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1
Introduction



1.1 General introduction
In this thesis, I will investigate how stimuli processed by the human visual system give rise to 
meaningful percepts. What happens when an observer recognizes an object and sees it in a different 
way than a moment ago? I have explored visual object recognition with different approaches, from 
behavioral responses and eye movements to the cortical changes that occur during the process of 
object recognition. In the following, I will summarize the chapters and discuss possible interpretations 
of my findings. 

The striking human ability to recognize objects continues to fascinate me. We seem to be equipped 
for a wide range of visual tasks, from detecting a snake hidden in the grass to seeing shapes forming 
in the clouds. These capacities all reflect our versatile visual system. I am especially interested in the 
perceptual process associated with the period before and after recognition – for example, what happens 
when a cloud in the sky starts to look increasingly like an elephant. This fascination has driven me to study 
the changes in behavior and brain activity associated with recognition by using visual puzzles and illusions 
as well as novel methods to capture changes in behavior and brain activity during visual recognition.

In this study, I investigated a number of situations in which our ability to recognize objects is challenged. 
In all of the presented experiments, the participants were faced with ambiguous images – stimuli with 
visual uncertainty and more than one possible interpretation. In the case of “emergence,” an image may 
initially appear to contain only an abstract pattern of blotches, but after a prolonged period of time the 
perceiver will eventually be able to recognize an object in the image. To do so, the visual system must 
be able to group individual elements together and distinguish between the borders of the object and 
the background. In the case of “bistability,” visual recognition may never reach a final solution, and 
consequently two alternating object interpretations may continuously be experienced (Figure 1.1).

Figure 1.1: The Necker cube (bistability) and hidden Dalmatian (emergence).
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Situations of visual emergence and bistability are not only fun to experience, but also highly useful for 
research into the visual system. They so clearly show that visual recognition is much more than what 
meets the eye. Such stimuli provide a window into the phenomenal experiences of the observer, and 
illustrate that visual recognition requires active interpretation and is not simply a faithful representation 
the world. For these reasons, in this study I focused on the following question:

What changes occur in an observer’s visual system during the transition from the initial viewing to 
the recognition of an object? 

My approach to answering this question was to study the viewing behavior – using eye tracking – and 
brain activity – using fMRI – of human observers while they attempted to visually recognize bistable 
and emerging objects. In my research, I studied situations in which the conscious perception of the 
observer changed over time. My goal was to capture the processes that take place while the status of 
an object changes from unrecognized to recognized while – importantly – the stimulus remains the 
same. Keeping the stimulus constant while the visual awareness of the observer changes presents a 
critical advantage: it is the only way to dissociate the activity corresponding to the neural processing of 
stimulus features from that associated with the actual act of recognition.

In this study, I unraveled the processes underlying object recognition using emergence to extend 
the process of recognition over time, and used bistability to give the stimuli multiple meanings. This 
allowed me to track changes in eye movement behavior and brain activity that thus primarily reflect the 
changes in the observer’s conscious state and not any physical aspects of the stimuli. 

In the following sections, I will outline the research presented in this thesis (1.2), provide a brief 
summary of the human visual system and object recognition (1.3-4), and present some of the stimuli 
(1.5) and methods (1.6) used in the experiments.

1.2 Outline
The notion of a ventral visual pathway specialized in recognition has almost been a dogma in visual 
neuroscience over the past decades, and can be found in any textbook on perception. Yet, there is an 
emerging debate about whether the notion of pathways properly reflects human brain organization. 
Since the original proposal of the ventral visual pathway for object recognition, the neuroanatomical 
and functional properties of the ventral pathway have been studied extensively and with more 
sophisticated techniques. Recent evidence points towards an occipitotemporal network with recurrent 
connections between multiple regions (de Haan & Cowey, 2011; Kravitz, Saleem, Baker, Ungerleider, & 
Mishkin, 2013).

In Chapter 2, I discuss my investigation of the neural processes involved in object recognition using 
fMRI and Dynamic Causal Modeling. In this experiment, the participants viewed movies of objects that 
were gradually revealed from noise, and then indicated the moment of recognition. I was particularly 
interested in changes in brain connectivity before and after recognition. We found interactions between 
the medial and lateral sections of the ventral visual cortex during object recognition (Chapter 2). This 
supports the notion that visual areas are organized in functional networks instead of constituting 
functional pathways. 



While there are many tools for analyzing where observers look, a quantitative method that enabled 
the comparison of eye movement behavior over time was missing. As part of the research presented 
in Chapter 4, I developed a new toolbox, EyeCourses, to analyze eye movement patterns over time 
and compare different groups of observers. It is a freely available Matlab toolbox that can be used to 
analyze eye movement data in the temporal domain and compare conditions or groups of participants, 
for instance a clinical and a control group (Chapter 3).

Human observers are experts in seeing patterns and recognizing objects, but exactly how this works is 
still unknown. In this study, I used a new type of stimuli: emerging images. These were developed by 
computer scientists to test computer vision algorithms, but at the same time turned out to be a vision 
scientist’s dream come true. Emerging images initially seem to be random patterns of blotches, but with 
time most human observers are able to recognize objects not by identifying the individual parts, but by 
seeing the object as a whole, all at once. Usually, the process of object recognition is very fast, which 
leaves little room for teasing apart the component processes. With emerging images, on the other hand, 
the recognition process is extended over time, making it possible to study its different stages. I used eye 
tracking to study which parts of the images were inspected before, during, and after recognition. Over 
time, I observed different phases of eye movement behavior. I also found that participants fixated on the 
edges of the object much earlier than they reported conscious recognition of it (Chapter 4).

