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Abstract

In China’s financial and economic system, the agricultural futures market not only guides market
self-regulation, but also provides efficient information transmission channels for regulators.
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Effectively and accurately predicting futures prices helps guide agricultural production, monitor
operational risks caused by price fluctuations, and enhance the predictability and precision of mac-
roeconomic regulation policies. This article mainly explores the problem of predicting corn futures
prices in the grain futures market. Using the daily basic and technical indicators of corn futures
from 2005 to 2023 on the Dalian Commodity Exchange as samples, a corn futures price prediction
model based on multi-layer perceptron (MLP) is constructed to fit the closing price of corn futures.
Considering the balance between prediction accuracy and computational efficiency, this article also
introduces genetic algorithm (GA) to optimize the parameters of the MLP model to improve the ac-
curacy of prediction results. In addition, in order to comprehensively evaluate the performance of
the proposed model, this paper compared and analyzed the optimized MLP model with various
mainstream machine learning algorithms such as decision tree (DT), random forest (RF), XGBoost,
and LightGBM. The empirical results show that the MLP model outperforms the other four bench-
mark models in multiple evaluation indicators such as MSE, MAE, and R?, demonstrating stronger
predictive ability. After optimizing the parameters of the MLP model through genetic algorithm
(GA), the predictive performance of the model was further improved, especially in market environ-
ments with significant price fluctuations. The optimized MLP model demonstrated good robustness
and accuracy.
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R, KEEREE L SR B E R AR IR AT BRI RS 4 70, D RO S I AR
WAL R ZEF B Rk, ORGSR BURSHESTIN A DO AR IS Ak B B A HEE S, o
FRE A 22 T (AT RS2 R R BEE 1 SR

2. Xzt
2.1. BiRIEHR

20 40 80 AR, BEA Rl 7 M IZHNA EAN AR FUMERN ,  BOREE ()48 TG MR 2
(R B B P= AR HEAT IR ZR, IF 0 L PRt AR AT W T B, BORD T RIEEAR A T 0 1 A0
Ao A RRAR IS T T L B TS e BRI P S 5 S BEAAN A S FiR AR
AR BEAT o BT, AN AMEAR AN RS E A TN . AR O A, BT A TF R I8 (] an i i Fsg
Gy )R BE S T 37 AR AR DL, TR Sl AR E 58— e R iisz . DRIk, BRI 7 i%0]
L& T AR, R sEh R rEanEs. L=, B, ATem2iRen, 5 iE
H 5 HRBEEROEATVRHE R DI . EIRXMEIRHEZE T, B A% fIR AR AN 52 B 22 5 R 3 9
3, EEREEOHAERETIMR. BRI, M s T M R, 5IE
TGN E I R SIEAEE MG [2] K=, BRDWAR LRMER S . 05 BRI 0 5™
&AM £, De Long SFANTERR B AL 5 EAT MR AL 2L, DETIRBERER . —BhiTs)
I HALE RAZ BB B ARG, B 58 5 B8 1S i i 2E 34 [3]. BIAE 5T NEOR M ) WA,
PIRAEAE — MR E IR BRI BHR S RS L B R, BORIHTEER VR A R
AERIESE R Y], ST RN S B REE SRR E R R, BRI Hra o b se e B
IR P 2 3 U T 7 3 AR (7K P DU R B M o SEERF AT T T, ARS8 0 BRI ISR . SNE
A5 S5 S8 A% 8 < i i 47 ) 0 OO VR AR B =R 5 RS [4] [5]. 45 SRR W], BORIBHR AT BORAEREA A
LA MBEASN BT R R, FIRER R E L RARELTE . EEFEMTY, A2E
BORIRIRXT FOM U M BEAT T, SRAG 7 B E 4R [6]. RN T, FEERTRIR-TY. shE
AL BNAL oy BT 2 = SRERIE R, X rp [ R S3  St I B O M AT 00N, O 5 2k 25 L2 T A B F) Nt
1T T HCEL[7]. S5 RRWIBORIENR RENEAEREAS Y AR A SIS 36 oh A R 3 RS T i B A i, LTl
ROR B3 0 O A SO 2 A I E A B bn . G, SRRy —Mii g fi TR, 72/ P4k
IR R I R AR EAT T — € MBI SRR L SR SR o A T I R 75 52 2 SR AR BEPE BRR I T, (HIE
A ERA A FBORIE bR, T5REME XS 737 (A0 A% AL A EAT A RN, 872 [l P R P e AR AR B T oK
SRS HIBE T AR A R

