0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI:10. 11896/jsjkx. 181202280

BENLEEREGEERE X

FES E1I & I’
LVAIHFRITHANAFERAFEKE LK EE 264000
WAL HEFRWEF PO . RERERITE LA EE 264000
(guihuil@163. com)

H E HASTENORREIRE s BAE R ERARFTEAGFA R BT A THES REE RN EGE R L.
FRrdABTAE N ERERLELMAERLZK, RBHA K FFMEsr ﬁ%%?ﬁm%ﬁ%%ﬁ&&%%%é%%&%ﬂ
ERFRREFHAFMSAENFRMELSREMBR, AEHI BT FRESTEGERIH, RALE X ROAR,
$k 5N Spike-Slab 3 k5| FH B AMEMS N H R A A AAIAR TIEERAE L RBERE A S, XTFREHRRE
P EER B AEEFEE DCT TAFH Global 3 fF ks, FRLERE T A B AT RN I RERELT LA
AR E B R 4 5dB; E AWM 6 AN ME LR T EML. X PR EG T EESHIEN A LNARRARBEGORS,
HoP i AAZ R T4 T 49 0. 76~6. 24 dB, 45 42 AR B %ﬁﬁ%?%o&u~a%m%%ﬁ@%%ﬁﬁ%?%onw~
0.108, st G L RH ERFERGFN . ERETHRAFRETESWARNEL . ALZARRME, FRASENT AE

IC i 3% B AR o Aok B AR R G A A SR M

KR A LR WA T AN EEE IR ;K ¥ 14 % # ; Spike-Slab 28 3%

FEESES TP391.41

Image Denoising Algorithm Based on Adaptive Matching Pursuit
LI Gui-hui, LI Jin-jiang and FAN Hui
School of Computer Science and Technology,Shandong Technology and Business University, Yantai, Shandong 264000, China

Co-innovation Center of Shandong Colleges and Universities: Future Intelligent Computing, Yantai, Shandong 264000, China

Abstract Aiming at the problem that the current sparse denoising algorithm has low decomposition efficiency and unsatisfactory
denoising effect,an image denoising algorithm based on adaptive matching pursuit was proposed. Firstly, the algorithm uses the
adaptive matching pursuit algorithm to solve the sparse coefficients,and then uses the K-means singular value decomposition al-
gorithm to train the dictionary into an adaptive dictionary that can effectively reflect the image structure features. Finally, the ima-
ge is reconstructed by combining the sparse coefficient with the adaptive dictionary. During the reconstruction process,the coeffi-
cients corresponding to the noise are removed,and finally the denoising effect is achieved. Spike-Slab priori is introduced to guide
the sparsity of sparse coefficient matrix,and two weight matrices are used to make the denoising model more realistic. In view of
the importance of dictionary in sparse algorithm, this paper compared adaptive dictionary with DCT redundant dictionary and
Global dictionary. The experimental results show that the denoising result of adaptive dictionary is about 4. 5 dB higher than that
of traditional dictionary in terms of peak signal-to-noise ratio (PSNR). The proposed method improves three evaluation indicators
in varying degrees compared with the current six main methods of sparse denoising. The PSNR is increased by about 0. 76 dB to
6. 24 dB,the feature similarity (FSIM) is increased by about 0. 012 to 0. 082.and the structure similarity (SSIM) is increased by
about 0. 015 to 0. 108 on average. The qualitative evaluation of the image denoising algorithm shows that the proposed algorithm
retains more useful information and has the best visual effect. Therefore, the experiment fully proves its effectiveness and robust-
ness.
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Table 1 PSNR results of differrent methods

(LAY dB)

Images Lena House Peppers Boat Monarch Woman Cameraman Barbara Bridge Mandrill Couple Average

Noise

Level o=

OMP 73.967 72.438 56.910 71.074 71.084 78. 854 69.592 71.296 63.523 64.032 69.421 69. 290

GMP 74.289 72.765 57.295 71.279 71.373 79.285 71.269 72.165 63.931 64.136 69.733 69.774
RROMP 74.665 73.018 57.549 71.438 71.544 79.437 72.165 72.423 64.373 64.289 70.036 70.085
StOMP 75.032 73.565 57.813 72.067 71.871 80. 283 72.533 72.891 64.423 64.492 70. 346 70.483

SdOMP 75.294 74.009 58.150 72.157 72.064 80.
SAMP 75.564 74.165 58.212 72.206 72.254 80.

