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ABSTRACT 

Disasters often lead to severe disruptions of terrestrial backbone networks, resulting in information isolation in affected areas. In 
such situations, very small aperture terminals (VSATs) can be rapidly deployed to establish terrestrial–satellite communication 
links, enabling the transmission of large volumes of situational awareness data, such as high-definition videos and three- 
dimensional maps. However, the high mobility of low earth orbit (LEO) satellites necessitates frequent satellite switching 
to maintain service continuity. This challenge is further exacerbated in emergency scenarios, where the timely and reliable 
transmission of post-disaster data is of critical importance, while unpredictable disturbances can severely degrade the stability of 
ground–satellite backhaul links through abrupt channel variations and resource fluctuations. Consequently, robust and efficient 
satellite selection is crucial for sustaining reliable and high-throughput satellite backhaul. To address these challenges, this paper 
proposes a disturbance-aware deep reinforcement learning (DRL) framework for adaptive satellite selection, aiming to support 
robust and high-capacity terrestrial–satellite backhaul for VSATs in disaster scenarios. Specifically, the proposed approach jointly 
accounts for link quality, handover (HO) frequency, and connection failures in the decision-making process. Moreover, the 
robustness and stability of the DRL model is improved by incorporating the stochastic disturbances encountered in LEO satellite 
networks into the training stage. These disturbances comprise weather-induced carrier-to-noise ratio (CNR) degradation and 
reductions in available satellite bandwidth caused by user contention. Simulation results demonstrate that the proposed approach 
achieves robust and stable performance under dynamic conditions, outperforming existing methods. 
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 Introduction 

n disaster scenarios, terrestrial backbone networks are often
everely damaged, leading to the emergence of information-
solated regions [ 1–4 ]. In this case, very small aperture terminals
VSATs) can be employed to establish terrestrial-satellite wireless
ackhaul links, facilitating the transmission of substantial vol-
mes of data from these regions to the outside world [ 5 ]. Such
ata may include high-definition video, three-dimensional maps,
nd real-time disaster monitoring information [ 6 ]. However,
he high mobility of low earth orbit (LEO) satellites and the
ynamic propagation environment pose inherent challenges to
atellite selection, as ground–satellite channels become highly
his is an open access article under the terms of the Creative Commons Attribution Licen
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2026 The Author(s). IET Communications published by John Wiley & Sons Ltd on beha

ET Communications , 2026; 20:e70180 
ttps://doi.org/10.1049/cmu2.70180
time-variant [ 7, 8 ]. In particular, these challenges are further
exacerbated by unpredictable disturbances within the satellite
constellation, such as sudden reductions in available band-
width due to traffic contention from users in other regions,
as well as degradations in the carrier-to-noise ratio (CNR) of
ground–satellite links caused by adverse weather conditions
[ 5 ]. To address these challenges, VSATs must frequently switch
connections to different satellites in the network in order to main-
tain communication links, that is, perform handovers (HOs).
Collectively, these factors hinder the establishment of reliable
and high-throughput terrestrial–satellite backhaul connections,
consequently impeding the efficient execution of post-disaster
search and rescue (SAR) missions. 
se, which permits use, distribution and reproduction in any medium, provided the 

lf of The Institution of Engineering and Technology. 

1 of 13

https://doi.org/10.1049/cmu2.70180
https://orcid.org/0009-0000-8184-3605
https://orcid.org/0000-0002-4535-3200
mailto:l.x.zhang@leeds.ac.uk
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1049/cmu2.70180
http://crossmark.crossref.org/dialog/?doi=10.1049%2Fcmu2.70180&domain=pdf&date_stamp=2026-05-29


1

C  

s  

m  

t  

b  

o  

i  

o  

m  

o  

d  

f  

c  

p  

a  

a  

m  

c

A  

(  

a  

t  

a  

a  

j  

f  

o  

e  

D  

t  

d  

r  

a  

w

I  

c  

s  

r  

b  

p  

n  

s  

t  

p  

h  

p  

l  

i  

s  

n  

H  

s

I  

m  

f  

t  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2

 17518636, 2026, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cm

u2.70180 by U
niversity O

f L
eeds T

he B
rotherton L

ibrary, W
iley O

nline L
ibrary on [02/06/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
re
.1 Related Work 

urrently, satellite selection has been widely studied in LEO
atellite networks. For instance, the authors in [ 9 ] proposed a
ulti-attribute decision-making (MADM)-based satellite selec-
ion scheme that reduced unnecessary HOs while ensuring
alanced resource utilization. For long-term satellite selection
ptimization, a graph-based framework was proposed in [ 10 ],
n which satellite HO was modeled as a shortest-path problem
n visibility graphs, an approach which could accommodate
ultiple HO criteria simultaneously. Building on this, quality-
f- service (QoS)-related utility functions (e.g., data rate and
elay) were incorporated into edge weights in the graph-based
ramework in [ 11 ], which led to improved QoS compared to
onventional elevation-threshold schemes. Similarly, [ 12 ] pro-
osed a weighted graph-based satellite selection strategy for
eronautical traffic in LEO satellite networks. In this method,
n improved MADM algorithm with a channel reservation
echanism was introduced to enhance throughput and reduce
onnection failures. 

lternatively, LEO-satellite-assisted unmanned aerial vehicle
UAV) networks were studied in [ 13 ], where a joint UAV trajectory
nd satellite selection optimization problem was formulated. In
his framework, satellite selection was essential for ensuring reli-
ble backhaul in delay-sensitive internet of remote things (IoRT)
pplications. In emergency scenarios, the study in [ 14 ] addressed
oint UAV trajectory planning and LEO satellite selection by
ormulating a two-stage multi-armed bandit problem and devel-
ping lightweight online algorithms that significantly improved
nergy efficiency and reduced HOs. Additionally, a lightweight
ijkstra-based satellite selection method was proposed in [ 6 ]
o facilitate the backhaul transmission of large volumes of
ata in emergency scenarios. In this method, the uplink data
ate, latency, and HO frequency were jointly considered, and
n effective trade-off among these key performance metrics
as achieved. 

n addition, the study in [ 15 ] proposed a dynamic time-based
hannel reservation (DTCR) algorithm tailored for LEO satellite
election. By reserving channels and dynamically adjusting the
eservation timing, the DTCR scheme achieved an effective
alance between blocking probability and forced termination
robability, thereby enhancing the overall efficiency of chan-
el utilization. Building upon this, a joint optimization-based
atellite HO strategy was proposed in [ 16 ], aiming to simul-
aneously minimize HO frequency, balance network load, and
erform adaptive power allocation. In this approach, graph-based
andover path optimization was integrated with gradient-based
ower control, resulting in lower switching frequency, improved
oad distribution, and higher overall system capacity. To address
nterference during satellite HO, the authors in [ 17 ] investigated
pectrum coexistence between gateway and user terminal links in
on-geostationary satellite orbit (NGSO) systems. The proposed
O mechanisms effectively mitigated interference and enhanced
pectral efficiency in shared-spectrum environments. 

n addition to these static optimization methods, deep reinforce-
ent learning (DRL) has emerged as a widely adopted approach
or satellite selection. For example, the authors in [ 18 ] formulated
he satellite selection problem as a Markov decision process, in
of 13

a

which a deep Q-network (DQN) was employed to jointly account
for CNR, interference, remaining service time, and satellite load,
thereby reducing HO frequency. To improve service continuity in
LEO satellite networks, a DQN was integrated with a conditional
handover (CHO) mechanism in [ 19 ]. In this framework, the DQN
was employed to select the target satellite by jointly considering
satellite elevation angle, distance, and CNR, thereby improving
mobility management of the satellites. 

