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Abstract: In order to solve the problem of turbofan engine health assessment which is characterized by
multi-degraded modes, tremendous fault samples and hard to classify, the gradient boosting decision tree (GB-
DT) algorithm was applied to the gas path health assessment of turboshaft engine. Firstly, the fault labels of turho-
shaft engine were disassembled, and a classifier was designed for each tag. The input features of six classification
tags were screened out according to the feature importance ranking, which effectively reduced the complexity of
the model. The traversal method was adopted to determine the optimal number and depth of the tree to ensure the
accuracy of the classification. The simulation results show that feature selection reduces test time by 16% to 35%.
Compared with the widely used support vector machine (SVM) algorithm, under the condition of the same num-
ber of features, the test time of GBDT is reduced by 31.88% to 65.28%, and compared with extreme learning ma-
chine (ELM), the number of misdiagnosed samples is less than 1/1000 that of ELM. It can be seen that the GB-
DT algorithm has higher classification accuracy in the health assessment of turboshaft engine with a large amount

of fault samples, which verifies its effectiveness in engine gas path health assessment.
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Fig. 1 Structural diagram of turboshaft engine
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Fig. 3 Construction process of turbine shaft engine health assessment system
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Fig. 4 Ranking of feature importance in each degradation case
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Fig. 5 Variation of number of misdiagnosed samples with iteration times and depth of the tree

Table 4 Optimal GBDT parameters for health estimation

Table 5 Comparison of diagnostic results of different

parameter combinations for D

Label [teration Depth of tree Sample ratio gtet
com, wa 1000 7 1.0 Number of
Parameter Iterati Depth Sample . jm ero d
Dyt 950 8 0.9 combination eration of tree ratio MSCIagnose
samples
et 700 6 0.9
1 300 5 0.9 1
D, . 300 5 0.9
# 11 250 4 0.9 69
Dyiva 850 8 0.9 1 350 4 0.8 1
D 950 9 1.0 v 400 6 1.0 3

pt,et

A b o JORT JEE S T AT BN B AR L IRIZEEAR
B FEAR . 5 SVM BIEM L, JC 18 4 AF 01 1 /T )i
GBDT 53k F9 0 € P [1) 247 1] S8 246 6, i e i 503 A (]

SAET IR A 4558 T 31.88% ~ 65.28% , 12 Wi R 5¢
R SERTPERS B T R KM . FEZW R L, SVM iR
LA GBDTHEZ M IILHEZE FHAS,GBDTH
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Table 6 Comparison of multi-classification diagnosis results
Label Algorithm Number of feature Test time/s Number of misdiagnosed sample Accuracy/%
12 27.58 30 99.98
GBDT
5 23.14 12 99.99
o SVM 5 33.97 9652 93.95
ELM 5 6.79 12827 91.95
12 14.57 6 99.99
GBDT
4 9.26 9 99.99
comet SVM 4 17.35 6346 96.02
ELM 4 6.24 16998 89.34
12 12.43 1 99.99
GBDT
5 9.92 2 99.99
g SVM 5 28.57 504 99.68
ELM 5 6.45 7560 95.26
12 12.88 1 99.99
GBDT
b 6 8.95 1 99.99
SVM 6 17.84 222 99.86
ELM 6 6.22 7499 95.30
12 27.49 83 99.95
GBDT
8 17.9 46 99.97
e SVM 8 44.90 7463 95.32
ELM 8 6.41 16120 89.89
12 24.717 45 99.97
GBDT
8 19.07 41 99.97
o SVM 8 37.58 1216 99.24
ELM 8 6.76 20236 87.31
Table 7 Main parameters of SVM and ELM classification
SVM ELM
Label Kernel Regularization Width of kernel Number of Hidden layer Activation
function parameter function iterantions node number function
D Rbf 0.6 0.6 1200 50 Logistics
Do Rbf 1.6 0.2 800 30 Logistics
D, Rbf 1 0.6 1000 20 Logistics
D, Rbf 11 0.7 1300 20 Logistics
me Linear 0.8 - 2000 40 Logistics
D Linear 1 - 1800 50 Logistics

ptet

A o RS IR 3 99.97% , H AT B4 (1 43 2R R0 R
1M 5 ELM AH Eb, 5898 D03 sl ] 28 4 (E 20 B 22 i
fRZ . Uk GBDT 53k 76 i il & sh ML K B BE AR T
) A BRE TE A B T R AP SR .

4 & g

AR S Bl A AL R R B R (R Dy LA A
BADL K Sl L PE RE SR AL, 8 FH 6 32 4 T [l ) Y 50 0k
157 ROBOE FEAS TR 19 108 Bl & sl BILAg B DA L 45 31 1
7o (1l

(DGR IHLB AR L2 MERAEAK,EA
K AR 2 43 1 19 7 28, X R T B AR 25 43 3 3 4y

(2) 38 o FrAF 22 B HE 7 SR Ol 20 8 8 F
T Tl & Sl B S RE R AR B AR T DT AN AR AL A 2% B O
7 J5 M RE AR AR AL B8] 16% ~ 35% o

(3) BT 57 19 GBDT 43 K A5 1 A 5 SVM, ELM &
BAR I R IZHEARDBOR MR R R A 52—
HE T2z —, 20 CBDT & 18 4l & shHL R ke A
felt BRE PPl T HLAT 55 v RS I
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