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Abstract

In recent years, deep learning technology has gradually shown strong potential in the field of min-
eral resource prediction, and researchers have continuously proposed and applied new algorithm
models to improve the accuracy of predictions. However, traditional mineral resource prediction
models such as neural networks have disadvantages such as high computational complexity, long
prediction time, and susceptibility to noise interference. Therefore, using deep learning methods to
improve the efficiency and accuracy of mineral resource prediction has become one of the hot re-
search topics in recent years. Although research on mineral resource prediction based on deep
learning has made some progress, there are still some problems, such as difficulty in achieving full
process automation, some deep learning methods cannot effectively extract spatial features of mines,
and different types of mineral resource prediction work have different data distribution character-
istics. This article proposes a deep mineral prediction model based on Convolutional Neural Net-
work (CNN) to address these issues. The CNN model mainly consists of three parts: convolutional
neural network, loss function, and training algorithm. This article takes the survey data of Zaozigou
Gold Mine as an example, trains all known ore bodies using a loss function, predicts unknown ore
bodies using the trained convolutional neural network, and uses Voxler software to visualize the
output layer results in three dimensions, delineating two potential target areas. The experimental
results showed that the accuracy of the model reached 95%, indicating that the CNN model can ef-
fectively extract the spatial features of the ore body and predict mineral resources in the mining
space, providing a new method for deep mineral resource prediction and a new approach for min-
eral resource evaluation in complex mines.
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Figure 1. Regional geological map [8]
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Figure 2. Classic CNN structure diagram
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Figure 3. Typical architecture of CNN
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Figure 4. Basic CNN structure diagram
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Table 1. Chemical element factors explain the total variance of existing variables
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REEAR S 7 22 Uik
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Ji E TR % 34.33 13.07 11.3 9.35
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RSN B S RERERTER, THESE&N RN AT Zw X A B3 KB, Hg N SHaEEsh & Ui,
YENFES CAE R IRt R . F4 IFRTRERI Sb-Hg JCR A& RERS T R WLk i 5 K iR AL
fiE, X RR A A A A R E IR B S B &0 0 S FiiEiE sh S UM <. Sh E4
FE-REBRT K R 7 Bk 93.33%, Hg BRI R RGBS S, A RTAE  R ME T R B bR
A=A EFF F1I~F3 BTk 1 63.69% 7 2, {H AR 56 M BRBN I Bt 2238, F4 R 7R 7 4R 9.35% 7
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Table 2. Grid standardization of geochemical data training set

= 2. BRI EM R LARIE

AEbR B/MEmM K fEm (] #/m
X 34,573,400 34,574,802 10
Y 3,870,600 3,871,500 10
z 600 3330 10

B, TR TR AR EE PR e, 155 TS VISR AR FE AR, O TSR R AR IR K
BRI R T B TTRR R (A3 1) TR H 7 B B B 0 A0 1 LN B 57

HIDTHRR AT AL, AT, REXT R sk AR mokm, HEIEFIER: Au & BRI oTkR =S AL,
AR EBIERLE M RO A A TR AR HE S = A, BRI AR DU 3 R STk AR
e/, HERESEEM. HWOEAS RGNS, R HEEFX ARG Il hEZERR, Wk 3.
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Figure 5. Histogram of Au content contribution rate
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Figure 6. Histogram of fourth principal component contribution rate

6. BEEMRD TEEETE

DOI: 10.12677/aam.2025.144170 382 I Bl


https://doi.org/10.12677/aam.2025.144170

JTH]

5000

4000

0\
-4.0000000  -2.0000000  0.0000000 2.0000000

A TCER A TG

Figure 7. Histogram of contribution rates of various combinations of ore

forming elements

E 7. MU tREMEATTIEESE

Table 3. Training set component indicator contribution rate

= 3. AL T HEIR ST R

e/ ME ISUNEL YA FrRAE R 22 1 5 295

Au &&= —0.9163 8.6431 3.131546 1.470184 -0.116 -0.469

BP9+ B4 (Sb. Hg) -3.24481 3.4941 -0.02257 0.637656 0.174 0.321
Bl Tt ERAE

(Au. Ag. Cu. Pb. Zn) 3.2659 2.638093 0.027994 0.714475 0.757 0.941

W, Be 0.304414 46020.88 142.4487 600.2738 20.364 853.901

RETAEG P IX AN 7 RAEhR L —, KR HSNA2 5 TN, 15 =3 W T BUR 2R R 8
N 0.743, J& TR, WAL . NSRS 3 EERTHEN, EMREESE M XK M
Ko BRI, AROBER AT AN SIS XA, 20 TT%RIBEAR 2 T
(K1, 33%MIMERRAH 1, T PO T VAR s fi bt il i e, I 4.

