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Engineering, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: In view of the lack of research on fault prediction method, low prediction accuracy and instability of dockless

sharing bikes system, and on the basis of mining the information features between the predictive factors and the faulty bikes,

an improved entropy weight method is proposed to divide the weights of the predictive factors. And three single prediction

models, BP neural network, radial basis function and Elman neural network, are used to establish a combined prediction

model based on critical weight, to solve an example on Matlab. The results show that: compared with the single prediction

method, the combined prediction method improves the prediction accuracy by about 5%, and can reduce the prediction risk

and system error and has good practical value.

Key words: sharing bikes; combination prediction; critical weighted; improved entropy weight method

TeAE AL B IO AT AT SR At T
A, (B AR e ) Lt OK B B . KaspidF R HY
Bt i P A =2 B ZE (R LU BIAR /N, AT R 2™ B L
RPN ZRE RGN EE . e Ry
AR T R Gz R 55 dh i, 6™ E
B RATRE M 2 4. I, SO R USClA B B 4 B
N A b A g DR ] AL

i AIF 70 3 52 B e g N il ) SCHRAR
A, HBEFUN R A I G R G AN TEHE
R RE RS, WHFRERBT 0 AWE: HlaE
A0 L2 Y R R A AT N 32t PAY o R ) AR 1)

imEEE: 2021-05-12
BEE£WEB: HEERRBEESTINHE (51875422)

Al A, Kaspi 50T LI SRR X 45 FSCPE s P 1)
B A PR AT S TN o X TS Cox L7
o2 i P S R R F A LR LTINS S B
ol A RE A BE SRR AT SR TN . ZhangRE 2
BIARIA, BRI EREEERER, T
SIS PRI IE RN RS S - R e i
AL R 5 A s e 14 68 P 5 PEE AN [0 7 3 B Al A A
AT, ORTNSE T SRR, W e
BuhREm X g, LA BT AN, 5 R R G
DI B2 3, SRTIN M To b B AR B
ERWTFUEEUS T R ER OR, EAFE R

EE®E T KE01970—), &, AN, BHEE, Mt EEPT AL LR,



ERE %2, MWLM, RERM: JETcriticZH & T 772 1 3 = B 42 BB T 107

THE: 1) BTSN EEREAR, SHARS
R ZE TR KRS K0 2) 22 BB 2 oK 5 58 B 2 A
(). AR AETRI R 2R 52 s 3) S 8 AR5 8
TR R R s, B TA R R FSEER, 2
AN [ SR BT 2536 i 2 e 1) A AR AN [

BEXE FaR )8, A BT L X4 A gy 3t
EH AT AR EATIRN T, B SO BGE R
W B 2R PR TN IR R (AT . BRI T AN
BUE, BEM1S 8 — R ER o E, BTG aE
BEAT P A AL B, fESEIERE B, DABPRHZ LK,
12 17 32 BR BURI ELMAN 1 25 [0 284 3 B — U 455 28
A I TFeritic AU E AL A TR, Rk R T
FAZE R TR, DA AR T PR o

1 ETHHEBNUENEZ B EHER
MEZE S

1.1 T E & &R

e YN AL 2R SR SR AT S BE B L B AT IR
BHATHE . BT RN, BRI ERER
BTR A 7 1) 38% 5 R SR B RSO BT
20194F4 H ty Jo bk 2t =2 50 6 F P 947 2008 (52 5 D
S EBID. WiTRASSE. BITK A E.
FHGTIS (] 30 2R I [A) S5 EAT 23 A, A3 B DL T 2518
g 5 R ZE AR AR B AT I 2K T o R B 1 B AT
I, SRR G AT I TR T 1 min ) I 55 5 2244
AN, AT FE S K T-300 mi, R ZE AR
B am s KT ok R AR, H i DR AT R A
B E RV, SRATBUERTEG AN, EEE
B RSB GO T B4 R I TR OK
BER RN R DU BRELEHER . A A8
T I T S AT DX 3 18 5 i B () R P AT 2R 5 B
PG A, A X R, B R
K, HEMRE 2t b, Wonss 4 s,

DRI, A S0 456 P 3 2 P i s ) R 3% 0 9
IR 55 s} TR T Tnin 208 IR 45 B F2 MK T-300m I I
B R, AT AER RS BRI IR
B BOTAHPHMAA RS, MY EE. H,
FLZE H P RS OB A % B R ] s H P R A
fEIRE. RS ZE(E R FE S H MM S i B
R[] 12 [X 35k H 35080 05 0B 22 48 5B . i 4a X E
KRN AR KBS Z 8E >, WPUREAE
E L XU o

1.2 BURABBGE

TEXT 22 A2 IR 3BT SR A VP I, S5 52 [A]
FRUE R T2 BV 8. ik, AR
DSOS AL R B 2 e Y ) A T R 5 T
DAAS R o AN 1) 3R A Sl S AE DA A B 1) R it 2
b, AR HEIE BN R VA R
o, AR R SO BUR D R R

X Xz oot Xy

Xo1 Xttt Xy
X=

Xi X ot X

Forr, g 2R S T A 3 1 5 A
HSEH
B KR IH 1L

Xy —min{x,;, x,;, -, X}

Z;= o (1)

B max{xljvx2j7"' ’xnj}_min{xljax2j9”' ’-xnj}

B2 PHEE MR NI M.

