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Abstract This article presents a system for texture-based

probabilistic classification and localisation of three-

dimensional objects in two-dimensional digital images and

discusses selected applications. In contrast to shape-based

approaches, our texture-based method does not rely on

object features extracted using image segmentation tech-

niques. Rather, the objects are described by local feature

vectors computed directly from image pixel values using

the wavelet transform. Both gray level and colour images

can be processed. In the training phase, object features are

statistically modelled as normal density functions. In the

recognition phase, the system classifies and localises

objects in scenes with real heterogeneous backgrounds.

Feature vectors are calculated and a maximisation algo-

rithm compares the learned density functions with the

extracted feature vectors and yields the classes and poses of

objects found in the scene. Experiments carried out on a

real dataset of over 40,000 images demonstrate the

robustness of the system in terms of classification and

localisation accuracy. Finally, two important real applica-

tion scenarios are discussed, namely recognising museum

exhibits from visitors’ own photographs and classification

of metallography images.

Keywords Object recognition � Statistical modelling �
Wavelet analysis � Image processing

1 Originality and contribution

The system described in the present paper is able to suc-

cessfully deal with tasks from real world environments

including real heterogeneous background of high com-

plexity, varying illumination, and object occlusions.

Therefore, it has been used in two important real applica-

tion scenarios, namely recognising museum exhibits from

visitors’ own photographs and classification of metallog-

raphy images. In the first scenario, we envisage the

museum offering a Web 2.0 service that automatically

annotates user’s photos and offers added value content that

can be personalised to the users based on their interest in

specific artefacts. At some point after a visit, the user

submits a set of digital photos taken inside the museum to

the museum’s site. The artefacts depicted are recognised

using the approach presented in this paper providing a link

between the users content and the museum’s own data

archives. The service then tags the user’s photo with some

metadata related to the artefact in question (e.g. name, date

and location of origin, etc.). In the second scenario we

analyse metallography image from the Ironworks in Os-

trava (Czech Republic). The aim of this analysis is moni-

toring the quality process in the steel plant.

2 Introduction

A fundamental problem of computer vision is the recog-

nition of objects in digital images. The term object rec-

ognition covers both classification and localisation.

Classification and localisation of objects in images is a

useful, and often indispensable step, for many real-life

computer vision applications. Algorithms for automatic

computational object recognition can be applied in areas
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such as face classification [9, 38], fingerprint classification

[42, 30], handwriting recognition [5, 13], service robotics

[41, 43], medicine [3, 20], visual inspection [17, 29], the

automobile industry [6, 7], etc. Although successful

applications have been developed for some tasks, e.g.,

fingerprint classification, there are still many other areas

that could potentially benefit from object recognition. The

system described in this article has been tested in real

application scenarios. One of these is the recognition of

museum exhibits from visitors’ personal photographs,

another is the analysis of metallography images from an

ironworks.

For the problem of object classification, the system is

supposed to determine the classes of objects occurring in

an image from the set of known object classes X ¼
fX1;X2; . . .;Xj; . . .;XnXg: However, the number of

objects in a scene is typically unknown and must also be

determined. In the case of object localisation, the recog-

nition system must estimate the pose of an object in the

image. The object pose is defined with a translation vector

t = (tx, ty, tz)
T and three rotation angles ð/x;/y and /zÞ

around the axes of the Cartesian coordinate system. The

origin of the Cartesian coordinate system is placed in the

symmetrical centre of the image, the x- and y-axes lie in

the image plane, and the z-axis is orthographic to the

image plane (see Fig. 1). When the object size and

appearance do not change in a given image, the object

pose is defined with internal transformation parameters

t = (tx, ty, tz)
T and /int = /z only. This two-dimensional

(2D) case can be seen in the first row of Fig. 1. A more

realistic and challenging situation occurs when the object

is transformed with external pose parameters text = tz and

/ext ¼ ð/x;/yÞT: In the second row of Fig. 1 the object

changes not only in size but also in appearance for some

points of view. The goal of object localisation is to

determine both the internal and the external object pose

parameters in a real environment.

For the recognition of three-dimensional (3D) objects in

2D images, two main approaches are known in computer

vision: based on the result of object segmentation (shape-

based), or by directly using the object texture (texture-

based). Shape-based methods make use of geometric

features such as lines or corners extracted by segmentation

operations. These features and their relationships are then

used for object description [4, 14, 16, 18]. However, the

segmentation-based approach often suffers from errors due

to loss of image details or other inaccuracies resulting from

the segmentation process. Texture-based approaches avoid

these disadvantages by directly using the image data, i.e.,

the pixel values, without a previous segmentation step [26,

32, 34]. For this reason the texture-based method for object

recognition has been chosen to develop the system pre-

sented in this contribution.

The rest of the article is structured as follows. Section 3

reviews the state of the art in the area of object recognition.

Section 4 describes the training procedure for object

Fig. 1 Examples of object

poses and their values. The

components of the internal

translation vector tint ¼ ðtx; tyÞT
are given in pixels, the

components of the rotation

vector / ¼ ð/x;/y;/zÞT in

degrees (�), and the external

translation (scaling) text = tz in

percent (%) of a reference

object size (top left)
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localisation and classification. The object recognition phase

is detailed in Sect. 4. Section 5 covers the experimental

results achieved on a large database of over 40,000 images

of real objects captured against heterogeneous back-

grounds. Section 6 describes two real application scenarios

successfully implemented with our system: classification of

museum artefacts and classification of metallography

images. Conclusions and directions for future work are

presented in Sect. 7.

3 Related approaches

In this section, related approaches selected from the wide

area of object recognition are presented. Moreover, those

features of our method which ensure its novelty and orig-

inality are pointed out at the end of the section.

Amit et al. [1] proposes an algorithm for multi-class

shape detection in the sense of recognising and localising

instances from multiple shape classes. This approach is

formulated as a two-step process in which local indexing

primes global interpretations. During indexing a list of

instantiations (shape identities and poses) is compiled

constrained only by no missed detections at the expense of

false positives. Global information, such as expected rela-

tionships among poses, is incorporated afterward to remove

ambiguities.

