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Abstract
Texture plays an important role in numerous computer vision applications. Many methods for
describing and analyzing of textured surfaces have been proposed. Variations in the appearance of
texture caused by changing illumination and imaging conditions, for example, set high requirements
on different analysis methods. In addition, real-world applications tend to produce a great deal of
complex texture data to be processed that should be handled effectively in order to be exploited.
A local binary pattern (LBP) operator offers an efficient way of analyzing textures. It has a simple
theory and combines properties of structural and statistical texture analysis methods. LBP is invariant
against monotonic gray-scale variations and has also extensions to rotation invariant texture analysis.
Analysis of real-world texture data is typically very laborious and time consuming. Often there is
no ground truth or other prior knowledge of the data available, and important properties of the
textures must be learned from the images. This is a very challenging task in texture analysis.
In this thesis, methods for learning and recognizing texture categories using local binary pattern
features are proposed. Unsupervised clustering and dimensionality reduction methods combined to
visualization provide useful tools for analyzing texture data. Uncovering the data structures is done
in an unsupervised fashion, based only on texture features, and no prior knowledge of the data, for
example texture classes, is required. In this thesis, non-linear dimensionality reduction, data
clustering and visualization are used for building a labeled training set for a classifier, and for
studying the performance of the features.
The thesis also proposes a multi-class approach to learning and labeling part based texture
appearance models to be used in scene texture recognition using only little human interaction. Also a
semiautomatic approach to learning texture appearance models for view based texture classification
is proposed.
The goal of texture characterization is often to classify textures into different categories. In this
thesis, two texture classification systems suitable for different applications are proposed. First, a
discriminative classifier that combines local and contextual texture information of the image in scene
recognition is proposed. Secondly, a real-time capable texture classifier with a self-intuitive user
interface to be used in industrial texture classification is proposed.
Two challenging real-world texture analysis applications are used to study the performance and
usefulness of the proposed methods. The first one is visual paper analysis which aims to characterize
paper quality based on texture properties. The second application is outdoor scene image analysis
where texture information is used to recognize different regions in the scenes.

Keywords: classification, computer vision, dimensionality reduction, learning, paper
characterization, scene image analysis, texture analysis, visualization
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Symbols and abbreviations
1D, 2D, 3D
AMS
AR
BMU
BP
CCR
CPU
CRF
Ct
CUReT
DSP
ECOC
FDA
FPS
GLCM
GMM
GMRF
GT
GTM
Isomap
KIF
L-BFGS
LBP
LBPP,R
LBPri
LBPu2
LBPriu2
LBP/C

One-dimensional, two-dimensional, three-dimensional
Adaptive mean shift
Autoregressive
Best-matching unit
Belief propagation
Coordinated clusters representation
Central processing unit
Conditional random ﬁeld
Classiﬁcation time
Columbia-Utrecht reﬂectance and texture database
Digital signal processor
Error-correcting output codes
Fisher’s discriminant analysis
Frames per second
Gray-level co-occurrence matrix
Gaussian mixture model
Gaussian Markov random ﬁeld
Ground truth
Generative topographic mapping
Isometric feature mapping
K-means iterative Fisher
Limited-memory quasi-Newton optimization algorithm
Local binary pattern
LBP (radius R, neighbors P)
Rotation invariant LBP
Uniform LBP
Rotation invariant and uniform LBP
LBP and contrast (joint distribution)

LEP
LLE
LoG
LVQ
MDS
MLP
MPM
MR-LBP
MRF
OCLBP
PC
PCA
PLSA
RBF
RKF
ROC
SBFS
SFFS
SIFT
SAR
SDE
SOM
SVM
TSBN
A
A(yi , x)
B
b
C
CRR
DG
DY
Dl ; Du
+
D+ ; Dopt
Dist(xi , xj )
d
dL

Local edge patterns
Locally linear embedding
Laplacian of Gaussian
Learning vector quantization
Multidimensional scaling
Multilayer perception
Maximum posterior marginal
Multiresolution LBP
Markov random ﬁeld
Opponent color LBP
Personal computer
Principal component analysis
Probabilistic latent semantic analysis
Radial basis function
Relational kernel function
Receiver operating characteristic
Sequential backward ﬂoating selection
Sequential forward ﬂoating selection
Scale-invariant feature transform
Synthetic aperture radar
Semideﬁnite embedding
Self-organizing map
Support vector machine
Tree-structured belief network
Parameter in pairwise class probability estimate
Association potential function of CRF for features x and corresponding label yi
Inner product matrix in Isomap algorithm; number of LBP histogram bins
Node corresponding to the BMU; index of a bin in a histogram
Parameter of RBF kernel
Classiﬁcation rate reduction
Matrix of geodesic distances
Matrix of Euclidean distances of projected data points
Labeled data set; unlabeled data set
Query set in active learning; optimal query set
Distance of feature vectors xi and xj
Dimensionality of data; number of the largest eigenvalues considered
in Isomap algorithm
Hamming distance in multi-class to binary decomposition

dL
F (x)
f (x)
f

Loss based distance in multi-class to binary decomposition
Vector of decision values obtained with diﬀerent marginal learners
Marginal learner function (decision value) for feature vector x

Decision value of SVM
G, G(S, E)
Graph, Graph with S nodes and E edges
H
Matrix used in Isomap
Neighborhood function around the node b at time t
hbi (t)
I(yi , yj , x)
Interaction potential function of CRF for sites i and j with common
features x and labels yi and yj
K(xi , xj )
Kernel function of xi and xj
k
Number of considered neighbors of the data point (depending on
context); number of classes
L(θ)
Log-likehood function using parameters θ
L(S, M )
Cumlog distance between feature distribution of a texture sample
S and a feature distribution of a texture model M
L(M (r, s)fs (x)) Loss function using coding matrix M and decision values of binary
classiﬁers fs
l
Number of binary classiﬁcation problems
M
Number of labeled training images; number of SOM nodes; model
histogram
M (r)
R:th row of coding matrix
M (r, s)
Coding matrix used to reduce multi-class classiﬁcation to multiple
binary problems (s binary learner index, r class index)
Weight vector of unit i in SOM
mi
N
Number of data points
n
Number of selected samples to be labeled by co-training or active
learning
P
Number of neighbor samples in LBP
P ()
Probability density function
R
Radius used in LBP
Expected risk function of learner f trained with labeled data set Dl
R(f Dl )
Res
Residual variance
Pairwise class probabilities of classes k and l
rkl
S
Sample histogram
SB
Between-cluster scatter matrix
Within-cluster scatter matrix
SW
T
Set of labels ti ; number of classes
Eigenvector corresponding to the ith eigenvalue of a matrix
vi
vkl
CRF model parameters
LBP features in image site i
Wi (x)
x;xi
Data point; ith data point

xm
Y
yi
yim
yx
Z(x)
α(t)
αi
β
χ2
φij (x)

1
2
γ
κ
λi
ρ(DG , DY )
μ
σ

Feature data from training image m
Projected data points
ith projected data point; label for data sample xi ; ith class label of
set T
Label for image site i in training image m
Predicted label for sample x
Observation x dependent CRF normalization function
Learning rate of SOM at time t
Parameter of SVM
Parameter in pairwise class probability estimate
Chi-square dissimilarity measure for comparing feature histograms
CRF edge features between sites i and j
Distance threshold parameter in Isomap
Parameter of classwise score function (probability threshold)
Parameter of classwise score function (size threshold)
Parameter of RBF kernel
Parameter in extended Gaussian kernel function
ith eigenvalue of a matrix
Standard linear correlation coeﬃcient taken over DG and DY
Mean of data points
Standard deviation

Contents
Abstract
Preface
Symbols and abbreviations
Contents
1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
1.1 Texture and its properties . . . . . . . . . . . . . . . . . . .
1.2 Characterization of textured surfaces . . . . . . . . . . . . .
1.3 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . .
1.4 The contributions of the thesis . . . . . . . . . . . . . . . .
1.5 The outline of the thesis . . . . . . . . . . . . . . . . . . . .
2 Learning and recognizing textures . . . . . . . . . . . . . . . . .
2.1 Texture analysis . . . . . . . . . . . . . . . . . . . . . . . .
2.1.1 Classiﬁcation . . . . . . . . . . . . . . . . . . . . . .
2.1.2 Segmentation . . . . . . . . . . . . . . . . . . . . . .
2.2 Modeling texture characteristics . . . . . . . . . . . . . . . .
2.2.1 Texture feature extraction . . . . . . . . . . . . . . .
2.2.1.1 Statistical texture features . . . . . . . . .
2.2.1.2 Structural and geometrical texture features
2.2.1.3 Model based texture features . . . . . . . .
2.2.1.4 Signal-processing based texture features . .
2.2.1.5 Local texture features and texton statistics
2.2.1.6 Invariance in texture features . . . . . . . .
2.2.2 The local binary pattern and its extensions . . . . .
2.3 Learning in computer vision . . . . . . . . . . . . . . . . . .
2.3.1 Supervised learning . . . . . . . . . . . . . . . . . .
2.3.2 Unsupervised learning . . . . . . . . . . . . . . . . .
2.4 Learning to recognize texture properties and categories . . .
2.4.1 Supervised texture recognition . . . . . . . . . . . .
2.4.2 Unsupervised texture recognition . . . . . . . . . . .
2.5 Texture and local binary patterns in applications . . . . . .
2.5.1 Applications in paper surface analysis . . . . . . . .
2.5.2 Applications in scene image analysis . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

13
13
15
16
18
20
21
21
22
23
24
25
26
26
27
27
27
28
29
33
34
35
37
38
40
41
42
44

3

Visual analysis of multidimensional LBP texture data . . . . . . . . . .
3.1 Dimensionality reduction and unsupervised learning . . . . . . . .
3.1.1 The self-organizing map . . . . . . . . . . . . . . . . . . . .
3.1.2 Isometric feature mapping . . . . . . . . . . . . . . . . . . .
3.2 Visual feature performance analysis . . . . . . . . . . . . . . . . . .
3.2.1 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2.2 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.3 Visual training . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.3.1 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . .
3.3.2 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4 Learning appearance models for view and part based texture recognition
4.1 An semisupervised approach to learning texture appearance models
for view based recognition . . . . . . . . . . . . . . . . . . . . . . .
4.1.1 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . .
4.1.2 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.2 Learning and labeling multi-class part based appearance models for
recognition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.2.1 Multi-class image part labeling using co-training . . . . . .
4.2.2 Active learning of part based appearance models . . . . . .
4.2.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . .
4.2.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5 Eﬃcient classiﬁcation of textured views . . . . . . . . . . . . . . . . . .
5.1 Contextual scene image classiﬁcation . . . . . . . . . . . . . . . . .
5.1.1 Classiﬁcation experiments . . . . . . . . . . . . . . . . . . .
5.1.2 Categorization experiments . . . . . . . . . . . . . . . . . .
5.1.2.1 Data preparation and training . . . . . . . . . . .
5.1.2.2 Categorizing unknown images . . . . . . . . . . .
5.1.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.2 Real-time capable texture classiﬁcation with a self-intuitive user
interface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.2.1 Experiments with labeled datasets . . . . . . . . . . . . . .
5.2.2 Characterization of on-line paper textures . . . . . . . . . .
5.2.2.1 Image data preparation . . . . . . . . . . . . . . .
5.2.2.2 Feature extraction . . . . . . . . . . . . . . . . . .
5.2.2.3 Oﬀ-line training . . . . . . . . . . . . . . . . . . .
5.2.2.4 Paper texture classiﬁcation . . . . . . . . . . . . .
5.2.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . .
6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

46
47
48
50
52
54
62
63
67
68
70
71
72
75
75
77
79
80
83
86
86
89
92
92
94
95
99
102
105
105
107
108
110
112
115
118

1 Introduction
1.1 Texture and its properties
Texture can be regarded as the visual appearance of a surface or material. Textures
appear in numerous objects and environments in the universe and they can consist
of very diﬀerent elements. Consider, for example, the look of the skin on the
ﬁngertip or the appearance of the cloudy sky. They both form diﬀerent textured
views in certain aspects. On the ﬁngertip, the variations in the line patterns and
shapes construct a biological marker for every human being, while in the sky view
the shapes and properties of clouds create a distant cover for the earth. The above
examples are textures from diﬀerent scales. The viewing position aﬀects greatly
the appearance of textures. If the ﬁngertip is viewed from a distance it might look
like a ﬂat region and not textured at all. In addition to the scale and viewing
position, also the environment and illumination conditions aﬀect the appearance
of texture, causing, for example, diﬀerent shadows and light reﬂections in the view.
All these matters make it diﬃcult to deﬁne what is texture.
Over the years, researchers have proposed their own deﬁnitions of texture and
there is no universally agreed formal deﬁnition (Jain & Karu 1996). Among the
ﬁrst texture analysis researchers in the early 1970’s Haralick et al. (1973) were
conscious about the lack of the precise deﬁnition of texture. Almost twenty years
later Bovik et al. (1990) pointed out that an exact deﬁnition of texture, either as
a surface property or as an image property, has never been adequately formulated.
Even the recent texture analysis researchers share these opinions (Fan & Xia 2003).
In computer vision, the visual appearance of the view is captured with digital
imaging and stored as image pixels. Texture analysis researchers agree that there
is signiﬁcant variation in intensity levels or colors between nearby pixels, and at
the limit of resolution there is non-homogeneity. Spatial non-homogeneity of pixels
corresponds to the visual texture of the imaged material which may result from
physical surface properties such as roughness, for example. Image resolution is
important in texture perception, and low-resolution images contain typically very
homogenous textures. Despite the lack of a theory, we all know that real-world
objects and surfaces are not ﬂat, nor uniform, and there are numerous potential computer vision applications that could utilize texture infomation. Several
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succesful attempts have alredy been proposed.
Textures can be categorized in several ways according their appearance (Tuceryan & Jain 1999). Often they are described in terms of the human visual system. A human may describe textured surfaces with adjectives like ﬁne, coarse,
smooth or regular, for example. Tamura et al. (1978) studied how diﬀerent human subjects grouped textures in predeﬁned categories (line-likeness, regularity,
coarseness, contrast, directionality, and roughness). They found in their psychological experiments that such properties as coarseness, contrast and directionality
play very important role in human visual interpretations, but the correlation with
mathemathical features indicating the same properties was very poor. Later, Rao
& Lohse (1993) identiﬁed three important dimensions for human texture perception, namely repetiveness versus irregularity, directional versus non-directional and
structurally complex versus simple.
Typically textures and the analysis methods related to them are divided into two
main catogories with diﬀerent computational approaches: the stochastic and the
structural methods. Structural textures are often man-made with a very regular
appearance consisting, for example, of line or square primitive patterns that are
systematically located on the surface (e.g. brick walls). In structural texture
analysis the properties and the appearance of the textures are described with
diﬀerent rules that specify what kind of primitive elements there are in the surface
and how they are located. Stochastic textures are usually natural and consist
of randomly distributed texture elements, which again can be, for example, lines
or curves (e.g. tree bark). The analysis of these kinds of textures is based on
statistical properties of image pixels and regions. Fig. 1 shows an example of
texture from both of these categories taken from the well-known Brodatz (1966)
album. It is easy to visually distinguish in which group they belong with this
categorization, but problems may arise when we are required to give a description
of the texture and its appearance.

(a)

(b)

Figure 1. Examples of stochastic and structural textures: (a) grass (D9); (b)
brick-wall (D94).

15
The above categorization of textures is not the only possible one; there exist
several others as well, for example, artiﬁcial vs. natural, or microtextures vs.
macrotextures. Regardless of the categorization, texture analysis methods try
to describe the properties of the textures in a proper way. It depends on the
applications what kind of properties should be sought from the textures under
inspection and how to do that. This is rarely an easy task.

1.2 Characterization of textured surfaces
In surface texture characterization, the surfaces of objects are distinguished according to some of their properties, like roughness. In addition to the visual
separation, also a reasonable descripton of the surface appearance can be given.
Almost every surface has texture at some scale, but surface characterization is
not strictly bounded to the texture analysis. For example, when detecting some
defects, like holes on ﬂat surface and categorizing them, or recognizing color properties of the surface, it might be preferable to use some other analysis approach
instead of texture, even though certain texture features migh also work ﬁne. But
when describing the roughness or smoothness of the surface, or categorizing textured surface defects, the role of texture is obvious.
Rapid development of computer vision methods and equipment has advanced
the use of machine vision in surface characterization. Texture has an important
role in natural vision, and it has been widely applied to several surface characterization problems as well. In the early years of computer vision and texture analysis
Haralick et al. (1973) applied texture analysis methods to remotely sensed images
for doing terrain analysis. They tried to classify regions of images to predeﬁned
classes to form a description of the sensed scene. Later, much research in the ﬁeld
of remotely sensed SAR (synthetic aperture radar) images utilizing texture was
carried out for analysing the earth surface. For example, Dell’Acqua & Gamba
(2003) characterized urban environments based on the residential density sensed
from SAR images using texture information. Oliver (2000) used texture analysis
to classify regions of SAR images to forest and not-forest classes when determining
the state of the rain forest.
In addition to earth surface analysis, texture has also been utilized for characterizing the surface of more concrete objects. Traditionally machine vision has
many applications in visual inspection and often there are textured surfaces to
be analyzed. Siew et al. (1988) characterized diﬀerent carpet wear according to
their texture aiming for a quality control application. Many researcher have used
texture in order to detect and classify defects on diﬀerent materials. Conners et al.
(1983) utilized texture analysis methods to automatically detect defects in lumber wood, and Iivarinen & Visa (1998) used texture and shape information for
classifying defects on the surface of paper.
It is not hard to ﬁnd more potential real-world applications where texture analysis can and has been utilized. For example, in biomedical engineering and medical
image analysis texture has been used for a long time for diﬀerent purposes. Sutton
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& Hall (1972) applied texture measures to distinguish normal lungs from diseased
lungs. More recently Felipe et al. (2003) used texture to identify diﬀerent tissues
in medical image retrieval applications.
Characterization of textured materials is usually very diﬃcult and the goal
of characterization depends on the application. In general, the aim is to give
a description of analyzed material, which can be, for example, the classiﬁcation
result for a ﬁnite number of classes or visual exposition of the surfaces.

1.3 Motivation
Texture is important in many image analysis and computer vision tasks. It gives
additional information compared only to color or shape measurements of the objects. Sometimes it is not even possible to obtain color information at all, as in
night vision with infrared cameras. Color measurements are usually more sensitive to varying illumination conditions than texture, making them harder to use in
demanding environments like outdoor conditions. Therefore texture measures can
be very useful in many real-world applications, including, for example, outdoor
scene image analysis.
Despite intensive texture analysis research for several decades, only a few very
succesful exploitations of texture have been made in real-world applications. The
major problem of using texture information is that textures have usually great
variations in their visual appearance. Textures can be oriented and scaled diﬀerently and imaged under changing illumination conditions. These matters cause
huge variation to the texture appearance and there are strict requirements for
the texture measures to produce a resonable description of the analysed surfaces
(Tuceryan & Jain 1999). The features should tolerate illumination variations and
they should be able to handle diﬀerent rotations and scales as well. Also computational issues are important in applications; for example, to achieve a reasonable
classiﬁcation time for textured samples.
To exploit texture in applications, the measures should be accurate in detecting
diﬀerent texture structures, but still be invariant or robust with varying conditions
that aﬀect the texture appearance. Computational complexity should not be too
high to preserve realistic use of the methods. Diﬀerent applications set various
requirements on the texture analysis methods, and usually selection of measures
is done with respect to the speciﬁc application.
Ojala et al. (1996) proposed an eﬀective local binary pattern (LBP) method
for texture analysis, and later they have developed powerful extensions to their
approach, including rotation invariance and multiresolution analysis (Ojala et al.
2002b). The approach is theoretically very simple and binds together the properties
of statistical and structural texture analysis. This enables the use of LBP features
in diﬀerent analysis problems where the appearance of the texture might vary
widely. LBP and its extensions have performed very well in various comparative
studies and have been applied succesfully in several real-world texture analysis
problems (Mäenpää & Pietikäinen 2005). LBP features are cheap to calculate and
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are invariant with respect to monotonic gray scale variations, which make them
very attractive to use in diﬀerent texture analysis applications.
In realistic texture characterization poblems the amount of data is usually huge
and sometimes there is no prior knowledge of the data available. Characterization
should then be made in an unsupervised manner. In these cases, it might be very
problematic to create representative models for the analyzed textures or study how
well speciﬁc texture features perform. For example, in classiﬁcation one problem
is to select training samples or features so that the discrimination of features
is good and the training set is general enough. These issues have no simple and
universal answers, and methods for working with such data should exist for further
exploitation of texture information in real-world computer vision tasks.
The ultimate goal of texture characterization systems is to recognize diﬀerent
textures. Applications have diﬀerent requirements for recognition: usually accuracy is the most important property, but sometimes also speed, usability and
conﬁgurability should be prioritized. There is no universal recognition method
for diﬀerent texture characterizatı́on tasks. In industrial inspection applications,
there is typically a trade-oﬀ between accuracy and speed. It is however almost
equally important that the recognition system is easy to use and conﬁgure in new
environments. In more general image analysis tasks, texture recognition methods
must detect diﬀerent textures in the images, but also consider images on a higher
level. For example, in scene image analysis, the relations between diﬀerent regions
set constraints on the recognition and help the overall image understanding.
In this thesis, two real-world texture analysis problems are considered: texture
characterization of paper and outdoor scene image analysis. Both problems are
demanding in the scope of machine vision and have many questions that remain
open. Typically, paper texture analysis approaches use traditional textbook features that are aﬀected by variations in lighting conditions and do not have very
good discrimination power. Often these methods are also time consuming making them hard to exploit in on-line use. Modern high-speed cameras are able to
image the running paper web, producing a very large amount of textured paper
images to be analyzed. Paper textures are usually very homogenous, setting high
requirements on the features so that they can recognize relevant changes in the
appearance. Usually it is very diﬃcult to train an accurate characterization system with such data. Extreme conditions in paper factories and various settings
of diﬀerent paper mills set additional requirements on characterization: features
should be invariant enough, but still be very descriptive and the system should be
able to scale in varying conditions. Unsupervised learning and feature performance
analysis help in rapid reaction to changing conditions, and tuning of a characterization system can be done on-line by learning new texture classes and labeling the
data in a semi-supervised fashion.
Outdoor scene image analysis is an even more diﬃcult texture analysis problem due to the high variability of the data within and between images caused by
eﬀects such as non-homogeneity of the textures, changes in illumination, shadows,
foreshortening and self-occlusion. Color is the natural cue to discriminate between
diﬀerent regions, such as trees or roads, in outdoor scene images. The texture
could also play an important role in these kinds of applications, because it is much
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more robust than color with respect to changes in illumination, and it could also
be utilized in night vision (Castano et al. 2001). However it is very problematic to
ﬁnd the proper texture features and create a representative training set for a scene
classiﬁer. Even learning the texture models and classes is not straightforward and
determination of the number of diﬀerent classes in the scene is not always clear.
Therefore, tools and methods for texture based scene analysis are needed for creating representative texture models for diﬀerent scene regions to recognize and
categorize them. Also overall scene understanding is desirable to produce some
semantic meaning of the scene content for further applications.

1.4 The contributions of the thesis
Texture is taking on a more and more important role in diﬀerent computer vision
applications. This thesis aims to provide new methods for learning and recognizing
texture characteristics. The methodology is based on local binary pattern image
features that have recently been applied succesfully in numerous diﬀerent texture
analysis tasks.
The diﬃculties in the early stage data analysis when building a texture characterization system are considered. The thesis proposes visualization based methods for analyzing texture features and image data in order to ﬁnd representative
training samples and discriminative features. The methodology uses non-linear dimensionality reduction of the texture feature data for learning the low-dimensional
manifolds of the data. Visualizations of the manifolds are used for selecting representative training samples for classiﬁcation and for learning how discriminative
the features are.
Appearance based vision has many applications in diﬀerent domains. In this
thesis, methods for learning appearance models for view based texture recognition
are proposed. In the semisupervised approach, the self-organization of feature
distributions is used for learning class-speciﬁc appearance models. Part based
texture recognition is also considered and a method for labeling and learning part
based texture appearance models is proposed. The approach uses a co-training
based method to label automatically those samples whose label can be predicted
with high conﬁdence. Simultaneously, those unlabeled samples that would provide
important information are found by active learning, and labeled manually.
Texture classiﬁcation is a typical texture analysis task. Classiﬁcation methods
are usually required to be tuned for a speciﬁc application. In this thesis, texture classiﬁcation with local binary patterns is considered. Diﬀerent classiﬁers are
experimented with, and a contextual texture image classiﬁcation method for textured outdoor scene image recognition is proposed. Real-time classiﬁcation with
a visual and self-intuitive user interface for industrial texture characterization is
also proposed.
In this thesis, the terms classiﬁcation and categorization are used for distinguishing between the textured images and objects. Classiﬁcation refers to those
cases where the whole texture image or image region is classiﬁed into the prede-
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ﬁned texture classes according to the training data. Categorization is deﬁned more
broadly: in texture image categorization the general image category (for example
outdoor view versus indoor view) is chosen based on the textured objects present
in the images. The automatic categorization is based on the classiﬁcation: the
textured objects are ﬁrst classiﬁed on some level and then the decisions made on
what is the category of the image. For example, does the image present an animal
scene or man-made structures.
From the application point of view, this thesis proposes methods for two challenging texture characterization problems: paper texture analysis and outdoor
scene image analysis. For the paper texture analysis, an on-line capable texture
characterization system for predicting paper quality on paper machines is proposed. The second application uses texture for recognizing and understanding
outdoor scene images.
Publications (Turtinen et al. 2003b,a, Turtinen & Pietikäinen 2003, 2005, Turtinen et al. 2006, Turtinen & Pietikäinen 2006, Mäenpää et al. 2003, Pietikäinen
et al. 2004) reﬂect the author’s contribution to the research ﬁeld. The work has
been mainly performed by the author using guidelines provided by the thesis supervisor, Prof. Matti Pietikäinen. The co-authors have also added their important
merits. The publications (Mäenpää et al. 2003) and (Pietikäinen et al. 2004) are
joint works in which the author has his own contribution. In (Mäenpää et al. 2003)
the methodology was developed together with the ﬁrst author, and a part of the
text writing and experiments were carried out by the author. In (Pietikäinen et al.
2004) the author’s contribution is the methodology of learning appearance models
for view based texture recognition, text writing and corresponding experiments.
In the following, the main contributions of the thesis are summarized:
– A review of the state-of-the-art texture analysis is made.
– The current status of local binary pattern texture analysis methodology is
highlighted.
– High-dimensional LBP texture feature data is visually explored using nonlinear dimensionality reduction methods for unsupervised learning. The recently proposed Isomap algoritm, as well as the well-known self-organizing
map are studied in visual texture feature performance analysis and visual
texture classiﬁer training applications.
– An approach for learning appearance models for view based texture recognition using self-organization of LBP feature distributions is proposed.
– A novel multi-class approach for learning and labeling textured image parts
using co-training and active learning is proposed.
– A novel texture based scene image classiﬁcation combining local and contextual image information is proposed.
– A real-time capable texture classiﬁcation with a self-intuitive user interface
using LBP features and SOM based classiﬁcation is studied.
– Case studies in paper texture characterization and scene image classiﬁcation
and categorization applications are carried out using the proposed methods.
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1.5 The outline of the thesis
The remainder of the thesis is organized into ﬁve chapters. In the following the
content of each chapter is described.
Chapter 2 provides an introduction to texture analysis. Typical texture analysis
tasks are discussed and diﬀerent methods for describing texture properties are
reviewed. Also a literature review of diﬀerent learning schemes in computer vision
and teture analysis is made. At the end of the chapter, the motivation of using
texture for paper and scene image analysis is given.
Chapter 3 describes the methods for visual analysis of LBP feature data. First,
the motivation for using visualization in early-stage texture data analysis is given.
Then two well-known non-linear dimensionality reduction methods are described.
After that the use of visualization in texture feature performance analysis and visual training set creation is proposed. These methods are described, experimented
and summarized.
Chapter 4 presents methods for appearance based texture analysis. First, a
semisupervised method for learning texture apperance models for view based recognition is proposed and experimented. Then, a part based image analysis is considered and a method for learning and labeling part based texture appearance
models using active learning and co-training is described. This method is then
experimented with natural outdoor scene images.
Chapter 5 considers texture classiﬁcation in diﬀerent applications. First, a contextual classiﬁcation system that incorporates local texture evidence of images
with contextual constraints is proposed. This is then experimented with natural
outdoor scene images by classifying image regions into predeﬁned categories. After that a similar system is expermented in more general image categorization,
organizing images according to user queries. The experimental results are then
discussed. The second part of the chapter deals with real-time capable texture
classiﬁcation. First, the combined use of LBP and SOM in fast texture classiﬁcation with a self-intuitive user interface is described and experimented with labeled
texture data sets. After that, the complete paper texture classiﬁer for on-line
images is built using visual training and fast SOM based classiﬁcation.
Finally, Chapter 6 summarizes the main ﬁndings, discusses future work and
concludes the thesis.

