51 % 5 31 HbBR R} 2 Earth Science Vol. 51 No. 3
2026 “F3H http://www .earth-science.net Mar. 20 2 6

https://doi.org/10.3799/dqkx.2026.061

BET=E-TE KNS5 XY
MWk FHRT RERUKRE

WAL, R LK L A
1. THREIKFRRAIEFR, ThEHE 454000
2. HBLEERABRERTATH AT RN, FHEBFTHE 836500

T OE. R Z T R MR 2 A iR AR A AL A B 2 A A R AR Y R U SR DX OB R TR AR R
i TR R VR W v T X M R Ak 2 SR S R AR EOKE A, AR 5T 4R — b s 1 R AE -2 [R) 56 6 BL 43 32 B (Spatial-Spectral
Feature and Global Spatial Correlation Network, SSGSNet) , 5 i #EiE 43 32 3 T ResNet % 22 3, @il A ST 14 78 J) 18 e 32 HRUR) ¥
25 T ARRAE 5 2% 0] S 5K 43 3238 228 patch i AR B T 2 F7 AL 2 6 425 2 1] SCBRARAE . @l A MY 3 B0 42 3 T s R fb 2 25 A S R
PV BE , SHAP (it i B 1 5080 b IR 24 Y JC A T . S 3 4 SR R W), SSGSNet BB i AUC B 3K 0.945 3, i & I T ResNet \ ViT
PAASTRY 0 30 09 25 1 XA SRR WA AR R L & VY L T S A 4 A i e DX R AN R R B A A IR R SRR Y W]
AR S S T R A A 5 B AR MOME R, O B 5 K R AR T R AR I S XS

SRR M BRGSO 5 A3 S AR T S TR B 2 2 5 A B REAE S ] DG IHE s AR R s KB

FESES: P612 XEHS: 1000—2383(2026)03—1078—15 YriE B HA:2025—12—25

A Dual-Branch Geochemical Prospecting Anomaly Detection

Model with Spectral-Spatial and Spatial Correlation Fusion

Xiang Zhonglin', Wang L.ukuo', Zheng He', Zhang Bo', Liu Hairui*

1. School of Resources and Environment ,Henan Polytechnic University, Jiaozuo 454000, China
2. Altay Geological Team, Geological Bureau of Xinjiang Uygur Autonomous Region, Altay 836500, China

Abstract: Establishing a detection model that can take into account the multi-element geochemical spatial-spectral characteristics
and effectively fit the complex distribution of data is the key to identification of abnormal areas. In response to the challenge of
extracting geochemical prospecting anomalies in the high-altitude, deep-cutting, and shallow-coverage areas of the Eastern Kunlun
Mountains in Xinjiang, this study proposes a Spatial-Spectral Feature and Global Spatial Correlation Network (SSGSNet). Based
on ResNet residual blocks, the spatial-spectral feature branch is integrates a dual-attention module to extract local spatial-spectral
features, with the spatial correlation branch using patch embedding and self-attention mechanisms to mine global spatial correlation
features. Incorporating tectonic data improves the accuracy of geochemical prospecting, and SHAP values explain the critical role

of faults within the model. Experimental results show that the AUC value of the SSGSNet model reaches 0.945 3, significantly
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outperforming the ResNet and ViT single models as well as the conventional spatial-spectral dual-branch model. Field verification

shows that gold mineralization phenomena of varying degrees were found in four high-anomaly areas, including Yaoxi and

Bashiganike, which confirms that the model can effectively solve the problem of extracting complex background geochemical

anomaly information, providing reliable technical support and target area guidance for mineral exploration in covered areas.

Key words: geochemical anomaly; dual-branch network model; deep learning; spatial-spectral features and spatial correlation;

eastern Kunlun mountains; big data.

0 5l%H

M BR A2 S R BT - B A rh i E R E
BRI, B RS R A AEAE (Zuo et al.
2016, 2019 ; Zuo and Xu, 2024 ). i1 43k , M Bk 1k 2%
SRR AR B T Iz AR, R T ek Ak A
B S E SN mAoTRASGHNESE,
WRZH G B WETIERGETERIMWE:
" # LA £ 76 4 3 43 B (Harris, 2001; Wang et al.,
2017) . B R M B ¥ 4 1 (Reimann ez al., 2008;
Yousefi et al., 2014; Xiong et al., 2018; Yin et al.,
2021) AR, T LW 0 Wk B (0 490 32 43 A I AE S
Z B G FR AT 2 T AR s [ Je
H £ E AP AR (Cheng et al., 1994, 20005 Cheng
and Agterberg, 1996; Zuo et al, 2015; Chen and
Cheng, 2018) , 4K JC T B A0 T 2 10 25 (0] 40 A LA,
ELXT Z2 5 85 40 1 w45 we 0 A B, EL ek B RN TR
fE T, 5 R E W2 00 I 22 5 R QN0 15 B .

