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Elevator wire rope wear prediction method based on
extreme gradient lifting regression model

CHEN Xiang-jun'**, FU Jun-ping'*, CHEN Dong-dong'”,
LI Ke'?, LI Li-ping'?, LV Lin-feng'*
(1. Zhejiang Academy of Special Equipment Science, Hangzhou 310020, China;2. Zhejiang Provincial
Key Laboratory of Special Equipment Inspection Technology Research, Hangzhou 310053, China)

Abstract: Aiming at the problem of the limitations and deficiencies in the current research on the prediction of elevator wire rope wear,
based on the machine learning method of the extreme gradient boosting ( XGBoost) algorithm, theoretical analysis, data collection and exper-
imental testing were carried out on the prediction of wire rope wear rate. First, an additional regularization term was added to the objective
loss function and Bayesian hyperparameter optimization was used, and the optimized algorithm BO-XGBoost ( Bayesian optimization-eXtreme
gradient boosting) was proposed; then a self-made elevator wire rope fatigue testing machine was used to determine the diameter, load force,
frequency and wrap angle of the researched traction sheave, and the data used to predict the wear rate of wire rope were obtained; finally, the
BO-XGBoost algorithm was used to predict and analyze the wear rate of wire rope, and at the same time, it was compared with the other ma-
chine learning algorithms, such as multiple linear regression ( mixed logistic regression, MLR) , random forest (RF) , and support vector ma-
chine (SVM). The research results show that the BO-XGBoost algorithm has the best modeling effect and regression effect, and its generali-
zation ability is also the highest. It can adapt to experiments under different working conditions and is better than other models in predicting
wire rope wear rate. The predicted value and the experimental value have reached an accuracy of 99. 1% , which proves the effectiveness of
the method.

Key words: elevator; wire rope; wear prediction; extreme gradient lifting ; regression model

r#s #2021 -09 -27
ESWAE : K AR EEWBIIH (U1709210,51805382)
YEB BT BRI (1977 - ) 55 WITLAR FHA = R AR, R 2 AR A R R I B AR 5 T A5 . E-mail : 1085469675@ qq. com



5 4 1]

WRI 02 | 25 BT i ol JBE B2 [ SR TR A ) 22 288 450 T30 07 0% - 555 -

0 51 5

WA 2020 47 12 H T [ A AL R A B T
850 J3 3, v [l Ay H A 7 i A A L BS BCR ETE A |
WIBGRAFER — o [HBEAE AT A SR H 4297 K,
FLB 142 4 I R B IR

HLBR A 22 4 02 Ok R B AR IE H s AT Y BB 2
—, oy KA R 55 WL, 2019 4E 7 14 H
T S DAL BB A L N B AR AR T L AR Y
22 SR I TERI e T —ARAN 2248 )5 AR T A
(AN 2228 (6 ) A AR T 24, IR LBl 107 v 1 % 2% 4T
H, SRR, RS I 22 80 2™ R Ab
S 1T O] SR NI b A R G- o . 8

BEA HLRE B | B 2248 1) ) 2 fdE ), 9 22 2 1) 2 4
B 4 ) R (AR O T, BR T B8 R AT i 2
Hb N BLG RS RER TE FEBU G D0 e R RS9 E AT
WA DR IR HLBR 1 22 s 170 TR, 9 22 4 )i
4 F ) U 6T T v A 22 2 1) (1 P A i RN R 28 A
REEE W EEY,

T Ik SCHRAGFR A IR, [ P A B 0T LA 4 22 20 )
WSR2 UL, Wi e 75T e 5 ALK 22 48 B
WHAT THEIE SRR HAR R e i ALY 22 48
VR 0 B LA, Ot T — e i i A 22 2
AR D B Vi ) 2 208 s 40 1) 7 1 5 AELAtB A AF
g I I AEA KD H ISR A S XN 22 28 H AR
XTSRRI, AN AT, E P AR Y R FH AR R R
SR 4E A BP(back propagation ) #4525 (1 J5 2%, Xif
Y 22 B AR 5 9k T e 22 Z TA) Y OC R FEAT T 0F9E, OF iR
T T SERRAIZ T R B S PR HEAT T B IE 5 {H 2 A 5T
WALEE X5k ) 5B B 0 OC & RIFEA S 2w, &
MELSVRIF S 1 N Ti) PR 2 X 9 22 288 5 45 ke 1 S i (LA
OIS TT AT 1 R, IF R PSR X A T 56 E
TR BT T4 22 48 SRS IR I R, RS B 4508,
RV 22 B 22 2 AR O N R 22 R S 1R, AN v S 34
228 [ HHE,

