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Abstract—Cooperative sensing with uncrewed aerial vehicles
(UAVs) is a key enabler for low-altitude wireless networks
(LAWNs), where sensing accuracy critically depends on the
spatial configuration of the UAV formation. In this paper, we
study formation design and control for CramérRao lower bound
(CRLB)-optimal cooperative target sensing. We first establish
a sensing performance model based on range measurements
and derive the Fisher information matrix (FIM) of the target
location. By adopting the A-optimality criterion, we analytically
characterize the formation geometry that minimizes the CRLB
of the estimation error. The optimal formation is shown to
exhibit isotropic Fisher information in the horizontal plane, for
which a regular polygon constitutes a symmetric CRLB-optimal
geometry, with the elevation angle determined by the tradeoff
between path loss and geometric diversity. Building on this
result, we further develop a distributed formation control strategy
that steers UAVs from arbitrary initial deployments toward
the sensing-optimal configuration while maintaining formation
motion and obstacle avoidance. Numerical results demonstrate
that the proposed scheme consistently outperforms benchmark
formations in terms of CRLB and achieves reliable convergence
under practical constraints.

Index Terms—Low-altitude wireless networks, cooperative
sensing, CRLB, formation geometry, distributed formation con-
trol.

I. INTRODUCTION

Low-altitude wireless networks (LAWNs) based on un-
crewed aerial vehicles (UAVs) have emerged as a flexible plat-
form for sensing, communication, and intelligence acquisition
in applications such as surveillance and emergency response.
Owing to their mobility and adaptive deployment capability,
UAV swarms can cooperatively observe targets from multiple
spatial perspectives, thereby significantly enhancing sensing
accuracy compared with a single platform [1], [2].
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In cooperative UAV sensing, the relative geometry among
sensing nodes plays a fundamental role in determining estima-
tion performance [3]. Even with identical sensing hardware
and transmit power, different spatial formations can yield
substantially different information gains due to geometric
dilution and angular diversity. As a result, geometry-aware
deployment has become a key issue in UAV-enabled sensing
systems, particularly in LAWNs, where path-loss effects and
limited onboard resources further amplify the impact of spatial
configuration. A principled way to quantify sensing perfor-
mance is through the Cramér-Rao lower bound (CRLB), which
links the minimum achievable mean-squared error (MSE)
to the Fisher information matrix (FIM). For example, [4]
analytically characterized optimal sensor placement for time-
of-arrival (ToA)-based localization by deriving closed-form
CRLB-optimal geometries. To transition from static placement
to dynamic environments, recent work has optimized UAV
trajectories to minimize the CRLB for cooperative target track-
ing in LAWNs [5]. However, existing literature predominantly
focuses on isolated sensor positioning or individual trajectory
planning, leaving a gap in how multiple UAVs should co-
operatively achieve and sustain a sensing-optimal geometric
configuration. Furthermore, real-world sensing missions must
navigate practical operational constraints, such as coordinated
motion and obstacle avoidance [6]. In these complex en-
vironments, reliable sensing performance depends not only
on instantaneous spatial geometry but also on the swarm’s
ability to dynamically converge to a targeted formation. These
challenges limit the direct applicability of static placement,
underscoring the critical need for formation designs and dis-
tributed control mechanisms that jointly guarantee geometric
optimality, swarm coordination, and flight safety.

Motivated by the above, this paper investigates optimal
sensing-oriented formation design and distributed control in
LAWNs. In contrast to existing approaches, our focus is on
jointly characterizing the sensing-optimal formation geometry
and realizing it through distributed coordination under physical
safety constraints. The main contributions of this paper are
summarized as follows:

• We analytically characterize the sensing-optimal forma-
tion, showing that the CRLB is minimized when the FIM
is isotropic, yielding a regular polygon geometry with
a common elevation angle determined by the tradeoff
between path-loss effects and geometric conditions.

