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ABSTRACT

Space object inspection is a critical capability for rendezvous and proximity operations, enabling applications such
as damage assessment, docking port localization, and space asset characterization. However, inspection is inherently
constrained by factors including illumination conditions, viewing geometry, relative distance, and collision avoidance
requirements. These challenges are further compounded when the target is tumbling, as the accessibility of inspection
regions depends not only on orbital geometry but also on the target’s attitude dynamics. This paper presents a deep
reinforcement learning approach for the autonomous inspection of spinning resident space objects, considering both
general tumbling motion and stable rotation about the orbit-normal axis with constant spin rate. The problem is
formulated as a semi-Markov decision process for sequential decision making. By leveraging natural orbital dynamics,
the agent executes impulsive maneuvers followed by variable-duration coasting phases to efficiently complete the
constrained inspection task under time and fuel budgets. Unlike conventional planning methods that optimize a fixed
observation sequence offline, the proposed framework continuously adapts its decisions online based on the observed
environment. The learned policies achieve safe and efficient inspection across a wide range of low Earth orbit scenarios
with varying target spin rates and lighting conditions. To assess performance, reinforcement learning policies spanning
different time-versus-fuel optimization objectives are compared with baseline heuristic strategies, demonstrating the
benefits of adaptive decision making for autonomous on-orbit inspection.

1. INTRODUCTION

Orbital rendezvous and proximity operations have become increasingly active areas of research due to growing interest
in applications such as active debris removal, on-orbit servicing, refueling, upgrading, and in-space assembly. Among
these applications, inspection plays a critical and often prerequisite role. Prior to docking, servicing, or debris capture,
it is essential to assess structural integrity, identify damage, locate docking interfaces, and characterize the target’s
geometry and rotational state. Inspection is also important for the characterization of unknown or non-cooperative
space assets. Consequently, spacecraft inspection has been studied from several perspectives, ranging from vision-
based relative navigation [1–3], mapping and target-motion estimation [4, 5], and autonomous guidance and trajectory
optimization [6–8], to reinforcement-learning-based decision-making [9, 10]. Despite these advances, autonomous
inspection of a resident space object (RSO) remains a challenging sequential decision-making problem. The inspector
spacecraft must satisfy strict geometric and operational constraints, including limits on relative distance for imaging
while also maintaining a safety distance, camera incidence angle constraints relative to RSO surface normals, and
illumination requirements dictated by the Sun direction. At the same time, the mission must minimize resource use,
particularly fuel and time. These constraints can become more complex when the target is spinning or tumbling, as
the visibility and accessibility of inspection points depend on both orbital motion and the target’s rotational dynamics.

These challenges motivate the need for autonomous inspection strategies capable of adapting to uncertain and evolving
mission environments without ground intervention. Reinforcement learning (RL) has recently emerged as a promising
framework for spacecraft autonomy and sequential decision-making under uncertainty. Previous work has demon-
strated its effectiveness for a variety of space applications, including Earth observation scheduling [11–13], ren-
dezvous and proximity operations [14–17], planetary landing [18, 19], and small-body exploration [20–23]. These
studies demonstrate the ability of RL to autonomously generate guidance and observation strategies, while adapting to
uncertain environments and changing mission conditions.



For autonomous spacecraft inspection, early work focused on the perception, estimation, and control capabilities re-
quired to operate around unknown or tumbling targets. References 2 and 3 demonstrate autonomous vision-based
navigation and control for circumnavigating non-cooperative spacecraft using prescribed inspection trajectories, while
References 4 and 5 extend these efforts to simultaneous localization, mapping, and inertial-property estimation. Al-
though these methods enable target characterization, they do not directly optimize inspection trajectories according to
mission objectives or inspection progress. Autonomous inspection guidance has also been addressed through online
planning and optimization. Reference 7 proposes a receding-horizon guidance strategy for autonomous inspection of
unknown RSOs, while Reference 8 formulates inspection of a stochastically tumbling target as a constrained stochastic
optimization problem accounting for attitude uncertainty, sensing constraints, and fuel consumption. Although these
methods adapt trajectories online, they require repeatedly solving computational optimization problems during mis-
sion execution. More recently, RL has emerged as an alternative for autonomous inspection guidance. References 24
and 25 investigate coordinated and information-driven inspection strategies for multiple spacecraft, Reference 26 ap-
plies deep reinforcement learning to multi-agent satellite inspection, and Reference 27 proposes a hierarchical deep
reinforcement learning framework for decentralized multi-agent inspection of tumbling targets. While these meth-
ods demonstrate the potential of RL for autonomous inspection, they either consider multiple inspector spacecraft or
restrict the learned policy to transitions among predefined viewpoints.

