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Using wavelets to determine
paper formation by light
transmission image analysis

MOUADE BOUYDAIN, JOSE F. COLOM, AND JOSEP PLADELLORENS

HE INTERNATIONAL STANDARDS
office defines formation as
the distribution, disposi-
tion, and intermixing of
fibers to constitute paper. The main
goal of the papermaking process is
to distribute these fibers as evenly as
possible to provide uniformity. Fac-
tors that influence variations in local
grammage relate to fiber characteris-
tics (1-4).They are generally small-
scale variations due to natural fiber
flocculations or flocculations in-
duced by high frequency pulsations.
Large-scale variations in the local
grammage relate to instabilities of
the manufacturing process (5-9).
Although paper formation is
important for those concerned with
paper production, it has been a diffi-
cult property to determine. Fast,
quantitative, and convenient meth-
ods could make automatic inspec-
tion of sheet formation possible. In
this work, we try to develop a
method using wavelet theory to find
a new index of formation that is
more sensitive to local grammage
variations.

CHARACTERIZATION OF
SHEET FORMATION AND
FLOC STRUCTURE
Various formation indices provide
quantitative definitions of paper for-
mation. They are quantitative repre-
sentations of local grammage, his-
tograms, or maps of local grammage.
All try to characterize accurately the
distribution of the fibers in the sheet

of paper under study.
The most common index is the
standard deviation of local gram-

mage in a small zone of the sheet
divided by the mean value of local
grammage in the entire sheet.This is
the standard formation number (FN)
(D). It has some limitations because
sheets with very different formation
may have the same formation num-
ber. Other indices are available in the
literature such as Dodson's formation
number (9).This compares an ideal
formation sheet and a particular
sheet. Another work by Jordan (10)
defines flocs as regions of heavier
than median grammage. His index is
a threshold equal to the mean gram-
mage. It calculates the ratio of the
sum of floc perimeters for a sample
to the size of the sample.The method
is sensitive to paper structure and
the graininess of the flocs.

Statistical analysis using the
power and wavelength spectra (1,
11) provides a description of the dif-
ferent contributions to the variance
in frequency intervals. Although the
method relates directly to floc size, it
only considers periodic variations
and treats the paper as one-dimen-
sional. This provides an incomplete
description of floc structure since it
gives no information on how basis
weight variations distribute through
the sample. For example, it cannot
describe the coarseness of formation
or the distribution of the size of the
grammage and grammage inten-
sity—paper quality.

Second order statistics (11, 12)
treat paper as two-dimensional. They
provide five indices dealing with the
“co-occurrence matrix” by comput-
ing the probability of occurrence of
some predefined matrices from the
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formation has been a difficult prob-
lem to solve.This paper presents a
method using light transmission
image analysis with wavelets to
decompose the image and analyze
the floc distribution from the energy
of the images resulting by the decom-
position. Testing of the method for
various furnishes indicates that it is
more sensitive to different qualities of
formation than the standard forma-
tion number.

Application:

A method using light transmission
image analysis quantitatively deter-
mines the formation of paper.

original image. These indices—fre-
quency, distribution, and formation
quality—indirectly relate to the floc
size. They are therefore difficult to
interpret.

Bernie (713) defined another
index using fast Fourier transform
treatment of the data extracted from
a contour map of the flocs in paper.
Using light transmission, this method
examines a grid of pixels seen as a
grammage matrix.

In this work, we used a wavelet
decomposition of the image of paper
obtained by light transmission in a
light box. Wavelets gave a multireso-
lution analysis that was very appro-
priate for analysis of the flocculation
of paper at different scales.

WAVELETS AND
MULTIRESOLUTION
To analyze the image of the paper,
we performed a multiresolution
analysis (14).This means that a given
signal—two-dimensional—was de-
composed at a coarse approxima-
tion plus added details. In other
words, the detail signal was the dif-
ference between the coarse and fine
versions of the signal. Applying the
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Coefficient Value of the

coefficient

0 0.054415842243
0.312871590914
2 0.675630736297
3 0.585354683654
4 -0.015829105256
5 -0.284015542962
9 0.000472484574
8
9
|
|
|
|
|
|

0.128747426620
-0.017369301002
-0.044088253931

0.013981027917

0.008746094047
-0.004870352993
-0.000391740373

0.000675449406
-0.000117476784

jom piben plien plin pen g g e e B e e B g e g

UVIRAWN —O

I. The I16-tap Daubechies wavelet filter
coefficients

successive approximations recur-
sively makes the approximation
error go to zero.

Using multiresolution analysis
and orthonormal wavelet bases from
Eq. 1 below, Mallat (7/4) constructed
an algorithm using wavelet functions
that is economical and powerful in
its orientation selectivity. His decom-
position provides one representation
with one desired resolution version
of the original image at some level, j,
for example sampled twice as
sparsely as its predecessor. He adds
details corresponding to the differ-
ence in information between the res-
olution at level j and at level j - 1 sep-
arated into levels corresponding to
different spatial frequency
bands—horizontal high frequency
band, vertical high frequency band,
and diagonal high frequency band.

