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Abstract: Earth Science is a discipline that heavily relies on data, yet it is not fully harnessing
the advantages of Earth data with existing technological means though covers many subject
areas, Knowledge Graphs (KGs) is widely recognized as an effective approach to fully harness

* BEETHE  ER A AR S MRS A4 (U1939205) Fl Hb [ i 7% J=) b 2R Yy 3808 53
AR BB 55 25 4 15 (DQIB22X11) B4 % Bl
WA 2023-12-06 W E BIfiE, 2024-03-16 Y E R & W fii .
EE BN KL, 7R F oA, 32 T il AR B2 B 3 A RN B 5Y . e-mail:
niufenggui@cea-igp. ac.cn; *AEIEE : Bif, ML, B, RENFEI ¥
5Bk 3 J1 24 HH R WF S, e-mail: chenshi@cea-igp. ac. cn



https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
https://doi.org/10.11939/jass.20230157
http://radars.ie.ac.cn/CN/10.11939/jass.20230157
http://radars.ie.ac.cn/CN/10.11939/jass.20230157
http://radars.ie.ac.cn/CN/10.11939/jass.20230157
http://radars.ie.ac.cn/CN/10.11939/jass.20230157
http://radars.ie.ac.cn/CN/10.11939/jass.20230157
mailto:niufenggui@cea-igp.ac.cn
mailto:niufenggui@cea-igp.ac.cn
mailto:niufenggui@cea-igp.ac.cn
mailto:niufenggui@cea-igp.ac.cn
mailto:niufenggui@cea-igp.ac.cn
mailto:niufenggui@cea-igp.ac.cn
mailto:chenshi@cea-igp.ac.cn
mailto:chenshi@cea-igp.ac.cn
mailto:chenshi@cea-igp.ac.cn
mailto:chenshi@cea-igp.ac.cn
mailto:chenshi@cea-igp.ac.cn
mailto:chenshi@cea-igp.ac.cn

354 i = 2% Eire 46 %

and utilize the extensive data in this field. Earth Science Knowledge Graphs can integrate
geoscience knowledge, enhance research efficiency, and facilitate interdisciplinary collabora-
tion. By analyzing network connections and semantic relationships, they uncover knowledge
associations and patterns, andaid researchers in identifying new domains and posing novel
research questions. Unlike conventional advancements in large-scale modeling technologies,
Knowledge Graph offers precise knowledge that enhances both the intelligence and dependabil-
ity of generated outcomes from such models.

Firstly, this study provides a detailed exposition of Knowledge Graph concepts and con-
struction methods. Knowledge Graphs, as a form of data graph, are designed to collect and
convey knowledge from the real world. Their universal expression is in the form of triples, con-
sisting of head entities, tail entities, and the relationships between them. Knowledge Graphs
have emerged as a significant approach for organizing structured knowledge and integrating in-
formation from multiple data sources in the organizational world. Their architectural frame-
work primarily encompasses four components: source data acquisition, knowledge fusion,
knowledge computation, and knowledge application. Source data acquisition stands as the
primary step in building Knowledge Graphs, focusing on extracting useful information from
various types of data. Knowledge fusion is pivotal in addressing the heterogeneity of different
Knowledge Graphs, with the aim of enhancing their quality through integration. Knowledge
computation represents the primary output capability of Knowledge Graphs, currently applied in
fields such as semantic search, question answering, and visualization analysis. Knowledge
Graph construction technology enables the extraction of information from structured, unstruc-
tured, and semi-structured data sources, organizing this information into knowledge and
presenting it in graphical form. Presently, the construction of Knowledge Graphs in the field of
Earth Sciences primarily employs two methods: Top-down and bottom-up approaches, with the
overarching principle being the synthesis of both methods while allowing flexibility in their spe-
cific sequencing.

Secondly, this study offers a comprehensive introduction to the widely applied top-level
ontology, the Basic Formal Ontology (BFO) model, in the scientific domain. The paper briefly
summarizes existing Knowledge Graph in the geoscience field, emphasizing the GeoCore Onto-
logy and Geoscience ontology (GSO) in the Earth Science domain, highlighting their similarit-
ies and differences. BFO, comprising 38 classes, is designed to facilitate information integra-
tion, retrieval, and analysis in scientific research. Presently, BFO has been successfully em-
ployed in over 350 ontology projects worldwide. The GeoCore Ontology, built upon BFO,
serves as a specialized framework to describe the core concepts within the domain of Earth Sci-
ence, rigorously defining a set of universal geological concepts during its development. Con-
versely, GSO provides a systematic framework for representing crucial geological science
knowledge, encompassing three hierarchical layers: foundational, geological, and detailed
modules. GeoCore can be viewed as an intermediary layer within GSO, which can be further
expanded, while detailed modules have already been constructed within GSO. Additionally,
researchers worldwide employ various methods such as literature mining, domain expert inter-
views, and data mining techniques to extract Earth Science knowledge from relevant literature,
databases, and open data, subsequently to construct Knowledge Graphs. These Knowledge
Graphs are found in applications across various domains including geological exploration, nat-
ural disaster prediction, and environmental conservation, and are utilized in practical projects
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such as oil and gas exploration, water resource management, and climate change research. In
summary, the application scope of Earth Science Knowledge Graphs is extensive, providing a
able development.

crucial foundation of data and knowledge for scientific research, decision support, and sustain-

Finally, the study introduces international Earth Science data science initiatives such as
the Deep-time Digital Earth (DDE) project related to constructing Earth Science Knowledge

Graph, and the challenges and application prospects for the future development of Earth Sci-
ence Knowledge Graph, with a focus on seismic science. The DDE aims to connect and co-
ordinate global deep-earth data, promoting the sharing of geoscientific knowledge worldwide
and facilitating research on Earth's evolution in a data-driven manner. Apart from the DDE, nu-
merous domestic and international organizations and initiatives are driving the development of
Knowledge Graph in Earth Science, such as OneGeology, EarthCube, and LinkedGeoData

projects. Despite facing various challenges, Knowledge Graph is gradually overcoming these
hurdles with advancements in technology and tools. These challenges are not exclusive to the

field of Earth Science but are prevalent across all Knowledge Graph construction endeavors.

