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Po3rnsiHyTO 3aj1a4uy BiIHOCHOrO iMITyJIbCHOTO KEPYBaHHS PYyXOM KOCMIYHOTO amapara y KOB3HOMY
peXuMi A7 aBTOHOMHHX OpOITaNbHHUX CEpBICHUX oOIepamiii 3a HasBHOCTI OOMEXEHb Ha aMILTTyIy
KEepYIOYHX BIUIMBIB, TUCKPETHOCTI il Ta MapaMeTpHYHHUX HeBH3Ha4YeHOCTeH. MeToro poboTu € po3podka it
OLIHIOBAaHHS IMiAXOAY, L0 MOEIHYE IPHHLMIIKN KOB3HOIO KEPyBaHHS 3 Cy4aCHHMH METOJAMH HABYaHHS 3
MiAKPITUICHHSIM, OPIEHTOBAaHUMH Ha OOPTOBY pealtizalifo 3 0OMeXeHUMH pecypcami. JuHaMiKy BiAHOCHOTO
PYXY 3a7aHo B OpOiTanbHiil CHCTEMI KOOPAMHAT y HOPMATi30BaHUX 3MIHHUX 1 IUCKPEAUTOBAHO. IMITyIbCHUI
XapakTep BIUIMBIB BHKOHAaBUMX OpraHiB BimoOpakeHO uepe3 OiHapHi [Iii 3 MIUPOTHO-IMITYIHCHOIO
MOIYJSIIIEI0 Ta OOMEXKCHHSMH Ha pIiBeHb TATH, TPUBANICTh 1 MNepioJ YBIMKHEHb. 3alpOrOHOBAHO
KOMOIHOBaHMI CHHTE3, y SIKOMY [TapaMeTpH [OBEPXHi KOB3aHHS Ta IIPaBUJIa IEPEMUKAHHS HAJIAIITOBYOTHCS
METOAOM MPOKCHMAIBHOI ONTUMI3Allii MOMITHKH 3 BUKOPUCTAHHIM apXiTEKTYpHU aKTOP-KPUTHK. AKTOp i
KPUTHK peasli3oBaHi y BHIJIAI HEHPOHHHX MEpEX, sSKi BiANIOBITHO allPOKCHMYIOTBH IIOJIITHKY Ta (yHKIIifO
miHHocTi. HeiipoHHa Mepeka akTopa NpuiiMae BEKTOpP CTaHy SK BXiJHY iH(OpMaLilo i BHIAE CepelrHE
3HA4YeHHs] Ta CTaHAapTHE BiIXWICHHsS MapaMeTpiB 3aKOHY KEpyBaHHsS y KOB3HOMY pexumi. DyHKILs
wiHHOCTI mITpadye SK 3a HOMWIKY CTaHy, Tak i 3a BHTpAaTH Ha KEpyBaHHS, LIO JO3BOJISIE 3a0E3MEUUTH
KOMIIPOMIC MK IIBHIKICTIO pearyBaHHs, TOYHICTIO Ta BHUTPATO0 nNanuBa. J[Ba He3ale)XHI areHTH
po3po0iteHi [UIs KepyBaHHS BiIHOCHHM OpOITAIbHUM PyXOM KOCMIYHOTO amapara OKpeMO B HalpsIMKY
IUIOIIMHKE OPOITH Ta y NEPHCHAMKYISAPHOMY HampsMKy. limepmapamerpd ONTHMI3AIil MPOKCHMAaIbHOT
MOJITHKK 00paHO st 3a0e3MeueHHs KOMIIPOMICY MiXK 4aCOM HaBYaHHS, CTAOLIBHICTIO Ta SIKICTIO KEPYBaHHS.
ATeHTH HaBUYaHHS 3 IIJKPIIUICHHSM HaBYEHI Ta IPOaHai30BaHI 3 ypaxyBaHHAM UYOTHPHOX BHIIAJKIB, IO
BIPI3HSAIOTBCS PIBHAMH TATH Ta BaroBUMH MarpuusMu. DyHKUHioHan skocti 00’eanye mrtpadu 3a
BIIXWJICHHS CTaHy Ta BHKOPHCTAaHHsS TSATH, IO Ja€ 3MOTY 3HAXOIMTH KOMIIPOMIC MDX MIBHIKOMI€IO,
TOYHICTIO Ta BUTpaTaMu pododoro Tina. OTpuMaHi pe3yibTaTd MiATBEPAKYIOTh MOTEHIIAT TAKOrO MiIXOLy
JUI 3a/lad aBTOHOMHOI'O KEpyBaHHsS KOCMIYHHX amapariB B yMOBax OOMEXCHb Ta HEBHU3HA4EHOCTI. Y
[OPIiBHSHHI 3 BIZOMHMH pe3yjbTaTaMH HaBYEHHMH areHT IPOAEMOHCTPYBaB Kpaily poOacTHICTH 110
BiJIHOIIEHHIO 1O HEBH3HAYEHHOCTI MapaMeTpiB MoJeNi 00’€KTa KepyBaHHS, IIO IMOSCHIOEThCS CHIBHUMU
pOOACTHHMH BIIACTUBOCTSIMH KEepyBaHHS B KOB3HOMY pexnMi. OTpHMaHi pe3ysibTaTH MarTh ITOTEHIal
MiIBUIIMTH €)EKTUBHICTh T aBTOHOMHICTH OpPOITaIbHUX CEPBICHUX ONEpaLliid.

