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ABSTRACT 
This paper extends the BV (Bounded Variation) - G variational 
nonlinear image-decomposition approach, which is considered to 
be useful for image processing of a digital color camera, to a genu-
ine color-image decomposition approach. For utilizing inter-
channel color cross-correlations, this paper introduces TV (Total 
Variation) norms of color differences and TV norms of color sums 
into the BV-G energy functionals, and then derives a denoising-
type decomposition-algorithm with over-complete wavelet trans-
form, through applying the Besov-norm approximation to the 
variational problem. Our method decomposes a noisy color image 
without producing undesirable low-frequency colored artifacts in 
its separated BV-component, and achieves desirable high-quality 
color-image decomposition, which is robust against colored ran-
dom noise. Furthermore, this paper applies this color-image de-
composition method to an IP (Image-Processing) - pipeline of a 
digital color camera, and the application enables the IP-pipeline to 
adjust a quality trade-off between texture sharpness and noise 
visibility according to user’s taste. 

1. INTRODUCTION 
Previously we have presented the decomposition-based image-
processing approach and showed its advantages over the conven-
tional image-processing approach [1], [2]. The approach firstly 
decomposes an input image into its components, and then proc-
esses each separated component independently with an image-
processing method suitable to it. As the image-decomposition 
method for image processing of a digital color camera, we have 
studied the BV (Bounded Variation) - G variational image-
decomposition approach [3]. 

The BV-G variational image-decomposition approach decom-
poses an input image into its BV component corresponding to a 
structural image-approximation and its G component corresponding 
to image textures, and is suitable for image processing of an image 
taken with a digital camera [2]. However, this variational image-
decomposition approach was proposed originally for a monochrome 
image, and decomposes each primary color channel separately [3]. 
Since inter-channel color cross-correlations are not taken into ac-
count for decomposing a color image, image textures are not com-
pletely removed from its separated BV component, and the BV 
component is sometimes smeared with low-frequency colored arti-
facts. 

To improve the image-decomposition and to remove the low-
frequency colored artifacts from the separated BV components, this 
paper extends the existing BV-G variational image-decomposition 
approach to a genuine color-image decomposition approach. For 
utilizing inter-channel color cross-correlations for the image-
decomposition, this paper introduces TV (Total Variation) norms 
of color differences and TV norms of color sums into the energy 

functional to be minimized, replaces the TV norms by the Besov 
norms, defined in an over-complete wavelet transform domain, and 
then derives a new denoising-type alternately iterative decomposi-
tion algorithm with over-complete wavelet transform. Our new 
color-image decomposition method succeeds in decomposing an 
input color-image without producing the low-frequency colored 
artifacts in the separated BV component, removes oscillatory tex-
tures from the separated BV component almost completely, and 
achieves high-quality decomposition, which is robust against col-
ored random noise. 

Furthermore, this paper applies our new color-image decom-
position method to an IP (image processing) - pipeline of a digital 
color camera, and experimentally shows the superiority over the 
existing standard IP-pipeline. Our new IP-pipeline can adjust a 
trade-off in picture quality between texture sharpness and noise 
visibility according to user’s taste. 

