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New motor development requires high-speed load testing using dynamo equipment to calculate the efficiency of the motor.
Abnormal noise and vibration may occur in the test equipment rotating at high speed due to misalignment of the connecting
shaft or looseness of the fixation, which may lead to safety accidents. In this study, three single-axis vibration sensors for X,
Y, and Z axes were attached on the surface of the test motor to measure the vibration value of vibration. Analog data collected
from these sensors was used in classification models for anomaly detection. Since the classification accuracy was around only
93%, commonly used hyperparameter optimization techniques such as Grid search, Random search, and Bayesian Optimization
were applied to increase accuracy. In addition, Response Surface Method based on Design of Experiment was also used for
hyperparameter optimization. However, it was found that there were limits to improving accuracy with these methods. The reason
is that the sampling data from an analog signal does not reflect the patterns hidden in the signal. Therefore, in order to find
pattern information of the sampling data, we obtained descriptive statistics such as mean, variance, skewness, kurtosis, and percentiles
of the analog data, and applied them to the classification models. Classification models using descriptive statistics showed excellent

performance improvement. The developed model can be used as a monitoring system that detects abnormal conditions of the
motor test.

Keywords : Hyperparameter Optimization, Response Surface Method, Anomaly Detection, Vibration Measurement,
Supervised Machine Learning, Descriptive Statistics
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<Figure 1> FFT-based Frequency Analysis
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<Table 1> Examples of collected data

Time_sec Vibration1_Velocity Vibration2_Velocity Vibration3_Velocity
0 0.1145 0.1343 0.2706
0.1 0.1188 0.1577 0.2077
0.2 0.0856 0.1450 0.1680
0.3 0.0978 0.1456 0.1680
0.4 0.1125 0.1345 0.1703
0.5 0.1366 0.1222 0.1679
0.6 0.1071 0.1611 0.2018
0.7 0.1932 0.1660 0.2832
0.8 0.1740 0.1441 0.2612
0.9 0.1575 0.2515 0.2382
1.0 0.1068 0.1329 0.1991
1.1 0.0956 0.1357 0.2441
1.2 0.2079 0.2563 0.1572
1.3 0.1738 02112 0.1840
1.4 0.1948 0.2022 0.1588
1.5 0.1572 0.2104 0.2122
1.6 0.1278 0.1526 0.1530
1.7 0.1317 0.1363 0.2049
1.8 0.1651 0.1281 0.1998
1.9 0.1391 0.1253 0.1569
2.0 0.1274 0.1712 0.1967
2.1 0.1671 0.1184 0.2839
2.2 0.1002 0.2026 0.2145
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<Figure 4> Architecture of Machine Learning
<Table 2> Hyperparameters
Model Hyperparameter
Kernel Specifies the kernel type to be used in the algorithm.
Cost Regularization parameter.
SVM The strength of the regularization is inversely proportional to Cost.
Gamma How much influence a single training example has.
The larger gamma is, the closer other examples must be to be affected.
n_estimators The number of trees in the forest.
max_features The number of features to consider when looking for the best split.
RE max_depth The maximum depth of the tree.
min_samples_leaf The minimum number of samples required to be at a leaf node.
min_samples_split The minimum number of samples required to split an internal node.
bootstrap Whether bootstrap samples are used when building trees.
n_estimators The maximum number of estimators at which boosting is terminated.
base_estimator The base estimator from which the boosted ensemble is built.
AdaBoost learning_rate Weight applied to each classifier at each boosting iteration.
If ‘SAMMER’ then use the SAMME.R real boosting algorithm.
algorithm The SAMMER algorithm typically converges faster than SAMME, achieving a lower test error
with fewer boosting iterations.
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<Figure 5> Comparison of three hyperparameter search methods[6]

