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Coverage Optimization in RIS-Enabled
Satellite–Terrestrial Networks: A Digital
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Abstract—In this paper, we propose a novel reconfigurable
intelligent surfaces (RIS)-enabled satellite-terrestrial network-
ing scheme, called digital twin-based spatial-temporal approach
(DTST), to maximize time-averaged coverage while guarantee-
ing operational constraints in dynamic low Earth orbit (LEO)
environments. Existing coverage optimization methods typically
adopt static formulations or idealized learning models, and
they do not jointly address fast time-varying LEO geometry,
weather-dependent attenuation, interference coupling, and strict
operational constraints under partial observability, especially
when digital-twin (DT) model mismatch and rare events can bias
value estimation and trigger constraint violations. Specifically,
we design a spatial-temporal coverage-grain model with boolean
union of direct and RIS paths to jointly control RIS phases and
allocate satellite power. Then we develop a DT-driven centralized
training with decentralized execution (CTDE) learning method
based on multi-agent proximal policy optimization (MAPPO)
with dual-phase training to learn decentralized policies under
partial observability through a reconstructed decentralized par-
tially observable Markov decision process (Dec-POMDP) model.
With the obtained DT-synchronized scenario parameters and
the pre-trained policies, conservative value learning with rare-
event replay is explored to mitigate overestimation and improve
resilience against simulation-to-reality discrepancies. The cov-
erage probability optimization challenge is addressed through
strategic balancing of the probability of service availability for
any given user and power allocation parameters in consideration
of power budgets, RIS stability, LOS/visibility windows, collision
avoidance, handover continuity, and interference coupling. Sim-
ulation results demonstrate that, in a Ka-band 48-LEO-satellite
constellation, the DTST scheme maintains coverage probability
of over 80% and prediction accuracy exceeding 90% even when
operating under heavy rainfall and co-channel interference.

Index Terms—Satellite-terrestrial networks, RIS, digital twin,
Dec-POMDP, spatial–temporal.
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I. INTRODUCTION

SATELLITE-TERRESTRIAL Networks (STNs) are facil-
itating notable advancements in live media transmission

within urban environments, providing high-quality program-
return video, communication audio, and teleprompting ser-
vices via low Earth orbit (LEO) satellite to mobile field
units deployed in challenging urban canyon environments [1],
[2]. However, practical implementations continue to encounter
significant operational challenges related to link-budget limita-
tions and signal reliability issues, particularly when operating
at higher frequency bands such as Ka-band. LEO communica-
tion experiences free-space path loss measuring approximately
170–180 dB, while adverse weather conditions introduc-
ing additional elevation-dependent signal degradation ranging
from 10–20 dB during periods of heavy rainfall [3], [4].
As a result, compact ground-based users (GBUs) consistently
encounter suboptimal signal-to-noise ratios, resulting in unsta-
ble confidence communication performance, unless additional
aperture gain is incorporated into the system architecture.
Reconfigurable intelligent surfaces (RIS) serve as an effective
solution for providing this aperture gain through coherent
reflection of satellite signals toward designated receivers [5],
[6], [7], [8]. RIS panels of meter-scale dimensions demonstrate
capability to generate substantial passive beamforming gain in
the order of tens of decibels [9]. This signal enhancement
effectively improves downlink SNR to required thresholds,
establishing a more dependable downlink for return feeds
that support high reliability communication performance and
low-jitter program return with approximately 30-70 ms one-
way satellite latency, while eliminating reliance on congested
public networks. Additionally, it expands coverage to chal-
lenging environments, including urban canyons and indoor
locations, without requiring increased transmission power [10],
[11]. However, signal blockage in dense urban environments
and link disruptions caused by Doppler shifts are commonly
observed in these networks [12]. These issues lead to coverage
gaps, service quality degradation, and unexpected connectivity
losses.

Digital twin (DT) technology has emerged as a viable
approach for optimizing network performance in STNs [13].
Traditional optimization methods are typically limited in their
ability to account for the dynamic nature of satellite tra-
jectories, changing atmospheric conditions, and the complex
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beam interactions found in RIS-enabled STNs [14]. These
limitations can be addressed by DT technology through the
provision of real-time representations that enable proactive
coverage management rather than reactive responses [15],
[16]. Specifically, within LEO-assisted broadband systems, the
DT framework acquires operational parameters from physical
counterpart, including satellite ephemeris data, RIS phase con-
figurations, and time-varying communication channel states.
This comprehensive data acquisition enables computational
modeling that simulates dynamic network conditions with
high fidelity, thereby supporting evidence-based decision-
making for optimal resource allocation, predictive maintenance
scheduling, and adaptive beamforming strategies tailored to
varying atmospheric conditions [15], [16], [17]. In addition,
some studies have advanced the integration of digital twin
(DT) into 6G network design and control. In particular,
DT-6G concepts are discussed, and key obstacles and prospects
are summarized in [18], including real-time synchronization,
seamless migration, predictive analytics, and closed-loop con-
trol, which are essential for DT-driven network optimization.
Large generative model (LGM)-enabled DT frameworks are
further proposed in [19] to support intelligent and automated
network control by synthesizing control strategies from net-
work contexts. From a control and learning perspective, a
two-timescale DT synchronization and migration framework
is developed, and the resulting stochastic decision problem is
solved using multi-agent deep reinforcement learning in [20].
These works establish that DT should be tightly integrated
with the network control loop and that synchronization fidelity
is a primary factor affecting optimization quality. Nevertheless,
for RIS-enabled satellite-terrestrial networks, the coverage
optimization problem additionally couples fast time-varying
LEO geometry, weather-dependent attenuation, and interfer-
ence with strict operational constraints, e.g., RIS tuning-rate
stability, inter-satellite separation, and service continuity, and
DT-physical mismatch can bias value estimation and lead to
aggressive actions.

However, optimizing coverage performance in RIS-enabled
SGN presents several significant challenges. First, achieving
optimal satellite-RIS-user alignment is complicated due to the
complexity in accurately determining time-varying coverage
parameters. This difficulty is attributed to the characteristics of
LEO orbital dynamics influenced by Keplerian motion, atmo-
spheric attenuation, RIS hardware limitations, transmission
handover, and GBU mobility patterns [1], [17], [21]. Coverage
continuity is affected by these factors, resulting in service
interruptions due to changing elevation angles, frequency
shifts, and signal attenuation during precipitation events.
Conventional stochastic geometry modeling approaches are
insufficient for capturing these factors with the consideration
of spatial-temporal relationships within STNs. Therefore, a
spatial-temporal approach should be developed to incorpo-
rate the detailed orbital-channel relationships, establishing a
stronger foundation for effective coverage optimization.

Second, incorporating DTs into constrained optimiza-
tion problems presents a notable challenge. DT technology
enables real-time synthetic experience generation for evaluat-
ing the trade-offs between coverage maximization and power

conservation, particularly in the context of mission-critical
data transmissions and dynamic beam configurations subject
to stochastic constraints and partial observability [22], [23].
However, conventional mixed-integer nonlinear programming
(MINLP) solvers are unable to effectively utilize the dynamic
data provided by DTs due to inherently static formulations
and computational processing latency, which necessitates fun-
damental redesign of optimization models to accommodate
real-time adaptability and uncertainty-aware constraints. This
requires adjustments to policy update mechanisms to enable
effective bias gradient integration and constraint-conscious
advantage estimation. Furthermore, while DTs can predict
rare-event states, integrating this capability into optimization
approaches requires optimization loops capable of managing
hybrid action spaces with stochastic constraint satisfaction.
Addressing these technical challenges necessitates the devel-
opment of robust optimization models that effectively balance
exploration and exploitation trade-offs while safeguarding
operational parameters and ensuring convergence under partial
observability conditions.

Third, after DT-driven learning is implemented, value
estimates can be overestimated by simulation-to-reality mis-
matches and rare events, necessitating conservative, bias-
adjusted updates and explicit uncertainty modeling. Value
overestimation bias in simulation-based training presents a
notable challenge for effective policy implementation in STNs.
Network state values are frequently overestimated by algo-
rithms during online tuning processes where model-reality
disparities and exceptional circumstances exist, which can lead
to severe constraint violations [22], [24]. This problem occurs
when actions that exploit model limitations or rely on opti-
mistic value assessments are selected by the system, without
proper consideration of actual risk factors [25]. Policy gradient
calculations can be adversely affected by this optimization
bias, resulting in inaccurate RIS configuration adjustments
and power allocation decisions. For addressing these technical
challenges, uncertainty quantification approaches should be
designed and implemented with DT which are characterized
by the ability to support bias-adjusted policy refinements while
accounting for the complex dynamics inherent to SGN.

In this paper, we address how to optimize coverage in
RIS-enabled STNs under spatial-temporal constraints through
DTs. We propose a DT-based spatial-temporal approach
(DTST) scheme designed to maximize time-averaged coverage
probability while guaranteeing strict constraint satisfaction.
The following are the paper’s primary contributions:
• We develop a coverage model that integrates both direct

and RIS-reflected signal components through Boolean
union operations, which incorporates parameters includ-
ing line-of-sight conditions, weather attenuation factors,
path-loss/RIS coupling effects, and potential interfer-
ence from overlapping coverage areas. Building upon
this foundation, we perform joint optimization of RIS
phase configurations and satellite power allocation while
accounting for orbital dynamics and ensuring continuous
coverage.

• We manage the satellites by designing a decen-
tralized partially observable Markov decision process
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Fig. 1. Network scenario.

(Dec-POMDP) model and implements a structured train-
ing and execution method. The designed method utilizes
centralized training with decentralized execution, built
on multi-agent proximal policy optimization with gen-
eralized advantage estimation and appropriate policy
constraints. The system incorporates safety measures for
action implementation and leverages parallel processing
capabilities provided by a synchronized DT environment.
The learning process is methodically organized with an
initial offline preparation phase that examines a compre-
hensive range of physically accurate scenarios, followed
by an online refinement phase that incorporates real-time
operational data.

• A closed-loop accuracy bound is designed between the
DT and physical entity through extended Kalman fil-
ter (EKF) state data integration and proportional error
correction. The proposed DTST scheme implements
conservative value calibration by combining uncertainty-
aware sampling with cautious return estimation through
multiple rare-event simulations. Value overestimation
problems are addressed through the implementation
of conservative critic targets, replay mechanisms for
uncommon events, trajectory manipulation with scenario
enhancement in areas presenting significant risk, and
regularization procedures across similar rare samples,
with all these processes being regulated by quality metrics
for synchronization.

