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Abstract 

The brain mechanisms behind object recognition are complex. In recent years, interest has grown 

in discovering the process behind complex and natural stimuli e.g., real object images. Steady 

State Visual Evoked Potential (SSVEP) is a measure of a natural reaction to visual stimuli at a 

specific frequency. Since SSVEPs can easily be quantified to frequency and higher signal to 

noise ratio (SNR) than the usual VEP, it could be the answer to many questions within the vision 

scientist community. This study was conducted using stimuli from the THINGS, a database 

which is a global collection of object images and data collected on them. The goal is to bring 

together researchers and expand understanding of object recognition. A great amount of EEG 

data will be collected on three participants (approximately 12 hours per participant), on 650 real 

object images. The images will be randomly assigned to pairs. Each trial, participants performed 

a fixation task while image pairs were shown. One image (“standard”) was presented at a 

frequency of 6 Hz, while the other (“oddball”) was shown at 1.2 Hz, every fifth image. Power 

was estimated at 6 Hz for both image types and at 1.2 Hz for the oddball. Oddball and standard 

power were analysed to determine, 1) if correlation was between them, on different electrode 

clusters and for first/second time viewing the pairs, 2) if there was a correlation with other 

similarity measures on the object pairs. The goal of this study was to answer if SSVEP can be 

used to better understand how the human brain processes real object images. In conclusion the 

data gathered in this study did not show evidence of SSVEPs correlating with similarity 

measures. However, there is a lot more that can be discovered with further analysis of the data, 

and the hope is that it will be of benefit to other studies and the development of THINGS 

database.  
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Electroencephalography (EEG) 

History 

The human body and its organs are controlled by the brain, the most complex and remarkable 

organ in our body. Neural activity of the human brain starts in the womb, electrical signals 

generated by the brain signify not only the brain function but can also report the status of the 

whole body. This hypothesis provides the inspiration to comprehend and study the variety of 

brain activities including normal brain rhythms, brain responses to stimuli, brain motor 

generators, and brain connectivity. In cases of brain disorder, disease, or abnormality, one or 

more of these activities may change. Using advanced digital signal processing, 

electroencephalography (EEG) can be used to measure neural signals and determine the brain 

state and the condition of the entire body. EEG remains the key practical brain scanning modality 

as it is cheaper than other brain scanning devices, portable, and broadly available (Sanei & 

Chambers, 2021).  

Historically, EEG was first used as a device to document the brain activity where some 

activity of the brain was recorded or displayed. There were some significant steps leading to this 

discovery. Carlo Matteucci in the 18th century obtained an important electrophysiological result. 

He used an electrode of a galvanometer and put it on the intact part of a frog’s muscle, which led 

to him proving the biological origin of the current measured with a galvanometer in muscles. 

This was an important step in the rise of modern neuroscience (Piccolino & Wade, 2012).  

Alongside Matteucci was Emil du Bois-Reymond, in the 18th century who resolved the 

problem of contact electricity. He established the electrical nature of nerve signals, set forth a 

program of biological reduction and created the educational program of electrophysiology 

(Finkelstein, 2015). Nonetheless, it was Hermann von Helmholtz who introduced the concept of 

action current. When measuring the speed of frog nerve impulses in 1849 Helmholtz, was able to 

define and affirm the negative variations occurring during muscle contraction (Koenigsberger, 

1906).  

Looking at the history of electroencephalography, one must recognize the German 

physician, Hans Berger, he discovered and developed the human brain wave recoding. He 

recorded and described two types of waves in his first report in 1929: short wave with a rapid 

time course and larger wave with a slower time course. In his second report, he introduced the 
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symbols and abbreviations still used in brain wave recording. Called alpha waves, the waves of 

first order and beta waves, the waves of second order. Berger identified several states of altered 

consciousness and continued to be especially interested in the influence of attention and problem 

solving on the EEG (La Vaque, 1999). W. Gray Walter discovered the foci of slow brain activity 

(delta waves) which garnered great clinical interest in the diagnosis of brain abnormalities, and he 

became the pioneer of clinical EEG (Amzica & Steriade, 1998). 

The history of EEG has been a constant process and has brought daily development of 

clinical, experimental, and computational studies for discovery, acknowledgment, diagnosis, and 

treatment. At this time, EEGs are recorded invasively and noninvasively using fully 

computerized systems. The EEG machines are equipped with many signals processing tools, 

accurate measurement electrodes, and enough memory for long-term recordings of several hours. 

EEG machines may be combined with other neuroimaging systems such as fMRI for better 

spatial resolution (Sanei & Chambers, 2021). 

Principles 

Nowadays, neuronal activity in the human brain can be easily registered with an EEG. This 

represents fluctuations in the resting membrane potential inside the cell, which is measured 

negative against the extracellular area. An action potential is a change in the membrane potential 

of a neuron, due to the rapid opening of the membrane, and thus the negative membrane potential 

changes quickly. In neurons, action potentials demonstrate the largest potential changes. Their 

extracellular amplitude is so small that a significant summation of many simultaneous action 

potentials is required to produce an EEG signal. Due to their brief duration of only about 1 ms, 

they cannot be summed up sufficiently to yield an extracellular potential (Kirschstein & Köhling, 

2009). The signal generated by a single neuron is too small, so the differences of electrical 

potentials are caused by the summation of postsynaptic graded potentials from pyramidal cells 

that create electrical dipoles between the body of the neuron (soma) and the neural branches 

(dendrites) (Teplan, 2002). 

Action potential is an electrical change in the neuron transmitted by a nerve. Between the 

axoplasm and the external medium in an area called the membrane, this potential is generally 

believed to arise. Based on Hodgkin and Huxley's (1939) discovery, it should be possible to 

measure an action potential between an electrode inside a nerve fibre and the conducting fluid 
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outside it. These findings are highly important as they indicate that the action potential rises at 

the surface, in addition they gave the absolute magnitude of the action potential at approximately 

90 mV. The potential transformation logged between the interior and exterior of the resting fibre 

is about 50 mV (figure 1). More specifically, action potential results from temporary changes in 

the membrane potential along the axon. Usually, it originates in the cell body and travels in one 

direction. A spike results from the membrane potential becoming more positive (depolarizing). In 

the aftermath of the spike, the membrane becomes more negative (repolarizes). A more negative 

potential is reached than the resting potential, followed by a return to normal (Charand, 2011). 

Figure 1 

Action potential from a giant squid axon 

 

Note. Figure from Charand (2011) demonstrating the action potential. 

At respite, typical values of membrane potential array from -40 to -90 mV (figure 1). In 

subthreshold stimuli, the action potential is said to be all or nothing because its form is 

independent of the stimulus. It is possible for a negative stimulus to offset an action potential in 

certain neurons, to evoke an action potential, brief stimuli need to be larger than the threshold 

value. The threshold may also depend on more subtle features of the stimulus, such as its onset 

speed. There is a short time frame following an action potential when it cannot be evoked again, 

called the refractory period (White, 2002). 
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Placement 

As stated by Nunez and Cutillo (1995), the human head consists of three main layers: the scalp, 

the skull, and the brain, including many other thin layers in-between. The scalp also consists of 

several layers, including skin, connective tissue, loose areolar connective tissue, and the 

pericranium. The brain is covered by a thin layer of cortex, which encompasses many brain 

tissues. In comparison to soft tissue, the skull attenuates noise signals approximately 100 times 

more. Contrarily, most of the noise is generated inside the brain or at the surface of the scalp. 

Therefore, it is necessary to record the electric signals of large populations of active neurons. 

Signals recorded are then greatly amplified for recording and analysis. A variance in the 

dielectric and electric properties of the head layers causes nonlinearity in the attenuation of brain 

discharges including cortical, subcortical, and hippocampal activity. 

According to anatomical classification, the brain is composed of three sections: the 

cerebellum, the brain stem, and the cerebrum. Known as the cerebral cortex, the cerebrum is 

divided in to two lobes, the left and the right. Movement initiation, conscious alertness of 

sensation, complex analysis, and communication of emotions and behaviour arise in the 

cerebrum. Balance is maintained in the cerebellum through voluntary muscle movement. The 

brain stem is responsible for involuntary functions, such as respiration, heart regulation, 

biorhythms, neurohormones, and hormone release (Teplan, 2002). It is possible to diagnose many 

neurological disorders and other abnormalities in the human body using EEG, by investigating 

neural signals acquired from humans and animals (Bickford, 1987). 

Historically, electroencephalography is a medical imaging technique that states scalp 

electrical activity produced by brain structures. When EEG systems were first used on humans, 

electrodes were connected to differential amplifiers, followed by filters and pen-style registers. 

