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Abstract— In aerial refueling and airborne recovery scenar-
ios, accurate localization and 6D pose estimation of the aerial
docking device are essential for safe rendezvous and sustained
flight coordination. In this paper, we propose a multi-view 6D
pose estimation framework for the aerial docking device with
distributed observer drones. First, we extract 2D keypoints
from multiple views and reconstruct the 3D translation through
triangulation and reprojection refinement. Then, we fuse per-
view rotation hypotheses with a Gaussian mixture model to
resolve symmetry-induced ambiguity. To improve temporal con-
sistency during long-term operation, we close the perception-
control loop with a model predictive controller that actively
maintains stable observer-target geometry. This integrated de-
sign improves observability and robustness of pose estimation
during continuous following in dynamic scenarios. Extensive
simulation and real-world experiments demonstrate consistent
gains in pose accuracy and tracking stability, which supports
long-term autonomous drone operation in aerial refueling-
related missions. The source code will be publicly available
at: https://github.com/npu-ius-lab/PoseDDF

I. INTRODUCTION

In aerial refueling and airborne recovery missions, long-

term autonomous drone operation depends on reliable per-

ception of the aerial docking device under continuous mo-

tion. Because recovery is feasible only within limited time

windows along the carrier aircraft trajectory, observer drones

must persistently follow the carrier and maintain accurate

6D pose estimation over long horizons. This is challenging

in dynamic environments due to viewpoint changes and

depth-scale ambiguity in single-view observations. Com-

pared with a single drone, multi-drone multi-view perception

provides different viewpoints that improve spatial coverage,

observability, and robustness for persistent docking-device

perception.

However, multi-view 6D pose estimation and persistent

following of the aerial docking device remains challenging,

and two fundamental issues must first be addressed. First,

due to the geometric symmetry of the aerial docking device,

single-view pose estimation is often ambiguous, which leads

to inconsistent rotation hypotheses across views [1]. Second,

during long-horizon following, observer drones must con-

tinuously maintain informative viewpoints and valid trian-

gulation geometry; otherwise, limited FoV and unfavorable

relative motion can quickly degrade estimation stability [2].
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Fig. 1. Visual detection with multiple drones. In our work, we focus on
accurate 6D pose estimation and persistent tracking of the aerial docking
device, using distributed drones to detect it from different viewpoints.

To address these challenges, this paper proposes a novel

method of 6D pose estimation with viewpoints from multiple

drones following. Specifically, we first detect target keypoints

across multi-drone viewpoints and resolve scale ambiguity

through geometric triangulation with the object’s 3D model.

Then, we employ a Gaussian mixture model (GMM)-based

optimization scheme to fuse multi-view estimations, effec-

tively mitigating occlusion and symmetry ambiguity through

the complementary observations of viewpoints. Finally, we

design a model predictive controller (MPC) to keep the

observer drones’ following and maintain object 6D pose

estimation accuracy. Fig. 1 provides a schematic illustration

of our work, where multiple drones collaboratively follow

the aerial target to realize 6D pose estimation. The main

contributions of this paper are threefold:

• We present a multi-view 6D pose estimation approach

for the aerial object with distributed drones, which

employs a GMM-based optimization scheme to miti-

gate the ambiguity of monocular pose estimation of a

symmetric target.

• The accuracy and robustness of aerial target 6D pose

estimation are improved by the observer drones’ con-

tinuous following with an MPC controller.

• Both the simulation and real-world experiments demon-

strate the effectiveness of our proposed method. The

implementation based on ROS nodes will be released

to benefit the robotic community.

https://github.com/npu-ius-lab/PoseDDF


Fig. 2. The pipeline of multi-view 6D pose estimation for the aerial object with distributed drone following.

II. RELATED WORK

A. 6D Pose Estimation

Current research on 6D pose estimation mainly focuses

on three levels: instance-level, category-level, and unseen-

object-level. Instance-level methods assume a known 3D

model and estimate its exact pose [3], [4], category-level

methods generalize within object classes [5], [6], and novel-

object approaches handle unseen targets via priors [7], [8].

In our scenarios, we focus on instance-level estimation,

where multiple collaborative drones estimate 6D pose and

keep following the object with a known 3D model. Vision-

based 6D pose estimation mainly relies on template match-

ing methods, which align observations with pre-rendered

views [9], and feature-based methods, which recover poses

from 2D–3D correspondences [10]. While instance-level ap-

proaches can achieve high accuracy when the computer-aided

design (CAD) models are available, they often struggle with

the ambiguity of monocular pose estimation of a symmetric

target, motivating the multi-view strategy.

