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8
General discussion



In this thesis, I have examined 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 he did 
a moment ago? I have explored visual object recognition using different approaches, from behavioral 
responses and eye movements to the cortical changes during the process of object recognition. In the 
following, I will summarize the chapters and discuss possible interpretations of my findings.

8.1 Summary of the chapters
In Chapter 2, I focused on the division of functions within the ventral visual cortex. Traditionally, 
object recognition has been described as relying on the ventral visual pathway. I studied the effective 
connectivity within an occipitotemporal network during the recognition of images that were gradually 
revealed from visual noise. I found that visual object recognition relies on interaction between several 
regions in the defined network, and not just activation in a single region. This outcome supports a 
network view of visual recognition instead of a modular view where recognition is characterized by 
activation in a single brain area.

In Chapter 3, I described the EyeCourses toolbox that I developed to analyze and compare the time 
courses of eye tracking data. EyeCourses is based on threshold-free cluster enhancement, which can 
compare eye movement data between groups or against surrogate data. In this chapter, I discussed the 
toolbox and its applications, such as studying different eye movement behavior (e.g. pupil dilation, 
fixation duration, and fixation locations). I applied the technique in Chapter 4, but this technique could 
for instance also be used to study the presence of compensatory eye movement behavior in patients 
with eye diseases.

In the study in Chapter 4, I investigated eye movement behavior during the recognition of emerging 
images (EIs) using the EyeCourses toolbox. During the transition from initial stimulus representation to 
object recognition, different phases of eye movement behavior were observed over time. An analysis of 
the distributions of fixation positions revealed that the participants detected the location of the hidden 
object within just a few hundred milliseconds. However, it took several seconds before they reported 
recognizing the object. Priming did not affect the eye movement behavior during the initial phase or 
around the moment of recognition. This lack of a priming effect suggests that stimulus properties and 
not cognitive influences guided the fixations. Contemporary saliency models are not able to predict the 
positions of the fixations (even those at an early stage of viewing), indicating that the image statistics 
guiding the initial fixations towards the hidden objects remain to be determined.

In the Chapter 5 experiment, I investigated patterns of activity in the primary visual cortex (V1) before 
and after the recognition of EIs. Even in the absence of a physical change in the stimulus, I observed 
changes in cortical activity during their recognition. To perform the analysis in this experiment, 
I developed a way to combine visual field mapping with cortical activity measured before and after 
recognition. This allowed me to quantify which parts of the visual stimulus received cortical priority 
during recognition. Despite the absence of physical change, preliminary results showed that cortical 
activity increased in V1 locations where object features were present. This indicates that V1 modulates 
its response during object recognition.
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In Chapter 6, I compared two types of bistable stimuli in an fMRI study. Geometrical bistable stimuli 
(such as the Necker cube) change perspective but essentially remain the same object, while figural 
bistable stimuli change between two different objects (for instance, the Rubin face-vase illusion). 
Overall, frontoparietal areas and the cerebellum showed increased activation during bistability (i.e. 
internally changing stimuli) compared to externally changing stimuli. Geometrical bistability was 
associated with activity in the superior parietal lobule, an area involved in mental rotation, while the 
figural bistability was associated with activity in occipitotemporal regions known to be involved in 
visual recognition. Based on these findings, I speculate that, in general, bistability is a consequence of 
monitoring sensory input within frontoparietal attentional circuits, while each distinct visual percept is 
correlated with activation within specific higher visual processing areas.

Finally, in Chapter 7 I described the interdisciplinary installation (e)motion in which I used computer 
vision algorithms to track the facial movements of participants interacting with the installation. 
Experiencing (e)motion is comparable to looking into a mirror that shows a network of lines (motion 
vectors) that light up when there is facial movement, but fade in the absence thereof. With this work, 
I wanted to show that principal components taken from science can spark curiosity and be applied to 
create poetic experiences.