Graphs of the multichannel EEGs could be created using plain paper or paper with a grid. It soon 

became apparent that it is necessary to digitize EEG signals to be able to analyse them. In the 

1970s, researchers began searching for a computerized system, which could digitize and store 

signals. To do this, the signals had to be sampled, quantized, and encoded. Data volume is 

measured in bits and increases in conjunction with the number of electrodes. A computerized 

system can be controlled by a variety of settings, stimulations, and sampling frequencies. Some 
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systems are equipped with simple or advanced signal processing tools for analysing these signals 

(Collura, 1993). 

In order to standardize electrode placement for clinical and research purposes, the 10-20 

electrode system was developed (figure 2) by H.H. Jasper (Jasper, 1958). Listed below are the 

guidelines Jasper developed to recommend a specific system to the International Federation of 

Clinical Neurophysiology (A glossary of terms most commonly used by clinical 

electroencephalographers, 1974).  

1. Electrodes should be placed based on accurate measurements of the skull landmarks. The 

size and shape of the skull should be considered.  

2. Standard electrode placement should cover all parts of the head adequately. 

3. In addition to the numbers, electrode designations would be expressed according to the 

brain regions covered. Non-specialists as well as other lab workers would find this more 

valuable.  

4. Additionally, anatomical studies would be conducted to correlate the electrode placement 

with the cortical areas from which the recordings are obtained. From the nasion to the 

inion, the first measurement takes place in the anterior-posterior plane through the vertex 

(Klem et al., 1999). 

As Nuwer et al. (1998) demonstrate, often more scalp sites, than the 10-20 system suggests, 

are used. Ideally, they should be positioned halfway between the traditional 10–20 electrode 

system sites. Combined with the original 10–20 electrode system sites, these halfway sites are 

collectively called the 10% system or the extended 10–20 electrode system. 
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Figure 2 

10-20 electrode placement system 

 

Note. Figure from Teplan (2002) demonstrating the labels for points according to the 10-20 

electrode placement system. 

Human EEG waves 

The EEG is characterized by the continuous noise of the brain, which contains a wide frequency 

spectrum, but it is not merely a random assortment of frequencies. Waves of different lengths and 

amplitudes seem to be governed by some sort of rhythm. An EEG’s apparent rhythmicity and 

organization are not a yardstick on which to judge its normality. Honoured rhythmic behaviour 

may be a sign of abnormality, but an anarchic appearance at first glance does not always indicate 

abnormality. In such cases reactivity is important; an EEG with mixed frequencies may be quite 

responsive to certain stimuli (Niedermeyer, 1999). 

There are five different types of brain waves based on their frequency range. They can be 

classified according to their frequency from low to high; alpha, theta, beta, delta, and gamma 

(figure 3). Berger in 1929 introduced the alpha and beta waves (Millett, 2001). Gamma waves 

above 30 Hz were first referred to by Jasper and Andrews (1938). 
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Figure 3 

Beta, alpha, theta, and delta frequencies 

 

Note. Figure from Teplan (2002) demonstrating beta, alpha, theta and delta brain wave 

frequencies. 

The delta rhythm, first introduced by Walter (1937), describes all frequencies below the 

alpha range. Walter defined theta waves as having frequencies between 4 and 7.5 Hz. Walter & 

Dovey (1944) introduced the concept of a theta wave. Delta waves have a frequency range of 0.5-

4 Hz. Although associated primarily with deep sleep, they can also be detected during 

consciousness. In the neck and jaw, large muscles can create artefact signals, which are easily 

confused with genuine delta signals, but it is quite easy to see when the response is initiated by 

excessive movement (Walter, 1937). 

Wave frequency of theta waves is 4–7.5 Hz. The term theta is used to imply its origin 

from the thalamus. As consciousness slips towards drowsiness, theta waves appear. There has 

been a link between theta waves and access to unconscious materials, creative inspiration, and 

deep meditation. Often accompanied by other frequencies, a theta wave is associated with levels 

of arousal. In the study of maturation and emotion, changes in theta wave rhythm are examined 

(Ambekar & Achrekar, 2014). 

Alpha waves are detected over the occipital region of the brain and throughout all the 

posterior lobes of the brain. Alpha waves have a frequency between 8 and 13 Hz, and its waves 

have been thought to indicate both relaxed awareness without any focus nor attention. The alpha 
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wave is the most prominent rhythm in the entire field of brain activity and might be able to cover 

a wider range than previously believed (Niedermeyer, 1999). 

Beta waves are characterized by brain activity varying between 14 and 26 Hz. Adults 

usually experience beta waves, which is linked with active thinking, attention, focusing on the 

outside world, or solving concrete problems. People in a panic state may acquire high-level beta 

waves. Gamma waves (sometimes called the fast beta wave) occur at frequencies above 30 Hz, 

mostly up to 45 Hz. Even though the amplitude and occurrence of these rhythms are very low, 

they can be used to confirm the presence of certain brain diseases (Ambekar & Achrekar, 2014). 

Gamma waves have also been demonstrated to be an important indicator of event-related 

synchronization (ERS) of the brain and are useful in demonstrating the locus for right and left 

index finger movement, right toe movement, and the broad and bilateral area for tongue 

movement (Pfurtscheller et al., 1994). 

The practical value of SSVEP 

Event related potentials (ERPs) are a measurable response to external stimuli. ERPs that are 

locked to stimuli can be classified by their characteristic scalp distribution, polarity, and latency. 

In ERP records, different cognitive processes are described by different components (Dietrich & 

Kanso, 2010). It is not only possible to generate evoked potentials through the physical 

stimulation of a sensory stimulus, but also by internal cognitive or motor processes. Both these 

types of responses constitute ERPs, which are defined as “the general class of potentials that 

display stable time relationships to a definable reference event" (Vaughan, 1969, p. 46). 

As an electrophysiological measure of human cognition, the P300 is an example of ERPs 

that have shown great promise, when studied and used for basic and applied research (Donchin et 

al., 1986). Researchers have found that the parieto-central area of the skull shows a larger ERP 

around 300 ms after a stimulus presentation. When the subject is actively engaged in detecting 

targets, the P300 wave occurs. The amplitude of the signal varies with the improbability of the 

targets. Its latency is dependent on the difficulty of discriminating the target stimulus from the 

standard stimuli (Picton, 1992). 

In psychology research, oddball paradigms are used as experimental designs. 

Occasionally, an unexpected stimulus, called the oddball stimulus, interrupts a sequence of 

repetitive stimuli, called the standard stimuli. Participant's reaction to the oddball stimulus is then 
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recorded (Farwell & Donchin, 1988). Squires et al. (1975) used the oddball method for the first 

time. In visual oddball paradigms, target detection is normally accompanied by a prominent late 

response, which starts at 200 ms and lasts for 500 ms. The fact that this component is elicited 

only by detected targets suggests top-down effects (Edwards et al., 2005). Cognitive researchers 

often rely on oddball paradigms to study the relationship between novelty and significance of 

stimuli. In contrast, an oddball tends to be perceptually more novel and more relevant to the 

ongoing task than a standard, repeated stimulus. This effect can be analysed by evaluating 

different brain ERPs (Ferrari et al., 2010). 

A popular method is the detection of characteristic waveforms in EEGs, also called visual 

evoked potentials (VEPs), which are externally evoked by visual stimuli (Byczuk et al., 2012). A 

visual stimulus elicits surface electrical responses on the scalp, VEPs. According to Regan 

(1972), these signals are time-locked to a visual stimulus, originating in the visual cortex or 

peripheral nervous pathways. VEPs have been found to be clinically significant and can assist in 

the diagnosis of sensory dysfunction (Regan, 1989; Halliday, 1992; Heckenlively, 1991). VEPs 

reflect an individual's response to visually disturbing stimuli, such as short flashes or flickering 

light at a particular frequency. In response to brief stimuli, a VEP signal can be described as a 

fundamental sine wave and its higher harmonics under steady-state conditions. The SSVEP 

signals are part of VEP signals, i.e., harmonic responses caused by a specific stimulus at a 

specific frequency. These waves are usually evoked in a fixed and independent position 

associated with the occipital region of the brain and are monitored by an EEG equipment (Li, et 

al., 2021). 

The steady state visual evoked potential (SSVEP) is a particular type of visual evoked 

potential generated when a train of stimuli is presented at a fixed rate. As a result of such periodic 

stimuli being very stable in amplitude and phase over time, they have been referred to as steady 

state visual evoked potentials (Regan, 1966). Adrian and Matthews (1934) reported SSVEPs for 

the first time in an article which also demonstrated that attention suppressed the alpha rhythm. 