However, due to the complexity and diversity of Earth Science, Knowledge Graph construc-
tion in this field encounters unique difficulties. Nevertheless, there is ample room for the cre-

ation and application of Knowledge Graph in Earth Science, with the introduction of Large Lan-
guage Models (LLMs) bringing forth new opportunities. Earthquake Science, as a crucial
branch of Earth Science, encompasses intersections of multiple primary disciplines such as geo-

logy, geophysics, and engineering seismology. However, the application of Knowledge
Graphs in the field of Earthquake Science still faces significant gaps and urgently requires fur-

ther research building upon existing models. In conclusion, the future development of Earth

51
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Science Knowledge Graphs will be an ongoing process of evolution and refinement, bringing
more opportunities and benefits for fields such as Earth Science research, decision-making, and

public education through sustained technological innovation and interdisciplinary collaboration.

Key words: Knowledge Graph; ontology construction; Earth science; geological ontology
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The in-circle contents are entities and the arrows are relationships
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Fig. 4 Earth science workflow forconstructing and implementing Knowledge Graphs (modified from Ma, 2022)
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FZH AL L 3P Ty fi 6 U PR i ) A R T P B e A
1.4 EAXEXHARE (BFO)

AR A S o St B A 0 IE 3L WA A MLV (Studer e al, 1998) . MR 5 AS 1A 1) ML 45 1 A% 13 AT LU
G NTRR A EEAE | BERE AR ) | GUUAS /R R A% 0 A K (Guarino, 1998) . T0 2 A 42 4
PR S E] | B () A5 I ] Y — R A, BB (AR R TR IR B — A R AR, D AR AL T TR A
PR R4 A4 2 [8] (Oberle, 2006) , BT LAAE Ry FF 45 45k 4 44 %) 3 #E (Scherp et al, 2011) . HAI,
Wk 7 ELJT R A %0 R K, 4 Google KG (Abu-Salih, 2021), 1R 3% &k £ & 5 40 A1 56
B, JF BAEBTE b R ST R A A

FEARTE FASK (basic formal ontology, 45 & BFO) & — 4~ 38 N2EAHA MM TZEAIK, B
FE S FE L 2E B A A S B KR M. BET, BFO B &I H T 4Bk
350 Z AR H . BFO & — AN HIEM TR A, NSRS T, B O35
B AR (Otte er al, 2022) . BFO AT LIS Bl 450 4s % 5 5 4 3th 2H U L 7s U, A A ] 35
BLRG W BEEME R RERE 1, JF HE &S A TRESESE T Zm .

o ] ) AR P 2 35 A7 T AR 4R [ (OntoChina) 41 X, B R— DN F G, BIERIEA
WHEARM R RSN, KX BFO A4 . KE%(2021) RG24 T BFO MK IE |
Fi i, K BFO BHIER P 3¢, JF HLRTSEMEE 7R A, WK 5 s .
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K5 BFORZI&HMESR ARES, 2021)
Fig. 5 BFO class hierarchy (modified from Zhu et al, 2021)



362 i = 2% Eire 46 %

2 HuIRR F GUE B AR AR R 5

BabelNet, YAGO, Cyc, NELL, CaLiGraph FI DBpedia 135 J7 J& — $6 54 5 3 1k A JF i i 5t
PR . A B AT T S SR Tz 0 T Al A TR SR AN A S ATE 55, (H A
AR S A R0 TR G L A ke 0 R A (] A O R L U R R B B S T L S
SCAH G R S 1A R G 22 S AR 3R 19 8 2 Uk o A G el B FL AR S - SR 9 A8 2 (Abu-Salih, 2021) .

[ N AMBIE S 8 5 SCHRAZ A . UL R U5 B IZ 8BRS T B, MUHERBL 2 4 OG SC
Bk B R RN T R B O R A A R, R R RS, N T B AR . AR R E
T . FRBE AR P 0 (B SCIL AR, 20195 Faneral, 2019; ALGR %, 20205 4%, 2023;
Liu et al, 2023), JF H W H T EFr5E o, Wb <89 . K SRS KA 5T 5 (Bh
4%, 2021; Z2{ M#45E, 2021; Diaz, Vilches-Blazquez, 2022; Wu et al, 2022a; Tang et al, 2023) .

i LTIk, R R A KR 2 SR C AR B T R MR L SR, AR AL X R
PRI S, G A — S PR, o 22— BT 2 VR S — > B i 2 AR A A B, S
WIFRR ARG A — At sy 2 th 2R R AU, 25 50 L lk A B3 fl T A R
B SCAE AR 2 AR R AT 25 I B 38 5 R A > AT Al A X T 2 — U A R E R, X T
BeA 58 FAR 1 AR UL, M BT O A & SO B Y, X T 7] — e, B R [ Ll 35 fE 19 3t
Jot 5 G A I 2 T AN ) A 35 SC. BN A b o AU iz 0 T A i R A A A AR R AT
it FVER 5 (0] R4 3T H b, AR ORAR BE AR T BRI, & i o 5T DLAR AR BT SOk
THEm, R TP M o 52 3.

