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ABSTRACT

Underwater wireless sensor networks (UWSNs) are critical for monitoring environmentally
sensitive areas, and operation of such networks is however, very much energy constrained.
Conventional deterministic methods do not accurately capture the random and time-varying
properties of the underwater acoustic environment. This paper presents a novel routing par-
adigm, temperature-aware SNC for underwater wireless sensor networks (T-SNC UWSN),
which is the combination of stochastic network calculus (SNC) with temperature-based anal-
ysis and piezoelectric energy harvesting (PEH) and mobile approaches to improve network
flexibility and robustness. Variation in temperature affects the efficiency of energy harvesting
and has an immediate impact on power availability at the sensor nodes as well, indicating the
occurrence of such underwater catastrophes as seismic events or tsunamis. By incorporating
the temperature fluctuation into the SNC model, our model is capable of precisely reveal-
ing thermal influence on harvested energy and network stability, which enables efficient
adaptive routing and enhanced disaster detection. The performance is analysed through sim-
ulations on packet delivery ratio (PDR), end-to-end delay, network throughput and path loss.
Itis demonstrated that SNC with temperature-aware modelling and mobile technologies man-
ages to improve energy sustainability and disaster preparedness as well as the robustness of
the network in unforeseen aquatic environments. This probabilistic model is helpful to prac-
tical systems of energy-efficient UWSNS, early warning systems, mobility-assisted monitoring,
climate-resilience solutions and so forth.
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1  INTRODUCTION

Underwater wireless sensor networks (UWSNs) have become a critical technol-
ogy for several applications. Subsea exploration, bio-environmental monitoring,
oceanographic data collection, river, lake and reservoir monitoring Considering
the physical nature of an underwater environment that can cause ocean currents,
the long propagation delay due to the low sound speed of water and the high path
loss on acoustic channels [1, 2], supporting communications in UWSN deploy-
ments is not an easy task, such as monitoring water quality, sampling ocean data,
observing the marine life form, detecting undersea disaster and military detec-
tion. These networks are formed by a number of sensor nodes that locally acquire
and offload selected environmental key physical parameters such as temperature,
salinity, pressure and chemical components [1]. Compared to land-based wireless
networks, UWSNs exhibit more difficult challenges, which are the characteristics
of high reserve time propagation latency, low data rates and energy limitations,
as well as rapid network topological changes [19]. Energy consumption is one of
the important issues in UWSNs. Underwater deployed sensor nodes are generally
battery operated, and the replacement or recharge of these batteries would be
infeasible due to the underwater environment, i.e., the hostile nature of the sur-
rounding area. Hence, energy harvesting in the networks is one of the most signifi-
cant factors to prolong network life [3, 4]. Although a number of energy harvesting
methods, including solar and thermal energy, have been investigated, they do not
work well underwater. The PEH has been a potential candidate, as it directly con-
verts the mechanical energy from underwater vibration and fluid movement into
electricity [5, 6, 7]. Another important challenge is to study networks under uncer-
tainty. The inherent randomness in underwater environments, e.g., the fluctuant
energy capable of being collected and utilised by a sensor node, varying water
current and unexpected movement of the nodes, etc., are not taken into account
by traditional deterministic network models. Stochastic network calculus (SNC) is
a potent mathematical framework to understand network dynamics under such
uncertainty [8]. It allows modelling energy dynamics and balance between three
key metrics for network performance, i.e., energy efficiency, packet delivery ratio
(PDR) and communication reliability [9]. Several environmental factors affect the
network performance, energy harvesting efficiency and disaster detection perfor-
mance. In oceanic waters, where we work, the temperature can vary from —2°C
to 30°C, a factor that has an impact on acoustic communication, sensor perfor-
mance and energy harvesting. Salinity ranging from 30 to 40 ppt also contributes,
as salinity influences the density of water and alters acoustic properties that affect
signal decay. Pressure increases by a factor of 1 atm every 10 metres deeper, affect-
ing sensor calibration and material properties. The quality of water is determined
by its chemical composition and therefore defining characteristics. The detection
of pollution and the monitoring of the physical, chemical and biological status of
natural waters is a complex process. Turbidity (NTU) also affects the accuracy of
optical and acoustical sensing through its influence on light penetration and signal
clarity. The temperature is one of the important factors in both energy availability
and disaster forecasting. The ranges and the effects of these parameters are listed
in Table 1.
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Table 1. Environmental parameters and their ranges

