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Abstract

Marine cross-medium acoustic–radio collaborative networks must route traffic across
heterogeneous underwater acoustic and radio links while coping with energy imbalance,
congestion, and mobility-induced link instability. This paper proposes Q-Learning AODV,
an AODV extension that integrates distributed Q-value updating and multipath route
maintenance into existing RREQ, RREP, and HELLO procedures. The routing reward
combines normalized residual energy, queue availability, inter-node distance/link stability,
relative velocity, and, for air–sea links, elevation-angle information. The protocol maintains
multiple node-disjoint candidate paths and forwards data through the currently highest-
valued path. NS-3 simulations are reported for underwater-to-underwater, underwater-
to-air, and air-to-underwater communication scenarios. Relative to conventional AODV,
Q-Learning AODV increases packet delivery ratio from 55.8% to 88.3%, from 68.3% to 76.1%,
and from 86.9% to 91.9%, corresponding to relative improvements of 58.2%, 11.4%, and
5.8%, respectively. The results indicate improved delivery reliability and communication-
subsystem energy balancing at the cost of additional state exchange, Q-table storage, and
route-selection computation.

Keywords: marine cross-medium communication; acoustic–radio collaborative networks;
routing protocol; ad hoc on-demand distance vector; q-learning

1. Introduction
Marine observation, resource exploration, emergency response, and autonomous

operations increasingly require end-to-end information exchange among underwater
nodes, surface gateways, aerial platforms, and shore-based systems. Marine cross-medium
acoustic–radio collaborative networks use surface buoys or other gateways to interconnect
underwater acoustic subnetworks with radio networks, providing an important communi-
cation substrate for three-dimensional marine Internet of Things applications [1–3]. Routing
performance directly affects packet delivery ratio (PDR), end-to-end delay, throughput,
and the operational lifetime of energy-constrained relay nodes [4,5].

The routing problem is difficult because the two media have markedly different
characteristics. Underwater acoustic links exhibit low propagation speed, limited band-
width, long delay, and strong environmental variability [6,7], whereas radio links provide
higher rates but are still affected by mobility, geometry, and sea-surface propagation.
Conventional radio protocols such as Ad hoc On-Demand Distance Vector (AODV), Dy-
namic Source Routing (DSR), and Optimized Link State Routing (OLSR) [8–10] do not
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explicitly account for these heterogeneous link properties. Conversely, representative un-
derwater protocols such as Vector-Based Forwarding (VBF), Depth-Based Routing (DBR),
and Channel-Aware Routing Protocol (CARP) [11–13] are designed primarily for acoustic
subnetworks and cannot be transferred directly to heterogeneous cross-medium routing
without additional adaptation [14,15].

Three coupled problems motivate this study. First, gateway and relay traffic can
concentrate energy expenditure on a small number of nodes. Second, acoustic bottlenecks
can accumulate queues and create congestion. Third, node mobility and heterogeneous
propagation conditions make previously selected paths unstable. Reinforcement learning
provides a mechanism for adapting forwarding preferences from online observations
rather than relying on one fixed routing metric [16,17]; however, existing learning-based
underwater routing methods remain predominantly single-medium and often optimize
only a subset of energy, congestion, mobility, and link-stability objectives.

Accordingly, this study is organized around three research questions: RQ1: How
can Q-Learning be integrated into AODV route discovery and maintenance without in-
troducing a new control-packet type? RQ2: How can locally obtainable energy, queue,
geometric, and mobility information be combined into a normalized reward for heteroge-
neous acoustic–radio links? RQ3: Can Q-value-driven maintenance of multiple candidate
paths improve delivery reliability and communication-subsystem lifetime under different
cross-medium scenarios and mobility conditions?

To answer these questions, this paper proposes Q-Learning AODV. The technical
contributions are as follows. (1) Existing RREQ, RREP, and HELLO procedures are ex-
tended to carry routing-state fields required for distributed Q-value updates; this reuses
existing control-packet types, although it increases their payload size. (2) A normalized
multi-objective reward combines residual energy, queue availability, distance-based link
stability, relative velocity, and link-type-dependent elevation information. (3) Multiple
node-disjoint candidate paths are maintained for a destination and ranked using contin-
uously updated Q-values, so that data forwarding can switch to a better available path
when network conditions change. (4) The implementation and evaluation explicitly distin-
guish algorithmic benefits from the additional communication, computation, and storage
overhead introduced by learning and multipath maintenance.

The remainder of this paper is organized as follows. A separate Section 2 reviews
routing and reinforcement-learning studies and identifies the gap addressed by this work.
Section 3 presents the cross-medium network and propagation models. Section 4 describes
the Q-Learning AODV protocol, including the Markov decision process (MDP), reward
design, state acquisition, protocol workflow, and complexity. Section 5 reports the simula-
tion methodology and results. Section 6 concludes the paper and discusses limitations and
future work.

2. Related Work
Q-Learning has been widely studied for adaptive routing in underwater acoustic

sensor networks. Hu et al. [18] proposed QELAR, which incorporates residual energy
and neighborhood energy information to extend network lifetime. Jin et al. [19] proposed
a Q-Learning delay-aware routing algorithm that considers delay cost and network life-
time. RCAR [20] combines reinforcement learning with congestion and energy awareness,
whereas EDORQ [21] integrates Q-Learning with depth-constrained opportunistic forward-
ing. These approaches demonstrate the usefulness of online value updating, but their ob-
jectives and signaling assumptions are mainly designed for underwater acoustic networks.

Routing stability and service adaptability have also been incorporated into Q-Learning
designs. Zhou et al. [22] proposed a Q-Learning-based anypath routing method with
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candidate forwarding priorities and holding-time control. Chen et al. [23] investigated Q-
Learning-based multi-hop cooperative routing, and Nandyala et al. [24] proposed topology-
aware candidate filtering followed by Q-Learning selection. Zhang et al. [25] considered
service-aware multi-factor rewards, while Li et al. [26] incorporated link-aware information
into Q-Learning-based underwater routing. More recently, energy-aware deep reinforce-
ment learning has also been used for resource-constrained underwater acoustic systems,
illustrating the broader value of adaptive learning under energy limitations [27].

A separate body of work has considered cross-medium networking. Lyu et al. [15]
studied optimized AODV routing for cross-medium acoustic–radio collaborative net-
works, showing that medium-aware route discovery, link-stability assessment, and control-
overhead reduction are important when conventional ad hoc routing is extended across
heterogeneous marine links. Nevertheless, the combination of cross-medium AODV
control, distributed Q-value updating, queue/energy awareness, mobility informa-
tion, and multipath maintenance remains insufficiently studied. Practical feasibility is
also important: learning variables must be obtained by identifiable network entities
and exchanged with bounded overhead rather than assumed to be available from an
omniscient environment [28].

Table 1 summarizes the main differences between representative learning-based rout-
ing studies and the present work. The comparison is intentionally limited to dimensions
directly relevant to this manuscript.

Table 1. Comparison with representative learning-based routing schemes.

Method State/Decision
Information

Reward/Objective
Emphasis Routing Strategy Mobility

Consideration
Communication
Medium

QELAR [18] Residual and
neighborhood energy

Energy balancing
and lifetime

Q-Learning next-hop
selection Limited Underwater

acoustic

QDAR [19] Delay and neighbor state Delay/lifetime trade-off Q-Learning routing Indirect Underwater
acoustic

RCAR [20] Congestion and energy Congestion avoidance
and energy

RL-based adaptive
routing Limited Underwater

acoustic

QLFR [22] Candidate-link/Q
information Reliability and delay

Q-Learning
anypath/candidate
forwarding

Considered through
dynamic candidates

Underwater
acoustic

QTAR [24] Topology and Q
information

Energy efficiency and
stability

Topology
filtering + Q-Learning Topology-aware Underwater

acoustic

SAQR [25] Multi-factor service state Service-aware
multi-objective reward Q-Learning routing Limited Underwater

acoustic

Q-Learning
AODV (this work)

Residual energy, queue
availability,
position/distance,
velocity, link
type, Q-value

Energy, congestion,
geometric/link
stability, mobility

AODV control + Q-
value-ranked
node-disjoint paths

Explicit relative-
velocity term

Acoustic–radio
cross-medium

The above literature reveals three gaps that motivate this study. First, most Q-Learning
routing schemes are evaluated in a single acoustic medium rather than a heterogeneous
acoustic–radio network. Second, energy, congestion, mobility, and cross-medium geometry
are rarely integrated within one lightweight distributed routing decision. Third, many
reinforcement-learning formulations do not explicitly explain where each observation is
obtained or what signaling is needed to distribute it. The proposed method therefore fo-
cuses on a cross-medium, locally observable formulation coupled to existing AODV control
procedures, while also making its additional overhead and modeling limitations explicit.
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3. Acoustic–Radio Collaborative Network Model and Overview
3.1. Overview and Architecture of the Acoustic–Radio Collaborative Network

As shown in Figure 1, the acoustic–radio collaborative network is characterized by
layered deployment and heterogeneous links in its overall architecture. The underwater
layer consists of network nodes responsible for environmental sensing and detection tasks,
including both mobile platforms with a certain degree of autonomous maneuverability
and fixed observation nodes permanently deployed in the target sea area. Information
exchange among underwater nodes relies on underwater acoustic communication links,
whose performance is significantly constrained by low propagation speed, limited available
bandwidth, and time-varying channel conditions. Surface-layer nodes play a key role in
information relaying and cross-medium collaboration within the network. On the one
hand, they achieve relatively high-speed and low-latency data transmission through radio
links; on the other hand, by integrating underwater acoustic communication modules,
they maintain connectivity with the underwater network and accomplish cross-medium
data access, signal conversion, and forwarding. Therefore, they typically serve as core
nodes for data aggregation and heterogeneous communication coordination. The aerial
layer introduces radio communication nodes represented by unmanned aerial vehicles,
which can further expand network coverage and enhance system flexibility. By establishing
radio links with surface nodes, aerial nodes support large-scale information backhaul and
temporary communication services.

