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Abstract: Underwater acoustic sensor networks (UASNSs) play an increasingly crucial
role in both civilian and military fields. However, existing routing protocols primarily
rely on node position information for forwarding decisions, neglecting link quality and
energy efficiency. To address these limitations, we propose a fuzzy logic reasoning adaptive
forwarding (FLRAF) routing protocol for three-dimensional (3D) UASNSs. First, the FLRAF
method redefines a conical forwarding region to prioritize nodes with greater effective ad-
vance distance, thereby reducing path deviations and minimizing the total number of hops.
Unlike traditional approaches based on pipeline or hemispherical forwarding regions, this
design ensures directional consistency in multihop forwarding, which improves transmis-
sion efficiency and energy utilization. Second, we design a nested fuzzy inference system
for forwarding node selection. The inner inference system evaluates link quality by inte-
grating the signal-to-noise ratio and some metrics related to the packet reception rate. This
approach enhances robustness against transient fluctuations and provides a more stable
estimation of link quality trends in dynamic underwater environments. The outer inference
system incorporates link quality index, residual energy, and effective advance distance
to rank candidate nodes. This multimetric decision model achieves a balanced trade-off
between transmission reliability and energy efficiency. Simulation results confirm that the
FLRAF method outperforms existing protocols under varying node densities and mobil-
ity conditions. It achieves a higher packet delivery rate, extended network lifetime, and
lower energy consumption. These results demonstrate that the FLRAF method effectively
addresses the challenges of energy constraints and unreliable links in 3D UASNs, making
it a promising solution for adaptive and energy-efficient underwater communication.

Keywords: UASNS; fuzzy logic; adaptive forwarding; routing protocol

1. Introduction

The Internet of Things (IoT) seeks to connect all aspects of our world through a unified
infrastructure, enabling us to control and monitor their status anytime. IoT research has
made great progress in the commercial and industrial fields [1-3], enhancing the potential
for its application in underwater environments. Consequently, research on the Internet of
Underwater Things (IoUT) is increasingly capturing the interest of researchers [4,5].

IoUT technology plays a crucial role in military defense, smart coasts and oceans,
underwater detection, disaster prediction, and other civilian and military fields [6-8]. The
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most important branch of IoUT research is underwater acoustic sensor networks (UASNs).
The construction of UASNSs for data collection has gradually become an effective ocean
exploration method [9]. In terrestrial sensor networks, electromagnetic waves are undoubt-
edly an efficient medium for wireless transmission. However, in underwater environments,
electromagnetic waves suffer from severe attenuation, which makes long-distance propaga-
tion challenging. In addition, although light waves can propagate underwater, they are
significantly affected by scattering and absorption, resulting in very short transmission dis-
tances. Therefore, acoustic waves hold distinct advantages in underwater communication
as they can penetrate water layers and transmit over longer distances.

However, there are also many drawbacks, such as high transmission losses, multipath
effects, limited bandwidth, long delays, and Doppler propagation, which pose huge chal-
lenges in conducting relevant research [10]. In addition, underwater nodes are affected by
movement caused by water currents and tides, causing the network topology to change
continuously, which complicates network management and communication. The accurate
locations of underwater nodes are particularly difficult to obtain since Global Positioning
System (GPS) signals cannot propagate underwater. Additionally, since underwater nodes
are typically battery-powered, managing energy consumption effectively to prolong the
network lifetime is a key challenge. These problems make it impossible to apply terrestrial
wireless sensor network technology directly to an underwater environment, so it is urgent
to design an energy-efficient, scalable, and adaptive underwater acoustic routing protocol.

To address these challenges, various routing protocols have been proposed for UASNS.
The main objective of the first category of routing protocols is to improve the energy
efficiency of sensor nodes, which in turn helps to prolong the lifespan of the entire net-
work. In [11], the authors applied an offline centralized algorithm to transform the energy
consumption balance challenge into an optimal data distribution problem. A flaw in the
study is that the forwarding node is frequently selected. In [12], the authors used machine
learning technology, Q-learning (QL), to solve the problem mentioned above. The selection
of the forwarding node is determined by its remaining energy and the group energy of its
neighboring nodes. The phenomenon of routing voids in the protocol is also avoided. In
addition, ref. [13] proposed a new baseline lightweight energy-aware opportunistic routing
(EnOR) protocol. EnOR employs timer-based coordination to set candidate forwarding
priorities, enabling efficient time slot assignment. The way the protocol calculates the
priority is just a simple algebraic operation. However, the input parameters, such as the
residual energy, are often uncertain and fuzzy, which cannot be described and dealt with
by a pure algebraic operation.

Another branch called cluster-based routing protocols was first proposed in [14], in
which whether a node is selected as a cluster head (CH) node is determined by the number
of CHs required and how many times the node has been CH before. Compared to [14],
ref. [15] provided a more detailed method for selecting the CH node with minimal energy
consumption and data traffic load. Additionally, the forwarding node can dynamically
adjust its transmission power and prevent repeated selection of the same CH node. Ref. [16]
reduced the impact of acoustic interference on data transmission by limiting the Time
Division Multiple Access (TDMA) scheduling of parallel data transmission and establishes
an efficient and reliable intra-cluster hierarchical route for data transmission.

However, these protocols typically focus on balancing energy consumption, which
may result in a low packet transmission success rate. In addition, additional network coor-
dination may be required, such as frequent node selection or CH election. These processes
can bring additional latency, which affects the need for real-time data transmission.

The second category of the routing protocol prioritizes the reliability of data trans-
mission. In [17], the protocol uses the Dijkstra algorithm to select forwarding nodes with
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the least neighbors to avoid collision. In [18], the directional flooding-based routing (DFR)
protocol relies on packet flooding technology to improve reliability, controlling the number
of nodes that flood packets and determining the number of nodes that forward them based
on link quality. However, when the DFR protocol is running, the network configuration
parameters are fixed, which makes it unable to deal with system changes. Consequently,
the intelligent directional flooding routing (iDFR) protocol was introduced in [19], along
with two new DEFR versions to dynamically reflect the quality of service (QoS). The flooding
area can be dynamically adjusted according to the QoS feedback provided by the sink in
these protocols.

These protocols prioritize the integrity of data transmission and often do not ad-
equately consider the balance of energy consumption. For example, the DFR protocol
ensures the reliability of data transmission by increasing the number of nodes partici-
pating in forwarding. However, this method increases energy consumption, particularly
in densely networked scenarios. This flooding strategy may cause excessive redundant
data transmissions.