A DX B8 R ME, Garcia 55 (2020) #2117
— AN T T 4 R B A U Y Ml BT A A O A
{& (GeoCore Ontology), Brodaric # Richard
(2021) WA T — DR RGE AR R H 7K
B AL R 27 7R K (GeoScience Ontology,

o | oo | BTN OSO). WA G 6P
GeoFault GeoCore #1124 T GSO pyHu i )2, [RIEF A N R

Tz

GeoCore )

GSO (BJfiJz2)

Kl 6 GeoCore il GSO AR &5HIXT JEIENY RN T I E A, 40 GeoReservoir
Fig. 6 Comparison of the architectures of (Cicconeto et al, 2022) . O3PO (Santos et al,
GeoCore and GSO 2024) F11 GeoFault (Qu et al, 2024) 4§ .

b 527 VR S MR B 2 B A% O U 2 — , LA R ARG 55 T sk o B R R Z R & i,
BA Tz iR A& M. A, BT 2 A PR AL Y R 1l i O AR R BRI L) A b Bk
b e R 3 A i B AL B B SRR RIS R . 4R R ORMGE TR A 4R TR WA b BT 2 A (R 1 g A
7
2.1 HIRAMEIEE!: GeoCore &1 GSO A&

GeoCore A { J2 78 BFO T JZ A (R 1Y Ly | 48 10 0 — A % [T 38 M 2 G O AR, £
BT M2 U PN — A A A 2 L. 7E GeoCore f4 HE 1 #2 11, Garcia %5 (2020) 7 b Jit
O E T A R BT A M T KT R IS, EAKIR MR, 2% T
Sure 55 (2009) WA & T2 77 6 F1 T H, 43 #7 3£F Guarino 1 Welty (2022) [ OntoClean /71518 .

GeoCore A< 1A i 5 it A7 PR A9 ME 8 60 465 M BT X 52 . A4 Bl Ml B %o 52 9 0 I | b BT X 42 A 30
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BB RN B S B R IR AR | A BN R I G R LA K S5 R R B
TR ST T DRGS0 21 B8 £ N B U o 1 B N N oy G DN P SV 9
Abel 45(2016) 977 7%, 18 & Z 10 W65 ¢ R 263k, JFH LS BFO TR AR XS 5%
BEAN, AN T AT & A T —HEZL, A 1E U SR ) 1 E B A T A PR AR R
e 7 iR .

BFO3EA
BFO entity

I 1
itk ik
continuant occurrent
I 5 ! T
(13 1 W LE ¥ th e A 3 1 T L
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: ! L L Ho i E AR
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K7 s Ben AR A (B A Garcia %, 2020)
Fig. 7 Overview of the GeoCore Ontology (modified from Garcia et al, 2020)

GeoCore AR T] LU A 4 PR, A48 PUROWE 21 A fiki RUBE (4 A% ] /N B Hls 44, -] DA
AR X ST R I FAREIR L A, B AT AR — N8RS, F TR Ml T 45 b R
B ARGS, JUHE M R B F 4R . GeoCore A8 {4 Jhy #fF 5 B %l 114 b o E & 2 46 T
LA, A8 T RS AN [ AR AS A T B, Sy T IS P SO A R ARE A AE Y R A R T A
T, AR THAT BAL I8 45 A8 Hh 5T ] P LA R 7 S5l v S B4R 1

5 Bl 2% A4 (GeoScience Ontology, 45 S GSO) J& %f ¢ 4 M B Bl 24 MR HE 1T R 5 £ ik
PIHESR , B =2 A R 3 TARAT 22 BE 0 Al 2, A4 B b J5T 27 AT o] J7 T AR I 1% b 5T )2,
DL R AT DAAR A R 2 B B HE 1T 50 35 sl kb 78 00 TR 4 AR e

GSO 1y i )= B it J2 78 A BL i A (R e ny BL il ik AT T E IR AR S, FEZH
DOLCE, BFO il UFO B )3 & . i 5 A0 T R2 59 #f ib P A8 4K 3% (descriptive ontology for
linguistic and cognitive engineering, i 5 & DOLCE) f& — >3 FIE sUA R g U iR A, & LU
— o o A AT S B Oy 2O T ORI DA R R A g a SOIRA 8 ORI IR FE ) Z ]
B R M@ M, 45 3T B L GR 0% BT 47 b 2 g R A B H SRR F ORI . 48— BR Al A K
(unified foundational ontology, 4’5 i UFO) &It — T4F R % L INHIBL £ | 1B T 2E M 222
HAESHETIEAARBES KRERDY, B8 T 240 T EAM SR N HOLIE,
SEARZE R C 2R 22 A (Guizzardi e al, 2022) .

