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Abstract

In order to solve the problem that the soluble zinc ratio is difficult to be measured online in the
roasting quality of zinc smelting and roasting process, a Deep Belief Network (DBN) algorithm was
proposed to predict the soluble zinc rate. However, the DBN network structure is an important
factor affecting its prediction performance, and it is difficult to determine the appropriate net-
work structure. It is proposed to use the information entropy method to determine the appropri-
ate number of hidden layer, then use the PSO algorithm to optimize the number of hidden layer
nodes and learning rate, and finally determine the DBN network structure. The method was vali-
dated by data set simulation and practical application of soluble zinc rate prediction, and com-
pared with BP neural network and RBF neural network models. The results show that the DBN
network structure optimized by the information entropy method and the PSO algorithm has high-
er prediction accuracy and stronger fitting ability.
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R R PR TPz —, Bk 22 Jn, R M EREERRD R TR R
B 8 PR IR W AT o RRIREE . Reir [] . XURHEG S5 Ko B A 2% 1R B4 00 AR BB R D 5
B, 0 TV B A BB o DR SRR T VA B S A VIR TN AN SO B i SR 3R e R
17 EL AT T 25 R e I 1 B e et A T S s L IS s e b i As e 12, PRI MRIE R AR 1R
PRI IEH 1817 .

N AR X 2 ABEADL ) R ORI AR 7 2K, FEAL &S 2 (ML) LR e (AT A48 45 45 2 i E A
Hinton #$ZH2 1 AU B S M4 (DBN) [1] [2] [3], #&E I AR L Fa s 2 SURrA gz . H Al
V2 GUBHRA DBN KR HI[4]-[16], R4 DBN {EAR 2 U8 — €8 _EHUAS 7RSI AT, BT
A I R T A R TN R SCRR AR D . PRA[17)38 ] BP MM E8 %, BB . R AE
AR BN, TR A ot SR AR, BARBE BN HERL BN AT EE R, (H BP fA 4%
BOE IR TIRIZEE, 16 REREAKCE T X A RO R AR e A i B, 2 Aeie 2 BIIR S, #Emie
M S P AT S, WG AR AT R B R . WCR FH DB 1907 3 v B TUIU 65 A0 mT e 20 ELAT A 24 K ) s L
AN -

DBN 24 f)4F ri2 B LR Z R 28 5, 38222 ST NZR 7 a8 monf 2R AR 2 itk eR bl & E 0
BT R AT RE . PR B E — DS @ MK AR . AESEBRIIBIAT R, B G R T B A E
AN, —ROEHIERRINZR, 2R RIEFFIER LS. Shen [18]3id A\ T RARXK:# £ )
DBN 2% &k, HHAE K M2 G5k B 28 EAG L, 3G DBN BRLEAT I (A 4G, MMMt peic . i,
AT B IE A HI M 2% 54, % DBN £ N T RE QUSRI B IR 7T, By BB e BEXHZ AN 1A
G B 2 R R 285 R PSO 5% DBN [ 48 S5 44 [ e 42 70 A B 2 3] R AT AL Ae
B E — NI DBN MBS . X FERE S S R S5 M S HOE TS H 1k, 98 HORHS RS BE (0 5
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2. DBN Fl#REY

DBN S M 458 A= M 22 X 48 BT 50 S ik JE A I 2 2 FE TSI, MR A i 2y, 3 i BB &5 M SR 40 A
HEWT HH BUEREAS 7341 DBN AR b 703 3o 11 25 WX 45 435 g v PRI 28 16 1) PR ASL 468 75 8 /N 4 28 6 I 28 14K 4 B3t
KR R dE, T Z I RASE, AR .

2.1. REEEME

TRIE2E S IMESL 2 — /& DBN, ‘B2 ANRE 3R 2 2HPU(RBM)Z41 K. HigH 22 kR m
MES, B ZE50), A Hinton 32 H A0 HEH P LEZ BB, BiE B FrE R
22 SRR A W 28 S5 M IBUE, AT IR BB H 58 6 AU RRAE

RBM HHZHM, WE 1 Frws.

