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Abstract—Space robots make decisions under closely linked
limits on motion, power, temperature, computing, and communi-
cation. A maneuver changes both vehicle dynamics and resource
demand; a larger perception model can improve sensing while
increasing processing time and heat. This structured narrative
survey examines those connections through resource manage-
ment, motion control, and task planning. It compares robotic
platforms, onboard computing, thermal prediction and control,
resource scheduling, and autonomy demonstrations, distinguish-
ing component experiments from operational uses. Three findings
guide the analysis. Lower processor power can come with higher
energy per inference when throughput falls. A thermal forecast
is useful for task selection only when its error is considered
alongside the available temperature margin. Slow supervisory
reasoning can help with recurring thermal conditions, but poorly
timed updates can degrade control. Existing mission planners
provide a basis for integrating these capabilities through resource
checks and plan revision. Shared resource balances connect task
choices to electrical loads, heat, and motion limits; an illustrative
capture scenario uses them to compare immediate, reduced-load,
and deferred operation. The review also examines verification,
fallback, and changes to models and agent configurations. The
resulting priorities are to measure costs across the sensing-to-
action chain, test forecasts near operating limits, and match
decision timescales to the physical process being controlled.

Index Terms—Embodied intelligence, space robotics, space-
craft autonomy, thermal control, energy management, onboard
computing, system integration.

I. INTRODUCTION

UTONOMOUS spacecraft must make decisions that their

physical systems can carry out. A collision-free trajectory
can still be unusable because a joint is too cold, the battery
cannot supply the peak load, or attitude control has too little
authority. A more accurate perception model may also take
longer to run and produce more heat. These connections
motivate an embodied view of intelligence: behavior grows
out of the interaction between an agent, its physical body, and
the environment [1], [2].

Recent robot-learning methods connect perception, lan-
guage, and action through shared datasets [3] and vision-
language-action models [4]-[6]. In space, their use depends
on radiation exposure, illumination, maintenance access, com-
munication, and the coupling between robot motion and
spacecraft attitude. These conditions shape both the hardware
design and the tasks that can be completed with the available
resources [7].

This survey uses embodied intelligence for space to de-
scribe autonomous decision-making that uses feedback about
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the environment, the physical platform, and its resources to
select and revise actions. The scope includes orbiting vehicles,
station-supported robots, and planetary surface systems, using
either model-based or learned methods.

A. Embodiment, Autonomy, and Learning

Embodiment concerns how sensing, structure, and dynamics
shape behavior. Autonomy describes which decisions a system
can make without immediate human direction. Learning esti-
mates models or policies from data, while adaptation changes
behavior as conditions change. These properties can appear in
different combinations: conventional controllers use physical
feedback, and a trained neural controller can operate with fixed
parameters throughout a mission.

Spacecraft already coordinate control, power regulation, and
fault protection. Remote Agent combined planning, execution,
and diagnosis [8], with selected functions demonstrated on
Deep Space 1 in 1999 [9]. More recently, the Mars 2020
onboard planner has brought activity scheduling, preheating,
and wake/sleep management into routine rover operations [10].
This heritage provides a practical starting point for assessing
what learning adds to resource-aware autonomy.

The division between ground and onboard decisions follows
the task’s response time. Contact and navigation hazards often
need a local response, whereas longer-term objectives can
be revised during communication windows. Link availability,
light-time, computing capacity, and the consequences of a
delayed decision all influence that division.

B. Scope and Approach

This structured narrative survey is organized around three
questions: how hardware limits enter autonomous decisions,
what thermal and energy models contribute to those deci-
sions, and how integrated behavior has been tested. Cases
are selected for their relevance to these questions and for the
availability of identifiable methods, operating conditions, or
mission records. Component studies, such as image filtering
and thermal prediction, explain the capabilities and costs
available to a larger system. Operational cases show how
decisions are executed, checked, and revised. The selection
includes established planning and control alongside learning-
based methods, and follows directly related studies where later
work changes the evidence.

Research papers supply methods and experimental results;
agency reports and mission records establish implementation
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and operational use; standards describe engineering require-
ments and guidance. Product information is used for device
specifications, while program announcements establish stated
milestones. Comparisons record both the execution location
of a method and the source of its validation data. A model
evaluated on the ground using flight telemetry is therefore dis-
tinct from a controller running onboard. Simulation, laboratory
tests, bounded flight experiments, and sustained mission use
are described in their own terms. Source updates were checked
through October 15, 2026.

Existing reviews cover servicing and manipulation [11],
[12], learning for guidance and control [13], [14], and satellite
autonomy [15]. This paper connects those methods to the
hardware and resource conditions that determine whether an
activity can proceed. In particular, it examines why lower
processor power draw need not mean lower inference energy,
how forecast error changes task acceptance, and why the
timing of supervisory decisions can matter as much as their
content.

C. Organization and Contributions

The paper develops a reference model and example in-
terfaces, compares hardware and resource-management ap-
proaches, and connects their operating limits to verification
and recovery. Section II introduces the functional organization.
Sections III and IV examine hardware, thermal prediction,
and energy management. Sections V and VI connect these
resources to motion and task planning. Section VII uses
resource balances and a capture scenario to show how the in-
terfaces work together. Sections VIII and IX discuss assurance
evidence and priorities for further integration.

II. A REFERENCE MODEL FOR INTEGRATED AUTONOMY

Figure 1 groups operational intelligence into three functions.
Resource management estimates and regulates temperature,
electrical power, and stored energy. Motion control estimates
motion and controls the vehicle and its mechanisms. Task
planning selects activities, schedules them, and monitors their
completion. The shared physical platform includes structures,
mechanisms, sensors, processors, and power and thermal hard-
ware. This organization makes it easier to follow how a task
becomes a feasible physical action.

A. Operation and Development

A planner depends on resource forecasts and motion con-
trollers to carry out an accepted task. These functions can share
a computer or be distributed across devices. Their update rates
follow the physics: electrical protection can respond rapidly,
motion control tracks vehicle dynamics, and thermal forecasts
support decisions over longer horizons.

Design and verification support all parts of the system.
Thermal models help size radiators and place components;
simulation supports controller development; hardware tests
reveal model errors and operating limits. Training a policy
belongs to this development process, while evaluating the
policy to drive an actuator belongs to operation. Test results

and returned telemetry improve later models and software
releases. Changes made during operation need additional con-
trols, discussed in Section VIII.

B. Interfaces and Command Authority

An interface carries a value together with its units, times-
tamp, validity period, and uncertainty. For resource manage-
ment, two messages are especially useful: the power that can
be supplied now and the energy available over the planned
activity. Temperature forecasts add the time for which a work-
load can continue before a limit is reached. Their uncertainty
determines how much margin is needed before accepting that
workload, as discussed in Section VII. Table I shows how
these messages inform requests and responses.

Command authority matters when constraints conflict. Mo-
tion control enforces collision and actuator limits; electrical
and thermal protection preserve essential functions. The plan-
ner selects among activities that fit those limits. During a close
approach, for example, navigation and controlled retreat may
need to continue while optional image processing stops. The
same resource shortage can therefore lead to different actions
at different stages of a task.

Hardware and software are designed together. Physical lim-
its constrain the available actions, while the intended workload
determines processor capacity, actuator authority, and thermal
design. The reference model exposes those shared assump-
tions; Sections VII and VIII show how they enter resource
checks and verification.

III. HARDWARE FOR SPACE OPERATIONS

Hardware determines what a space robot can sense, com-
pute, and do, and how long it can keep working. An arm inside
a pressurized station, an orbital servicer, and a lunar rover face
different environments and operating demands. This section
connects those demands to morphology, sensing, actuation,
computing, and energy storage, with particular attention to the
costs that influence onboard decisions.