Recognizing emerging objects relies on the ability to detect and segment objects from their background 
even though there are no clear boundaries or differences in intensity and texture. Yet, how this is 
accomplished in the brain is still unknown. Following up on studying the recognition of emerging images 
with eye tracking, I wanted to investigate changes in cortical activity in the early and higher-order visual 
areas before and after recognition. My primary goal was to determine if, after recognition, particular 
parts of the emerging images would result in different brain activity already at the level of the early 
visual cortex. I used a novel fMRI approach, combining object-related activity with visual field mapping 
to gain insight into the detailed spatial patterns of activity in the primary visual cortex (V1). The brain 
activity during recognition was projected onto the maps of the visual field to investigate whether there 
were changes in the neural responses to specific parts of the images. I found that despite the stimulus 
remaining the same, the early visual cortex did indeed modulate its activation. This occurred both 
within and outside of sections that represent the emerging object (Chapter 5). 

Sometimes the visual recognition process does not result in a single solution, and two different 
percepts start to alternate over time. This bistability comes in various forms, yet little research has 
been undertaken to study the brain activity underlying different types of bistable stimuli. I compared 
two types of bistable figures: geometrical shapes that alternate in terms of perspective (geometrical 
bistability), and stimuli that alternate between two different figures (figural bistability). fMRI activations 
revealed that different brain regions are associated with each type of bistability. For figural stimuli, 
there were greater activations in regions associated with object recognition, while geometrical stimuli 
resulted in greater activations in regions involved in visuospatial tasks and mental rotation (Chapter 6).

In the final experimental chapter of this thesis, I present the art installation (e)motion (Chapter 7). The 
installation was an interdisciplinary project inspired by cognitive neuroscience and used computer 
vision algorithms. During my whole PhD, I have been involved in science communication, and I find it 
important to inform the public about the topics and applications of my research.
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1.3 Background: the scientific study of 
visual object recognition  

The research field of object recognition spans over both the categorization of a range of objects and 
the ability to identify and name a specific object. Objects in vision science broadly include both non-
living (e.g. tools and furniture) and living entities (e.g. animals). A core problem to be solved in object 
recognition research is how the visual system infers the category or identity of an object from the 
patterns of retinal stimulation. What makes this question so complicated in particular is that for each 
object there are a vast number of possible variations of the retinal image based on different viewpoints, 
illumination, and scales, yet they are recognized as the same object.

1.3.1 Models of object recognition

Broadly stated, computational models of object recognition are either view-independent or view-
dependent (DiCarlo, Zoccolan, & Rust, 2012). In the view-independent models, objects are decomposed 
into a collection of basic features or geometrical shapes that are represented independently of the 
viewpoint of the object (Biederman, 1987; Biederman & Cooper, 1991; Marr, 1982). In most view-
independent theories, each particular object is stored, and an object can thus be recognized from any 
viewpoint from its visual features. In the view-dependent models, objects are represented by features 
that are specific to the observer’s given point of view (Bülthoff & Edelman, 1992; Logothetis, Pauls, & 
Poggio, 1995; Poggio & Edelman, 1990; Tarr & Gauthier, 1998; Ullman, 1989). According to these models, 
recognition performance depends on previously seen objects: objects will be recognized faster from the 
learned view than from novel appearances. There is a vast collection of theoretical and computational 
models of object recognition, and I will not go into their specific implementations here. However, I do 
think that it is important to distinguish between feedforward and feedback models of visual processing to 
have an understanding of the two fundamental views of how object recognition is accomplished.

I use the terms low- and high-level vision to refer to the level of processing. Low-level vision denotes 
the analysis of simple features, such as contrast and orientation, and is primarily driven by visual 
input, whereas high-level vision generally involves cognitive functions such as memory and context, 
for instance when an object is recognized. Anatomically, there is a general distinction between early 
visual areas in the occipital lobe (i.e. V1-V3) and higher-order visual areas (i.e. inferotemporal cortex). 
The notion of early and higher-order areas is rooted in a feedforward conception of cortical visual 
processing, from the primary visual cortex to the parietal and frontal cortex (Mishkin, Ungerleider, & 
Macko, 1983).

1.3.1.1 Feedforward models
Visual object recognition has traditionally been described as a largely hierarchical feedforward 
architecture, where visual information progresses from low-level to more complex analyses in the 
ventral cortex (Serre et al., 2007; DiCarlo et al., 2012). Many hierarchical models can be traced back to 
the seminal work of Hubel and Wiesel (1962), who formulated a model where simple cells at the lower 
level of the hierarchy functioned as edge-detectors, while cells at higher levels pooled information 
by responding to specific patterns from the lower levels. Hence, there would be propagation towards 
increasingly complex responses. This feedforward architecture can also be found in the notion of a 



ventral visual pathway that gradually translates individual elements into whole objects, progressing 
from the primary visual cortex (V1) to the temporal lobe (Goodale & Milner, 1992; Mishkin et al., 1983). 
Although feedback processes are not excluded in this architecture, they are thought to happen at a later 
stage by directing attention to the relevant local features (Hochstein & Ahissar, 2002). The hierarchical 
view is supported by an increase in receptive field (RF) sizes, spatial invariance, and complexity of the 
stimuli to which neurons along the ventral visual pathway preferentially respond (Kobatake & Tanaka, 
1994; Riesenhuber & Poggio, 1999).  Yet, how object elements are grouped and increasing invariance to 
visual transformations is achieved is still unknown.