This method has also been extended to stimuli of increasing complexity, ranging from flickering 

light to images of faces, therefore, it has become more immediately applicable to visual science 

research. The most important aspect of defining a response as an SSVEP is not the temporal 

frequency of the stimulus, but rather the fact that the stimulus and the response are both periodic. 
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It is natural to analyse the SSVEP response in the frequency domain rather than in the time 

domain since it is periodic and restricted to a specific set of frequencies (Norcia et al., 2015). 

Studies on EEG suggest that greater synchrony indicates more cooperation between brain 

regions, thus indicating more efficient information transfer or sensory binding (Dietrich & Kanso, 

2010). 

The SSVEP signals are a natural reaction to visual stimulation at specific frequencies. As 

soon as the retina is stimulated by a visual stimulus in the range of 3.5 to 75 Hz, the brain 

produces electrical activity at the same (or multiples of i.e., harmonics) visual stimulus 

frequency. They can be used to determine which stimulus the person is viewing when presented 

with stimuli of differing flashing frequencies (Morgan et al., 1996; Müller et al., 1998). By 

measuring SSVEP, information is transferred rapidly, and the signal to noise ratio (SNR) is high. 

SNR refers to the comparison between the level of a desired signal and the level of background 

noise (Welvaert & Rosseel, 2013). Real SSVEP recordings are inevitably contaminated with 

measurement noise, thus contaminating the signal of interest, the noise consists mainly of 

additive noise (Victor & Mast, 1991). Because of their high signal to noise ratio and robustness to 

artifacts, SSVEPs have proven beneficial in both research and clinical application (Kaspar et al., 

2010). Several clinical applications (Middendorf, 2000; Cheng et al., 2002; Davila & Srebro, 

2000; Liavas et al., 1998) require the detection of SSVEPs elicited by sufficiently frequent 

repetitions of stimuli. For example, it can be used as a valuation of optic nerve function and 

valuation of visual acuity in infants (Middendorf 2000).  

In past research, SSVEPs have been used to study attention and lower-level visual 

processes. Some researchers believe the SSVEP is primarily a tool for studying sensory processes 

and low-level vision (Regan, 1989) because, SSVEP responses often reach maximum levels over 

medial occipital electrode sites (Müller et al., 1997; Di Russo et al., 2007). Moreover, the 

parameters of SSVEP vary depending on the type and frequency of stimuli used (Alonso-Prieto et 

al., 2013). SSVEPs can be used to investigate higher level visual functions, such as object 

perception (Norcia et al., 2015). Within the scope of visual information processing, object 

recognition plays a critical role. In the last decade, it has been one of the most important research 

issues in neuroscience (Martin, 2007). The SSVEP approach has been used in human EEG 

studies in the context of visual attention to investigate cortical information processing. SSVEPs 
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are highly responsive to both semantic content and attention (Müller et al., 2003). According to a 

study by Gruber et al. (2006), unfamiliar material elicited stronger alpha suppression as compared 

to familiar material. These findings suggest that unfamiliar objects may attract attention to a 

greater extent than familiar objects. In response to unfamiliar pictures, the externally driven 

increase in alpha activity, the SSVEP, may be less noticeable. 

Usually, SSVEPs have been used in interface design (Middendorf, 2000; Cheng, et al., 

2002; Byczuk, et al., 2012). In recent years interest arose in examining SSVEP correlation to 

object recognition (Kaspar et al., 2010). Visual stimuli are presented repetitively at a certain 

flickering rate in SSVEP tasks, most often eliciting a continuous oscillatory response in the brain. 

In this response, the fundamental frequency is the same as the stimulus that initiated it (Tallon-

Baudry & Bertrand, 1999). Previous EEG studies on object recognition have used pictures of 

familiar and unfamiliar objects as stimulus material (Gruber et al., 2008; Supp et al., 2007). 

Kaspar et al. (2010) presented familiar and unfamiliar objects at different rates. Remarkably, 

flicker rates differed in their morphology of the familiar vs. unfamiliar effect. SSVEP amplitudes 

were higher for familiar than for unfamiliar objects in the 12 and 15 Hz conditions, while in the 

7.5 Hz condition the effect was reversed. SSVEPs are sensitive to the semantic content of stimuli, 

the researchers concluded. As a result, SSVEP paradigms provide new avenues for studying 

object recognition. 

Advantages and faults of the SSVEP 

As an alternative to conventional EEG studies, SSVEP provides a continuous measure of cortical 

activation patterns in response to frequency-tagged stimuli and is rapidly quantifiable in the 

frequency domain (Müller and Hillyard, 2000). Furthermore, SSVEPs exhibit excellent SNR, a 

key factor for reliable source reconstruction (Kaspar et al., 2010). Nevertheless, selecting 

appropriate driving frequencies is essential since flicker rate may affect the observed effects 

(Kaspar et al., 2010). 

On the contrary, several factors can interfere with EEG signals, including eye blinks, eye 

movements, heartbeats, muscular activities, and power line interferences (Hochberg & 

Donoghue, 2006). Given the variability in a subject’s mental state, a true steady-state response is 

hard to achieve under normal recording conditions (Cui & Wong, 2006). In addition to the 

questions of source localization and source visibility, the relative contributions of presynaptic 
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excitatory and inhibitory potentials versus spiking activity to surface activity are still poorly 

understood (Buzsaki et al., 2012). However, this is not a problem that is unique to SSVEP, but 

rather one that is inherent in the EEG system. 

Moreover, nonstationary time-frequency analysis, high-resolution time-frequency 

analysis, and time-varying multifractal measures may aid in extracting more details from the 

nonstationary EEG. These techniques can be combined with other imaging technologies, due to 

EEG having a high temporal resolution but a low spatial resolution. Combining EEG with 

imaging technology such as CT, MRI, and PET may provide good resolution in both domains 

(Thakor & Tong, 2004). 

Object recognition and semantic knowledge 

Visual hierarchy 

Humans are quick to identify objects and according to Thorpe et al. (1996) the object 

identification takes about 150 ms after the stimulus has been shown to the participant. The 

process of identifying objects is complex since the structure of the visual cortex is highly 

specific, dividing into different regions (Huff, et al., 2021). Which Thorpe’s research mentions as 

being a quick process. 

The visual cortex is normally divided into five regions according to their function and 

structure, which are referred to as V1, V2, V3, V4 and V5, each region is more advanced than the 

one prior (Huff, et al., 2021). V1, also called the primary visual cortex, is the first phase of visual 

processing, done by cells that detect bars and edges (Lee, et al., 1998). Contours as well as 

textures are processed in V2 (Anzai, et al., 2007) and the information is subsequently transferred 

further within the visual system, depending on the information, to either dorsal or ventral streams 

(Huff, et al., 2021). In vision, dorsal stream has been investigated based on spatial properties i.e., 

where the object is located in a space. In contrast, ventral stream is involved with object 

recognition, concerned with what the object is (Farivar, 2009) (figure 4). 
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Figure 4 

Visual pathways 

Note. figure from Wilcox and Biondi (2015) showing the dorsal and ventral stream with blue and 

yellow arrows. Anterior temporal cortex (AIT) is visible along the Superior temporal sulcus. 

Function of V3 is unclear as it has been linked to many features such as orientation, 

colour, and motion. V3 may be associated with higher order processing within parietal and 

temporal lobe (Arcaro & Kastner, 2015). V4 has been associated with colour perception, yet not 

in the sense of colour preferences, but with colour constancy i.e., the colour is the same in any 

condition. From there, more specified processing occurs, since V4 leads down to the temporal 

lobes through the ventral stream (Roe et al., 2012).  

The ventral stream has been identified as an important key for object recognition as it 

differentiates between various objects and shapes (Hebart & Hesselmann, 2012). Neurons in the 

ventral stream are clustered together which suggests sparse coding and can assist in 

discriminating between objects. Training can induce clustering where neighbouring neurons 

respond to similar features. Therefore, familiarity can affect when cluster coding is being used 

(Reddy & Kanwisher, 2006). The ventral stream has been linked to long-term memory in the 

sense that neurons in high level brain structures, are embedded with prior experience of objects 

and object categories (Connor et al., 2007). It has been concluded that the memory, of an object is 

formed by simultaneous activity between V1 and the inferior temporal lobe (IT). These results 

indicate that the brain can make a difference between low-level features (V1) and specific 

category features (IT) (Cichy et al., 2014).  
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The ventral stream leads into the ventrolateral prefrontal cortex by passing through the IT 

and the occipitotemporal cortex (Kravitz et al., 2013). The IT is a brain structure within the 

ventral stream that has been linked with core object recognition i.e., rapid, and accurate 

processing of objects in vision, even in various conditions such as size, context etc. (Dicarlo, et 

al., 2012). Neurons in the IT merge features that appear in V1 into more complex features, which 

forms the representation of the object in the brain (Freeman & Ziemba, 2011). Research on 

monkeys has shown that if a lesion is made in the IT, they experienced difficulties both learning 

and discriminating various objects (Holmes & Gross, 1984). Neurons in the anterior inferior 

temporal cortex (AIT) are activated during object recognition (Kravitz et al., 2013; Radtke et al., 

2020) and is considered the last step in the visual object recognition process (Petrides, 2000). The 

AIT has also been shown to possess collected visual information and have connection with the 

medial temporal lobe (MTL). A few areas are part of the MTL, which includes the 

parahippocampal cortex (PHC) and entorhinal cortex (ERC) (Das et al., 2015). 