• Subsequently, a distributed formation control strategy
is developed to steer UAVs from arbitrary initial de-
ployments toward the desired formation while ensuring
coordinated motion and obstacle avoidance using only
local neighbor information.
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• Simulation results are provided to demonstrate that the
proposed formation design and control strategy consis-
tently outperform benchmark configurations in terms of
CRLB and formation convergence behavior.

The rest of this paper is organized as follows. Sec. II introduces
the system model, while Sec. III derives the optimal UAV
formation geometry based on CRLB analysis. Sec. IV presents
the distributed formation control strategy. Numerical results
are provided in Sec. V, followed by conclusions in Sec. VI.

Notations: Bold lowercase and uppercase letters denote
vectors and matrices, respectively. The operators (·)T, ∥ · ∥,
tr(·), and ⊗ represent transpose, Euclidean norm, matrix trace,
and Kronecker product, respectively. Moreover, In, 0, and
1n denote the identity matrix, zero vector, and all-one vector
of appropriate dimensions. The notation N (µ,Σ) denotes a
Gaussian distribution with mean µ and covariance Σ.

II. SYSTEM MODEL

As illustrated in Fig. 1, we consider a typical LAWN in
which a formation of M ≥ 3 UAVs cooperatively performs
sensing of an unknown ground target. To ensure reliable
sensing performance, the UAVs are required to maintain an
optimized formation that fully exploits spatial diversity. In this
work, our goal is twofold. First, the optimal formation shape is
obtained by optimizing the cooperative sensing performance,
followed by enforcing the UAVs to align their configurations
with this target formation, starting from arbitrary initial de-
ployments.

Without loss of generality, we consider an urban scenario in
which all UAVs operate at a common prescribed altitude H ,
selected according to the surrounding infrastructure heights,
as commonly assumed in UAV sensing and formation-control
studies [5], [7]. Let F⋆ denote the final desired sensing
formation, in which the horizontal coordinates of UAV m are
given by qe

m = [xe
m, yem]⊤. Furthermore, the ground target

to be sensed is located at s = [xs, ys]
⊤ ∈ R2, such that

the distance between the m-th UAV and the target can be
expressed as

dm =
√

∥ qe
m − s ∥2 +H2, ∀m. (1)

For UAV m, the round-trip delay measurement τm is collected
and converted into a range through dm = τmc/2, where c
is the speed of light. The range estimates are affected by
measurement noise, such that the measurement of dm can be
modeled as

d̂m = dm + zm, ∀m, (2)

where zm ∼ N (0, σ2
m) denotes the zero-mean additive

white Gaussian noise (AWGN) with variance σ2
m. Let d =

[d1, . . . , dM ]⊤ denote the distance vector. Generally, the mea-
surement variance σ2

m is inversely proportional to the signal-
to-noise ratio (SNR) at the UAV, given by SNRm =

pmGphm

σ2
0

,
where pm is the transmit power allocated to UAV m, Gp
is the processing gain, and σ2

0 is the receiver noise power.
Considering a two-way sensing channel, the channel power
gain hm is characterized by a quartic path-loss model, i.e.,
hm ≜ β0

(dm)4 , where β0 ≜ GTGrσrcsλ
2

(4π)3 represents the reference
channel power gain at a unit distance. Specifically, GT and
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Fig. 1. The considered LAWN system where a formation is dispatched to
sense the target cooperatively.

Gr are the transmit and receive antenna gains, respectively,
σrcs is the radar cross section (RCS), and λ is the carrier
wavelength. Consequently, the measurement variance can be
explicitly formulated as σ2

m =
κσ2

0(dm)4

pmGpβ0
, with κ being a

constant system parameter [8], [9].
During the transition of the formation toward F⋆, the planar

motions are controlled. To facilitate coordination, one UAV
is selected as the formation leader, say UAV 1, while the
remaining UAVs are followers. The set of UAVs is indexed
by M = {1, 2, . . . ,M}. At discrete time instant k, the planar
position of UAV m ∈ M is denoted by qm,k ∈ R2. The
motion of the UAV formation is modeled as the superposition
of a global translational movement of the formation center
and individual local adjustments that shape the formation
geometry. Accordingly, the position dynamics of UAV m are
described by the following first-order Gaussian Markov model
[6], i.e.

qm,k+1 = qm,k + um,k + gm,k∆T + nm,k, (3)

where gm,k ∈ R2 represents the velocity associated with the
global motion at time k, um,k ∈ R2 denotes the formation
control input of UAV m, ∆T is the sampling interval between
any two adjacent instants, and nm,k ∼ N (0, σ2I) accounts for
random motion disturbance, where σ2 denotes the disturbance
variance.

