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Concentration Prediction Model of Dissolved Gases in Transformer Oil
Based on NMF and Improved ELM

LIU Yanan, FAN Lixin, XU Gang, TANG Yiming, LIU Quan, DU Chen
(Frontier Electric Technology Co., Ltd., Nanjing 211102, China)

Abstract: The concentration of dissolved gases in transformer oil is an important parameter to evaluate insulation
state of oil-immersed transformer. Effective concentration prediction of the dissolved gases can help to identify
latent faults of transformer in time. In this paper, a concentration prediction model of dissolved gases in transformer
oil is proposed based on the nonnegative matrix factorization (NMF) and the improved extreme learning machine
(ELM). The input data is decomposed by using the NMF algorithm to reduce the dimension of input variables.
Then Adaboost algorithm is introduced to improve the extreme learning machine, and the derived nonnegative
lower-dimension mapping matrix is taken as the inputs of the model for training. Simulation illustrates the
effectiveness and availability of the proposed method in reducing the dimension of the input variables, performing
the concentration prediction of dissolved gases in transformer oil, and improving the prediction accuracy.
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Table 1 True value of gas rL/L

oy 2013- 2013- 2013- 2013- 2013-

04-26 04-27 04-28 04-29 04-30

H, 97.4 101.0 101.0 97.0 100.0

CO 226.0 335.0 365.0 329.0 337.0

CO, 781.0 851.0 799.0 701.0 825.0
CH, 4.9 5.6 6.4 5.7 5.8
C,Hg 1.5 1.5 1.9 1.7 1.6
C,H, 2.7 2.8 3.2 3.1 3.1
C,H, 6.6 7.4 7.6 8.0 8.5

T X AREATE i NMF #4740 | 5 1) S
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Table 2 The prediction results of two improved ELM models

2013-04-26 % 2013-04-27 %

2013-04-28 %t 2013-04-29 ¥t 2013-04-30 %%

T /L) ALY L) EAL-LY) (L1 MAPER:

" 1 95.463 103.270 102.020 98.015 99.729 1.31

2 104.297 103.497 108.672 87.708 98.512 2.82

1 220.092 332207 379.746 322.484 346.198 2.44

€0 2 231312 328.337 340.627 335.406 315.183 3.89
1 784.700 847.760 814.244 785.343 803.996 1.21

€0 2 731.697 829.094 830.695 754.912 841.802 3.89
1 4.843 5.216 6.666 5.845 5.763 3.07

CH 2 5.094 5.874 5.698 5775 5.946 473
1 1.568 1.527 1.795 1.646 1.602 3.02

Gl 2 1.381 1.615 2.034 1.642 1.532 6.07
1 2.692 2.770 3.288 2.925 2914 3.15

Calls 2 2.631 3.069 3.045 3.378 3.281 6.37
1 6.808 7.195 7.661 7.943 8.321 1.30

Cata 2 6.614 7.264 7.888 8.458 8.602 3.06
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Table 3 The prediction results of different screening methods
2013-04-26 %1 2013-04-27 1 2013-04-28 L 2013-04-29 % 2013-04-30 %k

T /LY fApL-LY ALl fApL-LY) (L1 MAPER:
" 97.198 93.747 108.019 100.441 95.935 4.39
’ 2 93.711 98.313 103.452 93.359 98.910 274
o 1 238.026 332.337 332.296 336.139 317.927 4.58
2 205.013 366.622 351.093 323237 348.249 5.52
1 710.388 850.456 787.989 810.219 811.033 2.92
0. 2 778.266 889.179 834.128 751.399 836.774 3.13
1 4.642 5.824 5.859 5.838 6.086 5.02
CH. 2 5.113 5.770 5.893 5.635 5.723 3.55
1 1.425 1.669 1.904 1.706 1.701 4.63
Cals 2 1.435 1.514 1.910 1.823 1.565 3.05
1 2.612 2.979 2.906 2.994 3.175 4.94
Gl 2 2.690 3.040 3.038 2.987 3.155 3.88
1 6.285 6.984 7.083 7.560 7.928 6.44
Gl 2 6.458 7.262 7.811 8.038 8.329 2.43

