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Abstract

On-Orbit Servicing (OOS) represents a viable strategy toward a sustainable and extended
exploitation of the Low-Earth-Orbit (LEO) environment. The design of OOS missions re-
quires optimizing both the scheduling of visited objects and the transfer trajectory between
each pair of orbits, resulting in the great complexity of the global mission planning problem.
This research considers a servicing spacecraft equipped with a high-thrust propulsion
system, required to perform multiple orbit transfers to visit several Resident Space Objects
(RSOs) in a given time frame with minimum fuel consumption. The proposed method
leverages a two-stage approach: (i) first, the optimal transfers are computed for all pairs
of orbits and discretized dates, and the associated overall velocity changes are stored in
a cost matrix; (ii) then, the problem of visiting all RSOs is cast as a search problem, and
the solution space is explored through an A* algorithm. The transfer strategy exploits
intermediate drift orbits to increase the differential precession due to the |, harmonic of the
Earth’s gravitational potential. Moreover, the A* procedure leverages a heuristic function
based on a modified version of the Held—Karp algorithm, which is proven to be admissible
and consistent, meaning that the optimal solution is always reached. The proposed strategy
is integrated within a flexible architecture, where operational constraints on phasing and
servicing activities can be enforced as well. Finally, the methodology at hand is successfully
applied to a case study from the literature involving three successive missions, in charge
of visiting 5 RSOs each. Different discretization grids are considered, and the results are
compared in terms of overall velocity change and computational time.

Keywords: on-orbit servicing; A* search algorithm; traveling salesman problem; low-Earth-orbit

1. Introduction

The development of mission analysis techniques for On-Orbit Servicing (OOS) consti-
tutes a research area of undeniable importance. Supporting already operational satellites
instead of replacing them represents a cost-efficient approach to space activities, especially
for missions in geostationary orbit (GEO), where access is much more expensive. OOS
spacecraft in GEO orbits are already operational [1], such as the commercial Mission Exten-
sion Vehicle (MEV) [2], while the planned ESA RISE mission will test in-orbit technologies
to pave the way for commercial life extension services for geostationary satellites [3]. How-
ever, the coming decades will see a sustained utilization of the Low-Earth-Orbit (LEO)
environment, e.g., enabling a continued and larger human presence, reducing space habita-
tion risk, making access to space cheaper, and unlocking commercial opportunities for OOS.
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In particular, with the development of proliferated constellations (e.g., Starlink, OneWeb,
and Kuiper), the opportunities of deploying OOS architectures in the LEO environment
is attracting greater interest, and the benefits are the subject of current investigation [1].
For instance, OOS technologies allow refueling, orbital maneuvering, modular assembly of
complex space systems, and repairing [4]. Furthermore, the increase in the number of RSOs
requires the development of more sustainable approaches to constellation maintenance,
as well as the design of Active-Debris Removal (ADR) missions to clean up the more
polluted LEO environment [5].

The preliminary mission design for OOS missions involves optimizing the sequence
and timing of visited RSOs, i.e., minimizing the overall velocity change or operational
time. To this end, in order to reduce the associated cost, several multi-target missions
have been proposed. These scenarios involve a mother ship visiting multiple RSOs in
order to conduct maintenance operations or to deorbit uncontrolled targets. Specifically,
the proposed framework considers OOS mission scenarios where servicing maneuvers
(such as for station keeping or deorbiting) are not required (e.g., installing deorbiting
equipment for ADR, refueling, assembly, and repairing). This problem can be cast as a
variant of the classic Traveling Salesman Problem (TSP) [6], and several strategies have
been proposed for solving the combinatorial problem arising from OOS missions through
either high [7] or low thrust [8]. These methods for solving combinatorial optimization
problems fall into three main classes [9]:

e direct enumeration, that consists in the enumeration of all candidate solutions to obtain
the globally optimal solution, thus being suitable only for small-scale problems;

*  implicit enumeration, where pruning strategies are adopted so that only regions close
to the optimal solution are explored. Within this area, branch-and-bound methods
have been investigated [10], as well as tree search procedures [11], where the optimal
sequencing is achieved by iteratively adding one object at a time. However, the ef-
fectiveness of these approaches strongly relies on the pruning criteria, which must
drive the exploration of the solution space without losing optimality or increasing the
computational complexity;

*  stochastic programming methods represent a good compromise between the two afore-
mentioned strategies, as they allow finding near-optimal solutions without a heavy
computational load. To this aim, metaheuristic approaches have been investigated,
such as Simulated Annealing (SA) [12-14] or Genetic Algorithms [15].

Recently, machine learning techniques have been proposed for ADR missions,
though with modest populations of objects [16,17]. As a matter of fact, these method-
ologies allow exploring large solution spaces with limited computational cost, but their use
in these mission scenarios has only recently emerged in the scientific literature. Moreover,
to tackle its complexity, some authors proposed splitting the original combinatorial opti-
mization problem into multiple smaller-scale ones which can be more efficiently solved,
such as through tree search approaches [18].

