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1 Introduction

Humans are very effective in localizing text in cluttered environments. The human visual
system has evolved effective and efficient strategies in order to infer relevant properties of
the surrounding world, such as food locations as well as the presence of predators.

To observe the behavior of humans teaches us a lot about the efficient strategies em-
ployed by the human visual system. This research builds on the top of the most recent
findings in the visual attention literature and on the traditional text localization methods,
presenting here a novel solution to the problem of text localization aiming to emulate the
behavior of the human visual system.

A basic aspect of the human visual system is it’s limited visual acuity that seems to be
a prerequisite for the efficient and effective navigation of the surrounding world. The fovea
is the central area of the retina, it extends about two degrees across the center of the eye
and achieves the highest visual acuity. The parafovea and periphery extends outside the
fovea and account for a large part of the field of view although they are poorer in visual
acuity. These sensory properties give rise to the necessity of eye movements to place the
fovea on the part of the scene we need to see clearly, that is a gaze-shift mechanism which
results to be optimal at processing the visual information incoming from the eyes.

How humans moves their eyes and what drives the allocation of overt attention to
specific scene locations is largely unknown. Several models have been introduced trying
to describe eye movements by employing cognitive mechanisms. Pioneering work by Koch
and Ullman in 1985 introduced the idea of a saliency map to accomplish pre-attentive
selection.

Vision is not a photographic snapshot of the world. Research in human perception and
specifically the works of Rensink argue that vision is the result of a dynamic process based
on a dynamic representation of the perceived world, in which humans can only attend a
very limited part of the scene available at a certain moment. It’s a quite counterintuitive
finding, since the daily visual experience appears as a detailed and complete representation
of the world, unless when facing some specific visual stimuli humans fail to correctly
perceive some parts of the world, and it is what happens while observing magician shows or
juggling exercises. An accurate description of the phenomenon of inability to perceive some
changes was provided by Rensink introducing the so called change detection paradigm,
an experiment in which two images, differing in the presence/absence of one meaningful
object, were presented alternatively. Although the participant were asked to report the
presence of a change, it came up that the change was hard to be detected.

This phenomenon goes under the name of change blindness and represents one of the
situation in which humans fails at the perceptual task and as such it tells a lot about
how humans can quickly and accurately process the huge amount of information coming
from the outer world. Much of the current applications of object localization makes use
of heavy parallel processing of the input frame. In this research I show how to model eye
movements to make efficient text search in real scenes. The existing models of attention
have been extended to include a multilevel description of the scene at the salience, object
and value level. The problem of text search is then solved as a foraging problem in which
the ’foraging eye’ moves across a multilevel description of the scene, exploiting both local
search and wide relocation across the scene driven by Levy distributed gaze shifts.
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1.1 Outline of the research work

The aim of this work was to develop a novel system able to locate text from complex
images using techniques inspired by human perception.

Since the beginning I addressed the problem from two research lines: (i) Text Extrac-
tion from Color Images in a computer vision framework and (ii) the relevant aspects of
Human Perception. The first research line addressed specifically the State of the Art in
document image analysis and the algorithms employed to extract/locate the text from
static images. The second line investigated the applicability of existing human perception
computational models to the text localization problem, aiming to understand the basic
mechanisms activated when humans look at pictures containing relevant objects. The key
concepts involved include models of attention, saliency maps, gestalt grouping laws and
perceptual colour.

At first, following the mainstream in document image analysis, I developed an approach
based on color segmentation and grouping laws, described in section 2.2. At the same time
I started the exploration of the literature on visual attention and I attended the Lund Eye-
Tracking Academy, an educational course on eye-tracking methodology, to move into the
topic of perception and toward the use of attention models as well as getting started to
the use of the eye-tracking facilities of the CVC.

I addressed the problem of performance evaluation to precisely assess the performance
of different algorithm for text segmentation and extraction. Performance evaluation turned
out to be a very complex subject due to the huge variability in textual shapes rendering.
The use of multiple color, artistic elements and overlapping textual shapes, makes difficult
to provide a pixel level accurate and coherent description of the text regions. Humans
perform well at localizing and detecting text, although the individual labeling of some of
the image pixels as belonging to text or non-text may result in a non-trivial problem for
any human. The developed algorithm makes use of human made text labelling and is able
to handle well most of the common situations in our datasets. This work apart to end up
in a useful tool for automatically assessment of text segmentation and extraction, it was
a useful opportunity for reflection on the use of segmentation based approaches and their
limits of applicability in real scene images. Although in some cases the segmentation based
approach can work well, the overall system performance turns out to be highly dependent
of the segmentation parameters tuning to avoid under or over-segmentation. The use of
perceptual color spaces (such as the LAB color space) allowed to have more realistic image
segmentations but it was not enough to provide robust parameter tuning.

Image segmentation is an ill posed problem, since to well segment an image into objects
it’s required to know which objects are contained, but the presence of objects and their
localization is typically unknown at the beginning of the process.