II. SYSTEM MODEL

A. Network Model

As shown in Fig. 1, the SGN integrates four kinds of compo-
nents: a constellation of N LEO satellites S = {s1, . . ., sN},
with one serving as the gateway satellite sg ∈ S; M GBUs
U = {u1, . . ., uM}; a central ground base station (GBS)
controller G; and L RIS components R = {r1, . . ., rL} with
each containing K programmable elements. The connectivity
among network components are addressed in mixed urban
environments where GBUs connect to the network via LEO
satellites rather than through direct connections with GBS,
with RIS panels strategically implemented at locations prone

to signal degradation. Satellite positions are characterized by
time-varying Cartesian coordinates psi(t) = (xsi , ysi , zsi) ∈
R3 obtained by propagating a Walker–Delta layout under
Keplerian mechanics, while puj = (xuj , yuj , zuj ) ∈ R3 and
prl = (xrl , yrl , zrl) ∈ R3 denote the locations of GBUs and
RISs respectively. Let A be the service area covered by the
satellite network with puj ∈ A denoting each GBU location
is a point within this service area. The network employs a
structured hierarchical architecture comprising three distinct
data transmission links: 1) direct links from the GBS G to
designated satellites; 2) relayed transmission links from G to
the gateway satellite sg , which subsequently distributes data
via inter-satellite links (ISLs) to the serving satellite si, and
3) GBU access connections established either through direct
satellite-to-ground transmission or through enhanced signal
links utilizing RISs {rl}Ll=1.

The GBS G implements three core control functions. First,
for satellite network configuration, G determines optimal
ISL topologies E(t) ⊆ S × S and delivers connectivity
instructions via G → sg : {link(si, sk) | ∀(si, sk) ∈ E(t)}.
Second, for satellite-RIS pairing configuration, G determines
θi,l ∈ RP , the satellite transmit beam vector pointing-angle
vector toward RIS rl. The control parameters (rl, θi,l) is
subsequently transmitted to the designated satellite si through
the established gateway communication channel G → sg →
si : {(rl, θi,l) | rl ∈ Ri(t) ⊆ R}, where Ri(t) represents the
subset of RISs currently allocated to si. Third, leveraging real-
time feedback from both the satellite constellation and GBUs,
G computes the optimal phase-shift matrix for each RIS and
transmits it over a wired control link, G → rl : Φl(t), where
Φl(t) = diag

(
ejφl,1(t), . . . , ejφl,K(t)

)
with φl,k(t) ∈ [0, 2π).

This closed-loop process dynamically adapts the RIS to the
serving satellite beam and the set of GBUs within its coverage,
maximizing end-to-end link quality. When satellite si provides
service to GBU uj via RIS rl, the direct path measures
ddirect
ij = ‖psi − puj‖, while the RIS-assisted path comprises
dRIS
ijl = ‖psi − prl‖+ ‖prl − puj‖.
In summary, the control plane operates along paths G → sg

and G → rl for the distribution of policy, beam, and RIS
control information. The data plane functions on a per-GBU
basis, with payload traffic being transmitted between indi-
vidual GBUs and their respective serving satellite si, rather
than being broadcast across all satellites. When necessary,
payload is redirected from si to ground via sg; however, it
is important to note that user downlink/uplink connections
terminate exclusively at the serving satellite. And the gateway
sg serves solely for backhaul connectivity, network control,
and inter-satellite routing functions, rather than introducing an
additional communication layer in the GBU interface pathway.
Moreover, the GBS G maintains synchronized virtual replicas
DT {DT si ,DT G ,DT uj ,DT rl} of all network components.
These DTs are colocated with G, and incorporate comprehen-
sive telemetry data, including satellite positional coordinates
psi(t), velocity parameters, channel state metrics; operational
status and orientation configurations from RIS elements; and
service requests with corresponding SNR measurements from
GBUs. This DT support is directly used in our Dec-POMDP
formulation and CTDE learning pipeline, including state
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reconstruction, constraint-aware performance evaluation, and
the generation of DT trajectories for offline warm-up and
subsequent online adaptation. A detailed DT architecture and
synchronization mechanism are presented in Sec. II-E.

B. RIS-Enabled Channel Model

The RIS-augmented satellite-ground channel model incor-
porates both deterministic path loss and stochastic atmospheric
impairments. For the direct path between satellite si and
GBU uj , the path loss integrates free-space attenuation and

atmospheric degradation Ldirect
ij (t) = 20 log10

(
4πddirect

ij (t)

λ

)
+

Aatm(ddirect
ij , f, t, θij), where λ is the wavelength, and

Aatm aggregates frequency dependent attenuation from rain
(ITU-R P.618), clouds (ITU-R P.840), and fog (ITU-R P.676)
[26]. The atmospheric term follows Aatm(d, f, t, θ(·)) =
ζrain(f, t) · `eff(θij) + ζcloud(f, t) · dcloud + ζfog(f, t) · dfog, where
ζ{·}(f, t) denotes specific attenuation, `eff is the effective path
length through precipitation layers, θij is the elevation angle,
and dcloud, dfog are cloud/fog penetration distances. For RIS-
assisted paths (si → rl → uj), path loss combines two
segments:

LRIS
ijl (t)

= 20 log10

(
4πdsat-RIS

il (t)

λ

)
+Aatm(dsat-RIS

il , f, t, θil)︸ ︷︷ ︸
Satellite-to-RIS

+ 20 log10

(
4πdRIS-GBU

lj

λ

)
+Aatm(dRIS-GBU

lj , f, t, θlj)︸ ︷︷ ︸
RIS-to-GBU

(1)

where dsat-RIS
il = ‖psi − prl‖, dRIS-GBU

lj = ‖prl − puj‖. The
composite channel gain becomes:

htotal
ij =

√
Gsi→ujGuj · Γdirect · e−j

2π
λ d

direct
ij︸ ︷︷ ︸

sat-GBU (Direct path)

+
∑
rl∈Ri

√
Gsi→rlGujh

T
ilΦlhlj · ΓRIS︸ ︷︷ ︸

sat-RIS-GBU (RIS-aided path)

(2)

where Gsi→uj is the transmit antenna gain of si toward uj ,
Gsi→rl is the gain toward RIS rl, Γdirect = 10−L

direct
ij /20, ΓRIS =

10−L
RIS
ijl/20, and hil ∈ CK , hlj ∈ CK model Rician fading

for satellite-RIS and RIS-GBU links. Interference originates
from co-channel satellites sn 6= si using identical spectral
resources. The aggregate interference power incorporates both
propagation paths:

Iinter

=
∑
sn 6=si

Pn

[
Gsn→ujGuj (Γdirect)

2|hdirect
nj |2 · 1LOS (sn, uj , t)︸ ︷︷ ︸

direct interference

+
∑
ri∈Rn

Gsn→rlGuj (ΓRIS)2|hTnlΦlhlj |2 · 1LOS(si, rl, uj , t)︸ ︷︷ ︸
RIS-reflected interference

]
.

(3)

The LOS indicator 1LOS depends on elevation θ(t) and
azimuth φ(t) constraints:

1LOS(si, uj , t) = 1[θij(t) ≥ θmin] · 1clear-sky(t), (4)
1LOS(si, rl, uj , t) = 1[θil(t) ≥ θmin]

· 1[φlj(t) ∈ [φmin, φmax]] · 1clear-sky(t),
(5)

where 1clear-sky(t) is zero during extreme weather-induced
blockages, θmin is the elevation-mask angle threshold. We
implement θmin = 20◦ as our operational parameter, which
aligns with industry practices for non-GSO systems that typi-
cally utilize minimum terminal elevations between 10◦ − 30◦

to effectively mitigate path loss, signal blockage, and atmo-
spheric scintillation effects [27].

C. Coverage Model

The coverage optimization framework employs a Boolean
model from stochastic geometry, where LEO satellites function
as germs and their dynamic coverage zones constitute grains.
This approach models spatial randomness in GBU distribution
and satellite visibility while incorporating critical spatial-
temporal constraints unique to satellite networks. The objective
function maximizes the time-averaged coverage probability
across A over T as

max
{Pi(t),Φl(t),θi,l(t)}

1

T

∫ T

0

Ep∼A
[
1C(t)(p)

]
dt, (6)

where C(t) =
⋃
si∈S Bi(t) represents the union of coverage

grains that Bi(t) = Bdirect
i (t) ∪

⋃
rl∈Ri(t) B

RIS
i,l (t), and with

Bdirect
i (t) = {puj ∈ A : γi(t,p) ≥ γth}, (7)

BRIS
i,l (t) =

{
puj : ‖prl − puj‖ ≤ dmax, γ

RIS
i (t,p) ≥ γth

}
,

(8)

with γth being the SINR threshold derived from minimum rate
requirement Rmin = B log2(1+γth). The expectation Ep inte-
grates over GBU distribution, while the indicator 1C(t) marks
covered locations. The transmission power of each satellite is
bounded by hardware limitations and regulatory requirements,
0 ≤ Pi(t) ≤ Pmax

i ,∀i ∈ {1, . . ., N}, t ∈ [0, T ], where Pmax
i

is derived from satellite power budgets. The orbital-motion is
governed by two constraints that together guarantee satellite
trajectories, continuous ground coverage, and reliable LOS
geometry. First, the orbital-dynamics constraint,

‖psi(t)− psi(t0)‖2

= vorb(t− t0) +
1

2

[
v2

orb

rorbit
− ω2

erorbit cos2(lgeo)

]
(t− t0)2,

(9)

binds the satellite’s instantaneous position vector psi(t) to a
reference time t0, where ωe = 7.29 × 10−5 rad/s is Earth’s
rotation rate, lgeo is the geodetic latitude, vorb denotes the
satellite’s instantaneous orbital speed along its Keplerian path
and rorbit is the orbital radius parameter. The orbital-dynamics
equation enforces that the satellite state trajectory is physically
feasible and consistent with orbital motion. This constraint is
required because the time-varying geometry psi(t) directly
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determines satellite visibility, link distance, elevation angle,
and hence the SINR term γi(t,puj ) used in the coverage
model. Therefore, orbital dynamics is not optimized as a free
variable; it provides the physically valid state evolution on
which association, RIS selection, and coverage evaluation are
computed.

