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The increasing demand for real-time auditory perception in resource-constrained environments, such as automotive edge devices, necessitates the
development of efficient and robust neural network architectures. This PhD research focuses on leveraging Spiking Neural Networks (SNNs) to address the
challenges of auditory perception, specifically targeting the detection of siren sounds in noisy environments. The proposed SpikeSireNet architecture
demonstrates comparable accuracy while significantly reducing model size and computational requirements compared to conventional Recurrent Neural

Networks (RNNs).

Contributions

= We generate artificial audio sequences from publicly available
recordings of siren sounds to solve temporal detection task.

= We propose a bio-inspired solution and demonstrate accurate
predictions using recurrent SNNs on the generated sequences

= We conduct a comparative analysis of performance measures like
accuracy and parameters by training and evaluating RNNs on

temporal sequences

= We demonstrate performance and onset latency for varying sliding

windows and neuronal time constants

= \We cross-validate and evaluate the network robustness on enriched

data (siren+noise+bird)

Experimental Results
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Figure 2: The influence of L1 and L2 regularization on SNN model performance and
spiking activity is shown in (a) and (b), respectively.
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Figure 1: End-to-End pipeline of the proposed SpikeSireNet architecture for auditory anomaly
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Figure 3: Converging loss and spike counts in the hidden layer for SNNs on the modified siren dataset. (a) SNNs
are trained for 500 epochs. The reduced loss indicates that the network learns to detect the siren sounds in the
sequences. (b) Distribution of spike counts per time step for neurons in the hidden layer. (c) Cross-validation results.
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Figure 4: Effect of overlapping windows and different mel channels on SpikeSireNet. [(a),(c),(e)] -> Introduction of hop length improves the prediction accuracy. [(b),(d),(f)] -> Onset latency reduces for overlapping
widnows. SpikeSireNet is trained on [4] for this set of experiments.
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Figure 5: Accurate detection of siren sounds in audio sequences with recurrent SNNs. Each row visualizes key observables for one data sample. Normalized, log-scaled mel spectrogram features are extracted
from the raw audio signals (left column). These features are used as currents, stimulating a recurrently connected SNN layer (middle column). Based on the activation of this layer a readout composed of a single
leaky integrator neuron is trained (right column). Time steps containing siren sounds are highlighted in red.
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