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To date, ground-based mission analysis and achievable scientific return are strongly constrained
by navigation uncertainties and communication delays. Autonomous navigation, target char-
acterization, and high-level decision making are therefore essential to enable safe and cost-
effective proximity operations in next-generation small-body missions. While Simultaneous
Localization and Mapping (SLAM) can reduce reliance on prior target characterization, state
estimation alone is insufficient when trajectory generation remains decoupled from perception
and mapping objectives. This work proposes a closed-loop Guidance, Navigation, and Control
architecture inspired by active SLAM concepts to address these limitations. The navigation
subsystem combines vision-based factor-graph SLAM, including orbital dynamics constraints,
with high-rate lidar measurements within an asynchronous filter-graph formulation to jointly
estimate the spacecraft state and the target map. Guidance and control are achieved through a
goal-oriented Model Predictive Control framework that integrates abstract reachability analysis
with a dispersion-control strategy. The approach is validated through multiple analysis studies
in a simulated close-proximity scenario around asteroid Itokawa, including a detailed assess-
ment of the individual modules. Results demonstrate accurate localization and mapping perfor-
mance while maintaining safe trajectories that enable observation of predefined target regions
with near-global surface coverage. Identified limitations are critically discussed to highlight
remaining open challenges.

INTRODUCTION

Over the past two decades, the space sector has undergone remarkable growth in deep-space exploration.

A key element of this road map pivots around small Solar System Bodies exploration, such as asteroids and

comets. Their growing interests for scientific inspection, exploitation of resources and planetary defense

reasons is pushing the need for the development of safe and reliable engineering solutions to better operate

in their proximity under navigation, control and dynamic uncertainties. Limitations due to the low signal

to noise ratio affecting ground-based observations,1 is in fact compensated via in-situ exploration with the

use of specialized instrumented probes. Several missions successfully performed proximity operations to

these bodies such as the Near Earth Asteroid Rendezvous (NEAR) Shoemaker,2 Dawn,3 the Origins, Spectral

Interpretation, Resource Identification, Security, Regolith Explorer (OSIRIS-REx),4 Hayabusa,5 Hayabusa

2,6 Rosetta,7 and the Double Asteroid Redirection Test (DART).8, 9 This landscape of exploration milestones

share common patterns such as 1) an extended far-range characterization phase prior to safe proximity opera-

tions; 2) heavy operational workload; 3) weak coupling between ground-based trajectory design and scientific

objectives, driven by the need to prioritize operational constraints; 4) predominantly time-driven onboard au-

tomation capabilities and limited mission-level online reasoning.
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Autonomous navigation, target characterization, and high-level decision making are essential for reduc-

ing operational burden and enabling safe, cost-effective proximity operations in next-generation small-body

missions. Simultaneous Localization and Mapping (SLAM) addresses these needs by jointly estimating the

spacecraft state and the surrounding environment, thereby reducing reliance on extensive prior target char-

acterization.10 However, improved autonomous state estimation alone is insufficient if trajectory generation

remains decoupled from perception and mapping objectives. Current approaches to autonomous trajectory

control typically rely on tracking reference trajectories designed on the ground, offering limited or no replan-

ning capability and struggling to accommodate unforeseen events. Such designs are often optimized primarily

for fuel consumption or time of flight, neglecting explicit exploration–exploitation trade-offs in the trajectory

envelope. This paradigm becomes inadequate when more complex observation objectives are considered,

such as detailed reconstruction of the target shape and gravity field. Moreover, effective replanning and target

mapping require accurate knowledge of the system dynamics and precise estimation of the spacecraft state,

both of which are strongly affected by navigation, control, and dynamical uncertainties. Finally, the often

significant light-time delay further limits the achievable responsiveness and scientific objectives during prox-

imity operations within the ground-in-the-loop paradigm. An innovative concept developed in recent years is

proposing a paradigm shift towards autonomous goal-oriented approaches.11–14 The idea is that the probe is

provided with the high-level objectives of the mission and these are tracked via a closed-loop guidance Model

Predictive Control (MPC) framework.15 This strategy allows to dynamically update a reference trajectory on

board based on mission status, spacecraft dispersion and navigation accuracy. A brief survey of previous

works is presented next to outline the current state of the art.

Related works

In recent years, the constraints of space environments have motivated specialized SLAM systems for aster-

oid proximity operations to support autonomous navigation around unknown targets. While SLAM is mature

in terrestrial robotics, spaceborne applications face high dynamical uncertainty, limited onboard resources,

and enhanced mapping requirements, precluding direct reuse of terrestrial frameworks. Consequently, early

asteroid SLAM research has primarily relied on filtering-based approaches for their computational efficiency

and flight heritage.

Reference 16 pioneered the application of Rao-Blackwellised Particle Filters in asteroid proximity, com-

bining monocular vision with range data to construct octree-based occupancy grids for autonomous nav-

igation and landing. To improve the computational efficiency, Kalman filtering is frequently adopted by

expanding the estimated state space beyond simple localization, enabling the simultaneous recovery of the

target’s physical properties and shape (e.g., see Reference 17,18). Similarly, a distributed architecture is pro-

posed in reference 19 to leverage multi-spacecraft measurements for autonomous characterization of gravity,

rotation, and shape without prior knowledge of the target. However, filtering-based formulations inherently

approximate or discard long-term correlations between spacecraft poses and the map. In fact, it has been

shown that filtering-based approaches relying on recursive marginalization suffer from fundamental limi-

tations, including estimation inconsistency and limited exploitation of loop closures.20–22 In contrast, full

SLAM formulations, which estimate the complete history of navigation states and map parameters, provide a

principled framework to overcome these issues. Factor-graph-based approaches, widely adopted in robotics,

enable scalable and real-time estimation by exploiting the problem structure and are therefore attractive can-

didates for autonomous navigation in small-body proximity operations.23–26 Among the first to introduce

factor graphs in space applications, Reference 27 formulated a probabilistic model that jointly estimates the

relative dynamics, center of mass, and principal inertia ratios of an unknown spinning space debris using

stereo vision. Building on this, Reference 28 applied a similar factor graph approach specifically to small

body scenarios, incorporating star tracker data to constrain rotational estimates, although they did not address

loop closure. More recent work have included the asteroid dynamics into the factor SLAM formulation29

introducing a relative dynamics factor into the graph, encoding complex perturbations such as solar radiation

pressure to jointly estimate the target’s gravitational parameter and spin state alongside the trajectory. Sim-

ilarly, Reference 30 compared graph-based variants with and without dynamical factors, finding that while

including dynamics significantly improves velocity estimation, it comes with an increasing computational

cost. These results motivate the integration of dynamics-aware SLAM with higher-level decision-making
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and trajectory generation capabilities. Finally, Reference 31 leverages impulsive maneuvers within a similar

dynamical factor graph framework to explicitly resolve monocular scale ambiguity, enabling the joint esti-

mation of the spacecraft state, map, and gravitational parameter.