The first branch of the last type of routing protocol is the depth-based routing protocol,
which requires only depth information. Ref. [20] introduced a depth-based routing (DBR)
protocol, where the most suitable forwarding node is selected based on the maximum
depth difference. Building on the work in [20], ref. [21] introduced a more lightweight
depth-based routing protocol (LDBR) that considers node energy. When a node has a shal-
lower depth and higher energy, it is more likely to participate in the routing process. In [22],
the authors proposed the reliable and stability-aware routing (RSAR) protocol, aimed at
reducing packet loss and improving energy efficiency. The RSAR protocol introduces a
novel approach by categorizing the network into five energy levels from top to bottom,
selecting the optimal forwarding node based on depth information, residual energy, and
energy level. Furthermore, ref. [23] introduced a parameter called the depth threshold into
the routing process and increases the consideration of the number of transmission hops,
thereby ensuring the successful transmission of packets.

Another branch is the location-based routing protocol. In [24], a vector-based for-
warding (VBF) routing protocol was proposed, where packets are forwarded through the
constructed virtual pipeline. However, the constant radius of the pipeline greatly impacts
the performance of VBE. On the other hand, VBF cannot cope with the routing void phe-
nomenon effectively. To increase the robustness and scalability of the previous protocol,
the authors in [25] proposed the hop-by-hop VBF (HH-VBF) protocol, where the direction
of the routing pipeline dynamically changes based on node distribution. Additionally, to
reduce the impact of routing voids, ref. [26] provided its solution. Furthermore, two studies
have outlined the routing protocol design in two stages: the first involves defining the
forwarding area, and the second selects a forwarding node from the candidate set using
various methods. For instance, game theory can be used to design strategy sets and gain
functions or to derive forwarding probability through the Nash equilibrium [27]. Alterna-
tively, forwarding probability can be calculated directly from node location information [28].
However, neither of these studies considered energy management; therefore, the network
lifetime cannot be guaranteed.

In addjition to routing protocols, several studies have also provided valuable method-
ological inspiration and technical guidance for enhancing real-time adaptive routing and
intelligent decision-making strategies in UASNs. For example, studies on high-precision lo-
calization using multisensor association in space environments [29], the real-time trajectory
planning and tracking control of bionic underwater robots in dynamic environments [30],
and the design of a forward-looking sonar system with a lightweight multiscale attention
network for environmental perception and intelligent decision making [31] offer important
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references for developing UASN systems with improved environmental awareness and
dynamic adaptability.

The research purpose of this paper is to optimize the forwarding process of the three-
dimensional (3D) underwater acoustic sensor network (UASN) routing protocol by using a
fuzzy reasoning system, and the most important part is to deduce the candidate priority
of nodes. The fuzzy logic reasoning system has already made important contributions
to the research of opportunistic networks and ad hoc networks [32,33]. Inspired by these
developments, we design a fuzzy logic reasoning adaptive forwarding (FLRAF) routing
protocol for 3D UASNs and select the forwarding nodes using the fuzzy logic reasoning
tool. We innovatively build a nested fuzzy logic reasoning system to determine node
candidate priorities. The inner layer obtains the link quality index (LQI), while the outer
layer determines node candidate priorities. In the process of obtaining LQI, refs. [34,35]
inspires us, but after obtaining the cumulative packet reception rate (PRR), a series of PRR
values are used for calculating its coefficient of variation to serve as one of the fuzzy input
variables, which may lead to a misjudgment of the link quality, because when the network
encounters an outlier due to a brief emergency, the use of the coefficient of variation
will have a significant impact on the fuzzy output. Therefore, we innovatively use the
interquartile range of the cumulative PRR value as one of the inputs of the link quality
assessment task to evaluate the LQI more comprehensively. Finally, we highlight the key
innovations of the proposed FLRAF method.

(1) The FLRAF routing protocol redefines the geometric boundary and selection criteria of
the new forwarding area. It allows more suitable nodes to participate in the forwarding
process and prevents unnecessary forwarding by nodes in unfavorable positions, thus
reducing transmission redundancy. In addition, unlike traditional approaches based
on pipeline or hemispherical forwarding regions, the conical forwarding area helps
maintain the directional consistency of multihop forwarding paths from the source
node, minimizing path deviations and thereby reducing the total number of hops
required for transmission, which improves forwarding efficiency and ensures higher
energy efficiency.

(2) The FLRAF routing protocol designs a fuzzy logic reasoning system to improve
the accuracy of link quality assessment. The system comprehensively analyzes
the smoothed PRR obtained through exponentially weighted moving average
processing (EWMA_SPRR), the signal-to-noise ratio (SNR), and the interquartile
range (IQR) of the PRR to complete the LQI assessment task. By incorporating
IQR and EWMA_SPRR into link quality assessment, the proposed method im-
proves robustness against transient fluctuations and provides a more stable esti-
mation of link quality trends, ensuring accurate and reliable evaluation in dynamic
underwater environments.

(3) The FLRAF routing protocol builds a nested fuzzy logic reasoning system to complete
the selection of candidate sets in the forwarding region. The inner inference system
obtains the LQI between nodes, while the outer inference system comprehensively
considers the output of inner inference, the residual energy (RE), and the effective
advance distance (AD) of nodes to obtain the priority ranking. By incorporating
a novel multimetric fuzzy logic decision model, the method improves the packet
delivery rate of the network and some parameters related to energy consumption.

The rest of this article is structured as follows. Section 2 presents the detailed imple-
mentation of the FLRAF protocol, including its forwarding process and fuzzy-logic-based
decision strategy. Section 3 provides a comprehensive performance comparison with ex-
isting routing protocols under various simulation scenarios. Section 4 summarizes the
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main findings, discusses current research limitations, and outlines future work directions
to enhance the adaptability and intelligence of underwater routing protocols.

2. Description of the Proposed Approach
2.1. Network Architecture

The FLRAF routing protocol utilizes the network architecture depicted in Figure 1,
which comprises ordinary sensor nodes, sink nodes, and a shore-based station. The ordinary
sensor nodes, which are responsible for data collection, are dispersed randomly within a 3D
space. The sink nodes, fixed on the ocean surface, gather the data collected by the ordinary
sensor nodes. Consequently, after receiving the acoustic data transmitted from ordinary
sensor nodes in a hop-by-hop manner, the sink nodes aggregate the information and relay
it via electromagnetic waves to the shore station for subsequent processing and analysis.
Forwarding region
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Figure 1. Network architecture for underwater acoustic sensor network (UASN) data collection.

Sea bed

2.2. Network Model of the FLRAF

The transmission attenuation of the underwater acoustic signal depends on center
frequency and transmission distance. In this paper, we use the Urick model to characterize
the underwater acoustic signal’s propagation loss [36], which can be expressed as

A(d, f) = d*a(f) 0 (1)

where d represents the Euclidean distance between nodes (in m), k is the spreading factor
describing the propagation geometry with a value ranging from 1 to 2, typically set to 1.5, f
denotes the acoustic carrier frequency (in kHz), and a(f) represents the absorption coefficient.