A. The Space Environment as a Design Driver

Environmental requirements follow from the orbit or land-
ing site, mission duration, operating modes, shielding, and
acceptable risk. ECSS-E-ST-10-04 provides a framework for
specifying these conditions [16]. Table II summarizes the main
environmental distinctions.

Radiation affects electronics through total ionizing dose
(TID), displacement damage, and single-event effects (SEE).
Exposure depends on the orbit, shielding, and mission dura-
tion, while component technology determines how that expo-
sure affects operation [17]. Comparing low Earth orbit (LEO)
with geostationary orbit (GEO) therefore requires a mission-
specific radiation model. Solar cells, detectors, memories, and
power devices also respond differently, leading to different
tests and protection measures.

External vacuum removes convective heat transfer to the
surroundings. Heat moves through solid conduction, radiation,
and internal fluid transport; forced convection is also available
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Fig. 1.

Functional organization of embodied space autonomy. The three operational functions exchange task requests, resource forecasts, and execution

feedback. The physical platform supplies sensing and actuation; design and verification use test and mission data to improve the models and software.

TABLE 1
EXAMPLE EXCHANGES BETWEEN OPERATIONAL FUNCTIONS. LIMITS AND UPDATE PERIODS FOLLOW THE MISSION DYNAMICS AND HARDWARE.

Sender — receiver Message

Receiver action

Response to a problem

Planner — resource
manager

Proposed activity, duration, timing
options, sensor and compute demand

Resource manager —
planner

Stored energy (J), available power (W),
temperatures (K), forecast validity and
uncertainty

Target state or trajectory, deadline,
resource budget, permitted alternatives
Tracking state, torque (N m), wheel
momentum (N ms), contact state,

Planner — motion
controller

Motion controller —
planner and resource

manager revised load estimate
Sensors — estimators and Time-stamped motion, temperature,
protection current, voltage, and health

measurements

Forecast loads and
temperatures; return a feasible
time window and budget
Admit, defer, or reschedule
activities

Check and execute the feasible
motion

Update task status and resource
forecasts

Update state estimates and
enforce local limits

Reject or suggest a shorter or
later activity

Preserve recovery reserves and
request a revised plan

Refuse an infeasible request;
return the limiting condition
Adjust timing or request an

approved hold or retreat

Isolate inconsistent data; trigger
the appropriate fallback

inside pressurized compartments [18], [19]. Illumination cy-
cles change the thermal boundary conditions, while mounting,
insulation, dissipation, and thermal inertia shape equipment
temperatures. On the Moon, the sunrise-to-sunrise period is
about 708.7 hours. At low latitudes, daylight and darkness
each last roughly half that period, with local terrain and polar
illumination changing the exposure [20]. Activity schedules
consequently depend on the energy and heater capacity avail-
able through the dark period.

Vacuum compatibility begins with material screening.

ECSS-Q-ST-70-02C specifies recovered mass loss (RML) be-
low 1.0% and collected volatile condensable material (CVCM)
below 0.10% as minimum screening criteria, with stricter
limits possible near sensitive surfaces [21]. RML excludes
reabsorbed water, which distinguishes it from total mass
loss. The choice of adhesives, lubricants, and flexible sensors
also depends on their installed configuration and operating
conditions.
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TABLE I

MISSION ENVIRONMENTS AND THEIR IMPLICATIONS FOR EMBODIED OPERATION

Mission setting

Main environmental drivers

Information needed for design

Consequence for autonomy

Exposed LEO
systems

GEO systems

Lunar surface

Interplanetary
missions

Pressurized
interiors

Orbit-dependent radiation, illumination
and eclipse, atomic oxygen, and
debris [16].

Energetic electrons, surface and internal

charging, seasonal eclipses, and
radiation exposure [16].

Long illumination and darkness
intervals, vacuum, radiation, dust, and
terrain-dependent shadow [20], [22].
Solar flux varies with distance; solar
particles, cosmic rays, and planetary
radiation belts vary along the
trajectory [16].

Controlled atmosphere and ventilation,
crew interaction, enclosed geometry,
and station safety requirements [23].

Altitude, inclination, mission life,
shielding, attitude, surface materials,
and thermal interfaces.

Dose and charging analysis for the
actual geometry, shielding, and
mission duration.

Landing-site illumination, component
survival limits, dust exposure, and
energy storage.

Trajectory, planetary encounters,
communication schedule, shielding,
and thermal operating modes.

Cabin airflow, contact hazards,
permitted workspaces, charging
facilities, and access for maintenance.

Plan within changing power and
temperature limits; detect sensor
or processor faults.

Include recovery after electrical
faults and loss of sensing; protect
energy reserves during eclipses.
Coordinate travel, observation,
heating, and sleep; preserve a
feasible survival plan.

Handle long periods without
ground intervention while
respecting local hardware limits.

Use collision avoidance and
bounded contact forces; account
for people and available

supervision.

B. Morphology and Operational Context

Morphology can be described through three practical ques-
tions: how the base moves, how the robot contacts its surround-
ings, and where it operates. ETS-VII illustrates the dynamic
coupling between a spacecraft and its mounted arm [24], while
GITAI S1 demonstrates dexterous manipulation inside a pres-
surized airlock [25]. Humanoid shape, dual-arm geometry, and
modularity add further design choices within these operating
arrangements.

Table III groups representative systems by their main control
constraints. Station-mounted arms transfer reaction loads into
a large supporting structure. Spacecraft-mounted arms move a
smaller carrier and use its available attitude authority. Surface
robots depend on traction and terrain contact, while relocatable
arms change support points and verify each new attachment.
These differences shape the state estimates, training dynamics,
and motion limits used by a controller.

The progression from GITAI S1’s internal assembly and
panel operations in 2021 to S2’s external assembly and
manipulation in 2024 illustrates how changing the operating
environment changes the demands on a robot [25], [26].
Each demonstration establishes experience with a particular
configuration and task; the algorithms and interfaces used in a
new task determine how much of that experience carries over.

C. Actuation and Mechanisms

Actuation exposes physical limits directly to control: avail-
able torque or thrust, speed, temperature-dependent duty cy-
cles, backlash, friction, and accumulated use. Space manip-
ulators combine geared joints, end effectors, and compliant
control in different ways [11]. Force/torque feedback helps
regulate contact, while grasp stability also depends on geom-
etry, friction, and the motion of both bodies.

Lubrication, wear, and heat transfer determine how these
capabilities change over a mechanism’s life. A one-shot release
device and a repeatedly used joint have different operating

profiles and qualification needs [39]. For learned control,
measured friction, saturation, and actuator response provide
the link between simulation and hardware. LeLaR, for exam-
ple, brings a learned attitude controller into operation with
real reaction-wheel dynamics [40]. At the hardware interface,
speed, current, and temperature limits define the available
control authority.

D. Embodied Sensing

Sensors describe motion, surroundings, and internal condi-
tion. Encoders and inertial sensors support motion estimation;
cameras, lidar, and radar support navigation and inspection;
temperature, current, voltage, and strain measurements reveal
equipment condition. Bringing these measurements together
lets a planner relate an action to both its physical outcome
and its resource cost.