Fig. 1: Conceptual illustration of spinning target inspection

The present work builds upon a recently proposed reinforcement-learning framework for autonomous RSO inspec-
tion [9] that learns a continuous guidance policy for a single inspector that directly selects impulsive maneuvers and
variable-duration coasting intervals. Reference 9 addresses the problem of safe and autonomous inspection for nadir-
pointing satellites on circular Low Earth Orbits (LEO) using impulsive maneuvers by formulating the problem as a
semi-Partially Observable Markov Decision Process (sPOMDP). Reference 28 subsequently extends to RSOs on ec-
centric orbits with multiple inspecting servicers while Ref. 29 benchmarks against probabilistic roadmap solutions.
These studies demonstrate the feasibility of robust, fuel-efficient autonomous inspection with formal safety guaran-
tees. However, these prior studies assume targets with Hill-frame-fixed attitudes. The present work extends the earlier
training framework to RSOs undergoing either stable rotation about the orbit normal or general tumbling (Figure 1),
introducing inspection constraints that depend jointly on orbital geometry and target attitude dynamics. The resulting
policies are trained to remain effective across a range of spin rates and rotation axes, increasing robustness for realistic
inspection scenarios. As in Reference 9, collision-avoidance safety can be enforced through an optimization-based
shielding mechanism that filters actions predicted to violate a prescribed keep-out zone. Using Clohessy-Wiltshire
(CWH) relative dynamics [30], the shield replaces unsafe actions with the nearest admissible alternative, providing
collision-avoidance guarantees while minimally altering the learned policy.

The remainder of the paper is organized as follows. Section 2 reviews the inspection problem formulation and summa-
rizes the sPOMDP framework adopted from Reference 9, highlighting the modifications introduced for spinning and



tumbling targets. Section 3 analyzes policy performance for both stable-spin and general-tumble scenarios, including
a benchmark study evaluating robustness across diverse orbital conditions and target dynamics, together with com-
parisons against baseline inspection heuristics. Finally, Section 4 concludes the paper and discusses future research
directions.

2. PROBLEM FORMULATION REVIEW AND RL SOLUTION APPROACH

The reinforcement learning framework adopted in this work builds upon the formulation presented in Reference 9, with
modifications to accommodate tumbling target dynamics and revised mission initialization conditions. This section
reviews the original problem formulation and highlights the changes introduced for the present study.

2.1 Problem Statement

The objective of this work is to maximize the fraction of the RSO surface that is successfully inspected while satis-
fying illumination constraints. The servicer accomplishes this through impulsive maneuvers that modify its relative
trajectory, enabling observations from multiple viewpoints while avoiding collision.

2.1.1 RSO Model

The RSO is modeled as a sphere with a radius of 2 m whose surface is discretized into 100 uniformly distributed
inspection points. Each point is associated with an outward-pointing surface normal vector, n̂nni. The RSO is assumed
to be in a circular LEO at an altitude between 500 and 1000 km, with orbital dynamics including J2 perturbations
and atmospheric drag. To expose the learning agent to diverse illumination conditions, the orbital inclination i and
right ascension of the ascending node (RAAN) Ω are randomized during training. Unlike the nadir-pointing RSO
considered in Reference 9, the target is modeled either as a stable spinner or as a generally tumbling body. In the
stable-spin scenario, the RSO rotates about the orbit-normal axis at a constant angular rate ωB/H , where B and H
denote the body and Hill [31] frames, respectively. To improve robustness, the spin rate is randomized during training
and the learned policy is evaluated over a range of spin rates. For the general tumble case, both the initial spin axis
and angular velocity are randomized. The randomized initial spin axis results in a general tumbling motion without a
fixed rotation axis.

