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ABSTRACT

Purpose: Hot strip rolling mill consists of a lot of mechanical and electrical units. In condition monitoring
and diagnosis phase, various units could be failed with unknown reasons. In this study, we propose an effective
method to detect early the units with abnormal status to minimize system downtime.

Methods: The early warning problem with various units is defined. K-means and PAM algorithm with Euclidean
and Manhattan distances were performed to detect the abnormal status. In addition, an performance of the
proposed algorithm is investigated by field data analysis.

Results: PAM with Manhattan distance(PAM_ManD) showed better results than K-means algorithm with
Euclidean distance(K-means_ED). In addition, we could know from multivariate field data analysis that the
system reliability of hot strip rolling mill can be increased by detecting early abnormal status.
Conclusion: In this paper, clustering-based monitoring and fault detection algorithm using Manhattan distance
is proposed. Experiments are performed to study the benefit of the PAM with Manhattan distance against

the K-means with Euclidean distance.
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B =R Aoz 3k An)el g7hzged 7] (hot strip roughing mil)E JZ2A 2%
ature)o] 0.2 7tAH EetH(slab)E 7Feshs Anlolth 2UATA S FHIL Fo] F SYfHE YIGEE e
A HE] Ay or & 7tEEsE /AT 2gddA 7tEE A (bar)= PHEE| Y (hot strip finishing
mill)¢] Erﬂf’“# FAE -5t bar@ Aol AF(coiling) ol FFS PRI g 24AdH] 7} A g A o
B AAEE A5 7Hd RN FE2E S8 E e d7|sollA AR ER DA 2 (reheating) ok aFH M E -
FotA Hol 74 Erde] fdlo] Ak wabA Zgddn] o] ool g A}

(recrystalizing temper-

ml>

2l S =4
ﬂoﬂ 493 B8k A2 B8 vAlg BN &S Fola 4% WIS Foled T8 Aot

o] eH(fault detection)?] &4 W4 2 ZH WS (output)dl] 3t dFH S HY=E = S48 o=
WS A B ks Bty dulTE B el A drbut Blojuk Ql=r), CEHTE o A E b thE
7Pl gk A= vlolefrtold #AelA B AAE dolE 2 74E AR (equipment parameter) & % H
W4 X& abe o] i-F(binary classification)Al, A =35 (supervised learning) A2 o8 4= glrt. apA|ut
Anje] A, o] Fk =, RS Y7 FolAA] B Agells B REE] Ak ShEtolH E AR 4= itk
=l M= BlA = 8ksF(unsupervised learning) A1 R 710 RES Fa A E A yEREA] d o]
T3 AEE Fol v YE Anjo) A H 2 HEF(classification) & ¢ 9SS Helth o7 WSS Y= &
g2 g, RS THAE o]xIWarelt

A< t{]O]EiﬁgEH% = A EIZHA] M4= ETL(extraction, transformation, loading)e|g= dlol8® 4,
<

1]
°] LS

olEfHjo] 2o AAJZro 2 AFHET} ETLAAR A 5= Anige] T77F B8
olz} ms(millisecond)-rﬂi FHERE AE = dolH ] o] ujg- A} o]2)d &7 HolEE G842
2 olg3ay] fal vlolHE U4 AIRE (HA0E WYral o] F Het, XAl ol (skewness), HE(kurtosis) 59
W2 9 A (derived parameter)Al A Ho|HE 98 F 7} v} & =FoA Aoksls T 7INE Anjo]id €4
212 (clustering-based fault detection algorithm)@a}= thg-3} 7+& s

A, 718 Aol RS At 7R EARH S S o] vlalA] golstal W ol oigk 4]
Q1 osfjef o] golsitt.

