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Abstract. The surfaces of furniture elements having the orange skin
surface defect were investigated in the context of selecting optimum features for surface classification. Features selected from a set of 50 features
were considered. Seven feature selection methods were used. The results
of these selections were aggregated and found consistently positive for
some of the features. Among them were primarily the features based on
local adaptive thresholding and on Hilbert curves used to evaluate the
image brightness variability. These types of features should be investigated further in order to find the features with more significance in the
problem of surface quality inspection. The groups of features which appeared least profitable in the analysis were the two features based on
percolation, and the one based on Otsu global thresholding.
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1

Introduction

Visual inspection seems to remain the main method of assessing quality in the
furniture industry. Despite that the machine vision methods have definitely attained their maturity and became the part of routine industrial processes, in the
furniture industry this is still not the case.
To our best knowledge, the literature status for orange skin or orange peel
did not change since our previous review [6]. In brief, we have stated that what
concerns furniture elements quality inspection, the image processing methods
are very rarely if not at all mentioned in the literature. The existing references
mention the defects of furniture only in the context of more general domains [11],
or the raw material quality is of main concern [20]. In fact, in very few papers
the orange skin called also orange peel as a surface defect is considered directly.
c Springer International Publishing AG, part of Springer Nature 2018
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Konieczny et al. [12] generate the images of orange peel artificially and study
the visibility of this defect for humans in various conditions. Armesto et al. [2]
describe a system of moving lighting and cameras. It is designed to improve the
results of quality inspection of painted surfaces in the car industry. The target
of this system is to enable the defect augmentation phenomena as the authors
call the processes the light causes on surface features of various kinds. Among
the broad class of surface defects the orange peel is present. The system makes
it possible to use local adaptive thresholding as the only detection method.
Besides the papers, there are numerous patents in which methods are shown
to avoid or remove orange skin in the painting process; let us name just one
by Allard et al. [1] as an example. In none of these patents the image analysis
methods are recalled.
On the contrary to the furniture industry, in the timber industry the imagebased analysis of structural and anatomical defects is a well established technology with broad literature (cf. the reviews [3,19]).
It seems reasonable that in the preliminary stage in which the surface inspection in furniture industry is now, one of the main questions is the issue of
finding proper image features which could capture the visual phenomena that
make the surface look good or bad, in the context of orange skin. It is possible to
take generic features like local spectral features, wavelet features or others, like
for example the Histogram of Oriented Gradients, which we did in one of our
previous papers [6]. What is more interesting, however, is to learn what features
of the surface are important in the problem of our concern, and the real challenge
would be to discover the meaning of these features in the problem.
In this paper we shall consider a set of features already found effective in
a series of various demanding applications: classification of dermoscopic images
of melanoma [13], regions in mammographic images [15,24] and images of microorganisms in soil [15]. Preliminary tests with feature selection made on this
set have been previously made [14], and one of the methods of finding some order
in the set which could make it easier to perform feature selection in a bottom-up
manner was used. The features were ordered according to their Fisher measure of
information content. They were added sequentially and the process was stopped
when the classification accuracy attained its maximum. It must be admitted
that drawing any conclusion from the result of this single experiment would be
premature.
We shall use a set of seven feature selection methods chosen from those described by Pohjalainen et al. [22]. We shall check which features were selected the
most frequently and finally we shall try to look at those features more carefully
to discover how their design made them useful in the application of our interest.
This will go far beyond the preliminary experiments presented previously [5]
where we found that orange skin can be detected with simple differentiation and
thresholding of the image intensity function.
The remaining part of this paper is organized as follows. In the next Section
the surface defect considered will be recalled, and the way the defect is seen in
the images and the method with which the objects for classification are formed
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will be presented. In Sec. 3 the features and the classifier will be described.
Section 4 will be devoted to the problem of feature selection. The results from
seven feature selection methods will be presented in a combined way. These
results will be briefly discussed in Sec. 5. Conclusions and outlook for further
work will close the paper.

