Iranian:Journal of
Information

Processing and
Management

Iranian Research Institute

for Information Science and Technology
(IranDoc)

ISSN 2251-8223

elSSN 2251-8231

Indexed by SCOPUS, ISC, & LISTA
Vol. 39 | No. 4 | pp. 1419-1442
Summer 2024
https://doi.org/10.22034/jipm.2024.2005788.1236

XVviii

Improving Data Quality
in a Network of Optimizers

Tahereh Bahraini*

Postdoctorate in Electrical Engineering;

Sharif University of Technology-Doctorate; Tehran, Iran;
Email: bahraini.tahereh@mail.um.ac.ir

Alireza Naeimi-Sadigh
PhD in Computer Engineering; Faculty of Semnan University;
Semnan, Iran Email: anaeimi@semnan.ac.ir

Received: 27, Jun. 2023 Accepted: 16, Jun. 2024

Abstract: In the process of data generation or transmission, the quality
of data may degrade and not meet the required level for subsequent
processing steps. Improving data quality is one of the crucial steps that
needs to be taken to obtain accurate information hidden within the data
in any field. Researchers have proposed various methods to perform this
process, which differ based on the type of data. However, it is important
to note that often these methods do not consider the existing similarities
in different dimensions of the data simultaneously. This can have an
undesirable or detrimental impact on certain parts of the data and may
not improve the damaged segments. As a result, the obtained output will
not contain all the desired information. In this paper, a new method is
introduced in which data quality improvement is carried out using a set
of collaborative nodes in an interactive network structure. This method
enhances resistance against various types of degradation by employing
a set of nodes. The performance of the proposed method is compared
with six other state-of-the-art data quality improvement methods on real
degraded datasets. The results obtained from the simulation show that the
proposed method outperforms the other compared methods.
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1. hyperspectral image (HSI) 2. spectral signature 3. dark current
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1. endmember extraction 2. spectral unmixing 3. convolution neural network
4. Hysime 5. independent and identically distributed
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Chang and Du) "INAPCA > g4 ;25 5 J—>I4 «(Green et al. 1988) "NAPCT |5
0339 .l 0 & 5" (Chen and Qian 2010) ¢S > 40 s PCA losliul L ju 5 Cod> (1999
Sy s o‘fdc_#wi (Bollenbeck, Backhaus, and Seiffert 2011) _ia s 55 ¢l =
o e o dtedin PCA g Sl eslinal L 68 il 5 S 5l o 55 ol
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1. non i.i.d mixture of Gaussian low rank matrix factorization (LRMF)
2. non independent and identicaly distribution mixture of Gaussian 3. block-matching 3-D filtering

4. K-singular value decomposition (K-SVD) 5. principal component analysis (PCA)
6. noise adjusted principal components (NAPCs) 7. interference and NAPCs analysis (INAPCA)
8.wavelet 9. multivariate multi-resolution PCA 10. low rank matrix recovery (LRMR)

11. robust PCA 12. bivariate wavelet thresholding
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1. total variation 2. Bergman 3. maximum a posteriori (MAP)

4. multiple-spectral-band conditional random fields (MSB-CRF) 5. multidimensional Wiener filtering (MWF)
6. three-mode factor analysis (Tucker3) model 7. parallel factor analysis

8. genetic kernel tucker decomposition (GKTD) 9. multispectral image (MSI)
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Jlie (gl ol S gn S HSI o 5 5alS (ol 55> gn sl yll K05 )
;JJ'{ i sl ) (Othman and Qian 2006) i3 ;3 Oliiss 45 _iass 55
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&S g0 ) 5 3l e3linul b ax, X1 (Chen and Zhu 2012) Ilis 3 HSI CieS 5 50
bl L Uk 5 oy b S 53 5 6l 0T 3 45T i sle iy gl
e SLa i) iman b 8 ) 8 eslinl 3y pe T Sl gs Lt 3 S e
Sl Cmal 0l 03, JSa HSI o 5 ialS ) sbaiea *(PDE) (o el a5 YL
slgin 5 Ol oSUSS Ol e a g Lisl I ((Martin-Herrero 2007) alas 55 (JLs
—ESO TV Jis 5 (a3 TV s oS 5 L oSG TV Jue oS5 Sy o 434S s
«—S 5 L «(Yuan, Zhang and Shen 2013) ia g5 53 ¢ sl o 09 30 . dd osleul (gl
b 5 O 05 ) g Al Gl (s Gl TV o e i S
Al 35 Sl (S 5 D st S e (e ) (ipet A Sl HSI
Lin) "aal k> 5 ,=ké «(Chen and Qian 2010) PCA () soea HSI s 5 2als sla s,
(Rasti et al. 2013) Y(FORP) J sl 45 o (5, s—eal adaz 23, 5 «(and Bourennane 2012

sl_w‘ ol onla !

1. video block matching and 3D (VBM3D) 2. block matching and 4D (BM4D)
3. tensor dictionary learning (TDL) 4. dual-tree complex wavelet transform
5. partial differential equation-based (PDE) 6. multi-way Wiener filtering

7. first-order roughness penalty (FORP)
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Sl S 5, .(Zhang et al. 2013) LS s Jeas "(LRR) (sl iy (mb3b Say 0 (oiee
Sl gl ol s O SLedbl 5 Ola jan  pba LUl 5 s SLRTV) ol 4y S
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RGOV AR, (W =255 8Lls = 5 (Meng et al. 2013) CWM 5 (2012
Sl b sy eastls 5 0T g Ol oo 45 alie sl 3 o3lial 55 40 slas g,y 505 )
S slro S 51 (glie game La 2 s, ol > .Cmul (Cattivelli and Sayed 2009) (s ,Las!

O oy Codn S b Oy )y sbiiots it jlwdig ¢SO Sl glodulas &S a4 S

1. low rank matrix approximation (LRMA)

2. noise adjusted iterative randomized singular value decomposition (NAIRSVD)

3. low rank matrix recovery (LRMR) 4. low rank recovery

5. low rank total variation (LRTV) 6. nuclear norm minimization (NNM)

7. independent and identically distribution 8. independent and identically distribution Mixture of Gaussian
9. augmented lagrange multiplier (ALM) 10. cyclic weighted median (CWM) 11. Laplace
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1. hyperbolic cosine 2. least mean square (LMS)
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1. total variation regularized low-rank tensor decomposition (LRTDTV)
2. distributed network-LRTDTV (DN_LRTDTV) 3. adapte then combine (ATC)
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1. Frobenius norm
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