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Abstract

In recent years, interest in exploring minor bodies has increased significantly. Studying these objects is important for
planetary defense against potential impacts and for the valuable scientific and economic opportunities they offer. However,
despite their high relevance, minor bodies exploration is dampened by the challenges arising when operating a spacecraft in
their close-proximity environment. This work proposes an efficient two-step methodology for generating robust inspection
trajectories for surface mapping using impulsive guidance. In the first step, a computationally efficient sampling-based
method is used to solve a deterministic optimization problem, which maximizes the scientific return of the trajectory,
modeled as the observation of surface regions under specific observation requirements. The output of this stage is
provided to the trajectory refinement step, which ensures robustness under the considered trajectory and minimizes fuel
consumption. The methodology is tested numerically for Close-Proximity Operations (CPO) around asteroid Itokawa. The
results demonstrate the effectiveness of the developed guidance in achieving the objective of surface characterization.

1. Introduction

Minor bodies exploration has recently gained high rele-
vance in the space sector. The reasons underlying this inter-
est are different [1]. Although partial data can be retrieved
from Earth-based observations [2], an in-depth characteri-
sation requires close-range measurement. Therefore, space
missions capable of operating in close-proximity of the
minor body are needed to perform in-situ sensing. Oper-
ating in this range poses important challenges: the space-
craft is exposed to a complex and uncertain environment
that leaves no margin for communication delays typical of
deep-space missions. Consequently, robust and efficient
methodologies are required to increase the level of auton-
omy of this class of space missions, in order to enable a
broader exploration of these resourceful space objects.

In this context, particularly relevant are guidance algo-
rithms that must be able to generate trajectories that satisfy
both scientific goals, such as surface characterization, and
engineering requirements imposed by the system. Multiple
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works have tackled the problem using different methodolo-
gies and focusing on different phases of minor body mis-
sions. In [3], both the approach and the close-proximity
phases are considered. Specifically, for the second phase,
a robust closed-loop control algorithm is proposed to per-
form station-keeping of a Terminator Orbit (TO). Different
approaches [4-6] have formulated the guidance surface
mapping problem as a partially observable Markov deci-
sion process (POMDP) and solved it with deep reinforce-
ment learning techniques. Closer to this work, in [7-9],
both impulsive and continuous CPO guidance are formu-
lated as a goal-oriented problem. In this framework, the
surface mapping objectives are formulated as geometric
regions evolving around the body. One specific require-
ment is considered satisfied when the spacecraft spends a
certain amount of time inside the associated region. Other
studies [10, 11] have focused on enhancing the robustness
of trajectories with respect to uncertainties in the same
framework.
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Formulating the problem in the framework of goal-
oriented trajectory design, this work develops a two-step
guidance methodology. The first stage provides a trajec-
tory that maximizes the scientific return in a specific control
horizon, and the second refines the trajectory generated in
the first step to ensure robustness with respect to uncertain-
ties. The main contributions of this study are:

e The development of a computationally efficient
sampling-based method for impulsive goal-oriented
guidance around minor bodies.

* The formulation of a trajectory refinement scheme as
a chance-constrained convex optimization problem,
which ensures robustness with respect to uncertainties
with prescribed risk levels.

The paper is structured as follows. In Section 2, the ap-
proaches used to model the problem, the dynamics, and
the uncertainties considered in the work are presented.
Section 3 reports the general formulation of the problem
tackled in this study and its decomposition into simpler
subproblems. In Section 4, the problems presented in the
previous sections are reformulated, and the methodologies
used to solve them are described. The paper concludes with
Sections 5 and 6, where numerical results and conclusions
are reported.

2. Background

The problem tackled in this work is the goal-oriented
trajectory design problem [9]. It is particularly relevant
for minor body exploration, as it provides a well-suited
mathematical description of the typical requirements that
characterize this mission class. Indeed, in this context,
besides classical engineering requirements associated with
operations or fuel consumption minimization constraints,
scientific requirements, such as observing specific regions
on the asteroid surface, play a crucial role as they are
inherently linked to the typical objectives of this class of
missions.

This study will utilize the effective modeling approach
already established in previous works [7, 8] to model a sur-
face mapping objective through a passive sensor, such as a
camera. Specifically, given a set of surface features to be
observed, Regions Of Interest (ROI) around the target body
are defined based on observation geometry requirements.
The key parameters are the emission angle € and incidence
angle i, which determine the quality of topography and
albedo characterization [4], and the range p, which affects
the Ground Sampling Distance (GSD) [12]. Mathemati-
cally, these three parameters can be expressed as follows:
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where Br is the observer position, Zr  and an are the
position and the outward surface normal of the feature f,
By, (1) represents the Sun position at time 7; the left super-
script represents the frame where the vectors are expressed,
in this case the body frame 8. Given a feature and the three
geometrical parameters, an ROI can be described as:

ir(t, Br) = arccos(

Ry(1) = {*r e R | ps € [0, 7). €5 € [ ),

2
i (0) € L7 751} @

where Pmin, Imins €min a0d Pmax> Imaxs €Emax represent
respectively the upper and lower bounds of each parameter
that determine the validity of the feature observation. In
Figure 1, a simplified representation of an ROI is reported.
Note that the ROI can also be expressed in the inertial frame
I'; however, in this case, additional time dependencies
appear in Eq. (2), as the features rotate with the body. The
mission objective considered in this study involves passing
through multiple ROIs, which constitute the feature set .

Fig. 1: Simplified ROI representation, ignoring incidence
angle dependence.