Despite the historical reliance on ground-in-the-loop operations for small-body exploration, the need to

autonomously adapt trajectories in response to estimation uncertainty and environmental variability naturally

leads to the consideration of onboard guidance and control strategies capable of closed-loop replanning.14

Current literature addresses this challenge through various guidance and control architectures, generally cat-

egorized into feedback control, indirect optimization, direct optimization, and heuristic methods. Feedback

control strategies, such as artificial potential functions or differential guidance, offer computational simplicity

by transforming the obstacle avoidance problem into a stability analysis or a local correction step. However,

these methods often struggle with local minima and cannot easily accommodate complex integral cost func-

tions.32 Indirect methods, which solve the problem by satisfying the first-order necessary conditions derived

from Pontryagin’s Minimum Principle, provide theoretical optimality but are hampered by the sensitivity of

the associated Two-Point Boundary Value Problem (TPBVP) to initial guesses.33, 34 Direct methods overcome

these limitations by transcribing the Optimal Control Problem into a Non-Linear Programming problem. A

particularly promising subclass is Sequential Convex Programming (SCP), which relaxes non-convex con-

straints into a sequence of convex sub-problems.35, 36 This approach has been successfully applied to fuel-

optimal transfers, landing, and proximity operations due to its polynomial-time complexity and convergence

guarantees.37, 38 Nevertheless, SCP remains a local optimization technique and requires a high-quality initial

guess to attain global optimality. In contrast, heuristics methods, such as tree or sampling-based approaches,

address the initialization problem by directly exploring either the solution or the configuration space.39

In the specific context of asteroid exploration, Reference 12 developed an abstract reachability analysis that

maps the reachable control set into an abstract ”observation space” to maximize scientific returns, such as

surface coverage. While highly flexible, these sampling-based strategies can be computationally expensive

and lack deterministic convergence guarantees. Recent frameworks have therefore proposed hybrid archi-

tectures, using computationally efficient reachability analysis to rapidly generate a coarse, goal-maximizing

reference trajectory, which is subsequently refined by SCP to robustly handle navigation and control uncer-

tainties within a Model Predictive Control (MPC) scheme.40, 41

The integration between path planning and SLAM is also called Active SLAM in the robotics literature.42

Active SLAM represents a significant evolution from standard passive frameworks by treating the simultane-

ous localization and mapping problem as a comprehensive GNC task rather than a pure estimation problem.43

While passive SLAM processes data from a predefined trajectory, active SLAM couples perception and ac-

tion, enabling the vehicle to autonomously plan trajectories under probabilistic inference of the external world

(e.g., see Reference 44). In space engineering, this problem is exacerbated by dynamical uncertainties and

strong requirements in navigation robustness. Moreover, the recent advancements in autonomous spacecraft

proximity operations have driven significant research into Active SLAM frameworks that integrate GNC to

optimize information acquisition. Addressing the challenges of small body exploration, Reference 45 for-

mulated the mapping problem as a Partially Observable Markov Decision Process (POMDP), developing a

method for autonomous orbit selection that explicitly maximizes map quality. Their approach utilizes geo-

metric constraints derived from stereophotoclinometry requirements (i.e., emission and incidence angles) to

quantify the utility of candidate orbits, demonstrating that optimized orbital sequences yield superior surface

coverage compared to fixed strategies. Building upon this POMDP foundation, Reference 46 applied Re-

inforcement Learning to handle the high-dimensional belief spaces inherent in autonomous imaging. Their

work expanded the action space beyond discrete orbit selection to include continuous thruster maneuvers and

introduced realistic operational constraints, such as onboard memory limits and downlink windows, proving

that learned policies could outperform human-designed baselines in maximizing map quality.

Alongside learning-based approaches, graph-based frameworks have emerged as an effective tool for Ac-

tive SLAM in proximity operations. Reference 47 proposed a tightly-coupled 3D Graph SLAM system

utilizing flash LIDAR and an evidential grid map to represent environmental uncertainty. Their framework

actively switches between exploration (i.e., visiting new areas) and exploitation (i.e., refining localization via

loop closures) by evaluating the information gain of potential trajectory samples, and includes a novel module

for autonomously identifying safe landing sites. Extending the use of factor graphs, Reference 48 focused on
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optimizing the perception action itself by actively controlling camera pointing directions. By computing the

information gain directly from the posterior covariance of the factor graph, their method allows the spacecraft

to predict the utility of future observations, reportedly reducing localization uncertainty by 50–70% compared

to passive sensing strategies.

Contributions

Building on prior efforts, this paper presents a closed-loop Guidance, Navigation, and Control (GNC) ar-

chitecture inspired by Active SLAM techniques for close-proximity operations around small bodies under

navigation, control, and dynamical uncertainties. The methodology is evaluated in a simulated proximity-

operations scenario inspired by asteroid Itokawa, assuming no prior knowledge of the asteroid shape or con-

trol profile and accounting for navigation, control, and dynamical uncertainties. Nevertheless, prior knowl-

edge is assumed for the mean radius, rotational state, gravitational parameter, and spherical harmonic coeffi-

cients up to the fourth degree. In addition, spacecraft attitude pointing is assumed to be ideal and generated

from the ground-truth simulated trajectory. Future work will focus on relaxing these assumptions by including

the corresponding parameters in the estimation problem and closing the loop with the Attitude Determination

and Control System (ADCS). The key contributions can be thus summarized in the following three points:

• An autonomous closed-loop GNC architecture is proposed, combining a SLAM-based navigation so-

lution with reachability-based reference trajectory generation. Navigation relies on an asynchronous

filter-graph formulation for joint spacecraft state and asteroid map estimation, while guidance exploits

abstract reachability analysis within a goal-oriented MPC framework to target predefined asteroid-fixed

observation regions and to enable autonomous trajectory generation and replanning in uncertain envi-

ronments.

• A dispersion-mitigation logic based on navigation state estimates is introduced to trigger trajectory

replanning whenever the estimated state deviates excessively from the reference, demonstrating the

capability to maintain safe proximity orbits while adapting online to uncertainties.

• Closed-loop performance is assessed through a high-fidelity single-run simulation using synthetic im-

agery, followed by multiple reduced-fidelity Monte Carlo campaigns to characterize the algorithms

in a statistically meaningful manner. Navigation accuracy, guidance performance, and critical system

behaviors are analyzed and discussed.

The paper is organized as follows. Section Background provides the necessary background concepts. Section

Algorithms and integrated GNC system outlines the proposed architecture and briefly touches on the details of

each component. Finally, section Analysis and results reports in-depth analysis and results from simulations

of the close-proximity scenario.

BACKGROUND

Conventions and reference frames

The following reference frames are required in the problem definition.

