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6
C O N C L U S I O N S

6.1 summary of contributions

This thesis makes a contribution to the understanding and modeling of
visual attention. The ultimate aim is to model the way people look at
scenes and thereby extract meaningful regions which are important for
scene understanding. To this end, we examined two possible units of
attention: spatial locations and proto-objects. The first two chapters are
dedicated to the spatial-based view to visual attention and in the last two
chapters we explored the proto-object-based view to visual attention.

As spatial locations are currently the most popular units of attention,
we have started by considering an image as a collection of regular patches.
In Chapter 2, we arrived at a meaningful and compact representation
of an image patch based on its edge distribution. We parameterized
the edge distribution with the integrated Weibull distribution, we have
considered four cases: when the integrated Weibull distribution (1) coin-
cides with the power law distribution, (2) coincides with the exponential
distribution, (3) coincides with the Gaussian distribution, and (4) when
the integrated Weibull distribution cannot capture the edge distribution.
We made the following observations: patches containing few coherent
regions separated by strong edges are typically linked to the power-law
sub-distribution. While more details are appearing within a patch, the
corresponding sub-distribution becomes exponential. As an extreme,
when a patch contains high-frequency texture like grass, it is linked to
the Gaussian sub-distribution. Finally, when a patch cannot be described
with the Weibull distribution, it is usually composed of several parts, each
following a different sub-distribution. Similar observations were obtained
at the global scale. Thus, the behaviour of the Weibull distribution is
indicative for image content.

Furthermore, we investigated the occurrence of various sub-distributions
of the integrated Weibull distribution in the statistics of patches attended
by humans. We have demonstrated that attended patches differ from
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conclusions

arbitrary selected local patches. In fact, people prefer to look to the
patches which are power law and exponentially distributed, and avoid
the Gaussian distributed patches and patches which do not follow the
integrated Weibull distribution. This inspired us to build a model for
saliency prediction based on the Weibull representation of image patches.
The model is proposed in Chapter 3.

The Weibull distribution has two parameters which reflect the contrast
and edge frequency of an image patch respectively. By considering
the joint distribution of Weibull parameters we succeeded to accurately
model the two most powerful low-level features in prediction of human
attention. We assessed the joint distribution of both Weibull parameters
over the attended and not attended image patches. Before estimating
saliency, as there is a variability among different subjects looking at the
same image, it is important to consider a sufficient amount of subjects
in order to learn consistent patterns in eye-movements. We estimated
the variation in fixation locations for an increasing number of randomly
drawn subjects. Results showed that the variation is stabilized when nine
or more subjects are considered. Hence, we used fixation locations of
nine subjects to learn the joint distribution of Weibull parameters of the
attended patches.

Furthermore, we calculated the log-likelihood ratio of the probability
of the Weibull parameters occurring on the attended patch with respect to
the probability of the Weibull parameters occurring on the not attended
patch. As a result, to estimate saliency for a new image we simply
need to parameterize each image patch with the Weibull distribution
and assigning the corresponding value of the log-likelihood ratio to the
pixels it covers. Our experiments demonstrated that using as few as two
values per image patch we already achieved accuracy comparable with
more complex state-of-the-art spatial-based models for human attention.
Moreover, the cross data set analysis showed that once trained on a
diverse data set, our model has good generalization power and can be
used to predict saliency for various type of images ranging from artistic
photos to every-day life scenery.

One of the essential assumptions behind spatial-based models is that
the shape of an attended region is constant and does not depend on
the image content. Such region can contain an object, parts of different
objects, parts of an object and its background, or just background. In
Chapter 4 we followed the object-based attention theory and aligned
attended regions with proto-objects. We tested this approach on the
salient object detection task.

Most of the state-of-the-art methods in salience object detection first
create a pixel-based saliency map and then look for the region with the
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6.1 summary of contributions

highest energy. Therefore, the detected region is determined mostly by
the structure of the pixel-based saliency map whereas the information
about image objects is not taken into account explicitly. In contrast, we
reversed the order: we first approximate all possible object locations by
segmenting an image into proto-objects, and then estimated saliency of
these segments to find the most outstanding one. We considered proto-
object saliency at two scales. Firstly, at the region-scale we measured the
dissimilarity of a proto-object and its surrounding. A different appearance
from the surrounding is both an object characteristic and an indication
of saliency. Secondly, at the patch-scale we measured how many rare
details are within a proto-object. Our experiments showed that saliency
at region- and patch-scale have complimentary characteristics and the
combination improves the performance. Furthermore, compared with
the state-of-the-art spatial-based salient object detectors the proposed
method achieved the highest precision, which is acknowledged as the
most important measure of the performance.

In Chapter 5 we applied proto-objects as units of analysis for the task
of eye-movement prediction. While people tend to spread their attention
within objects, spatial-based models for visual attention generally high-
light only parts of an object with high contrast, which mostly coincide
with the borders of an object. By measuring saliency at the proto-object
level, we efficiently distributed saliency and highlighted complete regions.
We assessed proto-object saliency in the following three ways: (1) with
the external contrast-based saliency we compare a proto-object with all
the other image proto-objects outside it. It measures how much the proto-
object pops out off the surroundings. (2) With the internal contrast-based
saliency we compare a proto-object with all image proto-objects inside it.
It prevents highlighting as salient image areas with uniform structure,
such as sky. (3) With the rarity-based saliency we estimated the average
rarity of visual words within a proto-object. Proto-objects containing
rare details are perceived as salient. Our experiments demonstrated
the importance of these three saliency measurements. Moreover, their
combination improves the results demonstrating that all three types of
saliency are useful in eye-movement prediction.

An object of an image can consist of several small proto-objects approx-
imating its parts, and, at the same time, be a part of a larger proto-object
which contains a group of objects. By averaging saliency of proto-objects
through the hierarchy we incorporated characteristics of all image struc-
tures from small object details to large groups of objects into the final
saliency map. As a result, we not only highlighted important objects, but
also placed accents within them. We demonstrated that our approach
leads to a significant improvement in eye-movements prediction. In
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our experiments the proposed proto-object-based method consistently
outperformed spatial-based approaches on two challenging data sets.
We conclude that proto-objects are more suitable units of analysis for
modeling visual attention than pixels.

6.2 general conclusion

In this thesis we moved from the spatial locations to proto-objects as
units of visual attention. At first, it seems natural to use spatial locations
to model attention, as attention is believed to be necessary for object
recognition, therefore, we cannot attend to objects before we recognize
them. However, there are many low-level visual cues to group regions
together. While these do not necessarily outline objects precisely, these
coherent regions often approximate objects well. Therefore, instead of
focusing on spatial locations, is makes more sense to focus attention
within the regions of the proto-objects in order to gain better insights
into the identity of the object it corresponds. Indeed, we have shown that
the proto-objects can be used to guide our gaze more efficiently to those
parts which are informative about scene content.
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