Actually, the scenario at hand differs from the standard TSP, as the position of the
targets is time-dependent due to orbit dynamics [19]. Therefore, Izzo et al. developed
both a static and dynamic variant of the standard TSP for a considerably larger set of
debris through the inver-over algorithm, though they called for better genetic operators
for the dynamic problem [20]. As a matter of fact, further complexity arises when the J»
perturbation is taken into account, as it induces a variation in the orbital plane. In order
to reduce the high cost associated with out-of-plane maneuvers, orbital plane precession
can be exploited to perform orbit transfers strategically. To this end, Cerf proposed the use
of intermediate drift orbits to leverage the natural precession of orbital planes due to the
Earth’s oblateness [21]. In his work, nonlinear programming is employed to compute all
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possible transfers according to the orbits of the RSOs and the rendezvous timing. Then,
the sequence and timing of visited objects are identified through an SA algorithm. A similar
framework was built by Federici et al., who investigated three different heuristic functions
to increase the efficiency of an A* search algorithm that maximizes a score index on the
removed debris, assuming a maximum mission duration and overall velocity change [11].
Again, intermediate drift orbits are exploited to leverage natural precession of the orbital
planes for fuel-efficient impulsive maneuvers.

The study that follows aims at developing a search algorithm for the design of missions
related to OOS operations. A two-stage approach is being adopted as a well-established
methodology [22], exploiting natural orbital plane precession for the purpose of reducing
the overall fuel consumption:

e first, the overall velocity changes associated with each transfer leg are determined
through both analytical models and optimization procedures and stored in related
cost matrices;

¢ then, an A* search algorithm is in charge of determining the optimal sequence and
timing of visited objects, i.e., minimizing the overall velocity change.

Specifically, this work is intended to propose the following contributions:

*  the A" search algorithm formulated in [11] is modified to the aim of determining the
minimum-cost tour within a given set of RSOs, and extended to address operational
constraints to allow for phasing and servicing;

*  aheuristic function leveraging a modified version of the Held—Karp algorithm [23] is
developed to estimate the remaining mission cost and drive node expansion. The de-
sign of the heuristic function is intended to guarantee its admissibility and consistency
for the purpose of ensuring convergence to the optimal solution;

¢ the time-dependent TSP problem is also formulated through an Integer Linear Pro-
gramming (ILP) approach [11], which is revised and extended to address operational
constraints and provide a benchmark solution against which the approach at hand
can be compared;

¢ three different test cases from the literature are considered with the aim of assessing
the performance of the algorithm under different numerical setups, with an emphasis
on the computational cost associated with the search for optimal solutions;

*  ascalability study is proposed in order to assess the performance of both approaches
along sets of RSOs with increasing size.

In conclusion, this research has the ultimate intent of providing a simple yet flexible
architecture for OOS mission design, while focusing on the inherent tradeoff between
optimality and computational efficiency. This paper is organized as follows. Section 2
addresses the computation of the optimal transfers between all pairs of orbits and epochs.
Section 3 introduces the A* approach to the solution for the combinatorial problem, as well
as the formulation of the time-dependent TSP as an ILP problem. Finally, Section 4 shows
the numerical results for the case study discussed in the literature.

2. Orbit Transfer Problem Statement and Solution

This section is devoted to introducing the optimization problem at hand and presenting
the solution strategy adopted to compute the optimal transfers. The scenario at hand
involves a servicing spacecraft, equipped with a high-thrust propulsion system, in charge
of performing multiple orbit transfers to visit a set of n RSOs for servicing operations. In the
proposed methodology, once a given orbit is reached, a given waiting time Ty, is required to
perform phasing and OOS operations, while servicing maneuvers are not considered. Each
visited orbit is described in terms of Classical Orbital Elements (COEs) (4, ¢,i, (), w), where
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a is the semi-major axis, e is the eccentricity, 7 is the inclination, () is the Right Ascension
of the Ascending Node (RAAN), and w is the argument of the pericenter. Moreover, each
orbit is subject to nodal precession due to the Earth’s oblateness, which strongly dominates
above all other sources of perturbation within the range of altitudes of interest [24]. The
aim of the optimization strategy is to find the best sequence and timing of the visited RSOs
in order to minimize the overall fuel consumption.

2.1. Cost Matrices

As a preliminary step, a mesh of discretized epochs is created to compute the optimal
transfers between all pairs of n orbits at different times, and the associated velocity changes
are stored in cost matrices. To this aim, the following indices are introduced:

e i departure orbit (i =1, ..., n);
* jrarrival orbit (j =1, ..., n);
*  k:epoch times (k =0, ..., N});
e  m: transfer duration (m = 0, ..., My);
where N; + 1 is the length of the vector T composed of all discretized epochs 1 (k = 0, ..., N¢)
such that
T, = kAT, (1)

where AT denotes the discretization interval. Analogously, My + 1 is the length of the
vector § composed of all durations d,, (m = 0, ..., M) available for each transfer,

S = mAT, (2)

with
Mk = min (Mmﬂx, Nt - k), k= 0, ceey Nt (3)

and ATM,;,x denoting the maximum time allowed for a transfer. In particular, transfers
corresponding to m = 0 are associated with direct transfers, i.e., without the use of in-
termediate drift orbits. Finally, for each pair (i, f), the optimal transfer at epoch 7 with
duration Jy, is identified, and the associated velocity change AV, fills the component of a
four-index matrix,

AVinatli, j,k,m] = AV, with i,j =1, .., k = 0,..., N; m =0, .., Mj. (4)

2.2. Orbit Transfer Strategy

The strategy to achieve orbit transfers is proposed by Cerf [25] and relies on the >
nodal precession to drive the orbital plane of the chaser toward that of the target. Each
mission consists of three distinct phases (see Figure 1):

* anon-coplanar Hohmann transfer from the initial orbit (subscript i) to a drift orbit;

*  acoast phase along the drift orbit (subscript d) to synchronize the RAAN with that of
the target orbital plane;

* anon-coplanar Hohmann transfer from the drift orbit to the the target orbit (sub-
script j).

