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Abstract With the increasing number of geosynchronous orbit satellites with expiring lifetime, 
spacecraft refueling is crucial in enhancing the economic benefits of on-orbit services. The existing 
studies tend to be based on predetermined refueling duration; however, the precise mission schedul-
ing solution will be difficult to apply due to uncertain refueling duration caused by orbital transfer 
deviations and stochastic actuator faults during actual on-orbit service. Therefore, this paper pro-
poses a robust mission scheduling strategy for geosynchronous orbit spacecraft on-orbit refueling 
missions with uncertain refueling duration. Firstly, a robust mission scheduling model is con-
structed by introducing the budget uncertainty set to describe the uncertain refueling duration. Sec-
ondly, a hybrid harris hawks optimization algorithm is designed to explore the optimal mission

allocation and refueling sequences, which combines cubic chaotic mapping to initialize the popula-

tion, and the crossover in the genetic algorithm is introduced to enhance global convergence.

Finally, the typical simulation examples are constructed with real-mission scenarios in three aspects

to analyze: performance comparisons with various algorithms; robustness analyses via comparisons

of different on-orbit refueling durations; investigations into the impacts of different initial popula-

tion strategies on algorithm performance, demonstrating the proposed mission scheduling frame-

work’s robustness and effectiveness by comparing it with the exact mission scheduling.
© 2025 The Authors. Published by Elsevier Ltd on behalf of Chinese Society of Aeronautics and 
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1. Introduction 

With the increasing number of spacecrafts launch missions, 
On-Orbit Servicing (OOS) technologies, mainly On-Orbit

Refueling (OOR),1,2 debris removal,3–6 and maintenance7,8 

have become the urgent need to achieve the purpose of sustain-
able space development. The OOR mission is one of the typical 
OOS missions, which can effectively reduce the cost of space 
transportation, enhance the spacecraft’s adaptability, extend 
the spacraft’s lifetime, and facilitate the spacecraft’s full-load 
capacity. In addition, GEosynchronous Orbit (GEO) is a pre-
cious orbit that plays a vital role in observation, communica-
tion, and navigation. According to the data published on the
Union of Concerned Scientists website, 590 spacecraft are cur-

rently running in GEO orbit until May 1, 2023, due to the lim-
ited number of spacecrafts parked in GEO and the high cost of
most spacecraft. Therefore, it is crucial to consider the GEO

spacecraft OOR mission scheduling problem.
It has been shown that a series of OOR missions have been 

carried-out by various countries in recent years, such as the

orbital express program,9 the tianyuan-1 program,10 the tianz-
hou series of cargo spacecraft,11 in particular, the Mission 
Expansion Vehicle (MEV)-1 and MEV-2, the robotic refueling
mission,12 which are refueling missions against GEO targets. 
The OOS modes extend to one-to-many,13 many-to-many,14 

and peer-to-peer.15 However, relying on ground-launched 
spacecraft for refueling missions has limitations owing to the 
limited fuel carrying capacity of spacecraft. Therefore, the 
scholars proposed to consider the construction of Fuel Station
(FS) in space for spacecraft fuel refueling concerning the

ground vehicle refueling method,16 which introduces the idea 
of Service Spacecraft (SSc) fuel recycling refueling to build 
up a more flexible OOR mode to improve operating economy

of OOS. Meng et al.17 compared three orbital deployment 
modes, including ground deployment, near-earth orbit deploy-
ment, and co-orbital deployment, and proposed the service
structure of one FS and multiple SSc. Zhu et al.18 proposed 
the problem of FS orbitalization in sun-synchronous orbit 
spacecraft refueling mission under J2 perturbation. Han et al.19 

adopted the two-stage optimization framework to address the 
FS orbit design and spacecraft refueling mission scheduling for 
sun-synchronous orbits. Based on this model, the paper con-
siders one FS in space and multiple round-trip SSc to refuel

the target.
The refueling duration is an item to be considered in the 

OOR mission scheduling since the fuel of the SSc takes a per-
iod to refuel the target. Most existing research on OOS mission

scheduling problems adopt the fixed refueling duration.19–21 

Nevertheless, the space situation is comprehensive and change-
able, on the one hand, there is the transfer accuracy error 
caused by the ingestion factor in the orbit maneuvering pro-
cess, the spacecraft needs time to correct to the predetermined 
orbit, especially in a high orbit such as GEO, where the orbit 
maneuvering accuracy will further deteriorate; on the other
hand, during refueling with actuators such as robots, due to
the possibility of actuator faults, the refueling duration are

strongly stochastic as opposed to predetermined. The original
mission scheduling scheme based on the predetermined refuel-
ing duration becomes suboptimal or even infeasible.
The method for solving the mission scheduling problem 
with uncertainty is divided into two categories. One is a reac-
tive approach, including replanning,22 rolling adjustment23 

and reinforcement learning.24–26 The other is the predictive 
approach, including stochastic planning,27 fuzzy planning28 

and robust optimization.29 The reactive approach instantly 
adjusts the scheduling scheme according to the uncertain situa-
tion. However, frequent corrections will dramatically increase 
the cost of resource allocation. In contrast, the predictive 
approach considers the influence of uncertainty factors in 
advance so that the obtained scheduling scheme can be better 
adapted to the changes in the actual mission execution situa-
tion. This paper adopts the robust optimization approach to

address the mission scheduling problem of uncertain refueling
duration, unlike fuzzy planning and stochastic planning, it is
not restricted by known historical data and distribution func-

tion information but only needs to consider uncertainty set
selection. Compared with the solution proposed by Liang
et al.30 to address the uncertainty issues in on-orbit missions, 
which derives worst-case optimal solutions via enumeration 
and extreme value analysis. However, this approach leads to
strong conservatism and high computational costs.

Meta-heuristic algorithms have received the keen attention 
of scholars for their excellent ability to search for optimal solu-
tions in complex optimization problems.31 Zhang et al.32 

adopted an ant colony optimization meta-heuristic algorithm 
to solve the many-to-many GEO spacecraft refueling problem.
Wei et al.4 presented a clustering-based adaptive differential 
evolution algorithm with potential individual reservation to 
obtain a scheduling optimization scheme for multiple hybrid
propulsion servicing spacecraft to execute GEO space debris
removal missions. Zhang et al.33 proposed a hybrid-encoding 
genetic algorithm to solve the multi-spacecraft refueling prob-
lem considering J2 perturbation and rendezvous time window
constraints. Xu et al.34 addressed the OOS mission planning 
problem for multiple GEO satellites under highly constrained 
conditions, in which an improved auction algorithm is consid-
ered for initialization.

