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Abstract

Accurate attitude measurement of non-cooperative space targets is essential for on-orbit
servicing, active debris removal, and autonomous rendezvous missions. To address the
challenges associated with unknown geometry, rapid tumbling motion, and the limited
observability of single-view systems, this study proposes a cooperative multi-view measure-
ment framework for three-dimensional reconstruction and attitude estimation. Multiple
spacecraft are deployed to form a stable observation configuration, and multi-view image
sequences are acquired to strengthen geometric constraints. A learning-based multi-view
stereo reconstruction module is used to estimate depth information and reconstruct point
clouds, which are further processed through iterative closest point (ICP) registration to
derive inter-frame attitude variations. An extended Kalman filter (EKF) is then introduced
to improve temporal consistency and suppress measurement noise. Validation is conducted
in a numerical simulation using a simplified Fengyun-1 (FY-1) satellite model under a
three-spacecraft cooperative fly-around scenario. The simulation results demonstrate that
the proposed method achieves high-precision attitude estimation, with attitude errors
below 0.3◦ and positional errors within 0.05 m. Comparative experiments show that the
method maintains stable measurement performance under varying observation distances
and viewing configurations. The proposed framework provides a reliable and robust
measurement solution for dynamic attitude determination of free-tumbling space targets.

Keywords: attitude measurement; multi-view reconstruction; cooperative observation;
non-cooperative space target; measurement accuracy; point cloud registration; extended
Kalman filter

1. Introduction
With the increasing demand for on-orbit servicing and active debris removal, intelligent

perception and autonomous operation of non-cooperative space targets have become key
challenges in the aerospace field [1,2]. Such targets—typically defunct satellites, decommis-
sioned spacecraft, or debris—often exhibit uncontrolled attitude states, unknown geometry,
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strong surface reflectance, and complex motion patterns, which pose substantial challenges to
spaceborne vision-based perception as well as autonomous rendezvous and capture [3,4].

Non-cooperative targets (e.g., failed satellites) usually retain considerable residual an-
gular momentum in an uncontrolled state. Under the combined effects of gravity-gradient
torque and structural coupling, these targets often exhibit nonlinear attitude evolution
behaviors, such as periodic tumbling and nutation, with continuously varying rotation
axes and angular velocities. These highly dynamic characteristics severely degrade the
robustness of conventional vision-based attitude estimation methods. Feature-based or
model-matching approaches often suffer from feature drift, tracking interruptions, or
correspondence degeneration during continuous observations, whereas sparse 3D recon-
struction strategies may fail to maintain sufficient point density and accuracy under rapid
tumbling or weak surface texture [5]. Furthermore, single-spacecraft observation is limited
by field-of-view occlusion, depth ambiguity in weak-texture regions, and rapid parallax
decay at medium to long distances. These factors lead to a significant deterioration in
3D reconstruction accuracy, often preventing the precision required for dynamic in-orbit
capture and closed-loop control from being achieved [6].

To overcome these limitations, extensive research has been conducted using traditional
geometric methods, including structure-from-motion (SFM), shape-from-shading (SFS),
and multi-baseline stereo reconstruction. Zhang et al. proposed a visible-sensor-based
multi-view reconstruction pipeline using SFM and PMVS for dense point cloud generation
of spacecraft or debris [7]. Zhang et al. explored the adaptation of mature computer-vision
SFM + MVS (multi-view stereo) pipelines to satellite imagery, demonstrating the applicabil-
ity of traditional geometric methods to remote sensing and space reconstruction tasks [8].
Chang et al. employed stereovision to estimate the relative pose of non-cooperative space-
craft, thereby validating the effectiveness of multi-view triangulation [9]. Uno et al. used
an SFM approach to recover the motion trajectory and 3D structure of unknown space
debris [10]. Although these methods can provide high-quality reconstruction under clear
texture and smooth attitude motion, their strong dependence on feature continuity and
strict correspondence makes them vulnerable to drift, occlusion, and matching degenera-
tion under fast tumbling, which frequently leads to unstable registration or reconstruction
failure [9,10].

With the development of deep learning, several studies have explored CNN-based
end-to-end pose regression, including PoseNet-like single-image methods and CNN-PnP
approaches that incorporate geometric constraints. Park et al. proposed a CNN + PnP
strategy that improves the robustness of non-cooperative spacecraft pose estimation [11].
Chen et al. introduced deep landmark regression combined with nonlinear geometric
refinement to enhance pose accuracy [12]. Qiao et al. fused 2D CNN features with 3D
satellite point clouds through a hybrid point-cloud convolution [13]. Rondão et al. adopted
a CNN + LSTM temporal modeling scheme to enable sequential attitude estimation with
multimodal robustness [14]. Ye et al. integrated CNN features with transformer-based
architectures and solved poses using PnP + RANSAC [15]. Although these methods
improve robustness in low-texture scenarios, they remain constrained by the inherent
geometric limitations of single- or dual-view depth inference. Consequently, they struggle
to maintain stable accuracy when targets undergo large-amplitude, high-frequency attitude
variations or severe texture degradation.

To address limited geometric constraints and insufficient depth cues, multi-spacecraft
cooperative observation has emerged as a promising direction for autonomous space
perception [16,17]. By leveraging cross-view and cross-orbit collaborative imaging geometries,
multi-spacecraft systems can provide richer spatiotemporal information and a substantially
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larger effective baseline, thereby enhancing observability, improving reconstruction quality,
and stabilizing attitude estimation, particularly for highly dynamic free-tumbling targets.

Meanwhile, deep-learning-based multi-view stereo networks, represented by MVSNet,
have achieved significant progress in robotics and autonomous systems [18–20]. These
networks exploit deep CNN features and cross-view geometric consistency to construct
3D cost volumes and infer high-quality depth maps, thereby mitigating challenges such as
weak texture and parallax degradation [21,22]. When combined with cooperative observa-
tion, MVS-based reconstruction can generate dense and consistent 3D point clouds even
under highly dynamic observation conditions, providing a reliable basis for continuous
attitude estimation. The integration of ICP registration and EKF-based filtering further
improves the continuity, robustness, and real-time capability of attitude determination.