Figure 1. Topology of the acoustic–radio collaborative network. Dashed arrows denote radio links,
solid arrows denote underwater acoustic links, and the blue downward arrow indicates increasing
water depth.

Based on the above multi-layer heterogeneous node composition and diversified
communication modes, this paper develops a network model integrated with a Q-Learning-
based routing mechanism for acoustic–radio collaborative application scenarios. Different
types of nodes and their corresponding communication links are uniformly abstracted
and modeled, thereby establishing a simulation platform for routing protocol design and
performance evaluation. Under a unified network topology, the proposed model can
simultaneously capture the differences between underwater acoustic links and radio links
in terms of propagation characteristics, delay characteristics, and communication reliability.
This provides experimental support for the study of cross-medium routing mechanisms
and ensures that the subsequent performance evaluation is conducted on a consistent
modeling basis with reproducible simulations.
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From the perspective of network operation, various nodes in the acoustic–radio collab-
orative network generally possess independent capabilities for data sensing, information
transmission and reception, and distributed routing processing. In marine environments
without fixed communication infrastructure, the network relies on cooperative interac-
tions among nodes to accomplish data forwarding and route maintenance. Owing to
environmental complexity and node mobility, the spatial distribution of nodes and link
connectivity change continuously over time, resulting in a highly dynamic network topol-
ogy. Although such networks share certain organizational similarities with mobile ad hoc
networks, the coexistence of heterogeneous links, including underwater acoustic communi-
cation and radio communication, substantially increases the complexity of network control
and routing decision making in cross-medium information transmission, making conven-
tional routing strategies designed for single-medium networks difficult to apply directly.
At the application level, information exchange among underwater nodes can be achieved
either through multi-hop underwater acoustic communication or through cross-medium
collaborative paths established via surface nodes for cooperation and data sharing. Data
transmission between underwater nodes and surface nodes, however, depends on relay
nodes equipped with both underwater acoustic and radio communication capabilities to
perform signal conversion and forwarding, thereby supporting centralized return of obser-
vation data and bidirectional interaction between underwater systems and surface control
platforms. Overall, the heterogeneity and dynamics of network structure, link characteris-
tics, and operating mechanisms impose higher requirements on routing protocols in terms
of path selection, adaptive adjustment, and resource coordination, while also providing the
research basis for introducing intelligent routing methods with environmental awareness
and self-learning capability.

3.2. Propagation Loss Modeling

Because acoustic–radio collaborative networks involve multiple transmission media in
underwater and aerial environments, signal propagation characteristics vary significantly
across different media. Therefore, dedicated propagation loss models must be established
to accurately characterize the attenuation behavior of signals in each medium. In this
study, the underwater propagation loss model and the over-sea propagation loss model are
developed and analyzed as follows.

3.2.1. Underwater Propagation Loss Model

Underwater acoustic communication is adopted for underwater transmission in the
acoustic–radio collaborative network. In this study, the Thorp underwater propagation
loss model implemented in the NS-3 simulation platform is employed [29]. The acoustic
attenuation is given by

10 log10 A(du, fu) = k log10(dm) + dkma( fu) (1)

where fu denotes the signal frequency, du is the point-to-point distance, and A(du, fu)

represents the attenuation of the acoustic wave at distance d and frequency f , measured in
decibels (dB). The term klog10(dm) denotes the loss caused by acoustic spreading, where k
is the spreading factor. In practical transmission, k = 1 corresponds to spherical spreading,
whereas k = 2 corresponds to cylindrical spreading. Here, dm is the propagation distance
of the acoustic wave in meters, and a( fu) is the acoustic absorption coefficient. In addition,
dkm = dm/1000 is the transmission distance in kilometers. The absorption coefficient is
calculated using the Thorp empirical formula [30].
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3.2.2. Over-Sea Propagation Loss Model

In the acoustic–radio collaborative network, three propagation loss models are in-
troduced to characterize radio propagation under different inter-node communication
scenarios, namely the air-to-air propagation loss model, the air-to-sea propagation loss
model, and the sea-surface-to-sea-surface propagation loss model.

The air-to-air propagation loss model is used to describe the radio link loss between
unmanned aerial vehicle nodes. Since this type of link corresponds to point-to-point line-
of-sight transmission between aerial nodes, the classical Friis propagation loss model is
adopted for its characterization [31].

When the transmitting node is located in the air and the receiving node is a surface
buoy, an air-to-sea link is formed. Its geometry depends on both horizontal separation and
altitude difference. The elevation-angle LoS-probability expression in [32] was originally
developed for terrestrial low-altitude-platform environments. In the present model it is
used as a monotonic geometry-dependent LoS weighting function under an open, low-
obstruction setting, rather than as a literal representation of building blockage or as a
field-fitted maritime propagation law. The resulting radio-link conclusions are interpreted
at this comparative modeling level. Let h denote the height difference between the aerial
node and the surface buoy, and let r denote the horizontal distance. Then, the elevation
angle between the two nodes can be expressed as:

θAS =
180
π

× arctan
(

h
r

)
(2)

Furthermore, the LoS probability model is used to characterize the propagation prop-
erties of the air-to-sea link, which is given by:

PLoS =
1

1 + a exp[−b(θAS − a)]
, (3)

where PLoS denotes the probability of LoS propagation between the surface buoy and the
aerial node. The parameters a and b are environment-dependent constants. In this study,
the low-obstruction parameter setting from [32] is adopted for the geometry-dependent
weighting, i.e., a = 4.88 and b = 0.43. These constants serve as comparative model
parameters and are not presented as a maritime field calibration.

After obtaining the LoS probability of the air-to-sea link, the corresponding path loss is
further modeled. Since radio propagation between aerial nodes and surface buoys exhibits
evident LoS characteristics, an average path loss model based on LoS probability is adopted
to characterize the air-to-sea link, which is expressed as:

LAS = PLoSLLoS + (1 − PLoS)LNLoS, (4)

where LAS denotes the average path loss of the air-to-sea link in dB, and LLoS and LNLoS

denote the path loss under LoS and non-line-of-sight (NLoS) conditions, respectively.
Under LoS conditions, the basic loss of the air-to-sea link is modeled by combining the

Friis free-space propagation model with two-ray reflection and atmospheric water vapor
absorption [31,33,34]. Accordingly, the LoS path loss can be expressed as:

LLoS = LFriis + ∆L2ray + Lvap, (5)

where ∆L2ray denotes the additional loss correction caused by sea-surface two-ray reflection,
and Lvap denotes the attenuation caused by atmospheric water vapor absorption.
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Under NLoS conditions, in addition to the basic propagation loss, additional envi-
ronmental attenuation should also be considered. Therefore, the NLoS path loss can be
expressed as:

LNLoS = LLoS + η (6)

where η denotes the additional attenuation factor under NLoS propagation. Its value
depends on the specific sea-surface environment, wave conditions, and scattering charac-
teristics. According to [32], η = 21 dB is adopted in this study.

For radio propagation over the sea surface, the propagation loss model is developed
based on the original SPM and further incorporates two-ray reflection and water vapor
absorption [33–35]. Figure 2 illustrates the corresponding loss mechanism.

Figure 2. Schematic diagram of dual path reflection and water vapor absorption loss at sea.

The mathematical expression of the SPM is given by:

Ls = A1 + A2 lg d + A3 lg Hb + A4 diffraction + A5 lg d lg Hb + A6Hm + A7 clutter, (7)

where Ls denotes the propagation loss, d is the distance between the transmitter and
receiver, Hb is the transmitter antenna height, and Hm is the receiver antenna height.
The terms diffraction and clutter represent the diffraction correction and environmental
clutter correction, respectively [35], and are both set to 0 in this study. The parameters A1

to A7 are empirical model coefficients whose values depend on the specific propagation
environment, as listed in Table 2.

Table 2. SPM model parameters.

Parameter Description Value

A1 Offset constant 33.9 lg f − 88.4
A2 Multiplication factor 44.9
A3 Transmitter antenna height factor 5.83
A4 Multiplication factor for diffraction calculation 0
A5 Multiplication factor −6.55
A6 Receiver antenna height factor 0
A7 Multiplication factor for average terrain loss 1
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In NS-3, the underwater acoustic communication module UAN and the radio commu-
nication module WiFi have already been provided. However, to realize the functionality
of an acoustic–radio collaborative transmission network, the key lies in enabling surface
buoys to forward information received through underwater acoustic transmission via radio
links. Therefore, surface buoy nodes must be equipped with both radio and underwater
acoustic devices, so that they can serve as bridges between underwater and surface nodes.
For buoy nodes, because radio communication and underwater acoustic communication
differ in physical properties and transmission mechanisms, the two devices mounted
on an acoustic–radio buoy operate with different MAC-layer protocols. The simulation
framework of the acoustic–radio collaborative network is illustrated in Figure 3.

