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Abstract Recognition of a large set of generic visual concepts in Images and Rank-
ing of Images based on visual semantics is one of the unsolved tasks for future
multimedia and scientific applications based on image collections. From that per-
spective improvements of the quality of semantic annotations for image data are
well matched to the goals of the THESEUS project with respect to multimedia and
scientific services. We will introduce the data-driven and algorithmic challenges
inherent in such tasks from a perspective of statistical data analysis and machine
learning and discuss approaches relying on kernel-based similarities and discrimi-
native methods which are capable of processing large scale datasets.

1 Introduction

Visual concept recognition in its broadest sense is about the identification of seman-
tic content in images based on the visual information in the pixels of an image. This
idea is as old as research on artificial intelligence itself and is pursued since the
availability of digitized images and computing machines, yet it started to flourish
just in the mid 1990s when computing hardware became affordable and its com-
puting power expanded rapidly. The identification of visual content is one of the
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unsolved tasks for future applications based on digital image collections. With the
advent of the internet and consumer digital cameras, digital images have become
widely available. This trend is enhanced by the evolution of embedded digital imag-
ing systems in consumer products such as mobile phones and the increased avail-
ability in medical applications such as radiology imaging. The collection of image
databases like digital archives in medial or medical facilities is facilitated by falling
prices for storage devices. All this fuels the demand for systems which are capable
of identifying in one or another sense visual contents in a large number of images.
We will focus here on semantic concept recognition in images.

Formally, a visual concept can be represented as an indicator function I on the
space of all images 2" such that I¢(x) = 1 denotes the presence of concept C in an
imagex € 2.

Ie: 2 —{0,1} (1)

For ambiguous semantic concepts this definition is extended by assigning an image
x ascore fc(x) in a bounded interval (e.g. [0, 1] ) which represents a numerical value
for the strength of the presence of a semantic concept in an image:

fo: & —10,1]. ()

This numerical value can be interpreted in a probabilistic manner as the agreement
of a set of human annotators with respect to the question whether an image belongs
to a semantic concept or not. In the context of statistical methods this is known as
label noise. Such ambiguities arise naturally for concepts denoting the emotional
impression of an image or concepts related to aesthetic quality.

We set the aim of Semantic Concept Recognition as the prediction of all seman-
tic concepts present in an image. In contrast to multi-class approaches we aim at
recognizing multiple concepts in an image, e.g. to find the set of concepts Outdoor,
Plants, Day, Neutrallllumination, PartlyBlurred, ParkGarden, Toy, Natural, Cute
and Calm in one image.

Thus, we are interested in predicting a large set of generic semantic concepts in
contrast to a small set of highly specialized concepts as it is the aim of face recogni-
tion as an example. One image may show multiple concepts. The prediction output
is desired to be a continuous score instead of a binary decision. The continuous
score allows to provide hints about uncertainty of the prediction. Such information
is highly useful for the common search scenario in which a user is interested to find
the top K most likely images for a selected concept. The continuous score may be
used for ranking in such a context. Such a ranking-based search scenario has proven
to be practical and represents the state of the art for finding images according to
their provided filenames by common internet search engines.

The notion of concept recognition may be adapted to more specific concepts: if
one considers visual objects with a clearly determinable area, then one can pursue
object detection which aims at finding a tight bounding box around the object or
segmentation which assigns each pixel in the image a label corresponding for one
of the objects or background.
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1.1 Why is concept recognition in images a difficult task?

One may ask why common internet search engines use the image search based by
filenames as standard tool while search based on visual content appears to be in the
beta phase at best. In this section we discuss some issues and challenges of visual
concept recognition in images.

Generally speaking one may observe a large variability in the semantic structure
of visual concepts. This presents a challenge for algorithms capable of predicting
semantic concepts and ranking images according to them.

Key factors for the variance in the semantic structure of a semantic concept are
the presence and absence of a wide range of all kinds of visual cues, their compo-
sition and their contribution to the classification of an image in a non-deterministic
manner. The following examples will exemplify the above.

Concepts are defined by the presence of several visual cues in the image. The
difference to classical object recognition is that the visual cues may vary highly and
may not be classified into one simple object class. Consider the concept Concert.
Photos showing a small group of people known to be famous music artists on stage
are likely to belong to such a concept. At the same time a large group of hobby
artists playing in an orchestra also shows a Concert.