III. CRLB-OPTIMAL FORMATION GEOMETRY

In this section, we derive the formation geometry F⋆ for
optimally sensing the ground target s. In general, MSE is
employed as the performance metric for unbiased estimation.
To achieve MSE optimization, the A-optimality criterion,
which minimizes the average estimation variance, is adopted.
For ease of exposition, we assume that a prior coarse estimate
of the quasi-static target’s location s is available.1

To evaluate the sensing performance, we first construct the
FIM of the range measurements Jd, such that the FIM of coor-
dinates can be achieved via the chain rule, i.e., Js = Q⊤JdQ,
where Q ∈ RM×2 is the Jacobian matrix given by

Q =
∂d

∂s
=


∂d1

∂xs

∂d1

∂ys

...
...

∂dM

∂xs

∂dM

∂ys

 . (4)

1For a mobile target, the formation center can be updated according to the
latest target-location estimate, while the UAVs translate with the target and
maintain the derived CRLB-optimal relative geometry.
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Based on (2), the likelihood function for the
range measurement of the m-th UAV is given by
p(d̂m|dm) = 1√

2πσ2
m

exp
(
− (d̂m−dm)2

2σ2
m

)
. Assuming the

measurement noises among different UAVs are independent,
the FIM Jd ∈ RM×M is therefore a diagonal matrix. Each
diagonal element [Jd]m,m accounts for information from both
the measurement mean and the variance, i.e.,

[Jd]m,m = −E

[
∂2 ln p(d̂m|dm)

∂d2m

]

=
1

σ2
m

(
∂dm
∂dm

)2

+
1

2σ4
m

(
∂σ2

m

∂dm

)2

.

(5)

With some algebraic manipulations, we arrive at

[Jd]m,m =
1

σ2
m

+
1

2σ4
m

(
4σ2

m

dm

)2

=
pmGpβ0

κσ2
0d

4
m

+
8

d2m
. (6)

To facilitate the formation shape derivation, we have the
geometric relationship between UAV m and the target as
follows

∂dm
∂xs

=
xs − xe

m

dm
= cosϕm cos θm,

∂dm
∂ys

=
ys − yem

dm
= cosϕm sin θm,

(7)

where θm ∈ [0, 2π] is the azimuth angle and ϕm ∈ (0, π/2)
is the elevation angle of UAV m relative to the target. Then,
the FIM for the target coordinates s is calculated as:

Js = Q⊤JdQ =

[
Jxx Jxy
Jxy Jyy

]
. (8)

The individual components of Js are written by

Jxx =

M∑
m=1

wm cos2 θm, Jyy =

M∑
m=1

wm sin2 θm,

Jxy =

M∑
m=1

wm sin θm cos θm,

(9)

with wm = (
pmGpβ0 sin4 ϕm

κσ2
0H

4 + 8 sin2 ϕm

H2 ) cos2 ϕm due to
sinϕm = H/dm. The A-optimality criterion minimizes
tr(J−1

s ), i.e., argminθm,ϕm tr(J−1
s ). To this end, we have the

following results:
Proposition 1: For any fixed weights {wm}Mm=1, the A-

optimality objective satisfies

tr
(
J−1
s

)
≥ 4∑M

m=1 wm

, (10)

where equality holds if and only if Js =
1
2

(∑M
m=1 wm

)
I2.

