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Abstract—The cooperative perception performance of un-
manned aerial vehicle (UAV) swarms is governed by three-
dimensional (3D) formation geometry, which dictates target ob-
servability, sensor complementarity, and communication quality.
Despite this, existing literature largely treats formation geometry
as a secondary byproduct of trajectory planning, neglecting its
impact on multimodal sensing scenarios where heterogeneous
payloads must be spatially arranged to exploit complementary
perception strengths under communication interference and
hardware budget constraints. To bridge this gap, this paper pro-
poses an information-optimal framework that jointly optimizes
UAV-sensor allocation, formation configuration, and flight control
for multimodal cooperative perception. Specifically, a submodular
greedy strategy grounded in Fisher Information Matrix (FIM) de-
terminant maximization determines the optimal number of UAV-
sensor allocation. Building upon this allocation, an equivalent for-
mation transition strategy reconfigures UAV positions to enhance
field-of-view (FOV) coverage and suppress inter-UAV communi-
cation interference. Furthermore, a Lyapunov-stable distributed
flight controller leveraging logarithmic potential fields generates
energy-efficient trajectories. Extensive simulations demonstrate
that our formation-aware design achieves 25.0% improvement
in FOV coverage, 104.2% enhancement in communication signal
strength, and 84.7% reduction in control effort compared to
conventional benchmarks.

Index Terms—UAV 3D Formation, Multimodal Cooperative
Perception, Fisher Information Matrix, Field-of-View.

I. INTRODUCTION

UNmanned Aerial Vehicle (UAV) swarms have emerged
as transformative platforms for cooperative perception.

They offer unprecedented capabilities in cooperative target
tracking, surveillance, and the active-sensing phase of search
and rescue (SAR) operations where a prior target state estimate
is available [1–3]. Unlike single-UAV systems or terrestrial
sensor networks, aerial swarms provide enhanced spatial cov-
erage, improved viewpoint diversity, and parallel multimodal
data acquisition through collaborative sensing [4]. It is noted
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to distinguish between two different operational paradigms
in SAR tasks: the blind search paradigm, where no prior
information about the target exists, and the active tracking
paradigm, where a preliminary target state estimate has been
obtained through initial detection (e.g., distress signals, ther-
mal signatures, or prior sweeps) [5]. This paper focuses on
the latter one, in which the UAV swarm has access to a
predicted target state and seeks to optimize its formation
geometry for the information gain of subsequent observations.
Here, the active tracking paradigm is consistent with the
predictor-corrector framework widely adopted in information-
driven sensor management [6]. In this framework, formation
planning is conditioned on the best available state estimate,
rather than requiring exact target knowledge.

However, current active tracking literature concentrates on
trajectory planning, resource allocation, and perception algo-
rithms while treating the formation geometry of UAV swarms
as a secondary implementation detail [7–10]. This oversight
significantly impacts multimodal cooperative perception per-
formance in scenarios where heterogeneous payloads (vision
cameras and LiDAR) are arranged to exploit their comple-
mentary strengths. Specifically, cameras provide rich visual
semantics but suffer from depth estimation limitations, while
LiDAR delivers precise three-dimensional (3D) geometric
information at the cost of higher communication overhead
and energy consumption [11]. Accordingly, the formation
geometry can govern field-of-view (FOV) coverage, hetero-
geneous sensor complementarity, and target observability.
Without proper geometric allocations, these complementary
sensing capabilities cannot be effectively leveraged, leading
to redundant observations and coverage blind spots.

Moreover, the geometric formation optimization is also
challenged by practical collaboration constraints. In SAR
tasks, UAVs typically operate in proximity, creating significant
communication interference in dense formations [12]. While
increasing swarm size enhances perception quality, it can
significantly raise communication load, computational burden,
and hardware costs. This requires a fundamental trade-off
between multimodal perception performance and resource ef-
ficiency. It cannot be resolved through trajectory optimization
alone. Furthermore, existing formation strategies typically as-
sume homogeneous UAV capabilities [5, 13], without consid-
ering the spatial arrangement requirements of heterogeneous
sensor payloads, which is a critical limitation for multimodal
perception systems.

To bridge this critical gap, we propose an information-
optimal framework that jointly optimizes geometric allocation



2

and sensor heterogeneity through Fisher Information Matrix
(FIM) determinant maximization. The proposed formation
optimization is activated after an initial target estimate is
obtained. By treating formation design as a primary optimiza-
tion variable rather than a byproduct of trajectory planning,
we achieve simultaneous improvements in coverage complete-
ness, communication Signal-to-Interference-plus-Noise Ratio
(SINR), and flight energy efficiency. The main contributions
of this paper are as follows:

• We establish a novel information-optimal framework for
3D UAV swarm formation design that explicitly quantifies
the interdependence between spatial geometry, hetero-
geneous sensor modalities, and cooperative perception
performance. By leveraging FIM determinant maximiza-
tion as the optimization criterion, our framework pro-
vides a principled approach to determine information-
optimal formation allocations in versatile perception en-
vironments where conventional homogeneous formation
strategies fail to exploit multimodal sensing synergies.

• We formulate and solve a formation transition problem
that addresses the FOV-oriented formation allocation un-
der practical operational constraints. The proposed op-
timization model uniquely balances sensing information
gain against FOV coverage completeness, communication
overhead, and sensor payload costs. It incorporates re-
alistic constraints including directional FOV limitations,
inter-UAV interference effects, and heterogeneous pay-
load capabilities that are neglected in existing literature.

• We develop a Lyapunov-stable distributed flight controller
for energy-efficient formation transitions during dynamic
operations. The control scheme employs a logarithmic
potential field to ensure smooth trajectories with bounded
control authority. This design provably minimizes unnec-
essary maneuvers and energy consumption while guaran-
teeing asymptotic flight stability. Extensive simulations
show that our integrated approach achieves significant
improvements over benchmarks in localization accuracy,
coverage robustness, and energy efficiency across both
aerial and ground target-search scenarios.

The remainder is organized as follows: Sec. II reviews
related work. Sec. III presents system model. Sec. IV details
the optimization scheme. Sec. V presents simulations, and
Sec.VI concludes the paper.

II. RELATED WORK

This section reviews existing work in several interconnected
research domains that collectively inspire our information-
optimal UAV formation perception framework.

A. Multimodal Cooperative Perception

Multimodal cooperative sensing has emerged as a critical
advancement to overcome the inherent limitations of single-
platform perception systems in terms of coverage, accuracy,
and environmental adaptability [14, 15]. Within the multi-
UAV cooperative perception, Nitesh et al. [16] conducted an
analysis of multimodal sensor integration techniques, which
enhance detection precision, operational range, and overall

system reliability. Tian et al. [17] introduced a framework
employing multi-view geometry and feature fusion to enable
collaborative 3D object detection across multiple UAVs. Simi-
larly, Qiao et al. [18] proposed a dual-window cross-attention
mechanism that integrates LiDAR and camera features into
a unified Bird’s-Eye View representation. The development of
standardized datasets has further accelerated research progress,
with U2UData [19] establishing a benchmark featuring LiDAR
point clouds, RGB/depth images, environmental sensing mea-
surements, and 3D annotations for investigating multi-UAV
multimodal perception and communication strategies. Notably,
the aforementioned approaches are data-driven, relying on
deep neural networks trained on large annotated datasets.
Their dependence on extensive training data and the associated
inference overhead limits their applicability in data-scarce
scenarios and on resource-constrained platforms.

B. UAV Formation Design

Constrained by sensor heterogeneity and geometric alloca-
tion, generating optimal UAV formation to enhance coopera-
tive perception performance remains a pivotal challenge. In
that, FIM analysis has been widely conducted for various
perception techniques including time difference of arrival
(TDOA), angle of arrival (AOA), received signal strength
(RSS), and their hybrid frameworks. Panwar et al. [13] in-
tegrated time of arrival (TOA), RSS, and AOA measurements,
deriving the Cramér–Rao Lower Bound (CRLB) expression
for joint measurements to evaluate target localization accuracy.
Hung et al. [20] proposed a heterogeneous sensing multi-UAV
tracking system modeling hybrid measurement configurations
incorporating image sensors, TOA, and AOA to design op-
timal UAV formation. Further, Sahu et al. [21] developed
a unified optimization framework integrating Alternating Di-
rection Method of Multipliers (ADMM) with Majorization-
Minimization techniques, for optimal sensor placements. How-
ever, the aforementioned FIM optimization typically yields
idealized geometric allocations, which often results in severe
FOV blind spots and inter-UAV communication interference.
Moreover, prior work cannot directly address the 3D place-
ment of diverse sensors (cameras and LiDARs), failing to
fuse the asymmetric information contributions along different
spatial axes.

