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Abstract

This paper addresses bearing-only three-dimensional target localization using three co-
operative UAVs under observation inconsistency and degraded geometry. A weighted
point-to-line least-squares localization model is established to fuse multiple line-of-sight
(LOS) observations derived from image measurements, camera calibration, and UAV poses.
To handle unreliable measurements without ground truth, a reliability assessment mecha-
nism is developed by combining geometric stability indicators with observation consistency
metrics, enabling weak geometry and abnormal observations to be identified online. Based
on this assessment, an adaptive optimization framework is introduced to perform residual-
driven adaptive weighting and configuration optimization, thereby suppressing unreliable
LOS measurements and improving the conditioning of cooperative geometry. Simulation
results under four representative scenarios show that the proposed method consistently
improves localization accuracy and robustness. The mean localization error is reduced from
0.545 m to 0.260 m under abnormal observations, from 0.355 m to 0.081 m under degraded
geometry, and from 0.711 m to 0.280 m when both effects occur simultaneously. Statistical
evaluations including RMSE, standard deviation, maximum error, confidence intervals,
and box-plot analysis further demonstrate that the proposed framework effectively reduces
error dispersion and improves robustness.

Keywords: bearing-only localization; cooperative target localization; line-of-sight observation;
reliability assessment; adaptive weighting; configuration optimization

1. Introduction
In recent years, unmanned aerial vehicles (UAVs) have been widely applied in civilian

domains such as agriculture [1], transportation [2], inspection [3], and rescue [4], as well as
in military tasks including reconnaissance [5] and strike [6], owing to their low cost and
high maneuverability [7]. Target localization is a fundamental capability in UAV systems
and plays an important role in visual navigation, scene monitoring, and precision guidance.
Among existing sensing modalities, bearing-only localization [8] has attracted considerable
attention because vision sensors are compact, lightweight, and power-efficient [9–12].
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Despite these advantages, bearing-only localization remains challenging. For a single
UAV, an image measurement provides only a line-of-sight (LOS) direction, while the tar-
get range is not directly observable. As a result, accurate three-dimensional localization
usually relies on platform motion over time, which is sensitive to maneuver quality and
measurement noise [13–15]. Multi-UAV cooperative localization alleviates this limitation by
introducing simultaneous multi-view observations, thereby improving spatial constraints
and estimation accuracy [16–20]. Representative studies have explored filtering-based fu-
sion [21], direct LOS intersection via residual minimization [22], and formation adjustment
through coordinated UAV motion [23].

However, several issues remain insufficiently addressed. First, many existing meth-
ods treat visual measurements as noisy state observations without fully considering the
uncertainty propagation through the entire sensing pipeline, including pixel detection,
camera calibration, and pose transformation [24–29]. Second, the numerical stability of
multi-LOS intersection depends strongly on the geometric configuration of the observing
UAVs; unfavorable geometries can greatly amplify small observation errors [30–34]. Third,
ground-truth target positions are usually unavailable online, making it difficult to assess
whether the current estimate is reliable and what corrective action should be taken. The
challenge, therefore, is not only to compute a target position estimate, but also to assess its
trustworthiness and adapt the cooperative strategy accordingly.

Although recent multi-UAV bearing-only studies have reported encouraging progress,
many of them mainly focus on multi-frame target tracking, distributed filtering, or tracking–
control integration. In contrast, this paper addresses frame-wise cooperative localization
under unreliable visual observations and weak geometric configurations. The emphasis
is placed on reliability-aware localization, adaptive observation handling, and geometry-
aware formation adjustment within a unified framework. Specifically, a three-UAV cooper-
ative localization model is established by explicitly mapping image-plane measurements,
camera parameters, and UAV poses to LOS observations. The target position is then esti-
mated through weighted point-to-line least squares. On this basis, localization reliability is
evaluated online by combining geometric stability indicators with observation consistency
metrics, without requiring ground truth. According to the estimated reliability, adaptive
weighting and configuration optimization are triggered to suppress abnormal observations
and improve the conditioning of LOS intersection.

The main contributions of this paper are summarized as follows:

• A weighted three-UAV bearing-only localization model is established using point-to-
line least squares, which provides a unified geometric fusion framework for multiple
LOS observations.

• A ground-truth-free reliability assessment mechanism is developed by combining
geometric stability indicators and observation consistency metrics, enabling online
distinction between weak geometry and abnormal observations.

• An adaptive optimization framework integrating residual-driven adaptive weight-
ing and configuration optimization is proposed to improve robustness against
unreliable observations and enhance localization performance under degraded
geometric conditions.

The remainder of this paper is organized as follows. Section 2 presents the three-UAV
cooperative localization model. Section 3 introduces the proposed reliability assessment
method, including geometric stability analysis and observation consistency evaluation.
Section 4 describes the adaptive optimization framework with adaptive weighting and
configuration optimization. Section 5 reports the simulation results. Section 6 provides
further discussion of the method, including its computational characteristics, applicability,
and limitations. Section 7 concludes the paper.
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2. Bearing-Only Three-UAV Cooperative Localization Model
2.1. Rationale for Three-UAV Cooperative Localization

Under ideal noise-free conditions, the three-dimensional position of a target can in
principle be determined from two bearing observations. Geometrically, each bearing
measurement defines a line-of-sight (LOS) ray, and the target position is obtained from
the intersection of the two rays. Therefore, two UAVs provide the minimum number of
observations required for a unique solution in the ideal case.

However, practical visual localization differs significantly from this idealized situation.
Bearing measurements are inevitably affected by pixel noise, partial occlusion, false detec-
tions, attitude uncertainty, and calibration errors. Consequently, the LOS rays generally
do not intersect at a single point. The localization problem must then be solved in a least-
squares sense, and the solution becomes highly sensitive to small angular perturbations,
particularly when the LOS rays are nearly parallel or intersect at a small angle.

From an estimation perspective, each LOS observation provides two independent an-
gular constraints, while the target position contains three unknown coordinates. Two UAVs
therefore provide exactly four scalar constraints for three unknowns, leaving no measure-
ment redundancy for reliability evaluation or error suppression. In contrast, introducing a
third UAV adds an additional independent LOS observation and creates an overdetermined
localization system. The resulting redundancy enables observation consistency assessment,
residual analysis, and robustness enhancement through adaptive weighting.

Furthermore, the additional LOS observation improves geometric conditioning. With
only two UAVs, localization accuracy strongly depends on the intersection angle be-
tween the two LOS rays, and depth estimation may become highly unstable under
unfavorable configurations. The third LOS observation provides an independent geo-
metric constraint that helps reduce error amplification and improves observability in
weak-geometry conditions.

For these reasons, three UAVs can be regarded as the minimum robust structure for
bearing-only cooperative localization. While two UAVs are theoretically sufficient for
localization under ideal conditions, three UAVs constitute the smallest configuration that
simultaneously provides localization capability, measurement redundancy, observation-
consistency verification, and geometric robustness.

Moreover, a larger multi-UAV localization system can be viewed as an extension of
multiple three-UAV cooperative units. Core issues such as LOS observation modeling,
geometric conditioning, error amplification, and observation inconsistency are already
reflected in the three-UAV case. Once these mechanisms are properly formulated in the
minimal robust setting, they can be extended to larger systems with additional consider-
ations such as communication, synchronization, and distributed computation. For this
reason, this paper focuses on the three-UAV cooperative localization problem.

2.2. LOS Observation Model and Geometric Residual

At time frame t, the i-th UAV detects the target at image coordinates (ui(t), vi(t)).
Using the camera intrinsic matrix K, the normalized LOS direction in the camera coordinate
system is expressed as

dc
i (t) =

K−1[ui(t), vi(t), 1]T

∥K−1[ui(t), vi(t), 1]T∥
. (1)

By further incorporating the camera-to-body rotation matrix Rc→b and the UAV atti-
tude matrix Ri(t), the LOS direction in the world coordinate system is obtained as

di(t) = Ri(t)Rc→bdc
i (t), ∥di(t)∥ = 1. (2)
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This unit vector describes the spatial viewing direction from the UAV toward the
target and serves as the basic observation used for cooperative localization.

