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[Abstract]

This study proposes a triplet network-based anomaly detection method to solve the problem of pipe-leak detection in smart
processes. Existing machine learning and deep learning techniques suffer from not only insufficient data numbers but also data
noise, which causes the distribution of normal and leaky data to be mixed, making it difficult to accurately detect leaks. The
proposed method solves the noise and data sparsity problems by separating the latent vectors of normal and leaky data through
a triplet neural network. The results show higher F1 scores than comparative models do, and the convolutional neural network
model with the triplet neural network has the best F1 score and robustness. However, it is noted that higher F1 scores are needed

to address the pipe-leak detection problem, where a single mistake plays a major role.
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Table 1. Related works on leakage detection using
machine learning algorithms
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Authors Methods Dataset
M. Zhou[7] TL1DCNN
S. Chen([8] IGCN Pressure Data
Ganjour Mazaev[12] Naive Bayes

Chen[9] YOLOvS, OMD-ViBe

Image Data

Ji, Honggeun[11] Thermal, RGB AE

S. Lee[13] XGBoost

Vibration Data

Spandonidis[14] LSTM AE
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Before Embedding
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Fig. 1. Visualising distribution of leakage detection dataset
in usg ai competition
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Model Architecture
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Fig. 2. Base CNN model structure for triplet network
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Fig. 6. Spectrogram data size distribution histogram
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Algorithm 1: Processing Signal Dataset to Zero Padding
Data: Signal dataset S, Empty dataset S’
Result: Padded Signal dataset S

1 max_length + 1011;

2 for each data x in S do

3 Caleulate the current data length length;

4 if length < maxlength then

5 Calculate the number of zeros to add

6 padding.amount < max_length — length;

7 Pad data with Fadin }amount zeros on the left side;

8 Pad data with padding.amount - padding amount ;amount zeros on the

right side;
9 append data to S;

38 7. Zero Padding Z312|5
Fig. 7. Algorithm of Zero Padding
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Table 2. Average 5-fold cross-validation classification
performance by model

Metric
Models Accuracy ‘ Precision ‘ Recall | F1 Score
Comparative Models

ResNet18 0.5038 0.5456 0.6764 0.4358

ResNet34 0.6775 0.7699 0.4012 0.4194

ResNet50 0.6260 0.8220 0.2940 0.2640

AutoEncoder 0.6710 0.5633 0.0840 0.1462

LRCNN 0.7156 | 0.6315 | 0.3580 | 0.4302

Base Models
LST™M 0.7663 0.6446 0.6922 0.6667
CNN 0.7443 0.6200 0.8601 0.7056
Proposed Models

Triplet CNN 0.7995 0.6889 0.8064 0.7254

Triplet LSTM 0.7893 0.6849 0.6851 0.6843
7} 0.6667, 0.7056< 71531315, EgE 4TS 48
& A3} CNN# LSTM E5F oF 2%7F S7Fste] 0.7254,
0.68432 715skoit). PRgk 0.22 AA7g38iqlaL, EvfEl
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Fig. 8. 5-fold cross-validation classification performance by
model

http://www.dcs.or.kr



C| X" 2El X &5 =&X|(J. DCS) Vol. 25, No. 5, pp. 1273-1279, May. 2024

After Embedding
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Fig. 9. Visualise latent vector of triplet network
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