Receptive fields of early visual areas are smaller compared with brain structures further in 

the ventral stream e.g., IT (Hubel & Wiesel, 1962). According to Lerner et al. (2011), 

hierarchical axis exists within the ventral occipital temporal areas, as neuron activity changes 

from emphasising on local features of the object to more holistic analysis. Thus, it can be 

concluded that possibly wider receptive fields could cause the brain to swift from local features to 

holistic features based on more neurons being active. Based on this, top-down process can be 

explained, where the process of objects can go back and forth to the earlier structure in the visual 

cortex. Higher stage structures in the brain can send both inhibitory and excitatory neurons to V1 

and by that modify responses from neurons in V1 (Schummers et al., 2005). 

Semantic knowledge 

Semantic memory holds a person’s knowledge, called semantic knowledge, about certain 

concepts which they have recovered through life experiences (Kintz & Wright, 2016). Such 

concept includes, names and characteristics of objects, connections between concepts etc. (Binder 

& Desai, 2011) and are not connected to any specific place nor time (Barton, et al., 2009). 

Concepts can be categorized through similar semantic features e.g., the concept “feathers” is a 

shared feature with birds and can be acknowledged as a semantic feature for birds (Kintz & 

Wright, 2016).  
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The way objects are specified to categories, as well as how they are dependent on certain 

characteristics of the parts of the object and spatial relationship between them (Zannino et al., 

2011; Bennamoun & Boashashv, 1997), are detailed in structural description. Experience with 

objects can affect how this structural description works i.e., how detailed an individual can 

distinguish between objects. For example, humans can distinguish between familiar and 

unfamiliar human faces. This is due to the massive experience they have with human faces; 

experience has sharpened the structural description of a human face. In contrary, if the individual 

does not have an experience with the object, e.g., an unknown animal, the structural description is 

nonexciting and the individual has difficulties identifying the animal. A solution to the 

identification problem lies with usage of superordinate identification, where the unknown animal 

can be recognized on the same superordinate level (Zannino et al., 2011). Superordinate category 

contains a collection of basic-level categories, e.g., cat, dog and fish are units that are part of the 

superordinate category of animal (APA, n.d.). Superordinate categories characterize very limited 

information about objects compared to other categories e.g., basic level (Hajibayova, 2013). 

Basic-level categories characterize as a group of concepts that are used in everyday experiences 

and are remembered the most. Members of the category have similar shape and therefore have 

one mental image that goes for the whole category (APA, n.d.). 

Visual working memory has been studied in relation to semantics of objects. Research 

conducted by García-Magariño et al. (2020) revealed that with increased working load and 

semantically relatedness, response time increased when retrieving information about image set 

that were semantically related. The authors concluded that increased response time can be 

explained by the idea of superordinate and basic level. The idea rest on the assumption that when 

objects are semantically related, individuals must make specific sub-categorization (e.g., an 

orange and a pineapple). When objects are not semantically related, they can use superordinate 

categorization (e.g., fruit) which is less challenging. 

In relation to categorization, scientists have done some research on brain activity during 

naming tasks. They have shown that when participants were exposed to different categories of 

objects, a different neural activity occurred in various brain regions i.e., within ventral 

occipitotemporal cortex. Participants were shown two different categories of objects, animal vs. 

tools, and were asked to name the objects represented in front of them. In the lateral fusiform 
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gyrus, an increased neural activity was visible when participants named objects in the animal 

category. The medial fusiform gyrus was activated during the tool object category (Martin & 

Chao, 2001). Perani et al. (1995) got similar results and concluded that the difference between 

these categories in the brain are due to their function i.e., functions of tools are not the same as 

animals. 

Bottom-up processing has been dominant in research on object identification. Processing 

in the first stages in vision needs to be completed before going on to the next stage. This is 

referred to as feedforward processing (Humphreys, et al., 1997). Top-down processing uses low 

spatial frequencies on the figure in question and projects the frequencies from visual areas early 

in the system instantly to the prefrontal cortex. Low spatial frequencies give broad information 

about the object e.g., orientation and proportions, which will activate few probable candidates for 

the object in the brain. If the candidates fit the representation of the object, the object recognition 

is achieved, and the other candidates are repressed. If the task is difficult, these candidates are on 

a broader spectrum due to less accurate information that comes from coerced top-down 

processing. If the object recognition is undemanding, the prefrontal cortex is less activated, which 

means that the top-down process is not needed, and bottom-up process takes over. This can be 

explained by the fact that lesser candidates are activated, and the prefrontal cortex is not needed 

(Bar, 2003) to decide which candidate fits the object image. 

Chiou and Ralph’s (2016) research on anterior temporal lobe’s role in semantic 

knowledge has supported the notion that top-down processing occurs under more complex 

situations compared to bottom-up processing. In their research, they observed top-down 

processing when the exposure of the object was short, but when the interval was longer – using 

bottom-up process, the object recognition was more precise. Their explanation on the matter 

rhymes with earlier literature regarding categorisation when recognizing objects (Bar, 2003). 

Earlier knowledge makes up a schema that entails specifics about a given category e.g., when 

shown a plant, the individual might expect something green. Objects that fit with the schema are 

lined up and exaggerated, which makes bottom-up processing less necessary (Chiou & Ralph, 

2016). Bar et al. (2001), conducted an experiment where objects were displayed repeatedly and 

briefly. Their results revealed that participants were able to make a strong object recognition and 

used bottom-up processing. The researchers acknowledged that top-down processing occurs 
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when the situation is complex but emphasise that the process facilitates object recognition and 

works as a pre-activation system instead of the recognition process itself. 

Humans and animals can recognize objects in different visual states or context such as 

lighting, viewpoint etc. (Nishimura, et al., 2009). Context has an important impact on how 

individuals recognize objects e.g., if objects appear in a familiar background, they are detected 

more precisely compared to unfamiliar backgrounds (Oliva & Torralba, 2007). Researchers have 

tried to explain this with objects co-occurrences, as increased fMRI signal in the visual cortex 

was visible when showed objects that have a strong association with the context it appeared in 

e.g., stoves have a strong relation with kitchen context (Bonner & Epstein, 2021). Davenport and 

Potter (2004) did an experiment on how context affects object recognition by showing objects for 

a short period of time (80 ms). Their results were in congruence with findings from Oliva and 

Torralba (2007) showing that context does influence perception of objects. If the object-context 

pairing was constant, object recognition was successful (Davenport & Potter, 2004). Top-down 

processing plays a role in those circumstances, in their case, objects and the context influence 

each other (Olivia & Torralba, 2007). 

The medial-temporal lobe has also been indicated as a structure for the process of the 

facilitation context has on recognition of objects e.g., the hippocampus has a role in memory 

when it comes to familiar context. Familiar context is processed through top-down processing, 

activating schemas about objects who are likely to be seen in a particular context, and reduce the 

bottom-up processing. Unfamiliar context is analysed in other structures, such as the 

occipitotemporal and frontal regions (Barenholtz, 2013; see Bar, 2003). 

SSVEP studies on object recognition 

SSVEP studies on object recognition can give an interesting insight into the field and has been 

done over the recent years. Martens and Gruber (2012) did an EEG experiment on repetition 

priming, identified as diminished firing of neurons. They observed lower SSVEPs signals when 

showed familiar or meaningful objects compared to unfamiliar or meaningless stimuli. Radtke et 

al. (2020) got similar results in their SSVEP study. Lower SSVEP signal, called repetition 

suppression, was observed in the occipital lobe when an object was presented twice. They also 

observed repetition enhancement, which can be concluded as information retrieval, in the left 

temporal lobe. When they looked at the semantic feature of their research, e.g., showing the word 
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“basketball” and later showing an image of a basketball, repetition suppression was visible within 

various brain regions, including occipital, frontal, and temporal area. The researchers concluded 

that SSVEP signals take in both perceptual information e.g., seeing a basketball, as well as 

semantic features of object representation in the brain. Reduction in firing has to do with a more 

efficient way to faster object recognition, fewer neurons active, the sparser coding for the object 

(James et al., 2000). Both parties observed feedback processes with the unfamiliar stimuli 

(Martens & Gruber, 2012; Radtke et al., 2020). These results are in congruence with earlier 

literature on top-down processing i.e., more complicated situations require different brain 

processes through the prefrontal cortex (Bar, 2003; Bar et al., 2001). In this case, meaningless 

objects are an obstacle for object recognition. 