2. BV-G VARIATIONAL IMAGE-
DECOMPOSITION MODEL AND ITS SOLUTION 

The BV-G variational image-decomposition model to decompose 
an input image into its structural component and its texture compo-
nent was proposed originally for a monochrome image [3]. 
2.1 BV-G Variational Image-Decomposition Model 
The BV-G variational image-decomposition model decomposes an 
input image f into a sum of its BV component u and its G compo-
nent v. The BV component u, also referred to as the structure com-
ponent, is modeled as an intensity variation corresponding to geo-
metrical structures characterizing the image f, whereas the G com-
ponent v, also referred to as the texture component, is modeled as 
an oscillatory intensity variation corresponding to textures of the 
image f. By defining the norms of the BV component u and the G 
component v by the TV norm J(u) and the G norm ||v||G respec-
tively, the image-decomposition problem is formulated as the fol-
lowing variational problem [3]: 
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The parameter η in (1) corresponds to energy of residuals f − u − v, 
and, for a noisy input f, the value of η is set so that its value may be 
proportional to the noise variance. The variational problem of (1) 
can be converted into its equivalent variational problem: 
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The functional J* is the indicator functional of the closed convex 
set G1. Since the functional of (5) is coercive and it is strictly con-
vex except in the direction (u, v) = (u, −v), the variational problem 
of (5) admits a unique solution ˆ ˆ( , )u v  [3]. Solving the variational 
problem of (5) is equivalent to solving the following two varia-
tional strictly convex sub-problems simultaneously. 
[Variational sub-problem 1] 
The G component v being fixed, the BV component u is sought as a 
solution of the variational sub-problem: 
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[Variational sub-problem 2] 
The BV component u being fixed, the G component v is sought as a 
solution of the variational sub-problem: 
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2.2 Projection-type Alternately Iterative Algorithm 
In [3], it was proved that the sub-problems of (6) and (7) have a 
unique solution identical to the unique solution of (5), and that the 
unique solution is provided with the Chambolle projection algorithm. 
The solution of the variational sub-problem of (6) is given by 

( ),η= − − −u f v P f v                            (8) 

where the operator Pη is the convex projector onto the closed con-
vex set Gη. The convex projection Pη is computed by solving the 
following minimization problem with the classical semi-implicit 
gradient descent algorithm: 
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On the other hand, the solution of the variational sub-problem of (7) 
is given by 

( ) ,µ= −v P f u                                (10) 

where the operator Pµ is the convex projector onto the closed con-
vex set Gµ. 

The variational problem of (5) is solved by the following algo-
rithm [3]. 
[Projection-type Alternately Iterative Algorithm] 
1) Initialization:  (0) (0) 0 , 0, 0u v n ε= = = >  
2) Iteration: 
2-1) Projection 1:  ( )( 1) ( ) ( )n n nu f v P f vη

+ = − − −  

2-2) Projection 2:  ( )( 1) ( 1)n nv P f uµ
+ += −  

2-3) Convergence test: we will stop the iteration if 

{ }( 1) ( ) ( 1) ( )max ,n n n nu u v v ε+ +− − ≤  

; otherwise, 1n n← + , and we will return to 2-1).                    [End] 
The convergence of the algorithm is guaranteed, and the sequence 

( ) ( )( , )n nu v  necessarily converges to the unique solution of (5) [3]. 
2.3 Denoising-type Alternately Iterative Algorithm in 

an Over-complete Wavelet Transform Domain 
It is difficult to solve the variational sub-problem of (7) directly 
without the Chambolle projection algorithm. However, unlike the 

variational sub-problem of (7), its dual variational sub-problem is 
easily solved directly without the Chambolle projection algorithm. If 
we define an auxiliary function w  as = − −w f u v  where v  is the 
solution of (7), then the function w  will necessarily be a solution of 
the following variational sub-problem [5]: 
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Instead of solving the variational sub-problem of (7) directly, we 
search for the solution w  of its dual variational sub-problem of (11), 
and then we compute the solution v  of (7) as = − −v f u w . Both 
the two variational sub-problems of (6) and (11) to be solved simul-
taneously are typical TV-denoising problems, but their direct TV 
minimization needs a vast amount of computations. Instead of solv-
ing their Euler-Lagrange equations directly, we firstly introduce the 
Besov-norm approximation [6] that the TV norm J(f) is coarsely 
approximated by the Besov norm 1
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and then we approximately solve the two variational sub-problems 
of (6) and (11) with the two different wavelet shrinkage denoising 
methods in the over-complete wavelet transform domain that is 
constructed from orthonormal wavelet transform such as the Haar 
wavelet transform. The two simultaneous variational sub-problems 
of (6) and (11) have a unique solution identical to the unique solu-
tion ˆ ˆ( , )u v  of (5) [5], but the denoising-type solution with the over-
complete wavelet transform merely provides a coarse approximation 
to the unique solution. 