For the Euclidean distance d between nodes, N;(x;, y;, z;) is used to represent the 3D
coordinates of any node and d; ; can be used to represent the Euclidean distance between
any two nodes. The calculation formula is as follows:

dij = \/(xi )+ (i — )’ + (2 — 7)) (2)
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We note that a variety of underwater localization technologies have been extensively
studied and applied, which can effectively mitigate the impact of signal distortion on
localization accuracy. These technologies provide a solid foundation to ensure the feasibility
of position-based forwarding strategies in practical scenarios [37,38].

The absorption coefficient a(f) can be determined according to Thorp’s empirical
formula [36], which is calculated as

0.11f?

4412 2.75f2
1+ f2 ’

101 =0.
Olog,,a(f) = 0.003 4 4100 1 /2 0*

+

)

Besides path loss, underwater acoustic signals face interference from ocean noise
during transmission. Ocean noise N(f) comprises various components, which can be
broadly categorized into the following environmental noise sources: shipping noise N (f),
turbulence noise N;(f), thermal noise Ny, (f), and wave noise Ny, (f). The calculation can
be determined using

N(f) = Ne(f) + Ns(f) + No(f) + N (f) (4)
10log, Ni(f) = 17 — 30log,, f 5)
10log,oNs(f) = 40 +20(s — 0.5) + 26log,, f

— 60logo(f +0.03) ©)
10log;(Nuw(f) = 50 + 7.52y/w + 20log;, f

— 40log;,(f +0.4) (7)
10log,o Ny, (f) = —15 + 20log, f (8)

where s represents the shipping activity factor, which is a constant ranging from 0 to 1, typ-
ically set to s = 0.8, and w is the speed of wind (in m/s) set according to specific conditions.

After obtaining the transmission loss of the underwater acoustic signal, if only path
transmission loss and noise interference are considered, the SNR between nodes can be
estimated using

SNR(&,f) = ©)

(d, f)N(f)
where P represents the transmitted acoustic source power (in dB/uPa) and N(f) denotes
the noise power spectral density. It is important to note that nodes convert electrical signals
into acoustic signals to transmit data via underwater acoustic transducers. The conversion
between the transmitted acoustic source power and the electrical transmission power is
determined by

10log;,P = 10log,, P + 170.8 4 10log, 1 (10)

where 7 is the efficiency of the underwater acoustic transducer, represented as a constant
between 0 and 1, typically set to 77 = 0.8, P is the electrical transmitting power (in W).

In this study, the acoustic characteristics of the transmission channel are primarily
considered through the conversion between electrical power and acoustic source power,
along with modeling the attenuation properties of sound propagation in underwater en-
vironments. Detailed structural-acoustic properties of the transducers and propagation
interfaces are not explicitly modeled. In contrast, recent studies such as [39] have provided
a more comprehensive analysis of vibroacoustic behavior by considering the sound trans-
mission loss (STL) characteristics in lattice sandwich structures. Such detailed modeling
offers valuable insights that can serve as a useful reference for our future research directions
involving physical-layer acoustic modeling.
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2.3. Forwarding Area of FLRAF

Figure 2 shows the one-hop transmission range scenario of UASN data transmission,
where node S0 is the sink node and node S1 is the current forwarding node. If 54 is selected
as the next hop forwarding node, the effective advance distance AD is defined as

AD =d x cos?@. (11)

From the perspective of the Thorp propagation model, when data are transmitted via
multiple hops to the final sink node, maximizing AD for each hop will minimize the end-
to-end delay and the number of hops from the data transmission standpoint. Consequently,
this approach provides benefits in both energy efficiency and transmission latency.

Figure 2. Node’s one-hop transmission range diagram.

Specifically, as shown in Figure 2, when node 52 is located on the line connecting nodes
51 and S3, within the one-hop transmission range of S1 with a radius of R, 51 can directly
send data to S3. It can also relay data through forwarding node S2. These two forwarding
schemes have different energy consumption levels. Assuming the received signal power
is Py, according to Equation (9), the node transmission power is A(d, f)N(f)Py. For the
two mentioned data transmission schemes, we can use

Esingle = A(dl,Bf f)N(f)POTtx + Eelec

a(f)dy3

= N(f)PTixd15107 10 + Egpe, (12)
Emultiple = A(dl,er)N(f)POTtx + A(d2,3/f)N(f)P0Ttx
+ 2Eelec
a(f)d
= N(f)PoTixd1 251010
K a(f)dy 3
+ N(f)POTtxd2,3 107 + 2Eelec (13)

to represent the energy consumed by single-hop transmission and multihop transmission
within the one-hop transmission range, where E,j,. denotes the energy required for the
electronic equipment of the transmitter and receiver and T, represents the transmission
time of a data packet. Assuming that multihop transmission is more energy-efficient, then
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a(f)dy 3 a(f)dy a(f)dy 3 E,lec
T

d1,310 0 d1,210 10 d2,310 0 > N(f)P()Ttx. (14)

When node S2 lies on the line connecting nodes S1 and S3, there is dy3 = dy +d23;
otherwise, there is d; 3 < dy + dp3. In terms of communication hardware, we choose the
commonly used underwater acoustic modem model UWM1000 (LinkQuest Inc., San Diego,
CA, USA) [40]. After our verification, obviously, Equation (14) is not valid, that is to say,
within the one-hop transmission range, Eingle < Emultiple, €xtended to the whole network
range, in order to maintain the optimal energy consumption, it is necessary to ensure as
few multihop transmission hops as possible. When the current forwarding node is S1,
nodes S3 and S4 are within the one-hop transmission range, but ADg3 > ADgy; therefore,
to ensure as few multihop transmission hops as possible, nodes with larger AD within the
forwarding node should be selected. To further constrain the forwarding node and make
the forwarding area contain as many nodes with larger AD as possible, we redefine the
geometric boundary and selection criteria of the forwarding area, as shown in the blue area

in Figure 3.

5 0

7 Sink node

Figure 3. Schematic diagram of the forwarding area in the fuzzy logic reasoning adaptive forwarding
(FLRAF) routing protocol.

The forwarding area of node A can be represented as

(x = x0)?+ (y = y0)* + ( — 20)* < R?
Eﬁ (15)
R

where the coordinates (xg,yo,20), (X1,¥1,21), (X2,¥2,22), and (x,y,z) denote the posi-
tional information for forwarding node A, sink node B, node C in the previous hop’s
forwarding region, and location D shown in Figure 3. 7 is the semi-vertex angle of
the “cone” forwarding area. When the node position (x,y,z) satisfies Equation (15), it
can be determined that the node is in the forwarding area of the previous forwarding
node. Since the vertex of the “cone” forwarding area is at A(xo, ¥o, 29), the axis is along
v = ﬁ = (x1 — X0, ¥1 — Yo, 21 — 20), and the semi vertex angle is v, we only need to
ensure that the angle  between the vector @ from the center of the sphere A(xo, yo,20) to
the point C(x, y,z) and the “cone” axis vector ¥ is less than or equal to . We have

—

- U

=751 o= (16)
@] x |d]

cos(p)
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and let cos(y) < cos(p), finally let
(x = x0)* + (y = y0)* + (z — 20)* < R*. (17)

That is to say, A needs to be confined within the sphere. In addition, to determine the
scope of the optimal forwarding area in the future, it is agreed here that a = gls.

