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Abstract

Titanium alloys have always occupied an important position in aerospace materials. Hardness, as one
of the important properties of titanium alloys, the research on hardness has certain practical value.
This paper studies the law that the increase in hardness of aviation titanium alloy bars changes with
the process parameters when they are strengthened by electromagnetic pulse technology, and estab-
lishes a regression prediction model based on BP neural network. And in order to overcome the situ-
ation that the BP neural network is prone to unexpectedly terminate due to getting trapped in the
local optimal solution, it is proposed to optimize the weights and thresholds of the neuron nodes con-
nected to the BP neural network by using the genetic algorithm with global optimality and the particle
swarm optimization algorithm. The results show that the hybrid algorithm reduces the MAE value
from 0.75769 to 0.69921 and 0.68881 respectively; Reduce the RMSE value from 0.89908 to 0.84161
and 0.83932; Increase the R value from 0.99486 to 0.99632 and 0.99874. The average error reduction
rates were 7.06% and 7.86% respectively, and the R value increase rates were 0.15% and 0.39% re-
spectively. The feasibility of the hybrid algorithm model has been verified. Although it can not predict
completely, it still has a certain guiding role for the experiment.

Keywords

Titanium Alloy, Electromagnetic Pulse, Neural Network, Model Optimization

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/
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BB RS AR BAR BRI, ST TR R BE M ZR R[] [2]. SR &SN E BRI AR
MR, BREEE NS SR R R b —, IR A — E BLSEE3]. B IREEA
R TG SHRCHFEI 5 TE, AMRAAGEE T 23R4t T &m0 EIE SC 4], WS ARG
T T WL IR R AP R R [S]0 0 B P45 38 T 355 (0 SRR A W T A 52 5 A I 7 vk k4T 2 51
FE[6]o AFT 2 NN T3 S N B SRR 43 51 R T Ve 5K 2R G iR A BRI AF 32 20 (1 8 e R [ 7] [8]

Deshpande, YV, Andhare, AB and Padole, PM %% A\ % £ T Inconel 718 V) Hil 14 it 22 THVFHL RS FE 700, & T
JFor#r ma R HEFR(RSM) B N T2 X 45 (ANN)AL #E T %84 [9] . Balonji S, Tartibu KL, Okokpujie PI
S NEUST AL6061 453N T3t A5 Hh i) 22 T HEL RS 2 0000 55 W30, 45 N T A 22 X 28 (ANIND) S5 38 T 1 368 o7 X 4%
AR HEBE 2 S5 (ANFIS) B 77 1243 3 538 1% BVE(GA) RITRE T BEL AL (PSOVRZS 4101 -

SR A 4 T FE PRI 78 K 22 B R 70 B R A AT Pl S AR & SR 2 2R, 561 2% B I A s i
M AR, A ZIRA TR o ASCHE T U RE R oA R & S Fe R, S R 0
BEAY, PRICER A SRR AT R . A LRI A, ek B R R 2 T K &R

2. SCIGREE

HLRA ke 22 T 3G (EPSS) & — Rt i e RE ik it U7 15 5 B3 2 R AR S VAR T AN BROW AH 2R AL 14
SeBER ML PR 11]. HHAJF AT DA E i) BN 5 A4 RERARIE 5k A
JITFH [ F R P 15 6 B DU B0 2. PLC Fiil RS I i IR OT 0% R REFB AL, IR 2R B LA L A5 T
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TARA S . RIS IR AL IS 8 ROVHA S R iERE, LRI R EXT BT, i d
it E AR () [12] [13].
I=1,e" cos(at) (D)

o 1 AR IR RIS, B, =R/(2L), o NENHTRIIHAIER, ¢ NI

SR F HR G S b 5 45 TR A S AT A (R SEES S T R B sk, TR R S A DR P N 4
XK G A 4R ICRE RS AT I & . @I i — e ) F sk, 1EERE S fF B3k IE R TR REIR,
BRI IRACERIEMW, XA SBR[ 14]0 ARHE A 20(2) BRI AT A H I & HY 12 4% He R IR 4 ERAE
1.854x F
T d xd,