TEHE] )2, GSO LAt 3 b i K £ 45 45 5 (north american geologic map data model, %5 N
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NADM) Fil GeoSciML &y & il , 7EME B AT EM, JE R T ML BT )2, % )2 B 16 4 1 2R H 5T 2
BT, AR HL BT X4 . MR S BREE L MERT . ERT L R AR L SRR Hb ST ) R A B
KRG,

IR 2R R A A v [ 22 ) b A R B G % e M B R A R 108 I ) RUBE B 2R b
BE, AR B Ak Y T 1 AT AR i LR R AT R e ) s A S T

GSO F % H ik & F T — 4k b Jo A5 1) o0 R4 3L, ] D 28 A0 0 A 0K D ) Ml X, T
53D ARG . B ISR, A R A EARK. GSO R UML £ i, fif
H Sparx Enterprise Architect T. 2., X F§ OWL £~ , W # F J& #f SC A 45 5 A1 TopQuadrant
TopBraid Composer., Protégé®: T. HLiJZH & .

i WA~ GSO 287 51 4k Sy A R iy SO, “GSO-Common. ttl” S JE FEfili i BT )7, “GSO-
Geology. ttl” g b 5T 2% . #4145 = A GSO J2 By Hetls J2 R [a] (9 el SO, 4> 4 B Jy T — 1> .
GSO Common & B 41, 75 fir — i A A M 5 S . GSO H 5 )2 ( GSO-Common. ttl) £ 5 fix )2 AU Hi
BT S A, B A M BT AR L T A — A SRR B SE AR, B0 2 #F A K (Endurant) | FFZE IR
(Perdurant) | F§1iE (Feature) | 1% 5% ( Situation) 3 524~ 12884, 4nl&l 8 fiR .

GeoCore A& AH 24 F GSO My [a] 2. AT LIX) GeoCore AS (R #E 47 — 25 ¥ &, L an st~y
T Hb )2 AR B P b A A ST R, {HR Garcia 55 (2020) IR AT SRS g, (R
TRE. MAEGSOH, Al I irgeis, 44 GSO Btk 2 /D75 2 GSO-Common, M i
B 4175 B GSO-Geology /b Foprddi e, N Ry ] B 28 0 B A bl
2.2 HEREEER

i 5T E5 4 5 R TR S Y LA O R UE B R A AR, I AT 4 5 S R e A 2 TR Y A LG
% (Abu-Salih, 2021) . B T L3R5 0 P4 o A AR LLSE , af 77 7 FE 8 R 2R 7 3 Tt 2 U 10
R FH, Bl : Zhang % (2013) #2H T GeoDeepDive £ 1, 2485 A1 AT DL 5 B Hb J57 2% 22 M 57 3 1)
WS SCI SCAS | A AN EDE v R B 1) 7 )2 F A1 3 PaleoDeepDive (Peters er al, 2014) AJ LA
R T () S 4 SCAS | A& FEDIE h [ 3 e o7 Rl B OB, & R LAAR 25 5 Hb 45 40 52 2% 10 55080
FKAL, PPAE T — AR P B R R RIS NI AR GE ek s Zhu 55 (2017) 7 b 5T R
2B ae KRG R TR, R H Baike. com F1 5 M 5T SCEH EE T RIIR I GE .

FE M SCERIZ R G0, BT AAE T KR WEoT . M KA S 5 o 0 & FRL = e i,
TP M BT R I S A A A R UCR . SR W E BRI, A R MRS
& A3 47 . Wang 55 (2018) fifi I A #8115 75 4b 2 (natural language processing, 455 A NLP) J7 i fll
TR L3 DA b 2% SR v 4 BORI AT A R B3, S E T K S Y IR 45 A b SCER B AR T — A
AL A . Lv % (2022) $2 i1 T BERT-BiGRU-CRF, 3 Jj& — Filt 5 F IR JB 2 2] 1 3 5 i 44 S5 1A 1 531
BERY, TR T R FLUPE I 3 . Wang 45 (2022) 48 5 7 — B 38 i = 70 41 4l HOM 1 o ¢
& [q SR EUE B, SR DR SER RN OC FR [ SR T R L

R AT DL R B S 7, e an g ST R B AL (Liv er al, 2022) FI K 5843 R
4 B PR S T B Sl RIS A R A% PR AR OC Y B BT {5 JEL (Enkhsaikhan ez af, 2021), Jf HE
2 T BAR R — 250 7= KR (K B 5, 20215 f— 45, 2023; 5KEH 5, 2023).

X T A PR AT, A A 2 PR R T A2 00 () 5 4, 2022) RS IE
DU WAL (25K, 2023) . Guichet 55 (2019) 8 T — AN R G0, BEE £E KB SR K P2 o iff
7 55 0] 28 A 3 8 R AH O i B AR [n) B, R 3R 5 R R A SR AE A DG B IR, SR LSR5 2 R4
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Fig. 8 Overview of the GSO Ontology (modified from Brodaric and Richard, 2021)

WATSON (IBM) 3k 3¢ 47 1 J57 °¢ 2 76 XSl b B F 58 b i 2, B E R BLAS 7 S Bk, s
Vg i A E 45 4 AL B 27 SORY Hh WS HE A OC b BR B 2 GBI 0% .