Moreover, architectural and replay-based variants of the DQN
framework have been investigated in the context of satellite
selection. In [ 20 ], a Dueling DQN architecture was employed
for LEO satellite HO. The Q-function was decomposed into
state-value and action-advantage components to improve value
estimation when the CNR differences among candidate satellites
were relatively small. This design resulted in higher long-term
cumulative rewards. The study in [ 21 ] proposed a PER-DDQN-
based satellite selection strategy that combines Double DQN
with prioritized experience replay. In this approach, satellite load
information was incorporated into the state representation and
reward formulation to support load-aware and QoS-aware HO
decisions under high user density conditions. For multi-user
satellite selection, a multi-agent DQN-based selection mecha-
nism was developed in [ 22 ]. Specifically, each user was modeled
as an agent, and distributed decision-making was adopted to
support QoS-aware and load-balanced HO in multi-user LEO
satellite networks. 

1.2 Motivation 

Despite recent advances in satellite selection strategies, several
critical gaps remain unaddressed, particularly for emergency
satellite backhaul scenarios that are highly sensitive to dynamic
variations and unpredictable disturbances. 

∙ Limitations of static optimization methods in dynamic
environments : Satellite selection methods based on MADM
and graph optimization are typically formulated in a static
manner. When environmental conditions vary, particularly
under CNR degradation or reductions in available bandwidth,
frequent re-optimization is required. This leads to increased
response latency and computational overhead, which limits
their suitability for highly dynamic, resource-constrained, and
disturbance-sensitive emergency scenarios. 

∙ Insufficient focus on VSAT-based emergency satellite
backhaul : Existing studies have devoted limited attention
to VSAT-based satellite selection for emergency backhaul,
where stable and high-throughput terrestrial–satellite links
are required to support the transmission of situational aware-
ness information. 

∙ Lack of disturbance-aware learning under emergency
scenarios : DRL-based satellite selection methods exhibit
enhanced adaptability. However, existing approaches are typ-
ically trained under stable channel assumptions, with limited
consideration of stochastic disturbances such as bandwidth
contention or weather-induced CNR degradation. Emergency
backhaul scenarios are highly sensitive to these disturbances,
requiring adaptive and robust learning mechanisms. 
IET Communications, 2026

tive C
om

m
ons L

icense



T  

l  

r  

a  

b

1

T  

b  

w  

C  

d  

T  

l  

s  

a  

a  

E  

e  

o

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

T  

t  

t  

b  

s  

c

2

A  

n  

d  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

I

 17518636, 2026, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cm

u2.70180 by U
niversity O

f L
eeds T

he B
rotherton L

ibrary, W
iley O

nline L
ibrary on [02/06/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
rea
hese gaps motivate the development of a disturbance-aware
earning framework that accounts for stochastic channel and
esource variations during training, thereby supporting robust
nd efficient satellite selection for emergency LEO satellite
ackhaul in the presence of stochastic disturbance. 

.3 Contribution 

his work focuses on robust satellite selection for VSAT-
ased terrestrial–satellite backhaul in emergency scenarios,
here unpredictable bandwidth contention and weather-induced
NR degradation are frequently encountered. Specifically, a
isturbance-aware DRL framework is proposed based on a DQN.
he framework adopts a reward function that jointly accounts for
ink quality, HO frequency, and connection failures. In addition,
tochastic disturbances are incorporated into the training process
cross different satellites and time slots, improving robustness
nd adaptability in highly dynamic LEO satellite environments.
xtensive numerical simulations are conducted to evaluate the
ffectiveness of the proposed approach. The main contributions
f this work are summarized as follows: 

∙ A realistic LEO satellite constellation is established using
systems tool kit (STK). This facilitates the accurate evaluation
of the proposed HO method under practical orbital dynamics
and ground–satellite communication conditions. 

∙ A DQN-based satellite selection framework is developed for
VSAT-based backhaul, where ground-to-satellite link quality,
HO frequency, and connection failures are jointly considered
in the reward function. 

∙ To address the disturbance-sensitive nature of emergency
backhaul scenarios, stochastic impairments encountered in
LEO satellite networks are incorporated into the training
process. These impairments include weather-induced CNR
degradation and fluctuations in available satellite bandwidth.
By modeling these uncertainties during training, the robust-
ness and adaptability of the learned policy are enhanced. 

∙ Numerical simulations are conducted to evaluate the pro-
posed method through comparisons with representative
MADM, graph-based, and proximal policy optimization
(PPO) approaches. An ablation study is also conducted to
assess the impact of CNR degradation and bandwidth reduc-
tion, as well as the performance when these factors are
excluded. 

he remainder of this paper is organized as follows. In Section 2 ,
he system model and problem formulation are presented. Sec-
ion 3 is devoted to the detailed description of the proposed DQN-
ased satellite selection method. In Section 4 , the simulation
etup and performance results are discussed. Finally, Section 5
oncludes the paper. 

 System Model and Problem Formulation 

s illustrated in Figure 1 , we consider an emergency commu-
ication scenario in which the terrestrial backbone network is
amaged. In this context, a VSAT establishes ground-to-satellite
ET Communications, 2026
wireless backhaul links, enabling information-isolated regions
in disaster-affected areas to connect with the outside world.
Due to the high mobility of LEO satellites, the set of satellites
visible to the VSAT varies over discrete time slots 𝑡, with 𝑡 ∈
{1 , 2 , . . . , 𝑇} . Specifically, at each time slot 𝑡, the VSAT has access to
a set of candidate satellites, denoted by 𝑡 = {1 , 2 , . . . , 𝑁𝑡 } , where
𝑁𝑡 = |𝑡 | represents the number of visible satellites at time 𝑡.
Due to the heterogeneity of available resources across satellites
in the constellation, each satellite 𝑖 ∈ 𝑡 has different available
bandwidth and computing frequency. In addition, the CNR, prop-
agation delay, and remaining service time (RST) of these satellites
vary dynamically across different time slots 𝑡. These factors
pose significant challenges to satellite selection for establishing
reliable and high-throughput ground-to-satellite links, thereby
ensuring robust data backhaul in emergency scenarios. 