2.1 Dynamical environment
The orbital dynamics considered includes the typical
forces relevant for the motion during CPO around a minor
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body. The general form expressed in the inertial frame 7
is:

Nm
% = £7(x,1) +BZ§(r— ;) Av;. 3)
i=1
where x = [r", v']T is the state vector containing the
position and velocity of the spacecraft, f;(x, f) represents
the free dynamics, and the second term of the right-hand
side is associated with the control, considered as impulsive
in this work. B is the constant control matrix, 6(-) is the
Dirac function, and Avj is the generic impulse executed at
time #;. The free dynamics includes the main accelerations
acting on the spacecraft:

T r—Tg
fr(x,1) = £, (r,1) — Z,uk( +
? ’ 3 — 3
Z P\ TP e =l
. d2 3-body acc. (4)
A r-r
+ Cr — M —‘3‘3 X
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where r is the spacecraft position in the inertial frame,
MUk, Ty are respectively the gravitational parameter and the
position of the generic body part of the set of third per-
turbing bodies . The solar radiation pressure, computed
through the cannonball model, is defined by the reflectivity
coefficient C,, the effective area and mass of the spacecraft
A and m, the solar flux at the distance of 1 Astronomical
Unit (AU) Py, the Sun-Earth distance at 1 AU d, the speed
of light ¢, and the Sun position r.

The contribution given by the term f, (r, ) represents
the gravitational attraction of the minor body, which can
be expressed as:

fo(r,1) = [TB] VU )

where [ 1 8] is the rotation matrix from the body frame B to
the intertial frame 7. U is the gravitational potential, which
is approximated through a truncated spherical expansion
[13]:

r

uou N n R\' _
U(r,¢,/l):;+;[z (—) Py (sin @)
0

n=2 m=|

X(Cp,m cos(mA) + Sy m Sin(m/l))] . (6)

where p is the gravitational parameter of the body, R is
the reference radius, (r, ¢, 1) are the spherical coordinates
of the spacecraft position in body frame, N is the trunca-

tion order. P, ,[x] is the associated normalized Legendre
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function of order n and degree m, and C_n,m and .S:,,,m are
the normalized potential coefficients.

In addition to the nominal dynamics, the evolution of
perturbed initial conditions around the nominal one is also
relevant in the context of this work. In this context, a first-
order expansion of the nominal dynamics is used. Under
this approximation, the perturbation dynamics can be de-
scribed by the following linear equation:

Nm
5x(1) = D(1,19) %0 + Z (1,1;) B ov; 7)
i=1

where 6% is the initial perturbation at time ¢y, Ny, is the
total number of maneuvers in the time interval [zg, ],
and dv; is a maneuver at t;, sufficiently small to avoid
compromising the first-order approximation. @ is the State
Transition Matrix (STM), whose dynamics is governed by:

. of
b(r.10) = ZL| @(n.10). ®)

where x is the nominal trajectory around which the expan-
sion is performed. To obtain the STM evolution, Eq. (8)
is propagated with the nominal state. The Jacobian of
the nominal dynamics, required for STM propagation, is
evaluated analytically for each modeled perturbation.

2.2 Uncertainties

Different types of uncertainties characterize minor body
missions. Primarily, they are related to navigation, con-
trol execution errors, and dynamics. Considering the state
variable as deterministic is limiting; a probabilistic rep-
resentation is required. In this work, the state will be
approximated through a Gaussian distribution that will be
propagated linearly. This choice simplifies the mathemati-
cal formulation of the guidance problem and enhances the
computational efficiency. Moreover, it is justified by the
limited planning horizon that will be considered, as well
as the fact that the spacecraft will operate sufficiently far
from the body, thereby limiting interaction with the com-
plex dynamics in the region close to the surface. In this
way, the errors associated with the conservative nature of
linear covariance propagation will be limited.

Given an initial state described by xg = N (X(tg), Po),
using a LinCov method, the evolution of the state covari-
ance is provided by [14]:

P(r)=[,’§:: ,’3::]=<D(r,ro)Pod>(t,ro)T ©)

where P represents the Gaussian distribution at initial
time 7.
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Eq. (9) represents the free evolution of the state distri-
bution governed by the dynamics in Eq. (3). However, the
effect of control uncertainties in the control execution is
not considered. In order to take into account this aspect,
the Gates model is used [15]. The model consists of im-
pulsively updating the state covariance after the execution
of an impulse. Given the magnitude error standard devia-
tions o, and the pointing error standard deviation o ,, the
bottom left 3x3 submatrix of state distribution P(t;) at the
maneuver time #; can be updated by adding the following
contribution [16]:

Pav(Av) = 02 Av; AV] + 02 [Av; x | [Avi x ] 7. (10)

where [Av,- X ] is the skew-symmetric matrix constructed
with the impulse vector Av;.

3. Problem formulation

As anticipated, missions to minor bodies impose differ-
ent types of requirements. Before delving deeper into the
formulation of the problem, the details associated with the
main requirements relevant to the analyzed scenario will
be expressed in mathematical form, allowing them to be
incorporated as constraints or objectives in the formulation
of the guidance optimization problem.