2.1.2 Servicer Spacecraft Model

The servicer spacecraft is equipped with a body-fixed camera whose boresight is represented by the unit vector ĉcc.
The camera is assumed to remain continuously pointed toward the RSO using attitude control implemented through
reaction wheels. A surface point is considered successfully imaged only if the servicer is within the inspection distance
of rinspect = 250 m and the camera incidence angle satisfies:

θi = ̸ (n̂nni,−ĉcc)< θmax = 30◦ (1)

The servicer orbit is propagated using the same perturbation models as the RSO, including J2 effects and atmospheric
drag. Relative motion is described by the perturbed CWH equations [30]. The servicer can perform impulsive maneu-
vers in arbitrary directions with a maximum impulse magnitude of ∆vmax = 1 m/s, while the total mission ∆v budget is
limited to 10 m/s. Reference 9 initialized the servicer at a random location within a 1 km radius of the RSO, causing a
significant fraction of the total ∆v to be expended during the initial approach to the target. Because this cost depends
primarily on the random initial separation rather than the inspection strategy, the present work instead initializes the
servicer in a lead-follower formation 200 m behind the RSO, placing it immediately within the allowable imaging
range. This enables a more consistent comparison with baseline methods by isolating the maneuvering cost associated
with inspection.



2.1.3 Illumination Constraints

In addition to satisfying the camera viewing constraints, a surface point must be sufficiently illuminated by the Sun. A
point is considered illuminated when the angle between its surface normal and the Sun direction, ŝss, satisfies:

φi = ̸ (n̂nni, ŝss)< φmax = 60◦ (2)

2.1.4 Objective Function

The inspection objective is to maximize the fraction of the target surface that is successfully inspected while minimiz-
ing fuel consumption, subject to collision avoidance constraints,

max
|I |
N

−α∆v

s.t. ∥rDC∥> RD +RC, ∀t.
(3)

Here, I denotes the set of successfully inspected surface points and N is the total number of discretized surface points.
The parameter α weights the fuel consumption penalty. The vector rDC represents the relative position between the
servicer and the RSO, while RD and RC denote their respective collision radii. The constraint enforces a minimum
separation distance throughout the mission to guarantee collision avoidance.

2.2 Semi-Partially Observable Markov Decision Process

Following Reference 9, the inspection task is formulated as a Markov Decision Process (MDP) [32], a standard frame-
work for sequential decision-making. The servicer executes an impulsive maneuver followed by a variable-duration
coast phase before selecting the next action, naturally leading to a semi-Markov formulation in which each action has
an associated duration ∆t. Because the agent observes only a subset of the full system state, the problem is partially
observable. The discounted reward accumulated over an action duration is given by:

r(γ)t =
∫ tt+∆tt

tt
e−γ(t−tt )ρt(t)dt (4)

where γ is the discount factor and ρt(t) is the reward density. The elements of the POMDP are defined as follows:

2.2.1 State Space

The state space includes all the satellite dynamical states, flight software states, and relevant environmental variables
availabe in the Basilisk simulation. An episode terminates when any of the following conditions are met:

• Completion: At least 90% of illuminated points are inspected

• Collision: ∥rDC(t)∥< RD +RC

• Escape: ∥rDC(t)∥> 1 km

• Fuel depletion: ∆vavailable = 0

• Time limit: t > 10 orbital periods

2.2.2 Observation Space

The observation space consists of a subset of the full system state, summarized in Table 1. Compared with Reference 9,
the observation space has been extended to include the RSO attitude and angular velocity, enabling the policy to reason
about the target rotational dynamics.



