wfﬁ-’ffh?f*l'?

COMPLU SCIENCE

HEORERNE LE TS RRONERSRER
BAzE, F|h, HISciF, SKIEE

5IAEX

BB, &b, Wk, KAE. EREKERNE LA TS REOEERSREAN]. HENRE 2024,
51(11A): 240100095-7.

QIU Mingxin, LEI Shuai, LIU Xianhui, ZHANG Yingyao. Online and Offline Multi-source Heterogeneous
Data Fusion System for Recycling Information [J]. Computer Science, 2024, 51(11A): 240100095-7.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETEBRCGHIAPI EIFENEEIERTTIENR

Study on Information Enhancement Method of API Structural Pattern Based on EBRCG
HEHEE, 2024, 51(11A): 230900121-10. https://doi.org/10.11896/jsjkx.230900121

H B EWL ST RS HRAER SRR S M E

Joint Optimization of Delay and Energy Consumption of Tasks Offloading for Vehicular
EdgeComputing

IHEHEE, 2024, 51(11A): 231000080-7. https://doi.org/10.11896/jsjkx.231000080

STK:EFXLLZEIMARIRESE
STK:Clustering Method Based on Contrastive Learning Embedding
IHEHEIE, 2024, 51(11A): 240400011-6. https://doi.org/10.11896/jsjkx.240400011

BRI s S £ B Eix
Dynamic Multi-Objective Optimization Algorithm with Irregularly Varying Number of Objectives

HEHNRIE, 2024, 51(11A): 231000079-11. https://doi.org/10.11896/jsjkx.231000079

ERDBUARISNTS B ARERARE MR EMIRTT R M
Design and Application of Attention-enhanced Dynamic Self-organizing Modular Neural Network

HEHNRIE, 2024, 51(11A): 231000069-9. https://doi.org/10.11896/jsjkx.231000069


https://www.jsjkx.com/CN/10.11896/jsjkx.240100095
https://www.jsjkx.com/EN/10.11896/jsjkx.240100095
https://www.jsjkx.com/CN/10.11896/jsjkx.230900121
https://doi.org/10.11896/jsjkx.230900121
https://www.jsjkx.com/CN/10.11896/jsjkx.231000080
https://doi.org/10.11896/jsjkx.231000080
https://www.jsjkx.com/CN/10.11896/jsjkx.240400011
https://doi.org/10.11896/jsjkx.240400011
https://www.jsjkx.com/CN/10.11896/jsjkx.231000079
https://doi.org/10.11896/jsjkx.231000079
https://www.jsjkx.com/CN/10.11896/jsjkx.231000069
https://doi.org/10.11896/jsjkx.231000069

http: /www. jsjkx. com

it H AR F
O <~<ﬁm wi-r DOI:10. 11896/jsikx. 240100095

HEBKEENE ELATZRFUHBEMERSE

LEAZE & b HikE KHME
RFAFEEFEEEIRY%YK L 201804
(2233091 @ tongji. edu. cn)

M E FRAAANAFLGEEFSORKIBYSRAARDRA IS FTERFTLRFAUE AFEEFRE EXTHKAE
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MyCat F i@ 4 & MySQL Z M E H 9 H5H KB FEFE A EZNBRE KBGO AL EZT B, MXEAR,ZHIEERS R LT
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Online and Offline Multi-source Heterogeneous Data Fusion System for Recycling Information

QIU Mingxin, LEI Shuai,L1IU Xianhui and ZHANG Yingyao
School of Electronics and Information Engineering, Tongji University, Shanghai 201804 , China

Abstract In the recycling process of waste products in the resource recycling industry,a large number of multi-source hetero-
geneous data will be generated due to the collaborative work of multiple systems. Aiming at the problem that the online and off-
line recycling information of waste products is difficult to fuse and effectively use,an online and offline multi-source heteroge-
neous data fusion system for recycling information is proposed. Firstly, the system uses the Web API to realize the data access of
online and offline multi-source heterogeneous data,and completes the pretreatment of it through the steps of data parsing, data
cleaning and data conversion. Secondly,aiming at the problem that the existing data fusion methods based on clustering analysis
usually need to specify the number of clusters in advance in the fusion process,a fusion method based on multi-objective cluste-
ring is proposed,which aims to automatically determine the number of clusters in the fusion process. Through feature selection,
label co-ding,data conversion and normalization of the preprocessed data,combined with the multi-objective clustering algorithm,
feature extraction and clustering of typical data is completed,and data matching based on Euclidean distance is performed for the
total and incremental data. Finally,the system uses a distributed database scheme based on MyCat middleware and MySQL mas-
ter-slave replication to realize the storage,sharing and exchange of fusion data. The test shows that the data fusion system can rea-
lize the data fusion, sharing and exchange of online and offline multi-source heterogeneous recycling information of waste pro-
ducts. At the same time,compared to the method based on K-Means, the proposed data fusion method based on multi-objective
clustering can automatically determine the optimal cluster number on different data sets,and can obtain the compactness and sep-
aration no worse than that of the K-Means fusion method.

Keywords Clustering, Multi-objective optimization, Multi-source heterogeneous data,Data fusion
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Fig. 1 Architecture of multi-source heterogeneous data fusion system
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Fig. 3 Database solution based on MyCat middleware and MySQL master-slave replication
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