In Lowe [23], a method for extracting distinctive

invariant features from images that can be used to per-

form reliable matching between different views of an

object or scene is presented. The features are invariant to

image scale and rotation, and are shown to provide

robust matching across a substantial range of affine dis-

tortion, change in 3D viewpoint, addition of noise, and

change in illumination. The recognition proceeds by

matching individual features to a database of features

from known objects using a fast nearest-neighbour

algorithm, followed by a Hough transform to identify

clusters belonging to a single object, and finally per-

forming verification through least-squares solution for

consistent pose parameters.

Support vector machines (SVMs) have been recently

proposed as a new technique for pattern recognition.

Intuitively, given a set of points which belong to either of

two classes, a linear SVM finds the hyperplane leaving the

largest possible fraction of points of the same class on the

same side, while maximising the distance of either class

from the hyperplane. The hyperplane is determined by a

subset of the points of the two classes, named support

vectors, and has a number of interesting theoretical prop-

erties. In Pontil and Verri [31], linear SVMs for 3D object

recognition are used. The proposed system does not require

feature extraction and performs recognition on images

regarded as points of a space of high dimension without

estimating pose.

The appearance of an object is composed of local

structure. This local structure can be described and char-

acterised by a vector of local features measured by local

operators such as Gaussian derivatives or Gabor filters. In

Schiele and Crowley [36] a technique is presented where

appearances of objects are represented by the joint statistics

of such local neighbourhood operators. As such, this rep-

resents a new class of appearance-based techniques for

computer vision. Based on joint statistics, the paper devel-

ops techniques for the identification of multiple objects at

arbitrary positions and orientations in a cluttered scene.

In Schneiderman and Kanade [37], a trainable object

detector and its instantiations for detecting faces and cars at

any size, location, and pose is described. To cope with

variation in object orientation, the detector uses multiple

classifiers, each spanning a different range of orientation.

Each of these classifiers determines whether the object is

present at a specified size within a fixed-size image win-

dow. To find the object at any location and size, these

classifiers scan the image exhaustively. Each classifier is

based on the statistics of localised parts, whereas each part

is a transform from a subset of wavelet coefficients to a

discrete set of values.

In Torralba et al. [39], the problem of detecting a large

number of different classes of objects in cluttered scenes is

taken into consideration. A multi-task learning procedure is

proposed, based on boosted decision stumps, that reduces

the computational and sample complexity, by finding

common features that can be shared across the classes (and/

or views). For a given performance level, the total number

of features required, and therefore the run-time cost of the

classifier, is observed to scale approximately logarithmi-

cally with the number of classes.

Jin and Geman [15] proposes a mathematical framework

(a ‘‘composition machine’’) for constructing probabilistic

hierarchical image models, designed to accommodate

arbitrary contextual relationships. Moreover, it describes a

demonstration system for reading Massachusetts license

plates in an image set collected at Logan Airport. This

demonstration system detects and correctly reads more

than 98% of the plates, with a negligible rate of false

detection.

In order to compare different methods for object rec-

ognition, in Leibe and Schiele [19] a new database spe-

cifically tailored to the task of object categorisation is

presented. It contains high-resolution colour images of 80

objects from 8 different categories, for a total of 3,280

images. It is used to analyse the performance of several

appearance- and contour-based methods. The best cate-

gorisation result is obtained by an appropriate combination

of different methods.
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In Lowe [22], an object recognition system is described

that uses a new class of local image features. The features

are invariant to image scaling, translation, and rotation, and

partially invariant to illumination changes and affine or 3D

projection. These features share similar properties with

neurons in inferior temporal cortex that are used for object

recognition in primate vision. Image keys are created that

allow for local geometric deformations by representing

blurred image gradients in multiple orientation planes and

at multiple scales. The keys are used as input to a nearest-

neighbour indexing method that identifies candidate object

matches.

In Mahamud and Hebert [24], a multi-class object

detection framework whose core component is a nearest

neighbour search over object part classes is presented. The

optimal distance measure is modelled using a linear logistic

model that combines the discriminative powers of more

elementary distance measures associated with a collection

of simple to construct feature spaces such as colour, texture

and local shape properties.

As can be seen, a lot of valuable research work has been

done in the area of object recognition in the last years.

However, some features of our system prove its novelty

and originality as well as high performance in the sense of

classification and localisation accuracy. Following aspects

count to the strongest of our system:

• Fusion of multiple views

A new approach for the fusion of multiple views based

on a recursive density propagation method is introduced. In

contrast to passive algorithms, where the decision about

class and pose of an object has to be taken based on one

image, here more images are used. The additional images

are used to gain more information about the scene and the

observed objects. The experimental results show that the

fusion improves the recognition rates substantially, espe-

cially for difficult conditions such as heterogeneous back-

ground within real world environments.

• Fast training

A new approach is proposed, where the image acquisi-

tion for the training phase is done with a hand-held camera.

The poses of the objects in all training frames are computed

using a structure-from-motion algorithm [12]. The whole

learning process is, therefore, independent on environment

assumptions, but we have to deal with an additional

training inaccuracy.

• Resolution level combination of wavelet transformation

Feature extraction on three different resolution levels of

the wavelet transformation is introduced, and three statis-

tical object models for each object class are created in the

training phase. The algorithm for object classification and

localisation uses a combination of the object models

obtained for these different resolution levels, which sig-

nificantly improves the recognition rates.

• Colour modelling

In many research works, object models are created

based on gray-level images. In the present work it is pro-

posed to use the colour information of objects.

• Multi-object scenes with context modelling

In many research works, multi-object scenes are con-

sidered without attention to the context dependencies. In

the present work, context modelling for multi-object scenes

is introduced.

• Model interpolation between the training viewpoints

For training, objects can be acquired only from a finite

number of viewpoints. However, in the recognition phase it

might be useful to localise them also between the training

points of view. For this reason, an interpolation step in the

training phase is performed. This ensures that the statistical

object models obtained in training can be considered as

continuous functions defined on the pose parameter

domain.

