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Energy Consumption Anomaly Detection of Automobile Painting Drying
System Based on TCN-GAT and Hybrid Neural Network

LI Congbo ZHATIHewang WU Wei™ DONG Ke ZHANG Xiangfei

State Key Laboratory of Mechanical Transmission for Advanced Equipment, Chongqing, 400044

Abstract: A method was proposed based on TCN-GAT and hybrid neural networks for identifying
anomalies in energy usage for drying systems. First, a multi-scale temporal convolutional network ( TCN)
and a multi-head graph attention network (GAT) were introduced to capture the temporal and spatial prop-
erties of temperature, pressure, and other variables, respectively. An anomaly detection model was built
upon a combination of back propagation neural network (BPNN) and variational autoencoder (VAE). Fur-
thermore, an energy consumption anomaly index was formulated based on prediction errors and reconstruc-
tion probability. The peak over threshold (POT) model was utilized to fit the Pareto distribution and estab-
lish an anomaly threshold. Finally, a case study was carried out at the painting workshop of a Chongqing
automobile manufacturer, where Internet of Things (IoT) devices were used to gather real-world data.
Data analysis was implemented to verify the effectiveness and superiority of the proposed method.

Key words: drying system; spatio-temporal feature extraction; energy consumption anomaly detec-
tion; energy consumption anomaly index
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Fig.1 Drying system structure of automobile painting
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Fig.2 The framework of energy consumption anomaly detection method for drying system
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Fig.3 Spatio-temporal feature extraction process of drying system
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Fig.4 Energy consumption anomaly detection model
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Fig.5 The main production process of painting
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Fig.7 Data acquisition process of drying system
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Tab.2 Anomaly detection dataset information
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Tab.3 Super parameter setting of the model
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Fig.8 The training results of Model
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Fig.9 The result of test set 1 anomaly detection
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Fig.10 The result of test set 2 anomaly detection
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Tab.4 The anomaly detection results of the training set
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Tab.6 The algorithm comparison results

Bl
B 4R e8]
LS R Fl-score
VAE 0.9012 0.9133 0.9072
GAN 0.8807 0.8835 0.8821
MikE1L | OC-CNN 0.9415 0.9338 0.9376
LSTM 0.9248 0.9214 0.9231
AR 0.9764 0.9522 0.9641
VAE 0.8998 0.9024 0.9011
GAN 0.8798 0.8994 0.8895
MikE2 | OC-CNN 0.9608 0.9211 0.9405
LSTM 0.9555 0.8791 0.9157
AR AR A 0.9512 0.9635 0.9573
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Tab.7 The result of ablation experiment
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