TE H AR K FE S, FR BRSO 2 7 B, 5 U i T B R L B UK
F R KT FNAE B K FE (Mughal et al, 2021; Ge et al, 2022a; Zhang, Wang, 2022; %
A, 2023; EaaMSaF, 2023) 55, B T SSBIN HH Z Ah, oA 2= 2 R R0 B SOk E AT 43
BT, BRECBL A F KU B BB SR 4 (Yueral, 2021), B0 E 5@ &G R | HCHHEF

1
44,

B

G ST U FE M AR (Ge et al, 2022b) 1R 2200 B K1 PR AE &A% 4 (Liu et al, 2021),
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A 27 08 0 P 1 T R AT, Li A (2021) 4 1 — R B T IR B2 X 5 9 46 (Deep
Alignment Network, 455 5 DAN) B 7 15, i 54K 25 VC e SE B T 3 J8% BG4 2 o ) SRR AR 27
M, BT T IR AR PERE . Hao 45 (2021) MR 95 I 22 3 R B0 19 4 L o B A 3l 2
SRR RRAE , A T I ) 0 2% 8 J8 N FH A% TR L . Aldana-Martin 45 (2022) 42 T — N8 OB
AL, T 40 0 2 T b UL (EO) T2 388 J ™ it Y B0 CRIOT &Sl ) 5 01 SR WL HESRIBE 35 11
7oK . Sun %5 (2022) 18 1 & BRI R 0 E B, I R LR T TR R Y 8 B
TR B () B 5 v, AR AR AY | b2 A5 B IR0 9 il SRR T

TEAS 7 G, Rising 55 (2022) XF A0 KUK #EAT T 48R, I AR 4l 3 28 XU i = Fa it D7 Al
B JE R AT T AR BT, B4R T —Fh O ik, DLSE A PEAL ol D I 2 XURS: B 25 BB R B AR R
A T S TR AR 5. Wu SF (2022b) 4t T —FP RS B Bl A e AR A R R s A
AN Hb FAR KO 0 3 A R A, DB R A A BT AT 55 RO K AT T L MU IE B T
— A~ 0] B3R AE RS BRI B S F & LinkClimate, 3 4~ B335 K 22 A~ e B00E A1 H & 2088 TR
LB — RS b, I FFH Web £ A (11 0 HTTP) #E47 2 R S50 43 A1 (Wu et al, 2022a) .

BEAN, R E S T DL TR R A R R AR (DEM) | K FREE T AR M . R AE K T .
Vg b XGRS S R I L KU PEAL L MRk Al b R KU £ DAk R M R S 1 A I (Wang
et al, 2021b; Zhao et al, 2021; Diaz, Vilches-Blazquez, 2022; Falanga et al, 2022; Hoeser,
Kuenzer, 2022; Mezni et al, 2022; Cui et al, 2023) 25453, . 4R, HoFRAR B3 F 3R F S
L, MELLRAEA L, N E IR & T A B A A I AN, R T PR A ],
Zheng 45 (2022) £ 1} 1 — Rl K Ay b 24 38 Ak 1 1 18] 1% ( Geographic Evolutionary Knowledge Graph,
455 5 GEKG) BYRBLAY | 12458 A0 My B 22 1) B 23 e Ak R0 VAL R AR 98 A 40 A, LS 30 B A 1)
i PR RAE

SN2, M ERFE A R0 R N AT, AR BT A SR PR A AE 2 2R T
(£2), AREEOETE . JeSRSCRE AT R 2k % R $2 A 1 F S A 4k A R UL A

3 i ER E i I E

3.1 REEFHIKIT L (DDE)

N ZEAR L T Gh B 90 T A . M BR VA RN AR A U A R R 2 R B, ML ER DT s R A S
BEFHEAEREAHTIC %, Bk iy B Py s A B TR s e il o B . BARYE
TR ER AR . AR A B O g 2 H TR ek Dy s, (BN TR Gyl it bk
PR 7k A LR A, W R R — A O, IR T R R AT SRR R R A, 5
AP SRR TG OC . Bl B M BRACHE (B R, kR A S Rl 3l o 9 DR e B el b Bk R A
WF 5T, Ml BRUR I 04 DAAS [] 1% s XA it 78 AS (] 1% SR R 808 e v . o 1 8 6 RN P 9 3k 26 %
5, B &S T 24 LB PG, U Paleobiology Database (PBDB) . Macrostrat, EarthChem Al
RRUFF %, 3 3 frn o H A 1E 76 i F] 8¢ 1E 76 JF & % DDE ¥4 2 #i '] 7, GBDB Al
OneStratigraphy J& DDE 1E7E ¥ & 954k 22, H 4% o DDE 8 FH 9 2 57 8508 2240 . 2480 H 3R i
[E1 &/ Svi Ry IS R S | R A 1P (2 N € | DN I i 27 0 S A I P o S VI
[ B 57 B 5 B & 2> (International Union of Geological Sciences, 455 S IUGS) & T BT £
kit (DDE) , 5 2Bk E b BT & 0LA « Lk B2 o = AR LA FRL = KT R 6 1R
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Table 2 Overview of other ontology models

S AR AAR T
Y TS M5 B U (GeoDeepDive ) (Zhang et al, 2013)
Hh g4 B B A MR E PRSI R St (PaleoDeepDive) (Peters et al, 2014)

T ) 1l TR 1 R B R 24 2) (Zha er al, 2017)

M2 ek B A EU(Wang er al, 2018)
HbAF SRR A S 4% SRR (BERT-BIGRU-CRF) (Lv et al, 2022)
b TR 5 BRA# (GeoERE-Net) (Wang et al, 2022)

JA 2 (Enkhsaikhan et al, 2021)

BT BES D AR S Rl 7k 7055, 2021)
e WA (Liu er al, 2022)