Hrb, HV RUERBEE, FRBMBI, dNd, R ALK,

ASCHE A A ZRRIIEAL JFREAT AR, SRR S S H &4, F4K
SEBLER & 4 A iR A IR R IS MU & o BARORUL, 7T BP M2 I A, IR ATAS
[Fl B2 BP A28 W 25 43 BIREAT DAk o G — VI GRAE IR 20 ) o S B 1 0.7 A 0.3, YIZRSE Ak
g sg, FEBNZAE R AELNER R R R 2 25 i 4 2 5 B — 1)
B IAMZACRE 1. WRE 1, AR EE SR 130, T19 WIUAMEEE I &, X% 424.825 AJRERAE
MR AT HAIR SO TR, IR S 2. S RERBATX e, EER A TR G e
EMAER BT R Z RMSE P40 2% MAE. [BIH R % R =P 6 BOR bR .

HYV
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Table 1. General table of hardness data of titanium alloys

F 1. KESEERRELR

ULl s AN LEMmE Behicle BEAME PR R A

T11 9000 2 7 5 367.79 5325 6214 4412 5182 6.235
T14 9000 1 7 5 363.96 4245 5342 4412 4368 5223
T19 8000 2 7 2 424.825 0.925 1.741 2412 1.823 0.634
T27 6000 5 7 5 367.155  17.855 19.127 18249 16.247 18.286
T29 6000 5 3 5 361.71 19.434  20.347 19.638 18.963 19.129
T31 6000 5 15 4 368.725  12.683 11.765 13.412 12.956 11.458
T34 7500 3 15 4 370.3 16.745 17.467 17.898 17.102 16.469

3. ET BP HEAMLEAI TR

BP MM IHINERIEE BN E . — AN EE DL E . N BN N B,
Rk 2 BEATRFAE PRI DL S B2 4 0 R IOWLET, HarH 225 H e 8 ) TI 25 SR . BP 28 o9 2% 174 A S8 ] DA
B b PR DA IR sk AN BT ) T T A 9 A 2 [l A% 3R AE TE B AN R R PRI A R 1% 22 « Kolmogorov & B £
ZAEH, REECHEEZET S, — =2 BP LM% U i E A = IR o2 R, BT AASHE
SR K B2 45 1
3.1. BP #HZ MK E S HRIE

(1) #igatl: FENLPIAAEALE AW E . SHNZIPZTT i AN x, 5 @ BIFGER R TC j KIAUE
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s JBME N H,, MAWNTFARE). Hi /()% Sigmoid LKL WIFAK(4).
H,=f(XW,x-6)) (3)

1
f(x): 1+e™

(2) ATFMERE: K15 BN Z St B2 £ 16 2 H 2 1 i . S FRBUZ &I j 25 2 AUl
wk, BRIME 6, , MR RS Y, AR G).

= s(Zwi -0, ©)

“

(3) REWHE R AL FREUERNBES R E): £ BP A M5 Il iy, wETHES Rk
PR IFAZ O . BT R HIE, MR IR R E . X IR, REBEERGERE
Al = AURCE S A, FEARIETONE S B AR LS B 2 (B R 22 22 R o i 22 B R A 3R A2 1T DA
WX o A=A FEIRTR. THRE T 00 R (6)~(8) [15]-

) THEBME S IR E M ER R E e .