• The inertial frame I, defined as the J2000 reference frame centred in the asteroid centre of mass.

• The frame B, a non-inertial reference frame with the z-axis aligned with the rotational axis of the

asteroid, x-axis aligned with its prime meridian, and the y-axis completing the right-hand triad. The

origin is assumed coincident with the inertial frame I.

• The camera frame C is defined as centred in the camera origin, with +Z axis oriented as the camera

boresight whereas the +X axis and the +Y axis are aligned with the image horizontal and vertical di-

rections. This is also assumed to coincide with a spacecraft fixed frame, which in practice corresponds

to perfect knowledge of the camera configuration.
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For what concerns the notation, rotation matrices from F1 to F2 are indicated as [F2F1], while vectors are

represented with lower case bold text, e.g., r,v. Where necessary, the reference frame vectors are expressed

is indicated on the top right corner, e.g. rF1 . Estimated quantities are referenced to by using the hatˆ symbol.

Navigation

Factor graphs are bipartite graphical models that represent the factorization of a global function into local

factors over subsets of variables. This structure explicitly encodes conditional independence relations, which

is well suited for estimation problems. In probabilistic inference, each factor typically models the likelihood

of a measurement given the relevant state variables. When Gaussian noise is assumed, factors correspond to

squared Mahalanobis norms of residuals. As a result, MAP estimation over a factor graph is equivalent to

solving a nonlinear least-squares problem.22, 23 Classical optimization methods such as Gauss–Newton can

be used to compute the solution. Variable elimination in the graph provides insight into efficient ordering

and sparsity exploitation, which can be exploited to enable scalable inference even for large problems. In-

cremental algorithms, such as iSAM2 (Incremental Smoothing And Mapping), update the solution as new

measurements arrive or constraints can be added, e.g. from motion models. By exploiting the Bayes Tree

data structure, relinearization and updates are restricted to affected subsets of variables, significantly reducing

computational cost.25 The local nature of navigation measurements makes iSAM2 particularly effective, as

it preserves sparsity in the information matrix while supporting incremental updates required for online esti-

mation. Moreover, factor graphs naturally accommodate heterogeneous state variables, such as poses, veloci-

ties, and landmarks, as well as multi-sensor measurements, without the need for explicit latency-management

mechanisms typically required in recursive filtering.

Visual SLAM algorithms typically estimates pose and velocity states. In terms of factor graphs, these

are linked through reprojection factors in Eq. (1), dynamics in Eq. (2) and fully constrained by prior state

knowledge as Eq. (3):
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where π(pk, lj) is the projective transformation of the 3D landmark lj onto the image plane of pose pk,

assuming a known camera calibration matrix, and uk,j is the resulting keypoint in image coordinates. Σ(·) is

the covariance weighting the residual error. Function φ(r,v) is the flow function computed through dynamics

integration, between two time instants k − 1 and k. The factor graph framework also allows the inclusion

of states that are not constrained by dynamics, such as pose-only variable nodes, in a unified and seamless

manner.

Guidance

The guidance objective considered in this work is to determine trajectories that simultaneously satisfy

scientific requirements and typical engineering constraints characterizing CPOs around small bodies. To this

end, the guidance problem is formulated as a goal-oriented trajectory design problem, a well-established

modeling approach introduced in Reference 49. Within this framework, scientifically relevant parameters are

used to define Regions Of Interest (ROIs) around the small body, within which the spacecraft must fly to

fulfill mission requirements and maximize scientific return.

In this work, observations are performed using a passive sensor. Consequently, ROIs are defined in terms

of the emission angle ε, the incidence angle i, and the range ρ, which determine the quality of this type of

observation and are relevant for mapping campaigns.45 Given a specific feature on the small body surface rf ,

the ROI can be defined as

Rf =
{
r ∈ R

3
∣∣∣ ρf ∈ [ρ−f , ρ

+
f ], εf ∈ [ε−f , ε

+
f ], if ∈ [i−f , i

+
f ]
}

(4)
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where r is the generic observer position, nf is the outward surface normal of the feature; ρmin, imin, εmin

and ρmax, imax, εmax represent respectively the upper and lower bounds of the parameters to consider the

observation of the feature as a valid one. The parameters are expressed as follows

ρf (r) = ‖r− rf‖ , (5a)

εf (r) = arccos

((
nf

)T(
r− rf

)
‖r− rf‖

)
, (5b)

if (t, r) = arccos

((
nf

)T(
rs(t)− rf

)
‖rs(t)− rf‖

)
. (5c)

where rs is the position of the Sun, the only variable with time dependence, as all vector quantities in the

previous equations are expressed in the frame B.

Dynamical environment

The orbital dynamics around the asteroid under impulsive guidance is expressed in the frame I as follows:

ẋ = ff (x, t) + B

Nm∑
i=1

δ
(
t− ti)Δvi. (6)

where x is the spacecraft state, composed of the position r and velocity v. ff (x, t) is the free dynamics

contribution, Δvi is the i-th control impulse executed at time ti. δ(·) is the Dirac function and B represents

the control matrix, which is constant under the chosen parametrization. The free dynamics ff (x, t) is given

by

ff (x, t) = fg(r, t) + Cr
A

m

P0d
2
0

c

r− rs
‖r− rs‖3︸ ︷︷ ︸

SRP

. (7)

where the Solar Radiation Pressure (SRP) contribution is modeled through the cannonball model and defined

by the reflectivity coefficient Cr, the spacecraft effective area A, the spacecraft mass m, the solar flux at 1

Astronomical Unit (AU) P0, the Sun-Earth distance d0, and the position of the Sun rs. fg(r, t) represents the

gravitational force, expressed as

fg(r, t) = [IB] ∇U (8)

where [IB] is the rotation matrix from the frame B to the frame I, U represents the gravitational potential,

approximated with a spherical expansion truncated to order N 32

U(r, φ, λ) =
μ

r
+

μ

r

[ N∑
n=2

n∑
m=0

(
R

r

)n
P̄n,m(sinφ)

(
C̄n,m cos(mλ) + S̄n,m sin(mλ)

)]
. (9)

where (r, φ, λ) are the spherical coordinates of the spacecraft position in the frame B, μ is the gravitational

parameter of the asteroid, P̄n,m[x] is the associated normalized Legendre function of order n and degree m,

and C̄n,m and S̄n,m are the normalized potential coefficients.

