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Abstract: [Objective] Remote sensing lithology mapping is of great significance for both basic geological research and mineral
exploration. Aiming at the problems of low efficiency and strong subjectivity of traditional lithology interpretation methods in complex
bedrock areas, this study takes the Huangshan area of the Eastern Tianshan Mountains in Xinjiang as the research area, aiming to
construct an automatic classification model integrating spectroscopic and spatial characteristics. Improve the lithology identification
accuracy of ASTER data in bedrock exposure areas and provide technical support for mineral resource exploration. [Methods] Propose
a collaborative framework of watershed segmentation and regularized extreme learning machine: (DExtract spatial boundary features
through the watershed algorithm and establish a spatial constraint rule base; (2Principal component analysis and L2 regularization are
adopted to optimize the spectral feature space and simplify the hidden layer structure of ELM. (3Design the maximum voting
mechanism to integrate spectral classification and spatial constraint results. And compare and verify the model performance with four
traditional algorithms such as Support Vector Machine (SVM), maximum likelihood method, and Markov distance method. [Results] The
experiments show that: (DThe overall accuracy of the fusion model reaches 92.13% (Kappa=0.91), which is significantly improved
compared with traditional classification methods such as SVM; () Spatial characteristics improve the discrimination accuracy of
similar rock types such as granite; (DAfter feature dimension reduction, the model parameters were significantly reduced and the
classification time was greatly shortened. [Conclusions] This model effectively breaks through the bottleneck of single spectral
classification through multi—feature fusion, providing a new lithology identification scheme with high precision and high efficiency for
the bedrock area. It can be adapted to data such as WorldView—3 and extended to similar bedrock exposure areas.

Key words: lithologic classification; machine learning; multi-spectral remote sensing; extreme learning machine; spatial feature;
eastern Tianshan Mountains in Xinjiang

Highlights: The watershed-regularized ELM multi-feature fusion framework was constructed. Through the spatial constraint rule base
and the collaborative mechanism of spectral features, combined with the joint optimization of principal component analysis and L2
regularization, the model parameters were reduced while maintaining a classification accuracy of 92%, providing a high-precision and
low-time-consumption automated solution for lithology identification in the exposed bedrock area.
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Tectonic units of East Tianshan and the distribution of major deposits
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1—Mesozoic-Cenozoic sediments; 2—Permian continental volcanic sedimentary rock series; 3—Carboniferous volcanic sedimentary rock series;

4—Ordovician-Devonian volcanic sedimentary rock series; 5S—Precambrian ancient basement; 6—Granite type; 7—Gold deposit;

8—Tungsten-molybdenum deposit; 9—Copper deposits; 10—Iron (copper) deposits; 1 I—Copper-nickel deposits;

12—Silver (copper-lead-zinc) deposits; 13—Geological boundaries; 14—Fault
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Fig. 2 Geological map of Huangshan Area, East Tianshan Mountains, Xinjiang
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1—Holocene alluvial sandstone and conglomerate; 2—Holocene-Pliocene alluvial sandstone; 3—Neogene Putaogou Formation silty mudstone;

4—Siliceous tuff of Upper Carboniferous Wutongwozi Formation; 5S—Lower Carboniferous Gan dun Formation tuff siliceous slate; 6—Flesh-red

biotite granite; 7—Grey diorite; 8—Basic-ultrabasic pluton; 9—Fault; 10—Geological boundaries; 11—Field verification site
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Fig. 3 Distribution of the training samples for all rock types
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1—Holocene alluvial sandstone and conglomerate; 2—Holocene-Pliocene alluvial sandstone; 3—Silty mudstone; 4—Siliceous tuff;

5—Tuff siliceous slate; 6—Flesh-red biotite granite; 7—Grey diorite; 8—Basic-ultrabasic pluton; 9—Geological boundaries