1.3.1.2 Feedback models
Feedback models suggest that feedback from higher-order to early visual areas is an integral part of 
object recognition. During recognition, the visual system makes predictions about possible objects based 
on previous experiences. A prediction is compared to the visual input, and the initial “guess” will be 
updated based on this comparison (Mumford, 1992; Rao & Ballard, 1999). There is anatomical evidence 
of feedback projections from sensory areas as well as the prefrontal cortex to V1 (Kravitz, Saleem, Baker, 
Ungerleider, & Mishkin, 2013; Petro, Vizioli, & Muckli, 2014). In further support of feedback models, it has 
been shown that feedback to V1 enhances the neuronal responses to object textures compared to the 
background at a relatively early stage following stimulus presentation (Lamme, Super, & Spekreijse, 1998; 
Poort et al., 2012; Zipser, Lamme, & Schiller, 1996). There is also support for the role of feedback in visual 
grouping and the perception of illusory contours, such as Kanizsa figures (Kanizsa, 1976; Lee & Nguyen, 
2001; Seghier & Vuilleumier, 2006). Moreover, detailed modulation of V1 responses due to feedback has 
recently been shown for illusory contours (Kok & De Lange, 2014). Such feedback processes might already 
take place at a very early stage (Wyatte et al. 2014; Dehane et al., 2006; Lamme, 2003; 2006). 

In summary, it is a commonly held theory in vision science that object recognition is achieved by detecting 
and integrating local features into increasingly complex representations. In this hierarchical view, these 
local features are the building blocks of visual recognition in that they are grouped into whole objects in 
higher-order areas. More recently, there has been growing support for models involving a combination of 
feedforward, feedback, and lateral interactions during object recognition. In Chapters 2 and 5, I investigate 
object recognition while focusing on the interaction between V1 and higher-order areas.

1.3.2 Emergent features and emergence

The concept of emergence is central throughout this thesis, and in particular in Chapters 4 and 5. In this 
context, emergence describes the perceptual process of aggregating seemingly meaningless parts into a 
global shape. In my studies, emergence took place as a change in the conscious experience of the stimulus 
over time: from abstract pattern to object recognition. How local image features are grouped into global 
shapes during object recognition is still a central question in vision science. Usually, human observers 
have the experience of recognizing objects within milliseconds (Thorpe, Fize, & Marlot, 1996). By using 
emerging images, however, recognition can be delayed for several seconds (Nordhjem et al., 2015).

1.3.2.1 A brief history of emergence
In daily language, emergence describes a gradual process. However, the term has also gained highly 
specific meanings throughout history and in different disciplines. In this section, I will provide a brief 
overview of the different uses of emergence and how they relate to my own work.
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The notion of emergence as being different than merely a combination of the individual parts can be 
traced back to ancient Greek philosophy. Aristotle proposed that, “the totality is not, as it were, a mere 
heap, but the whole is something besides the parts” (Metaphysics, Book H 1045a 8-10). Here, he argued 
that wholes are essential in the natural world and cannot be reduced to their individual parts. In line with 
this thought, Johann Wolfgang van Goethe described global configurations that cannot be described 
merely by their constituent parts, but by whole percepts or “Gestalts” (Fitzek, 2013; Goldstein, 1999). 

The study of global configurations as an organizing principle of perception became central for the 
Gestalt psychologists in the first half of the 20th century. There are many examples of how something 
perceptually different arises from local elements; in Gestalt psychology, this is referred to as “emergent 
features.” Take a simple line (/). On its own, it has an orientation, a position, and a length as defining 
features. By adding a second line, emergent features such as symmetry (/) or parallelism (//) arise. 
However, emergent features and emergence are not clearly defined by Gestalt psychologists, which 
makes it challenging to study them (Wagemans et al., 2012). An alternative connotation of emergence 
can be found in biology, chemistry, and system dynamics (Goldstein, 1999). In these fields, emergent 
processes or properties describe complex and self-organizing systems. Extending on this view, even 
the mind and our sense of self can be understood as emergent processes arising from the dynamics of 
millions of neurons (Varela, Rosch, & Thompson, 1991).

In summary, emergence has historically had several meanings. In the views of ancient philosophy and 
that of Gestalt psychology, the world is organized in wholes. Emergence in this view concerns the already 
given perceptual organization, and describes a fundamental principle instead of a process. In contrast, 
emergent processes refer to system dynamics where novel outcomes arise from local interactions. In my 
view, there is a distinction between emergent features that immediately stand out (i.e. symmetry) and the 
emergence of wholes as a perceptual process over time (i.e. the Dalmatian). In this thesis, my interest is 
in emergence as a process and what it more generally could reveal about object recognition. I therefore 
used stimuli akin to the Dalmatian instead of the simpler emergent features that immediately stand out.

1.4 Background: the human visual system
This thesis focuses on how object recognition is accomplished. In particular, it concerns the changes 
in eye movements and brain activity before and after recognition or between alternating conscious 
percepts. In the following sections, I will first briefly outline the foundations of the visual system. This 
section covers material with which most vision scientists will be familiar, and can therefore be skipped 
by the specialist reader. I will start with visual pathways between the retina and the primary visual 
cortex, and will then move on to the higher-order visual areas in the cortex.

1.4.1 The visual pathways

Light enters the eye through the cornea and the pupil and reaches the lens, where the image is inverted 
and projected onto the retina. Several cell layers in the retina process different aspects of visual 
information, which is then relayed further into the visual system. Light first reaches the photoreceptors 
at the back of the retina, where the light signal is converted into a neural signal. There are two types 
of photoreceptors in the retina: the rods respond to dim light, and the cones respond to medium and 
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bright light. Humans have three types of cones that are sensitive to different wavelength spectra of light 
and together constitute the basis of color vision. There is a high density of cones in the fovea, while 
further away from the fovea, in the parafovea and periphery, there is a sharp decrease in cones and an 
increase in rod density. By moving their eyes, human observers can both inspect fine details and keep 
an overview of the whole visual scene.

