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Abstract

Underwater Optical Wireless Sensor Networks (UOWSNS) have emerged as a promising
technology for high-bandwidth, low-latency underwater communication, offering data rates
orders of magnitude higher than traditional acoustic modalities. However, the unigue propagation
characteristics of optical signals in aquatic environments—including severe absorption,
scattering, and turbulence-induced fading—coupled with the energy constraints of battery-
operated underwater nodes, necessitate intelligent routing strategies that adapt to dynamic
channel conditions. This paper proposes DQN-UOW, a Deep Q-Network-based multi-hop routing
protocol that learns optimal forwarding decisions through interaction with the underwater
environment. Our approach formulates routing as a Markov Decision Process where each sensor
node acts as an autonomous agent, selecting next-hop relays based on local observations of
residual energy, link quality, distance to sink, and queue occupancy. A novel reward function
balances energy efficiency, packet delivery reliability, and end-to-end latency with tunable
weight parameters. Experimental evaluation using an ns-3 based UOWSN simulator with realistic
underwater optical channel models demonstrates that DQN-UOW achieves 94% packet delivery
ratio, reduces energy consumption to 2.1 J per packet (35% lower than QELAR), and maintains
end-to-end delay below 320 ms across 500-node deployments. The protocol demonstrates robust
adaptation to varying turbidity levels, node mobility, and network density, validating its

suitability for long-term ocean monitoring applications.
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1. Introduction

The oceans cover approximately 71% of Earth's surface and remain critically
under-monitored due to the challenges of underwater communication. Traditional
underwater acoustic sensor networks (UASNSs) have served as the primary modality for
subsea data transmission, but suffer from fundamental limitations including low
bandwidth (kbps range), high latency (up to seconds per kilometer), and severe Doppler
effects from water motion [1]. Underwater Optical Wireless Communication (UOWC)
has emerged as a transformative alternative, leveraging blue/green laser and LED
technologies (450-550 nm wavelength) to achieve Mbps-to-Gbps data rates with
millisecond-scale latency over moderate distances (up to 100 meters) [2].

Underwater Optical Wireless Sensor Networks (UOWSNS) deploy optical
transceivers on autonomous underwater vehicles (AUVs), sensor nodes, and surface
buoys to enable high-bandwidth applications including real-time video streaming for
marine biology, subsea infrastructure inspection, and deep-ocean environmental
monitoring [3]. However, optical signals in water experience exponential attenuation due
to absorption by water molecules and dissolved organic matter, Mie scattering from
suspended particles, and turbulence-induced beam wandering and intensity fluctuations
[4]. These channel impairments vary dramatically with depth, turbidity, temperature
gradients, and biological activity, creating a highly dynamic environment where static

routing protocols fail to maintain reliable connectivity.

Reinforcement Learning (RL) offers a compelling paradigm for adaptive routing
in such environments. Unlike traditional geographic or opportunistic routing protocols
that rely on fixed heuristics, RL-based approaches enable sensor nodes to learn optimal
forwarding policies through direct interaction with the environment, continuously
adapting to changing channel conditions without requiring global network knowledge [5].
Recent surveys highlight that RL techniques are particularly effective for 1oUTs (Internet
of Underwater Things) networks, providing adaptive service-rate controllers with
probabilistic delay bounds and energy management strategies that address the stochastic

nature of underwater environments [6].
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1.1 Contributions
This paper makes the following contributions:

(1) DQN-Based Routing Framework: A Deep Q-Network formulation of multi-hop
routing where each node acts as an autonomous RL agent, learning optimal next-hop

selection through local observations without centralized control.

(2) Multi-Factor Reward Function: A composite reward function that simultaneously
optimizes energy efficiency, packet delivery ratio, and end-to-end latency with tunable

weights, enabling protocol customization for diverse application requirements.

(3) Channel-Aware State Representation: A compact state space encoding residual
energy, distance to sink, signal-to-noise ratio, queue occupancy, and turbidity estimates

derived from optical link measurements.

(4) Void Avoidance Mechanism: An RL-integrated void recovery strategy that detects
and escapes communication dead zones through alternative path exploration, improving

packet delivery in sparse deployments.