Calibration and sensing conditions matter alongside per-
ception accuracy. The Mars 2020 arm’s six-axis force/torque
sensor uses temperature compensation to interpret contact
loads [36]. Event cameras instead offer asynchronous measure-
ments of brightness changes, useful under rapid motion and
strong contrast [41], [42]. Rathinam et al. combine synthetic
event-camera data with physical Akida V1 hardware and an
Akida V2 cloud simulation for spacecraft pose estimation [43].
The benchmark uses ground-truth bounding boxes to crop the
network inputs; a Perspective-n-Point (PnP) solver then recov-
ers pose from the predicted keypoints. V1 quantization reduces
pose accuracy, while the different V2 network improves it.
Table IV compares V1’s power and throughput with a Jetson
baseline.

E. Onboard Computing and Fault Tolerance

The useful computing capacity of a spacecraft is the work
it can finish, check, and sustain within its power and thermal
limits. Radiation-hardened processors such as GR740 support



ASTROUP LAB, TECHNICAL SURVEY, 2026

TABLE III

REPRESENTATIVE EMBODIMENTS: DEMONSTRATED CONTEXT AND CONTROL CONSTRAINTS

Operating
arrangement

Representative systems

Demonstrated context

Main control constraint

Station-mounted
manipulation

Spacecraft-mounted
manipulation

Intravehicular free
flight

Canadarm?2, Dextre, and China’s
space-station arms [27]-[29].

ETS-VII and Orbital
Express [24], [30].

Astrobee [23], [31].

Manipulation on operational stations;
selected arms can relocate between
attachment points.

Orbital demonstrations of robotic
operations and servicing.

Free flight and robotic activities inside
the ISS; three robots arrived in 2019.

Structural flexibility, contact loads,
work envelopes, and coordination
with the station.

Coupled base—arm dynamics, target
motion, capture transients, and
attitude-control authority.

Air-driven propulsion, localization in
a changing cabin, collision

Robonaut 2 and GITAI S1;
external GITAI S2 [25], [26],

Mounted dexterous
manipulation

Perseverance rover and its
sampling arm [34]-[36].

Surface mobility
and sampling
sensing.

Relocatable and MARM and
manufacturing OSAM-2/Archinaut [37], [38].
prototypes

Robonaut 2 arrived at the ISS in
2011 [33]; S1 and S2 demonstrated
[32]. specified tasks in 2021 and 2024.

Mars surface driving, sample
acquisition, and calibrated force/torque

MARM: ground prototype. OSAM-2:
ground demonstrations; project
concluded in 2023 before flight.

avoidance, and docking.
End-effector compatibility and force
limits; internal and external
environments require different
verification.

Terrain contact, wheel slip, arm
loads, sensing uncertainty, and daily
resource limits.

Reliable attachment, interface
alignment, changing geometry, and
verification of assembly steps.

general-purpose onboard software [44]. Commercial accelera-
tors support more demanding workloads, as demonstrated by
Myriad 2 cloud detection aboard ®-sat-1 [45], [46]. Radiation-
tolerant adaptive devices such as the Versal XQR family
combine processors, programmable logic, and acceleration
engines [47]. These options suit different combinations of real-
time control, image processing, and planning.

Table IV compares four implemented configurations using
the tasks and conditions reported in each study. The clearest
flight pattern is to give a specialized processor a bounded
workload and integrate its output through a host computer. On
d-sat-1, image preprocessing and latch-up protection support
the Myriad inference engine; memory and power budgets led
the cloud model to use three selected spectral bands [45]. The
value of the accelerator thus comes from the complete sensing
and data-handling chain.

The Perseverance case makes the scheduling consequences
particularly clear. Its Snapdragon 801 resides in the Inge-
nuity Helicopter Base Station and exchanges data with the
RAD750 over a slow serial link. Transfer can overlap other
rover activities, while processor throttling keeps operation
below a 90°C limit. After memory faults appeared in flight,
the implementation added memory screening and avoided
weak locations; repeated localization and host-side integrity
and consistency checks govern acceptance of a result [48].
Scheduling this workload therefore means reserving time for
transfer, computation, checking, and recovery, as well as
providing enough thermal headroom.

Neuromorphic computing illustrates a different exchange.
The Loihi 2 radio-resource benchmark saves energy at the cost
of longer measured solution time, and remote access affects
that timing [49]. For Akida V1 and Jetson, dividing reported
average dynamic power by network throughput gives about
54.6 and 7.59 ml] per inference, respectively [43]. Akida’s

value is about 7.2 times higher in this configuration: lower
power does not translate into lower energy per inference. This
calculation covers the reported network benchmark. Compar-
ing complete sensing chains or operation at the same target
frame rate would also require preprocessing, PnP, host, and
idle-state costs. Processor selection therefore depends on the
required accuracy, update rate, and operating schedule as well
as power.

Fault protection also operates at several levels. Component
selection and shielding address cumulative exposure, while
error-correcting codes, redundancy, memory or configuration
scrubbing, and restart mechanisms address recoverable up-
sets [17], [50]. Current limiting and power removal protect
against latch-up. Software checks then help detect corrupted
calculations and recover useful service. Together, these mea-
sures determine how much reliable computation is available
to resource management (Section IV).

F. Energy Hardware

Solar arrays, batteries, power conversion, and radioisotope
sources set the energy available to a robot [51]. Generation
changes with illumination and orientation; usable storage
changes with temperature, state of charge, and age. Radioiso-
tope heaters supply heat, while radioisotope power systems
convert part of that heat to electricity. These choices set the
duration of useful activity and the reserves needed during
darkness or faults.

These hardware limits set the power envelope and reserves
used by resource management in Section IV.

G. Hardware—Algorithm Co-Design

Hardware—algorithm co-design chooses the body and con-
troller together. Body properties can simplify sensing and
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TABLE IV
COMPUTING CONFIGURATIONS: DEMONSTRATED WORKLOADS AND PRACTICAL TRADE-OFFS

Configuration and task Evaluation setting Reported result

Main integration cost or trade-off

Model benchmarks
and in-orbit image
processing.

Myriad 2 / ®-sat-1:
cloud screening [45]

Snapdragon 801 +
RAD750: global
localization [48]

Perseverance flight
demonstrations on
Mars.

checks.
Ground benchmark
through Intel’s
research cloud;
VCKS5000 reference.
Synthetic SPADES
data; quantized Akida

Loihi 2: radio-resource
management [49]

measured time.
Akida V1: keypoint
inference for pose

estimation [43] V1 versus frames/s; reported dynamic power is
floating-point Jetson 0.928 versus 2.650 W.
Orin Nano.

About 102 ms per inference using
eight vector processors; flight images
supported cloud-screening evaluation.

In the sol 1762 demonstration, position
uncertainty fell from 8.4 to 1.5 m;
RAD750 accepted the result after host

Reference/Loihi energy ratio above
102, with reference/Loihi solution-time
ratio below 1: lower energy and longer

On cropped 2D-histogram inputs,
network throughput is 17 versus 349

Image preprocessing, host communication,
and electrical protection remain part of the
payload; memory and power limit the input
bands.

About 30 min of data transfer at 10 KB/s,
partly overlapped with other work; thermal
throttling, memory checks, and repeated
computation.

Input encoding, batch size, cloud interface,
and shared access affect the measured
timing.

V1 quantization reduces pose accuracy;
host interfacing limits throughput. At these
rates, lower power comes with higher
dynamic energy per network inference.

control [1]; in space, they also shape capture loads, recovery
options, heat rejection, and the energy needed for each task.
Examples include trading sensor placement against perception
accuracy, manipulator compliance against contact force, and
processor throughput against cooling demand.

MARM provides a concrete example: candidate limb de-
signs are evaluated with motion planning, trajectory optimiza-
tion, and constrained inverse dynamics, followed by prelimi-
nary laboratory validation [37]. The resulting design is judged
by the motions it can execute under physical constraints.
For learning-based co-design, a fixed-hardware baseline and
common task and fault cases provide a useful comparison.
Standard attachment, power, and data interfaces make recon-
figuration easier, while design and verification connect model
predictions to measured operating limits.