Parameter Range Impact
Temperature —2°Cto 30°C Affects acoustic communication, sensor efficiency
and energy harvesting
Salinity 30 to 40 ppt Influences water density and sound propagation
Pressure Increases 1 atm per 10 m | Impacts sensor calibration and material integrity
Chemical Composition | Variable Determines water quality and pollutant detection
Turbidity Measured in NTU Affects optical and acoustic sensing accuracy

1.1 Impact of temperature in UNSNs

UWSNSs are so sensitive to the temperature that it has a great impact on their
functionality and performance. It influences acoustic communication due to its
impact on the velocity of sound in water, which alters signal send and receive
times. Elevated temperatures raise the sound velocity; this affects the propaga-
tion delay and energy consumption of transmissions. Temperature dependencies
also affect the energy harvesting efficiency, as they do not allow for the optimal
conversion of mechanical into electrical energy owing to performance changes
of the piezoelectric material. At high temperatures material properties can be
improved or degraded, thus influencing the energy sustainability in the long
term. Also, huge temperature variation can affect the battery performance and
sensor calibration and shorten the lifetime of the network. This work combines
with PEH, and the SNC model is extended by considering the temperature vari-
ation for a more realistic underwater ocean environment description. Our key
contributions include:

e Development of a novel energy-efficient routing protocol that optimises data
transmission while considering stochastic energy variations.

e Integration of PEH to enhance the sustainability of underwater sensor nodes.

e Modification of the SNC model by incorporating temperature as a key parameter,
allowing for a more precise representation of energy availability and environ-
mental variations.

e Performance evaluation of the proposed system against existing UWSN routing
protocols, demonstrating improvements in network longevity, energy efficiency,
and data reliability.

By accounting for temperature fluctuations, we develop a resilient and adaptive
UWSN structure capable of sustaining long-term monitoring in dynamic under-
water environments. With the consideration of energy harvesting and stochas-
tic network dynamics, our solution is scalable and adaptive to future UWSNs.
The remainder of this paper is organised as follows: in Section 2, we provide a
brief review of the state-of-the-art on energy harvesting and routing strategies
in UWSNs. The proposed system model is introduced in Section 3. The stochastic
model for our approach is described in Section 4. Simulation results and analysis
are provided in Section 5. Section 6 summarises and concludes future works of
the paper.
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2 RELATED WORK