To get rid of such problems I moved to the use of models of attention. The model of
Itti and Koch integrates low level features into a saliency map describing the locations
that are likely to contain objects of interest and indeed to be fixated by humans. Although
the text is a complex stimulus and the only saliency information is not enough to make
accurate location predictions. In section 5 is described the proposed model for efficient
and effective textual object search, relaying on a multilevel description of the scene at the
salience, object and value level. The problem of text search is then solved as a foraging
problem.
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2 Text Localization and Extraction from Color Images

2.1 Background

The problem of automatic text localization and extraction from real scene images is a
challenging research problem due to the uncontrolled environments in which the text may
appear. Several kinds of assumptions may make the problems more or less difficult. The
complexity of both the rendered text itself and the remaining part of the scene modulates
the complexity of the text search allowing the state of the art methods to get satisfactory
performances in some cases, requiring more complex approaches in some other cases.

Research in Document Image Analysis (DIA) tackled the problem in the black and
white paper document, and several approaches have been developed under the assumption
that the text could be clearly distinguished from the background. More recent research
has started to tackle the problem in color documents in which the background cannot
be anymore assumed to be rendered in one homogeneous color and the text cannot be
assumed anymore to be placed in well aligned text paragraphs.

The terms text localization, and extraction are often used interchangeably in the lit-
erature; a precise definition is offered here. Text localization is the process of determining
the location of text in the image by detecting regions (often bounding boxes) containing
the text. Text extraction instead aims to make a pixel-level separation of the text from
the background by making use of image segmentation. The latter approach directly leads
to connected components that can be used for automatic recognition by optical character
recognition (OCR).

Datasets used to tackle text localization/extraction in color images include poster
collections, colorful magazine covers, video frame with superimposed text and in-scene
text, street pictures and digital born images. Although each of those datasets presents
some specific characteristics, making some algorithms more appropriate than others, in
all of them the classical concept of uniform background cannot be anymore applied and
smarter algorithms are needed to effectively locate the text. Samples of those datasets are
shown in Fig 1

Figure 1: Digital images containing text: Poster, Book cover, Street sign, Street view

Some of the current methods in the state of the art make extensive use of the color
information to better separate text from non-text, under the hypothesis that text is ren-
dered in a uniform color. Such hypothesis is often satisfied especially in posters and some
book covers, instead most of the approaches tackling complex images, such as real scene
images, completely discard the color information and make computation in the luminance
channel.

The use of OCR has been largely discussed and its use is sometimes advocated to
provide useful knowledge such as a final verification step. Although the variability in
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the font’s glyphs as well as to the variability in the rendering of the text, of its lighting,
perspective deformations and object occlusions may make characters not recognizable. In
real scene dataset such text variability is quite common and OCR information are not
taken into account due to their low reliability.

Methods for text segmentation and extraction can be roughly grouped as Region based
methods or Texture based [1, 2].

The Region based methods refers to all the methods aiming to first decompose the
image in smaller elementary components and then combine those components into text
line objects according to geometrical regularities. Those methods can be further divided
into the connected-component based (CC bases methods) which typically employ an image
segmentation step based on some homogeneity criteria such as homogeneous color, math-
ematical morphology operations [3], shape thickness [4] or any image property [5, 6, 7]
and the edge based methods which exploit the high contrast between the text and the
background to find meaningful edges [8, 9, 10, 11]. In both cases geometrical regularities
of the components or edges are employed to separate text regions from non-text regions.

Texture based methods aims to detect regions containing text without decomposing
the image in elementary components, instead looking directly at the image features. Some
of those methods are the stroke filter [12] which makes an extensive search on the image
to find the region that better match a predefined filter, patch based methods aiming
to classify image regions using boosting algorithms [13] or support vector machine [14],
methods using second-order Gaussian derivatives [15, 16] or wavelet transform [17] to
detect the text-like regions.

2.2 Text Extraction: a segmentation based approach

Following the mainstream in DIA for text extraction, I developed an approach based
on color segmentation and grouping laws inspired by the Gestalt theory. In short the
algorithm employs a color segmentation to divide the image in components, then the
components are grouped together to form text lines. At the segmentation stage I used
a simple approach assessing color similarities in the RGB color space, that proved to
be robust enough to extract components from the chosen poster images in which only a
limited number of colors were used to render the image.

The main contribution in this work consists in providing a possible implementation of
the general concept of grouping laws inspired from the Gestalt theory, to build text lines
by grouping components.

In addition in this work, instead of employing a filtering step to remove the non textual
components, as it is often done in similar approaches present in literature [3], here I exploit
the contextual evidence provided by a whole word to define rules of similarity between
characters. The filtering of non textual components is then embedded in the grouping
step, improving a lot the performance by avoiding that mistakes at the level of connected
component filtering could affect the grouping by wrongly removing textual components.

In more detail the grouping step starts assuming that every connected component
could be a textual component. Starting from a seed component the algorithm tries to
build a text line looking for a similar component in the root’s neighborhood.

The process is recursively repeated searching for more components similar to the seed
and regularly spaced. The process ends when no more similar components can be found.

The grouping act at the level of similarity between components (height, shape) and at
the level of spacing between components and their relative position. The rules about the
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component’s similarity are the following:

Hk

1.5
≤Hj ≤ 1.5Hk (1a)

Tk

1.5
≤Tj ≤ 1.5Tk (1b)

in which Hj and Hk represent the heights of the j-th and k-th component respectively,
taking into account the possible line direction as shown in figure 2(b) (to assess the height
orthogonally to the direction of the current text line and not simply as the height of the
bounding box). Tj represents the thickness of the j-th component.