Motivated by these observations, this study proposes an intelligent 3D reconstruction
and attitude determination framework for free-tumbling space targets by integrating multi-
spacecraft cooperative observation with deep-learning-based multi-view stereo reconstruction.
The proposed method exploits cross-view geometric information from the spacecraft formation
to generate accurate depth maps via MVSNet, reconstructs high-fidelity point clouds, and
estimates continuous attitude parameters using ICP combined with EKF fusion. The objective
is to achieve stable, high-precision attitude estimation under weak-texture, limited-viewpoint,
and rapid-rotation conditions, ultimately providing an effective and real-time measurement
solution for autonomous on-orbit rendezvous and capture missions.

The main contributions of this study are summarized as follows. First, a cooperative
multi-view measurement framework is developed for free-tumbling non-cooperative space
targets by integrating formation observation, dense 3D reconstruction, point cloud registra-
tion, and filtering-based attitude fusion into a unified pipeline. Second, an MVSNet-based
dense reconstruction strategy is introduced to improve the geometric completeness and
robustness of target point clouds under multi-view dynamic observation, reducing the
dependence on hand-crafted feature matching. Third, the proposed cooperative observa-
tion strategy is compared with single-spacecraft trinocular stereo vision and traditional
SFM-based reconstruction, clarifying the roles of effective baseline, viewing-angle diversity,
and learning-based depth inference in improving dynamic attitude estimation accuracy.

2. Materials and Methods
2.1. Measurement Framework

The objective of this study is to achieve accurate three-dimensional reconstruction
and dynamic attitude determination of a free-tumbling non-cooperative space target by
integrating multi-satellite cooperative observation with deep-learning-based multi-view
stereo perception. The experimental design aims to validate the effectiveness, robustness,
and real-time capability of the method under realistic orbital motion, observation geometry,
and target tumbling conditions.

In this study, it is assumed that the relative positions and attitudes of the observ-
ing satellites are available through onboard navigation systems, and that synchronized
image sequences of the target can be acquired from multiple viewpoints. These relative
pose and synchronization quantities are treated as external measurement inputs for the
reconstruction module. In practical missions, navigation errors, camera calibration errors,
time-synchronization errors, and pointing errors would perturb the homography warp-
ing process, introduce depth-map bias, and further affect point cloud registration and
EKF-based fusion. Therefore, the present validation focuses on the nominal cooperative
measurement pipeline, whereas the influence of these uncertainties is discussed as a limita-
tion and a topic for future uncertainty-propagation analysis. Based on these assumptions,
the overall experimental procedure is divided into the following four stages.
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Phase 1: Cooperative observation configuration: A stable multi-spacecraft formation is
established around the free-tumbling target to provide complementary viewing geometries
while satisfying imaging and visibility constraints.

Phase 2: Multi-view 3D reconstruction: Synchronized multi-view image sequences are
processed using a CNN-based multi-view stereo framework to estimate depth maps and
reconstruct the target point cloud.

Phase 3: Frame-to-frame attitude estimation: Consecutive point clouds are registered
using an iterative closest point (ICP) algorithm to extract relative pose changes and obtain
preliminary attitude measurements.

Phase 4: Dynamic attitude refinement: The estimated attitude measurements are fused
using an extended Kalman filter (EKF) to achieve smooth and accurate attitude tracking
over time.

The overall experimental workflow, including data acquisition, reconstruction, pose
estimation, and filtering, is illustrated in Figure 1.

Free-tumbling space target

Multi-satellite cooperative observation

Multi-view sequential images

MVSNet-based 3D reconstruction

3D point cloud

ICP-based alignment

Incremental attitude 

Extended Kalman Filter

Final attitude estimation

Free-tumbling space target

Free-tumbling space target

Multi-satellite cooperative observation

Multi-view sequential images

MVSNet-based 3D reconstruction

3D point cloud

ICP-based alignment

Incremental attitude 

Extended Kalman Filter

Final attitude estimation

Free-tumbling space target

Figure 1. Process framework of the proposed method. Rounded rectangles denote the target and
final output, rectangles denote processing modules, and parallelograms denote input/output data.

2.2. Characteristics of Free-Tumbling Targets and Cooperative Observation Model
2.2.1. Attitude Characteristics of Free-Tumbling Space Targets

For space targets in an uncontrolled state, the evolution of their attitude is primarily
influenced by inertial torques, residual angular momentum, and external disturbances, such
as Earth’s gravity-gradient torque and solar radiation pressure. The attitude kinematics of
the target can be described by

q̇ =
1
2

Q(q)ωb (1)

where q = [q0, q1, q2, q3]
T denotes the attitude quaternion and ωb =

[
ωx, ωy, ωz

]T is the
body-frame angular velocity.

The corresponding attitude dynamics are given by

Jωb + ωb × Jωb = τ (2)
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where J is the inertia tensor and τ represents external disturbance torques.
Because the principal inertia axes of the target spacecraft may not be aligned with

its instantaneous rotation axis, nutation frequently occurs during the rotational motion.
This phenomenon results in complex free-tumbling behavior, as illustrated in Figure 2. The
resulting attitude variations were highly nonlinear and difficult to estimate.

Figure 2. Motion modes of a free-tumbling target. (a) Rotation; (b) Nutation; (c) Tumbling.

Furthermore, traditional feature-based projection models are generally inapplicable,
as prior information on the target’s geometric and attitude parameters is unavailable and
no cooperative features can be utilized. The complex and rapidly changing rotational
motion introduces additional challenges, as single-spacecraft observations often suffer from
field-of-view occlusion and severe depth ambiguity.