Some simplifying hypotheses are introduced:

*  the orbit of the RSOs and the drift orbit are assumed to be circular. While elliptical drift
orbits may alternatively be employed with lower fuel consumption, circular orbits
guarantee a faster drift rate and thus are preferred within this framework [25].

¢ the (modest) propellant consumption associated with phasing operations is ne-
glected [25].

¢ the short duration of the Hohmann transfers is neglected with respect to the drift time.
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————— orbit i
————— orbit j
drift orbit

Figure 1. Orbit transfer strategy.

2.2.1. Determination of Drift Orbit Parameters

The computation of the velocity change AVj,, entails determining the semimajor axis
a4 and inclination i; of the drift orbit that minimize the transfer cost. This can be cast as a
constrained optimization problem:

min AV;jx, i,j=1,.,1m k=0,..,N; m=0,.., M; (5)
ag,ld
with |Q(Tg) — Qj(Thgm) £2271] =0, z € Z, (6)

where Q(Ti ) and Q;(Ti ) respectively denote the RAAN of the servicing spacecraft
and of the target orbital plane at time 7,

Q(Tesm) = Qi(10) + (% — 1) + (Tt — ), 7)
Qj(Tesm) = Qi(10) + Qj(Thsm — T0), ©)

while the time derivatives of the RAAN due to the ], perturbation are given by Equation (9)
(with zero eccentricity) [26],

~ 3 iR

Q; = _EW COS I

- 3LyHR?

Q] = —§7a7/2 CcOSs l]‘ , (9)
]

. 3DyERT

Qd - _ET COs Id

where y is the Earth’s gravitational parameter, R is its equatorial radius, and J; is its
oblateness coefficient.

2.2.2. Non-Coplanar Hohmann Transfers

As the spacecraft is equipped with a high-thrust engine, non-coplanar orbit maneu-
vers are modeled as impulsive velocity changes. Let (i1,();) and (i, ();) represent the
inclination and RAAN of the generic initial and final orbits, respectively. Then, the two
orbital planes form an angle 6 such that

cos 0 = sinij sinip cos (U — ) + cos i1 cos iy. (10)
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The strategy employed in this study is proposed by Vallado [27] and consists in achiev-
ing a partial inclination change s6 (s € [0,1]) during the first impulsive maneuver, and
the remaining part (1 — s)6 in the second maneuver. Both velocity changes are combined
maneuvers (i.e., changing both altitude and inclination), and thus

AV) = \/y% + 02| — 20104 cos (s), (11)
AV, = \/U%rz + v3 — 204205 cos ((1 — 5)0), (12)

where v and v, denote the velocities before and after injection in the transfer orbit,
respectively, while vy» and v, are the velocities before and after insertion into the final
orbit, respectively. In order to determine the optimal value of s, we can take the partial
derivative of AV; 4+ AV, with respect to s to yield [27]

AV10045 8in (1 —5)0
AVov104 .

sin (s6) = (13)

Equation (13) requires a numerical process to yield the solution. However, by ignoring
second-order terms (i.e., AV;AV,), an analytical approximation can be obtained [27],

1 sin 6
s=—arctan | =————|. (14)
0 0191 + cos 6
02042

3. Combinatorial Problem Statement and Solution

Section 3 introduces the formulation of the combinatorial problem and its solution
through either an A* search algorithm or an ILP approach.

3.1. Search Problem Statement

The problem of visiting all RSOs with minimum velocity change can be cast as a search
problem. To this end, Federici et al. [11] identify each state x as a sequence of pairs (s¢, t¢),
where s; is the visited object and f; is the associated rendezvous epoch. Here, the same
formulation is adopted and extended to include waiting time (T,) constraints related to
phasing and OOS operations. Once T, is assigned as a fixed design parameter (which
is equal for each visited RSO), the associated constraint can be can enforced through a
corresponding index [13]

l:inf{ZGZ:zzzz_‘:_}, (15)

where Z is the set of integer numbers. Thus, the servicing spacecraft is forced to wait at
each destination RSO for a time equal to /AT before starting another transfer. The mission
begins when the spacecraft leaves the first RSO, while it arrives at the last object at most at
N — I, to allow for phasing and OOS operations at the destination RSO.

Each node in the tree is represented by a data structure with four elements:

* the state to which the node corresponds,

x=A{(1t1), . (sg.te)}, <m; (16)

*  its parent node;
e the total cost g(x) of the path from the root node to the current node,

¢

g(X) = ZA‘/Si,si+1,ti/AT,(tH,l*ti)/AT*l; (17)
i=1
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e the heuristic estimation /(x) of the best path from the current node to the goal node.

Given a node and the corresponding state ), the admissible child nodes are associated
with the set of successor states E()x), obtained by adding a new object and its rendezvous

epoch (sz+1, tz41):

E‘(X) = {X/ : X/ =xU (Sé—i-]/t(;‘—&-l)}/ g =1.,n-1, (18)
with ; ;
175 1
AT S Mg, (19)
and
Mg = min (Myay, Nt =k — (n=¢)I), {=1,..,n. (20)

Equation (20) implements a pruning strategy that restricts the search only to feasible nodes
such that the maximum duration of each orbit transfer allows a minimum time margin
IAT for each of the remaining (n — &) objects to perform phasing and OOS operations.
Furthermore, nodes resulting in orbit transfers requiring a AV greater than 1 km/s are
discarded to limit the search space.