2 Learning and recognizing textures
2.1 Texture analysis
Traditionally, texture analysis methods have been divided into two main categories:
stochastic and structural. The approaches diﬀer in their principles of describing
and treating textures.
In a stochastic model, textures are considered to be formed by random processes.
These kinds of textures are analyzed studying the statistical properties of the
intensity values of pixels. Perhaps the easiest statistical property of texture would
be to calculate the mean or correspondingly the variance of the intensity values of
pixels. However, the amount of information would not be very high and it is easy
to argue about the usefulness of such features in realistic problems.
In the structural approach, texture is considered to consist of textural primitives,
often called textons, that are located on the texture with certain placement rules.
These rules are described in a dictionary to model possible texture appearances.
An easy example would be a grid where textons are the lines of the grid and the
rules give all possible placements where these lines can be located.
The above division into two main groups is not the only way to set up the texture
analysis problem ﬁeld. An extensive survey of texure analysis given by Tuceryan &
Jain (1999) describes other propositions. They divided texture analysis methods
into four categories: statistical, geometrical, model based, and signal processing.
These are discussed in more detail in Section 2.2.1. In addition to these four
groups, we introduce a separate category for local texture features and texton
statistics. Also discussion about the invariance in texture analysis is made in the
same section.
Traditionally texture analysis problems are divided into four categories: texture
classiﬁcation, texture segmentation, texture synthesis, and shape from texture.
Typical machine vision problems are usually related to the ﬁrst two: classiﬁcation
and segmentation. The following subsections will oﬀer a summary of what is meant
with these two problem categories. Information about the latter two can be found,
for example, from the survey by Tuceryan & Jain (1999).
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2.1.1 Classiﬁcation
Classiﬁcation is one of the main problems in pattern recognition and machine
vision. The goal is to categorize unknown objects into predeﬁned classes or ﬁnd
the probability for each of the known categories (Duda et al. 2001). In texture
classiﬁcation, images are classiﬁed by assigning the unknown sample images to the
predeﬁned texture categories as shown in Fig. 2. Usually objects, such as images,
are presented with feature vectors, whose elements can be qualitative, quantitative
or ordered categorial. The classiﬁer or predictor uses these feature vectors as inputs
and determines an output for the measurements (Hastie et al. 2001). In texture
classiﬁcation, feature vectors are extracted by processing images with diﬀerent
texture analysis operators.

unknown
sample

class A

class B

class C

class D

Figure 2. Texture classiﬁcation example. The goal is to ﬁnd the class for the
unknown sample from a set of known alternatives.

Traditionally, the texture classiﬁcation problem is approached from the statistical point of view. Statistical classiﬁcation has normally two stages: the training
phase and the decision phase. In the training phase, the classiﬁer is taught to
recognize objects using training samples. The decision is then made with this
information. The books by Duda et al. (2001) and Hastie et al. (2001) cover statistical classiﬁers in more detail. These books also discuss the variety of diﬀerent
classiﬁers including, for example, neural network and tree based approaches.
In textbook classiﬁers, the training is typically made in a supervised manner
where the true classes of the training samples are known a priori. The classiﬁers
are then tuned to separate these classes as well as possible using the training
samples. In unsupervised training, the class models are learnt automatically from
the data without prior knowledge about the labels of the training samples. Usually
these kinds of methods are based on clustering of the data, and attempts are made
to separate out diﬀerent classes from the data into their own clusters.
The performance of diﬀerent classiﬁers depends much on the feature data used.
Some features might distribute very nicely to the feature space and classiﬁers
are able to discrimante diﬀerent class distributions perfectly. The performance
of the classiﬁers are typically compared using separate labeled testing samples
and the classiﬁcation error is then calculated. Many researchers in the ﬁeld of
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pattern recognition and machine learning have developed classiﬁcation algorithms
and some very powerful proposals have been made. Diﬀerent classiﬁcation methods
in the ﬁeld of computer vision and texture analysis are discussed in Sections 2.3
and 2.4. A concise description of texture classiﬁcation is also given by Ojala &
Pietikäinen (1999).

2.1.2 Segmentation
The goal of image segmentation is to partition the image into regions that represent meaningful objects or areas in the image. Consider, for example, an image of
an outdoor scene where trees, sky, roads, grass, buildings and other objects might
create their own regions in the image and segmentation is used to locate these
areas. Often segmentation is applied as an image preprocessing step to decompose the image into parts for further analysis or for creating diﬀerent, possibly
more meaningful representations of the image (Shapiro & Stockman 2001). The
segmented regions should have uniform and homogenous properties with respect
to some characteristics such as color or texture. Adjacent regions should also differ from each other on the basis of these properties. Sometimes it might be very
hard to determine the boundaries of diﬀerent regions. Also comparison of different segmentation algorithms is diﬃcult because usually there is no one unique
ground-truth available for natural images (Martin et al. 2001). Fig. 3 shows an example of a natural scene image (Panjwani & Healey 1995) segmented into regions
of homogenous texture by hand.

Figure 3. Texture segmentation example. The goal is to partition the image
into regions with homogenous texture.
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Image segmentation algorithms can be divided into supervised and unsupervised categories. In unsupervised segmentation there is no prior knowledge about
the objects or other homogenous regions in the image, and algorithms should ﬁnd
them automatically. Supervised segmentation algorithms can utilize some information about the image, like the types of objects and their number, which often
makes the segmentation problem a little easier. Typically texture segmentation
algorithms try either to ﬁnd the homogenous regions (region based) from the image
or locate the texture inhomogeneities for detecting the boundaries between regions
(boundary based).
Texture segmentation has several potential applications in image analysis and
it has been studied extensively. Boundary based segmentation of texture images
is usually a tougher task because texture edges can be very hard to detect. Both
supervised and unsupervised segmentation methods have their own applications.
Unsupervised texture segmentation is more suitable, for example, in image preprocessing tasks, and it is still an unsolved and widely studied issue in computer
vision (Chen & Kundu 1995, Unal et al. 2005). Supervised methods are often
closely related to image classiﬁcation (Hsiao & Sawchuk 1989).

2.2 Modeling texture characteristics
The human visual system can form a description of a sensed textured scene relatively well (Tamura et al. 1978), but many problems arise in computational analysis. Machine vision based texture characterization can be considered as a pattern
recognition problem where the goal is to give a description of the sensed data or
make some decision based on it. Fig. 4 (left) shows a block diagram of a typical
pattern recognition system given by Duda et al. (2001). Fig. 4 (right) shows an
example of the corresponding texture characterization system. Normally, textured
views are captured by digital cameras or scanners. Then, diﬀerent texture analysis
methods are applied for the image data to model its textural properties. Texture
data can then be further analyzed to form descriptions about the original textured
view or make decisions based on the texture measurements.
According to Chellappa et al. (1999) and many other researchers, the central
problems in texture analysis are related to features: what features need to be
computed and what kind of processing of these features is required for texture
discrimination. Feature extraction is a very critical point in practical texture
characterization. Often an image acquisition system can not be normalized in
order to get perfect images, but there is, for example, some noise involved or
rotation, ans some scale and illumination variations caused by camera position.
In addition to natural texture appearance variations, these issues cause additional
problems, and often features should be able to handle them as well. After a good
representation is created, it is much easier to make decisions about textured views.
Feature data analysis is another major problem in texture characterization.
Typical texture analysis methods provide very high-dimensional and complex representations of textures. Diﬀerent machine learning and data processing methods
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Figure 4. Many pattern recognition systems can be partitioned into components such as those shown here (left). Texture characterization can also
be regarded as a pattern recognition task and a simpliﬁed block diagram is
shown on the right.

can be applied to the texture feature data to produce more meaningful and useful
representation of the textures. These issues are discussed in Sections 2.3 and 2.4.
In the following, typical approaches to texture feature extraction are covered.

2.2.1 Texture feature extraction
In texture feature extraction, a new, usually numeric representation of the original image is created. There are number of ways to carry out the actual feature
extraction, and typically methods are divided into categories such as statistical,
geometrical, model based, and signal processing (Tuceryan & Jain 1999). Diﬀerent
features work better with a certain type of textured images than with others, and
often an empirical evaluation is required to ﬁnd the most eﬀective features.
One of the major problems when developing texture measures is to include
invariant properties in the features. It is very common in a real-world environment
that, for example, the illumination changes over time, and causes variations in
the texture appearance. Texture primitives can also rotate and locate in many
diﬀerent ways, which also causes problems. On the other hand, if the features are
too invariant, they might not be discriminative enough. Sometimes there is also
a speciﬁc need to detect diﬀerent texture orientations or scales, for example, and
rotation or scale invariant methods are not suitable for that.
In the following, diﬀerent texture feature extraction approaches using the categorization of Tuceryan & Jain (1999) are discussed. In addition to this categorization, local features, texton statistics and invariance in texture features are
highlighted.
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2.2.1.1 Statistical texture features
The simplest texture features are achieved by calculating statistical properties,
like mean and variance from the gray level histogram of the image. However, the
performance of these kinds of ﬁrst-order statistics is usually poor. Another simple
texture measure is to construct a histogram of gray-level pixel values and use it as a
feature vector. Hadjidemetriou et al. (2004) ﬁltered the original image with several
Gaussian ﬁlters, and constructed multiresolution histogram features, achieving reasonably good accuracy with low computing costs. Haralick et al. (1973) calculated
second-order gray scale statistics using gray-level co-occurrence matrices (GLCM)
and deﬁned fourteen statistical measures for texture. Co-occurrence matrices give
information about patterning of the texture, and it is possible to calculate textural
properties from them. These features are sensitive to illumination variations, but
have been very popular in diﬀerent texture analysis applications. Another simple
texture statistic is to calculate the autocorrelation function of the image. This
can be used to assess the amount of regularity, as well as the coarseness of the
texture present in the image (Tuceryan & Jain 1999). Yet another example for
detecting texture properties statistically is the use of gray-level run length features
to detect texture properties (Galloway 1975). They are easy to extract, but their
performance has been found to be quite poor (Conners & Harlow 1980).
The gray-level diﬀerence statistics are closely related to co-occurrence matrices
(Weszka et al. 1976). Features are calculated considering local properties based on
absolute diﬀerences between pairs of gray-levels or average gray levels instead of
original gray-level pixel values. This approach makes the statistics a little more robust to illumination variations than in the case of co-occurrence matrices. Weszka
et al. (1976) proposed four spatial gray-level diﬀerence measures for texture analysis: mean, entropy, contrast, and angular second moment.

2.2.1.2 Structural and geometrical texture features
Structural and geometrical features are usually more stable in overall illumination
changes than statistical features, but rely strongly on primitive detection. After
primitives are found, one can calculate the statistical properties of the primitives,
construct placement rules for them, or otherwise utilize textons found. Often
structural based methods are justiﬁed using psychophysical studies of the texture perception: a human could discrimate textures with diﬀerent texton elements
(Julesz 1981).
A very simple example of structural analysis is a speciﬁc perimeter (Jordan &
Nguyen 1986) that is often used in paper texture analysis where the original image
is ﬁrst binarized, and then the overall perimeter of dark regions is calculated. Huet
& Mattioli (1996) used basic mathematical morphology operations to detect texture primitives. Watershed segmentation (Beucher & Lantuejoul 1979) based on
mathematical morphology is also applied for detecting textons from images (Asano
et al. 2002). Tuceryan & Jain (1990) proposed a method based on Voronoi tes-
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selation to extract shape properties of textons. Another structural based method
given by Voorhees & Poggio (1987) ﬁlters the image with Laplacian of Gaussian
(LoG) masks at diﬀerent scales and tries to extract blobs in the image.

2.2.1.3 Model based texture features
Model based methods are based on the image model that is used to describe
texture with a parametric approach. Model parameters are typically learned for
a speciﬁc texture analysis task and used as features. The model can also be used
to synthesize images. It is very popular to use random ﬁeld models, like Gaussian
Markov random ﬁelds (GMRF) to capture textural information (Chellappa et al.
1999). Another model based approach uses fractals to model textural properties
of images (Pentland 1984, Chaudhuri & Sarkar 1995). Also autoregressive (Mao
& Jain 1992) models have been applied in texture feature extraction.

2.2.1.4 Signal-processing based texture features
Signal processing based texture analysis approaches usually ﬁlter the image with
speciﬁc ﬁlters and utilize the ﬁlter responses to create texture features. Phychophysical studies indicate that the human vision system applies frequency analysis to the observed scene (Campbell & Robson 1968). In textured surfaces, different frequencies have their own textural properties. Both spatial and frequency
domain approaches can be used for ﬁltering images and capturing relevant information. In spatial analysis images are usually convolved via certain masks, such as
Laws’ masks (Laws 1980), for example. In frequency domain analysis, the Fourier
transform is applied to the image, and features are calculated, for example, from
the power spectrum (Weszka et al. 1976). Power spectrum features have been
applied, for example, to describe the roughness of texture (Tsai & Tseng 1999).
It is very popular to process a texture image with Gabor ﬁltering (Gabor 1946).
Gabor wavelet features proposed by Manjunath & Ma (1996) are among the most
popular texture measures at the moment.

2.2.1.5 Local texture features and texton statistics
Detection of local spatial patterning of the image can be used to create texture
features. Harwood et al. (1995) proposed method based on center-symmetric local 3 × 3 neighborhoods and calculated auto-correlation, covariance, and variance
measures from these local regions. Ojala et al. (2001) proposed signed gray-level
diﬀerences, which are based on the absolute gray-level diﬀerence method (Weszka
et al. 1976), but consider also the signs of the diﬀerences. The texture spectrum
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method by He & Wang (1990) thresholds the local 3 × 3 neighborhoods to three
levels according to the center pixel, and constucts a feature distribution of diﬀerent texture units. Patel & Stonham (1991) proposed a method based on N -tuples,
where instead of eight neighbors as in the texture spectrum, arbitrary selected N
neigbor samples are considered. They used their method with globally-binarized
images to keep the feature distribution to a reasonable size. Later, they extended
the method for gray-scale images and used rank strength coding to reduce the
size of the feature distribution (Patel & Stonham 1992). Schael (2002) proposed
a method based on relational kernel functions (RKF) to create texture features
using circular local neighborhoods.
The use of texton statistics in texture analysis has became very popular in
viewpoint based recognition. The idea is to build a universal texton library and
represent textures using, for example, the frequency histogram of diﬀerent textons.
Typically textons are found using diﬀerent ﬁltering techiques. Leung & Malik
(2001) used a set of linear Gaussian derivative ﬁlters for an image stack representing
textures taken from diﬀerent viewpoints and illuminations. The textons are learned
using k-means clustering for ﬁlter responses. Cula & Dana (2004) used much the
same ﬁlter bank, but extended the method to unregistered images, so no prior
knowledge of the viewpoint or illumination direction were required. Varma &
Zisserman (2005) also used ﬁltering based approach for building a texton libary.
In their approach, the image was ﬁltered with ﬁlters at multiple orientations, but
only the orientation with a maximum response was considered. They also used
k-means clustering for building the texton library. Instead of using ﬁlter banks,
Varma & Zisserman (2003) constructed the texton library using pure pixel values
of local image patches and achieved a very good classiﬁcation accuracy.

2.2.1.6 Invariance in texture features
Variations in illumination, scale, and rotation cause changes in texture appearance,
and several proposals for invariant texture measures have been given. Gray-scale
changes caused by illumination variations are often handled with global normalization of the input image. Hadjidemetriou et al. (2004) used histogram equalization
to normalize images before feature extraction. Chen & Kundu (1994) derived features that are invariant with linear gray-scale transforms. Varma & Zisserman
(2005) used a pre-processing step for setting intensity values to have a zero mean
and unit standard deviation. Wu & Wei (1996) also assumed that the gray-scale
transformation is a linear function and can be corrected with simple normalization.
Some methods have also been developed for multispectral color images to achieve
illumination invariance (Funt & Finlayson 1995). Wang & Healey (1998) proposed
a method for illumination-invariant color texture classiﬁcation using Zernike moments.
Among the ﬁrst rotation invariant texture features were the generalized cooccurrence matrices (Davis et al. 1979) and polarograms (Davis 1981). Kashyap
& Khotanzad (1986) developed a circular autoregressive (AR) model for rotation
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invariant texture description. Also several ﬁltering based approaches have been
proposed for rotation invariant texture analysis. Healey & Manjunath (1999) derived rotation invariant features from Gabor wavelets. Convolution with isotropic
ﬁlters have been used to construct rotation invariant descriptors (Schmid 2001).
Chen & Kundu (1994) proposed a rotation invariant method using wavelet decomposition and hidden Markov models. Lahajnar & Kovacic (2003) achieved rotation
invariance by multi-scale and multichannel decomposition using Gabor and Gaussian ﬁlters. Relational kernel functions model texture properties locally, and the
operator is rotation and translation invariant (Schael 2002). Some methods use
normalization techiques to tackle rotation (Jafari-Khouzani & Soltanian-Zadeth
2005).
In addtition to rotation invariance, some methods are also invariant to scale
variations. Pun & Lee (2003) proposed rotation and scale invariant texture features using a log-polar transform and calculated energy signatures in each subband.
Manthalkar et al. (2003) used wavelet packets, and derived rotation and scale invariant features. Hayman et al. (2004) used rotation invariant ﬁlter bank features
and tried to learn the eﬀects of scale variation using the support vector machines.
Cui et al. (2006) applied a combined use of the Radon transform and multi-scale
analysis with a wavelet transform for rotation and scale invariant texture classiﬁcation.
Some attempts at aﬃne invariant texture representation have also been made
(Brochard et al. 2001). Recently, local methods have become very popular in
computer vision. The idea is to ﬁrst detect from the images the interest regions
that are covariant to a class of transformations, such as rotation or scale (detected
regions are adapted to a viewpoint so that they correspond the same region in the
original image). After detection, a descriptor is calculated for each region. There
are several ways of detecting the interest regions from images. Mikolajczyk et al.
(2005) made an extensive comparison of diﬀerent methods. A large number of
diﬀerent local descriptors have also been proposed. A recent comparative study
(Mikolajczyk & Schmid 2005) indicated that SIFT based (Lowe 2004) descriptors
perform best. Local approaches have been widely applied in diﬀerent computer
vision applications, such as object recognition. Similar approaches have also been
used in texture recognition. Lazebnik et al. (2005) used aﬃne covariant Harris
and Laplacian regions, and calculated diﬀerent rotation invariant descriptors from
these to represent the textures. In a recent comparative study it was found that
aﬃne invariance is not typically required in texture and object recognition, but
scale and rotation invariance is often enough (Zhang et al. 2007).

2.2.2 The local binary pattern and its extensions
The local binary pattern (LBP) operator is a theoretically simple, yet very powerful and gray-scale invariant method of analyzing textures (Ojala et al. 1996). In
practice, the LBP operator combines characteristics of statistical and structural
texture analysis: it describes the texture with micro-primitives, often called tex-
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tons, and their statistical placement rules (Mäenpää & Pietikäinen 2005). Ojala
et al. (1996) introduced the LBP texture feature to complement and improve the
performance of the local image contrast measure. Fig. 5 shows how the original
LBP is calculated. For each pixel in an image, a binary code is produced by thresholding its neighborhood (8 pixels) with the value of the center pixel. A histogram
is then constructed to collect up the occurrences of diﬀerent binary patterns representing diﬀerent types of curved edges, spots, ﬂat areas etc.
Fig. 5 shows also how the local image contrast measure is calculated. The average of the gray levels below the value of the center pixel is substracted from that of
the gray levels above (or equal to) the center pixel. Two-dimensional distributions
of the LBP, and local contrast measures calculated from the image region or whole
image are then used as the LBP/C features. The contrast measure usually more
sensitive of the lighting conditions, which should be taken into account when using
this feature. In this thesis, all the experiments are performed without the contrast
component.
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2 3 8

1 0 1
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0 0 1

1 2 4
128 8
64 32 16

original 3x3
neighborhood

codeword
LBP operator
10010101 = 149
2
10

1 0 4
128 0
0 0 16

summing:
LBP = 1+0+4+128+0+0+0+16 = 149
C = (7+5+8+6)/4 - (3+1+3+2)/4 = 4.25

Figure 5. Computation of LBP and local contrast features.

The original 8-bit version of the LBP operator considers only the eight nearest neighbors of each pixel and it is rotation variant, but invariant to monotonic
changes in gray-scale. The dimensionality of the LBP feature distribution can be
calculated according to the number of neighbors used. The basic 8-bit LBP can
represent 28 diﬀerent local patterns, so the dimensionality of the feature vector is
256.
The deﬁnition of the LBP has been extended to arbitrary circular neighborhoods of the pixel to achieve multi-scale analysis and rotation invariance (Ojala
et al. 2002b). Fig. 6 illustrates the circularity idea and the inspiration behind the
multiresolution LBP (Ojala et al. 2002b). The neighborhood of the center pixel

31
is considered to be circular, and any number of neighbor samples (= P ) can be
selected from the circular perimeter at any scale (= R). Neighbor samples are
interpolated on the circle with equal space.
In the multiresolution model of the LBP, separate operators at diﬀerent scales
are ﬁrst constructed and the ﬁnal feature vector is a combination of individual feature vectors created simply by concatenating them one after another. Combining
diﬀerent operators can also be done by constructing the joint distribution of all
diﬀerent LBP codes, but such a distribution would be very sparse and too large in
realistic cases (Mäenpää & Pietikäinen 2005).

P=8, R=1.0

P=16, R=2.0

P=24, R=3.0

Figure 6. Circular neighborhood of pixel in multiresolution LBP.

The number of possible local patterns increases rapidly when the number of
neighbor samples grows. For example with 16 neighbors, the size of the histogram
would be 216 bins, which is impractical to use in any realistic applications. Mäenpää et al. (2000) suggested considering only the so-called ’uniform’ patterns, where
the maximum number of bit-wise changes from one to zero or vice versa in the
circular neighborhood is limited. Usually the maximum number of bit changes is
allowed to be two. It was observed that certain local patterns seem to represent
the great majority, sometimes over 90 percent of all local patterns in the image.
With this approach, the number of diﬀerent binary codes is reduced dramatically,
but the discrimination performance remains good. For example, the number of the
histogram bins with an 8-bit LBP is reduced to 59 bins, where 58 are the actual
uniform patterns and the last one contains all the others.
Rotation invariance of LBP is achieved considering only a small rotation invariant subset of the original binary patterns (Pietikäinen et al. 2000). They are
constructed rotating the obtained binary pattern clockwise so many times that
the maximum number of the most signiﬁcant bits is zero. Practically, the rotation
invariance is achieved in terms of normalization of the binary code, and can be easily implemented with look-up tables. Ojala et al. (2002b) extended this approach
to multi-scale for making the LBP operator more suitable for arbitrary rotation
angles. They calculated the rotation invariant operator from diﬀerent scales using
’uniform’ patterns to keep the size of the feature distribution reasonable.
Mäenpää & Pietikäinen (2003) proposed new extensions to multi-scale texture
analysis with the LBP. They used Gaussian low-pass ﬁltering of the original image
to collect intensity information from an area larger than the original single pixel.
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They also proposd a method based on cellular automata to encode the information
on a larger neighborhood with a reasonable number of cellular automata rules.
The LBP has also been extended to color texture analysis. Mäenpää & Pietikäinen (2004) proposed the opponent color LBP (OCLBP) operator for joining color
and texture information in color texture analysis. With noisy images, the performance of the LBP can often be increased by allowing some tolerance in the thresholding operation (Heikkilä & Pietikäinen 2006). The thresholding can also be made
in a center symmetric fashion to encode the texture information more compactly
(Heikkilä et al. 2006). A recent extension of the LBP allows also spatio-temporal
texture analysis (Zhao & Pietikäinen 2007).
The LBP and its extensions form a general approach to texture analysis. There
are not many parameters to be ﬁxed before the feature extraction. Invariance to
monotonic gray-scale variations in addition to rotation invariance and multi-scale
analysis make the approach suitable for many diﬀerent real-world texture analysis
applications. Robustness in the varying imaging and lighting conditions in addition
to the very fast feature extraction are also important in the applications.
The most critical issues in the selection of the diﬀerent LBP operators for the
speciﬁc application are related to the choice between the rotation invariant versus
the rotation variant LBP, and the basic operator versus the multi-scale LBP. The
choice is typically application speciﬁc: if there is evidence that texture primitives
can be rotated in the image and these rotations must be allowed, then it is natural to use the rotation invariant LBP. The multi-scale LBP could be more robust
in these cases where there are some minor changes in the scale of the texture
primitives. A multi-scale operator can also detect better larger texture elements
in the images. Also computational issues are important in realistic applications
and sometimes it is not possible to use the multi-scale approach that is computationally more intensive than the basic-LBP. The biggest problems of the LBP, for
example, in the classiﬁcation are related to the situtations where diﬀerent texture
classes are visually similar and where the scale of the texture changes dramatically
between the training and testing samples. More information about the LBP and
its development can be found from (Mäenpää 2003) and (Mäenpää & Pietikäinen
2005).
The simple theory and eﬀectiveness of the LBP in various applications have
inspired development of new texture measures based on the LBP. Local edge patterns (LEP) (Liao & Chen 2002) are derived from the LBP features. LEP features
are calculated from edge detected images and they have given very good results
in image retrieval (Liao & Chen 2002) and segmentation (Chen & Chen 2002).
Schael (2002) proposed texture measures invariant to 2D Euclidean motion and
gray-scale transformations. His approach is based on relational kernel functions
and is strongly insipired by the LBP. Cuenca (2003) proposed a method based on
local semicover patterns (LSP), which is very closely related to the LBP. SanchezYanez et al. (2003) proposed a method called coordinated cluster representation
(CCR) for texture analysis. They applied global binarization for the texture image
using fuzzy c-means clustering. After binarization they collected a distribution of
textons from every 3 × 3 neighborhood and used that as a feature vector.
Feris et al. (2004) developed an LBP based shape descriptor for edge images in
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a ﬁngerspelling recognition application. Liao et al. (2006) proposed a method that
combined the LBP based approach with Gabor ﬁltering to capture both microand macrotexture properties of the images. Instead of using just uniform LBP
patterns, they showed that it is better to use the frequency histogram of all the
local patterns and then select the most frequent patterns. Another interesting
extension of the LBP is to create a co-occurrence matrix of LBP codes obtained
by diﬀerent LBP operators (Pok et al. 2005). Recently, Lahdenoja et al. (2006)
developed a symmetry measure based on the LBP, with applications in interest
point detection and correspondence matching.
Raja & Gong (2006) considered the problem of the feature distribution size
when using the multi-scale LBP approach. They proposed a method that uses
feature selection of the multi-scale LBP code pool and pair-wise classiﬁcation of
the textures indicating very good accuracy in classiﬁcation.
In this thesis, the following notation of the LBP is used to distinguish between
ri|u2|riu2
diﬀerent operators: LBPP,R
. Subscript P correspond to the number of neighboring samples considered at radius R. Multiresolution LBP operators are notated
by showing each radius and the number of neihgbors in the subscript separately.
Superscript ri means a rotation invariant LBP operator, u2 is the uniform LBP
operator, where the maximum number of bit changes is allowed to be two, and
riu2 is the rotation invariant and uniform operator.

