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Abstract

The lace images are particularly difficult to be analyzed in digital form using
classical image processing and machine vision techniques. The major reasons of this
difficulty emerge from their fine complex structure and pattern. In this work, the major
approaches implied for the evaluations of lace images are Image Histogram and Local
Binary Patterns (LBP). Two variants of LBP are mainly evaluated. The accuracy obtained of
each descriptor via the k-NN classifier with different distances. Experimental results indicate

that the basic LBP generates the best performance 97% under neutral variation.
Keywords: lace image, texture analysis, classification, LBP, k-NN classifier.

1 Introduction

Indexing and searching images in large databases are currently considered two
advanced search fields [1, 6]. In particular, the indexing step is more decisive in which the
image is analyzed in order to extract the features (such as the distribution, vector attributes,
etc.) characterizing the images. The discrimination of these features is related to the content
of the image. Several indexing applications are developed on the image: textures [2], faces
[3]. However, there is no lace image indexing application since lace is considered a national
cultural heritage in some regions. This may be due to the complex nature of the lace.
Indeed, lace is generally made by different parts with different textures: the background, the
basic pattern, the decoration, etc. Also, the diversity of the lace samples and the acquisition
conditions including different rotations and different scale factors can also make their
treatments difficult.

In the literature, several works focus on the lace images related to the fabric
detection (hole, distortion, tear) during the manufacture of lace [3, 4] and generally during
the manufacture of textiles [5, 6, 7]. These approaches aim to produce fast and reliable
algorithms for the measurement, analysis and real-time control of textile production
processes. Nevertheless, several works are interested in the post-production phase such as

the detection of garment defects [8] and the recognition of patterns in clothing [9].
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In this work, we present a study of lace images using multiresolution local binary patterns
(MS-LBP) by the presence of several rotation and scaling factors. The rest of this article is
organized as follows. Section 2 introduces MS-LBP. Section 3 presents the classification
method. Sections 4 and 5 describe the experimental protocol and the experimental results,

respectively. Finally, section 6 gives the conclusion and perspectives.

2 The Multiresolution Local Binary Pattern

The Local Binary Pattern (LBP) operator was firstly proposed by Ojala [9]. The idea of
this descriptor is to assign each pixel a code depending on the gray levels of its
neighborhood. The gray level of the central pixel g is compared to its neighbors according
to the following formula:

— VP J
LBP(x¢,¥c) = 2i=0S(gi — gc) X 2! (1
Where S(.) is a threshold function and is defined as follows:

1 if 9i—=9c20

] (2)
0 otherwise

s(gi — 9¢c) = {

with P is the number of neighboring pixels. In our work, we consider a neighborhood
of 3 X 3 which allows to have 8 neighbors. We thus obtain, as for a grayscale image, a
matrix containing LBP values for each pixel between 0 and 255. A histogram is calculated
based on these values to form the LBP descriptor of an image. Subsequently, this descriptor
has been extended using neighborhoods in different size [11, 12, 15]. In this case, a circle of
radius R around the central pixel is considered. The values of the P points sampled at the
edge of this circle are taken and compared with the value of the central pixel. To obtain the
values of the P points sampled in the neighborhood for any radius R. The notation (P, R)
is adopted to define the neighborhood of P points of radius R of a pixel. In our
experiments, R belongs to the interval | = [1,...,10] and the neighborhood P varies among
the values {4, 8, 12, 16}. In order to reduce the size of the LBP descriptors, the bits transition
of LBP code is selected to form LBP Uniform [10]. On the other hand, to take account of
information rotation, a specific coding is adopted to form the invariant LBP for rotation [10].
In this case, uniform LBP invariant to rotation transform [10] is created to reduce the size of

rotation-invariant LBP.
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3 k-NN classifier

After a feature extraction step, we proceed to the classification of the samples based
on the different descriptors. In this work, the k nearest neighbor method (k-NN) has been
applied. In this case, we have a learning database consisting of N "sample-class" pairs. To
estimate the output associated with a new input X, the k-NN method consists of considering
the k training samples whose input is closest to the new input X, according to a distance to
be defined. For example, in our classification problem, we will retain the class most
represented among the k outputs associated with the k entries closest to the new entry X.
The considered distances [12] are the histogram intersection (Eqg.3), the likelihood log (Eq.4)
and the Chi-square distance (Eq.5).

d(x,y) = Xp-1 min(xpyp) (3)
d(x,y) = — Xp-1%pl0g(7p) (@)
d(x y) — ZB (xb—J’b)Z (5)
’ P=1 (xp+yp)
where, X € R¥XB and y € R™B4re two vectors extracted from the lace

images.

4 The experimental protocol

The experimental protocol makes it possible to present the various experimentation
scenarios as well as the decomposition of the image database.