C. Learning-Based Swarm Approaches

Beyond the model-based methods reviewed above, recent
research has explored learning-based paradigms for swarm co-
ordination. Reinforcement learning (RL) has been increasingly
adopted to derive adaptive multi-UAV formation and guidance
policies in dynamic environments. For instance, Wu et al. [7]
developed an attention-based MADDPG formation controller
for hybrid UAVs, while Gavin et al. [8] applied multi-agent
RL to drone guidance for cooperative triangulation. Such
methods achieve strong adaptability through trial-and-error
policy learning. However, they generally require extensive
offline training and incur non-trivial online inference costs,
which are difficult to satisfy under the stringent size, weight,
and power (SWaP) constraints of onboard UAV processors. In



3

contrast to these directions, our framework adopts a model-
based, information-optimal formation that requires no deep
learning training and relies solely on a preliminary target
state estimate. It yields near-optimal formations with low
computational latency, and jointly optimizes sensing accuracy,
communication quality, and control efficiency within a unified
geometric design.

III. SYSTEM MODEL

This section presents our framework for UAV formation-
based multimodal cooperative perception, structured around
three sequential strategies. As shown in Fig. 1, upon successful
target identification, the UAV-sensor allocation and formation
optimization strategies are executed only once: the former
determines the number of UAVs and their sensor categories
(LiDAR or Camera), and the latter enhances FOV cover-
age while preserving perception and communication quality.
This one-shot initialization defines the mathematically opti-
mal geometric allocation, avoiding redundant high-overhead
optimization during cooperative flight. In contrast, the flight
control strategy operates continuously, iteratively updating
the UAV kinematics in response to target maneuvers while
maintaining the predefined optimal topology. This sequential
approach holistically optimizes geometric allocation, sensor
complementarity, communication, and flight energy.

A. System Assumption

The UAV formation for cooperative perception is demon-
strated in Fig. 2, where heterogeneous UAVs collaboratively
monitor an area for target detection and tracking. These UAVs
are equipped with complementary sensing modalities, some
with image sensors (cameras) and others with point cloud
sensors (LiDAR).

The target, which may move on the ground or in the air, has
a position vector Ptar(t) = [xtar(t), ytar(t), ztar(t)]

T at time
t. Each UAV i has a position Pi(t) = [xi(t), yi(t), zi(t)]

T .
We assume zero pitch angles during steady flight, and define
the heading vector as bi = [cos θi, sin θi, 0], where θi denotes
the yaw angle. Consequently, the relative 3D position vector
is simply expressed as Pi/tar(t) = Pi(t) − Ptar(t), and
its projection onto the horizontal X-Y plane is Pxy

i/tar(t) =

[xi(t)− xtar(t), yi(t)− ytar(t), 0]
T .

In practical SAR tasks, the target position Ptar(t) may
not be directly observable. To address this, we formulate
the cooperative perception as a predictor–corrector active
sensing process. At planning step t, the UAV swarm employs
a tracking filter (e.g., extended Kalman filter) to estimate
the predicted target state P̂tar(t|t − 1) based on previous
observations. The formation geometry is then proactively
optimized by relying on this prior state to acquire high-fidelity
measurements, which subsequently refine the posterior state
P̂tar(t|t). Subsequently, we will elaborate on the UAV-sensor
allocation, i.e., the formation allocation, for the multimodal
cooperative perception.

B. Multimodal Cooperative Perception

This subsection quantifies multimodal cooperative percep-
tion via the FIM metric. We analyze two complementary
modalities (vision cameras and point-cloud LiDAR) deriving
their measurement models, Jacobians, and FIM formulations,
and explicitly modeling each sensor’s information contribu-
tion within the formation-aware framework. The formulation
supports optimal sensor allocation for localization accuracy
while accounting for FOV limitations, measurement noise, and
communication interference.

1) Perception Measurement of Camera: We construct the
camera measurement model in three sequential steps: (i)
transforming the target into the camera’s local frame, (ii)
applying the pinhole projection to obtain pixel coordinates,
and (iii) computing the Jacobian for the FIM.

Here, the camera maps the 3D target position to the 2D
image plane through a perspective projection. Building on this,
we transform the global coordinates into the camera’s local
coordinate system. The pixel coordinates of the projection are
denoted by gcam,i = [µi, νi]

T , which is given as:

gcam,i = hcam,i(Ptar,Pi,bi) + ϵcam, (1)

where ϵcam represents the measurement noise vector associated
with the resolution level of the camera sensor and communi-
cation interference. bi is the heading vector defined in Sec.
III-A, which is determined by the UAV’s yaw angle θi.
hcam,i(·) is the projection function mapping the target posi-

tion to the camera coordinate system. Assuming the camera’s
optical axis is aligned with the UAV’s yaw angle θi and
the pitch angle is zero. Hence, the target’s coordinates in
the camera’s local frame (Xc, Yc, Zc)

T are obtained via the
rotation matrix Rc

g:Xc

Yc

Zc

 = Rc
g(Pi − Ptar)

=

− sin θi cos θi 0
0 0 −1

cos θi sin θi 0

xi − xtar

yi − ytar
zi − ztar

 ,

(2)

where Zi = cos θi(xi − xtar) + sin θi(yi − ytar) denotes the
target depth along the camera optical axis.

Based on the standard pinhole camera model, the forward
projection function π(·) transforms this 3D point to the pixel
coordinates:

hcam,i(Ptar,Pi,bi) =

[
µi

νi

]
=

[
fx

Xc

Zi
+ cx

fy
Yc

Zi
+ cy

]

=

−fx cos θi(yi−ytar)−sin θi(xi−xtar)
cos θi(xi−xtar)+sin θi(yi−ytar)

+ cx

−fy zi−ztar

cos θi(xi−xtar)+sin θi(yi−ytar)
+ cy

 ,

(3)

where fx and fy are the focal lengths, and cx and cy are the
principal point offsets.
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Fig. 1: The illustration of the comprehensive framework for the cooperative perception of UAV swarms.

Fig. 2: UAV swarm-based SAR scenario.

Applying the chain rule to hcam,i with respect to the target
state yields the 2× 3 Jacobian:

Ocam,i =
∂hcam

∂Ptar

=


−fx(yi − ytar)

Z2
i

fx(xi − xtar)

Z2
i

0

−fy cos θi(zi − ztar)

Z2
i

−fy sin θi(zi − ztar)

Z2
i

fy
Zi

 .

(4)
Therefore, the FIM of the i-th UAV with a camera sensor

is defined as:

Fcam,i = OT
cam,iQ

−1
camOcam,i, (5)

where Qcam,i denotes the measurement covariance matrix of
the camera sensor, which depends on the pixel resolution and
the communication SINR.

2) Perception Measurement of LiDAR: The LiDAR mea-
surement comprises range, azimuth, and elevation, stacked
into the full measurement vector and Jacobian. The range
measurement is:

di = hd(Ptar,Pi) + εd, (6)

where εd is the measurement noise and hd(Ptar,Pi) is the
distance between the UAV i and target:

hd(Ptar,Pi) =
√

(xi − xtar)2 + (yi − ytar)2 + (zi − ztar)2.
(7)

Regarding 3D angle measurement, it is composed of the
azimuth angle and the elevation angle of the target. The
azimuth angle measurement β is expressed as:

βi = hA(Ptar,Pi) + εA, (8)

where εA is the measurement noise and hA(Ptar,Pi) repre-
sents the azimuth angle difference, which is:

hA(Ptar,Pi) = tan−1

(
yi − ytar
xi − xtar

)
. (9)

In contrast, the elevation angle measurement δ is given as:

δi = hp(Ptar,Pi) + εp, (10)

where εp is the noise and hp(Ptar,Pi) represents the elevation
angle difference, which is:

hp(Ptar,Pi) = tan−1

(
zi − ztar√

(xi − xtar)2 + (yi − ytar)2

)
.