The quality of the ground-to-satellite wireless link between a LEO
satellite 𝑖 and the VSAT at time slot 𝑡 is characterized by the CNR.
Specifically, the received signal power can be expressed as 

𝐺𝑡 
𝑖 = 𝑃𝑖 𝑇 + 𝐺𝑇 − 𝐿𝑇 − 𝑃𝐿𝑡 𝑖 + 𝐺𝑅 , (1)

where 𝑃𝑖 𝑇 is the transmission power of satellite 𝑖, 𝐺𝑇 and 𝐺𝑅 

are the transmitter and receiver antenna gains, respectively, 𝐿𝑇 
is the transmitter feeder loss, and 𝑃𝐿𝑡 𝑖 is the propagation path
loss between satellite 𝑖 and the VSAT at time slot 𝑡. Notably, the
term 𝑃𝑖 𝑇 + 𝐺𝑇 − 𝐿𝑇 corresponds to the effective isotropic radiated
power (EIRP). 

Due to the line-of-sight conditions of ground-to-space links, the
propagation loss 𝑃𝐿𝑡 𝑖 is characterized by the free-space path loss
(FSPL) model as 

𝑃 𝐿𝑡 𝑖 = 20 log 
10 

( 

4 𝜋𝑑𝑡 𝑖 
𝜆

) 

, (2)

where 𝑑𝑡 𝑖 denotes the distance between satellite 𝑖 and the VSAT at
time slot 𝑡, and 𝜆 = 𝑐∕𝑓 is the carrier wavelength corresponding
to the satellite carrier frequency 𝑓. 

Moreover, the noise power at the VSAT is given by 

𝑁𝑡 
𝑖 = 𝐾 + 𝐹𝐸 + BW 

𝑡 
𝑖 , (3)

where 𝐾 = − 228 . 6 dB is the Boltzmann constant, 𝐹𝐸 denotes
the equivalent noise temperature at the receiver, and BW 

𝑡 
𝑖 is the

bandwidth allocated to the VSAT by satellite 𝑖 at time slot 𝑡.
Accordingly, the CNR of the ground-to-satellite link is calculated
as 

CNR 

𝑡 
𝑖 = 𝐺𝑡 

𝑖 − 𝑁𝑡 
𝑖 . (4)

In this work, five attributes are considered to characterize link
quality in the satellite selection process. Hence, each satellite
𝑖 ∈ 𝑡 at time slot 𝑡 is represented by a vector of time-varying
attributes, as follows: 

𝝓𝑡 𝑖 =
(
CNR 

𝑡 
𝑖 , BW 

𝑡 
𝑖 , CF 

𝑡 
𝑖 , 𝑑

𝑡 
𝑖 , 𝜏

𝑡 
𝑖 

)
, (5)

where BW 

𝑡 
𝑖 and CF 

𝑡 
𝑖 denote the available bandwidth and onboard

computing frequency of satellite 𝑖, respectively. CNR 

𝑡 
𝑖 and 𝑑

𝑡 
𝑖 
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FIGURE 1 Schematic diagram of satellite selection in the emergency scenario. 
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rea
enote the carrier-to-noise ratio and the propagation delay if the
SAT selects satellite 𝑖 for connection. Importantly, the CNR
erves as a key indicator of the ground-to-satellite link condition,
ith larger values corresponding to better signal quality. Finally,
𝑡 
𝑖 corresponds to the RST before satellite 𝑖 moves out of the
SAT’s coverage. 

t each time slot 𝑡, the data rate of the VSAT connection to
atellite 𝑖 is evaluated against a minimum threshold 𝑅𝜃 . If the data
ate falls below this threshold, the connection is considered failed.
athematically, this can be expressed as: 

𝐶𝑖,𝑡 =

{ 

1 , if BW 

𝑡 
𝑖 ⋅ log 2 

(
1 + CNR 

𝑡 
𝑖 

)
< 𝑅𝜃, 

0 , otherwise , 
(6)

here 𝐶𝑖,𝑡 is an indicator variable that equals 1 when a connection
ailure occurs, and 0 otherwise. 

n emergency communication scenarios, frequent HOs can
ncur substantial signaling overhead, while excessive connection
ailures may severely undermine the reliability of transmitting
ritical data (e.g., high-definition video and medical informa-
ion). In light of these considerations, the optimization problem
s formulated to simultaneously optimize for three objectives:
aximizing link quality, minimizing HO frequency, and reducing
onnection failures. It can be expressed as follows: 

max 
{ 𝑥𝑖,𝑡 } 

1 

𝑇 

𝑇 ∑
𝑡= 1 

∑
𝑖∈𝑡 

𝑄𝑖,𝑡 𝑥𝑖,𝑡 

− 1 

𝑇 − 1 

𝑇 ∑
𝑡= 2 

∑
𝑖∈𝑡 

∑
𝑗∈𝑡− 1 

(1 − 𝛿𝑖,𝑗 ) 𝑥𝑖,𝑡 𝑥𝑗,𝑡− 1 

− 1 

𝑇 

𝑇 ∑
𝑡= 1 

∑
𝑖∈𝑡 

𝐶𝑖,𝑡 𝑥𝑖,𝑡 

(7)

s.t. 
∑
𝑖∈𝑡 

𝑥𝑖,𝑡 = 1 , ∀𝑡 ∈ {1 , 2 , . . . , 𝑇} , (7.1)

𝑥𝑖,𝑡 ∈ {0 , 1} , ∀𝑖, 𝑡, (7.2)
of 13
𝛿𝑖,𝑗 =

{ 

1 , 𝑖 = 𝑗, 

0 , 𝑖 ≠ 𝑗, 
(7.3)

where the first term represents the average link quality, with
𝑄𝑖,𝑡 ∈ [0 , 1] denoting the normalized quality score of the VSAT’s
connection to satellite 𝑖 at time 𝑡. The second term penalizes
HOs, with a penalty incurred whenever the selected satellite
changes between consecutive time slots. The third term penalizes
connection failures. The binary decision variable 𝑥𝑖,𝑡 ∈ {0 , 1}

indicates whether satellite 𝑖 is selected at time slot 𝑡 (1 if selected,
0 otherwise), while the constraint in (7.1) guarantees that exactly
one satellite is selected at each time slot. 

More specifically, the link quality score 𝑄𝑖,𝑡 is derived from the
attribute vector 𝜙𝑡 𝑖 using min-max normalization followed by
weighted aggregation, as shown below: 

𝑄𝑖,𝑡 = 𝜆1 CNR 

norm 

𝑖,𝑡 + 𝜆2 BW 

norm 

𝑖,𝑡 + 𝜆3 CF norm 

𝑖,𝑡 

− 𝜆4 𝑑
norm 

𝑖,𝑡 + 𝜆5 𝜏
norm 

𝑖,𝑡 . 

(8)

Here, ( ⋅)norm denotes the normalized value of each attribute, and
𝝀 = [ 𝜆1 , 𝜆2 , 𝜆3 , 𝜆4 , 𝜆5 ]

𝖳 represents the set of importance weights
determined by the analytic hierarchy process (AHP) [ 23 ]. 

