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Multi-strategy hippopotamus algorithm for rolling bearing life prediction by BiGRU
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(1. College of Electrical Engineering, North China University of Water Resources and Electric Power, Zhengzhou 450011, China;
2. School of Mechanical and Electronic Engineering, Wuhan University of Technology, Wuhan 430070, China)

Abstract: To predict the remaining life of rolling bearings more accurately, this paper proposed a bearing life
prediction method based on the fusion of the multi-strategy hippopotamus algorithm ( TOBCHO: adaptive i-
distribution, optimal-worst opposite learning, and chaos mapping ) and bi-directional gated recurrent unit
(BiGRU). Firstly, feature extraction was performed for the whole life cycle signal, and comprehensive evaluation
indexes were established based on correlation, monotonicity, and robustness. Sensitive feature vectors were
screened as the sensitive feature set, and principal component analysis ( PCA) technology was used to construct the
health index curve. Then, for the problem that it was difficult for BIGRU to determine the hyperparameters in
rolling bearing life prediction research, a life prediction model of TOBCHO-optimized BiGRU ( TOBCHO-BiGRU)
was proposed, which introduced the optimal worst opposition-based learning mechanism in the population
initialization stage of the hippopotamus algorithm and generated the opposing solution to expand the search space.
The chaos mapping sequence was adopted to replace the generation of random numbers to solve the problem of
unstable convergence of the algorithm. The adaptive distribution perturbation strategy for optimal individual was
introduced in the late iteration stage of the hippopotamus optimization ( HO) algorithm, and the perturbation
strength was dynamically adjusted to balance the local development and global search capability. Finally, the
experimental validation was conducted on the internationally used IEEE PHM 2012 bearing dataset, and the
proposed model was compared with a variety of other prediction models. The results adequately show that the
proposed TOBCHO-BiGRU method has a significant advantage in terms of prediction accuracy. Ablation experiment
results demonstrate that there are positive synergistic effects among improvement strategies, promoting the
enhancement of the HO algorithm, which provides a high-precision solution for the rolling bearing life prediction
under complex working conditions.
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RO 7 A VA AR S 117 ) fE BROIR 25 Tt ) 4
fifi F 75 i (remaining useful life, RUL) , X} F il pj 35
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Ban, 4 9% 2 {5 5 19 3 77 #AE (root mean square,
RMS) FRLEHG K BHIIRIERY 3 £, sl il B =18 % fig
s T I 30% I, ] ) b R E AR R R
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K B e 42 (LSTM ) 9 451 2 5o I #h 28 1) 4%
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TR 110 P 28 5 4 A 25 A T, ELAS 9 e 9300
BELTD X ] G S T ( bi-directional gated
recurrent unit, BIGRU ) i 1< 34 i X 1] 36 U5 J2 >k F1) FH
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YFEBBEZ AT | EE BIGRU [ U JiE %
S HCE M, A A e ) 1, F S 25 SR
BT AL (particle swarm optimization , PSO) %
254 BiGRU 5 & B A 22 W 2% ( convolutional neural
network , CNN) #3#% PSO-CNN-BiGRU J& liill 7 4 fiir
TIMAEAY 32057 AT LA 8800 bR 22 Fh TAE S5 05
Wi, Sy 52 % R G0 A8 8 4 75 i F00I B A R AR G 1 2
ZME, FHEAE RN T AT RESBM
28 Y 2% ( multi-scale convolutional neural network ,
MCNN) RS [ T4 30 .00 ( BIGRU ) AR AIE £ H)
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FROESE, 42 1 — Fh 3 T Wi i A 9 15 4% (sparse
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B2 R IR TR Sl R RUL B0 AT 55 oh 47 i 1l LA
TRIFR B RGR A B BAT 5 R RS S N ARG
P B SHAY R 2 A 4E s AR AL 53 5 I
AN SR Aft s RUL B SR B AE I Zrwy B iz 4R
KSR ] J5 IR RIS S, T 22 2800 12 MO [ o 5
RAME  MELASD A E L 5 Tl B e s T4 %,
AT B e 5 IE AL 29 RE )

5 At 4k B 3% ( hippopotamus  optimization
algorithm , HO ) " 4 Sy — Tl L 05 /4= (e A4 , 5S40
SRR B A AT y, i AR SR B BRI BMERY
G RS R B K AR & T = A AR e MLk @, HO
IBILG RRAS REETE VN Gl 1) 2 18 F S 4 s ]
e DI AR A AN JE 3 R R P RE R e s 7RI 25 1
HO G HEABIME | 4 v 48 2R vl 1 B2 X, 2 T A5
RIPIBTHERE F7, UL, HO B4 A 5P B 08 T 5 7%
FK5TF &, MM BiIGRU A ML I ZER AL AL s A
#HIENRE S, DMERXE S8 sh S8 e, Wit
HO & BiGRU HIZS& RER AT AR THERIRITERE