Kaspar et al. (2010) did a similar SSVEP study where they did not find any significant 

activation in the frontal areas, only within the bilateral temporal and occipital areas. They did, 

however, find a difference in SSVEP signals when shown familiar and unfamiliar objects, like 

Martens and Gruber (2012). They concluded that SSVEPs are sensitive to the semantics behind 

the object (see also Müller et al., 2003). A few studies have indicated that semantic knowledge is 

based in the anterior inferior temporal cortex and visual processing in the occipital lobe (Dicarlo, 

et al., 2012; Kravitz et al., 2013; Petrides, 2000), which supports Kaspar’s et al. results (see also 

Radtke et al., 2020). 

When looking at objects in different states such as ambiguous condition, SSVEP signals 

may differ between conditions. Minami et al. (2020) did an experiment where participants were 

asked to identify an object in an ambiguous state after seeing the same image in a grey scale state. 

Their results showed that SSVEP signals were higher in the ambiguous condition compared to 

the grey scale state. These results match Martens and Gruber (2012) results on familiar and 

unfamiliar objects. One could conclude that the same process lies behind the recognition process 

i.e., top-down processing, which becomes apparent when conditions are complex (in this case 

unfamiliar objects and ambiguous condition). 

Object recognition summary 

The brain mechanisms behind object recognition are complex yet effective. Humans can 

recognize an object in a split of a second by virtue of these processes. The brain has many routes 

for objects to be recognized and hierarchy of brain regions has been identified (Huff, et al., 2021; 
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Arcaro & Kastner, 2015; Roe et al., 2012) AIT has been linked with object recognition in terms 

of semantics as well as occipital temporal cortex, which is considered the final step of the visual 

object processing (Kravitz et al., 2013; Petrides, 2000). 

Numerous experiments have been conducted to understand how objects are processed in 

the brain (Holmes & Gross, 1984; Bar et al. 2003) and two main systems have been named: top-

down and bottom-up processing. Some of the results have indicated that top-down works as a 

facilitation mechanism rather than a recognition system itself (Bar, 2003), which has been linked 

to bottom-up process. The top-down system is activated when the object or context is 

complicated e.g., when presentation of the object is brief (Davenport and Potter, 2004). Schema 

based process is activated and the brain tries to make up candidates that could fit with the object 

at hand (Chiou & Ralph, 2016). Bottom-up processing takes longer to recognize the object due to 

its connection with memory (Barenholtz, 2013), compared with the schema connection in top-

down, which in turn is quicker to make a recognition about the object. 

SSVEP experiments on object recognition have found semantic connection between 

objects, SSVEPs being brief exposure to images, where top-down may come in handy. Lower 

SSVEP signals have been observed when familiar objects are shown to the participants, 

indicating faster object recognition (Martens & Gruber, 2012; Radtke et al. 2020). Kaspar et al. 

(2010) emphasised on proper usage of frequency whereas different frequency can give diverse 

results. SSVEP signals can be different depending on how the image is displayed, if the image is 

less ambiguous the SSVEPs were lower compared to ambiguous images (Minami, et at., 2020). 

THINGS database 

Interest in recent years for developing a database with an expansive range of object concepts and 

naturalistic images has grown in cognitive neuroscience (Deng et al., 2009; Hebart et al., 2019). 

In our daily lives objects occur with other objects or environments that give our visual system 

context, when an object is presented in a natural way i.e., the relationship between object and 

context is strong, object recognition is faster and more accurate (Oliva & Torralba, 2007). 

Psychology and neuroscience have numerous databases of object images researchers can 

use. However, they often do not contain photographs of the objects in their naturalistic concepts, 

but drawings (Snodgrass & Vanderwart, 1980) or objects cropped from the background (Brodeur 
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et al., 2010). Drawings and cropped object images do not represent real-world perception 

accurately as these images may overemphasize certain features of the object e.g., shape. In these 

databases multiple examples of each object concept would be preferred to measure generalizable 

representations, however they usually provide only one example for each object concept. Many 

of the larger databases with multiple object examples per concept, contain a lot of images that are 

too small or lack quality, therefore, cannot be used in psychology or neuroscience experiments 

(Hebart et al., 2019). V4 and Places Database are examples of more recent databases with high 

quality images, they however do not focus on single object images. V4 is composed with images 

of several objects in each photograph (Kuznetsova et al., 2020) and Places database mostly 

contains landscapes e.g., mountains, waterfalls, and cities (Zhou et al., 2018).  

Having a database with single objects in their naturalistic backgrounds could significantly 

increase knowledge on how the brain recognizes objects, categorizes human perception and 

semantic knowledge. In addition to allowing researchers to use artificial intelligence to construct 

a generalizable computational model of object recognition and semantic knowledge. With this 

goal in mind a database was developed, called THINGS. This database contains 1,854 object 

concepts in 26,107 high quality images. The database is freely available and is expected to 

benefit large-scale and small-scale experimentation as well as offering the possibility to test 

individual hypotheses on a subject (Hebart et al., 2019). The database can be used with most 

modern technology e.g., EEG, iEEG, fMRI and MEG. This allows researchers to explore 

temporal and spatial resolution, or both depending on what their focus is (Hebart, 2021). 

As with all databases there are some limitations to THINGS. Object concepts were mostly 

included or excluded based on one reference image and a small sample of participants 

consistency in naming the concept. In addition, some concepts were included or excluded 

because they matched the database’s goal and could, therefore, be subjective. A list of nouns was 

used to select the object concepts, which may restrict the selection to concepts that have limited 

linguistic variability e.g., drinks, which can have different representations depending on the 

image (Hebart et al., 2019). WordNet is a highly developed lexical database that has classified a 

wide range of words and their definition (Oram, 2001) and was used to minimize the bias the 

linguistic variability could cause. The WordNet approach was used to choose object concepts in 

THINGS i.e., a more comprehensive range of nouns than typically would be categorized were 
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used for concept selection. Although THINGS strives to offer good object examples, with a 

natural background and of high quality, some exceptions to quality and singularity of object per 

image had to be made, because supply of images that meet the standards of the database are 

limited. (Hebart et al., 2019) 

With THINGS, Hebart et al. (2020) managed to find 49 significant object concepts that 

showed multiple conceptual and perceptual attributes of these 1,854 objects in the database. They 

developed a data-driven computational model to measure similarity between images. This was 

done by applying a triplet odd-one-out similarity task of the object images and using 

crowdsourcing to collect a great number of ratings. The probability of picking two objects 

together is what measures similarity between the pairs. The goal was to be able to predict 

similarity between all object pairs. Out of 1.06 billion triplet combinations, only a small subset 

(0.14%) was tested with participants. The model then uses the information gathered to assume 

cognitive processes occurring during the odd-one-out task and predict the behavioural choices. 

Their results indicated that similarity judgements in humans can be apprehended by gathering a 

limited amount of data, subject to the actual size of the database and the information can be 

generalized to external human behaviour. 

When looking at future directions for THINGS, the main goal is to improve and expand 

the database, with higher quality images, additional object concepts and image choices as more 

data is gathered with the database. Making further improvements in research on correspondence 

to semantic knowledge, by categorizing object concepts through existing databases like WordNet 

and participants. With more accurate categorization concepts, it is possible to create an extensive 

set of representative object concepts i.e., the existing concepts create a norm response for other 

similar concepts or object features. The hope is that THINGS database will be embraced and 

widely used in a variety of fields within the scientific community and encourage further 

communication between them (Hebart et al., 2019). 

The current study 

As stated, before one of the main goals of THINGS database is to bring together researchers, 

where they globally collect and share their data to expand the understanding of object recognition 

(Hebart et al., 2019). The focus of this research is to gather data to apprehend a better 
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understanding of how the human brain categorizes perception and semantic knowledge when 

viewing real images of single objects. To get a legitimate idea of the relationships between 

objects, numerous images must be presented, and repeated to each participant. In this study 

difference in EEG responses were explored with 650 naturalistic single object images (325 

unique pairs). These images were chosen because they already had behavioural similarity 

measures, that could be correlated to the data gathered in this study. 