€= Tpred - Treal (6)

2) 5 R AR E 5, FIEGEZE T IR ZE 6,
5 =e: z-pred ' (1 - Tpred ) (7)
5,=[Xé w7, (1-1)) ®)

3)ﬁ%m#aﬁ%L@%ﬁFﬁ%ﬁF%ﬁ5MWEWﬂWE@,ﬁ%mﬁaﬁ% BN
245 A AL ) R 0!« T 57 A B T 9)~(12)-

W =W}+a-s,-, ©)
0,=0,+p-5, (10)
Wy =Wira-8,x, (i
0. =6+p-5, (12)

HhZHa M pRNFASH: «
4 THEERRE

NFSEWIME: 7, S ERTHE.

pred

1

E= EZ(Tpred ~ Treal )2 (13)

WA RRZE E T HIGRE w2z B, B kAo s 3oe i R, IIgREa, it
St Z4R, B0, EAE BT PEQ2)~(3).

HATERZ M2, 1€ Fai= 17 mEE M ARAAEE — N EE T AR — Rl AT 77 Rl i
SRS R A e R T A E o T A DUR LR RRGEUZ M 2 0TS RSB T S AR AR B
Y X TA][15] .

Kolmogorov JEFAI: 3 2 BP #H& M, [R5EUZ 17 S8 H R AN Z 15 s B e .

Nyu =2N,, +1 (14)
BP 122 0 2% [ el = 1 i e B IR THER A 5K
Nhid - tran1/R><(N +Nout) (15)
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mE R AR BREJE ST AR N E T S S A T 5 B R E .
Nuy =N, (N, +2)+1 (16)

out

ERFA4)~16)H, FANZ BIRE. B EMETT A ES R RAN,« Ny~ N, W
FEABERRNNANN,,, » R NEXIES, 1012 AL IEEL . BT AR ET SN0 4, 55508
HLHE . HLAR . 2RI AL, B TR B fan 2 MR 4 4 DB B2 i3 B . AU LA R (14)~(16) mT #5321 4
28 X 28 5 )= 15 R R B H AR AE[S, 1312 18] X T —Sefif B A A g A, A N N BRI o8 RN AR
SEMI, AT DL BRI 2 2] Z2 (i 0.1) v RE AT DLPRAEWCS:  1ixd T2 R MAG IR jE, i3/ i) 5 )
(W1 0.01) I RETERRE, ASEFEFIHN 0.01. BT e KEARIREL net.trainParam.epochs = 1000, 7%
/{E net.trainParam.goal = 107, i /& & 2 — BT R al {22 104X,

KA R SEEAREE EUZ 1T N [BE HAl i) S S 8%, it MATLAB AW, &%
B e B2 B AT AN 100 B2 5 AN, RMSE . SRR IR % 2. B2 35 55 M08 10
AR I ZR SR AN EE ) RMSE #RELE /DS, B E IIBCRET - Ja 3 GA-BP. PSO-BP 122 [ 2% 4
JEATE BP #HA 28 LR B0k, A BP MM A S RN, B bUE SCE it iR & i s 4y
Fegs 217 s B BUE N 10,

Table 2. The number of nodes in the hidden layer of BP neural network, RMSE value, and the fitting effect index table
3 2. BP HZMEIEET =8, RMSE B, BAMRERR

A 254 RMSE {4 RMSE YL R MELE R AR R
6 1.1248 3.2477 0.99859 0.97041 0.99506
7 2.8362 5.3276 0.98015 0.90615 0.96808
8 0.8507 1.2106 0.9982 0.9899 0.99723
9 2.4892 3.234 0.99853 0.97515 0.97847
10 0.62074 0.89908 0.99923 0.99486 0.99859
11 1.3005 3.8837 0.99897 0.97979 0.99373

3.2. ET BP #H&ERMEFMMERE TS

FIH MATLAB #47 BP #14 WSIA T H AR & SR A Rl 1 s WE 1(a), B 1(b)FIE
3 ATt BP P28 ) 2 FRUII AT R 3G 48 1R I 2R AR AT SE () MAE {B 73794 0.51341 #10.75769, RMSE 1{H 4>
19 0.62074 A1 0.89908 . L S AR M 1) h G BB AR FF W) &, A B 22405 A R IS o0, HLH Ak
PN TR S RO TS, B IR RN .

