








CHAPTER 6. RESULTS AND DISCUSSION

Figure 6.15: Venus multi-view image denoising results: (a) Original image, (b) AWGN image (o = 40), (c)
NL-Means, (d) S-SSIM, (e) S-MD and (f) S-SVD

Figure 6.16: Venus multi-view image denoising disparity maps: (a) Original image, (b) AWGN image
(o = 40), (c) NL-Means, (d) S-SSIM, (e) S-MD and (f) S-SVD
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maps are shown in Figures 6.9, 6.10, 6.11, 6.12, 6.13, 6.14, 6.15, and 6.16.

6.3.3 Discussion

The results discussed in this section show that image similarity measures assist greatly in the
performance of multi-view image denoising methods. As was previously mentioned in the review
chapter of this thesis, the quality of the image similarity measures depends on the image processing

applications used.

The SSIM index is one of the best image quality assessment techniques; however, it unfortunately
fails when it is used with noisy images. Indeed, the structural similarity index would favour
comparing similar noise patterns rather than the actual structures of the images. Here S-SVD
overcomes the issue of S-SSIM by using a transformation before measuring the three changes:
the luminance, contrast, and structure. Thus, the results obtained when using the S-MD and the
S-SVD methods are better than those obtained when using the S-SSIM denoising method.

One of the problems associated with multi-view image denoising methods is the long execution
time due to the large number of images to be searched when filtering. Hence, the use of a bounded
searching area is recommended to overcome this disadvantage. In contrast to the S-SSIM filtering
method, the S-MD and the S-SVD filtering methods employ bounded searching areas.
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Chapter 7

Conclusions and Future Work

In this thesis, we started by reviewing the background of the problem in order to establish an
understanding of the context of the denoising problem. Then, a statement of the denoising problem
was provided. Next, the purpose of the research and the motivation behind it was explained.
Before presenting the new patch-based denoising method, a comprehensive review of patch-based
denoising methods was introduced. After that, the experimental results achieved were presented,
as well as a comparison with other denoising methods. This last chapter will conclude this work
based on the experimental observations made during this study, and present recommendations for

further improvements.

7.1 Summary of Contributions

7.1.1 Single Image Denoising

In this work, a new patch-based denoising method for single images was presented. Improving the
thresholding step and adjusting the accuracy of the aggregation stage for the collaborative Wiener
filtering step improved the performance of the state-of-the-art single image denoising method
(BM3D filtering method). Based on a comprehensive quantitative and qualitative evaluation of

the new methods and of the existing ones, we conclude that:

1. A modified BM3D filtering algorithm for denoising noisy images was developed.

2. The modified BM3D filtering algorithm outperforms the original BM3D filtering algorithm
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at various noise levels.

. Edges were preserved and the homogeneous regions were properly smoothed using the mod-
ified BM3D filtering algorithm.

. The idea that the pixel-based BF could be adapted successfully to patch-based denoising

methods was confirmed.

. Utilizing geometric and luminance distances between similar patches assists in producing an

adaptive hard-thresholding operator.

. The texture analysis approach (GLCM) can be adapted locally for patches; in addition, it can
be utilized for improving original BM3D filtering algorithm.

. Using adaptive hard thresholding reduces the number of parameters of the original BM3D

by more than twenty parameters.
. Weighted averaging improves the aggregation stage of the collaborative Wiener filtering step.

. The proposed method performs better with some wavelet transforms (i.e., biorl. 1, biorl.3,
rbiol.1, and dbl).

7.1.2 Multi-views Image Denoising

This thesis also presented new patch-based denoising method for reducing noise in multi-view im-

ages. Image similarity measures significantly affect the performance of multi-view image denois-

ing methods. SSIM, MD and SVD-based image similarity measures outperform other denoising

methods at various levels of noise (o) . Based on extensive experimental results, the following

observations can be made:

1. The NL-Means can be adopted with various image similarity measures to denoise multi-view

images.