Second, to rule out abrupt flicker in the illuminated
region, the coverage-continuity constraint imposes a transport-
equation bound on every stochastic coverage grain Bi(t):

∂Bi(t)
∂t

≤ vorb∇pBi(t). (10)

The inequality forces the coverage to drift across the Earth’s
surface at a speed consistent with the satellite’s ground track,
eliminating unphysical, discontinuous jumps in coverage. The
effective SINR at GBU uj served by si integrates path loss,
interference, and RIS beamforming gain:

γi(t,puj ) =
Pi

σ2 + Iinter

∣∣∣∣√GsiGuj · Γdirect · e−j
2π
λ d

direct
ij · yij0(t)

+
∑
rl∈Ri

[√
GsiGujh

T
ilΦ
∗
l hlj · ΓRIS · yijl(t)

] ∣∣∣∣2,
(11)

where σ2 = N0B is thermal noise. RIS phase shifts
Φ∗l = diag(ejφ

∗
l,1 , . . ., ejφ

∗
l,K ) maximize coherent combining

by solving φ∗l,k = arg minφl,k
∣∣∠hdirect

ij − ∠
(
hT
ilΦlhlj

)∣∣ .1
To preserve quality of service at every instant, each active
satellite-GBU pair must satisfy the instantaneous-rate con-
straint

γi(t,puj ) ≥ γth · 1{∑L
l=0 yijl(t)=1}, ∀ i, j, l, t, (12)

where yij0(t)∈{0, 1} denotes whether satellite si is directly
serving GBU uj , and yijl(t)∈{0, 1} indicates RIS-mediated

service si
θi,l−−→ rl → uj , and

∑L
l=0 yijl(t) ≤ 1 is exclusive

path selection. The received SINR γi(t,puj ) must remain
above the design threshold γth. Short-lived associations, how-
ever, can still degrade GBU experience even when each slot
is individually admissible, so a service-continuity constraint is
imposed

t+∆tmin∑
τ=t

(
yij0(τ) +

L∑
l=1

κl(τ) · yijl(τ)

)
≥ ∆tmin · zij(t),

(13)
where zij(t) = 1 is a handover variable that becomes
active once si begins serving uj (either direct or RIS-
mediated), ∆tmin is the minimum dwell time, and κl(τ) =

exp

(
−
‖prl (τ)−pref

rl
(τ)‖2

2σ2
point

)
quantifies RIS pointing stability.

The continuity condition enforces a minimum dwell time
τmin once user uj is served by satellite si, which suppresses
slot-by-slot switching and avoids ping-pong associations. This

1The RIS phase matrixΦl(t)is implemented by finite-speed phase shifters,
so∼its per-slot update is rate-limited, to∼capture settling-time and resolution
constraints and prevent abrupt phase jumps. Additionally, because the phase
referenceθi,l(t)can only be tracked within a finite coherence interval under
Doppler/geometry changes, we enforce|∆θi,l(t)| ≤ ωmax∆tto maintain
phase-consistent combining and avoid coherent-gain collapse inγi(t,puj ).

constraint captures practical handover overhead, including sig-
naling, beam/phase reconfiguration, and transient SINR loss.
Consequently, the optimized coverage performance reflects
operationally stable scheduling decisions rather than unre-
alistic rapid re-association. Based on the above definitions,
the coverage probability in Eq. (6) is determined once the
instantaneous SINR term γi(t,puj ) is specified. In the next
step, we formulate a coverage-oriented optimization problem
by selecting the controllable variables (e.g., satellite power
control, RIS configuration, and association/scheduling indi-
cators) to maximize the time-averaged coverage probability
subject to practical physical and operational constraints.

D. Unified Optimization Formulation

In particular, the decision variables include the transmit
power Pi(t), the RIS configuration Φl(t) with phase elements
φi,k(t), the auxiliary control/pointing terms θi,l(t), and the
association/scheduling indicators yij0(t), yijl(t), as well as
the handover-related variable zij(t) for continuity constraints.
Combining all elements, the optimization problem is shown
in Eq. (14), at the bottom of the next page. The unified
optimization problem centers on three interconnected control
parameters-satellite transmit power, RIS configuration, and
beam-pointing vectors-along with scheduling indicators that
determine service allocation for each GBU per time slot.
The objective’s disjunction operator (

∨
) captures the Boolean

union of coverage grains. The optimization process calculates
coverage by integrating a binary coverage indicator across
space and time, then dividing by the total mission duration
T to approach complete coverage within physical limitations.
Constraint Eq. (14b), as shown at the bottom of the next
page, limits each satellite’s RF output power, restricting RIS
phase shifts to the range [0, 2π). Constraint Eq. (14c), as
shown at the bottom of the next page, ensures the meta-
surface maintains reflection coherence while cycling through
its configuration states, where δmax represents the maximum
phase adjustment permitted by hardware specifications for the
collective modification across RIS elements, and fris denotes
the maximum frequency at which the RIS controller can
implement reconfigurations. And Dmin is the minimum inter-
satellite separation distance between satellites. To prevent
redundant service allocation, in Eq. (14d), as shown at the
bottom of the next page, each user may connect through at
most one path at any time, and no two satellites may utilize
the same RIS simultaneously. Load balancing constraint in
Eq. (14e), as shown at the bottom of the next page, ensures
each user connects to only one satellite at a time while limiting
the number of users any satellite can serve concurrently, where
Umax is the maximum number of GBUs that satellite si can
serve simultaneously given limits on RF chains, bandwidth,
processing, and power. Constraint Eq. (14f), as shown at the
bottom of the next page, regulates the inter-slot variance in the
composite RIS-aided beam phase across the effective channel
hHijΦigi, ensuring that consecutive phases maintain proper
alignment. The parameter ∆φmax is the maximum permis-
sible phase shift per update interval, which is determined by
coherence time, Doppler effects, RIS update frequency, and
phase quantization factors.
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Note that, to obtain a deterministic optimization result
that can be evaluated on each rollout, we adopt a sample-
average approximation: at each slot t, we draw a Poisson
point process P (t) ⊂ A and approximate Ep∼A[1C(t)(p)]
by 1
|P (t)|

∑
p∈P (t) 1(maxi γi(t, p) ≥ γth). This empirical esti-

mate becomes the coverage-utility term in the unified reward
Eq. (16), which enables deterministic per-slot feedback
under realized DT trajectories. The hard constraints in
Eq. (14b)-(14f) are handled by two complementary mecha-
nisms. During training, they are incorporated into Eq. (16)
using normalized hinge/barrier-type surrogates, including a
differentiable penalty for the separation constraint ‖psi(t) −
psj (t)‖2 ≥ Dmin and explicit continuity/visibility counters
Hc(t) and Vc(t). During execution, candidate actions are
projected onto feasibility: if the predicted separation violates
Dmin, ∆θi(t) is replaced by the minimum-norm correction
that restores dpred

ij ≥ Dmin, and RIS phase coherence is
enforced by uniformly rescaling ∆Φi(t) through a Lagrange-
multiplier update to satisfy |∠(hHij∆Φi(t)gi)| ≤ ∆φmax.
Since the joint problem remains non-convex with discrete
scheduling variables, we do not claim global optimality;
instead, solution quality is ensured by feasibility projection
together with conservative value learning on rare events, where
the critic target is constructed to be pessimistic up to a bounded
DT-physical transition error, reducing overestimation-driven
violations and improving robustness.

E. Digital Twin Model
The DT co-locates with G, hosting four synchronised repli-

cas: {DT si}Ni=1 for the satellite, {DT rl}Ll=1 for the RIS
panels, {DT uj}Mj=1 for the GBUs, and DT G for the network
core. Satellites transmit orbital position data psi(t), beam-
pointing vectors θi,l(t), power levels Pi(t) and connection
performance metrics. RIS elements provide their phase con-
figuration matrices Φl(t) along with adjustment rates and
stability indicators κl(t). GBUs report their GPS coordi-
nates puj and measured signal quality γi(t,puj ) for both
direct connections (yij0 = 1) and RIS-reflected connections
(yijl = 1). The central controller G distributes the current

connection assignments {yij0, yijl, zij} and inter-satellite link
E(t), maintaining synchronization between digital control
systems and physical network components. A Keplerian
propagator in DT si updates satellite positions psi(t) while
maintaining the collision safety margin Dmin; a weather model
in G incorporates rain, cloud, and fog data into the channel
solver in G that calculates Ldirect

ij and LRIS
ijl through sharing

DT data among DT si ,DT rl and DT uj ; and a rolling-horizon
optimizer recalculates {Pi,Φl,θi,l} within power, tuning-rate,
and dwell-time constraints.

To ensure the stability of control decisions, the DT main-
tains a buffer Brare of size Cbuffer. When rain loss exceeds Lth,
interference surpasses Ith, or multiple handovers occur simulta-
neously, the system stores the corresponding system states and
outputs. The value calibration process combines uncertainty-
aware sampling with conservative return estimation through
multiple simulations of rare events. These scenarios are
replayed during low network traffic periods to test policies in
advance of potential issues. State estimates undergo correction
through a Kalman-style assimilation process that maintains the
replica within a defined error bound:

∥∥xphys(t)−xDT (t)
∥∥

2
≤

εsync. When this threshold is exceeded, the system initiates
an emergency resynchronization procedure that temporarily
increases telemetry sampling rates and reduces the optimiza-
tion horizon until system coherence is restored. This approach
provides demonstrable bounds on overestimation, maintaining
accuracy even during conditions of severe rain attenuation,
while effectively resolving simulation-to-reality value discrep-
ancies through the implementation of bias-corrected advantage
functions. The control cycle completes when the DT transmits
updated power levels, phase configurations, and pointing com-
mands to G, which then distributes them to the satellite and
RIS controllers.