2.4. Evaluation of Link Quality Between Nodes

A fuzzy logic reasoning system is an intelligent system that uses fuzzy logic for reason-
ing and decision making. Its functions include processing uncertainty, fuzzy information,
and complex multidimensional data. The implementation process of fuzzy reasoning usu-
ally includes fuzzification, rule-based reasoning, and defuzzification steps. This system
is commonly applied in fields such as automatic control, pattern recognition, intelligent
transportation systems, and wireless sensor networks. Through precise evaluation and
decision making, the efficiency and reliability of the system are improved. In this section,
we constructed an inner layer fuzzy logic reasoning system to complete the evaluation task
of inter-node link quality, as shown in Figure 4.

SNR IQR EWMA_SPRR

/ \ \ \i \

Fuzzifier

!

Inference Engine

'

Defuzzifier

\J /

\
LQI

Fuzzy Rules

A

Figure 4. Schematic diagram of link quality index (LQI) acquisition process using inner layer fuzzy
reasoning system.

In addition to the SNR mentioned in Equation (9), the input to the fuzzy inference
system also includes two other parameters: the interquartile range (IQR) of the cumulative
PRR at different time points and the smoothed PRR obtained through exponentially
weighted moving average processing (EWMA_SPRR). The rationale behind selecting these
two parameters is as follows. First, we do not use the coefficient of variation (CV) of PRR
because it is highly sensitive to fluctuations in link quality at a single time instant, which
may lead to misleading results. For instance, a momentary degradation in link quality can
cause a significant drop in PRR, thereby introducing substantial variations in the computed
CV. In contrast, the IQR is more robust to transient fluctuations, as it primarily reflects
the dispersion of the middle 50% of the data points. This makes IQR a more stable metric
for assessing long-term link quality while filtering out short-term variations. Additionally,
we calculate the EWMA_SPRR because it provides a predictive capability. By assigning
exponentially decreasing weights to past observations, the EWMA_SPRR value enables a
smoother estimation of PRR trends, allowing for a more reliable prediction of future link
quality based on historical data. This predictive aspect is particularly beneficial in dynamic
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underwater acoustic environments, where link quality can fluctuate due to various factors,
such as mobility, multipath effects, and environmental disturbances.

SNR reflects the real-time physical channel quality and serves as a primary indicator
of potential signal distortion due to environmental noise. Higher SNR values generally
imply more favorable transmission conditions. However, due to the inherent volatility of
underwater channels, relying solely on instantaneous SNR may lead to unstable decision
making. IQR of PRR captures the dispersion of PRR values over a predefined observation
window, quantifying the consistency and stability of the link performance. A smaller
IQR implies a more stable link, while a larger IQR indicates fluctuating reception quality
and potential unreliability due to transient disturbances such as mobility or interference.
EWMA_SPRR introduces a smoothing mechanism that emphasizes recent PRR trends
while still considering historical observations. This exponentially weighted average en-
hances temporal robustness, mitigating the effects of outliers or sudden dips caused by
momentary channel degradation.

The fuzzy inference mechanism leverages the degree of membership of these pa-
rameters to predefined fuzzy sets (e.g., High SNR, Low IQR, Good EWMA_SPRR) and
integrates them through fuzzy rules to output an aggregated LQ! value, which reflects both
instantaneous and long-term link quality trends. This design aims to reduce susceptibility
to short-term fluctuations and provide a more resilient and adaptive link assessment model
for routing decisions. That is to say, by integrating IQR and EWMA_SPRR, our approach
effectively balances robustness against transient fluctuations and adaptability to long-term
link quality trends, enhancing the reliability of our routing decisions. Assuming we have
obtained the PRR values at the current time point f and n previous time points, we will take
the obtained 10 PRR values (assuming they are already arranged from small to large) as an
example to introduce the calculation process of the IQR. First, arrange the data from small
to large, and then find the positions of the 25th and 75th percentiles of the data, namely the
lower quartile Q1 and upper quartile Q3:

Q1 = PRRy +0.5 x (PRR3 — PRR») (18)
Q3 = PRR7 + 0.5 x (PRRg — PRRy). (19)

The final IQR is:
IQR=Q3 — Q1. (20)

Additionally, calculate EWMA_SPRR using the following recursive formula:
EWMA_SPRR; = A x ENMA_SPRR;_1 + (1 — A)PRR; (21)

where A controls the smoothness of the weighted moving average.

Furthermore, although the current evaluation environment assumes relatively stable
underwater acoustic conditions, the proposed fuzzy-logic-based routing protocol exhibits
strong adaptability to dynamic environmental factors such as temperature gradients, water
currents, and multipath propagation effects. The modular structure of the fuzzy inference
system allows for seamless integration of additional environment-aware parameters, such
as signal delay spread or Doppler shift estimates, which can further enhance link quality
assessment accuracy. This design flexibility ensures that the protocol remains robust and
scalable even in complex and time-varying underwater acoustic environments, laying a
solid foundation for future improvements in highly dynamic application scenarios.

Figure 5 illustrates the process of obtaining the LQI. The detailed application of the
fuzzy logic reasoning system is further addressed in the subsequent design of the outer-
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layer fuzzy reasoning system, which is used to prioritize candidate sets in the opportunistic
routing and forwarding area.

v
Each node in the candidate set updates
The previous part PRR in a sliding window statistical
manner and calculate EWMA_SPRR

Initiate LQI acquisition task

Does the forwarding node's packet
sending sequence number reach the minimum
required for the evaluation task?

The current forwarding node No
broadcasts probe packets one by one.
The packet format is Format 0 Yes

The node calculates the IQR based
on the accumulated PRR values

Does the number of
packets sent reach the minimum
required sample size?

The node starts the inner fuzzy
logic reasoning to obtain the LQI

Each node in the candidate set

LQI evaluation task
calculates and records the PRR by QI evaluation tas

completed
counting the received packets. P
The forwarding node N N
continues to send packets | | The following part | |

Figure 5. LQI acquisition process using inner layer fuzzy reasoning.