2. The SSIM index with the NL-Means for stereoscopic image denoising produced acceptable

results at low levels of noise (o < 20), but it failed to properly denoise the image at a high

level of noise (o > 20).

3. The SSIM index compares noise structure instead of patch structures.
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4. The transform used in SVD-based image similarity measure assists in producing a robust

image similarity measure.
5. A bounded search area assists in speeding up the filtering of multi-view images.

6. Using NL-Means with MD and SVD-based image similarity denoises both left and right

images simultaneously and in a shorter time.

7.2 Future Work

The patch-based denoising approaches introduced in this thesis are modest, efficient and reliable.
However, these approaches might need some further work in order to improve the quality of their

overall output.

Because BM3D is the state of the art denoising method, we believe that any improvement to it
would contribute to developing a better denoising method. It has two denoising steps and more
than twenty parameters; we improved just one parameter in the modified BM3D filtering algorithm.
Improving the twenty parameters is necessary in order to achieve an even greater improvement.
While we improved the performance of BM3D, we believe that more effort is needed in order to

improve the speed of this method. BM3D can be parallelized in order to improve its efficiency.

Our proposed method for multi-view image denoising is based on the use of spatial domain filters.
We believe that using a transform domain for the filtering of such images would improve their
performance. The methods use traditional image similarity measures (e.g. MSE) for assigning the
weights between similar patches. Recently, some new similarity measures have been developed
that compete with the traditional MSE. We believe that using the more modern similarity measures

for assigning weights would help to improve the results of the methods used.
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Appendix A

Performance Results

The performance of the denoising algorithms with various noise levels (o). The results are obtained
by measuring the differences between the original images and the denoised images. The highest
values of SSIM are highlighted by a wavy under-bar bold font, while the highest values of PSNR
are highlighted with a bold font.

o o=10 o=20 o =40 o =60

Method PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
Noisy 24,795 | 0.7285| 19.764 | 0.5248 | 16.328 | 0.3365 | 14.924 | 0.2503
Bilateral 19.760 | 0.7806 | 19.314 | 0.7473 | 15.435 | 0.4370| 12.782 | 0.1250
NL-Means | 25.106 | 0.9286 | 21.594 | 0.8450 | 17.634 | 0.6711 | 15.584 | 0.5387
K-SVD 27.200 | 0.9204 | 23.353 | 0.8547 | 19.435 | 0.7255| 17.087 | 0.6050
BM3D 31.987 | 0.9287 | 30.244 | 0.8935 | 27.021 | 0.8075 | 24.962 | 0.7399
Non-iPPB | 24.241 | 0.9224 | 21.527 | 0.8581 | 17.631 | 0.6962 | 15.645 | 0.5709
It-PPB 23.524 | 0.9128 | 20.750 | 0.8556 | 17.926 | 0.7291 | 16.273 | 0.6114
PGPCA 27.744 | 0.9239 | 23.873 | 0.8565 | 20.591 | 0.7518 | 18.636 | 0.6747
PLPCA 28.884 | 0.9340 | 25.304 | 0.8817 | 21.766 | 0.7768 | 19.769 | 0.7182
PHPCA 28.663 | 0.9324 | 25.035 | 0.8779 | 21.636 | 0.7837 | 19.554 | 0.7136

Barbara Image
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o o=10 o =20 o =40 o =60

Method PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
Noisy 24.408 | 0.6177 | 19.658 | 0.3979 | 16.762 | 0.2431 | 15.424 | 0.1805
Bilateral | 26.867 | 0.8680 | 25.566 | 0.8004 | 18.486 | 0.3089 | 10.857 | 0.2504
NL-Means | 29.931 | 0.8836 | 26.872 | 0.8056 | 22.595 | 0.6400 | 19.864 | 0.4920