Note that, the DT is a controller-side capability co-located
with G that maintains synchronized replicas and generates
corrected state trajectories and high-fidelity rollouts. DTST
is the algorithmic layer that uses these outputs to build the
constrained Dec-POMDP and to run MAPPO-based learning
and online control.

max
Pi,Φl,θi,l,
yij0,yijl,zij

1

T

∫ T

0

Ep∼A

[
1C(t)

(
N∨
i=1

γi(t,puj ) ≥ γth

)]
dt (14a)

s.t. 0 ≤ Pi(t) ≤ Pmax
i , φi,k(t) ∈ [0, 2π), (14b)∥∥∥∥∂Φi(t)

∂t

∥∥∥∥
F

≤ δmax · fris, ‖psi(t)− psj (t)‖2 ≥ Dmin, (14c)

yij0(t) +

L∑
l=1

yijl(t) ≤ 1,

N∑
i=1

yijl(t) ≤ 1 (per RIS rl), (14d)

N∑
i=1

yij∗(t) ≤ 1 (each GBU),

M∑
j=1

[
yij0(t) +

∑
l

yijl(t)

]
≤ Umax (each LEO), (14e)

∠
(
hHijΦi(t)gi

)
− ∠

(
hHijΦi(t− 1)gi

)
≤ ∆φmax. (14f)

Eq. (4), Eq. (5), Eq. (9), Eq. (10), Eq. (12), Eq. (13) (14g)
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Fig. 2. The proposed DTST scheme.

III. THE PROPOSED SCHEME

As depicted in Fig. 2, the DTST scheme consists (i) a
DT synchronization module that estimates and corrects the
scenario state/coverage dynamics using real-time telemetry
and (ii) a constrained multi-agent optimization module that
learns decentralized satellite policies under the Dec-POMDP
formulation. The DT provides high-fidelity transitions and
corrected state vectors to support policy learning, while the
learned policies generate control actions that are fed back
to the DT for iterative refinement. Alg. 1 details the main
functional blocks and their interactions.

A. Environment and Observations

Managing multiple satellites with limited and delayed
information requires a Dec-POMDP model. In the STNs,
each satellite only has access to its own data, nearby
satellite signals, and ground feedback. This means no satel-
lite has complete information about the entire system or
interference patterns. The Dec-POMDP framework helps us
handle this limited information while optimizing all satellites
together using a shared performance metric. We define this
as a tuple (S, {Ai},O,P, R). Here, the global state space
S includes satellite positions psi(t), RIS phase matrices
Φl(t), transmit powers Pi(t) and ground user distributions
puj (t). GBS G generates and each satellite si executes
both continuous variables and binary scheduling decisions
Ai = {∆Φi(t),∆Pi(t),∆θi(t), yij0(t), yijl(t), zij(t)}. Its
local observation oi(t) ∈ O includes its own status, SINR
measurements, and information about neighboring satellites.
The transition function P (s(t + 1) | s(t),a(t)) com-
bines orbital mechanics with radio channel changes. The

reward R(t) measures coverage area while accounting for
power consumption and interference. The DT provides high-
fidelity transition models incorporating Keplerian dynamics
and stochastic channel effects, enabling realistic simulation of
LEO satellite mobility and signal propagation. At each time
slot t, satellite node si receives a local observation oi(t) =
[psi(t),Φi(t), Pi(t), {γij(t)}Mj=1, Iinter(t), yij0(t), yijl(t), zij
(t)]. The set {γij(t)} contains the per-user SINR measure-
ments from the previous time slot.

B. Action Space

Each satellite selects a hybrid action that consists of both
continuous and binary components:

ai(t) =
[
∆Φi(t), ∆Pi(t), ∆θi(t)︸ ︷︷ ︸

continuous

, yij0(t), yijl(t), zij(t)︸ ︷︷ ︸
binary

]
.

(15)
The continuous components are used to adjust the RIS phase

vector, transmit-power envelope, and beam-pointing attitude.
The binary components are responsible for scheduling users,
selecting RIS paths, and indicating dwell-time completion.
Element-wise coherence can be maintained by: |∆φi,k(t)| ≤
∆φelement, k = 1, . . .,K, where ∆φelement represents the maxi-
mum step supported by the network. Adaptive boundary-aware
clipping is implemented for power control. With ∆Pmax

defined as the per-slot ramp limit, the admissible interval is
given by: ∆Pi(t) ∈ [− min{Pi(t),∆Pmax}, min{Pmax

i −
Pi(t),∆Pmax}]. This ensures that the next power level Pi(t+
1) = Pi(t) + ∆Pi(t) remains within the feasible range
[0, Pmax

i ] while preserving the magnitude of the intended
change when possible. For a propagation step δt, the future
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Algorithm 1 Sub-Algorithm Blocks in DTST
1: procedure PROJECT ACTION(ai, Pi,Φi,hij ,gi)

Output: feasible ai
2: Pi ← clip(Pi + ∆Pi, 0, P

max
i )

3: ∆Φi ← arg min‖∂tΦi‖F≤δmaxfris ‖∆Φi − ∆Φraw
i ‖ with

∠(hHijΦigi)− ∠(hHijΦ
−
i gi) ≤ ∆φmax

4: return ai, Pi,Φi

5: end procedure
6: procedure EKF SYNC(xDT ,ytele,xphysical)

Output: synchronized xDT and εsync
7: Predict/Update: x̂DT ← FxDT + K(ytele −HxDT )
8: Proportional correction: xDT ←xDT + Γ � (xphysical −

xDT )
9: if ‖xphysical − xDT ‖2 > εmax for > tth then

10: rollback to checkpoint
11: end if
12: return xDT , εsync
13: end procedure
14: procedure MAPPO STEP(B, πθi , Vφ)

Output: updated {θi} and Φ
15: Policy loss: Ĵ(θ) = E[min(ρtÂt, clip(ρt, 1±ε)Ât)]
16: Critic loss: LV = ‖Vφ − Targets‖2
17: Update θ,Φ with optimizer under KL trust region
18: return θi,Φ
19: end procedure
20: procedure DECENTRALIZED EXECUTION(π?θi )

Output: feasible actions per slot to SGN
21: for each slot, each satellite i do
22: Sample ai ∼ πθi ; ai ← PROJECTAC-

TION(ai, Pi,Φi,hij ,gi); actuate
23: end for
24: end procedure

separation between satellites is estimated as: dpred
ij = ‖psi(t+

δt) − psj (t + δt)‖2 using the Keplerian model. If dpred
ij falls

below the threshold for any j 6= i, the original ∆θi(t)
is replaced by the solution to: min∆θ ‖∆θ − ∆θi(t)‖22
with respect to dpred

ij (∆θ) ≥ Dmin for ∀j 6= i. Phase
coherence across updates is protected by the constraint:
|∠(hHij∆Φi(t)gi)| ≤ ∆φmax, which is implemented through
a Lagrange multiplier that uniformly rescales the candidate
∆Φi(t) when necessary.

C. Reward Function

The reward translates the coverage objective and all con-
straints into a single scalar feedback suitable for optimization.
A Poisson point process of ground locations, denoted by
P(t) ⊂ A, is generated at each time slot t. The reward is
defined as

r(t) =
1

|P(t)|
∑

p∈P(t)

1
(

max
i
γi(t, p) ≥ γth

)
− λP

N∑
i=1

Pi(t)

Pmax
i

− λΦ

N∑
i=1

max

(
0,
‖∂tΦi(t)‖F
δmaxfris

− 1

)

− λθ
∑
i<j

max

(
0,
Dmin − ‖psi(t)− psj (t)‖2

Dmin

)
−λH Hc(t)

− λV Vc(t). (16)

The first term provides a Monte-Carlo estimation of the
fraction of A with SINR above the threshold γth. Visibility and
SINR requirements in constraints Eq. (14g), as shown at the
bottom of page 6, are implicitly embedded, as locations with
failing LOS or SINR contribute zero to the indicator. The third
term discourages phase-matrix updates exceeding the hardware
limit ‖∂tΦi‖F ≤ δmaxfris from constraint Eq. (14c). When the
Frobenius norm falls below the limit, the max(·) argument
becomes negative and no penalty is applied; otherwise, the
excess is penalized linearly. The fourth term implements a
smooth barrier on inter-satellite distance. The hard requirement
‖psi − psj‖2 ≥ Dmin from Eq. (14c) is approximated with
a differentiable surrogate to aid gradient-based optimization.
The LOS constraint 1LOS and SINR ratio inequality γi ≥ γth
are integrated implicitly into the formulation. Areas that fail
to meet visibility requirements or minimum SINR thresholds
are assigned zero values in the coverage indicator. Service-
continuity constraint Eq. (14e) is enforced through:

Hc(t)

=

M∑
j=1

1

[
t+∆tmin∑
τ=t

(
yij0(τ) +

L∑
l=1

κl(τ) yijl(τ)

)
< ∆tmin

]
,

(17)

which counts GBUs that would not meet the required dwell
time if the current actions were executed. Coupled constraints
in Eq. (14) are combined in:

Vc(t) =

N∑
i=1

∥∥∥∂tBi(t)− vorb∇pBi(t)
∥∥∥

+

N∑
i=1

∑
j∈U

max
(
0, |∆∠ij(t)| −∆φmax

)
+

M∑
j=1

max

(
0,
∑
i

[
yij0(t) +

∑
l

yijl(t)

]
− 1

)

+

N∑
i=1

max

0,
∑
j

[
yij0(t) +

∑
l

yijl(t)

]
− Umax

 ,

(18)

where ∆∠ij(t) = ∠
(
hHijΦi(t)gi

)
− ∠

(
hHijΦi(t − 1)gi

)
.

Coefficients λP , λΦ, λθ, λH , λV are initially configured at low
values to facilitate exploration of the solution space, before
being systematically increased to ensure that high-performance
policies inherently conform to operational constraints with
substantial reliability. The coverage utility term in Eq. 16 is
bounded in [0, 1], while each penalty component is formulated
in a dimensionless and normalized form (e.g.,

∑
i Pi/P

max
i ,

max(0, ‖∂tΦi‖F /(δmaxfris)−1), and max(0, (Dmin−‖psi −
psj‖2)/Dmin)). Therefore, {λP , λΦ, λθ, λH , λV } can be inter-
preted as direct scaling factors that enforce the relative
priority of constraint satisfaction with respect to a unit
change in coverage reward. In all experiments reported in

Authorized licensed use limited to: University of Calgary. Downloaded on April 22,2026 at 17:04:52 UTC from IEEE Xplore.  Restrictions apply. 