Knrwouosi cnosa: nasuanns 3 niokpiniennam, npoKCUMAIbHa ONMUMI3AYisi NOIIMUKU, KePYBaAHHs KOCMIYHUM
anapamom, opoimanvhi cepgichi onepayii, on-off kepyeans, aBMOHOMHI CUCeMU KePYBaAHHSL.

The paper addresses the problem of on-off spacecraft relative control in sliding mode for autonomous
on-orbit servicing operations under actuator amplitude limits, action discreteness, and parametric
uncertainties. The goal is to develop and assess an approach that combines sliding-mode control with modern
reinforcement-learning methods tailored for resource-constrained onboard implementation. Relative motion
dynamics is formulated in an orbital coordinate frame with normalized states and discretized in time. Binary
actions with pulse-width modulation, subject to constraints on the thrust level, pulse duration, and duty cycle,
represent the impulsive nature of actuation. We propose a combined synthesis in which the sliding-surface
parameters and switching rules are tuned via proximal policy optimization within an actor-critic architecture.
The actor and critic are implemented as neural networks that approximate the policy and the value function,
respectively. The actor neural network takes the state vector as input information and outputs the mean and
standard deviation of the parameters of the sliding mode control law. The value function penalizes both the
state error and control effort, thus enabling a trade-off among the response speed, accuracy, and propellant
consumption. Two uncoupled agents are designed to control spacecraft relative orbital motion in in-plane and
out-of-plane directions independently. The proximal policy optimization hyperparameters are selected to
ensure a trade-off among the learning time, stability, and control performance. The reinforcement-learning
agents are trained and analyzed considering four cases that differ in the thrust levels and weighting matrices.
The quality functional combines state deviation and thrust use penalties, thus enabling a trade-off among the
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response speed, accuracy, and propellant consumption. The results confirm the potential of this approach for
autonomous spacecraft control under constraints and uncertainty. Compared with reported baselines, the
trained agent shows superior robustness to plant-parameter uncertainty, which we attribute to the inherent
robust properties of sliding-mode control. These findings have the potential to improve the efficiency and
autonomy of on-orbit servicing operations.

Keywords: reinforcement learning, proximal policy optimization, spacecraft control, on-orbit servicing, on—
off control, autonomous control systems.

1. Introduction

Modern space missions increasingly require complex maneuvers with
minimum human involvement. Typical tasks include on-orbit servicing operations
such as docking, towing, and active debris removal [1, 2].