Proof: Let λ1, λ2 be the eigenvalues of the symmetric
FIM Js. The trace of the inverse FIM is given by

tr(J−1
s ) =

1

λ1
+

1

λ2
. (11)

According to the arithmetic-harmonic mean inequality, we
have

1

λ1
+

1

λ2
≥ 4

λ1 + λ2
=

4

tr(Js)
=

4∑M
m=1 wm

, (12)

where equality holds if and only if λ1 = λ2, yielding λ1 =
λ2 = 1

2

∑M
m=1 wm. As Js is symmetric, it is orthogonally

diagonalizable as Js = UΛUT, i.e.,

Js = U

(
1

2

M∑
m=1

wm I2

)
UT =

1

2

(
M∑

m=1

wm

)
I2. (13)

This completes the proof.
Proposition 1 suggests that tr(J−1

s ) achieves minimal value
4∑M

m=1 wm
if Jxx = Jyy and Jxy = 0. In other words, the de-

termination of the optimal formation F⋆ can be reformulated
as the following optimization problem

min
ϕm,θm

4∑M
m=1 wm

(14a)

s.t.

M∑
m=1

wm cos 2θm = 0,

M∑
m=1

wm sin 2θm = 0. (14b)

In general, problem (14) is challenging to solve directly due
to the potential coupling in (14b). However, we observe that
the objective function (14a) depends solely on the elevation
angles ϕm. 2 This allows us to determine the optimal solution
via a two-step approach, i.e., solving ϕm that minimizes the
theoretical lower bound first, followed by finding θm satisfying
(14b). Since each UAV can independently choose its own
elevation angle, the variables ϕ1, ϕ2, . . . , ϕM are decoupled.
Under the homogeneous setting with identical transmit powers
and sensing parameters, all UAVs have the same weight
function, yielding ϕ⋆

1 = ϕ⋆
2 = · · · = ϕ⋆

M . To determine
the optimal ϕ⋆

m, we set the first-order derivative of wm with
respect to ϕm equal to zero, yielding dwm

dϕm
= sin 2ϕmDm =

0, where Dm =
pmGpβ0

κσ2
0H

4

(
2 sin2 ϕm cos2 ϕm − sin4 ϕm

)
+

8
H2 (cos

2 ϕm − sin2 ϕm). Given that ϕm ∈ (0, π/2), it follows
that sin 2ϕm ̸= 0, which implies Dm = 0. To obtain the
optimal elevation angle, define Am =

pmGpβ0

κσ2
0H

4 , B = 8
H2 , and

tm = tan2 ϕm. The condition Dm = 0 can then be rewritten
as (Am + B)t2m − 2Amtm − B = 0. Retaining the feasible
positive root yields

ϕ⋆
m = arctan

√
Am +

√
A2

m +AmB +B2

Am +B
. (15)

It is interesting to observe that when H is relatively small, the
H−4 term dominates, leading ϕ⋆

m to asymptotically approach
arctan(

√
2) ≈ 54.74◦. At this stage, the system prioritizes

maximizing the projected SNR. As H increases, the H−4 term
decays rapidly, and the equation becomes governed by the
geometric term (cos2 ϕm − sin2 ϕm) → 0. Consequently, ϕ⋆

m

converges to 45◦, shifting the priority from energy preserving
to geometric robustness, i.e., ϕ⋆

m ∈ (45◦, 54.74◦).
Subsequently, we derive the optimal azimuth angles θ⋆m.

Given that the optimal elevation angles are uniform, and thus
wm = w⋆, ∀m, the weights in (14b) become a common
scaling factor. Consequently, the constraints for achieving
the minimum CRLB reduce to the symmetry conditions

2Note that wm also depends on the transmit power pm. As this work
focuses on sensing-optimal formation geometry, pm is treated as a constant
across all UAVs. Related optimizations can be found in [9]–[11].
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∑M
m=1 cos 2θm = 0 and

∑M
m=1 sin 2θm = 0, which can be

compactly represented in complex form as
∑M

m=1 e
j2θm = 0.