3.1 Scientific requirements

Building on the scientific requirements introduced in
Section 2, a potential function is introduced to quantify
the satisfaction of the conditions of a specific region Ry.
Following the formulation given in [12], the following con-
tinuous function can be used:

wr(ye) = Dysa) - Eplyr2) - Ielyra).  (AD

where
Yfia ps(r)
ye(r,t) = |yr2| = | €r(x) |. (12)
Yf.3 ir(t,r)
The functions Dy, Ef, and Iy are sigmoid functions:
1 1
Ds(vya) = — —
—Kl()’f,l—(ﬁf) ) Kl()’f,l—(%) )
l+e l+e
1
8f()’f,2)= —K(~ _ +)’
14 Kelprameon
1
Ir(yra) = —— [
lte 3\ Ys.3—cosiy

(13)
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where K, Ko, K3 are parameters that define the shape of
the sigmoid functions, R is the reference distance from the
body, used to normalize the range.

Given the above functions, in a time interval [¢g, Tj]
the time spent in the specific R ¢ can be expressed as:

Th
Ty = / wyr(ye) dt (14)

to

3.2 Engineering requirements

In addition to scientific requirements, several engineer-
ing constraints must be respected. First of all, the state
shall evolve within a safe operating envelope, defined by
the following set:

X ={r €R*| Rimp < IIr]l < Rese} (15)

where R;;,, and R, represent the upper and lower bounds
in terms of distance from the center of the body, respec-
tively. Typically, R;;,p is chosen equal to the maximum
dimension of the body plus a safety margin to mitigate im-
pact risk under uncertainties. On the other hand, R,y is
selected to minimize the probability of escape, thus keeping
the spacecraftin gravity-dominated regions, where it can be
recovered in case of missed maneuver events. Other engi-
neering constraints are related to the spacecraft propulsion
capabilities. Given the limited authority of the thrusters,
the impulse magnitude must be bounded. Therefore, the
set of admissible control actions is:

U={Av e R’ | |AV|| < AVyax} (16)

where Av,,, 4 1s the maximum impulse that can be provided
by the system.

In the context of control action, an additional opera-
tional constraint imposes a minimum time separation AT,
between consecutive maneuvers. Frequent control actions
must be avoided for different reasons. First, maneuvers
close in time can be demanding from a system point of
view. Moreover, degradation in the navigation solution
can be experienced: measurements are unavailable during
thrusting, and the navigation solution requires time to con-
verge after the introduction of a discontinuity in the state.
Therefore, executing frequent maneuvers can yield sub-
optimal guidance solution given the poor state knowledge
used to compute it.

3.3 Guidance problem

Provided the constraint and objective formulations de-
scribed above, a guidance problem for the surface char-
acterization of the minor body can be formulated. The
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problem is posed as an optimal control problem whose
objective is to minimize the time ¢ required to complete
the surface characterization, which consists of observing
each feature of the feature set ¥ for at least a time instant
t, without violating the operational constraints throughout
the trajectory. The formal statement is given in Eq. (17),
where ty, = [f1, ... ,tNm]T and Av,, = [AVIT ‘e AVITVm ]T
are N,,, x 1 and (3 x N,,,) x 1 vectors containing the maneu-
ver times and impulses, ty ¢t is @ Ny X 1 vector containing
the 7 that satisfies Eq. (17h) for each considered feature.

i O (17
subject to

Eq. 3) Vit e [to,tr], (17b)
x(t9) = o, (17¢)
x(t) e X Vit € [to,tr], (17d)
AvielU fori=1,..., N, (17e)
to <ty <---<tn, <ty (17f)
ti —tio1 > ATy, fori=2,..., Ny, (17g)
x(tx) € Ry forty € [to, 1] VfeF. (17h)

The high dimensionality of this optimization problem
poses significant limitations in solving it onboard. More-
over, the large dispersion caused by uncertainties makes
the open-loop solution of Eq. (17) unreliable. For these
reasons, in this study, the problem is simplified to increase
tractability from a computational perspective, at the ex-
pense of optimality. First, the planning horizon is reduced
from the full mission time ¢ to a shorter horizon 7j,. Sec-
ond, the new planning horizon [fg, Tj] admits only one
impulse, whose value is obtained by solving two simpler
problems in sequence.

The first subproblem, which will be referred to as the
trajectory generation problem, seeks the single impulse Av;
at time #; that maximizes the time spent inside the ROIs
over the time interval [¢;, #;+1]. To enhance computational
efficiency, the state variable is considered deterministic.
Formally, the trajectory generation problem is stated in
Eq. (18), where AT, represents a time window that con-
strains the next maneuver time.

The solution of the trajectory generation problem,
solved with the method described in Subsection 4.1, yields
a trajectory evolving in the time interval [¢y, #;41] that
crosses a subset of features F, C . This trajectory is
provided as an initial guess for a second problem, i.e., the
trajectory refinement problem, which considers the state as
a distribution and provides a trajectory that is robust with
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respect to the considered uncertainties.

Ny

neingze 2,1 (15

subject to

Eq. (3) Vi€ [to, 1],
(18b)

x(19) = Xo, (18¢)

x(n)eX Vit € [to, tis1],
(18d)

Av; € U, (18e)

t; € [to, to +AT)] (18f)

tis1 € [ti + ATy, ti + ATy, + AT, . (18g)

The trajectory refinement problem is formulated as fol-
lows:

mirki‘r,r_lize [|Av; | (19a)
subject to
Eq. (3) Vi€ [to, tisl, (19b)
x(to) = Xo, (19¢)
Prix(r) e X] > 1 - & Vit € [tg,tis1], (194d)
Av; e U, (19e)
Pr[r(tx) eRel 21—ef VfeF,, forty € [to,tis1].
(19f)

where £ and g are risks associated with the desired prob-
abilistic satisfaction of the relative constraints. The imple-
mentation details for Eq. (19) are provided Subsection 4.2.