4 Training

4.1 Training data collection

In order to capture training data, objects are put on a

turntable that rotates to set angles, and training images are

taken for each of these angles. The camera is fixed on a

mobile arm that can move around the object. The turntable

position produces information about the rotation /y of the

object around the vertical y axis. The position of the

camera relative to the object yields the object’s rotation /x

around the horizontal x axis. The object’s scale (translation

tz along the z) can be set with the zoom parameter of the

camera, or by moving the camera closer or further from the

object. By modifying the camera parameters and position,

images can be captured from all top and sidewise views of

the object with known external pose parameters (/ext, text)

for each training image. The translation of the object in the

image plane (internal translation) tint = (tx, ty)
T as well the

internal rotation /int = /z can be determined after the

acquisition process from the relative position of the object

in the image. The object pose parameters are usually given

relative to each other, as can be seen in Fig. 1. For each

object class, one image is chosen as the reference image.

The pose of an object in an image is understood as being

the 3D transformation (rotation and translation) that maps

that object into the reference image.

336 Pattern Anal Applic (2010) 13:333–348

123



4.2 Feature extraction with the wavelet transform

Both gray-level and colour images can be used for object

modelling. First, the system converts and resizes the ori-

ginal training scenes into gray-level or RGB images of size

2n�2nðn 2 NÞ pixels, then local feature vectors in these

images are computed. The main advantage of local feature

vectors is that a local disturbance affects only the features

in a surrounding area. In contrast, a global feature vector

can completely change if only one pixel in the image

varies. Moreover, it is easier to distinguish the object area

from the background using local feature vectors.

The system determines a set of local feature vectors cm

for all preprocessed training images of an object via the

discrete wavelet transform [25]. In order to calculate the cm

vectors, a grid with size Dr ¼ 2jbsj; where bs is the minimum

multiresolution scale parameter1 s, is overlaid on the image

[11]. Figure 2 depicts this procedure for the case of gray-

level scenes divided into local neighbourhoods of size

4 9 4 pixels. Using the coefficients introduced in Fig. 2,

the local feature vector cm for the gray-level image is

defined by,

cm ¼
cm;1

cm;2

� �

¼
In ð2bs jb

bs
jÞ

In ½2bsðjd
0;bs
j þ jd

1;bs
j þ jd

2;bs
jÞ�

 !

: ð1Þ

In the feature vector, the first component cm,1 stores

information about the mean gray-level (low-frequencies) in

the local neighbourhood, while the second component cm,2

represents discontinuities (high frequencies). The natural

logarithm (ln) decreases the sensibility of the system to

illumination changes and muffles any noises, which occur

very often, especially in the real world environment. Its use

is experimentally motivated in [34]. In the case of RGB

images, each colour channel is treated independently. The

feature computation for each channel is performed in the

same way as for gray-level images (see Fig. 2). Therefore,

the local feature vector for colour images has six

components,

cm ¼ ðcm;1; cm;2; cm;3; cm;4; cm;5; cm;6; ÞT: ð2Þ

The first cm,1 and the second cm,2 components are calcu-

lated from the red channel, the third cm,3 and the fourth cm,4

from the green channel, and the fifth cm,5 and the sixth cm,6

from the blue channel [10]. Generally, the system is able to

compute local feature vectors for any resolution scale bs;

but in practice bs 2 f�1;�2;�3g is preferred.

4.3 Object area definition

Clearly, some feature vectors in each training image

describe the object, while others belong to the background.

In real life applications it cannot be assumed that the

background is a priori known in the recognition phase.

Therefore, only the feature vectors describing the object

are considered for statistical object modelling. Since the

object usually only composes a part of the image, a tightly

enclosing bounding region O is defined for each object

class. From here on we will term this bounding region the

object area. Subsequently, the local feature vectors inside

the object area are assigned to the object and termed object

feature vectors, while the features outside this area O are

denoted as background feature vectors. For the sake of

clarity, we will use the term object area to actually refer to

the set of features belonging to the object. The object area

can change its location, orientation, and size from image to

image depending on the object pose parameters. In the

simplest case, when the object is rotated by /int 2 R

around the perpendicular axis to the image plane and

translated by tint 2 R
2 in the image plane, its appearance

1 i.e., Further decomposition of the signal with the wavelet transform

is not possible.

Fig. 2 2D signal decomposition with the wavelet transform for a

local neighbourhood of size 4 9 4 pixels. The final coefficients result

from gray values b0,k,l and have the following meaning: b-2 : low-

pass horizontal and low-pass vertical, d0,-2 : low-pass horizontal and

high-pass vertical, d1,-2 : high-pass horizontal and high-pass vertical,

d2,-2: high-pass horizontal and low-pass vertical
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and size will not change. For more complex transforma-

tions in the external pose, not only its size, but also its

appearance, i.e., pixel values in the object area, can change.

Thus, for some external transformations ð/ext; textÞ a local

feature vector cm describes the object ðcm 2 OÞ, while for

others the same vector belongs to the background ðcm 62
OÞ: For this reason, the object area is modelled as a

function of the external pose parameters

O ¼ Oð/ext; textÞ; ð3Þ

ideally within a continuous domain. This is done using the

so-called assignment functions n defined for all feature

vectors cm and all training viewpoints ð/ext; textÞ as,

n ¼ nð/ext; textÞ: ð4Þ

The assignment function nm decides, whether the feature

vector cm belongs to the object in the pose ð/ext; textÞ or to

the background, as follows,

nmð/ext; textÞ� SO ) cm 2 Oð/ext; textÞ
nmð/ext; textÞ\SO ) cm 62 Oð/ext; textÞ

� �

; ð5Þ

where the threshold value SO is set experimentally and has

the same value for all object classes. The assignment

functions are trained for each training view separately

nmð/ext; textÞ
1; if cm;1� Sn

2; if cm;1\Sn

� �

ð6Þ

where Sn is a threshold value. Since cm,1 results from a low-

level filtering of a small neighbourhood it represents, the

practical execution of the training is quite simple. The

objects are taken on a nearly black background and a

threshold value Sn decides whether they belong to the object

or to the background. Since there is a finite number of

training views ð/ext; textÞ; these are discrete functions

initially, but after interpolation with the sine–cosine

transformation they become continuous. Therefore,

considering both the internal and external transformation

parameters, the object area can be expressed by the function

O ¼ Oð/; tÞ ð7Þ

defined in a continuous six-dimensional pose parameter

space ð/; tÞ.