Control errors are simulated stochastically using a classical magnitude–direction error model in a refer-

ence frame built such that +Z corresponds to the thrusting direction, in which both error components are

independently sampled from Gaussian distributions.14 Therefore, in the thruster frame:

ΔṼ = (1 + δVerr)||ΔV̄||

⎡
⎣ cos(α̃)
sin(α̃) cos(θ)
sin(α̃) sin(θ)

⎤
⎦ (10)

where δVerr is the magnitude error, and ΔV̄ is the nominal control action as computed by the guidance

algorithms, rotated in the thruster frame. The term α̃ corresponds to the half-cone error angle from +Z axis

in the thruster frame. The so-computed control action is then rotated back to the inertial frame.
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ALGORITHMS AND INTEGRATED GNC SYSTEM

This section outlines the navigation and guidance system architecture and information flow. High-level

details of the algorithms are also given. The reader is referred to references for in-depth descriptions of the

different components.30, 39, 50, 51

GNC system architecture

At the current stage of development, the proposed GNC system implements a loosely coupled architecture

in which navigation and guidance are clearly separated but operate in closed loop. Figure 1 illustrates the

high-level architecture, highlighting the key relations between the different system components and algo-

rithms:

• External inputs/ouputs: from sensors and attitude determination to Navigation; from Guidance to

propulsion for manoeuvres.

• Navigation internal data flow: from image processing to backend initializer and optimizers; from

graph-based smoother to filter; and feedback from filter to backend initializer.

• Navigation to dispersion evaluation module to Guidance: provides best state estimate and the inter-

polated reference state at the evaluation timestamp for replanning trigger check;

• Navigation to Guidance: provides state estimates for trajectory generation.

• Guidance to Navigation: provides nominal value of control actions and the new reference trajectory.

Note that some interfaces and components are omitted to improve readability. Each relation is described in

more detail in the dedicated sectionsNavigation system algorithms and Guidance algorithms.

Image

Range

Estimated

attitude

Commanded

attitude

Commanded

maneuvers ΔV

Refined

state

estimate

Trigger

replanning

Monocular

Camera

LIDAR

Altimeter

ADCS

System

Propulsion

System

Control action

+ Reference

Figure 1: High level architecture of the proposed GNC solution.

The guidance module uses a set of pre-defined asteroid-fixed observation goals, as outlined in the Back-

ground section and relies exclusively on navigation outputs to perform trajectory planning, manoeuvre com-

putation, and dispersion mitigation. In turn, the navigation estimates the spacecraft state taking advantage of

the replanning capability to map the entirety of target asteroid, while remaining on a safe and stable trajectory.

The replanning trigger logic is the most relevant feedback the navigation provides to the guidance algo-

rithms. Therefore, its robustness to errors is of paramount importance to prevent incorrect decisions and un-

necessary control actions. The reference trajectory generated by the guidance algorithms during the latest run

[r̄(t); v̄(t)] is defined on a coarser timegrid with respect to the inertial navigation solution [r̂(teval); v̂(teval)].
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Therefore, a simple spline interpolation is first performed to retrieve the state at the same time instant teval.
Despite being approximate, this solution was found to be sufficiently reliable for the typically slow dynamics

of asteroids’ environment considering a discretization of the reference trajectory in the order of hundreds of

seconds.

Due to the probabilistic nature of the navigation solution, the Mahalanobis distance is a natural choice,

as it accounts for state estimation uncertainty while operating on normalized quantities, thereby simplifying

threshold selection. The metric is thus evaluated as

Δx(teval) = (x̄− x̂)
T
Σ−1

xx (x̄− x̂) (11)

where xT = [rT ,vT ] collects both position and velocity. This joint evaluation is adopted because evaluating

the deviation of the orbital state as a whole, rather than treating position and velocity separately, inherently

accounts for their statistical correlation. At the same time, the metric is sensitive not only to position errors,

which are more directly affected by measurement errors, but also to inconsistencies in the dynamical evolu-

tion. In fact, these results from modeling uncertainties and simplifying assumptions (e.g., for computational

reasons), which manifest primarily through velocity deviations.

To further improve robustness, the dispersion evaluation is not performed at isolated time instants, but

over a sequence of consecutive navigation steps, here set to five. A replanning request is therefore issued

only when the Mahalanobis distance between the estimated state and the interpolated reference trajectory

exceeds a prescribed threshold for the selected number of consecutive steps. The threshold is selected equal

to Δxthr = 10.5. This choice is motivated by the fact that the state deviation defined from the estimated

navigation solution is, by construction, expected to lie within the 3σ confidence region associated with the

estimator covariance. However, even under the ideal assumption of a reference trajectory perfectly matching

the true trajectory, stochastic estimation errors may cause the Mahalanobis distance to intermittently exceed

this bound. To prevent spurious replanning triggers, the threshold is therefore empirically increased by a

safety margin of 3.5, yielding the value adopted in this work for the integrated analysis in section Refer-

encessec:results.

Navigation system algorithms

The proposed navigation system combines a graph-based SLAM estimator with a recursive estimator to si-

multaneously support target-relative and inertial navigation. This dual structure exploits the complementary

strengths of batch-like smoothing and recursive filtering.30 Visual measurements are generated by a dedi-

cated frontend module.50, 51 Finally, the backend-initializer serves as interface component between frontend

and backend.

Salient image features are extracted only at selected frontend keyframes and tracked across intermediate

frames using a pyramidal KLT tracker.52 The frontend keyframes determines keyframe insertion into the

factor graph, whereas the opposite is not enforced. This ensures that newly extracted features are always

anchored to a backend keyframe and maximizes their information. To mitigate the influence of outliers in

the tracked features, a MSAC-based outlier rejection strategy using epipolar-geometry consistency checks is

embedded in the frontend. This operates between the most recent keyframe and the newest acquired frame.

To improve feature extraction capabilities using classical computer vision algorithms, an additional pre-

processing steps remove features near the target outline and terminator and promote spatial coverage in the

image plane.53 The frontend maintains complete feature-track histories and passes them to the backend at

each update. Tracks contribute to SLAM only when they link at least two keyframes. Because no feature

descriptors are used for tracking, lost tracks are not re-associated, and refinement relies on backend optimiza-

tion. SURF features are used in the selected scenario, as they provide a good trade-off between computational

cost and robustness to non-sharp image appearance.

Lidar range measurements to the surface are considered as an additional source of information. The sensor

is assumed to provide one measurement at each filter update, occurring every 5 s. In addition, spacecraft

attitude measurements with respect to the inertial frame are assumed to be available at all time instants and

are corrupted by multiplicative white-noise errors to model attitude estimation uncertainty.

The graph-based estimator operates in the target-fixed frame and estimates spacecraft pose and velocity,

namely the states {[BC]k, r̂Bk , v̂B
k } where k = 1, ..., Nt, together with a sparse 3D landmark map {̂lBi } i =
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1, ..., Nl, treating landmarks as static. Nt and Nl is the total number of time instants corresponding to

keyframes and the number of landmarks, respectively. Based on ISAM2 optimizer, the estimator incremen-

tally builds and optimizes a factor graph containing keyframe states and landmark variables using projection,

dynamics, pose and attitude prior factors as described in section Background.