®1 HRREMEFNRER
Table 1 Lithology categories and samples of the study area
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Fig. 4 Comparison of classification results combined with spectral and spatial features
a— R MR T HEAL b— T IRIE R PR R, c—SVM REER,; d—HiifE ELM; e—73/KIE 23] ELM; f—537Kii ik + PC-RELM.
|— 2R ER A 2— 285 - GBI R A 3— bRl 4—REFURBENCA ; S—BER BT BIHUS
6—RLL AR A BRI S T— KON A, 8— St~ AL

a—Maximum likelihood classification result; b—Markov distance classification result; c—SVM classification results; d—Standard ELM;

e—Watershed segmentation ELM; f—Watershed method + PC-RELM. 1—Holocene alluvial sandstone and conglomerate; 2—Holocene-Pliocene
alluvial sandstone; 3—Silty mudstone; 4—Siliceous tuft; S—Tuff siliceous slate; 6—Flesh-red biotite granite; 7—Grey diorite;

8—Basic—ultrabasic pluton

K2 FENBFEIEEZSLLERXLE

Table 2 Comparison of classification results based on different machine learning algorithms

(=R SVM ELM R RASRE IR ik SPKIEEA+ELM 437K IA7E+PCA-RELM
SRR NG E 72.2% 78.2% 65.2% 59.7% 86.2% 92.3%
KappaZ % 0.712 0.775 0.647 0.641 0.843 0.906
S5t fa)/s 975 439 589 387 569 290
25 A B AL T i K SR A fn =3 1) ZE B R, 437K PC-RELM #5143 2 45 B i

ﬁ%éﬁ%, B ATE IR A 042 6, MRS SRE AT 92.2%, M KIAHA+ELM 42
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Fig. 5

Influence of spatial feature extraction on
lithology identification
a—FrifE ELM; b—437KI& ELM; c—437/KiIE 3 + PC-RELM,,
| —2 GRS 2— WS- B b iR 3—HTiE &
HIENRS BT 4— b S GEREAR o5 2Rk B = B
S—RLL AR AL H
a—Standard ELM; b—Watershed ELM; c—Watershed method+PC-
RELM. 1—Holocene alluvial sandstone and conglomerate;
2—Holocene-Pliocene alluvial sandstone; 3—Neogene Putaogou
Formation silty mudstone; 4—Siliceous tuff of the Upper

Carboniferous Wutongwozi Formation; 5S—Flesh-red biotite granite
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Fig. 6 Field verification of the Huangshandong basic—ultrabasic intrusion
a—IE S AL (KIBIRE 4); b—EFAMIR 5 c—FEGD XRD 2R ; d—FER SEDGIE M2k Mo ARt &k

a—Verification point location (the legend is the same as Fig. 4); b—Field photos; c—XRD curve of the sample;

d—Measured spectral curve and image spectral curve of the sample
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Fig. 7 Field verification of the Xiangshan basic—ultrabasic intrusion
a—IE S AL (KIBIRE 4); b—EFAMIR 5 c—FEGD XRD 2R ; d—FER SEDGIE M2k Mo ARt &k

a—Verification point location (the legend is the same as Fig. 4); b—Field photos; c—XRD curve of the sample;

d—Measured spectral curve and image spectral curve of the sample
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Fig. 8 Verification of siliceous slate
a—TiE R ALE (KIBIEA] 4); b—EFAMIE 5 c—FERD XRD 2R ; d—HFE S SEDGIE 2 Mo 8O0t 4k
a—Verification point location (the legend is the same as Fig. 4); b—Field photos; c—XRD curve of the sample;

d—Measured spectral curve and image spectral curve of the sample
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Fig. 9 Schematic diagrams of classification results
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a—Geological map of the study area; b—Final classification result. [I—Holocene alluvial sandstone and conglomerate; 2—Holocene-Pliocene

alluvial sandstone; 3—Neogene Putaogou Formation silty mudstone; 4—Siliceous tuff of the Upper Carboniferous Wutongwozi Formation;

S5—Lower Carboniferous Gan dun Formation tuff siliceous slate; 6—Flesh-red biotite granite; 7—Grey diorite;

8—Basic-ultrabasic rock mass; 9—Fault structure; 10—Geological boundaries
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