In the refinement stage, the planning horizon times and
the times associated with the scientific constraints are fixed;
the time spent in the ROIs is not optimized. This step fo-
cuses on guaranteeing robustness with respect to uncertain-
ties and reducing fuel consumption, which is considered an
additional relevant aspect. If stricter requirements apply,
different trajectory refinement objective functions can be
considered. The choice of splitting the problem into two
subproblems aims at enhancing computational efficiency:
the trajectory generation performs a rapid exploration to
identify regions of the control set with high scientific re-
turn, and the subsequent refinement steps enforce robust-
ness in a lower-dimensional space. This dimensionality
reduction enhances convergence properties and computa-
tional time, at the expense of optimality.

4. Methodology

In this section, the approaches used to solve the prob-
lems stated in Section 3 are described in detail. The sec-
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Algorithm 1: Sampling-based scheme

Input: initial samples ny, max iterations n;, best
samples npest, refinement samples 71ef
Output: best impulse Av* and score T o (AV*)
(1) Initial sampling:
U© « INITIALSAMPLING(1);
for k =0,...,n; do
(2) Forward propagate: for all Av € U¥)
traj(Av) «— FORWARDPROPAGATE(AV);
(3) Evaluate objective: for all Av € U (k)
Tt tot (AV) < EVALUATE(traj(Av));
(4) Select most promising:
§%) — SeLectBEST(U X, T¢ tots Mhest)s
if k = nit then
L break
(5) Refine mesh:
U+  RerINEMESH(S®)| nger);

tion starts by presenting the trajectory generation method,
which is based on a sampling-based scheme that is effi-
ciently initialized. It proceeds by providing the details of
the trajectory refinement approach, which solves a convex
problem to obtain robust fuel-optimal solutions.

4.1 Trajectory generation problem

The trajectory generation problem, as stated in Sec-
tion 3, involves finding a control action that maximizes the
scientific return within the considered planning horizon.
This problem can be particularly complex in the presence of
a large number of ROIs, as the objective function becomes
very irregular, compromising the reliability of gradient-
based methods. To enhance robustness of the trajectory
generation process, this work uses a sampling-based ap-
proach, a technique widely used in other fields [17, 18].
Following previous works that have applied this technique
in the context of goal-oriented guidance [7, 8], the method
used in this study evaluates the reachable sets resulting
from the samples taken in the control space. While un-
der simpler dynamics, the control execution time can be
included as a decision variable with a limited impact on
the algorithm computational demand [16, 19], the com-
plexity of close-proximity dynamics around minor bodies
precludes this choice.

Similar to [8], the optimal impulse search is based on
Algorithm 1. In brief, the algorithm iterates over the gen-
eration of a set of control actions, which are forward prop-
agated and scored by the objective Ty . In each iteration,
a mesh refinement is performed around the most promis-
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ing samples. The control domain sampling is performed
using a Fibonacci distribution [20], to guarantee approxi-
mately uniform coverage. The radius of the initial mesh is
determined by the control set requirement; the refinement
mesh radius is equal to the minimum distance of the most
promising sample from the already explored samples.

The main limitation of sampling-based methods is their
sensitivity to the number and placement of initial samples.
Indeed, the information used in the refinement process is
mainly based on the initial samples. Although this aspect
can be mitigated through advanced sampling techniques,
the refinement still relies on the initial scoring, and this can
lead to poor performance of the method on highly irregular
objective functions. To enhance the stability of the method,
this work proposes an informed initialization, rather than a
uniform first sampling, to start the refinement directly from
the most promising regions of the control set.

In order to efficiently locate regions of the control space
with high scientific return, the simple Keplerian dynamics
is exploited. Specifically, a set of Lambert problems is
solved to find the impulses that connect the initial state
Xo to points on normals of each Ry over a grid of arrival
times that satisfy the incidence angle condition in Eq. (1c)
for that feature. This produces a finite set of candidate
control impulses:

(L[LZ{AVf,k’iER?): feF, ke{l,...,Kf},
€T} (20)

where k is the index identifying the axial sample on Ry
(ignoring the incidence angle condition), and ¢; is the ar-
rival time of the set 77 representing the arrival times in
[#;, t;+1] for which the incidence angle condition holds.

The impulses in U, are then clustered in spherical coor-
dinates space. Two or more control actions are considered
compatible if the differences in magnitude, azimuth, and
elevation angles are below prescribed thresholds. Once
clusters of compatible impulses are identified, they are
ranked according to the number of R that they intersect,
and to an approximate cumulative time spent within those
ROIs. The consideration of the first criterion is justified
by the cost of Eq. (17), while the second enhances the
robustness with respect to uncertainties, a crucial aspect
for the trajectory refinement process. The two criteria are
weighted equally in the ranking process.

In addition to the initial seed generation, the same
methodology is also applied to identify promising ma-
neuver times. Using a small set of samples in the initial
mesh significantly reduces the time required for its eval-
vation. This gain in computational efficiency allows for
the inclusion of the time domain in the search space of the
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sampling-based methodology.

However, non-Keplerian propagation remains expen-
sive and limits the temporal discretization. Leveraging
on the observed correlation between the results obtained
applying Algorithm 1 under Keplerian and non-Keplerian
dynamics (see Figure 7), the sampling-based search for the
maneuver time is performed using the Kepler analytical
solution in the forward propagate step. The computational
efficiency of the two-body dynamics propagation permits
a finer grid in [#;41, t;41 + AT,,], enabling the selection of
subsequent maneuver epochs with high scientific return,
thus reducing the greedy nature of the approach used.

