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Fig. 1 Random forest algorithm classification diagram
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Fig. 2 K-Nearest neighbors algorithm diagram
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Fig. 3 Back propagation neural network structure diagram
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Fig. 5 LSTM Neural network structure diagram
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Table 1 Classification statistics of some logging lithology data
BC7004 BC7005 BC7006
P
FEA %L di b/ % A B fik/ % HE A KL di ke / %
bEEey 269 23.1 264 24.5 298 27. 4
Wb B 135 11.5 20 1.8 172 15.8
SRR 254 21.8 208 19.3 428 39. 4
e R e 307 26.3 303 28. 2 76 7.0
W kA 151 17.3 282 26. 2 113 10. 4
JuRan 1166 100. 0 1076 100. 0 1087 100. 0
BC7007 BC7104 BC7105
s R
FEA %L di b/ % FEASL di e/ % FEARL di b/ %
g 375 34.5 174 15. 8 229 21.2
WD e 105 9.6 262 23.7 117 10. 8
CREIR S 338 31.2 162 14.7 250 23.1
R b 133 12.2 324 29. 4 320 29.5
R 137 12.5 181 16.4 167 15.4
Bt 1088 100.0 1103 100. 0 1083 100. 0
BC7106 BC7108 BC7204
P
FEA KR di b/ % FEA B dik/ % FEARL di e/ %
T 291 26.8 300 27.8 105 9.4
Wb R s 45 4.3 81 7.5 290 26.0
SRR A 258 23.9 213 19.8 248 22.2
R R 289 26.7 313 29.0 293 26. 2
Wik 198 18.3 172 15.9 181 16.2
Bt 1081 100. 0 1079 100. 0 1117 100. 0

2) 5 — {4k B

Ve B 4 L) 4 s A5 T S ) B L B Y
FEARRE S HEAT HLBORUINAL, G H i 2 B B4 e S
F 45 &m0, 11, (9,
x; — min {x;}

S , (9

max{z;} — min{x;}

A o R L2 R I o, R — b2
CESINETNENE S SN € SN

min (o, )R B ML S 9K
K.

S B Min-Max b fL b B0 50 (0
SO A F L0 TB Tl I — P A B A 2 s B
B AR /IS I — 2 I 0 5L T 0 S 2

x;, =

TR ) A AR o e RS TR X A ) 22 4 ) 81 KL
e AT A Ak B, DA A 800 SH S A 2 S ) T
SR R AT IR R A B R R

AR 4 3 2 TN 14 R A o 0 5 A R Y 45 4
R 2 B e 5 149 5L 6 R G L 7 X Bl a3 47 T Ak
PR A L DA SRR B 54 O A A e T
FU 5 i B £ A [ 2 B0 & 25 1 B PR B
GER IR R SRS BRI A .
L RE A58 0 1 56 1 2 0000 45 3 119 B0 1 (12)
B RTRBEAE (7)) (BB ALK AR S A Bl B (11D Ly
ME/IREARBE (2) 5 XGBoost #1116 £ 1 18 2
RS T A5 e /N B B (6) | e R JEE
(15) 7 RAE (4) s KNN AR 5 19 2 Bt 15
F 3L A8 O EL (10) s BP it 22 [9) 2% 458 1 0k 4% 1)



14 wOF b % 44 %K

SRALFE S 2 FAE (0. 001) 1A R B (25) L BRIK 3.1 BEEWNAERR BHEXL

Y GAEAS B B AE (28) s SMOTE-LSTM #2  % $5 1) X4 T A HE A R RO A R LR 2, W]
S B FE 2 3 A (0. 001) B [8] 25 K B (6) | 1% PLE .7 BC1401 -+ . SMOTE-LSTM ) 1 il
ARUEE (100) RN ZRFEA B R (28) HEH R WAL T BP #2828 A5 78 {H 78 BC2802,
2.3 iEMrigtR BC4603.BC7206 ik 3+, SMOTE-LSTM & ik

PRI B 2R T ME B R (Accuracy) MUK B 5 BOUERR R R T BP M4 [ 28 B0 JF QiR i
(Precision) . &g AL #5870 ) A PEADAG /2 P, EAR LA =SB, SMOTE-LSTM KR 4 -7 2 i i
FIEIEM /P ZEMFEAR S REAR BB H ] RSB SRR GX 84.600)  HECHARZE .

JE TN B4 15 BE AR o S B A IE B RE AR B B 43 L LA XGBoost #5715 RF ## [ KNN 2% BP ff
TR T R LR (A WMIFE MBI . /£ BC1401 F1 BC4603 Jf i,
%R XGBoost 15 [y #: ) AL T BP i 28 I 2% 15 Al
A N, + F, 7 (1)  THIEERE T RF BLALR KNN SR 15 BC2802 A
Ni+ N, +F, + F, BC7206 #, XGBoost f5 il [ i 1y 22 1 & T H Al

R 56 (P 13158 5o e =R OE P HER Rl 81. 4%,
P N+ - an Wi 25 S 22 W], SMOTE-LSTM 4 %1 51 ] f)

 + F,

Iof PR B B 5 3 5 RS TR A o 2R e B AK
KK SMOTE-LSTM #i # | XGBoost #i % | BP
P 8RR RF A KNN B