In the past few years, the Harris Hawks Optimization 
(HHO) algorithm, emerging as a newly introduced and
readily-implementable bio-inspired algorithm, has garnered
substantial interest among a wide range of scholars.35 Sassi 
and Chelouah36 presented a novel HHO encirclement attack 
synergy, designed to surpass the original HHO in handling
highly multi-modal and high-dimensional optimization prob-

lems. Akhter et al.37 proposed the method to solve the applica-
tion placement problem in the space-air-ground integrated 
network using the dynamic weight-configurable HHO algo-
rithm. To address the communication environment challenges

in cloud-fog computing, Ali et al.38 proposed a multi-objective 
HHO-based mission scheduling algorithm. Zhang et al.39 pro-
posed a multi-strategy sparrow search enhanced distance 
vector-hop localization algorithm to address the issues of sea 
surface sensor node localization accuracy, which updates the
sparrow population discoverer’s localization with the HHO

combined with differential evolution to enhance population
diversity. Gharehchopogh et al.40 introduced an innovative 
binary multi-objective dynamic HHO algorithm enhanced with 
mutation operator, and applied it to botnet detection in the
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Fig. 1 Scenario of GEO spacecraft refueling.
internet of things ecosystem to bolster the security. The 
remarkable performance of HHO algorithm in achieving excel-
lent and stable optimization results within the realm of nonlin-
ear problems can be primarily ascribed to its multifarious 
search strategies, elaborate stage-transition mechanism, and 
adaptive adjustments. Nevertheless, the optimization proce-
dure of meta-heuristic algorithms typically encompasses two 
distinct phases: exploration and exploitation. The crux of the 
matter is to strike an appropriate equilibrium between these 
two aspects. When confronted with diverse real-world prob-
lems, meta-heuristic algorithms often encounter challenges 
such as being entrapped in local optimal solutions and exhibit-
ing sluggish convergence rates. In order to solve the robust

mission scheduling model developed in this paper to enhance
the global exploitation and exploration of the problem, the
HHO algorithm is adopted. Meanwhile, to further enhance

its ability, a Hybrid Harris Hawks Optimization (HHHO)
algorithm is proposed by introducing the crossover idea of
Genetic Algorithm (GA) to enhance the global exploration

ability, avoid falling into local optimal, and improve the
problem-solving iteration efficiency.

The main contributions of this paper can be summarized as

follows:

(1) In order to address the execution risk in actual OOR 
mission, a robust mission scheduling framework is con-

structed considering the uncertain refueling duration;
(2) A HHHO algorithm is proposed to solve the OOR 

robust mission scheduling problem with uncertain dura-
tion, which introduces the crossover idea of GA, over-
comes the problem that the HHO algorithm has
insufficient exploratory ability and improves the opti-

mization solving efficiency.

The remainder of this work is organized by the following

parts. Section 2 constructs a robust mission scheduling frame-
work, including orbital rendezvous strategies, fuel mass com-
putation, and transformation of the problem with uncertain
refueling duration into the robust mission scheduling model.

Section 3 describes the designed HHHO algorithm. Section 4 
gives the simulation examples in the real-world scenario and 
related comparative experiments to verify the effectiveness of

the robust mission scheduling strategy proposed in this paper.
Finally, Section 5 summarizes the conclusions of this paper 
and directions for future research on the problem of OOS with

uncertainty.

2. Problem formulation

This section presents the mission scenario of spacecrafts refu-
eling, which is considered ‘‘one fixed FS + round-trip SSc”
servicing mode.17 Then, the orbital transfer method of planar 
change and phasing maneuver are introduced, respectively. 
Meanwhile, the calculation of the propellant consumption is
given during the refueling process. Finally, the robust refueling
scheduling optimization problem is described mathematically.

2.1. Mission scenario

In this work, considering the construction cost and rationality 
of the FS, the ‘‘one fixed FS + round-trip SSc” refueling
mode, which belongs to the many-to-many OOS mode, is 
adopted for the GEO spacecraft refueling problem, i.e., there 
is an FS on GEO, which carries multiple SSc to and from
the FS to refuel targets. The scenario of the GEO spacecraft

refueling is given in Fig. 1. The phases of the spacecraft refu-
eling process are introduced, and the GEO spacecraft refueling
process is graphically shown in Fig. 2. 

Phase 1: FS is deployed on GEO circular orbit carrying 
enough fuel, and a limited number of SSc are parked in FS 
waiting to execute the mission. At the same time, multiple tar-

get spacecrafts are waiting to be refueled in GEO at the same
orbital altitude with different orbital inclinations and Right
Ascensions of Ascending Nodes (RAANs).

Phase 2: At the beginning of the refueling mission, all tar-
gets are allocated to different SSc. Meanwhile, the order of ser-
vicing and when to return to the FS for refueling are
determined for each SSc.

Phase 3: Each SSc rendezvous with the target via orbital 
transfer and performed OOR missions via the payload.

Phase 4: Each SSc refuels the next target in the specified 
order of service until all targets have been refueled.

Phase 5: When all the refueling missions are finished, each
SSc returns to the FS.

This paper is dedicated to studying the GEO spacecraft’s 
robust mission scheduling problem with uncertain refueling
duration. The specific assumptions are as follows:

(1) The orbits of the target and the SSc are assumed to be
circular, and targets are given equal priority.

(2) The service time of each SSc is independent, and uncer-
tainty is only considered in the case of refueling
duration.

(3) Uncertainty affects only the refueling duration.

(4) Thrust engine operating characteristics are not consid-
ered, and it is assumed that velocity increments can be
done instantaneously.

(5) The target attitude motion is not considered, and the 
rendezvous is considered to be completed when the
SSc reaches the predetermined position.

(6) The fuel contained at the FS is sufficient.

move_f0005
move_f0010


4 S. YIN et al.

Fig. 2 GEO spacecraft refueling process.
2.2. Orbit transfer strategy

This article studied the spacecraft refueling problem, which 
involves the rendezvous between SSc and target spacecraft in 
different orbits. First, the planar change method is considered 
to adjust the SSc’s orbital plane to the target spacecraft during

the rendezvous transfer. Then, the phasing maneuver is per-
formed to achieve rendezvous.