Similarity between objects within pairs was evaluated using two different methods. The 

SPoSE model is a computed algorithm that was chosen, it has collected data from real human 

behaviour and is believed to be able to predict their behaviour (Zheng, et al., 2019). A pixel-

based approach will be used as well, where the pixels between the images in each pair were 

compared, giving the sum squared error (SSE) (Siebert & Leeds, 2007). These two approaches 

were chosen because they offer very different information, about the similarity of the image 

pairs. Both models were correlated to the EEG responses, allowing to estimate how close the 

neural network and computed pixel-based calculations were to the data collected in this research. 

SSVEP may give researchers a chance to explore more complex stimuli, like real object 

images, by analysing how different response amplitudes relate to the appearance or meaning of 

the object. By analysing the oddball stimulus, which will be presented in a rapid periodic 

sequence and in reverse (figure 5), the researchers can determine if there is a brain relationship 

between the objects and evaluate their visual and semantic relationship. 

VEP has mostly been used to objectively estimate visual acuity, typically stimuli used in 

VEP research are checkerboards or gratings (Zheng et al., 2020). Thus, it is important to carry out 

research with more diverse methods, in the hope of gaining more knowledge on human object 

recognition. Collecting and sharing SSVEP data could be beneficial to the vision scientist 

community, since SSVEPs are easily quantified to frequency and offer superior SNR, then the 

traditional EEG studies using VEP e.g. (Kaspar et al., 2010). 

To contribute to the global database, all collected data will be available online in the hope 

that the results can be beneficial to relevant research fields e.g., psychology and neuroscience. 

Very few studies involving SSVEP data being collected on object images have been published. 

Therefore, the questions the researchers want to answer with this study is if SSVEP data can be 

used to better understand how the human brain processes object images. The hope is that data 



 

 29  

collected will allow other researchers a better estimation about relationships between SSVEPs 

and how objects are recognized, categorized and other information that is being or has been 

collected before on the same images. 
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Method 

Participants 

Data was recorded from a convenience sample of three participants, all of which are women aged 

from 24 to 27 years old, the age mean was 25. All participants had normal or corrected-to-normal 

vision. Prior to gathering the data, the participants gave written consent and informed they could 

withdraw from the experiment at any time. All participants received an intractable identification 

number to ensure confidentiality. Participants did not receive any payment for their involvement. 

The experiment was approved by the University of Iceland science ethics committee (Siðanefnd 

háskólanna um vísindarannsóknir). 

Test materials 

Equipment 

The experiment was displayed on a computer screen with the dimension of 60 x 34 cm, 

resolution of 2560 x 1440 pixels and screen rate of 60 Hz. Windows type 64-bit operating 

system, x64-based processor on Intel® Core™ i7-8700T CPU @ 2.40GHz. The computer was 

placed on a table in landscape mode, approximately at 60 cm viewing distance. The experiment 

was programmed in PsychoPy v2020. 1.3. 

EEG was recorded using a BrainVision Easy Cap, BrainVision amplifier and BrainVision 

recorder. The 10/20 international system was used to position the electrodes, on a cap equipped 

for 32 electrodes. To activate the electrodes, ensure good signal quality and low resistance an 

abrasive electrolyte gel was used. Participants were also advised to arrive with washed hair to 

advance signal quality. BrainVision recorder was set to good level: 15 kOhm and bad level: 50 

kOhm. When signals approached 15 kOhm recordings started. 

Task and stimuli 

650 images from the THINGS database were randomized in 325 unique pairs with Matlab. All 

images were scaled 10 x 10 deg to make sure the entire stimuli were fully present in the visual 

field. Each session was approximately 60 minutes long and displayed the image pairs flickering 

simultaneously on a grey background with a white square fixation point in the middle. The 

fixation point changed two to four times per trial from square to diamond, to keep the participants 

engaged they were asked to press the space bar when this happened. The participants were 
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presented with each image pair four times, i.e., in four blocks, under two different conditions, 

flipped and non-flipped (figure 1), for 30 seconds per trial. For comfort each block was divided in 

three to allow participants to rest between sessions. 

The flipped stimuli were presented at a rate of six cycles per second i.e., 6 Hz, the 

standard stimulation frequency. The non-flipped stimuli were presented at the rate of 1.2 cycles 

per second i.e., 1.2 Hz, the oddball stimulation frequency. This was done through sinusoidal 

contrast modulation, where the stimuli appear at full contrast between flickers. For each trial one 

object image was selected as the base stimuli, that image was repeated throughout the sequence. 

The image paired with the base stimuli each time, was the oddball stimulus and was presented at 

a fixed interval of every fifth base image. Therefore, a trial sequence contains image changes at 

6/5 Hz or 1.2 Hz (figure 5). 

Figure 5 

Display order for flipped and non-flipped stimuli 

 

Note. This figure demonstrates in what order, how often and at what frequency stimuli were 

presented to participants depending on their subject number. 
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Data analysis 

Responses to flipped and non-flipped pairs were compared, as well as first and second time 

viewing each pair. Similarity values of each image pair was calculated in MatLab and compared 

to the image pair EEG responding’s. Oddball power was statistically analysed at F and F/5 (F=6 

Hz), as well as the correlation connecting the oddball power, the semantic and visual distance 

between the two objects of each trial. The EEG power at the oddball frequency F/5=1.2 Hz was 

used as an index of the visual systems discrimination between stimuli. 

Similarity values were calculated on each image pair to compare to the EEG 

responding’s. The calculations were conducted with Sparse positive similarity embedding 

(SPoSE), an algorithm conducted from data on humans to predict behaviour and the img_sim2.m 

code from MatLab, providing the sum squared error (SSE) between image pairs pixels (Siebert & 

Leeds, 2007). 

Electrodes: TP9, TP10, CP5, CP6, P7, P8, O1, O2 and Oz were relevant to this study. 

Electrode cluster TP9, CP5 and P7 will be referred to as LPS. Electrode cluster O1, O2 and Oz as 

OM. Electrode cluster TP10, CP6 and P8 as RPS. EEG pre-processing involved applying 

bandpass filters; a high-pass filter at 0.1 Hz, low-pass filter at 100 Hz and a notch filter from 45-

55 Hz to the data. Data was epoched to 0 s to 30 s and time-locked by the trial onset, 

corresponding to 100 complete cycles. After visual inspection of the data, distinctly noisy epochs 

were removed, and necessary noisy channels interpolated. Data was then re-referenced to the 

average signal. Data for each participant was processed separately and averaged in the time 

domain. A Fast Fourier Transform (FFT) was applied to these average segments. Amplitude 

spectra was extracted for the square root of the sum of squares, of the real and imaginary parts 

divided by the number of data points. 

Procedure 

The experiments were run in March and April 2022 at the University of Iceland EEG lab. 

Measurement of the head circumference were taken to determine the cap size; size of caps can 

range from 54 to 60. To determine the placement for the ground electrode measurements were 

taken from the nasion to the inion. The 10% distance was calculated, and the participants 

forehead was marked for a more accurate placement of the ground electrode. In total 32 
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electrodes were placed on a cap and all parts of the head were covered adequately. Cz was used 

as reference during recording, and a ground electrode was placed FP1 and FP2. 

Each participant sat through four blocks and each block was divided into three sessions. 

Each session consisted of 108-109 trials and were approximately 60 minutes long. Two to three 

sessions were conducted per participant a day over a 14 day period. The participants had not 

viewed the images before participating, but all the pairs were presented four times to each 

participant during those 12 sessions, both in flipped and non-flipped conditions. 

The experiment took place in a dark, soundproof room and was presented on a computer 

screen using PsychoPy. Instructions asked the participant to focus on a fixation point as the 

image pairs appeared in front of them, as well as press the space bar each time the fixation point 

changes from square to diamond. When they were ready, they could press the space bar to start, 

where the image pairs flickered simultaneously on the screen in front of them for 30 seconds. The 

participants were informed that they could take a pause for as long as they needed after each trial, 

before starting the next set of image pairs and press the space bar when they were ready to start 

again. 

All data was safely stored in a locked room on an external hard drive while the research 

was ongoing. After the research publication, data will be shared to the THINGS database and 

other online research communities, without any identification data. 

Statistical analysis 

Statistical analysis was performed on JASP (vers. 0.16.1), after the data was transferred from 

Excel (vers. 16.59). Figures were designed in PowerPoint (vers. 16.60). An error happened when 

recording the data, leading to missing data, four trials for subject 1 and two trials for subject 2. 