2.3 Learning in computer vision
Learning is crucial in many computer vision applications. It is not strictly bounded
to some speciﬁc subtask in machine vision, but can be found useful in numerous
tasks. It provides, for example, tools for trying to determine relevant issues and
hidden information of the data, estimation and tuning of the model parameters,
ﬁnding eﬃcient features, and intelligent selection of the training data.
Machine learning itself is under intensive research and recent computational
progress has furthered its applicability in various domains. Computer vision
datasets are typically very complex and large, setting special requirements for
learning algorithms. Typical vision applications have to deal with a huge amount
of high-dimensional observations.
Traditionally, vision-related learning methods are based on statistical learning theory and probabilistic models. Often, learning in computer vision can be
regarded as a statistical pattern recognition problem. An extensive review of statistical pattern recognition can be found from the paper by Jain et al. (2000).
They give a model where statistical pattern recognition is generally divided into
training and classiﬁcation phases with separate modules. A number of approaches
and design schemes for diﬀerent subtasks exist (Jain et al. 2000). The learning
problems covered in this thesis can also be viewed of as statistical pattern recognition applications and in the following some fundamental issues of such learning
methods are discussed.
Generally, statistical learning methods are divided into two categories: super-
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vised and unsupervised (Jain et al. 2000, Hastie et al. 2001, Duda et al. 2001).
Supervised methods can utilize some prior information, like the class labels for
each observation, during learning. Unsupervised approaches try to automatically
uncover this hidden information of the data. Observations, like images or image
features, are represented with d-dimensional feature vectors and processed with
appropriate methods in order to make reasonable decisions about the data. There
are several supervised and unsupervised learning approaches that have been found
to be useful in vision applications.

2.3.1 Supervised learning
Supervised approaches can utilize some prior information of the data. In a vision
application, this typically means that the images are labeled beforehand. Labeling
can describe, for example, what kind of objects there are in the image or what
texture category it belongs to. From the viewpoint of pattern recognition, there
is a set of labeled training observations that are used in the learning to optimize
the parameters of a classiﬁer.
Theoretically, if we know the prior probabilities of each class P (yi ) and the class
conditional densities P (x|yi ), it is possible to build an optimal classiﬁer using the
Bayes formula (Duda et al. 2001). In practice, this information is not usually available and the densities must be learned from the labeled training data. Typically,
an assumption is made that the class conditional densities have some known parametric form, like multivariate Gaussian, and the parameters of such distributions
(means, covariances) are then learned using, for example, maximum-likelihood
estimation. In this case, the problem is called parametric, and the unknown parameters are estimated using known density functions. In the nonparametric case,
the form of class conditional density functions is not known. In such problems,
one can estimate the density functions P (x|yi ) with some appropriate method,
like the Parzen window approach and use the obtained estimates when building a
classiﬁer (Duda et al. 2001). Another option is to directly estimate the a posteriori
probabilities P (yi |x), or directly create the decision boundary in the feature space
using the training data.
The major drawback of supervised learning methods is the requirement of prelabeled data or the presence of a functional supervisor. In real-world vision applications, the labeling procedure is usually very laborious, sometimes even impossible
to perform (Jain et al. 2000). Human-made labeling is subjective and prone to
human-made errors. On the other hand, with supervised approaches there is a clear
measure of success, or lack thereof that can be used for comparison of diﬀerent
features and learning algorithms (Hastie et al. 2001).
Image data, such as image features, is typically very high-dimensional and complex, making the analysis diﬃcult. Supervision is often useful in learning a subset of discriminative features and in dimensionality reduction. Large and highdimensional datasets contain huge amounts of information, and not all of that
is equally important, for example in classiﬁcation. Approaches such as sequential
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ﬂoating search methods (SFFS and SBFS) try to ﬁnd the optimal subset of features
utilizing the label information of the samples (Pudil et al. 1994). Supervised linear discriminant analysis techniques, such as Fisher’s discriminant analysis (FDA),
are used to project data in a lower dimensionality to optimally separate classes
(Hastie et al. 2001). Also, many other approaches exist for reducing the number
of features and data samples in supervised manner.
Most vision applications require some supervision in order to make reasonable
decisions about the images. It is known that adding supervision would decrease
the amount of required training data, tunable parameters and make the learning
a little easier (Castelli & Cover 1995). Usually, if a conﬁdently-labeled data set
is available one should use supervision in the learning to build more accurate
classiﬁers. In computer vision, supervised approaches are very common and have
been applied, for example, in visual inspection (Conners et al. 1983) and scene
image classiﬁcation (Kumar & Hebert 2003).
Supervised learning provides eﬃcent tools for learning and analyzing computer
vision data. Parametric approaches oﬀer a theoretically correct way to separate
classes, but require prior knowledge of class conditional density distributions for
ﬁnding the optimal decision boundaries (Jain et al. 2000). Nonparametric methods
utilize density estimation of training data or construct decision boundaries directly
into the feature space. They suﬀer from a computational burden in realistic cases
where the amount of training data is large. Several methods for speeding up the
decision making in nonparametric approaches have been proposed. These include,
for example, kd-trees (Bentley 1975) for nearest neighbor methods (Grother et al.
1997), the condensed nearest neighbor algorithm (Devijver & Kittler 1982) and the
reduced Parzen classiﬁer (Fukunaga & Hayes 1989). Kraaijveld (1998) made an experimental comparison between the condensed nearest neighbor method, reduced
Parzen classiﬁer and multilayer feed-forward neural network approaches using different data sets, including also texture features. In addition, he introduced an
improved version of the condensed nearest neighbor method. The neural network
approach gave the best result in his experiments. Anoher comparison between
diﬀerent nearest neighbor search algorithms in visual classiﬁcation can be found
from (Bajramovic et al. 2006).

2.3.2 Unsupervised learning
In unsupervised learning, important properties, such as uncovering the underlying
structure (possibly low-dimensional) or detecting outliers of the data are determined directly exploring the raw data, without knowledge about data labels. Unsupervised tasks are typically very diﬃcult and the results are not easy to compare
to supervised cases (Jain et al. 2000). However, several reasons for doing unsupervised data analysis do exist (Duda et al. 2001). For example, collection and
labeling of large training sets can be too costly. One might also want to proceed in
the reverse direction, by ﬁrst training with large but less expensive unlabeled data
and then using supervision to label the groupings found. Also exploratory data
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analysis and early stage actions are often better to do in an unsupervised fashion
to learn some speciﬁc properties of the data for example.
Typical tools for unsupervised data analysis are based on clustering, which is
a generic name for a variety of procedures designed to ﬁnd natural grouping, or
clusters, in multidimensional data, based on measured or perceived similarities
among the patterns (Jain & Dubes 1988). Normally, a clustering procedure tries
to organize the data such that samples within a cluster are more similar to each
other than are samples belonging to diﬀerent clusters (Hastie et al. 2001).
Clustering algorithms can be divided into three categories: combinatorial algoritms, mixture modeling, and mode seeking (Hastie et al. 2001). Combinatorial
algorithms, such as k-means, work directly on the observed data with no direct reference to an underlying probability model. Mixture modeling relies on estimated
probability density functions and clusters are modeled using these. This model
is then ﬁtted to the data using maximum likelihood or corresponding approaches.
Mode seekers attempt to directly estimate distinct modes of the probability density function. Observations closest to each respective mode deﬁne the individual
cluster.
In vision applications, unsupervised approaches are often desirable: it is relatively easier to obtain a large number of images than provide labels and descriptions
for them. Image segmentation is one example where unsupervised approaches have
been widely applied (Chen & Kundu 1995). Even though the image can be segmented into homogenous or meaningful segments in an unsupervised fashion, it
is diﬃcult to attribute a semantic category to each segment without supervision.
The questions that arise are: what objects are to be recognized and where do they
appear in the training images?
Recently, many research groups have been interested in unsupervised methods
in computer vision. For example, in object detection and recognition in natural
images, unsupervised methods have become more popular. Weber et al. (2000)
proposed a method for learning object models (distinctive parts and shape) given
unsegmented foreground and background images. Later, Sivic et al. (2005) proposed a method for discovering objects in images using unsupervised probabilistic
latent semantic analysis (PLSA) (Hofmann 2001) for learning image topics, such
faces or motorbikes, from unlabeled images. Winn & Jojic (2005) proposed a
method that automatically learns the generative models for object classes from
unsegmented images and used the models to segment new images meaningfully.
Yet another example is the paper by Fritz & Schiele (2006) where object categories
were learned in an unsupervised fashion by trying to estimate the locations and
scales of reoccurring patterns in the images.
High-dimensional observations and huge unlabeled datasets often require eﬃcient pre-processing methods, such as dimensionality reduction, in order to make
the analysis more robust and easier. Typical unsupervised approaches, like principal component analysis (PCA), try to determine the most relevant dimensions of
the data without prior knowledge of the classes (Hastie et al. 2001). Unsupervised
dimensionality reduction approaches have been widely applied to image analysis,
for example, in feature extraction and data visualization.
Traditional linear principal component analysis is perhaps the most popular
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method for unsupervised dimensionality reduction and uncovering the data structures. Often PCA is suﬃcient, but complex real-world data might have lot of
non-linearity making the analysis diﬃcult. For that reason several unsupervised
non-linear methods for reducing the data dimensionality have been proposed. Kernel PCA is a non-linear extension to PCA where the original feature space is ﬁrst
expanded with speciﬁc kernel functions and the linear PCA is applied in the highdimensional space, causing non-linear dimensionality reduction in the original feature space (Schölkopf et al. 1998). Multidimensional scaling (MDS) techniques
(Cox & Cox 1994, Torgerson 1958), like Sammon mapping (Sammon 1969) and
use of Kruskal’s criteria (Kruskal 1964) also perform non-linear dimensionality reduction. A very popular non-linear method is the self-organizing map (SOM) that
has been widely used in unsupervised data analysis (Kohonen 1997). Generative
topographic mapping (GTM) resembles SOM, and is also suitable for non-linear
dimensionality reduction (Bishop et al. 1998). Several other approaches have also
been proposed for non-linear dimensionality reduction and manifold learning, including locally linear embedding (LLE) (Roweis & Saul 2000), Isometric feature
mapping (Isomap) (Tenenbaum et al. 2000) and Laplacian Eigenmaps (Belkin &
Niyogi 2002), each having some speciﬁc properties that make them appropriate in
certain applications.
Unsupervised data analysis and unsupervised learning are very demanding tasks.
Various clustering and dimensionality reduction algorithms exist that can be used
for studying the interesting properties of the data utilizing, for example, visualization, clustering and density estimation. The performance of the unsupervised
methods is usually diﬃcult to measure because of the lack of ground truth data,
and the methods are often applied in early stage exploratory data mining. However, the current trend in vision research seems to be towards developing learning
methods using as little supervision as possible. This is necessary when dealing
with large a number of visual categories and a large amount of training data.

2.4 Learning to recognize texture properties and categories
After feature extraction, texture is normally represented with a multidimensional
feature vector. Usually texture data consists of feature vectors of individual texture
samples that are represented with an N × d data matrix, where N is the number
of samples and d is the dimensionality of the feature vector. This data is then
processed with diﬀerent learners, classiﬁers and other speciﬁc methods in order to
make decisions and conclusions about the texture.
The main problems in texture characterization are related to training and building the classiﬁer where texture models are constructed to separate diﬀerent textures. Selection of eﬀective features and learning texture models are demanding
tasks, with no universal solution. In the classiﬁcation phase, selected features and
learned texture models are utilized in order to make decisions. Even with advanced
and eﬀective algorithms, perfect classiﬁcation is impossible to perform if the features mix the classes. A number of diﬀerent methods for texture feature extraction
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have been given, as shown in Sections 2.2.1 and 2.2.2. Also a number of methods
for learning the texture models and creating the classiﬁcation models to recognize
diﬀerent textures do exist. In the following, some supervised and unsupervised
approaches that have been found to be useful in texture learning and recognition
are reviewed.

2.4.1 Supervised texture recognition
Traditionally, feature selection, learning, and training of a classiﬁer are performed
in supervised manner. A set of labeled training samples is processed for creating a
classiﬁcation model using texture features. Many diﬀerent learning schemes have
been used in texture characterization. Castano et al. (2001) used learning of Gaussian mixture models (GMM) of diﬀerent textures in real scene images and tried
then to classify regions in the images. Soh & Tsatsoulis (1999) used co-occurrence
features for characterizing sea ice textures. They applied a Bayesian classiﬁer for
the feature data, assuming class distibutions to be multivariate Gaussians, and
calculated the mean and covariance from the training data. Wu et al. (1992) used
texture features, the Bayesian classiﬁer and the multivariate Gaussian assumption to learn characterization rules in ultrasonic liver image classiﬁcation. Tsai &
Tseng (1999) used the same method for classifying the roughness of cast surfaces
using Fourier power spectrum features. Bayesian based methods are popular and
have been used in many texture characterization applications for years (Kashyap
et al. 1982). Cohen et al. (1991) proposed a Gaussian Markov random ﬁeld model
for recognizing rotated and scaled textures. They used the maximum likelihood
method for estimating rotation and scale parameters for the texture model and
constructed a modiﬁed Bayes rule for classifying unkown samples to prediﬁned
classes based on these parameters. Bayes models work very well if the class distributions can be modeled or estimated correctly, but sometimes they might be
diﬃcult to estimate, especially when the dimensionality of the feature data is high.
Linear Fisher’s discriminant analysis (FDA) is a simple method for ﬁnding linear decision boundaries of feature data (Fisher 1936). Weszka et al. (1976) used
Fisher’s linear classiﬁer for classifying textured samples, and FDA has been applied
in several other texture problems as well. Karkanis et al. (2003) used FDA with
color texture features for detecting tumors in endoscopic video. FDA assumes that
classes have a common covariance, and it constructs linear decision boundaries using the training data. Thus sometimes it might be too restricted with complex
data. However, it has performed surprisingly well in classifying over 300 classes in
the Outex database (Ojala et al. 2002a) using higher-order local autocorrelation
features (Toyoda & Hasegawa 2005).
Optimally separating hyperplanes construct a linear decision plane on the feature space and guarantee that two classes are optimally discriminated (Vapnik
1996). This is the basis for the support vector machine (SVM) (Vapnik 1996) approach that has lately become very popular in diﬀerent learning problems. SVM
is designed for two class problems and it performs basis expansion for the feature
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data. In the new high-dimensional space it ﬁnds the optimal hyperplane separating
classes, which correspond to a non-linear decision boundary in the original feature
space. SVM based methods have given good results in many applications and they
have also been utilized in texture characterization. Kim et al. (2002) used SVM
to learn texture models directly from gray-scale pixel values using diﬀerent kernel
functions. They also used Gabor-ﬁltering based features with SVM for comparison. The image was divided to small windows and pixels fed to the SVM were
selected with an autoregressive (AR) mask, so not all the image pixels were in
the input of the SVM. The pixel based approach gave relatively good results indicating the good performance of the SVM. Andra & Wu (2005) used SVM with
multiresolution histogram features (Hadjidemetriou et al. 2004) for discriminating diﬀerent textures. Li et al. (2003) used wavelet-decomposition based features
and SVM in texture classiﬁcation while Schael (2002) utilized SVM with his RKF
based invariant features for recognizing textures. Another interesting study tries to
learn similarities of the textures integrating human-obtained perceptual distances
of texture pairs into SVM learning (Gao et al. 2005).
Nonparametric approaches, like nearest neighbor methods, construct decision
boundaries directly to the feature space (Duda et al. 2001). Nearest neighbor approaches have been widely applied in texture characterization. de Souza (1982)
applied a nearest neighbor classiﬁer for autoregressive feature data. The distance
measure used with nearest neighbor methods does not have to be Euclidean and
often diﬀerent proximity measures give better results with speciﬁc feature data.
Varma & Zisserman (2004) used the nearest neighbor method and χ2 (chi-squared)
distance with texton based features. Ojala et al. (1996) used a non-symmetric loglikelihood statistic based on Kullback’s minimum cross-entropy principle for classifying feature distributions, including LBP with the k-NN method. Bonet & Viola
(1998) proposed a non-parametric method for recognizing textured surfaces using multiresolution wavelet features, and estimated class conditional distributions
from the training data with a Parzen window approach.
Neural-network based approaches have often been used in supervised learning,
as well in texture characterization. Jain & Karu (1996) used feed-forward multilayer perceptron (MLP) neural networks to learn discriminative models from texture data obtained by ﬁltering (Gabor and Laws). Also Laine & Fan (1993) used a
neural network for discriminating textured samples. They modeled textures with
wavelet features and learnt models with a two-layer back propagation network.
Christoyianni et al. (1999) compared MLP and radial basis function (RBF) neural
networks for learning and recognizing cancer regions in digital mammography.
Graphical models have also been applied widely in supervised texture analysis,
especially contextual scene image classiﬁcation. Feng et al. (2002) trained a discriminative neural network using local image features (color and texture) and pixel
positions extracted from labeled images, and combined these with a tree-stuctured
belief network (TSBN) to classify image pixels in a contextual manner. He et al.
(2004) proposed a conditional random ﬁeld (CRF) model by learning multi-scale
label features from training images. They combined these learned features with
neural-network based local classiﬁcation utilizing color and texture features.
Decision trees and tree representation of the data are traditional data analysis
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tools (Hastie et al. 2001). Simard et al. (2000) constructed a binary decision tree
for classifying regions of tropical forest in SAR images. They built a tree using
multi-scale wavelet texture features. Rao & Lohse (1993) made an experiment
where human subjects were asked to rate texture images. They applied diﬀerent
analysis tools, including a tree based approach, to the data obtained, and tried
to examine how people classify texture into meaningful, hierarchically structured
categories.
Prototype methods, like learning vector quantization (LVQ) (Kohonen 1997)
provide eﬃcient tools for learning. In LVQ, data is modeled with codebook vectors which have been placed in such a way that the nearest neighbor discrimination
between classes is high. Li et al. (2003) compared LVQ based texture classiﬁcation to the Bayes and SVM methods. Drimbarean & Whelan (2001) also used
LVQ to learn discrimation models for color textures from a set of texture features.
Pietikäinen & Ojala (1999), and later Ojala et al. (2001) reduced the dimensionality of signed gray-level diﬀerence feature distributions with LVQ, obtaining very
good discrimination. Valkealahti & Oja (1998) used quadtree vector quantization for creating a tree-structured codebook from multidimensional co-occurrence
histograms.

2.4.2 Unsupervised texture recognition
Clustering is commonly used in texture characterization to perform unsupervised
analysis. Much research work has been done in the texture segmentation area,
where textured images are split into homogenous regions according to texture
similarity. Panjwani & Healey (1995) proposed an unsupervised color texture segmentation method using agglomerative hierarchical clustering and Markov random
ﬁeld texture models. Chaudhuri & Sarkar (1995) used a k-means based texture
segmentation approach with fractal dimension features. Clausi (2002) proposed
a clustering algorithm (KIF) combining the use of k-means and Fisher’s linear
discriminant. He used Gabor and co-occurrence features, and extended the algorithm to be fully unsupervised using the binary hierachical approach to discover
the number of separate texture segments in the image automatically. Another
unsupervised texture segmentation approach combines the mean shift clustering
algorithm with fuzzy c-means clustering (Fauzi & Lewis 2003).
In addition to texture segmentation, clustering is useful in numerous other
texture-related learning problems. Georgescu et al. (2003) clustered a high-dimensional feature space with an adaptive mean shift (AMS) algorithm to create representative texton models for textures. This reduced texton set was then used in
supervised classiﬁcation. Varma & Zisserman (2002) applied the k-medoid clustering method for automatically selecting discriminative texture models from textons
detected using diﬀerent ﬁlters. Clustering and unsupervised vector quantization is
also useful in many bag-of-keypoints based recognition applications for creating a
codebook representation of diﬀerent local descriptors (Lazebnik et al. 2005).
Organization of unlabeled data is a very diﬃcult task. In classiﬁcation, labeled
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samples are typically required, and it is not usually even possible to develop accurate classiﬁers based only on unlabeled data (Castelli & Cover 1995). Still, several
attempts at unsupervised texture classiﬁcation have been proposed. Raghu et al.
(1997) proposed a method based on vector quantization and deterministic relaxation for classifying image textures in an unsupervised manner. They determined
the number of classes using a modiﬁed Hubert (MH) index (Dubes 1987) that was
also used in the paper by Jain & Farrokhnia (1991) for the same purpose. Raghu
et al. (1997) used Gabor ﬁltering based features in their approach and achieved
a reasonably good accuracy for classifying diﬀerent texture regions in an image.
Idrissa & Acheroy (2002) also used Gabor ﬁltering features for classifying image
pixels in an unsupervised manner. They applied a fuzzy c-means clustering algorithm for feature data, and proposed a method for choosing the optimal number
of clusters automatically. Recently, diﬀerent approaches using PLSA models (Hofmann 2001) in the vision domain have been proposed. Qin et al. (2006) applied
PLSA for unsupervised texture classiﬁcation.
Unsupervised dimensionality reduction has also proven to be useful in various
texture analysis tasks. Cula & Dana (2001) used PCA to reduce the dimensionality of the texton data making a compact representation for texture. Non-linear
approaches have also been applied in various image and texture analysis problems.
To mention just a few: Backer et al. (1998) compared a few non-linear methods for
selecting features from the set of wavelet based texture measures for texture classiﬁcation. Rao & Lohse (1993) applied MDS to visually analyze the clusters created
by human subjects when describing the appearance of texture. Deng et al. (2004)
used color and texture features together with SOM for visualization in image retrieval. Iivarinen et al. (2000) used SOM based classiﬁcation to detect defects on
paper web surface using co-occurrence features. SOM has been often applied also
to content based image retrieval (Laaksonen et al. 2002) and sometimes to annotate images (Koskela & Laaksonen 2005) using a combination of diﬀerent features,
including texture.

2.5 Texture and local binary patterns in applications
LBP and its variations have been applied in numerous real-world and researchoriented texture analysis problems. Some recent surveys (Mäenpää & Pietikäinen
2005, Pietikäinen 2005) point out several potential LBP applications. The LBP
related bibliography is growing all the time and it is kept updated at the web site of
Machine Vision Group of University of Oulu (http://www.ee.oulu.ﬁ/mvg/). One
noticeable thing is that LBP features are used more and more in non-traditional
texture analysis tasks, and perhaps it is useful to say that LBP can be better considered to be a more general local feature descriptor than just a texture descriptor.
In the following, the two application areas considered in this thesis are described,
and those issues that make these applications interesting from the viewpoint of
texture analysis are discussed.
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2.5.1 Applications in paper surface analysis
Industrial quality control is a traditional machine vision application. The paper
industry is no exception and several machine-vision based quality control systems
have been proposed in that ﬁeld. In the paper making process, individual wood
ﬁbers form larger ﬁber bunches (Niskanen 1998). These ﬁber ﬂocs can be seen
as darker regions when visualizing transilluminated paper. Flocs are randomly
distributed over the paper, causing the appearance of the paper seem like stochastic
texture, as shown in Fig. 7.

Figure 7. The appearance of the paper is a sum of many diﬀerent phases
causing the ﬁnal product to look like a stochastic texture.