§0 K-SVD 30.294 | 0.8950 | 27.015 | 0.8285 | 23.143 | 0.7372 | 20.559 | 0.6374
£ BM3D 29.861 | 0.9016 | 28.380 | 0.8448 | 26.864 | 0.7952 | 25.960 | 0.7618
% Non-iPPB | 29.700 | 0.8854 | 27.205 | 0.8292 | 23.377 | 0.7202 | 20.812 | 0.6064
= It-PPB 29.144 | 0.8844 | 26.658 | 0.8283 | 23.684 | 0.7464 | 21.893 | 0.6576
PGPCA 30.281 | 0.8983 | 27.114 | 0.8420 | 23.769 | 0.7586 | 21.826 | 0.7252
PLPCA 30.902 | 0.9031 | 27.491 | 0.8404 | 23.800 | 0.7326 | 22.064 | 0.7139
PHPCA 30.791 | 0.9012 | 27.484 | 0.8412 | 23.987 | 0.7573 | 22.026 | 0.7212
Noisy 19.221 | 0.5012 | 15.068 | 0.2963 | 11.875 | 0.1752 | 10.465 | 0.1320
Bilateral | 34.645 | 0.9862 | 30.923 | 0.8872 | 21.083 | 0.2830 | 15.021 | 0.0978

Yl NL-Means | 37.916 | 0.9631 | 32.627 | 0.8778 | 27.058 | 0.6670 | 23.570 | 0.5029
;é K-SVD 35.287 | 0.9730| 31.079 | 0.9383 | 26.702 | 0.8429 | 24.255 | 0.7578
:% BM3D 35.080 | 0.9869 | 30.407 | 0.9696 | 26.082 | 0.9339 | 24.384 | 0.9189
% Non-iPPB | 37.496 | 0.9785 | 34.169 | 0.9440 | 29.715 | 0.8258 | 25.760 | 0.6895
E It-PPB 36.731 | 0.9785 | 33.041 | 0.9508 | 29.736 | 0.8619 | 27.213 | 0.7557
© PGPCA 33.661 | 0.9640 | 29.573 | 0.9364 | 26.165 | 0.8592 | 24.457 | 0.8579
PLPCA 34.526 | 0.9555 | 30.250 | 0.9220 | 26.362 | 0.7991 | 24.879 | 0.8261
PHPCA 34.635 | 0.9612 | 30.171 | 0.9291 | 26.488 | 0.8444 | 24.705 | 0.8380
Noisy 15.513 | 0.5585| 11.341 | 0.4397 | 8.139 | 0.3181| 6.742 | 0.2503
Bilateral | 47.898 | 0.9853 | 37.586 | 0.9118 | 23.162 | 0.5564 | 15.662 | 0.3774

9| NL-Means | 25.050 | 0.9760 | 24.319 | 0.9435 | 22.771 | 0.8837 | 20.794 | 0.8371

<

g K-SVD 38.509 | 0.9609 | 32.666 | 0.8973 | 26.796 | 0.7995 | 23.076 | 0.7272
"c% BM3D 42.827 | 0.9898 | 38.422 | 0.9689 | 33.357 | 0.9300 | 28.304 | 0.9033
—§ Non-iPPB | 21.668 | 0.9701 | 21.442 | 0.9407 | 20.398 | 0.8745 | 18.887 | 0.8280
g 1t-PPB 21.073 | 0.9601 | 20.676 | 0.9254 | 19.554 | 0.8631 | 18.216 | 0.8160
PGPCA 34.036 | 0.9759 | 29.664 | 0.9537 | 23.812 | 0.8334 | 19.584 | 0.7675
PLPCA 33.467 | 0.9411 | 28.836 | 0.9059 | 23.285 | 0.8150 | 20.276 | 0.7968
PHPCA 33.408 | 0.9421 | 29.288 | 0.9227 | 23.893 | 0.8332| 20.220 | 0.7873
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Appendix B