Figure 2(a) represents the geometrical constraints employed in the process of text line
building. The seed component is rendered as a blue dot and all the other components in
the neighborhood are yellow. In red is the component that best fits the similarity criteria
with the seed component and is chosen as a second component to build a text line. The
blue and red component define a direction and then the other components are searched in
a more geometrically constrained angular shaped region.

To avoid biased results depending on the sorting of the components, each component
in turn plays the role of seed components to start a grouping process and multiple text line
hypotheses are built. Final assessments select the best text line if it exists. The decision
is based on the principle of regularity and similarity between the individual components.
If none of the text line hypotheses satisfies the conditions the seed is assumed to be a non
textual one and the text line hypotheses rejected.

Each pixel of the image was labeled as text or background for 50 of the images of
the dataset and the algorithm’s performance were assessed in terms of Precision Recall
and Fall-out. The plot in figure 3(a) reports the algorithm’s performance for different
values for the colour threshold used for segmentation step. Figure 3(b) reports graphically
the true positive, false positive, true negative and false negative retrieved pixels for three
sample images of the dataset.

As the colour segmentation threshold increases, less noisy segmentations are produced
and the algorithm is not tricked by combinations of noise components that resemble text
lines, therefore precision increases correspondingly and fall-out drops. After a given thresh-
old though, characters start being merged with the background, and recall therefore drops.

(a) (b)

Figure 2: Grouping lows: (a)Search area for the grouping step. Application of the grouping
laws, (b) Height H and in Thickness T of the components.
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(a)

(b)

Figure 3: Algorithm’s performance (a)Precision Recall and Fall-out as a parameter of the
color similarity threshold, (b)true positive, false positive, true negative and false negative
for each pixel of the images are rendered respectively in green, red, black, white

Depending on the requirements of the final application different thresholds could be se-
lected. Using a threshold of 75 we obtain P=76.9, R=73.2 and F=2.6.

8



3 Attention and visual search

3.1 Eye Movements

The visual field can be divided in three regions: the foveal, parafoveal and peripheral. The
fovea is the central area of the retina, extending about two degrees across the center of the
eye, and achieves the best visual acuity. Moving from the fovea toward the periphery the
visual acuity drops quickly as shown in figure 5. The parafovea surrounds the fovea and
is poorer in visual acuity although it extends out to ten degrees off-center, the periphery
is the largest region and the one with the lowest acuity.

Figure 4: Schematic diagram of the human eye, with the fovea at the bottom. It shows a
horizontal section through the right eye. From Wikipedia.

Such limited visual acuity give rise to the necessity of eye movements to bring the
fovea on the part of the scene we need to see clearly. Several kinds of movements have
been observed although their role is not completely understood [18].

Saccades are the fastest eye movements and the most relevant information processing
since they allow the jumping to different portions of the scene. During saccades vision is
inhibited and no visual information is gained. The phenomenon goes under the name of
saccadic suppression [19] and it’s a completely automatic and volition independent. From
a dynamical point of view saccades differ from other eye movements by their ballistic
nature. The velocity rapidly rises during the saccade to a maximum that occurs slightly
before the midpoint of the movement and then drops at a slightly slower rate until the
target location is reached.

According to previous experiments reported by Rayner in [20] the velocity of the
saccade is a monotonic function of how far the eyes move. A 2 degrees saccade typical
of reading takes around 30 ms, whereas a 5 degrees saccade, typical of scene perception,
takes around 40-50 ms.

Pursuit eye movements are the movements initiated to follow a moving target. They
are an active response to the stimulus, able to synchronize the fovea’s speed to the object’s
cues such as speed, attention, expectation. Pursuit are probably completely involuntary
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movements as it does not seems to be possible initiate pursuit without a proper stimulus.
Pursuit movements are slower than saccades and, can be interlaced by some saccades to
catch up with the target when its moving too fast. Recent studies have begun to blur the
classical line between pursuit an saccades [18] and evidence has been gained for a close
coupling between the control of selection for pursuit and saccades.

Fixations relates to an almost still eye condition, typically lasting about 200-300 ms.
In order to maintain stable the image on the retina during fixations a slow control

is continuously performed and there is a broad agreement that image motion on retina
is crucial for vision and if too much motion degrades resolution, too little image motion
may lead to image fading [18]. Microsaccades are saccades during fixations of a very small
length (15 min arc) that do not seems to don’t be due to image stabilization nor to ideal
generator of useful image motion. Recent research suggests that their role seems to be
more related to the fovea repositioning on close details, that is exactly the role played by
saccades on a bigger scale [18].

Figure 5: The relative acuity of the left human eye (horizontal section) in degrees from
the fovea.. Image from Wikipedia.

Some other movements, such as Vergence and Vestibular, are instead compensation
movements useful to keep stable the image on the retina. The Vergence are inward eye
movements occurring when, in order to fixate on a close object, we move our eyes toward
each other. The Vestibular are instead rotational eye movements occurring to compensate
head movements in order to maintain the same direction of vision.

3.2 Eye movements and attention

The relationship between eye movements and attention has been longly investigated and
although it seems we can shift attention independently to the eye movements, in daily
tasks like reading, visual search or visual perception the covert attention and the overt
attention (eye location) are tightly linked. [21]. In this sense eye movements are commonly
used as a measurements of overt attention during complex cognitive processing tasks [22].