2.2.2. Multi-Spacecraft Cooperative Observation Scheme

To improve the observability and 3D reconstruction accuracy of free-tumbling targets,
this study employs a cooperative observation scheme using a formation of spacecraft. As
shown in Figure 3, multiple observer spacecraft are commanded to fly around the target in
formation along the same periodic relative orbit, thereby maintaining long-term stability of
the observation geometry.

Relative Orbit

Observation 
Spacecraft 1

Observation 
Spacecraft 2

Observation 
Spacecraft 3

Target 
Spacecraft

Target Orbit

Figure 3. Multi-spacecraft cooperative observation formation. The circular curve represents the
relative orbit of the observing spacecraft around the target, and the dashed lines indicate the corre-
sponding lines of sight.

The relative motion between the target and the observer spacecraft can be modeled
using the Clohessy–Wiltshire (CW) equations:
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
ẍ − 3n2x − 2nẏ = 0

ÿ + 2nẋ = 0

z̈ + n2z = 0

(3)

which can be rearranged into the commonly used periodic solution form

X(t) = Φ(t)X(0) (4)

and the corresponding relative orbital geometry for spacecraft i is parameterized as
xi = A0 cos

(
nt + α + ∆θi

)
yi = −2A0 sin

(
nt + α + ∆θi

)
zi = B0 cos

(
nt + β + ∆θi

) (5)

Accordingly, the relative orbital parameters of the observer spacecraft formation are
designed as:

X p = (A0, B0, n, α, β, ∆θi, yc0) (6)

where n is the mean motion of the reference orbit, yc0is the cross-track bias (the y-axis offset
of the fly-around orbit);

A0 =

√(
ẋ0

n

)2
+ x2

0 (7)

represents the amplitude of the periodic motion within the orbital plane of the reference
spacecraft (the xy-plane), and

B0 =

√(
ż0

n

)2
+ z2

0 (8)

denotes the amplitude of the simple harmonic oscillation perpendicular to the orbital plane
(in the z-direction). The parameters α and β are the initial phase angles of the relative motion
in the xy-plane and the z-direction, respectively. Together, these parameters determine
the fundamental geometric configuration of the relative orbit. ∆θi is the phase offset of
observer spacecraft i with respect to the initial phase angle, which specifies its relative
position within the formation along the designed orbit.

The cooperative fly-around observation is subject to the following constraints:

1. Maximum observation distance constraint. The fly-around radius must remain
below the maximum effective imaging distance to ensure that the target occupies a
sufficient projection area on each observer’s image plane.

2. Minimum observation distance constraint. The fly-around radius must exceed the
minimum safe distance required to capture the entire target within the camera’s field
of view (FOV):

dmin > λ
Rtarget

tan
(
ϕFOV

/
2
) , λ ≈ 1 (9)

where λ is a scaling factor related to the target operating region, and ϕFOV is the
camera field-of-view angle.

3. Inter-satellite viewing-angle constraint. To ensure reliable feature correspondence
between different viewing angles, the viewing-angle separation between any two
spacecraft must remain below the inter-view matching threshold.

4. Field-of-view constraint. The target must remain inside each camera’s FOV through-
out the observation window; therefore, the angle between the camera optical axis and
the line of sight to the target must remain less than half of the camera FOV.
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5. Long-duration feasibility. The formation must satisfy the above constraints for a
sufficiently long observation interval to ensure the availability of continuous, high-
quality measurement data.

In the nominal simulation, the camera optical axes are commanded to point toward
the target centroid at each imaging epoch, and the target is kept within the camera FOV
before image acquisition. The optical-axis pointing process is therefore represented as
an ideal target-tracking constraint rather than as a detailed attitude-control loop. Small
platform jitter, pointing-rate limits, navigation errors, and calibration errors are not ex-
plicitly injected into the image-rendering process; their effects would mainly appear as
relative-pose perturbations, image blur, or inter-view inconsistency, which may degrade
depth estimation and point cloud registration.

Based on these constraints, a feasible relative-dynamics model and formation-
configuration parameter set can be designed. Once the relative trajectories and camera
attitudes of all spacecraft are computed, multi-view sequential images of the free-tumbling
target are collected. These time-varying images and the associated spacecraft pose informa-
tion collectively form a cooperative observation dataset, which enables robust estimation
of the target’s 3D reconstruction and attitude parameters.

2.3. Intelligent 3D Reconstruction Based on MVSNet

Traditional 3D reconstruction methods primarily rely on geometric matching and
photometric consistency assumptions, such as normalized cross-correlation (NCC) and
semi-global matching (SGM). Although such methods can achieve high accuracy under
ideal imaging conditions, they are computationally expensive and highly sensitive to
illumination variations, texture degradation, and occlusion, making them unsuitable for
real-time on-orbit applications.

In contrast, MVSNet employs an end-to-end learning strategy that takes multi-view
images as input and directly regresses the depth through 2D feature extraction, homogra-
phy warping, cost-volume construction, and 3D convolution. This process yields dense or
sparse 3D point cloud representations. Compared to traditional approaches, MVSNet auto-
matically learns cross-view feature correspondences, avoids manual feature engineering
and complex optimization, and demonstrates strong robustness to illumination changes
and noise. In this work, MVSNet was incorporated to enable intelligent and efficient 3D
reconstruction of free-tumbling space targets for attitude determination.

2.3.1. Architecture and Principles of MVSNet

As illustrated in Figure 4, the multi-view stereo reconstruction network (MVSNet) is an
end-to-end architecture that takes one reference image and several source-view images as
input. A 2D convolutional neural network extracts feature maps for each image. Given the
relative camera poses, homography warping was applied to construct the 3D cost volume
in the reference camera frustum. A 3D CNN then regularizes the cost volume to infer an
initial depth map, which is further refined by a depth-refinement module to ensure sharper
boundaries and reduce local noise, yielding the final high-precision depth estimation.

