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Denoising images : the Gaussian case

Additive White Gaussian Noise

Observed image : y
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Denoising images : the Gaussian case

Additive White Gaussian Noise

Observed image : y Ideal image : f Noise : ¢
Notation :

» ¢ : Centered Gaussian vector with known variance 21

» The image y has M pixels : y = (y;)i=1,...m




Denoising images : the Poisson case

Poisson Noise

Ideal image : f Observed image : y (Peak = 0.1)




Denoising images : the Poisson case

Poisson Noise

Ideal image : f Observed image : y (Peak = 0.1)

Yi o—fi
Ji e' fori=1,...,. M
Yi:

Notation :  P(w:|f;) =

REM : Variance is signal dependent (increases with intensity)




Real data

F1GURE: Youngest supernova explosion in the Milky Way, supernova
remnant G1.94-0.3 (@ NASA/CXC/SAO)
Thanks : Steven Reynolds, NC State



From Gaussian to Poisson for free?

Variance stabilization-Anscombe transform Anscombe [48]
fyl _fz
P(yilfi) = —— fori=1,..., M.

7.

> After the transform F : y — 2¢/y + %, F(y) is
(asymptotically) close to Gaussian with unit variance

Estimation of the variance of the Anscombe transform
by Monte Carlo (10000 samples)

_— Range targeted |




From Gaussian to Poisson for free?

freh

(yz’fl)— forizl,...,M.
yi!

The whole “Anscombe” scheme

» Use Anscombe’s transform F': y; — 24/y; + %
» Denoise as if F(y) was Gaussian with unit variance

» Invert Anscombe’s transform using F~! or other functions
Makitalo and Foi [11]




From Gaussian to Poisson for free?

fyz _fz

P(y:lfi) =

The whole “Anscombe” scheme

> Use Anscombe's transform F': y; — 24/y; + %
» Denoise as if F(y) was Gaussian with unit variance

fori=1,..., M.

yi!

» Invert Anscombe’s transform using F~! or other functions
Makitalo and Foi [11]

Limitations of Anscombe based methods
» Not mathematically elegant : only based on asymptotics

» Strong noise : approximation is weak for instance in the
extreme case of 0/1 observation

» (Linear) Inverse problem : destroy the linearity

if y ~ Poisson(f) then F(y) ~ N (/f,1)
BUT if y &~ Poisson(Af), then F(y) ~ N (v/Af,1)




Patch based denoising

) DENOISING )
quletcmns CLUSTERS Co!lectlons of
of noisy Patches denoised Patches
- Clusterl ——>
~ Cluster2 ——>
- Cluster3 ——> FUSION
- ClusterK =~ ————

PATCHIZATION REPROJECTION



Patchization

Image Patch Vectorized
Patch

Collection of patches ¥ € RV*M



Clustering with K-means

K-means / E-M Algorithm

INPUT: data, number of clusters
Initialization: random clustering

while not done:
Step 1 (E-step):

compute for each cluster the centre (mean)

Step 2 (M-step):
affect each data point to the closest cluster/center

OUTPUT: K clusters of data points

REM : closeness measured through a Bregman divergence
Banerjee et al. [05] (Kmeans : d(z,7¢) = ||z — z¢||3/2, Poisosn
Kmeans : cf. later)




On going example

» number of clusters : K =5
» number of observations : M = 1024 = 32 x 32
» dimension of each patch : N = 64 = 8 x 8 (patch size)

“Patchized” image

Clusters of patches

REM : for strong Poisson noise, the size of patches might be big
(e.g. 20 x 20)



Some denoising method using patches

v

NLM Buades et al. [05]: averaging of similar patches
BM3D Dabov et al. [07]: wavelet denoising of the clusters

KSVD Aharon et al. [06], NLSM Mairal et al. [09]:
dictionary learning.