2.2. GA-MLP

SN M AT — B e U ) — AN BT FUUR A, A N TR REBOR AWk, I B 4 A% 191
MITEZ L MGG AR A N RN TR R R A A SR (R G K. X — A
R T T AR AR TR ) R o S0 0 S S R TN AT I R PR 5 0 M T, i ARIMA
(H BRI 3 ) . GARCH (17 SCE B2 5 77 ZE ) A%, (HIXEeft Gk R IR T 4tk
RARER, TEA RO IR AR R TIIAAT 0. EEER, BEENLAR o ST AR EE 2 ST BRI,
VR HT R IR 5 S0 i O FU A, e LR 22 ) SR AL A SRR S ) i B - A B s
(RIS 18] 3 S P b AE T S M B 7 T, H AT 2 R ARIMAL LSTM. CNN ZE U AR 40 AT i
FE[8]-[10], RAAHIZEE A MLP BRI 52w 4 I B i A RE M AR [11], AT 2l MLP R b
fAE— S RIRYE, T ZARBAE S HOR FE A veit o AR APk BEAR MO T FRslZ 8 . T
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. FoIRGHESHRE, FITEERAX SR I SR . 8L B (GA) A T4
R 18] PP B T HEAT S 50 1E 40, 5K BRI T GA-BPNN ik 25 T SR A0 4%, 45 S22 1 GA-BPNN
TR BB AL TR HTHT BPNN SRR TN AL R [12] RV A CA #7023 A T AL A T A HoAt
TR, (EH 38 % 5705 22 )2 B 2% (ML P) RS Y 28 25 JE AT 1 B A0 A8 F0000 PR E AT 35 /0 DL o ST 384 5
AR A R EZRRATT S, 454 MLP B, BB R T IIN &5 SR Herf e . (R, ASCESEE T
RIET it 0258 5 i BRI TR 1) 2005~2023 4 H FEFEARAL Gy e b il 2 BEHORFR bR 17 MR &, 1 i
N5, FIH GA MRALJE I MLP A7, 45 s 20 oK A S A% UM AL o @b ix AR & 071k, BE%
o RAE GA AL 3, WL 58 MLP BRI JR PR, SR THBRL TR GE /7, 45l 2 Ab B 4 Al i 3
FRMAELIERX R

3. fsRiEit
3.1. BHEFKIR

ARSCIRIT FURS G oA K& T it 1B 5 5 T R T K B bR S B B ) D 1 DRI B R Sk A 7T 10
AR, FATIEEC T 2005 4 1 H 4 H 2 2023 4 12 [ 29 H A (A B E kAR i 1 728 b B A2 v
FATAER T 2 H IR 5 8 UL ER Rk, DA R A M AE e A ACR 20 ol i B
Ja, AT T LT 4031 MERAEA . FEASE Gy fabr Bk B T BB, TR SE bR 0 HE Rk
PR R NEE

3.2. $EARIRER S HHRTALIE

FEHAT FARIATE T A 0 i), A EMIRb R B CHE . 7 AT TIN5 G RHE, A SCIERE
FEARAL Gy FR bR T EHARFR AR E N TR L 1737 0 H EEAE G R AR 4R A

T, HEALZ G IR ERELLT b DURFIEFR br

TEEEA (open): 8 2R 2 S JTFAG I I 4%

s (high): 2R3 Gy F A A f s A

BARM (low): 4 R A8 5y i A2 o H I SRR A 4%

FAZ#(TrdVol): 8 4R A HUR B T4, BT 37 TG BRFE

FOE(©OpInt): BARTFCEANSEE, HTEHETHNS 5B RO EE.