SR, B Ah HO AN AF ISl 48 U5 1 5
PR S5, BRI T HAE 52 2% I e A B 0 A v A iz
o M, AR SCHR H 22 SR i gk 9 TOBCHO 53092,
STECR R HO 7 AR DLy [R5 Al HE T A 5 P 14
R, LA /2 BiGRU S EURAL R RRIATT K o

PRI, R ik b3 BiGRU AR AY 32 316 244
S MRV B4 [ L, A SCHR ) — 7l 22 S 7 3k Al
A7k (multi-strategy  hippopotamus  algorithm , TOBCHO )
LAt BIGRU HYIR SR A A BUIN 7 i . 5, Wil
R ST 2 R R BE A 2, B S B AR
SR TN, ) SR D A 22 X6 372 > J5 125 TRV E i
S Zlbrpr S S BT R i TR s N/ [ SFi R TIEEE L 2RV S
AR BT B, vk, I 2 # #E 9 TOBCHO J7 vA 1A
& BiGRU #8251, LA$2 5 BiGRU Xof J& il il 7 8 4
A A O PR RE . fe i, 4545 T Fil S 36 0] AR ST
R 53 A 36 Uk, 4G 36 A SC TN AR B ) ] A7 1 5 AR
AAE

1 Bty Bk & ik

1.1 FEHASRAER

2024 4F, Amiri 25" DAL FRE ) 4T R R 7
A & W I S (HO) . HO A faE
PR TR RE T WS R e A A S

Sl JUHURTE T AR SE BV H 24 b, HO 5 3 R FH e
RO AS A R AW, P BN SR D T 2, AR
T EY A TR LSS I AY 3 Fh o th AT B gRAg R
TR PRAT ELEAE /K v B 2 T S T T Jl o 917 0 5
W, DL S b B U BOR 3 SR B Be 4
U792 SR TS ¥ ¢ & RN VA W 2 5T
A PR B B 53 AR KIS P B B R R
X:',lippoM: x?,i})poM =Xty ( hippo,, - ]lxi,j) (1)
A Sy R T B A O AR R ) B
fi#t , hippo,, AALFI] I E
L xr; +0,
2xr, -1
h=qr, (2)

I, xr, +0,

Afer, N0 ~1 ZEIBEERLIE &g B0 ~1 2
I‘ETJE/‘J%*}L%&,I] \12 ﬂ‘j 1 ~2 Zl‘ﬂﬂggﬁ,ol \Qz )J\:’ l
o 0 AR EREHLAL
T:exp( —TL) (3)
3 (4) . (5) Frn M R AT 2 e B A Y
(L (X))

Xij +h '(hippOD _]2gMi> ,T7>0.6

Fhippog . _ Fhippog __
X; T =

M, else
(4)
:{xi,j+h2-(gw—hippon),r() >0.5 (5)
by +r,+(b,; =by;), else

T g N BEALEERE TR 50 S {H, v, M 0 ~ 1
Z IR BEALEL . Ry by WA B TR 5 RSP Rl
ML A S m &, r, 0 ~ 1 Z A BENLER, F,
oy BAReREUE , Z B R B 2 R R e,
PR EE R R AT,
MrEr2 WEBiEEEE.
MEEEH R R P E
Predator: Predator, = lb, +ry+ (ub; —=1b;) ,j=1,2,--,m
(6)
D = | Predator; — x| (7)
2lor, K0~ 1 WBEBLETRE, %5 F,p, > F,, 05
BB AR AR B F g, R, R &

0

R, ®Predator; + (

HippoR HippoR
X fiorelt, potiveelt

() ;
(c—-dx COS(ZTI'g) ) D)’ predator;

<F,
(8)

