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Abstract

Driven by the dual carbon strategy, chemical enterprises need accurate clustering system of carbon-
emission data for better data analysis, assisting in the scientific planning of carbon emission reduc-
tion roadmaps. Although encourage studies on multi-source data fusion, methods for multi-source
heterogeneous carbon datasets clustering are limited. This paper creatively proposes a self-repre-
sentation clustering system for multi-source heterogeneous carbon data sets. The system is capable
of mining the complementarity of multi-source heterogeneous data and leveraging higher-order
manifold data structures to achieve precise clustering analysis, thereby providing technical support
for the scientific planning of carbon emission reduction pathways.
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Table 1. Specific parameters of experimental data

*® 1. KEBIERKSH

Datasets Views Classes Size Type
Politicsie 9 7 348 text
3Sources 3 6 169 text
Extented YaleB 3 38 2414 image
Prokaryotic 2 4 551 prokaryotic
Flowers 3 68 1360 image
Scene-15 3 15 4485 image
MITIndoor 4 67 5360 image
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Table 2. Experimental results of the algorithm on the Poloticsie and 3sources datasets

5% 2. EETE Poloticsie M 3sources HIEE FRISEIGER

Dataset Politicsie 3sources
Method Acc NMI AR F-score  Precision Acc NMI AR F-score  Precision
PMLRSSC 0.556 0.433 0.284 0.455 0.521 0.603 0.625 0.432 0.568 0.625

CMLRSSC 0.532  0.426 0.268 0.334 0.508 0.595 0.624 0.458 0.530 0.628
T-SVDMSC  0.872  0.819  0.852 0.898 0.905 0.765 0.667 0.646 0.728 0.665
JLMVC 0.886  0.836  0.865 0.902 0.913 0.836 0.738 0.675 0.751 0.809
GLTA 0.908  0.828  0.876 0.897 0.926 0.849 0.748 0.713 0.767 0.837
NLRTGC 0925 0918  0.905 0.924 0.918 0.841 0.813 0.803 0.768 0.795
TMSRL 0.896- 0.859  0.896 0.889 0.925 0.855 0.831 0.818 0.802 0.816
CTRL 0.931 0.926 0917 0.908 0.932 0.878 0.865 0.825 0.815 0.829
Proposed 0952 0945 0.937 0.952 0.965 0.907 0.873 0.845 0.848 0.854

Table 3. Experimental results of the algorithm on Extended YaleB and Prokaryotic datasets
5% 3. B3R Extended YaleB 0 Prokaryotic #{#E&E _ERISLIGEER

Dataset Extended YaleB Prokaryotic
Method Acc NMI AR F-score  Precision Acc NMI AR F-score  Precision
PMLRSSC 0.226  0.189 0.165 0.262 0.131 0.407 0.427 0.388 0.501 0.415
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CMLRSSC 0.208  0.216 0.259 0.182 0.158 0.414 0.434 0.374 0.512 0.402
T-SVDMSC  0.642  0.657 0.520 0.550 0.525 0.533 0.507 0.457 0.545 0.456
JLMVC 0.616 0.618 0.645 0.546 0.525 0.633 0.465 0.445 0.548 0.545
GLTA 0.624  0.621 0.446 0.482 0.463 0.541 0.538 0.435 0.525 0.537
NLRTGC 0.679  0.703 0.663 0.645 0.627 0.654 0.505 0.456 0.559 0.492
TMSRL 0.669  0.722 0.713 0.658 0.595 0.578 0.468 0.468 0.522 0.478
CTRL 0.703  0.715 0.708 0.636 0.548 0.588 0.524 0.478 0.559 0.502
Proposed 0.725  0.742 0.736 0.698 0.652 0.694 0.548 0.509 0.598 0.587

Table 4. Experimental results of the algorithm on the Flowers and Scene-15 datasets

3% 4. ELTE Flowers FA Scene-15 #iiE&E FHISLIG AR

Dataset Flowers Scene-15
Method Acc NMI AR F-score  Precision Acc NMI AR F-score  Precision
PMLRSSC 0.507 0.617 0.358 0.431 0.337 0.411 0.415 0.488 0.368 0.352
CMLRSSC 0.515  0.625 0.365 0.455 0.328 0.422 0.436 0.465 0.385 0.324
T-SVDMSC  0.742  0.765 0.757 0.702 0.764 0.813 0.807 0.776 0.782 0.748
JLMVC 0.715  0.728 0.788 0.716 0.782 0.804 0.825 0.811 0.805 0.786
GLTA 0.758  0.782 0.805 0.732 0.805 0.823 0.806 0.795 0.822 0.815
NLRTGC 0.808  0.825 0.778 0.809 0.762 0.735 0.796 0.805 0.835 0.821
TMSRL 0.821 0.809 0.805 0.798 0.809 0.815 0.828 0.788 0.818 0.806
CTRL 0.837  0.796 0.816 0.769 0.772 0.828 0.816 0.815 0.806 0.838
Proposed 0.848  0.845 0.827 0.835 0.812 0.855 0.848 0.839 0.849 0.859

Table 5. Experimental results of the algorithm on the MITindoor dataset
5% 5. A7 MiTindoor BiB&E FRISIIEER

Method ACC NMI AR F-score Precision
PMLRSSC 0.425 0.542 0.268 0.273 0.259
CMLRSSC 0.415 0.508 0.240 0.224 0.235
T-SVDMSC 0.725 0.783 0.604 0.598 0.585

JLMVC 0.734 0.714 0.611 0.627 0.638

GLTA 0.742 0.727 0.648 0.635 0.656

NLRTGC 0.769 0.761 0.665 0.648 0.728

TMSRL 0.755 0.814 0.677 0.665 0.674

CTRL 0.768 0.826 0.688 0.676 0.655

Proposed 0.788 0.845 0.705 0.716 0.748

Table 6. Running time results (in seconds) of algorithms NLRTGC, TMSRL, CTRL, and Proposed on various datasets
52 6. H3X NLRTGC, TMSRL, CTRL #0 Proposed 7E & # B8 EAYIEITRHBILER(BAGL: #)

Method Politicsie 3Sources YaleB Prokaryotic Flowers Scene-15 MITindoor
NLRTGC 49.90 57.04 97.54 88.45 103.04 2214.45 3537.68
TMSRL 43.89 52.71 83.75 53.08 112.45 1757.46 2638.26

CTRL 54.73 45.56 91.54 50.82 91.74 2048.32 3418.73
Proposed 55.62 71.54 220.68 125.89 136.78 2285.58 3932.47
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