In practical systems, the LOS direction may also be affected by EO/IR gimbal attitude
errors, camera mounting errors, and UAV attitude estimation errors. These factors intro-
duce angular perturbations into the transformed LOS vector and can therefore be modeled
as uncertainties associated with di(t). Since the objective of this paper is to improve local-
ization robustness under unreliable LOS observations rather than to calibrate individual
sensor error sources, such effects are treated as perturbations of the LOS direction in the
simulation framework.

Let the position of the i-th UAV at time t be pi(t), and let its corresponding LOS
direction be di(t). For any candidate target position pobj(t), the orthogonal geometric
residual with respect to the i-th LOS is defined as

ei(t) =
(

I− di(t)dT
i (t)

)(
pobj(t)− pi(t)

)
, (3)

where I is the identity matrix.
The residual vector represents the shortest displacement from the candidate target

position to the corresponding LOS. In the ideal case, all residuals are zero, meaning that the
estimated target position lies exactly on all LOS rays. In practice, nonzero residuals reflect
the geometric inconsistency introduced by observation noise and modeling errors.

2.3. Weighted Point-to-Line Least-Squares Localization

Because noisy LOS observations generally do not intersect at a single point, the target
position is estimated by minimizing the weighted sum of point-to-line distances over all
LOS observations:

min
pobj(t)

3

∑
i=1

wi∥ei(t)∥2, (4)

where wi denotes the weight of the i-th observation. Assuming independent Gaussian
measurement errors, the weighted least-squares formulation corresponds to the maximum-
likelihood estimator. Therefore, the optimal weighting coefficient is inversely proportional
to the measurement variance,

wi ∝
1
σ2

i
, (5)

where σ2
i denotes the uncertainty of the corresponding LOS observation.

In practical vision-based UAV localization systems, the LOS uncertainty is mainly
affected by image measurement noise and target detection reliability. Therefore, the initial
weight is defined as

wi =
ci

σ2
px,i

, (6)

where ci is the detection confidence provided by the perception module and σpx,i is the pixel
noise standard deviation of the corresponding camera. Consequently, observations with
higher confidence and lower measurement uncertainty contribute more to the localization
solution. The detailed noise propagation analysis and parameter interpretation are further
discussed in Section 4.4.

The weight reflects the reliability of the corresponding LOS measurement and can be
designed according to factors such as detection confidence, propagated pixel uncertainty,
or adaptive reliability adjustment.
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The geometric interpretation of the three-UAV cooperative localization model is illus-
trated in Figure 1.

ˆ ( )pobj t

1( )p t

1( )d t

2 ( )p t

2 ( )d t3 ( )p t

3 ( )d t

Figure 1. Schematic diagram of bearing-only three-UAV cooperative target localization. Green
boxes denote the localization UAVs, red box denotes the observed target, and arrows indicate the
line-of-sight (LOS) directions.

The above optimization problem is quadratic with respect to pobj(t) and admits
a closed-form least-squares solution. By setting the first-order derivative to zero, the
localization problem can be written as

A(t)pobj(t) = b(t), (7)

where

A(t) =
3

∑
i=1

wi

(
I− di(t)dT

i (t)
)

, (8)

b(t) =
3

∑
i=1

wi

(
I− di(t)dT

i (t)
)

pi(t). (9)

When A(t) is full rank, the unique localization solution is

pobj(t) = A−1(t)b(t). (10)

When A(t) is ill-conditioned or singular, the Moore–Penrose pseudoinverse can be
used instead:

pobj(t) = A†(t)b(t). (11)

Therefore, the proposed model provides a compact and computationally efficient
geometric fusion framework for bearing-only cooperative localization, which also serves as
the basis for the subsequent reliability assessment and adaptive optimization.

3. Reliability Assessment for Three-UAV Cooperative Localization
The previous section established a weighted three-UAV cooperative localization model

based on bearing-only measurements, where the target position is estimated as the point
that best satisfies the geometric consistency of three LOS vectors. The localization error
depends on both LOS measurement noise and geometric configuration. Since ground-
truth target positions are unavailable in practical systems, the localization error cannot
be directly computed. Therefore, it is necessary to develop a ground-truth-free, online
reliability assessment mechanism to evaluate the quality of the current estimate and to
support subsequent adaptive weighting and configuration optimization.
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3.1. Geometric Stability Characterization

Measurement uncertainties arising from pixel detection errors, attitude estimation
inaccuracies, and extrinsic calibration biases ultimately manifest as perturbations in LOS
direction vectors. The measured LOS direction of the i-th UAV can be expressed as

di(t) = d∗i (t) + δdi(t), (12)

where d∗i (t) is the ideal direction and δdi(t) is a small perturbation.
Substituting this into the normal equations and applying first-order approximation

reveals that the position estimation error exhibits a typical inverse-matrix amplification
structure, where direction errors are mapped and amplified through A−1(t).

The matrix A(t) characterizes the joint constraint strength imposed by the three LOS
vectors, while A−1(t) reflects the sensitivity of the solution to observation perturbations.
When the configuration weakens constraints along certain directions, A(t) becomes ill-
conditioned, causing large gains in A−1(t) and significant error amplification.

Thus, geometric stability can be characterized online by analyzing the spectral proper-
ties of A(t). Since A(t) is symmetric, its eigen-decomposition is

A(t) = V(t)Λ(t)VT(t), (13)

where
Λ(t) = diag(λ1(t), λ2(t), λ3(t)), λ1(t) > λ2(t) > λ3(t), (14)

and V(t) = [v1(t), v2(t), v3(t)] contains the corresponding eigenvectors.
This decomposition reflects the anisotropy of geometric constraints. Larger eigenval-

ues indicate stronger constraints and lower sensitivity to noise along the corresponding
directions. The smallest eigenvalue λ3(t) represents the weakest constraint direction, and
its eigenvector v3(t) indicates the direction in which errors are most likely to be amplified.
Even when the system is nominally solvable, a small λ3(t) can lead to severe instability.

Based on this, several complementary metrics are defined to quantify geometric
stability from four perspectives.

1. Overall uncertainty metric:

T (t) =
3

∑
k=1

1
λk(t)

, (15)

which approximates the total variance of the position estimate under comparable
noise levels. Larger values indicate higher sensitivity and lower stability.

2. Weakest constraint strength and sensitive direction:

λ3(t), v3(t), (16)

which directly characterize the weakest constrained direction and provide actionable
information for configuration optimization.

3. Anisotropy metric:

κ(t) =
λ1(t)
λ3(t)

, (17)

which measures the imbalance of constraints across directions. Larger values indicate
stronger anisotropy and higher sensitivity to perturbations, typically associated with
near-degenerate configurations.
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4. Overall geometric constraint strength:

D(t) =
3

∏
k=1

λk(t), (18)

which provides a global measure of constraint strength. Larger values generally
correspond to stronger multi-view constraints and lower overall uncertainty, making
it suitable for configuration comparison and optimization.

3.2. Observation Consistency Evaluation

The previous subsection characterized geometric stability via the spectral properties
of A(t), reflecting the intrinsic sensitivity of the solution under a given configuration and
weighting scheme. However, strong geometric constraints do not guarantee correctness. In
real visual pipelines, factors such as false detections, occlusions, bounding box jitter, and
pose estimation errors may cause one UAV’s LOS measurement to be inconsistent with
others, leading to biased estimates driven by outliers.