4.4 Statistical object modelling

In order to handle illumination changes and low-frequency

noise, the elements cm,q of the local feature vectors cm are

interpreted as random variables. Assuming the object’s

feature vectors cm 2 O as statistically independent of the

feature vectors outside the object area, the background

feature vectors cm 62 O can be disregarded and modelled

separately as outlined in Sect. 3.5. The elements of the

object feature vectors are represented with Gaussian

density functions pðcm;qjlm;q; rm;q;/; tÞ: The mean lm,q

and standard deviation rm,q values are estimated for all

training views (/ext,text), which form a subspace of ð/; tÞ:
Assuming the statistical independence of the elements cm,q,

which is valid due to their different interpretations in terms

of signal processing (Sect. 3.2), the density function for the

object feature vector cm 2 O can be written as,

pðcmjlm; rm;/; tÞ ¼
Y

Nq

q¼1

pðcm;qjlm;q; rm;q;/; tÞ; ð8Þ

where lm is the mean value vector, rm the standard

deviation vector, and Nq the dimension of the feature

vector cm (Nq = 2 for gray-level images, Nq = 6 for colour

images). Further, it is assumed that the feature vectors

belonging to the object cm 2 O are statistically

independent. Under this assumption, an object can be

described by the probability density p as follows,

pðOjB;/; tÞ ¼
Y

cm2O

pðcmjlm; rm;/; tÞ: ð9Þ

where B comprises the mean value vectors lm and the

standard deviation vectors rm: This probability density is

termed the object density and, taking into account (8), can

be written in more detail as,

pðOjB;/; tÞ ¼
Y

cm2O

Y

Nq

q¼1

pðcm;qjlm;q; rm;q;/; tÞ; ð10Þ

In reality, neighbouring feature vectors might be statistically

dependent, but considering the full neighbourhood

relationship, e.g., as a Markov Random Field [35], leads to

a very complex model. In order to complete the object

description with the object density (10), the means lm,q and

the standard deviations rm,q for all object feature vectors cm

have to be learned. For this purpose, Nq training images of

each object fq are used in association with their

corresponding transformation parameters ð/q; tqÞ: The

mean vectors lm concatenated, written as l, and the

standard deviation vectors rm concatenated, written as r;

can be estimated from the maximisation of the object density

(10) over all Nq training images,

ðbl; brÞ ¼ argmax
ðl;rÞ

Y

Nq

q¼1

pðOjB;/q; tqÞ: ð11Þ

As a result of a subsequent interpolation step, the mean

vectors lm and standard deviation vectors rm are trained

for all pose parameters ð/; tÞ in a continuous sense.

4.5 Statistical background modelling

As mentioned in Sect. 3.4, the background feature vectors

cm 62 O are assumed to be statistically independent of the
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feature vectors inside the object area O and can be mod-

elled separately. Since in the recognition phase the back-

ground is a priori unknown, each possible value of the

background feature vector element cm,q can be observed

with the same probability. Thus, they are modelled as

uniform random variables, and their constant density

functions,

pðcm;qÞ ¼
1

maxðcm;qÞ �minðcm;qÞ
ð12Þ

do not depend on the transformation parameters ð/; tÞ:
Assuming the statistical independence of cm,q, (12) can be

extended to

pðcmÞ ¼
Y

Nq

q¼1

1

maxðcm;qÞ �minðcm;qÞ
¼ pb; ð13Þ

where pb is a constant value called background density.

4.6 Statistical context modelling

Usually, statistical approaches for object classification

assume the same a priori occurrence probability for all

considered object classes. However, with additional

knowledge about the environment in which a scene was

captured, the occurrence of some objects might be more

likely than the occurrence of others. Taking into con-

sideration this additional knowledge in the learning phase

is called context modelling. In our approach the contexts

are trained separately from the objects. For all considered

contexts � i¼1;...;N�
the statistical context models

Mi¼1;...;N�
are learned. The context models contain

a priori densities piðXjÞ for all objects classes Xj¼1;...;NX

taken into account in the recognition task. It is assumed

that the number N� and the types of context are known.

Training starts with image acquisition where Ni images

are taken from random viewpoints with a hand-held

camera for each context � i: The objects Xi¼1;...;NX

occurring in the images are counted for each context. In

the following Ni;j denotes how often the object Xj

occurs in the context � i: Generally, the sum of Ni;j for

all object classes Xj¼1;...;NX is not equal to Ni: Therefore,

for all contexts � i¼1;...;N�
a normalisation factor gi is

defined as follows

gi ¼
Ni

PNX
j¼1 Ni;j

: ð14Þ

Using this normalisation factor gi and the number Ni;j; the

a priori occurrence probability for the object Xj in the

context � i is learned as

piðXjÞ ¼ gi
Ni;j

Ni
: ð15Þ

5 Classification and localisation

5.1 Single-object scenes

In this section it is assumed that each image contains

exactly one single object. Moreover, the context modelling

presented in Sect. 3.6 is not taken into consideration, i.e.,

the a priori probabilities for all possible object classes are

assumed to be equal. In order to perform the classification

and localisation in the image f, the density values

pj;h ¼ pðOjjBj;/h; thÞ ð16Þ

for all objects Xj and for a large number of pose

hypotheses ð/h; thÞ are compared. First, the test image f

is taken, preprocessed, and the local feature vectors cm

are determined according to Sect. 3.2. The computation

of the object density value pj;h for the given object Xj;

and pose parameters ð/h; thÞ starts with the estimation of

the object area Ojð/h; thÞ which has been learned in the

training phase (Sect. 3.3). For feature vectors from this

object area cm 2 Ojð/h; thÞ the mean value vectors lj,m

and standard deviation vectors rj,m have been trained

and are stored in the object models. Therefore, their

density values

pcm
¼ pðcmjlj;m; rj;m;/h; thÞ ð17Þ

can be easily determined. Now, the object density value is

calculated as follows

pj;h ¼
Y

cm2Oj

maxfpcm
; pbg; ð18Þ

where pb is the background density introduced in Sect. 3.5.