Table 4. Intersection table of buffer zone and mineral presence

T4 RERAEENXESARNRXE

T

AEZE PP IX 36,531
FEGZ X 0

&t 36,531

H it
10,564 47,095
25,959 25,959
36,523 73,054

5.4. MAEHIE

%5 RIS 45 R, 52T A MRS AL FR T,
PRI 0T IR A 10 T A L 3R

XL ZRETCRRZE R, B I 2RI 25
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Table 5. Grid standardization of geochemical data test set
F2 5. ML ERMIN S R4S (L AR

A HR/ME/mM B KAE/m [ ¥ /m
X 34,574,800 34,574,800 10
Y 3,870,600 3,871,500 10
Z 600 3390 10

YGRS, PSR fEbR Tk R G DL 6 s, HrhotiliE R m2msg s, B2, 2I1EH
SO T OTRRAOR Au ISR, BR R IE R R HUOGRFHI T y, BRR I R R AR ST
WA TR A, AR R I R

Table 6. Test set component indicator contribution rate

6. MR T HEFRTIIRER

e/ ME RAE ¥E i W2 it U 5
Au & & -1.8971 10.1226 2.733799 1.514625 0.202 -0.296
V0 E S (Sh. Hg) —7.2383 7.6895 0.03745 0.680019 0.005 1.847
Bl LERAS
(Au. Ag. Cu. Pb. Zn) 6.54883 5.070905 0.02564 0.927251 0.195 3.013
W%, E% 0.012707 29243.72 41.64313 203.3982 96.824 12341.23

6. BT ERMEMEH T T

BRI W4 (CNN) A —Floies I TR B 2 SI 515, RERE S RO B EURE AR St o R R e AU, -]
ZIEERIZHE, WA SO FEA SR h I B A, BREMR R RAERALE . TR, RN,
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B RPN X2 TE 2 ] A BR8] (1) 7 B G R L — 4R 4B B AR S, ML F— 4 458
PREEINZS, AN SCIIAS R 20 0 265 BB A% B - 1 2% ) 25080 2 IR R 2 RIS B OG R o FE RO TRNE S5+, il fr
B S R AR R, AR I 4% Be 0% S L R IX S5 S, AN AE BT T4 45 B A
FeHIOLH . SRR 8 Frox.

6.1. MILELEH

AL BRI L B SHINIAN TR SRR H— st B = s = .

BINJZ: BT BRI R 45l 5 T BRI, T A SCR s (0 it A7 % 21 Excel 2R U,
UE T SRR PR S AR, R BRI R A AR S LR B . R A 9 R

HBRZ(Conv): ASAEH BRI 2 3 x 3 x 3, HiFF AR T HA KN B UL K UL
Ny R R ESR e T RACR I BT g R R S, TR > I U, SR A A T DL
SRR, AT BE S A M A SO SR BRI . 3 x 3x 3 2 =4k CNN % JHRCE., WAL LRAE)R &
SR TR P v R R . same SHZEHA ORI 5 5 R — 20, 3@ F 40 7 T 5 OR B 2 ) A4
AR5 8
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Figure 8. Design ideas for mineral prediction based on CNN
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Figure 9. Schematic diagram of stereoscopic data
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BatchNorm3d &35 H .

I E: MR FHAT 1 AR, KANRBE KA 3, padding Sy 1, Foniih—A il
TERITRE, R AE SO T 5 2R 2 R RNATE S5

6.2. PRGNSR

FHAR R B HOR A B BN 45 3R 5 SR A R Z IR 2280, 7E S REIE LR B (I R CR AN T
TEEST, ASCHBUR R BRI 100 d1 T B TE0 7 A — > or e, R A 7235 A 45k R 0N
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Figure 10. Binary cross entropy loss function

Bl 10. ZZ SRk R

HARSH e e 7 fros, Hrpa N R (s E SO Ron a1 R NG a2 s B RN i e
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Table 7. Model parameter structure table
7. BEIBSHEHR

Zh1t) LA YNGN AR H
WA same
conv_1 3 3, 3 1, 1, 1 same
conv_2 3, 3, 3 1, 1, 1 same
conv_3 3, 3,3 1, 1, 1 same
= 3,3 3 1, 1, 1 same

7. GRMTIL

18 = 7058 ORISR BB, 2512808 0.001 (17 Adam LAk 2%, %2570 CNN BT I 2. 22l
) ROC ihizkn& 11, WERMAIRE, #EMZIE 95%.

2 EE N 1, RERREITNGS R, 8N SAr I EEE, [ Sigmoid MU ZE
{5 FEFEHITEO, 1)VE Bl , B BRI 1, LA s A W A28 R o F B T A3 BT 45 A T 753 43 FH Voxler
AR T B ATIRAE, TS SR AT SR AT AR IR AN P 12(a) BT, B E R U B SR AR R K, R BA
RIAERE XA AW IRERAR &, 7] DAE e Ak ik — P R e ¥R X .

B 12 FROR I RRAT AT BE M i 1) XS 5 R RS LB &, AR 2 I 24 TR P A
SERGREMAE R RURE 7PN EX ORI, 7R 2000 m B T B A i Rl R, HLERIX
IA 0L, A R 1500 m iR IRE AR ik ss, v DALAID A e 12 Al 2 il A RN B, 5 2R 0T DA IZIE A X
HEAT H AT
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Receiver operating characteristic example
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Figure 11. ROC curve
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Figure 12. CNN-based deep mineral prediction map and target area delineation
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