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Abstract— Over the last two decades, space exploration sys-
tems have incorporated increasing levels of onboard autonomy
to perform mission-critical tasks in time-sensitive scenarios or
to bolster operational productivity for long-duration missions.
Such systems use models of spacecraft subsystems and the
environment to enable the execution of autonomous functions
(functional-level autonomy) within limited time windows and/or
with constraints. These models and constraints are carefully
crafted by experts on the ground and uploaded to the spacecraft
via prescribed safe command sequences for the spacecraft to
execute. Such practice is limited in its efficacy for scenarios that
demand greater operational flexibility.

To extend the limited scope of autonomy used in prior missions
for operation in distant and complex environments, there is
a need to further develop and mature autonomy that jointly
reasons over multiple subsystems, which we term system-level
autonomy. System-level autonomy establishes situational aware-
ness that resolves conflicting information across subsystems,
which may necessitate the refinement and interconnection of
the underlying spacecraft and environment onboard models.
However, with a limited understanding of the assumptions and
tradeoffs of modeling to arbitrary extents, designing onboard
models to support system-level capabilities presents a significant
challenge. For example, simple onboard models that exclude
cross-subsystem effects may compromise the efficacy of an au-
tonomous spacecraft, while complex models that capture in-
terdependencies among spacecraft subsystems and the environ-
ment may be infeasible to simulate under the real-world oper-
ating constraints of the spacecraft (e.g., limited access to space-
craft and environment states, and computational resources).

In this paper, we provide a detailed analysis of the increasing lev-
els of model fidelity for several key spacecraft subsystems, with
the goal of informing future spacecraft functional- and system-
level autonomy algorithms and the physics-based simulators on
which they are validated. We do not argue for the adoption of
a particular fidelity class of models but, instead, highlight the
potential tradeoffs and opportunities associated with the use of
models for onboard autonomy and in physics-based simulators
at various fidelity levels. We ground our analysis in the context
of deep space exploration of small bodies, an emerging frontier
for autonomous spacecraft operation in space, where the choice
of models employed onboard the spacecraft may determine
mission success. We conduct our experiments in the Multi-
Spacecraft Concept and Autonomy Tool (MuSCAT), a software
suite for developing spacecraft autonomy algorithms.
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1. INTRODUCTION
There is an escalating demand for spacecraft that feature
increasing levels of onboard autonomy, defined as the ability
of the spacecraft to achieve mission goals independent of
external control (i.e., ground control) [1]. The need for
spacecraft onboard autonomy is motivated by enabling new
exploration missions, increasing productivity, enhancing ro-
bustness, and eventually reducing operations cost [2]. For
example, the exploration of distant worlds with dynamic
environments that are not well characterized a priori may
not be feasible with state-of-the-practice ground-in-the-loop
operations. In such situations, large uncertainties and com-
munication constraints reduce the ability of ground experts to
assess the states of the spacecraft and environment, predict
outcomes, and prescribe command sequences in a timely
manner. Some future missions may only be viable with
onboard decision making, reasoning, and taking actions that
achieve goals while assuring spacecraft safety, each of which
is predicated upon establishing robust situational awareness.
Other missions may benefit from increased productivity and
robustness driven by onboard autonomy capable of reducing
uncertainties and carrying out risk- and time-sensitive tasks
across various mission phases.

Developing adequate models of spacecraft subsystems (also
referred to as subsystem models) is among the most impor-
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Figure 1: Models for spacecraft onboard autonomy. Mod-
els are a fundamental component of spacecraft onboard au-
tonomy. They describe the behavior of onboard functional-
level subsystems (blue), which in turn enables the devel-
opment of functional-level autonomy algorithms including
planning, prediction, estimation, control. Future missions to
worlds with uncertain and dynamic environments will require
system-level autonomy (orange) to develop and maintain
situational awareness in nominal and off-nominal scenarios.
Such system-level capabilities must aggregate and resolve
information across various functional-level subsystems and at
multiple time-scales, thereby also relying on the quality of the
underlying models for robust reasoning and decision making.

tant technical challenges toward increasing spacecraft auton-
omy [2]. These models are essential components of both
functional-level and system-level autonomy2 (see Figure 1).
They describe subsystem behavior and thereby form the basis
of functional-level autonomy algorithms (e.g., consider how
an attitude dynamics model facilitates attitude control). They
also predict subsystem behavior, which enables system-level
capabilities such as planning and system health manage-
ment [3]. Importantly, models that capture the interdepen-
dencies among subsystems and the environment can be used
to reduce uncertainties and promote safe decision making [4].

Nevertheless, a core outstanding challenge in using sub-
system models for reliable system-level capabilities is es-
tablishing the appropriate level of model fidelity. Models
used in previous missions (for independent functional-level
autonomy tasks) may be inadequate, considering that system-
level autonomy could necessitate the refinement and inter-
connection of subsystem models to capture cross-subsystem
dependencies and fine-grained environment effects; provid-
ing, in turn, the situational awareness required for robust rea-
soning and decision making. However, arbitrarily increasing
model fidelity also introduces tradeoffs. For instance, highly
accurate models (a) might rely on spacecraft and environment

2Functional-level autonomy operates within a subsystem to produce locally
autonomous behavior. It is typically implemented through the use of
estimators, controllers, and local state machines. System-level autonomy
operates across multiple subsystems. It develops situational awareness by ag-
gregating information across subsystems, resolving conflicting information
that may arise, assessing the health of the system, managing data, planning,
scheduling, and executing tasks in both nominal and off-nominal scenarios.

states that cannot be observed or accurately estimated on-
board the spacecraft; (b) may be computationally intractable
to run under the resource constraints of the spacecraft; (c)
may complicate the design of system-level autonomy algo-
rithms; (d) could have prediction accuracies exceeding those
required for the intended system-level control goals. These
modeling considerations drive the need to categorize and an-
alyze the different tiers of subsystem model fidelity from the
perspective of system-level autonomy and its requirements.

In this paper, we outline the various degrees in which space-
craft subsystems can be modeled, with the goal of inform-
ing future subsystem modeling efforts, the development of
system-level autonomy algorithms, and the design of sim-
ulators on which spacecraft onboard autonomy is validated.
Our contributions are three-fold: (i) a qualitative analysis
of possible subsystem models that may be required onboard,
which lists the progressive tiers of model fidelity and iden-
tifies where couplings exist among four major spacecraft
subsystems: power, attitude GNC, navigation, and com-
munications; (ii) a discussion of modeling trades, which
serves as a basis for future trade studies on the quantita-
tive relevance of model fidelity for system-level autonomy
tasks; (iii) a case study in simulation for the cruise-approach
phases of a deep-space exploration mission, demonstrating
that low-fidelity models can indeed be interconnected for
autonomous rendezvous with small bodies. We conclude
that considering the interconnections among subsystem mod-
els provides opportunities for cross-subsystem analysis and
direct modeling—a promising pathway to enabling robust
situational awareness. Overall, this paper takes a first step
toward a holistic, system-level assessment of multiple space-
craft subsystems and their associated models toward enabling
greater autonomous spacecraft capabilities.

2. RELATED WORK
Spacecraft onboard autonomy

Spacecraft onboard functional-level autonomy has been im-
plemented in a number of deep-space missions to carry out
mission-critical tasks and increase operational productivity.
For example, JPL’s autonomous optical navigation system
(AutoNav) was used for autonomous cruise and flyby track-
ing on the Deep Space 1 spacecraft in 1999 [5]. AutoNav
was also used for autonomous terminal-phase navigation of
the impactor and flyby spacecraft in the Deep Impact mis-
sion in 2005 [6]. More recently, small-body missions such
as Hayabusa 2 [7] and OSIRIS-REx (Origins, Spectral In-
terpretation, Resource Identification, and Security–Regolith
Explorer) [8] used onboard autonomy for precise descent to
small-body surfaces, while DART (Double Asteroid Redi-
rection Test) [9] used onboard autonomy to guide impact
with the asteroid. Autonomous Entry, Descent, and Landing
(EDL) has been used to land the Mars Exploration Rovers
(MER), Mars Science Laboratory (MSL), and Mars 2020
rovers on the Red Planet [10].

Autonomous system-level capabilities have also been demon-
strated in space. For example, onboard planning, schedul-
ing, and execution was used on the Earth Orbiter (EO) 1
spacecraft [11]. Newer algorithms for flexible execution of
onboard task plans have been featured aboard ASTERIA
(Arcsecond Space Telescope Enabling Research In Astro-
physics) CubeSat [12]. To our knowledge, no spacecraft
has demonstrated end-to-end autonomy in deep space for
extended portions of the mission timeline and under complex
interactions with the environment.
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Figure 2: Autonomous small body exploration mission. We ground our analysis of subsystem model fidelity in the context of
deep space exploration of small bodies with an autonomous SmallSat; a mission concept based on the Deep-space Autonomous
Robotic Explorer (DARE) project at NASA JPL. While DARE consists of all mission phases ranging from cruise to proximity
operations, we focus our assessment on the cruise and approach mission phases. These mission phases reflect nominal operating
conditions suitable for assessing the role of model fidelity in four major spacecraft subsystems.