Figure 1. RBM network structure
[ 1. RBM WZ&&5H

BB Az EEaERERE. —EETAE, ERMANE, —ERREZ, Hra T Skt

ML AEAR ST LRI 0 863 1 1H) . B TMZE N v, BRIEZEN b BT ITEE 53908 my n, NI
HAERIREE RN A:

E(V’h|9) = _2112j:1viv"ty'hj —2LaV, _Zjbjhj (2.1)

Hfs 0= {w,,abl & RBM B4 w, RTTUETE i SRR NI j 2 FERBRUE: o, b, 1%
SRATYLE TR HUE HE O L. T Bolizmann 48 A RIS (1 AT AR 5L &S O A M5 0 A

e-E(v,h\a)
P(v.h|0)= 20) (2.2)
2(0)=3, """ (2.3)

o Z(0) WAL T, BRI, B EE ORIERS A P(v,h|0) KiAZ 5 M. ik,
ATEA v (0504 P(v]0) , BNEEARER 51 P(v,h|0) 1155045 9
Zhe—E(v,h\a)
_T
Hi RBM 48 B T Al A, 25 T 4L B BRSBTS Z A AEAT IR R, st
RV ERNE T ALK . Hk, BQ)AMBREMRM R, HMASHSHRE v O

P(10) (2.4)
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R, AIARREGEUR A BER G, BRA SIS RGEZ AR A QRN WA AR v BB D
A(6)Fr=t:
P(h|v.0)=TT,P(v|h) (2.5)
P(h|v.0)=TT,P(h|v) (2.6)
B, ZHEEUZIRS M, 5 i AT E S BT ORI (2.7), H RS TR,
55 7 A FRBUZ A28 B IT BRI RO A1 1 5K(2.8):
Py, =1n0)=c(a+Y ho,) @2.7)
P(h =1v,0)=0(b+3 veo,) (2.8)
Hob: o(x)=—— A sigmoid B3
I+e™
DBN fifi o & 028 550 H N M BRI R NGRS S A S R Z R BUE . It fed, E%riz
FRIC U B RERZ T, FRRUZ I RO IR E M T Z T, REPUTENPERGEINE. 52
RBM Bl Z i /E 8~ — )= RBM FIHLZ N . &G 2 48 AN R )2, DBN 2 R/
TS D YRR RE LI KA FE I PR G, IR 18] B el o 7 BT W2l FE 45 K5, DBN f# A

AIRZEARIE BP BEA B 0 R AL R RO PN 2 AR B, 49 BB RS i ) BN A . DBN
W &g EER P 2 FTs o

Figure 2. Structure of DBN network prediction model
2. DBN RN AL 454

2.2. BURKIEE R iERR

NY 7853 BE DBN FUUBR (PR RE, O R SR B A R ER BHR 5, FIHE ROV B, 7 B A
ilE DBN FIEER LK R Y PSO LAk ) 1) DBN Fl A . % %45 A\ Kaggle Datasets 48 FE 3545, 127 {#
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FYEE), BSZHE RS AT . 28 dE3E 1000 4, 9 %), BENLICEIEE DN 950 HUNZER 50 4
£,

AT U BB R TN R IR, A SOk R R Y8 5 1% 25 (Mean squared error, MSE). %€ R % (Coefficient
of determination) R2FI-F- 141265 11 /) L 1% %5 (Mean absolute percentage error, MAPE )6 56 A1 & 455 7Y (1) k5
T RS A4 FR . MSE. Rl MAPE & SCHIT R -

1 n ~
NBE=;ZﬁAM—%f (2.9)
nopa N2
R2 = %;1?? _;;2 (2.10)
i=1\7i
MAPE:%ZLI yi; i (2.11)

KAy, NEEPRE, P ONBETNME, ¥ ONESHERFME, » FEAYEE R
2.3. HIETALTE

TETRIMA AL ST 2 BT, 255 R N A 0 B0 2 ) B R BN 2 I 22 501, S I R idta gk 4T
THALE DAAR i TROMASE 2R (¥ T SEPEAORE BE . R EEE A — kB, A— A
r_ X_Xmin
s Xmax _Xmin (212)
Kb, X7 A — A B s B EEE 5, X D90 A RT R B HE A, X ONEEE A T ROk
B, X, WEGEFSI R R AME. 3 AR — O R 2 A4 20,11 [A] o
ESUNIUE ity o K4 = S S TEB U d = e R 2 R M7

3. EF{ES4F1 PSO B9 DBN &#atiir
3.1. DBN RIE L34 BERI RN

DBN W25 BTt 2 e il U2 2, 4 7o MU N 2% Z ORI E M2 458 . (£ DBN %)
zerh, WURKREZHOERAR Y, BRERETT DI R AR R . JE I N ERUR E BT LR (Y A
w2, 1 EHAEFZ I B O R ARHEE S, T RZ BRI ARl S A, AR
JREHGL A, BRI RE AR, ANRERUF MR SEBR I AL RI, ZLR A IE I RRR E 4L