Much research on UAWSNs has been concentrated on energy harvesting, routing
protocols and stochastic modelling for improved network operation in a sustain-
able manner. However, it has developed that existing methods are limited in terms
of adequately modelling the time-varying nature of underwater channels. Energy
harvesting is critical for extending network lifetime; hence, all such models are
studied to maximise harvestability of energy. The hybrid energy harvesting model
(HEEM) [10] produces hybrid energy by combining solar and kinetic sources; how-
ever, it does not take the vibration-based harvesting into account that is significant
for underwater. Likewise, bio-inspired energy harvesting (BIEH) [11] mimics energy
conversion methods in biology but does not account for dynamic sources of power
underwater. The PCVH [12] is a potential solution to harvesting underwater vibra-
tions, as it does not take into account that how the energy arrives is random, and
therefore, its applicability is restricted. Recent work on machine learning for hybrid
energy harvesting (MLHEH) [13] and adaptive energy management (AEM) [14] is
designed for better EHD; however, they do not completely utilise stochastic models
and piezoelectric-based energy sources that are essential in real-world underwa-
ter applications. Routing protocols for UAWSNs will not only compromise between
energy efficiency, adaptability and reliability. Geographic routing protocols (GRP) [15]
optimise packet forwarding but fail to consider energy efficiency, making them less
suitable for dynamic environments. Cluster-based routing protocols (CBRP) [16]
improve data aggregation efficiency but introduce high energy overhead due to fre-
quent cluster reformation. Epidemic routing protocols (ERP) [17] enhance data deliv-
ery reliability but suffer from excessive packet redundancy, leading to rapid energy
depletion. Protocols such as vector-based forwarding (VBF) [17] and depth-based
routing (DBR) [18] improve energy efficiency but lack multi-metric optimisation,
which is critical in underwater environments where conditions fluctuate unpre-
dictably. Cooperation-based methods, such as ARCUN [17] and RACE [18], enhance
networkrobustness but fail to incorporate energy-aware relay mechanisms, reducing
their long-term effectiveness. SNC has been widely applied in network performance
analysis, but its potential in underwater energy harvesting remains underexplored.
Most existing SNC models focus on traffic analysis, neglecting environmental param-
eters such as pH variations, which impact energy availability and communication
reliability. Research efforts such as HydroCast [18] and graph-based routing [18]
leverage cooperative communication for energy optimisation but introduce high
computational overhead, limiting their practicality in real-time applications. A few
protocols have attempted to use AUVs [18] for node localisation and positioning, but
it cannot function efficiently in the absence of an AUV unless there is a connection.
In addition, existing SNC models consider the static energy distributions, without
capturing the stochastic characteristic of energy arrivals in underwater networks.
To illustrate the differences between SNC and traditional deterministic models, refer
to Table 2. The limitation of this work is improved by modified SNC equations which
include variation in pH; hence, it can capture environmental randomness that
affects energy harvesting and quality of communication as well. Furthermore, by
adopting a piezoelectric energy harvesting element, the battery life is improved in
UAWSN, and it becomes a feasible deployment solution for long-term Unlike current
work where only SNC or piezoelectric energy harvesting is investigated (separately),
here we provide a unified system framework that integrates stochastic modelling,
adaptive routing and real-time energy-aware decision-making. This work, focusing
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on enhancing energy efficiency, network adaptability and sustainability of UAWSNs,
enables a new avenue to optimise UAWSN design for underwater surveillance,

disaster prevention and relief as well as marine exploration.

Table 2. Comparison of SNC vs. deterministic models in UWSNs

Aspect Deterministic Models Stochastic Network Calculus (SNC)
Energy Consumption Fixed, assumes constant Probabilistic, accounts for dynamic
Estimation energy usage energy arrivals
Adaptability to Low — does not consider High — incorporates pH variations and

Environmental Changes

real-time changes

stochastic factors

Accuracy in Network
Performance Prediction

Less accurate in real-world
conditions

Higher accuracy due to Markov-
based modelling

Computational Complexity

Lower (simpler equations)

Higher (requires probabilistic computation)