There were 3 datasets, which were analysed separately: subject 1, subject, 2, subject 3. 

Descriptive statistics was performed for each subject to assess their involvement in the 

task. Correlation was calculated using Pearson’s r on EEG data for stimuli pairs first and second 

appearance as well as flipped and non-flipped appearance, on electrode clusters RPS, LPS and 

OM. Oddball and standard stimuli was correlated with the EEG data as well and composed in to a 

heatmap. Correlation between the EEG data, SPoSE and SSE of the pixel comparison was 

calculated with Pearson’s r as well.  
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Results 

Behavioral data 

As part of the sessions, participants were required to press the space bar when the fixation point 

changed shape from a square to a diamond. The results indicate that the subjects followed 

instructions, but the frequency with which the space bar was pressed varied between subjects and 

trials. A total of 1300 trials were conducted for each participant during sessions 1-12. Subject 1 

correctly pressed the space bar at the fixation point change in 663 trials or 51% of the time 

(figure 6). For subject 2, 377 or 29% of trials were correctly carried out. Similar results were 

found for subject 3, where 335 or 25% of trials were carried out correctly (figure 6). 

Figure 6 

Behavioural data for subject 1-3 

 

Note. This figure shows correct vs. incorrect responses to the change of the fixation point per 

subject and trial. Total of trials was 1300 and the fixation point changed from 2-4 times per trial. 

The pie charts are in sequential order by subject number i.e., the first pie chart shows subject 1 

performance etc.  
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Subject 1 

Subject 1 starts with the flipped condition in block 1 (sessions 1, 2 and 3), the same image pairs 

appear under the same condition in block 3 (sessions 7, 8 and 9). Non-flipped image pairs appear 

in block 2 (sessions 4, 5 and 6) and block 4 (sessions 10, 11 and 12) (figure 5).  

A positive correlation was found when looking at correlation between the electrode 

clusters in the standard condition (F). Correlation was found between RPS and LPS, results 

indicate a positive correlation between the first time the subject viewed the image pairs in both 

flipped (r=0.509, p<0.001) and non-flipped conditions (r=0.549, p<0.001). Correlation was also 

found for the second time the subject viewed the image in the flipped (r=0.535, p<0.001) as well 

as non-flipped condition (r=0.465, p<0.001). Correlation between RPS and OM, showed similar 

results as RPS and LPS. When viewing the flipped image pairs for the first time, correlation was 

r=0.621, p<0.001 and r=0.644, p<0.001 for non-flipped, slightly higher than for RPS and LPS. 

For the second time, viewing the image pairs, both conditions showed similar correlation 

(flipped, r= 0.591, p<0.001; non-flipped r=0.577, p<0.001). LPS and OM electrodes showed 

weak correlation both for the first time viewing the image pairs (flipped, r=0.349, p<0.001; non-

flipped, r=0.373, p<0.001) as well as second time (flipped, r=0.290, p<0.001; non-flipped 

r=0.243, p<0.001) (figure 7). 
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Figure 7  

Heatmap for subject 1 - standard condition (F)

 

Note. This figure demonstrates the correlation between flipped/non-flipped and first/second 

appearance of the stimuli on the standard condition. The darker the colour, the higher the 

correlation. 
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In the oddball condition (F/5), correlations tend to be higher in all aspect compared to the 

standard condition (F). RPS and LPS results showed consistent correlation on the first 

presentation of the image pairs over conditions (flipped, r=0.712, p<0.001; non-flipped, r=0.761 

p<0.001) as well as the second presentation (flipped, r=0.705, p<0.00; non-flipped, r=0.711, 

p<0.001). Correlation between RPS and OM were significant. The first time viewing the image 

pairs in flipped condition, the correlation showed r=0.797, p<0.001 and in the non-flipped 

r=0.845, p<0.001. The second time in the flipped condition, the correlation was r=0.850, p<0.001 

and in the non-flipped condition r=0.808, p<0.001. LPS and OM showed correlation both for the 

first time the subject viewed the flipped image pairs (r=0.689, p<0.001) and non-flipped 

(r=0.752, p<0.001) as well as the second time flipped (r=0.732, p<0.001) and non-flipped 

(r=0.712, p<0.001) (figure 8). 
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Figure 8  

Heatmap for subject 1 - oddball condition (F/5) 

 

Note. This figure demonstrates the correlation between flipped/non-flipped and first/second 

appearance of the stimuli on the oddball condition. The darker the colour, the higher the 

correlation. 

No significant correlation was found between the similarity measures (SPoSE and SSE) 

and the RPS, LPS or OM clusters, on both the flipped and non-flipped condition.  

 



 

 39  

Subject 2 

Subject 2 starts with the non-flipped condition in block 1 (sessions 1,2 and 3) and the same image 

pairs appear under the same condition in block 3 (sessions 7, 8 and 9). Flipped image pairs 

appear in block 2 (session 4, 5 and 6) and block 4 (sessions 10, 11 and 12) (figure 5).  

A positive correlation was found when looking at correlation between the electrode 

clusters in the standard condition (F). Correlation was found between RPS and LPS, when the 

subject viewed the flipped image pairs for the first time (r=0.713, p=0,001) as well as non-

flipped pairs (r=0.804, p=0.001). When looking at the image pairs for the second time, 

correlation was also found for the flipped condition r=0.606, p=0.001 and the non-flipped 

condition r=0.701, p=0.001. RPS and OM correlation was consistent across conditions. The first 

time the subject viewed the flipped image pairs, correlation showed r=0.722, p=0.001, non-

flipped condition showed similar results r=0.72, p=0.001. The second time flipped image pairs 

were presented, correlation was r=0.72, p=0.001, the same correlation was found for non-flipped 

condition. Medium-high correlation was found for LPS and OM as the subject viewed the flipped 

image pairs for the first time (r=0.576, p=0.001) as well as non-flipped (r=0.572, p=0.001). 

Similar results were acquired for the second presentation of stimuli, flipped condition showed 

r=0.517, p=0.001 and non-flipped condition showed r=0.504, p=0.001 (figure 9). 

 

 

 

 

 

 

 

 

 

 



 

 40  

Figure 9 

Heatmap for subject 2 - standard condition (F) 

 

Note. This figure demonstrates the correlation between flipped/non-flipped and first/second 

appearance of the stimuli on the standard condition. The darker the colour, the higher the 

correlation. 
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In the oddball condition (F/5), higher correlation was found across electrodes and 

conditions, compared with the standard condition (F). High correlation was found for the RPS 

and LPS comparison the first time the subject viewed the flipped image pairs (r=0.915, p=0.001) 

and was consistent for the non-flipped condition as well (r=0.955, p=0.001). However, 

difference in correlation was found when the subject viewed the image pairs for the second time. 

Flipped condition showed high correlation between electrodes (r=0.951, p=0.001) but 

significantly lower correlation was acquired during the non-flipped condition (r=0.705, 

p=0.001). When looking at the RPS and OM electrodes, results indicated high correlation 

between the electrodes both for the first and second time the subject viewed the image pairs over 

condition (flipped 1st, r=0.94, p=0.001; non-flipped 1st, r=0.964, p=0.001; flipped 2nd, r=0.956, 

p=0.001; non-flipped 2nd, r=0.95, p=0.001). High correlation was found for LPS and OM for the 

flipped condition both the first (r=0.928, p=0.001) and the second time (r=0.944, p=0.001) the 

subject viewed the image pairs. However, similar results were acquired as the RPS and LPS 

correlation in terms of the non-flipped condition. High correlation was found for the first time the 

subject viewed the image pairs (r=0.944, p=0.001) but lower correlation was found during the 

second presentation (r=0.705, p=0.001) (figure 10). 
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Figure 10 

Heatmap for subject 2 - oddball condition (F/5) 

 

Note. This figure demonstrates the correlation between flipped/non-flipped and first/second 

appearance of the stimuli on the oddball condition. The darker the colour, the higher the 

correlation. 

No significant correlation was found between the similarity measures (SPoSE and SSE) 

and the RPS, LPS or OM clusters, on both the flipped and non-flipped condition. 
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Subject 3 

Subject 3 starts with the flipped condition in block 1 (sessions 1, 2 and 3), the same image pairs 

appear under the same condition in block 3 (sessions 7, 8 and 9). Non-flipped image pairs appear 

in block 2 (session 4, 5 and 6) and block 4 (10, 11 and 12) (figure 5).  

A positive correlation was found when looking at correlation between the electrode 

clusters in the standard condition (F). When looking at the RPS and LPS cluters, a significant 

correlation was found for comparison of RPS and LPS electrodes the first time the subject 

viewed the image over conditions (flipped, r=0.669, p=0.001; non-flipped, r=0.674, p=0.001) as 

well as the second time (flipped, r=0.726, p=0.001; non-flipped, r= 0.767, p=0.001). 