PCA Hirakawa and Parks [06], Zhang et al. [10], Deledalle
et al. [11], Buades et al. [12]: Principal Component Analysis.

v

v

v

Examples of axis extracted through PCA
b Y U |
RPES -




Low rank factorization : Gaussian case

Y : matrix representing the patches
U : dictionnary
V' : coefficients

Matrix formulation : approximation of order ¢

(U, V)=  argmin ||V = UV}
(U’V)ERNXEXRZXM
Yi=U7,

REM : D(Y||UV) = ||Y — UV|% is a Bregman divergence
REM : Solution is the truncated SVD (Singular Value
Decomposition) at order ¢



Low rank factorization : Poisson case

For the Poisson case another Bregman divergence should be used :

D(Y||UV) = Zzexp (UV)ig— Yig(UV)ij

i=1j=1

Matrix formulation : approximation of order ¢

M N

(Ug, f/g) argmln ZZGXP UV) — Yi’j(UV)i,j
(U, V)ERNXEXREXM ;1 51

Yy = exp(U, V)
Collins et al. [02], Singh and Gordon [08a,08b]

REM : divergence relies on the Kullback-Leibler divergence for
Poisson distribution

REM : possibly use an ¢; constraint on the coefficients V'
Harmany et al. [12]



Practical implementation
(Ue,Vi) = arg min D(Y|UV)
(U, V)GRNX@ < REXM

Alternate optimization over U, (with V being fixed) and over V
(U being fixed), both problems are convex

V, = argmin D(Y||UV)

. VEREXM
Up = argmin D(Y||UV)
UERNXZ

Newton's update (as in Gordon [03])

Initialize Uy, Vi randomly
Vigr =V = [VED(Y | U V)] Vv D(Y | U Vi)
U1 =U; = [V D(Y | Ui Vi)'V u D(Y || U Vigr)




Practical implementation
(Ue,Vi) = arg min D(Y|UV)
(U, V)GRNX@ < REXM

Alternate optimization over U, (with V being fixed) and over V
(U being fixed), both problems are convex

Vy = argmin D(Y||UV)+\Pen(V)

. VEREXM
Up = argmin D(Y||UV)
UERNXZ

SPIRAL'’s update (as in Harmany et al.[12])
Initialize Uy, Vi randomly

Vt+1 = SPIRAL( Ut Vt, Y, )\, Pen)
U1 =Us — [V D(Y | U Vi) 'V o D(Y|| Ut Vi)

In practice we use an {1 penalty for the patch coefficients



Visual results

Noisy ,peak = 0.1 and PSNR=-7.11, original image, haarTIApprox
(10.97) Willet and Nowak [03], BM3D (12.92) Makilato and Foi
[11]  Gaussian NLPCA (13.18) and Poisson NLPCA (14.35)



Visual results

Noisy ,peak = 0.1 and PSNR=-1.70, original image, haarTIApprox
(21.84) , BM3D (21.85)
, Gaussian NLPCA (21.84) and Poisson NLPCA (22.96)



Moffet Field data set : 256 x 256 x 128

In order : original, noisy (0.0387 photon per voxel), BM4D
Maggioni et al. [11], adaptive partitionning Krishnamurthy et al.
[10], NLPCAS (3x3x15), NLPCAS (5x5x23)




Conclusion

Next steps
» Speeding up the algorithm
» Extension to other noise model

» Adaptively choosing : patch size / number of atoms/ number
of clusters

More information

Short version paper :

Poisson noise reduction with non-local PCA,
Salmon, Deledalle, Willett and Harmany
ICASSP 2012

Long version submitted, available on Arxiv

Paper, slides and code available online : http ://josephsalmon.eu/


http://josephsalmon.eu/

References |

M. Aharon, M. Elad, and A. Bruckstein.

K-SVD : An algorithm for designing overcomplete dictionaries for sparse
representation.

IEEE Trans. Signal Process., 54(11) :4311-4322, 2006.