Modeling for spacecraft simulation

Developing and maturing spacecraft onboard autonomy re-
quires understanding the interconnections of models across
subsystems, modeling them for novel or improved au-
tonomous capabilities (i.e., situational understanding), and
evaluating them in an integrated simulation platform that can
test cross-subsystem interactions for accuracy and robustness.
A number of high-fidelity simulation software exists, includ-
ing MONTE (Mission analysis, Operations and Navigation
Toolkit Environment) [13] for navigation and mission de-
sign, Thermal Desktop [14] for thermals, MMPAT (Multi-
Mission Power Analysis Tool) [15] for power, GIST (GN&C
Integrated Simulation Testbed) for guidance and control,
and GNU Radio [16] for communication. JPL’s Dynam-
ics And Real-Time Simulation (DARTS) software includes
high-fidelity position and attitude dynamics while offering
the capability to integrate models of other subsystems [17].
However, these simulators are either domain specific or do
not natively integrate models across multiple subsystems.

Low-fidelity simulation platforms such as Modelon [18],
Omniverse [19], STK [20], Gazebo [21], and Basilisk [22] are
suitable for simulating some spacecraft subsystems, but they
do not represent a multi-subsystem spacecraft simulator and
most have not been validated with real data. To our knowl-
edge, an integrated simulation architecture combining models
across multiple core spacecraft subsystems does not exist.
Many spacecraft undergo high-fidelity integrated modeling
of their subsystems when the spacecraft is being built (e.g.,
the structural thermal optical performance (STOP) modeling
of the James Webb Space Telescope (JWST) [23]), but these
models are not used in the autonomy development phase.

3. CASE STUDY: AUTONOMOUS
EXPLORATION OF SMALL BODIES

We aim to outline the various levels of onboard model fidelity
for several key spacecraft subsystems. We conduct our analy-
sis in the context of a deep space exploration mission, which
grounds our results and discussion in a realistic autonomy use
case. Specifically, we consider an autonomous rendezvous
mission of a SmallSat with a distant small body based on the
Deep-space Autonomous Robotic Explorer (DARE) project
at NASA JPL. A visualization is provided in Figure 2.

Selected mission rationale: Small body cruise-approach

Small-body exploration missions have been proposed as a
promising avenue to mature spacecraft autonomy algorithms
and architectures at relatively low costs [2]. Due to their
large numbers (nearly a million to date), small sizes, and vast
distance ranges from Earth’s telescopes, the ephemerides,
rotational parameters, and physical properties of small bodies
are often not accurately known. Moreover, their low mass
and irregular shapes induce weak, non-uniform gravity fields,
producing complex but low-magnitude disturbances within
their field of influence. Small-body missions thus contain
several sources of uncertainty that challenge current state-of-
the-art spacecraft autonomy while offering opportunities for
incremental improvement.

While small-body exploration missions could span multiple
mission phases, including cruise, approach, proximity op-
erations, landing, and surface operations, in this paper, we
focus exclusively on the cruise and approach phases. During
these two mission phases, the spacecraft onboard autonomy
must (a) estimate the spacecraft’s orbit, (b) execute trajectory
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correction maneuvers (TCMs) to maintain course on the
pre-planned mission trajectory toward the small body, (c)
estimate and control the spacecraft attitude to ensure proper
solar charging, communication with Earth, and de-saturation
of reaction wheels, and (d) estimate and control other space-
craft states to manage thermal and data subsystems. The
selected mission phases encompass coupling among various
spacecraft subsystems. As such, they are suitable for a first-
pass analysis of subsystem model fidelity and autonomous
spacecraft operation in nominal conditions.

Experiment details: Spacecraft and onboard autonomy

We briefly describe the spacecraft design, subsystems, and
onboard autonomy algorithms considered in the case study.

Spacecraft design and components—For the small-body mis-
sion, we leverage the design of a hypothetical SmallSat space-
craft from the DARE project. The 30 cm3 spacecraft consists
of two separable units: (a) a solar-electric propulsion (SEP)
stage consisting of a gimbaled thruster for linear motion and
two large articulated solar arrays, and (b) the main stage
equipped with four reaction-wheel assemblies and two micro
thrusters for fully-actuated angular control. The spacecraft
is powered by a total of five solar arrays: three small body-
mounted arrays and the two large solar wings attached to the
SEP stage. Power generated by the solar arrays is transferred
directly to active electrical components, and excess energy is
stored in two 40Wh lithium-ion batteries. The spacecraft’s
maximum expected weight is 178 kg (wet mass), putting it
in the range of the Minisatellite class of SmallSats [24]. The
spacecraft is visualized in Figure 3.

For communications, the spacecraft is equipped with a dipole
antenna operating at 8450MHz with a 28.1 dB gain and a
beam width of 0.1◦. It has a transmission power of 50W,
a line loss of 1 dB, and a noise temperature of 100K. We
assume a coding gain of 7.3 dB, an energy per bit of 4.2 dB,
and a data-rate limit of 1MB s−1.

The perception sensors and instrument payload include five
wide-angle cameras and one narrow-angle camera, a mid-
and long-wave infrared point spectrometer [25], and an x-ray
spectrometer [26]. Only the sensors and instruments that are
pointed toward the small body are active (i.e., powered on).
Because instrument models are not considered in this work,
we do not generate science observations but instead simulate
the power and memory consumption of instruments during
the mission. Science and engineering data is stored in a 1GB
onboard memory drive.

Onboard subsystems— We study the power, attitude GNC,
navigation, and communications subsystems operating under
nominal cruise and approach conditions to a distant small
body. For each subsystem, we discuss low-fidelity imple-
mentations of spacecraft onboard models, considerations for
high-fidelity modeling, and the implications of modeling on
spacecraft onboard autonomy.

Since science mapping during the proximity phase, descent
and landing, and surface operations are beyond the scope
of this work, we do not address the instrument and surface
mobility subsystems. Depending on the operating conditions
of the spacecraft, the thermal subsystem may have significant
coupling and effect on the other subsystems, which we will
address in follow-on publications.
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Figure 3: Spacecraft design for small body exploration.
For the autonomous rendezvous mission with a small body,
we design a SmallSat spacecraft that consists of the main sub-
systems we analyze in this work. The spacecraft is powered
by five solar arrays and equipped with several actuators for
linear and angular control including a solar electric propul-
sion thruster, microthrusters, and reaction wheel assemblies.

Onboard functional-level autonomy—Each onboard subsys-
tem contains functional-level autonomy algorithms for han-
dling subsystem state(s): estimating current/past state(s),
controlling state, predicting future state(s), and planning
future actions to constrain future state(s). In the simplest
case, a subsystem may directly use low-fidelity models for
estimation. For instance, in the power subsystem, we can
estimate the battery state-of-charge (SoC) at low fidelity by
accumulating net power margins at each timestep. Within the
attitude GNC subsystem, we use attitude guidance based on
the eigen-axis method [27] for three-axis reorientation, where
quaternion multiplication is used to compute the unique
rotation axis and angle for the minimum path maneuver.
Tracking is performed using a nonlinear attitude controller
that converges exponentially (in the presence of modeling
uncertainties and disturbances) to attitude states computed by
attitude guidance [28]. For Navigation, TCMs are computed
using a Lambert orbital transfer maneuver [29], [30].

Attitude GNC and navigation estimators are not considered
in our experiments. Instead, we assume ground-truth access
to the linear and angular states of the spacecraft and the small
body. Nonetheless, we discuss models used for estimation in
their respective subsystem sections below.

Onboard system-level autonomy— At the system-level, the
executive is the top-level orchestrator of the spacecraft. It
schedules and dispatches tasks based on their priority to
achieve goals sent from the ground and/or elaborated by the
onboard planner (as illustrated in Figure 1). The executive
also monitors the state of the spacecraft and assesses its
progress toward mission objectives and goals. Examples of
tasks include setting attitude modes for charging or pointing
to the small body, issuing TCMs, or establishing ground
communication for science and engineering data downlink.

For our prototype, we implemented a system-level executive
that maintains a priority queue of the presented autonomy
tasks. We consider a simple event-triggered scheduling of
activities. For example, if during operation, the battery
SoC drops below a specified minimum threshold (i.e., the
event), the executive will schedule a charging cycle, whereby
a heuristic approach is used to compute a new spacecraft
attitude, balancing power generated by the solar arrays and
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Figure 4: MuSCAT simulation software. We run our experiments in MuSCAT, a simulation tool that implements low-fidelity
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science instruments and payload, and other spacecraft onboard components. Different from existing simulators, which often
target high-fidelity simulation of a single spacecraft subsystem, MuSCAT integrates low-fidelity models across multiple
spacecraft subsystems to support the prototyping and simulation of mission concepts that may benefit from onboard autonomy.

the pointing error to the small body. For simplicity, the
priorities of each activity are hand-specified for our mission.
Recharging is the highest priority activity, as the spacecraft
needs power to remain viable, followed by executing TCMs
and, finally, performing communication downlink.

We note that more sophisticated system-level autonomy algo-
rithms for activity planning and execution [31], health man-
agement [3], [32], and data management [33] may be required
for more complex missions. For example, autonomously
executing all phases of the DARE mission, including science
mapping, descent, landing, and proximity operations (as
shown in Figure 2), will require an expanded set of system-
level autonomy capabilities. Our event-triggered software
executive is sufficient for studying the behavior of the sub-
system models during the small body cruise and approach.

Simulation software: MuSCAT

We run experiments in the Multi-Spacecraft Concept and Au-
tonomy Tool (MuSCAT)3. MuSCAT is an internal simulation
software developed at NASA JPL. It implements low-fidelity
models for simulation across the four subsystems we analyze
in this paper and is thus an efficient test bed for mission
concepts such as our small-body case study. A visualization
of MuSCAT is provided in Figure 4.