In particular, the relative importance of the five link attributes
is quantified using Saaty’s 1–9 scale [ 24 ]. Accordingly, a pairwise
comparison matrix 𝐀 ∈ ℝ5 ×5 is constructed as 

𝐀 =

⎡ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

1 𝑎12 𝑎13 ⋯ 𝑎15 

𝑎21 1 𝑎23 ⋯ 𝑎25 

𝑎31 𝑎32 1 ⋯ 𝑎35 

⋮ ⋮ ⋮ ⋱ ⋮ 

𝑎51 𝑎52 𝑎53 ⋯ 1 

⎤ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 
, (9)

where 𝑎𝑚𝑛 denotes the relative importance of the 𝑚th attribute
over the 𝑛th attribute, with 𝑎𝑚𝑛 = 1∕ 𝑎𝑛𝑚 . Importantly, the
IET Communications, 2026
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rea
lements of 𝐀 are assigned based on Saaty’s importance scale,
here larger values indicate stronger preferences. 

he weight vector 𝝀 = [ 𝜆1 , 𝜆2 , 𝜆3 , 𝜆4 , 𝜆5 ]
𝖳 is obtained by solving

he principal eigenvalue problem of 𝐀 , that is 

𝐀

⎡ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

𝜆1 
𝜆2 
𝜆3 
𝜆4 
𝜆5 

⎤ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 
= 𝜆max 

⎡ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

𝜆1 
𝜆2 
𝜆3 
𝜆4 
𝜆5 

⎤ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 
, (10)

here 𝜆max denotes the maximum eigenvalue of 𝐀 . 

o verify the rationality of the pairwise comparisons, the con-
istency index (CI) and consistency ratio (CR) are computed as

CI =
𝜆max − 𝑁 

𝑁 − 1 
, CR = CI 

RI , (11)

here 𝑁 = 5 denotes the number of attributes and RI represents
he random consistency index. When the CR is below 0.1, the
onstructed pairwise comparison matrix satisfies the consistency
equirement, thereby yielding a reliable weight vector. 

ince the ground-to-satellite wireless backhaul link is designed
o replace the damaged terrestrial backbone network in emer-
ency scenarios, stringent requirements are imposed on uplink
hroughput and latency. Consequently, attributes related to the
NR, available bandwidth, and propagation delay are assigned
igher importance weights than other metrics. Notably, a larger
alue of 𝑄𝑖,𝑡 indicates better link quality, which in turn leads to a
igher overall utility. 

 The Proposed Deep Reinforcement Learning 
ased Satellite Selection Scheme 

he optimization problem in ( 7 ) can be solved using conven-
ional approaches, such as greedy heuristics and graph-based
lgorithms. Nevertheless, these methods typically require re-
ptimization whenever the satellite constellation experiences
npredictable disturbances, such as sudden bandwidth and CNR
egradation. Furthermore, their strong dependence on up-to-
ate ephemeris and resource information severely limits their
daptability in highly dynamic and uncertain environments.
o overcome these limitations, this paper adopts a DQN-based
pproach. Unlike policy-gradient algorithms under the Actor–
ritic framework, such as PPO, which are typically designed
or continuous action spaces [ 25 ], the satellite selection prob-
em considered in this study involves a finite and discrete
et of candidate satellites. This favours a DQN framework,
hich can learn the state–action value function to efficiently
etermine the optimal satellite under varying environmental
onditions. Furthermore, the DQN framework offers improved
raining stability and reduced computational complexity, which
re particularly advantageous in resource-constrained emergency
cenarios. By leveraging its strong generalization capability, a
QN can effectively adapt to dynamic network conditions [ 26 ],
hereby enhancing the reliability and robustness of terrestrial-
atellite connectivity. 
ET Communications, 2026
Importantly, the DQN is a value-based reinforcement learning
algorithm that approximates the action–value function using a
neural network [ 26 ]. To enhance training stability and efficiency,
DQN incorporates experience replay and a target network. In this
work, the agent (i.e., the VSAT) observes the environment state at
each time step 𝑡, denoted by 𝑜𝑡 , which is defined as the collection
of attribute vectors of all visible satellites: 

𝑜𝑡 = { 𝜙𝑡 𝑖 ∣ 𝑖 ∈ 𝑡 } . (12)

The action 𝑎𝑡 corresponds to selecting one satellite from the
candidate set 𝑡 , that is, 𝑎𝑡 ∈ 𝑡 . The agent adopts an 𝜖-greedy
exploration strategy and receives a reward, 𝑟, that reflects the per-
formance of the selected terrestrial-satellite link. To maintain link
quality, avoid excessive HOs, and penalize connection failures,
the reward function is formulated as follows: 

𝑟𝑡 =

⎧ ⎪ ⎪ ⎨ ⎪ ⎪ ⎩ 

− 𝜁 if 𝐶𝑎𝑡 ,𝑡 
= 1 , 

𝛼 𝑄𝑎𝑡 ,𝑡 
− 𝛽 + 𝜂 if 𝐶𝑎𝑡 ,𝑡 

= 0 ∧ 𝑎𝑡 ≠ 𝑎𝑡− 1 , 

𝛼 𝑄𝑎𝑡 ,𝑡 
+ 𝜂 if 𝐶𝑎𝑡 ,𝑡 

= 0 ∧ 𝑎𝑡 = 𝑎𝑡− 1 . 

(13)

Here, the coefficients 𝜁, 𝛽, and 𝛼, respectively, represent the
penalty weights for connection failures and handovers, as well
as the reward weight for link quality. These coefficients directly
correspond to the three components of the optimization objective
defined in (7). Note that 𝜂 acts as an offset to mitigate the reduc-
tion in reward that may occur after HOs due to normalization.
These parameters assist the agent in learning effective strategies,
thereby enabling more efficient satellite selection. 

The environment state is encoded as the collection of attribute
vectors of all visible satellites. All satellite link attributes are nor-
malized using min–max normalization before being input to the
DQN. This process scales the features to a consistent numerical
range, thereby improving training stability and efficiency. 

The normalized state is then used as the input to the DQN.
Each output neuron corresponds to a candidate satellite selection
action in 𝑡 , and its output represents the estimated Q-value
associated with selecting the corresponding satellite. Accordingly,
the DQN produces the action-value estimates { 𝑄( 𝑜𝑡 , 𝑎; 𝜃) ∣ 𝑎 ∈
𝑡 } . 

Action selection follows the 𝜀-greedy policy. During exploitation,
the satellite associated with the maximum Q-value is selected,
that is, 𝑎𝑡 = arg max 𝑎∈𝑡 𝑄( 𝑜𝑡 , 𝑎; 𝜃) . During exploration, a satellite
is randomly selected from the candidate set 𝑡 . If 𝑎𝑡 ≠ 𝑎𝑡− 1 , a
handover is triggered; otherwise, the current satellite connection
is maintained. 

The Q-network parameters, 𝜃, are updated by minimizing the
temporal-difference (TD) loss: 

 ( 𝜃) = 𝔼( 𝑜𝑡 ,𝑎𝑡 ,𝑟𝑡 ,𝑜𝑡+ 1 )∼ 

[ ( 

𝑟𝑡 + 𝛾 max 
𝑎′∈𝑡+ 1 

𝑄( 𝑜𝑡+ 1 , 𝑎
′; 𝜃− ) − 𝑄( 𝑜𝑡 , 𝑎𝑡 ; 𝜃)

) 2 
] 

, 

(14)
where 𝜃 and 𝜃− denote the parameters of the online and
target Q-networks, respectively, 𝛾 denotes the discount factor,
and  represents the replay buffer. 𝑄( 𝑜𝑡 , 𝑎𝑡 ; 𝜃) represents the
5 of 13
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FIGURE 2 LEO satellite constellation in STK for an emergency 
scenario. 
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ALGORITHM 1 Training Procedure of the Proposed DQN-Based 
Satellite Selection Method. 