Execution Time

Execution time in seconds shows the speed of the denoising methods applied to the four images at

various noise levels (o). The fastest patch-based methods are highlighted by a wavy under-bar

bold font. In both tables, the methods are sorted from the oldest to the most recent.

o o=10 o =20 o =40 o =60 Average
Method per second | per second | per second | per second | per second

AD 0.05 0.05 0.05 0.05 0.05
Bilateral 0.48 0.48 0.48 0.49 0.48
NL-Means 44.13 46.16 43.66 46.58 45.13

%ﬂ K-SVD 1125.85 1163.52 1116.98 1113.34 1129.92
S0 BWSD | 313 | 306 | 321 | 39 | 33
3 | Non-it PPB 10.26 9.93 10.37 10.16 10.18
QCE It-PPB 32.10 28.60 30.23 28.68 29.90
PGPCA 5.35 5.27 6.79 6.82 6.06
PLPCA 9.42 9.05 15.43 16.99 12.72
PHPCA 7.62 7.57 9.71 9.77 8.67
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o oc=10 o=20 o =40 o =60 Average
Method per second | per second | per second | per second | per second
AD 0.05 0.05 0.05 0.05 0.05
Bilateral 0.48 0.48 0.48 0.48 0.48
NL-Means 44.23 45.50 43.76 43.45 44.24
go K-SVD 356.09 344.96 338.84 339.82 344.93
E] BMD | 084 0.82 0.80 0.98 0.86
2 | Non-itPPB | 10.97 10.02 10.35 10.10 10.36
T It-PPB 30.10 29.38 29.16 28.63 29.32
PGPCA 1.32 1.34 1.65 1.65 1.49
PLPCA 2.28 2.28 3.65 3.73 2.99
PHPCA 1.76 1.71 2.15 2.12 1.93
AD 0.05 0.05 0.05 0.05 0.05
Bilateral 0.48 0.48 0.49 0.49 0.48
g | NL-Means 42.84 45.93 43.42 45.83 44.50
g K-SVD 349.84 342.92 340.05 341.39 343.55
2| BMID | 032 | 08 | 084 [ 0% | 04
% Non-it PPB 9.88 9.99 9.95 10.06 9.97
g It-PPB 30.66 28.67 28.74 28.66 29.18
© PGPCA 1.34 1.39 1.63 1.68 1.51
PLPCA 2.37 2.19 3.84 3.81 3.05
PHPCA 1.75 1.74 2.19 2.13 1.95
AD 0.05 0.05 0.05 0.05 0.05
Bilateral 0.47 0.48 0.48 0.47 0.48
¢ | NL-Means 42.39 45.58 44.00 42.93 43.73
E K-SVD 1161.89 1155.13 1115.27 1112.00 1136.07
| BMD | 079 | 032 [ 030 | 043 | 04
_-g Non-it PPB 13.18 10.33 10.01 10.05 10.89
% | 1-PPB 41.24 37.00 28.81 29.25 34.07
© PGPCA 0.79 0.86 1.03 0.98 0.91
PLPCA 1.35 1.36 2.03 2.11 1.71
PHPCA 1.10 1.04 1.32 1.32 1.20
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Appendix C

Thresholding Levels and Operators

The best suggested thresholding levels and operators for structure and non-structure patches

o Patch Types Thresholding Levels Operators
10 Structure (Column F) 16 levels of thresholding | 2.0-3.5
Non-structure | (Column F) 16 levels of thresholding | 2.6-4.1
20 Structure (Column F) 16 levels of thresholding | 2.0-3.5
Non-structure | (Column F) 16 levels of thresholding | 2.6-4.1
30 Structure (Column E) 8 levels of thresholding 2.2-2.9
Non-structure | (Column F) 16 levels of thresholding | 2.5-4.0
40 Structure (Column C) 4 levels of thresholding 2.4-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.5-4.0
50 Structure (Column B) 2 levels of thresholding 2.6-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.4-3.9
60 Structure (Column B) 2 levels of thresholding 2.6-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.2-3.7
20 Structure (Column B) 2 levels of thresholding 2.6-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.1-3.6
%0 Structure (Column B) 2 levels of thresholding 2.6-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.0-3.5
90 Structure (Column B) 2 levels of thresholding 2.6-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.0-3.5
100 Structure (Column B) 2 levels of thresholding 2.6-2.7
Non-structure | (Column F) 16 levels of thresholding | 2.0-3.5
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Appendix D

