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ABSTRACT: In order to achieve accurate prediction of surface roughness of magnetic abrasive finishing, the precision prediction
model of surface roughness by BP neural network optimized by genetic algorithm was established. Taking the surface roughness
as the target of prediction, five main process parameters affecting the inner surface quality of 5052 Al alloy tube by magnetic
abrasive finishing as inputs of neural network. Through the orthogonal experimental design, the surface roughness under

different process parameters was obtained as the output of the neural network. By establishing a nonlinear prediction model, the
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prediction effect of surface roughness before and after optimization was analyzed by comparing the mean square error and

simulation time of the optimized genetic algorithm and the traditional BP neural network. Based on experimental data, the BP

neural network with 5-11-1 topology structure is established. The mean square deviation of the prediction model is 0.044, the

simulation time is 0.187 s, and the average relative error rate is 13.2%. The mean square deviation of the unoptimized BP neural

network prediction model is 0.231, and the simulation time is 1.840 s. The mean square error of evolutionary BP neural network

is smaller, and the modeling and simulation time is shorter, and more accurate prediction by evolutionary BP neural network can

be achieved. What’s more, the BP neutral network can greatly avoid the disadvantage of traditional BP neural network easily

falling into local minimum.

KEY WORDS: magnetic abrasive finishing; surface roughness; prediction model; genetic algorithm; BP neural network; 5052

aluminum alloy
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Fig.1 Inner surface principle of magnetic abrasive finishing
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Tab.1 Factor level

Spinning Abrasive Axial feed Process

Level speed Machining particle rate time
/(r'min™") gap/mm size/um /(mm-'min~') /min
1 400 1 135 20 5
2 700 1.5 200 40 10
3 1000 2 280 60 15
4 1300 2.5 475 80 20
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Tab.2 Test parameters and results

Test Spinning speed  Machining gap  Abrasive particle Axial feed rate Process time  Change in surface
number /(r'min") /mm size/pm /(mm-min") /min roughness/pum
1 400 1 135 20 5 0.17
2 400 1.5 200 40 10 0.58
3 400 2 280 60 15 0.56
4 400 2.5 475 80 20 0.29
5 700 1 200 40 20 0.43
6 700 1.5 135 80 15 0.51
7 700 2 475 20 10 0.17
8 700 2.5 280 40 50 0.41
9 1000 1 280 80 10 0.60
10 1000 1.5 475 60 5 0.17
11 1000 2 135 40 20 0.27
12 1000 2.5 200 20 15 0.48
13 1300 1 475 40 15 0.29
14 1300 1.5 280 20 20 0.48
15 1300 2 200 80 5 0.30
16 1300 2.5 135 60 10 0.24




508 B2

TRRAE BT kAl 22 I 2% 1) R BT 3 THIRELRRE 2 T50 7 2 T 5 - 97 -

2 ETEEFEMAMAR BP HEMLE
F) 3% T RELE B Tl 4 BY

2.1 BP &M =2 HIE

BP #2848 25 an &l 3 Bis o i ik MATLAB
A BP PR 8 A RS, SRS RAE LIRS
PERR o AR I BCEF e T , ARTAELe: R
AR T LA — ™ PR RRUZ A 22 R AR 2 e kU114

WERLOFEE N T 5 Fh T2 S 80 o 22 I 4% 1)
Ao B 3, i —is /& BP AR AM, o,
(i=1,2,--,5; j=1,2,---,11 ) FREAZ A Z A0

TRZIE AR, ji—n FoR &2 N2 o0

R o (k=1,2,--11) FoRFa& 24 25007 5
ZIIMARE S, & RonEibZMAERITy e, ak

o 2 0 BRE, by A 2 00 B(E . A 2% 2 F v
B2 EABON n AR S m RN
n=2xm+1" KGR, EASE m S AT,
BHSEON AT, ARG n Ry 11 A
R, 5 BP MK S5 R R 5-11-1, 245 66 MUE
12 AN BIE, BT DA kT Z A I S50 78 1
YIRREA R — B B NG S =z =, &
BP 2 45 BRI 10 40 s 18 R i AREAS , FHOR
VI Ry R I E A=l Rr W o3 V& X (S R 4 OL TN
FEAS, 1R 2% I i 5 3