1: Environment : Satellite constellation with 𝑆 satellites 
over 𝑇 time slots 

2: Inputs : Normalized matrices of CNR, Bandwidth, Delay, 
Computing Frequency, and RST 

3: Initialize : Q-network 𝑄𝜃 , target network 𝑄𝜃− ← 𝑄𝜃

4: Initialize replay buffer  ← ∅

5: Set training parameters as described in Section 3 
6: Set disturbance parameters: 𝜌𝑠 = 0 . 4 , 𝜌𝑡 = 0 . 4 , 𝛿 = 0 . 2 

7: for episode = 1 to 𝑁episodes do 
8: Randomly sample 𝑑 ⊆ {1 , . . . , 𝑆} with |𝑑 | = ⌈𝜌𝑠 𝑆⌉
9: Randomly sample 𝑑 ⊆ {1 , . . . , 𝑇} with |𝑑 | = ⌈𝜌𝑡 𝑇⌉
10: for all 𝑖 ∈ 𝑑 do 
11: for all 𝑡 ∈ 𝑑 do 
12: BW 

𝑡 
𝑖 ← (1 − 𝛿)BW 

𝑡 
𝑖 

13: CNR 

𝑡 
𝑖 ← (1 − 𝛿)CNR 

𝑡 
𝑖 

14: end for 
15: end for 
16: Select a random valid initial satellite as the current 

connection 
17: for time slot 𝑡 = 1 to 𝑇 do 
18: Construct state 𝑠𝑡 from normalized features of the 

connected satellite 
19: Predict Q-values { 𝑄𝜃( 𝑠𝑡 , 𝑎)} for candidate satellites 
20: Select action 𝑎𝑡 using an 𝜖-greedy policy 
21: Execute 𝑎𝑡 and observe next state 𝑠𝑡+ 1 
22: Compute reward 𝑟𝑡 according to (13) 
23: Store transition ( 𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+ 1 ) in  

24: if | | ≥ | |min then 

25: Sample a mini-batch of size 𝐵 and update 𝑄𝜃

using (14) 
26: end if 
27: 𝑠𝑡 ← 𝑠𝑡+ 1 

28: end for 
29: if episode mod target update frequency = 0 then 

30: Update target network: 𝑄𝜃− ← 𝑄𝜃

31: end if 
32: 𝜖 ← max ( 𝜖 ⋅ 𝜖decay , 𝜖min ) 

33: end for 
34: Output : Trained Q-network 𝑄𝜃
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ction–value function estimating the expected cumulative reward
f taking action 𝑎𝑡 given the observation 𝑜𝑡 . 

n this implementation, a fully connected feedforward neural
etwork with four hidden layers is employed. Specifically, the
idden layers contain [256,128,64,32] neurons, respectively, each
ollowed by a ReLU activation function. The network is trained
sing the Adam optimizer with a discount factor of 𝛾 = 0 . 95 .
n experience replay buffer of | | = 5000 is employed, with a
inimum buffer threshold of | |min = 1000 , from which mini-
atches of  = 128 are sampled for parameter updates. 𝜖 is
nitialized at 1.0 and decays by 𝜖decay = 0 . 995 per episode until a
inimum of 𝜖min = 0 . 05 is reached. 

o enhance robustness and adaptability in dynamic environ-
ents, disturbances are introduced during training. In each
pisode, 40% of satellites across 40% of the time slots are randomly
ubjected to a 20% reduction in both bandwidth and CNR, thereby
imulating potential disturbances to the satellite constellation.
he training procedure of the proposed DRL-based satellite
election method is shown in Algorithm 1 . 

n practical deployment scenarios, satellite operators can provide
phemeris data over a future time horizon 𝑇 following a disaster,
ncluding orbital positions, available resources, and satellite vis-
bility periods. Based on this information, the proposed method
an be trained offline, after which the trained model is deployed
n the VSAT. This enables the VSAT to select satellites at each
ime slot 𝑡 to establish reliable ground–satellite backhaul links. 

 Simulation and Performance Evaluation 

n this study, simulations are carried out in STK using the
ridium constellation [ 9 ], with parameters summarized in Table 1 .
uppose that the VSAT is positioned at the Russia–Ukraine
order, as shown in Figure 2 . Additionally, the satellite ephemeris
s illustrated in Figure 3 , which presents the visibility windows of
he satellites relative to the VSAT location. A time horizon of 𝑇 =
00 slots is considered, with each slot lasting 1 min. Specifically,
of 13
the link metrics of each candidate satellite 𝑖 ∈ 𝑡 at time slot 𝑡 are
obtained from STK, including CNR 

𝑡 
𝑖 , 𝜏

𝑡 
𝑖 , and the slant range 𝐷

𝑡 
𝑖 

between the VSAT and satellite 𝑖. The corresponding propagation
delay is computed as 𝑑𝑡 𝑖 = 𝐷𝑡 

𝑖 ∕𝑐, where 𝑐 denotes the speed of
light. Meanwhile, the bandwidth BW 

𝑡 
𝑖 and computing frequency

CF 𝑡 𝑖 are randomly assigned within the ranges of 1–3 MHz and
IET Communications, 2026
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FIGURE 3 Satellite ephemeris diagram in STK. 

TABLE 1 LEO constellation parameters. 

Parameter Value Parameter Value 

Constellation type Iridium Number of orbital 
planes 

6 

Satellites per plane 11 Orbital height 780 km 

Orbital inclination 86 . 4◦ Min. elevation 
angle 

10◦

Carrier frequency 2GHz Modulation type BPSK 

Demodulator BPSK EIRP 10 dBW 
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FIGURE 4 Training rewards of the proposed method and PPO. 
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00–2000 MHz, respectively. In addition, the reward function
arameters are set as 𝛼 = 10 , 𝛽 = 8 , 𝜁 = 13 , and 𝜂 = 8 . 

o assess the effectiveness of the proposed method, we conduct
 comparative evaluation against several representative satellite
election approaches, including PPO [ 27 ], maximum CNR, max-
mum RST [ 28 ], technique for order preference by similarity to
deal solution (TOPSIS) [ 23 ], simple additive weighting (SAW) [ 9 ],
nd a graph-based approach [ 10 ]. 

.1 Reward Convergence and Random Seed 

valuation 

s illustrated in Figure 4 , the original and smoothed reward
urves depict the training dynamics of the proposed method
n comparison with PPO. The proposed method demonstrates
 consistently faster convergence rate and attains a 16.67%
igher total reward than PPO, thereby indicating its superior
earning efficiency. 

 statistical performance evaluation was conducted using five
andom seeds for both the proposed DQN-based method and
he PPO baseline. The corresponding final and peak rewards
re summarized in Table 2 , where the final average reward
s computed as the mean value over the final 10% of train-
ng episodes. The results indicate that the proposed approach
chieves a higher mean reward and a smaller standard deviation,
ET Communications, 2026
demonstrating superior robustness, convergence stability, and
resistance to random fluctuations during training. 

