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Abstract

With the advent of the era of big data, image processing is gradually developing towards
DERER

NEGIMH: ERE, B, BT RO K B IE R T 5T ) 2 AR B R R SR ENA D). LR S R,
2023, 13(6): 1297-1307. DOI: 10.12677/csa.2023.136128


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.136128
https://doi.org/10.12677/csa.2023.136128
https://www.hanspub.org/

e, AT

high-dimensional direction. High-dimensional data is generally considered to be in the union of
multiple low-dimensional data. By dividing the high-dimensional subspace into several low-di-
mensional subspaces, we can better understand the underlying structure of the high-dimensional
subspace. Most of the existing clustering methods solve the problem of multi-view subspace clus-
tering by constructing an association matrix on each view. In this paper, an adaptive dictionary
learning based multi-view low rank sparse subspace clustering method is proposed. In the mul-
ti-view low rank sparse representation model, an adaptive dictionary learning strategy based on
orthogonal constraints is introduced. The method learns the dictionary adaptively from the origi-
nal data and makes the model robust to noise. At the same time, the projection matrix and the low
rank sparse feature are obtained by the optimization method. The results show that the proposed
algorithm performs better than other algorithms of the same type in clustering three kinds of
standard data sets.
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Figure 1. High-dimensional data composition schematic
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HOF — > L R TR

Reuters dataset: HiBE AR 1465 7 HAAFEIE 5 10 SCRYFFAE S HAE /S A L [F) 23] b )
B WSO AE SO AR B o A AR FH 9 S5 B SR R — ML, IR ORI RS 5L, PEBES
SCAE KSR A HAR DY AL . MBS BENIHEL T 10 40 3CHF, 23] T 600 47 SO I E R 46 .

UCI Digit dataset: UCI 755451517 )\ UCI A76E 1374 o 12800545 1 200 AN M7 24 2 F Wit i P
HR I F S HFE0~9) B . BANZPE 200 Mnfl, ARG NMFEER R R4 C. Lu 5L
5, ARSI T = ARHIESE: 76 MR B REL 216 NMEEAH ISR 64 /> Karhunen-Love 4.

53. SHRE

N T R SRR, ARSI S T R FR B T b, ARseag— e
VUG, Hop &m0k, RIS TR R R R b 7 25 (M) SR 2R BE(LRSSC) 5 & T 2 ML I
FRAR T 25 [ SR VL (MLRSSC), A SC AT tH i 5032, BT 0 ) ADLMLRSSC Fl3E T 0 i
KADLMLRSSC, WIFEil e ki — 251248, UMERSRERRLF. & 2 & 3 alsit 7
Centroid ADLMLRSSC # %41 Centroid KADLMLRSSC SiEi1 & BRI S K E .
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Table 2. The Centroid ADLMLRSSC algorithm runs the parameter settings for each data set
% 2. Centroid ADLMLRSSC B EITEHIRENSHIRE

b EE S 4 s BRIEAREL 344 {2 IEEARER u BRI ISk

3-source 0.1 0.7 60 6 107 10? 3
Reuters 05 03 60 6 107 10* 5
UCI digit 08 07 90 10 1073 10 3

Table 3. The Centroid KADLMLRSSC algorithm runs the parameter settings for each data set

5% 3. Centroid KADLMLRSSC B A ZITRMIBENSHIEE

b EE S 4 s BRIEAREL 344 fE AR w BTG A ISk

3-source 03 07 60 6 107 10* 3
Reuters 05 03 60 6 107 10* 5
UCI digit 06 05 90 10 107 10* 3

Table 4. Experimental data of five algorithms on three data sets

F 4. ARBFEMNA =D EIRERNOLEHIE

Hn e Hik F-score Precision Recall NMI Adj-RI
Centroid 0.6216 0.6961 0.5837 0.5833 0.5187
ADLMLRSSC (0.0609) (0.0585) (0.0764) (0.0295) (0.0692)
Centroid 0.5058 0.5514 0.4671 0.5144 0.3706
KADLMLRSSC (0.0326) (0.0552) (0.0253) (0.0263) (0.0459)