4.2 Trajectory refinement problem

The trajectory refinement problem formalized in Sec-
tion 3 is solved through a direct approach, chosen for the
favorable convergence properties [21], an aspect funda-
mental for the approach presented in this study, as the ini-
tial guess is provided from a different optimization prob-
lem and can have poor robustness characteristics. The
continuous-time problem in Eq. (19) is discretized in a fi-
nite number of nodes N, containing the maneuver time ¢;
and the times f; associated with the passage through the
ROIs in #,. Among direct approaches, a convex formula-
tion is adopted to exploit the efficiency offered by convex
solvers [22]. In particular, the Sequential Convex Program-
ming (SCP) algorithm is selected, a method demonstrated
to be effective for low-trust interplanetary transfer mis-
sions [23,24], powered descent and landing [25,26], and
rendezvous and proximity operations applications [27].

In order to be able to solve the problem stated in Sub-
section 4.2 through the SCP, the refinement problem must
be reformulated. Specifically, the SCP admits a convex
objective function, affine equality constraints and inequal-
ity constraints defining convex sets [28]. The problem
in Eq. (19) does not satisfy the required conditions. In
particular, Eq. (3) is a non-linear equality constraint, and
Eqgs. (19d) and (19f) represent probabilistic constraints that
must be converted in tractable constraints. Starting from
the non-linear dynamics, it is transformed into an affine
equality constraint by linearization. Considering X and Av
as the nominal trajectory and the nominal control action,
the motion around it can be described by the linear rela-
tion in Eq. (7). The chance constraints require additional
considerations to be reformulated. First of all, the set X
defined in Eq. (15) represents a hollow sphere, which is not
convex. The set Ry instead can assume complex shapes
described by Eq. (2) due to its time dependence on the
incidence angle. However, in case all points satify the
three conditions in Eq. (2), Ry can be approximated by a
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truncated Second Order Cone (SOC), which is a convex
set.

The geometrical considerations above are not sufficient
to transform the chance constraint into a convex constraint,
and additional considerations are required. Following [29],
in case a generic feasible set is affine (S = {x | h'x +
b < 0} ) and the constrained variable x is described by
a Gaussian distribution N (X, Py), the chance constraint
Pr(x € 8] = 1 — & is equivalent to the following linear
inequality:

h"x+b+¥(1-e)VvhTP,h<0 (21)

where () is the inverse of the Gaussian cumulative dis-
tribution function. Note that once a risk level & is selected,
Y(1 — &) becomes a scalar value.

Given that the state distribution is considered Gaussian,
transforming Egs. (19d) and (19f) into the linear form in
Eq. (21) requires only an affine representation of the sets X
and R ¢. The non-convex set X is locally approximated, at
the node j, by two bounding half-spaces: the impact and
the escape planes. The two bounds are imposed as:

7
—m rj+ Rimp <0, (22a)
J N——
S—— e bi
by
h'r; —Rese <0,  s=1,...,Nege.  (22b)
N——
by

where N, is the number of planes used to approximate the
escape condition, and hy are the associated normals. These
planes can be generated to cover a prescribed angular sector
of the escape sphere. Note that while the affine formulation
of the impact constraint is conservative, the one associated
with the escape is not; therefore, to increase the fidelity
of the affine representation of the escaping requirement, a
higher number of N, is required.

Analogously, the truncated SOCs representing the ROIs
can be approximated using a set of bounding lateral planes
plus two bounding planes with the normals aligned with

2r(€ -1
+n¢. Defining an angular variable ¢, = % + o
¢
with £ = 1,..., Ny, where Ny is the number of approximat-

ing lateral planes, the ¢-th lateral plane normal is:
hy = COS €max (COS P €1 +Sin Pr €2) — Sin €maxny (23)

where e; and e; are an orthonormal pair on the plane
defined by n¢. In this work, e; is aligned with the vector p; —
(p1 "ng) ng, where py is the principal direction associated
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with the maximum eigenvalue of P,.,.. This choice reduces
the conservative nature of the deterministic representation
of the SOCs chance constraint.

In addition to the lateral planes, two other planes are
added for the range bounds associated with the ROI. The
complete affine representation of the truncated SOC is:

hy —hjry
hy [r;+| -hyry | <o (24)
—n} n}rf +p”
n} —n}r r—pt
——— —_—
H b

All the previous vectors are expressed in the frame 7 ; the
frame superscript is omitted to simplify the notation.
Given the affine representation of all constraints, the last
step is to manage the assignment of the probability risk for
the sets approximated by multiple affine functions. This
probability allocation problem is conservatively solved us-
ing Boole’s inequality. The single chance constraint im-
posed on a set defined by the intersection of N affine sets:

NS

ﬂxesilm—g (25)

i=1

Pr

can be transformed into Ny chance constraints, one for each
set:

Ns Ns
ﬂPr[xeSl-] >1-¢ with Ze,- <e (26)
i=1 i=1

The choice of the single &; can be dictated by consider-
ations associated with the specific problem. However, in
this work, a uniform risk allocation is considered. More-
over, since a conjunction of affine sets approximates all the
constraints, all approximating planes must be considered
in the risk allocation [30].