The planning of an eye movement is thought to be preceded by a shift of covert
attention to the target location before the actual movement is deployed [20, 23]. What
actually attracts attention and how eye movements are planned is a wide research area
and the debate is open. The controversy between associationist and synthetic theories
goes back to the seventies. The associationist theories asserted that the experience of the
whole is built by combining more elementary sensations, on the other hand the Gestalt
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psychologists claimed that the whole proceeds its parts. The feature integration theory by
Treisman [24] largely influenced research proposing that features comes first in perception.
An early parallel integration of the features such as color, orientation, spatial frequency,
brightness and direction of movements provides an initial coding of the scene, then a
spotlight of focused attention allows to identify the objects.

Figure 6: Yarbus. Studies on saccadic eye movements and subject’s scanpath under
several different task conditions.

Yarbus [25] first performed important studies of saccadic eye movements showing that
the subject’s scanpath is highly influenced by the task that the observer has to perform.
Some scanpaths from the Repin’s painting ”The Unexpected Visitor” are shown in Figure
6. Note the difference between plot 2 and plot 3 relatively to the task ’estimate material
circumstances of the family’ and ’give the age to the people’. It shows that subjects use
scanning patterns that are quite dependent to the task at hand and fixations are highly
linked to regions of interest.

3.3 Criticism to the salience model

Salience base models have been used to predict eye fixations quite successfully in artificial
stimulus arrays. When moved into more complex stimuli, like street view pictures, these
models do not predict well fixation locations. On the contrary in natural images, and
in particular those for which no related top-down task is involved, the features seem to
be discriminative enough to reliably predict the fixation locations as proved by work on
saliency modelling [26] [27].

The selection of a fixation point, which allows to set the observer’s focus of attention
(FOA) on the foveated region, appears to be driven by two different mechanisms: a bottom
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up process which produces rapid scans in a saliency-driven and task-independent manner
and a slower top down process which is task-dependent and volition-controlled.

Human generated scanpath changes over time and over different observers, are depen-
dent to the image stimulus in a saliency-based attention capture fashion. Scanpaths are
also dependent on the task at hand [25] and, more in general, perception of complex scene
is based on cognitive task that may completely override salience.

In this respect Tatler observed that human and model generated scanpaths substan-
tially differ in their statistical properties, specifically the saccade amplitude plots presents
quite different characteristics revealing how the salience model does not capture the un-
derlying mechanisms of human perception [28]. From a quantitative point of view Tatler
showed that the salience models are able to predict eye fixations just a little better than
chance [29]. Employing an edge density classifier Tatler measured the performance as a
proportion of correct classification and proved that including systematic tendencies will
speed up the system performance.

Saliency based models predict well eye fixations when a large visual signal present in
the environment acts as a proxy for visual attention. However when moving to the real
world such large signals are no more present or masked by a number of signals acting at
the same time. Tatler argues against the dominant role of saliency [28] and about the role
of such large signals and how often attention is captured by these large signals in ordinary
oculomotor behavior.

Einhauser, Spain and Perona [30] eye tracked human observers while observing pho-
tographs of common natural scenes and proved that fixated and control locations can be
better distinguished by object-level information than by image salience, bringing evidence
of how the early saliency plays a not so central role in fixation generation.

In walking experiments salience based attention models do not predict well fixations,
Rothkopf and Ballard showed that in artificial walking experiments in which participants
had to avoid obstacles [31], most of the fixations are direct to the objects and not to the
background scene as predicted by salience. Similarly in ball sports the expert players make
saccades to the places where they expect the ball [32] as well as in sandwich making [33]
some of the fixations are even directed to empty space in relation to where the object will
be placed.

The picture-viewing paradigm has been long used to investigate about how humans
gaze in natural environments, however some biases may be introduced by the paradigm
itself more than the visual stimulus. The central bias [34] observed in the fixation distribu-
tion may be due to the framing constraint introduced by the monitor used for the stimulus
display. In addition the dynamic range of a picture is much less then a real scene, motion
cues and many depth cues are absent, the observer viewpoint is fixed and decided by the
viewpoint of the photographer introducing compositional biases. This rises the question
about the use of picture-viewing paradigm and it’s general validity in extending results to
the vision in real world.

Specifically speaking of the saliency map, Henderson [35] address the question of how
to use saliency based model in dynamical scene.

Since the traditional model works with static images, the saliency map can be computed
pre-attentively and all the successive saccades be computed on the basis of such a map.
However in a dynamic scene the saliency map has to be updated or computed several
times. So a single map could be retained over multiple fixations, or a new map can be
computed for each successive fixation. In the latter case it rises the necessity to have a
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mechanism able to handle the inhibition of return across a number of fixations and to
assign to the correspondent point in the new generated map.

In general the inhibition of return even in static images poses a big problem in the
possibility of having refixations. A transient inhibition will allow cyclic repetition of the
scanpath leading to unnatural repetitive scanpaths, instead a long lasting inhibition of
return will make impossible to reproduce the the typical human behavior. E.g. several
refixations of a location are observed by Ballard in a block-copying task [36].