2.2.1. Planar change
The planar change is adopted to effectively adjust the orbital 
inclination and RAANs of the SSc to the targets at circular 
orbits. The SSc applies a pulse at the intersection of the two 
orbits to achieve consistency with the target’s orbital plane,
that is, the nearest intersection of the orbital plane is chosen
from the two points P1 and P2, the planar change process is

shown in Fig. 3. 
In the planar change process, the key physical quantities are 

the velocity increment for planar change Dvpc and the angle 
between the two orbital surfaces hpc. The velocity increment

of the planar change orbital transfer is formulated as follows:
Fig. 3 Planar change process.
Dvpc 2 vt sin hpc 
2 

1 

Dvpc 2 vt sin
hpc
2

1

hpc arccos sin Is sin It cos Xs Xt cos Is cos It 2

where Dvpc is the velocity increment required to adjust the orbi-
tal plane; vt is the velocity of the GEO target to be refueled; hpc 
is the angle between the two orbital surfaces;Is and Xs are the
SSc’s orbital inclination and RAAN, respectively. It and Xt are
the target’s orbital inclination and RAAN, respectively. The
planar change time Tpc is computed by Han et al.8 

2.2.2. Phasing maneuver

After the planar change of orbit maneuver, there is still a phase 
difference between the SSc and the target. Therefore, the phase
maneuver transfer strategy is adopted in the same-orbit case,

and two pulses are applied at the exact position of the orbit
Fig. 4 Phasing orbit transfer diagram.

move_f0015
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Fig. 5 Single mission refueling process.
to realize the rendezvous between the SSc and the target to be
refueled. Fig. 4 shows the phasing orbit transfer diagram, 
when the target phase is ahead of the SSc, the SSc needs to 
brake ignition into orbit 1 to rendezvous with the target in a 
time less than the original orbital period. Otherwise, if the tar-
get phase is behind the SSc, the SSc requires pulse ignition to
accelerate into orbit 2 to rendezvous with the target in a time

more significant than the original orbital period.
The main physical quantities in the phasing maneuver pro-

cess include the velocity increments for the phasing orbit trans-
fer Dvpm1 and Dvpm2, the semi-major axis of the phasing 
maneuver apm, and the time of the phasing maneuver Tpm.

The velocity increments of the phasing orbit transfer are
expressed as

Dvpm1 Dvpm2 l 2 
rt 

1 
a pm

1

rt
3

where Dvpm1 and Dvpm2 are the velocity increments for the first 
pulse and the second pulse in the phasing maneuver transfer. 
This formula is derived from the vis-viva equation in orbital 
mechanics, the Earth’s standard gravitational parameter l, 
which is derived from the product of the universal gravita-
tional constant and the Earth’s mass. The distance from the

central body (the target orbital radius rt), and the semi-
major axis of the orbit apm.

The semi-major axis of phasing maneuver apm computed as

apm rt 
2pnpm Dhpm 

2pn pm

2
3

4

where npm indicates the number of SSc’s revolutions in the 
phasing maneuver;Dhpm is the phase difference between the 
SSc and the target. Moreover, the time of the phasing maneu-

ver Tpm is computed as

Tpm 
2pnpm Dhpm 

npm xt

5

where xt is the angular velocity of target.
2.2.3. Velocity increment calculation
The total velocity incremental consumption calculation for a 
rendezvous with a single target can be expressed as

Dv Dvpc Dvpm1 D vpm2 6
2.3. Propellant consumption

Let W 1 2 K be the set of SSc, and let 
c 1 2 J be the set of targets each one of them needs 
to be refuel by a quantity m R 

j . We call c c 0 , where 0 
denotes the FS. Each SSc starts from the FS, refuel a subset

of targets and return to the FS. We call mission the set of tar-
gets refueled continuously by each SSc. An example of mission
is represented in Fig. 5, where SSc 2 starts from FS and refuels 
targets 1, 3, and 6 and returns to FS.

We indicate by ci k c the set of targets visited by SSc k dur-
ing its mission i and we call Jk the number of missions per-
formed by SSc k. The set ci k defines a partition of the set c.
For each of them, we define a permutation function ri

k

which describes the visiting order of the targets in cik. For

example, in Fig. 5, r1 
2 1 1, r1 

2 2 3, etc. We fix 
ri 
k 0 ri 

k ci k 1 0 and we use ci k to indicate the cardi-

nality of cik(thus, r
i
k cik is the last target of mission i).

The goal is to refuel all the targets by minimizing the quan-
tity of fuel consumed. We model fuel consumption by the Tsi-
olkovsky equation, i.e., if SSc k has mass m

j1
k after refueling

target j1 and it moves to j2, it will have a mass equal to

m j2 
k m j1 

k e 
Dvj1 j2 gI ksp m

R
j2

7

after refueling target j2. Where Dvj1 j2 is the change in speed 
needed to reach j2, Ik 

sp is the specific impulse of the kth SSc
engine, and g is the earth’s gravity constant. Therefore, the

final mass m
f i
k of SSc k after mission i is

move_f0020
move_f0025
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m f i k m 0 i 
k exp Dv0ri 

k 1 gIk 
sp m R 

ri 
k 1 

exp Dvri 
k 1 ri 

k 2 gIk 
sp m R 

ri 
k 2 

exp Dvri 
k ci 

k 1 ri
k

ci
k

gIksp m
R

ri
k

ci
k

exp Dvri
k

ci
k

0 gIksp

8

where m 0 i 
k is the initial mass of SSc k during mission i. Fuel 

consumption can be computed as m
0 i
k m

f i
k , which thanks

to Eq. (8) can be written as

m 0 i 
k m 0 i 

k exp Dv0ri 
k 1 gIk 

sp m R 
ri 
k 1 

exp Dvri 
k 1 ri 

k 2 gIk 
sp m R 

ri 
k 2 

exp Dvri 
k ci 

k 1 ri 
k ci 

k 
gIk 

sp m R 
ri 
k ci 

k 

exp Dvri 
k ci 

k 0 gIk 
sp 

1 exp ci 
k 

l 0Dvri k l r i
k
l 1 gIksp m

0 i
k

m
R

ri
k
1
exp

ci
k

l 1Dvrik l ri
k
l 1 gIksp

m
R

ri
k

ci
k

exp Dvri
k

ci
k

0 gIksp

9

From Eq. (9), we can notice that the fuel consumption is a 
quantity that is increasing in m 0 i 

