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Method for Correlation Data Imputation Based on Compressed Sensing

REN Bing,GUO Yan, LI Ning and LIU Cuntao

College of Communication Engineering, Army Engineering University of PLLA,Nanjing 210007, China

Abstract The phenomenon of missing data occurs frequently during the acquisition and transfer of data,and improper handling
of missing data sets can adversely affect subsequent data mining efforts. In order to fill the missing data set more effectively,a
method for data imputation based on compressed sensing is proposed for correlation data. First, the problem of missing data impu-
tation is transformed into a sparse vector recovery problem under the compressed sensing framework. Second.,a specialized sparse
representation base is constructed for correlation data,so the data sparsity can be better realized. Finally., the fast iterative weigh-
ted thresholding algorithm (FIWTA) is proposed, which is refined based on the fast iterative shrinkage-thresholding algorithm
(FISTA). The proposed algorithm adopts a new iterative weighted method and introduces a restart strategy, which greatly im-
proves the convergence of the algorithm and the reconstruction accuracy of the data. Simulation results show that the proposed al-
gorithm is able to fill the missing data efficiently,and both the reconstruction success rate and the reconstruction speed are im-
proved compared with the traditional fast iterative shrinkage-thresholding algorithm. Meanwhile, even when the sparse transfor-
mation of the data is less effective,imputation of missing data sets can still be accomplished with better robustness.

Keywords Compressed sensing, Data imputation, Correlation data, Orthonormal eigenvector basis, Iterative weighted threshol-

ding algorithm
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BCe=0. 1 7R AN R} 2 (BT A i 38 75 2 55 DU 42 66 P 22 1)
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Table 1  Average cross-correlation when data is randomly missing

M 40 80 120 160
OEB 0.1946 0.1556 0.1382 0.1293
DCT 0.1856 0.1459 0.1327 0.1155
DFT 0.1712 0.1329 0.1249 0.1016
DWT 0.4755 0.3758 0.3147 0.2762

# 2 BRI ERT LR S A 2 8] f 3 A G

Table 2 Average cross-correlation when data is evenly missing

M 40 80 120 160
OEB 0.1932 0.1553 0.1388 0.1287
DCT 0.2472 0.2349 0.2129 0.1899
DFT 0.3914 0.3608 0.3405 0.3131
DWT 0.4548 0.3699 0.2998 0.2549
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1. Initialization: u* =x",t"=1,k=0;
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8. uktl=xktty

9. endif

10. k=k+1;

11. Until || x*F1—xk || <t
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Fig. 3 Number of iterations vs. sparsity ratio K/N when
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Fig. 4 Probability of exact recovery vs. measurement ratio M/N

when N=400,K=50
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