Given the considerations above, the problem stated in
Eq. (19) can be reformulated as the convex problem re-
ported in Eq. (27), where Av; = AV; + dv;, v; = v(¢;) are
slack variables to avoid artificial infeasibility, and Eq. (27h)
represents the trust region constraint. R is the trust region
radius, which is managed through the simple hard trust
region with constant rates approach [31]:

R
a

R p1 < p™ < po,
,BR("), p(n) > po.

po < p™ < p,

R = (28)

TIAC-25-C1,6,5,x102487

If p < po the solution is rejected. In Eq. (28) n denotes the
iteration number of the SCP; pg, p1, p2, @, and B are con-
stant parameters determining the trust region contraction
and expansion. Moreover, the quantity p), defined as the
ratio between the actual cost decrease and the predicted
cost decrease, determines if the n-th solution of the convex
optimization is accepted or rejected [28].

Convergence of the SCP is based on two quantities: the
linear constraint violation and the normalized difference
in the objective between two consecutive iterations. The
algorithm terminates when these quantities fall below &,
(linear constraint violation tolerance) and €; (objective
tolerance), respectively. The problem in Eq. (27) is solved
in MATLAB through CVX [32,33] modeling framework
and gurobi solver [34].

5. Results

The numerical testing of the developed methodology is
performed considering a mission to the asteroid Itokawa.
In this section, the main parameters defining the scenario
and the algorithmic settings required are provided. Results
are presented both for the single algorithms and for the
complete methodology.

5.1 Scenario definition

The dynamic environment includes the forces described
in Subsection 2.1. Specifically, the central and non-
spherical contributions of the minor body gravity field,
the SRP, and the gravitational attraction of the Sun are
considered. The set ¥ is composed of 14 features ran-
domly chosen on the surface of the body model, which are
represented in Figure 2, neglecting their dependence on
the incidence angle. All the main simulation parameters
that define the dynamics around Itokawa, the ROIs, and
the considered uncertainties are reported in Table 1. The
initial conditions of the simulations are taken from a Sun-
Stabilized Terminator Orbit (SSTO) obtained with the algo-
rithm described in [35], with semimajor axis ag = 1.5 km.
Initial epochs 7 are evenly spaced over almost three orbital
periods, using 2" November 2002 as the initial reference
epoch tr. Two reference frames are used. The frame B,
a non-inertial reference frame with the z-axis aligned with
the rotational axis of Itokawa, the x-axis aligned with the
prime meridian of the asteroid, and the y-axis completing
the right-hand frame. The frame 7 is the inertial frame
ECLIPJ2000 centered on the barycenter of the minor body.
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N

minjmize [|Avi| +Z;/l||vj||1 (27a)
I:
subject to
6Xj+1 = q)(lj+1, l‘j)(SXj + q)(lj.'.l, lj)B 5Vj +v; for j= 0,...,N, (27b)
x(19) = xo, (27¢)
”Avl” < AvmaXs (27d)
h/ T;+b; +¥(1 —&)y/h] P, jh; <0 forj=0,...,N, (27¢)
hJT.’S r;+bjs+ ‘I‘(l _ 5 ) th.,SPrr,]- h; <0 fors=1,...,Negge, for j=0,...,N, (27%)
esc
e
h-lf—,grk"‘bf,f"'lp(l_N€i2)1’h}7gprr,khf,l’ <0 VfeF,, ford=1,...,Ne+2, fort; € {to,...,tn}, 27g)
lox;lly < R forj=0,...,N. (27h)
/ Table 1: Scenario parameters.
—
. f Parameter Value
T i ap 1.5 km
Spacecraft " 20 ke
— Cr 1.21
i A 1 m?
N Gravity type Spherical harmonics
=9 13 /a2
Main body u 2.36 X 1077 km® /s
Order and degree 4 x4 [36]
T 12.1324 h [37]
(pj:, p}) (0.9 km, 1.3 km)
ROI - ¢t o o
s (e €0) (0°, 15°)
y [km] x [km] (i, i}) (0°, 90°)
. (o, o) (50 m, 1 mm/s)
Fig. 2: Representation of ROIs in the frame 8, neglecting Uncertainty (T ) (3%, 3°)

incidence angle dependence.

5.2 Sampling-based trajectory generation

The trajectory generation methodology described in
Section 4 is tested considering a subset of the initial con-
ditions used for the testing of the complete methodology.
Specifically, the analyses reported below consider the first
100 of the total 200 samples taken from the initial SSTO.
The parameters used by the sampling-based algorithm are
reported in Table 2. The parameters associated with the en-
gineering constraints are the same as those used also for the
trajectory refinement. In Figure 3, the performances of the
methodology in terms of total time spent inside ROIs are

TIAC-25-C1,6,5,x102487

reported for the initial conditions considered. To compare
the classical sampling strategy with the Lambert-based ini-
tialization, results for both methods are shown. It can be
noted that in most cases, the Lambert-informed sampling
outperforms the classical one. Specifically, considering all
the simulations performed, the Lambert initialization al-
lows for an increase in T'f 1o Of approximately 10% with a
decrease in computational cost of about 50%. This compu-
tational gain reflects the smaller number of initial samples
used, capped at 20 for the Lambert initialization and equal
to 350 for the classical scheme.
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Table 2: Sampling-based parameters.

Parameter Value

K1, K3, K3, R (10, 100, 100, 1 km)
Avmax O]. m/s

AT, AT)) (18.5h, 4 h)
(Rimp, Resc) (0.7 km, 3 km)
(10, Nit, Mbests Mref) (350, 3, 6, 18)

0.4

| | |
—&— Lambert-informed sampling
dl | —e— Classical sampling

0.35

0.3

0.15

Fig. 3: Comparison of maximum objective value for dif-
ferent initial conditions using classical and Lambert-
informed sampling.