Discrete Wavelet Transforms Performances

The performance of the modified block batching 3D algorithm with various wavelet families when

denoising Lena image

" Trans. oc=10 o =20 o =30
Stepl | Step2 | T Stepl | Step2 | T Stepl | Step2 | T

1 | biorl.1 | 35.53 | 35.92 | 2.33 || 32.25 | 33.01 | 2.43 || 30.19 | 31.22 | 2.39
2 | biorl.3 | 35.62 | 35.93 | 2.37 || 32.38 | 33.02 | 2.47 || 30.28 | 31.23 | 2.43
3 | biorl.5 | 35.50 | 3591 | 243 || 32.33 | 32.99 | 2.52 || 30.23 | 31.19 | 2.73
4 | bior2.2 | 35.50 | 3591 | 2.72 || 32.33 | 32.99 | 2.74 || 30.23 | 31.19 | 2.47
5 | bior2.4 | 3550 | 3591 | 243 || 32.33 | 32.99 | 2.93 | 30.23 | 31.19 | 2.48
6 | bior2.6 | 35.50 | 3591 | 242 || 32.33 | 32.99 | 2.73 || 30.23 | 31.19 | 2.48
7 | bior2.8 | 35.50 | 3591 | 2.42 || 32.33 | 32.99 | 2.73 || 30.23 | 31.19 | 2.48
8 | bior3.1 | 3550 | 3591 | 2.43 || 32.33 | 32.99 | 2.72 || 30.23 | 31.19 | 2.47
9 | bior3.3 | 3550 | 3591 | 242 || 32.33 | 32.99 | 2.73 || 30.23 | 31.19 | 2.61
10 | bior3.5 | 35.50 | 3591 | 2.42 || 32.33 | 32.99 | 3.05 || 30.23 | 31.19 | 2.48
11 | bior3.7 | 35.50 | 3591 | 2.42 || 32.33 | 32.99 | 2.45 || 30.23 | 31.19 | 2.49
12 | bior3.9 | 35.50 | 3591 | 2.44 || 32.33 | 32.99 | 2.46 || 30.23 | 31.19 | 2.48
13 | bior4.4 | 3550 | 3591 | 2.42 || 32.33 | 32.99 | 2.46 || 30.23 | 31.19 | 2.48
14 | bior5.5 | 35.50 | 3591 | 2.42 || 32.33 | 32.99 | 2.46 || 30.23 | 31.19 | 3.07
15 | bior6.8 | 35.50 | 35.91 | 2.65 || 32.33 | 32.99 | 2.46 || 30.23 | 31.19 | 2.47
16 | coifl |26.22 | 3494 | 2.5 || 26.07 | 32.13 | 2.95 || 25.87 | 30.48 | 2.7
17 | coif2 559 | 821 | 226 557 | 675 | 1.99 | 557 | 6.26 | 2.11
18 | coif3 | 28.93 | 34.46 | 2.86 || 28.58 | 32.08 | 2.67 || 28.04 | 30.61 | 2.85
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u Trans. oc=10 o =20 o =30
Stepl | Step2 | T Stepl | Step2 | T Stepl | Step2 | T