PRI, XS R AP 4 22 20 s 40 B 0 ) F 9 A7 A
I B SR BRAFTAS A2

R T FRRIXAN ), 28 5 DLBS B 4 T 11 )3 ( gradi-
ent boosting regression, GBR) 5.7k A JE At [l 4% 52 i 49
LLUBIEIIY 4 A FE R ORAR SR A, P 2
DU iS00 P o 08 i o6 B2 4 T 85 2 ( BO-XGBoost ) 4T
YIZRANRAE , TN 22 28 TE AN R D0 T RO B i, R
HE5 S PRI AT LUHR

1 A

1.1 #ERFHEYI(GBR)

FhEESR TR AT o — R B i, X T
VRIS, B — MR R ol 5w Jr
% GBR B — R 55 2% SR A0 B9 50k, fe e A5
Fsm a2, En] U T A 2 0 [a) @, AR
STt A b, Je R — A T o A e b 5 0 A A
F, (x) A5 BHTNE 5 SRR y B2 8]0 2 55, RIgk 22
R(x) .

GBR AN e 8 F, (x ), T 238 2 39 Ak 31 2% A
(o) FHEEFT AR B g8/ NGR 25 . 1 2 F 2T &%
SRt

h(x) =y -F,(x) (1)
1.2  HimHEERA (XGBoost)

e S efs FEE B TSRk AR BE 4 T B g LAt —
FOEARTE M VT B B S TR A RE 4R B[]
S E R . XGBoost 7E H b pREL) 5 2 R EL
BINA— A IE WA, B e P fe 22 ) BIALE L,
B I3 A 4

BT RZEHE N4 XGBoost HFHISHELE

B BESE TR A AY 1 Al T 0 3, T AR T A
P BT I3 H S, () BN

&=;ﬂwhﬂef (2)
Ao, P[0 25 ] 5 K— [ J9 5 B8 5, —BEAS
S I YRR
EEE L e IR Ll T NE Y
A HARTHI5E AR S — AT, B8 E bR R £
Tl ELECM . 252005 B0 o SR 1 SR SO G Il Ak b
B I SCIE AL B bR R ECH -

O = Niy,5) 49T+ A X6 ()
Sl e BB A—E N R 57—
NI T 28 P LA 1 15 45— 45
ABURE 12 98 Y 1y, .5,)— Bk B

AR W BB BT + A Y 0F —IE

PCREST I, A S Dol /R R A2 2% T i i 405
RS

X T BRI B, A I Y L AR A — A
MRS, (2, BIHFALEE . AL o, 2 XA
HRAEM T R AT AR R, o e (1,2,



. 556 - L H

Tr & %39 &

TV MM B TR A AR E 2 o i
BT A0, A5 BTN E Z AT ROR o 5] 3
TR, Bl 3¢ B A T IR
HEREE L,

KT bR TR 7 4, ()
FLEBRRE @, 0FER N

n o 1 T
(p(k) = Zl(yi,yi(k Y +ﬂ(xl)) +’}’T+7/\2wf
i=1 i=1

(4)
T 2R sR B P AR B AR, 285 1 e A R

A (4) 3% B A2 S I DAL B B
D

=3

(k)

; [l(yi’&fkiw) + g/, (x;) +%hﬁ(xi)]+

2" £
S g, 51K ORI — BB 5t 512K R
BB SE it

g, WYL AT F A5

,
yT+L)\Za)f (5)
i=1

gi:a}k*luyn&(k_l)) (6)
h, B BARF IR T R
b= By, 55) (7)

TEEAT R IR b b B o B, 15 8] LT i
(UYSEaNTR
D) = 2; [é’fk(x,:) + %hﬁ(xﬁ ]+ v+ %)‘ ; ]