k .Therefore, the optimal solu-
tion starts with the lowest possible value of m 0 i

k , i.e., the one

that ensure to come back with an empty tank to the FS. Lev-

eraging this observation, we can compute m
0 i
k from Eq. (8), 

setting m f i k m dry 
k , m dryk is SSc’s dry mass, thus obtaining

m 0 i 
k m R 

ri 
k 1 exp ci 

k 
l 1Dvri k l r

i 
k l 1 gIk 

sp 

m R 
ri 
k 2 exp ci 

k 
l 2Dvri k l r

i 
k l 1 gIk 

sp 

m R 
ri 
k ci 

k 
exp Dvri 

k ci 
k 0 gIk 

sp m dry 
k 

exp ci 
k 

l 0Dvri k l r
i 
k l 1 gIk 

sp 

m R 
ri 
k 1 exp Dv0ri 

k 1 gIk 
sp 

m R
ri
k
2
exp Dv0ri

k
1 Dvri

k
1 ri

k
2 gIksp

m
R

ri
k

ci
k

exp
ci
k

1

l 0 Dvri
k
l ri

k
l 1 gIksp

m
dry
k exp

ci
k

l 0Dvrik l ri
k
l 1 gIksp

10

From Eq. (10), it is possible to observe that in general, it is 
convenient to first refuel target with big m

R
j so that they

impact less the fuel consumption of the trip.

The time spent by the SSc travelling from target j1 to target 
j2 is called tj1 j2 . Here j1 and j2 can be zero and tj1 j2 consider the 
fuel time of j2 if j2–0.We compute it as the sum of the planar
change Tpc, the phasing maneuver Tpm and the refuel duration

of j2(which is considered to be null if j2 0).
Using these definitions, we can write the optimization prob-

lem as

min 
Ji 

k r
i 
k k K 

Jk 

i 1 
m

0 i
k m

dry
k 11
s t 
ci 
k 

j 0 
tri 

k j r
i 
k j 1 6 Tmax

k k W i Yk 12

k W 

ck 

i 1 
c ik c 13

ci1 
k1 

ci2 
k2 

£ k1–k2 W i1– i2 1 2 ck 14

The objective function Eq. (11) minimizes the sum of the 
fuel consumed. Eq. (12) limits the time of the mission to be less 
than Tmax

k , and Eqs. (13) and (14) enforce the sets ci k to be a
partition of c.

On the real field, it is possible that time in Eq. (12) are not 
deterministic and factors such as faults in actuators (e.g., 
robotic arms), spacecraft orbital deviations cause a deviation 
in the refueling duration. This may lead to extra time that
can be very dangerous for the mission. Therefore, we modify
model Eqs. (11)–(14) in order to be more robust with respect
to these risks. In particular, we first rewrite Eq. (12) using 
the binary decision variables yki j1 j2 

equal to one if target j1 is 
refueled just before target j2 in the ith mission of SSc k, and

0 otherwise. Therefore, we obtain

J 

j1 0 

J 

j2 0 
tj1 j2 y

ki 
j1 j2 

6 Tmax
k k W i ck 15

Then, we assume that tj1 j2 t j1 j2 dj1 j2 n
ki 
j1 j2 

, t j1 j2 denotes the 
nominal duration, dj1 j2 represents the deviation range, where

nkij1 j2 belong to

Uki nj1 j2 
6 1 j1j2 

J 

j1 0 

J 

j2 0 
nj1 j2 6 Bki 16

This set let all the nki j1 j2 
to vary in the interval [ 1,1], but it 

limits the number of variations to be at most Bki. This set is
known as budget uncertainty in Bertsimas and Sim.41 We 
can rewrite Eq. (15) by considering the worst possible outcome

as

max 
nj1 j2 U 

J 

j1 0 

J 

j2 0 
dj1 j2 n

ki 
j1 j2 

yki j1 j2 
6 T max 

k 

J 

j1 0 

J 

j2 0

tj1 j2y
ki
j1 j2

k W i Jk

17

Fixing k W and i Jk for the sake of simplicity, the left-

hand side of Eq. (17) can be written as

max 
nki 
j1 j2 

nki j1 j2 

J 

j1 0 

J 

j2 0 
dj1 j2 y

ki 
j1 j2 

nki j1 j2 
dj 1 j2y

ki
j1 j2

nkij1 j2 18

s t nki j1 j2 
nki j1 j2 

6 1 j1 j2 19

J 

j1 0 

J 

j2 0 
nki j1 j2 

nki j1 j2
6 Bki 20

nki j1 j2 
nki j1 j2 

R j 1 j2 21

where we set nki j1 j2 
nki j1 j2 

nki j1 j 2 to linearize the absolute values

in Eq. (16). Now, using duality for LPs, we can write the left-
hand side of Eq. (17) as
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min 
kki j1 j2 

lki 
Bki lki 

J 

j1 0 

J 

j 2 0

kkij1 j2 22

s t kki j1 j2 
lki P dj1 j2 y

ki 
j 1 j2 j1 j2 23

kki j1 j2 
lki P dj1 j2 y

ki 
j1 j 2 j1 j2 24

kki j1 j2 
R j1 j2 l ki R 25

Therefore, Eq. (17) can be replaced by the following set of
constraints

Bki lki J 
j1 0 

J 
j2 0k

ki 
j1 j2 

6 Tmax 
k 

J 
j1 0 

J 
j2 0tj1 j2 y

ki 
j1 j2 

k W i Jk 

kki j1 j2 
lki P dj1 j2 y

ki 
j1 j2 

k W i Jk j1 j2 J 

kki j1 j2 
lki P d j1 j2ykij1 j2 k W i Jk j1 j2 J

kkij1 j2 R j1 j2 J lki R k W i Jk

26

Thus, a robust model for the on-orbit mission scheduling 
problem considering the uncertainty of refueling duration 
was constructed. Based on this model, further solving for the 
mission scheduling scheme can effectively mitigate execution
risks from uncertainties, ensure timely refueling as fuel nears
depletion, extend spacecraft lifespan, meet high orbit satellite

