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Abstract—A hybrid optical–acoustic underwater wireless 

communication system that integrates optical links at short ranges 

and acoustic links in long ranges for high bandwidth underwater 

applications is presented in our work. The system utilizes optical 

intra-cluster and acoustic inter-cluster links, with cooperative 

communication to improve data transmission and reliability. 

Analytical models incorporating acoustic and optical signal 

attenuation and noise are developed, considering practical 

underwater conditions. Optical links utilize Quadrature 

Amplitude Modulation with Turbo coding, while acoustic links 

adopt Frequency Shift Keying with Reed–Solomon coding to 

ensure reliable data transmission under heterogeneous channel 

conditions. Simulations demonstrate that the proposed framework 

supports robust transmission under different propagation 

conditions in an underwater environment. Furthermore, a bio 

inspired power optimization algorithm reduces transmission 

power consumption while maintaining stable throughput and 

received traffic load. 

Keywords—Underwater wireless communication; cooperative 

communication; hybrid optical–acoustic; optimization algorithm 

I. INTRODUCTION 

ESPITE extensive advancements in communication 

technologies, achieving reliable and efficient underwater 

communication is a significant challenge compared to its 

terrestrial counterpart. Over the past decades, researchers have 

worked to realise stable underwater wireless communication 

(UWC) systems [1]. However, there are several significant and 

distinct challenges in achieving consistent UWC because of the 

aquatic medium's intrinsic characteristics and highly dynamic 

nature [2]. Terrestrial radio frequency (RF) systems are also not 

practical in underwater environments because of the high 

attenuation in water, which is exacerbated in conductive ocean 

water. Severe energy constraints are also a major issue with 

wireless communication in the underwater environment. 

Underwater nodes must continue to function for the duration of 

their mission, which lasts for days, months, or even years, 

despite having limited battery energy storage. It is expensive 

and challenging to recharge or replace the batteries in these 

nodes. To address these issues, researchers have created    

alternative physical layer technologies such as underwater 

acoustic communication (UAC), underwater optical 

communication (UOC), and underwater magnetic induction 

communication (UMIC). Each of these strategies has merits and 

demerits. UAC is used for long-distance communication, but it 

has low bandwidth, low speed, high energy consumption, and 

multipath problems. In comparison to UAC and UMIC, UOC 
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provides high-speed, high-bandwidth, low-power 

communication at the trade-off of poorer dependability and 

shorter range.  Internet of Underwater Things (IoUT) is the 

result of the explosion of academic, commercial, and defense 

interest in the UWC field brought about by the introduction of 

these new technologies [3],[4],[5]. However, because IoUT 

includes a diverse set of applications with varying network 

performance requirements, a single communication technology 

is insufficient to meet its aims [6], [7]. UWC networks face 

challenges due to the limits of existing technologies, such as 

acoustic and optical systems, which either consume too much 

power or have a limited communication range [8][9]. These 

restrictions are especially significant considering the changing 

undersea conditions and data flow. Current UWC systems 

frequently lack energy-efficient techniques capable of 

responding to changing environmental and operational 

demands. Thus, establishing an optimum power-efficient, 

communication technique for such cases is critical [10]. 

To address above stated limitations of UWC and UAC, hybrid 

optical–acoustic communication frameworks have been 

proposed thereby to exploit the complementary strengths of 

optical and acoustic technologies [9]. 

Our proposed work discusses a hybrid optical-acoustic 

underwater wireless communication framework that 

incorporates cooperative transmission, practical channel 

modeling, joint modulation with coding schemes, and energy-

efficient power optimization [11]. Transmission power is 

optimized using a bio inspired algorithm named Electric Eel 

Foraging Optimization algorithm (EEFOA) [27]. The overall 

contributions of this paper are summarized as follows. 

• A hybrid underwater wireless communication framework 

is proposed, combining optical intra-cluster links and 

acoustic inter-cluster links to improve reliability and 

coverage under varying underwater conditions. 

• Practical analytical models are incorporated to 

characterize underwater optical and acoustic attenuation 

and noise, enabling realistic performance evaluation under 

stochastic channel conditions. 

• A hybrid physical-layer transmission scheme is adopted, 

employing quadrature amplitude modulation (QAM) with 

Turbo coding for optical links and frequency shift keying 

(FSK) with Reed–Solomon (RS) coding for acoustic links 

to enhance reliability across bandwidth and noise 

constrained channels.  

• An energy-efficient transmission power allocation 

strategy based on the EEFO algorithm is applied to 

Hybrid optical–acoustic underwater 

communication with joint modulation and  

bio-inspired power optimization 
Lenin Joseph, and Sangeetha Anandan  

D 

https://creativecommons.org/licenses/by/4.0/


2 L. JOSEPH, S. ANANDAN 

 

minimize energy consumption while maintaining 

throughput requirements. 

II. RELATED WORKS 

Several research studies in literature have explored hybrid 

optical-acoustic transmission techniques; a few of those works 

are reviewed here. 

In 2024, Zhu, W., et.al [1] has proposed an approach that uses 

a hybrid technique, transmitting higher importance data using 

optical waves, lower importance data using acoustic waves. The 

presented method lowers packet loss in vacant regions, 

increasing packet delivery rate (PDR).  