FRYEbS F LT M MBS 2 8dE, BB A EAH, HTahmigias. B35, B
AT AR5 . FEREARIFORE LT 12 BURHIEFE br -

k9. d3. j3: 1X B HL$E A (Stochastic Oscillator) ) =AML R 3, 85 FH T AT A% i S SR 2

obv (On-Balance Volume): &1t s & AR R AW T i 1 SE32 &, RIRTi 48 EE .

cci (Commodity Channel Index): FH T & 40 A% I BSREFE, AT VR 731038 76 8 K BEESE (S 5

macd (Moving Average Convergence Divergence): JHilHis$a sl V% 2 M S, HBRGE
AT AT M3 AR 1L .

rsi6. rsil2. rsi24: HXIiE51E%(Relative Strength Index), FIT#7& i e &L aGEE, HRIEA
[FEEA6 K 12 R\ 24 R)RBCT 5 05 BB EIIRES .

ma5. mal0. ma20: 735l 5 H. 10 HA 20 HE a4k, @M T-HEmisis, R
ST 3 P 3R A AR

KR AR E BN A E ) 2 R 2 W REE T30, IS ME W . AEREm, A &A1
PREEEBEAT T B A R . RN 3 DR A AR L )y 3138:893. AR B IR PE LRI WAk 1:
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Table 1. Descriptive statistics
= 1. kgt

count mean std min 25% 50% 75% max
open 4031 2010.95 475.04 1100.00 1635.00 1925.00 2396.00 2958.00
high 4031 2021.43 477.03 1130.00 1643.00 1932.00 2407.50 3120.00
low 4031 2000.14 472.56 1090.00 1625.00 1916.00 2384.50 2943.00
TrdVol 4031 48891.62  117151.61 1.00 164.00 2764.00 27095.00 1063830.00
Oplnt 4031  114234.70 207751.81 0.00 2613.00 22740.00 107692.00 1504480.00
k9 4031 50.75 2451 2.13 2951 50.48 71.98 97.43
d3 4031 50.75 21.86 5.15 32.49 50.66 69.05 95.60
j3 4031 50.75 36.61 —28.32 19.15 50.55 82.39 124.17
obv 4031 61.23 166.02 —227.58 —44.98 -19.53 120.23 767.72
cci 4031 4.56 77.42 —291.91 -57.78 5.97 68.88 289.63
macd 4031 4.58 45.34 —222.75 -15.91 7.54 29.71 152.57
rsi6 4031 50.75 25.80 0.00 31.03 50.51 70.83 100.00
rsil2 4031 51.09 19.69 157 36.60 51.49 65.40 99.17
rsi24 4031 51.53 14.14 8.61 42.09 52.32 61.17 91.93
ma5 4031 2009.92 474.40 1142.00 1633.90 1921.60 2393.30 2933.80
mal0 4031 2009.14 474.35 1145.00 1634.45 1920.00 2392.35 2916.90
ma20 4031 2007.56 474.26 1148.75 1632.60 1916.95 2391.25 2906.90
close 4031 2010.55 474.58 1130.00 1633.00 1922.00 2395.00 2959.00

33 HAREE

3.3.1. R (Decision Tree)

LR M (Decision Tree) - H 36 [H %23 Quinlan $EH, &3 T 5 i il & A2 11 BT 75 25 A Re) Rk SR
DASE A B8 A KA IR — Rl BEIARE[13] 0 bR T3 P 4 38 40 S B BT ARG — RN FO BT, BRI SR o E IR
TR, B PR SN — AT, BTG S [ A R — AR T, T AR 25 A5 38 46
(A — 2 AR AR AT LLEAE & — AN, 17 45 s Ut B 36 7R 38 5 U R B8 8 . IXFER AU B Btk
ATERE, MARSGE s B2 SO — 2B ARARER 1 —2RSL, I Hax AN sl R gefEix & #51% bo Axldn
T

S
Gain(S,A) = Entropy(S)- & | v|Entropy(SV)

vaaIue(A)| |
Hokt, Gain(S, A) WA S HURPE A 15 B2, Values(A) TR B PE A BT RIS, S, 2R
TEAIVIIS A S, ={seS|A(s) =V}, LRFBURIRINES S KR, 55 BURAIHJEME A XT S it

T EURRF R . 58 0 R 2 A T S, ISR T S, AEA I 70 5 ||SSV|| I,

35 L 2% H4 Entropy (S| A) . EIECHRAE S WHERE A 2% PE4H
CIEATHURI AR RO 53, VAR LA 306 BP0 AR P11 SR, M LA T i« Jatf”
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MRS RN BA 5 TR AR R 2RI, REIEE TR, ea — A IERA s,
HIBuE /S