Hidden layer

Spinning speed

Machining gap

Abrasive size

Axial feed rate

Process time

Output layer
b,

Proughness

Kl 3 BP iR 2 45

Fig.3 Structure of BP neural network

2.2 BEEXEML BP HEM KR LI

AR — P R B Mgt R L 25 Ik
EH A" AW BB T AR A LA o i i il
IO7E PRE PR, R ERAE | S AR A S 4 A AN
W AT BT, R R A v 3 OB e ) A TR R AT R T 3k
W, i B REAR A A AR T IR P02 R g A B 4 )
AL B KURERS U5 BP 1 22 W 25 5y B A\ Ry i il /MEL
AR AT o JEEA% B 1 ) 3 T JRE PR BN A2 32 5 AT (R 5 A%

PR, & AIRE B,

i i A SO 2 BUT S E BP 4 M 4%
FrADAi A, DA IR A 1845 503 ZEAIE A O ASLAEL A 9 fEL )
AR, BB TA R R ERLEL . Tl B AL SA RS BP
22 0 2% B 0 A ASL (LA B EL ) DI A, S B REORE AT
SRS FE (R TN 2, S i st A 3R 00 fL BP 1
LSRRI = AT ERIy . BP M2 R 244 MY
K5 HIRAEFIEILAL BP #2250 46 M AU ELA Y fE;
PEAL BP 28 W 28 BOAE A I SRR RS . 151 4 Oy ik



.98 - £ W O A 2021 4 12 H

Determine the
network topology

|

Initial weights and thresholds |

! ’W‘ Initial value coding

A

Error is the
fitness value

1

1

1

1

1

1

1

1

1

| —> Cross
1

E
E Variation
1
i
i
1
1
1
1
1
1
1
1
1

1
| | Data preparation

Obtain the optimal
weight threshold

|
| Calculation error |<7
|

Weight threshold
is updated

i

v
Select

N
Satisfy the end condition
Calculate fitness
values
Simulation prediction,
get the result

Satisfy the end condition

_____________________________________________________________________________________

M4 SRAGEIEILAL BP M4 45 A 30 i

Fig.4 Algorithm flow of genetic algorithm optimizing BP neural network

1k BP #1845 A o 20 —— Average
B 3 P 0 T 25 R R, BRI P 8 new £0) 181 ——Optimum
BROR A BP M2 45, 4 15— ki A R tor
Bl LB B 24 B SRR A o 1 ¢ B I A o 2 A
TEZETFRLJ I 1 R 1 — AN R LR 0 B 1, grr
17 XERERNZ ML, <07 XERIMZ I, T =

sigmoid FRACEERA 0 B 1 2 (] H Wk L sk, AL, 8
BP 12 192 111 25 FSOR R 22 sigmoid(), W24 jX\L‘
2

URATRUR 38 I R HCRRE AT W 4R AT IR . BP .
H R L R A H BB T R 0 5 10 15 20 25 30 35 40
A A 30, TR 4 0 B « 2 ) Bolving algcbra
0.1, BACRE 100 K, PILRHTIE ER 0.000 04, s JENLIEiER
505 AR A P 1 0 B A S g2 Hiiness eurve
BP 2 8044 B G LA (MBI o S b i 3
i 1,
I

WL fun() BB IFHRLIE RE (L, A6 A
lul
REOUALIE R, A5 (0B, FREBLEE, 2SR

B R B AR . % L i A B R 2r
IS SEAE A g R A B S AN R R R I o Y S

(=] —

[———o
o—

—o

—o

ey SO

> O

o

—o

——>o

Optimal value
L
[ —
o]
g

SBEEAE Ry R AT, PR i L AR 2 N 245
9% GABP_FUN pREUTT 3] BP P28 W 25 5 22 1Y
0 10 20 3I0 4|0 5|0 60 70 80

HE A T (5 000 B AR DR AR L R 2 A X SR
1, AERE N . Ho S B R R AUE RN 3 (H HES 1T

o S NEN L, 17 RGBT

FEAEAE N R B il o 1217 RR )T, 19 BB ki Wight and threshold
JG 1Y BP 2 451 78 MAUE A /34 (E6) K6 Ak
ke AL BP 25 0 25 B2 A S5 UM A B 4 Fig.6 Best individual