The composition of cues beyond their mere presence may play an important role:
A person holding a guitar in a certain pose may contribute to the classification as
a Concert. However another pose with a guitar on his back may depict rather a
travelling person. Similarly, music at a funeral scene is less likely called a Concert.
One can think of many setups of musical instruments and people which are more or
less likely to be a Concert.

This reveals that general semantic concepts are more difficult to recognize com-
pared to classic single object recognition. Another reason besides the wide range
of possible cues is that cues contribute in a non-deterministic way (which can be
modeled in a probabilistic fashion) to the rating for belonging to semantic concepts.
Consider the concept StreetScene: the presence of roads and buildings are cues for
such a concept however the density and height of buildings, density of roads and
the density of parked cars are important for judging whether this is a StreetScene
or just a lonely road outside a town with some buildings near it. This probabilistic
contribution of cues and their composition becomes obvious for concepts related to
aesthetic quality or emotional impact such as Funny or Scary.

We can identify some special cases of the variability of cues which will be men-
tioned briefly.

e Varying positions and sizes of Regions in an image relevant for a semantic con-
cept:
When limited to objects one will note that an object can fill a large fraction of
the image or a very small region. An smaller object may have a highly varying
position within the image. Similarly the appearance of an object may vary with
its viewpoint. The same holds for cues contributing to a semantic concept instead
of objects.
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e Occlusion of Regions in an image relevant for a semantic concept:
Regions of an image relevant for the recognition of a semantic concept can be
occluded.

e Clutter and Complex Scene Compositions:
Images can have large areas which are irrelevant for the recognition of a visual
concept. Consider the example of a living room which contains somewhere an
object of class bottle which is to be found.

1.2 The Role of Label noise

The informal points discussed above may be interpreted in more formal statistical
terms: they have two effects on increasing the difficulty of the classification prob-
lem. The first effect in a probabilistic classification setting is an increased irregular-
ity of the optimal decision boundary. In a probabilistic setting the decision boundary
for a visual concept would be the set of images x with maximal uncertainty with re-
spect to the question whether a visual concept is present or not: P(I¢(x) =1) =0.5.

The second effect is increased label noise. Label noise can be measured as the
uncertainty of human annotators in assigning an image to belong to a semantic con-
cept. Mathematically it can be modelled as the probability of an image to belong to
a concept P(Ic(x) = 1).

Label noise has intuitively a deteriorating impact on classification accuracy, and
more importantly on model selection. Learning of e.g. a support vector machine
corresponds to the choice of a function from a class of functions by via selecting its
parameters when solving the optimization problem.

Theorem 6 in [29] provides lower bounds for the expected risk in empirical risk
minimization depending on a uniform bound for the label noise which are applica-
ble e.g. to support vector machines with Gaussian kernels on bounded domains for
distributions with smoothly differentiable Bayes boundaries.

Theorem 1 (Theorem 6 from [29]) Ler u be a probability measure on 2" and S
be some class of classifiers on 2 such that for some positive constants Ki,K,,€&
andr

Kye™" <H(e,S,pu) <Kie™’

Sfor all 0 < € < &, where H(€,S, lt) denotes the {,(l)-metric entropy of S. Then,
there exists a positive constant K depending on K1,K>,&y and r such that the follow-
ing bound holds

Ru(h,S, )= inf sup  E[P(Y #§(X)) — P(Y #5"(X))]
$€Spe o (h,S,1) 3)

>K(1 fh)l%r max(hf:f:nfl%rr,n_%)

whenever n > 2.
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For understanding of the theorem note that £2(h,S, 1) is the set of distributions on
the input-label product space 2 x % such that the input space distribution is u
and the label noise is in each point of 2" bounded by 1/2 —h/2: |P(Y = 1]X =
x)—0.5| > h/2 and s* is the Bayes classifier. E[P(Y # §(X)) — P(Y # s*(X))] is the
deviation between the expected errors of the classifier § and the a posteriori optimal
Bayes classifier s*. The supremum is taken over a class of distributions followed by
selection of the optimal empirical classifier § given knowledge of the distribution.
Since the underlying distribution of images and their concept labels is unknown this
implies that the lower bound is an optimistic formulation and results will be worse
in practice.