EA), AZH FHEA(non-hierarchical clustering analysis)@12]%& % K-means®t PAM (partition
around medoids) &2 FS o)A o] BA e HAFE Akt K-meanset PAM U3 22 5
2S zre=t)

(1) K-means+= HIAITA oy dare]s 7kl ihdebaA e 73] golatt}. PAML: K-meansel H]3j ¢are]

T2 T BadshARt Sk oA MgE o] &% A9 H8o] 7hssith
(2) K-meanst w9 T4& & (centroids)E AHE8HH, 11dak Al ARts Sato] w387t 7hs ek v o]
A (outlier)2} FHer(noise)oll W7 W& 7Rk vk PAM2 39 F4l70Al(medoids) & AMESHELE

a=)
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LS ol g /HE Aa i s s

?1_

ARE 0|88 A4 ARt goldt s

=

o

o
AL 2 = =2

4 Azl AAdd HH #3155 A d=(majority rule)dll wheh
S A AT NE R Aes Lolny] 9d AFo E(silhouette width) ¥ Q&5
TRAEAE 53 Y] o] dEH] A= ij}xﬂ%, LCD, WA, &37|dR, SEddr] 5 vhdsk 2AloA o
T, AgHoigtt. gzl #E AMHAFES B Kang and Kim(2013)9] dF-oAe= #3524 (clustering
analysis)S 74 &k #A L E o] &3slo] Anjo) g §A gt} o] ATl BUE Y FAZFOEZA AZHLEE o

s

J3te] N2 #5759 o] (abnormality)d] 4 %7}

71E o2 HaARE 7S Tl Edekslt
Hotelling T° #e] 2] @712 A4 Aol 7)ikeh Aujold BUH WS Abetalnh. £a Qe Fo) e
$EAS TFT-LCDAIZF A 483t 71Z39Ith. Verdier and Ferreira(2011)9} Kwak and Kim(2013)% 1t

TA FAH ole HESY] Y8 453 Aol 7|9k & k-nearest neighbor ruleS #19Fs}] o™ Kumar et
al.(2010)0& AA1719] 3 FAE As) easteE HAslete @HAlgk(threshold value)$ ©]-&-38ko] 71717 o]
= #ukslith. Bharambe et al.(2014)E HA| % 7)1 AI8Hs da1e]E<] K-means®t T4 24 (principal compo-
nent analysis, PCA)®| 2H5 4 71H& HEato] o] 3A & HEshs BlS AlSksigitt ot 72] o A s ALE
o K-means ¢aLe]lF Woll AREEH 212 o] il o)A HEelnt A&kl

B drellA e Anr AT AR olgleA AR5 "Ashe 37| PAM ¢arelE A8 At
& AlQkstaat gk =] v A Bt vt o] FAJETh 2ol e RN Adu] o) 'R E A}
st 3gelAe A4 B AAazs Fof Ak Axte] FEAE ATt AdE A gt mhx o R 47|

A ATANE s s A oeF =g,

2. TA71HE Adulo) i} ©xE}

2.1 33} s

w3 3Hclustering) & APAAIA] glo] 53k = HAE 91 e B Y] FEAVOR Ure S Bt
7|4 v BEAFES - (cluster)olgtal st st A o] Sl ol 2wl &3 A5%k e
MAEol A= frAkskaL & ol &3k JHA| Atololl= frabd o] A2 g vt HA AR E LHiststd 7}
Al gt GAIES ol Al HAwE AAE hds] 14 3 ¢ = AHo] ok drbyo s st & H S
SAE 7 g gle BT sl7] witedl A dlojEnte]del A= A daeglFo R R v
=4 e Al o E McQueen(1967) Hartigan and Wong(1979) o] A|¢tel K-means 3 3}

€ !
7F itk #H< dlolH ¢ fﬂ%%@}i el AlSA T sht e o] E(graph theory)g o]-&% TSR = APA]
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2.2 HASA FAsdIEE