The neural signal from the rods and cones reach the ganglion cells at the front of the retina. Two types 
of retinal ganglion cells are of particular interest: the M and the P types, referring to their projections 
to the magnocellular and parvocellular layers of the lateral geniculate nucleus, respectively (Sherman, 
1985). The M ganglion cells respond to larger areas of the visual field than the P cells do, and they 
conduct information with faster velocities. Moreover, where the P cells can transmit color information, 
the M cells cannot. The P and the M cells also differ in contrast sensitivity: the P cells require relatively 
high contrast, while the M cells also respond to low contrast.

From the retina, the axons of the retinal ganglion cells continue via the optic disc, where they form 
the optic nerve. At the optic chiasm, the axons coming from the nasal side of each eye cross over so 
that the left visual field is represented in the right hemisphere and vice versa (Wandell, 1995). From 
the optic chiasm, the optic tract leads to the lateral geniculate nucleus (LGN) in the thalamus. Each 
type of retinal ganglion cell forms a pathway and projects to a different layer within the LGN. In turn, 
the LGN projects to the primary visual cortex (V1) through optic radiations. There are also a number of 
retinal projections that do not target the visual cortex but travel to subcortical structures involved in 
eye movement control, pupil reflexes, and our circadian rhythm. The visual pathways between the LGN 
and the primary visual cortex are not just simple feedforward pathways: the LGN is part of a network 
and receives the majority of its input from the brainstem and cortical areas such as V1, while only 5-10 
% of the input comes from the retina (Guillery & Sherman, 2013).

1.4.2 Cortical visual pathways

Regarding projections from V1, a distinction is commonly made between two visual pathways: a ventral 
pathway from V1 towards the inferotemporal cortex via V2 and V4; and a dorsal pathway from V1 
towards the posterior parietal cortex via V2 and V5/MT (Goodale & Milner, 1992). The ventral pathway 
has mainly been associated with visual recognition and memory, while the dorsal pathway has primarily 
been implicated in actions and spatial tasks. Since visual recognition is the main topic here, I will mostly 
focus on the ventral occipitotemporal section of the brain in this thesis.

The functions of the ventral pathway were originally formulated based on lesion studies in monkeys 
(Mishkin et al., 1983). Ventral lesions resulted in deficits related to visual recognition, whereas dorsal 
lesions were related to deficits in orientation and action. This division was also shown in patients and 
neuroimaging studies (Grill-Spector et al., 1998; Haxby et al., 1991). Occipitotemporal lesions would for 
instance lead to the inability to recognize objects (agnosia) and cortical colorblindness (achromatopsia), 
while the ability to grasp objects was not affected.

Since these early studies, however, we now have more detailed knowledge about the anatomy 
and functions of the brain. In my opinion, there is therefore reason update the view to include two 
feedforward pathways for perception and action. The notion of a ventral pathway for perception is too 
simplistic for at least three reasons:  
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1. Several fMRI studies have shown that specific brain regions in the occipitotemporal cortex respond more 
to certain image categories, such object shapes, scenes, and faces, than to scrambled images or other 
stimulus categories (Downing, Jiang, Shuman, & Kanwisher, 2001; Epstein, Harris, Stanley, & Kanwisher, 
1999; Kanwisher, McDermott, & Chun, 1997; Malach et al., 1995). These regions are not organized in a linear 
hierarchical manner from V1 to the inferior temporal cortex, and are not part of the original formulation of 
the ventral pathway. Hence, the regions described are involved in recognition, but they may be organized 
more as a network than as a single ventral pathway (de Haan & Cowey, 2011; Kravitz et al., 2013). 

2. The original formulation of the ventral pathway does not include a role for feedback in visual 
recognition despite the presence of abundant feedback connections in the occipitotemporal cortex. 
Models of predictive coding (i.e. Mumford, 1992; Rao & Ballard, 1999) and experimental studies also 
suggest that feedback may be an integral part of visual object recognition (Lamme, Super, & Spekreijse, 
1998; Poort et al., 2012; Zipser, Lamme, & Schiller, 1996).

3. There are functional interactions and anatomical connections between occipitotemporal regions and 
subcortical areas, and between occipitotemporal and parietal areas (Kravitz, Saleem, Baker, & Mishkin, 
2011; Kravitz et al., 2013), suggesting that the claim of a single ventral pathway is too simplistic.

Based on the arguments above, I have strived to study object recognition as a network accommodating 
feedforward, feedback, and lateral interactions between cortical areas. The ventral and dorsal pathways 
will be discussed further in Chapters 2 and 7.

1.4.3 Receptive fields

The receptive field of a neuron can be defined as the specific region of a sensory domain that can 
evoke a response. Visual receptive fields are tuned to several domains: time, space, and features (Hubel 
& Wiesel, 1962; Hubel & Wiesel, 1963). The sizes of these fields vary. Neurons in V1 are tuned to 
specific features such as the orientation of lines. If a bar of light is shown to an orientation-selective 
neuron, it will have a preferred orientation that elicits the highest response (Hubel & Wiesel, 1968). 
On the other hand, neurons in higher-order areas, such as the inferotemporal cortex, respond to more 
complex features, such as texture and specific objects (Kobatake & Tanaka, 1994). In general, from V1 
towards the inferotemporal cortex, there is a transition in neuronal selectivity from simple features 
with a preferred spatial location to complex shapes independent of a specific location.

1.4.4 Retinotopic organization

The visual cortex can be divided into visual field maps, which are retinotopically (topographically) 
organized. Neighboring neurons in a map have receptive fields corresponding to parts of the retina with 
close proximity. This means that neurons receiving information from a specific section of the projection 
from the retina are grouped together (Wandell, Dumoulin, & Brewer, 2007). When we fixate on a specific 
object located in the visual field, light reflected by that object reaches the corresponding foveal part of 
the retina, and the responding neurons are clustered together in V1. Neurons responding to the central 
visual field take up a relatively larger area of V1 than those responding to the peripheral visual field. 
This is called cortical magnification.