Figure 3. Simulation framework of the acoustic–radio collaborative network.

Aerial nodes belong to the radio transmission network, whereas underwater vehicles
and underwater mobile nodes belong to the underwater acoustic transmission network.
Buoy nodes simultaneously belong to both the radio transmission network and the under-
water acoustic transmission network. At the physical layer, underwater acoustic nodes
are equipped only with the UAN module, surface buoy nodes are equipped with both
the underwater acoustic UAN module and the radio WiFi module, and aerial nodes are
equipped with the WiFi module.

In the acoustic–radio collaborative network, the MAC protocol used for underwater
acoustic communication is Aloha [36], whereas the surface radio network adopts the DCF
mode of IEEE 802.11 [37]. The network layer is independent of the other layers and does
not involve inter-layer dependency, thereby enabling the integration and interaction of
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underwater acoustic information and radio information within the acoustic–radio collab-
orative network. Surface buoy nodes are assigned two IP addresses, corresponding to
the underwater acoustic device and the radio device, respectively. At the transport layer,
the User Datagram Protocol (UDP) is employed to provide connectionless transmission
services, while packet transmission and reception at the application layer are implemented
through network sockets.

4. Q-Learning AODV Routing Protocol Design for Marine
Acoustic–Radio Collaborative Networks
4.1. Principles of the Q-Learning Algorithm

Q-Learning [38] is a model-free reinforcement-learning method that estimates a state-
action value function from interaction data. For a transition from state st to st+1 after action
at with immediate reward rt, the tabular update is

Qt+1(st, at) = (1 − α)Qt(st, at) + α

[
rt + γ max

a∈A(st+1)
Qt(st+1, a)

]
, (8)

where α is the learning rate and γ is the discount factor. In the routing problem considered
here, the forwarding node acts as the agent, candidate next hops constitute the action set,
and the immediate reward is computed from locally measured or received routing-state
information. The online Q-value update is used to rank the currently available next-hop and
route candidates as network conditions vary; we do not claim convergence to a stationary
global optimum. Figure 4 shows the corresponding interaction process.

Figure 4. Q-Learning interaction framework used for routing decisions.

Standard tabular Q-Learning convergence results require assumptions such as sufficient
state-action visitation and a stationary Markov environment [38]. Mobile marine networks
with periodic HELLO messages, finite observations, changing queues, and time-varying
links depart from these idealized assumptions. Therefore, convergence-related claims in this
study are restricted to empirical adaptation under the evaluated conditions. The later-stage
stabilization observed in the end-to-end performance curves is treated as an operational
indication that the online value updates reach a relatively stable routing regime during the
simulated interval; it is not interpreted as a proof of stationary-policy convergence.
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4.2. Design of the Q-Learning AODV Routing Protocol
4.2.1. MDP, Local Observations, and Overall Framework

The routing decision is formulated as a locally observable MDP. At node x, a candidate-
neighbor observation for forwarding through neighbor z is represented as

s(x,z)
t =

[
σz, Pz, d̂xz, Cv(x, z), Cθ(x, z), mxz

]
, (9)

where σz is the normalized residual-energy ratio and Pz is the residual queue/buffer ratio
(a larger value indicates more available buffer space). The normalized inter-node distance
is d̂xz = dxz/Rxz, where dxz is the current distance between nodes x and z and Rxz is the
configured communication range of the corresponding link type. In addition, Cv is the
relative-velocity metric, Cθ is the elevation metric used for air–sea links, and mxz denotes
the link type. The action at = z selects one reachable one-hop neighbor as the next hop.
The transition from st to st+1 is induced by packet forwarding, energy consumption, queue
evolution, node mobility, and route-control exchanges. The immediate reward is defined
below, and the forwarding decision selects the candidate route or next hop with the largest
currently stored Q-value.

The formulation is locally observable: a node does not require instantaneous global net-
work state. Its own residual energy and queue occupancy are obtained locally; position and
velocity are provided by the mobility/navigation subsystem in the simulation; neighbor
values are disseminated through the extended RREQ, RREP, and HELLO messages; and
inter-node distance is derived from the exchanged positions. In a practical deployment,
fixed or pre-surveyed underwater/buoy positions can be used when available, while mo-
bile underwater nodes require an acoustic/localization subsystem and aerial nodes can use
GNSS/GPS. The corresponding navigation energy belongs to the platform-level energy
budget and is treated separately from the communication-only lifetime metric used for
routing comparison. This separation between learning logic and the physical entity that
provides each observation follows the feasibility principle emphasized in [28]. The origin
and dissemination of the routing-state variables are summarized in Table 3.

Table 3. Origin and dissemination of routing-state variables.

Variable Local Measurement/Estimate Dissemination Practical Note

Residual energy σ Node energy model/energy monitor RREQ, RREP, HELLO Requires an energy estimator on
the device

Queue availability P Local routing/MAC buffer
occupancy RREQ, RREP, HELLO Directly available from the

local queue

Position Mobility/navigation state in NS-3 RREQ, RREP, HELLO
Underwater mobility requires
localization; aerial nodes may use
GNSS/GPS

Velocity Mobility/navigation state RREQ, RREP, HELLO Estimated locally from
navigation/motion state

Distance d Computed from local and
neighbor positions Not sent separately Accuracy depends on

localization accuracy

Q-value Local Q-table RREQ/RREP and
HELLO route entries

Updated from received
reward/downstream Q information

The selected state set is intentionally routing-oriented and emphasizes variables that
can be measured locally or exchanged with bounded control overhead. Physical-channel
effects such as packet error rate, instantaneous noise, Doppler spread, and acoustic propaga-
tion delay are not advertised as independent fields in every routing control packet. Where
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such effects are represented by the configured PHY/channel model, they influence packet
reception and route outcomes indirectly, while distance, link type, queue state, and mo-
bility provide the explicit routing observations. This separation keeps the state exchange
lightweight and leaves room for richer channel-quality observations in deployments that
can support the additional sensing and signaling cost.

The overall framework is shown in Figure 5.

Figure 5. Modeling framework of the Q-Learning AODV algorithm.

In existing studies, residual node energy has been widely incorporated into routing
evaluation metrics [18–21,24–26]. All nodes in the network are initially assumed to be fully
charged, and energy is consumed thereafter during both standby operation and packet
transmission/reception. The residual energy ratio is calculated as:

σi =
Ecurrent

Einitial
, (10)

where Ecurrent denotes the current residual energy of the node, Einitial denotes its initial
energy, and σi is the residual-energy ratio of node i.

The congestion state of a path is directly affected by the message load of nodes, and the
congestion level is usually evaluated by the occupancy ratio of the packet buffer queue.
Specifically, the queue length is defined as the number of packets waiting for transmission
at a node. When a node cannot determine a valid route to the destination, packets are
temporarily stored in the buffer. Once the buffer reaches its maximum capacity, i.e., the
maximum queue length, buffer overflow occurs, causing subsequently arriving packets
to be dropped and thereby affecting transmission efficiency and reliability. The buffer
occupancy ratio is used to describe the proportion of occupied buffer space, which is
calculated as:

Pi =
Linit − Lcurr

Linit
, (11)

where Lcurr denotes the current number of packets waiting in the queue, Linit denotes the
configured maximum queue length, and Pi is the residual buffer ratio of node i.

In terms of node mobility, a larger velocity difference between two nodes leads to a
higher probability of link disconnection. Therefore, the velocity difference between two
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nodes is considered in the reward design. The reward function related to node mobility is
defined as follows, where VA and VB denote the velocities of the two nodes, respectively:

Cv =

{
1, 0 ≤| VA − VB |< 1

1/ | VA − VB |, | VA − VB |≥ 1
(12)

The elevation-angle term is applicable only to air–sea or sea–air radio links. For such
a link, with θAS ∈ [0, π/2], the normalized metric is

Cθ =
θAS
π/2

. (13)

For underwater-to-underwater and air-to-air links, elevation is not used as a physical
reward criterion. A link-type indicator χθ(x, z) is therefore introduced, with χθ = 1 for
air–sea/sea–air links and χθ = 0 for same-medium links. The reward aggregation below
normalizes over the active components, so excluding the elevation term does not change
the overall reward scale of same-medium links.