The reason for using the background density value pb, if the

density pcm
is lower is explained in Fig. 3.

In case of an occlusion it might happen that the test

feature vector cm is completely different from the corre-

sponding training feature represented by lj;m and rj;m:

Thus, the density value for cm would be very close to zero

p cmjlj;m; rj;m;/h; th

� �

� 0: In this case the background

density pb is used in the product defined in (18). The object

densities (18) normalised by a quality measure Q are

maximised over all object classes Xj and a large number of

pose hypotheses ð/h; thÞ; as explained in Fig. 4. The

quality measure (also called geometric criterion), defined

in the following way

Qðpj;hÞ ¼
ffiffiffiffiffiffiffiffi

pj;h
Nj;h
p ð19Þ

decreases the influence the object size has on the

recognition results. Nj,h denotes the number of feature

vectors that belong to the object area Ojð/h; thÞ: The

classification and localisation process presented in Fig. 4

can be described by the following maximisation term
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bj; b/;bt
� �

¼ argmax
ðj;/h;thÞ

Q pðOjjBj;/h; thÞð Þ ð20Þ

where ðbj; b/;btÞ represent the final recognition result, i.e.,

the class index and the pose parameters of the object found

in image f.

5.2 Multi-object scenes

In order to deal with multi-object scenes we make use of the

modelled context dependencies (see Sect. 3.6). In the rec-

ognition phase there is no a priori knowledge about the

context � i; in which the test image f has been taken. For this

reason the algorithm automatically determines the context

first. When searching for the first object Xj1
in the multi-

object scene f, the algorithm does not make use of contextual

information. The class k1 and the pose b/1;bt1

� �

of the first

object is estimated by maximisation of the normalised object

density value with (20), as illustrated in Fig. 4. It is assumed

that at least one of the objects from the set X ¼
X1;X2; . . .;Xj; . . .;XNXf g occurs in the image f. Subse-

quently, the context �
bi

for the scene f (the context numberbi)
is determined by maximisation of the a priori probability for

the first object pi¼1;...;N�
ðXj1
Þ over all modelled contexts

Fig. 3 Training image and test

image of the same object in the

same pose. Due to the occlusion

with a razor in the test image,

the test feature vector cm is

completely different from the

corresponding training feature

represented by lj;m and rj;m:
Thus, the density value for cm is

very close to zero

p cmjlj;m; rj;m;/h; th

� �

� 0:

Fig. 4 Density maximisation

for object classification and

localisation. First, local feature

vectors from the preprocessed

test image are computed. Then,

for each object class Xj and

each pose hypothesis ð/h; thÞ
the object area Ojð/h; thÞ is

determined and the object

density pj,h is calculated. The

final recognition result ðbj; b/;btÞ
corresponds to the highest

density normalised by a quality

measure Q(pj, h)
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bi ¼ argmax
i

pi Xj1
ð Þ: ð21Þ

In the next step, the system estimates the optimal pose

parameters b/j; btj

� �

for all objects Xj using the Maximum

Likelihood (ML) method presented in Sect. 4.1:

b/1;bt1

� �

¼ argmax
/h;thð Þ

Q pðO1jB1;/h; thÞð Þ

� � �
b/j;btj

� �

¼ argmax
/h;thð Þ

Q pðOjjBj;/h; thÞð Þ:

� � �
b/NX

; btNX

� �

¼ argmax
/h;thð Þ

Q pðONX jBNX ;/h; thÞð Þ

ð22Þ

Then, the object density values for the optimal pose

parameters are weighted with the a priori probabilities

p
bi
ðXjÞ learned for the context �

bi
in the training phase:

bQ
bi;1
¼Q p

bi
ðX1Þp O1jB1; b/1;bt1

� �n o

� � �
bQ
bi;j
¼Q p

bi
ðXjÞp OjjBj; b/j;btj

� �n o

� � �
bQ
bi;NX
¼Q p

bi
ðXNXÞp ONX jBNX ;

b/NX
;btNX

� �n o

ð23Þ

These normalised and weighted object densities
bQ
bi;j¼1;...;NX

are then sorted in non-increasing order

bQj1
� bQj2

|fflfflfflfflfflffl{zfflfflfflfflfflffl}

d1

� � � � � bQji
� bQjiþ1

|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}

di

� � � � � bQjI
; ð24Þ

where I = NX and di is a difference between neighbouring

elements,

di ¼ dð bQji
; bQjiþ1

Þ ¼ bQji
� Q̂jiþ1

ð25Þ

The index bi of the highest distance d
bi
ð8i 6¼ bi : di� d

bi
Þ is

interpreted as the number of objects found in the multi-

object scene f and is calculated as

bi ¼ argmax
i

di: ð26Þ

The final recognition results in the multi-object scene f are

the following object classes and poses:

First object ðj1; b/j1
; tj1
Þ

Second object ðj2; b/j2
; tj2
Þ

..

.

Last object ðj
bi
; b/j
bi

; tj
bi

Þ

ð26Þ

Clearly, when evaluating recognition in scenes with mul-

tiple objects, not only the object classification result Xji

and the object localisation result ðb/ji
; tji
Þ have to be ver-

ified, but also the number bi of objects found in the scene f.

