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A HYBRID CLOSED-LOOP GUIDANCE STRATEGY
FOR LOW-THRUST SPACECRAFT ENABLED
BY NEURAL NETWORKS

Nicholas B. LaFarge; Kathleen C. Howell] and Richard Linares*

Recent advancements demonstrate machine learning as a potentially effective approach for
onboard guidance. Neural network controllers overcome challenging dynamical regions of
space and, in contrast to traditional iterative approaches, evaluate in constant time. How-
ever, neural networks frequently behave unpredictably, and the resulting control solution is
likely to violate practical limits. This investigation proposes a hybrid guidance approach that
simultaneously benefits from the speed of neural networks and the robustness of traditional
iterative methods to ensure all mission criteria are met. In this paradigm, the neural network
rapidly produces accurate startup solutions that undergo several pre-processing techniques,
ultimately improving the performance for onboard targeting.

Advancements in onboard autonomy are enabling new opportunities for establishing a sustained human
and robotic presence in deep space. In complex multi-body dynamical environments, such as in the Earth-
Moon neighborhood, onboard applications for low-thrust spacecraft are particularly challenging. Current
onboard guidance techniques are typically iterative, and require sufficiently accurate startup solutions. This
investigation demonstrates a neutral network’s ability to rapidly provide initial guesses for iterative guidance
techniques, and illustrates several pre-processing methods that transform a neural network-computed control
history into a suitable startup solution, creating a robust hybrid approach to onboard closed-loop guidance.

Onboard guidance involves mapping state estimates to thrust commands. This mapping is frequently ac-
complished by applying iterative approaches or optimal control theory. However, several recent investiga-
tions employ neural networks to approximate the complex nonlinear control function. Constant evaluation
time makes neural networks an attractive tool for onboard use. Recent investigations demonstrate neural net-
work controller efficacy in problems that include planetary landing,' asteroid proximity operations,” missed
thrust analysis,®> and multi-body guidance.* While effective in these problems, one notable limitation in di-
rectly employing a neural network as a controller is that the corresponding solution may violate practical
constraints of which the network is not aware. For example, prior work frequently assumes that a low-thrust
engine possesses no lower bound on thrust, and is able to continuously and instantaneously alter both thrust
direction and magnitude over the entire trajectory. The neural network is trained prior to onboard deployment
and, hence, is unable to adjust a suggested control history in real time. This investigation addresses this limi-
tation by proposing a hybrid guidance model in which, rather than replacing existing methodology, the neural
network augments and improves the initial guess generation process for a traditional iterative approach. In
combining neural network and targeting paradigms, the resulting hybrid guidance framework simultaneously
benefits from the speed of neural networks and the robustness of targeting to ensure all mission criteria are
met.

Trajectory targeting and optimization methods, in general, require suitably accurate startup solutions. In
multi-body problems, trajectory designers often generate low-cost initial guesses for transfers by leveraging
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dynamical systems theory and invariant manifolds.>® Dynamical systems-based approaches are leveraged in
many previous applications and, when combined with differential corrections and/or optimization techniques,
yield optimal solutions for many applications. However, this approach can be computationally intensive and
often requires human-in-the-loop interactions. Alternatively, global optimization techniques, such as basin-
hopping and evolutionary algorithms, reduce the need for accurate startup solutions,’ but the corresponding
computational complexity renders them infeasible for onboard use. Without a trajectory designer in-the-loop,
onboard startup arcs are typically generated in one of two ways. The most common approach is to store a
database of optimal solutions on the flight computer, and adjust the solutions as needed during flight.® Alter-
natively, a recent proposed approach is to generate infeasible startup arcs based on two-body approximations,
and correct discontinuities with onboard targeting.” In multi-body regimes, conic approximations are fre-
quently insufficient, and limit the onboard guidance capability.® Neural networks alleviate the need for many
pre-compute optimal control histories to be stored in the database approach by computing feasible thrust
commands in real-time.

While a similar hybrid guidance paradigm is suggested in previous work,* this investigation differs in
several notable ways. First, the prior method demands a human in-the-loop to determine which control
segments to combine, and does not offer a consistent set of parameters that achieve convergence over a broad
range of scenarios. Furthermore, the previous thrust combination technique does not accommodate practical
engine limitations, and performs inconsistently in cases where segments are suggested with large variations
in thrust direction and/or small thrust magnitude values. Finally, this investigation incorporates reference
motion in the initial guess generation process, reducing the computational footprint of the neural network
guidance algorithm, and improving convergence consistency.

PROBLEM FORMULATION

The proposed hybrid guidance approach, using neural network and targeting techniques, is evaluated in the
Earth-Moon neighborhood. In this area, the three-body problem serves as a suitable dynamical model that
is representative of observed natural motion in cislunar space. In particular, the planar Circular Restricted
Three-Body Problem (CR3BP) is a useful environment for preliminary evaluation because it both represents
a challenging region of space that is relevant to upcoming missions while sufficiently low-fidelity for ini-
tial analysis of the hybrid guidance scheme. Additionally, low-thrust propulsion is included to demonstrate
algorithmic performance despite limited control authority and pronounced nonlinearities.

Neural Networks

Neural Networks (NNs) are of particular recent interest for potential onboard activities. A neural network
is a class of nonlinear statistical models that are frequently employed in machine learning classification
and regression tasks.'® The capability to implement a neural network on a flight computer is under active
development, and new hardware technologies will render machine learning approaches more accessible and
productive for onboard use.* Various methodologies exist for training a neural network controller. Recent
investigations focus on leveraging supervised learning and/or reinforcement learning. In a supervised learning
approach, many nearby optimal solutions are generated using traditional optimization methods, and a neural
network is constructed to approximate the optimal behavior. Alternatively, reinforcement learning produces
a neural network controller via direct interaction with the dynamical environment, and does not assume a-
priori knowledge of the decision making process. Both approaches produce a similar result: a neural network
controller that maps state estimates to thrust commands. The proposed hybrid guidance approach employs
the end result of training and is, therefore, equally applicable to both methodologies, though specific details
may vary depending on the problem definition and network input/output variables.

