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Abstract
The Offshore Communication Network (OCN) is an Internet of Vehicles system that con-
nects fishing vessels at sea, enabling communication and internet access to support sus-
tainable growth in the blue economy. The dynamic maritime environment and limited 
infrastructure make it challenging to ensure low-latency and high-reliability transmission, 
especially for multimedia messages with strict quality demands. To address these chal-
lenges, this paper proposes an adaptive transmission queue scheduling framework for 
multimedia and text messages in the OCN. The framework combines a multidimensional 
quasi-birth-and-death queuing model to analyze queue states and loss rates with Deep 
Reinforcement Learning (DRL) to dynamically adjust queue priorities in response to real-
time network conditions. In addition to enhancing lower layer performance, the proposed 
solution is designed to maintain application-level quality of service for critical offshore 
operations, including emergency response coordination, real-time multimedia exchange 
for maritime safety, and mission-critical reporting. Experimental results demonstrate that 
the intelligent transmission queue scheduling scheme reduces queue delay and loss rate, 
thus improving operational efficiency and enabling IoT-driven sustainable marine resource 
management.

Keywords  Maritime IoT network · Internet of vehicles · Deep-sea fishing 
communication · Adaptive transmission scheduling · Queuing theory · Reinforcement 
learning

1  Introduction

A significant challenge encountered in deep-sea fishing relates to the lack of affordable 
offshore communication solutions capable of operating over long distances from the shore. 
Conventional communication technologies, such as cellular networks and marine radio sys-
tems, offer limited offshore connectivity, typically extending only up to 20 km. However, 
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fishing operations often extend well beyond distances of 100 km from the shore. Currently, 
fishermen rely on handheld radios for communication, which are proving to be unreliable, 
particularly under adverse sea conditions. In addition, the coverage of the cellular network 
is restricted to just 15 km from the shore. Although satellite telephone systems provide 
communication capabilities across vast distances, their high cost makes them impractical 
for widespread adoption. Consequently, due to the lack of low-cost and real-time commu-
nication options, fishermen remain disconnected from the world, even in life-threatening 
emergencies. Real-time communication is essential for the transmission of multimedia data 
that supports emergency management and sustainable fishing practices. To address these 
limitations, Rao et al. proposed offshore communication network (OCN), a network of fish-
ing vessels designed to overcome the limitations of traditional communication methods 
in remote maritime environments  [1]. Through OCN, fishermen can utilize smartphones 
equipped with internet access on board for multimedia data sharing and text messaging, 
enabling seamless connectivity with the external world directly from their vessels.

Unlike typical vehicular networks, which are designed for land-based vehicles operating 
within road infrastructure, OCN must address the unique challenges presented by maritime 
environments. These challenges include the effects of wave-induced mobility on fishing 
vessels, the influence of severe weather conditions on wireless signals, the limitations in 
installing additional infrastructure, and the misalignment of directional antennas. Even after 
a network has been established, nodes may encounter unpredictable movements induced by 
sea waves, resulting in rapid changes in topology due to antenna orientation, vessel rock-
ing, and propagation effects. This results in abrupt fluctuations in link quality. Yao et al. 
conducted a comprehensive review of the challenges in maritime networks and highlighted 
its similarities with terrestrial networks [2]. These factors complicate the implementation of 
OCN, which requires adaptations to maintain service quality.

1.1  Architecture of OCN

The offshore communication network, as described by Rao et al. is a heterogeneous network 
composed of fishing vessels that aim to provide internet connectivity across the ocean [1]. 
The architecture of the OCN involves a decentralized self-organizing system in which each 
fishing vessel operates as a node within the network. The ad-hoc nature of the network 
allows vessels to autonomously join or leave the system as they navigate the ocean, ensuring 
uninterrupted connectivity regardless of their location.

Figure 1 presents the architecture. A comprehensive description of the communication 
architecture and OCN routing schemes can be found in companion papers [1, 3–6]. In OCN, 
fishing vessels are classified into three categories based on their communication resources: 
access nodes, adaptive nodes, and supernodes. Access nodes consist solely of a wireless 
access router (AR), adaptive nodes have one adaptive back-haul equipment (ABE) and 
super nodes contains two ABEs and one AR. Adaptive and supernode is also referred to as 
long-range (LR). In fishing vessels, each AR is equipped with an omnidirectional antenna, 
enabling it to provide a Wi-Fi signal within a 500 m radius and connect devices like smart-
phones, tablets, and nearby ARs. ABEs, on the other hand, use 120◦ sector antennas to 
establish connectivity over distances of up to 20 km via long-range Wi-Fi links.

The architecture of the OCN is organized into three tiers: Layer 0 which consists of a 
mesh network of access nodes utilizing Wi-Fi links; Layer 1 which establishes the ad-hoc 
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backbone network comprising long-range Wi-Fi nodes; Layer 2 which constitutes the net-
work of base stations. Machine learning techniques are employed on offline data within 
Layer 2 nodes, with the resulting models subsequently transmitted to edge nodes within 
Layers 0 and 1. These edge nodes then update the offline model parameters using real-
time data. A preliminary implementation of the OCN architecture was assessed in the Ara-
bian Sea from a coastal village in the state of Kerala, India. During field tests, the network 
exhibited a minimum range of 50 km in the initial hop and maintained a range of 20 km in 
subsequent hops.