3.3.2. BEML.ZE#(Random Forest)

BENLARAR 136 E 223 o 2 5e t, BEHLARAR S 2 DL SR il 11 28 1 Bagging 32 {4 A Bagging
SRR PR AT P0G T 4 R R PR R [ 14] o SRS DR SRR I 2R B 1A Mk S i URK, (HUd I Bagging B R
IS 7 ISR H 1) 2 B SRR 2 TR DGR, B AR MR T Bl el . BEATLAR AR LA XS T A1 1) 73 R 4R T
PR 22 S B PO SR AL, EE,  BEATLAR AR A 7R e 75 AR 1) 73 S sl [m] U ) b oeid
PGSR . ERENLARM T, BENLUEBEBIEAE AR QU RN, R SR G e —ile, DUE M L
TN o AE AL [m] U 0] RS, BEALARAR SR AR () PN BT S5 (B s FEALEE 43 2 in) Ny, B A
AR J9(mode) $ ER R 2 £k

3.3.3. XGBoost

XGBoost & 2016 4 H H [ 22 R R A7 32t AR 2 S TH ik S (GBDT) Y ey i As , e Wi 17 ks P2 44
S LR SRERRERT IE UK B REVE SREAT st . XGBoost [ AR AR IIVEAR Y, R b ok AN iUl & 5k 22
KA RS [ FRIIKS £ - XGBoost 3 F e SRR g dk o7 1 4, B A8 I ZRR R AU BT — RO R (R ik 22
BB T A TR SR A B el D AT — R B R, 2R TR B OSSR R AT B BUIME . AR TR
Bf 7 SO H AR R 3, B — R T HBUR BB (S BRI S S B . HAEPERE. RIE
PR AT T T R AR

3.3.4. LightGBM

LightGBM 2 i3 T & 1S3 GBDT H42 AR 4L th vp [H 22 7E 2017 SFE42 H[15]. ZHEER G IS
MR, KRR HE A EE AR SE LA . SESRENEIEAF, LightGBM B AEK . LightGBM
5 I BE BE SR TSRV, (ER A B 7 R AR B AR R R 702, @I R 2 S AR A 25 A A 1l ] 5 251
F(EP BT B bins), HKIZD T iS5 . LightGBM KA 1 R e A K emE . R it ke At
P LRI D K B 2 BT, IX M 1S LightGBIM B4 H R B R FRIRR, A T 4 v A5 28 ) v e
Ak, LightGBM B A R, BARNAFTHFEIL T .

3.3.5. ZEBHAF(MLP)

MLP (£ 25081, Multilayer Perceptron) 2 A T4 /2% (ANN, Artificial Neural Network) {1 — ff: i 774
KA, ER—AFHAMENE, HEaHmR: MAE. RS EMNREE. &2y @
28 J0) B AT S AH AR 2 T AR, T M NS, Hh i N2 s B R N
bt 2 T A EEAE BRI IURAE, H i E g i A i gE . 75 MLP o, 5 BN ETT R &t &
—ZIE, RAEKEEES R BETEZRNEEREAMER, XEWRESNT S EE
KER—ZEATA T ARG S o BT SR R NS 5 DB 8 B0 R SO AT A 1S E
fIo 5 DL B AR FE Sigmoid. ReLU. Tanh 25, 30 pR AL/ A& A 5] N JRLRtdett, fliphst
I 4% i % 2 S R B AR I BRSO &R

MLP [l ZRid F2 R ) — oA e B 2 o) S, 38 1 R B B 1 sk Ak I 4% (R B AR . 7E
Rk ferr, Mg imid AW SE, Dis/METINNE 5 B SE 2 B2 . Bk, MLP RIF R H
FERE SR AR MR R, AR X LB B PR R 24, (E A3 00K bR B (RS 2 38 7 VR 22) IS I8N
T IR B A o S A 3% S 2 R AR 1R R 2245 2., 3200 T8 i H 2 B 5N 2 0 T A AU R &
1R T —AMRB =2 MLP &M RAURG], HPhaFE—MANE. — MRS EM— R E.
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B2 2 (A E A SR, AR T A e AR Y e B A BE[16] . W] 1 TR
i

i B

BNZ &z th 2
Figure 1. MLP neural network model
Bl 1. MLP #£2 [4% 1R A

VRN — P M B 22 SR, MLP T2 N T2 RANRNAAE 5% o XT3 284E 55, MLP AT AR RE T 2
F 2RI, T EECT O BB RS X EIEES, MLP AT BLRIREATHUE T, s
RS TI Bi i P A o P T A5 0 RIS PEAT SR KIS RE ST, MLP FESKBR R R B G, LR
FELE T 2% (K AR LR ] e o