Several notable investigations leverage supervised learning techniques for spacecraft guidance. Dachwald
applied a shallow NN to low-thrust trajectory optimization as early as 2004.'! More recent investigations
in multi-body dynamical regimes involve heteroclinic transfer identification,'? low-thrust trajectory correc-
tions,' and missed thrust analysis.? Supervised learning techniques can produce desirable outcomes but carry
several notable drawbacks. First, such approaches assume knowledge of the decision-making process. By



selecting desired outcomes, the user assumes a-priori knowledge of the basis for decision making. This as-
sumption implies that 1) the user-generated data accurately reflects the desired outcomes; and 2) techniques
are available to solve the current problem and to generate the data. In regimes where such knowledge is
absent, supervised learning techniques are not applicable.

Reinforcement learning techniques are of particular recent interest in spaceflight problems. Reinforcement
learning-enabled onboard guidance is broadly categorized based on the phase of flight. Notably productive
areas of reinforcement learning research are landing problems’:'# and small body operations.> !> Other inves-
tigations include rendezvous, ' exo-atmospheric interception,'” stationkeeping,'® and detection avoidance.'”
Studies that involve low-thrust spacecraft in a multi-body dynamical regime include transfer design using
Q-Learning® and Proximal Policy Optimization (PPO),*?! as well as orbit approach guidance.?? The neural
network controller employed in this investigation is trained using reinforcement learning methodology as
detailed by LaFarge et al.*

Dynamical Model

The planar CR3BP is a model for the motion of an infinitesimal mass moving under the influence of two
celestial bodies within the orbital plane. In this model, two spherically symmetric gravitational bodies, P;
and P, form the primary system as they move in circular orbits about their common barycenter, B; P; moves
freely with respect to the barycenter in the same plane as P, and P, depicted in Figure 1. The relative size of
the primaries is represented by the mass ratio u = Ms /(M + Ms), with M; assumed to be the larger of the
two bodies. Furthermore, this model assumes that the mass of P is infinitesimal compared to the masses of
the primary bodies and, thus, does not influence the motion of the primary system. The position and velocity
of Ps, denoted r3, vs, respectively, comprise the vector p = [z y & ] T The vector components are
propagated with respect to the system barycenter, B, in a rotating reference frame, denoted by dashed lines
in Figure 1.

Many mission architectures benefit from the inclusion of low-thrust electric propulsion. In contrast to tra-
ditional chemical engines, electric propulsive engines are much more efficient, but deliver energy changes
over longer time intervals. Low-thrust engines using Solar Electric Propulsion (SEP) include ion thrusters,
which are powered through solar panels on the spacecraft. Currently, ion thrusters are successfully employed,
for example, on Deep Space 12* and Dawn,?* as well as other missions. Building on this progress, upcoming
low-thrust missions include Psyche? and the Lunar Gateway.?® This investigation assumes that P; is a space-
craft with a Constant Specific Impulse (CSI) low-thrust engine. The additional propulsion force augments
the natural planar CR3BP equations of motion with low thrust terms,
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where the right column denotes the additional terms introduced by the low-thrust force, ¢t* and [* are the
system characteristic time and length, respectively, and gy = 9.80665 x 10~3 km/s. The distances between
the first and second primary body are defined as 13 = /(z + )2 + y2 and 723 = \/(x — 1 + p)? + 2%,
respectively. Motion in the CR3BP is nonlinear in a notably sensitive dynamical regime, thus, the proposed
guidance strategy exploits the impact of the low-thrust terms to achieve desired behavior. As detailed by Cox
et al.,?’ thrust direction is defined by the low-thrust acceleration vector,
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where f is the nondimensional thrust magnitude, m = M3/Ms ¢ is the nondimensional spacecraft mass, and
M3 is the mass of the spacecraft at the beginning of the thrusting segment. The thrust direction is oriented
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Figure 1. Planar CR3BP vector definitions. The rotating frame (&, §) is oriented
with respect an inertial reference frame (X,Y’) by an angle ¢». Modified from
Cox.»28

by a unit vector, %, fixed in the rotating frame. Over any integration segment, thrust is assumed fixed in
the CR3BP rotating frame. While a continuously changing inertial thrust direction may not be practical,
precession of the rotating frame during thrusting time intervals may be addressed when transferring CR3BP
solutions into a higher-fidelity model. Furthermore, propulsive capability is inversely related to spacecraft
mass and, hence, as propellant is expended, the spacecraft gains more thrust. The nondimensional thrust
magnitude is computed as, f = % where F' is thrust in kilonewtons and M3 g is the initial mass of the
spacecraft in kilograms. Thrust magnitude is also expressed in terms of throttle 7' € [0, 1], where f = T fuax
relates the throttle value and the nondimensional thrust magnitude..

This investigation includes a sample spacecraft with maximum propulsive capability of fn.x = 0.04. A
comparison between this sample spacecraft and other previous and planned engine capabilities is summarized
in LaFarge et al., Table 1.* The sample spacecraft possesses similar propulsive capability to the planned
Psyche spacecraft, which is greater than Hayabusa 1, Hayabusa 2, Dawn, and Lunar IceCube, but less than
Deep Space 1. As a nondimensional quantity, this thrust level represents any spacecraft with the same thrust-
to-mass ratio. For example, fpnax = 0.04 models an 11.46 kg spacecraft with a BIT-3 CubeSat engine”’
(planned for use on Lunar IceCube and LunaH-Map) as well as an 850.2 kg spacecraft with an NSTAR
engine®® (used on Deep Space 1 and Dawn). Low thrust engines also commonly possess a lower limit on
thrust level, fengine. This investigation assumes a lower throttle limit of 58%, fengine = 0.58 fimax, Which is
consistent with the observed limitations on Hayabusa 1.3°

