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Fault Detection and Diagnosis of HVAC System Based on Federated Learning

WANG Xian-sheng and YAN Ke

School of Information Engineering,China Jiliang University, Hangzhou 310000, China
Abstract Automation and accurate fault detection and diagnosis of HVAC systems is one of the most important technologies for
reducing time,energy, and financial costs in building performance management. In recent years, data-driven fault detection and
diagnosis methods have been heavily studied for fault detection and diagnosis of HVAC systems. However, most existing works
deal with single systems and are unable to perform cross-system fault diagnosis. In this paper,a federal learning-based fault detec-
tion and diagnosis method is proposed,which uses convolutional neural networks to extract information features,aggregates fea-
tures using special-designed algorithms, and perform cross-level and cross-system fault detection and diagnosis via federal lear-
ning. For multi-fault level fault detection and diagnosis,federal learning is performed using data from four fault levels of chillers.
Experimental results show that the average Fl-score of the fault detection and diagnosis effect of the four-fault levels is close to
0. 97, which is within the practical range. Federal learning uses chiller and air handling unit data for cross-system fault detection
and diagnosis. Experimental results show that federal learning using different system data improves the diagnosis results of parti-
cular faults,e. g. ,14.4% for RefOver faults and 2% ~4% for both Refleak and Exoil faults.

Keywords Heating ventilation and air conditioning systems,Fault detection and diagnosis,Convolutional neural networks, Fede-

rated learning
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Table 2 Important features of AHU
Order Var Description
1 SF-WAT Supply fan power
2 SA-CFM Supply air flow
3 RA-CFM Return air volume
4 SA-TEMP Supply air temperature
5 MA-TEMP Mixed air temperature
6 OA-TEMP Outside air temperature
7 HWC-EWT Heating water coil discharge air temperature
8 E_ccoil Cooling coil load
4 AL RITiE
4.1 HiE
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Table 3
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Quantitative measurements of four severe levels (levels

from 1 to 4) for seven faults

CRAE )

Fault type Levell Level2 Level3 Leveld
F1(ConFoul) —12 —20 —30 —45

F2(Exoil) +14 +32 +50 +68
F3(Noncon) +1 +2 +3 +5
F4(ReduCF) —10 —20 —30 —40
F5(ReduEF) —10 —20 —30 —40
F6 (Refleak) —10 —20 —30 —40
F7(RefOver) +10 +20 +30 +40
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Table 4 Eight faults of AHU

Order Faulty Description
F1 Exhausted air(EA) damper stuck(fully open)
F2 OA damper leak(55% open)
F3 Return Fan at fixed speed(30% spd)
F4 Return Fan complete failure
F5 Cooling coil Valve control unstable
F6 Outdoor air(OA) damper stuck(fully closed)
F7 Cooling coil valve stuck(fully closed)
F8 AHU duct leaking(after supply fan (SF))
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Table 5 Comparison of seven different methods for fault detection and diagnosis of chillers
Fl-score Fed_CNN CNN LSTM NLSTM  BILSTM LGBM GRU
Level 1 0.9052 0.8836 0.8822 0.8882 0.8937 0.8813 0.8675
Level 2 0.9800 0.9524 0.9386 0.9078 0.9331 0.9194 0.9188
Level 3 0.9943 0.9971 0.9967 0.9933 0.9983 0.9805 0.9954
Level4 0.9951 0.9984 0.9988 0.9954 0.9931 0.9891 0.9982
Avg 0.9686 0.9579 0.9541 0.9462 0.9546 0.9426 0.9450
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Fig. 6 Fl-score for different failures of chillers
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