IFHME 1(c), 1(d)RT BAF HH IR 8 A 4R 1 FREII B DR A DRARR 78 B SIEAB IRl A 2R B, AR 1Y
RN TR 2 — 5. R LMIER 1% BP #4025 0 A% B0 m DTSN HH K & 4R B 3 (A 8 pb i 35 .
2% 3 0] LA H T 1A R (R VA 2R B R = 0.99486, K EHZ T I 255 1 BP #12 / 2% TR 7Y H
A R4 R ge ARz Ak se

4. BT GA-BP HHEZMERE SER MR
4.1. BEEEZFIRE

(1) X fe] R AT G L
IX 2 N 8 A% SEE R e el R 1 B R R LI A 7 AL s ) g B AR S R (g S i)
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Figure 1. BP neural network predicts hardness increase. (a) Comparison of the prediction results of the training set and RMSE
values; (b) Comparison of the prediction results of the test set and RMSE values; (c) Predicted values of the training set VS
true values of the training set; (d) Predicted values of the test set VS true values of the test set

1. BP #HEMETNERIEE. (a) IHETUNERIEER RMSE {B; (b) MIXEFUNLZERIEL R RMSE 1&; ()
IERETAME VS NILREESE; (d) MIXEFUNE VS MXERESE

Table 3. Index table of hardness increment prediction by BP neural network

3% 3. BP I ML TUNRE I EMRIEIRR

PRI IRE CFEER H R E BTTRIRE

1 25 X £ I 25/ g 240 R? ISES
BP #e Mz IR eE AR MAE MAPE RMSE FH R R
o YIZrdE 0.99731 0.51341 0.082542 0.62074 0.99923

TH A i
M4 0.98184 0.75769 0.041298 0.89908 0.99486

ASCEFF LI . el B I E AT R, A RS MM I S Y T ORI A
AMEFRIR A 5 SRAR ] A 3 — B SR o B B DU N R, JF IR IR A2

(2) ESCENEREL, ERAI IR LRI

A BRI 38 N FRE PR BSOS i DA R SR A LA B LR, T LI P o B 5 B B8 AR U N
AR REMEIEN T AR, BT HAE N AR RN o 38N FE U SR B T “iEH A RBEA L
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FRHE

o FEASC PG N RE R U H AR S KA S AR, BRI/ R T e -5 S B ) 22 1] O 2477 AR
I o WAE R T PR e A 1R 72 e /NI P 5 S J (R ZE DN, &SR FBOR), AT s A
REHrERE. wHXATHIIR.

]ength(x,»)
F:1+{1ength(xi)>< (x, —xl.')zj (17)
i=1

Hor, length(x,) NUGEEITHEG  x, B x' 3 BRI GREEREA P 1 AN LSBT .«

I T ARSI Sy 130, YIZREERNIASE 703 A7 Lk 0.7 #10.3, BTLL length(x, ) = 91 # Ex(17)n]
M5 H(18).

F:1+(91x i(x,—xl.')zJ (18)
(3) MAIEREARILERE, BEARGRER. X BREEE T, A —FE16].
1) 4 ASCRAIME R IR, MR p (i) SHIER AR £(i) BRIEL, R A5(19):

P()=7()+2 /() (19)