1.2  Our contributions

In OCN, there are four types of traffic: emergency alerts, data, voice, and video, each with 
varying priorities. Emergency alerts require timely delivery, while real-time multimedia 
messages must comply with specific quality standards. The packet scheduling algorithm 
at the MAC layer determines the transmission sequence from the queue, ensuring efficient 
processing to minimize packet drops and maintain timely service delivery. In static priority 
systems, packets with higher priorities induce delays for lower priority packets. In contrast, 
dynamic prioritization methods require additional input from applications to effectively 
assign traffic priorities. Service differentiation in multiqueue systems requires the selection 
of the optimal service queue and the assignment of incoming messages to the appropriate 
queue to maintain the desired quality of service. Given the dynamic nature of traffic pat-
terns, variable node density, and intermittent connectivity in OCN, an intelligent scheduling 
strategy is essential for accurately modeling outbound multi-priority packet traffic.

This paper addresses the challenge of efficiently managing transmission queues within 
a node’s allocated channel access time by proposing a multi-priority queuing architecture 
with adaptive prioritization specifically designed for OCN. Leveraging continuous-time 
Markov chain theory and the quasi-birth-and-death process, we present a queuing analytical 

Fig. 1  Architecture of offshore communication network [1]

 

1 3

Page 3 of 25     84 



Multimedia Tools and Applications           (2026) 85:84 

model for the OCN transmission queue, which estimates the queue length and loss rate for 
different packet types. Due to dynamic traffic conditions, it is necessary to regularly update 
the priority of queues. A reinforcement learning agent is used to learn and adjust queue pri-
orities based on current traffic requirements and performance metrics. When the RL agent 
develops a new policy for queue priorities based on the observed environment, an event-
driven mechanism triggers the queue-length estimation process. This approach enables the 
system to recalculate and update the estimated queue lengths and loss rates, ensuring effi-
cient and adaptive queue management.

The primary contributions of this paper are as follows.

	● Propose a multi-priority queuing architecture with adaptive message prioritization de-
signed for OCN to optimize transmission queue management.

	● Develop an event-driven queuing analytical model using the quasi-birth-death process 
to estimate queue lengths and loss rates for different packet types in the OCN transmis-
sion queue.

	● Introduce a deep reinforcement learning strategy that dynamically learns and adjusts 
queue priorities based on real-time traffic demands and performance metrics.

The remainder of this paper is structured as follows. Section 2 reviews previous research 
on the scheduling of transmission queues in wireless nodes. Section 3 discusses the quasi-
birth-and-death model for OCN transmission queue management, supplemented by a deep 
reinforcement learning algorithm. Section 5 presents the experimental results, followed by 
the concluding remarks in Section 6.

2  Related work

Transmission queue scheduling plays an important role in controlling access to the shared 
wireless medium, particularly in extreme environments that require reliable communication. 
Since the queue state directly impacts the Quality of Service (QoS), numerous queue-aware 
scheduling algorithms have been developed to optimize packet forwarding from the queue, 
with the goal of maximizing throughput, minimizing delay, and ensuring fair resource allo-
cation [7–12]. Early studies on scheduling focused solely on the network layer  [13], but 
later cross-layer design strategies are also considered  [14, 15]. For instance, Muzakkari 
et al. proposed an energy-efficient and QoS-aware protocol with a duty cycle scheme that 
adapts to queue size and priority class, reduces delays for high-priority packets and supports 
time-bounded delivery [8]. A survey of medium access methods for providing QoS in ad hoc 
networks is presented in [16].

Priority queueing and differentiated services are the fundamental techniques applied to 
manage traffic [17, 18]. In priority queuing systems, multiple queues are used at the MAC 
layer to store packets based on preferences. When the node has the opportunity to access the 
channel, its scheduler selects the highest priority packets. Service differentiation is the most 
used method, which prioritizes flows or packets and maps to quality [19]. Priority assign-
ment can be static—based on fixed attributes like traffic type or source—or dynamic, adapt-
ing based on factors such as hop count or packet expiry [20–24]. Hybrid schemes are also 
used in heterogeneous environments [25]. Traffic classes may be managed using single or 
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multiple queues. Single-queue systems struggle with prioritization under long queues, while 
multi-queue architectures offer simplicity, but face challenges in accurately ranking queue 
importance in dynamic environments [26]. However, the main challenge in these systems is 
to accurately prioritize each queue in the presence of dynamic traffic.

To better understand queuing behavior, analytical models have been proposed. Ozdemir 
et al. modeled service time using Markov-modulated processes in single-hop wireless set-
tings  [27], while Tickoo et al. derived the average queuing delay for IEEE 802.11 net-
works  [28]. Ray et al. used queuing theory to model linear wireless networks  [29], and 
Bisnik et al. extended this to multihop networks, though only with stationary nodes [30]. 
Other models include Deepak et al.’s discrete phase-type distribution [31] and Dey et al.’s 
quasi-birth-and-death process for analyzing packet waiting time [32]. The authors derived 
statistical characteristics such as packet waiting time probability distributions, but these 
results were not utilized in the transmission queue scheduling. Liu et al. presented a QoS-
aware MAC protocol for wireless sensor networks using a multi-queue architecture [23], 
and Ben et al. proposed a queue classification and scheduling model based on fixed priority 
levels [26]. In this protocol, queues are assigned fixed priority and packets are classified 
into predetermined priority levels based on the importance of the packets received from the 
source node. Tickoo et al. also introduced a discrete-time G / G / 1 queue analysis for IEEE 
802.11 MACs [28]. Fallahi et al. examined queue dynamics due to sleep-wake mechanisms 
in energy-sensitive MAC protocols [33]. However, most of these analytical models do not 
address adaptive transmission scheduling or multi-priority traffic handling under dynamic 
conditions.