Element Dim Description
rrrH

DC 3 Hill-frame relative position
vvvH

DC 3 Hill-frame relative velocity
ωωωN

B/H 3 RSO angular velocity (inertial frame)
σσσN

B/H 3 RSO MRP attitude coordinates relative to Hill frame
∆vavailable 1 Remaining ∆v budget

i 1 Orbital inclination
Ω 1 RAAN
ŝss 3 Sun direction vector

[τo
ecl,τ

c
ecl] 2 Eclipse entry and exit times

t 1 Elapsed time since episode start
Inspection status M Regional inspection coverage

Table 1: Observation space elements

The inspection status represents the fraction of inspected points within M = 15 surface regions of the RSO. These
regions are chosen to approximately match the servicer camera field of view.

2.2.3 Action Space

The action consists of an impulsive maneuver followed by a variable-duration coast interval:

a ∈ ∆vvvmax × [0,∆tmax]

2.2.4 Reward Function

The reward is defined as:

R = Rinspect +Rgoal −Rfuel −Rfail (5)

where the four terms respectively reward newly inspected surface points and successful mission completion while
penalizing fuel consumption and mission failure.

2.2.5 Transition Model

The transition model is a deterministic generative process. After each impulsive maneuver, the environment propagates
the spacecraft dynamics over the selected coast duration ∆t before the next decision step.

2.3 Solution Approach

The inspection problem is solved using deep-RL, with simulations conducted in BSK-RL [33], a modular satellite RL
framework that wraps the high-fidelity astrodynamics simulator Basilisk [34] within the Gymnasium [35] interface.
This combination provides realistic spacecraft dynamics, including J2 perturbations, atmospheric drag, and attitude
control. The sPOMDP formulation described above is implemented within this framework by specifying the observa-
tion and action spaces, reward function, termination conditions, RSO spin dynamics, and illumination constraints. An
example of the environment setup is available on the BSK-RL GitHub repository.1 Proximal policy optimization (PPO)
is used to train a policy for the inspection task [36]. The learning rate follows a piecewise-constant decay schedule,
starting at 10−4 and remaining constant until 20 million training steps. It is then reduced to 10−5 and further decreased
to 10−6 after 30 million steps to improve stability and promote convergence during the later stages of training. The dis-
count factor is set to γ = 0.9999, while the success and failure reward weights are fixed at βsuccess = βfail = 1. A batch
size of 1550 is used, with all remaining hyperparameters following the default PPO settings in RLlib 2.35.0. Each

1https://avslab.github.io/bsk_rl/examples/rso_inspection.html

https://avslab.github.io/bsk_rl/examples/rso_inspection.html


policy is trained for 48 hours using 32 CPU cores. At the start of each episode, the initial conditions are randomized
to ensure diverse orbital and dynamical scenarios. The RSO is placed on a different circular orbit for each episode, all
at varying altitudes ranging from 500 to 1000 km but with varying orbital orientations. This variation changes both
the illumination conditions and overall mission geometry. Although all evaluation results use a lead-follower initial
configuration for the servicer, the policies are trained with randomized initial servicer states within a 1 km radius of
the chief. This training strategy improves policy robustness and results in better overall performance.

2.4 Shielded Reinforcement Learning

Although reward penalties can discourage unsafe behavior during training, they cannot guarantee collision avoidance
when a learned policy is deployed under varying operating conditions. Shielded reinforcement learning provides
an additional mechanism for explicitly enforcing safety constraints, as introduced for spacecraft inspection in Refer-
ence 9. In general, shielding methods can be categorized as pre-shields, which restrict the available action space before
action selection, and post-shields, which modify or override an action selected by the policy when it is deemed unsafe.
The optimization-based shield employed by Reference 9 follows a post-shielding approach. An action is considered
unsafe if the resulting trajectory is predicted to violate a prescribed keep-out radius within a finite prediction horizon.
Collision prediction is performed using the CWH relative equations of motion [30]. Because the shield operates on the
translational relative dynamics and assumes a spherical keep-out region, its formulation is independent of the target
attitude and rotational dynamics. The same shield developed for the nadir-pointing target in Reference 9 can therefore
be directly applied to the spinning-target scenarios considered here. When the policy selects an unsafe maneuver,
the shield replaces it with the closest admissible action that maintains the required separation while respecting the
maneuver constraints. Both the keep-out radius and prediction horizon are configurable, allowing the degree of con-
servatism to be adjusted according to mission requirements. A key advantage of this formulation is that the safety
constraints are decoupled from the policy training process. The keep-out radius and prediction horizon can therefore
be adjusted at deployment without retraining the policy, allowing more conservative safety requirements to be imposed
when operating under increased uncertainty.