reliability demands, and cut on-orbit maintenance costs.
Notably, this proposed approach exhibits its applicability 

not merely to GEO spacecraft. Through appropriate modifica-

tions and fine tuning, it can be effectively extended and 
adapted to other categories of orbital spacecraft, prominently 
including medium earth orbit and low earth orbit spacecraft. 
Despite the distinct disparities in mission characteristics and

environmental factors between non-GEO orbital spacecraft
and their GEO counterparts, the fundamental concept of
robust mission scheduling, which takes into account uncertain

duration and is employed in this research, is capable of fulfill-
ing the OOR mission requisites of diverse orbital spacecraft.
3. Mission scheduling method: A hybrid harris hawks

optimization

To solve the robust mission scheduling optimization problem 
with uncertain refueling duration, this paper proposes the
HHHO algorithm based on HHO.35 Unlike HHO, HHHO 
introduces the chaotic cubic mapping method to optimize the 
initial population, producing a more uniform population to 
enhance the quality of the generated initial population and 
improve the algorithm’s convergence rate. Meanwhile, the 
crossover strategy in the genetic algorithm is combined in

HHHO’s exploration phase for updating the perching loca-
tions of harris hawk individuals, which further improves the
algorithm’s exploration ability to solve robust mission schedul-

ing optimization problems.

3.1. Initial population

Most of the existing metaheuristic algorithms search the solu-
tion space by randomly generating the initial population; how-
ever, the randomly generated initial population’s quality is
primarily undesirable, affecting the algorithm’s search effi-
ciency. The cubic mapping chaos operator’s optimization idea 
can generate a more uniform population to improve the con-

vergence speed. Meanwhile, compared with the general logistic
mapping, it produces a better uniformity of the population.42 

This paper uses the chaotic cubic mapping operator to gener-
ate the initial population. The formula of the chaotic cubic
mapping operator is as follows:

y  i  1 4y  i  3 
3y  i  

1 y i 1 y i –0 i 0 1 2
27

where y  i  is the chaotic variable, the main steps are:

Step 1. Set y(0). A random value in ( 1,1) is taken as the
initial chaotic variable y(0), then Eq. (27) is applied in order 
to obtain a vector of values y(i). This guarantees the unifor-
mity and diversity of the chaotic variables. Generate J ele-

ments and sort them in ascending order, using the original
natural number positions to decide the target.

Step 2. The values of the y(i) are mapped into the decision 
variables. Specifically, y(0), y(1), , y(J 1) are mapped into
the interval [0, K] to decide the SSc to use for each target by
using the linear transformation

ui lmin lmax lmin y  i  1 2 28

where ui is the value of the variable after mapping, the param-
eters lmin and lmax respectively denote the lower and upper 
bounds of the admissible value range, and the mapped values 
are rounded up to the nearest integer. Next, y(J 1), y(J), ,
y(2J 1) are used to define the list of targets. Since each target
must be visited exactly once, Eq. (28) is unsuitable for this pur-
pose. Instead, we use the list position of the components of the 
vector y(J 1), y(J), , y(2J 1) into the sorted vector (in 
increasing order). For example, if the vector y(J 1), y(J), 

, y(2J 1) is [0.93, 0.12, 0.11], the sorted order is [0.11, 
0.12, 0.93], and the list of targets to visit is 3, 2, 1. Indeed, 
the smallest element is the one in position 3, the second small-
est element is the one in position 2 and the biggest one is the 
one in position 1. The successive chuck, i.e., y(2J 1), y(2J),

, y(3J 1) is used to compute, if the SSc has to return or
not. This decision is based on 0–1 decision variables. When y

is negative, the variable is set to 0; when y is positive, the vari-
able is set to 1. Finally, the last part of the y vector is use to
decide auxiliary variable l and k, by using Eq. (28) with 
lmin 0 and l max 6 000.

Step 3. Since in step 2 it is possible to generate infeasible 
individuals, the population is filtered and the top 80 individu-
als with better fitness are selected as the initial population.

A complete individual is composed of the SSc variable, the 
target variable, the return to the FS decision variable, and two 
auxiliary variables lki, kkij1 j2 (with lki and kkij1 j2 satisfying Eq.

(26)). We call each individual X. For instance, Fig. 6 shows 
a mission scheduling coding model for refueling 8 targets using 
4 SSc. The scheme is that SSc 1 returns to FS after refueling 
Target 3, then refuels Target 2 and returns FS; SSc 2 refuels

Target 6, then it comes back to the FS, the it refuels Target
7 and Target 1; SSc 3 refuels target 8 and Target 4 in turn;
SSc 4 only refuels Target 5.

As depicted in Fig. 6, the fuel consumption calculation for 
each SSc is presented as follows.

For SSc 1: the parameters in Eq. (10) are k =  1,  J1 2, 
c1 
1 1, c2 

1 1, r1 
1 1 3, and r2

1 1 2. In the 1st mission,
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Fig. 6 Mission scheduling coding model.

Fig. 7 Sequential crossover.
1

1 r 2

lated as
r 1

d4 m4 .

define d1 
1 exp Dv0r1 

1 1 gI1 
sp , correspondingly, U1 

1 

exp Dv0r1 
1 1 Dvr1 

1 1 0 gI1 
sp . The fuel consumption is 

m R 
r1 
1 1 d

1 
1 m dry 

1 U1 
1 1 . The 2nd mission, define d2 

1 

exp Dv 0r2
1
1 gI1sp and U2

1 exp Dv0r2
1
1 Dvr2

1
1 0

gI1sp . The fuel consumption is m
R
2 d21 m

dry
1 U2

1 1 .
r
1 

For SSc 2: the parameters in Eq. (10) are k =  2,  J2 2, 
c1 
2 1, c2 

2 2, r1 
2 1 6, r2 

2 1 7, and r2 
2 2 1. Simi-

larly, when considering the 1st mission, assume that 
d1 
2 exp Dv0r1 

2 1 gI2 
sp and U1 

2 exp Dv0r1 
2 1 Dvr1 

2 1 0 

gI2 
sp . The fuel consumption is calculated as m R 

r1 
2 1 d

1 
2 m dry 

2 

U1 
2 1 . For the 2nd mission, let d2 

2 exp Dv0r2 
2 1 gI2 

sp 

U2 
2 exp Dv 0r2

2
1 Dvr2

2
1 r2

2
2 gI2sp , and parameter C2

2

exp Dv0r2
2
1 Dvr2

2
1 r2

2
2 Dvr2

2
2 0 gI2sp . The fuel mass

consumption is calculated as m
R

r2
2
1
d22 m

R

r2
2
2
U2

2

m
dry
2 C2

2 1 .