Recent studies have explored reinforcement learning approaches for MAC-level sched-
uling and queue management. Azzino et al. introduced a RL-based scheduling mechanism 
to determine the optimal duration of contention-free access periods in IEEE 802.11ad to 
improve overall network efficiency[34]. In another study, Pratama et al. proposed a low-
latency Q-learning approach for 6TiSCH networks to optimize cell allocation to reduce 
latency[35]. In addition, deep RL techniques have been widely applied to improve traffic 
scheduling and resource allocation in diverse network environments. Song et al. developed 
a low-power queue management system based on deep RL for IoT sensor networks, ensur-
ing QoS [36]. Wu et al. proposed an SDN-based multilayered traffic scheduling architecture 
for data center networks, leveraging traffic criticality and cost metrics in a Deep Q-Net-
work [37]. Cong et al. proposed multiagent reinforcement learning to optimize task offload-
ing in the Internet of Vehicles under dynamic network conditions [38]. Xue et al. presented 
a deep reinforcement learning-based task scheduling scheme for a multiuser IoV network to 
reduce latency[39]. In industrial IoT scenarios, Yu et al. introduced Deep-DFS, a determin-
istic scheduler that guarantees bounded latency using a Deep RL framework [40]. Zhang et 
al. presented a deep RL-based delay-aware scheduler for 5G radio access networks [41]. For 
time-sensitive networking over IEEE 802.11, Kim et al. proposed a deep RL-based sched-
uler that learns transmission patterns under dynamic conditions [42].

Deep RL has been successfully applied to more specialized and constrained environ-
ments. Ma et al. proposed a model-free queue management framework that learns optimal 
packet dropping strategies to mitigate buffer congestion while preserving throughput [43]. 
Forero et al. employed a Deep RL algorithm based on soft actors and critics to optimize 
bandwidth allocation and traffic prioritization in underwater acoustic networks, address-
ing congestion and high-delay challenges [44]. In sensor networks, Song et al. introduced 
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a Deep RL model to intelligently control the actions of the head of the cluster, balancing 
energy usage and data freshness for stable performance [36]. Finally, Stoltidis et al. explored 
the application of Deep RL to improve active queue management in 5G and beyond net-
works, offering improved adaptability and responsiveness to dynamic traffic demands [45].

The above review highlights the significant progress made in queue management and 
scheduling using both analytical and learning-based approaches across diverse network 
environments. While traditional models provide insights into queuing dynamics, they often 
lack adaptability to real-time, multi-priority traffic scenarios. Recent improvements in rein-
forcement learning offer more adaptable solutions in dynamic network conditions. Building 
on these developments, this work proposes a DQN-based dynamic message priority assign-
ment scheme integrated with queuing analytical models. This approach aims to improve the 
management of the transmission queue and the network performance in OCNs which are 
characterized by resource constraints, high variability, and the need for reliable low-latency 
communication.

3  Quasi birth death model for OCN transmission queue management

The Quasi Birth Death (QBD) model is a mathematical framework to analyze systems 
characterized by a structured sequence of states and transitions. These transitions typically 
involve births, where entities are added to the system, and deaths, where entities are removed. 
A birth-death (BD) process is a Markov process on the state space S = {0, 1, 2, ...} where 
transitions are between adjacent states: from state i to states i + 1 and i − 1. Assuming that 
the arrival to the queuing system follows a Poisson process and has an exponentially distrib-
uted service time, then the queuing system represents a BD process [46].

The transitions from any state i to any other state j must traverse all intermediate states 
without skipping any state. QBD process is a generalization of the BD process. A con-
tinuous-time QBD process Ω = {(Xk, Jk), k ≥ 0} constitutes a continuous-time Markov 
chain with a state space {(0, j); 1 ≤ j ≤ a}

∪
{(n, j); n ≥ 1, 1 ≤ j ≤ b}, where a and b 

represent positive integers. The state space can be partitioned into levels, with each level l 
containing k phases. The one-step transitions from a state in level i, i ≥ 1 proceed to a state 
in level i − 1, i, or i + 1. If the transition rates are independent of levels, then the QBD pro-
cess is referred to as a level-independent QBD process. Since the transitions of level inde-
pendent QBD process with state space {(0, j); 1 ≤ j ≤ a}

∪
{(n, j); n ≥ 1, 1 ≤ j ≤ b} 

are only to the neighboring levels or within the same level, the process has a generator 
matrix with block-tri-diagonal structure.

In OCN, messages are categorized into four types: emergency alerts (E), data (D), voice 
(A), and video (V). Emergency traffic takes precedence over all other types. The priorities 
of the remaining three types dynamically adapt to the communication context. Each node 
in the network functions as a server for packet transmission, equipped with buffer space to 
store packets. Whenever a node needs to transmit a message, it classifies the traffic types 
E , D, A, and V , respectively. The node chooses a transmission policy based on the queue 
length that maximizes the available resources. The preliminary design of the QBD model 
has been discussed in prior work by Simi et al. [47]. This study expands the existing model 
and incorporates a reinforcement learning based queue prioritization to manage the dynam-
ics of OCN.
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The model under consideration involves a non-preemptive priority queuing system that 
accommodates four message types. Each message type follows an independent Poisson pro-
cess with arrival rates denoted by λ1, λ2, λ3 and λ4 respectively. All queues are equipped 
with individual finite capacity buffers of size θ. If a buffer reaches its capacity for any 
message type, incoming messages of that type are lost. The priorities of these queues are 
context-dependent and determined by a vector ⟨p1, p2, p3, p4⟩, where pi is normalized 
within the range of 0 to 1. The priority of emergency alert messages, p1, remains the highest 
and is statically set. The priorities of the remaining message types are dynamically adjusted 
using a reinforcement learning strategy detailed in Section 4.