1.4.5 Visual field maps

Visual field maps refer to representations of the visual field in the brain, whereby adjacent neurons in the 
brain show preferred responses to adjacent positions in an image. The posterior occipital cortex consists of 
the visual field maps V1, V2, and V3. Both the left and right V1 represent the contralateral half of the visual 
field, while for V2 and V3 there is a dorsal and a ventral division: the lower quarter of the visual field is 
represented in the dorsal part, and the upper quarter of the visual field is represented in the ventral part of 
V2 and V3. There are at least 16 known visual field maps in the human brain (Wandell, Dumoulin & Brewer, 
2007). Within each map, there is a relation between the eccentricity and the size of the receptive field. In 
V1, neurons with relatively small receptive field sizes respond to the central visual field, while neurons 
with larger receptive field sizes respond to the periphery. From V1 towards the temporal and parietal 
lobes, neurons within each visual field map overall show an increase in receptive field size, and therefore 
also less sensitivity to the retinotopic position of a stimulus. In Chapter 5, I describe an experiment in 
which I took advantage of the ability to translate between cortical space and the visual field: by doing so, 
detailed maps of the neuronal populations in the early visual cortex could be mapped, and their responses 
to specific parts of the stimulus could be investigated.

1.4.6 Pooling and population coding

Visual information is aggregated at multiple stages in the visual system. From V1 to higher-order cortical 
areas, there is an overall increase in receptive field size, and thus less sensitivity to spatial location. 
Hence, V1 is retinotopically organized and has relatively small receptive fields. In contrast, visual 
information is spatially “pooled,” with increasingly large receptive fields and selectivity to specific 
visual categories from V1 to the temporal visual cortex. It is important to note that this spatial pooling 
does not exclude feedback or lateral interaction during object recognition. The concept of population 
codes refers to the notion that visual information, for instance regarding objects, is represented in 
terms of patterns of neuronal activity at each visual processing stage. In Chapter 5, I will return to the 
responses of populations of neurons in V1 during object recognition.

1.5 Stimuli
In my experiments, I made use of several types of stimuli. In the following, I will present emerging 
images and bistable figures.

1.5.1 Emerging images

Emergence occurs when individual elements are grouped together and form meaningful patterns. 
Perceptual emergence is typically a process that takes place over time, when the sum of visual elements 
become more than its constituent parts. The human ability to recognize such patterns and shapes is 
fascinating, especially because it has not yet been matched by computer vision systems.

One of the challenges in studying object recognition is that the process is typically too fast to trace: it 
seems that object recognition is almost always nearly instantaneous. Therefore, I found it interesting 
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to use emergence as a research tool. By using images with emerging properties, I was able to extend 
the recognition process so that I could track eye movements before, during, and after the moment of 
recognition. This would not have been possible with regular images that are already recognized within 
a few hundred milliseconds. 

One limitation of studies using images with emergent properties is that, until recently, there were only 
a few available exemplars, such as the famous Dalmatian photographed by R. C. James (Figure 1.1). 
This is a problem, as once an observer has recognized the object, he or she will always be able to 
recognize it again. In the middle of my PhD project, however, I was lucky to discover that a computer 
science group had developed an algorithm to synthesize emerging images (Mitra, Chu, Lee, & Wolf, 
2009). Their intention was to use these to test computer vision systems, but at the same time they had 
come up with a way to create a great experimental stimulus (Figure 1.2). I created and validated a set 
of emerging images for research and used them to study eye movement patterns during the process of 
visual recognition (Chapter 4), as well as changes in patterns of neural activities in the brain before and 
after recognition (Chapter 5).

1.5.2 Bistable images

Bistable stimuli have been studied for more than a century (Necker, 1832; Wheatstone, 1838), and have 
captured the imagination of artists such as M. C. Escher, Salvador Dalí, and the OP-art movement in the 
1960s. Ambiguous figures such as the well-known Necker cube and Rubin vase can be experienced 
in two different ways, spontaneously flipping back and forth between two different percepts when 
observed. Usually one interpretation stays stable for a time before it flips again. The stimulus remains 
the same while the conscious experience changes, and because it alternates between two states, it is 
called bistable. It could be argued that we deal with ambiguity throughout daily life. However, unlike 
most objects we encounter in daily life, bistable figures never have a final solution. 

As a research tool, bistability is interesting because the alterations seem to reflect more general selection 
processes in the visual system. This brings about relevant scientific questions: what does it mean to 
perceive bistable stimuli changing back and forth, and how is that reflected in the brain? Furthermore, 
bistable stimuli highlight an important aspect of visual neuroscience: namely, that perception is not 
simply representation but also involves interpretation. The experience of a Necker cube changing from 
facing upwards to facing downwards is different from seeing either two faces or a vase in the Rubin 

Figure 1.2: Example of an emerging image (left) and the same image with the background lightened (right).



vase. The Necker cube changes perspective but essentially remains a cube (geometrical bistability), 
while other images change between two figures, such as a saxophonist and a face (figural bistability) 
(Figure 1.3). In Chapter 6, I present an experiment in which I investigated the different brain regions 
associated with each type of bistability.

1.6 Methods
In this study, I made use of several methods to acquire my data and analyze them. This allowed me to 
study visual recognition from behavior and eye movements to brain activity. In the following, I will 
present an overview of these approaches.