3.2. A* Search

A general tree search algorithm creates a search tree over the state-space graph, starting
from a root node, which corresponds to the initial state of the problem at hand. Then, nodes
are added to the tree, with each corresponding to a different state in the state space. The
edges between any pair of nodes correspond to the actions that enable transitions from one
state to another. Starting from the parent node, child nodes resulting from all admissible
actions are added to the frontier. The latter includes the ordered set of nodes that have been
reached but not yet expanded. At the first iteration, only a parent node exists, i.e., the root
node. At each iteration, the frontier acts as a priority queue, where lower-cost nodes are
expanded first. The process ends when the goal state is reached.

The A* algorithm is an informed search strategy, i.e., it exploits additional information
about the possible location of the goal to drive the search process. This further indication is
given as a heuristic function h(x), which provides the estimated cost of the cheapest path
from the current node to the goal node. Specifically, the A* algorithm relies on a best-first
search strategy, where nodes with the minimum value of an evaluation function f () are
selected, representing the overall cost from the start to the goal node. For the A* algorithm,
the evaluation function is given by [28]

fx) =gx) +h(x), (21)

where g(x) is the cost of the path from the initial to the current node, whereas h(x) repre-
sents the heuristic estimate of the cost from the current node to the final node. The sufficient
condition for A* to be cost-optimal is that the heuristic function is admissible, that is, it
never overestimates the actual cost of the path. A slightly stronger property is the con-
sistency. A heuristic function k() is said to be consistent if, for each state xy and each
successor state x’ resulting from an action «, we have

h(x) <o(x o, x') +h(x'), (22)

where (), a, x') is the cost associated with the transition from state yx to state x’ through
the action «. Since every consistent heuristic is also admissible, consistency is a sufficient
condition for cost optimality. An A* with a consistent heuristic is also optimally efficient,
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that is, any other algorithm that uses the same heuristic function will expand all nodes
expanded by A*.

However, the number of nodes can exponentially increase when large-scale problems
are addressed, resulting in heavy computational cost in terms of memory usage and speed.
Therefore, a careful definition of the heuristic function allows pruning away nodes that are
unnecessary for finding an optimal solution, potentially yielding a significant reduction in
the computational burden [11].

3.3. Heuristic Function

A careful selection of an admissible heuristic function is necessary to reduce the com-
putational load of the search algorithm. To this aim, once a given node is expanded at time
tz, a two-index matrix AVtg is computed starting from the four-index matrix AVyu[i, j, k, m]
with all possible orbit transfers (see Section 2.2),

AV, [i,j] = min {AVinatli, j, k, m]}, (23)
te/AT+ < k < Np—1

for each pair (i, j) of RSOs still not visited. Therefore, matrix AV}, contains for each pair of
remaining objects the minimum velocity change to achieve the orbit transfer, regardless of
the duration and epoch (which must be greater than ¢z anyway). Then, the minimum-cost
tour along the matrix AV}, that visits each object is computed as

h(x) = fux(AVi), (24)

where the function fpx implements a variant of the so-called Held-Karp algorithm, a dy-
namic programming algorithm that solves the TSP with a given cost matrix [23].

3.4. Held—Karp Algorithm

The Held-Karp algorithm [23] is a dynamic programming formulation of the TSP that
consists in finding the shortest path to travel from a given city to n — 1 cities, and then
return home, given the distance d,5 among each pair of cities in the tour. Equivalently, if 1
denotes the starting city, this corresponds to finding a permutation P = (1, 0y, ..., 03,) of the
integers from 1 to n that minimizes the quantity

dl”z + df’zUa + dt73¢74 +ot d(fy,l/ (25)

where dlx,/g is a set of real (positive) numbers. Given a set ¥ C {2, 3, ..., n}, with dimension
7(X), and a city ox € X (1 < k < 5), we denote as (X, ;) the minimum cost to visit all
cities in the set X starting from the first city and terminating at city oy,

d1g;, ifn(x) =1,
vE o) =4 . _ , (26)

min {’Y(Zkrap) + dapgk}, if 77(2) >1

UPEZk

where 2y = X\ {0}}. The quantity (%, 0;) can be computed recursively until the cost of
visiting all cities and terminating at oy is known for each 2 < k < n. Finally, if we denote
with C the minimum cost of a complete tour, which includes ¢, as the second-to-last city
and returns to the first city, we will have

C = min {'y({z,...,n},ak)+d(,k1}. (27)

0k E€2,..n
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Since the problem at hand does not require returning to the first city, a variant of the
Held-Karp algorithm can be obtained by simply removing the cost of the last leg d, 1.