(8)
P10 3 K ) i A B S 1 7 (93K 5 | Bk
S5F PRBSOR E SO S AN R A AR R

2ﬂ(x) = ;wj (9)
[ (8) T LAk S 2R
20 = X[« Yo, + S F ) |47
(10)

4y iE —ANEE MRS H R 4 A
TR (o FIBRAE D, 3 it 6 20— Y Bl o
i BAEATR 2

E;gi
- _ iel; 11
! Zhi+)\ (11)
ielj
1 & (Zgg)z
* iel:
D :—72{ ’ +yT (12)

K (12) ATLAEVER — VP4 s 8, T T i 40 0
B DP ) o F)  3 R, L B NG, o T
Bk ATCIS BRI S5 48, 76 BRIV I 2838 R T B0 0
PR TR AR 2
1.3 ETFTRMHELALE XGBoost [R5

S HUEFRENL AR ) i AR rh s SR B E (Y
R0, RS BOSE A B T A A R, FEL
Ayt > S b I R 2 B0 R R T A R (grid
search ,GS) FIFfi#L1¥ & (random search, RS) Fik,
TGS %55 32 BN AE AL A 0 52 0], AE 50822 ) 48 9% i
[ HEEOE I, X B BEIIXS T XGBoost J& A A 17K 77
PRS2 SR BEL AL B ok R R
RS HNCE 17 vk, B RS 1 Bl a5 78 TR 6 1Y
T2,

D344k ( Bayesian optimization, BO) i i H #5
LA 1Al 2 R Ty AR SR A1) A5 05/ Mk
Hbr s, #1288 27 > S 80
DU S 2 A — b A PP A AR U R S A Y oKk 4
JRPEA G 5L R 8 A ASE Y 42 JR AR 4K (sequential
model-based optimization, SMBO) J& 4 I1 i-Hr fJt Ak 1 —
MBI E XL,

SMBO fAfUI IR AR 1 PR,

&1 SMBO {4{R#3

LIREL (s
1 EX S, H=¢
2 fori=1to T do
3 A" =argminS, | (1)
4 c=L(A")
5 H=HU(A" ,¢)
6 HRAE B S, , LA B H
7 End for
8 15 A IR L EAT /N ¢ 89 H

A—RBEFGI—RE R H—L R T HARLERG I L
BB S, — A A A—L W W A R AR R

BAEA—SLTFE AT T IR, B BRI 4
A I SR AR G 4R — > ST BRI A BE /MR oA
BB SEEES A, 2R SEPRA 4 2 R L 1,
PN SE IR T

T DL A2 D0k H A pR A 1 i, 2 42
HH A R T DL I ST 2 RO b B A i A B B B
( BO-XGBoost ) X I B A2 ANIE 1 B



55 4 1) WRI 02 | 25 BT i ol JBE B2 [ SR TR A ) 22 288 450 T30 07 0% - 557 -

| |
T
[ i \
wE B b | ]y o Fldtkny
(MzsmsmE) | BN RES. e TTTTTTTC BRA
I |
| MRS |
| e B
[T R T P, Mg R 2k |
3 | Il "-1' ?;Egrgiﬁ ! bkl P JPUR
BERE A | b e, 1 slmobisly | Lo
TR V| s o v
N1 T | Dy T
| VLR CIEBTATREAAS |, Im"fﬁﬁﬁi?“%&l
| vy T | TERDRFHED], T ket |
| o 0 | fyky | TTTTTTOT
y | = aN% |
H b I N [
I | BAMHEIRASL 3 g (o)
[
1 1

K1 BO-XGBoost Bk

. SRR LR b S 2 0 S 5
2 MLRBRHRHRE K RIS EA S R AR X (3 T, LG Jo
2.1 EHRBHN IR ) 5 IR hy PR, 3 3o v 040
BT MR B e e b sy CERVIUR BRI R A= 55 B
., 5 R T 2 92 5 8 e 1L e 00 22 40 4 B ST AL BT RIS I P 2 B