7106 IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING, VOL. 12, 2026

Section IV, we adopt a deterministic two-stage penalty-
annealing schedule to stabilize learning while ensuring
feasibility: during the exploration/warm-up stage (first 20%
of training iterations), we set (λP , λΦ, λθ, λH , λV ) =
(0.001, 0.005, 0.005, 0.001, 0.001); during the remaining iter-
ations, the coefficients are linearly increased and then fixed
at (λP , λΦ, λθ, λH , λV ) = (0.01, 0.05, 0.05, 0.01, 0.01). The
latter values are used for the converged policies and for all
evaluations shown in Section IV, which makes the reported
results directly reproducible under the same simulation
settings.

D. Policy and Critic Networks

In the scheme, each satellite implements a policy net-
work that transforms local observations into corresponding
actions. The centralized critic network, utilized exclusively
during the training phase, processes the complete constellation
state to generate value baselines through generalized advan-
tage estimation (GAE) with proximal policy optimization
(PPO) clipping mechanisms. Specifically, for the upstream,
the DT located at G provides unbiased trajectory data by
integrating a comprehensive simulator, state estimation using
Kalman-style techniques, and a coverage evaluation module
to support both offline warm-up phase and online fine-tuning
phase.

1) Policy Network: For agent si, the observation oi(t) =
[psi(t),Φi(t), Pi(t), Iinter(t), {γij(t)}j , yij0(t), yijl(t), zij(t)]
is processed into modality-specific streams. Coordinates are
transformed into a 2dpos–dimensional vector FF(psi(t)) =
[sin(20πp/h), cos(20πp/h), . . ., sin(2dpos−1πp/h), cos(2dpos−1

πp/h)], where h is set to Earth’s radius. The phase vector
Φi(t) and SINR sequence {γij(t)} are processed by two
separate gated-recurrent units that summarize the past k
time slots, producing hidden states hΦ and hγ . Scalar
values including power, interference, and the LOS bitmask
1LOS are combined into hscalar. The three embeddings are
combined using a multi-head cross-attention mechanism
hi(t) = MHA([FF,hΦ,hγ ,hscalar]), which allows the
network to prioritize the most relevant modality at any given
moment. A two-layer multilayer perceptron (MLP) with
sigmoid linear unit (SiLU) activations is used to generate
the mean vectors µ∆P , µ∆Φ, µ∆θ and a log-variance log σ2

for Gaussian exploration noise. Binary actions (yij0, yijl, zij)
are generated by a sigmoid-activated linear layer and
sampled using the Gumbel-Softmax technique to maintain
gradient flow. Power increments are scaled according to
∆Pi(t) = tanh(µ∆P ) min(∆Pmax, P

max
i − Pi(t), Pi(t)),

ensuring that Pi(t + 1) ∈ [0, Pmax
i ]. Phase updates are pro-

jected onto the `2 ball using ∆Φi(t) = min
(

1,
∆φglobal

‖µ∆Φ‖2

)
µ∆Φ,

while ∆θi is adjusted by an interior-point quadratic-program
layer when the predicted separation ‖psi(t+δt)−psj (t+δt)‖2
would violate Dmin.

2) Critic Network: The critic network receives the global
graph state st = {o1(t), . . .,oN (t)} with an edge list E =
{(i, j) : ‖psi(t) − psj (t)‖2 < Rc}, where Rc represents
the communication radius. Contextual features are computed

through graph-attention layers:

h̃i =
∑

j∈N (i)

αijWhj ,

αij =
exp
(
LeakyReLU(a>[hi‖hj ])

)∑
k∈N (i) exp(·)

, (19)

This approach effectively captures interference relationships
and cooperation possibilities between agents. The state value is
calculated as Vφ(st) = ELU(w>TCN([h̃1; . . .; h̃N ])), where
the weights w are determined through training. A dueling
architecture is implemented for advantage computation:

Q(st,at) = Vφ(st) +
1

N

N∑
i=1

(
Ai(oi(t),ai(t))

− 1
N

∑
k

Ai(oi(t), āk)
)
, (20)

The advantage function Ai is implemented as a two-layer MLP
with the first layer shared across all agents. This structure
enhances learning stability by separating individual agent
contributions from the global value baseline.

E. MAPPO Optimization Loop
We adopt MAPPO under the a centralized training with

decentralized execution (CTDE) paradigm. The specific data
requirements from DT at each iteration are governed by
MAPPO’s technical components including the clipped sur-
rogate objective, trust region constraints, and advantage
estimation approach. Parallel environments generate rollouts
using current policies, where each satellite agent processes its
local observation oi(t) through the policy network to sample
actions ai(t) ∼ πθi(·|oi(t)). The observation oi(t) is formed
by stacking the last k local frames and by adding exponentially
smoothed channel features so that short-term memory is
encoded. A global training state st = {o1(t), . . . ,oN (t)} with
the ISL graph E(t) is provided to the centralized critic only
during training.

GAE is used for variance reduction. The temporal-difference
residual is δt = r(t) + γ Vφ(st+1) − Vφ(st), and the GAE
advantage is Ât =

∑H−1
l=0 (γλ)l δt+l. It should be noted that

Vφ(st) = E
[∑H

k=0 γ
k rt+k | st

]
. Policy updates follow PPO

with clipping. The per-step ratio is rt(θ) = πθ(at|ot)
πθold (at|ot) . The

clipped surrogate LCLIP is maximized, and the advantage is
down-weighted when constraint pressure is high, Ât ← Ât ·
exp(−β max{0, Vc(t) − κ}), where Vc(t) is the composite
violation term and κ is the tolerance. The total loss is

Ltotal = LCLIP + c1
∥∥Vφ(st)− Vtarget(t)

∥∥2

2

+ c2 max
(
0, E[Vc(t)]− κ

)
+ c3 E

[
ReLU

(
Hc(t)−Hc(t−1)

)]
, (21)

where the clipped objective per time step is LCLIP(θ) =
min(rt(θ)Ât, clip(rt(θ), 1−ε, 1+ε)Ât), with clip(r, 1−ε, 1+
ε) = min(max(r, 1−ε), 1+ε) limits the ratio to [1−ε, 1+ε],
and Vtarget(t) is the TD(λ) return, Hc(t) counts dwell-time
violations from Eq. (14g), and c1:3 balance value, constraint,
and handover terms.
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F. Dual-Phase Training Framework in DT

The DT-driven training framework employs a dual-phase
method-offline warm-up and online fine-tuning-augmented by
prioritized experience replay and physical-state synchroniza-
tion. The DT is employed to systematically record these
scenarios and refine the policy based on the data from these
scenarios as needed, facilitating multiple simulation iterations
until policy convergence is verified. As channel conditions and
geometric configurations evolve over time, policies must be
adapted while maintaining physical accuracy. State mismatch
is controlled through a synchronized twin that maintains
alignment between the training environment and actual condi-
tions. The offline warm-up phase is implemented to minimize
risk and establish a robust foundation, while online fine-
tuning is employed to adapt policies to actual telemetry
data.

1) Offline Warm-up Phase: In the offline warm-up phase,
the DT’s high-fidelity models of Keplerian dynamics and
stochastic channel effects are utilized to pre-train policies
in a simulated environment. Satellite agent, which trained
in the ground DT at the GBS, interact with virtualized
satellite networks during this phase, where physics-based
simulators govern transition dynamics P (st+1|st,at). The
full simulate trajectories τ̃sim = {(st,at, rt, st+1)}Tt=0 are
generated. Then, for a chosen time-index subset T ⊆
{0, 1, . . ., T}, the sampled trajectory used for training is
τ

(t)
sim = {(st,at, rt, st+1) : t ∈ T }. The optimal policy
π∗ = arg maxπ Eπ

[∑T
t=0 γ

tr(st,at)
]

is approximated in
a controlled, virtual environment prior to real-world imple-
mentation. To maintain physical accuracy, satellite positions
psi(t) are updated using a perturbed Keplerian orbital model:
psi(t+∆t) = fkepler(psi(t),∆t)+J2fpert, where the two-body
orbital motion is solved by fkepler(·) and Earth’s oblateness
effects are accounted for by J2fpert. The system dynamics
can be represented by a continuous-time transition function
st+1 = F(st, at)+ωt, where orbital uncertainties are captured
by ωt ∼ N (0,Σorb). RIS dynamics include phase noise
driven by thermal drift and calibration error, formulated as:
Φsim
i (t + 1) = Φi(t) + ∆Φi + N (0, σ2

ΦI), where ∆Φi

is the control signal and N (·) models hardware-induced
randomness.

The offline warm-up is composed of three integrated
stages. In the first stage, data collection is performed while
maintaining diversity. The second stage is dedicated to the
prioritization and delivery of this data for the learning process.
Environmental difficulty is regulated in the third stage to
ensure the policy is progressively challenged. A feed-forward
relationship is established between consecutive stages, while
feedback mechanisms allow later stages to influence earlier
ones.

In the first stage, an initial exploration and projection stage
is applied to generate diverse yet feasible behaviour. Each
satellite agent si samples a full action vector ai(t) ∼ πinit

θi
(·),

where the continuous components are drawn from broad
ranges and the binary components are sampled as Bernoulli
variables. A differentiable safety projector then enforces actu-
ator, rate, and scheduling rules before the action is executed.

Continuous controls are bounded as

∆Pi(t) ∈ [−∆Pmax, ∆Pmax], ‖∆Φi(t)‖F ≤ δmaxfris∆t,

‖∆θi(t)‖2 ≤ ωmax∆t, (22)

and post-update values are clipped into Pi(t+1) ∈ [0, Pmax
i ]

and Φi(t+1) = wrap[0,2π)(Φi(t) + ∆Φi(t)), where
wrap[0,2π)(·) applies elementwise modulo 2π to keep each
RIS phase in [0, 2π). Binary association variables are pro-
jected onto the feasible set implied by the unified constraints.
Visibility masks are applied:

yij0(t)← yij0(t) 1LOS(si, uj , t),

yijl(t)← yijl(t) 1LOS(si, rl, uj , t). (23)

Exclusive path selection per user and RIS exclusivity are
then enforced by keeping, for each user uj , at most one of
{yij0(t), {yijl(t)}Ll=1} and by enforcing

∑N
i=1 yijl(t) ≤ 1 for

each RIS rl. Per-satellite load is limited by selecting at most
Umax users for si and setting the remaining association bits
to zero

∑M
j=1

[
yij0(t) +

∑L
l=1 yijl(t)

]
≤ Umax. Minimum

dwell-time requirements are maintained by implementing a
protocol that suspends assignment allocations for ∆tmin time
intervals while controlling the handover indicator zij(t) to
ensure operational stability. Data is subsequently collected
through simulations conducted under various orbital config-
urations and interference conditions, resulting in trajectories
τ

(t)
sim = {(st,at, rt, st+1) : t ∈ T }.

