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Abstract

This paper presents a general approach to solve multi-client space logistics path
optimization problems in the case of low-thrust propulsion. The methodology ac-
counts for key time-dependent factors, including secular J, and drag perturbations,
eclipse propulsion constraints, and servicer fuel mass depletion. A low-thrust trans-
fer strategy, consisting of three phases (thrust-coast-thrust), is employed, utilizing a
drift orbit to correct the difference in Right Ascension of the Ascending Node. The
drift orbit parameters are optimized by using a nonlinear programming algorithm to
minimize the fuel cost associated with the transfer while satisfying a maximum time
of flight constraint. An optimization is conducted for all possible transfers between
the satellites of a dataset on a two-dimensional discrete grid of initial servicer mass
and departure time. This procedure creates two four-variable arrays representing the
cost of each possible visitation in terms of fuel consumption and time of flight. The
arrays are then interpolated to efficiently solve a general path optimization problem
by using a genetic algorithm. Two test cases are analyzed for datasets consisting of
12 and 20 satellites in low Earth orbit, respectively. The first addresses an optimal
open tour problem where the servicer must visit all satellites once while minimizing
total fuel consumption. The second addresses an on-orbit refueling problem where
the servicer must refuel as many satellites as possible. The mission scenario is
generalized to consider a priority index associated with each client; servicing time
and fuel mass constraints are also taken into account.

Keywords Space trajectories - Multi-target mission - Low-thrust propulsion -
Space logistics - Astrodynamics
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Af True anomaly difference (rad)
Atgy  Phasing maneuver time (s)
AV Velocity increment (m/s)
AVgy  Phasing maneuver cost (m/s)
ToF Time of flight (s)
fav Velocity increment bilinear interpolation function.
Iror Time of flight bilinear interpolation function
i Inclination (rad)
d Satellite orbit ID (-)
v Combinatorial subproblem cost function
Top Problem refueling operation time (s)
Isp Specific impulse (s)
m; Initial mass (kg)
My Discretization total wet mass (kg)
Mgy,  Discretization dry mass (kg)
M¢yer  Problem fuel mass (kg)
W; Problem priority index (-)
Moy Problem refueling operation mass (kg)
Tho Discretization start time (s)
ATy, Discretization total mission duration (s)
d Problem initial satellite orbit ID (-)
m Mass (kg)
N Number of discretization points (-)
f Acceleration magnitude (m/s?)
Ngen Number of generations (-)
Ny Number of initial mass discretization points (-)
Ny Subset dataset size (-)
Npop  Population size (-)
Nrun Number of runs (-)
Ngat Number of satellites (-)
Nyt Number of stall generations (-)
Nr Number of departure time discretization points (-)
Q Right ascension of the ascending node (rad)
p Distance metric parameters
t; Departure time (s)
t Time (s)
T Control thrust vector (N)
T Set of control thrust functions
Tinax Maximum available thrust (N)
to Mission start time (s)
Cp Drag coefficient (-)
S Reference aerodynamic surface(m?).
ToF Time of flight vector (s)
X State of the satellite
|14 Orbital velocity magnitude (m/s)
Wegl Eclipse factor (-)
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Zeg Equality constraints
Zineq Inequality constraints

Subscripts

D Drift orbit value

err  Error value

min ~ Minimum value
max Maximum value

opt  Optimal value

val  Validation value

tot  Total sequence value

1 Introduction

Over the past decades, various mission types involving servicer spacecraft visit-
ing multiple orbital locations have been proposed and analyzed. Space logistics is
defined as the theory and practice of driving space system design for operability
and supportability, and of managing the flow of materiel, services, and information
needed throughout a space system lifecycle'.