The variational problem of (5) is approximately solved by the 
following algorithm with the over-complete wavelet transform. 
[Denoising-type Alternately Iterative Algorithm with the Over-
complete Wavelet Transform] 
1) Initialization:  (0) (0) 0 , 0, 0u v n ε= = = >  
2) Iteration: 
2-1) Denoising 1: we denoise ( )nf v−  by the wavelet shrinkage 
denoising method using the soft-thresholding function ST of (13) 
with the threshold parameter η, which is identical to η in (6) and is 
common to all the wavelet coefficients, and we regard its denoised 
output as the solution ( 1)nu +  of (6). 
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2-2) Denoising 2: we denoise ( 1)nf u +−  by the wavelet shrinkage 
denoising method using the soft-thresholding function ST with the 
threshold parameter µ, which is identical to µ in (11) and is common 
to all the wavelet coefficients, and then from its denoised output w  
we compute ( 1)nv + as ( 1) ( 1)n nv f u w+ += − − . 
2-3) Convergence test: we will stop the iteration if the above-
mentioned convergence condition is satisfied; otherwise, 1n n← + , 
and we will return to 2-1).                                                            [End] 
The algorithm always converges to a coarse approximation of the 
unique solution of (5). 

3. BV-G VARIATIONAL COLOR-IMAGE 
DECOMPOSITION MODEL AND ITS SOLUTION 

To improve the image-decomposition, this paper extends the exist-
ing BV-G variational image-decomposition approach to a genuine 
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color-image decomposition approach that utilizes inter-channel 
color cross-correlations. 
3.1  BV-G Variational Color-Image Decomposition 

Model 
If we apply the BV-G variational image-decomposition approach 
described in Sec. 2 separately to each primary color channel of a 
noisy color image, oscillatory intensity variation will not be com-
pletely removed from its separated BV component, and low-
frequency colored artifacts will often appear in its separated BV 
component, and it will not necessarily produce desirable decompo-
sition results. Random noise has little inter-channel color cross-
correlation among the three primary color channels, whereas a 
noise-free natural color image has a strong inter-channel color 
cross-correlation. To remove the low-frequency colored artifacts 
from the separated BV component, we should utilize those proper-
ties of the inter-channel color cross-correlation for decomposing a 
color image. Previously, we proposed TV norms of color differ-
ences and TV norms of color sums as a mathematical tool to utilize 
inter-channel color cross-correlations for the variational formula-
tion [7]. In this paper, we introduce the TV norms of color differ-
ences and the TV norms of color sums into the norm definition of 
the BV component, and thus we formulate the BV-G color-image 
decomposition problem as the following variational problem: 

( ){ ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

, ,
, ,

22 2

2 22

inf

2 2 2
subject to , , ; 0, 0, 0,

r g b
r g b

r g b r g r g
u u u
v v v

g b g b b r b r

r r r g g g b b b

r g b

J u J u J u J u u J u u

J u u J u u J u u J u u

f u v f u v f u v

v v v Gµ

α β

α β α β

λ λ λ

µ λ α β

+ + + ⋅ − + ⋅ +

+ ⋅ − + ⋅ + + ⋅ − + ⋅ +

⎫+ − − + − − + − − ⎬
⎭

∈ > > > ≥　

(14) 

, , : three primary color signals,

, , : BV component s for ,

, , : G components for .

r g b

r g b

r g b

f f f RGB

u u u RGB

v v v RGB

 

Since the functional of (14), as well as the functionals of (1) and (5) 
[3], is coercive and is strictly convex except in the direction, (uc, vc) 
= (uc, −vc), (c = r, g, b), the problem of (14) has a unique solution. 
3.2  Denoising-type Alternately Iterative Algorithm in 

an Over-complete Wavelet Transform Domain 
Unlike the original BV-G variational image-decomposition prob-
lem of (1), the BV-G variational color-image decomposition prob-
lem of (14) cannot be solved with the Chambolle projection algo-
rithm. As described in Sec. 2.3, we solve the variational problem of 
(14) approximately with a denoising-type alternately iterative algo-
rithm in the over-complete wavelet transform domain. 