The reconstruction process consists of four main stages:
(1) Feature Extraction
For each input image, an 8-layer 2D convolutional neural network extracts the follow-

ing feature map:
F i = F(Ii; θ) (10)

where F(·) is a shared-weight CNN, θ denotes the learnable parameters.
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The resulting feature maps have (1/8) of the original resolution and 32 channels.
Each layer employs ReLU activation and batch normalization to improve the convergence
and stability.
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Figure 4. Architecture of the MVSNet framework. The arrows indicate the data flow among the
feature extraction, cost-volume construction, 3D CNN regularization, and depth regression modules,
while different colors are used to distinguish the main functional components of the network.

(2) Homography Warping and Cost-Volume Construction
Given the intrinsic and extrinsic parameters of each view, homography warping aligns

the 32-channel source-view feature maps with the depth hypotheses of the reference-view
frustum. The homography matrix for the depth hypothesis (d) and source view (i) is
expressed as

H i(d) = I · Ki · Ri −
(ti − tr) · nT

r
d

· Ki · Ri · Rr · Kr (11)

where, Ki, Kr is the camera intrinsic matrix, Ri, ti, Rr, tr are the rotations and translations
of the reference and source cameras, nr is the reference camera optical axis. d denotes the
depth and I denotes the identity matrix.

Warping with H i(d) aligns source-view features to the depth plane d, forming the
feature cube of dimensions: W/8 · H/8 · D · F, where W, H are image dimensions, D is the
number of sampled depth hypotheses, and F = 32 is the number of feature channels.

The individual feature cubes from all source views were aggregated to form the cost
volume:

C =
1
N

N

∑
i=1

(
V i − V i

)
(12)

where V i denotes the mean feature cube. The constructed cost volume characterizes the
correspondence consistency across all the sampled depth hypotheses.

(3) 3D Convolution and Depth Refinement
The constructed cost volume is processed by a four-level encoder–decoder 3D CNN to

regularize the cross-view geometric cues and construct a per-pixel depth probability distri-
bution. The estimated depth for pixel p was calculated using the following expectation:

D(p) =
dmax

∑
d=dmin

d × P(d) (13)

where P(d) denotes the predicted probability at depth d.
The depth estimation produced by the network is highly consistent with the traditional

argmax strategy. Since the depth hypotheses in the cost-volume construction are uniformly
sampled within the range [dmin, dmax], the predicted depth values form a continuous
distribution. This continuity ensures differentiability, which in turn enables the end-to-end
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optimization of the entire network. The initial depth map has the same spatial resolution
as the 2D feature maps, i.e., W/8 · H/8.

(4) Depth Refinement
Since the initial depth map may contain boundary blur and local noise, a residual-

refinement CNN was applied. The refinement network uses the reference RGB image and
the initial depth map as a four-channel input:

Drefined = G(Ir , D) (14)

where G is a 2D residual-convolution network.

2.3.2. Training Strategy and Loss Function

To achieve a high-precision depth estimation, the loss function integrates the mean
absolute error (MAE) of the initial and refined depth maps:

Loss = ∑
p∈pvalid

(∥D(p)− D∗(p)∥+ λ∥Drefined(p)− D∗(p)∥) (15)

where D∗ is the ground-truth depth, pvalid denotes the set of valid pixels, and λ is the
weighting coefficient.

Training used the Adam optimizer with an initial learning rate of 10−4 and a batch
size of 4. In each reconstruction step, one reference view and two source views from the
three-spacecraft observation sequence were used. The depth hypothesis range was set
according to the near and far bounds of the rendered target in the reference-camera frustum
so that the complete target was covered by the sampled depth planes. To ensure real-time
applicability in on-orbit scenarios, a compact cost volume with D = 128 depth hypotheses
was used to balance accuracy and computational efficiency. The weighting coefficient in
the refinement loss was set to λ = 1, assigning equal importance to the initial and refined
depth-map errors.

2.3.3. Point Cloud Reconstruction

An example of the reconstructed depth map of the Fengyun-1 (FY-1) satellite model is
shown in Figure 5, where the color value represents the simulated depth in millimeters.

Figure 5. Depth map reconstruction of the FY-1 free-tumbling target.
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Each depth pixel corresponds to a 3D point in the reference camera frame according to
x =

ze(u − u0)

fx
,

y =
ze(v − v0)

fy
,

z = zc

(16)

where ze is the depth value at pixel p(u, v), (u0, v0) is the principal point, fx, fy are the focal
lengths in the horizontal and vertical directions, respectively.

By back-projecting all depth pixels, a full 3D point cloud of the target model was
obtained, forming the basis for subsequent attitude estimation.

2.4. Attitude Determination Based on Point Cloud Registration and Filter Fusion

After reconstructing multi-view 3D point clouds, the point cloud sequences acquired
at different time steps encode the target’s continuous attitude evolution. Since a free-
tumbling target undergoes ongoing rotational motion, its attitude angles (roll, pitch, and
yaw) vary rapidly over time. To achieve high-precision, continuous attitude estimation,
this study integrates point-cloud-based registration with extended Kalman filtering (EKF)
for dynamic fusion and refinement.

2.4.1. Inter-Frame Point Cloud Registration Using ICP

The Iterative Closest Point (ICP) algorithm is one of the classical methods for point
cloud registration. Its core idea is to iteratively establish nearest-neighbor correspondences
between two point sets and solve for the optimal transformation parameters (rotation and
translation) that minimize alignment error.

Consider two consecutive point clouds for the same target: Pt = {pi}n
i=1 at time t and

Pt+∆t = {qi}n
i=1 at time t + ∆t.