(5) Comprehensive Evaluation: Extensive ns-3 simulation with realistic underwater
optical channel models, demonstrating superior performance over DBR, QELAR,

QLACO, and GCORP baselines across multiple metrics and network scales.

2. Related Work
2.1 Underwater Optical Wireless Networks

UOWSNs have gained significant research attention as a high-bandwidth
alternative to acoustic communication. Alghamdi et al. established foundational channel
models for underwater optical wireless communications, characterizing absorption and
scattering coefficients across different water types (clear ocean, coastal, turbid harbor)
[4]. Celik et al. proposed SectOR, a sector-based opportunistic routing protocol
specifically designed for UOWSNSs, demonstrating that directional optical transceivers
require fundamentally different routing strategies than omnidirectional acoustic modems
[7]. Li et al. developed multi-agent reinforcement learning routing protocols for
UOWSNSs, showing that distributed Q-learning could achieve significant improvements

in packet delivery ratio compared to static geographic routing [8].
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2.2 RL-Based Routing for Underwater Networks

Reinforcement learning has been extensively applied to underwater routing
challenges. QELAR (Q-learning-based Energy-efficient and Lifetime-Aware Routing)
introduced energy distribution awareness into RL-based decisions, achieving substantial
network lifetime improvements through adaptive relay selection [9]. QLACO combined
Q-learning with ant colony optimization for underwater acoustic sensor networks,
utilizing reward functions that incorporated both energy efficiency and anti-void
mechanisms [10]. Recent work by Singh and Jain enhanced GCORP with Deep
Reinforcement Learning (DRL), employing Deep Q-Networks to learn optimal next-hop
selection based on distance, energy, and link quality parameters [11]. Comparative
surveys confirm that RL-based protocols consistently outperform traditional approaches

in dynamic underwater environments [6].
2.3 Energy-Efficient Routing Protocols

Energy efficiency remains the paramount concern for long-term underwater
deployments where battery replacement is prohibitively expensive. Liu et al. proposed
energy-efficient guiding-network-based routing (EGNBR) for UWSNSs, establishing
directing networks that reduce forwarding delay through simultaneous operation
mechanisms [12]. The MDROR protocol integrated reinforcement learning with depth-
based opportunistic routing, incorporating void recovery mechanisms to handle sparse
node distributions [13]. However, these protocols primarily target acoustic networks and
do not fully exploit the directional, high-bandwidth characteristics of optical

communication that enable fundamentally different routing topologies.

3. System Model and Channel Characteristics
3.1 UOWSN Architecture

We consider a three-dimensional UOWSN deployment spanning shallow (0-50
m), mid-water (50-200 m), and deep (200-500 m) zones. Sensor nodes are equipped with
blue LED or laser diode transmitters (470 nm center wavelength) and photodiode
receivers with field-of-view (FOV) angles ranging from 30° to 120°. Surface stations

(sinks) coordinate data collection and provide connectivity to terrestrial networks via

Page 42



Journal of Advanced Computer Networks and Communication Systems (JACNCS)
| ISSN XXXX-XXXX | Vol. 1, Issue 1 — May-Aug 2026

radio-frequency backhaul. AUVs may traverse the network for maintenance, data mule
operations, or adaptive sampling, creating dynamic topology changes. Nodes are battery-
operated with initial energy of 50 J and employ sleep-wake scheduling to conserve power
during idle periods.

Figure 1: Underwater Optical Wireless Sensor Network Architecture
with Reinforcement Learning-Based Routing
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Figure 1: Underwater Optical Wireless Sensor Network Architecture with RL-Based Routing. The
hierarchical deployment spans shallow, mid-water, and deep zones with sensor nodes, AUVs, and surface
stations, coordinated by distributed RL agents.

