2025 FEE S HI/E 46 B fow

L EEEEE

EHTF Optuna—RF FEERB B RY iR ML

FA RIS, R A R e m ER]!
(1. th IR (4 B I IR B FL YRS 2. PR IR 5% 4 TR0
WE MAARIVLERGE I, SR ETRORF 72 ABLTRELATSE, ARBETLESL
BEOIHLE F T B AR f SRR BAMRAAER IR BRI R T 7 ik A e A, Ak g
Foip M % Fr R M BB AR ZF 4 AR B IE , M E T — AN T Optuna 89 ALK ALARAMAE R | ZAEA 4

A AL & iE TS RFARA 09 4 A R 408 Sl § 230 S AR A 0y M o 44 2 & H 2 AL Ak

o I

LR A MACE 69 RFAER )| 45 S Ao K 09 9 KB R 2425 T, Optuna—RF R L T K
HACH REARA) X — 2 RINET A S8 AR T IR 3 T BEARZ AL ) Fo TN K E T @ 89
KEEVER, K R Iy k00 ReR FARAE T — AP A B B AR BAZ

KW ALFEE; RF 7 ik o KT AL A B Sh4L ; 2 A8 LA AR ; Optuna

HEHZES:TD679
XEAFRARRD : A

51

il

Bifi 5 AR Tl F5 2R AR G, 7= B IR A A 4L
TFRASAF O T 2L, SR IR A BE R T/
H AN 2R OGS SR I AR, B R B BRI
AR, LW K258 s IR e TN& 4
G2 ABGRY I IR RO T 4
B HN W, X A AR BRI 2 A8 B AT B S EB0H BUR RE S 2]
BARTER B RES . AR R LR TG HIE
WEHEREY T IARNRE M G SR
ARG, LSRG A T2 BE T R R R A 45
ARZFEIEbR , X R 2R Z MR R W i (Y AR ek
KK

AR, N TR REHORAE AR Z Tl Sl e 3 1 H:
BRI, U HAEAL PR AE 2 R G AkIn) il | 3R 28
B FERT R R L N TR RE R R
o7 A By SR s T R A R L B R R
BEIZE L T2 A 4 BT R 28 I 285 R R A TR
VR A A AT B TO PR BE AR TR — PR 45 A
B E T ; ABDELRASOUL %R FHUIR AT 157 ) 1] %
T 28 28 AT B R 7 ¥ B 5 OZY URT 45|
TR T —MaiG N T2 M SIS H T~
KA T AR

X5~ FALARM (Random Forest, RF) 5
AR —Fh i BN AR B S HOR  TEAR Z S 2k
A HL BB A% $12 105 5 32 of A %) 0 &5 SR e SR

X EHE:1001-1277(2025)08-0007-06
doi:10.11792/hj20250802

RF H R MBI T H S R B . itk — 2042
Tt RF LRI T e, AR F R 5T AT A sl S5k
FEHEZE (Optuna) o Optuna % [ 13 7T F A kAL
2 ) B A SHORAR 38 3 B R4 R R BRI
RARTFHEA (PR REFIIE FHPED . ZEARBFIE T 25 R
FAE RN RY T LT RER ZZ A ARG TR R
T R GE TR X 42 Y Optuna—RF SRS 4T 1)l
R, O T SRR A A R DS LA fS
RE 5 [ 45 R 5 A2 SR AL 19 RF B HEAT T LR
3 M, 0 ORAREY HA DG S 0 TOI0ORS B, DA R 7 R Y
PRI T — DR TSR T A

1 FHiERE

1.1 BzshESHMRNIELR

Optuna & F AKIBA %5/ T 2019 4542 1 T A
B SEAC R TFIERESE , 32 b H T PR 2 > i H
LA ) F A BRI 240, Optuna 2T 3 1%
CIABEAST s H AR PR AL (Objective Function) (356 (Trial )
F5E (Study)

1) B3 s 32— i P E SCRY R, 4%
Z—H B SHOTR A — B 3l 5 28 1 PR
b (CAnERf R 41055 ) o H s ek Bo i R i %
L, Optuna i i 4 B8 S HOR f/IMEEUR KA — 5
Pro EFRREUE LT SBR[, P LA
H15E SCEEASE S B A

2)i PR — T M 2RO . 7R

Wik H #1:2025-01-15; &[] H #]:2025-03-02
AW H . [FHK A RFEIL 4T H (52374152)

TEH T 1 (1986—) , B, TR , N0 1L F AR HL TAE ; E-mail : 349246040@qq. com



s IR

" £

B, Optuna W8 H AR RN — S HUE S,
BATHAY LR aE R . B AT A S 1T 1 S48l
G, M0 R B 5t B R R S S Y 1 AR
Optuna SCRHRAES Y IFAT AT , RO TR 3BT
WD T A I AR Y G ]