To perform these operations, a servicing spacecraft (SSC) must maneuver
close to the orbital object (OO), addressing the challenge of relative guidance and
control. Control inputs are commonly generated by reaction thrusters (RTs). Unlike
reaction wheels or control-moment gyros (CMGs), thruster outputs are typically
binary (“on/off”). This switching behavior makes actuation highly nonlinear and
complicates direct controller design. To implement continuous-time control laws,
pulse-width modulation (PWM) and pulse-frequency modulation (PFM) are used
[3, 4], transforming the continuous control signal into a sequence of pulses with
specified duration or frequency. The accuracy of this approximation depends on the
modulator resolution: coarse quantization significantly reduces control
performance [5], so the regulator and modulator parameters must be co-designed,
which is a complex task.

The impressive results achieved using deep learning (DL) methods [6-10]
have recently intensified interest in Al approaches among researchers and
practitioners worldwide. Recently, these methods have also been applied to space
problems [11-16].

Publication [17] demonstrated the feasibility of directly synthesizing control
laws via reinforcement learning (RL), mapping the state vector to binary on/off
thruster commands. That approach outperformed a linear regulator in conjunction
with a PWM in terms of accuracy, response speed, and the number of thruster
firings. At the same time, it requires many training episodes and does not provide
strict robustness guarantees when training and operational conditions differ. To
mitigate these drawbacks, this study proposes combining sliding-mode control
(SMC) with RL.

This study aims to assess the feasibility of on/off spacecraft relative control in
sliding mode that is implemented via reinforcement learning, and to specify the
features of this approach

2. Problem Statement

2.1 Model of spacecraft relative dynamics. To describe the motion of the
servicing spacecraft (SSC) relative to an
orbital object (O0), we use the orbital
coordinate frame (OCF). The OCF origin
is fixed at the SSC center of mass (Fig. 1).
The x-axis is directed along the
geocentric radius vector from Earth’s
center to the SSC (f). The z-axis is normal
to the plane spanned by the x-axis and the
SSC orbital-velocity vector (k) and is
Fig. 1 — Axes directions of the OCF oriented toward the positive orbital
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angular momentum. The y-axis completes a right-handed triad (J).
The relative dynamics of the SSC-0O system can be written as the following
linearized system of equations [18]:

¥ wx— 20y —ay—kx=22 2 (1)
y y md ms’
y— wy+2wx+wx+ky—fy —%, 2
g
z+kz="3-"" 3)

where x , y , z are the OCF projections of the relative position vector r; m* and
m? are the masses of the SSC and OO, respectively; f,?, £, f,* are the OCF
projections of the total force f¢, acting on the OO; £, f;, f; are the OCF
projections of the total force f*°, acting on the SSC. The total force f° includes
both control input and external disturbances acting on the SSC. The disturbances
% and £S5 may also account for the J2 perturbation, third-body gravity (Sun and
Moon), aerodynamic drag, and solar radiation pressure. The parameters in Eqgs (1)
— (3) are defined as follows:

w = \/g(l + ecosv)w, w = _zg\lgsinv(l + ecosv)w,

. _u . a(l-¢€%)
P—a(l—gz),k—r—g; = Ttecoss
where p is the Earth's gravitational constant, ¢ is the orbital eccentricity, v is the
true anomaly, a is the semi-major axis, and r is the geocentric distance.

Equations (1) — (2) describe in-plane orbital motion, while Eq (3) describes
out-of-plane orbital motion.

Neglecting the external disturbances and introducing the state vectors X;,, =

[x,y,% 5 17, Xour = [2,2]7 and the control vectors Uy, = [u,, uy]T, Uput = Uy
the model (1) can be written in the standard linear state-space form:

Xin = AinXin + BinUpn, Xout = AoutXout + BoutUout » (4)
where
0 0
I N
_ =L
Ain = w? + 2k 1) 0 2w  Bin | w0 |’
— 2 _ _ 1
W w”—k 20 0 l 0 _FJ
0 1 0
Aout = [—k 0]' Bout = [_# .