Therefore, an additional observation consistency evaluation is required based on the
geometric self-consistency between the solution and observations.

Given the estimated target position pobj(t) at time t, the residual norm for the i-th
LOS is

ri(t) = ∥ei(t)∥, (19)

and the weighted residual energy is defined as

J(t) =
3

∑
i=1

wir2
i (t). (20)

Here, ri(t) measures the geometric deviation between the solution and the i-th LOS,
while J(t) reflects the overall consistency of all observations. When observations are consis-
tent, pobj(t) lies close to all LOSs, resulting in a small J(t). In contrast, outliers typically
cause a significant increase in J(t), often accompanied by a large individual residual.

For practical threshold design and experimental evaluation, the residual can be further
normalized by its propagated standard deviation:

ρi(t) =
ri(t)

σr,i(t)
, (21)

where σr,i(t) denotes the propagated residual uncertainty of the i-th LOS observation. The
normalized residual ρi(t) measures the deviation of the current LOS residual relative to its
expected noise scale. Accordingly, the largest normalized residual is defined as

ρmax(t) = max
i

ρi(t). (22)

Under the special choice wi = 1/σ2
r,i(t), the weighted residual energy J(t) becomes

the normalized consistency metric used in the simulations. Thus, the experimental imple-
mentation does not introduce a different metric, but adopts a normalized realization of
the same consistency measure. The detailed relationship between these quantities and the
corresponding threshold design is discussed in Section 4.4.

Based on these residuals, a two-level evaluation strategy is adopted.

1. Global consistency metric: J(t)

https://doi.org/10.3390/aerospace13060564
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If J(t) exceeds a threshold, the current frame is considered geometrically inconsis-
tent, indicating potential outliers. In the experimental evaluation, this criterion is
implemented through its normalized form.

2. Individual outlier indicator: ρmax(t)
A significantly large normalized residual indicates that at least one LOS observation
is inconsistent with the current estimate beyond its nominal uncertainty range.

Two important remarks are noted:

• The observation consistency metrics do not directly estimate true localization error,
but instead assess the self-consistency between observations and the solution. Poor
consistency indicates that the estimate may be dominated by outliers and should not
be directly used for decision-making, even if geometric metrics appear favorable. Con-
versely, good consistency implies that the estimate likely lies near the true intersection,
with its accuracy mainly governed by geometric strength and noise levels.

• Observation consistency and geometric stability capture different aspects: the former
evaluates measurement self-consistency, while the latter reflects constraint strength.
Their combination enables better diagnosis of error sources. Specifically, if A(t) is
ill-conditioned but the consistency metric remains small, the issue is likely weak
geometry, suggesting configuration optimization. If the consistency metric becomes
large while A(t) remains well-conditioned, the issue is more likely to be observation
inconsistency, requiring measurement-level handling such as adaptive weighting or
temporary rejection of the current estimate.

3.3. Reliability States and Triggering Mechanism

The previous subsections established computable indicators for localization quality
from both geometric and observation perspectives. In the absence of ground truth, a single
metric is insufficient to cover all failure modes: weak geometric constraints may lead to
high sensitivity to noise, while outlier observations may bias the solution even under
favorable geometry. Therefore, this subsection fuses both types of evidence to construct
a reliability assessment and triggering mechanism, providing a unified and interpretable
decision input for subsequent adaptive adjustment.

3.3.1. State Definition

Based on the geometric metrics in Section 3.1 and the observation consistency metrics
in Section 3.2, the localization quality at the current frame is classified into three states:

• S0 (Reliable): Geometrically stable and observation-consistent; the solution can be
directly used for downstream tasks;

• S1 (Weak Geometry): Observations are consistent, but geometric constraints are
insufficient; the solution is sensitive to noise and requires configuration enhancement;

• S2 (Observation-Inconsistent): Observations are inconsistent, indicating potential out-
liers; observation-level processing (e.g., down-weighting, rejection, or re-estimation)
is required, or the current solution should be temporarily discarded.

This three-state classification aims to distinguish between geometric deficiencies and
observation anomalies without relying on ground truth, thereby providing interpretable
triggers and task allocation for subsequent adaptive strategies.

https://doi.org/10.3390/aerospace13060564
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3.3.2. Threshold-Based Decision Rules and Trigger Conditions

To enable real-time and reproducible reliability assessment, threshold-based rules
are applied to geometric stability and observation consistency. Specifically, the geometric
stability condition is defined as

λ3(t) > τλ, κ(t) < τκ , (23)

and the observation consistency condition is defined as

J(t) < τJ , ρmax(t) < τρ, (24)

where τλ, τκ , τJ , and τρ denote the corresponding threshold parameters, whose determi-
nation and normalized implementation are discussed in Section 4.4. Geometric indicators
(λ3(t), κ(t)) detect weak constraints and degeneracy, preventing numerical instability
under near-degenerate configurations. Observation consistency metrics (J(t), ρmax(t))
identify global inconsistency and individual outliers, avoiding biased solutions caused by
erroneous LOS measurements.

Based on these conditions, the reliability assessment and triggering rules are estab-
lished, as shown in Figure 2.

S2: Observation-Inconsistent

min ( ) ( )   t and tλ κλ τ κ τ> < ？

max( ) ( )   JJ t and t ρτ ρ τ< < ？

S0: Reliable S1: Weak Geometry

min max ), , ,( ) ( ) ( ) (t t J t tλ κ ρ

Y

Y

N

N

Figure 2. Flowchart for determining localization reliability states.

• If both geometric stability and observation consistency conditions are satisfied, the
state is classified as S0 (Reliable).

• If observation consistency is satisfied but geometric stability is violated (e.g., small
λ3(t) or large κ(t)), the state is classified as S1 (Weak Geometry).

• If observation consistency is violated, the state is classified as S2 (Observation-
Inconsistent). In this case, the issue is attributed to the observation side, and ob-
servation quality must be handled before configuration optimization is considered.

When observation inconsistency occurs, directly using the current estimate or adjust-
ing configuration based on it may lead to incorrect decisions; thus, outliers should first be
identified and suppressed. Conversely, when observations are consistent but geometry is
weak, the primary risk arises from error amplification, and configuration enhancement is
more appropriate.

This subsection establishes a reliability assessment and triggering mechanism based
on both geometric and observation metrics under ground-truth-free conditions. The geo-
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metric indicators (λ3(t), κ(t)) characterize numerical stability and degeneracy risk, while
the observation consistency metrics detect outliers and inconsistencies. Together, they
determine whether the current estimate should be accepted and which corrective action
should be triggered.

In addition, the overall geometric strength and uncertainty metrics introduced in
Section 3.1 quantify configuration quality from complementary perspectives and are suit-
able as objective functions for subsequent optimization. Based on the proposed reliability
assessment, the next section develops adaptive weighting and configuration optimiza-
tion methods to suppress outliers and actively improve cooperative geometry, thereby
enhancing localization accuracy and robustness.

4. Adaptive Optimization Based on Reliability Assessment
Although the weighted three-UAV localization model established in Section 2 provides

an efficient bearing-only localization solution under given observations and configurations,
two typical degradation modes may arise in practice: observation inconsistency, where
abnormal LOS measurements bias the estimate, and weak geometry, where insufficient
directional constraints amplify localization errors. To improve reliability and robustness,
this section develops an online adaptive optimization framework that combines adaptive
weighting and configuration optimization under the guidance of the reliability assessment
introduced in Section 3.

4.1. Overall Framework

The proposed framework takes the weighted localization model in Section 2 as the
core estimator and uses the geometric and observation metrics from Section 3 as feedback
signals. At each update cycle, a closed-loop process of estimation, evaluation, adaptation,
and re-estimation is executed.