2.5. Fuzzy Logic Reasoning Selection of Candidate Set

The outer layer fuzzy reasoning system comprehensively considers three parameters:
node residual energy RE, which affects the final network lifetime; link quality index LQI,
which affects the final packet delivery rate; and effective advance distance AD of nodes,
which affects the multihop forwarding efficiency, to participate in the outer layer fuzzy
reasoning. That is to say, the LQI represents the communication reliability of the node’s
link to the next hop and directly impacts the packet delivery ratio. Prioritizing nodes
with higher LQI ensures stable and successful data transmission. The RE level reflects the
remaining battery capacity of the node. Giving higher forwarding priority to nodes with
greater energy reserves contributes to balanced energy consumption across the network and
helps extend the overall network lifetime. The AD level is a spatial metric that promotes
efficient data propagation. Nodes with larger forward progress are generally closer to the
destination, reducing the number of required hops and potentially minimizing end-to-end
transmission delay. This metric implicitly promotes low-latency routing, which is especially
critical in delay-sensitive underwater applications. The schematic diagram of the outer
layer fuzzy reasoning is shown in Figure 6.
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Figure 6. Schematic diagram of node candidate priority acquisition process using outer layer
fuzzy reasoning.

The specific process of building a fuzzy logic reasoning system to complete specific
design tasks can be roughly summarized into four steps. First, clarify the design problem,
the input and output of the system, and their possible range of variation. The outer fuzzy
inference system takes into account three parameters: the link quality index LQI that
affects the final data packet delivery rate; the nodes’ remaining energy RE that affects the
final network lifetime; and the effective advance distance AD of the nodes that affect the
multihop forwarding efficiency to participate in the outer layer fuzzy inference. To make
the weights of multiple fuzzy inputs more balanced and improve the performance of the
model, the original fuzzy input data are first linearly mapped to a specified range. Given an
original data point x, we aim to map it to a new range [a, b], which can be linearly mapped
according to the following formula:

X — Xmin) X (b—a
Xnormalize = A4+ ( mm) ( ) (22)

Xmax — Xmin

We plan to map the original fuzzy input to a new range [0, 10], so we takea = 0,b = 10.

Next, we determine the number of fuzzy subsets for the input and output variables.
The number of fuzzy subsets is related to the granularity of the fuzzy inference. Based on
the types of fuzzy subsets, the corresponding membership functions are established. In
this case, each of the three fuzzy input variables is assigned three fuzzy subsets. The re-
spective membership functions are then configured accordingly. The detailed configuration
is presented in Table 1.

Table 1 shows the membership functions for the fuzzy subset of the four variables.
It is worth mentioning that the determination of the membership function for fuzzy vari-
ables corresponding to fuzzy subsets requires comprehensive consideration. Generally,
fuzzy sets can be classified into three types: small-type, medium-type, and large-type.
For example, “low node energy” represents a small-type fuzzy set, where the member-
ship degree increases as the energy value decreases, indicating a worse node energy state.
Conversely, “high node energy” represents a large-type fuzzy set, where the membership
degree increases with higher energy values, indicating a better node energy state. “Moder-
ate node energy” represents a medium-type fuzzy set, where the membership degree is
highest when the energy value falls within a certain intermediate range. In summary; it
is important to consider the relationship between “elements” and “membership degree”,
which implies the monotonicity of the membership function. This is essential to ensure
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that the fuzzy inference process produces logically consistent and semantically accurate
outputs. If this relationship is not properly considered, the system may yield misleading
evaluations. For instance, if a “low node energy” fuzzy set were mistakenly designed with
a membership degree that increases with increasing energy, then a node with extremely low
energy might be falsely assigned a low membership degree, misleading the system to treat
it as a high-energy node and prioritize it for data forwarding—thereby accelerating energy
depletion and reducing network lifetime. Therefore, appropriate membership function
design is crucial for ensuring the correctness and robustness of the fuzzy inference system.
Additionally, the use of different membership functions for the three other fuzzy input
variables effectively avoids the feature representation blind spots that may arise from using
a single function type. The resulting membership function graphs are shown in Figure 7,
Figure 8, Figure 9, and Figure 10, respectively.

Table 1. Fuzzy subsets and membership function types corresponding to fuzzy inputs and output.

Fuzzy Variables Variables Name Fuzzy Subsets Classification Types of Membership Function
IRE (low RE) Gaussian
RE mRE (medium RE) Gaussian
hRE (high RE) Gaussian
bLQI (bad LQI) Triangular
Fuzzy inputs LQI mLQI (medium LQI) Triangular
gLQI (good LQI) Triangular
sAD (short AD) Trapezoidal
AD mAD (medium AD) Trapezoidal
1AD (long AD) Trapezoidal
vIPriority (very low Priority) Triangular
IPriority (low Priority) Triangular
Fuzzy output NodePriority mPriority (medium Priority) Triangular
hPriority (high Priority) Triangular
vhPriority (very high Priority) Triangular
1 . : . .
09+ .
08+ .
£07F .
% ver IRE |
E 05 —e—mRE E
5] ——hRE
804t 1
g
Q03f _
02F 1
0.1 1
0 ;
0 2 4 6 8 10

Input variable "RE"

Figure 7. The membership function of the fuzzy subset for the fuzzy input residual energy (RE).
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Figure 8. The membership function of the fuzzy subset for the fuzzy input LQI.
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Figure 9. The membership function of the fuzzy subset for the fuzzy input advance distance (AD).
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Figure 10. The membership function of the fuzzy subset for the fuzzy output NodePriority.

Second, according to the system design requirements, we set inference rules. Since we
have set fuzzy logic inputs for three variables and each fuzzy input has three fuzzy subsets,
we can exhaustively list all possible inference rules; however, due to space limitations, only
a subset of the fuzzy reasoning rules is shown in Table 2.
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Table 2. Partial fuzzy reasoning rules.
Rule Number Rule

rule 1 If RE is IRE and AD is sAD and LQI is gLQI then NodePriority is bPriority
rule 2 If RE is mRE and AD is sAD and LQI is gLQI then NodePriority is mPriority
rule 3 If RE is hRE and AD is sAD and LQI is gLQI then NodePriority is gPriority
rule 4 If RE is IRE and AD is mAD and LQI is gLQI then NodePriority is mPriority
rule 5 If RE is mRE and AD is mAD and LQI is gLQI then NodePriority is mPriority
rule 6 If RE is hRE and AD is mAD and LQI is gLQI then NodePriority is gPriority
rule 7 If RE is IRE and AD is IAD and LQI is gLQI then NodePriority is gPriority

In fact, if we broadly define the three fuzzy subsets of fuzzy input as “good”, “medium”,
and “poor”, then the fuzzy inference rules can be broadly categorized as follows:

(1) If all three fuzzy inputs are “good”, then the fuzzy output is “vhPriority”;

(2) If all three fuzzy inputs are “poor”, then the fuzzy output is “vIPriority”;

(3) If any two fuzzy inputs are “good”, the fuzzy output is “hPriority”;

(4) If any two fuzzy inputs are “medium”, the fuzzy output is “mPriority”;

(5) If any two fuzzy inputs are “poor”, the fuzzy output is “1Priority”;

(6) If the three fuzzy inputs are, respectively, “good”, “medium”, and “poor”, the fuzzy
output is “mPriority”.