Use of Energy Harvesting

Limited consideration of
piezoelectric sources

Integrates piezoelectric energy harvesting for
sustainability

Routing Adaptability

Fixed or predefined paths

Adaptive routing based on real-time conditions

Best Use Cases

Simple networks with
stable conditions

Dynamic, unpredictable underwater
environments

Limitations

Cannot model random
fluctuations in UWSNs

Higher computational cost compared to
deterministic models

3  SYSTEM MODEL

The energy deficit of the network is solved by using piezoelectric energy har-
vesters to optimise the energy harvesting in UAWSNs. The main purpose is that
they can readily collect harvested power from background environmental vibra-
tions to perform sensing, processing and communication work with sustainable
reliability. The proposed scheme uses a multi-hop communication protocol which
helps to reduce the energy consumption and enhance data transmission reliabil-
ity over long ranges. The underwater acoustic communication channel is modelled
as a time-varying finite-state Markov chain to account for environmental and sea-
sonal changes, which affect the channel’s performance. To improve communication
reliability, an automatic repeat request (ARQ) protocol with ACK/NACK feedback is
used to manage retransmissions, and relay nodes assist in forwarding data when
required. These relay nodes ensure that data is transmitted efficiently by adjusting
based on available energy and channel conditions. The system model also assumes
the availability of channel state information (CSI), which is fed back to the transmit-
ter to optimise energy usage. Two contrasts, equivalent to no/feedback delay and
feedback with delay, are investigated: immediate transmission scheduling based on
Sensing/CAG Zero (i.e., without the need to wait for any CSI or ACK/NACK message)
versus the fact that an energy allocation strategy is designed even when the CSI
is less accurate. Dynamic programming (DP) is employed to obtain energy man-
agement policies which maximise the utilisation of the energy resources that take
into account both channel state and energy arrivals, even in the presence of feed-
back delay. The multi-hop communication may be such as that shown in Figure 1,
which depicts the data relayed by a series of nodes in order to transmit over long
distances reliably.
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Fig. 1. Multi-hop communication

Energy harvesting is controlled through the energy management system (EMS),
which distributes harvested energy for sensing, processing, and communication.
The sensor nodes work in two different modes, active mode when the environmen-
tal data are collected and processed and sleep mode to save power throughout the
idle time. During the active mode, a node senses data, executes simple processing on
that data locally and transmits it to the central sink through multi-hop transmission.
The multi-hop communication can guarantee the robustness of long-distance or
relay node data transmission. The EMS concentrates on energy-efficient routing and
transmission protocols, where it makes certain of preventing the energy exhaustion
while obtaining the network reliability. Figure 2 represents the energy harvesting
algorithm in UAWSNSs, where the harvested energy is effectively consumed for
performing system-level tasks.

Energy Unit

A
A

Control
Sesning
and

Harvesting Unit

Processing
(CSP)
Unit

A

Communication Unit

Fig. 2. Energy harvesting process in UAWSN

Energy harvesting itselfis performed with the aid of piezoelectric beams, which con-
vert the underwater vibrations into power [20]. When subjected to external mechanical
vibration, the piezoelectric material deforms and induces electric charge with a magni-
tude depending on the strain. It charges up and is stored in batteries or capacitors until
needed. The piezoelectric beam is tuned to vibrate at predetermined frequency vibra-
tions for best efficiency in energy harvesting. Commonly used materials such as Lead
Zirconate Titanate (PZT), Polyvinylidene Fluoride (PVDF) or Barium Titanate (BTO) are
employed because they have a high piezoelectric efficiency. The characteristics of the
beam are also affected by factors such as water depth, temperature, salinity, etc., all of
which affect the vibration properties in an underwater environment. The structure
of the piezoelectric beam is illustrated in Figure 3, demonstrating how the vibrations
underwater are transformed into effective force energy for the system.
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Fig. 3. Architecture of piezoelectric beam

3.1 SNC with temperature dependency

The SNC approach is used to analyse network performance in underwater sce-
narios, where the arrival process A(t) describes the cumulative amount of traffic
arriving at the system over time. The service curve S(t,) represents the cumulative
service offered by the network over time. In a simple system, the service curve may
indicate how quickly the system processes the offered traffic and delivers it to the
next or the destination node.

Delay D(t) is defined as the time taken for a packet to get from the source to the
destination. Stochastic delay depends on network conditions and is defined as:

D(t) = max(0, At) — S(t)) (1)

The backlog B(t) represents the amount of data waiting in the queue to be
processed. It is defined as:

B(t) = A(t) - S(t) ¥)

Backlog increases when traffic exceeds service, leading to longer delays.