As an illustrative example, the behavior of the algorithm is shown through a simplified
scenario involving four elements, namely 1, 2, 3 and 4. The goal is to find a permutation
P = (1,0, 03,04) that minimizes the quantity

le’z + d0'20'3 + d0'3l74' (28)

Initially, the set contains only one element. Therefore, we have

v({2},2) = dia, (29)
v({3},3) = di3, (30)
v({4},4) = dus. (31)

Then, the set is expanded to two elements,

7({2,3},2) = v({3},3) + ds2, (32)
7({2,3},3) = v({2},2) +das, (33)
7({2,4},2) = v({4},4) + dao, (34)
7({2,4},4) = v({2},2) + doy, (35)
7({3,4},3) = v({4},4) + da, (36)
7({3,4},4) = v({3},3) + das. (37)
Finally, the set contains four elements,
7({2,3,4},2) = min{y({3,4},3) +dz, 7({3,4},4) +du}, (38)
7({2,3,4},3) = min{y({2,4},2) + d3,7({2,4},4) + duz}, (39)
7({2,3,4},4) = min{y({2,3},2) + doy, v({2,3},3) + das}. (40)

Ultimately, the minimum-cost tour is selected to be

C =min{y({2,3,4},2) +do,7({2,3,4},3) +da1,7({2,3,4},4) + du }. (41)

3.5. Admissibility and consistency proof

Equation 24 can be proven to implement an admissible heuristic: since each entry
AV}, [i, j] collects the minimum cost associated with each orbit transfer (i, j), the minimum-
cost tour along the matrix AV}, cannot overestimates the actual cost of the path.

Moreover, the heuristic in Equation (24) is consistent. Given a state y with dimension
¢, then, for each generic successor ' € E(x) with dimension & + 1,

h) = fi(AVig) = min {8V [sg,sean] +hse,0 (0 } < AVilsersga) + by (), (42

where £, (x) is the minimum-cost tour along the matrix AV:,:é+1 obtained removing the sz~
row and sz 1-column. Now, since the matrix AV;, contains the minimum velocity changes
to achieve the orbit transfers at times > tg,

AVt; [Sij/SéJrl] < 5(%/“/)(/)' (43)
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Moreover, for each (i, ),
min {AVyat[i, j, k,m]} < min {AViyatli, j, k,m]}, (44)
tz/ AT+ < k < Nj—1 tro1/ATH <k < Nj—1
0<m< Mg 0<m< Mgy

i.e. the minimum velocity change to achieve the orbit transfer increases whenever tz 1>t:.
Therefore,

h5§+1 (X) < h(X/)' (45)

In other words, the minimum-cost tour along the matrix AV 1 cannot exceed the corre-
sponding cost h(x’) computed along the matrix AVi o, Wthh is computed at time tz .
Consequently, Equation 42 through Equations 43 and 45 yields

h(x) <6(x,ax')+h(x'). (46)

3.6. ILP Formulation

This section introduces the ILP formulation of the time-dependent TSP. Based on
the approach described in [11], the same formulation is revised and extended to include
the operational constraints. All variables are binary, while the objective function and the
constraints are linear. First, the following variables are defined:
®  Xjjky indicates if the transfer from orbit i to orbit j, departing at time 7; and arriving at

time T, is performed (x;jx,, = 1) or not (x;jx, = 0);

* y; indicates whether (y; = 1) or not (y; = 0) object i is the last one visited;
*  z;indicates whether (z; = 1) or not (z; = 0) object i is the first one visited.

Under these premises, the ILP problem can be written as follows:

n n Ny Mg
rxnjlrz12 Z 2 Y AViarlisj k, ) Xijiems (47)
i=1 j=1k=0 m=0
subject to the following constraints:
n n Nt Mk
YN ) xigm=n—1, (48)
i=1j=1k=0m=0
n Nt Mk
2 Z xl-]-km =1- Yi, i= 0,..., n, (49)
j=1k=0m=0
n Nt Mk
2 2 x,«]«km =1 _Zj’ ] = o,..mn, (50)
i=1k=0m=0
n Np My n Np M
Z Z ( XZ]km Z Z Z kx]zkm = (51)
j=1k=0m=0 j=1k=0m=
n Nt Mk
< Z Z Mg +2i(Ny —nl), i=1,..,n,
j=1k=0m=0
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n Ng Mk n Nt Mk
Y. (k=D Xijn — Y, Y Y kXjigm > (52)
j=1k=0m=0 j=1k=0m=0
n Nt Mk
Z Z mxjikm yl(Ntil) 7lzll 1= 1/ N,
j=1k=0m=0
n n Nt Mk
YN )Y mxj < Ne— (n— 1)1, (53)
i=1j=1k=0m=0
n
Yoyi=1, (54)
i=1
n
Z Zi = 1. (55)

Specifically, the following apply:

e Equation (48) establishes that (n — 1) orbit transfers are performed;

e  Equation (49) ensures that the visiting spacecraft departs from each visited object
exactly once, except for the last object;

e Equation (50) ensures that the spacecraft arrives at each object exactly once, except for
the first one;

e  Equations (51) and (52) guarantee that every orbit transfer has duration mAT (m =
0, ..., M) while incorporating the operation constraints:

- the term (k —I) accounts for a waiting period T,,;; after reaching each object
(except for the first one);

- theterm z;(N; — nl) ensures that the first object is left at most at time N; — (n —1)I;

-  the term y;(N; — I) ensures that the last object is reached at most at time N; — [;

- the term —Iz; takes into account that phasing and OOS operations are assumed
to be completed before the spacecraft leaves the first object, and thus departure is
also allowed at time k = 0;

¢  Equation (53) constraints the total mission duration by guaranteeing that the sum
of each orbit transfer mAT and each phasing time /AT does not exceed the total
time N;AT;

*  Equations (54) and (55) state that only one object can be the last or first visited RSO,
respectively.