PEHT RAR EE(H—L4F, 2023)

ST R EEGRFA4E, 2023)

T A PR 27 SCHiR AR SRR (Guichet et al, 2019)
IR FI 2 M2 SRR R (KPNFE ) (R [E 35 45, 2022)
TIPS R T XU B (S5, 2023)

T -5 B UL S AR (ORFFM) (Mughal ez al, 2021)
B KBS RLE TR AT (Yu et al, 2021)

LR I R 220 (Liu et al, 2021)

MAFTIM(Ge et al, 2022b)
EIRUK K FEWFFLEIFR 58T (Zhang, Wang, 2022)
JEEWM AR (Ge et al, 2022a)

b5 R TR PR (B T 4245, 2023)

G R E R EE(CERRISAE, 2023)

AARICE

IR d(Li et al, 2021)

223880 (Hao et al, 2021)

of M AL 18 S SR (Aldana-Martin et al, 2022)
TR PMR IR T L2548 (Sun et al, 2022)

o

SMRA A B KUK (Rising et al, 2022)
U SAGRHRAR EE 4 (LinkClimate) (Wu ef al, 2022a)
ST (Wu et al, 2022b)

B e R AR EE (Zhao et al, 2021)

LA T FEF KBS A, (Wang et al, 2021b)

TR EREE T BEKG (SmartWater) (Mezni et al, 2022)
FAFKFBRSE (Diaz, Vilches-Blizquez, 2022)
1 XL 3746 (SyntEO ) (Hoeser, Kuenzer, 2022)
M2 H 46 (Falanga et al, 2022)

R 25 R AT R (Zheng et al, 2022)
oA 25 A M2 KBS BEA (Cui et al, 2023)

M
/
o}

(Wang et al, 2021a) .

DDE f4 H A5 o2 5% £ A I8 42 BRI 2 sk &, L2 ki MR, 5 a8 o IR JZ i [E]
) JEACKS B 0K B0 1) R R AR A M R v AL . b ERE AR VB S DU A A M ER LA A . b ER W
|G L (P TV S S5 — i 1 T it e o £ 10 2 i 7 o A K = L o A 2 S
AL RN T AE L S5 LA AT 55 41 . DDE K356 T 304 5 M BR R Ik 038U &, 45 R CF 5 /Y JF
K. BRI B S — 2 e T AT B M ER GRS R R R S AR B b R T A R AE Y
HiBR R B EHE SR it , 5 P R T R IR U ER T O & . B E AT o AR B 5 —
B B ST — N LSS R 5 55 R BB I A A BN, R R R 2 B B BT R BTk
FEEA 5 55 VU B B fiff e 255 PERL 2% )

BT, 76 BRBE 2 G0, R B A R T & FhiE S A TR (R [ R B 22 (]
YOG R 38 AN, 325 R B B R A RN A2 AT R T PR . 5 R R B AT kb 2E S R
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# 3 DDEBIHEMTT (B A Wang %5, 2021a)
Table 3 DDE database and portal (modified from Wang et al, 2021a)

BB Atk 1k
B4 TR IR AL 2 RS A7 22 44 255 (PetDB, EarthChem Portal,
EarthChem LEPR, traceDs); EarthChem Library ¥ HERIL2 | A F R W24 %0 https://www. earthchem. org
A AR I 1) T (5 AP P AT AT R RY
fg;‘;;‘;"vefs“y Database jy e sty 2 oty A 01 LA S AT IR 5 hitp://geobiodiversity. com/home
GeoDeepDive and A A R P 2 R R A BT R SRR T R 2 3G it httos: /ecodeendive. o
PaleoDeepDive BRI psiig pdive.ore

THTSYURE | JOICE RV BT 19725 [ AT ) 2 LA R I B

Macrostrat AT 0 MR B 15 2 R G B MM & https://macrostrat. org
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TR i 5 ] 4 6 2% . 7E DU 4E 1 B E] B2 (2019—2023) , DDE ARG E% & S 78—
B Hiw, BLE 3 ASE W Be i A fR dE 3% B Bt (Hu et al, 2023) .
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BRI AL ST b R R PR, e it T R B

A FNHESE, FEAIT HoBR B} 2% v 5 22 B 9] %4 DDE GUAK, 52 H Hu %(2023)
Zi 0 E/‘J %ﬁ Hﬂ‘ 1JE  DDE )I% @J ﬁ#/l\ﬂ:ﬁilﬁ Table 4 DDE d:{umzna;)r(l;(g;)f;/, modified from
) 0 KO VU, A T A R RUAR 193 2% — — - —
] ) ot b - ‘ s T Gt T
LA, O FRATT T M BR A5 AR R 1268 MR RE 2434
3.2 HEEmE R ES 2675 TR s 3446

" N P A T
DDE 8 /1 T4 4 s o 201 AR 2390
. i . ] R Y/ES 5665 M 907
TR, VSR ER B = R SR AR . R AETCEATF: 1028 g 1958
: . o IR 605 e R 3690
T DDE W H , [ 5ME A 1 2 How 4 ?

NS . - Ij\]‘ I\L f th . = . Mg 5 Ho R LA 1990
TRt 75 3 Sl b BR B 2 R G KR Kb S T e 424

25 350 H M E A A AN ]

[ B Hb T Bk 22 B A 2 Hi B {5 B %% 51 25 (The Commission for Geoinformation within the
International Union of Geological Sciences, 4% A& TUGS-CGI) J& #5 1 £k 11 BR A 2 17 11 1 Ml 5t B9
& =L £ 32 & . TUGS-CGI 1 — ¥ 43r iR & 9% % & 31 OneGeology . OneGeology-Europe Fl
INSPIRE %1l i, DLHRRIR A 20 A 20K T b i &3l (Ma, 2022) .

