wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

SRRPYUERSXBERASHSAYIRGEGR
EMEM, ZANE, DR, XIE, KA, AW, RFn

5IAEX

EMEFD, FOHE, D, XE, KM, IIEMW, RFMN. SREFVBERSXBRASHS KR REK
A[J]. itEHRE 2024, 51(2): 1-14.

YAN Jiahe, LI Honghui, MAYing, LIU Zhen, ZHANG Dalin, JIANG Zhouxian, DUAN Yuhang. Multi-source
Heterogeneous Data Fusion Technologies and Government Big Data GovernanceSystem [J].

Computer Science, 2024, 51(2): 1-14.

BN EEE (SERXINEE IE SR EENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETHRUERRRIVETRENNNSNSS RIRIT

Design of Dynamic S-box Based on Anti-degradation Chaotic System and Elementary Cellular
Automata

HEHNRIE, 2023, 50(11): 333-339. https://doi.org/10.11896/jsjkx.220900026

ETHEEENCHNSESEERREEE
Multimodal Data Fusion Algorithm Based on Hypergraph Regularization

HEMNREIEE, 2023, 50(6): 167-174. https://doi.org/10.11896/jsjkx.220900144

EFBASFPA-BPRYAT SE TR BT
Study on Reliability Prediction Model Based on BASFPA-BP
HHEHEE, 2023, 50(5): 31-37. https://doi.org/10.11896/jsjkx.220900283

ETHIERMSIBESE RS TEMHAR
Framework of Business Intelligence and Analysis Based on Data Fusion

HENRIE, 2022, 49(12): 185-194. https://doi.org/10.11896/jsjkx.211100080

AutoUnit: BEFEmZF IS I1SANK Bsh4ERK
AutoUnit:Automatic Test Generation Based on Active Learning and Prediction Guidance

HENRIE, 2022, 49(11): 39-48. https://doi.org/10.11896/jsjkx.220200086


https://www.jsjkx.com/CN/10.11896/jsjkx.221200075
https://www.jsjkx.com/EN/10.11896/jsjkx.221200075
https://www.jsjkx.com/CN/10.11896/jsjkx.220900026
https://doi.org/10.11896/jsjkx.220900026
https://www.jsjkx.com/CN/10.11896/jsjkx.220900144
https://doi.org/10.11896/jsjkx.220900144
https://www.jsjkx.com/CN/10.11896/jsjkx.220900283
https://doi.org/10.11896/jsjkx.220900283
https://www.jsjkx.com/CN/10.11896/jsjkx.211100080
https://doi.org/10.11896/jsjkx.211100080
https://www.jsjkx.com/CN/10.11896/jsjkx.220200086
https://doi.org/10.11896/jsjkx.220200086

http: /www. jsjkx. com

4 A A 2
O tﬁ;m saj@? DOI: 10. 11896/jsikx. 221200075

ZRRMUEREXEEASHSAUFLSEER

EEMR F4E' 5 OE O x HE' O KXW IR BEFM
ldrxBAFIHENEREEKAFER K 100044

2 BEEEFN 4 100045

3 ERAERFRMGEFK A 100044

(20112038@bjtu. edu. cn)

M OE MEGEHAN CRAR SABAFRBLLERGRESTELARLEANE K, Am KB RR SHLFHAEX
EF BERIAERFLOY AR AXR BRI RECELBARILE HBBEFHLERELSLA, LT EFT.$RF
MBEBLGATHERBERRN SEARBRATALES  AREKELAS LR . R EAZ LR, BN KREHCTHAR Y
XREESETAERBBELEABE SBIREFT RIAIERAR TR T EN S RAMMBERELARER, H, EHEX
BHAKAEBE X PRET —EEBEUEFN B HEFEHUBEER-HERES"AIRO SR FMRERES AR RER,
HAAEARTELMEAGENAE TEEFRTNE, RE, BT —ABRFERAEAG T L8 T BHFRUFEEEAKRZGERT,
IR RBEHERRTZ RELERFT TR BAFMYFR. A —FHRT SR MABERIVEZMME, RS L
AL REEAR,

KB SR FMEIE; SRERIERS B EEHEAR S KW KEEEE AR

hESES TP311

Multi-source Heterogeneous Data Fusion Technologies and Government Big Data Governance
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Abstract With the rapid development of information technology.the data held by governments and enterprises are growing expo-
nentially. However, the multi-source of data will lead to different formats, the low quality of data will affect the application re-
sults,the decentralized management of data will weaken integration services,and the heterogeneous modal of data will cause se-
mantic gaps. Under this background.multi-source heterogeneous data fusion is responsible for effectively integrating multi-modal
data from different sources,and then achieve information complementarity and data association, thus realizing information en-
hancement. At present.most studies focus on big data governance process and multi-modal deep learning, there are few works dis-
cuss integral multi-source heterogeneous data fusion framework. Therefore, based on reviewing the key technologies, this paper
proposes the key technologies framework of multi-source heterogeneous data fusion that covering the processes of “data collec-
tion-data cleaning-data integration-data fusion”.and introduces the problems and tasks of each stage. Then,through an example of
the government affairs application,the data governance system for government data is designed, which further explains the signi-
ficance of multi-source heterogeneous data fusion. In the end, this paper is summarized and future work is prospected.

Keywords Multi-source heterogeneous data, Multi-modal data fusion, Data governance technology. Big data of government af-

fairs, Big data governance process
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Fig. 12 Diagram of decision-level fusion
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