In-space Servicing, Assembly, and Manufacturing (ISAM) [1] and on-orbit fuel
depot positioning missions [2] are among the application areas of greatest interest to
space logistics. These missions involve multiple rendezvous maneuvers between the
servicing satellite and multiple client satellites to address operational needs, includ-
ing satellite inspection (e.g., health and status monitoring), repairs (e.g., mechani-
cal assistance for proper deployment), and refueling. Another research area of great
interest concerns orbital debris mitigation. Different solutions have been proposed to
reduce the amount of debris in Low Earth Orbit (LEO); many of them involve the
use of an active spacecraft performing a close approach to a set of debris. Finally,
some data-collecting missions can be mathematically modeled as a multiple visita-
tion problem, where a probe satellite must visit specific points in space to conduct
observations. Given the limited resources available on-board the servicer satellite,
path optimization tools are crucial for efficiently addressing these problems while
satisfying operational constraints. Path optimization problems involving multiple
rendezvous with moving targets are referred to as Moving-Target (or time-depen-
dent) Traveling Salesman Problems (MTTSPs). These problems typically fall into
the class of Nondeterministic Polynomial-time hard (NP-hard) problems [3]; their
combinatorial complexities mainly lie in the mixed integer/continuous nature of the
variables involved and the proper definition of a distance metric quantifying the cost
(propellant, time, or a combination of the two [4, 5]) associated with each individual
visiting maneuver (leg). By adopting the term client to refer to the orbital states that
the servicer must visit, a path optimization problem can be formulated as a nonlinear
time-dependent problem composed of two subproblems [6]:

' ATAA Space Logistics Technical Committee website, https://www.aiaa-sltc.org/.
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I. A functional subproblem, where the cost of each maneuver (distance metric or
leg cost function) is computed by solving an optimal control problem.

II. A combinatorial subproblem involving the generation of the sequence of clients
to visit.

Even considered separately, these two subproblems are difficult to solve. Concern-
ing the functional subproblem, analytical solutions exist only in very simple cases
and are mainly distinguished on the basis of the type of propulsion, the orbital per-
turbations included in the model, the inclusion of the servicer fuel mass depletion,
and the objective function [7, 8]. The functional optimization problem is usually
easier to solve when the servicer is endowed with high-thrust propulsion because of
the smaller number of variables [4, 9—11]. However, the use of high-thrust propul-
sion for multiple rendezvous requires a huge amount of fuel, limiting its application
to a small number of clients. To mitigate this issue, Cerf [11] considers a passive
correction of the Right Ascension of the Ascending Node (RAAN) by exploiting
a drift orbit to reduce fuel consumption. An optimal sequence for visiting four cli-
ent satellites with minimal fuel consumption is found. The adoption of low-thrust
propulsion has been proposed as a viable alternative strategy for servicing a larger
number of clients [12-20]. Given the problem’s complexity, the studies referenced
above make specific assumptions about the functional and/or combinatorial sub-
problems to obtain a solution. A multiple-visitation optimal tour problem for a very
large dataset of asteroids is solved by Gatto and Casalino [12]. However, the distance
metric adopted assumes small differences between the orbital elements of the satel-
lites. Furthermore, the servicer fuel mass depletion is neglected. Li et al. [13] adopts
a similar distance metric, which includes the secular J5 perturbation in the model.
The fuel mass depletion effect is addressed through empirical formulas. The optimal
tour solution for an active debris removal mission is obtained. Both studies, how-
ever, disregard the effects of drag and propulsion limitations during eclipse phases.
Narayanaswamy et al. [14] solves the combinatorial subproblem by using a distance
metric which neglects time-dependent factors. The optimal sequence trajectories are
then determined through a six-element-targeting feedback controller. A three-phase
distance metric including the effects of drag, eclipse propulsion constraint, servicer
fuel mass depletion and propulsion system duty cycle to obtain the cost and the asso-
ciated trajectories of a debris removal mission is considered by Wijayatunga et al.
[15]. Jorgensen and Sharf [16] addresse a similar problem, where the functional sub-
problem is solved using an algorithm based on Nonlinear Programming (NLP). The
six-element targeting trajectory is determined for a five-piece active debris removal
mission. However, these studies do not address the combinatorial subproblem (i.e.,
the sequence is not optimized). A solution of an optimal tour problem for an active
debris removal mission is presented by Zuiani and Vasile [18]. The distance metric
is derived by assuming an in-plane control acceleration in order to reduce the num-
ber of optimization parameters. Averaged dynamics equations and fixed-parameter
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drift orbits are adopted to solve the functional subproblem. However, propulsion con-
straints due to eclipse phases are not considered. Cerf [21] addresses an active debris
removal mission involving the removal of 15 objects across three separate missions,
considering both high-thrust and low-thrust propulsion. The single-target problem is
solved through a three-phase maneuver strategy, wherein a two-parameter drift orbit
is optimized—under fixed departure and arrival times—to minimize RAAN correction
costs. All possible visitation costs are precomputed and stored to construct a response
surface model, which is subsequently embedded within the combinatorial subprob-
lem. This latter is solved using a simulated annealing algorithm. However, the model
neglects eclipses, atmospheric drag, and the servicer mass variation—factors that can
significantly affect the accuracy of the single-target solution, particularly for electric
low-thrust propulsion. Lee and Ahn [19] propose a two-phase framework for solving
the multi-target rendezvous problem, combining high-thrust and low-thrust trajec-
tories via an extended Q-law from Varga and P’erez [22]. Applied to an open tour
involving eight satellites in nearly circular LEO, the method first computes single-
target maneuver costs across various departure times, then solves the combinatorial
problem using Integer Linear Programming (ILP). However, the framework does
not account for servicer mass and drag effects in maneuver cost calculations, and
its reliance on ILP restricts its applicability to problems with linear objective func-
tions and constraints. Apa et al. [23] presents a general approach to solving multi-
client space logistics problems by employing a feedback controller to address the
functional subproblem. To reduce the combinatorial complexity, a data interpolation
method is used, and the proposed methodology is tested on a dataset of 20 satellites
in Medium Earth Orbit (MEO) and Geostationary Earth Orbit (GEO). However, the
simulations are limited to solving an optimal open tour problem and do not address
more complex scenarios, such as on-orbit refueling problems, where operational con-
straints—such as the mass and time required for servicing operations—play a critical
role. While the approach considers primary orbital perturbations, it does not leverage
the secular J, perturbation to optimize fuel-efficient trajectories, a factor that is par-
ticularly relevant for LEO missions. By expanding from previous research [21, 23],
this study introduces a general methodology applicable to a broad class of mission
scenarios involving multi-target visitation problems under low-thrust propulsion in
LEO. In order to solve the functional subproblem, we adopt a three-phase maneuver
distance metric similar to that employed by Wijayatunga et al. [15] which takes into
consideration the effects of servicer fuel mass depletion, drag, Earth-shadow eclipse,
and secular J,. A fast NLP derivation of the single-target problem is used to find a
two-parameter drift orbit that satisfies the operational constraints while minimizing
the cost associated with active RAAN correction. All possible visitation costs are
then computed for a discrete number of servicer mass and departure time. Bi-linear
interpolation is applied to obtain a quick-to-evaluate continuous approximation of the
distance metric. A genetic algorithm is finally run multiple times to ensure conver-
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gence to the global optimal sequence. Two application cases exemplify the proposed
methodology.