The service times for each type of message are exponentially distributed with param-
eters µ1, µ2, µ3, and µ4, and are served based on probabilities p1, p2, p3, and p4. The 
probability of serving the queue adheres to p1 + p2 + p3 + p4 = 1, p1 > p2, p1 > p3, and 
p1 > p4. High-priority queues are preferred over low-priority queues for service. However, 
the arrival of a new packet in a high-priority queue does not interrupt the transmission of 
a packet in a lower-priority queue that is currently being served. A single-server system is 
assumed, as a single node processes all requests. The server provides a non-preemptive 
service to the highest priority queue. Upon the completion of message transmission, the 
server can: (a) enter an idle state if all queues are empty, (b) select a message from a non-
empty queue following FIFO order if only one queue is non-empty, or (c) choose the highest 
priority queue and serve packets in FIFO order if multiple queues contain packets. The non-
preemptive multi-priority transmission queue model is shown in Fig. 2.

The sequel uses the following notations in the node transmission queue Tq .
nt: Number of emergency packets in the Tq  at time t.
it: Number of data packets in Tq  at time t.
jt: Number of audio packets in Tq  at time t.
kt: Number of video packets in Tq  at time t.
The transmission queuing system for OCN can be described by the QBD process, which 

is a four-dimensional irreducible continuous-time Markov chain defined by (1).

	 X(t) = {(nt, it, jt, kt), 0 ≤ nt, it, jt, kt ≤ θ, t ≥ 0}� (1)

The states of X(t) are arranged in lexicographic order as in (2).

Fig. 2  Model of non-preemptive multi-priority transmission queue with single server
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	 Z = {(nt, it, jt, kt) | 0 ≤ nt, it, jt, kt ≤ θ}� (2)

The random variable nt is referred to as the level of the process at time t, whereas the vari-
ables (it, jt, kt) represent the phase of the process at time t. Consequently, {X(t), t ≥ 0} is 
a level-independent QBD process defined on the state space {0, 1, ..., θ} × {0, 1, ..., θ} × 
{0, 1, ..., θ} × {0, 1, ..., θ} whose generator Q possesses a block tri-diagonal representation, 
as illustrated in matrix (3).

	

Q =




B0 B1 0 0 0 · · · 0
B2 A1 A0 0 0 · · · 0
0 A2 A1 A0 0 · · · 0
0 0 A2 A1 A0 · · · 0
...

...
...

...
. . .

. . .
...

0 0 0 0 · · · C0 C1




� (3)

This transition rate matrix corresponds to the definition of a QBD, where each 
entry in the Q matrix is a matrix, and each row sum of Q is zero. Also, for each 
level nt = 0, 1, 2, .., θ, B0 + B1, B2 + A1 + A0, A0 + A1 + A2 and C0 + C1 
are equal to 0. For nt ≥ 1, the process can have transitions from (nt, it, jt, kt) 
to (nt − 1, it, jt, kt), (nt + 1, it, jt, kt), (nt, it + 1, jt, kt), (nt, it, jt + 1, kt), 
(nt, it, jt, kt + 1), (nt, it − 1, jt, kt), (nt, it, jt − 1, kt) and (nt, it, jt, kt − 1). The process 
make transition from (nt, it, jt, kt) to (nt + 1, it, jt, kt) with rate λ1 and transition from 
(nt, it, jt, kt) to (nt − 1, it, jt, kt) with rate µ1 with a probability p1. The rate of transi-
tion from (nt, it, jt, kt) to (nt, it + 1, jt, kt), (nt, it, jt + 1, kt), (nt, it, jt, kt + 1) is 
λ2, λ3, and λ4. Also, µ2, µ3, and µ4 represents the transition rate from (nt, it, jt, kt) to 
(nt, it − 1, jt, kt), (nt, it, jt − 1, kt) and (nt, it, jt, kt − 1) with probability p2, p3 and p4 
respectively. Then, the matrix Q has a block diagonal structure. The transition diagram is 
shown in Figure 3 and Figure 4. Each state of the node is represented by a 4- tuple ⟨ t1, t2, 
t3, t4 ⟩ where ti is the number of messages present in QE , QD, QA, and QV . (4) to (13) 
shows the sub matrices of transition matrix Q.

	

A1 =




A11 A12 0 0 · · · 0
A13 A11 A12 0 · · · 0
0 A14 A11 A12 · · · 0
0 0 A14 A11 · · · 0
...

...
...

...
. . .

...
0 0 0 0 · · · A∗

11




� (4)

where A∗
11 = A11 + A12.

	

A11 =




A111 A112 0 0 · · · 0
A113 A111 A112 0 · · · 0

0 A113 A111 A112 · · · 0
0 0 A113 A111 A112 0
...

...
... A113

. . .
...

0 0 0 0 · · · A∗
111




� (5)
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where A∗
111 = A111 + A112.

	

A12 =




λ2I 0 · · · 0
0 λ2I 0 0
... 0

. . .
...