4.2 HO Performance 

Figure 5 presents cumulative HOs of each algorithm during the
simulation. The results indicate that the proposed method yields
a slightly higher number of HOs compared to the graph-based
approach, which achieves the fewest. This difference is attributed
to the distinct decision mechanisms. In detail, the graph-based
algorithm selects satellites along a globally optimized connec-
tivity path, inherently preserving continuity and minimizing
HOs. In contrast, the proposed DRL method performs sequential
per–time-slot decisions, and its adaptive policy updates may
introduce minor action fluctuations, resulting in slightly more
HOs. Nonetheless, the proposed method significantly outper-
forms PPO and other satellite selection methods in reducing
the overall number of HOs. Importantly, excessive HOs result
in substantial signaling overhead, which poses a challenge in
resource-constrained emergency scenarios. 

Figure 6 shows the number of connection failures, with the
threshold data rate for link failure set to 10 Mbps. In emergency
7 of 13

tive C
om

m
ons L

icense



TABLE 2 Final and peak rewards over five random seeds. 

Metric Method S1 S2 S3 S4 S5 Mean ± std 

Final 
avg. 

Proposed 1710 1682 1629 1730 1745 1699.2 ± 44.6 
PPO 1546 1352 1549 1482 1452 1482.2 ± 84.5 

Peak Proposed 1977 1948 1973 1978 1982 1971.6 ± 13.8 
PPO 1913 1708 1860 1776 1768 1805.0 ± 80.8 

FIGURE 5 Comparison of cumulative HOs across different meth- 
ods. 

FIGURE 6 Comparison of cumulative failures across different 
methods. 
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TABLE 3 Comparison of average data rate, delay, and CF across 
satellite selection strategies. 

Strategy 
Data rate 
(Mbps) Delay (ms) CF (Hz) 

Max RST 10.96 27.25 867 
Max CNR 13.83 16.76 830 
TOPSIS 14.12 17.13 963 
SAW 14.57 16.79 910 
Graph 14.47 19.18 894 
PPO 14.81 19.20 795 
Proposed method 14.87 20.21 806 

TABLE 4 Sensitivity analysis of weights on HO and failure counts. 

Weight Setting HO 𝚫𝐇𝐎 (%) Fail 𝚫 Fail (%) 

Baseline (10, 8, 13, 8) 28 — 6 —
𝛼 − 20% (8, 8, 13, 8) 26 − 7 . 1 15 + 150 . 0 

𝛼 + 20% (12, 8, 13, 8) 25 − 10 . 7 24 + 300 . 0 

𝛽 − 20% (10, 6.4, 13, 8) 25 − 10 . 7 12 + 100 . 0 

𝛽 + 20% (10, 9.6, 13, 8) 28 0.0 12 + 100 . 0 

𝜁 − 20% (10, 8, 10.4, 8) 25 − 10 . 7 18 + 200 . 0 

𝜁 + 20% (10, 8, 15.6, 8) 29 + 3 . 6 10 + 66 . 7 

𝜂 − 20% (10, 8, 13, 6.4) 29 + 3 . 6 14 + 133 . 3 

𝜂 + 20% (10, 8, 13, 9.6) 33 + 17 . 9 12 + 100 . 0 
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re
cenarios, the wireless backhaul link must support high data rates
or applications such as high-definition video, 3D mapping, and
isaster monitoring. As illustrated, the proposed method achieves
he lowest number of connection failures among all approaches.
his indicates that the method can consistently select satellites
hat enable the VSAT to maintain a high-throughput and reliable
ink over the entire time horizon 𝑇. 
of 13

a

Additionally, average link-level metrics, including data rate,
delay, and computing frequency (CF), are evaluated. As shown
in Table 3 , the proposed method achieves the highest average
data rate, while incurring a modest increase in delay and a slight
decrease in computing frequency compared to other strategies.
This trade-off facilitates the establishment of a high-throughput
ground–satellite backhaul link in emergency scenarios, where
terrestrial infrastructure is often severely disrupted and satellite-
based backhaul may serve as a crucial communication link to the
outside world. 

To evaluate the sensitivity of the reward function with respect
to its weight parameters, a series of experiments was conducted.
Table 4 summarizes the corresponding results. In detail, each
parameter was perturbed by ± 20% while keeping the others
fixed, with the baseline weight setting defined as ( 𝛼, 𝛽, 𝜁, 𝜂) =
(10 , 8 , 13 , 8) . As shown in the table, although adjusting certain
IET Communications, 2026

tive C
om

m
ons L

icense



TABLE 5 HO performance at Location 1. 

Method HO Fail 
Data rate 
(Mbps) Delay (ms) CF (Hz) 

Proposed 23 36 12.15 23.21 1259.44 
PPO 24 42 11.82 24.36 1170.00 
TOPSIS 38 60 11.72 22.09 1243.33 
SAW 37 68 11.73 22.09 1163.89 
Graph 20 43 11.85 24.87 1190.00 
Max CNR 37 68 11.67 21.26 1102.78 
Max RST 35 106 9.14 30.69 1015.56 

TABLE 6 HO performance at Location 2. 

Method HO Fail 
Data rate 
(Mbps) Delay (ms) CF (Hz) 

Proposed 21 1 14.85 19.73 951.50 
PPO 23 4 14.60 19.86 1032.50 
TOPSIS 41 18 14.29 15.54 1043.50 
SAW 40 23 14.14 15.45 1106.50 
Graph 16 5 14.46 19.28 970.50 
Max CNR 43 34 14.01 14.88 939.00 
Max RST 51 95 10.61 27.68 919.00 
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TABLE 7 Deterministic disturbance scenarios. 

Scenario Type Slots Satellites Disturbance 

𝑃0 Baseline 0% 0% None 
𝑃1 BW-only 50% 50% BW ↓ 30% 

𝑃2 CNR-only 70% 70% CNR ↓ 50% 

𝑃3 Mixed 50% 50% BW ↓ 40%, CNR ↓ 50% 
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eights can slightly reduce the HO frequency, it leads to a
onsiderable increase in connection failures, indicating that
he chosen weight configuration provides an effective trade-off
etween HO frequency and connection reliability. 

.3 HO Performance Under Different Latitude 
cenarios 

o evaluate the impact of geographical latitude on HO per-
ormance, two additional disaster-prone locations at different
atitudes are considered. Location 1 corresponds to a low-latitude
egion within the Indonesian seismic belt, where satellite visi-
ility is limited and link quality is constrained by lower CNR
onditions. In contrast, Location 2 represents a high-latitude
egion within the Alaska seismic belt, where orbital convergence
eads to increased satellite visibility and higher elevation angles,
hereby yielding higher CNR. 

ables 5 and 6 summarize the HO performance at the low-
atitude and high-latitude locations, respectively. At Location 1,
he proposed method achieves fewer HOs, fewer connection
ailures, and a higher data rate compared with the baseline
ethods under constrained link conditions. Notably, the failure
ount is higher than that observed in the mid-latitude scenario
the Russia–Ukraine border region), primarily due to the reduced
atellite visibility and lower CNR conditions at low latitudes. 

t Location 2, where satellite visibility is higher and CNR
onditions are more favorable, the proposed method significantly
ET Communications, 2026
reduces the failure count while improving the data rate compared
with the low-latitude case. Moreover, it achieves the lowest failure
count and the highest data rate among all evaluated methods.
These results indicate that the proposed method effectively
supports high-throughput disaster information backhaul across
diverse geographical conditions. 