An increase in the overall label noise corresponds to a decrease of the value of &
which yields an increased lower bound in Theorem 1 for the expected deviation be-
tween the expected error of an optimistically selected classifier and the statistically
best possible classifier within a function class. The qualitative message is that label
noise does have a highly deteriorating influence on model selection.

1.3 A Machine Learning Approach

As seen in the preceding section, the methodological challenge consists in the ability
to deal with a large set of differing visual concepts, ranging from localized objects
to overall emotional impressions, the large variability of image appearance present
within general visual concepts beyond simple objects like Partylife, BeachHoliday,
Mountains, Indoor, Euphoric, AestheticImpression and the disagreement of human
annotators in labelling images for such concepts.

Statistical learning methods are constructed to be robust against annotator dis-
agreement, labelling errors, varying image qualities and scales of visible cues, dif-
fering lighting conditions, occlusion and clutter in images. They are able to extract
relevant structures based on implicit and statistical definitions such as labelling ex-
ample images as belonging to the same concept even when there is no way to define
deterministic rules for what a concept should be. This makes statistical learning
methods a valuable complement to explicit and deterministic knowledge modelling
via ontologies.

The principle of the imaging solutions is based on countering the large variability
of visual concepts by a large set of varying image representations being computed
for each image and learning the optimal weighting of these representations for each
visual concept based on criteria derived from state of the art statistical machine
learning as depicted in Figure 1.

Two key components of the approach will be described in the following: Bag of
Words Features and the learning of kernel combinations.
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Fig. 1 Graphical depiction of the multiple feature extraction and multiple kernel learning based
machine learning approach.

2 Bag of Words Features

In the last decade bag of words features [14] have evolved into the dominating fea-
ture extraction approach for visual concept recognition and ranking. They deliver
constantly the top-ranked solutions in this field as shown over all the past years in
state of the art benchmark challenges like Pascal Visual object categorization [16]
and ImageCLEF PhotoAnnotation [32] which deal with images with high visual
variance. For image recognition problems on highly specialized narrow domains,
other feature extraction methodologies may deliver better results.

The Bag of words feature is a three stage feature extraction principle which is not
linked to the SIFT feature itself. In the first stage a set of local features is computed
from an image. Formally, a local feature is a vector computed over a localized sub-
set of the image. The SIFT descriptor [28] is the most popular choice. Besides the
choice of the local feature, regions for its computation have to be chosen. Typically,
local features are computed on small overlapping regions taken from the whole im-
age. Apart from grid sampling, biased random sampling [47, 7] may serve for com-
putation of the corresponding descriptor regions. The number of local features may
vary across images, for example by adaptation to image size. The second stage, the
computation of the set of visual words, is done once during training time. Formally,
a visual word is a point in the space of local features. One possibility to compute
the visual words is discretization of the local feature density using k-means. Prac-
tically proven alternatives are radius-based clustering [22], Bayesian methods like
pLSA [20] and more commonly Fisher vectors based on Gaussian mixture models
[13], sparse coding [46]. There has been considerable research on improvements for
visual word generation, such as hierarchical clustering [31], class-wise clustering
[42], weakly-supervised clustering [9] or optimization of information-theoretic cri-
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teria [48]. Finally the last stage is the aggregation of local features into the global
Bag of Words feature. The local features are mapped on the visual words, usually
with weights based on the distances between the local feature and all the prototypes.
Examples are soft codebooks [19] and fast local linear coding [41].

The strength of the bag of words feature lies in its robustness which comes from
the following factors:

e the absence of modelling of spatial relations between parts unlike earlier ap-
proaches which are susceptible to noise in images with complex sceneries.

e the aggregation of local features into a global feature which implies denoising
via averaging of contributions of many local features.

e the choice of robust local features such as SIFT [28] or SURF [3] which are
known to be invariant against many changes in lighting conditions. See [35] for
an overview from a color theoretic point of view.

Another advantage of bag of words features is their computational scalability.
This is an advantage over intuitively more appealing Bayesian approaches which
often need to rely on restricted probability models or inference approximations in
practice. Computation of bag of words features in real-time is demonstrated in [40].
[36] demonstrates their efficient computation on GPUs.

The work [33] shows by comparing against human performance that Bag of
words features yield a similar performance to humans on jumbled images which
were cut into square parts and then piecewise randomly permutated and rejoined.
The human advantage is our ability to extract spatial relations between parts which
requires us, however, to spend years of learning in childhood from millions of ex-
amples and some hundred thousand years of brain evolution for the base learning
system being operational.