F. J. Anscombe.
The transformation of Poisson, binomial and negative-binomial data.
Biometrika, 35 :246—254, 1948.

A. Buades, B. Coll, and J-M. Morel.
A review of image denoising algorithms, with a new one.
Multiscale Model. Simul., 4(2) :490-530, 2005.

A. Buades, M. Lebrun, and J-M. Morel.
Implementation of the “non-local bayes” image denoising algorithm.
Image Processing On Line, 2012.

A. Banerjee, S. Merugu, |.S. Dhillon, and J. Ghosh.
Clustering with Bregman divergences.
J. Mach. Learn. Res., 6 :1705-1749, 2005.



References ||

M. Collins, S. Dasgupta, and R. E. Schapire.
A generalization of principal components analysis to the exponential family.
In NIPS, pages 617-624, 2002.

K. Dabov, A. Foi, V. Katkovnik, and K. O. Egiazarian.
Image denoising by sparse 3-D transform-domain collaborative filtering.
IEEE Trans. Image Process., 16(8) :2080-2095, 2007.

C-A. Deledalle, J. Salmon, and A. S. Dalalyan.
Image denoising with patch based PCA : Local versus global.
In BMVC, 2011.

G. J. Gordon.
Generalized2 Iinear2 models.
In NIPS, pages 593-600, 2003.

Z. Harmany, R. Marcia, and R. Willett.

This is SPIRAL-TAP : Sparse Poisson Intensity Reconstruction ALgorithms
— Theory and Practice.

IEEE Trans. Image Process., 21(3) :1084-1096, 2012.



v

References Il

K. Hirakawa and T. W. Parks.
Image denoising using total least squares.
IEEE Trans. Image Process., 15(9) :2730-2742, 2006.

K. Krishnamurthy, M. Raginsky, and R. Willett.
Multiscale photon-limited spectral image reconstruction.
SIAM J. Imaging Sci., 3(3) :619-645, 2010.

J. Mairal, F. Bach, J. Ponce, G. Sapiro, and A. Zisserman.
Non-local sparse models for image restoration.
In ICCV, pages 2272-2279, 2009.

M. Makitalo and A. Foi.

Optimal inversion of the Anscombe transformation in low-count Poisson
image denoising.

IEEE Trans. Image Process., 20(1) :99-109, 2011.



References 1V

M. Maggioni, V. Katkovnik, K. Egiazarian, and A. Foi.

A nonlocal transform-domain filter for volumetric data denoising and
reconstruction.

submitted, 2011.

J. Salmon, C-A. Deledalle, R. Willett, and Z. Harmany.
Poisson noise reduction with non-local PCA.
In ICASSP, 2012.

A. P. Singh and G. J. Gordon.
Relational learning via collective matrix factorization.

In Proceeding of the 14th ACM SIGKDD international conference on
Knowledge discovery and data mining, pages 650—-658. ACM, 2008.

A. P. Singh and G. J. Gordon.
A unified view of matrix factorization models.

Machine Learning and Knowledge Discovery in Databases, pages 358-373,
2008.



References V

> R. Willett and R. Nowak.

Platelets : A multiscale approach for recovering edges and surfaces in
photon-limited medical imaging.
IEEE Trans. Med. Imag., 22(3) :332-350, 2003.

» L. Zhang, W. Dong, D. Zhang, and G. Shi.
Two-stage image denoising by principal component analysis with local pixel
grouping.
Pattern Recogn., 43(4) :1531-1549, 2010.