8.2 From ambiguity to object recognition
Throughout this thesis, I have described experiments using objects gradually revealed from noise, EIs, and 
bistable images. One may ask how the findings obtained for these different, and peculiar, types of stimuli 
relate to the human ability to recognize objects in general. In my view, there are several reasons why 
these experiences and findings fall within the spectrum of human visual object recognition. In daily life, 
we are constantly interpreting complex scenes full of ambiguities (due to shading, occlusion, etc.). There 
are many situations in which we do not immediately recognize an object because it does not sufficiently 
stand out from the background. Yet, many scientific studies still rely on overly simplified stimuli, such as 
objects shown against a uniform background. With such stimuli, we may end up with an overly simplistic 
picture of the capacities of, and computations performed by, the human visual system. Therefore, using 
ambiguous stimuli may in fact be a highly realistic manner of probing the human visual system.

In the study presented in Chapter 2, movies were shown in which the object-to-noise ratio gradually 
increased. Similarly, in natural viewing, objects may be segregated from the background and eventually 
recognized with more focused attention and closer visual inspection. It should nevertheless be noted 
that the movies of objects gradually revealed from noise have certain limitations. The recognition is 
triggered by a physical change in the stimulus, which makes it difficult to distinguish between stimulus-
driven and top-down perceptual changes. In my further studies, I tried to overcome this limitation by 
using stimuli that remained physically unchanged before and after recognition.

The ability to group individual elements into global shapes, and tell them apart from the background, is 
essential for recognition. We do not only see individual bricks and windows: they are grouped into the 
whole structure of a house. Gestalt psychologists would even argue that the recognition of the house as 
a whole precedes that of the individual elements such as bricks and windows. EIs are a prime example 
of perception of wholes: global objects can be recognized, while the local elements are meaningless 
on their own. Both emerging and bistable images tell us something about the scope and flexibility of 



human visual recognition:  that our brains are flexible enough that we do not need to keep seeing the 
world in one and the same way; our brain is actively exploring different hypotheses, often without 
our awareness, and sometimes even without reaching one final stable solution. It has been proposed 
that computers will eventually exceed human intelligence (Kurzweil, 2000). Yet, our ability to recognize 
ambiguous stimuli such as the EIs has not been matched by computer vision systems. EIs have even 
been proposed as a way to distinguish between humans and computers because they (still) require a 
human visual system to recognize them (Mitra, Chu, Lee, & Wolf, 2009). One may even speculate that 
we, as observers, strive to resolve perceptual puzzles. William James (1890) termed this the “victorious 
assimilation of the new”, the rewarding ability to challenge and extend our existing concepts. Curiosity 
and intellectual pleasure found in seeing new shapes in the clouds or recognizing a Dalmatian on a 
spotted background may be essential for our ability to make perceptual inferences based on the sparse 
information we encounter every day. In my view, visual illusions are therefore not mere curiosities, but 
form a scientific tool to study the human visual system and its ability to recognize simple lines as well 
as abstract art.

8.3 The emergence of object recognition
In this thesis, I have investigated the relationship between cortical activity and visual perception 
during object recognition (Chapters 2 and 5), and spontaneous changes in perception of bistable 
stimuli (Chapter 6). In the following section, I will relate these studies to models of object recognition. 
Traditionally, models of the visual system have emphasized a hierarchical feed-forward framework of 
visual recognition where neurons in V1 detect features that are grouped by higher-order areas (for 
a review see Riesenhuber & Poggio, 2000). The main focus has been on how the ventral pathway is 
involved in perception and recognition (see the introduction of this thesis). However, a growing body 
of research is challenging purely hierarchical models of visual processing. For instance, several studies 
have shown that visual areas are not just simple linear feature detectors: their responses are instead a 
combination of input from the eyes, lateral interactions between neighboring neurons, and feedback 
from cortical and subcortical regions. Each receptive field measurement therefore reflects a large 
network and not only the response of a single cell to a (part of a) visual stimulus (Angelucci & Bressloff, 
2006; Cavanaugh et al., 2014; Harris & Thiele, 2011; Lee & Dan, 2012). Lateral interactions beyond the 
classical receptive field may facilitate contour integration and grouping of continuous elements in the 
visual field. In my experiments, I found interactions between V1 and higher-order visual regions, as well 
as lateral interaction between higher-order areas during the recognition of images gradually revealed 
from noise (Chapter 2). The results of the fMRI study using EIs (Chapter 5) suggest that V1 is modulated 
by feedback during object recognition. Finally, in the study on bistability (Chapter 6), switching between 
perceptual states was associated with activity within attentional circuits, and switching for specific 
stimulus types was associated with processing in higher-order sensory areas. Taken together, these 
results support the notion that object recognition relies on distributed cortical processing.
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8.4 Attention to objects
Often, sensory information is complex and noisy, and it is necessary to prioritize the most behaviorally 
relevant information. This requires selecting a subset of the sensory information and the ability to 
organize this information into meaningful and coherent units. In the following section, I will touch on 
visual attention in object recognition. In the present context, visual attention is broadly defined as a 
cognitive function that assigns importance to visual information based on the goals and expectations 
of the observer (Gillebert & Humphreys, 2015).