1.6.1 Behavioral responses

I included behavioral responses made by key-presses in all of the experiments described in this thesis 
(Chapters 2, 4, 5, and 6). These key-presses served as a way to gain insight into the changes that 
observers experienced between perceptual states. In the study using emerging images, key-presses 
allowed me to capture the moment of recognition and study changes in eye movement behavior before, 
during, and after recognition took place. In the experiment with bistable images, participants reported 
their perceptual alternations as they experienced the images flipping back and forth.

1.6.2 Eye tracking

Eye movements can be used as a research tool to study visual perception and recognition. In everyday life, 
humans actively explore the world by moving their eyes 3-5 times per second. Making eye movements 
is essential for vision: if the eyes are completely stabilized in one position, the visual system completely 
adapts and visual perception degrades. Visual acuity is higher at the fovea and decreases rapidly at 
the periphery. Therefore, only foveated parts of the visual field are perceived at a high resolution. Eye 
movements can be classified into three categories: 1) fixations, which are short periods of time (100-
1200 ms) during which the eye is held in the same position; 2) saccades, which are quick movements 
made between fixations; and 3) smooth pursuit, when the eyes follow a moving stimulus.

Figure 1.3: Example of geometrical (left) and figural (right) bistability.
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I used a video-based eye tracking system where the position of the eye is recorded by a camera. Near-
infrared light is directed towards the eyes, which causes the pupils to stand out as dark spots and also 
creates a reflection on the cornea (outermost optical element of the eye). The position and shape of the 
pupil and the position of the corneal reflection are used to determine eye position. Prior to recording 
the eye movements, an individual calibration is carried out; this is done by showing the participant a 
series of points on the screen and registering the measured eye positions. In this way, the eye tracking 
system can calculate the relation between the measured eye positions and the stimuli shown on the 
screen. The spatial precision is typically higher than 1 ° and the sampling rate is typically 250-1000 Hz. 
Thus, eye tracking is a method to collect detailed data of viewing behavior.

Eye movements depend on both the characteristics of the stimulus and the priorities of the participant. 
The locations that are fixated when a participant is allowed to dwell freely on an image can be modeled 
and predicted based on saliency. The most salient parts of an image are the ones that visually stand out: 
for instance, a bright red coffee cup on a table (vision scientists always use coffee cups as an example 
because it is the stimulus with which we are most familiar). However, not all eye movements can be 
explained by saliency. Even from the very first studies conducted in this field, it became clear that 
fixations fall on different parts of the same stimulus depending on the task or question posed to the 
participant (Buswell, 1935; Yarbus, 1967). Hence, the eye movements made by a participant depend 
both on the stimulus and on what the participant considers most relevant to attend to given the current 
situation and task. In Chapter 4, I will show that only a small fraction of eye movements made on images 
with emergent properties can in fact be explained by saliency.

Typically, when a new scene is viewed, there are consistent patterns of eye movements over time. There 
is an initial period of scanning, when the participant obtains an overview by making short fixations 
and large saccades, followed by closer inspection with longer fixations and shorter saccades. During 
my initial attempts to analyze my data, I found that a way to quantify and compare time courses of 
eye movements between groups of participants was lacking. Therefore, together with my colleagues, 
I developed a new toolbox using threshold-free cluster enhancement (TFCE; Smith & Nichols, 2009). 
The TFCE algorithm improves the ability to detect a signal in noise and to distinguish between two 
different signals by enhancing both smaller and more temporally extended changes as well as sharp 
peaks. Enhanced aspects could for instance be a gradual increase in fixation duration over an extended 
period, or a brief but sharp deviation in the size of the pupil. The TFCE algorithm also assigns a score to 
quantify the height and extent of the measured signal. The TFCE score allows for statistics to be derived 
and for the time courses of eye movements to be compared between conditions or groups.

1.6.3 Functional MRI

I made use of neuroimaging using an MRI scanner in several of my experiments (Chapters 2, 5, and 6). 
In the following, I will provide an overview of this technique.

1.6.3.1 MRI physics
fMRI is performed inside an MRI scanner, which creates a strong magnetic field. The human body 
consists of approximately 70 % water, which is composed of hydrogen and oxygen atoms. The fMRI 
signal relies on the magnetic properties of the hydrogen atoms. Each hydrogen atom has a nucleus 
containing a single proton with a positive electrical charge. Protons are constantly spinning around 
and act as little magnets. Under normal circumstances, the spins of the hydrogen protons are randomly 



oriented so there is no overall magnetic field. In the following section, I will outline the roles of the 
different parts of the MRI scanner to produce images. 

The primary magnetic field
The primary magnetic field (B0) is a strong magnetic field (1-9 Tesla) applied constantly in the direction of 
the MRI tube. The primary magnetic field causes the protons to either align in parallel (low-energy state) 
or antiparallel (high-energy state) to B0. More protons line up in parallel, causing the net magnetization 
vector of the protons to be in parallel to the magnetic field (the Z-axis). This is called longitudinal 
magnetization. The protons do not simply statically align in parallel or anti-parallel, however, but rotate 
around the Z-axis like spinning tops in a movement called precession. The frequency of the precession 
depends on the magnetic field strength: the higher the magnetic field, the faster the protons precess.

Gradient coils
Gradient coils inside the MRI scanner are used to apply a secondary magnetic field. To image the 
location of the spinning protons, the gradient coils cause small changes in the magnetic field in the x, 
y, and z dimensions. Because the gradient coils alter the strength of the primary magnetic field, there 
is a different precession frequency. The differences in precession frequency allow for spatial encoding 
of the MR images.