	Introduction to image denoising
	Denoising in five steps
	Step 1: Patchization
	Step 2: Clustering 
	Step 3: Denoising

	Algorithm and results
	Conclusion and future work

	0.0: 
	0.1: 
	0.2: 
	0.3: 
	0.4: 
	0.5: 
	0.6: 
	0.7: 
	0.8: 
	0.9: 
	0.10: 
	0.11: 
	0.12: 
	0.13: 
	0.14: 
	0.15: 
	0.16: 
	0.17: 
	0.18: 
	0.19: 
	0.20: 
	0.21: 
	0.22: 
	0.23: 
	0.24: 
	0.25: 
	0.26: 
	0.27: 
	0.28: 
	0.29: 
	0.30: 
	0.31: 
	0.32: 
	0.33: 
	0.34: 
	0.35: 
	0.36: 
	0.37: 
	0.38: 
	0.39: 
	0.40: 
	0.41: 
	0.42: 
	0.43: 
	0.44: 
	0.45: 
	0.46: 
	0.47: 
	0.48: 
	0.49: 
	anm0: 
	1.0: 
	1.1: 
	1.2: 
	1.3: 
	1.4: 
	1.5: 
	1.6: 
	1.7: 
	1.8: 
	1.9: 
	1.10: 
	1.11: 
	1.12: 
	1.13: 
	1.14: 
	1.15: 
	1.16: 
	1.17: 
	1.18: 
	1.19: 
	1.20: 
	1.21: 
	1.22: 
	1.23: 
	1.24: 
	1.25: 
	1.26: 
	1.27: 
	1.28: 
	1.29: 
	1.30: 
	1.31: 
	1.32: 
	1.33: 
	1.34: 
	1.35: 
	1.36: 
	1.37: 
	1.38: 
	1.39: 
	1.40: 
	1.41: 
	1.42: 
	1.43: 
	1.44: 
	1.45: 
	1.46: 
	1.47: 
	1.48: 
	1.49: 
	1.50: 
	1.51: 
	1.52: 
	1.53: 
	1.54: 
	1.55: 
	1.56: 
	1.57: 
	1.58: 
	1.59: 
	1.60: 
	1.61: 
	1.62: 
	1.63: 
	1.64: 
	1.65: 
	1.66: 
	1.67: 
	1.68: 
	1.69: 
	1.70: 
	1.71: 
	1.72: 
	1.73: 
	1.74: 
	1.75: 
	1.76: 
	1.77: 
	1.78: 
	1.79: 
	1.80: 
	1.81: 
	1.82: 
	1.83: 
	1.84: 
	1.85: 
	1.86: 
	1.87: 
	1.88: 
	1.89: 
	1.90: 
	1.91: 
	1.92: 
	1.93: 
	1.94: 
	1.95: 
	1.96: 
	1.97: 
	1.98: 
	1.99: 
	1.100: 
	1.101: 
	1.102: 
	1.103: 
	1.104: 
	1.105: 
	1.106: 
	1.107: 
	1.108: 
	1.109: 
	1.110: 
	1.111: 
	1.112: 
	1.113: 
	1.114: 
	1.115: 
	1.116: 
	1.117: 
	1.118: 
	1.119: 
	1.120: 
	1.121: 
	1.122: 
	1.123: 
	1.124: 
	1.125: 
	1.126: 
	1.127: 
	1.128: 
	1.129: 
	1.130: 
	1.131: 
	1.132: 
	1.133: 
	1.134: 
	1.135: 
	1.136: 
	1.137: 
	1.138: 
	1.139: 
	1.140: 
	1.141: 
	1.142: 
	1.143: 
	anm1: 
	2.0: 
	2.1: 
	2.2: 
	2.3: 
	2.4: 
	2.5: 
	2.6: 
	2.7: 
	2.8: 
	2.9: 
	2.10: 
	2.11: 