P,.,=Zi,/ZZijo )

i=1

WIB TR O .
L
Hf—ﬁazgmmm 3)

Fap A S A U 5 T AR AL
B, AT,

B A Gr g AR B 1) 8, SCRR[8]1(IE ek
HERBLE D) ASTHER[9] (e R Bk B RLE2) % % T 6 A
AR 2 BT Bt , (EADAAAEAR B Z A (R 1
), PIARSCHR W DL Bt

(1—H)w,;+ Hw,

- , Hi<1;
w;= Z[(l —H)wy + EWZk] 4
k=1
0, H =1,
_ 1-H,
Wi = — o Q)
D(1-Hy
k=1
1+H-H,
Wy = (6)

J T T n °
Zp+ﬁ—m)
k=1

b w RS P R R AR H 2551
TR R A HRE A AN TR E 1T 21



108 Tk T f%

#0254

DL 38 i 32065 EL X ARP R BUE AT LA, H 3R TAT
ySIPS R R A SR 4 € TR LU G P Y YR N S R L
WBLERIBUE 7 BC s 0 T252. 3d 8, oot
RIBGE V2B 48/ T IR 1B . FEIR B
B, AL R BLE BB O R . 45
b AR RS BN B

F1 WEHBUERIRRILER
Table 1 Effect Comparison of improved entropy weight method
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Figure 1 Structure of BP neural network
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Figure 2 Elman neural network structure
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Table 3 Example comparison of improved entropy weight method
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322wk

A% 3CHE T Matlabim 72 55 3082 A% 1) 56 R £ T
o PIZREEAIM IEH S 5 BPA 2 P 25 17— F,
A Finewrbe b X B3 — AR AP L2 R0 2% o 1261 2L
FEQIEM L, B FRER0EH, E155R%
FERNF o BERIAR A B e B A B L . AT Ik
EFEARIATZ IR E NG, Hspread = 0.50F, W%
TIEREf AR . IBAT AR AEIS R, HoP K4 n
O R ZEN10.3%, SN R 31X 3186.7%.

3.5

\ — W
30 b —-- il

25

i1

20 FWA
15 b 7
10t

0.5

0 10 20 30 40 50 60
HRAK
B5 FEEREHN
Figure 5 Prediction diagram of radial basis function
3.2.3 ELMAN# £ B 25 0]

AR HE T Matlabdin F2 SZHUN FH ELMANAH 26 [ 28
RTINS o I ZREEAN I A Kt 5 BPA 22 I 2 A 70—
Bfo SIS, W E ELMANA /Y 25 16 R kg 134
fEME T, MEmittae st ARANZRRE



5 W

%2, MWLM, RERM: JETcriticZH & T 772 1 3 = B 42 BB T 111

J2 UL S B 2 380 i L 2 PR A s R 0070 ) SR T A
1E V) s 2 A 3 bR BORD B VEAR B R B, I bR B8R
trainlmpf 30 BT R W eFTR, HTPH4nt |
SR ZEH10.0%, TR 2204 285%

3.0

— W
25 ¢ --- A

20 k¥

1.0

0.5

0 10 20 30 40 50 60
Hodi A

6 ELMAN7HE R 4T
Figure 6 Prediction diagram of Elman neural network

33 AEERETHN
W 3 B — TN ASE 2R A S ) T (B RN EE A Z AR
ARA8) ~ QD) it AR BT iR 2256 N
0.115 0.140 0.133
0.030  0.048 0.045
0.173  0.220 0.211
0.094  0.103 0.100
W LA AEFEAR NeriticiiHf, 7] LAFS BIBPAH £ 4
2% . 4% 10) I B B ELMANAH 28 /0 2% (1 A E 4 9] K
0.467. 0.261. 0272, HEHMARX N
Py =0.467Pgp +0.261 Prpr + 0.272 Py yian o (22)
B FMatlab PG 1H5, 414 TN R T 45
WE TR, HAPB4a0t | 5 ik 22 86.7%, TR
A2 IA £93.3%.

4 Xftborih

55 37 P B — g R TR A R M critic ZH. A T A

0.8

3.0

— W
25 --- Ti{E

20 Y

fH

1.0 F

0.5
0 10 20 30 40 50 60

EE/TEER
7 AETN
Figure 7 Prediction diagram of combined forecast
IR ZE N L, SO T criticZH 25 TR 74 F7i300) v ff
BH TR,

Br 5 & B — T ) 45 AT LU AN, N T AR
criticyE AL A, S5 A g AT 3 b, mr
I BPHIZ I 4 . 45 ) 55 bR BRI ELMANAH 28 ) 2%
(I E 43 ) °80.42. 0.28+ 0.30. Fdzs B —F 7
YRR A T R ZE S E ST b, o, criticd A TR
& IR ZE AR AN, PUIAER 2 5 =ik £1093.9%

R4 TEBRRILR

Table 4 Comparison of prediction model effect

TR AR MAE MSE RMSE MAPE {E#i%/%
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9T AR AR ST SO SR R i R T AL 5
5 O R RGE 20 AT AR T LSS . SR et g
BUE 2060 I BN 2R BEAT AL E Ay B fE vk R AT 15 2
AVE N1.69. AVE, 4083, @1\ KP4t #1k
JE IR ESEEGZ, AT B — 7V I Ml critic
AW, HARZEXS L nE8H~. #54hHRHK

0.6 - BP RBF
04 |

ELMAN - CRITIC 414

% 0.0
iy 02
~0.4
~0.6
-0.8

-1.0 1 1

30 40 50 60

Hidn i

B 8 E-FHEtBitE2M MR ERT

Figure 8 Comparison diagram of prediction error based on improved entropy weight method 2
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Table 5 Comparison of prediction models based on improved

entropy weight method 2
TR AR MAE MSE RMSE MAPE #E#i%/%
BPHIZE I 4% 0.143  0.057 0238  0.122 81.7
FE- Yo 0.181  0.073 0270  0.140 80.0
ELMANM#IZMZ 0164 0065 0255  0.130 80.0
criticZH & T 0.127 0.041 0202  0.109 86.7
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