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Abstract The chiller operating data has unbalanced, non-Gaussian, non-linear, noise-containing characteristics, which
poses a challenge for data-based chiller fault diagnosis. Aiming at these characteristics, a chiller fault diagnosis method based on
Minority Oversampling under Local Area Density and eXtreme Gradient Boosting is proposed to chiller fault diagnosis to overcome
sample distribution imbalance. Introduce cost-sensitive learning theory to increase the recall rate of important faults. The
simulations of seven fault monitoring data commonly used in centrifugal chillers show that XGBoost can better classify chiller
status monitoring data compared to the control group. The MOLAD-XGBoost composite model can effectively deal with data
imbalance problems; Cost sensitive weights can effectively increase the recall rate for critical failures.
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Fig.3  Conceptual map of local density under a single class of samples
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Tab.1 RP-1043 fault types

' 3= i 22
Number Fault type Deviation/%
1 RS 4535 Condenser fouling (CF) -6
2 Tl i Excessive over (EO) -14
VR B 1o
Flow water of condenser Insufficient (FWC)
4 FR AR D> +10
Flow water of evaporator Insufficient (FWE)
X SRR "
Non-condensable gas contained (NC)
6 il V4 351 itk U Refrigerant leak (RL) -10
7 2 id i Refrigerant over (RO) +10
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Tab.2 Characteristic information

%5 Number BEEAS £ Characteristic variable

1 Z& R AHMIHE TR B Temperature of evaporator in
2 FE LA TR Temperature of evaporator out
3 VBRI U TR B Temperature of condenser in
4 B TR Temperature of condenser out
5 FE4EHLEIZE Compressor power

6 %ﬁ{ﬁfg Evaporation temperature

7 R EEHLE Condensing temperature

8 iI¥% J# Subcooling

9 H—“gﬁ )HL%’(%{DE'HE C()mpressor suction temperature
10 FEAEALIR ST IE Compressor suction superheat
11 JEAEHLHESIRE Compressor exhaust temperature
12 FEARHLHE S #4E Compressor exhaust superheat
13 FEAEALIMIE Compressor oil temperature

14 FEAEHLIH . Compressor oil pressure
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Tab.3 The average F, of the MOLAD algorithm combined with each classification model under different k&

FIAL Model k=10 k=11 k=12 k=13 k=14 k=15 k=16 k=17 k=18 k=19
MOLAD-XGBoost 0.948 1 0.9503 0.9511 0.9511 0.9497 0.9465 0.9484 0.9435 0.9473 0.949 1
MOLAD-SVM 0.8699 0.8709 0.8709 0.8706 0.8704 0.8704 0.8706 0.8689  0.868 7 0.869 1
MOLAD-MLP 0.8975 0.8975 0.8991 0.9015 0.9051 0.8985 0.8986 0.8985 0.8977 0.897 5
MOLAD-GBDT 0.911 1 0.9128 0.9137 0.9135 0.9135 0.913 1 0.913 1 0.9137 0.9135 0.912 8
F4 FAEEREAFRSLFETHRBEMGOEK
Tab.4 Precision and recall under different classification methods for unbalanced samples
ke px SVM MLP GBDT XGBoost MOLAD-XGBoost
Fault P/ % R/ % P/ % R/ % P/% R/ % P/ % R/ % P/ % R/ %
Normal 83.98 99.55 80. 88 95.36 76.01 98.71 91.48 99.52 94. 69 96. 20
CF 95.74 52.38 73. 14 22.40 92.55 38.27 97.98 72.72 96. 88 85.37
EO 98.48 83.38 74.10 67.00 91. 68 61. 84 99.59 93.57 98. 66 95. 69
FWC 98.74 71. 64 97.35 96.97 93.74 48.20 98.15 90. 63 97. 46 97. 06
FWE 99.18 73.99 95.70 94. 64 97.26 45.83 98.77 87.48 94.07 93.08
NC 99. 89 99. 49 99. 12 99.31 97.70 97.79 100 99.43 99.91 99. 44
RL 98.71 40. 10 55.86 6.13 96. 63 26. 54 96. 15 74.59 96. 52 87.10
RO 96.31 78.98 81. 66 76. 30 90. 27 63.92 98.95 91. 46 96. 37 94. 67
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