3.3.6. BEIEH % (Genetic Algorithm, GA)

BLER 5 21 T B S B AGE By — A R . KR RUNIE R ZHUE LT, S HON R
AR BE AT 2 2 2, E L HAAA R T AL A e DA 5 A% 5 1) T T 1 28 i B ) 0 A R A v 1t 0 A
BRI, an ] B S A % R AE F S T — DN EE AR . 15H4% 515 (Genetic Algorithm, GA)
fe— M i) B R AT, WA TS A A 8, R R AR R A A K R k. 8
Sk B S E o A « B 2 AEAR Y, IR T AR AR AL S i SR B [17] . AR N SRR I —
GA AL 7 BRI A 2, Pl £t 22 X, RASENLRIEFHE R A B LA A, 21 3K A5
T B SRR R TT 56 . GA HIALFAAE T RERE XS I AT 2 R &R, W4 1 RN, JoHEH
THAR R N P KA Z AN R AL A1 B -

FEBAL g, R R MR E A “AME”, THXEEAMARREN B — 4] “ R
TR I EHAR T M BT RS, SR A AT MR B . A NS S, TR ORI A
B, BAREENE . BAARREERT L N BN AN IR B, IR — N BENUM R (R A R 5
B, B SR R HOPA RN MR R BT R RE, e S XA R AR A R A RS
ERPAT XL TR, B 3A BT 560, i RS B B AR . FomAR & 2.
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Figure 2. Genetic algorithm flowchart
B 2. BEREERIEE

3.3.7. GA-MLP

GA-MLP (L5155 2 JRIEALES & PRI 2 K 18 1% 512 (GA) 5 22 TR B RIHL(MLP) i 28 4 45 K 465
F MR TT % e E AR A IR A FE AL MLP W48 AR R B FR AN, S IR AR S RE R R BRI
FENZRIE R o] REAE 21 00 R i/ ME R R, TR R R 1 2 JR P e . GA-MLP TARJAE sl da AL/l
HEL VPRGN . GEFRAE. SR R ERAE. AR BRI B EELIE,

GA-MLP {EMZE 2 SR LA KN AR )32, R AE 75 2 E S FE I 2% 454 (U JZ O 4278
B, BAEFIERGRIE A FRALS A 3h R B IX B ZH, WMHRTHRR AR, 15 G r i 2 k251
RN N Tt MR S5 24, T GA-MLP i id 8 5e 5502 B Zh A X £ S 5, i N T
A BRI AR AL A AL MLP B RS H AL &, IS RERW], SfUMmp e gk . M2
MEECH 1, Mg usiE )y 15, % 2)%04 0.007432, XANMHATERFETS PRI TR AEIvERE, TIEH
A FRAEAA AN I 234 88 2 K0T T AT R

4, SCUESER
4.1, IRBIFFEEGER

AL DT\ RF. XGBoost. LightGBM &ALy 5L, DA MLP #AUh 3 B GE, J ke ie iR T8
FRAT KSR ab AN M B T o [RIR,  ASHIE 5045 Ve 52 £ B (coefficient of determination, R?). “F-¥J4axt iR %
(mean absolute error, MAE). 375 i% % (mean square error, MSE) P AU g . 536 &5 B8 T34 2,

MRIEEE R AT, MLP (2 2 B8 BAE Pl fabs I 70Uk st pe . BAARSE, MLP 1)
%177 ¥ 22(MSE) >4 0.000815, 3445t i% 2 (MAE) N 0.021982, iX P854 i Hi B AL LE FNAE 55 h B
R ERR I o ARECT H AR L HERI A —— SR (DT) . BENLARAR(RF). XGBoost #1 LightGBM, MLP #5
BRI TR 2 ey, ok RER?) Sy, 1A% T 0.962953,
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Table 2. Model comparison results
2. RBINHEER