3. RESULTS

The results are presented in two parts. The first considers the inspection of RSOs undergoing stable rotation about the
orbit-normal axis, while the second extends the analysis to targets exhibiting general tumbling motion and compares
the learned policies against baseline heuristics.

3.1 Stable spinning targets

The first set of results considers targets undergoing stable rotation about the orbit-normal axis at a constant spin rate.
The objective is to learn a robust inspection policy that generalizes across varying orbital configurations, illumination
conditions, and target spin rates. To investigate the trade-off between inspection performance and fuel consumption,
policies are trained using fuel penalty weights α ∈ {0.0,0.1,0.2,0.3,0.4,0.5}. Figure 2 shows the evolution of the
reward, fuel consumption, inspection time, and inspection coverage relative to the illuminated surface points during
training.

The fuel penalty α has a strong influence on the behavior learned by the agent. As expected, smaller values of α

encourage more aggressive inspection strategies, resulting in higher fuel consumption but faster task completion. In
contrast, larger values promote fuel-efficient behavior at the expense of longer inspection times and, in some cases,
incomplete inspections. For large α , the policy tends to increase the coast duration between maneuvers and rely more
heavily on the natural relative dynamics, whereas low-α policies prioritize rapid completion through more frequent
and larger maneuvers. The longer simulated episode durations associated with high-α policies also reduce the number
of training steps that can be completed within the fixed 48-hour training period.
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Fig. 2: Training curves for different values of the fuel penalty α

To further characterize these differences, Figure 3 compares three representative policies, with α = 0, 0.2, and 0.5,
over 1000 randomized environment instances. The unshielded evaluation varies the target spin rate as well as the
orbital orientation, resulting in different illumination conditions across the test cases.

The distributions of successful episodes in Figure 3 clearly illustrate the trade-off induced by the fuel penalty. With no
fuel penalty (α = 0), the policy achieves the shortest mean successful inspection duration of 0.59 orbits, but at the cost
of the highest mean fuel consumption, with a total ∆v of 3.01 m/s. At the other extreme, the policy trained with α = 0.5
reduces the mean ∆v to only 0.29 m/s, while increasing the mean inspection duration to 2.15 orbits. The intermediate
policy with α = 0.2 provides a more balanced solution, completing successful inspections in an average of 0.75 orbits
while consuming a mean ∆v of 0.48 m/s. These results demonstrate that the reward formulation can be tuned to produce
inspection policies corresponding to different operational priorities, ranging from rapid inspection to fuel conservation.
The effect of α , however, extends beyond the trade-off between mission duration and fuel consumption. Allowing
unrestricted fuel expenditure within the available budget does not necessarily improve overall mission performance.
For α = 0, 13.5% of the evaluation cases terminate due to fuel depletion before the inspection is completed. Thus,
although the policy is encouraged to complete the inspection rapidly, excessive maneuvering can exhaust the available
∆v and ultimately prevent mission completion. Conversely, the α = 0.5 policy achieves a higher success rate of 97.2%,
with most failures resulting from reaching the 10-orbit mission time limit. This behavior is consistent with the stronger
fuel penalty, which encourages the policy to rely more heavily on passive relative motion and longer coast intervals.
Among the evaluated policies, α = 0.2 provides the most favorable balance between these competing objectives. In
addition to achieving moderate inspection times and low fuel consumption, it yields the highest success rate of 98.8%.
Of the remaining cases, 1.0% terminate due to fuel depletion and 0.2% due to collision. Although collisions occur
only rarely, even a small collision probability is undesirable for proximity operations and motivates the introduction
of an explicit safety mechanism. The optimization-based safety shield proposed in Reference 9 is therefore applied
in the subsequent analysis to assess whether collision risk can be mitigated without substantially degrading inspection
performance. Based on its overall balance of inspection time, fuel consumption, and success rate, the policy trained
with α = 0.2 is selected for the remainder of the evaluation.
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(b) α = 0.2
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Fig. 3: Benchmark evaluation of policies with different fuel penalties α over 1000 environment instances