19 | coif4 558 | 822 | 249 557 | 675 | 2.17 || 556 | 6.26 | 2.26
20 | coif5 | 2392 | 33.00 | 3.23 || 23.96 | 30.66 | 2.91 || 23.99 | 29.33 | 3.58
21 dbl 35.53 | 35.92 | 2.47 || 32.25 | 33.01 | 2.57 || 30.19 | 31.22 | 2.55
22 db10 559 | 822 | 251 557 | 6.74 | 2.11 || 557 | 625 | 2.35
23 db11 25.08 | 34.46 | 3.27 || 25.08 | 31.75 | 2.74 || 25.02 | 30.17 | 3.18
24 db12 559 | 821 |245| 557 | 6.73 | 2.16 || 556 | 6.24 | 2.37
25 db13 23.48 | 33.30 | 2.92 || 23.54 | 30.68 | 2.85 || 23.62 | 29.26 | 3.02
26 db14 559 | 823 | 241 557 | 675 | 223 | 557 | 626 | 232
27 db15 29.08 | 34.53 | 2.92 || 28.63 | 32.09 | 2.86 || 28.06 | 30.60 | 3.05
28 db1l6 5.58 | 822 | 249 | 557 | 674 | 23 || 556 | 6.25 | 2.46
29 db17 23.56 | 32.40 | 3.06 || 23.63 | 30.02 | 2.99 || 23.69 | 28.78 | 3.18
30 db18 558 | 832 | 255 557 | 678 | 236 | 556 | 627 |244
31 db19 29.15 | 34.72 | 3.03 || 28.78 | 32.24 | 2.98 || 28.20 | 30.71 | 3.32
32 db2 559 | 846 | 203 | 557 | 6.84 | 1.87 | 557 | 630 |2.01
33 db20 558 | 820 | 262 557 | 673 | 243 || 556 | 624 | 2.54
34 db3 23.18 | 32.67 | 2.9 || 23.21 | 30.14 | 2.55 || 23.27 | 28.82 | 2.66
35 db4 558 | 825 | 225 557 | 676 | 192 || 556 | 6.25 | 1.86
36 db5 28.59 | 3436 | 2.94 || 28.21 | 31.98 | 2.55 || 27.75 | 30.52 | 2.6
37 db6 558 | 8.14 | 246 557 | 673 | 1.99 | 556 | 6.25 | 1.95
38 db7 23.81 | 3291 | 3.09 || 23.83 | 30.55 | 3.35 || 23.87 | 29.22 | 2.83
39 db8 5.59 | 829 | 251 557 | 677 |2.05| 556 | 6.26 |2.24
40 db9 24.44 | 33.80 | 3.09 || 24.59 | 31.32 | 2.7 || 24.68 | 29.88 | 3.06
41 dct 35.62 | 3590 | 2.75 || 32.33 | 32.96 | 2.38 || 30.25 | 31.14 | 2.34
42 dmey 25.77 | 34773 | 3.33 || 25.66 | 31.96 | 4 25.51 | 3035 | 34
43 | rbiol.1 | 35.53 | 35.92 | 2.34 || 32.25 | 33.01 | 2.36 || 30.19 | 31.22 | 2.42
44 | rbiol.3 | 34.96 | 35.89 | 2.41 || 31.89 | 32.95 | 2.45 || 2991 | 31.15 | 2.76
45 | rbiol.5 | 34.67 | 35.86 | 2.48 || 31.71 | 32.91 | 2.51 || 29.76 | 31.11 | 2.85
46 | rbio2.2 | 34.67 | 35.86 | 2.48 || 31.71 | 32.91 | 2.51 || 29.76 | 31.11 | 2.84
47 | rbio2.4 | 34.67 | 35.86 | 2.91 || 31.71 | 32.91 | 2.51 || 29.76 | 31.11 | 2.82
48 | rbio2.6 | 34.67 | 35.86 | 2.48 || 31.71 | 32.91 | 2.51 || 29.76 | 31.11 | 2.83
49 | rbio2.8 | 34.67 | 35.86 | 2.48 || 31.71 | 3291 | 2.5 || 29.76 | 31.11 | 2.82
50 | rbio3.1 | 34.67 | 35.86 | 2.47 || 31.71 | 3291 | 2.51 || 29.76 | 31.11 | 2.85
51 | rbio3.3 | 34.67 | 35.86 | 2.48 || 31.71 | 32.91 | 2.51 || 29.76 | 31.11 | 2.84
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u Trans. oc=10 o =20 o =30
Stepl | Step2 | T Stepl | Step2 | T Stepl | Step2 | T