In 2023, Angara, B.R., et.al [12] has presented channel 

modeling using bubbles from the ocean. Uplink UWOC system 

with particles and bubbles at different wind speeds were 

investigated. Simulations were performed utilizing optical 

characteristics of underwater to compute connection lengths and 

signal loss between the UWOC system transmitter as well as 

receiver. The power on reception was determined using 

different configurations of the receiver and oceanic conditions, 

with and without bubbles. 
TABLE I 

COMPARISON OF RELATED WORKS 

Reference Models Merits Demerits 

[1] Routing 
Protocol for 

Hybrid WSN 

Reduces packet 
loss in void zones 

Introduces high 
routing overhead 

[12] Channel 

modeling with 
oceanic bubbles 

Improves accuracy 

of environmental 
modeling 

Performance 

varies with ocean 
conditions 

[13] Real-time High-

Speed UOWC 
Deployment 

Supports long-

term, stable 
communication 

High system 

deployment cost 

[14] OCDMA 

Transmission 

Allows 

simultaneous 
multi-user access 

Complex system 

synchronization 

 

In 2023, Zhang, J., et.al [13] have demonstrated high speed 

UWOC in the deep sea that are both real-time and long-term. 

With bitrates of up to 125 Mbps, it was the first deep-sea UWOC 

link to operate continuously for an extended period. A high-

quality transmission of video signals was accomplished, and it 

has demonstrated the capacity of their system to transport such 

high-quality films lossless. 

In 2023, El-Mottaleb, S.A.A., et.al [14] has presented an 

optical code division multiple access (OCDMA) transmission-

dependent UWC system. The permutation vector code was used 

to describe a scheme using OCDMA transmission.  

Recent investigations from literature have demonstrated that 

classical Rayleigh or Rician models don’t always effectively 

trace the statistics of underwater acoustic or optical channels, 

especially in the presence of shadowing, turbulence and non-

stationary environments. The results from measurement-based 

models shows that k–μ shadowed, Weibull, generalized Gamma 

and mixed distributions give a much better fitting to the 

underwater acoustic propagation channel compared to the 

statistical distributions like log normal (LN), Gamma- Gamma 

(GG), generalized Gamma or Weibull for the turbulence induce 

fading in that of optical model. However, in our work, we 

choose to characterize the underwater link fading by a LN 

distribution because the shallow-water channels generally 

display log-normal statistics for large-scale gain and small-scale 

amplitude fluctuation under mild scattering and shadowing 

conditions. Table II shows a comparison of fading models. 

 
TABLE II 

COMPARISON OF FADING MODELS 

Model type Examples Typical use 

Additive white 
Gaussian Noise 

(AWGN) 

AWGN Ideal / upper 
bound 

Small scale fading Rayleigh, Rician, 
Nakagami-m 

Basic underwater 
links 

Shadowing Lognormal Large-scale 

obstruction 

effects 

Composite models Rayleigh + Log normal, k-µ 

shadowed, Gamma/Gamma 

Realistic channel 

modeling 

Generalized 

models 

α-µ, k-µ, η-µ, 

Generalized-Gamma 

Fitting detailed 

measurements 

 

In their work, Busacca et. al study predictive channel models 

for actual shallow-water acoustic settings, emphasizing the 

channel’s non-stationarity and temporal unpredictability [28]. 

Further, in 2025, Ghosh et. al stated that more sophisticated 

fading patterns can be captured by generalized distributions as 

k–μ shadowing, especially in circumstances associated by 

Reconfigurable Hybrid Surfaces (RIS) [29]. In their 

publications from 2025, Li et. al and Haziq et. al highlight that 

as underwater acoustic and specifically hybrid links are 

significantly impacted by fading, turbulence, and Doppler, and 

that suitable channel models are essential for accurate 

performance analysis [30]. Considering this recent research, we 

understand that the LN model we adopted is a simplified 

representation and that more general fading distributions may 

be required in harsher or highly non-stationary environments 

and a full comparative fitting study against the channel fading 

distribution models is left for future work. 

III. SYSTEM MODEL 

The proposed model consists of clustered underwater nodes. 

Cooperative transmission is adopted to improve reliability and 

traffic handling capability. Depending on the requirements and 

link availability the nodes can make dynamic switching between 

optical and acoustic links. At first, a network model and then a 

traffic model is created for our proposed system. Further, 

analytical models are developed to calculate the losses in both 

the channels [11]. 

A. Network Model 

The hybrid opto-acoustic UWCN scheme is represented in 

Figure 1. The proposed technique consists of B nodes, with 

a base station and M-1 nodes (m=1, 2…M). Nodes are grouped 

in NCluster, as denoted as n=1,2,....,Ncluster. For each cluster, the 

topology varies. Member Nodes (MNs) in each cluster 

communicate with Cluster Heads (CHs) utilizing higher speed, 

lower power and short-range optical links. MN includes sensor 

nodes, AUVs, Remotely Operated Vehicle (ROV). After 

collecting data from MNs, CHs use hybrid opto-acoustic links 

to relay-to-relay Node (RN) or Base Station (BS), Surface Sink 

(SS), based on traffic demand, weather. BS/SS are linked to on-

shore ground control, including satellites utilizing over-the-air 

(OTA) RF links. We follow the network given in [11] to frame 

our model. 
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B. Traffic Model 

As considered in the model given in [11], a constant bit rate 

(CBR), a variable bit rate (VBR) and a best effort (BE) traffic 

types are considered. Hourly traffic flow is considered over 7 

days. These data match to various IoUT applications discussed 

above, which produce varied traffic demands. Underwater 

sensors are utilized for scientific temperature, pH, and salinity 

measurements with low data rates.  Figure 2 represents the 

spatial 3D distribution of nodes within the three clusters in the 

network topology. Each node is represented by its (X, Y, Z) 

coordinates and a cluster label (e.g., 0, 1, or 2) with its number 

of nodes given as N. Figure 3 depicts the 2D spatial layout and 

propagation of nodes across the three network clusters [11]. 