B. Multi-view Detection

Multi-view detection has been widely studied to resolve

the scale ambiguity in monocular settings and improve pose

estimation accuracy. CosyPose exploited a large number of

static views with bundle adjustment to achieve a globally

consistent object pose estimation in cluttered scenes [11].

Li et al. [12] proposed a multi-view eye-in-hand framework

that fuses keypoint heatmaps into a 3D probability map,

enabling robust pose estimation of textureless and reflective

objects. Hu et al. [13] developed a dynamic distributed-

camera system with gimbal-based adjustments and online

extrinsic optimization, allowing robust tracking of moving

objects under field-of-view limitations. These methods high-

light the benefits of multi-view fusion, but often assume static

camera settings.

Gaussian mixture models (GMMs) are widely used in

robotics and computer vision to model non-Gaussian noise

and multimodal uncertainties. Pfeifer et al. [14] employed

an expectation maximization (EM)-based adaptive GMM

to dynamically learn noise distributions in factor graph

optimization, improving robustness against non-Gaussian

sensor errors. Mei et al. [15] leveraged overlap-aware GMM

weighting to robustly align partially overlapping point clouds

under clutter and noise. Yang et al. [2] introduced a max-

mixture formulation of GMM to explicitly address the rota-

tional ambiguity of symmetric objects in multi-view fusion.

Inspired by the above methods, we apply GMM to handle

the uncertainty of the symmetric object’s pose estimation in

multi-drone settings.

III. PROPOSED METHOD

In this section, we present our framework of multi-view

6D pose estimation for the aerial object with distributed

drone following. The proposed method is applicable to any

rigid object whose 3D model is available, and we utilize

the aerial docking device as the object for 6D pose esti-

mation in this work. First, the object is detected in each

view of drones, and the geometric keypoints are extracted

simultaneously. Minimizing multi-view reprojection errors,

these keypoints are reconstructed into the world coordinate

through multi-view triangulation and reprojection refinement.

To recover the orientation of a symmetry object, single-

view perspective-n-point (PnP) rotations are then fused with

GMM to produce a consistent estimate. The estimated poses



are further refined over time using a pose Kalman filter

(PoseKF), which improves the accuracy of estimations. Fi-

nally, we complete the perception–action loop with an MPC

to maintain the object’s observability with multiple drones

following.

A. Object Keypoint Detection

We adopt YOLOv8 [16] to detect the aerial docking device

in each view’s image, and extend it with a lightweight

keypoint head that predicts N keypoints on the object’s

edge for view k, {ui,k ∈ R
2}N

i=1. Unlike previous 6D pose

estimation pipelines [17] that rely on a centroid and 3D

bounding-box corners, we select keypoints on high-contrast

geometric boundaries, such as rim vertices and junctions,

where image gradients are easily calculated. These keypoints

offer two main advantages: (i) Improving cross-view re-

peatability and better triangulation conditions. (ii) Supporting

accurate object rotation estimation by combining multi-view

information, thereby mitigating planar-PnP ambiguity and

enhancing robustness under partial occlusions.

B. 3D Translation Estimation

Although recent monocular methods can infer depth in-

formation from a single image [18], the physical scale is

often missing, which can be resolved by multiple views.

With known observer drones’ poses obtained by internal or

external measurements, e.g., GPS, motion-capture system,

or visual-inertial odometry, the target’s position estimated

from each camera view can be transformed into the world

coordinate, as illustrated in Fig. 3.

The target’s 3D translation is first initialized through a

pairwise triangulation of matched feature points from dif-

ferent camera views. We consider that there are M drones.

Each has a camera of known pose Twc,k for k = 1, . . . ,M.

Each camera pose in the world frame is represented as

Twc,k = [Rwc,k twc,k; 0⊤ 1], with camera center Ck = twc,k.

From each detected keypoint ui,k = [u,v]⊤, we compute its

corresponding unit bearing vector in the world coordinate

via back-projection:

di,k =
Rwc,k K−1[u v 1]⊤

∥

∥Rwc,k K−1[u v 1]⊤
∥

∥

(1)

where K denotes the intrinsic calibration matrix of the

camera.