Keyframes are inserted based on a combination of frontend-driven criteria, such as the number of active

tracks, and backend time-based triggers. Therefore, this estimator can operate at the imaging acquisition rate

at most. New landmarks are initialized by multi-view triangulation, namely the Direct Linear Transform,

using a bounded window of frames covering at least the number of frames between two keyframes.53 These

landmarks estimates serve only as initial guesses and are subsequently refined through nonlinear optimiza-

tion. To improve robustness during early operation, the first initialization is performed through a bootstrap

mode consisting in a limited size bundle-adjustment step over the initial window before running incremental

smoothing. In this work, the limit is set to 8 frames, after which the smoother switches to ISAM2. Finally,

dynamical constraints are included between consecutive keyframes to enforce consistency and enable ve-

locity estimation. Although the states are estimated in the target-fixed frame, the dynamics is evaluated in

the inertial frame using the target attitude at the keyframe time instants.30 The covariance associated to the

error is obtained through trapezoidal integration rule of the process noise term across intermediate timesteps

between the two states.

In parallel and asynchronously, a recursive estimator designed as an Extended Kalman Filter (EKF) esti-

mates the inertially referenced orbital state and provides high-rate estimates of spacecraft position and ve-

locity, contrarily to the smoother. The sliding window of past states in the EKF is retained to allow delayed

updates when required. In addition to the orbital states, the filter state vector includes dynamical and mea-

surement biases, modelled as First Order Gauss Markov processes or as consider state.54, 55 The full state

vector is therefore written as

x filter =
[
rI ; vI ; ΔCSRP; ares; blidar; log10(μ)

]
. (12)

where the log10 is used to ensure positivity of the gravitational parameter. This is treated as consider state

together with the scalar bias of the SRP coefficient defined as ĈSRP = C̄SRP + ΔCSRP , which aims to

capture discrepancy in the SRP magnitude. The residual-acceleration term acts as an additive perturbation in

the equations of motion and is estimated. Finally, the lidar bias blidar enters the lidar measurement prediction

model as d̂corr = d̂ + blidar, where d̂ is the predicted measurement through a ray-sphere intersection model

using the mean radius of Itokawa.

Lastly, it is noted that the dynamical model adopted in both estimators includes only central gravity and

cannonball solar radiation pressure as deterministic accelerations. Moreover, the smoother does not incorpo-

rate stochastic bias estimation within the factor graph.

The interaction between the two estimators is intentionally loose to mitigate the effect of biases in the

smoother estimates. The recursive estimator does not process raw visual measurements and does not estimate

landmarks. Instead, it is updated at keyframes by treating the smoothed spacecraft position produced by the

graph-based estimator as a measurement expressed in the inertial frame, through the classical Kalman fil-

tering equations. The covariance of the measurement is retrieved as marginal covariance from the smoother

and inflated by a manually tuned factor. Furthermore, underweighting is used to prevent excessively fast

convergence of the filter.56 Importantly, prior knowledge of the target asteroid rotational state is assumed at

this stage. Future work will investigate improved formulations to enhance statistical consistency, mitigate

potential error feedback loops, and enable estimation of the asteroid attitude.

Conversely, the filter forward state prediction is used only to support the backend initializer. Depending on

the configuration, the filter position may be used as an initial guess for the smoother. However, preference is

given to initializing new variable nodes through the dynamics factor model itself, leaving triangulation as the

sole source of feedback from the filter. In fact, no additional information from the filter enters the smoother.

Guidance algorithms

In order to generate a trajectory, the general concepts of the framework introduced in Section Background

must be translated into a form usable by an optimization algorithm. Starting from the scientific requirements,
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it is possible to build an objective using the following continuous function39

ωf (yf ) = Df

(
yf,1
)
· Ef
(
yf,2
)
· If
(
yf,3
)
. (13)

where

yf (r, t) =

⎡
⎢⎣yf,1yf,2

yf,3

⎤
⎥⎦ =

⎡
⎢⎣ ρf (r)

εf (r)

if (t, r)

⎤
⎥⎦ . (14)

The functions Df , Ef , and If are sigmoid functions:

Df (yf,1) =
1

1 + e
−K1

(
yf,1−

(
ρ
−
f
R̄

)2) · 1

1 + e
K1

(
yf,1−

(
ρ
+
f
R̄

)2) ,

Ef (yf,2) =
1

1 + e−K2(yf,2−cosε+f )
,

If (yf,3) =
1

1 + e−K3(yf,3−cosi+f )
.

(15)

where K1, K2, K3 define the steepness of the sigmoid functions, R̄ is used to normalize the range. With the

function in Eq. (13), it is possible to define the objective function

Tf =

∫ Th

t0

ωf (yf ) dτ (16)

where [t0, Th] is the considered control horizon. Tf is the time spent satisfying the conditions defining the

generic Rf . In addition to the scientific requirements, engineering constraints must be enforced to ensure

safe operational conditions and compliance with the available propulsion capabilities. In this work, safety is

imposed by constraining the spacecraft state to lie within the set

X = {r ∈ R
3 | Rimp ≤ ‖r‖ ≤ Resc} (17)

where Rimp and Resc are the minimum and maximum ranges within which the spacecraft state must evolve.

This operational constraint can also be enforced in a soft form through the definition of the following penalty

function:

VP (r) = −
(

Kimp,1

1 + eKimp,2(‖r‖−Rimp)
+

Kesc,1

1 + e−Kesc,2(‖r‖−Resc)

)
(18)

where similarly to Eq. (15), the parameters Kimp,1, Kimp,2, Kesc,1 and Kesc,2 determine the shape of the

penalty sigmoids.

The final engineering requirement considered in this work is compliance with the maximum impulse

Δvmax that the system can provide. Accordingly, the control impulses must belong to the set

U = {Δv ∈ R
3 | ‖Δv‖ ≤ Δvmax}. (19)

Using the objective and constraints formulations provided above, the goal-oriented guidance problem is ex-

pressed as follows:

maximize
ti+1,Δvi

Nf∑
f=1

Tf +

∫ ti+1

ti

Vp(x) dτ (20a)

subject to ẋ = ff (x, t) + B

Nm∑
i=1

δ
(
t− ti)Δvi., ∀ t ∈ [ti, ti+1], (20b)

x(ti) = xi, (20c)

Δvi ∈ U , (20d)

ti+1 ∈ Ti. (20e)
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where Tf is computed over the time horizon [ti, ti+1], and xi is the initial state provided by the navigation

module. Tj is a time interval defined by the minimum maneuver separation time ΔTm and the control

horizon Th. At each trajectory update step, the next maneuver time ti+1 is required to belong to the set Tj
and is determined according to the evolution of Tf,tot =

∑Nf

f=1 Tf and Vc following the heuristic introduced

in Reference 39. The guidance problem in Eq. (20) is solved through abstract reachability analysis. The

scheme is summarized in Algorithm 1. Starting from an initial control domain sampling, the objective values

of the reachable set are evaluated and used to perform a refinement step that enhances the optimality of

the final solution. Both the initial and refinement samplings exploit a Fibonacci distribution57 to have an

approximately uniform coverage of the control space.