In the second stage,2 a prioritized experience replay buffer
is used to focus learning on informative and safety-critical
data. Let the two replay stores be Brare and Bmain with sizes
Nrare = |Brare| and Nmain = |Bmain|. The main buffer Bmain

stores trajectories with a priority that reflects both learning
error and constraint pressure, and buffer Brare protects learning
against low-frequency but high-impact events. In practice, each
trajectory τ (t)

sim is assigned as

pmain(τ
(t)
sim) = pmin + (|δ(τ (t)

sim)|+ ε)αδ exp(βV Ṽc(τ
(t)
sim)

+ βHHc(τ
(t)
sim))(1 + ρχrare(τ

(t)
sim)), (24)

prare(τ
(t)
sim) = clip(1 + (ω0 − 1)e−t/ωδ , ωmin, ωmax)

(|δ(τ (t)
sim)|+ ε)σsev(τ

(t)
sim), (25)

where δ(τ (t)
sim) is the mean TD-error over the episode

δ(τ
(t)
sim) = 1

T

T∑
t=0

|r(t) + γ Vφ(st+1) − Vφ(st)|, (26)

and Vc(τ
(t)
sim) = 1

H

∑H
t=0 Vc(t) is the episode-average con-

straint penalty and Hc(τ
(t)
sim) = 1

H

∑H
t=0Hc(t), β controls

sharpness, ε > 0 to avoid zero priority, pmin > 0 to keep
a floor, αδ ∈ (0, 1] to temper very large TD errors, and
ρ ≥ 0 to boost rare events, ω0 > 1 is the initial boost, ωδ is

2Note that, we model rare events as brief but high-impact link degradations-
e.g., rain fade, burst interference, and handover transients-that sharply reduce
γi(t,p) and therefore drive most coverage-threshold violations. Then, we
use a rare-event buffer Brare with prioritized replay to upweight severe SINR
drops/constraint violations and train πθ and Vφ on tail behavior critical to
reliability.
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a decay constant, clip(x, a, b) = min(max(x, a), b). Typical
bounds are ωmin = 1 and ωmax ∈ [5, 20]. The normalized
violation term uses the tolerance κ from the MAPPO loop
Ṽc(τ

(t)
sim) = 1

κ max(0, Vc(τ
(t)
sim) − κ), and Hc(t) is handover-

continuity dwell-time penalty counter

Hc(t) =

N∑
i=1

M∑
j=1

1

[ t+∆tmin−1∑
τ=t

yij0(τ)

+

L∑
l=1

κl(τ) yijl(τ) < ∆tmin

]
zij(t). (27)

A separate FIFO rare-event buffer Brare captures outliers
detected by

χrare(τ
(t)
sim) = 1

[
Lrain(t) > Lth ∨ ‖∇tBi(t)‖F > vorb

]
, (28)

so severe attenuation or discontinuous coverage evolution are
replayed more often. The event severity σsev(τ

(t)
sim) is given as

σsev(τ
(t)
sim) = 1 + ηrain

(Lrain(t)− Lth)+

Lth

+ ηcov

(
‖∇tBi(t)

∥∥
F
− vorb

)
+

vorb
+ ηconVc(τ

(t)
sim),

(29)

with (x)+ = max(x, 0). The ηrain, ηcov, ηcon scale how much
each signal boosts priority.

In the third stage, the pre-training engine stage is imple-
mented to ensure policy effectiveness under the complete set
of physical and scheduling constraints through three distinct
stages {E(k)}3k=1. All constraints are simultaneously activated,
including collision spacing, instantaneous-rate, exclusive path
selection load bounds, RIS tuning-rate, beam-coherence, and
coverage continuity. In this stage, failures and rare events are
anticipated, which enables comprehensive evaluation of the
policy prior to transitioning to the online fine-tuning phase.

This stage is structured into three progressive levels. At
level k = 1, weather effects and satellite motion are elim-
inated to allow the actor and critic networks to establish
fundamental mappings between observations and actions with
minimal penalty interference. At level k = 2, time-correlated
attenuation and LOS masking are introduced, enabling the
policy to be trained on tracking dynamic coverage regions
Bi(t) while adhering to rate and tuning constraints during
channel variations. Finally, at level k = 3, all remaining agents
and resource interdependencies are incorporated, necessitating
proper scheduling practices and geometric safety consider-
ations while weather conditions and interference patterns
continue to evolve.

The offline warm-up produces a set of actor-critic parame-
ters that are pretrained on synthetic but physically realistic
data. These parameters serve as a foundation for online
adaptation and are subsequently refined during real-world
implementation through synchronized experience replay and
DT enhancement.

2) Online Fine-Tuning Phase: The online fine-tuning phase
has been implemented to address the simulation-to-reality
gap by adapting the pretrained policy to operational data.
This adaptation includes responses to live telemetry, channel

variations, traffic fluctuations, and hardware degradation, while
model error is maintained within bounds.

Following deployment of the pretrained policy on the live
constellation, the online fine-tuning phase is initiated. A closed
loop is established between the physical network and the DT
to ensure that model mismatch remains within limits εsync(t) =
‖xphysical(t)−xDT (t)‖2, with supt εsync(t) ≤ εmax. This bound
is maintained through continuous data collection and state
updates in each DT. Satellite states, RIS configurations, user
positions, and channel measurements are integrated and fed
back to the learning loop under the previously defined MAPPO
updates. To ensure consistency between estimates and rewards
with the optimization problem, the same symbols, constraints,
and signal models from the unified formulation are preserved.

For each satellite, a DT DT si is maintained. Raw nav-
igation data pnav

si is processed using EKF that incorporates
the orbital process model, with the resulting state represented
as pDTsi ← EKF(pnav

si ). The filter integrates with the DT
simulator’s orbital predictor, aligning estimated movements
with orbital-dynamics constraints and ground-track transport
bounds in the rewards framework. The inter-satellite link graph
E(t) is updated in DT based on inter-satellite ranging and
link-state reports, providing the centralized critic with accurate
global state information during the training process.

Each RIS panel is synchronized in DT rl by solving a
adjustment problem that matches specified phases with mea-
sured pilots. The twin phase is formed as

ΦDTi = Φi ⊕∆Φcal,

∆Φcal = arg min
∆
‖Ypilot −H(Φconfig

i + ∆)‖2F , (30)

where ⊕ represents element-wise phase addition on the unit
circle, Ypilot ∈ CNrx×Npilot contains the stacked received
pilots, and H(·) maps a phase vector to its baseband channel
response. The solution ∆Φcal is used to compensate for
thermal drift and hardware bias and is maintained within the
rate limit in Eq. (14c) to ensure the DT adheres to the RIS
tuning constraint. These synchronized phases are utilized in
the computation of instantaneous SINR γi(t,puj ) and the
coverage regions Bi(t) that determine the reward.

A DT DT uj is maintained for each GBU. GBU positions
are determined through simultaneous RSSI readings from mul-
tiple satellites and combined using weighted multilateration.
The position estimator and its associated uncertainty are cal-
culated as pDTuj = Triang

(
γRSSI
ij

)
, with σ2

pos =
(
J>R−1J

)−1
,

where J represents the Jacobian of the range equations and
R denotes the range noise covariance derived from the RSSI
model. These position estimates are temporally filtered, pro-
cessed through LOS masks 1LOS(·) from Eq. (14d)–(14g), and
integrated into the DT. This ensures that association variables
yij0(t), yijl(t), zij(t) are evaluated with accurate geometry
and in compliance with the dwell-time rule specified in
Eq. (14g). Specifically, Triang(γRSSI

ij ) maps simultaneous
RSSI to a 3D GBU position by first converting each γRSSI

ij

to a range dij = f−1(γRSSI
ij ) under a log-distance path-loss

model, then solving the multilateration system formed from
(x − xi)

2 + (y − yi)
2 + (z − zi)2 = d2

ij by subtracting a
reference satellite s1 to obtain a linear form Jpuj = b. The

Authorized licensed use limited to: University of Calgary. Downloaded on April 22,2026 at 17:04:52 UTC from IEEE Xplore.  Restrictions apply. 



LI et al.: COVERAGE OPTIMIZATION IN RIS-ENABLED SATELLITE–TERRESTRIAL NETWORKS 7109

weighted least-squares estimate is pDTuj = (J>WJ)−1J>Wb

with W = diag(σ−2
2j , . . ., σ

−2
Ij ), and the Cramér-Rao bound

reported as the position-error variance is σ2
pos = (J>WJ)−1.

Small-scale channels are then reconstructed for active beams
using channel quality indicator (CQI) pilots and the DT’s
a-priori covariances. A minimum mean square error (MMSE)
estimator is applied as

gDTi = Rgy R−1
yy yCQI,Ryy = H Rgg H> + σ2

n I, (31)

where Rgg is obtained from the DT’s channel engine, H
contains stacked pilot steering vectors, and σ2

nI represents
the receiver noise model. The resulting gDTi is combined
with ΦDTl and pDTsi to calculate γi(t,puj ), the aggregate
interference Iinter, and the coverage indicator in r(t). Through
this process, the reward and constraints are aligned with the
actual channel conditions while maintaining the RIS-enabled
model structure.

Once states are synchronized, on-policy simulations are
generated by the system components. The global training state
st = {o1(t), . . .,oN (t)} along with E(t) is obtained by the
critic from DTs. Rewards r(t) are calculated based on the
coverage indicator and various penalty terms. MAPPO losses
are evaluated, and gradients are applied within the KL bound.
The synchronization error εsync(t) is continuously monitored
by DT. When this error approaches the limit, the telemetry
rate is increased and the optimization horizon is reduced until
the error falls below εmax. This feedback mechanism enables
online tuning while maintaining consistency with the unified
constraints Eq. (14b) – (14f).