Radio frequency coils
Inside the MRI scanner, radio frequency (RF) coils are used to transmit RF pulses (B1) and receive signals. 
The RF pulses are used to disturb the precession of the protons and cause an energy exchange. The 
disturbance of the precession causes the net longitudinal magnetization to decrease because some 
protons line up in the high-energy state, in antiparallel to the main magnetic field. In addition, the protons 
start to synchronize their spin, and as a result the net magnetization vector turns perpendicularly to the 
main magnetic field; this is called transverse magnetization. Between RF pulses, relaxation gradually 
takes place and the protons return to their original state. The signals to produce MR images are picked 
up by the RF coils during relaxation. Two things happen as the protons return to their original state: the 
net longitudinal magnetization vector increases again (T1), and the protons fall out of synchronization, 
causing the transversal magnetization to decrease (T2). The speed with which the hydrogen nuclei relax 
depends on the tissue, which makes it possible to discriminate between different tissues, e.g. gray and 
white matter in the brain.

Computer system
The RF signal is sent to a computer system, where an analog to digital conversion is performed and the 
digital signal is stored in a temporary image called k-space. A signal analysis technique called a Fourier 
Transformation is applied to obtain images.

1.6.3.2 MRI physiology
When neurons become more active, they consume more oxygen. In response to neuronal activity, the 
brain sends more oxygen-rich blood to an active region. This oxygen is supplied by hemoglobin in 
the capillary red blood cells. The magnetic properties of oxygenated and deoxygenated hemoglobin 
differ. As a consequence, the MR signal measured for a voxel depends on the ratio of oxygenated to 
deoxygenated hemoglobin. This ratio changes in active voxels. Hence, the signal measured with fMRI 
is not a direct measurement of neuronal activity, and it is therefore called the blood oxygenation level-
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dependent (BOLD) signal. The BOLD signal has a characteristic time course, with a small initial dip just 
after the onset of activity (a consequence of oxygen use), followed by a steep rise (a consequence of 
the increased influx of oxygen-rich blood). Therefore, the BOLD signal is primarily a consequence of the 
increased blood flow to areas in the brain where there is more neuronal activity. The BOLD signal peaks 
about 4-6 s after the increase in neuronal activity (for instance as a response to the onset of a stimulus), 
and then decreases again in about 4-6 s, after which there is even an undershoot below the baseline. 
The signal finally returns completely to the baseline about 20 s after the initial neuronal activation. 

1.6.4 fMRI analysis

In the following, I will describe the different approaches that I took to analyze my fMRI data. The 
analysis of fMRI data initially requires a number of preprocessing steps, such as segmentation, motion 
compensation, and alignment (for details on these steps see Poldrack, Mumford, and Nichols (2011)). In 
this section, I will focus on the analysis after preprocessing. 

1.6.4.1 General linear modeling 
The most common way of analyzing fMRI data is to compare hemodynamic responses for different 
experimental conditions using the general linear model (GLM). The GLM is an equation that treats the 
observed data as a linear combination of explanatory variables (predictors) plus noise (error). The 
predictors (i.e. stimulus onsets or the onset of a task) are specified as regressors: either as a boxcar 
function with fixed on and off periods, or as an event-related design where the onsets and durations 
of the predictor variables can vary. As described in the previous section, the measured signal does not 
respond immediately to experimental changes. Therefore, the predictors are typically convolved with 
the hemodynamic response function (HRF), which models the change in BOLD signal in response to 
neuronal activity. 

MRI images are three-dimensional and the smallest unit is a voxel, a volume pixel. For anatomical 
images, voxel size is usually around 1 mm3. In an MRI scanner with a magnetic field strength of 3 Tesla, 
functional voxels are 2-3 mm3 and each contains approximately 1 million neurons. The GLM analysis 
steps consist of specifying the design matrix (predictors), estimating the model, and creating contrast 
images between conditions. Significance levels per voxel are combined into whole-brain mappings 
showing where in the brain a statistically significant difference between the contrast images can be 
found. In most cases, the GLM is conducted as a hierarchical two-level analysis: first for individual 
subjects, and then at the group level.

1.6.4.2 Dynamic causal modeling
Dynamic causal modeling (DCM) is a method that can be used to model interactions between cortical 
regions and how these connections are influenced by experimental manipulations (Friston, Harrison, & 
Penny, 2003). The goal of this type of analysis is to unravel hidden neuronal dynamics from observed 
brain activity (Stephan et al., 2010) or, other words, how the neuronal activity in one given region causes 
changes in the activity in another region. DCM can be used to compare models involving feedforward, 
feedback, and reciprocal connectivity between brain regions, as well as to examine the degree to which 
these interactions are affected by experimental manipulations (Stephan et al., 2010). The analysis 
consists of several steps. First, several regions of interest (ROIs) are defined, and a BOLD time course is 
extracted from each of them. The selection of ROIs can be theoretically motivated or based on a GLM 



analysis with the same data set.  Second, a set of possible models of how the ROIs could be interacting 
is defined. Third, after the model estimation and comparison, it is possible to assess the connectivity 
between the ROIs before the experimental modulation (the intrinsic connectivity) and any changes in 
connectivity due to the experimental perturbations (modulatory connectivity). DCM is used in Chapter 
2 to investigate the nature of interactions between three occipitotemporal regions before and after the 
moment of object recognition.  

Conceptually, the DCM equation includes intrinsic, driving, and modulatory connections, and the 
basis of the model is a system consisting of a set of regions that have intrinsic connections. These 
connections model how the regions are connected in the absence of an experimental manipulation. The 
goal of a DCM analysis is typically to estimate how an experimental manipulation affects this system. 
There are two ways in which experimental variations can alter the system: as driving connections and 
as modulatory connections. An example of a driving connection is a movie shown to the participant. 
Typically, such a connection would be modeled as an input to the primary visual cortex if one were to 
study a network of early and higher-order visual areas. On the other hand, the modulatory connection 
models how links between regions in the system are affected by a task manipulation. Hence, one could 
study how the strength of the connections between regions changes before (intrinsic connectivity) and 
after the moment of recognition of a hidden object (modulatory connectivity). The modeled system 
is combined with a biologically motivated model of how the system responds. The DCMs are fitted by 
manipulating the model parameters of the system as well as the biological parameters to reach the 
most optimal fit between the predicted and observed time series.  Generally, the DCM analysis relies 
heavily on model specifications made prior to the analysis. The model specifications can be seen as 
hypotheses that the researcher wants to test against another set of hypotheses about the system and 
its functions. 