(11)
Based on the above analysis, the measurement of the LiDAR
hlidar is composed by:

hlidar,i(Ptar,Pi) =

hd(Ptar,Pi)
hA(Ptar,Pi)
hp(Ptar,Pi)

 . (12)

Hereafter, the Jacobian matrix Olidar,i of the LiDAR mea-
surement for the i-th UAV is:

Olidar,i =
∂hlidar

∂Ptar

=



−xi − xtar

di
−yi − ytar

di
−zi − ztar

di
sinβi

dxyi
−cosβi

dxyi
0

(zi − ztar) cosβi

d2i

(zi − ztar) sinβi

d2i
−dxyi

d2i


,

(13)
where dxyi is the horizontal distance of the i-th UAV projected
onto the tracking target, which is expressed as:

dxyi =
√
(xi − xtar)2 + (yi − ytar)2. (14)

Finally, the FIM of LiDAR for the i-th UAV is:

Flidar,i = OT
lidar,iQ

−1
lidarOlidar,i, (15)

where Qlidar is the measurement covariance matrix, which is
related to the measurement and wireless transmission noise.
Subsequently, we elaborate on the resource constraints of the
communication interference, flight energy, and sensor budgets.

As shown in Eq. (4) and Eq. (13), the Jacobian matrices
Ocam,i and Olidar,i inherently depend on the unknown true
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target position Ptar. In our active sensing framework, these
Jacobians are evaluated at the predicted state P̂tar(t|t − 1)
rather than the true state. This local approximation is a stan-
dard practice in information-driven sensor placement, enabling
the swarm to maximize the expected information gain upon
the current best estimate of the target. We note that this design
choice explicitly scopes our framework to the active tracking
regime. In the blind search phase, where no prior estimate
exists, alternative exploration strategies (e.g., coverage-based
or ergodic search) are required to establish initial target
detection before our formation optimization can be applied.

For mutually independent measurements, the total FIM is
equal to the sum of the individual FIMs. Assuming the for-
mation includes Nc camera-equipped UAVs and Nl LiDAR-
equipped UAVs, and the sensor noises are mutually indepen-
dent, the global FIM with respect to the target position, Ftotal,
can be expressed as:

Ftotal =

Nc∑
i=1

Fcam, i +

Nl∑
j=1

Flidar,j. (16)

In practical deployment, our framework operates in the
active tracking paradigm, assuming a preliminary target state is
available via initial detection. Should this prediction deviate
significantly, the swarm reverts to coverage-based search to
re-acquire the target. To ensure mathematical tractability, we
assume zero UAV pitch angles during steady-state tracking
and an unobstructed line-of-sight (LoS). The LoS assumption
holds well for aerial targets and open-terrain tracking, while
terrain- and vegetation-induced occlusions are accommodated
as model extensions in Sec. IV-B.

The diagonal structure of the measurement covariance ma-
trices (Qcam and Qlidar) is justified by statistical independence
at two levels: within each UAV, the measurement channels of
a given sensor (the pixel coordinates (µ, ν) of the camera, and
the range, azimuth, and elevation of the LiDAR) are driven by
separate electronic processes. Across UAVs, the heterogeneous
sensors are mounted on physically isolated airframes. The
former underpins the FIM invariance under the equivalent
transition in Sec. IV-B, while the latter ensures the additivity of
per-UAV FIMs. Multimodal data fusion additionally relies on
tight time synchronization, precise camera–LiDAR extrinsic
calibration, and reliable cross-view data association. Here,
data association is facilitated by the complementarity of visual
semantics and geometric depth, and is further strengthened by
the FOV-maximizing nature of our optimization, which can
minimize occlusion-induced association failures.

These idealized baselines are reasonable in practice: the
compact size of the UAV swarm renders air-to-air propaga-
tion delays negligible relative to the sensing intervals. Minor
operational deviations, such as temporary pitch fluctuations
or synchronization delays, can be modeled as zero-mean
additive perturbations that inflate the diagonal entries of Q.
This degrades the achievable Cramér–Rao bound but preserves
the FIM invariance property, as quantitatively validated in
Sec. V. More substantial violations, such as persistent strongly
correlated noise, lie beyond the current scope.

C. Resource Consumption Analysis

In the multimodal cooperative perception of the UAV
swarm, the resource consumption mainly includes three as-
pects: communication consumption, flight maneuver energy
consumption, and the inherent costs of heterogeneous sensors.
Quantitative analysis of these costs is crucial for evaluating the
feasibility of the system and optimizing the overall efficiency.

1) SINR: In realistic dense UAV swarms, the air-to-air
communication links suffer not only from distance-dependent
attenuation but also from environmental shadowing and multi-
path fading. To reflect harsher communication conditions, the
received signal power at UAV j from UAV i is modeled as:

preci,j = Ptxρ0||Pj − Pi||−α|hi,j |2, (17)

where Ptx is the uniform transmission power, α is the path
loss exponent, and ρ0 is the reference path loss at 1 meter [22].
Crucially, |hi,j |2 is the channel gain coefficient encompassing
small-scale fading (e.g., Rayleigh or Rician fading) and log-
normal shadowing, which introduces stochastic fluctuations
into the link quality.

Consequently, the SINR of the communication link between
the i-th and j-th UAV is expressed as:

ηij =
preci,j∑

k∈U,k ̸=i,j p
rec
k,j + σ2

, (18)

where σ2 is the background noise power, U is the set of
UAVs engaged in cooperative sensing, and the denominator
accounts for the severe co-channel interference generated by
other closely operating UAVs in the swarm.

2) Time-Frequency Communication Resource: Regarding
the i-th UAV, the time-frequency resource block for transmit-
ting sensing data can be expressed as:

E comm
i = Bi · Ti, (19)

where Bi is the occupied bandwidth for the i-th UAV’s data
transmission. Ti represents the corresponding transmission
duration for the i-th UAV’s, which can be regarded as the
wireless channel occupation time. Due to the inherently larger
data volume of LiDAR-based point clouds compared to RGB
images, LiDAR-equipped UAVs generally incur higher time-
frequency resource block consumption with the prescribed
transmission rate.

3) Sensor Hardware Budgets: Multimodal sensors incur
distinct operational and manufacturing budgets. The hard-
ware cost Csensor of onboard UAV sensors can generally
be considered as a constant. Additionally, the hardware cost
Clidar

i of LiDAR is higher than that of cameras Ccam
i . Thus,

Clidar
i > Ccam

i .

D. Properties of FIM

To facilitate the analysis, feasible UAV deployment posi-
tions are modeled as a finite discrete set V , from which a
subset S is selected to form the active formation configuration.
The objective function f(S) evaluates this selected subset by
maximizing the log-determinant of its FIM. To guarantee an
optimal greedy solution, f(S) satisfies two fundamental prop-
erties [23]: monotonicity (f(T ) ≥ f(S) for all S ⊆ T ⊆ V )
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and submodularity (f(S ∪ {v})− f(S) ≥ f(T ∪ {v})− f(T )
for any v ∈ V \ T ). Monotonicity implies that adding a UAV
never degrades perception, while submodularity encapsulates
the diminishing marginal returns of adding new sensors. Un-
der a fixed cardinality constraint, these properties guarantee
that a greedy strategy yields a lower-bound performance of
(1− 1/e) ≈ 63.2% relative to the global optimum.

IV. FORMATION AWARE STRATEGIES

To address the cooperative perception problem, including
sensing performance, communication, and flight energy con-
straint, we divide the UAV formation scheme into three sub-
problems: the UAV-sensor allocation, FOV-oriented formation
optimization, and energy-efficient flight control problems.

A. UAV-Sensor Allocation

The first subproblem aims to determine the optimal number
of UAVs and the multimodal sensor allocation (camera and
LiDAR) within the swarm. The objective is to maximize
the collaborative sensing accuracy for target tracking, while
considering the diminishing reward of new node incorporation
and the associated costs of communication overhead and
hardware deployment.