Omitting low-thrust terms, the natural planar CR3BP equations of motion yield a well-known integral, i.e.,
the Jacobi constant of integration (C). This single integral of motion is evaluated as,

c_z(l “+“+1(x2+y2)>—(j:2+y2) )
13 ro3 2

The Jacobi constant is related to orbital energy as observed in the rotating frame, and remains constant
throughout any natural propagation. This integral offers key insight into the limiting bounds for possible
motion of P5 and supplies a useful scalar metric for deviations relative to a reference trajectory where C' is
preserved. Without a known analytical solution in the CR3BP, numerical integration methods are leveraged
to produce a time history stemming from an initial value problem. For implementation, it is useful to express
the equations of motion, in Equations (1)—(3), as five coupled first-order equations that are then solved using
numerical integration techniques. For this investigation, a Runge-Kutta-Fehlberg 78 integration scheme is
employed.

Scenario Overview

The proposed hybrid guidance approach is evaluated using the mission application introduced previously
in LaFarge et al.* In this application, the Earth-Moon CR3BP is employed due to recent interest in cislunar



space, with characteristic quantities and low-thrust CSI engine parameters listed in Table 1. The sample
scenario is characterized by a planar, heteroclinic transfer between L; and Lo Lyapunov orbits at a Jacobi
constant value of C' = 3.124102, illustrated in Figure 2 where Figure 2(a) depicts the periodic orbits, and
Figure 2(b) illustrates a continuous heteroclinic transfer from the L Lyapunov orbit to the Lo Lyapunov orbit.
In the given mission application, a guidance scheme is tasked with recovering from a deviation relative to the
reference trajectory in Figure 2(b). A neural network is trained to recover from initial deviations modeled
as 30, = 1000 km and 30, = 10 m/s. Orbit Determination (OD) navigation errors on the order of 30 = 1
km and 1 cm/s®! provide a useful comparison metric for the perturbation distribution. During training, initial
deviations are three orders of magnitude larger than expected OD disturbances. Orbit determination errors
are included as a comparison metric for the initial perturbation distributions, and are not implemented during
simulations.

In prior work,* the neural network controller recovers from introduced deviations, completes a given trans-
fer, and reaches a pre-defined arrival criteria in more than 99% of sample trials when 30, = 1000 km and
30, = 10 m/s. While remarkably consistent, there are several notable limitations observed in the correspond-
ing solutions. First, the neural network is unable to produce coasting segments (where f = 0). To illustrate
this phenomenon, a sample NN trajectory and control history is plotted in Figure 3. In this scenario, the neu-
ral network recovers from a 1108 km, 6.7 m/s initial deviation, and successfully completes the given transfer.
However, despite satisfying the stated goal of returning to the reference, the majority of the NN-generated
transfer involves oscillations at very low levels of thrust, depicted in Figure 3(b). Furthermore, the position
and velocity relative to the reference trajectory for the scenario in Figure 3(a), as a normal correspondence,
is plotted in Figure 3(c). While the preliminary deviations are large, the initial thrusting segments decrease
the relative distances until both position and velocity errors remain bounded. These errors result from small
inaccuracies in the neural network solution, causing a constant error introduction/reduction cycle. The neural
network solution is most effective for the initial segments with higher levels of thrust, and less accurate for
later segments with lower thrust values.

Table 1. Characteristic quantities and low-thrust CSI engine parameters.*

Earth-Moon Low-Thrust
Characteristic Quantities Engine Properties
u,nondim  0.012004715741012 | fiax, nondim  0.04
I*, km 384747.962856037 | Igp, s 3000
t*, s 375727.551633535 | fengine 0.58 fmax
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Figure 2. Periodic orbits and heteroclinic transfer in the Earth-Moon system ap-
plied to the sample scenario. All motion at C' = 3.124102, with the corresponding

forbidden regions in gray. Modified from LaFarge et al., Figure 7.*



100% flll?LX -
g IS()(J—}\ Arriv: i
v rrival Orbit
o 75% A —
g : $ 1000 1 !
8 50% - B f(:ugin() i~ ‘ 1
E B fmiu E 500 1 :
=% T ”é "‘”L\dl‘ L o
W e ™ = 4 DALy
0% —T— T Coast 01 ——
0 50 0 25 50
Time, days Time, days
(a) Sample NN trajectory (b) Thrust magnitude history. (c) Variation from reference trajectory.

Figure 3. Sample neural network-driven solution simulated for 61 days. Figures (a),
(b) modified from LaFarge et al., Figure 11.*

The oscillatory behavior observed at lower thrust levels in Figure 3(b) is likely unnecessary for solving the
given problem and is, therefore, not included in the hybrid guidance process. Furthermore, when f is small,
sensitivity to thrust direction is greatly decreased, causing less useful information contained within specific
4 values. A threshold, fum,, is heuristically selected to ensure the oscillatory behavior is discarded, signified
by the color red in Figure 3(b). The value for fi, is specific to the observed neural network behavior. For
this investigation, fmin = 0.33 fimax provides a useful lower bound. Above fm,, thrust values are separated
depending on their physical viability for the given engine. Visualized in Figure 3(b), yellow indicates that
the given thrust value falls below the practical limit, fengine, While green reflects the fact that the given thrust
magnitude is realistic.

CONTROL COMBINATION AND ADJUSTMENT

Several techniques are employed to combine and scale successive thrust segments. Neural network-
produced guidance solutions often involve many sequential control arcs. In practice, however, a single thrust
command is often sufficient for recovering a low thrust spacecraft from deviations. This investigation demon-
strates an approach for creating an initial guess for a single unified thrust segment given multiple discrete arcs,
and offers a method for transforming thrust magnitude into practical bounds for low-thrust engines.