This condition implies that the Fisher information must be
isotropically distributed in the horizontal plane to eliminate
off-diagonal correlations in the FIM. A symmetric represen-
tative solution satisfying these equations is the regular M -
polygon formation, where the azimuth angles are distributed
as θ⋆m = θ0 +

2π(m−1)
M with θ0 ∈ [0, 2π) being an arbitrary

initial rotation angle. Notice that the regular polygon is not
the unique optimal solution. For example, when M = 4, any
configuration of the form {α, α + π/2, β, β + π/2} also sat-
isfies

∑M
m=1 e

j2θm = 0, yielding infinite non-regular optimal
configurations. In summary, we choose the regular-polygon
realization of the optimal sensing formation F⋆, which can be
geometrically characterized as an inverted cone with its vertex
at the target’s location.

IV. DISTRIBUTED FORMATION CONTROL

In this section, we elaborate on the distributed formation
control strategy, starting from arbitrary initial formations.
With F⋆ at hand, the objective of formation control is to
make the relative positions between UAVs satisfy the preset
displacement vector set F, which is defined as

F =

{
qm,k − qp,k = δpm,

qm,k+1 − qm,k

∆T
= v⋆, ∀m, p ∈ M

}
,

(16)

where δpm ∈ R2 represents the desired constant displacement
of UAV m with respect to UAV p, and v⋆ ∈ R2 denotes the
targeted global moving velocity of the entire formation.

To achieve this in a distributed manner, we first define an
undirected communication graph Gf = (M, E ,A) for the
formation, where M = {1, 2, . . . ,M} is the set of UAV
nodes and E ⊆ M×M denotes the edge set, where an edge
(m, p) ∈ E indicates that UAV m and p can directly exchange
information. A ∈ RM×M is the binary adjacency matrix with
entries amp = 1 if (m, p) ∈ E and amp = 0 otherwise.
According to [12], if Gf is connected, the desired formation
F⋆ can be uniquely characterized. In practice, communication
impairments, such as packet loss and latency, may affect the
connectivity of Gf , and their impacts on distributed formation
control have been extensively studied [13]–[15]. To guarantee
a globally uniform velocity v⋆ across all UAVs, we design a
consensus mechanism that enables distributed velocity align-
ment. Assuming that only the leader has prior knowledge of
v⋆, the velocity update law for the follower UAV m at time
k is given by

vm,k+1

= vm,k − γ
( ∑

p∈M\{1}

amp (vm,k − vp,k) + am1 (vm,k − v⋆)
)
,

(17)
where vm,k is the desired velocity estimate of UAV m and
γ is the consensus step size. If Gf is connected, all UAVs’
velocities will asymptotically converge to v⋆ as k → ∞ [16],
such that the global update can be simply written as gm,k =
vm,k.

Subsequently, we devise the formation control input um,k

by first constructing a decentralized cost function for UAV m

Lm (F,qm,k) =
∑
p∈M

amp ∥qm,k − qp,k − δpm∥2

+

∥∥∥∥qm,k+1 − qm,k

∆T
− v⋆

∥∥∥∥2 , (18)

where the first term penalizes deviations from the desired
relative displacements and the second term enforces alignment
with the consensus-based velocity. Hence, the total cost func-
tion is given by Ltot =

∑
m∈M Lm (F,qm,k). Motivated by

(18), we design the formation-shape control input um,k as
a distributed negative-gradient step of the displacement-error
term in (18) with respect to qm,k, which yields the control
policy

um,k = −ε
∑
p∈M

amp (qm,k − qp,k − δpm) , (19)

with ε > 0 being the convergence speed tuning parameter.
This displacement-based approach leverages linear closed-loop
dynamics to guarantee global convergence, where only local
neighbor information is required, resulting in low computa-
tional complexity and communication overhead. To prevent
obstacle collisions in practice, a repulsive control component
ur
m,k is further integrated into the control architecture [17]. In

particular, let lm,k be the shortest distance from UAV m to
the nearest point xnear,k on the obstacle surface in time instant
k. Then, one can define a potential function given by