For SSc 3: the parameters in Eq. (10) are k =  3,  J3 1, 
c1 
3 2, r1 

3 1 8, and r1 
3 2 4. The definitions are 

given for d1 
3 exp Dv0r1 

3 1 gI3 
sp , U1 

3 exp Dv0r1 
3 1 

Dvr1 
3 1 r1 

3 2
gI3 

sp , and parameter C1 
3 exp Dv0r1 

3 1

Dvr1
3
1 r1

3
2 Dvr1

3
2 0 gI3sp . The fuel consumption is then cal-

culated as m
R
1 d13 m

R
1 U1

3 m
dry
3 C1

3 1 .
r
3 3 
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The total fuel consumption in Eq. (11) is obtained by aggre-
gating the fuel consumption of each SSc.

3.2. Prey’s energy

The HHO algorithm simulates the natural predation process, 
the transition from the exploration phase to the exploitation
phase is achieved by modeling the prey’s energy decay process

E 2  1  
t 

Tmax

29

where E is represented as the energy of the prey, t and Tmax are 
the current iteration number and the maximum iteration num-
ber. Therefore as t Tmax, E 0.
3.3. Exploration phase

When E P 1 indicates that the prey has enough energy, the 
exploration phase is executed and the hawk follows the prey 
closely. The standard HHO’s exploration phase is stochastic. 
Nevertheless, updating the hawks position based has several
limitations in our context, thus the crossover strategy in GA
is used in the HHO’s exploratory phase. The crossover is
sequential and is shown in Fig. 7. In particular, we select a ran-
dom hawk (i.e., a solution) with a probability q, we do cross-
over with another randomly selected individual. Otherwise,
crossover is done with the optimal individual in the current

population.

3.4. Exploitation phase

When E 1, the prey energy is reduced and the hawk will 
adopt the exploitation phase to end the hunt (i.e., to attack 
the prey). In this phase we define r as a hunting success rate, 
where r is a random number in the range [ 1,1]. Moreover, 
in the following the position of the rabbit, i.e., Xrabbit is the best
solution found so far. There are four possibilities: soft besiege,
hard besiege, soft besiege with progressive rapid dives, and

hard besiege with progressive rapid dives. We discuss them
in the next sections.

3.4.1. Soft besiege
When r P 0 5 and E P 0 5, r is the random value inside (0,1), 
the hawk adopts soft besiege strategy, the prey has remaining 
energy to avoid the hawk’s predation in this hunting situation,

the hawk chooses to hover over the prey and wait for the prey
to exhaust its energy to hunt it. This soft besiege behavior is
modeled as follows:

X t 1 DX t E  L  X rabbit t X t 30

DX t Xrabbit t X t 31

where X t 1 is the hawk’s position vector in the next itera-
tion, DX t is the difference between the position vector of the 
rabbit and the current location in iteration t. Finally,

L 2 1 q represents the random jump strength of the rab-
bit throughout the escaping procedure with q is a random

move_f0035


On-orbit refueling robust mission scheduling with uncertain duration for geosynchronous orbit spacecraft 9
number inside (0, 1). The value of L changes randomly in each
iteration to simulate the nature of rabbit motions.

3.4.2. Hard besiege
When r P 0 5 and E 0 5, the hawks quickly capture 
exhausted prey and adopt this strategy. The current positions
are updated as follows:

X t 1 Xrabbit t E D X t 32

where DX t is defined as in Eq. (31). 

3.4.3. Soft besiege with progressive rapid dives

When r 0 5 and E P 0 5, the prey has enough energy to 
make several misleading movements to disturb the hawk’s pre-
dation, and the hawk makes irregular movements to follow the
prey, it will quickly hunt the prey at the right time, which is
based on

Ysp Xrabbit t E  L  X rabbit t X t 33

and 

Zsp Ysp LF S 34

where Ysp and Zsp are the moving position, S is a random vec-
tor which components are in (0,1) and LF is the Levy flight
function defined as

LF 0 01 
u r 
v 

1 
b 

r 
C 1 b sin pb 

2

C 1 b
2

b 2
b 1
2

1 b

35

where u, v are random values inside (0,1), b is a default con-
stant set to 1.5.

Hence, the positions of hawks in the soft besiege with pro-
gressive rapid dives phase can be calculated as follows:

X t 1 
Ysp ifYsp better thanX t 
Zsp ifZsp better thanX t

X t otherwise

36
3.4.4. Hard besiege with progressive rapid dives

When r 0 5 and E 0 5, the hawk’s predation success is 
low even though the prey has lost the ability to escape in this 
behavior, the hawk increases its predation success by reducing
the average distance between itself and the prey. The moving

positions Yhp and Zhp are obtained using new rules

X t 1 
Yhp ifYhp better thanX t 
Zhp ifZhp better thanX t

X t otherwise

37

with 

Yhp Xrabbit t E  L  Xrabbit t 
1 
N 

N

i 1

Xi t 38

Zhp Yhp LF S 39

The pseudocode of HHHO for the OOR robust scheduling 
optimization problem is given in Algorithm 1 and the corre-
sponding flow chart is shown in Fig. 8.
Algorithm 1. Pseudocode of HHHO

Input: the initial parameters

1: The chaotic cubic mapping to generate initial population by

Eqs. (27) and (28)
2: Calculate the fitness function value and save the optimal 
individual and optimal solution by Eq. (11) 
3: While t < T do

4: for each individual do
5: Update escaping energy value and randomly select an
individual

6: if |E| 1 then
7: Random q 
8: if q < 0.5 then

9: Crossing current individual with selected 
individual to update habitat location

10: else 
11: Crossing current individual with optimal 
individual to update habitat location

12: end if 
13: else 
14: Random r 
15: if r 0.5 and | E| 0.5 then

16: The soft besiege mechani sm employs Eq.

(30) for individual updates
17: else if r 0.5 and |E|<0.5 then

18: The hard besiege mechanism employs Eq.