Assuming partial overlap, the goal is to find the rotation R and translation T such that

F(R, T) =
m

∑
i=1

∥qi − (Rpi + T)∥2 (17)

is minimized.
Here, set {qi} consists of the nearest-neighbor points of {pi} determined via the

Euclidean distance, F(R, T) is the registration cost function.
The ICP procedure is iterative:

1. Initialize the rotation matrix R and translation vector T .
2. Select point subsets from the frames.
3. Transform the current-frame point cloud using the current R and T .
4. Establish correspondences via nearest-neighbor matching.
5. Update R and T using least-squares optimization to minimize F(R, T).
6. Check convergence; if the convergence criterion is not satisfied, repeat Step 3.
7. Output the final R and T as the registration result.

The final R, T matrices quantify the inter-frame rotational and translational change of
the target, providing raw attitude-motion measurements for subsequent filtering.

2.4.2. Extended Kalman Filter for Attitude Fusion

For a free-tumbling target with unknown inertia ratios and rapidly varying angular
velocity, the motion between time t and t + ∆t can be modeled as a relative attitude
transformation. The inter-frame attitude quaternion is defined as:
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∆qt,t+∆t = qt+∆t ⊗ q−1
t (18)

The relative attitude dynamics can be expressed by

∆q̇t,t+∆t =
1
2

Ω(∆ωt,t+∆t)∆qt,t+∆t (19)

where ωt,t+∆t = ωt+∆t − ωt denotes the angular-velocity increment between t and t + ∆t.
Based on the attitude dynamics and available measurements of the target, the state

vector is defined as follows:

X =
(

∆qT
t,t+∆t ωT

t ωT
t+∆t pT

)T
(20)

where p =
(

px, py, pz

)T
denotes the inertia-ratio parameters, defined as



px =
JTy − JTz

JTx
,

py =
JTz − JTx

JTy
,

pz =
JTx − JTy

JTz
.

(21)

where JTx, JTy, JTz represent the principal moments of inertia of the free-tumbling target.
Neglecting the external disturbance torques, the corresponding state-estimation model of
the system can be written as follows:

∆q̇t,t+∆t =
1
2

Ω
(
∆ωt+∆t − ∆ωt

)
∆qt,t+∆t,

ω̇t =


pxωt,yωt,z

pyωt,xωt,z

pzωt,xωt,y

,

ω̇t+∆t =


pxωt+∆t,yωt+∆t,z

pyωt+∆t,xωt+∆t,z

pzωt+∆t,xωt+∆t,y

,

ṗ = 0

(22)

The measurement is given by the target’s attitude quaternion:

z = h(X) =

[
∆qt,t+∆t

0

]
+ v (23)

Based on the above state variables, state equations, and measurements, an Extended
Kalman Filter (EKF) was constructed to estimate the target’s attitude parameters. The EKF
procedure is summarized as follows:

1. State prediction:

X̂k|k−1 = f
(

X̂k−1|k−1

)
(24)

Pk|k−1 = FkPk−1FT
k + Qk (25)
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2. Measurement update:

Kk = Pk|k−1HT
k

(
HkPk|k−1HT

k + Rk

)−1
(26)

X̂k|k = X̂k|k−1 + Kk

(
zk − h

(
X̂k|k−1

))
(27)

Pk|k =
(

I − Kk Hk
)
Pk|k−1 (28)

In the present numerical validation, no additional random navigation or camera-
calibration noise is injected into the rendered image sequences. The measurement un-
certainty used by the EKF is therefore mainly associated with the reconstruction and
ICP-registration errors. The process-noise covariance Qk and measurement-noise covari-
ance Rk are tuned empirically to ensure stable filter convergence under the simulated
free-tumbling motion. A more rigorous noise-identification and uncertainty-propagation
model will be required for semi-physical or on-orbit validation.

Through the continuous correction of registration-derived attitude measurements, the
EKF produces smooth, temporally consistent estimates of the target’s attitude, maintaining
high accuracy throughout the observation period.

3. Results
3.1. Simulation Setup

To verify the effectiveness of the proposed method in space free-tumbling target
perception, a virtual-space simulation platform was constructed based on multi-spacecraft
cooperative observations. The target model was a simplified version of the FY-1 satellite, as
shown in Figure 6. The FY-1 model is used as a representative non-cooperative spacecraft
geometry with a central bus and deployable solar-panel-like structures; the simulation
is not intended to reproduce the exact historical orbit or operational state of a specific
FY-1 spacecraft.

Figure 6. Simplified FY-1 target model used in simulation.
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The geometric parameters of the satellite are set as follows: the main body measures
1.4 m × 1.4 m × 1.4 m, and two symmetrical solar panels are mounted on the sides of the
bus, giving a total span of approximately 12 m. The orbital and initial attitude parameters
of the target are configured as follows:

1. The spacecraft follows a representative circular low-Earth orbit at an altitude of 500 km.
This altitude was selected to define a typical LEO relative-motion environment and
the corresponding CW mean motion. Since the proposed visual measurement pipeline
mainly depends on relative camera poses, viewing geometry, image resolution, and
target imaging quality, the absolute orbital altitude affects the method primarily
through relative motion and illumination conditions rather than through the recon-
struction algorithm itself.

2. The initial attitude quaternion is qb0 = (1, 0, 0, 0)T.
3. The initial angular velocity is ωb0 = (0.2, 0.2, 0.2)T ◦/s.
4. The inertia matrix is JT = diag(75, 70, 50) kg · m2.

A fixed directional illumination source was used in the rendering environment to
maintain a controlled sunlit observation condition. Earth eclipse, Earth albedo, specular
reflection, and self-shadowing were not explicitly modeled in the present simulation. This
simplification allows the influence of cooperative geometry and reconstruction strategy to
be isolated, but it may underestimate the degradation caused by complex illumination and
shadow boundaries in practical on-orbit imaging.

The formation of the three-observer spacecraft performs a cooperative fly-around of
the free-tumbling target. The fly-around orbit is designed as a shared circular relative orbit
based on the periodic solution of the Clohessy–Wiltshire (CW) equations, ensuring the
long-term geometric stability of the formation. The relative orbit is described by

xi = − ri
2

cos(nt + θi),

yi = ri sin(nt + θi),

zi = ±
√

3 ri
2

cos(nt + θi).

