48 % A 12 M) R B 2 Earth Science Vol. 48 No. 12
2023 4F12 A http://www.earth-science.net Dec. 2023

https://doi.org/10.3799/dqkx.2022.006

ETHSEZINERET LR sW My & AEn

HABE L FRET N B NS RER, O A

1. AR I RFIIHERFREFRBBRRAILELTEST, 2% HF,330013
AR B IRFUEMFFER,ITHEH G ,330013
3 AERIKRKFEARERZEARELE LT, L% S,330013

WO M KBRS I A A T R A R TR R R R T AR )T IZ R B AL R AR SR A R T Y T
DX, AL e 0 DT R A ) 2 R 5 A B ) R TR SR A R A A B A A EEE L REWE TR &
F AR AL X A bR fb 2 TT 3t B O 36 R P70 13 ) LU b DX JU U A 20l A R RS Ll A A ) 4R AR 1 711 454
. AR 5 4% IR 72 301 L ) K 43 A I 2 4 R R 4 1 T 43 S0 A S T B ML AR AR (random forest, RF) 5% Al K 3T 4F (K -nearest
neighbor, KNN) % 2k 43 AR A | 51 %5 5 A 40 A0 Y () 86 8 1 L A 18] %% _ROC (receiver operating characteristic curve ) il & #4737
M, 3 iz AL BE N B B TR e U5 R FH I AL BE 0 B A BB TR X 3 ) Lt X UG AR £ L R RS L A R R AT T g B
M 25 SR B, BE AL AR AR A3 AT 03 A2 10 43 ZRORE B B 300 45 R T A g T KT A A AR TR | AT AR PR 4 KA TR Sk 3k
A 1 BN 43 2SR 18 B SR B0 T 93 %, R R L A @) 1) B AL AR PR 23 S A R X Ui 2T L RUAS L R AT TR L T 45 SR SR, 4T
L R RI S L R 0 R AR SR v, T LG AR 2 0 A SRR AR I D 58 Ry 2 — 26 4 /)N 1l o 0 60 A 91 Pl 43 7 T S A 4 4, 9
AT A] DL Sy b 5T 4R 8T AR A 4d ) A

KB LA AL AR ARG 1 5 KOl SRR s 46 5 8 TR ™ 5 v g s o

RESES: P628;P595 XEHS: 1000—2383(2023)12—4427— 14 WA 20211211

Uranium Potential Evaluation of Zhuguangshan Granitic Pluton in South

China Based on Machine Learning

Huang Xinhuai'?, Li Zenghua'**, Deng Teng**, Liu Zhifeng', Chen Guanqun®, Zeng Haoxuan®, Guo Shichao”

1. Jiangxi Engineering Laboratory on Radioactive Geoscience and Big Data Technology, East China University of Technology,
Nanchang 330013, China

2. School of Earth Sciences, East China University of Technology, Nanchang 330013, China

3. State Key Laboratory for Nuclear Resources and Environment, East China University of Technology, Nanchang 330013, China

Abstract: The combination of geological data and machine learning provides a new direction for mineral exploration. The granitic
pluton is widely developed in South China, which is an important producing area for granite-type uranium deposits. Therefore,
whether the granitic pluton has the potential to produce uranium deposits is of great significance for guiding the exploration of

granite-type uranium deposits in South China. In this paper, the geochemical data of granites in South China are systematically
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collected (excluding the Jiufeng, Hongshan and Chashan granite plutons to be evaluated in Zhuguangshan area) from previous
published papers, and a total of 1 711 data pieces are obtained. They are further divided into training set and test set according to
the ratio of 7: 3. Then, the random forest (RF) algorithm and K-nearest neighbor (KNN) algorithm classification models were
established respectively, and the accuracy, recall rate and ROC (receiver operating characteristic curve) curve of the two
classification models were evaluated, and the models with good generalization ability were selected. Finally, the metallogenic
potential of the Jiufeng pluton, Hongshan pluton and Chashan pluton in the Zhuguangshan area were evaluated using the models
with good generalization ability. The results show that the classification accuracy and reliability of prediction results of random
forest classification model are higher than those of K-nearest neighbor classification model, and the classification accuracy of the
random forest classification model on the test set reached 93%. The random forest classification model created above was used to
evaluate the metallogenetic potential of the Jiufeng, Hongshan and Chashan plutons. The prediction results show that the
probability of metallogenetic potentiality in the Hongshan and Chashan plutons is high, whereas the probability in the Jiufeng

pluton is low. This study provides a reliable basis for further geological prospecting, and the model can be used as an auxiliary tool

for geological prospecting.

Key words: machine learning; random forest algorithm; K-nearest neighbor algorithm; granite-type uranium deposit;

metallogenetic potentiality; petrology.
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Fig.2 Box diagram of granite major element slot
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