For a one-dimensional discrete
signal,the following is a decomposi-
tion. From a data sequence C, with k
entries, we construct the function f;
(%) defined by:

£, = gcoykmo,k(X) (€))

where

@ is a scaling function that satisfies a
two-scale difference equation:

P = D3 hdoP2x - k) ()
k
Such a decomposition provides a
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coarse approximation of the signal.

The details of the signal are
obtained by a decomposition of such
data sequences with a family of real
orthonormal bases, L|Jj’k(x), obtained
through a translation and dilation of
a function, Y, known as a mother
wavelet,i. e.,

P 0 =2"P2x -k 3

where
j and k are integers.
The mother wavelet, P(x), is con-

structed from a scaling function,
(%), using the following:

P =Y 2%g(k)(P(ZX -k “)
where
gl = -D*h(1-k) ©)

At some desired level, ], the function,
f, can be written as:

J
fo(x) = %Cj+1,k(pj+1,k(x) + jzodj+l,kl‘|',i+l,k(x)

©
where
0<j<].
The coefficients, C and d at

+1,n j+1,n°

scale, j + 1, relate to the coefficients,
Cp at scale, j, using the following:

= > c hk - 2n)
L

Ci+ 1,n

and

di 1o = %cjwkg(k -2n) ()
The decomposition is therefore a fil-
tering of the data through two fil-
ters, H and G, with impulse response,
h~(n) and g~(n).This gives a recursive
algorithm for wavelet decomposi-
tion. We can also deduce the follow-
ing:

C\ = %Cjﬂ,nh(k -2n) +

d, 80 - 2n) ®)

]
The filter coefficients, h(k) and g(k),
constructed by Mallat from the mul-
tiresolution are sufficient. Explicit
forms of (x) and Y(x) are not nec-
essary to perform this wavelet
decomposition.

Daubechies showed later that
such filter coefficients, h(k), can be
constructed without reference to
the multiresolution analysis by
imposing some conditions onto
those filter coefficients to make the
algorithm work (15).This also allows
the set of basic wavelet functions
expressed in Eq. 1 to be unique,
orthonormal, and compact.They also
have a certain degree of regularity so
that the reconstruction of the image
looks reasonably good even after sev-
eral iterations. Table I gives the
Daubechies filter coefficients.

The two dimensional wavelet basis
functions can be expressed by the
tensor product of two one-dimen-
sional wavelet basis functions along
the horizontal and vertical direc-
tions. The data sequences to be
decomposed are now C° = (Cgm)
where m and n are integers.The cor-
responding two dimensional filter
coefficients can be expressed as
H.H,G_.H,H_.G, and G_.G, with ¢
and r indicating respective columns
and rows. For example, the decom-
position for one iteration of the data
sequences (Ci‘:m) gives new data
sequences C' and three different
sequences (details): d"!, d"2, and d'?
as follows:

C'=H_Hr C°
d"'= G HC®
d'?=H_GC°
d'3 = G_.GC". ©)

The operator, G_H_smooths the col-
umn index and looks at the differ-
ence (high frequency information)
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I. Scaling function related to the |6-tap Daubechies wavelet

coefficients for two iterations

2. Wavelet function related to the |16-tap Daubechies wavelet

coefficients for two iterations

3. Simulated image | with small blocks

for the row index.Then, d"! will be
large when a horizontal edge is pre-
sent.This shows clearly that the algo-
rithm used in this work is orientation
sensitive. Figures 1 and 2 show the
scaling and wavelet functions used in
this work.

EXAMPLE
To clarify the procedure, we simu-
lated two matrices using images of
two papers with different formation
quality.We applied the wavelet ortho-

4. Simulated image 2 with large blocks

normal basis of Daubechies with 16
coefficients to the same wavelet
transform as the real images of the
papers used in our work.This makes
the effect of the method visual and
numerical to characterize the differ-
ent variations in each image accu-
rately.

The blocks of image 1 in Fig. 3
are smaller than those of image 2 in
Fig. 4. This makes the first image
have more variations than the sec-
ond. The coefficients in the decom-

position would therefore be higher
in image 2 than in image 1. Figures 5
and 6 show the decomposition
images successively for the two
matrices.

The sum of the energies in each
band of the decomposition has the
following definition:

3
Sum of energies = } E,
a=1

with E = zz Xj
H (10)
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5. Wavelet decomposition representation for image |

Image | Image 2
Energy of Band | 231 x 107 1.488 x 107
Energy of Band 2 2.03 x 107 1.802 x 107
Energy of Band 3 2.35x 107 1.208 x 10°

Il. Values of energy in the bands of the second iteration of the
decomposition of images | and 2

where

a = the band number, X;,a value of each pixel in the cor-
responding band.

Table I shows that the energy sum is higher for imagel
than for image 2.

EQUIPMENT AND METHOD
Figure 7 shows the equipment used. A black and white
camera acquired the image of a sheet of paper with size
6.2 cm x 6.3 c¢cm placed on a light box and sent it to a
computer via an acquisition card. Suitable software for
processing produced an image on a 512 x 512 grid with
256 gray levels.