Thrust Segment Combination

Control values are assumed constant over integration segments and, hence, subsequent thrust arcs include
an assumed instantaneous attitude and power shift as the spacecraft transitions from one segment to another.
The inclusion of multiple sequential thrust segments is, for many applications, an artifact of the employed
numerical method that is implemented and not always necessary for solving the given problem. In these
cases, a strategy for combining multiple control arcs is useful to yield a single segment that is representative
of the combined effect of each discrete component.

Combining subsequent control segments is particularly productive for neural network controllers that do
not estimate time in the output layer and, instead, assume all control values offered by the neural network oc-
cur over a pre-defined time interval. For reinforcement learning approaches, in particular, these time intervals
are typically short and, hence, a solution may include many interactions with the neural network controller.
In these cases, computing a unified guess for thrust magnitude, direction, and time is challenging due to
occasional large shifts in control values between successive thrust arcs produced by the neural network. To
address these discontinuities, variation in thrust direction and mass are incorporated into the combination
process to yield accurate initial guesses that are representative of the neural network-suggested motion. Fur-
thermore, smoothing of the discontinuities may be incorporated into the neural network training process by,
for example, penalizing a change in thrust direction,?? but this possibility is not currently investigated.

The representative thrust vector across the multiple control segments is termed the ‘combined’ thrust arc.
The direction of this combined vector is defined as the unit vector directed along the average low thrust



acceleration vector as defined in Equation (4). Assuming n segments are included, the vector i,y is evaluated

as,
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An alternative approach directly averages the thrust directions of the individual segments, ;, which does not
incorporate the thrust level along each path. With the goal of creating a single representative segment, deter-
mining the control direction via the acceleration vectors via Equation (6) reflects a belief that segments with
higher thrust values impose larger impacts on the unified solution. Then, the combined nondimensional thrust
magnitude, fa, is derived from multiplying the acceleration vector magnitude by the initial nondimensional
mass value, i.e.,
1
fan = m0|a’atvg‘ (7N

The expressions for i, and fa,, assume the feasibility of representing the discrete thrust segments by a
single thrust arc. As propagation time and control complexity increases, the set of n control arcs may be
subdivided into multiple subsets to produce more accurate estimations.

A key challenge in combining thrust segments is estimating the final propagation time. If n segments each
possess a time At, the total sum nAt frequently results in overestimations that prohibit convergence. To
combat this phenomenon, a weighted sum for total thrust time, 77, is computed as,
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where f;/ fmax prioritizes segments with larger thrust magnitudes such that they carry greater influence in the
propagation time summation; mg/m; then compensates for mass variation across the segments. Including
1; in the summation decreases the thrust time estimate when large variations in control occur. Rearranging
Equation (8), and substituting the expressions in Equations (6) and (7), yields,
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Thrust Magnitude Adjustment

Many low-thrust engines are not physically able to produce thrust values below a certain magnitude, fengine-
For example, Hayabusa 1 and 2 are only capable of maneuvers above 58% and 70% of maximum thrust (fiax),
respectively.*® When suggested thrust segments fall below fengine, it is useful to leverage the relationship
between thrust time and magnitude to compute a new guess within feasible bounds. For a CSI engine, the
mass flow rate, defined in Equation (3), is a function of nondimensional thrust magnitude f. This equation is
decoupled and is, hence, easily integrated to express spacecraft mass as a function of time,

m(f,t) = t +mo (10)

If the original spacecraft mass equals mg at time ¢y = 0 and the thrust is active at f magnitude until ¢, the
final mass ratio m/my is expressed as,

my _m(fity)  —fI
mo  m(f,to)  Ipgot*mo

tp+1 (11)

Equation (11) provides an expression for the remaining mass after a thrusting segment. Alternatively, rear-
ranging this expression and solving for ¢ yields a relationship for thrusting time as a function of propellant
consumption,
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where Am = mjy — my is the expended propellant. For thrust segments where f < fengine, Equation (12)
supplies a relationship to scale both thrust magnitude and time. In this approach, a new thrust magnitude
fT is selected such that f* € [fengine, fmax), and Equation (12) yields a new value for thrusting time that
keeps propellant consumption constant. An alternative, but equivalent, relationship involves thrusting time as
a function of equivalent AV'. From the ideal rocket equation, change in velocity for a CSI engine is expressed
as,

m
AV = I,g0log <m;) (13)

Rearranging this expression yields the final mass ratio m s /my as a function of AV,

my mo
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Equation (14) is equivalent to Equation (11). Equating the two expressions and solving for ¢ yields,
—Ipgot™mo < 1 )
tr(AV, f) = P -1 (15)
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The derived functions for t ¢ (Am, f) and t;(AV, f) offer simple, computationally efficient methods for ad-
justing thrust magnitudes and thrust times to compute initial guesses that are practical for low-thrust engines.
These scaling functions are visualized in Figure 5. Adjusting thrust time to maintain equivalent AV and final
mass as constants corresponds to placing a horizontal line across the plot at the desired constant level and
observing where this value intersects the different throttle percentage lines.

Any thrust magnitude greater than a specified lower bound, fengine, may be arbitrarily selected to transform
the segment into practical bounds for a given engine. Optimal control theory is leveraged in this investigation
to select the final thrust magnitude, f. For CSI engines in a two-body model, Longuski et al. derive a
bang-bang optimal control law that alternates between null-thrust (coast) and maximum-thrust (fpa) arcs.>?
While this analysis does not involve optimization, fT = fn.x is selected as the final thrust magnitude to
bias the initial guess toward a propellant-efficient solution. The resulting thrusting time is observed as the
intersection between the 100% throttle line in Figure 5 and the equivalent AV from the ideal rocket equation,
Equation (13), and is evaluated as,

+_ — sngt*mO 1 1
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The resulting thrust segment defined by 4ayg, fmax, 71 form the complete transformed solution, which may
then be employed to construct an initial guess for a traditional iterative guidance approach.

