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Research on Fault Diagnosis of Data Dimension Reduction Based on

Improved Structure Preserving Algorithm
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Abstract The traditional data reduction method based on kernel principal component analysis (KPCA) only considers
the global structure preservation when extracting effective feature information, but does not take the problem of local
neighbor structure retention between samples into consider. An improved feature extraction and dimension reduction
of global structure preservation algorithm is proposed which integrates the idea of kernel locality preserving projection
(KLPP) of manifold learning into the objective function of kernel principal component analysis, so that the feature
space after the sample projection not only remains the whole original sample space. But also maintains a local neighbor
structure with similar sample space which contains more feature information. Distortion of the local subspace structure
can be avoided by simultaneous orthogonalization, and the low-dimensional results can be visually displayed. The low-
dimensional data is inputed into the nearest neighbor classifier, using the recognition rate and cluster analysis results as a
measurement. At the same time, the proposed method is applied to fault diagnosis. The diesel engine fault data simulation
simulated by AVL Boost software and Tennessee Eastman (TE) chemical data simulation verify the effectiveness of the
proposed algorithm.
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Fig.1 The dimension reduction process of data
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Fig.2 The diesel engine simulation
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Table 2  The data contrast between AVL Boost and bench test under multiple working conditions
. HAREE (°C) _ i (kW) .
Biifif AR ZE (%) AHXFRZE (%)
90 % fiiif 329.89 328.50 0.42 3281.40 3277.00 0.13
75 % it 304.39 307.30 0.95 2839.20 2844.00 0.17
75 % Rk 319.23 320.90 0.37 2 866.85 2864.00 0.10
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Fig.3 The contribution rate of different dimensions
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Table 3  The accuracy of faultl diagnosis (%)

. Faultl
Tk

KPCA KLPP KFDA LGPCA TGLSA GLSP
ELM 55.32 61.38 60.58 54.21 58.69 62.97
SVM 58.69 70.61 71.68 65.34 68.49 69.27
RVM 7277 69.59 74.21 68.98 63.40 76.35
KNN 72.26 66.86 70.38 75.49 77.36 78.53

Fea HbE 2 PRI (%)

Table 4 The accuracy of fault2 diagnosis (%)

. Fault2
T3k

KPCA KLPP KFDA LGPCA TGLSA GLSP
ELM 80.95 76.85 79.65 77.49 70.28 82.62
SVM 78.36 77.32 77.05 74.39 72.15 80.09
RVM 79.74 74.16 78.66 85.68 81.29 83.62
KNN 82.35 82.63 75.39 78.91 86.54  88.84

5 Wk 3 RIAERA (%)

Table 5 The accuracy of fault3 diagnosis (%)

N Fault3
Trik

KPCA KLPP KFDA LGPCA TGLSA GLSP
ELM 70.65 7239 77.16 74.29 70.53  79.26
SVM 66.34 68.29 68.49 65.39 60.87 66.58
RVM 59.38 62.58 55.21 59.86 60.13 66.34
KNN 58.62 62.38 65.98 63.24 61.09 65.08

5) BEdERCR S5 A i AR bR

I E) P e LR AR S0 = b & AL i B R T
HAdE N Intel Core i3 CPU 3.3 GHz, RAM 4GB,
Win7 #:4E R4, 5 Z%AM48 MATLAB 2010a, it
AR 6 Pros. R 6 mIgn, A b

K6 RHESRHUITT N (s)

Table 6  Feature extraction time (s)
- SFIESEIOT ik
Y
KPCA KLPP KFDA LGPCA TGLSA GLSP
3 0.651  1.155 1.039 2.598 2.134 1.596
5 0.795 1.159 1.118 2.019 1.495 1.632
8 0.815 1.209 0.975 1.069 1.396 1.885
10 0.867 1.344 1.185 1.563 2.098 1.962

A BT T I TR AH T HoAth T v B, (H 2 4R &1
—ANHE g, B TSI 5 LN, L SERRT
T FR S SI2 R B SR

3.2 TE #iEHE

TE IEFE A T E 5 gz il R s 2 07
P&, NIGAEA ST 7 vk i E, A S5
VN T R A U 5 02 W e )iz A W TE 16
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&, WA T ULEFIRS 21 4R MBDIRE, 7
WREE T 12 MY 41 N EAR R, SRR
AEE 480 ALY R 960 41X, 5 —4l
ks B 160 AN FUH SN, R Eg AR T
SRR B LR L I 2R EL AR A 41 DL SR [31].
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Fig.11 The dimension reduction performance of KPCA
on TE data
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