WL I — RIS B s B
AR . — DTS E T PR B AR (/M
SRR AR K ic s A 0 45 R R 1
WFFE SV P AU DA R 0 g s, DAL A ]
SRR, I P R AR S EO S

Optuna A5 HIVE R IR RS ACEE PR . B2k
A T —Fh 44k “Tree-structured Parzen Estimator (TPE)”
AR SRR St DL ST AL, 33 b B30 LU A% e Y A% 5
RABEVLIE R A SRR SE =S [, 1Ah, Optuna
BT BIAL (Pruning) HLA , 7T LR 3 72 A9 v 8] By
B B RIS , DT 545 BEITF 5 o 7
EAA S EECE . Optuna SCRFEZ DML FESS
2 Glas PR AT IS A, Lotk S HR i 8
SRR . ikt T B S R L TR H
B P B A o A oA A2 . SRR, Optuna 455
TR RIS EOE O R B AL
il Kt € 10 AT A BRRE ) AT AL S O LA
> e H A U S E AR TR
1.2 BEMARNEERE

BEPL AR PRIAE B — R A S Rk BERES T
Bagging £ AR BEHLRAE Pe 5 1Y 05 12k b it 2 BR SR
W TR HE T T SE BRI SRR (1 73 SR . RF
SRS A AR I A 1 TR 2 EE A @ s 1T
AT

NAFEA, MASFHIE

TN TIMGE2 | e Ttk

SN T ARRHAN2 T RUF Rk

i R R R R

El1 RFEZESHRRBENRERE

Fig. 1 Structure diagram of the RF algorithm classification model
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Table 1 Statistical data on mining technical conditions, technical and economic indicators, and mining methods of a mine
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F, 500.00 191 40.50 9 9 9 59.00 9.50 13.50 17.50 13.00 1
F, 300.00 1.50 67.50 9 9 9 80.00 14.00 15.90 16.70 13.00 3
I, 350.00 0.61 85.07 6 8 8 20.00 3.71 2.52 35.47 22.79 4
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Table 2 Meanings of RF model hyperparameter and

their search space
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Fig. 2 Construction process of Optuna—RF model
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Fig. 3 Optimization and iteration process of Optuna
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Table 3 Optimal values of hyperparameters
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Fig. 5 Confusion matrix of the training set of the Optuna—RF model
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Table 4 Comparison of test results between Optuna—RF and RF

training sets
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Fig. 4 Importance of hyperparameters
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Table 5 Prediction results of mining technical conditions, technical and economic indicators, and mining methods for the Fankou

Lead—Zinc Mine

FERFEAR LA ARG G5 PR _
- Gl - B Rk
X/m Xy/m Xy(°) X, X X, X/(d) X/ (T3] X% X% X/t
800 7.34 60.41 2 9 10 150 50 2.5 12.5 150 2
BN KK
1 1 g I—1
ya —
T ! / 7 'l i
50 2 B
I . &4
Al T e
\_ ____l%l_ﬁifﬁ__ . :4""
IR < I e s
T T =hm W Mim/i 'M,Mu i .
‘| R . THe & - ¢
\ . A,'. A N '~:.A,'. 4
L\6 \Z
—— 1—2¢ ik T—IEkE
% 22—k RHEE 8— Ik
RARSINE 3—4r BRI A 9— LM fL
" \ 4—y B P-4k 10— A 7
SOy IRk I H—[EAFKH:
K ~.4' ) 6— ik FH: 12—if3
YR

6 FLOSAET LEKFEDEFRERT E
Fig. 6 Method of upward horizonal slicing with backfilling in the Fankou Lead—Zinc Mine
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Optimal selection of mining methods based on the Optuna—RF intelligent model

Xu Yangfeng', Chen Yuxin?, Zhou Jian? Qiu Xianyang?, Tian Zhigang'
(1. Fankou Lead—Zinc Mine, Zhongjin Lingnan Non-ferrous Metals Co., Ltd.;
2. School of Resources and Safety Engineering, Central South University )

Abstract: With the growing global demand for industrial resources, the selection of efficient and reliable mining
methods has become increasingly critical. This study explores ways to enhance the scientific and accurate selection of
mining methods by integrating advanced machine learning techniques with an automated hyperparameter optimization
framework. Based on the collection and analysis of various mining conditions and techno-economic indicators, an
optimized random forest model based on Optuna was developed. The optimization process focused on tuning 4 key
hyperparameters of the RF model to improve its predictive accuracy and generalization performance. Experimental
results showed that the optimized RF model evidently improved classification accuracy on both the training and testing
datasets. The Optuna—RF model significantly outperformed the unoptimized model. These results demonstrate the crucial
role of automated hyperparameter optimization in enhancing the generalization and predictive capabilities of machine
learning models and provide an effective technical approach for the intelligent selection of mining methods.

Keywords: artificial intelligence; mining method; classification prediction; intelligent model; automation; hyper-

parameters; random forest; Optuna