3.2 Optical Channel Model

The underwater optical channel is characterized by the Beer-Lambert law with
pathloss: P r=P t-n t-n_r-exp(-c(A)-d)/(d?), where P_tand P_r are transmitted and
received power, n_t and m_r are transmitter and receiver efficiencies, c(A) is the
wavelength-dependent extinction coefficient, and d is the link distance. The extinction
coefficient c(A) = a(A) + b(A) combines absorption a(A) and scattering b(A) components
that vary with water type: clear ocean (¢ = 0.15 m™), coastal (¢ = 0.3-0.4 m™), and turbid

harbor (¢ = 2-4 m™!). Turbulence-induced fading follows a log-normal distribution with
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scintillation index o2 I that increases with link distance and temperature gradient

strength.

4. Proposed DQN-UOW Protocol
4.1 MDP Formulation

We formulate multi-hop routing as a Markov Decision Process (S, A, P, R, v)
where each sensor node acts as an independent RL agent. The State Space S captures
local observations: s = [E res, d sink, SNR, Q occ, 1], where E res is residual energy
fraction, d_sink is Euclidean distance to the nearest sink, SNR is the signal-to-noise ratio
of the optical link, Q occ is queue occupancy ratio, and t is an estimate of local water
turbidity derived from historical link quality measurements. The Action Space A
comprises candidate next-hop nodes within the transmitter's FOV, plus special actions for

buffer-and-wait (when no suitable relay exists) and drop (under severe congestion).

The Transition Probability P(s'|s,a) captures the stochastic nature of underwater
channels—successful packet forwarding depends on the probabilistic link availability
determined by the optical channel model. The Reward Function R(s,a) provides the
learning signal: R = a'(AE_saved/E_max) + B-1 delivered - y:(T _queue + T trans) -
o-1 dropped, where a, B, v, 0 are tunable weights (default: 0.3, 0.4, 0.2, 0.1), AE saved is
the energy difference between direct transmission and relayed forwarding, 1_delivered is
a binary indicator of successful delivery, T queue and T _trans are queueing and
transmission delays, and I dropped indicates packet loss. The Discount Factor y = 0.9

balances immediate rewards against long-term network lifetime.
4.2 Deep Q-Network Architecture

Each node hosts a lightweight DQN with architecture: Input Layer (5 neurons for
state dimensions) — Hidden Layer 1 (64 neurons, ReLU) — Hidden Layer 2 (32
neurons, ReLU) — Output Layer (JA| neurons, linear activation for Q-values). The
network is trained using experience replay with a buffer capacity of 10,000 transitions (s,
a, r, s') and mini-batch size of 32. A separate target network Q' is synchronized every 100

steps to stabilize learning. The e-greedy exploration policy decays from € = 1.0 to ¢ =
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0.01 over 5,000 training steps, transitioning from exploration to exploitation as the agent

gains experience.

Figure 2: DQN-Based Multi-Hop Routing Decision Framework
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Figure 2: DQN-Based Multi-Hop Routing Decision Framework. The architecture includes state space
encoding, DQN network for Q-value estimation, action space for next-hop selection, composite reward
function, and experience replay with target network stabilization.

4.3 Void Avoidance and Recovery

Void regions—areas where no suitable relay exists within the transmitter's
FOV—are a persistent challenge in 3D underwater deployments. DQN-UOW integrates
void detection into the RL framework: when all candidate actions yield negative Q-values
(indicating expected packet loss), the agent triggers a void recovery sequence. The
recovery mechanism employs a two-phase approach: (1) Backward propagation: the node
sends a void notification to its upstream neighbors, triggering alternative path
exploration; (2) Sideward expansion: the node increases transmitter power temporarily

and widens its FOV angle to discover relays outside the normal range, accepting higher
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energy cost as a recovery penalty. These recovery actions are incorporated into the replay

buffer with modified rewards to teach the network to proactively avoid void formation.
4.4 Energy-Efficient Forwarding

The energy model accounts for optical transceiver power consumption: P_tx =
P_led + P_driver + P_mod, where P_led is the LED/laser emission power (adjustable 0.1-
2 W), P_driver is the circuit overhead (50 mW), and P_maod is the modulation circuitry
(20 mW). Reception power P_rx = P_pd + P_amp + P_demod (total 30 mW) is
significantly lower than transmission. DQN-UOW learns to minimize transmission power
while maintaining link margin by selecting relays that reduce the required d2-exp(c-d)
path loss compensation. The protocol also coordinates sleep-wake schedules among
neighboring nodes, ensuring that at least one relay remains active in each sector while

others conserve energy.