A distinction can be made between bottom-up sensory input and top-down influences. In the former, an 
object attracts visual attention due to physical properties such as saliency (for instance, a red ball in a green 
field will be highly salient). In the latter, on the other hand, visual attention is directed depending on the 
behavioral relevance for the observer. Together, bottom-up and top-down influences on visual attention can 
be described as attentional priority. Several computational models have been formulated regarding how 
locations in the visual field are weighted in terms of attentional priority (Gillebert & Humphreys, 2015). 
Priority maps show a topographical representation of how each location in visual space is assigned relative 
importance based on physical characteristics of the visual input and on behavioral relevance. Hence, priority 
maps can be used to predict the most likely location towards which visual attention will be directed.

In the study described in Chapter 5, I related cortical activity during the perception of EIs to the concept 
of attentional priority. The differences in V1 activity before and after recognition suggest that V1 activity 
is not only driven by bottom-up influences, nor does it only reflect saliency. Following recognition, V1 
voxels showed an increased response to parts of the visual field that contained an object, even though 
these object regions were not readily detected by contemporary saliency models. This could mean 
that the V1 activity is related to figure-background segregation and thus enhancement of the object 
information. However, it should be noted that these are still preliminary results. Similarly, in the eye 
movement study, I found that fixations were directed towards the objects much sooner than they were 
recognized (Chapter 4). Again, as saliency models failed to predict the fixations, this suggests that there 
is also not a single clear saliency-based bottom-up component that guides fixations.

The result that saliency models were poor predictors of eye fixations and activity in V1 voxels begs the 
question: how do human observers detect and recognize emerging objects in the first place? One possibility 
is that our visual system has been tuned to detect statistical regularities through a lifetime of experience 
(Geisler, 2008). Thus, EIs may contain a certain structure or regularity at the location of the object that the 
human visual system has learned to detect. Such local regularity may in turn be used by the visual system 
to guide attention to the object location. In this vein, I find the coherence theory by Rensink (2000) helpful 
in explaining how attention is involved in object recognition. According to this theory, prior to focused 
attention there are so-called proto-objects, which are volatile and have limited spatial and temporal 
coherence. Upon focused attention, a proto-object can become a coherent object.

I speculate that V1 plays a dual role in visual processing and object recognition, being both at the top 
and at the bottom of the processing hierarchy (Gilbert & Li, 2013; Petro, Vizioli, & Muckli, 2014). Due to 
its retinotopic organization and selectivity to features, local coherence is detected in V1. With attention, 
a subset of these features become prioritized. Thus, when the EIs are shown for the first time, increased 
activity in V1 voxels reflects local stimulus coherence, and this activity may support the formation of proto-
objects. With focused attention, a subset of these proto-objects become stable and coherent, which leads 
to recognition of the EIs.