The properties of ﬂocs, such as their size and shape, for example, indirectly
characterize important properties of paper. Unevenly distributed ﬁbers can cause,
for example, diﬀerences in the appearance, opacity, strength, and print mottles.
In this sense, paper characterization culminates with the paper’s texture analysis. Fig. 8 shows an example of simulated paper images, where the average ﬂoc
size and amount changes, causing the textural appearance to be diﬀerent. In this
particular example, the appearance of the paper can be utilized for deriving information about the paper formation. The formation of the paper is deﬁned as
small-scale basis weight variation, caused, for example by sawed ﬂoc edges and
their uneven distribution over the sheet. The formation is an important property
of the paper and it eﬀects the printability and strength of the ﬁnal product. The
visual appearance of the paper is typically observed on a broader scale than traditional formation measurement. However, the general visual roughness and ﬂoc
distribution can be used to derive information about the paper formation.
Proper texture analysis methods can provide useful tools for achieving objective
information about diﬀerent paper properties. Co-occurrence matrices (Cresson &
Luner 1990), Fourier analysis (Bouyndain et al. 2001, Bernie & Douglas 1996),
a wavelet approach (Keller et al. 1999, Bouyndain et al. 1999) and the speciﬁc
perimeter (Jordan & Nguyen 1986) are the most popular texture-analysis based

Floc size increases
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Intensity (beta formation index) increases

Figure 8. The average ﬂoc size (y-axis) and amount of ﬂocs (x-axis, relative
to the beta formation index) increases causing the textural appearance to
look diﬀerent.

methods for paper formation and quality measurement. These methods typically
measure the roughness, orientation, periodicity and smoothness of the paper surface texture that can be considered to correlate with paper formation and printing
properties.
In this thesis, problems related to visual paper characterization are considered.
Visual paper characterization is basically what paper producers do subjectively
after production by visualizing transilluminated papers and trying to make some
assumptions about the quality. This requires a deep knowledge of paper and only
experts might see the relevant quality diﬀerences. The visual appearance describes
information about the visual roughness and formation of the paper, and it can also
be used for deﬁning the printability properties of the ﬁnal product. Our purpose is
to create more objective and automated methods for visual paper characterization
that are possible to be applied in on-line measurements.
In the literature, there are no methods speciﬁcally developed for this application. More attention has been paid, for example, to defect detection (Iivarinen
2000). This is understandable because there is no clear quantitative measure that
describes the visual quality of the paper. For comparison, diﬀerent vision based
printability (Sadovnikov et al. 2005, Streckel et al. 2003) and formation measurement (Cresson & Luner 1990, Bouyndain et al. 2001, Keller et al. 1999) methods
can utilize standard quantitative indices, like the β-formation index. These methods are typically oﬀ-line measurements on randomly-selected paper samples. They
provide very important information about the paper properties, but still the paper
producers want to obtain the generic visual quality of the paper using manual visualization of transilluminated papers. Depending on the paper factory and experts,
the visual categorization can be diﬀerent. Typically there are only a few visual
quality classes involved, and there are speciﬁc rules how to assign samples into
these categories. In this thesis, co-operation with the paper production experts
led to the use of 3-6 visual quality classes of paper.
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The use of LBP is interesting in visual paper characterization. Its computational
simplicity makes it possible to apply texture analysis even in on-line paper texture
description using low-cost hardware. The rotation invariant approach oﬀers a way
of detecting rotated ﬂoc ﬁber bunches in the paper image. On the other hand,
rotation-variant operators are suitable for determining the average ﬂoc orientation,
for example, in the machine or cross-machine direction. The multi-scale approach
can be more robust in the cases where there are some minor changes in the scale of
the paper texture caused by changing camera position between the installations.
The invariance against monotonic changes in the illumination is one of the main
reason why LBP has performed well in many real-world applications. In paper
analysis applications, the global changes in the illumination caused by, for example, when the back-light source gets darken or dirty, can be tolerated very well with
LBP. Also the robustness in the spatially varying illumination conditions is desirable because often it is not possible to illuminate the whole sheet uniformly, and
the correction of the light proﬁle in the pre-processing phase may be too expensive.
LBP works very robustly in varying illumination conditions, which is mandatory
in demanding factory environments. The low illumination conditions cause strong
noise to the images that may become problematic in feature extraction. In LBP
it is also possible to use a speciﬁc tolerance value in the neighborhood comparison
to make the operator a little more sensitive to the noise (Heikkilä & Pietikäinen
2006).

2.5.2 Applications in scene image analysis
Building vision systems for outdoor scene understanding has been a topic of wide
interest in computer vision research (Batlle et al. 1999). There are a number of potential applications for natural scene analysis including, for example, classiﬁcation
and segmentation of scene images e.g. for navigation purposes (DeSouza & Kak
2002), aerial image analysis (Chenoweth et al. 1995, Stein 2005, Rubio et al. 2002),
and retrieval of scene images from multimedia databases (Liu & Zhou 2004).
Analysis of outdoor scene images, for example for navigating a mobile robot,
is very challenging. Fig. 9 illustrates a typical snapshot of an outdoor scene.
Automatic scene analysis usually requires that diﬀerent objects like grass, tree
and road regions in the image are detected and recognized. This information is
then used to create a description of the scene. Texture could play an important
role in these kinds of applications because it is much more robust than color with
respect to changes in illumination and it could also be utilized in night vision
(Castano et al. 2001). In addition to illumination conditions there are several other
troubles in outdoor scenes that make automatic analysis problematic. Huge within
class variation caused by non-homogeneity of objects, foreshortering, shadowing
and occlusion set high requirements for the methods. Additionally, the variation
between classes also changes greatly. For example, in some scenes the grass can
resemble a road in a certain illumination, but on the other hand it can also look
like the leaves of trees in some other aspect.
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Figure 9. An example snapshot of an outdoor scene.

Despite the problems there are several approaches proposed for automatic analysis of outdoor scene contents. Many methods are based on pure color features
extracted from image regions. Saber et al. (1996) detected regions like sky and
grass using color information modeled as 2D Gaussian functions. Texture information is often combined with color to improve the accuracy (Feng et al. 2002,
Setchell & Campbell 1999) or used alone (Castano et al. 2001, Pietikäinen et al.
2004) for recognition.
It is clear that diﬀerent object detectors and recognition methods are the key
elements in automatic analysis. It is also obvious that proper contextual infomation is important for scene understanding. Consider, for example, an image region
of blue sky or calm water. Their color characteristics can be very similar. Powerful
features and local classiﬁcation model form the basis for a good region based scene
analysis method. In addition, it is very important to take into account the context
of the other regions because of the spatial dependency of the labels. Researchers of
computer vision are now more frequently looking beyond low-level features and are
interested in contextual issues in scene image analysis (Feng et al. 2002, Singhal
et al. 2003, He et al. 2004, Kumar & Hebert 2003, 2005).
From the viewpoint of feature extraction, LBP is very attractive in outdoor
scene texture analysis. Illumination conditions are demanding and usually it is not
possible to ﬁx them beforehand. The intensity and the direction of the lighting
changes between scenes that causes objects to appear very diﬀerent. In some
scenes, a part of the objects also may be located in the shadow regions. By the
deﬁnition, LBP is invariant with respect to any monotonic changes in the grayscale. This is a very important property and makes LBP more robust in the
cases where the global illumination of the scenes changes. In realistic scenes, the
illumination change is often not monotonic over the whole image and variations
are local. Using a part based approach where the LBP features are extracted from
small image blocks, for example, makes feature extraction more robust also in such
situtations.

3 Visual analysis of multidimensional LBP texture
data
In this chapter, visual analysis of LBP texture data is studied and methods for
early-stage texture data analysis are proposed. These include visual feature performance analysis and visual training techniques based on non-linear dimensionality
reduction of the high-dimensional texture feature data (Turtinen & Pietikäinen
2003, Turtinen et al. 2003b, 2005, 2006). First, the motivation for using visualization in LBP texture data analysis is explained, and then basic techniques for
dimensionality reduction are given. Then methods for visual feature performance
analysis and visual training are described and experimented.
Local binary pattern texture feature data extracted from images is typically very
high-dimensional. Visualization of the data can be useful in various texture analysis tasks, revealing important properties of the data. A human observer cannot
visually perceive a high-dimensional representation of the data and it is mandatory to reduce the dimensionality in order to realize the data. Multi-dimensional
LBP features can be visualized as 1D histograms. This does not provide very clear
representation of the data, especially when the number of samples to be visualized
increases, as shown in Fig. 10. Thus more intelligent and user-friendly methods
for visualizing the feature data are needed.
In this thesis, unsupervised and non-linear dimensionality reduction techniques
for visualizing texture data are studied. The goal is to create a low-dimensional
(1D–3D) representation of the original feature data. The projections should capture the important information about the data, and preserve properties of the
original data as well as possible. Visual exploration of multidimensional texture
data can be utilized in several texture analysis applications, including the unsupervised learning and training of a classiﬁer. In this thesis, visualization is used
for analyzing the performance of feature extraction and the training a classiﬁer.
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Figure 10. 256 bins LBP histograms of two samples from diﬀerent classes.

3.1 Dimensionality reduction and unsupervised learning
Dimensionality reduction has been a topic of wide research over decades. It is a
common name for data preprocessing techniques that obtain a low-dimensional
representation of the original data. There are two main reasons for reducing the
dimensionality of the data. First, the curse of dimensionality, introduced by Bellman (1961), which occurs when trying to ﬁt models, estimate parameters, or in
some other way trying to analyze data as the dimensionality increases. Second,
the cost of processing high-dimensional data with diﬀerent algorithms can be far
too large compared to performing dimensionality reduction and processing with
low-dimensional data. The data dimensionality can be reduced either by feature
selection or feature extraction (Jain et al. 2000). In feature selection, the best
subset, in some sense, of the original features is selected using; for example, supervised learning with sequential ﬂoating search methods (Pudil et al. 1994). In
feature extraction, a new feature set of the original data set is created using, for
example, a linear transformation of the original features.
This thesis focuses on feature extraction based, especially non-linear and unsupervised, dimensionality reduction techniques. More information about feature
selection, linear, and supervised feature extraction methods can be found from
the survey by Jain et al. (2000). In the following sections, two non-linear and
unsupervised approaches, namely the self-organizing map (SOM) (Kohonen 1982,
1997) and isometric feature mapping (Isomap) (Tenenbaum et al. 2000), are explained. In addition to SOM and Isomap, there are several other approaches to
non-linear dimensionality reduction. These include, for example, locally linear
embedding (LLE) (Roweis & Saul 2000), S-LogMap (Brun et al. 2005), Sammon
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mapping (Sammon 1969), generative topographic mapping (GTM) (Bishop et al.
1998), semideﬁnite embedding (SDE) (Weinberger & Saul 2004) and Laplacian
eigenmaps (Belkin & Niyogi 2003).
SOM is very widely used in practical problems (Kaski et al. 1998, Oja et al.
2003) and it oﬀers a clear grid-like representation of the data for visualization. In
addition, it can be directly used as a classiﬁer. However, its classiﬁcation performance is not usually optimal because it has not been intended to be a classiﬁer.
Because of the properties of SOM and its capability in practical visualization tasks,
it was selected into this study. On the other hand, Isomap is a completely diﬀerent
approach to dimensionality reduction. It preserves the local and global properties
of the data and can recover a low-dimensional manifold of the data. In comparison
to SOM, it oﬀers a manifold like view into the data, which can be useful in visual
exploration of the texture feature data.
From the viewpoint of visualization based learning, unsupervised dimensionality reduction techniques oﬀer interesting properties. No data labels are required
when building a low-dimensional representation of the data, and visualization can
be used for exploring the data in an unsupervised manner. On the other hand,
non-linearity is often required to preserve the local structure of the data in the
reduction. A good further resource is a study by Backer (2002) that is engrossed
in unsupervised and non-linear dimensionality reduction techniques in various pattern recognition tasks.

3.1.1 The self-organizing map
The self-organizing map (SOM) is a neural network based approach for reducing
the dimensionality of the data (Kohonen 1997). It preserves the local topology
of the original high-dimensional data in the mapping procedure. A SOM builds
typically a two-dimensional regular lattice of nodes. The size of the lattice, i.e. the
number of nodes in each dimension, is deﬁned in advance. The nodes represent
the training data in a vector quantization way. This means that the nodes form
a codebook where each node i = 1, . . . , M is associated with a codeword mi ∈ d
corresponding to and representing a part of the high-dimensional input space. The
representation of the data is similar to LVQ, but the training procedure is diﬀerent:
it is unsupervised, and the topology of the original data is preserved.
The training in SOM is typically performed using a sequential training algorithm, but there also exists batch based learning algorithms for SOM. Let us here
consider the sequential learning procedure, for simplicity. The node lattice is ﬁrst
initialized by setting, for example, random values for each codebook vector or
linearly along the greatest eigenvectors of the training data. Then, for each data
vector in the training set, the closest node b, namely the best-maching unit (BMU),
from the map is chosen. The choice is based on the nearest neighbor principle,
where distance, typically Euclidean, is calculated between the node weight vectors
and the input data vector:
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b = arg min {x − mi } .
i

(1)

The weights of the BMU and its surrounding neighbors are then updated towards the input vector with the following rule:
mi (t + 1) = mi (t) + α(t)hbi (t)[x(t) − mi (t)],

(2)

where t is a discrete iteration time step, α(t) is the learning rate at time t, and hbi (t)
is a neighborhood function around the BMU and node i at time t. This function
is typically decreasing, hbi (t) → 0 when t → ∞, to ensure the convergence of the
learning. The training procedure is iterated until the weights of the nodes are
converged or until the desired number of iterations is achieved.
After the training phase, the original data is represented by the codebook. The
local topology of the data is preserved due to the use of neighborhoods in the
training. This means that similar data in the original high-dimensional space are
projected to the same or neighboring nodes, and dissimilar data are projected
further from each other.
Fig. 11 illustrates the SOM training and its capability in data visualization. The
original 3D s-curve training data is shown in Fig. 11 (a). Fig. 11 (b) shows SOM
in 2D visualization space, where the positions of the nodes (circles) are deﬁned in
advance. In the training, the map is ﬁtted into the training data points. In the
beginning of the training, the nodes are randomly initialized as shown in Fig. 11
(c). During training the positions of the nodes are tuned and the ﬁnal positions
are shown in Fig. 11 (d).
A non-linear mapping between the feature space and the visualization space is
discretely deﬁned by the node positions. A low-dimensional visualization space
can be used in data visualization and exploratory data analysis. In image analysis
tasks, the nodes can be represented with original images, which makes SOM visualization very useful in various applications. Although, SOM represents the training
data, it can be directly used to map new data points to the low-dimensional visualization space. This is simply performed by searching the closest node in the
SOM. Thus, it is possible to use SOM as well as a classiﬁer.
There are quite many parameters in the SOM training algorithm. These include,
for example, the size of the map, the map topology, the neighborhood function and
the learning rate. The most important, from the viewpoint of visualization and
exploratory data analysis, are the size of the map and the neighborhood function.
The average width and form of the neighborhood function deﬁne the stiﬀness
of the elastic surface to be ﬁtted to the data points. A large number of nodes
can represent the density information of the original data more precisely, but the
visualization of such large maps can be diﬃcult. In addition, the computational
issues may restrict the size of the map.
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Figure 11. SOM training and visualization example: a) original 3D training
data; b) a SOM in the 2D visualization space; c) initial positions of the grid
nodes in the 3D feature space; d) the trained SOM in the 3D feature space.

3.1.2 Isometric feature mapping
Isomap (Tenenbaum et al. 2000) is a non-linear dimensionality reduction method
built on classical multidimensional scaling (MDS) (Cox & Cox 1994). It tries to
preserve the intrinsic geometry of the data utilizing geodesic manifold distances,
instead of Euclidean distances, between all pairs of data points. The Isomap
procedure is the following (Tenenbaum et al. 2000, de Silva & Tenenbaum 2002):
1. Determine a neighborhood graph G of the observed data xi in a suitable
way. For example, G might contain the edge xi xj if xj is one of the k nearest
neighbors of xi (and vice versa). Alternatively, G might contain the edge xi xj
if |xi − xj | < , for some .
2. Estimate the geodesic distances DG by computing the shortest paths in the
graph for all pairs of data points. Each edge xi xj in the graph is weighted by
its Euclidean length |xi − xj |, or by some other useful metric. The shortest
paths can be found by the Floyd-Washall algorithm or Dijkstra’s algorithm.
3. Apply classical MDS to the resulting shortest-path distance matrix DG to ﬁnd
a new embedding of the data in the Euclidean space, approximating the low-
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dimensional projection points Y . Let B be the target inner product matrix,
i.e., the matrix of the target
data
Ninner products between diﬀerent projected

points yi . By restricting i=1 yi = 0, B can be found by B = −H DH/2,
where H = {hij } , i, j = 1, . . . , N, hij = δij − 1/N , and the delta function
 are the squared pairδij = 1 if i = j and 0 otherwise. The entries dij of D
2
wise geodesic distances dij taken from DG . New low-dimensional coordinates
√
√
are found as Y = ( λ1 v1 , . . . , λd vd )T , where λi . . . , λd are the d largest
eigenvalues of B, with corresponding eigenvectors v1 , . . . , vd .
The Isomap algorithm builds a neighborhood graph using k nearest neighbors
or a certain distance threshold . The distances are calculated along the manifold
instead of direct Euclidean distances, and ﬁnally the classical MDS is run for
this distance data. There is a guarantee of asymptotic convergence to the true
structure of the data, when running Isomap with ’suﬃciently large’ sample sets
(Tenenbaum et al. 2000, Bernstein et al. 2000). The low-dimensional embedding
tries to preserve the geodesic distances of the data as closely as possible. Thus,
it can retain the local and global geometric properties of the manifold and can be
very useful for analyzing high-dimensional observations. Fig. 12 demonstrates the
power of Isomap in manifold learning and visualization using a synthetic threedimensional s-curve data set. Data points are colored according to their locations
on the manifold. It can be seen that Isomap can recover the manifold structure
very well.
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Figure 12. Isomap on 3-dimensional s-curve data with 2000 points.

There is one free parameter in the Isomap: the size of the neighborhoods k or .
It controls how well the low-dimensional embedding captures the local properties
of the manifold. It is very diﬃcult to ﬁnd the optimal parameter for real data:
larger neighborhoods preserve the global properties better, but the local details
of the manifold can be lost. On the other hand, if the neighborhood is too small
and data forming the manifold is too sparse and unequally distributed, Isomap
can ﬁnd extra paths in wrong directions. The choice of the neighborhood size
is application dependent. The residual variance measure can be used to characterize how well the low-dimensional Euclidean embedding captures the geodesic
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distances estimated from the neighborhood graph and to determine the optimal
neighborhood size (Balasubramanian et al. 2002). In exploratory data analysis and
visualization tasks, it might be too restrictive to use only the automatic choice of
the neighborhood, and it might be a good to idea to use some pre-knowledge of the
data under analysis and utilize human expertise. For example, when the nature
of the problem is to discriminate diﬀerent classes, visual interaction between the
user and the projections can be used to select the optimal projection parameters.

3.2 Visual feature performance analysis
A number of diﬀerent versions of the LBP texture operator exist. It depends on
the application which operator is the most suitable. Often the selection is a tradeoﬀ between accuracy and speed. The simplest option to study the performance
of diﬀerent LBP operators is to use, for example, supervised classiﬁcation and
measure the accuracy in a quantitative way. In an unsupervised case, it is not
possible to obtain any clear measurement, i.e. classiﬁcation accuracy, and the
feature performance analysis must be done in a diﬀerent fashion. In this thesis,
visual exploration of multidimensional texture data is utilized in unsupervised
feature performance analysis.
Visual feature performance analysis is based on the observation that similar
data in the feature space tend to cluster close to each other. In dimensionality
reduction, we attempt to preserve this similarity information and relational distances between samples. Thus, studying how the clusters are organized in the
low-dimensional visualization space can reveal signiﬁcant information about the
data and describe how well the features can organize the data. If the features
are good enough, one can see from the projection that there is a clear dependence between the texture appearance and spatial location in the low-dimensional
projection space. Otherwise, diﬀerent textures are badly mixed in the projection
space. Fig. 13 (a) illustrates this idea: 256 dimensional LBP features are extracted
from image samples, and these are projected with Isomap. It can be seen from
the projection that two texture classes can be separated by drawing a boundary
on the 2D Isomap plane (near x=0, the ﬁrst Isomap component). The user can
visualize the projection with the original texture images and determine how the
features can discriminate diﬀerent classes. Also a separate clustering algorithm,
like k-means, can be run on the projection coordinates to help the visual analysis,
especially when there is some pre-knowledge about, for example, the number of
classes. A similar idea is valid also for SOM based visualization. Fig. 13 (b) shows
the 2D SOM projection of the texture features extracted from scene image patches.
Both Isomap and SOM have properties that make them attractive for use in visual feature performance analysis. Isomap preserves the distance relations between
samples very well and the global structure of the data is represented faithfully. On
the other hand, also SOM preserves the local structure of the data and oﬀers a
very self-intuitive grid based visualization space. These properties culminate feature performance analysis with visual cluster analysis. Of course, some of the
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Figure 13. Visual feature performance analysis is based on the observation
that good features tend to cluster data with similar appearance.

clustering information is lost in the dimensionality reduction, and the clusters
might be more overlapped and divided into several parts in the low-dimensional
space. The main problem is to determine how badly the classes are mixed with
each other. This can be done with visualization, also with unlabeled data.
In addition to the visualization of the original images and projection coordinates, other properties of the projections can also be utilized in feature analysis
and they help create meaningful visualizations (Vesanto 2002). In SOM, the quality of the low-dimensional representation can be measured obtaining the resolution
of the map, i.e. the average error between each training data vector and its BMU
(Kohonen 1997). The topographic error, where the proportion of all training data
vectors for which ﬁrst and second BMUs are not adjacent, describes how well the
projection preserves the topology of the data (Kohonen 1997). In Isomap, one can
use the measure of residual variance to characterize how well the low-dimensional
Euclidean embedding captures the geodesic distances estimated from the neighborhood graph and to determine the optimal neighborhood size (Balasubramanian
et al. 2002). The residual variance is deﬁned as Res = 1 − ρ2 (DG , DY ), where DY
is the matrix of Euclidean distances in the low-dimensional embedding, DG is the
graph distance matrix and ρ is the standard linear correlation coeﬃcient, taken
over all entries of DG and DY . According to Balasubramanian et al. (2002) appropriate neighborhood size selection can be done based on a trade-oﬀ between
maximizing the number of points captured in the Euclidean embedding and minimizing the residuals. This selection criteria emphasizes cases where there are no
fragmented clusters in the data. When estimating the optimal neighborhood size,
the residual variance is calculated over projections obtained by diﬀerent values of
k or .
In LBP feature analysis, and in Isomap based visualization applications in general, the maximization of captured points is typically not essential. This is because
eﬀective features cluster data in the feature space and distinct clusters might be so
distant that they will be disconnected when constructing the neighborhood graph
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in the Isomap procedure. Especially with small neighborhoods there might be
found several disconnected sub-manifolds from the data, and this is not necessarily an unfavorable situation if the sub-manifolds themselves do not badly confuse
several textures. Visualization of projections calculated from sub-manifolds can
be used for examining the power of the features. With smaller neighborhoods, the
local properties of the data are preserved better than with large neighborhoods.
In applications where features are able to create clearly distinct clusters of classes,
it might be a very good idea to use small neighborhood sizes and create separate
Isomap projections from the sub-manifolds. With more homogenous data, the features cannot separate classes that clearly, and the global coordinates are used to
represent the data. On the other hand, too small neighborhoods might lead to too
fragmented representation and visualization becomes diﬃcult.
SOM can handle disconnected maniﬁolds more straightforwardly. The size of
the map is deﬁned in advance and the training data is spread on it. Resolution and
topographic error can be useful in determining the proper map size and neighborhood function parameters. In practictal visualization applications, the size of the
map is often selected so that the map ﬁts nicely on the screen. The resolution of
the map increases when the size of the map gets larger, but the visualization may
become more diﬃcult. It should also be noticed that larger maps require more
training data.

3.2.1 Experiments
To demonstrate the usefulness of visual feature performance analysis, experiments
with labeled texture images were made. First, a set of simulated paper appearance
texture images was generated. The appearance of the paper was simulated with
a simple periodic function z(x, y) = r sin(tx x) + cos(ty y), where r ∈ [1,3], tx ,ty ∈
[1,6] and x, y ∈ [1,10π]. The dark areas of the synthetized image can be interpreted
as ﬂocs and the bright areas as voids of paper. The images were categorized into
11 classes based on the ”ﬂoc size” (so that tx +ty ∈ [2,12]). Totally 720 images
were generated and Gaussian noise with μ = 0.0 and σ = 0.01 was added to the
images to create more realistic 2D paper textures. Fig. 14 shows two examples
of the generated samples (tx +ty =7, left image tx =2, ty =5, r=1.1; middle image
tx =5, ty =2, r=1.1). Fig. 14 shows also an example of the real paper sample.
The realistic paper texture is stochastic, whereas the simulated images used in the
experiments are periodic and more structural. However, the periodic texture ﬁeld
contains information that is valid also in real paper texture characterization and
was selected for this study because of its simplicity. The paper characterization
system should be sensitive to the texture elements of varying size to be able to
detect diﬀerent ﬂoc sizes. Also small-scale anisotropy caused by ﬁber orientation
should be tolerated. In addition, the features should not be too sensitive to the
image noise. In the simulated images, the form and the orientation of the texture
elements interpreted as ﬂocs varied, but the mean size of the elements remained
relatively constant in each class.
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Figure 14. Examples of synthetized texture samples and a real paper sample.

