs i and k. Then, the candidate CBF
hi,k is formulated to be

hi,k = 2(ξi + ξk)(∥qi,k∥ −Dmin)− p̄2i,k, (15)

where ξi and ξk are the maximum braking accelerations of
UAVs i and k, and Dmin is the minimum allowed distance.
Moreover, it follows from Definition 2 and Eq. (15) that the
collision avoidance CBF constraint for UAVs becomes

ḣi,k(qi,k, pi,k) + εh3
i,k(qi,k, pi,k) ≥ 0, (16)

where γ(h(x)) = εh3(x) with ε > 0.

C. Landing Algorithm

By incorporating the cooperative landing ability mapping
M in Eq. (8) with the constraints of UAV-USV landing
convergence in (13) and collision avoidance in (16) together,
we can formulate the landing algorithm to be the following
optimization problem, which is to generate an optimal as-
signment of the CDUUF and control the UAVs to approach
the matched USVs at each point in time,

min
u,δ,α

na∑

i=1

(
C∥Πiα−,i∥2 + ∥ui∥2 + l∥δi∥2Mi

)
(17a)

s.t. V̇i,j(ei,j , ėi,j) +W3(ei,j , ėi,j)− δi,j ≤ 0 (17b)

ḣi,k(qi,k, pi,k) + εh3
i,k(qi,k, pi,k) ≥ 0 (17c)

δi,m ≥ κ (δi,j − δmax (1− αj,i)) , m ̸= j (17d)
1T
ns
α−,i = 1 (17e)

1T
na
αT
j,− ≤ 1 (17f)

∥ui∥∞ ≤ ξi (17g)
∥δi∥∞ ≤ δmax (17h)

∀i, k ∈ V1,∀j,m ∈ V2,

where α ∈ {0, 1}ns×na , C ∈ R+, l ∈ R+ are scaling
parameters used to reconcile between meeting the cooper-
ative landing ability and minimizing the energy consumed
by individual UAVs as much as possible. The cost function
in (17a) is composed of three terms. In the first term, Πi is a
projection matrix that represents the orthogonal complement
of the subspace spanned by Mi, which also indicates whether
a USV is appropriate for UAV i to perform the landing task
together. It is defined below

Πi = Ins
−MiM

†
i , (18)

where Ins denotes the ns × ns identity matrix, M†
i is the

Moore-Penrose inverse of the specialization matrix Mi of
UAV i. Let Mi = diag([mi,1,mi,2, . . . ,mi,ns

]), if UAV i
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(a)

(b)

Fig. 3. (a) Coordinated landing trajectories of the CDUUF, where 5 UAVs
{1, 2, 3, 4, 5} from initial positions gradually perch on their corresponding
matched USVs {3, 1, 2, 5, 4}. (b) In the top view, different types of UAVs
and USVs are plotted in different sizes and colors. (Here, the quadcopter
shapes represent the UAVs, and the monohull and catamaran shapes are the
USVs. Their initial positions are illustrated in light brown and light gray,
respectively.)
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Fig. 4. Temporal evolution of the landing errors between the matched UAVs
and USVs ∥ei,j∥, i ∈ V1, j ∈ V2, the inter-UAV distances ∥qi,k∥, i, k ∈
V1, i ̸= k.

is unsuitable to land on USV t because of incompatible
features, i.e. mi,t = 0, then

Πi = diag([0, . . . , 0︸ ︷︷ ︸
t−1

, 1, 0, . . . , 0︸ ︷︷ ︸
ns−t

]).

The second item ∥ui∥2 represents the control effort spent by
each UAV, which is proportional to energy consumption. The
third item is the norm of δi weighted by the specialization

matrix Mi, where ∥x∥2Mi
= xTMix, x ∈ Rns , the slack

variables between UAV i and its unsuitable USVs are not
penalized. This ensures the position error and velocity error
between the matched UAV and USV asymptotically settle to
the equilibrium combined with (17b). The constraint (17c)
guarantees collision avoidance between any two distinct
UAVs in set V1 by keeping their distance above Dmin.
Moreover, constraint (17d) implies that USV j has the
highest priority for UAV i, where κ > 1 implies how the
priorities influence the relative effectiveness of the UAV
landing on different USVs, δmax is the maximum value of
|δi,j |. Constraints (17e) and (17f) ensure that each UAV has
to land on only one USV and each USV can carry at most
one UAV, respectively.

IV. SIMULATION

In this section, we validate the effectiveness of the pro-
posed framework in two scenarios. The numerical simula-
tions are performed in MATLAB using CVX [33] and Gurobi
[34].

A. Coordinated Landing for USVs Moving along Closed
Paths

First of all, we consider a CDUUF composed of 5 UAVs
and 5 USVs, the USVs are maneuvering along prescribed
concentric circular paths, with their respective feature values
being provided as

F a =

[
0.3 0.3 0.55 0.55 0.85
70 70 100 100 175

]T

(19)

F s =

[
0.4 0.6 0.6 1 1
85 180 180 200 200

]T

.