The main contribution of this work lies in the introduction of a general framework
for efficiently solving a broad class of time-dependent multi-client path optimization
problems under diverse nonlinear operational constraints, with application to low-
thrust scenarios in LEO. The proposed framework accounts for key time-dependent
factors—secular J, perturbations, eclipse power constraints, atmospheric drag, and
the servicer’s fuel mass depletion—while including two-parameter drift orbit opti-
mization to maximize mission profitability. This is achieved without resorting to
problem linearization. The paper is organized as follows. In Sect. 2 the problem is
stated; Sect. 3 presents the distance metric adopted; Sect. 4 presents the time-varying
matrix interpolation approach; in Sect. 5 the combinatorial subproblem and the algo-
rithm used to determine the optimal sequence are presented; Sect. 6 exemplifies the
approach on two test cases; finally, in Sect. 7 the conclusions are drawn.

2 Path Optimization Problem Formulation

The MTTSP represents the archetype of multiple-visitation problems, where
a salesman must visit all cities of a dataset once and only once. The cost of each
visitation is quantified by a time-dependent function, and the optimal sequence is
the one minimizing the sum of the costs. Path optimization problems constitute a
broader category of problems that incorporate general constraints and objective
function formulations [6]. The global optimization problem can be mathematically
formulated by combining integer variables, continuous variables, and functions.
Let Nsqt be the number of satellites considered. Let D = {dy,...,d;,...,dn,},
where d; € {1,..., Nsu:}, be a set of positive integers whose elements are the IDs
of the Ny < Ny, satellites to be visited. Let ToF = [t1,...,%;,...,tN,], Where
t; € RT, be a vector of real numbers containing the time of each rendezvous, and let
T ={T1(t),...,Ti(t),..., Tn,-1(t)} be aset of functions where T;(¢) represents
the control law to perform the *" visitation (e.g., T;(¢) is the quantity associated
with the solution of the functional subproblem). Finally, let ¢y be the start time of
the mission. Denoting with K = {1,..., Ny} and M = {1,..., Ny — 1}, the path
optimization problem can be stated as follows [23]