MR 4 156 UE 0 OKE B 32 060 L 45 SR AT A,

Ao N BEARZIE T BREARPHI N 1 BHE
B N, R IRASEIE 1 I REAS BTN D 26 2 1Y
FEARRR; By 2 AR SR 2 AR A G BNl o 26 2
MR RIE s o o ARG 2 IRE ARSI 0 2E 00 1 BP 2% ] 26 4 1 S B 2 1

L ORI T RF #E8F KNN #7178 BC2802 F1 BC7406
3 EMIRAMNEENNARRITLE Hi . XGBoost F5 8 [ K 1 23 185 T BP 1 22 9] 4 £
I AH 7E A 5 10 3 o, BP b 25 9 4% 45 750 1 OKS 1
R F XGBoost AL ; 1fif SMOTE-LSTM 45 7 1)
RS RG24 F i, MK S5 SRR 5 x4 0
B UE I O RS 0 23 B B IR - SMOTE-
LSTM # %I (83. 6%) . BP #ifi 2 {4 %% £ %I (80.
5%). XGBoost fi& B (79. 4%), RF fi &
(72.0%) KNN B (65.0%)

R RE HEAS [ B 27 2] SR TR D B Al
PR R sk R, A i BF 5% X BCL401,
BC2802.BC4603 F1 BC7206 £ 4 11 3 1 I H %5 4
FE IR EF 1) RF #E8  XGBoost f5 1 | KNN A
A1 BP 28 [ 25 55 R & SMOTE-LSTM £ Y 1y
o e RAOCR AT X TS

K2 STHEAMRANERWERE BHE

Table 2 Accuracy and precision of 5 lithology identification models

BC1401 BC2802 BC4603 BC7206
(=R7 RN
WEER/ %0 KSR/ % MERRER/ Y REEAER/ Y0 WEFRER/ Y KR/ Y MERIER/ % K/ %
SMOTE-LSTM 84.8 83.8 83.6 82.5 85.1 83.1 85.0 84.8
KNN 67.8 62.8 63.4 63.3 64.6 65.2 61.8 68.8
BP 86. 1 82.7 71.7 78.2 84.7 82.4 78.9 78.5
RF 70.1 70.2 71.6 71.1 71.7 71.8 75.2 74.7
XGBoost 78.5 71.2 80.0 81.6 84.5 82.1 82.5 82.5
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Fig. 6 Comparison between predicted lithology and true lithology in test wells
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Application of Physics-Informed Neural Networks in Solving the Advection-Diffusion
Equation of Uranium Migration in Groundwater

ZHANG Zhe'an, PENG Zhiting, BAI Yunlong, LIU Longcheng
(Beijing Research Institute of Chemical Engineering and Metallurgy, CNNC, Beijing 101149, China)

Abstract: In the in-situ leaching of uranium, uranium migration is influenced by both groundwater
flow and solute diffusion, and this process can be effectively modeled using the advection-diffusion e-
quation. Accurately modeling the variation of uranium concentration over time and space is crucial for
predicting uranium migration in groundwater during in-situ leaching of uranium. Traditional numerical
methods, such as the finite difference method, are computationally intensive and prone to errors while
dealing with high-dimensional, complex problems. Therefore, this research aims to explore the appli-
cability and accuracy of physics-informed neural networks (PINN) in solving the advection-diffusion e-
quation. Through numerical simulations of the one-dimensional advection-diffusion equation, and by
comparing the PINN solutions with numerical and analytical solutions. The results show that PINN
provide higher accuracy and better alignment with the analytical solution over long-term simulations
compared to numerical methods. Furthermore, PINN exhibit certain extrapolation capabilities. Addi-
tionally, the introduction of dropout enhances the generalization ability and convergence speed of the
PINN model, confirming the potential of PINN in solving complex physical problems.

Key words: in-situ leaching of uranium; uranium migration; advection-diffusion equation; physics-in-

formed neural network; finite difference numerical simulation
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(Continued from page 17)
Lithology Identification Comparison on Geophysical Logging Data of In-situ
Leaching Uranium Based on Multiple Machine Learning Algorithms
ZOU Yuhan', LI Qinci"?, QUE Weimin"?, HUANG Liang®, WU Tongpan*,
DU Zhiming"?, JIANG Zhenjiao’, CHEN Xuanyi®
(1. Beijing Research Institute of Chemical Engineering and Metallurgy, CNNC, Beijing 101149, China;
2.China Nuclear Mining Science and Technology Corporation, CNNC, Beijing 101149, China; 3.Key Laboratory of
Groundwater Resources and Environment, Ministry of Education, Jilin University, Changchun 130015, China;

4. College of Resources, Environment and Safety Engineering, University of South China, Hengyang 421001, China)

Abstract: Machine learning algorithms can automatically learn and extract features from a large amount of ge-
ological data to achieve fast and accurate lithology identification. In this paper, the logging data of several
wells in a sandstone-type uranium deposit in Inner Mongolia were randomly divided into training sets and veri-
fication sets according to the ratio of 7:2. The model structure was adjusted and the hyperparameters were
optimized for training. BC1401, BC2802, BC4603 and BC7206 well were used for testing to realize the com-
parative analysis of 5 kinds of models, such as random forest, XGBoost, K value proximity algorithm, BP
neural network and SMOTE-LSTM algorithm. The results show that SMOTE-LSTM model has the most
superior stability and accuracy, with an accuracy of 84.6%.

Key words: in-situ leaching of uranium; machine learning; sandstone-type uranium deposit; lithology

identification; logging data; SMOTE-LSTM model; XGBoost model