Shield

As discussed previously and demonstrated by the collision cases observed in the unshielded evaluation, reward penal-
ties can discourage unsafe behavior but cannot guarantee collision avoidance under varying operating conditions. This
section therefore evaluates the selected policy using the safety shield described in the previous section. The α = 0.2
policy is combined with a shield enforcing a 50 m keep-out radius and a prediction horizon of one orbit. As shown in
Figure 4, no collisions are observed across the 1000 shielded evaluation instances, increasing the overall success rate
from 98.8% to 99.0%. The remaining failures are associated with mission constraints other than collision.
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Fig. 4: Shielded benchmark evaluation of the policy with α = 0.2, a 50 m keep-out radius, and a one-orbit prediction
horizon over 1000 environment instances

For this configuration, the impact of the shield on nominal inspection performance is negligible, which is expected
given the low collision rate of the unshielded policy and the relatively moderate safety constraints. Increasing the
keep-out radius or prediction horizon results in more frequent shield interventions and therefore provides a more
conservative safety configuration. However, these additional interventions can increase computational cost and may
also increase inspection duration and ∆v expenditure. To illustrate this trade-off, a second evaluation is performed using
a more conservative shield with a 100 m keep-out radius and a two-orbit prediction horizon, as shown in Figure 5.
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Fig. 5: Shielded benchmark evaluation of the policy with α = 0.2, a 100 m keep-out radius, and a two-orbits prediction
horizon over 1000 environment instances

With the more conservative shield configuration, the mean ∆v increases to 0.58 m/s and the mean mission duration
increases to 0.8 orbits. This illustrates the trade-off introduced by the shield parameters: more conservative safety con-
straints can provide greater robustness to uncertainty but may require additional maneuvering and longer inspection
times. The shield therefore provides a tunable mechanism for balancing collision avoidance and inspection perfor-
mance without modifying or retraining the underlying RL policy.

3.2 Targets on a general tumble

Following the strong performance observed for stable spinning targets, the analysis is extended to RSOs undergoing
general tumbling motion. In these scenarios, both the initial spin axis and spin rate are randomized, requiring the
policy to accommodate a broader range of target rotational dynamics. The policy is trained using the same procedure
and computational budget as in the stable-spin case, with the target rotational dynamics replaced by randomized
tumble conditions. Based on the trade-offs identified in the previous section, the policy trained with a fuel penalty of
α = 0.2 is selected for the following evaluations. Figure 6 presents the benchmark performance over 1000 randomized
environment instances, varying the RSO orbit, initial spin axis, and spin rate.
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Fig. 6: Benchmark evaluation of the policy with α = 0.2 over 1000 environment instances

The policy maintains strong performance when extended to generally tumbling targets, achieving a 99.7% success rate
with a mean successful inspection duration of 0.87 orbits and a mean total ∆v of 0.60 m/s. Collisions account for only
0.1% of the evaluation cases and can be mitigated using the safety shield demonstrated in the previous section. No
failures due to fuel depletion are observed, while 0.2% of the cases terminate upon reaching the mission time limit.
Interestingly, these timeouts occur primarily at low target spin rates, suggesting that faster target rotation may facilitate
inspection rather than increase its difficulty. Because the benchmark simultaneously varies the orbital and rotational
conditions, the effect of target rotation cannot be isolated from Figure 6 alone. A second benchmark is therefore
performed using a fixed, high-illumination orbit and fixed servicer initial conditions, while randomizing only the
target spin rate and initial spin axis. This isolates the influence of the target rotational dynamics while maintaining a
large number of inspectable surface points. The results over 1000 environment instances are shown in Figure 7.
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Fig. 7: Benchmark evaluation of the policy with α = 0.2 over 1000 fixed-orbit environment instances