Finally, when the current node x receives a routing control message from its neigh-
boring node z, node x extracts the information carried in the message and computes the
incentive value, which is treated as the immediate reward rt in the Q-Learning algorithm.
The Q-value of the route from node x to destination node y via node z is then updated
according to

Qx(y, z) = α · {R(x, z) + γmaxn∈Nz
Qz(y, n)}+ (1 − α) · Qx(y, z) (14)

where Qx(y, z) denotes the Q-value at current node x for reaching destination node y via
neighboring node z; z is a neighbor of node x; and Nz denotes the set of neighbors of node
z. Here, α is the learning rate and is set to 0.5 so that newly observed routing conditions
and previously accumulated Q-values have equal update weight. The discount factor γ is
set to 1 because route evaluation is episodic over finite source-to-destination forwarding
paths and the downstream route quality is not intentionally discounted. The distance
threshold parameter c = 0.94 activates the distance penalty only when a candidate link
approaches the configured communication-range boundary. These parameters are treated
as a fixed engineering baseline for the reported experiments; accordingly, the performance
conclusions refer to this configuration rather than to a claim of global parameter optimality.
The immediate reward fed back from node z to node x, denoted by R(x, z), is calculated as

R(x, z) =
wRQRQ + wEσi + wQPi + wvCv + χθ(x, z)wθCθ

Hk Wact(x, z)
, (15)

where
Wact(x, z) = wRQ + wE + wQ + wv + χθ(x, z)wθ .

where RQ is the link stability factor, which is defined as

RQ =


1 0 ≤ d < c × R

1 − d
R c × R ≤ d ≤ R

0 d > R
(16)

where d is the distance between two nodes, R denotes the maximum communication range,
and 0 < c < 1. The term cR represents the optimal communication distance, and c is the
corresponding distance parameter. In this study, c is set to 0.94 so that the distance penalty
is activated only when a link approaches the configured communication-range boundary;
this is a heuristic engineering threshold rather than a universal optimum. In addition, σi
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denotes the residual energy metric of node i, Pi denotes the congestion-related metric of
node i, Cθ denotes the elevation-angle metric between two nodes, Cv denotes the velocity-
difference metric between two nodes, and Hk denotes the hop count from the destination
node to the relay node.

The reward is a scalarization of multiple routing objectives. Before aggregation,
all component metrics are normalized to [0, 1], preventing different physical units from
dominating the sum. The baseline uses wRQ = wE = wQ = wθ = wv = 0.2 as an equal-
priority engineering configuration. The active-weight normalization Wact keeps the reward
scale comparable across link types: for cross-medium links all five terms are active, whereas
for same-medium links the elevation term is excluded and the remaining weights are
renormalized automatically. The hop-count denominator discourages unnecessarily long
paths. The reported results therefore characterize the complete multi-factor reward under
this fixed baseline; they are not used to assign causal performance gains to any single
reward component.

It can be seen from (15) that a neighboring node with higher residual energy, lower
congestion level, shorter inter-node distance, larger elevation angle, and smaller velocity
difference yields a larger reward R(x, z). Accordingly, a larger Q-value indicates a better
route to the destination node. Each node periodically updates the Q-values in its routing
table. When a source node needs to transmit data, it selects the path with the highest
Q-value in the current routing table as the forwarding path.

4.2.2. Protocol Workflow Design

The overall procedure of the Q-Learning AODV protocol mainly consists of two
processes. The first is the route discovery process, which is triggered when the routing
table of a node does not contain route information to the destination. This process is
used to search for routes, record the paths to the destination, and maintain multiple node-
disjoint paths toward the destination. The second is the route updating process, which is
mainly accomplished through HELLO packet exchanges and is used to dynamically update
neighbor information and the Q-values of routing entries.

Since the proposed method needs to select the route with the highest Q-value from
multiple reachable paths, the original AODV protocol is extended to support the storage of
multiple node-disjoint paths.

The operating mechanism of the multipath protocol can be divided into two core
modules, namely route establishment and route maintenance. During the route establish-
ment phase, the source node broadcasts Route Request (RREQ) packets. After receiving an
RREQ packet, an intermediate node first performs duplicate detection. If the packet has
already been processed, it is discarded immediately; otherwise, the reverse routing entry
is created or refreshed. If the node is neither the destination nor has a valid route cache
to the destination, it updates the header information of the RREQ packet and continues
forwarding it. Otherwise, it generates a Route Reply (RREP) packet and sends it back to
the source. When an intermediate node receives an RREP packet, it updates the forward
routing table entry accordingly and determines whether it is the source node. If it is not the
source node, it updates the protocol fields of the RREP packet and continues forwarding
it. Once the source node receives the RREP packet, the multipath topology is established,
as illustrated in Figure 6.

Compared with the original AODV protocol, the proposed scheme adopts a mech-
anism in which intermediate nodes process only the first received RREQ and ignore
subsequent duplicate RREQs, while the destination node is allowed to process multiple
RREQ packets with the same source node and identifier. In this way, multiple loop-free
and node-disjoint transmission paths can be generated. As shown in Figure 6, two such
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optimized paths are established between source node S and destination node D. This
selective processing strategy not only ensures path quality but also improves network
resource utilization.

Figure 6. Schematic diagram of AODV multipath routing. S and D denote the source and destination
nodes, respectively, and nodes 1–7 denote intermediate nodes; dashed black arrows indicate RREQ
forwarding and solid orange arrows indicate RREP forwarding.

In the Route Request (RREQ) and Route Reply (RREP) packets, fields for residual
energy, node congestion level, geographic location, node velocity, first-hop IP address,
and Q-value are added. In the HELLO packet, fields for residual energy, node congestion
level, geographic location, node velocity, as well as destination addresses in the routing
table and their corresponding Q-values are included. The modified packet formats are
shown in Figures 7–9.

Figure 7. Routing request message format.
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Figure 8. Routing response message format.

Figure 9. HELLO message format. The ellipsis indicates additional repeated destination/Q-value
entries with the same field structure.
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A multipath routing table usually contains detailed information for multiple paths.
As shown in Figure 10, the routing table is redesigned so that each destination address
corresponds to multiple candidate paths. Each path is associated with several parameters,
including the sending interface, next-hop address, hop count, last hop of the path, and path
Q-value. These parameters enable network devices to accurately select the path with the
highest Q-value for data forwarding.

Figure 10. Routing table format. The ellipsis denotes additional route entries of the same structure.

The route discovery process is triggered when a node needs to send a data packet but
has no route information to the destination in its routing table. In this case, the source node
broadcasts an RREQ packet to explore route information and appends its own residual
energy, congestion level, location information, velocity, and initial Q-value to the RREQ
packet, where the initial Q-value is set to 0. The source-node route-discovery procedure is
illustrated in Figure 11.

Data packet to send

Valid route to
destination?

Select the candidate path with
the highest Q-value and transmit

Yes

Set the destination sequence number

No

Increment the source sequence number
and RREQ ID

Set the hop count to 0

Cache the destination IP address
and RREQ ID

Append local residual energy, queue state,
position, velocity, and initial Q-value (0)

to the RREQ

Broadcast the RREQ

Figure 11. Route-discovery procedure at the source node.

After receiving an RREQ packet, a neighboring node reads the residual energy, con-
gestion level, location information, node velocity, and Q-value carried in the packet. It
first determines whether it is the destination node of the RREQ, or whether its routing
table already contains a route to the destination. If neither condition is satisfied, the node
further checks whether it has previously received an RREQ with the same source node and
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identifier. If so, the packet is discarded. Otherwise, the node calculates the immediate re-
ward, updates its Q-value toward the source node, establishes a reverse route, appends the
updated Q-value together with its residual energy, congestion level, location information,
and node velocity to the RREQ packet, and then continues broadcasting it. This process
is repeated until the destination node is reached. The corresponding RREQ processing
procedure at a receiving node is shown in Figure 12.

Receive an RREQ

Read residual energy, queue state, position, velocity, and
Q-value from the RREQ

Is this the destination
node?

Generate
destination-node RREP

Does this intermediate node
have a valid route to the

destination?

Generate
intermediate-node

RREP

Has the same RREQ already
been processed?

Discard the RREQ

Does a reverse route to the
source already exist?

Compute the Q-value
and create a reverse
route to the source

Is the source sequence number in
the RREQ older than the

routing-table entry?
Discard the RREQ

Update residual energy, queue state, position, velocity, Q-value,
and hop count in the RREQ; update the reverse-route Q-value

Broadcast the RREQ

No

No

No

Yes

No

Yes

Yes

Yes

Yes

No

Figure 12. RREQ processing procedure at a receiving node.

If the current node already has a route to the destination specified in the RREQ packet,
it calculates the Q-value of the path to the source node and records the route to the source
node in the routing table. It then inserts into the RREP packet the Q-value of its latest
and highest-Q path to the destination, together with its residual energy, congestion level,
location information, and node velocity, and sends the RREP packet as a reply. When the
node itself is the destination, it continues processing subsequently received RREQ packets
and includes its residual energy, congestion status, location information, and velocity in the
RREP packet to complete the route reply. Meanwhile, the node updates its Q-value toward
the source node, thereby establishing the reverse path. For each received RREQ packet,
the destination node generates and sends a corresponding RREP packet in response.
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If a node receives an RREP packet returned by the destination node, it reads the resid-
ual energy, congestion level, location information, and node velocity carried in the RREP
packet, calculates the immediate reward, and updates its Q-value toward the destination
according to the Q-value update equation, thereby establishing the forward route. If the
node is not the source node, it adds the updated Q-value together with its residual energy,
congestion level, location information, and node velocity to the RREP packet and unicasts
it onward until it reaches the source node. As these RREP packets arrive at the source node,
each RREP establishes a corresponding forward route. Through this design, the source node
can obtain multiple node-disjoint paths to the destination. The corresponding target-node
RREQ and intermediate-node RREP processing flows are summarized in Figure 13.

(a) (b)

Figure 13. Flow charts of target-node RREQ processing and intermediate-node RREP processing.
(a) Target node processing RREQ. (b) Node processing RREP.