We adopt the D-optimality (Determinant-optimality) crite-
rion from optimal experimental design, which leads to the
following objective function [24]:

f(U) = log detF(U), (20)

where U ⊆ V is the subset of the candidate set V . F(U)
is the FIM for the selected allocation. Crucially, the log-
determinant of the FIM has been proven to satisfy both
monotonicity and submodularity [24, 25], thereby validating
the theoretical applicability of the proposed greedy selection
strategy. To balance sensor performance of different UAVs
with practical resource constraints, we augment the objective
with penalty terms for communication time-frequency resource
and hardware costs:

J (U) = log detF(U)− w1

∑
v∈U

E comm
v − w2

∑
v∈U

Csensor
v ,

(21)
where E comm

v denotes the time-frequency resources block of
UAV v, Csensor

v is the sensor hardware costs, and w1, w2

are weight coefficients that regulate the trade-off between
perception performance and resource utilization. Based on
the above analysis, we provide the optimization model for
formation cooperative perception as:

(P1): max
U⊆V

J (U)

s.t. C1 : |U | ≤ Nmax

C2 : dmin ≤ dv ≤ dmax, ∀v ∈ U

C3 : βmin ≤ βv ≤ βmax, ∀v ∈ U

C4 : δmin ≤ δv ≤ δmax, ∀v ∈ U

C5 : sv ∈ {Camera,LiDAR}, ∀v ∈ U

,

(22)

in which C1 is the maximum number of deployed UAVs
according to practical conditions and coordination capabilities.
C2 gives the distance range constraints, designed to ensure a
safe separation from the target while simultaneously keeping
the UAV within the sensor’s effective perception coverage. C3

and C4 specify the azimuth and elevation angle constraints,
respectively, guaranteeing that the target remains within the
sensor’s effective FOV. And C5 represents the available sensor
category, i.e., the camera and LiDAR.

Notably, the monotonicity and submodularity properties
of the FIM enable us to employ efficient greedy selection
algorithms with theoretical optimal value guarantees. The
marginal gain of incorporating an additional UAV v into an
existing set Uj that contains j number of UAVs is given as:

∆(v|Uj) = f(Uj ∪ v)− f(Uj). (23)

Moreover, to implement the greedy selection algorithm, we
introduce a utility function that incorporates both marginal
gains and system costs:

G(v) = ∆(v|Uj)− w1E
comm
v − w2C

sensor
v . (24)

The core of our greedy selection strategy involves iteratively
choosing UAV spatial allocations from a finite candidate set
V , constructed through discretization of the solution space
encompassing all feasible UAV positions and sensor combi-
nations. Specifically, the candidate set V is given as:

Spatial Discretization: We model the airspace around the tar-
get in a target-centered spherical coordinate system, discretiz-
ing the radial distance d at intervals ∆d within [dmin, dmax]
(bounded by the effective sensing range) and uniformly sam-
pling the azimuth β and elevation δ at resolutions ∆β and ∆δ.
It yields a grid of candidate points pcandidate = (d, β, δ).

Sensor Assignment: For each candidate position, we gener-
ate two configurations—one camera and one LiDAR—which
doubles the candidate set but enables optimal modality selec-
tion under information and hardware constraints.

View Direction: The yaw θi is set by aligning the sensor’s
optical axis toward the target, making it a deterministic func-
tion of the relative position rather than an independent variable,
which reduces the search dimensionality.

Algorithm 1 summarizes the complete greedy selection pro-
cedure. The algorithm terminates when the maximum utility
gain G(vt) falls below a predefined threshold ρ, indicating that
the inclusion of additional UAVs no longer offsets their asso-
ciated communication and hardware costs. We note that the
classical (1 − 1/e)-approximation guarantee formally applies
to greedy maximization of a monotone submodular function
under a cardinality constraint. The cost-penalized utility G(v)
and threshold-based stopping rule in our formulation depart
from this standard setting, so the formal bound does not
directly extend to the full algorithm. Nevertheless, since the
underlying FIM objective f(U) retains monotonicity and sub-
modularity, the (1−1/e) bound on f(U) remains a meaningful
performance reference.

More importantly, the computational complexity of this
procedure is rigorously bounded by O(M |V |), where M
denotes the final number of selected UAVs and |V | is the
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size of the discrete candidate set. In each of the M iterations,
the algorithm evaluates the marginal gain for the remaining
candidate allocations. Given that the practical swarm size M
is typically small, the algorithm effectively scales linearly
with the search space size. This manageable linear complexity
makes the proposed greedy strategy well suited for real-time
onboard execution on resource-constrained UAV platforms in
time-critical SAR tasks.

Algorithm 1: UAV-sensor Greedy Selection

1 Input: Candidate set V , cost coefficients w1, w2,
time-frequency resource E , hardware budgets Csensor

2 Output: UAV-sensor allocation UM

3 U0 ← ∅; M ← 0
4 while true do
5 M ←M + 1
6 for each v ∈ V \ UM−1 do
7 ∆(v|UM−1)←

log detF(UM−1 ∪ v)− log detF(UM−1)
8 G(v)← ∆(v|UM−1)− w1E comm

v − w2C
sensor
v

9 vt ← argmaxv∈V \UM−1
G(v)

10 if G(vt) ≤ termination threshold ρ then
11 break
12 UM ← UM−1 ∪ {vt}

B. Formation Optimization

Upon the UAV-sensor allocation through Alg. 1, we now
address the optimal spatial formation to maximize the FOV
coverage without FIM loss. While the selected UAVs and sen-
sors provide theoretically optimal target localization accuracy,
their initial geometric allocation may exhibit significant FOV
gaps and communication interference that compromise opera-
tional robustness in dynamic SAR scenarios. This subsection
introduces an equivalent transition framework that preserves
the fundamental perception accuracy (the FIM determinant)
while strategically reconfiguring UAV positions to maximize
FOV coverage completeness and communication quality.

To ensure continuous target tracking during surveillance
operations, FOV coverage constitutes a critical performance
metric beyond mere perception accuracy. An optimal for-
mation must not only maintain target observability but also
provide spatially balanced observation perspectives to mitigate
occlusion risks and accommodate potential target maneuvers.
We model each UAV’s FOV coverage as a rectangular pyra-
midal frustum determined by three geometric parameters:
maximum perception range dmax, horizontal FOV (HFOV)
γ, and vertical FOV (VFOV) κ. Crucially, dmax denotes the
effective sensing range. It is physically constrained by the
minimum resolution that the onboard sensors require relative
to the target’s physical dimensions. Thus, the selection of
dmax implicitly accounts for the expected sizes of characteristic
objects, such as humans or vehicles, within the specific SAR
task context. The current FOV model assumes an unobstructed
LoS; terrain- and vegetation-induced occlusions can be incor-
porated by introducing a probabilistic LoS coefficient into the

global FIM and by inflating the covariance Q, which we leave
as a model extension. Fig. 3 presents the pyramidal frustum-
based FOV demonstration.

Fig. 3: Demonstration of FOV.

To capture fine-grained perception gains, we measure the
coverage quality using a quality-weighted coverage metric that
explicitly reflects viewing geometry and observation range.
Then, we discretize the horizontal space surrounding the target
into N equally spaced azimuth directions represented by unit
vectors nk = [cosϕk, sinϕk, 0]

T , where ϕk = 2πk/N for
k = 0, 1, · · · ,N − 1. The number of sampled directions N
is determined by the required angular resolution. Denote φi,k

the angular deviation between the discrete direction nk and
the i-th UAV’s horizontal observation vector Pxy

i/tar:

φi,k = arccos

(
nk · Pxy

i/tar

∥Pxy
i/tar∥

)
. (25)

In practical optical and LiDAR sensors, perception quality
degrades gracefully as the target deviates from the optical
center and as the relative distance increases. Thus, we de-
fine a continuous quality-weighted coverage intensity q(i, k)
contributed by UAV i to direction nk:

q(i, k) =


exp

(
−φ2

i,k

2σ2
γ

)
· d2

ref
∥Pi/tar∥2 ,

if φi,k ≤
γi
2

and ∥Pi/tar∥ ≤ dmax

0, otherwise

,

(26)
where σγ controls the Gaussian sensitivity of perception degra-
dation off the optical axis, and dref is a normalizing reference
distance. Physically, this intensity metric models the sensor-
specific detection reliability and spatial resolution capacity,
explicitly capturing the confidence drop at the periphery of
the FOV. For each discrete direction nk, the total coverage
intensity is the superposition of contributions from all M
deployed UAVs (obtained from Alg. 1):

Φ(nk) =

M∑
i=1

q(i, k). (27)

To explicitly penalize completely uncovered directions
(blind spots) and promote coverage integrity, we introduce a
penalty multiplier ξ:

ξ = 1− Nuncovered

N
, (28)

where Nuncovered =
∑N−1

k=0 I(Φ(nk) = 0) denotes the count
of directions receiving absolutely zero coverage, with I(·)
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being the indicator function. Finally, the comprehensive FOV
coverage metric Γ is formulated as:

Γ = ξ ·

(
1

N

N−1∑
k=0

Φ(nk)

)
. (29)

Here the 1/N normalization yields an average quality-
weighted intensity, while the penalty multiplier ξ ∈ [0, 1]
scales down the score whenever blind spots exist, driving the
optimization toward seamless spatial coverage.