0 0 · · · λ2I


� (6)

Fig. 4  Detailed transition diagram of QBD process with four priority messages

 

Fig. 3  Transition diagram of QBD process with four priority messages
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A13 =

[
µ3 0
0 µ2I

]
� (7)

	

A14 =




µ2I 0 · · · 0
0 µ2I 0 0
... 0

. . .
...

0 0 · · · µ2I


� (8)

	

A111 =




−(λ2 + λ3 + λ4 + µ2 + µ3) λ4
µ4 t
...

...
0 0

· · ·

· · ·

0 · · · 0
λ4 · · · 0
0 · · · 0
...

. . .
...

0 · · · −(λ2 + λ3 + µ2 + µ3 + µ4)




� (9)

where t = −(λ2 + λ3 + λ4 + µ2 + µ3 + µ4)

	 A112 = λ3.I � (10)

	 A113 = µ3.I � (11)

	

A2 =




λ1I 0 · · · 0
0 λ1I 0 0
... 0

. . .
...

0 0 · · · λ1I


� (12)

	

A0 =




0 0 0 · · · 0
µ1I 0 0 0 0
0 µ1I 0 0 0
... 0 µ1I

. . .
...

0 0 0 · · · 0


� (13)

3.1  Steady state analysis

For determining the stability condition, we define A = A0 + A1 + A2 as shown in (14).

	

A =




D1 L2 0 0 0 · · · 0
M2 D2 L2 0 0 · · · 0
0 M2 D2 L2 0 · · · 0
0 0 M2 D2 L2 · · · 0
...

...
...

...
. . .

. . .
...

0 0 0 0 · · · M2 D3




� (14)
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where

	
L2(j, k) =

{
λ2 if k = j
0 otherwise

	
M2(j, k) =

{
µ2p2 if k = j
0 otherwise

Let ϕ = {ϕ0, ϕ1, .., ϕθ−1} be the steady-state vector of A. Then ϕ satisfies the equations 
ϕA = 0, ϕe = 1.

	

[ϕ0, ϕ1, ..., ϕθ−1]




D1 L2 0 0 0 · · · 0
M2 D2 L2 0 0 · · · 0
0 M2 D2 L2 0 · · · 0
0 0 M2 D2 L2 · · · 0
...

...
...

...
. . .

. . .
...

0 0 0 0 · · · M2 D3




= 0

	

ϕ0D1 + ϕ1M2 = 0
ϕ0L2 + ϕ1D2 + ϕ2M2 = 0

...
ϕθ−2L2 + ϕθ−1D3 = 0

	
ϕi =

{
ϕi−1D1M2

−1, if i = 1
−[ϕi−2L2 + ϕi−1D2]M2

−1, if i = 2, 3, .., θ − 2
−[ϕi−1L2]D3

−1, if i = θ − 1
� (15)

We can obtain all values of ϕ in terms of ϕ0 from (15).

3.2  Stability condition

The matrix A = A0 + A1 + A2 is considered to examine the system stability. 
This is the infinitesimal generator of the finite state continuous time Markov chain 
X(t) = {(nt, it, jt, kt), 0 ≤ nt, it, jt, kt ≤ θ, t ≥ 0} . Let πl = (π0,π1,π2, . . . πk) be 
the stationary probability vector in the QBD process with a generator matrix shown in (14). 
The ith element of πl represents the stationary probability that the QBD process is in phase 
i of level l.

Theorem 1  The multi-queue system with dynamic priorities under study is stable if and only 
if λ1 < µ1 p1 .

Proof  This Markov chain is stable if and only if the left drift rate exceeds the right drift rate.

	 πA0e < πA2e� (16)
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From the matrices A0, A2, we have πA0e = λ1
∑θ

i=1 πie and πA2e = µ1p1
∑θ

i=1 πie. 
Using the relation 16, the stability condition λ1 < µ1p1 is obtained. Thus a multi-queue 
system with dynamic priorities under study is stable.

3.3  Steady state probability vector

Assuming that the stability condition in (16) is satisfied, the computation of the steady state 
probability of the system state is defined as follows:

Let π denote the steady-state probability vector of the generator Q. Then we have

	 πQ = 0, πe = 1� (17)

Partitioning π as π = (π0, π1, π2, ...) then each of the sub vectors as:
xn1 = {xn1 (n2, n3, n4); 0 ≤ n2, n3, n4 ≤ θ, n1 ≥ 0}.
π under the assumption that the stability condition in (16) holds is obtained as:

	 πn = πn−1R; n ≥ 1� (18)

where R is the minimal non-negative solution of the matrix quadratic equation:

	 R2A2 + RA1 + A0 = 0� (19)

and the boundary equations are given by

	 π0B0 + π1B1 = 0, π0B1 + π1A1 + π2A2 = 0� (20)

The normalizing condition (17) gives

	 π0e + π1(I − R)−1e = 1� (21)

To compute matrix R, the logarithmic reduction algorithm is used [48].