4. Numerical Results

The performance of the algorithm is assessed on an application case presented by
Cerf [21]. This scenario involves a set of objects traveling along different orbits, as reported
in Table 1. The only meaningful elements are given by the altitude, inclination, and initial
RAAN, as phasing maneuvers are not addressed. The cleaning program proposed by Cerf
consists of three missions, each visiting 5 objects over a duration of 45 months, for a total
of 15 RSOs. In [21], a three-stage approach is employed to retrieve the optimal sequence:
(i) first, all possible elementary transfers between objects are computed for a mesh of
discretized dates and stored in cost matrices; (ii) then, the optimal sequence is retrieved
through an SA algorithm spanning all possible transfers and dates through interpolation
of the cost matrices; (iii) finally, the solution is refined through nonlinear programming
involving continuous variables. A fixed waiting duration of 5 days is allocated to each RSO
to perform operations once the object is reached, while the duration of each orbit transfer
ranges from 20 to 200 days. Tables 2—4 collect the final results of the optimization process
for the three missions.
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Table 1. Set of target orbits.

Object Number Altitude (km) Inclination (deg)  Initial RAAN (deg)
1 700 97.0 0
3 720 97.6 180
4 730 97.9 270
5 740 98.2 18
6 750 98.5 108
7 760 98.8 198
8 770 97.1 288
9 780 97.4 36
11 800 98.0 216
12 810 98.3 306
13 820 98.6 54
14 830 98.9 144
15 840 97.2 234
16 850 97.5 324
17 860 97.8 72
18 870 98.1 162
19 880 98.4 252
20 890 98.7 342
21 900 99.0 360

Table 2. Mission 1: optimal sequence and associated velocity change [21].

Object Number Date [day] AV [m/s]
16 3.1 287.1
20 183.1 210.8
21 389.3 202.2
5 513.6 111.0
17 5454 -
Total 811.1

Table 3. Mission 2: optimal sequence and associated velocity change [21].

Object Number Date [day] AV [m/s]
15 552.7 141.5
3 563.3 291.8
14 781.7 132.2
11 823.0 146.4
8 935.8 -
Total 711.9

Table 4. Mission 3: optimal sequence and associated velocity change [21].

Object Number Date [day] AV [m/s]
1 9421 119.2
4 976.8 411.8
9 1143.4 183.5
7 1177.3 70.6
12 1365.8 -
Total 785.1

To compare the performance of the strategy at hand, the A* algorithm is tested on each
mission scenario. Specifically, the optimal sequence is searched within the three clouds
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of 5 RSOs. The index N;; related to the maximum duration of each missioni = 1,2,3 is
obtained by the associated initial time t,.,; and final time £,,, ;, as outlined by Tables 24,

turr,i + Tw - tdep,i
AT

N;; = sup {ZEZ:ZS }, i=1,2,3, (56)
where the waiting Ty, is added to allow for the servicing operations when the final object
of each mission is reached. To allow a fair comparison, different discretization grids are
adopted, namely At = 3,5,7,10 days. For each scenario, the time allowed for phasing,
docking, and servicing operations is set to T, = AT as well, meaning that / = 1. The max-
imum duration of each transfer is set to 200 days, meaning that the maximum duration
index is set to

(57)

Mmax—sup{zeZ:ZSZOOdays}.

At

The resulting numerical setup is reported in Table 5, where A is the dimension of
the search space (i.e., N x (N —1) x N;; X Mysx). The computation of the cost matrix is
parallelized on different processors and performed on an Apple M2 Pro (32 GB of RAM, 10
cores: 4 high-efficiency + 6 high-performance), and the associated wall-clock time (WCT)
is reported. To limit the search space of optimal orbit transfers, the altitude of the drift
orbits is limited between 400 and 2000 km. Furthermore, the solutions of each minimization
problem are accepted if the constraint on the RAAN is satisfied within an accuracy of 1 deg.

Table 5. Numerical setup of the A* search algorithm.

At =3d At =5d At=7d At =10d
Mission 1
N; 181 109 78 55
Mmax 66 40 28 20
N 238,920 87,200 43,680 22,000
WCT [s] 475 189 112 60
Mission 2
N; 128 77 55 39
Mmax 66 40 28 20
N 168,960 61,600 30,800 15,600
WCT [s] 318 118 61 34
Mission 3
N; 142 85 61 43
Mmax 66 40 28 20
N 187,440 68,000 34,160 16,800
WCT [s] 340 155 78 45

Once all orbit transfers are computed and stored in the cost matrices, the three missions

are optimized through the A* algorithm. Table 6 collects the results obtained under the
different discretization grids, along with the associated wall-clock time.
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Table 6. Comparison between overall velocity change and computational time across different
discretization grids using A*.