3.4 The layered model of Schütz

In the light of a series of real world experiments (described in the previous section) ac-
cording to which fixations are not well predicted by the salience based models and showing
that most of the fixations seem to be driven by a top-down mechanism (e.g. empty space
fixation while preparing sandwiches), it raises the question of how it happens that salience
can be overridden by top-down constraints and how these constraints should be modelled?

Schütz suggests that the control of saccadic target selection could be produced by a
layered model in which separate factors act at different levels of visual processing [37].
In this model the saliency is one of the factors, it’s the one accounting for the typical
bottom-up contribution.

Figure 7: The model of Schütz - modified

Given that saliency by itself is not sufficient to explain complex eye movements, Schütz
argues that a better explanation of visual processing can be given in terms of several mod-
ulating mechanisms contributing to the fixation location selection and these mechanism
are related to the concept of object and to the value. In fact it has been proven that
even the object plays a relevant role in fixation generation [30] and under specific tasks
such as artificial walking [31], text reading or people counting search task the saliency
contribution can be completely overridden.

How these factors contribute and interact with each other at the different levels of
processing is still unclear, but it should be the main stream to investigate perception and
eye movements. Schütz argues that individual maps may exist for each factor and that
saliency, object, value and plans might be some how integrated through a number of local
interactions to end up in a common priority map closely linked with the saccadic eye
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movements control.

4 Vision and the scene representation

One of the open problems in vision is about what kind of representation of the world is
retained by the brain. If the brain were able to store all the visual information coming
from the retina, then it would have a quite complete map of the surroundings, however it
is quite evident that it is not possible to store such an amount of information, not only due
to the huge amount of information, but even because it would make extremely difficult to
update the knowledge as soon as any change takes place, as well as it would be extremely
resource consuming to retrieve information in such a detailed and extended map.

On the other hand vision has been proven to be not a picture like sampling of the
scene [38], it is made by frequent saccadic relocation and the retinal information has
high resolution in the small central fovea, rapidly degrading radially towards the very low
resolution peripheral vision, as shown in Figure 5.

Despite this it seems that perception is in need of some kind of scene representation
to make direct foveated vision to the relevant part of the scene when this information is
needed to carry out the task at hand [28]. For example when we need to find a cup to
prepare a cup of coffee, the cup will probable not be placed in the fovea, it will probably
placed somewhere in the peripheral region of the retina and the visual acuity will probably
not be enough to recognize it. In general the cup could even be completely outside the
field of view, so that a saccade would be necessary to bring its image on the retina.

The problem of the brain’s representation of the scene is linked to the prediction of
the fixation locations since such a representation is useful to direct future saccades based
on even partial knowledge of the scene.

4.1 Change Blindness

The change detection experiments by Rensink [38] showed that, in certain circumstances,
humans are unable to perceive changes in the scene projected in their eyes, a phenomenon
that goes under the name of Change Blindness.

Rensink introduced the so called flicker paradigm in which two images, differing in a
specific but meaningful part, were presented for 240 ms, alternated by a brief gray field for
80 ms. The participant were asked to report the presence of a change as soon as the change
was perceived. It came up that the changes were hard to be detected and the participants
needed a continuous stimulus repeated up to 1 minute and over 40 alternations, on average,
before becoming aware of the changes in the scene. The phenomenon does not depend on
the particular kind of images and occurs for a wide variety of images and different kind of
changes, is also independent of the kind of blanking interval and colors [39] [40].

Change blindness has first be used to sustain that we do not construct any internal
representation of the scene [41]. Because we have highly mobile eyes we can point directly
to the world to extract the information we need and the low cost of this would make not
necessary to interrogate any internal representation. [42].

Rensink proposed that the change blindness is the observable effect of some important
peculiarity of the visual system. The motion signals attract attention to specific location
making changes visible, the observed inability to perceive changes in the scene in presence
of a brief blanking, could be explained as a result of the induced motion signal swamping,
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making incompatible the hypothesis of a detailed picture-like internal representation of
the world.

4.2 Triadic architecture of Rensink

Building on the top of the experimental evidence coming from the flicker paradigm [38],
Rensink suggests that little of the retinal information is stored in the brain, so vision is
the result of a dynamic process based on a dynamic representation of the perceived world,
in which humans can only attend a very limited part of the scene available at a certain
moment, although the daily experience is to have detailed and complete representations
of the scene.

Vision is described by Rensink as the result of the interaction of three largely indepen-
dent systems. An Early-level process receives continuously new retinotopic information
and continuously creates detailed and volatile proto-objects. These proto-objects, consist-
ing in some aggregate information, constitute the only available information that is passed
to the higher attentional and nonattentional systems.

The nonattentional system or Setting system performs an overall assessment of the
scene expressed in terms of Gist and Layout. The Gist mainly addresses the kind of scene,
the Layout is instead more related to the spatial organization. Both descriptions are more
stable than the proto-objects and can be quickly assessed from a low resolution input. In
this sense Gist and Layout describe the whole scene at the first sight, even before any of
its parts have been perceived at a high resolution.

The attention system or Object system is responsible to form stable object representa-
tion. It’s pictorially described as a hand collecting some of the proto-objects and keeping
them together with high degree of coherence over time and space (coherence theory). As
soon as the focused attention releases the proto-objects, the object loses its coherence. The
activation of the focused attention and the way it works in relation to the proto-objects
is largely to be understood but it is clear that the attentional system is guided by the
nonattentional one so that the Gist and the Layout provides hints (or better a context)
on where to focus the attention and which proto-objects to grab next.