The magnitudes of individual state components differ significantly, which
may complicate neural-network (NN) training. To mitigate this issue, the state
vector is normalized as follows:

n_ (X Y
X - Xm Ym’ xm Ym] Xout [ (5)

Where X, Yim» Zm, Xm» Ym, Zm are the maximum magnltudes of the corresponding
state components. For the normalized state, the dynamic model can be given as

X" = A"X™ + B"U,
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where A" = N™1AN, B® = N71B, N = diag(X;p, Y, Zm» %m> Y Zm)-

Since the onboard controller is implemented using a digital computer, we
use the discrete-time form of the model:

X1 = Ax Xy + B Uy, (6)

where A, = (I + A"T); B, = B"T; T is the sampling period, and k is the time
index. We also assume that the full state vector is measurable and that these
measurements are not corrupted by noise.

2.2. Sliding-Mode Control Sliding-mode control is a variable-structure control
in which the input is deliberately shaped to cause the trajectory to reach a sliding
surface and then move along it [19]. The control law is not a continuous function of
time, because the control structure switches depending on the current location in
the state space. The switching nature of SMC suits well naturally to the task of
spacecraft relative-motion control because reaction thrusters operate in the on/off
mode.

Motion along the sliding hypersurface is described by a reduced-order
equation and can be compared to the evolution along eigenmodes of linear systems.
To keep the system sliding requires a high-gain switching feedback.

The SMC design includes the following steps:

selecting a sliding hypersurface s(x) = 0 such that motion along it yields the
desired system behavior;

synthesizing a feedback law with sufficient gains that guarantees both
reaching the surface and its invariance - i.e., the trajectory intersects the surface
and then remains on it.

The switching function s(x) is defined as a measure of the deviation of the
state x from the sliding hypersurface: the state belongs to the hypersurface when
s(x) = 0 and out of it when s(x) # 0. The control has a switching structure and
changes sign according to the sign of the s(x), e.g., u = u* when s(x) > 0 and
u = u~), thus ensuring reaching and subsequent sliding along the surface.

Within the SMC paradigm, the control action is always directed to reduce the
magnitude of |s(x)| and to “push” the trajectory toward the sliding surface. When
the surface is reached, the trajectory slides along it and, depending on how the
surface is chosen, moves toward the target, typically an equilibrium (e.g., the
origin).

The switching function is defined as follows:

o(X) = STX, (7)

Let the sliding surface be a simplex defined by o(X) = 0. Then, for the
stability analysis, we consider the following Lyapunov candidate:

V(a(X)) = 0.50(X)Ta(X)

with the time derivative
V(e(X)) = 0.50(X)T6(X).

The control is chosen so that 6(X) < 0 when ¢(X) >0 and 6(X) > 0
when o(X) < 0to ensure that V(o (X)) < 0. The evolution of the switching
function can be given as

6(X) = ST(AX + BU).
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The control input is formed as
U= (STB)! (—STAX + h(a(X))),

where h(o(X)) = —K; —2&

Hol+e’
control chattering.
Since the actuators operate in on/off mode, the SMC output is approximated
by a sequence of pulses of variable duration using a PWM. The pulse duration
within each sampling period is determined as follows:

and € sets a dead zone that prevents excessive

— Yk
tr =T 4 <T,

where Us is the nominal thrust level.

As the control performance metric, we use the following quadratic cost
function [20]:

J = Ih-o(Xx" QXy + U, RUY), (8)

where Q and R are the weighting matrices penalizing the states X}, and the control U,
, respectively.

To obtain an optimal sliding-mode controller, it is necessary to determine the
parameters K, S, and ¢ that minimize the quadratic cost (8). This optimization task is
addressed via reinforcement learning.

3. Reinforcement-Learning-Based Control

In the RL paradigm, the controller learns by analyzing the consequences of its
own actions [21]. These consequences are evaluated by a scalar reinforcement
signal received from the plant with which the controller interacts. The
reinforcement can be interpreted as a criterion that enables an intelligent system to
adjust its control policy to achieve a long-term objective.