3.4  Performance measures

Let n1, n2, n3, n4 be the number of each type of message at time t in the node’s transmission 
queue. We define the performance measures as follows:

	● Expected number of messages: The expected number of messages in each sub queue is 
denoted by η1, η2, η3, η4 and it is formulated as 

	
η1 =

∞∑
n1=0

θ∑
n2=0

θ∑
n3=0

θ∑
n4=0

n1xn1 (n2, n3, n4)
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η2 =

∞∑
n1=0

θ∑
n2=0

θ∑
n3=0

θ∑
n4=0

n2xn1 (n2, n3, n4)

	
η3 =

∞∑
n1=0

θ∑
n2=0

θ∑
n3=0

θ∑
n4=0

n3xn1 (n2, n3, n4)

	
η4 =

∞∑
n1=0

θ∑
n2=0

θ∑
n3=0

θ∑
n4=0

n4xn1 (n2, n3, n4)

	● Loss rate: The loss rate in each queue is given by 

	
LE = λ1

∞∑
n1=0

θ∑
n2=0

θ∑
n3=0

θ∑
n4=0

xn1 (n2, n3, n4)

	
LD = λ2

∞∑
n1=0

θ∑
n3=0

θ∑
n4=0

xn1 (θ, n3, n4)

	
LA = λ3

∞∑
n1=0

θ∑
n2=0

θ∑
n4=0

xn1 (n2, θ, n4)

	
LV = λ4

∞∑
n1=0

θ∑
n3=0

θ∑
n4=0

xn1 (n3, n4, θ)

	● Probability of server being busy 

	
B =

∞∑
n1=0

θ∑
n2=0

θ∑
n3=0

θ∑
n4=0

xn1 (n2, n3, n4)

To estimate queue length and loss rate using the QBD model, the system first initializes the 
parameters, which include arrival and service rates for each queue level. A transition matrix 
is subsequently constructed to define the probabilities of transitioning between different 
queue states. Matrix-analytic methods are applied to solve the QBD model, enabling us 
to analyze queue length and loss rate. In the dynamic OCN environment, it is essential to 
adjust queue priorities to align with real-time traffic conditions. As queue priorities change, 
transition probabilities must also be updated, while arrival rates are adjusted to reflect fluc-
tuations in network traffic, and service rates are modified according to the new priorities. 
For this purpose,an intelligent method is required to adaptively learn optimal queue priori-
ties. In the following subsection, we discuss how a reinforcement learning strategy can be 
employed to learn these priorities and effectively update queue estimates.

1 3

Page 13 of 25     84 



Multimedia Tools and Applications           (2026) 85:84 

4  Reinforcement learning based transmission queue scheduling

A significant challenge in multiqueue architectures is determining which queue to serve 
next. In static priority queuing systems, packets from higher priority queues are prioritized, 
resulting in increased delays for lower priority packets. To address this issue, dynamic 
adjustment of queue priorities is essential. We introduce a deep reinforcement learning 
approach that adaptively modifies queue priorities based on observed traffic patterns and 
performance metrics within the OCN environment [49]. By integrating domain knowledge 
from queuing theory into DRL frameworks, the system can autonomously learn priorities 
that respond to fluctuating traffic demands.

Figure  5 shows the architecture of the priority-based DRL scheduler. The scheduler 
assigns priority to each queue except the emergency queue in each epoch and observes the 
performance metrics. Based on the performance, the priority assignment has to be done in 
the next stage. This dynamic priority assignment is modeled as a reinforcement learning 
problem. Each node acts as an agent, and the environment sets all queues. The agent’s goal 
is to minimize transmission delay and loss rate from the queue.

The Markov Decision Process for modeling the DRL agent is defined as follows:
	● State: The state of the agent at time t, denoted as St consists of the queue lengths of the 

dynamic priority queues, its current priority, and performance parameters. It is defined 
as St =

{
Q⃗exp, P⃗ , η⃗

}
, where Q⃗exp = [E[LD], E[LA], E[LV ]] represents the expected 

queue lengths for the data, audio, and video traffic types, derived from the QBD model. 
The vector P⃗ = [PD, PA, PV ] denotes the current priority assignment for each queue, 
where higher values indicate higher transmission priority. The performance metrics η⃗ 
include the packet loss rates η⃗loss = [ρD, ρA, ρV ] and the average transmission delays 
η⃗delay = [dD, dA, dV ], computed over a recent time window. Also, η⃗ includes the es-
timated traffic arrival rates λ⃗ = [λD, λA, λV ], and the link utilization factor u, which 
gives the proportion of available bandwidth currently in use.

	● Action: Agent action is the priority assignment for each queue. A = a1, a2, ..., am where 
ai corresponds to the priority level of queue i, where each ai ∈ {1, 2, . . . , P}. 

	 A = {(a1, a2, . . . , aQ) | ai ∈ {1, 2, . . . , P}, ∀i ∈ [1, Q]}

Fig. 5  Architecture of RL-based packet scheduler
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 To avoid assigning the same priority to multiple queues, the agent selects from the set of 
all possible permutations of distinct priorities assigned to Q queues. The total number of 
possible actions in this case is Q!. This allows the DQN agent to choose a valid priority 
configuration.