The effectiveness of the clustering in identifying
promising regions of the control set can also be seen in
Figure 6, where the score of the single impulse is reported
for a dense sampling of the control domain. The Lambert
seeds, along with their associated search radius, cover the
control regions with higher scores. Note that in Figure 6
all the solutions resulting from the clustering are reported;
however, as reported previously, only the top 20 seeds in
the ranking are used as initial samples.

The results shown in Figure 3 are obtained with ng =
350. Given the high relevance of this parameter, addi-
tional analyses are conducted to assess its influence on the
performance of the methodology. In Figures 4 and 5, the
maximum 7y 1o obtained with a varying ng for the classical
sampling and the one obtained with the Lambert initializa-
tion are presented for two initial conditions considered in
the previous analysis, which will be referred to as Genl
and Gen2.

TIAC-25-C1,6,5,x102487

0.32 . . . . | ====.Lambert-informed sampling
‘ —©— Classical sampling

e
N

S
S
3

max Ty ot

o
o

o
=
3

o

2

5

;
o—

0.14 I I I I I I I I I
0 50 100 150 200 250 300 350 400 450 500
ng

Fig. 4: Maximum objective value for classical sampling
with varying initial samples, and for Lambert-informed
sampling (Genl)

0.4

0.35 -

=== == =: Lambert-informed sampling

—©— Classical sampling

0.3

e
I3
S

max T o

I
o

0.15 -

0.1+

0.05 I I I I I I I I I
0 50 100 150 200 250 300 350 400 450 500
no

Fig. 5: Maximum objective value for classical sampling
with varying initial samples, and for Lambert-informed
sampling (Gen2).

The case Genl is associated with an irregular objective
function, as reflected from the irregular trend of Ty o for
increasing ng. On the other hand, Gen?2 is associated with a
more regular objective function, at least near the minimum.
In this case, the value of the maximum found initially rises
and then plateaus, indicating stable performance of the
sampling-based methodology. In both cases, the benefit
of initializing the scheme with the Lambert seeds is evi-
dent. Regardless of the objective function regularity, the
maximum found with the Lambert-informed sampling is
close to the highest one obtained by the classical sampling.

Page 10 of 17



76th International Astronautical Congress, Sydney, Australia, 29 Sep-3 Oct 2025.
Copyright ©2025 by Alban Beshaj. Published by the IAF, with permission and released to the IAF to publish in all forms.

Moreover, it is worth mentioning that the value of the max-
imum associated with the Lambert-informed sampling is
obtained with a maximum ny = 20, which corresponds to
the minimum number of initial samples n for the classical
sampling reported in Figures 4 and 5; refinement parame-
ters are the same for both methods.

Figure 7 reports the difference in the maximum scien-
tific return applying the Lambert-informed sampling under
non-Keplerian and Keplerian dynamics for the same initial
conditions considered in the analysis in Figure 3. A strong
correlation between the two results can be observed. In
most cases, the differences are related to the intrinsic vari-
ability of the sampling-based strategy. In fewer cases, the
optimal impulse completely changes under full dynam-
ics; yet, trajectories close to those resulting from optimal
Keplerian impulses still yield high objective values under
non-Keplerian dynamics. For these reasons, the devel-
oped methodology explores the time domain with multiple
sampling in the control domain for different initial times
and initial states along the flown arc. Then it selects the
maneuver time at Keplerian peaks of T 1.

5.3 SCP-based trajectory refinement

As indicated in Subsection 3.3, the convex-based trajec-
tory refinement optimization is performed for each planned
arc, using the solution of the trajectory generation problem
as the initial guess. The main parameters required by the
SCP are reported in Table 3. Two representative cases
are shown in Figures 8 and 10 (Refl and Ref2). The
corresponding trends of normalized fuel consumption are
reported in Figures 9 and 11. The results of these cases are
reported as they are representative of the behaviors shown
by the trajectory refinement process. The case Ref1 repre-
sents an arc that crosses a small number of ROIs. When the
trajectory generation provides an arc with similar proper-
ties, the refinement can move more with respect to the first
guess, achieving a high reduction of the fuel consumption
(see Figure 9). The case Ref?2 is characterized by the cross-
ing of a high number of ROIs. Usually, in this case, the
tighter feasibility envelope constrains the optimizer, limit-
ing the reduction in fuel consumption, and it increases the
number of rejected solutions (Figure 11).
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0.4

| |
—&— Non Keplerian
—o— Keplerian

0.35 +

0.3+

el
o
S

max Ty ot

02+d

0151 -

0.1

0 10 20 30 40 50 60 70
to [h]

Fig. 7: Comparison between the maximum 7' ;,, obtained
for an arc under non-Keplerian and Keplerian dynamics
through the sampling-based trajectory generation. Each
point represents an initial condition on the initial SSTO.

In addition to the two cases reported above, there is
a third condition that interferes more with the proper re-
finement of the solution. This case is associated with the
grazing of specific ROIs or with incompatibilities between
ROIs, which renders the optimization problem ill-posed.
These cases are handled by solving a simple convex fea-
sibility problem, which provides the ROI set to exclude,
thereby recovering a well-posed problem. The resulting
new problem typically reduces to one of the cases reported
above.