508 B2

TRRAE BT kAl 22 I 2% 1) R BT 3 THIRELRRE 2 T50 7 2 T 5 - 99 -

55 AR 09 BP M 2% FERF T GA SRl
M AN R o B e Xt e L A ASL(EL AN B (ELRE AT 204
AL FIRYHT 55 i )= B B 5 = ROAUE,
56 3| 66 MG ZMBIME, 67 B 77 MFE)Z B
JRBIRUE, fJm— A i R BIALE . KA
(EFI B (E R 20 R 28 S5 A 280 b , REaEAT 0 2% 1 11 25
AT

2.3 RBEIWME RS

Xif e BP #4904 AL RIS A TN R 25 ( B
SN ), SR 2ZE G T 0, BRI
TR AERG . AN 7 BN, R G0RY BP R 4 Y T
MR 2 KA A 0.86, fe/ME A-0.45, BEALJE
Z M TR Z I RN 028, fe/IMEF-0.33, X}
FEAT AR 3], Rk o 28 I 265 HE A% G 1 28 0 45 1) T 00 15
LR ANBENT T 0, TR0 v 5 o v

1.0
0.8
0.6
04
0.2F
0 »
—-02F
—0.4r
—0.6
—0.8}

-1.0
1

—BP

Error

3 4
Sample

K7 iR
Fig.7 Forecast error

S B 7 U ] IR J7 2% MSE A7 T T
BRI BRSJE . %L BP M2 R4 H1 GA (LS
Fy B 225 5 4 2 4 T RELRS FE 4 000

k
MSE%Z(Ak—ADZ (M)

A A MR kAR A 2 ThRELURE B TN 4,
St AR R ke A REAS () 3 v RURE S

TE MATLAB H sy 22 R4, R4 I il e 22 )
AT T 2550 0.044, HEA{ ELE R4 0.187 s, f&
i BP ML MLEEIRIY 25k 0.231, AR5 F
)47 1.840 s PR MY (32 17 25 A 8 B o
WA 8 R AF 1, iib)E BP iz M4 L5 BP
o 2 0 4% TN AT 0 0 B A, BRI AR S B
W 26 ELAT T 4 A TOUIKS B8, B 005 A 5t sl G s A S
He/MA

B B0 AL T 010 S 289 A0 X 45 22 1 A DF A il 228 R 2%
AT RGP, SEIIAIXT IR 2E ARE K

ARE = l i (LA"} 2)
Al 4

s B ER ke ANREAS B S TOHURE B TONEL s A
S ISE AR 2 ke A REAS 1 2 T LA 2 B9

1.2

—BP
—Evolve
True

—
(=]
T

o
o0

Forecast value Ra/um
1<) =]
SN N

S
)

1 2 3 4 5 6
Sample

P8 e THTHELAE B PN (55 1 (L Y LE A

Fig.8 Comparison of predicted and tested surface roughness values

0

Rl Bt . g 22 28 AL IS i BP #i22
o0 2 ARSI 3 A7 1) R TR BE HE AT X 1, 35
XRZE, ARRUNEE 3 R,

®3 REFATNERXTLL

Tab.3 Comparison of test and prediction results

Test Ra/pm BP GA+BP
pumber  Test BP GA+BP relative relative
value  value value error error

1 0.290 1.149 0.340 2.958 0.172
2 0.602  0.152 0.439 -0.747 -0.271
3 0.168  0.489 0.445 1.908 1.649
4 0.518 0.466 0.187 —0.101 —-0.639
5 0.558 00916 0.710 0.642 0.272
6 0.428 0.890 0.260 1.083 -0.393

Average relative error 0.957 0.132
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