Table 1. Classiﬁcation results of synthetized data set using diﬀerent LBP operators.
LBP operator
LBP8,1
ri
LBP8,1
u2
LBP8,1
riu2
LBP8,1
u2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
u2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5

Dimensionality
256
36
59
10
857
54
857
54

Classiﬁcation rate [%]
87.2
76.0
87.5
76.0
94.6
96.1
99.3
100

After the samples were generated, a leave-one-out 3-NN classiﬁcation with different LBP operators was ﬁrst made. Table 1 shows the classiﬁcation results obtained. These results represent the baseline for diﬀerent features. The goal was to
study how visualization based methods can be used for analysing the performance
of diﬀerent LBP features.
Visual human judgement of diﬀerent projection methods is very subjective and
for that reason the labeled data was used in these experiments. In visual feature
performance analysis, the goal is typically to ﬁnd out how well the features can
classify the data. If the projection method can create clear distinct clusters of
classes it is easy to visualize that the features are performing well. On the other
hand, if the new low-dimensional data can still be classiﬁed relatively well, it can be
said that the important information is preserved in the dimensionality reduction.
To study the properties of diﬀerent projections, a quantitative ﬁgure was calculated
from each projection for describing how well the data can be classiﬁed in the new
projection space (Niskanen 2003). This ﬁgure is deﬁned as the classiﬁcation rate
reduction CRR caused by the projection, given by Eq. 3.
CRR =

correct
correct
− Nprojection
Noriginal
,
correct
Noriginal

(3)
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correct
correct
and Nprojection
are the number of correctly classiﬁed data
where the Noriginal
correct
values are the same
samples in the original and projection spaces (2D). Noriginal
as those shown in Table 1. A leave-one-out k-NN classiﬁer (k = 3) is used to
calculate the number of correct classiﬁcations also in the low-dimensional space.
First, the SOM based approach was experimented with. Four diﬀerent sizes of
maps were trained using three diﬀerent neighborhoods. Table 2 shows the calculated CRR values for each conﬁguration. Classiﬁcation in the low-dimensional
space was made using the 2D map coordinates as features. The distances between
the nodes were calculated along the map grid using the known map topology. If
more than k samples had the same distance they were all considered in the decision
making. The sample was correctly classsiﬁed also if there were k or more samples
from the speciﬁc class among them. It can be seen that the neighborhood size does
not have all that signiﬁcant an inﬂuence on the criteria and SOM is quite stable for
this parameter. However, the size of the map plays an important role in classiﬁriu2
cation rate reduction. It is also seen that with the best features (LBP8,1+16,3+24,5
u2
and LBP8,1+16,3+24,5 ) the classiﬁcation rate is least reduced. This indicates that
with good features, SOM preserves better such properties of the data that can be
used to separate data into diﬀerent classes.
For visual comparison, the second largest maps with medium size neighborhoods
riu2
u2
and LBP8,1
features are shown. Both these feature sets
using LBP8,1+16,3+24,5
have approximately the same original dimensionality (54 vs. 59), and based on
the baseline results there should be some diﬀerence in their performance. Fig. 15
shows the maps obtained. The original training images are associated in the nodes
and, for clarity, label-colored maps are also shown. In each node the closest training sample is shown. Labels are decided on by voting, and the class that has
most samples in the node is selected. There are no dramatic diﬀerences in the
u2
features, SOM nicely represents the classes so that the ﬂoc
maps. With LBP8,1
size increases when moving from the bottom right corner to the top left. With
riu2
LBP8,1+16,3+24,5
features, some more classes are divided into separate clusters.
However, in this case the rapid general visualization of the maps does not reveal
what the performance of the features is. If we look inside the nodes and visualize
what kind of textures there are in the nodes and their adjancent nodes, it is possible
to study more carefully the feature performance. This could be done by exploring
the training samples in each node as illustrated in Fig. 16. But now, because there
is labeled training data available, we can simply calculate the number of nodes that
contain samples from more than one class to indicate how badly the classes are
u2
features has 64 nodes (34%)
mixed in the projection. SOM trained with LBP8,1
riu2
that have samples from more than one class. With LBP8,1+16,3+24,5
features, the
number of such nodes is 21 (11%). Fig. 17 shows the same results graphically. It
riu2
features is better.
is clearly visible that the performance of LBP8,1+16,3+24,5
Next, an Isomap based approach for visual feature performance analysis was
experimented with. For each feature set, its own Isomap projection was created
using ten diﬀerent neighborhood sizes (k=3,5,...,21). If the features cluster the
data into separate clusters, Isomap can detect these eﬃciently when using small
neighborhoods. With k=3, the number of connected components varied between
3–21 with diﬀerent features. With larger neighborhoods (k ≥ 13) only one con-
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Table 2. Classiﬁcation rate reduction (CRR) for synthetized paper texture data using diﬀerent LBP operators and SOM. Bubble neighborhood was used with diﬀerent
radii. In neigh1 very small neighborhoods (radius 1-2 nodes in the beginning of the
training), in neigh2 medium size neighborhood (radius about 25% of the smaller
node axis), and in neigh3 large neighborhoods (radius about 80% of the smaller
node axis) were used. The ﬁve best values for CRR are shown in bold.
Feature
LBP8,1
LBP8,1
LBP8,1
LBP8,1
ri
LBP8,1
ri
LBP8,1
ri
LBP8,1
ri
LBP8,1
u2
LBP8,1
u2
LBP8,1
u2
LBP8,1
u2
LBP8,1
riu2
LBP8,1
riu2
LBP8,1
riu2
LBP8,1
riu2
LBP8,1
u2
LBP8,1+16,2+24,3
u2
LBP8,1+16,2+24,3
u2
LBP8,1+16,2+24,3
u2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
u2
LBP8,1+16,3+24,5
u2
LBP8,1+16,3+24,5
u2
LBP8,1+16,3+24,5
u2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5

SOM size
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5
21x17
17x11
11x9
9x5

CRR (neigh1 )
0.25
0.36
0.42
0.61
0.15
0.20
0.33
0.55
0.17
0.26
0.31
0.53
0.12
0.27
0.32
0.55
0.16
0.26
0.36
0.57
0.17
0.21
0.39
0.58
0.09
0.11
0.24
0.44
0.08
0.11
0.24
0.43

CRR (neigh2 )
0.27
0.32
0.37
0.53
0.16
0.25
0.39
0.52
0.20
0.24
0.39
0.55
0.16
0.23
0.37
0.50
0.23
0.25
0.34
0.56
0.13
0.22
0.36
0.53
0.10
0.15
0.24
0.48
0.08
0.12
0.24
0.52

CRR (neigh3 )
0.29
0.30
0.40
0.56
0.15
0.21
0.31
0.42
0.22
0.27
0.32
0.54
0.15
0.19
0.28
0.48
0.18
0.22
0.35
0.53
0.18
0.23
0.35
0.60
0.11
0.17
0.29
0.47
0.07
0.15
0.26
0.43
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u2
Figure 15.
Trained self-organizing maps with LBP8,1
(a and b) and
riu2
LBP8,1+16,3+24,5 (c and d) features extracted from the synthetizied paper texture images. Diﬀerent colors correspond to the classes (”ﬂoc size”).

nected component was found with every feature set. Tables 3 and 4 show the
calculated CRR values for each feature set and neighborhood. The classiﬁcation
riu2
features when a small neighborrate reduction is the best with LBP8,1+16,3+24,5
u2
features get better
hood is used. For larger neighborhoods LBP8,1 and LBP8,1
values. This result conﬁrms the idea that it is reasobable to apply Isomap with
small neighborhoods in order to study if there are separate clusters in the data.
With larger neighborhoods, the local properties of the data are not preserved that
well, and good features might lose their discrimination power. Weaker features do
not necessary suﬀer from that so much because their performance is already worse
in the original space.
u2
riu2
and LBP8,1+16,3+24,5
features are selected as
For visual comparison, the LBP8,1
u2
in the SOM based approach. Fig. 18 illustrates the error fraction plots of LBP8,1
riu2
and LBP8,1+16,3+24,5 features. Analysing the residual variance plots (solid blue
u2
line) suggests, for example, that with LBP8,1
features the neighborhood size k ≥
riu2
7 should be used. With LBP8,1+16,3+24,5 , features k = 3 provides the best result.
With small neighborhoods, there are disconnected manifolds with both features
(dotted red line). Applying Isomap with k=3 for these data sets, it found 5 sub-
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Table 3. Classiﬁcation rate reduction (CRR) for synthetized paper texture data
using diﬀerent LBP operators and Isomap with small neighborhoods.
Feature
LBP8,1
ri
LBP8,1
u2
LBP8,1
riu2
LBP8,1
u2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
u2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5

CRR
(k = 3)
0.30
0.18
0.43
0.22
0.12
0.12
0.04
0.00

CRR
(k = 5)
0.26
0.14
0.27
0.13
0.35
0.38
0.14
0.07

CRR
(k = 7)
0.18
0.17
0.11
0.14
0.19
0.23
0.11
0.20

CRR
(k = 9)
0.11
0.15
0.05
0.12
0.18
0.21
0.25
0.20

CRR
(k = 11)
0.09
0.14
0.06
0.11
0.19
0.17
0.22
0.20

Table 4. Classiﬁcation rate reduction (CRR) for synthetized paper texture data
using diﬀerent LBP operators and Isomap with large neighborhoods.
Feature
LBP8,1
ri
LBP8,1
u2
LBP8,1
riu2
LBP8,1
u2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
u2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5

CRR
(k = 13)
0.07
0.13
0.06
0.09
0.15
0.19
0.20
0.20

CRR
(k = 15)
0.04
0.13
0.03
0.12
0.14
0.18
0.13
0.11

CRR
(k = 17)
0.05
0.12
0.03
0.12
0.14
0.18
0.13
0.13

CRR
(k = 19)
0.05
0.10
0.03
0.08
0.16
0.16
0.13
0.12

CRR
(k = 21)
0.04
0.12
0.03
0.09
0.15
0.17
0.13
0.11
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Figure 16. Training images from the node with most hits using a 17×11 SOM
riu2
features.
and LBP8,1+16,3+24,5

u2
riu2
manifolds from LBP8,1
and 19 sub-manifolds from LBP8,1+16,3+24,5
feature data.
The largest sub-manifolds are shown in Figs. 19 and 20. The multiresolution and
rotation invariant operator can discriminate classes (only 2 involved in this projecu2
operator there are confusions between classes
tion) very well, but with the LBP8,1
(9 classes in the projection). In fact, sub-manifolds of the multiresolution operator
could discriminate the classes nicely, but some of the classes are fragmented into
several sub-manifolds (19 clusters and 11 classes). Visualization of projections using the original textured images can be used to study how badly the classes are
mixed. Figs. 21 and 22 show the projections using a larger neighborhood (k=15).
Now the local properties of the data are not preserved as well as with smaller
neighborhoods and there is not that signiﬁcant a diﬀerence between projections.

3

2

1

(a)

(b)

Figure 17. Number of diﬀerent training sample classes in each SOM node
u2
riu2
(a) and LBP8,1+16,3+24,5
(b) features.
using LBP8,1
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Both projections represent the classes interestingly constructing threads-like manu2
ifolds on the projection plane. With LBP8,1
features, the projection looks better
than with the smaller k value.
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L B Pu2 texture data
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9
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Neighborhood size (k)
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0.2

S econd Isomap component

S econd Isomap component

u2
riu2
Figure 18. Error fraction plots of LBP8,1
(a) and LBP8,1+16,3+24,5
(b) features.
The residual variances for each size of neighborhood in the blue solid line and
the fraction of points not included in the largest Euclidean embedding in the
dotted red line.
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Figure 19. Isomap projections of LBP8,1
features using k=3 nearest neighbors.
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Figure 20. Isomap projections of LBP8,1+16,3+24,5
features using k=3 nearest
neighbors.
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Figure 21. Isomap projections of LBP8,1
features using k=15 nearest neighbors.

3.2.2 Summary
The results indicate that a proper visualization is useful when studying the performance of the texture features. SOM and Isomap could both preserve important
information about the texture data in the dimensionality reduction in order to
make separation between classes. With good features the classes can be separated
relatively well in the visualization space. Visualization reveals which features are
able to discriminate the data and the experiments showed a good correlation with
baseline classiﬁcations: with good features, the visualization also showed clearly
and classes were not so badly mixed as with worse features.
SOM provides a self-intuitive grid based view into the data and easily enables
the use of visualization space as a classiﬁer also. The size of the SOM is important.
With too small maps, the quantization error can be high, whereas too large maps
are diﬃcult to visualize. Isomap learns the data manifolds from high-dimensional
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riu2
Figure 22. Isomap projections of LBP8,1+16,3+24,5
features using k=15 nearest
neighbors.

LBP texture data. Informative projection is found automatically, but in practice
one should also visualize the projection obtained with a small neighborhood. This
is because with small neighborhoods the Isomap may detect diﬀerent classes automatically and represent the data using disconnected manifolds. This helps the
visualization task because there is not so much data involved.
The classiﬁcation rate reduction was calculated to study how well the data can
be classiﬁed after projection. With good features both SOM and Isomap provided
reasonable classiﬁcation rate reduction values. This indicates that the projections
are able to preserve important information of the data in order to separate data
into classes. Table 5 shows the best CRR values through all the conﬁgurations
(map size, neighborhood) for diﬀerent features. Also the corresponding classiﬁcation result in the low-dimensional space are shown. Generally, Isomap provided
better results. One reason for this can be the discrete projection space of the
SOM compared to the real valued Isomap projection. With good features the
classiﬁcation rate reduction is smaller and it is also easier to visually conﬁrm the
good feature performance because classes can be separated well in the projection.
The SOM based approach gave relatively better results with the rotation invariant
features even though the CRR values were not as good as with the Isomap. This
suggest that these features had more compact clusters in the features space and
the data could be represented well also with the discrete coordinates of the SOM.

3.3 Visual training
Another problem in texture characterization, after selecting the powerful features,
is to train a classiﬁer to classify textures into predeﬁned categories. In the supervised case, one can use the pre-labeled training data to optimize classiﬁers, but in
the unsupervised case classiﬁcation is more compilicated. In this thesis, visualization based approaches for training a classiﬁer are studied. The goal is to construct
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Table 5. The best classiﬁcation rate reduction (CRR) and corresponding classiﬁcation rates [%] for synthetized paper texture data obtained with diﬀerent projection
parameters.
Feature
LBP8,1
ri
LBP8,1
u2
LBP8,1
riu2
LBP8,1
u2
LBP8,1+16,2+24,3
riu2
LBP8,1+16,2+24,3
u2
LBP8,1+16,3+24,5
riu2
LBP8,1+16,3+24,5

The best CRR and rate[%]
(SOM)
0.25
65.4
0.15
64.6
0.17
72.6
0.12
66.9
0.16
79.5
0.13
83.6
0.09
90.4
0.07
93.0

The best CRR and rate [%]
(Isomap)
0.04
83.7
0.10
68.4
0.03
84.5
0.08
69.9
0.12
83.2
0.12
84.6
0.04
95.3
0.00
100

a tool for human help for studying what kind of classes there are in the data and
to learn representative training samples.
The visual training approach is based on the same non-linear dimensionality
reduction techniques as in feature performance analysis (see Section 3.2). The
intention is to ﬁrst ﬁnd class boundaries from the projection view and then select
the model samples for classes, or simply deﬁne class boundaries to the projection.
The idea is based on the fact that similar data is clustered close to each other
in the low-dimensional space. The user can visualize the whole projection and
select interesting regions for more detailed examination. Fig. 23 shows an Isomap
projection where two distinct regions are selected for visualization. Taking a rapid
look it can be seen that selected samples in both regions belong to the same class
(diﬀerent rotations etc.) and the regions themselves construct separate classes. A
number of samples can be labeled simultaneously, which is much easier and more
consistent than labeling them one-by-one.
In addition to the topology preservation, SOM and Isomap provide density
information on the data. In SOM, denser regions are represented with more nodes
and Isomap projects denser regions to compact clusters. Depending on the ﬁnal
classiﬁcation method, this information can be very useful and the user can also
ensure that rare textures are represented in the training set. The same methods
for selecting the projection parameters for creating informative visualizations can
be used as in Section 3.2. However, one should remember that small and locality
preserving neighborhoods can be useful, especially with the Isomap based approach
where the classes can construct their own disconnected manifolds.
Sometimes it is desirable that the user can map projection data back to the
original textured image when building a training set. In scene image analysis, this
is a very useful property because the images contain several texture types, and
one can, for example, study how local texture patches are located in the original
image. In visual paper characterization, this is not necessary because textures are
considered as a whole, as illustrated in Fig. 24. Both SOM and Isomap can be
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Figure 23. Visual training and labeling of data with Isomap.

directly used to map local image patches back to the original image, assuming
that the original image is represented with local patches when constructing the
projections. In SOM, the user can select the nodes, and those patches whose BMU
were among the selected nodes are highlighted in the scene. In the Isomap, the
user can directly select projection points that correspond to local image patches.
Back projection also enables hierarchical visualization where a new projection of
the selected data points is created for studying the data more carefully.
Fig. 25 illustrates the idea of visual training in scene image analysis. In this
example, the SOM based approach is used in the visualization, but one can replace
it with the Isomap based approach as well. Each image patch extracted from the
original scene image is considered as a separate sample. LBP texture features
extracted from these samples are then used as input for the SOM. After training the
SOM, visualization is used to select a few nodes from the map for further analysis.
A new smaller SOM is then trained using the selected samples representing given
class(es) as its input. Visualizing this new SOM reveals better whether there are
samples from some other classes mixed with the class under consideration. The
nodes, and samples within them, representing each correct class are then selected
and labeled to be included in the training set of the classiﬁer.
The following steps summarize how the visual training in patch based scene
image analysis is performed and Fig. 26 shows a real-world example of actual
visualization steps. The original training images and back projection can be used
as help when rejecting nodes, but often rejection can be done directly based on
the appearance of the nodes.
1. Divide the training images into small sub-images and calculate features from
these small images.
2. Train a self-organizing map with these features.
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training data

SOM with class boundaries

Figure 24. Visual training example using a SOM based approach. Paper
samples as considered as whole images and the user can deﬁne apparent class
boundaries to the projection space. The user can also select class clusters for
further visualization.

3. Visualize the map and select nodes with similar appearance.
4. Train a new smaller map with samples inside the selected nodes.
5. Visualize the smaller SOM and reject nodes representing samples from other
classes. All other sampes are added to the training set and labeled similarly.
6. Go to step 3 until all classes have been gone through.
In this thesis, visualization based training is mainly used to select representative
training samples to be used by a separate classiﬁer. However, it is also possible
to use the visualization space as a combined trainer and classiﬁer and let the
user deﬁne class boundaries directly on the 2D plane. Sometimes this kind of
classiﬁer can be very useful because of its self-intuitive user interface. SOM is
straightforward to use as such a classiﬁer, and only the BMU for an unknown
sample needs to be found. The SOM based visual classiﬁcation is described more
carefully in Section 5.2. Isomap is originally a batch based method and the whole
data has to be available when creating a projection. There is an extension to the
original Isomap that allows incremental learning and therefore combined training
and classiﬁcation (Law & Jain 2006). Isomap based visual classiﬁcation is left
out of this thesis. This is because the grid based regular visualization space of
SOM is superior in this kind of application and oﬀers capabilities for real-time
classiﬁcation. These properties make the SOM based method attractive to use in
industrial inspection applications where SOM can be used as a user-interface.
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Figure 25. SOM based visual training in scene image analysis application.

3.3.1 Experiments
The visual training approach was experimented with using SOM based visualization with a set of outdoor scene images taken from the Outex database (Ojala
et al. 2002a). The image data consisted of a sequence of 22 outdoor scene images
of 2272×1704 pixels. Half of them were used in the training, the other half in
testing.
u2
The images were divided into non-overlapping 64×64 pixels blocks and LBP8,1
features were extracted from each patch resulting in a total of over 20000 image
samples. No label information was used at this stage at all. The labeled training
set was created scene by scene (sky, trees, grass, road and buildings). First, a
SOM of its own was built for each scene image. Then, the areas representing a
speciﬁc class were selected from each SOM and a new SOM was created using this
selected data. This was repeated for all the classes to be considered. The training
data from SOMs representing all scenes and classes were then combined to form
the ﬁnal training set for the classiﬁer.
After creating the training set, a k-NN (k = 5) classiﬁcation was performed to
classify patches in the test images. The manually deﬁned ground truth regions
available in the database were used to calculate the accuracy. Fig. 27 shows an
example test image with manually selected ground truth regions. The classiﬁcation
accuracy for the ground truth regions was 84.9%. This is comparable to the earlier
results with the same database, where training models were created from manually
segmented ground truth regions (80.9%) (Pietikäinen et al. 2004). Fig. 28 shows
a classiﬁcation example.
Generally, the results are satisfactory and the classes can be recognized well. It
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Figure 26. Visual training example with a SOM based approach.

is clear that the use of small image blocks instead of pixels could cause problems
in the classiﬁcation of such blocks that contain pixels from more than one class.
Consider, for example, blocks containing boundaries between ’grass’ and ’road’.
The visualization based training approach basically also oﬀers a way of learning
these kinds of ”mixed classes” and they can be labeled separately, but in these
experiments the class boundaries were not handled diﬀerently. During training,
such patches were rejected if they constructed a separate cluster on the SOM.

3.3.2 Summary
Training a classiﬁer is a fundamental task in many texture analysis applications.
The training is typically performed in a supervised manner using labeled images.
In these cases, all the classes have to be known beforehand and often manual
segmentation of the image is required.
In visual training, it is not required to label separate samples, which is often an
inconsistent and error prone task, reducing the accuracy. The decision of the class
boundaries is based on observing the data set as a whole, utilizing visualization and
clustering of the data. The visualization based approach can be used to learn new
classes during labeling, which makes the method more ﬂexible. As a visualizer,
diﬀerent methods can be used. In practice SOM and Isomap have provided good
results with LBP features.
In the experiments, visual training was used for creating a labeled training set
for a classiﬁer. The SOM based approach was used as a visualizer. The usefulness
of the training tool was demonstrated with a set of outdoor scene images. The
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Figure 27. Example image of manually selected ground truth regions.

Original image

k-NN classiﬁcation

Figure 28. Classiﬁcation example with a visually created training set using
k-NN classiﬁcation.

visualization of high-dimensional texture data extracted from diﬃcult textured
materials gives important information about the data. We can visualize how the
method learns the models for diﬀerent classes, and concentrate more on the diﬃcult
ones. Visual training is ﬂexible and it is consistent to create a representative
labeled data set for a classiﬁer. The classiﬁcation experiments using a visually
created training set turned out to be comparable with the earlier results. Even
slightly better results were obtained, possibly because the collected training set
was more representative.
Another approach to using visual training would be to use the visualizer as a
classiﬁer and manually deﬁne 2D class boundaries on the projection. In certain
applications this can be a very good idea because the visualization plane provides
a nice user interface for the classiﬁer. This interface can be used by the operator
for adjusting class boundaries and to see what kind of textures are being classiﬁed.

4 Learning appearance models for view and part
based texture recognition
In this chapter, appearance based texture analysis with local binary patterns is
considered, and methods for learning texture appearance models for view based
recognition are proposed (Pietikäinen et al. 2004). Also, the problems of texture
data labeling in part based texture appearance recognition are dealt with and an
approach for autonomous texture labeling is explained in order to create labeled
scene images consisting of image patches (Turtinen & Pietikäinen 2005). In view
based recognition, diﬀerent textures are observed from diﬀerent viewing poses and
possibly under diﬀerent illuminations as well. Part based methods refer to cases
where the original image is divided into smaller parts such as image blocks or
interest regions.
The appearances of natural objects and textures look diﬀerent depending on
the viewing position and illumination conditions, for example. Proper appearance
information can be used for recognizing diﬀerent objects in new environments.
The classical example of an appearance based recognition method is the eigenface
approach of Turk & Pentland (1991). Their approach creates a low-dimensional
face space by performing a PCA on the training set of face images. This lowdimensional space is then used to detect and recognize faces.
A problem in appearance based recognition approaches is how to represent the
object appearance generally and compactly. Typically, a large number of training
samples taken in known poses and illuminations is used for creating a model of
an object or texture. A fundamental assumption in view based vision is that each
object of interest can be represented with a small number of models obtained from
the images taken from selected views. How many of these ”keyframes” are needed
and how they are selected is dependent on the data, features and requirements of
the given application.
For rough textures (a relatively large number of diﬀerent texture elements distributed unevenly on the texture) relatively many models may be needed because
the visual appearance of these textures can vary greatly, whereas smooth textures
(evenly distributed and more regular texture elements) may require a much smaller
number of models. Using invariant features (rotation, scale, gray scale, aﬃne), the
within-class variability is likely to decrease, which should reduce the number of
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models needed. One should remember, however, that while adding feature invariance, the discriminative power of a feature (and between-class diﬀerences) might
in fact decrease (Zhang et al. 2007).
How one selects a good reduced set of models is dependent on the application.
If a good coverage of training images of all classes taken from diﬀerent viewpoints
and illumination conditions is available and all classes are known beforehand, a
model reduction method based on clustering or optimization can be used (Varma
& Zisserman 2002). If it is not possible to have enough representative training
samples, the selection of models could be done, for example, by utilizing information about the imaging positions and geometries of the objects, or temporal
information available in image sequences.
In this thesis, a semisupervised approach for ﬁnding appearance models for
each class by using self-organization is proposed. Also a method for learning and
labeling part based texture appearance models is proposed. These are discussed
in more detail in the following sections.

4.1 An semisupervised approach to learning texture
appearance models for view based recognition
Psychophysical studies suggest that the human brain represents objects as series of
interconnected views (Wallis & Bülthoﬀ 2001). Bülthoﬀ et al. (2002) have proposed
a system which learns such representations of objects through the process of feature
tracking. They were able to demonstrate that employing temporal information
during learning by means of keyframe representation yields a large increase in
recognition performance compared to a simple view based representation of the
same complexity using only static views.
How does one ﬁnd such interconnected frames for the recognition of arbitrary
textures? It is obvious that the optimization and brute search based methods, for
example, which are based on the assumption that all possible classes are known
beforehand cannot be used. The view based representation of a texture should be
more or less independent of the context and be applicable to various collections of
textures.
One possibility would be to track textures in consecutive frames digitized by an
image acquisition system, and then choose keyframes according to the changes in
texture appearance. This approach resembles the method of Bülthoﬀ et al. (2002).
Using clustering for selecting representative samples would be another option. Lee
et al. (2003) used k-means for sampling exemplars from video sequences. However,
such an approach can fail to ﬁnd meaningful clusters when the data is very highdimensional and complex. Instead of this, here the self-organization of texture
feature distributions over a sequence of images is used to learn the key frames for
each texture class separately.
The proposed approach is designed for view based texture recognition. It is
assumed that there are several images taken under diﬀerent poses and illuminations for each class. These samples can be considered as diﬀerent frames and LBP

72
features are calculated from each of them. The main idea in ﬁnding representative keyframes is to utilize the self-organization of feature distributions. The
LBP histograms of each training sample belonging to a certain class are fed to a
SOM, which strives to distribute the feature vectors as uniformly as possible. The
dimensionality of the data is reduced to two while preserving its topology. Since
samples with similar textural characteristics cluster close to each other, representative models (keyframes) can be selected by considering only a subset of samples
in each local neighborhood. The selection can be made by sampling the training
samples from the SOM nodes.

4.1.1 Experiments
In the experiments, the CUReT texture database was used (Dana et al. 1999).
The CUReT database contains 61 diﬀerent real world textures, each imaged under
205 diﬀerent combinations of viewing and illumination directions. Images with
a viewing angle less than 60◦ were selected, leading to a total of 118 images in
each class. The same 20 classes out of 61 were considered as in the corresponding
experiments of Varma & Zisserman (2002). The samples of each class were divided into two sets: one for training (79 samples/texture), and one for testing (39
samples/texture). The training set was used to ﬁnd the smaller set of appearance
models to be used in the classiﬁcation. The training set was further divided into
two smaller sets, one for training (40 samples/texture) and the other for validation
(39 samples/texture).
The image acquisition of the CUReT database has been made in a controlled
laboratory environment. The samples of each texture type in the database can be
thought of as a sequence of frames taken from diﬀerent viewpoints and illumination
directions. The illumination conditions vary between the images, which requires
robust feature extraction. In this sense, it is very attractive to use LBP with
this database. The goal is to automatically ﬁnd the ”keyframes” for the classes.
riu2
features were calculated
Multiresolution and rotation invariant LBP8,1+16,3+24,5
from the images and then classwise SOMs were constructed. For comparison, a
greedy optimization based approach was ﬁrst applied to select 3, 6, and 9 models for
each texture on average. The optimization method maximized the total number of
images classiﬁed (Varma & Zisserman 2002). The optimization used the training
set to select the samples for each category. The classiﬁcation accuracy of the
optimized features on the independent test set is shown in Table 6.
Fig. 29 illustrates a SOM obtained for the class ”Terrycloth” showing original
training images in the nodes. The numbers in the SOM nodes indicate how many
training samples are grouped into a single node during the self-organization process. These samples are likely to be very similar to each other. The dissimilarity
between the samples grows with the geometrical distance between the nodes.
A simple sub-sampling scheme was used in ﬁnding the keyframes. The 40 training samples were used to build a 5×5 SOM for each class. The trained codebook
vectors were then clustered with k-means into separate clusters. After that, the
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Table 6. Classiﬁcation results for diﬀerent average number of models using greedy
optimization and SOM based methods (20-class problem).