Comparison between RPS and OM indicated medium-high correlation. The first time the subject 

viewed the flipped image pairs the correlation was higher (r=0.599, p=0.001) compared to the 

non-flipped condition (r=0.453, p=0.001). Similar results were found for the second presentation 

of the image pairs (flipped, r=0.557; non-flipped, r=0.511, p=0.001). For the comparison of LPS 

and OM, the same correlation was acquired for the flipped condition for both presentations of the 

image pairs (1st time, r=0.589, p=0.001; 2nd time, r=0.589, p=0.001). Non-flipped condition 

during the first presentation of image pairs showed lower correlation (r=0.501, p=0.001) 

compared with the second presentation (r=0.592, p=0.001) (figure 11). 
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Figure 11 

Heatmap for subject 3 - standard condition (F) 

 

Note. This figure demonstrates the correlation between flipped/non-flipped and first/second 

appearance of the stimuli on the standard condition. The darker the colour, the higher the 

correlation. 
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Results for the oddball condition (F/5) showed high and clear correlation between 

electrodes. RPS and LPS comparison indicated stronger correlation during the second 

presentation of the image pairs (flipped, r=0.926, p=0.001; non-flipped, r=0.95, p=0.001) 

compared with the first presentation (flipped, r=0.822, p=0.001; non-flipped, r=0.894, p=0.001). 

RPS and OM electrodes showed significant correlation the first time the subject viewed the 

image pairs in the flipped condition (r=0.892, p=0.001) as well as the non-flipped condition 

(r=0.937, p=0.001). The correlation from the second time the subject viewed the image pairs, 

was significant for both conditions (flipped, r=0.948, p=0.001; non-flipped, r=0.947, 

p=0.001.When looking at LPS and OM electrodes, the correlation was consistent across 

presentation and conditions (flipped 1st, r=0.901, p=0.001; non-flipped 1st, r=0.931, p=0.001; 

flipped 2nd, r=0.937, p=0.001) except for the second presentation in the non-flipped condition 

(r=0.95, p=0.001) which was slightly higher (figure 12). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 46  

Figure 12 

Heatmap for subject 3 - oddball condition (F/5) 

 

Note. This figure demonstrates the correlation between flipped/non-flipped and first/second 

appearance of the stimuli on the oddball condition. The darker the colour, the higher the 

correlation. 

No significant correlation was found between the similarity measures (SPoSE and SSE) 

and the RPS, LPS or OM clusters, on both the flipped and non-flipped condition.  
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Comparison between subjects 

In general, both the standard (F) and oddball (F/5) conditions presented similar results. 

Significant correlation was found between the flipped conditions and electrode clusters, as well 

as non-flipped and electrode clusters. Although, correlation for the oddball condition was 

considerably higher. For both conditions no significant correlation was found when the flipped 

and non-flipped conditions were compared on different electrode clusters.  

No significant correlation was found between the subject’s electrode clusters and the 

similarity measures (SPoSE and SSE) on neither the flipped nor non-flipped condition.  
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Discussion 

The aim of the study was to investigate the relationship between SSVEP and object recognition 

process and see how the human brain processes object images. The goal of the statistical analysis 

was not to average or compare subjects, but to look at the individual correlations. Therefore, the 

analysis was run on a subject basis. The standard and oddball conditions gave us two different 

insights into the object recognition process. Generally, the oddball condition showed higher 

correlation in all aspect, compared to the standard condition. These results can suggest they might 

be processed differently in the brain. 

In general, the fact that correlation was found both for first and second time the subjects 

viewed the image, can indicate that similar neural network is at work independently off the 

condition (standard or oddball). However, the correlation between those presentation, rests on the 

shoulders of the other condition i.e., flipped, and non-flipped condition. The correlation between 

flipped and non-flipped condition was insignificant but significant independently of them. It can 

be concluded that different process in the brain is needed to analyse the difference in spatial 

properties. When comparing the results with SPoSE and SSE, no correlation was found. The fact 

that no correlation was found between the EEG data and SPoSE (high level similarity) nor SSE 

(low level similarity) suggest that SSVEPs cannot be used to measure object recognition in the 

human brain. 

Relation to prior research 

In the present research, similarity between objects was studied by using EEG device and SSVEP 

signals. Earlier research on SSVEP has indicated that SSVEP’s are sensitive to semantic content 

of objects and can be used to investigate object recognition (Müller et al., 2003; Radtke et al. 

2020; Kaspar et al., 2010). Research on object recognition have shown that top-down processing 

can be of use when the conditions are complex. The conditions the object is presented e.g., blurry 

image or brief appearance can have an influence on how we recognize objects (Davenport and 

Potter, 2004; Minami, et al. 2020). In the present study oddball stimulus is presented in a 

sequence with another stimulus which suggests a complex condition.  

Previous findings suggest that unfamiliar or surprising stimuli attract more attention than 

familiar objects (Gruber et al., 2006). Researchers have often relied on the oddball paradigm to 
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estimate the significance of a relationship between stimuli. If correctly done oddball stimuli 

should show a stronger response than the standard stimuli (Ferrari et al., 2010). This was the case 

in our study i.e., higher correlation was found under the oddball condition. However, from our 

data we cannot conclude about the similarity relationships between objects.  

In this study a frequency of 6 Hz and 1.2 Hz was used. Prior research by Kaspar et al. 

(2010) and Martens and Gruber (2012) emphasised the importance of driving frequency (Hz). 

Both parties used 7.5-15 Hz in their research and discovered difference in processing between 

familiar and unfamiliar objects. Suggesting the possibility of similarity processing needing more 

time to analyse a possible relationship between objects, then 6 Hz and 1.2 Hz can give. 

Limitations 

One of the limitations of this research was the fact that the participants of the experiment were 

also the writers of this thesis, which could have some effect on the results e.g., priming effects or 

create bias when interpreting the data. To overcome this limitation, the experiment was designed 

by the supervisor of this thesis and participants were not allowed to see any of the images before 

they were presented to them during the experiment. Another limitation is that focusing on 

flickering images for a certain amount of time in a dark room, can cause visual fatigue or 

tiredness for the participant, which could affect the data. This limitation can be hard to control, 

but the participants were asked to take breaks when needed. These instructions are believed to 

have been followed as the sessions varied from 57 minutes to 64 minutes. It is also possible that 

due to the participant being directly involved and having to work on the data once the experiment 

had been conducted, that they would take the task more seriously, resulting in more usable data. 

A third limitation is that it only had three participants, to counterbalance the data, four 

participants would have been more ideal. However, since a considerable amount of data was 

gathered from each participant this is not thought to be a limitation of significant importance. A 

possible fourth limitation is the frequency choice in this study, similar studies have been done 

with different results e.g., Kaspar et al. (2010) and Martens and Gruber (2012) which were 

discussed in the previous chapter. 



 

 50  

Conclusion 

Our main conclusion is that SSVEP oddball frequency may not carry out much information about 

the similarity between the standard and oddball stimuli, mainly reflecting that they are different. 

The fact that this studies data did not correlate with behavioural similarity measures from SPoSE 

in this study, leads to the conclusion that SSVEPs are not good enough to look at object 

similarity. It is also possible that the chosen frequency of the stimulation is the problem and 

suggest that other frequencies be tested. A more farfetched problem could be the variability in a 

subject’s mental state (Cui & Wong, 2006), eye blinks, heartbeat, etc. (Hochberg & Donoghue, 

2006) that could be affecting our results, however, SSVEP data has excellent SNR (Kaspar et al., 

2010) hence that should eliminate these kinds of complications. SSVEP oddball frequency power 

may not convey much information about the similarity between standard and oddball, but mostly 

reflects the difference between the two. 

Further research is needed in this field, and it would be interesting to repeat this study on 

additional participants, to collect more diverse data. That would benefit the THINGS database 

along with SSVEP studies for object images. The main advantage of this research is the use of 

SSVEP as it doesn’t require the participants to part take in any training, therefore, this research 

could easily be replicated on more diverse sample (Li, et al., 2021) e.g., individuals with learning 

disabilities. The SSVEP has provided us with much knowledge to date, but there are still many 

challenges and opportunities ahead. Opportunities include the extension of the technique to 

broader classes of visual stimulations and the study of multisensory integration (Giani et al., 

2012; Saupe et al., 2009). These additional studies will allow us to gain a greater understanding 

of high-level cognitive processes like memory and decision making (Norcia et al., 2015). 
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