5
=3
N
gwd 2
137 t d 7
/ 4
I
g ]
(a) IR (b) T IRBA I S8
2 S Ll
1— R T EE 22— RT3 — R M E 4 — R AR A BEES—ARATEE 6—=% A %,;7T—Fa%
ST EE | |rEmES: Pt | BATIREL: | |
=i ARER | | EicE: serE]  wmek] w]) »
Rz | | EfFREE: EHER: LR |
RESFERe HNR EE=2ar 3 Z(mm) P
JHETSKE RDDe&ofMachlne Number of Brok:\ﬁ)WIres ?ﬂ,w agﬁ?ﬂf“fﬂﬁ! HRAEA
L3 aiE Erm | AERE| SERE| =it D1 | D2 | Mark Effective Length
fﬂiﬂ*ﬂﬂ: Date Time Cycles Crown Valley Total
P050-01-01 0Q00:01 0 0 0 0 10 | 10 1000
SHELZLE
AREE
HSHRIA it
B BESER
BENFR [ e BEER
B/%iA Percentage Elongation [iz1]
FraidLe HiEw 221050

3 BHOAENW



.- 558 - L H

Tr & %39 &

PS5 IR LR 3 AR A5 R 0 (1) HLBGR
5. HfRIRE LR S Ee 1B R e 1T, AR HE 314K
PLAIEATIR 5 T i, SEORHE AR ) A W] R I 45
4, FHSRINAN ] ELAR R 22 4, 28 m7 70 At 2R ke A
FHKR/N; (2) sy, BN ANUA I, AEBE IR A
R IR SRS AR P 551

ARG FE LG 1.1 BB N T, 34 PLC
IRIE R B, RS04 Bk 2 S50 B 5 R 3B AH G
SIS SH, SEE SRR AE 3 R,

2.2 HIERE

H T — M AR 22 208 LA 1Y) B 0 3ok 5 B AN 22 48 1)

PAARREE , ORI BN R Z | AN 2288 () B %

FEZE A1 B EH AR B ER AL B R A
Ko BEW LR 4 AHERER LI EEREN R K EdE
SERNAT A B R IE S TR, AL A 2= I AR

TN 22809 557 LI TR FRAR A, 24 R 130 4
BHEAE A ISR gt s BATALI 2R ot YeJm , 1 20 203
BHEE IR 2 ], BOR IR AR 150 8, It
IR an sk 2 s,

3 SR KR

SEHTE MATLAB E2wE 4 MR FEE, JF A
2 HPRYBAE s AT e AR B R A SR A
FNENERER AT, AR T AE R NP 4 7R

*F2 MRRBGEHIESE
HEE WA EHA2/ mm $iZ/(r - min~") Zfr S1/N R/ (°) BB
[ 430 85 5800 120 0.016 651
450 75 5400 130 0. 009 096
490 60 6 000 120 0.017 429
400 65 4200 140 0.014 536
460 80 4000 160 0.012 359
450 70 5800 120 0.019 450
RS 430 80 4000 150 0.019 777
460 75 4000 120 0.017 990
490 85 4400 140 0.010 469
480 80 6 000 160 0.009 314
450 75 4 600 140 0.011 860
00155 I 0,025 TR A 0[5 )P S 53
0.0150 —— HbifE —— il ‘
0.0145 0.020
0.0140 =
]3]? 0.0135 § 0.015 A
% 0.0130 ”‘:; A
3 0.0125 i 0.010 b
0.0120 X
0.0115 0.005
0.0110
0.0105 2 4 6 8 10 12 14 16 18 20 0O 0.005 0.010 0.015 0.020 0.025
HUOREA 5 TURE A S A
(a) MLR 2% 4 (b) MLR 14285
0.016 0,005 T AR [ V-3 A4
—— bRl —— B '
0.015
0.020
5 0.014 B
B § 0.015 x
% 0.013 § L
3 £ 0010 *
F 0.012 =
=
0.011 0.005
0.010 0
2 4 6 8 10 12 14 16 18 20 0 0.005 0.010 0.015 0.020 0.025
FUREA N5 HUREA R