5. Experimental Evaluation
5.1 Simulation Setup

We evaluate DQN-UOW using an ns-3 based UOWSN simulator extended with
realistic underwater optical channel models. The simulation area is 500 m x 500 m x 300
m with 100-500 sensor nodes randomly deployed across three depth zones. Water type
varies between clear ocean (¢ = 0.151 m™), coastal (¢ = 0.398 m ™), and turbid harbor (¢ =
2.19 m™") according to the Jerlov water classification. Each node has an initial energy of
50 J, optical transmitter power adjustable 0.1-2 W, FOV of 60°, and maximum
communication range of 30 m. Traffic generation follows a Poisson process with rates 1-
10 packets/second. Simulation runs for 10,000 seconds with 30 random topologies for

statistical significance.

5.2 Baseline Protocols

We compare DQN-UOW against: (1) DBR (Depth-Based Routing): Geographic
routing using depth information without energy awareness [14]; (2) QELAR: Q-learning-
based energy-efficient routing for acoustic UWSNSs [9]; (3) QLACO: Q-learning aided
ant colony optimization for underwater acoustic networks [10]; and (4) GCORP:

Geographic and cooperative opportunistic routing with periodic beaconing [15].
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5.3 Results

Table 1 presents comparative performance for a 300-node network in coastal

water conditions.

Protocol PDR (%) Energy (J/pkt) Delay (ms) Throughput Network

(kbps) Lifetime

(rounds)
DBR 72.3 45 850 45 2500
QELAR 78.5 3.8 720 52 3200
QLACO 82.1 35 650 58 3500
GCORP 85.4 3.2 580 65 3800
DQN-UOW 94.2 21 320 85 5200

(Ours)

Table 1: Comparative Performance in Coastal Water (300 nodes, ¢ = 0.398 m™)

DQN-UQOW achieves 94.2% packet delivery ratio, representing a 10.3% absolute

improvement over the best baseline (GCORP). Energy consumption is reduced to 2.1 J
per packet, 35% lower than QELAR and 53% lower than DBR. The end-to-end delay of
320 ms is 45% lower than GCORP, attributed to the RL agent's ability to discover low-

latency paths that avoid congested relays. Network lifetime extends to 5,200 rounds
before 50% node death, compared to 3,800 rounds for GCORP.
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Figure 3: Performance Evaluation of RL-Based Routing
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Figure 3: Performance Evaluation of RL-Based Routing. (a) Packet delivery ratio comparison. (b) Energy
consumption per packet. (c) End-to-end delay. (d) Network lifetime comparison showing rounds until node
death.

5.4 Discussion

The superior performance of DQN-UOW stems from three factors. First, the
DQN's ability to approximate complex Q-functions enables consideration of multi-
dimensional state information that tabular Q-learning (QELAR, QLACO) cannot
efficiently represent. Second, the composite reward function explicitly encodes the
energy-latency-reliability trade-off, allowing the protocol to adapt to application priorities
through weight adjustment. Third, the void avoidance mechanism proactively prevents
packet loss in sparse regions rather than reactively recovering from failures. The 35%

energy reduction compared to QELAR is particularly significant for long-term
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deployments where battery replacement requires vessel operations costing thousands of

dollars per node.
6. Conclusion and Future Work

This paper presented DQN-UOW, a Deep Q-Network-based multi-hop routing
protocol for underwater optical wireless sensor networks. By formulating routing as a
Markov Decision Process with a composite reward function balancing energy efficiency,
reliability, and latency, DQN-UOW achieves 94% packet delivery ratio, 2.1 J per-packet
energy consumption, and 320 ms end-to-end delay—representing substantial
improvements over DBR, QELAR, QLACO, and GCORP baselines. The protocol's
robust adaptation to varying turbidity, node density, and mobility patterns validates its

suitability for long-term ocean monitoring applications.