REE S BRI 2GE , y Bk sy BRAR L 1 /i oy
fife P 7 58RI Ml BR A 2 R R T Y R BE A S
R 22 Sl By S it 7R S ALRRAE $R B 535 R G R 4l
T 9 K Ak B S 3RRAIE B2 B B 30 1k 5 10N B Y
SERE  HE B FT T 1) v B i 0 R BB A R AE A
[a] 4k BF , % FLUp 22 W 2% (Convolutional Neural Net-
work, CNN) ( X1 ¥ [l§ % , 2020; Zhang and Zuo,
2021; 2= UV &5 2022) & B H 9665 2% (Masci et
al., 2011; Xiong and Zuo, 2022) , DL J & #h 28 ™ 4%
(Xu et al., 2023; Zuo and Xu, 2023; Xu and Zuo,
2024) SEAE 2 JAL FRAE 22 2 68 01 Lk F 0 Rk &R
AT PEIA LML (Wang et al.,2024) | A i3 2
(Zuo et al.,2019; 221~ ), 2019; Luo et al., 2020
Luo and Zuo, 2025) . — 4 & L (1DCNN) (Zuo and
Xu, 2024 ) 55 #5570 0] 0] B A 52 Ml R Ab 2 3% 2ROk X
50 A A OC 1 M BK AL 2 i AR R RS A ] -
AR IORU Ay SRR B R L B ST 12 U 2 4
JE {5 B, W Yang er al. (2017) 42 Hf IDCNN+

2DCNN XU 53 32 A5 7 Sy Z2 25 7 b, Jo7 R AE 4% 4 42 it
T ARIEA ;s Ding er al. (2023) 3 F CNN2D-SENet
A A i B VG R A T A A A o — ok AR S ) SR K S
PR RS S X TR ; Zuo and Xu(2024) #2 T —#h
M — 2k & B 4 W 4% (1IDCNN) Fil B 5 LK 4%
(GCN) P Fh IR i 24 ) S 4 TR A 28 40, SE 56
P WZ IR A TR FE 2 ) B AU e 12 B 3Rk 1k 2% £ 4 1
25 (6] — 6 135 5 AE 07 1 26 B E 4 5 Xu ez al. (2024) 2
T — Bl A T R M BR A 2 R R T B s
A, Bl — B EBAHGHE(GCN-AE)
M — A K e 12 W% A 4 %45 (LSTM-AE) 41
B A R DT AR G T TR A B — 4R A ) O 3
R AE 0 W R R AT A R M RS S AL IR

E B AT R 53 S A8 78 R 22 Al Ry 0 I 2 BT 4 TR
FRAE 8 1 4 il R 28 i A b K Ak 27 S O3 A5 A
o, BE S A T I AF A MR R SE Y — BTk A5 R
(Xiong et al.,2022; /e~ )74 ,2024) . 50 Ml T i 72
mh b R Ak 2 00 2R 0 R BE O3 A A AT A7 W R i B
o I TR AL [ Sl D=l B U N 2 N
] ¥4 3 5 o0 (14 B 6] A% b 58 R A 5 [R] B0 244
WAL R iE B 5 R AR Y OC B R Gl g ) i 4
AR ERHF XY RERE, FERT 7
U W LA 0 H BRI A PR R S R 2 R A
XETEHAAEWEKROBAGEL, BA R
FOR KRR A5 R O R ME L R i U Y R AR P A T
F JRy ¥ R AE 5 A JR O Kk R 1), B R
F i B9 Transformer 28 #4854 Y 7 33 2 7 L 8 =
AT B R AR (Yu et al., 2024 ) . 3T 1, A SC 4
Xt X 43 32 W 4% 25 1% 4 3 JA 5 R AE 4 Y JR) BR
PE,#H —FhEh 45 CNN 5 Transformer 19 X 43 3¢
WM R T MRk LSS
CNN | SE # Y F0 25 [6] 7 2 1 AL, 35 o % Jay 3
WF U R A SR A0 R AR Y B HURE ) 5 s ) G
Bk 4y % 3 F Transformer # 3k ¥ # 4 f 25 7] 56
1B, X 43 S Al S R B 401 S 4 JR) A8 TR A G



1080 HERBL2E  http://www.earth-science.net % 51 %

B REAE AN L BE ST B AR % 2R AR T R T
P TR UIE AT o PR 8T BT 8 R R 2 X R
e 2 i 5w R IR B O He T B B 4 Gk AR
P HCRE T 5 4 Ry o R A A BE D B BOR O ik

1 Ik

1.1 ZTEFE-TEXENS ZEE

AR T B TRy S A A Y 7S 1S R AR -
25 [B) 56 Bk W 4> % (Spatial - Spectral Feature and
Global Spatial Correlation Network, SSGSNet) 1
U IR N e N I S N o S B (1
A5 A G HR 43 3 VRRAE Fl A R H RN A 2R AR A
111 ZEHMES S CNN 7E 47 i 4048 4
P e BE T b RR Y A0 B, HOE A A BUE A
b )2 22 % 1 45 4, BE 0N I A 58 R 48 1Y AR AL
il . AE M Bk b 2 s Ak A SR M ER Ak 2 B e
UL T4 F WO U B, CNN BE AL & R 1E
ARV B Sl AT S PR AR R O BR A 2 B
Pt By JRy A S E) AR AR 5 A0, (R B Ak 2 K i
[ A% Jay &8 AH ¢ e T B0 B0 B 2E AT 4R 38R R U
A B A ) B R R O B R, H ik 2 Fok
DRI S S TR S8 I 2k ) JE] K R )