4.3 Virtual representation

The scene is never seen completely but humans perceive the scene as complete, coherent
and rich in details. This is explained making use of the concept of Virtual Representation
in which Vision is a just in time process able to provide detailed representation of the scene
whenever required. Humans do not notice these limitations because of the coordination of
the sub systems of the triadic model and in particular the coordination of attention and
eye movements allows to get the right information from the world when it’s needed.

The Virtual representation is analogous to the way computer networks are designed.
A computer appears to contain all the information available in the network but in reality
the information is accessed only whenever requested. It is a powerful scheme in which
the complexity of the system is dramatically reduced at the cost of having an incomplete
representation that some times may also turn into an incoherent one.
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Figure 8: The model of Rensink.

5 The proposed attention model

Building on top of the saliency based model and keeping as a reference the model proposed
by Rensink here the attentive search is described as the result of the cooperation between
a visual inference component and a motor component relying on an information foraging
mechanism. Continuing the path traced by the recent work of Tatler on the systematic
tendencies and attempting to formalize the layered model of Schütz here I present a model
for text localization described first at the functional level, then formalized in terms of a
probabilistic model. Software simulation gives evidence of interesting experimental results.

5.1 Functional description

At the functional level, the proposed model of attentive text location/exploration consists
of five interacting components

• Visual Front End describes the available view of the scene. A spatially limited
foveal high resolution image and a low resolution image of a wide viewing angle
describing the peripheral vision.

• Proto-Object Detector is a dynamic feature-based descriptions of the salient and
value based portion of the foveated image available at the current time.

• Objects are the semantic and long lasting elements that along with their location
provide the description of the scene content.

• Gist provides a global description of the scene context. It is a low resolution feature-
based description of the whole image.
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• Eye-guidance mechanism is the component able to select visual information,
grabbing in turn a few proto-objects and making them available for further process-
ing. The guidance mechanism is designed following an eye foraging metaphor.

Figure 9: Conceptual model for text object localization by attentive search

Such functional architecture can be formalized in terms of a hierarchical probabilistic
computational model, and the underlying computation can be summarized in terms of
ancestral sampling over such a model as described in the following section.

5.2 Bayesian model of gaze-driven text localization

Let’s denote Î as the foveated image gathered by the ”foraging eye” at the time t when
fixating the scene at a specific point rFOA(t) of the visual field and Ĩ the low resolution
visual input from the peripheral visual field.
The features FL and FC are respectively the local and contextual features of the scene
describing the visual input. The local features are generated by the object O at its location
L, the contextual features are instead generated by the scene gist G.
The proto-object map W(t), is dynamically generated from the saliency map S(t) and the
value map V(t), to encode the informativeness of each location L of the scene, according to
the undertaken motor action A(t). The proto-object map and the motor action account for
the gaze shift from the current fixation rFOA(t) to the next fixation location rFOA(t + 1).
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Looking at the model from a generative point of view, it can be described by the
following:

1. Sampling the contextual description:

FC ∼ P (FC |G), (2a)

(O,L) ∼ P (O,L|G), (2b)

The Gist G provides a high level description of the scene. Contextual features are
sampled according to P (FC |G) as well as objects and their respective locations are
sampled according to P (O,L|G).

2. Sampling the Object dependent features:

FL ∼ P (FL|O), (3)

Local features describes the object by itself (out of the context in which it could
appear) and are sampled as P (FL|O).

3. Proto-objects:

S ∼ P (S|L,FL,FC), (4a)

V ∼ P (V|O,L,FL,FC), (4b)

W ∼ P (W|S,V,A), (4c)

For each location of the scene L, both the saliency map and the value map describes
the informativeness of such location. The saliency map, in a pure bottom-up ap-
proach, accounts for local features P (S|L,FL,FC). The value map integrates over
the object information adding a top down guiding attentive mechanism. The proto
object map W(t) unifies the saliency and the value map according to the current
motor action A(t).

4. Visual Front End:

Ĩ ∼ P (̃I|FC,G), (5a)

Î ∼ P (̂I|̃I,W, rFOA(t)), (5b)

The low resolution image Ĩ, accounting for the non foveated vision, can be directly
sampled from the contextual description as P (̃I|FC,G). The foveated image instead
can be sampled from the proto-object map and the current FOA, integrating on the
non foveated vision P (̂I|̃I,W, rFOA(t)).

5. Gaze programming:

A(t) ∼ P (A(t)|A(t − 1)), (6a)

rFOA(t + 1) ∼ P (rFOA(t + 1)|rFOA(t),A(t),W(t)). (6b)

The motor action A(t) accounting for the motor behavior is sampled from the pre-
vious action P (A(t)|A(t−1)). The next fixation location is sampled from the current
FOA, the proto-object map and the motor action P (rFOA(t+1)|rFOA(t),A(t),W(t)).
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5.3 Simulation

The goal of the simulation is to provide a baseline implementation of the model. The
search effectiveness of the implemented algorithm is than evaluated in localizing text
regions in terms of precision and recall. The implemented algorithm is tested to evaluate
the capability to produce scanpaths statistically similar to the ones produced by humans.