Problem 1 Path Optimization Problem

Ng—1
; Ci(ds, dirq, b5, ti1, Ti(t
phn. z; i (di, digr,tistivr, Ti(t),p)

subject to
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Xs(t) = F (Xs(t), Ti(t)) Vt € [to, tn,],Vie M
IT: )] < Traa't € [to, tn,], Vi € M

Xi(t) = Gi (Xi(t), TS(1)) YVt € [to, tn,], Vi € K
Xs(to) =Xsp0

X;(to) = X;0Vi € K

st[l:ﬁ] (tz) = Xd“[l:ﬁ] (tZ)VZ e

t; < ti1Vie M
Zeq(D,X5,X1,...,Xn,, ToF,T) =0
Zinea(D, X5, X1, ..., Xn,, TOF,T) <0

where T,,.: 18 the maximum available thrust of the servicer.
C; (di,diy1,ti,tix1, Ti(t),p) denotes the cost of going from satellite d; at time ¢;
to satellite d; 1 at time ¢; 1 using the control law T;(t), and p is a vector of param-
eters (e.g., propulsion system specific impulse, servicer coefficient of drag, etc.).
Xs(t) = [a(t), e(t),i(t), Qt),w(t), 0(t), m(t)]§ is the state of the servicer, where
a(?) is the semi-major axis, e(f) the eccentricity, i(f) the inclination, w(t) the argu-
ment of perigee, Q(t) the RAAN, 6(t) the true anomaly, and m(¢) is the mass; while
X;(t) represents the state of the i client. 7 and G; represent the dynamics of the
servicer and the dynamics of i*" client, respectively. They are functions of the state
and the control thrust acting on the satellite (T;(¢) or T;(¢)). Xg, and X; ¢ denote
the initial boundary conditions, while Xg [1.6)(t;) = Xg, [1:6)(t:) represents the ren-
dezvous condition between the servicer and the client d;, with the subscript [1 : 6]
indicating that only the first six components must be the same at time ¢;. Finally, Z.,
and Z;,.q represent other nonlinear equality or inequality constraints involving the
optimization variables, and the state of the satellites. Problem 1 was intentionally
formulated in a general form to represent a broad class of problems and to capture the
common features typically associated with time-dependent multi-client optimization
scenarios. Depending on the specific mission case and its underlying assumptions,
both the set of variables involved and their relationships may vary. Consequently, the
specific form of the dynamics F and G;, as well as other factors expressed through
Zeq and Zipeq (e.g., fuel mass exchange, maximum mission duration), can only be
properly defined once the particular scenario is specified.

Figure 1 shows a schematic representation of a multi-client mission involving five
satellites. Due to operational constraints, such as fuel capacity limitations, it is gener-
ally not feasible to reach all clients in the dataset. In this example, the servicer departs
from orbit 1 and visits the client satellites identified by IDs 3 and 5, resulting in the
visiting sequence D = {1, 3,5}. The total mission cost is expressed as C; + Cs. For
clarity, Fig. 1 does not depict multiple revolutions, which are characteristic of low-
thrust propulsion, nor drift orbits, both of which are considered in this work (see
Sect. 3).

@ Springer
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Fig. 1 Schematic representation of servicer trajectory for a multi-client mission

Problem 1 is defined by the choice of a distance metric and an algorithm to solve
a problem involving a mix of integer variables, real variables, and functions. In the
following, the dependence of the distance metric on the parameters p will be assumed
and will not be explicitly indicated.

3 Functional Subproblem

A distance metric C' (d;, d;, t;, t;, Ti—;(t)), which quantifies the cost of transferring
from satellite orbit d; to d;, with departure at time ¢; and arrival at time ¢; (¢t; > t;),
must be defined. The functional subproblem then reduces to finding the control law
T,_,;(t) by using results from optimal control theory [24]. Some approximations are
necessary to reduce the computational burden. The following assumptions are here
adopted:

Assumption 1 Servicer trajectory and client orbits are nearly circular (e < 0.05).
Assumption 2 Phasing maneuver cost is neglected. It has been demonstrated that the

cost difference between a transfer maneuver and a rendezvous maneuver is gener-
ally negligible in the case of low-thrust propulsion [25]. This is a standard assump-
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tion when dealing with multiple-visitation low-thrust problems [14, 17, 26, 27]. The
impact of this assumption is evaluated in Sect. 6.5.