6 Experiments and results

6.1 3D-REAL-ENV image database

In our experiments, we used the 3D-REAL-ENV [10, 11]

database consisting of the ten real world objects depicted in

Fig. 5. The pose of each object in the 3D-REAL-ENV

Fig. 5 Ten objects of the 3D-REAL-ENV image database with their short names. Top row from left to right bank cup, toy fire engine, green

puncher, siemens cup, nizoral bottle. Bottom row from left to right toy passenger car, candy box, blue stapler, toy truck, white puncher
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database is defined by internal translations tint ¼ ðtx; tyÞT and

external rotation parameters /ext ¼ ð/x;/yÞT: The objects

were captured in RGB at a resolution of 640 9 480 pixels

under three different illumination settings Ilum 2
fbright; average; darkg: For this experiment the captured

images were resized to 256 9 256 pixels.

Training images were captured with the objects against a

dark background from 1,680 different viewpoints under 2

different illumination settings Ilum [ {bright,dark}. This

produced 3,360 training images in total for each 3D-

REAL-ENV object. Each object was placed on a turntable

performing a full rotation (0� B /table \ 360�) while the

camera attached on a robotic arm was moved on a vertical

to horizontal arc (0� B /arm B 90�). The movement of the

camera arm /arm corresponds to the first external rotation

/x, while the turntable spin /table corresponds to the second

external rotation parameter /y. The angle between two

successive steps of the turntable corresponds to 4.5�. The

rotation of the turntable induces an apparent translation in

the object position in the image plane, which results in

varying internal translation parameters tint ¼ ðtx; tyÞT:
These translations parameters were determined manually

after acquisition.

For testing, the 10 objects presented were captured from

288 different viewpoints under the average illumination

setting (Ilum = average) and against 3 different back-

grounds: homogeneous, weak heterogeneous, and strong

heterogeneous. This resulted in three test sets of 2,880

images each denoted according to the background used as

Type 2 fhom,weak,strongg: Test scenes of the first type

(Type = hom) were taken on homogeneous black back-

ground, while 200 different real backgrounds were used to

create heterogeneous backgrounds ðType 2 fweak,stronggÞ:
Examples of test images with all three types of back-

ground are shown in Fig. 6. Similarly to the acquisition of

training images, the objects were put on a turntable

(0� B /table \ 360�) and the camera moved on a robotic

arm from vertical to horizontal (0� B /arm B 90�). How-

ever, for test images the turntable’s rotation between two

successive steps is 11.25�, thus test views are generally

different from the views used for training. Also, the illu-

mination in the test scenes is different from the illumina-

tion in the training images.

6.2 Experimental results for single-object scenes

The recognition algorithm for single-object scenes descri-

bed in Sect. 4.1 was evaluated for the 3D-REAL-ENV

image database presented in the previous section. The

training of statistical object models was performed for 6

Fig. 6 Examples of test scenes on all three types of background

Ttype [ {hom,weak,strong}. The top row shows images with homo-

geneous background (Ttype = hom), the middle row images with

weak heterogeneous background (Ttype = weak), and the bottom row
images with strong heterogeneous background (Ttype = strong)
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angle-steps (4.5�, 9�, 13.5�, 18�, 22.5�, 27�). Since this was

done twice, i.e., for gray-level and colour images it resulted

in 12 training configurations. The classification and local-

isation rates obtained for these configurations are summa-

rised in Table 1. A classification result is counted as correct

when the algorithm returns the correct object class. A

localisation result is counted as correct when the error for

internal translations is not greater than 10 pixels and the

error for external rotations not greater than 15�. The results

show that colour modelling brings a significant improve-

ment in the classification and localisation rates for test

images with strong heterogeneous background. For scenes

with homogeneous background the recognition algorithm

performs perfectly in both cases. For this type of back-

ground the computational expense associated with colour

information can be avoided. However, in case of weak

heterogeneous background better results for gray-level

modelling are achieved. This is due to the assumption of

statistical independency of RGB colour features which has

been done in order to reduce the computation complexity.

But it is obvious that the features computed from the red,

the green, and the blue channel of a RGB image correlate

with each other. In Table 1 one can also see how the rec-

ognition rates depend on the distance of training views. For

test images with homogenous background, the classifica-

tion algorithm works properly even for a high distance of

27�. However, it becomes worse in more complex sce-

narios. In case of colour modelling for test images with

strong heterogeneous background the classification result is

highly dependent on the distance of training views falling

from 82.3% (4.5�) to 50.2% (27�). The localisation rates

show their strong dependency on the distance of training

views for all three test datasets. The reason for this is the

necessary interpolation between the training views. Obvi-

ously, this interpolation works more precisely for denser

data sets in terms of training viewpoints. Object recogni-

tion takes 3.6 s in one gray-level image and 7 s in one

colour image on a workstation equipped with a Pentium 4,

at 2.66 GHz, and 512 MB of RAM.

6.3 Experimental results for multi-object scenes

For recognition of multi-object scenes, context modelling

was incorporated in the system in addition to statistical

object modelling. For each context considered in the

experiments ð� 1 ¼ kitchen; � 2 ¼ nursery; � 3 ¼ officeÞ;
100 images were captured with a hand-held camera at

random viewpoints. Then, the a priori occurrence proba-

bilities for all objects in all contexts (see Table 2) were

trained as described in Sect. 3.6.

Altogether 3,240 grey-level multi-object scenes sized

512 9 512 pixels were used in the testing phase of the

recognition algorithm. Each image contains between one

and three objects from the 3D-REAL-ENV database pic-

tured in Fig. 6. Similarly to the case of single-object

scenes, the test images were divided into three types: 1,080

Table 1 Classification and localisation rates obtained for 3D-REAL-ENV image database with gray-level and colour modelling

Distance of

training views (�)

Type of object

modelling

Classification rate (%) Localisation rate (%)

Hom. Weak Strong Hom. Weak Strong

Back. Het. Het. Back. Het. Het.