Low-fidelity models implemented in MuSCAT relate to sub-
system models that may run onboard the spacecraft. For
example, MuSCAT’s low-fidelity attitude dynamics are iden-
tical to the onboard model from which our attitude controller
is derived [28]. However, it is not typically the case that
spacecraft simulation software and onboard subsystems em-
ploy identical models, as their modeling considerations differ.
Section 9 discusses the differences in modeling considera-
tions for spacecraft simulators versus onboard subsystems.

3The MuSCAT simulator is designed to support multi-spacecraft missions
but can just as well be used for single spacecraft missions. This work
exclusively considers its use for a single spacecraft small-body mission.

4. PRELIMINARIES
We provide a brief overview of the mathematical conventions
used hereafter for the expression of subsystem models and
onboard autonomy algorithms.

Reference frames or frames are represented with caligraphic
font. For example, we use I to represent the J2000 inertial
frame centered at Earth’s origin. Other commonly used
frames include the spacecraft frame SC, Sun frame S, and
small-body frame B. We express transformations between
frames with a rotation and translation. For example, the
position and orientation of the spacecraft with respect to
J2000 (read “from spacecraft to J2000”) is defined by rotation
matrix [IRSC ] in SO(3) and translation vector IrI,SC in R3.
Finally, we denote time derivatives with the dot notation; the
spacecraft’s velocity with respect to J2000 is given by I ṙSC .

The following sections present multiple possible models for
describing the behavior of a subsystem at different levels of
fidelity. To distinguish fidelity levels, we use hat notation
to denote quantities associated with low-fidelity models. For
instance, the state output of a low-fidelity model may be
expressed as x̂, while its high-fidelity counterpart will be x.

5. POWER SUBSYSTEM
The power subsystem is responsible for generating, distribut-
ing, and storing power onboard the spacecraft. Modeling the
power subsystem enables tracking, control, and prediction
of the spacecraft’s power profile given current and future
states and actions. It involves modeling photovoltaic power
generation, power distribution and losses, and battery SoC
prediction, among others. Such capabilities are beneficial for
both functional- and system-level autonomy. For example,
functional-level autonomy operating within the power sub-
system may regulate the current input to the battery for safe
charging. Likewise, for system-level autonomy, the scheduler
may rely on battery SoC predictions to determine how long
the spacecraft’s solar arrays should be oriented toward the sun
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before enough energy is accumulated for a planned TCM.

The following sections will discuss modeling trades associ-
ated with different processes in the power subsystem. For a
discussion summary, please refer to Table 1.

Power generation: Solar arrays

In our case study, solar arrays are the sole producer of energy
onboard the spacecraft. Let us first consider an example of
a low-fidelity onboard model for the power generated by J
solar arrays. Each solar array has an area aj , a solar cell
efficiency ej , and a packing fraction pj . The centroid of each
solar array is located at IrS,j = IrS,SC + [IRSC ]

SCrSC,j
with a surface normal unit vector SCn̂j . We can compute the
angle of incidence of the sunlight on the j-th solar array as:

θj = arccos

( IrS,j

|| IrS,j ||2
· [IRSC ]

SCn̂j

)
. (1)

The power generated by all J solar arrays is thus given by:

P̂solar =

J∑
j=1

H
(
|| IrS,SC ||

)
ajejpj cos(θj) (W), (2)

where H
(
|| IrS,SC ||

)
in Wm−2 is the power density of the

sunlight (Eq. 26) at the spacecraft’s current distance from the
sun || IrS,SC || (further details provided in the Appendix).

We classify this solar array model as low-fidelity because,
despite accounting for the time-varying position and attitude
of the spacecraft, it does not capture more complex effects
like occlusion [34], [35] and lifetime degradation [36]. We
can thus only use this model to coarsely estimate generated
power, as shown in Figure 5, where we observe significant
power variances throughout the small-body mission.

Let us now consider a higher-fidelity model of a solar array.
We express the voltage of the solar array in functional form:

V̂solar = fV̂ (H, θ, ξ,O, Ld, η) (V), (3)

where H is the power density as a function of the spacecraft’s
position, θ is the angle of incidence of the sunlight as a
function of the spacecraft’s attitude (Eq. 1), ξ is the efficiency
of the solar array as a function of its temperature, O is the
shading or occlusion on the solar arrays as a function of
the environment and spacecraft geometry, Ld is the lifetime
degradation of the solar arrays as a function of time, and η is
a constant that accounts for the solar array design parameters
and assembly losses (e.g., area, packing fraction). The power
generated by the solar array is then expressed as the product
of its output voltage (Eq. 3) and the load current Iload:

Psolar = V̂solarIload (W). (4)

Example 5.1: Interconnecting models for greater accuracy

Notice that the higher-fidelity model (Eq. 4) captures several
important effects on solar arrays that were neglected in the low-
fidelity model (Eq. 2). The key insight is that refining models
to capture high-fidelity effects drives the need to interconnect
models across subsystems. Consider how solar array efficiency
ξ depends on temperature readings from the thermal subsystem.

Table 1: Power subsystem modeling trade. An overview of
the low- and high-fidelity modeling considerations for three
different processes in the power subsystem. For each listed
model parameter, items to the right of the colon are dependen-
cies. For example, the low-fidelity solar array efficiency (e)
is constant, while its high-fidelity counterpart (ξ) depends on
spacecraft temperature. Mathematical symbols in parenthesis
correspond to quantities introduced in the main text.

Low fidelity power High fidelity power

So
la

ra
rr

ay

Incidence angle (θ): S/C att. Occlusion (O): S/C & Env.
Power density (H): S/C pos. MPPT: I-V curves, . . .
Area (a): const. Lifetime degrade (Ld): time
Packing fraction (p): const. Design & losses (η): const.
Efficiency (e): const. Efficiency (ξ): S/C temp.

U
sa

ge Net power (P̂net): time Bus conv. loss (µ): temp., . . .
Power rating (Pc): const. -

B
at

te
ry

Net Energy (Ênet): time Coulomb count (
∫
Ib): time

Max capacity (Êmax): const. Max capacity (Emax): time
Charge eff. (e+b ): const. -
Discharge eff. (e−b ): const. -

S/C: Spacecraft, MPPT: Maximum Power Point Tracking, Env.: Environment
att.: attitude, pos.: position, const.: constant, eff.: efficiency, temp.: temperature, conv.: conversion

We can build on Eq. 3 to construct a model of the non-linear
I-V Characteristics (IVCs) of the solar array. Due to the
intrinsic properties of solar arrays, their output voltage drops
as the load (current) increases, resulting in less generated
power [36]. This IVC coupling can be captured by modeling
output voltage and as a function of load current:

Vsolar = fV (H, θ, ξ,O, Ld, η, Iload) (V). (5)

Eq. 5 shows that the IVCs of the solar array also shift based
on the variables outlined Eq. 3. Several approaches can be
used to implement this model onboard the spacecraft. In
this simplest case, a non-parametric approach can be taken
by storing empirical (tabular) data of the IVCs in onboard
memory. For a new set of variables (e.g., occlusions, tem-
perature), the data can be interpolated for the output voltage.
More recent works take analytic [37] and learning-based [38]
approaches to modeling IVCs, which are promising avenues
for predicting generated power onboard the spacecraft.

As a final consideration, we can attempt to capture the effects
of maximum power point tracking (MPPT). MPPT regulates
the load current on the solar arrays to avoid voltage drops
and maximize generated power (Eq. 4). It is considered a
form of onboard functional-level autonomy operating within
the power subsystem. By monitoring the output voltage of the
solar array and adjusting the load current accordingly, MPPT
can track the shifting IVCs of the solar array in real time.

Example 5.2: Modeling tradeoffs for onboard autonomy

Modeling IVCs (Eq. 5) of the solar array captures the coupling
between output voltage and load current (in contrast to Eq. 4),
which in turn enables MPPT to maximize generated power via
onboard control algorithms. This example highlights that under-
standing the fidelity tradeoffs associated with different models
can yield opportunities to develop or improve onboard autonomy.

While the effects of MPPT are significant, yielding between
ten and forty percent gains in generated power [36], modeling
the MPPT process can be challenging. An analytic model
will depend on the specific implementation of the power
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Figure 5: Power subsystem case study. Power onboard the
spacecraft is generated by solar arrays and directly distributed
to electrical components and batteries. The results above are
the predictions of low-fidelity power generation, distribution,
and battery state of charge models used during the small-body
mission (see Figure 2). Generated power predictions fluctuate
with the changing attitude of the spacecraft, while peaks in
consumed power correspond to firing solar electric propul-
sion thrusters. Notice that when more power is consumed
than generated, the predicted battery state of charge gradually
decreases until thirty percent, at which point the system-level
software executive schedules an immediate charging cycle.

subsystem, including the solar arrays, the MPPT control law,
and the circuit design. Given an IVC model (Eq. 5), one
simple option is to cast MPPT as the optimization problem:

P ∗
solar = max

Iload
(VsolarIload) (W). (6)

In practice, this model will produce optimistic predictions
of generated power for several reasons. Real-world imper-
fections in the MPPT hardware, including noise, component
tolerances, and transient response times, can prevent precise
tracking of the maximum power point, thus causing devia-
tions from the idealized model.

Power distribution: Usage and losses

The role of power distribution is to route power, ensuring
a reliable supply to all payloads and electrical components
onboard the spacecraft, and to manage power by switching
components off when appropriate to conserve energy.