(29)

The fly-around radius for the observation formation was set to ri = ∥ri∥ = 200 m,
and the three spacecraft were initialized at phase angles (θ1, θ2, θ3) = (0◦, 6◦, 12◦). The
200 m radius was selected as a conservative stand-off distance that provides safe separation
while keeping the complete target inside the camera FOV. With a 30◦ FOV, the transverse
imaging coverage at 200 m is much larger than the approximately 12 m target span, leaving
sufficient margin for tumbling-induced apparent-size variations. Meanwhile, the inter-
spacecraft phase separation provides a larger effective baseline than a compact single-
platform trinocular system, thereby improving depth observability under cooperative
multi-view imaging.

The camera’s FOV was set to 30◦, with an image resolution of 800 × 800 pixels and
focal lengths fx = fy ≈ 1200. At each imaging epoch, the camera optical axes were
directed toward the target centroid to satisfy the FOV constraint. The sampling duration
was t = 3000 s, with an imaging frequency of 0.1 Hz. The long-duration sequence was
used to evaluate whether the proposed pipeline remains numerically stable over multiple
tumbling cycles. In practical missions, continuous valid observation may be interrupted
by illumination, occlusion, orbit geometry, communication, or operational constraints;
therefore, the present 3000 s setting should be regarded as a controlled validation window
rather than a strict operational requirement. Multi-view image sequences from all spacecraft
were collected to form the dataset.
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3.2. Validation of the Proposed Method

Based on the acquired image sequences, MVSNet is applied to reconstruct the 3D point
clouds of the target. Attitude variations between sampling intervals were then derived
from inter-frame point cloud registration. Outliers were removed through preliminary
curve fitting. The resulting attitude angle variation estimates are shown in Figure 7, and
the corresponding estimation errors are shown in Figure 8.

As shown in Figure 7, although the attitude variation curves exhibited minor fluctua-
tions, all three attitude components clearly reflected the periodic tumbling characteristics
of the target. The waveform closely matched the simulated angular velocity, demonstrating
that the proposed method can effectively capture the dynamic attitude evolution of a free-
tumbling target. The small oscillations mainly arise from illumination differences between
adjacent frames and computational noise, however, the overall trend remains highly con-
sistent with the reference trajectory. Figure 8 illustrates the estimation error of the attitude
angles. The error distribution exhibited an approximately zero-mean characteristic, with
an average error of approximately 0.3◦ and a maximum error below 0.5◦. This indicates
that the algorithm maintains a high accuracy even during rapid attitude changes.

Figure 7. Estimated attitude-angle variations based on MVSNet 3D reconstruction.

Figure 8. Attitude estimation error based on MVSNet 3D reconstruction.
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Next, EKF filtering is applied to further refine the attitude parameter estimates. The
EKF results are shown in Figure 9. After a brief initial convergence phase, the estimation
errors rapidly stabilize and remain bounded throughout the entire observation window.
The attitude error is consistently below 0.3◦, and the position error remains under 0.05 m,
demonstrating that the filtering performance fully meets the mission requirements.

Figure 9. EKF-filtered attitude estimation error based on MVSNet reconstruction.

These results confirm that, using three-view image sequences, the proposed pipeline in-
tegrating MVSNet-based 3D reconstruction, point cloud registration, and EKF fusion achieves
fast and accurate determination of the state parameters of free-tumbling space targets.

3.3. Comparative Analysis with Single-Spacecraft Trinocular Stereo Vision

To evaluate the performance advantages of the proposed cooperative-observation
MVSNet approach under varying observation conditions, this subsection compares it with
a single-spacecraft trinocular stereo vision system. The trinocular setup relies on depth
estimation derived from fixed-baseline geometric parallax; however, its reconstruction and
attitude-determination accuracy degrade significantly when parallax becomes weak.

The target orbital parameters, attitude configuration, and camera imaging model were
kept identical to those used in the previous section. The three-spacecraft cooperative obser-
vation configuration was also kept unchanged. For the trinocular comparison setup, three
cameras were arranged in an equilateral-triangle baseline configuration with a baseline length
of 1 m to enable stereo observation and geometric calibration. The 1 m baseline was selected
as a representative compact baseline that can be accommodated by a single spacecraft plat-
form or a deployable camera boom while maintaining structural feasibility and calibration
stability. This setting provides a practical baseline for evaluating the geometric limitation of
single-platform trinocular vision relative to a distributed multi-spacecraft baseline.

The observation distance (i.e., the relative orbit radius of the observer formation)
varied from 30 m to 100 m in increments of 5 m. The sampling duration (3000 s) and
frequency (0.1 Hz) remained unchanged.

For each observation distance, both the trinocular stereo method and the proposed
MVSNet-based cooperative method were applied to reconstruct the target and estimate
its attitude. Based on the reconstructed 3D point clouds, attitude-angle variations were
calculated using point cloud registration. The attitude-estimation error is defined as follows:

e∆θ =
∥∥∆θ̂ − ∆θ

∥∥
2 (30)
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where ∆θ̂ is the estimated attitude angle vector and ∆θ is the ground truth value.
The mean attitude estimation error over the entire observation duration was computed

for each distance, and the results are shown in Figure 10.
The fitted error curve of the trinocular method shows a clear nonlinear increase with

observation distance. In the 30–55 m range, the error remained between 0.3◦ and 0.5◦,
indicating that a structured baseline still provides useful parallax for medium-to-close
distances. However, when the distance exceeds approximately 60 m, the limited 1 m
baseline yields insufficient parallax at a long range, causing the depth-estimation accuracy
to deteriorate rapidly. In the 70–90 m interval, the error increased to 0.66–0.85◦, and reached
approximately 1.02◦ at 100 m.