52 | rbio3.5 | 34.67 | 35.86 | 2.47 || 31.71 | 3291 | 2.51 || 29.76 | 31.11 | 2.88
53 | rbio3.7 | 34.67 | 35.86 | 2.49 || 31.71 | 32.91 | 2.65 || 29.76 | 31.11 | 3.06
54 | rbio3.9 | 34.67 | 35.86 | 2.48 || 31.71 | 32.91 | 2.51 || 29.76 | 31.11 | 2.89
55 | rbio4.4 | 34.67 | 35.86 | 2.48 || 31.71 | 3291 | 2.51 || 29.76 | 31.11 | 2.7
56 | rbio5.5 | 34.67 | 35.86 | 2.48 || 31.71 | 3291 | 2.51 || 29.76 | 31.11 | 3.15
57 | rbio6.8 | 34.67 | 35.86 | 2.48 || 31.71 | 3291 | 2.51 || 29.76 | 31.11 | 2.95
58 | syml0® 5.58 | 826 | 229 | 557 | 676 | 2.1 5.56 | 6.26 | 248
59 | symll | 23.19 | 32.78 | 2.87 || 23.17 | 30.24 | 2.8 || 23.22 | 28.90 | 2.79
60 | syml2 558 | 823 | 239 557 | 675 | 2.18 || 556 | 6.25 | 2.11
61 | syml3 | 34.27 | 3588 | 2.8 || 31.68 | 32.97 | 2.76 || 29.87 | 31.18 | 2.78
62 | syml4 558 | 824 | 242 557 | 676 | 223 || 556 | 6.25 | 2.19
63 | syml5 | 23.19 | 32.78 3 23.17 | 30.24 | 3.17 || 23.22 | 28.90 | 2.91
64 | syml6 5.58 | 824 249 | 557 | 6776 | 2.3 || 556 | 6.25 |2.24
65 | syml7 | 34.82 | 3590 | 2.95 || 31.94 | 32.99 | 2.88 || 30.03 | 31.20 | 2.9
66 | syml8 558 | 825 | 255 557 | 676 | 236 | 556 | 626 | 23
67 | syml9 | 23.20 | 32.77 | 3.13 || 23.17 | 30.24 | 3.05 || 23.22 | 28.89 | 3.04
68 sym2 559 | 846 |204| 557 | 6.84 | 1.86 | 557 | 630 | 22
69 | sym20 558 | 824 | 261 557 | 676 | 2.67 || 556 | 625 | 2.36
70 sym3 23.18 | 32.67 | 2.62 || 23.21 | 30.14 | 2.55 || 23.27 | 28.82 | 2.68
71 sym4 559 | 839 | 2.1 557 | 6.80 | 2.12 || 5.56 | 6.29 | 1.87
72 sym5 3297 | 35.81 | 2.53 || 30.97 | 3291 | 2.5 | 2943 | 31.13 | 2.53
73 symé 558 | 832 | 216 557 | 678 | 1.99 | 556 | 627 | 1.93
74 sym7 23.19 | 32.74 | 3.21 || 23.17 | 30.21 | 2.68 || 23.21 | 28.86 | 2.68
75 sym8 5.58 | 827 | 223 | 557 | 676 |2.06 | 556 | 627 | 198
76 sym9 3243 | 35.77 | 2.67 || 30.66 | 32.87 | 2.64 || 29.24 | 31.10 | 2.65
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