The BoW method is also applied with superior results in competitions in related
domains such as semantic indexing for videos in TRECVID [21] or the winning
entry in ILSVRC2011 large scale object detection challenge [37].

Despite their robustness for domains with highly variable images Bag of words
features are also applied to narrow domains such as concept recognition for medical
images [1, 44, 12].

In conclusion, Bag of words features are very well suited for image annotation
tasks.

3 Learning Kernel Combinations

Once there are many possible feature representations at hand for each image, the
question arises how to combine them. The answer from the point of statistical ma-
chine learning is to learn a combination from image features and labels, trying to
separate the images belonging to a visual concept from the rest in a high dimensional
feature space. The typical dimensionality of single features in the order of several
thousands limits the usefulness of classification trees and simple nearest neighbor
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algorithms. Several principled machine learning algorithms have been developed
like the classic Boosting [17] as the most famous one.

We will focus on kernel-based algorithms [30]. A kernel can be said to be a
positive definite matrix of similarity values between data samples. These similarity
values have been computed from the features available for each image. Given a loss
function, the similarity values contained in a kernel matrix can be used to learn a
classifier which predicts the annotation. A well established method for learning such
a classifier are support vector machines [11] which have been used with success in a
variety of fields such as genome analysis, computational chemistry, finance, brain-
computer interfacing, image and natural language processing.

The learning of kernel combinations relies on Multiple kernel learning [24]
which extends support vector machines (see formula 4). It learns weights for a linear
combination of kernels in addition to the parameters of an ordinary support vector
machine for each visual concept. The need for learning kernel combinations in im-
age annotation tasks has been widely recognized in the international community
as seen by the application of sparse multiple kernel learning to object recognition
[25, 18], object detection [26], or developments of alternative non-sparse Kernel
learning algorithms [45] which were influenced by Multiple kernel learning.

1 & ,
min = wWw:+C A
B.w.b.& 2.].;1[3/ Wi+ ClEl @

st Vi:y; <Z Biw)w;(xi) +b> >1-§&

j=1
E>0; B>0; |Bl, <1

The advantage of non-sparse multiple kernel learning lies in the combination
of the robustness of the support vector machine with adjustable regularization for
the learning of kernel weights. The latter constitutes the essential difference to its
predecessor, the sparse multiple kernel learning [27, 2, 38].

The image annotation system developed by the Fraunhofer FIRST and the TU
Berlin has been tested in several international benchmark competitions with undis-
closed ground truth for the test data. The joint efforts resulted in being the third best
group at the ImageCLEF2009 Photo Challenge, the fourth best group at the Pas-
cal VOC 2009 Object Classification Challenge, and finally, submitting the winning
entries [7] for two categories of ImageCLEF2011 PhotoAnnotation Challenge [32],
namely multi-modal and visual Ranking by the mean average precision measure for
which multiple kernel learning was employed.
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4 Outlook: Beyond Visual Concept Annotation - Towards
Semantic Scene Understanding

This chapter has reviewed on the basis of selected scientific contributions that Ma-
chine Learning has proved its high usefulness in practical image annotation [34, 23].
This was — along with excellent publications [9, 42, 43, 6, 8] — also demonstrated in
successful submissions to international annotation competitions [32, 16, 4] and most
recently the best visual and multi-modal submission entries in the ImageCLEF2011
PhotoAnnotation Challenge [7].

When striving for intelligent Machine Vision a number of hard challenges still
lie ahead. Multimodal sources of information and their respective hierarchical sta-
tus have to fused on firm theoretical grounds, here a lot is still to be done. Machine
Learning based Visual Concept Annotation and ranking needs to be combined with
semantic knowledge such as taxonomies in order to express semantic relations be-
tween visual concept classes [, 15]. Semantic classes are far from independent, thus
a challenge will be to model dependency structure appropriately; Multi-Task Learn-
ing will only be a first step into this important direction. Finally, the real world is a
complex, structured and highly non-stationary environment. What statistical struc-
ture may hold for an image ensemble in 2000 may not be up to date in 2012. Thus
it will be important to establish high performing learning methods that work sta-
bly despite the non-stationarity of the world around us and all its structural changes
[39, 10]. The emerging fields of human action classification and anomaly detection
in surveillance videos require solutions for such problems.
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