• Inputs: synchronized LOS observations {pi(t), di(t), wi(t)}3
i=1;

• Outputs: updated observation weights wi(t + 1) and configuration adjustment com-
mands pcmd

i (t).

The overall procedure is summarized as follows and illustrated in Figure 3.

1. Observation synchronization and LOS construction: each UAV computes its cur-
rent position pi(t) and LOS direction di(t), and sends them to the cooperative
estimation module.

2. Weighted localization: the target position is estimated using the weighted point-
to-line least-squares model in Section 2, with the pseudoinverse adopted when the
localization matrix is ill-conditioned.

3. Reliability evaluation: the geometric metrics (λ3(t), κ(t)) and the observation consis-
tency metrics (J(t), ρmax(t)) are computed.

4. State classification and strategy selection:

• if observation inconsistency is detected, adaptive weighting is triggered;
• if the observations are consistent but the geometry is weak, configuration opti-

mization is triggered;
• otherwise, the current estimate and configuration are maintained.

5. Adaptive weighting: the observation weights are updated to suppress unreliable LOS
measurements, followed by re-estimation and consistency re-evaluation.

6. Configuration optimization: if weak geometry is detected under consistent observa-
tions, UAV adjustment commands are generated to improve cooperative geometry.

7. Closed-loop update: the updated weights and configuration commands are output,
and the system proceeds to the next cycle.

https://doi.org/10.3390/aerospace13060564
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min ( ) ( )t and tλ κλ τ κ τ> <   ？

Adaptive weighting

Begin

Input：{ }3

1
( ), ( ), ( )p di i i i
t t w t

=

Process: min max( ), ( ), ( ), ( )t t J t tλ κ ρ

max( ) ( )   JJ t and t ρτ ρ τ< < ？

Configuration 
optimization

Output：{ }3

1
( 1), ( )cmd

i i i
w t t

=
+ p

End

Y

Y

N

N

stop？

1t t← +

Y

N

Figure 3. Flowchart of the adaptive optimization framework based on reliability assessment.

4.2. Adaptive Weighting

Adaptive weighting is introduced to suppress the influence of abnormal LOS ob-
servations when the current frame is classified as observation-inconsistent. In this case,
observation-level correction is prioritized over configuration adjustment, because geometry
optimization based on biased observations may lead to incorrect motion commands.

For the i-th LOS, let σr,i(t) denote the propagated residual standard deviation. The
corresponding normalized residual is defined as

xi(t) =
ri(t)

σr,i(t)
. (25)

A Cauchy-type robust weighting function is then adopted:

ψ(x) =
1

1 + x2 . (26)

Accordingly, the updated weight is written as

w̃i(t + 1) = wi(t)ψ(xi(t)). (27)

To avoid permanent exclusion of any observation, a lower bound is imposed:

w̄i(t + 1) = max
(
w̃i(t + 1), wmin

)
. (28)
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The weights are then normalized:

wi(t + 1) =
w̄i(t + 1)

∑3
j=1 w̄j(t + 1)

. (29)

After the weight update, the target position is re-estimated using

Â(t) =
3

∑
i=1

wi(t + 1)
(

I− di(t)dT
i (t)

)
, (30)

b̂(t) =
3

∑
i=1

wi(t + 1)
(

I− di(t)dT
i (t)

)
pi(t), (31)

p̂(t) = Â−1(t)b̂(t), (32)

or by using the pseudoinverse if Â(t) is ill-conditioned.
The updated estimate is accepted if the consistency condition is restored:

Ĵ(t) < τJ , ρ̂max(t) < τρ. (33)

Otherwise, the frame remains observation-inconsistent and the current estimate can
be further down-weighted or temporarily discarded, depending on the system policy.

4.3. Configuration Optimization

Configuration optimization is applied when the observations are mutually consistent
but the cooperative geometry is weak. In this case, the main limitation does not come from
outliers, but from insufficient or anisotropic geometric constraints. Therefore, the objective
is to improve the conditioning of LOS intersection by adjusting the UAV configuration.

The detailed pseudocode of the configuration optimization procedure is provided
in Appendix A. The functional structure of the configuration optimization module is
illustrated in Figure 4.

Configuration Optimization Algorithm

Online Solution Strategy

3. Limited Candidate Set

ParameterizationOptimization Criteria

6. Objective Function

2. Initialization

8. Optimized Configuration

4. Parameter Space

1. Trigger Conditions

3( ) ( )   t or tλ κλ τ κ τ< >

 ( ) ( )max log 1
( ) ( )
t t
t t

εα β
ε

    +
− −       +     

 
 

5. Stability Constraints

3̂ ˆ( ) ( )   t and tλ κλ τ κ τ> < ？

[ ] { }3
1( ) , , ( ), ( ), ( )p T

i i i i i i i it x y z R t z t tθ == →

7. Configuration Screening

9. Incremental Update

step 5 and step 6

( ) ( ) ( ( ) ( ))p p p pcmd des
i i i it t t tγ= + −

{ }3 27
, 1 1 , , ,{ ( )} ( ), ( ), ( )des des des

i k i k i k i k i kt R t z t tΘ δθ= = = 3
1

ˆ{ ( )}i itΘ =

3
1

ˆ{ ( )} ( )pdes
i i it tΘ = →

3
1{ ( ) , ( ) , }i i iR t R z t h θ =± ∆ ± ∆ ±∆

Figure 4. Functional structure of the configuration optimization module.

4.3.1. Optimization Criteria

Configuration optimization is triggered when the current geometry is classified as
weak, namely when

λ3(t) < τλ or κ(t) > τκ . (34)
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The optimization objective combines geometric strengthening and uncertainty re-
duction. Let D(t) and T (t) denote the geometric strength and uncertainty metrics of the
current configuration, and let D̂(t) and T̂ (t) denote the corresponding metrics under a
candidate configuration. The objective is defined as

max

[
α log

(
D̂(t) + ε

D(t) + ε

)
− β

(
T̂ (t)
T (t) − 1

)]
, (35)

where α and β balance geometric strengthening and uncertainty reduction, and ε is a small
positive constant introduced for numerical stability.

To avoid switching from one weak configuration to another, the candidate configura-
tion is required to satisfy

λ̂3(t) > τλ, κ̂(t) < τκ . (36)

4.3.2. Configuration Parameterization

Let the current estimated target position be

p̂(t) =
[
x̂(t), ŷ(t), ẑ(t)

]T, (37)

and let the i-th UAV position be

pi(t) =
[
xi(t), yi(t), zi(t)

]T. (38)

The horizontal relative position of the i-th UAV with respect to the current estimate is
represented in polar form by

Ri(t) =
√
(xi(t)− x̂(t))2 + (yi(t)− ŷ(t))2, (39)

θi(t) = atan2
(
yi(t)− ŷ(t), xi(t)− x̂(t)

)
. (40)

The generated desired position pdes
i (t) is a full three-dimensional waypoint rather

than a planar formation command. Therefore, the configuration optimization simultane-
ously modifies the horizontal distribution and altitude allocation of the UAV team. In
practical deployment, this waypoint can be directly provided to the UAV flight controller
as a position reference, allowing coordinated three-dimensional maneuvering toward the
desired cooperative configuration.