The generic RL loop (Fig. 2) includes the following steps:

1. At the time t; the plant is in the state Xj,. In this state, the controller (CS)
selects an action U, from the available action set.

2. The chosen action is applied, causing a transition to a new state X, and
the system receives a reinforcement signal Cj.

3. The algorithm repeats from step 2, taking into account the received
reinforcement; if the new state is terminal, the episode ends.

Let y denote the state space and A the action space. The reinforcement
Cy, results from applying the action Uy, in state X,. Formally, it is a function on

XX A: Ck = C(Xk, Uk)

r = control
state] |cost action
X, G e U,

;i Plant |e—
.\,:]

Fig. 2 — RL setup

The CS selects actions to minimize the return, which is the discounted sum of
instantaneous costs:

G =Cr+¥Ci1 +V2Chiat. .. =320V Chpis0 Sy < 1,
where y is the discount factor and Cy, is the instantaneous cost at step k.
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The factor y determines how strongly future costs influence current
action selection.
A key element of RL is the value function. Let the controller apply
actions according to a policy m:
Uk = T[(Xk)

Then the value function V™(X;) gives the total discounted cumulative cost
when starting from the state X, and following the policy r:

V(X)) = 220 V" Crri Kiewts Ust) = Co(Xpe, Ug) + ¥V ™ (Xger1)-

RL can be implemented using an actor-critic architecture. In this case,
the critic estimates the value function for each state, while the actor maps
states to control actions.

In this study, the actor and critic are implemented as neural networks that
approximate, respectively, the policy and the value function:

V”(Xk, d))l T[(Xk! ¢ )1

where 8 and ¢ are the parameter vectors of the critic and actor, respectively.
Proximal Policy Optimization (PPO) [22] is chosen among different RL
algorithms because it provides a tradeoff between implementation complexity
and training stability. This includes the following steps:
Cumulative cost estimation, which is the sum of the cost for this time step and
the discounted future cost [23]:

Gy = Zlis:tm(yk_tck) + byN TV (X4, ),

where b =0 if X,y is terminal and b =1 otherwise (i.e., when the rollout
segment does not end at a terminal state, a bootstrap term from the critic V(-; 8) is
added); y € [0,1] is the discount factor.

1. Advantage estimation:

D, = G, — V(X 0),
2. Critic update via value loss minimization

2
Leritic(0) = % Ii\il(Gi - V(X 9)) )
3. Actor update using clipped policy objective
Lactor(P) = %Z’i‘il(—min(n(qﬁ) Dy ci(9)- D)), 1i(d) = e

n(U|XiPo1a)’
ci(¢) = max(min(ry(¢), 1 +¢),1—¢),

where D; is the advantage for the i-th sample, G; is the corresponding return,
w(U;|X;, @) is the probability of action U; in state X; under the current policy
parameters ¢, w(U;|X;, ¢o14) 1S the probability under the pre-update policy, ¢ is the
clip factor, M is the minibatch size.

The NN architecture of the intelligent agent is given in Tables 1 and 2.
Almost all network layers have the tanh activation, and only the actor’s output
layer employs SoftPlus function to provide positive outputs.

The actor NN takes the state vector as input and produces the mean and
standard deviation of the parameters S, K, and &. The structure of this NN is
shown in Fig. 3. In conjunction with this actor, we use the same NN critic and
the same quadratic performance index as in Ref [17].
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Fig. 3 — Architecture of the actor neural network
Table 1. Number of neurons in the actor layers
fc fc 1/fc 4 fc 2/fc 5 | fc 3/fc_ 6
Case | INPUt | pidden | hidden | hidden | hidden | CUtPUt
in-plain Nin 10n;, 10n;, 25 30 3
out-of-
plain Nout 10n,,; 10n4y¢ 50 60 6
Table 2. Number of neurons in the critic layers
Case Input | 1-st hidden 2-nd hidden | 3-d hidden Output
in-plain Nin 10n;, 4/ 100n;, 10 1
out-of-
plain Moyt 1074y \/100n,,,, 10 1