We first consider an example of a low-fidelity onboard model
for power distribution that quantifies the net instantaneous
power in the spacecraft. At each discrete time step t, power
is generated by the solar arrays and consumed by all active
spacecraft components. Let C be the number of power-
consuming spacecraft components (e.g., sensors, instruments,
actuators). The net instantaneous power is expressed as:

P̂net = Psolar −
C∑

c=1

1cPc (W), (7)

where 1c(t) is an indicator function that equals 1 if compo-
nent c is active at time t (otherwise equals 0) and Pc is the
constant power rating of component c. Treating components
as constant power loads is valid because their power ratings
typically integrate voltage conversion losses. This power
distribution model provides coarse estimates of consumed
power onboard the spacecraft. The corresponding results
from our small-body mission are shown in Figure 5.

We classify the power distribution model in Eq. 7 as low-
fidelity because its accuracy decreases with the use of MPPT.

Concretely, solar power generated by MPPT undergoes volt-
age conversion losses [39] before reaching a suitable bus volt-
age for battery charging and powering components. Ignoring
these losses can result in overly optimistic predictions of net
power. A high-fidelity model must capture the bus voltage
conversion loss on generated power before distribution:

Pnet = µP ∗
solar −

C∑
c=1

1cPc (W). (8)

Here, P ∗
solar is the generated power from MPPT (Eq. 6). The

bus voltage conversion loss, denoted by µ, is influenced by
factors such as load current, input-output voltage, and oper-
ating temperature. The specific voltage converter’s efficiency
curves typically illustrate variations based on these factors.

Finally, given the net power of the spacecraft (Eq. 8), the
energy surplus (or deficit) over a δt time step is:

Ênet(t) =
1

3600

∫ t

t−δt

Pnet(τ)dτ (Wh). (9)

Power storage: Battery charge/discharge & SoC

Onboard models associated with power storage are used
to estimate battery charge rates, discharge rates, and SoC.
For the small-body mission, we specifically use lithium-ion
batteries, while other battery types are also possible.

Let us first consider a low-fidelity model for battery charge
and discharge. We assume a constant charging efficiency
e+b , discharging efficiency e−b , and maximum battery capacity
Êmax. The change in battery SoC ∆Q̂b(t) can be modeled as:

∆Q̂b(t) =

{
e+b Ênet(t)/Êmax, if Ênet(t) > 0

Ênet(t)/(e
−
b Êmax), if Ênet(t) ≤ 0

, (10)

where Ênet is the energy surplus or deficit of the spacecraft
(Eq. 9) at time step t. Figure 5 shows the battery SoC esti-
mates from this model over the small-body mission duration.

This battery model is considered low-fidelity because it as-
sumes linear charge characteristics and a fixed maximum
battery capacity. These assumptions simplify modeling at the
cost of potentially large deviations from the true battery SoC.
In reality, batteries have (a) non-linear charge characteristics
and (b) a varying maximum capacity, both of which shift with
usage, thermal cycling, and operating temperatures. A high-
fidelity battery model must account for both (a) and (b) to
provide accurate estimates of battery SoC.

Coulomb Counting techniques [40], [41] directly integrate
current flow in and out of the battery, which captures non-
linear charge characteristics. These techniques are imple-
mented using dedicated hardware (i.e., current integrators),
which makes them suitable for onboard battery SoC estima-
tion but does not enable model-based prediction. We express
the change in battery SoC with Coulomb Counting as:

∆Qb(t) =

∫ t

t−δt
Ib(τ)dτ

3600 Emax(t)
, (11)

where Ib is the current flowing in (or out) of the battery and
Emax is its time-varying maximum capacity. In theory, Emax
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can be estimated with knowledge of the battery cycle life
and an accurate degradation model. As such, both analytic
and data-driven models are being explored for battery cycle
life [42], [43], [44] and degradation [45], [46].

Example 5.3: Model tradeoffs for onboard autonomy

While various models can be used to express a subsystem process,
their autonomy use-case depends on the implementation of the
model. Consider how Coulomb Counting (Eq. 11) is imple-
mented with dedicated hardware, which may limit its autonomy
use to onboard estimation tasks. In contrast, the simpler model in
Eq. 10 may be more amenable to onboard prediction tasks since
it only relies on predictions of generated and consumed power.

Finally, estimation of battery SoC onboard the spacecraft can
be strengthened by combining Coulomb Counting with direct
battery SoC prediction methods, for which both analytic [47]
learning-based [48], [49] models are being developed.

6. ATTITUDE GNC SUBSYSTEM
The attitude GNC subsystem is responsible for managing and
altering the attitude state of the spacecraft via estimation,
planning, and control algorithms. It includes attitude kine-
matics and dynamics models, which describe how the attitude
state of the spacecraft evolves with respect to disturbance
and control torques. Variations of these models are designed
to capture a range of effects on the spacecraft’s attitude.
Typically, low-fidelity attitude dynamics form the basis of
onboard functional-level autonomy algorithms in the attitude
GNC subsystem, while higher-fidelity models are used for
verification and validation of autonomy in simulation.

The following sections will discuss modeling trades associ-
ated with different processes in the attitude GNC subsystem.
For a discussion summary, please refer to Table 2.

Low-fidelity attitude modeling: Rigid-body dynamics

We begin with a standard rigid-body attitude dynamics model
with n reaction wheels (or rotors) and m gimballed solar
wings. This takes the form of a non-linear dynamical system:

ẋatt = fatt
(
xatt,uatt

)
where xatt =


Iqsc
ωsc
ωrw
ωsw

 , (12)

where xatt in R7+n+m is the attitude state of the spacecraft,
which consists of its quaternion attitude Iqsc in R4 and
angular velocity ωsc in R3 expressed in the inertial reference
frame, the scalar angular velocities of all n reaction wheels
ωrw in Rn, and the scalar angular velocities of all m gim-
balled solar wings ωsw in Rm. The control input uatt in
R3 corresponds to the total torque applied by the attitude
actuators. For example, our small-body mission employs
twelve microthrusters and four reaction wheels.

We express the full dynamical system (Eq. 12) in terms of its
state derivatives ẋatt. The first term of the state derivative is
the quaternion rate of the spacecraft q̇sc, which is obtained
through the following attitude kinematic model:

q̇sc =
1

2
Ω (ωsc)

Iqsc =
1

2
Ξ
(Iqsc

)
ωsc, (13)

where, for any given quaternion q composed of its vector and

Table 2: Attitude GNC subsystem modeling trade. An
overview of the low-fidelity and high-fidelity modeling con-
siderations for the attitude GNC subsystem. The most salient
tradeoff of low-fidelity onboard models is that they neglect
flexible body dynamics. For example, deflection of solar
wings and vibrations from attitude actuators. Robustness
to these effects is often built-in to onboard functional-level
autonomy for attitude guidance, estimation, and control.

Low fidelity attitude High fidelity attitude

D
yn

am
ic

s

Rigid body dynamics Flexible body dynamics
Reaction wheels (ωrw): time Reaction wheel vibration
Solar wings (ωsw): time Solar wing flex & vibration
Gravity dist. (Tg): S/C pos., att. Microthruster vibration
SRP dist. (Tρ): S/C pos., att. -
S/C Inertia (Icm): wet mass -

In
te

gr
at

io
n Quaternion normalization -

Quaternion properization -
Const. axis of rot. sampling rate -
Const. quaternion rate sampling rate -

S/C: Spacecraft, SRP: Solar Radiation Pressure, Const.: Constant
att.: attitude, pos.: position, rot.: rotation, dist.: disturbance

scalar components as [qv, qs]
T , we have:

Ω (ω) ≜

[
−ω× ω
−ωT 0

]
; Ξ (q) ≜

[
qs13×3 + q×

v

−qT
v

]
.

Here, x× denotes the cross-product matrix defined as:

x× ≜

[
0 −x3 x2
x3 0 −x1
−x2 x1 0

]

The second term of the state derivative ẋatt (Eq. 12) is the
angular acceleration of the spacecraft ω̇sc, which is obtained
through the following rigid-body attitude dynamics model:

ω̇sc = I−1
cm

(
SCTd + uatt − ω×

sc (Jcmωsc + hω)
)
, (14)

where Icm in R3×3 is the inertia matrix of the spacecraft
about its center of mass, Jcm in R3×3 is the inertia matrix
including the inertia contribution of the reaction wheels and
gimballed solar wings, and SCTd in R3 is the disturbance
torque on the system. hω in R3 is the angular momentum
vector of the reaction wheels and solar wings, expressed as:

hω =

n∑
i=1

Irw,iarw,iωrw,i +

m∑
j=1

Isw,jasw,jωsw,j ,

where Irw,i, Isw,i in R3×3 are the inertia matrices,
arw,i,asw,i in R3 are axis of rotation (unit) vectors, and
ωrw,i,ωsw,j in R are the angular velocities of the n reaction
wheels and m solar wings, respectively. Lastly, we consider
the torque form interpretation of Jcm and uatt given in [50]:

Jcm = Icm −
n∑

i=1

Irw,i −
m∑
j=1

Isw,j ,

uatt = −
n∑

i=1

Irw,i (arw,iω̇rw,i + ω̇sc)

−
m∑
j=1

Isw,j (asw,jω̇sw,j + ω̇sc) ,
(15)
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Figure 6: Attitude GNC subsystem case study. The attitude
state of the spacecraft is managed by a system-level software
executive and altered by functional-level attitude GNC algo-
rithms (see architecture in Figure 1). The results show the
performance of autonomous guidance and control algorithms
developed on low-fidelity models of attitude dynamics. The
first plot shows stable tracking control of attitude states using
a combination of actuators shown in the second plot. The last
plot shows attitude modes set by the system-level software
executive to achieve mission goals and ensure system health.

where ω̇rw,i, ω̇sw,j in R are the angular accelerations of the
reaction wheels and solar wings, respectively.