524 72.840 72.925 64.835 64.717 70. 864 70.762
864 73.295 73.165 65.246 64.801 71.175 70.995

Ours 75.945 74.298 59.215 72.983 72.460 81.341 75.311 73.962 69.312 64. 869 71.252 71.904
Noise

=25
Level
OMP 67.017 65.763 43.496 63.017 62.791 72.194 64. 350 64.673 55.793 54.919 61.034 61.368
GMP 68.716 66. 946 44,368 63.535 63.139 72.816 64.936 65. 247 56.673 55.247 62.266 62.172

RROMP 68.941 66.294 44.946 64.235 63.476 73

. 846 65.047 65.946 57.948 55.761 62.676 62.647
StOMP 69.047 67.126 45.763 64,843 64.167 74.
SdOMP 69. 346 67.867 46.014 65.135 64.947 74.
SAMP 69. 467 68. 406 46.635 65.854 65.432 75.

469 65.584 66.198 58.349 56.942 63. 149 63. 240
819 66.729 66. 489 58.762 57.347 63.420 63.716
169 67.196 67.944 59.167 58.169 64.765 64. 382

Ours 69.630 68.877 47.751 66.039 66.552 76. 388 69.574 67.951 60. 332 58.473 65.002 65.143
Noise

=35
Level
OMP 61.466 62.109 62.479 54.106 57.020 66.453 59.432 60.729 51.946 51.011 57.468 58.565
GMP 62.776 62.572 63.164 55.905 58.614 68. 249, 60. 316 61.094 52.947 52.661 58.001 58. 805

RROMP 62.411 62.956 63. 810 56.006 59. 456 69

. 432 61.617 61.379 53.249 52.741 58.334 60.126
StOMP 63.760 63.247 64.572 56.731 60.916 70.
SdOMP 64.947 63.436 65. 349 57.219 61.002 70.
SAMP 65. 350 64.761 65.819 57.915 60. 766 71.

761 62.247 62.673 55.190 53. 649 59.594 61.213
964 62.841 63.043 55.672 54.020 60.271 61.706
491 63.761 63.594 56.011 54. 864 60. 861 62.290

Ours 66.694 65.114 67.212 58.096 61.160 75.649 64.107 64.008 59.222 55.142 61. 388 63. 436

Noise

Level o=

OMP 56.014 55.476 54.816 50.167 52.722 62.473 55.302 55.491 49. 265 48.365 52.496 53.872

GMP 57.643 56.612 55.276 50. 647 53. 266 63.612 56.465 56.716 50.724 49. 347 54.000 54.937
RROMP 58.164 57.021 55.647 51.763 54.633 64. 350 57.016 57.197 51.029 49. 846 54.370 55.549
StOMP 59.463 58. 246 56.315 52.718 54.976 65.761 58.491 58. 146 51.496 50. 476 56.210 56.573
SdOMP 60. 281 58.647 56.946 53.222 55. 147 66.495 58.672 58. 469 52.225 51.494 56.493 57.099
SAMP 60. 761 59.492 57.817 53. 747 55.615 67.015 59.122 59. 246 52.679 51.947 56.761 57.655

Ours 61.248 61.182 58.214 54,287 56.212 72.674 60,422 62.901 53.046 52.952 57.030 59.106

Noise

Level o=

OMP 51.019 50.971 51.372 45.670 416. 186 57.494 50. 647 49.176 44.399 45.796 47.730 49.133

GMP 52.660 51.764 53. 347 46.912 48.210 58.435 52.000 50. 090 45.214 46.020 48.291 50. 268
RROMP 53.107 52.050 53. 863 48.723 48.557 59.643 52.469 51.882 46. 942 46. 339 49.371 51.177
StOMP 54.972 52.811 55.279 50.162 49.023 62.257 53. 844 53.621 47.494 47. 646 51. 647 52.614
SdOMP 55.497 53. 946 55.667 49.006 50. 766 62.639 54.729 54.200 49.030 48.555 51.947 53.271
SAMP 56. 813 54.015 56.047 49. 660 51.433 63.011 54.966 55.224 49.774 49.001 52.146 54.309