When the corresponding keypoints are detected by the

cameras of two drones(a,b) respectively, the 3D position

of the corresponding point on the object is estimated by

triangulation:

Pa = I3−di,ad⊤i,a (2a)

Pb = I3−di,bd⊤i,b (2b)

X
(a,b)
i = argmin

X

{

∥Pa(X−Ca)∥
2 +∥Pb(X−Cb)∥

2
}

(2c)

where Pa and Pb are projection matrices onto the orthogonal

complements of the bearing vectors di,a and di,b, respectively.

Fig. 3. The transformations from the local camera coordinates to the
world coordinate, with known camera extrinsics Twc,k .

Therefore, the formulation in (2c) minimizes the squared

perpendicular distances from X to the two rays in different

views.

After obtaining the 3D positions of corresponding key-

points, we initialize each keypoint’s estimation by averaging

the valid pairwise 3D reconstructions. Then, we refine the

results through multi-view reprojection optimization. Specif-

ically, each calculated 3D point is back-projected to every

camera view and compared to the corresponding keypoint

on the image.

min
{Xi}

∑
k

∑
i

γi,k

∥

∥

∥
π
(

Tcw,k [X
⊤
i 1]⊤

)

−ui,k

∥

∥

∥

2

(3)

where Tcw,k = T−1
wc,k, γi,k ∈ [0,1] denotes a confidence weight.

π(·) denotes the camera projection function that maps 3D

points in the camera coordinate onto the image plane.

Finally, we refine the object’s estimated centroid position

in the world coordinate as two =
1
N ∑

N
i=1 Xi, which enables the

recovery of a scale-consistent object depth across different

drones’ views. A reliable 3D translation estimation of the

object is essential for subsequent rotation prediction and data

fusion.

C. 3D Rotation Estimation

Given the detected 2D keypoints {ui,k} and the known

3D landmarks {Xm
i } in the object model, we first estimate

the object’s 6D pose in each drone’s view by solving a PnP

problem:

min
Rco,k, tco,k

∑
i

∥

∥

∥
π
(

[Rco,k tco,k] [X
m⊤
i 1]⊤

)

−ui,k

∥

∥

∥

2

(4)

PnP returns an estimated pose (R̂co,k, t̂co,k) in the camera

coordinate, which is transformed into the world coordinate

as

R̂wo,k = Rwc,k R̂co,k (5)

The estimated rotations {R̂wo,k} map the model landmarks

from the object coordinate into the world coordinate. Then,



Fig. 4. The top row shows (left to right) correct estimation, ambiguous
estimation due to the object’s symmetric appearance, and the outlier. The
bottom row plots the distribution of rotation hypotheses, where the correct
and rectified ambiguous estimations contribute to GMM, and the outlier lies
outside the main distribution peak.

these transformed landmarks are compared with the refined

3D keypoints from Sec. III-B. Their deviations are expressed

as rotation residuals:

ri,k = R̂wo,k Xm
i −Xi (6)

where Xm
i represents the model landmarks and Xi represents

the refined 3D keypoints. The rotation covariance in each

view is approximated from the Jacobian of the residuals with

respect to the rotation parameters:

Σk = σ2
(

J⊤k Jk

)−1
(7)

where Jk = ∂ri,k/∂θ k is the Jacobian with θ k denoting the

minimal rotation parameters, and σ2 is the noise variance

of the observations. The defined covariance Σk quantifies the

reliability of each view’s estimation.

To obtain a globally consistent object rotation result Rwo,

multi-view data fusion is based on a GMM optimization

formulation on SO(3):

min
Rwo∈SO(3)

∑
k

min
S j∈S

∥

∥

∥
Log

(

R⊤wo S j R̂wo,k

)

∥

∥

∥

2

Σk

(8)

where S is the finite set of object symmetries and minimizing

over S j ∈ S explicitly resolves symmetry-induced ambiguity

by assigning identical costs to physically equivalent rota-

tions. Log(·) maps a rotation matrix to its tangent vector

in R
3. Therefore, all estimations from different drones are

fused into a consensus rotation result Rwo, and unreliable

views due to the object’s symmetry are ignored to handle

estimation ambiguity. The estimations of rotation Rwo and

translation two consist of the object’s 6D pose in the world

coordinate.

Two =





Rwo two

0⊤ 1



 (9)

D. Pose Refinement

We refine the current pose Two using PoseKF.

The state vector is defined as

x = [x, y, z, ẋ, ẏ, ż, φ , θ , ψ, φ̇ , θ̇ , ψ̇]⊤ (10)

which contains position, velocity, attitude (i.e., roll φ , pitch

θ , yaw ψ), and angular velocities.