2
2.1

Classified objects
The defect: orange skin

The defect called orange skin or otherwise orange peel can appear on lacquered
surfaces. In furniture elements it is one of the reasons for reduced esthetic quality
of the product. It can emerge as small hollows, that is, an uneven structure
of the hardened surface. The depth of hollows is smaller than the thickness
of one lacquer layer so its order of magnitude is tenths parts of a millimeter.
Numerous reasons can cause the defect to appear: insufficient quantity or bad
quality of dilutent, large difference of temperatures between the lacquer and
the surface, improper pressure or distance of spraying, excessive air circulation
during spraying or drying, and insufficient air humidity. The structure of wood
is hidden under the lacquer in the analysis.
Because the reason for classification of the surface as good or bad is of esthetic
nature and because not only the presence of hollows but also their relations are
important, it is not possible to indicate a well-defined defect on the surface, like
it would be for example in the case of a crack or scratch. The parts of the surface
which look good gradually pass to those which look bad. The good surface is not
free from texture and has some deviations from planarity. Example images will
be shown in the next Section.
2.2

Images and objects

In the present paper we have used the same set of images we analyzed in a previous paper [14]. The images were taken with the Nikon D750 24 Mpix camera
equipped with the Nikon lens F/2.8, 105 mm. The distance from the focal plane
to the object surface was 1 m and the optical axis of the camera was normal
to the surface. The lighting was provided by a flash light with a typically small
light emitting surface, located at 80 cm from the object, with the axis of the light
beam deflected by 70◦ from the normal to the surface. In this way, the light came
from a direction close to parallel to the surface, to emphasize the surface profile.
The camera was fixed on a tripod and it was fired remotely to avoid vibration.
The objects were painted with white lacquer in a typical technological process. The surfaces imaged belonged to several different objects. The surfaces
were classified by the furniture quality expert into three classes: very good, good
and bad in the terms of the orange skin defect, before the experiment. The photographs were made of a part of the object which was not farther than 30 cm
from the center of the image. An image of a part of an elongated object was
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Fig. 1. Example of images of the surface of furniture elements. Small images of size
300 × 300 like those outlined with blue lines and marked with small dark blue icons
were cut for the training and testing processes.

taken once at a time, then the object was moved and a next image was taken,
to include all of the surface of the objects in the experiment. The images were
made in color mode and stored losslessly.
From these images, small non-overlapping images were cut, each of them of
size 300 × 300 pixels. There were 900 such images total. Each of these images
was treated as a separate object and was classified independently of the other
images.
From these objects, the training and testing sets were chosen for crossvalidation. Ten cross-validation rounds were planned. In each round, there were
90 images in the testing set, selected randomly from the set of images, with equal
numbers of images belonging to each class. The remaining 810 images formed the
training set in the given round. The numbers of images belonging to the classes
resulted from the classification made by the human expert and were close to
equal, but not precisely equal.
The way the small images were cut can be seen in Fig. 1. The examples of
images belonging to the three classes selected in the experiment are shown in
Fig. 2. A very good surface has a fine and even texture. A bad surface has an
uneven and strong texture. A good surface is everything in the middle. Note that
a good surface can differ from a very good one by that its texture is less even,
although it can be weaker, like that in the images in the lowest row of Fig. 2.

3
3.1

Features and classification
Features

All the features were generated from the luminance component Y of the YIQ
color model, Y ∈ {0, 1, ..., 255}.
The features for each small image were formed with the methods listed below.
There were 50 features in total. The ranges of indexes of features are given in
boldface:
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Fig. 2. Examples of images of the surfaces belonging to three classes: (a) very good,
(b) good and (c) bad.

01-01:
02-08:
09-14:
15-16:
17-32:
33-41:
42-50:

number of black fields after thresholding with Otsu method – 1 feature;
Kolmogorow-Smirnow features [23] – 7 features;
maximum subregions features [13] – 6 features;
features based on the percolation [13] – 2;
features based on the Hilbert curve [15,24] – 16;
features from single-valued thresholding [14] (explained below) – 9;
features from adaptive thresholding [14] (explained below) – 9.