Greedy optimization
SOM based (class-wise maps)
SOM based (common map)

3 models
83.4
83.2
83.2

6 models
91.9
90.0
88.8

9 models
93.2
92.0
91.6

Figure 29. A 4x4 SOM created for the class ”Terrycloth”.

validation part of the training set was projected on the quantized codebook vectors
and the closest samples were selected to the appearance model set. Fig. 30 shows
an example what kind of models are selected for the class ”Terrycloth”.
When using this rough model selection principle and 3, 6 and 9 models per class,
the classiﬁcation rates of 83.2%, 90.0% and 92.0%, respectively were obtained. The
results are average rates from 50 separate tests. The results are quite close to those
achieved with the optimization method as shown in Table 6. They show that the
presented approach takes into account the within-class variations well, and is able
to ﬁnd proper models for each texture class.
Next, we investigated whether this kind of approach could be used for selecting
models when the whole training set of all 20 classes is used to train a common
SOM. In this case, also the between-class variations are taken into account as in
the optimization based method. The combined set of 40 training samples of each
class were used to build the 15×12 node SOM. Fig. 31 (a) presents the resulting
map. Diﬀerent classes are drawn with diﬀerent colors. After that, the validation
part of the training set was projected on the obtained codebook vectors. The
resulting BMU vectors were clustered with k-means as before, and the closest validation samples were selected for the appearance model set. With this approach,
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Figure 30. Nine selected Terrycloth models from a 5×5 SOM.

classiﬁcation rates of 83.2%, 88.8% and 91.6% were obtained for the 20-class problem when using 3, 6 and 9 models per class. The results are average values from 50
separate tests. Fig. 31 (b) shows an example how the validation samples from one
class (”Salt Crystals”) are spread on the trained map. It can be noticed that some
samples of the class are mixed to some other classes and the cluster is actually
divided into two separate connected regions. The visualization based training system allows us also to visualize the original texture images representing each node.
This helps a user (vision system trainer) to inspect which samples in a SOM node
belong to a given class.
The accuracy was about the same as the one obtained by choosing models for
each class separately. This further conﬁrms the hypothesis that it is possible to ﬁnd
good appearance models for texture classiﬁcation by applying self-organization to
each textured class simultaneously. Of course, an approach taking into account
both within-class and between-class variations should provide somewhat better
results, but requiring all classes to be known and well covered at once is too
restricting in a more generic view based recognition system. With the visualization
based appearance learning approach the user (teacher) can easily visualize the
inspected data, see how badly the classes are confused and detect possible outliers.
The time needed for the model selection was only a fraction of that needed by the
greedy optimization method.
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Figure 31. A SOM representing the whole training data (a) and the validation
samples of the class ”Salt Crystal” (shown in brown) projected on the trained
SOM (b).

4.1.2 Summary
View based texture recognition has many applications, including, for example, object recognition. In this thesis, problems of ﬁnding representative models for view
based texture recognition were considered. A semi-automatic approach for learning
texture appearance models by using self-organization of LBP feature histograms
was proposed. It was shown that it is possible to quickly learn a good reduced
set of appearance models for each texture class separately. It was also shown that
texture appearance models can be learned by applying self-organization simultaneously to several classes. The visualization based approach presented can be
easily used for selecting model histograms and rejecting outliers, thus providing
an eﬃcient tool for vision system training, even when the feature data has large
variability.

4.2 Learning and labeling multi-class part based appearance
models for recognition
Recently, part based texture and object recognition has been a topic of wide interest. A typical approach is to detect speciﬁc points of interest in the image, or
use dense regular grid points and calculate local descriptors around these points.
Then a model for the class is created based on the descriptors. Often the descriptors are designed to be invariant with repspect to natural changes in the image,
such as rotation and scale. Advantages of such part based methods are that they
are distinctive, robust to occlusion and do not necessarily require segmentation
on cluttered backgrounds. Diﬀerent part based approaches have shown very good
accuracy in various object and texture recognition tasks (Zhang et al. 2007).
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In part based techniques, a great number of individual image patches have to be
processed. For building a labeled training set from such images one typically needs
to manually segment and label a number of training images. In this thesis, the
labeling problems in part based texture analysis are considered, and an attempt
is made to automise as much as possible the whole labeling procedure. The goal
is to learn interesting models from the current texture representation and provide
labels for the data automatically using this information (Picard & Minka 1995).
A straighforward approach for labeling texture parts would be to ask a human
to give labels for a small subset of samples and then automatically provide labels
for the rest of the data with supervised learning. This requires that the features
used are very eﬀective and the initial samples represent all classes reliably. Often
these restrictions are too strict in real-world applications. The use of invariant
feature sets is eﬀective for tackling intra-class variation and reducing the number
of models needed per class, but still labeling is required (Lazebnik et al. 2005).
In this thesis, the texture labeling problem is approached from the view of
learning, utilizing both active learning (Cohn et al. 1996) and co-training (Blum
& Mitchell 1998). The labeling procedure is started from a small subset of initially
labeled samples combined with a large unlabeled data pool. In active learning,
those unlabeled samples that provide most additional information are automatically selected for explicit labeling. In practice, these samples are usually the ones
that are diﬃcult to classify. Simultaneously, a great number of samples can be automatically labeled with high conﬁdence utilizing co-training where two separate
classiﬁers with diﬀerent feature sets derived from the same image data are used.
Several approaches for both active learning and learning from labeled and unlabeled data have been proposed. In active learning, new samples to be labeled are
typically selected to maximize the performance of the classiﬁer in some way (Cohn
et al. 1996, Iyengar et al. 2000). Some attempts at learning with both labeled and
unlabeled data sets have also been made. See, for example, the review by Seeger
(2001).
In the proposed framework, two diﬀerent feature sets are extracted from the images to be labeled. The feature sets should complement each other. One possibility
is, for example, to use LBP features to capture microstructural information of the
textures and Gabor features (Manjunath & Ma 1996) to describe more macrostructural elements. In color texture analysis, one can use texture information together
with color features. Feature sets are then used in the co-training algorithm (Blum
& Mitchell 1998) for labeling a part of the samples automatically. Active learning, resembling the one proposed by Yan et al. (2003), is used to select the most
ambiguous samples for manual labeling. The actual labeling in this phase is made
with the visualization based approach (see Section 3.3) utilizing a self-organizing
map to cluster the feature data and represent it in a low-dimensional space.
The labeling system is designed for part based recognition. First the original
images are processed with an interest point detector, or sampled with a dense
grid. Then two complementary feature sets are extracted from the local image
regions. A small amount of textures are selected to be initially labeled while most
of the data is unlabeled. At this point, we have a small labeled data set Dl having
labels from ﬁnite set T of size k. We also have a larger unlabeled data set Du
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obtained with both features. Multi-class co-training and active learning is applied
to the data. In the co-training, part of those unlabeled samples that are correctly
labeled with high conﬁdence are automatically added to the labeled set Dl . In the
active learning step, some of those samples that have ambiguously predicted labels
are selected for explicit labeling. The labeling is performed with the visualization
based approach, and the labeled samples are added to Dl . We are able to learn
new texture classes and increase the size of T with visualization. The following
subsections give more detailed explanation of the components used.

4.2.1 Multi-class image part labeling using co-training
The co-training algorithm proposed by Blum & Mitchell (1998) utilizes two different ”views” from the data and trains a pair of learning algorithms to classify
samples in the two-class problem. They assume that the feature sets used are conditionally independent given the labels and samples that are conﬁdently labeled
with one feature set might be mislabeled with the other learner. The learners
can therefore train each other by allowing each one to label some amount of the
conﬁdently labeled samples in both negative and positive categories. The assumption that feature sets are conditionally independent rarely holds with real-world
data distributions. Regardless of that, co-training has been succesfully used, for
example, in text classiﬁcation (Blum & Mitchell 1998).
Suprisingly, co-training has seldom been applied to multi-class problems. Ghani
(2002) presented a multi-class text categorization approach decomposing the original classiﬁcation problem into multiple binary problems using error-correcting
output codes (ECOC) (Dietterich & Bakiri 1995). Co-training was then applied
separately to each binary classiﬁcation problem. In the proposed approach, the
original classiﬁcation task is also decomposed into multiple binary problems.
Allwein et al. (2001) proposed a uniﬁed approach for reducing a multi-class
problem into multiple binary problems to be solved by a margin classiﬁer, such
as the support vector machine (Vapnik 1996). Basically, the margin of a training
example is a number that is positive if and only if the example is correctly classiﬁed by a given classiﬁer and whose magnitude is a measure of conﬁdence in the
prediction. Now, let m be the number of training examples xi , and let yi ∈ −1, +1
be the correspondig label for the example. The margin based learning algorithms
try to minimize the loss function with respect to the margin z = yi f (xi ). A binary
margin based classiﬁer g is obtained by solving
1 
L(yi f (xi )),
m i=1
m

g = arg min
f ∈F

(4)

where L(z) is some loss function L :  → [0, ∞), F denotes a functional space and
f (xi ) is the decision value function of the margin classiﬁer for example xi .
Multi-class to binary decomposition can be performed via a coding matrix M ∈
k×l
{−1, 0, +1} , where k is the number of classes and l is the number of binary
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problems. M (r, s) = 1 if the learner s should consider samples from the class r as
positive examples, M (r, s) = –1 if the samples from class r should be considered as
negative examples, and if M (r, s) = 0 it does not matter how the learner considers
samples from class r. There are many approaches to constructing a coding matrix.
For example, for the popular one-against-all coding, M is a k×k matrix in which
all diagonal elements are +1 and all other elements are –1.
As there are several methods for constructing a coding matrix, there is also
more than one way to ﬁnd the predicted label for the sample after classifying
it with multiple binary classiﬁers. Allwein et al. (2001) proposed two diﬀerent
decoding methods. In the ﬁrst approach, the Hamming distance between the
predicted labels obtained with diﬀerent binary classiﬁers and the coding matrix
rows indicating classes is calculated. Let M (r) be row r of the coding matrix M
and let F (x) be the predictions for an example x with multiple binary learning
algorithms F (x) = (f1 (x), . . . , fl (x)). Now, the distance of the Hamming decoding
method is
dH (M (r), F (x)) =


l 

1 − sign(M (r, s)fs (x))
2

s=1

(5)

where sign(z) is +1 if z > 0, –1 if z < 0 and 0 if z = 0. For an example x and a
coding matrix M, the predicted label yx ∈ {1, ..., k} is therefore
yx = arg min dH (M (r), F (x)).
r

(6)

The Hamming decoding scheme ignores entirely the magnitude of the predictions which can often be an indication of the level of conﬁdence. That is the reason
why Allwein et al. (2001) also proposed a loss based decoding method and obtained
better results than with the Hamming decoding. In loss based decoding, the idea
is to choose the label r that is the most consistent with the predictions fs (x) in the
sense that, if example x were labeled r, the total loss on example (x, r) would be
minimized over choices of r ∈ T . Using the same notation as above, the distance
measure in the loss based decoding is obtained with
dL (M (r), F (x)) =

l


L(M (r, s)fs (x)),

(7)

s=1

where L(z) is a loss function. With an SVM classiﬁer, it is recommended to use the
same form of the loss function that is used in the actual binary margin based learner
(Allwein et al. 2001). This corresponds to the loss of form z = 1 − M (r, s)fs (x).
Analogous to Hamming decoding, the predicted label yx ∈ {1, ..., k} is
yx = arg min dL (M (r), F (x)).
r

(8)

In traditional co-training, an assumption is made that the features extracted
from local image patches are conditionally independent given the class labels. In
realistic cases, this rarely holds exactly. For example, when calculating micro- and
macrostructural texture properties from an image region, the features obtained
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can correlate on some level. This might lead to erroneous label predictions if
basic co-training is used. Therefore, a slightly modiﬁed version of the labeling
rule that is typically used in co-training algorithms (Blum & Mitchell 1998) is
proposed, where both feature sets are able to label some amount of conﬁdently
labeled samples. In the beginning, we have labeled data sets Dl1 and Dl2 for both
features. Eq. (7) and Eq. (8) are used to calculate the level of conﬁdence and the
corresponding estimated output yx for each example x in the unlabeled data pool
Du . The estimated output and the level of conﬁdence are obtained separately with
both feature sets using the current labeled training sets Dl1 and Dl2 . The total
conﬁdence is obtained by summing the individual conﬁdence values of separate
learning algorithms. Then n samples, with the highest conﬁdences are labeled and
added into the labeled sets only if the both predictions yx1 and yx2 are the same. If
there are no similarly predicted labels with high conﬁdence, then both learners are
allowed to label some of the most conﬁdently predicted samples, as in traditional
co-training. This modiﬁcation improves the labeling, especially in the beginning
of learning when there are only a limited number of training samples.

4.2.2 Active learning of part based appearance models
The active learning model used in this work is based on the approach of Yan
et al. (2003), where they labeled video frames utilizing color features to identify
individual humans in the scene. The approach used a margin based learner and
decomposed the multi-class problem into a set of binary-class problems. So the
settings used in the co-training phase can be directly extended and utilized in the
active learning step. One of the most important components in active learning is
the sample selection function, which selects a set of informative examples to be
labeled. The optimal active learner is a learner that always asks for labels of those
unlabeled examples which, once incorporated into the training set, will lead to the
lowest expected generalization error. With margin based learning algorithms we
can select such unlabeled samples which can minimize the expected risk on the
data set (Yan et al. 2003).
Consider we have a labeled data set Dl of samples to be used in the training
of the learner to classify unlabeled samples. P (x|y) is the conditional distribution
over a sample x given its label y, and P (x) is the marginal distribution of x.
Using the labeled training data the multi-class learner gives an estimated loss
dL (M (y), f Dl (x)) for each x and y in the unlabeled set Du . Superscript Dl denotes
that the current labeled data set Dl is used for training the classiﬁer used in the
estimation. In theory, the expected risk function of such a learner can be written
as
R(f Dl )

= Ex Ey|x (dL (M (y), f Dl (x)))
 
=
dL (M (y), f Dl (x))P (y|x)P (x)dx.
X y∈T

(9)
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The task of an active learner is to select some of the unlabeled samples D+ , ask
labels for them and add the labeled samples into the Dl to form a new updated

labeled data set: Dl = Dl ∪ D+ for the learner. Yan et al. (2003) showed that the
+
can be found by maximizing the risk reduction caused by
optimal query set Dopt




added samples R(f Dl ) − R(f Dl ), where R(f Dl ) and R(f Dl ) are calculated over
the sample pool.
In practice, the maximization of the risk reduction is usually impractical due the
enormous number of combinations of possible selections D+ . Fortunately, there
are some simple heuristic approximation strategies that can be applied to sample
selection without requiring re-training of the classiﬁer to estimate the expected
risk for each combination (Yan et al. 2003). One solution is to use the ”best worst
case” model, which chooses the most ambiguous samples for labeling (Campbell
et al. 2000). It is based on the assumption that the loss function can be expected
to be small if the conﬁdently labeled samples are most likely correctly labeled.
Now, let yx be the predicted label for sample x. If Eq. (7) is used for calculting
the conﬁdence of each labeling, in the best worst case we choose the sample x+
with the maximum loss for the predicted label with
x+ = arg max
x

l


L(M (yx , s)fs (x)).

(10)

s=1

In our part based image representation, we have two feature sets extracted from
the same image parts. The total loss for the predicted label is formed by summing
the individual sample losses as was the case in the co-training phase. The userdeﬁned number n of the most ambiguous samples (diﬀerent predicted label yx
for both learners and high loss value) are selected for explicit labeling. As the
learning process progresses the predicted labels are most likely to be similar with
both learners and Eq. (10) is alone used for selecting samples for explicit visual
labeling.

4.2.3 Experiments
Natural scene images from the Outex texture database (Ojala et al. 2002a) were
used in the experiments. Test suite ID Outex NS 00001 consists of 22 sequential
outdoor scene images of 2272×1704 pixels taken by a human walking along a street.
Half of them were selected into the training image set to be used in the labeling
framework and the others were left for the validation set. There are manually
deﬁned sparse ground truth regions (sky, trees, grass, road and buildings) for each
image in the database.
To study the performance of the labeling framework, only the ground truth
regions were ﬁrst used and manual labeling with a visualization based approach
was not used at all. To construct the initial labeled dataset, the ﬁrst and the last
training image from the sequence were selected. The ground truth regions of the
other nine training images were then used in the co-training and active learning.
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The ground truth regions of the remaining eleven images were used for validation.
Images were divided into non-ovelapping blocks of 64×64 pixels and only those
blocks whose every pixel belonged to same ground truth class were considered.
SVM was used as a binary margin based learner (Vapnik 1996). In a two class
case the decision function for a test sample x has the following form:

αi yi K(xi , x) − b,
(11)
f (x) =
i

where K(xi , x) is the value of a kernel function for the training sample xi and
the test sample x, yi the class label of xi (+1 or -1), αi the learned weight of the
training sample xi , and b is a learned threshold parameter. For the kernel, an
extended Gaussian kernel was used. The kernel is deﬁned as


1
K(xi , xj ) = exp − Dist(xi , xj ) ,
(12)
κ
where Dist(xi , xj ) is the χ2 distance between feature vectors xi and xj , and κ is
the mean value of the χ2 distances between all the training samples.
Multi-class co-training and active learning were performed using the two manually labeled images as initial training data Dl . The remaining nine training images
riu2
(dimensionality 54)
were used to generate the sample pool Du . LBP8,1,16+3,24,5
and color centile features (Silvén et al. 2003) (dimensionality 15) were extracted
from 64×64-pixels image parts. Two diﬀerent coding schemes, one-against-all and
pairwise, were used in the multi-class to binary coding. The algorithm was iterated 12 rounds, and 100 samples in each round were labeled with co-training
and an other 100 with the active learning process. Fig. 32 shows the classiﬁcation
results obtained with both feature sets using separate validation data. The obtained results indicate that the ﬁrst few iterations have the largest inﬂuence on the
classiﬁcation rate. There is not much diﬀerence between the coding schemes used.
With the color features, the classiﬁcation rate ﬁrst increases, but then decreases a
little as the learning process proceeds. This is indicative of possible overﬁtting of
the model to the training data.
To study more about the eﬀects of the co-training and active learning phases,
a separate experiment was run where only co-training or active learning was used.
In each iteration a maximum of 50 samples were labeled automatically with cotraining or explicitly with active learning and added to Dl . The results are shown
in Fig. 33. The classiﬁcation performance increases more slowly with co-training
compared to active learning, and more iterations were required to create as many
labeled samples than with active learning. This was because the sample selection
criteria do not always take the maximum number n samples, but the conﬁdence
and classiﬁcation ambiguity aﬀect the selection. The result is reasonable because
with co-training the easiest samples are labeled ﬁrst and added to the training
set. The most ambiguous samples can be labeled wrongly with co-training, and
the system starts to learn wrong models. An interesting discovery was that the
pairwise coding scheme seemed to produce more reliable labeling than one-vs-all
with co-training.
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Figure 32. Classiﬁcation rates during co-training and learning.

Active learning boosted the classiﬁcation rate quickly by discovering the most
ambiguous samples in the beginning of the training. This is a very important
property in the data labeling system. For this reason, an experiment was run
where active learning was ﬁrst applied four times to the data, and 50 samples were
explicitly labeled. After that, co-training was used to label the remaining samples
automatically, and the active learning step was applied in every ﬁfth iteration to
improve the labeling and prevent the system from starting to learn wrong appearance models. Fig. 34 shows the results obtained with these settings. It can be
noted that a very good classiﬁcation performance can be achieved using only a
small manual labeling eﬀort. The classiﬁcation performance of LBP features increased when the active learning steps were performed. The performance gain was
larger in the ﬁrst iterations and after the procedure continues the classiﬁcation rate
increased only a little or remained similar. With color features, the classiﬁcation
rate ﬁrst increases rapidly, but then decreases when more samples are added to the
training set. This is possibly caused by overﬁtting the model to the training data,
and one should consider using, for example, separate validation material to check
if this is the case. Also discrimination power of the color features may be too low
when the size of the training set increases and appearances of diﬀerent classes can
become more similar. A similar eﬀect was also visible in the active learning based
experiments (Fig. 33 (b)).
Next, the labeling approach was used to learn and label part based appearance
models using visualization for a completely unlabeled dataset. The same initial
datasets were used as before (the ﬁrst and last images from the sequence). The
sample pool was created dividing the rest of the training images into 64×64-pixel
subimages. Totally there were 8190 unlabeled image parts. Similar iterative learning was carried out as before, and for the ﬁrst two iterations the active learning
procedure was used to select 100 image blocks to be explicitly labeled in both
rounds. The visualization based approach with a self-organizing map was applied
for manual labeling (see Section 3.3). After that, co-training was used to automat-
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Figure 33. Classiﬁcation rates during learning using co-training (a) and active
learning (b) alone.

ically label a maximum of 100 image blocks in each iteration. Active learning with
the visualization based labeling was performed in every ﬁfth iteration to improve
the labeling. Those samples whose class was diﬃcult to determine with visualization (i.e. several classes mixed) were not labeled. After labeling the trainig
image patches, a classiﬁer was trained with the obtained labeled data for classifying image patches in scene images. The classiﬁcation rate achieved 91 % when
riu2
features and ground truth regions of separate test images
using LBP8,1+16,3+24,5
for validation. Fig. 35 shows examples of a segmented training image (top) and
testing image (bottom) created by classifying 64×64-pixel regions in the images
using an SVM classiﬁer and the created training set. Most of the regions are
correctly classiﬁed, but especially blocks on the class boundaries are diﬃcult.
The classiﬁcation rate of image patches was reasonable good. One should notice
that there was a total over 20000 image patches in the training and testing sets.
Using the proposed labeling system, the user had to manually label only a fraction
of these (1000 image blocks, in addition to the initial labeling of the ﬁrst and
last images in the sequence). Labeling was made consistently with a visualization
based approach, and only those image patches that were considered to be diﬃcult
were forwarded to the manual labeling. As a result, complete label masks for scene
images were created. These can be further used by some other system that requires
pixel or block wise labels.

4.2.4 Summary
Collecting of labeled training data is typically laborious and prone to humanmade errors in part based recognition applications. In this thesis, the learning and
labeling of part based appearance models were considered in order to ease human
work.
Local image regions were described with two complementary feature sets. Then
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Figure 34. Classiﬁcation rates during labeling procedure using active learning
in the beginning of the process. Co-training is then applied to label automatically most of the samples and the active learning step is run in every ﬁfth
iteration to improve the labeling.

Figure 35. Examples of a training and testing image classiﬁed into ﬁve classes.

an active learning framework was applied to automatically select such unlabeled
image patches that would provide useful information for the training set. Those
unlabeled samples that the active learner suggested should be labeled were analyzed and labeled with a visualization based user interface. Co-training was used
to automatically label those samples whose label could be known with high conﬁdence.
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With the proposed approach, the amount of human work needed in the labeling
is reduced dramatically, but the labeling performance remains very good. In addition, the user can introduce totally new classes in the visualization phase, which
makes the labeling procedure very ﬂexible.
However, one should consider how far the labeling procedure needs to be run
and how many image parts it is reasonable to label. In speciﬁc applications, like
building a training set for a classiﬁer, it is usually not necessary to label all the
training patches, but similar classiﬁcation rates can be obtained with smaller sets
also. In these cases, it might be best to apply the active learning alone for the
data to build a small, but discriminative labeled training set. In addition to the
labeling of a part of the training samples, the co-training procedure with slight
modiﬁcations might also be utilized in the actual classiﬁcation phase. Co-training
is also suitable for learning a priori distributions of the classes during the training
process. This might be important if some other classiﬁers are used instead of
discriminative SVM.

5 Eﬃcient classiﬁcation of textured views
Classiﬁcation of unknown textures is the ultimate goal in texture characterization.
Texture classiﬁcation has been under intensive research from the early days of
computer vision, and several diﬀerent approaches to classifying textured views
have been proposed. In this thesis, texture classiﬁcation in two speciﬁc applications
is considered: outdoor scene image classiﬁcation and paper surface classiﬁcation.
For scene image classiﬁcation, a contextual classiﬁcation system that incorporates
the local texture evidence of the images with contextual constraints is proposed
(Turtinen & Pietikäinen 2006). For paper surface classiﬁcation, a real-time capable
texture classiﬁer with a self-intuitive user interface enabling on-line paper analysis,
is proposed (Turtinen et al. 2003b,a, Mäenpää et al. 2003). The following sections
describe these methods in more detail.

5.1 Contextual scene image classiﬁcation
In this section, texture based image classiﬁcation and scene description by classifying image patches into predeﬁned categories is considered. The framework is
based on powerful features and a local classiﬁcation model to predict the class
label for individual image patches in the scenes. In addition, the context of the
surrounding regions is considered for taking into account the spatial dependency
of the labels (Feng et al. 2002, He et al. 2004, Singhal et al. 2003).
The proposed approach can be used for segmenting textured scenes in a meaningful way. Texture information is extracted from the local image patches using an
eﬃcient multi-scale and rotation invariant approach based on LBP features. The
spatial regularity of the labels and the feature data are utilized in the contextual
classiﬁcation framework. The classiﬁcation is performed by applying a multi-class
SVM on the local image patches. Finally, a discriminative graphical model is
learned to combine the local classiﬁcation with its context. The conditional random ﬁeld (CRF) Laﬀerty et al. (2001) is used for that purpose.
Image features used in the classiﬁcation system are based on the local binary
pattern texture features. LBP features are extracted in a multi-scale fashion as
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illustrated in Fig. 36. The original large scene image is ﬁrst divided into nonoverlapping blocks. Then the features are extracted from these blocks on three
diﬀerent scales: windows of three diﬀerent sizes are centered at each block and
features are extracted from these by ﬁrst scaling the patches to the same size. The
LBP features themselves from each scaled patch are also calculated using three
diﬀerent neighborhood radii (R=1,2,3 pixels). The main diﬀerence to the basic
LBP is that the original local image patches are processed in multiple scales to
incorporate more information about the texture.
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Figure 36. Multi-scale LBP feature extraction.