	● Reward function: The reward function is formulated so that a node receives a reward 
inversely proportional to the length of the queue and the loss rate, as shown in (22). At 
each time step t, the agent receives a reward Rt. For each queue Qi, the performance 
metrics include the throughput Ti, the packet arrival rate λi, the packet loss rate Li, and 
the average transmission delay di. The reward function is defined as: 

	
Rt =

N∑
i=1

ωi

(
α · Ti

λi
− β · Li − γ · di

)
� (22)

 where ωi is the weight assigned to queue Qi. The parameters α, β, and γ control the empha-
sis on improving throughput and penalizing packet loss and delay, thereby balancing the 
quality of service requirements.
To solve the aforementioned MDP, we employ a Deep Q-Network (DQN) algorithm as in 
Algorithm 1, which assists the agent in learning an optimal priority assignment. At each 
epoch, the agent observes the current state, which includes queue lengths, current prior-
ity assignments, and performance metrics. Based on this state, the agent selects an action, 
defined as a priority configuration of all queues. The DQN approximates Q(s, a) using a 
deep neural network. Experience replay is used to store agent-environment interactions in 
a buffer, and then randomly sampling from this buffer to train the neural network. A target 
network is maintained to compute stable Q-value targets and is periodically updated with 
weights from the primary network. An epsilon-greedy exploration strategy is used, where 
the agent selects a random action with probability ϵ and the action with the highest Q-value 
with probability 1 − ϵ. To enhance the convergence speed of the DQN, we use domain 
knowledge derived from the analytical queuing model to initialize the Q-values associated 
with each state-action pair. This initialization enables the agent to start with better values 
rather than relying on random exploration. The model generates estimates of performance 
indicators, including expected queue lengths and packet loss rates under specific traffic 
arrival patterns and service configurations. Based on this analysis, we implement the fol-
lowing initialization scheme:

	● If any queue in a given state exceeds the threshold for both queue length and packet loss 
rate, the corresponding priority configuration is initialized with a higher Q-value Qh. 
This prioritizes the actions that solve congestion or reduce loss.

	● If none of the queues exceed the thresholds, the Q-value for that state-action pair is set 
to a lower value Ql.

The implementation of the DRL agent adopts an approach suitable for resource constrained 
environments, such as fishing vessels, where real-time training is impractical due to limited 
computational resources. To address this computational issue, the DRL model is initially 
trained offline using historical data that reflect traffic patterns and varying environmental 
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conditions. This training is conducted in high performance systems located in an onshore con-
trol center. Once the training phase is completed, the model is deployed onboard the vessel, 
where it operates in inference mode. In this setup, the agent performs real-time queue schedul-
ing decisions with minimal computational overhead. To maintain adaptability in dynamic net-
work conditions, the system collects performance feedback during operation. This feedback 
is periodically transmitted to the onshore control center. Based on these data, the DRL model 
is re-trained and updated versions of the model are sent back to the vessel for redeployment.

Algorithm 1  DQN for dynamic queue prioritization.
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5  Performance evaluation

To assess the effectiveness of the proposed intelligent transmission queue scheduling 
scheme, we developed a simulation environment that models OCN. The simulation was 
implemented in Python and integrates a dynamic wireless communication framework that 
leverages both Wi-Fi and long-range Wi-Fi technologies. The network model, including 
link behavior and traffic prediction parameters, is adapted from our earlier work presented 
in [50]. Each node of the vessel in the simulation experiences packet arrivals modeled as 
a Poisson process, capturing the characteristics of continuous traffic such as text, image, 
and multimedia transmissions. The service process is represented using a multi-priority 
queuing system with variable service rates to reflect realistic maritime communication 
dynamics. The proposed scheduling algorithm was evaluated by analyzing queue size 
and packet loss rate under various combinations of packet arrival and service rates. The 
QBD solver was utilized to estimate queue lengths and loss rates, which were subse-
quently integrated into the agent’s learning process. Whenever an update in queue priori-
ties occurs, the agent triggers an event, prompting the QBD solver to update its estimates. 
These two components interact in a continuous loop, collaboratively optimizing queue 
management.

The evaluation of the DRL-based dynamic priority queuing model considers several 
factors, including expected message rates, loss rates, and server utilization. In addition, 
the performance of the proposed model is compared with two distinct scheduling schemes 
in a four-queue system. Model 1 implements a first-come-first-served (FCFS) schedul-
ing scheme, whereas Model  2 utilizes priority queuing with static priorities assigned 
to each queue. Model 3 represents the proposed dynamic priority queuing approach, in 
which the priority of the emergency queue is assigned statically, whereas the priorities 
of the remaining queues are dynamically determined using the reinforcement learning 
methodology.

The variation in the arrival rate of each message type is examined and the expected 
queue lengths are observed under different models. Figure  6 illustrates the expected 
queue length and server utilization rate with an increase in the arrival rate of data mes-
sages while keeping all other arrival and service rates constant. As the arrival rate λ2 of 
the data messages increases, Model 3 tries to adapt the priority of the data queue, and the 
lowest expected queue length is noted for QD  in Fig. 6a. Since Model 1 gives priority to 
the first arrived packets and Model 2 uses fixed priority, the expected queue length of QD 
is higher when the arrival rate of the data messages increases. Due to the dynamic change 
in the packet arrival rate of the data message, Model 2 can not serve QD  at a higher rate. 
However, DRL based Model 3 learns the behavior of the traffic and adapts the priorities. 
The expected lengths of QA and QV  is shown in Fig. 6b and c. For QA, the expected 
length in Model 3 is higher than Model 1 since it adjusts the priority of QD  and QA to 
provide better service for QD . In this scenario, Model 3 gives the lowest priority to QV , 
and hence the highest queue length for QV . Figure 6d shows the server busy time in each 
model with an increase in λ2 and observes that server utilization is also maximum in 
Model 3.
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With an increase in λ2, the loss rate in each queue is plotted as shown in Fig. 7. The loss 
rate in QD is higher for both Model 1 and Model 2, but Model 3 reduces the loss rate by 
adjusting the service rate. In QA as well, Model 3 demonstrates superior performance rela-
tive to static priority assignment. The loss rate in QV  is also comparable to that of Model 2. 
In addition, the influence of the arrival rate of audio and video messages is examined. Fig-
ure  8 illustrates the fluctuations in each queue. In this context, Model  3 assigns greater 
weights to QA, resulting in the expected queue lengths in QD and QA being minimized 
within Model 3. Consequently, the priority of QV  diminishes, leading to a decline in per-
formance in Model 3 in QV . Increased server utilization is observed in Model 3 with an 
increase in λ3.