The single-valued thresholding was performed as follows. The image was
thresholded, in sequence, with thresholds: i/10 × 255, i = 1, 2, ..., 9. The nine
features are the numbers of black regions after each thresholding.
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The adaptive thresholding was performed as follows. Let A be the image after
applying the averaging filter with the window 20×20 pix. Then, the number I2
is calculated as I2 = A − Y − C, where C is a constant. The result is thresholded
at 0.1 × 255. The feature is the number of white regions in the image I2 , giving
9 features. It remains to set the constant C. Setting the constant corresponds in
fact to modifying the threshold. To scan a range of thresholds, nine values were
taken, C = i, i = 1, 2, . . . , 9, giving nine features. A white region corresponds to
a dark blob in the image.
3.2

Classifier

As the classifier, the set of three SVM classifiers [7] for three pairs of classes was
used. The classifiers voted for the final class assignment. The SVM was selected
for this study due to it is one of the most widely used classifiers with very good
performance in many cases. The focus of this paper is set on features, so at this
stage we reduced the number of variables in the experiment and resigned from
considering multiple classifiers. The version and parameters used were: radialbasis function kernel, cost c = 300, σ = 0.1.

4
4.1

Training and feature selection
Feature selection methods

To find the globally optimal set of features, an exhaustive search within the set
of available features should be performed, which is totally impractical (in the set
of 50 features there are 250 −1 > 1016 different nonempty subsets). Therefore, we
used seven feature selection methods chosen from those previously described [22].
The software for these methods is publicly available [21]. The methods are:
1.
2.
3.
4.
5.
6.

method based on Chi square test (Chi2) [16],
Correlation-based feature selection (CFS) [10],
Fast Correlation-based Filter (FCBF) [17,18],
method based on Fisher score (FS) [9],
method based on Information Gain (IG) [8],
Sparse Multinomial Logistic Regression via Bayesian L1 Regularization
(SMLR) [4],
7. Kruskal-Wallis variance test [25].
With each method, the features were selected on the basis of just one of the ten
training sets. Then, these features were used in the cross-validation process to
assess the accuracy of classification.
4.2

Accuracy of classification

Accuracies of classification attained with the methods are shown in Fig. 3. They
are sorted according to the average accuracy attained. It happened that the
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Fig. 3. Accuracy of classification for feature selection methods attained in the crossvalidation process, sorted according to descending average accuracy. Indexes of feature selection methods comply with those in Tab. 1. Upper graphs: average accuracy
(black dots with line); maximum (blue ) and minimum (red ) errors attained in
the cross-validation series; lower graph: standard deviation (green dots with line) of
these results, 10×enlarged for better visibility. Lines connecting points related to methods have no meaning except for indicating the correspondence between these points.

standard deviation of errors increased nearly monotonically together with the
decrease of accuracy. Consequently, the method Chi square appeared the best
both in relation to its high accuracy as well as low accuracy deviation.
The values of average, maximum and minimum accuracies obtained in the ten
cross-validation rounds are shown in Table 1. The best average accuracy slightly
exceeds 95 % and the minimum accuracy, which is the pesimistic estimate of
actual accuracy, is slightly larger than 92 %. This indicates that indeed some
more work should be done to look for better features.

Table 1. Results of feature selection and accuracy measures attained. Rows sorted
according to descending average accuracy (in bold font).