	2.12: 
	2.13: 
	2.14: 
	2.15: 
	2.16: 
	2.17: 
	2.18: 
	2.19: 
	2.20: 
	2.21: 
	2.22: 
	2.23: 
	2.24: 
	2.25: 
	2.26: 
	2.27: 
	2.28: 
	2.29: 
	2.30: 
	2.31: 
	2.32: 
	2.33: 
	2.34: 
	2.35: 
	2.36: 
	2.37: 
	2.38: 
	2.39: 
	2.40: 
	2.41: 
	2.42: 
	2.43: 
	2.44: 
	2.45: 
	2.46: 
	2.47: 
	2.48: 
	2.49: 
	2.50: 
	2.51: 
	2.52: 
	2.53: 
	2.54: 
	2.55: 
	2.56: 
	2.57: 
	2.58: 
	2.59: 
	2.60: 
	2.61: 
	2.62: 
	2.63: 
	2.64: 
	2.65: 
	2.66: 
	2.67: 
	2.68: 
	2.69: 
	2.70: 
	2.71: 
	2.72: 
	2.73: 
	2.74: 
	2.75: 
	2.76: 
	2.77: 
	2.78: 
	2.79: 
	2.80: 
	2.81: 
	2.82: 
	2.83: 
	2.84: 
	2.85: 
	2.86: 
	2.87: 
	2.88: 
	2.89: 
	2.90: 
	2.91: 
	2.92: 
	2.93: 
	2.94: 
	2.95: 
	2.96: 
	2.97: 
	2.98: 
	2.99: 
	2.100: 
	2.101: 
	2.102: 
	2.103: 
	2.104: 
	2.105: 
	2.106: 
	2.107: 
	2.108: 
	2.109: 
	2.110: 
	2.111: 
	2.112: 
	2.113: 
	2.114: 
	2.115: 
	2.116: 
	2.117: 
	2.118: 
	2.119: 
	2.120: 
	2.121: 
	2.122: 
	2.123: 
	2.124: 
	2.125: 
	2.126: 
	2.127: 
	2.128: 
	2.129: 
	2.130: 
	2.131: 
	2.132: 
	2.133: 
	2.134: 
	2.135: 
	2.136: 
	2.137: 
	2.138: 
	2.139: 
	2.140: 
	2.141: 
	2.142: 
	2.143: 
	anm2: 
	3.0: 
	3.1: 
	3.2: 
	3.3: 
	3.4: 
	3.5: 
	3.6: 
	3.7: 
	3.8: 
	3.9: 
	3.10: 
	3.11: 
	3.12: 
	3.13: 
	3.14: 
	3.15: 
	3.16: 
	3.17: 
	3.18: 
	3.19: 
	3.20: 
	3.21: 
	3.22: 
	3.23: 
	3.24: 
	3.25: 
	3.26: 
	3.27: 
	3.28: 
	3.29: 
	3.30: 
	3.31: 
	3.32: 
	3.33: 
	3.34: 
	3.35: 
	3.36: 
	3.37: 
	3.38: 
	3.39: 
	3.40: 
	3.41: 
	3.42: 
	3.43: 
	3.44: 
	3.45: 
	3.46: 
	3.47: 
	3.48: 
	3.49: 
	3.50: 
	3.51: 
	3.52: 
	3.53: 
	3.54: 
	3.55: 
	3.56: 
	3.57: 
	3.58: 
	3.59: 
	3.60: 
	3.61: 
	3.62: 
	3.63: 
	3.64: 
	3.65: 
	3.66: 
	3.67: 
	3.68: 
	3.69: 
	3.70: 
	3.71: 
	3.72: 
	3.73: 
	3.74: 
	3.75: 
	3.76: 
	3.77: 
	3.78: 
	3.79: 
	3.80: 
	3.81: 
	3.82: 
	3.83: 
	3.84: 
	3.85: 
	3.86: 
	3.87: 
	3.88: 
	3.89: 
	3.90: 
	3.91: 
	3.92: 
	3.93: 