U r
m,k =

1

2
Er
(

1

lm,k
− 1

lsafe

)2

, if lm,k < lsafe, (20)

where Er is the repulsion gain and lsafe is the preset safety
radius. The resulting repulsion vector ur

m,k is calculated as
the negative gradient of the potential function given by

ur
m,k = −∇U r

m,k = Er
(

1

lm,k
− 1

lsafe

)
1

l2m,k

l⃗m,k

lm,k
, (21)

where l⃗m,k = qm,k − xnear,k represents the relative
displacement vector pointing from the nearest obstacle
point to the UAV. For example, regarding rectangular
obstacles with boundaries [xmin, xmax] and [ymin, ymax],
the nearest point xnear,k = [xk, yk]

T is determined
by xk = max(xmin,min(qxm,k, xmax)) and yk =

max(ymin,min(qym,k, ymax)), with qm,k = [qxm,k, q
y
m,k]

⊤.
To accommodate formation navigation through narrow con-
straints, we further introduce a global scaling factor ηk ∈ (0, 1]
that dynamically resizes the target displacement set F without
altering its underlying geometric topology. By incorporating
both the scaling factor and the repulsive component, the total
synthesized control input (19) is re-expressed as

um,k = −ε
∑
p∈M

amp (qm,k − qp,k − ηkδpm) + ur
m,k. (22)

Here, ηk ∈ (0, 1] is adjusted according to the available
obstacle clearance. It decreases when the formation approaches
a narrow region and returns to one after the region is cleared.
Then, the stable state evolution model can be expressed as



5

qm,k+1 = qm,k + um,k + v⋆∆T + nm,k. We proceed to
analyze the convergence of the proposed approach. To this
end, we have the following proposition:

Proposition 2: Assume that the obstacle-repulsion input
is inactive, i.e., ur

m,k = 0, the formation scaling factor
satisfies ηk = 1, and the velocity-consensus process has
reached gm,k = v⋆. In the absence of motion disturbances,
if the undirected communication graph Gf is connected, the
distributed control law (19) asymptotically achieves the desired
formation geometry provided that

0 < ε <
2

λmax(L)
, (23)

where L is the Laplacian matrix associated with Gf .
Proof: Let rm ∈ R2 denote the desired position offset of

UAV m relative to the formation center. The desired displace-
ment of UAV m relative to UAV p is therefore δpm = rm−rp.
Define the local state error in the moving reference frame as
em,k = qm,k − k∆Tv⋆ − rm. It follows that

qm,k − qp,k − δpm = em,k − ep,k. (24)

Substituting (19) into the nominal state evolution model with
nm,k = 0 and gm,k = v⋆ yields

em,k+1 = em,k − ε
∑
p∈M

amp (em,k − ep,k) . (25)

By stacking all formation errors as ek =
[
eT1,k, . . . , e

T
M,k

]T
,

the system-level error dynamics can be written as

ek+1 = [(IM − εL)⊗ I2] ek. (26)

Since Gf is undirected and connected, L is positive semidef-
inite and has a simple zero eigenvalue µ1 = 0 associated
with the eigenvector 1M , while all remaining eigenvalues are
strictly positive, i.e., 0 = µ1 < µ2 ≤ · · · ≤ µM = µmax(L).
The eigenvalues of the state-transition matrix (IM − εL)⊗ I2
associated with the disagreement modes are 1 − εµi, i =
2, . . . ,M . For the disagreement errors to converge asymptot-
ically, all eigenvalues of the state-transition matrix associated
with the nonzero Laplacian modes must lie strictly inside the
unit circle. Therefore, the following condition must hold

|1− εµi| < 1, i = 2, . . . ,M. (27)

Since µi > 0 for all i ≥ 2, the above condition is equivalent
to

0 < ε <
2

µmax(L)
. (28)

Under this condition, all disagreement modes converge expo-
nentially to zero, and ek converges to the consensus subspace
span{1M} ⊗ R2. Consequently, limk→∞ (em,k − ep,k) = 0,
which, according to the definition of em,k, implies

lim
k→∞

(qm,k − qp,k) = δpm. (29)

Therefore, the desired relative formation geometry is asymp-
totically achieved, completing the proof.