(c) SVMRHRL R

(d) SVM ISR



54 W Wil f2 , 46 . 6T st Adh J3E B o] O T8 10 e A 00 22 20 FES 453 TN 7 v - 559 -
0.016 0.025 TR A ] Y358 S oA
—— H il '
0.015 —— T fE
0.020
5 0014 §
ﬁ = 0015 3
=S
@?0.013 g K
S i 0.010
B o012 =
B
0.011 0.005
0.010
2 4 6 8 10 12 14 16 18 20 0 0005 0010 0015 0020 0.025
T AEA Y 745 FIOAE A S A5 55 d
(e) RF adtfsigs 5 (f) RF [8] )55 5%
0.0 0,025 A )-8 5 B
—— HbifH
—a— T
0.020 “
% AAA
# 0.015} N
=
FL( A
Eo.ono-
=
X
0.005}
o008t —0o 4 . . 0
2 4 6 8 10 12 14 16 18 20 0 0.005 0010 0015 0020 0.025

T FEA Y 75
(g) BO-XGBoost i 54k

FRMAEAR B AR A
(h) BO-XGBoost ] 473 5

Bl 4 A[RIEORL 25 2R i £k

i 4(a~h) AT LLEFL, BO-XGBoost 5 % [ T i
H5 BArEE T, I, AHER H BO-XGBoost #x 7
AORSTIL 5 T % I, RF R SVM #5780 G vk, MILR A6 7Y
Z .

TERE L | RF X S5 5 (AU, Bl 248
— PR, LA AR 2 SLRRAE BE AL ; R FH MLR 55540
FRAT % (AU | A7 A6 38R R R BR % 5 SVM B AR A —
(32 AL BE T, (EAZ oA B 6 B 5 PRI ] s o Bt 2
P AR AU ; BO-XGBoost XU BREHEAT T B 44
J Tt [R5 e — B 5 B Sk, SR A U pR R
(Bl e S0 8 i A DL e Ak s, 3
PEHARAK

Sk T VAR TS AR () W] S B O A R
SEIRAE I A XR 2 (MAE ) (F 7R % 2% (RMSE) il
e REL(R?) . MAE SZPFAS [l U= A5 780 70000 5% 25 1) e
W2 — B R 4 0 T 5 2% 1 - 2 4
XHE, W N =R

K
MAE:%ZIPM—AMI (13)
i=1

s PM—TIU0 (P AB AM— S PR P 0
XF TR 2 |, 2 H ] RMSE Sk 36 Uk 700 A4 47
Rk B

RMSE = J}VZAI(PM—AM2 (14)
WA S R B 12 B o e 280, F T e Fl
{55 SEPRE MR R, B
R =
[ NCY PM x AM) = (Y, PM) (Y, AM)
[NY, PM* = Y (PM)’][NY, AM* - Y, (AM)?]
(15)
WIRTATIR , MAE T RMSE {1 (R8I 28 7% 1246 1 ()
BRI R HAE O ~ 1 Z (8], FUBREZT 1 R Biml
TOIAG B R4
4 FPFERIAY MAE RMSE R* {HA03 3 Fiw,
#3 WLBERERTN

AR ‘ R SOENo) ‘ Yo eE AL
WR2ZZ(MAE) %25 (RMSE) (R)
MLR 0.006 91 0.006 7 0.827
SVM 0.006 35 0.0059 0.844
RF 0.004 74 0.005 2 0.885
BO-XGBoost 0.002 86 0.003 6 0.991

WIS 3, A G HTSCRY R 4 AT UA 7RG
B, BO-XGBoost 15 84 LY At 3 AN B OCR AR 4F
EARFL I A BO-XGBoost ) MAE 5 RMSE ¥ /NF



- 560 - L H

T

T %539 %

MLR .SVM HI RF, H BO-XGBoost [ R* {H# 15 , i85 T
0.991, 58 4 JeBei 25 R2E4L, Bl MLR 575 4 $50 00 14
e K, RF A1 SVM YK, BO-XGBoost H T ] 2% 5
53/
4 AR

B XoF LGS FEL A 0 22 4 B i i U AN A2, B
K AL T i 2 2 T ( XGBoost ) 5k AL &S 24 21 7
2 0T B AR 22 4 PE R R A T R AT T RO, A
T A il AR 22 80 9% 57 IR AL, XN 22 4 E R ) 4 A
BN ZR BRI TR AR OF FH 2 T DL S 8 Ak
FRBI S0 I 12 T ] 9 492 BO-XGBoost 3 T 4K 22 4
%55 B 351 25 [A] K BO-XGBoost 5 22 50 £k 1 0] 15
(MLR) BEMLARA (RF) DL SZ R AL (SVM) Bk
HEAT T HER

5T 25 R .