<Table 3> Hyperparameter Set for Optimization Process

Model Hyperparameter Grid Search Random Search Bayesian Optimization
Kernel ['tbf', 'linear] ['tbf, 'linear"] ['rbf, 'linear']
SVM Cost [0.1, 1, 100, 3000] (0.1, 3000) (0.1, 3000)
Gamma [0.001, 0.01, 0.1] (0.001, 0.1) (0.001, 0.1)
n_estimators [10, 100, 200, 500] randint(10, 500) (10, 500)
max_features [1, 3] randint(1,3) (1,3)
RE max_depth [10, 100] randint(10, 100) (10, 100)
min_samples_leaf [1, 10, 29] randint(1,29) (1,29)
min_samples_split [2, 5, 10] randint(2, 10) (2, 10)
bootstrap [True, False] [True, False] [True, False]
n_estimators [10, 100, 500, 1000] stats.uniform(10, 1000) (10, 1000)
base_estimator [1, 10, 29] stats.uniform(1, 29) (1, 29)
AdaBoost - -
learning_rate [0.01, 0.05, 0.1, 1.0] stats.uniform(0.01, 1.0) (0.01, 1.0)
algorithm ["SAMME", "SAMME.R"] ["SAMME", "SAMME.R"] ["SAMME", "SAMME.R"]
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<Table 4> Result of Hyperparameter Optimization
Model Hyperparameter Grid Search Random Search Bayesian Optimization
Kernel rbf rbf bf
SVM Cost 100 23.57 51.07
Gamma 0.1 0.022 0.065
n_estimators 500 454 300
max_features 1 1 1
RE max_depth 10 16 96
min_samples_leaf 1 8 26
min_samples_split 2 5 8
bootstrap False True True
n_estimators 500 444 440
AdaBoost basefc?stimator 1 1 2
learning_rate 1.0 0.63 0.19
algorithm SAMME.R SAMME.R SAMME
S EHEAS 23 52 e WA, stolwute}  Auejd AA o] BAEA Aub= <Table 7>3 #ow, &
e et 1 R9E AEdth 24, AudRE ol &ate] o 0.05 7o ® FoehA @2 Q1A= E®(pooling)
Fa QlAkstol# setrH)E A Es] ok AlA, AEE 8% K} 27 B9 CE FoFF 0.0590A4 fFrofshA &
AAE Abgete] WS EVEANE FYoha, Wgel Wah  Aw wEHEBC)NA fI8R A4 B, C, D, FE
b Ashe BEAZ D e w9 AHae ddc Agete] Mg EWEAS AAFT B Aol A4
A gl A AFEgE Aol - <Table 5>¢F 2tk 38 &9 W4T G 8 (accuracy)olH, A EE AW F
2 2 YUSHORR HEEARAS 53 AL ol
<Table 5> Hyperparameter Set of Orthogonal array Z}Fe] ZES <Table 8>3 7t}
Model Hyperparameter Level
{Table 6> Levels of Orthogonal array(RF)
Kernel ['tbf, 'linear"]
SVM Cost [0.1, 3000] Factor low level high level
Gamma [0.001, 0.1] n_estimators A 10 500
n_estimators [10, 500] max_features B ! 3
max_features 1, 3] max_depth C 10 100
max_depth 10, 100] min_samples_leaf D 1 29
RF min_samples_leaf [1, 29] min_samples_split E 2 10
min_samples_split 2. 10] bootstrap F True False
bootstrap [True, False]
o estimators (50, 1000] <Table 7> Result of ANOVA(pooling)
base_estimator [1, 29] Factor Adj SS Adj MS F-Value P-Value
AdaBoost
learning_rate [0.01, 1.0] B 0.000000 0.000000 0.18 0.676
algorithm ["SAMME","SAMME.R"] C 0.000004 0.000004 2.71 0.113
D 0.000026 | 0.000026 16.96 0.000"
B ATl 2 pl AmuAES Agagon, 3 [P | 00008 | oo | s | oo0r
ola} o] Ate] WE AL Ge Ao E ksl A9 A7 B*C 0.000014 0.000014 9.07 0.006
t}, SVM, RF, AdaBoost n&o| 2545 Auudgs A B*F 0.000009 0.000009 5.99 0.022"
2319131, 150 A <Table 6> Random Foresto] A} C*D 0.000042 | 0.000042 27.04 0.000"
= glolH gtatn| o] ik Awujx] 20l7 FF3EL Ko D*F 0.000009 | 0.000009 5.65 0.026"
a1 Itk <Table 6>9] AR} & 488 2 F=FA Tp < 0.001, p < 0.05.
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<Table 8> Result of Hyperparameter S 277 oH o, F7)1E nEsh AEY W 75 R ¢}
Model Hyperparameter Value BE 2E ARE TIA obdRa A Fof S4E
- = shebg 4 Qi) Wb, B AT opd e Holy
- o 0 o SR ARE 2] 98 AEol @ A dojg 2
e— o o1 g% J1EEANE B, o BRI Hed
n_estimators - st
max_features 1
RE max_depth 100 ~ T, _
min_samples_leaf 25 4. 7|E§ﬂlx|5 'gElgP_l' 'ETEI'E% 7“%

min_samples_split

bootstrap False TE

nestimators 500 “Hvariance), & AK(standard deviation), 9)%=(skewness),

: : N deviation), SH=(skewns
AdaBoost base_estimator 5 A= (Rurtoss), WA F(Percentiles) S /1€ AN E =
learning_rate - Z3lgth dlolg e A= oA 2 &t Wi =5
algorithm SAMME.R Agstlon EEANE BN Aot BERY
& HAAT NEEANG o4 BFEYY JEi
<Table 10>9] Th4l WA ol EAH A} o] wrgm  <Ta0le 10> PAR; Sl AR A o] 99% ] 4]