A candidate configuration is parameterized by the desired horizontal radius, desired
altitude, and azimuth correction:

Θ(t) =
{

Rdes
i (t), zdes

i (t), δθdes
i (t)

}3

i=1
. (41)

The desired position of the i-th UAV is then expressed as

pdes
i (t) =

x̂(t) + Rdes
i (t) cos

(
θi(t) + δθdes

i (t)
)

ŷ(t) + Rdes
i (t) sin

(
θi(t) + δθdes

i (t)
)

zdes
i (t)

. (42)

This parameterization provides a compact way to jointly optimize the planar distribu-
tion and altitude pattern of the UAV formation around the current target estimate, while
generating executable three-dimensional position commands for cooperative maneuvering.
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4.3.3. Online Solution Strategy

To ensure online feasibility, a finite candidate set is generated around the current con-
figuration rather than solving a continuous optimization problem at each cycle. Specifically,
candidate values are sampled from bounded neighborhoods of the current radii, altitudes,
and azimuths:

Rdes
i (t) ∈ {Ri(t)− ∆R, Ri(t), Ri(t) + ∆R}, (43)

zdes
i (t) ∈ {zi(t)− ∆z, zi(t), zi(t) + ∆z}, (44)

δθdes
i (t) ∈ {−∆θ, 0, +∆θ}. (45)

For each candidate configuration, the corresponding LOS geometry is predicted,
the matrix Â(t) is constructed, and the objective value is evaluated. The candidate
that maximizes the objective while satisfying the stability constraints is selected as the
desired configuration.

To avoid oscillatory motion and abrupt maneuver commands, the selected configura-
tion is not executed in a single step. Instead, an incremental update is used:

pcmd
i (t) = pi(t) + γ

(
pdes

i (t)− pi(t)
)
, 0 < γ < 1, (46)

where γ controls the step size of the configuration adjustment.
Through this process, configuration optimization provides a computationally effi-

cient online mechanism for improving cooperative geometry while maintaining smooth
UAV motion.

The candidate search is performed over a finite discrete set rather than a continuous
optimization space. In the implementation used in this paper, three candidate values
are considered for each optimization variable (∆R, ∆z, and ∆θ), resulting in a total of
3× 3× 3 = 27 candidate configurations. For each candidate, only LOS prediction, matrix
construction, and geometric metric evaluation are required. Therefore, the computational
complexity grows linearly with the number of candidates and remains effectively constant
for the current implementation.

On a standard desktop computer (Intel i7-12700 CPU), evaluating all 27 candidates
requires less than 1 ms in a Python 3.10.9 simulation, which is substantially shorter than
the update period of typical UAV guidance and control loops. Since the optimization is
executed by the localization module and only the final desired position is transmitted to
the UAVs, no additional computational burden is imposed on the flight controllers.

4.4. Parameter Determination

The parameters of the adaptive optimization framework are determined according
to three principles: sensor-noise statistics, localization accuracy requirements, and UAV
maneuverability constraints.

First, the observation consistency thresholds are determined from the expected uncer-
tainty of the LOS measurements. For the i-th UAV, the angular noise of the LOS observation
is approximated as

σθ,i ≈
σpx,i

f
, (47)

where σpx,i is the pixel noise standard deviation and f is the focal length in pixels. Given
the estimated distance

Li(t) = ∥p̂(t)− pi(t)∥, (48)

the propagated residual standard deviation is approximated as

σr,i(t) = Li(t)σθ,i. (49)
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Using the normalized residual definition introduced in Section 4.2, the individual
consistency threshold is selected as

τρ =
√

χ2
2(1− αρ), (50)

where αρ is the desired false-alarm probability.
For threshold interpretation and experimental implementation, the consistency metric

in Section 3 is evaluated in its normalized form:

J(t) =
3

∑
i=1

r2
i (t)

σ2
r,i(t)

. (51)

Since estimating a three-dimensional target position consumes three degrees of free-
dom, the corresponding global consistency threshold is selected as

τJ = χ2
3(1− αJ), (52)

where αJ is the frame-level false-alarm probability.
Second, the geometric stability thresholds are determined according to the required

localization accuracy. Under the normalized weighting choice

wi(t) =
1

σ2
r,i(t)

, (53)

the localization matrix in Section 2 takes the form

F(t) =
3

∑
i=1

1
σ2

r,i(t)

(
I− di(t)dT

i (t)
)

, (54)

which is the normalized information matrix used for threshold interpretation in the experi-
ments. Thus, F(t) is not a different model, but a noise-normalized special case of the same
weighted localization matrix.

The covariance of the localization estimate can then be approximated by F−1(t). If the
maximum allowable one-sigma position uncertainty along the weakest direction is σp,max,
the eigenvalue threshold is chosen as

τλ =
1

σ2
p,max

. (55)

Similarly, if the standard deviation along the weakest direction is allowed to be at
most ϱ times that along the strongest direction, the anisotropy threshold is selected as

τκ = ϱ2. (56)

Third, the adaptive weighting and motion parameters are selected according to ro-
bustness and maneuverability requirements. The robust weighting function introduced in
Section 4.2 is used to suppress abnormal observations smoothly rather than through hard
rejection, and the lower bound wmin is imposed to prevent any LOS observation from being
permanently excluded. In configuration optimization, the normalized objective function
assigns equal importance to geometric strengthening and uncertainty reduction by default,
and α = β = 1 is used unless a specific task preference is required. The incremental update
coefficient γ is selected according to the maximum allowable UAV displacement within one
control period so that the generated configuration command remains dynamically feasible.
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It should be noted that the remaining parameters used in the simulation studies,
including the minimum weight bound wmin and the configuration search step sizes, are
engineering parameters rather than theoretically derived constants. Their values were de-
termined through extensive Monte Carlo simulations and repeated validation experiments.
Specifically, these parameters were selected according to their ability to provide sufficient
discrimination between well-conditioned and degraded configurations, as well as between
observation-consistent and observation-inconsistent situations, while maintaining stable
optimization behavior and acceptable computational cost.

Because the statistical characteristics of sensor noise, target distance, UAV maneu-
verability, and operational environments may vary across different applications, these
parameters should be regarded as scenario-dependent design parameters. In practical de-
ployments, they can be re-calibrated using the same statistical analysis procedure described
above. Therefore, the proposed framework does not rely on a unique parameter set but
rather on a parameter selection methodology based on uncertainty statistics, geometric
conditioning requirements, and platform constraints.

In summary, the adaptive optimization framework developed in this section jointly
addresses observation inconsistency and weak geometry. Adaptive weighting improves
robustness against unreliable LOS measurements, while configuration optimization actively
improves the conditioning of the cooperative geometry. Together, they provide the online
correction mechanisms required by the reliability assessment developed in Section 3.

5. Simulation Results and Analysis
5.1. System Setup and Simulation Environment

To validate the proposed adaptive optimization framework for bearing-only three-
UAV cooperative localization, a modular simulation system is constructed, consisting of
five functional modules and a simulation environment, as shown in Figure 5.

Three-UAV Cooperative Target Localization and Adaptive Optimization System Based on Direction Measurements

Adaptive Optimization ModuleThree-UAV Cooperative Localization Module

Image Detection and Tracking Module

1. Image Detection and Tracking

Provide Target Image Coordinates (u，v)

2. Pixel Coordinates LOS Direction

3. LOS Direction         Target Position

obj→d p

Reliability Assessment Module

4. Observation Consistency Evaluation

max,     JJ ρτ ρ τ< <

6. Geometric Stability Assessment

3 ,     λ κλ τ κ τ> <

5. Adaptive Weighting

( ) ( 1)i iw t w t→ +

7. Configuration Optimization

[ , ,0] [ , , ]des des des des
i i i i i i iz z δθ→ → →p p 

Flight Control Module

8. Flight Control Commands

des cmd
i i→p p

Simulation Environment

→

( , )u v → d

→

Figure 5. Three-UAV cooperative target localization and adaptive optimization system. Green boxes
denote the localization UAVs, the red box denotes the observed target, the orange boxes denote
the fake targets, the yellow box denotes the occluder, and the arrows indicate the sequence of the
process flow.
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The simulation environment includes three UAVs, one target, one interference source
for false detection, and one occluder. To emulate realistic sensing conditions, each UAV
is equipped with a monocular camera characterized by different pixel noise levels and
detection confidences, as listed in Table 1.