The route updating process is illustrated in Figure 14 and is mainly accomplished
through HELLO packet exchanges. All active nodes periodically broadcast HELLO packets,
which carry information such as residual energy, node congestion level, location informa-
tion, node velocity, and Q-values stored in the routing table. After receiving a HELLO
packet, a node determines whether there exists a route in its routing table whose next hop
is the neighboring node that sent the HELLO packet. If such a route exists, the node reads
the residual energy, congestion level, location information, and node velocity contained in
the HELLO packet, calculates the immediate reward, and updates its own Q-value table
according to the Q-values of the corresponding routes carried in the HELLO packet and
the Q-value update equation. Otherwise, no further processing is performed.

If a node does not receive a HELLO packet from a neighboring node within a certain
period, the route maintenance procedure is triggered and the associated paths are removed;
the specific process is similar to that of the AODV routing protocol. Through the HELLO-
based updating mechanism, all paths in the routing table remain in a dynamically updated
state, ensuring that the Q-values of all routes are adjusted in real time according to network
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conditions. This mechanism enables the protocol to sufficiently explore other potentially
better paths and, to the greatest extent possible, avoid falling into a local optimum.

Figure 14. Q-value update flow chart.

4.2.3. Signaling, Computational Complexity, and Reproducibility

The proposed protocol does not introduce a new control-packet type, but it does
enlarge existing control packets. Let bE, bQ, bp, bv, b f , and bQv denote the serialized byte
lengths of residual energy, congestion, position, velocity, first-hop address, and Q-value
fields, respectively. The additional RREQ/RREP payload can therefore be written as

BRREQ/RREP
add = bE + bQ + bp + bv + b f + bQv. (17)

For HELLO messages, if M destination/Q-value pairs are included, the additional pay-
load is

BHELLO
add = bE + bQ + bp + bv + M(bd + bQv), (18)

where bd is the destination-address size. The numerical value of this overhead depends
on the serialization widths selected for these fields, whereas Equations (17) and (18) make
the protocol-level overhead contribution explicit independently of a particular data-type
implementation. The control-overhead fraction is defined as ηctrl = Bctrl/(Bctrl + Bdata). Ac-
cordingly, the earlier statement “without extra signaling overhead” is replaced throughout
by the more accurate statement “without introducing additional packet types.”

Let D be the number of known destinations, K the maximum number of maintained
candidate paths per destination, and ∆ the local neighbor degree. Standard AODV main-
tains approximately one active route entry per destination, giving O(D) routing-state
storage. Q-Learning AODV stores up to K path/Q entries per destination, giving O(DK)
storage. Selecting the best stored path is O(K), and a Q update that searches the down-
stream neighbor action values is O(∆) in a direct table implementation. Packet-header
processing remains O(1) per fixed field, while HELLO serialization can grow with the num-
ber of destination/Q-value pairs carried. The method therefore trades additional memory,
control bytes, and local computation for adaptive multipath routing. Importantly, maintain-
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ing several candidate paths does not imply data-packet replication in the present protocol:
one highest-Q path is selected for a packet flow at a given decision instant, so redundancy
arises from route state and control information rather than deliberate payload duplication.

Pseudocode of Q-Learning AODV

1. At node x, obtain local energy, queue occupancy, position, and velocity; update the
corresponding fields in the outgoing AODV control message.

2. On receiving an RREQ/RREP/HELLO from neighbor z, extract the advertised
state, compute distance and link type, normalize active reward components, and
calculate R(x, z).

3. Update Qx(y, z) using the tabular Q-Learning rule and the best downstream Q-value
reported/known for destination y.

4. During route discovery, preserve admissible node-disjoint candidate paths and their Q-
values; during HELLO maintenance, refresh neighbor state and remove expired paths.

5. For data forwarding, choose the valid path with the maximum current Q-value. If no
valid path remains, trigger standard AODV route discovery.

5. Performance Evaluation of the Q-Learning AODV Routing Protocol
5.1. Simulation Environment and Performance Metrics

Simulation experiments of the Q-Learning AODV routing protocol are conducted on
a marine cross-medium acoustic–radio collaborative network. During node deployment,
in order to better reflect the performance of the acoustic–radio collaborative network and
to ensure that packets traverse multiple underwater hops, a relatively large number of
underwater nodes are deployed at different depths, where the shallower underwater nodes
can serve as relay nodes.

The overall topology of the simulation scenario is shown in Figure 15. The marine cross-
medium acoustic–radio collaborative network consists of 28 underwater nodes, 6 surface
buoy nodes, and 3 aerial nodes. The detailed simulation parameters are listed in Table 4.

Figure 15. Topology of the simulation scenario for the acoustic–radio collaborative network.

The underwater PHY setting in Table 4 is used as a common NS-3 UAN transmission
mode for routing-level protocol comparison. The 10 kb/s entry is therefore not intended as a
modem-level spectral-efficiency claim for a particular 5-kHz BFSK transducer. A hardware-
specific BFSK implementation would require the data rate to be selected jointly with the
actual modulation, coding, transducer bandwidth, and receiver design. The results in this
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paper should accordingly be interpreted as relative routing performance under the stated
common PHY configuration.

Table 4. Simulation parameters.

Parameter Value

Underwater acoustic center frequency 25 kHz
Underwater acoustic bandwidth 5 kHz
Underwater acoustic MAC Aloha
Radio MAC 802.11-DCF
Radio symbol rate 2 Mbps
Underwater acoustic data rate 10,000 bps
Underwater acoustic transmission range 2.2 km
Configured radio-link range 7.8 km
Initial energy of source and destination nodes 90,000 J
Initial energy of other relay nodes 900 J
Simulation duration 900 s
Packet sending interval 2.5 s
Packet size 40 bytes (320 bit)
Water depth of the source node 1000 m
Speed of underwater nodes and buoys 2–3 m/s
Speed of aerial nodes 50 m/s

The acoustic channel abstraction is designed for routing-level comparison. The Thorp
component captures distance- and frequency-dependent spreading/absorption, while node
mobility makes the link geometry time varying during the run. Finer-scale effects such as
multipath structure, Doppler spread, and ambient-noise variation are not parameterized as
separate stochastic state processes in the routing model; consequently, the reported conclu-
sions are confined to the stated NS-3 PHY/channel abstraction rather than extrapolated to
a specific measured ocean channel. The configured 7.8 km radio-link range is likewise an
idealized connectivity setting and should not be interpreted as a typical IEEE 802.11 cover-
age distance. A link of this length would require a favorable link budget, suitable high-gain
or directional antennas, and long-distance MAC timing/ACK configuration. The value is
retained only as a common topology parameter: all compared routing protocols use the
same lower-layer radio setting, so it does not preferentially benefit one routing protocol,
although it limits direct physical extrapolation. Table 4 summarizes the scenario-defining
parameters used for this comparison.

Packet delivery ratio (PDR) and end-to-end delay are treated as the primary performance
metrics in this study. Communication-subsystem lifetime is retained as a secondary protocol-
efficiency metric because routing decisions directly change transmission, reception, idling,
and route-maintenance activity. For a node over an observation interval, the communication-
energy decrement is expressed as ∆Ei = PtxTtx + PrxTrx + PidleTidle, and the first modeled
communication node reaching energy depletion determines Tlife in Equation (22). This
metric does not include propulsion, vehicle-control, or GNSS/navigation power. Those
platform-level loads can dominate the battery consumption of an aerial or mobile vehicle;
therefore, the reported lifetime values quantify routing-related communication-energy
balancing only and must not be interpreted as complete mission endurance. Accordingly,
the communication-energy results are interpreted comparatively under the common energy-
model configuration applied to all protocols, rather than as absolute hardware-level power
measurements.

To evaluate the performance and advantages of the proposed Q-Learning AODV rout-
ing protocol, a comparative analysis is conducted against conventional routing protocols,
including AODV, OLSR, and DSDV. The evaluation is based on the following key network
performance metrics:
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a. Average end-to-end delay
The average end-to-end delay is computed over the packets that are successfully received:

Davg =
1
n

n

∑
i=1

(tr,i − ts,i), (19)

where n is the number of successfully received packets, tr,i is the reception time of packet i,
and ts,i is its transmission time.

b. Packet delivery ratio
The packet delivery ratio (PDR) is the percentage of source packets that are successfully

received at the destination:
PDR =

Pr

Ps
× 100%, (20)

where Pr is the number of packets received at the destination and Ps is the number of
packets generated by the source.

c. Throughput
The average application-layer throughput is calculated as

Tput =
PrSd × 8

T
, (21)

where Sd is the packet size in bytes and T is the measurement interval in seconds.
d. Communication-subsystem lifetime
As a secondary protocol-efficiency metric, communication-subsystem lifetime is de-

fined by the first modeled communication node whose residual communication-energy
budget is depleted:

Tlife = min{t | ∃i, Ei(t) ≤ 0}. (22)

Here, Ei(t) is the residual communication-energy budget of node i at time t. The metric
excludes propulsion and navigation loads and therefore measures only the lifetime of the
modeled communication subsystem.

To comprehensively evaluate the performance of the proposed Q-Learning AODV
protocol in cross-medium acoustic–radio collaborative networks, this study designs three
systematic simulation experiments. All experiments are conducted on an NS-3-based cross-
medium comparative simulation framework that combines the UAN and WiFi modules
with the stated acoustic/radio propagation and communication-energy abstractions.