(32) for individual updates
19: else if r < 0.5 and |E| 0.5 then

20: Soft besiege with progressive rapid dives by Eq.

(36) 
21: else if r < 0.5 and |E|<0.5 then

22: Hard besiege with progressive rapid dives
by Eq. (37) 
23: end if 
24: end if 
25: end for 
26: Calculate the fitness function value and update the
optimal solution and optimal individual

27: end while
28: Update the optimal solution and the optimal individual

Output: Global optimal solution, optimal individual, optimal 
value of each generation and population
4. Simulation examples

This section verifies the effectiveness of the optimization

framework proposed in this paper by making three experi-
ments. The first one verifies the performance of the HHHO 
optimization algorithm presented by comparing it with the 
GA, HHO algorithm. Instead, the second one verifies the 
robustness of the OOR mission scheduling strategy consid-
ering uncertain refueling duration. Finally, the effect of 
the initial population strategy on the algorithm’s perfor-
mance is investigated. All the simulations are based on 1
FS, 4 SSc, and 9 targets, in which the orbits are set as
GEO circular orbits with the same orbital altitude, and

the orbital inclination and RAANs of the GEO satellites
in actual operation are adopted. All the experiments have
been running on a PC with a 3.2 GHZ CPU (AMD R7

5800H) and 16 GB RAM.
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Fig. 8 HHHO’ s flow chart.

Table 1 Orbital parameters of FS and SSc.

Parameter A (km) (°) X (°) x (°) ht (°)

Value 42 164.200 0 0.029 0 117.592 2 0 10.351 7

Table 2 Parameters of SSc.

Parameter mdry (kg) gIsp (km/s) mmax (kg) 
k 

Vaule 500 3 3 000
4.1. Comparison with other optimization algorithms

The orbital parameters of FS and SSc are given in Table 1, 
where a is the semi-major axes, e is the eccentricity, i represents 
orbital inclination, X represents RAAN, x is the perigee argu-
ment and ht is the true anomaly.
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Fig. 9 Convergence curves of four algorithms.
In the considered setting, we assume that the total amount 
of fuel at FS is unlimited, mmax and gI sp are maximum fuel car-

ryover, and the engineimpulse parameter, respectively, the
detailed data are shown in Table 2. The fuel requirement of 
each target spacecraft is set to be between 200 kg and
500 kg, and the detailed data are shown in Table 3. The stan-
dard duration of OOR is set at 4 h, assuming that there are 4
targets with uncertainties in the refueling duration, namely

Bki 4.

Concerning the solution method, the population size is 80, 
the maximum number of iterations of the algorithm is set to
500, and the maximum refueling duration deviation range is

60 min.
The solution obtained by applying the algorithm presented

in Section 3 is reported in Table 4. It can be observed that all 
the SSc typically performs only one OOR operation during a 
refueling mission. By adopting a fuel-efficient refueling 
scheme, the SSc aims to minimize the number of consecutive 
OOR missions. This approach helps reduce its weight, thereby
lowering the transfer cost of orbital maneuvers and achieving
mission completion with minimal fuel consumption. Further-
more, the mission scheduling results comply with the con-

straints of OOS missions.
To illustrate the effectiveness of the proposed HHHO, we 

compare it against the solution obtained by GA, HHO and

Large Neighborhood Search-Adaptive Genetic Algorithm
(LNS-AGA).8 Specifically, the best objective function com-
puted by HHHO has a value of 3 557.1677 kg, while GA, 
HHO and LNS-AGA lead to solution of 3 561.289 3 kg, 3
592.053 1 kg, and 3 557.935 6 kg respectively. Moreover, we
also monitor the evolution of the best solution using these dif-
ferent techniques in Fig. 9. From Fig. 9, it can be seen that 
HHHO has better convergence rate than both GA, HHO 
and LNS-AGA. This algorithm offers two main advantages. 
First, the use of chaotic cubic mapping for population initial-

ization enhances both balance and diversity, enabling HHHO
to achieve better solutions during the initial phase. Second, the
Table 3 Fuel requirement of 9 targets.

Parameter Dm (kg) 

Target 1 500 
Target 2 200 
Target 3 500 
Target 4 300 
Target 5 200 
Target 6 400 
Target 7 250 
Target 8 450 
Target 9 500 

Table 4 Mission scheduling results.

Object Scheduling scheme m0 (kg) T (d) 

SSc 1 0-1-0 524.190 2 7.825 5 
SSc 2 0-8-0-6-0-3-0 1 417.287 0 23.242 1 
SSc 3 0-5-0-4-2-0-9-0 1 340.023 8 26.844 8 
SSc 4 0-7-0 275.666 7 7.871 3 
introduction of crossover strategy improves the exploration 
phase, leading to higher quality solutions. In contrast, the 
standard HHO lacks sufficient exploration capability for the 
complex on orbit refueling problem due to its reliance on the
average location iteration of population individuals. Further-
more, it can be observed, by combining the data in Tables 3 
and 4 that the fuel consumption of orbit maneuvering accounts 
for the total fuel consumption of 7.23%, which is consistent
with the actual engineering practice.

Fig. 10 gives the optimized fuel mass consumed by each SSc 
containing the fuel mass to be refueled for the target require-
ment. Each bar corresponds to the serial number of the SSc,
and the segments are represented as the initial fuel mass carried

by the spacecraft at the beginning of each mission. Similarly,
Fig. 11 gives the required mission execution duration.

The time complexity serves as a measure of the time 
resources it consumes during execution. In addition to com-
paring the performance of the aforementioned algorithms,
we have delved deeper into a comparison of the time complex-

ities of each algorithm, as presented in Table 5. T is the num-
ber of iterations, N is the number of individuals, and D is the 
dimension of decision variables. Due to the introduction of 
large-neighborhood local search in LNS-AGA, its time com-
plexity is significantly higher. Notably, the HHHO algorithm
exhibits the same complexity as the GA and HHO algorithms.
Fig. 10 Fuel mass consumed by each SSc.
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Fig. 11 Mission execution duration of each SSc.

Table 5 Time complexity.

Algorithm Time comple xity

HHHO O  T  N D

HHO O  T  N D

GA O  T  N D

LNS-AGA O  T  N D2

Fig. 12 Convergence curves for solving models M1 and M2.

Table 6 Fitness metrics: robust and standard scheduling.