Sample Combination Process

To illustrate the complete combination process, a sample sequence of three thrust arcs in the vicinity of
the L; Lyapunov point in the Earth-Moon system is depicted in Figure 4(a), where the arrow directions and
lengths signify thrust direction and magnitude, respectively, and At ~ 20.87 hours. Specific thrust command
values are summarized in Table 2. For this sample scenario, Equations (6), (7) and (9) are leveraged to
combine the three sample segments into the single representative thrust arc in Figure 4(b). In this case,
including 4; in the computation of f,, and 7~ lessens the impact of the third arc on the overall solution since
f3 is only 20% of fiax-

While the thrusting segment in Figure 4(b) resembles Figure 4(a), the simulated low-thrust engine is not
physically able to produce a propulsive force at this magnitude, since fayy < fengine. Considering the potential
implementation of the initial guess, Equation (15) is leveraged to compute the thrust time that achieves
the same equivalent AV (4.11 m/s) when the engine thrusts at maximum power, fmax. This conversion is
visualized in Figure 5, where the thrust level corresponding to Figure 4(b) is red, and maximum thrust is
black. Thrust time is scaled between 41% and 100% by noting the intersection points along the dashed line,
ensuring that equivalent AV and mass consumption are preserved.



Table 2. Thrust commands for sample scenario depicted in Figure 4.

Segment | f U = [ug, Uy t,nondim | ¢, hours | Equiv. AV, m/s
1 0.5fmx | [=1,0] 0.2 20.87 | 4.10
2 0.9fmax | [—0.9578,0.2873] | 0.2 20.87 7.38
2 0.2fmax | [0.7071,—0.7071] | 0.2 20.87 1.64
Combined | 0.41 finax | [—0.9954,0.0955] | 0.245 25.60 4.11
Adjusted Smax [—0.9954,0.0955] | 0.100 10.46 4.11
f3,03
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(a) Sample segments (b) Combined solution (c) Adjusted solution

Figure 4. Sample thrust arc sequence combination in the Earth-Moon system. The
three discrete thrust segments (a) are combined into a single thrust arc where total
thrust time is decreased by 56.7% (b). Thrust command values are listed in Table 2.
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HYBRID GUIDANCE ARCHITECTURE

Guidance, Navigation, and Control (GN&C) comprise three main components for autonomous flight sys-
tems. In this paradigm, guidance is tasked with planning a suitable trajectory that satisfies mission criteria.
In both pre-flight and ground-based analyses, where computational resources are abundant, path-planning is
often formulated as an optimization problem to minimize propellant expenditure. Many approaches exist for
low-thrust optimal guidance, including nonlinear programming?? and global optimization techniques.” How-
ever, to reduce the computational footprint for in-flight scenarios, alternative onboard approaches prioritize
feasibility over optimality.” In particular, differential corrections, or targeting, is planned for Orion’s onboard
guidance.’

The proposed hybrid guidance framework is subdivided into three discrete components, depicted in Fig-
ure 6. First, the “Neural Network Guidance” step involves tasking a trained neural network controller with
mapping a given state estimate to a path and control history that returns the spacecraft to the vicinity of a
reference trajectory. Next, “Trajectory Pre-Processing” leverages Equations (6), (7) and (16) to transform
the neural network solution into a single maneuver within practical engine limits. Finally, a “Differential
Corrections” step is employed to construct a continuous, feasible transfer.

Neural Network Guidance

In previous work,* a trained neural network is leveraged to suggest many sequential thrusting segments that
perform three tasks: 1) return a spacecraft to a given reference trajectory, 2) complete the given transfer, and
3) maintain a target orbit. This process results in many discrete segments, which poses practical challenges
for both propellant consumption and implementation. In the proposed hybrid approach, however, the neural
network is only tasked with recovering from a particular perturbation, and is not required to complete the
full transfer. Simplifying the given task for the neural network controller reduces its computational footprint,
and creates fewer opportunities for unexpected results. This investigation demonstrates a blended function-
ality leveraging both neural network and iterative techniques and, hence, the training process itself is not
considered as a focus here.

The NN-driven perturbation recovery process is summarized in Figure 7. The neural network is trained to
suggest thrust segments with A¢ durations. Beginning with an initial state estimate, assumed to be computed
by a navigation system, the neural network determines a thrusting segment with magnitude (f1) and direction
(11). Integrating forward At in time yields a new state as an input to the network. This iterative process
continues until one of several termination criteria are met. First, the algorithm terminates if the suggested
thrust (f;) or the combined effect of averaging the suggested control segments (fyg) results in a nearly-
coasting arc, i.e., f; < fmin OF favg < fmin, Where fiin is visualized in Figure 3(b). This criteria assumes that
the neural network tends to output low values for f; when the distance to the reference trajectory is small
and, hence, indicates that the recovery task is complete. Alternatively, NN guidance failure occurs when the
relative deviation from the reference trajectory exceeds pre-defined thresholds in position or velocity: 8000
km and 35 m/s, respectively. When deviation occurs, NN guidance terminates to avoid further deviation.

Navigation Control
State a, f.t
Estimate 0
Neural Net- {pis i, fi, AL}, | Trajectory Pre- Qavg fmax, 7T N Differential
work Guidance “1 Processing “1 Corrections

Guidance

Figure 6. Information flow through hybrid guidance process
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Finally, for cases in which the NN delays in its response to a perturbation, i.e., initially produces a nearly-
coasting segment followed by a large amount of thrust, at least two thrust arcs are always included along the
trajectory. The final output of the neural network guidance step is a trajectory consisting of dynamical states
(p;), control variables (1;, f;), and integration times At, resulting in n discrete arcs,

NNtraj = {pi,ai,fi,At}?:l (17)

where the final segment at p,,, integrated for At with u,, and f,, control, is assumed to terminate in the
vicinity of the reference trajectory.