IV. THERMAL CONTROL AND ENERGY MANAGEMENT

Resource management keeps the spacecraft within its tem-
perature, power, and energy limits while supporting mission
tasks. It combines thermal hardware, state estimation, load
scheduling, and independent protection. Fig. 2 shows how
these functions work together: forecasts guide the schedule,
while fast protection responds directly to unsafe conditions.
Learning can improve the forecasts or the choice of operating
mode; the installed hardware determines the available heating,
cooling, and storage capacity.

A. Where Learning Helps

Spacecraft already manage heat and power through hot/cold-
case analysis, operating envelopes, thermostats, and load
scheduling [19], [52]. Autonomous operation adds more
combinations of perception, communication, maneuvers, and
mechanism heating. Better prediction can help use the result-
ing gaps in a schedule or avoid an expensive peak load. Fixed
power caps and duty cycles remain practical choices when
demand is predictable and margins are generous. An adaptive

method earns its place by improving temperature forecasts,
completed work, or resource use under the same operating
limits.

Its role also determines how it is evaluated. A design
surrogate speeds up preflight analysis. A ground model helps
operators choose a plan. An onboard scheduler adjusts tasks
during flight, where computation time, command feasibility,
and recovery from errors become part of its performance.
These uses share models and data, but place different demands
on the software.

B. Hardware and Environmental Constraints

Coatings, multilayer insulation, radiators, conductive paths,
and ordinary heat pipes set the heat-flow network. Heaters,
pumps, and motor-driven mechanisms provide commanded
inputs. Some louvers respond passively to temperature [18].
Variable-conductance heat pipes can regulate heat flow pas-
sively or use reservoir heaters, depending on the design [19],
[53]. Software authority therefore depends on the devices
actually installed. Surface absorptance, emittance, and their
degradation remain important inputs to both physical and
learned models [54].

Absorbed sunlight, albedo, planetary infrared radiation, self-
shadowing, and radiative view factors vary with orbit and
configuration. Thermal inertia determines how quickly the
hardware responds. Moving an external arm can change its
solar exposure and its conductive path to the bus. A useful
operating plan accounts for this history as well as the temper-
ature at the start of a task.

C. Thermal Surrogates: Methods and Uses

Table V compares three research lines. Tanaka and Nagai
use proper orthogonal decomposition (POD) with physics-
informed learning for steady-state temperature fields [55].
Yamashita et al. add recurrent networks to represent transient
behavior [56]. Jang et al. progress from a reduced model
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Fig. 2. Thermal and electrical resource management. Forecasts support task and load scheduling. A separate protection path uses measurements directly and

can select an approved safe command without waiting for the scheduler.

checked against thermal-vacuum measurements to a ground
prediction model refined with actual orbital temperatures [57],
[58]. Together, these studies address design sweeps, temper-
ature histories, and correction of simulation-to-flight differ-
ences.

The choice follows the question being asked. A steady-
state surrogate is useful for scanning heat loads or design
parameters. A recurrent model is more suitable when the
timing of loads and thermal inertia matter. Transfer learning is
useful when telemetry reveals a persistent difference between
simulation and flight. In the Jang work, active learning selects
informative simulation cases, while transfer learning adapts
the model to orbital measurements [58].

For engineering use, an error in kelvin is easiest to in-
terpret alongside the component’s available temperature mar-
gin. A field-wide L, error summarizes reconstruction quality,
whereas the largest local error and the timing of a temperature
peak matter when choosing a load schedule. Likewise, training
cost describes model preparation and prediction cost describes
repeated use. Comparisons need the same forecast interval,
output locations, and computing platform. Method choice
therefore rests on the prediction task and available data, with
timing and local error checked for the intended application.

D. From Forecasts to Thermal Control

Model predictive control (MPC) uses a forecast to schedule
heating and loads over a future interval. A learned component
can improve the thermal model, estimate uncertain parameters,
or help select a policy [59]. Mechanism preheating before a
planned operation and deferring optional processing during
a hot period are natural applications. The scheduler operates
within the heat-rejection capacity of the installed radiators and
the commands available to it.

Direct payload experiments show how learning can control
the heat generated by computation. Mousist’s ground study
uses Soft Actor-Critic (SAC) on a 16-core ARM board to
choose the number of active cores and their frequency, with
temperature margin and rate of change as feedback [60].
The follow-up ASTREA study reports experiments on an
external ISS payload in September 2025 [61]. Its RL controller
manages 15 loaded cores, while a quantized language model
asynchronously adjusts SAC’s entropy coefficient. The re-
ported outcome depends strongly on the supervisory timescale:
a 15-minute analysis window produces more temperature-limit
violations, shorter episodes, and lower CPU utilization than the
RL-only baseline. A 90-minute window aligned with the orbit
improves all three measures. These are controlled computing-
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TABLE V
SPACECRAFT THERMAL SURROGATES: PREDICTION TASKS AND PRACTICAL USES

Study and method Prediction task and data

Reported comparison

Use supported by the study

Tanaka and Steady-state fields for two
Nagai [55]; POD thermal mathematical models;
with varied heat inputs and training
physics-informed data

learning

Yamashita et
al. [56]; POD with
recurrent networks

Full-system transient

temperature histories from

thermal-analysis sequences
analysis.

Jang et al. [57],
[58]; PCA and
neural networks,
followed by active
and transfer learning

2024: simulations varying 20
thermal design parameters,
checked against hot/cold
thermal-vacuum tests. 2025:
simulation training plus orbital
temperature data.

Full-model temperatures are the reference.
Total training cost falls by 26-81% relative
to data-driven learning in the reported cases.

Reported average temperature error: 1.53 K.
Prediction cost: 0.23% of the reference
thermal mathematical model (TMM)

2024 uses Lo-norm errors for

reduced-model assessment and measured
device temperatures for comparison. The
2025 model refines temperature histories
with flight data; predictions take seconds.

Repeated steady-state design
cases when a heat-balance
model is available.

Fast temperature-history
prediction across the studied
analysis cases.

Ground design and operational
temperature prediction,
including correction toward
measured flight behavior.

POD and principal component analysis (PCA) reduce the temperature field to a small set of modes. The reported training cost, prediction cost, and
temperature errors measure different quantities. These studies evaluate temperature prediction; the Jang flight-data model runs as a ground prediction tool.

load experiments; Thales Alenia Space also lists the in-orbit
thermal-management experiment in its IMAGIN-e operational
record [62]. The contrast between the two windows shows why
a supervisor’s information window and response delay must
fit the thermal process it influences.

Attitude-based thermal management has a long history:
Apollo used slow spacecraft rotation for passive thermal
control [63]. Modern planning can coordinate orientation with
joint motion and electrical loads. An orientation that reduces
absorbed heat may compete with antenna pointing, solar-
array illumination, collision avoidance, or camera visibility.
Reorientation also uses wheel or thruster resources. Resource
management therefore requests an orientation through motion
control, which checks its feasibility with the rest of the
maneuver.

E. Energy-Aware Scheduling and Computing

Energy estimates connect the physical power system to the
task schedule. State of charge describes stored charge relative
to capacity; state of health (SoH) describes degradation; re-
maining useful life forecasts future aging under assumed use.
Battery temperature and discharge rate affect both available en-
ergy and allowable current. Coulomb counting and equivalent-
circuit estimation provide established baselines [51], while
Gaussian-process prognostics add uncertainty estimates to
degradation forecasts [64]. The planner needs a usable power
limit and energy reserve, together with the conditions over
which they apply. Telemetry anomaly detection can support
this process by directing attention to unusual behavior [65],
[66].