Over the data collection period, the traffic load demonstrates 

notable fluctuations. Traffic is predominantly concentrated 

within the optical distance range of 10 to 70 meters, where dense 

variations in load are observed, reaching up to 8 units. 
 

 

 

 

 

 

Fig. 1. The network model 

 

 

Fig. 2. 3D network topology showing node distribution across 3 clusters 

C. Acoustic Channel Propagation Model 

An analytical model created for UAC channel propagation 

depending on the networks is described in [11]. Total route loss 

of UAC through absorption and spreading is shown in 

equation (1). 

𝑆𝑎𝑐(𝑓, 𝑔) = 𝑆0 ⋅ 𝑓𝑘 ⋅ 𝛼𝑎𝑐(𝑔)𝑓𝑘𝑚                        (1) 

Here, the term 𝑆0 accounts for normalization factor (𝑁𝐹) 

refers to inverse of transmitted power, 𝑓𝑘 implies spreading loss 

distance 𝑓(𝑚) among transmitter as well as receiver, 𝑘 implies 

path loss exponent and term 𝛼𝑎𝑐(𝑔)𝑓𝑘𝑚  implies absorption 

coefficient (dB/km) accounts of absorption loss distance 𝑓𝑘𝑚 =
𝑓 × 10−3given in km. 

 

Total UAC path loss in dB is given in equation (2). 

 

10 𝑙𝑜𝑔 𝑆𝑎𝑐 (𝑓, 𝑔) = 10 𝑙𝑜𝑔 𝑆0 + 𝑘 ⋅ 10 𝑙𝑜𝑔 𝑓 + 𝑓𝑘𝑚 ⋅
                                     10 𝑙𝑜𝑔 𝛼𝑎𝑐(𝑔)                                (2) 

 

Absorption coefficient  10 𝑙𝑜𝑔 𝛼𝑎𝑐(𝑔) of acoustic signal 

frequency function g and water salinity function 𝑆, water 𝑝𝐻, 

water temperature 𝑇, depth of water z and acoustic speed of 

propagation vac is given using equation (3). 

 

𝑣𝑎𝑐 = 1412 + 3.21 𝑇 + 1.19 𝑆 + 0.0167𝑧         (3) 

 

 

Fig. 3. 2D propagation view of network topology with 3 clusters 

 

The literature provides numerous formulae [16],[17] of 

obtaining absorption coefficient 10 𝑙𝑜𝑔 𝛼𝑎𝑐(𝑔). Thorps 

empirical formula is the commonly used model. Thorp's 

statement is limited to lower water temperatures and does not 

account for factors such as salinity, pressure, temperature, speed 

of sound, depth. Thorp’s formula is derived from measurements 

in standard oceanic environments. The conditions include 

around 4°C temperature, a salinity of approximately 35 parts per 

thousand, and a depth of about 1000 meters. It gives accurate 

results under these oceanic conditions typically for acoustic 

applications. However, in environments with significantly 

different temperatures, salinity, or pH, where absorption 

mechanisms have harsh variations, Thorp’s formula has its 

limitations. Therefore, when applying this formula, its 

limitations must be considered.  

The appropriate technique encapsulates oceanic factors 

within the frequency range 100𝐻𝑧 < 𝑔 < 1𝑀𝐻𝑧 as expressed 

by equation (4), proposed by Francois and Garrison in 1982. 

 

𝛼(𝑔) =
𝑆1𝑄1𝑔1𝑔2

𝑔2+𝑔1
2 +

𝑆2𝑄2𝑔2𝑔2

𝑔2+𝑔2
2 + 𝑆3𝑄3𝑔2              (4) 
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Here, three terms are associated, in which term 1 is created 

using the Boric acid (H3BO3) molecules to account the effect of 

ironic relaxation. Term 2 is related to effects created by 

magnesium sulphate salts (MgSO4) and term 3 explains 

component of absorption caused by pure water. 

D. Acoustic Noise Model 

UAC is susceptible to a range of underwater noise sources in 

addition to attenuation issues. Ambient underwater noise 

impacting water acoustics is classed depending on the frequency 

range where its effects are most noticeable. Based on the 

research [11], a general ambient noise model is estimated from 

typical noise sources utilizing Gaussian statistics and 

continuous power spectral density. Noise sources are outlined 

below. 

1) Turbulence Noise Mt (g)- This is related to the turbulence of 

oceanic wave. The noise is noticeable in g<10 Hz range and 

given in equation (5). Here, g denotes the frequency variable in 

Hertz. 

10 𝑙𝑜𝑔 𝑀𝑡 (𝑔) = 17 − 30 𝑙𝑜𝑔 𝑔                (5) 

2) Shipping/Vessel Noise Ms (g)- This noise is produced by a 

shipping or a vessel in water, dominant within 10<g<100 Hz 

band and formulated in equation (6). 

10 𝑙𝑜𝑔 𝑀𝑠 (𝑔) = 40 + 20(𝑠 − 0.5) + 26 𝑙𝑜𝑔 𝑔 − 60 𝑙𝑜𝑔(𝑔 + 0.03) 

                          (6) 

Here, s∈[0,1] implies shipping factors. 