G. Policy Update Mechanism

Let BDT = (oDT
t ,aDT

t , ADT
t , πDT

old )
NDT

t=1 be a batch of length-
H trajectories simulated inside the synchronized DT during
the current gradient window. Advantages use GAE with DDT
value baseline V DT

φ (st):

ADT
t =

H−t−1∑
l=0

(γλ)l
[
rDT
t+l+γV

DT
φ (sDT

t+l+1)−V DT
φ (sDT

t+l)
]
. (32)

The clipped PPO surrogate for these samples is

ĴDT(θ)=
1

NDT

NDT∑
t=1

min
(
ρDT
t ADT

t , clip
(
ρDT
t , 1− ε, 1 + ε

)
ADT
t

)
,

ρDT
t =

πθ(a
DT
t | oDT

t )

πDT
old (aDT

t | oDT
t )

, (33)

where NDT is chosen larger than the real-data batch to
leverage safe, label-rich DT trajectories without overwhelming
the update with synthetic statistics. For live interaction, let
Breal = (oreal

t ,areal
t , Areal

t , πreal
old )

Nreal

t=1 be the most recent physical
trajectories. The advantages again use GAE, now with the
physical critic V real

φ (st) fit on real rewards:

Areal
t =

H−t−1∑
l=0

(γλ)l
[
rreal
t+l+γV

real
φ (sreal

t+l+1)−V real
φ (sreal

t+l)
]
. (34)

The corresponding on-policy objective is

Ĵ real(θ)

=
1

Nreal

Nreal∑
t=1

min
(
ρreal
t Areal

t , clip
(
ρreal
t , 1− ε, 1 + ε

)
Areal
t

)
,

ρreal
t =

πθ(a
real
t | oreal

t )

πreal
old (areal

t | oreal
t )

, (35)

where Nreal is selected to track the current sim-to-real gap
and the telemetry cadence. Note that BDT and Breal represent
on-policy minibatches that are directly utilized in PPO dur-
ing each update process. These minibatches are temporary,
containing the most recent length-H rollouts from both the
synchronized DT and the physical constellation. They serve
as inputs to the two clipped surrogate functions ĴDT(θ) and
Ĵ real(θ). The gradients from these functions are combined
according to the trust factor α(εsync), allowing the DT batch to
have greater influence when alignment between DT and reality
is strong, while the real batch becomes more dominant when
misalignment increases. Moreover, the Bmain and Brare function
as long-term replay storage systems that collect trajectories
from both sources. Following each rollout, trajectories τ

(t)
sim

are added to Bmain with priorities determined by learning
signals and constraint pressures (such as TD-error and Vc(τ)).
Additionally, these trajectories are directed to the capacity-
limited FIFO buffer Brare when they activate the rare event
classifier. For auxiliary updates, sampling is performed by
combining the two replay buffers through:

P (τ) = ρ
prare(τ)∑

τ̃∈Brare
prare(τ̃)

+(1−ρ)
pmain(τ)∑

τ̃∈Bmain
pmain(τ̃)

, (36)

where importance weights w(τ) ∝ (N · P (τ))−α are applied
to control bias. In this formulation, prare(τ) incorporates the
rare-buffer enhancement factor in addition to TD-error and
constraint penalties, while pmain(τ) follows the conventional
prioritized replay structure.

Every ∆tgrad seconds, a fully decentralized bandwidth-
aware federated step is executed.Each satellite si computes
two gradients, ∇θi ĴDT and ∇θi Ĵ real, and blends them via the
exponential trust factor α(εsync) = e−λ,εsync , where εsync mea-
sures twin-to-physical mismatch. The local policy is updated
by θ(k+1)

i = θ
(k)
i −η[α(εsync)∇θi ĴDT+(1−α(εsync))∇θi Ĵ real],

which yields a smooth shift from DT-driven learning (when
DT is accurate) to reality-driven refinement (when mismatch
grows). The same CTDE critic is trained with the centralized
value loss inside the total PPO loss as Eq. (21) with rt(θ) =
πθ(at|ot)
πθold (at|ot) . Advantages are damped when constraint pressure

is high, where Ât ← Ât ·exp(−β max{0, Vc(t)−κ}), so that
samples with large composite violation Vc(t) contribute less
to ascent. The synchronization maintenance system supports
the trust schedule and ensures the DT remains usable for
gradient shaping. During each telemetry cycle, a predict-
update recursion is run by the twin:

x̂DT (t) = FxDT (t− 1) + Kt

(
ytele
t −HxDT (t− 1)

)
,

Kt = Pt|t−1H
> (HPt|t−1H

> + R
)−1

,

Pt|t−1 = FPt−1F
> + Q. (37)
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Algorithm 2 Overall DTST Scheme
1: procedure DTST PIPELINE(S,R,U , fkepler,Ldirect,LRIS,

LOS, πθi )
Inputs (fixed & models): satellites S, RIS set R, users
U ; orbital fkepler, channels {Ldirect,LRIS}, LOS masks
Inputs (runtime): telemetry ytele, physical state xphysical,
twin state xDT
Inputs (trainables): policies {πθi}Ni=1, critic Vφ
Buffers: Bmain, Brare (cap Cbuffer), Breal
Hyperparams/constraints: γ, λGAE, ε, η; α(εsync); Pmax

i ,
δmaxfris, Dmin, θmin, Umax, ∆φmax, (εmax, tth)
Outputs: trained policies π?θi , critic V ?φ ; feasible actions
during online control

2: (1) Phase I– (θwarm, φwarm) ← Offline Warmup
(πθi , Vφ)←MAPPO Step(Bmain ∪ Brare, πθi , Vφ)

3: (2) Phase II– (θ?, φ?) ← Online Finetuning
(θwarm, φwarm)←EKF Sync(xDT ,y

tele)
4: (3) Decentralized Execution: DECENTRAL-

IZED EXECUTION(π?θi) with π?θi ← θ?

5: Return: trained policies π?θi and critic V ?φ ready for
live control

6: end procedure

The matrices Q and R are tuned online to minimize the one-
step prediction loss:

Q← Q + ηQ∇QE[`t], R← R + ηR∇RE[`t],

`t =
∥∥ytele

t −Hx̂DT (t)
∥∥2

2
, (38)

which stabilizes the state used by Vφ(st) and by the DT roll-
outs. A proportional correction is applied xDT ← xDT + Γ�
(xphysical −xDT ), where Γ = diag(0.8, 0.6, 1.0) and the posi-
tions, RIS phases, and power errors are weighted according to
their impact on coverage. When |xphysical − xDT |2 > εsync
persists for tth, the twin is reloaded with (xckpt,Pckpt) to
quickly re-enter the trusted band. This approach maintains
α(εsync) in a stable state and enables an effective combination
of DT and real gradients during learning. An overview of all
processes in DTST is shown in Alg. 2 with more details.

H. Dicussion on Overestimation Mitigation

Lemma 1: The conservative-value bound states that the
target fed to the critic is systematically lower than the true
state-value by at least a safety margin. For every state sampled
from the rare-event buffer, s(k)

rare, the critic target produced by
the conservative update rule satisfies

E[V cons
target] ≤ V π(s(k)

rare)− βσG +O(εP H rmax), (39)

where V π is the true state-value under the current policy, σG
is the empirical standard deviation of the return ensemble
{G(m)} obtained from the digital twin, β > 0 is the con-
servatism coefficient, εP measures one-step transition error
between the twin and the physical environment, H is the
rollout horizon and rmax is the reward bound.

Proof: We first construct the return ensemble {G(m)}Mm=1

by propagating the rare state s(k)
rare through the digital twin using

independent disturbance realisations. The conservative target
adopts the most pessimistic realisation:

V cons
target = min

m
G(m) − βσG, σG =

√
1

M

∑
m

(G(m) − Ḡ)2,

(40)
where Ḡ denotes the sample mean. By applying Jensen’s
inequality to the pointwise minimum, we have minmG

(m) ≤
EPDT

[
G(m)

]
. This is because the minimum of a set of random

variables is never larger than their expectation. DT transitions
differ from physical ones by at most εP in total-variation
distance. Over a horizon H this error accumulates additively,
giving |EPDT [G(m)]− V π(s)| ≤ εPHrmax. Hence, we have

EPDT [G(m)] = V π(s)±O(εPHrmax). (41)

Substituting Eq. (41) into Eq. (40) and subtracting the correc-
tion term βσG yields

E[V cons
target] ≤ V π(s)− βσG +O(εPHrmax), (42)

which is the claimed conservative-value bound. �
Lemma 2: Each training step reduces the expected over-

estimation bias by an amount proportional to η∆bias. For the
value-function loss that uses the conservative target, LVF-cons =
1
2

(
Vφ(s) − V cons

target(s)
)2

, one gradient step with learning rate
η > 0 produces a new critic that is, in expectation, strictly
less optimistic:

E[V new
φ (s)] ≤ E[V old

φ (s)]− η∆bias,

∆bias = Cov(Vφ, V
cons

target)−Var(Vφ). (43)

Proof: Differentiating the quadratic loss with respect to the
scalar output Vφ(s) yields ∇VφLVF-cons = 2

(
Vφ − V cons

target

)
. A

single SGD step gives

E
[
V new
φ

]
= E
[
V old
φ

]
− 2η

(
E[Vφ]− E[V cons

target]
)
. (44)

Invoking Lemma 1, the conservative target is a pessimistic
estimator: E[V cons

target] ≤ V π−βσG+O(εPHrmax). Substituting
this into Eq. 44, we have

E
[
V new
φ

]
≤ E
[
V old
φ

]
− 2η

(
E[Vφ]− V π + βσG

)
+O

(
ηεPHrmax

)
. (45)

Recognizing the parenthetical term as ∆bias and absorbing
constants into η produces the asserted inequality. �

IV. PERFORMANCE EVALUATION

In this section, the proposed DTST scheme is evaluated by
comparing with two baseline schemes. These schemes include
conventional MAPPO without DT with 10 or 30 RIS elements.
Specifically, we use average data rate and transmission latency
to evaluate the performance. We define transmission latency
as the duration from data transmission initiation at satellites
to successful reception at GBUs. The STNs are built on a
satellite-ground topology with ISLs and RIS-enhanced feeder
links. The initial transmit power of each satellite is 10W. We
evaluate the proposed scheme to the two preceding schemes
by changing RIS element count, satellite-user distance, and
data size. In addition, we compare against three baselines:
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TABLE I
SIMULATION SETTINGS FOR DTST EVALUATION

(1) Direct-link only, which uses the satellite-to-GBU direct
link without RIS assistance under the same channel, weather
attenuation, and interference settings; (2) RIS-enhanced, with
no learning, which enables Sat-RIS-GBU links but sets con-
trol variables using the same fixed or heuristic configuration
as in the system setup; and (3) MAPPO, no DT, which
enables multi-agent learning with the same observation/action
spaces and reward but removes DT-driven synchronization and
conservative value calibration. Our proposed DTST scheme
is the full framework that incorporates DT synchronization,
dual-phase training, and conservative value calibration for
rare events. The simulation settings is shown in Tab. I.
Specifically, The SGN scenario is implemented in MATLAB
R2023b with the Satellite Communications Toolbox entities
(GBS/GBUs/RIS) are created via groundStation, satellite states
are queried in ECEF, and a two-shell Walker-Delta constella-
tion (18 sats at 53◦ and 12 sats at 42◦, 32 LEO in total) is
used with fixed RNG seeds. Experiments run on an Apple
M3 Max workstation (16-core CPU, 40-core GPU, 48 GB
unified memory) under macOS 26.2 with MATLAB R2023b;
the Phased Array System Toolbox is used when available with
a fallback otherwise.