Assumption 3 The transfer cost between any ordered pair of satellites is determined
solely by their initial orbital states. Under this assumption, a distance metric C can be
defined beforehand for each possible transfer [6, 14, 19, 21].

By considering the servicer equipped with a low-thrust propulsion system and the
assumptions above, a three-phase maneuver is adopted [11], consisting of:

1. Transfer from initial state to a drift orbit.
2. Drift orbit.
3. Transfer from the final state of the drift orbit to the final orbit.

The cost of the transfer is represented by the total velocity increment
AV = AVy + AV, + AV3 (where the subscripts indicate the phase they refer to)
applied by the servicer’s propulsion system to transfer the spacecraft from the initial
orbit to the target orbit.

Figure 2 shows a schematic example of a three-phase maneuver in the case of
near-circular orbits. In the first phase, the servicer is transferred from its initial orbit
(a;,2;,£2;) to a drift orbit defined by its semi-major axis ap and inclination i p. During
the second phase, the RAAN difference is corrected by using differential precession,

Thrust Phase =~ — . — . Drift Orbit  .....ccceennns Target
a
ap /_ ..................... —_
a; \
G [reeresse e
i time

Q time

time

Fig. 2 Three-phase maneuver schematic example
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while propulsion is employed solely to counteract the drag effect. In the final phase,
the satellite is transferred to the target orbit (ay,ir,{2¢). Drag, propulsion constraints
due to eclipse phases, and fuel mass depletion effects will be considered during the
three phases. By selecting the optimal drift orbit parameters (ap, ip), and using
constant-thrust transfers to and from the drift orbit, an optimal thrust control strategy
is defined. The duration of the constant-thrust arcs in phases 1 and 3 define the opti-
mal thrust control timing.

3.1 Three-Phase Maneuver Transfer

The computations for the AV in Phases 1 and 3 are based on the results presented
in [15, 28-30] and derived using the averaged dynamics equations (see Appendix).
During these phases, the servicer is transferred from the initial state (a;,%;,€2;) to
the final state (ay, %y, 2s), where the semi-major axis and inclinations (a and i) are
actively corrected through an in-plane maneuver while the RAAN varies according
to the following equation [31]

. 3 m R\’ .
Q)= —=Joy | —/—= t 1
0=-3k () it .
where 11 = 3.986 x 10" m?/s? is the gravitational constant, J, = 1.083 x 1073 is
the first zonal harmonic coefficient, and R, = 6378.137 km is the Earth’s equatorial
radius. Given a(¥), i(f), and €);, Q¢ is obtained by integrating Eq. (1) from ¢; to ¢

o =0 [ 5o (G

In [30], the results presented in [28, 29] are extended to incorporate the effects of
secular Js, eclipse, and fuel mass depletion through a numerical procedure. With
minor adaptations, the same algorithm can also consider the effects of drag [15]. The
algorithm for computing the AV in Phases 1 and 3 is outlined in Algorithm 1. Nota-
bly, the algorithmic steps in Algorithm 1 follow the formulation originally derived in
[30], which was later adapted as the Extended Edelbaum method in [15] to include
aerodynamic drag. Algorithm 1 incorporates a slight revision compared to the version
presented in [15]. In particular, the computation of the drag effect (steps 17 and 18)
has been updated, and the corresponding influence on the instantaneous acceleration
(step 19) has been included. Specifically, in steps 17 and 18, the drag effect is now
evaluated at the midpoint between two time steps, ¢ and ¢, rather than solely at
tx. It is worth noting that the drag calculation explicitly accounts for the variation of
atmospheric density with altitude using an exponential model [32].

2
) cosi(t)dt )
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Given: t;, a;, ay, i, i¢, i, m4, I,  12: end for
T‘mam Lo, H()7 CD7 S N 13: Ql = Qi7 m1 =m;
1 V':\/Z,Vf: L Ni =g — iy, 14: for j=1to N —1do
fi= Tax 15: [ ]wccl = wccl(tj7aj7ij7ﬂj) from
33
2. AVy = \/V,2 + sz — 2V;V cos (gAl> 16: mjpy = mje*IfP‘;JD
3: By = arctan <M> 17: m= M#
V—}fc()b( Av,) 18: fd SPUCD % %X
4: tf — A% +t;, At = L tf ij I;Re ij+1 7a]+11{7Rc
for k=1 to N do X(Fe R 0

th=t; + (k — 1At
AV = (te — ti) fi

3
19: frj = Tmax — F cos <%)

m
_ AV 1 —AV;
U = VI EE IV iy s 200 b=+ =T
TIP3V i cos(Pa)