4.4 HO Performance Under Disturbance 
Scenarios 

To evaluate the robustness of the proposed method under time-
varying disturbances, two categories of disturbance are consid-
ered. The first category corresponds to deterministic scenarios, in
which the disturbance conditions are predefined and remain con-
stant throughout the evaluation. In contrast, the second category
introduces a stochastic disturbance setting designed to emulate
unpredictable environmental variations, wherein the affected
time slots, satellites, and the degradation levels of bandwidth and
CNR are randomly sampled within prescribed ranges. 

4.4.1 Deterministic Disturbance 

Table 7 summarizes the deterministic disturbance scenarios
considered in the evaluation. The baseline scenario 𝑃0 introduces
no degradation, while 𝑃1 , 𝑃2 , and 𝑃3 correspond to bandwidth-
only, CNR- only, and mixed- disturbance conditions, respectively.
For example, in scenario 𝑃1 , 50% of the time slots and satellites
experience a 30% reduction in available bandwidth, reflecting
severe resource contention. Scenario 𝑃2 represents CNR degrada-
tion induced by adverse weather conditions, whereas scenario 𝑃3 
imposes simultaneous reductions in both bandwidth and CNR to
reflect more severe disturbance conditions. 

Figure 7 compares the cumulative number of HOs obtained by the
proposed method and PPO under the deterministic disturbance
scenarios 𝑃0 –𝑃3 . Across all scenarios, the proposed method
consistently achieves fewer HOs than PPO. As the disturbance
severity increases from 𝑃0 to 𝑃3 , both methods experience an
overall rise in HO occurrences; however, the PPO curves exhibit
noticeably larger fluctuations, whereas the proposed method
maintains substantially more stable switching behavior. This sta-
bility indicates a stronger capability to accommodate bandwidth,
CNR, and mixed disturbances while suppressing unnecessary
HOs. It is worth noting that excessive HOs incur significant
signaling and power overhead, which is particularly undesirable
in resource-constrained emergency environments. 

Figure 8 presents the cumulative connection failures under the
deterministic disturbance scenarios 𝑃0 –𝑃3 . Consistent with the
9 of 13
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FIGURE 7 Comparison of cumulative HOs under 𝑃0 –𝑃3 . 

FIGURE 8 Comparison of cumulative failures under 𝑃0 –𝑃3 . 
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TABLE 8 Comparison of average data rate, delay, and CF under 
deterministic disturbance scenarios. 

Strategy 
Data rate 
(Mbps) 

Delay 
(ms) CF (Hz) 

Proposed method (P0) 14.87 20.21 806 
Proposed method (P1) 14.38 20.23 808 
Proposed method (P2) 14.12 20.33 803 
Proposed method (P3) 13.77 20.21 808 
PPO (P0) 14.81 19.20 795 
PPO (P1) 13.69 20.05 779 
PPO (P2) 13.13 20.11 952 
PPO (P3) 12.93 20.86 793 

TABLE 9 HO performance under stochastic disturbances. 

Method HO mean HO std Fail mean Fail std 

Proposed method 30.57 ± 2.96 26.58 ± 14.75 
PPO 52.75 ± 12.65 41.60 ± 17.03 
TOPSIS 50.70 ± 5.17 48.43 ± 9.89 
SAW 49.99 ± 3.79 47.87 ± 10.23 
Graph-based 29.27 ± 1.86 48.36 ± 11.40 
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O results shown in Figure 7 , the proposed method incurs fewer
ailures than PPO across all disturbance levels, indicating a more
eliable maintenance of satellite backhaul links. Furthermore,
s the impairment severity increases, the proposed method
xhibits noticeably smaller fluctuations, demonstrating a more
table response to bandwidth, CNR, and mixed degradations.
his stability is particularly critical in emergency environments,
s it helps ensure reliable data return from affected regions,
specially for services with stringent continuity and throughput
equirements, such as real-time video transmission and remote
edical assistance. 

able 8 reports the average data rate, delay, and CF achieved
nder the deterministic disturbance scenarios 𝑃0 –𝑃3 . The pro-
osed method consistently achieves a higher data rate than
PO, indicating more effective satellite selection in degraded
nvironments. Moreover, the proposed method exhibits smaller
ariations in both delay and CF, reflecting more stable link
onditions. This performance trade-off enables reliable and high-
hroughput ground–satellite backhaul in emergency scenarios. 

.4.2 Stochastic Disturbance 

o evaluate the performance of the proposed model in the
resence of unpredictable disturbances, a stochastic disturbance
cenario is introduced. Specifically, the proportion of affected
ime slots and satellites is randomly sampled between 30%
nd 50%, while the degradation levels of bandwidth and CNR
0 of 13
are randomly drawn from a 20%–50% range. In addition, the
disturbance type at each sampling instant is randomly selected
from bandwidth-only, CNR-only, and mixed impairment cases.
This configuration reflects the intrinsic randomness of real-world
satellite communication environments, where link quality can
fluctuate as a result of user contention, weather dynamics, or the
combined influence of multiple external factors. To obtain statis-
tically reliable performance evaluations, the stochastic scenario
is executed over 100 independent random seeds. The associated
HO, failure, and link-quality metrics are then gathered, with their
mean values and standard deviations reported below. 

Based on the results in Table 9 , the proposed method demon-
strates improved HO performance under stochastic disturbances
compared with different baseline algorithms. In particular, it
achieves a lower HO frequency and a smaller average number
of connection failures, indicating enhanced robustness. Com-
pared with PPO, a DRL-based method, the proposed approach
reduces the average HO count by 42.1% and the average failure
count by 36.1%, while maintaining lower variability in both
metrics. In addition, while the graph-based method attains the
lowest HO count, it exhibits a significantly higher failure rate.
This behavior is likely attributable to the global optimization
characteristic of the graph-based approach, which emphasizes
long-term optimality but exhibits limited responsiveness to rapid
channel degradation induced by stochastic disturbances. 

As shown in Table 10 , the proposed method achieves the high-
est average data rate under stochastic disturbance scenarios.
This result suggests that the proposed satellite selection strat-
egy can effectively exploit available link resources to enhance
IET Communications, 2026
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TABLE 10 Comparison of average data rate, delay, and CF under 
stochastic disturbance scenarios. 