Algorithm 1: Sampling-based scheme

Input: initial samples n0, max iterations nit, best samples nbest, refinement samples nref

Output: Δv∗ maximizing Tf,tot

(1) Initial sampling: U (0) ← INITIALSAMPLING(n0);
for k = 0, . . . , nit do

(2) Forward propagate: for all Δv ∈ U (k) traj(Δv)← FORWARDPROPAGATE(Δv);

(3) Evaluate objective: for all Δv ∈ U (k) Tf,tot(Δv)← EVALUATE(traj(Δv));

(4) Select most promising: S(k) ← SELECTBEST(U (k), Tf,tot, nbest);
if k = nit then

break
(5) Refine mesh: U (k+1) ← REFINEMESH(S(k), nref);

ANALYSIS AND RESULTS

Scenario definition

The numerical evaluation of the proposed methodology is performed in a simulated proximity-operations

scenario around asteroid Itokawa. The main parameters defining the dynamical environment and spacecraft

properties are summarized in Table 1, while the algorithm configuration parameters are reported in Table 2.

Estimator tuning parameters are omitted for brevity, as they are strongly scenario-dependent. The asteroid

gravity model used for both the environment and the guidance dynamical models is based on Spherical

harmonics computed from the Hayabusa’s shape model58 through the methodology in Reference 59. From

the same shape model, a set of 14 features is extracted, and the associated ROIs are constructed using the

parameter intervals listed in Table 2. The features are selected randomly on the unit sphere in order to ensure

a uniform mapping. Fig. 2 shows the initial conditions used for all analyses described in the following

sections, which are obtained through a uniform sampling along a sun synchronous terminator orbit (SSTO)

with a semi-major axis of 1.4 km, propagated over one orbital period. The initial ephemeris time and state of

the SSTO are reported in Table 1. Attitude pointing is generated assuming ideal nadir pointing with respect to

the true trajectory. This simplifying assumption is adopted to decouple attitude pointing from the navigation

problem, thereby preventing potential failures due to their mutual coupling and allowing the analysis to focus

on translational motion only. The joint treatment of attitude pointing and navigation is left as future work.

Analysis sets and simulation tools

To comprehensively characterize the performance of both the overall system and its individual modules,

several analysis sets with different fidelity levels are defined. This is enabled by the flexibility of the im-

plemented simulation framework, which supports multiple degrees of modeling fidelity. In this work, three

fidelity levels are considered.

1. Fully integrated system with rendering in the loop. Blender is employed as the rendering engine,

ensuring geometric consistency of the generated images. Radiometric consistency is neglected, as it is
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Table 1: Scenario simulation parameters.

Parameter Value Uncertainty (knowledge, 3σ)

Spacecraft

m 12.5 kg 5%

Cr 1.29 15%

ASRP 0.5329 m2 30%

Control action
σmag 1% [-]

σdir 0.5◦ [-]

Asteroid target

Gravity model Spherical harmonics [-]

μ 2.36× 10−9 km3/s2 7.5%

Order and degree 16× 16 [-]

T 12.1324 h [-]

Trajectory

Initial Ephemeris Time 89667200 s [-]

Initial position [−0.238, 0.377, −1.19]T km [-]

Initial velocity [2.87, −2.83, −1.47]T ×
10−5 km/s

[-]

Position prior knowledge 150 m (3σ) [-]

Velocity prior knowledge 4 mm/s (3σ) [-]

Measurements

Attitude knowledge 35 arcsec (1σ) [-]

Lidar range measurement Raytracing + 5 meters white

gaussian noise (1σ)

[-]

Table 2: Algorithms tuning parameters.

Parameter Setting

Guidance

Gravity type Spherical harmonics

Order and degree 4× 4

(K1, K2, K3, R̄) (10, 100, 100, 1 km)

Δvmax, ΔTm, Th (0.1 m/s, 15 h, 20 h)

(Rimp, Kimp,1, Kimp,2) (0.7 km, 1, 100)

(Resc, Kesc,1, Kesc,2) (3 km, 1, 5)

(n0, nit, nbest, nref ) (349, 3, 6, 18)

(ρ−f , ρ
+
f ) (0.9 km, 1.3 km)

(ε−f , ε
+
f ) (0◦, 15◦)

(i−f , i
+
f ) (0◦, 90◦)

Navigation

Camera matrix K

⎡
⎢⎣
5891.54 0 1024

0 5889.13 768

0 0 1

⎤
⎥⎦

Lidar acquisition rate 0.2 Hz

Camera imaging interval 45 s

Max keyframes step 6 frames

Min/Max features count 90/300

Max track length 150 frames

not relevant to the scope of this study. The Blender model is based on sample scenarios provided by

the open-source tool described in Reference 60.

2. Integrated system with simulated image processing. The emulation model introduced in Refer-

ence 30 is used to generate synthetic keypoint tracks, eliminating the need for online rendering during

simulation. This significantly reduces computational cost, enabling extensive Monte Carlo analyses.
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Keypoints are generated using ray-tracing algorithms, including shadow-ray illumination checks, en-

suring consistency with both scene geometry and lighting conditions. All navigation and guidance

algorithms, except for feature extraction and tracking, are executed as in the highest-fidelity configura-

tion. The tracking input noise is set to σtrack = 1.5 pix.

3. Surrogate navigation model for guidance analysis. The navigation module is replaced by a stochas-

tic error model that generates synthetic state estimates by perturbing the true simulation trajectory

with white Gaussian noise. Perturbations are sampled assuming a diagonal covariance matrix, tuned

to represent attainable navigation performance. Specifically, a knowledge error of 3σr = 50m for

each position component and 3σv = 3mm/s for each velocity component is assumed. The guidance

algorithm is executed with the same configuration, while no navigation algorithm is run.

Figure 2: Initial spacecraft positions considered in the MC simulations - Inertial frame.

Each fidelity level is used to support a specific analysis set:

1. Single-run simulation with synthetic images. A single simulation run is performed using the full

rendering-in-the-loop configuration. Although this does not allow for statistically robust conclusions,

it demonstrates the correct operation of the complete system when processing actual rendered images

rather than simulated measurements. Results for this case are presented in the Fully integrated system

single run results Section.

2. Monte Carlo analysis of the integrated system (100 samples). Image processing algorithms are re-

placed by the emulation model to avoid the computational cost of rendering a large number of images

at high acquisition rates. This analysis provides a statistical characterization of the combined navi-

gation and guidance system. Results are presented in Navigation MC analysis using emulated image

processing Section.

3. Monte Carlo analyses of the guidance subsystem (100 samples). The navigation solution is replaced

by the surrogate error model to isolate the performance of the guidance scheme and reduce the com-

putational cost of the simulations. The simulations enable a comparative assessment of the guidance

module performances under different replanning triggers. The results of this analysis are presented in

Guidance MC analysis using navigation dummy Section.