We convert the problem of (14) into its two variational sub-
problems of (15) and (16). Since the functionals of (15) and (16) 
are coercive and strictly convex, the sub-problems of (15) and (16) 
have a unique solution identical to the unique solution of (14). 
[Variational sub-problem 1] 
The three G components, vr, vg and vb, being fixed, the three BV 
components, ur, ug and ub, are sought as a solution of the varia-
tional sub-problem: 
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The variational sub-problem 1 is a kind of color-image denoising 
problem where the three primary color channels are collectively 
denoised. Previously, we derived its approximate solution in the 
over-complete wavelet transform domain as a color-image denois-

ing method [8]. We attain to the approximate solution of (15) by 
applying our previously proposed wavelet color shrinkage denois-
ing method using the l1-l2 color shrinkage scheme [8], collectively 
to the three primary color signals, fr − vr, fg − vg and fb − vb. 
[Variational sub-problem 2] 
The three BV components, ur, ug and ub, being fixed, the three G 
components, vr, vg and vb, are sought as solutions of the variational 
sub-problems: 
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The sub-problem 2 consists of the three independent problems for 
the three primary color channels, and the three problems are of the 
identical type to the variational problem of (7). Their dual problems 
amount to the following variational denoising problems: 
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The variational denoising problems are solved approximately with 
the wavelet shrinkage denoising method using the soft-thresholding 
function ST of the threshold parameter µ > 0. 

The variational problem of (14) is approximately solved by the 
following algorithm with the over-complete wavelet transform. 
[Denoising-type Alternately Iterative Algorithm with the Over-
complete Wavelet Transform] 
1) Initialization:  (0) (0) 0 ( , , ) , 0 , 0c cu v c r g b n ε= = = = >  
2) Iteration: 
2-1) Denoising 1: we denoise the three primary color signals, 

( ) , ( , , )n
c cf v c r g b− = , collectively by the wavelet color shrinkage 

denoising method using the l1-l2 color shrinkage scheme, and its 
denoised outputs, ( 1) , ( , , )n

cu c r g b+ = , correspond to coarse ap-
proximations of the solutions of (15). 
2-2) Denoising 2: we denoise each of ( 1) , ( , , )n

c cf u c r g b+− = , 
separately by the wavelet shrinkage denoising method using the 
soft-thresholding function ST with the threshold parameter µ, and 
then from their denoised outputs, , , andr g bw w w , we compute the 

three primary signals, ( 1) , ( , , )n
cv c r g b+ = , as ( 1) ( 1)n n

c c c cv f u w+ += − − , 
which correspond to coarse approximations of the solutions of (16). 
2-3) Convergence test: we will stop the iteration if 

{ }( 1) ( ) ( 1) ( )max , ; , ,n n n n
c c c cu u v v c r g bε+ +− − ≤ =  

; otherwise, 1n n← + , and we will return to 2-1).                    [End] 
Since update at each iteration step is non-expansive mapping de-
fined on the closed convex set, the above algorithm always con-
verges; and the convergent result corresponds to a coarse approxi-
mation of the unique solution of (14). 
3.3  Evaluations of Decomposition Performance 
We apply our BV-G color-image decomposition method to both 
noise-free test color images and noisy test color images, which we 
produce by adding signal-dependent noise equivalent to the ISO 
1600 sensitivity [8]. Our method employs the un-decimated Haar 
wavelet transform as over-complete wavelet transform. 