3)Wave noise 𝑀𝑤(𝑔)- This includes the noise generated by the 

wind on the surface of water and noticeable in 100 𝐻𝑧 < 𝑔 <
100 𝑘𝐻𝑧 range. The noise component is represented in equation 

(7). 
 

10 𝑙𝑜𝑔 𝑀𝑤 (𝑔) = 50 + 7.5√𝑤𝑠 + 20 𝑙𝑜𝑔 𝑔 − 40 𝑙𝑜𝑔(𝑔 + 0.4)

                                                                             (7) 

Here, ws represents wind speeds in m/s. 

4)Thermal noise 𝑀𝑡ℎ(𝑔)- The frequency range occurs 

above 𝑔 > 100 𝑘𝐻𝑧 on account of thermal agitation through 

ocean pressure variations. It gives a lower bound of ambient 

noise levels in the ocean expressed in equation (8). 

 

10 𝑙𝑜𝑔 𝑀𝑡ℎ (𝑔) = −15 + 20 𝑙𝑜𝑔 𝑔             (8) 

 

Total noise Power Spectral Density (PSD) 𝑀𝑡𝑜𝑡𝑎𝑙(𝑔) is given 

below. 
 

𝑀𝑡𝑜𝑡𝑎𝑙(𝑔) = 𝑀𝑡(𝑔) + 𝑀𝑠(𝑔) + 𝑀𝑤(𝑔) + 𝑀𝑡ℎ(𝑔)       (9) 

 

E. Optical Channel Propagation Model 

Light attenuation [18] is accounted as given below.  

1) Absorption- The absorption is defined as the conversion of 

light energy into heat energy by collision.  This collision is 

associated with the molecules of water, salt, chlorophyll and 

other organic compounds. Here, 𝑎(𝜆) denotes coefficient of 

absorption, 𝜆 represents the optical beam's wavelength. 

2) Scattering-This occurs when particulate particles, salt ions 

are dissolved in water, 𝑏(𝜆) depicts scattering coefficient [19]. 

Underwater optical beam extinction coefficient 𝑐(𝜆) by 

considering absorption and scattering is expressed in 

equation(10). 

 

𝑐(𝜆) = 𝑎(𝜆) + 𝑏(𝜆)                                     (10) 

 

Where, 𝑐(𝜆) is the beam extinction coefficient data for 

calculating propagation loss factor 𝑙(𝑓, 𝜆) as given in equation 

(11). 

 

𝑙(𝑓, 𝜆) = 𝑒𝑥𝑝(−𝑐(𝜆)𝑓)                            (11) 

 

Given, 𝐿𝑜𝑝(𝑓, 𝜆) denotes total optical path loss and it is 

calculated as in equation (12). 
 

𝐿𝑜𝑝(𝑓, 𝜆) =
𝑆𝑟𝑚𝑡𝑚𝑟 𝑐𝑜𝑠 𝜃

2𝜋 𝑓2(1−𝑐𝑜𝑠 𝜃0)
⋅ 𝑒𝑥𝑝(−𝑐(𝜆)𝑓)              (12) 

 

𝑆𝑟  implies receiver aperture, 𝑚𝑡  and 𝑚𝑟 represents optical 

efficiencies of transmitter and receiver, 𝜃 denotes inclination 

angle among transmitter and receiver and 𝜃0 denotes beam 

divergence angle of transmitter. The entire optical channel 

attenuation 𝐽𝑜𝑝(𝑓, 𝜆) is represented as equation (13). 

 

𝐽𝑜𝑝(𝑓, 𝜆) = 𝛼𝑜𝑝
2 ⋅ 𝐿(𝑓, 𝜆)                            (13) 

 

𝛼𝑜𝑝
2  denotes optical fading amplitude because of water 

turbulence. To model this, LN distribution including probability 

distribution function is used as given in equation (14). 
 

𝑔(𝛼) =
1

𝛼√2𝜋𝜎𝑌
2

⋅ 𝑒𝑥𝑝 (−
(𝑙𝑛(𝛼)−𝜇𝑌)2

2𝜎𝑌
2 )                    (14) 

 

A random variable 𝑌 signifies log-amplitude fading follows 

Gaussian distribution using mean 𝜇𝑌, variance 𝜎𝑌
2 [20], [21], 

[22].   

Fading distributions are mainly used to replicate the random 

fluctuations in received signal strength in the case of an optical 

link, particularly when the turbulence is present. Because of its 

good approximation of intensity changes and mathematical 

tractability, the LN model is frequently employed for weak-to-

moderate turbulence [2], [18], [20]. However, to represent 

complex turbulence environments, recent research used the GG 

model which captures both small- and large-scale scattering 

effects for moderate-to-strong turbulence [19] and the λ-k-μ 

distribution which offers more flexibility in describing complex 

fading circumstances [25].  

 

F. Optical Noise Model 

The underwater optical signals are vulnerable to a variety of 

disturbances to route loss caused by absorption and scattering 

[23]. The noise types are categorized,[11] as follows: 

1) Thermal/Johnson noise- Noise variance is formulated as 

given in equation (15). 
 

𝛼𝑇𝐻
2 =

4𝑘𝐵⋅𝑌𝑒⋅𝐺⋅𝐵

𝑇𝐿
                     (15) 

Where, 𝑘𝐵 denotes Boltzmann constant (1.38 × 10−23𝐽/𝐾), 

𝑌𝑒  equals 290 K, G=4 is the noise figure of the system, B denotes 

electron bandwidth. Term 𝑇𝐿  represents resistance of load. 

2) Dark current noise- The dark current flows through the 

reversed-biased photodetector. It is formulated in equation (16). 