Figure 10. Attitude estimation errors obtained using different methods.

This trend clearly demonstrates that the trinocular stereo approach is fundamentally
constrained by baseline length. Under long-range, weak-parallax conditions, its accuracy
degrades quickly, severely limiting its applicability to space target observation tasks.

By contrast, the proposed cooperative-observation MVSNet method exhibited signifi-
cantly higher stability and robustness across the full distance range. Its fitted error curve
shows only mild, near-linear fluctuations, with the error consistently maintained within
0.08–0.13◦, largely independent of distance.

3.4. Comparative Analysis with Feature-Matching-Based Methods

In the previous section, the advantages of the proposed cooperative-observation MVS-
Net approach over single-spacecraft trinocular vision were validated from the perspective
of geometric baseline constraints. In this section, we further compare the proposed method
with traditional feature-matching-based 3D reconstruction algorithms, aiming to evaluate
the performance gains brought by deep-learning-based reconstruction networks under
conditions involving complex pose dynamics.

The simulation environment and target parameters remained consistent with those
in the previous sections, and the same three-spacecraft cooperative observation architec-
ture was retained. To evaluate the influence of different imaging geometries on feature
matching and depth reconstruction, we varied the observation distance from 30 m to 100 m
and the inter-satellite viewing angle from 5◦ to 20◦. For each configuration, the three
spacecraft acquired synchronized multi-view image sequences. Subsequently, both the
SFM-based feature matching method and the proposed MVSNet method were applied for
3D reconstruction, attitude-variation estimation, and attitude-error computation.
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For each test configuration, the attitude estimation error was averaged over a 30 s
observation window. The resulting error distributions for the SFM and MVSNet approaches
are shown in Figure 11 and Figure 12, respectively. In both figures, the color bar represents
the attitude estimation error in degrees.

The results revealed that the SFM-based method performed reasonably well at short
distances, achieving attitude errors below 0.2◦. However, as the observation distance
increases, its estimation accuracy degrades steadily, with errors reaching approximately
0.7◦ under weaker parallax.
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Figure 11. Attitude estimation error using SFM-based 3D reconstruction.
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Figure 12. Attitude estimation error using MVSNet-based 3D reconstruction.

In contrast, the MVSNet-based method consistently maintained favorable performance.
Although slight increases in the error can be observed as the observation distance increases, the
estimation error generally remains below 0.4◦, demonstrating superior distance robustness.

3.5. Computational Efficiency

To further evaluate the computational efficiency of the proposed method, Figure 13
compares the average reconstruction time of the SFM and MVSNet pipelines. The compu-
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tational experiments were conducted on a Windows 11 workstation equipped with an Intel
Core i7-10700 CPU, 64 GB RAM, and an NVIDIA GeForce RTX 3080 Ti GPU. The MVSNet
reconstruction module was implemented in Python 3.9 with PyTorch 1.10.1 and standard
scientific computing and visualization libraries. All compared methods were evaluated
under the same hardware and software environment to ensure a fair comparison of their
relative computational costs.

The experimental results show that the proposed MVSNet method required only 0.52 s
on average for each reconstruction process over the tested 500-frame sequence, whereas the
traditional SFM pipeline required 7.74 s. This indicates that the proposed MVSNet-based
method achieves approximately a 15-fold speedup, demonstrating superior computational
efficiency over the conventional SFM pipeline under the tested conditions. It should be
noted that the absolute runtime may vary with processor, graphics hardware, memory
capacity, software implementation, and batch-processing settings. Therefore, the reported
values should be interpreted as simulation-based comparative runtime rather than final
onboard execution time.

Figure 13. Average 3D reconstruction time using SFM and MVSNet.

4. Discussion
The experimental results demonstrate that the proposed cooperative multi-view recon-

struction and attitude estimation framework effectively improves the measurement accuracy
and robustness for free-tumbling non-cooperative space targets. Compared with single-
spacecraft trinocular stereo vision, the proposed method maintains more stable attitude
estimation accuracy across different observation distances. This improvement is mainly
attributed to the cooperative observation geometry. In a single-spacecraft trinocular configura-
tion, the physical baseline is limited by the size of the spacecraft platform. As the observation
distance increases, the image parallax decreases rapidly, weakening depth constraints and in-
creasing reconstruction errors. In contrast, the multi-spacecraft configuration provides a larger
effective observation baseline and richer cross-view geometric constraints. Consequently,
the depth uncertainty caused by weak parallax can be more effectively suppressed, and the
reconstructed point clouds remain more suitable for subsequent attitude estimation.

The comparison with the SFM-based reconstruction method further confirms the
advantages of the learning-based multi-view stereo strategy. Traditional SFM methods rely
heavily on stable feature extraction and inter-frame feature matching. For free-tumbling
space targets, the available texture is often limited, and the observed appearance may
change significantly owing to rapid attitude motion, illumination variation, self-occlusion,
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and changes in viewing geometry. Under such conditions, the number of reliable matched
feature points may decrease, and incorrect correspondences can directly propagate into
the reconstructed sparse point cloud. This explains the degradation in SFM-based atti-
tude estimation accuracy under long-distance and weak-parallax conditions. By contrast,
MVSNet uses deep image features, homography warping, cost-volume regularization, and
multi-view feature aggregation to infer depth information. Even when local texture is weak
or individual point estimates contain small deviations, the reconstructed point cloud pro-
vides stronger geometric redundancy for ICP registration. As a result, the MVSNet-based
method exhibits better robustness and maintains lower attitude estimation errors under
different observation configurations.