OneGeology Wl H F £ H 5 /2 4 i Hb ot [RIUEC U 19 vl AR ER M, ARG E KA RES 528 &
I TR R L BE I M0 3 2y 45 199 E 45 4 % R A 1 (GeoSceiML) (Jackson, 2008) . i idf % 5 >
AN 7] F 5 b S0 85, AR T R o B R A b T PR R A b SO E sk N S T
ARIBCRIE

OneGeology-Europe i H J& OneGeology il H 1) — &R 43, & 78 2 A 1 =2 W M 5 1 2Rk B
PR AE R, AR TR R AR B A T A T L OG0 M 5T M R R 2 A U
OneGeology-Europe Ul H B/~ T IR F 3% 76 # 5 [ 42 B A0 IR 45 0 /9 8F Be b B A (Ma, 2022) .
GeoSciML F i) VL 2 i v FH T OneGeology-Europe i H 1, Z i B {# H T 3k H 20 A [=] £ 4t
JOL B 14 43 47 20 Web iR 55 22 1 1 = 100 73 Wi b 5 €] (Laxton, 2017) .

M OneGeology-Europe i H 175 £ i 22 56 Z Uil {2 iF T INSPIRE Hb 57 204 R 19 & e
INSPIRE 314 & 7 fie 2 W 3 Bl P 194 2 1) 5000 A b BELAS A9 EL R A P Ak =2, il sr 48— i =8
) {5 2 BE Al it , S AF PR AR A | T AR ) A R Y T SR AT Bl . GeoSciML i 4 5 A 2 —
b o A ) B AR, T e BRSO kb R 2 R PR R ) S e |
FOAE R, 2 i  BRBE 27 9F 58 F0 0 T B 2803 MR 1 . GeoSciML ] LA 4™ i INSPIRE i 4fs 5 A,
o s I 12T il 5 B B S Al (Laxton, 2017) .

EarthCube il H £ 2 H f5 2 57 R Z | 0 3% 82, (2 i AR BR B2 ) R R A 4. &
M EEEBERP LSS TRNA XIS HH, Bt 2500 4Bk KA EE A
Pl AE B SR E 5K, UL BE 5 5 MEE 8 B35 %5 N 012 5 1 %t EarthCube J H A5 & Y
& (Richard et al, 2014) . %50 H 78 & Jid B b i 17— 2L 3k, L Zhou 45 (2020) 42 i
T —A~2k A T GeoLink Jil H i E S BG4, 1E WIS TE 09 &2 I A MR X 55 5L, B0 SR 145
GeoLink Base Ontology (GBO) Fll GeoLink Modular Ontology (GMO) P ™Ak, DL K 2k H A Rl
Fa 1 5 B8k % R AL 6] K 1) T 3 B 19 2 % %) 5F . GeoLink i it SPARQL U Fl RDF 2811 &
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(SPARAL) Z 3 %t M A TF, % 5 4500 J7 4~ RDF = JC41, LA Ko — 4 A PR b 3 T 0L AL T 2
(Cheatham er al, 2018) . GeoLink 5 7 8 i3 il FI A4 51 w5 7 A b 2 K048 A7 fifh 128 1) B A R
= FHFIT4E 1 (Krisnadhi e al, 2015) .

LinkedGeoData Hil F J& — ™3 T~ JF e o BEECHE (9 TR IR0 H L 5 4R 41— A48 080T M 2L A
W B e ek M B . BRI T — A e R R T R, B TR
OpenStreetMap (OSM) FIH: & B Ha 5, I H X $o 550408 U5 > (8] A B 8% 42 . 38 i) LinkedGeoData,
AT DLV IR AN A 45 R B0 S A0 SR CIn R T L 5L HRR AR ) | M BEOG A R Pk
% . Ding %5 (2021) & 5 7 {# A & #1741 iR F 3% (Virtual Knowledge Graph, 455 & VKG) £ K
LinkedGeoData 1 14 3¢ Z 04 i A 24 SPARQL iy 45 457 21 %5 7 1 1% L

LA, NASA @37 |7 SWEET A4k, || 758 o F1F 21 Web % U8 1915 X, 2 & i Bk Bl
Bod i K BURE A, 6 55 T BROR PR AR R A2 1 200 2 A 2E RIS AL 6 000 £ A 1 & (Raskin,
Pan, 2005; Ma, 2022).

