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Abstract

This paper proposes a weight redistribution ensemble model using multi-mode feature fusion for detecting micro
leaks arising from aging problems in the power plant piping systems. The collected data was transformed into 2D
frequency and RMS pattern features, and various domain features extracted from multiple sensors were combined to
form volume features. For the experiment, a single model based on ResNet was designed, and an ensemble structure
using various volume features was composed. Additionally, in order to resolve the performance imbalance problem
that could arise in the process of combining multiple predictive models, we applied a softmax function-based weight
redistribution. Experimental results showed that the ensemble model for each sensor, using frequency and RMS
volume features, provided the highest classification accuracy of 98.91%.
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Fig. 1. Experimental setup for data collection
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Fig. 2. 2D frequency and RMS pattern feature
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Table 1. Average test accuracy of models

No Model
1 ResNet model using RMS
volume feature
ResNet model using
frequency volume feature
Sensor-specific ensemble
3 model using 2D RMS 89.31 6
pattern features
Sensor-specific ensemble
4 model using 2D frequency 97.43 3
pattern features
Domain-specific ensemble
5 model using frequency and 98.17 2
RMS volume features
Sensor-specific ensemble
6 model using frequency and
RMS volume features
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Table 2. Comparison of confusion matrix for models #5
and #6
Model TP N FP FN
# 36,205 38,753 1,033 356
#6 36404 | 39,161 625 202

« TP : True Positive, TN : True Negative,
FP : False Positive, FN : False Negative
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Table 3. Comparison of confusion matrix assessment
indicators for model #5 and model #6

Model Precision Recall F1 score
#5 09722 0.9902 0.9811
#6 0.9831 0.9945 0.9888
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