R, @Predator; + (

) 1
. =
(c—dxoos(ZTrg))) (2 ><D+R9)’ F e, = Fi
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A X R S I R H A6 N2 ~4 2
IS BEALEL, ¢ o 1.0 ~ 1.5 Z A i3 5 BEAL
B,D A2 ~3 ZRIEY 2R, g S~ 1 ~ 1 Z[H]
(32 I BERLEL ey AERCH 1 xm BIBERLIE R (m
FREP SRR AR R, 2— T HA Levy 734
HOBEHL T 5
Xttt el <
X; = . (9)
X,, F'"™f=F,
A, FE S R G BRI U Rk
B, IR SR R R AR S RIL B B 2, T S
AR R AR R UL 1) i 2 e
B3 EPk R R,
ATy ik B 2 IR 2 e A
b{;“ﬂ‘z%,bf;“l=%,t=1,2,---,T (10)
e AR, T R ERIEAN Maxdter,

Hippoe Hippos __ . local . local local
X, 2 T = (b,]- +5, (buj = by, )),

=12, N; j=1,2,---.m (11)
2xr, -1
s:{r12 (12)
T3

Ao X Sk TR A e A BRI R A E s,
RS, A N 3 Fh i b Bl AL 6 (W
K (12)) ;s FBEBLIY ] 5 8% BN B, % B TE 3
Pl s R B S A 1 R & e, 0 ~ 1 Z Y
BERILIA & 5y ors 8 0 ~ 1 YRR N B BENLESL s r, HIEZS
X :ﬁ”’"s , F :ﬁp‘m <F,

X, = ) (13)

X, F:I"""’SBFZ.

ZWY B3 o T B A R B R TP B T R T
HO Bk B ke i m , RAE R B 1 ~ 3, BIAR 48
(1) ~ (13) HFAEEAY LR, B8 T A A AR
K(1) ~ (13) —HFFE R EIE ER,

1.2 MRS RHEE

PRI, A S X6 42 T 5 oAb B8 i A 3 b i 1Y)
Sy M DA b e SR, I AR PR () 52 B A 1
REFAETE SR il sme 0 (%) (B8, ZE AP R 4 A B T 5
FRITEL 1, AR R A R BadA T 1Ak
1.2.1 el xfsr 2]

TEFPRE AL R o, B AR 5 e 26 AR 7R 1
BXREME, BRG] R AR A R R R
J7 R Bl 5 AR, B 22 MAXT T ORFEF I Z FE MR )
FEAEM ., 78 HO Bk v a4k b B, 5 S Bl bL
WA e A A A A A e e fe 22 06 37 2 20 O kY R AR
S s B AR IR AL SR m, AR 1k vk nd it L SO T

R AR RRE S, Sl e LT .
X (1) =b+ (b, =X, (1)) (14)
:b, b, 43R T AR ¢ I B AR MRS E R
B X (1) X () 3500 R 3 AR ¢ B A A SR AR 2
BRI 2R 2] SR B R A B AL B, B 2R AT
20 LT
X'y (8) = +rand x (b7, =X (¢)) (15)
s RN o D VAR R AL B~ N UM W
X o (8) X () S8R IEAR ¢ I AN A S5 25 67
RS N7 2 > S5 A5 30 R A A i 25 6 rand 2 B
1.2.2 RGBS
TR Vo R ST 7 71 2 S Ly 8 D A 2 2 [ oA
RN, TEW BEIEE 1, M b £ 5 7
ST, H R S8y ZREHLA A
rand FFENT , U Ao B 32 BIRENL MR
T BTG K SR AR R BE T, R
RIS P AR B BEAL S50 TR WS DA
DPEAAE B PR D0 AL, BE A% 52 B L AL T3 110 B
HLIS R T o RO AT R P EASC HO rh fifi
Chebyshev TRIEMLS 5 3 2 (2) eS8 rs
PEATPAME, o LA (16) . BIA—DSHA R
rand , SO HE SCANTE
L xr, +Q,
2xr, -1
h=:r, (16)

[, xr, +0Q,

rs =cos(w-arccos(A(1)))
#HH w N Chebyshev %4,
1.2.3 Sl A B 3y 4 s S ms

I GRUIE R N A R IS S ) RA R S
A B ST B B, LA Sk BB 3 N B
PhlEl, SR, HO k52 BR T BEPLIE R, ok i {4
SR AR IR L, R vE IR R B, A SCHE HO B30k
3ABTBE U, FIAT REE AR ¢ i 8 S 1A
T AR A AGE B B, FHE R ¢ A AR Y e R
&7 40 13 ( Gaussian distribution, GD ) £ 40 P4 43 17
( Cauchy distribution, CD) 3X W 25 WA 45, & 75 B4 58
FREZREE 0 Sk, 48 TH ST I R BE 1
e e BT B o7 B E AR

Xt =X, + X! ~t(iter) (17)