R E o B IE 0 DBN AR PR RESZ M th K, AN BRI 230 i Al 2 AR ) 1k g
AR AR . 4 DBN B RRZ ez oM Ead >, AMEZESIRE T HAS B AR B R /¥ & B FRAR, L
PE R AEAS BRI T B 2 AT I . k2, HREMETANEE L, FRMERKERIRERIW RS
WL, (SRS BN R EME, AR, RN 5 S R th 22 1e, [ AL
ZACRE IR FRAR[19]. BERIBEBOA —FRHE NI 5 K77 % € DBN fZ Mo, lH IKES
AT VO -

*#>] % (Learn Rate) & DBN P45 ()5 242 —, WIE% PR I ZRad 72 P AL B AL B e ke« #7i
SERF 2 REOR, W RE R S EE AR, SRR s 27 BOE I 2 R BV, BRI 2RI
Al Hn, HSORE 2T, DIk, Toil s SR K& /N xt DBN AR GE (15200 A A 2 1) o X
T S R BRE N2 i 2 AR B T AT N
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3.2. ETFEEEHE DBN MEEEEH
B BRI ERE R AR A RGETEE BN E XK, IMEEHEEREN—1TEE. MER
M LUk 2 RS E R E RPN —NEE. RGBTk e MR REZ8, 24 DBN Mgk
R ERE BT ESEES EELERANREES, ZEEEBNEERRIRR, WAREREZEE.
BRE—A RGEHIE B Hx)rl BLE SUA:

1 n
H(x)=E{logm}=—Zl__1P(xl.)log2 (P(x)) (3.1

Af: 0<P(x)<1HY P(x)-1=0, 2 P(x)=08, HE0log0=0.
A FH B B ST Ry e VA A 1 R 5

G(P(3).P(22)sr+ P(x,),2) = =21 P(x)log, (P(x))+ A( X, p(x)) -1 3-2)
éangzo,%§=o,fﬂu%¥m
az(Xi):—log2p(xl.)—1+/1:0;i:1,2,3,---,n (3.3)
2 P(x)-1=0 (3.4)
HI T —log, p(x,)-1+1=0, FAILARH]:
p(x)=exp(A-1),i=1,273,,n (3.5
HH AR 2
P(x)=P(z)==P(x) =+ (3.6)
EIENSY U INDE

5 P(x)=P(2:) == P(x,) = RAR(19):

Hmax( ) logz(n (l/n 2/” l/n)ZH(pl,pz,m,pn) (37)
i — AR AN = SRR R AU AR W 3R, .
Wo o W
w=| : .
VVlm ... VVnm
AR Z MR E I a %%, Ha b=(b.byb,) B L RHOSHHE T2 M AR
h; =b; +v, *w; (3.8)

Horbe v, Mh, FoRMNZ IS @0 j AN TCE, b AR SRR 8] SR
% DBN I EMETTHCA m, BZEE09 n, H DBN MR EMETHTREZZEER,
A2 TR SRR R B R

(3.9)
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FE[F—A DBN W28, {5 BT B RERER RN B

i =0(22)M1(23)45F:

=
HENZ

(3.10)

@3.11)

HEREME TN, RIRHHT T R SRS B FBR S R B 3 s LA FRBREZ

¥ DBN G4 g & 1 Fiw:
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Figure 3. Information entropy of different hidden
layer Numbers

3. TERERHNESES

Table 1. Performance prediction of DBN model under different hidden layers
# 1. TREIRRFEEHT DBN REFN 1448

YRy id MSE MAPE R?
1 0.5246 2.7737 0.7162
2 0.5351 2.1088 1.1635
3 0.4948 0.7217 0.9708
4 0.5984 0.8623 0.8474
5 0.536 13196 0.8022
6 0.7012 1.3384 0.4872

M3 FIEE 1 W DUE SR 2 ZEON 3 1, (5 B EI5 K, DBN AP Fibr MSE. MAPE.
RAETHTZH, Hbik#k 3 EEARERZER. 2HEBEMEHE & ENREZEZE, AT Ll
A~ DBN T 6 5 4 b H i N B (R RS AAE 10 LA AR G R A R LA IR R 2R, B kN
SR ERAAG, (EREAY M AR ZE BN, B PR 4 1 2 ) SR AR FE