Experiment 1: Performance comparison with conventional routing protocols
This experiment is designed to verify the comprehensive performance advantages of

Q-Learning AODV over conventional routing protocols in cross-medium networks. AODV,
OLSR, and DSDV are selected as representative baseline protocols, and the comparison
is carried out under a unified network topology (as shown in Figure 15) and identical
traffic load conditions. To cover typical link patterns in cross-medium communication,
three communication scenarios are considered in this experiment, namely underwater-to-
underwater, underwater-to-air, and air-to-underwater communications. All protocols are
evaluated under the same node deployment density, traffic flow pattern, and environmental
dynamics configuration, so as to objectively reflect the performance differences of the
protocols themselves. The performance metrics include packet delivery ratio, average
end-to-end delay, network throughput, and communication-subsystem lifetime.

Experiment 2: Combined network-size and coverage stress test
Four increasingly demanding configurations are designed as listed in Table 5. Both

node count and coverage area change across groups. Therefore, this experiment is a com-
bined size-and-coverage stress test rather than a controlled isolation of a single “network-
scale” variable: node density, expected hop count, and contention can change simulta-
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neously. For representativeness and comparison consistency, Experiment 2 focuses on
the underwater-to-underwater communication scenario, so as to investigate the behav-
ior of Q-Learning AODV under increasingly demanding joint node-count and coverage-
area configurations.

Experiment 3: Validation of dynamic topology adaptability
To investigate the performance of the protocol in highly dynamic marine environ-

ments, this experiment focuses on the impact of node mobility on routing performance.
The speed of underwater nodes varies from 2 m/s to 6 m/s, while the other network and
environmental parameters remain the same as those in Experiment 1. To highlight the
topology variation characteristics of dynamic underwater acoustic networks and facilitate
comparative analysis, Experiment 3 also adopts the underwater-to-underwater communica-
tion scenario. By comparing the performance of different routing protocols under different
node mobility conditions, the robustness and adaptability of the proposed Q-Learning
AODV protocol in highly dynamic marine topologies are evaluated.

The above three experiments evaluate the proposed Q-Learning AODV protocol from
three complementary perspectives: cross-protocol performance under representative cross-
medium scenarios, response to joint size/coverage stress, and adaptability to increasing
node mobility.

Table 5. Network scale configurations.

Group Surface Buoys Aerial Nodes Underwater Nodes Network Coverage Area (L × W × D)

1 2 1 8 6 km × 2 km × 1.5 km
2 4 2 16 6 km × 6 km × 1.5 km
3 6 3 28 12 km × 6 km × 1.5 km
4 8 4 40 18 km × 6 km × 1.5 km

5.2. Simulation Results and Analysis
5.2.1. Performance Comparison Between Q-Learning AODV and Conventional
Routing Protocols
Packet Delivery Ratio Analysis

Table 6 presents the packet delivery ratio of Q-Learning AODV and three conventional
routing protocols, namely AODV, OLSR, and DSDV, under three scenarios: underwater-
to-underwater, underwater-to-air, and air-to-underwater communications. In all three
scenarios, the proposed Q-Learning AODV protocol achieves a higher packet delivery ratio
than the other three routing protocols.

Table 6. Packet delivery ratio.

Scenario Q-Learning AODV AODV OLSR DSDV

Underwater-to-underwater 88.3% 55.8% 24.1% 18%
Underwater-to-air 76.1% 68.3% 61.9% 16.9%
Air-to-underwater 91.9% 86.9% 50.8% 0

In the underwater-to-underwater scenario, the packet delivery ratio of Q-Learning
AODV reaches 88.3%, which is 32.5 percentage points higher than AODV and corresponds
to a 58.2% relative improvement. In the underwater-to-air scenario, the PDR is 76.1%,
7.8 percentage points (11.4% relatively) above AODV. In the air-to-underwater scenario,
Q-Learning AODV reaches 91.9%, 5.0 percentage points (5.8% relatively) above AODV.

For DSDV, the packet delivery ratio drops to 0 in the air-to-underwater scenario. This
is because both OLSR and DSDV are table-driven routing protocols that require continuous
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maintenance of global routing tables, resulting in considerable routing overhead and
making packet collisions more likely in underwater acoustic channels. Overall, Q-Learning
AODV outperforms the conventional AODV protocol in all three scenarios, demonstrating
superior performance. This is mainly because the proposed protocol considers multiple
reward factors and selects the path with the highest Q-value for data transmission. As a
result, its routes are more stable than those of the other conventional routing protocols,
leading to a consistently higher packet delivery ratio.

Throughput

The throughput comparison for the underwater-to-underwater transmission scenario
is shown in Figure 16. As time progresses, the throughput of Q-Learning AODV grad-
ually increases and begins to outperform that of the conventional AODV protocol after
approximately 100 s, before eventually stabilizing in the later stage. The throughput of
the conventional AODV protocol also increases steadily in the later stage, but its overall
performance remains inferior to that of Q-Learning AODV. In contrast, the traditional
OLSR and DSDV protocols perform consistently worse than Q-Learning AODV throughout
the simulation. Overall, Q-Learning AODV exhibits more stable and efficient throughput
during long-term operation.

Figure 16. Throughput comparison for the underwater-to-underwater scenario.

The throughput comparison for the underwater-to-air transmission scenario is shown
in Figure 17, which presents the throughput performance of the four protocols over time.
At the initial stage, the throughput difference between AODV and Q-Learning AODV
is relatively small. As time progresses, however, the throughput of Q-Learning AODV
becomes higher than that of AODV. The throughput of OLSR also exhibits an increasing
trend before gradually stabilizing, but its overall performance still remains inferior to
that of Q-Learning AODV. By contrast, DSDV stays at a relatively low level throughout
the entire process. The throughput of all four routing protocols tends to stabilize after
approximately 600 s.

The throughput comparison for the air-to-underwater transmission scenario is shown
in Figure 18, which presents the throughput performance of three protocols over time.
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At the initial stage, AODV achieves the highest throughput, whereas Q-Learning AODV
shows relatively low throughput. As time progresses, the throughput of Q-Learning
AODV gradually increases and begins to exceed that of AODV after approximately 450 s.
The throughput of AODV starts to decline at around 500 s, then rises slowly, and finally
stabilizes after 600 s. Although the throughput of OLSR also increases steadily after
approximately 80 s, it remains clearly lower than that of the other two protocols. Since
DSDV is a table-driven routing protocol that requires continuous maintenance of the global
routing table, it incurs substantial routing overhead and is prone to packet collisions in
underwater acoustic channels. As a result, its throughput drops to 0 in this scenario.

Figure 17. Throughput comparison for the underwater-to-air scenario.

Figure 18. Throughput comparison for the air-to-underwater scenario.
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Overall, Q-Learning AODV exhibits more stable and efficient throughput during
long-term operation. This is because the proposed protocol considers multiple reward
factors and selects the path with the highest Q-value for data transmission. As a result, its
routes are more stable and less prone to packet loss than those of the other three routing
protocols, leading to higher overall throughput.

Delay

Figure 19 presents the delay comparison in the underwater-to-underwater transmis-
sion scenario, showing the delay performance of different protocols over time. It can
be observed that the delays of AODV and OLSR fluctuate considerably, whereas DSDV
exhibits relatively smaller delay fluctuations at certain time instants. For Q-Learning
AODV, the delay decreases after approximately 400 s and gradually becomes stable overall.
However, its delay remains slightly higher than that of AODV and OLSR.

Figure 19. Underwater-underwater time delay comparison diagram.

Figure 20 presents the delay comparison in the underwater-to-air transmission sce-
nario, showing the delay performance of four protocols over time. It can be observed
that, at the initial stage, AODV and OLSR exhibit relatively low delay. However, as time
progresses, the delays of both AODV and OLSR fluctuate significantly and remain unsta-
ble. DSDV maintains a relatively low overall delay and outperforms AODV and OLSR
in this respect. For Q-Learning AODV, the delay begins to decrease gradually after ap-
proximately 200 s and exhibits relatively stable low-delay performance during long-term
operation. Overall, Q-Learning AODV achieves favorable delay performance over long-
term operation, whereas the other three conventional routing protocols show relatively
poor delay stability.

Figure 21 presents the delay comparison in the air-to-underwater transmission sce-
nario, showing the delay performance of three protocols over time. It can be observed
that, at the initial stage, AODV exhibits relatively high delay; however, as time progresses,
its delay gradually decreases, although occasional fluctuations still occur. OLSR shows
relatively poor stability, with more frequent occurrences of large delay, and its overall delay
is slightly higher than that of the other two routing protocols. Q-Learning AODV may also
exhibit occasional large delay during long-term operation. Overall, the long-term delay
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differences among the three protocols are relatively small. Since the packet loss rate of
DSDV reaches 100% in this scenario, DSDV is not included in the delay analysis.

Figure 20. Underwater-air time delay comparison diagram.

Figure 21. End-to-end delay comparison for the air-to-underwater scenario.

Taken together with Table 7, it can be observed that, in the air-to-underwater transmis-
sion scenario, Q-Learning AODV achieves a lower average delay than the other three con-
ventional routing protocols. However, in the underwater-to-underwater and underwater-to-
air scenarios, the delay of Q-Learning AODV is slightly higher than that of the conventional
routing protocols. This is because Q-Learning AODV selects routes according to the overall
link quality of a path, and the selected path is not necessarily the one with the minimum
delay. As a result, its delay may be slightly higher in such scenarios. Nevertheless, this
mechanism improves the stability and robustness of data transmission.
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Table 7. Average delay statistics.