4.5 Grey 100 92.2 54.1 99.1 80.9 69.0

Colour 100 88.0 82.3 98.5 77.8 73.6

9.0 Grey 100 92.4 55.4 98.7 80.0 67.2

Colour 100 88.3 81.2 98.2 76.4 72.1

13.5 Grey 99.4 89.7 56.2 96.9 78.6 65.4

Colour 99.6 82.7 80.3 94.9 68.4 66.6

18.0 Grey 99.9 89.2 55.1 96.6 71.4 54.5

Colour 97.3 80.6 68.6 94.3 64.9 60.7

22.5 Grey 99.4 86.0 52.8 94.5 60.7 38.6

Colour 94.7 74.8 59.2 89.4 52.2 46.2

27.0 Grey 96.5 69.4 54.4 83.8 49.9 32.8

Colour 93.8 53.6 50.2 78.3 35.8 35.6

The distance of training views varies from 4.5� to 27� in five steps. For experiments, 2,880 test images with homogeneous, 2,880 test images with

weak heterogeneous, and 2,880 images with strong heterogeneous background were used

Table 2 Learned values of the a priori occurrence probabilities for

all 3D-REAL-ENV object classes in three predefined contexts

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10

�1 0.20 0.06 0.06 0.20 0.04 0.06 0.20 0.06 0.06 0.06

�2 0.10 0.20 0.04 0.10 0.04 0.20 0.04 0.04 0.20 0.04

�3 0.10 0.04 0.20 0.10 0.04 0.04 0.04 0.20 0.04 0.20
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images with homogeneous background, 1,080 scenes with

weak heterogeneous background, and 1,080 with strong

heterogeneous background. Additionally, the 3D-REAL-

ENV objects were assigned into three different contexts,

namely the kitchen � 1; the nursery � 2; and the office � 3:

For each background type and each context 120 one-object

images, 120 two-object images, and 120 three-object

images were created.

The quantitative comparison of our system’s perfor-

mance with and without context modelling is presented in

Table 3. Since object localisation is performed for a priori

known object classes, the context modelling does not

influence its performance rate. However, the classification

and the object number determination rates increases sig-

nificantly when using context modelling for scenes with

real heterogeneous background. This improvement is much

greater for test images with strong heterogeneous back-

ground than for scenes with weak heterogenous

background.

6.4 Experimental results for COIL image database

In order to allow a performance comparison of our system

with other object recognition approaches, we performed

additional experiments on the so called Columbia Object

Image Library (COIL) image database. COIL-20 presented

in [28] consists of 20 objects, while COIL-100 [27] is a

completion of COIL-20 with additional 80 objects.

Although the COIL image database provides only grey-

level images and we could not make use of the colour

modelling, we achieved satisfactory classification rates,

namely 100% for COIL-20 and 98.9% for COIL-100.

6.5 Image quality impact on recognition results

Although the performance of the system for the real world

dataset 3D-REAL-ENV is very good (see Table 1), the

impact of the image quality on the recognition rates is quite

high. Due to the statistical modelling it was possible to deal

with illumination differences of about 20%2. However,

considering illumination differences of about 50% the

classification rate decreases from 82.3% for the test images

with the strong heterogeneous background to 56% which

cannot be accepted as a reasonable result anymore. Nev-

ertheless, the system has proved an amazing robustness in

terms of background heterogeneity. The strong heteroge-

neous background (see Fig. 6) can almost be considered as

an attempt to camouflage the objects, and even for humans

it turns out to be very difficult to find the objects in the

images. In those extremely difficult conditions the system

has still been able to achieve a classification rate of over

80%.

7 Real world application scenarios

7.1 Annotation of museum visit photos

A visit to a museum is an immersion into a rich universe of

information not to mention an inspiring experience for

young and old alike. However, it often happens that after

spending a few hours in a museum we only remember

some of the most impressive artefacts on display and even

then only in general terms, particularly as the time elapsed

since the visit increases. Fortunately, digital photo cameras

are convenient extensions for our short-lived memory;

pictures help us remember our experiences. Nowadays,

cameras are omnipresent on holidays, excursions and cul-

tural tours. Unfortunately, the sheer volume of data cap-

tured as a result typically prohibits useful manual indexing

thereby detracting from the overall value of personal con-

tent collections. While traditionally cameras have been

banned within museums, this is slowly changing. Museums

may always need to restrict photography for specific

exhibitions as a result of lender copyright agreements, but

this becomes less critical when the museum owns the

artefacts on display. As a result, increasingly museums are

allowing photography and indeed are looking at new

innovative uses of imaging technology that potentially

afford a richer and longer lasting user experience. Of

course, the ‘‘win–win’’ scenario that will drive real

advances in this area is real benefit to both users and

Table 3 Quantitative comparison of the system’s performance with and without context modelling

3D-REAL-ENV

image database

Without context modelling With context modelling

Hom (%) Weak (%) Strong (%) Hom (%) Weak (%) Strong (%)

ObjNumDet 100 83.9 43.2 99.9 88.2 59.2

Classification 100 91.9 62.9 100 97.0 87.5

Localisation 99.7 81.7 58.1 99.7 81.7 58.1

ObjNumDet Object number determination rate, Hom test images with homogeneous background, Weak test images with weak heterogeneous

background, Strong test images with strong heterogeneous background

2 The difference between the mean grey level in the darkest and in

the brightest image.
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museums alike. In our proposed Web 2.0 service, the

potential benefit to end users is richer annotation of their

photos and access to relevant third-party premium content.

For the museum, the potential benefit is a new source of

revenue that leverages their existing cataloguing process in

an innovative manner.

Our application is grounded in the stream of research

that aims at bringing the benefits of digital technology for

preservation, study and protection of heritage collections.

Research initiatives such as SCULPTEUR3 [8] and CHIP4

[2] have targeted innovative ways of providing enhanced

interaction and information content to museum visitors.

Previously, radio frequency identification (RFID) tags have

been used to guide visitors through discovery tours in

museums and to provide enhanced information on the

items of interest to visitors [21]. Image-based recognition

of artefacts is potentially less expensive for museums as it

can leverage the visitors own capture device, rather than

putting in place an expensive RF tagging infrastructure and

providing visitors with wireless PDA devices. Furthermore,

it is not as encumbered by privacy concerns since the user

movements are not being tracked directly.