Horb, AR PR AT DY G B R IR AE p (1) K/, BTl “BEB” i — MRS | e,
MEEEAE p (i) B, TENEEE AL S48 AT R AR R, B R mT Rt K. (R VA 50 4 3 7 3 L FEE A O
INIIAMA, A AT RERE R R IR RURAIE T “ IR BRI R
2) A& AT EMAE SR AEMB LN, 6 ARTME B LA, BUEEIENH T2 XM
Jrik, WA BRI 22 /M SRR AN FIAMA, 8B R & 17, TR ROR M.
Rk o, 1 a, FE55 1AL BT AE XCHAE, 7 R K(20):
a,=ab+(1-k)-a,
{aj=a,ib+£l—k§-aj (20)
Horb, kA b HZECE X TR [0, 1146 24
3) R HAF RPN AL S RYIF R R 2R B 2 — o SR SR I I AR A AR S
PERARFE “HER” ZFEME, N SEI0 I FE o RN R R ARV 2R S8 A2 AR . TR LRI
okt RN s BEHLAL BT 0~1 RIS, B, SHAAME p={p. pyor-s proees p, | AT SERAEAT BT
A& p'={pl,ps Do py | AR R U1 R 20(21):

pk+A(t,UB—pk), r<0.5
i = 2D
pi—A(t,p,—LB), r>05

Hr, UB FILB %y 514 p, B ERRFIRER: 7 28(0, DZIAIIBENLEL ¢ AL
A(t,y) I LI F X(22):
Aty = y.{l_rm J (22)
Hor, T ARKEURE: p EHlHE—BUE 28, —BIUE 0.8, WIEXFEHITHE TR A(s, y) MEUE

FE0~ p 218, B ¢ 3G INZH L 0.
ST BP # SR SN EE N 4-10-1. 4R ETHE R I WIIE LB 4x10+10x1=50 4>, BI{E A
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10+1=117, BEBALEVEYIIA AR P MRS N 50+11=61. FEFRIBIERR, &Rt E
WK, R 7R ZEARE vT F 0 o B B UROR A E PR R . i 22 TR, WA [E R B RS 0 SR I e
FRIREN o 6 FRAE DRAE SRS E MR AR I RTHE N, THE B BN R AR, A STl i 1A% S i ol
FEIUE pop num=10. FRSEHBE N, BAEREL gen=100; H KiERIKEL net.trainParam.epochs = 1000;
R Z2B){H net.trainParam.goal = 107, Zifd, iE#E. TN, BRSEKE N T L 4,

Table 4. Key parameter settings of genetic algorithm

? 4. BEEEAXBSHRE

MATLAB %% B SHE S X
prec = [le—6, 1] TE X T SEEME IR VG, AN 1070 F) 1
normGeomSelec = 0.09 H— Ui B 24, B THsblikse s )
arithXover =2 BHARAE X (Arithmetic Crossover) IS5, HT#5178 X #AE
nonUnifMutation = [2 gen 3] L5078 5 26 $(Non-Uniform Mutation) ({125, -T2 H)48 Fig/E

4.2. GA-BP #ZME RE X RIE

I FH 38 4% S A BP #0128 ] AR EU N= KB IR [16].

(1) BP 145 W 2% 55 R B 5

(2) BP & MESHEUE . BIE)Lk: AP AMREIDYE R BP MM h it , BiREE
FINE S BaE R R A 2 T B R R S i 4 A o B 5 T R B A AR MR RE R, A
ITEPE. XX RGBT, IR0 & R R M T — AR BRI, KR
PARRD, K AT S BB R RE N BP &R 4 s e B . BIE AT 3 O R 31

(3) FIFHRALIE 8 BP 22 263347 T«

4.3. ET GA-BP ML FNER B E L& FaxTEL 534

FIF Matlab #4T GA-BP #Z MG 1T HECA SR BEGE M 25 R an ] 2 FoR. TR 2(e) & N
HUFEAE 3 DNTAL R, REHIES 4. 11, 414X, 7638 3 MR SN@L R)ZJEMRL 1 AR, &R
FEAERAE T 2RI I, LT 41 R TPRMIRE 2 5, ENFEELE 41 ARG AR 7 AxfaE, I/
FRFEE 0.0118 ity BUEHEVEAII B, StRM S EEN 2 RIMaET), RBER “@” 1Ersms
TCZ IR HIAEAE AN B . BT LAEACRT LAAS AR IO AE P 3G (st % Bk, RS A 41 FREAS .