(1)BO-XGBoost #5745 22 K 2L 5 M) T 4K 22 4 J& 43t
SR TSR e A, AU A2 AL RE T B, L A]
JEAL T MLR \RF SVM 54571

(2) X B AN 22 28 BB 40, SR FH 5~ A i A 3 42
FH TR AL S5 ARG B2 iR 3] T 99% LA L, Tl
(L A S5 T S 400 115 4 ] T4 22 2 400 A R 1Y)
2% TEARR TOU T BHEA 1 0 B BAR i 1),
SRFNALA A A T RN 22 28 BB IR, 1 R Fh ik
B4,

TEJG S0 TAE R, 28 5 KT 50 B 22 4 1 S P i
HAF A Z [ B B | DL tE— 25 45 v 0 22 28 1 1)
Lak,

2 % 3Lk ( References) :

[1] EfE W5 BNk 1]. D EAE,2019,
10(12) :61-63.

[2] TEM HIRESIMWMLBEHESI)]. R TEERY
#i1,2020,5(1) :4109.

(3] BRigJe. R E VI 2288 BE AR R M =R AT ()] TP R &
TA%,2021,12(5) :179-181.

[4] E FREWBEMZE, 5 BT RANLE BN S5k

AR5 AR

[12]

[13]

[14]

T2EMIBIEFEL 0], T AL SRS A a3 #2019, 11(2)
61-62.
M T AR R EOR [ T]. e
W EAAHA,2018,10(5) .85-87.
1B 0. B LG 22 A AR N R e B (). HLA TR,
2019,8(3) .40-42.
PONRAJO A S, VIGNESWARAN T. Daily evapotranspira-
tion prediction using gradient boost regression model for irri-
gation planning [ J ]. The Journal of Supercomputing,
2020,76(8) :157-161.
T Bk IE BRI 5. BTSSR A b 5
L PEBIETE (1], RE LK, 2016,6(8) :104-108.
Wi 3. BT s ol T L ) B0 B ek R T AT 5
[D]. &85 ML AL =R, 2020.
@ b, BN IR EE. TR F S A Xgboost [44
BB 1], AL T, 2019(12) :24-28.
ZHANG Wen-gang, WU Chong-zhi, ZHONG Hai-yi. Pre-
diction of undrained shear strength using extreme gradient
boosting and random forest based on Bayesian optimization
[J]. Geoscience Frontiers,2021,48(12) :264-267.
LYU Fei, FAN Xin-yu, DING Fa-xing, et al. Prediction of
the axial compressive strength of circularconcrete-filled
steel tube columns using sine cosine algorithm-support vec-
tor regression[ J |. Composite Structures,2021,273(10) .
64-69.
o Bk, BRI, A — b 0 S ) ]
FOTREISE 0 B PO 7 3k [ 0] Rk MR R 3d 41, 2021 ,4(3)
36-38.
DU Wen-ke, CHEN Rui-han, CONG Zheng-long. Applica-
tion of support vector regression in prediction model using
genetic algorithm optimized[ J ]. Journal of Physics: Con-
ference Series,2021,99(8) :28-30.
AR b 1. DU O A D5 i AN SR [0 ] SR
2#41%,2018,10(12) :3068-3090.
FoOLEER R BT O AL BE LR 14 A
B2 W[ )]. Bl 53R, 2021,13(6) :167-173.
RATIMA P, TOSHNIWAL D. Extreme gradient boosting
and deep neural network based ensemble learning approach
to forecast hourly solar irradiance[ J ]. Journal of Cleaner
Production,2021,279(1) :120-124.

[FR4E. 7 ]

WRInIR (257 WRMRAS , 25 T AR ool E B2 [l USRS 70 ) P B 9 22 88 B A S0 ¥ [ 0] MILA T ,2022,39(4) :554 - 560.

CHEN Xiang-jun, FU Jun-ping, CHEN Dong-dong, et al. Elevator wire rope wear prediction method based on extreme gradient lifting regression model[ J .

Journal of Mechanical & Electrical Engineering, 2022,39(4) .554 - 560.

<<HLEE.:|:5FE>>%/%:\;http://www. meem. com. cn





