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Abstract

With the gradual development of geological prospecting to deep space, deep ore and concealed ore
have become the main objects of ore prospecting. In the prediction of deep and concealed deposits,
the effective extraction of metallogenic information can ensure the accuracy and reliability of the
prediction results. This paper proposes a deep learning method based on the shape context of
geological morphology based on shape context. Using the 3D shape context features encapsulated
by the trend-fluctuation factors (waF, wbF), slope factor (gF), and comprehensive field factors (fV)
of the Dayingezhuang gold deposit, the graph convolution neural network in deep learning is
used. Learn more complete morphological ore-controlling characteristics of geological bodies.
Research shows that the graph convolutional network can extract more complete geological shape
ore-controlling characteristics, and establish a three-dimensional ore-forming prediction model
with certain prediction accuracy.
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Figure 1. Plan of Zhaoping fault Dayingezhuang (revised from Mao X. et al., 2019 [18])
1. BEHHFTAFEREFLEREEEE Mao X. et al., 2019 [18])
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Figure 2. (a) Shell model; (b) Sector model; (c) Combined model
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Figure 3. Architecture of DIFFPOOK graph convolutional neural network
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Figure 4. The technical route of this article
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Table 1. The data table of some ore free geological bodies

F 1 BTN MR R TRIER

XAAHR(m) Y AL FR(m) ZALFR(m) Auit iz (glt)
40530650 4121350 25 0.1
40530650 4121375 25 0.1
40530975 4120925 0 0.08
40530975 4120900 0 0.08

Table 2. The data table of some ore geological bodies

F 2. WA MRIEETHIESR

XAA R (m) Y AR (M) ZALFR(m) Auihiz(grt)
40531150 4120750 =50 141
40531075 4120850 =75 1.12
40531100 4120850 =75 1.15
40531100 4120875 —75 1.13

PR 5 R 3R AR AR O A5 SRR SC OB RIR, 25 18 SR A R 4R R 2, IR AR I
R R L S S K P = ER R (15 5 o), W LEAT SR A, X T RLPG AR BRI, BE T
W BT B - AR IR 3R (waF . WhF) . T BT 2 PRI 3R (QF) « W 8 T 2 e e S £ 45 7 PR 3R (FV) 0 B
S YRR -

Figure 5. Dayingezhuang 3D model
Bl 5 KFRE=Z4ERE

N T AR = IR R SCRFEER . BN T waF. wbF. gF. fV SEHRFAE. 555 s A
TG waF. wbF. gF. fV [I%#E W% 3.
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Table3. The data table of geological bodies’ waF. wbF. gF. fV
3. WHMBRIKRBITH waF. wbF. gF. fV BIEIE

XALFR Y AL FR ZH4 bR waF WhF oF fv Aufbfir
40527800 4108750 125 -2.87 -9.08 42.28 -189.91 0.1443
40527800 4108750 100 -2.72 -11.01 42.25 -198.47 0.1443
40527875 4108825 75 0.08 1.81 41.69 -192.62 3.7242
40527900 4108800 50 -0.11 -0.51 48.31 -198.7 0.1446
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Figure 6. (a) The accuracy of Dayingezhuang’s training set; (b) The accuracy of Dayingezhuang’s validation set; (c) The
accuracy of Dayingezhuang’s training set AUC; (d) The accuracy of Dayingezhuang’s validation set AUC; (e) The loss of
Dayingezhuang’s training set; (f) The loss of Dayingezhuang’s validation set
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