T 1—FE 853 53 91 (PCA) -0 ELM A R0 A5 21 (14 45 2 5 2— I €8, SC I — B LM A5 R 45 2] () U0 25
fdi 1 BP 3% (SVM 553 73 i) 2t 57 4% A T VLR 4[R5SR 4 WS4 |) UL 5 5, T 43 A &
BRI 5 o ELM BT HEAT OB, A (R A2 Tt 45 ILIE 3-9,
x4 TEEBPTNER
Table 4 The prediction results of the different models
2013-04-26 %5 2013-04-27 %t 2013-04-28 %t 2013-04-29 %t 2013-04-30 %k

T {E/(uL- 17 fE /(L L) /(L1 {E /(L L) {E/(uL- 1) MAPER:

I 1 99.623 99.552 99.618 101.550 97.559 2.44

2 93.038 99.432 102.776 97.617 96.488 2.39

1 208.574 353.980 355.809 350.770 341.627 478

€0 2 205.047 345.873 390.372 332.388 334.658 424

1 889.169 874.499 797.927 813.315 819.103 4.06

c0: 2 714.471 865.610 862.792 807.543 826.791 4.11

CL 1 4.796 5.255 5.879 5.199 5.565 5.86

2 4.570 5214 6.089 5.855 5.570 5.04

1 1.466 1.468 1.753 1.707 1.732 4.16

Cals 2 1.344 1.529 1.888 1.668 1.726 4.55

G 1 2.480 2.599 3.574 3.287 3.170 7.06

2 2.562 2.737 3.370 2.967 2.811 5.26

1 5.883 6.879 6.868 7.419 7.853 9.01

Calta 2 6.390 7512 7.357 7.741 7.668 4.5

1 s I —NMF-BP 528 3000 75 21 1) 25 4 ; 2—NMF-SVM #5278 45 21 1) T 25 28
£ 5 7 EEEA B 8 A i) Y1 BE ,H,.CO .CO, .CH, .C,H, .C,H, .C,H, Tl il %%

Table 5 The convergence time of the different models ¥y MAPE {853 5] B A% T 53.55% .37.28% .68.89% .
BE Gk ELM BSE  BPREIR SVM# 54.07% .50.25% .25.53% .57.52% ., % 3 J& 4 %>k H
WL BN [ /s 1.38 1.62 3.46 PCA 1K €8 5 5K B %) i A RE AR $E 47 00 Ak 15 321 19 T
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Table 7 The prediction results of the different models

2013-04-26 %1 2013-04-27 %4

2013-04-28 %t 2013-04-29 %t 2013-04-30 %k

= 0,
i /L1 ALY ALl LI fHAuL-LY) MAPER:

1 87.083 86.526 87.257 89.791 91.651 7.71

H, 2 85.132 97.171 91.533 92.966 93.762 6.71

3 94.931 91.792 91.014 99.838 107.966 2.05

1 343.820 302.041 306.340 310.098 312.021 7.30

(0(0) 2 320.846 309.050 339.448 361.890 341.739 6.89

3 339.689 331.456 317.468 344.250 343.453 2.62

1 887.865 904.897 897.370 890.573 894.548 4.82

CO, 2 907.827 917.750 847.477 905.605 914.125 3.72
3 949.409 870.178 839.259 926.109 847.594 0.91

1 4911 4.815 4.648 5.196 5.203 7.82

CH, 2 5.016 4.954 4.773 5.316 5.008 6.69
3 5.596 4.956 4.804 5.464 5.218 3.22

1 1.816 1.712 2.048 1.956 1.812 4.30

C,Hs 2 1.794 1.806 2.120 1.813 1.739 4.47
3 2.054 1.685 2.083 1.977 1.746 422

1 2.504 2.355 2.547 2.690 2.624 7.17

C.H, 2 2.532 2.481 2.492 2.618 2.637 6.81
3 2.723 2.579 2.523 2.756 2.701 3.35

1 5.635 5.505 6.599 6.658 6.510 6.26

C,H, 2 5.213 6.396 6.144 6.909 6.436 6.21
3 5.528 5.795 6.308 6.199 6.767 4.12
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