Finally, the fuzzy reasoning system progresses to the defuzzification process, where
the Centroid defuzzification method is used to obtain the final fuzzy output. Assuming
two candidate nodes exist within the forwarding area at the same time, their node state
information is [8 8 2] and [8 8 9], respectively, (i.e., using [REi ADi LQIi] to represent
the state information of node i). After processing by our nested fuzzy inference system,
the priorities of the two nodes are 6.82 and 8.59, respectively. Therefore, the FLRAF
routing protocol tends to choose the latter as the forwarding node, because the former
indicates that the node has good remaining energy and a long effective advance distance,
but poor link quality, while the latter indicates that the node has excellent link quality,
sufficient remaining energy, and long effective advance distance. On the other hand, when
conducting fuzzy logic reasoning, different reasoning rules can also be assigned different
weights to maximize their compatibility with the designer’s specific needs.

2.6. Forwarding Process of the FLRAF

The specific forwarding process of the FLRAF routing protocol is described as follows.
First, during network initialization, the sink node broadcasts a data collection query, which
is divided into location-based queries and queries that define event-triggering conditions.
The former broadcasts data packets carrying the geographic location of interest to all nodes
in the network, while the latter broadcasts data packets carrying events of interest to the
sink node (such as whether the temperature in the area exceeds the threshold) to all nodes
in the network. Through this step of processing, nodes know whether they need to start
the data collection task. This preliminary step significantly reduces unnecessary energy
consumption by allowing only relevant nodes to participate in data forwarding.

Second, each node that receives the query will determine its one-hop forwarding area
based on the predefined geometric constraints and establish a candidate set of neighboring
nodes. Using a fuzzy logic reasoning mechanism that comprehensively evaluates factors
such as residual energy, link quality, and distance to the sink, the optimal forwarding node
is identified. The selected node is responsible for transmitting the data, while other nodes in
the candidate set discard the received data to avoid redundant transmissions and conserve
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energy. This decision-making process ensures both energy efficiency and robustness in
dynamic underwater environments.

The forwarding node then transmits the data in a hop-by-hop manner, repeating
the candidate selection and fuzzy inference at each step, until the data eventually reach
the sink node. Finally, the sink node gathers the desired information and forwards it to
the shore-based control station via its equipped radio modems for further analysis and
processing. The complete forwarding process of the FLRAF routing protocol and the
information that needs to be exchanged in each part to complete the forwarding task are
shown in Figure 11 and Table 3.

¥
Network The forwarding node is selected, and the
initialization previous-hop node broadcasts the data
packet in Format S.

The sink initiates a data
collection task. The data
packet follows Format 1. The forwarding node receives the data and
broadcasts the data packet with the interrupt
redundancy flag in Format 6.

Node i starts the data collection
and transmission task

he node that receives the
packet determines whether it is within the
forwarding region of the
previous-hop node.

Node i broadcasts the data packet
and the packet format is Format 2

Does the sink node
receive the packet?

The node that receives the
packet determines whether it is inside
the forwarding area.

The forwarding node
— simultaneously starts the next-hop

No L.
transmission task

Yes

Data transm
complete

Returning the data packet,
which follows Format 3.

The fuzzy logic inference task is initiated to
acquire node priority, and the node returns
data packets in Format 4.

Figure 11. FLRAF routing protocol forwarding process.
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Table 3. Packet format in the FLRAF routing protocol forwarding process.

Packet Format Serial Task Type/Information Carried by the Packet

Number

Format 0 Initiate LQI acquisition task/Current forwarder’s location
Format 1 Initiate data collection task/Sink’s location, query type

Format 2 Initiate data collection task/Node i’s forwarding area

Format 3 Initiate fuzzy logic reasoning task/Receiver’s ID

Format 4 Report reasoning result/Receiver’s ID, node priority

Format 5 Report node selection result/Forwarder’s ID, data collected
Format 6 Terminate redundant transmissions and initiate data collection of a new

round/node i’s forwarding area, node j’s forwarding area

3. Performance Evaluation Results and Discussion
3.1. Simulation Environment

We carried out our simulation work in the underwater acoustic simulator Aqua-
sim-NG, aiming to compare and analyze the FLRAF routing protocol we proposed with
existing traditional protocols, including VBF, HH-VBF, ALRP, and GTRP. We conduct a
thorough assessment to determine whether the proposed protocol offers advantages by
analyzing the effects of two scenario parameters—specifically, the number of nodes and
their maximum movement speed—on four common network performance metrics. To
ensure a fair comparison and consistency with previous studies, the simulation parameters
are set based on [25,26], where similar settings have been validated. The main network
simulation scenario parameters are set as shown in Table 4.

Table 4. Major parameters used in the simulation.

Parameters Value
Routing protocol VBF, HH-VBF, ALRP, GTRP, FLRAF
MAC layer protocol Broadcast MAC
Propagation model Underwater Propagation
Channel Underwater Channel
Number of nodes 100-600
Node transmission range 100 m
Simulation time 500 s
Size of simulation scene 800 m x 800 m x 800 m
Moving model RandomWalkMobilityModel
Maximum moving speed of node 2-7m/s
Application layer data rate 3 kbps
VBF, HH-VBEF radius of pipe 70 m
Node transmit, receive and idle power 2.0W,0.75W, 0.008 W
k, Telqy in ALRP 7,1s
B in GTRP 10°
« in FLRAF 0.6

Additionally, all protocols are tested under identical network configurations and sim-
ulation durations to eliminate bias in performance evaluation. The selected performance
metrics include average end-to-end delay, packet delivery ratio, average energy consump-
tion, and lifetime, which comprehensively reflect the protocol’s adaptability, reliability, and
efficiency in dynamic underwater environments. Through this simulation setup, we aim to
rigorously verify the practical effectiveness and robustness of the FLRAF protocol under
varying network conditions.
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3.2. Performance Metrics

This study assesses the effectiveness of routing protocols by analyzing their perfor-
mance across four common network parameters, namely network average energy con-
sumption Egyerage, Nnetwork average end-to-end delay Avdelay, packet delivery rate PDR,
and network lifetime. Egperage can be calculated as

Npit

.21 Ej

]:

E = 23
average Py ( )

where E; is the energy consumption of each participating node and N,;; is the number of
nodes involved in the network transmission process.
Avdelay can be calculated as

Py
Z (rtime(i) - Stime(i))

Avdelay = i=1 B (24)
T

where sy (1) and 74, (i) are the times when the i-th data packet is sent from the source
node and arrives at the sink node, respectively.
PDR is calculated as P
r

PDR = (25)

where P, represents the number of successfully received data packets at the sink node and
P; denotes the number of packets transmitted by the source node.

Finally, network lifetime is defined as the duration from the start of the simulation
until the first node depletes its energy.