This method proves especially effective in harsh environments that tend to
degrade signal transmissions, such as temperature fluctuations in underwater
networks. Variations in temperature lead to differences in signal transmission,
power consumption and network performance. Sound signal attenuation is affected
by temperature, which in turn affects network communication and energy use.
In ambient orthogonal-FDM (OFDM) systems, higher temperature variation leads
to the variation of signal absorption power, which affects communication distance
and quality. As a result, sensors may need to use high transmission power due to
higher attenuation, which results in higher energy consumption. The inclusion of
the temperature as a variable into SNC improves energy estimates and therefore
network quality:

A_T(t) = A(t) - D) 3)

where f(T) adjusts the packet arrival rate based on temperature. Higher tempera-
ture may increase the arrival rate due to more frequent retransmissions caused by
higher signal attenuation.

S,(t) =S(t) - g(T) 4)
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where g(T) modifies the service rate based on temperature. Higher tempera-
tures can reduce communication range and service rate S(¢), increasing power
consumption.

1
80 =——Fi—— (5)
o (T-T,)
where a quantifies how transmission efficiency varies with temperature, and 7,
is a reference value, such as a standard underwater temperature. The selection of a
should be based on empirical studies on underwater signal attenuation.

The temperature-dependent delay function is:
D, (t)=max(0, A,(t) - S,(t)) (6)

Energy efficiency metric (EEM) accounts for energy consumption under varying
temperature conditions:

Useful Data Transmitted

EEM = (7
! node (T) )
Energy consumption per node, considering transmission and idle modes, is:
node(t T) Ptransmit(d’ T) ’ Ttransmlt + Pldle ’ Tidle (8)
Transmission power adjusted for temperature is:
[ransml[( T) P [ J f(T) (9)
O

where P, is the reference power at a distance d,, and a is the path loss exponent.
AT) modulates transmission power based on temperature. Higher temperature leads
to higher attenuation, requiring increased power. Empirical data from underwater
acoustic studies should be used to fine-tune these parameters.
Using Markov chains, routing decisions depend on node depth and energy. Nodes
transition between ON (transmitting) and OFF (idle) states:
A

prob + 'uprub =

1 (10)

where 4, , and

probabilities are

are ON and OFF state probabilities, respectively. Transition

P (D) _ ;Lprob [ransml[( T)

. nade(tl T)

11D
-P
P D prob idle
OFF( ) node (tl T)
Total energy consumption over the transmission period ¢, is

total (t ) J-( prob transmzt (d T)+”prob idle )dt (12)
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Energy efficiency metric is

Useful Data Transmitted
E_.@.T)

node *i

EEM, = (13)

In order to increase the practical utility of this model, a graphical analysis that
characterises the influence of temperature changes on network performance is nec-
essary. Such a study would shed more light on the relationship between environ-
mental susceptibility and stochastic energy models. Finally, a case study including
different underwater scenarios could be carried out in order to confirm the proposal
framework and prove its capability for various types of aquatic scenes. These contri-
butions would make the model more practical in real applications.

4  SIMULATION AND RESULT ANALYSIS

MATLAB is a good platform for simulating UWSNs and analysing different
protocols/mechanisms. In this work, we design a new intra-vehicular routing protocol
based on the DBR to work in both safe and efficient ways using a stochastic model. The
DBR protocol enables communication between the sensor nodes and sink nodes by
exchanging control packets, and sink nodes broadcast request-to-receive (RTR) pack-
ets to which the sensor nodes respond with available-to-send (ATS) packets. The nodes
are given random timeslots to avoid clashing with packets. The simulation is devel-
oped in a 1000 m x 1000 m squared underwater setting where the number of nodes
varies between 10 and 1,000. Each node has an initial energy of 70 J. Each individual
value employed for energy consumption are E,, = 50 nj/bit and E, =100 pJ/bit/m?
The DBR protocol is tested based on the above-mentioned network parameters over
a 1000s simulation time, and performances are evaluated with the help of some
important performance metrics like energy consumption, packet delivery ratio, delay,
throughput and latency. Table 3 shows the parameters of the simulation.