Mission 1 Mission 2 Mission 3
AV WCT AV WCT AV WCT
[m/s] [s] [m/s] [s] [m/s] [s]
AT =3d 741.6 0.97 619.8 1.03 742.2 15.95
AT =5d 744.6 0.76 625.4 0.63 747.5 2.99
AT=7d 753.4 0.76 633.5 0.77 757.6 1.45
ATt =10d 754.7 0.79 635.4 0.75 759.0 0.96

Apparently, no significant differences emerge across the different discretization steps
in terms of computational time for the first two missions. Instead, the third mission exhibits
a moderate increase in the wall-clock time when the finest mesh grid is adopted. On the
other hand, the velocity change generally exhibits a significant increase when larger time
steps AT are selected, while the optimal sequence does not change. However, all computed
AV values are lower than the values reported in Tables 2—4. Moreover, even if coarser
time steps may yield suboptimal solutions, these can be further refined in a subsequent
optimization stage employing continuous variables [21]. Therefore, larger AT values may
be adopted within a preliminary optimization framework as long as the visiting order is
not altered.

Table 7 collects the results obtained by solving the ILP problem. Even if the ILP for-
mulation allows obtaining the same solutions across all mission scenarios, the comparison
between Tables 6 and 7 reveals that the proposed A* approach enables a considerable
reduction in the computational time, regardless of the discretization step. This is evident
from inspection of Figure 2, which compares the WCT associated with both the A* and the
ILP approach.

. —— Mission1-A"

102 ‘§§~ -—-e-— Mission 1 - ILP
\\::‘1‘;\ Mission 2 - A
% Mission 2 - ILP
—— Mission3-A"
2 - ~—-+-- Mission 3 - ILP
510
=

10

3 5 7 10
At [days]

Figure 2. Comparison between the WCT associated with either A* or ILP across the three missions.
A logarithmic scale is employed along the y axis.
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Table 7. Results obtained through the ILP solver.

Mission 1 Mission 2 Mission 3
AV WCT AV WCT AV WCT
[m/s] [s] [m/s] [s] [m/s] [s]
ATt=3d 741.6 173.63 619.8 82.67 742.2 123.85
AT =5d 744.6 71.00 625.4 18.59 7475 63.69
At=7d 753.4 4.20 633.5 4.80 757.6 9.24
ATt=10d 754.7 2.07 635.4 3.82 759.0 10.39

In order to better understand the behavior of the algorithm at hand, Tables 8-10 collect
the results obtained through the A* search algorithm under the time step AT = 5 days.
For each mission, both the elapsed time from the beginning of the mission ¢ and the time f
from the initial epoch are reported. Furthermore, the RAAN error AQ) at the end of each
transfer is reported to assess the results of the constrained optimization process within the
inner layer. Evidently, this value is meaningless for direct transfers (highlighted in blue),
as no optimization is required.

Table 8. Mission 1: optimal sequence through A* algorithm (AT = 5 days).

Departure Epoch [day] Arrival Epoch [day]
Transfer ~ - AQ) [deg] AV [m/s]
tdep tdep tarr tarr
16-20 0 3.1 185 188.1 6.8 x 10712 276.8
20-21 190 193.1 390 393.1 2.8 x 10712 203.9
21-5 395 398.1 535 538.1 0.0 181.5
5-17 540 543.1 540 543.1 / 82.3
Total 744.6

Table 9. Mission 2: optimal sequence through A* algorithm (At = 5 days).

Departure Epoch [day] Arrival Epoch [day]
Transfer ~ = AQ) [deg] AV [m/s]
tdep tﬂlep tarr tarr
15-3 0 552.7 5 557.7 32 x 1071 81.4
3-14 10 562.7 210 762.7 2.6 x 10712 2725
14-11 215 767.7 265 817.7 6.3 x 10712 125.3
11-8 270 822.7 380 932.7 7.3 x 10712 146.2
Total 625.4

Table 10. Mission 3: optimal sequence through A* algorithm (At = 5 days).

Departure Epoch [day] Arrival Epoch [day]
Transfer — — AQ [deg] AV [m/s]
tdep tdep tarr tarr
1-4 0 942.1 75 1017.1 6.9 x 10713 118.8
49 80 1022.1 280 1222.1 1.2 x 1071 277.7
9-7 285 1227.1 285 1227.1 / 182.8
7-12 290 1232.1 420 1362.1 6.1 x“10713 168.2
Total 747.5

From comparison between Tables 2—4 and Tables 8-10, it is evident the two approaches
yield the same solution in terms of the sequence of visited RSOs. However, the timing
of the visited objects is different, yielding a significant reduction in the overall velocity
change. For instance, two short-duration legs in the solution proposed by Cerf [21] (namely
legs 5-17 and 9-7 in Tables 2—4) are instead replaced by direct transfers in the approach at
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hand, i.e., without leveraging intermediate drift orbits. Remarkably, the velocity change
associated with the second mission scenario (see Table 9) is significantly lower than the
one reported in Table 3. The comparison between the two tables reveals that the largest
propellant saving occurs during the first leg (i.e., the orbit transfer between objects 15 and 3).
This transfer is associated with the largest RAAN error achieved through the constrained
optimization process (namely 3.2 %1071 deg). Even if this is still consistent with the
prescribed accuracy (i.e., 1 deg), alternative solutions may be obtained by adopting tighter
constraints on the RAAN error, with a consequent increase in the overall AV. However,
the adoption of the discretized approach enables the identification of an optimal sequence
and timing, which can be subsequently refined though continuous variables.

Scalability Assessment

This section addresses the scalability of the proposed algorithm through larger sets of
RSOs. As a matter of fact, even if the A* algorithm is cost-optimal and optimally efficient,
the number of expanded nodes can be exponential with the dimension of the set, and thus
the A* algorithm fails due to memory limitations [28].