Three representative scenarios are depicted in Figures 8—10. For each scenario, plot (a) depicts the throttle
control history for NN guidance, where the colored horizontal lines represent NN-generated nondimensional
thrust magnitude values (f;) over time, and gray dashed lines signify the running value for the combined
thrust magnitude value (fag), updated given each new control segment i by Equation (7), where n is the
current time step. The complete NN guidance trajectory and control history is visualized in the first plot of
(b) for each scenario. The three scenarios are each summarized as follows:

 Scenario 1 (Figure 8) represents the nominal behavior of the neural network. In this case, the network
selects three sequential thrust segments without large direction changes, and a fourth thrust arc that
possesses a small throttle value. The neural network guidance step recognizes that the spacecraft
reaches the vicinity of the reference trajectory by observing f4 < fmin, plotted in Figure 8(a). Crossing
the finin threshold terminates the neural network guidance process, and the f; is not included in the
final solution.

» Scenario 2 (Figure 9) illustrates a case where neural network guidance terminates when the average
thrust is small, i.e., fiaye < fmin. Due to the large discrepancy between #; and s, visualized in
Figure 9(b) (NN Guidance), fa is characterized by a small throttle magnitude despite both f; and f
possessing large magnitudes, depicted in Figure 9(a).

» Scenario 3 (Figure 10) demonstrates the case where neural network guidance proceeds past the first
segment despite fi < fmin. This behavior corresponds to logic in Figure 7 that causes the f; and f,,
evaluation steps to be skipped when ¢ = 1. In this case, the neural network is delayed in its response
to the perturbation, and a large second thrust magnitude, fo, is computed, depicted in Figure 10(a).
This second segment is added to the neural network solution, and guidance terminates when f5 < fiin
occurs.

Trajectory Pre-Processing

Once the NN guidance process is complete, the resulting solution {p;, 4;, fi, At} , is passed to a pre-
processing step. This trajectory includes n discrete thrusting arcs, where segment ¢ is comprised of p; (the
segment’s initial position and velocity), 4; (thrust direction defined in the rotating reference frame), f; (nondi-
mensional thrust magnitude), and At (thrust time). The neural network that is incorporated does not include
time as an output and, hence, At is the same for all segments (20.87 hours for sample cases).

The pre-processing step employs several transformation techniques that generally improve the startup so-
lution for the corrections algorithm. An alternative approach may omit pre-processing and pass the neural
network-generated path directly to the corrections algorithm. However, passing over this step leads to solu-
tions with more variations in thrust direction, and may prohibit convergence in cases where the neural network
significantly violates a practical constraint, e.g. f << fengine. TWo techniques, in particular, are employed
during pre-processing. First, the proposed guidance framework assumes deviations may be recovered using a
single thrust segment. Hence, when the neural network includes multiple arcs, it is useful to employ weighted
averaging techniques to compute a single representative thrust arc, as derived in Equations (6) and (7). Sec-
ond, to ensure feasibility, thrust magnitude and time are scaled to guarantee that the initial guess falls within
practical bounds for the given engine characteristics using the relationship in Equation (16).

The result of pre-processing includes a determination of the necessity for an active thrust sequence for a
given state estimate. Identifying coasting segments is challenging when directly employing a NN controller.
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In the hybrid guidance model, if the thrust combination process yields a small average magnitude, i.e., fayy <
fmin, the system assumes that coasting is appropriate and does not continue on to the corrections process. This
investigation assumes 6-hour intervals for coast arcs before the entire hybrid guidance process is repeated at
the new state.

Pre-processing the results for the representative sample scenarios are depicted in Figures 8(b), 9(b) and 10(b).
Each scenario includes the neural network-computed control segments (“NN Guidance”), the merged solu-
tion determined by Equations (6) and (7) (“Combined”), and the final transformed result where fiyg — fmax.
Equation (16) ("Adjusted”). The result of pre-processing each scenario is summarized below:

* Scenario 1: The direction of the combined and adjusted solutions closely resembles the NN-generated
arcs, with a 12.9-hour reduction in thrust time for the combined case, and an additional 10.25-hour
reduction for the final adjusted solution.

* Scenario 2: A large change in the thrust direction is suggested by the neural network. In this case, the
136° difference between 4, and o, observed in Figure 9(b), results in a combined solution that drasti-
cally reduces the thrust magnitude. With fyys < fmin, the combined solution indicates that coasting is
appropriate for the original state estimate, and the scaling step is not necessary.

» Scenario 3: Illustrates the behavior when a large disparity in thrust magnitude exists, in this case,
f1 << fa. The combined control variables are computed by weighting thrust magnitude and, hence,
fo exerts a larger impact on the resulting solution than f;. This disparity is observed in the combined
thrust direction closely resembling 5.

Differential Corrections

A differential corrections, or targeting, algorithm is employed as the final step of the hybrid guidance
approach to construct a complete initial guess, correct discontinuities, and to ensure mission criteria are met.
This investigation implements a direct multiple shooting strategy to produce feasible thrust commands that
are passed to the control system. If sufficient computational resources are available, optimization techniques
are a potential alternative approach for the targeting step, however this possibility is not investigated.

Targeting is a common numerical technique in astrodynamics for constructing continuous trajectories, and
are suitable for different aspects of the low-thrust CR3BP.!3 Targeters are formed as a multidimensional
generalization of a Newton-Raphson method.>* In particular, this investigation employs a multiple shooting
strategy to simultaneously accommodate numerous types of arcs and control variables across a trajectory.
This targeting approach is implemented by varying an array of k design variables, X, to satisfy a set of m
scalar constraints, F'(X) = 0. Similar to other iterative approaches, targeting algorithms require sufficiently
accurate startup solutions. Selecting an initial guess is challenging in complex dynamical regions of space
and, hence, the hybrid guidance approach benefits from the startup arc accuracy and speed offered by a neural
network controller.