4. Numerical results
For training and evaluation of the intelligent agent, the following system
parameters were used: a=7017 km; m® = 500 kg; m¢ = 1575 kg; T=200 sec; T =

10 sec. Maximum magnitudes of the state-vector components: x,, = 800 m, y,,

800 m, x,,=2 m/s, y,,=2 m/s.
We analyzed four cases that differ in the thrust levels and weighting matrices

(Table 3).
Table 3. Values of thrust levels and weighting matrices
in-plain out-of-plain
up Q R | u o) R
[10;00.001] ) [L000;0100;000.0010;0 [1e-30; 0
Casel | 8 |1y 1e-3 1 8 1000.001]x1e-7 le-3]
[10;0 ) [L000;0100;000.0010;0 [1e-30; 0
Case2 | 4 1y oo1pxie7 | 282 | 4 1000.001]x1e-7 le-3]
[10;0 ] [L000;0100;000.0010; 0 ([le-3 O;
Case3 | 8 1) oo1px1e-7 | ¢4 | 8 00.001]x1e-7 0 le-4]
[10;0 ] [L000;0100;000.0010;0 |[1e-30; 0
Cased | 4 |0 oo1pxie7 | ¥ | % 1000.001]x1e-7 le-4]
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The reward function is designed as the weighted sum of state errors and control

efforts:
(10)

Training was conducted in episodes, each running until a maximum step count
was reached. The PPO hyperparameters were selected to ensure stable learning as
follows: y = 0.98, € = 0.2. An experience horizon of 50 and a minibatch size of 50
were used for updating the NN parameters.

Figure 3 demonstrates system stability since all trajectories of xs, x4 converge to
zero. The cases differ in how quickly the spacecraft reaches the target state and in the
magnitude of residual errors. Lower thrust leads to a longer transition and more
frequent small control actions, when the agent corrects the state more frequently
using small pulses. After settling, the residual error is close to zero in all cases. The
small remaining oscillations are due to the on-off control actions.

e = —(xI'Qx; + uf Ruy,).

1 1 v =
\ : B x; \ A"‘
\ \ "
2 05H\ e[“x; & 05\ "»Jy
2 o S g o =5
= = — 2 =
z = o
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Fig. 3 — Variation of the out-of-plane state

In Fig. 4, the actor NN output signal is plotted by a blue line and its on-off
realization is shown by a red one. Initially, sequences of saturated same-sign pulses are
applied to reduce the error rapidly. After that, the pulses become sparser and shorter,
occasionally changing sign for fine corrections. In cases when higher thrust is
available, fewer control pulses are applied than in cases with lower thrust. The
discrepancy between the blue and red lines is due to a mismatch between the required
and available thrusts and the discrete PWM realization of the control. In the steady
state, both curves remain near zero with small oscillations due to the on-off actuation.
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Fig. 4 — Variation of the out-of-plane control actions

Figure 5 demonstrates a similar pattern across all four parameter plots, where
after a short initial interval with possible sharp jumps, all curves vary slowly.
Parameters s; and s, stabilize around 2-3 units. Typically s, slightly exceeds s;.
The parameter 8 quickly drops from a large initial value to a small one (< 1) and
then varies slowly. The parameter € shown as € x 10 in the plot, stays near 2-3 on
the scale, i.e., € = 0.2-0.3. Small “steps” on all curves reflect discrete parameter
updates. In the steady state, deviations are minor.
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Fig. 5 — Parameter variation for the out-of-plane channel
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In Fig. 6, all state components converge to zero. State components x; and x,
(red and blue) decrease smoothly with no noticeable overshoot. Velocities x5 and
x4 (green and purple) rise to zero in “stair-steps,” reflecting discrete actions. After
about (300-500) s, all curves remain near zero and only small periodic oscillations,
which are typical for on-off control, are visible. These plots mainly differ in the
convergence speed and the magnitude of steady-state errors.
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As can be seen in Fig. 7, the sequence of dense same-sign pulses rapidly
reduces the state errors at the beginning of the episodes. After that, the pulses
become sparser and shorter, occasionally changing sign for accurate corrections.
As stabilization proceeds, both commands stay near zero, and the pulses have short
duration and low frequency, resulting in state chartering around equilibrium due to
on-off actuation. The difference between the channels appears in pulse phasing and
polarity, but the errors converge to small magnitudes in both channels.