ML 2(b), ] 2(d) AT A H a8t A% SE A A Ik o 422 X 28 AR R ] L B B 000 B 5 < FXD 4 O EE 8E
EFER . 2R, RBITEL BB REM AR AR, S E A T ) w22 58 /N . Bk mT B
TS HEH, GA-BP #2028 IR Y 1 Dk MR R-F 3 48560 1% 22 MAE B A 0.75769 B3] 0.69921; %)
Ji iR 1R Z RMSE fH A 0.89908 4% 0.84161; [FJH 5% R fHM 0.99486 $&7+E] 0.99632. PR % f (K%
9 7.06%, [EIVEHREERTHZ) 0.15%.

Table 5. Comparison table of evaluation indicators for BP vs. GA-BP test set
% 5. BP VS. GA-BP Mk ST Migtrxt bk

TR A 7Y MAE RMSE PR ZE PR R EVEES/@ R {HIET R
BP 0.75769 0.89908 ¥ 0.99486 ¥
GA-BP 0.69921 0.84161 7.06% 0.99632 0.15%
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Figure 2. Prediction of hardness increase by GA-BP neural network. (a) Comparison of the prediction results of the training
set and RMSE values; (b) Comparison of the prediction results of the test set and RMSE values; (c) Predicted values of the
training set VS true values of the training set; (d) Predicted values of the test set VS true values of the test set; (e) Fitness
change curve; (f) Regression coefficient R of the test set
2. GA-BP #ZMETUNRERIEE. (a) WEAETUNGERITEL R RMSE &; (b) MIXEFMLEERITEE R RMSE 8; ()
WZETUNE VS IIGEELE; (d) MIXETUIE VS MIXEESE; (o) ERETELZ; () MXEETRH R
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5. &£F PSO-BP #HZMLEHIE S ER TN
5.1. NFEEZRERARE

PRAERT PSO B35 Jo K T W] BERI R IRy — ALBENL “Riy” (BENLR), RIEEA “RiT” 7>
HE T ERER TN “RIKLT 7 R IRE R AR - BSAFAE A n ZEZS[8] m ASRLTHIREA, 565 0 A “HL
T EAE S X = (x5 X ) UV = (v 0,0y ) o FERRGEA, A BT 8
HEREEPIAS “EBRAURLT” RAWE T E O BN ES . B4 “RIUEL T 2% R AFH#
B AR ARAR, BB IXA LT PR AE pbest = (P, pyre s Prg ) » T3 AREEFIRE L AT
B2 R BARAR gbest = (81,8002 81y ) o REVXPINBARARJT LT ML 22 20(23) ST B L o B Ak
JESH . KPR RERT S U IR IR 4 6 .

v, (1) =wxv, () +¢ %7 x[pw. -X,; (t)}+cz><r2><[pg,j -X,; (t)]
X (t+1)=x () +v,, (1+1)
J=12end; i=12m

if Vi,j > Vimax Hﬂ" Ey vi,j = vmax; if vi,j > “Vinax Hﬂ" E:/v Vi,j = _Vmax;

Horr, w NBHERE; o Mle, NIERIZESIA T A #ON[0, 11218 ATRENLEL v, AECORBR AR,
Hyv,20.

(23)

Table 6. Symbol description table of particle swarm optimization algorithm

6. RIFRHANEEN SRR

e & SRME G

X, 5 i AR (R0 B ) R (BEHLAE A D 4Es3i

Vi 55 1 ASKLT R ) B (BEHLAE ) D #EseH
phest, 85§ AR B0 s AR o D S
gbest, RLTRER 45 I s et fr B D Y ¥y ) &

o PR (B IS AR BT FEAIR) 0.4 — 0.9 (L)
G, 2531 (L 2 5 5 ) oS anpen)
ne )53 A B AL (0, 1)