2.2.1 K—means ¥a1gj&

K-means €12]5S 8o] 4l £x7F w2u g 7P Bol AR5 = BASH &84 W¥o|th, K-means
o] 712 7H”% A= 2 jﬂ“j"] &= 31’\‘514 TAHlae] e E Hastele
Z] HoE FHed Slol, 7 w3 Al Apole] &
= %1"4%% &5 dFow folEo]l By A B Y uolE e ©
th 258 e e A 71bke] 257 BlARE(dissimilarity) € W8 $H(cost function)Z o] 831 o] &
FHAsbels WA o7 o] FoAH o] Ao e aF Wl dolE A7 FAtEE Sk, o 2Eedl Q)
= dlold JhAIeke] frAbes 7Sl Fnh K-means w{3h= HlolE 9] 2(n)7F Solvhd A g AZF Yo &
A&l (optimal solution)E ZE= 7 Vst ZAE Algshs dagEo|t) dubgel
K-means 419 #4385 2+ 22 NP-hard A2 &4 gk o] 933 K-means €159 542 tf
=3 2k
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K-means €250l M e 2 489 $4# H(centroid)Z 1#ddkal & W, K-medoids 8o 3
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Table 1. K-means algorithm

K-means algorithm

Step 1 : (Initial object selection) By some rule, the coordinates of k objects are selected
as the centroid of the initial cluster.
Step 2 : (Cluster assignment of objects) For each object, calculate the distance to the
center of the cluster and then assign the object to the closest cluster.
Step 3 : (Calculation of cluster center coordinates) Calculation of cluster center.
coordinates.
Step 4 : (Convergence condition check) The newly calculated center coordinate value is compared with the
previous coordinate value to be within the convergence condition, otherwise step 1 is repeated.
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2.3 & 23+ 24

T4 kE AAs e B2 AFE0] MEEo] gtk & =R s gEFd oy Bl AMEEE L&A
o] R4 A3t #7)A], NbClust(Charrad et al. 2014)E o] &3st] A +AMNFE AAst A 3},
TS GapsAFS 1zl YeRlo] 3 g kE FAH o2 gl & 4 Qe F g} GapEAEE A[1]e &

Gap, (k) = E, log(W,) —log(W};) 1)
A7IH, E = BB ngl VFEERTE Qold Vg ovleta, WiE et A=A iy AEd
(within—cluster sum of square) .= “ojum G AA7F Aokt 44 l=A1E v ght). Kaufman and

Rousseeuw(1990) 459 27, 4[219 2ol (1) & A3 s ()& AWSSHe kke A4 THAFE AY
sttt

N b(i)—ali)
s() = e @) b)) @

d7|1M, ali)eE WA i 25 H $de FHWe] BE g2 AAERY] e, b(i) e MA g g2 FHU =
= ohe RS se] Aol ot AR s()E —1 < s(i) < 1 ] 3& 7] 1o FhesR = 2l
2 240 BRE Aol -10] /he5% 2RH 2o BRINSS UENITh B =RoAE GapEARS A
stol A4 FAAT kS AP A48 LA BEHE ANES BUHY B,
Table 2. The main characteristics of the K-means and PAM
Methods Type Complexity® Input Result Cluster Criterion
k. n
K-means Numerical Oln) k Centerid min,  (B),B= 23 d(x),v)
. i=1lk=1
K-Medoids . EEEY) . . mm(TC ) TC, = E(C )
(PAM) Numerical O(k(n—k)*) k Medoid ih = 2\ Can

® n is the number of points in the dataset and k the number of clusters defined.

2.4 A7A%(distance measure)] A3

YR 7)8 oholtloli= & g le) AAE kel FAE b5 R A, AR e @u FA e s
FAES PHES PYHE Aol B mRl e FEU=A G WARANE AYH R Agste] AkE o
nEZe] A wlastad s,
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Table 3. PAM algorithm

PAM Algorithm

[BUILD]

Step 1 : The distances between different individuals are obtained for each individual, and
a single object having the smallest sum is selected as a medoid. Let M be the
selected representative entity set.

Step 2 @ For entity j not selected as representative entity, find the distance Dj closest to

entity j among the individuals previously selected as representative entity.

That is,
Dj: minke]l,[d(j’k)a ]%M
Then, for two individuals ¢ and j not selected as representative individuals, the following is calculated.
C; = max (D;—d(j,4),0) i,j & M

Step 3 @ Include the object m with the largest distance reduction as follows in the
representative object and modify the representative object set.

Step 4 : If k representative objects have been selected, move to SWAP step, otherwise return
to step 1.

[SWAP]

Step 1 : In order to calculate the change of objective function when exchanging entity ¢z and
entity h, we first calculate the change in any entity j (j # h) that is not selected
as a representative entity as follows.