   
   (a) Noise-free test color image       (b) Noisy test color image 

Figure 1 – Test color images. 
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Fig. 2 and Fig. 3 compare the BV component and the G com-
ponent provided by our color-image decomposition method with 
those provided by the existing BV-G image-decomposition method 
[3] with the Chambolle projection algorithm [4]. Since the existing 
method does not utilize inter-channel color cross-correlations, it 
does not completely remove oscillatory intensity variations from its 
separated BV component even for the noise-free image, and particu-
larly for the noisy image it produces noticeable colored artifacts in 
its separated BV component. On the other hand, our method suc-
cessfully takes away the oscillatory intensity variations and the col-
ored artifacts from its separated BV component almost perfectly, 
and the BV component separated from the noisy image is almost the 
same as that separated from the noise-free image; whereas most of 
additive colored noise in the noisy input color image is separated as 
its G component. 

   
    (a) BV component separated      (b) BV component separated 
         by the existing method [3]          by our method 

   
     (c) G component separated        (d) G component separated 
          by the existing method [3]          by our method 
Figure 2 – Decomposition results for the noise-free test color image. 
 

   
    (a) BV component separated      (b) BV component separated 
         by the existing method [3]           by our method 

   
    (c) G component separated        (d) G component separated 
         by the existing method [3]         by our method 

Figure 3 – Decomposition results for the noisy test color image. 

4. APPLICATION TO IMAGE PROCESSING OF A 
DIGITAL COLOR CAMERA 

4.1 Decomposition-Based Image-Processing Pipeline 
The standard IP-pipeline, in which demosaicing is followed by 
white balancing, color enhancement, and inverse gamma correction 

[9], does not necessarily recover a high-quality color image. In a 
practical noisy-observation case, the standard IP-pipeline tends to 
weaken the visibility of textures in bright image regions, and at the 
same time it tends to increase the visibility of colored noise in dark 
image regions, which is believed to be common drawbacks to a 
digital color camera. Those drawbacks are caused by the standard 
IP-pipeline rather than by the color-imaging scheme itself. To rem-
edy the drawbacks, firstly texture components should be separated, 
and then the texture components should be retouched adaptively 
while taking into account signal dependency of the noise. This 
paper puts this idea into shape, and thus proposes a decomposition-
based IP-pipeline whose flow diagram is shown in Fig. 4. 

The decomposition-based IP-pipeline firstly interpolates ob-
served raw color data with a proper demosaicing method. The color-
data are contaminated by observation noise, and are blurred by an 
optical low-pass filter and a sample-hold process. To achieve effi-
cient demosaicing, we need to take the effects of the noise and the 
blur into account, and hence we employ our extended color-TV-
regularization deblurring-demosaicing method [7]. 

The decomposition-based approach decomposes the demo-
saicked image f with the BV-G color-image decomposition method. 
Most of the observation noise mingles with the separated G compo-
nent v, whereas the BV component u is little affected by the noise. 
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Figure 4 – Decomposition-based IP-pipeline. 

 
Unlike the standard IP-pipeline, white balancing, color enhancement 
and inverse gamma correction are applied only to the separated BV 
components, ur, ug, ub, of the three primary color channels. On the 
other hand, the separated G components, vr, vg, vb, of the three pri-
mary color channels are retouched by utilizing the processed BV 
components, ˆ ˆ ˆ, ,r g bu u u , to adjust a trade-off between noise visibility 
and texture sharpness, as follows: 
1) for each pixel at (i, j), a normalized luminance value Li, j is com-
puted by 

( )
,

, ,
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, 0 1,

3
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L L
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+ +
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where umax is the maximum value of u. 
2) a weighting coefficient ϕ is determined by 

( ) ( ), 1 , , 11.0 exp 4 , 0 4 ,i j i j i jL c L L c eϕ = − ⋅ − ≤ ≤     (19) 

where c1 is used to control the texture retouch. The proper value of 
c1 depends on the intensity of observation noise. As the noise in-
creases in intensity, the parameter c1 should be given a higher value. 
3) vr, vg, and vb, are retouched by 