8.5 Future perspectives and 
clinical applications

8.5.1 Insights from EIs

The EIs have been developed specifically so that humans but not computer vision algorithms could 
recognize them. Understanding the underlying mechanisms of how human observers are able to recognize 
EIs could lead to more biologically plausible models of the human visual system, giving direction to 
improvements of computer vision systems. Knowing more about the mechanisms underlying object 
recognition would allow us to better understand the healthy human visual system, as well as reveal 
essential knowledge regarding visual disorders and the neural processes underlying grouping. In this 
vein, a better understanding of the role of cortical areas involved in visual recognition may give direction 
to the treatment of disorders such as visual agnosia. Images gradually revealed from noise (Chapter 2) 
have been used to study differences in brain activity between patients with visual hallucinations and 
controls (Meppelink, Koerts, Borg, Leenders, & van Laar, 2008). Similarly, EIs may also have applications 
clinical studies. One could expect that participants diagnosed with schizophrenia would have difficulty 
recognizing EIs because they tend to process stimuli on a more local level (Markowitz, Butler, Schechter, 
Sillito, & Davitt, 2009; Pessoa, Monger-Fuentes, Simon, Solanum, & Tavares, 2008).

8.5.2 Further studies on cortical priority

In this thesis, I limited my analysis of cortical priority during the recognition of EIs to V1 (Chapter 5). 
Future analysis will be extended to retinotopically organized regions such as V2 and V3, and higher-
order regions such as the lateral occipital complex. Furthermore, connective field modeling could 
inform us about interaction between cortical regions. Overall, a more extended analysis of the data 
could provide insight into how visual information is integrated within and between visual regions.

The computational neuroimaging approaches described in Chapter 5 could also be applied to clinical 
studies. Visual field coverage maps could potentially also be used to gain more insight into how the 
brain compensates for visual field defects. Priority maps could for instance be used to study contextual 
feedback to V1 during a visual recognition task (Muckli et al., 2015). Detailed mapping of cortical 
responses also offers the possibility to study changes due to visual tasks in the absence of a stimulus 
such as visual imagery. Another possibility would be to create a series of BOLD coverage maps over time 
in order to dynamically track changes in cortical responses.

8.5.3 Relating eye movement research to cortical priority

There is a long-standing research field investigating how eye movements are driven by image statistics 
and viewing priority. Nevertheless, the relationship between stimuli, behavioral relevance, and cortical 
responses is still relatively unexplored, apart from a recent technique coupling eye movements and 
cortical responses (Marsman et al., 2016; Marsman, Renken, Haak, & Cornelissen, 2013). 



137

In the study described in Chapter 4, I measured eye movements over time during the process of 
recognition. I found that early fixations – made within the first 500 ms following stimulus presentation – 
were already aimed primarily at the location of the object. Around the moment of recognition, fixations 
became highly focused on a single object region (typically the head of the animal). In Figure 8.1, I show 
the cortical responses from Chapter 5 and the fixation maps from Chapter 4. It is clear that over time, 
both the cortical activity and the fixations become more focused around the head of the gorilla. This 
similarity is interesting because in the study presented in Chapter 5, participants maintained central 
fixation, while in the Chapter 4 experiment they were free to make eye movements. A speculative 
interpretation is that the fixations showed priority reflected in gaze behavior, while the cortical activity 
showed covert shifts of this priority.

8.5.4 Method development

The methods that I applied and developed in this study could also be used in further studies. I used 
EyeCourses as a tool to compare the viewing behavior of different priming groups. However, this toolbox 
could also be applied to study differences in eye movement between healthy and clinical populations.

I also see potential in combining the cortical priority maps with eye tracking to study changes in eye 
movements in parallel with changes in the spatial patterns of neural activity. Preferably, such an 
analysis would include a way to model dynamic shifts in visual input due to eye movements (Hummer 
et al., 2016; Marsman et al., 2016; Marsman, Renken, Haak, & Cornelissen, 2013). Free viewing behavior 
would provide a more naturalistic situation and provide a link between active viewing behavior and 
cortical activity.

Figure 8.1: Top row from left: BOLD coverage map 1 (BCM1) (before recognition), BCM2 (after recognition), ∆BCM (BCM2-BCM1) showing the 
average BOLD activity across subjects in visual field coordinates (Chapter 5). Bottom row from left: fixation map showing the first 500 ms of 
viewing, fixation map during the moment of recognition (Chapter 4).
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