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Abstract

Accurate ship detection in Synthetic Aperture Radar (SAR) imagery is essential for the maritime sector. However, existing deep
learning models encounter limitations due to the complexity of SAR data and the demands for computational efficiency. In this study,
we propose a novel model that integrates the Spiking Neural Network (SNN) backbone EMS-ResNet with the Bidirectional Feature
Pyramid Network (BiFPN). EMS-ResNet enhances efficiency through spiking neurons, making it well-suited for processing
high-resolution SAR images, while BiFPN improves ship detection performance through multi-scale feature fusion. Experimental results
utilizing the High-Resolution SAR Images Dataset (HRSID) demonstrate that the proposed model achieves superior detection performance
and, notably, significantly reduces the number of parameters, resulting in outstanding energy efficiency compared to existing models.
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Fig. 1. ANN(a) vs SNN(b): This figure compares the structural differences and operational mechanisms between traditional artificial neural networks
(ANN) and spiking neural networks (SNN). While ANN uses continuous activation functions, SNN processes information using discrete and asynchro-
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in spiking neural networks (SNN). The neuron's membrane potential changes over time as
it integrates input spikes, and when it exceeds a certain threshold, the neuron fires a spike.
During backpropagation, the original gradient is non-differentiable, but the surrogate gradient
approximates it with a continuous function, allowing backpropagation to proceed
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Table 1. This table compares the feature fusion methods and energy efficiency of ANN/SNN-based object detection models
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Table 2. This table compares the energy efflmency and performance metrics of ANN/SNN-based object detection models

Methods Type Parameters Precision Recall AP.5:.95 Time Step
YOLOv5+BiFPN®! ANN 52M 0.901 0.812 0.612 /
SHIP-YOLOR" ANN 2.5M 0.804 0.746 0.491 /
EMS-YOLO!" SNN 15.2M 0.865 0.711 0.372 3
EMS-BIFPN SNN 20M 0.89 0.698 0.47 1

(a) (b) (© (d)

HRSID Hjo|E{A" o]
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Fig. 6. Spiking Neural Networks Ship Detect|on Results: This figure illustrates the ship detection results using spiking neural
networks. (a) The original image from the HRSID dataset, (b) the ground truth image from the HRSID dataset, (c) the results
from EMS-YOLO, and (d) the results from the proposed method. The proposed method demonstrates superior ship detection
performance compared to existing spiking neural network-based models
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