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An effective fault detection method for
HVAC systems using the LSTM-SVDD algorithm

ZHU Tao, PANG Aixin

( Guizhou East China Engineering Co., Ltd., Guiyang 550025, China)

[ Abstract] Aiming at the time delay of system faults and the lack of actual system—fault operation data, this paper proposes a fault
detection method that combines a system simulation model and an intelligent detection algorithm. The method first uses the Modelica
modeling language to build a scalable simulation model of the system to obtain fault data that are not easily accessible in practice.
The long short—term memory—support vector data description (LSTM-SVDD) algorithm is then applied to detect faults in real time
by dynamically adjusting the fault residuals according to the absolute difference between the predicted and actual values. The
experimental results show that the LSTM~-SVDD method improves the average detection accuracy by 9.75% and 9.85% over the
classical LSTM network and the extreme gradient boosting ( XGBoost) method, respectively, under different fault levels.
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Fig. 1 HVAC system structure of a factory building
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Fig. 2 Workshop temperature comparison between actual system

and simulation system
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Tab. 1 System monitoring variables
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Fig. 3 Variables correlation analysis thermogram
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Fig. 4 Six standardized monitoring variables
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Fig. 5 Workshop temperature in training set
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Fig. 7 Fault detection framework based on LSTM-SVDD
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