4.1 Construction the image database

The base of lace images consists of 41 images of lace bottoms (see Figure 1). The
background images of laces called lace samples were extracted from the registers kept in
the International Center of Lace and Fashion. The original registers in paper form were
scanned in color version. We extract from each image of lace thumbnails of fixed size (150
x 150 pixels).

4.2 Experimental scenarios

In our experiments, the initial image database consists of 592 images of lace
obtained from the 41 lace bottoms. Each lace background has generated 12 lace stock
images. This base has been divided into two subsets: learning base and testing basis
(decomposition 1). The testing database was then enriched by new test images
corresponding to the initial test images to which we applied transformations such as:

rotations of 90°, 180° and 270° (decomposition 2), changes of scale of factors 0.5 and 2
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(decomposition 3) and the two transformations combined (decomposition 4). Table 1 shows
all the decompositions mentioned.

At the level of the k-NN classification algorithm, the number k' of nearest neighbors
is fixed at 1, the distance 'D' is defined by the three distances (see section 4). The accuracy
rate, which represents the number of correctly classified samples based on the total

number of samples, is adopted as an evaluation criterion.
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Figure 1. Example of lace background images with different transformations of rotation and

change of scale
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Table 1. The different decompositions of the image database

Number of Size of the Size of the testing
Decomposition learning set set
1 246 x (6 x 41) 246 x (6 x 41)
2 246 x (6 x 41) 984 x (4 x 6x 41)
3 246 x (6 x 41) 738 x (3 x 6 x 41)
4 246 x (6 x 41) 2952 x (12 x 6 x 41)

5 Experimental results

In each scenario and for each LBP variant, we applied cross-validation with 20
experiments. For each experiment, we randomly selected 6 learning images and 6 test

images for each lace background image. The average accuracy is adopted to show the
different performances.

5.1 Scenario 1: Without transformation

In the first scenario, the images of the decomposition 1 made it possible to test all
the variants LBP. Figure 2 presents the classification rates for the different LBP variants as a
function of the value of R. We have chosen for each radius R the maximum of the

classification rate corresponding to a neighborhood P selected from the values {a,8, 12, 16}.

= : ; ' Z © %+ + LBP Basic with Log Distance
el LBP Basic with Chi-square Distance
> LBP Basic with Histogram Intersection Distance
+ LBP uniform with Log Distance
LEP uniform with Chi-square Distance
» LBP uniform with Histogram Intersection Distance
LBP invariant Rotation with Log Distance
LBP invariant Rotation with Chi-square Distance
LBP invariant Rotation with Histogram Intersection Distance
LBP uniform invariant with Log Distance
! LBP uniform invariant with Chi-square Distance
LBP uniform invariant with Histogram Intersection Distance

Accuracy
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Radius R
Figure 2. Classification rate as a function of the radius R of the different LBP variants using

the Log-likelihood, Chi-square and Histogram Intersection distances

Based on the results, the basic LBP generated the best performance with all R
values except R = {1, 2. Specifically, the best 99.67% classification rate was generated by
LBP-Basic for R = 8, P = 12, with Chi-square distance. We detail the performance of LBP
Basic with the different neighborhoods in Figure 3. From this Figure, we can observe that by
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increasing the radius R and whatever the neighborhood P, the classification rate also
increases. This result is explained by the nature of the lace which has a texture discerned
with large values of radius R. According to Figure. 3, the value of the neighborhood P = 4
did not favor a description adequate contrary to the values P = {8, 12, 16}. We note an
average classification rate of 88.18% for P = 4 which is significantly lower than the 98.50%,
98.73%, 97.47% rates generated respectively by P - 8, P - 12, P = 1s6.

5.2 Scenario 2: Rotation Transformation

Accuracy

Radius R

Figure 3. Classification according to the R (radius) and P (neighborhood) parameters of the
basic LBP using the Chi-square distance

In this scenario, the decomposition 2 images were used to test all LBP variants.
Figure 4 presents the classification rate for the LBP variants as a function of the R
parameter. For each radius, we have chosen the maximum of the classification rate
corresponding to a neighborhood P selected from the values {4, 8, 12, 16}. Based on the
results, the rotation-invariant LBP generated the best performance with all R values except
for R = {1}. Specifically, the best classification rate of the order of 98.80% was generated by
LBP Invariant at rotation for R = 8, P = 12, with the distance Chi-square.
We detail the performance of the LBP Invariant to the rotation with the different

neighborhoods in Figure 4. From this figure, the comparison between LBP Basic and LBP
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Uniform, LBP Invariant at rotation allowed to reach the best performance. This is explained
by the choice of the coding adopted at the rotation-invariant LBP which considers the

presence of rotation transformation. By increasing the radius R and whatever the
neighborhood size, the classification rate increases.