	3.94: 
	3.95: 
	3.96: 
	3.97: 
	3.98: 
	3.99: 
	3.100: 
	3.101: 
	3.102: 
	3.103: 
	3.104: 
	3.105: 
	3.106: 
	3.107: 
	3.108: 
	3.109: 
	3.110: 
	3.111: 
	3.112: 
	3.113: 
	3.114: 
	3.115: 
	3.116: 
	3.117: 
	3.118: 
	3.119: 
	3.120: 
	3.121: 
	3.122: 
	3.123: 
	3.124: 
	3.125: 
	3.126: 
	3.127: 
	3.128: 
	3.129: 
	3.130: 
	3.131: 
	3.132: 
	3.133: 
	3.134: 
	3.135: 
	3.136: 
	3.137: 
	3.138: 
	3.139: 
	3.140: 
	3.141: 
	3.142: 
	3.143: 
	anm3: 
	4.0: 
	4.1: 
	4.2: 
	4.3: 
	4.4: 
	4.5: 
	4.6: 
	4.7: 
	4.8: 
	4.9: 
	4.10: 
	4.11: 
	4.12: 
	4.13: 
	4.14: 
	4.15: 
	4.16: 
	4.17: 
	4.18: 
	4.19: 
	4.20: 
	4.21: 
	4.22: 
	4.23: 
	4.24: 
	4.25: 
	4.26: 
	4.27: 
	4.28: 
	4.29: 
	4.30: 
	4.31: 
	4.32: 
	4.33: 
	4.34: 
	4.35: 
	4.36: 
	4.37: 
	4.38: 
	4.39: 
	4.40: 
	4.41: 
	4.42: 
	4.43: 
	4.44: 
	4.45: 
	4.46: 
	4.47: 
	4.48: 
	4.49: 
	4.50: 
	4.51: 
	4.52: 
	4.53: 
	4.54: 
	4.55: 
	4.56: 
	4.57: 
	4.58: 
	4.59: 
	4.60: 
	4.61: 
	4.62: 
	4.63: 
	4.64: 
	4.65: 
	4.66: 
	4.67: 
	4.68: 
	4.69: 
	4.70: 
	4.71: 
	4.72: 
	4.73: 
	4.74: 
	4.75: 
	4.76: 
	4.77: 
	4.78: 
	4.79: 
	4.80: 
	4.81: 
	4.82: 
	4.83: 
	4.84: 
	4.85: 
	4.86: 
	4.87: 
	4.88: 
	4.89: 
	4.90: 
	4.91: 
	4.92: 
	4.93: 
	4.94: 
	4.95: 
	4.96: 
	4.97: 
	4.98: 
	4.99: 
	4.100: 
	4.101: 
	4.102: 
	4.103: 
	4.104: 
	4.105: 
	4.106: 
	4.107: 
	4.108: 
	4.109: 
	4.110: 
	4.111: 
	4.112: 
	4.113: 
	4.114: 
	4.115: 
	4.116: 
	4.117: 
	4.118: 
	4.119: 
	4.120: 
	4.121: 
	4.122: 
	4.123: 
	4.124: 
	4.125: 
	4.126: 
	4.127: 
	4.128: 
	4.129: 
	4.130: 
	4.131: 
	4.132: 
	4.133: 
	4.134: 
	4.135: 
	4.136: 
	4.137: 
	4.138: 
	4.139: 
	4.140: 
	4.141: 
	4.142: 
	4.143: 
	anm4: 
	5.0: 
	5.1: 
	5.2: 
	5.3: 
	5.4: 
	5.5: 
	5.6: 
	5.7: 
	5.8: 
	5.9: 
	5.10: 
	5.11: 
	5.12: 
	5.13: 
	5.14: 
	5.15: 
	5.16: 
	5.17: 
	5.18: 
	5.19: 
	5.20: 
	5.21: 
	5.22: 
	5.23: 
	5.24: 
	5.25: 
	5.26: 
