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Abstract: As an extension of Compressed Sensing(CS), Matrix Completion(MC) is widely applied to different
fields. Recently, the Riemannian optimization based MC algorithm attracts a lot of attention from researchers
due to its high accuracy in reconstruction and computational efficiency. Considering that the Riemannian
optimization based MC algorithm assumes a fixed rank of the original matrix, and selects a random initial point
for iteration, a novel algorithm is proposed, namely automatic rank estimation based Riemannian optimization
matrix completion algorithm. In the proposed algorithm, the estimate of rank is obtained minimizing the
objective function that involving the rank regulation, in addition, the iterative starting point is optimized based
on Riemannian manifold. The Riemannian manifold based conjugate gradient method is then used to complete
the matrix, thereby improving the reconstruction precision. The experimental results demonstrate that the
image completion performance is significantly improved using the proposed algorithm, compared with several
classical image completion methods.
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" Barbara 25.1371/0.1018 27.1138/0.0749 28.4540/0.2703 26.4330/0.1817 27.9684/0.2217
House 25.0207/0.0737 27.0100/0.0845 28.8611/0.3805 26.0756/0.2122 27.3161/0.0319
20 Barbara 29.5855/0.6187 29.4788/0.3705 29.0277/0.3509 27.7929/0.3638 29.0097/0.3175
House 32.1346/0.7750 30.5881/0.4681 29.2989/0.4096 28.0950/0.4569 29.1008/0.0667
20 Barbara 31.8223/0.7775 30.5821/0.5530 29.7224/0.4138 29.0192/0.5193 29.6337/0.4010
House 34.3279/0.8434 32.6125/0.6858 29.8818/0.4437 30.2986/0.6472 29.9081/0.4560
10 Barbara 33.1805,/0.8054 31.3704,/0.6249 30.4532/0.4922 30.2063/0.6471 30.2152/0.4592
House 36.9926/0.9175 33.4685,/0.7449 30.5393,/0.4687 32.2618/0.7718 30.6276/0.4546
50 Barbara 34.3090/0.8545 32.3230/0.7045 31.1457/0.5349 31.6388/0.7607 31.0285/0.5060
House 37.9729/0.9342 34.4193/0.7909 31.8817/0.5854 34.2940/0.8575 31.3316/0.4965
60 Barbara 35.5808,/0.8932 33.3609/0.7612 32.2731/0.5955 33.4085,0.8552 31.9375/0.5660
House 39.5723/0.9504 35.5242/0.8297 33.5629/0.7099 36.5579/0.9150 32.3391/0.4992
0 Barbara 37.1206/0.9277 34.6884/0.8124 33.4690/0.6453 35.7766,/0.9191 33.0595,/0.6449
House 41.0744/0.9622 36.8819/0.8690 34.4479/0.7395 39.3028/0.9524 33.4229/0.5724
0 Barbara 39.0801/0.9529 36.4704/0.8665 35.3219/0.7479 38.8081/0.9565 34.7671/0.6462
House 43.1665/0.9728 38.6710/0.9042 37.2815/0.8288 41.8076,/0.9234 35.2485/0.6317
90 Barbara 42.3685/0.9699 39.3773/0.9213 38.4127/0.8653 40.6578/0.9357 38.0598/0.7796
House 46.1068/0.9810 41.9691/0.9442 40.3322/0.8943 42.0364/0.9707 38.1441/0.7449
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