Table 3. Simulation parameters

Aspect Description

Number of Nodes 100

Simulation Time 1000s

Network Size 1000 m x 1000 m

Temperature Model Sinusoidal Variation (Amplitude: 5°C, Average: 15°C)

Noise Model Normal Distribution (mean =0, std = 0.5)

Sensitivity Coefficients a=0.02,3=0.01,?=0.005,d=0.002, ?=0.03,? =0.015, n = 0.01, ? = 0.005

The stochastic network model proposed is shown to perform much better than the
deterministic routing models in terms of PDR, E2E delay, energy consumption and
overall throughput in the network. These enhancements demonstrate the model’s
capability to improve the overall performance of UWSNs, rendering it an effective set
of techniques for practical underwater applications. PDR is one of the most important
performance metrics to measure the reliability of UWSNs. The PDR of the T-SNC model
proposed is higher than those of DBR and VBE, as shown in Figure 4. The improve-
ment is due to the adaptive stochastic network calculus system-level routing that
successfully compensates for packet losses through taking into account temperature
dependence and stochastic channel characteristics. Throughout the simulation time,
T-SNC UWSN vyields a 5.5% and 11.8% higher PDR than DBR and VBF, respectively.
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This improvement provides better transmission quality of data underwater. End-to-
end delay is the total time spent by a packet while it travels from the source device to
that of the destination and then back. The delay performance of the proposed model
is better when compared to its competing models (DBR, VBF), as shown in Figure 5,
due to its efficient routing decision-making and effective data-forwarding approach.
T-SNC UWSN shows a 20% and 33.3% reduction in delay compared to DBR and VBF,
respectively. The integration of SNC reduces the bursty transmission delay, which is
highly suitable for delay-sensitive underwater applications.

Packet Delivery Ratio (%)

End-to-End Delay (s)

Packet Delivery Ratio Comparison
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Fig. 4. Packet delivery ratio vs. time (s)
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Fig. 5. End-to-end delay vs. time (s)

Energy saving is an important issue in UWSNs because of the restricted resources
of underwater sensor nodes. From the simulation results it is clear that T-SNC UWSN
achieves a very low energy consumption compared to DBR and VBE, as shown in
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Figure 6. The consideration of an energy-aware probabilistic model further ensures
packet transmission paths on which more energy-sleeping nodes can be scheduled
for duty. T-SNC UWSN is 10% more energy efficient than DBR and 14.6% for VBF,
providing an energy-aware solution to the long-duration UWSN deployment.

Energy Consumption Comparison
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Fig. 6. Energy consumption rate vs. time (s)

Network throughput is the rate of successful message delivery over a network.
As shown in Figure 7, with the same amount of time, more successful destinations
canreceive data from the source if using the model than DBR and VBE, which achieve
the higher throughput. Higher throughput is achieved due to intelligent routing deci-
sions and less packet loss. T-SNC UWSN achieves 25% higher throughput than DBR
and 38.8% higher throughput than VBF, which is better for the practical underwater
data collection applications.

Network Throughput Comparison
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Fig. 7. Network throughput vs. time (s)
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The network latency is an essential performance measure which can affect the
efficiency of UWSNSs significantly. It refers to the latency between the source and
destination of data packets, including not only underwater acoustic propagation
but also routing efficiency and network load. The adaptive routing strategy and
the temperature-aware SNC of the T-SNC UWSN model lead to a large decrease in
network latency as compared with DBR and VBF. Simulation results demonstrate
that T-SNC UWSN experiences 17.6% less latency than DBR and 28.4% less latency
than VBF. This enhancement is mainly due to the design of an efficient stochastic
routing policy which tends to avoid unnecessary transmission and retransmission,
leading to a significant performance boost in reducing both queuing and transmis-
sion delays. Moreover, a stochastic model embedded with temperature fluctuation
guarantees a timely response to the environment’s changes, which minimises net-
work congestion and maximises transmission efficiency. The lowered latency can
be of great value for time-sensitive services in underwater operations, such as disas-
ter monitoring and marine life tracking, which require on-time delivery of data.
Figure 8 also suggests the performance trend, and we can observe that the model
Crop HMM always has a lower average latency than all others for different simula-
tion time windows. This further confirms the use of T-SNC UWSN in mission-critical
underwater sensing applications, and efficient as well as reliable communication
without an increase of overall sensory operations cost is provided for UAV-based
sensing tasks in dynamic underwater environments.