Figure 8 demonstrates that after a short initial jump, the parameters change
slowly. The parameters s;; are stabilized with a clear ordering, when s, s,, remain
higher than s;4,s,;. The parameters B;, 5, (plotted x 10) typically decrease from
high initial values and then oscillate around small values. The parameters &,, , settle
down quickly and vary little over the whole interval. In both channels, the trajectories
are similar in shape and level, i.e., the settings converge to close steady values with
only minor drift.
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Figure 9 shows a typical evolution of the cumulative return during training. At
the beginning of training, returns have a large value with high variance. After a
while, the mean return improves monotonically and approaches zero. The critic’s
estimates of the return initially are biased, but once the policy forms, it tracks the
mean curve well. In the first plot, convergence is faster, while in the second one, it
takes longer training with deeper occasional drops. However, the mean return also
moves toward zero. After convergence, some episodes may still result in relatively
high negative returns, but the overall trend remains stable.

5. Robustness analysis

In practice, real model parameters may deviate from their nominal values, so we
assess the robustness of the SMC-based intelligent controllers against model
parameter variations and compare it with the robustness of the intelligent agents from
Ref. [17]. In this article, two RL-based agents for relative spacecraft control were
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proposed that differ in their input vector. The first agent (IA1) receives the standard
state vector X, while the input of the second agent (1A2) is augmented with the
previous step control action, i.e.,[Xx, ui_1]7.

Table 4 presents the description of test cases, which differ in the percentage
deviation of the considered parameter from its nominal value.

Table 4. Description of test cases

Symbol Nom. B.1 B.2 B.3 B. 4 B.5 B.6
Nominal
Description | parameter | +10% | +20% | +30% | -10% | -20% | -30 %
value

Figure 10 shows the state variations for 1Al, when SSC mass m® deviates
from the nominal one. As can be seen from these plots, the agent remains robust
when the spacecraft mass decreases, but control performance degrades as mass
increases (Case B.1). In Cases B.2 and B.3 the agent fails to maintain stability.
This occurs because a greater spacecraft mass requires larger control amplitudes
than those considered during training.
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Fig. 10 — State variations for A1 and different spacecraft masses
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Figure 11 — State variations for |A2 and different spacecraft masses

Fig. 11 shows the state variations for A2, when SSC mass m® deviates
from the nominal one. The agent remains robust, but control performance
degrades as mass increases (Case B.1). Unlike 1A, IA2 maintains stability in
Cases B.2 and B.3, although the performance degrades in these cases.

Figure 12 presents the state trajectories for the SMC-based agent and
various cases of the SSC masses. Stability is preserved in all cases with a

similar transient shape pattern. However, in some cases, the steady-state error
increases.
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Fig. 12 — State variations for SMC-based agent and different spacecraft masses.

6. Conclusions

This paper presents an approach to relative on-off spacecraft control that
combines sliding-mode control with reinforcement learning. The results confirm
the potential of this approach for autonomous spacecraft control under constraints
and uncertainty. The trained agent demonstrated superior robustness to uncertainty
in plant parameters compared to the reported baselines, which is due to the strong
inherent robustness of sliding-mode control. However, a large number of episodes
is required to train the agent, which restricts the practical implementation of this
approach in its current form. Accordingly, future work should explore ways to
improve the training efficiency of the agent.
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