Several spacecraft studies already connect resource models
to scheduling. Doff-Sotta et al. formulate a convex MPC
problem that allocates power to secondary tasks while meeting
thermal and propulsion demand, using a simulation case based
on Eutelsat 172B [67]. The motion is prescribed, which
makes the resource allocation easier to solve. GomX-3 uses

a different route: a ground scheduler generates plans with a
simple battery model, then checks depletion risk using a more
detailed stochastic model before upload [68]. M2020 brings
activity and heating schedules onboard [10], as discussed in
Section VI. Table VI compares their decisions and operating
settings.

Task granularity, available computing time, and feedback
frequency determine which scheduling method fits. A plan
with fixed trajectories can use detailed power forecasts; a
contact task needs to revise them as motion and perception
change. Computing is part of that load. Workload admission,
processor selection, clock control, and task timing can reduce
peaks or move processing to cooler periods [7], [69]. The
relevant measurements are energy per completed operation,
execution time, peak current, and component temperature,
including memory and conversion losses.

E Survival and Onboard Use

Lunar-night operation makes the link between hardware and
scheduling clear. CNSA reports that the Chang’e-4 lander and
Yutu-2 rover survived their first lunar night using radioiso-
tope heat sources and autonomous wake-up as illumination
returned [70]. Hibernation conserved resources while the ther-
mal hardware supported survival. A good autonomous plan
includes such low-activity modes as well as productive ones.

Thermal surrogates, resource schedulers, and learned pay-
load controllers now address different parts of this oper-
ating problem. The ground and ISS experiments establish
direct learning-based control of computing loads, while rover
scheduling shows how heating can support daily activities. The
next step is to connect these capabilities: a processor controller
should know which jobs can pause and which must continue,
and a task planner should receive revised duration and energy
estimates when computing is throttled. That connection lets
thermal control preserve useful work as well as temperature
margin.
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TABLE VI
RESOURCE SCHEDULING: DECISIONS, EXECUTION, AND METHOD SELECTION

Method Decisions and resource model

Execution and feedback

Suitable use and main tradeoff

Doft-Sotta et
al. [67]; convex
MPC

Power allocation and heating with
battery, thermal, and propulsion
models; prescribed motion

GomX-3 [68]; timed
automata and battery

Payload activity schedule; linear
battery model for planning and

validation stochastic kinetic model for risk
evaluation planning.
M2020 [10]; Activity placement with
priority-based preheating, maintenance heating,
scheduling and wake/sleep constraints

Numerical study based on Eutelsat
172B. Receding-horizon updates address
model mismatch.

Plans generated on the ground and
executed in orbit. Current and voltage
measurements inform subsequent

In onboard operation since October
2023. Replanning responds to earlier or
later activity completion.

Continuous allocation with
known motion; jointly choosing
trajectories changes the
optimization structure.

Discrete payload plans prepared
ahead of execution; richer battery
checks add validation cost.

Rapid feasible schedules with
ground-tuned priorities; placed
mission activities are retained
during each scheduling pass.

V. MOTION INTELLIGENCE AND ITS INTERFACES

Guidance, navigation, and control (GNC) connect a task
request to physical motion. Navigation estimates the vehicle
or target state; guidance specifies a feasible motion; control
generates actuator commands. Fault detection, isolation, and
recovery (FDIR) supports these functions and also spans
power, thermal, computing, and communication subsystems.
Learning can contribute to each stage, with different demands
on accuracy, response time, and recovery [13], [14].

A. Learning in Navigation and Control

Neural pose estimators infer a target spacecraft’s relative
position and attitude from images [71]. Their errors depend
on illumination, target appearance, and the difference between
training images and deployment conditions. SPEED+ exam-
ines this transfer by combining synthetic training imagery with
images of a physical mockup under controlled lighting [72].
For the navigation loop, the next step is to assess how esti-
mation errors affect the commanded motion. Occasional large
errors and delayed estimates can matter more than average
image-level accuracy.

Reinforcement learning has also been studied for proximity
guidance. Hovell and Ulrich train a policy to generate velocity
commands for a conventional tracking controller, then evaluate
it in simulation and ground experiments [73]. This division lets
learning select the motion while the tracking controller handles
execution. A flight implementation also needs to account for
keep-out regions, fuel, actuator limits, and navigation errors.
Learning-based model predictive control offers another route:
a learned dynamics or disturbance model improves predictions
while a constrained optimizer selects the action [59]. Its
practical value depends on both prediction accuracy and the
time available to solve the control problem.

LeLaR demonstrated learned inertial pointing on InnoCube,
with reported steady-state attitude errors below 1° on each
axis [40]. Network inference took about 38 ms within a 1 Hz
control loop. Experiments were limited to 15 min for power
and safety reasons. An independent Safety Cage monitored
motion and actuator limits; its fallback was configured to
disable control and later stop the reaction wheels. That choice

relied on InnoCube remaining power-positive while tumbling,
with solar panels on its long sides. The reported flights com-
pleted pointing maneuvers without triggering this protection.
In this case, inference fitted the control deadline, while power
balance set the experiment duration and recovery mode.

APIARY tested a learned six-degree-of-freedom controller
on Astrobee inside the ISS in May 2025 [74]. About seven
minutes covered eight maneuvers, including two redocking
attempts. The first exceeded a position-error threshold, trig-
gering a return to the baseline controller to hold position; an
operator initiated the successful second attempt. The learned
controller completed basic maneuvers, although tracking in the
illustrated undocking maneuver was poorer than the study’s
ideal simulated baseline. The main result was successful
integration with existing flight software and recovery behavior
within Astrobee’s spare computing capacity; improving track-
ing remained a further step.

Telemetry-based anomaly detection contributes at a different
point in the loop. Hundman et al. evaluate a learned detector
on spacecraft telemetry [65]. Such a detector can flag unusual
behavior for diagnosis. Selecting a recovery action then re-
quires the subsystem state, the likely cause, and a set of tested
responses.

B. From a Task Request to an Executable Motion

A motion interface accepts a target state or trajectory to-
gether with timing and resource limits. It returns the achieved
state, tracking error, estimated uncertainty, and whether the
request remains feasible. For manipulation, it also needs the
base-motion assumptions, permissible contact loads, and stop-
ping or retreat conditions. Free-floating and station-attached
arms require different models even when their joint arrange-
ments look similar [24], [75].

Resource effects belong in this exchange. A longer slew may
reduce peak torque but change the illumination history; an arm
motion can increase both electrical load and attitude-control
demand. The planner needs these forecasts before accepting
a task. During execution, motion control checks incoming
commands and reports changes that require a new plan.
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High-level decisions therefore reach the actuators through the
mission’s tested motion interface.

Evaluation should combine task success with tracking er-
ror, constraint violations, latency, actuator saturation, and
energy use. Comparing a learned method with its conventional
baseline under the same sensing, actuation, and disturbance
conditions makes the tradeoffs visible: better accuracy may
require more computation, and lower energy use may come
with slower motion.

VI. TASK PLANNING AND OPERATIONAL AUTONOMY

Task planning turns mission goals into activities, follows
their execution, and revises the schedule when conditions
change. Resource allocation and recovery are central to this
process. Remote Agent demonstrated goal-based planning and
fault handling for selected Deep Space 1 subsystems [8],
[9]; rover autonomy provides further examples of onboard
decisions under ground supervision [34]. This heritage offers
a useful starting point for connecting newer learning methods
to spacecraft operations.