The overall attitude estimation accuracy is influenced by several coupled error sources.
First, depth estimation uncertainty in multi-view reconstruction directly affects the geomet-
ric quality of the reconstructed point cloud. Inaccurate depth estimates may introduce local
deformation or noise on the target surface, which subsequently affects point cloud registra-
tion. Second, the cooperative observation geometry, including the inter-spacecraft baseline,
viewing-angle diversity, and relative distribution of the observers, plays an important role
in constraining the depth solution. Insufficient angular diversity may still lead to weak
geometric constraints, whereas excessively large viewing differences may increase image
appearance inconsistency and matching difficulty. Third, ICP registration may be affected
by point cloud sparsity, noise, partial occlusion, and local structural symmetry of the target.
These factors can cause small registration deviations between adjacent frames, resulting in
fluctuations in the estimated attitude parameters. The EKF module alleviates this problem
by incorporating temporal consistency and filtering high-frequency measurement noise,
thereby improving the continuity and stability of the final attitude estimates.

The computational efficiency results also indicate the potential of the proposed method
for real-time or near-real-time on-orbit applications. In the simulation experiment, the
MVSNet-based reconstruction pipeline required only 0.52 s on average for 500 frames,
whereas the traditional SFM pipeline required 7.74 s. This difference suggests that the
proposed method can significantly reduce reconstruction time while maintaining favor-
able measurement accuracy. For on-orbit servicing, autonomous rendezvous, and active
debris removal missions, rapid perception of target motion is essential for subsequent
trajectory planning, relative navigation, and capture control. Therefore, the combination of
cooperative observation, deep multi-view reconstruction, ICP registration, and EKF fusion
provides a feasible technical route for dynamic attitude measurement of non-cooperative
space targets.

The performance of the proposed method is also related to the target tumbling rate and
the observer formation configuration. For faster tumbling motion, the inter-frame attitude
variation increases at a fixed imaging frequency, which may reduce the overlap between
adjacent point clouds and increase the probability of local ICP convergence errors. A higher
imaging frequency, shorter registration interval, or stronger temporal filtering would
therefore be required for targets with larger angular rates. Similarly, the observer formation
should provide sufficient viewing-angle diversity without causing excessive appearance
differences among views. A very compact formation leads to weak parallax and poor
depth observability, whereas overly large angular separation may increase self-occlusion
and cross-view matching difficulty. The selected cooperative configuration represents a
compromise between depth observability, FOV coverage, and cross-view consistency.

Nevertheless, several limitations remain. First, the current validation is mainly based
on a numerical simulation environment, in which the target model, imaging conditions,
and observation geometry can be controlled. Real on-orbit imaging may involve more
complex illumination, strong shadows, specular reflection, Earth background interference,
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sensor noise, and partial occlusion. In particular, self-shadowing was not explicitly mod-
eled in the present simulation, and this assumption may lead to more continuous and
higher-quality depth maps than those obtained under realistic sunlight-shadow boundaries.
These factors may reduce the quality of depth estimation and point cloud registration.
Second, the present study assumes that the relative poses of the observer spacecraft and
camera parameters are accurately known. In practical missions, orbit determination errors,
time synchronization errors, camera pointing errors, and camera calibration errors may in-
troduce additional uncertainty into multi-view reconstruction. Third, external disturbance
torques are described in the attitude dynamics but are not explicitly estimated in the current
EKF implementation. Their unmodeled effects are partly absorbed by the process-noise
term, but large disturbances may degrade prediction accuracy and should be incorporated
into future robustness tests. Fourth, although the proposed method demonstrates favorable
computational efficiency in the simulation environment, the influence of onboard comput-
ing resources, memory constraints, and communication delays among multiple spacecraft
requires further evaluation.

Future work will focus on improving the realism and applicability of the proposed
framework. More complex target models, non-uniform surface materials, realistic illumi-
nation conditions, and background interference should be introduced to further evaluate
the robustness of the reconstruction and attitude estimation algorithms. In addition, un-
certainty propagation from spacecraft relative navigation, camera calibration, and time
synchronization should be incorporated into the measurement model. Hardware-in-the-
loop experiments or semi-physical simulation platforms will also be considered to verify
the feasibility of the method under more realistic sensing and computation conditions.
Furthermore, the reconstructed attitude information can be integrated with autonomous
guidance and control algorithms to support closed-loop observation planning and robotic
capture of free-tumbling non-cooperative space targets.

5. Conclusions
This paper proposed a cooperative multi-view framework for 3D reconstruction and

attitude estimation of free-tumbling non-cooperative space targets. The framework in-
tegrates multi-spacecraft cooperative observation, MVSNet-based dense reconstruction,
ICP-based point cloud registration, and EKF-based attitude fusion to improve the robust-
ness of dynamic attitude measurement.

The simulation results show that the proposed method can generate denser and more
stable point clouds than traditional SFM-based reconstruction methods. Compared with
single-spacecraft trinocular stereo vision, the proposed cooperative observation scheme
maintains better attitude estimation accuracy as the observation distance increases. The
computational comparison also shows that the MVSNet-based reconstruction pipeline
achieves higher efficiency than the traditional SFM pipeline in the tested scenario.

Future work will focus on more realistic on-orbit imaging conditions, including com-
plex illumination, self-shadowing, sensor noise, background interference, partial occlusion,
and target surface reflectance. The effects of relative navigation errors, camera calibration
errors, camera pointing errors, time synchronization errors, external disturbances, faster
tumbling motion, and different formation configurations will also be further investigated
through semi-physical simulation and hardware-in-the-loop experiments.
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Abbreviations
The following abbreviations are used in this manuscript:

CNN Convolutional neural network
CW Clohessy–Wiltshire
EKF Extended Kalman filter
FOV Field of view
FY-1 Fengyun-1
ICP Iterative closest point
LSTM Long short-term memory
MAE Mean absolute error
MVS Multi-view stereo
MVSNet Multi-view stereo network
NCC Normalized cross-correlation
PMVS Patch-based multi-view stereo
PnP Perspective-n-Point
RANSAC Random sample consensus
RGB Red–green–blue
SFM Structure from motion
SFS Shape from shading
SGM Semi-global matching
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