MRAS B8 AA3 A HEnde] JAn sy woodd AT KAt

IS HAFAL o]t ol R ABE F7)(Fu) <Table 10> 7+ BRwd] ta)r A% o] El(test
tholo] HEl S 2AZ AAHIAN 5 EAS ool & data) S A}E-3F Raw H|oJE], 18]= 2 AE B o]
o webd] Asel g AutEel AEYS B g I AN BEEALH, VIEAAE LU= |

<Table 9> Descriptive Statistics of Analog Data

al_25_
percent

=<

al_mean | al_var al_std | al_skew | al_kurt az2_std | a2_skew | a2_kurt | a3_std | a3_skew

22034 2.0761 1.9240 0.2369 -0.7052 1.9895 0.9017 -0.8053 -0.4964 0.6548 -1.8949

2.4558 3.7339 3.1138 2.0987 2.3238 1.6290 0.8055 -1.3157 0.2875 0.6329 -0.1517

23462 0.0153 0.1053 -0.9689 -0.5629 2.8527 0.2137 -0.5979 -0.9413 2.3199 -0.9748

3.7126 0.8750 0.9266 -2.0888 -0.6426 4.5686 0.5929 -0.9678 0.4732 1.6048 0.6373

3.6831 3.9959 3.2871 -0.6445 -0.7265 2.1673 0.4514 -1.3330 -0.7527 0.6927 -0.2620

22649 1.2685 1.2695 -0.9827 -0.8327 1.8891 1.4531 0.1026 -1.0650 1.4398 -0.0577

1.6012 3.1284 2.6992 1.1450 0.3227 -0.0452 0.2594 -1.6282 -0.7160 0.0501 -1.5522

0.2732 -0.2752 -0.2006 -1.2585 -1.0860 -0.4165 -0.0009 -1.1829 -1.0072 2.1392 1.5146

1.4752 0.6923 0.7610 0.0430 -0.3540 1.6567 -0.3604 -1.8984 -0.6939 -0.1881 0.3821

1.6318 -0.7928 -0.7946 0.8080 0.3917 1.7340 1.8819 -0.0170 0.3659 0.6814 -0.5463

1.1106 1.0245 1.0590 0.7767 0.8956 0.2183 0.0672 -1.2457 -0.0487 0.9982 0.1759

0.7451 1.5834 1.5319 0.5583 0.3983 -0.3143 0.1266 -0.7035 -0.9035 -0.2899 -1.0883

0.1398 0.4013 0.4879 -1.0976 -0.9181 0.0160 0.2610 -1.9656 -1.1351 -0.6573 -1.5146

2.5284 1.5221 1.4816 -0.8212 -0.8051 2.3004 1.1653 0.7081 0.4417 -0.3050 0.2304

-0.6687 | -0.5008 -0.4510 0.7057 0.4267 -0.2178 0.7120 1.1710 0.2715 -0.6987 -0.6883

1.3670 1.0767 1.1046 0.1821 -0.5310 0.2761 1.2300 0.9358 -0.3864 0.2049 -0.3617

-0.0026 | -0.6353 -0.6064 -0.7652 -0.6786 -0.2829 1.0461 0.0708 -0.7378 0.6631 -0.4505

1.4707 2.0928 1.9370 -0.6146 -0.6496 0.3034 1.1571 0.0431 -0.3998 0.3744 -0.1895

1.7196 0.1510 0.2428 -1.5986 -1.2509 0.6970 -1.1109 -0.7213 0.4611 -0.7271 0.2602

0.9817 0.9761 1.0164 -0.3589 -1.1626 0.2370 1.0945 -0.9360 -0.5050 -1.2976 0.0910

1.6107 1.5364 1.4934 1.0982 1.1758 0.2594 1.7206 1.2045 0.9920 0.3057 0.0539

-0.9432 -0.4820 -0.4297 22093 2.5980 -0.5289 0.7924 -1.9143 -1.3090 0.0741 0.7704

(=R e B e N =20 = == i = e iy Bl e ) e ) B R B R e 2 =20 I=—J = e ) e ) e ) e R

0.6534 0.2142 0.3057 -0.4008 -0.5450 0.3443 0.1911 0.1292 -0.1524 -0.0370 0.6201
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<Table 10> Classification Model Accuracy

Hyperparameter Optimization Descriptive
Model aw data Grid Search | Random Search O;?%?;E;ir:m RSM Statistics
SVM 93.86 93.94 93.90 93.82 93.90 99.75
RF 93.55 93.88 93.89 94.19 93.85 99.86
AdaBoost 93.57 93.88 93.85 93.70 93.92 99.71
o) =g lagt 23S HolFal gtk obd®1 A% References
GOl o 88 WD} o wadl i@ shols THeue]
HAI}E 543 2o AL QFHE 95% 2 AT 4 [1] Choi, Y.U., Yoon, D.U., Choi, J.H., and Byun, J.M.,
SRR 7EBAXE o] &3t BREH A4S EF A Hyperparameter Search for Facies Classification with
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