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High-speed unmanned surface vehicle (USV) swarms,
employed as suicide threats, pose a significant
asymmetric challenge to modern maritime defence
systems. This paper proposes an optimized detection
and tracking method combining multi-sensor fusion
(MSF) with a Kalman filter (KF) to effectively counter
these threats. The proposed technique utilizes the
L-BFGS-B algorithm to optimize the process and
measurement noise covariance (Q and R) parameters,
minimizing the root mean square error (RMSE) for
tracking. Furthermore, it incorporates a threat
detection logic that identifies a target as a high-speed
threat if its KF-estimated velocity exceeds a predefined
threshold (e.g., 8 m/s) for a significant duration (e.g.,
over 80% of the time). Simulation results, involving a
swarm of 10 USVs, demonstrate that the proposed
system achieves a high average detection rate of 95%
and low tracking RMSE of 0.5 m. Combined with a
processing speed of 30 FPS, these results indicate the
effective applicability of the method for real-time
maritime defence operations.
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