	5.27: 
	5.28: 
	5.29: 
	5.30: 
	5.31: 
	5.32: 
	5.33: 
	5.34: 
	5.35: 
	5.36: 
	5.37: 
	5.38: 
	5.39: 
	5.40: 
	5.41: 
	5.42: 
	5.43: 
	5.44: 
	5.45: 
	5.46: 
	5.47: 
	5.48: 
	5.49: 
	5.50: 
	5.51: 
	5.52: 
	5.53: 
	5.54: 
	5.55: 
	5.56: 
	5.57: 
	5.58: 
	5.59: 
	5.60: 
	5.61: 
	5.62: 
	5.63: 
	5.64: 
	5.65: 
	5.66: 
	5.67: 
	5.68: 
	5.69: 
	5.70: 
	5.71: 
	5.72: 
	5.73: 
	5.74: 
	5.75: 
	5.76: 
	5.77: 
	5.78: 
	5.79: 
	anm5: 
	6.0: 
	6.1: 
	6.2: 
	6.3: 
	6.4: 
	6.5: 
	6.6: 
	6.7: 
	6.8: 
	6.9: 
	6.10: 
	6.11: 
	6.12: 
	6.13: 
	6.14: 
	6.15: 
	6.16: 
	6.17: 
	6.18: 
	6.19: 
	6.20: 
	6.21: 
	6.22: 
	6.23: 
	6.24: 
	6.25: 
	6.26: 
	6.27: 
	6.28: 
	6.29: 
	6.30: 
	6.31: 
	6.32: 
	6.33: 
	6.34: 
	6.35: 
	6.36: 
	6.37: 
	6.38: 
	6.39: 
	6.40: 
	6.41: 
	6.42: 
	6.43: 
	6.44: 
	6.45: 
	6.46: 
	6.47: 
	6.48: 
	6.49: 
	6.50: 
	6.51: 
	6.52: 
	6.53: 
	6.54: 
	6.55: 
	6.56: 
	6.57: 
	6.58: 
	6.59: 
	6.60: 
	6.61: 
	6.62: 
	6.63: 
	6.64: 
	6.65: 
	6.66: 
	6.67: 
	6.68: 
	6.69: 
	6.70: 
	6.71: 
	6.72: 
	6.73: 
	6.74: 
	6.75: 
	6.76: 
	6.77: 
	6.78: 
	6.79: 
	anm6: 
	7.0: 
	7.1: 
	7.2: 
	7.3: 
	7.4: 
	7.5: 
	7.6: 
	7.7: 
	7.8: 
	7.9: 
	7.10: 
	7.11: 
	7.12: 
	7.13: 
	7.14: 
	7.15: 
	7.16: 
	7.17: 
	7.18: 
	7.19: 
	7.20: 
	7.21: 
	7.22: 
	7.23: 
	7.24: 
	7.25: 
	7.26: 
	7.27: 
	7.28: 
	7.29: 
	7.30: 
	7.31: 
	7.32: 
	7.33: 
	7.34: 
	7.35: 
	7.36: 
	7.37: 
	7.38: 
	7.39: 
	7.40: 
	7.41: 
	7.42: 
	7.43: 
	7.44: 
	7.45: 
	7.46: 
	7.47: 
	7.48: 
	7.49: 
	7.50: 
	7.51: 
	7.52: 
	7.53: 
	7.54: 
	7.55: 
	7.56: 
	7.57: 
	7.58: 
	7.59: 
	7.60: 
	7.61: 
	7.62: 
	7.63: 
	7.64: 
	7.65: 
	7.66: 
	7.67: 
	7.68: 
	7.69: 
	7.70: 
	7.71: 
	7.72: 
	7.73: 
	7.74: 
	7.75: 
	7.76: 
	7.77: 
	7.78: 
	7.79: 
	anm7: 
	8.0: 
	8.1: 
	8.2: 
	8.3: 
	8.4: 
	8.5: 
	8.6: 
	8.7: 
	8.8: 
	8.9: 
	8.10: 
	8.11: 
	8.12: 
	8.13: 
	8.14: 
	8.15: 
	8.16: 
	8.17: 
	8.18: 