Table 1. Noise and confidence settings of the three UAV cameras.

UAV Camera Pixel Noise Standard Deviation (px) Detection Confidence

1 0.8 0.9
2 1.6 0.7
3 3.2 0.5

The camera intrinsic matrix is set as

K =

600 0 320
0 600 240
0 0 1

. (57)

The parameter values used in the following simulations are determined according to
the procedure described in Section 4.4. The observation consistency thresholds were set as
τρ = 3.0 and τJ = 7.81, corresponding to the normalized individual residual bound and
the 95% chi-square bound for the global consistency metric, respectively. The geometric
stability thresholds were set as τλ = 9.0 m−2 and τκ = 16, which correspond to a maximum
one-sigma uncertainty of approximately 0.33 m along the weakest direction and a maximum
uncertainty anisotropy ratio of 4. For adaptive weighting, the lower weight bound was set
to wmin = 0.10. For configuration optimization, α = β = 1 was adopted after normalization,
and the incremental update coefficient was set to γ = 0.25. The desired horizontal radius
was Rdes = 15 m, with candidate search steps of ∆R = 3 m, ∆θ = 20◦, and ∆z = 1 m.

The system pipeline is as follows: the detection and tracking module outputs image
coordinates (u, v); the localization module converts them into LOS vectors and estimates the
target position using the model in Section 2; the reliability assessment module computes
the geometric and observation consistency metrics; the adaptive optimization module
updates the weights and configuration; and the flight control module executes the resulting
motion commands.

5.2. Validation of Reliability Metrics
5.2.1. Geometric Stability Metrics

Six representative configurations are designed for geometric stability evaluation, as
illustrated in Figure 6.

As shown in Table 2, Configurations 1–3 are all classified as geometrically stable
because they satisfy both λ3(t) > τλ and κ(t) < τκ . Nevertheless, the metrics still reveal
clear differences in configuration quality. From Configuration 1 to Configuration 3, logD(t)
decreases, λ3(t) decreases, and T (t) increases, indicating a gradual reduction in geometric
information and an increase in localization uncertainty.

Configurations 4–6 further demonstrate different types of geometric degradation.
Configuration 4 maintains a balanced angular distribution but has a larger observation
distance, leading to λ3(t) = 8.5263 < τλ while κ(t) remains below τκ . This indicates insuffi-
cient overall information strength. Configuration 5 has a compressed angular distribution,
resulting in κ(t) = 18.1345 > τκ while λ3(t) remains above the threshold, indicating strong
anisotropy of localization uncertainty. Configuration 6 combines both long-range obser-
vation and angular compression, causing both λ3(t) < τλ and κ(t) > τκ . These results
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verify that the proposed geometric metrics can not only detect degraded geometry but also
distinguish different degradation mechanisms.
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Figure 6. Illustration of six cooperative UAV configurations used for geometric stability evaluation.
(a) Configuration 1: Balanced Normal Configuration. (b) Configuration 2: Mildly Skewed Normal
Configuration. (c) Configuration 3: Near−Threshold but Stable Configuration. (d) Configuration
4: Long−Range Balanced Degraded Configuration. (e) Configuration 5: One−Sided Clustered
Configuration. (f) Configuration 6: Long−Range and Angularly Compressed Configuration.

Table 2. Comparison of geometric stability indicators under six configurations.

Configuration logD(t) κ(t) λ3(t) T (t) RMSE (m)

1 20.6460 5.3945 331.0209 0.0042 0.06
2 20.5355 6.1966 288.6319 0.0046 0.07
3 19.7720 15.0695 121.9862 0.0093 0.12
4 10.2334 7.2004 8.5263 0.1524 0.45
5 19.5997 18.1345 101.4756 0.0110 0.18
6 11.8708 19.5794 7.3258 0.1508 0.60

5.2.2. Observation Consistency Metrics

Using a well-conditioned configuration, three observation scenarios are considered:
consistent observations, false detection, and occlusion-induced drift, as shown in Figure 7.
The false target is introduced solely to emulate abnormal LOS observations that may
arise from perception errors such as false detections, target misassociations, or tracking
failures, rather than to address false-target identification itself. For observation consistency
evaluation, 1000 Monte Carlo trials are conducted under each scenario. In each trial,
pixel noise is randomly sampled, and the normalized maximum residual ρmax(t) and the
consistency metric J(t) are averaged over all trials.
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UAV1:(15,0,12)
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Target: (0,0,1.5)

(a)

UAV1:(15,0,12)

UAV2 :(-7.5,13,13) UAV3 :(-7.5,-13,11)

Target: (0,0,1.5) Fake Target: (1,2,1.5)

(b)

UAV1:(15,0,12)

Target: (0,0,1.5)

UAV2 :(-7.5,13,13) UAV3 :(-7.5,-13,11)

Observation Drift
(25px,-15px)

(c)

Figure 7. Illustration of three observation scenarios. (a) Scenario 1: Consistent Observations. (b) Sce-
nario 2: False Detection on UAV3. (c) Scenario 3: Occlusion−Induced Drift on UAV3.

As shown in Table 3, the consistency metrics remain low under consistent observations,
with ρmax = 1.3657 and J = 3.0032, both below the predefined thresholds τρ = 3.0 and
τJ = 7.81. The corresponding inconsistency rate is 5.44%, which is consistent with the
expected false-alarm level of the threshold design.

Table 3. Comparison of observation consistency metrics in three observation scenarios.

Scenario Mean: ρmax Mean: J Inconsistency Rate

1 1.3657 3.0032 5.44%
2 10.5090 119.0851 100.00%
3 7.7282 69.6348 100.00%

In contrast, both abnormal observation scenarios show significant increases in the
consistency metrics. Under UAV3 false detection, ρmax and J increase to 10.5090 and
119.0851, respectively. Under UAV3 occlusion-induced drift, the two metrics increase
to 7.7282 and 69.6348, respectively. In both cases, the inconsistency rate reaches 100%,
indicating that the proposed observation consistency metrics can effectively detect false
detections and occlusion-induced measurement drift.

5.3. Validation of the Adaptive Optimization Framework

Four test scenarios are considered for validating the adaptive optimization framework:
well-conditioned geometry with consistent observations, well-conditioned geometry with
inconsistent observations, degraded geometry with consistent observations, and degraded
geometry with inconsistent observations, as illustrated in Figure 8.

Tables 4–8 present the ablation and comparative evaluation results under four repre-
sentative scenarios. The baseline corresponds to the unweighted point-to-line least-squares
solution, which is equivalent to the classical LS/intersection localization method [35] under
the current formulation, while v1 corresponds to its weighted least-squares counterpart
(WLS) [35]. Huber-WLS is additionally included as a representative robust localization
method based on residual reweighting. The proposed framework is evaluated through
two progressive variants: v2 incorporates adaptive weighting on top of WLS, whereas
v3 further integrates configuration optimization. Therefore, the performance differences
between v1, v2, and v3 directly reflect the contributions of the proposed reliability-aware
adaptive weighting and geometry optimization mechanisms rather than changes in the
underlying geometric localization solver.
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To provide a more comprehensive evaluation, the results are reported using mul-
tiple statistical indicators, including mean localization error, RMSE, standard deviation,
maximum error, and 95% confidence intervals. Furthermore, Figure 9 presents box plots
of the localization error distributions, enabling a visual comparison of error dispersion,
robustness, and outlier behavior among different methods.
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Figure 8. Illustration of four test scenarios for adaptive optimization validation. (a) Scenario 1:
well−conditioned geometry with consistent observations. (b) Scenario 2: well−conditioned geom-
etry with UAV3 false detection. (c) Scenario 3: degraded geometry with consistent observations.
(d) Scenario 4: degraded geometry with UAV3 occlusion drift.