Rotation invariance is obtained by using circular neighborhood sampling and
selecting only rotation invariant patterns as features. In practice, rotation invariant
local patterns are such LBP codes that are rotated to their minimum values around
the pixels (Ojala et al. 2002b). By combining multi-scale image representation with
rotation invariant features the texture of local image patches can be modeled very
eﬃciently.
The original scene image is modeled as a grid (lattice) where each node corresponds to the image patch from which the features are extracted. The nodes are
connected to their adjacent nodes, and a graph G = (S, E) with the set of nodes
S and edges E is constructed. This graph is then used in the CRF framework for
determining labels for each image patch.
CRF is a discriminative version of the Markov random ﬁeld (MRF), which is
a very commonly used undirected graphical model in computer vision (Li 2001).
MRFs provide a theoretical way of incorporating local contextual constrains in labeling problems. MRF models are generative, where the joint probability, P (x, y),
of the features x and corresponding labels y are learned. One problem of the
traditional MRF is that it does not allow us to use the observed data, like image
features, when modeling interactions between labels. In scene image analysis, such
information is important and might improve interaction models. CRF allows us
to incorporate data dependent interactions in the models. Another advantage of
CRF compared to traditional MRF is that they are disciminative models: it is not
required to generate prior distributions over the labels and the posterior P (y|x) is
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modeled directly.
CRF takes the form
⎞
⎛


1
P (y|x) =
A(yi , x) +
I(yi , yj , x)⎠ ,
exp ⎝
Z(x)
i∈S

(13)

i∈S j∈Ni

where A and I are potential functions, S is the set of nodes and Ni is the neighborhood of the node i. Z(x) is an observation dependent normalization function.
Function A is called association potential and it couples features x from an image region (node) i with a label yi for the region. A function I is an interaction
potential that couples image features for pairs of regions and labels.
In a multi-class case (T -class problem) the association potential function is
deﬁned as
A(yi , x) =

T


δ(yi = k) log P (yi = k|x),

(14)

k=1

where δ(yi = k) is 1 if yi = k and 0 otherwise. P is the posterior probability
of the local discriminative classiﬁer. Typically classiﬁers that directly provide
posterior probabilities are used, such as the logistic classiﬁer in the work of Kumar
& Hebert (2003). Here, a multi-class SVM with an RBF kernel is used as the
local discriminative classiﬁer. The original SVM is a binary classiﬁer and does not
provide posterior information, but the distance to the decision hyperplane and the
posterior probabilities need to be found indirectly. The multi-class problem is ﬁrst
decomposed into several binary problems using one-vs-one coding. Then, pairwise
class probabilities, rkl ≈ P (y = k | y ∈ {k, l} , x), are estimated from the training
data. These are estimated using a modiﬁed version of Platt’s (Platt 2000) method:
rkl =

1
1 + exp(A · fˆ + β)

,

(15)

where fˆ are the decision values (distances to the hyperplane), and parameters
A and β are estimated with the maximum likelihood method using the known
training data. After that, the approach presented by Wu et al. (2004) is used to
obtain pk from rkl ’s by solving the optimization problem:
min
pk

T 


(rlk pk − rkl pl )2

k=1 l:l=k

subject to

T


pk = 1.

(16)

k=1

The interaction potential predicts how the labels at two sites interact, given the
observations. In a multi-class case, the interaction potential has the form
I(yi , yj , x) =

T
T 


vkl Φij (x)δ(yi = k)δ(yj = l),

(17)

k=1 l=1

where vkl are model parameters and Φij (x) are features for sites i and j. In
scene image analysis, these features can be designed so that they encourage label

89
continuity. Instead of using just the distance (Euclidean or some other measure)
between sites i and j as a feature, it is also possible to use other joint features
extracted from the nodes (Lee et al. 2005).
For learning the model parameters, a set of labeled training images is assumed
to be available, and the parameters are learned sequentially. First, the local SVM
classiﬁer is trained using, for example, a grid search to ﬁnd the RBF kernel parameters γ and C. Then, these are ﬁxed and the interaction potential parameters
vkl are learned maximizing the log-likelihood of the model distribution presented
in Eq. (13). Let the model parameters be θ = {vkl }, then the goal is to maximize
M
the log-likelihood function L(θ) =
i=1 log P (yi |xi , θ) over M training images.
Maximization is achieved using a gradient based method. The derivative of the
log-likelihood with respect to parameters vkl can be written as
M  


∂L
=
δ(yim = k)δ(yjm = l) − δ(yi = k)δ(yj = l) Φij (xm ),
∂vkl
m
m=1
i∈S

j∈Ni

where · brackets denote expectations with respect to the current model distribution, m is the training image index and i and j are site indices. In practice,
the expectation cannot be computed exactly due to the exponential number of
conﬁgurations of labels yi . In this work, expectations are approximated with the
pseudo-marginals returned by loopy belief propagation (BP) (Frey & MacKay
1997). A limited memory second-order optimizer (L-BFGS) is used for actual
optimization (Byrd et al. 1994). To avoid overﬁt, regularization is used where a
Gaussian prior for the parameters is assumed. This is performed by setting the
penalty on the weight vectors vkl , whose Euclidean norm is too large. In practice,
2
kl ||
is subtracted from the log-likelihood function and vσkl2 from its
the term ||v2σ
2
gradient. For inference, the sum-of-product version of loopy BP is used to ﬁnd the
maximum posterior maginal (MPM) estimates of the labels for each node.

5.1.1 Classiﬁcation experiments
The contextual classiﬁcation method was experimented with using natural outdoor
images taken from the Outex texture database (Ojala et al. 2002a) and the Sowerby
image database (Collins et al. 1999). The Outex database has two natural outdoor
scene image sets: the ﬁrst set contains a sequence of 22 images taken by a human
walking in a park (Outex ID NS00001), and the second one contains 20 random
snapshots taken outdoors (Outex ID NS00000). All the images are 2272×1704
pixels in size. The Sowerby dataset contains 104 outdoor images taken around the
Bristol area. The size of each image is 768×512 pixels.
The Outex images have sparsely deﬁned ground truth regions for ﬁve diﬀerent
classes (grass, trees, road, sky and man-made structures etc.). Instead of using
these sparse regions, each pixel in the images was ﬁrst manually re-labeled into
these ﬁve categories to incorporate more contextual constrains. The Sowerby im-
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ages had already pixel-wise labels.
First the local classiﬁcation without any contextual information with the SVM
and a logistic classiﬁer, which is a typical discriminative classiﬁer used with CRFs,
were experimented with. Fortraining data, half of the sequentially taken Outex NS 00001 images (alternate indicies) were used. The images were ﬁrst divided
into 24×24-pixel blocks and then the features were extracted form these blocks.
The multi-scale and rotation invariant LBP features were used. Three windows
(sizes 24×24, 48×48 and 96×96 pixels) were set over each block and the region
under them was scaled to 65×65 pixels using bilinear interpolation. Multiresoriu2
features were extracted from each
lution and rotation invariant LBP8,1+16,2+24,3
window and these feature vectors were concatenated. As a result, the feature data
dimensionality was 162. The testing data was extracted from the other half of
the images. With the logistic classiﬁer, the classiﬁcation rate was 79%, while with
SVM it was 82%. In additon, we experimented with how multi-scale feature extraction performs compared to the features extracted using only one window size.
The classiﬁcation rate was about 20 percent units worse (62% with both classiﬁers) compared to the multi-scale approach. Based on these experiments, it can be
said that SVM classiﬁcation combined to multi-scale LBP features is a relatively
eﬀective local classiﬁcation method in outdoor scene texture images.
Next, contextual classiﬁcation by combining SVM and CRF was experimented
with. Similar features to those earlier were extracted from the images. Then
anisotropic CRF parameters (separate parameters for vertical and horizontal edges)
were learned using the maximum likelihood method. Table 7 shows the results obtained with the Outex images. The NS 00001 train images were used for training
the model and also the classiﬁcation rates for these training images are reported.
The classiﬁcation rate for the other half of the NS 00001 image set achieved 87.6%.
For comparison, we also classiﬁed the original sparsely deﬁned ground truth regions (GT) from the Outex images. The classiﬁcation rate was 95.2%, which is
almost 10 percent units better than the best result reported in (Pietikäinen et al.
2004) (85.4%). The same model was also experimented with using diﬀerent images
taken from the Outex NS 00000 set. This image set is more challenging, but the
classiﬁcation rate achieved was 77.1% without re-learning the model using images
taken from this particular data set. For original sparse ground truth regions, the
accuracy was 82.5%. Some example images and classiﬁcation results are shown in
Fig. 37. It can be seen that with contextual classiﬁcation, image region labels are
much more robustly predicted.
The Sowerby image database has several labels in diﬀerent categories. The six
main categories were selected for experiments: man-made structures, vegetation,
road, sky, road borders and undeﬁned. The classes were selected so that they
better represent texture classes. There are several classes in the database that are
not reasonable in texture classiﬁcation experiments. Undeﬁned regions were not
considered when calculating the classiﬁcation rate. Similar features to those in the
Outex experiments were extracted from the images, except the block sizes were
8×8, 16×16 and 32×32 pixels. 60 images were randomly selected for training and
the remaining 44 for testing. This division corresponds to the earlier experiments
with the same database (He et al. 2004). The classiﬁcation rate with the local clas-
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Table 7. Classiﬁcation results with Outex and Sowerby images.
Image set
NS 00001 train
NS 00001 test
NS 00000 all
Sowerby (test)

SVM [%]
(local)
85.3
82.2
67.8
63.9

CRF [%]
(contextual)
92.2
87.6
77.1
80.3

SVM (GT) [%]
(local)
95.7
91.8
71.8
-

CRF (GT) [%]
(contextual)
99.2
95.2
82.5
-

P9100032

SVM result

SVM+CRF result

P9100045

SVM result

SVM+CRF result

P1010002

SVM result

SVM+CRF result

Figure 37. Example result images from Outex database.

siﬁer was 63.9% and the contextual classiﬁcation result was 80.3%. Fig. 38 shows
two example images of classﬁcation results. The advantage of using contextual
information is again obvious.
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SID-06-04

SVM result

SVM+CRF result

SID-14-07

SVM result

SVM+CRF result

Figure 38. Example result images from the Sowerby database.

5.1.2 Categorization experiments
Reliable prediction of class labels of regions in an image is important and useful
in many diﬀerent applications. Next we experimented on how texture based contextual image classiﬁcation performs in typical digital album management tasks,
such as automatic annotation of images and keyword detection (Duygulu et al.
2002, Barnard et al. 2003, Viitaniemi & Laaksonen 2005). The proposed framework does not try to be a complete image retrieval or annotation system, but our
goal is to demonstrate the usufulness of local texture information and contextual
classiﬁcation in such applications.
The settings are quite similar to those used in the previous experiments. Texture information is used for modeling diﬀerent textured object categories and a
classiﬁcation system combining local and contextual information is applied for creating a description of image content. The diﬀerence to the earlier experiment is
that the labeling approach presented in Section 4.2 is ﬁrst used to generate a labeled training set for the image patch classiﬁer. Also simpler LBP features are
used for modeling texture properties in order to make image processing faster.

5.1.2.1 Data preparation and training
Images taken from the Corel and Sowerby image databases were used in this study.
A subset of 60 images containing rhinos and hippos was selected from the Corel
database for training. Similarly, 60 images from the Sowerby database were selected for training. Fig. 39 shows example images from both datasets.
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Figure 39. Examples scenes taken from the Corel and Sowerby datasets.

Images in the Corel database are taken in uncontrolled conditions with diﬀerent cameras, time periods and in the various places. All these matters cause large
illumanation changes in the images. These variations are diﬃcult to ﬁx or normalize, and the features should be robust in varying conditions. Also the outdoor
images of the Sowerby database are demanding from the feature extraction point
of view. With both datasets the LBP features could oﬀer beneﬁtical performance
because of its robustness.
All the images were scaled to 384×256 pixels of size. A part based image labeling
approach was used to generate a labeled image set using non-overlapping 16×16pixel blocks. Initially ﬁve images from both datasets were manually labeled. Image
patches were labeled to eight classes namely: animal, vegetation, sky, ground,
water, man-made structures (cars, buildings, etc.), road, and undeﬁned. Then
multi-class labeling with co-training and active learning, presented in Section 4.2,
ri
were used as
was applied for the rest of the images. Color centile and LBP8,1
2
complementary features and SVM with χ kernel as the classiﬁer. The sizes of
the SVM classiﬁers training data sets were limited to 200 samples in each class.
This was achieved by performing k-means clustering for the current models and
the labeled image patches after each iteration.
After the creation of the labeled data set, a contextual image classiﬁer was
ri
was used as the local image feature and SVM as the local classiﬁer.
trained. LBP8,1
CRF with regular 24×16 grid and common vertical and horizontal edge feature
parameters was used as the contextual classiﬁer. An approach similar to (Lee et al.
2005) was used for the CRF edge features:
Φij (x) =

max(W (x)) − |Wi (x) − Wj (x)|
max(W (x))

(18)

where Wi (x) are LBP features extracted from the node i and max(W (x)) are the
maximum values for each LBP bin (evaluated from the training set). A limited
memory second-order optimizer (L-BFGS) was used to ﬁnd the CRF edge parameters.
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5.1.2.2 Categorizing unknown images
After the CRF was trained, we had a classiﬁer that was able to categorize textured
regions in the images into the predeﬁned classes. New images were divided into
non-overlapping blocks and represented with a similar grid to that used in the
training images. The similar LBP features were then extracted from the patches,
and the whole image was classiﬁed. As a result, each patch in the test images was
assigned with posterior probabilies of the classes.
Image categorization and description were then made with a simple heuristic
approach based on the classiﬁed image content to determine a score for each class
under consideration. These scores were used to arrange and categorize images
according to user queries. For example, images with a high animal score were put
into the animal category. Scores were calculated from the posterior probabilities
by ﬁrst removing the small probabilities (1 ) and then averaging the remaining
probabilties over the connected component larger than a certain threshold (2 ).
By adjusting these parameters the user can aﬀect the scoring. With large 1 ,
only those regions whose class can be conﬁdenly determined are considered in the
scoring. A large 2 requires that the size of the detected class region is large and
decreases the inﬂuence of noisy detections. The following steps summarize the
categorization of an unknown image.
1. Represent the image with a dense grid.
ri
features from each image patch of the grid.
2. Calculate LBP8,1
3. Classify patches with the trained classiﬁer, combining local and contextual
image information.
4. Determine scores for each class using the classiﬁcation results.
5. Organize images according to the obtained scores and user queries.
A total of 358 images from the Corel image database were selected for the
testing (folders ”African Antelope”, ”Alaskan Wildlife”, ”Cities of Europe I”, ”Cities
of Italy”, and ”Copenhagen Denmark”). These images contained a wide variety of
diﬀerent scenes from the African savanna to structured city scenes such as the
Eiﬀel tower and images of ruins in Rome. An important issue is that these scenes
diﬀer substantially from the training images, but contain some fundamental texture
properties, such as structured man-made buildings, diﬀerent vegetations, water,
sky and animals.
It is very diﬃcult to create perfect segmentation of such generic images based
on the restricted trained model. However, the obtained classiﬁcation evidence can
provide useful information about the image content. This information can be used
to organize images according to user queries. Fig. 40 shows the 30 test images with
the highest animal scores. It is noticeable that many images contain at least one
animal in the scene. Fig. 41 shows 30 test images that had the highest scores in
the man-made structures class. Also here, almost all of the selected images contain
such structures. One more example is shown in Fig. 42 where the images with the
highest sky scores are shown. The sky texture is relatively uniform and it can be
seen that almost every selected scene contains such uniform regions. Fig. 43 shows
the ROC curves for the animal, sky and structured categories. It is clearly seen that
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the contextual approach improves the performance of the categorization compared
to the local classiﬁcation. The main reason for that is the more conﬁdent prediction
of image region labels. With the animal and man-made structures categories, the
performance of the local classiﬁcation was relatively poor. The sky category was
easier also for the local approach.

5.1.3 Discussion
Natural scene image classiﬁcation with local classiﬁers alone is very diﬃcult. Using
proper contextual information, the scene classiﬁcation can be made more accurate.
In this thesis, a method for contextual multi-class classiﬁcation of textured images
was proposed. Multi-scale and rotation invariant local binary pattern texture
features were extracted from the image patches. Then local image classiﬁcation
with the support vector machine was combined with a conditional random ﬁeld to
include contextual information in the image classiﬁcation.
The approach was experimented with using outdoor scene images taken from
two diﬀerent databases. Even though the color information might be useful in these
particular data sets, the classiﬁcation rates with gray-scale images and texture
features were very good. The contextual information improved the classiﬁcation
rate and the SVM was found to be more eﬃcient with our features than the logistic
classiﬁer that is typically used in the CRF framework.
Scene image categorization is a diﬃcult task. We studied how part based and
contextual texture classiﬁcation can be used in scene categorization. rotation
invariant LBP texture features were used to model local texture properties of
the images. A local image classiﬁcation model was then trained using co-training
and active learning. Simultaneously, a labeled training image set was created (each
patch in the image was classiﬁed). Finally, a classiﬁcation system combining local
and contextual image information was trained. This system was then applied to
new kind of images to obtain information about their texture content which was
used to categorize and organize images according to user queries.
It was shown that local texture information is very useful in scene image classiﬁcation and categorization. Even though the training of the classiﬁer happened
using very diﬀerent images from those used in the testing, some fundametal properties of the texture were learned and they were able to categorize also new images.
In addition to rotation invariant yet discriminative features, the classiﬁcation system works well with scene images by encouraging label continuity: noisy local
classiﬁcations are reﬁned and smoothed with contextual classiﬁcation.
Large image databases and personal digital albums contain huge amounts of
unorganized images. High-level image analysis tasks with these datasets, such
as image organization according to user queries or annotation, are demanding
applications. Fully automatic description of image content is still an open research
issue. To achieve this, local texture information and eﬃcient image classiﬁcation
can provide useful tools.
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Figure 40. The 30 test images with the highest scores in the animal class
(parameters 1 =0.2, 2 =4 blocks).
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Figure 41. The 30 test images with the highest scores in the man-made
structures class (parameters 1 =0.2, 2 =4 blocks).
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Figure 42. The 30 test images with the highest scores in the sky class (parameters 1 =0.2, 2 =4 blocks).
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Figure 43. Receiver operating characteristics (ROC) curves obtained for the
categories animals (a), man-made structures (b) and sky (c).
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5.2 Real-time capable texture classiﬁcation with a
self-intuitive user interface
In most industrial surface inspection systems, speed is a critical issue. The analysis of a digital image must be completed within a tight time frame so that the
production system can act on the measures. Thus, both feature extraction and
classiﬁcation must be performed quickly.
Even though computing power has increased, one should still consider computation resources in industrial image analysis tasks. Typically, the multi-channel
ﬁltering based approaches used in texture analysis require additional DSP hardware for real-time applications (Kumar & Pang 2002). Classiﬁers are often rule
based, and their principle is to ﬁnd the threshold values and parameters that
produce the best classiﬁcation accuracy. Usually, human supervision is needed
in controlling this procedure, which makes it somehow subjective and prone to
human error. Although the classiﬁcation itself might be fast (depending on the
number of rules and other parameters) the teaching and parameter adjustment
phase is laborious. However, rule based approaches are popular and the operator
can utilize his expertize when adjusting the rules. Often it is useful to utilize the
expertize of several human operators when tuning the rule based approaches to
make the system more objective.
In this thesis, texture classiﬁcation by combining a self-organizing map with
LBP features is considered. LBP features are very fast to extract with a standard
low-cost PC enabling video-rate processing of large images. SOM provides an
eﬀective user interface for a classiﬁer, and classiﬁes textures quickly in a vector
quantization way. When training a classiﬁer with SOM, the operator can utilize
his special expertizem as with rule based classiﬁers. Compared to the traditional
rule based approaches SOM oﬀers a very self-intuitive view into the classiﬁer,
and training is more consistent. Both LBP feature extraction and SOM based
classiﬁcation can be optimized in order to create a software based real-time texture
classiﬁer (Mäenpää et al. 2003).
In order to optimize LBP feature extraction in a general-purpose CPU, one
should take into account some software implementation issues. In (Mäenpää et al.
2003) an optimized software implementation of the LBP features was derived.
Pixel comparisons between the center and neighboring pixels were replaced by
subtractions. The sign bits of the subtractions were extracted by the logical AND
operation and used to build LBP codes for each pixel. On a 1GHz processor, the
implementation achieved video rates (24 images/second) with images as large as
960×960 pixels, if the images were prefetched into the memory (Mäenpää et al.
2003).
LBP feature histograms contain a great deal of information about the microtextons of the image. With the basic 8-bit LBP operator, there are 256 bins in the feature histogram. Not all these bins are equally important in the classiﬁcation tasks,
and in some cases a good subset can achieve better classiﬁcation accuracy than
the original, large feature set (Mäenpää et al. 2000). There are several approaches
to reduce the number of features. Using LBP features, beam search based and
SFFS based (Pudil et al. 1994) approaches have shown good performance (Mäen-

100
pää et al. 2000, 2003). Also boosting based (Freund & Schapire 1995) mehtods
have perfomed well, especially in LBP based face recognition (Zhang et al. 2004).
The feature selection is typically application speciﬁc, and the subset selected for
a certain task might not work well in other applications. Usually, the selection is
a supervised task made in the training phase of the classiﬁcation. This is the case
considered also in this study.
The SFFS algorithm oﬀered by Pudil et al. (1994) is relatively simple yet effective, and it was selected for the feature reduction method in the experiments.
SFFS was also shown to be a good feature selection algorithm in the study of Jain
& Zongker (1997) in texture based land classiﬁcation. The SFFS algorithm is an
enhanced version of the sequential forward search. On each iteration, all remaining features are added to the feature set in turn, and the one that resulted in the
largest performance increase is selected. In a backward step, each of the already
selected features is disabled in turn, and the performance of the remaining features
is measured to see if removing the feature could increase the performance. The
performance in each iteration can be measured, for example, with k-NN or some
other classiﬁer using the training data or cross validation.
After the feature set is optimized, it is fed to the SOM to train an actual
classiﬁer. The computational burden of non-parametric classiﬁers like the k-NN
classiﬁer is linearly related to the number of training samples. This poses serious
eﬃciency problems to many visual inspection applications as a large amount of
training data is needed. SOM consists of a ﬁnite number of nodes representing
the original data in a low-dimensional node grid. During training, the codebook
vectors are tuned to ﬁt the training data. The nodes of the SOM can also be
labeled with the training data if the labeled data is available. In classiﬁcation,
the SOM works as a simple vector quantizer: an unknown sample is classiﬁed
according to the code vector closest to it. This is basically a neareset neighbor
search and several methods for speeding up such searches have been proposed, also
with SOM based classiﬁcation (Bajramovic et al. 2006, Niskanen et al. 2002).
The main contribution of this section is to study how LBP features and SOM
perform in texture classiﬁcation. Special care must be taken when LBP distributions are used as features for a classiﬁcation system. The sum of the bins of an
LBP histogram is dependent on the size of the image, which must be taken into
account by normalizing the feature vectors. This is easiest to achieve by dividing
all the bin counts in the feature histogram by the number of pixels in the image.
Of course, when the size of the image remains constant, there is no need for such
normalization.
In the classiﬁcation and SOM training phase, the dissimilarity between histograms needs to be determined. Typically, the Euclidean distance between features is used in the SOM training and classiﬁcation algorithm. With distribution
based features, there are many other well-known measures, like the KullbackLeibler divergence and the Jeﬀrey divergence, that can be utilized for measuring
the dissimilarity of the feature distributions (Puzicha et al. 1999). With LBP distributions, the log-likelihood statistic based on Kullback’s minimum cross-entropy
has been usually used (Ojala et al. 2002b, 1996). This cumlog statistic is calculated
as
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L(S, M ) =

B


Sb log Mb ,

(19)

b=1

where S and M are the sample and model distributions, B is the number of bins
and Sb and Mb correspond to the sample and model probabilities in bin b (Ojala
et al. 2002b). The cumlog measure is calculated from LBP histograms that have
been normalized to sum to one. In this case, the sum of Eq. (19) is negated in
the dissimilarity calculations. Also the SOM weight vectors are normalized in a
similar manner after updating them with Eq. (2).
After the training phase, the codebook vectors of the SOM (the values of the
trained nodes) are proportional to the features of the training data, and each node
can be considered as a feature vector extracted from the training sample. If the
created SOM is used as a classiﬁer using separate data as input, the new data
must be brought to the same form as the training data. For example, the new
data must be normalized with the same normalization parameters.
Fig. 44 illustrates the idea of SOM based classiﬁcation in paper characterization,
but the principle is same for any classiﬁcation problem. Classiﬁcation with a SOM
is simple: samples can be compared directly to the nodes of the SOM and only
the closest node needs to be found. To achieve quantitative results with a SOM
classiﬁer, a pre-labeled SOM must be used. Labeling is usually performed with
supervision. By inspecting just the clustering of the training data, based on the
samples’ appearances, predictions on class boundaries can be made visually. This
can be very useful in industrial texture classiﬁcation oﬀering a handy visualization
tool for the operator: it is possible to visualize how the textures change over time
and trace the eﬀects of process parameter adjustments.