A. Planning with Resource Constraints

The Autonomous Sciencecraft Experiment on Earth Ob-
serving 1 combined science-data analysis, CASPER plan-
ning, and the Spacecraft Command Language execution sys-
tem [76]. CASPER repaired plans as goals and conditions
changed, checking power, storage, timing, and other spacecraft
constraints. Before issuing commands, the execution system
checked available power and battery energy again. Computing
capacity also shaped the design: about 4 of the processor’s
8 million instructions per second were available to the auton-
omy software. Hierarchical planning and incremental updates
kept the workload manageable. This is a concrete example
of resource-aware decisions running within a small onboard
computing budget.

Perseverance’s onboard scheduler, used for primary oper-
ations since October 2023, extends this approach to daily
rover activities [10]. It places activities in priority order
while accounting for preheating, maintenance heating, and
wake/sleep periods. Apart from those supporting activities,
an activity’s placement is retained during a scheduling pass.
The ground Copilot system uses Monte Carlo analysis to tune
priorities and other parameters before uplink. This division
combines a compact onboard scheduler with more extensive
ground analysis and lets the rover adjust to activities finishing
earlier or later than expected.

Each method fits a different kind of planning problem.
CASPER repairs an existing plan when changed conditions
make it inconsistent, while M2020’s priority-based insertion
produces a feasible schedule with limited onboard search.
Language and visual models can propose activities from in-
structions or new observations; a planner or scheduler can then
check their resource demands and timing before execution.
The choice depends on whether the task needs plan repair,
rapid scheduling, or interpretation of unfamiliar inputs. Com-
parisons should measure completed science, resource margins,
replanning time, and operator workload.
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B. Foundation Models and Skill-Based Execution

Language and vision-language models produce different
kinds of outputs. In terrestrial robotics, SayCan selects ex-
ecutable skills by combining language-based task relevance
with estimates of what each skill can achieve [77]. RT-2 and
OpenVLA map visual and language inputs to robot actions [4],
[5]. These outputs need different interfaces: skill selection
requires an execution routine, while action outputs need checks
at the command interface.

SpaceMind uses “skills” as natural-language knowledge
modules assembled into the model prompt; its actions are
tool calls for operations such as positioning or camera ad-
justment [78]. It evaluates this architecture in UES simula-
tion and on a Mecanum-wheeled myAGV Pro moving in a
three-degree-of-freedom plane, using Qwen3-VL-235B-A22B
throughout. The results show reuse of visual decision-making
and tool interfaces across the two environments. The UES5
simulation excludes orbital dynamics, and the tests do not
measure processor load, power demand, or inference latency
on a spacecraft computer. Its experience-based updates change
prompt knowledge while keeping model weights fixed, making
those knowledge modules part of the configuration managed
in Section VIII.

A mission design should therefore specify where the model
runs and how long each decision may take. A ground-based
model can prepare plans for uplink when communications
permit. An onboard model can select among tested skills at a
slower rate than motion control, with a fixed response deadline.
If that deadline is missed, the execution system continues
the current permitted step or enters a defined hold state. The
choice depends on the task and available resources.

Each executable skill needs clear preconditions, expected
effects, resource demand, and stopping conditions. A capture
skill, for example, requires adequate navigation confidence,
acceptable relative motion, sufficient control authority, and
enough thermal—-energy margin to complete or retreat. Motion
control and resource management provide these conditions;
task planning selects among the feasible alternatives.

C. Feedback, Ground Support, and Recovery

Sensor feedback must distinguish success, partial comple-
tion, and failure. The planner can then retry a permitted
step, choose another skill, or request operator assistance.
Retry limits matter because repeated attempts consume energy,
mechanism life, and communication opportunities. APIARY’s
operator-initiated second docking attempt illustrates how au-
tomatic recovery and human decisions can work together [74].

Ground teams set goals and inspect unusual results when the
communication schedule permits, while local software handles
events that need an immediate response. The allocation follows
the task’s timing, computing resources, and consequences of
failure. For example, optional image analysis can wait during
a thermal excursion, whereas contact motion may depend on
uninterrupted pose estimation. Encoding these dependencies
in mission rules and skill definitions connects planning to the
resource constraints in Section VII and the recovery tests in
Section VIIIL.
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VII. CROSS-DOMAIN COUPLING

Physical action, computing, and resource use are closely
linked. Arm motion changes base motion [75], [79], [80], elec-
trical loads produce heat, and communication gaps determine
how long a spacecraft acts on its own. Task planning brings
these relationships together because a robot’s next action
changes both its workload and its physical state. Fig. 3 shows
the information exchanged between task planning, resource
management, and motion control.

A. Couplings That Change a Task Decision

Energy, temperature, and computing: processing draws elec-
trical power and releases heat. Battery limits constrain short
bursts, while thermal storage and heat rejection constrain
their duration and repetition. Eclipse and orientation change
generation and thermal conditions. Temperature in turn affects
battery power limits and solar-cell output [19], [51], [69]. A
useful schedule tracks this history across successive tasks.

Manipulation and attitude: arm trajectories exchange mo-
mentum with a free-floating base, and capture changes the
combined inertia [75], [79]. Coupled-dynamics control pro-
vides the motion model. Task planning chooses when to move,
which configuration to use, and when to hold or retreat. These
choices affect wheel-momentum margin, motor heating, and
available camera views.

Temperature and pointing: orientation and articulation
change absorbed radiation and radiator exposure, while ther-
mal deformation can change alignment [19], [52]. A thermal
maneuver therefore shares pointing and collision constraints
with other actions.

Communication and autonomy: outages, contact windows,
propagation delay, and ground response time determine how
long flight software must operate before receiving a new
command [23], [34]. Plans need enough local information and
recovery options to cover that interval.

B. Resource Balances and Task Interfaces

A compact shared model can connect these decisions while
keeping each resource in its own units. Let  be stored battery
energy in joules, 7; component temperatures in kelvin, and h;
wheel angular momenta in N ms. For a simple battery model,

E - nchPch - Pdis/ndisa (1)

where charge and discharge powers are measured at the bus,
and the efficiencies account for storage-path losses. The bus
balance is

Pgen + Pdis = Pload + Pch + Pcurt, (2)

where P, is available generation and P, is curtailed
power. Loads include avionics, computing, heaters, mecha-
nisms, communications, and electric propulsion where present.
Propellant is tracked as a separate resource.

A lumped thermal balance is

O’LE = Qi,env + Qi,diss + Qi,heater
+ Z Gij(Ty = T;) — Qi rad, 3)

J
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with thermal capacitance C; in J/K, conductance G;; in
W/K, and heat-flow terms in watts. Here (); qiss excludes
the separately listed heater input. Heater electricity is counted
once in Plg,q and its delivered heat once in Q; heater. Battery
and converter losses are assigned to the corresponding thermal
nodes. Motor power is divided between mechanical work and
local losses, so the heat model follows where energy is actually
deposited.