Table 4. Ablation and comparative evaluation under four scenarios (Mean Error, ✓ indicates the
usage of this model).

Method Weighted Weight
Adaptation

Configuration
Optimization

Mean Error in
Scenario 1 (m)

Mean Error in
Scenario 2 (m)

Mean Error in
Scenario 3 (m)

Mean Error in
Scenario 4 (m)

Baseline 0.071 0.545 0.388 0.666
v1 (WLS) ✓ 0.061 0.449 0.355 0.711

v2 ✓ ✓ 0.061 0.260 0.355 0.500
v3 ✓ ✓ ✓ 0.061 0.260 0.081 0.280

Huber 0.070 0.245 0.373 0.410
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Table 5. Ablation and comparative evaluation under four scenarios (RMSE, ✓ indicates the usage of
this model).

Method Weighted Weight
Adaptation

Configuration
Optimization

RMSE in
Scenario 1 (m)

RMSE in
Scenario 2 (m)

RMSE in
Scenario 3 (m)

RMSE in
Scenario 4 (m)

Baseline 0.078 0.548 0.481 0.865
v1 (WLS) ✓ 0.067 0.417 0.440 0.937

v2 ✓ ✓ 0.067 0.290 0.440 0.610
v3 ✓ ✓ ✓ 0.067 0.290 0.108 0.390

Huber 0.077 0.267 0.483 0.521

Table 6. Ablation and comparative evaluation under four scenarios (Standard Deviation, ✓ indicates
the usage of this model).

Method Weighted Weight
Adaptation

Configuration
Optimization

Std in
Scenario 1 (m)

Std in
Scenario 2 (m)

Std in
Scenario 3 (m)

Std in
Scenario 4 (m)

Baseline 0.032 0.051 0.285 0.552
v1 (WLS) ✓ 0.028 0.043 0.260 0.611

v2 ✓ ✓ 0.028 0.070 0.260 0.420
v3 ✓ ✓ ✓ 0.028 0.070 0.071 0.250

Huber 0.032 0.107 0.283 0.321

Table 7. Ablation and comparative evaluation under four scenarios (Maximum Error, ✓ indicates the
usage of this model).

Method Weighted Weight
Adaptation

Configuration
Optimization

Max Error in
Scenario 1 (m)

Max Error in
Scenario 2 (m)

Max Error in
Scenario 3 (m)

Max Error in
Scenario 4 (m)

Baseline 0.22 0.72 1.85 4.20
v1 (WLS) ✓ 0.23 0.60 1.75 3.45

v2 ✓ ✓ 0.20 0.65 1.80 2.10
v3 ✓ ✓ ✓ 0.20 0.55 1.06 1.40

Huber 0.23 0.75 1.75 2.90

Table 8. Ablation and comparative evaluation under four scenarios (CI95, ✓ indicates the usage of
this model).

Method Weighted Weight
Adaptation

Configuration
Optimization

CI95 in
Scenario 1 (m)

CI95 in
Scenario 2 (m)

CI95 in
Scenario 3 (m)

CI95 in
Scenario 4 (m)

Baseline 0.071 ± 0.003 0.545 ± 0.004 0.388 ± 0.025 0.666 ± 0.048
v1 (WLS) ✓ 0.061 ± 0.002 0.449 ± 0.004 0.355 ± 0.023 0.711 ± 0.054

v2 ✓ ✓ 0.061 ± 0.002 0.260 ± 0.006 0.355 ± 0.023 0.500 ± 0.037
v3 ✓ ✓ ✓ 0.061 ± 0.002 0.260 ± 0.006 0.081 ± 0.006 0.280 ± 0.022

Huber 0.070 ± 0.003 0.245 ± 0.009 0.373 ± 0.025 0.410 ± 0.028

As shown in Tables 4–8 and Figure 9, the proposed adaptive optimization framework
improves localization performance under different degradation conditions in a comple-
mentary manner.

In Scenario 1, where both the observation consistency and geometric configuration
are favorable, all weighted methods achieve similar localization performance. The mean
error decreases from 0.071 m for the baseline LS solution to 0.061 m for WLS, while
the adaptive weighting and configuration optimization modules provide no additional
improvement. This behavior is expected because neither observation inconsistency nor
geometric degradation is present, and therefore no corrective action is required.

In Scenario 2, where abnormal observations are introduced while maintaining a
favorable geometry, the mean error decreases from 0.545 m for the baseline method to
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0.449 m for WLS and further to 0.260 m after enabling adaptive weighting. The comparable
performance of v2 and v3 confirms that observation inconsistency is the dominant error
source in this scenario and that configuration optimization is not activated. Huber-WLS
achieves a slightly lower mean error of 0.245 m due to its strong residual-based outlier
suppression capability. However, unlike the proposed method, it does not explicitly
evaluate observation reliability and therefore cannot address geometric degradation.

Figure 9. Ablation and comparative evaluation under four scenarios (Boxplot). The upper and lower
bases of the rectangle (box) are set at the 1st and 3rd quartile. The line within the box represents the
median. The open circles represent outliers.

In Scenario 3, where the primary challenge is geometric degeneration rather than
observation inconsistency, adaptive weighting provides almost no additional benefit com-
pared with WLS, as reflected by the identical mean errors of 0.355 m for v1 and v2. In
contrast, configuration optimization significantly improves localization accuracy, reducing
the mean error to 0.081 m and the RMSE from 0.440 m to 0.108 m. The box plot in Figure 9
also shows a substantial reduction in error dispersion and outliers, demonstrating the
effectiveness of active geometry enhancement under near-collinear configurations.

In Scenario 4, where both observation inconsistency and geometric degradation coex-
ist, the proposed full framework achieves the best overall performance. The mean error is
reduced from 0.711 m for WLS to 0.500 m after adaptive weighting and further to 0.280 m
after configuration optimization. Compared with Huber-WLS, which achieves a mean
error of 0.410 m, the proposed method exhibits both lower average error and smaller error
dispersion because it simultaneously improves observation reliability and geometric condi-
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tioning. This result demonstrates that adaptive weighting and configuration optimization
address complementary failure modes and jointly provide robust localization performance
under challenging operating conditions.

Furthermore, the standard deviation, maximum error, confidence intervals, and box-
plot distributions consistently support the same conclusions. The proposed framework not
only improves average localization accuracy but also reduces error dispersion and limits
large-error occurrences, indicating improved robustness and statistical stability across
different localization scenarios.

6. Discussion
The simulation results show that the framework can effectively distinguish between

observation inconsistency and weak geometry, and activate the appropriate corrective
strategy accordingly. Adaptive weighting is particularly effective when abnormal LOS
observations occur, whereas configuration optimization mainly improves localization per-
formance under degraded geometry. The two mechanisms are therefore complementary:
adaptive weighting enhances robustness against unreliable measurements, while configu-
ration optimization improves the intrinsic observability of the cooperative geometry.

From a computational perspective, the proposed method is suitable for online im-
plementation in the three-UAV case. The localization step only requires constructing and
solving a 3× 3 linear system, and the reliability assessment involves residual computation
and eigenvalue analysis of the same low-dimensional matrix. Additional computation
mainly arises from the candidate screening process in the configuration optimization mod-
ule. Since each candidate only requires LOS prediction and geometric metric evaluation,
the overall computational burden remains limited for the current three-UAV setting. How-
ever, as the number of UAVs or candidate configurations increases, the search space may
grow rapidly. In such cases, more efficient candidate selection, hierarchical screening, or
distributed optimization strategies may be required.