 

𝜎𝐷𝐶
2 = 2𝑞 ⋅ 𝐼𝐷𝐶 ⋅ 𝐵                                        (16) 
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q equals (1.602 × 10−19 𝐶), which is the electron charge. 𝐼𝐷𝐶  

equals (1.23 × 10−9𝐴) which is photo diode dark current. 

3) Quantum/ Signal shot noise- Resulting from photon number 

at random shifts in the receiver. It is expressed in equation (17). 
 

𝜎𝑆𝑆
2 = 2𝑞 ⋅ 𝜌 ⋅ 𝑄𝑖 ⋅ 𝐵                                    (17) 

 

𝜌 implies photo diode responsivity whereas 𝑄𝑖  implies signal 

power. 

4) Background noise- All the Noise generated by ambient [24] 

conditions which include radiation from black body and the 

solar noise. It is expressed in equation (18). 
 

𝜎𝐵𝐺
2 = 2𝑞 ⋅ 𝜌 ⋅ 𝑄𝐵𝐺 ⋅ 𝐵                              (18) 

Here, 𝑄𝐵𝐺  is the background noise power. Thus, it is given in 

equation (19). 
 

𝑄𝐵𝐺 = 𝑄𝑠𝑜𝑙𝑎𝑟 + 𝑄𝑏𝑙𝑎𝑐𝑘𝑏𝑜𝑑𝑦                          (19) 
 

Where, 𝑄𝑠𝑜𝑙𝑎𝑟  can be written as given equation (20). 
 

𝑄𝑠𝑜𝑙𝑎𝑟 = 𝑆𝑟 ⋅ 𝜋 (𝐹𝑜𝑉)2 ⋅ 𝛥𝜆 ⋅ 𝑌𝐹 ⋅ 𝐴𝑠𝑜𝑙            (20) 
 

Where, 𝑆𝑟 signifies receiver aperture, 𝐹𝑜𝑉 denotes receiver 

field view, 𝛥𝜆 represents optical filter bandwidth, 𝑌𝐹  denotes 

optical transmissivity and 𝐴𝑠𝑜𝑙  implies solar radiance. Thus, it is 

given in equation (21). 
 

𝑄𝑏𝑙𝑎𝑐𝑘𝑏𝑜𝑑𝑦 =
2ℎ𝑢2𝛼𝑟⋅𝜋(𝐹𝑜𝑉)2⋅𝑆𝑟𝑌𝐴𝑌𝐹𝛥𝜆

𝜆5⋅[𝑒𝑥𝑝(
ℎ𝑐

𝜆𝑘𝑇
)−1]

                       (21) 

 

Where, Plank’s constant h =(6.62 × 10−34 𝐽 𝑆), u represents 

light velocity in water (2.25 × 108𝑚/𝑠), 𝛼𝑟 signifies factors of 

radiant absorption (0.5), 𝑌𝐴 implies water transmission (𝑌𝐴 =
𝑒𝑥𝑝  (−𝜏0)), here 𝜏0 is the atmospheric transmission. Finally, λ 

signifies the wavelength of the light beam. In underwater optical 

communication, blackbody radiation noise represents the 

background infrared noise emitted by the environment modeled 

as radiation from such a theoretical blackbody. The noise 

sources are modeled as AWGN [25]. Total optical noise is given 

in equation (22).  

 

𝜎𝑡𝑜𝑡𝑎𝑙
2 = 𝜎𝑇𝐻

2 + 𝜎𝐷𝐶
2 + 𝜎𝑆𝑆

2 + 𝜎𝐵𝐺
2                         (22) 

 

The analysis done in our work has followed the channel 

propagation and noise models given in [11].  

IV. MODULATION AND CODING FOR OPTICAL AND ACOUSTIC 

CHANNELS SETUP 

Quadrature Amplitude Modulation (QAM) is used in optical 

communication because of its capacity to deliver high data rates 

while remaining spectrally efficient, making it perfect for short-

range, high-bandwidth underwater networks. Turbo Codes are 

integrated for forward error correction to mitigate the impact of 

absorption and scattering effects and ensure reliable data 

transfer. They provide both strong error recovery capabilities 

and low decoding latency. In contrast, for acoustic 

communication, the system employs Frequency Shift Keying 

(FSK), which is suited to acoustic transmission because of the 

robustness against multipath propagation, Doppler shifts and 

ambient noise. To enhance reliability in the presence of burst 

errors and fluctuating channel conditions, Reed-Solomon (RS) 

coding is utilized, providing powerful error correction with 

manageable redundancy overhead [26]. Table III shows the 

context aware modulation and error correction strategy. 
 

TABLE III 

CONTEXT-AWARE MODULATION AND ERROR CORRECTION STRATEGY 

Mode Modulation  Error 

Correction 

Code 

Condition 

Optical QAM Turbo Code SNR>threshold, 

short distance, high 
traffic 

Acoustic FSK Reed-Solomon 

Code 

SNR low, long 

range, variable 
traffic 

 

 

 

Fig. 4. QAM Constellation 

Figure 4 shows the received constellation diagram for 

a QAM-modulated signal. The received points in this diagram 

are distributed around ideal positions because of noise, 

distortion, and underwater channel damage. Constellation 

clusters around coordinates like (±3, ±3) are well-defined, 

indicating that the QAM technique performs dependably even 

in moderate noise. However, as SNR declines, the spread of 

points grows, causing overlaps between nearby clusters and 

making symbol recognition more error prone. This 

demonstrates that, while QAM is successful for high-data-rate 

underwater optical communication, maintaining a high link 

quality is critical for reducing bit mistakes and ensuring precise 

demodulation. 
 