The coupling enters through the task modes and motion. Let
u collect activity and computing modes, heater commands, and
actuator commands, q the spacecraft attitude, a the mechanism
configuration, and ¢ the mission time along a candidate trajec-
tory. Writing z = (g, a) for the combined configuration, the
interfaces provide

Pioad = p(u, 2, 2, 1),
Qi diss = di(u, 2,2, T),

Pyen = 9(q, a,t, Tyy),
Qienv = bi(q,a,t),

where T, is solar-array temperature. Radiative rejection also
depends on temperature and on the view factors set by ¢ and
a. These mappings can come from measured load profiles,
physical models, or calibrated surrogates. Changing a task thus
updates its electrical and heat loads; changing an orientation
updates generation and thermal exposure. The fixed-motion
optimization of Doff-Sotta et al. [67] provides one starting
point for this calculation. A robot that can choose its motion
evaluates the mappings for each candidate action.
Over the planning horizon, representative constraints are

Ereserve < E < Emax(SOH)7
,-Ti.,min S E S Ti,maxa (5)
0 < Riis < Pdis,max(Ea Tb7 SOH)

“4)

|hj | < hj,maxa

Here T3, is battery temperature. The stored-energy state
changes through the power balance; temperature-dependent
access to that energy enters the discharge limit and the reserve.
Capacity is treated as fixed over this short planning horizon.
The reserve covers unavailable energy under the expected
battery conditions and the energy needed for a safe transition.
Charge limits, mutually exclusive charge/discharge commands,
execution deadlines, pointing limits, and contact conditions
complete the model for a particular mission.

Before accepting a task, resource management applies mar-
gins based on forecast and state-estimation errors measured
over the intended operating conditions. A predicted peak
of 79°C against an 80°C limit leaves little room if errors
are typically 2 K; the average error alone is not an upper
bound for setting that margin. When conditions fall outside
the model’s tested range, a conservative load envelope or an
already approved plan provides an alternative. This is how
the uncertainty passed in Table I changes the decision made
with (5).

C. Authority, Timing, and Recovery

Task planning proposes activities and priorities. Resource
management returns feasible load modes and timing, while
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Task planning and feasibility checks

Choose task options within energy, temperature, and recovery margins

Request Request

Status

Request

Status Status

Motion and contact

Trajectory and wheel momentum
Actuator and collision limits

Electrical resources

Generation, storage and loads
Energy reserve and peak power

Thermal resources

Heat storage and rejection
Component temperature limits

How the same task changes physical resources

Motion — electrical
Electrical — thermal
Thermal — electrical
Orientation = — both

Actuator demand and control effort
Dissipation, heaters and pumps
Available battery power and usable capacity

Solar generation and radiative heat exchange

Communication windows shape onboard decisions and ground support.

Fig. 3. Coupling between tasks, motion, and resources. Actions change electrical demand and thermal conditions; temperature also changes battery and
generation limits. Forecasts and feasible motion options guide the next task decision.

motion control supplies trajectories and enforces fast attitude,
proximity, and contact limits. Collision avoidance and a pro-
tected retreat reserve remain part of the task’s acceptance
conditions. MPC, constrained optimization, and precomputed
rules are alternative ways to implement scheduling within this
division of responsibility.

Fast protection and motion loops run independently of
slower forecasts. If the scheduler misses its deadline, command
arbitration retains an approved plan or selects a defined safe
transition. A protection monitor needs enough time for the
fallback controller to complete that transition [81]. Resolv-
ing resource conflicts before task acceptance keeps routine
scheduling separate from the abort or survival actions used
when operating limits are threatened.

D. Illustrative Capture Scenario

Consider a servicer preparing to capture a non-cooperative
client before eclipse. Its processor has limited heat rejection,
and its battery must support approach, contact, and recovery.
The planner compares three options: capture now with the
full processing workload (A), capture now while deferring
optional image analysis and communications (B), or wait for
the next opportunity (C). Navigation and collision avoidance
continue in all three. The following comparison is illustrative;

the mission’s load profiles and predicted motion would supply
the actual values.

For each option, (4) supplies the electrical and thermal
loads. Equations (1)-(3) propagate energy and temperature
through approach, capture, and the following eclipse. Sup-
pose A retains the required energy reserve but its predicted
processor temperature exceeds the limit after allowing for
forecast error. It is rejected on thermal grounds even though its
trajectory is collision-free. B uses the same capture trajectory
with a lower optional workload. If its revised forecast meets
the temperature, battery-power, energy-reserve, and wheel-
momentum limits in (5), it can complete capture in the current
window. B is then selected when that timing has priority.

C offers time to cool or recharge, at the cost of a later
capture and additional waiting loads. If B still leaves too little
temperature margin, the planner evaluates C from the state
reached after waiting, including eclipse and station-keeping
demand. During execution, measurements update the forecasts.
Optional loads can be stopped first; a continued loss of margin
triggers a feasible hold or retreat. After contact, recovery
also accounts for the attached client’s motion. The choice
therefore follows a specific bottleneck: thermal headroom
decides between A and B, while the cost of waiting determines
whether C is viable.
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VIII. VERIFICATION, DEPLOYMENT, AND STANDARDS

An embodied controller must meet requirements for both its
actions and the resources used to carry them out. A perception
model may estimate pose accurately yet take too long for a
control update; an attitude maneuver may track well while
reducing solar power. Verification therefore covers the learned
component, its interfaces, and the spacecraft response as one
connected system.

A. Applicable Requirements and Guidance

ECSS-E-ST-40C Rev. 1 and ECSS-Q-ST-80C Rev. 2, issued
in April 2025, address software engineering and software prod-
uct assurance [82], [83]. ECSS-E-ST-70-11C Reyv. 1, issued
in October 2025, addresses space-segment operability [84].
Projects tailor these requirements to the mission. The 2024
ECSS machine-learning handbook provides complementary
guidance: Section 6.4.1 connects data coverage to operating
scenarios, Section 6.4.3.1.2 links model tests to functional
and interface requirements, and Sections 6.4.4.3.3-6.4.4.3.4
connect failure analysis to safety cages that monitor learned
outputs and select fallback actions [85]. These are engineering
recommendations, with project requirements set through the
applicable standards and mission process.

NASA’s software engineering requirements also cover
AI/ML software [86]. Section 7.25 of its online handbook ad-
vises against AI/ML in safety-critical or other high-criticality
functions and recommends advisory use with outputs inde-
pendently confirmed by non-Al means [87]. Projects set the
permitted control authority through the applicable mission
rules and technical authorities.

Radiation testing addresses hardware behavior under parti-
cle exposure. ECSS-Q-ST-60-15C Rev. 1 defines a project-
specific radiation-hardness assurance process [88], while
ESCC 25100 specifies single-event-effects test methods [89].
Results should be tied to the tested particle, electrical, temper-
ature, and operating conditions. The system assessment then
examines upset consequences, detection time, and recovery,
including faults shared by the controller and its monitor.

Verification checks requirements; validation checks use-
fulness for the intended task; qualification tests the design
against specified conditions; mission acceptance considers the
assembled evidence. Keeping these roles clear helps connect
component tests to an operational decision. Aviation guidance
such as DO-178C can offer useful practice, while its FAA
recognition applies to airborne software [90].

B. Evidence at the Interfaces

Table VII applies this guidance to coupled spacecraft haz-
ards. For a pose estimator, data coverage includes lighting,
occlusion, and relative motion; interface tests also check
timing and the handling of invalid outputs. A safety cage
needs evaluation alongside the learned controller, including
shared power, memory, and data interfaces and the transition to
fallback control [85]. The thermal and energy tests in the table
extend these checks through recovery: a component may keep
heating after its workload stops, and a fallback may consume
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appreciable battery energy. Trigger thresholds therefore need
to leave enough time and resources for the resulting trajectory,
allowing for sensor error and detection delay.

The flight examples in Section V show two uses of protec-
tion. APIARY’s error monitor triggered a return to baseline
control during a docking failure [74]. LeLaR’s protection was
available throughout its pointing tests, and its idle fallback was
chosen to fit InnoCube’s power balance [40]. Testing should
cover the monitor, the transfer of control, and the resulting
spacecraft state.