Specifically, the motion of the USVs can be described by

xj,1 = rj cos(ω1t)m, xj,2 = rj sin(ω1t)m, xj,3 = 0m,

with the radii r1 = 5, r2 = 16.25, r3 = 27.5, r4 =
38.75, r5 = 50, the constant angular velocity ω1 = 0.1 rad/s.
Initial positions of the UAVs are randomly generated with
the heights between 25m and 30m, and the initial distance
between any pair of UAVs is set to be greater than Dmin =
1m. Moreover, the parameters of the optimization problem
in (17) are chosen as C = 105, l = 10−5, ε = 0.5, κ =
105, δmax = 104 and ξi = 10m/s2,∀i ∈ V1.

As depicted in Fig. 3, 5 USVs are moving along five
concentric circles, 5 UAVs {1, 2, 3, 4, 5} are assigned to their
respective optimal USVs {3, 1, 2, 5, 4} and commence the
landing procedure. The detailed information is also shown in
Fig. 4 in terms of the landing errors and inter-UAV distances.
It is observed that the landing errors asymptotically converge
to be around zeros and the inter-UAV distances consistently
maintain above the desired safe distance.

B. Coordinated Landing for USVs Moving along Open Paths

In this sequel, we carry out a simulation under more
challenging conditions. We consider a CDUUF composed of
5 UAVs and 6 USVs, with the USVs following prescribed
sinusoidal paths. Feature values of the UAV group remain
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(a) t=3s (b) t=4.5s (c) t=40s

Fig. 5. Snapshots of coordinated landing trajectories of the CDUUF. (a) 5 UAVs {1, 2, 3, 4, 5} are initially matched with USVs {4, 2, 3, 6, 5} and
progressively execute the landing maneuver. When t = 3s, the charging station carried by USV-6 breaks down (shown by the red ellipse), thus the
corresponding feature value fs

6,2 falls to zero. As a result, by solving the optimization problem (17), the UAVs are reassigned to USVs {3, 1, 2, 4, 5} to
continue landing. (b) UAV-4 and UAV-5 have the potential to collide due to the matching status variation. (c) 5 UAVs successfully landed on the matched
USVs and no collision took place throughout the landing process. (Here, the quadcopter shapes represent the UAVs, and the monohull and catamaran
shapes are the USVs. Their initial positions are illustrated in light brown and light gray, respectively.)
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Fig. 6. Temporal evolution of the landing errors between the matched UAVs
and USVs ∥ei,j∥, i ∈ V1, j ∈ V2, the inter-UAV distances ∥qi,k∥, i, k ∈
V1, i ̸= k. The matching status changes at t = 3s and no collision occurred
during the whole landing process.
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Fig. 7. Temporal evolution of the inter-UAV distances ∥qi,k∥, i, k ∈
V1, i ̸= k without collision avoidance constraints, UAV-4 and UAV-5 collide
at t = 5.1s.

unchanged as (19), while the USVs-to-feature bundle map-
ping is modified to

F s =

[
0.4 0.6 0.6 0.6 1 1
85 180 180 180 200 200

]T

.

The sinusoidal paths for the USVs are set as

xj,1 = tm, xj,2 = A sin(ω2t) + djm, xj,3 = 0m,

with the amplitude A = 10m, the constant angular velocity
ω2 = 0.25 rad/s, and the offsets d1 = −40, d2 = −24, d3 =
−8, d4 = 8, d5 = 24, d6 = 40. To assess the resilience of
the proposed algorithm against vehicle failures, USV-6 is
intentionally designed to become incapable of charging after

t = 3s. The optimization parameters for (17) are the same
as the first case.

Snapshots of the simulation result are shown in Fig. 5.
Fig. 5(a) depicts that 5 UAVs {1, 2, 3, 4, 5} are initially
moving toward USVs {4, 2, 3, 6, 5}. At t = 3s, USV-6
experiences a charging station failure, resulting in M6,− = 0.
Then 5 UAVs are reassigned to USVs {3, 1, 2, 4, 5}, which
is also reflected in the landing error variations in Fig. 6. As
seen in Fig. 5(b), UAV-4 and UAV-5 are approaching each
other due to the change of matching status, thus trigger the
safety constraint (17c). We can observe that all inter-UAV
distances stay above Dmin in Fig. 6. In contrast, when no
collision avoidance constraint is imposed, UAV-4 and UAV-5
would collide at t = 5.1s as shown in Fig. 7. Finally, the
UAVs settle to the matched USVs as exhibited in Fig. 5(c).

Remark 1. In the above simulations, USVs are assumed
to follow predefined paths with an emphasis on algorithm
validation. However, it should be noted that the motion
of USVs can be arbitrary. Additionally, our algorithm can
exhibit resilience to weather influences, akin to its ability
to withstand internal disturbance observed in Simulation 2,
which will be discussed in our future work.

V. CONCLUSION

In this paper, we have presented a multiple UAV-USV
landing control algorithm for CDUUFs. The heterogeneous-
feature matching strategy extracting landing-related features
from UAVs and USVs has been proposed to construct a co-
operative landing ability mapping. Then, a constraint-based
optimization landing controller has been formulated, where
suitable allocation requirements are incorporated, UAV-USV
landing convergence and collision avoidance among UAVs
are encoded into CLF and CBF constraints. The numerical
simulations have demonstrated the effectiveness and re-
silience of the theoretical results. Future work will investigate
real-world coordinated landing control for the CDUUF with
environmental disturbances and communication delays.
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