W] 14
0.5
10
T 0 .
= S
= ®
05 8 3
¢ :
-t 6 @
-1.5 = Initial guess
—=- = Optimal solution 4
1
0 2
-1 R
x [km] 1 0 -

y [km)]

Fig. 8: Trajectory evolution in frame B for case Ref1 show-
ing the initial guess, the SCP accepted iterations, and the
optimal solution.
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Av, [km /s

104 0 0
Av, [km /s|

Av, [km /s]

0.25

0.05

S

max T o
Av, [km /s
L

x1074

¢ Lambert seed
Search sphere

0 0
Av, [km /s|

x107*

Av, [km /s]

Fig. 6: Control set score for 5000 samples (left); seeds and associated search sphere identified by Lambert clustering as

high scientific return regions (right).

N
=

o
o
T

-
o
T

Normalized [|Av]|
m
;

L B - .

o
-

Tteration number

Fig. 9: Trend of Av magnitude over SCP iterations for case

Refl.

—— Initial guess
1.5 4 — = Optimal solution

7z [km)]

x [km)]

y [km]

6 8 10 12

SCP iteration

Fig. 10: Trajectory evolution in frame B for case Ref2
showing the initial guess, the SCP accepted iterations,

and the optimal solution.
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7.4

Table 3: SCP parameters

Normalized [|Av||
N
io

Parameter Value
A 100
Ry 5
(pos p1, p2) | (0.01, 0.2, 0.85)
(a, B) (1.5, 1.5)
(&5, €7) (1074, 0.2)
(&g, eL) (1074, 1079)
it P T TR T

Tteration number

Fig. 11: Trend of Av magnitude over SCP iterations for
case Ref2.

5.4 Two-step guidance

The complete methodology, which combines Lambert-
informed sampling-based trajectory generation and convex
trajectory refinement, is tested through Monte Carlo (MC)
simulations using 200 initial conditions generated as de-
scribed in Subsection 5.1. In Figures 12 and 13, the statis-
tics of the total time and the total Av required to satisfy
all the scientific requirements are reported. With the 14
features represented in Figure 2, the stochastic Av required
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to complete the mission is 0.59 m/s and the stochastic ¢ 7 is
140.5 h, both estimated as the 99¢h percentile of the associ-
ated CDF. For comparizon, the same results are reported in
Figures 14 and 15 using the sampling-based trajectory gen-
eration, without the refinement step. The generation step
alone can complete the whole mission, but with slightly
worse performance. In this case, the stochastic Av and
are respectively 0.76 m/s and 147.2 h, which correspond
to an increase of about 22% in fuel consumption and 5%
in the total time required to complete the mission. Note
that satisfactory results can also be obtained with the single
generation step, as maximizing the time spent in the ROIs
enhances the robustness of the solution.

The results reported in this section are strongly cor-
related with the dynamical environment of the asteroid.
Therefore, they are indicative of a minor body with a main
gravity similar to that of Itokawa. For more massive bod-
ies, both Av and 77 can increase considerably due to the
reduced state space connectivity. Figures 16 and 17 report
one of the trajectories obtained from the MC simulations
in the frames B and 7. To simplify the representation, in
the frame B the ROIs are represented as truncated SOCs,
ignoring their dependence on incidence angle, while in
frame 7 only the ROIs entry points are reported, since the
regions are not static in this frame.

Real trajectory
®  Maneuvers

7 [km)]

Fig. 16: Real trajectory evolution in frame 8 for one MC
sample, with ROIs shown as truncated SOCs and ma-
neuvers represented as red dots.

In the cases considered, all ROIs are visited at least once
by the actual trajectory, as the simulation is stopped only
when all Ry are satisfied. In Figure 18, the evolution of
the ROIs satisfaction is reported for each MC sample. It
can be noted that the distribution of the first ROIs satisfac-

TIAC-25-C1,6,5,x102487

tion describes a right-skewed distribution, which gradually
shifts toward a more symmetric distribution for the final
ROIs satisfaction. This phenomenon could be related to
the greedy nature of the approach used to solve the prob-
lem in Eq. (17), combined with the presence of a higher
number of ROIs in the first part of the simulation.

S

Real trajectory
@® Maneuvers
e Ry

0.5

2z [km]

y [km]

Fig. 17: Real trajectory evolution in frame 7 for one MC
sample, with ROIs shown as blue dots and maneuvers
represented as red dots.

6. Conclusions

In this work, a two-step guidance methodology for
close-proximity operations around asteroids is proposed.
The developed guidance algorithm enables the spacecraft
to satisfy both typical engineering constraints and scientific
requirements associated with observing specific regions of
the minor body surface. Although numerical testing is con-
ducted under a scenario involving a spacecraft equipped
with a passive sensor, the flexibility of the methodology al-
lows for its application to other instruments, assuming that
their requirements permit a geometrical representation in
the state space.

The first step of the methodology solves a determin-
istic optimization through an efficient sampling-based al-
gorithm, which is initialized by exploiting a clustering of
Lambert solutions. The trajectory generated with the first
stage is then used as an initial guess for a convex-based
optimization, which refines the solution to enhance robust-
ness with respect to uncertainties and minimize fuel con-
sumption. The results obtained from the numerical testing
demonstrate the capability of the methodology in mapping
specific regions on the minor body surface. While the first
step alone can satisfy mapping requirements, improved re-
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Fig. 13: Av required to satisfy all scientific requirements with two-step guidance. On the left probability distribution

function. On the right cumulative distribution function.

sults are achieved when the complete method is applied.
Overall, the proposed approach represents a step toward
autonomous close-proximity operations around minor bod-
ies, enabling science-driven missions that are required to
unlock the full potential of this class of targets.
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Number of satisfied Ry

Number of satisfied Ry

0 50 100 150
Time [h]

Fig. 18: Evolution of ROIs satisfaction for each MC sam-
ple.
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