DT RF XGBoost LightGBM MLP
MSE 0.001968 0.003334 0.005081 0.007890 0.000815
MAE 0.032489 0.040004 0.05389 0.065998 0.021982
R? 0.910511 0.848377 0.768901 0.641172 0.962953

4.2. MLP G Hi E TN 45 5R

I AL MLP (2 228 AL L S RO B M A BT EAFE € R IRTE, e R AERH
JERECR . thETecR . ORGSR E L, B RYERE R E & BB, XY MLP
AR G B BORM RGN, GeWs 2 I B PR AR E R &R, (B SR RFE R EHUR T S 24
M. A E S H0C B AT RE T SO R/ I Zod R Hh A USCSIOE R TR R B A2 AL e 0 R B ARAR
BE. PRIL, Wl HEad MBS HUE IR RE G . Ty T e IRILJRBRYE, ASCHE— B SI NB AR
1(GA)KXS MLP # A S HOHAT A . FIH] GA Sk Bt B XM H 0.5, ZRMEN 0.2, AR
N 20 o AEREFRFE 1 oF— AR SRS SRR, AR BRI g T MR B S R, —
AR E R OREIS R IR 2R R . RARIRECRE N 20 IR, RREIBAL HE S AT 20
Rt i, R AR TR FRERES A G . 21 20 AR, GA FILR&HE
T MLP BRI SR E : MaMBRESOY 1, M ksl 15, 55150y 0.007432. EXAME
MELT Y6 E, AR ZRd R b e A ROt AL B R () 2 2T R, SRR (O HE A M A AZ SE A o SRR
LRI 3:

Table 3. Comparison of model prediction performance after GA algorithm optimization
7 3. GA BUAMR AL G B TN 14 e xT b

MLP GA-MLP

MSE 0.000815 0.000234
MAE 0.021982 0.011338
R? 0.962953 0.989340

EHEE AN, i S BRI AU R, BRAEREE MLP S SHUA &, T I 240
SIS B[40 2 X 48 33047 TN AN PEAS, 675 MSE 1 0.00815 F[%%] 0.000234, MAE 1 0.21982 &% T
0.011338, R? M\ 0.962953 . 7t% 0.989340, TiillksfE w2487, stk nln, FIH L H LR AL MLP 22
P BRI TN A& 1) I RG

5. &g

T AR KSR B M OIS BORS FE AN TE SR AN R R R, AR T S FOKIA AN A B AR 5
BAROTRLM S em by BACHr B E . RROE) AT, HEEORTERR 5, A 8% 5% (Genetic
Algorithm, GA) 45 & R N A0 W 24 #5754 (Multilayer Perceptron, MLP) A4 2 T K I B A% TR AR R, I
5 3 (Decision Tree, DT). FEALAR A (Random Forest, RF). XGBoost F1 LightGBM #4177 % b, F-H 4
RnR:

TEARFATBAE EIEAAL T, MLP BBIARLL T DT. RF. XGBoost Al LightGBM KR I E AL FH. H
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Ak, MLP ) MSE. MAE ¥/, R2E K, H R?IAF|T 0.962953, Httrl%1, MLP fEFIFH A br
HEAT TR TR AN A& T B, R B8 S A A 1 1) T 285 5

TR E MLP AR AR TR A 5, AHIF 783t — 2D 18 i AL S MLP B S 5 (B S & o sis .
28 2 a2 3 ) AT AL AL S, 5 ) MAE A MSE #E— 2598/, R? H10.962953 _E 7+ 1 1 0.98934,
TH e R E T . Bk, GA-MLP BB AN T A 50 A B A AR 1 5 K I B A0 IO AR TR, 3R W 3ok £
FEAEARMNANE W28 S5 MRS HN,  REA R TH S0 A0

ZHE TS T ORISR T A R SRR XS B A B . R AR R, T B s
H s BIZL, 1 H AT 2 S M 208 hr— R DL BE B R A, CA AR 2 Semf SR 40 15 B
BER . MBARTEAR ] USR] H 2 A s, Geiigscilmi, Semf ST #5284k, Dol o0 iR g4 ot o
DRV B R M R R RS B R, TR RBARAR MR, RS IR FE 5 SRR 45 5 2 Pk Y
AL, DA T B (1 TR0 8
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