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ABSTRACT

Purpose: The deterioration in the quality of failure history data due to differences in interpretation of failures
among workers at power plants and the lack of consistency in the way failures are recorded negatively impacts
the efficient operation of power plants. The purpose of this study is to propose a system that classifies power
generation facilities failures consistently based on the failure history text data created by the workers.
Methods: This study utilizes data collected from three coal unloaders operated by Korea Midland Power Co.,
LTD, from 2012 to 2023. It classifies failures based on the results of Soft Voting, which incorporates the
prediction probabilities derived from applying the predict_proba technique to four machine learning models:
Random Forest, Logistic Regression, XGBoost, and SVM, along with scores obtained by constructing word
dictionaries for each type of failure using LIME, one of the XAI (Explainable Artificial Intelligence) methods.
Through this, failure classification system is proposed to improve the quality of power generation facilities
failure history data.

Results: The results of this study are as follows. When the power generation facilities failure classification
system was applied to the failure history data of Continuous Ship Unloader, XGBoost showed the best perform-
ance with a Macro_F1 Score of 93%. When the system proposed in this study was applied, there was an
increase of up to 0.17 in the Macro_F1 Score for Logistic Regression compared to when the model was
applied alone. All four models used in this study, when the system was applied, showed equal or higher

values in Accuracy and Macro_F1 Score than the single model alone.
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Conclusion: This study propose a failure classification system for power generation facilities to improve the
quality of failure history data. This will contribute to cost reduction and stability of power generation facilities,

as well as further improvement of power plant operation efficiency and stability.

Key Words: Power Generation Facilities, Quality Improvement, Natural Language Processing, XAI, LIME
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Table 1. Continuous ship unloader failure history data
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Table 4. Explaining failure data prediction using LIME

Algorithm 1,
Explaining failure data prediction using LIME

f: The Predictive Model to Interpret

VD: Vectorized Failure Data Points to Interpret
VD': A Version that Simplified to be Interpretable
N: Number of Data Points to Generate near VD

Input:

Output: EXP : Explanation of f(VD)

SET = {}
For 7 in {1,2,3,..., N } Do
Sample P VD; by perturbing VD{
Reconstruct PVD; from PVD,-/
Procedure: Compute 7y,(PVD;) by measuring Similarity between VD and PVD;
SET = SET U < PVD,, f(PVD,), n,p(PVD,) >
End For

Train an interpretable model ¢ using SE7 toward minimizing & (VD)
return EXP through ¢




486 J Korean Soc Qual Manag Vol. 52, No. 3: 479-493, September 2024

24 FE A5 GE @ F(D)E A e B g B B AW AFese, 29 0% sA717] 99 54
B4 SODIE 4 D2 o A 299 44 Psyst TAAY QAES 29 A9 £ U0
(g7 E ARAHEA B BUE 0(g)§ Aok Bk, A 15 B g A k@ mde) 9
051 Sl 49 T, 4k 44 Bl 5L L, 0= A9 w5 A4 0] o A8 %, o) 8
o A ) dolol ALY £ (amig) & BD 0L nyy Q2NE AR S Ak S 2

79 drht vheA &
WA, o T gle] Hol HAirt HwS

H
Keyword 2 7}54& 95 4 v

()2 trade-off

O P

ol
P‘L
rr
ok
¥
u
r
>
S
R
=51
r_a{_y‘
ot
£
2o}
o
o}
3
Do
(@)
=
&
FH
gZ
¥
153
_ﬂ
e
o
st
o)

¢(VD) = argmin £ (fra:myp) + Q(g) 1)

L (frq.7p) = Y mup(PVD)(f(PVD,) —q(PVD,))? (2)

1570} a7 gl Wall a2 715 dlol§e] T™M Aol thek LIME

M
1%
o
2
o2
o
O

Prediction probabilities 0 . T
w9 Text with highlighted words
0 hpp R212H0 ofl e
il
: [ oss
aYarel
0.05
hpp
0.03
Prediction probabilities 0 . . .
P =8 Text with highlighted words
0 . ose auto grease pump line 5§
4 auto
1 Py |
line
0.02!
pump
0.01
grease|
0.00l
Prediction probabilities 0 . . .
leak Text with highlighted words
0 - 032 travel F22t2! oil leak
,
ODFE}OI
0.10
travel
0.02

Figure 4. Example of LIME output

Aol g LIMES] 43S e ol Figure 49} 2}, o] Ex
A g 77 wol: AZHow A 5 g,



Kim et al: Development of System for Enhancing the Quality of Power Generation Facilities Failure History Data Based on Explainable Al (XAl) 487

Table 5. System for constructing word dictionary

Algorithm 2.
System for constructing word dictionary

AK : All keywords constituting the specific failure data
Input: W, © Weight of keyword obtained through LIME analysis

N; : Number of appearances of keyword

Output: WD : Word dictionary with keywords and average weight

wD = {}
For each keyword K in AK :
N,

AW, = w. N,
Procedure: k (i; DN

If, AW, >0 :
Add K and AW, to the Word Dictionary WD
return WD

72 14 F2 el s TS BE Keyword M 7HER §9 Bghe A5F 5, Keyword ¥ 7433
o) Argko) 0 o4 Bels2 1% FAY BolAL TEHIY,

Table 6. Example of word dictionary by model (Shortage)