 

 
 

Fig. 5. FSK Modulated Wave 

Figure 5 illustrates a segment of an FSK modulated acoustic 

signal corrupted by underwater channel noise. This shows its 

robustness in noisy underwater acoustic channels, as frequency 

shifts are easier to detect than amplitude or phase changes under 

noise. This supports the choice of FSK for long-range acoustic 

communication where noise and multipath effects are 

significant. 
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Fig. 6. a) Bit rate vs Acoustic Distance b) Bit rate vs optical Distance 

Figure 6(a) illustrates the relationship between bit rate and 

acoustic transmission distance. As the acoustic distance 

increases from 0 to 100 meters, a noticeable dispersion in bit 

rates is observed, indicating reduced communication reliability 

over longer distances. While a few transmissions manage to 

maintain higher bit rates even at extended ranges, a significant 

clustering of data points at lower bit rates highlights the impact 

of increased bit errors due to factors such as attenuation, 

multipath propagation, and ambient underwater noise. In Figure 

6(b) we see the bit rate versus optical distance plot. In contrast 

to acoustic channels, the optical channel demonstrates 

a relatively stable distribution of bit rates across short to 

moderate distances (0 to 100 meters), particularly within the 

effective operational range (typically under 10 meters).  

V. OPTIMIZATION USING ELECTRIC EEL FORAGING 

OPTIMIZATION ALGORITHM (EEFOA) 

EEFOA is used to allocate transmission power efficiently. Its 

inspired adaptive behavior effectively strikes a balance between 

exploitation and exploration, leading to higher solution 

accuracy and faster convergence. EEFOA dynamically adjusts 

to shifting network circumstances resulting in increased energy 

efficiency and less interference among transmitting nodes. Its 

robustness in handling nonlinear, multi objective optimization 

problems makes it ideal for complicated wireless 

communication environment resulting in optimal resource use 

and extended network lifetime [27]. The entire step method is 

presented as given below. 

Step 1: Initialization 

In the EEFOA initialization phase, eel positions are produced at 

random between the design variable boundaries is represented 

in equation (23). 
 

𝑆 = [

𝑆11 𝑆12 … 𝑆1𝐷

𝑆21 𝑆22 … 𝑆2𝐷

⋮ ⋮ ⋱ ⋮
𝑆𝑁1 𝑆𝑁2 … 𝑆𝑁𝐷

]

𝑁×𝐷

                      

(23) 

 

where, 𝑆 is a matrix of size  𝑁 × 𝐷, where 𝑁 signifies 

population size, 𝐷 shows dimension of design variables. 

Step 2: Random Generation 

In this step, input parameters are randomly generated while 

strictly following the defined hyperparameters requirements for 

model consistency and effective tuning. 

Step 3: Fitness Function 

It makes random solutions from initialization. This is assessed 

by exploration node.  
 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑖𝑛𝑔[𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑃𝑜𝑤𝑒𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛]

     (24) 

The weight of each electric eel corresponds to its normalized 

fitness value, ensuring that individuals closer to the global 

optimum have a stronger influence on search dynamics. 

Specifically, we use an inverse-fitness normalization as given 

by, 

𝑤𝑖 =
1/𝑓𝑖𝑡𝑖

∑ 1/𝑓𝑖𝑡𝑗

𝑛

𝑗=1

                                                                  (24a) 

Where fiti is the objective function of eel i, and N is the 

population size. 

Step 4: Interacting 

At an approach to a school of fish, the eels swim together, 

thereby establish a circular structure to capture food in the 

middle. The optimal solution at all stages is regarded as intended 

prey in EEFO, where each eel stands for a potential solution. 

Eels cooperatively interact using position information enabling 

global exploration. An eel can randomly interact with any other 

eel in population, utilizing collective position data. Position 

updates are determined by comparing difference among 

randomly selected eel, population center. It is given as, 
 

𝑦𝑟 = 𝐿𝑜𝑤 + 𝑡(𝑈𝑝 − 𝐿𝑜𝑤)                           (25) 
 

Here, 𝑦𝑟 denotes size of the population, 𝑡 denotes random vector 

with [0, 1], 𝑈𝑝 and 𝐿𝑜𝑤 signifies lower, upper boundaries. 

Electric eels can migrate towards various locations in the search 

space to their interactive behaviour which can greatly aid in 

investigation of EEFO throughout search environment. 

Step 5:Resting 

In EEFOA, there is a need to establish a prior resting area. For 

that a region where dimensions of eel's position vector are 

anticipated into main diagonal at search space to increase search 

efficiency. Both search spaces and eel's location are normalised 

to 0-1 range to position resting place for eel. The search space’s 

major diagonal is then projected with randomly chosen location 

values. The anticipated position represents an eel’s resting area 

middle. It is given in equation (26). 
 

{𝑌|𝑌 − 𝑋(𝑦)|≤ 𝛼𝐸𝐸𝐹𝑂 × |𝑋(𝑦) − 𝑦𝑝𝑟𝑒𝑦(𝑦)}       (26) 
 

Here, 𝑦𝑝𝑟𝑒𝑦 signifies position vector of optimal solutions 

attained so far, 𝛼𝐸𝐸𝐹𝑂  signifies an initial resting area scale, 

𝑋 implies a normalized number and 𝑌 denotes position selected 

at random from existing populace. An eel adjusts its location 

toward a resting region based on its location. This location will 

be inside the area [27]. An energy factor regulates search 

behaviors in EEFOA and is described by, 
 

E(t) = 4 × sin( 1 − t /T ) × ln (1/r)            (27) 

Here, a random number r is taken within (0,1) with total number 

of iterations as T. If E(t) is greater than 1, eels search in a global 

space resulting in an exploration. Otherwise, it will be an  

exploitation. 