The rigid-body attitude dynamics model given by Eq. 14
is commonly used in the design and analysis of onboard
functional-level autonomy in the attitude GNC subsystem.
For example, it is used to derive attitude controllers [50], [28],
whereby control torques uatt are computed to track a desired
attitude state with desirable guarantees (e.g., stability) and
dynamical responses subject to disturbance torques SCTd.
Eq. 15 can then be solved via optimization to obtain the
reaction wheel accelerations required for the maneuver. Sim-
ilar techniques are used for microthruster-based actuation and
reaction wheel desaturation procedures. For large maneuvers,
attitude guidance algorithms [51], [52] profile the turn by
decomposing the desired final attitude state into a series of
states that the attitude controller tracks sequentially.

Figure 6 exemplifies attitude guidance and control techniques
operating in the context of our small-body mission. The
mission starts at approximately 300 km distance from the
small body. Hence, we consider two disturbance sources:
the gravitational disturbance torque SCTg induced by the Sun
and small body (Eq. 25), and the solar radiation pressure
(SRP) disturbance torque SCTρ induced by the Sun (Eq. 30).
We observe that attitude modes issued by the system-level
software executive, such as recharging, small-body pointing,
and TCM modes, are successfully tracked using a combina-
tion of microthrusters and reaction wheels for actuation.

There are also cases where the rigid-body dynamics model
(Eq. 14) is not appropriate for the design of onboard auton-
omy algorithms. For example, it is typically not used for
non-linear attitude estimation algorithms because its predic-
tion accuracy diminishes with the relatively large noise in
control torques [53], [54] generated by microthrusters (e.g.,

Cassini had approximately ten percent thrust noise). Instead,
filtering-based attitude estimators often directly integrate gy-
roscope measurements for the attitude propagation step [55].

Beyond onboard autonomy, the full dynamical system Eq. 12
can also be used for rigid-body simulation. For instance, the
low-fidelity simulator we use for our experiments, MuSCAT,
employs an equivalent model for attitude simulation. Given
a time step size δt, numerical integration is performed to
predict the next attitude state of the spacecraft:

xatt
t+δt =

∫ t+δt

t

fatt(xatt
τ ,uatt

τ )dτ + xatt
t , (16)

noting that with any significant additive operation on the
state xatt, the quaternion attitude Iqsc must be normalized
such that || Iqsc|| sums to one and properized to maintain
a positive scalar component qs. For higher accuracy, the
sampling rate used by the ODE solver should be set such
that the quaternion rate (Eq. 13) or the axis of rotation is
approximately constant over the integration window.

Considerations for high-fidelity attitude modeling

In our experiments, the attitude GNC models used in MuS-
CAT are equiavalent to the models used to derive the non-
linear attitude controller in [28]. As such, we directly inherit
the performance guarantees of the attitude controller proved
under the rigid-body dynamics model (i.e., global exponential
convergence). However, the presence of complex real-world
effects not captured by rigid-body dynamics can significantly
impact the performance of onboard functional-level auton-
omy algorithms. For example, actuator vibration and large
slew maneuvers can induce small and large angle deflection
of the spacecraft’s solar wings [56]. If unaccounted for, these
complex effects can extend post-maneuver settling times or
destabilize the attitude controller [57], [58]. The state-of-the-
practice preemptively accounts for these effects in the control
design phase, where loop shaping techniques are used to
achieve desired frequency response characteristics according
to performance and robustness specifications (i.e., ensuring
sufficient gain, phase, and flex margins).

Example 6.1: Modeling tradeoffs for onboard autonomy

Where low-fidelity models offer convenience in the initial design
of onboard autonomy algorithms, it is common practice to build-
in robustness to real-world effects not captured by low-fidelity
models. Consider how attitude controllers are carefully tuned to
account for flexible body effects despite being derived from rigid-
body dynamics. In this case, recognizing the limitations of the
low-fidelity model and understanding what high-fidelity effects
must be accounted for are key to robust autonomy design.

It is also possible to directly construct flexible body dynamics
models for spacecraft attitude using finite element methods
(FEMs) [59]. We consider such models high-fidelity due to
their accuracy, which comes at the cost of high computa-
tional complexity, rendering them unsuitable for spacecraft
onboard autonomy. Instead, flexible body dynamics models
are suited to high-fidelity simulation, enabling the verification
and validation of onboard autonomy algorithms designed for
robustness to complex real-world effects (see Example 6.1).

Recent work focuses on connecting models across the attitude
GNC and power subsystems. For example, photovoltaic mod-
els are used for sun pointing [60] and attitude determination
in rover [61] and satellite [62] applications. In particular,
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[62] studies the performance of attitude determination al-
gorithms under photovoltaic models of increasing fidelity,
including models that capture the effects of panel temperature
(as discussed in Section 5). These works demonstrate that
interconnecting models can enable new onboard autonomy
capabilities as well as promote greater estimation accuracy.

Example 6.2: Interconnecting models for greater awareness

Modeling cross-subsystem effects presents more than just an
opportunity to improve the performance of existing functional-
level autonomy algorithms. Redundant information from adja-
cent subsystems promotes situational awareness for system-level
autonomy tasks. Consider how solar array voltage readings can
be cross-checked against attitude estimates to detect faults.

Fully autonomous spacecraft operation requires that system-
level autonomy understands the behavior of the underlying
functional-level autonomy algorithms in nominal and off-
nominal conditions. For example, system-level autonomy
must ensure that TCMs do not violate the flex margins of the
solar wings or that a contingency plan does not compromise
the stability of the attitude controller in an attempt to recover
from a fault. Such may not require running high-fidelity
attitude GNC models onboard the spacecraft, but may in-
stead benefit from redundancy offered by low-fidelity models.
For example, despite Eq. 14 being unsuitable for attitude
estimation (due to microthruster noise), it can still be used
for onboard fault detection or momentum management [63]
tasks. Overall, identifying the appropriate model fidelity for
system-level autonomy tasks is an important and unsolved
problem. We leave the study of this problem to future work.

7. NAVIGATION SUBSYSTEM
The navigation subsystem is responsible for estimating the
navigation state (i.e., position and velocity) of the spacecraft,
its relative orbit with the small body, and planning and execut-
ing TCMs for autonomous rendezvous. It employs orbit prop-
agation models to predict how the navigation state changes
under disturbance and control forces. Variations of these
models are used to propagate orbits with higher accuracy and
numerical precision, whereas simplified models are adopted
for onboard autonomy. The navigation subsystem also in-
cludes measurement and instrument models, which facilitates
orbit determination, the process of estimating spacecraft and
small body states through measurements, observations, and
radiometric communication with ground stations.

The following sections will discuss modeling trades associ-
ated with different processes in the navigation subsystem. For
a discussion summary, please refer to Table 3.

Orbit propagation modeling

Orbit propagation models predict how the position and ve-
locity of the spacecraft evolve when perturbed by disturbance
and propulsion forces. These models take the form of the
following non-linear dynamical system:

ẋnav = fnav (xnav,unav) where xnav =

[IrS,SC
I ṙSC

]
,

(17)
where xnav in R6 is the navigation state, which consists of
the position IrS,SC in R3 and velocity I ṙSC in R3 of the
spacecraft with respect to frame I. The control input unav is
the total thrust applied by onboard propulsion systems.

Table 3: Navigation subsystem modeling trade. Low-
fidelity models for orbit propagation are subject to inac-
curacies in multi-body or close-proximity mission scenar-
ios. High-fidelity considerations include further modeling
the interconnections among navigation, communication, and
attitude GNC, the physical properties of the spacecraft and
the small body, and onboard time for greater accuracy.

Low fidelity navigation High fidelity navigation

O
rb

it
pr

op
ag

at
io

n Single or two-body dynamics Multi-body dynamics
Low-order gravity dist. (Fg) SGH or FEM gravity dist. (Fg)
Cannonball SRP dist. (Fρ) N-plate or RT SRP dist. (Fρ)
- Atmospheric drag dist.
- Magnetic drag dist.
- Relativistic effects

SRP: Solar Radiation Pressure, SGH: Spherical Gravity Harmonics, FEM: Finite Element Method
RT: Ray Tracing, dist.: disturbance

We express the dynamical system (Eq. 17) in terms of its state
derivatives, which capture the gravitational forces induced
by K celestial bodies on the spacecraft, along with SRP,
disturbance, and propulsion forces. The acceleration of the
spacecraft I r̈SC is given by the following dynamics model:

I r̈SC =
1

msc

(
K∑

k=1

IFg
k,CM + IFρ +

I
Fd + unav

)
, (18)

where msc is the mass of the spacecraft, IFg
k,CM is the

gravitational force induced by the k-th celestial body, IFρ

is the SRP force, unav is the thrust, and I
Fd accounts for all

other disturbance forces (e.g., atmospheric and electromag-
netic drag). We assume the spacecraft frame SC is located at
the center of mass CM, which drifts as fuel is consumed.