Random Forest Logistic Regression

Keyword Weight Keyword Weight

1 level 0.4201 1 level 0.4486

2 empty 0.3370 2 empty 0.2913

3 grease 0.3116 3 grease 0.2666

4 low 0.2668 4 e 0.2065

5 5 0.2296 5 low 0.2057

20 starboard 0.0026 15 cable 0.0005

XGBoost SVM

Keyword Weight Keyword Weight

1 level 0.6693 1 empty 0.6799

2 grease 0.5474 2 2= 0.6546

3 empty 0.3396 3 level 0.5533

4 75 0.3351 4 grease 0.2804

5 oil 0.2845 5 low 0.2700

14 side 0.0158 13 e 0.0001




488 J Korean Soc Qual Manag Vol. 52, No. 3: 479-493, September 2024

T doAA Y g A& Table 69F 2l F5H doA S BU2, tofet ZdxEo] 354
= 71928 3dE 4 A9 [Appendix Al

3.4 XAL 7|9 R4 1 55 X129

ATl A = 3.28 A9 1 oS gE 3.38 A 53¢ LIME 7|8 @ojAbd-& E3kste] XAL 7]9k
Ade) 1 B A2ES Aerdr)
™ M3
gantry belt scale QXL
QXA o|gk
LIME Score : 0.3958 LIME Score : 0.1872
Figure 5. Example of LIME Score derivation process
TM AlZel 7k 24 249 wolatlel] slgshe ok Tgslel A& AL, d9 vole) AEAE FAlstel

ey
Figure 5¢ #o] 1% SAHHE LIME ScoreE ZZ3it)
XAL 7]4F kA 14 BF X282 AxE <Algorithm 3>} 2},

Table 7. System for XAl-based failure classification of power generation facilities

Algorithm 3.
System for XAl-based failure classification of power generation facilities

TM titles : Trouble memo data for the facilities
WD, : Failure specific word dictionary (15 types of failure)

Input :
P Fuailure . Type of failure

predict proba: Prediction Probability Function for Classification

Output - FC . Classification of each TM title based on the highest total score

1. Process of assigning LIME Scores based on word dictionary
For each title in TM titles:
For each wn, (For ¢ from 1 to 15) :
Set LIME Scoreltitie] = 0
For each word in title :
Procedure : If word inWD,
LIME Scoreltitle][i] += WD:[word)|
2. Scaling of TM data with assigned LIME Scores
For each Failure; (For ¢ from 1 to 15) :

For each title in TM titles
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Algorithm 3.
System for XAl-based failure classification of power generation facilities

Scale LIME Scoreltitle][:] between O and 1 using Min—-Max Scaling

3. Final failure classification through soft voting
Get proba for each Failure using predict proba
For each Failure; (For i from 1 to 15)

Scaled LIME Scoreltitle][i] + probaltitie][i]
2

Calculate Zotal Scoreltitle]li] =

For each title in TM titles :
Assign FCltitle] = Fuailure with the highest Zvtal Score
return FC

M A &e] 17 S =3 LIME Score$} 3.2 914 predict_proba 71H-< E3l ¢+ 117 SAE o
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Table 8. Confusion matrix

Predicted
Actual True False
True TP FP
False FN TN

Table 8& E]r% EH7100A T2 AMEEE E5719 A A5 WHE &5 PdHS 9v]dtiLee and Hwang,

3 u]
2015). ¥ Aglo|A = o]& E3] Accuracy, F1 Score, Macro_F1& E&sle] o] XS Hrisit)
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Elkciecic

Accuracy =

Precision =

Recall =

F'1 Score

Macro F'1

P AnEE

TP+ TN

TP
TP+ FP

TP
TP+ FN

= 2 X

TP+ FP+FN+ TN

precision X recall

precision+ recall

N
ZFI score of i th class

i=1

=

(3~} ol

Table 9. Experimental results

e 4= A om(Lee et al., 2021), A8 2

(N : Total number of classes)

(3)

(4)

(5)

(6)

(7)

¥}= Table 99 2t}

Random Forest Logistic Regression XGBoost SVM
Before After Before After Before After Before After
F1 Score F1 Score F1 Score F1 Score

g 0.94 0.94 0.91 0.94 0.94 0.94 0.94 0.94
4 0.94 0.96 0.96 0.96 0.96 0.96 1.00 1.00
o, w=h 0.82 0.88 0.71 0.88 0.88 0.88 0.80 0.88
uhE 0.97 0.96 0.96 0.97 0.96 0.97 0.98 0.98
23] 0.00 0.50 0.00 0.50 0.50 0.50 0.50 0.50
Wy, 3 0.89 0.91 0.90 0.90 0.92 0.91 0.91 0.91
52, 24 0.91 1.00 0.00 1.00 1.00 1.00 1.00 1.00
L 0.93 0.94 0.89 0.94 0.91 0.94 0.93 0.91
ad, &4 0.89 0.89 0.84 0.83 0.92 0.92 0.91 0.89
%%7%’ THET, 1.00 1.00 0.89 0.99 0.99 0.98 0.99 0.99
A 2=
o4, we 0.87 0.87 0.56 0.87 0.87 0.87 0.82 0.92
QA A 0.00 0.40 0.00 0.40 0.40 0.89 0.40 0.67
o] gt 0.82 0.81 0.65 0.70 0.82 0.78 0.77 0.78
o, Ay 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00
&, 9 0.88 0.88 0.89 0.89 0.89 0.89 0.90 0.89
Macro_F1 0.79 0.86 0.68 0.85 0.86 0.89 0.85 0.88
Accuracy 0.92 0.94 0.89 0.92 0.93 0.93 0.93 0.94
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