Step 6: Hunting  

The eels form a coordinated circular pattern around while 

detecting prey; they do not swarm; throughout this process, the 

electrified circle gradually shrinks, driving the prey toward 

shallower waters where capture is easier. The circle serves as 

the area for hunting thereby the prey will panic and make 

unpredictable movements within the confined space. 

Consequently, the prey rapidly shifts positions within the 



HYBRID OPTICAL–ACOUSTIC UNDERWATER COMMUNICATION WITH JOINT MODULATION AND BIO-INSPIRED POWER OPTIMIZATION 7 

 

hunting space due to fear and disorientation. It is given in 

equation (28). 

 

𝐽𝑝𝑟𝑒𝑦(𝑡 + 1) = 𝑦𝑝𝑟𝑒𝑦(𝑡) + 𝛽𝐸𝐸𝐹𝑂 × |𝑦̄(𝑡) − 𝑦𝑝𝑟𝑒𝑦(𝑡)|               (28) 

 

 𝑦̄(𝑡) represents initial scale of hunting area, 𝐽𝑝𝑟𝑒𝑦 denotes novel 

prey position concerning its previous location in hunting area, 

𝑦𝑝𝑟𝑒𝑦 denotes eel centers on the prey, and 𝛽𝐸𝐸𝐹𝑂  denotes the 

shrinking of the hunting area with the progress. An eel's posture 

is changed to reflect altered location of its prey through curling 

movement, which is a hunting behaviour seen in EEFO. It is 

given as below. 
 

𝑏𝑖(𝑦 + 1) = 𝐽𝑝𝑟𝑒𝑦(𝑦 + 1) + 𝜂 × (𝐽𝑝𝑟𝑒𝑦(𝑦 + 1) − 𝑟𝑜𝑢𝑛𝑑(𝑟𝑎𝑛𝑑) × 𝑦𝑖(𝑦))   

     (29) 

Here, 𝜂 indicate the curling factor, hunting behaviour of eel 

involves encircling its prey, during which red dots mark the 

position footprints of the prey as it performs swan dive. At this 

stage, the eel employs a curling motion to shock the prey, and 

the recorded position footprint is utilized to update eel’s location 

in next iteration. 

Step 7: Migrating 

Eels frequently relocate from their rest area to regions of 

hunting.  The migration behavior is written as.  
 

𝐿 = 0.01 × |
𝑢⋅𝜎

𝑏𝑒𝑒

1
𝑏𝑒𝑒

|                                         (30) 

 

Here, 𝐿 denotes Levy flight function, it is offered during EEFO 

exploitation phase to prevent being trapped in local optima, bee 

represents a migration shape parameter, 𝜎 represents considered 

any location within hunting area.  

The computational complexity of EEFOA is affected by the 

number of individual electric eels, the dimensional variables, 

and the number of iterations made. We can summarize the total 

computational complexity as given by the equation (31). 

 
C(EEFO)=C(Problem_definition)+C(Initialization)+C(Evaluation)+C(Pos
tion_updating_interating+C(Postion_updating_resting)+C(Postion_updati
ng_migrating)+C(Postion_updating_hunting) 
 (31) 
Step 8: Termination 

EEFOA iteratively adjusts power levels until a halting criterion 

such as convergence in energy usage or reaching a predefined 

number of iterations is met [27]. Table IV shows the parameter 

settings used for configuring the EEFO algorithm. 
 

TABLE IV 

EEFO PARAMETER SETTINGS 

Parameter Values 

Population 20 

Dimension 1 

Lower bound 0.1 

Upper bound 1.0 

Iterations 50 

VI. RESULTS AND DISCUSSION 

The simulation outcomes of our work are discussed in this 

section which includes analysis and evaluation of energy 

consumption, throughput, normalized mean traffic load, 

received load, and average power savings.  

 

 

Fig. 7. Energy vs Distance 

Figure 7 shows the relationship between energy consumption 

(in joules) and distance (scaled from 0 to 100) in an underwater 

wireless communication scenario. As the distance increases, 

energy consumption rises gradually from 1.8 J at the shortest 

distance, with a slight plateau between distances 30 and 50, 

indicating stable energy usage in that range. Beyond 50, energy 

consumption increases more sharply, reaching about 2.2 J at the 

maximum distance. This trend reflects the higher power 

required for reliable data transmission over longer underwater 

distances, likely due to greater signal attenuation and noise, 

which necessitate increased transmission power or more robust 

error correction mechanisms. 

The EEFOA optimizer's convergence was monitored using 

the best global fitness value over iterations. Convergence is 

obtained in approximately about 35 iterations, demonstrating 

the algorithm's monotonic improvement and stability at an 

approximately population size of N = 50. After 40 iterations, the 

fitness standard deviation across runs falls below 2 %, 

demonstrating robustness. 
 