2
_ © . Y. — _3 4 [ Re
9: Vi _‘/aT- 21: Q; = 2J2 /%3((5') COS i

10: ’Lk = ’LL + %%(Ai)x 22: S2j+1 — Sz] + Sz‘](tj+1 B t])
x (amtan <M) T 50) 23: end for

@ 3> T

stmﬁ; oo Return: AV, At =ty —t;, AQ =
11: B = arctan (%) Oy —

Algorithm 1 Minimum-time two-orbital-element targeting (a;,i;) — (ay,%s)

Algorithm 1 requires the spacecraft’s initial mass m;, the specific impulse I,
of the propulsion system, the maximum thrust 7},,x, the atmospheric density pg at
reference height Hy, the coefficient of drag of the servicer C'p, its reference aerody-
namic surface S, and the number of discretization points N. Ti,.x is assumed to be
constant, so the maximum available thrust acceleration increases as fuel is depleted
and the servicer’s mass decreases. The function sgn(+) indicates the signum function,
while we(t, a,i,Q) is the function computing the eclipse mean time per orbit. In
this study, the effect of Earth-shadow eclipses is taken into account, and w,,; is evalu-
ated following the methodology outlined in [33]. The gravity at Earth’s surface is
go = 9.80665 m/s%. The outputs are the total AV}, the updated time of flight A¢, and
the total RAAN variation AS2 in the presence of perturbations. Note that the transfer
strategy reported in Algorithm 1 allows a two-orbital-element targeting maneuver
((@i, ;) — (af,ir)). RAAN correction is performed during the intermediate phase,
where differential precession due to secular J; is exploited (Eq. (1)). In this work, a
circular two-parameter drift orbit is considered, defined by its semi-major axis ap (or
the associated velocity Vp) and inclination (ip). The total servicer RAAN variation
is the sum of the three phases (i.e., AQ,; = AQ; + AQy + AQ3). The phasing time
Aty is computed to match the final client RAAN. The sum of these three sequences
allows for a three-orbital-clement targeting transfer (a;,%;,$%) — (ayr,if,Qy),
where the total time of flight ToF = At; + Aty + At depends on the parameters
reported in Algorithm 1 and on the drift orbit parameters. Algorithm 2 delineates the
three-phase maneuver computational steps to reach the final orbit. The algorithmic
formulation is based on the results originally presented in [6, 11], which were later
extended as the RAAN matching method in [15] to include acrodynamic drag effects
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through steps 5—7. Step 4, which differs from previous versions, introduces the mod-
ulus function, mod(-, 27), to properly handle the periodic nature of the RAAN differ-
ence, while ). ; represents the RAAN of the client at the initial time ¢;.

Given: t;, a;, ay, i, i¢, i, My, Lgp,
Tax, po, Ho, Cp, S, N, Qc, ap, ip

: Compute AVy, At; and Ay from
Algorithm 1 to transfer the servicer
from initial orbit to the drift orbit
(ai,z'i) — (aD,iD)

: Compute AVs, Atz and A3 from
Algorithm 1 to transfer the servicer
from the drift orbit to the final orbit
(ap,ip) = (ay,iy)

3: Compute the total RAAN variation
of the servicer and the client during
phases 1 and 3

AQg = Q; + AQy + AQs
AQ, = Qi+ Qe(Aty + Ats)

where € p and QC are computed from
Eq. (1)

2
Y — _3 4 ( Re ;
Qp = 5o D(ap) costp

(L3

. 2
Q. = 7%J2 £ (&) cosif

a'? af

: Compute servicer mass at the begin-

ning of phase 2

_AVL
mp = mse Tsp90

: Compute drag acceleration during

the phase 2

4: Compute Aty needed to match the fao = SpoCp  p e*“”T}RS
RAAN difference ’ 2  apmp
Aty = mod(AQ.—AQs,2m) 7. Compute AV, to counteract the drag
Qp—Q.
) Aty
if Ata <0 AV, = faodt
0
Aty — ~ mod(271-AQ.—AQg,27)
2= Qp—Qe Return: AV = AV} + AV, + AVs,

TOF = Atl + AtQ + Atg

Algorithm 2 Three-phase maneuver (a;, i;,;) — (af,if, Qf)