SR, I 4f ResNet 7 Hb 3R 4k 2% 5 AT 55
oA R PR, Gk 22 R (GE o HE & A FR R S
PR AE A% 38, oK b 7 830 I Ak R s ) 4k B Y
RFAIE P —— b BR A A B s b, O (R TE X

ENGIPE R EOS W 5T SO L R RSl il 8
B, AN ] 25 [R) 67 #1903 43 A ST M Cln a4k
WX A B KA ) WAFTE B 2% 5, ] 4G ResNet
ME DLER X 1 5 Ak 1 FR RRAE AR B R R R K — ()
A CHE ResNet 5% 22 P 5Ly |, 51 A 3 18 — %5 3] 3L
T2 7 HL I R 8 T 2 ) B B 5 28 R i )
o), He ook R B 25 B, & 1T T 4R IO 3K Ak 2= 5K
5 10 15 ) S0 2 R AR AR 5 Ab S DX A5 3 R AR
me o7, 45 T RUBIORE BE S AT AR v BRI

(1) i@ & 7 = J1 8L # (Channel Attention,
CA). i i 1 & 85 e 3t F 8 Jk -3 Jil ( Squeeze-
and-Excitation, SE) #L #l % i1 (&l 2) , i & XJ 47 1k
i JE A R AE R R, 3 43 TG 3 A ——
5 My BR A 27 B b, 208 B w58 X S R TR O BT
AR I 5 AR AH OGRS HE R oo R E L I TR
I OE B TP S Bt B A O B R (Squeeze) 7
“ % hih ( Excitation) ” 1 “ ® #¢ #fE (Scale) ” =25, B
e S S B R 1.

B e #24E 38 o 4 5 °F 34 3 6 (Global Average
Pooling, GAP) , ¥4 45 /> i 18 19 — 4 #5711 & (=5[] 4
FERHX W) K43k 1A brat, S92 8] 4 52 5 B
B4R E M2 RS RIE T AR E B
UeR " Y (C i 18 %, % i Hh Bk Ak 2% £ 4l 1) oo
BRI A BB RS R 2 T RN R

H w
! w (i), (1)
1

HX W 2
Forb, u R AN RRAE TRTRY 55 ¢ I 0E | F o, 2R £ T 4

24 - qu(u‘) -

i=1j=

r’?‘fi‘éﬁ'%?ﬁ%fi

(’ R AIE i £ A

e |

MaxPool,3 x3

15X224X224

AvgPool,1 x1

L A REAE I

/i"r‘il‘ﬂ?‘éﬁa‘éﬁfi

Multi-Head
Attention

MLP Head

e~ db o) 0t
(

Linear Projection of Flattened Patches ]

15X 224X 224
B

Gt R DR

A8 OF Bk P>
v%
e

NEE

K1 Wy SRR E5

Fig.1 Structure of the two-branch model
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Fig.2 Schematic diagram of the squeeze-and-excitation mod-
ule(after Hu, 2018)
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Table 1  Structure of the improved residual block
LIS BR 28 2 BEZPNAN RS i A /i s
Convl+BN-+RelLU 3X3 1 64/64 1
Conv2+BN 3X3 1 64/64 1
ResidualBlock1 CA 64/64
SA 64/64
Layer] Shortcut(Identity)+ReLLU
Convl+BN-+RelLU 3X3 1 64/64 1
Conv2+BN 3X3 1 64/64 1
ResidualBlock2 CA 64/64
SA 64/64
Shorteut(Identity)+RelLU
Convl+BN-+RelLU 3X3 2 64/128 1
Conv2-+BN 3X3 1 128/128 1
ResidualBlock3 CA 128/128
SA 128/128
Layer2 Shortcut(Conv3-+BN)+RelLU 1X1 2 64/128
Convl+BN-+RelLU 3X3 1 64/128 1
Conv2+BN 3X3 1 128/128 1
ResidualBlock4 CA 128/128
SA 128/128
Shortcut(Identity)+RelLU
Convl+BN-+RelLU 3X3 2 128/256 1
Conv2-+BN 3X3 1 256/256 1
ResidualBlock5 CA 256/256
SA 256/256
Shortcut(Conv3+BN)+ RelLU 1x1 2 128/256
baer? Convl+BN+RelLU 3%3 1 256/256 1
Conv2+BN 3X3 1 256/256 1
ResidualBlock6 CA 256/256
SA 256/256
Shortcut(Identity)+RelLU
Convl+BN+ReLU 3X3 2 256/512 1
Conv2+BN 3X3 1 512/512 1
ResidualBlock7 CA 512/512
SA 512/512
Layerd Shortcut(Conv3+BN)+RelLU 1X1 2 256/512
Convl+BN-+RelLU 3X3 1 512/512 1
Conv2-+BN 3X3 1 512/512 1
ResidualBlock8 CA 512/512
SA 512/512

Shortcut(Identity)+ RelLU
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