Given the initial UAV set UM from Alg. 1, we formulate
the formation optimization problem to maximize FOV cov-
erage while preserving perception performance. Crucially, we
leverage the geometric symmetry of the observation manifold
to perform formation transition. A central symmetry transi-
tion relocates a UAV to the antipodal position relative to
the target, achieved by reversing all relative coordinates and
shifting θi → θi + π. Such a transition alters the signs of
specific rows in the observation Jacobian Oi, represented by
a diagonal sign matrix Si containing ±1 on its diagonal, so
that the transformed Jacobian is O′

i = SiOi. Substituting
the reversed coordinates and θi → θi + π into the camera
Jacobian (Eq. (4)) yields Scam = diag(−1, +1); likewise, for
the LiDAR Jacobian (Eq. (13)), the same substitution yields
Slidar = diag(−1, −1, +1). The updated FIM becomes:

F ′
i = (SiOi)

TQ−1(SiOi) = OT
i (S

T
i Q

−1Si)Oi. (30)

The invariance of the aggregated FIM relies on the two
independence assumptions established in Sec. III-B. First, the
measurement covariance Q is strictly diagonal; since diagonal
matrices commute, ST

i Q
−1Si = Q−1 holds (ST

i Si = I),
preserving the per-UAV FIM (F ′

i = Fi). Second, statistically
independent cross-UAV noise ensures the aggregated FIM
remains the linear sum of per-UAV FIMs, preserving global
invariance [5]. Consequently, this central-symmetry reconfigu-
ration is a mathematically exact operation that improves FOV
coverage and communication topology without sacrificing the
CRLB. If these conditions are violated (non-diagonal covari-
ance, correlated noise, or large calibration errors), the exact
cancellation degrades into a near-optimal heuristic. Hence, the
optimization problem is:

(P2) : max
Pi∈Ωsym(UM )

Γ

s.t. ηSINR
i ≥ ηSINR

min , ∀i ∈ UM

, (31)

where ηSINR
min is the minimum required SINR ratio for reliable

wireless communication. Ωsym(UM ) is the discrete space
of equivalent formations generated by applying the central
symmetry transition to any subset of UAVs in UM .

To address the combinatorial complexity of evaluating all
2M possible flip allocations for M UAVs, we develop an
efficient search strategy based on azimuth sector partitioning.
The algorithm first computes the yaw angle θi of each UAV
with respect to the target. Since each UAV is assumed to face
the target, the yaw angle is determined by the bearing from
the UAV to the target:

θi = atan2(ytar − yi, xtar − xi) , (32)

where atan2(y, x) denotes the two-argument arctangent func-
tion, which returns the angle of the vector (x, y) in the
full range (−π, π] and correctly handles all quadrants. These
angles are then partitioned into K sectors according to:

sectori = ⌊
θi

2π/K
⌋. (33)

Within sectors containing multiple UAVs (typically exhibiting
high coverage overlap), we prioritize flipping operations for
UAVs that yield the greatest marginal improvement in Γ while
satisfying the SINR constraint.

Alg. 2 details this formation optimization procedure, which
systematically evaluates candidate flips while pruning the
search space through sector-based constraints. This approach
efficiently identifies the UAV formation that maximizes FOV
coverage completeness without compromising perception ac-
curacy or communication reliability.

Algorithm 2: FOV-oriented Formation Optimization

1 Input: Formation U from Alg. 1, target position pt

2 Output: Optimal formation U∗

3 U∗ ← U , T ∗ ← Γ(U)
4 for each ui ∈ U do
5 θi ← atan2(ytar − yi, xtar − xi),
6 sectori ← ⌊ θi

2π/K ⌋

7 for each sectork with multiple UAVs do
8 for each ui ∈ sectork do
9 U ′ ← Flip(U, ui),

10 T ′ ← Γ(U ′)
11 if ηSINR(U ′) ≥ ηSINR

min and T ′ > T ∗ then
12 U∗ ← U ′

13 T ∗ ← T ′

C. Flight Control

Building upon the optimal FOV formation derived in Sec.
IV-B, this subsection addresses the challenge of transitioning
the UAV swarm from its initial position to the desired geomet-
ric formation P∗ = [P∗

1 ,P∗
2 , · · · ,P∗

m]T while ensuring energy
efficiency, trajectory smoothness, and asymptotic stability.
Conventional control approaches often prioritize rapid conver-
gence at the expense of energy consumption and maneuver
aggressiveness. In contrast, we develop a Lyapunov-based
distributed control framework that systematically balances
formation accuracy with operational efficiency. The proposed
control architecture incorporates a logarithmic potential field
to bound control authority during large formation errors,
thereby preventing excessive maneuvers while guaranteeing
global asymptotic stability.

At the beginning, we model each UAV’s dynamics using a
double integrator system:

Ṗi(t) = vi(t), (34)

miv̇i(t) = ui(t), (35)
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where Pi, vi, and mi represent the position, velocity, and mass
of the i-th UAV, respectively, and ui(t) denotes the control
input. Additionally, the desired formation is characterized by
target relative displacements dij between neighboring UAV
pairs (i, j), satisfying P∗

i − P∗
j = dij where dij = −dji.

Then, the formation error between UAVs i and j is defined
as:

eij(t) = Pi(t)− Pj(t)− dij , (36)

where P∗
i indicates the desired position of the i-th UAV.

The formation objective requires eij → 0 for all connected
pairs. The communication topology is denoted by a connected
undirected graph G, with Mi, the neighbor set of UAV i.

Based on these dynamics, we design the control scheme in
a leader-follower structure and then verify its stability via a
Lyapunov argument. Specifically, a designated leader UAV L
incorporates trajectory tracking capability, while the follower
UAVs execute distributed formation control. The proposed
control scheme is formulated as:

ui =


− k1

∑
j∈ML

eLj

1 + ∥eLj∥2

− k2vL − kp(PL − Pdes
L ),

i = L,

−k1
∑

j∈Mi

eij

1+∥eij∥2 − k2vi, i ̸= L,

(37)

where Pdes
L represents the leader’s desired absolute position

(determined by the tracked target), and k1, k2, kp > 0 are
positive control gains. The stability of the closed-loop system
is established using Lyapunov theory. Consider the candidate
Lyapunov function:

L =
k1
2

∑
(i,j)∈G

ln(1 + ∥eij∥2) +
∑
i

1

2
∥vi∥2

+
kp
2
∥PL − Pdes

L ∥2.
(38)

This positive definite function combines three key com-
ponents: (i) a logarithmic potential field ln(1 + ∥eij∥2) that
bounds control authority during large formation errors, pre-
venting excessive maneuvers; (ii) a velocity damping term
∥vi∥2 that suppresses oscillations and ensures smooth velocity
profiles; (iii) a trajectory tracking component kp

2 ∥PL−Pdes
L ∥2

for the leader UAV L. Together, these elements synergistically
balance convergence speed with energy efficiency while guar-
anteeing formation accuracy. Hereafter, differentiating Eq. (38)
with respect to time yields:

L̇ = k1

M∑
i=1

 ∑
j∈Mi

eij
1 + ∥eij∥2

T

vi

+

M∑
i=1

vT
i ui + kp(PL − Pdes

L )TvL.