In our application scenario, we envisage the museum

offering a Web 2.0 service that automatically annotates a

user’s photos and offers added value content that can be

personalised to the user based on their interest in specific

artefacts. At some point after a visit, the user submits a set

of digital photos taken inside the museum to the museum’s

site. The artefacts depicted are recognized using the

approach presented in this paper providing a link between

the users content and the museum’s own data archives. The

service then tags the user’s photo with some metadata

related to the artefact in question (e.g. name, date and

location of origin, etc.). Drawing on their information rich

catalogue, the museum can then offer relevant content to

the user related to the artefact or exhibit he/she is interested

in, such as access to online brochures, professional quality

photos of the artefact itself or related artefacts that the user

missed (note that typically only a small portion of the

artefacts in a particular collection are used in an exhibit

simply due to physical space restrictions), stylized ren-

derings, 3D models, etc. While much of this valuable

content exists in museum catalogues already as a result of a

lengthy and expensive cataloguing process, it is difficult to

provide access to it to the general public. In the proposed

scenario the user may be willing to pay for access to these

content sources enabling the museum to leverage addi-

tional revenue from its archiving activities. Figure 7

depicts a high-level conceptual diagram for a Web-based

application that provides the above-mentioned service.

The crucial bottleneck in the proposed Web 2.0 service

corresponds to automatic artefact identification, i.e., the

classification process that should have the ability to accu-

rately recognise the artefacts depicted in the submitted

photos. The photos submitted by visitors are potentially

quite diverse, being taken at various positions around the

artefact on display. The scales at which the artefacts appear

in various photos may also vary according to the distance

to the camera and the zoom level used when the photo was

captured. Therefore, the challenges in artefact recognition

derive mainly from the changes in view (angle) and scale

of the artefact in the photos. Clearly this is an ideal

application scenario for the approach proposed in this

paper. In order to deal with changes in position, multiple

views of the artefact can be captured on a turntable that

rotates the artefact in controlled steps around its own ver-

tical axis during the museum’s cataloguing process (very

often a this happens anyway). Each photo to be recogni-

sed is then matched to multiple-views of artefacts in

the collection captured in controlled conditions. Clearly, a

multi-scale approach would be required to deal with scale

variations and this is targeted as the next extension of our

approach. We are currently designing and building a pro-

totype application for this scenario in consultation with the

National Museum of Ireland.

For preliminary experiments, we used an image data-

base containing 75 artefacts. For training, 72 different

viewpoints of all artefacts were used. For classification,

300 additional images under real museum-like conditions

were acquired. Our system performed well for this image

database and achieved a classification rate of 95.3%.

7.2 Classification of metallography images

The system presented in this contribution is being suc-

cessfully applied for analysis of metallography images

from the Ironworks in Ostrava (Czech Republic) [33]. The

aim of this analysis is monitoring the quality process in the

steel plant. Some example metallography images are pre-

sented in Fig. 8.

Metallography is a complex analysis process performed

in the production of metal and composite materials with the

purpose of controlling the composition and quality of the

final alloy. This process involves various preparations of

the metal specimen to be analysed followed by specialised

visual inspection carried out under optical or electron

microscopy. Based on the microscopy images a skilled

technician can identify alloy composition and processing

conditions. Considering the visual nature of the examina-

tion, metallography is an appealing test application for our

texture-based image recognition approach.

3 Semantic- and content-based multimedia exploitation for European

benefit. http://www.sculpteurweb.org.
4 Cultural Heritage Information Personalisation. http://www.chip-

project.org.
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In order to classify metallography images into quality

categories (image concepts) the object recognition problem

reduces to an image classification task. The ground truth

knowledge about the quality categories was provided by a

human expert. The system has to find the concept X
bj
; (its

index bj) present in a test image f. For this, the density

values for all concepts Xj have to be compared to each

other. Assuming the feature vectors cm as statistically

independent on each other the density value for the given

test image f and concept Xj is computed with

pj ¼
Y

m¼M

m¼1

pðcmjlj;m; rj;mÞ; ð28Þ

where M is the number of all feature vectors in the image f.

All data required for computation of the density value pj

with (28) are stored in the statistical concept model Mj:

These density values are then maximised with ML

estimation [40]

bj ¼ argmax
j

pj: ð29Þ

Having the index bj of the resulting concept the classifi-

cation problem for the image f is solved.

Preliminarily experiments carried out on this application

show promising results [33]. We are continuing the work

with a comprehensive investigation on quality scoring of

metallography images, currently collecting data and setting

up a large ground truth database.

8 Conclusions

This article presented a system for 3D texture-based

probabilistic object classification and localisation in 2D

images and discussed two real applications. The presented

approach can be applied to both grey-level and colour

images and to both single object and multi-object scenes

whereby learned context dependencies between objects are

leveraged in the latter case.

Experimental results on an image database of over

40,000 images illustrate the high performance of our sys-

tem. A boost in performance is obtained using colour and

context modelling. The classification rate achieved for 3D-

REAL-ENV test images with strong heterogeneous back-

ground is 54.1% for grey-level modelling, while when

Fig. 7 Conceptual diagram of a

Web-based artefact annotation

system

Fig. 8 Example metallography

images from the Ironworks

Ostrava (Czech Republic)
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colour information is applied, the classification rate reaches

82.3%. The performance of the localisation algorithm is

also improved by colour modelling for difficult heteroge-

neous environments, from 69.0% on grey-level modelling,

to 73.6% on colour modelling. As a result of modelling of

context dependencies between objects, higher classification

rates were obtained for multi-object scenes. A classification

rate of 62.9% is obtained for multi-object scenes with a

strong heterogeneous background without considering

context dependencies. Taking into account context

increases the classification rate to 87.5%. The system

described in this paper is currently being deployed in two

quite different real application scenarios.

Improvements are possible with the approach and will

form the basis of our future work. One line of research is to

consider combining the appearance-based model with a

shape-based model for object recognition. There are objects

with the same shape, which are distinguishable only by

texture, but one can also imagine objects with the same

texture features, which can be easily distinguished by shape.

Finally, since our system is adaptable to many image clas-

sification tasks we also intend to apply it in the context of

knowledge assisted image and video content retrieval.
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