Fully integrated system single run results

Fig. 3 illustrates the results of a single-run simulation of the fully integrated GNC architecture, showing

the simulated inertial trajectory and the executed maneuver and observation events in both the inertial and
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body-fixed frames, respectively on the left and on the right side. The total duration of the simulation is set

to 2.30 days, with the first guidance execution scheduled after 3.5 hours since the start. This was chosen to

ensure a stable navigation solution before the first manoeuvre.

Figure 3: Fully integrated system single-run guidance results in inertial and target-fixed frames.

From the navigation standpoint, the single run simulation is mainly analyzed in terms of final estimated

landmarks quality. Figures 4a and 4b represent binned 2D maps in spherical coordinates (azimuth and ele-

vation), respectively for the position norm error and the estimator position norm variance computed through

linear covariance transformation. Each cell of the grid corresponds to 2 degrees of azimuth and elevation of

the target. Landmarks estimation errors are computed with respect to their true position, obtained via ray-

tracing of the initially extracted keypoint and assigned to a bin depending on the true spherical coordinates.

Finally, the bin value mapped onto the colormap is determined by averaging all the values assigned to it.

(a) Position norm estimation error. (b) Position norm estimator 3σ std. deviation.

Figure 4: Binned 2D map of landmarks estimates and covariance (2° resolution).

While a two-day navigation session is insufficient to map the entire target, as indicated by bins marked

in black (no landmarks assigned), 11 out of 14 regions of interest were successfully visited. Most of the

surface was mapped between -60° and 60° latitude, with map estimation errors well below 10 m on average.

The polar regions were either poorly observed or affected by adverse illumination conditions, as evidenced

by the sparse distribution of landmarks. Localized error peaks are observed in some bins, likely caused by

slight outliers in the landmarks associated with those regions. By comparing the geometry of the target-fixed

trajectory in Fig. 3 with the estimator variance map, a clear correlation emerges: regions with lower variance

and errors well contained within the 3σ bounds correspond to areas with better observability, characterized by

longer feature tracks, a higher number of measurements, and a larger set of initialized landmarks. Conversely,

the polar regions exhibit larger covariance values. Nevertheless, in all cases, the estimator consistently pro-

vides a reliable representation of the underlying uncertainty, including in correspondence with the observed

estimation error peaks.
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The final smoothed ISAM2 solutions for position and velocity, shown in Figs. 5a and 5b, represent the

trajectory counterpart of the landmark error maps. In a SLAM formulation, trajectory and map errors are

intrinsically coupled: inaccuracies in the estimated states propagate to the reconstructed map and, conversely,

map uncertainties affect the trajectory estimates.

The solutions are expressed in the inertial frame by transforming through the true asteroid attitude, while

the inherent 6-DOF ambiguity of the SLAM problem is removed by fixing the first pose through a prior factor.

As a result, both the estimated map and trajectory can be directly compared against the simulated reference

trajectory. The localization solution exhibits consistent trends with respect to accuracy and covariance of the

map estimates in both position and velocity. Maneuvers events are indicated by yellow vertical lines and

clearly show that the smoothing process effectively mitigates the adverse effects of control errors, although

they remain slightly noticeable.

(a) Position estimation errors. (b) Velocity estimation errors.

Figure 5: Estimation errors of the smoothed solution at the final time instant, expressed in the Inertial frame.

Guidance MC analysis using navigation dummy

In order to assess the impact of different replanning triggers on guidance performance, a comparative anal-

ysis is conducted. The analysis focuses on the evolution of trajectory dispersion, the satisfaction of scientific

requirements, and fuel consumption. Six MC simulations are performed using the set of 100 initial conditions

reported in Scenario definition Section. The simulations differ only in the replanning threshold used to trigger

a guidance update. Specifically, the dispersion-based replanning strategy is evaluated for five threshold levels

Δxthr, expressed as percentage of the 3σ knowledge, namely 200%, 300%, 400%, 500%, and 600%. In

addition, the replanning trigger reported in Guidance algorithms Section is included as a reference case and

will be referred to as “heuristic”. The mission duration is set to 48 h for all the simulations.

From Fig. 6, which represents the dispersion evolution in terms of ensemble mean μ and 3σ upper bound

u3σ, it can be noted that lower dispersions are associated with smaller replanning thresholds, given the higher

frequency of trajectory updates. The higher guidance frequency can also be observed from the more irregular

trends of u3σ, which also present sharp decreases at multiples of 20 h, as the heuristic dictates the maximum

time horizon of a planned trajectory. The reduced dispersions achieved with lower replanning thresholds

translate into improved scientific return, as shown in Fig. 7, where the ensemble mean Cumulative Scientific

Time CST and the number of ROIs satisfied N̄sat
ROI are represented. Table 3 reports these metrics at the

final time tf , revealing a 12.8% increase in CST for the 200% threshold with respect to the heuristic-based

replanning. On the other hand, the improvement in N̄sat
ROI is reduced (6.5%), with generally contained vari-
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Figure 6: Evolution of position and velocity dispersion for different replanning triggers.

ations between all the triggers. This reduced gain is due to the fact that the CST is the objective explicitly

maximized by the guidance scheme.

Figure 7: Evolution of goals metrics and cumulative distribution function of the total Δv for different replan-

ning triggers.

As anticipated, these improvements are strictly related to the reduced dispersion levels observed over the

mission time. However, the increase in the mission objective is significantly smaller than the 51.6% reduction

observed in the temporal mean of u3σ of the dispersion in the 200% threshold compared to the heuristic, as

reported in Table 3. Consistently, this increased control effort is reflected in the propellant consumption: the

stochastic Δv99, estimated as the 99-th percentile of the cumulative distribution function of the Δv distribu-

tions shown in Fig. 7, is 34.5% higher for the 200% threshold.

The limited commensurability between the increased control effort and the resulting gains in mission ob-

jectives could be related to the fact that, within the goal-oriented framework, trajectory dispersion is less

relevant than in other operational scenarios. In this context, where the scientific return plays a central role, a

replanning strategy based on the difference between the nominal and the predicted scientific return could be

particularly effective. However, this approach would require increased computational resources allocated to

the GNC manager, as it would rely on trajectory propagation to evaluate the predicted scientific return.

16



Table 3: Guidance performance metrics for different replanning triggers.

