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Abstract: An efficient and real-time fault detection and diagnosis system for on-line base station air con-
ditioner can ensure the stable operation of various equipment in the base station. Due to the fault categories of
the base station air conditioner are nonlinear and unbalanced, an on-line monitoring system of cascaded ex-
treme learning machines is proposed for the fault diagnosis of air conditioner in field base station. Firstly, based
on the data set provided by a base station’ s air conditioning company, a collection of basic binary extreme
learning machine classifiers are constructed, in which each classifier corresponds to a fault category. Then,
these basic binary classifiers are combined in a serial cascade to be applied to the fault diagnosis of new sam-
ples. Finally, the cascaded extreme learning machine algorithm is compared with single multi-class extreme
learning machine, SVM algorithm, BP neural network algorithm and C4. 5 decision tree algorithm when they are
used in the on-line monitoring system of the field base station air conditioner. Experimental results show that
the cascaded extreme learning machine algorithm can improve the recognition rate for minority class, and has
the advantages of higher fault diagnosis accuracy and shorter training time than traditional algorithm. Further-
more, the test diagnosis time can meet the on-line and real-time requirement.
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Tab.1 Corresponding fault mode

%5 No. R AN Fault mode FEANEL Sample number/ ™

1 EH — JCHUEAR 2, Normal-trouble free 100

2 TR FIA E Insufficient refrigerant 18

3 H RS NA 23S Air in the refrigeration system 2

4 WS 1 R 5% ZE Suction strainer block 10

5 P HLIEIE RS EE ZE Filter clogging of indoor unit 2

6 JEZEHLN U Internal leakage of compressor 15

7 AR RALIE) RS External fan problem

8 FEL T2 IR 8 T I3 452 K Over regulation of electronic expansion valve

9 FEL T2 0K 1R T /5 35 /)N Small regulation of electronic expansion valve
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Tab.2 Parameters and meanings

4’5 No. X[ 24 Parameters [BI{H Range || No. X)W ZEU Parameters [&{H Range
1 AMEFERIEEE Outdoor temperature/ °C 20 ~40 8  WlRIEE Bearing temperature/ °C 50 ~70
2 2 PR EE Indoor temperature/ °C 22 ~24 9 WS IR Suction overheat/ °C 3~23
3 WA Indoor relative humidity/ °C 55 ~65 10 HFSJEJ) Exhaust pressure/ MPa 1.3~1.55
4 ZREVEPE Evaporation temperature/ C 2~7 11 WS ST Suction pressure/ MPa 0.35 ~0.55
5 YEHEJY Condensing temperature/ C 28 ~40 12 %riﬁﬁ/[ﬁiﬁ 72 Air filler pressure g5 _ 6
6 &ﬁrﬂﬁﬁ °/§ i J5 Compressor exhaust 70 ~115 13 V¥ Oil temperature/ C 10 ~70
7 ILIKZRPEIEEE Motor coil temperature/°C 50 ~70 14 )% Oil pressure/MPa 0.18 ~0.50
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Tab.3 The number of hidden layer neuron of each binary ELM classifier

ﬁ%%&éﬁ% The ordinal number of classifier 1 2 3 4 5 6 7 8 9
[ )2 4 25 TCEX Number of hidden neurons/“}™ 35 20 15 18 10 18 15 10 15

R A DD TRRIEINGRISE] | D (B A R WG . AR 4 nTRIEH, 5 SVM Bk | BP
Bk, CASBEMLL, B Z2E ELM Bk MK ELM Bk gl gr BEpl e, mhial et Bl 2 .
M T ELM AT SR 2 i ELM 2326, SO ZRit ) He Sl i) 228 ELM Rk ik — 28,
Uk ELM (8 B2 Wik BE W s T HA LM L, IR H, FEZa il Wrink (s B 2 A 9000, 6 2L 5
I A 7K

R4 EHEMERERILL

Tab.4 Performance comparison of each algorithm

¥ Algorithm I 246 8] Training time/s WHLHTA] Testing time/s 2 WIKS BE Fault diagnosis accuracy/ %
Bk ELM Cascaded ELM 1.241 0.032 0.908
B4~ ELM Single ELM 0.127 0.024 0.720
2Bk SVM Cascaded SVM 28.732 1.450 0.854
B4~ SVM Single SVM 6.152 1.022 0.816
BP 76.240 0.078 0.743
C4.5 160. 430 0.046 0.878
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