#
1
2
3
4
5
6
7

Method
Chi Square
Information Gain
Fisher Score
Correlation-based Feature Selection
Kruskal-Wallis Variance Test
Sparse Multinomial Logistic Regression
Fast Correlation-Based Filter

Acronym
Chi2
IG
FS
CFS
KWVT
SMLR
FCBF

Accuracy [%]
avg min max sdv
95.88 92.22 97.78 1.90
94.43 87.78 96.67 2.46
93.65 90.00 98.89 2.53
93.09 87.78 95.56 2.33
91.98 87.78 95.51 2.76
89.31 84.44 95.56 3.45
84.75 80.00 86.67 4.40

No.
fea.
41
26
26
14
17
10
5

5 best features
(if applicable)
29 28 43 18 41
43 29 28 41 18
29 24 18 20 13
43 41 39 6 5
43 13 10 40 38
43 28 23 14 36
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a

b

Fig. 4. Cumulated results of feature selection. (a) Features sorted according to
the groups of features; (b) features sorted according to the number of times
of being selected. Groups of features marked with colors (cf. enumeration in
Sect. 3.1): 01-01:
dark green, Otsu, 1 feature; 02-08:
green, KolmogorowSmirnow, 7 features; 09-14:
red, maximum subregions, 6; 15-16:
blue, percolation, 2; 17-32: yellow, Hilbert, 16; 33-41: violet, single-valued thresholding, 9;
42-50: dark blue, adaptive thresholding, 9 features.

4.3

Feature selection results

In Table 1, alongside with the accuracies, the five best features are shown for
those methods in which the single features are assigned a measure of quality in
a natural way3 . More insight in the results of feature selection can be gained
by examining the histograms in Fig. 4 which show the number of times a given
feature was selected in the seven feature selection methods used. It can be seen
that some features were selected in more feature selection algorithm, and some
in less of them. Some features were not selected at all.
3

This does not concern CFS, where features are not sequenced; in this method, the
following features were selected: {2, 3, 13, 14, 23, 24, 28, 34, 39, 40, 41, 43, 45, 47}.

Feature selection for ‘orange skin’ type surface defect...

5

89

Discussion

The graphics in Fig. 4 indicate that the feature 43 was always chosen (7 times)
and the next most frequently chosen feature was 23. Other features belonging to
nearly all groups of features were chosen 5 times. On the opposite end, features
like 15, 19, 25, etc. were not chosen at all. Both the most frequently chosen features and the least frequently chosen ones belong to various groups. No general
conclusion concerning the groups of features can be drawn.
The most frequently chosen feature with the index 43 is the second feature
from the set of adaptive thresholding-based features. This indicates that adaptive thresholding is a viable method in looking for good features in our task.
Other features from this group were chosen as well, but the thresholds used in
them differed by more than one (except index 1 and 2). This means that serial
thresholding with different threshold has its merit.
The second best feature has the index 23 and it is the sevenths feature based
on Hilbert curves. The features from this group are using the following scheme.
Two strings of pixels located on subsequent fragments of the Hilbert curve are
compared. In the comparison, the Kolmogorow-Smirnow statistics SKS is used
together with its minimum significance level p. The larger SKS and p, the more
the pixels belonging to the two strings are different. The strings are moved along
the curve. In each location a new pair (SKS , p) is found. Several measures of the
amount of variation in the image can be built for these pairs. The sevenths
Hilbert feature is std(p)/mean(p). The fact that this feature was selected so
frequently seems to indicate that the statistical measures of brightness variability
in which the mapping between the image surface and some function with which
this surface can be mapped into a 1-dimensional curve perform well in texture
analysis. This can be interpreted as an encouragement to investigate more the
features based on such a concept.
The group of features which should probably not be investigated more are the
two features based on percolation, and the one based on Otsu global thresholding.
The results were obtained with a single classifier.

6

Summary and prospects

Features selected from a set of 50 features were used to classify the surfaces
affected by the orange skin surface defect. The features were selected with seven
methods. The results of these selections were consistently positive for some of
the features. Among them were primarily the features based on local adaptive
thresholding and on Hilbert curves used to evaluate the image brightness variability. These types of features should be investigated further in order to find
the features with more significance in the problem of surface quality inspection.
It is planned to extend the experiments with the orange skin defect in furniture by studying more images taken in slightly varying conditions to further test
the stability of the obtained results. The extension to more than one classifier is
also considered.
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