The constant velocity model for both translation and

rotation is employed as process dynamics. With sampling

interval ∆t, the state transition is:

pt = pt−1 +vt−1∆t

vt = vt−1

θ t = θ t−1 +ω t−1∆t

ω t = ω t−1

(11)

where p = [x,y,z], v = [ẋ, ẏ, ż], θ = [φ ,θ ,ψ]⊤ and ω =
[φ̇ , θ̇ , ψ̇]⊤ the angular velocities.

The corresponding state transition matrix F is:

F =

















I3 ∆t I3 03×3 03×3

03×3 I3 03×3 03×3

03×3 03×3 I3 ∆t I3

03×3 03×3 03×3 I3

















(12)

The measurement vector is defined as:

z = [x, y, z, φ , θ , ψ]⊤ (13)

The measurement matrix is defined as:

H =





I3 03×3 03×3 03×3

03×3 03×3 I3 03×3



 (14)

The process noise covariance Q and the measurement

noise covariance R are adaptively adjusted based on the

residual statistics. For each axis, if the average normalized

residual r̄i exceeds a threshold τi, the corresponding mea-

surement noise variance is increased:

Rii← Rii (1+α(r̄i− τi)) (15)

The process noise is also changed accordingly:

Q j j← Q j j (1+β (r̄i− τi)) (16)

where α and β are adaptation rates. This mechanism bal-

ances the reliance between prediction and measurement

depending on the reliability of observations.

Finally, the optimized pose is expressed as:

T ∗wo =





R∗wo t∗wo

0⊤ 1



 (17)



E. Drone Following

It’s necessary to make the observer drones maintain the

formation in front of the target for a stable and accurate

object pose estimation. For example, when the target moves

out of the camera’s FoV, or the observer drones’ triangula-

tion baselines degenerate, the estimation becomes unreliable.

Therefore, we fix each drone’s yaw at a certain angle to the

object, and couple perception with control using the MPC.

The MPC adjusts the observer drones’ positions to preserve

a fixed geometric relationship with the object, including a

safe observation distance and an optimal line-of-sight angle

of π/2 [19].

We parameterize the control input at each step as trans-

lational velocities uτ = [vx,τ ,vy,τ ,vz,τ ]
⊤ in the drone’s body

coordinate, with fixed yaw ψ . The control input is trans-

formed into the world coordinate as follows:










vw
x,τ

vw
y,τ

vw
z,τ











=











cosψ −sinψ 0

sinψ cosψ 0

0 0 1





















vx,τ

vy,τ

vz,τ











(18)

Given the current drone position pτ = [xτ ,yτ ,zτ ]
⊤, the

predicted position at the next step is acquired as:

p̂τ+1 = pτ +dt · [vw
x,τ , vw

y,τ , vw
z,τ ]
⊤ (19)

For each predicted trajectory point p̂τ+1, the reference

trajectory is determined jointly by the current drone position

and the goal position. Specifically, the goal position is

defined by taking the optimized translation t∗wo as the target

location and incorporating the predefined formation geome-

try. And the reference trajectory is constructed by uniformly

interpolating between the current drone position and the

goal position within the prediction horizon H, yielding the

sequence of reference points p⋆
τ+1. The position residual is:

r
p
τ+1 = p̂τ+1−p⋆

τ+1 (20)

while the control residual is:

ru
τ = uτ (21)

The MPC output is obtained by minimizing the accumu-

lated residuals over a horizon H:

min
{ut:t+H−1}

t+H−1

∑
τ=t

(

∥rp
τ ∥

2
Qp

+∥ru
τ∥

2
R

)

(22)

where Qp weights the position tracking error to keep the

drone close to the reference trajectory, while R penalizes the

control effort to avoid large velocity commands and ensure

smooth motion.

IV. EXPERIMENTS

A. Experimental Settings

We use an aerial docking device as the object for 6D pose

estimation with the multi-drone following. The experimental

scenarios involve the observer drones and the target oper-

ating in motion, which creates a dynamic and challenging

environment for perception and control tasks. In our settings,

Fig. 5. Screenshots from the simulation experiments.

the system’s real-time following performance, its ability to

continuously maintain the target within the view, and the

localization accuracy of the aerial docking device are all

realistic factors that will be considered and evaluated.