Threshold ū3σ [km] μ̄ [km] CST (tf ) [h] N
sat
ROI(tf ) [-] Δv99 [m/s]

200% 0.133 0.059 11.22 8.81 0.39

300% 0.175 0.073 11.28 8.72 0.36

400% 0.200 0.079 10.92 8.66 0.32

500% 0.221 0.083 10.68 8.56 0.32

600% 0.237 0.089 10.32 8.45 0.29

Heuristic 0.275 0.103 9.95 8.27 0.29

Navigation MC analysis using emulated image processing

Navigation performance, with emphasis on localization accuracy and consistency, is characterized through

100 Monte Carlo simulations using emulated keypoint tracks. These correspond to the 100 samples shown in

Fig. 2, each initialized with different errors in the initial orbital state and dynamical parameters. The errors

are sampled from Gaussian distributions with standard deviations reported in Table 1. Attitude estimation

errors are neglected in this analysis, as attitude pointing is assumed ideal and derived from ephemerides. The

first guidance execution is scheduled 3.5 hours after the start of the simulation.

The proposed navigation system provides three navigation solutions with different update rates and accu-

racy levels. First, the most frequent online estimates are produced by the filter in the inertial frame. These

estimates fuse high-rate measurements, namely lidar range measurements in this scenario, with position in-

formation provided by the smoother, while accounting for relevant dynamical uncertainties through bias and

consider states. Second, an online incremental smoother solution is available at keyframes in the target-fixed

frame, providing estimates of both position and velocity. Third, a smoothed incremental solution can be com-

puted on demand by re-evaluating the Maximum A Posteriori estimate of the complete orbital state history

and landmark map. The term incremental here refers to the fact that the solution is obtained from ISAM2 and

not by solving the entire estimation problem using a batch optimizer.

The key difference between the second and third solutions lies in the treatment of past states: the online
incremental solution reports errors associated with the most recent estimates only, whereas the smoothed in-
cremental solution incorporates retroactive updates of past states as additional measurements are processed.

Position and velocity errors for the three solutions are shown in Figs. 8a, 9a and 10a and Figs. 8b, 9b and 10b,

respectively. Filter position errors are reported in the camera frame to highlight the contribution of lidar

range measurements, while smoother solutions are expressed in the inertial frame, as they enter the filter as

measurements and better reveal time intervals affected by systematic errors.

Overall, all navigation solutions provide accurate and consistent state estimates, with the fully smoothed

solution achieving the highest accuracy despite not explicitly exploiting lidar range measurements. Notably,

the effects of maneuver execution are clearly visible in the online solutions, both in the estimated errors and

associated covariances, reflecting the impact of control and knowledge uncertainties. These effects, how-

ever, are almost entirely eliminated in the smoothed solution, highlighting the effectiveness of smoothing in

mitigating control-knowledge errors, which are typically among the dominant contributors in ground-based

mission analysis. Furthermore, this performance is achieved without explicitly estimating their mean error

value, which is instead modeled as zero mean Gaussian random variables, and relies solely on dynamical

constraints and keypoint-based visual measurements.

As shown in Figs. 8 and 9, all Monte Carlo samples eventually converge to low error levels, largely below

50 m and well contained within the associated 3σ covariance bounds. However, in at least two cases, the

online incremental smoother exhibits difficulties during initialization and maneuver execution, resulting in

noticeably large error peaks near the beginning of the simulation and around 28 hours. In both instances,

these deviations are subsequently absorbed and falls back within the estimator covariance. While the fully

smoothed solutions reported in Fig. 10 no longer display such transient peaks, the same two samples still

exhibit mild outlying behavior, with covariance estimates that slightly underestimate the actual error.

With the exception of the initial failure at the beginning of the time window, the filter generally acts as a

mitigation layer, limiting the propagation of these errors to the guidance algorithms. This mitigation, how-
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(a) Position estimation errors - Camera frame. (b) Velocity estimation errors - Inertial frame.

Figure 8: Filter estimation errors and 3σ estimator knowledge bounds.

(a) Position estimation errors - Inertial frame. (b) Velocity estimation errors - Inertial frame.

Figure 9: ISAM2 “online” estimation errors and 3σ estimator knowledge bounds.

ever, is not uniformly effective across all position components. Since the online incremental smoother output

is effectively treated as a measurement by the filter, extended intervals in which iSAM2 provides significantly

biased estimates directly translate into biased filter states, which cannot properly be accounted for. Improving

this interface to prevent the emergence of detrimental feedback loops is therefore identified as an important

direction for future work, particularly from a navigation safety perspective.

Finally, Fig. 8 shows that the filter delivers highly accurate position and velocity estimates, characterized

by low covariance values, around 60 meters and 3 mm/s 3σ on average, while effectively handling the addi-

tional noise introduced by maneuver execution. After maneuvers, the filter typically reconverges within 5–6

hours. The inclusion of lidar range measurements provides benefits in the position component along camera
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boresight, such that accuracy comparable with the across-boresight components is achieved. This contrasts

with the typical behavior of vision-only navigation, in which uncertainty along the boresight direction is al-

ways significantly larger than in the transverse directions.

(a) Position estimation errors - Inertial frame. (b) Velocity estimation errors - Inertial frame.

Figure 10: ISAM2 “smoothed” estimation errors and 3σ estimator knowledge bounds.

As a final remark for future work, the importance of robust initialization and an improved lidar prediction

model is emphasized. The authors observed that specific combinations of illumination conditions and target

attitude are more likely to induce large errors at startup or even lead to failure of the incremental estimator,

primarily due to the limited number of available keyframes at initialization.

Secondarily, owing to the morphology of Itokawa, lidar residuals exhibit strong biases when the spacecraft

flies over the elongated lobe at low latitudes. This behavior is a direct consequence of adopting a spherical

asteroid shape model with a fixed mean radius, which is largely approximate for highly elongated bodies.

Addressing these limitations, and improving robustness in both initialization and lidar modeling, will be the

focus of future extensions of this work.

CONCLUSION

This work presented a novel closed-loop GNC architecture designed to enable autonomous active SLAM

during close-proximity operations around small bodies. By integrating a graph-based visual SLAM naviga-

tion system with a goal-oriented MPC guidance framework, the proposed solution addresses the coupling

between state estimation and trajectory generation often neglected in state-of-the-art research. The naviga-

tion subsystem, employing an asynchronous filter-graph formulation, demonstrated the capability to jointly

estimate the spacecraft trajectory and a sparse landmark map with high accuracy, achieving positioning errors

below 10 meters and effective map reconstruction in a high-fidelity simulation around asteroid Itokawa.

Numerical analyses validated the effectiveness of the guidance strategy, which utilizes abstract reachability

analysis and a dispersion-based replanning trigger to autonomously adapt to navigation uncertainties. Results

indicated that tighter replanning thresholds significantly reduce trajectory dispersion by over 50% and im-

prove cumulative scientific return by approximately 12.8% compared to heuristic baselines, albeit at the cost

of increased propellant consumption. While the current implementation relies on simplifying assumptions

regarding attitude control and prior target knowledge, the findings confirm that coupling perception-aware

navigation with flexible, goal-driven guidance is a viable path toward fully autonomous asteroid exploration.
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