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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
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. non i.i.d mixture of Gaussian low rank matrix factorization (LRMF)

1
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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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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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. total variation regularized low-rank tensor decomposition (LRTDTV)
2. distributed network-LRTDTV (DN_LRTDTV) 3. adapte then combine (ATC)
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