Network Latency Comparison
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Fig. 8. Network latency vs. time (s)

Statistical testing was performed to confirm the robustness of results, which
included running simulations multiple times and computing confidence intervals
for every performance indicator. The obtained results are shown in Table 4, and the
robustness of the presented model effectiveness has been ensured by these results.
In addition, the total comparison of such performance between the old and new
routing models is presented in Figure 9.
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Overall Performance Comparison

=== DBR
. \BF
80 EEE T-SNC UWSN
v 60 -
=
S
()
g
v .
24
20 |
0 _
PDR (%) Delay (s) Energy (J)) Throughput (Mbps) Latency (s)
Performance Metrics
Fig. 9. Performance comparison of existing and proposed methodology
Table 4. Statistical analysis of performance metrics for UWSNs
Metric DBR VBF T-SNC UWSN
PDR (%) 80.5 [78.4, 82.6] 74.3(72.1,76.5] 85.0(83.2, 86.8]
E2E Delay (5) 1.25[1.15, 1.35] 1.50 [1.38, 1.62] 1.00[0.92, 1.08]
Energy (]) 30.8[29.5, 32.1] 32.5(31.0,34.0] 27.71(26.5, 28.9]
Throughput (Mbps) 1.95 [1.85, 2.05] 1.80 [1.69, 1.91] 2.45[2.35, 2.55]
Latency (%) 10.2[9.3,11.1] 12,5114, 13.6] 7.8[6.9, 8.6]

From these analyses, we can see that the stochastic model offers clear improve-
ments to network performance in terms of a number of different measures. The
enhanced data forwarding is delay tolerant as well, it can reduce energy consump-
tion and communication latency on power metrics. Thus, it is an improvement over
the deterministic routing model. The advantages of the proposed solution indicate
its strong applicability in enhancing the performance (efficiency and reliability)
of UWSNs for practical applications, such as being more suitable to challenge
temperature-change scenarios where sour gaseous environmental changes are
fragile both in network reliability and energy consumption.

5  CONCLUSION AND FUTURE WORK

There is an important challenge to the lifetime of UWSNSs since sensor nodes are
usually battery powered, especially in long-term environmental monitoring. In this
paper, we propose a new routing scheme named T-SNC UWSN, based on SNC with
temperature-aware modelling and piezoelectric energy harvesting to improve net-
work performance in terms of energy efficiency, adaptation and reliability. Adding
the temperature effect to SNC, the proposed scheme can effectively describe the influ-
ence of thermal fluctuations on energy harvesting and network stability, thereby
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enabling adaptive routing optimisation and better prediction for disaster. Simulation
analysis shows that T-SNC UWSN not only improves the PDR and decreases the end-
to-end delay and energy consumption, but it also increases the throughput of UWSNs
compared with deterministic models, indicating that UHN is an effective way to
reflect the characteristic avalanche in underwater environments. But it is restricted
to MATLAB simulation only and needs field trials on the real-time underwater testbed
experiments for practical confirmation. Moreover, despite the fact that SNC yields a
topology closer to that of KNKCS in operation phases, its algorithm complexity may
possibly be a concern for low-power sensor nodes. Concrete plans are to challenge
the proposed solution by means of real-life validation, incorporate AEM based on
machine learning algorithms and verify its scalability, robustness and capability to
run in real time using physical underwater deployments. Our study, by tackling these
challenges, makes a step in the direction of enabling energy-efficient, adaptive and
sustainable UWSNs for mission-critical applications related to marine exploration,
environmental monitoring and disaster management.
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