Our evaluation includes both simulation and real-world

experiments, in which multiple observer drones cooperatively

track the object and predict its 6D pose. The simulation is im-

plemented on Ubuntu 20.04/ROS Noetic, running on an Intel

i9-14900HX processor and 16 GB of RAM. An NVIDIA

RTX 4060 GPU is utilized solely for object and keypoint

detection. An illustration of the simulation experiments is

shown in Fig. 5.

The real-world experiments are conducted using DJI Tello

quadrotor drones as observers and one custom-built drone

carrying an aerial docking device as the target. The ground

station is used for image processing, multi-view fusion,

and controller output. The NOKOV Motion Capture System

provides the precise motion states of the observer drones

and the ground truth of the target’s pose. Due to the coarse

extrinsic calibration between the onboard camera coordinate

and the observer drone body coordinate, performed with

AprilTag [20] and the motion capture system, the initial 6D

camera pose contains errors in the centimeter level. During

experiments, the observer drones capture image streams and

transmit the data to the ground station via WiFi communi-

cation. The ground station performs multi-view fusion for

object pose estimation and computes the MPC-based control

commands. These commands are then transmitted to the

observer drones via WiFi, enabling persistent following of

the target. All modules are implemented as Robot Operat-

ing System (ROS) nodes. An illustration of the real-world

experimental environment is shown in Fig. 7.

To quantitatively evaluate the performance of our system,

we employ four metrics: the association accuracy (AA), the

root mean square error (RMSE), the average distance of

object 3D keypoints (ADD/ADD-0.5d), and the 20◦20cm

criterion.

The AA is to assess the precision of target detection

and association across multiple observer drones’ views. It

is defined as the ratio of correct associated targets to the



Fig. 6. The real-world experimental settings.

Fig. 7. Screenshots from the real-world experiments.

total number of associations:

AA =
T P

T P+FP+FN
, (23)

where T P, FP, and FN denote the numbers of true positives,

false positives, and false negatives, respectively. This metric

provides a quantitative measure of how consistently the same

target is correctly identified across different viewpoints.

The RMSE evaluates the average translational error be-

tween the estimated and ground-truth target positions across

time. It is expressed as:

RMSE =

√

1

N

N

∑
i=1

∥

∥tpred,i− tgt,i

∥

∥

2

2
(24)

where tpred,i is the translation vector predicted in time step

i, tgt,i is the corresponding ground truth of the translation

vector , and N is the total number of valid time steps.

The ADD quantifies the discrepancy between the pre-

dicted pose and the ground-truth pose by measuring the

mean Euclidean distance between the triangulated 3D object

keypoints and the real landmarks on the object:

ADD =
1

|M| ∑
p∈M

∥

∥(Rp+ t)− (R̂p+ t̂)
∥

∥

2
, (25)

where R, t denote the ground-truth rotation and translation,

R̂, t̂ are the estimated ones, and p is a 3D point in the model

set M. In addition, we adopt the ADD-0.5d criterion as a

normalized success metric. A prediction is regarded correct

if its ADD error is less than half of the object’s diameter d,

and the final score is reported as the proportion of correct

predictions.

The 20◦20cm metric jointly evaluates rotation and trans-

lation accuracy. The rotation error is defined as:

Errorrot = arccos

(

trace(RR̂⊤)−1

2

)

, (26)

and the translation error is

Errortrans =
∥

∥t− t̂
∥

∥

2
. (27)

If both the rotation error and translation error are below 20◦

and 20cm, respectively, the estimation is regarded as correct.

B. Experimental Results

1) Simulation Experiments: To evaluate the effectiveness

of each proposed module, we conducted comprehensive

ablation studies under both two and three observer drones in

Table I: (1) Baseline: multi-view PnP estimation followed

by simple averaging fusion; (2) Baseline + partial modules:

incorporates either PoseKF and MPC to reinforce temporal

stability and robust observability, or GMM to effectively

disambiguate symmetric rotations; (3) Baseline + GMM +

PoseKF + MPC: the full implementation of our method.

The GMM-based fusion module reduces rotation ambi-

guity effectively, which leads to lower attitude errors and

more consistent pose estimation. By handling abrupt motion

change or sudden stop of the object, the PoseKF improves

temporal stability and reduces RMSE values. The MPC keeps

the target near the center of the FoV of each observer drone.

This improves the reliability of keypoint detection and object

observability, leading to higher AA and localization accuracy.