Ours 57.308 56.269 58.709 50. 202 51.811 69.433 55.313 56.675 50. 379 49.798 53.476 55.398

2 OARIkK FSIM 453
Table 2 FSIM results of differrent methods

Images Lena House Peppers Boat Monarch Woman Cameraman Barbara Bridge Mandrill Couple Average
Noise

Level o=l

OMP 0.929 0.902 0. 820 0.911 0.919 0.927 0. 905 0.923 0.902 0. 890 0.913 0.904

GMP 0.930 0.911 0.821 0.919 0.928 0.932 0.914 0.933 0.907 0. 900 0.914 0.910
RROMP 0.932 0.917 0.822 0. 920 0.929 0.937 0.920 0.937 0.914 0. 904 0.918 0.914
StOMP 0.936 0.922 0.827 0.925 0.936 0.939 0.922 0.939 0.914 0. 905 0.922 0.917
SdOMP 0.942 0.928 0. 840 0.927 0.936 0. 950 0.925 0.946 0.919 0. 909 0.927 0.923
SAMP 0.948 0.936 0. 840 0. 930 0.941 0. 954 0.928 0.946 0.922 0.910 0.929 0.926

Ours 0. 950 0. 949 0. 848 0. 954 0.963 0.965 0. 950 0.947 0.922 0.943 0.931 0.938
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Images Lena House Peppers Boat Monarch Woman Cameraman Barbara Bridge Mandrill Couple Average
Noise —25

Level ’

OMP 0.898 0.877 0. 866 0. 858 0. 864 0. 896 0.823 0.877 0.814 0. 806 0.782 0.851
GMP 0.901 0. 887 0. 870 0. 868 0.879 0. 900 0. 867 0.894 0.819 0.812 0.796 0.863
RROMP 0.906 0. 900 0.877 0.874 0. 882 0. 906 0.870 0.901 0.827 0.818 0. 800 0. 869
StOMP 0.913 0. 900 0. 881 0.879 0. 884 0.918 0.874 0.908 0. 831 0. 826 0. 869 0. 880
SdOMP 0.920 0. 905 0. 889 0. 884 0.898 0.922 0. 881 0.912 0.837 0.831 0.874 0. 887
SAMP 0.922 0.909 0. 897 0. 890 0. 900 0.929 0. 886 0.920 0. 846 0. 834 0. 880 0.892
Ours 0.925 0.912 0.924 0.953 0.918 0. 955 0.917 0.921 0. 865 0.843 0. 889 0.911
Noise 35

Level o

OMP 0. 845 0. 847 0. 844 0.810 0. 829 0.857 0.817 0.843 0.775 0.717 0.786 0.815
GMP 0.853 0.861 0.862 0. 820 0.834 0.871 0.830 0.852 0.785 0.739 0.794 0.827
RROMP 0. 860 0. 869 0.875 0.827 0. 849 0. 885 0.831 0.863 0.796 0.741 0. 807 0.794
StOMP 0. 868 0.874 0.879 0.832 0.853 0.891 0. 846 0.879 0.807 0.752 0.816 0. 845
SdOMP 0. 885 0. 882 0. 884 0. 840 0.863 0.897 0. 850 0. 885 0.811 0.767 0. 828 0. 854
SAMP 0. 890 0. 886 0. 896 0. 859 0.872 0.909 0. 860 0. 890 0.819 0.773 0.832 0.862
Ours 0.922 0.901 0.904 0.862 0. 879 0.948 0.870 0.897 0.821 0.794 0. 849 0.877
Noise —50

Level ’