Since an image analysis system requires a large mem-
ory, we used equipment that had sufficient memory and
hard drive and a high processing speed.

Because we made the images using light transmission
with a light box, we had to remove the effect of nonuni-
form lighting produced by the light box after the acqui-
sition of the image and the coding on 8 bits.The correc-
tion uses a pixel-to-pixel division between the image and
the image of the light box. We then applied Daubechies’
wavelet orthonormal basis with 16 coefficients to
decompose the image of each paper under study.
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6. Wavelet decomposition representation for image 2

Acquisition
Camera card
Sheet of paper o3 =
=00
—
Light box Computer

1. Equipment for this work

APPLICATION WITH PAPER

Figures 8-10 show images of three sheets of paper with
different fiber natures. They therefore have different
quality formations that correspond respectively to
papers manufactured with short fibers of softwood
(FIBO), long fibers of hardwood (FIBL), and equal mix-
tures of short and long fibers (FIBCL). Tests used hand-
sheets of 60 g/m>.

The images were obtained with the equipment
shown in Fig. 7 using the same optical conditions for all
images.We first normalized the images obtained from the
sheets so they all had the same energy before process-
ing. Then we applied Daubechies’ wavelet transform to
decompose those matrices or images into a low fre-
quency band (band 0) and high frequency bands (band
1, band 2, and band 3).This separated the details caused
by changes in local grammage in different directions:



8. Light transmission image for FIBC

Band 0:Approximation of the image at coarse
resolution

Band 1: Horizontal changes

Band 2:Vertical changes

Band 3: Diagonal changes.

We applied the transform twice—two iterations—for
each matrix because a difference in formation is present
in the middle frequencies.The corresponding bands for
which we calculated the energy represent all informa-
tion between the first and the second approximation:

Band 2-0: Residue of the image after decomposition

Band 2-1: Complete horizontal changes between the
first and second approximation

Band 2-2: Complete vertical changes between the first
and second approximation

Band 2-3: Complete diagonal changes between the first
and second approximation.

The wavelet formation index, W1, is the sum of energies
of the particular bands—middle frequency bands. It pro-
vides information for the flocs only and not for the small
scale changes or low frequency bands. The low fre-
quency bands result from the following:
3
VVI=ZFiWithFi=ZZX; an
a=1 i
where

a = the band number
X, = the value of each pixel in the corresponding band.

We also calculated the standard formation number of
each of the sheets of paper to compare with the wavelet
formation index and justify the validity of the method.

9. Light transmission image for FIBCL

10. Light transmission image for FIBL

The standard formation number comes from the following:
FN(A) = o(w)/w, with 0? =} 5 (xij -x ) 12
[
where

o(w ) = the standard deviation of the values of the pixels
in the zone W

w, = the studied zone of the image

x,, = the mean value in the zone w,

w,, = the mean value in the total image.

With this processing, one would expect a sheet with uni-
form local grammage to have a W1 value of zero.The poor
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FIBC FIBL FIBCL
FN 0.038 0.048 0.041
Energy of band 2-1  3.06 x 10° 1.46 x 10¢ 6.24 x 10°
Energy of band 2-2 4.38 x 10° 2.06 x 10¢ 9.56 x 10°
Energy of band 2-3 1.24 x 10° 4.88x 10° 229 x 10°
Wi 8.68 40.08 18.09

Ill.Values of the standard FN, energies in the bands, and WI for
FIBC, FIBL, and FIBCL

FIBC/FIBL FIBL/FIBCL FIBCL/FIBC
FN 1.26 .17 1.08
WI 4.26 221 2.08

IV. Comparative values of standard FN and WI for the three
sheets of papers

formation would have higher WI. Table III gives results
for application of the method to the sheets of paper cited
above. Table IV compares the two formation indices for
FIBL and FIBC. WI is 326% higher, but the standard for-
mation number is 26% higher. A comparison between
FIBL and FIBCL shows that WI is more sensitive than the
standard formation number.

SUMMARY
We have developed a quantitative method to determine
the formation of paper. The method is based on light
transmission image analysis. It uses wavelets to decom-
pose the image and analyze the floc distribution from the
energy of the images resulting from the decomposition.

We analyzed the image of paper performing a multireso-
lution analysis. This means that a given signal—a two-
dimensional signal in our case—was decomposed at a
coarse approximation plus added details. The detail sig-
nal is the difference between the coarse and fine ver-
sions of the signal. By applying successive approxima-
tions recursively, the approximation error goes to zero.
Flocculations in a paper may be considered “details.”
Measuring the energy associated with these details deter-
mines the formation of a paper. Before application to
paper, we used the method as an example on two com-
puter-created images. This showed the behavior of the
energy of the decomposition with respect to the varia-
tions inside the images.

The method was tested with various formations and
compared with the standard formation index. The new
technique discriminates more sensitively between differ-
ent qualities of formation than the standard formation
number.T)
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