good
good
good
good printing
quality
poor
poor printing
quality

classification and
clustering

poor
poor

Figure 44. SOM based clustering and classiﬁcation. Diﬀerent classes form
separate clusters on the projection and the user can visually trace how the
textures change over time.
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5.2.1 Experiments with labeled datasets
The performance of SOM based classiﬁcation with the LBP features was analyzed
with two diﬀerent data sets. First, a set of natural textures imaged in a highly
controlled laboratory environment was utilized. The images were obtained from
the Outex database which contains over 300 diﬀerent textures, each captured under
three diﬀerent light sources, six spatial resolutions and nine rotation angles (Ojala
et al. 2002a). This set of textures is well suited for showing the applicability of the
methods to the discrimination of diverse textures in general. Furthermore, these
textures provide a good basis for comparing the classiﬁcation performance to other
texture analysis methods. Second, a real-time paper inspection problem was used
as an application study to show the performance of the system in a real-world
problem. The cumlog distance measure was applied and the result achieved by it
was compared to those obtained with the Euclidean measure. Also the speed and
accuracy of the SOM based classiﬁer were compared to those of a k-NN classiﬁer.
In addition, the performance of an optimized LBP implementation and feature
subset selection with a SOM based classiﬁer was experimented with.
In the ﬁrst experiment, a preselected set of 24 textures from the Outex database
was used. At the Outex site (http://www.outex.oulu.ﬁ), this set has the test suite
ID Outex TC 000002. The textures of that set contain 18 diﬀerent canvases, four
carpets and two ceramic tiles. The suite is produced by taking the maximum
possible number of non-overlapping 32×32-pixel sub-images from each gray-scale
image. This results in a total number of 8832 images, and 368 samples per texture.
These are randomly divided into two even sets, one for training (4416 images) and
the other for testing (4416 images). The random division was performed 100 times.
As a classiﬁcation result, the mean of the classiﬁcation accuracy over the 100 trials
is reported.
Table 8 summarizes the results obtained. In the SOM based classiﬁcation, the
size of the SOM was set to 25×25 nodes and the k-NN classiﬁcation was made
with value k = 3. The experiments were performed with a 900MHz Sun Sparc
computer. Computation times on classiﬁcations are averaged over all the testing
samples. The actual feature extraction is not included in the time values shown
u2
features and its dimensionality is
in Table 8. MR-LBP refers to LBP8,1+16,2+24,3
857. The dimensionality of LBP8,1 is 256. It should also be noticed that the times
elapsed in the diﬀerent schemes are not directly linear dependent on the size of
the feature vector and maximum number of comparisons. This is because to save
unnecessary calculations the the distance calculation is cancelled if it gets larger
than the current minimum distance.
It can be seen that the cumlog distance gives better accuracy than the Euclidean
distance, but it is computationally more expensive. Especially with the SOM
based approach and LBP8,1 , the improvement is noticeable, and the results are
comparable to those of k-NN classiﬁcation. With a SOM based approach, the
multiresolution LBP performed almost equally well with the basic LBP, while in
k-NN classiﬁcation it was better. This can be partly caused by the statistical
instability of the feature: because of small input images there are many zero bins
in the histograms. Zero and small valued data might also aﬀect numerical stability
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Table 8. Outex classiﬁcation results.
Settings
LBP8,1 + SOM
MR-LBP + SOM
LBP8,1 + k-NN
MR-LBP + k-NN

Cumlog [%]
88.4
88.4
88.6
91.1

Cumlog Ct [ms]
75.1
263.3
549.2
657.3

Euc [%]
81.7
81.8
88.1
90.3

Euc Ct [ms]
8.2
14.4
58.6
71.6

in the iterative SOM training process.
In the second experiment, real-world paper images were used. Paper characterization is a typical example of a real-time classiﬁcation application. The paper
web moves about 30 m/s, posing extreme requirements on an analysis system. The
image acquisition itself is a diﬃcult problem which must be considered carefully.
Requirements for image analysis are simple: faster is better. With fast enough
analysis the operator can better react to the changing conditions and in some
cases there is also a chance of controling the process.
The image data used in the experiments was provided by our industrial research
partner. There was a total of 1004 8-bit gray-scale images with a resolution of
756×566 pixels. The spatial resolution was about 20cm×15cm. This is only a
fraction of the whole paper web width, which can be over ten meters. The images
were taken in laboratory environments with hardware that was designed for online usage. To cover the whole web in the machine direction with 15cm spatial
resolution would require a very high frame rate (200fps) to ensure that no material
is missed. Therefore, taking an image, transferring it to the analysis system,
extracting features, and classifying may take only about 5 ms. With paper it
probably does no harm to miss some material between successive frames because
the overall quality does not change rapidly. Nevertheless, a continuous estimate of
paper quality is of great value to the control system and fast image processing is
desirable.
There were four quality classes labeled by experts, and the system was trained to
separate these categories. Typically ﬂocs are randomly distributed on the paper
sheet and can be in arbitrary orientations. This prompts the use of rotation
invariant features in the analysis. But in this particular experiment, we used
rotation variant features because diﬀerences between classes were more related to
the size of the ﬂocs and diﬀerent orientations were included in the training set
relatively well. A hold-out classiﬁcation test with approximately equally sized
and randomly divided training and testing sets was performed. The size of the
classiﬁcation SOM was set to 10×8 nodes, which is small enough to reach a highspeed classiﬁcation rate and large enough to achieve good discrimination between
the classes in the used data.
Table 9 summarizes the classiﬁcation results and execution times obtained with
u2
diﬀerent features and classiﬁers (k = 3). The same LBP8,1 and LBP8,1+16,2+24,3
features were extracted as with the Outex experiments. The times are calculated
as a mean of several classiﬁcations performed on a 900 MHz Sun Sparc. The
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Table 9. Paper characterization results.
Settings
LBP8,1 + SOM
MR-LBP + SOM
LBP8,1 + k-NN
MR-LBP + k-NN
SFFS + SOM
SFFS + k-NN

Cumlog [%]
98.8
98.6
99.8
99.8
99.2
99.8

Cumlog Ct [ms]
8.2
31.3
51.3
181.2
0.17
0.75

Euc [%]
98.4
99.8
99.8
99.8
99.0
99.6

Euc Ct [ms]
2.5
3.7
4.4
8.2
0.05
0.23

feature extraction time is not included in these times.
It can be noticed that the SOM based classiﬁcation is much faster than the k-NN
classiﬁer. Logarithm calculations in the cumlog dissimilarity measure take much
time, but they can partly be optimized by using pre-calculated look-up tables.
Such large images as were used in this experiment produce very large look-up
tables and they were not used. A similar strategy to the Outex test to stop the
distance calculation if the current minimum distance was already exceeded was
used.
The classiﬁcation performances are very similar for both distance measures.
With the k-NN classiﬁer both dissimilarity measures worked well and gave the
same results. With the SOM classiﬁer and basic LBP, the advantage of the cumlog
was 0.4 percent units, but with multiresolution LBP, the cumlog lost 1.2 percent
units and gave even worse results than the basic LBP. This result is not statistically
signiﬁcant because the data set is so small.
The data set used turned out to be easy for LBP. Using such eﬀective features
with such a small data set, it is hard to ﬁnd reliable diﬀerences in performance
between classiﬁers and dissimilarity measures. The diﬀerences between the dissimilarity measures and SOM based classiﬁers are so small that they could be caused
by the nature of random procedures in the SOM’s initialization. Also the numerical instability in the data normalization and logarithm calculations could aﬀect
the results.
In the last experiment, the same paper data was used as above, but this time
the feature set was optimized with the SFFS algorithm. First, the LBP8,1 features
were extracted and SFFS was run on the training data set. Only three features were
required to classify the training data perfectly. New feature data sets were then
constructed by selecting these three feature bins and adding one normalization bin
that contained all the other features leading to a feature vector of size 3+1. The
accuracy with the SOM based classiﬁer was 99.2% and with the 3-NN classiﬁer
99.8%. Hence, the speed improvement compared to the full LBP distribution was
64-fold, without loss of accuracy. An interesting result was that with the SOM, the
pruned feature vector even slightly increased the classiﬁcation accuracy. With such
a small and limited dataset it is diﬃcult to analyze the speciﬁc reasons for that.
One possibility is that the class clusters are more compact and clearer in the new
lower-dimensional space and the SOM can represent such data more accurately
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than the original high-dimensional LBP data.

5.2.2 Characterization of on-line paper textures
The goal of on-line paper texture characterization is to provide tools for paper
producers to achieve information about the quality of the paper during production. Even though there are several diﬀerent automatic sensors for measuring the
properties of paper both on-line and oﬀ-line, operators still use manual visualizations of transilluminated papers for conﬁrming the visual quality. To do that, they
take samples from the produced paper every now and then and look through it
against a light source. In practice, they are trying to ﬁgure out what kind of ﬂoc
structures there are in the paper and how the ﬂocs are distributed on the sheet.
Based on the observations they then decide if the process needs to be adjusted
somehow. This is basically a manual texture analysis application and we try to
automate this process.
Extreme conditions in the paper factory set very high requirements on the online image analysis based quality measurement methods. Special care must be
taken when designing the camera and light source hardware settings in order to
produce images with good quality. In this thesis, the imaging technology is not
covered, but the images are provided with the hardware designed by our research
partner. The main interest is that the system is able to produce images with
reasonable quality in order to develop automatic analysis based on them.
The proposed paper characterization approach is designed so that it is suitable
for on-line paper texture analysis. The paper textures are represented with LBP
features that have been found to be eﬀective in paper characterization (Turtinen
et al. 2003b). A visualization based approach such as presented in Chapter 3 is
ﬁrst used with oﬀ-line image data for training an on-line capable classiﬁer. Then
this classiﬁer is used for classifying on-line paper images into predeﬁned categories.
The oﬀ-line images were collected with the same on-line imaging device and saved
for later usage. Isomap was selected to be used for oﬀ-line training and SOM for
on-line classiﬁcation as illustrated in Fig. 45. Visualization is also possible during
classiﬁcation so that the operator can see what kind of paper is produced at the
moment. The following subsections describe the approach in more detail.

5.2.2.1 Image data preparation
The imaging system was installed in the Stora Enso paper mill in Oulu, Finland.
The running paper web was imaged for one and half months in December 2003 and
January 2004. The images were stored on a local hard disc and then transfered
to the University of Oulu for further analysis. Basically, the imaging system was
able to produce several images in a second, but to limit the number of transfered
images, the imaging interval was set to 15 minutes. In addition, the running paper

106

off-line
data

on-line
data

training
data

Isomap

SOM

Figure 45. Oﬀ-line training and on-line usage of the proposed paper characterization system.

web was imaged using a one second interval on three diﬀerent days.
A similar imaging device to that used in the previous labeled dataset experiments was used. The camera was installed over the running paper web in a static
position. The spatial resolution of the images were 20cm×15cm that covered only
a small part of the whole web width. In on-line environments, the imaging settings
had to be slightly changed from the laboratory settings: the shutter of the camera
needed to be set to be faster, and only every second scanline was stored in the images. The images acquired were 8-bit gray-scale sized 768×288 pixels and a sample
is shown in Fig. 46. Fig. 47 shows the same image after performing the histogram
equalization operation. It can be seen that the light is not evenly distributed on
the sheet but the borders are left quite dark. New samples were generated where
256×256 pixels blocks from the center of the original images were cropped. These
new samples are easier to visualize in visualization based training and also much
faster to process in the feature extraction phase. It should be noted that histogram
equalization is used only for visualization and not in feature extraction. Unevenly
distributed lighting could have been corrected afterwards also for feature extraction, but because LBP is very robust in diﬀerent lighting conditions, we processed
raw cropped images. We also wanted to construct a system that requires only little
preprocessing, and one that is easier to adapt to new environments. Images taken
during the downtime of the mill were rejected, leading to a total of 2316 images
taken with 15 minute intervals, and 5605 images taken with a one second interval.
Table 10 summarizes the image data used.
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Figure 46. Example of the on-line paper sample. The machine direction is
upwards in the image.

Figure 47. A histogram equalized example of the on-line paper sample. Histogram equalization is used to help the visualization of the images on the
screen.

5.2.2.2 Feature extraction
LBP texture features were extracted from the cropped images. Features are invariant to monotonic gray-scale variations. However, the spatial variability of the
lighting has some eﬀect on the features. Despite this, LBP is very robust in diﬀerent lighting conditions, and usually it is not necessary to correct the light proﬁle of
the images. In our case, it was desired that the feature extraction and preprocessing phases would be very simple. For that reason, the LBP was applied directly
to the uncorrected cropped paper images.
Because of the nature of the paper making process, the ﬁbers and ﬂocs are in
random orientations. For that reason, rotation invariant LBP operators were selected. A small enough image size allowed the use of the basic 8-bit operator or a
multiresolution operator in order to extract features quickly enough. Usually, the
multiresolution version provides a little better classiﬁcation accuracy compared to
the basic LBP, and we chose to use the multiresolution LBP operator. Features
were extracted using radii R=1, 2 and 3 with P =8, 16 and 24 neighbors, respec-
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Table 10. Summary of the image data used in paper characterization.
Time
December 2003
December 2003
January 2004
January 2004

Interval
15 min
1 sec
15 min
1 sec

Total images
1565
5362
1399
1475

Good images
1159
4133
1157
1472

tively. The rotation invariant patterns were selected using a fast look-up table
riu2
feature data
implementation. The total dimensionality of the LBP8,1+16,2+24,3
was 54.

5.2.2.3 Oﬀ-line training
Images taken in 15 minute intervals were used for training. No other data labels
than the imaging time stamps were available. For this reason, a visualization based
approach was used for studying the paper texture data and training a classiﬁer.
LBP texture features extracted from the images were fed to the Isomap algorithm to reduce the dimensionality of the data. Then visualization of the Isomap
projections together with experts from the paper mill was made in order to study
if the paper textures had been organized in some meaningful way. Fig. 48 shows
the Isomap projection obtained with images taken in December 2003. Diﬀerent
colors correspond to diﬀerent days and it can be seen that the textures change
over time.
By visualizing the images of the projection, it was found that the visual roughness of paper changes dramatically. In the beginning of the month, the paper
texture is rougher and ﬂocs are not as uniformly distributed on the sheet as at the
end of the month. Fig. 49 shows example samples taken from the left end of the
projection corresponding to the beginning of the imaging procedure. The same
ﬁgure shows also samples taken from the end of the month (the right end of the
projection) for comparison.
Next, a new Isomap projection was created using all the 15-minute interval
images taken in December 2003 and January 2004. Fig. 50 shows the projection
obtained using color labels to indicate the date of the sample. The same projection
using labeling where diﬀerent colors correspond to approximately a one week time
period is also shown in the same ﬁgure. The shape of the new projection resembles
greatly the projection obtained with the December data. The new January images
are located to the other end of the projection and, based on the used texture
features, they are similar to those obtained at the end of December.
Even though the appearance and the roughness of the paper changes when moving on the Isomap projection, it is very diﬃcult to deﬁne clear and exact boundaries
for separating classes. However, the visual roughness also gives information about
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Figure 48. Isomap projection created from the paper textures imaged in
December 2003.

(a)

(b)

Figure 49. Paper samples taken at the beginning of December 2003 (a) and
at the end of December 2003 (b).

the quality of the paper: paper producers want their paper to be smooth where
ﬂocs are uniformly distributed. Thus we can select an extensive set of textured
paper samples from the projection and then train a classiﬁer to separate samples
into deﬁned ”roughness” categories. For creating these categories one can manually select samples from the projection and give them a corresponding label. With
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(a)

(b)

Figure 50. Isomap projection created from the paper textures imaged in
December 2003 and January 2004 (a) and the same projection labeled in
week periods (b).

such a diﬃcult material as paper, this manual labeling can be impractical and we
decided to create categories automatically using clustering in the projection space.
Fig. 51 shows an Isomap projection that has been labeled into ﬁve visual roughness
categories using k-means clustering for the points. Categories are also balanced so
that they contain an approximately equal number of the data points. Balancing is
made because we train a SOM based classiﬁer, and we want each category to be
represented with approximately the same number of nodes. Without balancing,
dense regions will take a majority of the nodes. In our case, this would mean that
smooth and good samples at the left end of the Isomap projection would take most
of the classiﬁcation SOM nodes and the other regions get only a few nodes. After
balancing, sparse regions correspond to larger regions in the projection and the
original feature space, but do not require as many data points to be represented
as denser regions. So, in practice, we are indirectly estimating the density of the
training samples and make sure that there are enough data points also from sparse
regions.

5.2.2.4 Paper texture classiﬁcation
An automatically created training set was used to train a SOM based classiﬁer.
SOM was selected because it enables real-time classiﬁcation and oﬀers also a selfintuitive user interface. The operator can visualize the SOM and is able to see
what kind of paper textures are being classiﬁed.
Fig. 52 shows a classiﬁcation SOM trained with the data set created in the
previous step. Classes are separated by using diﬀerent colors and numbers in
the middle of the nodes. The number in the lower part of the node corresponds
to the number of training samples gathered in that speciﬁc node. The number
in the upper part is the number of classiﬁed test samples whose BMU the node
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Figure 51. Automatically selected and labeled training samples from the
Isomap projection.

is. Diﬀerent classes are quite nicely represented with the SOM and the visual
roughness of the paper changes from rough to smooth when moving from right to
left in the projection. Visual analysis of the images in the SOM nodes reveals that
the paper appearance changes, especially in the x-direction of the map, while the
changes are not so signiﬁcant in the y-direction.

Figure 52. A classiﬁcation SOM trained with automatically labeled training
samples. Diﬀerent colors correspond to diﬀerent visual apperance classes.
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The trained SOM was then used to classify the images taken in one second intervals. Fig. 53 shows the classiﬁcation results using images taken on December 10,
2003. The nodes containing most of the classiﬁed samples are highlighted. These
form quite a compact cluster, especially in the x-direction. The consecutive paper
samples were typically classiﬁed to the same nodes or their neighboring nodes. This
indicates that the appearance of the paper does not change dramatically between
the samples. Fig. 54 shows similar results for images taking on January 5, 2004.
Now the classiﬁed samples form two separated compact clusters that are close to
each other. Some of the samples are also classiﬁed between these clusters. It was
found that in the beginning, the samples were classiﬁed into the lower cluster and
after a while the classiﬁcation results ended up in the other cluster. There were
no additional transitions between the clusters.

Figure 53. 10.12.2003 paper texture images classiﬁed with the trained SOM.

5.2.3 Discussion
In this section, the combination of SOM and LBP in texture classiﬁcation was
studied. The unsupervised learning, visualization and high-speed classiﬁcation
capabilities of SOM, combined with the excellent discrimination capability and
the computational simplicity of LBP oﬀer signiﬁcant potential for new industrial
applications. It was shown that a cumlog distance measure can be successfully used
instead of the Euclidean distance normally used with SOM. The cumlog measure
performed better when the number of classes grew.
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Figure 54. 5.1.2004 paper texture images classiﬁed with the trained SOM.

When designing a real-time visual inspection system, one often needs to balance
between speed and accuracy requirements. In this thesis, real-time capable texture
classiﬁcation was achieved using an SFFS feature selection algorithm with LBP
features and a SOM based classiﬁer. The performance of the approach can be
little worse than with full feature data and a k-NN classiﬁer, but the speed-up is
considerable. In addition, SOM based classiﬁcation oﬀers a very self-intuitive user
interface, which can be used by the operator in industrial classiﬁcation systems.
We also studied how texture based methods can be used in on-line paper texture
analysis. Visualization of the low-dimensional texture data projections were used
to study the properties of paper and train an on-line capable classiﬁer for separating
diﬀerent paper qualities. It was found that LBP features are able to discriminate
diﬀerent paper textures relatively well. Especially, the visual roughness changes
of the paper texture could be detected very well. This is good because it is known
that the visual roughness is in correlation to certain important properties of paper,
such as printability. It can also be used to derive information about the formation
of the paper.
Visual analysis of the projection and original images can be used for labeling
the data for the training purpose. In this particular case, automatic labeling by
clustering Isomap points was used to partition the training set into ﬁve classes
describing the appearance and quality of the paper. These classes were deﬁned
so that the visual roughness of the paper in each category remained relatively
constant. Between classes it varied from smooth to rough. Automatic labeling was
used because the class boundaries of the visual roughness are not clear and the
boundaries are rather fuzzy. Automatic labeling is also safe and justiﬁed because
the categories describe more the appearance of the paper than certain measured
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properties such as the beta-formation index.
SOM was used as a classiﬁer enabling high-speed classiﬁcation with a selfintuitive user interface. It was found that the visual roughness of the paper
changes systematically when moving from the right to left in the SOM. In the
vertical direction the changes were more minor. Using this information, it can be
assumed that texture appearance changes in the x-direction are more interesting.
The y-direction changes can be regarded as ”measuring noise” when determining
the visual roughness of the paper. On the other hand, y-direction changes can
also describe some other important paper properties, such changes in the intensity
of ﬂocculation that were not clearly visible in the images. One should use more
images and better image enhancement methods to be able to visually conﬁrm this.
Visualization of the SOM oﬀers additional value for classiﬁcation. An operator
can visualize the appearance of the produced paper. The operator can also make
a decision on the necessity of classiﬁer re-training and assumptions about the
imaging device functionality (the camera lens gets dirt during the operation, the
back light darkens, etc.). One possibility would be to label the classiﬁcation maps
with customer satisfaction data available in the paper factories and use that as a
reference and perhaps produce paper quality that satisﬁes the customer the most.
Certain regions in the map could also be annotated with some of the process
adjustment parameters describing how to achieve such paper appearance.

6 Conclusions
Local texture information is an eﬃcient cue in image analysis. Texture is more
robust than color with respect to illumination changes, and local image structures
are distinctive for classifying diﬀerent texture types. In this thesis, image texture
characterization using local binary pattern features was considered.
Image analysis applications are seldom solved by using out-of-box methods,
but often tuning and modiﬁcation of the algorithms are required. Utilization of
texture is typically also not straightforward and one must consider, for example,
what kind of features are being extracted and how these features are further used.
In this thesis, methods were proposed for early stage data analysis to study the
performance of texture features and to train a classiﬁer. One goal was to study
if visualization based approaches are useful in such tasks where no prior information about textures is available and important properties of textures must be
learnt in an unsupervised manner. It was found that non-linear manifold learning
and dimensionality reduction using Isomap or SOM can provide useful information
about the texture when applied to high-dimensional LBP texture feature distributions. The properties of these two approaches were further studied in visual
feature performance analysis and visual training of a classiﬁer.
One trend in computer vision research is to use local part based approaches
for describing the image content. Local part based methods can be justiﬁed with
several arguments: they are distinctive, robust to occlusion and often invariant to
local image transformations, for example. In this thesis, texture recognition using
part based appearance models was studied, and a method for labeling textured
image parts was proposed combining co-training and active learning, and using
visualization based training. LBP features proved to be powerful for capturing the
texture appearance of local image patches. The labeling approach was found to be
useful in labeling the image parts in outdoor scene images into predeﬁned classes by
reducing dramatically the manual human work required. Also a semisupervised
method for learning the appearance models for view based texture recognition
was proposed. SOM based learning oﬀered comparable accuracy to the greedy
optimization method, but was much more ﬂexible and faster.
Eﬃcient modeling of local texture helps in the development of new texture analysis applications, outside traditional texture analysis. These include, for example,
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classiﬁcation of natural outdoor scene images. Textures in such scenes are often
under 3D distortions making it diﬃcult to analyze these images. In this thesis,
LBP features were used in a part based scene image classiﬁcation indicating very
good performance. In addition, a classiﬁcation system, especially designed for
part based scene image classiﬁcation, combining local and contextual image texture data, was proposed. The ﬁndings of the thesis suggest that part based texture
analysis is suitable for outdoor scene texture image classiﬁcation. Proper context
information makes the classiﬁcation more robust and improves the accuracy.
To exploit texture in real-world applications, approaches must be robust, often
invariant with respect to illumination, rotation or scale changes, and fast in order
to allow real-time processing. LBP operators fulﬁll all these requirements relatively
well from the feature extraction point of view. This thesis presented arguments on
various texture classiﬁcation problems using LBP. The rotation invariance of LBP
was found to be useful in paper and scene texture classiﬁcation. In scene image
analysis, the multi-scale features gave good results. In general, the multi-resolution
LBP operators tended to produce better results than the basic LBP with paper
and scene textures.
In this thesis, real-time capable texture classiﬁcation combining LBP features
with SOM was studied. The approach performed very well in diﬀerent texture
classiﬁcation tasks. In addition to good performance, also the visualization properties of the SOM can be useful in texture classiﬁcation and SOM can be used as
a user interface for a classiﬁer. For example, in industrial inspection applications
an operator can see from the map what kind of material is being produced and
can get instant feedback on the process. Another possibility is to visually adjust
class boundaries on the map and adapt the system to new environments without
requiring a rebuild of the whole classiﬁer from the beginning. The arguments for
using the SOM and LBP in real-time texture classiﬁcation were conﬁrmed in the
experiments using the paper texture images for classifying diﬀerent paper qualities.
The selection between the diﬀerent LBP operator variants is typically made
application speciﬁc. The methods proposed in this thesis oﬀer an interactive and
visual approach to selecting the most suitable texture operators for the speciﬁc
problem. The ﬁndings of the thesis indicated that interactive visualization of the
high-dimensional texture data is valuable at an early stage of texture analysis when
selecting the appropriate LBP operators. The experimental results conﬁrmed the
hypotheses and arguments on the usefulness of unsupervised projections in texture
analysis with local binary patterns.
Currently, the LBP operator has been widely used in diﬀerent applications and
research problems around the world. Lately, LBP and its extensions have turned
out to be more general visual descriptors than just traditional texture measures.
Even more challenging applications are expected in the future. One interesting
direction would be to apply manifold learning and visualization to spatio-temporal
LBP data for learning the dynamic bahavior of the texture. Another interesting
area for future research is to learn appearance models in part based image analysis
using features especially designed for local image patch description, such as centersymmetric LBP (Heikkilä et al. 2006). Instead of using dense grid based image
partition, it would also be interesting to learn LBP appearance models extracted
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around some interest points or salient regions detected in the image.
In scene image classiﬁcation, contextual information of the image seems to help
in the analysis. Still the current model is far from being a generic scene recognizer.
In the future, one possibility is to develop the scene classiﬁer toward hierarchical
behavior where the system ﬁrst detects the animals or man-made structures, and
then categorizes these into more speciﬁc classes, for example. Proper use of context
and relations of image regions should help in this task.
Another open research issue in scene analysis is dealing with learning object and
texture categories. As a further direction one could try to learn visual categories in
an unsupervised fashion and extend part based image labeling to use these learned
models. One possibility is to use PLSA for learning visual object categories from
the LBP feature data.
Finally, it would be interesting to ﬁnd more industrial inspection problems where
the combined use of LBP and SOM would oﬀer additional value to the quality
control chain. We believe that there are potential applications, for example, in the
steel and ceramic industries.
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Heikkilä M, Pietikäinen M & Schmid C (2006) Description of interest regions with centersymmetric local binary patterns. Proc. International Conference on Computer Vision,
Graphics and Image Processing, 58–69.
Hofmann T (2001) Unsupervised learning by probabilistic latent semantic analysis. Machine Learning 43: 177–196.
Hsiao J & Sawchuk A (1989) Supervised textured image segmentation using feature
smoothing and probabilistic relaxation techniques. IEEE Transactions on Pattern
Analysis and Machine Intelligence 11(12): 1279–1292.
Huet F & Mattioli J (1996) A textural analysis by mathematical morphology transformations: structural opening and top-hat. Proc. International Conference on Image
Processing, 3: 49–52.
Idrissa M & Acheroy M (2002) Texture classiﬁcation using Gabor ﬁlters. Pattern Recognition Letters 23(9): 1095–1102.
Iivarinen J (2000) Unsupervised segmentation of surface defects with simple texture measures. Proc. Texture Analysis in Machine Vision, ed. M. Pietikäinen, World Scientiﬁc,
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