Note that the scaling factor changes only the desired inter-
UAV distances, while the repulsive term provides local ob-
stacle avoidance. When ηk is fixed and the repulsive term
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Fig. 2. The CRLB vs. flight altitudes under various formation configurations.

is inactive, the convergence results in Proposition 2 applies.
By doing so, the control law ensures that the UAV ensemble
not only converges to the desired formation from arbitrary
initializations but also maintains physical safety.

V. NUMERICAL RESULTS

In this section, we present extensive simulation results
to verify the effectiveness of our proposed algorithm. We
initialize M = 6 UAVs randomly within a rectangular area
near the origin. Unless otherwise specified, the primary system
parameters are summarized as follows: the flight altitude is
set to H = 20 m, transmit power pm = 0.1 W, ∀m, and
the receiver noise power σ2

0 = −90 dBm. The sampling
interval is set to ∆T = 0.1 s. The ground target is located at
s = [80, 90]⊤ m. To ensure flight safety, the obstacle avoidance
radius is set to lsafe = 5 m and the tuning parameter is set to
ε = 0.01.

Fig. 2 compares the CRLB versus UAV altitude under differ-
ent formation geometries and elevation angles. The proposed
scheme achieves the lowest CRLB throughout the considered
altitude range. The comparison between the regular-polygon
and random-azimuth formations at ϕ = 45◦ confirms the
benefit of isotropic azimuth placement. Moreover, the fixed-
60◦ formation performs consistently worse than the proposed
scheme, showing that increasing the elevation angle beyond
the derived upper limit does not improve localization accu-
racy. Although a larger elevation angle shortens the sensing
distance, it reduces the horizontal geometric sensitivity of
the range measurements. In contrast, the fixed-30◦ formation
suffers from a longer sensing distance and stronger path loss.
As the altitude increases, the proposed result approaches that
of the fixed-45◦ regular polygon, which is consistent with the
theoretical result that the optimal elevation angle gradually
approaches 45◦ at higher altitudes.

In Fig. 3, we illustrate the evolution of the UAV formation in
the presence of obstacles. Beginning from an arbitrary initial
deployment, the UAVs first coordinate their motions to estab-
lish the desired formation structure. As the formation encoun-
ters narrow passages, the UAVs adaptively adjust their relative
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separations, causing temporary deformation and contraction of
the formation to satisfy collision-avoidance constraints. Once
the obstacles are safely bypassed, the formation progressively
expands and reconfigures to recover the prescribed sensing-
optimal geometry F⋆, eventually hovering over the target. This
evolution process demonstrates that the proposed distributed
control strategy effectively couples formation reshaping with
cooperative motion.

Fig. 4 depicts the time evolution of the CRLB and the
control cost (18). We observe that the CRLB decreases rapidly
as the UAVs adjust their relative positions and the formation
approaches the sensing-optimal geometry. As the formation
converges, the CRLB stabilizes near the theoretical lower
bound (12). In parallel, the control cost generally exhibits
a decreasing trend as the formation stabilizes. However, a
temporary increase is observed during the interval of ap-
proximately 20–60 s, corresponding to the case in which the
formation encounters obstacles and undergoes deformation to
satisfy collision-avoidance constraints. This deviation from the

desired formation increases the control effort. It is noted that
the formation gradually recovers the target configuration, and
the control cost subsequently decreases and converges to a
steady value.

VI. CONCLUSION

This paper studied CRLB-optimal formation design and
distributed control for cooperative sensing in LAWNs. By
analyzing range-based measurements, the Fisher information
matrix for the target location was derived, and the sensing-
optimal formation was analytically characterized under the
A-optimality criterion, yielding a regular polygon geometry
with a common elevation angle. Then, a distributed forma-
tion control strategy was developed to navigate UAVs from
arbitrary initial positions toward the sensing-optimal configu-
ration while ensuring obstacle avoidance. Extensive simulation
results verified the effectiveness of the proposed design.
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