1.6.5 Computational visual neuroimaging

The fMRI study in Chapter 5 relied on a computational neuroimaging approach of the visual cortex, 
differs from the more conventional GLM approach. Therefore, I will explain some key aspects of it in 
this section.

At its heart, computational neuroimaging is driven by the “how” question: how does vision work, 
and how is it implemented in the brain? This strongly contrasts the more conventional GLM analysis, 
which is primarily driven by the quest to localize brain activity, i.e. the “where” question. In practice, 
computational neuroimaging allows for more detailed studies of the computations carried out within 
specific brain regions. Computational neuroimaging particularly relies on models that predict how the 
brain responds based on the given stimulus or task. Brain activity is often estimated at the level of 
individual voxels within pre-defined areas of interest. By studying activity in certain pre-defined regions, 
all activity in the voxels comprising such regions can potentially be considered interesting, and not only 
the activity exceeding a threshold. By first localizing ROIs, it is also possible to study responses to very 
weak stimuli, or to examine the effect of very subtle task differences. Such detailed analysis allows 
for studies at the level of individual participants, or for comparisons of parameters between groups 
of participants. In addition, computational neuroimaging makes use of biologically inspired models 
to predict or explain the neuronal responses based on the given stimulus and task. The population 
receptive field (Dumoulin & Wandell, 2008; described below) and connective field modeling (Haak et 
al., 2012) techniques are particular instances of this approach.
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1.6.5.1 Population receptive field modeling
The visual areas in the cortex can be delineated using fMRI and retinotopic mapping. Visual field maps 
in the cortex each represent a certain part of the visual field in an ordered manner. Neighboring points 
in the retina (and consequently in the visual field) also have neighboring positions within each cortical 
map. For retinotopic mapping, I used population receptive field modeling (pRF; Dumoulin & Wandell, 
2008). The pRF model estimates the location and size of the area of the visual field that evokes the 
highest response in each voxel. The term population receptive field is used because each voxel in the 
visual cortex comprises around one million neurons. Hence, the voxel’s receptive field is a model of the 
combined receptive field of all responsive neurons in that voxel.

The pRF model consists of the following components: the stimulus, the receptive field, and their 
product. During retinotopic mapping, the stimulus typically shown to the participant is a flickering bar 
moving across the visual field while central fixation is maintained. For modeling purposes, the stimulus 
is typically a series of binary images that describe how the bar moves across the visual field. In the 
most basic form of the pRF method, the receptive field is modeled as a Gaussian shape with a location 
(x, y) and a spread (σ). The pRF parameters (x, y, σ) are adjusted to fit the predicted time series to the 
measured time series (Figure 1.4 and 1.5). In the experiment presented in Chapter 5, I used this method 
to map the visual cortex and define regions of interest.

1.6.5.2 Coverage maps
The pRF parameters are derived from modeling the responses of each voxel, as described in the previous 
section. However, sometimes it is also interesting to map the pRF response obtained for a given brain 
region in the visual cortex back onto the visual field. Doing so results in a visual field coverage map that 
summarizes the voxel responses for a particular cortical region. Calculating from cortical space to image 
space also allows for responses across participants to be summarized without normalizing the data.

On a coverage map, one can either plot only the coordinates of the pRF centers, or both the pRF 
coordinates and their sizes (Wandell & Winawer, 2015). Both types of map can be highly informative. 
For instance, a region can have distributed pRF centers yet only cover part of the visual field because 
the pRFs are relatively small in size, or an area can have pRF locations in the central visual field and still 
cover almost the entire visual field because its pRFs are large in size. For V1, the normal visual coverage 
map comprises half of the visual field because its pRFs are small and their locations are restricted to 
one side. However, in higher-order areas – areas later in the visual processing hierarchy, such as the 
lateral temporal-occipital cortex (TO) – the pRF locations are located bilaterally and primarily at the 
center of the visual field. Consequently, the TO coverage map may comprise almost the entire visual 
field (Figure 1.6).

In the experiment presented in Chapter 5, I created coverage maps that weigh the pRFs of a voxel with 
the activity of that same voxel before and after the recognition of an emerging image, as determined in 
a separate experiment and (GLM) analysis. Moreover, instead of summarizing the response of all voxels 
within an ROI, I restricted it to those activated by the emerging image. This highly specific approach 
made it possible to exactly visualize which part of the visual field (and thus also of the observed 
emerging image) was associated with an increased response in a particular voxel. Note that an implicit 
assumption in this approach is that the pRF properties estimated during retinotopic mapping also apply 
to those responsible for the specific activation observed during the image presentation.



Figure 1.6: pRF centers and coverage maps. The pRF center distributions and pRF coverage maps are shown for two regions of interest: V1 and 
the temporal-occipital cortex (TO-1). Figure adapted from Amano, Wandell, and Dumoulin (2009).

Figure 1.4: Overview of the pRF analysis (Dumoulin & Wandell, 2008). For each voxel, the size (σ) and location (x, y) of the pRF are modeled to 
predict the measured time series.

Figure 1.5: Visualization of pRF estimates on an inflated cortical hemisphere. From left to right: eccentricity, polar angle, and pRF size.
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