To this aim, the A* and ILP algorithms are tested through a series of simulations with
subsets of RSOs increasing in size. The results are compared in terms of computational
time required for the preprocessing of the cost matrix (Tpy,, ) for the A* algorithm (Tx+)
and for the ILP algorithm (Tjp), as well as number of nodes in the open and closed sets.
The simulations are run on an Intel(R) Core(TM) i9-10980XE CPU @3.00 GHz (192 GB of
RAM, 18 cores). The number of RSOs sequentially increases from 3 to 10 to include all
objects visited along Missions 1 and 2. For each simulation, the time step AT is set to 10
days, while the total mission duration is 940 days (i.e., N; = 94). Finally, the waiting period
is Typait = 10 days, yielding | = 1.

As expected, the analysis of Table 11 and Figure 3 shows that the performance of the
algorithm is limited when larger sets are considered. In particular, the WCT associated with
the preprocessing time is not heavily affected by the number of RSOs, as the computation
of the cost matrix can be distributed on parallel cores. Instead, both the computational time
of the A* algorithm and the number of nodes significantly increase with the dimension of
the set, so that the algorithm is unable to proceed due to memory limitations when sets
with more than 10 RSOs are considered with the given numerical setup and hardware. This
is an inherent limitation when optimality is sought. However, the A* approach generally
outperforms the ILP solver in terms of computational time. Moreover, the ILP solver is
not capable of concluding the optimization process even with 10 RSOs. Memory-bounded
variants of the A* algorithm may be investigated to enable a more efficient memory
usage [28]. Alternatively, different formulation of the heuristic function may allow better
estimating the remaining cost of the mission and guiding node expansion more effectively.

Table 11. Results of the scalability study.

WCT [s] Number of Nodes
Number of RSOs AV [km/s]
Tav,,.: Tpx Tip Closed Set  Open Set
3 24.78 1.11 0.56 7.00 x 100  4.10- 102 0.4749
4 45.54 1.19 2.38 2.00 x 10! 8.83 x 102 0.6303
5 74.29 1.25 15.18 1.48 x 102 6.09 x 103 0.7466
6 108.38 2.09 48.50 229 x 103 9.03 x 10* 1.0124
7 150.40 6.27 551.41 1.13 x 10* 458 x 10° 1.0275
8 199.91 29.11 622.95 528 x 10*  2.76 x 10° 1.0546
9 256.10 1071.61 / 1.76 x 106 9.57 x 107 1.2911
10 325.61 4910.03 / 718 x 10° 421 x 108 1.5598
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Figure 3. Computational time vs. number of RSOs.

5. Conclusions

Path planning for OOS missions provides key insights on how to tackle the complexity
involved in large combinatorial problems, highlighting the trade-off between optimality
and efficiency. This research addresses the development of an algorithm for OOS mission
design, where a servicing spacecraft intends to perform multiple orbit transfers with
minimum fuel consumption. The target RSOs are placed on non-coplanar orbits, subject to
precession due to the ], harmonic of the gravitational field. A two-stage methodology is
employed to decouple the computation of the optimal orbit transfers from the optimization
of the sequence and timing of visited objects. First, a mesh of discretized epochs is created
to compute the optimal transfers between all pairs of n orbits and times, and the resulting
velocity changes are stored in cost matrices. Specifically, the orbit transfer strategy leverages
the use of both direct transfers (when orbital planes are coincident) and intermediate drift
orbits to increase the differential rate due to the Earth’s oblateness. Then, an A* algorithm
explores the solution space to obtain the optimal sequence and associated rendezvous
times. The search strategy employs a heuristic function based on a modified version
of the Held—Karp algorithm, which is proven to be admissible and consistent, ensuring
convergence to the optimal solution. Operational constraints are also included by allowing a
suitable waiting time to perform phasing and servicing activities. The numerical application
investigates a case study taken from the previous literature, including three different
missions in the LEO environment, aimed at visiting a set of 5 RSOs each. Several numerical
setups are tested, associated with different discretization steps. In all cases, the A* algorithm
proves to achieve a lower overall velocity change with respect to the reference solution
through the use of both direct transfers and intermediate drift orbits. Moreover, an ILP
formulation of the same problem is introduced to assess the performance of the strategy at
hand. In all cases, the same optimal solutions are obtained, but with a significant increase
in the computational time.

Even if the proposed algorithm provides an efficient approach to OOS mission design,
its scalability to larger sets of objects remains limited. As a matter of fact, the scalability
study shows that, when sets of more than 10 RSOs are considered, the A* algorithm
is unable to proceed due to memory limitations. While memory-bounded variants of
the A* algorithm may be developed, future research will also investigate the design of
refined heuristic functions to drive the exploration of nodes. To this aim, two different
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strategies are currently under investigation: (i) a heuristic estimation that leverages the
optimal solution of the A* algorithm within smaller subsets of elements to bridge the
gap between the predicted and actual cost of the remaining sequence, and (ii) a neural
network-enhanced heuristic function trained with the optimal solutions of the A* algorithm.
However, admissibility should be carefully assessed to preserve the optimality requirement.

The technique presented in this paper is rather general and does not refer to any
specific servicing operation. Anyway, the proposed framework can be accordingly extended
to include deorbiting (i.e., transfers toward disposal orbits) or station-keeping maneuvers.
In these cases, the target orbits can be considered as additional elements within the set of
visited objects, and the same methodology can be effectively employed.
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