The targeting startup solution is comprised of three parts, depicted in Figure 11. First, the red arc represents
the thrust segment produced from the neural network guidance and pre-processing steps. This initial thrust
segment originates at a fixed initial state py, and is parameterized by 6y, fo, and tg. Startup values for control
variables are received from the pre-processing step, where, initially, 0 is the angle between i, and the
rotating £ axis, fo = fmax» and tg = 77. The neural network only affects this initial control segment, with
the remainder of the initial guess for the targeting process constructed from the original reference trajectory
and target orbit. The second part of the startup solution, plotted in blue, corresponds to the initial reference
trajectory depicted in Figure 2(b). To minimize state discontinuity, the initial state along the reference p; is
selected by conducting a nearest-neighbor search in position and velocity between the final state along the
thrust arc, po, r, and the reference trajectory. The reference trajectory time, ¢1, is simply the time between p;
and the end of the reference trajectory.

Revolutions of the arrival orbit comprise the final step of the startup solution, represented by the black orbit
in Figure 11. In this approach, a nearest-neighbor search is again conducted between the end state along the
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Figure 8. Scenario 1: Nominal neural network behavior. Controller recovers from
deviation in three steps, ceasing iteration when control values are produced such that
fa < fmin- Total thrust time begins at 62.62 hours, reduces to 49.71 hours when
combined, and results in 39.71 hours after adjustment to f.x. Solid and dashed
lines indicate values for f; and f., respectively.
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Figure 9. Scenario 2: Behavior when the average low thrust magnitude, f,y, com-
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Figure 10. Scenario 3: Neural network guidance step proceeds after initially comput-
ing a segment such that f; < fiin. Total thrust time begins at 41.75 hours, reduces
to 21.9 hours when combined, and results in 11.50 hours after adjustment to f,ax.
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Figure 11. Targeting variables

reference trajectory, pi s, and the orange arrival periodic orbit in Figure 2(a). Assuming this orbit possesses
a period t5, and the nearest-neighbor state is ps, n revolutions are included in the initial guess, where n = 4
is employed in this investigation. Stacking revolutions biases the converged path to maintain Lyapunov-like
motion, however, does not ensure that the specific energy level is preserved. An alternative approach is to
constrain the final state to be on the stable manifold, as detailed by Haapala and Howell.> While the stable
manifold constraint approach preserves energy and periodicity, it poses challenges for a closed-loop system
due to sensitivities to initial time parameters. Stacking revolutions is a more flexible approach if consistent
closed-loop convergence is required.

To ensure that the thrust magnitude remains bounded, i.e., fo € [0, fiax], @ parameterized thrust magnitude
fo is introduced such that, fo = % Smax (sin fo + 1). The new unbounded design variable fo is more easily
included in the targeting process and guarantees 0 < fy < frax. An alternative approach introduces slack
variables to enforce inequality constraints, however this method may diverge when fj is close to either bound.
One benefit, or drawback, of employing f is that no update is produced when fy = 0 or fy = fmax. The
experiments in this investigation offer a guess fo = fnax and, hence, thrust magnitude is not altered by

targeting. Formulated as design variables, X, and constraints, F'(X), the targeting approach is summarized
as,

Po.f — P10
_ n+iy\ T P1.f — Pj0
t Coto b
X (fo b po to p1 ti {p; 2}3_2> F(X)=| Pif —Pj+1,0 (18)
Thrust Arc Ref. Traj. Arrival Orbit .
Pn,f — Pn+1,0

where Figure 11 depicts the “Thrust Arc” (red), the “Ref. Traj.” (blue) and the “Arrival Orbit” (black).
This targeter serves as a stand-in for any iterative approach that leverages a startup solution. The targeting
scheme here is not intended to satisfy the strict requirements of flight software, but rather to illustrate an
RL-generated controller and its incorporation into the initial guess generation process for existing corrections
and optimization schemes. A neural network-enabled targeting guidance framework is an appealing hybrid

approach, offering the neural network efficiency alongside targeting robustness to ensuring all mission criteria
are satisfied.

The converged results for each representative scenario is plotted in Figure 12. Scenario 1 and 3 remain
close to the initial guess, depicted in Figures 12(a) and 12(c). In both cases, the change in thrust angle is less
than 0.1°. Thrust time increases by 5.6 hours for Scenario 1, and by 2.7 minutes for Scenario 3. The utility
of thrust time scaling, detailed in Equation (16), is exemplified by the very small change in thrust time after
Scenario 3 targeting. In contrast to Scenarios 1 and 3, the trajectory pre-processing step for Scenario 2 results
in a 6 hour coasting segment due to the small combined thrust magnitude, as depicted in Figure 9(b). Each
time a coast arc is suggested, the hybrid guidance approach is run from the beginning with the potential to
compute a future thrust or coast segment. For Scenario 2, eight coasting segments are sequentially introduced,
resulting in 2 days of coasting followed by a 7-hour thrust arc, depicted in Figure 12(b). Thrust magnitude
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is not updated for any scenario, since fo = finax. Together, the three representative scenarios illustrate how
a hybrid guidance approach improves neural network-generated solutions, and avoids control choices that
violate hardware constraints.

0.1 4 0.1 4
Moon Moon
0.0 A . 0.0 A
—0.1 4 —0.1 1
B —
T T T T T T T T T
0.8 1.0 1.2 0.8 1.0 1.2 0.8 1.0 1.2
(a) Scenario 1 (b) Scenario 2 (c) Scenario 3

Figure 12. Converged solutions for the three representative cases (z-y, nondim).

EXPERIMENTS

To evaluate the proposed hybrid guidance framework, 2000 randomly perturbed initial conditions are con-
sidered, where 30, = 1000 km and 30, = 10 m/s model the initial deviations. Each initial condition is
simulated using the proposed hybrid guidance approach to achieve solutions similar to those in Figure 12. In
analyzing the algorithm performance, the first, and most important, factor to consider is convergence, visual-
ized in Figure 13. While the algorithm seeks to improve a neural network-generated path, cases arise where
the startup solution is not sufficiently close to the converged solution, and the targeter diverges. For the sim-
ulated error level, the algorithm converges in the vast majority (98.15%) of simulations, and divergences for
the other 1.85%. Next, the number of iterations is considered since rapid convergence is an important factor
for potential onboard implementations. The targeter reaches a specified convergence threshold of 10~'2 in
5 iterations or fewer in 42.3% of cases, and in 6 or fewer in 81.1% of trials, as depicted in Figure 13. The
largest number of iterations reached across the 2000 trials is 15.