Comparisons between the two-view and three-view configu-

rations also highlight the advantage of leveraging additional

viewpoints. The three-view setup consistently achieves lower

RMSE and ADD values and higher success rates under

the ADD-0.5d and 20◦20cm metrics, demonstrating that

an additional camera view reduces geometric uncertainty



TABLE I

ABLATION STUDY IN THE SIMULATION.

Views GMM PoseKF MPC AA ↑ RMSE ↓ ADD ↓ ADD-0.5d ↑ 20°20cm ↑

Two views

✗ ✗ ✗ 0.912 0.128 0.213 0.944 0.245

✗ ✓ ✓ 0.915 0.127 0.165 0.978 0.310

✗ ✗ ✓ 0.918 0.093 0.163 0.981 0.325

✓ ✓ ✓ 0.950 0.090 0.157 0.985 0.520

Three views

✗ ✗ ✗ 0.945 0.110 0.175 0.975 0.505

✗ ✓ ✓ 0.947 0.108 0.120 0.990 0.630

✗ ✗ ✓ 0.950 0.072 0.118 0.993 0.648

✓ ✓ ✓ 0.980 0.070 0.115 0.996 0.884

and strengthens robustness. When all modules are jointly

applied, the full system achieves the best performance in

both settings, validating the necessity of combining multi-

view perception with robust fusion, temporal filtering, and

observer following strategies.

We also ablate the tracking controller by comparing the

settings without MPC and with MPC. As shown in Fig. 8,

introducing MPC leads to more stable observations and

significantly improves both attitude and position estimation

accuracy.

2) Real-world Experiments: In the real-world experi-

ments, we validate the effectiveness of the proposed method

under both two-view and three-view observer configurations,

with the quantitative results summarized in Table II. Com-

pared with the simulation, real-world experiments inevitably

suffer from additional sources of uncertainty, such as im-

perfect self-localization of the observer drones, inaccurate

intrinsic and extrinsic camera calibration, and delays or jitter

in image transmission.

As a result, the AA with three observer drones is slightly

lower than that with two observers. This decline can be at-

tributed to the increased communication load and occasional

synchronization issues. Nevertheless, the three-view configu-

ration still demonstrates clear advantages, achieving substan-

tial improvements across other metrics such as RMSE, ADD,

and 20◦20cm. These results highlight that although AA

may decrease slightly due to practical constraints, leveraging

multiple views significantly enhances localization accuracy

and robustness in real-world pose estimation and persistent

drone tracking tasks. Despite inevitable noise and calibra-

tion errors in real-world settings, the results exhibit strong

consistency with the simulation, thereby demonstrating that

the proposed method remains both effective and robust in

practical applications.

Table III presents the runtime analysis of each module in

our pipeline. The object keypoint detection and translation

estimation dominate the overall time consumption. Never-

theless, the full pipeline achieves an average runtime of 58.3
ms, which satisfies real-time requirements. Compared to a

comprehensive design, our modular strategy improves the

stability of pose estimation efficiently.

TABLE II

PERFORMANCE OF REAL-WORLD EXPERIMENTS.

Metrics Two views Three views

AA 1.000 0.980

RMSE [m] 0.095 0.086

ADD [m] 0.157 0.116

ADD-0.5d 0.096 1.000

20◦20cm 0.391 0.812

TABLE III

RUNTIME OF EACH MODULE IN THE POSE ESTIMATION PIPELINE.

Modules Runtime (ms)

Object keypoint detection 23.00

3D Translation estimation 20.00

PnP pose regression 2.00

GMM-based rotation fusion 13.00

PoseKF 0.30

Total pipeline 58.3

V. CONCLUSIONS

In this work, we presented a framework for persistent

tracking and localization of an aerial object using multiple

drones. Our method integrated multi-view pose estimation,

a PoseKF for temporal refinement, and a model predictive

controller, ensuring both accurate 6D pose estimation for the

object and stable drone following. By leveraging multi-drone

cooperation, the framework effectively mitigated rotation

estimation ambiguity of a symmetric object, enhances pose

observability, and maintains robustness against viewpoint

degeneracy. Comprehensive validation in both simulation and

real-world experiments confirmed our system design, demon-

strating reliable pose estimation and sustained following of

the target in dynamic environments. These results indicate

that the proposed framework can maintain stable estimation

and following performance during long-horizon continuous

operation for the aerial docking device.



(a) attitude (without drone following)

(b) attitude (with drone following)

(c) Position (without drone following)

(d) Position (with drone following)

Fig. 8. Ablation study evaluating attitude and position estimation.
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