The computational cost of DTST is dominated by
environment-side coverage/SINR evaluation and DT updates
rather than by the forward inference of the learned networks.
With Nsat satellites, L RIS panels (each with K phase vari-
ables), and Nsamp sampled GBU locations per slot, one control
step has complexity Cstep = O(NsampNsat(1 + L̄) + LK),
where (1 + L̄) accounts for direct-link evaluation plus L̄
average RIS-assisted candidates. Online deployment requires
only one policy forward pass and constraint validation, with
Cinfer = O(Nsat · FLOPs(πθ) + LK), while the training
rollout cost scales linearly with the number of episodes and
horizon as Ctrain = O(NepTep[NsampNsat(1 + L̄) + LK]) +
Cupdate, where Cupdate denotes the additive PPO/MAPPO
optimization overhead (minibatch and gradient updates).

Figure 3 shows the SGN simulation scenario, displaying
orbital paths, constellation geometry, and ground tracks, that
demonstrating coverage patterns, satellite distribution, and
movement across the Earth’s surface throughout the simulation
period. Fig. 3a shows the three-dimensional constellation in
Earth-Centered coordinates. Shells and planes are separated
by RAAN to show relative phasing and inter-plane spacing,
which enables collision-safe coverage distribution. Fig. 3b
shows the two-hour ground tracks of all satellites plotted on a
latitude-longitude grid. This visualization demonstrates revisit
periodicity, cross-track spacing, and areas where footprints
overlap, which are essential for facilitating handovers and
diversity. In Fig. 3c, a detailed ground track patterns of
the SGN is illustrated across the Earth’s surface during the
simulation period.

Figure. 4a shows the relationship between satellite-to-user
SNR and interference levels for both direct and RIS-enhanced
connections across various weather conditions (clear, light
rain, heavy rain, and snow). For each time slot t and each
active satellite-GBU pair (si, uj), we compute the composite
channel by combining the direct path and the RIS-assisted
path according to Eq. (1)-(2), where the atmospheric attenua-
tion term Aatm(·) models the clear/rain/snow conditions. The
instantaneous effective SINR is then evaluated by Eq. (11),
with σ2 = N0B and aggregate co-channel interference
power Iinter. In Fig. 4a, the x-axis “interference level” cor-
responds to the interference-to-noise operating point, and the
y-axis reports the resulting link-quality in dB obtained from
Eq. (11) under the same (σ2 + Iinter) denominator (direct-only
versus RIS-enhanced combining). In Fig. 4b and Fig. 4c, the
channel capacity is computed by mapping the same SINR to
an achievable rate using C = B log2(1 + γ), and the plotted
curves show the sample mean (and variance when indicated)
over the simulated link realizations. A consistent improvement
in SNR is observed when RIS is utilized, with particularly
significant enhancements being noted during adverse weather
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Fig. 3. The SGN snapshot, orbital constellation, and ground tracking patterns.

Fig. 4. RIS-assisted superiority across conditions.

conditions. In Fig. 4b, it is shown to demonstrate that the
average capacity is consistently improved and robustness
against interference and weather conditions is enhanced when
RIS is implemented. These findings support the decision to
incorporate RIS technology in the satellite-ground link. In
Fig. 4c, downlink capacity versus slant range is presented,
where a comparison is made between direct satellite links and
RIS-assisted links. The mean and variance are displayed for
both connection types. Higher capacity is maintained by the
RIS-assisted links, particularly when distances are increased.
Note that the SNR in Fig. 4a follows Eq. (11) so a turning
point appears when the operating regime shifts from noise-
limited to interference-limited, where γi ∝ 1/Iinter. Curve
intersections arise because atmospheric attenuation affects the
direct and RIS paths differently and the RIS gain depends
on instantaneous coherent combining. We verified smoothness
by re-running the interference sweep with finer steps and
more channel realizations, which produced smooth curves with
the same ordering, confirming the knees are regime-transition
effects rather than plotting artifacts.

Figure 5a shows the offline warmup performance for the
four schemes. Fig. 5b shows the normalized performance ver-
sus fine-tuning episodes for Direct Link Only, RIS Enhanced,
MAPPO Enabled, and DTST, with DTST achieving the highest

score and the fastest convergence. For each training episode
e with horizon T , we compute the episode-average return
as R̄(e) = 1

T

∑T−1
t=0 r(t), where r(t) is the unified reward

in Eq. (16) that combines the coverage utility term with the
penalty terms for power usage, RIS tuning-rate, inter-satellite
separation, and continuity/visibility via Hc(t) and Vc(t). To
present a bounded learning curve, we report a normalized
performance score P (e) = R̄(e)−R̄init

1−R̄init , where R̄init is the mean
episode-average return of the randomly initialized policy over
the first 10 episodes of the corresponding phase. Since the
coverage utility term in Eq. (16) is upper-bounded by 1 and the
penalties are non-positive, P (e) ∈ [0, 1] provides a consistent,
reproducible scale for comparing convergence speed and final
policy quality across schemes. Fig. 5c shows the performance
of training loss versus episodes for the four schemes, where
DTST converges the fastest to the lowest loss.

Figure 6 shows two episode-average constraint indicators to
illustrate how feasibility improves during learning. In Fig. 6a,
it shows the normalized coverage constraint violation Ṽ (e)

c =

V̄
(e)
c /κ versus training episodes, where V̄ (e)

c = 1
T

∑T−1
t=0 Vc(t)

and Vc(t) measures the shortfall from the coverage target; κ
is the tolerance used in the constrained MAPPO objective.
Fig. 6b shows the fraction of GBUs violating dwell-time
continuity H̃

(e)
c = H̄

(e)
c /M versus training episodes, with
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Fig. 5. The accuracy and training performance of the proposed DT framework.

Fig. 6. Constraint indicators vs training episodes.

Fig. 7. Training reward, sync error and coverage convergence of the proposed DTST.

H̄
(e)
c = 1

T

∑T−1
t=0 Hc(t) and Hc(t) the number of han-

dovers at step t. Both figures compare six schemes on the
same SGN, orbital, and channel setup: Direct Link Only
and RIS Enhanced (no learning, roughly flat); and four RL
algorithms-MASAC, MADDPG, HAPPO, and the proposed

DTST-MAPPO (constraint-aware). As training progresses, the
proposed DTST-MAPPO drives both Ṽ

(e)
c and H̃

(e)
c down

more quickly than the baselines, while the other RL methods
improve more slowly. The shaded bands around each curve
indicate the variability of these indicators. Fig. 6c the coverage
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Fig. 8. The performance of coverage, training loss and convergence of DTST.

constraint gap ∆Ṽ
(e)
c = Ṽ

(e)
c,offline − Ṽ

(e)
c,online versus train-

ing episodes for DTST-MAPPO, MASAC, MADDPG, and
HAPPO, with shaded regions indicating variability. Across
all methods the gap is positive and decays over training,
meaning offline training consistently incurs more coverage
violations than online training, though the difference shrinks
as learning progresses. DTST-MAPPO maintains the smallest
and fastest-vanishing gap throughout, while MADDPG and
MASAC exhibit substantially larger gaps (and wider variance)
before converging.

In Fig. 7a, cumulative reward is plotted against training
episodes for PPO, MAPPO, and DTST. The results indicate
that MAPPO and DTST algorithms achieve convergence more
rapidly and attain higher reward values compared to PPO.
Fig. 7b shows the synchronization error against time, com-
paring an “Only DT-enabled” baseline with a “DT-enabled
dual-phase” scheme against a fixed threshold. The dual-phase
approach maintains consistently lower error throughout the
two-hour simulation period. Fig. 7c shows the coverage objec-
tive rising across optimization iterations and surpassing the
80% target, indicating stable and effective convergence of the
proposed method. In Fig. 8a, coverage percentage versus time
is present over a two-hour period for four schemes: Direct Link
Only, RIS-Enhanced, MAPPO-based, and DTST. The DTST
scheme is shown to achieve the fastest rise and highest final
coverage. In Fig. 8b, the prediction accuracy versus time is
presented over a two-hour online fine-tuning window, with a
target line indicating the desired threshold and the measured
accuracy tracking above this goal. Fig. 8c shows the coverage
probability versus training episodes with confidence bands for
the four schemes, where DTST converges fastest and to the
highest coverage while maintaining the smallest variance.

V. CONCLUSION

In this paper, we have proposed a DT-based coverage
optimization scheme, called DTST, in RIS-enabled STNs. In
particular, we have developed spatial-temporal coverage grain
dynamics to accurately model the coverage-power trade-off
under dynamic constraints and proposed distributed DT syn-
chronization with conservative value calibration to maintain

model-reality alignment while mitigating sim-to-real value
bias while adhering to safety-critical constraints and stochastic
channel variations. Simulation results have demonstrated that
the DTST scheme significantly enhances coverage reliability
and reduces service disruptions through investigating cover-
age probability under constraint violation rate during severe
attenuation.
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