OMP 0. 801 0.825 0.796 0.775 0.772 0. 831 0.781 0.803 0.717 0. 644 0.761 0.773
GMP 0.812 0.831 0.818 0.782 0.795 0.841 0.788 0. 825 0.729 0. 650 0.771 0.786
RROMP 0. 824 0.837 0. 820 0.788 0.819 0. 854 0.790 0.833 0.732 0.658 0.776 0.794
StOMP 0. 840 0. 840 0.831 0.796 0.822 0. 869 0.796 0.842 0.742 0.678 0.781 0. 803
SdOMP 0.842 0. 849 0. 837 0.801 0.828 0.876 0.811 0. 845 0.749 0.685 0.783 0.810
SAMP 0.853 0. 864 0. 840 0. 806 0.831 0.893 0. 826 0.857 0.756 0.692 0.797 0. 820
Ours 0. 899 0.883 0.861 0.816 0. 855 0. 950 0.872 0.862 0.766 0.719 0.803 0. 844
Noise 75

Level ’

OMP 0.762 0.755 0.772 0.717 0.715 0. 806 0.726 0.759 0. 649 0. 564 0.669 0.718
GMP 0.771 0.770 0.779 0.729 0.726 0.819 0.730 0 0.668 0.582 0.674 0.728
RROMP 0.786 0.786 0.789 0.734 0.732 0. 829 0. 744 0 0.679 0.591 0.695 0.740
StOMP 0.798 0.801 0.795 0.759 0. 747 0. 849 0.759 0.785 0.685 0.629 0.702 0.755
SdOMP 0.819 0.819 0.811 0.765 0.769 0. 855 0.762 0. 809 0.695 0.635 0.726 0.770
SAMP 0. 824 0. 826 0. 826 0.771 0.776 0. 866 0.788 0.817 0.710 0.627 0.733 0.779
Ours 0.841 0.872 0. 855 0.772 0. 806 0. 895 0.795 0.832 0.729 0.659 0.748 0. 800
* 3 ARITrEm SSIM &5 %

Table 3 SSIM results of differrent methods
Images Lena House Peppers Boat Monarch ~ Woman Cameraman Barbara Bridge Mandrill Couple Average

Noise —1s

Level o

OMP 0. 681 0.659 0.663 0. 640 0.736 0.621 0. 680 0.762 0.773 0. 744 0.739 0.700
GMP 0.682 0. 664 0.663 0.653 0. 740 0.631 0.683 0. 764 0.779 0.746 0.747 0.705
RROMP 0.688 0. 660 0.666 0.659 0.740 0. 640 0.688 0.770 0.780 0.749 0.752 0.708
StOMP 0.693 0.669 0.671 0.661 0.742 0.647 0.693 0.774 0.787 0.753 0.756 0.713
SdOMP 0.699 0.670 0.677 0.673 0.748 0. 649 0.697 0.782 0.790 0.759 0. 760 0.719
SAMP 0.710 0.673 0. 680 0.670 0.753 0. 650 0.710 0.786 0.796 0.763 0.768 0.724
Ours 0.715 0.708 0. 680 0.699 0.759 0.706 0.725 0.790 0. 801 0.775 0.770 0.739
Noise 25

Level o

OMP 0.607 0.562 0.574 0.546 0.632 0.543 0.601 0.676 0.619 0.571 0.631 0.597
GMP 0.611 0.570 0.573 0.550 0. 644 0.546 0.608 0. 680 0.623 0.576 0.636 0.602
RROMP 0.617 0.580 0.579 0.554 0.650 0.549 0.610 0.684 0.637 0.577 0. 640 0.607
StOMP 0.621 0.586 0. 280 0.561 0.657 0.553 0.619 0.699 0.645 0. 580 0.647 0.586
SdOMP 0.628 0.593 0.586 0.564 0.666 0.563 0.622 0.704 0.647 0.588 0. 650 0.619
SAMP 0. 630 0.597 0.597 0.570 0.672 0.570 0.631 0.709 0.652 0.595 0.654 0.625
Ours 0. 644 0.610 0.608 0.671 0.668 0.615 0. 644 0.711 0.695 0.622 0.705 0. 654
Noise 35

