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Abstract

In this study, based on the Spiking Neural Network (SNN), the PolSAR (Polarimetric Synthetic Aperture Radar) image
classification performance was compared and evaluated using a feature fusion technique. Since the PoISAR image contains various
polarization information, a technology that effectively reflects the interrelationship between high-dimensional characteristics is
required. Most of the existing classification techniques are designed based on a single channel or traditional Artificial Neural
Network (ANN), so there is a limitation in that the calculation cost is large or the interaction between polarization information
cannot be fully utilized. To solve this problem, this study applied the Early Fusion and Late Fusion techniques based on the
energy efficiency and time information processing ability of SNN. The two fusion methods convert various polarization information
into an integrated form, and through this, they are designed to effectively extract important structural features in the PolSAR
image. Experiments using the OpenSARShip 2.0 dataset showed that the initial fusion method improved accuracy by more than
3% compared to the single-channel method, and the overall feature fusion had a significant effect on improving the classification
performance. This study experimentally demonstrated the practicality of SNN structure in PolSAR classification problems and the
applicability of feature fusion techniques for high-dimensional polarization data analysis.
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Table 1. Experiment Setting

Detail
Model Spiking VGG9 with BNTT
Number of Training Samples 7296
Number of Test Samples 1824
Image size 64
Batch Size 16
Num of Epochs 200
Learning Rate 0.01
Optimizer SGD
Time Steps 10
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Table 2. Experimental results for each feature fusion and attention mechanism

Accuracy Precision Recall F1-Score
Early fusion 65.0767 0.6343 0.6343 0.6343
Single vh 62.6644 0.6312 0.6312 0.6312
Single wv 62.2807 0.5906 0.5906 0.5906
Late fusion add 63.0482 0.6968 0.6968 0.6968
Late fusion mul 63.5416 0.7156 0.7156 0.7156
Late fusion concatenate 64.0350 0.6375 0.6375 0.6375
Early CBAM Attention before convolution 64.2543 0.6468 0.6468 0.6468
Early CBAM Attention after convolution 63.5416 0.6343 0.6343 0.6343
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Table 3. Comparison of computational complexity and inference performance by model

Model SNN FLOPs Number of Parameters Average Inference Time (ms)
VGG9 (ANN) no 625M 17.93M 0.54
BNTT VGG9 yes 12.49B 18.52M 8.01
BNTT + CBAM (pre-conv) yes 12.49B 18.53M 8.28
BNTT Late Fusion (Add) yes 12.21B 18.53M 14.00
BNTT Late Fusion (Mul) yes 12.21B 18.53M 13.17
BNTT Late Fusion (Concatenate) yes 12.28B 35.31M 12.43
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