 
 

Fig. 8. EEFOA optimization 

EEFOA Performance 

A performance comparison of EEFOA is done with Genetic 

Algorithm (GA) and particle Swarm Optimization (PSO) by 

applying the same parameters of simulation with population of 

20, dimension of 1 and a bound given as [0.1, 1.0]. In contrast 

to PSO and GA, which require 27 and 41 iterations, 

respectively, EEFOA converges far more quickly, requiring just 

12 iterations to attain 95% of the ideal value, as shown in 

Table V. Additionally, EEFOA achieves the shortest calculation 

time and the lowest final energy consumption. It is especially 

useful for hybrid optical–acoustic links because of its electro-

sensory hunting behavior combined with exploitation around 

the best candidates.  
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TABLE V 

COMPARISON OF EEFOA, PSO AND GA 

Algorithm Convergence 

Speed 

Final 

Energy 

(J) 

Computatio

n Time (s) 

EEFOA 12 0.142 0.018 

PSO 27 0.158 0.024 

GA 41 0.165 0.031 

 

Performance Analysis 

Figure 9 depicts performance analysis of the proposed model. 

These findings support the proposed model’s efficiency, 

attributed to its hybrid approach and dynamic decision based on 

distance and channel circumstances. Figure 9(a) depicts the 

relationship between energy and acoustic distance, with the 

energy fluctuating between approximately 86 J and 96 J as the 

acoustic distance increases from 50 to 200 m. The energy 

fluctuations follow a shifting pattern that is typical of acoustic 

signal propagation over increasing distances, with the energy 

remaining within a relatively wide range. From 9(b) the 

relationship between energy and optical distance can be 

observed. The energy rises with optical distance. Compared to 

the acoustic scenario, the energy fluctuations for optical 

propagation are significantly smaller. 9(c) depicts the 

relationship between throughput and acoustic distance. After 

150 m, throughput fluctuates. The system's performance varies 

greatly over distances, revealing that acoustic channel 

conditions have a substantial impact on throughput, highlighting 

the necessity for adaptive techniques to enhance performance. 

The variation in throughput with optical distance is visible in 9 

(d). Despite variations, the optical communication system 

regularly outperforms the acoustic method, with a peak 

performance of over 33.3 kbps. However, like the acoustic 

system, optical communication performance diminishes at a 

given distance, possibly due to attenuation or scattering effects. 

Normal load versus acoustic distance is plotted in Figure 9(e). 

As we see, large and frequent swings in normalized load 

indicate that the conditions of the acoustic channel, such as 

signal quality and interference, have a major impact on the 

system's load management capability. 9(f) depicts the 

normalized load for optical communication, as can be seen, the 

oscillations are substantially lower than those seen with the 

acoustic method, demonstrating that optical communication is 

more efficient at handling data load. The narrower range and 

peak at 150m indicate that optical communication systems are 

well-suited for load control at this distance, most likely due to 

their larger bandwidth capacity and more efficient data 

processing. The fluctuation in average power required for 

acoustic communication as acoustic distance increases is shown 

in 9(g). It shows that the power requirements for acoustic 

communication are very dynamic and dependent on distance 

and channel conditions. The variability shows that adaptive 

power management is critical for maximizing energy 

consumption while maintaining communication quality. 9(h) 

displays the average power required for optical communication. 

These values are orders of magnitude lower than those for 

acoustic communication. The optical system has little change in 

power and exhibits tiny dips and climbs in the first segment. 

Despite these variations, optical communication has 

substantially lower power requirements than auditory 

transmission, showing the energy economy of optical networks. 

9(i) shows the Packet Delivery Ratio (PDR) for acoustic 

communication over various distances. Despite the fluctuations, 

the system maintains a high PDR, suggesting that sound 

communication is effective yet extremely sensitive to 

environmental or distance-related variables. This emphasizes 

the significance of error correcting technologies in underwater 

communication systems to ensure reliability. 9(j) depicts the 

PDR for optical communication with values lower than the 

acoustic PDR and have smaller fluctuations. Although the 

optical communication system does not approach the higher 

PDRs reported in acoustic communication, it has more constant 

performance with less dramatic variations. This suggests that 

although optical links offer stable packet delivery, higher losses 

occur over longer distances due to the scattering and absorption 

factors. 

 

Fig. 9. Performance analysis 

VII. CONCLUSION AND FUTURE SCOPE 

This work presents a hybrid underwater communication 

framework that integrates optical and acoustic transmission 

modes with joint modulation and channel coding strategies. To 

improve energy efficiency, a bio-inspired Electric Eel Foraging 

Optimization algorithm was used for transmission power 

optimization. Simulation results demonstrated that the proposed 

hybrid framework significantly reduces energy consumption 

while improving throughput and communication reliability. The 

results confirm that combining optical and acoustic links with 
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joint modulation and intelligent power allocation can effectively 

overcome the inherent trade-offs between bandwidth, range, and 

energy efficiency in underwater environments. 

Future research will extend this work by incorporating 

learning-based adaptive mode selection and uncertainty-aware 

decision mechanisms to dynamically switch between optical 

and acoustic links under stochastic underwater channel 

conditions. Neural network models shall be explored to quantify 

prediction uncertainty and improve robustness in unpredictable 

environments. A separate study will also investigate data-driven 

channel-aware hybrid communication architectures using 

realistic training–testing partitioning and stochastic fading 

realizations. These extensions will be useful to have a more 

comprehensive and practical hybrid underwater communication 

framework suitable for real-time autonomous underwater 

systems. 

Additionally, future research will focus on validating the 

proposed framework in realistic underwater testbeds and 

integrating real-time environmental sensing to dynamically 

adapt modulation and power allocation under changing channel 

conditions Use of channel simulators and multipath-aware 

propagation models will further enhance system realism. 
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