The loss rate with an increase in λ3 is plotted in Fig. 9. As the arrival rate of audio mes-
sages increases, QA experiences the highest loss; however, the loss rate in Model 3 is lower 
compared to the other two models. Moreover, in QD and QE , Model 3 also demonstrates 
better performance. Due to the adjustment of traffic priorities, the loss rate in QV  is higher 
in Model 3 compared to Model 1.

Figure 10 shows the status of queue length with an increase in the arrival rate of video 
messages. When λ4 increases, QD and QA obtain average performance, while QV  receives 
the better performance in Model 3.

Fig. 6  Comparison of expected queue length and server busy rate with increase in the arrival rate of data 
messages (λ2): (a) Expected length of messages in data queue (η2) is the lowest for Model 3 (b) Expected 
length of messages in audio queue (η3) in Model 3 is in between Model 1 and Model 2 (c) Expected 
length of messages in video queue (η4) is the highest in Model 3 (d) server busy rate is the highest in 
Model 3.
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Since the highest priority is assigned statically to QE , the expected number of messages 
and loss rate is negligible for QE .

5.1  Discussion

The results of this study demonstrate the effectiveness of integrating queueing models 
with DRL to optimize transmission queue scheduling in OCN. The proposed dynamic 
scheduling scheme was evaluated under simulated conditions with dynamic traf-
fic loads and varying packet arrival rates. The QBD model was used to analyze the 
expected number of messages in the queue and the loss rate in four types of traffic: 
emergency, audio, video, and data. The DRL-based agent learns to dynamically assign 
transmission priorities to each queue in response to real-time traffic fluctuations, thus 
improving QoS.

The performance of this DRL model (Model 3) was compared against two conventional 
scheduling schemes:FCFS and static priority queueing. The comparative analysis reveals 
that Model 3 consistently achieves better performance in terms of queue lengths and packet 
loss rates. As the arrival rates of different message types increase, Model 3 adapts its pri-
oritization policy in real time, avoiding performance degradation across lower-priority 
queues. In contrast, static models exhibit limitations in handling fluctuating traffic, often 
resulting in excessive queue buildup and higher loss rates. The DRL-based approach was 

Fig. 7  Comparison of loss rate rate with increase in arrival rate of data messages (λ2): (a) Loss rate of 
QD  (b) Loss rate of QA (c) Loss rate of QV  (d) Loss rate of QE
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observed to maintain balanced performance by dynamically prioritizing queues based on 
current traffic loads. Model 3 also demonstrated a better packet loss management, particu-
larly for high priority traffic, while maintaining acceptable loss rates for lower priority 
message types. This adaptive behavior ensures that QoS communication is preserved even 
under dynamic traffic.

Although the integration of QBD-based analytical modeling with DRL-driven 
adaptive scheduling presents an effective solution for queue management in OCNs, 
some practical limitations arise when deploying the system on resource constrained 
platforms such as fishing vessels. One major challenge is the limited computational 
capacity on board, making real-time training of deep reinforcement learning models 
infeasible. This issue is addressed by conducting offline training at an onshore control 
center, with only the model deployed onboard to perform real-time queue scheduling. 
However, the system still depends on intermittent connectivity to the shore for periodic 
model updates. Another practical limitation involves the onboard traffic classification 
process. Variability in signal quality and environmental interference can affect the reli-
ability of traffic categorization, which is an important factor for the agent to make 
scheduling decisions. These challenges can be addressed through the use of lightweight 

Fig. 8  Comparison of expected queue length and server busy rate with increase in the arrival rate of audio 
messages(λ3): (a) Expected length of QD  is lowest for model 3 (b) Expected length of QA in Model 3 is 
lowest (c) Expected length of QV  is in Model 3 is close to Model 1 and greater than Model 2 (d) Server 
busy rate is the highest in Model 3
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models and edge-optimized strategies specifically designed for low-power maritime 
communication systems.

6  Conclusion

Management of the transmission queue is essential to minimize packet loss and ensure 
high quality service in networks that handle heterogeneous multimedia and text traf-
fic. This paper addressed this challenge in the context of OCNs, where limited chan-
nel access time and dynamic maritime conditions complicate scheduling decisions. We 
proposed a multi-priority queuing architecture with adaptive prioritization to optimize 
queue management within each node’s transmission opportunity. By combining queu-
ing theory with deep reinforcement learning, the framework introduced an event-driven 
queuing analytical model based on the quasi-birth-and-death process to estimate queue 
lengths and loss rates for various message types. A deep reinforcement learning agent 
continuously adapts queue priorities in response to real-time traffic demands. When new 
policies are learned, the system recalculates the queue statistics, ensuring timely and 
efficient prioritization. The simulation results demonstrate that the proposed approach 

Fig. 9  Comparison of loss rate with increase in arrival rate of audio messages-λ3: (a) Loss rate of QD  (b) 
Loss rate of QA (c) Loss rate of QV  (d) Loss rate of QE
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reduced transmission delays and the loss rate. Beyond improving lower-layer perfor-
mance, this research supports higher-layer quality of service to enable reliable multime-
dia communication.
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