3.3. Effects of « on the FLRAF

An excessively large or overly small forwarding area can lead to corresponding prob-
lems. For example, when the forwarding area is too small, it may be difficult to locate a
suitable next-hop node, potentially resulting in routing voids and data transmission inter-
ruptions. Conversely, when the forwarding area is too large, the overall energy consumption
of the network tends to increase. Therefore, simulation experiments were conducted to
determine the optimal forwarding area. As shown in Figure 3, we agreed that the angle  is
the half vertex angle of the “cone” forwarding area, and & = %, that is, « = 0 corresponds
toy = 0° and a = 1 corresponds to y = 90°. The subsequent simulation phase focuses on
examining how variations in « affect the performance of the FLRAF protocol. We varied
« from 0.1 to 1 in order to identify the optimal value and to compare the performance of
the FLRAF protocol with other existing protocols under these conditions. To complete this
simulation work, we will set the simulation parameters as shown in Table 5.

Figure 12 shows the impact of « on the delivery rate of data packets. First, the figure
shows that as « increases, the forwarding area expands, leading to a rise in the number
of nodes within this area. Consequently, the probability of routing voids or transmission
interruptions decreases accordingly. As a result, the number of received data packets will
increase. After & > 0.7, the delivery rate begins to stabilize and slightly decline. This
is because the forwarding area becomes sufficiently large, and there are already enough
nodes available to participate in the forwarding process. Thanks to the fuzzy reasoning
process, we choose nodes with better states to act as forwarding nodes. However, even if
we further increase the forwarding area and add more nodes, the members located near the
forwarding node of the previous hop are not suitable to form a candidate set. Therefore,
they have a minimal positive impact on the final packet delivery rate. On the contrary, the
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increased node density may lead to more data collisions, which can negatively affect the
packet delivery rate.

Table 5. Simulation parameters for optimal forwarding area verification.

Parameters Value
Routing protocol FLRAF
MAC layer protocol Broadcast MAC
Propagation model Underwater Propagation
Channel Underwater Channel
Number of nodes 400
Node transmission range 100 m
Simulation time 500 s

Size of simulation scene
Moving model
Maximum moving speed of node
Application layer data rate
Node transmit, receive and idle power
« in FLRAF

800 m x 800 m x 800 m
RandomWalkMobilityModel
4m/s
3 kbps
2.0W, 0.75 W, 0.008 W
0.1-1

IS w o) 2 o ©
S S =) S S S

Packet Delivery Rate(%)

W
(=}

(%

Figure 12. Effects of & on packet delivery rate.

Figure 13 illustrates the impact of « on the average end-to-end delay. When o < 0.3,
the forwarding area is still at a relatively small level, and the number of candidate nodes
contained in the forwarding area is also limited. At this time, the routing path may be longer,
or the next-hop candidate node may not be found, resulting in increased delay caused by
transmission interruptions. As « increases, on the one hand, the number of candidate nodes
available for the previous-hop node increases; on the other hand, more nodes with longer
AD appear in the candidate area. Therefore, the delay will be significantly reduced. Finally,
due to the mobility of the nodes, there is a slight change in their relative position, and
similar to the reason resulting in the trend of PDR in Figure 12, there is a slight increase in
latency caused by data collisions.
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Figure 13. Effects of « on average end-to-end delay.

Figure 14 shows the impact of & on the average energy consumption of the network.
When the delivery rate is at a lower level, the network does not reduce energy consumption,
but a small number of received data packets will inevitably result in a higher average
energy consumption. Therefore, when « < 0.3, due to the limited number of received
data packets, the average energy consumption is at a relatively high level, but as the
forwarding area increases, the success rate of data transmission gradually increases, while
the average energy consumption decreases as it is gradually averaged. On the other hand,
after « > 0.6, the forwarding area gradually expands, involving a greater number of nodes
in the forwarding process, thus increasing the overall energy consumption. The slight
decrease in the number of received data packets further contributes to a slight increase in
average energy consumption.
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Figure 14. Effects of « on average energy consumption.

Figure 15 shows the effect of « on the network lifetime. Thanks to the fuzzy reasoning
system we introduced, we effectively avoided the possibility of selecting low-energy nodes
as forwarding nodes in the early stage. As « increases, the range of the forwarding area also
increases, and more nodes will be included. The more nodes there are, the longer the time
interval for a single node to serve as a forwarding node, and with a fixed initial energy of
the node, the number of network simulation rounds it participates in will increase, thereby
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extending the network lifetime. The network lifetime will theoretically continue to extend
as the number of nodes grows.
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Figure 15. Effects of « on network lifetime.

Therefore, after comprehensively analyzing the impact of changes in forwarding
regions on the performance of various network parameters, we found that when a = 0.6,
the data delivery rate remains high, while both average energy consumption and end-to-end
delay perform well. Therefore, we ultimately determined & = 0.6 as the optimal forwarding
area configuration, and conducted performance parameter simulations comparing our
proposed FLRAF protocol with other existing protocols in the following sections.

3.4. Effects of the Node Density

The simulation work here aims to explore the impact of changes in the number of nodes
on protocol performance. The variation range of the number of nodes in this simulation is
100-600, and Table 4 shows other necessary simulation parameters.

Figure 16 shows the trend of packet delivery rate of different protocols with varying
numbers of nodes. The packet delivery rate of the five protocols gradually increases with
the increase in the number of nodes. The reason is that the node number significantly
affects network density. When the node density is low, the number of nodes contained
in the forwarding area of each forwarding node is also quite small, which may cause a
routing void and interrupt data transmission. Traditional protocols have not taken specific
measures to address the routing void, resulting in a lower packet reception success rate.
This is a common problem that may be encountered when the network density is low.
The FLRAF protocol can evaluate the link quality between nodes to select nodes with
good transmission conditions, but it cannot effectively address the issue of routing void.
Therefore, when the number of nodes is small, a high data packet delivery rate cannot be
guaranteed either. As node density rises, more nodes are available in each forwarding area,
which boosts the chances of the routing protocol successfully finding the next hop node.
Therefore, the problem of data transmission interruption will be greatly improved, and the
packet delivery rate will gradually increase.
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Figure 16. Effects of node density on packet delivery rate.

Figure 17 shows the trend of the network average end-to-end delay of different
protocols as the number of nodes changes. Thanks to the fuzzy reasoning system added to
the FLRAF protocol, the effective advance distance is taken into account when selecting
nodes. Therefore, in the process of selecting nodes, nodes at the edge of the transmission
range are given more priority while maximizing compliance with the SNR requirement.
This may maximize the efficiency of multihop transmission by reducing the number of
hops that data packets pass through from source to sink. Thus, the FLRAF method reduces
the average end-to-end delay compared to most traditional protocols. However, its delay
performance is inferior to the GTRP method due to the use of fuzzy reasoning in evaluating
link quality. It is necessary to transmit probe packets to complete the task of evaluating link
quality. This process introduces additional processing delay, partially offsetting FLRAF’s
advantage in reducing transmission latency. This is a problem that needs to be considered
in the later stage.
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Figure 17. Effects of node density on end-to-end delay.