Formal neural-network analysis can establish properties
over a specified input range [91]; control barrier functions can
restrict actions using a dynamics model and state estimate [92].
Their use depends on the accuracy of those descriptions and
the delay in applying a command. Runtime assurance com-
bines a monitor with a fallback controller [81]. For spacecraft,
the fallback must preserve energy and thermal reserves as well
as position and attitude, so recovery tests need to continue
beyond the immediate switch.

C. Managing Changes After Deployment

Deployment can involve fixed model parameters, bounded
adaptation, retraining, or a software upload. Each changes a
different part of the system. Fixed-parameter inference needs
testing across the expected inputs; adaptation also needs limits
on the quantities allowed to change. Ground retraining allows
regression tests before release. Onboard learning needs checks
that remain effective as the model changes.

For each update, the project should record the data, model,
and software versions; identify affected requirements; and
define activation and rollback rules. For agents, the recorded
configuration also includes prompts, persistent memory, skill
libraries, and tool configurations, because behavior can change
with fixed model weights. Authentication checks where an up-
date came from and whether it arrived intact. Behavioral tests
check its actions, tool calls, and resource demand; rollback
restores a compatible configuration and execution state. OPS-
SAT illustrates how experimentation can be separated from
spacecraft protection: its payload supported software uploads
and reconfigurable hardware, while the bus monitored the
payload and could regain control [93].

D. From Simulation to Flight

A practical test sequence combines software simulation,
target-processor tests, hardware-in-the-loop tests, environmen-
tal and facility tests, and bounded flight experiments. Optical
testbeds and air-bearing facilities reproduce useful parts of the
sensing and motion problem [72], [94]. The test plan should
assign each facility a clear role and use analysis or further
tests for the remaining uncertainties.

Telemetry replay helps diagnose failures and compare candi-
date updates on recorded observations. Closed-loop simulation
is needed to examine how a changed action alters later ob-
servations. Together, these methods support flight experiments
with defined limits on duration, control authority, and recovery
time. The results can then support a wider operating range.
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TABLE VII
EXAMPLES OF COUPLED HAZARDS, PROTECTIVE ACTIONS, AND TESTS

Hazard

Monitor and candidate fallback

Tests needed

Compute overload delays control
and increases heat

Attitude or task choices exhaust
energy reserves

power-safe attitude
Incorrect target pose causes a
hazardous approach or contact

Radiation faults corrupt inference
or commands
qualified control mode
A model or agent configuration
update changes behavior
known configuration

Monitor deadlines, queues, and
temperatures; suspend optional inference
while retaining essential control

Check charge, predicted generation, and
thermal margins; defer tasks or enter a

Check pose confidence, separation, and
contact force; hold, retreat, or stop

Use memory checks, watchdogs, and
command bounds; reset or transfer to a

Check versions, integrity, outputs, and
resource use; reject activation or restore a

Measure execution and switching times on target
hardware under concurrent load and temperature
variation, including the fallback’s workload.

Test eclipse and low-generation cases with battery
uncertainty and sensor faults. Check recovery using
the energy available at the trigger.

Combine optical testbeds, dynamics simulation, and
contact tests with lighting changes, occlusion, and
delays. Include stopping distance and contact loads.
Combine irradiation with fault injection and
hardware-in-the-loop recovery tests. Examine faults
affecting both the monitor and controller.

Test interrupted uploads, incompatible tools or
interfaces, corrupted parameters, and rollback in
representative mission modes. Check state consistency
after recovery.

IX. OPEN CHALLENGES AND RESEARCH PRIORITIES

The comparisons above expose three gaps between a
promising component result and a useful operational capabil-
ity. Processor benchmarks often omit work around inference;
thermal-model error is rarely translated into a task decision;
and a supervisor’s update period can be poorly matched
to the changing environment. These gaps suggest concrete
comparisons for the next studies.

A. Compare Complete Tasks

A useful benchmark follows a task from sensing through
computation and motion to completion or recovery. Examples
include an inspection before eclipse, a capture with limited
momentum margin, and a traverse with uncertain energy
demand. The initial state, environment, resource limits, and
available recovery actions define what success means in each
case.

The baseline should include a well-tuned conventional plan-
ner or controller with the same sensors, actuators, and resource
limits. Existing resource-aware scheduling provides a stronger
comparison than a fixed timeline alone. Reports can then relate
task completion to energy use, peak temperature, execution
time, and fallback frequency. For example, the Akida compari-
son in Table IV motivates measuring both steady inference and
operation at the required sensing rate, including idle periods,
input preparation, and pose recovery. The resulting energy
per accepted pose or completed maneuver is more useful for
selection than power alone. Tests with changed illumination,
loads, and sensor quality show where that choice changes.

B. Link Hardware and Policy Design

Hardware changes can alter what the control software needs
to do. Better sensor placement may simplify pose estima-
tion; a compliant manipulator may reduce contact loads; a
different processor may change both inference speed and cool-
ing demand. Co-design studies can separate these effects by
comparing a new policy on unchanged hardware with a joint

hardware—policy revision under the same mission constraints.
The outcome of interest is useful work over the mission,
including mass, energy, durability, and the effort needed to
verify the design.

Thermal and energy models have a particularly direct role.
Two forecasts can have similar average error yet lead to
different choices near a temperature limit. A useful comparison
places the same scheduler behind a physical model and a
learned surrogate, then records accepted activities, unnecessary
deferrals, and actual margin violations. The margins described
in Section VII should be checked under missing measurements
and delayed forecasts as well as nominal conditions. This tests
whether faster prediction creates additional feasible work and
whether the model recognizes conditions it handles poorly.

Long-duration surface missions make this connection tangi-
ble. Installed power, storage, insulation, and heat sources set
the range of feasible activity. Resource-aware autonomy can
use favorable periods more effectively, choose reduced activity
or sleep when needed, and retain enough energy for wake-up
and recovery. The research question is how much useful work
can be completed within that physical budget.

C. Build on Ground and Flight Experience

A practical development path begins with reproducible
models, moves to integrated tests on representative hardware,
and then introduces a bounded capability in flight. Broader
use follows evidence across the relevant operating modes. The
ECSS technology-readiness guidance similarly relates matu-
rity to a specific technology and its intended environment [95].

For supervisory systems, timing deserves its own exper-
iment. ASTREA’s different outcomes with short and orbit-
length analysis windows motivate comparing update periods
under the same load and environmental history. The compar-
ison should record decision age when applied, temperature
excursions, and computing time left for payload work. For
motion control, the recovery events and test limits documented
by APIARY and LeLaR identify useful cases for longer and
more varied trials. Ground tests and telemetry can then refine
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models and configurations before a later software release
expands their operating range.

X. CONCLUSION

Embodied intelligence connects what a space robot decides
with what its hardware can sustain. The reviewed computing,
thermal-control, and planning studies show why that con-
nection changes engineering choices. A low-power processor
can spend more energy on an inference if it runs much
more slowly. A fast temperature predictor supports additional
activity only when its errors leave enough operating margin.
A slow supervisor can exploit recurring environmental condi-
tions, while updates based on an unsuitable time window can
make control worse.

Operational planners already provide mechanisms for
scheduling activities, checking resources, and revising plans.
Learned perception, thermal models, and controllers can ex-
tend those mechanisms where their accuracy and timing suit
the task. The resource balances and capture example show how
to make the resulting choice explicit: compare candidate loads
and trajectories, identify the binding constraint, and retain a
feasible recovery action.

The next comparisons should therefore measure the work
surrounding inference, the decisions changed by a forecast,
and the effect of supervisory timing. These tests connect a
component’s reported performance to the additional observa-
tions, maneuvers, or operating time it enables on a particular
spacecraft.
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