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This study proposes a multi-agent reinforcement
learning method for generating cooperative maneuver
commands for two unmanned surface vehicles
tracking a submarine using bearing-only passive sonar
measurements. A particle filter is used to estimate the
target state, while reinforcement learning generates
control commands to maintain the desired standoff
distance and favorable observation geometry. The
performance of the proposed method is validated
using simulations.
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Table 1. Simulation parameters

Table 2. Network parameters.

key value key value
At 0.1 actor network 12X 128 X128 x 4
steps per episode 1,000 actor activation Tanh

target initial position poE(—2.2] x[-2,2]

policy distribution Tanh normal

USV initial position g;,£[—10,10] x [ 10,10] critic network 12 x 128 x 128 X 2

Uy 3 critic activation Tanh

% = frames per batch 1,024
. minibatch size 256

d 8 PPO epochs 4
% 6 learning rate 3x107*

Ar s 0.5 discount factor 0.99
N 2,048 GAE 0.95
ty [2.0.0.0]" € 0.2
0, [10,10,2,2]7 entropy coefficient 0.002
o, 0.6
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