4 WigTEE

4.1 TH I &9 B M F0 Bk ik

AR EE T G E Z AP, BTy RE . B . 2R ShASERAT M, e Pk ik
ANK T BEYE 76 & de, (HBEA H AR T2 &R, ©A1H & 815 2 f## P (Hogan et al, 2021) .
Roldan-Molina %7 (2021) $ H} 17— Fp T Al A 4 5 2t 14 5 G i ATEDZ AR, IR T AR OR —
FUM: G ) 8, DL KPR B sl S T B . e Ah, Chen %5 (2020) HiFANA 27 T & A AR IENE
#h 4= (knowledge graph completion, 45 i KGC) H A 145 a1 . A 35 Fna H 45k

R B A AEAE T M BRBL 2 S, o A R R A v R A AR L SR, BT
Mo ER B2 00 B 2% M RN 2 RE Pk, b ER B 27 b i T R A I — S A R Y IR X . Ma
(2022) FE18 SCH TS T M BRF 27 0 TR P 3k A 2 R0 g FH v iy LA J 28 0], A 96 KG 2T B
G R R I CE CRIHERAE 1 L KG YT SR L KG Z MM BB 594, UK
B4 | TR RA I R [R) B, 346 (] BN T KGR A S R R R RO E 2. BRI Z A, X TR
FE AT A R R PR T TR I Y R R R R, Abu-Salih (2021) W HEAT T BSE FIAE S, T B AL
@ KG g5 . A EM AT ETE; @ MR ESE LY R, @ KGR L; @ i A
1) KGs; & KG iFHr; © Big KGs 5 Ak ; @ HFe Sk i) KG 3 ; @ &l ke
KGs ] HE; @ Ui Rs 5 KGs ik — 2 F 58 25 1] .
4.2 MBRFIMDEENARE

Hi 3R RE 27 v KG A EE RN FH I Rk TAE R ) [ 0 & e s [l fn R TG Ve | 5, sk Bl
2 P 3 AT 0 — A 4R v N A0 T 7 ) R T R R K 2 R R B A R
R, O S EUECHE 0 B AR AS TR ECE =2 ) AT D JC AR i R A T HLUR, M ERERR 2
PP T L ORS B R AR R R R, AR T L L TR L AR S 2 ST
W, B HEHLEE J1, BENE [ 2 bt R R BT A4 L, DR s R 2 B O A L L Ab,
HERBL2E R RS G 2 R T R R RS AR, B ERBLE 5 E LR . N TR RE .
HOHE 25 S U AR G A, 3 ) Sh R B R AN L (R RS [ 2R R 22 R A8 T
H5EAME; ®JT, R T AR R AR kR A R, R R R S A B L 5 A AT
AL A2 BT, RS P RIS ARE S 8 M i | A )RR R R R P A
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B, I T B e b BR R G IR G R R

TE L ER Bl 2 45 B, KB = B (large language models, 455 i LLMs) 1951 A v #0118 B 3%
Fa R AT >R T T AU HLIE . Deng %5 (2024) Ff LLMs 5] A M BKB = Gk, 7 Rk $& 11 T Hh Bk P
U — A LLM A8 K2, JFJF & T — 5 B IR (8 ik b BRF 22 S0 19 LLMs BF 5% . K
RUE 55 AR ] D3 g 2 ) KRR SCAR Bl ok B AR R ARIE S, HE IR B B AW
A A0 3R S AL, R R R B T 5 A A Y L SRR E A AL, RN TR AE R AR R
IR T AN R LR R B R AR RN U R 2 A R AR = RIS AL B P AR
AR 2 XoF b, SR 27 5 v A 24 i) R RN (%) B R 43

Mo R B2 Ry o BRB E 4y S, W B T MR A | TR MR EE 2 —
FF RS . BRI, R PR AR R R 2 AU A N H AT IR AR R K S A, T
TE I AR LAl b T R I A ST . M Bl 22 R B3 AT LA | SCHE B () BFO A K i 17 4E
fifr, R I P, R R 2 B AR HE AR 5 BFO i — MR AT X R, SRR E R
TSN M 2 B R AL i e MR R M R OC R, L AR R S M B A5 L bR
WG R B AR 5 . A R ST B . 58 NG R, B IR AR 09 BT AR I Y
SEAF A PRI R OR L MR R AR EE 0 A B TR S 2 AR B, HE S R R G
) & JEE .

SV T, M BRBE 2= AR R 1 K R 2 — A AN W R 8 S R, B R BOR
BT RN BEAE S, B Ry b BRBE = W5 . DSR2 AR B A ST R T 22 AL 08 A 25 AL

5 B4

L ER B2 R S 2 S Z I BB B 0 TR, A B TR K B ek R G 2
Z4 P, GeoCore Il GSO it J5t A< A frty L Fig ik W by B K 4l 15 M R K5 45 & R4F, toh, ik
N T b 2R SCRRIZ AR L AME . H SRR E & B S5 458 . DDE 11X . OneGeology-Europe Tt H £l
INSPIRE %) 554 2l 1 Bodi 4 ot 52, e gF 7 ek Bh s iR S i & S . SR, B %
HC A FUR TN AR G AN 2 05 AT TR, (R R T T PR | PR AR
Sl AV AT 1 S O TR PR . TR ROk B S R v, AR TR R R 5 S R B A AR B SR,
H A DL R AE 5 R S e i BORAHSS &, DUAR 3F b BRB 2 HOR S B & e . A, fE bR
FEoz U, AR R 1% 3 S R R RE S B b R AR O HE 5 M, O b R A YN DL B 4 B v AR
PR 3 T | IRURS: YAty LA B PR3 g 17 T 1 5 S48 Y iE

) o A S AT P o S S o T L 5 5 SR T 2R U S A 9 T L P R OK %
o FE RSO . B A 3 HOR K RS B R 1 AR 2 = T BT SY OR | B A T R 4R
SO B R W B A A, R AR AR SCER T B A B R B, R A e — I R
S

Z % X W

FhARR, AR, RMEE, R, BOCEE. 2020, B AR U N2 AR R A R O i O (0], RO AR R R,
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