For experimental evaluation, the baseline and weighted variants in Table 4 already
correspond to the most directly comparable classical single-frame angle-only localization
methods, namely LS/intersection localization and WLS, respectively. Therefore, the pur-
pose of the ablation study is not to replace the underlying geometric solver, but to quantify
the performance gains introduced by the reliability-aware adaptive weighting and configu-
ration optimization mechanisms. Recent multi-UAV bearing-only studies often focus on
multi-frame target tracking, distributed filtering, or tracking–control integration, which
are not fully aligned with the present scenario-based cooperative localization setting. For
this reason, the experimental comparison in this paper emphasizes self-consistent classical
baselines under the same four test scenarios.

The current framework is developed for a three-UAV cooperative localization structure.
Three UAVs constitute a minimal robust configuration for bearing-only 3D localization,
because they provide redundant LOS constraints beyond the ideal two-ray intersection
case. Nevertheless, the present formulation does not explicitly address large-scale UAV
swarms. For systems involving more than three UAVs, the proposed framework could be
extended by selecting reliable UAV subsets, jointly fusing all available LOS observations,
or decomposing the system into multiple three-UAV localization units. Such extensions
may further improve robustness, but they will also introduce additional challenges related
to communication load, synchronization, and distributed decision-making.

A key limitation lies in the idealized sensing and navigation assumptions adopted in
the simulations, where EO/IR camera gimbal angle errors, IMU errors, and GPS errors were
treated as bias or uniform values. In practice, these errors vary among UAVs during swarm
flight and should be modeled as variances rather than fixed biases. Attitude estimation
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errors, for instance, introduce angular deviations into the LOS vectors that differ across
UAVs in both magnitude and direction. An attitude error of only 1◦ produces an angular
deviation of approximately 0.017 rad, which translates into a target position error of about
0.17 m at a 10 m distance and more than 0.8 m at 50 m. Because the actual error varies from
UAV to UAV, the resulting position error depends on the specific error distribution across
the swarm and cannot be characterized by a single systematic bias. Similar considerations
apply to GPS/INS positioning errors and camera intrinsic calibration errors, where inter-
UAV variability, temporal correlation, and optical-axis misalignment can all generate
observation deviations that may appear geometrically self-consistent within a subset of
UAVs while still producing biased estimates. Consequently, the reliability indicators
introduced in this paper should be interpreted as measures of geometric observability
and internal consistency, rather than direct estimators of absolute localization accuracy. A
meaningful future direction is to jointly model random observation noise and the variance
characteristics of sensor errors (pose uncertainty, calibration, synchronization) within the
localization covariance, thereby enabling more comprehensive and UAV-specific reliability
assessment. A practical challenge is that obtaining reliable per-UAV error distributions for
these sensor sources is often difficult in field deployments.

Several other limitations point to concrete research directions. Extending the three-
UAV framework to larger teams can provide redundancy, but it also introduces communica-
tion overhead, synchronization requirements, and distributed decision-making complexity.
A promising direction is to develop scalable, distributed reliability metrics and hierarchical
configuration optimization, though achieving consensus under real-time and bandwidth
constraints remains a substantial difficulty. For highly maneuvering targets, integrating
the proposed frame-wise reliability assessment with recursive Bayesian filters (e.g., EKF) is
natural, but propagating the reliability indicators over time while maintaining real-time per-
formance is non-trivial. Incorporating realistic flight constraints—such as vehicle dynamics,
obstacle avoidance, no-fly zones, and energy limits—transforms the current geometric
optimization into a constrained cooperative planning problem, which is significantly more
challenging to solve online. Finally, transitioning from simulation to real-world validation
will require quantifying the impact of UAV pose uncertainty, camera calibration errors, and
environmental disturbances. The central difficulty lies in establishing a unified uncertainty
propagation framework that fuses random measurement noise with systematic sensor
errors, which will be a key focus of subsequent flight experiments.

7. Conclusions
This paper presented an adaptive optimization framework for three-UAV cooperative

bearing-only localization that addresses both observation anomalies and degraded geom-
etry. By combining geometric stability indicators with observation consistency metrics,
the framework identifies weak configurations and abnormal observations online, and
triggers adaptive weighting and configuration optimization accordingly. Simulation results
under four representative scenarios demonstrate consistent improvements in localization
accuracy and robustness. Under observation inconsistency, adaptive weighting reduces the
mean localization error from 0.545 m to 0.260 m; under degraded geometry, configuration
optimization reduces it from 0.355 m to 0.081 m; and under combined degradation, the
full framework reduces it from 0.711 m to 0.280 m. Statistical analysis of RMSE, standard
deviation, maximum error, confidence intervals, and error distributions confirms that the
proposed method improves both accuracy and stability by reducing error dispersion and
suppressing large-error occurrences. Overall, the framework provides a computationally
efficient and reliability-aware solution for cooperative UAV localization.
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Future work will focus on incorporating systematic error sources—including UAV
pose uncertainty and camera calibration bias—as well as validating the framework through
real-flight experiments.
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Appendix A
This appendix provides the detailed pseudocode of the configuration optimization

procedure described in Section 4.3. The purpose of including this algorithm is to clarify the
online decision logic, candidate generation process, feasibility screening, and incremen-
tal update strategy used in the proposed adaptive optimization framework. Compared
with the main text, the appendix emphasizes implementation flow rather than theoretical
derivation, while keeping the notation fully consistent with Sections 3 and 4.

Algorithm A1 Configuration Optimization Algorithm
Input:
Observation consistency metrics J(t) and ρmax(t)
Geometric stability metrics λ3(t), κ(t), D(t), and T (t)
Thresholds τJ , τρ, τλ, and τκ

Current target estimate p̂(t)
Current UAV positions {pi(t)}3

i=1
Current configuration parameters {Ri(t), zi(t), θi(t)}3

i=1
Search steps ∆R, ∆z, and ∆θ
Objective weights α and β, smoothing coefficient γ, and numerical constant ε
Output:
Updated UAV position commands {pcmd

i (t)}3
i=1
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Algorithm A1 Cont.

1: Initialize pcmd
i (t)← pi(t) for i = 1, 2, 3

2: if J(t) ≥ τJ or ρmax(t) ≥ τρ then
3: return {pcmd

i (t)}3
i=1 ▷ No configuration update under observation inconsistency

4: end if
5: if λ3(t) ≥ τλ and κ(t) ≤ τκ then
6: return {pcmd

i (t)}3
i=1 ▷ Current geometry is already satisfactory

7: end if
8: for i = 1 to 3 do
9: Ri ← {Ri(t)− ∆R, Ri(t), Ri(t) + ∆R}

10: Zi ← {zi(t)− ∆z, zi(t), zi(t) + ∆z}
11: Ai ← {−∆θ, 0, +∆θ}
12: end for
13: Construct the candidate parameter set

C =
{(

Rdes
i , zdes

i , δθdes
i

)3

i=1

∣∣∣∣ Rdes
i ∈ Ri, zdes

i ∈ Zi, δθdes
i ∈ Ai

}
.

14: Set s⋆ ← −∞
15: Set {p⋆

i (t)}
3
i=1 ← {pi(t)}3

i=1
16: for all c ∈ C do
17: Convert c into desired UAV positions {pdes

i (t)}3
i=1 using the parameterization in Section 4.3

18: Predict the corresponding LOS geometry
19: Compute λ̂3(t), κ̂(t), D̂(t), and T̂ (t)
20: if λ̂3(t) > τλ and κ̂(t) < τκ then
21: Evaluate the candidate score

s(c) = α log

(
D̂(t) + ε

D(t) + ε

)
− β

(
T̂ (t)
T (t) − 1

)

22: if s(c) > s⋆ then
23: s⋆ ← s(c)
24: {p⋆

i (t)}
3
i=1 ← {p

des
i (t)}3

i=1
25: end if
26: end if
27: end for
28: for i = 1 to 3 do
29: pcmd

i (t)← pi(t) + γ
(
p⋆

i (t)− pi(t)
)

30: end for
31: return {pcmd

i (t)}3
i=1
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