Method 
Data rate 
(Mbps) Delay (ms) CF (Hz) 

Proposed 
method 

13.81 ± 0.56 20.25 ± 0.11 806.92 ± 6.31 

PPO 13.34 ± 0.72 20.24 ± 0.71 812.87 ± 46.28 
TOPSIS 13.05 ± 0.49 18.19 ± 0.24 976.00 ± 28.55 
SAW 13.08 ± 0.48 17.87 ± 0.20 958.28 ± 21.37 
Graph-based 13.24 ± 0.55 19.06 ± 0.29 941.72 ± 32.83 

TABLE 11 Ablation study under stochastic disturbances. 

Method 
HO 

mean HO std 
Fail 
mean Fail std 

DQN-Mix (proposed) 30.57 ± 2.96 26.58 ± 14.75 
DQN-NoDist 27.86 ± 3.22 39.31 ± 11.68 
DQN-BW 31.92 ± 2.55 34.19 ± 16.84 
DQN-CNR 36.40 ± 2.27 31.60 ± 16.66 
PPO-Mix 52.75 ± 12.65 41.60 ± 17.03 
PPO-NoDist 57.38 ± 12.29 49.60 ± 17.35 

TABLE 12 QoS performance ablation under stochastic distur- 
bances. 

Method 
Data rate 
(Mbps) Delay (ms) CF (Hz) 

DQN-Mix 
(proposed) 

13.81 ± 0.56 20.25 ± 0.11 806.92 ± 6.31 

DQN-NoDist 12.94 ± 1.21 20.61 ± 0.48 821.45 ± 35.27 
DQN-BW 13.26 ± 0.88 20.43 ± 0.32 815.30 ± 18.64 
DQN-CNR 13.08 ± 0.97 20.39 ± 0.29 813.84 ± 22.51 
PPO-Mix 13.34 ± 0.72 20.24 ± 0.71 812.87 ± 46.28 
PPO-NoDist 12.47 ± 1.35 20.88 ± 0.83 835.62 ± 51.74 
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TABLE 13 Training time of the proposed method and PPO under 
five random seeds. 

Seed 
Proposed 
(min) PPO (min) 

Avg. time/ 
episode (s) 

1 17.3 21.4 1.04/1.28 
2 16.8 20.9 1.01/1.25 
3 17.1 21.7 1.03/1.30 
4 17.5 20.8 1.05/1.25 
5 16.9 21.2 1.02/1.27 
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rea
he throughput of the ground–satellite backhaul link while
mproving robustness against disturbances, which is critical
or disaster-response communications under dynamically vary-
ng environments. 

ables 11 and 12 present the ablation results under stochastic
isturbance scenarios, where different disturbance-related mod-
les incorporated in the DQN training are selectively removed
o assess their impact on HO and link performance. Specifically,
he proposed DQN-based framework is evaluated under several
blation settings, including mixed disturbance modeling that
ncorporates both CNR and bandwidth disturbances (DQN-Mix),
o-disturbance training (DQN-NoDist), and partial disturbance
odeling considering either bandwidth or CNR (DQN-BW and
QN-CNR). 
ET Communications, 2026
Notably, the proposed method (DQN-Mix) achieves a lower HO
frequency and the lowest number of connection failures, while
maintaining a high average data rate. By comparison, DQN-
NoDist results in fewer HOs than DQN-Mix but exhibits a higher
number of connection failures. This behavior is attributed to
the training of DQN-NoDist under ideal channel conditions.
As a result, when link quality degrades due to stochastic dis-
turbances, the policy tends to maintain existing connections,
leading to fewer handovers but more frequent connection fail-
ures. DQN-BW and DQN-CNR exhibit intermediate performance
and remain less robust than DQN-Mix, indicating that jointly
modeling both CNR and bandwidth disturbances during training
is essential for reliable decision-making. 

Both PPO-Mix and PPO-NoDist result in higher HO counts and
connection failures than the DQN-based methods, with PPO-
NoDist exhibiting the lowest overall performance. The observed
performance gap stems from the inherent differences between
value-based and policy-gradient methods. For the satellite selec-
tion problem considered in this work, the action space is discrete
and relatively small, while the environment is characterized by
abrupt variations in link quality and sparse reward signals. Under
such conditions, a DQN is well suited to learning stable state–
action value estimates by effectively leveraging long-term reward,
thereby facilitating more effective HO decisions. By contrast, PPO
relies on stochastic policy updates that are more sensitive to
reward variance and fluctuations caused by channel and resource
variations, which can hinder the learning of stable HO policies in
discrete and highly dynamic environments. 

4.5 Computational Efficiency and Complexity 
Analysis 

4.5.1 Computational Efficiency Evaluation 

To assess computational efficiency, both the proposed DQN-
based method and the PPO algorithm were trained under five
random seeds using identical simulation environments and
hyperparameter configurations. All experiments were conducted
on a laptop equipped with an Intel Core i7-1370P CPU (14
cores, 20 threads). The corresponding total training times were
recorded and analyzed for comparative evaluation. As shown in
Table 13 , the proposed method consistently required less total
training time than PPO across all seeds. Specifically, the proposed
approach completed training in about 17 min, while PPO required
approximately 21 min, reflecting a 19% reduction in training
11 of 13
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 articles are governed by the applicable C
re
ime. Together with the reward results shown in Table 2 , the
esults indicate that the proposed DQN-based framework pro-
ides higher computational efficiency than PPO. This advantage
akes it well suited for emergency communication scenarios
ith limited computational resources. 

.5.2 Computational Complexity Analysis 

he proposed method adopts a value-based DQN framework
onsisting of a Q-network and a target network. Let 𝑁ep denote
he number of training episodes, 𝑇 the number of time slots per
pisode, 𝐵 the mini-batch size used in experience replay, and
the number of learnable parameters in the neural network.
uring training, DQN selects actions through a single forward
ass at each decision step, while network parameters are updated
ia mini-batch temporal-difference learning. Accordingly, the
raining complexity of DQN can be approximated as 𝑂

(
𝑁ep 𝑇𝐵 𝑃

)
.

n contrast, PPO adopts an actor–critic architecture, in which
he actor and critic networks are optimized jointly. Let 𝑃𝑎 and
𝑐 denote the numbers of learnable parameters in the actor and
ritic networks, respectively, and 𝑀 the number of policy update
pochs per batch. Therefore, the training complexity of PPO
an be approximated as 𝑂

(
𝑁ep 𝑇𝑀( 𝑃𝑎 + 𝑃𝑐 )

)
. Importantly, PPO

equires the optimization of two networks and multiple policy
pdate epochs, leading to higher computational complexity than
he proposed DQN-based method under comparable settings. 

 Conclusion 

n this paper, we propose a DRL-based adaptive satellite selection
ethod for VSATs to establish reliable and high-throughput
round–satellite backhaul links in dynamic emergency scenarios.
pecifically, a reward function is designed to jointly balance
ink quality, HO frequency, and connection failures, thereby
nsuring reliability and efficiency in terrestrial–satellite con-
ectivity. Moreover, disturbances that may arise in the satellite
onstellation are incorporated into the training process, thereby
ignificantly enhancing the robustness of the learned policy.
imulation results demonstrate that the proposed method not
nly reduces connection failures and HOs, but also maintains
table performance under unpredictable disturbance conditions,
nabling reliable and high-throughput wireless backhaul for
mergency communications. 
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