+ LBP Basic with Log Distance
LBP Basic with Chi-square Distance
- LBP Basic with Histogram Intersection Distance
+ LBP uniform with Log Distance
LBP uniform with Chi-square Distance
LBP uniform with Histogram Intersection Distance
LBP invariant Rotation with Log Distance
- LBP invariant Rotation with Chi-square Distance
h ¢ LBP invariant Rotation with Histogram Intersection Distance
g : : LBP uniform invariant with Log Distance
§—" ! + : LBP uniform invariant with Chi-square Distance
N ) . . _ _ : : . .~ LBP uniform invariant with Histogram Intersection Distance

Accuracy

Radms R

Figure 4. Classification rate as a function of the radius R of the different LBP variants using

the Log-likelihood, Chi-square and Histogram Intersection distances
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Figure 5. Classification rate according to R (radius) and P (neighborhood) parameters of LBP
Invariant to rotation using Chi-square distance

From Figure 5, we detect the same performance as Scenario 1 in the case where the
neighborhood P = 4 contrary to the values P = {8, 12, 16}. We note an average
classification rate of 69.08% which is significantly lower than the 88.96%, 87.21%, 83.36%

rates generated respectively by P =8, P =12, P = 16. It is obvious that by increasing the
radius R, a neighborhood P = 4 is insufficient to code the neighboring pixels.
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5.3 Scenario 3: Scaling Transformation

Applying scaling factor transformation on decomposition test images 3, we evluated
all LBP variants. Figure 6 shows the classification rate for the LBP variants as a function of
the R parameter. We have chosen for each radius the maximum of the classification rate
corresponding to a neighborhood P selected from the values {4, 8, 12, 16}. According to the
results, no variant LBP has exceeded 60% of classification rate with all the radius. This weak

discrimination is explained by the influence of the change of scale on the coding adopted at
the level of the LBP.

+ LBP Basic with Log Distance
LBP Basic with Chi-square Distance
: LBP Basic with Histogram Intersection Distance
+ LBP uniform with Log Distance
LBP uniform with Chi-square Distance
LBP uniform with Histogram Intersection Distance
LEBP invariant Rotation with Log Distance
LBP invariant Rotation with Chi-square Distance
LBP invariant Rotation with Histogram Intersection Distance
LBP umiform invariant with Log Distance
LBP uniform invariant with Chi-square Distance
LBP uniform invariant with Histogram Intersection Distance

Accuracy

Rad.iusiR
Figure 6. Classification rate as a function of the radius R of the different LBP variants using

the Log-likelihood, Chi-square and Histogram Intersection distances

By increasing the radius R, all the neighborhoods exhibit the same performance with

a slight improvement in terms of classification. for the neighborhood P = 16 (see in Figure 7.).

Accuracy
)
—
(=

Rad.iu;R
Figure 7. Classification rate according to the R (radius) and P (neighborhood) parameters of

the Basic LBP using Chi-square distance
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5.4 Scenario 4: Combined Rotation and Scaling Transformation

In this last scenario, the images of the decomposition 4 made it possible to test all
the variants LBP. Figure 8 presents the classification rate for the LBP variants as a function of
the R pa-rameter. We have chosen for each radius the maximum of the classification rate
corresponding to a neighborhood P selected from the values {4, 8, 12, 16}. According to the
results, the rotational invariant LBP generated the best performances with all R values
except for R - (1, 21 However, the classification rate did not exceed 40% of the
classification rate. This low discrimination is due to the influence of rotation transformation
and scaling on the coding adopted at the LBP level.

036k + LBP Basic with Log Distance
i LBP Basic with Chi-square Distance
' ¢ LBP Basic with Histogram Intersection Distance
+ LBP uniform with Log Distance
LBP uniform with Chi-square Distance
3 LBP uniform with Histogram Intersection Distance
~ LBP invariant Rotation with Log Distance

' LBP invariant Rotation with Chi-square Distance
»  LBP invariant Rotation with Histogram Intersection Distance

LBP uniform invariant with Log Distance

LBP uniform invariant with Chi-square Distance
ol . . , . . . . . ., - LBP uniform invariant with Histogram Intersection Distance
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Figure 8. Classification rate according to the radius R of the different LBP variants using the

log-likelihood, chi-square and histogram intersection
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Figure 9. Classification rate according to R (radius) and P (neighborhood) parameters of LBP
Invariant to rotation using Chi-square distance
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We detail the performance of the LBP Invariant to the rotation, which generated the
best performances, with the different neighborhoods in Figure 9. It is clear that by increasing

the radius R, the neighborhoods P -8, 12, 16} give the same performance.

6 Conclusion

In this article, we analyzed the performance of multiresolution local binary patterns
extracted from lace images in the presence of several rotation and scaling factors. The
experimental results show that the multiresolution LBP give a better classification by
choosing large values of the radius R whatever the value of the neighborhood of the pixels
P. in the presence of the transformation of rotation, the LBP Invariant to the rotation
presents a robustness compared to other variants of LBP. In the case of scaling presence, all
performance dropped significantly for all LBP variants. As perspectives, we will focus on
proposing the contribution of fusion for all LBP variants with respect to different

transformations.
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