Number of targets Fitness robust scheduling

Average (kg) SD (

2 4 251.968 4 0.26

3 4 252.000 1 0.58

5 4 252.994 0 6.77

7 4 254.291 5 11.23
This clearly indicates that the improvement strategy put for-
ward in this paper does not lead to an increase in the algo-
rithm’s complexity.

4.2. Robustness analysis

This subsection compares different OOR duration on the mis-

sion scheduling schemes to show its robustness. As solution 
method we use the HHHO algorithm. We compare the fitness
values obtained by considering and not robustness. The evolu-

tion across iterations is shown in Fig. 12. 
As can be observed in Fig. 12, incorporating robustness 

into the model results in a gradual decline in the fitness of 
the best solution, ultimately stabilizing at higher values. This 
outcome is reasonable because accounting for robustness 
involves simulating adverse environmental conditions, which
naturally lead to reduced performance levels. By doing so,

the model ensures that solutions remain viable and effective
under less favorable scenarios, highlighting the trade-off
between robustness and optimal performance.

Given 100 sets of different refueling duration, we compare 
different numbers of targets with uncertain refueling duration,
the comparative evaluation of the average values and Standard

Deviations (SD) is presented in Table 6. It can be observed 
that the quality of the optimal scheduling solution derived 
from standard mission scheduling method deteriorates signifi-
cantly when confronted with such uncertainties. In contrast, 
the robust solution that factors in uncertain refueling duration
demonstrates much better performance. Additionally, as the
scale of uncertainty in the target exceeds a predetermined

threshold, the conservatism of the solution further enhanced.

4.3. Population initialization analysis

For comparison with other methods of initializing the popula-
tion, when the number of sequences is 500, the chaotic cubic 
map is compared with the random generation strategy, the

standard logistic map and the chaotic cubic map. The results
of this comparison are shown in Figs. 13–15.

It can be clearly observed from the Fig. 13 that the distribu-
tion of random generation map is not uniform, there will be 
obvious clustering in the final chaotic map value interval dur-
ing the iteration process. The logistic mapping presented in
Fig. 14 does not exhibit obvious clustering phenomena at the 
end of the iteration. Nevertheless, its uniformity remains less
favorable compared to Fig. 15. The scatter plot of the chaotic
Fitness standard scheduling

kg) Average (kg) SD (kg) 

7 2 7 108.100 97 2.395 8 10 11

2 8 7 108.803 70 2.008 8 
5 1 7 109.223 80 2.919 3 
2 8 7 113.649 20 17.731 1 
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Fig. 13 Random generation map.

Fig. 14 Standard logistic map.

Table 7 Fuel requirement of 20 targets.

Parameter Dm (kg) 

Target 1 350 
Target 2 250 
Target 3 400 
Target 4 350 
Target 5 400 
Target 6 300 
Target 7 350 
Target 8 400 
Target 9 500 
Target 10 350 
Target 11 250 
Target 12 400 
Target 13 250 
Target 14 350 
Target 15 500 
Target 16 400 
Target 17 250 
Target 18 500 
Target 19 350 
Target 20 400 
cubic map is more evenly distributed within the entire range of 
the ordinate ( 1, 1). The number of scatter points in each
value interval is relatively balanced, with no obvious changes

in density.
Fig. 15 Chaotic cubic map.
To further investigate the initial population on the perfor-
mance of the proposed HHHO algorithm, a new mission sce-
nario is presented, comprising 5 SSc and 20 targets, with the

parameters of SSc consistent in Tables 1 and 2. The orbital 
inclination, RAAN, and true anomaly of the targets are ran-
domly generated within ranges of 0–5°, 0–180°, and 0–360°
respectively. Table 7 presents the fuel mass to be refueled. Sim-
ilarly, set Bki = 4. Specifically, this part compares three initial 
population generation method—random generation, standard 
logistic mapping, and chaotic cubic mapping—to assess the
performance in solving OOR mission scheduling problem
within the HHHO algorithm. The simulation results are shown
in Fig. 16. 

Fig. 16 shows that the Cubic + HHHO method achieves a 
better optimal fitness value compared to Random + HHHO 
and Logistic + HHHO. The chaotic cubic mapping’s superior

uniformity enables the initial population it generates to dis-
Fig. 16 Convergence curves of three initial population methods

in HHHO.
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Table 8 Fitness metrics: varying initial populations.

Method Average (kg) SD (kg) 

Random + HHHO 8 558.752 2 46.21 
Logistic + HHHO 8 549.719 1 25.81 
Cubic + HHHO 8 479.467 1 39.08 
tribute more evenly across the search space, expanding the 
algorithm’s exploration scope. Cubic + HHHO also has clear 
advantages in convergence efficiency and optimization accu-
racy, approaching the optimal solution more efficiently. Mean-
while, each method is tested 20 times under this scenario.

Table 8 presents the statistical characteristics of fitness func-
tion values, namely the average value and SD.

As revealed in Table 8, the chaotic cubic map-based popu-
lation initialization strategy consistently yields superior solu-
tions. The results validate HHHO algorithm’s efficacy in
addressing OOR mission scheduling with uncertain duration.

5. Conclusions 

This paper investigates the multiple spacecraft on orbit refuel-
ing robust mission scheduling problem, and the uncertainty of 
the refueling duration is considered for the first time. A robust 
mission scheduling model is established, and the HHHO algo-
rithm is proposed to solve the mission scheduling scheme.

Finally, the performance of the proposed scheduling strategy
is simulated and analyzed. The main content and future pro-
spects are as follows:

(1) In order to solve the mission scheduling model with 
refueling duration uncertainty, the robust optimization 
idea is introduced to construct the robust mission 
scheduling model. The simulation results show that the
framework is more robust in dealing the refueling mis-

sion scheduling problem with uncertain duration.
(2) The HHHO optimization algorithm is proposed to solve 

the optimization problem. The algorithm proposed in 
this paper is compared with GA, HHO, and LNS-

AGA, and the results show that it is more efficient in 
solving the problem. Moreover, the robustness of the
proposed mission scheduling framework is verified by

comparing different uncertain durations. Finally, the
effect of different initialization population methods on
the HHHO algorithm is also analyzed.

(3) In future work, we will try to solve other uncertainties, 
such as the uncertainty of the fuel to be refueled and
random spacecraft faults.
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