5.3.1 Implementation details

In order to implement the model previously described here are some simplifying assump-
tions:

• Sampling the object dependent features: The foveation process is simulated by blur-
ring the input image I through to a Gaussian function centered at rFOA(t) obtain-

ing the foveated image as Î(r, t) = I(r)exp{ −(r(t)−rFOA(t))
ΣFOA(r(t)−rFOA(t))T }, where ΣFOA =

σ2I. Instead σ = |FOA| indicates the radius of a FOA, approximately given by
1/8min[w, h], w× h = |L| being the horizontal and vertical dimensions of the frame
spatial support L.

• Sampling the saliency map: The foveated image Î(t) is used to compute the feature
matrix FL through the Self-resemblance algorithm described in [43].

• Sampling the value map: The value map is computed from the Ĩ a low resolution
version of the input image I. The image is divided in square patches of 50x50 pixels
and an rvm classifier [44] is used to label each patch as text or non-text.

• Sampling the motor action - Saccade length: The motor action Asaccade(t) makes a
moment by moment decision about the generation of biologically plausible saccade
lengths. Let’s represent Asaccade(t) = z(t), πt where z(t) is a discrete random variable
with K states and π(t) = {πk(t)}

K
k=1 are the probabilities of choosing one of the K

states. Then z(t) is assumed to follow a Multinomial distribution with parameter π.

z∗(t) ∼ Mult(z(t)|π∗(t)) (7)

and π is a Dirichlet conjugate prior

π∗(t) ∼ Dir(π|υ(W (t))) (8)

in which ν is an hyperparameter. The transition from the time slice t to t+1 of this
discrete time dynamical system, can be accounted by the following hyperparameter
update

υk(t) = νk(0) + αR(t) (9)

and α is an adaptive parameter and R is a reward for the effectiveness of the motor
behavior in the sampling of the patch landscape. Such reward encourages a spe-
cific motor behavior instead of the others on the basis of the consequences of the
undertaken actions. R is defined as:

R =

{
+1 W( rFOA(t) ) is a text patch
−1 otherwise

(10)
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• Sampling the motor action - ProtoMap selection: The motor action Aprotomap(t) acts
as a switch making a moment by moment decision about which map will contribute
to the proto-object map. Let’s represent Aprotomap(t) = x(t), wt where x(t) is a
discrete random variable with J = 3 being the number of possible maps and w(t) =
{wj(t)}

J
j=1 are the probabilities of choosing one of the J maps. Similarly to the

action choice:
x∗(t) ∼ Mult(x(t)|w ∗ (t)) (11)

w∗(t) ∼ Dir(w|ν)) (12)

in which υ is an hyperparameter relative to the saccade length generation

υj(t) = ῡ + βR(t) (13)

with β an adaptive parameter, R a reward as in the previous and ῡ an assigned prior
distribution estimated from the data.

The motor action Aprotomap determines the selection of substantially different motor
behavior. A salience driven behavior is set when x(t) = 1 and the visual attention
is assumed to be strongly attracted by highly salient patches and regardless to the
current FOA position. A value driven behavior is instead set when x(t) = 2 and
the proto-objects mark the informative locations on the basis of the expected object
presence. An explorative behavior, on the contrary, x(t) = 3 completely ignores the
visual input and the fixation are driven by the only oculomotor biases.

• Sampling the proto-object map

The proto-object is build according to the following:

W (t) =





S(t) if x(t) = 1
W(t) if x(t) = 2
empty if x(t) = 3

(14)

Then proto-objects are obtained by adaptive thresholding of the W (t) map. The
most attractive proto-object is chosen in probability among all the proto-objects
according to their informativeness.

• Sampling the next fixation location: By making use of the animal foraging metaphor
the next fixation location rFOA(t + 1) can be sampled by the Langevin equation,
similarly to [45]. Eye movements and animal foraging address in some way the
problem of searching randomly distributed sites whose exact locations are not known
a priori. The Langevin equation can be written as:

dr(t) = −∇V (r, t)dt + D(r, t)ξdt (15)

and following recent work [46] it can be written as a two dimensional dynamical
system:

rFOA(t) = −∇V (rFOA, t)dt + D(rFOA, t)ξk(t)dt, (16)

where ξk(t) is a two-dimensional random vector.
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Figure 10: Some test images from the Text detection dataset

Figure 11: Some test images from the the Street images dataset, a non public collection
of images taken from the street

in which the drift term ∇V is a function of the the proto-object attractors and the
stochastic part is driven by one of the k possible motor behavior.

Here patches are assumed acting one each time than, the drift can be obtained as

−∇V (rFOA, t) = −2(rFOA − µp). (17)

with µp the proto-object center. When no proto-objects are detected the drift term
is zero and the system is forced to explorative mode by making long saccades in
random directions.