(39)

Substituting the control law (Eq. (37)) into Eq. (39), the
formation-error term and the leader-tracking term cancel iden-
tically for any k1, k2, kp > 0, yielding:

L̇ = −k2
M∑
i=1

∥vi∥2 ≤ 0. (40)

By LaSalle’s invariance principle [26], the system is glob-
ally asymptotically convergent, ensuring all UAVs converge
to their designated positions in the desired formation. The
logarithmic potential field in the Lyapunov function specif-
ically optimizes trajectory smoothness by preventing control
saturation during large formation errors, thereby minimizing
energy-intensive maneuvers while maintaining precise forma-
tion tracking. This design achieves an optimal balance be-
tween formation accuracy, trajectory smoothness, and energy
efficiency for UAV swarm operations.

V. NUMERICAL SIMULATION

This section numerically validates the proposed framework
along three modules: the UAV-sensor allocation, the FOV-
oriented optimal formation, and energy-efficient flight control.
It quantifies its improvements over conventional benchmarks
under practical constraints of communication interference,
energy limitations, and hardware budgets.

All experiments were conducted on an Ubuntu 24.04 work-
station with an Intel Core i7-13650HX CPU, 24 GB DDR5
RAM, and an NVIDIA RTX 4060 GPU, using Python 3.12.
The task-level validation (Section V-D) used Gazebo 11.10
with ROS Noetic.

To ensure reproducibility, the critical simulation settings are
listed in Tab. I. The key parameters governing the optimization,
communication, and control layers are explicitly defined. The
objective weighting coefficients (w1, w2) prioritize perception
information gains during initial iterations while penalizing
redundant hardware allocation. For the greedy selection al-
gorithm, the termination threshold (ρ) is calibrated to balance
perception accuracy with system overhead. Furthermore, the
flight control gains (k1, k2, kp) were optimized via grid search
to guarantee smooth formation transitions.

TABLE I: Key Simulation Parameters

Parameter Description Symbol Value

Maximum candidate UAVs Mmax 10
Target velocity vector vtar [0.5, 0.3, 0.0]T m/s
UAV mass mi 1.0 kg
FOV azimuth evaluation step ∆ϕ 10◦ (36 directions)
Carrier frequency fc 2.4 GHz
Transmit power Pt 20 dBm
Minimum SINR threshold ηSINR

min 10 dB
Path loss exponent α 2.0
Noise power σ2 -110 dBm
Camera focal length fx, fy 381.0 pixels
LiDAR measurement covariance Qlidar diag(0.1, 0.02, 0.015)
Camera measurement covariance Qcam diag(6, 6)
FOV limits γ, κ 50◦, 40◦

Angular discretization step ∆β, ∆δ 10◦, 10◦

Sensor hardware cost Ccam, Clidar 0.7, 2.5
Azimuth sector count K 8

Objective weighting coefficients w1, w2 0.18, 0.20
Greedy termination threshold ρ 0.17
Coverage metrics σγ , dref 25◦, 10 m
Flight control gains k1, k2, kp 4.0, 1.5, 10.0

A. UAV-Sensor Allocation

We implemented the proposed greedy algorithm detailed
in Sec. IV-A to determine the optimal allocation of UAVs
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Fig. 4: Convergence of the greedy UAV-sensor allocation. Top:
log det(F) saturates as the number of UAVs increases. Bottom: the
net marginal gain diminishes accordingly, confirming the submodu-
larity of the objective.

Fig. 5: Performance between multi- and single-modal formation.

and sensor modalities. The objective function maximizes
log detF(C), while incorporating penalty terms for resource
consumption E comm and hardware budgets Csensor.

Fig. 4 shows the convergence of the Alg. 1. As expected
from the submodular property of the FIM determinant, the
perception accuracy shows diminishing returns as the number
of UAVs of the formation increases. This result justifies
the termination criterion for the greedy algorithm (Alg. 1).
Alg. 1 yields an optimal UAV-sensor allocation comprising
four camera-equipped UAVs and two LiDAR-equipped UAVs.
The corresponding formation geometry is visualized in Fig. 9a,
with parameters provided in Tab. II.

Fig. 5 provides the performance comparison between mul-
timodal and single-modal formation by applying Alg. 1.
Here, the multimodal case allows both cameras and Li-
DARs, whereas the single-modal case restricts UAVs to those
equipped only with cameras or LiDARs. The optimal multi-
modal formation attains a log det(F) of 16.48 with only 6
UAVs (2 LiDARs, 4 cameras). However, the LiDAR-only and
camera-only allocations reach 16.30 (4 LiDARs) and 16.15 (7
cameras). This shows that multimodal formation can improve
perceptual accuracy through the sensor diversity.

Furthermore, we benchmark Alg. 1 against a Monte Carlo
(MC) search and Particle Swarm Optimization (PSO). Here,
PSO is initialized with 30 particles over 50 iterations, and
the MC search is configured with 50 independent stochastic
trials. The reported MC and PSO results are averaged over
30 independent runs to account for stochastic variability; the

proposed greedy algorithm is deterministic and thus requires
a single execution. As illustrated in Fig. 6, our approach
locates a highly precise solution (log det(F) = 16.48) in
just 2.3 seconds. Conversely, PSO prematurely converges to
a suboptimal local maximum (≈ 16.44) after 3.5 seconds,
and the MC search plateaus at a comparable sub-optimal
bound even after 20.0 seconds. Evaluated on the pure FIM
objective f(U) = log detF , Alg. 1 satisfies the (1 − 1/e)-
approximation bound (16.482 > 12.57) compared to the
global optimum (19.884) obtained via exhaustive search. Our
proposed algorithm bypasses both combinatorial explosion and
local optima traps, making it highly suitable for real-time
SWaP-constrained UAV deployments.

To analyze the sensitivity to discretization, we conducted
comparative experiments with varying angular resolutions.
As shown in Fig. 7, the coarse discretization (e.g., ∆β =
60◦,∆δ = 30◦) fails to identify optimal allocations, resulting
in degraded perception accuracy. The moderate discretization
(e.g., ∆β = 10◦,∆δ = 10◦) achieves an optimal balance
between computational efficiency and solution quality. No-
tably, elevation angle discretization shows greater influence
on accuracy than azimuth discretization, providing practical
guidance for real-world implementations.

In practical, minor timing misalignments and extrinsic
calibration offsets are characterized as zero-mean additive
perturbations that inflate the baseline measurement covariance
matrices (Qcam and Qlidar). To evaluate this impact, an equiv-
alent noise inflation factor is applied to scale the covariance
matrices from a 1.0x ideal baseline to a 2.0x extreme uncer-
tainty condition. Test A (Fixed Baseline Config.) where the
optimal formation is derived at the 1.0x baseline, and Test B
(Re-optimized Config.) where the algorithm re-computes the
optimal formation under the inflated noise. Fig. 8 gives the
cumulative information gain that is quantified by log det(F).
This exhibits a predictable degradation (from 16.48 down to
12.32) as the equivalent noise intensifies.

Remarkably, the performance degradation curves from both
tests coincide. The dynamic re-optimization in Test B confirms
that the optimal sensor allocation remains strictly invariant
(comprising 2 LiDARs and 4 cameras) across the entire noise
spectrum. The performance equivalence between the static
and re-optimized topologies indicates that the original optimal
formation retains a robust information geometry within the
evaluated noise range. Consequently, within the evaluated
range of equivalent diagonal covariance inflation, the swarm
maintains its optimal formation topology without necessitating
immediate spatial reconfigurations.

