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Abstract: Applying deep learning technology to geological mapping to mine the deep-level in formation of different modal data, so
as to achieve more accurate geological mapping. Considering the geophysical and geochemical data and remote sensing image data,
in this paper it proposes a geological body recognition method based on multi-modal feature fusion. Firstly, Using deep neural
network and convolution neural network to extract the features of the two different modal data and then performs feature splicing to
obtain multi-modal features, finally, the fully connected neural network is used for feature fusion to complete the geological body
classification. The cross-validation results show that the proposed multi-modal feature fusion method has obvious advantages
compared with the deep learning methods using geophysical and geochemical data or remote sensing image data along, and the
classification accuracy rate is increased by 14.08% and 2.79%. This result proves that this method can realize more accurate
geological body identification, and then better assist geological mapping.
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Fig.1 The overall structure of multi-modal feature fusion geological body recognition model
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Table 2 PRB sampling point information
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Table 4 Comparison of experimental results of different remote sensing image data combinations
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Fig.4 Convolution layer number comparison experiment results
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TS A B Y15 PR B T, A B 10 3 R A5 B i 4 4 1Y
GEEZ  EAOR] TS [A) HTAR Y IX A3 A
Jo A I A TR R B R L R B G R B
il A 2 bR e, DA 6 1 S B 4% b T L B
VE S AG B E B o 15 < 15 M1 % F 3% RS A% B3
JLH A 10<107E ACC 5 F1{H AT T 0.10%
50.08% , A & 2 8 i ik 2 BRI 25 i e A K
ZE LR BN EAS SX I Y) BA U B 3 TG AR B
B FER/NBERE 10X 10.
442 HREBEHXELEXI KT WIEEHMEK
25 ZE KL A RO S AT SRR S H TOAS TR B B R
J2HOKT I 24 T0URG 3 ) 52 ) (% 7). DA SIE B 25 R (1A
da) W AR, W ZEEBMHET 2B H,ACCYH
FUESMETE T 12.07% 5 12.01% , 11 = )2 5 FUH
BTWELEM,ACCHFIHEAMNET T 0.05% 5
0.07 % , A J2& 4 25 0 3 4% F0 000 Bsf [) 38 4 T 30.93%

® 5 TRERZGEEERENERSHE TR E

Table 5 The amount of model parameters, calculation and
prediction time for different remote sensing image
data ranges

i AR . YIS [i] 500 i [
Hed B (/48) (5)
5X5 197 223 1 62
1010 516 455 2 97
15X15 778 599 3 139

R 6 ARERYGEEEEX LB
Table 6 Comparison of experimental results of different re-

mote sensing image data ranges

1 B AL A T ACC F1-score
5X5 83.56% 83.52%
10X 10 93.18% 93.31%
15X 15 93.28% 93.39%

(1l 4b). A, AR 38 X e 52 36 (0 245 3L, e 2 e 4% )2
i b 5 Rl 22 9 24 1) 5 R Z 4

443 HBRXTEE I  FEARIN T B REA SRAE
F1% B e B e SR A AR Y TR e s UM 2 o % 46

TR R o 28 ) 245 A5 R 5 i 1) 2 S A L 5
TR SHEAT T 52 38 8 L, A F) A5 28 R 504 8 A7
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R 8 Fran . Horfr | T B Aol £ 0 445 455 750 1 36 AR o 22 )
25 AL TR R 2k (o i b Tk RO B R R 1R R
Pt , 22 WL R AE il A R[] Bsf i ) s 4y b £ 50 90 A
i B 1R

3R TR A1) S I 45 SR AN FR S T, DA S G 4 R wT
DLk B ] 22 BEZS RRAE Al B 22 05, B AR fiE 5
A DNN #5878 5% 3% CNN AR A9 45 8 %5 [, ACC 42 7+
T 14.08%.2.79% ,FL{HFE T+ T 14.42% .2.69%. 4
S, Hi Yy b A B R AE R B SRR AR 2 (8] A
— M AN R AEPIH AT R RS IS AT LR Oy
i b R 3] b O A A Y 5 AE TR ) 1 B A B —
PR OE S

T3 A N B 2R e 2 WIS TR X R 1 b 5T AR A T
GF A TR RE T, 3 910 S T HB 43 b T A AE 45 B 22

x 7 AESREHNERZSH
Table 7 Convolution kernel parameters of different convolu-

tion layer numbers

TR 4 ik BRZH BREERN  BREREAH
T R 28 10 4% 1 3X3 [256]
T R 28 10 245 2 3X3 [256,128]
T R 22 0 245 3 3X3 [256,128,64]

x 8 BEBHEEABARIKER

Table 8 Data usage of each model and experimental results

W REEGY

T 44 B R R ACC Fl-score

R 8 ) 24 N X 82.13% 81.79%

B T2 o 4% X J 93.42% 93.52%

L B E A A N NG 96.21% 96.21%

I £ 5700 ) 22 150 25 5 G ol 4 150 780 1O W o, 5 51
FEU M A B B A, T LR 5 T 22 0 o R
15 4 BT IX 49 [ o 1

o Wi 22 158 25 6 0 0 R AR, AR
B X BF 5 DX Jey 5 DX 3k A o A AT T E (1 5)
38 3ot T P 5 S0 P T L e 4 K 4 R
{43 B A5 SR B AH T B A 0 — BOME L, i T
TR I Ja T 15 78 3 b 1K, 0150 4 40 2 0 3 R 442
S R B 45 22 2 i i 100 m) , S BT
)L A R 3 B R 43 2K B P 2 ] (o
O I B0 B0, o B B S It — 252 3%
5 #5ip

(1) 3T 2 B H0AF A3 160 I 1 360590 5 SR
T 2 RE R RS BE R R H R L 22 B 75 10 o
BRI M BR AL K S (R B 1 PRB 25 4
P RE A B B AL S JELIN K T B 2 BE A B 19 £ b
e 1) e 3 B 22 6 I 5 6 T 2 7 % %
U A R

(2) 38 323 AN [7] 228 J 52 15 85090 31 TR % Lb S 36 DA
B RV MO ST 50, i PRB B AR 2 10 8 1B 12 8
AL CONN BRI 4 45 i T — A T 2
B R AE A 0 00 R PR SRR R R 25 4
TR S B 0 R 0 B R AL 2 KR B 1%
B, PR 4 22 10 2% 5 35 B 28 60 245 4 3 452
T o S [ B 5 T 5 ) 4 4 2
S5 T D43 U 1 22 A 1 300 A7 45 7 7 45 oK 55
S 0 M R AL, S T S 4 B 3 R B

x99 TERBEBHE

Table 9 Precision of different models

b J A 2 FURh 28 ) 45 R FRIE Al A BER
K1b it S A 84.45% 91.52%
J3m YLEE KA 86.06 % 90.27%
P2z By b TR 86.35% 94.05%
P31 Al kL A 25 TE b A 86.97% 91.38%
I3m ML % 4 87.12% 93.39%
Kb 3t 805 £ 6 i T8 3% T 6 i 87.92% 95.43%
Sy N K Hy 88.16% 93.09%
KIm i N 2 1 88.77% 94.50%
J3m GLBUTT S AR T A A K 88.83% 92.96 %
J3m BT LA R IR 94.99% 98.75%
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Fig.5 Part of the measured map and prediction map of the study area
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