Average Delay (s) Underwater-to-Underwater Underwater-to-Air Air-to-Underwater

Q-Learning AODV 3.44 1.64 1.37
AODV 3.25 1.49 1.83
DSDV 2.90 – 1.93
OLSR 2.77 1.33 1.56

The initial communication-energy budget of the source and destination nodes is set to
90,000 J, whereas the relay nodes are initialized with 900 J. The larger source/destination
budget prevents those endpoints from trivially determining the first-depletion time and
allows the comparison to focus on relay-load balancing. The resulting lifetime metric is
therefore a controlled routing-layer diagnostic rather than a model of complete vehicle
battery endurance.

Figure 22 shows the communication-subsystem lifetime of four routing protocols un-
der three scenarios, namely underwater-to-underwater, air-to-underwater, and underwater-
to-air communications. The results indicate that Q-Learning AODV achieves the best
communication-subsystem lifetime in all scenarios. This advantage is mainly attributed
to its path switching mechanism and dynamic Q-value updating capability, which en-
able it to adapt to environmental changes and select better routes, thereby extending the
communication-subsystem lifetime. As an on-demand routing protocol, AODV does not
incorporate a path switching mechanism; however, it reduces control overhead through
on-demand route discovery and thus also maintains a relatively long communication-
subsystem lifetime in the underwater-to-underwater and air-to-underwater scenarios.
By contrast, OLSR incurs higher energy consumption due to periodic route information
updates, resulting in a shorter communication-subsystem lifetime than AODV. DSDV, as a
table-driven protocol, requires frequent route updates and therefore introduces substantial
control overhead, especially in dynamic environments. Consequently, it exhibits the short-
est communication-subsystem lifetime. In particular, in the underwater-to-air scenario,
DSDV fails to maintain effective communication because of severe signal attenuation and
high energy consumption, leading to a communication-subsystem lifetime of zero.

Figure 22. Communication-subsystem lifetime comparison across the three scenarios.
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Overall, the communication-subsystem lifetime results indicate that Q-Learning
AODV distributes relay activity more evenly under the adopted energy model, delay-
ing the first relay-energy depletion relative to the comparison protocols. The absolute
lifetime values should not be interpreted as vehicle endurance: propulsion and navigation
loads are outside the model, and the initial communication-energy budgets are deliberately
chosen for routing-level comparison. Accordingly, PDR and end-to-end delay remain
the primary indicators of communication performance, whereas lifetime is used only as
supporting evidence of protocol-level energy balancing.

5.2.2. Performance Comparison Under Different Network Scales

Figure 23 presents the packet delivery ratio of four routing protocols under different
marine network scales. Overall, Q-Learning AODV maintains the highest delivery success
rate across all scales, with its advantage being particularly pronounced at medium network
scales. As the network size expands from small to medium, the packet delivery ratio
remains at a high level of approximately 85.8–90.0%, with no significant degradation.
Although the packet delivery ratio decreases as the network scale continues to increase,
it still remains noticeably higher than that of AODV and OLSR. Among the comparison
protocols, the packet delivery ratio of AODV decreases considerably as the network scale
increases, whereas OLSR and DSDV exhibit even more severe degradation. In the larger
tested configurations, DSDV even experiences a packet delivery ratio of 0, indicating
that traditional routing mechanisms are more vulnerable to delivery degradation when
multi-hop competition becomes more intense.

Figure 23. Comparison of packet delivery ratio under different network scales.

The main reason lies in the increased control overhead and channel contention as
the network scale expands. AODV relies on RREQ flooding for route discovery, and the
increase in node density and connectivity amplifies broadcast redundancy, thereby leading
to packet collisions and congestion. OLSR and DSDV are proactive routing protocols
that require periodic exchange of topology information or routing table updates. As the
network grows larger, these control packets consume more link resources, thereby reducing
the bandwidth available for effective data transmission and lowering the packet delivery
ratio. By contrast, Q-Learning AODV introduces multidimensional state information and
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Q-value evaluation into route discovery and maintenance, making path selection more
inclined to avoid heavily loaded and unstable links. As a result, it can better suppress
performance degradation in medium- and the larger tested configurations, and the decline
remains more controllable.

Figure 24 compares the throughput of different routing protocols under different
network scales. It can be observed that Q-Learning AODV maintains a relatively high
throughput under small- and medium-scale network conditions. Although its throughput
decreases when the network moves to the larger tested configurations, it still remains
higher than that of AODV and OLSR. The throughput of conventional routing protocols
generally declines markedly as the network scale increases. In particular, OLSR and DSDV
drop to relatively low levels after Group 2, indicating that when link contention intensifies,
the effective payload ratio is rapidly eroded by control packet overhead and retransmissions.

Figure 24. Throughput comparison under different network scales.

The fundamental reason remains the increase in control overhead. In larger joint
size/coverage configurations, RREQ flooding in AODV is more likely to trigger a broadcast
storm and cause channel collisions. OLSR relies on periodic control messages such as
HELLO and TC packets to maintain global topology information, whereas DSDV maintains
routing consistency through periodic routing table updates. As the network expands,
these overheads consume a larger share of the limited channel resources, thereby reducing
throughput. In contrast, Q-Learning AODV continuously updates Q-values through the
five-dimensional reward function and the link stability factor, guiding traffic toward more
stable paths. In addition, the candidate set of multiple node-disjoint paths helps alleviate
congestion on hotspot and bottleneck links. Therefore, it is still able to maintain higher
throughput as the network scale increases.

Figure 25 shows the average end-to-end delay of the same four routing protocols
under different marine network scales. Unlike packet delivery ratio and throughput, Q-
Learning AODV does not achieve the minimum delay. Under the small-scale network
setting, its delay is approximately 4.91 s, and then gradually decreases to about 3.22 s as
the network scale increases, although it still remains higher than that of AODV and OLSR
overall. The delays of AODV and OLSR are generally lower and vary relatively smoothly,
while DSDV lies between them under small- and medium-scale conditions.
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Figure 25. Delay comparison under different network scales.

This phenomenon reflects the trade-off between reliability and efficiency. In route
selection, Q-Learning AODV tends to avoid congested or unstable links and favors more
reliable paths, which may result in longer effective routes or more conservative forwarding
decisions, thereby increasing end-to-end delay. By contrast, proactive routing protocols
such as OLSR and DSDV maintain routing information in advance, so no additional on-
demand route discovery is required during data forwarding, making it easier for them to
achieve lower average delay.

Figure 26 shows the variation in communication-subsystem lifetime of four rout-
ing protocols from Group 1 to Group 4 under different network scales. Overall,
the communication-subsystem lifetime of Q-Learning AODV exhibits a clear upward
trend as the network scale increases. This is because, with more nodes, the number of avail-
able paths generally increases. The Q-value updating mechanism enables path switching
and load distribution during intensive forwarding, thereby preventing a small number
of relay nodes from remaining in hotspot forwarding states for a long time and delaying
the time at which the first node exhausts its energy. Although larger networks bring
stronger contention and more collisions, the benefit brought by path diversity is generally
dominant for Q-Learning AODV, so its overall communication-subsystem lifetime can still
be extended.

It should be noted that, in the small-scale network of Group 1, the communication-
subsystem lifetime of AODV is slightly higher than that of Q-Learning AODV. This is
because, under small-scale conditions, the number of available paths is limited and the
topology is relatively stable. In such cases, the exploration and update process of Q-values,
together with the additional decision-maintenance overhead, may become a relative bur-
den, whereas AODV can obtain a relatively stable forwarding path through on-demand
route establishment with lower control and computational overhead, and may therefore
exhibit better energy efficiency at this scale. As the network scale increases, the network
lifetime of AODV, OLSR, and DSDV generally decreases. In dense networks, route dis-
covery broadcasts in AODV are more likely to trigger collisions and retransmissions, thus
increasing energy consumption. OLSR and DSDV require continuous maintenance of
routing information, and the larger the network becomes, the more frequent the exchange
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of control packets, resulting in more pronounced additional overhead and faster degra-
dation. Although some irregular fluctuations can be observed among different groups,
Q-Learning AODV retains a relative lifetime advantage in the larger tested configurations.
Because node count and coverage area vary together, this trend is interpreted as robustness
to the combined stress conditions rather than as an isolated claim about network size alone.

Figure 26. Communication-subsystem lifetime under different network scales.

Taken together, the four metrics indicate that Q-Learning AODV achieves the best
throughput and packet delivery ratio in small-scale networks. Although its performance
decreases as the network scale expands, it still remains superior to that of the other routing
protocols. In terms of delay, Q-Learning AODV generally exhibits relatively higher delay
under different network scales. In terms of communication-subsystem lifetime, however,
Q-Learning AODV shows clear advantages over conventional routing protocols in the
medium and larger tested configurations. Overall, the Q-Learning AODV routing protocol
outperforms conventional routing protocols in this combined stress test. Because node
count and deployment area are varied simultaneously, the observed trends reflect the joint
influence of density, expected hop count, contention, and physical coverage. The curves are
therefore interpreted as joint stress-response evidence rather than as an isolated scalability
law. Separate fixed-area and constant-density designs would be appropriate when the
objective is to decompose these individual effects.

5.2.3. Impact of Underwater Node Speed on Network Performance

Simulation experiments are conducted under different underwater node speeds,
and the results are presented as follows.