Figure 18 shows the trend of network average energy consumption of different pro-
tocols with varying numbers of nodes. In terms of energy consumption, as the number
of nodes increases, the total energy consumption of the network will inevitably increase
gradually. This is because, in the process of one-hop transmission, the higher the network
density, the greater the number of nodes involved in receiving the data packets sent by
the forwarding nodes of the previous hop, which will inevitably result in higher energy
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consumption. On the other hand, because the average energy consumption of the network
is determined by dividing the total energy consumption of the network by the number of
data packets successfully received by the receiving node, and due to the difference in the
speed of increase between the total energy consumption of the network and the number
of successfully received data packets, the average energy consumption shows a gradual
upward trend.

150

Average Energy Consumption(J)

0
100 200 300 400 500 600

Number of nodes

Figure 18. Effects of node density on average energy consumption.

Figure 19 shows the trend of the network lifetime of different protocols with varying
numbers of nodes. The network lifetime extends with the increase of the number of nodes.
Traditional protocols do not have a node selection process for energy management, and
the network lifetime will not change significantly. This is due to the protocol relying solely
on node location information during selection. Therefore, as the network continues to
operate without other intervention, there may be one or several nodes frequently serving
as forwarding nodes, which will accelerate node depletion. When selecting nodes in the
FLRAF protocol, the output layer fuzzy reasoning system is considered to evaluate the
priority of candidate nodes. When the node energy is low, the fuzzy logic output value
is small, indicating that the node is no longer suitable for serving as a forwarding node.
Therefore, this method indirectly achieves the function of nodes taking turns to serve as
forwarding nodes, which significantly helps to prolong the network lifetime.
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Figure 19. Effects of node density on network lifetime.
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3.5. Impacts of Maximum Speed of Nodes

Figure 20 shows the trend of the packet delivery rate of different protocols when the
maximum movement speed of a node changes. During the simulation process, the most
fundamental problem introduced by node movement is the fluctuation in the number of
candidate nodes within the forwarding area. Because the forwarding area is relatively fixed,
some nodes may move out of the original area due to the randomly assigned positions.
However, because of the variability in movement speed, the number of nodes in the
forwarding area remains relatively stable in actual simulations. For example, when the
number of nodes in the entire network is set to 400, the number of nodes in a single-hop
forwarding area is about 10. Therefore, due to the introduction of the mobility model, there
may be an increase or decrease in the number of nodes in the actual forwarding area. The
impact of node mobility on network performance is equivalent to the variation in network
parameters when the number of nodes ranges from 200 to 500. Thus, node movement has a
minimal effect on the packet reception success rate, showing only minor fluctuations.
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Figure 20. Effects of maximum speed of nodes on packet delivery rate.

Figure 21 shows the trend of network average end-to-end delay of different protocols
as the maximum movement speed of nodes changes. Except for the VBF protocol, which is
sensitive to node movement due to the use of a single pipeline forwarding area, the other
four protocols show a slightly increasing trend. The reason is also that the two-dimensional
movement model of random walks superimposes movement speed and direction, which
causes fluctuations in the number of nodes within the forwarding region. Therefore, the
number of nodes at the optimal forwarding position or the edge of the transmission range
will decrease, thus reducing the effective advance distance of one-hop transmission and
increasing the number of end-to-end transmission hops, thereby increasing the overall
end-to-end delay.

Figure 22 shows the trend of network average energy consumption across different
protocols as the maximum node movement speed varies. When a node joins or escapes from
the original forwarding area due to mobility, node density within the forwarding region
changes, which in turn affects the number of nodes involved in receiving the data packets
from the previous forwarding node, which will impact the overall energy consumption
performance of the network. As shown in Figure 20, the number of successfully received
data packets is also fluctuating, so the average energy consumption of the network will also
show slight fluctuations. This is jointly determined by the trend of total energy consumption
and the number of successfully received data packets in the network.
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Figure 21. Effects of maximum speed of nodes on end-to-end delay.
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Figure 22. Effects of maximum speed of nodes on average energy consumption.

Figure 23 shows the trend of the network lifetime across different protocols as the
maximum node movement speed varies. Similarly, when node density within the forward-
ing area changes due to node movement, for example, if a new node joins the forwarding
area, the time interval for the node to take turns serving as a forwarding node in one-hop
transmission will increase. When the node’s initial energy is constant, the time interval for
the node to act twice as a forwarding node will increase. This is because there are more
nodes participating in the “rotation” process. Therefore, for a single node, its survival time
will be extended. Conversely, when a node escapes from the original forwarding area, the
network survival time will correspondingly decrease. Due to the random superposition of
node movement speed, the overall trend of network survival time also fluctuates.
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Figure 23. Effects of maximum speed of nodes on network lifetime.

4. Conclusions

This study introduces a novel routing protocol designed for 3D UASNS, utilizing
fuzzy logic reasoning to enhance performance, as it is well suited to handling fuzzy input
variables related to node state information, such as “high residual energy”, “high advance
distance”, etc. We first conducted a theoretical analysis and found that the fewer hops
packets experienced, the better the energy efficiency of the network. Therefore, we establish
a new forwarding area to maximize multihop forwarding efficiency and reduce redundant
transmission. Equally important is how to adaptively select suitable forwarding nodes
based on node spatial distribution and state information, which will directly affect the
transmission delay and parameters related to the energy consumption of the network.

Through numerous simulations and validations, our proposed protocol demonstrates
clear advantages over existing protocols in terms of average energy consumption, packet
delivery rate, and network lifespan. On the one hand, it is due to the forwarding area
we have established, which fundamentally reduces the possibility of inappropriate nodes
acting as forwarding nodes. On the other hand, it is due to the outer fuzzy inference system
we have designed, which reduces the possibility of a single node frequently acting as
a forwarding node. This is very effective for extending the network lifetime. However,
the performance of the FLRAF routing protocol in average end-to-end delay is not yet
outstanding because it is necessary to transmit probe packets to complete the task. This
process introduces unnecessary processing delay, which offsets the advantage of the FLRAF
protocol in reducing transmission delay. Another important source of propagation delay is
the priority evaluation task within the candidate set. After a node completes the final fuzzy
reasoning, it reports the priority evaluation result to the next-hop forwarding node. This
forms a many-to-one data transmission scenario. The original Broadcast MAC protocol is
unable to effectively coordinate data transmission conflicts, leading to data collisions and
the accumulation of propagation delay. The next step is to design a MAC protocol that can
coordinate data transmission. For instance, an RTS frame containing queue length and data
transmission time information is sent to the central node. The central node calculates the
waiting time for node data transmission and encapsulates the coordination scheme into
a CTS frame. Nodes then follow the coordination scheme to perform data transmission,
thereby minimizing data collisions as much as possible. This is a problem that needs to be
addressed in our subsequent research.
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