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Abstract

@-OTDR (phase-sensitive optical time-domain reflectometer) technology has important applica-
tions in fiber optic sensing for monitoring vibration events. However, traditional methods have lim-
ited accuracy in event recognition in complex environments. To improve the performance of OTDR
event detection, this paper proposes a ResNet-Mamba algorithm that fuses the residual network
(ResNet) with the state space model Mamba. The algorithm extracts local spatio-temporal features
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through the ResNet module and uses the global state space modeling capability of Mamba to capture
long-range dependencies and construct an end-to-end classification model. The experiments are
based on the OTDR dataset containing six types of events with 15,419 samples in total, including
background noise, digging, knocking, watering, shaking and walking combined with the early stop-
ping mechanism and dynamic learning rate adjustment for model optimization. The results show
that ResNet-Mamba achieves 99.74% accuracy on the test set, which is an improvement of 4.8%
compared to the ResNet model and 6.51% to 16.5% compared to models such as CNN and SVM. This
study provides an efficient solution for real-time event monitoring in ¢-OTDR systems, which has
potential applications in the field of smart security and infrastructure monitoring.
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Figure 1. Diagram of residual block structure
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Figure 2. Mamba block
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Figure 3. Structure of ResNet-Mamba network
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Figure 5. Loss value and accuracy of different models
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