A clear dependence on target spin rate emerges from this evaluation. Successful inspections at higher spin rates
are concentrated in the lower-left region of Figure 7, corresponding to shorter inspection durations and lower ∆v
expenditure. In contrast, targets with lower spin rates, particularly below approximately 1.5◦/s, generally require
more time and maneuvering effort to complete the inspection. This behavior suggests that the learned policy exploits
the natural rotational dynamics of the target: as the RSO tumbles, previously inaccessible surface regions rotate into
favorable viewing geometries, allowing the servicer to inspect them without repositioning. At lower spin rates, these
changes in viewing geometry occur more slowly, requiring the servicer to perform additional maneuvers to observe
different regions within the mission time limit.

To further illustrate this learned behavior, Figure 8 presents an example inspection trajectory in both the RSO Hill
frame and body-fixed frame for a randomly tumbling target in the same high-illumination orbit used in the preceding
benchmark. For visualization purposes, the RSO is displayed at 35 times its actual scale to improve the visibility
of the surface inspection points. In this scenario, all surface points become inspectable during the mission. The
policy successfully inspects 90% of the surface within 5865 s while using a total ∆v of 0.6128 m/s. Figure 8(b)
shows the corresponding evolution of inspection progress and ∆v expenditure, with the shaded region indicating the



period spent in eclipse. As expected, no additional surface points are inspected during eclipse because the illumination
constraint cannot be satisfied. The difference between the trajectories expressed in the Hill and body-fixed frames
provides further insight into the learned strategy. The relatively limited motion observed in the Hill frame indicates
that the servicer performs minimal translational repositioning, whereas the body-frame trajectory exhibits substantial
motion around the target as the RSO tumbles. This demonstrates that a significant portion of the changing observation
geometry is generated by the target rotation itself rather than by active servicer maneuvering.
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Fig. 8: Example inspection trajectory for a tumbling target in a high-illumination orbit

The observation that target tumbling can facilitate inspection raises an important question: if the target’s natural
rotation provides much of the required variation in viewing geometry, is an adaptive maneuvering policy necessary,
or can simple heuristics achieve comparable performance? To investigate this question, the RL policies trained with
α = 0, 0.2, and 0.5 are compared against three baseline heuristics, as shown in Figure 9.

The first baseline, referred to as the do-nothing heuristic, performs no maneuvers. Because the servicer is initialized
in a lead-follower configuration within the allowable inspection distance, this strategy relies entirely on the target’s
natural rotation to expose surface regions to the camera. The second baseline, referred to as the Sun heuristic, similarly
maintains the initial configuration until the servicer transitions to the shaded side of the RSO as the orbital geometry
evolves. It then performs a maneuver to reverse the lead -follower configuration, repositioning the servicer on the
Sun-facing side of the target. This procedure is repeated as necessary until the inspection is completed. Finally,
the Sun-side vertical heuristic places the servicer on a bounded relative orbit near the illuminated side of the target,
with an along-track offset biased toward the Sun-facing side and a prescribed out-of-plane oscillation. This produces
repeats variations in viewing geometry while maintaining proximity to the illuminated region, providing a simple
rule-based inspection strategy without explicitly adapting to the target spin or inspection history. Additional heuristic
configurations and initial orbital positions relative to the Sun were also investigated but did not produce significant
improvements. Figure 9 summarizes the performance of the RL policies and the three representative baseline heuristics
over the randomized benchmark cases.
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Fig. 9: Comparison of RL policies and baseline heuristics over 1000 environment instances