The overall fidelity of the orbit propagation model (Eq. 18)
is determined by what perturbation forces it accounts for and
how accurately each of the perturbations are modeled. Low-
fidelity orbit propagation models could, for example, employ
low-order gravity disturbance models and cannonball SRP
models, where the spacecraft’s shape is approximated by a
sphere [64]. Such models could be reasonably accurate when
the spacecraft is operating sufficiently far from the Sun and
other gravitationally interacting bodies, as in our small-body
mission. However, close-proximity navigation with small
bodies requires the use of high-fidelity orbit propagation
models. For example, high-fidelity modeling of gravitational
fields induced by small bodies includes higher-order spheri-
cal gravity harmonics [65] and finite element methods [66]
(also used to estimate the internal density variations of small
bodies). Likewise, N -plate models [67] and, in special cases,
ray tracing techniques [68] are used for high-fidelity SRP
modeling, accounting for absorption and reflection effects on
the spacecraft’s geometry (i.e., given by a CAD model).

Low-fidelity orbit propagation models are commonly used
for functional-level onboard autonomy in the navigation sub-
system. For example, orbit determination algorithms based
on Extended Kalman Filters (EKF) [69] approximate Eq. 18
by exclusively modeling gravity perturbations (i.e., assuming
SRP, drag, and other perturbing forces as noise) [70]. This
simplifies the computation of the state transition matrix Fnav
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Figure 7: Navigation subsystem case study. The spacecraft
autonomously performs a series of trajectory correction ma-
neuvers (TCMs) to rendezvous with the target small body.
These TCMs are computed using Lambert’s problem, an
astrodynamics model that determines the trajectory between
two points within a specified time frame. The result shows
the spacecraft’s approach with cumulative thrust from TCMs.

as required by EKFs to propagate the state covariance:

Fnav =
∂ I r̈SC

∂ IrS,SC
=

K∑
k=1

∂ I r̈SC

∂ Irk,SC

∂ Irk,SC

∂ IrS,SC
where

∂ I r̈SC

∂ Irk,SC
=

3µk
Irk,SC(

Irk,SC)
T

|| Irk,SC ||52
− µk13×3

|| Irk,SC ||32
.

Here, Irk,SC in R3 is the position of the spacecraft with
respect to k-th celestial body (equal to IrS,SC − IrS,k).

Low-fidelity orbit propagation models can also be used in
simulation to obtain ground-truth position and velocity of the
spacecraft. For instance, MuSCAT considers (a) gravitational
forces on the spacecraft induced by the Sun and the small
body (Eq. 23), and (b) a spacecraft N -plate model for SRP
(Eq. 29). Given a time step size δt, numerical integration is
performed to predict the next navigation state as follows:

xnav
t+δt =

∫ t+δt

t

fnav(xnav
τ ,unav

τ )dτ + xnav
t . (19)

Notice that Eq. 19 integrates the dynamical system in Eq. 17,
where the position of the spacecraft IrS,SC is expressed at
some distance from the Sun (denoted by S). The Sun is
therefore the center of integration. To maintain numerically
precise states during simulation, the center of integration
must be switched once the spacecraft enters the sphere of
influence of a new celestial body, such as the small body.

The result of simulating our small-body mission with MuS-
CAT’s orbit propagation model is shown in Figure 7. We
observe that TCMs autonomously executed by the space-
craft drive it closer to the small body as desired. This is
achieved by providing the onboard autonomy with simulated
spacecraft and small body states resembling those that can
be estimated with optical navigation methods once the small
body is within view (i.e., during the approach phase) [71].

In complex orbital scenarios, however, low-fidelity orbit
propagation models can lead to cumulative numerical inaccu-
racies over time. Consider future missions to Europa or Ence-
ladus. These missions may need to account for many gravita-
tionally interacting bodies, atmospheric drag [72], magnetic
fields [73], and other relativistic effects. Moreover, when
dominant forces greatly overshadow minor perturbations, as
seen in interactions with massive celestial bodies like gas
giants, the numerical integration of low-fidelity models in

Eq. 19 can be susceptible to truncation errors [74]. Thus,
increasingly complex multi-body scenarios may require the
adoption of high-fidelity orbit propagation models.

Instrument and measurement models for orbit determination

In addition to orbit propagation models, the navigation sub-
system also employs various instrument and measurement
models. These models are used by navigation or orbit deter-
mination algorithms to estimate states of the spacecraft and
the small body using onboard observations, measurements,
or radiometric communication with the ground station. Sev-
eral navigation methods and models have been explored.
For example, radiometric navigation involves measuring the
time delay and Doppler shift of radio signals between the
spacecraft and ground station [75], while optical naviga-
tion uses images of the target small body captured by the
spacecraft [71], [76] (autonomous optical navigation has been
experimentally applied on the Deep Space 1 spacecraft [77]).
Pulsar-based navigation is a novel method using timing sig-
nals from X-ray pulsars for spacecraft localization [78], [79],
[80]. In our study using the MuSCAT simulator, rather
than implementing high-fidelity instrument and measurement
models for radiometric or optical navigation, we approximate
their performance using realistic bounds on error and associ-
ated uncertainty in states used by other onboard algorithms.

Considerations for cross-subsystem modeling

The navigation subsystem heavily interacts with other space-
craft subsystems, offering the possibility of interconnecting
their models for greater situational awareness. For example,
communication and instrument models are used for radiomet-
ric and optical navigation, respectively. Importantly, models
residing in different subsystems must be carefully selected
to ensure compatibility for cross-subsystem integration and
consistency in the type of information they process (see Ex-
ample 7.1). There is also a need to further explore emerging
technologies, such as pulsar-based navigation and optical
navigation, and understand how their associated physics mod-
els can be integrated to the benefit of system-level autonomy.

Example 7.1: Interconnecting models for greater awareness

When interconnecting subsystem models, special attention must
be paid to their fidelity levels to ensure consistency and conti-
nuity of model information across the system [81]. Consider
how uncertainty in spacecraft attitude estimates may propagate
through a statistical communication model (Section 8), which in
turn may affect radiometric navigation. Capturing such effects
requires the use of probabilistic models in all three subsystems so
that uncertainty can be feasibly propagated and reasoned about.

8. COMMUNICATION SUBSYSTEM
The communications subsystem is responsible for receiving
and transmitting data between the spacecraft and mission
control. It involves models for antenna gain patterns, signal
attenuation, modulation and demodulation processes, and
bandwidth management. These models are essential for
both functional- and system-level autonomy. For example,
functional-level autonomy might adjust the antenna’s orien-
tation and select an optimal modulation scheme to maintain
a robust communication link. System-level autonomy must
understand the communication capacity and constraints. For
instance, an autonomous scheduler may need to determine the
optimal times to send large data packets or delay non-critical
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data transmission based on predicted communication link
quality and onboard power budgets. System-level autonomy
can also leverage emerging technologies such as demand ac-
cess [82], which enables spacecraft to request ad-hoc ground
support instead of relying on long-lead planning strategies.

The following sections will discuss modeling trades associ-
ated with different processes in the communication subsys-
tem. For a discussion summary, please refer to Table 4.

Low-fidelity communications modeling

We begin with a low-fidelity communications model for the
communication link quality between a transmitter and re-
ceiver. The model takes a link budgeting approach to compute
the received carrier-to-noise density ratio C/N0 (dB-Hz) by
summing deterministic values of link parameters along the
signal processing chain (visualized in Figure 8):

C

N0
= EIRP +G/T − L− k (dB-Hz), (20)

where EIRP (dBW) is the equivalent isotropic radiated
power, which includes the gains and losses on the transmis-
sion side, G/T (dB/K) is the receiver gain over system noise
temperature, which characterizes the receiver sensitivity, k is
the Boltzmann’s constant (−228.6 dBJ/K), and L (dB) rep-
resents all losses, including free-space, atmospheric, fading,
multi-path, polarization, implementation, and pointing losses.

The data rate, defined as the speed at which data is trans-
mitted over a communication channel in bits per second
(bps), plays a key role in communication subsystem design.
The appropriate data rate is influenced by the acceptable
error rate in received data, which can be measured as Bit
Error Rate (BER) or Frame Error Rate (FER). For example,
uncompressed spacecraft telemetry data can tolerate more
transmission errors than compressed science data. We can
infer the necessary energy-per-bit to noise power spectral
density ratio (Eb/N0) from coding performance curves by
setting an error rate tolerance. This information, in turn,
allows us to model the data rate Rb as:

Rb = C/N0 − Eb/N0 −M (dB-HZ), (21)

where Rb (dB-Hz) equals 10 log10(Rb (bps)), C/N0 is the
carrier-to-noise density (Eq. 20), and M is the desired link
margin. Typically, a 3 dB margin is used to calculate an
adequate data rate for a given link design, while larger link
margins are used when (a) links have not previously been im-
plemented or (b) if link parameters are not well understood.

While the data rate model given by Eq. 21 is straightforward
and widely accepted for links not constrained by power, we
consider it low-fidelity for two reasons. First, it neglects
the statistical nature of specific link parameters, such as
polarization and antenna pointing losses [83]. Instead, the
model assumes worst-case values for these link parameters,
which may yield overly conservative data rates. Second, the
3 dB link margin lacks rigorous mathematical and statistical
justification, leaving its adequacy in question for autonomous
spacecraft operation in safety-critical settings.

Considerations for high-fidelity communications modeling

High-fidelity communications modeling focuses on the com-
plexities and statistical nature of communication links [83].
These models expand on the foundational communication
components in low-fidelity models while involving changing

Table 4: Communication subsystem modeling trade. The
most prominent tradeoff of low-fidelity communication mod-
els is that they do not capture the statistical characteristics of
communication links. High-fidelity models are also required
for higher frequency channels, where non-Guassian and non-
linear effects impact the communication link quality.