It is important to note that the effect of J> on the client orbit is assumed to be con-
stant, as all clients are located at fixed altitudes and inclinations. Conversely, the Jo
effect on the servicer is time-varying, due to changes in altitude and inclination dur-
ing its continuous-thrust maneuvers in Phases I and III (see Algorithm 1). Figure 3
shows, in the Earth-Centered Inertial (ECI) reference frame, the orbital configura-
tion associated with the three-phase maneuver. The servicer low-thrust trajectory is
shown in grey, highlighting its characteristic multi-revolution behavior. Typically, the
drift-orbit parameters in Phase 2 are selected so that most of the RAAN correction
occurs during this phase (i.e., AQy > AQ; and AQy > AQ3).

Finally, Algorithm 2 provides two quantities (AV and 7o0F). Once the characteris-
tics of the propulsion system and the inertial properties of the servicer have been cho-
sen, the AV and ToF required for a three-phase maneuver transfer can be expressed
as follows
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Fig. 3 Three-phase maneuver orbital configuration in the ECI frame

AV = AV (tiami7dj7dk7aD7iD) 3
ToF = ToF (t;,m;,d;, dy, ap, ip) Q)

where ¢; represents the initial time of the transfer, m; the servicer initial mass, while
ap and ip are the drift orbit parameters. The initial and target orbit states have been
reduced to two integer variables, d; and dj, respectively. Given a dataset of Nyt
satellites defined by their initial Keplerian elements at the start time %, it is possible
to uniquely associate an integer / with each of them, ranging from 1 to Ngg;. If the
dynamics X;(t) V¢ are known, the complete state at time ¢; can be obtained as

Xy(t:) = Xy(to) + / X, (t)dt )

to

where X;(to) is the state of the I*" satellite at the start time. In conclusion, from ¢,
d; and dj, and Eq. (4), it is possible to obtain a;, %;, €2;, ay, iy and . ; needed by
Algorithm 2 to compute the transfer cost to visit the satellite identified by dj, starting
from the satellite identified by d; departing at time ;.

3.2 Drift Orbit Parameter Optimization
The drift orbit parameters ap and ip are two additional variables in the functional

subproblem. In this work, these parameters have been optimized in order to mini-
mize the AV of the transfer. A constraint on the maximum time of flight ToF .,
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must be included to ensure a well-posed problem [11, 15]. Other constraints may
include maximum and minimum values for the drift orbit parameters, denoted as
(@D, mazs D, maz) ad (@D min,D,min ), respectively. These constraints arise from
various considerations such as drag effects. Based on Eq. (3), the problem of mini-
mizing AV reduces to a constrained nonlinear optimization problem as outlined in
Problem 2.

Problem 2 Drift Orbit Parameters Optimization

min AV (t;,m;,dj, dy,ap,ip)
ap,ip
subject to
D min S ap S ap max
Z.D,’rnin < iD < iD,nLa;c
ToF (tij,m;,d;,di,ap,ip) < ToFpnas

The solution to the above problem provides the optimal drift orbit parameters
(aD,optsiD,opt), the minimum AV, and the associated time of flight

A‘/opt :Avopt (tz7 mg, dj, dk:) =AV (tla mg, dja dk7 ap,opt, Z.D,opt) (5)
TOFopt :TOFopt (tu mgq, dj7 dk) =ToF (tia my, dj7 dk, ap,opt, 7;D,opt) (6)

Equations (5) and (6) represent the solution of the functional subproblem considering
the assumptions detailed in Sect. 3.1, including effects of servicer fuel mass depletion,
eclipse constraints, drag, and a three-phase maneuver with optimal drift orbit parame-
ters. A distance metric in the form described in Sect. 2 (i.e., C (d;, dj, ti, 5, Tiy (%))
can be constructed from Egs. (5) and (6).

4 Time-Varying Matrix Interpolation Approach

The Time-Varying Matrix Interpolation method is introduced as an efficient approach
to handle the time-dependent nature of Problem 1 while ensuring reasonable compu-
tational costs [23].

The method consists of two phases:

1. Cost-array computation.
2. Bilinear interpolation.

This procedure generates surrogate models that provide computationally efficient
solutions to the functional subproblem. As a result, Problem 1 is reformulated as a
purely combinatorial optimization problem, which can be addressed effectively using
algorithms such as the one detailed in Sect. 5.3.
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4.1 Cost-Array Computation

By definingthecontinuousintervals Mc = [M gy, 