5.3.2 Dataset

Text detection dataset: I used a publicly available dataset [4] for text detection in
urban scene images, consisting of 307 color images of sizes ranging from 1360x1024 to
1024x768. The dataset is a difficult one due to the presence of vegetation, repeating pat-
terns, shadows and anything that can be found in a street scene. It comes along with text
location labelling data. Some images are shown in figure 10

Street images dataset: To learn the parameters of the system I used my own dataset
of street scene images from a city center commercial area. The dataset consist in 518
pictures taken in free condition. This dataset is also a difficult one due to the complexity
of the environment and to perspective deformations. Text is usually not centered in the
center of the picture. Some images in figure 11

5.3.3 Search effectiveness

The scanpath represents the sequence of fixations and saccades made by the oculomotor
system while looking for text. The search effectiveness has been estimated comparing the
machine generated scanpath with the hand made labelling of the Text detection dataset.
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A qualitative evaluation can be done observing the demo video at
http://youtu.be/MF9W71po8m0. Instead the figure 12(a) and 12(b) represent two differ-
ent screenshots of the system when the fixations are directed to text areas.

Numerical evaluation of the search effectiveness is given in the following in terms of
Precision and Recall of text image pixels. At this scope I used the text location labelling
provided in the publicly available text detection dataset. Performance is calculated at the
pixel level comparing the mask of pixels labeled as text and the mask of pixels belonging
to the fixated locations. Experimental results are reported in table 1.

Table 1: Experimental results: search effectiveness

Precision Recall

text img0094.png 0.05 0.87
text img0095.png 0.02 0.59
text img0099.png 0.16 0.44
text img0100.png 0.05 0.56
text img0101.png 0.10 0.92
text img0102.png 0.11 0.75
text img0105.png 0.29 0.55
text img0106.png 0.03 0.82
text img0107.png 0.04 0.46

average value 0.10 0.66

Average precision and recall are respectively 0.10 and 0.66 denoting a lower precision
but a better recall performance with respect to the work in [4], which introduced the
dataset, and reported a precision 0.54 and recall 0.42.

The low precision is due to two reasons: first due to the intrinsic randomicity of the
gaze fixation process that is exploring the neighborhood of informative regions as well as
doing random fixations in unexplored regions, making some erratic fixations but allowing
to discover unexplored text regions (indeed making higher the Recall).

The second reason of the low precision is in the kind of text region labelling that seems
to be more suitable for algorithms relaying on pixel level text detection, as is the method

(a) (b)

Figure 12: Two screenshot from the demo of system: scanpath, maps and foveated vision.
(a) fixating on the street sign ’one way’ (b) fixating on the text painted on the building
wall.
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suggested in [4]. The boundaries of the text regions in the ground truth are drawn very
close to the boundary of text and any fixation even if centered on the text region can fall
a little bit outside the labeled area and thus generating low pixel-based precision values.

5.3.4 Oculomotor behavior

When recording scanpaths from human observers a remarkable feature is that of scanpath
variability: every scanpath is different from another (under some circumstances the same
subject may produce different scanpaths on the same image) and a proper modelling of
the cause of the scanpath’s variability is far to be understood. Despite this the human
generated scanpaths present some statistic regularities (oculomotor biases), that seems to
be due to specific characteristic of the visual system. In general, oculomotor behavior
generated by current visual attention algorithms produce scanpaths with statistical dis-
tributions (with respect to saccades amplitudes or orientation) completely different from
the human ones. The sampling algorithm based on the model presented here is inherently
stochastic, thus suitable to mimic the above discussed variability.

As an example, the saccade amplitude distribution generated by the proposed methods
are drawn in figure 13 and seems to fit well the saccade amplitude distributions described
in literature being characterized by long tails. This result is promising, although fur-
ther experiments are necessary and a proper evaluation will need to design eye tracking
experiments to collect data relatively to the text detection dataset.

Figure 13: saccade amplitude plot on cumulative data from 4050 fixations and 9 different
images. Horizontal axis represents the saccade length and the vertical axis the number of
saccades.

6 Conclusion

The work presented here is part of my ongoing Doctoral Thesis. I am still working on
the tuning of the system and further work is substantially devoted to complete basic
experiments for validating the model by human subjects through eye-tracking.

The minimum time expected to devise the experimental protocol, collect the data and
to analyze and evaluate results is expected to be about 2 months. Later more advanced
experiments could be done, but their necessity will be evaluated at a later stage.
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I plan to publish the latest proposed model in international conference proceedings or
journals. Already published works are listed in the following:

- Antonio Clavelli, Giuseppe Boccignone, Dimosthenis Karatzas, Mario Ferraro and Josep
Llados, ”Towards Modelling an Attention-based Text Localization Process That Relies on
a Composite Search Strategy”, CVCRD 2011 (J.Vàzquez-Corral D. G. F.Diego, Ed.), Vol.
1, Bellaterra, Barcelona

- Antonio Clavelli, Dimosthenis Karatzas and Josep Llados, ”Attention models in com-
puter vision and future perspective”, CVCRD 2010 (M. Rusiñol D. Ponsa A. H. S. A.
Fornes, Ed.), Bellaterra, Barcelona: Ediciones Gràficas Rey

- Antonio Clavelli, Dimosthenis Karatzas and Josep Llados, ”A framework for the assess-
ment of text extraction algorithms on complex colour images”, 9th IAPR International
Workshop on Document Analysis Systems, DAS 2010 (1926)

- Antonio Clavelli and Dimosthenis Karatzas, ”Text Segmentation in Colour Posters from
the Spanish Civil War Era”, 10th International Conference on Document Analysis and
Recognition (ICDAR 2009), Barcelona, Spain, IEEE Computer Society
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