Soefr o R R A ¢ RO TR ¢ B NG
55 0 R S RYAE B EOR A U7 X A JEAR
N7 BENL TP ¢ Citer) , BEFE 43R T 24 w07 B AH
B ST BEALTHAE R AR Tk R S B
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. SIA B IE NP sh 7 2RI s s i A 5
FIEARAMA, X 30 N B AT R, ik R B A
&, T AN
Besi, = Best;, f(Best;) =f(Best.) (18)
Best;, f(Best]) <f(Best;)

X Best] R 7AE 55 W e R & Best,,, M L
W IR, () R 1 BE A
1.2.4  BIREST

1) WA 24 B oA, 15 HO BIEWIIR R 24 A
O(N,) , WG AE 2 O(N,T) =0(T),
Horp 7O R, HO HRER 2 BB R
FEHROCT) B 5t 3 BT R NO(T) ,
2553 HO B BT 2 N 0(T) . 1E
TOBCHO H, 5T HO FykM8 1 3 abulcis . 158,51
NS 25068 372 2T ML) L AL FP RS 1% o BE R
T B AR, PR ERE N 0(2N,,) .
HWR S B 1 REL SR e [0, 1] T Fl
(ML e A TR G P 9 S8, S A BE s n T
O(N,) . EJaFIHHIER ¢ 540 — 35 i 8 ki
efd, TR A ER M O (N, T) =0(T), Hitk
TOBCHO 57K O (T) , BEWARS I 3 Fgle sk
TR W T A B st TR) A 24 B

2) A MBI BT, AT S IRk (HO)
(RS )42 2 SR 2L bl 3 MM . 1 0, STA T AT
fGREE T FTAT MR B  BRREE B, XS N
AR FEE, Hs 2 2B O(N,) s Hak, 7Ei%
ARAT R P T A7 3 5 T 1 ) 240, 3k 8 4043 )
TR GRRIERRE TO(1)O(N, + T)0(2N,) M
KVBRE R O(T) i), B2 SE (I > R55 0
FEREA & R B8], idh 0(1) ), BIE, HO &
B S G A RTHAN O(N, +T) .

7E TOBCHO B3k AR CBI AT 3 Wik ik el it
SRS B 1 IR A S A B 2 X6 ST A ST AL, AL
TG A O ST A HEE IS B
)42 2% B LG HO 59519 O(N,) BIfE 2 0(2N,) ,
PRACAERERCR AT BIME 24 i B s 224>
MG KT Zs M 22 RN 2 O (N,) 5 5 2 T
SO KR 5 SR R, R Logistic TR it
SRR BEMLE AR BT, AN A7 24 i TE Dol R Bl 5
SR, TS ECS R R N Ak Rk T
ook, Hopr 23 [a) S A BE A W B 0 (1) WP AR
FRPETC I E R 5 3 WO AAE N ¢ 0 AR, 0 T a3
PR S8, Bk T 0 SR A 0 1R AR A B 3 87
ZP K B S AR B T IE He, PR T3 4 ) &2
ZREER O(T), IRESIATHSN O(T) I (HH S
JF G HO SEvE ik REAEE 4 O(T) [k, Rk

AR FEART AR R,
Zi4 FIRAM T, TOBCHO 34 5 4 i 2% i) 42 2% J¥
EES )
Siosciio =0(2N) +0(T) +0(1) +O0(T) =0(2N +T)
(19)
UGB 1 Ak B , TOBCHO (125 [A] &2 7% JiE
55 5 iE HO S35 R FREAH [R]85, B ke A B
2SI AR
2 RTHEMBRH#ATLTHEEZMMA
BiGRU #y Z 4 | A% A
2.1 BiGRU
TG B0 (GRU) J& LSTM A5 A A1 3] £k it
AR AL AT TRV R T], T A 5 A0 o s 2 )
B, GRU HHH/AANF .

z, =0 (W.+[h,_, ,x,] +b.) (20)
ro=0(W.-[h,_ ,x]+b) (21)
h, =tanh(W-[rh,_,,x,] +b,) (22)
h,=(1-z)®h,_, +z h, (23)

Kb MR ABE, W, W, W 2350k X R R
b, b, by, 53 HI KL BT, 2, HEH ], r, WA
PEY, b, R IR RS, b, MR E, 0
sigmoid I PREL, [ - | MIERE MBI 0] 5, 0, M ZY
¢t Bf GRU (%5 A tanh ( +) S AR 1IE VI BLTE R %L, ®
MR TCR R

Ha] GRU YIS )77 50 iy 1) 4448 | DT 8 50300 et
TC7 JE I 252 IF 8] 53 110 H50 48 X6 24 i 390 000 719 5 i
BiGRU i# & 454 | W] # 5 M1 P4~ GRU J2, A 25
fRICJSFR . BiIGRU (Y%t B3 )2 GRU 114 Btk
AL E Y W BESE A 3K ) GRU W] BE it s 1 s
FERRAE S THAIAER P . 1 JRIR T BIGRU R4
FATREE , FERS 20 ¢, i A B ) s g 26 A ) 015 o)
GRU, 3 3 JIAS il A3 1 )2 B4 BROmiIR 285, 75 31 e 28 B
BRI . TR R .