Low fidelity communication High fidelity communication

M
od

el
s

Static link budget S/C and environment dynamics
Relevant gains and losses Non-linear effects and losses
Deterministic parameters Statistical analysis or simulation
Physical OSI layer only Data-link and network OSI layers
Coding and modulation Data buffers and protocols

S/C: Spacecraft, OSI: Open Systems Interconnection

à TX Power à Link Margin

(+) TX Gain

(-) TX Line Loss

(-) Pointing Loss

(+) RX Gain (+) Coding Gain

(-) RX Line Loss

(-) Pointing Loss

(-) System Noise 
Temperature

(-) Free 
Space Loss

Deep Space Earth

Figure 8: Communication subsystem link budget. The
communication link between a satellite and a ground-based
antenna is influenced by several parameters, including trans-
mission power, antenna radiation patterns, pointing losses,
and atmospheric effects. A link budget analysis considers
these deterministic gain and loss parameters along the signal
processing chain to compute the receiver carrier-to-noise
density ratio, an estimate of the communication link quality.

carrier-to-noise densities, variations in onboard data gener-
ation rates, and onboard data buffering and storage. Besides
improved models of the physical communications layer, high-
fidelity modeling of layers above in the OSI model [84] are
also core focus areas. The data link layer, for example,
promotes reliable communication through Automatic Repeat
reQuest (ARQ) re-transmission strategies [85].

Let us consider the Go-Back-N ARQ protocol, where N
frames are transmitted before an acknowledgment (ACK) is
required from the receiver [83]. The known acknowledgment
channel FER is denoted by Pack, which reflects the probabil-
ity that acknowledgment messages are received with errors.
We can express the effective data rate Reff as:

Reff =
Rb

1 +
N

(
1−

[
1−f

(
C
N0

−Rb

)]
(1−Pack)

)
(
1−f

(
C
N0

−Rb

))
(1−Pack)

(bps), (22)

where Rb is the raw data rate (Eq. 21), and f(·) denotes
the FER performance curve used in the link. Notice how
including a data link layer protocol and a known FER may
significantly vary the effective communication data rate [86].
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Example 8.1: Modeling tradeoffs for onboard autonomy

Understanding the assumptions and limitations of low-fidelity
models can drive the development of autonomy algorithms that
correct for model errors. Consider how ARQ onboard autonomy
improves communication reliability in the presence of errors
that a low-fidelity communication link model does not capture.
However, the use of ARQ here may also highlight the need to
further explore the statistical behavior of communication links.

As mentioned in Example 7.1, there are opportunities to
refine and interconnect communication subsystem models to
capture cross-subsystem effects. Examples of such effects
include how power transmission capacities might influence
the communication link quality (Eq. 20) and how uncertain-
ties in attitude estimates might affect antenna pointing losses.
Modeling these dependencies allows for the possibility of
onboard situational awareness, whereby system-level auton-
omy can reason across subsystems to, for example, attribute
communication failures to uncertainty in the spacecraft’s
attitude. Further understanding these model relationships will
help inform future modeling and integration efforts for new or
improved autonomous onboard capabilities.

As communications technology progresses to higher fre-
quency channels, such as Ka-band and optical links, the com-
plexities of communication link modeling increase accord-
ingly. Such channels are prone to non-Gaussian and nonlinear
effects, including disturbances like turbulence, scintillation,
and antenna pointing jitter, which may render the constant
C/N0 assumption inaccurate for deep space communication.
For instance, a Ka-band communication link between Earth
and a Mars spacecraft, with a round-trip light time of ten
to forty minutes and atmospheric disruptions, can experience
rapidly varying channels, which cannot be characterized with
low-fidelity deterministic models [83]. Consequently, to
ensure the reliability and efficacy of new communications
technology for challenging deep space missions, there is an
need to further develop high-fidelity communication models.

9. DISCUSSION
Key insights: Examples from subsystem fidelity analysis

We have paired our analysis of subsystem model fidelity
with inline examples; for instance, Example 5.1 in the power
subsystem. These examples demonstrate how our modeling
considerations can (or have been) applied to benefit their
respective subsystems. They also provide further insights
on modeling and its broader implications on autonomy. We
summarize the key insights of those examples below.

• Example 5.1: The need to interconnect models is a byproduct
of increasing model fidelity to account for cross-subsystem
dependencies and fine-grained environment effects.

• Example 5.2: Modeling higher-order effects enables the
possibility of using autonomy that capitalizes on those effects
for greater efficiency or robustness of the system.

• Example 5.3: A subsystem process can be described by mul-
tiple models, but the autonomy use case(s) of these models
may differ according to their implementation.

• Example 6.1: Robustness to higher-order effects can be built
into autonomy derived from lower-fidelity models.

• Example 6.2: Considering the interconnections among sub-
system models can provide opportunities to improve system
robustness through cross-checking and direct modeling.

• Example 7.1: When integrating models across subsystems,
choosing models with similar fidelity levels promotes com-

patibility among models and consistency in the type of infor-
mation propagated through the system (e.g., uncertainty).

• Example 8.1: The limitations of low-fidelity models can be
mitigated via autonomy that corrects for model errors.

Modeling considerations: Simulation versus onboard

While simulation software and spacecraft subsystems employ
related models, they are unlikely to run identical models in
the general case. This is because model selection is driven
by the requirements and constraints of the system, which
differ between simulation software and onboard subsystems.
These requirements and constraints can include whether the
system (a) must produce or relies on having high-fidelity
state predictions, (b) can directly access or indirectly estimate
spacecraft and environment states to support model integra-
tion, or (c) is constrained by computational complexity, (d)
design complexity, and (e) implementation cost.

Simulation— The goal of general-purpose spacecraft sim-
ulation is to simulate the behavior of the spacecraft, its
subsystems, and the environment with high precision and
accuracy. Here, model selection may not be constrained by
computational complexity, affording the use of high-fidelity
physics models. Interconnecting models can be considered
a design requirement to support joint simulation of multiple
spacecraft subsystems while accounting for cross-subsystem
effects. Importantly, as is the case in simulation, ground-truth
access to spacecraft and environment states may simplify the
simulator’s design and implementation (i.e., model integra-
tion). As noted in Section 2, such a high-fidelity simulation
architecture does not currently exist. MuSCAT integrates
models across several core spacecraft subsystems (Figure 4),
but it specifically targets low-fidelity simulation for efficient
prototyping and testing of autonomy algorithms.

Onboard— Spacecraft onboard autonomy aims to achieve
mission goals independent of external control [1]. Thus,
onboard model selection is driven by the enablement of au-
tonomy capabilities required for intended the mission and the
satisfaction of mission and spacecraft constraints. Mission
constraints could, for example, include safety or risk margins,
operational efficiency, design, implementation, and opera-
tions cost. Spacecraft constraints include the availability of
onboard compute (i.e., computational complexity), hardware,
and sensing, along with software design complexity.

The requirements and constraints of a mission may give rise
to multiple plausible autonomy architectures (hardware and
software), among which the most viable autonomy archi-
tecture must be selected. Figure 1 depicts one such viable
autonomy architecture for the DARE mission (Figure 2),
wherein system-level autonomy units plan, manage, and or-
chestrate the execution of tasks for multiple functional-level
autonomy units. Each autonomy unit at the system-level and
functional-level consists of one or more autonomy algorithms
running simultaneously. These autonomy algorithms are
carefully selected to meet mission requirements. Onboard
models must be chosen accordingly to support both the de-
sign and real-time operation of these autonomy algorithms.
Examples could include the choice of rigid-body dynamics
models (Eq. 14) for attitude control or MPPT models (Eq. 6)
offering accurate predictions of generated power for system-
level planning. In general, full spacecraft autonomy will
likely require a combination of low-fidelity and high-fidelity
models, each supporting their respective autonomy functions.

In contrast to simulation, we cannot assume direct access
to spacecraft and environment states, or extensive compu-
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Table 5: Autonomy principles relevant to modeling consid-
erations for developing deep space autonomous spacecraft.

Principle Description

1.2: Explicit Models Use explicit models for information that
will be reasoned about

1.3: Interconnected Models Use an interconnected and coordinated
set of models across abstractions

1.4: Abstraction-associated
Models

Associate models with all abstractions
that represent data, behaviors, or devices

1.5: State Access Provide a uniform means for identifying,
accessing, and managing state knowledge
that will be reasoned about

1.9: State Uncertainty Include appropriate characterizations of
uncertainty in state knowledge and in as-
sociated models

1.10: Reconciled Knowl-
edge

Base reasoning on knowledge, where in-
formation from considered sources has
been reconciled

tational resources onboard the spacecraft. Such constraints
complicate model integration and may bias model selection
to efficient (low-fidelity) models. Nevertheless, the lack of
ground-truth state access can, to some extent, be alleviated
through state estimation, state prediction, and sensors for
direct measurement of states. Evaluation of the autonomy
architecture, its algorithms, and the underlying models in
simulation is necessary to quantitatively guide model refine-
ment over multiple testing and development cycles.

Connections to Autonomy Principles

In prior publications, we proposed a set of autonomy prin-
ciples derived from years of experience architecting au-
tonomous systems [81]. These principles serve to guide the
development of future multi-mission autonomous systems.

We discuss the relationship between several autonomy prin-
ciples and the modeling considerations studied in this work.
Since modeling is our core focus, we only consider the
Information and Knowledge category of autonomy principles,
while principles pertaining to Reasoning, Control Behaviors,
and Actions relate to autonomy design. Please refer to Table 5
for a description of the relevant autonomy principles.