Figure 27 shows the packet delivery ratio of four routing protocols under different
underwater node speeds. Q-Learning AODV achieves the best packet delivery ratio under
all speed settings, followed by AODV. For both Q-Learning AODV and AODV, the packet
delivery ratio exhibits a decreasing trend as node speed increases. The packet delivery
ratios of AODV and its improved version remain higher than those of DSDV and OLSR.
For OLSR, the packet delivery ratio is approximately 30% at 2 m/s and decreases to around
10–20% as the speed increases, resulting in relatively low overall performance. DSDV
exhibits the lowest packet delivery ratio at all speed levels, and in some cases the packet
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delivery ratio drops to 0. Overall, Q-Learning AODV performs better than the other routing
protocols under different underwater node speeds, whereas DSDV performs the worst.
This is because Q-Learning AODV takes the impact of velocity difference on path stability
into account and tends to select nodes with relatively small speed differences for packet
forwarding, thereby improving path stability and reducing packet loss.

Figure 27. Comparison of packet delivery ratio under different underwater node speeds.

Figure 28 shows the throughput performance of the four routing protocols under
different underwater node speeds. Q-Learning AODV achieves the best throughput perfor-
mance under all speed settings, followed by AODV. For both Q-Learning AODV and AODV,
throughput generally decreases as node speed increases. OLSR and DSDV exhibit rela-
tively low throughput, while AODV and Q-Learning AODV maintain higher throughput
than DSDV and OLSR. Overall, Q-Learning AODV achieves favorable throughput under
different node speeds, with relatively high stability and a comparatively small variation
range, whereas DSDV consistently exhibits the lowest throughput, including cases where
throughput drops to 0. Similarly, this result can be attributed to the fact that Q-Learning
AODV considers the impact of inter-node velocity difference on path stability and thus
tends to select forwarding nodes with smaller speed differences, leading to more stable
paths and higher throughput.

As shown in Figure 29, different protocols exhibit different delay performance as the
speed of underwater nodes varies. With increasing underwater node speed, the delay
of AODV and Q-Learning AODV remains relatively stable, whereas DSDV and OLSR
experience larger fluctuations, indicating weaker adaptability to different node speeds.
Q-Learning AODV maintains relatively low delay under different speed settings; however,
when node speed increases, its delay becomes slightly higher than that of OLSR. This is
because Q-Learning AODV selects routes with better overall link quality, and a higher-
quality path is not necessarily the one with the minimum delay. Therefore, as node speed
increases, the delay of Q-Learning AODV may become slightly higher than that of OLSR.
In general, the delay of all four routing protocols increases as node speed increases. This is
because higher node mobility leads to more unstable links, which causes more frequent
route discoveries. During route discovery, packets may be buffered for a certain period,
thereby increasing end-to-end transmission delay.
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Figure 28. Throughput comparison under different underwater node speeds.

For DSDV, delay is plotted only at node speeds for which packets were successfully
received; therefore, isolated red markers are shown and no line is drawn across speeds
with unavailable delay values.

Figure 29. Delay comparison under different underwater node speeds.

It can be seen from Figure 30 that Q-Learning AODV achieves the longest overall
communication-subsystem lifetime in this underwater-to-underwater scenario with forty
nodes, while still maintaining strong adaptability under different node speeds. This behav-
ior is consistent with its use of Q-values to combine link and energy-related information and
to switch among available paths when path quality degrades or node energy is consumed
too quickly, thereby achieving traffic load balancing and reducing excessive consumption
of hotspot relay nodes. As a result, the protocol is more likely to prolong network operation
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time. Specifically, when the node speed increases from 2 m/s to 4 m/s, link breakages be-
come more frequent, and the overhead of retransmissions and route maintenance increases.
Consequently, the communication-subsystem lifetime of all four protocols is generally sup-
pressed, and Q-Learning AODV also shows a decrease. However, when the speed reaches
5 m/s, the more dynamic topology introduces more newly available paths, and the learning
and switching mechanism of Q-Learning AODV can exploit these new paths to redistribute
forwarding pressure, resulting in a noticeable recovery in network lifetime. When the
speed further increases to 6 m/s, topology changes become too fast, the lifetime of available
paths becomes shorter, and collisions as well as maintenance overhead dominate. As a
result, the advantage of Q-Learning AODV is weakened, and communication-subsystem
lifetime decreases significantly again. By contrast, the communication-subsystem lifetime of
AODV shows an overall downward trend as speed increases, mainly due to more frequent
route discoveries and broadcast contention under high mobility, which increase energy
consumption. OLSR, owing to its proactive topology maintenance, is more sensitive to
speed changes, and the variation of control overhead across different speed ranges causes
noticeable fluctuations in its curve. DSDV, as a table-driven protocol, is prone to concen-
trated energy consumption due to frequent routing table updates and failures in medium-
and high-speed ranges, resulting in more severe degradation. Overall, increasing node
speed compresses communication-subsystem lifetime, but Q-Learning AODV, by relying
on adaptive route selection and dynamic path switching, can still exploit newly available
paths in certain speed ranges to achieve better energy balancing.

Figure 30. Communication-subsystem lifetime under different underwater node speeds.

From the above analysis, it can be seen that different routing protocols exhibit dis-
tinct performance under different node speeds. In terms of delay, AODV and Q-Learning
AODV maintain relatively stable delay under different node speeds, indicating better
adaptability, whereas DSDV exhibits large delay fluctuations, reflecting insufficient stability.
In terms of throughput, Q-Learning AODV performs the best and maintains the highest
throughput as node speed increases, while DSDV shows the lowest throughput. In terms
of communication-subsystem lifetime, Q-Learning AODV outperforms the other routing
protocols. For packet delivery ratio, Q-Learning AODV also achieves a relatively high de-
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livery rate among the four protocols, whereas DSDV remains at a low level under different
speed conditions and is almost unable to satisfy communication requirements. Regarding
communication-subsystem lifetime, Q-Learning AODV consistently outperforms the other
routing protocols as a whole, and in medium-speed ranges it can still exploit newly avail-
able paths through Q-value learning and path switching to achieve load balancing, thereby
delaying the energy depletion of critical relay nodes. In contrast, the lifetime of AODV
gradually decreases due to frequent route discoveries and retransmissions, while OLSR and
DSDV incur greater control overhead because of proactive maintenance and routing table
updates, resulting in faster energy consumption and more pronounced lifetime degradation
under highly mobile conditions.

The proposed Q-Learning AODV protocol is an improved routing protocol that in-
troduces a reinforcement learning algorithm into the conventional AODV protocol and
can dynamically adjust routing strategies according to network conditions. The protocol
designs a reward mechanism that jointly considers residual node energy, network conges-
tion, inter-node distance, velocity difference, and elevation angle, and realizes multipath
routing selection through continuous Q-value updating. Experimental results show that Q-
Learning AODV achieves favorable throughput, packet delivery ratio, and communication-
subsystem lifetime across the tested size/coverage configurations and node-speed con-
ditions. Although it does not always minimize delay, it maintains comparatively stable
routing performance as the tested topology becomes larger or more dynamic, supporting
its use as an adaptive routing option for heterogeneous marine communication scenarios.

5.3. Scope of the Evaluation and Interpretation

The evaluation is designed as a routing-level comparative study under a unified NS-3
configuration, with PDR and end-to-end delay treated as the primary performance criteria
and throughput and communication-subsystem lifetime as supporting metrics. The re-
ported evidence therefore supports relative performance conclusions for the complete
Q-Learning AODV design under the stated reward, traffic, mobility, and channel settings.
A statistically complete repeated-run evaluation should rerun each configuration with
independent random seeds and report the sample mean together with a 95% confidence
interval, x̄ ± t0.975,n−1s/

√
n. Such repeated-seed raw runs are not contained in the archived

results used to generate the present figures, so confidence intervals cannot be reconstructed
without rerunning the simulator. Component-level reward attribution, broad parameter
robustness, and isolated density-versus-area scaling likewise require dedicated experimen-
tal designs. The underwater channel and energy results refer to the adopted routing/PHY
abstraction and communication-subsystem energy boundary rather than to modem-specific
multipath/Doppler behavior or complete UAV mission endurance.

6. Conclusions
This paper presented Q-Learning AODV for marine cross-medium acoustic–radio

collaborative networks by coupling distributed Q-value updates with AODV route discov-
ery/maintenance, a normalized multi-objective reward, and Q-value-ranked node-disjoint
candidate paths. The revised formulation makes explicit the locally observable MDP,
the sources and dissemination of routing-state variables, the link-type-dependent active
reward normalization, and the additional signaling, computation, and storage cost of
the learning mechanism. In the three reported communication scenarios, PDR increases
from 55.8% to 88.3%, from 68.3% to 76.1%, and from 86.9% to 91.9% relative to AODV,
corresponding to relative improvements of 58.2%, 11.4%, and 5.8%, respectively. End-
to-end delay is not uniformly minimized, which makes PDR and delay the most infor-
mative pair of primary metrics for interpreting the routing trade-off. Throughput and
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communication-subsystem lifetime provide supporting evidence, with the latter reflect-
ing routing-related communication energy only rather than complete vehicle endurance.
These findings support the relative routing-level benefits of the proposed protocol under
the evaluated configurations and should be interpreted within the stated PHY/channel,
traffic, and communication-energy boundaries. Future work should add repeated-seed
confidence intervals, broader parameter sweeps, component-level reward attribution,
controlled scale decomposition, learning-based baseline implementations, and measured
maritime validation.
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