3.3. &F PSO-DBN ML A

33.1. RIFHEZE

PSO Sk, MR E _EREE— D ST DO AR RS AR U0 AL VAR, XA SRRy R
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+7 (Particle), {EAIRLF & A — A4 H Ax b £ e (3& SR, I BB #8300 77 m PR B fR s —
AN BERE , SR AR AT B BE 2 HT S R T AR S A R . ORI B RS B 7 1 BE R A 3K
/N

S I I m—") "
+¢, xrand )X(gbeSt_P”esem[i]) -

present[i+l] = present[i]+v[i+l] (3.13)

Horp v [ ARRE i MR HEEL, w AREBHEBUE, o Mo, TmZESH, rand () FoRAE 0~1 Z A IEE
WL pbest[i|AREH | MRLTALRBNMRAMNAE, gbest REBNERHAL R BN ERAME,  present[i] FREH

i ANRLT 2 A7 B
3.3.2. PSO-DBN #8143 52
PSO HiHE:

Input: FEEEAL m, BERCE w, IEER )b ¢ BKEE Vo BKRIERIKEL G

Output: DBN MZE R 240

L: WIRAL—RERL T Pop{i}" (BN m), BENIRIGEALE TR AL B REFE

2: MRIEEAREREL,  THEAREN ORI 3 A

3: JII%x DBN 5k

4: STANKLT, KT AT IE B AR R 2 D3 0 B B (Do) PEL LR, 5 AT IGF, K 3L
VENHT BT B Pposss

5: REEANRLT, KT R R R R R AR () B U B (@) WAL O TEE,  AWTRLEF, JUHE
HAENH I BB B gposss

6: A% HETTFR(9)FI(10) B B A AN KL T~ PRk B RO A B

7 FUBR TS IR B GE A ARG A L IT (K38 RLE B0E B R RRIE R G, AR R 2, #
T 2 % A DBN 2% A5 0 28

DBN ¥ 28 31| 25 P AN B Tl Il 2540 S [ 1 o

Stepl: HERITYIZE:

TN A2 N T B, BELREIISSE 1 RBM W&, B CRAERFIE RS I 72 ARk m) &
W BUAS [F) (R FE 2 TR I, TR B RRAE R B e it B4 2, W B R 50N softmax B %Y, i@
IEAEHE AR AT O L, AL GG EAUE we

Step2: BUETHIMA:

23t Stepl W2 G, BE T MEHIPIEREw. BiT{E DBN /6 —)Z %8 BP W%, R
AR B AR S ) AL 3 A B M ORI G AU . SR R R, BUT B AR R AL

f(0)==2y logy! (3.14)
Hrb, 0={w,wy,-}, EIFEGEBUE, y AR, y TSR, B w BN, FTEA
ORI R TR w E, T OER)E, FBROR w,w,,--- BME, BRI RZE 2SN NIE,
PSO-DBN I ZRifFEan & 4 fios.
34. AREHE

1 2 #& DBN A RARALHT 5 S Ho th R
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Figure 4. PSO-DBN network prediction model training process
B 4. PSO-DBN WL MR B LR A2
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. .
! 3 0.4
0.8
0.2
0.6 4
- .
L)E 04 P 0
-
0.2
0
0
0.2
0 10 20 20 1 50 " 10 2 3 10 50
WRFEA A
(a) Tl (b) TRz K

Figure 5. Prediction results of DBN network prediction model before optimization

5. DBN W4EFUMR B ML BITUNZE R

PSO-DBN Tl RESIEIE S
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Figure 6. Prediction results of DBN network prediction model after optimization

6. DBN WEFUMRBMA ML FTUNLE R
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Table 2. Experimental parameters and PSO optimization network parameters

52 2. LIS PSO UM ESH

LS Ttz
[SYEREIY E RIS B2 R
6-45-45-45-1 0.1 6-72-27-65-1 0.2134

M T8id e & 50 2 1Y DBN Pl R )\ [ 5 0] DUE H BRI 5 ZE2 58008, AE TR A S 1o
AT 25 A UERG . N 6 AT LAE HKH PSO fifb )5 i) DBN Flili Ay, JHfioml i 22 B B P4, L
A TN ASE R A e AR AE A SRS FE Y 2 i o
4. AR

BRI R R IZ AT B TR, fFAE KE T DAIEL SRS H I R &, XA S0 TEHG
TR IR B, REa IR B AUR AT S . AR SCR A E SRR BRI R e RE
SERRAEFE IR T 500 AR FH T30 7 A A R, AR T AR R A R R @R
FER SRS AT IR S T A9 31 . AR RS0 rh T B 28 5o ) (R 3 AR A I B A AR, ad it b BR S, G
R 450 A, BATTE R IEA R RS R EIS FNZ A B A S B . BN, SR RS R, R
RV . HPHT 400 AR B YIZRREA, J5 50 AR BRI MAFEAR, X 73T 50 0E .