Level o

OMP 0.534 0.511 0. 460 0. 447 0.554 0.467 0.533 0. 600 0.511 0.433 0.517 0.506
GMP 0. 541 0.528 0.476 0.451 0. 560 0.474 0.541 0.611 0.529 0.441 0.522 0.516
RROMP 0. 543 0.534 0.497 0.463 0.564 0. 480 0.548 0.618 0.533 0.452 0.520 0.523
StOMP 0.558 0.541 0.401 0. 480 0.576 0.497 0.551 0.621 0.542 0.468 0.528 0.524
SdOMP 0.566 0.543 0.406 0. 489 0.591 0.501 0.558 0.628 0. 547 0.473 0.536 0.531
SAMP 0.568 0.551 0.409 0.496 0.597 0.518 0.567 0.638 0.551 0.477 0.548 0.538
Ours 0.670 0.574 0.452 0.52 0. 605 0.673 0.620 0. 740 0.658 0.490 0.653 0.605
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Images Lena House Peppers Boat Monarch Woman Cameraman Barbara Bridge Mandrill Couple Average
Noise
Level 77350
OMP 0.447 0.451 0.326 0. 364 0.474 0.417 0.454 0.501 0.474 0.295 0.422 0.420
GMP 0.451 0.467 0. 340 0. 369 0.476 0.427 0.458 0.516 0.487 0. 304 0.429 0.429
RROMP 0. 464 0.461 0.351 0.370 0.477 0.439 0.460 0. 530 0.499 0.311 0.431 0.436
StOMP 0.481 0.474 0. 368 0.377 0.483 0. 440 0.477 0.538 0.514 0.318 0.448 0.447
SdOMP 0.487 0.484 0.371 0. 386 0.497 0.452 0.483 0.542 0.520 0.323 0.451 0. 454
SAMP 0.490 0.499 0.378 0. 397 0.514 0.457 0.488 0.545 0.522 0.327 0.466 0.462
Ours 0.534 0. 500 0. 480 0.408 0.527 0.491 0.524 0.636 0.576 0.534 0.573 0.528
Noise
Level o=
OMP 0.331 0. 357 0.291 0.275 0.363 0.341 0. 340 0.401 0.292 0.188 0.301 0.316
GMP 0. 347 0.367 0. 300 0.277 0.373 0.351 0.359 0.421 0.303 0.195 0. 304 0.327
RROMP 0. 360 0. 370 0. 309 0.286 0.377 0. 360 0.361 0.436 0. 309 0.197 0.317 0.335
StOMP 0.379 0. 388 0.323 0.298 0.392 0.377 0.375 0.445 0.323 0.217 0.328 0. 350
SdOMP 0. 384 0. 396 0.333 0. 309 0.406 0. 381 0. 386 0. 454 0.337 0.222 0.342 0. 359
SAMP 0.395 0.407 0. 346 0.316 0.417 0.398 0. 390 0. 460 0. 349 0.226 0. 356 0. 369
Ours 0.409 0.414 0. 350 0.322 0.422 0. 400 0.409 0.469 0.454 0.271 0.361 0. 389
6 —F 8 4l i OMP, GMP, RROMP, StOMP, 4.3.3 TR
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Fig. 6 Curve of average PSNR value with noise intensity
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080
-o- OMP
075 - GMP
070 x RROMP
065 © StOMP
060 b © SdOMP
s ) X SAMP
7 055 —+ Qurs
@ 050
045
040
035
0.30
15 25 35 50 75
R T
8 -y SSIM i Fifi M 75 5 B2 A8 Ak A i 42

Fig. 8 Curve of average SSIM value with noise intensity
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Table 4 Energy ratio changes with iterations

/:;: OMP GMP RROMP SdOMP StOMP SAMP Ours
74

2 0. 357 0.355 0.353 0. 344 0. 349 0.351 0.342
4 0.329 0.322 0.316 0.314 0.301 0. 304 0.281

6 0.264 0.251 0.237 0.224 0.215 0.201 0.159

8 0.193 0.172 0.155 0.146 0.132 0.124 0. 050
10 0.172 0.153 0.126 0.114 0.091 0.073 0.031
20 0.127 0.106 0.082 0.073 0.058 0. 047 0.025
30 0.106 0.093 0.075 0.063 0.052 0.039 0.021
40 0.067 0.052 0.046 0.038 0.033 0.025 0.019
50 0.063 0.052 0.047 0.038 0.038 0.021 0.015
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