	8.19: 
	8.20: 
	8.21: 
	8.22: 
	8.23: 
	8.24: 
	8.25: 
	8.26: 
	8.27: 
	8.28: 
	8.29: 
	8.30: 
	8.31: 
	8.32: 
	8.33: 
	8.34: 
	8.35: 
	8.36: 
	8.37: 
	8.38: 
	8.39: 
	8.40: 
	8.41: 
	8.42: 
	8.43: 
	8.44: 
	8.45: 
	8.46: 
	8.47: 
	8.48: 
	8.49: 
	8.50: 
	8.51: 
	8.52: 
	8.53: 
	8.54: 
	8.55: 
	8.56: 
	8.57: 
	8.58: 
	8.59: 
	8.60: 
	8.61: 
	8.62: 
	8.63: 
	8.64: 
	8.65: 
	8.66: 
	8.67: 
	8.68: 
	8.69: 
	8.70: 
	8.71: 
	8.72: 
	8.73: 
	8.74: 
	8.75: 
	8.76: 
	8.77: 
	8.78: 
	8.79: 
	anm8: 
	9.0: 
	9.1: 
	9.2: 
	9.3: 
	9.4: 
	9.5: 
	9.6: 
	9.7: 
	9.8: 
	9.9: 
	9.10: 
	9.11: 
	9.12: 
	9.13: 
	9.14: 
	9.15: 
	9.16: 
	9.17: 
	9.18: 
	9.19: 
	9.20: 
	9.21: 
	9.22: 
	9.23: 
	9.24: 
	9.25: 
	9.26: 
	9.27: 
	9.28: 
	9.29: 
	9.30: 
	9.31: 
	9.32: 
	9.33: 
	9.34: 
	9.35: 
	9.36: 
	9.37: 
	9.38: 
	9.39: 
	9.40: 
	9.41: 
	9.42: 
	9.43: 
	9.44: 
	9.45: 
	9.46: 
	9.47: 
	9.48: 
	9.49: 
	9.50: 
	9.51: 
	9.52: 
	9.53: 
	9.54: 
	9.55: 
	9.56: 
	9.57: 
	9.58: 
	9.59: 
	9.60: 
	9.61: 
	9.62: 
	9.63: 
	9.64: 
	9.65: 
	9.66: 
	9.67: 
	9.68: 
	9.69: 
	9.70: 
	9.71: 
	9.72: 
	9.73: 
	9.74: 
	9.75: 
	9.76: 
	9.77: 
	9.78: 
	9.79: 
	anm9: 
	10.0: 
	10.1: 
	10.2: 
	10.3: 
	10.4: 
	10.5: 
	10.6: 
	10.7: 
	10.8: 
	10.9: 
	10.10: 
	10.11: 
	10.12: 
	10.13: 
	10.14: 
	10.15: 
	10.16: 
	10.17: 
	10.18: 
	10.19: 
	10.20: 
	10.21: 
	10.22: 
	10.23: 
	10.24: 
	10.25: 
	10.26: 
	10.27: 
	10.28: 
	10.29: 
	10.30: 
	10.31: 
	10.32: 
	10.33: 
	10.34: 
	10.35: 
	10.36: 
	10.37: 
	10.38: 
	10.39: 
	10.40: 
	10.41: 
	10.42: 
	10.43: 
	10.44: 
	10.45: 
	10.46: 
	10.47: 
	10.48: 
	10.49: 
	10.50: 
	10.51: 
	10.52: 
	10.53: 
	10.54: 
	10.55: 
	10.56: 
	10.57: 
	10.58: 
	10.59: 
	10.60: 
	10.61: 
	10.62: 
	10.63: 
	10.64: 
	10.65: 
	10.66: 
	10.67: 
	10.68: 
	10.69: 
	10.70: 
	10.71: 
	10.72: 
	10.73: 
	10.74: 
	10.75: 
	10.76: 
	10.77: 
	10.78: 
	10.79: 
	anm10: 