Each simulation is additionally evaluated using the NN guidance approach proposed in prior work,* e.g.,
the control profile depicted in Figure 3. Of the 2000 simulated condition, the neural network-driven solution
reaches the vicinity of the target orbit in 99.4% of case (1988/2000). The hybrid targeting approach con-
verges in only 2 of the 12 cases where the neural neural-only approach fails, indicating that the proposed
hybrid approach is not able to consistently overcome situations where the neural network solution causes the
spacecraft to diverge from the reference. Of the failure cases depicted in Figure 13, about 1 in 3 divergent
cases correspond to simulations where the neural network-driven solution also fails.

Combined Solution Accuracy

Each simulation proceeds through the proposed pre-processing step and, hence, the accuracy of the com-
puted thrust time and direction is considered. Accuracy is defined as the distance to the basin of convergence.
Therefore, the converged solution differing significantly from the initial guess indicates that, for the set of
conditions, the thrust segment combination step may be providing a poor estimate of the resulting solution.
Conversely, a small change in value indicates a suitable startup solution.

Thrust direction does not significantly change in the majority of the 2000 simulations, indicating that
the relationship for combined thrust direction, Equation (6), provides an accurate estimation for the given
scenarios. In 94.5% of cases, the total change in thrust direction after targeting is less than two degrees, and
less than four degrees in 98% of simulations. Thrust magnitude remains unchanged at f,x for all targeting
experiments.
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Figure 13. Number of iterations to convergence across 2000 simulations

Total thrusting time is the most challenging quantity to approximate because it is not directly estimated
by the neural network. The initial guess is computed as a weighted sum over the initial thrust segments,
scaled for fy = fmax, as summarized in Equation (16). An empirical distribution for the overall change in
thrust time, 6tg, over the 2000 simulations is plotted in Figure 14(a), where the average update is 3.35 hours.
Figure 14(a) demonstrates that targeting causes thrust time to undergo a larger transformation than thrust
direction and, hence, illustrates the degree of inaccuracy in the time estimate. In this case, the positive mean
update value signifies an underestimation bias in the computed approximation. This bias may be addressed
via alternative estimation methods, or employing a neural network architecture that directly evaluates time.

Energy Variation

The targeting scheme involves stacking revolutions of the arrival orbit and enforcing position and velocity
continuity throughout the trajectory. While stacking revolutions biases the converged solution to resemble the
desired Lyapunov orbit, it does not ensure that the target energy level is achieved. To determine the suitability
of this approach, the resulting error in Jacobi constant for the 2000 trials is depicted in Figure 14(b), where 6C'
is the difference in the Jacobi constant value between the reference orbit and the converged coasting segment
after targeting. This empirical distribution demonstrates that the targeting process does not significantly alter
energy, where the average case of §C' = —8.16 x 10~® ~ 0 indicates no significant introduced energy bias.
Furthermore, the simulations that undergo the largest change in energy still closely resemble the reference
motion, depicted in Figure 14(c). While there is a small discernible difference in the amplitude of the resulting
Lyapunov-like motion, this variation may be acceptable for a given application.

Mass Consumption

Solutions resulting from the proposed hybrid guidance strategy consume significantly less propellant than
the previous* neural network guidance approach. The simulated neural network is not able to determine
coasting segments and, hence, produces a large number of arcs at very low throttle levels. While propellant
consumption across any one of these arcs remains small, the collected impact results in extremely propellant-
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£ 0.05 - s 18-2e-5
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Figure 14. Changes from reference motion over trials.
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inefficient solutions. To illustrate the difference in mass consumption, consider the NN-driven solution de-
picted in Figure 3. This scenario serves as an initial guess for the hybrid guidance process, producing the
converged trajectory in Figure 15(a). While similar in configuration space, these solutions differ significantly
in propellant consumption, plotted in Figure 15(b). The mass change in the hybrid guidance solution closely
resembles NN-driven solution for the first several days. However, these two approaches differ dramatically
as the low-throttle arcs cause the NN-driven solution to continue increasing, resulting in more than double
the propellant consumption of the hybrid algorithm during the 61-day simulation.

0.9966 Eo
2 80 A NN Driven <
g g 4o J == Hybrid Thrust [ 0.9973 -
= ~ — = Hybrid Coast - 0.9980 .
= Rl I N S S - 0.9986 &
Z 201 1 - 0.9993 2
€| / <
. . . oL . . —L 1.0000 =
0.8 1.0 1.2 0 20 40 60
Z, nondim Time, days
(a) Hybrid guidance solution (b) Propellant consumption
Figure 15. Converged solution of the proposed guidance approach for the NN-driven
scenario depicted in Figure 3. The hybrid solution (red and blue) demands signifi-
cantly less propellant than the NN-driven result (cyan, Figure 3) over 61 days.
CONCLUDING REMARKS

Merging neural network and targeting paradigms offers a powerful hybrid guidance approach that simul-
taneously benefits from the speed of neural networks and the robustness of traditional iterative approaches to
ensure all mission criteria are met. Neural network behavior is often unpredictable, which introduces error
and risk into a potential machine learning-based guidance concept. In contrast, traditional iterative methods
produce exact solutions, but are computational expensive and require accurate startup solutions. The pro-
posed hybrid approach mitigates risk incurred by the neural network by employing differential corrections to
ensure convergence and, conversely, speeds up the iterative approach by offering a rapid means to produce an
initial guess for the resulting solution. Furthermore, the trajectory pre-processing component of the proposed
guidance architecture enables the rapid combination and scaling of successive thrust segments to facilitate
accurate startup solution generation despite any error introduced by the neural network control function.
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