Cﬁh =(After exchanging i and h, distance between object j and representative object)

- (The distance between object j before the exchange and the representative object)
(j& MicsMhz M)

Step 2 : When the representative entity ¢ is exchanged for h, the total variation is as follows.
Ty = Zc}z‘h
J

At this time, if object i and j* corresponding to mini,h T, are found, T/*h,* < 0 returns to step 1 after exchange
and if T7h > 0 is terminated without exchange.

ARAENN dAFALe 238 HE FL ZAF 02 AJLHY FNAT 02 ALEHE AL dAd79S
Fatel W, A7 A, B % ) A 5
At FAE e HEuR FHAA FaAde] At dAFH2 7Md (heating), 2% (roughing mill), »FH-
(finishing mill), ZHcooling) 2 BH(coiling) a4 5 AA 47) ¥4 o= At & &
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=
AN ¥ AH 25 24

)

=
[ Collected data preprocessing ]

< L

[ Ho—load interval data extraction ]
<

[ Generate Derived Variable ]
<

[ Ezploratory data analvsis ]
< L

[ Determine the mwber of clusters ]
< L

[ Cluster analyzis ]
<

[ Cluster performance evaluation ]
< =

[ Interpret the results ]

o ANF

dH]747d(solid dot) 3} o)/ HlolE(empty dot)7} w35 Belstil 955 dotd o= Slth EDAS

TR B A7), Ava

gt}

T Outlier data and missine values processing

© Ho-load interval data extraction

" Generate mean, standard deviation, kurtosis, kurtosis

Histogram, Scatter plot. G-Q plot

T Gap statistics etc.

© KED, EMD, PED, FMD

© Silhouette width, misclassification rate

© Determination of occurrence of equipment fault

Figure 1. Cluster analysis based facility status monitoring and diagnostic procedures

Hotelling Control Chart

UCL=10.97

o 50 100 150 200 250 300

Samnle

Hotelling Control Chart

UCL=5.95

o 50 100 150 200 250 300

Samnle

Figure 2. Hotelling control chart(left: All variables, right: variables with normal distribution)

Table 4. Normality test by Pearson chi-square and Anderson—Darling test

. Pearson ¥* test Anderson-Darling test
Variables — .

Pearson * statistic p-value A-D statistic p—value
x11 24.248 0.1471 0.38504 0.3909
x21 51.684 4.183e-05 3.2514, 3.693e-08
x31 56.885 6.454e-06 1.6315 0.000338
x41 19.307 0.3732 0.75192 0.04986
x51 71.969 2.092e-08 4.98 2.437e-12
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Histogram of x11 Histogram of x21 x11 Noraml Q-Q Plot x21 Noraml Q-Q Plot
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Figure 3. Histogram and normal Q-Q Plot (Normal: solid dots, Abnormal: empty dots)
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Figure 4. Scatter plots of evaluation data set (Normal: solid dots, Abnormal: empty dots)
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Figure 5. Gap statistics for different number of clusters
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Table 5. Determining the best number of clusters(Charrad, et al., 2014)

All indices of determining the number of clusters
KL CH Hartigan CcCC Scott

K 2 2 3 3 3
index 2.643 215.3909 35.0004 24.6209 290.0069

- Marriot TrCovW TraceW Friedman Rubin

K 4 3 3 3 3
index =7.703e+ 39 1548067737 36245.86 7.6701 -0.3029

- Cindex DB Silhouette Ratkowsky Ball

K 3 4 2 4 3
index 0.3212 1.0776 0.3523 0.227 81983.48

- PtBiserial McClain Dunn SDindex SDbw

K 4 2 3 4 5
index 0.5989 0.5342 0.1494 0.0646 0.3823

Table 6. Silhouette width and the number of misclassified data(K=3)

Silhouette width ) .
Method Number of misclassified data
Average Abnormal cluster
K-means_ED 0.29 0.30 13
K-means_ManD 0.29 0.28 13
PAM_ED 0.27 0.27 23
PAM_ManD 0.29 0.33 11
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