TABLE II: UAV formation settings

UAV ID Sensor Azimuth (◦) Elevation (◦) Position (x, y, z)

1 LiDAR 40.0 160.0 (−7.2,−6.0, 3.4)
2 LiDAR 130.0 20.0 (−6.0, 7.2, 3.4)
3 Camera 0.0 160.0 (−9.4,−0.0, 3.4)
4 Camera 100.0 20.0 (−1.6, 9.3, 3.4)
5 Camera 50.0 160.0 (−6.0,−7.2, 3.4)
6 Camera 140.0 160.0 (7.2,−6.0, 3.4)
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Fig. 6: Computational Efficiency Comparison: Proposed Greedy
Algorithm vs. Monte Carlo and PSO Benchmarks

Fig. 7: Effect of Angular Discretization on Perception Performance

B. FOV-oriented Formation Performance

Upon the UAV-sensor allocation derived in Sec. V-A, Alg. 2
employs sector-constrained flipping operations (with K = 8
azimuthal sectors) to explore the equivalent formation space
while maintaining computational tractability. Fig. 9b shows the
optimal formation for aerial target tracking. Alg. 2 successfully
transforms the initial UAV-sensor allocation into a FOV-
oriented formation that eliminates coverage blind spots while
preserving the FIM determinant. This spatial reconfiguration
shows how equivalent geometric transitions can improve task
effectiveness without compromising theoretical bounds.

For ground SAR scenarios, terrain constraints preclude UAV
deployment below the target plane. To address this practical
limitation, we implement a Z-axis reflection transition that
repositions all UAVs to the feasible half-space while main-

Fig. 8: Dual-track sensitivity of log det(F) under equivalent noise
inflation from 1.0× to 2.0×, for the fixed-baseline (Test A) and re-
optimized (Test B) configurations.

taining formation integrity. Although this constrained transi-
tion introduces a marginal reduction in sensing accuracy, the
resulting allocation (Fig. 9c) achieves significantly enhanced
FOV coverage and communication reliability compared to the
initial allocation.

Moreover, Tab. III provides a performance comparison
between our proposed formation and a benchmark uniform
enclosure allocation. Since Alg. 2 reconfigures the initial UAV-
sensor allocation from Alg. 1 through the equivalent transition,
the FOV and SINR gains reported against Alg. 1 reflect the
effect of this transition alone, with the FIM determinant held
fixed. The uniform enclosure (Bch.) places the same 6 UAVs
(two LiDARs and four cameras) evenly around the target as an
external geometric baseline, so that every reported percentage
stems from formation geometry rather than resource endow-
ment. For aerial targets, the optimal formation (Alg. 2) main-
tains the FIM log-determinant (Alg. 1) at 16.48 (superior to the
uniform enclosure’s 16.124), while simultaneously achieving
a 25.0% improvement in FOV coverage metric Γ (increasing
from 0.61 (Alg. 1) to 0.76 (Alg. 2)). Most significantly, the
average SINR increases by 104.2% (from 6.97 (Alg. 1) to
14.23 dB (Alg. 2)), with the minimum SINR rising from 1.78
dB (Alg. 1) to 11.51 dB (Alg. 2), thereby ensuring reliable
communication across the entire formation control.

In ground target scenarios, the Z-axis reflection transition
yields a log-determinant of 16.414, marginally lower than
the aerial target allocation but still exceeding the uniform
enclosure’s 16.241. The FOV coverage metric reaches 0.76,
surpassing the uniform enclosure’s 0.74, while the average
SINR improves by 97.3% relative to the initial state (reach-
ing 13.78 dB). Although slightly lower than the uniform
enclosure’s 14.54 dB, this SINR level remains well within
operational requirements for reliable data transmission.

TABLE III: Performance of different formations

Metric Alg1 Alg2 (Air) Alg2 (Gnd) Bch. (Gnd) Bch. (Air)

log det(F) 16.48 16.48 16.41 16.24 16.12
Γ 0.61 0.76 0.76 0.74 0.74
Avg. SINR 6.97 14.23 13.78 14.54 14.92
Min. SINR 1.78 11.51 11.02 12.46 12.89

Note: Alg1 is the formation from Alg. 1; Alg2 is the formation from Alg. 2
(Air/Ground); Bch.: Uniform enclosure formation (Ground/Air).

These results show that formation geometry optimization
can simultaneously enhance multiple performance metrics,
i.e., coverage completeness, communication reliability, and
preservation of sensing accuracy. This supports our hypothesis
that 3D spatial formation is an important rather than incidental
component in multimodal swarm perception systems.

C. Flight Control Efficiency

To validate the theoretical stability and energy efficiency of
the proposed Lyapunov control in Sec. IV-C, we conducted
simulations involving three distinct control strategies: (1) the
proposed Lyapunov control with logarithmic potential func-
tion, (2) the conventional Lyapunov control with quadratic po-
tential function, and (3) the classical Artificial Potential Field
(APF) method. The simulation scenario includes a formation
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(a) (b) (c)

Fig. 9: Heterogeneous UAV formation allocations (four camera-equipped UAVs as blue circles, two LiDAR-equipped UAVs as green triangles,
target as red star): (a) initial formation produced by Alg. 1; (b) formation for an aerial target; and (c) formation for a ground target.

(a) (b) (c)

Fig. 10: 3D trajectory evolution of the six UAVs during formation transition under (a) the proposed logarithmic-potential controller, (b) the
quadratic-potential controller, and (c) the classical APF method. Purple star, dashed line, and diamond represent the target initial position,
trajectory, and final position, respectively. Circles denote the UAV initial positions. Squares (labeled 1–6, matching Tab. II) denote the final
positions. Gray lines represent the target formation. Blue and orange point represent the LiDAR UAVs and camera UAVs, respectively.

comprising 6 UAVs (M = 6) with the optimal allocation de-
rived from Alg. 2. All three controllers are deterministic under
fixed initial conditions; the reported metrics correspond to a
single execution per method. To emulate a dynamic tracking
of SAR operations, the formation tracks a maneuvering target
trajectory Pdes

L (t) with continuous velocity and directional
variations. Moreover, all three flight control schemes share the
same target formation and the same target reference trajectory,
so that the reported differences stem solely from the control
scheme. Here, the quadratic control scheme is:

ui =


−k1

∑
j∈Mi

(eij)− k2vi − kp(Pi − Pdes
i ), i = L,

−k1
∑

j∈Mi

(eij)− k2vi, i ̸= L,

(41)

where L is the indicator of the leader UAV. In contrast, the
APF method applies an attractive force guiding the UAV
toward the desired position and a repulsive force for collision

avoidance. The total APF force input is:

ui = −ka(Pi−P∗
i )+

∑
j∈Mi

kr

(
1

∥Pij∥
− 1

d0

)
Pij

∥Pij∥3
−k2vi,

(42)
where Pij = Pi−Pj and d0 is the distance of safe separation.
The middle repulsive term is only active when ∥Pij∥ < d0
and evaluates to zero when ∥Pij∥ ≥ d0. Furthermore, ka and
kr are the attractive and repulsive gains. k2 is the velocity
damping gain to suppress oscillations.

TABLE IV: Performance of different flight control

Metric Logarithmic Quadratic Classical APF

Avg. Distance (m) 15.62 29.60 19.40
Avg. Velocity Err. 0.678 1.736 0.883
Max. Velocity Err. 7.666 8.907 10.865

Avg. Final Pos. Err. (m) 0.056 0.085 0.107
Etotal (m2/s3) 437.7 2858.8 1043.5

Tab. IV summarizes the performance metrics during the
formation transition. To evaluate control efficiency, the total
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(a) (b) (c)

Fig. 11: 3D position error evolution (X , Y , Z) of the six UAVs during formation transition under (a) the proposed logarithmic-potential
controller, (b) the quadratic-potential controller, and (c) the classical APF method. Solid lines: LiDAR UAVs; dashed lines: camera UAVs.

control effort Etotal over the transition period T is defined as:

Etotal =

M∑
i=1

∫ T

0

|ui(t)|2 dt, (43)

where Etotal measures the integral-square control input. Be-
cause actuator power scales monotonically with ∥ui(t)∥2, a
reduction in Etotal directly translates to lower propulsion en-
ergy consumption, though the proportionality constant depends
on platform-specific aerodynamic and motor efficiency param-
eters. Minimizing Etotal involves a dual-factor optimization:
suppressing the instantaneous control magnitude ∥ui(t)∥2 and
reducing the total time T . The proposed logarithmic control
scheme achieves both: its bounded control authority yields a
smooth, near-constant velocity profile that restricts ∥ui(t)∥2,
while the shortest travel trajectory proportionally reduces T .