T B RIEAR B [100, 500]

& SEAVAEA e/ TN 107

SR PN S IR e
(1) BEEPIAIL: R TR BRI S HTAL.
ﬁ$:¥34&wJ%F%%§MT%O
UB =[ub,,+,ub, " JfiRzsi] 15t
i 0 e(-|UB-LB||,|JuB-LB]).
(2) FERLRE WA S RO : L 5 S 5
1) S LR FIERIE =L (3, ()5, ()’
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Hrby, NESHE, p NBBTUNME, NOAREARHE.
2) B[ < o WEHAIA: phest™ =20, g, = 1.
3) # min (f,,bm,l,"',fpbm,M) < Soppess » BB 42 JRy B AL - gbest") = argmin ., i o
3) K TFIRSEHr: HESAEIETE .
1) HEHEH AR vfm) o v+ (pbesti(’) —x,.('))+czr2 (gbest(') —xf[)) .

2) FrEFEHAR: 2 =2
(4) WARLHRMER: R RILRIEIE,
(+1)
1) ﬁi}g%ﬁ&rﬁ” v§;+1)={vmaxa Vii " 2 Viax .

v(t+1) v(t+l) <y

i Vid S Vinax
b, x<Ip,
2) prEEm: A =dub,, XU S ub,
X x ’“> e[lb,ub,
(5) Z1bRAHE . USRS . i e H—RIH]
D =T, (SKIERKEER ).

2) |f9, - fiM <e (GERIEEAS G RIE).

(6) Mgk 2REIm gbest S ESIIEAEN fghesr °
5.2. PSO-BP {HZ M 4% R KR T

BT BAEE R B 1) BP #E W28 LA HL A7 AE [ G BB o H b ek 50 T R R A /s 150 55 S B0 GRSy
S 2 52T 73 A UK T o 4 BT B B TR T B S04 BP A4 I 4% 5 LR AETE = AN 71
BUERMESRL . FhgE et F MNP k. SCBIERA f b aE AL Ba IR R I R 28, S ST A
et 1oy e BTk, HATR 2 E I 7 VAR AR T e N 4 S BB A RME R4, BT DA SCEE ok
4k 5R H PSO BEALAL BP #4148 W 28 [RIBUEL AT I . BAR I BRI AR QR

() Wiat: n, NEINEME T SN, o, AREEME LT AN n, N ERZE AN
KiFRE4Eni 3 D i v (24), THEWTE DEAN10+1+4%x10+10x1=61.

D=n,+n,+n xn,+n,xn, (24)
(2) WERLTHERE T R Ak BP #2511 77 22 (MSE)/E id B 5 B % R 2(25).
1 (&
—ﬁ(;;(yk, 5 ) ] 25)

Hep, oy, XA K PR, D, XA K SEER . MOUREARRIGERET B0 KR -

(3) FIH PSO SHikARAL I ¥y BP 1 22 0 285 (1A AE AN B AR S W46 (AU AN B A T IS AT B

KL B4R D R QWhE N 61: KA 2T QSVENERE R H. AR I maxgen =
45; FhEEHURE sizepop = 55 B KIEARIEL net.trainParam.epochs = 1000; 1% 2 B {H net.trainParam.goal = 105,

5.3. &T PSO-BP HIZME FMRE K E VI E FIxFEL 534

A Matlab #E1T PSO-BP M2 284 & TH5LER & e FE B A 45 R A 3 Pos. & 3(e)h X Bl (1
FRRIZRRIEE G 0 2 30 %8 Y BRI T7 R ZE(MSE) . MSE RS (1 Tl 1% RE bl 7«
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Figure 3. Results of hardness increase prediction by PSO-BP neural network. (a) Comparison of prediction results of the
training set and RMSE values; (b) Comparison of the prediction results of the test set and RMSE values; (c) Predicted values
of the training set VS true values of the training set; (d) Predicted values of the test set VS true values of the test set; (¢) The
variation of mean square error (MSE) with training rounds (Epochs); (f) Regression coefficient R of the test set