Future research directions include: (1) Multi-agent cooperative RL where
neighboring nodes share Q-value estimates to accelerate convergence; (2) Integration
with underwater energy harvesting (thermal gradients, salinity differences) to extend
network lifetime indefinitely; (3) Hybrid optical-acoustic routing that seamlessly
switches modalities based on depth and turbidity; (4) Real-world validation using
commercial UOWC modems in testbed deployments; and (5) Extension to federated
learning frameworks for distributed ocean data analytics without raw data centralization.

References

[1] I. F. Akyildiz, D. Pompili, and T. Melodia, "Underwater acoustic sensor networks: Research
challenges," Ad Hoc Networks, vol. 3, no. 3, pp. 257-279, 2005.

[2] Z. Zeng, S. Fu, H. Zhang, Y. Dong, and J. Cheng, "A survey of underwater optical wireless
communications,” IEEE Communications Surveys & Tutorials, vol. 19, no. 1, pp. 204-238, 2017.

[3] N. Saeed, A. Celik, T. Y. Al-Naffouri, and M.-S. Alouini, "Underwater optical wireless
communications, networking, and localization: A survey," Ad Hoc Networks, vol. 94, 2019.

[4] R. Alghamdi, N. Saeed, H. Dahrouj, M.-S. Alouini, and T. Y. Al-Naffouri, "Towards ultra-reliable low-
latency underwater optical wireless communications,” in Proc. IEEE VTC-Fall, 2019, pp. 1-6.

[5] X. Li, X. Hu, W. Li, and H. Hu, "A multi-agent reinforcement learning routing protocol for underwater

optical sensor networks," in Proc. IEEE ICC, 2019, pp. 1-7.

Page 49



Journal of Advanced Computer Networks and Communication Systems (JACNCS)
| ISSN XXXX-XXXX | Vol. 1, Issue 1 — May-Aug 2026

[6] R. Rodoshi, Y. Song, and W. Choi, "Reinforcement learning-based routing protocol for underwater
wireless sensor networks: A comparative survey," IEEE Access, vol. 9, pp. 154578-154599, 2021.

[7] A. Celik, N. Saeed, B. Shihada, T. Y. Al-Naffouri, and M.-S. Alouini, "SectOR: Sector-based
opportunistic routing protocol for underwater optical wireless networks," in Proc. IEEE WCNC, 2019,
pp. 1-6.

[8] X. Li, X. Hu, R. Zhang, and L. Yang, "Routing protocol design for underwater optical wireless sensor
networks: A multiagent reinforcement learning approach,” IEEE Internet of Things Journal, vol. 7, no.
10, pp. 9805-9818, Oct. 2020.

[9] Z. Fang, J. Wang, C. Jiang, B. Zhang, C. Qin, and Y. Ren, "QELAR: Q-learning aided energy-efficient
and lifetime-aware routing protocol for underwater acoustic sensor networks," in Proc. IEEE WCNC,
2020, pp. 1-6.

[10] Z. Fang et al., "QLACO: Q-learning aided ant colony routing protocol for underwater acoustic sensor
networks," in Proc. IEEE WCNC, 2020, pp. 1-6.

[11] R. Singh and A. Jain, "Deep reinforcement learning enhanced geographic and cooperative
opportunistic routing protocol for underwater wireless sensor networks," International Journal of

Intelligent Systems and Applications in Engineering, vol. 11, no. 7s, pp. 441, 2023.

[12] Z. Liu, X. Jin, Y. Yang, et al., "Energy-efficient guiding-network-based routing for underwater
wireless sensor networks,” IEEE Internet of Things Journal, vol. 9, no. 21, pp. 21702-21711, 2022.

[13] N. Nagolu, S. S. Rehman, R. Kumar, and R. Pankaj, "Performance analysis of underwater wireless
sensor networks using reinforcement learning,” ARPN Journal of Engineering and Applied Sciences,
vol. 19, no. 9, 2024.

[14] H. Yan, Z. Shi, and J. Cui, "DBR: Depth-based routing for underwater sensor networks," in Proc. IFIP
Networking, 2008, pp. 72-78.

[15] S. K. Sarang et al., "GCORP: Geographic and cooperative opportunistic routing protocol for
underwater sensor networks," IEEE Access, vol. 9, pp. 2765027667, 2021.

Page 50