3-source
LRSSC 0.5698 0.6044 0.5410 0.4964 0.4490
(0.0396) (0.0157) (0.0586) (0.0234) (0.0424)
0.5791 0.5938 0.5717 0.5217 0.4557
MLRSSC (0.0485) (0.0314) (0.0783) (0.0153) (0.0543)
Centroid 0.4213 0.3733 0.4861 0.3804 0.2886
ADLMLRSSC (0.0142) (0.0257) (0.0153) (0.0194) (0.0225)
Centroid 0.3627 0.3318 0.4092 0.2911 0.2212
KADLMLRSSC (0.0177) (0.0224) (0.0209) (0.0148) (0.0236)

Reuters
LRSSC 0.3338 0.3136 0.3574 0.2454 0.1914
(0.0039) (0.0073) (0.0193) (0.0089) (0.0053)
0.3479 0.3197 0.3841 0.2835 0.2047
MLRSSC (0.0057) (0.0103) (0.0223) (0.0061) (0.0080)
Centroid 0.8356 0.8197 0.8542 0.8547 0.8178
ADLMLRSSC (0.0471) (0.0667) (0.0270) (0.0233) (0.0534)
Centroid 0.7547 0.7355 0.7757 0.7834 0.7260
KADLMLRSSC (0.0647) (0.0882) (0.0590) (0.0338) (0.0750)

UCI digit
LRSSC 0.7026 0.6593 0.7556 0.7544 0.6662
(0.0323) (0.0393) (0.0237) (0.0201) (0.0385)
0.6987 0.6710 0.7281 0.7517 0.6637
MLRSSC (0.0328) (0.0436) (0.0329) (0.0212) (0.0433)
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1) 7£ 3-source #(#i%E I, Centroid ADLMLRSSC HJ F-score Lt MLRSSC &t 7.3 %, Precision Lt LRSSC
Bt 15.2%, Recall tb MLRSSC & H %, NMI Et MLRSSC &t 2.1%, Adj-RI tb MLRSSC & 13.8%.
T AL BE B 55 R 8UR LU e

2) 1E Reuters H4EEH, ) F-score kb Centroid KADLMLRSSC &t 16.2%, Precision kb Centroid
KADLMLRSSC & ! 12.5%, NMI b Centroid KADLMLRSSC & H 30.7%, Adj-RI kb Centroid KADLMLRSSC
E 30.5%. 459K, Centroid ADLMLRSSC #5575 40 (1 58 KR R LU L

3) {E UCI digit 4} % ', Centroid ADLMLRSSC ] F-score tt Centroid KADLMLRSSC & 10.7%,
Precision kb Centroid KADLMLRSSC /&t 10.1%, NMI Et Centroid KADLMLRSSC & it 9.1%, Adj-RI Lt
Centroid KADLMLRSSC #itH 12.6%. 7 LUE H B0 T 307 BUR R B AR LU A BOR IR 35

6. 4518

ARSCHR T T 5 ) 18 R M 5T ) A MR A 122 [A) 3R 2K 57012% Centroid ADLMLRSSC,
FHs HALRE BIA R AR 0 24 R, ATAE BT RE, B TAZ K 5300 ) 1 3 B L2 5 1 22 R U Bk s 1
23 [ R 5 (Centroid KADLMLRSSC), Centroid KADLMLRSSC il 2 65 0ot 4745 2 T MBI E R,
DIRICEAHE (5 B o 2SR KRS RO AR S - B2 ST RN, AT DA 21— e P AR L SR A
FE . AUE SCT AR, filE T Bbsekd, 10 HiB ADMM 7774338 T BARR S i, sest, @
RN R GUE) 22 AL B 4R, FRATA SIS SRR, 2T B AT R 2 B MR 723 () SRR 5%

E&WE

ARFRAAE] T EHRARBIEFESUES : 61902160, 61806088, 62002142). VLI mZ&Biks H RE}
SHEHE S . 19KIB520006)FIVL 7544 H AR RS S RFAHE 5 . BK20201057).
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