ﬁzchRUQQ»ﬁwl) (24)
thFGRU(xHZt—l) (25>
h =W, h, +V, h, +b, (26)

KR,y kSRR RS AL R DL R R
B JZIR S, PR F o FH TR i A ) o Bl S 58
GRU [l R, b, AW & 10 i, W, |V, 23 il Sl Xt
Jof AR AN TR AR I

1~ BiGRU 34 B pa] ] 4% AIL i 47f 2 g 7 i Ak
JP 5 A RIS 1A G 2, (E M B8 g 3 e )2
BAITHL 2 ) RSB, TOBCHO £ [ Bt ik fig
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I3, R4 Jr R 3R ) 80 2515 1 0K 20 W S5 R G it 1
FBSHA A KAk BIGRU XFRILRHE A B 7 %
fiEfE

E 1 BiGRU &2 5 &
Fig.1 Structure of BIGRU model
2.2 TOBCHO-BiGRU #%%!
TOBCHO-BiGRU # A HL IR UNT

Step 1 IR shihk 4 5 iy i A K P15 5,
23k /N R 25 e F 3B s S, AR, R RAE AR
FHE,

Step 2 MR RIME | FRIE PR RS M A 25
BRFIEFE R IT 150 B {H, 07 5 BBURRAIE 5 10— fAd
FRF AR R B, S0 U 2R Al 4

Step 3 B EFEEMAL Npop, 465 D, L3 5
{7 B Hippo,,, 1% 18K 20 iter %5 # N S %, AR ¥
K (14) (15) VIR AT e

Step 4 MAEHX (1) ~ (5) M (16) 7€ BT 5
VLGB L, IR IE (6) ~ (13) SEREH 2.3 Birk,
5B Y RTASARIE NEE

Step 5 RHE(17) . (18) X T Y aiAAGE
N BE HEA T Bl i 4 SR e A AR R (E

Step 6 #37. BiGRU Fy UM ALY | 4 5 RRAL
RS GUE i

Step 7 i#if TOBCHO & 14k BiGRU # 2
B, 200t BIGRU I 2145 21 ) 70 00 (5 AN I ZR (8 10 35 O
FRARZEAE R e Ak 3 A vl 14038 7 38 BRI, 283 dter 1K
WARESH G AR SHORAE 3 R T .

N
fitness = J;Z (train — test)’ (27)
i=1

2.3 ETHCESEMATENERIERGEE
A R B (health index, HI) X T4l
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Fig.2  Original vibration signal and filtered vibration signal
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Tab.2 Hyperparameter results of various prediction models
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Fig.5 Comparison of prediction results for different algorithmic models
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Tab.3  Prediction error results of multiple models for Bearing 1-1 and Bearing 1-5
i i Bearing 1-1 Bearing 1-5
R? Ayg SgruE Swe R? Ayg SkruME Sy

LSTM 0.784 7.57 x10 73 1.06 x10 2 1.12x1074 0.647 1.16 x10 2 1.49x1072 2.23x107°*
BILSTM 0.850 7.14 x10 73 1.03x1072 1.06 x10 74 0.776 8.68 x10 73 1.19x107% 1.41x107*
GRU 0.730 9.03 x10? 1.18 x1072 1.39 x10 74 0.775 8.58 x10 73 1.19x1072 1.42x10°*
BiGRU 0.858 4.08 x10 73 1.34 x10 72 1.81 x10~* 0.836 6.45 x10 3 1.02x1072  1.03x107*
GWO-BiGRU 0.862 4.08 x10 73 1.32x1072 1.75 x10 74 0.796 8.14 x10 73 1.97x107% 5.86x10°*
HHO-BiGRU 0.864 4.11x1073 1.31x1072 1.72 x10~* 0.819 3.26 x10 73 3.48 %1072 3.08 x10~*
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Fig. 6 Error indices for various models in ablation experiment of Bearing 1-1
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