Principle 1.2: Explicit Models—We have outlined explicit
models for variables (e.g., states) and processes in four space-
craft subsystems. These models describe relevant relation-
ships among subsystem states, enabling (a) functional-level
autonomy that estimates, predicts, and controls states and (b)
system-level autonomy that reasons over explicit models for
system health and data management, planning, and execution.

Principle 1.3: Interconnected Models—We have noted sev-
eral interconnections among subsystem models, particularly
where models represent related elements of the same en-
tity. For example, both star trackers and solar array voltage
measurements inform the attitude state of the spacecraft.
Such dependencies offer redundancy on system states (Ex-
ample 6.2) and the opportunity to reconcile state information
(Principle 1.10), both of which support robustness. We also
outline a hierarchy of fidelity levels to ensure the appropriate
use of models for various autonomy functions in the stack.

Principle 1.4: Abstraction-associated Models—We have as-
sociated models with several important abstractions of space-
craft subsystems. Associating models with all abstractions
that will be reasoned about—including data, behaviors, and

devices—will require a detailed specification of our space-
craft autonomy architecture. This detailed specification does
not currently exist but will be outlined in future work.

Principle 1.5: State Access—As illustrated in Figure 1, this
principle is honored by our proposed autonomy architecture,
which separates system-level autonomy from the underlying
subsystems it must operate over and allows system-level au-
tonomy to access the states of those subsystems for reasoning
tasks such as system health management and planning.

Principle 1.9: State Uncertainty—In our study, accounting
for uncertainty in state knowledge and in associated models
is exemplified by (a) the use of filtering-based estimators
in attitude GNC and navigation and (b) the need to further
develop statistical models in communications. Propagation
of uncertainty across subsystems may be enabled through an
interconnected set of models (Example 7.1), which informs
state and promotes safe decision-making at the system-level.

Principle 1.10: Reconciled Knowledge—As previously noted,
understanding the interconnections among models (Princi-
ple 1.3) allows for cross-checking to reconcile knowledge
or direct modeling to aggregate knowledge produced by dif-
ferent subsystems. Discrepancies in knowledge may reflect
faults, while correspondences can be exploited for safe action.

Limitations and future work

We outline four avenues for future work. First, our analysis
can be extended by implementing higher-fidelity models and
evaluating them alongside low-fidelity models. Such a study
could inform onboard model selection based on observed per-
formance gaps and constraints. Second, while we categorize
models based on their fidelity levels, follow-on work should
target the subselection of models to satisfy detailed specifica-
tions of autonomy requirements and spacecraft constraints.
Third, while we highlight thermal dependencies in several
subsystems, we do not analyze thermal models. The effects
of thermals on adjacent subsystems can be significant and
should be investigated. Lastly, our case study considers only
the cruise and approach phases of the small-body exploration
mission. Future work should include downstream mission
phases where other subsystems, such as thermal, mobility,
and instruments, have a more significant role.

10. CONCLUSION
Autonomous spacecraft operation provides an opportunity
to expand the frontier of science missions to worlds with
complex and dynamic environments that are not well char-
acterized a priori. These missions require functional-level
and system-level autonomous capabilities, both of which
rely on models to predict subsystem behavior subject to
environment effects. System-level capabilities, in particular,
require situational awareness in order to autonomously plan
and schedule tasks, whilst ensuring system health in off-
nominal and uncertain scenarios. This may drive the need
to further refine and interconnect onboard models for greater
system-level understanding, in turn enabling robust action.

The focus of this paper is to identify and analyze the tradeoffs
of model fidelity across four major spacecraft subsystems:
power, attitude GNC, navigation, and communications. Our
contributions include the following: (i) an analysis of sub-
system models, including categorizations based on model
fidelity and couplings with models in adjacent subsystems;
(ii) a discussion of modeling considerations to be quantita-
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tively evaluated in future trade studies; (iii) a case study for
the cruise-approach phases of a deep space exploration mis-
sion, which demonstrates the use of an interconnected set of
low-fidelity models for autonomous small-body rendezvous.
In providing a means to inform state knowledge through
cross-checking, we conclude that interconnecting models is a
promising avenue for developing onboard situational aware-
ness and robust system-level autonomous capabilities.

In summary, this work reflects a first step in the direction of a
holistic, system-level assessment of onboard models required
for fully autonomous spacecraft operation. We hope to spur
continued research at the intersection of modeling, architec-
ture, and algorithm development for deep space autonomy.
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APPENDIX
In this section, we outline MuSCAT’s environment models.
These environment models produce disturbance forces and
torques on the spacecraft that we refer to in the main text.

Gravity disturbance models

Force—When the spacecraft is positioned at large distances
from the Sun and potential small bodies of interest, we
simulate the force of gravity as a uniform force field induced
by a point mass at the center of a small body B (or the Sun S)
acting on the center of mass CM of the spacecraft:

IFg
B,CM = − µbmsc

|| IrB,CM||3
IrB,CM, (23)

where µb = Gmb is the gravitational constant of a small
body, msc is the mass of the spacecraft, and IrB,CM is the
position vector from the small body to the center of mass of
the spacecraft. The Sun and the target small body are the only
celestial bodies included in the simulation.

Torque—The gravitational force induces a disturbance torque
as a function of the spacecraft’s geometry. We consider the
spacecraft as composed of continuous mass elements dm
located a IrB,dm = IrB,SC + [IRSC ]

SCrSC,dm. The force
acting on each mass element is:

d IFg
B,dm = − µbdm

|| IrB,dm||3
IrB,dm.

We can compute the total disturbance torque by integrating
over the torque contributions of each mass element:

SCTg =

∫
dm∈SC

IrB,dm ×
(
[SCRI ]d

IFg
B,dm

)
dm (24)

We approximate the total disturbance torque given by Eq. 24
based on the cuboid geometry of a SmallSat spacecraft.

Assuming that the mass of the spacecraft msc is uniformly
distributed, we discretize the spacecraft into K3 cuboids (K
partitions along each axis of frame SC). Each partition
has a mass mk = msc

K3 centered at IrB,k = IrB,SC +

[IRSC ]
SCrSC,k. The gravitational force IFg

B,k acting on the
k-th cuboid and the resulting torque SCTg

k is given by:

IFg
B,k = − µbmk

|| IrB,k||3
· IrB,k,

SCTg
k = SCrCM,k ×

(
[SCRI ]

IFg
B,k

)
.

Finally, the total disturbance torque is computed as the sum
of individual disturbance torques of each mass partition:

SCTg =

K3∑
k=1

SCTg
k. (25)

Solar radiation pressure models

Preliminaries— The energy E(λ) produced by light is in-
versely proportional to its wavelength λ (or proportional to
its frequency f ):

E(λ) =
hc

λ
= hf (J),

where h is the Planck constant and c is the speed of light.
The flux Φ(λ) in s−1 m−2 quantifies the number of photons
passing through a unit area per second. Power density D(λ)
is computed by multiplying flux Φ(λ) with light energy E(λ):

D(λ) = Φ(λ)E(λ) (Wm−2).

The power density (i.e., irradiance) quantifies the energy
transferred by the light per second per unit area. The spectral
irradiance F (λ) is defined as the wavelength derivative of the
power density d

dλD(λ). Because the Sun produces a range
of electromagnetic waves with varying wavelengths, we must
integrate over the spectrum of wavelengths to compute the
total power density of the Sun:

H0 =

∫
∀λ

F (λ)dλ (Wm−2).

Here, H0 is a constant that refers to the power density per
unit area of the Sun’s spherical surface 4πr20 , where r0 is
the radius of the Sun. The power density of sunlight at a
distance d from the Sun is computed by taking the ratio of
two spherical areas:

H(d) = H0

(
4πr20
4πd2

)
= H0

(r0
d

)2
(Wm−2). (26)

Finally, dividing the power density H(d) by the speed of light
c gives the solar radiation pressure (SRP):

ρ(d) =
H(d)

c
(Nm−2). (27)

Force—The solar radiation pressure (Eq. 27) exerts a force
on the spacecraft as a function of its geometry. We assume
that the exterior geometry of the spacecraft can be described
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by a collection of N plates [67], each with area an, reflection
coefficient rn, surface normal unit vector SCn̂n, and center of
pressure located at IrS,n = IrS,SC + [IRSC ]

SCrSC,n.

The SRP force acting on each face is proportional to the
incidence angle of the light:

θn = arccos

( IrS,n

|| IrS,n||2
· [IRSC ]

SCn̂n

)
.

The SRP force acting on the n-th face is given by:

IFρ
S,n = ρ

(
|| IrS,SC ||

)
an(1 + rn) cos(θn)

IrS,n, (28)

where IrS,SC is the position vector from the Sun to the space-
craft. Finally, the total SRP force is the sum of individual
forces acting on each face:

IFρ =

N∑
n=1

IFρ
S,n. (29)

The resulting direction of the total SRP force IFρ depends
on the position, attitude, and geometry of the spacecraft.

Torque—The SRP force acting on each face of the spacecraft
(Eq. 28) induces a disturbance torque about the spacecraft’s
center of mass. The torque contributed by the n-th face is:

SCTρ
n = SCrCM,n ×

(
[SCRI ]

IFρ
S,n

)
.

The total SRP disturbance torque is finally expressed as the
sum of individual torques of each face:

SCTρ =

N∑
n=1

SCTρ
n. (30)
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