As expected, the heuristic strategies generally require less ∆v than the RL policies, with the do-nothing heuristic re-
quiring no active maneuvering. However, this reduction in fuel expenditure comes at the expense of lower success
rates and longer inspection times. The difference is particularly pronounced at low target spin rates, where the perfor-
mance of the heuristics deteriorates substantially. In this regime, relying primarily on target rotation is insufficient to
expose the required surface regions within the mission time limit. The RL policies compensate by increasing both ma-
neuvering effort and inspection duration, allowing them to maintain comparatively high success rates across a broader
range of spin conditions. The heuristic strategies can nevertheless perform well when tailored to a particular orbital
configuration. To illustrate this, Figure 10 repeats the comparison for the fixed high-illumination orbit considered
previously. Under these more specific conditions, the Sun-side vertical heuristic achieves success rates comparable to
the RL policies while requiring less ∆v, although at the expense of longer inspection durations. Its behavior is there-
fore most similar to that of the RL policy trained with the largest fuel penalty. Nevertheless, its performance again
degrades at low target spin rates. This comparison highlights the primary advantage of the RL approach: rather than
being designed for a particular orbital or rotational configuration, the learned policy maintains strong performance
across variations in orbit, illumination, spin rate, and spin-axis orientation.
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Fig. 10: Comparison of RL policies and baseline heuristics over 1000 fixed-orbit environment instances

Finally, the observed degradation in performance at low spin rates motivates a dedicated evaluation of this more
challenging regime. The benchmark of Figure 6 is therefore repeated over 1000 randomized environment instances



while restricting the target spin rate to values below 1.5◦/s. The results are shown in Figure 11.
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Fig. 11: Benchmark evaluation of the policy with α = 0.2 over 1000 environment instances with target spin rates up
to 1.5◦/s

The results confirm that low-spin targets constitute a more challenging inspection regime. Restricting the spin rate to
this range increases the mean successful inspection duration from 0.87 to 1.14 orbits and the mean total ∆v from 0.60 to
0.69 m/s. The success rate decreases from 99.7% to 98.2%, with 0.2% of cases terminating due to collision and 1.6%
reaching the mission time limit. The latter failures are concentrated among very slowly rotating and nadir-pointing tar-
gets, for which the target dynamics provide little or no passive variation in viewing geometry. Despite this degradation,
the policy maintains a high success rate across the low-spin regime, demonstrating robustness to substantial variations
in orbital and rotational conditions. However, the results also indicate a limitation in transferability: a policy trained
predominantly on tumbling targets does not reliably generalize to the limiting nadir-pointing case. This suggests that
the training distribution must adequately represent near-zero spin rates if performance in this regime is required. Con-
versely, the observed performance indicates that policies exposed to the more challenging low-spin conditions can
generalize to faster rotations, where target motion provides additional opportunities for passive inspection.

4. CONCLUSION

This work extends reinforcement learning-based autonomous RSO inspection to targets exhibiting stable spin and gen-
eral tumbling motion. The proposed policies leverage both the relative orbital motion of the servicer and the rotational
dynamics of the target to efficiently inspect illuminated surface regions while balancing inspection time and fuel con-
sumption. The results demonstrate robust performance across variations in orbital geometry, illumination conditions,
spin rate, and spin-axis orientation. In particular, target rotation is shown to facilitate inspection by naturally exposing
different surface regions, reducing the maneuvering required by the servicer. Comparisons with baseline heuristics
highlight the advantage of the learned policies in maintaining high performance across varying mission conditions.
An optimization-based safety shield was also applied to the learned policy, providing collision avoidance guarantees
and enabling robust and safe autonomous inspection.

Future work will extend the framework to larger and geometrically complex targets, such as space stations. This
will require significant modifications to the simulation and training environments, including shape-dependent surface
discretization, explicit spacecraft pointing rather than center pointing, modeling of self-shadowing, and geometry-
dependent keep-out regions. These extensions will enable the application of the proposed approach to autonomous
inspection of more complex space assets.
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