3.PSO-BP #HZMLETUNEFIELER . (a) IAKTNLEERITEER RMSE 1E; (b) XKML RIS EL K RMSE
18;(c) WNGREFUNE VS VILEELME; (d) MREFUWE VS MIXEELIE; (o) ¥75IREMSE)BEVIZEE X (Epochs)
HZER; () MXEEFREKR
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FRHE

W AR ER MSE; Al R RIUEEN MSE, 1% M2 17480 mT DU AR 2 (132 A RE 77, R
B A WA B ) T BE 775 4L G 2R AR MR EE Y MSE, 1% i &l R R g5 R a4, T oAl
BRUE e AR WS FIR I . 7EIRAR 24 2 515 BRI MSE {H°4 0.00016308.

M 3(b), B 3(d)RT LA H e RL B S A0 A b 6 Aol 428 X 45 T L B o Ay e 00 K 65 4 P 4 EGRaE 52
WERE R 2. LRI FBORREUN AR AR R, ESHE A TNME w2 58/ o HR T L
MF 7 F i, PSO-BP #1248 [0 4 FRUIIAS A pl Dk I AR 1P 3 46052 22 MAE {E M\ 0.75769 B3] 0.68881;
¥R %% RMSE {E M 0.89908 [%£] 0.83932; [FIH AL R {EM 0.99486 $&7tE] 0.99874. “FIJiRZ (K
HN 7.86%, [HIVAREFRTFE) 0.39%. X Ui B T FIFRLF B A 00 BP #H& I 4 3EAT R0 LA s L7
TREWERAT 2 A R0, HARERA 7L AL BP #h & MKE, [ R % R %A 1521 2 4T
Gt 551

GA-BP #£: [ 25 Al PSO-BP #1428 [ 25 [ BARSLAGIE GUxt L R3¢ 7 Fas,  mT DA VR & 55 0 o0l
FEFERA LA T 51— 1) BP W22 W28 o B0k £ 0 T 258 189 4 P T, R FiORE 7 JRE RV 0 BP 1 22 I 286 T 0
R T AL 5, SRR AT RETE TR PR RVE M S HCE A WSCEIE R, 5 BP 414 W4 1) B AR
PE B 58

Table 7. Comparison table of optimization situations between GA-BP and PSO-BP
3 7. GA-BP VS. PSO-BP ffift iR xftb %

T4 MAE RMSE TR FHAMR  RERTE
BP 0.75769 0.89908 I 0.99486 ¥c
GA-BP 0.69921 0.84161 7.06% 0.99632 0.15%
PSO-BP 0.68881 0.83932 7.86% 0.99874 0.39%
6. &t

PRI R SRR A SR PF R SE IR SR (R . FRLZE . ZRIBIITL . 50 R v 00 R i 498 1 A A S BR 4
5, EALET BP MM ARG S RIS E TIELY, JFRH MATLAB SEIUBEAY (155, 455808, K
££11) MAE {60 0.75769; RMSE fE4 0.89908; R {H4 0.99486. %X BP #2228 (M T- #1462 £ ik
B, GFENRE s T B E R AN T 25 R skiG . e BRI B A 2R s e L H
ERRL PR EIE NS BP R 28 B 22 701 AU BUE AT BB AT . S5 R, IRE L7
¥ MAE fHM 0.75769 [£MIK%] 0.69921. 0.68881; K RMSE fHM\ 0.89908 F#{KE] 0.84161. 0.83932; Hf R
BN 0.99486 $-TF %5 0.99632. 0.99874 . ~F-351% 7 B 73 7N 7.06% 7.86%, R AEIRTFH 73714 0.15%
0.39%. ik TIRA FIEEA AT, BANRETE R T, (FN Sk T U B A — e e SEH .
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