( ); , , ; ,ˆ , , , .c i j i j c i jv L v c r g bϕ= × =             (20) 
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ϕ (L) is nonnegative within the range 0 1L≤ ≤  and has the mini-
mum value 1 − c1/(4e) at L = 1/4. The texture retouch of (20) weak-
ens magnitude of variations in vr, vg, and vb in dark image regions 
where L is in the vicinity of 1/4. This property of ϕ is based on a 
well-known fact that noise is the most noticeable in dark image 
regions where the normalized signal intensity is around 1/4 [8]. The 
texture retouch somewhat suppresses original image textures, but 
alleviates the bad effects of noise, dominant in dark image regions. 
On the other hand, in bright image regions where L is close to 1, 
since ϕ (L) has a value close to 1, vr, vg, and vb are scarcely re-
touched. 

After these IP tasks, combining the processed BV components 
and the processed G components into an output color image: 

( ) ( )( ), ; , ; , ; ,
ˆ ˆ ˆ1 , , , ,i j c i j c i j c i jf u v u c r g bε ε ε= + + + − =    (21) 

where ε is a small positive value to prevent singularity at uc = 0. 
4.2 Evaluations of the IP-pipeline 
Fig. 5 shows the same portions of color images given by our new 
decomposition-based IP-pipeline and the standard IP-pipeline with 
our extended color-TV-regularization deblurring-demosaicing 
method [7], to raw mosaicked-color-data, which are read out from a 
digital SLR camera and are scarcely contaminated with observation 
noise. In Fig. 5, the parameter c1 is fixed at 0.0, namely, no texture 
retouch is performed. The standard IP-pipeline does not restore fine 
image textures in bright image regions, and produces a color image 
giving a somewhat blurry impression; whereas our new IP-pipeline 
restores those fine image textures, and produces a color image giv-
ing a shaper visual impression. 

To evaluate robustness against observation noise, we produce 
noisy color-data by adding artificially generated shot-noise to the 
observed raw color-data, and apply our new IP-pipeline to the noisy 
color-data. Fig. 6 compares the same portions of color images. The 
standard IP-pipeline suppresses the visibility of textures in bright 
image regions, and forms false colored artifacts in dark image re-
gions. Our new IP-pipeline produces a sharper color image, and 
simultaneously suppresses the false colored artifacts in dark image 
regions when the parameter c1 is properly set. From the point of a 
balance of texture sharpness and noise visibility, our new IP-
pipeline performs better for real noisy mosaicked-color-data. 

5. CONCLUSIONS 
This paper extends the BV-G variational nonlinear image-
decomposition approach, originally proposed for a monochrome 
image, to a genuine color-image decomposition approach. Further-
more, this paper applies this color-image decomposition method to 
an IP-pipeline of a digital color camera, and our new decomposi-
tion-based IP-pipeline achieves a better trade-off in picture quality 
between texture sharpness and noise visibility. 
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(a) Standard IP-pipeline 

        
(b) New IP-pipeline (c1=0.0) 

Figure 5 – Portions of color images restored from raw mosaicked-
color-data, scarcely contaminated with observation noise, by the 
standard IP-pipeline and our new IP-pipeline. 

 

   
     (a) Standard IP       (b) New IP (c1 = 0.0)    (c) New IP (c 1 = 2.0) 

   
  (d) New IP (c1 = 4.0)   (e) New IP (c1 = 6.0)   (f) New IP (c1 = 8.0) 
Figure 6 – Portions of color images restored from noisy mosaicked-
color-data by the standard IP-pipeline and our new IP-pipeline in 
which the parameter c1 is varied.

237



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages false
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee575284e8e9ad88d2891cf76845370524d6253537030028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f0030028fd94e9b8bbe7f6e89816c425d4c51655b574f533002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c9069752865bc9ad854c18cea76845370524d521753703002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f300290194e9b8a2d5b9a89816c425d4c51655b57578b3002>
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


