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Optimal deployment of sonobuoy for unmanned aerial vehicles
using reinforcement learning considering the target movement
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ABSTRACT: Sonobuoys are disposable devices that utilize sound waves for information gathering, detecting
engine noises, and capturing various acoustic characteristics. They play a crucial role in accurately detecting
underwater targets, making them effective detection systems in anti-submarine warfare. Existing sonobuoy
deployment methods in multistatic systems often rely on fixed patterns or heuristic-based rules, lacking efficiency
in terms of the number of sonobuoys deployed and operational time due to the unpredictable mobility of the
underwater targets. Thus, this paper proposes an optimal sonobuoy placement strategy for Unmanned Aerial
Vehicles (UAVs) to overcome the limitations of conventional sonobuoy deployment methods. The proposed
approach utilizes reinforcement learning in a simulation-based experimental environment that considers the
movements of the underwater targets. The Unity ML-Agents framework is employed, and the Proximal Policy
Optimization (PPO) algorithm is utilized for UAV learning in a virtual operational environment with real-time
interactions. The reward function is designed to consider the number of sonobuoys deployed and the cost
associated with sound sources and receivers, enabling effective learning. The proposed reinforcement
learning-based deployment strategy compared to the conventional sonobuoy deployment methods in the same
experimental environment demonstrates superior performance in terms of detection success rate, deployed
sonobuoy count, and operational time.
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Table 1, State and action vectors of UAVs,

State Axis Description
Location X longitudinal location
z lateral location
X longitudinal location
Speed y vertical location
z lateral location
Submarine X longitudinal location
location z lateral location
Action Axis Description
X longitudinal move
UAV z lateral move
scalar distance to move
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Table 2, Sonar equation parameters,

Parameters Values

SL (dB) 156
NL (dB) 65

Bow/Stern 5
TS (dB) Intermediate 8

Beam 10
DI (dB)
DT (dB) 0
o1 &2le £ 100k Lap)

ChEA e A AElo 4] 22 &85 = AN/SSQ-125
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Table 3. State and action vectors of UAVs,

Parameter Description Value
Epsilon Clipping parameter 0.2
Lambda Depreciation rate 0.95

Beta Coefficient of entropy bonus 0.01
Batch size Batch size of sample 64
Buffer size Size of replay buffer 2048

Number of updates performed for
Num epoch each batch 3
Hidden units The hidden layer size of the policy 256
neural network
Max steps Maximum n%lmber‘of steps ina 2000000
learning episode
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Fig. 8. (Color available online) Results of learning.
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Fig. 9. (Color available online) Number of sonobuoy
drops for each episode of deployment with grid pattern,
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Fig. 11. (Color available online) Number of sonobuoy
drops for each episode of deployment with genetic
algorithm,
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Fig. 13. (Color available online) Number of sonobuoy
drops for each episode of deployment with reinforce—
ment learning.
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Fig. 14. (Color available online) Time required for each
episode of deployment with reinforcement learning.
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Table 4. Summary of the experimental results.

Grid™ | GA® RL

Success rate (%) 61.0 69.9 94.8
Average number of drops 15.5 10.2 6.9
Average time required (s) 1253 78.1 523
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