The empirical results substantiate this dual-factor efficiency.
Regarding T , the proposed method achieves the shortest
average travel distance of 15.62 m, a 47.2% reduction over the
quadratic controller (29.60 m) and 19.5% over the classical
APF (19.40 m). Regarding the control magnitude, it attains
an average velocity error of 0.678 m/s and a maximum of
7.666 m/s, lower than the quadratic (1.736 and 8.907 m/s) and
APF (0.883 and 10.865 m/s) methods, alongside the smallest
final position error of 0.056 m. Combining both factors, the
control effort Etotal evaluated from the recorded inputs is
only 437.7 m2/s3 for the proposed method—an 84.7% and
58.1% reduction over the quadratic and APF baselines. It
confirms that the logarithmic control scheme lowers control
effort and, consequently, propulsion energy consumption, not
only by shortening the trajectory but also by bounding the
instantaneous control magnitude ∥ui(t)∥2.

Fig. 10 shows the 3D trajectory evolution with various
control schemes. The proposed logarithmic scheme (Fig. 10a)
exhibits smooth convergence without oscillatory behavior. In
contrast, both the quadratic (Fig. 10b) and APF scheme
(Fig. 10c) have pronounced oscillations during the transient

(a) Perspective view (b) Top-down view

Fig. 12: Gazebo settings: (a) perspective view; (b) top-down view of
the optimal formation (two LiDARs and four cameras).

TABLE V: Runtime of three modules

Module Setting Runtime

UAV-sensor allocation |V | = 1368 2.30 s
Formation optimization M = 6 1.13 s
Flight-control update M = 6, per step 1.11 ms

phase. These oscillations necessitate additional corrective ma-
neuvers that increase energy consumption and flight instability.

The position error dynamics in Fig. 11 provide further
evidence of the proposed (logarithmic) control scheme’s ad-
vantages. The proposed scheme achieves monotonic error re-
duction across all three spatial dimensions with minimal fluc-
tuations, whereas both comparative methods exhibit significant
oscillatory behavior before reaching steady state. While main-
taining comparable convergence rates to the quadratic scheme,
our approach eliminates the high-frequency oscillations that
characterize conventional methods during the transient phase.
This smooth error evolution directly contributes to reduced
control effort, as evidenced by the lower maximum velocity
error, and minimizes energy-intensive maneuvers.

Finally, we assess the real-time feasibility of the three
modules. As reported in Tab. V, the one-shot allocation and
formation-optimization steps complete within a few seconds,
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(a) Camera image (b) LiDAR point cloud

Fig. 13: Example raw sensor data in Gazebo: (a) RGB image from a
camera-equipped UAV; (b) Point cloud from a LiDAR-equipped UAV.

while the continuously running flight-control update takes only
1.11 ms per step, far exceeding the 50–100 Hz rate of prac-
tical controllers. Since the flight-control scheme requires only
lightweight vector operations with a small memory footprint, it
suits resource-constrained embedded controllers, whereas the
one-shot steps can be executed pre-flight or on edge servers.

D. Task-Level Validation via Gazebo

While the preceding evaluations validate the proposed
framework through the information-optimal metric log det(F),
we further conduct a high-fidelity, task-level validation in the
Gazebo simulation environment to bridge the gap between
the geometric optimality and the cooperative perception per-
formance. Typically, Gazebo is a widely adopted robotics
simulator that provides a high-fidelity physics engine and
photorealistic sensor rendering, enabling realistic emulation
of UAV dynamics, camera imaging, and LiDAR point-cloud
acquisition. It thus offers a faithful testbed for evaluating
multi-UAV cooperative perception prior to costly physical
deployment. To this end, we deploy the information-optimal
formation derived from our framework into a photorealistic
Gazebo world, where the 6 UAVs cooperatively perceive a
ground target. Fig. 12 illustrates the constructed scenario from
two complementary viewpoints: a perspective view depicting
the realistic sensing environment (Fig. 12(a)), and a top-down
view showing the optimal formation geometry around the
target (Fig. 12(b)). Fig. 13 shows raw observations captured by
a camera-equipped and a LiDAR-equipped UAV, respectively.
The multi-view fusion is performed using a distributed multi-
view learning backbone [27], where each UAV provides a
single modality according to its onboard sensor: the two
LiDAR UAVs encode their point clouds with PointNet, while
the four camera UAVs encode their images with DenseNet121.
The resulting 6 modality embeddings are then aggregated by
a graph convolutional integrator to produce the final output.
The perception task is target recognition: given the fused
multimodal observations, the formation identifies the target.

To reflect adverse real-world conditions, we inject additive
Gaussian noise into the raw images and point clouds produced
by the Gazebo sensors, thereby corrupting the inputs to the
cooperative perception. Note that this data-level perturbation
is distinct from the measurement covariance Q in Tab. I: the
latter characterizes the per-measurement statistical precision
used in the FIM-based formation selection, whereas the former
is applied to the raw sensor data to stress-test the end-to-end
perception pipeline.

TABLE VI: Perception accuracy in Gazebo.

Image Noise Point-Cloud Noise
Hemispherical Optimal

mean std mean std

S1 0.04 0.02 0.02 0.05 82.0% 94.4%
S2 0.06 0.02 0.04 0.05 61.0% 73.3%

Hereafter, we evaluate the system under two test scenarios
with progressively higher noise intensities. In Scenario 1 (S1),
the image noise has mean 0.04 and standard deviation 0.02,
while the point cloud noise has mean 0.02 and standard
deviation 0.05. In scenario 2 (S2), both noise sources are
further intensified, with the image noise mean raised to 0.06
and the point-cloud noise mean raised to 0.04, while the
standard deviations remain at 0.02 and 0.05, respectively.

Under these settings, we benchmark the perception accuracy
of the proposed optimal formation against 100 hemispherically
sampled formations drawn from the same discrete candidate
set V defined in Sec. IV-A, each consisting of 6 UAVs drawn
under the identical heterogeneous sensor budget (two LiDARs
and four cameras). For a fair comparison, each formation is
evaluated over 10 independent noise realizations per scenario,
with all formations sharing the same set of noise seeds so that
any performance difference is attributable solely to formation
geometry. As summarized in Tab. VI, Scenario 1 shows that
the optimal formation attains an accuracy of 94.4%, surpassing
the average of the hemispherical formations (82.0%) by 12.4
percentage points (a relative improvement of approximately
15.2%). In Scenario 2, the optimal formation still reaches
73.3%, outperforming the hemispherical formations (61.0%)
by 12.3 percentage points (a relative improvement of ap-
proximately 20.2%). These task-level results confirm that the
information-optimal geometry captures more discriminative
multimodal features, yielding higher perception accuracy un-
der noisy sensing conditions, with the benefit amplifying as
observation quality deteriorates.

VI. CONCLUSION

This paper has shown that 3D formation geometry is an
important rather than incidental design variable in multimodal
UAV swarm cooperative perception during the active target
tracking phase. By developing an information-optimal frame-
work grounded in FIM determinant maximization, we jointly
optimized heterogeneous sensor allocation, spatial allocation,
and flight trajectory control. The framework integrates a
submodular greedy algorithm that empirically satisfies the
(1 − 1/e)-approximation bound on the FIM objective, an
equivalent formation transition that enhances FOV coverage
by 25.0% and communication SINR by 104.2% without sac-
rificing sensing accuracy, and a Lyapunov-stable logarithmic-
potential controller that reduces control effort by 84.7% over
a quadratic-potential baseline. Upon noise-injection scenar-
ios, the proposed formation improves perception accuracy
by approximately 15.2% and 20.2% over 100 hemispherical
formations from the same candidate set. While these evalu-
ations provide supporting evidence for the framework, high-
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fidelity simulation is not a substitute for physical deployment:
real flight turbulence, on-board calibration, battery limits,
and outdoor communication instability remain unmodeled.
To facilitate reproducibility, the algorithm implementation is
publicly available at https://github.com/wuxingyu1231z
/FIM-UAV-Multimodal-Formation-Optimization. Future
research will focus on hardware-in-the-loop flight experiments
and adaptive formation reconfiguration under dynamic envi-
ronmental occlusions.
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