T SIS BT S 45 i DBN B AFE—NMANE, 3 MEEEM— M E. ARG R, 2
TR RERIEE. REREEEL. KB AR O R, R E NSRRI AT s S R . PSO HiESHURE
W= 3 Fior.

Table 3. Parameter setting of PSO algorithm
F# 3. PSOBASHIRE

BRI 5 Hifh
AR m 35
HIURFEE Pop{i}", LU0 {H
PERUE w 0.5
i 4 cLes 2,2
B RIEARIAL Ginax 50
KT Vinax 2
T SGE R 34

T4 4 /2 DBN S50 3 B ZH0R PSO Ak 2 5 1 S804 BT R

Table 4. Comparison of experimental parameters and PSO optimization network parameters

%< 4. SLIES AN PSO L MLES Hxtt
S0 B IS5
R S4Bk %)% R J24 Bk )%

6-29-29-29-1 0.015 6-35-27-34-1 0.0123

¥ PSO AL G 1924 n] 1 2 DBN TN AL, Fii &5 St Hedn
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AEE
(a) Tt

7. DBN W FUMAR B AL BITUNZE R

DBNTAIHI

—O— flllE
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g R

kA

(a) Tt

[ 8. DBN W& TR BUA L FE FUUEE R
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T

DBN RS HALAL R J5 PP 45 SR AL IR 5 TR
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Sl

(b) EBRESTNMEM S K

Figure 7. Prediction results of DBN network prediction model before optimization

S it

(b) SEBRESTRMEM S K

Figure 8. Prediction results of DBN network prediction model after optimization

Table 5. Comparison of DBN model experimental parameters and PSO optimization parameters prediction and evaluation
7% 5. DBN {RBSLI S H 5 PSO HUSEFUMITAN XTI EL

50 41

kA

MSE
MAPE

R2

R

P
0.333
0.141

0.9526

PSO At fE
0.2198
0.12

0.9863

MEL 6. B 7. [ 8 Fik 5 g AT LLE H, A PSO HiA LS i) DBN WS4 5, BT
TME S B Z B RRZET /N, EEL . RE R R HEIET 1, UFHAER LG SO E L, il
MEe S HE 5. AR S5 SRR S A TN PERE S 4, AT LAfS HH PSO Bt DBN M %%
R G 48] e — AT B 3 T

NFE A SR E A ST TR A TR ASE B () A 20 BB 2, IR E BP S I 2% TS 2L T RBF 44128 I 4%
TR AR AR 4 J2 4o 28 X 244 338 AT LA T o
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Figure 9. Prediction results of BP neural network prediction model
[ 9. BP #HEZ L& FUMIR BTN £ 2R

RBF T34

—O— T
—— SR
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i
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Figure 10. Prediction results of RBF neural network prediction model
[ 10. RBF #£ M TUMRE FUNEER

Table 6. Comparison of performance indexes of soluble zinc rate prediction model

= 6. AASERTUNAREL M REFEARRTEL R

TR DR A MSE MAPE R?
BP 50 41 0.4359 0.51 0.4892
RBF 50 41 0.2728 0.41 0.7235

M 9,15 10 Je 3 6 ATLAF Hh, BP #1 RBF 122 [0 25 TR AL A TR0 45 5 B AR 1T LA S PR B A A
IR ZHIX T DBN PN ECR, g 240 R (H AU/, UEY] BP Al RBF WA R (40 & e J0kess, A
BT DBN B BVERE R 22, A T AR DU, IR AN BEAR G A0 A2 SEBR AR P B

5. &5ERIE

AR EE VR R e i R R D BT R AR B TV B R DN R AR AE A 1R, 4 SR ATUR B LA M 45 (DBN) Fil
DRI HEEER, {5 DBN 2% S50 R R RE A AR OK IO RE i LG5 M XE LATA 52 o 1T DBN I 26 45 4y i LAty
SE I, $2 R NG BRVETE 2 EE B RL T RS BRE A 2 e N O 22 2] Z AT A . A
S it A S 6 015 1 LK M SERR N TR FTAE R, SR PSO LA DBN 9 2% 45 F AN URT LA 29K
TEAC TR AT 8 I 25 G5 R S TR], 17 HLA 5042 = T DBN TIONSEAY (RS B2 o UEBA T %7 iR I AT SR A AT AT
P, AT TS Br Tk A =
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